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Abstract

The goal of this thesis is to analyze the effectiveness and impact of ESG ratings
through the lens of machine learning interpretability. We first start by motivating
the thesis through studying the correlation between ESG ratings and controlled
log returns. We demonstrate that there is a correlation between the growth of a
company and commitment to sustainable initiatives. We then establish two new
machine learning models: the Non-stationary inverted Transformer (NSiTrans-
former) and the Centralized Multi-Agent framework with Attention (CMAA). We
compare these new models against state-of-the-art methods and benchmarks and
develop ad-hoc interpretability tools to harness their insights. We then construct a
dataset using traditional financial data and diverse ESG data from various providers.
The NSiTransformer and CMAA are then applied to this new dataset, respectively
for timeseries predictions at several prediction length and for fine-tuning of a time-
series predictor. We find that the inclusion of ESG ratings in the dataset, especially
from various providers, improves the performance of the models. Through inter-
pretability, we pinpoint which features of the dataset are contributing the most
for a given prediction. We conclude that using interpretability of machine learn-
ing models is a valid approach to discover patterns that might escape traditional
statistical analysis. We also conclude that ESG ratings are worth integrating in
financial predictions and have the potential to increase performance. We com-
pare this property to other slow-moving indicators that have been determined to
be beneficial for financial predictions.
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Chapter 1

The Intersection of ESG Ratings
and Financial Performance

This chapter discusses the motivations behind the creation of ESG ratings and this
thesis. This chapter also details the research questions, objectives, methodological
approach and the outline of the thesis.

1.1 Introduction

In the past decades, stakeholders have increased the pressure on firms to push a
more sustainable agenda [1]. In the past, scholars argued that this call for more
socially and environmentally responsible initiatives was a departure from the tra-
ditional goal of firms, that is to maximize shareholder wealth [2]. But recent re-
search suggests that these initiatives might not be mutually exclusive, as the long-
term benefits of adopting sustainable initiatives can outweigh the short-term cost
of adopting them [3]. As such, stakeholder theory is often used as a tool to bridge
the gap between firm performance and environmental impact. Stakeholder the-
ory states that for a firm to be successful in the long run, it has to create value for
all types of stakeholders, not only employees, suppliers, and shareholders but also
customers, political groups and trade unions [4]. As the interests of these groups
can greatly differ yet all are essential to maximize the efficiency of a firm, stake-
holder theory suggests that as a firm, doing good helps you do well [5]. While a
positive effect is still debated among scholars, there is an increasing demand to
quantify the quality of these sustainable initiatives [6].

ESG (Environmental, Societal and Governance) metrics were introduced in
2004 to formalize some of the non-financial aspects of companies and how they
influence society, including their environmental impact [7]. The ESG metrics are
used to estimate how well companies are doing regarding sustainability, social
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rights, consumer protection, animal welfare, ethics and governance. This impact
can be difficult to quantify, and several methodologies have emerged to calculate
those metrics. Private data brokers such as Bloomberg [8] or Reuters [9] propose
their own metrics, and companies such as Sustainalytics [10] specialize in rating
companies. ESG ratings can be calculated from yearly financial disclosure, pub-
licly available information, or a mixture of both. This inconsistency in approach
among the different data providers creates a complicated trust dynamic in the met-
rics, as the methodology employed is often opaque. Finance benefits from tradi-
tionally standardized data, as opposed to ESG metrics from different providers that
might be on a different scale or evaluating criterias.

The initial strategy based on ESG ratings relied on screening [11]. Screening
consists of selecting a limit based on the ESG ratings below which a fund or indi-
vidual will not invest in an asset. Scholars found that from a risk perspective, ESG
screening has a positive effect on performance, with a reduced volatility, draw-
downs and CVaR. This strategy corroborates the findings of numerous studies [12]
linking efficient sustainable initiatives to better access to finance [13] [14], lower
cost of capital [15] [16] [17], increased customer and employee satisfaction [18],
higher levels of institutional ownership [19], higher controlled returns [20], and
greater social capital [21]. But this firm value is qualitative, and mathematical
tools are necessary to demonstrate a quantitative benefit to green initiatives. Re-
cent literature shows that investors use ESG ratings in both reporting and product
strategy, despite a lack of reporting standards often cited as a severe drawback,
weakening comparability and reliability. Recent studies also demonstrated ESG
disclosure to benefit lower capital constraints [13], fewer analyst forecast errors
[14], or specifically in industry-specific classifications a more accurate prediction
of financial performance [22].

As ESG ratings have cemented themselves as a valuable lens through which
corporate responsibility can be assessed, their integration in finance remains chal-
lenging. One of the most uphill problem is the lack of quality data [23] [24], which
compounds with the innate complexity of financial data. This scarcity undermines
the quality of the relationship that can be drawn between financial and ESG data
[25], as the granularity can also vary depending on the data provider. Nonetheless,
the consensus is that the relationship between sustainable initiatives and financial
performance is an intricate, multi-faceted issue, and as such an excellent candi-
date for machine learning, a field that has become at the forefront of exploiting
complex non-linear patterns.

Machine learning (ML) is classically defined by Arthur Samuel as the "field
of study that gives computers the ability to learn without being explicitly pro-
grammed”. ML subdivides into a multitude of algorithms and paradigms that have
seen tremendous success in finance [26], healthcare [27], environmental science
[28], language translation [29]. These models excel at modeling non-linear de-
pendencies in data rich environments, and have become increasingly prominent
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in virtually any field. However, the ubiquity of machine learning raises concerns
about responsibility and accountability [30], as the “black-box” nature of these
models remove a degree of control that previously was mathematical or human.
In response to this, the research community proposed a number of interpretability
techniques, to better understand the decisions taken by the models [31] [32].

Interpretability can be model-agnostic or model-specific [33] [34], but both
have the same function on a fundamental level: provide an explanation of the in-
ner working of a complex machine learning model, trained on a highly-dimensional,
dense dataset [35]. Specifically, Murdoch & al. define interpretability as “the ex-
traction of relevant knowledge from a machine-learning model concerning rela-
tionship either contained in data or learned by the model”. This capacity greatly
varies from one algorithm to the other, and can be further divided between local
interpretability, and global interpretability. A linear regressor can be interpreted
up to a high level of dimensions, as the weights of the sum of features represent
the model itself [36]. Local interpretability often designates a set of techniques,
with the Shapley values [37] at the forefront, that draw a relationship between the
input data and the output data, treating the model itself as a close system [37]. But
complex models can be built with interpretability in mind, and it can be extremely
beneficial for the performance of the model and the understanding of the dataset.

This thesis places itself at the intersection of ESG ratings, finance, machine
learning and interpretability. It posits that in a complex ecosystem ruled with non-
linear relationships that statistical models fail to capture, sophisticated machine
learning algorithms can propose valuable insights. The interpretability imbued in
the architecture of the machine learning models proposed in this thesis is used as
a tool to better understand the relationship between the features of the dataset.
This high level idea turns the table on Arthur Samuel’s quote, from giving com-
puters the ability to learn, to giving us the opportunity to learn from them [38].
Finance and ESG ratings are the focus of this thesis, but the broader scope encom-
passes the idea that machine learning interpretability can be a tool to measure the
importance of features in any given dataset and improve model accuracy. Beyond
the human common sense, machine learning algorithms have proven to find sim-
ilarities where we thought there was none [39], and harnessing this idea to help
models focus on the important parameters of a dataset is a key contribution of this
thesis.

1.2 Research Questions and Objectives

The research questions investigated in this thesis are the following:

RQ1 Do ESG ratings carry signal for future financial performance, and how does
that vary by sector & materiality?
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RQ2 How can advanced, interpretable ML, including RL fine-tuning, improve
time-series forecasts?

RQ3 Can built-in interpretability quantify the specific contribution of ESG fea-
tures?

The objectives of this thesis are the following:

+ To establish a foundational understanding of the interplay between ESG rat-
ings and financial performance and determine empirically the contribution
of ESG ratings in financial predictions.

» To extend interpretable ML frameworks for time-series prediction and RL
fine-tuning.

« To apply those frameworks to ESG-enhanced financial forecasting, quanti-
fying ESG impact.

+ To assess the practicality of interpretability tools to determine the contribu-
tion of a variable in the dataset.

1.3 Overview of Methodological Approach

The core idea developed in this thesis is to investigate what factors drive the value
of an asset. This thesis starts by examining whether ESG ratings exhibit a mean-
ingful relationship with financial performance through correlation-based analy-
ses. The complexity of real-world financial systems and the non-linear dynamics
at stake limit the ability of simple correlation analysis to capture these relation-
ships.

Recognizing the limits of a linear methodology, the thesis transitions into ad-
vanced machine learning models to deepen the analysis. These models are rooted
in cutting-edge frameworks, like the inverted transformer or multi-agent rein-
forcement learning, but are designed with interpretability at their core. This cau-
tion in implementation complements the initial ESG correlation study, as shown
in the application of the models.

The broader idea behind this thesis is the concept that machine learning inter-
pretability can be a lens to evaluate the relevance and usefulness of features and
metrics. A constant challenge in machine learning is the sheer volume of data.
This volume can be caused by extensive historical data, but also through an excess
of features, some of which contribute little to nothing to the predictive power of
the model. This idea is not only applicable to finance, but rather to a wide range
of fields.

This approach has implications far beyond the realm of ESG ratings or finan-
cial analysis. In healthcare, it could optimize diagnostic processes by identifying
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the minimal set of medical tests required for accurate diagnoses. In civil engi-
neering, it could isolate the key structural metrics that influence the integrity of a
building, guiding cost-effective maintenance. By applying machine learning inter-
pretability to ESG metrics, this thesis establishes a broader conceptual framework
for isolating the most impactful factors in any dataset, regardless of the domain.
By combining traditional statistical techniques with interpretable machine learn-

ing, this thesis exemplifies a comprehensive methodology that not only evaluates
the role of ESG ratings in financial systems but also offers a scalable framework
for tackling similar challenges in other fields. By contributing both to the method-
ology and the understanding of the importance of ESG metrics, this thesis places
itself as a significant step forward in the intersection of finance, machine learning,
and interpretability.

1.4 Thesis Outline

This thesis is divided in four major parts. The first and current part introduces the
research questions and themes of the thesis. It serves as an introduction and con-
textualization of the thesis within the diverse fields that are discussed. The second
part is centered around the first paper “Correlation Study between Returns and
ESG Ratings” [40] and the preliminary study that was conducted in it. This study
introduces ESG ratings in greater details than in the introduction, and proposes
to calculate and discuss the correlation between controlled returns and ESG rat-
ings. The third part is dedicated to 2 machine learning models developed to further
analyze the role of ESG ratings in financial datasets. This part is divided in two
distinct chapters: the first chapter details the non-stationary inverted transformer,
a time-series prediction model, introduced in “Non-Stationary iTransformer With
Time2Vec Embeddings”,[41] and further developed in “Inverted Transformers In-
terpretability Beyond Attention Visualization” [42]. The second chapter is dedi-
cated to reinforcement learning and introduces the centralized multi-agent rein-
forcement learning framework, which was presented in “Centralized Multi-Agent
Proximal Policy Optimization with Attention”. The fourth part is an application
of both machine learning models to an ESG-enhanced financial dataset. This part
first focuses on prediction after supervised learning, as detailed in “Controlled Log
Returns Prediction Using NSiTransformer on ESG Enhanced Timeseries” [43].
The reinforcement learning framework is then used for fine-tuning, as proposed in
“Fine-tuning Using Centralized Multi-Agent Proximal Policy Optimization” [44].
The various interpretability techniques embedded in the models are then used to
glean insights about the contribution of ESG ratings in the predictive power of the
models.
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Chapter 2

Empirical Study: ESG Ratings and
Financial Returns

This chapter details the initial correlation study between ESG ratings and finan-
cial returns. The goal is to propose a first empirical analysis of the relationship
between ESG and financial features, which will be further explored in Chapters 1
and 7 using machine learning models.

2.1 Introduction

Investments and finance are critical components of society, for governments, com-
panies, and individuals. The global asset management market, historically fo-
cused on maximizing return on investment [45], strategically balances risk and
reward in a complex financial environment to optimize investors’ wealth. Invest-
ments drive the activities of companies and are essential for their survival and
create clear incentives for companies to tailor their activities to suit the priorities
of investors. There is a growing focus on sustainability and ethical behavior of
companies [46]. The investment industry is a key driver in moving companies to
be more sustainable and help reaching the UN Sustainable Development Goals
[1].

Multiple initiatives have already been undertaken to foster more sustainable
investment practices. Specifically, the inclusion of Environmental, Social, and
Governance (ESG) metrics [47] in asset management has seen steady growth, in-
dicating a paradigm shift towards sustainable, socially responsible, and ethically
governed investment strategies. The ESG metrics are used to estimate how well
companies are doing regarding sustainability, social rights, consumer protection,
animal welfare, business ethics, and governance. ESG ratings have been shown to
influence the systemic and idiosyncratic risk of companies [48]. The Global Sus-



12 CHAPTER 2. EMPIRICAL STUDY: ESG RATINGS AND FINANCIAL RETURNS

tainable Investment Alliance defines ESG integration as “the systematic and ex-
plicit inclusion by investment managers of environmental, social and governance
factors into financial analysis” [49].

The research questions investigated in this chapter are the following: is there
a correlation between the ESG ratings and returns of companies? Can the com-
pany sectors help identify groups with different relationships? Can the materiality
issues provide more explanatory power?

This paper is structured as follows: Section 2.2 includes a contextualization
and a review of the existing literature on ESG ratings. Section 2.3 describes the
dataset used and the segmentation between complete data and materiality. Sec-
tion 2.3 examines the methodology used to control for market factors and compute
the correlation. Section 2.4 contains details on the results, average correlation per
sector, and statistically significant correlation for individual companies. Section
2.6 contains results of the correlation between variations of returns and ESG met-
rics. Section 2.7 is a discussion of their implications for investors and companies
alike. Section 2.8 is the conclusion of the study and section 2.9 presents the moti-
vation for machine learning approaches.

2.2 Literature Review

The search for a relationship between sustainability and corporate performance
can be traced back to the 1970s [50]. Scholars have studied the impact on brand-
ing [51], market longevity [52], and equity valuation [48]. Results of these studies
indicate that failing to communicate strong ESG performance, specifically express-
ing low carbon emissions and employee satisfaction, reduces the odds for external
financing and increases both the systematic and stock-specific risks. Studies have
discussed the authenticity of the disclosure by companies [53], finding that disclo-
sure can weaken the negative or positive valuation effects on company. Scholars
also examined the integration of ESG ratings in portfolio strategies [54] [55], show-
ing that a strong ESG rating will attract long-term-oriented investors with a lower
sensibility to immediate negative earnings [56].

While the exploration of ESG ratings and their financial implications has gained
momentum in recent years, the underpinnings of this research lie in foundational
asset pricing theories. Asset pricing theories, evolving over the decades, provide
the scaffolding for understanding the determinants of asset prices and returns.
The Capital Asset Pricing Model (CAPM) is a seminal theory in this domain, in-
troduced by [57] and [58]. CAPM posits that the expected return on an asset is
a function of its systematic risk, often measured by its beta relative to the mar-
ket. While the model offers a simplistic view, it laid the foundation for subsequent
models that incorporated multiple factors. Recognizing the limitations of CAPM,
[59] introduced the Fama-French three-factor model, adding size and value fac-
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tors to the market risk factor in CAPM. This model was further expanded into the
Fama-French five-factor model by [60], incorporating profitability and investment
factors, offering a more comprehensive understanding of asset returns.

As ESG ratings became more standardized and prevalent, the focus shifted
towards these quantifiable metrics. Studies such as those by [61] and [62] re-
spectively explored the difference in performance between ethical and traditional
funds and the alignment between economic factors and corporate environmen-
tal management. Their findings were mixed, as on one hand older ethical funds
were either under performing or matching the index, but on the other hand eco-
efficiency relates positively to operating performance and market value. Some
research indicated a positive relationship between high ESG scores and superior
stock returns [63], [64]. Fewer studies delve into the causality of this relationship.
[65], for instance, suggested that firms with a long-term focus on ESG issues tend
to outperform their counterparts in the long run, hinting at a potential causal link
between ESG practices and financial performance.

As the ESG landscape continues to evolve, tools and frameworks that offer
a more standardized approach to materiality assessment are emerging. Among
these, the Sustainable Accounting Standards Board (SASB) materiality map stands
out. SASB’s approach to materiality emphasizes the financial materiality of ESG
issues, identifying which issues are likely to affect the financial performance of
companies within specific sectors [66]. Studies have praised the data quality of
the reporting [67], specifically through the narrative of linking financial data to
non-financial data. The data has been used to evaluate performance of firms with
different level of materiality ratings[22], finding that firms with strong ratings on
material sustainability issues have better future performance than firms with infe-
rior ratings. [68] concluded that scholars interested in understanding how sustain-
ability information impacts economic value and stock prices need to incorporate
a materiality lens into their analysis.

2.3 Dataset Description and Preprocessing

2.3.1 Data Collection

For this preliminary study, the primary source of data was Thomson Reuters (now
known as Refinitiv Eikon), offering a comprehensive dataset to investigate the re-
lationship between ESG ratings and stock returns. The data used in this work was
pulled in February 2022 and consists of the companies listed on the S&P500 at
this point in time. Below are the fields obtained through the Thomson Reuters
data stream.

« Date: Captures the date of each data entry, essential for time-series analysis
and understanding temporal trends.
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« Instrument: Denotes the specific stock or financial instrument under con-
sideration.

+ Open Price, Close Price, High Price, Low Price: These columns detail daily
stock prices, crucial for computing daily and subsequently, annual log re-
turns.

« ESG Score: An aggregate rating based on a firm’s adherence and perfor-
mance across environmental, social, and governance dimensions.

« Environmental Pillar Score: Focuses solely on a company’s environmental
practices and impacts.

« Social Pillar Score: Reflects how a company fares in social responsibilities,
such as labor practices, product responsibility, and community relations.

» Governance Pillar Score: Offers insights into a firm’s governance structures,
ethical practices, and overall corporate accountability.

While the stock data was updated on a daily basis, the ESG scores were up-
dated annually at each new fiscal year. Revisions might happen if a scandal be-
comes public, or after a quarterly earnings call. General ESG policies often imply
important structural changes in a company and long term plans, which might not
reflect significantly over months. As such, this periodic update typically mirrors
annual disclosures of key metrics. Scores range from 0 to 100.

In order to control the results with established financial frameworks, addi-
tional data will be incorporated. Established market factors from the Fama-French
five-factors (FF5) models were obtained from the website of one of the creator
of the model [69]. The values of these factors are constructed using the 6 value-
weight portfolios formed on size and book-to-market, the 6 value-weight portfo-
lios formed on size and operating profitability, and the 6 value-weight portfolios
formed on size and investment. The portfolios used are from the proof of concept
available on the Fama-French 5 data library [70]. The coefficients are:

« Rm-Rf : Excess return on the market.

+ Small Minus Big (SMB): Average return of the nine small stock portfolios
minus the average return on the nine big stock portfolios.

« High Minus Low (HML): Average return on the two value portfolios minus
the average return on the two growth portfolios.

+ Robust Minus Weak (RMW): Average return on the two conservative invest-
ment portfolios minus the average return on the two aggressive investment
portfolios.
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« Conservative Minus Aggressive (CMA): Average return on the two value
portfolios minus the average return on the two growth portfolios.

To contextualize and provide further explanatory power to this study, SASB
materiality data were gathered. Their website [71] provides a Materiality Finder
tool used to look up individual companies and which of the 26 issues are rec-
ognized as significant, mapping out the relevant issues for each company in the
S&P500. Tables 2.1 and 2.3 summarize the datasets created for this study.
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There are significant gaps in the availability of ESG data. Out of the 501 unique
companies on the S&P index, every company exhibited at least one year of missing
ESG data. 10 companies had no ESG data available and were removed from the
dataset, bringing the total to 491. Figure 2.1 provides a year-by-year breakdown of
the number of companies with complete ESG data. Notably, the years 2000-2005
have the most pronounced data omissions. This can be explained by a lesser focus
on ESG ratings from companies at this time. We place our cut off in 2006. The final
dataset contains 198 firms. This dataset is then used to calculate the correlation
between ESG Metrics and returns for each ticker.

Number of Companies with Complete Data from Start Year to 2021
Cut-Off (2006)

500

400

w
o
o

Number of Companies
N
o
o

100

2002 2007 2012 2017
Start Year

Figure 2.1: Number of Companies With Complete ESG Data Over The Years.

2.3.2 Sectors

The data is separated by sectors. The sectors are determined by the GICS [72].
There are 11 sectors: Industrials, Financial Services, Healthcare, Consumer Cycli-
cal, Consumer Defensive, Real Estate, Utilities, Technology, Basic Materials, En-
ergy, Communication Services. Table 2.2 presents the number of companies in
each sector before and after accounting for missing ESG data. The most repre-
sented GICS sector is the Industrial sector with 32 companies, while the least rep-
resented is Communication Services with 5 companies. Sectors Industrials and
Basic Materials retained respectively 43.1% and 70% of their population after the
cut-off. The Technology sector was left with 11.3% despite having the second high-
est number of companies. The Communication Services was also left with 21.7%,
but encompasses only 23 companies before cut-off.
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Table 2.2: Number of Companies and Unique Tickers in Each Sector.

# of Companies # of Companies % of Companies
after Cut-off Left after Cut-off

Industrials 73 32 43,1%
Financial Services 67 32 47.8%
Consumer Cyclical 57 25 43.9%
Healthcare 64 25 39%
Utilities 28 17 60.7%
Consumer Defensive 36 16 44.4%
Basic Materials 20 14 70%
Real Estate 31 14 43,1%
Energy 20 10 45.2%
Technology 71 8 11.3%
Communication Services 23 5 21.7%

Total 491 198 40.32%
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2.3.3 Materiality

Table 2.3: Summary of SASB Flags

Variable Category

GHG Emissions Environment

Air Quality Environment .

Energy Management Environment

Water & Wastewater Management Environment

Waste & Hazardous Materials Management Environment

Ecological Impacts Environment

Human Rights & Community Relations Social Capital

Customer Privacy Social Capital

Data Security Social Capital

Access & Affordability Social Capital

Product Quality & Safety Social Capital

Customer Welfare Social Capital

Selling Practices & Product Labeling Social Capital

Labor Practices Human Capital

Employee Health & Safety Human Capital .

Employee Engagement, Diversity & Inclusion Human Capital

Product Design & Lifecycle Management Business Model and Innovation
Business Model Resilience Business Model and Innovation
Supply Chain Management Business Model and Innovation
Materials Sourcing & Efficiency Business Model and Innovation
Physical Impacts of Climate Change Business Model and Innovation
Business Ethics Leadership and Governance
Competitive Behavior Leadership and Governance
Management of the Legal & Regulatory Environment Leadership and Governance
Critical Incident Risk Management Leadership and Governance
Systemic Risk Management Leadership and Governance

Materiality refers to an individual factor within a sector that influences a firm’s
financial performance. The SASB Materiality Standards help to increase the gran-
ularity of the analysis. Specifically, the materiality standards were used to high-
light which score correlates the most with performance in the returns. Materiality
factors can be found on the SASB website using a tool called "Materiality Finder”
[71]. This website was scraped for each company and the data stored in a binary
vector. Each company can appear in multiple fields. Table 2.3 summarizes the
different materiality issue recognized by SASB. Figure 2.2 presents the number
of companies per SASB issue before and after the cut-off. The most represented
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field is Product Design and Lifecycle Management with 117 companies. The least
represented field is Competitive Behavior with 15 companies, with the exception
of Customer Privacy and Physical Impacts of Climate Change that are not repre-
sented in the dataset of companies with complete data post cut-off.

SASB Issue Recognition Counts: All Companies vs. Companies With Complete Data Post Cut Off (2006)

All Companies
Companies With Complete Data Post Cut Off (2006)

250
200
150

100

Number of Companies Recognizing Each Issue

SASB Issues

Figure 2.2: Number of Total Companies Per SASB Issue.

2.4 Methodology: Correlation Analysis

2.4.1 Data Integration and Analytical Model

Since the ESG data is yearly, to assess the annual performance of each stock, an-
nualized returns were calculated. In order to obtain additive properties, returns

are logged [73]. Daily log returns for a company are given by: 7; = In (PP‘ ) where
t—1
1, represents the log return at time ¢, E is the closing price at time ¢ and F_; is the

closing price at time ¢ — 1.
Given daily log returns, the annualized log returns for a company are computed
as:

n
Tannualized = Z h (2.1)
i=1
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where 7,,,ualized 1S the annual log returns, # is the ith daily log return, and » the
number of trading days in a year. For the rest of this dissertation, annualized log
returns will be referred to as returns.

2.4.2 Controlling for Market Factors

To isolate stock-specific characteristics, common market factors were controlled
using the Fama-French Five-Factor Model. The model is given by:

Rit—Rjy = aj+B (Rt —R ) +LsXSMB+B, X HMLA B, XRMW+ 1,0 X CM A+
(2.2)
Where:

« R;;: Return on stock i at time ¢.
* Ry: Risk-free rate.
e R,,;: Market return at time ¢.

« SMB: Size factor (Small Minus Big), capturing the historical excess returns
of small-caps over big-caps.

« HML: Value factor (High Minus Low), capturing the historical excess re-
turns of value stocks over growth stocks.

« RMW: Profitability factor, capturing the difference in returns between com-
panies with robust (high) and weak (low) operating profitability.

« CMA: Investment factor, capturing the difference in returns between com-
panies with conservative and aggressive investments.

« a;: Intercept, capturing stock i’s abnormal return unexplained by the factors.
« ¢;;: Error term for stock i at time ¢.

Using this model, the returns are controlled for diverse common market fac-
tors. The coefficients a;, B, Bss Bus Brmws Bema a0d €;; are fit per ticker using linear
regression. Table 2.4 presents the coefficients regressed for four tickers. ¢;; is not
included in the table as it is unique per observation.

Table 2.4: Coefficients for tickers AAPL, AMZN, MSFT, and GOOGL

Ticker [24] ﬁm, 5s ﬁu 5rmw ;cha

AAPL -0.0052 0.0112 -0.0011 -0.0037 -0.0004 -0.0062
AMZN -0.0053 0.0110 -0.0013 -0.0038 -0.0065 -0.0106
MSFT -0.0057 0.0110 -0.0031 -0.0036 0.000059 -0.0030
GOOGL -0.0042 0.0100 -0.0015 -0.0015 0.0002 -0.0076
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2.4.3 Yearly Variation
To compute the correlation between the variation of both ESG metrics and log
returns, the yearly difference for each is calculated and added to the dataset. For
given year k, the difference is defined as:
rvariation,k = rannualized,k - rannualized,k—l (2'3)
ESGygriationk = ESGx — ESGy—; (2.4)
The variations are then normalized using Standard Score:

X—p
o

(2.5)

where: X is the data point, u is the mean of either the returns or ESG metric, and
o the standard deviation of either the returns or ESG metric.

2.4.4 Correlation Analysis

With both the annualized and controlled returns in hand, we computed Pearson’s
correlation between returns and the various ESG metrics on a per-stock basis.

po 26 =D0i—-Y)
V20— X2 201 — §)?

(2.6)

Where:

« r: Pearson’s correlation coefficient, which measures the linear relationship
between two datasets.

« x; and y;: Data values from the controlled or uncontrolled returns and an
ESG metric being compared.

« X and y: Mean values of controlled or uncontrolled returns and ESG metric
being compared respectively.

A caveat that must be addressed when discussing correlation is the maximum
attainable correlation for two given distributions. Pearson’s correlation takes a
value between [—1, 1], but this is only true if the two random vectors X; and X, are
of the same type [74]. The distribution model chosen for the annual log returns
will be the normal distribution. This is an assumption commonly made within
the Black-Scholes model [75]. A Kolmogorov-Smirnov goodness of fit test was
performed on the ESG ratings comparing the underlying distribution of a sample
to a given distribution. The highest scoring distribution ended up being Johnson’s
SU. To provide further interpretability to the coefficent, the maximum attainable
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interval is calculated below. Starting with the upper bound, the first step is to
calculate the covariance. Letz ~ N'(0,1),thenX = 4 sinh(?)+§ andY = oz+u.

cov(X,Y) = E[(X — E[X])(Y — E[Y])]

= cov(d sinh(%) +& 0z +u)

= E(A sinh(%) +E—EQ sinh(%) + 6))(0z + i — E(0z + w))
= A0 E(z sinh(%))
Let z = Sw where § > 0 and a = /8§ so w ~ N(0,1/6%) and E [z sinh %]

:/ wexp(+w — 5%w?/2) dw

1 1 Vor

= eXp(252)f wexp(—63(w F 1/62)%/2) dw = + exp(555)"53

using standard Gaussian integral identities:

1
oz 1 exp(-a) +exp@) _ FPGE) oy
E[zsmh 5 ]_eXp(252) 3 = 5 COShS.
Finally,
cov(X,Y) = %U exp(%) cosh g 2.7

The process is now repeated for the lower bound with z ~ N(0,1), X =
Asinh(%y) +&andY = —oz + p.

_ Ao 1 4
cov(X,Y) = —5 exp(ﬁ) cosh 5 (2.8)
‘We now have the variance for both distributions:
2 2 2 2y
Var(X) = ?(exp(é )—1) (exp(5 ) cosh (?) + 1) (2.9

Var(Y) = o? (2.10)
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Leading to [omin» Pmax]> With

'1—0 exp(—) cosh r

Prnin = 22 (2.11)
\/( (exp(6-2)—1) (exp(5 2) cosh( ) + 1))(02)

And

= exp(—) cosh 14
Prmax = 2 (2.12)

\/(/%Z(exp(é—z) -1) (exp(é—z) cosh (%y) + 1))(02)

For a normal fit to the controlled returns of (1, = 0.03,0.06) and a Johnson
SU’s fit to the ESG metrics of (1,7,6,£&) = (1.39,—-1.22,7.91, —0.49) the calcula-
tions indicate [omin, Pmax] = [—0.9998,0.9998], analog to comparing 2 datasets
with underlying normal distribution.

2.5 Results - Correlation between ESG Metrics and Returns

This section outlines the results of analyzing the correlation between investment
returns and ESG scores. All the correlations are calculated for companies with a
long enough rating history, and are averaged in their specific group. The discussion
begins with a broad overview of these findings, then delves into specifics related
to industry sectors and sustainability issues.

2.5.1 Preliminary Statistics and Distributions

Table 2.5 presents the descriptive statistics from the correlations between ESG rat-
ings and uncontrolled or controlled annualized log returns. After controlling with
the Fama-French 5 model, the means and standard deviations for score by score
comparison has increased for every metric.
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Table 2.5: Statistics for Correlation between (Un)controlled Returns and ESG Met-
rics (2006 cut-off)

mean std min 25% 50% 75% max

Uncontrolled

ESG Score 0.03 0.22 -046 -0.11 0.04 0.18 0.70
Environmental Pillar Score 0.03 0.22 -0.50 -0.11 0.02 0.17 0.66
Governance Pillar Score 0.02 0.22 -0.50 -0.12 0.02 0.15 0.69
Social Pillar Score 0.02 0.23 -0.51 -0.16 0.02 0.16 0.72
Controlled

ESG Score 0.36 0.23 -0.44 0.25 0.39 0.52 0.81
Environmental Pillar Score 037 026 -0.38 024 041 055 0.84
Governance Pillar Score 0.21 031 -0.57 0.02 0.25 045 0.79
Social Pillar Score 0.30 0.26 -0.58 0.15 0.30 0.47 0.79

As shown in Table 2.5, the uncontrolled annualized log returns present little
to no correlation with the ESG metrics. The controlled annualized log returns
present a much higher average correlation and higher standard deviation. The
global ESG Score and Environmental Pillar Score appear to be the most correlated
with the returns. As such, for the rest of the results, the correlations presented
will be calculated using the returns controlled by Fama-French 5.

In Table 2.5, the most significant values are observed in the maximum correla-
tions for ESG Score and Governance Pillar Score. The ESG Score records the high-
est maximum correlation in both uncontrolled (0.70) and controlled (0.81) returns,
indicating situations where the ESG Score and market performance move together
to a notable degree. Similarly, the Governance Pillar Score exhibits notable peak
correlations (0.69 uncontrolled and 0.79 controlled), reflecting instances of con-
current movements between governance factors and return correlations. The En-
vironmental Pillar Score also shows a particularly high maximum correlation in
controlled returns (0.84).

Figure 2.3 represents the distribution of correlation between ESG metrics and
annualized controlled log returns. The score distributions appear to be right-skewed
across all metrics.
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Figure 2.3: Distribution of Correlation between ESG Metrics and Controlled An-
nualized Log Return.

Table 2.6 presents the number of companies that have statistically significant
correlation for a threshold at p < 0.05. The Environmental Pillar Score and ESG
Score, being the most correlated, naturally have a higher number of statistically
significant correlations. Since the effect is weaker in the Social Pillar Score and
Governance Pillar Score, there are fewer companies with a statistically significant
correlation.

Table 2.6: Statistical Significant Correlation between Controlled Annualized Re-
turns and ESG Metrics

Metric Correlation % of Companies <0 >0

Significant Count Count Count
ESG Score 77 38.69% 0 77
Environmental Pillar Score 81 40.70% 0 81
Social Pillar Score 56 28.14% 3 53
Governance Pillar Score 53 26.63% 3 50
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2.5.2 Correlation between ESG Metrics and Returns By Sectors

A deeper dive into the distribution of correlations within each sector illuminates
the significant spread and variability. Heatmaps were used to highlight sectors
and metrics with the most significant correlations. All subsequent heatmaps are
on the same color ranging from [—0.5, 0.5].

Figure 2.4 displays the heatmap of correlations between controlled annualized
log returns and ESG metrics by sector. The returns have overall a weak to medium
positive correlation with the ESG metrics. Financial Services exhibit a correlation
of 0.46 with the ESG Score, indicating a notable association. The Healthcare sec-
tor shows a strong correlation as well, with a 0.41 correlation to the ESG Score,
and is similarly aligned with the Environmental and Social Pillar Scores at 0.39
and 0.31 respectively. On the lower end, the Technology sector shows a distinc-
tively weaker correlation, particularly with the Governance Pillar Score at 0.12.
Consumer Cyclical stands out with a 0.40 correlation to the ESG Score and a 0.34
correlation to the Governance Pillar Score. Communication Services also demon-
strate a substantial correlation with the ESG Score at 0.42.

Heatmap of Correlation between ESG Metrics and Annualized Controlled Log Returns - by Sectors

Financial Services (32)
Industrials (32)
Healthcare (25)
Consumer Cyclical (25) -0.2
Utilities (17)

Consumer Defensive (16) -0.0

Sector

Real Estate (14)

Basic Materials (14)

Energy (10)

Technology (8)
-0.4

Communication Services (5)

Figure 2.4: Heatmap of Correlations between Controlled Annualized Log Returns
and ESG Metric by Sector.
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2.5.3 Correlation between ESG Metrics and Returns by
Materiality

In order to provide further granularity in this study, the 26 materiality issues iso-
lated by SASB were used to group companies together. The correlation between
returns and diverse ESG metrics is then computed individually for each company.
These correlations are then averaged across all the companies presenting the cor-
responding SASB issue.

Air Quality 0.42
Energy Management 0.40
Water & Wastewater Management 0.39 b 0.20
Waste & Hazardous Materials Management 0.23 |
Ecological Impacts L L b 0.23
Human Rights & Community Relations
Customer Privacy
Data Security
Access & Affordability
Product Quality & Safety
Customer Welfare
Selling Practices & Product Labeling
Labor Practices
Employee Health & Safety
Employee Engagement, Diversity & Inclusion
Product Design & Lifecycle Management
Business Model Resilience
Supply Chain Management
Materials Sourcing & Efficiency
Physical Impacts of Climate Change
Business Ethics
Competitive Behavior
Management of the Legal & Regulatory Environment
Critical Incident Risk Management
Systemic Risk Management

Heatmap of Correlation between ESG Metrics and Annualized Controlled Log Returns by SASB Materiality I¢
GHG Emissions 0.40 0.41 0.30 0.24
0.23
0.24 0.4

-0.2

-0.0

Figure 2.5: Heatmap of Correlations Between Controlled Annualized Log Return
and ESG Metrics by Materiality.

Figure 2.5 displays the heatmap of correlations between controlled annualized
log returns and ESG metrics by SASB materiality issues. Once controlled, the cor-
relation appears to be much stronger on a score by score comparison. Overall, the
ESG metrics maintain a generally positive correlation with the returns. Per scores,
the correlations appear to be very close to each other, following the trend of Figure
2.4. Specific SASB issues such as GHG Emissions (0.40), Air Quality (0.42), and
Human Rights & Community Relations (0.41) show a notable association with the
ESG Score. These issues, along with Critical Incident Risk Management (0.41), are
among the most correlated within the Environmental Pillar Score. This correlation



2.6. RESULTS - CORRELATION BETWEEN VARIATIONS OF RETURNS AND ESG
METRICS 29

underscores the significance of these environmental and social issues in relation
to financial performance.

In the context of the Social Pillar Score, Human Rights & Community Rela-
tions (0.40) and Employee Health & Safety (0.42) emerge as highly correlated is-
sues, reflecting the importance of these aspects in corporate social responsibility.
Additionally, the Governance Pillar Score reveals a strong correlation with issues
such as Management of the Legal & Regulatory Environment (0.39) and Critical
Incident Risk Management (0.42), which are integral to governance and risk over-
sight within organizations.

2.6 Results - Correlation between Variations of Returns and
ESG Metrics

In this section, the correlation between the variations year per year of returns
and ESG metrics is calculated over the integrality of companies. The variations are
then normalized to avoid scale effect. Table 2.7 presents the global results, which
shows an overall neutral correlation. The study is then refined with sectors and
materiality issues. Finally, a time-lagged version of the correlations is proposed
to explore potential delays between ESG initiatives and returns. When calculat-
ing the variations, every company out of the 491 that has an history > 2 is used,
bringing the number of companies considered to 263.

Table 2.7: Correlation between Variations of Returns and ESG Metrics

Metric Correlation ~ P-Value
ESG Score Change 0.027 9.13e-10
Social Pillar Score Change -0.005 2.34e-01
Governance Pillar Score Change 0.037 8.56e-17
Environmental Pillar Score Change 0.029  2.77-11

2.6.1 Correlation between Variations of Returns and ESG Metrics
by Sectors

Figure 2.6 breaks down the correlation between the variation in returns and ESG
metrics for companies in a given sector. The correlation between the variations ap-
pears to be neutral. The coefficients remain weak, with the Energy sector having
a slightly higher negative correlation with the variation in the Social Pillar score.
The Technology sector also has a slight negative correlation with the changes in
Governance score. The Financial Services sector has the highest correlation be-
tween variations of returns and Environmental Pillar Score Change with 0.11. The
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Healthcare sector has the highest correlation with the Governance Pillar Change.
The strongest correlation on the heatmap is the Energy sector with the Social Pillar
Score, standing at -0.13.

Figure 2.6: Heatmap of Correlations Between Variations of Returns and ESG Met-
rics by Sectors.
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2.6.2 Correlation between Variations of Returns and ESG Metrics
by Materiality

Figure 2.7 breaks down the correlation between the variation in returns and ESG
metrics for companies for a given materiality issue. The correlation remains weak
at this level too, indicating that there is no linear relationship identifiable between
the variations in returns and variations in ESG metrics at the granularity studied
in this article.
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METRICS

Figure 2.7: Heatmap of Correlations Between Variations of Returns and ESG Met-

rics by SASB Materiality Issues.
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Figure 2.8 breaks down the correlation between the variation in returns and
ESG score for companies for a given materiality issue with different time lags.
Time lag for a given year ¢ is defined as the correlation between ESG(;,14g) With
the returns R;, with Lag = -5, -3, -1, 0, 1, 3, 5. Negative values of Lag effectively
represent lagging the return variations as opposed to lagging the rating variations.
When the ESG ratings variations are lagged by one, three or five years, the corre-
lation with the changes in returns is neutral for most issues. Business Model Re-
silience, Supply Chain Management and Materials Sourcing & Efficiency appear
to be the most correlated after one year. Ecological impact and Business Ethics are
weakly positively correlated after 5 years. Management of the Legal & Regulatory
Environment is the least correlated issue after one year.

When the returns are delayed, the correlation is weak to neutral with a one
year delay. When delayed three years, there is a weak negative correlation for cer-
tain issues, including Supply Chain Management, Customer Welfare and Selling
Practices & Product Labelling. At a five year delay, there is a weak negative cor-
relation, with the most correlated being Management of the Legal & Regulatory
Environment and Business Model Resilience. The other issues remain neutral.

The introduction of time-lagged analysis in these correlations reveals interest-

31
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ing cross-correlation dynamics between ESG scores and company returns. Cross-
correlation in timeseries analysis helps in understanding how two variables, like
ESG scores and returns, are related and interact over different time lags. In this
context, it suggests that ESG factors may not change at the same time as return but
could have similar variations over extended periods. This cross-correlation analy-
sis is particularly insightful for identifying which ESG factors change in a similar
fashion to returns. For instance, issues like Labor Practices and Employee Engage-
ment show stronger correlations at different time lags, suggesting that the effect
of these ESG aspects on financial performance unfolds over a longer horizon.

Figure 2.8: Heatmap of Correlations Between Variations of Returns and ESG Score
by SASB Materiality Issues With Time-Lag. At Lag = —5 variations in returns are
effectively lagged by 5 years and at Lag = 5 variations in ESG Score are lagged by
5 years. Lag = 0 corresponds to no lag.
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2.7 Discussion and analysis of the results

A first observation that can be drawn from the data is that the controlled returns
seem to have a much higher correlation with the ESG ratings than the uncon-
trolled returns. One possible explanation could be that the market factors trimmed
using Fama-French 5 acted as signal noise between the two variables.
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Another notable finding is the absence of correlation between the variation
of ESG ratings and variation of annualized log returns, regardless of controlling.
This indicates that ESG ratings and annualized log returns tend to not increase or
decrease together year per year. A plausible explanation could be a parallel with
a company acting for growth or for profit. It was evidenced in previous study [76]
that a company may experience higher growth with stagnating profitability and
vice-versa depending on the business plan. Increasing sustainability or log returns
in one’s business requires concentrated efforts and could have an opportunity cost
in the other area.

It was observed in this study that there appears to be no significant correlation
atlag periods of one, three, or five years. This lack of correlation over time suggests
that the impact of ESG factors on financial performance might not be immediate,
but rather indirect or lagged. It raises critical questions about the temporal nature
of ESG integration in financial analysis. One hypothesis could be that the benefits
of high ESG ratings, such as enhanced reputation, better stakeholder engagement,
and risk mitigation, may appear over a longer period. This delay could also be
indicative of the market’s slow adjustment, reflecting a lag in the incorporation of
ESG considerations into investment decisions.

In the context of asset pricing, the relationship between ESG ratings and re-
turns can be understood through the lens of systematic versus unsystematic risk.
Systematic risk, which affects the entire market or a large segment of the market,
can be paralleled by broad environmental concerns that impact multiple indus-
tries, while unsystematic risk is specific to individual companies or sectors. For
instance, the stronger correlation of the Governance metric in the Industrials sec-
tor could suggest that governance practices are a significant source of unsystem-
atic risk, affecting firm-specific returns and investment decisions.

Materiality becomes particularly relevant when considering the correlation of
ESG metrics with sector performance. Material ESG factors vary by industry and
can have a direct impact on a firm’s risk profile and cost of capital. For example,
environmental risks are highly material for the Industrials sector, suggesting that
a high Environmental Pillar Score might display an attempt at mitigating those
risks, potentially lowering the cost of equity for firms with strong environmental
practices.

The regulatory environment is another factor to consider, as it can significantly
affect company risk. Firms with high Governance Pillar Scores may be better pre-
pared to face upcoming regulations. In sectors like Financial Services, for instance,
the slight negative correlation with Governance Pillar Scores could reflect a market
perception that less-regulated firms might experience short-term gains. However,
this could expose investors to higher long-term risks, if regulatory scrutiny were
to increase.

In the long-term investment horizon, High ESG ratings can signal a company’s
commitment to sustainability and resilience, which can be crucial for long-term
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value creation. This is particularly relevant for metrics like Business Model Re-
silience, which shows a high correlation with returns, suggesting that companies
prioritizing long-term sustainability initiatives may enjoy more stable returns over
time. ESG ratings can aid in portfolio construction and diversification. By using
ESG scores to identify companies that are potentially less exposed to ESG-related
risks or are better managed, investors could reduce the risk profile of their portfo-
lios and enhance their resilience to market shocks driven by ESG factors.

Lastly, when considering risk-adjusted returns, incorporating ESG ratings could
provide a more comprehensive evaluation of an investment’s performance. For ex-
ample, a firm with high ESG ratings might demonstrate lower volatility and have a
more favorable risk-adjusted return profile. This could make ESG ratings an inte-
gral component of risk management and asset pricing models, helping investors to
identify opportunities for improved risk-adjusted returns within their portfolios.

2.8 Conclusion

This chapter evaluated the correlation between annualized log returns and ESG
metrics among the companies in the S&P500. Annualized log returns were con-
trolled using Fama-French 5 to remove market factors. The correlation between
the variations of both data year by year was also computed. Our findings indicate
a variable correlation between controlled log returns and ESG metrics. Sector-
specific analysis revealed that company sector does influence the relationship be-
tween ESG metrics and returns. Finally, incorporating materiality issues enhances
the explanatory power of the ESG-returns correlation by focusing on the most rel-
evant ESG factors for each sector and therefore refining the correlation analysis.
This highlights the importance of sector-specific and company specific ESG con-
siderations in financial analysis, aligning with contemporary asset pricing models.

2.9 Limitations of Correlation-Based Methods and
Motivation for Machine Learning Approaches

The correlation study provided valuable insights into the relationship between
ESG ratings and financial performance, but the limitations of the correlation met-
rics to static, linear interactions are highly restrictive. These metrics are valuable
in a higher level study but more complex interdependencies can be captured by
more sophisticated models. The temporal granularity of the dataset can also ob-
scure short-term dynamics that might take place in a rapidly evolving industry.
This imbalance between financial data, which is available at high frequency, and
ESG ratings that are typically updated annually, limits the use of correlation and
forces further hypotheses to reach a result. The findings from the correlation study
also revealed a rich diversity in strength and directions of correlations across sec-
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tors and materiality dimensions. This result suggests that there is no static model
that can be defined for all assets that would encompass the relationship between
ESG ratings and financial performance.

In order to better understand this relationship, two machine learning frame-
works were developed. The first framework proposes is the non-stationary in-
verted transformer, which implements the latest innovations in timeseries predic-
tion. This supervised learning frameworks harnesses Time2Vec and de-stationary
factors to model intricate relationships between features. The second framework is
based on proximal policy optimization, a reinforcement learning algorithm. This
framework uses a centralized mixture-of-experts approach to train a superagent
in a suitable environment. Both of the frameworks were developed with inter-
pretability in mind, with techniques specific to each of the models used to glean
insights on how each feature influences the final predicition. These two frame-
works, and their respective tools and benchmarks, are detailed in Part III.
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Chapter 3

Timeseries Models: iTransformer
and Variants

This chapter presents innovations on the inverted transformer, which is a state-of-
the-art timeseries model, and proposes the non-stationary inverted transformer.
This chapter also develops interpretability techniques inspired by previous work
on the standard transformer architecture.

3.1 Introduction

Transformers have revolutionized the natural language processing with their self-
attention mechanism and layered feed-forward networks. The self-attention mech-
anism enables the model to weigh the importance of each input token in relation
to others, allowing it to capture long-range dependencies, while the feed-forward
networks refine these relationships across layers. Their application to timeseries
forecasting has been lagging behind, especially in the context of larger lookback
windows.

This lag was highlighted by the surprising effectiveness of linear forecasters,
which outperformed the previous attempts at adapting the transformer architec-
ture to timeseries prediction [77]. With an affordable computation cost and a
strong base of interpretability, the linear forecasters outperformed the modified
transformer architectures, especially for long-term predictions.

The inverted transformer (iTransformer) architecture is among the state-of-
the-art models in timeseries analysis [78]. By inverting the typical duties of the at-
tention mechanism and feed-forward networks of the standard transformer archi-
tecture, the architecture is better equipped to forecast series with larger lookback
windows. The iTransformer currently ranks first in the long-term forecasting task
of the Timeseries Analysis benchmarks [79]. As the iTransformer does not intro-
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duce any adaptation to the basic components, this architecture also benefits from
the tools developed for the original Transformer architecture.

Despite the success of this models, effectively handling non-stationarity and
computational complexity remains a challenge in multivariable timeseries fore-
casting [80]. The integration of de-stationary mechanisms, like those introduced
in the NSTransformer to model inter-tokens relationships, into architectures such
as the iTransformer offers a potential solution to these issues. By learning scal-
ing and shifting factors for inter-variable relationships, models can better adapt to
non-stationary behaviors in the data.

Moreover, computational efficiency is crucial when dealing with high-dimensional
timeseries data. Introducing sparsity into attention mechanisms, such as using
top-k sparse attention, can significantly reduce computational complexity from
O(N?) to O(Nk), where N is the number of variables and k is a small constant.
This allows the model to focus on the most relevant inter-variable relationships
without incurring prohibitive computational costs.

This paper leverages the similarity between the original Transformer architec-
ture and the iTransformer to adapt and extend Transformer-specific interpretabil-
ity methods. Specifically, we explore the application of Chefer’s generic method
for transformer interpretability [81]. This paper reformulates the original method
for a regression problem and a continuous output, and adapts it to the inverted
transformer architecture. The result is a continuous relevance map highlighting
critical variables that are influential in the predictive power of the model.

The core research questions in this chapter are the following: can de-stationary
attention be extended to the iTransformer architecture? Can Time2Vec embedding
improve the performance of the iTransformer? What improvements in forecasting
performance and efficiency can be achieved through this integration?

The chapter is structured as follow: Section 3.2 includes a contextualization
and a review of the existing literature. Section 3.3 introduces the mathematical
definition of the method. Section 3.6 displays the results of the forecasting using
the Non-Stationary inverted Transformer (NSiTransformer). Section 3.7 proposes
an analysis of several components and mechanisms of the model. Section 3.8 and
3.9 are the conclusion and future work of the chapter.

3.2 Literature Review

The transformer architecture [29] has become a cornerstone of deep learning, par-
ticularly in natural language processing tasks. The self-attention mechanism al-
lows the model to weight the importance of different tokens in a sequence rela-
tive to one another. This architecture is the foundation behind most of the main-
stream models, such as ChatGPT [82], Claude [83], Mistral [84], and Llama [85].
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The surge in research has provided fast improvement in parallelization [86] and
diverse optimizations [87].

Various modification paradigms have been proposed to improve the accuracy
of Transformer-based forecasters. Autoformer [88] and Informer [89] propose to
replace the attention component respectively with an autocorrelation and sparse
attention mechanisms. Crossformer [90] focuses on modeling the cross-time and
cross-dimension dependency using a two-stage attention and modified hierarchi-
cal encoder-decoder architecture. Finally, PatchTST [91] and Non-Stationary Trans-
former (NSTransformer) [92] focused on the processing of timeseries using patch-
ing and stationarization respectively.

The inverted transformer (iTransformer) introduces no modification to the
original Transformer components [29]. By inverting the duties of the attention
mechanism and the feed-forward network, this architecture aims to reduce per-
formance degradation and computation explosion in larger lookback windows.
This recent model has been succesfully used to predict the useful life of Lithium-
Ion batteries [93], earthquake detection [94] and predict sea surface temperature
[95]

Interpretability methods for Transformers are sparse in the literature. Exploit-
ing the raw attention weights to draw attention maps has been criticized for a lim-
ited contribution to the interpretability [96] [97]. The ConceptTransformer [98]
proposed to modify the architecture for better explainability. Vision Transformer
is the most prolific source of interpretability attempts, with neural tree decoder
[99] and interpretability-aware training objectives [100]. The method used to get
insights in this study is centered around an adaptation of a general interpretabil-
ity technique to iTransformer [42]. This technique consists of building a relevancy
maps of the different tokens using the gradients of the feed forward networks.

In this chapter, we build upon these ideas by integrating the de-stationary at-
tention mechanism and variable projector from the NSTransformer into the iTrans-
former framework. We further enhance computational efficiency by incorporat-
ing a sparse attention mechanism that computes scaling and shifting factors only
for the top-k most relevant variable pairs. This approach aims to capture non-
stationary inter-variable relationships more effectively while maintaining scala-
bility for large-scale timeseries forecasting tasks.

3.3 Non-Stationary iTransformer with Time2Vec
Embedding
3.3.1 Preliminaries

iTransformer: Given historical observations X = {x;,x,,..., X1} € RT*N with
T time steps and N variables, the goal is to predict the future S time steps Y =
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(X741 X7425 v s X745} € RSXN_ In the iTransformer, each timeseries of a variable
is embedded into variable tokens, which are then utilized by the attention mech-
anism to capture multivariable correlations. The feed-forward network is applied
to each variable token to learn nonlinear representations, and the final output is
generated by projecting these representations back to the timeseries domain.

The process can be formulated as follows:

hg = Embedding(X. ,) (3.1)
H"! = TrmBlock(HY), 1=0,..,L—1 (3.2)
Y., = Projection(h}}) (3.3)

where H = {h}, h,, ..., hy} € RN*D contains N embedded tokens of dimen-
sion D. The functions Embedding : RT — RP and Projection : RP — RS are im-
plemented by multi-layer perceptrons (MLP). The self-attention and feed-forward
network operations in each Transformer block (TrmBlock) enable the model to
learn complex dependencies across variables and time steps.

NSTransformer: addresses the challenges posed by non-stationary timeseries
data, where statistical properties such as mean and variance change over time. It
introduces a de-stationary attention mechanism that adjusts the attention com-
putations to account for these changes, enhancing the model’s ability to capture
evolving patterns in the data.

In the NSTransformer, per-time-step scaling (z;) and shifting (&;) factors are
learned to adjust the input:

Xf = Tt @ Xl’ + 5t’ (3.4)

where X; is the input at time step ¢, ® the Hadarmard product (element-wise
multiplication) and X, is the adjusted input.

NSiTransformer: The inverted architecture combined with the de-stationary
factors proposed lead us to the name of Non-stationary Inverted Transformer, or
NSiTransformer.

3.3.2 Components

This section details the components of the NSiTransformer.
Overall Model Architecture: Figure 3.1 presents the architecture of the model.
The overall process of the proposed model can be summarized as follows:

1. Normalization: Normalize each variable timeseries using its mean and
standard deviation.

2. Embedding:
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« Concatenate the normalized variable timeseries with the Time2Vec em-
beddings at each time step.

« Apply a linear transformation to project the concatenated vectors into
the model dimension D.

3. Attention with De-Stationary Factors:

« Compute preliminary attention scores between variable tokens.
« Select the top-k variable pairs for each variable based on these scores.

« Compute scaling and shifting factors 7; ; and §; ; using the variable pro-
jector network for the selected pair of variables (i, j) for each of the
top-k pairs.

+ Adjust the attention scores using 7; ; and &; ;.

« Apply the attention mechanism to update variable tokens.

4. Feed-Forward Network: Apply position-wise feed-forward networks to
the updated variable tokens.

5. Projection: Project back from the embedded dimension back to the projec-
tion length.

6. De-Normalization: Reintroduce the original scale and mean to the vari-
able tokens to obtain the final output.

Normalization: To stabilize training and improve convergence, the input time-
series is normalized before being fed into the model. For each variable i, the mean
u; and standard deviation o; are computed over the sequence length T:

T T
1 1
Hi= 7 DX of = T DX — )+, (3.5)
t=1 t=1

where X, ; is the i — th variable at time ¢, and ¢ is a small constant to prevent
division by zero. The normalized input X. ; is then obtained by:

5 X i — M

X.i= (3.6)

Oi
This normalization ensures that each variable has zero mean and unit vari-
ance, reducing the impact of scale differences between variables.
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Embedding: Time2Vec [101] extends the concept of positional encoding by
learning a vector representation of time that captures both linear and periodic pat-
terns.

Given an hyperparameter dy;,., for each time step ¢, the Time2Vec embedding
t, € R%me is defined as:

tl = Wot + bo + [Sil’l(Wlt + bl)’ Sin(WZt + bz), ceey Sin(Wkt + bk)] (37)

where wy, Wy, ...,w, € R and by, by,...,b; € R are learnable parameters,
and k = di;,e — 1 is the number of sine components.

The Time2Vec embedding captures both linear trends and periodic patterns,
enhancing the model’s ability to learn temporal dynamics.

Modeling Inter-variable Non-Stationary Relationships using 7 and 6: To
capture non-stationary relationships between variables, we introduce learned scal-
ing (7;,;) and shifting (5; ;) factors for each pair of variables (i, j). These factors
adjust the attention scores between variable tokens, allowing the model to adapt
to changes in inter-variable relationships over time.

Attention Mechanism with De-Stationary Factors: The attention scores
between variable tokens are computed as:

-
qk!
scores; ; = =7 X T,j + 51',]', (38)
Vi
where q;, k; € R are the query and key vectors for variable tokens i and j,
respectively, and d,, is the dimension of the key vectors.

Variable Projector Network The scaling and shifting factors 7; j and §; ; are
computed using a single linear transformation of the concatenated embeddings of
variable tokens i and j:

7,61 = W[h;;h;] + b, (3.9)

where h;, h j € RP are the embeddings of variable tokens i and j, [h;;h j] €
R2P denotes their concatenation, W € R**?P is a learnable weight matrix, and
b € R? is a bias vector.

Sparse Computation with Top-k Selection: To reduce computational com-
plexity from O(N?) to O(Nk), we compute 7;, jand §; j only for the top-k most rele-
vant variable pairs for each variable. The top-k variables are selected based on the
preliminary attention scores:

H
N
scoresﬁrje = Z qgh) <k§h)> , (3.10)
h=1
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where H is the number of attention heads, and ql(h), kgh) are the query and key
vectors for head h. For each variable i, we select the indices of the top-k variables
j with the highest scores; ;.

De-Normalization: After the attention mechanism and updates to the vari-
able tokens, we reintroduce the original scale and mean to obtain the final output.
This de-normalization step ensures that the model’s predictions are in the same
scale as the original data and are interpretable.

The de-normalization is performed as:

hindl = h! © g; + p;, (3.11)

where h] € RP is the updated variable token after the attention and feed-
forward layers, and ® denotes element-wise multiplication.
The following pseudo-code outlines the implementation of the NSiTransformer:

Algorithm 1 Non-Stationary Inverted Transformer (NSiTransformer)

Require: Normalized data X, Time2Vec embeddings {t,}, Model parameters
Ensure: Forecasted values Y

1: Embedding Layer:

2: fort =1to Tdo

3 z, < [X,., t;]

4 h; < WenpeaZt + Bemped
5: Transpose embeddings to get variable tokens {h?}Y |
6: forlayer/ =1to L do
7: for each variable i do
8: Compute queries q;, keys k;, values v;
9: Compute preliminary scores score} ;
10: Select top-k indices S;
11: for j € S;do
12: [73,» 81,71 < Forog(hi" ", D)
: q/k;
13: Adjusted score: score; j < WTH + 6
k
14: Attention weights: a; . < softmax(score;s,)
15: Update embedding: h! « Ejesi & jVj
16: Apply FFN to {h!}
17: for each variable i do
18: De-normalize: Y:,i « hl-L Qo+ u;

19: return' Y
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3.4 Interpretability in Inverted Transformers

3.4.1 Relevancy Initialization

We initialize the relevancy maps as follows:
Rug = Iyxd (3.12)
Ryp = Opxe (3.13)
Ry, = Concat(Ryg, Ry) (3.14)

Here, R, represents the self-attention relevancy map for variate tokens, where
dis the number of variate tokens. R,,; represents the interaction between all tokens
and time-related tokens, where ¢ is the number of time tokens and v = d + t.
The identity matrix I,,.4 ensures that each variate token initially has a relevance
score focused on itself, while the zero matrix 0,4 indicates no initial interaction
between variate and time tokens. R, is the concatenation of R,,; and R,,; alongside
the dimension 0 (v)

3.4.2 Self-Attention Relevancy Update

In the iTransformer, self-attention is applied to variate tokens. The relevancy maps
are updated using attention weights:

RUU - RUU +ZUU ® RUU (3'15)

where A,, represents the averaged attention weights for variate tokens, com-
puted as:

H

— 1

Aw = D ReLU (VA% © A,) (3.16)
h=1

With

ReLU(x) = x* = max(0,x) = —— = 3.17
(x) (0,x) 0 x<0 (3.17)

x4+ x| _|x ifx>0,
2
Here, H denotes the number of attention heads, VA", represents the gradients
of the attention weights, and © denotes element-wise multiplication. The use of
ReLU ensures that only positive contributions are considered, by zeroing out in-
hibitory effects to highlight the relationship between variables.

47



48 CHAPTER 3. TIMESERIES MODELS: ITRANSFORMER AND VARIANTS

3.4.3 Feed-Forward Network Relevancy Update

The feed-forward network relevancy update is applied independently to each vari-
ate token:

Ry = Expand(ReLU(Vy O y)) (3.18)

where y represents the outputs of the feed-forward network, and Vy denotes the
gradients of these outputs with respect to the loss.

Ryy < Ryy + Ry (3.19)

Equation 3.19 refines the relevancy scores by applying learned transforma-
tions, emphasizing the most influential tokens.

The following pseudo-code outlines the implementation of the adapted Chefer
method for the iTransformer:

Algorithm 2 Relevancy Mapping for iTransformer

1: Input: Number of variate tokens v, number of time tokens ¢

2: Output: Relevancy maps R ypu

3: Initialize Rpg < Iy [> Self-attention for variate tokens

4: Initialize Ry; < Oy [> Interaction of variate tokens with time-related
tokens, if applicable

s: Initialize R,,, « Concat(R,4,R,;) [> Concatenation alongside dimension 0
(v)

6: for each layer in iTransformer do

Ay < layer.variate_attention_map()

8 Ay < % Zle ReLU (VAL, © A%) [> Averaged across heads
9: Ryy < Ryp + Apy - Ry
10: Ryy < Ry + Expand(ReLU(Vy © y)) [> Feed-Forward update

11: Return Ry

3.4.4 Visualization and Analysis

The relevancy maps for each variate token can be visualized similarly to attention
maps. For interpretability, we focus on how each variate token contributes to the
final regression output. All relevance scores are normalized between [—1, 1] for
readability. Each cell at position (i, j) shows the relevance of token i (on the y-
axis) to token j (on the x-axis).
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3.5 Token Analysis

In this section, we provide a detailed analysis of the embedding process used by
the iTransformer architecture. This process is crucial for transforming the input
timeseries data into a set of tokens that the model can effectively process to capture
important multivariate correlations.

3.5.1 Mathematical Representation of the Embedding Process

The iTransformer architecture inverts the traditional roles of the attention mech-
anism and the feed-forward network found in conventional transformers. Instead
of using tokens to represent time steps, the iTransformer generates tokens that cor-
respond to the variates (or features) of the timeseries. This inversion allows the
attention mechanism to focus on capturing correlations between different variates,
which is essential for multivariate timeseries forecasting.

Let X € RBXTXV represent the input timeseries data, where Bis the batch size,
T is the sequence length, and V' is the number of variates (features). Each element
Xp,¢,» corresponds to the value of variate v at time step ¢ in batch b.

Additionally, let M € RBXT*F represent the temporal features, where F is the
number of temporal features (e.g., time of day, day of the week, seasonality). Each
element My ; ¢ corresponds to the temporal feature f at time step ¢ in batch b.

The embedding process involves the following steps:

3.5.1.1 Concatenation of Features and Temporal Information
The variates and temporal features are first concatenated along the feature dimen-
sion:

7 = [X, M] c IRBXTX(V+F)

Here, Z € RBXTX(V+F) ig the concatenated representation where each time
step ¢ in the sequence now has V + F dimensions, accounting for both the variates
and temporal features.
3.5.1.2 Linear Transformation to Token Space
Next, a linear transformation is applied to map each combined feature vector at
time step t to a d-dimensional token space:

E, =W,Z,+b, E e RBxTxd

where W, € R(V+F)Xd jg the weight matrix, b, € R? is the bias vector, and
E, € RB*4 is the embedded token for time step t. This transformation projects
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each time step’s concatenated features into a d-dimensional space, producing T
tokens for each sequence.

3.5.1.3 Generation of Variate Tokens

In the iTransformer, instead of focusing on individual time steps, we invert the
focus to variates. The attention mechanism processes the sequence of tokens E to
capture the relationships between different variates across the entire timeseries.
Each variate token e, can be represented as:

T
ey= Y ayE, v=1.,V+F)
t=1

where a,,, are the attention weights that determine the contribution of each
time step ¢ to the variate token e,. The resulting tokens e, encapsulate the inter-
actions between different variates, as well as their temporal contexts.

3.6 Benchmarks

Benchmarking the NSiTransformer against other state-of-the-art models is essen-
tial to assess the effectiveness of our method.

Models: We harness the Time-Series-Library [102] and propose seven of the
best performing models as our benchmark: iTransformer [78], PatchTST [91],
Crossformer [90], TimesNet [103], DLinear [77], NSTransformer (NST) [92].

Datasets: We use the ETT, Weather, ECL and Traffic datasets included in Aut-
oformer for long term forecasting. Table 3.1 details the features of the datasets.

Table 3.1: Detailed dataset descriptions.

Task Dataset Dim Dataset Size (Train, Val, Test) Frequency
ETT 7 (8545, 2881, 2881) 15min

Forecasting Weather 21 (36792, 5271, 10540) 10min

(long-term) ECL 321 (18317, 2633, 5261) Hourly
Traffic 862 (12185, 1757, 3509) Hourly

Forecasting: Table 3.2 presents the full results in long-term forecasting of
the NSiTransformer against the six benchmark models. NSiTransformer achieves
state-of-the-art or near state-of-the-art performance in all 4 benchmark datasets.
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3.6.1 Correspondence Between Tokens and Variates

The dataset used is the Electricity Transformer Temperature (ETT2) dataset, which
iswidely considered as standard and the benchmark in timeseries forecasting. The
embedding process results in a set of tokens, each corresponding to a specific vari-
ate or temporal feature. The iTransformer, and its modified counterpart, generate
atotal of V + F = 11 tokens in the experiments conducted, where:

» Tokens 0-6: Represent the original variates of the timeseries (e.g., HUFL,
HULL, MUFL, MULL, LUFL, LULL, OT).

» Tokens 7-10: Correspond to the additional temporal features (e.g., hour of
the day, day of week, day of month, day of year).

Token | Feature | Description Units
0 HUFL High UseFul Load kw
1 HULL High UseLess Load kw
2 MUFL Middle UseFul Load kw
3 MULL Middle UseLess Load kw
4 LUFL Low UseFull Load kw
5 LULL Low UseLess Load kw
6 0T Oil temperature of the transformer | °C
7 hourDay | hour of the day -

8 dayWeek | day of the week -
9 dayMonth | day of the month -
10 dayYear | day of the year -

Table 3.3: Tokenized features of the ETT2 dataset.

Table 3.3 presents the correspondence between tokens and features in the ex-
periments. The temporal features are transformed as value between [—0.5,0.5]
before being embedded into tokens 7 to 10. The direct embedding of a variate as a
token allows for a much better understanding of the relationship between features.
For instance, token 6 is expected to have a high relevancy, as this token represents
the past values of the predicted variate, OT.

3.7 Analysis

We propose supplemental considerations regarding efficiency of the different mod-
ules, computation, hyperparameters sensitivity and interpretability.
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3.7.1 Ablation

We propose an ablation study to determine the contributing mechanisms in the
NSiTransformer. Table 3.4 displays the result of this ablation study. We first re-
move Time2vec, then remove the de-stationary attention mechanism.

Table 3.4: Ablation results for the NSiTransformer. The input sequence length
is set to 96, and T is the prediction length. Avg is the average result of all four
prediction lengths.

Models T NSiTransformer W/o W/o
Time2Vec DSAttention
Metric MSE MSE MSE
96 0.292 0.296 0.299
192 0.374 0.382 0.378
ETT 336 0.426 0.420 0.427
720 0.420 0.423 0.410
Avg 0.378 0.380 0.377
96 0.147 0.148 0.147
192 0.162 0.162 0.162
ECL 336 0.175 0.179 0.176
720 0.208 0.213 0.208
Avg 0.173 0.175 0.173
96 0.171 0.174 0.171
192 0.224 0.225 0.224
Weather 336 0.281 0.282 0.280
720 0.356 0.359 0.360
Avg 0.258 0.259 0.258

The ablation study highlights the mechanism that contributes the most in each
experiment. In the ETT dataset, both Time2Vec and the De-stationary attention
contribute depending on the prediction length. At T = 96 and T = 336, the de-
stationary attention is driving the MSE down, while at T = 192 the combination
of both mechanisms is best performing. The ECL dataset benefits the most from
Time2Vec embedding, as the default self-attention performs as well as the NSi-
Transformer at most prediction length. The Weather dataset performs best when
using the combination of both mechanisms at all prediction length, highlighting
the relevancy of de-stationary attention and Time2Vec for predicting this dataset.
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3.7.2 Mixed Floating Point Precision

Due to the possibly heavy computation at large k, we use mixed floating point com-
putation for the ECL and Traffic dataset. Mixed floating point truncates Float16
to Float8 unless the supplementary precision is necessary.

Table 3.5: Difference in performance for ETT and Weather with and without mixed
precision.

Models T FP16 Mixed
Metric MSE MSE

96 0.292 0.293
192 0.374 0.384
ETT 336 0.426 0.427
720 0.420 0.423
Avg 0378 0.381

96 0.172 0.172
192 0.222  0.222
Weather 336 0.278 0.282
720 0.356 0.359
Avg 0.257 0.259

Table 3.5 displays the difference in performance for ETT and Weather with and
without mixed precision. The MSE is equal or slightly higher in Mixed precision,
indicating that mixed floating point is a valid option for larger datasets when com-
putation can be a bottleneck.

3.7.3 Hyperparameters Sensitivity

We experiment with different values of d;, and top-k. The maximum value of
topk for a given dataset is equal to the number of features, plus the embedded
time dimensions, 35 in Weather and 21 in ETT. Figure 3.2 presents the influence of
top-k on the MSE of the Weather dataset. As the top-k grows, the MSE diminishes.
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Figure 3.2: Influence of top-k hyperparameter on MSE for Weather dataset.
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Figure 3.3 presents the influence of top-k on the MSE of the Weather dataset.
There is a local minima at k = 6, indicating that a top-k value too high can also be
detrimental to the performance of the model.

Figure 3.3: Influence of top-k hyperparameter on MSE for ETT dataset.
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Figure 3.4 presents the influence of the hyperparameter d;;,c on the MSE for
the dataset ECL. It appears that the model experiences an initial loss in perfor-
mance, before reaching a its best performance at 32 dimensions. As the number
of dimensions increases, the model experiences worse performance.
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Figure 3.4: Influence of d;;,. hyperparameter on MSE for ECL dataset.
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Figure 3.5 presents the influence of the hyperparameter d;;,,. on the MSE for
the dataset Traffic. The trend is more pronounced on the Traffic dataset, as increas-
ing the number of Time2vec dimensions dimishes the loss up to 64 dimensions,
but further increasing it leads to diminishing returns and a worse MSE.

Figure 3.5: Influence of dy;,,. hyperparameter on MSE for Traffic dataset.
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These results lead to believe that efficient tuning of d,;,, is related to the num-
ber of features in the dataset. As the number of features increases, the best value
for d;;,. increases.

3.7.4 Depth of the variate projector

We experiment with different depths for the variable projector network. Table
3.6 displays the forecasting result when using a simple linear projector network
versus a deeper network with 128 hidden layers. We find that using a high number
of hidden dimensions considerably increases computational overhead but can be
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beneficial, especially at higher prediction length. Numerous hidden layers can
also lead the model to overfit the training dataset.

Table 3.6: variable projector depth. The input sequence length is set to 96, and T
is the prediction length. Avg is the average result of all four prediction lengths.

Models T NSiTransformer NSiTransformer
No hidden layers 128 Hidden Layers
Datasets MSE MAE MSE MAE

96 0.292 0.345 0.294 0.347
192 0.374 0.396 0.382 0.400
ETT 336 0.426 0.435 0.419 0.432
720  0.420 0.443 0.415 0.440
Avg 0.378 0.404 0.377 0.404

96 0.171 0.211 0.172 0.211
192 0.224 0.256 0.222 0.255
Weather 336 0.281 0.297 0.278 0.296
720  0.356 0.348 0.357 0.349
Avg 0.258 0.278 0.257 0.278

3.7.5 De-stationary Factors

We sample the tensors of 7 and § during testing and represent it as heatmaps. The
de-stationary factors represent the evolving relationship between the features.
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Figure 3.6: De-stationary factors for ETT dataset in testing.
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Figure 3.6 presents the de-stationary factors sampled during testing for the ETT
dataset. The Tau shows the scaling of the attention scores, and the Delta the shift-
ing of the attention scores. Token 1 is noteworthy as it is scaled up but shifted
down. However, token 4 is both scaled and shifted up, indicating that the variable
projector believes this token to have a strong relationship relative to other tokens.
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Figure 3.7: De-stationary factors for Weather dataset in testing.
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Figure 3.7 presents the de-stationary factors sampled during testing for the
Weather dataset. Tokens 0, 4, 10, 20, 23 and 29 exhibit the same pattern, with
a higher tau and delta than most. In both figures, the distribution of tau and delta
appears to be similar, as evidenced by the different zones in the heatmaps.

3.7.6 Relevance maps

We provide supplemental interpretability by calculating the relevance of each to-
ken using Chefer et al [81] general technique adapted to the iTransformer [42].
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Figure 3.8: Total relevance of tokens for Weather Dataset. Dataset features in blue,
Time2vec features in red.
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Figure 3.8 presents the total relevance of tokens for the Weather dataset. The
relevance of the different tokens is significantly scattered, and 9 tokens reach a rel-
evancy score > 0.5. Notably, 2 of the embedded time features are prevalent, tokens
22 and 25. Those tokens are sine components representing the temporality depen-
dencies of the dataset. The high relevancy of multiple tokens also corroborate the
use of a higher k. In the ETT dataset, only a few tokens are relevant, and the model
performs best at k = 5. On the other hand, the Weather dataset performs best at
a significant k = 35, with only about 10 more features after Time2Vec. These re-
sults demonstrate that by observing the relevancy of the tokens we can determine
experimentally the local best k for a given dataset. Essentially, sparseK acts as a
magnifying glass for the most important interactions. With a first run at k = 0, we
plot the relevance maps to visualize the most important tokens. By recognizing the
tokens that are most relevant and setting a threshold, we can match the sparsek to
that threshold, especially in high dimensions datasets such as ECL where high k
can be costly.
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Figure 3.9: Total relevance of tokens for ECL Dataset. Dataset features in blue,
Time2vec features in red.
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Figure 3.9 presents the total relevance of tokens for the ECL dataset. The large
number of features of this dataset smooths out the distribution of relevance. The
Time2Vec features are particularly prevalent in this dataset, as corroborated by
Figure 3.4. We chose k = 128 as a compromise between highlighting the relevant
features and computation time.

3.8 Conclusion

This chapter proposes the NSiTransformer, an alternative architecture that places
itself in the inverted transformer framework, and implements a custom attention
mechanism and time embedding. The model performs at state-of-the-art level on
the dataset benchmarks for long-term forecasting. The experiments highlight the
efficiency of the attention mechanism and Time2vec in the different datasets and
proposes a relevant use-case for each. The ETT, ECL and Traffic datasets proposed
the largest gain in performance, with an average gain of 0.005 over the current
state-of-the-art (vanilla iTransformer). The performance on the Weather dataset
was equivalent on average to the iTransformer.

Specific interpretability techniques are also implemented to gain insights in
the inner workings of the model. De-stationary factors are sampled during testing
to keep track of the most important relationships between variables. Supplemen-

61
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tal interpretability is provided through the use of token relevance, which helps
determine which tokens are the most influential in the prediction. This informa-
tion allows for an effective tuning strategy for the new hyperparameters d,ime and
k. The depths of the variable projector was also treated as an hyperparameter. The
gains in longer prediction length with a deeper network indicate an increased flex-
ibility for the NSiTransformer.

3.9 Future work

Recent studies proposed alternative architectures for foundational models such
as the multi-layer perceptrons used in this paper. Kolmogorov-Arnold networks
(KAN) [104] in particular stand out as an ideal candidate for better interpretability
and possibly better performance. A potential avenue for work would be to modify
the original TrmBlock from the iTransformer and replace it with KANSs. It is not
well determined how this changed would alter the computational requirements.
An initial idea could be to replace the variable projector linear layer with a KAN.
Another approach could be to approximate the frozen MLP layers using KAN lay-
ers and try to deduce a closed-form expression of the model.

Other types of data augmentation are also a promising avenue for work.Funda-
mentally, Time2Vec is a form of data augmentation designed for temporal features.
Domain-specific techniques combined with autoencoders [105] could further re-
fine the model. Other tasks could also be explored: The original non-stationary
transformer remains second in the short-term forecasting, classification, and im-
putation benchmarks of the Timeseries library. It is likely that the inverted version
can perform well in those tasks too.

Finally, the high interpretability that comes with the inverted framework is
extremely valuable. Future work could use this model to demonstrate the con-
tribution of a variable to the prediction, analogous to a variable to variable cor-
relation. This transparency also broadens the field of applications to more crit-
ical industries. Law and finance, for instance, might value the accountability
offered by more interpretable models while maintaining state-of-the-art perfor-
mance. Other fields that suffer from the curse of dimensionality could use the
innate interpretability to remove the variables that are not relevant enough, simi-
lar to a principal components analysis.



Chapter 4

Centralized Multi-Agent
Reinforcement Learning

This chapter presents a framework for centralized multi-agent reinforcement learn-
ing. Although this framework can be applied to any RL algorithm, we focus on
proximal policy optimization. The downstream task for this model is fine-tuning
of timeseries predictors, which is detailed in Chapter 7.

4.1 Introduction

In the current landscape of machine learning, the complexity and volume of data
require innovative solutions to harness the most out of a dataset. This chapter
aims to lay down the foundations of a multi-agent theoretical framework, specif-
ically a centralized multi-agent proximal policy optimization approach. Proximal
policy optimization (PPO) [106] is presently considered state of the art in reinforce-
ment learning, a subset of machine learning. The algorithm is detailed in section
4.3. The framework presented here harnesses the decision-making of several sub-
agents tuned to each prioritize certain aspects of the dataset. These decisions are
then ultimately processed by a superagent, tasked with synthesizing the opinion of
each subagent and reaching the final action. The superagent is equipped with an
attention module that dynamically balances between environment variables and
subagent input. From this decision-making process comes the term centralized,
there is no communication between the subagents and the resulting subagent ac-
tions (subactions) are part of the superagent observation space.

The core research questions developed in this chapter are the following: how
can one build a resilient and versatile artificial intelligence framework using a cen-
tralized multi-agent approach? What are the pros and cons of this approach in
terms of performance, sample-efficiency and interpretability?
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The chapter is structured as follows: Section 4.2 includes a contextualization
and a review of the existing literature. Section 4.3 introduces the mathematical
definition of the framework. Section 4.4 presents the results of the framework
against standard strategies and alternative models. Section 4.5 proposes an abla-
tion study. Section 4.6 discusses training time. Section 4.7 develops interpretabil-
ity tools for the model. Section 4.8 is the conclusion to this study.

4.2 Literature Review

PPO is a policy gradient method developed by John Schulman et al. in 2017 [106].
The key innovation of this algorithm over older methods such as TRPO [107] or
ACER [108] is the clip function that constrains policy updates of the agent. PPO
has been used in a wide variety of applications: Atari games [109], track racing
games [110], suspension monitoring for cars [111], and image captioning [112]. A
number of articles have proposed innovations to the base algorithm, for instance
an alternative minimization target [113], [114] introduced policy feedback; specif-
ically improving early learning stages, which are recognized as a potential weak
point of PPO [115]. Recently proposed improvements include a shift in learning
to offline policy optimization [116] and including conservatism [117].

Multi-agent methods have gained significant attention in the field of reinforce-
ment learning, particularly for their capability to simulate complex systems in-
volving interactive agents. A notable early work in multi-agent systems is [118]
which explored the dynamics of cooperative and competitive agents in a shared
environment. Recent advancements have integrated PPO into multi-agent appli-
cations: [119] applied multi-agent PPO to competitive and cooperative tasks, [120]
successfully employed multi-agent reinforcement learning in the complex envi-
ronment of the Dota 2 game. The integration of PPO into multi-agent systems
has also been explored in real-world scenarios such as traffic light control [121],
and collaborative robotics [122]. Innovations specific to multi-agent PPO include
[123], which introduced a meta-learning approach to enhance adaptability across
different tasks and agent configurations and [124], which presented the concept
of leniency in multi-agent learning, mitigating the non-stationary issue commonly
faced in such environments.

Attention is a machine learning mechanism designed to imitate human aware-
ness. Attention was brought to the forefront of the field with the transformer archi-
tecture, a self-attention-based architecture that enabled the recent breakthroughs
in large language models [29]. It has since seen many implementations including
in recurrent neural networks for search results customization [125], missing data
imputation [126], and in computer vision [127]. In reinforcement learning, atten-
tion models have been developed within theoretical frameworks [128] and diverse
applications, such as source code summarizing [129], dynamic graph problems
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[130], and road networks management [131].

The novelty of this model lies in the combination of reinforcement learning
concepts. Multi-agents models have been explored in adversarial and coopera-
tive settings, but to our knowledge not in an independent centralized manner.
The addition of the attention module to the superagent provides avenues of in-
terpretability and fine-tuning for the model that were not previously studied. The
method-agnostic nature of this design also increases its potential for future stud-
ies, as this study only explores its application with PPO. This study also creates
an opportunity for further applications of the design in simulated environment
encompassing diverse fields.

4.3 Centralized Multi-Agent Proximal Policy Optimization

As mentioned in [132], implementation is key in deep policy gradient algorithms.
As such, the framework below is implemented using the clean-rl library [133].

4.3.1 Proximal Policy Optimization (PPO)

« Policy Function: For an agent x, its policy at time ¢ is a probability density
function denoted as 7g(a;|o;), where 6 are the parameters of the policy, o; is
the observation for agent x at time ¢, and a, are the actions that can be taken.
The policy is then sampled to obtain the action taken a; ~ 7g(a;|o;).

+ Objective Function: The PPO objective function is defined as:
LPPO(0) = E, [min(r,(0)A,, clip((6), 1 — €,1 + €)A,)]

mg(atlor)
T, 4(atlor)
is an estimator of the advantage at time ¢, typically computed using Gener-
alized Advantage Estimation (GAE).

where r,(6) = is the probability ratio, € an hyperparameter and A,

« Advantage Estimation: The advantage A, is computed as:

A =68, 4+ (YN)d4q + oo + AT, (4.1)

with §; =7 + yV(0s41) — V(o;) and V a learned state-value function.

« Training Process: The agent is trained by iteratively updating its policy
parameters. This involves:

1. Collecting trajectories by interacting with the environment using the
current policy.

2. Estimating the advantages using GAE.
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3. Calculating the surrogate objective function.

4. Optimizing the surrogate objective function using gradient ascent while
ensuring the updates stay within a specified clipping range to maintain
policy stability.

4.3.2 Centralized Multi-Agent Model

+ Centralization: Each subagent is trained independently on its own environ-
ment. The action taken by a subagent on its given environment does not
influence the other environments, and as such there is no communication
between the subagents. The local observation for agent x; at time ¢ is repre-
sented by oy ;.

« Policy Representation: The policy of an agent i is 7g,(ay,;|0;,;)-

« Sampling of the Policy: a;,i ~ 7g,(a; ;|0;,;) where a, i is the action taken by
agent i at time f.

+ Reward Function: Each agent x; has its own reward function R;(o;, a ;).

 Training Process: Agents are trained iteratively, updating their policy pa-
rameters using the PPO objective function.

4.3.3 Superagent Decision-Making Model

« Superagent’s role: The superagent x r makes the overarching decision, influ-
enced by the decisions of the subagents {x;, x5, ..., x,,} and the current state
of the environment o,.

« Aggregation Function: the aggregation function ¥ is a linear or non-linear
function that combines the outputs of the subagents and the current state of
the environment:

Szf = F(atr,1, At 25 oo > At s O3 P) (4.2)
where s{ is the state at time ¢, and ¢ are the parameters of the aggregation
function.

« Final Decision-Making Policy: The superagent’s policy 7 f(a{ , s{ ) is then

sampled to produce the final action oc{ .



4.3. CENTRALIZED MULTI-AGENT PROXIMAL POLICY OPTIMIZATION 67

4.3.4 Attention Mechanism in Decision-Making

To enhance the decision-making process, an attention mechanism is integrated
into the superagent’s framework. This mechanism is designed to dynamically pri-
oritize the influence of subagent actions and the environmental state on the final
decision-making process.

« Attention Module Construction: The attention module consists of two
main components:

- Linear transformations that compute the attention scores for environ-
mental states and subagent actions respectively, denoted as f.,, and

fsub'

- A softmax layer that normalizes these scores to form attention weights.

« Input Representation: Let e; represent the encoded environmental state
and a; 1, a5, ... , & , TEpresent the actions taken by the subagents at time ¢.
Zeny and zgy, are the linearly transformed environmental state and actions.
These are processed through their respective linear layers:

Zenv = fenv(et; eenv)’ (4~3)
Zsub = fsub([at,b at,Z’ eeey O‘t,n]; esub)a (4-4)

where 0., and O, are the parameters of the linear transformations for the
environment and subagent actions, respectively.

« Attention Weights Calculation: The attention weights w,,, and wy,, are
computed as follows:

[wenv’ wsub] = SOftmaX([Zenv’ Zsub]) . (4~5)

These weights determine the relative influence of the environmental states
and the subagent actions on the decision-making process of the superagent.

+ Feature Aggregation: The weighted sum of features, influenced by the
calculated attention weights, forms the input to the decision-making layers
of the superagent:

d{ = Wepy * € + Wyyp ° [at,l’ At 25 eees at,n] (46)
where d, is the aggregated decision input for the superagent at time ¢.

« Policy Decision: The superagent uses d; along with the state s, to determine
the appropriate action cx{ through its policy network:

of ~ e (af|d]) 4.7)

where 6 are the parameters of the superagent’s policy network.
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« Finally, we can express the action taken by the superagent relative to the
subagents’ policy as:

f f
ay ~ ﬂef(at |Weny * € + Weyp * [ ~ 75,(a;1]0¢1)

(4.8)

seee s Ap o ™ ﬂez(at,2|0t,2)’ Aen ~ ﬂen(at,n|0t,n)])

This attention mechanism allows the superagent to adaptively focus more on
either the subagent actions or the environmental state based on the current sce-
nario, enhancing the flexibility and effectiveness of the decision-making process.

4.4 Benchmarks

Multi-Joint dynamics with Contact, commonly called MuJoCo [134], proposes sev-
eral standard environments to train and benchmark models on. Three MuJoCo
environments were selected as experimental settings. The three environments
are: Hopper-v4, Half-Cheetah-v4 and Humanoid-v4. Each environment creates
a shape with the goal to learn the most efficient way to move forward. Hopper-v4
is a single jumping leg, Half-Cheetah-v4 is a 2-legged feline, and Humanoid-v4
is anthropomorphic. In these environments, the reward (R) is calculated using
several factors: the forward reward (F,) and control cost (Ctrl,) are common to
all tasks. The forward reward is the movement alongside the x-axis, while the
control cost is a penalty for each action taken. The Hopper and Humanoid imple-
ment a healthy reward (H,) that determines whether the action is damaging. The
Humanoid also implements a contact cost (Ctct,) that penalizes the agent if the
contact force with the ground is too high. The subagents are then tested on the
base environment over 10 epochs, and ranked by the average cumulative reward.
Based on the ranking, eight superagents are then trained with an increasing num-
ber of subagents contributing to the observation space. All agents are trained over
four million timesteps.

Table 4.1: Reward function formulas

Environment Reward formula
HalfCheetah-v4 R=ws - F —wey - Ctrl
Hopper-v4 R=ws F+wpy-H—wey-Ctrl

Humanoid-v4 R = wys - F+ wy - H — Wy - Ctrl — wegeq - Clct

Table 4.1 presents the reward formula for each environment. The term wj is
the weight for a reward term i.
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4.4.1 Subagents Performance - Same Reward

In this experiment, eight agents were trained with identical reward functions.
Each environment uses the default configuration, but a different random seed.

Table 4.2: Subagents performance across HalfCheetah-v4, Hopper-v4, and
Humanoid-v4

Subagent  Average Reward Average Reward Average Reward
(HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)

1 -719.19 1207.45 3187.72
2 -287.17 1023.79 2857.51
3 -388.11 1203.78 3050.35
4 -342.99 1172.62 2971.13
5 -667.03 1152.54 2988.99
6 -145.95 1212.92 2801.29
7 -180.96 1142.96 2984.01
8 -898.91 1237.77 3018.10

Table 4.2 shows the performance of subagents across the three test environ-
ments. Highest and lowest performing agents for each environment in bold. The
average cumulative reward varies by environment, which indicates that the envi-
ronment state in certain random seeds is more suited for policy gradient learning.

4.4.2 Superagents Performance - Same Reward

Table 4.3: Superagents performance across environments

Number Average Reward  Average Reward Average Reward
of Subagent(s) (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -239.99 1204.68 2873.40
2 -214.03 1267.98 2993.25
3 -323.44 1336.50 3057.08
4 -180.76 1207.91 2999.07
5 -380.27 1259.87 2931.13
6 -414.66 969.09 2974.15
7 -440.89 1211.66 2888.64
8 -498.05 1266.79 3178.57
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Table 4.3 displays the average cumulative reward across the three environments.
When using subagents with the same reward function, the performance slowly
increases for HalfCheetah-v4, until four subagents. When adding more subagents,
the model drops in performance. A similar pattern can be observed with Hopper-
v4, which peaks at three subagents. The Humanoid-v4 sees no major gain or loss
and remains stable across the board, despite a slight boost in performance at eight
subagents. A possible explanation could be that using the same reward function,
the subagents are unlikely to explore new behaviours that could then be passed to
the superagent.

4.4.3 Subagents Performance - Mixed Reward

In this experiment, the reward function coefficients of the subagents were altered
to promote emergent behaviours and exploration. In each subagent configurations
table, the configurations in bold are the default settings of the environment.

Table 4.4: Subagent configurations for HalfCheetah-v4

(Forward reward weight, Control cost weight) Average reward

(0.5, 0.5) 105.06
(1.0,0.5) -132.32
(1.0,0.1) -297.40
(0.5,0.1) -650.33
(1.0,0.01) -659.02
(1.0, 0) -680.37
(1.0, 0.1) -707.54
(2.0,0.001) -734.57
(3.0, 0.001) -765.30

As shown in Table 4.4, the HalfCheetah-v4 altered configurations had a wide
range of performance on the original environment. The average cumulative re-
ward degraded significantly when the forward reward weight and control cost
weight were changed. One explanation could be that techniques to move forward
with a very high control cost might have been learnt by the last two subagents,
which hindered their performance on the base environment.
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Table 4.5: Subagent configurations for Hopper-v4

(Forward reward weight, Control cost weight,
Healthy reward weight, Healthy state range,

End when unhealthy)

Average reward

(3.0, 0.0001, 0.0, [-100, 100], N)
(0.5, 0.01, 2.0, [-100, 100], Y)
(0.5, 0.0005, 1.0, [-100, 100], Y)
(1.0, 0.001, 0.5, [-100, 100], Y)
(1.0, 0.05, 1.0, [-100, 100], Y)
(1.5,0.01, 0.5, [-150, 150], Y)
(2.0, 0.001, 0.5, [-100, 100], Y)
(3.0, 0.0, 0.5, [-300, 300], Y)
(1.0, 0.001, 1.0, [-100, 100], Y)

1468.63
1402.84
1267.66
1233.06
1227.56
1192.80
1161.34
1157.77

894.40

Table 4.5 presents the configurations for the Hopper-v4 environment. The best
performer was surprisingly one of the most altered configuration. This config-
uration prioritized heavily forward reward by discounting the control costs and
health penalties, encouraging risky behaviours. This strategy fell apart when the
health penalty was reintroduced, despite completely removing the control cost and
increasing the accepted healthy range. The average rewards are however much
closer from one configuration to the other, indicating that the environment could

be less sensitive to extreme configurations.

Table 4.6: Subagent configurations for Humanoid-v4

(Forward reward weight, Control cost weight,
Contact force cost weight, Healthy reward weight,

Terminate when unhealthy)

Average reward

(0.5,1.0,1.5,1.0,Y)
(1.0,0.5,2.0,1.0,Y)
(1.0,0.5,1.0, 1.0, Y)
(1.5,0.5,0.5,0.5,Y)
(0.5,0.5,0.5,2.0,Y)
(3.0,0.4,0.5,0.5,N)
(1.25,0.1, 5e-7, 5.0, Y)
(0.8,0.1,0.5,1.0,Y)
(5.0,0.01, 0.5, 0.0, N)

4768.19
3524.77
3457.94
3449.48
3265.30
3251.51
3175.08
3135.93
2881.68
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In the Humanoid-v4 environment, the best performer was the complete op-
posite of the Hopper-v4 top performer, as shown in Table 4.6. The best perform-
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ing configuration was tweaked to have an increased control cost weight, and a
discounted forward reward weight, promoting a safer and minimalist approach.
The configuration with increased forward reward and discounted control cost per-
formed poorly, with two of the bottom configurations disregarding the healthy re-
ward completely.

4.4.4 Superagent Performance - Mixed Reward

Table 4.7: Superagents performance across environments

Number Average Reward  Average Reward Average Reward
of Subagent(s) (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -638.57 1211.08 2947.44
2 -580.10 1218.86 3006.55
3 -370.44 1070.40 2924.49
4 -509.26 1239.58 2847.21
5 -166.40 1240.30 3013.42
6 -411.29 1960.75 2895.03
7 -269.72 1124.24 2924.15
8 -201.02 1317.25 3003.72

Table 4.7 presents the superagent performance across the three environments ac-
cording to the number of subagents used. In the Hopper-v4 environment, where
the action space is smaller, the addition of subagents seems to directly contribute
to performance enhancement. The performance consistently improves with the
number of subagents up to five, achieving the highest average reward. This trend
suggests that the lower dimensionality of the action space allows for effective in-
tegration and utilization of the diverse strategies provided by multiple subagents.
As the number of possible actions and subagents grow, the number of dimensions
handled by the superagent increases. A very low dimensional action space can
allow for many subagents without overly complexifying the observation space of
the superagent. Beyond five subagents, the benefits stabilize, indicating a potential
optimal number of subagents for balancing decision complexity and performance
gain in this environment.

4.5 Ablation

We perform an ablation study by removing the attention module from the model.
The observation state is an aggregation of the environment state and the subagent
actions.
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Table 4.8: Superagents performance across environments - Same reward

Number Average Reward  Average Reward Average Reward
of Subagent(s) (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -816.96 750.50 3201.09
2 -774.47 895.89 3134.73
3 -845.92 1007.24 3190.50
4 -743.34 916.88 3198.28
5 -831.56 959.84 3192.95
6 -685.47 785.57 3194.82
7 -822.90 907.81 3191.17
8 -638.94 838.87 3193.77

As shown in Table 4.8, introducing subagent actions to the environment space
without the attention module provides a reduction of the variance of average cu-
mulative reward, especially in the Humanoid-v4 environment. The HalfCheetah-
v4 environment presents a lower average cumulative reward with eight subagents,
which could be due to the higher number of dimension in the observation space
not being counterbalanced by the attention mechanism.

Table 4.9: Superagents performance across environments - Mixed reward

Number Average Reward  Average Reward Average Reward
of Subagent(s) (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -403.16 1086.12 3046.32
2 -411.80 1181.87 2909.05
3 -398.84 1228.52 2999.23
4 -240.12 1186.45 2992.99
5 -389.94 1254.67 3061.87
6 -354.67 992.95 3097.98
7 -736.08 1158.10 3093.66
8 -111.10 1175.43 3072.68

The absence of the attention module is further illustrated in Table 4.9 when
using mixed rewards. The HalfCheetah-v4 environment shows a pattern of in-
creasing the average reward as the number of subagents grows, up to five where
the performance goes down. However, the best performer is surprisingly the one
using eight subagents, indicating that more subagents could potentially enhance
the performance regardless. In the Hopper-v4 environment, the lack of attention
is the most evident, as the best performer with attention becomes the worst per-
former without it. This indicates a failure to capture the potential emerging be-
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haviours brought up by the subagents. Finally the Humanoid-v4 environment re-
mains consistent across the board, with no discernable pattern that can be linked
to the number of subagents or the presence of the attention mechanism. The ab-
lation study shows that the attention module has at best positive impact on the
average reward for the Hopper-v4 and at worst no impact for the Humanoid-v4.
The integration of the attention module also allows for further interpretability, as
demonstrated in section 4.7.1.

4.6 Training Time

The subagents need to be trained before suggesting relevant subactions. This means
that the superagent can only be trained after the subagents have completed their
own learning. In section 4.4, all agents were trained using four million timesteps
as a balance between computational time and performance. This means that a su-
peragent with 2 subagents would have been trained effectively a total of 12 million
timesteps. The following section will compare the performance of the centralized
multi-agent model with attention with different numbers of subagents versus the
performance of baseline PPO at different timesteps. The training time of each
subagent and superagent remains 4M timesteps. Since the superagent can only be
trained sequentially after the subagents, the total timesteps required to train can
be approximated in two different ways:

« The subagents can be trained in parallel in separate environments and learn
their respective policies independently. The total training time is then ¢;,,4; =
tsubagent F tsuperagent> Which in the Results section adds up to eight million
timesteps.

« The subagents are trained in parallel, but the total training time of the model
is a function of the number of subagents: f;oiq1 = Pgubagent * Lsubagent +

tsuperagent .

With ¢ denoting the number of timesteps in training and ng,pegen; the number of
subagents.

Tables 4.10, 4.11 and 4.12 compare the average reward of the superagent versus
vanilla PPO depending of the number of subagents/timesteps and their respective
environment.
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Table 4.10: Superagent performance versus PPO at different number of sub-
agents/timesteps in the HalfCheetah-v4 environment

Number Average Reward Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 -638.57 -266.09
2/12 -580.10 -527.12
3/16 -370.44 -453.93
4/20 -509.26 -628.43
5/24 -166.40 -150.54
6/28 -411.29 -328.68
7 /32 -269.72 -628.64
8/36 -201.02 -496.64

In Table 4.10, the 24 million timesteps baseline PPO performs the best. The
model experiences diminishing returns at a higher number of timesteps. At < 6
subagents, the superagent gets outperformed by baseline PPO. But as the number
of subagents increases, the superagent beats out baseline PPO.

Table 4.11: Superagent performance versus PPO at different number of sub-
agents/timesteps in the Hopper-v4 environment

Number Average Reward Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 1211.08 1036.82
2/12 1218.86 802.06
3/16 1070.40 820.14
4/20 1239.58 909.84
5/24 1240.30 756.75
6/28 1960.75 1185.06
7/32 1124.24 294.01
8/36 1317.25 735.11

In Table 4.11, the superagent beats out baseline PPO. According to the second
approach, the best performer in vanilla PPO has an equivalent training time to the
best performer of the superagents, but a much lower reward. This result further
indicates the adequacy of the centralized multi-agent model with attention for this
environment.
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Table 4.12: Superagent performance versus PPO at different number of sub-
agents/timesteps in the Humanoid-v4 environment

Number Average Reward Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 2947.44 2818.45
2/12 3006.55 2224.58
3/16 2924.49 2058.88
4/20 2847.21 2178.31
5/24 3013.42 1854.18
6/28 2895.03 2108.89
7/ 32 2924.15 2283.85
8/36 3003.72 2897.81

In Table 4.12, the baseline PPO experiences heavy diminishing return as the
number of timesteps increases, before increasing again. This could be due to an
overfit in training in larger timesteps. The superagent remains stable with the
number of subagents increasing, while not significantly improving upon the re-
sult of baseline 8M PPO. A possible avenue for improvement could be to further
explore the optimal configurations for the subagents that cover a targeted range of
useful behaviours.

Table 4.13: Superagents performance across environments - Mixed reward at 4M
timesteps

Number Average Reward  Average Reward Average Reward
of Subagent(s) (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -434.83 1211.15 3068.60
2 -400.35 1220.97 3152.63
3 -489.26 1178.29 3116.24
4 -232.20 1250.41 3143.65
5 -188.02 1225.38 3143.34
6 -214.85 1200.25 3149.51
7 -315.33 1213.10 3182.25
8 -247.26 1198.95 3149.07
Baseline PPO -579.76 895.19 3190.66

Table 4.13 presents the subagents performance across environments. The sub-
agents and superagents were trained two million timesteps each, and the baseline
PPO 4M timesteps. In HalfCheetah-v4, the top performer remains the superagent
with five subagents. There is little variance in average reward for the Hopper-v4
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environment, as all values except baseline are within £60. In both HalfCheetah-v4
and Hopper-v4, the superagents significantly outperform baseline. In Humanoid-
v4, baseline is the best performer and outperforms all superagents. With seven
subagents, the superagent comes close to outperforming benchmark PPO.

4.7 Interpretability and Scalability in Reinforcement
Learning

4.7.1 Attention weights

Extracting the weights attributed to each component of the superagent state can
help us interpret the model’s decision making. We record and plot the attention
weight for the three superagents with the best cumulative average reward.

Attention Weights for Environment and Subagent
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Figure 4.1: Attention weights per episode/2 - HalfCheetah-v4

In Figure 4.1, The HalfCheetah-v4 strikes a balance of attention between the
subactions and the environment state. A possible explanation for this distribution
of attention could be that further training is needed to reach more stable attention

weights.
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Figure 4.2: Attention weights per episode/2 - Hopper-v4

The Hopper-v4 rapidly stabilizes at a 70-30 split between the environment state
and the subactions, as shown in Figure 4.2. Since this model outperformed the
baseline considerably, a possible tool to tune the number of subagents and their
configurations could be the distribution of attention weights. A quick convergence
to a stable split of attention between subactions and environment state could in-
dicate efficient prioritization from the superagent.
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Figure 4.3: Attention weights per episode/2 - Humanoid-v4

In Figure 4.3, the Humanoid-v4 is shown to follow a similar yet slower trend
than the Hopper-v4. This could be due to needing a longer training time, or the
difference in dimensions in the action space. The latter seems more likely, as the
action space of the Hopper-v4 is only 2-dimensional and the action space of the
Humanoid-v4 has 64 dimensions.

4.7.2 Cosine distance between actions of the superagent and
subagents

In order to evaluate how close the action of the superagent are from the action
of its subagents, we calculate the cosine distance [135] between the action vectors
given by the subagents, and the one calculated by the superagent. We recorded this
data over 10 epochs on a randomly seeded environment for the three superagents
with the best cumulative average reward.
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Cosine Similarities between Subactions and Final Action
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Figure 4.4: Heatmap of cosine similarities between the subactions and the super-
agent actions - HalfCheetah-v4

In Figure 4.4, the superagent actions show very little cosine similarity with the
actions taken by the subagent 0, despite this subagent earning the highest reward
out of all the altered configurations. Instead, the superagent actions have a high
cosine similarity with the actions of subagent 3, which used the base parameters.
This could mean that the attention module failed to recognize behaviours that
could potentially earn a higher reward. This could also mean that the behaviour
proposed by the subagents were not sustainable long term strategies and instead
were shortcuts to a local optimum.
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Figure 4.5: Heatmap of cosine similarities between the subactions and the super-
agent actions - Hopper-v4

The Hopper-v4 environment presents the clearest trend, as shown in Figure
4.5: the three first subagents, which are the best performers, have a higher cosine
similarity between the superagent actions and the subactions. This means that in
this environment the attention managed to capture the relevancy of the actions
advised by the subagent. The superagent’s actions also demonstrate fluctuations
across episodes in the cosine similarity with subactions, indicating that different
strategies are prioritized depending on the environment state and the attention
given to the subactions.
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Figure 4.6: Heatmap of cosine similarities between the subactions and the super-
agent actions - Humanoid-v4

In Figure 4.6, the Humanoid-v4 environment presents no similarity between
the actions of the superagent and the subactions. The subagent 0, which per-
formed outstandingly on the base environment, has a nearly 0 cosine similarity
in its action with the superagent. The conclusions are similar to the HalfCheetah-
v4 environment, and the model fails to capture the value of the subactions despite
the weighting of the aggregation function through the attention module.

4.8 Conclusion

This study presents a novel multi-agent architecture for Proximal Policy Optimiza-
tion which harnesses attention to prioritize behaviours from subagents depending
on the environment state. The model outperforms the baseline in the Hopper-v4
and HalfCheetah-v4 environments in mixed reward, and performs at baseline level
in the Humanoid-v4 environment. Using mixed reward functions, the framework
is versatile and applicable to real-world problems.

The model performs best in a continous action space with few dimensions, as
the benefits of augmenting the environment state with the suggested actions of the
subagents fall off as the number of dimensions in the action space increases. This
approach also provides additional interpretability tools by studying the attention
weights and the cosine similarity between actions and subactions.

Future research could focus on implementing this model in real-life reinforce-
ment learning problems. The attention module could also be extended into multi-



4.8. CONCLUSION

headed attention, in order to have separate channels for each subagent. Another
possible improvement could be to apply this method to another algorithm than
PPO, as the principle behind the centralized multi-agent approach is model ag-
nostic.
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Part IV

Application: Machine Learning
Models on ESG Financial Datasets






Chapter 5

A Financial Dataset with ESG
Ratings

This chapter introduces the design of the dataset used in the applicative side of
this thesis. The following sections discuss the initial construction of the financial
dataset, the addition of ESG ratings from different providers, and the data aug-
mentation tools applied. Similarly to Chapter 2, we focus on the S&P500 for the
abundance of data available.

5.1 Dataset Providers

The construction of the dataset starts with an assessment of the options for data
providers. In finance, the reliability and quality of the data is fundamental to any
robust analysis. The main providers used in this thesis are the following:

« Refinitiv, more recently known as LSEG Data & Analytics is a global
leader in financial data and analytics, and serves as one of the primary sources
for this study. Through the Eikon terminal Refinitiv provides an extensive
real-time customisable news feed, as well as powerful charting tools, data
extraction, cross-asset calculators, portfolio analytics and a seamless inte-
gration in Excel. Refinitiv covers a large array of use cases, from corporate
treasury, sales and trading and investment research. Refinitiv is also a signif-
icant ESG providers, covering over 80% of the global market capitalization
with over 450 different ESG metrics. Refinitiv Eikon was extensively used
throughout this study for both financial and ESG data. In particular, the
Python proxy combined with the formula builder provided reliable and ex-
tensive data. The rigorous validation process ensures little to no discrepancy
or missing value, and Refinitiv has earned the general trust of the industry,
especially in the context of industry research.
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 Sustainalytics is a company that rates the sustainability of listed compa-
nies, based on their ESG performance. Sustainalytics was bought out in
2020 by Morningstar, Inc and started being included with Yahoo Finance
in 2018 for over 2000 companies. Their ESG ratings are accessible on de-
mand through their Global Access and API. Their research universe, covers
over 16,000 companies across public equity, fixed income, and private sec-
tors [10]. Their ratings are used by a variety of asset managers, asset owners
and banks to define a sustainable investment strategy and create portfolios
with strong ESG performers. They also provide monitoring and reporting to
maintain active ownership and regular updates on the evolution of compa-
nies’ engagement towards a sustainable future.

« Sustainability Accounting Standards Board (SASB) identify the most
critical sustainability-related issues to investor in a wide array of industries.
Since August 2022, the SASB standards have taken an important role by be-
coming the basis for the first two International Financial Reporting Stan-
dards (IFRS) dedicated to sustainability, IFRS S1 General requirements for
Sustainability-related Disclosures [136] and S2 Sustainability-related Disclo-
sures. The first publication of the SASB standards date back to 2018, using
a project-based model. The standards are based on a combination of techni-
cal knowledge and public comments to build and amend the standards for
specific companies.

Other providers that were considered or used:

+ Bloomberg is the primary data provider in finance and widely considered
as the gold standard for integration of analytics tools and real-time data. Per-
haps even more important than the data provided, access to the proprietary
Bloomberg Terminal is the production swiss knife of any institutional in-
vestor. The large customer base and chat integration foster an ease of access
to other Bloomberg users, filtered geographically or by interest. Although
Bloomberg is the primary data provider in a production environment and
extremely efficient when it comes to real-time data, this study focused on
historical data. Financial actors want to act quick to react to minuscule mar-
ket changes, and depend on this data to maintain a high sensitivity. The
considerable financial strain of a Bloomberg license is often a bottleneck for
companies and academia, and was an unwarranted constraint for the time
granularity of data required in this study.

« Yahoo Finance complements Refinitiv in this study by providing interna-
tional market, free stock quotes, and up-to-date news for free. The unoffi-
cial yfinance package was invaluable in exploratory stages to prototype the
dataset. There are limitations to the quantity of data extractable for a given
day, which limited the use cases long term.
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5.2 Financial features and data augmentation

Raw data can be enriched through calculated features and adjustments to better
model financial dynamics and support robust predictions. In this study, simi-
larly to Chapter 2, data augmentation involves calculating log returns, controlling
the returns using Fama-French 5, and deriving technical indicators such as RSI,
MACD, and Bollinger Bands. Technical indicators are derived from historical
price and volume data to capture patterns, momentum, and volatility. These indi-
cators are vital for machine learning models, providing features that encapsulate
complex financial behaviors.

5.2.1 Raw data

Based on Chapter 2, we determined that sectors and materiality were driving fac-
tors that influenced the correlation between the controlled logreturns and the ESG
ratings. As such, we decided to focus on 3 GICS sectors that presented differ-
ent levels of correlation: Technology, Financial Services and Industrial. Table 5.1
presents the ticker symbols included in each sector.
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Category (Count) Tickers
Technology (69) ACN, ADBE, AMD, AKAM, APH, ADI, ANSS, AAPL, AMAT,

ANET, ADSK, AVGO, CDNS, CDW, CSCO, CTSH, GLW,
CRWD, DELL, ENPH, EPAM, FFIV, FICO, FSLR, FTNT, IT,
GEN, GDDY, HPE, HPQ, IBM, INTC, INTU, JBL, JNPR,
KEYS, KLAC, LRCX, MCHP, MU, MSFT, MPWR, MSI, NTAP,
NVDA, NXPI, ON, ORCL, PLTR, PANW, PTC, QRVO, QCOM,
ROP, CRM, STX, NOW, SWKS, SMCI, SNPS, TEL, TDY, TER,

TXN, TRMB, TYL, VRSN, WDC, ZBRA

Financial Services (72)

TROW, TRV, TFC, USB, V, WRB, WFC, WTW

Industrial (78)

MMM, AOS, ALLE, AMTM, AME, ADP, AXON, BA, BR,
BLDR, CHRW, CARR, CAT, CTAS, CPRT, CSX, CMI, DAY,
DE, DAL, DOV, ETN, EMR, EFX, EXPD, FAST, FDX, FTV,
GE, GEV, GNRC, GD, HON, HWM, HUBB, HII, IEX, ITW,
IR, JBHT, J, JCI, LHX, LDOS, LMT, MAS, NDSN, NSC, NOC,
ODFL, OTIS, PCAR, PH, PAYX, PAYC, PNR, PWR, RTX, RSG,
ROK, ROL, SNA, LUV, SWK, TXT, TT, TDG, UBER, UNP,

UAL, UPS, URI, VLTO, VRSK, GWW, WAB, WM, XYL

Table 5.1: Tickers listed by category in a single row per category.

Table 7.1 shows a sample of the financial data extracted for Apple from 2005-
12-05 to 2005-12-13. The initial dataset consists of financial data dating from 2005-

12-05 to 2024-08-07.

Date

Open Low High Close Volume

2005-12-05 217 215 2.19 2.16 5.84€8
2005-12-06 223 221 2.25 2.23 8.57e8
2005-12-07 224 220 2.24 2.23 6.79e8
2005-12-08 221 219 2.23 2.23 7.90e8
2005-12-09 224 221 2.25 2.24 5.55e8
2005-12-12 226 225 2.27 2.26 5.25e8
2005-12-13 225 224 2.27 2.26 4.94e8

Table 5.2: Sample financial data for AAPL

AFL, ALL, AXP, AIG, AMP, AON, ACGL, AJG, AlIZ, BAC,
BRK.B, BLK, BX, BK, BRO, COF, CBOE, SCHW, CB, CINF, C,
CFG, CME, CPAY, DFS, ERIE, EG, FDS, FIS, FITB, FI, BEN,
GPN, GL, GS, HIG, HBAN, ICE, IVZ, JKHY, JPM, KEY, KKR,
L, MTB, MKTX, MMC, MA, MET, MCO, MS, MSCI, NDAQ,
NTRS, PYPL, PNC, PFG, PGR, PRU, RJF, RF, SPGI, STT, SYF,



5.2. FINANCIAL FEATURES AND DATA AUGMENTATION

5.2.2 Log Returns: Capturing Price Movements Logarithmically

Logarithmic returns (log returns) are a fundamental metric for time-series anal-
ysis in finance, offering a symmetric and scale-invariant measure of asset price
movements. The log return # for a given time ¢ is calculated as:

= 1n<%) (5.1)

where B, and F_; represent the closing prices at time ¢ and ¢ — 1, respectively.
Log returns present several advantages:

« Symmetry: Log returns ensure that equal percentage increases and de-
creases yield consistent values.

« Additivity: Overlapping periods can be aggregated, simplifying cumulative
return calculations, as we did with monthly returns in Chapter 2.

+ Scale Independence: Useful for comparing returns across assets with vary-
ing price levels.

We calculate the autocorrelation function for log returns to evaluate the useful-
ness of past samples to predict future values. The autocorrelation function can also
indicate whether or not a series is stationary. A stationary series has the same joint
probability distribution across time, and is often a necessary assumption in time-
series analysis. This assumption is not necessary when using the NSiTransformer,
which attempts to model the non-stationary series as the process progresses.
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Autocorrelation Function for Log_Returns in Apple
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Figure 5.1: Autocorrelation of log returns for AAPL with 50 lags. First data point

is self autocorrelation and always 1.

Figure 5.1 presents the autocorrelation of log returns for AAPL with 50 lags.
We found a small autocorrelation at certain lags, but the data remains largely not
autocorrelated.

5.2.3 Controlled Returns: Adjusting with the Fama-French
Five-Factor Model

To isolate firm-specific characteristics and remove broader market effects, log re-
turns are adjusted using the Fama-French five-factor (FF5) model. This model
accounts for market-wide influences and fundamental financial drivers.

The FF5 model decomposes returns as:

Riy— Ry = a;+ Ry — Ry) + BSMB + B,HML + B,RMW + B.CMA +¢;, (5.2)
where:
+ R;;: Return of asset i at time ¢.
* Ry: Risk-free rate.
* R,,: Market return.
« SMB: Size factor (small minus big).

« HML: Value factor (high minus low).



5.2. FINANCIAL FEATURES AND DATA AUGMENTATION

« RMW: Profitability factor (robust minus weak).
« CMA: Investment factor (conservative minus aggressive).

By regressing the log returns on these factors, the residual component (¢;;) rep-
resents firm-specific, market-neutral returns. This adjustment is crucial for reduc-
ing noise and enhancing signal clarity in predictive modeling. More details on the
Fama-French model are available in Section 2.4.2.

Autocorrelation Function for Controlled_Returns in Apple
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Figure 5.2: Autocorrelation of controlled returns for AAPL with 50 lags. First data
point is self autocorrelation and always 1.

Figure 5.2 presents the autocorrelation of the controlled returns with 50 lags.
There is a clear positive autocorrelation, notably at lag 1, which indicates that fu-
ture values tend to move in the same direction as previous lags. The shaded region
represents the 95% confidence bounds around zero autocorrelation, and all lags are
above the upper band. This slow decay of the autocorrelation function (ACF) can
also be indicative that the series is non-stationary. In order to verify that the series
is non-stationary, we perform an Augmented Dickey-Fuller (ADF) test [137].

Table 5.3 presents the results of the Augmented Dickey-Fuller statistic test.
Since the ADF test statistic (—1.7759) is higher (less negative) than the 5% critical
value (—2.8640), and the p-value (0.3925) exceeds 0.05, we fail to reject the null
hypothesis of a unit root. Therefore, the series is likely non-stationary.
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Table 5.3: Augmented Dickey-Fuller Test Results for Controlled_Returns

Statistic -1.7759
p-value 0.3925
Used Lag Order 22
Number of Observations 1396
Critical Values
1% -3.4350
5% -2.8640
10% -2.5680

Partial Autocorrelation Function for Controlled_Returns in AAPL
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Figure 5.3: PACF for controlled returns in AAPL.

Figure 5.3 displays the Partial Autocorrelation Function (PACF) plot for lags
1 through 50. Significant spikes beyond the confidence bounds indicate direct
lagged relationships after accounting for intermediate lags. This pattern suggests
a very persistent process consistent with non-stationarity. These signs of the se-
ries being non-stationary confirm that the NSiTransformer is adequate to predict
controlled returns.

5.2.3.1 Relative Strength Index (RSI)

RSI measures the strength and speed of price movements over a fixed period, indi-
cating overbought (RSI > 70) or oversold (RSI < 30) conditions. Figure 5.4 shows
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the RSI of Apple from 2005 to 2023.

100 Average Gain over 14 days
RST =100~ 1+RS’ where RS = Average Loss over 14 days

(5.3)

RSI for AAPL (Starting from 2020)
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Figure 5.4: RSI of AAPL

5.2.3.2 Moving Average Convergence Divergence (MACD)

MACD is a trend-following momentum indicator that shows the relationship be-
tween two moving averages of a security’s price. The role of this indicator is to
identify trend changes and momentum shifts.

MACD uses the following indicators:

« Exponential Moving Average (EMA): A type of weighted moving average
that gives more importance to recent prices.

« Short-Term EMA (EMAy,,.): Typically calculated over 12 periods, repre-
senting recent momentum.

+ Long-Term EMA (EMA,,,,;): Typically calculated over 26 periods, provid-
ing a broader view of the trend.

» Period: The number of data points (e.g., days) considered for the moving
average calculation.

MACD uses three components that interact with each other:
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+ MACD Line: The difference between a short-term exponential moving av-
erage (EMA) and a longer-term EMA. This line reflects the momentum of
price changes.

MACD Line = EMA o — EMAjpq (5.4)

Common values are 12 days for the short-term EMA and 26 days for the
long-term EMA. We used 12 and 26 in this study.

« Signal Line: A 9-day EMA of the MACD Line. This serves as a smoother
representation of the MACD Line, helping to identify potential crossovers
that indicate trend shifts.

Signal Line = EMA(MACD Line) (5.5)

+ MACD Histogram: The difference between the MACD Line and the Sig-
nal Line. The histogram visually represents the strength and direction of
momentum.

Histogram = MACD Line — Signal Line (5.6)

MACD provides three ways to interpret market behavior. First, crossover sig-
nals occur when the MACD line crosses the signal line. When the MACD line
crosses the signal line, a crossover signal is sent. This signal is bullish if the MACD
line is crossing above the signal line, and bearish if the MACD line is below. The
histogram provides insights into the strength and direction of the momentum. If
the histogram is positive, i.e. the MACD line is above the signal line, the indicator
suggest increasing bullish momentum. A negative histogram suggests increasing
bearish momentum, with the scale of the histogram representing the magnitude
of the shift. The last signal is the zero line crossing which suggests a change in
trend direction. This happens when the short-term EMA is equal to the long-term
EMA (see 5.4).

MACD captures both trend direction and momentum, which are essential for
machine learning. It also defines actionable signals that are used to define an
investment strategy called MACD crossover. It is however important to acknowl-
edge that reliance on moving averages introduces lag to the signal generation, and
is susceptible to false signals in choppy markets. By adding the three MAACD
components to the dataset, we provide supplementary data for the model to under-
stand the momentum shifts of the asset. Figure 5.5 presents the MACD of Apple
from 2020 to 2023.
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Figure 5.5: MACD of AAPL

Bollinger Bands consist of three lines: a moving average of a security’s price
and two standard deviation bands above and below it:

+ BBLs, : Lower band (5-day moving average - 2 standard deviations).

« BBM:5 , o: Middle band (5-day moving average).

« BBU; , o: Upper band (5-day moving average + 2 standard deviations).
This captures price volatility and overbought/oversold conditions:

« Prices touching the upper band indicate overbought conditions.

« Prices touching the lower band indicate oversold conditions.

Figure 5.6 presents the Bollinger Bands of Apple from 2020 to 2023.
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Bollinger Bands for AAPL
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Figure 5.6: Bollinger Bands of AAPL

The augmentation of raw financial data with log returns, controlled returns,
and technical indicators creates a robust feature set for predictive modeling. Each
feature captures distinct aspects of market behavior, providing machine learning
models with the tools to identify patterns, trends, and anomalies effectively.

5.3 Integration of ESG and SASB Materiality

In this section, we detail the implementation of the ESG metrics and SASB mate-
riality flags in the dataset. We also provide details about the methodology used by
the two data providers to calculate the ratings.

5.3.1 ESG Metrics

We integrate the ESG ratings and SASB materiality issues to the dataset. A funda-
mental topic of discussion in ESG ratings comes from the different methodology in
rating agencies. As such, we used ratings from 3 different providers in this study:

« Thomson Reuters, which is Refintiv’s parent company. Reuters offers one
of the largest ESG content collection in the market. There are over 400 ESG
measures available through their API. The data is refreshed yearly in accor-
dance to the end of the fiscal year and company disclosure. Scandals and
controversies are however reflected in the scores and can induce a refresh.
Reuters’ coverage is extremely wide, consisting of over 7000 companies glob-
ally. The S&P500 was among the first index of companies that entered the
Thomson Reuters ESG universe in 2003. Refinitv first assesses the 178 most
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relevant fields. These fields are then grouped into 10 categories, which con-
stitute the three pillar scores: Environmental, Social and Governance. Table
5.4 summarizes the categories and how they are rolled up in pillar scores.
A set of 23 controversy measures are also computed to assess the contro-
versy score for a given year. The goal of the controversy score is to discount
ESG performance if a scandal occurs. Ongoing investigations or disputes
are taken into account and the metrics are updated accordingly. As Reuters
original business was company reporting and journalism, the coverage of
scandal and controversies is exhaustive. Finally the ESG score is computed,
which incorporates the Environmental, Social and Governance scores as de-
tailed in Table 5.4. This score is then discounted depending on the contro-
versy score, to reach the ESG Combined score, which can be equal to the
ESG score should a company not be involved in any scandal that year.

Pillar Category Indicators in Rating Weight
. Resource Use 19 11%
Environmental o
Emissions 22 12%
(33%) )
Innovation 20 11%
Workforce 29 16%
Social Human Rights 8 4.5%
(33.5%) Community 14 8%
Product Responsibility 12 7%
Governance Management 34 19%
(33.5%) Shareholders 12 7%
CSR Strategy 8 4.5%
TOTAL 178 100%

Table 5.4: Pillar Categories, Indicators, and Weights

« Sustainalytics ESG Risk Ratings are their flagship product and what we
implemented in the dataset. Their methodology is based on three building
blocks. First, the Material ESG Issues are 22 criteria that are further filtered
for a given subindustry. As Sustainlytics admits [138], using this building
block assumes that ESG issues of a company in a given subindustry can in-
fluence the economic value in a fairly predictable way. Table 5.5 presents the
material ESG issues that Sustainalytics uses. The second building block con-
sists of an assessment of corporate and stakeholder governance. This steps
ensures the interests of owners and managers align with a growth mindset,
and stakeholder do not pose a reputational or financial risk to the company.
In opposition to the first building block, these risks are considered indepen-
dent from a company’s subindustry. The third building blocks captures the
Systemic and Idiosyncratic ESG issues. Systemic issues are linked to global
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events, such as the raise of the sea level or global geopolitical changes. For
instance, Sustainalytics offers a ”Business Resilience Risk Due To Ukraine
Conlflict” that assesses the resilience of a business in relation to the percent-
age of assets owned in each of the country engaged in war. Idiosyncratic
issues include company-specific events that are directly tied to a company’s
business model. Heavy Machinery, for instance, is statistically bound to be
exposed to a human rights scandal risk. These three building blocks are then
assessed through two dimensions: exposure and management. Exposure is
first defined at the subindustry level, and refined at a company level using
the Beta score, which is calculated using the Material ESG issues. The sec-
ond dimension is management, and is defined as the set of commitments,
initiatives and actions offered by a given company to tackle a given Material
ESG issue. This dimension is calculated based on the involvement of com-
panies in recent controversies and how the crisis was managed, as well as
the implementation of best practices.

Material ESG Issues

Corporate Governance
Stakeholder Governance

Access to Basic Services
Business Ethics

Community Relations

Data Privacy and Cybersecurity
Emissions, Effluents and Waste
Carbon - Own Operations
Carbon - Products and Services
E&S Impact of Products and Services
Human Rights

Human Rights - Supply Chain
Human Capital

Land Use and Biodiversity
Land Use and Biodiversity - Supply Chain
Occupational Health and Safety
ESG Integration - Financials
Product Governance

Resilience

Raw Material Use

Water Use - Own Operations
Water Use - Supply Chain

Table 5.5: Material ESG Issues, Morningstar Sustainlytics
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« Sustainability Accounting Standards Board (SASB) issues are each treated
as a binary flag, with 1 being the issue recognized as material. In order to
reduce the number of features, we one-hot encode each unique instance of
material issues. In total, there are 68 unique combinations of material issues
across all the S&P500 companies.

Discrepancy in ESG ratings is an extremely prominent topic in ESG ratings re-
search [25], and it was essential for the credibility of this research to obtain data
from different sources. The combination of data from Reuters and Sustainalyt-
ics allows for a more holistic dataset, and will serve as a point of comparison in
Chapters 6 and 7. The integration of SASB materiality issues is in continuity with
Chapter 2. Table 5.6 summarizes all the features available in the dataset.
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Table 5.6: Complete list of features in the dataset.

Feature Description

Open Opening price

Low Lowest price of the period

High Highest price of the period

Close Closing price

Volume Trading volume

Log_Returns
Controlled_Returns

Logarithmic returns
Returns with control adjustments

RSI Relative Strength Index

MACD Moving Average Convergence Divergence
MACDs MACD signal line

MACDh MACD histogram

BBL_5_2.0 Lower Bollinger Band (5-day, 2.0 std)
BBM_5_2.0 Middle Bollinger Band (5-day, 2.0 std)
BBU 5 2.0 Upper Bollinger Band (5-day, 2.0 std)
Ticker Stock ticker one-hot encoded

ESG Risk score ESG risk score

Overall Management Score
Overall Exposure Score

Overall Manageable Risk Score
Overall Unmanageable Risk Score
Overall Managed Risk Score

Overall management score
Overall exposure score

Overall manageable risk score
Overall unmanageable risk score
Overall managed risk score

ESG Score

ESG Combined Score

ESG Controversies Score
Social Pillar Score
Governance Pillar Score
Environmental Pillar Score

Overall ESG score
Combined ESG score

ESG controversies score
Social pillar score
Governance pillar score
Environmental pillar score

SASB SASB rating
dayWeek Day of the week
dayMonth Day of the month
dayYear Day of the year

5.4 Temporality and Granularity of Data

A central issue that needs to be addressed is the fundamental difference in gran-
ularity between financial data and ESG ratings. Financial data can easily be ex-
tracted down to the minute, and varies between the span of two queries. ESG
ratings, on the other hand, are refreshed annually by Reuters [9] and, "regularly”
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by Sustainalytics [10]. The scores can occasionally be refreshed more often if a
scandal comes out, but the yearly financial disclosure remains the main source of
information for rating agencies. The slower cycle of updates in ESG ratings is also
inherent to the nature of sustainability initiatives, which are often plans involving
years of transformative changes to take effect. We explored four different options
to deal with this issue:

+ Regression fits a statistical model to predict the missing ESG scores based
on the financial data or the available ESG scores. It can allow for an esti-
mation of the ESG scores during the missing periods and fill the gaps in the
data with artificial ratings. It is however sensitive to overfitting and outliers,
both of which can cause unrealistic data points. It also does not reflect the
methodology of the rating agencies, and may also not have enough data to
fit a statistical model for all companies.

« Interpolation estimates ESG scores based on adjacent data points. There
are several interpolation algorithms, mainly linear and splines. It is compu-
tationally efficient and reduces the impact of abrupt changes that can hap-
pen in ESG data. But this last quality becomes the main disqualifying factor
of this method, as the assumption that the transitions between changes in
ratings are smooth and linear is extremely hard to justify. One can easily find
counter examples where this assumption does not hold true, as a scandal for
instance would trigger a sudden demotion in ESG ratings, or new legislation
could tip a company from compliant to the sustainability requirements to
below the threshold.

+ Autoencoders for imputation are a modern way to handle missing data
points. A neural network learns the pattern of the dataset and produces the
missing features based on the available data for a given point in time. Repeat
this process for all the dataset, and you can fill all the temporal gaps. Using
a neural network allows us to capture complex and non-linear patterns in
the data, and multidimensionality helps to achieve a better prediction of the
missing features. However, autoencoders highly depend on the complete-
ness of the training data to generate realistic predictions. The update cycle of
ESG ratings simply does not provide enough data to train this kind of model
without a high rate of error. This error would then compound within the
predictive model and ultimately introduce extremely constraining assump-
tions for any result.

« Forward Fill propagates the most recent ESG score until a new score is
available. This is the solution we picked, as it avoids introducing artificial
trends in the dataset that could skew the predictive model. It does assume
that the ESG ratings of a company remain constant until updated, which
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could underestimate on-going changes in a company. Scandals are however
dealt by the providers themselves, as mentioned in the previous section. For-
ward filling also respects the methodology of the providers the most, as a
query about the ESG ratings of a given company a quarter after financial
disclosure, that has not been affiliated to any scandal meaningful enough to
warrant a change, would return the same value as the start of the financial
year. It is worth noting that we picked forward fill, and not backward fill, as
benefiting from the hindsight of future ratings was not realistic.

The necessity for more granular data foreshadows a recurring problem with
ESG ratings. The abundance of financial data is in stark contrast with the scarcity
of ESG ratings. While sustainability is a slow-moving target, a higher refresh
rate based on external factors would be beneficial for studies such as this thesis.
We found that although research on ESG ratings has been flourishing in the past
decade [139], there have been no definitive solution in the literature to handle data
scarcity. As such, we reviewed the most sensible options and picked forward fill as
the most respectful of the methodology used by the providers, and the only option
that did not introduce artificial data (regression, autoencoders), assume trends in
the data (interpolation) or benefited from hindsight (backward fill).



Chapter 6

NSiTransformer in Financial
Predictions with ESG

This chapter introduces the application of the NSiTransformer developed in Chap-
ter 3 using the dataset detailed in Chapter 5. This analysis compares the perfor-
mance of the NSiTransformer with other state-of-the-art models and harnesses
interpretability techniques for insights into the dataset.

6.1 Introduction

The finance sector is familiar with the implementation of emerging technologies
to gain an edge over the rest of the market. High frequency trading (HFT) systems
for example leveraged progress in computation and lower latency to edge the mar-
ket through sheer speed. Blockchain technology caught worldwide attention by
proposing decentralized transactions and tokenized assets. Machine learning and
artificial intelligence are no exceptions, and have been implemented in finance as
far back as the 1980s with projects such as the Fifth Generation Computer Sys-
tem in Japan [140]. In more recent years, artificial intelligence (AI) has seen a
widespread adoption in virtually every domain. The integration of Al models and
agents covers a broad number of use cases, including but not limited to: invoice
generation, customer service, automated trading, portfolio balancing. Time-series
prediction is one of the most direct application that consists of training a model
to learn past patterns in the data to infer future values based on a given number
of features. The Non-stationary inverted Transformer (NSiTransformer) positions
itself ideally for this task, as financial data can often be noisy and non-stationary.

Environmental, Social, and Governance (ESG) ratings have been at the center
of modern investment strategies, as new regulations are increasing the pressure
on companies for sustainable long-term strategies. Their integration in predictive
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frameworks has been so far focused as a predicted variable, especially using nat-
ural language processing to measure the sentiment toward a company. Through
the lens of interpretability, using the methods developed in previous chapters, we
integrate the ESG ratings with key financial data and indicators to create a com-
petitive model that also reveals insight about the predictive power of ESG ratings.
Using the relevance maps, de-stationary factors and Shapley values [37] we can
estimate if the integration of ESG ratings is beneficial for the prediction, and to
what scale. We also compare the performance to a model that does not integrate
any extra-financial data to include a baseline.

The research questions developed in this chapter are: Can the NSiTransformer
provide accurate market prediction based on the dataset developed in Chapter
5? Are ESG ratings beneficial for the predictive power of the model? Can in-
terpretability highlight the role of the financial and extra financial parts of the
dataset?

This chapter is structured as follows: Section 6.2 presents a literature review of
financial and ESG time-series forecasting, Section 6.3 develops the methodology
used to conduct the experiments, Section 6.4 evaluates the model in an exclusively
financial dataset and sets the baseline, Section 6.5 compares the results when in-
tegrating the ESG ratings to the dataset, Section 6.7 uses the interpretability tech-
niques developed in previous chapters to harness insights from the results, and
Section 6.8 is the conclusion of this chapter.

6.2 Literature Review

Machine learning based approaches for financial timeseries forecasting have been
extensively studied [141]. Artificial neural networks are the most dominant ma-
chine learning technique in this field. Support Vector Machines (SVM) also emerges
as a popular algorithm, both in predicting future direction of stock price index
[142] and future contracts evaluation [143]. More recent applications have been
harnessing popular deep learning methods with great success [144]: Recurrent
Neural Networks [145] [146] [147], Convolutional Neural Networks [148] [149]
[150], Long-Short Term Memory Neural Networks [151] [152] [153] and Deep Re-
inforcement Learning [154] [155] [156]. As mentioned in Section 3.2, the trans-
former architecture [29] has become the forefront of deep learning research. In
finance, transformers have mostly been used for natural language processing and
sentiment analysis using BERT models [157] [158] [159]. Other studies model
stock volatility using modified transformer layers to improve forecasting models
[160], use iterative dropout tests and batch size optimization [161], or harness mul-
tiplexed attention to increase the inference speed of the model [162].

ESG ratings have been integrated in machine learning and deep learning mod-
els in diverse studies in the literature [163]. On one hand, studies attempted to
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predict the ESG performance of a given company using random forests [164] [165],
deep neural networks [166] [167], regression [168], and ensemble methods [169].
On the other hand, studies have tried to evaluate financial data based on the ESG
ratings using natural language processing for volatility prediction [170], deep learn-
ing with ESG and technical indicators [171], and ensemble methods [172] [173].
The main application consists of processing ESG news pipeline in data suitable for
machine learning, effectively circumventing the need for data providers. The use
of transformers was centered around natural language processing [174] and sen-
timent analysis [175]. To the best of our knowledge, no transformer-based time-
series prediction model uses ESG ratings as a feature.

6.3 Methodology

This section presents the methodology used to evaluate the NSiTransformer. De-
tails on the components of the model are available in Chapter 3.3.

6.3.1 Predicted Variables

We use three predicted variables, each with different properties:

« Close price is a standard equity metric and serves as a baseline for predic-
tion. In the sector analysis, we prefer other metrics as the capitalization of
a given company implies large scale discrepancies.

+ Log returns are symmetric, additive and scale independent. This metric
will be particularly useful in sector analysis when data of companies of var-
ious size will be used.

« Controlled log returns are an alternative to log returns that remove a por-
tion of the market influence to focus on the individual company perfor-
mance. This metric has the benefits of symmetry, additivity and scale in-
dependence of log returns, but aims to remove the market noise from the
log returns, which can improve performance in both individual company
and sector analysis.

6.3.2 Walk-Forward Time-Series Evaluation

One of the first challenge we faced when evaluating the models was the large dis-
crepancy between older and the latest market data. In a classic timeseries predic-
tion task, a proportion of the dataset (usually 70%) is used for training, another
one for validation (10%) and the rest becomes unseen testing data (20%). This di-
vision respects the temporality of the timeseries, meaning that the 30% dedicated
to validation and testing are the latest observations in the timeseries.
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This is a fundamental problem in financial data, as significant events such as
the Covid-19 pandemic or the rise of artificial intelligence fall into the validation
or testing dataset, leading to worse performances in choppy markets. The first
solution that was developed to counter this issue was to randomly sample the seg-
ments of data in the training, validation and testing datasets [176]. This solution
improved the performance of the model considerably but posed a major problem
when the sequence and prediction length grew, as either data from multiple seg-
ments would leak onto each other and bias the model, or the safeguards put in
place would significantly reduce the number of samples available. In order to
conserve a high number of samples and take into account more recent data, we
decided to put in place a rolling timeseries evaluation mechanism in the training
loop [177].

Consider a timeseries:

{xidi

where T is the total number of time steps.

Let Liain» Lval> Lies: denote the (fixed) lengths of the training, validation, and test
windows, respectively. We also define a step size A by which we will slide the win-
dow for each new fold. For fold k = 1, 2, ..., K, we define s;as start index of fold k.
The training, validation, and test windows for fold k are given by:

k
H/t(rai)n = {t | Sp St <sp+ Ltrain}’

(k

W, al) = {t | Sk + Ltrain StE<S+ Ltrain + Lval}’

Vi
k
Wt(est) = {t | Sk + Ltrain + Lval SE<s+ Ltrain + Lval + Ltest}'
After processing fold k, we shift the start index by A, i.e. In each fold k:

1. Training: Fit the model using data {x; | t € thfi)n .

2. Validation: Tune hyperparameters or perform early stopping using {x; |
9]
te W,k

val

3. Testing: Evaluate final performance on {x; | t € Wt(el;) 1.

We then collect the test metrics across folds k = 1, ..., K to obtain an estimate of
the model’s performance under various temporal regimes:

K
1 . -
Score = 7 Z Metrlc(predlctlons on ths{t) , ground truth on th;) )
k=1
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6.3.3 Integration of multiple stocks

Another benefit of the Walk-Forward method is the capacity to bundle several
stocks in the training sets . Let us assume we have M distinct stocks, each rep-

resented by a timeseries {xgm)}tT:’”1 for m = 1,2,...,M. When performing a walk-
forward evaluation across multiple stocks, we examined two main options to inte-
grate multiple stocks:

1. Combine as Features. Concatenate or merge each stock’s measurements
into a single multivariate timeseries, effectively treating the stock identifier

m or its price series {xﬁ’")} as additional features. Concretely, we form a sin-
T

gle dataset {(xt, yt)} , where X, may include features from all M stocks at
t=1

time ¢ (e.g., price, volume), and y; is the target variable (e.g., a future return)

for one or multiple stocks. The walk-forward splits (training, validation, test)

then proceed as described in Section X, but now on the merged dataset.

2. Per-Stock Walk-Forward. If each stock is to be modeled independently,
we start by adding to the dataset a one-hot encoded column representing
the stocks’ ticker. We then perform the walk-forward procedure on each

stock’s timeseries separately. For stock m, we define W™, wkm) yy(em)
as the respective train, validation, and test windows for fold k. We repeat the
rolling-window approach from k = 1 to K for each stock m, creating M X K
sets of evaluation results. A final performance measure can be computed by

averaging (or otherwise aggregating) across all stocks and all folds:

M K
-1 (o) (km), (k,m)
Score = WK r;ﬂ;Metrlc(yt s Yt € Wit )

Alternatively, the model can be tested on any given stock’s test segment for
performance evaluation or comparison with a single stock model.
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Table 6.1: Comparison between Walk-Forward methods on {AAPL, MSFT}, pre-
dicting AAPL

Metric MSE MAE
Combine as features

Close price 16.72  2.28
Log returns 16.65  2.27

Controlled Log Returns  16.73  2.28
Per-Stock Walk-Forward

Close price 111 0.62
Log returns 1.18  0.68
Controlled Log Returns 111 0.61

Table 6.1 compares the performance of the two methods explored on a dataset
combining AAPL and MSFT, predicting AAPL. The Per-stock Walk-Forward method
outperforms the other option, and was retained as the main method throughout
the rest of this chapter.

6.3.4 Benchmark Models

We harness the Time-Series-Library [102] and propose seven of the best perform-
ing models as our benchmark: iTransformer [78], PatchTST [91], Crossformer
[90], TimesNet [103], DLinear [77], NSTransformer [92].

6.4 Predictive Performance on Financial Timeseries

We start by evaluating the performance of the NSiTransformer on the financial
dataset, and compare the results to state-of-the-art benchmark models. The pre-
liminary results are then used as a baseline referenced when introducing the ESG-
enhanced timeseries in Section 6.5.

6.4.1 Individual Stocks

We start by training several models on a single stock to single out which predicted
variable performs best and hyperparameters tuning without the heavy computa-
tional cost of training on multiple stocks. In each Sector, we selected two bench-
mark tickers and predicted the Close Price, Log Returns and Controlled Returns
at three different time horizons: day-after prediction, 7 days after, and 14 days af-
ter. We trained the model with progressively deeper networks, as shown in Figure
6.1 and 6.2 on AAPL. We use depths of the power of 2 to fully take advantage of
bit-wise operations and AVX-512 computing [178]. We want to use the depths that
yields the lowest MSE and MAE while also minimizing the computation overhead.
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Depths from 16 to 256 have similar results, with a small gain in performance at 32
hidden layers. At 512, the model massively overfits and the MSE/MAE increase
dramatically. Consequently, the results of this preliminary depth tuning indicate
that the optimal dimension of the model is 32, with a good compromise between
fitting the model and reasonable computational overhead.

0.7 4

0.6 4

0.5 4

0.4 4

0.3 4

0.2 4

0.1+

0.0 -

Depth

Figure 6.1: MSE per depth and per predicted variable on AAPL (Lower is better).

0.4 4

0.3 4

0.2 4

0.1+

0.0 -

Depth

Figure 6.2: MAE per depth and per predicted variable on AAPL (Lower is better).

Table 6.2 presents the results of this experiment. The Mean Squared Error and



112 CHAPTER 6. NSITRANSFORMER IN FINANCIAL PREDICTIONS WITH ESG

Mean Average Error presented in this table represents the mean of the metrics
obtained when testing on the two Walk-forward data segments. All three metrics
are close in performance in these examples, and we will be focusing on predicting
controlled returns in the next sections. Controlled returns present the advantage
of removing the influence of the market from the data and reducing the auto-
correlation of the dataset, which can be beneficial once trained on a large number
of stocks.

Table 6.2: Full results for the long-term forecasting task. The input sequence
length is set to 96 for all baselines, and P is the prediction length. Avg is the aver-
age result of all four prediction lengths. MSE stands for Mean Squared Error and
MAE for Mean Absolute Error.

Models P Close Price Log Returns Controlled
Returns
Metric MSE MAE MSE MAE MSE MAE

1 188  0.219 0.188 0.220 0.188 0.220
Morgan Stanley (MSCI) 7 0336 0319 0335 0.319 0.334 0.319
14 0482 0.398 0492 0403 0482 0.398

1 0.099 0.151 0.100 0.153 0.100 0.151
GE Aerospace (GE) 7 0152 0.208 0.154 021 0.152 0.209
14 0.208 0.266 0.214 0.264 0.209 0.259

1 0185 0.222 0.186 0.223 0.187 0.222
Apple (AAPL) 7 0424 0347 0429 0350 0429 0.349
14 0.668 0.455 0.671 0.458 0.670 0.456

Table 6.5 summarizes the long-term forecasting results for three representa-
tive stocks (MSCI, GE, and AAPL) across three prediction horizons (P=1, 7, and
14). The table compares the NSiTransformer against the five benchmark models:
iTransformer, PatchTST, DLinear and Non-Stationary Transformer (Stationary in
the table). The input sequence is fixed at 96. The NSiTransformer consistently out-
performs the iTransformer, notable in MSCI at T = 1 where the NSiTransformer’s
MSE of 0.188 outclasses the 0.323 from the iTransformer. At higher prediction
length, the iTransformer catches up, with similar MSE and MAE or outright beat-
ing the NSiTransformer, for instance in AAPL at P = 7. Out of all the bench-
mark models, PatchTST performs the best and exhibits the lowest error metrics,
especially for short-term predictions. For instance, PatchTST attains an MSE of
0.085 for GE at P = 1. PatchTST uses patching to batch together similar trends
in a given timeseries, an approach that has shown to be incredibly efficient. The
performance gap appears to narrow as the prediction horizon increases. The orig-
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inal Stationary performed extremely well in this experiment, beating the inverted
transformers in at least one prediction length for each stock. While the NSiTrans-
former does not always demonstrate the lowest errors, the model performs either
at state-of-the-art or near state-of-the-art level.
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6.4.2 Sectors

Using the walk forward, we train the models on all stocks for a given sector and
compare the MSE of the fully trained model to the intermediary results. Table ??
presents the results of the forecasting task for three distinct sectors (Finance, In-
dustrials, and Technology) using the walk-forward approach. The MSE and MAE
shown are the average of testing results across all stocks after the model has com-
pleted pre-training. In the Finance and Industrials sectors, the NSiTransformer
and its competitors achieve similar error levels. For instance at P = 1 in the Fi-
nance sector, the top three models are within +0.002 of MSE suggesting that the
models all efficiently capture the dynamics present in the dataset. DLinear and
Stationary on the other hand perform significantly worse than on a single stock
compared to the other models. Stationary remains competitive at P = 1, but ex-
periences a massive drop in performance at higher prediction length, being the
worst performer for the Industrials and Technology sectors at P = 14 by a signif-
icant margin. A clear pattern that emerges is the uneven difficulty of sectors: Fi-
nance and Industrials appear to be significantly easier than Technology, especially
at higher prediction length. This could indicate that this sector does not benefit
from pre-training as much as the two others, or that predicting the erratic move-
ment of Tech stocks at longer horizons is particularly difficult. But neither of these
explanations align with the APPL results in Table 6.2, that are higher than GE or
MSCI but not by the orders of magnitude seen in the pre-trained results. We found
that the median MSE for the NSiTransformer at P = 14 was 0.407, indicating very
strong outliers on the tail end of the dataset. Two main outliers were identified:
Nvidia’s (NVDA) 1,789.12% growth over the past five years was especially hard
to predict by all the models, with MSEs around 8.001 (NSiTransformer) or 10.53
(TimesNet), but the biggest culprit was Super Micro Computer Inc (SMCI), which
hit an all time high four months before the dataset cut-off, as shown on Figure 6.3.

2015 2018 2017 2018 2019 2020 2021 2022 2023 2024 2025

Figure 6.3: Share price of Super Micro Computer Inc over time. The red arrow
shows the cut-off of the dataset.
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Table 6.4: Results of benchmark models on Super Micro Computer Inc. On day-
after prediction, the model maintains a decent understanding of the upward pat-
tern, but when the prediction length rises, the MSE increases drastically.

Models P SMCI
Metric MSE MAE
1 23.74 2.17
NSiTransformer 7 145.20 5.19
14 257.84 7.14
1 23.83 2.20
iTransformer 7 118.75 4.73
14 254.88 7.17
1 23.39 0.19
PatchTST 7 125.50 4.81
14 271.90 7.06
1 25.33 2.35
TimesNet 7 120.40 4.77
14  307.52 7.41
1 65.74 3.96
DLinear 7 208.36 6.71
14 387.67 9.38
1 31.82 2.55
Stationary 7 49287  9.17
14 520.49 10.35

Table 6.4 presents the MSE and MAE of all models when predicting SMCI.
The MSEs and MAEs are exceedingly high and too polarizing to be included and
as such SMCI will be excluded in the next tables referencing the Technology sector.
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6.5 Predictive Performance on ESG-Enhanced Timeseries

Based on the performance of the NSiTransformer developed in 6.4 on the exclu-
sively financial dataset, we add the ESG data from Sustainalytics and Reuters. We
determine that adding ESG data, regardless of the provider, improves the predic-
tive performance of the models. Table 3.1 presents the number of ticker at each
granularity levels of the dataset.

Table 6.6
Granularity Financial Industrial Technology Total
Financial 71 77 68 216
Sustainalytics 62 72 63 197
Reuters 67 76 65 208

6.5.1 Sustainalytics

While including ESG ratings shrinks the dataset size, the results reveal clear pat-
terns in how different models handle this expanded set of features across three
sectors: Finance, Industrials, and Technology. Table 6.7 shows how adding Sus-
tainalytics ESG data affects forecasting performance across financial models.

The NSiTransformer performs strongest in the Finance sector, with MSE scores
of 0.253 (P = 1), 0.384 (P = 7), and 0.512 (P = 14). Both iTransformer and
PatchTST deliver nearly identical results, while TimesNet and DLinear show slightly
higher errors. The Stationary model keeps pace on short-term forecasts but loses
accuracy as predictions extend beyond a week.

All models show higher error rates on the Industrials sector compared to Fi-
nance. The NSiTransformer achieves MSEs of 1.18 (P = 1), 1.47 (P = 7), and
1.86 (P = 14). While the NSiTransformer, iTransformer, PatchTST and TimesNet
cluster closely in performance, the Stationary model struggles, as its MSE jumps
to 3.90 for P = 14 forecasts. The DLinear model places itself between the leading
pack and Stationary, getting close to the top performer in Finace at P = 1 but never
beating out any of the top 4 models. This pattern remains in the Technology sector,
that appears to be simpler to predict at P = 1 but sharply increasing in difficulty
as P rises.

Incorporating Sustainalytics ESG data creates a mixed picture: The initial top
models like NSiTransformer, iTransformer, PatchTST and TimesNet maintain strong
performance despite a smaller datasets, while DLinear and Stationary suffer, es-
pecially at higher P. These results indicate a predominant problem in using ESG
ratings: depending on the provider, the history of data available might be more
beneficial than the added dimensions.
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6.5.2 Reuters

Table 6.8 compares long-term forecasting performance using Reuters ESG ratings
alongside financial data. Unlike the earlier Sustainalytics analysis, Reuters’ ESG
integration causes less severe data reduction as this smaller trimming of the dataset
helps preserve more training examples while still adding sustainability metrics.

In Finance, NSiTransformer, iTransformer, and PatchTST dominate short-term
predictions: their 1-day forecasts show nearly identical MSE scores (0.151-0.152)
and MAE values (0.148-0.153). TimesNet performs slightly worse, only beating
the NSiTransformer on Industrials at P = 7 and P = 14. While DLinear trails
with a 0.265 MSE at this horizon, the Stationary model holds its own initially. Pre-
dictably, errors grow for all models as forecasts stretch to 7 and 14 days.

The Industrials sector tells a similar story. All models start strong with 1-day
MSEs between 0.159-0.181. As predictions extend to P = 7, the Stationary model
surprisingly closes the gap slightly at the P = 14, despite the previous trend of
massive compounding error in longer time predictions.

In Technology, the first four leading models achieve P = 1 MSEs of 0.201-0.233,
matching the Stationary model’s short-term performance. But beyond a week,
their lead widens dramatically: by the P = 14 horizon, the top models clearly out-
pace both DLinear and Stationary models. This divergence implies these newer
architectures handle Technology inherent instability better.

Reuters’ ESG integration appears to support steadier performance across sec-
tors and timeframes compared to Sustainalytics. The larger quantity of available
training data is a definite benefiting factor, which also makes the results between
the two models incomparable in this state since the test segments differ.
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6.6 Towards more comparable metrics

Although the results are pointing towards ESG ratings improving the performance
of the model, directly comparing the metrics of the exclusively financial and ESG-
enhanced models is not possible. In order to provide this comparison, we narrow
down the datasets to the largest comparable subset through a temporal and stock
cut-off.

6.6.1 Temporal cut-off

Table 6.9 compares forecasting performance across ESG datasets (financial-only,
Sustainalytics, and Reuters) using identical temporal ranges. The evaluation spans
across the three sectors: Finance, Industrials, and Technology at 1-, 7-, and 14-day
prediction horizons (P = 1,7,14). Three sector-specific patterns emerge when
controlling for temporal coverage.

Finance demonstrates consistent ESG benefits. At P=1, the financial-only base-
line achieves an MSE of 0.331, while Sustainalytics (0.253) and Reuters (0.238)
show progressive improvement. This advantage holds across extended horizons:
Reuters maintains the lowest errors (MSE/MAE) at P=7 and P=14, outperforming
both Sustainalytics and the ESG-free dataset.

Industrials reveals stark provider divergence. The financial-only baseline starts
at P = 1 with an MSE of 0.211, but Sustainalytics integration paradoxically in-
creases errors (MSE=1.18), a 460% surge suggesting that the ESG metrics intro-
duce detrimental noise to the dataset. The other possibility is that the stocks with
available Sustainalytics data are especially difficult to predict, an idea that will
be dealt with in the next section. Reuters achieves superior P = 1 performance
(MSE=0.126), sustaining this lead through longer horizons.

Technology exhibits Reuters’ most pronounced advantage. While the ESG-
free model records a P = 1 MSE of 0.258, Sustainalytics degrades performance
(MSE=0.427), whereas Reuters cuts errors by 43% (MSE=0.147). Horizon exten-
sions further magnify these disparities, with Reuters’ error margins remaining no-
tably tighter at P = 7 and P = 14 compared to both alternatives.

There is however a possible explanation for the stark degradation in perfor-
mance using Sustainalytics. In this experiment, all the stocks with available data
for a given provider were considered, and the data cut-off was based on the lat-
est data available. There is no guarantee that the stocks considered for No ESG,
Sustainalytics and Reuters are the same. In order to provide the most directly
comparable metrics, the next subsection proposes to examine the intersection of
available stocks on top of the temporal cut-off.
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Table 6.9: Results of forecasting of NSiTransformer for Finance, Industrials and
Technology sector with a temporal cut-off in 2018 at P=1, 7 and 14.

Models P No ESG Sustainalytics Reuters
Metric MSE MAE MSE MAE MSE MAE
1 0.331 0.189 0.253 0.158 0.238 0.134

Finance 7 0446 0.291 0.384 0.245 0.325 0.207
14 0.571 0.370 0.512 0312 0.410 0.264
1 0.211 0.210 1.18 0.185 0.126 0.138
Industrial 7  0.346 0.317 1.47 0.281 0.216 0.217
14 0.504 0.416 1.86 0.375 0.311 0.278
0.258 0.223 0.427 0.194 0.147 0.147
0479 0.360 1.240 0.306 0.270 0.235
14 0.704 0.454 2.010 0.398 0.394 0.299

Tech
(No SMCI)

N =

6.6.2 Stock intersection

To propose the fairest possible comparison between No ESG and the two providers,
we experiment on the intersection of available stocks for each sectors. This process
reduces the total number of stocks from 216 down to 184. Table 6.10 shows the
number of stocks removed for each sector. The proportion of stocks removed is
close to even for each sector.

Table 6.10: Proportion of stocks removed due to missing or incomplete data in at
least one other dataset.

Sector Pre-cut Post-cut
Finance 71 59
Industrials 77 68
Tech 68 57
Total 216 184

Table 6.11 evaluates the NSiTransformer’s performance using a consistent sub-
set of 184 stocks (down from 216) across three ESG datasets (financial-only, Sus-
tainalytics, and Reuters) in the Finance, Industrials, and Technology sectors (ex-
cluding SMCI). By harmonizing the sample, this comparison isolates the impact of
ESG data quality on forecasting accuracy. We also train a model (Sustainalytics +
Reuters, S+R in Table 6.11) using both providers’ metrics, since the harmonization
of the sample allows for no missing data.

The analysis reveals consistent forecasting gains when ESG data supplements
financial metrics. Across all sectors and prediction windows, ESG integration re-
duces errors relative to financial-only baselines. In Finance, for instance, P = 1
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forecasts improve from an MSE of 0.322 (no ESG) to 0.255 with Sustainalytics and
0.226 with Reuters, all the way down to 0.203 with S+R. This hierarchy also scales
atlonger horizons: at P = 14, S+R forecasts achieve an MSE of 0.396, outperform-
ing Reuters (0.401) , Sustainalytics (0.463) and the baseline (0.550).

In Industrials, Reuters emerges as the superior ESG source. its P = 1 MSE
(0.123) undercuts both S+R (0.128), Sustainalytics (0.159) and the baseline (0.175).
This pattern maintains at P = 7 and P = 14, where the Reuters trained model
maintains the top spot. This results echoes with Table 6.9 where Sustainalytics
struggled with Industrials: there was sample bias, as shown by the dramatically
lower MSE at all P, but this sector remains challenging in Sustainalytics frame-
work.

In Technology, the same pattern as Finance emerges: No ESG serves as the
baseline with the highest MSE and MAE. Individually, Sustainalytics and Reuters
both help reduce the MSE, despite Reuters clearly promoting the model more, but
S+R emerges as the clear top performer in all sectors, for all P. These results indi-
cate that the contributions of each ESG provider are separated, as there is a com-
pounding effect when used in conjunction.

The results imply Sustainalytics and Reuters capture distinct but overlapping
facets of ESG risk. Their combination appears to filter out provider-specific biases:
for instance, Sustainalytics’ noisier Industrials metrics are counterbalanced by
Reuters’ cleaner signal, while Reuters’ potential blind spots in Technology volatil-
ity are mitigated by Sustainalytics’ complementary data. The differences in method-
ology exposed in 5.3 could be a determining factor to the compounding effect ob-
served. This synergy elevates the NSiTransformer’s predictive capacity, particu-
larly in longer-horizon forecasts where the modeling challenges are amplified.

Collectively, the experiment demonstrates that ESG integration strategies tran-
scend simple additive benefits. By merging providers, models like NSiTransformer
can exploit inter-dataset correlations to dampen noise and amplify sectorally rele-
vant signals which is a critical advantage in multi-horizon forecasting where iso-
lated data sources may inadequately capture complex market interdependencies.

In Chapter 7, we trained the models on the complete set of stocks, using both
providers. Table 7.5 presents the results of this experiment (line ”Original”), which
further improve upon the results of Table 6.11.
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Table 6.11: Results with forecasting of NSiTransformer for Finance, Industrials
and Technology sector with a temporal cut-off in 2018 and stock cut-off at P=1,
7 and 14. S+R stands for Sustainalytics+Reuters and was trained with both ESG
metrics available.

Models P No ESG Sustainalytics Reuters S+R

Metric MSE MAE MSE MAE MSE MAE MSE MAE
1 0322 0.189 0.255 0.163 0.226 0.136 0.203 0.118

Finance 7 0449 0.292 0.359 0.220 0.332 0.200 0.317 0.182

14 0.550 0.357 0.463 0.280 0.401 0.252 0.396 0.228

1 0175 0187 0.159 0.155 0.123 0.132 0.128 0.121
Industrial 7 0311 0.305 0.268 0.243 0.210 0.211 0.214 0.192
14 0457 0396 0410 0.320 0311 0.276 0.326 0.255

Tech 1 0207 0207 0.164 0.150 0.146 0.142 0.131 0.119
(No SMCI) 7 0391 0.335 0.328 0.257 0.282 0.237 0.260 0.204
14 0.567 0.420 0.489 0.327 0405 0.299 0.400 0.266

6.7 Insights from Interpretability Techniques

This section harnesses the interpretability techniques developed in Section 3.4 to
provide insights on the quality and relevance of ESG ratings. We evaluate the
differences between data providers, and highlight the key features contributing
to the prediction accross several examples.

6.7.1 Correspondence Between Tokens And Variables

In the next sections, we will be referring to the tokens used by the model to encode
the features of the dataset. This section serves as a reference for the subsequent
figures in subsection 6.7.2 and 6.7.3. Table 6.12 describes the relationship between
tokens and features. This dataset serves as the base for the ESG-enhanced dataset,
which all use the same first 14 tokens that encode the financial features. Tokens
15 to 26 are used to encode the temporal context of the time-series.
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Table 6.12: Description of tokens for the encoded network without ESG ratings.

Token Feature Description

0 Open Opening price
1 Low Lowest price of the period
2 High Highest price of the period
3  Close Closing price
4  Volume Trading volume
5 Log_Returns Logarithmic returns
6 Controlled_Returns Returns with control adjustments (Target variable)
7 RSI Relative Strength Index
8 MACD Moving Average Convergence Divergence
9 MACDs MACD signal line

10 MACDh MACD histogram

11 BBL_5_2.0 Lower Bollinger Band (5-day, 2.0 std)

12 BBM_5_2.0 Middle Bollinger Band (5-day, 2.0 std)

13 BBU 5 .2.0 Upper Bollinger Band (5-day, 2.0 std)

14  Ticker Stock ticker one-hot encoded

15 dayWeek Day of the week

16 dayMonth Day of the month

17 dayYear Day of the year

18-25 date Time2Vec Embedded Features

Table 6.13 presents the tokens corresponding to the encoding of the Sustaina-
lytics ESG ratings. Due to the Time2Vec embedding happening after the dataset
features, the last 11 tokens always are the temporal tokens.



6.7. INSIGHTS FROM INTERPRETABILITY TECHNIQUES

127

Table 6.13: Description of tokens for the encoded network with Sustainalytics ESG
ratings. Tokens 15-20 are the embedded ESG ratings from Sustainalytics.

Token

Feature

Description

0-14

Financial features

Same features as Table 6.12

15
16

ESG Risk score
Overall Management Score

ESG risk score
Overall management score

17 Overall Exposure Score Overall exposure score
18 Overall Manageable Risk Score Overall manageable risk score
19 Overall Unmanageable Risk Score  Overall unmanageable risk score
20 Overall Managed Risk Score Overall managed risk score
21 SASB SASB rating
22 dayWeek Day of the week
23 dayMonth Day of the month
24 dayYear Day of the year
25-32 date Time2Vec Embedded Feature

Table 6.14 presents the tokens corresponding to the encoding of the Reuters
ESG ratings. The Reuters scores correspond more directly to the idea of ESG rat-
ings by directly integrating the values as pillar score.

Table 6.14: Description of tokens for the encoded network with Reuters ESG rat-
ings. Tokens 15-20 are the embedded ESG ratings from Reuters.

Token Feature Description
0-14 Financial features Same features as Table 6.12

15 ESG Score Overall ESG score
16 ESG Combined Score Combined ESG score
17 ESG Controversies Score ESG controversies score
18 Social Pillar Score Social pillar score
19 Governance Pillar Score Governance pillar score
20 Environmental Pillar Score Environmental pillar score
21 SASB SASB rating
22 dayWeek Day of the week
23 dayMonth Day of the month
24 dayYear Day of the year

25-32 date Time2Vec Embedded Features

Table 6.15 presents the tokens corresponding to the encoding of the ESG rat-
ings from both providers. This experiment alongside the relevance maps and de-
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stationary factors aims at determining the influence of each token in the predic-

tion.

Table 6.15: Description of tokens for the encoded network with both providers
of ESG ratings. Tokens 15-20 are the embedded ESG ratings from Sustainalytics,
tokens 21-26 are the embedded ESG ratings from Reuters

Token Feature Description
0-14 Financial features Same features as Table 6.12

15 ESG Risk score ESG risk score
16 Overall Management Score Overall management score
17 Overall Exposure Score Overall exposure score
18 Overall Manageable Risk Score Overall manageable risk score
19 Overall Unmanageable Risk Score = Overall unmanageable risk score
20 Overall Managed Risk Score Overall managed risk score
21 ESG Score Overall ESG score
22 ESG Combined Score Combined ESG score
23 ESG Controversies Score ESG controversies score
24 Social Pillar Score Social pillar score
25 Governance Pillar Score Governance pillar score
26 Environmental Pillar Score Environmental pillar score
27 SASB SASB rating
28 dayWeek Day of the week
29 dayMonth Day of the month
30 dayYear Day of the year

31-38 date Time2Vec Embedded Feature

6.7.2 Relevance Maps

We provide supplemental interpretability by calculating the relevance of each to-
ken using Chefer et al [81] general technique adapted to the iTransformer [42].



6.7. INSIGHTS FROM INTERPRETABILITY TECHNIQUES 129

Relevance Map for Industrials with No ESG, P=1, T2V=8, K=15
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Figure 6.4: Relevance Maps for Industrials with No ESG (top), Reuters (middle)
and both providers (bottom), P=1, T2V=8, K=15. In blue financial features, lime
Reuters features, cyan SASB, red temporal features.
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Figure 6.4 presents the relevance maps for the models trained on Industrials at
P = 1. In the No ESG experiment, the top relevant tokens are 5, 9 and 14, as shown
in 6.4a. Token 5 corresponds to the Log returns before controlling, which is sur-
prising considering that this experiments predicts token 6, which appears to be not
as relevant. A possible explaining factor is the embedding of market movement in
log returns: since the model is trained on multiple stocks, the uncontrolled returns
could be useful to gauge the market. Token 9 is the MACD signal line, and paired
with token 8 showing a respectable relevance on its own, MACD clearly emerges
as the most relevant financial indicator in the dataset. Token 14 is a special case:
although it is highly relevant, this token represents the one-hot encoded ticker,
and as such never changes throughout the sequence fed into the model. The most
likely explanation for this relevance is the identification of a stock for the model.
Although there are common patterns, when trained on all the stocks for a given
sector (here Industrials) the model has to determine which stock it is predicting.
In No ESG, the ticker serves as an anchor for the model to tailor the prediction to
a given stock. The temporal tokens, although all slightly relevant, do not present
a strong dominance between the raw data and time2vec embeddings.

When adding the Reuters ESG ratings, the relevance of the ticker plummets
as shown in 6.4b. The log returns and MACD tokens remain highly relevant, to-
ken 5 being even more dominating than in No ESG. Token 4, the volume, also
increases in relevance. But the most interesting observation comes from token 20,
a newly introduced token that encodes the SASB score. The SASB score is an en-
coded number that designates which issues are recognized are material for a given
company. Similarly to the ticker, this data point remains the same, and is likely to
contributing to the recognition of the stock being predicted. This relevance score
also means the model buckets SASB similar companies, which is in line with the
findings in Table 2.5. The other Reuters tokens are also slightly relevant, especially
the Environmental pillar score. Going back to Figure 2.5, Industrials was most
correlated with the Environmental sector, which is coherent with what intuition
would tell for a sector that includes Caterpillar (mining and construction), Union
Pacific (freight hauling) or Boeing (aircraft manufacturer). This result echoes how
simpler tools such as correlation can infer behaviors that will be found in far more
complicated architectures such as the NSiTransformer.

Finally, when both Sustainalytics and Reuters are added to the dataset, the
patterns that emerged before are further emphasized, as shown in 6.4c. Token 14,
the ticker, is no longer as relevant, and the SASB ticker maintains a high relevance.
Theleading Reuters score is the ESG score, while the leading Sustainalytics score is
the Overall Managed Risk Score. The relevance of the metrics of both providers is
in line with financial indicators such as the Bollinger Bands, and are more relevant
to the model than the Open (token 0), Low (1), Close (2) or High (3).
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Relevance Map for Finance with No ESG, P=7, T2V=8, K=15
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Figure 6.5: Relevance Maps for Finance with No ESG (top), Reuters (middle)
and both providers (bottom), P=7, T2V=8, K=15.In blue financial features, lime
Reuters features, cyan SASB, red temporal features.
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Figure 6.5 presents the relevance maps for the models trained on Finance at
P = 7. As the prediction length increase, we find similarities and discrepancies
compared to the previous maps. In 6.5a (No ESG), the ticker is once again ex-
tremely relevant at first. Token 8 and 9, corresponding to the MACD and MACDs,
maintain high relevance, with token 9 becoming the most relevant. The controlled
returns, encoded in token 6, are however far more relevant than before. As the
temporal horizon for prediction increases, it is likely that the model starts favor-
ing historical data of the target value. As the relevance of the uncontrolled returns
are still high, the hypotheses that the model uses uncontrolled returns to gauge the
market still holds up.

The integration of Sustainalytics to the model shows an extremely polarized
model with a very high relevance for the SASB code in 6.5b. This result further
strengthen the theory that the SASB issue code comes at a replacement for the
ticker. The model also shows high relevance in log returns and MACDs, which
is coherent with previous relevance maps. Through the relevance map, we can
discern the strategy used by the model: identify which group of stock is being
predicted with the SASB code, and use the historical financial data to produce an
adapted result.

In 6.5c, The relevance map with both providers shows an enhanced version of
the Sustainalytics integration. The SASB code clearly remains pivotal for the pre-
dictive power, but the model uses a much broader array of tokens to fuel its predic-
tion. For instance, the historical controlled log returns in token 6 gain relevance,
similarly to the other components of MACD and RSI. The Reuters ESG scores also
start demonstrating sizable relevance, with the Environmental Pillar Score and
Social Pillar Score displaying particularly high relevance. This broader approach
could be the reason for the promotion in performance between the Sustainalytics-
only and both providers model.

Finally, despite the model’s performance being sensitive to the number of time
embedded dimension, we found no significant difference in how the temporal to-
kens were employed in longer prediction horizons. The embedded dimensions
are in all cases slightly relevant without a particular dominance. The raw data of
the days, which could indicate periodicity in the data, are not particularly relevant
either regardless of the prediction horizon
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Relevance Map for Technology with No ESG, P=14, T2V=8, K=15
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Figure 6.6: Relevance Maps for Technology with No ESG (top), Reuters (middle)
and both providers (bottom), P=14, T2V=8, K=15. In blue financial features, lime
Reuters features, cyan SASB, red temporal features.
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Figure 6.6 presents the relevance maps for the models trained on Technology
at P = 14. At this prediction length, the ticker is no longer as relevant compared to
previous experiments. This could be an indication of a broader strategy that does
not tailor the prediction as much as other model, but rather uses a combination of
historical data and technical indicators to infer general behavior. This strategy can
lead to the model underfitting, and explain why this model performed worse than
the ones using ESG data. The historical data of controlled returns have taken over
the log returns, but the most relevant token remains the MACD signal line (token
9). This consistent behavior throughout all experiments indicates that the models
are extremely receptive to the MACD model, and this technical indicator is likely
to yield improvements in other financial predictors.

The Sustainalytics model shows a nearly identical relevance structure to the
No ESG model for the financial tokens, with slightly more emphasis on the ticker
token. This model also displays the highest relevancy for an ESG metric out of all
experiments, with a high relevance on token 15, which is the general ESG Risk
score. This result is in line with the discussion from section 2.7, where the impor-
tance of ESG score in predicting power increases with the time horizon. Strategy-
wise, the promotion of this model compared to No ESG could be explained by an
adaptation of the general inference strategy with more targeting. The higher rele-
vance of low periodicity and fix data such as the ESG Risk Score, ticker and SASB
indicates that the model is trying to recognize which stock is the input sequence,
which performs better on unseen data.

In the same fashion as the Sustainalytics model, the S + R model closely main-
tains the structure of No ESG for financial data in Figure 6.6¢c. This further re-
inforces the thesis that ESG ratings are beneficial for the predictive power of the
model, since the structure of financial tokens remains sensibly similar. The same
pattern of close to equally relevant tokens for the ticker and SASB indicates that
the S + R model also adopts a more targeted strategy. Sustainalytics’ ESG Risk
Score is slightly less relevant in this model, but it is to the benefit of Reuters’ ESG
Score and Governance score. The model appears to favor general scores over spe-
cific subcategories in the majority of cases, however Governance is an intuitively
highly sensitive pillar to Technology companies, as the companies within this sec-
tor are under constant scrutinization from the public due to their high profile.

Relevance maps emerge as a key tool to not only identify the most relevant fea-
tures but also infer the strategy used by the model to make a prediction. Through
this technique, we established how the model uses the Ticker token and the SASB
code to identify companies. We also shown that the ESG ratings were relevant in
the prediction, which combined with the lower MSE and MAE indicate that there
is benefit to their integration in the dataset. These strategies can then be assessed
based on domain expertise and results on unseen data, in order to ensure that the
model is not underfitting or overfitting. This is a promising results for this tech-
nique, as it is applicable to a number of transformers-based models and used for
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monitoring how a model learns.

6.7.3 De-stationary Factors

We sample the tensors of 7 and § during testing and represent it as heatmaps. The
de-stationary factors represent the evolving relationship between the features. We
used a top-k of 15, meaning that de-stationary attention is applied to the top 15 fea-
tures. This visualization allows us to gain insights on how the de-stationary factors
from the NSiTransformer are used within the model to represent the changing re-
lationships between the features.

Figure 6.7 presents the de-stationary factors for the model trained on Industri-
als at P = 1, with both providers and only Reuters. Horizontally, the tokens are
ordered according to the tables in subsection 6.7.1. Vertically, the tokens are the
top 15 with the highest attention at the time of the sampling. In Reuters, a clear
horizontal pattern emerges alongside tokens 13 to 20, with both tau and delta be-
ing equal for those tokens regarding the top 15 tokens. A possible explanation for
this result is the low periodicity of these tokens, which also often change at the
same timestamps when the ratings are updated. This idea is further backed up by
the S + P model, which demonstrates the same behavior with Sustainalytics and
Reuters tokens. Another observation is the relationship between the de-stationary
factors and the relevance maps. It appears that the tokens that are highly relevant
in previous figures often present lower de-stationary factors. For instance, on the
S+R model, token 5 is by far the most relevant on Figure 6.5, but has some of the
lowest tau and delta. Token 9 and 27 also show the same behavior, while the ticker
(token 14) displays the opposite: extremely low relevance but high de-stationary
factors.

Figure 6.8 presents the de-stationary factors for the model trained on Finance
at P = 7,and the inverted relationship between relevance and de-stationary factors
persists. In the S+R model in particular, we can clearly see the groups of tokens
0 to 4 with low relevancy and high factors, as opposed to tokens 5 to 9 with high
relevancy and low factors. There are however counter examples, for instance with
token 9 in No ESG maintaining both high relevancy and high factors. A likely
explanation is that since the de-stationary factors are learned, the model could be
compensating high relevancy with low factors to balance out the prediction and
avoid overfitting.

Visualizing the de-stationary factors allows us to gain insight about the model
and how it tries to balance the evolving relationship between features. While the
vertical lecture of the maps are imperfect when using a k inferior to the number
of features, the horizontal lecture still gives insight as to which token are given
increased or decreased attention at a given time. In this case, the tendency of
de-stationary factors to counterbalance the relevance and the low periodicity of
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data having an influence on their attention are important signs that the model can
generalize well on unseen data.
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6.8 Conclusion

In this chapter, we used the dataset established in Chapter 5 in conjunction with
the NSiTransformer developed in Chapter 3 to produce a stock predicting model.
We used the walk-forward method to include data from multiple stocks, and de-
termined the fairest comparison point between No ESG, Sustainalytics, Reuters
and S+R. The best performing model integrated ESG data from three different
providers, reinforcing the idea that the subjectivity of ESG ratings can be allevi-
ated through multiple rating agencies. This study further corroborates the dis-
crepancies in ESG ratings between agencies, as the inclusion of different providers
yielded different results, despite clearly defining a common ground for evaluation.

The NSiTransformer provided accurate predictions, and saw an improvement
in performance when the dataset was augmented with ESG data, indicating their
benefits for the predictive power of the model. Through the lens of interpretability,
we determined the importance of the SASB categorization replacing the ticker as
an identifier for companies. Interpretability also allowed us to study the strategy
adopted by the NSiTransformer to make a prediction and highlighted the role of
the financial and extra financial parts of the dataset. The model employs a general
strategy based on the financial data and targets specifically the company using the
categorical variables.

Future work should try to propose different embeddings of the ESG ratings,
and include other providers. A possible angle could be to study the interaction of
different predicted variables with ESG ratings. From a model point of view, build-
ing larger models that encompass more stocks and financial sectors could lead to
better performance. New model-specific techniques can also be explored, notably
with Kolmogorov-Arnold networks to replace multi-layer perceptrons. Kolmogorov-
Arnold networks implement tuning activation functions instead of traditional neu-
ral network weights, and can offer a different perspective to timeseries forecasting.
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Chapter 7

Fine-tuning Timeseries Predictors
Using Reinforcement Learning

Fine-tuning is the action to specialize large models for local tasks. This chapter
fine-tunes the predictors built in Chapter 1 using RL algorithms from Chapter 4
and recent research. This chapter includes repetitions from Chapter 4, notably in
the background and methodology sections. The goal is to quickly summarize con-
cepts previously introduced, in order for the chapter to also work as a standalone
document.

7.1 Introduction

Time series predictors are generally trained using supervised learning on datasets.
The standard setup divides the dataset into three segments: training, validation
and testing. The model is initially fit on training data, then evaluated on the vali-
dation set to tune hyper-parameters and assess the predictive power. Finally, the
test set is used by the final model to determine the accuracy on unseen data. These
steps are well understood and constitute the backbone of supervised learning in
timeseries prediction.

This methodology draws a strong parallel with large language models (LLMs),
which are generally transformer-based models and use supervised learning for
pre-training. The pre-training is a common step to all LLMs that starts with a
large amount of raw data, compressed in the network. Once the pre-training is
complete, alignment aims to tune the model to create an user-friendly experience.
This step incentivizes answering and asking questions to contextualize requests,
teaches the LLMs how to use external tools, or censors potentially harmful infor-
mation that might lie within the embeddings. The novelty of this research lies in
the extension of alignment to time-series prediction model.
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Fine-tuning in large language models was initially based on human feedback.
A standard setup consists of a human operator prompting a question and grad-
ing the answer. Later, practitioners aimed at removing subjectivity from the fine-
tuning pipeline by instead proposing two answers to a prompt and have a human
operator select the best one. These two methods fall under the umbrella of Rein-
forcement Learning with Human Feedback (RLHF), and although effective recent
models have shown pure Reinforcement Learning (RL) approaches outperforming
RLHF for a fraction of the cost.

The central idea of this chapter is to leverage the predictive power of supervised
pre-training and to use RL algorithms to align the model with diverse constraints.
These constraints can be domain specific, such as risk management or operational
constraints, but can also be purely mathematical, such as incentivizing bolder out-
of-sample predictions. The reward function is at the center of the tuning, and will
determine which direction the model is pushed towards. This approach is more
adapted to time-series prediction compared to RLHF, as it completely removes
the human operator and the need to reduce subjectivity in the feedback. RL is
also extremely cost effective, since it removes the need of a coordinated effort of
human operators giving feedback on a large number of samples.

In the context of time-series prediction, RL for fine-tuning is novel. The stan-
dard implementations of reinforcement learning in time-series prediction consist
of a completely untrained agent learning a policy over a simulated environment.
In the case of finance, this environment might be a portfolio or an ensemble of
assets. In this chapter, we used a pre-trained model from [41] that serves as a back-
bone for the RL implementation. The environment is set up to reflect the training
data closely, with the main tuning tool available being the reward structure. The
loss is back-propagated through the backbone, updating the weights according to
the policy.

The research questions investigated in this chapter are: Can we fine-tune pre-
trained models to enhance time-series predictions using reinforcement learning?
What state-of-the-art reinforcement algorithms work best for fine-tuning?

This chapter is structured as follow: Section 7.2 presents a literature review,
section 7.3 the data used to train/test the models, Section 7.4 the framework used
to fine-tune and evaluate the models, Section 7.5 benchmarks the models on stan-
dard reinforcement learning tasks, Section 7.6 the results of the fine-tuning, Sec-
tion 7.7 the tuning of the specific hyperparameters and finally Section 7.8 is the
conclusion to the chapter.

7.2 Background

Fine-tuning has become an emerging trend since large pre-trained model became
more widely available to the public [179]. Fine-tuning is a technique that in-
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tends to specialize a pre-trained backbone model, often to increase performance
on selected benchmarks [180] or to benefit from previously acquired knowledge
through transfer learning [181]. The democratization of open source models with
available weights in natural language processing [85], [182] and image processing
[183] enabled researchers and enthusiasts to propose their own fine-tuned version
of an advanced model without the high computational cost of pre-training. Fine-
tuning was leveraged to propose fine art classification [184], fine-tuning large lan-
guage models for better medical care [185], biomedical tasks in different languages
[186], and malware detection in images [187].

As the size of models and the parameter number grow exponentially, fine-
tuning the entire model for each downstream tasks was replaced with a sparser
approach called parameter-efficient fine-tuning [188], [189]. Methods such as
Adapter [190], [191], LoRA [192] and Prefix-tuning [193] propose to modify the
architecture of the original model to benefit from higher order patterns learned
during supervised learning while also specializing in a downstream task. Super-
vised fine-tuning uses labeled data after pre-training to align the model towards a
downstream task. This method has grown in popularity as large language models
hit the public sphere and adapted for more intuitive or safer usage [194], [195],
[196].

As the cost of computation carried over to efficient data labeling [197], alter-
native techniques for fine-tuning were explored. Reinforcement learning, one of
the major paradigms in machine learning, has become one of the prime candidate
for efficient fine-tuning. Adversarial networks had previously shown promising
results [198], and policy learning has been employed in text-to-image [199] and
multi-modal models [200]. Perhaps the most impressive implementation of rein-
forcement learning based fine-tuning comes from the DeepSeek-v3 report [201],
which implements group proximal policy optimization to fine-tune a pre-trained
model and implement chain-of-thoughts reasoning.

Within time-series prediction, fine-tuning has been focused on domain adap-
tion. In a similar fashion to text and image generation, large pre-trained models
are becoming available to researchers [202]. The models can then be fine-tuned for
domain specific predictions and receive the same benefit as large language mod-
els [203], [204]. However, these methods involve supervised fine-tuning, which in
the case of time-series prediction consists of adding data form the specific domain
the model needs to be fine-tuned on. As large language models have proven in
the past, this method of fine-tuning can quickly become unsustainable due to the
increasing cost of data labeling. In this study, we follow the way paved by LLMs
by proposing reinforcement learning to tune time-series predictors.

PPO is a policy gradient method developed by John Schulman et al. in 2017
[106]. The key innovation of this algorithm over older methods such as TRPO
[107] or ACER [108] is the clip function that constrains policy updates of the agent.
PPO has been used in a wide variety of applications: Atari games [109], track rac-
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ing games [110], suspension monitoring for cars [111], and image captioning [112].
A number of articles have proposed innovations to the base algorithm, for instance
an alternative minimization target [113], [114] introduced policy feedback; specif-
ically improving early learning stages, which are recognized as a potential weak
point of PPO [115]. Recently proposed improvements include a shift in learning
to offline policy optimization [116] and including conservatism [117].

Multi-agent methods have gained significant attention in the field of reinforce-
ment learning, particularly for their capability to simulate complex systems in-
volving interactive agents. A notable early work in multi-agent systems is [118]
which explored the dynamics of cooperative and competitive agents in a shared
environment. Recent advancements have integrated PPO into multi-agent appli-
cations: [119] applied multi-agent PPO to competitive and cooperative tasks, [120]
successfully employed multi-agent reinforcement learning in the complex envi-
ronment of the Dota 2 game. The integration of PPO into multi-agent systems
has also been explored in real-world scenarios such as traffic light control [121],
and collaborative robotics [122]. Innovations specific to multi-agent PPO include
[123] which introduced a meta-learning approach to enhance adaptability across
different tasks and agent configurations and [124], which presented the concept
of leniency in multi-agent learning, mitigating the non-stationary issue commonly
faced in such environments.

Attention is a machine learning mechanism designed to imitate human aware-
ness. Attention was brought to the forefront of the field with the transformer archi-
tecture, a self-attention-based architecture that enabled the recent breakthroughs
in large language models [29]. It has since seen many implementations includ-
ing in recurrent neural networks for search results customization [125], missing
data imputation [126], and in computer vision [127]. In reinforcement learning,
attention models have been developed within theoretical frameworks [128] and
diverse applications such as source code summarizing [129], dynamic graph prob-
lems [130], and road networks management [131].

The novelty of the framework presented lies in the combination of staple rein-
forcement learning models with time-series predictors. This chapter also creates
an opportunity for further applications of the framework in simulated environ-
ment encompassing diverse fields.

7.3 Data

To contextualize the fine-tuning we detail the financial datasets used to train the
backbone and to build the fine-tuning environment. We also present the Mu-
JoCo framework, which we use to benchmark pure reinforcement learning per-
formance between algorithms.
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7.3.1 Financial and ESG Data

The financial and ESG data used in this chapter span from intraday market prices
to annual sustainability ratings. Our primary sources are:

+ Refinitiv [9]: a global leader in financial data and analytics, covering over
80% of global market capitalization with more than 450 ESG metrics. We
extract daily price and volume data via Refinitiv Eikon, together with the
three ESG pillar scores (Environmental, Social, Governance) and the com-
bined ESG score.

« Sustainalytics [10]: provides ESG Risk Ratings for listed firms, widely used
by asset managers and banks to construct sustainable portfolios. We incor-
porate their flagship ESG Risk Ratings into our dataset.

« SASB Standards soderstrom2007ifrs, [136]: the Sustainability Account-
ing Standards Board identifies material sustainability issues by industry. Since
August 2022, SASB standards underlie IFRS S1 and S2 disclosures. We one-
hot encode each firm’s material SASB issue set based on the 2018 publica-
tion.

Table 7.1 shows a snippet of Apple’s daily price data from 2005-12-05 to 2005-
12-13. The full time span of the dataset is 2005-12-05 through 2024-08-07.

Date Open Low High Close Volume
2005-12-05 217 215 2.19 2.16 5.84e8
2005-12-06 223 221 2.25 2.23 8.57e8
2005-12-07 224 220 2.24 2.23 6.79¢8
2005-12-08 221 219 223 2.23 7.90e8
2005-12-09 224 221 2.25 2.24 5.55e8
2005-12-12 226 225 2.27 2.26 5.25e8
2005-12-13 225 224 2.27 2.26 4.94e8

Table 7.1: Sample daily financial data for AAPL

To enrich the raw price and volume data, we compute:

« Log returns, controlling for market effects via the Fama-French 5 factors
[60].

« Technical indicators from historical prices and volumes:

- Relative Strength Index (RSI) [205],
- Moving Average Convergence Divergence (MACD) [206],
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- Bollinger Bands [207].

The target variable is the FF5-adjusted log return, following the methodology of
[20]. Financial data are available at sub-daily frequency, whereas ESG scores re-
fresh annually (Refinitiv) or “regularly” (Sustainalytics). We evaluated regres-
sion, interpolation, autoencoders and forward-fill strategies. To respect provider
methodologies and avoid compounding model error, we adopt a forward-fill ap-
proach for ESG values between update dates.

7.3.2 MuJoCo Benchmarking Environments

Multi-Joint dynamics with Contact, commonly called MuJoCo [134], proposes sev-
eral standard environments to train and benchmark models on. To evaluate pure
reinforcement learning performance, we employ three standard MuJoCo tasks:

« HalfCheetah-v4,
« Hopper-v4,
« Humanoid-v4.

MuJoCo provides a high-fidelity physics simulator for continuous-control bench-
marks, where:

. State s, € R% consists of joint angles, velocities and (for Humanoid) contact
forces.

» Action a; € R™ represents torque inputs to each joint.

+ Reward combines forward progress, control costs, and (where applicable)
healthy posture and contact penalties.

Environment Reward

HalfCheetah-v4 R = wsF — wey C

Hopper-v4 R=wsF +wyH —wen C
Humanoid-v4 R =wsF + wpH — Wy C — Weger Cit

Table 7.2: MuJoCo environment reward functions (forward reward F, healthy re-
ward H, control cost C, contact cost C)

Here, wy, Wy, Weyi, Wi are environment-specific weights. We use the default
observation and action spaces as defined in OpenAI Gym’s MuJoCo suite.
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7.4 Framework Details

As mentioned in [132], implementation is key in deep policy gradient algorithms.
As such, the framework below is implemented using the clean-rl library [133].
We evaluate three state-of-the-art algorithms for fine-tuning: Proximal Policy Op-
timization (PPO), Centralized Multi-Agent PPO (CMAPPO), and Group Relative
Policy Optimization (GRPO). In this section, we also detail the environment used
during training and the integration of the pre-trained transformer in the algo-
rithms.

7.4.1 Proximal Policy Optimization (PPO)

« Policy Function: For an agent x, its policy at time ¢ is a probability density
function denoted as 7g(a;|o; ), where 6 are the parameters of the policy, o; is
the observation for agent x at time ¢, and a, are the actions that can be taken.
The policy is then sampled to obtain the action taken a; ~ 7g(a;|o;).

+ Objective Function: The PPO objective function is defined as:
LPPO(6) = E, [min(r,(6)A,, clip(,(6),1 — €, 1 + €)4,)]

mo(atlor)
T, 4(atlor)
is an estimator of the advantage at time ¢, typically computed using Gener-
alized Advantage Estimation (GAE).

where r,(6) = is the probability ratio, € an hyperparameter and A,

« Advantage Estimation: The advantage A, is computed as:

A[ = 5t + (]//1)51_,,1 + ...+ (yA)T_t-'—laT_l (7.1)

with 8; = % + yV(0;41) — V(0;) and V a learned state-value function.

« Training Process: The agent is trained by iteratively updating its policy
parameters. This involves:

1. Collecting trajectories by interacting with the environment using the
current policy.

2. Estimating the advantages using GAE.

3. Calculating the surrogate objective function.

4. Optimizing the surrogate objective function using gradient ascent while
ensuring the updates stay within a specified clipping range to maintain
policy stability.
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7.4.2 Centralized Multi-Agent PPO (CMAPPO)

+ Subagent Policy & Training: Each subagent x; observes its local state
0, samples an action a;; ~ 7g,(as; | 04;), and learns via its own reward
R;(0;, a; ;) using PPO:

1. Collect trajectories: Interact with environment to gather {(o, ;, a; ;, ;) }=1 -

2. Advantage estimation: Compute A, ; via GAE: A;; = 8, ; + (yA)8, 41, +
+(YA) S + o With 8y = 1 + ¥V (0441,1) — V(0,0)-

3. Surrogate objective:
LPPO(6) = Ef min(r, A, ;, clip(r;;,1 —€,1 + )4, )],

72'9i

where 7, ; = .
T T
L

4. Policy update: Perform gradient ascent on LF°, clipping updates to
maintain stability.

+ Attention-Enhanced Aggregation: Encode the global state e, and sub-
agentactions {a, ;} via linear layers, compute attention weights [Wepy, W1, ... , Wy ] =
softmax([ fen(e,) faun({t;,)]), then aggregate:

n

dy = Wenver + Z W; At -
i=1

+ Superagent Decision: The superagent samplesits final action oc{ ~ Tg f(a{ |

d;), allowing coordinated, adaptive decisions across all agents.

7.4.3 Group Relative Policy Optimization (GRPO)

+ Policy Function: As in PPO, we parameterize a stochastic policy 7g(a | 0)
with parameters 6. At each step ¢, given observation o;, we sample a group
of G candidate actions

a;;~mg(- o), i=1,..,G.

+ Group Rewards and Relative Advantage: Each candidate action a;; is
scored by a reward function r(a, ;, 0,), yielding

hi= r(at,i’ot)-
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We compute the group baseline (mean) and standard deviation:

1 G 2
Wi Or = 52(”:;"@) +e.
i=1

The relative advantage of candidate i is then:

1]
Ql-
Mea

,.~
1l
—

hi—h
Ati = . .
, o,

+ Surrogate Objective: Defining the probability ratio for each candidate,

mo(ay; | of)

(6) = 0t 100
P = e (a1 0p)

the GRPO loss uses the same clipped surrogate as PPO but averages over the
group:

G
1 . .
LORPO(9) = [ e Z min(p, ;(6) Ay, clip(p;(6),1—¢€,1+¢€)A, ;)|

i=1
Optionally, one may add a KL-penalty term ,BDKL(rr@(- | 0p)||7Tpef(- | ot)) to
constrain policy drift.

« Training Process: GRPO proceeds in iterative updates:

1. Sample Groups: For each observation o, in a batch, sample G actions
{a.}.

2. Evaluate Rewards: Compute r, ; = r(a;;,0,) fori=1...G.

3. Compute Advantages: Form relative advantages A, ; = (1;; — 7;)/0;.

4. Surrogate Update: Optimize 6 by ascending the clipped surrogate LERP0(8)
(plus optional KL term), using minibatch gradient steps.

5. Repeat: Collect new groups under the updated policy and continue un-
til convergence.

7.4.4 Design of the Reinforcement Learning Environment

The RL environment is designed to facilitate the fine-tuning of forecasting policies:

. State: At time ¢, the state s, € RT*N is a matrix containing historical obser-
vations.



CHAPTER 7. FINE-TUNING TIMESERIES PREDICTORS USING
150 REINFORCEMENT LEARNING

« Agent Action: The agent produces a forecast a;; € RP*! based on its local
observation o ;.

« Transition Dynamics: Following the agents’ actions, the true future y, €
RP*lisrevealed, and the state is updated (via a sliding window mechanism).

+ Reward: The reward 7 is computed based on the forecast error and any
additional domain-specific criteria:

n=—6(a;y) —P(ap), (7.2)

where €(-) is an error metric (e.g., absolute or squared error) and ¥(-) encap-
sulates further constraints or penalties.

In practice, the reward function used was , = 2 x e"MSE(@wy) _ 1. This im-
plementation constrains the reward between [—1, 1], and is driven up as the MSE
converges towards 0.

7.4.5 Latent Representation versus Actor Network

In practice, the probability distribution each of the algorithms sample from is a
neural network. In a classic reinforcement learning approach, a new network is
created to learn the latent representation between observations and actions (the
action network). In the case of PPO and CMAPPO, networks are also created to
learn the value function (the critic network). To fine-tune a pre-trained backbone
model, we need to integrate the trained network in the framework. There are two
main paradigms for fine-tuning the network:

» Thebackbone outputs alatent representation of the observation space.
The action network takes the latent representation as input and outputs a
probability distribution over actions, which when sampled outputs the fore-
cast. The critic network estimates the state value for advantage estimation
and the gradients flow back through the action network, critic network, and
the backbone, which leads to fine-tuning.

« The backbone is connected to a projection layer that converts the
latent representation to a forecast directly. This is what commonly
happens when the backbone is used independently as a predictor. In this
paradigm, the backbone takes the place of the actor network. The critic net-
work estimates the state value and the gradients flow back through the back-
bone and the critic network.

Using a separate action network can improve the flexibility since the actor net-
work has the opportunity to learn from the latent features. Decoupling the back-
bone and the action network also allows us to adjust the hyperparameters for the
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action network individually. An actor network is also more likely to explore and
better adapt to the reward structure of the environment, performing significantly
better in the reinforcement learning environment. We can also delay the fine-
tuning by temporarily freezing all the backbone layers. This can be beneficial to
performance as it gives the opportunity for the action and value networks to learn
about the environment before inducing changes in the backbone network. This
process can help avoid catastrophic forgetting during the early stages of interact-
ing with the environment.

By replacing the actor network with the backbone, we ensure that a new ac-
tor network will not corrupt the original predictor. This approach is simpler and
more direct, as the actor network introduces new hyperparameters but directly
using the backbones only involves a minor projection. With no actor network in-
volved, there is also less risk of overfitting the reinforcement learning task, thus
maintaining a good degree of generalization. However, without an intermediary
network to adapt the learned features, the backbone might struggle to perform
and learn in the reinforcement learning environment. This can lead to repeated
poor performance which in turn can flow through the gradient and cause catas-
trophic forgetting. The environment also needs to be carefully designed to avoid a
mismatch between the observations at each step of the training and the encoder
size of the backbone.

Both methods are compared in Table 7.3 using standard PPO. The reference
scores are the scores of the backbone without any fine-tuning. The latent paradigm
performs significantly worse, with only a small improvement in the Financial sec-
tor and massive loss in Industrials and Technology. The Actor paradigm improves
upon the reference on all datasets. As such, we implemented the actor paradigm
when possible. The only latent representation used was in CMAPPO with the su-
peragent, as the aggregation of the subagents action does not correspond to the
encoder accepted size of the backbone.

Table 7.3: Latent vs Actor paradigms comparison. The backbone is fine-tuned
using PPO on Financial, Industrials and Technology. Reference is the base model
without fine-tuning. Lower is better, in bold the best metric.

Dataset Latent Actor Reference

Metric MSE MAE MSE MAE MSE MAE
Financial 0.202 0.206 0.200 0.271 0.203 0.118
Industrials 0.274 0.251 0.119 0.116 0.128 0.121
Technology 0.341 0.264 0.126 0.119 0.131 0.119
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7.5 Benchmarking

Three MuJoCo environments were selected as experimental settings. The three
environments are: Hopper-v4, Half-Cheetah-v4 and Humanoid-v4. In this exper-
iment, we use standard 64 hidden dimensions networks for the action and value
heads. Table 7.4 presents the results of the three algorithms tested on each Mu-
JoCo environment. CMAPPO wins out on all three environments, followed closely
by default PPO. The GRPO algorithm, which does not use a critic network, un-
derperforms slightly in the pure reinforcement learning task, especially in the
Hopper-v4 environment.

Table 7.4: Results of MuJoCo environment training. Higher is better, best value in
bold.

Model PPO CMAPPO GRPO
Environment Reward Reward Reward
HalfCheetah-v4  -150.54 -111.10 -137.18
Hopper-v4 1185.06 1960.75 624.86

Humanoid-v4 2897.81 3201.09 2659.32

7.6 Results

Fine-tuning is by definition local and its performance is measurable on a case-
by-case basis. To cover as many use cases as possible, we propose to examine the
results through the use of two common techniques in fine-tuning: layers freezing
and transfer learning.

7.6.1 Fine-tuning and Frozen Layers

In order to retain high level patterns learned during supervised training, we can
freeze parts of the model to stop the loss propagation through the network. This
technique is common in large language models alignment and is employed to
build the results in Table 7.5. We fine-tune the model with no frozen layers, 25%,
50% and 75% frozen layers.
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Table 7.5: Results of fine-tuning models on Financial, Industrials and Technol-
ogy dataset compared to the original model. In rows, the model’s layers are pro-
gressively frozen. In columns, each sector represents the testing set of the model.
Lower is better, best value in bold.

Frozen % Model Financial Industrials Technology

Metric MSE MAE MSE MAE MSE MAE
PPO 0.200 0.271 0.119 0.116 0.126 0.119

0% CMAPPO 0.324 0.208 0.146 0.160 0.203 0.189

GRPO 0.198 0.109 0.118 0.113 0.124 0.115

PPO 0.199 0.114 0.120 0.116 0.125 0.118

25% CMAPPO 0.300 0.204 0.202 0.211 0.525 0.341
GRPO 0.198 0.108 0.118 0.112 0.124 0.113

PPO 0.202 0.113 0.119 0.117 0.124 0.117

50% CMAPPO 0.237 0.155 0.257 0.248 0.151 0.151
GRPO 0.195 0.108 0.118 0.112 0.124 0.113

PPO 0.200 0.114 0.119 0.117 0.124 0.117

75% CMAPPO 0.270 0.183 0.289 0.272 0.137 0.135
GRPO 0.195 0.109 0.118 0.113 0.123 0.113

Original ~ Backbone 0.202 0.111 0.120 0.115 0.124 0.116

GRPO performed the best overall, either improving or leaving the backbone
model unchanged. Notably, freezing at least 50% of the encoder layers gave con-
sistently the best performance when using GRPO. PPO proposed a minor improve-
ment in some categories, for instance in Financial at 25%, but mostly left the
model unchanged. CMAPPO performed the worst in the fine tuning, provoking
large negative changes to the model even with 75% of the encoder frozen. The
source of the performance of GRPO in fine-tuning is the same reason it was the
worst performer in the pure reinforcement learning task: the absence of a value
function. While this is mostly a disadvantage learning control tasks, in the case
of fine-tuning the difference of complexity between the value network and the
backbone severely hinders the performance of PPO and CMAPPO. In the case of
CMAPPO, the latent representation offered by the subagents are also reconciled
using an action network. This design is coherent with the original implementa-
tion of CMAPPO but also adds another layer of abstraction the model needs to
learn. A possible improvement for PPO and CMAPPO would be to run the model
without propagating the loss back to the backbone to train the value network. By
delaying the learning, the value network could learn a proper representation of
the advantage in the task and nudge the backbone in the right direction.
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7.6.2 Transfer Learning

Transfer learning is a machine learning technique through which a model learns
general concepts applicable across multiple datasets. We experiment on transfer
learning by fine-tuning and testing the model on the three datasets.

Table 7.6: Reference values before fine-tuning.

Trained on Financial Industrials Technology

Tested on MSE MAE MSE MAE MSE MAE
Financial 0.203 0.118 0.207 0.113 0.203 0.110
Industrials  0.224 0.227 0.128 0.121 0.122 0.114
Technology 0.256 0.229 0.132 0.118 0.131 0.117

Table 7.6 presents the results of the model on the Finance, Industrials and
Technology datasets before fine-tuning. Instead of training the backbone model
on all three datasets and fine-tuning for one, we train the backbone on a single
dataset and test the MSE/MAE on all three. The Financial appears as the most
challenging dataset, performing quite worse than the baseline when tested on In-
dustrials and Technology. The model trained on Industrials manages to nearly
match the performance of the models trained on Financial and Technology. Fi-
nally, the Technology model is by far the best, outperforming Industrials even
when tested on Industrials. This metric could be interpreted as the degree of high
level patterns present in the dataset. These high level patterns can be applied to
any similar dataset, and ultimately are more powerful predictive tools than the
past history for a given example.
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Table 7.7: Results of fine-tuning models on Financial, Industrials and Technology
dataset compared to the original model. The model is fine-tuned and tested on
the specified sector for each row. In columns, each sector represents the original
training set of the model. Lower is better, best value in bold.

Trained on — Financial Industrials Technology
Fine-tuned on | Method MSE MAE MSE MAE MSE MAE
PPO 0.279 0.196 0.213 0.219 0.247 0.219
Financial CMAPPO 0.224 0.143 0.145 0.152 0.151 0.151
GRPO 0.230 0.156 0.155 0.167 0.170 0.165
Baseline 0.203 0.118 0.207 0.113 0.203 0.110
PPO 0.201 0.115 0.123 0.119 0.131 0.121
Industrials CMAPPO 0.204 0.117 0.127 0.121 0.137 0.125
GRPO 0.197 0.110 0.119 0.113 0.125 0.114
Baseline 0.224 0.227 0.128 0.121 0.122 0.114
PPO 0.198 0.114 0.125 0.117 0.127 0.120
Technology CMAPPO 0.202 0.115 0.128 0.119 0.129 0.120
GRPO 0.189 0.108 0.118 0.112 0.123 0.113

Baseline 0.256 0.229 0.132 0.118 0.131 0.117

Table 7.7 presents the results of the model on the Finance, Industrials and
Technology datasets after fine-tuning. A first observation is the improvement in
performance in all nearly all models from the baseline in Table 7.6. Some of the
most substantial gains are found in the model trained on Financial, which im-
proved its performance in MSE for both Industrials and Technology but moreover
completely dominates the MAE benchmark. On the MSE front, the model trained
on Industrials had the best results and beat out the best reference values for each
sector.

Notable exceptions are the model trained and fine-tuned on Financial, and
the model trained on Technology and fine-tuned on Industrials. In both cases,
neither PPO, CMAPPO or GRPO managed to improve the performance, and test-
ing on unseen data yielded a worse result. For the first case, the likely explana-
tion is an overfitting to the train data: effectively, the model was trained twice on
the same dataset, once with supervised learning, and again using reinforcement
learning. The second case is different: the original Technology model already per-
formed outstandingly well in Industrials, beating out even the models trained on
the complete dataset. The fine-tuning failed to further improve that performance,
marking the importance of establishing baselines before introducing fine-tuning
to the pipeline.

The patterns noticed in Table 7.5 largely stand, with GRPO clearly distinguish-
ing as the better option in nearly all cases. CCMAPPO performed exceptionally
well on Financial, outperforming both PPO and GRPO. The superagent managed
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to reconcile the actions of the subagents despite the added complexity of the actor
and critic network. PPO nearly always improves on the baseline and constitute
a valid choice for fine-tuning. The recommended algorithm stands out as GRPO,
which uses fewer computational resources and yields the best performance. Com-
mitting to the actor paradigm and removing the critic network greatly simpli-
fies the fine-tuning architecture, allowing for direct backpropagation through the
backbone without the need for intermediary networks.

These results also clearly indicate the value of transfer learning for timeseries
predictor. One of the best use case for fine-tuning appears to be adapting models
from their supervised training dataset to another. This is in line with the current
state of fine-tuning in large language models, which often adapts model after pre-
training to diverse specific tasks. This result also highlights two clear areas for im-
provement in timeseries predictors: firstly, large pre-trained models can be built,
and later specialized to a given dataset. But the biggest challenge to generalize
this method is to specify a model and a fine-tuning environment that allows for
various observation spaces and exogenous features.

7.7 Key hyperparameters

PPO and its variants are known to be sensitive to hyperparameters. In order to
compare each algorithm fairly, we show in this section specific and non-specific
hyperparameters tuning. All models presented from this point onward use the
backbone as the action network, and a value network with 2 layers and 256 hidden
dimensions when relevant (PPO, CMAPPO).

7.7.1 Training time

Training time is common to PPO, CMAPPO and GRPO. A higher number of timesteps
will lead to a better performance in the environment until the agent reaches a
plateau, at the expense of a higher computational cost. We fine-tune the model
on the Financial dataset using PPO at different timesteps and plot the MSE over
time in Figure 7.1. We found 500 000 timesteps to be the best value as a balance
between overfitting and underfitting.
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Figure 7.1: Training time vs MSE. Dotted line is the original model performance
before fine-tuning. Training time is scaled down from 1e6 for readability.

7.7.2 Number of subagents (CMAPPO)

Number of subagents is specific to CMAPPO and controls how many subagents
are trained before the superagent. We fine-tune a predictive model on the Finan-
cial dataset with an increasing number of subagents and test the MSE/MAE after
fine-tuning. Table 7.8 presents the MSE and MAE with increasing numbers of
subagents and compared to the backbone model. We found 10 subagents to be the
best configuration, despite the backbone outperforming the fine-tuned model in
all configurations.

Table 7.8: The influence of the number of subagents when fine-tuning the back-
bone compared to the non fine-tuned backbone.

Number of Subagents Financial

Metric MSE MAE
2 0.925 0.401
4 0.461 0.275
6 0.394 0.256
8 0.337 0.211
10 0.271 0.183
12 0.283 0.191

Backbone 0.202 0.111
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7.7.3 Group size (GRPO)

Group size is specific to GRPO and determines the size of the group used to calcu-
late the advantage. Similarly to Subesection 7.7.2, we fine-tune a predictive model
on the Financial dataset with an increasing group size and test the MSE/MAE af-
ter fine-tuning. Table 7.9 presents the results of the model at group sizes from 2
to 12. We found that a group size of 8 is optimal for both computational load and
model performance.

Table 7.9: The influence of the group size when fine-tuning the model on the Fi-
nancial dataset.

Group Size Financial

Metric MSE MAE
2 0.200 0.204
4 0.198 0.199
6 0.197 0.199
8 0.195 0.196
10 0.199 0.201
12 0.201 0.203

Backbone 0.202 0.111

7.8 Conclusion

Fine-tuning timeseries predictors is emerging as an essential post-supervised train-
ing step to improve the performance of models. As the paradigm shifts from local
models to larger, eclectic models harnessing the predictive power of many time-
series from diverse fields, fine-tuning becomes even more essential. At scale, is
it far more cost effective to fine-tune a large model to a specific use case than re-
training on large datasets. As the computational load for supervised learning gets
higher and the models get larger, which has been the trend observed in LLMs and
timeseries predictors, fine-tuning becomes even more attractive.

There are still several limitations, the most prominent being that pre-trained
models use a fixed size input vector. This problem is not encountered in standard
large language models, as the alphabet is tokenized to represent the entirety of
the model output. But timeseries prediction is a continuous process, and further
innovation is needed in foundational model to break out of fixed size vectors and
scale up the models on large datasets, without relying on tricks such as projection
layers. In the same spirit, architectural changes to foundational model allowing
for variable output vector size would benefit the industry integration of timeseries
predictors.
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The environment definition and reward structure are key to the success of fine-
tuning. Empirically, we noticed better results by bounding the reward to values
between -1 and 1. The algorithm used is also a determining factor, and GRPO
emerges as the clear winner in this chapter. This result is in line with the recent ad-
vances in LLMs, and further strengthens the conjecture that LLMs and timeseries
predictors based on the same architecture share scaling features. If this conjecture
reveals to be true, timeseries predictors are in a fantastic second mover position to
implement even more innovations the thriving LLM community is building.
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Chapter 8

Discussion & Conclusion

In this final chapter, we call back on the research questions from Section 1.2 and
give a clear answer to each in relation to the work in the thesis. We then propose
a discussion and a conclusion to the thesis, summarizing our findings and fram-
ing the results in the current landscape of ESG ratings, timeseries prediction and
interpretability.

8.1

RQ1

RQ2

RQ3

Answers to the Research Questions

As shown in Chapter 2, ESG ratings are correlated to controlled log returns.
Sections 2.5.2 and 2.5.3 detail how the sector and materiality issues influence
the explanatory power of the ESG-returns correlation. ESG ratings also im-
prove the predictive power of timeseries predictors in financial prediction,
as shown in Chapter 6. Experiments in Section 6.6 demonstrated that the
best performing model at all prediction length included the most ESG fea-
tures.

Chapter 3 introduces the NSiTransformer, which performs at either SOTA
or near-SOTA level on benchmark datasets. Chapter 4 presents CMAPPO, a
centralized multi-agent alternative to PPO for reinforcement learning tasks.
Chapter 7 develops reinforcement learning based fine-tuning as a method
that can be applied to numerous timeseries predictors to further improve
performance. Section 7.6 compares RL algorithms performance: GRPO per-
formed the best over CMAPPO and PPO in fine-tuning, while CMAPPO per-
formed the best in pure reinforcement learning, as shown in 4.4.

Section 3.4 proposes relevance maps to help us determine the key features
and strategies employed by the models to predict accurately. Applying this
technique in Subsection 6.7.2, we observed a contribution from ESG ratings
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similar to financial features, while also benefiting to the performance. Sub-
section 6.7.3 uses the de-stationary factors in the NSiTransformer to inter-
pret the relationship between features. In Section 4.7, we offer supplemental
interpretability to the CMAPPO algorithm using attention weights and co-
sine distance between actions.

8.2 Discussion & Conclusion

Throughout the course of this thesis, ESG ratings have been shown to be a valu-
able tool to assess the value of a company. We showed that analyzing the data
by sector and material issues is a relevant approach by establishing a correlation
between the ratings and the controlled returns. By moving on to more powerful
tools, such as the NSiTransformer, we determined that the addition of ESG ratings
to the financial dataset improves the predictive power of the models. The integra-
tion of multiple providers was also central to this work, as ESG discrepancies are
notably discussed in the literature. We determined that the improvement in per-
formance was not only present when adding ESG ratings, but was also additive as
more providers were added to the dataset. One key challenge encountered dur-
ing this work was limited access to comprehensive ESG data, and the data that
was available was sparse. ESG providers and rating agencies ask different ques-
tions related to their unique methodology, yet try to capture the same fundamen-
tal answer: how sustainable really is this company? Results from this work have
proven that a truly good estimate is not only worthwhile for improved predictive
power but also lie in the union of multiple providers. The integration of multi-
ple providers is also a powerful hedge against greenwashing. But this comes at
the high cost of several subscriptions to professional data vendors, which often
get costlier for longer historical data. ESG ratings remain a fairly recent trend in
finance, and do not have an extensive record of past values. Periodicity is also a
major point of contention, since many rating agencies depend on financial disclo-
sures that can happen yearly or quarterly depending on company location. How-
ever, a slow-moving indicator does not detract from its meaning, as evidenced by
extremely important indicators exogenous to company, for instance interest rates.
The pace at which the indicator evolves also reflects the pace at which companies
are evolving: A global sustainable effort overhauling a company is not going to
show direct signs on a day-to-day basis, as opposed to the close price or the trad-
ing volume. There is a clear incentive for new ESG ratings providers to appear, as
younger retail investors are joining the market and have been sensitized to global
warming and equality since childhood. With new providers come new methods,
and ultimately the union of these methods will converge to capture a better picture
of how truly sustainable companies are.

The contributions of this thesis to timeseries prediction are two-fold: first, the
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introduction of the Non-stationary inverted Transformer as a state of the art model
for timeseries prediction. Second, the fine-tuning of large pre-trained models us-
ing reinforcement learning. The approach that emerges as best performing was to
pre-train a large model on many samples, and then fine-tune the model for a spe-
cific use. In fact, timeseries prediction positions itself with an incredible second-
mover advantage: the research and development spent on transformers directly
contributes to the inverted transformer architectures. For instance, Deepseek-R1
largely credits its success to Group Relative Policy Optimization, which is the re-
inforcement learning approach they used for fine-tuning. Using pure reinforce-
ment learning for fine-tuning was not the first intuition of researchers: LLMs
went through multiple human-aligned generations before it was established to
ultimately perform worse than reinforcement learning. Human alignment re-
quired significant resources and organizational challenges, which have been cir-
cumvented to the benefit of timeseries prediction. These conclusions mirror the
current state of the art in large language models (LLM), and future innovations
should focus on implementing the tools created during the current surge of LLM
research. In this thesis, we already observed transfer learning when pre-training
the model on a sector and fine-tuning it on another sector, indicating the model
learns general patterns on domain-adjacent data. At a larger scale, a pre-trained
model can be trained on a variety of timeseries from any domain and learn general
patterns. From a computational perspective, although the front cost of training a
large model is expensive, the fine-tuning and inference are cheaper, ultimately
covering many use cases that would have necessitated their own individual mod-
els. The current landscape of timeseries predictions can also benefit from the
architectural innovations, such as reasoning tokens and chain-of-thoughts. The
implementation would have to be different than a regular transformer that labels
certain tokens as thinking tokens but could take the shape of intermediary predic-
tions that converge towards the final prediction. Another idea with great potential
is to use tools, which are now bundled in the most recent LLMs to allow the mod-
els to act directly on its environment, such as searching the internet or using a
spreadsheet. Tools could help the model produce engineered features or look on
the internet for supplemental features that can help with the prediction. Time
series prediction finds itself right now in the unique position of benefiting from
the hindsight of billions of dollars spent in research and development in adjacent
models. In this position lies an incredible opportunity for researchers and private
companies to propose models that can be duplicated and fine-tuned to tackle ex-
tremely specific needs.

Interpretability was shown in this thesis as a swiss-army knife to deal with a
variety of issues that arise when building larger models. It is essential to determine
the key features of a dataset, and assess the contribution of newly introduced fea-
tures. In that capacity, we used it to determine the strategy used by the model
to forecast accurately. This knowledge is of immense help considering the often
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opaque relationships leveraged by large models to predict. Mirroring this idea, we
can also recognize which features are not useful to the model, and as such reduce
the noise and more importantly the computational overhead. Relevance maps es-
pecially can be used as an analogous tool to Principal Component Analysis that
curates the dataset depending on what the model uses the most. There is also a
place for interpretability in hyperparameter tuning, since quantifying and under-
standing the strategy of the model can help understand which lever needs to be
pulled in order to reach a better forecast. For instance, a model with too high of
a learning rate might be highly polarized towards certain features and struggle
to learn nuances from the dataset. Interpretability also emerges as a key factor
when integrating the model in critical industries. For instance, the legal liability
in self-driving cars accident or the automation of loan assessments are still open
questions. A total lack of transparency in systems that affect the public’s physical
or financial well-being will severely undermine trust in artificial intelligence. As
such, there is a growing need for clear legislation about to which length a com-
pany training an artificial intelligence model needs to go to make sure that there
are not only safety nets but also a capacity to explain failure when it inevitably
happens. In this thesis, we endeavored ourselves to provide interpretability from
pre-training to fine-tuning. This end-to-end interpretability was baked into the
models from the beginning, and ultimately the time spent to implement them was
paid back in better models. If performance and cost reduction are essential to the
companies building the largest models in the world, then interpretability should
be built into the model. There is definitely progress in that direction: in research,
Kolmogorov-Arnold networks are being developed to potentially replace multi-
layer perceptrons. These networks are based on tuning several activation functions
and splines, ultimately leading to a closed form expression of the network. In the
industry, tools that have shown to improve the performance of the model coinci-
dentally also tend to help with performance. This is the case for chain-of-thoughts
and reasoning tokens, which forces the model into a reflective state transparent to
the user.

Taken together, these findings reinforce a broader theme: quantitative tools
can only influence capital flows if stakeholders actually trust them. When that
trust breaks, momentum evaporates. There is a strong parallel between the lack of
company transparency resulting in noisy metrics and the lack of interpretability in
machine learning models. ESG ratings and interpretability both raise a fundamen-
tal challenge for trust in systems too complex to audit directly. Whether hidden
layers of management or feedforward networks, there is an instinctive unease to-
ward opacity. Ultimately, investors vote with their money: capital will concentrate
around the companies and models that demonstrate transparency and account-
ability. In an era where data is plentiful but confidence scarce, trust becomes the
decisive competitive advantage.
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Correlation Study Between Returns and ESG Ratings

Abstract

ESG ratings have become a central topic in finance amid global initiatives for sustainability.
This study examines the relationship between ESG ratings and log returns through Pearson’s
correlation coefficient, offering a granular analysis across various sectors and pinpointing
specific materiality issues as defined by the Sustainability Accounting Standards Board
(SASB).

The article uncovers empirical evidence that demonstrates a spectrum of negative
to positive correlations, which are dependent on the sector in question and the relevant
materiality issues. The study delves into the potential repercussions of such correlations,
considering the perspectives of both corporations and investors. It underscores how positive
correlations might incentivize companies to enhance their ESG ratings, whereas negative
correlations could signal to investors considerations to take into account in their investment
strategies.

The research also illuminates the pivotal role that SASB-defined materiality issues play
in refining the understanding of ESG’s impact on financial performance, suggesting that
a nuanced approach to ESG investment could be beneficial. The study contributes to a
deeper comprehension of how ESG factors are a valuable signal with financial outcomes,
which could guide future corporate strategies and investment decisions towards sustainable
growth.

Highlights:

+ Controlling market factors significantly increases the correlation between ESG rat-
ings and returns.

* Pearson’s correlation coefficient is in majority weakly positive once controlled for
market factors.

+ Understanding the materiality of ESG factors by sector helps investors identify which
companies might be better equipped to manage risks.

* Incorporating ESG ratings into risk management strategies can provide investors
with a more nuanced approach to assessing firm-specific risks.

Keywords: ESG ratings, Correlation coefficient, Materiality, Log returns
PACS: G11, G14, G32, M14, Q56

Preprint submitted to The Journal of Impact & ESG Investing December 18, 2023



1. Introduction

Investments and finance are critical components of society, for governments, companies,
and individuals. The global asset management market, historically focused on maximizing
return on investment (Li and Ng., 2000), strategically balances risk and reward in a complex
financial environment to optimize investors’ wealth. Investments drive the activities of
companies and are essential for their survival and create clear incentives for companies
to tailor their activities to suit the priorities of investors. There is a growing focus on
sustainability and ethical behavior of companies (Danciu, 2013). The investment industry
is a key driver in moving companies to be more sustainable and help reaching the UN
Sustainable Development Goals (UN, 2020).

Multiple initiatives have already been undertaken to foster more sustainable investment
practices. Specifically, the inclusion of Environmental, Social, and Governance (ESG)
metrics (Van Duuren et al., 2016) in asset management has seen steady growth, indicating a
paradigm shift towards sustainable, socially responsible, and ethically governed investment
strategies. The ESG metrics are used to estimate how well companies are doing regarding
sustainability, social rights, consumer protection, animal welfare, business ethics, and
governance. ESG ratings have been shown to influence the systemic and idiosyncratic risk
of companies (Giese et al., 2019). The Global Sustainable Investment Alliance defines
ESG integration as “the systematic and explicit inclusion by investment managers of
environmental, social and governance factors into financial analysis” (Research, 2018).

The research questions investigated in this article are the following: is there a correlation
between the ESG ratings and returns of companies? Can the company sectors help identify
groups with different relationships? Can the materiality issues provide more explanatory
power?

This paper is structured as follows: Section 2 includes a contextualization and a review
of the existing literature on ESG ratings. Section 3 examines the methodology used to
control for market factors and compute the correlation. Section 4 contains details on the
results, average correlation per sector, and statistically significant correlation for individual
companies. Section 5 contains results of the correlation between variations of returns and
ESG metrics. Section 6 is a discussion of their implications for investors and companies
alike. Section 7 is the conclusion of the study. The Appendix provides a summary of the
dataset variables, mathematical caveats about correlation and supplementary data.

2. Background

The search for a relationship between sustainability and corporate performance can
be traced back to the 1970s (Friedman, 1970). Scholars have studied the impact on
branding (Lee et al., 2022), market longevity (Fafaliou et al., 2022), and equity valuation
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(Giese et al., 2019). Results of these studies indicate that failing to communicate strong
ESG performance, specifically expressing low carbon emissions and employee satisfaction,
reduces the odds for external financing and increases both the systematic and stock-specific
risks. Studies have discussed the authenticity of the disclosure by companies (Fatemi
et al., 2018), finding that disclosure can weaken the negative or positive valuation effects
on company. Scholars also examined the integration of ESG ratings in portfolio strategies
(Starks et al., 2017) (Alessandrini and Jondeau, 2021), showing that a strong ESG rating
will attract long-term-oriented investors with a lower sensibility to immediate negative
earnings (Dor et al., 2022).

While the exploration of ESG ratings and their financial implications has gained mo-
mentum in recent years, the underpinnings of this research lie in foundational asset pricing
theories. Asset pricing theories, evolving over the decades, provide the scaffolding for un-
derstanding the determinants of asset prices and returns. The Capital Asset Pricing Model
(CAPM) is a seminal theory in this domain, introduced by Sharpe (1964) and Lintner
(1965). CAPM posits that the expected return on an asset is a function of its systematic
risk, often measured by its beta relative to the market. While the model offers a simplistic
view, it laid the foundation for subsequent models that incorporated multiple factors. Rec-
ognizing the limitations of CAPM, Fama and French (1992) introduced the Fama-French
three-factor model, adding size and value factors to the market risk factor in CAPM. This
model was further expanded into the Fama-French five-factor model by (Fama and French,
2015), incorporating profitability and investment factors, offering a more comprehensive
understanding of asset returns.

As ESG ratings became more standardized and prevalent, the focus shifted towards
these quantifiable metrics. Studies such as those by (Derwall et al., 2007) and (Bauer et al.,
2009) explored the correlation between ESG ratings and stock performance. Their findings,
while providing valuable insights, were often mixed. Some research indicated a positive
relationship between high ESG scores and superior stock returns (Friede et al., 2015),
(Gibson Brandon et al., 2021). Fewer studies delve into the causality of this relationship.
(Eccles et al., 2014), for instance, suggested that firms with a long-term focus on ESG
issues tend to outperform their counterparts in the long run, hinting at a potential causal
link between ESG practices and financial performance.

As the ESG landscape continues to evolve, tools and frameworks that offer a more
standardized approach to materiality assessment are emerging. Among these, the Sustain-
able Accounting Standards Board (SASB) materiality map stands out. SASB’s approach to
materiality emphasizes the financial materiality of ESG issues, identifying which issues are
likely to affect the financial performance of companies within specific sectors (Schooley
and English, 2015). Studies have praised the data quality of the reporting (Busco et al.,
2020), specifically through the narrative of linking financial data to non-financial data.



The data has been used to evaluate performance of firms with different level of materiality
ratings (Khan et al., 2016), finding that firms with strong ratings on material
sustainability issues have better future performance than firms with inferior ratings.
Grewal et al. (2021) concluded that scholars interested in understanding how sustainability
information impacts economic value and stock prices need to incorporate a materiality
lens into their analysis.

3. Methodology

3.1. Data Collection

For this study, the primary source of data was Thomson Reuters, offering a compre-
hensive dataset to investigate the relationship between ESG ratings and stock returns. The
data used in this work was pulled in February 2022 and constitutes of the companies listed
on the S&P500 at this point in time. Below are the fields obtained through the Thomson
Reuters data stream.

+ Date: Captures the date of each data entry, essential for time-series analysis and
understanding temporal trends.

« Instrument: Denotes the specific stock or financial instrument under consideration.

* Open Price, Close Price, High Price, Low Price: These columns detail daily stock
prices, crucial for computing daily and subsequently, annual log returns.

» ESG Score: An aggregate rating based on a firm’s adherence and performance across
environmental, social, and governance dimensions.

 Environmental Pillar Score: Focuses solely on a company’s environmental practices
and impacts.

« Social Pillar Score: Reflects how a company fares in social responsibilities, such as
labor practices, product responsibility, and community relations.

» Governance Pillar Score: Offers insights into a firm’s governance structures, ethical
practices, and overall corporate accountability.

While the stock data was updated daily, the ESG scores were updated annually at
each new fiscal year. This periodic update typically mirrors annual disclosures of key
metrics. Scores range from 0 to 100.

To control the results with established financial frameworks, additional data will be
incorporated. Established market factors from the Fama-French five-factors (FF5)
models were obtained from the website of one of the creators of the model (French, 2022b)
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The values of these factors are constructed using the 6 value-weight portfolios formed on
size and book-to-market, the 6 value-weight portfolios formed on size and operating prof-
itability, and the 6 value-weight portfolios formed on size and investment. The portfolios
used are from the proof of concept available on the Fama-French 5 data library (French,
2022a). The coefficients are:

* Rm-Rf : Excess return on the market.

» Small Minus Big (SMB): Average return of the nine small stock portfolios minus the
average return on the nine big stock portfolios.

» High Minus Low (HML): Average return on the two value portfolios minus the
average return on the two growth portfolios.

* Robust Minus Weak (RMW): Average return on the two conservative investment
portfolios minus the average return on the two aggressive investment portfolios.

+ Conservative Minus Aggressive (CMA): Average return on the two value portfolios
minus the average return on the two growth portfolios.

To contextualize and provide further explanatory power to this study, SASB materiality
data were gathered. Their website (SASB, 2022) provides a Materiality Finder tool used
to look up individual companies and which of the 26 issues are recognized as significant,
mapping out the relevant issues for each company in the S&P500. Tables A.6 and A.7
summarize the datasets created for this study.

There are significant gaps in the availability of ESG data. Out of the 501 unique
companies on the S&P index, every company exhibited at least one year of missing ESG
data. 10 companies had no ESG data available and were removed from the dataset, bringing
the total to 491. Figure 1 provides a year-by-year breakdown of the number of companies
with complete ESG data. Notably, the years 2000-2005 have the most pronounced data
omissions. This can be explained by a lesser focus on ESG ratings from companies at this
time. We place our cut off in 2006, where 198 companies have a complete history, yet
we maintain enough data points (15 per company). The final dataset contains 198 firms.
This dataset is then used to calculate the correlation between ESG Metrics and returns
for each ticker.
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Figure 1: Number of Companies with Complete ESG Data Over The Years.

3.2. Sectors

The data is separated by sectors. The sectors are determined by the GICS (GICS,
2022). There are 11 sectors: Industrials, Financial Services, Healthcare, Consumer Cycli-
cal, Consumer Defensive, Real Estate, Utilities, Technology, Basic Materials, Energy,
Communication Services. Table 1 presents the number of companies in each sector before
and after accounting for missing ESG data. The most represented GICS sector is the In-
dustrial sector with 32 companies, while the least represented is Communication Services
with 5 companies. Sectors Industrials and Basic Materials retained respectively 43.1%
and 70% of their population after the cut-off. The Technology sector was left with 11.3%
despite having the second highest number of companies. Communication Services was
also left with 21.7% but encompasses only 23 companies before cut-off.



Table 1: Number of Companies and Unique Tickers in Each Sector.

# of Companies #of Companies % of Companies
after Cut-off  Left after Cut-off

Industrials 73 32 43,1%
Financial Services 67 32 47.8%
Consumer Cyclical 57 25 43.9%
Healthcare 64 25 39%
Utilities 28 17 60.7%
Consumer Defensive 36 16 44.4%
Basic Materials 20 14 70%
Real Estate 31 14 43,1%
Energy 20 10 45.2%
Technology 71 8 11.3%
Communication Services 23 5 21.7%
Total 491 198 40.32%

3.3. Materiality

Materiality refers to an individual factor within a sector that influences a firm’s
financial performance. The SASB Materiality Standards help to increase the granularity
of the analysis. Specifically, the materiality standards were used to highlight which
score correlates the most with performance in the returns. Materiality factors can be
found on the SASB website using a tool called “Materiality Finder” (SASB, 2022). This
website was scraped for each company and the data stored in a binary vector. Each
company can appear in multiple fields. Table A.7 summarizes the different materiality
issues recognized by SASB. Figure 2 presents the number of companies per SASB issue
before and after the cut-off. The most represented field is Product Design and Lifecycle
Management with 117 companies. The least represented field is Competitive Behavior
with 15 companies, except for Customer Privacy and Physical Impacts of Climate
Change that are not represented in the dataset of companies with complete data post cut-
off.



SASB Issue Recognition Counts: All Companies vs. Companies With Complete Data Post Cut Off (2006)
All Companies

Companies With Complete Data Post Cut Off (2006)

250

100

Number of Companies Recognizing Each Issue

50

& & X o & % S & & o &
S N ¢ & S & 4 N S & & S & N & S & © S @
& & & & & & & & & & &
< FFEFF TS TS ST ESF S EE S & & &0
S &L T o 7S O F T L& FF LS EEFE &S
S S <
& & & & o ¢ FF T FF LT oS e P
S o & & S o I ey & S & &
F O & X & O o ¢ S & F LI & VS EE TN
& & o & (& & & & o &« S
N & & S & N L & o o & &
& 9$ W & & & S & & @ & h &
S & < > & S > S
2 A N > F @ S o >
& & & O ¢ & <& S
S £ & & & & & & g &
© P & e & & N
b\) < > < <
S & S & &
<€ S S oS
& Q &
< &
&
«
SASB Issues

Figure 2: Number of Total Companies Per SASB Issue.

3.4. Data Integration and Analytical Model

Since the ESG data is yearly, to assess the annual performance of each stock, annualized returns were
calculated. In order to obtain additive properties, returns are logged (Panna, 2017). Daily log returns

for a company are given by: 1, = ln(Pi) where 1, represents the log return at time t, P; is the closing
t-1
price at time t and P,_; is the closing price at time t — 1.

Given daily log returns, the annualized log returns for a company are computed as:

n

Tannualized = § T

i=1
Equation 1
where Tynnuatizea 1S the annual log returns, r; is the i — th daily log return, and n the

number of trading days in a year. For the rest of this article, annualized log returns will be
referred to as returns.



3.5. Controlling for Market Factors

To isolate stock-specific characteristics, common market factors were controlled using
the Fama-French Five-Factor Model. The model is given by:

Rit — Ry = a; + P (Rt — Ry) + Bs X SMBy + B, X HML; + Brmu X RMW,

where:

+ cha x CMAt + eit
Equation 2

R;;: Return on stock i at time ¢.
Ry Risk-free rate.
Ry, Market return at time ¢.

SMB,: Size factor (Small Minus Big), capturing the historical excess returns
of small-caps over big-caps at time t.

HML;: Value factor (High Minus Low), capturing the historical excess
returns of value stocks over growth stocks at time t.

RMW;: Profitability factor, capturing the difference in returns between
companies with robust (high) and weak (low) at time ¢.

CMA;: Investment factor, capturing the difference in returns between
companies with conservative and aggressive investments at time t.

B Bs» Bus Brmws Bema: Weights of the factors.
a;: Intercept, capturing stock i's abnormal return unexplained by the factors.

&;;. Error term for stock i at time t¢.

Using this model, the returns are controlled for diverse common market factors. SMB,
HML., RMW, and CM A, are given by the Fama-French 5 library. The coefficients
i, B Bs» Bus Brmw» Bema and  €;; are fit per ticker using linear regression. Table 2
presents the coefficients regressed for four tickers. ;. is not included in the table as it is
unique per observation.
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Table 2: Coefficients for tickers AAPL, AMZN, MSFT, and GOOGL

Ticker a; Bm ﬁs ﬁy Brmw 'cha
AAPL -0.0052 0.0112 -0.0011 -0.0037  -0.0004 -0.0062
AMZN  -0.0053 0.0110 -0.0013 -0.0038 -0.0065 -0.0106
MSFT -0.0057 0.0110 -0.0031 -0.0036 0.000059 -0.0030
GOOGL -0.0042 0.0100 -0.0015 -0.0015 0.0002 -0.0076

3.6. Yearly Variation

To compute the correlation between the variation of both ESG metrics and log returns,

the yearly difference for each is calculated and added to the dataset. For a given year k,
the difference is defined as:

rvariations,k = rannualized,k - Tannualized,k—l
Equation 3

ESGvariation,k = ESGy — ESGy_4
Equation 4

The variations are then normalized using Standard Score:
X—u

g
Equation 5

11



where: X is the data point, u is the mean of either the returns or ESG metric, and o the
standard deviation of either the returns or ESG metric.

3.7. Correlation Analysis

With both the annualized and controlled returns in hand, we computed Pearson’s
correlation between returns and the various ESG metrics on a per-stock basis.

. 2O =) —y)
V2O — 02Xy — ¥)?

Equation 6

where:

e r: Pearson's correlation coefficient, which measures the linear relationship between two
datasets.

e x; and y;: Data values from the controlled or uncontrolled returns and an ESG metric being
compared.

e X and y : Mean values of controlled or uncontrolled returns and ESG metric being compared
respectively.

A caveat that must be addressed when discussing correlation is the maximum attainable
correlation for two given distributions. Pearson’s correlation takes a value between [-
1, 1], but this is only true if the two random vectors X; and X, are of the same type
(Embrechts et al., 2011). The distribution model chosen for the annual log returns will be
the normal distribution. This is an assumption commonly made within the Black-Scholes
model (Black and Scholes, 1973). A Kolmogorov—Smirnov goodness of fit test was
performed on the ESG ratings comparing the underlying distribution of a sample to a given
distribution. The highest scoring distribution ended up being Johnson’s SU. Given these
two distributions, details of the calculations are available at Appendix B. These
calculations indicate [pmax, Pmin] = [—0.9998,0.9998]. This interval is very close to
[-1,1], analog to comparing 2 datasets with underlying normal distribution.

4. Results - Correlation between ESG Metrics and Returns

This section outlines the results of analyzing the correlation between stock returns and
ESG scores. All the correlations are calculated for companies with a long enough rating
history and are averaged in their specific group. The discussion begins with a broad
overview of these findings, then delves into specifics related to industry sectors and
sustainability issues.
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4.1. Preliminary Statistics and Distributions

Table 3 presents the descriptive statistics from the correlations between ESG ratings and
uncontrolled or controlled annualized log returns. After controlling with the Fama-French
5 model, the means and standard deviations for score-by-score comparison has increased
for every metric.

Table 3: Statistics for Correlation between (Un)controlled Returns and ESG Metrics (2006 cut-off)

mean std min 25% 50% 75% max

Uncontrolled

ESG Score 003 0.22 -046 -011 0.04 018 0.70
Environmental Pillar Score 0.03 0.22 -050 -0.11 0.02 0.17 0.66
Governance Pillar Score 0.02 022 -050 -0.12 0.02 0.15 0.69

Social Pillar Score 0.02 023 -051 -016 0.02 016 0.72
Controlled
ESG Score 036 0.23 -044 025 039 052 081

Environmental Pillar Score 037 0.26 -038 024 041 055 0.84
Governance Pillar Score 021 031 -057 002 025 045 0.79
Social Pillar Score 030 0.26 -058 0415 0.30 047 0.79

As shown in Table 3, the uncontrolled annualized log returns present little to no
correlation with the ESG metrics. The controlled annualized log returns present a much
higher average correlation and higher standard deviation. The global ESG Score and
Environmental Pillar Score appear to be the most correlated with the returns. As such,
for the rest of the results, the correlations presented will be calculated using the returns
controlled by Fama-French 5.

In Table 3, the most significant values are observed in the maximum correlations for
ESG Score and Governance Pillar Score. The ESG Score records the highest maximum
correlation in both uncontrolled (0.70) and controlled (0.81) returns, indicating situations
where the ESG Score and market performance move together to a notable degree. Similarly,
the Governance Pillar Score exhibits notable peak correlations (0.69 uncontrolled and 0.79
controlled), reflecting instances of concurrent movements between governance factors
and return correlations. The Environmental Pillar Score also shows a particularly high
maximum correlation in controlled returns (0.84).

Figure 3 represents the distribution of correlation between ESG metrics and annualized
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controlled log returns. The score distributions appear to be right skewed across all metrics.
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Figure 3: Distribution of Correlation between ESG Metrics and Controlled Annualized Log Return.

Table 4 presents the number of companies that have statistically significant correlation for a
threshold at » < 0.05. The Environmental Pillar Score and ESG Score, being the most correlated,
naturally have a higher number of statistically significant correlations. Since the effect is weaker in
the Social Pillar Score and Governance Pillar Score, there are fewer companies with a statistically
significant correlation.

Table 4: Statistically Significant Correlation between Controlled Annualized Returns and ESG Metrics

Metric Correlation % of Companies <0 >0

Significant Count Count Count
ESG Score 77 38.69% 0 77
Environmental Pillar Score 81 40.70% 0 81
Social Pillar Score 56 28.14% 3 53
Governance Pillar Score 53 26.63% 3 50
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4.2. Correlation between ESG Metrics and Returns by Sectors

A deeper dive into the distribution of correlations within each sector illuminates the
significant spread and variability. Heatmaps were used to highlight sectors and metrics
with the most significant correlations. All subsequent heatmaps are on the same color
ranging from [-0.5, 0.5]. Table C.8 from Appendix C displays the full data.

Figure 4 displays the heatmap of correlations between controlled annualized log returns
and ESG metrics by sector. The returns have overall a weak to medium positive correlation
with the ESG metrics. Financial Services exhibit a correlation of 0.46 with the ESG Score,
indicating a notable association. The Healthcare sector shows a strong correlation as well,
with a 0.41 correlation to the ESG Score, and is similarly aligned with the Environmental
and Social Pillar Scores at 0.39 and 0.31 respectively. On the lower end, the Technology
sector shows a distinctively weaker correlation, particularly with the Governance Pillar
Score at 0.12. Consumer Cyclical stands out with a 0.40 correlation to the ESG Score
and a 0.34 correlation to the Governance Pillar Score. Communication Services also
demonstrate a substantial correlation with the ESG Score at 0.42.

The Environmental sector appears to be the most correlated and driving the correlation of the
general ESG Score. The Social Score is also quite correlated among most sectors, leaving the
Governance score as clearly the least correlated. The Industrial sector illustrates this, with an average
0.03 correlation with the Governance score.
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Heatmap of Correlation between ESG Metrics and Annualized Controlled Log Returns - by Sectors
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Figure 4: Heatmap of Correlations between Controlled Annualized Log Returns and ESG Metric by Sector.

4.3. Correlation between ESG Metrics and Returns by Materiality

In order to provide further granularity in this study, the 26 materiality issues isolated
by SASB were used to group companies together. The correlation between returns and
diverse ESG metrics is then computed individually for each company. These correlations
are then averaged across all the companies presenting the corresponding SASB issue.
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Figure 5: Heatmap of Correlations Between Controlled Annualized Log Return and ESG Metrics.

Figure 5 displays the heatmap of correlations between controlled annualized log returns
and ESG metrics by SASB materiality issues. Once controlled, the correlation appears
to be much stronger on a score-by-score comparison. Overall, the ESG metrics maintain
a generally positive correlation with the returns. Specific SASB issues such as GHG
Emissions (0.40), Air Quality (0.42), and Human Rights & Community Relations (0.41)
show a notable association with the ESG Score. These issues, along with Critical Incident
Risk Management (0.41), are among the most correlated within the Environmental Pillar
Score. This correlation underscores the significance of these environmental and social
issues in relation to financial performance.

In the context of the Social Pillar Score, Human Rights & Community Relations (0.40)
and Employee Health & Safety (0.42) emerge as highly correlated issues, reflecting the
importance of these aspects in corporate social responsibility. Additionally, the Governance
Pillar Score reveals a strong correlation with issues such as Management of the Legal &
Regulatory Environment (0.39) and Critical Incident Risk Management (0.42), which are
integral to governance and risk oversight within organizations.
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5. Results - Correlation between Variations of Returns and ESG Metrics

In this section, the correlation between the variations year per year of returns and ESG
metrics is calculated over the integrality of companies. The variations are then normalized
to avoid scale effect. Table 5 presents the global results, which shows an overall neutral
correlation. The study is then refined with sectors and materiality issues. Finally, a time-
lagged version of the correlations is proposed to explore potential delays between ESG
initiatives and returns. When calculating the variations, every company out of the 491 that
has a history > 2 is used, bringing the number of companies considered to 263.

Table 5: Correlation between Variations of Returns and ESG Metrics

Metric Correlation  P-Value
ESG Score Change 0.027 9.13e-10
Social Pillar Score Change -0.005 2.34e-01
Governance Pillar Score Change 0.037 8.56e-17
Environmental Pillar Score Change 0.029 2.77-11

5.1. Correlation between Variations of Returns and ESG Metrics by Sectors

Figure 6 breaks down the correlation between the variation in returns and ESG metrics
for companies in a given sector. The correlation between the variations appears to be
neutral. The coefficients remain weak, with the Energy sector having a slightly higher
negative correlation with the variation in the Social Pillar score. The Technology sector
also has a slight negative correlation with the changes in Governance score. The Financial
Services sector has the highest correlation between variations of returns and Environmental
Pillar Score Change with 0.11. The Healthcare sector has the highest correlation with the
Governance Pillar Change. The strongest correlation on the heatmap is the Energy sector
with the Social Pillar Score, standing at -0.13.
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Figure 6: Heatmap of Correlations Between Variations of Returns and ESG Metrics by Sectors.
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5.2. Correlation between Variations of Returns and ESG Metrics by Materiality

Figure 7 breaks down the correlation between the variation in returns and ESG metrics
for companies for a given materiality issue. The correlation remains weak at this level too,
indicating that there is no linear relationship identifiable between the variations in returns
and variations in ESG metrics at the granularity studied in this article.
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Figure 7: Heatmap of Correlations Between Variations of Returns and ESG Metrics by SASB Materiality
Issues.
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Figure 8 breaks down the correlation between the variation in returns and ESG score
for companies for a given materiality issue with different time lags. Time lag for a
given year t is defined as the correlation between ESG ;4 gy With the returns Ry,
with

Lag = 5, 3, 1,0, 1, 3, 5. Negative values of Lag effectively represent lagging the
return variations as opposed to lagging the rating variations. When the ESG ratings
variations are lagged by one, three or five years, the correlation with the changes in
returns is neutral for most issues. Business Model Resilience, Supply Chain
Management and Materials Sourcing & Efficiency appear to be the most correlated after
one year. Ecological impact and Business Ethics are weakly positively correlated after 5
years. Management of the Legal & Regulatory Environment is the least correlated issue
after one year.

When the returns are delayed, the correlation is weak to neutral with a one-year delay.
When delayed three years, there is a weak negative correlation for certain issues, including
Supply Chain Management, Customer Welfare and Selling Practices & Product Labelling.
At a five-year delay, there is a weak negative correlation, with the most correlated being
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Management of the Legal & Regulatory Environment and Business Model Resilience. The

other issues remain neutral.

The introduction of time-lagged analysis in these correlations reveals interesting cross-
correlation dynamics between ESG scores and company returns. Cross-correlation in time
series analysis helps in understanding how two variables, like ESG scores and returns, are
related and interact over different time lags. In this context, it suggests that ESG factors
may not change at the same time as return but could have similar variations over extended
periods. This cross-correlation analysis is particularly insightful for identifying which ESG
factors change in a similar fashion to returns. For instance, issues like Labor Practices and
Employee Engagement show stronger correlations at different time lags, suggesting that
the effect of these ESG aspects on financial performance unfolds over a longer horizon.

Figure 8: Heatmap of Correlations Between Variations of Returns and ESG Score by SASB Materiality
Issues with Time-Lag Lag. At Lag = 5 variations in returns are effectively lagged by 5 years and at
Lag = 5 variations in ESG Score are lagged by 5 years. Zag = 0 corresponds to no lag.
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6. Discussion and analysis of the results

There is a correlation between the Thomson Reuters ESG ratings and the returns.
This correlation can further be refined by filtering down by sectors and materiality to
better highlight which group of companies is more exposed. Certain sectors such as
Technology have weak positive correlation on average, while Financial Services
companies have a stronger correlation. Materiality issues further magnify those
discrepancies, by emphasizing the difference in relevance between the pillar scores,
ranging from the moderately correlated Environmental score to the weakly correlated
Governance score.

A first observation that can be drawn from the data is that the controlled have a
much higher correlation with the ESG ratings than the uncontrolled returns. One possible
explanation could be that the market factors trimmed using Fama-French 5 acted as
signal noise between the two variables.

Another notable finding is the absence of correlation between the variation of ESG
ratings and variation of annualized log returns, regardless of controlling. This indicates
that ESG ratings and annualized log returns tend to not increase or decrease concurrently
year over year. A plausible explanation could be a parallel with a company acting for
growth or for profit. It was evidenced in previous study (Lu and Beamish, 2006) that a
company may experience higher growth with stagnating profitability and vice-versa
depending on the business plan. Increasing sustainability or log returns in one’s business
requires concentrated efforts and could have an opportunity cost in the other area.

It was observed in this study that there appears to be no significant correlation at
lag periods of one, three, or five years. This lack of correlation over time suggests that
the impact of ESG factors on financial performance might not be immediate, but rather
indirect or lagged. It raises critical questions about the temporal nature of ESG integration
in financial analysis. One hypothesis could be that the benefits of high ESG ratings, such
as enhanced reputation, better stakeholder engagement, and risk mitigation, may appear
over a longer period. This delay could also be indicative of the market’s slow adjustment,
reflecting a lag in the incorporation of ESG considerations into investment decisions.

In the context of asset pricing, the relationship between ESG ratings and returns can
be understood through the lens of systematic versus unsystematic risk. Systematic risk,
which affects the entire market or a large segment of the market, can be paralleled by broad
environmental concerns that impact multiple industries, while unsystematic risk is specific
to individual companies or sectors. For instance, the stronger correlation of the
Environmental metric in the Industrials sector could suggest that governance practices
are a significant source of unsystematic risk, affecting firm-specific returns and
investment decisions.

Materiality becomes particularly relevant when considering the correlation of ESG
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metrics with sector performance. Material ESG factors vary by industry and can have a
direct impact on a firm’s risk profile and cost of capital. For example, environmental risks
are highly material for the companies recognizing the Air Quality and Employee Health
& Safety issues, suggesting that a high Environmental Pillar Score might display an
attempt at mitigating those risks, potentially lowering the cost of equity for firms with
strong environmental practices.

The regulatory environment is another factor to consider, as it can significantly affect
company risk. Firms with high Governance Pillar Scores may be better prepared to face
upcoming regulations. In sectors like Financial Services, for instance, the slight negative
correlation with Governance Pillar Scores could reflect a market perception that less
regulated firms might experience short-term gains. However, this could expose investors
to higher long-term risks, if regulatory scrutiny were to increase.

In the long-term investment horizon, High scores in ESG ratings can signal a
company’s commitment to sustainability and resilience, which can be crucial for long-
term value creation. This is particularly relevant for metrics such as Business Model
Resilience, that presents a 0.41 correlation with returns on average, suggesting that
companies prioritizing long-term sustainability initiatives may enjoy more stable returns
over time.

ESG ratings can aid in portfolio construction and diversification. By using ESG
scores to identify companies that are potentially less exposed to ESG-related risks or are
better managed, investors could reduce the risk profile of their portfolios and enhance
their resilience to market shocks driven by ESG factors.

7. Conclusion

This study evaluated the correlation between annualized log returns and Thomson
Reuters ESG metrics among the companies in the S&P500. Annualized log returns were
controlled using Fama- French 5 to remove market factors. The correlation between the
variations of both data year by year was also computed. Our findings indicate an overall
positive correlation between controlled log returns and ESG metrics. Sector-specific
analysis revealed that the company sector does influence the relationship between ESG
metrics and returns. Finally, incorporating materiality issues enhances the explanatory
power of the ESG-returns correlation by focusing on the most relevant ESG factors for
each sector and therefore refining the correlation analysis. This highlights the importance of
sector-specific and company specific ESG considerations in financial analysis, aligning
with contemporary asset pricing models.
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Appendix A. Dataset Summary Tables

Table A.6 presents the different dataset fields with their type and frequency.
Noticeably, the ESG metrics are the temporal bottleneck, as the scores provided by

Reuters are updated yearly.

Table A.6: Summary of Dataset Variables

Variable Nature Frequency Description

Date Time-series  Daily Date of data entry.

Instrument Categorical - Specific stock or financial instrument.
Sector Categorical - GICS sector of the company.

Open Price Continuous  Daily Opening price of the stock.

Close Price Continuous  Daily Closing price of the stock.

High Price Continuous  Daily Highest price of the stock during the day.
Low Price Continuous  Daily Lowest price of the stock during the day.
ESG Score Continuous  Yearly Aggregate ESG rating.

Environmental Pillar Score  Continuous  Yearly Rating based on environmental practices.
Social Pillar Score Continuous  Yearly Rating based on social responsibilities.
Governance Pillar Score Continuous  Yearly Rating based on governance structures.
Rm-Rf Continuous  Daily Excess return on the market (FF5).

SMB Continuous  Daily Small Minus Big (FF5).

HML Continuous  Daily High Minus Low (FF5).

RMW Continuous  Daily Robust Minus Weak (FF5).

CMA Continuous  Daily Conservative Minus Aggressive (FF5).

Table A.7 presents the different flags identified by SASB as the material issues. These
flags are represented as a binary vector in the dataset, indicating whether a company is

sensitive to a given issue.
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Table A.7: Summary of SASB Flags

Variable Category

GHG Emissions Environment

Air Quality Environment .

Energy Management Environment

Water & Wastewater Management Environment

Waste & Hazardous Materials Management Environment

Ecological Impacts Environment

Human Rights & Community Relations Social Capital

Customer Privacy Social Capital

Data Security Social Capital

Access & Affordability Social Capital

Product Quality & Safety Social Capital

Customer Welfare Social Capital

Selling Practices & Product Labeling Social Capital

Labor Practices Human Capital

Employee Health & Safety Human Capital .

Employee Engagement, Diversity & Inclusion Human Capital

Product Design & Lifecycle Management Business Model and Innovation
Business Model Resilience Business Model and Innovation
Supply Chain Management Business Model and Innovation
Materials Sourcing & Efficiency Business Model and Innovation
Physical Impacts of Climate Change Business Model and Innovation
Business Ethics Leadership and Governance
Competitive Behavior Leadership and Governance
Management of the Legal & Regulatory Environment Leadership and Governance
Critical Incident Risk Management Leadership and Governance
Systemic Risk Management Leadership and Governance

Appendix B. Maximum correlation interval
Pearson’s correlation takes a value between [ - 1, 1], but this is only true if the two random vectors
i and x; are of the same type (Embrechts et al., 2011). To provide further interpretability to the
coefficent, the maximum attainable interval is calculated below. Starting with the upper bound, the

first step is to calculate the covariance. Let z ~ N'(0,1), then X = Asinh (%) +¢&andY = oz + u.
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Finally,

Ao 1 y
cov(X,Y) = exp (262) cosh — 5

Equation 7

The process is now repeated for the lower bound with z ~ 3°(0,1),X = Asinh (%) +éandY =
-0z + .

Ao 1 y
cov (X,Y) = —?exp (252) cosh 5

Equation 8

We now have the variance for both distributions:
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Var(X) = %2 (exp(6™2) —1) (exp(d‘z) cosh (%/) + 1)

Var(Y) = o2
Equation 9
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Equation 10
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Equation 11
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_ Foranormal fit to the controlled returns of (
fit to the ESG metrics of (4, y, J, ? =(1.39,-1.2
[omins Pmax] = [-0.9998, 0.9998].

u,0)=0.03, 0.06) and a Johnson SU’s
2, 7.91, —0.49) the calculations indicate

Appendix C. Sector-Wise Correlation

Table C.8: Correlation between Controlled Log Returns and ESG Metrics. Legend: ESG - ESG Score, EPS
- Environmental Pillar Score, SPS - Social Pillar Score, GPS - Governance Pillar Score

ESG EPS SPS GPS

Basic Materials 039 032 030 035
Communication Services 0.17 026 021 -0.08
Consumer Cyclical 029 029 021 011
Consumer Defensive 031 027 026 027
Energy 0.08 0.17 -0.03 0.06
Financial Services 018 029 0.17 0.09
Healthcare 020 014 015 0.15
Industrials 024 023 020 0.20
Real Estate 016 020 0.09 0.01
Technology 010 015 010 0.07
Utilities 035 035 026 0.16
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Abstract—This paper introduces a novel centralized multi-
agent framework employing proximal policy optimization (PPO),
a state-of-the-art reinforcement learning algorithm. Multiple
subagents focus on different aspects of the environment, and
the actions suggested by the subagents are used to augment
the environment space for a superagent that encompasses the
subagents’ different approaches. A key feature of this model is
the built-in attention module that balances the weight attributed
to the environment variables and the suggested actions. This
architecture is designed to promote emergent behaviour and
exploration, completing the standard training of a PPO agent.
We study the efficiency and decision accuracy from the model
across several MuJoCo scenarios, and perform an ablation
study to demonstrate the influence of the attention mechanism.
Our results indicate a trade-off in performance linked to the
dimensions of the action space and address the ideal use case for
this framework.

Index Terms—Machine Learning, Proximal Policy Optimiza-
tion, Reinforcement Learning, Attention

I. INTRODUCTION

In the current landscape of machine learning, the com-
plexity and volume of data require innovative solutions to
harness the most out of a dataset. This paper aims to lay
down the foundations of a multi-agent theoretical framework,
specifically a centralized multi-agent proximal policy opti-
mization approach. Proximal policy optimization (PPO) [1] is
presently considered state of the art in reinforcement learning,
a subset of machine learning. The framework presented here
harnesses the decision-making of several subagents tuned to
each prioritize certain aspects of the dataset. These decisions
are then ultimately processed by a superagent, tasked with
synthesizing the opinion of each subagent and reaching the
final action. The superagent is equipped with an attention mod-
ule that dynamically balances between environment variables
and subagent input. From this decision-making process comes
the term centralized, there is no communication between
the subagents and the resulting subactions are part of the
superagent observation space.

The core research questions developed in this article are
the following: how can one build a resilient and versatile
artificial intelligence framework using a centralized multi-
agent approach? What are the pros and cons of this approach in
terms of performance, sample-efficiency and interpretability?

The paper is structured as follows: Section 2 includes
a contextualization and a review of the existing literature.

Section 3 introduces the mathematical definition of the frame-
work. Section 4 presents the results of the framework against
standard strategies and alternative models. Section 5 proposes
an ablation study. Section 6 discusses training time. Section
7 develops interpretability tools for the model. Section 8
documents the hardware used. Section 9 is the conclusion to
this study.

II. BACKGROUND

PPO is a policy gradient method developed by John Schul-
man et al. in 2017 [1]. The key innovation of this algorithm
over older methods such as TRPO [2] or ACER [3] is the
clip function that constrains policy updates of the agent.
PPO has been used in a wide variety of applications: Atari
games [4], track racing games [5], suspension monitoring
for cars [6], and image captioning [7]. A number of articles
have proposed innovations to the base algorithm, for instance
an alternative minimization target [8], [9] introduced policy
feedback; specifically improving early learning stages, which
are recognized as a potential weak point of PPO [10]. Recently
proposed improvements include a shift in learning to offline
policy optimization [11] and including conservatism [12].

Multi-agent methods have gained significant attention in the
field of reinforcement learning, particularly for their capability
to simulate complex systems involving interactive agents. A
notable early work in multi-agent systems is [13] which
explored the dynamics of cooperative and competitive agents
in a shared environment. Recent advancements have integrated
PPO into multi-agent applications: [14] applied multi-agent
PPO to competitive and cooperative tasks, [15] successfully
employed multi-agent reinforcement learning in the complex
environment of the Dota 2 game. The integration of PPO
into multi-agent systems has also been explored in real-world
scenarios such as traffic light control [16], and collaborative
robotics [17]. Innovations specific to multi-agent PPO include
[18], which introduced a meta-learning approach to enhance
adaptability across different tasks and agent configurations and
[19], which presented the concept of leniency in multi-agent
learning, mitigating the non-stationary issue commonly faced
in such environments.

Attention is a machine learning mechanism designed to im-
itate human awareness. Attention was brought to the forefront
of the field with the transformer architecture, a self-attention-
based architecture that enabled the recent breakthroughs in



large language models [20]. It has since seen many imple-
mentations including in recurrent neural networks for search
results customization [21], missing data imputation [22], and
in computer vision [23]. In reinforcement learning, attention
models have been developed within theoretical frameworks
[24] and diverse applications, such as source code summa-
rizing [25], dynamic graph problems [26], and road networks
management [27].

The novelty of this model lies in the combination of staple
reinforcement learning concepts. Multi-agents models have
been explored in adversarial and cooperative settings, but to
our knowledge not in an independent centralized manner. The
addition of the attention module to the superagent provides
avenues of interpretability and fine-tuning for the model that
were not previously studied. The method-agnostic nature of
this design also increases its potential for future studies, as this
study only explores its application with PPO. This study also
creates an opportunity for further applications of the design in
simulated environment encompassing diverse fields.

III. FRAMEWORK DETAILS

As mentioned in [28], implementation is key in deep policy
gradient algorithms. As such, the framework below is imple-
mented using the clean-rl library [29].

A. Proximal Policy Optimization (PPO)

« Policy Function: For an agent z, its policy at time ¢ is a
probability density function denoted as 7y (at|o;), where
0 are the parameters of the policy, o, is the observation
for agent = at time ¢, and a, are the actions that can be
taken. The policy is then sampled to obtain the action
taken ay ~ mp(at|or).

« Objective Function: The PPO objective function is de-
fined as:

LPFO(9) = E, [min(rt(é‘)fit,clip(rt(ﬁ), 1-—€61+ E)At)]

o (ai Iot)
T4 (:lc lot)
hyperparameter and A; is an estimator of the advantage at
time ¢, typically computed using Generalized Advantage
Estimation (GAE).

« Advantage Estimation: The advantage Ay is computed as:
Ap =0+ (YN)oeq1 + ...+ (PN (1)

with 6; = r, + 9V (0t4+1) — V(0;) and V a learned state-
value function.

o Training Process: The agent is trained by iteratively
updating its policy parameters. This involves:

where r,(6) = is the probability ratio, € an

1) Collecting trajectories by interacting with the envi-
ronment using the current policy.

2) Estimating the advantages using GAE.

3) Calculating the surrogate objective function.

4) Optimizing the surrogate objective function using
gradient ascent while ensuring the updates stay
within a specified clipping range to maintain policy
stability.

B. Centralized Multi-Agent Model

« Centralization: Each subagent is trained independently on
its own environment. The action taken by a subagent
on its given environment does not influence the other
environments, and as such there is no communication
between the subagents. The local observation for agent
x; at time ¢ is represented by oy ;.

o Policy Representation: The policy of an agent ¢ is
70, (4,i]0¢,:)-

o Sampling of the Policy: o, i ~ g, (ar,;
is the action taken by agent ¢ at time .

« Reward Function: Each agent z; has its own reward
function R;(o, as,;).

« Training Process: Agents are trained iteratively, updating
their policy parameters using the PPO objective function.

ot;) where oy,

C. Superagent Decision-Making Model

o Superagent’s role: The superagent x y makes the overarch-
ing decision, influenced by the decisions of the subagents
{z1,22,...,z,} and the current state of the environment
O¢.

« Aggregation Function: the aggregation function F is a
linear or non-linear function that combines the outputs of
the subagents and the current state of the environment:

f

57 = Flou1, 02, -, Qe n, 045 @) )

where 9,f is the state at time ¢, and ¢ are the parameters
of the aggregation function.
« Final Decision-Making Policy: The superagent’s policy
I ooy .
mo,(ay, s7) is then sampled to produce the final action
;.

D. Attention Mechanism in Decision-Making

To enhance the decision-making process, an attention mech-
anism is integrated into the superagent’s framework. This
mechanism is designed to dynamically prioritize the influence
of subagent actions and the environmental state on the final
decision-making process.

« Attention Module Construction: The attention module
consists of two main components:

— Linear transformations that compute the attention
scores for environmental states and subagent actions
respectively, denoted as feny and foup.

— A softmax layer that normalizes these scores to form
attention weights.

« Input Representation: Let e; represent the encoded
environmental state and a1, 0y 2, . . ., 0, TEpresent the
actions taken by the subagents at time ¢. 2,y and 2y, are
the linearly transformed environmental state and actions.
These are processed through their respective linear layers:

Zenv = fenv(et; aenv)7 (3)
Zsub = feub([amlv Qt2,. .-, at.n]; esuh)s 4)



where 0, and 6y, are the parameters of the linear
transformations for the environment and subagent actions,
respectively.

o Attention Weights Calculation: The attention weights
Weny and wygy, are computed as follows:

[wenvv wsub] = softmax ([ZCHV7 Zsub]) . (5)

These weights determine the relative influence of the
environmental states and the subagent actions on the
decision-making process of the superagent.

« Feature Aggregation: The weighted sum of features,
influenced by the calculated attention weights, forms the
input to the decision-making layers of the superagent:

. -,at,n] (6)

where d; is the aggregated decision input for the super-
agent at time ¢.

« Policy Decision: The superagent uses d; along with the
state s; to determine the appropriate action atf through
its policy network:

f
dt = Weny * €¢ + Wsyp [at,ls Qg 2, ..

af ~ o, (af|d]) )

where 0 are the parameters of the superagent’s policy
network.

« Finally, we can express the action taken by the superagent
relative to the subagents’ policy as:

af ~ o, (af [wen - € + wan - [a,1 ~ 7o, (ar1]or1)

01,2), . ~ T, (Gt,n|0¢n)])

®)

This attention mechanism allows the superagent to adap-
tively focus more on either the subagent actions or the envi-
ronmental state based on the current scenario, enhancing the
flexibility and effectiveness of the decision-making process.

yeee, Qg2 7T92(at,2

IV. RESULTS

Multi-Joint dynamics with Contact, commonly called Mu-
JoCo [30], proposes several standard environments to train
and benchmark models on. Three MuJoCo environments were
selected as experimental settings. The three environments are:
Hopper-v4, Half-Cheetah-v4 and Humanoid-v4. In these envi-
ronments, the reward (R) is calculated using several factors:
the forward reward (F}.) and control cost (C'trl.) are common
to all tasks. The forward reward is the movement alongside
the x-axis, while the control cost is a penalty for each action
taken. The Hopper and Humanoid implement a healthy reward
(H,) that determines whether the action is damaging. The Hu-
manoid also implements a contact cost (Ctct.) that penalizes
the agent if the contact force with the ground is too high. The
subagents are then tested on the base environment over 10
epochs, and ranked by the average cumulative reward. Based
on the ranking, eight superagents are then trained with an
increasing number of subagents contributing to the observation
space. All agents are trained over four million timesteps.

TABLE I: Reward function formulas

Environment Reward formula

HalfCheetah-v4
Hopper-v4
Humanoid-v4

R=wj - F — weiry - Ctrl
R=wys F+wy-H—wep - Ctrl
R=wys - F+wp - H—wery - Ctrl — weter - Ctet

Table I presents the reward formula for each environment.
The term w; is the weight for a reward term 3.

A. Subagents Performance - Same Reward

In this experiment, eight agents were trained with identical
reward functions. Each environment uses the default configu-
ration, but a different random seed.

TABLE II: Subagents performance across HalfCheetah-v4,
Hopper-v4, and Humanoid-v4

Subagent  Average Reward  Average Reward  Average Reward
(HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)

1 -719.19 1207.45 3187.72

2 -287.17 1023.79 2857.51

3 -388.11 1203.78 3050.35

4 -342.99 1172.62 2971.13

5 -667.03 1152.54 2988.99

6 -145.95 1212.92 2801.29

7 -180.96 1142.96 2984.01

8 -898.91 1237.77 3018.10

Table II shows the performance of subagents across the
three test environments. Highest and lowest performing agents
for each environment in bold. The average cumulative reward
varies by environment, which indicates that the environment
state in certain random seeds is more suited for policy gradient
learning.

B. Superagents Performance - Same Reward

TABLE III: Superagents performance across environments

Number Average Reward  Average Reward  Average Reward
of Subagent(s)  (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -239.99 1204.68 2873.40
2 -214.03 1267.98 2993.25
3 -323.44 1336.50 3057.08
4 -180.76 1207.91 2999.07
5 -380.27 1259.87 2931.13
6 -414.66 969.09 2974.15
7 -440.89 1211.66 2888.64
8 -498.05 1266.79 3178.57

Table III displays the average cumulative reward across
the three environments. When using subagents with the
same reward function, the performance slowly increases for
HalfCheetah-v4, until four subagents. When adding more sub-
agents, the model drops in performance. A similar pattern can
be observed with Hopper-v4, which peaks at three subagents.
The Humanoid-v4 sees no major gain or loss and remains
stable across the board, despite a slight boost in performance
at eight subagents. A possible explanation could be that using
the same reward function, the subagents are unlikely to explore
new behaviours that could then be passed to the superagent.



C. Subagents Performance - Mixed Reward

In this experiment, the reward function coefficients of the
subagents were altered to promote emergent behaviours and
exploration. In each subagent configurations table, the config-
urations in bold are the default settings of the environment.

TABLE IV: Subagent configurations for HalfCheetah-v4

(Forward reward weight, Control cost weight)  Average reward

(0.5, 0.5) 105.06
(1.0, 0.5) -132.32
(1.0, 0.1) -297.40
(0.5, 0.1) -650.33
(1.0, 0.01) -659.02
(1.0, 0) -680.37
(1.0, 0.1) -707.54
(2.0, 0.001) -734.57
(3.0, 0.001) -765.30

As shown in Table IV, the HalfCheetah-v4 altered con-
figurations had a wide range of performance on the original
environment. The average cumulative reward degraded signifi-
cantly when the forward reward weight and control cost weight
were changed. One explanation could be that techniques to
move forward with a very high control cost might have
been learnt by the last two subagents, which hindered their
performance on the base environment.

TABLE V: Subagent configurations for Hopper-v4

(Forward reward weight, Control cost weight, ~ Average reward
Healthy reward weight, Healthy state range,

End when unhealthy)

(3.0, 0.0001, 0.0, [-100, 100], N) 1468.63
(0.5, 0.01, 2.0, [-100, 1001, Y) 1402.84
(0.5, 0.0005, 1.0, [-100, 100], Y) 1267.66
(1.0, 0.001, 0.5, [-100, 1001, Y) 1233.06
(1.0, 0.05, 1.0, [-100, 100], Y) 1227.56
(1.5, 0.01, 0.5, [-150, 1501, Y) 1192.80
(2.0, 0.001, 0.5, [-100, 100], Y) 1161.34
(3.0, 0.0, 0.5, [-300, 300], Y) 1157.77
(1.0, 0.001, 1.0, [-100, 100], Y) $94.40

Table V presents the configurations for the Hopper-v4 envi-
ronment. The best performer was surprisingly one of the most
altered configuration. This configuration prioritized heavily
forward reward by discounting the control costs and health
penalties, encouraging risky behaviours. But this strategy
fell apart when the health penalty was reintroduced, despite
completely removing the control cost and increasing the ac-
cepted healthy range. The average rewards are however much
closer from one configuration to the other, indicating that the
environment could be less sensitive to extreme configurations.

TABLE VI: Subagent configurations for Humanoid-v4

(Forward reward weight, Control cost weight,
Contact force cost weight, Healthy reward weight,
Terminate when unhealthy)

Average reward

(0.5, 1.0, 1.5, 1.0, Y) 4768.19
(1.0, 0.5, 2.0, 1.0, Y) 3524.77
(1.0, 05, 1.0, 1.0, Y) 3457.94
(1.5, 0.5, 0.5, 0.5, Y) 3449.48
(0.5, 0.5, 0.5, 2.0, Y) 3265.30
(3.0, 0.4, 0.5, 0.5, N) 3251.51
(1.25, 0.1, 5e-7, 5.0, Y) 3175.08
(0.8, 0.1, 0.5, 1.0, Y) 3135.93
(5.0, 0.01, 0.5, 0.0, N) 2881.68

In the Humanoid-v4 environment, the best performer was
the complete opposite of the Hopper-v4 top performer, as
shown in Table VI. The best performing configuration was
tweaked to have an increased control cost weight, and a
discounted forward reward weight, promoting a safer and
minimalist approach. The configuration with increased forward
reward and discounted control cost performed poorly, with two
of the bottom configurations disregarding the healthy reward
completely.

D. Superagent Performance - Mixed Reward

TABLE VII: Superagents performance across environments

Number Average Reward ~ Average Reward  Average Reward
of Subagent(s)  (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -638.57 1211.08 2947.44
2 -580.10 1218.86 3006.55
3 -370.44 1070.40 2924.49
4 -509.26 1239.58 2847.21
5 -166.40 1240.30 3013.42
6 -411.29 1960.75 2895.03
7 -269.72 1124.24 2924.15
8 -201.02 1317.25 3003.72

Table VII presents the superagent performance across the
three environments according to the number of subagents
used. In the Hopper-v4 environment, where the action space is
smaller, the addition of subagents seems to directly contribute
to performance enhancement. The performance consistently
improves with the number of subagents up to five, achieving
the highest average reward. This trend suggests that the
lower dimensionality of the action space allows for effective
integration and utilization of the diverse strategies provided
by multiple subagents without excessively complicating the
decision-making process. Beyond five subagents, the benefits
stabilize, indicating a potential optimal number of subagents
for balancing decision complexity and performance gain in
this environment.

V. ABLATION

We perform an ablation study by removing the attention
module from the model. The observation state is an aggrega-
tion of the environment state and the subagent actions.



TABLE VIII: Superagents performance across environments -
Same reward

Number
of Subagent(s)

Average Reward
(HalfCheetah-v4)

Average Reward
(Hopper-v4)

Average Reward
(Humanoid-v4)

1 -816.96 750.50 3201.09
2 -774.47 895.89 3134.73
3 -845.92 1007.24 3190.50
4 -743.34 916.88 3198.28
5 -831.56 959.84 3192.95
6 -685.47 785.57 3194.82
7 -822.90 907.81 3191.17
8 -638.94 838.87 3193.77

As shown in Table VIII, introducing subagent actions to
the environment space without the attention module provides
a reduction of the variance of average cumulative reward, espe-
cially in the Humanoid-v4 environment. The HalfCheetah-v4
environment presents a lower average cumulative reward with
eight subagents, which could be due to the higher number of
dimension in the observation space not being counterbalanced
by the attention mechanism.

TABLE IX: Superagents performance across environments -
Mixed reward

Number
of Subagent(s)

Average Reward
(HalfCheetah-v4)

Average Reward
(Hopper-v4)

Average Reward
(Humanoid-v4)

1 -403.16 1086.12 3046.32
2 -411.80 1181.87 2909.05
3 -398.84 1228.52 2999.23
4 -240.12 1186.45 2992.99
5 -389.94 1254.67 3061.87
6 -354.67 992.95 3097.98
7 -736.08 1158.10 3093.66
8 -111.10 1175.43 3072.68

The absence of the attention module is further illustrated
in Table IX when using mixed rewards. The HalfCheetah-
v4 environment shows a pattern of increasing the average
reward as the number of subagents grows, up to five where
the performance goes down. However, the best performer is
surprisingly the one using eight subagents, indicating that
more subagents could potentially enhance the performance
regardless. In the Hopper-v4 environment, the lack of attention
is the most evident, as the best performer with attention be-
comes the worst performer without it. This indicates a failure
to capture the potential emerging behaviours brought up by
the subagents. Finally the Humanoid-v4 environment remains
consistent across the board, with no discernable pattern that
can be linked to the number of subagents or the presence of
the attention mechanism. The ablation study shows that the
attention module has at best positive impact on the average
reward for the Hopper-v4 and at worst no impact for the
Humanoid-v4. The integration of the attention module also
allows for further interpretability, as demonstrated in section
VII-A.

VI. TRAINING TIME

The subagents need to be trained before suggesting relevant
subactions. This means that the superagent can only be trained

after the subagents have completed their own learning. In sec-
tion IV, all agents were trained using four million timesteps.
This means that a superagent with 2 subagents would have
been trained effectively a total of 12 million timesteps. The fol-
lowing section will compare the performance of the centralized
multi-agent model with attention with different numbers of
subagents versus the performance of baseline PPO at different
timesteps. The training time of each subagent and superagent
remains 4M timesteps. Since the superagent can only be
trained sequentially after the subagents, the total timesteps
required to train can be approximated in two different ways:

o The subagents can be trained in parallel in separate
environments and learn their respective policies indepen-
dently. The total training time is then tyotar = tsubagent +
tsuperagent> Which in the Results section adds up to eight
million timesteps.

« The subagents are trained in parallel, but the total train-
ing time of the model is a function of the number of
SUbagentS: Ltotal = Nsubagent * tsubagent + tsuperu,gent-

With ¢ denoting the number of timesteps in training and
Nsubagent the number of subagents.

Tables X, XI and XII compare the average reward of the
superagent versus vanilla PPO depending of the number of
subagents/timesteps and their respective environment.

TABLE X: Superagent performance versus PPO at different
number of subagents/timesteps in the HalfCheetah-v4 envi-
ronment

Number Average Reward  Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 -638.57 -266.09
2/12 -580.10 -527.12
3/16 -370.44 -453.93
4720 -509.26 -628.43
5/24 -166.40 -150.54
6/28 -411.29 -328.68
71732 -269.72 -628.64
81/36 -201.02 -496.64

In Table X, the 24 million timesteps baseline PPO performs
the best. The model experiences diminishing returns at a
higher number of timesteps. At < 6 subagents, the superagent
gets outperformed by baseline PPO. But as the number of
subagents increases, the superagent beats out baseline PPO.

TABLE XI: Superagent performance versus PPO at different
number of subagents/timesteps in the Hopper-v4 environment

Number Average Reward  Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 1211.08 1036.82
2/12 1218.86 802.06
3/16 1070.40 820.14
4720 1239.58 909.84
5/24 1240.30 756.75
6/28 1960.75 1185.06
71732 1124.24 294.01
81/36 1317.25 735.11




In Table XI, the superagent beats out baseline PPO. Ac-
cording to the second approach, the best performer in vanilla
PPO has an equivalent training time to the best performer of
the superagents, but a much lower reward. This result further
indicates the adequacy of the centralized multi-agent model
with attention for this environment.

TABLE XII: Superagent performance versus PPO at different
number of subagents/timesteps in the Humanoid-v4 environ-
ment

Number Average Reward ~ Average Reward
of Subagent(s)/Timesteps (millions) (Superagent) (Baseline PPO)
1/8 2947.44 2818.45
2/12 3006.55 2224.58
3/16 2924.49 2058.88
4/20 2847.21 2178.31
5/24 3013.42 1854.18
6/28 2895.03 2108.89
71732 2924.15 2283.85
81736 3003.72 2897.81

In Table XII, the baseline PPO experiences heavy dimin-
ishing return as the number of timesteps increases, before
increasing again. This could be due to an overfit in training in
larger timesteps. The superagent remains stable with the num-
ber of subagents increasing, while not significantly improving
upon the result of baseline 8M PPO. A possible avenue
for improvement could be to further explore the optimal
configurations for the subagents that cover a targeted range
of useful behaviours.

TABLE XIII: Superagents performance across environments -
Mixed reward at 4M timesteps

Number Average Reward  Average Reward  Average Reward
of Subagent(s)  (HalfCheetah-v4) (Hopper-v4) (Humanoid-v4)
1 -434.83 1211.15 3068.60
2 -400.35 1220.97 3152.63
3 -489.26 1178.29 3116.24
4 -232.20 1250.41 3143.65
5 -188.02 1225.38 3143.34
6 -214.85 1200.25 3149.51
7 -315.33 1213.10 3182.25
8 -247.26 1198.95 3149.07
Baseline PPO -579.76 895.19 3190.66

Table XIII presents the subagents performance across en-
vironments. The subagents and superagents were trained two
million timesteps each, and the baseline PPO 4M timesteps.
In HalfCheetah-v4, the top performer remains the superagent
with five subagents. There is little variance in average reward
for the Hopper-v4 environment, as all values except baseline
are within £60. In both HalfCheetah-v4 and Hopper-v4, the
superagents significantly outperform baseline. In Humanoid-
v4, baseline is the best performer and outperforms all super-
agents. With seven subagents, the superagent comes close to
outperforming benchmark PPO.

VII. INTERPRETABILITY

A. Attention weights

Extracting the weights attributed to each component of the
superagent state can help us interpret the model’s decision
making. We record and plot the attention weight for the three
superagents with the best cumulative average reward.

Attention Weights for Environment and Subagent
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Fig. 1: Attention weights per episode/2 - HalfCheetah-v4

In Figure 1, The HalfCheetah-v4 strikes a balance of at-
tention between the subactions and the environment state. A
possible explanation for this distribution of attention could be
that further training is needed to reach more stable attention
weights.

Attention Weights for Environment and Subagent
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Fig. 2: Attention weights per episode/2 - Hopper-v4

The Hopper-v4 rapidly stabilises at a 70-30 split between
the environment state and the subactions, as shown in Figure
2. Since this model outperformed the baseline considerably,
a possible tool to tune the number of subagents and their
configurations could be the distribution of attention weights.
A quick convergence to a stable split of attention between
subactions and environment state could indicate efficient pri-
oritization from the superagent.



Attention Weights for Environment and Subagent
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Fig. 3: Attention weights per episode/2 - Humanoid-v4

In Figure 3, the Humanoid-v4 is shown to follow a similar
yet slower trend than the Hopper-v4. This could be due to
needing a longer training time, or the difference in dimensions
in the action space. The latter seems more likely, as the action
space of the Hopper-v4 is only 2-dimensional and the action
space of the Humanoid-v4 has 64 dimensions.

B. Cosine distance between actions of the superagent and
subagents

In order to evaluate how close the action of the superagent
are from the action of its subagents, we calculate the cosine
distance [31] between the action vectors given by the sub-
agents, and the one calculated by the superagent. We recorded
this data over 10 epochs on a randomly seeded environment for
the three superagents with the best cumulative average reward.
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Fig. 4: Heatmap of cosine similarities between the subactions
and the superagent actions - HalfCheetah-v4

In Figure 4, the superagent actions show very little cosine
similarity with the actions taken by the subagent 0, despite
this subagent earning the highest reward out of all the altered
configurations. Instead, the superagent actions have a high
cosine similarity with the actions of subagent 3, which used
the base parameters. This could mean that the attention module
failed to recognize behaviours that could potentially earn

a higher reward. This could also mean that the behaviour
proposed by the subagents were not sustainable long term
strategies and instead were shortcuts to a local optimum.

Cosine Similarities between Subactions and Final Action
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Fig. 5: Heatmap of cosine similarities between the subactions
and the superagent actions - Hopper-v4

The Hopper-v4 environment presents the clearest trend, as
shown in Figure 5: the three first subagents, which are the
best performers, have a higher cosine similarity between the
superagent actions and the subactions. This means that in this
environment the attention managed to capture the relevancy of
the actions advised by the subagent. The superagent’s actions
also demonstrate fluctuations across episodes in the cosine
similarity with subactions, indicating that different strategies
are prioritized depending on the environment state and the
attention given to the subactions.
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Fig. 6: Heatmap of cosine similarities between the subactions
and the superagent actions - Humanoid-v4

In Figure 6, the Humanoid-v4 environment presents no
similarity between the actions of the superagent and the
subactions. The subagent 0, which performed outstandingly
on the base environment, has a nearly 0 cosine similarity in
its action with the superagent. The conclusions are similar
to the HalfCheetah-v4 environment, and the model fails to



capture the value of the subactions despite the weighting of
the aggregation function through the attention module.

VIII. HARDWARE

Prototyping and testing were done on a Nvidia 3090 FE.
Experiments ran on a Nvidia A10 (24Gb PCle, 30 CPU cores).

IX. CONCLUSION

This study presents a novel multi-agent architecture for
Proximal Policy Optimization which harnesses attention to pri-
oritize behaviours from subagents depending on the environ-
ment state. The model outperforms the baseline in the Hopper-
v4 and HalfCheetah-v4 environments in mixed reward, and
performs at baseline level in the Humanoid-v4 environment.
Using mixed reward functions, the framework is versatile and
applicable to real world problems.

The model performs best in a continous action space with
few dimensions, as the benefits of augmenting the environment
state with the suggested actions of the subagents fall off
as the number of dimensions in the action space increases.
This approach also provides additional interpretability tools
by studying the attention weights and the cosine similarity
between actions and subactions.

Future research could focus on implementing this model
in real-life reinforcement learning problems. The attention
module could also be extended into multi-headed attention,
in order to have separate channels for each subagent. Another
possible improvement could be to apply this method to another
algorithm than PPO, as the principle behind the centralized
multi-agent approach is model agnostic.

REFERENCES

[1] J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov, “Prox-
imal policy optimization algorithms,” arXiv preprint arXiv:1707.06347,
2017.

J. Schulman, S. Levine, P. Abbeel, M. Jordan, and P. Moritz, “Trust

region policy optimization,” in International conference on machine

learning. PMLR, 2015, pp. 1889-1897.

[3] Z. Wang, V. Bapst, N. Heess, V. Mnih, R. Munos, K. Kavukcuoglu, and
N. De Freitas, “Sample efficient actor-critic with experience replay,”
arXiv preprint arXiv:1611.01224, 2016.

[4] L. Kaiser, M. Babacizadeh, P. Milos, B. Osinski, R. H. Camp-
bell, K. Czechowski, D. Erhan, C. Finn, P. Kozakowski, S. Levine
et al., “Model-based reinforcement learning for atari,” arXiv preprint
arXiv:1903.00374, 2019.

[5] M. S. Holubar and M. A. Wiering, “Continuous-action reinforcement
learning for playing racing games: Comparing spg to ppo,” arXiv
preprint arXiv:2001.05270, 2020.

[6] S.-Y.Han and T. Liang, “Reinforcement-learning-based vibration control

for a vehicle semi-active suspension system via the ppo approach,”

Applied Sciences, vol. 12, no. 6, p. 3078, 2022.

L. Zhang, Y. Zhang, X. Zhao, and Z. Zou, “Image captioning via

proximal policy optimization,” Image and Vision Computing, vol. 108,

p. 104126, 2021.

T. Kobayashi, “Proximal policy optimization with relative pearson

divergence,” in 2021 IEEE International Conference on Robotics and

Automation (ICRA). IEEE, 2021, pp. 8416-8421.

[9] Y. Gu, Y. Cheng, C. P. Chen, and X. Wang, “Proximal policy optimiza-

tion with policy feedback,” IEEE Transactions on Systems, Man, and

Cybernetics: Systems, vol. 52, no. 7, pp. 46004610, 2021.

C. C.-Y. Hsu, C. Mendler-Diinner, and M. Hardt, “Revisiting

design choices in proximal policy optimization,” arXiv preprint

arXiv:2009.10897, 2020.

2

[7

[8

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

Q. Cai, Z. Yang, C. Jin, and Z. Wang, “Provably efficient exploration in
policy optimization,” in International Conference on Machine Learning.
PMLR, 2020, pp. 1283-1294.

T. Yu, A. Kumar, R. Rafailov, A. Rajeswaran, S. Levine, and C. Finn,
“Combo: Conservative offline model-based policy optimization,” Ad-
vances in neural information processing systems, vol. 34, pp. 28 954—
28967, 2021.

M. Tan, “Multi-agent reinforcement learning: Independent vs. cooper-
ative agents,” Proceedings of the Tenth International Conference on
Machine Learning, 1993.

R. Lowe, Y. Wu, A. Tamar, J. Harb, P. Abbeel, and I. Mordatch, “Multi-
agent actor-critic for mixed cooperative-competitive environments,” in
Advances in Neural Information Processing Systems, 2017.

C. Berner, G. Brockman, B. Chan, V. Cheung, P. Debiak, C. Dennison,
D. Farhi, Q. Fischer, S. Hashme, C. Hesse et al., “Dota 2 with large
scale deep reinforcement learning,” arXiv preprint arXiv:1912.06680,
2019.

X. Liang, X. Du, G. Wang, and Z. Han, “Deep reinforcement learn-
ing for traffic light control in vehicular networks,” arXiv preprint
arXiv:1904.08117, 2019.

L. Matignon, G. Laurent, and N. Le Fort-Piat, “Coordinated multi-agent
learning: The state of the art,” Artificial Intelligence Review, vol. 37,
no. 3, pp. 219-250, 2012.

T. Yu, G. Qu, A. Singh, S. Levine, and C. Finn, “Meta-learning with
latent embedding optimization in multi-agent systems,” in International
Conference on Learning Representations, 2020.

G. Palmer, K. Tuyls, D. Bloembergen, and R. Savani, “Lenient multi-
agent deep reinforcement learning,” arXiv preprint arXiv:1805.045606,
2018.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez,
L. Kaiser, and I. Polosukhin, “Attention is all you need,” Advances in
neural information processing systems, vol. 30, 2017.

X. Guo, H. Zhang, H. Yang, L. Xu, and Z. Ye, “A single attention-based
combination of cnn and rnn for relation classification,” IEEE Access,
vol. 7, pp. 12467-12475, 2019.

R. Wu, A. Zhang, I. Ilyas, and T. Rekatsinas, “Attention-based learning
for missing data imputation in holoclean,” Proceedings of Machine
Learning and Systems, vol. 2, pp. 307-325, 2020.

M. J. Er, Y. Zhang, N. Wang, and M. Pratama, “Attention
pooling-based convolutional neural network for sentence modelling,”
Information Sciences, vol. 373, pp. 388-403, 2016. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S0020025516306673
L. Bramlage and A. Cortese, “Generalized attention-weighted reinforce-
ment learning,” Neural Networks, vol. 145, pp. 10-21, 2022.

W. Wang, Y. Zhang, Y. Sui, Y. Wan, Z. Zhao, J. Wu, S. Y. Philip, and
G. Xu, “Reinforcement-learning-guided source code summarization us-
ing hierarchical attention,” IEEE Transactions on software Engineering,
vol. 48, no. 1, pp. 102-119, 2020.

U. Gunarathna, R. Borovica-Gajic, S. Karunasekara, and E. Tanin,
“Solving dynamic graph problems with multi-attention deep reinforce-
ment learning,” arXiv preprint arXiv:2201.04895, 2022.

C. Liu and G. Liu, “Jointppo: Diving deeper into the effective-
ness of ppo in multi-agent reinforcement learning,” arXiv preprint
arXiv:2404.11831, 2024.

L. Engstrom, A. Ilyas, S. Santurkar, D. Tsipras, F. Janoos, L. Rudolph,
and A. Madry, “Implementation matters in deep policy gradients: A case
study on ppo and trpo,” arXiv preprint arXiv:2005.12729, 2020.

S. Huang, R. F. J. Dossa, C. Ye, J. Braga, D. Chakraborty, K. Mehta,
and J. G. Aratjo, “Cleanrl: High-quality single-file implementations of
deep reinforcement learning algorithms,” Journal of Machine Learning
Research, vol. 23, no. 274, pp. 1-18, 2022. [Online]. Available:
http://jmlr.org/papers/v23/21-1342.html

E. Todorov, T. Erez, and Y. Tassa, “Mujoco: A physics engine for
model-based control,” in 2012 IEEE/RSJ International Conference on
Intelligent Robots and Systems. IEEE, 2012, pp. 5026-5033.

G. Qian, S. Sural, Y. Gu, and S. Pramanik, “Similarity between euclidean
and cosine angle distance for nearest neighbor queries,” in Proceedings
of the 2004 ACM symposium on Applied computing, 2004, pp. 1232—
1237.



224



Appendix C

Article 3 - Inverted Transformers
Interpretability Beyond Attention
Visualization [42]



Inverted Transformers Interpretability Beyond
Attention Visualization

Hugo Cazaux*!, Ralph Rudd*, Hlynur Stefansson*, Sverrir Olafsson*, Eyjélfur Ingi Asgeirsson*
*Department of Engineering, Reykjavik University, Menntavegur 1, 102 Reykjavik, Iceland
TCorresponding author: hugot20@ru.is, Menntavegur 1, 102 Reykjavik, Iceland

Abstract—Transformer-based forecasters have recently become
state-of-the-art in time series predictions over linear forecast-
ers. However, this promotion comes at the loss of the innate
interpretability of linear forecasters. Real life examples of time
series prediction often involve critical data, and interpretability
is crucial for continuous improvement and accountability when
predicting. This paper introduces a novel approach that extends
existing transformer-specific interpretability methodologies to
bridge this gap. This paper exploits relevance calculation that are
employed in adjacent transformer-based architecture in image
and natural language processing. This method is then applied to
the inverted transformer architecture, one of the latest and best
performing transformer-based forecaster. The method produces a
relevance map linking the relationship drawn between features by
the model. The relevance map gives feedback on the key variables
that influence the model’s decision the most, further enhancing
the human understanding of the dataset. A key result of this
study is a significant improvement in transformer based model
explainability, without relying directly on visualizing the attention
weights. Another key outcome is the potential adaptation of other
transformer-specific tools to the inverted transformer.

Index Terms—Time series analysis, Interpretability, Trans-
former, Regression

I. INTRODUCTION

Transformers have revolutionized the natural language pro-
cessing with their self-attention mechanism and layered feed-
forward networks. The self-attention mechanism enables the
model to weigh the importance of each input token in relation
to others, allowing it to capture long-range dependencies,
while the feed-forward networks refine these relationships
across layers. However, their application to time series fore-
casting, especially with larger lookback windows, has lagged
behind.

This lag was underscored by the surprising effectiveness of
linear forecasters, which outperformed earlier adaptations of
the transformer architecture for time series prediction [1]. With
a low computational cost and a strong base of interpretability,
the linear forecasters beat out the modified transformer ar-
chitectures, especially for long-term predictions. As research
progressed on Transformer-based models, linear forecasters
are no longer the leading architecture, a step forward in
performance at the cost of interpretability.

The inverted transformer (iTransformer) architecture is
among the state-of-the-art models in time series analysis [2].
By inverting the typical duties of the attention mechanism

and feed-forward networks of the standard transformer ar-
chitecture, the architecture is better suited to forecast series
with larger lookback windows. The iTransformer currently
ranks first in the long-term forecasting task of the Time
Series Analysis benchmarks [3]. As the iTransformer does
not introduce any adaptation to the basic components, this
architecture also benefits from the tools developed for the
original Transformer architecture.

This paper leverages the similarity between the original
Transformer architecture and the iTransformer to adapt and
extend Transformer-specific interpretability methods. Specifi-
cally, we explore the application of Chefer’s generic method
for transformer interpretability [4]. This paper reformulates the
original method for a continuous output, and adapts it to the
inverted transformer architecture. The result is a continuous
relevance map highlighting critical variates that are influential
in the predictive power of the model, and greatly contribute
to the tuning and accountability of the model.

The core research questions in this article are the following:
can tools designed for Transformers be extended to the iTrans-
former architecture? Can the interpretability of iTransformer
be improved using Transformer-specific techniques? What
insights can be learned about the dataset and the model through
relevance maps?

The paper is structured as follow: Section 2 includes a con-
textualization and a review of the existing literature. Section 3
introduces the mathematical definition of the method. Section
4 details the tokenization mechanism and draws the link
between tokens and features. Section 5 presents the results of
the method on a standard benchmark task. Section 6 presents
an alternative representation of relevance for larger datasets.
Section 7 is the conclusion to this study.

II. BACKGROUND

The transformer architecture [5] has become a cornerstone
of deep learning, particularly in natural language process-
ing tasks. The self-attention mechanism allows the model
to weight the importance of different tokens in a sequence
relative to one another. This architecture is the foundation
behind most of the mainstream models, such as ChatGPT
[6], Claude [7], Mistral [8], and Llama [9]. The surge in
research has provided fast improvement in parallelization [10]
and diverse optimizations [11].

Various modification paradigms have been proposed to
improve the accuracy of Transformer-based forecasters. Auto-



former [12] and Informer [13] propose to replace the attention
component respectively with an autocorrelation and sparse
attention mechanisms. Crossformer [14] focuses on model-
ing the cross-time and cross-dimension dependency using a
two-stage attention and modified hierarchical encoder-decoder
architecture. Finally, PatchTST [15] and NSTransformer [16]
focused on the processing of time series using patching and
stationarization respectively.

The inverted transformer introduces no modification to the
original Transformer components [5], which opens up the
possibility of adapting any transformer specific technique. By
inverting the duties of the attention mechanism and the feed-
forward network, this architecture aims to reduce performance
degradation and computation explosion in larger lookback
windows. This recent model has been successfully used to
predict the useful life of Lithium-Ion batteries [17], earthquake
detection [18] and predict sea surface temperature [19].

Interpretability methods for Transformers are sparse in the
literature. Exploiting the raw attention weights to draw atten-
tion maps has earned a skeptical reputation for interpretability
[20] [21]. The ConceptTransformer [22] proposed to modify
the architecture for better explainability. Vision Transformer is
the most prolific source of interpretability attempts, with neural
tree decoder [23] and interpretability-aware training objectives
[24].

The original Chefer et al. method assigns local relevance,
circumventing the suboptimal nature of considering the mean
attention heads due to the nonequivalent relevance of attention
heads in each layer [25]. The method presented in this study
does not rely on Layer-wise Relevance Propagation [26],
which was limited to self-attention based models. Instead, we
base our research on the generic attention-model explainability
framework [4] for encoder-decoder transformers. While this
method is applied to build image segmentation masks in the
original paper, this study opts to adapt the idea to time-series
prediction.

III. PRELIMINARIES

We start by introducing the iTransformer architecture and
Chefer’s method for explainability in their original form as
preliminaries.

A. iTransformer

Given historical observations X = {x1,x2,...,27} €
RT*N with T time steps and N variates, the goal is to predict
the future S time steps Y = {zri1,2742,...,2748} €

RS*N _In the iTransformer, each time series of a variate is
embedded into variate tokens, which are then utilized by the
attention mechanism to capture multivariate correlations. This
mechanism is further detailed in Section V. The feed-forward
network is applied to each variate token to learn nonlinear
representations, and the final output is generated by projecting
these representations back to the time series domain.
The process can be formulated as follows:

hg = Embedding(X:,n) M
Hl+1 :THHB]OCk(Hl)v l:O7,L—1 (2)
Y., = Projection(h}) @

where H = {hy,ha,...,hxy} € RYXD contains N em-
bedded tokens of dimension D. The functions Embedding :
RT — RP and Projection : RP? — R are implemented
by multi-layer perceptrons (MLP). The self-attention and
feed-forward network operations in each Transformer block
(TrmBlock) enable the model to learn complex dependencies
across variates and time steps.

B. Chefer’s Method for Attention Models Explainability
For two modalities (e.g., text with ¢ tokens and image with
¢ tokens), the initial relevance maps are set as:
Ry =1, Riu=1I, (4)
Ry =0, Riy=0, (5)

where I denotes the identity matrix. and then modified using
gradients to yield a class-specific, head-averaged map:

A= E;L<(VA ® A)+), ©)

where © is the element-wise product, Ej(-) averages over
heads, and (-)T zeros negative contributions. For self-attention
layers, the relevance update is:

Rss < Rss + AR, O]

For bi-modal (cross-modal) interactions, after normalizing the
aggregated self-attention relevance, the update becomes:

RS’I <— qu -+ RIS A Rq(p (8)

with Rgs denoting the normalized self-attention relevance for
modality x.

IV. METHODOLOGY

In this section, we adapt the explainability method proposed
by Chefer et al. for the iTransformer architecture, focusing on
enhancing interpretability in time series regression tasks. Our
approach involves initializing and updating relevancy maps to
trace back the contribution of each variate token to the final
output.

A. Relevancy Initialization

We initialize the relevancy maps as follows:

Rvd = ]UXd (9)

th = OUXt (10)

Ry, = Concat(Ryq, Ryt) an

Here, R4, represents the self-attention relevancy map for
variate tokens, where d is the number of variate tokens. R,

represents the interaction between all tokens and time-related
tokens, where ¢ is the number of time tokens and v = d+t. The



identity matrix I, x4 ensures that each variate token initially
has a relevance score focused on itself, while the zero matrix
0, xq indicates no initial interaction between variate and time
tokens. R, is the concatenation of R,; and R,; alongside
the dimension 0 (v)

B. Self-Attention Relevancy Update

In the iTransformer, self-attention is applied to variate
tokens. The relevancy maps are updated using the attention
weights:

R'U”U H R’U'U + Z'U’l) @ R’U'U (12)

where A,, represents the averaged attention weights for

variate tokens, computed as:

H
A 1 v ]
Aw =7 ; ReLU (VA" © AR)

13)

Here, I denotes the number of attention heads, VA"
represents the gradients of the attention weights with respect
to the output, and ® denotes element-wise multiplication.
ReLU is used to ensure that only positive contributions are

considered, aligning with the focus on interpretability..

C. Feed-Forward Network Relevancy Update

The feed-forward network relevancy update is applied in-
dependently to each variate token:

Ry = Expand(ReLU(Vy © y)) (14

where y represents the outputs of the feed-forward network,
and Vy denotes the gradients of these outputs with respect to
the loss.

Rm; — Rmr + Rff (15)

Equation 15 refines the relevancy scores by applying learned
transformations, emphasizing the most influential tokens.

D. Visualization and Analysis

The relevancy maps for each variate token can be visualized
similarly to attention maps. For interpretability, we focus on
how each variate token contributes to the final regression
output. All relevance scores are normalized between [0, 1] for
readability. Each cell at position (7, j) shows the relevance of
token ¢ (on the y-axis) to token j (on the x-axis).

E. Algorithm Implementation

The following pseudo-code outlines the implementation of
the adapted Chefer method for the iTransformer:

The relevancy mapping allows for tracing back and visualiz-
ing the contribution of each variate token to the final regression
output, enhancing the interpretability of the iTransformer in
time series regression tasks.

Algorithm 1 Relevancy Mapping for iTransformer

1: Input: Number of variate tokens v, number of time tokens
t, weights W1, Ws

2: Output: Relevancy maps Rougput

3: Initialize R,q < I,x, > Self-attention for variate tokens

4: Initialize Ry < Oyxt > Interaction of variate tokens
with time-related tokens, if applicable

5: Initialize R, < Concat(Ryd, Ryt)
alongside dimension 0 (v)

6: for each layer in iTransformer do

7: Ay, <+ layer.variate_attention_map()

8 A, — 537 ReLU (VAR © AR)
across heads

9: va — Ruv + Avv . va

10: R,y < Ry, + Expand(ReLU(Vy © y)) >
Feed-Forward update

> Concatenation

> Averaged

11: Return Roypuc

V. TOKEN EMBEDDING

In this section, we provide a detailed analysis of the
embedding process used by the iTransformer architecture. The
embedding process is crucial for transforming the input time
series data into a set of tokens that the model can effectively
process to capture important multivariate correlations.

A. Mathematical Representation of the Embedding Process

The iTransformer architecture inverts the traditional roles
of the attention mechanism and the feed-forward network
found in conventional transformers. Instead of using tokens
to represent time steps, the iTransformer generates tokens that
correspond to the variates (or features) of the time series.

The embedding process involves the following steps:

« Concatenation of Features and Temporal Information:
The variates and temporal features are first concatenated
along the feature dimension:

7 = [X,M} c RBXTX(V+F) (16)

where X € RBEXTXV s the input time series data,
M € REXT*F represent the temporal features, B is the
batch size, T' is the sequence length, V' is the number
of variates (features) and F' is the number of temporal
features (e.g., time of day, day of the week, seasonality).
Z € RBXTx(V+F) is the concatenated representation
where each time step ¢ in the sequence now has V + F
dimensions, accounting for both the variates and temporal
features.

« Linear Transformation to Token Space: A linear trans-
formation is applied to map each combined feature vector
at time step ¢ to a d-dimensional token space:

E;=W.Z, +b,, EeRBE*Txd 17



Fig. 1: Relevance maps for training and testing of CT with the baseline lookback (96) and prediction length (96) for the
ETT2 dataset. This experiment serves as the benchmark for the different other experiments by using the shortest lookback and

prediction.
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where W, € R(VHF)xd js the weight matrix, b, € R?
is the bias vector, and E; € RB*4 is the embedded token
for time step t.

« Generation of Variate Tokens: The attention mecha-
nism processes the sequence of tokens E to capture the
relationships between different variates across the entire
time series. Each variate token e, can be represented as:

V4F
er= Y aBy, t=1,..,(T) (18)
v=1
where a,,; are the attention weights that determine the
contribution of each variate v to the variate token e;. The
resulting tokens e; encapsulate the interactions between
different variates, as well as their temporal contexts.

B. Correspondence Between Tokens and Variates

The datasets used are ETT2 [13], Weather [1] and Electricity
[27]. These three datasets are standard benchmarks in time-
series prediction, and used to cover a wide range of seasonality,
number of features and scale of data. We start by focusing on
the ETTh2 dataset, with detailed layer-wise representations.
We then propose alternative use cases of the relevance mecha-
nism with the Weather and Electricity datasets. The embedding
process results in a set of tokens, each corresponding to a
specific variate or temporal feature. The iTransformer and its
modified counterpart generate a total of V+F=11 tokens in the
experiments conducted on the ETT2 dataset.
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Token Feature Description Units
0 HUFL High UseFul Load kW
1 HULL High UseLess kW
Load

2 MUFL Middle UseFul kW
Load

3 MULL Middle UseLess kW
Load

4 LUFL Low UseFull Load | kW

5 LULL Low UseLess Load | kW

6 oT Oil temperature °C
of the transformer

7 hourDay hour of the day -

8 dayWeek day of the week -

9 dayMonth | day of the month -

10 dayYear | day of the year -

TABLE I: Tokenized features of the ETT2 dataset.

Table I presents the correspondence between tokens and
features in the experiments. The temporal features are trans-
formed as value between [—0.5,0.5] before being embedded
into tokens 7 to 10. The direct embedding of a variate as
a token allows for a better understanding of the relationship
between features. The goal is to predict future values of token
6 OT, and as such the embedded past values are expected to
have a high relevancy.

VI. RESULTS

The experimental setting uses a modified version of the
official iTransformer implementation [28]. Prototyping and
testing were done using a Nvidia 3090 FE. The code used
is available at Github [29]. In the following section, the

10

0.0



Fig. 2: Relevance maps for training and testing with large lookback window (192) and short predictive horizon (96) for the
ETT2 dataset. The model has more data available to forecast the same number of tokens, making it an ideal use case for the

iTransformer architecture.
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notation CT_<lookbackWindow>_<predictionLength> will
be used to designate the experiments, and CT stands for
CheferTransformer. All experiments use two encoder layers
to represent the multivariate series.

A. Performance Metrics

We compare the performance of the modified iTransformer
(CheferTransformer) to the original implementation. The look-
back window is 17" = 96 for the performance comparison. The
loss used throughout this study are the Mean Squared Error
and the Mean Absolute Error.

Table II presents the Mean Squared Error (MSE), Mean
Absolute Error (MAE), and the training time of the modified
iTransformer vs the vanilla iTransformer. The experiment was
ran four times for each model at different prediction length:
96, 192, 336 and 720. The goal of this experiment is to
observe if there is any loss in performance or training time
when interpreting the results. As our adaptation of Chefer’s
method for interpretability does not interfere with the original
architecture, the MSE and MAE are the same for every
experiment. The training time is however slightly faster for
the vanilla iTransformer, which is explained by the storing
and rearranging of the relevancy maps and gradients in the
modified architecture. The following sections will focus on
the CT at varying lookback windows and prediction lengths.

Training - Epoch 6
46 64 .43 182 .
49 60 .35 55
.71 IS} RS .
37 .

CEN
52

Testing

.35

54 10
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TABLE II: Performance of Modified vs.
former, P is Prediction Length

Original iTrans-

P MSE MAE Training Time
Chefer/Vanilla
96 0.300  0.349 937.8/923.8
192 0.381  0.399 563.8/556.9
336 0423 0432 745.4/742.1
720 0426  0.445 464.2/463.8

B. Relevance Maps

Figure 1 presents the relevance maps obtained in experiment
CT_96_96 during training and testing. At epoch 1, Layer 1
shows a scattered focus, with the token 6 receiving significant
attention, indicating that early in training the shallowest layer
of the model tend to focus on individual tokens. This is an
encouraging sign indicating that the training is effective, as
the model recognizes after one epoch that the past value of
the predicted variate (token 6) is pivotal to make a prediction.
Layer 2 proposes a more diffused attention, suggesting that
the deeper layer is still early in the process of learning how
to efficiently distribute attention.

By epoch 5, the distribution of relevance in layer 1 has
shifted. The relevancy of tokens 6 and 8 attending to other
tokens has plummeted. Layer 2 maintains the relevancy of
tokens 4, 5 and 6. In layer 2, the smoothed out attention of
tokens 7 to 10 gives crucial insights: token 7 to 10 are the
embedded temporal features of the dataset, and the model
recognizes and integrates those as a consistent part of its



Fig. 3: Relevance maps for training and testing with short lookback (96) and large prediction length (192) for the ETT2 dataset.

The model has to forecast more data despite a shorter lookback window, which is a generally harder task.
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forecasting process with different relevance when attended to
by tokens 1 to 6. Layer 2 posits that the temporal features are
equally relevant when attending to other tokens. Layer 2 also
highlights that all the temporal tokens (7 to 10) have the same
relevancy when attending to each other.

By epoch 10, the variation in relevance in layer 1 are more
uniform, with fewer extremely low values. A good example
of the non-commutativity of attention is token 6, which when
attending to other tokens has a low relevancy, but is extremely
relevant when attended to. Layer 2 presents relevance scores
that are much lower, but specific relationships are highly
emphasized, for instance token O attending to token 8.

The difference in relevance distribution throughout the
epochs indicate that the two layers are attempting to capture
different aspects of the input sequence. According to the
hierarchy of the model, it is likely that layer 1 focuses on
immediate dependency between features, while layer 2 is
attempting to capture higher level trends. This would also
explain the fewer variations in distribution of relevance in layer
2 for tokens 7 to 10.

The last column represents the relevance map of the fully
trained model after 10 epochs, when presented with unseen
data. A first observation is that the pattern of relevancy in
layer 1 is quite similar to training in both layers. Token 6 for
instance maintains a high relevancy when attended to in layer
1. Layer 2 adopts a more balanced strategy, indicating that the
model is relying on more different tokens than training when
presented with unseen data.

The balanced strategy is an encouraging sign that the model
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is not overfitting to the training set. Clearly, certain tokens
have been identified as important for prediction, but the overall
spread out attention indicates that the attention mechanism is
robust towards new data. Layer 1 and 2 agree on the most
relevant token being token 6, especially when attended to. A
possible interpretation of the forecasting strategy could be that
the model bases its prediction strongly on the past value of
OT and utilizes the context clues given by the other tokens to
fine-tune the predicted value.

C. Increasing Lookback Window

Figure 2 presents the relevance maps obtained in exper-
iment CT_192_96 (lookback window of 192 data points,
predicting 96 ahead) during training and testing. One of the
key improvements of the iTransformer model compared to
original forecasting transformers is a more efficient use of
larger lookback windows. CT_192_96 presents an extremely
distributed relevance at epoch 1, with the high load tokens
(0 and 1) presenting low relevance when attending to other
tokens in both layers.

At epoch 3, token 5 appears to be the most relevant in layer
1. Interestingly, the two layers disagree on the relevance of
several tokens, for instance the relevance of token O to itself
and the relevance of token 1 to token 0. Layer 1 deems this
relationship almost irrelevant whereas layer 2 advocates for a
near-1 relevance.

At epoch 6 the model reaches early stopping and finishes
training. Token 2 (middle useful load) has significant relevance
when attending to the other tokens, and token 6 (OT, target)



Fig. 4: Relevance maps for training and testing with large lookback (192) and large prediction length (192) for the ETT2
dataset. The model has to forecast far in the future, but also disposes of an equally large lookback.
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has the highest relevance when attended to in layer 1. In layer
2, Token 0 and 1, the high load features, are quite relevant to
all other tokens but not nearly as much to the temporal tokens.
Specifically, only the time of the year and the hour of the day
appears to have relevancy. A possible explanation could be
that layer 2 captures seasonality and the day of the year is a
much better metric than the month to know which season it is
currently due to lower/higher temperature and more/less sun
exposure. Token 3, the middle useless load, is only slightly
relevant to the day of the month, but highly relevant to the
day of the week and year, revealing potential inefficiencies at
specific periods of the year and the week.

During testing, layer 1 highly prioritizes token 6 when
attended to. Layer 2 maintains a very similar distribution to
training. These results indicate that the model generalizes well,
and is capable of re-applying the forecasting strategies learnt
in training.

D. Increasing Prediction Length

Figure 3 presents the relevance maps obtained in experiment
CT_96_192 during training and testing. Unlike CT_96_96 or
CT_96_192, in this experiment the model kept a relatively
even distribution of relevance between the different tokens
related to dataset features. This can be seen in layer 1 at epoch
3. The temporal features had much more emphasis during
the training compared to shorter prediction length, with the
relevance values changing dramatically between epoch 3 to
6 in layer 1. Token 8, the day of the week, appears to have
had the widest range of values when attending the high load
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tokens, starting out really high in epoch 1 to 3 and plummeting
in epoch 6 and testing. In layer 2, OT seems to be the token
with the most developed relevancy. For instance, layer 2 deems
completely irrelevant the day of the month and the year, but
the day of the week essential.

E. Increasing Both Prediction Length and Lookback Window

Figure 4 presents the relevance maps obtained in experi-
ment CT_192_192 during training and testing. This experi-
ment presents a mix of strategies between CT_96_192 and
CT_192_96. The temporal tokens are highly emphasized dur-
ing training, especially day of the month and day of the year
in layer 1. Interestingly, during testing token 6 is not very
relevant when attending the high and middle load tokens in
layer 1, but highly relevant in layer 2. This could indicate that
the previous values are more suited to infer high level trends,
according to the layer hierarchy.

VII. OTHER DATASETS AND COMBINED VIEW

In dataset with a low number of features, it is convenient to
visualize the relationship between each token and in each layer.
However, when the number of features grows, this represen-
tation can become harder to read and less useful. We present
combined relevance of the features by summing over by layers
and by pairwise relevance and applying a normalization of
the values between 0 and 1. This alternative visualization
provides a more direct overview of which features are the most
relevant in a prediction, and is more suited for datasets with
a large number of features. To demonstrate this method, we
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00



experiment on two other staple datasets from the Time-series
library, Weather and Electricity.

A. Weather

The Weather dataset contains 21 meteorological indicators
recorded for the whole year of 2020. Table III presents
the features of the dataset. The goal is to predict the CO2
concentration in ambient air, represented by token 20 OT.

TABLE III: Summary of Weather Dataset Features

Token Feature Name Units Description

0 P mbar Air pressure

1 T °C Air temperature

2 Tpot K Potential temperature

3 Tdew °C Dew point temperature

4 rh % Relative humidity

5 VPmax mbar Maximum vapor pressure
6 VPact mbar Actual vapor pressure

7 VPdef mbar Vapor pressure deficit

8 sh g/kg Specific humidity

9 H20C mmol/mol Water vapor concentration
10 rho g/m? Air density

11 wv m/s Wind velocity

12 max. m/s Maximum wind velocity
13 wd degrees Wind direction

14 rain mm Precipitation

15 raining s Duration of precipitation
16 SWDR W/m? Shortwave downward radiation
17 PAR pumol/m?/s  Active radiation

18 max. PAR pumol/m?/s  Maximum active radiation
19 Tlog (degC) °C Internal logger temperature
20 oT ppm CO2 concentration

21-24  date - Date

By combining Figure 6 and Table III, we can determine
that the most relevant feature is the maximum wind velocity.
In contrast, the current wind velocity appears to have no
relevance. The 24th token is a highly relevant and corresponds
to the day of the year, possibly indicating that the season could
play a part in accurately predicting the CO2 concentration.
Similarly, the maximum wind velocity, air density, vapor
pressure deficit and air pressure are the next most relevant
features.

Fig. 6: Total relevance map for Weather dataset. Dataset

features are in blue, while temporal features are in red.

Total Relevance Map for Testing Weather Dataset
Lookback=96, Prediction Length=96
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B. Electricity

The Electricity dataset contains the daily electricity con-
sumption of 321 Portuguese clients in kW. The goal is to
predict the consumption of client 321 based on the consump-
tion of the other 320 clients. Figure 5 presents the relevance
of each token in predicting client 321. The temporal features
in green highlight that the time of the day is the most
relevant temporal features, as it can be expected in electrical
consumption. Perhaps surprisingly, the past values of the client
do not constitute the most relevant token. Token 112 is the
most relevant in predicting client 321, and upon plotting the
target variable and client 112 in Figure 7, we observe a similar
seasonality in the data.

Fig. 7: Client 112 consumption vs Target consumption.
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Another application of the summed relevance is a similar
process to Principal Component Analysis (PCA). If we wish
to reduce the computational overhead of the model, one of the
easiest way is to cut down the number of features. We want to
keep the most relevant features, and can use Figure 8 to draw
a threshold at the most relevant features. In this example the
threshold is arbitrarly set at 0.1 relevance, and cuts about half
of the tokens.

Fig. 8: Total sorted relevance map for Electricity dataset.
Temporal features are in red, dataset features in blue.

Total Sorted Relevance Map for Testing Electricity Dataset
Lookback=96, Prediction Length=96
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Fig. 5: Total relevance map for Electricity dataset. Dataset features are in blue, while temporal features are in red.
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VIII. FUTURE DEVELOPMENTS

Relevance maps can be adapted to any Transformer-based
architecture, and the iTransformer places itself in the literature
as a basis to be improved upon. In timeseries prediction,
several modifications to the attention mechanisms have proven
to be efficient to improve the performance of the Transformer
model [14], [16]. As the ecosystem around the iTransformer
grows, there is an opportunity for interpretability by adapting
the proposed method.

The datasets used in this article are benchmarks designed to
challenge the predictive power of machine learning models at
different scales. In a real life application, feature importance
and relevance maps can contribute to the expert knowledge of
the field, and inversely a deeper understanding of each features
can help improve the performance of the model.

IX. CONCLUSIONS

The results of our initial experiments on ETT2 provide
clear insights into how the model attends to different features
over time, with significant focus on key tokens such as the
embedded past values of OT for the ETT2 dataset, indicat-
ing that past values of specific variates play a critical role
in prediction. The ability of Layer 1 to capture short-term
dependencies and Layer 2 to focus on higher-level trends was
consistent across multiple configurations, and the differences
in relevance between training and testing phases suggest that
the model generalizes well. Notably, as the prediction horizon
increases, the relevance maps highlight the model’s emphasis
on temporal features in Layer 1.

In datasets with a larger amount of features, such as Weather
or Electricity, summing over layers and pairwise relevance
allows to distinguish the key features to the dataset. This

can be crucial in real life applications to determine which
features are worth measuring with greater accuracy. Through
the relevance values we can also determine the least useful
features and develop an analogous method to PCA to cut down
the number of features in a dataset and subsequently reduce
the overhead for computational complexity in large datasets.
This study extends and adapts generic methods for trans-
former interpretability to the inverted transformer architecture.
With no loss in performance and only a negligible amount
of training time, we extract relevance values that indicate
the most important variates, which can then be extrapolated
to feature importance in the dataset. By highlighting which
features are key, we can also facilitate hyperparameter tuning
and detect less useful features that might introduce noise. This
is a significant result to maintain the interpretability offered by
the then state-of-the-art linear models, and is crucial in real-
life applications where intepretability meets accountability.
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Abstract—Time series prediction has been recently dominated
by linear forecasters, in spite of a general effort to modify
the transformer architecture to increase performance. The new
addition of the inverted transformer, that outperforms all previ-
ous transformer-based and linear forecasters without modifying
any of the base components of the Transformer, significantly
advanced the field. This new inverted framework allows for a
novel modification of the base components to further improve
performance.

This paper presents a new attention mechanism based on
the non-stationary relationship between variables and integrates
time2vec embedding to better represent the temporal variables.
We observed an improvement in accuracy in most benchmark
datasets, with at worst equal performance to the vanilla inte-
gration. We also propose an efficient training policy based on
sparse attention to limit the quadratic complexity of modelling
inter-variable relationships, and tools for further interpretability
in the inverted framework.

Impact Statement—Timeseries prediction is a task that lever-
ages past data to infer future values for a given variable. This sim-
ple idea holds large stakes when implemented in key industries
such as staffing, failure prediction or electricity consumption.
Traditional statistical approaches have now been overtaken by
neural network-based methods. As the top performing models
bear a lot of similarities with the extremely public large language
models, timeseries prediction is in an incredible second mover
position to leap forward. The model we introduce in this study
borrows techniques from previous models and other fields to up-
grade the predictive power of one of the current top performing
models. This model is ready to be implemented in any timeseries
dataset, with a clear strategy for parameters tuning. It also uses
interpretability techniques to provide clarity and security when
used in key industries where responsibility is paramount.

Index Terms—Attention Mechanism, Forecasting, Inverted
Transformer, Machine learning, Time series, Transformer

I. INTRODUCTION

Ransformers have revolutionized the natural language

processing with their self-attention mechanism and lay-
ered feed-forward networks. The self-attention mechanism
enables the model to weigh the importance of each input
token in relation to others, allowing it to capture long-range
dependencies, while the feed-forward networks refine these
relationships across layers. Their application to time series
forecasting has been lagging behind, especially in the context
of larger lookback windows.

This lag was highlighted by the surprising effectiveness of
linear forecasters, which outperformed the previous attempts at
adapting the transformer architecture to time series prediction
[1]. With an affordable computation cost and a strong base

of interpretability, the linear forecasters outperformed the
modified transformer architectures, especially for long-term
predictions.

The inverted transformer (iTransformer) architecture is
among the state-of-the-art models in time series analysis [2].
By inverting the typical duties of the attention mechanism
and feed-forward networks of the standard transformer archi-
tecture, the architecture is better equipped to forecast series
with larger lookback windows. The iTransformer currently
ranks first in the long-term forecasting task of the Time
Series Analysis benchmarks [3]. As the iTransformer does
not introduce any adaptation to the basic components, this
architecture also benefits from the tools developed for the
original Transformer architecture.

Despite the success of this models, effectively handling non-
stationarity and computational complexity remains a challenge
in multivariable time series forecasting [4]. The integration
of de-stationary mechanisms, like those introduced in the
NSTransformer to model inter-tokens relationships, into archi-
tectures such as the iTransformer offers a potential solution
to these issues. By learning scaling and shifting factors for
inter-variable relationships, models can better adapt to non-
stationary behaviors in the data.

Moreover, computational efficiency is crucial when dealing
with high-dimensional time series data. Introducing sparsity
into attention mechanisms, such as using top-k sparse atten-
tion, can significantly reduce computational complexity from
O(N?) to O(Nk), where N is the number of variables and
k is a small constant. This allows the model to focus on
the most relevant inter-variable relationships without incurring
prohibitive computational costs.

This paper leverages the similarity between the original
Transformer architecture and the iTransformer to adapt and
extend Transformer-specific interpretability methods. Specifi-
cally, we explore the application of Chefer’s generic method
for transformer interpretability [5]. This paper reformulates the
original method and adapts it to the inverted transformer archi-
tecture. The result is a continuous relevance map highlighting
critical variables that are most influential in the predictive
power of the model.

The core research questions in this article are the following:
can de-stationary attention be extended to the iTransformer
architecture? Can Time2Vec embedding improve the perfor-
mance of the iTransformer? What improvements in forecasting
performance and efficiency can be achieved through this
integration?



The paper is structured as follow: Section 2 includes a
contextualization and a review of the existing literature. Sec-
tion 3 introduces the mathematical definition of the method.
Section 4 displays the results of the forecasting using the
NSiTransformer. Section 5 proposes an analysis of several
components and mechanisms of the model. Section 6 presents
the hardware used for training. Section 7 and 8 are the
conclusion and future work of the study.

II. BACKGROUND

The transformer architecture [6] has become a cornerstone
of deep learning, particularly in natural language process-
ing tasks. The self-attention mechanism allows the model
to weight the importance of different tokens in a sequence
relative to one another. This architecture is the foundation
behind most of the mainstream models, such as ChatGPT
[7]1, Mistral [8], and Llama [9]. The surge in research has
provided fast improvement in parallelization [10] and diverse
optimizations [11].

Various modification paradigms have been proposed to
improve the accuracy of Transformer-based forecasters. Auto-
former [12] and Informer [13] propose to replace the attention
component respectively with an autocorrelation and sparse
attention mechanisms. Crossformer [14] focuses on modeling
the cross-time and cross-dimension dependency using a two-
stage attention and modified hierarchical encoder-decoder ar-
chitecture. Finally, PatchTST [15] and Non-Stationary Trans-
former (NSTransformer) [16] focused on the processing of
time series using patching and stationarization respectively.

The inverted transformer (iTransformer) introduces no mod-
ification to the original Transformer components [6]. By
inverting the duties of the attention mechanism and the feed-
forward network, this architecture aims to reduce performance
degradation and computation explosion in larger lookback
windows. This recent model has been succesfully used to
predict the useful life of Lithium-Ion batteries [17], earthquake
detection [18] and predict sea surface temperature [19]

Interpretability methods for Transformers are sparse in
the literature. Exploiting the raw attention weights to draw
attention maps has been criticized for a limited contribution
to the interpretability [20] [21]. The ConceptTransformer [22]
proposed to modify the architecture for better explainability.
Vision Transformer is the most prolific source of interpretabil-
ity attempts, with neural tree decoder [23] and interpretability-
aware training objectives [24]. The method used to get insights
in this study is centered around an adaptation of a general
interpretability technique to iTransformer [25]. This technique
consists of building a relevancy maps of the different tokens
using the gradients of the feed forward networks.

In this paper, we build upon these ideas by integrating
the de-stationary attention mechanism and variable projector
from the NSTransformer into the iTransformer framework. We
further enhance computational efficiency by incorporating a
sparse attention mechanism that computes scaling and shift-
ing factors only for the top-k most relevant variable pairs.
This approach aims to capture non-stationary inter-variable
relationships more effectively while maintaining scalability for
large-scale time series forecasting tasks.

III. NON-STATIONARY INVERTED TRANSFORMER
A. Preliminaries

iTransformer: Given historical observations X =
{z1,29,...,27} € RT*N with T time steps and N vari-
ables, the goal is to predict the future S time steps ¥ =
{Zr41, 2749, ..., 2745} € RSN In the iTransformer, each
time series of a variable is embedded into variable tokens,
which are then utilized by the attention mechanism to cap-
ture multivariable correlations. The feed-forward network is
applied to each variable token to learn nonlinear representa-
tions, and the final output is generated by projecting these
representations back to the time series domain.

The process can be formulated as follows:

hg = Embedding(X;,n) M
H'™' = TrmBlock(H'), 1=0,...,L—1 @
Y..n = Projection(h}) L)

where H = {hy,ha,...,hn} € RNYXD contains N em-
bedded tokens of dimension D. The functions Embedding :
R” — RP and Projection : RP? — RS are implemented
by multi-layer perceptrons (MLP). The self-attention and
feed-forward network operations in each Transformer block
(TrmBlock) enable the model to learn complex dependencies
across variables and time steps.

NSTransformer: addresses the challenges posed by non-
stationary time series data, where statistical properties such
as mean and variance change over time. It introduces a
de-stationary attention mechanism that adjusts the attention
computations to account for these changes, enhancing the
model’s ability to capture evolving patterns in the data.

In the NSTransformer, per-time-step scaling (7) and shift-
ing (d;) factors are learned to adjust the input:

Xt =Tt O %4 + 0y, )

where x; is the input at time step ¢, ® the Hadarmard
product (element-wise multiplication) and Xx; is the adjusted
input.

NSiTransformer: The inverted architecture combined with
the de-stationary factors proposed lead us to the name of Non-
stationary Inverted Transformer, or NSiTransformer.

B. Components

This section details the components of the NSiTransformer.
Overall Model Architecture: Figure III-B presents the
architecture of the model. The overall process of the proposed
model can be summarized as follows:
1) Normalization: Normalize each variable time series
using its mean and standard deviation.
2) Embedding:
o Concatenate the normalized variable time series
with the Time2Vec embeddings at each time step.
« Apply a linear transformation to project the concate-
nated vectors into the model dimension D.

3) Attention with De-Stationary Factors:



« Compute preliminary attention scores between vari-
able tokens.

o Select the top-k variable pairs for each variable
based on these scores.

o Compute scaling and shifting factors 7; ; and J; ;
using the variable projector network for the selected
pair of variables (i, j) for each of the top-k pairs.

o Adjust the attention scores using 7; ; and §; ;.

« Apply the attention mechanism to update variable
tokens.

4) Feed-Forward Network: Apply position-wise feed-
forward networks to the updated variable tokens.
5) Projection: Project back from the embedded dimension
back to the projection length.
6) De-Normalization: Reintroduce the original scale and
mean to the variable tokens to obtain the final output.
Normalization: To stabilize training and improve conver-
gence, the input time series is normalized before being fed
into the model. For each variable ¢, the mean y; and standard
deviation o; are computed over the sequence length 7'

—_

1 I T
=72 X ai=2) (Xi-—wm)fte )
t=1 =
where X ; is the ¢ — th variable at time ¢, and € is a small
constant to prevent division by zero. The normalized input

X.,; is then obtained by:

(6)
Tj

This normalization ensures that each variable has zero mean
and unit variance, reducing the impact of scale differences
between variables.

Embedding: Time2Vec [26] extends the concept of posi-
tional encoding by learning a vector representation of time that
captures both linear and periodic patterns.

Given an hyperparameter dyne, for each time step ¢, the
Time2Vec embedding t; € R%m is defined as:

tt = Wot + bo + [sin(wlt + bl), SiIl(WQt + bg),

..., sin(wyt + by)] @

where wo,wi,...,wr € R and bg,by,...,br € R are
learnable parameters, and k& = dime — 1 is the number of sine
components.

The Time2Vec embedding captures both linear trends and
periodic patterns, enhancing the model’s ability to learn tem-
poral dynamics.

Modeling Inter-variable Non-Stationary Relationships
using 7 and J: To capture non-stationary relationships be-
tween variables, we introduce learned scaling (7; ;) and shift-
ing (0; ;) factors for each pair of variables (4, j). These factors
adjust the attention scores between variable tokens, allowing
the model to adapt to changes in inter-variable relationships
over time.

Attention Mechanism with De-Stationary Factors: The
attention scores between variable tokens are computed as:

n9
2T o+ 6, ®)
Vg

where q;,k; € R% are the query and key vectors for
variable tokens ¢ and j, respectively, and dj, is the dimension
of the key vectors.

Variable Projector Network: The scaling and shifting
factors 7; ; and J; ; are computed using a single linear trans-
formation of the concatenated embeddings of variable tokens
¢ and j:

scores; ; =

[7,5, 0] = Wh;; hy] + b, (©)]

where h;,h; € RP are the embeddings of variable tokens
i and j, [h;;h;] € R2P denotes their concatenation, W €
R2%2D js a learnable weight matrix, and b € R? is a bias
vector.

Sparse Computation with Top-k Selection: To reduce
computational complexity from O(N?) to O(Nk), we com-
pute 7;; and J; ; only for the top-k most relevant variable
pairs for each variable. The top-k variables are selected based
on the preliminary attention scores:

scorespre Zq(h) (k(h)) (10)
h=1
where H is the number of attention heads, and q(h) k(h)

are the query and key vectors for head h. For each varlable i,
we select the indices of the top-k variables j with the highest
scores; ;.

De-Normalization: After the attention mechanism and up-
dates to the variable tokens, we reintroduce the original scale
and mean to obtain the final output. This de-normalization step
ensures that the model’s predictions are in the same scale as
the original data and are interpretable.

The de-normalization is performed as:

hgmal

=h] ©® o + i, (11)

where h} € RP is the updated variable token after the
attention and feed-forward layers, and ® denotes element-wise
multiplication.

IV. EXPERIMENTS

Models: We harness the Time-Series-Library [27] and pro-
pose seven of the best performing models as our benchmark:
iTransformer [2], PatchTST [15], Crossformer [14], TimesNet
[28], DLinear [1], NSTransformer [16].

Datasets: We use the ETT, Weather, ECL and Traffic
datasets included in Autoformer for long term forecasting.
Table II details the features of the datasets.

TABLE 1T
DETAILED DATASET DESCRIPTIONS.
Task Dataset  Dim Dataset Size Frequency
ETT 7 (8545, 2881, 2881) 15min
Forecasting ~ Weather 21 (36792, 5271, 10540) 10min
(long-term)  ECL 321 (18317, 2633, 5261) Hourly
Traffic 862 (12185, 1757, 3509) Hourly




Embedding

= wor g +

[sin(wit +b),

sin(wat +by)

L sinwt bl
Temporal
Features

=

Raw series

Fan)

N
De-stationary
Attention

1Q.k.

QUK.V

/ Attended Variates

Variate
Projector

=~ Variates

{ Time2Vec H Embedding ]

Fig. 1.

Architecture of the proposed model. MatMul is the matrix multiplication. The temporal features are embedded using Time2vec, and the series is

embedded. De-stationary attention is then applied. We then apply Layer Normalization and the Feed-Forward Network. The result is then projected to the

prediction length.

Forecasting: Table I presents the full results in long-term
forecasting of the NSiTransformer against the six benchmark
models. NSiTransformer achieves state-of-the-art or near state-
of-the-art performance in all 4 benchmark datasets.

V. ANALYSIS

Ablation: We propose an ablation study to determine the
contributing mechanisms in the NSiTransformer. Table III
displays the result of this ablation study. We first remove
Time2vec, then remove the de-stationary attention mechanism.

The ablation study highlights the mechanism that con-
tributes the most in each experiment. In the ETT dataset,
both Time2Vec and the De-stationary attention contribute
depending on the prediction length. At T' = 96 and T' = 336,
the de-stationary attention is driving the MSE down, while
at T = 192 the combination of both mechanisms is best
performing. The ECL dataset benefits the most from Time2Vec
embedding, as the default self-attention performs as well as
the NSiTransformer at most prediction length. The Weather
dataset performs best when using the combination of both
mechanisms at all prediction length, highlighting the relevancy
of de-stationary attention and Time2Vec for predicting this
dataset.

TABLE III
ABLATION RESULTS FOR THE NSITRANSFORMER. THE INPUT SEQUENCE
LENGTH IS SET TO 96, AND T IS THE PREDICTION LENGTH. AVG IS THE
AVERAGE RESULT OF ALL FOUR PREDICTION LENGTHS.

Models T NSiTransformer Wlo Wi/o
Time2Vec  DSAttention
Metric MSE MSE MSE
96 0.292 0.296 0.299
192 0.374 0.382 0.378
ETT 336 0.426 0.420 0.427
720 0.420 0.423 0.410
Avg 0.378 0.380 0.377
96 0.147 0.148 0.147
192 0.162 0.162 0.162
ECL 336 0.175 0.179 0.176
720 0.208 0.213 0.208
Avg 0.173 0.175 0.173
96 0.172 0.174 0.171
192 0.222 0.225 0.224
Weather 336 0.278 0.282 0.280
720 0.356 0.359 0.360
Avg 0.257 0.259 0.258

Mixed Floating Point Precision: Due to the possibly
heavy computation at large k, we use mixed floating point
computation for the ECL and Traffic dataset. Mixed floating
point truncates Floatl6 to Float8 unless the supplementary
precision is necessary.



TABLE 1
FULL RESULTS FOR THE LONG-TERM FORECASTING TASK. THE INPUT SEQUENCE LENGTH IS SET TO 96 FOR ALL BASELINES, AND T IS THE PREDICTION
LENGTH. AVG IS THE AVERAGE RESULT OF ALL FOUR PREDICTION LENGTHS. MSE STANDS FOR MEAN SQUARED ERROR AND MAE FOR MEAN
ABSOLUTE ERROR.

Models T NSiTransformer iTransformer PatchTST Crossformer TimesNet DLinear Stationary
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

96 0.292 0347 0297 0349 0302 0348 0.745 0.584 0.340 0374 0333 0387 0476 0.458
192 0374 0400 0.380 0400 0388 0400 0877 0.656 0402 0414 0477 0476 0512  0.493
ETT 336 0.426 0432 0428 0432 0426 0433 1.043 0731 0452 0452 0594 0541 0552 0.551
720 0.420 0440 0427 0445 0431 0446 1.104 0.763 0462 0468 0.831 0.657 0.562 0.560
Avg 0378 0404 0383 0407 0387 0407 0942 0.684 0414 0427 0559 0515 0526 0.516

96 0.147 0238 0.148 0.240 0.195 0285 0219 0314 0.168 0272 0.197 0282 0.169 0.273
192 0162 0253 0.162 0253 0.199 0289 0231 0322 0.184 0289 0.196 0285 0.182 0.286
ECL 336 0175 0268 0.178 0269 0215 0305 0246 0337 0.198 0.300 0209 0301 0200 0.304
720 0.208 0.298 0.225 0.317 0256 0337 0280 0363 0.220 0.320 0.245 0333 0222 0.321
Avg 0173 0264 0.178 0270 0216 0304 0244 0334 0.192 0295 0212 0300 0.193 0.296

96 0.393  0.267 0395 0268 0544 0359 0.522 0290 0593 0321 0.650 0396 0.612 0.338
192 0414 0275 0417 0276 0540 0354 0530 0.293 0.617 0336 0598 0370 0.613  0.340
Traffic 336 0.428 0.281 0433 0283 0551 0358 0558 0305 0.629 0.336 0.605 0373 0.618 0.328
720 0.459 0300 0467 0302 0586 0375 0589 0328 0.640 0.350 0.645 0394 0.653 0.355
Avg 0423 0280 0428 0282 0555 0362 0550 0304 0.620 0.336 0.625 0383 0.624  0.340

96 0.171 0211 0.174 0214 0.177 0218 0.158 0.230 0.172 0220 0.196 0255 0.173 0.223
192 0224 0256 0.221 0254 0225 0259 0206 0277 0219 0261 0237 029 0245 0.285
Weather 336 0.281 0297 0278 0.296 0278 0.297 0.272 0.335 0280 0306 0283 0335 0321 0.338
720 0356  0.348  0.358 0.349 0354 0348 0398 0418 0365 0359 0345 0381 0414 0410
Avg 0258 0278 0.258 0279 0259 0281 0259 0315 0259 0.287 0265 0317 0288 0.314

TABLE IV .
DIFFERENCE IN PERFORMANCE FOR ETT AND WEATHER WITH AND Fig. 2. Influence of top-k hyperparameter on MSE for Weather dataset.

WITHOUT MIXED PRECISION. Weather - MSE Values vs Top K

0.182
Models T FP16  Mixed
Metric MSE MSE 0.180
96 0292 0.293 0.178
192 0374 0384 w
ETT 336 0.426  0.427 =0.176
720 0.420 0423
Avg 0378 0.381 0.174
96 0172 0.172 0.172
192 0222 0.222
Weather 336 0.278  0.282 12345678 10 25 30 35

720 0.356  0.359 Top K

Avg 0257  0.259

Figure 3 presents the influence of top-k on the MSE of the
Weather dataset. There is a local minima at & = 6, indicating
that a top-k value too high can also be detrimental to the
performance of the model.

Fig. 3. Influence of top-k hyperparameter on MSE for ETT dataset.
MSE Values for Long-Term ETTh2 Forecasts vs Top-K
0.301

0.300

Table IV displays the difference in performance for ETT 0.299
and Weather with and without mixed precision. The MSE is 0208
equal or slightly higher in Mixed precision, indicating that 0.297

mixed floating point is a valid option for larger datasets when
computation can be a bottleneck.

0.296

0.295

1234 6 7 8 910 15 20
Top-K

Hyperparameters Sensitivity: We experiment with differ-
ent values of d;me and top-k. Figure 2 presents the influence of Figure 4 presents the influence of the hyperparameter dme
top-k on the MSE of the Weather dataset. As the top-k grows, on the MSE for the dataset ECL. It appears that the model
the MSE diminishes. experiences an initial loss in performance, before reaching a



its best performance at 32 dimensions. As the number of di-
mensions increases, the model experiences worse performance.

Fig. 4. Influence of diiye hyperparameter on MSE for ECL dataset.

ECL - MSE Values vs Time2Vec Dimension
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Figure 5 presents the influence of the hyperparameter dijme
on the MSE for the dataset Traffic. The trend is more pro-
nounced on the Traffic dataset, as increasing the number of
Time2vec dimensions dimishes the loss up to 64 dimensions,
but further increasing it leads to diminishing returns and a
worse MSE.

Fig. 5. Influence of diime hyperparameter on MSE for Traffic dataset.
Traffic - MSE Values vs Time2Vec Dimension
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These results lead to believe that efficient tuning of diipe is
related to the number of features in the dataset. As the number
of features increases, the best value for diye increases.

Depth of the variable projector: We experiment with
different depths for the variable projector network. Table V
displays the forecasting result when using a simple linear
projector network versus a deeper network with 128 hidden
layers. We find that using a high number of hidden dimensions
considerably increases computational overhead but can be
beneficial, especially at higher prediction length. Numerous
hidden layers can also lead the model to overfit the training
dataset.

De-stationary Factors: We sample the tensors of 7 and ¢
during testing and represent it as heatmaps. The de-stationary
factors represent the evolving relationship between the fea-
tures.

TABLE V
VARIABLE PROJECTOR DEPTH. THE INPUT SEQUENCE LENGTH IS SET TO
96, AND T IS THE PREDICTION LENGTH. AVG IS THE AVERAGE RESULT OF
ALL FOUR PREDICTION LENGTHS.

Models T NSiTransformer NSiTransformer
No hidden layers 128 Hidden Layers
Datasets MSE MAE MSE MAE
96 0.292 0.345 0.294 0.347
192 0.374 0.396 0.382 0.400
ETT 336 0426 0.435 0.419 0.432
720 0.420 0.443 0.415 0.440
Avg 0378 0.404 0.377 0.404
96 0.171 0.211 0.172 0.211
192 0.224 0.256 0.222 0.255
Weather 336 0.281 0.297 0.278 0.296
720 0.356 0.348 0.357 0.349
Avg  0.258 0.278 0.257 0.278

Fig. 6. De-stationary factors for ETT dataset in testing.
De-stationary factors for ETT in Testing
Tal

, Time2Vec=12, Sparsek=5
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Figure 6 presents the de-stationary factors sampled during
testing for the ETT dataset. The Tau shows the scaling of the
attention scores, and the Delta the shifting of the attention
scores. Token 1 is noteworthy as it is scaled up but shifted
down. On the other hand, token 4 is both scaled and shifted
up, indicating that the variable projector believes this token to
have a strong relationship relative to other tokens.



Fig. 7. De-stationary factors for Weather dataset in testing.

Tau
10 15 20 25 30

Tokens

Tokens

Delta

10 15 20 25 30
= -

Tokens

Tokens

Figure 7 presents the de-stationary factors sampled during
testing for the Weather dataset. Tokens 0, 4, 10, 20, 23 and 29
exhibit the same pattern, with a higher tau and delta than most.
In both figures, the distribution of tau and delta appears to be
similar, as evidenced by the different zones in the heatmaps.

Relevance maps: We provide supplemental interpretability
by calculating the relevance of each token using Chefer et
al [5] general technique adapted to the iTransformer [25].
Broadly, we initialize the relevancy map:

Rvd = vad (12)
th = vat (13)
Rv'u = COTLCCLt(Rud, th) (14)

For each layer, update the maps with the attention weights:
R’U’U <~ RU’U + Z’l)’l) @ RU’U (15)

where A, represents the averaged attention weights for
variable tokens, computed as:

H
— 1
A= > RelU (VAL © A},

(16)
h=1
And finally apply the learned transformation:
Rvu — va + Rff (18)

All the scores are then normalized between 0 and 1. In figures
8 to 10, the figure on the left presents the total relevance
for tokens with regular full attention (k = 0), with the total
relevance sorted by descending order. The figure on the right
presents the relevance of tokens with the k used in the results
section, in their original order.

Fig. 8. Total relevance of tokens for ETT Dataset. Dataset features in blue,

Time2vec features in red.
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Figure 8 presents the total relevance of tokens for the ETTh2
dataset. Token 6 corresponds to the feature OT, which is also
the predicted feature. The past values contribute the most to
the prediction. Tokens 0, 1, 3, and 12 are also particularly
relevant.

Fig. 9. Total relevance of tokens for Weather Dataset. Dataset features in
blue, Time2vec features in red.
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Figure 9 presents the total relevance of tokens for the
Weather dataset. The relevance of the different tokens is signif-
icantly scattered, and 9 tokens reach a relevancy score > 0.5.
Notably, 2 of the embedded time features are prevalent, tokens
22 and 25. Those tokens are sine components representing the
temporality dependencies of the dataset. The high relevancy
of multiple tokens also corroborate the use of a higher k. In
the ETT dataset, only a few tokens are relevant, and the model
performs best at £ = 5. On the other hand, the Weather dataset
performs best at a significant £k = 35, with only about 10
more features after Time2Vec. These results demonstrate that
by observing the relevancy of the tokens we can determine
experimentally the local best k for a given dataset.



Fig. 10. Total relevance of tokens for ECL Dataset. Dataset features in blue,

Time2vec features in red.
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Figure 10 presents the total relevance of tokens for the ECL
dataset. The large number of features of this dataset smooths
out the distribution of relevance. The Time2Vec features are
particularly prevalent in this dataset, as corroborated by Figure
4. We chose k = 128 as a compromise between highlighting
the relevant features and computation time.

VI. FUTURE WORK

Recent studies proposed alternative architectures for founda-
tional models such as the multi-layer perceptrons used in this
paper. Kolmogorov-Arnold networks (KAN) [29] in particular
stand out as an ideal candidate for better interpretability and
possibly better performance. A potential avenue for work
would be to modify the original TrmBlock from the iTrans-
former and replace it with KANs. It is not well determined
how this changed would alter the computational requirements.
An initial idea could be to replace the variable projector linear
layer with a KAN. Another approach could be to approximate
the frozen MLP layers using KAN layers and try to deduce
a closed-form expression of the model. Other types of data
augmentation are also a promising avenue for work. Funda-
mentally, Time2Vec is a form of data augmentation designed
for temporal features. Domain-specific techniques combined
with autoencoders [30] could further refine the model.

The high interpretability that comes with the inverted
framework is extremely valuable. Future work could use this
model to demonstrate the contribution of a variable to the
prediction, analogous to a variable to variable correlation.
This transparency also broadens the field of applications to
more critical industries. Law and finance, for instance, might
value the accountability offered by more interpretable models
while maintaining state-of-the-art performance. Other fields
that suffer from the curse of dimensionality could use the
innate interpretability to remove the variables that are not
relevant enough, similar to a principal components analysis.

VII. CONCLUSION

This study proposes the NSiTransformer, an alternative
architecture that places itself in the inverted transformer frame-
work, and implements a custom attention mechanism and time
embedding. The model performs at state-of-the-art level on

the dataset benchmarks for long-term forecasting. The experi-
ments highlight the efficiency of the attention mechanism and
Time2vec in the different datasets and proposes a relevant use-
case for each. The ETT, ECL and Traffic datasets proposed the
largest gain in performance, with an average gain of 0.005
over the current state-of-the-art (vanilla iTransformer). The
performance on the Weather dataset was equivalent on average
to the iTransformer.

Specific interpretability techniques are also implemented to
gain insights in the inner workings of the model. De-stationary
factors are sampled during testing to keep track of the most
important relationships between variables. Supplemental in-
terpretability is provided through the use of token relevance,
which helps determine which tokens are the most influential in
the prediction. This information allows for an effective tuning
strategy for the new hyperparameters d;;,,. and k. The gains
in longer prediction length with a deeper network indicate an
increased flexibility for the NSiTransformer.
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ABSTRACT

Environmental, social, and governance (ESG) ratings have been at the forefront of
investment in the past decade. There are however several providers and discrepancies
that lead to an absence of a standard and undermine the credibility of the ratings.
In this study, we demonstrate not only the helpfulness of ESG ratings to bolster the
predictive power of machine learning models, but also argue that the multiplicity
of providers is actually an asset. Through the lens of the NSiTransformer, a state-
of-the-art time series prediction model, we determine that adding ESG ratings not
only improves the accuracy of the model, but the gain is further emphasized when
adding more providers. Finally, using relevance, we determine the key scores used
by the model to make a prediction, isolating the most important ESG metrics from
the dataset.

KEYWORDS
ESG ratings, Finance, Machine Learning, Time Series Prediction.

1. Introduction

The finance sector is familiar with the implementation of emerging technologies to gain
an edge over the rest of the market. High frequency trading (HFT) systems for example
leveraged progress in computation and lower latency to edge the market through sheer
speed [1]. Blockchain technology caught worldwide attention by proposing decentral-
ized transactions and tokenized assets [2]. Machine learning and artificial intelligence
are no exceptions, and have been implemented in finance as far back as the 1980s
with projects such as the Fifth Generation Computer System in Japan [3]. In more
recent years, artificial intelligence (AI) has seen a widespread adoption in virtually
every domain. The integration of AI models and agents covers a broad number of use
cases, including but not limited to: invoice generation, customer service, automated
trading, portfolio balancing. Time series prediction is one of the most direct applica-
tion that consists of training a model to learn past patterns in the data to infer future
values based on a given number of features. The non-stationary inverted transformer
(NSiTransformer) positions itself ideally for this task, as financial data can often be
noisy and non-stationary.

Environmental, social and governance (ESG) ratings have been at the center of mod-



ern investment strategies, as new regulations are increasing the pressure on companies
for sustainable long-term strategies. Their integration in predictive frameworks has
been so far focused as a predicted variable, especially using natural language process-
ing to measure the sentiment toward a company. Through the lens of interpretability,
in this work we integrate the ESG ratings with key financial data and indicators to
create a competitive model that also reveals insight about the predictive power of
ESG ratings. Using the relevance maps, de-stationary factors and Shapley values we
can estimate if the integration of ESG ratings is beneficial for the prediction, and to
what scale. We also compare the performance to a model that does not integrate any
extra-financial data to include a baseline.

The specific research questions developed in this study are: Can the NSiTransformer
provide accurate predictions of company returns? Are ESG ratings beneficial for the
predictive power of the model? Can interpretability highlight the role of the financial
and extra financial parts of the dataset? Are there discrepancies in the predictive
power of different providers?

This study is structured as follows: Section 2 presents a literature review of financial
and ESG time series forecasting, Section 3 develops the methodology used to conduct
the experiments, Section 4 evaluates the model in an exclusively financial dataset and
sets the baseline, Section 6 uses relevance maps to harness insights from the results,
and Section 7 is the conclusion of this study.

2. Literature Review

Time series are a classic data input for statistical analysis and their study has been
formalized for decades [4]. One of the earliest method employed was the Gaussian
process, which uses prior covariance function to model the behavior of the series [5] . A
first improvement was exponential smoothing, which produces weighted averages of the
past values that decay exponentially as the model gets further in the look-back window
[6]. This model was then improved upon using state space to constrain the model non-
linearly [7]. Finally, auto-regressive integrated moving average (ARIMA) stands out as
the most commonly used statistical method to model univariate and multivariate time
series [8]. ARIMA was used in a multitude of fields, including stock price forecasting
[9], next-day electricity prices [10] and more recently on the COVID-2019 dataset
[11]. Specialized statistical models are also developed for key industries: for instance,
fractional Brownian motions and Hurst exponents [12] for foreign exchange rates.

Machine learning based approaches for financial time series forecasting have been
extensively studied [13]. Artificial neural networks are the most dominant machine
learning technique in this field. Support Vector Machines (SVM) also emerges as a
popular algorithm, both in predicting future direction of stock price index [14] and fu-
ture contracts evaluation [15]. More recent applications have been harnessing popular
deep learning methods with great success [16]: Recurrent Neural Networks [17] [18]
[19], Convolutional Neural Networks [20] [21] [22], Long-Short Term Memory Neural
Networks [23] [24] [25] and Deep Reinforcement Learning [26] [27] [28]. The trans-
former architecture [29] has become the forefront of deep learning research: in finance,
transformers have mostly been used for natural language processing and sentiment
analysis using BERT models [30] [31] [32]. Other studies model stock volatility using
modified transformer layers to improve forecasting models [33], use iterative dropout
tests and batch size optimization [34], or harness multiplexed attention to increase the
inference speed of the model [35].



Various modification paradigms have been proposed to improve the accuracy of
Transformer-based forecasters. Crossformer [36] focuses on modeling the cross-time
and cross-dimension dependency using a two-stage attention and modified hierar-
chical encoder-decoder architecture. PatchTST [37] and Non-Stationary Transformer
(NSTransformer) [38] focused on the processing of time series using patching and
stationarization respectively. The inverted transformer (iTransformer) introduces no
modification to the original Transformer components [29]. By inverting the duties of
the attention mechanism and the feed-forward network, this architecture aims to re-
duce performance degradation and computation explosion in larger lookback windows.
This recent model has been succesfully used to predict the useful life of Lithium-Ion
batteries [39], earthquake detection [40] and predict sea surface temperature [41]

The search for a relationship between sustainability and corporate performance can
be traced back to the 1970s [42]. Scholars have studied the impact on branding [43],
market longevity [44], and equity valuation [45]. Today, through integrated reporting
[46] and a higher access to finance [47], companies understand that the market react to
corporate ESG news [48]. There are however large discrepancies between how providers
calculate ESG ratings [49] and even how investors use this information at the end of
the chain [50]. Scholars have established a link between ESG performance and cost
of debt [51], long-term financial performance [52] and higher potential for cumulative
abnormal returns in specific markets [53]. As the more sustainably involved youth
achieves higher levels of wealth, there is now a financial incentive to signal long-term
commitment to future-proof policies [54].

ESG ratings have been integrated in machine learning and deep learning models in
diverse studies in the literature [55] [56]. On one hand, studies attempted to predict
the ESG performance of a given company using using random forests [57] [58], deep
neural networks [59] [60], regression [61], and ensemble methods [62]. On the other
hand, studies tried to evaluate financial data based on the ESG ratings using natural
language processing for volatility prediction [63], deep learning with ESG and technical
indicators [64], and ensemble methods [65] [66]. The use of transformers was centered
around natural language processing [67] and sentiment analysis [68]. To the best of
our knowledge, we found no transformer-based time series prediction model using ESG
ratings as a feature.

3. Methodology

We need to design a training and evaluation framework for the NSiTransformer. To
this, end we start by constituting a dataset based on recognized financial providers. To
combine data from different stocks at the same timestamp, we define a walk-forward
evaluation framework that learns iteratively on each stock.

3.1. Dataset
The data providers used in this study are the following;:

e Refinitiv is a global leader in financial data and analytics, and serves as one
of the primary sources for this study [69]. Refinitiv is also a significant ESG
provider, covering over 80% of the global market capitalization with over 450 dif-
ferent ESG metrics. Refinitiv Eikon was extensively used throughout this study
for both financial and ESG data. The three pillar scores: Environmental, Social



and Governance were used in the dataset, as well as the combined overarching
score.

e Sustainalytics is a company that rates the sustainability of listed companies,
based on their ESG performance. Their ratings are used by a variety of asset
managers, asset owners and banks to define a sustainable investment strategy
and create portfolios with strong ESG performers [70]. The ESG Risk Ratings
are their flagship product and what we implemented in the dataset.

e Sustainability Accounting Standards Board (SASB) identify the most
critical sustainability-related issues to investor in a wide array of industries. Since
August 2022, the SASB standards have taken an important role by becoming
the basis for the first two International Financial Reporting Standards (IFRS)
dedicated to sustainability, IFRS S1 General requirements for Sustainability-
related Disclosures [71] and S2 Sustainability-related Disclosures [72]. The first
publication of the SASB standards date back to 2018, using a project-based
model. The SASB issues are one-hot encoded based on each unique combination
of material issues.

Table 1 shows a sample of the financial data extracted for Apple from 2005-12-05
to 2005-12-13. The initial dataset consists of financial data dating from 2005-12-05
to 2024-08-07.

Date Open Low High Close Volume
2005-12-05 217 215 219 2.16 5.84e8
2005-12-06 223 221 2.25 2.23 8.57e8
2005-12-07 224 220 224 2.23 6.79e8
2005-12-08 221 219 223 2.23 7.90e8
2005-12-09 224 221 2.25 2.24 5.55e8
2005-12-12 226 225 @ 2.27 2.26 5.25e8
2005-12-13 225 224 227 2.26 4.94e8

Table 1.: Sample financial data for AAPL

Raw data can be enriched through calculated features and adjustments to better
model financial dynamics and support robust predictions. In this study, data aug-
mentation involves calculating log returns, controlling the returns using Fama-French
5 [73], and deriving technical indicators such as RSI [74], MACD, [75], and Bollinger
Bands [76] from historical price and volume data to capture patterns, momentum, and
volatility. These indicators are vital for machine learning models, providing features
that encapsulate complex financial behaviors.

The predicted variable are the log returns controlled used Fama-French 5. The log
returns are calculated and prepared in the same way as [77]. The goal of Fama French
5 is to isolate firm-specific characteristics and remove broader market effects. This
model accounts for market-wide influences and fundamental financial drivers.

A central issue that needs to be addressed is the fundamental difference in granu-
larity between financial data and ESG ratings. Financial data can easily be extracted
down to the minute, and varies between the span of two queries. ESG ratings, on the
other hand, are refreshed annually by Reuters [69] and, "regularly” by Sustainalytics
[70]. We explored four different options to deal with this issue: regression, interpo-
lation, autoencoders and forward fill. We decided to use forward fill which respects
the methodology of the providers the most, as a query about the ESG ratings of a
given company a quarter after financial disclosure would return the same value as



the start of the financial year, granted the company has not been affiliated to any
scandal meaningful enough to warrant a change. Forward fill also does not introduce
compoundable error that comes with an autoencoder or a regression model, or any
interpolated assumption that the transition between ESG data points is smooth and
linear.

3.2. Model

The model used is the Non-Stationary inverted Transformer (NSiTransformer) [78].
This model bases itself upon the inverted transformer architecture and provides a
balance between interpretability and performance. The core idea is to use learned
de-stationary factors to model the changing relationships between tokens. The model
also implements Time2Vec [79] embedding to efficiently model time dependencies into
higher dimensional spaces.

3.3. Walk-Forward Time Series Evaluation

One of the first challenge we faced when evaluating the models was the large discrep-
ancy between older and the latest market data. In a classic time series prediction task,
a proportion of the dataset (usually 70%) is used for training, another one for vali-
dation (10%) and the rest becomes unseen testing data (20%). This division respects
the temporality of the time series, meaning that the 30% dedicated to validation and
testing are the latest observations in the time series.

This is a fundamental problem in time series data, as significant events such as the
Covid-19 pandemic or the rise of artificial intelligence fall into the validation or testing
dataset, leading to worse performances in choppy markets. The first solution that was
developed to counter this issue was to randomly sample the segments of data in the
training, validation and testing datasets. This solution improved the performance of
the model considerably but posed a major problem when the sequence and prediction
length grew, as either data from multiple segments would leak onto each other and
bias the model, or the safeguards put in place would significantly reduce the number
of samples available. In order to conserve a high number of samples and take into
account more recent data, we used a rolling time series evaluation mechanism in the
training loop.

Consider a time series:

{It}zzla

where T is the total number of time steps.

Let Liyain, Lyval, Ltest denote the (fixed) lengths of the training, validation, and
test windows, respectively. We also define a step size A by which we will slide
the window for each new iteration. For iteration & = 1,2,...,K, we define
sk (start index of iteration k) The training, validation, and test windows for iter-



ation k are given by:

w®

train

= {t | s <t < sk +Ltrain}7
k
W\Eal) = {t | sk + Ltrain < t < Sk + Lirain + Lval}7

k
Wt(es)t = {t | Sk + Ltrain + Lval <t < Sk + Ltrain + Lva.l + Ltest}~

After processing iteration k, we shift the start index by A, i.e. in each iteration k:

(1) Training: Fit the model using data {z: |t € Wt(r?in}.
(2) Validation: Tune hyperparameters or perform early stopping using {z; | t €
Wl b

(3) Testing: Evaluate final performance on {z; |t € Wt(eksi}

We then collect the test metrics across iterations £k = 1,..., K to obtain an estimate
of the model’s performance under various temporal regimes:

K
1 . L k
Score = Ve E Metric(predictions on Wt( )

est? ground truth on Wéj’?ﬁ) .
k=1

3.4. Integration of Multiple Stocks

Another benefit of the Walk-Forward method is the capacity to bundle several stocks
in the training sets. Let us assume we have M distinct stocks, each represented by a
time series {w§7rl)}f§1 form =1,2,..., M. When performing a walk-forward evaluation
across multiple stocks, we start by adding to the dataset a one-hot encoded column
representing the stocks’ ticker. We then perform the walk-forward procedure on each

stock’s time series separately. For stock m, we define Wt(rkaf: >, Wé:l’m), Wt(eks’tm) as the
respective train, validation, and test windows for iteration k. We repeat the rolling-
window approach from k = 1 to K for each stock m, creating M x K sets of evaluation
results. A final performance measure can be computed by averaging (or otherwise

aggregating) across all stocks and all iterations:

K
Score = Z Metric (g)t(k’m), yt(k’m); te Wt(eks’tm)).
lk=1

1 XM
MK

m=

Alternatively, the model can be tested on any given stock’s test segment for perfor-
mance evaluation or comparison with a single stock model.

3.5. FEwaluation Metrics

In this study, we quantify predictive performance using two standard error metrics:
Mean Squared Error (MSE) and Mean Absolute Error (MAE). Let {g;} denote the
predictions on a test window W, and {y;} the corresponding ground-truth values:

MSE({31} . {n}) = ﬁ S (- )™

tew



MAE ({#:}, {wi}) = ﬁ > lie— vl
tew

3.6. Benchmark Models

We harness the time series-Library [80] and propose seven of the best performing mod-
els as our benchmark: iTransformer [81], PatchT'ST [37], Crossformer [36], TimesNet
[82], DLinear [83], NSTransformer [38].

4. Predictive Performance on Financial Time Series

This section evaluates the performance of the NSiTransformer compared to the bench-
mark models on the financial dataset. Table 3 presents the results of the forecasting
task for three distinct sectors—Finance, Industrials, and Technology, using the walk-
forward approach and P the prediction length. The MSE and MAE shown are the
average of testing results across all stocks after the model has completed pre-training.
In the Finance and Industrials sectors, the NSiTransformer and its competitors achieve
similar error levels. For instance at P = 1 in the Finance sector, the top three mod-
els are within +0.002 of MSE suggesting that the models all efficiently capture the
dynamics present in the dataset. DLinear and Stationary on the other hand perform
significantly worse than on a single stock compared to the other models. Stationary re-
mains competitive at P = 1, but experiences a massive drop in performance at higher
prediction length, being the worst performer for the Industrials and Technology sectors
at P = 14 by a significant margin. A clear pattern that emerges is the uneven difficulty
of sectors: Finance and Industrials appear to be significantly easier than Technology,
especially at higher prediction length. This could indicate that this sector does not
benefit from pre-training as much as the two others, or that predicting the erratic
movement of Tech stocks at longer horizons is particularly difficult. We found that
the median MSE for the NSiTransformer at P = 14 was 0.407, indicating very strong
outliers on the tail end of the dataset. Two main outliers were identified: Nvidia’s
(NVDA) 1,789.12% growth over the past five years was especially hard to predict by
all the models, with MSEs around 8.001 (NSiTransformer) or 10.53 (TimesNet), but
the biggest culprit was Super Micro Computer Inc (SMCI), which hit an all time high
four months before the cut-off of the dataset.



Table 2.: Results of benchmark models on Super Micro Computer Inc, NVDA and
AMD. On day-after prediction, the model maintains a decent understanding of the
upward pattern, but when the prediction length rises, the MSE increases drastically.

Models P SMCI NVDA AMD
Metric MSE MAE MSE MAE MSE MAE
1 23.74 2.17 2.21 0.517 0.296 0.229
NSiTransformer 7 145.20 5.19 3.88 0.951 0.557 0.382
14 257.84 7.14 8.001 1.32 0.851 0.501
1 23.83 2.20 2.19 0.525 0.302 0.236
iTransformer 7 11875 4.73 3.68 0.952 0.553 0.381
14 254.88 717  8.13 1.27 0.852 0.496
1 23.39 0.19 2.17 0.562 0.294 0.238
PatchTST 7 125,50 4.81 3.96 0.993 0.551 0.379
14 27190 7.06 8091 1.33  0.909 0.507
1 2533 235 223 0.553 0.303 0.242
TimesNet 7 120.40 < 4.77 457 0.944 0.535 0.374
14 307.52 7.41 10.53 1.38 0.760 0.475
1 6574 396 277 0.882 0.429 0.343
DLinear 7 208.36 6.71  7.49 1.36 0.761 0.484
14 387.67 9.38 13.53 1.87 1.05 0.597
1 31.82 255 229 0.553 0.298 0.235
Stationary 7 492.87 9.17 16.45 0.147 0.618 0.405
14 52049 10.35 16.09 1.47 0.820 0.492

Table 2 presents the MSE and MAE of all models when predicting SMCI. The MSEs
and MAEs are exceedingly high and too polarizing to be included and as such SMCI
will be excluded in the next tables referencing the Technology sector. For compari-
son, NVDA is the second highest MSE for all models within the Technology sector
and AMD is in the top 10% of highest error for all models. Table 3 indicates that
the NSiTransformer is competitive when predicting financial time series compared to
the state-of-the-art models. Further comparison using ESG enhanced time series are
available in Appendix B. In order to get comparable metrics between financial and
ESG-enhanced time series, we need to define the largest subset of available data for
both providers. This subset needs to be defined first temporally with the oldest possible
data, and by availability with the highest possible amount of stocks.
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5. Towards More Comparable Metrics

In order to provide more comparable metrics between providers, we need to ensure that
the data available to each model is at the same granularity. To this end we introduce
a temporal and stock cut-off to provide comparable metrics.

We start by defining a time cut-off that includes the largest subset of available data
for both providers. Sustainalytics ratings started in 2018, while Reuters ratings started
as far back as 2006 for certain companies. Table 4 shows the number of data points
removed from the Reuters dataset to align with Sustainalytics. We place our cut-off at
December 1st, 2018. The average number of data points is slightly higher for Reuters
due to certain companies not being covered by Sustainalytics at the exact cut-off. To
ensure that the number of data points is even, we also propose a stock cut-off to align
both datasets.

Table 4.: Average number of data points per stock pre- and post- time cut-off (01-12-
2018).

Provider Pre-cut  Post-cut
Sustainalytics 1420 1420
Reuters 4635 1530

We experiment on the intersection of available stocks for each companies. This
process reduces the total number of stocks from 216 down to 184. Table 5 shows the
number of stocks removed for each sector. The proportion of stocks removed is close
to even for each sector.

Table 5.: Number of stocks removed due to missing or incomplete data in at least one
other dataset.

Sector Pre-cut  Post-cut
Finance 71 59
Industrials 77 68
Tech 68 57
Total 216 184

Table 6 shows the total number of total points for each sector after the datasets of
both providers have been aligned to the same number of stocks.

Table 6.: Total number of data points.

Sector Data points
Finance 83 780
Industrials 96 560
Tech 80 940
Total 261 280

Table 7 evaluates the NSiTransformer’s performance using a consistent subset of
184 stocks (down from 216) across three different types of ESG datasets—financial-
only, Sustainalytics, and Reuters—in the Finance, Industrials, and Technology sectors
(excluding SMCI). By harmonizing the sample, this comparison isolates the impact
of ESG data quality on forecasting accuracy. We also train a model (S+R in Table
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7) using both providers’ metrics, since the harmonization of the sample allows for no
missing data.

The analysis reveals consistent forecasting gains when ESG data supplements finan-
cial metrics. Across all sectors and prediction windows, ESG integration reduces errors
relative to financial-only baselines. In Finance, for instance, P = 1 forecasts improve
from an MSE of 0.322 (no ESG) to 0.255 with Sustainalytics and 0.226 with Reuters,
all the way down to 0.203 with S+R. This hierarchy also scales at longer horizons:
at P = 14, S+P forecasts achieve an MSE of 0.396, outperforming Reuters (0.401) ,
Sustainalytics (0.463) and the baseline (0.550).

In Industrials, Reuters emerges as the superior ESG source. its P =1 MSE (0.123)
undercuts both S+R (0.128), Sustainalytics (0.159) and the baseline (0.175). This pat-
tern maintains at P = 7 and P = 14, where the Reuters trained model maintains the
top spot. Although Sustainalytics improves the No ESG approach, this sector exempli-
fies the necessity to test multiple combinations of data when implementing predictive
models in real life scenario, as the addition of new features does not necessarily equate
better performance.

In Technology, the same pattern as Finance emerges: No ESG is the baseline model
and performs the worst. Individually, Sustainalytics and Reuters both help reduce the
MSE, despite Reuters clearly promoting the model more, but S+P emerges as the
clear top performer in all sectors, for all prediction lengths. These results indicate that
the promotion provided by each ESG provider are different, as there is a compounding
effect when used in conjunction.

Table 7.: Results with forecasting of NSiTransformer for Finance, Industrials and Tech-
nology sector with a temporal cut-off in 2018 and stock cut-off at P=1, 7 and 14. S+R
stands for Sustainalytics+Reuters and was trained with both ESG metrics available.
In bold, the best performing model for each prediction length.

Models P No ESG Sustainalytics Reuters S+R

Metric MSE MAE MSE MAE MSE MAE MSE MAE
1 0322 0.189 0.255 0.163 0.226 0.136 0.203 0.118

Finance 7 0449 0.292 0.359 0.220 0.332 0.200 0.317 0.182

14 0.550 0.357 0.463 0.280 0.401 0.252 0.396 0.228

1 0.175 0.187 0.159 0.155 0.123 0.132 0.128 0.121

Industrial 7 0311 0.305 0.268 0.243 0.210 0.211 0.214 0.192
14 0.457 0396 0410 0320 0.311 0.276 0.326 0.255

Tech 1 0.207 0.207 0.164 0.150 0.146 0.142 0.131 0.119
(No SMCI) 7 0391 0335 0328 0.257 0.282 0.237 0.260 0.204
14 0.567 0.420 0.489 0.327 0.405 0.299 0.400 0.266

The results imply Sustainalytics and Reuters capture distinct but overlapping facets
of ESG risk. Their combination appears to filter out some of the provider-specific bi-
ases—for instance, Sustainalytics’ noisier Industrials metrics are counterbalanced by
Reuters’ cleaner signal, while Reuters’ potential blind spots in Technology volatility
are mitigated by Sustainalytics’ complementary data. The differences in methodol-
ogy exposed in 3.1 could be a determining factor in the compounding effect observed.
This synergy elevates the NSiTransformer’s predictive capacity, particularly in longer-
horizon forecasts where the modeling challenges are amplified. This is a significant
result indicating to practitioners trying to get an edge on the market that ESG signal
is worth including in their model. Beyond the boost in predictive power, the inte-
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gration of ESG metrics is in line with the new generation of retail investors that
have been sensitized to environmental issue and wish to bring their capital to sustain-
able companies. The computational cost added is also minimal: only 6 features for
each provider (see Appendix C) is enough to upgrade the NSiTransformer predictive
power. ESG providers tend to offer a large catalog of data, which can be overwhelming
and ultimately deter their integration in machine learning models to avoid the curse
of dimensionality. By focusing on the high level ratings, we maintain a broad pic-
ture of the sustainability footprint of a company without over-saturating the dataset
with exogenous variables. Collectively, the experiment demonstrates that ESG integra-
tion strategies transcend simple additive benefits. By merging providers, models like
NSiTransformer can exploit inter-dataset correlations to dampen noise and amplify
sectorally relevant signals—a critical advantage in multi-horizon forecasting where
isolated data sources may inadequately capture complex market inter-dependencies.
Multiple providers are also a hedge against biased methodology in a given sample,
which due to a lack of standardization has been established to be an issue in ESG
ratings.

6. Relevance Maps

We provide supplemental interpretability by calculating the relevance of each token
using Chefer et al [84] general technique adapted to the iTransformer [85]. Tables
detailing the correspondence between tokens and features for each experiment can
be found in Appendix C. Further interpretability is provided in Appendix D using
de-stationary factors.

Figure 1la and 1b present the relevance maps for the models trained on Industrials
at P = 1. In the No ESG experiment, the top relevant tokens are 5, 9 and 14. Token
5 corresponds to the Log returns before controlling, which is surprising considering
that this experiment predicts token 6, which appears to be not as relevant. A possible
explaining factor is the embedding of market movement in log returns: since the model
is trained on multiple stocks, it could find beneficial when making a prediction to
consider the uncontrolled returns to gauge the market. Token 9 is the MACDs signal
line, and paired with token 8 showing a respectable relevance on its own, MACD
clearly emerges as the most relevant financial indicator in the dataset. Token 14 is a
special case: although it is highly relevant, this token represents the one-hot encoded
ticker, and as such never changes throughout the sequence fed into the model. The
most likely explanation for this relevance is the identification of a stock for the model.
Although there are common patterns, when trained on all the stocks for a given sector
(here Industrials) the model has to determine which stock it is predicting. In No ESG,
the ticker serves as an anchor for the model to tailor the prediction to a given stock.
The temporal tokens, although all slightly relevant, do not present a strong dominance
between the raw data and the Time2vec embeddings.

When adding the Reuters ESG ratings, the relevance of the ticker plummets. The log
returns and MACD tokens remain highly relevant, token 5 being even more dominating
than in No ESG. Token 4, the volume, also increases in relevance. But the most
interesting observation comes from token 20, a newly introduced token that encodes
the SASB score. The SASB score is an encoded number that designates which issues are
recognized to be material for a given company. Similarly to the ticker, this data point
remains the same, and is likely to contributing to the recognition of the stock being
predicted. This relevance score also means the model buckets SASB similar companies,
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which is in line with the findings in [77]. The other Reuters tokens are also slightly
relevant, especially the Environmental pillar score. In this study, Industrials was most
correlated with the Environmental sector, which is coherent with what intuition would
tell for a sector that includes Caterpillar (mining and construction), Union Pacific
(freight hauling) or Boeing (aircraft manufacturer). This result echoes how simpler
tools such as correlation can infer behaviors that will be found in far more complicated
architectures such as the NSiTransformer.

Figure 1c and 1d present the relevance maps for the models trained on Finance
at P = 7. As the prediction length increases, we find similarities and discrepancies
compared to the previous maps. In 1c, the ticker is once again extremely relevant
at first. Token 8 and 9, corresponding to the MACD and MACDs, maintain high
relevance, with token 9 becoming the most relevant. The controlled returns, encoded
in token 6, are however far more relevant than before. As the temporal horizon for
prediction increases, it is likely that the model starts favoring historical data of the
target value. As the relevance of the uncontrolled returns are still high, the hypotheses
that the model uses uncontrolled returns to gauge the market still holds up.

As shown in 1d, The SASB code clearly remains pivotal for the predictive power,
but the model uses a much broader array of tokens to fuel its prediction. For in-
stance, the historical controlled log returns in token 6 gain relevance, similarly to the
other components of MACD and RSI. Through the relevance map, we can discern the
strategy used by the model: identify which group of stock is being predicted with the
SASB code, and use the historical financial data to produce an adapted result. The
Reuters ESG scores also start demonstrating sizable relevance, with the Environmen-
tal Pillar Score and Social Pillar Score displaying particularly high relevance. This
broader approach could be the reason for the promotion in performance between the
Sustainalytics-only and both providers model.

Figure le and 1f presents the relevance maps for the models trained on Technology
at P = 14. At this prediction length, the ticker is no longer as relevant as in previous
experiments. This could be an indication of a broader strategy that does not tailor
the prediction as much as other model, but rather uses a combination of historical
data and technical indicators to infer general behavior. This strategy can lead to the
model underfitting, and explain why this model performed worse than the ones using
ESG data. The historical data of controlled returns have taken over the log returns,
but the most relevant token remains the MACD signal line (token 9). This consistent
behavior throughout all experiments indicates that the models are extremely receptive
to the MACD model, and this technical indicator is likely to yield improvements in
other financial predictors.

The S + R model closely maintains the structure of No ESG for financial data. This
further reinforces the thesis that ESG ratings are beneficial for the predictive power of
the model, since the structure of financial tokens remains sensibly similar. The same
pattern of close to equally relevant tokens for the ticker and SASB indicates that the S
+ R model adopts a more targeted strategy compared to No ESG based on the general
inference strategy with more targeting. Sustainalytics’ ESG Risk Score is slightly less
relevant in this model, but it is to the benefit of Reuters’ ESG Score and Governance
score. The model appears to favor general scores over specific subcategories in the
majority of cases, however Governance is an sensitive pillar to Technology companies,
as the companies within this sector are under constant scrutinization from the public
due to their high profile.

Finally, despite the model’s performance being sensitive to the number of time
embedded dimension, we found no significant difference in how the temporal tokens

13



were employed in longer prediction horizons. The embedded dimensions are in all cases
slightly relevant without a particular dominance. The raw data of the days, which could
indicate periodicity in the data, are not particularly relevant either regardless of the
prediction horizon

Relevance maps emerge as a key tool to not only identify the most relevant features
but also infer the strategy used by the model to make a prediction. These strategies
can then be assessed based on domain expertise and results on unseen data, in order to
ensure that the model is not underfitting or overfitting. As such, this technique not only
promotes interpretability in transformer-based models, but also informs practitioners
on the key metrics to maximize the performance of their model.
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Relevance Map for Industrials with No ESG, P=1, T2V=8, K=15 Relevance Map for Industrials with Reuters, P=1, T2V=8, K=15
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Figure 1.: Relevance Maps for Industrials P=1 (top), Finance P=7 (middle) and Tech-
nology P=14 (bottom). In blue financial features, lime Reuters features, cyan SASB,
red temporal features, T2V=8, K=15..
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7. Conclusion

In this study, we established that incorporating ESG data into financial datasets en-
hances the predictive power of the NSiTransformer. The best performing model inte-
grated ESG data from three different providers, reinforcing the idea that the subjec-
tivity of ESG ratings can be alleviated through multiple rating agencies. This study
further corroborates the discrepancies in ESG ratings between agencies, as the inclu-
sion of different providers yielded different results, despite clearly defining a common
ground for evaluation.

The NSiTransformer provided accurate predictions, and saw an improvement in per-
formance when the dataset was augmented with ESG data, indicating their benefits
for the predictive power of the model. Through the lens of interpretability, we deter-
mined the importance of the SASB categorization replacing the ticker as an identifier
for companies. Interpretability also allowed us to study the strategy adopted by the
NSiTransformer to make a prediction and highlighted the role of the financial and
extra financial parts of the dataset. The model employs a general strategy based on
the financial data and targets specifically the company using the categorical variables.

Future work should try to propose different embeddings of the EGS ratings, and
include other providers. A possible angle could be to study the interaction of different
predicted variables with ESG ratings. From a model point of view, building larger mod-
els that encompass more stocks and financial sectors could lead to better performance.
New model-specific techniques can also be explored, notably with Kolmogorov-Arnold
networks to replace multi-layer perceptrons.
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Appendix A. Depth of the network

We trained the model with progressively deeper networks, as shown in Figure Ala
and Alb on AAPL. We use depths of the power of 2 to fully take advantage of bit-
wise operations and AVX-512 computing [86]. We want to use the depths that yields
the lowest MSE and MAE while also minimizing the computation overhead. Depths
from 16 to 256 have similar results, with a small gain in performance at 32 hidden
layers. At 512, the model massively overfits and the MSE/MAE increase dramatically.
Consequently, the results of this preliminary depth tuning indicate that the optimal
dimension of the model is 32, with a good compromise between fitting the model and
reasonable computational overhead.
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Figure Al.: MSE/MAE per depth and per predicted variable on AAPL (Lower is
better).

Appendix B. Predictive Performance on ESG-Enhanced Time Series

This section evaluates the performance of the NSiTransformer compared to the bench-
mark models on the financial dataset enhanced with data from Reuters and Sustain-
alytics.

B.1. Sustainalytics

Table B1 shows how adding Sustainalytics ESG data affects forecasting performance
across financial models. While including ESG ratings shrinks the dataset size, the re-
sults reveal clear patterns in how different models handle this expanded set of features
across three sectors—Finance, Industrials, and Technology.

The NSiTransformer performs strongest in the Finance sector, with MSE scores of
0.253 (P =1), 0.384 (P =7), and 0.512 (P = 14). Both iTransformer and PatchTST
deliver nearly identical results, while TimesNet and DLinear show slightly higher er-
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rors. The Stationary model keeps pace on short-term forecasts but loses accuracy as
predictions extend beyond a week.

All models show higher error rates on the Industrials sector compared to Finance.
The NSiTransformer achieves MSEs of 1.18 (P = 1), 1.47 (P = 7), and 1.86 (P = 14).
While the NSiTransformer, iTransformer, PatchTST and TimesNet cluster closely in
performance, the Stationary model struggles—its MSE jumps to 3.90 for P = 14
forecasts. The DLinear model places itself between the leading pack and Stationary,
getting close to the top performer in Finace at P = 1 but never beating out any of
the top 4 models. This pattern remains in the Technology sector, that appears to be
simpler to predict at P = 1 but sharply increasing in difficulty as P rises.

Incorporating Sustainalytics ESG data creates a mixed picture: The initial top
models like NSiTransformer, iTransformer, PatchTST and TimesNet maintain strong
performance despite a smaller datasets, while DLinear and Stationary suffer, especially
at higher P. These results indicate a predominant problem in using ESG ratings:
depending on the provider, the history of data available might be more beneficial than
the added dimensions.
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B.2. Reuters

Table B2 compares long-term forecasting performance using Reuters ESG ratings
alongside financial data. Unlike the earlier Sustainalytics analysis, Reuters’ ESG inte-
gration causes less severe data reduction—this smaller trimming of the dataset helps
preserve more training examples while still adding sustainability metrics.

In Finance, NSiTransformer, iTransformer, and PatchTST dominate short-term pre-
dictions: their 1-day forecasts show nearly identical MSE scores (0.151-0.152) and
MAE values (0.148-0.153). TimesNet performs slightly worse, only beating the NSi-
Transformer on Industrials at P = 7 and P = 14. While DLinear trails with a 0.265
MSE at this horizon, the Stationary model holds its own initially. Predictably, errors
grow for all models as forecasts stretch to 7 and 14 days.

The Industrials sector tells a similar story. All models start strong with 1-day MSEs
between 0.159-0.181. As predictions extend to P = 7, the Stationary model surpris-
ingly closes the gap slightly at the P = 14, despite the previous trend trend of massive
compounding error in longer time predictions.

In Technology, the first four leading models achieve P = 1 MSEs of 0.201-0.233,
matching the Stationary model’s short-term performance. But beyond a week, their
lead widens dramatically: by the P = 14 horizon, the top models clearly outpace both
DLinear and Stationary models. This divergence implies these newer architectures
handle Technology inherent instability better.

Reuters’ ESG integration appears to support steadier performance across sectors
and timeframes compared to Sustainalytics. The larger quantity of available training
data is a definite benefiting factor, which also makes the results between the two
models incomparable in this state since the test segments differ.
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Appendix C. Correspondence Between Tokens And Variables

In the next sections, we will be referring to the tokens used by the model to encode
the features of the dataset. This section serves as a reference for the subsequent figures
in subsection 6 and Appendix D. Table C1 describes the relationship between tokens
and features. This dataset serves as the base for the ESG-enhanced dataset, which all
use the same first 14 tokens that encode the financial features. Tokens 15 to 26 are
used to encode the temporal context of the time series.

Table C1.: Description of tokens for the encoded network without ESG ratings.

Token Feature Description

0 Open Opening price
1 Low Lowest price of the period
2 High Highest price of the period
3 Close Closing price
4 Volume Trading volume
5 Log_Returns Logarithmic returns
6 Controlled_Returns Returns with control adjustments (Target variable)
7 RSI Relative Strength Index
8 MACD Moving Average Convergence Divergence
9 MACDs MACD signal line

10 MACDhK MACD histogram

11 BBL.5.2.0 Lower Bollinger Band (5-day, 2.0 std)

12 BBM.5.2.0 Middle Bollinger Band (5-day, 2.0 std)

13 BBU5.2.0 Upper Bollinger Band (5-day, 2.0 std)

14  Ticker Stock ticker one-hot encoded

15 dayWeek Day of the week

16 dayMonth Day of the month

17 dayYear Day of the year

18 - 25 date Time2Vec Embedded Features

Table C2 presents the tokens corresponding to the encoding of the Sustainalytics
ESG ratings. Due to the Time2Vec embedding happening after the dataset features,
the last 11 tokens always are the temporal tokens.
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Table C2.: Description of tokens for the encoded network with Sustainalytics ESG

ratings.
Token Feature Description
0 - 14 Financial features Same features as Table C1

15 ESG Risk score ESG risk score
16  Overall Management Score Overall management score
17 Overall Exposure Score Overall exposure score
18 Overall Manageable Risk Score Overall manageable risk score
19 Overall Unmanageable Risk Score Overall unmanageable risk score
20 Overall Managed Risk Score Overall managed risk score
21 SASB SASB rating
22 dayWeek Day of the week
23 dayMonth Day of the month
24 dayYear Day of the year

25-32 date Time2Vec Embedded Feature

Table C3 presents the tokens corresponding to the encoding of the Reuters ESG
ratings. The Reuters scores correspond more directly to the idea of ESG ratings by
directly integrating the values as pillar score.

Table C3.: Description of tokens for the encoded network with Reuters ESG ratings.

Token Feature Description
0 - 14 Financial features Same features as Table C1

15 ESG Score Overall ESG score
16 ESG Combined Score Combined ESG score
17 ESG Controversies Score ESG controversies score
18 Social Pillar Score Social pillar score
19 Governance Pillar Score Governance pillar score
20 Environmental Pillar Score Environmental pillar score
21 SASB SASB rating
22 dayWeek Day of the week
23 dayMonth Day of the month
24 dayYear Day of the year

25 - 32 date Time2Vec Embedded Features

Table C4 presents the tokens corresponding to the encoding of the ESG ratings
from both providers. This experiment alongside the relevance maps and de-stationary
factors aims at determining the influence of each token in the prediction.
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Table C4.: Description of tokens for the encoded network with both providers of ESG

ratings.
Token Feature Description

0 - 14 Financial features Same features as Table C1
15 ESG Risk score ESG risk score
16  Overall Management Score Overall management score
17 Overall Exposure Score Overall exposure score
18 Overall Manageable Risk Score Overall manageable risk score
19 Overall Unmanageable Risk Score Overall unmanageable risk score
20 Overall Managed Risk Score Overall managed risk score
21 ESG Score Overall ESG score
22 ESG Combined Score Combined ESG score
23 ESG Controversies Score ESG controversies score
24 Social Pillar Score Social pillar score
25 Governance Pillar Score Governance pillar score
26  Environmental Pillar Score Environmental pillar score
27 SASB SASB rating
28 dayWeek Day of the week
29 dayMonth Day of the month
30 dayYear Day of the year

31-38 date Time2Vec Embedded Feature

Appendix D. De-stationary Factors

We sample the tensors of 7 and ¢ during testing and represent it as heatmaps. The
de-stationary factors represent the evolving relationship between the features. We used
a top-k of 15, meaning that de-stationary attention is applied to the top 15 features.
This visualization allows us to gain insights on how the de-stationary factors from
the NSiTransformer are used within the model to represent the changing relationships
between the features.

Figure D1 presents the de-stationary factors for the model trained on Industrials
at P = 1, with both providers and only Reuters. Horizontally, the tokens are ordered
according to the tables in subsection C. Vertically, the tokens are the top 15 with the
highest attention at the time of the sampling. In Reuters, a clear horizontal pattern
emerges alongside tokens 13 to 20, with both tau and delta being equal for those tokens
regarding the top 15 tokens. A possible explanation for this result is the low periodicity
of these tokens, which also often change at the same timestamps when the ratings are
updated. This idea is further backed up by the S + R model, which demonstrates
the same behavior with Sustainalytics and Reuters tokens. Another observation is the
relationship between the de-stationary factors and the relevance maps. It appears that
the tokens that are highly relevant in previous figures often present lower de-stationary
factors. For instance, on the S+P model, token 5 is by far the most relevant, but has
some of the lowest tau and delta. Token 9 and 27 also show the same behavior, while the
ticker (token 14) displays the opposite: extremely low relevance but high de-stationary
factors.
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Figure D2 presents the de-stationary factors for the model trained on Finance at
P = 7, and the inverted relationship between relevance and de-stationary factors
persists. In the S+R model in particular, we can clearly see the groups of tokens 0 to
4 with low relevancy and high factors, as opposed to tokens 5 to 9 with high relevancy
and low factors. There are however counter examples, for instance with token 9 in No
ESG maintaining both high relevancy and high factors. A likely explanation is that
since the de-stationary factors are learned, the model could be compensating high
relevancy with low factors to balance out the prediction and avoid overfitting.

Visualizing the de-stationary factors allows to gain insight about the model and
how it tries to balance the evolving relationship between features. While the vertical
lecture of the maps are imperfect when using a k inferior to the number of features,
the horizontal lecture still gives insight as to which token are given increased or de-
creased attention at a given time. In this case, the tendency of de-stationary factors
to counterbalance the relevance and the low periodicity of data having an influence on
their attention are important signs that the model can generalize well on unseen data.
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Figure D1.: De-stationary factors for Industrials, P=1, Reuters (left), S + R (right).
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Figure D2.: De-stationary factors for Finance, P=7, No ESG (left), S + R (right).
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ABSTRACT

This chapter presents three major reinforcement learning algorithms used for fine-
tuning financial forecasters. We propose a clear implementation plan for backpropa-
gating the loss of a reinforcement learning task to a model trained using supervised
learning, and compare the performance before and after the fine-tuning. We find
an increase in performance after fine-tuning, and transfer learning properties to the
models, indicating the benefits of fine-tuning. We also highlight the tuning process
and empirical results for future implementation by practitioners.

KEYWORDS
Fine-tuning, Proximal Policy Optimization, Reinforcement Learning, Attention

1. Introduction

Timeseries predictors are generally trained using supervised learning on datasets. The
standard setup divides the dataset into three segments: training, validation and testing.
The model is initially fit on training data, then evaluated on the validation set to tune
hyper-parameters and assess the predictive power. Finally, the test set is used by the
final model to determine the accuracy on unseen data. These steps are well understood
and constitute the backbone of supervised learning in timeseries prediction.

This methodology draws a strong parallel with large language models (LLMs), which
are generally transformer-based models and use supervised learning for pre-training.
The pre-training is a common step to all LLMs that starts with a large amount of raw
data, compressed in the network. Once the pre-training is complete, alignment aims to
tune the model to create an user-friendly experience. This step incentivizes answering
and asking questions to contextualize requests, teaches the LLMs how to use external
tools, or censors potentially harmful information that might lie within the embeddings.
The novelty of this research lies in the extension of alignment to time-series prediction
model.

Fine-tuning in large language models was initially based on human feedback. A stan-
dard setup consists of a human operator prompting a question and grading the answer.
Later, practitioners aimed at removing subjectivity from the fine-tuning pipeline by
instead proposing two answers to a prompt and have a human operator select the
best one. These two methods fall under the umbrella of Reinforcement Learning with
Human Feedback (RLHF), and although effective recent models have shown pure Re-



inforcement Learning (RL) approaches outperforming RLHF for a fraction of the cost.

The central idea of this chapter is to leverage the predictive power of supervised
pre-training and to use RL algorithms to align the model with diverse constraints.
These constraints can be domain specific, such as risk management or operational
constraints, but can also be purely mathematical, such as incentivizing bolder out-
of-sample predictions. The reward function is at the center of the tuning, and will
determine which direction the model is pushed towards. This approach is more adapted
to time-series prediction compared to RLHF, as it completely removes the human
operator and the need to reduce subjectivity in the feedback. RL is also extremely
cost effective, since it removes the need of a coordinated effort of human operators
giving feedback on a large number of samples.

In the context of time-series prediction, RL for fine-tuning is novel. The standard
implementations of reinforcement learning in time-series prediction consist of a com-
pletely untrained agent learning a policy over a simulated environment. In the case
of finance, this environment might be a portfolio or an ensemble of assets. In this
chapter, we used a pre-trained model from [1] that serves as a backbone for the RL
implementation. The environment is set up to reflect the training data closely, with
the main tuning tool available being the reward structure. The loss is back-propagated
through the backbone, updating the weights according to the policy.

The research questions investigated in this chapter are: Can we fine-tune pre-trained
models to enhance time-series predictions using reinforcement learning? What state-
of-the-art reinforcement algorithms work best for fine-tuning?

This chapter is structured as follow: Section 2 presents a literature review, section
3 the data used to train/test the models, Section 4 the framework used to fine-tune
and evaluate the models, Section 5 benchmarks the models on standard reinforcement
learning tasks, Section 6 the results of the fine-tuning, Section 7 the tuning of the
specific hyperparameters and finally Section 8 is the conclusion to the chapter.

2. Background

Fine-tuning has become an emerging trend since large pre-trained model became more
widely available to the public [2]. Fine-tuning is a technique that intends to specialize
a pre-trained backbone model, often to increase performance on selected benchmarks
[3] or to benefit from previously acquired knowledge through transfer learning [4]. The
democratization of open source models with available weights in natural language pro-
cessing [5], [6] and image processing [7] enabled researchers and enthusiasts to propose
their own fine-tuned version of an advanced model without the high computational
cost of pre-training. Fine-tuning was leveraged to propose fine art classification [§],
fine-tuning large language models for better medical care [9], biomedical tasks in dif-
ferent languages [10], and malware detection in images [11].

As the size of models and the parameter number grow exponentially, fine-tuning
the entire model for each downstream tasks was replaced with a sparser approach
called parameter-efficient fine-tuning [12], [13]. Methods such as Adapter [14], [15],
LoRA [16] and Prefix-tuning [17] propose to modify the architecture of the original
model to benefit from higher order patterns learned during supervised learning while
also specializing in a downstream task. Supervised fine-tuning uses labeled data after
pre-training to align the model towards a downstream task. This method has grown
in popularity as large language models hit the public sphere and adapted for more
intuitive or safer usage [18], [19], [20].



As the cost of computation carried over to efficient data labeling [21], alternative
techniques for fine-tuning were explored. Reinforcement learning, one of the major
paradigms in machine learning, has become one of the prime candidate for efficient
fine-tuning. Adversarial networks had previously shown promising results [22], and
policy learning has been employed in text-to-image [23] and multi-modal models [24].
Perhaps the most impressive implementation of reinforcement learning based fine-
tuning comes from the DeepSeek-v3 report [25], which implements group proximal
policy optimization to fine-tune a pre-trained model and implement chain-of-thoughts
reasoning.

Within time-series prediction, fine-tuning has been focused on domain adaption. In
a similar fashion to text and image generation, large pre-trained models are becoming
available to researchers [26]. The models can then be fine-tuned for domain specific
predictions and receive the same benefit as large language models [27], [28]. However,
these methods involve supervised fine-tuning, which in the case of time-series predic-
tion consists of adding data form the specific domain the model needs to be fine-tuned
on. As large language models have proven in the past, this method of fine-tuning
can quickly become unsustainable due to the increasing cost of data labeling. In this
study, we follow the way paved by LLMs by proposing reinforcement learning to tune
time-series predictors.

PPO is a policy gradient method developed by John Schulman et al. in 2017 [29].
The key innovation of this algorithm over older methods such as TRPO [30] or ACER
[31] is the clip function that constrains policy updates of the agent. PPO has been used
in a wide variety of applications: Atari games [32], track racing games [33], suspension
monitoring for cars [34], and image captioning [35]. A number of articles have proposed
innovations to the base algorithm, for instance an alternative minimization target [36],
[37] introduced policy feedback; specifically improving early learning stages, which are
recognized as a potential weak point of PPO [38]. Recently proposed improvements
include a shift in learning to offline policy optimization [39] and including conservatism
[40].

Multi-agent methods have gained significant attention in the field of reinforcement
learning, particularly for their capability to simulate complex systems involving in-
teractive agents. A notable early work in multi-agent systems is [41] which explored
the dynamics of cooperative and competitive agents in a shared environment. Re-
cent advancements have integrated PPO into multi-agent applications: [42] applied
multi-agent PPO to competitive and cooperative tasks, [43] successfully employed
multi-agent reinforcement learning in the complex environment of the Dota 2 game.
The integration of PPO into multi-agent systems has also been explored in real-world
scenarios such as traffic light control [44], and collaborative robotics [45]. Innova-
tions specific to multi-agent PPO include [46] which introduced a meta-learning ap-
proach to enhance adaptability across different tasks and agent configurations and
[47], which presented the concept of leniency in multi-agent learning, mitigating the
non-stationary issue commonly faced in such environments.

Attention is a machine learning mechanism designed to imitate human awareness.
Attention was brought to the forefront of the field with the transformer architecture,
a self-attention-based architecture that enabled the recent breakthroughs in large lan-
guage models [48]. It has since seen many implementations including in recurrent
neural networks for search results customization [49], missing data imputation [50],
and in computer vision [51]. In reinforcement learning, attention models have been
developed within theoretical frameworks [52] and diverse applications such as source
code summarizing [53], dynamic graph problems [54], and road networks management



[55].

The novelty of the framework presented lies in the combination of staple reinforce-
ment learning models with time-series predictors. This chapter also creates an opportu-
nity for further applications of the framework in simulated environment encompassing
diverse fields.

3. Data

To contextualize the fine-tuning we detail the financial datasets used to train the back-
bone and to build the fine-tuning environment. We also present the MuJoCo frame-
work, which we use to benchmark pure reinforcement learning performance between
algorithms.

3.1. Financial and ESG Data

The financial and ESG data used in this chapter span from intraday market prices to
annual sustainability ratings. Our primary sources are:

e Refinitiv [56]: a global leader in financial data and analytics, covering over 80%
of global market capitalization with more than 450 ESG metrics. We extract
daily price and volume data via Refinitiv Eikon, together with the three ESG
pillar scores (Environmental, Social, Governance) and the combined ESG score.

e Sustainalytics [57]: provides ESG Risk Ratings for listed firms, widely used by
asset managers and banks to construct sustainable portfolios. We incorporate
their flagship ESG Risk Ratings into our dataset.

e SASB Standards [58], [59]: the Sustainability Accounting Standards Board
identifies material sustainability issues by industry. Since August 2022, SASB
standards underlie IFRS S1 and S2 disclosures. We one-hot encode each firm’s
material SASB issue set based on the 2018 publication.

Table 1 shows a snippet of Apple’s daily price data from 2005-12-05 to 2005-12-13.
The full time span of the dataset is 2005-12-05 through 2024-08-07.

Date Open Low High Close Volume
2005-12-05 217 215 219 2.16 5.84e8
2005-12-06 2.23 221 225 2.23 8.57e8
2005-12-07 2.24 220 2.24 2.23 6.79e8
2005-12-08 221 219 2.23 2.23 7.90e8
2005-12-09 224 221 225 2.24 5.55e8
2005-12-12 2.26 225 227 2.26 5.25e8
2005-12-13 2.25 224 2.27 2.26 4.94e8

Table 1.: Sample daily financial data for AAPL

To enrich the raw price and volume data, we compute:

o Loy returns, controlling for market effects via the Fama-French 5 factors [60].
e Technical indicators from historical prices and volumes:

o Relative Strength Index (RSI) [61],

o Moving Average Convergence Divergence (MACD) [62],



o Bollinger Bands [63].

The target variable is the FF5-adjusted log return, following the methodology of [64].
Financial data are available at sub-daily frequency, whereas ESG scores refresh annu-
ally (Refinitiv) or “regularly” (Sustainalytics). We evaluated regression, interpolation,
autoencoders and forward-fill strategies. To respect provider methodologies and avoid
compounding model error, we adopt a forward-fill approach for ESG values between
update dates.

3.2. MuJoCo Benchmarking Environments

Multi-Joint dynamics with Contact, commonly called MuJoCo [65], proposes several
standard environments to train and benchmark models on. To evaluate pure reinforce-
ment learning performance, we employ three standard MuJoCo tasks:

e HalfCheetah-v4,
e Hopper-v4,
¢ Humanoid-v4.

MuJoCo provides a high-fidelity physics simulator for continuous-control benchmarks,
where:

o State s; € R? consists of joint angles, velocities and (for Humanoid) contact
forces.

e Action a; € R™ represents torque inputs to each joint.

e Reward combines forward progress, control costs, and (where applicable) healthy
posture and contact penalties.

Environment Reward

HalfCheetah-v4d R = w;F — ween C

Hopper-v4 R=w¢F +wpH — ween C
Humanoid-v4 R=wiF +wpH — wety1 C — Weget Cet

Table 2.: MuJoCo environment reward functions (forward reward F, healthy reward
H, control cost C, contact cost Clct)

Here, wy, wp, Wetrl, Wetet, are environment-specific weights. We use the default obser-
vation and action spaces as defined in OpenAl Gym’s MuJoCo suite.

4. Framework Details

As mentioned in [66], implementation is key in deep policy gradient algorithms. As
such, the framework below is implemented using the clean-rl library [67]. We evaluate
three state-of-the-art algorithms for fine-tuning: Proximal Policy Optimization (PPO),
Centralized Multi-Agent PPO (CMAPPO), and Group Relative Policy Optimization
(GRPO). In this section, we also detail the environment used during training and the
integration of the pre-trained transformer in the algorithms.
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4.1. Proximal Policy Optimization (PPO)

e Policy Function: For an agent z, its policy at time ¢ is a probability density
function denoted as mg(a¢|oy), where 6 are the parameters of the policy, o; is the
observation for agent = at time ¢, and a; are the actions that can be taken. The
policy is then sampled to obtain the action taken ay ~ mp(a¢|oy).

e Objective Function: The PPO objective function is defined as:

LPPO(9) = E, [min(m(@)/&t, clip(r(60),1 — ¢, 1 + E)At)}

where r(6) = _mo(aclod) g the probability ratio, € an hyperparameter and Ay is

T T (acor)
an estimator of the advantage at time ¢, typically computed using Generalized

Advantage Estimation (GAE).
e Advantage Estimation: The advantage A; is computed as:

At = 5t + (7)\)6154»1 + ...+ (7A)T7t+15T,1 (1)

with §; = 7 + YV (0441) — V(0t) and V a learned state-value function.
e Training Process: The agent is trained by iteratively updating its policy pa-
rameters. This involves:
(1) Collecting trajectories by interacting with the environment using the cur-
rent policy.
(2) Estimating the advantages using GAE.
(3) Calculating the surrogate objective function.
(4) Optimizing the surrogate objective function using gradient ascent while
ensuring the updates stay within a specified clipping range to maintain
policy stability.

4.2. Centralized Multi-Agent PPO (CMAPPO)

e Subagent Policy & Training: Fach subagent x; observes its local state o,
samples an action ay; ~ mp, (ar; | 0¢;), and learns via its own reward R;(ot, at;)
using PPO:

(1) Collect  trajectories:  Interact  with  environment to  gather
{(oni, i o) Ho }- ) )

(2) Advantage estimation: Compute A;; via GAE: Ay; = 8¢ + (YA)0i11,4 +
F(YA)2Oq2,i + -+, with &5 = re; + YV (0441,0) — V(0r).

(3) Surrogate objective:

LZPPO(GZ-) = Et[min(rt,i/lt’i, clip(re;,1 —€, 1+ e)/lt,i)],

o,
where r;; = ETE
i

(4) Policy update: Perform gradient ascent on LfPO, clipping updates to main-
tain stability.

e Attention-Enhanced Aggregation: Encode the global state e; and subagent

actions {ay;} via linear layers, compute attention weights [wWeny, w1, ..., wy] =



4.3.

softmax([fenv(et), fsub({a:})]), then aggregate:

n
dt = Wenv €t + E Wi O g
i=1

Superagent Decision: The superagent samples its final action a{ ~ Ty f(a{ |
dy), allowing coordinated, adaptive decisions across all agents.

Group Relative Policy Optimization (GRPO)

Policy Function: As in PPO, we parameterize a stochastic policy mg(a | o)
with parameters 6. At each step ¢, given observation o, we sample a group of G
candidate actions

ati~mp(- o), i=1,...,G.

Group Rewards and Relative Advantage: Each candidate action a;; is
scored by a reward function r(a;, 0¢), yielding

T = 114, 0t)-

We compute the group baseline (mean) and standard deviation:

Surrogate Objective: Defining the probability ratio for each candidate,

7T9(at,z' | Ot)

(0) = ,
peil®) = o Tara o)

the GRPO loss uses the same clipped surrogate as PPO but averages over the
group:

G
1 . .
LERPO(9) — R, el Z min(pyi(6) A, clip(pei(0),1 —€,1+¢€) Azi) |-
i=1

Optionally, one may add a KL-penalty term 3 Dky(mg(- | o¢)||meet(- | 01)) to
constrain policy drift.

e Training Process: GRPO proceeds in iterative updates:

(1) Sample Groups: For each observation o; in a batch, sample G actions {as;}.
(2) Ewvaluate Rewards: Compute 7y ; = r(ay,0) fori =1...G.



(3) Compute Advantages: Form relative advantages A¢; = (r¢; — 7¢)/0¢.

(4) Surrogate Update: Optimize 6 by ascending the clipped surrogate LERPO(9)
(plus optional KL term), using minibatch gradient steps.

(5) Repeat: Collect new groups under the updated policy and continue until
convergence.

4.4. Design of the Reinforcement Learning Environment
The RL environment is designed to facilitate the fine-tuning of forecasting policies:

e State: At time ¢, the state s; € RT*¥ is a matrix containing historical observa-
tions.

e Agent Action: The agent produces a forecast a;; € RP>*1 based on its local
observation oy ;.

e Transition Dynamics: Following the agents’ actions, the true future y; € RF*!
is revealed, and the state is updated (via a sliding window mechanism).

e Reward: The reward 7; is computed based on the forecast error and any addi-
tional domain-specific criteria:

re = —{(az, Z/t) - w(at% (2)

where £(+) is an error metric (e.g., absolute or squared error) and v (-) encapsu-
lates further constraints or penalties.

In practice, the reward function used was ry = 2 x e(=M5E(a:4:) _ 1 This implemen-
tation constrains the reward between [—1,1], and is driven up as the MSE converges
towards 0.

4.5. Latent Representation versus Actor Network

In practice, the probability distribution each of the algorithms sample from is a neural
network. In a classic reinforcement learning approach, a new network is created to learn
the latent representation between observations and actions (the action network). In
the case of PPO and CMAPPO, networks are also created to learn the value function
(the critic network). To fine-tune a pre-trained backbone model, we need to integrate
the trained network in the framework. There are two main paradigms for fine-tuning
the network:

e The backbone outputs a latent representation of the observation
space. The action network takes the latent representation as input and out-
puts a probability distribution over actions, which when sampled outputs the
forecast. The critic network estimates the state value for advantage estimation
and the gradients flow back through the action network, critic network, and the
backbone, which leads to fine-tuning.

e The backbone is connected to a projection layer that converts the la-
tent representation to a forecast directly. This is what commonly happens
when the backbone is used independently as a predictor. In this paradigm, the
backbone takes the place of the actor network. The critic network estimates the
state value and the gradients flow back through the backbone and the critic
network.



Using a separate action network can improve the flexibility since the actor network
has the opportunity to learn from the latent features. Decoupling the backbone and
the action network also allows us to adjust the hyperparameters for the action net-
work individually. An actor network is also more likely to explore and better adapt
to the reward structure of the environment, performing significantly better in the re-
inforcement learning environment. We can also delay the fine-tuning by temporarily
freezing all the backbone layers. This can be beneficial to performance as it gives the
opportunity for the action and value networks to learn about the environment before
inducing changes in the backbone network. This process can help avoid catastrophic
forgetting during the early stages of interacting with the environment.

By replacing the actor network with the backbone, we ensure that a new actor
network will not corrupt the original predictor. This approach is simpler and more
direct, as the actor network introduces new hyperparameters but directly using the
backbones only involves a minor projection. With no actor network involved, there is
also less risk of overfitting the reinforcement learning task, thus maintaining a good de-
gree of generalization. However, without an intermediary network to adapt the learned
features, the backbone might struggle to perform and learn in the reinforcement learn-
ing environment. This can lead to repeated poor performance which in turn can flow
through the gradient and cause catastrophic forgetting. The environment also needs
to be carefully designed to avoid a mismatch between the observations at each step of
the training and the encoder size of the backbone.

Both methods are compared in Table 3 using standard PPO. The reference scores
are the scores of the backbone without any fine-tuning. The latent paradigm performs
significantly worse, with only a small improvement in the Financial sector and massive
loss in Industrials and Technology. The Actor paradigm improves upon the reference
on all datasets. As such, we implemented the actor paradigm when possible. The only
latent representation used was in CMAPPO with the superagent, as the aggregation of
the subagents action does not correspond to the encoder accepted size of the backbone.

Table 3.: Latent vs Actor paradigms comparison. The backbone is fine-tuned using
PPO on Financial, Industrials and Technology. Reference is the base model without
fine-tuning. Lower is better, in bold the best metric.

Dataset Latent Actor Reference

Metric MSE MAE MSE MAE MSE MAE
Financial 0.202 0.206 0.200 0.271 0.203 0.118
Industrials 0.274 0.251 0.119 0.116 0.128 0.121
Technology 0.341 0.264 0.126 0.119 0.131 0.119

5. Benchmarking

Three MuJoCo environments were selected as experimental settings. The three envi-
ronments are: Hopper-v4, Half-Cheetah-v4 and Humanoid-v4. In this experiment, we
use standard 64 hidden dimensions networks for the action and value heads. Table
4 presents the results of the three algorithms tested on each MuJoCo environment.
CMAPPO wins out on all three environments, followed closely by default PPO. The
GRPO algorithm, which does not use a critic network, underperforms slightly in the
pure reinforcement learning task, especially in the Hopper-v4 environment.



Table 4.: Results of MuJoCo environment training. Higher is better, best value in bold.

Model PPO CMAPPO GRPO
Environment Reward Reward Reward
HalfCheetah-v4 -150.54 -111.10 -137.18
Hopper-v4 1185.06 1960.75  624.86

Humanoid-v4 2897.81 3201.09 2659.32

6. Results

Fine-tuning is by definition local and its performance is measurable on a case-by-
case basis. To cover as many use cases as possible, we propose to examine the results
through the use of two common techniques in fine-tuning: layers freezing and transfer
learning.

6.1. Fine-tuning and Frozen Layers

In order to retain high level patterns learned during supervised training, we can freeze
parts of the model to stop the loss propagation through the network. This technique
is common in large language models alignment and is employed to build the results
in Table 5. We fine-tune the model with no frozen layers, 25%, 50% and 75% frozen
layers.

Table 5.: Results of fine-tuning models on Financial, Industrials and Technology
dataset compared to the original model. In rows, the model’s layers are progressively
frozen. In columns, each sector represents the testing set of the model. Lower is better,
best value in bold.

Frozen % Model Financial Industrials Technology

Metric MSE MAE MSE MAE MSE MAE
PPO 0.200 0.271 0.119 0.116 0.126 0.119

0% CMAPPO 0.324 0.208 0.146 0.160 0.203 0.189

GRPO 0.198 0.109 0.118 0.113 0.124 0.115

PPO 0.199 0.114 0.120 0.116 0.125 0.118

25% CMAPPO 0.300 0.204 0.202 0.211 0.525 0.341
GRPO 0.198 0.108 0.118 0.112 0.124 0.113

PPO 0.202 0.113 0.119 0.117 0.124 0.117

50% CMAPPO 0.237 0.155 0.257 0.248 0.151 0.151
GRPO 0.195 0.108 0.118 0.112 0.124 0.113

PPO 0.200 0.114 0.119 0.117 0.124 0.117

75% CMAPPO 0.270 0.183 0.289 0.272 0.137 0.135
GRPO 0.195 0.109 0.118 0.113 0.123 0.113

Original Backbone 0.202 0.111 0.120 0.115 0.124 0.116

GRPO performed the best overall, either improving or leaving the backbone model
unchanged. Notably, freezing at least 50% of the encoder layers gave consistently the
best performance when using GRPO. PPO proposed a minor improvement in some
categories, for instance in Financial at 25%, but mostly left the model unchanged.
CMAPPO performed the worst in the fine tuning, provoking large negative changes
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to the model even with 75% of the encoder frozen. The source of the performance
of GRPO in fine-tuning is the same reason it was the worst performer in the pure
reinforcement learning task: the absence of a value function. While this is mostly a
disadvantage learning control tasks, in the case of fine-tuning the difference of com-
plexity between the value network and the backbone severely hinders the performance
of PPO and CMAPPO. In the case of CMAPPO, the latent representation offered by
the subagents are also reconciled using an action network. This design is coherent with
the original implementation of CMAPPO but also adds another layer of abstraction
the model needs to learn. A possible improvement for PPO and CMAPPO would be
to run the model without propagating the loss back to the backbone to train the value
network. By delaying the learning, the value network could learn a proper representa-
tion of the advantage in the task and nudge the backbone in the right direction.

6.2. Transfer Learning

Transfer learning is a machine learning technique through which a model learns general
concepts applicable across multiple datasets. We experiment on transfer learning by
fine-tuning and testing the model on the three datasets.

Table 6.: Reference values before fine-tuning.

Trained on Financial Industrials Technology

Tested on MSE MAE MSE MAE MSE MAE
Financial 0.203 0.118 0.207 0.113 0.203 0.110
Industrials  0.224 0.227 0.128 0.121 0.122 0.114
Technology  0.256 0.229 0.132 0.118 0.131 0.117

Table 6 presents the results of the model on the Finance, Industrials and Technol-
ogy datasets before fine-tuning. Instead of training the backbone model on all three
datasets and fine-tuning for one, we train the backbone on a single dataset and test
the MSE/MAE on all three. The Financial appears as the most challenging dataset,
performing quite worse than the baseline when tested on Industrials and Technology.
The model trained on Industrials manages to nearly match the performance of the
models trained on Financial and Technology. Finally, the Technology model is by far
the best, outperforming Industrials even when tested on Industrials. This metric could
be interpreted as the degree of high level patterns present in the dataset. These high
level patterns can be applied to any similar dataset, and ultimately are more powerful
predictive tools than the past history for a given example.
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Table 7.: Results of fine-tuning models on Financial, Industrials and Technology
dataset compared to the original model. The model is fine-tuned and tested on the
specified sector for each row. In columns, each sector represents the original training
set of the model. Lower is better, best value in bold.

Trained on Model Financial Industrials Technology
Fine-tuned on Metric MSE MAE MSE MAE MSE MAE
PPO 0.279 0.196 0.213 0.219 0.247 0.219
Financial CMAPPO 0.224 0.143 0.145 0.152 0.151 0.151
GRPO 0.230 0.156 0.155 0.167 0.170 0.165
PPO 0.201 0.115 0.123 0.119 0.131 0.121
Industrials CMAPPO 0.204 0.117 0.127 0.121 0.137 0.125
GRPO 0.197 0.110 0.119 0.113 0.125 0.114
PPO 0.198 0.114 0.125 0.117 0.127 0.120
Technology CMAPPO 0.202 0.115 0.128 0.119 0.129 0.120
GRPO 0.189 0.108 0.118 0.112 0.123 0.113

Table 7 presents the results of the model on the Finance, Industrials and Technology
datasets after fine-tuning. A first observation is the improvement in performance in
all nearly all models from the baseline in Table 6. Some of the most substantial gains
are found in the model trained on Financial, which improved its performance in MSE
for both Industrials and Technology but moreover completely dominates the MAE
benchmark. On the MSE front, the model trained on Industrials had the best results
and beat out the best reference values for each sector.

Notable exceptions are the model trained and fine-tuned on Financial, and the
model trained on Technology and fine-tuned on Industrials. In both cases, neither
PPO, CMAPPO or GRPO managed to improve the performance, and testing on
unseen data yielded a worse result. For the first case, the likely explanation is an
overfitting to the train data: effectively, the model was trained twice on the same
dataset, once with supervised learning, and again using reinforcement learning. The
second case is different: the original Technology model already performed outstand-
ingly well in Industrials, beating out even the models trained on the complete dataset.
The fine-tuning failed to further improve that performance, marking the importance
of establishing baselines before introducing fine-tuning to the pipeline.

The patterns noticed in Table 5 largely stand, with GRPO clearly distinguishing
as the better option in nearly all cases. CCMAPPO performed exceptionally well on
Financial, outperforming both PPO and GRPO. The superagent managed to recon-
cile the actions of the subagents despite the added complexity of the actor and critic
network. PPO nearly always improves on the baseline and constitute a valid choice
for fine-tuning. The recommended algorithm stands out as GRPO, which uses fewer
computational resources and yields the best performance. Committing to the actor
paradigm and removing the critic network greatly simplifies the fine-tuning architec-
ture, allowing for direct backpropagation through the backbone without the need for
intermediary networks.

These results also clearly indicate the value of transfer learning for timeseries pre-
dictor. One of the best use case for fine-tuning appears to be adapting models from
their supervised training dataset to another. This is in line with the current state of
fine-tuning in large language models, which often adapts model after pre-training to
diverse specific tasks. This result also highlights two clear areas for improvement in
timeseries predictors: firstly, large pre-trained models can be built, and later special-
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ized to a given dataset. But the biggest challenge to generalize this method is to specify
a model and a fine-tuning environment that allows for various observation space and
exogenous features.

7. Key hyperparameters

PPO and its variants are known to be sensitive to hyperparameters. In order to com-
pare each algorithm fairly, we show in this section specific and non-specific hyperpa-
rameters tuning. All models presented from this point onward use the backbone as the
action network, and a value network with 2 layers and 256 hidden dimensions when
relevant (PPO, CMAPPO).

7.1. Training time

Training time is common to PPO, CMAPPO and GRPO. A higher number of
timesteps will lead to a better performance in the environment until the agent reaches
a plateau, at the expense of a higher computational cost. We fine-tune the model on
the Financial dataset using PPO at different timesteps and plot the MSE over time
in Figure 1. We found 500 000 timesteps to be the best value as a balance between
overfitting and underfitting.

Training Time vs. MSE
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Figure 1.: Training time vs MSE. Dotted line is the original model performance before
fine-tuning. Training time is scaled down from 1e6 for readability.

7.2. Number of subagents (CMAPPO)

Number of subagents is specific to CMAPPO and controls how many subagents are
trained before the superagent. We fine-tune a predictive model on the Financial dataset
with an increasing number of subagents and test the MSE/MAE after fine-tuning. Ta-
ble 8 presents the MSE and MAE with increasing numbers of subagents and compared
to the backbone model. We found 10 subagents to be the best configuration, despite
the backbone outperforming the fine-tuned model in all configurations.
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Table 8.: The influence of the number of subagents when fine-tuning the backbone
compared to the non fine-tuned backbone.

Number of Subagents Financial
Metric MSE MAE
2 0.925 0.401
4 0.461 0.275
6 0.394 0.256
8 0.337 0.211
10 0.271 0.183
12 0.283 0.191
Backbone 0.202 0.111

7.3. Group size (GRPO)

Group size is specific to GRPO and determines the size of the group used to calculate
the advantage. Similarly to Subesection 7.2, we fine-tune a predictive model on the
Financial dataset with an increasing group size and test the MSE/MAE after fine-
tuning. Table 9 presents the results of the model at group sizes from 2 to 12. We found
that a group size of 8 is optimal for both computational load and model performance.

Table 9.: The influence of the group size when fine-tuning the model on the Financial
dataset.

Group Size Financial

Metric MSE MAE
2 0.200 0.204
4 0.198  0.199
6 0.197 0.199
8 0.195 0.196
10 0.199 0.201
12 0.201  0.203

Backbone 0.202 0.111

8. Conclusion

Fine-tuning timeseries predictors is emerging as an essential post-supervised training
step to improve the performance of models. As the paradigm shifts from local models to
larger, eclectic models harnessing the predictive power of many timeseries from diverse
fields, fine-tuning becomes even more essential. At scale, is it far more cost effective
to fine-tune a large model to a specific use case than retraining on large datasets. As
the computational load for supervised learning gets higher and the models get larger,
which has been the trend observed in LLMs and timeseries predictors, fine-tuning
becomes even more attractive.

There are still several limitations, the most prominent being that pre-trained mod-
els use a fixed size input vector. This problem is not encountered in standard large
language models, as the alphabet is tokenized to represent the entirety of the model
output. But timeseries prediction is a continuous process, and further innovation is
needed in foundational model to break out of fixed size vectors and scale up the mod-
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els on large datasets, without relying on tricks such as projection layers. In the same
spirit, architectural changes to foundational model allowing for variable output vector
size would benefit the industry integration of timeseries predictors.

The environment definition and reward structure are key to the success of fine-
tuning. Empirically, we noticed better results by bounding the reward to values be-
tween -1 and 1. The algorithm used is also a determining factor, and GRPO emerges
as the clear winner in this chapter. This result is in line with the recent advances in
LLMs, and further strengthens the conjecture that LLMs and timeseries predictors
based on the same architecture share scaling features. If this conjecture reveals to be
true, timeseries predictors are in a fantastic second mover position to implement even
more innovations the thriving LLM community is building.
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