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Explaining Intelligent Game-Playing Agents
Adalsteinn Palsson

October 2024

Abstract

Artificial intelligence (AI)- based systems increasingly affect our daily lives. Such
intelligent computer agents are becoming increasingly complex; for example, they em-
ploy learned machine learning models and extensive lookahead search, often exploring
millions of possibilities. Unfortunately, as the complexity of those systems grows, it
becomes more difficult to understand the rationality behind their decisions.

In this dissertation, we researched how to incorporate explainability into the game-
playing domain. Furthermore, we also evaluated to what extent the game-playing
domain suits the development of explanations, where we showed that using the game-
playing domain enables quantification of many aspects that otherwise are costly or
infeasible. We used three games as our testbed: Sudoku, Breakthrough, and Chess.
We primarily focused on model explainability, with a secondary focus on the search
part of game-playing.

For model explainability, we investigated three approaches for explaining the eval-
uation of the model: saliency maps, surrogate models and concept probing. First,
we developed evaluation methods for saliency maps to understand the reliability of
the methods and quantified to what extent we can interpret them in a way we are
likely to do. Furthermore, we also introduced a second explainability layer using a
surrogate model, where we explain the explanation. This way, we can, on a higher
level, interpret what a high saliency means for the explainability methods. Second,
we developed methods to compare concept probing results and assess to what extent
we can interpret the results as concept importance. We showed that concept probing
results and concept importance are only moderately correlated. Third, we unveiled
the concepts learned by the world-class chess-playing agent, Stockfish, and exposed
differences between its neural network and hand-crafted methods.

On the search front, we altered a search-based reasoning process to generate solutions
that were more explainable to humans, using the domain of Sudoku puzzles as our test
bed. It is a hybrid of a heuristic- and constrained-based solver that biases the search
towards finding solutions easily explainable to humans.

Keywords: Artificial Intelligence, Explainability, Game-playing, Neural-Networks,
Chess



Utskyringar fyrir Gervigreinda Leikjaspilunar Agenta
Adalsteinn Palsson

oktéber 2024

Utdrattur

Tolvukerfi sem byggja & gervigreind eru 1 stauknu meeli ad hafa ahrif 4 okkar daglega
lif. Fleekjustig slikra kerfa er einnig sifellt ad aukast, m.a. vegna pess ad pau nota
oft flokin likon (s.s. tauganet) og meta milljonir mégulegra lausna vid dkvardanatoku
sina. Eftir pvi sem flaekjustigio eykst, pvi erfidara verour fyrir okkur ad skilja rokin ad
baki akvordunum kerfanna, sem getur haft dhrif & pad traust sem vid berum til peirra.

I pessari ritgerd konnudum vid hvernig heegt er ad innleida utskyringar fyrir leikjaspil-
unar agenta. Ennfremur matum vid hve vel leikjaspilunaragentar henta fyrir proun
utskyringa og syndum fram & ad med peim er heegt ad maela marga peetti sem ann-
ars eru kostnadarsamir eda 6framkveemanlegir. Vid notudumst vid prja leiki: Sudoku,
Breakthrough, og skak. Vid einbeittum okkur fyrst og fremst ad utskyringum likana,
med aukaaherslu & leit.

Vid rannsokudum adallega prjar tegundir af ttskyringum: "saliency maps", "surrogate
model" og "concept probing". Vid proudum matsadferdir til ad meta areidanleika
"saliency maps" og méatum hvort vid geetum tulkad nidurstédur peirra 4 pann hatt sem
vi0 mannf6lkio erum likleg til ad gera. Ennfremur préoudum vid annad tutskyringarlag
med "surrogate model", par sem vid dtskyrum utskyringuna. Pannig getum vid betur
attad okkur & pvi hvad felst i pvi pegar utskyringaradferd metur eitthvad mikilveegt.
Til a0 skilja betur notagildi "concept probing" adferda préudum vio adferdir til ad
athuga hvort haegt sé ad meta mikilveegi hugtakanna (e. concepts) ut fra "concept
probing" nidurstodum. Par syndum vid fram & fylgni milli mikilveegi hugtakanna og
niourstodum "concept probing" tilraunanna. P& afhjupudum vid einnig pau hugtok
sem heimsklassa skakagentinn Stockfish hafdi leert, og vorpum ljési muninn a peirri
bekkingu sem byr i tauganeti og handgerdu matslikani.

Hvao leitarhlutann vardar, pa breyttum vio leit agents svo hann skili fra sér lausnum
sem er audveldara fyrir okkur mannfélkio ad skilja. Pad geroum vid med blondu af
brjostsvits- og skordunarnalgun sem adlagar leitina svo agentinn taki ekki akvardanir

sem er erfitt eda 6mogulegt ad utskyra.

Efnisord: Gervigreind, Utskyringar, Leikjaspilun, Tauganet, Skak
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Chapter 1

Introduction

This thesis is about Artificial Intelligence (AI) and explaining. AI has become ubig-
uitous; touching most areas of our daily lives. We interact with algorithms through
chatbots, professionals use them for assistance, and they run much of our infrastructure
[1].

Artificial Intelligence and its subfield, Machine Learning, has an emerging area
of research that aims to create self-explainable algorithms and develop techniques to
help decipher otherwise non-understandable algorithms. This area is called Explain-
able Artificial Intelligence (XAI). The interest in XAI has steadily increased since the
publication of the first breakthrough deep learning model, Alexnet [2], published in
2012. However, explanations have also historically been a research topic for philoso-
phers who have tried to define the theoretical foundation of explanations.

We currently use Al algorithms in many high-stakes situations where trust, trans-
parency, and reliability of the algorithms are crucial to understanding the ultimate
tradeoffs of Al automation. We currently deploy automated decision-making in areas
such as health care, finance, and criminal justice and manual task automation such as
driving vehicles - all of which impact people’s lives. When humans operate in these
situations, our legal and regulatory system has defined appropriate responses when
things go wrong. However, concerning Al automation, the regulatory system is far
behind, and accountability needs to be well-defined when things go astray. These is-
sues are currently being addressed globally, with efforts such as the AT Act [3] from
the European Union. Even though automation may result in more efficiency or higher
accuracy than manual undertaking, the circumstances where it goes astray may be due
to unwanted or indecipherable behavior of the model. In these situations, there is often
a tradeoff between explainability and accuracy. More complex models frequently out-
perform simpler, more explainable models, where the causality of the decision is more
transparent. The tasks and the models we use to automate are becoming increasingly
complex, making them harder to interpret.

Multiple issues can arise, even when we are deploying models that outperform
any other predecessor. For example, issues related to bias and fairness, particularly
concerning gender or race, are especially sensitive when automating decisions that may
have had historical discrimination [4]. There are also issues related to data quality and
quantity; here, the data may not correctly represent out-of-sample distribution and
thus can give an inaccurate idea of how the model will perform in the real world. Is
the model robust, that is, albeit most often correct? Does it sometimes go astray? How
can the model decisions be explained in meaningful and human-understandable terms
when that happens? Furthermore, in cases where models outperform domain experts,



2 CHAPTER 1. INTRODUCTION

we may seek to develop methods to decipher the model’s reasoning and identify its
acquired knowledge to increase our own understanding of the domain. All of these
methods fall into the category of generating explanations of the model behavior.

1.1 Explainable Al

So, what constitutes a good explanation? This topic is somewhat complicated because,
although fundamental to us, we can argue that even humans are often quite bad at
explaining the decisions they arrive at; for example, we might make decisions based on
intuition, and when challenged to explain why, we might be inclined to refer to reasons
we did not consider at the time of the decision. Explanations play a big role in our
communication and influencing other people, Lombrozo [5] states: "Explanations are
more than a human preoccupation — they are central to our sense of understanding,
and the currency in which we exchange beliefs." When we seek explanations from a
model, we seek to fit some mental model about the reasoning behind the decision.
Kim et al. [6] elegantly defines this as a mapping from model vector space, E,,, to
human vector space, Ej,. FE,, operates in the space of features, such as image pixels,
while Ej, spans high-level, human-understandable concepts. Theories from philosophy,
such as the Deductive-Nomological Model [7], address that when we explain, we seek
a logical proof or to provide a mechanism behind the explanation. What results is an
intriguing phenomenon: The Symmetry Thesis [8], which states that prediction and
explanation differ only in terms of when they are given, meaning they should adhere
to the same structure. This idea that an explanation should be used to build a proper
argument is very appealing. Still, in practice, the kind of explanations developed
in the field of Explainable AT (XAI) are usually quite different. When explaining
data, models, and results from the model, there are multiple areas of focus from the
explainability community. For example, the sheer amount of data, features, solutions,
or combinations explored to arrive at an answer can be so much that it is impossible to
create a mental model of the problem. Solving this is usually approached by abstracting
to a more understandable form, either by highlighting relevant data or intelligently
presenting it.

In this thesis, we focus primarily on model explainability, aiming to decipher the
reasoning and knowledge acquired by deep neural networks. Due to their intricacy,
deep neural networks are usually considered black boxes, i.e., concealed functions with
inputs and outputs. An alternative approach is to develop more inherently explain-
able models, which we briefly explore in this thesis by restricting an agent to consider
explainable actions only. The approaches this research explores to explain neural net-
works fall into two categories. First, we will consider saliency maps (covered in Section
2.2.4), a method of visually highlighting the importance of different model elements,
usually applied to the input. The resulting explanation from these methods is a visu-
alization of the input with a transparent overlay indicating the importance of each in-
put feature. Second, we develop explanations using high-level, human-understandable
concepts. Deep neural networks (DNN) learn intermediate representations of the data
before predicting. Thus, we might be curious to determine if the DNN represents some
human-understandable concepts in its intermediate representations. Concept probing
(covered in Section 2.2.5.1) is an example of a method used to detect the presence of
human-understandable concepts.
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1.2 Explainability in Game-Playing

We use the domain of game-playing for this research, which is an intriguing area of
research for explainability. For the first part, we have an extensive history of expla-
nations from the literature where the explanations have even been tailored to each
user’s knowledge. That is, we can only explain something in terms that the user un-
derstands. Furthermore, from a theoretical point of view, the game-playing domain
has many interesting research opportunities. Such as: i) the decisions are made by
combining a model and a search algorithm, ii) we have a closed system where there are
no uncontrolled confounders, iii) decisions are (usually) not made by one observation
but multiple ones, iv) in adversarial games we need not only explain the reasoning of a
single agent, but the adversary as well, v) explanations can be validated by observing
future states, and vi) it is a domain where humans learn abstract concepts, and thus
it is of particular interest to determine if the super-human state-of-the-art agents are
using similar concepts or learning something new.

More specifically, the explainability problems we address in this thesis focus on
developing explanations and ways to evaluate if the explanations are trustworthy. A
significant issue regarding explanations is ensuring that they are correctly interpreted,
e.g., does the user have all the necessary knowledge to interpret the explanation?.
There are many scenarios where explanations are non-conclusive, fail to expose valuable
insight, and are even subject to confirmation bias. Thus, they are often hard to rely
on in cases where one would like explanations to help build trust. Furthermore, one
would prefer the explanations to shed light on the model’s mechanism in such a way
that it is also helpful to identify false positives.

In this research, we focus specifically on three games: Breakthrough, Chess, and
Sudoku. The characteristics of each make for an ideal test bed for each problem we
address in the thesis. Breakthrough, a pawn racing game, has a well-defined strategy,
and its simplicity makes it well-suited for analysis of saliency maps. Chess has a rich
literature of theoretical and teaching material. The concepts from the literature have
been implemented as evaluation functions, which makes chess an ideal test-bed for
concept-based explanations. And finally, Sudoku is a single-player game with simple
rules, which is naturally formalized as a constraint satisfaction problem (CSP), which
makes it a good starting point to explain the search process. An interesting contrast
exists between how humans and computers solve Sudoku, which makes for exciting
challenges because humans solve Sudoku with minimal backtracking. At the same
time, CSP solvers rely heavily on it.

1.3 Aim and Research Questions

The thesis had two primary goals. Firstly, we research how we can incorporate explain-
ability into the game-playing domain. And secondly, how can the game-playing domain
help us understand the explainability methods better. In this thesis we approached
that in a few different ways. We will be developing and assessing explanations, as well
as developing explainable agents. Furthermore, we will also expose the knowledge that
the agents have learned.

We leverage the unique opportunities of our domain to define and address domain-
specific problems, but the insight may be more broadly applicable. The research
questions addressed are the following:
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Table 1.1: An overview of the research question and topic of each paper.

Paper Overall RQ Topic

A RQ1, RQ3 Breakthrough, Saliency Maps

B RQ3 Chess, Unveiling Learned Concepts
C RQ1 Chess, Concept Probes

D RQ4 Sudoku, Explainable Search

e RQIl: How effective/reliable are commonly used saliency map explainability
methods in the game-playing domain?

e RQ2: How to use explainability methods to unveil the concepts learned by game-
playing agents?

e RQ3: What are the pitfalls and best practices in interpreting concept probing
results in the game-playing domain?

e RQ4: How to bias the search process of game-playing agents to make more
human-understandable decisions?

This thesis is a compilation of four research papers, which we reference as Papers
A-D.

The first paper, Paper A, aimed to understand how practical commonly used
saliency map explainability methods are in our domain. For this paper, we trained
(using self-play) an AlphaZero-like model that predicts an evaluation and a policy. We
used these methods to assess how important both players’ pieces are to our model’s
evaluation. The main research question was: How effective/reliable are commonly used
saliency map explainability methods in the game-playing domain?

The second paper, Paper B, aimed to investigate how we can apply state-of-the-art
explainability methods to unveil what human-understandable concepts a world-class
chess-playing agent (Stockfish) has learned. The goal is to quantify and expose to what
extent the agent’s neural network uses known chess concepts when evaluating chess
positions. The research question explored in this paper is: How to use explainability
methods to unveil the concepts learned by game-playing agents?

The third paper, Paper C, investigated the reliability and best practices of concept
probing in our domain. In the game-playing domain, researchers (including us in Paper
B) have been applying linear probes and interpreting their results in their research.
However, researchers have questioned their reliability, and some have suggested using
more complex probes. In this paper, we investigate the suitability of concept probing
in the game-playing domain and evaluate, for example, whether we can infer concept
importance from concept probing results. The research question addressed in this
paper is: What are the pitfalls and best practices in interpreting concept probing results
in the game-playing domain?

In the fourth and final paper, Paper D, we address the concerns that search algo-
rithm results do not sufficiently match human intuition. The aim is to make the search
process and an agent’s final decision more human-understandable while looking for an
acceptable solution to the problem (quality wise). Such a problem-solving approach is
relevant in settings where we expect a human to verify or execute the resulting solution
and where a human hopes to learn from the computer’s solving process. The research
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question the paper explores is: How to bias the search process of game-playing agents
to make more human-understandable decisions?

1.4 Contribution of Thesis

In this section, we give a brief overview of the contributions of the thesis; further
details can be found in Chapter 3 and Papers A - D.

The main contributions of this thesis revolve around researching how XAI can be
used in game-playing. However, we also identified some takeaways that may broadly
apply to explainability research, first and foremost, by demonstrating the effectiveness
of the game-playing domain as a test bed for explainability research and showing how
well it is suited for building functionally-grounded evaluation methods that map well
with how we are likely to interpret their results.

This research presents multiple evaluation methods that all share a distinctive
trait. The evaluation methods utilize a unique aspect of the game-playing domain:
We can look into the future and assess whether an explanation correlates with our
anticipation of future events. That means we can create functionally grounded tests
and evaluate explainability methods without relying on human feedback other than
designing the evaluation test. Using the evaluation methods, we compare commonly
used explainability methods and discover that some, such as Shapley Value Sampling,
better align with our interpretation.

Furthermore, using game-playing, we can precisely evaluate the playing strengths
of different agents by having them compete in a tournament. Thus, by selectively
removing knowledge from the agents, we can quantify how important the removed
knowledge is. Therefore, we have a foundation for quantifiable analysis of concept
probing results. Using our method, we show the shortcomings of commonly used
linear probes and suggest more reliable experiments to reveal feature importance from
concept probing experiments.

We show how explainability methods can unveil the concepts learned by game-
playing agents. We unveiled the strategy of Breakthrough using a surrogate method
that explains the explanation; it interprets the saliency maps using higher-level con-
cepts. Furthermore, we showcase some interesting human-understandable knowledge
the agent Stockfish has learned. We exposed the difference between hand-crafted and
learned concepts.

Using Sudoku, we develop an agent that optimizes its solutions for explainability.
The solver is a depth-first algorithm guided by pre-defined human-like strategies and
an explainability heuristic. Instead of searching for moves in model space, we showed
how it is possible to constrain it to search in human-understandable space of concepts
and pick the most easily explainable solution to present to the user (depending on the
user’s expert level).

1.5 Thesis Structure

The rest of the thesis is structured as follows: In Chapter 2, we cover the necessary
background information, such as algorithms, games, and relevant terminology. In
Chapter 3, we summarise in more detail the contributions made in the thesis. We
summarize related work in Chapter 4. In Chapter 5 we conclude the document and
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discuss future work. Then, in Appendixes A, B, C, and D, we list each of the four
papers the thesis is based on. Finally, in Appendix E, we give the supplementary
material.



Chapter 2

Background

This chapter covers relevant background information needed to understand the con-
tributions of the thesis. In the first section, we will cover game-playing; in the second
section, we will cover relevant Explainability Al terminology and methods; in the third
and final section, we will cover related work on game-playing in the explainability do-
main. Further coverage of related work can be found in Chapter 4.

2.1 Game-Playing

In this section, we describing the games, agents, and search algorithms used in the
thesis. The research utilized three games: Breakthrough, Sudoku, and Chess. The
agents used are Stockfish, which relies on alpha-beta search, and AlphaZero, which
uses Monte Carlo Tree search. First, we will describe the games, followed by the
agents.

2.1.1 Games

In the thesis, we investigated three games: Breakthrough, Chess, and Sudoku. We
describe the games in the following subsections.

2.1.1.1 Breakthrough

The game Breakthrough is an abstract strategy board game, originally played on a 7x7
board but later popularized to an 8x8 board. The game can be played on different-
sized (not necessarily squared) boards. In this work we use a smaller variant of 5x6,
mainly for the ease of demonstration.

The game is a two-player turn-taking game. The players are referred to as White
and Black. The board is initially set up by placing White’s pieces along the first two
rows and the Black pieces on the last two rows, as shown in Figure 2.1 (left). White
goes first and then players alternate, with each player moving one of their pieces per
turn. A piece moves one square straight or diagonally forward (relative to the player).
A straight forward move is allowed to an empty square only, but a diagonally forward
moves may also capture an opponent’s piece. For example, in Figure 2.1 (right) the
white pawn on d2 has two moves, to d3 or e3, and the piece on d4 also has two moves,
to ¢b or eh, both with a capture. The first player to get a piece across the board wins:
White wins by moving a piece onto the last row, and likewise, Black wins by moving
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Figure 2.2: Chess: Initial board position [9].

a piece onto the first row. If all pieces of a player are captured, that player loses. It
follows from the rules that one of the players always wins (there are no draws).

2.1.1.2 Chess

Chess is a two-player, perfect information turn-taking game [9], although the game has
relatively straighforward rules, there are complex strategies. The initial board position
can be seen in Figure 2.2. Unlike the game Breakthrough, Chess can end in a draw.
The objective is to checkmate the opponent’s king, but there also other ways that the
game can end, such as in a stalemate or due to the three-fold repetition rule. Due to
the popularity of chess we will not cover the rules of the game in the thesis (but they
can be found here [10]).

One of the aspects of chess that makes it interesting for X AT is that it has centuries
of theory literature, where chess experts define and explain abstract (chess) concepts
to other players of varying levels of expertise.

The first computer agents used hand-crafted heuristic functions accompanied by
sophisticated search algorithms. This approach ultimately resulted in superhuman
playing strength and implemented much of the chess theory from the literature. Con-
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Figure 2.3: Sole candidates: In the topmost row: 9 is a sole candidate (left), 8 becomes
a sole candidate (middle), and finally the 1 becomes one too (right).

veniently, in XAI research, we can now use these heuristic functions as a proxy for
human-understandable chess concepts.

A competition was formed in 1974, called World Computer Chess Championship
[11], where chess agents compete against each other. Nowadays, the Top Chess Engine
Championship (founded in 2010) is regarded as the unofficial world championship
for chess engines, where Stockfish [12] (which we use in this thesis) is the reigning
champion.

2.1.1.3 Sudoku

Sudoku is a single-agent puzzle game. The game of Sudoku is played on a rectangular
grid, usually at order 3, meaning that the grid is of size 3% x 32 = 9 x 9, and overlaid
by mutually exclusive boxes (also called blocks or regions) of size 3 x 3 (see Figure
2.3). We interchangeably refer to grid cells as variables, as this is how they would be
represented in the CSP formalism. The domain of each variable (grid-cell) is 1 to 9
(3?2).

Initially, a partially filled puzzle is provided and the task of the player is to fill
out the remaining grid cells such that each number occurs exactly once in each row,
column, and box. Sudoku puzzles are traditionally generated such that they have
exactly one solution. The puzzles can be of a varied level of difficulty, ranging from
being easily solved by humans using only trivial deduction techniques to requiring
quite sophisticated levels of reasoning.

For example, the simplest one, called sole candidate, as seen in Figure 2.3, is a
method where a candidate number is assigned to a square by eliminating all other
candidates.

2.1.2 Game-Playing Agents

Game-playing agents for abstract board games, like chess and checkers (and others),
almost universally employ both a search and an evaluation component for making
their move decisions. The former encapsulates the thinking ahead process, exploring
various possible continuations of play. In contrast, the latter determines the merit of
individual game states explored during the search.

Traditionally, the evaluation component is a carefully hand-crafted (possibly auto-
matically tuned) function modeling the domain-specific aspects of the game, e.g., for
chess, concepts like material, development, king safety, and soundness of pawn struc-
tures. The evaluation function approximates and maps those disparate concepts into
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Table 2.1: A comparison between AlphaZero and Stockfish.

AlphaZero Stockfish
Neural network size  Large Small
Outpur Value and Policy Value
Search method Monte Carlo Tree Search  Alpha-beta pruning
Training Self-play Supervised learning
Number of positions 20,000 20,000,000
evaluated per move
Accessibility Closed-source Open-source

a single numerical value, indicating how desirable a given position is from the perspec-
tive of the side having the move (e.g., the expected game outcome given correct play
by both sides).

However, recent successes using evaluation functions based on (deep) neural net-
work models (DNNs), which are learned automatically, have eased this task consid-
erably and, more impressively, improved game-play considerably. These DNNs learn
from training data, which are either engineered or generated (and possibly simulta-
neously learned from) via self-play. One approach is to train the model to predict a
scalar value v, which estimates the expected outcome of the game. The training data
is, therefore, state and target pairs, where the target can either be the game’s final
outcome or, alternatively, utilize an evaluation of a secondary (strong) game-playing
agent given significant search depth. The scalar value can then guide the search pro-
cess (e.g., using alpha-beta search) and suggest the strongest move. Alternatively, the
agent can additionally learn to predict move probabilities, p, giving a probability dis-
tribution over possible moves[13]. The move probabilities can then assist by guiding
the search process (e.g., Monte Carlo Tree Search) .

We investigated two game-playing agents in this thesis: Stockfish, a chess agent
trained to only predict a value estimation, v, using supervised learning, and AlphaZero,
which outputs both a value estimation, v, and move probabilities, p, trained using self-
play.

For this thesis we trained AlphaZero on very simplified chess-like game called Break-
through, training it to play regular chess is extremely hardware intensive.

The other agent, Stockfish, it is currently the strongest chess agent in existence,
but is quite different from AlphaZero.

Stockfish is very computationally efficient, it is also open source, and trained using
supervised learning and with all training data available online. And due to its small
size and training procedure, we are able to train it on just a single desktop computer
- making it the perfect test bed for the type of experiments we conduct in this thesis.
Further comparison between the agents can be seen in Table 2.1. In the following
subsections, we will further describe the two agents.

2.1.2.1 Stockfish

Stockfish [12] is a free and open-source chess engine written in C++ and is avail-
able for various computing platforms. Today’s top chess-playing engines all play at a
super-human strength, and, historically, Stockfish has been the most victorious, with
the most recent version leading most independent rating lists. In contrast to earlier
versions, which use a hand-crafted evaluation function, the more recent versions of the
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engine can employ either a NN or a hand-crafted evaluation. Using the NN signifi-
cantly improves playing strength even though it slows down the thinking-a-head search
slightly. It relies on the same alpha-beta search using both methods. Stockfish, being
open-source, state-of-the-art, and allowing both model-types of evaluation, is thus an
ideal candidate to use for exploring interpretability and contrasting hand-crafted and
NN based evaluations.

Classical Model The classical evaluation function uses carefully hand-crafted higher-
level concepts (also called features) that are linearly combined to form an evaluation,
ie.:

N
fclassical(s) = sz X Ci(s) (21)
=1

where s is the game state, N is the number of features, and ¢; computes the value
of concept 7.t

As listed in Table 2.2, Stockfish’s classical evaluation function uses several higher-
level concepts. These concepts are computed for each game position and linearly
combined to form the final evaluation (from the player’s perspective having the move).
The Material, Imbalance, and (in part) Winnable concepts are material based. Material
accumulates the value of the pieces based on their type and location, Imbalance gives
a bonus for specific piece configurations (most notably the bishop pair), and Winnable
scales down the score for specific endgames that are known to be difficult to win
(e.g., queen vs. rook and opposite color bishop endings). The remaining concepts are
positional. The Pawns, Knights, Bishops, Rooks, and Queens features give bonuses to
the respective piece types based on how good or bad a piece is in a given position.
For example, the minor pieces (knights and bishops) get a bonus if on a good central
outpost, and the major pieces (rooks and queens) get a bonus if on an open or a semi-
open file. Pawns are penalized for weaknesses such as being isolated or doubled, which
can be a serious weakness, especially in the endgame where pawns typically play a key
role because of their ability to promote. The Passed-pawns concept aims at capturing
the potential for pawns to promote in the endgame. The Mobility and Space concepts
estimate in different ways how easily one can maneuver own forces on the board. The
former uses the number of safe squares a piece can move to as an approximation of its
mobility, whereas the latter estimates how much space (many squares) in the center is
secure for our pieces. The Threats feature estimates potential threats in the position
(e.g., attacks on the opponent’s weak squares). King-safety explicitly handles threats
against the king, which may be critical.

Stockfish’ Neural Network Stockfish (since version 12) uses a neural network
called NNUE [15] (EUNN Efficiently Updatable Neural Network) for evaluating game
states. The network architecture was invented for the game Shogi but later ported to
chess/Stockfish, immediately resulting in an 80 ELO point increase in playing strength
(and more since then) [14], [16].

I More specifically, Stockfish uses a so-called phased-evaluation where it computes the value of each
feature differently for the middle- and end-game, and then linearly weights the two evaluation based
on the approximated game-phase (determined from the material on the board). For our intended
purposes, this detail is unimportant and f; represents the resulting phase-weighted value.



12 CHAPTER 2. BACKGROUND

Table 2.2: The high-level concepts of the classical evaluation model of Stockfish. They
all compute using a centi-pawn (1/100 of a pawn’s value) as its unit metric; however,
the resulting values may be on a different scale (i.e. Material may result in values in
the thousands, King-safety and Passed-pawns in the hundreds, and the others typically
less. A positive value indicates an advantage for the player to move and a negative
one advantage for the other player. The scales of the concept values are pre-tuned to
avoid additional weighing — thus, all weights are 1.0 in the linear combination.

Concept Type Weight
Material material 1.0
Winnable material /positional 1.0
Passed-pawns positional 1.0
Imbalance material 1.0
Mobility positional 1.0
King-safety positional 1.0
Threats positional 1.0
Space positional 1.0
Pawns positional 1.0
Knights positional 1.0
Bishops positional 1.0
Rooks positional 1.0
Queens positional 1.0
HalfKAv2 HalfKAv?2
side to move other side
perspective T % Tv perspective
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Figure 2.4: Stockfish’ NNUE architecture [14]. Depending on the game phase (8

buckets, depending on the number of pieces) it will route the calculations differently
through the network.

The NNUE architecture uses a (shallow) design with linear and clipped ReLU
layers, as depicted in Figure 2.4. Notable design choices are routing the inference
through different layer stacks, or sub-networks, depending on the phase (number of
pieces) of the game. Another interesting design choice is to feed piece-square-table-
values (PSQT) directly to the output after a single linear layer.
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2.1.2.2 AlphaZero

AlphaZero [13] is the successor of Deepmind’s AlphaGo [17]; it is a more generalized
approach than its predecessor and can achieve superhuman performance in several
games.

Given the game state s and neural network f with parameters 6 we get

(p,v) = fo(s) (2.2)

where p is a vector of move probabilities p, = Pr(a|s) for moves a, and v is a scalar
value estimation that estimates the expected outcome z from position s, i.e. s,v ~
E[z|s]. The loss, [, for updating the network parameters is

I =(z—v)*—n"logp + c||0]| (2.3)

where ¢ controls the Lo weight regularization. This algorithm is trained on games
generated via self-play, where each move is chosen by Monte Carlo tree search (MCTS)
[18]. Each game starts at the initial board position, then by repeatedly executing a
MCTS to choose the next move until the game is terminated.

Each round of MCTS consists of a specified number of simulations or using a time-
constraint, traversing through the search tree according to a formula called PUCT [19],
selecting action a

a = argmazy(Q(s,a) + U(s,a)) (2.4)

where ()(s,a) is the mean action value and

U(s,a) = C(s)P(s,a)/N(s)/(1+ N(s,a)) (2.5)

where N (s) is the parent visit count, P(s,a) is the prior propability of selecting a in
s and C(s) is the exploration rate. All statistics are backpropagated to the root after
each simulation, updating N(s,a), W(s,a), Q(s,a) and P(s,a) of all parent nodes,
where W (s, a) and Q(s, a) are the total and mean action-values respectively.

After the game has finished, it is added to a replay buffer, from which game se-
quences are sampled during training to update the neural network.

2.2 Explainability

In this section, we will cover the necessary terminology and describe all relevant ex-
plainability methods used in the thesis.

An explanation can be defined as the interaction between three entities: an ex-
planandum (what is to be explained), an explanator (which generates the explana-
tions), and the explainee (the one to whom the explanandum is explained) [20].

The explanandum can, in theory, be any automated decision system, but in our
case, we will focus primarily on neural networks.

The explanator, whose task is to explain to the explainee, gives insight or answers
questions. The questions can be "how?" and "why?" - where generally the "how?"
questions are inclined to focus more on giving some intuition on the global behavior of
the model, generating explanations valid across all input instances. While the "why?"
questions are usually directed at a single or a group of instances |[20].
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Table 2.3: A table from [21] showing the categorization of the objective of different
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stakeholders.
Target audience Description Explainability purposes Pursued goals
Domain experts, model Trustworthiness,
users (e.g. medical Trust the model itself, causality, transferability,
Experts ] . . . ;
doctors, insurance gain scientific knowledge informativeness,
agents) confidence, interactivity
Trustworthiness,
Users affected by model L.Tnder.stand their . inforrr}at.i.veness7 fairness,
Users decisions situation, verify fair accessibility,
decisions. interactivity, privacy
awareness
Developers, researchers, nsure and umprove Transferability,
A product efficiency, . .
Developers data scientists, product informativeness,
research, new
owners... . i confidence
functionalities...
. Assess. regulatory Causality,
. Managers, executive compliance, understand . .
Executives informativeness,
board members... corporate Al
L. confidence
applications...
Certify model Causality,
. Regulatory compliance with the informativeness,
Regulation > . . . .
entities/agencies legislation in force, confidence, fairness,

audits, . . .

privacy awareness

The input into the explanator can be any combination of the following: the model,
the data, user feedback, or context. On the other hand, the output is defined by three
aspects: 1) what is explained? ii) how is it explained? iii) how is it presented?

The explainee can be any person interacting with the Al system. For example, a
developer or a non-technical person inside the same organization, such as an executive.
The user can be inside or outside the organization developing the algorithm; even
regulatory entities might seek explanations from the system. However, the reasons
these persons seek an explanation broadly differ, as seen in Table 2.3. For example, a
user might seek an explanation to understand their situation better, while a developer
is motivated to ensure and improve the product efficiency.

In the following subsections, we will explore the different types of explanators and
further cover the taxonomy of XAI algorithms. First, we will cover the taxonomy.
Then, we will cover Shapley values, a concept many of the methods covered later
rely on. We will cover the explainability methods used in the thesis in three sections:
surrogate models, saliency maps, and concept-based explanations. Finally, we will
explore approaches to evaluate the explainability methods.

2.2.1 Taxonomy

We can categorize model explainability methods in terms of four dimensions as shown
in Figure 2.5. This categorization is the one introduced by Zhang et al. [22]|, we have
extended it by one extra dimension (Dimension 4) to capture more distinctions that
are relevant to the research.

The first dimension tells whether the method is active or passive. For an active
approach we can actively change the architecture or training process to increase or aid
in the interpretability of the model. For example, in this thesis we retrain Stockfish
with a modified training set to shed a light on the importance of the removed data.
Alternatively, we can develop post hoc methods that explain the decisions of already
trained neural networks without modifying the model or the training process.
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Dimension 1 - Passive vs. Active Approaches

Passive Post hoc explain trained neural network
Active Actively change the network architecture or training process for better interpretability

Dimension 2 - Type of Explanation

To explain a prediction/class by

Examples Provide example(s) which may be considered similar or as prototypes(s)

Attribution Assign credit (or blame) to the input features (e.g. feature importance, saliency masks)
Hidden semantics Make sense of certain hidden neurons/layers

Rules Extract logic rules (e.g. decision trees, rule sets and other rule formats)

Dimension 3 - Local vs. Global Interpretability

Local Explain network’s predictions on individual samples (e.g. saliency mask for an input image)
Semi-local In between, for example, explain a group of similar inputs together
Global Explain the network as a whole (e.g. a set of rules/a decision tree)

Dimension 4 - Model-Specific vs Model-Agnostic

Model-Specific Utilizing the model’s architecture to aid in the explanation
Model-Agnostic A method that can explain any black-box model

Figure 2.5: A visualization of four dimensions of neural network interpretability, ex-
tended from Zhang et al.[22].

The second dimension determines the building blocks of the explanation, that is,
what we use to construct the explanation. Are we explaining using examples or assign-
ing attribution to input features? Or are we extracting hidden semantics from hidden
neurons or extracting logic rules? This dimension defines the type of explanation, i.e.,
what is presented to the explainee.

The third dimension tells whether we are explaining the local or global behavior
of the model. A local explanation is only valid for a single decision, while a global
explanation is valid across all instances. For example, if we are identifying how impor-
tant a queen is in a single position, we are using a local explanation; however, when
we assess how valuable, on average, the queen is for an agent (as we do in Paper B),
we are applying a global explanation. Furthermore, it can also be semi-local if we
simultaneously explain a group of similar inputs.

The fourth dimension tells whether the type of explanation is model-specific or
model-agnostic. Model-agnostic methods explain any black-box models, while con-
trarily, model-specific methods may leverage the model’s architecture to aid their ex-
planations.

2.2.2 Surrogate Models

Dimension Dimension 1 Dimension 2 Dimension 3  Dimension 4

Value Passive Attribution  Global/Local Model-Agnostic

To interpret a black-box model, it is possible to train a interpretable model to mimic
the behaviour of the black-box model, i.e., not predicting the true label, instead it
predicts the output from the black-box. As for many other XAI methods, there exists
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a Fidelity - Interpretability trade off, where a more complex model will better mimic
the black-box model (resulting in a higher fidelity, further described in Section 2.2.6
), but at the cost of interpretability.

2.2.3 Shapley Values

Dimension Dimension 1 Dimension 2 Dimension 3  Dimension 4

Value Passive Attribution  Global /Local Model-Agnostic

The Shapley value [23] estimates the marginal contribution of an agent, averaged over
all possible coalitions. In the explainability domain we can treat features or concepts
as agents, and evaluate their contribution as such.

The formula for Shapley values is:

¢i(N,v) = % Y SN =181 = D(S U {i}) = v(S)] (2.6)

" SCN\{i}

where ¢ is the Shapley Value, v is, in our case, the black-box function (neural network)
that we aim to explain, and N is the set of all agents. Then, the Shapley Value is the
normalized sum of the contribution that agent ¢ adds to all possible sets S that don’t
contain 7. Thus, when we use this method to estimate feature contribution (treating
features as agents), it has two favorable properties: (i) if a feature does not affect the
model prediction, its impact will be zero, and (ii) if two features similarly impact the
model, their contribution will be similar.

This formulation can be extended to evaluate the Shapley Values of input features,
concepts, and gradients, as described in the following sections. Generally it is a global
method, but it can be applied to evaluate local contributions as well.

2.2.4 Saliency Maps

Saliency maps, also sometimes known as pixel attribution methods in image classifi-
cation [24], are a form of an explanation which highlights visually the attribution of
the input. In image classification we highlight input pixels, and when we apply this to
games, we highlight the importance of squares or pieces, furthermore this method can
also be used to visually highlight the importance of other aspects of the model such as
neurons. Examples of a saliency maps for games can be seen in Figures 2.6 and 2.9.
Although the presentation of the resulting explanations from saliency map methods is
identical, the way these methods calculate the importance of each part of the input
differ. Some consider the interplay between different parts of the input, while others
do not. And some leverage the neural network architecture, while others do not.

2.2.4.1 Occlusion

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Attribution  Local Model-Agnostic
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Figure 2.6: Example of a saliency map using occlusion.

The most straightforward local method is occlusion, where the model’s output sensi-
tivity to leaving out (zeroing) arbitrary input parameters is investigated [25]. Such an
approach, where applicable, is appealing as it is both model-agnostic and straightfor-
ward to implement.

2.2.4.2 Gradient Methods

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Attribution  Local Model-Specific

A method that is local and model-specific but still requires no ad-hoc work is to analyze
the gradient [26]. That is, evaluating the gradient with respect to the image at the
input:

OF (z)

Gradient; = ——=
aZL’]‘

(2.7)

where x is the input, F' is the neural network and j is the j-th dimension of input x.
In practice, multiplying the input with the gradient is also often preferable because it
leverages the strength of the input.

A further extension on the gradient method is Integrated Gradients [27], which
relies on a baseline and interprets the input feature attribution as the integration of
gradients on the straight-line path between the input and the baseline.

1 F(x o
IntegratedGrads;(z) = (x; — x7) X / OF@ tax(r—z ))da (2.8)

a=0 8xj

where « is the scaling coefficient. GradientShap [28] is an extension of Integrated
Gradients, but instead of using a baseline of zero, GradientShap enables the use of a
dataset as a baseline. It adds noise to the input, then samples a points between the
input and reference/baseline and computes the gradient for those points. Thus, for a
non-informative baseline, they arrive at very similar solutions.
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2.2.4.3 LIME

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Attribution  Local Model-Agnostic

LIME (Local Interpretable Model-Agnostic Explanations) [29] is a local model-agnostic
method, it uses an interpretable surrogate model to explain the black-box model, F'.
The procedure when explaining local behaviour around input sample x; while using
a linear surrogate model is as follows: First, sample data around z;, second, evaluate
sampled points using model F, third, train a linear surrogate model using the sampled
points as input and the model evaluations as target. Finally, the weights from the
linear surrogate model serve as the saliency values.

2.2.4.4 Deeplift

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Attribution  Local Model-Specific

DeepLIFT [30] is a model-specific explanation method that does not rely on the gra-
dient. It overcomes the limitations of loss of information when the gradient is zero be-
cause the signal might still be meaningful. It calculates the importance in a backward
fashion by distributing attributions, or blame, in terms of difference-from-reference.
For all neurons, a difference-from-reference is calculated by passing through the input
sample and the reference. Finally, it calculates the importance using predefined rules,
such as the linear- or reveal cancel rule.

2.2.4.5 Shapley Value Sampling

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Attribution  Global Model-Agnostic

In practice, Shapley Values can be estimated using Shapley Value Sampling (SVS) [31],
especially when it is infeasible to evaluate all possible combinations of contributions.
SVS is implemented by randomly ordering the a list of input features N times. For
each ordering we start with a baseline (e.g., with all values set as zero) and iteratively
add one feature at a time. For every addition, we evaluate the impact or contribution
of the newly added feature. Finally, the approximated Shapley Value is the average
contribution of the feature across all random orders.

2.2.4.6 Challenges Related to Saliency Maps

One of the challenges related to saliency maps is that they are (typically 2) only
conditioned on one sample (local), thus they lack the generalization of other methods.

2There exist saliency methods such as GradientShap [32] that can be conditioned on a other
samples
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Furthermore, they are presented by the model input (such as image pixels), which
is very low level of abstraction and thus usually not very useful for human intuition.
Potentially due to that, saliency maps have been shown to be very misleading - we
can interpret them overly confidently. One study showed, when users where given
the task to classify concept importance based on saliency maps, it only resulted in
52% accuracy, although the users felt very confident [6]. Further doubts have been
identified because when analyzing saliency maps of some randomly initialized neural
networks, they appear quite similar to trained ones [6].

2.2.5 Concept Based Explanations

Concept based explanations aim to capture information at a high level of abstraction
to better mimic human intuition. One example of such an explanation are the stripes
of zebras in image classification or the concept of king safety in game-playing. In this
section, we will cover two concept based explanation methods, and discuss general
challenges related to concept probing.

2.2.5.1 Concept Probing

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Hidden-semantics Global Model-Specific

A recent concept-based model-specific interpretability methodology for "peeking" into
DNNs is probing [33]. Based on the intuition that DNNs are primarily about distilling
computationally useful representations, one can monitor the output of different lay-
ers within the network for how well they represent various (high-level) concepts. By
training classification or regression surrogate models (on a dataset not used for train-
ing the network itself) — called probes — to predict a given concept from a layer’s
activations, one can measure how much information that layer carries regarding the
given concept. The higher the prediction accuracy of the probe, the more information
that layer carries for representing the concept. A simplified drawing of such probe can
be seen in Figure 2.7.

When concept probing, we train a model or a probe g to map the intermediate
representations of a neural network, f, to a concept z. We map representations f(x)
using input x evaluated at layer [ to concepts z. As a proxy for how well f represents
the concepts, one evaluates

per formance_metric(g(fi(x)), z) (2.9)

on unseen test data, and report the results using a relevant performance metric, such
as accuracy. This means that an accuracy value of 0.5 infers layer [ does not con-
tain information regarding concept z. In contrast, an accuracy value of one indicates
that concept z can be fully decoded from layer [ in model f. The choice of probing
architecture, g, will depend on the experiment and whether the concept is binary or
continuous. Although researchers still debate the specific choices of probing architec-
ture: some advocate for simpler linear probes, while others advocate for more complex
ones, such as neural networks. The detailed nuances related to the specific choice of
probing architecture will be discussed further in Section 2.2.5.3.
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Figure 2.7: A simplified figure of a probe probing for if white has a mate threat.

The model training and probing process requires two separate datasets: the training
dataset D; = {x',y'} used to train the model, f, and a separate probing dataset
D, = {fi(z"), 2"}, used to train the probe g. Where f;(z") is the internal represetions
in layer [ for sample x* and z* is the concept’s value for the corresponding sample. The
probe is usually trained on a balanced dataset for binary concepts, meaning that the
majority class is undersampled.

When designing the probing dataset D,, a few things need to be considered, e.g.,
the diversity and amount of data needed. Similarly, as Voita and Titov [34], model the
effort needed to achieve a particular probing accuracy, the amount of data needed to
achieve the highest accuracy may vary. As one increases the size of D,, the accuracy
will increase until it saturates. Thus, when probing with a limited amount of data,
comparing two probes for a fixed amount of training data may give misleading results
if they represent two different points on a saturation curve.

2.2.5.2 TCAV

Dimension Dimension 1 Dimension 2 Dimension 3 Dimension 4

Value Passive Hidden-semantics Global Model-Specific

A methodology introduced by Kim et al. [6], called Testing with Concept Activation
Vectors, or TCAV, is a methodology where predefined concepts can be measured within
an image classifier at prediction time. Using TCAV we can measure how relevant
various concepts were to a given classification, e.g. how relevant stripes are to the
classification of a zebra.

First we create the Concept Activation Vector, or the CAV, which, as described
in the previous subsection, is the weights from a linear classifier. The classification of
random samples and concept samples in the activation space of the model where the
concept should be measured. Using the TCAV method we can measure the activation
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of the concepts in any hidden layer of the model. The sensitivity Sz of classification
of class k to concept Z, at layer [ is then

where Ry is the logit for class k, at layer [ and v}, is the concept vector for concept
Z in layer [. They also present an extension they call a relative TCAV, that is for
when you seek to compare a concept that may be correlated or overlapping. E.g. when
comparing three concepts 7y, Z; and Z3. Then it is possible, when training the vz, to
replace the previously random Negative set N, by setting the requirement {7, U Z3}
for the Negative set.

2.2.5.3 Challenges Related to Concept Probing

Researchers have arrived at contradicting conclusions on the kind of probe most useful
for concept probing. Some have advocated for simpler probes [33], [35]-[38], while
others have advocated for more complex probes [39]-[41]. The debate is mainly focused
on what kind of results we can safely interpret; for example, it can be argued that too
powerful a probe could learn its own mappings between the representations and the
concept, and conversely, for too simple probes, it might not accurately reveal complex
representation that the model has learned.

The underlying debate boils down to determining whether it is more meaningful
that a model represents information linearly or non-linearly because the probes are
not inherently faulty or incorrect. They are merely tools we don’t yet fully know how
to interpret.

To gain further insight into the probed model, some additional experiments have
been proposed to identify to what extent the model is learning a concept. For example,
evaluating a lower- and upper bound for the value has been proposed to put the probing
accuracy’s numerical value into perspective. A lower bound can be found by probing
an untrained network; this can help identify a few concerns, for example, to help
attribute to which extent the probing accuracy is because of model learning [39] rather
than other factors.

The probing accuracy of concepts in untrained models is often remarkably high
[39], which supports the findings that untrained models often work exceptionally well
as feature extractors [42], [43]. This is, however, highly dependent on the architec-
ture of the models; for example, a NN with fully connected layers does a better job
at scrambling information than convolutional neural networks (CNNs). Meanwhile,
CNNs preserve the structure of input a lot better.

An upper bound can be seen as a way to show how well, theoretically, a mapping
from the input to the concept could perform; this can be achieved by training a dedi-
cated model h(z) to predict the concept z given the input, x. Although, in theory, this
might seem like a viable option, one drawback is that it is likely very resource-intensive
because the models required for such an experiment are likely larger than needed for
regular probing and are more data-intensive. After all, they might require a similar
amount of data as used to train the original model f.

If concept probing is a reliable tool for identifying the presence of concepts, in the-
ory, it should be able to guide the removal of information from the network. However,
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Figure 2.8: The taxonomy of evaluation methods. Figure 1 from Doshi-Velez and Kim
[48].

the work in [44] demonstrate that it fails to remove the concepts entirely and, in some
cases, destroys other task-relevant features because the probing classifier is likely to
use non-concept features to predict the presence of the concept.

Although concept probing only measures how well model representations can be
mapped to a concept, it is tempting to infer that the model is using the concept.
However, researchers have found some evidence of false positives, meaning that high-
accuracy probing does not necessarily mean that the concept benefits the task of model
f [45]. In that respect, one attractive property of the game-playing domain we use is
that we can quantify via self-play how useful a concept really is for a model.

To further investigate how to interpret these experiments, researchers have pro-
posed various interventions that provide further contrast to the results; one such ex-
periment is to erase the concept from the model training data (as we also do in this
paper) D, = {z',y'} [46]. By erasing the concept from the training data, we can
monitor performance degradation on the original task, which puts the importance of
the concept into perspective, as well as changes in probing accuracy. Interestingly,
Ravichander et al. [46] showed that by removing a concept from the training data, the
probe may still be able to predict some properties of the concept.

Elazar et al. [45] coined the term amnesic probing, an extension to conventional
probing, to describe an approach for studying behavioral changes of a model after
removing concept information from its representations using Iterative Nullspace Pro-
jection (INLP) [47]|. They show that even after removal, subsequent layers can recover
some of the removed properties which, to some extent, speaks to the importance of
non-linear information within the model because INLP only removes its linear compo-
nents. In this thesis we will refer to probing for concepts removed from the training set
as amnesic-like probing due to its similarity with amnesic probing [47] — both method
probe for removed information.

2.2.6 Evaluation of Explanations

The evaluation approaches can be coarsely split into three categories [48] (visualized
in Figure 2.8):

(i) Functionally-grounded, where the explanation is evaluated without human, us-
ing a proxy as an indication of explainability; (ii) human-grounded, requiring a human
with non-expertise to evaluate a simple explanation and; (iii) application-grounded,
which requires a human-expert, evaluating an explanation for a real-world task.

The functionally-grounded approaches rely on metrics that measure the properties
of the explanator. The field is still maturing, and there is no clear consensus about
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terms to use, resulting in more than one term describing the same concept. In this re-
search, we rely on the definitions found in Schwalbe and Finzel [20], the most extensive
survey to date.

To measure how accurately an explainability method follows the explanandum (the
black box), we measure its faithfulness (also known as fidelity, soundness, or causality,
often used interchangeably). Thus, for a high faithfulness explanator, for example,
when we use a surrogate model (described in Section 2.2.2), if the surrogate model can
100% mimic the black box model, we have 100% faithfulness. However, we usually have
to manage a fidelity-interpretability trade-off. A simpler surrogate model will result
in higher interpretability, often at the cost of lower fidelity. When the architectural
complexity of the surrogate model increases, we perceive it as more complex.

The term completeness (or coverage, used in the same way as faithfulness for global
explanations) is an extension of fidelity, describing where we can expect high fidelity.
That is, quantifying if we can expect high fidelity throughout the whole input distri-
bution.

An example of a functionally-grounded approach is to determine if the input that
an explainability method perceives to be important is, in fact, important to remove
the information from the input. This can be approached in two ways [49], finding
the smallest destroying subset by iteratively removing (defaulting to a baseline) the
information that the explainability method considers most important, or conversely,
finding the smallest sufficient subset. We explored this approach for game-playing
agents in Paper B, where we analysed how well each explainability method identified
the pieces needed to retain an advantage.

An example of a costly human-grounded approach was explored for game-playing
agents where the accuracy and solving time was monitored for players solving chess
puzzles with and without the help of the explainability method [50].

2.3 Explainability in Games

This section briefly reviews the related research needed to understand the contribu-
tions, describing key findings and showing examples of results. A discussion of other
related work is given in Chapter 4, which will provide more context to the contributions
of the thesis.

Research into explanations in game-playing is increasing; researchers are developing
and adapting current explainability methods to our domain, seeking a better under-
standing of their algorithms. Furthermore, we can identify an alternative avenue of
research related to game-playing, which we explore in this thesis: using game-playing
to better understand the explainability methods.

Puri et al. [50] developed a saliency map method to improve on existing (non
game-playing specific) methods. Their goal is to highlight what parts of the input (e.g.,
chess pieces) mostly influence a specific (chosen) move. They address the problem that
existing methods often highlight irrelevant input regions to the proposed action. To
address that, they develop a method that balances specificity and relevancy. Figure
2.9 shows an example of such a saliency map. This method identifies the importance
of the presence of attributes, thus not being able to accurately identify the importance
of squares being empty, which is often crucial in games such as chess where an open file
is meaningful. They assessed the explainability method using an application-grounded
method; they showed chess players (Elo 1600-2000) chess puzzles and measured the
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Figure 2.9: Example of a saliency map from Puri et al. [51].
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Figure 2.10: What-when-where plots from Figure 2 in McGrath et al. [52].

impact of the explanation in average time and accuracy when solving the puzzle.
Highlighting relevant pieces as done using their method, helped chess players find the
correct move and reduced the time needed to do so, compared to other explainability
methods.

Two recent papers [52] [53] in the game-playing domain use concept-probing; both
of them use linear probes, which is one of the topics discussed in this thesis. We
investigate how the results from such probes can be interpreted and if we should
consider other probing methods.

McGrath et al. [52] researched numerous ways to identify the knowledge AlphaZero
acquired. They focus on three avenues: i) probing for concepts, ii) studying behavioral
changes, and iii) investigating activations directly. The research related to pre-defined
concepts, including concept-probing, is most relevant to this research. Still, their
study of behavioral changes is also of some relevance; it is an example of an interesting
application-grounded evaluation with the assistance of chess Grandmaster Vladimir
Kramnik. They introduce what-when-where plots, visualizing concept probing results.
What, indicating what concept, when, indicating when in the training process, and
where, indicating where in the network the concept is being measured. The results
(especially the when dimension) from this kind of map are particularly interesting for
agents trained using self-playing because the agents need to discover the concepts. An
example of such results can be seen in Figure 2.10, there we see a general increase until
saturation in test accuracy over training steps and increased depth. Agents trained
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Figure 2.11: Results from a behavioral test from Figure 5a in Lovering et al. [53].

supervised, such as Stockfish, show much less nuance on the when dimension, because
they are not introduced to new data during the training process. Furthermore, they
also examine the value estimation of AlphaZero using a global surrogate model. They
show how the relevancy of high-level concepts changes during the training phase.
Meanwhile, Lovering et al. [53] used concept probing and behavioral tests to ana-
lyze Hex-playing AlphaZero agent. The behavioral tests are designed so that the agent
needs to understand a concept in order to play the correct move. Thus, by playing
the correct move, we assume that the agent understands the concept and thus passes
the test. An example of such results can be seen in Figure 2.11 where we see the
results of behavioural tests where the network’s ability to correctly use the concepts
increases over time. The probing analysis’s foundation is a linear concept probe, where
they compare the concept probing results from different checkpoints and layers in the
model. They showed that long-term concepts are best represented in the middle layers
of the model, while short-term concepts are best represented in the final layers of the
model. Comparing the concept probing and behavioral tests, they make an interesting
discovery: in the checkpoints where they observed an increase in concept probing accu-
racy, they had already observed an increase in behavioral test accuracy using MCTS.
This means that MCTS discovers concepts before the network learns to encode them.

2.4 Conclusions

In this chapter, we covered the background information related to the thesis’s con-
tributions. We also described the games and agents used, the necessary terminology,
and explainability methods. Furthermore, we discussed some problems related to the
current approaches and reviewed the research most relevant to this thesis.

In the next chapter, we will summarize the contributions of the thesis in three
sections, outlining the contributions of each of the four included papers.
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Chapter 3

Summary of Contributions

This chapter provides a brief context and summary of the contributions made in each
of the resulting papers from this research.

The chapter is split into three sections. In the first section, Understanding and
Evaluating Explanations, we group Papers A and C, and RQ1 and RQ3. It studies
explainability methods, where the overarching theme is to develop evaluation methods
that can expose the shortcomings of explainability methods and further understand
how to interpret their results safely in the game-playing domain. The second section,
Unveiling What Game-Playing Agents Have Learnt, covers Paper B and RQ2.
It focuses on unveiling what the agents have learned. We apply state-of-the-art explain-
ability methods and quantify to what extent the agents use human-understandable
knowledge. In the final section, Explaining Search, we cover Paper D and RQA4.
We focus on the search process, making the agent’s search process and decision more
human-understandable.
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3.1 Understanding and Evaluating Explanations

Relevant papers:

A) A. Palsson and Y. Bjornsson, “Evaluating interpretability methods for DNNs
in game-playing agents,” in Advances in Computer Games - 17th International
Conference, ACG 2021, Virtual Event, November 23-25, 2021, Revised Selected
Papers, C. Browne, A. Kishimoto, and J. Schaeffer, Eds., ser. Lecture Notes in
Computer Science, vol. 13262, Springer, 2021, pp. 71-81.

C) A. Palsson and Y. Bjornsson, “Empirical Evaluation of Concept Probing for
Game-Playing Agents” (accepted for publication at the 27th European Confer-
ence on Artificial Intelligence (ECAI-2024))

3.1.1 Motivation and Goal

In this section, we address the following research questions:

o RQ1: How effective/reliable are commonly used saliency map explainability meth-
ods in the game-playing domain?

o RQ3: What are the pitfalls and best practices in interpreting concept probing
results in the game-playing domain?

The advantage of deep learning algorithms is that they learn their own features
or hidden representations, enabling them to draw very complex, non-linear decision
boundaries without relying on hand-engineered features. However, even though we
know the exact mathematical formulas behind the algorithms’ decisions, their com-
plexity makes it immensely challenging to decipher their rationale and identify what
knowledge they have acquired.

A prevalent way of interpreting these models is using saliency maps described in
Section 2.2.4 and concept probing described in Section 2.2.5.1. However, research has
shown that these methods are prone to confirmation bias |6, misinterpretation, and
even counterintuitive results [54]. The specific problems regarding saliency maps and
concept probing are covered in Sections 2.2.4.6 and 2.2.5.3, respectively.

The objective of this research is to gain a better understanding of how to interpret
explainability methods’ outputs safely in the game-playing domain. We achieve that by
leveraging unique opportunities that present themselves in game-playing. One of the
unique characteristics of game-playing is the relationship between the value estimation
and the principal variation (PV). The value estimation predicts the expected reward
(or probability of winning) following the current policy, and thus, by explaining the
value, we are, to some extent, also explaining what is about to happen (outcome of
the game). Meanwhile, the principal variation shows us what is most likely to happen
(given the current policy). Thus, comparing the explanation to the PV is helpful; it
can help us create expectations about the resulting explanation to understand better
how we can minimize misinterpretation of the results.

3.1.2 Contribution

The contributions relate to increasing our understanding of how we can reliably use
explainability methods in the game-playing domain. The contributions are in the form



3.1. UNDERSTANDING AND EVALUATING EXPLANATIONS 29

of novel evaluation methods and results from empirical evaluations. We can summarize
the contributions as follows:

e We present three novel functionally grounded evaluation methods that evalu-
ate the association between importance derived from saliency methods and the
Principal Variation using self-play (evaluated from variations of the current state,
perturbed and not).

e Empirically, we evaluate the applicability and effectiveness of several saliency-
map-based methods for interpreting deep neural networks, where we expose the
shortcomings of model-specific algorithms compared to model-agnostic ones.

e A novel surrogate method to "explain the explanation": a method that translates
the importance values derived by saliency maps into human-understandable con-
cepts. This method makes the game’s objective (Breakthrough) apparent. The
explainability methods put the most importance on the row of the pawn, but it
is also helpful to know if it is the furthest pawn and if it has support from other
pieces.

e We present a concept probing evaluation method where we derive the importance
of concepts and compare them to concept probing results, enabling a quantitative
approach for evaluating different concept probing architectures and approaches.

e We show that the widespread practice of using linear probes and interpreting
their accuracy to indicate concept importance gives some, albeit limited, in-
sights into concepts learned by the network. The probes’ accuracy and feature
importance is only moderately correlated. Thus, interpreting concept importance
based on probe accuracy alone is unreliable. A better correlation is achievable
using a more complex probe (neural network) and observing the difference in
probing accuracy in the original and an impaired model.

e We present a novel evaluation method for concept-probing methods by moni-
toring how the autoencoder passes through and reconstructs the signal. This
yields a sound expectation about the ground truth of the trend and magnitude
of the signal we expect the probing algorithms to capture. These experiments
showcase the limitations of the linear probing algorithm, which fails to capture
information known to be in the compressed state.

3.1.3 Methods

A prerequisite for this research is to acquire models to evaluate using the proposed
methods. The methods fall into two main categories, the first category is the evalua-
tion of saliency maps, where we use an AlphaZero style algorithm which we develop
and train to play Breakthrough (the game is described in Section 2.1.1.1 and its devel-
opment is described in Appendix E.1). The other category is the evaluation of concept
probing methods, where we use the chess agent Stockfish with official and custom
weights (trained on modified datasets) and a custom autoencoder trained to encode
and decode chess positions.
Saliency Maps

We used Breakthrough and the AlphaZero style algorithm to assess the saliency meth-
ods. The AlphaZero style model returns a value estimation and a policy output.
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However, this research focused solely on explaining the value estimation, i.e., why the
model prefers one side to the other. Game-playing is well suited for ablation studies,
e.g., compared to image recognition; when we modify game-playing positions, they
change but (most often) are still valid positions; conversely, if we remove the pixels
containing a cat’s head, it does not become something else. It is merely a cat with a
missing head.

We proposed four methods to evaluate the saliency maps: two in which we associate
the importance of saliency map algorithms to the outcome of self-play games before
and after ablation, a third one, which associates the importance with the future role
of a piece, and a fourth and final one, a surrogate model explaining the explanation.

First, we assess if the saliency method assigns the highest saliency to a critical
piece and, conversely, if the lowest saliency is assigned to a non-critical piece. We
evaluate the win-rate without deletion for each method and then separately remove
the least- and most important piece and measure its impact on the game’s outcome.
We analyze the results in a total of nine bins grouped by the evaluation from the
AlphaZero network before deletion; then, we can evaluate the impact of the removal
depending on which player has an advantage and by how much.

The second method finds the smallest subset of pieces required to retain a winning
position. First, we gather a dataset of positions where the current player considers
himself to have a slight advantage (estimated by the model). Then, we iteratively
remove the pieces ranked least important according to an explainability method until
all of the player’s pieces have been removed. After each piece removal, we evaluate the
position using self-play to see how each removal affects the win-rate. It is thus desirable
that the method can identify pieces that affect the win rate the least and assign the
lowest importance to them. Therefore, we consider the explainability method with the
highest area under the curve to have the highest quality.

The first two tasks introduced are a form of ablation, and while providing helpful
insight, it is rather obstructive. Thus, in the third method, we introduce an ablation-
free method that associates the importance derived from an explainability method with
the future role of a piece. In this experiment, we focus only on the piece that ultimately
secures the win (reaches the top row) in a self-play game. It is arguably a critical
piece; thus, we would like the explainability method to align with our expectations
and consider it important. We aggregate the results over multiple samples to find
the average and variance of the importance value (using the explainability method)
assigned to the piece.

Finally, we present a method that "explains the explanation." It is a surrogate
model that predicts each piece’s importance (i.e., the saliency value from the explain-
ability algorithm), given high-level information about the piece and the current po-
sition. Accordingly, the input into the surrogate model are the features described in
Table 3.1 for each piece, and the target is the importance, or saliency value, for the
corresponding piece. We use Light GBM as a surrogate model and present the results
as shapley values for each input feature.

Concept Probing
To analyze concept probing results, we proposed two methods: first, one where we
remove knowledge about concepts from the agent to analyze its impact on perfor-
mance and concept probing results, second, one where we monitor the information
flow through an auto-encoder.

First, for each concept (described in Paper C), we train an agent with and without
the given concept present in the training set. Then, we can quantify the concept’s
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Table 3.1: Description of concepts used by The Explaining the Explanation method.

Concept Name Description

Is Furthest True if the piece is among the furthest pieces
Player COM Player’s pieces center of mass

Opponent COM Opponent’s pieces center of mass

Piece Imbalance Difference in number of pieces

# Potential Captures Number of available captures of a piece

Has Support True if a piece has support from another piece
Giving Support True if a piece is giving support to another piece

importance by making the modified agent (trained without the given concept) play
against its unmodified version. For a detailed explanation of how we hide the concepts
and evaluate their importance, see Appendix E.2.

Having determined the importance of each concept, we can investigate the results
of concept probing methods; i.e., what concept probing approach most closely mirrors
the importance of the concepts? We used this ground truth to compare different
concept probing architectures and approaches, such as probing for removed concepts
and untrained lower bounds.

Second, we designed an autoencoder experiment to contrast the different probing
architectures. Within this controlled environment, we can investigate whether the
different probes are a good proxy for the information stored within the representations.
When we encode and decode information, we can observe the reconstructed state to
know how much information passes through the network - for us to decode information
successfully, it must also be available in the encoded state. This method monitors the
probing accuracy during training in the most compressed and reconstructed states. It
allows us to observe inconsistencies in probing accuracy values and trends.

Inside the autoencoder, we expect considerable compression of information, which
is relevant when probing a small neural network, such as Stockfish’s NNUE, where the
concept representations are likely more compressed than in a larger neural network.

The autoencoder consists of two parts, an encoder and a decoder, which are trained
to compress and reconstruct the input space. In this case, the encoder and decoder
mirror each other in terms of the number of layers and neurons in each layer. The
design uses a sequence of fully connected linear layers with ReL U activations.

3.1.4 Results

This subsection summarizes the main results from papers A and C, where we intro-
duced novel methods to evaluate explainability methods. In Paper A, we evaluate
saliency maps; in Paper C, we focus on concept probing. First, we will cover the
methods to evaluate saliency maps in Paper A:

Table 3.2 presents the results from removing the least and most important pieces.
We can see here that by removing the most important piece, we almost eliminate all
the advantages of the current player. Conversely, removing the least important piece is
non-destructive for the position. It can even be helpful, as we can see for the Shapley
value sampling method. A good tactic in this game is to force the opponent into
a zugzwang position. So, we might be helping the player avoid such a position by
removing a nonimportant piece.
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Figure 3.1 shows results from the sufficient subset experiment. We would like to
see this curve drop as late as possible. Here, Shapley Value Sampling and LIME
outperform the rest again. Furthermore, the gradient method performs the worst.

In Figure 3.2, we see the results from the experiment where we evaluate the piece’s
importance that ultimately secures the win. Here, we see that the model-specific
methods (such as the gradient methods) do poorly identifying that, while LIME and
Shapley Value Sampling outperform all the others. Interestingly, the occlusion method
performs the worst.

In Figure 3.3, we see how explaining the saliency maps exposes how we can extract
the game’s tactics from the explanations. For example, we see that the row of the
piece is the most determining factor of the piece’s importance and if it is among the
furthest of the player’s pieces. However, it is also clear that other pieces are needed
to support it to be a credible attack because the center of mass of the pieces is also a
determining factor.

Finally, we will briefly cover the results from the concept probing methods in paper
C:

Figure 3.4 shows a limited correlation between probing accuracy and importance.
Further results can be seen in Table 3.3, from which we can draw two conclusions.
First, when analyzing the probing results of the Regular model, P;j(f,¢y), the neural
network probe has the highest correlation with importance. Second, the change in
probing accuracy after removing a concept from the training set, Pj(freg) — Pj(fres.c:),
offers an even higher correlation with importance where the neural network probe also
performs best.

In Figure 3.5, we show the problems linear probes face when the information is too
compressed. Even though the autoencoder is increasingly learning to represent the
concept and pass it onto the reconstructed layer, the neural network probe is the only
probe that correctly represents that trend.

3.1.5 Summary

We presented multiple ways where game-playing can assist in evaluating explainability
methods. We showed examples where we expose that some algorithms do, in fact, not
align with our expectations, especially the model-specific methods. Furthermore, we
presented a novel approach to evaluate concept probing results, comparing the probing
results to their importance, which is problematic in most other domains where the
evaluation of concept importance is based on a potentially biased dataset, reliant on
extensive data collection, or expensive real-world experiments. Finally, we were able
to expose shortcomings of linear probes using auto-encoders.
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Table 3.2: Aggregated results from 10.000 self play games. Based on their evaluation,
the positions are placed into nine bins or quantiles, i.e., positions that have similar
win probability evaluated with our model are grouped in bins. We group positions
with close to zero win probability in the left-most column. In the right-most column,
we have a group with almost 100% win probability. The top-most row shows the
proportion of games won by the player to move for each bin, and the subsequent rows
show the same after removing the highest or lowest-ranked piece according to each
method. The bin’s average model evaluation (range between -1 and +1) is in the
bottom row.

Method Importance Proportion of games won
Nothing deleted ‘ - ‘ 0.09 0.26 0.36 0.44 0.51 0.55 0.64 0.74 0.90
Occlusion 0.08 0.21 0.26 0.29 0.31 0.37 0.40 0.43 0.50
LIME 0.04 0.18 0.26 0.29 034 039 045 047 0.51
SVS 0.04 0.19 0.24 0.32 0.38 0.37 0.44 0.45 0.51
Gradient Highest 0.12 0.23 0.35 041 049 050 0.57 0.63 0.66
Integ. Gradients 0.06 0.18 0.24 0.32 0.38 0.41 0.44 0.47 0.56
Gradient Shap 0.05 0.15 0.27 031 036 041 045 049 0.57
Deeplift 0.04 0.18 0.24 034 035 040 046 047 0.51
Occlusion 0.08 0.26 0.31 0.38 046 050 0.60 0.73 0.91
LIME 0.11 0.28 0.42 047 055 061 064 077 0.91
SVS 0.09 0.30 0.44 0.52 0.58 0.62 0.67 0.78 0.90
Gradient Lowest 0.10 0.27 0.40 048 052 058 0.63 0.73 0.91
Integrated Gradient 0.11 0.22 0.32 0.37 0.43 0.51 0.57 0.73 0.91
Gradient Shap 0.12 0.30 0.40 049 054 059 065 0.76 0.91
Deeplift 0.10 0.27 0.31 0.38 045 050 058 0.72 0.91

Mean model evaluation (pre deletion) -0.90 -0.68 -0.45 -0.22 0.00 0.22 0.45 0.67 0.90
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Figure 3.1: Effect of gradually removing the least-important pieces. We begin with a
dataset of positions where the current player has a slight advantage. Each data point
represents the proportion of removed pieces (ranked least important) and the resulting
win-rate after removal.

Table 3.3: Pearson correlation between concept probing results and importance.

Probe  Pj(freg) Pj(freg) = Pi(fres,e;)  Pi(freg) = Pi(funt)
Ridge 0.69 0.83 0.64
LGBM 0.68 0.87 0.67
NN 0.73 0.92 0.72
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Figure 3.2: The visualization displays the distribution of saliency values assigned to
the piece that secures the winning move 4-ply before the win.

Occlusion Shapley Value Sampling Integrated Gradients
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Is Furthest Player COM Player COM
Player COM Is Furthest Piece Imbalance
Piece Imbalance Piece Imbalance Is Furthest
Opponent COM Opponent COM Opponent COM
# Potential Captures # Potential Captures Has Support
Has Support [ +0.04 Has Support Giving Support
Giving Support [ +0.04 Giving Support # Potential Captures
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mean(|SHAP value|) mean(|SHAP value|) mean(|SHAP value|)

Figure 3.3: The average Shapley Values of each of the inputs to the interpretable
surrogate model. Here COM stands for center of mass. Has- and Giving Support
indicate if the piece is supporting or giving support diagonally to a piece of the same
color. # Potential Captures indicates is the number of available capture moves for the
current player.



3.1. UNDERSTANDING AND EVALUATING EXPLANATIONS 35

® Opposite Color Bishop @ Knight Pair Adv. A Bishop Pair Adv.
Rook Pair Adv. V 5 Dark Square Pawns <« Queen Adv.
Mean Ridge
35 35
30 A < 30 A <
°
{’; 25 - 25 -
S A A
T 20 A 20 A
(]
2
c 15 - 15 A
£
(]
£ 10 ® 10 ®
o 0 °
5 5
v v
0.6 0.7 0.8 0.9 1.0 0.6 0.7 0.8 0.9 1.0
NN Lgbm
35 35
R |
30 A { 30 A <
°
2251 25 -
S A A
T 20 A 20 A
(]
g
c 15 A 15 A
£
(]
t 10 ® 10 ®
o [ °
5 5
v v
0.6 0.7 0.8 0.9 1.0 0.6 0.7 0.8 0.9 1.0
Probing accuracy Probing accuracy

Figure 3.4: The relationship between probing accuracy and true importance measured
in Elo points for all probes, as well as the mean value of all three probes.
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3.2 Unveiling What Game-Playing Agents Have
Learnt

Relevant paper:

B) A. Palsson and Y. Bjornsson, “Unveiling concepts learned by a world-class
chess-playing agent,” in Proceedings of the Thirty-Second International Joint
Conference on Artificial Intelligence, IJCAI 2023, 19th-25th August 2023, Macao,
SAR, China, ijcai.org, 2023, pp. 4864-4872.

3.2.1 DMotivation and Goal

In this section, we explore how we can use state-of-the-art explainability methods to
reveal the knowledge acquired by deep learning agents, using Stockfish, the chess-
playing agent, as our test bed. We addressed the following research question:

e RQ2: How to use explainability methods to unveil the concepts learned by game-
playing agents?

In recent years, game-playing agents have moved towards using neural networks,
which has eased the encapsulation of the relevant domain-specific knowledge and re-
sulted in much-improved playing strength. This trend has come at the cost of making
the resulting models ill-interpretable and challenging to understand or use for enhanc-
ing human knowledge.

In Paper B, we explore ways to reveal the knowledge acquired by these super-
human agents so we can better understand and learn from them. The latest version
of Stockfish, at the time of this research, is of particular interest related to this devel-
opment; at that time, it was arguably the strongest chess-playing agent in existence,
and its design has some interesting properties for our research. It is a hybrid of i) a
classical model !, which contains hand-crafted (but automatically tuned) evaluations
that contain many concepts from human chess literature, and ii) a neural network
model, which is called NNUE, or Efficiently Updatable Neural Network, which has
learned its own (hidden) concepts to evaluate positions. Comparing these two served
as the foundation of this part of the thesis.

The goals of this part of the research are twofold: first, to identify human-under-
standable knowledge embedded in Stockfish’s neural network and see how they differ
from the classical hand-crafted evaluation function. Second, to shed light on some
actionable insight that could drive further development of the neural network or the
classical model.

3.2.2 Contribution

The main contributions of this part of the research are showcasing ways the game-
playing community can benefit from explainability methods. We demonstrated how
to adapt and use state-of-the-art explainability methods to highlight contrast and
understand some of the strengths and weaknesses of the neural network and the hand-
crafted model. We can summarize the contributions in the following points:

1Stockfish 16.1 [55] which was released after this research has removed the hand-crafted version
and relies now on two neural networks instead.
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Table 3.4: Description of A piece value concepts.

Concept Name Description

AP Difference in number of pawns
AN Difference in number of knights
AB Difference in number of bishops
AR Difference in number of rooks
AQ Difference in number of queens

e We demonstrate how state-of-the-art interpretability methods can gain insights
into concepts learned by a world-class game-playing agent.

e We use the gained insights to pinpoint the relative strengths and weaknesses of
the neural network and the hand-crafted model.

o We demonstrate that the neural network contains a substantial amount of human-
explainable knowledge. With a linear combination of the classical concepts we
are able to explain approximately 50% of the variation of the neural network.

e We show the neural network’s capability to detect specific threats statically that
would require a search using the classical method.

e We discovered significant disparities in how the models implement King safety.
Apart from highlighting the differences between the two approaches, this finding
might serve as a basis for projects such as adjusting the classical King safety
implementation to mimic the neural network better.

3.2.3 Methods

This research primarily utilized three global explainability techniques to obtain quanti-
tative results. Furthermore, we qualitatively evaluated individual positions by filtering
based on model disagreement.

First, we apply a Global Linear Surrogate Model to evaluate concepts’ relative value
or importance. For example, the first experiment evaluates the relative importance of
different piece types. In order to do this, we construct a dataset, D, containing states
s. For every s, we evaluate the model to get a model evaluation of the state, i.e., to
evaluate who is better and quantify by how much. For each of these states, we evaluate
delta piece count concepts. E.g., AB indicates the difference in the number of bishops
present on the board. AB = 0 indicates that both players have the same number of
bishops, while AB = —1 indicates that black has one more bishop than white, and so
on. Furthermore, when all the concepts in Table 3.4 have been evaluated, they can be
used by the surrogate model to predict the model evaluation. The surrogate model is
a linear model that we dissect after training:

wp * AP + w, * AN +wp * AB +w, * AR+ w, * AQ =y (3.1)

In this case, the linear weights for the different concepts will serve as a proxy for
importance, and we can, for example, compare the weights w, and w,. Thus, we
interpret % as the queen value evaluated in a number of pawns. We can use a similar

p
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Table 3.5: Shapley values of concepts found in Table 2.2 estimated using Shapley value
sampling with a linear model. Ratio is calculated as the value of NNUE divided by
the value of Classical.

NNUE Classical ratio

Material 0.412 0.573 0.719
Winnable 0.187 0.147 1.269
Passed pawns  0.055 0.045 1.234
Imbalance 0.040 0.076 0.524
Mobility 0.023 0.035 0.642
King safety 0.019 0.086 0.226
Threats 0.004 0.012 0.365
Rooks 0.003 0.009 0.385
Bishops 0.002 0.003 0.508
Space 0.002 0.008 0.244
Pawns 0.001 0.004 0.337
Knights 0.001 0.001 0.466
Queens 0.000 0.001 0.318

approach to evaluate the relative importance of the concepts used by the classical
model, which can be found in Table 2.2.

Furthermore, to extend the analysis of surrogate models, we apply Shapley Value
Sampling (SVS), covered in Section 2.2.4.5, to extract more information about the
concepts. We apply SVS to evaluate the Shapley Value for each of the concepts. The
values in Table 3.5 reflect such an experiment.

The final explainability method used is concept probing, examined in Section 3.2
and described in Section 2.2.5.1. The aim of concept probing in this part of the
research is mainly twofold: i) to get a grasp of how the agreement is between the
classical concepts and the neural network, both overall and at different phases of the
game, and ii) to evaluate the impact of the rich input format, it is very sparse and can
be helpful to identify some concept-related relationships, especially with respect the
king’s position.

We conducted two experiments with a linear probing model to achieve the goals.
First, we probe the model at the input and after the first linear layer. By comparing the
accuracy of the probe on the input and inside the model, we get a better grasp of the
relative value of the input format and the learned neural network weights. The second
experiment probes the model using one phase at a time (from a total of 8 phases)—this
way, we see if, in certain phases, we can observe more agreement between the neural
network and the implementation of the concept by the classical method.

Finally, we perform a qualitative analysis by filtering games where there is an ap-
parent disagreement between the methods about who has the advantage. For example,
filtering games where there is a disagreement and the classical method attributes the
evaluation primarily to king safety will likely expose some king safety-specific disagree-
ment between the models.
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Figure 3.6: Estimated piece values using the weights of a linear surrogate model. Each
# * feature corresponds to Ax feature in Table 3.4. The values of the bars represent
the weights corresponding to each piece, normalized by the weight of the pawn.

3.2.4 Results

In this section, we describe the main results briefly; we refer to the paper for more
details. In the paper, we explored simple concepts, such as piece values, and more
complex ones, such as chess tactics, and the concepts implemented in the classical
model.

First, we show how the model evaluates the different piece types. In Figure 3.6, we
see that the neural network puts less weight on the pieces, from which we can infer that
it values other things more, such as the position and dynamics of the pieces. Further
analysis of the different phases is included in the paper, which shows how piece values
change over the duration (phases) of the game.

Next, we analyze the hand-crafter concepts from the classical model; in this exper-
iment, as seen in Table 3.5, we evaluate the Shapley values of the different concepts
and compare the differences between the two models. There are two main takeaways
from that experiment. First, dynamic concepts like winnable and passed pawns are
relatively much more important to the neural network than the hand-crafted model.
Secondly, we see that king safety is much less important for the neural network, in-
dicating a disagreement between the models. The same holds for the space concept,
although, it is considerably less important for both models.

In Figure 3.7, we see the probing accuracy of the classical concepts in the neural
network. The lowest probing accuracies are for threats and king safety, and the highest
is for material. We also probe the model’s input to identify how much the model’s
rich input format contributes to making the concepts accessible to the model. For
some concepts, we see a substantial increase, such as for the concept winnable, and
although we see a significant increase for all concepts, the concept space has a very
small increase.

The relevance of the concepts may change with the game phase (e.g., an isolated
pawn is more of a weakness in the endgame). Figure 3.8 shows the concept probing
accuracy for each of the 8 phases (or buckets, with bucket 0 having the fewest pieces).
Here we see that i) the concepts winnable and passed pawns become more relevant
for the model as fewer pieces are left on the board, i) the concept material is always
well represented by the model, and i) king safety and threats generally have a low
agreement with the model but, proportionately, are better represented earlier in the
game and increase again during the end-game in bucket 1.
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Figure 3.7: Concept probing results on i) the input features and ii) after the first
hidden layer, using the official NNUE weights.
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Figure 3.8: This figure shows concept probing results on subsets containing only a

single bucket using ridge regression, evaluated at the first hidden layer of the model,

using the official NNUE weights. The bucket number indicates which layer stack will

be used; the number of pieces on the board determines the bucket number, which is
calculated by (piece count — 1) /4.

Finally, we do a qualitative analysis of the difference between the methods. We
filter games where the methods disagree about who has the advantage—observing the
positions; we see that the NNUE has a much better ability to statically detect complex
threats that would require the classical method to explore future states to detect.

3.2.5 Summary

In this section, we summarized the contributions made in Paper B. The work we
explored aimed to expose what the neural network has learned using pre-defined con-
cepts. We explored the relevant state-of-the-art explainability algorithms and exposed
the contrast between the neural network and the classical model. Both model-agnostic
and model-specific explainability techniques seem to, for the most part, reasonably in-
terpret and explain the knowledge acquired by the game agent’s deep neural network,
each with its pros and cons. This work opened up some interesting questions about the
hand-crafted implementation of king-safety; for example, can we improve the classical
model by changing the king-safety concept to be more in line with the neural network?
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Figure 3.9: (Upper Left) The NNUE statically detects the fork Nf6 favouring White
unlike the classical model; (Upper Right) Black (to move) wins because promoting
with a check, seen (statically) by the NNUE but not the classical model. (Bottom)
The classical model judges king safety the most critical feature favoring the attacking
player (Black and White, respectively); the NNUE is unimpressed with the attacks
and correctly (slightly) prefers the defending player.
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3.3 Explaining Search

Relevant paper:

D) Y. Bjornsson, S. Helgason, and A. Palsson, “Searching for explainable
solutions in sudoku,” in 2021 IEEE Conference on Games (CoG), Copenhagen,
Denmark, August 17-20, 2021, IEEE, 2021, pp. 1-8.

3.3.1 Motivation and Goal

In this section we address the following research question:

e RQ4: How to bias the search process of game-playing agents to make more
human-understandable decisions?

The research focus of XAl has so far mainly been on model interpretability, in par-
ticular, providing insights into concepts learned by (deep) neural networks as covered
in the previous Sections (3.1 and 3.2). However, for many tasks, heuristic search is also
an integral part of the decision-making process of intelligent systems. Heuristic search
is one of the fundamental problem-solving techniques in Al and computer science. It
provides computer-based agents the means of reasoning, or “thinking ahead.”

A computer-based system that incorporates search or thinking ahead does not
make decisions based on a single state, but rather multiple states. The number and
order of states that such a system explores can be so vast that it is beyond human
comprehension. The solution to heuristic-search problems typically takes the form of a
sequence of actions. How did each step come about? Why is that particular sequence
preferable to an alternative one? Such questions are especially relevant in settings
where a human is expected to verify or execute the resulting solution and in settings
where a human hopes to learn from the solving process.

In this work, we focus on the game of Sudoku, mainly because of its simplicity, we do
not have an adversary and there is a well established human-literature with well-defined
strategies. Sudoku is formalized as a CSP and is very easily solved with computers.
However, In Sudoku, we have this contrast between how we and computers solve the
puzzle. We solve it with limited backtracking, while computers use it extensively.

We have two possible approaches: One is to treat the solver as a black-box and
then try to explain the resulting solution post-mortem. The other is to alter the solver
to produce more human-understandable solutions.

In this research, we opted for the latter method. The goal is to look for not only
a solution but also the most explainable one. To achieve that, we must quantify
explainability objectively based on different solution strategies and general principles
to guide a solver.

3.3.2 Contribution

This paper explores how to alter a search-based reasoning process to generate solutions
more explainable to humans, using the domain of Sudoku puzzles as our test bed. The
decisions made by such an intelligent system must ideally be transparent, verifiable,
and, where applicable, instructive for humans. The main contributions are as follows:

e We provide a hybrid of a heuristic- and constrained-based solver that biases the
search towards finding solutions that are easily explainable to humans.
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Table 3.6: Strategy specific cost, w,,.

wm

One-Dimensional Unique Candidate 1
Sole Candidate 3
Two-Dimensional Unique Candidate 5)
Naked Double Candidate 10

e We model the perceived human mental effort of using different familiar Sudoku-
solving techniques.

e We show that such an approach is feasible in our test domain and will apply to
other domains with similar characteristics.

e We show how to find an explanation understandable to human players of varying
expert levels and evaluate the algorithm empirically on a wide range of puzzles
of different difficulties.

3.3.3 Methods

This research combines three methods: i) pre-defined solving strategies from the lit-
erature, ii) a utility function, and iii) a search algorithm. The strategies implemented
are shown in Table 3.6, and further descriptions of the strategies can be found in the
paper.

The aim is to bias the solver using a utility function that evaluates how explainable
a solution is. The solver finds the solution that minimizes the utility function, resulting
in the most explainable solution available. Furthermore, the utility function allows the
depth-first solver to prune less explainable solutions and decrease the search time.

The utility function aims to map perceived human effort and preferences to create
the most explainable and easily understandable solution - it is formalized as follows:

N 1)
VVtotal = Z <(1 + (1 - %)) ‘gnmem,i + ém,iwm,i) (32)

i=1 v

where m indicates the strategy used, w,, is the cost of the strategy used (see Table
3.6), N is the number of unassigned variables at the beginning of the puzzle, U; is the
number of unassigned variables at step ¢, a,,; is the number of available moves for the
chosen strategy, ¢ is the power of the transformation function, 6 is a cost decaying
factor, n,,; indicates the count of similar moves done before our move m and finally
&m,i indicates the cost of learning a strategy.

U;

cost (see (ii)) for strategy m at step i, indicating a higher cost with lower availability.
The strategy specific cost (see (i)) is lowered by repetitive use of the same strategy
through the decaying factor 6™ (see (iii)). The value for the learning factor (see (iv))
&m,i was arbitrarily set to 10 if we are using strategy m for the first time at step ¢,
otherwise it is 0.

The pseudo-code in Algorithm 1 from the paper describes the search of the solver,
where each recursive call to the search function does the following: (1) for each available

5
In the first term of our equation, (1 + (1 — S )) , we capture the context specific
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Table 3.7: Least costly path found to solve the board in Figure 3.11.

Cost 33.
Available Moves Chosen Moves
sole 1d unique 2d unique naked Strategy  Value Square
3 2 5) 1 1d unique 5 I1
4 3 6 1 1d unique 5 E3
4 3 7 1 1d unique 8 E1l
4 3 6 1 1d unique 2 H1
4 2 6 0 1d unique 8 H3
3 1 5) 0 1d unique 3 H7
3 2 4 0 1d unique 3 E8
3 2 3 0 1d unique 2 E7
2 2 2 0 1d unique 2 I8
1 1 1 0 1d unique 7 17

strategy we apply (up to) batch size (we group moves into batches to decrease the
search space) many moves (not transitively considering those that arise from using the
strategy); (2) the cost of the (partial) solution is computed using our cost function; (3)
we recurse into the search once more with the changes from applying that strategy;
(4) we undo everything from applying the strategy and try the next.

The search is depth-first branch-and-bound-like, keeping track of the least costly
solutions found so far and pruning where applicable. It also uses a transposition table,
for avoiding reexploring the same state if reached via two different paths, and macro-
actions to reduce the search space. A significant characteristic is that the actions
allowed for the algorithm are always explainable in terms of Sudoku strategies. Given
that the algorithm has at its disposal sufficiently advanced strategies to progress in
each step, it is complete (i.e., always finds a solution).

3.3.4 Results

Here we cover the main results from this part of the research. For the experiments
we gathered a dataset of 50 puzzles per difficulty level, for levels simple, easy and
intermediate. Using our method we get a cost per solution and in Figure 3.10 we see
how the explainability cost maps on the three difficulty levels.

To further explore the algorithm we visualize two solutions for an unsolved board
with 10 empty squares shown in Figure 3.11. We show the most explainable solution as
well as the least explainable solution, in Tables 3.7 and 3.8 respectively. Here we show
the solvers ability to find the simplest and most explainable solution to present, as well
as a solution, not preferable, which randomly changes strategies and picks strategies
requiring more mental effort to understand.

3.3.5 Summary

In this work, we put the focus on the search part of the decision-making process.
We use Sudoku as our test-bed and provide a solver — a hybrid of a heuristic- and
constrained-based — that biases the search towards finding solutions that are easily
explainable to humans with different levels of domain expertise. We provide a concrete
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Figure 3.10: Resulting distributions of the best costs found from solving 50 tables of
each difficulty levels: Simple(top), Easy(middle), and Intermediate(bottom).

Figure 3.11: Unsolved Sudoku board with 10 remaining moves.

method for achieving this and show that such a solver is feasible in our test domain.
We also provide an analysis of various aspects of the search- and solution space to
better reveal the challenges faced by the solver.
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Table 3.8: Most costly path found to solve the board in Figure 3.11.

Cost 342.
Available Moves Chosen Moves
sole 1d unique 2d unique naked Strategy  Value Square
3 2 5 1  naked T I7
2 2 4 0 sole 8 H3
3 3 ) 1 naked 5 E3
3 3 4 1  naked 8 El
2 2 3 0 2d unique 5 11
2 2 4 0 sole 2 Hi1
2 2 4 0 sole 3 HT7
2 2 3 0 1d unique 3 ES8
2 2 2 0 2d unique 2 ET
1 1 1 0 2d unique 2 I8
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Chapter 4

Related Work

In this chapter, we revisit and reflect on related work in Explainable Al and game-
playing. Some work that influenced this research was already introduced in Section 2.3;
however, this section will dive deeper into some work and reflect on past and concurrent
related research in the game-playing domain. We emphasize the work in McGrath et
al. [38], [52], which was both one of the first, and is still the most comprehensive
work on concept-based explanations in the game-playing domain—following that we
will highlight other related work on explainability and game-playing and reflect on how
it relates to our research.

4.1 Acquisition of Chess Knowledge in AlphaZero

The paper McGrath et al. [38], [52] investigates the concepts that AlphaZero’s neu-
ral network learned. It was one of the first papers to research concept probing in
game-playing agents and was influential to our work. It is still one of the most com-
prehensive papers released on this topic. Concept probing in game-playing agents was
also concurrently researched in other groups, such as the work published in Lovering
et al. [53], discussed in Section 2.3.

The insights gathered in McGrath et al. [38], [52] stem from two points of view;
first, insights about to what degree the human-understandable concepts get repre-
sented in the final model, and second, exposing how they appear during training,
which is particularly interesting because they train it using self-play - without any
human knowledge. Therefore, identifying how human-understandable knowledge ap-
pears during training can shed some light on whether there is some natural course
of knowledge discovery, perhaps similar to how chess theory has evolved during the
past centuries. However, this second part relates less to our thesis since Stockfish, the
chess agent we investigate, is not trained using self-play. Instead, it is trained using
supervised learning with a predefined dataset; thus, the evolution of concepts is less
relevant.

They cover multiple ways to inspect AlphaZero, such as concept probing, behavior
analysis using a surrogate model, a study of the evolution of AlphaZero’s openings, a
qualitative analysis by chess grandmaster Vladimir Kramnik, and finally, unsupervised
concept discovery using non-negative matrix factorization (NMF).

They show that human-understandable concepts are, to some degree, linearly rep-
resented by AlphaZero’s activations, most of which increase during training until they
saturate. They demonstrate these results using what-when-where plots. What, indicat-
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of around 30k training steps. considered and discarded. its mass on all other 16 moves.

Figure 4.1: Figure 7 from McGrath et al. [38].

ing what concept, when, indicating when in the training process, and where, indicating
where in the network the concept is being measured. In some cases, interesting behav-
ior is observed, such as a drop in linearity in the same layer during training or a drop
in linearity in later layers compared to earlier layers. However, they do not explore the
cause of it further than speculating what might have caused it. This observation is
particularly interesting in light of our results in Paper C, where we showed how non-
linear information, identified with a neural network probe, can increase simultaneously
as its linear component decreases during training.

In their discussion about how the network identifies threats, such as whether the
current player has a mate threat, they acknowledge that the network must also model
the opponent’s potential moves. They theorize that the network’s ability to recognize
these predictive concepts stems from the fact that AlphaZero is simultaneously learning
the value and the policy. However, as we showed in Paper B, Stockfish’s neural network
can also grasp predictive concepts, even though it is trained without policy values.

Concerning concept probing, they raise multiple interesting questions; although
addressing their preference for simpler linear probes, they question whether better
probing architectures exist, such as some that are better at capturing spatially rep-
resented concepts. We specifically address this concern about the choice of probing
architecture in Paper C, where we show that neural network probes may be more re-
liable than simpler linear probes. Furthermore, they question what we can infer from
the probing accuracy, e.g., when can we say that a concept is really represented or
used? They talk about how, sometimes, low probing accuracy can be due to the net-
work architecture, e.g., earlier layers of convolutional neural network will not be able
to identify longer-distance captures. Moreover, they acknowledge that sometimes, it
is hard to identify whether we are identifying a confounder or the concept itself. Our
results and discussion in Paper C about to what extent we can infer concept impor-
tance from these experiments add to the general conversation about what we can infer
from the concept probing experiments, where we show the correlation between concept
importance and probing accuracy using different probing methods.

Using non-negative matrix factorization, they identified 720 block/factor pairs.
They successfully interpreted some of them, such as potential move computations and
a count of the number of opponent’s pieces that can move to a given square. However,
they determined that it was not feasible to interpret many of the factors, especially
those in later layers.

Finally, and less directly related to this thesis, they shed interesting light on the
evolution of the agent through examples and qualitative analysis by chess grandmaster
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Figure 4.2: Figure 3 from Tomlin et al. [56].

Vladimir Kramnik. In Figure 4.1, we see how the prior over moves during the opening
for the first 100k steps of self-play training. Interestingly, we see how AlphaZero starts
considering 2. d4 as an answer to 1. e4 eb and ultimately discards it for 2. Nf3.
Kramnik shed some interesting light on how, during the first iterations, it is learning
to evaluate material correctly. This is followed by an increased understanding of king
safety and then correctly assessing which attacks will succeed in the corresponding
order.

4.2 Other Related Work in Game-Playing

Tomlin et al. [56], Understanding Game-Playing Agents with Natural Lan-
guage Annotations, analyzes the concepts learned by two agents, one trained using
imitation learning (supervised learning, estimated to have about 1900 ELO) and one
using self-play (reported to have Elo of over 5000). The concepts are split into two
categories: pattern-based and keyword-based. Pattern-based concepts are extracted
using a set of rules to decide if they are present. However, the keyword-based concepts
approach uses the presence of keywords in commentary as a proxy for the presence
of concepts within the observed state. They collected 10K games with move-by-move
commentary from the Go Teaching Ladder(GTL). The commentary is in English and
considered of high quality. For example, in the comment, "Bad shape. If white wants
to defend it should be solid at c8, leaving no weaknesses or sente moves for black."
they extract the keywords shape and sente. They use a linear concept probe, and
their findings (as seen in Figure 4.2) show that the probing accuracy is significantly
correlated between the models. Generally, the self-playing agent has a slightly higher
accuracy than the agent trained using imitation learning. The high correlation is quite
interesting considering that the self-playing agent is much stronger and supports our
findings in Paper C that we may only find limited insights from concept probing ac-
curacy alone. Furthermore, they show that the keyword-based concepts (which are
used as a proxy for concepts of higher-level abstraction) are much better represented
in the later layers of the model. In contrast, the pattern-based concepts are better
represented in the earlier layers of the model, which aligns with the results in Lovering
et al. [53].
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H: Human’s M: Machine’s
representational space representational space
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Figure 4.3: Figure 1 from Schut et al. 2023 [57].

Schut et al. [57], Bridging the Human-AI Knowledge Gap: Concept Dis-
covery and Transfer in AlphaZero, uses AlphaZero and chess to develop methods
to discover concepts so far unknown to humans and ultimately teaching them to hu-
mans, and therefore expanding human knowledge. We have human representational
space (H), and machine representational space (M), where H represents the knowledge
of humans and M represents the knowledge of machines (the knowledge of AlphaZero
in this case). Their objective is to identify knowledge unknown to humans but known
to machines (M-H) and teach them to some of the best chess players in the world
(world top chess grandmasters). In contrast with our research, this paper does not
rely on pre-defined concepts. The first step is to use unsupervised discovery of dy-
namic concepts using convex optimization to find concept candidates. The second
step is to filter out concepts to ensure that they are novel (in the (M-H) space) and
teachable. To ensure they are novel, they compare games of humans and AlphaZero
using spectral analysis. To ensure the concepts are teachable (and useful), they teach
another AT agent the concepts and filter them based on their informativeness. Finally,
they confirm that they can expand the human representational space (H); they teach
the top grandmasters the concepts through concept prototypes and quantitatively val-
idate that the chess players increase their ability to find concept moves aligned with
AlphaZero’s choices. However, this is out of scope

Hammersborg and Strumke [58], Reinforcement Learning in an Adaptable
Chess Environment, introduced an open-source computationally efficient adaptable-
chess XAl research environment. It is estimated that AlphaZero played approximately
44 million self-playing games to reach its peak playing strength. This, combined with
its large model size, makes it inaccessible to researchers with limited computational
resources. They introduced an environment that implements Silverman 4x5 and Los
Alamos 6x6 chess-variants. Furthermore, they also implement the linear concept prob-
ing methods used in McGrath et al. 2021 [38]. Examples of re-implementations of the
what-when-where plots in McGrath et al. [38] can be seen in Figure 4.4.

Based on the recent success of large language models trained at scale Ruoss and
Delétang, 2024 [59], Grandmaster-Level Chess Without Search, investigate whether
it is possible to train an agent in a supervised manner that generalizes well without ex-
plicit search. They create a dataset by annotating games from Lichess using Stockfish
16 and train a transformer model to predict action-values without search (visualized in
Figure 4.5). With a total of 10M games they get 530M state-value estimates to train
on. Through testing they show that the transformer model reaches its strength only at
sufficient dataset and model scale. To validate its performance, they tested it against
humans, where it reached grandmaster level (Lichess blitz Elo 2895), and demonstrated
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Figure 4.5: Figure 1 from Ruoss and Delétang [59].

that it could solve many challenging puzzles (up to Elo 2800). Its strength surpasses
even AlphaZero (without search) and seems to generalize well on unseen board states.
From our research perspective, it is interesting to see what kind of concepts the agent
has learned because although the value function of Stockfish already incorporates pre-
dictive concepts, this model has an even better grasp of it. Also, it is interesting to
see that given large enough models, one can learn tactical motives that replace search
and allow statical evaluation. This is consistent with our finding in Paper B.
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Chapter 5

Conclusion and Future Work

In the thesis, we investigated the intersection of game-playing agents and Explainable
AI. We primarily focused on explaining the value estimation of game-playing agents,
that is, understanding what knowledge is encoded in their evaluation models. The
move decisions of game-playing agents combine both a model and a search, and un-
derstanding the model is a prerequisite to understanding the search. However, still,
there is a definite interplay between the two because they complement each other.
Furthermore, we briefly explored what might be done to bring explainability to search
algorithms. A more comprehensive perspective, including both the model and the
search, is a logical step for future work.

In this final chapter, we discuss our final conclusions, reflect on the research’s
answers and limitations, and conclude with suggestions for future work.

5.1 Conclusion

We defined four research questions to address in this thesis, each addressed in one of
four papers. Three have been published, and the fourth and final one has been accepted
for publication at ECAI-2024. This section begins by reiterating the questions and
discussing how they were addressed. Then, we reflect on our research and discuss its
limitations.

RQ1: How effective/reliable are commonly used saliency map explainability meth-
ods in the game-playing domain?

e We showed that the results from the saliency map methods differ significantly.
The model agnostic methods, especially LIME and Shapley Value Sampling,
provide much better intuition into the model’s behavior than the model-specific
ones. These methods do a better job of identifying critical pieces and putting
high importance on pieces with a critical future role (securing a win). Therefore,
it truly matters that these saliency maps are chosen and interpreted carefully.

RQ2: How to use explainability methods to unveil the concepts learned by game-
playing agents?

e We demonstrated that we can unveil and compare the importance of game-
playing concepts by analyzing an interpretable surrogate model. We trained the
surrogate model on a special-purpose dataset where each sample was labeled with
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the model’s evaluation and game-playing concepts. Several interesting domain-
specific insights were revealed about Stockfish’s neural network model in contrast
to its handcrafted evaluation model, such as the difference in evaluation of king

safety.

RQ3: What are the pitfalls and best practices in interpreting concept probing results
in the game-playing domain?

e We show that the widespread practice of using linear probes and interpreting
their accuracy to indicate concept importance gives some, albeit limited, in-
sights into concepts learned by the network. The probes’ accuracy and feature
importance is only moderately correlated. Thus, interpreting concept importance
based on probe accuracy alone is somewhat unreliable. A better correlation is
achievable using a more complex probe (neural network) and observing the dif-
ference in probing accuracy in the original and an impaired model.

RQ4: How to bias the search process of game-playing agents to make more human-
understandable decisions?

e We demonstrated that we can use an explainability cost function to bias the
search of a heuristic- and constrained-based solver towards finding solutions easily
explainable to humans. By incorporating concepts from the literature, we can
force the agent to make explainable decisions to humans of different expert levels.
The explainability cost function incorporates human preference to reduce the
effort required to understand or execute the decision.

Explainability in game-playing has received relatively little attention compared to
fields such as image classification and natural language processing, although we feel
that it is steadily increasing. Perhaps this is because researchers have focused mainly
on solving games and defeating the best human players. Thus, we saw numerous
opportunities to transfer established methods from these fields into the game-playing
domain. Our first realization when we started was just how well-suited the game-
playing domain is for answering questions related to explainability. It crystallizes in
the domain’s ability to develop evaluation methods grounded in the agent’s behavior.

Therefore, we encourage XAI researchers to explore this domain because we are
investigating general-purpose architectures, fully-connected and convolutional neural
networks, as the insights gained can be widely applied. For example, our approach to
unveiling the knowledge the neural network has learned using both surrogate models
and concept probing may be applied in many domains. Furthermore, sticking with
more complex probing methods should make the insights researchers aim to gain more
robust to changes in representation.

We showed multiple examples of functionally-grounded evaluation methods using
the game-playing domain. The compelling aspect of the domain is that the value esti-
mation of the game-playing agents predicts the expected reward following the current
policy, and thus, by explaining the value, we are, to some extent, also explaining what
is about to happen. Meanwhile, by using self-play, we can see what is about to happen
and compare the results of the self-play with the explanation. We hope this research
may inspire others to consider game-playing as a setting for explainability research.

We started by applying this idea to saliency maps to evaluate their effectiveness
in our domain. We approached that in two ways: first, by perturbing the state and



5.1. CONCLUSION o7

observing its impact using self-play. Although this provided valuable insights, the fact
that it is rather obstructive inspired further development. Our second approach was
perturbation-free, and instead of perturbing the state, we observed the future role of
the pieces using self-play. By defining roles that we consider important, we can see
how the evaluated importance from the saliency map is associated with the future role
of the piece.

However, saliency maps are inherently limited to low-level features, so our next
step was to move toward explanations using higher-level concepts. We demonstrated
how we can unveil the knowledge learned by the agents using explainable surrogate
models and a prominent method called concept-probing. The design and interpreta-
tion of concept probes are debated, and we realized that the game-playing domain is
well suited for evaluating how we can interpret them, which resulted in our fourth and
final paper. The key to that analysis was that we could easily compare agents’ perfor-
mance without relying on static and limited datasets. We evaluated the importance
of information by hiding it during training and observing the decline in performance
during competition. By comparing the results from different concept probing experi-
ments to the evaluated importance of the concepts, we could make recommendations
about probing architectures and experiments.

We mainly investigated four methods in this research: saliency maps, global sur-
rogate models, concept probing, and an explainable agent. The insight we can gather
from the research is partly limited by the experimental setting but also by the inher-
ent limitations of the methods. For example, although we showed that some saliency
maps correlate better with how we prefer to interpret them, we must acknowledge
that simply stating that a piece is important may require considerable effort from
the user to interpret. Due to the amount of interpretation delegated to the user, it
might still misinterpret the explanation due to confirmation bias. However, identifying
which methods better correlate with how we are likely to interpret them will reduce
the likelihood of misinterpretation.

Furthermore, global surrogate models are intrinsically limited to concepts that
describe an advantage in some way; perturbing the concept must affect the evaluation
to be detected. Thus, important information that may either not be useful on its own
or affect both players similarly will not be considered important using this method.
However, this knowledge may still be important and used by the agent, and one should
be mindful of that when interpreting the results from such methods.

As demonstrated, concept probing only provides limited correlation with concept
importance and thus we need to be mindful when interpreting the results. Interpreting
the absolute value of these probes is prone to misinterpretation. However, interpreting
changes in the values of the probing experiments will provide a much better insight
into the models, as demonstrated by our experiments in Paper C. However, one should
still be careful when interpreting changes in the values using a linear probe, as seen in
the autoencoder experiment; the information might merely be changing from a linear
to a non-linear representation.

We showed how to design an explainable game-playing agent by incorporating
knowledge from the literature, thus forcing them to make only explainable decisions.
This is a feasible approach where a human is expected to verify, execute, or learn
from the resulting solution. However, it is limited in cases where the implemented
approaches are insufficient to solve the problem; in these circumstances, a hybrid
approach could be feasible, with a fallback to conventional approaches when the solver
gets stuck.
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Finally, all of the abovementioned methods rely on pre-defined concepts. Therefore,
so far, we can merely use or mirror our knowledge using these methods. With these
limitations in mind and a keen awareness of the potential pitfalls of misinterpretation
and confirmation bias when applying and interpreting these methods, they can provide
valuable insights, as demonstrated in this thesis.

5.2 Future Work

During the research, we identified numerous future research avenues. For example,
in Paper B, we identified a significant discrepancy in how the classical model and the
neural network implement the king safety concept. Thus, a possible future work would
be to figure out ways to increase the agreement between the methods by modifying
the classical king safety concept. This could be performed by constrained optimiza-
tion, adjusting the king safety concept to maximize the concept probing accuracy in
the neural network. Performing this would require constraints by only defining di-
mensions that would fall within the concept of king safety; otherwise, we would start
approximating the complete behavior of the neural network.

In Paper C, we introduce a method to estimate the importance of concepts to help
us identify which probing algorithms to use. This approach can also be the foundation
of multiple other concept probing studies. For example, it can be used to study other
network architectures or to construct new probing methods. Researchers often favor
either simpler or more complex probes. However, there may be a case for not choosing
just one and instead developing techniques to interpret linear and non-linear concept
probes simultaneously. Instead of ignoring some information, we could research ways
to interpret measurements from multiple probes.

It would be advantageous to start viewing concepts from a more hierarchical point
of view. This might make concept discovery more approachable. For example, most
concepts implemented in the research are a combination of multiple simple rules that,
when all, or specific combinations of them, are true, we consider the concept to be
present. These simple rules might be meaningless on their own, but together, they
form a useful concept. We can consider these simple rules to be low-level concepts,
which are a part of higher-level concepts. Analyzing the concept probing accuracy
of all sub-concepts might reveal new ways to interpret concepts. For example, what
happens to the concept probing accuracy when introducing a new sub-concept to the
higher-level concept? Or what can be said about a high-level concept from the concept
probing accuracy of its sub-concepts?

Finally, our approach to delivering explainable search solutions can be further en-
hanced by implementing more complex concepts from the literature or adapting the
solver to other games. We can further incorporate human preferences into the ex-
plainability cost function by optimizing its parameters using real games. However, we
have only scratched the surface of explainability in search; the field is still maturing,
and further effort could be made using other approaches, such as explaining search
algorithms post-mortem. For example, when an agent changes its mind after a deeper
search, what did it find out? The number of states explored is vast, and generating ex-
planations using the contrast between states from promising and adverse paths might
reveal interesting insight. Can the promising paths help us generalize the strengths
and weaknesses of the current state? Furthermore, we can aggregate information from
future states based on piece importance or analyze the hidden representation from a
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concept-probing perspective, which could be an exciting avenue for future efforts. Do
the promising paths have something in common? What are the most interesting or
informative states explored by the search algorithm?
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Abstract. There is a trend in game-playing agents to move towards an
Alpha-Zero-style architecture, including using a deep neural network as
a model for evaluating game positions. Model interpretability in such
agents is problematic. We evaluate the applicability and effectiveness of
several saliency-map-based methods for improving the interpretability of
a deep neural network trained for evaluating game positions, using the
game of Breakthrough as our testbed. We show that the more applicable
methods provide insights into the importance of the different game pieces
and other domain-dependent knowledge learned by the model.

Keywords: game-playing - model-interpretability - deep neural-networks

1 Introduction

Over the past few decades, research into game-playing programs for abstract
strategy board games has first-and-foremost concentrated on developing new
techniques and algorithms for improving gameplay. That work has resulted in
super-human strength game-playing agents [9] for disparate games such as chess,
checkers, Othello, Go, and many more. At the same time, other important as-
pects of intelligent systems have been mainly neglected, such as how to explain
the rationality for one’s actions in human-understandable terms. Moreover, re-
cent advancements in the field where game-playing agents use deep neural net-
works (DNNs) to evaluate board positions and action selection in the think-ahead
process make the decision-making process even more non-transparent.

The above-mentioned lack of transparency is not specific to game-playing
agents. As computer-generated models in disparate fields such as healthcare and
banking have become increasingly ubiquitous, the need for humans to understand
their decisions becomes increasingly crucial for establishing trustworthiness. This
has spurred research interest in model interpretability, that is, the development
of approaches to make it less complicated for humans to understand the cause
of models’ decisions in terms of their inputs. Several such approaches now exist,
for example, in the field of image recognition, which has hitherto been at the
forefront of both deep neural network and model-interpretability research. In
particular, saliency maps [10] have become a popular way of visualizing which
regions of an image are primarily responsible for a given classification decision.

In this work, we evaluate the applicability and effectiveness of several saliency-
map-based methods for improving the interpretability of a neural network trained
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to evaluate game positions of a board game, using the game Breakthrough as our
testbed. The paper’s primary contributions are: (i) We evaluate several popu-
lar saliency-map-based methods within recently established paradigms and tax-
onomies for black-box interpretability methods; and (ii) show how they can be
applied to interpret a deep neural network model for an abstract board-game —
a domain they are not mainly intended for; and, finally; (iii) assiduously evaluate
and rank the methods by their effectiveness in our domain. Furthermore, this
works adds to the recently emerging literature on explaining models and actions
learned by game-playing agents [6, 4].

The paper is organized as follows. Section 2 introduces the terminology and
preliminaries. Section 3 explains the game-playing agent, model, and evaluation
methods used. In Section 4, which constitutes the main body of the work, we
introduce and analyze the finding of the empirical evaluations of the saliency-
maps methods. Finally, in Section 5, we conclude and discuss future work.

2 Background

We start with a high-level overview of the model-interpretability methods we
investigate, before explaining the rules of the game of Breakthrough.

2.1 Model Interpretability

The taxonomy of explanation methods of black-box models categorizes them as
either global or local and model-specific or model-agnostic. Global methods create
explanations valid across all input instances, while local methods’ explanations
are specific to individual instances. Model-agnostic methods explain any black-
box models, while model-specific methods leverage the model’s architecture.

The most straightforward local method is occlusion, where the model’s out-
put sensitivity to leaving out (zeroing) arbitrary input parameters is investi-
gated [15]. Such an approach, where applicable, is appealing as it is both model-
agnostic and straightforward to implement.

A method that is local and model-specific but still requires no ad-hoc work
is to analyze the gradient of the output with respect to individual input pixels
[10]. Multiplying the input with the gradient is also often preferable because it
leverages the strength of the input. A further extension on the gradient method
is Integrated Gradients [12], which relies on a baseline and interprets the input
feature attribution as the integration of gradients on the straight-line path be-
tween the input and the baseline. GradientShap [5] is an extension of Integrated
Gradients that computes the expected gradient by sampling baseline values.

DeepLIFT [8] is a model-specific explanation method that does not rely on
the gradient. It overcomes the limitations of loss of information when the gra-
dient is zero because the signal might still be meaningful. It calculates the im-
portance in a backward fashion by distributing attributions, or blame, in terms
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Fig. 1. Breakthrough: Initial board position (left); Example position (right)

of difference-from-reference. For all neurons, a difference-from-reference is calcu-
lated by passing through the input sample and the reference. Finally, it calculates
the importance using predefined rules, such as the linear- or reveal cancel rule.!

LIME 7] is a local model-agnostic method, which uses an interpretable sur-
rogate model to explain the black-box model. A local model, such as a linear
model, is trained on a dataset derived from sampling noise around the input and
using the model evaluation as a target. In the case of a linear model, the weights
from the model serve as feature attributions.

The Shapley value [11] is a concept from cooperative game theory that can
be used to calculate feature attribution. There are multiple ways to approximate
the Shapley values [5], the one we use in this paper is Shapley Value Sampling.
It takes random permutations of the input and adds them one by one to the
baseline. This is repeated multiple times to approximate the Shapley values.

2.2 Breakthrough

The game Breakthrough is an abstract strategy board game, originally played
on a 7x7 board but later popularized to an 8x8 board. The game can be played
on different-sized (not necessarily squared) boards. In this work we use a smaller
variant of 5x6, mainly for the ease of demonstration.

The game is a two-player turn-taking game. The players are referred to as
White and Black, respectively. The board is initially set up by placing White’s
pieces along the first two rows and the Black pieces on the last two rows, as
shown in Fig. 1 (left). White goes first and then players alternate, with each
player moving one of their pieces per turn. A piece moves one square straight or
diagonally forward (relative to the player). A straight forward move is allowed
to an empty square only, but a diagonally forward moves may also capture an
opponent’s piece. For example, in Fig. 1 (right) the white pawn on d2 has two
moves, to d3 or e3, and the piece on d4 also has two moves, to ¢5 or eb, both

1 A baseline, or a reference, may be interpreted as a neutral state of a neural network,
and is important for defining counterfactual arguments [12]. When assigning an at-
tribution/blame to the input, it is done relative to the baseline. Most of the methods
we consider in this paper rely on a baseline defined as all-zeros.
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with a capture. The first player to get a piece across the board wins: White wins
by moving a piece onto the last row, and likewise, Black wins by moving a piece
onto the first row. If all pieces of a player are captured, that player loses. It
follows from the rules that one of the players always wins (there are no draws).

3 Methods

An Alpha-Zero-like agent for playing the game of Breakthrough was developed
for the paper.? The following subsection providing details, whereas the next
subsection gives an overview of our evaluation methodology.

3.1 The Model

We trained a AlphaZero-like model [9], (p,v) = fo(s) with parameters 6, where
p is the policy and v is the value function. The value is the output from a
tanh activation function, a scalar value between -1 and 1. And the policy is a
tensor with three channels, where each channel is the same size as the board
and encodes the three different move directions available for all the pieces, i.e.,
forward, and diagonally left, or -right.

The model consists of a body of 5 residual blocks with 56 filters, followed
by the policy and value heads. The input to the model is a tensor with three
channels, where each channel is the same size as the board. The first channel
encodes the board positions of the active player (the player to move), the second
channel encodes the positions of the opponent, and the third channel is a binary
encoding of the active player’s color. If it is white to move, then the third channel
is all ones. Otherwise, it is all zeros. In our case, we use a board with six rows
and five columns. The search is performed with the Monte Carlo tree search
algorithm like AlphaZero. The training procedure was via asynchronous self-
play, where each move played used 200 simulations.

We deviate from AlphaZero we only feed the model the current board posi-
tion. We do this mainly to make the model easier to explain, as an explanation
should not depend on previous board positions.

3.2 Evaluation Measures

The goal of this paper is to compare and evaluate model explanation methods
in the domain of game-playing. Our model is returning a value estimate, and
the goal is to explain the estimation. When evaluating the usefulness of the
explanations, we will consider if we can use the explanations to gain trust in the
trained model, if the explanation satisfies our human curiosity, and if we can
interpret some meaning from the model [1].

The evaluation approaches are split into three categories [3]: (i) Functionally-
grounded, where the explanation is evaluated without human, using a proxy as

2 We have no objective measure of the agent’s playing strength, but as anecdote, it
consistently wins all humans it plays, including an expert-level chess player.
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an indication of explainability; (ii) human-grounded, requiring a human with
non-expertise to evaluate a simple explanation and; (iii) application-grounded,
which requires a human-expert, evaluating an explanation for a real-world task.

At first, we will inspect the saliency map from a qualitative human-grounded
perspective. We will briefly debate if the saliency maps match our human objec-
tives by visualizing statistics from the saliency methods.

Quantitative evaluation will be in the form of functionally grounded experi-
ments. We will define three tasks where the performance will be used as a proxy
for explanation quality. First, we will assess if the saliency method assigns the
highest saliency to a critical piece, and conversely, if the lowest saliency is as-
signed to a non-critical piece. We will analyze this as an ablation study, where
we separately remove the least and most important piece and measure its impact
on the game’s outcome. The second proxy task is to analyze the saliency of the
piece that ultimately secures the win in a self-play game. The third task is to
find the smallest sufficient subset of pieces required to retain a winning position.
Then we iteratively remove non-important pieces according to an explainability
method. The explainability method that has the highest area under the curve
has the highest explainability quality.

4 Results

We ran several experiments, both for contrasting the effectiveness of different
model-interpretability methods and for gaining added insights into the domain-
dependent knowledge captured by the learned model.

4.1 Experimental Setup

The model is implemented in Pytorch and trained using asynchronous self-play
using two GeForce RTX 3090, AMD Ryzen 9 5950 with 64 GB of RAM, and
using RAY [14]. It was trained while playing a total of 630,000 self-play games.
The training used stochastic gradient descent with a batch size of 512 and a
decaying learning rate that was re-initialized every few thousand iterations.

LIME’s perturbation of the input was binary, i.e., the features were set either
to zero or one, allowing a more direct comparison with the occlusion method.

The saliency map methods in the paper used the implementations in the
model interpretability library Captum [13].

4.2 Saliency Methods: Qualitative Evaluation

In image classification, a saliency map is a two-dimensional image, representing
each pixel’s perceived importance for the model’s output. The analogy for a
board game would be an image of the board’s squares, representing the square’s
(or the piece on it) influence on the model’s evaluation of the current game state.

Model-agnostic methods typically rely on modifying the input somehow and
observing its effect on the model’s output. That way, each input feature’s at-
tribution (or importance) to the output can be determined. One of the most
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Occlusion

WHITE TO MOVE ACTIVE PLAYER

i.l.t

OPPONENT

A B C D E E

Fig. 2. The saliency map generated by Occlusion; the lighter a square is, the more
important the piece occupying the square is.

Shapley Value Sampling Lime
OPPONENT

WHITE TO MOVE ACTIVE PLAYER WHITE TO MOVE ACTIVE PLAYER OPPONENT

Fig. 3. Model-agnostic saliency methods: Shapley Value Sampling and Lime

straightforward of such ablation methods is that of occlusion, where in our do-
main we remove a piece from the board and observe the effect of the model’s
output. Fig. 2 shows the saliency map from such an experiment. 3 It shows
clearly that the attacking piece on d4 is White’s primary asset along with the
supporting piece on ¢3 (and the independently potential breakthrough piece on
a4). Unsurprisingly, for Black, the defending pieces on a6, a5, d6 and d5 play
the most crucial role. This assessment is in perfect consonance with human
(expert-level) assessment: the white pieces on d4 and ¢3, with White to move,
can collectively win the game on their own, while the piece on a4 is a valuable
long-term asset severely restricting the mobility of two of the black pieces, thus
potentially placing Black later in zugzwang, but a well-established expert-level
strategy in playing Breakthrough is to force such situations.

We ran the same type of experiment for two additional model-agnostic algo-
rithms, Shapley Value Sampling (SVS) and LIME, which also find attribution
by perturbing the model input parameters. However, they do it in a more refined
way, potentially detecting non-trivial input interactions (as described in Section
2). The two methods give almost identical results, depicted in Fig. 3, with the
result for the most part also consistent with the one from the occlusion method.
The only significant difference is that for Black, the defending player, the piece
on b4 gets much-added importance (without that defending piece, White will
have additional ways to win by immediately playing a piece to that square).

3 For ease of comparison, the maps are scaled to be in the range [0.0-1.0].
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Gradient x Input
WHITE TO MOVE ACTIVE PLAYER OPPONENT .o __WHITE TO MOVE

Integrated Gradient
ACTIVE PLAYER

OPPONENT

Deeplift
ACTIVE PLAYER

Gradient Shap '

WHITE TO MOVE ACTIVE PLAYER OPPONENT

OPPONENT

Fig. 4. Model-specific saliency methods.

We furthermore experimented with a few model-specific approaches as tak-
ing advantage of the model’s internals may (in theory) yield further benefits.
We looked at several methods that use the model’s gradient in different ways to
detect attribution, and one non-gradient-based, Deeplift. Fig. 4 shows the result-
ing saliency maps. Again, the more sophisticated methods, Integrated Gradient,
GradientShap, and Deeplift, all give intuitively plausible results, whereas the
straightforward gradient-based method is more indecisive.

4.3 Saliency Methods: Quantitative Evaluation

Qualitative evaluation as in the previous subsection, albeit able to provide valu-
able insights, is not sufficient for determining the relative effectiveness of the
different saliency map algorithms — a quantitative approach is needed for that.

We generated 10,000 game positions from self-play by stopping play randomly
10-30 moves (plies) into the game. We played two games from each position for
each saliency-based approach: one without intervention and one after removing
the most important piece for the player to move as judged by the respective
saliency method. The expectation is that the more reliable indicators of a most-
importance piece suffer more profound drop in proportion of games won.

Table 1 summarizes the results. We see the expected effect in all cases but
most profoundly for the Occlusion method followed closely by LIME, SVS and
DeepLift. This gives us added confidence that these saliency methods are detect-
ing the importance of the different pieces.

In an attempt to further discriminate the effectiveness of the different ap-
proaches in detecting valuable pieces, we looked at how important a pawn reach-
ing the opponent’s back rank was judged a few moves earlier. One can think of
that information as an indicator of how quickly a particular saliency method re-
alizes the importance of such "breakaway" pieces. Fig. 5 shows that information,
and apparently, LIME and SV S seem to put much-added importance on such
pieces, whereas Occlusion and Gradient do not.
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Table 1. The positions are placed into 9 bins based on their evaluation. The top-most
rows shows proportion of games won by the player to move, for each bin, and the
next rows show the same after removing the highest ranked piece. We also include the
average and standard deviation of all methods after removing the lowest ranked piece.

Method Importance Proportion of games won
Nothing deleted‘ - ‘ 0.09 0.26 0.36 0.44 0.51 0.55 0.64 0.74 0.90
Occlusion Highest 0.08 0.21 0.26 0.29 0.31 0.37 0.40 0.43 0.50
LIME Highest 0.04 0.18 0.26 0.29 0.34 0.39 0.45 0.47 0.51
SVS Highest 0.04 0.19 0.24 0.32 0.380.37 0.44 0.45 0.51
Gradient Highest 0.12 0.23 0.35 0.41 0.49 0.50 0.57 0.63 0.66
Integ. Gradients Highest 0.06 0.18 0.24 0.32 0.38 0.41 0.44 0.47 0.56
Gradient Shap Highest 0.05 0.15 0.27 0.31 0.36 0.41 0.45 0.49 0.57
Deeplift Highest 0.04 0.18 0.24 0.34 0.35 0.40 0.46 0.47 0.51
Average Lowest 0.10 0.27 0.37 0.44 0.50 0.56 0.62 0.75 0.91
Std Dev Lowest 0.01 0.03 0.05 0.06 0.06 0.05 0.04 0.02 0.00

Mean bin value (before deletion) -0.90 -0.68 -0.45 -0.22 0.00 0.22 0.45 0.67 0.90

It is also of interest to investigate how confidently the methods rank the
less important pieces. For that, we use the (functionally grounded) method of
smallest sufficient subsets [2|, which in our domain translates into the set of
pieces required to retain a winning position. To create a test-suite, we sampled
positions from random games according to the model’s value function to find
positions in the current player being only a slight favorite. Then we gradually
removed the pawns considered least important, one at a time, and recorded its
effect on the proportion of games won. Fig. 6 depicts the result. Essentially,
the later a curve drops, the more effective the respective saliency method is in
ranking pieces by importance. There are two clear winners, LIM E and SV S, and
two methods that do notably worse than the others, Occlusion and Gradient.

4.4 Explaining the Explanations

Finally, we were also interested in knowing common higher-level characteristics
of pieces judged valuable. One way to unveil such characteristics is to build a sur-

T i

Occlusion Gradient x Input  Integrated Gradients  Gradient Shap Deeplift LIME Shapley Value Sampling

Fig. 5. Distribution of saliency values of a piece 4-ply prior to the winning move.
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Method Importance Proportion of games won
Nothing deleted ‘ - ‘ 0.09 0.26 0.36 0.44 0.51 0.55 0.64 0.74 0.90
Occlusion Highest 0.08 0.21 0.26 0.29 0.31 0.37 0.40 0.43 0.50
LIME Highest 0.04 0.18 0.26 0.29 0.34 0.39 0.45 0.47 0.51
SVS Highest 0.04 0.19 0.24 0.32 0.38 0.37 0.44 0.45 0.51
Gradient Highest 0.12 0.23 0.35 0.41 0.49 0.50 0.57 0.63 0.66

Integ. Gradients Highest 0.06 0.18 0.24 0.32 0.38 0.41 0.44 0.47 0.56
Gradient Shap Highest 0.05 0.15 0.27 0.31 0.36 0.41 0.45 0.49 0.57

Deeplift Highest 0.04 0.18 0.24 0.34 0.35 0.40 0.46 0.47 0.51
Occlusion Lowest 0.08 0.26 0.31 0.38 0.46 0.50 0.60 0.73 0.91
LIME Lowest 0.11 0.28 0.42 0.47 0.55 0.61 0.64 0.77 0.91

SVS Lowest 0.09 0.30 0.44 0.52 0.58 0.62 0.67 0.78 0.90
Gradient Lowest 0.10 0.27 0.40 0.48 0.52 0.58 0.63 0.73 0.91
Integrated Gradient Lowest 0.11 0.22 0.32 0.37 0.43 0.51 0.57 0.73 0.91
Gradient Shap Lowest 0.12 0.30 0.40 0.49 0.54 0.59 0.65 0.76 0.91
Deeplift Lowest 0.10 0.27 0.31 0.38 0.45 0.50 0.58 0.72 0.91

Mean bin value (before deletion) -0.90 -0.68 -0.45 -0.22 0.00 0.22 0.45 0.67 0.90

60 R~
~

50

—— Occlusion
Gradient x Input

35 — Integrated Gradients

—— Gradient Shap

304 — Deeplift

— LIME

25 Shapley Value Sampling

9% games won

10 20 30 40 50 60 70 80 90
% removal

Fig. 6. Effect of gradually removing the least-important pieces.

rogate model from hand-made higher-level features and then train the surrogate
model to predict the saliency values.

We build such a surrogate model using a Light GBM regression tree. Fig. 7
shows the relative importance of higher-level features we defined for the model;
it clearly shows how important it is in Breakthrough to have advanced pieces,
but features such as a center-of-mass are also important.

5 Conclusion and Future Work

This paper evaluated several popular saliency-based model interpretability meth-
ods on a DNN based game-playing agent, demonstrating their usefulness for
identifying the most and least essential game pieces. The more sophisticated at-
tribution methods, like Shapley Value Sampling and LIME, performed overall
the best. One of the strengths of those methods is that they can capture non-
trivial interactions between the inputs, which seems well suited to identify vari-
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Occlusion Integrated Gradients Shapley Value Sampling

Row Row +3.59 Row

Is Furthest Player COM Player COM

Player COM Piece Imbalance Is Furthest

Piece Imbalance Is Furthest Piece Imbalance

Opponent COM Opponent COM Opponent COM

# Potential Captures Has Support # Potential Captures ||+

Has Support Giving Support Has Support

Giving Support # Potential Captures || +0.1

0.0 0.2 0.4 0.6 0.8 0 1 2 3 0.0 05 1.0 15
mean(|SHAP value) mean(|SHAP value|) mean(|SHAP value|)

Fig. 7. The average Shapley Values of each of the inputs to the interpretable surrogate
model. Here COM stands for center of mass. Has- and Giving Support indicate if the
piece is supporting or giving support diagonally to a piece of the same color. # Potential
Captures indicates is the number of available capture moves for the current player.

ous in-game piece dynamics. Moreover, those methods are both model-agnostic,
making them well-suited for a wide range of models.

As future work, we plan to evaluate the methods’ applicability in other games
to better establish their usefulness in the domain of abstract board games. Also,
we only scratched the surface of looking at higher-level domain concepts (beyond
piece importance), and further research in that direction holds promise.
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Abstract

In recent years, the state-of-the-art agents for play-
ing abstract board games, like chess and others,
have moved from using intricate hand-crafted mod-
els for evaluating the merits of individual game
states toward using neural networks (NNs). This
development has eased the encapsulation of the rel-
evant domain-specific knowledge and resulted in
much-improved playing strength. However, this
has come at the cost of making the resulting mod-
els ill-interpretable and challenging to understand
and use for enhancing human knowledge. Using a
world-class superhuman-strength chess-playing en-
gine as our testbed, we show how recent model
probing interpretability techniques can shed light
on concepts learned by the engine’s NN. Further-
more, to gain additional insight, we contrast the
game-state evaluations of the NN to that of its coun-
terpart hand-crafted evaluation model and identify
and explain some of the main differences.

1 Introduction

Game-playing agents for abstract board games, like chess
and checkers (and others), almost universally employ both
a search and an evaluation components for coming up with
their move decisions. The former encapsulates the think-
ing ahead process, exploring various possible continuations
of play, whereas the latter determines the merit of individ-
ual game states explored during the search. Traditionally, the
evaluation component is a carefully hand-crafted (possibly
automatically tuned) function modeling the domain-specific
aspects of the game, e.g., for chess, concepts like material,
development, king safety, and soundness of pawn structures.
The evaluation function approximates and maps those dis-
parate concepts into a single numerical value indicating how
desirable a given position is from the perspective of the side
having the move (e.g., the expected game outcome given cor-
rect play by both sides).

One of the most laborious tasks when making state-of-the-
art game-playing agents is developing and carefully tuning
such an evaluation function. However, recent successes using
evaluation functions based on (deep) neural network models
(DNNs), which are learned automatically, have eased this task
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considerably and, more impressively, improved gameplay
considerably. The most notable examples of this approach are
the superhuman agents Alpha-Zero [Silver et al., 2018] (for
chess, Shogi, and Go), Leela Chess Zero [LeelaChessZero,
2022] (chess) and Stockfish [Stockfish, 2022c] (chess). How-
ever, such an approach comes at a cost: the learned evaluation
function is not easily interpretable. For example, the agent
might prefer the position for one side, however, it might be
unclear for a human observer, even an expert-level one, why
that is the case. Moreover, the agent has no trivial ways of
explaining its preference in human terms.

For a model to be interpretable, humans should readily un-
derstand the reasoning behind its decisions. NNs are noto-
riously difficult for humans to interpret and are often treated
as black boxes, that is, concealed functions with inputs and
outputs. Such a treatment is generally not desirable because
we humans may need to understand the knowledge encoded
into such models, e.g., to learn and build trust.

In this work, we try to understand better the knowledge
encoded in NN used by super-human strength game-playing
agents, using chess as our test-bed. More specifically, we use
state-of-the-art interpretability techniques for probing and in-
terpreting the NN model used by Stockfish, (arguably) the
strongest chess-playing engine in existence. Our objectives
are to identify in human understandable terms what chess
concepts the networks learned and what importance it places
on each of them. Furthermore, we examine how the NN’s
position evaluation differs from its hand-crafted counterparts,
thus identifying (at least partially) influential chess concepts
accountable for improved playing strength. The paper’s pri-
mary contributions are: (i) we show how state-of-the-art in-
terpretability methods can gain insights into high-level con-
cepts learned by a world-class game-playing agent, and (ii)
we use the gained insights to pinpoint the relative strengths
and weaknesses of neural-network and handcrafted models.
For example, we show the network’s capability to statically
detect certain threats. Finally, this work adds to the emerg-
ing literature on explaining models learned by game-playing
agents (e.g., [Puri et al., 2020; Pélsson and Bjoérnsson, 2021;
McGrath et al., 2021; McGrath et al., 2022]).

The paper’s organization is as follows. The next section
introduces the terminology and background, followed by our
methods and empirical result sections, respectively, and fi-
nally, we conclude and discuss future work.



2 Background

This section provides a brief background of model inter-
pretability and how such methods have hitherto been used to
interpret game-playing agents’ actions. It furthermore intro-
duces Stockfish, our test-bed game-playing agent.

2.1 Interpretability

Interpretability of neural networks has received much-added
attention in recent years due to the popularity of DNNs and
the increasing use of ML in serious situations (see e.g. [Bo-
dria et al., 2021; Mi et al., 2020] for a survey). Interpretability
of (black-box) models may be broadly categorized as either
global or local and model-specific or model-agnostic. Global
methods create interpretations valid across all input instances,
whereas local methods’ focus is on interpreting individual
instances. Model-agnostic methods explain any black-box
models, while model-specific methods leverage the model’s
architecture (thus, in reality, not treating the model as an ab-
solute black-box). Our focus will mostly be on global meth-
ods, both model-specific and model-agnostic.

Most prior work on local methods for interpreting models
use feature-based explanations, which alter the input features
(e.g., occlude or perturb them) [Lundberg and Lee, 2017,
Ribeiro et al., 2016]. Such approaches are especially help-
ful in image-based domains and can reveal how different re-
gions in an image contribute to the network’s classification.
Similar approaches have been used to explain chess posi-
tions [Puri et al., 2020]. However, the methods are not eas-
ily applicable to intricate concepts. Thus, to overcome this
shortcoming, more recent explanation techniques, referred to
as concept-based, use high-level human concepts as inter-
pretable units [Alain and Bengio, 2017; Kim et al., 2018;
McGrath et al., 2021].

A popular concept-based model-specific interpretability
methodology for "peeking” into DNNs is probing [Alain and
Bengio, 2017]. Based on the intuition that deep neural net-
works are primarily about distilling computationally useful
representations, one can monitor the output of different layers
within the network for how well they represent various (high-
level) concepts. One can measure how much information a
layer carries for a given concept by training classifiers or re-
gression models (on a dataset separate from the one used for
training the network) to predict a given concept from a layer’s
activations; these models are called probes. The higher the
prediction accuracy of the probe, the more information that
layer carries for representing the concept.

2.2 Interpretability and Games

Research into intelligent game-playing agents has mainly fo-
cused on new algorithms and learning techniques for im-
proved playing strength, with little attention to their capabil-
ity for explaining the reasoning behind their actions.

Early work on intelligent chess-tutoring systems is
scant and somewhat preliminary [HaCohen-Kerner, 1994;
HaCohen-Kerner, 1995; Guid et al., 2013; Sadikov et al.,
2006] and limited follow-up work. More recent work has
instead focused on the interpretability of models, particu-
larly neural networks, e.g., using saliency maps [Palsson and

Bjornsson, 2021; Puri et al., 2020] or concept probing [Mc-
Grath er al., 2022; Lovering ef al., 2022].

The concept-probing work reported in [McGrath ef al.,
2021; McGrath et al., 2022], which attempts to explain the
concepts learned by AlphaZero’s neural network, is partic-
ularly relevant. As a proxy for human-understandable con-
cepts, it uses, among others, the Stockfish’s classical con-
cepts. Using concept probing, they show that many human-
understandable concepts get represented by the network, and
since it is trained using self-play, the order of the discovery
of these concepts is particularly interesting. They demon-
strate that material concepts are represented well early in the
training process, while more complex and subtle ones emerge
later. Also, treating AlphaZero as a black-box, they show how
concepts such as piece values and Stockfish’s classical con-
cepts relate to the output. By training a linear surrogate model
predicting AlphaZero’s output from a set of concepts, they
show the relative importance of the concepts to one another.

Online sites for playing and looking at chess games do
many provide the option to have computers analyze one’s
games; however, this is first and foremost in the form of a
computer engine analysis simply pinpointing mistakes based
on the engine’s numerical evaluation. One notable exception
to this is DecodeChess [Decodea, 2022], which explains us-
ing human-understandable chess concepts; however, the level
of the explanations is still somewhat rudimentary. Moreover,
the techniques used are proprietary and not published.

2.3 The Stockfish Game-Playing Agent

Stockfish [Stockfish, 2022¢] is a free and open-source chess
engine written in C++ and is available for various comput-
ing platforms. Today’s top chess-playing engines all play
at a super-human strength, and, historically, Stockfish has
been the most victorious, with the most recent version leading
most independent rating lists. In contrast to earlier versions,
which use a hand-crafted evaluation function, the more re-
cent versions of the engine can employ either a NN or a hand-
crafted evaluation. Using the NN significantly improves play-
ing strength even though it slows down the thinking-a-head
search slightly. Stockfish, being open-source, state-of-the-art,
and allowing both model-types of evaluation, is thus an ideal
candidate to use for exploring interpretability and contrasting
hand-crafted and NN based evaluations.

3 Methods

Here, we first describe Stockfish’s evaluation models, both
the classical and the neural network. Then, we detail the in-
terpretability methods used and how we applied them.

3.1 Classical Model

The classical evaluation function uses carefully hand-crafted
higher-level concepts (also called features) that are linearly
combined to form an evaluation, i.e.:

N
fclassical(s) = sz X Ci(S) (1)
=1
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Concept Type Weight
Material material 1.0
Winnable material/positional 1.0
Passed-pawns positional 1.0
Imbalance material 1.0
Mobility positional 1.0
King-safety positional 1.0
Threats positional 1.0
Space positional 1.0
Pawns positional 1.0
Knights positional 1.0
Bishops positional 1.0
Rooks positional 1.0
Queens positional 1.0

HalfkAv2 HalfKAv2
side to move other side
perspective perspective
45056 45056

==

1032 1032

our

8| |1024]

=

8] [1024
their |

I (our - their)
12 /

@

2048

LayerStack

[Lmear ClippedReLU ]

8
]

~| Choice based on buckeﬂ

\-»Lmea;' ClippedRelLU

32

Table 1: The high-level concepts of the classical evaluation model of
Stockfish. They all compute using a centi-pawn (1/100 of a pawn’s
value) as its unit metric; however, the resulting values may be on a
different scale (i.e. Material may result in values in the thousands,
King-safety and Passed-pawns in the hundreds, and the others typi-
cally less. A positive value indicates an advantage for the player to
move and a negative one advantage for the other player. The scales
of the concept values are pre-tuned to avoid additional weighing —
thus, all weights are 1.0 in the linear combination.

where s is the game state, IV is the number of features, and ¢;
computes the value of concept i.!

As listed in Table 1, Stockfish’s classical evaluation func-
tion uses several higher-level concepts. These concepts are
computed for each game position and linearly combined
to form the final evaluation (from the player’s perspective
having the move). The Material, Imbalance, and (in part)
Winnable concepts are material based. Material accumulates
the value of the pieces based on their type and location, Im-
balance gives a bonus for specific piece configurations (most
notably the bishop pair), and Winnable scales down the score
for specific endgames that are known to be difficult to win
(e.g., queen vs. rook and opposite color bishop endings). The
remaining concepts are positional. The Pawns, Knights, Bish-
ops, Rooks, and Queens features give bonuses to the respec-
tive piece types based on how good or bad a piece is in a
given position. For example, the minor pieces (knights and
bishops) get a bonus if on a good central outpost, and the ma-
jor pieces (rooks and queens) get a bonus if on an open or a
semi-open file. Pawns are penalized for weaknesses such as
being isolated or doubled, which can be a serious weakness,
especially in the endgame where pawns typically play a key
role because of their ability to promote. The Passed-pawns
concept aims at capturing the potential for pawns to promote
in the endgame. The Mobility and Space concepts estimate
in different ways how easily one can maneuver own forces on
the board. The former uses the number of safe squares a piece
can move to as an approximation of its mobility, whereas the

"More specifically, Stockfish uses a so-called phased-evaluation
where it computes the value of each feature differently for the
middle- and end-game, and then linearly weights the two evaluation
based on the approximated game-phase (determined from the mate-
rial on the board). For our intended purposes, this detail is unimpor-
tant and f; represents the resulting phase-weighted value.
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Figure 1: Stockfish® NNUE architecture [Stockfish, 2022b]. It pro-
cesses the values depending on the game phase (8 buckets, depend-
ing on the number of pieces), i.e., it learns different PSQT values
and uses a different layer stack (sub-network) for each bucket.

latter estimates how much space (many squares) in the center
is secure for our pieces. The Threats feature estimates po-
tential threats in the position (e.g., attacks on the opponent’s
weak squares). King-safety explicitly handles threats against
the king, which may be critical.

3.2 Stockfish’ Neural Network

Stockfish (since version 12) uses a neural network called
NNUE [Nasu, 2018] (EUNN Efficiently Updatable Neural
Network) for evaluating game states. The network archi-
tecture was invented for the game Shogi but later ported to
chess/Stockfish, immediately resulting in an 80 ELO point
increase in playing strength (and more since then) [Stockfish,
2022a; Stockfish, 2022b].

The NNUE architecture uses a (shallow) design with linear
and clipped ReLU layers, as depicted in Figure 1. Notable de-
sign choices are routing the inference through different layer
stacks, or sub-networks, depending on the phase (number of
pieces) of the game. Another interesting design choice is to
feed piece-square-table-values (PSQT) directly to the output
after a single linear layer.

3.3 Global Explanations

NNUE is a black-box in the context of explainability re-
search. Although it is shallow, it is non-linear and does not
fall in the category of interpretable models such as tree/rule-
based or linear models. The interpretable models either learn
more structured representations or enable tracing of causal re-
lationships [Schwalbe and Finzel, 2021]. A general approach
uses an interpretable model as a surrogate model to explain
the black-box model’s overall logic. This approach is also
valid for explaining the local behavior, as done in the local



Concept Description

*_bishop_pair
*_knight_pair
*_double_pawn
*_isolated_pawns
*_connected_rooks
*_has_control_of_open_file
has_contested_open_file

True if * has a bishop pair

True if * has a knight pair

True if * has a bishop pair

True if * has isolated pawns

True if * has connected rooks

True if * has control of open file
True if there is a contested open file

#_queens The difference in number of queens
#_pawns The difference in number of pawns
#_rooks The difference in number of rooks
#_knights The difference in number of knights
#_bishops The difference in number of bishops

Table 2: The custom concepts (* stands for white or black)

surrogate approach LIME [Ribeiro et al., 2016]. The surro-
gate model is supposed to mimic the decisions of the black-
box model but transparently and should be judged on its fi-
delity [Bodria et al., 2021], i.e. how well the surrogate model
explains the black-box model.

We use a linear surrogate model mainly because it is in-
trinsic in the design of the classical concepts that their sum
equals the classical evaluation. The linear model used mini-
mizes the residual sum of squares (Ordinary Least Squares).
However, it is non-trivial to choose the appropriate loss, e.g.,
[McGrath et al., 2021] chose to minimize the L; instead of
the Lo loss, because they found the Ly loss to systematically
underestimate the piece weights. We tried both loss functions,
and although the latter resulted in slightly lower piece values,
they were both in proximity to the literature, and the dynamic
between both evaluation methods remained the same.

To evaluate the importance of the concepts in Stockfish’s
two evaluation models we estimate the Shapley value of each
concept. Shapley value evaluates the contribution of each
concept over all possible combinations of concepts [Lipovet-
sky and Conklin, 2001]. In this research we use Shapley value
sampling [Castro et al., 2009] to evaluate the Shapley values.
The metric for contribution is measured in 72 accuracy.

3.4 Concept Probing

Concept probing aims to determine the emergence of human
concepts in deep learning models [Alain and Bengio, 2017].
It is a global method used to shed light on how well the con-
cept is represented in the network’s activation, z, but not to
explain individual samples. If we suspect that the concept in-
formation is linearly separable from negative samples (where
the concept is not present), we can train models such as

(2 = w};zl +bji

(zl) = a(ijlzl +bj1)

g (continuous concepts)

;
i
J
91

(binary concepts)
Then, the accuracy of glj (2') on the held-out test set will
indicate how much information the activations at layer [ carry
regarding the concept j. In [McGrath et al., 2021] they men-
tion the challenge of choosing the correct architecture for

concept probing. For such a small network as Stockfish,
new challenges arise where the information is so compressed

that it is hard to linearly separate the concept from nega-
tive (random) samples. Furthermore, we use the high-level
concepts defined in the Stockfish hand-crafted evaluation as
our explaining vocabulary, as well as some lower-level binary
concepts such as whether pawns are doubled or isolated and
rooks are connected or not.

4 Results

In the following subsections, we describe the results gath-
ered. The goal is to understand better the performance in-
crease gained by introducing Stockfish’s NNUE evaluation
function. We begin by describing the experimental setup, and
then in the second subsection, we use model agnostic meth-
ods to explain Stockfish’s NNUE evaluation without analyz-
ing the model’s internals. In the third subsection, we analyze
the internal representation of the model. Here we aim to de-
termine how well Stockfish’s NNUE model represents given
human-understandable concepts. The fourth and final sub-
section highlights some of the main differences between the
classical and NNUE evaluations.

4.1 Experimental Setup

We use version 14.1 of Stockfish, which was the latest release
at the time of the research.

Our experiments need an external dataset to generate the
concept probes. For that we use a dataset generated by Leela
Chess Zero that is listed as a quality dataset (training_data at
[Stockfish, 2022d]), from which we randomly sampled 100k
positions. Henceforth, we defer to this dataset simply as D.
For each position s in D, we compute all relevant concepts
(c;(s)) and Stockfish’s static evaluations by both the classical
and NNUE models, feiassicai($) and fynue(s). The result-
ing data is used in our experiments to generate the concept-
based regression surrogate models.

In our concept probing experiments, we use ridge regres-
sion, a linear model that minimizes the squared error with L2
regularization. For each probe, we perform a hyperparameter
search over alpha values (the L2 term multiplier) of [0.01, 0.1,
0.5, 1, 5, 10, 50, 100, 500, 1000]. The error bars of Figures 6
and 7 show the standard error of the mean of cross-validation
results over five splits.

4.2 Model-Agnostic Interpretation

The results we present here treat the NNUE model as a black
box, interpreting its output in terms of its inputs only.

One of the first thing newcomers to chess learn, besides the
rules, is the value of the pieces, presented relative to a pawn’s
value. Assuming a pawn value of one, the chess literature
most commonly gives a knight and a bishop a value of three,
the rook the value of five, and the queen the value of nine. Of
course, many positional factors also determine how effective
the pieces are in different situations, but this assignment is a
good rule of thumb for the pieces’ intrinsic value.

Figure 2 shows how Stockfish’s models value the pieces,
normalized such that a pawn’s value is one. Both models are
mostly in agreement with the chess literature values; how-
ever, seemingly, the classical model values its minor and ma-
jor pieces (especially the queen) slightly more, whereas the
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NNUE Classical ratio
Material 0.412 0.573 0.719
Winnable 0.187 0.147 1.269
Passed pawns 0.055 0.045 1.234
Imbalance 0.040 0.076 0.524
Mobility 0.023 0.035 0.642
King safety 0.019 0.086 0.226
Threats 0.004 0.012 0.365
Rooks 0.003 0.009 0.385
Bishops 0.002 0.003 0.508
Space 0.002 0.008 0.244
Pawns 0.001 0.004 0.337
Knights 0.001 0.001 0.466
Queens 0.000 0.001 0.318

Table 3: Shapley values estimated using Shapley value sampling
with a linear model. Ratio is calculated as the value of NNUE di-
vided by the value of Classical.

NNUE model values them slightly less. In Figure 3, shows
how the models evaluate the relative piece values during dif-
ferent game phases. The overall trend for both models is that
as the game progresses, the relative difference between the
pawns and the other pieces decreases. This may be explained
by the pawns becoming more awake in the endgame, where
being even a single pawn up is often a decisive advantage.

As chess players progress in strength, they start to take nu-
merous other non-material-based concepts into account when
evaluating the merits of chess positions, for example, in line
with the higher-level hand-crafted concepts used in the clas-
sical model. It is thus interesting to look at how well those
concepts explain the NNUE model evaluations. The graph
in Figure 4 shows the result of a concept regression using
the classical high-level concepts to explain the output of the
NNUE model. First, we notice a relatively low fidelity, as
witnessed by the fact that a linear combination of the classical
concepts explains less than 50% of the variation of the NNUE
model (i.e., 72-score), indicating considerable disagreement
between the two models. We also see, when inspecting the

EmE NNUE evaluation
B Classical evaluation
Emm Literature evaluation

Piece Value (pawns)

# Rooks # Pawns

# Queens

# Bishops
Piece

# Knights

Figure 2: Piece values using Concept Regression. Each feature cor-
responds to #_* features in Table 2, i.e. its value is the difference in
number of each piece type on the board.
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Figure 3: Comparison between the piece values depending on the
phase of the game. The bucket number indicates which layer stack
will be used; the number of pieces on the board determines the
bucket number, which is calculated by (piece_count — 1) /4.

weights of the linear surrogate model, that they disagree the
most about the relative importance of the Winnable, Space,
and King-Safety concepts, with the NNUE model placing less
weight on those concepts than the classical one. However,
this does not tell us about these concepts’ absolute impor-
tance in the final evaluation.

Table 3 gives us a better grasp of the absolute impor-
tance using Shapley values, which we evaluated using Shap-
ley value sampling. Both models see Material as the most
critical concept, followed by Winnable and Passed Pawns
(both of them being more critical for NNUE than the clas-
sical evaluation). Of the concepts we looked at, taking into
account their overall importance, it seems as King-Safety —
the way the classical model computes it — is not too useful
for the NNUE model. Supposedly, the model has found a
more meaningful way of evaluating king safety.

To assess the contribution of the low-level concepts in Ta-
ble 2, we create a concept vector ¢(zp) using all concepts in
the table except material and imbalance. We are assessing
the contribution using a linear model, thus we exclude those
concepts to avoid interactions between features representing
the same thing. E.g., the feature imbalance awards a bishop
pair versus having a bishop and a knight. Instead of using the
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Figure 4: This figure shows the weights of two linear surrogate mod-
els used to explain the Classical and NNUE evaluations, respec-
tively. The fitted models give a 72-score of 0.999 for the classical
evaluation and 0.497 for the NNUE evaluation, respectively.

concept material we use the piece concepts used in previ-
ous experiments to describe the difference in the number of
pieces. Figure 5 shows the result, where it becomes appar-
ent that the NNUE favors, other things being equal, concepts
such as the bishop pair, having control of an open file, dou-
bling the opponent’s pawns, and connected rooks.

4.3 Model-Specific Interpretation

In this subsection, we will dissect the model to understand its
reasoning better. We use concept probing to identify if and
how well the model represents those human-understandable
concepts. We probe the model in two places, i) after pre-
processing (i.e. the input, in the HalfKAv2_hm format) and
ii) after the first hidden layer. Comparing the two helps distin-
guish attribution between the model learning and the expres-
sive input representation. Here, we do not look deeper into
the model because the information becomes much more com-
pressed and is processed differently depending on the game
phase, i.e., only one of 8 layer stacks is used each time.

In Figure 6, we show concept probing results performed
on the input and after the first hidden layer. It is interesting
to see that all concepts increase in probing accuracy after the
first linear layer, meaning that the network is learning how
to represent those higher-level concepts. Also, the contrast
between the concepts winnable and space highlights an inter-
esting intuition; winnable is the second most important con-
cept (according to Table 3); the probing accuracy after the
first layer is more than four times higher than on the input.
In contrast, space is the least important concept and receives
almost no increase in probing accuracy.

The relevance of the concepts may change with the game

# Queens -

# Rooks A

# Knights

# Bishops A

# Pawns -

Mobility

Passed pawns -

Threats -

King safety A
black_double_pawn -
white_has_control_of_open_file 1
white_bishop_pair
black_knight_pair
black_isolated_pawns -
white_connected_rooks -
has_contested_open_file 4
black_connected_rooks -
white_isolated_pawns -
black_bishop_pair -
white_knight_pair
black_has_control_of_open_file 4
Space A
white_double_pawn -

-10 1 2 3 4 5 6
Concept weight

7 8 9

Figure 5: Surrogate model predicting NNUE’s evaluation weights.
We exclude material and imbalance to avoid concept interaction. It
is advantageous to have a bishop pair, to have control of an open file
and connected rooks, and disadvantageous to have doubled pawns.

phase (e.g., an isolated pawn is more of a weakness in the
endgame). Figure 7 shows the concept probing accuracy for
each of the 8 phases (or buckets, with bucket 0 having the
fewest pieces). Here we see that i) the concepts winnable and
passed pawns become more relevant for the model as fewer
pieces are left on the board, ii) the concept material is al-
ways well represented by the model, and iii) king safety and
threats generally have a low agreement with the model but,
proportionately, are better represented earlier in the game and
increase again during the end-game in bucket 1.

4.4 Classical vs NNUE Evaluation

Finally, we conducted a qualitative analysis to gain even fur-
ther insights into the differences in the evaluation of the two
models. We filtered the dataset D for game positions where
the two models were on the opposite view of which side had a
clear advantage. Manual inspection unveiled some common
motives as demonstrated in Figure 8. The overarching theme
resulting from this inspection seems to be that the NNUE
model better evaluates various types of threats (which may
take several moves to materialize), like forks, mating-attacks,
and the potential for promoting pawns.

The king-safety feature is one such example and of partic-
ular interest. Although intricate in the classical model, con-
sidering weak squares, pawn shelter around the king, and the
attacking potentials of the opponent’s pieces, it nonetheless
poorly agrees with the learned model. A more in-depth qual-
itative inspection showed the classical model often overes-
timating the dangers of being able to immediately attack the
opponent’s king with a Rook or a Queen, for example, as seen
in the bottom diagrams in Figure 8, whereas the NNUE model
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Figure 6: Concept probing results on i) the input features and ii)
after the first hidden layer, using the official NNUE weights.
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Figure 7: This figure shows concept probing results on subsets con-
taining only a single bucket using ridge regression, evaluated at the
first hidden layer of the model, using the official NNUE weights.
The bucket number indicates which layer stack will be used; the
number of pieces on the board determines the bucket number, which
is calculated by (piece_count — 1) /4.

is more realistic about the attacking prospects.

5 Conclusions and Future Work

There are several valuable takeaways from this work.

First, both model-agnostic and model-specific explainabil-
ity techniques seem to, for the most part, do a reasonable
job of interpreting and explaining the knowledge acquired
by the game agent’s deep neural network, each with its pros
and cons. However, given the unique architecture of the
NNUE network, some care is needed in applying especially
the model-specific techniques.

Second, we highlighted crucial similarities and differences
in the evaluation of Stockfish’s hand-crafted and NNUE mod-
els. In contrast to the hand-crafted model, the NNUE model
puts less weight on material and emphasizes more dynamic
concepts like passed pawns. Also of interest is the low agree-
ment with some high-level concepts investigated. In par-
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Figure 8: (Upper Left) The NNUE statically detects the fork Nf6
favouring White unlike the classical model; (Upper Right) Black (to
move) wins because promoting with a check, seen (statically) by the
NNUE but not the classical model. (Bottom) The classical model
judges king safety the most critical feature favoring the attacking
player (Black and White, respectively); the NNUE is unimpressed
with the attacks and correctly (slightly) prefers the defending player.

ticular, the NNUE network clearly understands the idea of
king-safety; otherwise, it would not correctly evaluate its (or
the opponent’s) attacking potential. However, the king-safety
concept manually defined in the hand-crafted evaluation func-
tion does not have a clear correspondence in the NNUE net-
work; instead, the NNUE model seemingly has found an al-
ternative and more effective way of evaluating king safety.
Finally, it was impressive to see how the NNUE can stati-
cally detect threats such as forks, promotions, and attacking
potentials, allowing it to see threats right away that would
require a look-ahead search in the classical version of Stock-
fish. Tt is worth noting that [McGrath et al., 2021] identified
similar tactical abilities in the deep neural network learned
by AlphaZero; however, they attributed that to the network
simultaneously learning a value function and a (look-a-head)
policy. We show such tactics are learnable without simulta-
neous policy learning.

As for future work, more intricate higher-level concepts are
called for to understand further the evaluation differences be-
tween the two models, classical and NNUE, for example, for
king-safety, as our result indicates. Although we chose to fo-
cus on chess only for this work, the concept probing methods
we use are game independent and thus applicable to a wide
array of games/problems. This generality is one of the ap-
peals of the proposed approach. Thus, using these techniques
to analyze, for example, a deep neural network agent learned
by a general-game-playing agent would be of interest, possi-
bly identifying some generic cross-game concepts.
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Empirical Evaluation of Concept Probing for
Game-Playing Agents

Adalsteinn Palsson and Yngvi Bjornsson

Department of Computer Science, Reykjavik University

Abstract. Concept probing is one prominent methodology for in-
terpreting and analyzing (deep) neural network models. It has, for
example, formed the backbone of several recent works to understand
better the high-level knowledge learned and employed by game-
playing agents, particularly in chess. However, some recent theoret-
ical and empirical studies have questioned the methodology’s reli-
ability and highlighted some limitations. Here, in the game-playing
domain of chess, we investigate the effectiveness of several different
probing architectures and look into the reliability of methods for in-
terpreting their results. We use a world-class chess-playing agent as
our test domain, which allows us, via self-play, to quantify the impor-
tance of the concepts identified in the agent’s neural network by the
concept probes. Our results demonstrate that the widespread practice
of using linear probes and interpreting their accuracy to indicate con-
cept importance is somewhat unreliable and needs to be revised. We
demonstrate several ways of doing that in our domain, particularly
by using more complex probes and amnesic-like probing.

1 Introduction

Artificial intelligence systems employing machine-learning models
are increasingly deployed in real-life settings, partly because of the
recent successes of deep-learning neural-network-based approaches.
Unfortunately, one drawback of that approach is the black-box nature
of the neural networks and the need for more interpretability and ex-
plainability of the decisions they make. Explainable Al (XAI) seeks
to rectify this, offering several methodologies to help improve the
models’ interpretability.

Concept probing is one prominent methodology for interpreting
and analyzing (deep) neural network models [2]. Given a neural net-
work trained on some task, concept probing aims to gain insights into
the extent to which the network’s internal layers have learned to rep-
resent various (high-level) concepts. This is done by training a sepa-
rate classifier/regression model predicting a concept of interest using
a layer’s activations as input. If the resulting classifier performs well,
the presumption is that the layer has learned to represent the given
concept. This methodology has gained momentum and is now widely
used to gain insights into neural network models in diverse domains
such as natural language processing [5], image recognition [9], and
game-playing [18]. However, some recent theoretical and empirical
studies have cast doubt on how reliable this methodology is and high-
lighted some limitations [3, 6, 26].

Here, we investigate the effectiveness and reliability of concept
probing in game playing using a world-class chess agent as our
testbed, comparing different probing architectures and interpretation
methods. The reasons for choosing this domain are threefold: first,
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there have been several recent high-profile works in XAI in game
playing [18, 14, 21]; second, to address concerns raised in that work
as to how reliable the probing results are; and three, because the
domain allows us to quantify (via self-play) the importance of the
identified concepts for the agent’s playing strength (we contrast that
information to the concepts’ importance as judged by the probes).

The primary contributions of the work for our domain are: i) We
empirically demonstrate that the widespread practice of using linear
probes and interpreting their accuracy to indicate concept importance
could be more reliable and should be revisited; ii) We propose ways
of doing that, including by using more complex probes and amnesic-
like probing techniques, where applicable; iii) We offer additional
insights into the pitfalls and best practices of concept probing, in-
cluding concrete and relevant examples of potential failures.

The remainder of the paper is organized as follows. The next sec-
tion introduces the terminology and background, followed by our
methods and empirical result sections, respectively. Finally, we con-
clude and discuss future work.

2 Background

This section gives a brief background of model interpretability, gen-
erally and in games, and discusses some of the criticisms raised.

2.1 Interpretability

Interpretability of neural networks has received much-added atten-
tion in recent years due to the popularity of DNNs and the increas-
ing use of ML in real-life situations (see e.g. [4, 19] for a sur-
vey). Interpretability of (black-box) models may be broadly cat-
egorized as either global or local and model-specific or model-
agnostic. Global methods create interpretations valid across all input
instances, whereas local methods’ focus is on interpreting individ-
ual instances. Model-agnostic methods explain any black-box mod-
els, while model-specific methods leverage the model’s architecture
(thus, in reality, not treating the model as an absolute black-box).
Most prior work on local methods for interpreting models use
feature-based explanations, which alter the input features (e.g., oc-
clude or perturb them) [15, 27]. Such approaches are especially help-
ful in image-based domains and can reveal how different pixels or
regions in an image contribute to the network’s output classification.
Similar approaches have been used to explain chess positions [24].
However, the methods are not readily applicable to intricate con-
cepts. Furthermore, the feature-based methods are known to be un-
reliable [10] and susceptible to confirmation bias [9]. Thus, to over-
come this shortcoming, more recent explanation techniques, often



referred to as concept-based, use high-level human concepts as their
interpretable units.

2.2 Concept Probing

A recent concept-based model-specific interpretability methodology
for "peeking" into DNNs is probing [2]. Based on the intuition that
deep neural networks are primarily about distilling computationally
useful representations, one can monitor the output of different layers
within the network for how well they represent various (high-level)
concepts. By training classification or regression surrogate models
(on a dataset not used for training the network itself) — called probes
— to predict a given concept from a layer’s activations, one can mea-
sure how much information that layer carries regarding the given
concept. The higher the prediction accuracy of the probe, the more
information that layer carries for representing the concept.

When concept probing we train a model, or a probe, g to map
representations f;(z) at layer [ to concepts z. As a proxy for how
well f represents the concepts, one evaluates

per formance_metric(g(fi(x)), z) (1)

on unseen test data, and reports the results using a relevant perfor-
mance metric, such as accuracy, as we do in this paper. This means
that an accuracy value of 0.5 infers layer [ does not contain informa-
tion regarding concept z. In contrast, an accuracy value of one indi-
cates that concept z can be fully decoded from layer [ in model f.
The choice of probing architecture, g, will depend on the experiment
and whether the concept is binary or continuous. Researchers still de-
bate the specific choices of probing architecture: some advocate for
simpler linear probes, while others advocate for more complex ones,
such as neural networks. The detailed nuances related to the specific
choice of probing architecture will be discussed further in Section
2.3.

The model training and probing process requires two separate
datasets: the training dataset D; = {z*, 4"} used to train the model,
f, and a separate probing dataset D, = {fi(z"), 2}, used to train
the probe g. Where f;(z*) is the internal represetions in layer I for
sample «* and 2" is the concept’s value for the corresponding sam-
ple. The probe is usually trained on a balanced dataset for binary
concepts, meaning that the majority class is undersampled.

When designing the probing dataset D, a few things need to
be considered, including that the more complex probe architectures
(e.g., neural networks) typically call for larger training datasets than
the simpler ones (e.g., linear). Thus, we opt for an extensive train-
ing dataset D,, of one million positions to ensure that all the probing
architectures we compare have had sufficient training data.

2.3 Challenges Related to Concept Probing

What kind of probes are most useful for concept probing is still ac-
tively debated. While some researchers have advocated for simpler
probes [2, 7, 13, 16, 17], others have advocated for more complex
probes [5, 1, 23]. The debate is mainly focused on what kind of re-
sults we can safely interpret from the probes; for example, it can be
argued that too powerful of a probe could learn its own mappings
between the representations and the concept (not present in the orig-
inal model), and conversely, for too simple probes, a probe might not
accurately reveal complex (non-linear) representation that the model
has learned.

To gain further insight into the probed model, some additional ex-
periments have been proposed to identify to what extent the model

is learning a concept. For example, evaluating a lower- and upper
bound for the value has been proposed to put the probing accuracy’s
numerical value into perspective. A lower bound can be found by
probing an untrained network; this can help identify a few concerns,
for example, to help attribute to which extent the probing accuracy is
because of model learning [5] rather than other factors.

An upper bound can be seen as a way to show how well, theoreti-
cally, a mapping from the input to the concept could perform; this can
be achieved by training a dedicated model h(x) to predict the con-
cept z given the input, x. Although, in theory, this might seem like a
viable option, one drawback is that it is likely very resource-intensive
because the models required for such an experiment are likely larger
than needed for regular probing and are more data-intensive. After
all, they might require similar amount of data to the one used to train
the original model f.

If concept probing is a reliable tool for identifying the presence of
concepts, in theory, it should be able to guide the removal of informa-
tion from the network. However, the work in [11] demonstrated that
it fails to remove the concepts entirely and, in some cases, destroys
other task-relevant features because the probing classifier is likely to
use non-concept features to predict the presence of the concept.

Although concept probing only measures how well model repre-
sentations can be mapped to a concept, it is tempting to infer that the
model is using the concept. However, researchers have found some
evidence of false positives, meaning that high-accuracy probing does
not necessarily mean that the concept benefits the task of model f [6].
In that respect, one attractive property of the game-playing domain
we use is that we can quantify via self-play how useful a concept
really is for a model.

To further investigate how to interpret these experiments, re-
searchers have proposed various interventions that provide further
contrast to the results; one such experiment is to erase the concept
from the model training data (as we also do in this paper) D, =
{z*,y"} [26]. By erasing the concept from the training data, we can
monitor performance degradation on the original task, which puts
the importance of the concept into perspective, as well as changes in
probing accuracy. Interestingly, Ravichander et al. [26] showed that
by removing a concept from the training data, the probe may still be
able to predict some properties of the concept.

Elazar et al. [6] coined the term amnesic probing, an extension to
conventional probing, to describe an approach for studying behav-
ioral changes of a model after removing concept information from
its representations using Iterative Nullspace Projection (INLP) [25].
They show that even after removal, subsequent layers can recover
some of the removed properties which, to some extent, speaks to
the importance of non-linear information within the model because
INLP only removes its linear components. In this paper we will refer
to probing for concepts removed from the training set as amnesic-
like probing due to its similarity with amnesic probing [25] — both
method probe for removed information.

Although this is still active research, a few things are still uncer-
tain, e.g., to what extent can we infer that the model uses the concept
while predicting, and second, perhaps more importantly, what are
some actionable insights that may be gained through concept prob-
ing?

2.4 Interpretability in Games

Interpretability research in game-playing has received added atten-
tion in recent years. Game-playing is a domain with diverse chal-
lenges; for example, chess, which we use as a testbed in this research,

93



has pieces with different roles and relatively simple rules yet sophisti-
cated playing strategies, which makes for exciting challenges related
to explainability.

The saliency method SARFA [24] is a perturbation approach to
evaluating action-focused saliency that tackles specifically the prob-
lem that pieces affect value function differently. E.g., if removing a
queen affects all future states similarly, including the proposed ac-
tion, it is irrelevant to the proposed action.

The concept-probing work reported in McGrath et al. [17, 18]
investigates the concepts that AlphaZero’s neural network learned.
They use Stockfish’s hand-crafted concepts (among others) as a
proxy for human-understandable knowledge. Using concept probing,
they show that the network represents many human-understandable
concepts and how and when they emerge during training. They
demonstrate that material concepts get represented early in training,
while more complex and subtle ones appear later. Furthermore, the
paper briefly discusses alternative probing architectures; they advo-
cate for simpler linear classifiers due to the danger of the concept
probe learning its own complex relationships rather than capturing
the structure in AlphaZero’s representations.

The work in Pélsson and Bjornsson [21] showcases how it is pos-
sible to identify what Stockfish’s neural network has learned using
various interpretability methods, including concept probing. It ex-
posed Stockfish’s neural network emphasis on dynamic concepts and
how it evaluates king safety differently compared to its hand-crafted
counterpart.

In Lovering et al. [14], researchers analyze high-level concepts
that an AlphaZero Hex playing agent learned. They demonstrate that
the search discovers concepts during self-play before the neural net-
work learns to encode them. Furthermore, they show that short-term
end-game planning is best encoded in the final layers of the model,
while long-term planning concepts are encoded in the middle layers
of the model.

Tomlin et al. [32] extracted keywords from move-by-move Go
commentary and compared them with simpler pattern-based con-
cepts. Using a linear probe, they show that the keyword-based con-
cepts (which are used as a proxy for concepts of higher-level abstrac-
tion) are better represented in the later layers of the model. In con-
trast, the pattern-based concepts are better represented in the earlier
layers of the model.

Most concept-based methods now rely on predefined concepts;
however, in Schut et al. [28], researchers explore ways to extract
and successfully teach top chess grandmasters concepts beyond hu-
man knowledge.

3 Methods

In this section, we first describe Stockfish’s neural-network evalua-
tion function, followed by a description of the probing methods used
in the paper. Subsequently, we describe the Autoencoder used in the
first experiment and the calculation of piece-specific importance, as
well as discuss the chess-specific concepts implemented for the re-
search.

3.1 Stockfish’ Neural Network

Stockfish (since version 12) uses a neural network called NNUE [20]
(EUNN Efficiently Updatable Neural Network) for evaluating game
states. The network architecture was invented for the game Shogi but
later ported to chess/Stockfish, immediately resulting in an 80 Elo
point increase in playing strength (and more since then) [30, 31].
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Figure 1. Stockfish’ NNUE architecture [31]. It processes the values

differently depending on the game phase. Depending on the total number of
pieces left on the board, it will assign a bucket value and choose the
corresponding path depending on the value. The bucket value is calculated
by bucket = (piece_count — 1)/4).

Table 1. Autoencoder design, output sizes of each layer of the autoencoder.
Layer Size
Input 768
Layer 1 1024
Layer 2 64
Layer 3 32
Layer 4 64
Layer 5 1024
Layer 6 (reconstruction) 768

The NNUE architecture uses a (shallow) design with linear and
clipped ReLU layers, as shown in Figure 1. Notable design choice
is routing the inference through different LayerStacks, or sub-
networks, depending on the game’s phase (number of pieces on the
board). Thus at each time, only one of eight LayerStack is used to
calculate the evaluation. The LayerStacks follow only a single linear
layer shared between all LayerStacks. This design choice is interest-
ing from a concept-probing perspective because one would expect
each LayerStack to re-implement much of the same concepts.

The NNUE model is relatively shallow, and in our experiments,
we probe the model solely after two layers (Layer 2). After a sin-
gle linear layer, static information (invariant of the learning process)
from the input is still relatively accessible. The probe only needs to
decode the weights of a single linear layer; therefore, we want to look
deeper. However, going even deeper into Stockfish’s neural network
will introduce new challenges; the computation splits into multiple
pathways depending on the game phase, making the experimental
evaluation more intricate. Thus, we chose layer two as the best prac-
tical compromise.

3.2 Probing Architectures

We experiment with three types of probing architectures in this pa-
per; a linear probe using ridge [22] classification (Ridge), a neu-
ral network probe (NN), and a LightGBM [8] decision tree probe



Table 2. The name and description of concepts used in the probing

experiments.
Concept Description
white_has_queen White has a queen
white_queen_on_ White has a queen on D1

initial_square
Queen Advantage

Only one has a queen(s)

Rook Pair Advantage Only one has a rook pair
Bishop Pair Advantage  Only one has a bishop pair
Knight Pair Advantage  Only one has a knight pair

Opposite Color Bishop  Both have only one bishop
of opposite color

5 Dark Square Pawns 5 pawns are on dark squares

Table 3. Description of A piece value concepts.

Concept Name  Description

AP Difference in number of pawns
AN Difference in number of knights
AB Difference in number of bishops
AR Difference in number of rooks
AQ Difference in number of queens

(LGBM) . The neural network probe uses feedforward architecture
with ReLu nonlinearity and two hidden layers of sizes 100 and 10.
For the linear probe, we perform a hyperparameter search over alpha
values (the L2 term multiplier) of [0.01, 0.1, 0.5, 1, 5, 10, 50, 100,
500, 1000]. The decision tree probe is used with default parameters.

3.3 Autoencoder

We designed an autoencoder experiment to contrast the different
probing architectures. Within this controlled environment, we can
investigate whether the different probes are a good proxy for the in-
formation stored within the representations. When we encode and
decode information, we can observe the reconstructed state to know
how much information passes through the network - for us to decode
information successfully, it must also be available in the encoded
state. This method monitors the probing accuracy during training in
the most compressed and reconstructed states. It allows us to observe
inconsistencies in probing accuracy values and trends.

Inside the autoencoder, we expect considerable compression of in-
formation, which is relevant when probing a small neural network,
such as Stockfish’s NNUE, where the concept representations are
likely more compressed than in a larger neural network.

The autoencoder consists of two parts, an encoder and a decoder,
which are trained to compress and reconstruct the input space. In this
case, the encoder and decoder mirror each other in terms of the num-
ber of layers and neurons in each layer. The design uses a sequence
of fully connected linear layers with ReLU activations.

The input into the autoencoder is a tensor of size 768, or 64
(squares) X 6 (piece types) x 2 (color), and the output size of each
layer is listed in the Table 1.

3.4  Piece Importance

By training and interpreting a linear surrogate model, we can evaluate
how different piece-specific concepts impact the evaluation relative
to each other. We perform this analysis to illustrate the model’s be-
havior and alleviate concerns that we might be causing more harm to
the model than intended.

For example, to identify the relative importance of different pieces,
we can train the linear surrogate model:

Rook Pair Advantage
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Figure 2. The frequency of the concepts in relation to the phase of the
game, or bucket. Each value on the graph represent the proportion of each
bucket that the concepts’ value was true(and thus removed during training).
The bucket indicates the number of pieces left on the board, where bucket 7
has the most and 0 has the fewest.
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Figure 3. Probing accuracy results performed during training of the
autoencoder. Results are for the concept white_has_queen (top) and
white_queen_on_initial_square (bottom).

wp* AP+ wn, * AN +wp* AB+w, * AR+ we*AQ = f(z) (2)

where f(z) is the model evaluation, the AP ... AQ concepts (seen

in Table 3) indicate the difference in a number of pieces, e.g., AB in-

dicates the difference in the number of bishops present on the board.
In this case, the linear weights for the different concepts will serve

as a proxy for importance, and we can, for example, compare the
. . wq

weights w), and wy. Thus, we interpret wy 3 the queen value eval-

uated in a number of pawns as we do in Figure 4.
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3.5 Custom Concepts

We implemented several chess-specific concepts for this research, all
listed in Table 2.

First, we implement two straightforward concepts for the
autoencoder experiment, white_queen_on_initial_square and
white_has_queen. The concept white_queen_on_initial_square
is represented by a single bit in the autoencoder’s input, while
white_has_queen can be represented by any of a total of 64 bits,
assigned to represent the queen(s) position(s) on the board.

The latter concepts, also listed in Table 2, are used for training
handicapped agents where we hide each one of these concepts, in
turn, from the agents. This approach allows us to objectively eval-
uate the importance of each of these concepts by comparing the re-
sulting agents’ playing strengths. We chose concepts known from
the chess literature either as essential or not. For example, having a
pair of bishops or knowing how to dynamically evaluate the queen’s
strength compared to the other pieces (e.g., vs. two rooks or three
minor pieces) is critical, whereas having a pair of knights or rooks is
less so. The concept of having exactly five pawns on a dark square
was explicitly contrived with the expectation of being irrelevant to
evaluating a chess position. Although the choice of the above con-
cepts was inspired by established human-based chess knowledge of
what is important and what is less so, we also ran experiments to
quantify how important these concepts were for the neural network
model and that it was in agreement with established chess theory (see
Section 4).

When defining the concepts for the restricted agents, we also had
a few considerations in mind. First, the concept can not be too fre-
quently active, where the frequency alone can be destructive to the
dataset. Removing positions from the training dataset with a given
concept will inevitably affect the distribution of seen training posi-
tions over the different game phases; however, we verified that all
game phases are still well represented, as seen in Figure 2. Second,
it is important that when the concepts become active, they can also
become deactive, so we do not remove all endgames associated with
the concept and other concepts that may arise later in the game.

4 Results

Here, we present the results of our experiments. First, we describe
the experimental setup, followed by the results of the autoencoder,
concept importance, and probing accuracy with respect to concept
importance experiments, respectively.

4.1 Experimental Setup

We use version 15.1 of Stockfish, which was the latest release at the
start of the research.

For training, we use a dataset generated by Leela Chess Zero that is
listed as a quality dataset (training_data at [29]). For concept prob-
ing, we sample one million chess positions from a Lichess dataset
generated from standard rated chess games [12]. When training a
modified agent, fres,c;, Where concept c; is hidden, we check each
sample for concept c;. If it is present, we discard the sample and con-
tinue sampling until the desired batch size is reached. Each agent is
trained for 500 epochs using Stockfish’s official training script (with
slight modifications to remove chosen concepts during training) with
recommended hyperparameters: batch size was set to 16384, initial
learning rate as 8.75e-4, and gamma (learning rate decay rate) as
0.992.
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Table 4. Results in a gauntlet style tournament, where all agents agents
only play against the Regular agent. Each modified agent plays 3000
matches at search depths 14, 15 and 16 each, thus a total of 9000 matches.

Description Win-rate % Elo drop
Queen 1551(£0.54) 31.6(£3.8)
Bishop Pair 46.91(£0.51)  21.7(£3.6)
Rook Pair 48.33(+£0.49)  11.7(+3.4)
Knight Pair 48.57(£0.49)  10.0(£3.8)
Opposite Color Bishop ~ 49.04(+£0.48) 6.7(£3.3)
5 Dark Square Pawns 49.74(+0.48) 1.8(+3.3)

= Second Bishop = Second Knight
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©

~
®

Piece Values (pawns)
Piece Values (pawns)

Regular  Bishop Pair  Queen  Knight Pair  Rook Pair
Model Name

Regular  Bishop Pair  Queen  Knight Pair  Rook Pair
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Regular  Bishop Pair  Queen  Knight Pair  Rook Pair
Model Name

Figure 4. (upper left) When we remove a bishop pair advantage from the
training data, the model associates a lower importance to the second bishop.
(upper right) Removing a knight pair advantage from the training data the
model puts greater importance on the second knight. (lower left) Removing a
rook pair advantage from the training data has little impact on the value it
puts on having a second rook. (lower right) Never seeing examples where
one player has a queen and the other does not, the model associates a lower
value to the queen.

The autoencoder was trained using Adam with the learning rate set
as Se-4. It finished with an accuracy of 0.9973 and a Binary Cross
Entropy loss of 7.27e-3, meaning that it was able to reconstruct its
input almost perfectly.

All models were trained on a GeForce RTX 3080 graphics card.
The error bars provided in the figures show one standard deviation
above and below the mean from cross-validation over five splits.

4.2  Autoencoder Experiment

In this section, we present the results from the concept probing exper-
iment where we monitor what happens during autoencoder training,
shown in Figure 3. By observing the concept probing accuracy at the
reconstructed layer, we can form an expectation of a lower bound for
the amount of information present in the most compressed layer; it
should be at least as much as in the reconstructed layer. Because if it
is present at the reconstructed layer, it should also be present at the
most compressed layer. Therefore, we base our interpretation of the




results on observing how the concept probing accuracy in the recon-
structed state evolves during training and comparing it to the concept
probing accuracy in the most compressed layer.

At each training epoch, we probe for two simple concepts,
white_has_queen and white_queen_on_initial_square. The con-
cept’s value is true if the statement is true and false otherwise. The
probing is performed at the most compressed layer as well as the
reconstructed layer. The encoded size is 32, while the reconstructed
size is 768 — like the input.

The most important takeaway is that interpreting the probing ac-
curacy at the most compressed state using the linear probe will lead
to misleading results. For both concepts, the linear probe’s (Ridge)
probing accuracy decreases after saturating in the most compressed
layer. At the same time, we see that at the reconstructed layer,
the probing accuracy is either increasing or has reached saturation
at 100% accuracy. Meanwhile, the neural network probe more ac-
curately represents the presence and trend of information passing
through the autoencoder as reflected by the reconstructed layer.

Albeit this is a somewhat contrived experimental scenario, this re-
sult nonetheless shows that linear probes may be insufficient to detect
information present in the internal layers of a neural network, espe-
cially when one expects the information to be highly compressed.

4.3 Estimating Concept Importance

The attractive characteristic of the game-playing domain is that we
can easily compare agents by making them compete, thus assessing
their strength without relying on a potentially biased datasets. For
this experiment, we choose six concepts well-suited for removal dur-
ing training.

In order to identify the importance of a concept, we will: i) train
an agent with and without the knowledge of a concept, ii) make them
compete to assess the performance decline, and iii) expose how they
evaluate positions differently. The tournament will be in a gaunt-
let style, where the restricted agents play against the regular agent
(trained on the entire dataset). From the results, we then calculate the
relative Elo rating of all agents, where the difference in Elo points
serves as (a proxy for) the importance of the concept.

In Table 4, we see the results from the tournament. The Queen
Advantage concept is the most important, resulting in a drop in per-
formance of 31.6 Elo points, while the concept 5 Dark Square Pawns
shows a non-significant drop in performance. The difference be-
tween Knight Pair Advantage and Rook Pair Advantage is also non-
significant, and it is approximately half of the importance of Bishop
Pair Advantage.

To demonstrate the behavioral changes that result from the in-
terventions and alleviate some concerns that we might be causing
unnecessary harm to the agents, we apply an explainable surrogate
model to evaluate the piece-specific values. In Figure 4, we can see
how not learning about these different piece-specific advantages af-
fects the value it places on the pieces. For example, the agent that did
not learn how valuable a bishop pair advantage is will underestimate
the value of the second bishop (compared to the other agents). Con-
versely, the agent that did not learn the value of the knight pair ad-
vantage overestimates the value of the second knight. Furthermore,
not learning about having a queen advantage results in the queen’s
value being approximately half a pawn less.
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Figure 5. The probing accuracy of the regular model as well as models
trained without seeing a concept.

4.4  Concept Importance and Probing Accuracy

In this section, we will interpret the concept importance, how it cor-
relates to probing accuracy, and what kind of recommendation we
can give about interpreting the results from such experiments.

Figure 5 shows different probing results. We probe i) the Regular
model, frcq, trained on the whole dataset, ii) the restricted models,
fres,e;, with concept ¢; removed from the training set, and iii) an
untrained model, fu,: (with weights uniformly initialized). For all
models, we probe with the three probing architectures. Furthermore,
in Figure 6, we observe the relationship between the probing accu-
racy (in Layer 2) and the importance of the concept, evaluated in Elo
points.

We observe a moderate correlation between the probing accuracy
and the importance of the concepts, as also emphasized in Table 5,
which we will analyze later in this section. The most important con-
cept, Queen Advantage, has the highest probing accuracy, and the
unimportant one, 5 Dark Squared Pawns, has the lowest, with the
other concepts falling in between, which is reassuring. Nonetheless,
we also see that concepts that receive near identical probing accu-
racy may differ significantly in importance, such as the concepts
Bishop Pair Advantage and Knight Pair Advantage, which indicates
one has to take all probing results with some grain of salt. According
to the literature, the concepts operate very differently, and actually,
the bishop pair is considered more important than the knight pair.

In Figure 5, we compare the probing accuracy of the regular model
versus a model trained on data with the concept in question removed
from the training data. For the most important concepts, Queen Ad-
vantage and Bishop Pair Advantage, there is a notable drop in prob-
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Figure 6. The relationship between probing accuracy and the importance
measured in Elo points for all probes, as well as the mean value of all three
probes.

Table 5. Pearson correlation between concept probing results and

importance.
Probe,j  Pj(freg)  Pj(freg) = Pj(fres,c;)  Pj(freg) = Pj(funt)
Ridge 0.69 0.83 0.64
LGBM 0.68 0.87 0.67
NN 0.73 0.92 0.72

ing accuracy; in contrast, the accuracy remains similar for the less
important concepts.

To see what concept probing results mostly correlate with the im-
portance. We analyze the Pearson correlation between the impor-
tance and i) P (freg), ii) Pj(freg) — Pj(fres,c;) and iii) Pj(freg) —
P;j(funt). Where P;(f) is the probing accuracy of probe P; ap-
plied to model f. The results can be seen in Table 5, from which
we can draw two conclusions. First, when analyzing the probing
results of the Regular model, P;(freq), the neural network probe
has the highest correlation with importance. Second, the change in
probing accuracy after removing a concept from the training set,
P;j(freg) — Pj(fres,c; ), offers an even higher correlation with im-
portance where the neural network probe also performs best.

To check to what extent we can predict the importance using the
probing results, and provide a bit more context to previous results, we
train a linear model to predict the importance and report the mean
absolute error using leave-one-out cross-validation. The results are
shown in Table 6 where we see again that the neural network probe
is performing the best, and using the difference in probing accuracy
between the Regular and Restricted models results in the highest ac-
curacy, with a mean absolute error of 3.68 Elo points.
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Table 6. The mean absolute error in Elo points, using a leave-one-out cross
validation, of a linear model predicting the importance, given the concept
probing results.

Probe, j Pj(.fTeg) Pj(freg) - Pj(fres,ci) Pj(.fT'eg) - Pj(funt)
Ridge 9.61 5.68 10.48
LGBM 9.77 5.83 10.15
NN 8.84 3.68 8.90

5 Conclusion

In this work, we cast some light on how effective and reliable concept
probing is, using a contrived autoencoder and a state-of-the-art game-
playing agent as our test domain. The main takeaways are:

e The widespread practice of using linear probes and interpreting
their accuracy to indicate concept importance gives some, albeit
limited, insights into concepts learned by the network. The cor-
relation between probes’ accuracy and feature importance is only
moderately correlated. Additionally, interpreting concept impor-
tance based on probe accuracy alone is unreliable. For example,
we saw a concrete example of concepts indistinguishable that way
— possessing the Bishop or Knight pair, the former highly benefi-
cial and the latter not (as judged by both our self-play experiments
and established chess-domain knowledge).

e However, a far better correlation is achievable using a more com-
plex probe (neural network) and reading into the results using
amnesic-like probing techniques. Doing this, where applicable, is
recommended; however, we acknowledge that this may not always
be possible (e.g., when unable to retrain the model).

e Using an untrained model as a baseline for the probing (e.g., as
suggested in [5, 33]) did not prove helpful in our domain.

We see this work as valuable input into the ongoing discussion of
the pros and cons of different probing architectures, especially in the
game-playing domain. Furthermore, it provides some guidance for
best practices in interpreting probing results.

As for future work, we plan to address some of the limitations of
this study. First, we use only a handful of chess concepts, and adding
more would improve confidence in the correlation metric. Second,
we use the effects on playing strength by omitting a concept from
model training as an importance metric. Albeit useful, as demon-
strated, this is not necessarily the entire truth; we might be causing
unintended harm to the models by removing other valuable corre-
lated concepts. However, we took care when defining the concepts to
avoid that and examined the models for unexpected behavior, such as
the experiment in Figure 4.

Finally, retraining a model from scratch while holding out some
concepts is not always feasible cost-wise or even impossible; thus,
developing more practical ways to restrict a model without having to
retrain from scratch might be worthwhile.
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Abstract—Explainable Al is an emerging field that studies
how to explain the rationality behind the decisions of intelligent
computer-based systems in human-understandable terms. The
research-focus so far has though almost exclusively been on
model interpretability, in particular, on trying to explain the
learned concepts of (deep) neural networks. However, for many
tasks, constraint- or heuristic-based search is also an integral
part of the decision-making process of intelligent systems, for
example, in planning and game-playing agents. This paper
explores how to alter the search-based reasoning process used in
such agents to generate more easily human-explainable solutions,
using the domain of Sudoku puzzles as our test-bed. We model
the perceived human mental effort of using different familiar
Sudoku solving techniques. Based on that, we show how to find an
explanation understandable to human players of varying expert
levels, and evaluate the algorithm empirically on a wide range
of puzzles of different difficulty.

Index Terms—XAl, heuristic search, Sudoku

I. INTRODUCTION

The field of explainable AI (XAI) is concerned with devel-
oping techniques that are useful for explaining the reasons be-
hind the decisions of intelligent computer systems, preferably
in a way easily understandable to humans. The research focus
of XAI has so far mostly been on model interpretability, in
particular, providing insights into concepts learned by (deep)
neural networks. Given how prevailing such machine-learning
techniques have become, this is unsurprising. However, for
many tasks, heuristic search is also an integral part of the
decision-making process of intelligent systems.

Heuristic search is one of the fundamental problem-solving
techniques in Al and computer science. It provides computer-
based agents the means of reasoning, or “thinking ahead.” One
of the main appeals of the approach is its general applicability
to decision making in a wide range of disparate problem
domains, including manufacturing optimization, automated
scheduling and planning, and game-playing. Such informed
search techniques are often capable of producing high-quality
(real-time) answers to complex decision problems when pro-
vided with proper guidance.

Although current research into model interpretability may
be applicable for explaining learned heuristic models used by
the search, the better part of the heuristic-search reasoning
process remains unexplained. The solution to heuristic-search
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problems typically takes the form of a sequence of actions. For
example, a human to fully appreciate the solution might need
to know not only how each step came about, but also why that
particular sequence is preferable to an alternative one.

In this paper, we take initial steps into making the reasoning
process of heuristic search more transparent to humans, using
Sudoku puzzles as our test-bed. There are fundamentally two
different approaches to achieve this. The former is to treat
the solver as a black-box and then try to explain the resulting
solution post-mortem; in contrast, the latter alters the solver
to produce more human-understandable solutions. Both ap-
proaches have their pros and cons, but the latter typically offers
greater flexibility in delivering human-explainable solutions,
although possibly at the cost of solution quality or run-time
performance. We opt for the second approach here as the goal
is first and foremost to generate highly informative solutions
for humans instead of, e.g., run-time performance. The task of
the search process has thus become more intricate: it is looking
for not only an acceptable solution to the problem (quality-
wise) but also an easily explainable one. Such a solving
approach is relevant in settings where a human is expected to
verify or execute the resulting solution as well as in settings
where a human is hoping to learn from the solving process.

The primary contributions of the paper are: (i) we present
a heuristic-search-based Sudoku solver that returns solutions
understandable to humans with different levels of expertise;
(ii) a study of numerous problem characteristics that relate to
the solution difficulty in our test-bed domain is provided; (iii)
although the test-bed here is Sudoku, many of the underlying
ideas are transferable to a wider-range of problem domains
with similar characteristics; (iv) and finally, this is one of few
recent works emphasizing explainability in heuristic search,
and issue that hopefully will attract added research attention.

The paper is organized as follows. Section II introduces
both the necessary terminology and preliminaries. Section III
explains Sudoku and the basic strategies humans use for solv-
ing such puzzles. Related to that, in Section IV, we develop
a metric for (objectively) measuring the perceived difficulty
humans have in understanding solutions using the human-like
strategies. In Section V, we introduce our algorithm for finding
the most instructive solution paths, followed by an empirical
evaluation of the algorithm in Section VI. Finally, we discuss
related work in Section VII and conclude and discuss future
work in Section VIII, respectively.



Figure 1. Sole candidates: In the topmost row: 9 is a sole candidate (left), 8 becomes a sole candidate (middle), and finally the 1 becomes one too (right).

II. BACKGROUND

Heuristic (or informed) search methods encompass a wide
range of search algorithms. The term is commonly used
to refer to state-space-based search methods that rely on
heuristics for guiding a search process, such as A*, Minimax,
MCTS, and backtracking-based CSP search. The state-space
is typically explored by growing a search tree representing
the different possible continuations to take. The problem
domains can be single- or multi-agent based, deterministic or
non-deterministic, fully observable or not, and the heuristics
largely domain-specific (hand-crafted or learned) or largely
domain-independent (like variable and action selections in
CSP). For example, classic heuristic-search-based planning
typically employs single-agent search in deterministic and
fully observable domains.

Different search domains face dissimilar explainability chal-
lenges. In an adversary-search domain like chess, a human
observer might need to realize why a seemingly promising
continuation is not taken, for example, because of an unan-
ticipated refutation, whereas in other domains, like Sudoku,
the human must first and foremost understand each step in the
proposed solving sequence.

Constraint satisfaction problems (CSPs) are a class of
problems that can be described by a set of variables, V =
{v1,v2,...v;}, a set of domains D = {d;,ds,...,d;}, where
d; is the set of values that variable v; can take, and lastly
a set of binary constraints C = {¢y,ca, ..., ¢p }, Where ¢; =
(vq, vp, relationaloperator).

A variable v; is arc-consistent with another variable v; if
(and only if), for every value a in d; there exists a value b
in d; such that (a,b) satisfies the binary constraint between
the two variables. A problem is arc-consistent if (and only
if) every variable is arc-consistent with every other variable.
Although there exist several related algorithms for making a
problem arc-consistent, AC-3 [11] is the most widely used.

Sudoku, our test-bed puzzle game, is naturally formalized as
a CSP, and Sudoku puzzles are generally effectively solvable
using a CSP solver. However, when searching not only for
a solution but the most explainable one, then the problem is
more naturally formalized as a heuristic-search-based single-

agent problem. One distinguishing feature between CSP and
heuristic search is that, in the former, the goal state itself
represents the solution, whereas in the latter the exact sequence
of actions taken that lead to the goal state is the solution.

III. SUDOKU

The game of Sudoku is played on a rectangular grid, usually
at order 3, meaning that the grid is of size 32 x32=9x0,
and overlaid by mutually exclusive boxes (also called blocks
or regions) of size 3 x 3 (see Figure 1). We interchangeably
refer to grid cells as variables, as this is how they would
be represented in the CSP formalism. The domain of each
variable (grid-cell) is 1 to 9 (32).

Initially, a partially filled puzzle is provided and the task
of the player is to fill out the remaining grid cells such
that each number occurs exactly once in each row, column,
and box. Sudoku puzzles are traditionally generated such that
they have exactly one solution. The puzzles can be of a
varied level of difficulty, ranging from being easily solved by
humans using only trivial deduction techniques to requiring
quite sophisticated levels of reasoning.

A. Human Solving Strategies

Humans do apply various deduction schemes to solve
Sudoku puzzles and a rich literature exists (e.g., see [4])
describing a wide array of strategies of different complexity,
including with names such as "X-wing", "Swordfish" and
"Unique Rectangle". Novice players do typically rely only on a
couple of simple deduction strategies, however, as they become
more proficient the more elaborate strategies they incorporate
into their arsenal of solving techniques. Consequently, when
presenting a puzzle solution to a novice player, the solution
must be at an appropriate sophistication level for the player
to fully comprehend it, for example, by using only familiar
deduction strategies. As the players develop their problem-
solving skills, more advanced strategies can be incorporated.

We will borrow from the Sudoku literature some of the
deduction strategies that are typical for beginner (to interme-
diate) level players, as presented in the following subsections.
We refer to the (other) cells in the same row, column, or box
as a cell ¢ as row-, column-, and box-neighbours of cell c,
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Figure 2. One-dimensional (left) and two-dimensional (middle) unique candidate, and naked-double candidate (right)

respectively. The neighbours of a cell c is the union of the
row-, column- and box neighbours.

B. Sole Candidate

The sole candidate strategy detects a grid cell whose domain
has been reduced to a single candidate, for example, as seen
in Figure 1. More generally, in detecting a sole candidate
all neighbours of a cell ¢ may play a role in restricting the
cell’s domain. Note, that in the CSP framework sole-candidate
domain reduction would be performed via arc-consistency.

C. Unique Candidates

If a value, say v, has been eliminated from the domains
of all row-, column- or box-neighbours of a cell ¢, then we
know that cell ¢ must be assigned the value v. The unique
candidate strategy tries to do such an elimination, for example,
as depicted in Figure 2.

We remove values from the box cell’s domain, as in Figure
2, by scanning its neighbours. The unique candidate can be
found with two levels of difficulty, they can be found by
scanning ether one or two dimensions. We refer to candidates
found by scanning two dimensions as two-dimensional unique
candidates, and those found by scanning only one of the
two dimensions, we refer to them as one-dimensional unique
candidates. The reason for this distinction is that it typically
requires somewhat less mental effort to scan only one type
of neighbours. Analogously, when finding a unique candidate
in a row (or a column), we use the box-neighbours and the
col-neighbours (or row-neighbours) of the remaining row (or
col) cells. All one-dimensional unique candidates are also two-
dimensional unique candidates, but not the reverse.

D. Naked Doubles Candidate

Naked doubles is a pair of neighbour cells, say c¢; and co,
having an identical domain D of size two. This means that
each of two values remaining in D must be assigned to one
of the two cells. Although, we do not know (yet) which cell
should be assigned which value, we know that the two domain
values must be reserved for those two cells only. This implies
that if ¢; and ¢y are, for example, row-neighbours, then no
other cell in that row can take on the two values in D and
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we can remove the values from their respective domains if
present. Analogous arguments apply if ¢; and co are col- or
box-neighbours, as seen in Figure 2.

IV. ESTIMATING THE COST OF AN EXPLANATION

How understandable is a solution to a human player?
Ultimately, the answer to this is subjective and depends on the
person. Here we try to quantify explainability in somewhat ob-
jective terms based on different solution strategies and general
principles. Assuming different strategies exist for achieving
individual steps of a multi-step plan, for example, the different
strategies for deducting an assignment of a Sudoku grid-cell
we saw in the previous section.

We define a cost function for measuring a plan’s (solution’s)
explainability — the higher the cost the less understandable the
plan is — where we assume the following general principles:

(i) Different strategies may impose different non-negative

step costs.

The same strategy may impose a different step cost

depending on the context it is used in.

Repeatedly applying the same strategy yields a lowered

step cost at each successive step (other things being

equal). Switching between strategies may involve ad-

ditional costs.

Using a strategy not previously used in the solving

process may impose an additional (one-time) cost. Thus,

using a smaller set of disparate strategies is always

preferable (other things being equal).

(v) The total cost of a plan (solution) is the summed cost
of its steps.

(ii)
(iii)

(iv)

More formally, taking the above principles into account, we
specify our Sudoku solution cost metric as:

N 8
Qm, G .
Wtotal = g ((1 + <1 - %)) enm’lwm,i + gm,iwm,i>
i=1 v

e))

where m indicates the strategy used, w,, is the cost of the
strategy used (see Table I), N is the number of unassigned
variables at the beginning of the puzzle, U; is the number



Table I
STRATEGY SPECIFIC COST, Wy,

Wm,

One-Dimensional Unique Candidate 1
Sole Candidate 3
Two-Dimensional Unique Candidate 5
Naked Double Candidate 10

of unassigned variables at step 4, a,,; is the number of
available moves for the chosen strategy, § is the power of
the transformation function, 6 is a cost decaying factor, n,, ;
indicates the count of similar moves done before our move m
and finally &, ; indicates the cost of learning a strategy.

In the first term of our equation, (1 +(1-— a%
capture the context specific cost (see (ii)) for strategy m at
step ¢, indicating a higher cost with lower availability. The
strategy specific cost (see (i)) is lowered by repetitive use of
the same strategy through the decaying factor ™ (see (iii)).
The value for the learning factor (see (iv)) &,,; was arbitrarily
set to 10 if we are using strategy m for the first time at step
1, otherwise it is 0.

One can think of the strategy-specific cost in Table I as
approximate of the different techniques’ sophistication level:
novice players easily apply the less costly ones, whereas
the more costly require added skill. Solutions, i.e., action
sequences, comprised chiefly of simple strategies, are un-
derstandable even to less skilled players. In contrast, more
advanced players would also comprehend a solution that uses
more sophisticated steps. The exact costs listed in the table
are per se inconsequential; instead, it is worth noting that
different strategies have different associate costs, which may
vary depending on the targeted user. For example, given
knowledge of the expert level of a user observing the solution,
unfamiliar strategies are made costly (even infinite) whereas
ones familiar to the user are cheap, thus ensuring that the
generated solution uses only strategies familiar to the user.

In this framework, when given a solution, it is naturally
explained as the sequence of actions taken annotated with the
strategy used and the cells involved. For example, in Figure
1, the explanations would be along the lines of: 9 added as a
sole-candidate (using all neighbor-constraints), 8 added as a
sole-candidate (using row- and box-constraints), and 1 added
as a sole neighbor (using a row-constraint).

It is important to note that our solver is not dependent on
using this exact cost-function formulation for evaluating its so-
lution paths. In theory, any metric will do that is monotonically
non-decreasing with an added number of actions. In practice,
however, we would like to capture the idea of varying mental-
efforts required for the human to discover and/or understand
different solutions, and thus we will model the cost on the
above-mentioned principles.

)’ we

V. METHODS

A backtracking-based CSP solver can be used to solve
Sudoku puzzles efficiently. However, here the task is not only

to solve the puzzles but to do so in a manner explainable to
humans with different levels of expertise. One approach would
be to use a standard solver and then try to explain the outcome
post-mortem. Unfortunately, this is not guaranteed to succeed
as some of the steps taken in solving the puzzle might be
too intricate given the ability of the human observer, possibly
even based on multiple trial and error as opposed to human-
like deduction strategies. The solver must instead be biased
towards finding the simplest (best explainable) solution while
solving the puzzle using only human-like deduction strategies.
Here we present such a solver.

A. Strategy Abstraction

Our approach selects a (variable, value) pair iff that assign-
ment can be deducted using one of the previously mentioned
human-like Sudoku solving strategies. Although we lose the
ability to solve Sudoku boards that cannot be solved using
only those strategies, that is inconsequential as such solutions
would be non-explainable. Furthermore, once a strategy has
been chosen, say a sole candidate, that strategy is applied
repeatedly before potentially switching to a new strategy. A
parameter batch size controls the number of repetitions.

One can think of a chosen strategy and batch size as a
macro-action, that is, instead of the action filling out a single
grid cell, it fills out multiple cells at once. Not only does
such an approach imitate how humans solve the puzzles (as
supported by both the Sudoku literature, e.g. [17], and results
from a general human-style solving model [13]), but it also
reduces the search space significantly (roughly s/ where s is
the amount of Sudoku strategies and m is the amount of empty
cells, and b is the batch size). However, using a batch size
larger than one does potentially sacrifice optimality; that is,
the algorithm might overlook a lowest-cost solution (according
to our metric). For example, when exploring a higher-cost
action, the algorithm is forced to repeatedly apply that high-
cost action, even if lesser-cost actions become available as an
aftereffect of a previous application of the high-cost action.

B. The Search Algorithm

The pseudo-code in Algorithm 1 describes the search, where
each recursive call to the search function does the following:
(1) for each available strategy we apply (up to) batch size many
moves (not transitively considering those that arise from using
the strategy); (2) the cost of the (partial) solution is computed
using our cost function; (3) we recurse into the search once
more with the changes from applying that strategy; (5) we
undo everything from applying the strategy and try the next.

The search is depth-first branch-and-bound-like, keeping
track of the least costly solutions found so far and pruning
where applicable. It also uses a transposition table, for avoid-
ing reexploring the same state if reached via two different
paths, and macro-actions to reduce the search space. A signif-
icant characteristic is that the actions allowed for the algorithm
are always explainable in terms of Sudoku strategies. Given
that the algorithm has at its disposal sufficiently advanced
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Algorithm 1 Searching for a least-cost path
1: map tt {transposition_table}
2 fbest =
3: function Search(s, g, strategies)
4: if Terminal(s) then
5:  {Keep track of best solution so far}
6
7
8
9

if g < fpest then
fbest =g
return 0
- if g > fbest then

10:  {A more costly path, no need to explore further}
11:  return oo
12: if s in ¢t then
13:  {h* already found for s}
14: if g+ tt(s) < fpest then
15: fbest =g+ tt(s)
16:  return tt(s)
17: subtree_costs = ||
18: for all strategy in strategies do
19:  {Get batch many moves for a given strategy}
20:  actions = GetActions(strategy)
21:  ApplyActions(s, actions)
22: ¢ = CostFunction(s, actions)
23:  h = Search(s, g + ¢, strategies)
24:  UndoActions(s, actions)
25.  subtree_costs.append(c + h)
26: tt(s) = hx = min(subtree_costs)
27: return hx

strategies to progress in each step, it is complete (i.e., always
finds a solution).

VI. RESULTS

Here we provide an empirical evaluation of our solver, both
in terms of solution understandability and run-time perfor-
mance. We also look at search-space properties of interest.

A. Experimental Setup

To evaluate our solver, we used an online tool ggwing [12]
to generate Sudoku puzzles of varying difficulty (simple, easy,
and intermediate), the difference being the sophistication level
of the strategies required to solve the puzzles. We gathered
50 puzzles for each of the three chosen difficulty levels. All
experiments were run on a AMD Ryzen 5950 CPU.

B. Solution Understandability

We start with an example, depicted in Figure 3. The Sudoku
board is close to completion with multiple ways to continue.
Tables II and III show two such alternative continuations:
the former — proposed by our algorithm — uses only a
single relatively straightforward strategy, whereas the latter
alternates between several strategies of varied sophistication
levels, which our algorithm estimates to be the most costly
according to our cost function.

Which continuation is more logical? Although there is no
definite answer, then the former is easier to comprehend and
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Table II
LEAST COSTLY PATH FOUND TO SOLVE THE BOARD IN FIGURE 3.

CosT 33

Available Moves Chosen Moves
sole  1d unique  2d unique naked  Strategy Value  Square

3 2 5 1 1d unique 5 Il
4 3 6 1 1d unique 5 E3
4 3 7 1 1d unique 8 El
4 3 6 1 1d unique 2 HI
4 2 6 0  1d unique 8 H3
3 1 5 0  1d unique 3 H7
3 2 4 0 1d unique 3 E8
3 2 3 0  1d unique 2 E7
2 2 2 0  1d unique 2 I8
1 1 1 0  1d unique 7 17

Table III
MOST COSTLY PATH FOUND TO SOLVE THE BOARD IN FIGURE 3.

CosT 342

Available Moves Chosen Moves
sole  1d unique  2d unique naked  Strategy Value  Square

3 2 5 1 naked 7 17
2 2 4 0 sole 8 H3
3 3 5 1 naked 5 E3
3 3 4 1 naked 8 El
2 2 3 0 2d unique 5 11
2 2 4 0 sole 2 HI
2 2 4 0 sole 3 H7
2 2 3 0  1d unique 3 E8
2 2 2 0 2d unique 2 E7
1 1 1 0  2d unique 2 I8

can be explained to humans of even novice solving abilities
(as it requires only one relatively straightforward strategy).
There are two one-dimensional unique candidates available to
start with, 11 and H7'. Our solver proposes to fill I1, then E3
becomes a new one-dimensional unique candidate, and so on
until the puzzle is solved. The solution shown in the latter
table is much less approachable, requiring jumping between
four different strategies and is possibly even incomprehensible
to most novice human solvers. On the contrary, expert human
solvers might find such an explanation preferable.

'We use a board coordinate system where the rows are indexed top-to-
bottom by the letters A—I, and the columns left-to-right by digits 1-9.

Figure 3. Unsolved board with 10 remaining moves
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Figure 5. Costs of the various paths explored during the search, for four
puzzles.

C. Solution Cost Analysis

The understandability of the possible solutions to a puzzle
may vary greatly, as we saw. Figures 4 and 5 cast some
more light on this. The former shows the availability of
different strategies as the search progresses (the board fills up),
whereas the latter shows the cost distributions of all possible
solutions to four different puzzle instances. The distributions
take different shapes, although in all four the tails are slim,
that is, there are only a few very low-cost and high-cost cases.

The availability of strategies (moves) varies throughout the
search, this gives us insight into the difficulty of the given
solution. A solution that has few available moves throughout
the search can in general be considered harder than one with
an abundance of possible continuations at each step. For the
more simple puzzles the board is open, that is, there are

T
40
steps

with different move-availability: simple (left), easy (middle), intermediate (right)

Distribution of best costs per difficulty level
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Figure 6. Resulting distributions of the best costs found from solving 50 tables
of each difficulty levels: Simple(top), Easy(middle), and Intermediate(bottom)

multiple simple moves available, whereas for the intermediate
board there is frequently only a few possible continuation.
For example, we see in Figure 4 rightmost graph that at one
point the only continuation is to use a Naked Double strategy,
highlighting the difficulty of that puzzle.

D. Puzzle Difficulty vs. Cost Metric

The puzzles we used for our evaluation were all pre-labeled
with a difficulty ranking of simple, easy, or intermediate.
Figure 6 shows the distribution of best solution costs, as
measured by our cost metric, over all puzzles, and how it
relates to the pre-labeled difficulty ranking. The puzzles in the
more difficulty-ranked puzzle categories have higher solution
costs in general, although there is some overlap. Table IV gives
the mean- and median-cost for each category.
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Table IV
COST OF DIFFICULTY CATEGORIES

Difficulty mean median  std

Simple 411 402 38

Easy 501 496 66

Intermediate 630 632 86
Table V

OVERVIEW OF STRATEGIES BEING USED IN LOWEST AND HIGHEST BEST
COSTS FOUND FOR GIVEN DIFFICULTY

Lowest Best Cost Highest Best Cost

Simple Easy Inter Simple Easy Inter
1d unique 17 12 19 13 18 11
sole 15 36 19 11 8 11
2d unique 0 0 0 15 1 14
naked 0 0 0 0 0 1
Cost 319 384 400 500 671 806

To illustrate what the variability in the different costs in
Figure 6 might indicate, we show in Table V the solutions
statistics for the highest and lowest costs for each difficulty
level. The solutions with a lower cost are able to solve
the puzzle by using fewer strategies and using the simpler
strategies relatively ofter.

E. Run-Time Analysis

One of the configuration parameters to the algorithm is the
batch size, that is, the maximum number of actions to perform
of a single strategy before considering switching to a different
one. A batch size of one indicates that one can freely switch
between strategies (as in regular search), a batch size of two
makes the algorithm apply that strategy twice (as a single
macro-action), if available, before trying the next one, etc.
A batch size of infinity means that all available application
of a given strategy are played as a single macro-action. The
main purpose of the batched actions is both to improve the
algorithm’s run-time efficiently, but also to have it mimic better
how humans typically solve the puzzles (repeatedly apply the
same strategy while available). Figure 7 shows the average run-
time of the algorithm using different batch sizes. The general
trend is that the run-time decreases with increased batch size,
however, there is an interesting anomaly when going from
batch size one to two, which increases the run-time. 2

VII. RELATED WORK

There exists an extensive research literature on model in-
terpretability (e.g., see [8] for a survey) whereas research into
the explainability of (heuristic) search is still in its infancy.

In the context of intelligent autonomous agents, particularly
in planning [2], the ability of an agent to explain the reasoning
behind its decisions has been labeled explainable agency [10],
and which requires four distinct abilities: (i) the agent must be

2We have investigated this further, including ruling out (the best we can)
that this is caused by incorrect program behaviour. As of now we do not have
an bullet-proof explanation for this somewhat unexpected behaviour.
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able to explain decisions made during plan generation, (ii) re-
port which actions it executed at different levels of abstraction,
(iii) show how actual events diverged from planned ones and
what adaptions were necessary, and, finally, (iv) communicate
its decisions and reasoning effectively in a formalism natural to
humans. Furthermore, work on explainable agency in systems
based on heuristic search tends to distinguish between two
types of self-explanations: process vs. preference oriented. The
former emphasizes the (thought) process leading to finding
the solutions, whereas the latter focuses on the solutions
themselves without concerns about how they were found [10].
In this paper, we focused on the former.

The challenges arising in explaining planning systems are
outlined in [5], and the gap between current planning al-
gorithms and human problem-solving acknowledged. Some
concrete preliminary steps towards plan explainability are
also taken. Interactive (or human-in-the-loop) planning, where
computer agents actively participate with humans in the plan
generation, do use both some plan-recognition and human-
understandable explanation capabilities [3]. Also, recent work
on a fully autonomous planning system, which is capable of
some rudimentary plan explanations, uses a greedy algorithm
to generate so-called minimal plan explanations by searching
over the space of abstract models. [16]

For CSPs, the main focus has been on deriving efficient con-
straint propagation techniques (see e.g. [14] for an overview),
with little attention paid to how a solution is found. In many
cases, this is perfectly acceptable as the goal is simply to find a
good solution (performance-based approach), whereas in other
cases —like the one we studied here— such an approach is
not helpful because understanding the solution process is the
main goal (process-based approach). A few notable exceptions
falling into the latter category, include using domain-specific
constraints to solve logic puzzles to find more human-like
solutions [15], and using an user-understandable tree-hierarchy
in an explanation-based constraint programming system [9].

There has also been some recent work in theorem proving
systems in generating more human-style proofs for elementary



mathematical problems [7].

In Sudoku, the MITS system [1] is an intelligent au-
tonomous tutor that acts interactively with a student to com-
plete a puzzle. It retains a model of acceptable next actions
using a dynamic strategy graph that is continuously adapted
throughout the game. Either the tutor or the student can
direct how to play (mixed-initiative). Good Sudoku [6] is a
commercially available Sudoku app. It uses a custom puzzle
generator to generate puzzles with varying difficulty, e.g.,
requiring specific strategies. These puzzles are accompanied
by an algorithm that runs in the background and provides hints
while the player solves the puzzle.

VIII. CONCLUSIONS AND FUTURE WORK

Many intelligent decision-making systems employ both
models and search as an integral part of their decision-making
process. The decisions made by such systems must ideally
be transparent, verifiable, and, where applicable, instructive
for humans. The research focus of XAI has so far mostly
been limited to model interpretability, in particular, providing
insights into concepts learned by (deep) neural networks.

In this work, we put the focus on the search part of the
decision-making process. We use Sudoku as our test-bed and
provide a solver — a hybrid of a heuristic- and constrained-
based — that biases the search towards finding solutions
that are easily explainable to humans with different levels of
domain expertise. We provide a concrete method for achieving
this and show that such a solver is feasible in our test domain.
We also provide an analysis of various aspects of the search-
and solution space to better reveal the challenges faced by the
solver.

There are several avenues for taking this work further. In
particular, it would be of interest to compare more quanti-
tatively the solutions generated by our strategy-aware solver
to those generated by a traditional constraint-based Sudoku
solver. For example, how understandable are the solutions as
judged by our perceived mental-cost metric or, more ideally,
by human players. The model we currently use for estimating
solution difficulty could also be further refined, for example,
based on observing better how humans play. Finally, the
domain of Sudoku is just our first stop on the journey into
exploring explainability issues in constraint- and heuristic-
based search.

The plan also is to generalize the proposed techniques to
be more widely applicable. Coarsely speaking, the algorithm,
as is, applies to other state-based problem domains where: (i)
the search task is to find a solution, as opposed to finding
an optimal one, and; (ii) a monotonically non-decreasing cost
metric applies for evaluating the perceived understandability
of the different solutions path, and (iii) there is a close
correspondence between the understandability of individual
actions in the solution path and how easily the solution can be
explained as a whole (for example, we assume that explaining
the solution is achievable by explaining each individual action
in the solution independently). Sudoku conforms nicely to the
above restrictions and, therefore, is ideal as a first domain for

research into explaining heuristic-search processes. A natural
next step is to move to a somewhat more challenging search-
based problem domain where some of the above conditions
are relaxed. For example, such an approach could potentially
be useful in planning, in particular for tasks where some
subsets of actions are preferable over others from a human-
style solving point of view, even though all suffice to solve
the planning task.
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Appendix E

Supplementary Material

E.1 Training a AlphaZero-like agent to play
Breakthrough

As a testbed for the explainability research, we developed an AlphaZero-like agent to
play Breakthrough. The focus was to develop a framework that can play on GPUs
and CPUs with asynchronous training and self-play. As well as being flexible enough
to train both MuZero (not included in the thesis) and AlphaZero algorithms, the
framework handles them similarly with a slight adjustment in the MCTS and the
model class. The framework is based on the pseudo-code released from Deepmind and
inspired by MIT-licensed frameworks such as [60] using ray.

RAY [61] is a framework to build distributed applications for parallelization, able
to run similarly on a local machine and a cluster. It uses actors, each with a local
object store, which can communicate and ship objects between each other.

In the developed framework, the first steps are creating the replay buffer, shared
storage, and (multiple threads of) self-play actors. The network’s initial weights are
stored in the shared storage, and the weights are routinely shipped from the shared
storage to each running self-playing actor. After each self-playing game, the game
record is shipped to the replay buffer.

After we have enough games to start training, we initialize the trainer actor, who
trains continuously (with a specified time delay between iterations to avoid overfitting).

Replay Buffer

Self-Play
(multiple threads)

Trainer
(single thread)

Shared Storage

Figure E.1: Visualization of the training framework
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The replay buffer ships batches of games to the trainer, and after each iteration, the
trainer ships updated weights to the shared storage.

The majority of the time was spent in roughly equal proportions on (i) implement-
ing the algorithms (the AlphaZero and MuZero Neural Networks, MCTS etc), (ii)
Implementing game-logic and tuning the algorithms and (iii) framework development.
The framework’s development focused on handling the amount of data created during
self-play, encountering issues such as memory leaks and efficient storage of the data
generated.

On a more practical note, we made some learnings during the development of the
algorithms:

e The optimal parameters found so far for the game Breakthrough:

batch size = 512

mcts simulations = 200

Decaying learning rate 0.0001 to 0.00005 with periodic restarts
Neural network with 5 blocks and 64 filters

A

30 seconds between training epochs

e Most failed attempts are related to wrongly assuming that the number of games
outweighs the quality and diversity of the games. To generate self-playing games
faster, we used a lower number of MCTS simulations (e.g. 50) to grow the replay
buffer faster, resulting in poorer performance.

e Accelerating training by initializing the replay buffer with self-play games from
a pre-trained net seemed to overfit that specific policy and hinder further im-
provements.

e Keeping older (maybe less accurate) games in the replay buffers seems to be a
regularization role and should not be discarded (according to our experiments).

E.2 Hiding Concepts from a Stockfish Agent

In Paper C, we train modified versions of the Stockfish Agent. We intentionally remove
concepts from the training dataset and evaluate the impact on the agent’s playing
strength.

In the Stockfish NNUE trainer repo [14], the developers include all necessary code
to train its neural network. They also include external links to recommended train-
ing datasets. Training the agent from scratch takes approximately 12 hours using a
GeForce RTX 3080 graphics card.

The implementation (in training data loader.cpp) uses a highly optimized data
loader, which includes a function called make skip predicate. This function allows
the trainer to skip predetermined positions without losing some of the training dataset’s
compression ability.

This functionality is very convenient for our use case; we only needed to extend
the make skip predicate ability to recognize the relevant concepts and remove the
desired ones during training. Removing the concepts had minimal effect on the training
procedure; even though it skips training samples, it will still fill in the same minibatch
size, and thus, we can keep the hyperparameters the same when modifying the training.
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Table E.1: Hyperparameters used to train Stockfish Agents

Setting Value

smart-fen-skipping True
random-fen-skipping 3

batch-size 16384
threads 2
num-workers 32
gpus 1

For the training we use a dataset generated by Leela Chess Zero that is listed as
a quality dataset (training data at [62]). We trained each agent for 500 epochs using
the following hyperparametres:

To estimate the drop in playing strength we had them play in a gauntlet style tour-
nament, where all agents agents only play against the Regular agent. Each modified
agent plays 3000 matches at search depths 14, 15 and 16 each, thus a total of 9000
matches. Using the game results we evaluate the difference in playing strength using
Elo ratings [63].
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