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Abstract
The design of Deep Learning (DL) models is a complex task, involving decisions
on the general architecture of the model (e.g., the number of layers of the Neural
Network (NN)) and on the optimization algorithms (e.g., the learning rate). These
so-called hyperparameters significantly influence the performance (e.g., accuracy or
error rates) of the final DL model and are, therefore, of great importance. However,
optimizing these hyperparameters is a computationally intensive process due to the
necessity of evaluating many combinations to identify the best-performing ones. Often,
the optimization is manually performed.
This Ph.D. thesis leverages the power of High-Performance Computing (HPC) systems
to perform automatic and efficient Hyperparameter Optimization (HPO) for DL models
that are trained on large quantities of scientific data. On modern HPO systems, equipped
with a high number of Graphics Processing Units (GPUs), it becomes possible to not
only evaluate multiple models with different hyperparameter combinations in parallel but
also to distribute the training of the models themselves to multiple GPUs. State-of-the-
art HPO methods, based on the concepts of early stopping, have demonstrated significant
reductions in the runtime of the HPO process. Their performance at scale, particularly
in the context of HPC environments and when applied to large scientific datasets, has
remained unexplored. This thesis thus researches parallel and scalable HPO methods
that leverage new inherent capabilities of HPC systems and innovative workflows
incorporating novel computing paradigms. The developed HPO methods are validated
on different scientific datasets ranging from the Computational Fluid Dynamics (CFD)
to Remote Sensing (RS) domain, spanning multiple hundred Gigabytes (GBs) to several
Terabytes (TBs) in size.
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Útdráttur
Að hanna Deep Learning (DL) kerfi er flókið verkefni, sem felur í sér ákvarðanir um
almennan arkitektúr kerfisins (t.d. fjölda laga) og fínstillingu á breytum (t.d. við inn-
leiðingu kerfisins). Þessar svokölluðu ofurfæribreytur hafa veruleg áhrif á frammistöðu
staðbundna DL líkansins og eru því mjög mikilvægar. Hins vegar getur fínstilling þessa
færibreyta verið auðlindafrekt (resource-intensive) ferli vegna þess að það þarf að meta
margar samsetningar til að finna þær sem standa sig best og skila besta árangri.
Þessi Ph.D. ritgerð miðar að nýta kraftinn í ofurtölvu kerfum (High-Performance
Computing/HPC) til að framkvæma skilvirka Hyperparameter Optimization (HPO)
fyrir DL líkön sem eru þjálfuð á stórum vísinda-gagnasöfnum. Í nútíma HPC kerf-
um, búin fjölda grafískra vinnslueininga (GPU), verður ekki aðeins hægt að mæla
margar gerðir með mismunandi samsetningar samhliða, heldur einnig að keyra þjálf-
un líkananna sjálfra á mörgum GPU einingum. Nýjustu HPO aðferðir, sem byggja á
hugmyndinni um snemmbúna stöðvun, hafa sýnt verulega lækkun á keyrslutíma HPO
ferlisins. Frammistaða þeirra í stærðargráðu, sérstaklega í tengslum við HPC umhverfi
og þegar þau eru notuð í stórum vísindalegum gagnagrunnum, hefur hingað til verið
órannsakað svið. Í þessari ritgerð er leitast við að brúa þetta bil með því að innleiða
hliðstæðar og stigstærðar/skalanlegar HPO aðferðir sem nýta eðlislæga eiginleika HPC
kerfisins og verkflæði sem fela í sér innlimun nýrra reikniviðmiða. HPO aðferðirnar og
virkni þeirra hafa verið staðfest (validated) á mismunandi vísindalegum gagnasöfnum
og sviðum, allt frá Computational Fluid Dynamics (CFD) til fjarkönnunar (Remote
Sensing/RS), sem spannar nokkur hundruð gígabæt til nokkurra terabæta að stærð.
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1 Introduction
This chapter provides an introduction to the thesis, laying out the motivation (Sec.1.1)
and thesis objectives (Sec.1.2), as well as giving an overview of the outline (Sec. 1.3)
and the main contributions made (Sec. 1.4).

1.1 Motivation

The exponential growth in data collection across all domains of science and engineering
over recent decades has rendered their manual analysis infeasible because of sheer
volume. This trend is likely to persist as the barriers to the acquisition of new data
are continuously getting lower, e.g., due to an ever-increasing number of satellites
monitoring the Earth from above or through more powerful measurement devices.
Extraction of meaningful insights from this kind of “Big Data” therefore requires
the adoption of more automized approaches, for which Machine Learning (ML) has
become the main method of choice. Especially Deep Learning (DL) models and
Neural Networks (NNs) have shown to be capable of accurate analysis, e.g., in the
Computer Vision (CV)-, Biology-, High-Energy Physics (HEP), or Natural Language
Processing (NLP) domain [1, 2, 3, 4, 5].
However, two challenges arise when working with NNs: First, the general design of
the NN is complex. Selecting suitable hyperparameters, such as a proper network
architecture or a suitable learning rate (see Fig. 1.1) to guide the optimizer in the right
direction during the training process usually requires expert knowledge to create models
with high accuracy. Many of these decisions are, therefore, still manually performed
by human researchers, who try to select optimal hyperparameters based on experience.
Second, training NNs on massive datasets requires sufficient hardware computing
resources and software frameworks that can efficiently parallelize the training process
to achieve results in a reasonable amount of time. Such hardware resources can be
provided by High-Performance Computing (HPC) systems, which are nowadays mainly
equipped with a large amount of Graphics Processing Units (GPUs), the primary type of
accelerator for DL workloads. To take advantage of these systems, it is possible to split
up the large dataset onto multiple GPU devices and then perform the NN training using
parallel algorithms, a technique that is referred to as distributed DL or data-parallel
DL [6, 7]. At the same time, also Hyperparameter Optimization (HPO) [8], which
describes the systematic search for hyperparameters, can be performed in a distributed
setting. Given a sufficient number of GPUs, multiple NN candidates with varying
hyperparameters can be trained in parallel, which yields well-performing models much
faster than training them all sequentially.
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1 Introduction

Figure 1.1. Learning curves of training a small Convolutional Neural Network (CNN)
with different initial learning rates and a cyclic learning rate scheduler on the cifar-10
dataset [11].

While distributed methods for systematic HPO and Neural Architecture Search (NAS)
have long existed [9], they are often not evaluated on a large scale and not tailored
towards HPC usage. Consequently, these methods often neglect some of the inherent
features of large-scale HPC systems, which include an expansive storage system for
fast data loading, numerous accelerators for fast computation, and an optimized inter-
connection network structure that facilitates fast communication. Additionally, a large
portion of literature in the field of Automated Machine Learning (AutoML) centers
around benchmarking datasets from the CV domain and several scientific disciplines
(such as the Remote Sensing (RS) or Computational Fluid Dynamics (CFD) domains)
have so far not taken advantage of sophisticated HPO methods.
The motivation of this thesis is therefore to leverage the inherent features of
large-scale HPC systems, for performing efficient, distributed HPO to improve
the performance of DL models on several scientific applications. This thesis is
motivated by use cases that are mainly embedded within the Center of Excellence
“Research on AI- and Simulation-Based Engineering at Exascale” (CoE RAISE)1,
a collaborative effort between scientific and industrial researchers to develop novel,
scalable Artificial Intelligence (AI) technologies. CoE RAISE provides numerous use
cases from the engineering domain and the natural sciences, along with extensive open
datasets that measure up to 8.3 Terabyte (TB) in size. The HPC systems used for the
development and empirical evaluations of the HPO methods are mainly located at the
Jülich Supercomputing Centre and include the JUWELS BOOSTER machine [10],
which is among of the most powerful supercomputers in Europe. Apart from classical
supercomputing, also the novel computing paradigm of Quantum Annealer (QA) is
investigated in regard to performing efficient HPO.

1CoE RAISE: https://www.coe-raise.eu/
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1.2 Thesis Objectives

1.2 Thesis Objectives

The main research question this thesis seeks to answer is whether it is possible to
leverage the inherent features of HPC systems to perform HPO efficiently. This is
structured into four thesis objectives:

• TO 1 – Evaluate and validate software frameworks that can be used for distributed
DL and distributed HPO at large scale to identify toolsets utilizing HPC systems

• TO 2 – Develop a scheduler facade to combine distributed DL and HPO to
perform scalable and resource-efficient HPO on HPC systems

• TO 3 – Implement a workflow to couple an emerging Quantum architecture with
an HPC systems for HPO and exploit novel accelerator capabilities

• TO 4 – Improve the performance of DL models from different scientific applica-
tions with HPO

While TO1 serves as an introduction point to familiarize with the relevant software
packages in an HPC environment, TO2 and TO3 are concerned with the development
and optimization of algorithms and techniques to use at the intersection of distributed
DL, HPO and HPC. In TO4, the methods and workflows developed are applied to use
cases from different scientific domains to demonstrate their advantages.

1.3 Outline

This thesis follows a cumulative style, presenting the results of the conducted research
as a collection of articles published in conferences and journals. Additionally, all code
developed is released on Git repositories.

1.3.1 Thesis Structure

The thesis is organized as follows:

• Chapter 1 provides an introduction and describes the motivation of this thesis.

• Chapter 2 introduces relevant concepts on the topics of HPC, DL and HPO.

• Chapter 3 summarizes the related work in the fields of large-scale, distributed
DL and HPO, upon which this thesis builds and extends.

• Chapter 4 presents the conference and journal publications in detail, including
those currently under review at journals.

• Chapter 5 concludes the thesis with a summary of the main findings and a brief
outlook of directions of future research.

3
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1.3.2 Publications

The following publications are part of this thesis. The complete documents are included
as appendices.

• Paper I:
M. Aach, E. Inanc, R. Sarma, M. Riedel, and A. Lintermann. “Large scale
performance analysis of distributed deep learning frameworks for convolutional
neural networks.” In: Journal of Big Data 10.1 (2023), p. 96,
https://journalofbigdata.springeropen.com/articles/1
0.1186/s40537-023-00765-w

• Paper II:
M. Aach, E. Inanc, R. Sarma, M. Riedel, and A. Lintermann. “Optimal Resource
Allocation for Early Stopping-based Neural Architecture Search Methods.” In:
Proceedings of the Second International Conference on Automated Machine
Learning (2023), https://proceedings.mlr.press/v224/aach2
3a.html

• Paper III:
M. Aach , R. Sarma, H. Neukirchen, M. Riedel, and A. Lintermann. “Resource-
Adaptive Successive Doubling for Hyperparameter Optimization on Large Datasets
on High-Performance Computing Systems”, submitted to Future Generation Com-
puter Systems (2024), https://arxiv.org/abs/2412.02729
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M. Aach, R. Sarma, E. Inanc, M. Riedel, and A. Lintermann. “Short Paper:
Accelerating Hyperparameter Optimization Algorithms with Mixed Precision.”
In: Proceedings of the SC ’23 Workshops of The International Conference on
High Performance Computing, Network, Storage, and Analysis. SC-W ’23. New
York, NY, USA: Association for Computing Machinery (2023), pp. 1776–1779,
https://doi.org/10.1145/3624062.3624259

• Paper V:
E. Wulff, J. P. Garcia Amboage, M. Aach, T. E. Gislason, TH. K. Ingolfsson, T.
K. Ingolfsson, E. Pasetto, A. Delilbasic, M. Riedel, R. Sarma, M. Girone, and A.
Lintermann. “Distributed Hybrid Quantum-Classical Performance Prediction for
Hyperparameter Optimization”, Quantum Machine Intelligence (2024), https:
//doi.org/10.21203/rs.3.rs-4270639/v1 (Note that the first three
authors have equally contributed to Paper V)

• Paper VI:
M. Aach, R. Sedona, A. Lintermann, G. Cavallaro, H. Neukirchen, and M. Riedel.
“Accelerating Hyperparameter Tuning of a Deep Learning Model for Remote
Sensing Image Classification.” In: IGARSS IEEE International Geoscience and
Remote Sensing Symposium (2022), pp. 263–266, https://doi.org/10
.1109/IGARSS46834.2022.9883257
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1.4 Contributions

1.3.3 Code Repositories

The following code repositories were created during the thesis and relate to the publica-
tions.

• https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/resn
et-benchmarks contains the code for reproducing the large-scale benchmarks
of Paper I

• https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/nas-
allocation contains the code for running the NAS experiments of Paper II

• https://github.com/olympiquemarcel/rasda contains the code
for the Resource-Adaptive Successive Doubling Algorithm (RASDA) method of
Paper III

• https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/mixed-
precision-hpo contains the code for performing mixed-precision HPO of
Paper IV

• https://github.com/JP-Amboage/qtml-hybrid-workflow
contains the code for the hybrid quantum-classical workflow of Paper V

• https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/switch
ing_bs contains the code for tuning the RS model of Paper VI

1.4 Contributions

All presented papers from Sec. 1.3.2 relate to one or more of the thesis objectives in
Sec. 1.2 as shown in Tab. 1.1.

For the accomplishment of TO1, a large-scale evaluation of distributed DL frameworks
was conducted in Paper I, scaling them up to 1024 GPUs on the JUWELS BOOSTER
HPC machine. The communication and data loading processes were found to signifi-
cantly impact runtime, highlighting the importance of a fast HPC network interconnect
for the exchange of data between the file systems and the GPUs, as well as between
GPUs for large-scale DL training. Additionally, the study confirmed the degradation of

Table 1.1. Relation of publications to the TO.

Paper I Paper II Paper III Paper IV Paper V Paper VI

TO1 × × ×
TO2 × × × ×
TO3 × ×
TO4 × × × ×
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solution quality when training with large batch sizes and found that it could be addressed
to some degree by scheduling of the learning rate.
In pursuit of TO2, a larger focus was put on the HPO process on HPC systems. Paper II
presented an empirical evaluation of static GPU allocations for optimally balancing a
fixed number of GPUs between the HPO and the distributed DL loop for commonly
used NAS methods. The findings from TO1 were utilized to implement distributed
DL training with one of the evaluated software frameworks. An adaptive resource
allocation strategy (RASDA) is presented in Paper III, which extends the investigations
of Paper II by allocating more GPUs to the distributed training of more promising
hyperparameter candidates during the HPO process. This method was then scaled to
1024 GPUs and tested on various use cases, effectively exploiting the main features of
HPC: fast computation and fast network communication for the exchange of data. It is
one of the first systematic HPO methods that is applied to a scientific dataset that spans
multiple TBs.
TO3 resulted in novel and first-of-its-kind workflows for quantum performance pre-
diction and mixed-precision calculations combined with early stopping-based HPO
methods. In the first case, a combination of a QA with a classical HPC system low-
ered the overall cost of the distributed HPO process. In the second case, the usage of
mixed-precision calculations led to significant speed-ups for several HPO methods, but
it was found that for evolutionary optimization the saving and loading of model weights
becomes a bottleneck. To alleviate this issue, it was found beneficial to decrease the
checkpoint frequency.
Finally, for TO4, the developed methods and workflows were applied to scientific use
cases. Paper VI applies systematic HPO for enhancing the classification performance
of a RS model using HPC resources. Papers III and IV improved the performance of
a CFD model for flow reconstruction using the proposed workflows. In co-authored
publications, the HPO workflow for a sound localization model was accelerated, while
Paper VIII boosted the classification accuracy of a model for pneumonia and COVID-19
detection. Paper IX increased the accuracy of a super-resolution network for Computer
Tomography (CT) data.
The timeline of the thesis, detailing the period from the beginning to the completion
of the doctoral studies is shown in Fig. 1.2, following the Business Process Model and
Notation (BPMN).
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2 Background
This chapter establishes the background of this thesis, including the three main topics:
High-Performance Computing (HPC) in Sec. 2.1, Deep Learning (DL) in Sec. 2.2 and
Hyperparameter Optimization (HPO) in Sec. 2.3. In Sec. 2.4 the applications that are
used as case studies are briefly introduced.

2.1 High-Performance Computing and Quantum An-
nealing

HPC refers to the use of supercomputers for solving advanced scientific problems
with parallel processing techniques. The basic ingredient of an HPC system is a
single node, which acts as a standalone computer and consists of several Central
Processing Units (CPUs), often complemented by accelerators such as GPUs, and
a shared memory that all processors can access. The processors on the nodes are
responsible for performing fast calculations. Historically, computational capabilities
were enhanced through the exponential increase in transistor density on processor chips,
a trend described by Moore’s law [12]. However, this approach has reached its physical
limitations, and current advancements in computing capacity are primarily achieved by
allocating more processors in parallel and by using hardware accelerators that are more
specialized than general purpose CPUs. Apart from the processors for computation,
HPC systems also feature high-bandwidth, low-latency network connections (so-called
interconnects, e.g., via InfiniBand2) between the nodes to facilitate fast communication,
which is crucial for solving large scientific problems. HPC environments typically
also incorporate high-capacity storage systems to handle the saving and loading of the
current state of the experiments (checkpoints) and massive datasets. To ensure efficient
utilization of computing resources, specialized software is necessary for running jobs
in parallel. For CPU workloads on a single-node level, this includes libraries like
Open Multi-Processing (OpenMP) [13], while in the multi-node setting, Message
Passing Interface (MPI) [14] is used. GPUs rely on vendor-specific libraries such
as NVIDIA Collective Communications Library (NCCL)3 or Radeon Open Compute
Platform (RocM)4 for this purpose. Scheduling and monitoring of parallel jobs are
handled by software tools, such as SLURM [15] or LLView [16]. Large HPC systems
additionally require advanced cooling mechanisms.

2InfiniBand: https://www.infinibandta.org/
3NCCL: https://github.com/NVIDIA/nccl
4RocM: https://github.com/ROCm/ROCm
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2 Background

In recent years, modular supercomputing [17] has seen a rise in popularity. In this
approach, not all nodes of a cluster have the same architecture; instead, some parts of
the cluster are targeted toward specific applications. For example, certain nodes may
feature more GPUs per node to handle DL workloads, while other nodes feature more
CPUs to handle cases from classical simulation sciences.
The performance of supercomputers is regularly assessed through the TOP500 list5,
which ranks the fastest systems in the world based on the LINPACK benchmark6. As
of the latest ranking (06/2024), the Frontier System at Oak Ridge National Laboratory
leads with a performance of 1 206 exaflops, which means it is capable of performing
more than 1018 floating-point operations per second. The most energy-efficient cluster
as of 06/2024 is the JEDI system at Jülich Supercomputing Centre.

A common metric for tracking the efficiency of a program or algorithm running on such
an HPC system is to perform strong scaling tests. Here, a fixed problem size is chosen,
while the number of workers is increased and the runtime of the program is measured at
the difference scales. The speed-up can then be calculated by

S =
T1

TN
, (1)

where N is the number of workers, T1 is the runtime of the single worker baseline case,
and TN is the runtime on N workers. For easier comparison, the parallel efficiency EN
can then be expressed by

EN =
SN

N
, EN ∈ [0,1] (2)

In case EN equals (or is close to) 1, the best possible scaling performance is achieved.
Only in exceptional cases, values larger than 1 are possible. Analyzing EN allows for a
standardized comparison of the different methods.
When the problem size is too large to fit onto a single node, and thus no T1 baseline
case runtime can be computed, a weak scaling analysis is performed. Here, the problem
size is increased with the number of workers. Ideally, the runtime then stays constant
across scales.
These scaling behaviors are theoretically bounded by two fundamental laws in par-
allel computing. Amdahl’s law describes the maximum speedup achievable when
parallelizing a program with both serial and parallel portions:

SN =
1

(1− p)+ p
N

(3)

where p is the proportion of the program that can be parallelized and N is the number of
processors. It is related to the strong scaling metric. Gustafson’s law, on the other hand,
considers that the problem size often scales with the number of processors available,
leading to a different speedup formula:

SN = (1− p)+ p∗N (4)

5TOP500: https://top500.org/
6LINPACK: https://www.netlib.org/benchmark/hpl/
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2.2 Deep Learning

where p is the proportion of the program that can be parallelized and N is the number
of processors. It relates to the weak scaling metric.

Quantum Annealing

Apart from classical CPU- and GPU-based supercomputers, other types of hardware
architectures are emerging. One example are Quantum Computers (QCs), which use the
properties of quantum mechanics to perform calculations. While it has been shown that
these gate-based QCs have some theoretical advantages over classical computers [18], it
is unlikely to materialize in practice in the near future [19]. In contrast to gate-based QCs,
QA [20] use a heuristical optimization process for solving Quadratic Unconstrained
Binary Optimization (QUBO) problems [21], a special class of optimization problems,
where problem variables can take values over a binary set. The general cost function
C(v1, . . . ,vM) of a QUBO problem with M binary variables vi, i = 1, . . .M is defined as:

C(v1, . . . ,vM) := ∑
i≤ j

Qi jviv j, (5)

where Q is the QUBO upper diagonal weight matrix that stores the coefficients of the
problem.
When solving the QUBO problem on QA systems manufactured by D-Wave7, the vi are
encoded to represent the values of the qubits. The optimization problem is then solved
by cooling the system down, which tends to its minimum energy state. The qubits can
then be read out and represent a minimum of the cost function and thus a solution to the
original optimization problem. The evolution to a minimum energy state is probabilistic
and therefore repeated several times, so the QA returns not one but a set of solutions.
The JUPSI machine8 is currently one of the largest D-Wave QA and is located at Jülich
Supercomputing Centre. To leverage such devices for ML, it is necessary to rewrite the
ML optimization problem as a QUBO problem, which in literature has been shown to
work, e.g., for Support Vector Machine methods [22, 23, 24].

2.2 Deep Learning

In this sub-section, the concept of Deep Learning (DL) is introduced in Sec. 2.2.1 and
the different methods of distributing the training are summarized in Sec. 2.2.2.

2.2.1 Introduction to Deep Learning

Deep NNs are ML models that consist of multiple layers of neurons. Input data to
the network is processed through these layers, with each layer learning increasingly
complex representations through its parameters. From a mathematical point of view,
these parameters at each layer l consist of a weight matrix W (l) and a bias vector b(l),

7D-Wave: https://www.dwavesys.com/
8JUPSI: https://www.fz-juelich.de/en/ias/jsc/systems/quantum-computing/

juniq-facility/juniq/d-wave-advantagetm-system-jupsi
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which are collectively denoted as θ = {W (l),b(l)
L
l=1} for a network with L layers. The

layer-wise transformation follows:

h(l) = σ(W (l)h(l−1)+b(l)) (6)

where h(l) represents the layer output and σ denotes a non-linear activation function
such as the Sigmoid function.

Given a Neural Network (NN), consisting of weights and biases θ , the prediction
performance on a training dataset D , consisting of input and target values can be
computed by measuring the distance between the predicted and actual target values
with a loss function L(θ). Prominent choices for L include the mean-squared error
in a regression case or the cross-entropy in the classification case. To minimize L(θ)
(and optimize the θ values), the Stochastic Gradient Descent (SGD) technique [25] is
used. Here, at timestep t, a certain amount of samples from the training dataset D is
chosen (batch size BS), over which the gradient of the loss G(θt) = ∇L(θt) is computed
through backpropagation, by recursive application of the chain rule. The NN parameters
are then updated in the direction of the steepest descent of the gradient with step-size
(learning rate) ε:

θt+1 = θt − ε ∑
BS

G(θt) (7)

This process is repeated iteratively on a single device (e.g., a single GPU). While
SGD is not guaranteed to converge to a global minimum, experience has shown it can
find local minima in a reasonable amount of time [26]. Other variations of gradient
descent optimization methods include Adaptive Moment Estimation (ADAM) [27] or
RMSProp9.

2.2.2 Distributed Deep Learning

Several methods for distributing the training of deep NNs across different workers exist
that can be categorized into three approaches: data-parallel training where each worker
holds a copy of the model and trains it on a subset of data, model-parallel training,
where each worker holds a part of the model weights, and federated learning, where the
data is split across different clients. The methods are introduced in the following.

Data-Parallel Deep Learning

When the training dataset is large, it is possible to accelerate the process by using
multiple devices at the same time and performing data-parallel training. Here, the
training dataset D is partitioned across the total number of workers N, and each worker
then trains an identical copy of the model on its distinct subset of the data D1 ∪D2 ∪
. . .∪DN . Specifically, each worker i = 1 . . .N runs one model forward and backward
pass with a predefined number of samples (local batch size BSlocal) of its subset of data
to compute its local gradients Glocal(θ) concerning the model parameters θ . After the

9RMSProp: https://keras.io/api/optimizers/rmsprop/
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backward pass, these local gradients are aggregated and averaged across all workers to
compute the global gradient Gglobal as follows:

Gglobal(θ) =
1
N

N

∑
i=1

Gi(θ) (8)

The averaged global gradient is then used to update the model parameters on all workers
every BSglobal = BSlocal ×N samples [6]. Data-parallel training can be performed with
synchronous or asynchronous communication, and with a centralized parameter server
or and decentralized approach [7].

Model-Parallel Deep Learning

When the NN itself is too large to fit into the memory of a single device, model-parallel
training becomes essential. Here, the model parameters θ are partitioned across the total
number of workers N, such that θ1 ∪θ2 ∪ . . .∪θN (e.g., each NN layer could reside on
a different worker). As the input data flows though the network during the forward pass
and the gradients during the backward pass, the output and input of the layers needs to
be passed from device to device. While this distribution enables the training of larger
models, it introduces communication overhead and can result in worker idle time as
devices wait for data from previous layers. Different versions of model-parallel training
include pipeline [28] or tensor-parallelism [29]. Model-parallel training is essential for
NN with billions of parameters.

Federated Deep Learning

The federated learning approach becomes necessary, when the training data D1 ∪D2 ∪
. . .∪DN is distributed across N different facilities and can not be shared, e.g., due to
privacy regulations or practical constraints. In this case, at each facility one client is
launched that performs one or multiple local NN training steps on its private dataset
to obtain locally updated model parameters θi. In the FedAvg algorithm [30], these
local models are then aggregated and a weighted average over all model parameters
θi of the local clients i = 1 . . .N is computed. The averaged global model is then
redistributed to all clients for the next round of training. A potential bottleneck are
the communication costs between clients [31]. While the primary focus of federated
learning is the preservation of data privacy [32], recent results have shown it can also be
leveraged to train large NNs across geographically different HPC systems [33]. This
distributed approach effectively reduces the time-to-solution of NN training.

2.3 Hyperparameter Optimization

In DL, the hyperparameters refer to the kind of values that are usually set by the user
before the training run. They are distinct from the actual parameters of the NN, as
they usually remain fixed throughout the training run and are not optimized during the
forward and backward passes of the training. Still, the types of hyperparameters vary a
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lot. On the one hand, they include architectural parameters, such as the number and type
of layers, number of neurons per layer, or activation functions used in between layers.
The search for optimal parameters related to the NN architecture is also described
as NAS. On the other hand, the classical hyperparameters include parameters of the
optimization process, such as the choice of the optimizer (e.g., SGD or ADAM), the
learning rate, or the weight decay. Sometimes also data pre-processing steps are
optimized, e.g., the crop size in image processing. As a whole, this process is also
referred to as AutoML [8].
Mathematically speaking, the performance of a NN regarding a metric or loss function
(e.g., the error on a validation data set) can be described by

f (x) : X → R (9)

where X is the space of all possible hyperparameters and model architectures. Then
main goal of HPO is to systematically minimize the objective function f (x) by finding
hyperparameters x∗ ∈ X such that

x∗ ∈ arg min
x∈X

f (x) (10)

Performing this kind of minimization is challenging due to several reasons [34]. The
evaluation of the objective function f for a single parameter combination x is expen-
sive, as it requires a complete model training run, which for large models or datasets,
demands high computational resources. Furthermore, the search space X that the
hyperparameters are sampled from is complex and high-dimensional. This is due to
the diverse nature of hyperparameters, e.g., the number of layers in a NN is an integer
while the learning rate is of floating point value type. Classical optimization techniques,
such as gradient descent can usually not be applied in this setting. In order to perform
systematic HPO, it is, therefore, necessary to rely on a low-cost approximation of f (x)
and sample configurations to be evaluated efficiently.

2.4 Applications

In this sub-section, the applications from different fields of science are introduced. They
are used as case studies in this thesis.

2.4.1 Computer Vision Benchmarking

Computer Vision (CV) has been an active field of research in the past decades. To
evaluate newly proposed methods in a standardized way, several widely accessible
benchmarking datasets exist. Two examples of smaller datasets that are a few hundred
Megabyte (MB) in size include the cifar-10 dataset [11] (consisting of 60,000 images
from 10 different classes, such as dog or cat) and the TinyImageNet dataset [35] (con-
sisting of 100,000 images, split into 200 classes). An example of a larger benchmarking
dataset is ImageNet (≈ 300 GB in size when uncompressed), originally introduced for
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the ImageNet Large Scale Visual Recognition Challenge10, which features 1,281,167
training images and 50,000 validation images divided into 1,000 object classes [36].
One way to measure the performance of ML methods that have the goal of image
recognition on these datasets is through the validation accuracy [37], which is computed
from correctly classified validation images. The datasets have all been widely used as
reference benchmarks in HPO and NAS literature [38, 39, 40].

2.4.2 OpenML Platform

OpenML is a collaborative, open-source platform designed to facilitate the sharing and
reproducibility of ML datasets and experiments [41]. It provides a structured framework
for organizing and sharing various components of the ML workflow, centered around
datasets, the type of task (e.g., classification or regression), the flow to apply to the data
sets (which includes the actual algorithm to run), and the runs (containing the actual
results of applying a flow to a task). This structure allows for comprehensive tracking
and sharing of experiments, enabling researchers and practitioners to easily access,
reproduce, and build upon others’ work. OpenML provides integration of various
programming languages, including Python and R [42, 43]. Currently, the platform
features more than 5,700 datasets and has become a foundation for several standardized
benchmarks, particularly in the field of HPO [44, 45].

2.4.3 Remote Sensing

Remote Sensing (RS) describes the process of acquiring information about an object,
such as the Earth’s surface, atmosphere, or oceans, from a distance without direct
physical contact with the object. The technique relies on advanced measurement
devices, typically mounted on satellites or other types of aircraft. These sensors capture
electromagnetic radiation, containing light, radio, and other wavelengths emitted from
the object. In the case of Earth Observation (EO), visible and infrared sensors, for
instance, can be leveraged to produce high-resolution images for land cover mapping
or monitoring of vegetation. Radar sensors can offer valuable information on terrain
elevation or soil moisture levels. Due to several satellite missions, such as the Copernicus
Sentinel-211 the same area of the Earth is observed every few days, generating a large
amount of raw observation data. To gain insights from this data, it is necessary to apply
automated data analytics methods, such as Support Vector Machines [46] or NNs [47].
Benchmarking datasets for assessing the performance of these analytics methods include
the BigEarthNet [48], which is 66 Gigabytes (GBs) in size. In this thesis, the goal is
to improve the performance of image classification DL models which are trained on
BigEarthNet.

10ImageNet Large Scale Visual Recognition Challenge: https://www.image-net.org/challe
nges/LSVRC/

11Sentinel-2: https://dataspace.copernicus.eu/explore-data/data-collection
s/sentinel-data/sentinel-2
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2.4.4 Computational Fluid Dynamics

Computational Fluid Dynamics (CFD) is a branch of fluid mechanics that involves
solving problems concerning fluid flows via numerical approximation. At its core, CFD
involves the discretization of the continuous fluid domain into single cells, forming a
mesh. The governing equations of fluid dynamics (typically the Navier-Stokes equa-
tions) are then solved numerically with the application of boundary conditions within
these cells in an iterative fashion.
For the numerical solution, mainly three methods are considered: the finite difference,
finite element, or finite volume method. As such methods are computationally expensive,
HPC systems are necessary to perform fast and accurate simulations. Still, especially
turbulence modeling remains a significant challenge in CFD due to the wide range
of length and time scales involved. The spectrum of turbulence modeling approaches
includes methods like Large Eddy Simulation (LES), with different approaches striking a
balance between computational feasibility and accuracy of the simulation. As especially
fine-grained simulations are still very computationally costly, there has been growing
interest in the field of scientific machine learning, which aims at augmenting traditional
CFD solvers with data-driven ML methods.
In this thesis, an 8.3 TB dataset, generated from a high-fidelity LES of an actuated
Turbulent Boundary Layer is used for training DL models, with the goal of learning
how to reconstruct the flow field. The actuation of the Turbulent Boundary Layer is
achieved through a sinusoidal moving geometry, with the movement controlled by
specific actuation parameters [49]. These simulations are executed using the m-AIA
code (an extension of the Zonal Flow Solver [50]), a simulation code developed at
RWTH Aachen University.

2.5 Deep Learning Models

For the applications from Sec. 2.4, several types of NNs are used as base models, which
are then optimized by modifying their architecture and optimizer-related parameters.
This includes simple Multi-Layer Perceptron (MLP) models [51], which are feedforward
NNs usually consisting of just an input, several hidden, and an output layer. Each of
the layers consists of multiple neurons, combined with a non-linear activation function
(such as ReLU or Sigmoid). In this kind of structure, all neurons inside a layer are
connected to all neurons in the following layer (a fully-connected NN architecture),
which increases the number of connections and makes the analysis of image-like input
data infeasible.
To address this limitation, Convolutional Neural Networks (CNNs) were developed,
introducing an inductive bias for the analysis of image data that emphasizes locality.
Unlike MLPs, CNNs use convolutional layers that apply filters (or kernels) to local
regions of the input. This approach significantly reduces the number of parameters
compared to fully connected networks while at the same time helps to capture spatial
relationships within the data. The convolutional layers are typically followed by pooling
layers, which further reduce the spatial dimensions of the data. Stacking several
convolutional layers on top of each other allows them to detect features at different
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levels of detail. Lower layers extract simple information like shapes or colors, while
deeper layers can recognize more complex patterns. This hierarchical structure learning
makes CNNs well-suited for tasks such as image classification or semantic segmentation.
However, stacking too many convolutional layers led to degraded performances, as the
gradients backpropagated through these layers during the training became too small and
vanished. This issue is addressed by introducing residual skip-connections in the ResNet
architecture [1]. These shortcuts allow the input to a layer to skip one or more layers
and be added directly to the output of a later layer, improving the gradient flow and
enabling the training of deep NN. Building upon these advancements, EfficientNet [52]
further optimizes the NN structure by introducing a compound scaling method that
uniformly scales width, depth, and resolution of the network.

Figure 2.1. Structure of an autoencoder model for the reconstruction of a flow field,
with the encoder on the left side, the decoder on the right side, and the latent space in
between. Taken from [53].

The goal of autoencoder models [54] is to achieve compression by down- and sub-
sequently up-sampling the input data. They consist of two main components: an
encoder and a decoder, see Fig. 2.1. The encoder compresses the input data into a
lower-dimensional representation, referred to as the latent space. The decoder then
attempts to reconstruct the original input from this compressed representation. By
forcing the network to reconstruct the input through this bottleneck, autoencoders learn
to capture the most important features of the data while discarding less important ones.
After the autoencoder has been trained, the low-dimensional representation of the input
data in the latent space can then be used for the extraction of information.

In this thesis, CNNs are used within the CV and RS application cases (see Sec. 2.4.1
and Sec. 2.4.3), fully-connected NNs for the OpenML datasets (see Sec. 2.4.2), and an
autoencoder model is used within the CFD application case (see Sec. 2.4.4).
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3 Related Work
This chapter summaries the related work and introduces the current state-of-the-art
algorithms in the field of large-scale DL in Sec.3.1 and in large-scale HPO in Sec. 3.2.
The advancements beyond the related work are then presented in Sec. 3.3.

3.1 Efficient Large-Scale Deep Learning

Ever-increasing model- and dataset sizes require efficient methods for scaling the DL
training. This thesis focuses on the data-parallel training techniques (see Sec. 2.2.2),
as the GPU memory on current generation chips is large enough for holding common
models used in the scientific application fields, but not large enough for holding the
whole set of training data.
Several problems are associated with scaling distributed, data-parallel DL to a large
number of workers. On the one hand, the computational efficiency needs to be kept
high. It usually degenerates as the amount of computation, which involves the forward-
and backward-passes of the NN, reduces in relation to the amount of communication,
which involves the exchange and averaging of the gradients [7]. Initially, one relied
on performing the averaging operation via a central parameter server for handling the
communication of the gradients. The approach is however bottlenecked by the network
bandwidth of the connection to the central parameter server. Instead, one has switched
to the RingAllReduce approach12, where each worker sends its chunk of data to an
adjacent worker, which performs a reduction operation (sum, max, min etc.) locally and
sends the chunk to the next worker. This alleviates the bandwidth bottleneck and is thus
suitable for large setups, see Fig. 3.1. The algorithm is now also used by the NCCL
library. By modifying the SGD optimizer, it is also possible to perform asynchronous
communication [55], which is helpful in cases where the speed of the single workers is
not consistent.
On the other hand, the degradation of the quality of the model performance (e.g., in
terms of validation accuracy) is problematic. To keep GPU throughput high, the global
batch size BSglobal of the NN training is increased linearly with the number of workers
(see Eq. 8). This relationship stems from the mathematical requirements of distributed
training under gradient averaging. Specifically, when using N workers, each processing
a local batch size BSlocal , the global effective batch size becomes BSglobal = BSlocal ×N.
This ensures that the distributed training remains mathematically equivalent to sequential
training with a single large batch size. Experience has shown training with such large

12RingAllReduce: https://andrew.gibiansky.com/blog/machine-learning/bai
du-allreduce/
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Parameter Server

Worker 1 Worker 2

Worker 3 Worker 4

Worker 1

Worker 2

Worker 3

Worker 4

Figure 3.1. Central parameter server approach (left) vs. RingAllReduce (right).
Black arrows show communication between workers.

batch sizes can result in much lower model scores and even in divergence [6, 56].
For example, on the ImageNet dataset [36] models start diverging when trained on
BSglobal > 8000 samples if no countermeasures are taken. This phenomenon occurs
due to two primary factors: First, as BSglobal increases, the number of optimizer steps
decreases, necessitating larger step sizes to reach a minimum within the same timeframe.
To address this issue, several strategies have been proposed: employing learning rate
schedulers that gradually increase the learning rate at the beginning (warm-up) and then
decay it over time; scaling the learning rate with the number of workers (linearly or using
square-root scaling) [57, 58]; or utilizing specialized optimizers such as LARS [59] or
LAMB [60], which introduce layer-wise adaptive scaling mechanisms for the learning
rate. Leveraging such techniques, it becomes possible to train on ImageNet with batch
sizes ranging up to 80k samples [61]. The second reason for the decay in solution
quality is that optimizers with large batch sizes tend to converge to sharp minima [62],
which can negatively impact generalization [56]. In literature this has been addressed
by performing a sufficient amount of HPO [63].
Another approach for efficient data-parallel training at scale without accuracy degra-
dation involves adjusting the batch size itself during the training process. It has been
shown empirically that increasing the batch size dynamically has a similar effect as
decaying the learning rate over time while using fewer parameter updates [64]. A
metric to predict when and how much to increase the batch size is the Gradient Noise
Scale (GNS) [65]. It measures the amount of variance in the gradient in relation to
the size of the gradient and can be approximated with sufficient precision following
Eq. 11, where G is the gradient and Σ the covariance matrix of the gradient. The authors
of [65] also propose a method on how to calculate the GNS without overhead during
the data-parallel training.

GNSsimple =
tr(Σ)
|G|2 (11)
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When using SGD with a small batch size, the gradient update is a noisy estimate of the
true gradient. A big batch of data matches the true gradient much better. Following
this intuition, the GNS can also be seen as a measure of the ratio of noise to signal of
the gradient. A large noise-to-signal ratio indicates that a bigger batch size should be
used and vice versa. Empirically it has been shown the GNS increases as the training
progresses which is an indication to use larger batch sizes in the later part of the training
run [65]. Different libraries, such as Pollux [66] or KungFu [67] already take the
GNS and similar metrics as a basis for systematic optimization of the scheduling and
throughput of DL models on HPC systems.
Apart from the efficient training, also the data loading plays an important role. As the
datasets are at least several hundred GBs in size, an effective approach is necessary
to prevent bottlenecks in the training process, which can occur when GPUs idle while
waiting for data. Different libraries tackle this issue, e.g., the NVIDIA Data Loading
Library (DALI) data loader13 offers the option to directly perform preprocessing steps
on the GPU instead of the CPU, eliminating the need to copy the data from CPU
memory to GPU memory first. The FFCV library [68] uses a special data format to
accelerate the reading of the data. Another factor is the format the data is stored in.
Reading too many small files (such as millions of .jpeg images) can cause a strain on
the underlying filesystem of the cluster. Therefore, formats that compress the data into
one file (and support parallel I/O), such as HDF514 are more favorable.

Mixed Precision

To increase the performance of the calculations on the single GPUs, techniques such as
mixed precision calculations can be used. Usually, the parameters of NNs, e.g., during
forward and reverse passes, are computed and stored using single precision (32-bit
floating point or FP32). However, as the size of the model and the dataset increases, it
was found that not all parameters require such high precision [69], potentially reducing
computation time and disk space. One option is to use half-precision (16-bit floating
point or FP16) calculations. However, since values smaller than 2−24 cannot be
represented in FP16 and already a few non-representable values cause divergence, a
master copy of the weights is kept in memory in FP32. To detect non-representable
values and to avoid propagation and deterioration of model accuracy, there is the
Automatic Mixed Precision (AMP) training workflow with gradient scaling, see Algo. 1.
In literature, it has been reported that models trained with AMP can even reach higher
accuracy than their single precision counterparts, due to regularization effects of the
lower precision [70].

Frameworks

Several frameworks for efficient scaling of data-parallel training exist. Horovod is an
open-source distributed DL library originally developed by Uber for TensorFlow [71]
and was one of the first libraries to make use of the RingAllReduce approach.
It is compatible with all major ML frameworks. PyTorch-DDP (Distributed Data-

13DALI: https://developer.nvidia.com/dali
14HDF5: https://www.hdfgroup.org/solutions/hdf5/

21

https://developer.nvidia.com/dali
https://www.hdfgroup.org/solutions/hdf5/


3 Related Work

Algorithm 1 PyTorch AMP Workflow Pseudocode

1: compute network forward pass in FP16
2: compute loss in FP32; scale by a large factor to ensure representability in FP16
3: compute backward pass in FP16 and check for NaN/Inf
4: if result contains no NaN/Inf then
5: unscale gradients and update optimizer
6: else
7: skip optimizer update
8: end if

Parallel) [6] is another option, mainly developed by Facebook AI Research at Meta.
It uses a similar approach to Horovod for the reduction of the gradients and can work
on top of different communication libraries (MPI, NCCL or Gloo15). The focus of
Microsoft Research’s DeepSpeed library [72] is on the training of massive models that
do not fit into a single GPU. The ZeRO optimizer [73] distributes the training data,
gradient, and model parameters across several GPUs to avoid memory redundancy and
is thus a suitable choice if model- and data-parallel training is needed at the same time.

3.2 Distributed Large-Scale Hyperparameter Opti-
mization

As HPO requires searching through a vast space of possible hyperparameter candidates
to find optimal ones, this process is computationally expensive and there has been
growing interest in reducing the runtime of the process. Two approaches exist to do
so from the software side. The first one focuses on choosing better values for the
hyperparameters, for an evaluation run, here called a “trial”, by learning promising
hyperparameter values from earlier runs. The second approach aims at reducing the
runtime of HPO either by reducing the runtimes of the single trials by employing
better scheduling techniques or by estimating the performance of a hyperparameter
configuration with less than a full training run and terminating unpromising trials early
on. From the hardware side, the HPO process can also be distributed to multiple
devices to run in parallel. By using parallelism, multiple configurations can be evaluated
concurrently, which significantly reduces the total runtime to find candidates that
perform well.
The simplest way to perform distributed HPO is to use the Random Search or Grid
Search approach [74]. In the Random Search case, a fixed number of configurations
from the hyperparameter search space are sampled and evaluated randomly, while in
the Grid Search case, every possible configuration is evaluated, see Fig. 3.2. As in
both cases, each training run is independent of others, and apart from reporting the
final performance of a configuration no communication between trials is required, this
approach is highly parallel, but also computationally expensive. The convergence of

15Gloo: https://github.com/facebookincubator/gloo
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Figure 3.2. Grid Search (left) and Random Search (center) and Bayesian Optimization
(BO) (right) visualized for two hyperparameters x1,x2. A cross marks an evaluation of
a hyperparameter configuration and the blue contours show regions with promising
values.

these methods relies on the principle that as the number of sampled configurations
increases, the likelihood of identifying the optimal hyperparameter configuration also
increases.

Successive Halving and Hyperband

One approach to reduce the computational burden of Random Search is to approximate
the objective function f (see Sec. 2.3) by evaluating it with a lower fidelity, e.g., by
running a trial with fewer epochs. Worse-performing trials are then cut off early and
only the best-performing trials are allowed to continue training. This early stopping
procedure is then repeated at multiple points in time and is known as Successive Halv-
ing [75]. It frames the HPO problem as a multi-armed bandit, where each arm represents
a hyperparameter configuration. Pulling an arm then means training the configuration
for a set number of iterations. The objective is to identify the arm with the highest
payoff with a given budget B. Successive halving approaches this efficiently by first dis-
tributing an initial budget B0 evenly across narms configurations. After evaluating their
performance at a milestone defined by B0/narms budget units, it eliminates a fraction
(1− 1

η
) of the poorest-performing configurations and continues training the remaining

ones, by multiplying their computational budget by η . The reduction factor η typically
ranges from 2 to 4, see Fig. 3.3. This process creates a series of rungs, where each
rung represents a selection and promotion cycle. Through successive iterations of this
procedure across rungs, the algorithm gradually narrows down to a single configuration
that demonstrated the best overall performance.

The theoretical foundation of successive halving rests on the assumption that eventually
the losses of all sampled hyperparameter configurations xi, i = 1 . . .narms converge to
terminal loss values λi. For any configuration, one can then define an envelope function
γi(κi) that represents the maximum possible deviation between the intermediate loss
at budget κi and the configuration’s terminal loss λi. Assuming the first arm to result
in the lowest loss, i.e. λ1 < λ2 ≤ ... ≤ λn, this convergence property enables one to
differentiate between two configurations x1 and x2 with different terminal losses already
after budget τ . Specifically, one can distinguish between them once their envelope
functions γ1 and γ2 no longer overlap, which is once the widths of the envelopes become
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smaller than the differences of the terminal losses λ2−λ1
2 [9]. This property ensures that

successive halving will identify the optimal configuration, as long as no halving step is
performed before budget τ that could discard configuration x1. In practice, however,
the convergence behaviour of the configurations is not known beforehand, making it
difficult to choose how to allocate the total budget B. In cases where configurations
are easily distinguishable early on, it is advisable to spend more budget on sampling a
larger number of configurations narms. When configurations are hard to distinguish, it is
more advisable to train configurations for longer, to avoid wrong terminations, at the
cost of a reduced number of configurations.

The Hyperband (HB) algorithm [76] solves this issue of trading off the exploration of
more hyperparameter combinations by initially launching more trials, with the deeper
exploitation of the trials by training them for longer, by iterating over different numbers
of initial trials in so-called brackets s. Given a total amount of resources R to spend per
configuration, the total number of brackets is computed as:

smax = ⌊logη(R)⌋ (12)

HB then loops over the different brackets, performing successive halving within each
one, starting with s = smax as the most aggressive bracket, where exploration is max-
imized. The most conservative bracket s = 0 with the least amount of aggression is
equal to pure Random Search. In the worst-case scenario, this is the only bracket that
produces useful results, as the other brackets all terminated promising configurations
too early. Theoretically, this makes HB a constant factor worse than plain Random
Search in terms of runtime. Empirically it has been shown, however, to be much more
efficient and to discover better solutions than Random Search when given the same
amount of runtime [9].
When using HB, in most cases the number of epochs, training time or data subsets are
used as fidelities. Some schedulers (HyperScher [76], Rubberband [77]) also treat the
number of computational resources (such as the number of GPUs) as fidelity, but take
advantage of the elasticity of the Cloud for allocation and de-allocation of these types
of resources. On HPC systems, where the number of workers allocated to an HPO job
usually stays fixed, this is not feasible.

Bayesian Optimization Hyperband

As gradient-based optimization techniques are hard to apply in a diverse hyperparameter
space [34], Bayesian Optimization (BO) has become one of the main methods in HPO
to find the minimum of the objective function f . The idea behind BO is to use a
probabilistic surrogate model of the objective function f based on data points observed
in the past. In the case of HPO, this means finding promising new hyperparameter
configurations based on the performance of past trials. To discover new configurations,
an acquisition function is used, and the following process is iterated:

1. Find the value that maximizes the acquisition function.
2. Evaluate the objective function at this maximum.
3. Include the new data point in the observation pool and refit the model.
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Figure 3.3. Successive halving with different numbers of initial trials and different
reduction factors. Dotted vertical lines represent decision points.

BO can be combined with the HB scheduling method: In Bayesian Optimization
Hyperband (BOHB), HB chooses the number of hyperparameter configurations and
their assigned budget. For the BO part, BOHB employs a modified version of the tree
parzen estimator [78]. The model is fitted once enough observations are available from
trials running with the lowest budget. Combining BO and HB has several advantages:
good results are achievable fast and on smaller budgets while on larger budgets the
performance is better than other methods, such as plain HB.

Asynchronous Successive Halving Algorithm

Asynchronous Successive Halving Algorithm (ASHA) [40] addresses the problem of
large-scale HPO by improving the scalability of HB. To assess the most promising trials,
HB waits for all trials to reach a certain threshold in time before applying successive
halving. This leads to idling workers as some trials will be faster than others. ASHA
circumvents this by deciding on a rolling basis which trials are promising. When
two trials reach a successive halving point, the trial with the higher performance is
allowed to proceed while the other trial is temporarily halted until the performance of
the next completed trial can be juxtaposed. Even though this means some sub-optimal
trials are promoted, the asynchronous comparison technique results in large speed-ups
on up to 500 GPUs. As HB, ASHA concentrates solely on the scheduling aspects
of HPO, and new hyperparameter configurations are randomly sampled. It inherits
the theoretical convergence guarantees of successive halving and HB, is, however, in
practice only configured to run with the three most aggressive brackets and for large-
scale problems with the single most aggressive HB bracket [40]. ASHA also focuses
not only on identifying the optimal hyperparameter configuration but also on delivering
the fully trained model. In contrast to HB, ASHA requires as input not the total budget
B, but instead a minimum mint and maximum maxt resource amount to spend per
configuration.
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Evolutionary Methods

Evolutionary methods in HPO seek to mimic the process of evolution and natural
selection for finding optimal hyperparameters. At the beginning, an initial population of
different ML models with randomly sampled hyperparameters is initialized and trained
for a few epochs (a generation). Then the performance is measured and the models are
ranked according to their results. In the next step, different genetic operations such as
mutations are applied. In the case of mutation, the worst-performing trials copy the
state and hyperparameters of the best-performing models and apply small perturbations
to these parameters. This way, only the best-performing models continue training.
The worst performing ones are early-stopped and their resources are reassigned to the
perturbed configurations. One of the most commonly used frameworks for evolutionary
HPO is the Population Based Training (PBT) algorithm, introduced in [79]. As multiple
models are trained in parallel and the performance evaluation only takes place at
certain points in time, the framework is highly scalable. Due to the iterative nature of
the optimization process, the framework is also suitable for finding not just optimal
steady hyperparameters but also unsteady series of hyperparameters, such as learning
rate schedules. The early-stopping of sub-par configurations makes it additionally
computationally efficient.

Performance Prediction in Hyperparameter Optimization

Automatic performance prediction seeks to mimic the process of human experts devel-
oping ML models. By looking at the early results of the iterative training of NNs they
can often tell if the current configuration of hyperparameters will converge to an optimal
solution. If it does not, the expert terminates the training and starts a new training run
with different hyperparameters. The main challenge is to make good predictions for
the learning curve, based on a few evaluations [80]. One of the first approaches to
automate the prediction was introduced in [81] where the combination of several proba-
bilistic models is used to extrapolate learning curves, like the ones shown in Fig. 1.1 in
Sec. 1.1. Integrated into HPO algorithms, it sped up the process of finding the optimal
configuration of hyperparameters by a factor of 2. Based on Gaussian Processes, [82]
introduces a BO method that halts unpromising models (based on the extrapolation of
their learning curve) and trains more promising models instead. In [83], the authors
use a Bayesian NN to perform learning curve extrapolation for different types of neural
networks. The method is then integrated into another HPO method as a surrogate model
for performance prediction. Another approach is taken in [84] where again with the
help of BO the performance of neural networks trained on small parts of the training
data is extrapolated to the full training set. The focus of [85] is computationally cheap
regression methods to perform the learning curve extrapolation. The authors train linear,
random forest, and support vector regressors on hyper and architectural parameters, as
well as time series features derived from the learning curve of the neural networks. The
results show that when training these regression methods with hundreds of full learning
curves, they can accurately predict the final performance of a NN.
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Orchestration by Ray TuneHPO Trial Orchestra3on by PyTorch-DDP

Figure 3.4. Ray Tune in combination with PyTorch-DDP, performing distributed HPO
with distributed DL.

Software Frameworks

Apart from the algorithms, several software frameworks for performing distributed
HPO exist. One of the main frameworks that is used for HPO is the open-source library
Ray16. Its subpackage Ray Tune [86] can run distributed HPO at scale. As HPO
involves running a lot of trials with different sets of hyperparameters, allocating and
launching each trial manually is inefficient. With Ray Tune, one head node and several
worker nodes need to be launched via a SLURM script. The head node then connects
to the worker nodes and launches the trials. During training, the worker nodes report
their current status, including performance metrics, to the head node that terminates
low-performing trials or launches new ones. The user specifies the number of resources
to use per trial, the hyperparameters and their range, and a scheduling or optimization
algorithm. The head node takes care of communication and scheduling tasks. Ray
Tune can be integrated with other distributed DL frameworks, such as PyTorch-DDP or
Horovod to not only parallelize the HPO loop but also the training of the single trials,
see Fig. 3.4.
Other packages include Dragonfly [87] and SMAC [88], which both focus on scalable
BO, including different surrogate models and acquisition functions. Optuna [89], which
also mainly relies on BO for the optimization process features easy automatization and
tracking of experiments.
From the HPC side, DeepHyper [90] puts a focus on asynchronous BO, which becomes
necessary when running a large number of trials in parallel [91]. The computation of the
BO surrogate model usually happens only on the head node of the distributed process, a

16Ray: https://www.ray.io/
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bottleneck if the number of worker nodes is large. The adoption of an asynchronous
communication approach and a local computation of the surrogate models on each
worker node alleviates this bottleneck. DeepHyper has been applied to different scien-
tific use cases on up to 1920 GPUs [92, 93, 91]. Under the hood, it relies on the MPI
or Ray backend for communication. PENGUIN leverages a decoupled performance
prediction method on HPC to avoid interfering with the search process for NAS work-
loads [94]. In [95], a pipeline for HPO which runs on HPC systems is introduced in
the context of DL-based COVID-19 diagnostics. Propulate [96] is another HPC-ready
HPO package running on MPI, with a focus on evolutionary optimization. However,
none of the discussed frameworks put a special focus on integrating parallel HPO with
distributed DL, a key necessity for handling the multi-TB-scale datasets addressed in
this thesis.

3.3 Advancements Beyond Related Work

As systematic HPO involves the evaluation of multiple configurations in parallel, it
is a problem that can easily be distributed to multiple workers. The majority of HPO
algorithms in the literature are, however, only evaluated on a smaller number of CPU
workers. This work presents one of the first systematic evaluations of the scalability of
methods like HB on large scales of GPU workers in the context of TO1. Additionally,
the performance of HPO methods is often only evaluated on standardized CV or smaller
tabular benchmarking datasets, and more diverse scientific datasets are overlooked. This
is addressed in the context of TO4 in this thesis. As these scientific datasets are often
large, even the evaluation of a single training epoch of the hyperparameter trials requires
long runtimes. This work, in contrast to other methods, puts a focus on combining
distributed DL with distributed HPO to accelerate the search for optimal hyperparameter
combinations in the context of TO2. In that direction, one of the introduced algorithms,
RASDA extends the classical ASHA method and treats the number of GPUs allocated to
the data-parallel training loop of the single trials as a fidelity, which becomes necessary
when applying HPO to problems that involve multi-TB-scale datasets and can exploit
the inherent features of HPC systems. So far, also none of the existing algorithms put
their main focus on leveraging novel accelerator capabilities for performing HPO. By
evaluating the performance of successive halving and evolutionary-based HPO methods
in combination with the AMP workflow and by presenting a performance prediction
workflow for running HPO on a novel QA, this work aims to address these gaps in
existing research in the context of TO3.
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4 Summary of Publications
This chapter provides a summary of the publications underlying this doctoral thesis and
puts them into the context of the thesis objectives.

In the following evaluations, the problem size is in most cases specified by fixing the
total number of hyperparameter configurations to evaluate (Paper II, III, V, VI) or the
total number of epochs to train for (Paper I, V). This allows for the computation of
scaling metrics (see Sec. 2.1) across different numbers of workers and also makes
comparisons between different HPC systems and types of hardware possible. This
approach of defining problem sizes is also widely adopted in the HPC literature. This is
different from evaluations in the HPO literature, where often the total wall-clock time
is fixed and as many hyperparameter configurations as possible during that timespan
are evaluated. From the user’s perspective, both approaches of defining the problem
size are valid since the end goal remains obtaining the best-performing model at the end
of an HPO run. As the successive halving-based algorithms that are used in this thesis
also exhibit strong anytime performance and focus on delivering favorable results in the
short timespans [40], they are in general also applicable in settings where a maximum
compute budget in terms of the wall-clock time is provided.
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4.1 Paper I

M. Aach, E. Inanc, R. Sarma, M. Riedel, and A. Lintermann. “Large scale performance
analysis of distributed deep learning frameworks for convolutional neural networks.”
In: Journal of Big Data 10.1 (2023), p. 96, https://journalofbigdata.springeropen.com/
articles/10.1186/s40537-023-00765-w

This paper contributes to TO1 in the sense that it evaluates the three main frameworks
used for distributed DL, Horovod, PyTorch-DDP, and Deepspeed and two data loaders
in an HPC setting on a CV benchmark and validates their performance at scale.

The paper uses one of the main benchmarking cases in CV and DL, the training of
ResNet models of different sizes on the ImageNet dataset. The performance and scala-
bility of three different frameworks: Horovod, PyTorch-DDP, and DeepSpeed, and two
data loaders (the native PyTorch data loader and the DALI data loader) are assessed on
the JUWELS Booster machine at Jülich Supercomputing Centre on up to 1024 NVIDIA
A100 GPUs.

The scalability results in terms of data throughput over the number of GPUs, are shown
in Fig. 4.1. In essence, the DALI data loader demonstrates higher throughput in compar-
ison to the native Pytorch data loader, regardless of the choice of DL framework. For
DALI, there is not much difference in performance between PyTorch-DPP and Horovod.
On the largest setup of 1024 GPUs, Horovod and PyTorch-DDP achieve a parallel
efficiency of 0.76. For the native data loader, DeepSpeed shows the highest throughput
on a small number of GPUs, but worse performance than Horovod and PyTorch-DDP on
setups of more than 64 GPUs, with PyTorch-DDP showing the strongest performance
on 512 GPUs. An in-depth analysis with the NSys profiler17 reveals that, as expected,
over time the communication in relation to the computation increases and that the data
loading becomes an important factor, stressing the importance of using an efficient data
loading tool.

Apart from the computational efficiency, also the impact of large batch training on the
validation accuracy is examined. As the tuning of the learning rate is fundamental for
the convergence of the training, three different learning rate schedulers are tested: a
step-wise approach where the learning rate is decreased by an order of magnitude every
30 steps, which is in line with the original training recipe [1]. The cosine annealing
schedule [97], in contrast, uses a smoother annealing that decreases the learning rate
every epoch. The exponential annealing schedule starts out with a large learning rate
and then rapidly decreases it in the beginning and more gradually afterwards.

All schedules use a similar warm-up of the learning rate during the first five epochs. On
the ResNet50 training benchmark, the step-wise and cosine annealing schedules reach
similar validation accuracy up to a batch size of 16k, see Fig. 4.2. On the largest batch
size tested (64k = 1024 GPUs), however, the exponential annealing schedule seems the

17NSys profiler: https://docs.nvidia.com/nsight-systems/index.html
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Figure 4.1. Throughput DT in images per second (i/s) of different frameworks and data
loaders for the ResNet50 case, averaged over three experimental runs. Top: Throughput
of Horovod and PyTorch with the DALI data loader. Bottom: Throughput of Horovod,
PyTorch-DDP, and DeepSpeed with the native PyTorch data loader on raw ImageNet
dataset, including comparison with Horovod-DALI-CPU throughput.
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Figure 4.2. Analysis of different learning rate schedulers for ResNet50 training, showing
validation accuracy (V ) over batch size BS.

better choice, achieving a validation accuracy of > 50% while the others fall below that
threshold. Still, the accuracy achieved in the smaller batch regime cannot be reached
here.
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M. Aach, E. Inanc, R. Sarma, M. Riedel, and A. Lintermann. “Optimal Resource
Allocation for Early Stopping-based Neural Architecture Search Methods.” In: Proceed-
ings of the Second International Conference on Automated Machine Learning (2023),
https://proceedings.mlr.press/v224/aach23a.html

This paper contributes mainly to TO2, as it investigates the empirical performance
of different NAS algorithms on HPC systems and derives recommendations on how to
optimally balance the parallelism between the distributed DL and distributed NAS/HPO
loops. It also contributes to TO1 in the sense that it uses a distributed combination of
the Ray Tune and PyTorch-DDP libraries in the HPC environment.

When using a fixed amount of parallel computing resources to perform NAS or HPO,
there are two options on how to distribute these resources: On the one hand, state-of-
the-art NAS algorithms are suitable for evaluating multiple configurations at the same
time and this increases the likelihood of discovering well-performing ones. On the other
hand, if more resources are allocated to the training of the single configurations (e.g.,
if more GPUs are used for the data-parallel training), results will be available faster.
This paper empirically examines the total runtime of NAS workloads with the early
stopping-based HB, ASHA, BOHB algorithms in general and with varying degrees of
parallelism on NATS-Bench [98], a standardized evaluation framework for comparing
different NAS algorithms. The search space for this benchmark is based on a CNN and
features a total number of 85 possible architectures, trained on the cifar-10, cifar-100,
and imagenet-16 (a downscaled 16×16 pixel version of ImageNet) datasets.

The general speed-up of the algorithms when evaluating a fixed amount of 128 trials
with one GPU per trial is examined in Fig. 4.3. As expected, the Random Search base-
line performs best, with consistent parallel efficiencies EG > 0.9. All other algorithms
drop below 0.9 when using 32 GPUs in parallel and below 0.75 when using 64 GPUs in
parallel. This is an indication that as this scale the available compute resources are not
efficiently used anymore and it is advisable to not use more than 32 GPUs in parallel
for a NAS run with the evaluated early stopping algorithms.

The results of using the early stopping-based NAS algorithms with varying degrees of
parallelism are shown in Fig. 4.4. In total, 16 GPUs are available for a run, so if one
GPU is used per trial that results in 16 trials running in parallel. If four GPUs are used
(via data-parallel training) per trial that means only four trials can run at the same time.
The plots show that when using more GPUs per trial this leads to a faster increase
in validation score in the beginning, but also to a longer overall runtime for almost all
cases (see green lines in Fig. 4.4). If just one GPU is used per trial, the consequence
is a shorter overall runtime, but also a slower increase in the beginning (blue lines
in Fig. 4.4). For the ASHA algorithm, a larger run on 64 GPUs is conducted, with
up to 16 GPUs per trial used for data-parallel training. The results in Tab. 4.1 again
confirm that using fewer GPUs per trial leads to much shorter runtimes (a factor of five,
compared to using 16 GPUs per trial). A higher test set accuracy can also be observed.

33

https://proceedings.mlr.press/v224/aach23a.html


4 Summary of Publications

This is likely because using more GPUs for data-parallel training also requires a larger
global batch size, which can lead to lower validation performance. The results also hold
true on different kinds of accelerators (e.g., on older NVIDIA or AMD hardware) and
when using larger models and larger datasets (such as the complete ImageNet dataset).
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Figure 4.3. Scalability comparison of Random Search, ASHA, BOHB, and HB. Parallel
efficiency EG over the number of GPUs, based on the runtime until 128 samples are
evaluated. EG = 1 denotes the ideal case.
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Figure 4.4. Distributing trials across multiple GPUs, showing validation accuracy over
runtime.

Table 4.1. Distributing trials across a total of 64 GPUs for ASHA on imagenet-16,
measuring runtime until 256 samples are evaluated. Overview of runtime and test set
accuracy achieved.

GPUs per trial Runtime Test set accuracy

1 2,601 s 43.4 %
2 3,021 s 42.7 %
4 4,148 s 42.3 %
8 7,886 s 42.9 %
16 13,711 s 41.4 %
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M. Aach, R. Sarma, H. Neukirchen, M. Riedel, and A. Lintermann. “Resource-
Adaptive Successive Halving for Hyperparameter Optimization on Large Datasets on
High-Performance Computing Systems”, submitted to Future Generation Computer
Systems (2024), https://arxiv.org/abs/2412.02729

This paper is the main contribution to TO2, as it presents the HPO scheduler facade
suitable for optimizing DL on large datasets on HPC systems. It combines the concept of
successive halving in time with successive doubling in space, allocating more GPUs to
the data-parallel training of the more promising trials and thus accelerating their time
to convergence. The approach is evaluated on several use cases on up to 1024 GPUs,
also leveraging the insights from TO1. It is one of the first papers to apply systematic
HPO to datasets on the multi-TB scale.

Powerful HPC systems offer a natural setting for performing distributed HPO. As
they usually feature a large number of accelerators (such as GPUs), many hyperpa-
rameter candidates can be evaluated in parallel at the same time. Apart from this fast
computation feature, HPC systems are however also characterized by their network
structure, which connects the different accelerators to facilitate fast communication.
Most HPO methods only have modest communication requirements and neglect this
inherent feature. To exploit this high-bandwidth communication to its fullest, two
levels of parallelism are necessary. On the HPO level, multiple trials run in parallel,
while on the level of the single trials, multiple GPUs are used at the same time to
perform data-parallel training of the NNs. The new algorithm suggested in this paper,
called RASDA combines the classical ASHA method for successive halving in time
with a successive doubling routine in space, i.e. over time, it allocates more GPUs to
the data-parallel training of the more promising trials, see Fig. 4.5. The data-parallel
training involves the regular exchange of gradients of the models, which are usually
large and thus require a fast and high-bandwidth network. As the calculation of when
to perform a successive halving step is still based on the epoch numbers, and the
data-parallel training accelerates only the wall-clock time of the trials, no interference
with the successive halving procedure of ASHA is to be expected. The algorithm is
applicable for problems that involve massive scientific datasets, where due to long
training times, even with HPC resources just one round of trials is possible and users are
interested in getting the best possible, fully-trained model in the shortest amount of time.

The algorithm is applied to NNs trained on three datasets from the CV, CFD, and
Additive Manufacturing (AM) domain. All datasets are large in size, with the CFD
dataset measuring a total of 8.3 TBs. A comparison with the plain ASHA algorithm
shows that RASDA is able to accelerate the HPO process up to a factor of 1.9, reducing
the runtime for HPO of an autoencoder for flow reconstruction trained on the CFD
dataset from 325 to 170 minutes. Based on the insights of the GNS framework, the
global batch size of the trials is gradually increased over time, in line with every doubling
of compute resources, see Fig. 4.6. This gradual increase helps avoid the degradation
of solution quality that is usually associated with large batch size training. Empirical
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Figure 4.5. Comparison of (plain) ASHA, performing successive halving only in the
time domain and RASDA, performing successive halving in the time and successive
doubling in the space domain at the same time on a cluster. In the RASDA case, when a
trial is terminated, its workers are allocated to the more promising trials to increase
the parallelism of the data-parallel training. Black arrows indicate communication of
gradients between GPUs.

results even show that with the gradual batch size increase matching or even higher
generalization performance on the test set can be observed, which is in line with findings
in literature [64].
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Figure 4.6. Comparison of the global batch size and the number of GPUs per trial over
for ASHA and RASDA on the CFD use case.

As a last experiment, a large HPO run using RASDA method on 1024 GPUs is per-
formed, evaluating 64 trials in parallel in three hours, with each trail starting with 16
GPUs. The run achieves a test set error of 4.88× 10−8 and a relative reconstruction
error of just 0.016% and highlights the potential of large-scale HPO.
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M. Aach, R. Sarma, E. Inanc, M. Riedel, and A. Lintermann. “Short Paper: Accelerating
Hyperparameter Optimization Algorithms with Mixed Precision.” In: Proceedings of the
SC ’23 Workshops of The International Conference on High Performance Computing,
Network, Storage, and Analysis. SC-W ’23. New York, NY, USA: Association for
Computing Machinery (2023), pp. 1776–1779., https://doi.org/10.1145/
3624062.3624259

The contribution of this paper lies in TO3, as the main outcome of this work is the
exploitation and optimization of lower precision arithmetic on modern accelerators
for the HPO process. Apart from that, the paper also applies the mixed precision
computations to a scientific ML use case, see TO4.

In recent years, it has been shown that it is not necessary to perform the computations
related to NN training with double (FP64) or even single precision (FP32). Instead,
on novel accelerators, it is possible to reduce the precision of most parameters to FP16.
Mixed precision training has emerged as the most effective approach for implementing
lower precision NN training. This method involves executing both the forward and
backward passes predominantly in FP16, with only select operations remaining in
higher precision. Performing only the forward pass in low precision and leaving the
backward pass in single precision has shown to lead to mismatches [70]. Computing
also the backward pass in lower precision is particularly advantageous from a perfor-
mance perspective, as it is in general computationally more expensive than the forward
pass, thus offering greater potential speed-ups. As leveraging the mixed precision
workflow leads to faster training and less memory consumption, it has the potential to
also reduce the runtime of the HPO process. However, most HPO and NAS algorithms
make decisions on which trials to terminate and which to continue already based on
observing a few epochs of training. Since the mixed precision workflow can change the
training dynamics, it is not clear if these kinds of early stopping-based algorithms can
safely be used for HPO. The methodology of mixed precision training is integrated into
the PyTorch library with the PyTorch AMP package.

This work compares the performance of the ASHA, BOHB, and PBT algorithms with a
Random Search baseline on two CV (ImageNet and cifar-10) datasets and CFD dataset.
The process runs on 64 GPUs in parallel on the JURECA-DC-GPU machine. For
the cifar-10 dataset, the NATS-Bench search space, based on an CNN architecture is
used, while for the ImageNet dataset, a custom search space based on a ResNet with
varying amounts of layers per stage is employed. The study on CFD utilizes a smaller
version dataset of flow data from turbulent boundary layer simulations [49], training
an autoencoder for flow reconstruction. This model comprises of an encoder and a
decoder, each with four convolutional layers. The initial two layers in both the encoder
and decoder are responsible for down- and up-sampling to achieve compression within
the latent space. The remaining layers perform standard convolution. The model is
taken from the AI4HPC repository [53] and while the architecture remains fixed, the
hyperparameters learning rate, weight decay, (Nesterov) momentum, and number of
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initial warm-up epochs are optimized. The mean squared error between the original and
reconstructed flow fields measures the model’s performance.
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Figure 4.7. Experimental results of running Random Search, ASHA, BOHB, and PBT
with different datasets and search spaces.
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Figure 4.8. Comparison of running PBT using different checkpointing intervals on the
CFD dataset.

The performance of coupling the AMP workflow with the different HPO algorithms
is shown in Fig. 4.7. As expected, the largest speed-ups with a factor of up to 1.56
can be achieved on the ImageNet dataset. As it is the largest one in this study, this
means also that the training is compute-intensive, which is where the AMP effect can
be seen most drastically. Overall, ASHA gets the highest speed-up compared to the
full precision baseline. Only for the PBT an actual reduction in performance can be
observed. Upon examination, it was found that this is due to the frequent checkpointing
that is required for evolutionary optimization. As the bottom fraction of trials (in terms
of validation set performance) copies the state of the top fraction, this requires saving
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Dataset Metric ASHA RAND

CFD Runtime 3046 s / 3992 s 5253 s / 6825 s
Test mse 3.20×10−3 / 3.31×10−3 4.50×10−3 / 4.50×10−3

cifar-10 Runtime 3293 s / 3511 s 3006 s / 3394 s
Test acc. 0.7798 / 0.7714 0.7677 / 0.7560

ImageNet Runtime 10844 s / 16915 s 6664 s / 10249 s
Test acc. 0.7006/0.6975 0.6758 / 0.6762

Table 4.2. Comparison of running different HPO algorithms with (AMP/single precision)
training, averaged over three random seeds. Better results are underlined.

the model weights and transferring them to another accelerator to continue training with
perturbations. This overhead offsets the performance gains of the AMP workflow. One
way to increase performance for PBT is thus to increase the checkpoint frequency, see
Fig. 4.8. When performing the checkpoint operation only every five epochs, a clear
performance gain is visible. The performance of the best-found models for each dataset
and algorithm in Tab. 4.2 on the test dataset also reveals that in some cases the AMP
approach even reaches higher scores. This is due to the inherent regularization effect
of mixed precision training and is an additional advantage of using AMP for HPO. It
also showcases the importance of performing HPO with sophisticated algorithms, as
the difference between test set error for e.g., ASHA and Random Search is more than
40% for the CFD use case.
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4.5 Paper V

E. Wulff, J. P. Garcia Amboage, M. Aach, T. E. Gislason, TH. K. Ingolfsson, T. K. In-
golfsson, E. Pasetto, A. Delilbasic, M. Riedel, R. Sarma, M. Girone, and A. Lintermann.
“Distributed Hybrid Quantum-Classical Performance Prediction for Hyperparameter
Optimization”, Quantum Machine Intelligence (2024), https://link.springer.
com/article/10.1007/s42484-024-00198-5
(Note that the first three authors have equally contributed to Paper V)

This paper contributes to TO3 as it proposes a novel algorithm to couple a QA with a
classical HPC system to perform efficient HPO at scale. The main idea of this paper is
to highlight the feasibility of such a combination in the context of HPO workflows. The
paper also adds onto TO4 by evaluating the approach on different application domains.

To improve the performance of the existing HPO method Hyperband (HB), this paper
proposes a hybrid workflow that runs partial training of NNs with varying hyperpa-
rameters on multiple GPUs of a classical supercomputer, while predicting the hyperpa-
rameter configurations’ performance with Support Vector Regression (SVR) on a QA.
The workflow runs in a distributed fashion on 50 GPUs and completely automates the
communication between the classical and the quantum systems.

Performance prediction can accelerate the HPO process by predicting the future perfor-
mance of a model under a given set of hyperparameters based on the early results of
the training, e.g., using a partial learning curve. In this case, the first few epochs of the
training of the NN are used as training data for the surrogate model that is used as the
performance predictor. Integration of quantum SVR as performance predictors into a
hybrid HPO pipeline is possible by using the Swift-Hyperband [99] algorithm, which is
based on the f-Hyperband algorithm [85] and follows the three-step workflow depicted
in Fig. 4.9. Essentially, the QA is used for performing extrapolation of learning curves,
based on the Quantum Trained Support Vector Regression (QT-SVR) method. This is
motivated by the fact that in contrast to classical SVR, which uses a single deterministic
prediction, the QA makes use of multiple, heuristically obtained predictions, which are
weighted and combined into a single prediction. This ensembling of solutions has the
effect of regularization and can therefore lead to more robust predictions [22].

The workflow is tested on the Extreme Scale Booster partition of the DEEP-EST su-
percomputer [100], utilizing 50 NVIDIA V100 GPU worker nodes in parallel. The
quantum calculations take place on the JUPSI system. Among others, it is benchmarked
on tabular datasets taken from the OpenML platform, focusing on tabular, high-quality
datasets from different domains with 500 to 100,000 observations that are not trivially
solvable by linear regression methods [101], such as the Naval Propulsion or Video
Transcoding dataset. The search space for the models consists of two architectural
parameters of NNs (depth and width) and three optimizer-related parameters (batch
size, initial learning rate, and weight decay). The maximum amount of epochs a model
can be trained for is fixed before the run.
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Figure 4.9. Components of the hybrid quantum-classical HPO workflow.

For performance evaluation, the distributed quantum-classical implementation of Swift-
Hyperband is compared to the original (plain) HB algorithm and to Swift-Hyperband
using classical SVR as performance predictors. In Fig. 4.10, the empirical results are
shown on different NN architectures and datasets. The plots report the lowest loss
(measured by mean squared error, where lower is better) or highest accuracy (where
higher is better) achieved by each HPO algorithm in green along with the average
resources consumed (in terms of the total number of training epochs) in red, using an
average of three runs. It can be seen that Swift-Hyperband, both in the case of using
SVRs and QT-SVRs, achieves similar target model loss as plain HB while consuming

(i) HPO on the cifar-10 dataset. (ii) HPO on the TinyImagenet dataset.
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(iii) HPO on the Naval Propulsion dataset.
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Figure 4.10. Comparison of different classical and quantum HPOs methods, showing
mean epochs consumed in red, as well as best accuracy (i) and best loss (ii), (ii), (iv)
found in green.
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∼2-5% fewer computational resources. When comparing the different performance
prediction methods used within Swift-Hyperband (SVR and QT-SVR), the quantum-
based regression method is able to match the validation set loss (or accuracy) of the
classical method in all cases, and in some cases even outperforms it (see Fig. 4.10). In
general, these empirical results demonstrate the feasibility of hybrid quantum-classical
HPO workflows.

Remarks after Publication

This published work builds on the f-Hyperband algorithm [85] that combined HB with
classical performance prediction. In the f-Hyperband paper, the authors also report
isolated scores for the capabilities of several regression methods to predict the learning
curves of several NN architectures. All regression methods are trained on 100 samples,
with features consisting of hyperparameters, network architectures, and learning curves.
As the QA, due to hardware constraints, is only able to handle a maximum of 20
samples for the training, the QT-SVR models were only trained with these 20 samples
and features consisting of the learning curve. A comparison of the classical SVR and
QT-SVR on these terms did not yield consistent results and the analysis is therefore
not included in the paper. Still, the empirical evaluations of Swift-Hyperband show
the QT-SVR-based performance predictors to match and occasionally outperform the
classical SVR-based ones. This indicates that the QT-SVRs have a regularizing effect
that prevents the erroneous termination of some promising trials [102].
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4.6 Paper VI

M. Aach, R. Sedona, A. Lintermann, G. Cavallaro, H. Neukirchen, and M. Riedel.
“Accelerating Hyperparameter Tuning of a Deep Learning Model for Remote Sensing
Image Classification.” In: IGARSS IEEE International Geoscience and Remote Sensing
Symposium (2022), pp. 263–266, https://doi.org/10.1109/IGARSS4683
4.2022.9883257

The main contributions of this paper are in TO4, as it presents an application of HPO to
a scientific use case from the RS domain. Apart from that it also contributes to TO1 and
TO2 as it uses a combination of the Horovod and Ray framework to efficiently perform
HPO and distributed DL in an HPC setting.

The focus of this work is using distributed DL and HPO for training an EfficientNet
model [103] on the BigEarthNet dataset [48] with the goal of achieving an accurate
land cover classification. BigEarthNet is a large dataset with more than 500,000
land cover patches. To accelerate the training of the models, data-parallel DL on
16 GPUs at the same time is employed. At the same time the hyperparameters: learning
rate, momentum, weight decay, and Nesterov momentum are optimized, with six
configurations training in parallel (resulting in total usage of 96 GPUs). To accelerate
the training even further, the batch size is changed during the training. Starting with
an initial global batch size of 512 samples (32 samples per GPU), this is increased to a
global batch size of 16384 samples (1024 samples per GPU) after 20% of the training
process. Through a modification of the training loop, this is achieved without having to
save and reload the model weights, so without overhead. As shown in Fig. 4.11, the
runtime per epoch is more than four times lower. The whole HPO run is three times
as fast with the changing batch size approach, without notable loss in validation score
for the best-performing trial (see Tab. 4.3). It is important to note that when training
with a batch size of 16384 right from the beginning, the training diverges [104]. This
stresses the importance of starting with a smaller batch size and increasing it after a
certain number of epochs. In Fig. 4.12, different timings for performing the switch in
batch size are explored empirically for the best-found hyperparameter combination. It
can be seen that switching too early (e.g., after epoch 10 or 15) leads to a lower final
validation score. Switching later than epoch 20 (e.g., in epoch 25) achieves the same
validation score, but also results in a longer total runtime.

Table 4.3. Runtime of the hyperparameter tuning and accuracy of the best-performing
run for constant and changing batch size BS, showing accumulated and average trial
runtime and validation F1 micro (macro) score.

BSglobal total runtime trial runtime F1 scores

512 27 hrs 355 mins 0.78 (0.72)
512 →16,384 10 hrs 136 mins 0.78 (0.70)
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Figure 4.11. Comparison of runtime per epoch over the number of training epochs. The
changing batch size approach (after epoch 20) reduces the time per epoch.
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5 Conclusions
This chapter summarizes the findings of this thesis in Sec. 5.1 and provides an outlook
for future work in Sec. 5.2.

5.1 Summary

As the performance of Neural Network (NN) is highly dependent on the choice of
hyperparameters, systematic Hyperparameter Optimization (HPO) has become a crucial
component of the Machine Learning (ML) pipeline. As lots of different hyperparameter
combinations need to be evaluated to discover optimal ones, this process requires large
amounts of computational resources. Especially researchers who work in domains that
regularly deal with large scientific datasets and aim to train optimized Deep Learn-
ing (DL) models on them, are often faced with such computational challenges that make
the application of systematic HPO methods infeasible. Modern High-Performance Com-
puting (HPC) systems, comprising of a large number of accelerators and an optimized
interconnect network structure, can however fulfill these requirements. While many
HPO methods generally have put a focus on distributed performance and are often
embarrassingly parallel by nature, their performance has so far not emphasized running
in an HPC environment. This disconnect between HPO methods and HPC capabilities
presents a significant opportunity for improvement in the field of ML. By developing
HPO techniques that can fully harness the power of HPC systems, researchers could
potentially explore much larger hyperparameter spaces, train more complex models,
and work with datasets of unprecedented scale.

In this thesis, parallel and scalable HPO methods and workflows have been introduced,
which are tailored towards running on these modern HPC systems. By efficiently
leveraging two-level parallelism: on the HPO level by running multiple trials in parallel
and on the single trial level by performing distributed DL among multiple Graphics
Processing Unit (GPU), it has now become feasible to apply advanced HPO methods to
large scientific datasets.
The developed approaches not only make HPO more accessible to a broader range of
scientific applications but also significantly reduce the time and computational resources
required for optimizing complex NN architectures. By harnessing the power of HPC
systems, these methods enable researchers to explore vast hyperparameter spaces more
efficiently than ever before. One of the key contributions presented in this thesis is
the development of the Resource-Adaptive Successive Doubling Algorithm (RASDA)
algorithm, which combines successive halving in the time domain with successive
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doubling in the resource (space) domain. This novel approach allocates more GPUs to
the data-parallel training of promising trials over time, effectively accelerating their time
to convergence. The algorithm has shown significant improvements in HPO runtime,
reducing it by up to a factor of 1.9 compared to plain Asynchronous Successive Halving
Algorithm (ASHA), while maintaining or even improving solution quality. The research
also addressed challenges associated with large batch training, which is often necessary
when utilizing many GPUs in parallel. The strategy of gradually increasing the batch
size over time was implemented and empirically validated. The method helps to avoid
the degradation of solution quality typically associated with large batch size training,
and in some cases, even leads to improved generalization performance. The perfor-
mance of the RASDA method on the 8.3 Terabyte (TB) dataset from the Computational
Fluid Dynamics (CFD) domain on 1024 GPUs offers a first example of the potential of
such systematic large-scale HPO.

This thesis also investigated the application of Automatic Mixed Precision (AMP) train-
ing within the context of HPO. By leveraging lower precision arithmetic on modern
accelerators, the research demonstrated that HPO runtime could be further reduced
without compromising model quality. In fact, for some datasets, the use of AMP even
resulted in better generalization performance, likely due to the inherent regularization
effect of this approach. The thesis also proposed a novel hybrid quantum-classical
approach for HPO. This method couples a Quantum Annealer (QA) with a classical
HPC system to perform efficient HPO at scale. The quantum-based regression method
showed promising results, matching or even outperforming classical methods in predict-
ing model performance while consuming fewer computational resources.

In summary, the research question “Can we leverage the features of HPC for HPO?” was
positively answered, following the accomplishment of the four thesis objectives. TO1
for the evaluation of DL and HPO frameworks on HPC systems, including performance
analysis of distributed DL frameworks like Horovod, PyTorch-DDP, and DeepSpeed
on up to 1024 GPUs. TO2 focused on developing a scheduler for distributed HPO
that leverages distributed DL, resulting in the RASDA algorithm. TO3 explored the
exploitation of novel computing and accelerator paradigms, including mixed precision
training and the hybrid quantum-classical algorithm. All developed approaches were
verified by improving the performance of DL models trained on large scientific datasets
from different domains, including the Remote Sensing (RS), CFD or Computer Vision
(CV) domain within TO4. This work not only advances the field of HPO but also
bridges the gap between cutting-edge DL techniques and computational challenges in
scientific research, potentially accelerating progress across multiple disciplines.
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5.2 Future Directions

By combining the aspects of distributed HPO and DL with HPC, the findings of this
thesis offer several promising lines of future work. These can be categorized into three
main areas:

• Application to an even broader range of scientific domains

• Evaluation on even larger-scale computing systems, such as Exascale machines

• Extension to other types of Artificial Intelligence (AI), such as generative models

Addressing the first point, this thesis has expanded the use of HPO methods to different
fields of science, but as the developed methods are agnostic to the underlying type of
DL model, they can be applied to any type of DL problem. A key direction for future
work is therefore the application of the developed workflows to even more industrial and
scientific fields that regularly deal with large datasets and see if similar results can be
achieved. Examples include the healthcare domain, where large medical image datasets
or genomics sequence databases are available, the autonomous driving domain where
datasets of different sensor modalities are collected as well as astronomical observation,
climate modeling, or particle physics data. In comparison to current methods in the
field of AutoML, the RASDA method can effectively deal with such large datasets. As
more and more researchers will be getting access to modern HPC clusters in the future,
its is also of great importance to have open-source methods, such as RASDA available
already now to run on these systems.

Regarding the second point, the RASDA method proposed in this thesis has already
demonstrated promising scalability on a large HPC system. With the advent of Exas-
cale HPC machines, which offer an order of magnitude more computational power,
new possibilities emerge. Machines like JUPITER18 that is currently in the build up
phase will feature more than 24,000 GPUs. Scaling RASDA to such advanced systems
opens up opportunities for optimizing scientific ML models at an unprecedented scale.
On the one hand, the hyperparameter search space could be extended to include even
more architectural parameters and a broad search for completely novel types of NN
could be launched. On the other hand, by using such an amount of accelerators, many
more hyperparameter configurations can be evaluated in parallel. As the scaling for
RASDA from 128 GPUs to 1024 GPU, observed on the CFD dataset produced a model
with a significantly lower error rate, one line of future work could explore if similar
improvements could be made at even larger scale. At the same time, RASDA, currently
a pure scheduling method, could also be combined with a searching method for further
improvements. Further advancements in hardware developments, such as even lower
precision arithmetic and larger Quantum devices could also be more explored, given the
promising results presented in this thesis.

Finally, addressing the third point, a special focus for future research lies in the opti-
mization of generative AI models, and so-called “Foundation Models” in specific. As

18JUPITER: https://www.fz-juelich.de/de/ias/jsc/jupiter
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these kinds of models often measure several billion to trillion parameters in size, find-
ing optimal architectural and optimizer-related hyperparameters is even more difficult.
Due to the large amount of computational resources required for just a single training
run, HPC systems are again necessary to accomplish such workloads. The training
of Foundation Models also not only requires the use of data-parallel training but also
other parallelization schemes (such as model-parallelism). Research on how to integrate
this within the RASDA method, which in its current form is explicitly focused only
on data-parallel training could bring further advancements. Also the timings of when
during the training run to increase the global batch size (by the addition of GPUs) could
be further explored. Currently, this follows the geometric resource allocation schedule
of ASHA, but other insights based on the Gradient Noise Scale (GNS) framework could
accelerate and optimize the training progress even further. In general, as the algorithms
and workflows introduced in this thesis are already optimized for usage in an HPC
setting, they are suitable candidates for application in the field of generative AI as well.
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Abstract 

Continuously increasing data volumes from multiple sources, such as simulation and 
experimental measurements, demand efficient algorithms for an analysis within a 
realistic timeframe. Deep learning models have proven to be capable of understand-
ing and analyzing large quantities of data with high accuracy. However, training them 
on massive datasets remains a challenge and requires distributed learning exploiting 
High-Performance Computing systems. This study presents a comprehensive analysis 
and comparison of three well-established distributed deep learning frameworks—
Horovod, DeepSpeed, and Distributed Data Parallel by PyTorch—with a focus on their 
runtime performance and scalability. Additionally, the performance of two data loaders, 
the native PyTorch data loader and the DALI data loader by NVIDIA, is investigated. To 
evaluate these frameworks and data loaders, three standard ResNet architectures with 
50, 101, and 152 layers are tested using the ImageNet dataset. The impact of different 
learning rate schedulers on validation accuracy is also assessed. The novel contribution 
lies in the detailed analysis and comparison of these frameworks and data loaders on 
the state-of-the-art Jülich Wizard for European Leadership Science (JUWELS) Booster 
system at the Jülich Supercomputing Centre, using up to 1024 A100 NVIDIA GPUs 
in parallel. Findings show that the DALI data loader significantly reduces the overall 
runtime of ResNet50 from more than 12 h on 4 GPUs to less than 200 s on 1024 GPUs. 
The outcomes of this work highlight the potential impact of distributed deep learning 
using efficient tools on accelerating scientific discoveries and data-driven applications.
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Graphical Abstract

Introduction
In the past few years, deep neural networks have become powerful tools to solve prob-
lems from different scientific disciplines. Especially in the field of image recognition, sig-
nificant advancements have been made using Convolutional Neural Networks (CNNs) 
and Transformers [1, 2]. As the size of the datasets used for training and the model sizes 
continuously increase, their training becomes more and more computationally expen-
sive. Therefore, it is of utmost importance to find suitable and efficient methods to 
reduce the training runtime by as much as possible.

Using High-Performance Computing (HPC) systems, it is possible to accelerate the 
training  and model generation processes, i.e., by intelligently subdividing the problem 
and using massively parallel hardware for efficiently distributing the computational load. 
The two main strategies for distributing the training of neural networks to different work-
ers, where a worker is usually a Graphics Processing Unit (GPU), are model and data par-
allelism   [3]. The former method splits the neural network and distributes it across the 
workers. In contrast, the latter splits the input data and the network is trained with differ-
ent batches per worker. At the end of an epoch, all gradients are merged to apply the same 
update to the network’s weights on every worker. The Message Passing Interface (MPI) is 
frequently used to communicate the parameters between the workers in either a synchro-
nous or asynchronous way. In the synchronous case, an AllReduce operation is exe-
cuted for gradient reduction, while in the asynchronous case, a single central parameter 
server receives all gradient updates from the workers and performs the optimization step. 
For the asynchronous case, the overall performance is limited by the network bandwidth 
of the parameter server and depends on the amount of data to transmit per worker. The 
usage of alternative strategies such as asynchronous ring communications or employing 
MPI can alleviate this bottleneck. In general, with an increasing number of computational 

51



Paper I

Page 3 of 23Aach et al. Journal of Big Data           (2023) 10:96 	

nodes, the communication to share the gradients becomes the main bottleneck. To mini-
mize this communication overhead, the number of gradient reductions has to be reduced.

The focus of this study is on data parallelism, as it offers benefits for neural networks 
of any size when trained on large datasets, whereas model parallelism is primarily 
advantageous for network architectures that do not fit onto a single GPU. Consequently, 
data parallelism holds an advantage in its ability to cater to a wider range of neural net-
work architectures, whereas model parallelism is better suited for handling larger neural 
networks that face memory limitations. The standard approach to scale Deep Learning 
(DL) trainings on large HPC systems is to increase the global batch size BS, which may, 
however, lead to insufficient validation accuracies   [4]. To retain a sufficient accuracy, 
modifications to the training process are frequently necessary, which may also affect the 
parallel performance. It is furthermore challenging to apply the right framework for a 
specific learning task that involves large input data or models, and at the same time, ben-
efit from the computational power of HPC systems.

The motivation of this study is to provide guidance in this direction. To this end, the 
performance in terms of accuracy and scalability of the parallel frameworks—Horo-
vod  [5], PyTorch-Distributed Data Parallel (PyTorch-DDP)  [6] and DeepSpeed  [7] 
are evaluated on the European HPC system Jülich Wizard for European Leadership 
Science (JUWELS) [8] Booster module (place 12 in Top500 [9] as of 08/2022). These 
three frameworks are easily accessible as they are open-source and have gained high 
popularity in recent years. Their analysis supports the research community to decide 
on a framework. The benchmarks are performed using the popular ImageNet data-
set [10] and three residual neural networks (ResNets) with 50, 101, and 152 layers  [1] 
to enable generic comparison with established benchmark studies.

The main contributions of this study are as follows:

•	 A comprehensive scalability analysis and comparison of training ResNet50, 
ResNet101, and ResNet152 on ImageNet with Horovod, PyTorch-DDP, and Deep-
Speed, using the DALI and native PyTorch data loaders ranging on up to 1024 
GPUs is performed. The results demonstrate that in combination with the native 
PyTorch data loader, DeepSpeed shows the best performance on a small number of 
GPUs, while Horovod and PyTorch-DDP outperform it when using a larger num-
ber of GPUs. However, in comparison, the use of DALI leads to higher throughput 
and improves scalability for all ResNet architectures.

•	 An assessment of the influence of step-wise, cosine, and exponential learning 
rate annealing on the validation accuracy for different batch sizes ranging from 
BS = 256 to 65,536 is performed. These findings reveal that cosine annealing 
delivers superior performance on small and medium batch sizes, while exponen-
tial annealing achieves the highest accuracy for the largest batch size.

The paper is structured as follows. The established distributed DL frameworks as well 
as the challenges that arise when scaling the training to large HPC systems are dis-
cussed in "Related work" section. In "Overview of the benchmark setup" section, an 
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overview of the experimental setup is given. Subsequently, "Benchmark results" sec-
tion presents the main benchmark results from a computational perspective. Finally, 
"Summary, conclusion, and outlook" section summarizes the findings, draws conclu-
sions, and gives an outlook to future work.

Related work
The ImageNet dataset, originally introduced for the ImageNet Large Scale Visual Rec-
ognition Challenge (ILSVRC), features 1,281,167 training images and 50,000 validation 
images divided into 1000 object classes [10]. This dataset is commonly used in the litera-
ture as an important benchmark to test algorithms, where their performance is meas-
ured through validation accuracy V  [11], which is computed from correctly classified 
validation images.

AlexNet [12] (a CNN) was one of the first machine learning models to achieve high 
accuracy on the ImageNet dataset in the ILSVRC 2012. Since then, multiple improve-
ments have been made to the original network structure  [13], yielding the current 
ResNet architecture [1] with a varying amount of convolutional layers. Although Trans-
former architectures  [14] have recently been shown to achieve even better results in 
image classification tasks, CNNs are still widely used due to lower training duration, low 
energy usage, and their good scalability [15, 16].

Many distributed DL frameworks exist for scaling especially neural network models 
to multiple workers in an HPC environment. A literature review is given in [17] and an 
in-depth performance analysis is presented in [3]. One of the first frameworks to scale to 
a large number of computational nodes equipped with Central Processing Units (CPUs) 
was DistBelief by Google [18] using an asynchronous Stochastic Gradient Descent (SGD) 
method. Others, such as Petuum [19] or Project Adam [20] have improved this idea, e.g., 
by introducing dynamic scheduling. With FireCaffe [21], the focus shifted towards using 
GPU clusters and synchronous gradient reduction methods.

The most common DL libraries such as TensorFlow  [22] from Google, PyTorch from 
Facebook, and MXNet [23] from Apache, have their unique distributed training strate-
gies. Other frameworks such as HeAT [24] take a more general approach to distributed 
machine learning by providing a scalable NumPy-like  [25] Application Programming 
Interface (API) to enable all kinds of data analytics, not being limited only to neural net-
works. While all of these frameworks mainly focus on enabling data parallelism, more 
recently Microsoft introduced the ZeRO  [26] and DeepSpeed  [7] frameworks that can 
train models with billions of parameters through model parallelism. A small scale study 
(up to four GPUs) of the performance of TensorFlow and FireCaffe on different HPC sys-
tems is available in  [27]. An overview of the frameworks and their parallelism and com-
munication strategies are shown in Table 1.

The present work solely focuses on synchronous communication and data-par-
allel functionality of the commonly used frameworks. Horovod, PyTorch-DDP, and 
DeepSpeed are all compatible with the HPC system’s job scheduler SLURM [28] and 
the InfiniBand communication pattern by default, while the distributed versions of 
MXNet and TensorFlow are not.
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In the literature, various tests using a ResNet50 on the ImageNet dataset exist. In 
the original ResNet paper [1], it takes 29 h to train the network for 90 epochs on eight 
NVIDIA Tesla P100 GPUs with a batch size of BS = 256 . Subsequently, the train-
ing time is reduced to 1 h on 256 NVIDIA Tesla P100 GPUs  [4]. Finally, in  [29], a 
training time of only 74 s on 2048 NVIDIA Tesla V100 GPUs is achieved. The cur-
rent benchmark record is 28.8 s as of 10/2022    [30], where TPUs have been used 
instead of GPUs. To train a ResNet50 in such a short time, the authors increase the 
batch size to BS = 8192 and BS = 81,920 . A large BS value, however, usually leads to 
a reduction in generalization performance. To prevent this, several hyperparameter 
modifications are applied in [29] to reach a V comparable to that of [1]. Therefore, the 
learning rate LR is scaled linearly with respect to the number of workers. This is moti-
vated by the fact that with fewer weight updates, the learning rate has to be increased 
to achieve similar gradient adjustments compared to using a small learning rate with 
more frequent gradient updates. However, this linear scaling rule does not apply to 
all cases, i.e., during the start of the training, where a lot of parameters are subject to 
changes, a large learning rate may prohibit the optimizer from converging. Therefore, 
a warm-up technique is used that slowly increases the learning rate during the first 
five epochs  [31]. Another technique reported to improve the accuracy when train-
ing with a large BS is label-smoothing [32], which is a regularization method adapted 
to classification models. Using larger ResNet architectures, such as the ResNet101 or 
ResNet152, leads to slightly improved V values  [1].

In this work, the learning rate warm-up, learning rate scaling, and the label-smooth-
ing techniques are used to stabilize the training with the default SGD optimizer with 
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relatively large BS values. Additionally, three different learning rate schedules are 
explored and their performance in terms of V is analyzed.

Overview of the benchmark setup
This section gives an overview of the main frameworks used in this study, i.e., Horovod 
is introduced in "Horovod" section, PyTorch in "PyTorch-distributed data parallel" sec-
tion, DeepSpeed in "DeepSpeed" section, and the data loaders in "Data loaders and data-
set compression" section. Furthermore, their communication operations are presented 
and examples of how to include them into actual Python code are provided. General 
issues that arise when scaling to a large amount of GPUs are addressed in "GPU scaling 
issues" section and the different ResNet architectures are introduced in "Residual neural 
networks" section. Three different learning rate scheduling methods with the potential 
of increasing the accuracy of the training are introduced in  "Learning rate scheduling" 
section. The hardware and software configuration of the supercomputer used for the 
benchmark tests is presented in "JUWELS HPC system and software stack" section.

Horovod

Horovod is an open-source distributed DL library originally developed by Uber for Ten-
sorFlow  [5]. It is also supported as a backend library in the most common DL frame-
works such as PyTorch and Apache MXNet. Minimal code changes are required to 
integrate Horovod into these DL frameworks. Code snippet  1 gives an example of how 
to integrate Horovod with PyTorch.

The work by Pumma et al. [33] provides an overview and an analysis of the commu-
nication patterns in Horovod. It is one of the first libraries to use a decentralized Ring 
AllReduce approach [34] to compute the gradient reduction instead of a single param-
eter server receiving all the updates, cf. "Introduction" section. It relies on low-level 
communication libraries such as MPI, the NVIDIA Collective Communications Library 
(NCCL) [35], or Facebook Gloo  [36]. It is observed that the NCCL AllReduce yields 
superior performance on NVIDIA GPUs [6].

Table 1  Overview of distributed DL frameworks, adapted from [6, 17]

Bounded asynchronous is a hybrid of synchronous and asynchronous communication

Framework Parallelism Communication

DistBelief [18] Model + Data Asynchronous

FireCaffe [21] Data Synchronous

Horovod [5] Model + Data Synchronous

MXNet [23] Model + Data Bounded Asynchronous

Petuum [19] Model + Data Bounded Asynchronous

TensorFlow [22] model + Data Bounded Asynchronous

PyTorch-DDP [6] Model + Data Synchronous

DeepSpeed [7] Model + Data Synchronous
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On a local worker level, the communication operations in Horovod are asynchronously 
handled by a separate background thread. This thread repeatedly checks for commu-
nication requests and performs the corresponding data transfers. Since these transfers 
may be requested asynchronously, the order of execution per worker may also be dif-
ferent. However, Horovod uses collective communication directives from other libraries 
and hence has to execute a consensus protocol to ensure consistency (in terms of order) 
across all workers. The process is summarized here: 

	(i)	 One global background thread receives all the transfer requests from the local 
background threads.

	(ii)	 The global background thread puts the requests in the correct order and sends the 
list back to the local instances.

	(iii)	 Each local thread combines its local data and carries out the data exchange with 
the other workers via AllReduce.

This back and forth communication creates overhead that can limit the scalabilty of the 
framework.

In Horovod, the computations and communications are coupled with the ability to 
batch small AllReduce operations. This exploitation of batching communication 
operations is known as tensor fusion [5]. With this operation, the smaller data volumes 
are transferred across different workers by locally fusing the data that are ready to be 
reduced. Hence, fewer AllReduce operations are required. In large neural networks 
with large number of parameters, this operation is expected to yield huge parallel per-
formance gains.

PyTorch‑distributed data parallel

PyTorch is a machine learning framework primarily developed by Facebook AI Research. 
The PyTorch-DDP module features a built-in way to parallelize the training of neural 
networks across multiple workers, e.g, GPUs. Code snippet  2 shows an example of how 
DDP in PyTorch is used. Similar to Horovod, the PyTorch-DDP library uses an All-
Reduce paradigm (with the communication libraries NCCL, Gloo, or MPI) for updating 
the gradients used in deep neural networks. To trigger the communication operation, a 
custom ‘hook’ is registered in the internal automatic differentiation engine that is inte-
grated into the backward pass operation of deep neural networks [6]. A separate code for 
managing the communication is hence not required.

Analogous to Horovod’s tensor fusion operation, PyTorch-DDP features gradient 
bucketing, where instead of an immediate AllReduce operation the algorithm waits 
for a few processor cycles once a batch of gradients is complete, and buckets (or ‘fuses’ 
in the sense of Horovod) multiple gradient parameters into a single parallel operation. 
Hence, the computation and communication are overlapped, thus skipping frequent gra-
dient synchronization. A drawback of this method is a possible mismatch in the All-
Reduce operation if the reduction order is not the same across all processes—resulting 
in an incorrect reduction or data inconsistencies. This issue is addressed by bucketing 
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the gradients in the reversed order obtained during the forward pass operation. This is 
motivated by the fact that the last layers of a network are likely the first ones to finish 
computation during the backward pass. Another issue is the skipped bucketed gradients 
that never enter the AllReduce operation. PyTorch-DDP handles this issue by a par-
ticipation algorithm, which checks the output tensors during the forward pass to find all 
non-participated parameters (i.e., based on gradients that have not been updated) in the 
current iteration to be included in the next iteration.

DeepSpeed

The focus of DeepSpeed developed by Microsoft Research is on training large language 
models. These models usually feature several billion parameters and are trained on data-
sets from the natural language domain, which are significantly larger than most com-
puter vision datasets. The main issue with these large language models is their massive 
memory footprint, a problem that is addressed with the ZeRO optimizer as part of Deep-
Speed. This parallel optimizer eliminates memory redundancies by not only distributing 
the training data across workers but also the optimizer, gradient, and (if required) model 
parameters across workers. In contrast to the default data-parallel approach, the model 
is, therefore not necessarily replicated on each worker. Still, after each training step, an 
AllReduce communication step is necessary to ensure consistency. This is performed 
in a two-step process: first, different parts of the data are distributed to different workers 
with a ReduceScatter command, then each worker gathers the different chunks of 
data with an AllGather operation [26]. Code snippet 3 shows the integration of Deep-
Speed within PyTorch, which is currently the only supported DL backend.
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Data loaders and dataset compression

Two types of data loaders and corresponding dataset compressions are compared in this 
work. One of the data loaders is the native PyTorch data loader, which uses the raw Ima-
geNet data in the  JPG  format. This data loader only supports raw image data and 
performs all pre-processing steps on the CPUs. The other data loader is the NVIDIA 
Data Loading Library (DALI) [37], where a compressed version (TFRecord) of the Ima-
geNet dataset is used. DALI is an open-source framework to accelerate the data-loading 
process in DL applications by involving the GPU, following a pipeline-based approach. 
Usually, the GPU runs computations much faster compared to the data-loading speed 
of the CPU. The idea of DALI is to prevent the GPU from starving by moving the data-
loading process to the GPU at an early stage. The GPU then performs the data pre-pro-
cessing, such as image resizing, cropping, and normalization on the fly. By pipe-lining 
these operations and executing them directly on the GPU, DALI minimizes the amount 
of data that needs to be transferred between the CPU and GPU, which reduces the over-
head associated with these operations. DALI supports multiple data formats and with its 
unified interface, it is easy to integrate into all common DL frameworks. With this seam-
less integration developers can exploit the full potential of their GPU-based systems 
without having to modify their existing workflows significantly or switch between differ-
ent data loading libraries. While the main focus of DALI is the GPU-based approach, it 
also offers the possibility to use the CPU for all steps of the pipeline. In this case also the 
pre-processing is performed on the CPU. Initial benchmarks show a speed-up between 
20-40% in throughput compared to the original PyTorch data loader [38].

It should be noted that in terms of actual disk space, the difference between the com-
pressed  TFRecord  version of the ImageNet dataset (144 GB) and the raw  JPG  
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data (154 GB) is marginal. However, the file structure of the  TFRecord  dataset is 
much better suited for data loading in comparison to the over one million single image 
files in the raw dataset.

GPU scaling issues

GPU scaling in deep learning presents several challenges, including communication 
overhead, load balancing, and memory limitations. Communication overhead arises due 
to the constant synchronization and information exchange required between multiple 
GPUs during training. This overhead can reduce efficiency and performance as it grows 
with the number of GPUs. Solutions include using high-bandwidth, low-latency inter-
connects, and implementing efficient communication algorithms such as ring-based 
AllReduce methods [39, 40]. Load balancing is crucial for ensuring an even distribu-
tion of computational workload across all GPUs, maximizing resource utilization. An 
uneven workload distribution can lead to idle GPUs, wasting resources and increasing 
runtime. Dynamic load balancing algorithms and data or model parallelism techniques 
can help distribute tasks and data efficiently across multiple GPUs. Memory limitations 
pose a challenge when large models (or datasets) exceed a single GPU memory capac-
ity, causing out-of-memory errors or forcing smaller batch sizes, which can negatively 
impact performance and convergence.

Residual neural networks

A prevalent challenge when training deep neural networks is the vanishing gradi-
ent problem, which leads to accuracy degradation [41]. ResNet architectures address 
this issue by introducing “skip-connections” that enable the training of deep networks 
without compromising accuracy. For larger vision datasets, ResNet50, ResNet101, and 
ResNet152 are the most widely adopted models. All models consist of one input layer 
and one fully-connected output layer but vary in the number of intermediate convolu-
tional layers (48 vs. 98 vs. 150), see Fig.  1 for a visualization of the architecture. As a 
result, 3.8× 109 floating-point operations per forward pass are needed for a ResNet50, 
7.6× 109 for a ResNet101, and 11.3× 109 for a ResNet152. Although having more lay-
ers typically allows for the representation of more complex phenomena, it is essential to 
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Fig. 1  Standard ResNet architecture with one input layer (in orange), a varying number convolutional layers 
(in purple) and a fully-connected output layer (in white). Figure adapted from  [1]
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consider the trade-off between model complexity and training efficiency, as an increased 
number of floating-point operations leads to longer runtimes.

Learning rate scheduling

A known problem in large-scale distributed DL is the major drop in the validation 
accuracy V when using a large BS [4], regardless of the used framework, data loader, 
or optimizations (e.g., label-smoothing). A larger BS yields fewer optimization steps, 
thus compromising the accuracy of the optimizer. This issue is one of the key chal-
lenges in distributed DL. To avoid divergence of the training process for BS ≥ 32k 
on ImageNet, further optimizations, such as LR scheduling, are necessary. The most 
common approach for a LR schedule on the ImageNet dataset is a stepwise annealing 
method [1]. This schedule reduces the LR in regular intervals over time by an order of 
magnitude, i.e., in the ImageNet training, these intervals are set at epoch numbers 30, 
60, and 80.

Since the LR schedule plays an important role in the performance of a model, different 
approaches exist in the literature. The cosine-annealing schedule  [42] is supported by 
PyTorch and uses the cosine function for smoother LR annealing over time. In this case, 
the learning rate LRt at the current epoch t is defined by:

where LRmin and LRmax are the minimum and maximum values of the learning rate, and 
tmax is the total number of epochs used in the training. This decays LR gradually at every 
epoch, compared to the sharp drops of the step-wise annealing. Another approach to LR 
scheduling is the exponential decay schedule. Here, the LR starts with a large value and 
is then decreased rapidly in the beginning and gradually afterwards in an exponential 
manner. The learning rate LRt at the current epoch t is given by:

where the decay factor is usually set to γ = 0.95 . The comparison in Fig. 8a shows that 
this scheduling method decreases the learning rate at similar orders of magnitude as the 
step-wise scheduler but in a smoother way.

JUWELS HPC system and software stack

The benchmarks presented in "Benchmark results" section are performed on the JUWELS 
HPC system. This system has a Modular Supercomputing Architecture (MSA)  [43] and 
consists of a cluster and a booster module. The experiments use the GPU-based JUWELS 
Booster module, which consists of 936 compute nodes, each equipped with two AMD 
EPYC Rome 7402 CPU with 2x24 cores, clocked at 2.8 GHz, 512 GB Dynamic Random 
Access Memory (DRAM), and four NVIDIA A100 GPU with 40 GB High Bandwidth 
Memory (HBM). The GPUs communications in a compute node are performed via 
NVLINK [44]. The interconnect between compute nodes is a Mellanox InfiniBand HDR 
network with DragonFly+ topology. Each compute node has four HDR host channel 

(1)LRt = LRmin +
1

2
(LRmax − LRmin)

[
1+ cos

(
t

tmax

π

)]
,

(2)LRt = LRmax ∗ γ
t
,
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adapters. A Peripheral Component Inter-Connect Express (PCIe) Gen4 bus connects 
the components. In total, the JUWELS Booster is equipped with 3,744 GPUs and has 73 
PFlops peak performance. Figure 2 shows the schematic of a single node.

The compressed and uncompressed ImageNet datasets are both stored on the SCRATCH 
partition of the JUWELS General Parallel File System  [45]. This partition is optimized for 
the storage of large data and features a high Input/Output (I/O) bandwidth.

For running the experiments, the following software versions are deployed, which are 
available through JUWELS’ EasyBuild [46] software system:

•	 GCC 11.2.0

•	 OpenMPI 4.1.2

•	 Python 3.9.6

•	 CUDA 11.5

•	 PyTorch 1.11.0

•	 Horovod 0.24.3

•	 Deepspeed 0.6.3

•	 DALI 1.12.0 (virtual environment)

The number of CPU threads per data loader instance is set to 8.

Benchmark results
This section evaluates the performance of the three frameworks Horovod, PyTorch-DDP, 
and DeepSpeed with the native PyTorch and the DALI data loaders on the JUWELS 
Booster. The runtime T of training a ResNet50, a ResNet101, and a ResNet152 on the 
ImageNet dataset for 90 epochs with a batch size of BS = 64 per GPU is measured and 
analyzed in "Efficiency" section. Additionally, the effect of three different learning rate 
schedulers on V is explored in "Accuracy" section.

Efficiency

The results for the ResNet50 training in terms of data throughput DT, measured in 
images i per second over the number of GPUs, are shown in Fig. 3. Overall, the DALI 
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Fig. 2  JUWELS Booster node schematic. Two AMD Epyc Rome CPUs are connected to four NVIDIA A100 GPU 
and the HDR HCAs via two PCIe Gen4 switches. The GPUs communicate via NVLINK
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data loader (Fig.  3a) achieves a higher throughput of images compared to the native 
PyTorch data loader (Fig. 3b), and this is observed to be independent of the distributed 
DL framework. For the native data loader, the three frameworks show similar perfor-
mances up to 64 GPUs. For a smaller number of GPUs, DeepSpeed shows the highest 
DT, but performance drops for a larger number of GPUs, where PyTorch-DDP performs 
the best. In summary, for all three frameworks, it is evident that the native data loader 
cannot match the performance of the DALI data loader.

For a consistent scalability comparison, the parallel efficiency metric EG is calculated as

(3)EG =
SG

G
,

4 8 16 32 64 128 256 512 1024
103

104

105

no. GPUs G

D
T

[i
/s

]

PyTorch-DDP-DALI-CPU
PyTorch-DDP-DALI-GPU
Horovod-DALI-CPU
Horovod-DALI-GPU

(a) Throughput of Horovod and PyTorch with the DALI data loader CPU and
GPU version on the compressed ImageNet dataset.
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(b) Throughput of Horovod, PyTorch-DDP, and DeepSpeed with the native Py-
Torch data loader on raw ImageNet dataset, including comparison with Horovod-
DALI-CPU throughput. The largest configuration only features 512 GPUs in this
case as no significant additional speed-up is expected on larger configurations.

Fig. 3  Throughput of different frameworks and DALI (a) and native (b) data loader for the ResNet50 case, 
averaged over three experimental runs. The variance between runs is small (in general < 5% ) and therefore 
not shown
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where S is the speed-up and G is the number of workers. The speed-up SG is computed 
as

with reference runtime T4 , i.e., using four GPUs (one node on the JUWELS Booster). 
Note that EG of (or close to) unity is the ideal scenario with perfect scaling. The quan-
tity EG is plotted in Fig. 4 for the DALI data loader over the number of GPUs. Note that 

(4)SG =
T4

TG

,
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(a) Data loading and image pre-processing handled by the CPUs
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(b) Data loading and image pre-processing handled by the GPUs
Fig. 4  Parallel efficiency of Horovod and PyTorch-DDP on up to 1024 GPUs with the DALI data loader for 
CPU- (a) and GPU-based (b) pre-processing with compressed ImageNet dataset for the ResNet50 case, 
averaged over three runs. Black line denotes the ideal case. The variance between runs is small (in general 
< 5% ) and therefore not shown
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the DeepSpeed framework cannot use the DALI data loader. It is clear that the tested 
frameworks show similar scaling performances. Independent of the hardware accelera-
tion (pre-processing on CPU in Fig. 4a or GPU in Fig. 4b) and the framework, the EG 
value remains above 0.65 up to 1024 GPUs. The training with PyTorch-DDP using the 
CPU for data input performs slightly better than its Horovod counterpart on 256 and 
512 GPUs. With 1024 GPUs, the trainings using CPU for data input achieve a higher 
EG value of 0.76 compared to the ones using GPU, which is at EG = 0.68 . These findings 
show data loading with CPUs to be favorable for large-scale trainings. An analysis of the 
average CPU usages shows an occupancy of less than 40% across all configurations. It is 
assumed that the computationally strong host CPUs make up for any performance gains 
achieved by transferring the image pre-processing onto the GPUs. For hardware setups 
with less powerful host CPUs, using the GPU-based DALI version could still improve 
performance.

Figure  5 presents the parallel efficiency results for the native PyTorch data loader. 
When compared to the scalability of the DALI data loader (see Fig. 4), the scaling per-
formance of the tested frameworks is considerably worse. The EG values of the train-
ing with PyTorch-DDP using the native data loader (denoted as PyTorch-DDP-native in 
Fig. 5) drops below 0.44 already with 256 GPUs, whereas Horovod and DeepSpeed have 
EG values of 0.50 and 0.33, respectively on 128 GPUs. With 512 GPUs, all of the frame-
works achieve an EG value of less than 0.24, indicating the limitations of the data loader 
on parallelization. The superior performance of the PyTorch-DDP-native data loader 
could be due to its better compatibility with the PyTorch-DDP framework.

Fig.  6 shows the scaling performance of three ResNet architectures using the DALI 
data loader and PyTorch-DDP framework. The ResNet50, 101, and 152 model show sim-
ilar EG values up to 16 GPUs. On larger configurations with more GPUs, the ResNet152 
achieves the highest EG values, reaching 0.81 on 1024 GPUs. When more than 512 GPUs 
are utilized, the ResNet50 achieves the lowest EG values. This behavior is expected, as 
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Fig. 5  Parallel efficiency of Horovod, PyTorch-DDP and DeepSpeed on up to 512 GPUs with the native PyTorch 
data loader and raw ImageNet dataset for the ResNet50 case, averaged over three runs. Black line denotes 
the ideal case. The variance between runs is small (in general < 5% ) and therefore not shown
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a larger neural network means that more computation is necessary, which improves 
the computation to communication ratio and therefore also the scaling behavior. Nev-
ertheless, the superiority of the DALI data loader over the native data loader can also 
be observed for the training with ResNet101 (see Fig. 7). On configurations with more 
than 32 GPUs, the DALI data loader clearly outperforms the native one in terms of scal-
ing performance. Moreover, it is evident that PyTorch-DDP shows slightly better scaling 
performance than the Horovod framework (compare blue with green lines in Fig. 7).

For further verification of the results and a comparison of the DALI and native data 
loader, the NSys profiling tool  [47] is used to analyze the amount of communication, 
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Fig. 6  Parallel efficiency comparison of PyTorch-DDP on up to 1024 GPUs for different ResNets with DALI 
data loader (CPU-based) and compressed ImageNet dataset, averaged over three runs. The black line denotes 
the ideal case. The variance between runs is small (in general < 5% ) and therefore not shown
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Fig. 7  Parallel efficiency of Horovod and PyTorch-DDP on up to 1024 GPUs training a ResNet101 with the 
DALI data loader and compressed ImageNet dataset and native PyTorch data loader and uncompressed 
ImageNet dataset, averaged over three runs. Black line denotes the ideal case. The variance between runs is 
small (in general < 5% ) and therefore not shown
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computation, and data loading that takes place during the training runs of all three 
ResNet architectures, where the results are shown in Table 2 in terms of three quantities. 
These are: (i) the runtime share by the Compute Unified Device Architecture (CUDA) 
kernels to perform ‘communication’-related NCCL tasks (named communication), (ii) 
the runtime share to perform ‘computation’-related tasks with the cuDNN library  [48] 
(named computation), such as the time for the calculation of the convolutional layers, 
and (iii) the runtime share to execute ‘input/output’-related tasks, such as data loading 
(named I/O).

For both types of data loaders, the time percentage spent on communication 
increases with the number of workers, while the efforts for the computation and 
data loading processes reduce. This behavior is expected when scaling up tasks that 
require frequent communication on a cluster while keeping the size of the dataset 

Table 2  Profiling CUDA kernel time in percent spent on communication operations via 
AllReduce, computations with the cuDNN library, and data loading functions

The first 10 epochs of the training process are profiled with the NSys Profiler (first five epochs for four GPUs due to time 
limits of the profiler)

No. GPUs PyTorch-DDP DALI PyTorch-DDP native

AllReduce [ %]
(Communication)

data[%]
(I/O)

cuDNN[%]
(Computation)

AllReduce [ %]
(Communication)

data[%]
(I/O)

cuDNN[%]
(Computation)

(a) Training of ResNet50 on ImageNet

4 15.40 22.00 32.50 22.40 21.00 30.80

8 19.00 21.40 31.75 23.95 20.05 29.20

16 21.00 20.95 30.70 27.15 18.83 27.35

32 27.09 18.98 28.14 31.30 17.26 25.11

64 30.87 17.76 26.35 32.75 16.30 23.55

128 33.61 17.03 24.99 49.48 11.77 17.33

256 37.08 15.78 23.26 76.77 5.06 7.14

512 43.48 13.57 20.02 82.61 3.66 5.52

1024 46.18 11.56 17.31 – – –

(b) Training of ResNet101 on ImageNet

4 13.30 23.00 46.00 28.65 22.50 38.12

8 20.55 21.25 41.45 30.15 18.28 35.52

16 24.08 20.37 39.65 35.67 16.76 32.71

32 25.36 18.71 36.99 35.46 14.59 28.43

64 37.17 16.69 33.39 37.69 15.31 29.88

128 36.29 16.74 34.02 42.32 13.39 26.38

256 39.31 15.54 31.56 56.43 11.38 22.83

512 37.73 15.40 31.59 59.18 11.87 24.45

1204 49.18 11.87 24.45 – – –

(c) Training of ResNet152 on ImageNet

4 16.20 22.40 44.60 18.41 21.97 44.17

8 20.55 21.75 42.35 20.65 21.95 40.75

16 25.90 20.05 39.07 24.77 20.70 38.62

32 29.16 18.72 37.15 30.31 18.77 35.32

64 33.56 16.90 33.82 38.34 16.42 30.80

128 36.16 16.66 33.73 45.75 14.02 26.60

256 38.33 15.51 31.60 49.39 15.05 28.46

512 40.36 14.41 29.43 51.76 11.16 25.36

1024 43.21 13.08 26.99 – – –
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constant. For a smaller number of GPUs, the difference in time spent executing the 
AllReduce commands is similar for the DALI and native data loader methods. 
However, this difference increases rapidly with more workers. For example, in the 
ResNet50 case with 512 GPUs, the native data loader spends 82.61% of its time on 
communication, while the DALI data loader spends only 43.48% . A similar trend can 
be observed for the trainings with ResNet101 and ResNet152, where the native data 
loader spends 59.18 and 51.76% of its time on communication, compared to 37.73% 
and 40.36 for the DALI data loader, respectively. This substantial discrepancy could 
explain the poor scaling behavior of the native data loader. Regarding the computa-
tion time with the cuDNN library, it decreases for both data loaders as the num-
ber of GPUs increases, which is expected as the overall computational workload is 
distributed across a larger number of GPUs. For all three ResNet cases, the DALI 
data loader consistently exhibits higher computation percentages than the native 
data loader, suggesting that it effectively utilizes GPU resources. As for data load-
ing, the time spent decreases as the number of GPUs increases for both data loaders. 
Although the relative data loading time is comparable between the two data load-
ers, it is important to emphasize that the DALI data loader is much faster in abso-
lute timing. For example, in the ResNet152 case on 64 GPUs, the DALI data loader 
is responsible for 16.9% of the total runtime which amounts to ≈ 25s in absolute 
timing. For the native data loader case, the relative value is roughly the same with 
16.42% of the total runtime, which, however, amounts to ≈ 47s in absolute timing. 
As expected, when comparing the three ResNet models it is evident that the com-
munication overhead slightly reduces for smaller ResNet architectures, while the 
computation time increases as the size of the ResNet grows. Due to the low scaling 
performance of the native data loader, no evaluations on 1024 GPUs were performed 
for this case.

Accuracy

To investigate the issue of lower accuracy with a larger BS value, the effect of differ-
ent learning rate schedules on the learning rate LR itself and V are explored in Fig. 8 
for the training with ResNet50. The three methods deployed in this case are thestep-
wise, the cosine, and the exponential annealing methods, as described in "Learning 
rate scheduling" section. Fig. 8b depicts the evaluation of V using the different learning 
rate schedules over growing batch sizes. All three scheduling methods have similar 
performances up to BS = 4k (corresponds to 64 GPUs) with the exponential sched-
uling method being slightly worse than the others. At BS = 8k (128 GPUs), the first 
significant drop of V from ≈ 77% to 74% is observed. From BS = 16k (256 GPUs), the 
quantity V drops consistently to lower values. For all three scheduling methods, there 
is a sharp drop of V for BS = 32k and BS = 65k (512 and 1024 GPUs). The difference 
in V is large for BS = 65k , where V ≈ 52% , V ≈ 41% , and V ≈ 31% for the exponen-
tial annealing, step-wise, and cosine annealing scheduling methods, respectively. It is 
interesting to observe that the exponential scheduling method outperforms the cosine 
annealing for BS = 32k and also the step-wise scheduling method for BS = 65k , even 
though exponential scheduling starts with the worst V value even for BS = 256 . It is 
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evident that none of the scheduling methods can avoid the drop in V for trainings with 
large BS values, however, a training with the exponential learning rate schedule is the 
most favorable for large BS. Figure 9 depicts the validation accuracy curves over the 
number of epochs for an exemplary training of a ResNet50 with BS = 65k with the 
three different learning rate schedules. While the learning curves show similar behav-
iour for the first 20 epochs, the exponential schedule outperforms the other two in the 
following 70 epochs by large margin.
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(a) Learning rate LR variation over epochs using different learning rate scheduling
methods including warm-up in first five epochs (on 1,024 GPUs).
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(b) Validation accuracy V for different learning rate schedulers with increasing
batch size BS. Average over 3 runs.

Fig. 8  Analysis of different learning rate schedulers for ResNet50 training, showing learning rate over 
epochs (a) and validation accuracy over batch size (b). Note the original learning rate LR of 0.025 is scaled 
with the number of GPUs
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Summary, conclusion, and outlook
In this study, three distributed DL frameworks, i.e., PyTorch-DDP, Horovod, and Deep-
Speed were analyzed in combination with the DALI and native PyTorch data loader 
on the JUWELS Booster module on up to 1024 GPUs in terms of data throughput, 
the runtime, and the scaling performance. For this analysis, the ResNet50, ResNet101, 
and ResNet152 architectures were trained on the ImageNet dataset. Furthermore, the 
impact of the batch size on the validation accuracy and the effect of different learning 
rate scheduling methods were investigated for training a ResNet50.

The superiority of the DALI data loader over the native framework-based data 
loader in terms of scaling performance was evident. A parallel efficiency of over 0.85 
on up to 256 GPUs and over 0.75 on 1024 GPUs for training ResNet50 was achieved. 
This value was over 0.80 on 1024 GPUs for training ResNet101 and ResNet152. It can 
be concluded that DALI is well suited to be used in large-scale distributed machine 
learning setups, regardless of the underlying framework or size of the neural network. 
Comparatively, the native PyTorch data loader could only achieve an efficiency of 0.45 
for a training with 512 GPUs, hence, an even lower number of GPUs.

As the global batch size has to be increased with the number of GPUs, the good 
scaling performance can only be reached with a large global batch size, leading to a 
reduction in validation accuracy of the training. Even though no solution exists to 
address this problem, this work has shown that some mitigation was possible through 
choosing the right learning scheduling methods. An exponential learning rate sched-
uling method showed the best performance in terms of validation accuracy for a large 
batch size of 65k on 1024 GPUs for training ResNet50, whereas for smaller batch sizes, 
the cosine or step-wise annealing scheduling methods achieved better accuracies.

Overall, the total training time was reduced from ≈ 13 h on 4 GPUs to ≈ 200 s on 
1024 GPUs for training ResNet50 (234 times faster) and ≈ 17 h to ≈ 300 s for the 
Resnet152 case (204 times faster), respectively. This good scaling behavior proves the 
combined power of distributed DL and HPC when using the right tools and meth-
ods. Such short training times enable the developers to focus more on code and 
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Fig. 9  Validation accuracy V over the number of epochs for a ResNet50 training with BS = 65k on 1024 GPUs 
with different learning rate schedulers
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hyperparameter tuning, leading in the end to better models. In summary, research-
ers should scale their training with the usage of Horovod or PyTorch-DDP to as much 
GPUs as possible, until the degradation of the accuracy sets in.

There exist other distributed DL frameworks that could be analyzed in terms of per-
formance on large HPC systems. Furthermore, on the hardware side, different pro-
cessor architectures that are tailored for machine learning, e.g., TPUs or Graphocore 
IPUs [49], are emerging and will undoubtedly play a key role in distributed DL. In the 
future, these developments will be further investigated.

The issue with the accuracy drop for large batch sizes also requires further atten-
tion. Other promising techniques apart from learning rate scheduling methods 
include novel optimizers, e.g., NVLAMB [50]. A comprehensive hyperparameter tun-
ing routine, which includes other optimizer-related parameters, such as weight-decay 
rate or momentum can also impact the performance.

While this work evaluated the data loaders and frameworks already at large scale, 
further scaling tests are needed for even bigger systems, e.g., Exascale machines. 
Therefore, larger datasets and more complex models will be required. Other model 
architectures such as Autoencoders or Transformers have shown great success on 
various tasks and hence might be a good choice.

Future directions of general big data research include developing more efficient and 
adaptive distributed DL algorithms to handle heterogeneous data sources, reduce 
storage and communication overheads in HPC systems, and perform energy effi-
ciency training of DL models on massive datasets.

Abbreviations
API	� Application Programming Interface
BS	� Batch Size
CNN	� Convolutional Neural Network
CPU	� Central Processing Unit
CUDA	� Compute Unified Device Architecture
DALI	� NVIDIA Data Loading Library
DL	� Deep Learning
DRAM	� Dynamic Random Access Memory
GPU	� Graphics Processing Unit
HPC	� High-Performance Computing
ILSVRC	� ImageNet Large Scale Visual Recognition Challenge
I/O	� Input/Output
IPU	� Intelligent Processing Unit
JUWELS	� Jülich Wizard for European Leadership Science (JUWELS)
LR	� Learning Rate
MPI	� Message Passing Interface
MSA	� Modular Supercomputing Architecture
NCCL	� NVIDIA Collective Communications Library
PCIe	� Peripheral Component Inter-Connect Express
ResNet	� Residual Neural Network
SGD	� Stochastic Gradient Descent
TPU	� Tensor Processing Unit
V	� Validation Accuracy

Acknowledgements
Not applicable.

Author contributions
MA: writing code and paper, running experiments and analysis, EI: contributions to code and analysis, review, RS: 
contributions to code and analysis, review, MR: supervision, contribution to analysis, review, AL: supervision, funding, 
contribution to analysis, review. All authors read and approved the final manuscript.

70



Paper I

Page 22 of 23Aach et al. Journal of Big Data           (2023) 10:96 

Funding
Open Access funding enabled and organized by Projekt DEAL. The research leading to these results has been conducted 
in the CoE RAISE project, which receives funding from the European Union’s Horizon 2020-Research and Innovation 
Framework Programme H2020-INFRAEDI-2019-1 under Grant Agreement No. 951733. The authors gratefully acknowl-
edge the Partnership for Advanced Computing in Europe (PRACE) for funding this project by providing computing 
time on the Supercomputer JUWELS [8] at Jülich Supercomputing Centre (JSC). Open Access publication funded by the 
Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) - 491111487.

Availability of data and materials
The code to reproduce the experiments is available to the public via https://​gitlab.​jsc.​fz-​jueli​ch.​de/​CoE-​RAISE/​FZJ/​resnet-​
bench​marks
The datasets generated and/or analysed during the current study are available in the ImageNet repository, https://​www.​
image-​net.​org/​downl​oad.​php.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 3 November 2022   Accepted: 8 May 2023

References
	1.	 He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition. In: 2016 IEEE Conference on Computer 

Vision and Pattern Recognition (CVPR). 2016;pp. 770–778. https://​doi.​org/​10.​1109/​CVPR.​2016.​90
	2.	 Dosovitskiy A, Beyer L, Kolesnikov A, Weissenborn D, Zhai X, Unterthiner T, Dehghani M, Minderer M, Heigold G, 

Gelly S, Uszkoreit J, Houlsby N. An image is worth 16x16 words: Transformers for image recognition at scale. In: 
International Conference on Learning Representations (2021). arxiv:​2010.​11929

	3.	 Ben-Nun T, Hoefler T. Demystifying parallel and distributed deep learning: an in-depth concurrency analysis. ACM 
Comput Surv. 2019. https://​doi.​org/​10.​1145/​33200​60.

	4.	 Goyal P, Dollár P, Girshick R, Noordhuis P, Wesolowski L, Kyrola A, Tulloch A, Jia Y, He K. Accurate, Large Minibatch 
SGD: Training ImageNet in 1 Hour 2018. arXiv:​1706.​02677

	5.	 Sergeev A, Balso M.D. Horovod: fast and easy distributed deep learning in TensorFlow 2018. arXiv:​1802.​05799
	6.	 Li S, Zhao Y, Varma R, Salpekar O, Noordhuis P, Li T, Paszke A, Smith J, Vaughan B, Damania P, Chintala S. PyTorch 

distributed: experiences on accelerating data parallel training. Proc VLDB Endow. 2020;13(12):3005–18. https://​doi.​
org/​10.​14778/​34154​78.​34155​30.

	7.	 Rasley J, Rajbhandari S, Ruwase O, He Y. DeepSpeed: system optimizations enable training deep learning models 
with over 100 billion Parameters, pp. 3505–3506. Association for Computing Machinery, New York, NY, USA (2020). 
https://​doi.​org/​10.​1145/​33944​86.​34067​03

	8.	 Jülich Supercomputing Centre. JUWELS: Modular Tier-0/1 Supercomputer at Jülich Supercomputing Centre. J Large 
Scale Res facil JLSRF. 2019;5:135. https://​doi.​org/​10.​17815/​jlsrf-5-​171

	9.	 Top500. https://​top500.​org/​lists/​top500/​list/​2022/​06/. Accessed: 2022-09-20
	10.	 Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, Huang Z, Karpathy A, Khosla A, Bernstein M, Berg AC, Fei-Fei 

L. ImageNet large scale visual recognition challenge. Int J Comput Vision (IJCV). 2015;115(3):211–52. https://​doi.​org/​
10.​1007/​s11263-​015-​0816-y.

	11.	 Mattson P, Cheng C, Diamos G, Coleman C, Micikevicius P, Patterson D, Tang H, Wei G-Y, Bailis P, Bittorf V, Brooks 
D, Chen D, Dutta D, Gupta U, Hazelwood K, Hock A, Huang X, Kang D, Kanter D, Kumar N, Liao J, Narayanan D, 
Oguntebi T, Pekhimenko G, Pentecost L, Janapa Reddi V, Robie T, St John T, Wu C-J, Xu L, Young C. Zaharia, M. Mlperf 
training benchmark. In: Dhillon, I., Papailiopoulos, D., Sze, V. (eds.) Proceedings of Machine Learning and Systems. 
2020;vol 2:336–49.

	12.	 Krizhevsky A, Sutskever I, Hinton GE. Imagenet classification with deep convolutional neural networks. Commun 
ACM. 2017;60(6):84–90. https://​doi.​org/​10.​1145/​30653​86.

	13.	 Ioffe S, Szegedy C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. 
In: Bach F, Blei D. (eds.) Proceedings of the 32nd International Conference on Machine Learning. Proceedings of 
Machine Learning Research 2015: vol. 37, pp. 448–456. PMLR, Lille, France.

	14.	 Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser Lu, Polosukhin I. Attention is all you need. 
Advances in Neural Information Processing Systems. 2017;30.

	15.	 Li D, Chen X, Becchi M, Zong Z. Evaluating the energy efficiency of deep convolutional neural networks on cpus 
and gpus. In: 2016 IEEE International Conferences on Big Data and Cloud Computing (BDCloud), Social Computing 
and Networking (SocialCom), Sustainable Computing and Communications (SustainCom) (BDCloud-SocialCom-
SustainCom), pp. 477–484 2016. https://​doi.​org/​10.​1109/​BDClo​ud-​Socia​lCom-​Susta​inCom.​2016.​76.

71



Paper I

Page 23 of 23Aach et al. Journal of Big Data           (2023) 10:96 	

	16.	 Strubell E, Ganesh A, McCallum A. Energy and policy considerations for deep learning in NLP. In: Proceedings of the 
57th Annual Meeting of the Association for Computational Linguistics, pp. 3645–3650. Association for Computa-
tional Linguistics, Florence, Italy 2019. https://​doi.​org/​10.​18653/​v1/​P19-​1355

	17.	 Langer M, He Z, Rahayu W, Xue Y. Distributed training of deep learning models: a taxonomic perspective. IEEE Trans 
Parallel Distributed Syst. 2020;31(12):2802–18. https://​doi.​org/​10.​1109/​tpds.​2020.​30033​07.

	18.	 Dean J, Corrado G, Monga R, Chen K, Devin M, Mao M, Ranzato, MA, Senior A, Tucker P, Yang K, Le Q, Ng A. Large 
scale distributed deep networks. Advances in Neural Information Processing Systems. 2012;25.

	19.	 Xing EP, Ho Q, Dai W, Kim JK, Wei J, Lee S, Zheng X, Xie P, Kumar A, Yu Y. Petuum: a new platform for distributed 
machine learning on big data. IEEE Trans Big Data. 2015;1(2):49–67. https://​doi.​org/​10.​1109/​TBDATA.​2015.​24720​14.

	20.	 Chilimbi T, Suzue Y, Apacible J, Kalyanaraman K. Project Adam: building an efficient and scalable deep learning 
training system. In: Proceedings of the 11th USENIX Conference on Operating Systems Design and Implementation. 
OSDI’14, 2014: pp. 571–582. USENIX Association, USA.

	21.	 Iandola FN, Moskewicz M, Ashraf K, Keutzer K. FireCaffe: near-linear acceleration of deep neural network training 
on compute clusters. In: 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 2592–2600 
(2016). arxiv:​1511.​00175

	22.	 Abadi M, Agarwal A, Barham P, Brevdo E, Chen Z, Citro C, Corrado GS, Davis A, Dean J, et al. MD. TensorFlow: large-
scale machine learning on heterogeneous systems (2015). arxiv:​1603.​04467

	23.	 Chen T, Li M, Li Y, Lin M, Wang N, Wang M, Xiao T, Xu B, Zhang C, Zhang Z. MXNet: A flexible and efficient machine 
learning library for heterogeneous distributed systems 2015. arxiv:​1512.​01274

	24.	 Götz M, Debus C, Coquelin D, Krajsek K, Comito C, Knechtges P, Hagemeier B, Tarnawa M, Hanselmann S, Siggel M, 
et al. Heat—a distributed and gpu-accelerated tensor framework for data analytics. 2020 IEEE International Confer-
ence on Big Data (Big Data) 2020. https://​doi.​org/​10.​1109/​bigda​ta500​22.​2020.​93780​50.

	25.	 Numpy. https://​numpy.​org/. Accessed 20 Sep 2022.
	26.	 Rajbhandari S, Rasley J, Ruwase O, He Y. Zero: Memory optimizations toward training trillion parameter models. 

In: SC20: International Conference for High Performance Computing, Networking, Storage and Analysis, pp. 1–16 
(2020). https://​doi.​org/​10.​1109/​SC414​05.​2020.​00024

	27.	 Shams S, Platania R, Lee K, Park S-J. Evaluation of deep learning frameworks over different hpc architectures. In: 2017 
IEEE 37th International Conference on Distributed Computing Systems (ICDCS), pp. 1389–1396 (2017). https://​doi.​
org/​10.​1109/​ICDCS.​2017.​259

	28.	 SLURM. https://​slurm.​sched​md.​com/. Accessed 20 Sep 2022.
	29.	 Yamazaki M, Kasagi A, Tabuchi A, Honda T, Miwa M, Fukumoto N, Tabaru T, Ike A, Nakashima K. Yet another acceler-

ated SGD: ResNet-50 Training on ImageNet in 74.7 seconds 2019. arxiv:​1903.​12650.
	30.	 Kumar S, Bradbury J, Young C, Wang YE, Levskaya A, Hechtman B, Chen D, Lee H, Deveci M, Kumar N, Kanwar P, 

Wang S, Wanderman-Milne S, Lacy S, Wang T, Oguntebi T, Zu Y, Xu Y, Swing A. Exploring the limits of concurrency in 
ML training on Google TPUs. 2021. arxiv:​2011.​03641

	31.	 Krizhevsky A. One weird trick for parallelizing convolutional neural networks. 2014. arxiv:​1404.​5997
	32.	 Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z.D Rethinking the inception architecture for computer vision. In: 

2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), pp. 2818–2826 (2016). https://​doi.​org/​
10.​1109/​CVPR.​2016.​308.

	33.	 Pumma S, Buono D, Checconi F, Que X, Feng W-C. Alleviating load imbalance in data processing for large-scale deep 
learning. In: 2020 20th IEEE/ACM International Symposium on Cluster, Cloud and Internet Computing (CCGRID), pp. 
262–271 (2020). https://​doi.​org/​10.​1109/​CCGri​d49817.​2020.​00-​67.

	34.	 Gibiansky A. Bringing HPC techniques to deep learning 2017. https://​andrew.​gibia​nsky.​com/​blog/​machi​ne-​learn​
ing/​baidu-​allre​duce/. Accessed 31 Aug 2021.

	35.	 NCCL. https://​devel​oper.​nvidia.​com/​nccl. Accessed 20 Sep 2022.
	36.	 Gloo. https://​github.​com/​faceb​ookin​cubat​or/​gloo. Accessed 20 Sep 2022.
	37.	 DALI. https://​devel​oper.​nvidia.​com/​dali. Accessed 20 Sep 2022.
	38.	 Zolnouri M, Li X, Nia V.P. Importance of data loading pipeline in training deep neural networks 2020. arxiv:​2005.​02130.
	39.	 Wang G, Lei Y, Zhang Z, Peng C. A communication efficient ADMM-based distributed algorithm using two-dimen-

sional torus grouping AllReduce. Data Sci Eng. 2023;1–12.
	40.	 Zhou Q, Kousha P, Anthony Q, Shafie Khorassani K, Shafi A, Subramoni H, Panda DK. Accelerating MPI all-to-all com-

munication with online compression on modern GPU clusters. In: High Performance Computing: 37th International 
Conference. ISC High Performance 2022. Hamburg, Germany: Springer; 2022. p. 3–25.

	41.	 Bengio Y, Simard P, Frasconi P. Learning long-term dependencies with gradient descent is difficult. IEEE Trans Neural 
Netw. 1994;5(2):157–66. https://​doi.​org/​10.​1109/​72.​279181.

	42.	 Loshchilov I, Hutter F. SGDR: Stochastic gradient descent with warm restarts. International Conference on Learning 
Representations (2017).

	43.	 Suarez E, Eicker N, Lippert T. Modular supercomputing architecture: from idea to production. Contemporary high 
performance computing. 2019;23–55. https://​doi.​org/​10.​1201/​97813​51036​863-9.

	44.	 NVLINK. https://​www.​nvidia.​com/​en-​us/​data-​center/​nvlink/. Accessed 20 Sep 2022.
	45.	 GPFS. https://​apps.​fz-​jueli​ch.​de/​jsc/​hps/​juwels/​files​ystems.​html. Accessed 17 Apr 2023.
	46.	 EasyBuild. https://​github.​com/​easyb​uilde​rs/​easyb​uild. Accessed 20 Sep 2022.
	47.	 NSys. https://​docs.​nvidia.​com/​nsight-​syste​ms/​index.​html. Accessed 20 Sep 2022.
	48.	 cuDNN. https://​devel​oper.​nvidia.​com/​cudnn. Accessed 20 Sep 2022.
	49.	 Graphcore. https://​www.​graph​core.​ai/​produ​cts/​ipu. Accessed 20 Sep 2022.
	50.	 NVLAMB. https://​github.​com/​NVIDIA/​DeepL​earni​ngExa​mples/​blob/​master/​PyTor​ch/​Langu​ageMo​deling/​BERT/​

README.​md. Accessed 20 Sep 2022.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

72



Paper II

Paper II
Optimal Resource Allocation for Early Stopping-based Neural Architecture
Search Methods
M. Aach, E. Inanc, R. Sarma, M. Riedel, and A. Lintermann
Proceedings of the Second International Conference on Automated Machine Learning
(2023)

This article is an open-access article distributed under the terms and conditions of the
Creative Commons Attribution License (http://creativecommons.org/li
censes/by/4.0/).

Marcel Aach wrote the code and the paper, ran all experiments on the HPC machines
and performed the analysis.

73

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


Paper II

Optimal Resource Allocation for Early Stopping-based
Neural Architecture Search Methods

Marcel Aach1,2 Eray Inanc1 Rakesh Sarma1 Morris Riedel1,2 Andreas Lintermann1

1Jülich Supercomputing Centre, Forschungszentrum Jülich, Germany
2School of Engineering and Natural Sciences, University of Iceland, Iceland

Abstract The field of Neural Architecture Search (NAS) has been significantly benefiting from the
increased availability of parallel compute resources, as optimization algorithms typically
require sampling and evaluating hundreds of model configurations. Consequently, to make
use of these resources, the most commonly used early stopping-based NAS methods are
suitable for running multiple trials in parallel. At the same time, also the training time of
single model configurations can be reduced, e.g., by employing data-parallel training using
multiple Graphics Processing Units (GPUs). This paper investigates the optimal allocation
of a fixed amount of parallel workers for conducting NAS. In practice, users have to decide
if the computational resources are primarily used to assign more workers to the training
of individual trials or to increase the number of trials executed in parallel. The first option
accelerates the speed of the individual trials (exploitation) but reduces the parallelism of
the NAS loop, whereas for the second option, the runtime of the trials is longer but a larger
number of simultaneously processed trials in the NAS loop is achieved (exploration). Our
study encompasses both large- and small-scale scenarios, including tuning models in parallel
on a single GPU, with data-parallel training on up to 16 GPUs, and measuring the scalability
of NAS on up to 64 GPUs. Our empirical results using the HyperBand, Asynchronous
Successive Halving, and Bayesian Optimization HyperBand methods offer valuable insights
for users seeking to run NAS on both small and large computational budgets. By selecting
the appropriate number of parallel evaluations, the NAS process can be accelerated by
factors of ≈ 2 − 5 while preserving the test set accuracy compared to non-optimal resource
allocations.

1 Introduction

Neural Architecture Search (NAS) describes the process of automatically designing neural networks
for various applications (Hutter et al., 2019). As NAS requires searching through a vast space of
possible neural network architectures to find the one that best suits the given problem, this process
is computationally expensive. Therefore, there has been a growing interest in exploiting parallel
computing to speed up this process. By using parallelism, multiple candidate architectures can
be evaluated concurrently, which significantly reduces the total runtime to find an architecture
candidate that performs well. In recent years, the available NAS and Hyperparameter Optimization
(HPO) frameworks have made an effort to run in parallel (Li et al., 2020a; Kandasamy et al., 2020;
Liaw et al., 2018; Balaprakash et al., 2018). However, investigations into how these methods scale
up are sparse and the optimal degree of parallelism to use in the NAS process – when only limited
resources are available – is still an open question.

This paper aims to investigate the impact of the parallelism of the NAS loop on the runtime and
quality of the outcome of three of the most commonly used early stopping-based NAS methods:
Hyperband (HB) by (Li et al., 2017), Asynchronous Successive Halving Algorithm) (ASHA) by (Li
et al., 2020a), and Bayesian Optimization and HyperBand (BOHB) by (Falkner et al., 2018). All
of these algorithms have ‘meta-hyperparameters’ themselves, that have a large influence on the

AutoML 2023 © 2023 the authors, released under CC BY 4.0
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performance. One example is the reduction factor, which defines the percentage of trials that are
terminated by early stopping. Investigations have shown that a reduction factor of three or four is
a robust choice (Li et al., 2020a). However, the optimal number of parallel evaluations that should
be used has not been studied extensively.

We study the effect of parallelism on the NASmethods using both, small and large computational
budgets on the standardized NATS-Benchmark (Dong et al., 2021), training up to 256 Convolutional
Neural Networks (CNNs) on three image classification datasets. In the first step, the optimal number
of parallel evaluations to run when using a single Graphics Processing Unit (GPU) – also refereed
to as a worker or a device in the following – is evaluated. As a second step we increase the number
of GPUs to 16 and vary the number of parallel evaluations by running data-parallel training of the
architectures on one to four GPUs per trial. Our main objective is to explore the balance between
accelerating single trials by allocating more resources per trial and speeding up the entire NAS
loop by running more trials in parallel, considering a fixed amount of available hardware resources.
The original motivation of HB and its successors ASHA and BOHB was to develop an adaptive,
multi-fidelity approach for resource allocation, however, mainly from a temporal perspective. That
is, ’resources’ or fidelity are defined as a fixed amount of training epochs a NAS run can use and
that then is shared between trials.

In this work, ’resources’ and fidelity are defined as fixed amount of physical workers to address
this issue from a hardware perspective. To investigate the efficient utilization of these workers, we
are looking to answer the following two research questions:

• RQ-1: How many resources should be allocated in total for a NAS?
• RQ-2: How many resources should be allocated for each NAS trial?

Our main contribution is an investigation of these research questions on small- and large-scale
computational budgets (up to 64 GPUs), featuring different algorithms, types and sizes of datasets,
and neural networks and types of GPUs. Our findings suggest to increase the parallelism of the
NAS loop at the cost of the parallelism of the single trials, independent of the factors such as
algorithm, dataset, or hardware type.

In Sec. 2, we introduce the methods used for evaluation and embed this study in related
scalability and resource allocation work. Section 3 then describes the benchmark and technical
frameworks used, while in Sec. 4 and Sec. 5 the results of the experiments on various scales are
reported and discussed. We finish with a conclusion in Sec.6.

2 Related Work

2.1 Hyperband (HB)

In Machine Learning (ML), the performance of a certain model with respect to a certain metric, i.e.,
the validation error, can be described by the function 𝑓 : X → R where X is the space of possible
model architectures. The main goal of NAS is to minimize the objective function 𝑓 by finding an
architecture configuration 𝑥∗ ∈ X such that 𝑥∗ ∈ argmin𝑥∈X 𝑓 (𝑥). Evaluations of the objective
functions are expensive as the model configurations usually require full training. HB (Li et al., 2017)
seeks to approximate this objective function by evaluating it on a smaller budget, e.g., by running
a trial with fewer epochs. Worse performing trials are then cut off early and their resources are
transferred to the best performing trials. This early stopping procedure is known as Successive
Halving (Jamieson and Talwalkar, 2016). To assess the most promising trials, HB waits for all trials
of a bracket to reach a certain threshold in time before applying Successive Halving. This leads to
idling workers as some will be faster than others (which can be circumvented by spawning a new
bracket if enough workers are available). HB is a pure scheduling algorithm as new configurations
to evaluate are randomly sampled.

2
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2.2 Bayesian Optimization Hyperband (BOHB)
Another option to accelerate the NAS process is the use of optimization methods to find the
minimum of 𝑓 , where Bayesian optimization (BO) has become the main method of choice. The
idea behind BO is to use a probabilistic model of 𝑓 based on data points observed in the past. In the
case of NAS, this means finding promising new model architectures based on the performance of
past trials.

BO is computationally costly and BOHB (Falkner et al., 2018) solves this issue by combining the
optimization process with HB for scheduling. In BOHB, HB chooses the number of hyperparameter
configurations and their assigned budget. BO chooses the hyperparameters by deploying a tree
parzen estimator (Bergstra et al., 2011). Combining both approaches has several advantages: good
results are achievable on smaller budgets while on larger budgets the performance is better than
other methods, such as plain HB or random search (Bergstra and Bengio, 2012).

2.3 Asynchronous Successive Halving Algorithm
ASHA (Li et al., 2020a) addresses the problem of large scale NAS by improving the scalability of
HB. To avoid idling workers ASHA, in contrast to HB decides on a rolling basis which trials are
promising. When two trials reach the time barrier, the trial with the better performance is continued
while the other is paused until the performance of the next completed trial can be juxtaposed. This
asynchronous comparison leads to speed-ups. ASHA focuses purely on the scheduling aspects of
NAS and new architecture candidates are randomly sampled, contrary to BOHB.

2.4 Scalability and Resource Allocation Investigations
In the original works on ASHA and BOHB, initial investigations on their scalability with respect
to the total number of workers used in the NAS process are already performed. In the BOHB
case, the algorithm is scaled up to 32 Central Processing Unit (CPU) workers to perform HPO on a
small benchmarking dataset from OpenML (Frey and Slate, 1991; Vanschoren et al., 2014), attaining
a speed-up of 15𝑥 in comparison to using a single worker. However, no scalability results on
larger datasets or GPUs are reported. In a proposed extension to the BOHB framework, substantial
speed-ups are measured, still just on small multi-layer perceptron models on tabular datasets (Klein
et al., 2020).

While in the ASHA paper, a study on a total number of 500 GPUs is reported, the authors do not
juxtapose these results with results achieved on a smaller number of workers for the same problem
to compute a speed-up. The paper already addresses the trade-off of using resources to train a
model faster vs. evaluating more models in parallel. This is, however, done on just a single model
and dataset, and by simulating the training times using an analytical performance model (Qi et al.,
2017). In contrast, our study performs evaluations on different types of GPUs, encompasses larger
models and datasets, and takes measurements by actually performing the training runs (instead of
simulating them).

2.5 Data-Parallel Deep Learning
Data-parallel training is especially suited for training deep neural networks on large datasets on
multiple GPUs. This method greatly accelerates the training process.

To perform data-parallel training, the training dataset is partitioned across multiple workers,
and each worker trains a copy of the model on a subset of the data. During each iteration, the
gradients of the loss function with respect to the model parameters are computed on each device,
and then averaged across all devices to obtain a global gradient update. The model parameters
are then updated using this global gradient (Li et al., 2020b). The global gradient update can be
computed as

Δ𝑤 =
1
𝑁

𝑁∑︁
𝑖=1

Δ𝑤𝑖 , (1)
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where Δ𝑤𝑖 is the gradient computed on device 𝑖 and 𝑁 is the total number of devices. With a
growing number of devices, this averaged gradient changes, which impacts the generalization
performance (Keskar et al., 2017). It is possible to circumvent this degradation of performance by
scaling the learning rate with the number of devices (Goyal et al., 2017). This works, however,
only if the number of devices that is trained on in parallel is small. Another way to avoid this
degradation is to optimize the learning rate using BO (Égelé et al., 2021).

3 Methodology

3.1 Ray Tune

For our experiments we use the open-source Ray Tune (Liaw et al., 2018) library. It offers to run mul-
tiple NAS optimizations across multiple GPUs via a unified interface. We use the implementations
of ASHA, BOHB, and HB from within Ray Tune to eliminate implementation-specific disturbance
factors in our analysis. All communication and scheduling is therefore handled via Ray. One of
the most important features of the Ray library is the possibility to easily modify the number of
workers to use per evaluation, even allowing for floating point values. This way, it is possible to run
multiple trials in parallel on a single GPU, which share its compute power via ’context swichting’.
In our experiments, we use Ray Tune for the NAS loop and PyTorch-DDP (Li et al., 2020b) for the
training of the single models.

3.2 NATS Benchmark

Benchmarks play an important role in NAS research by providing a standardized evaluation
framework for comparing different NAS algorithms on multiple datasets. For this study, we run
our main experiments on the size search space S𝑠 from the NATS-Bench by (Dong et al., 2021).
For this size search space, a general CNN model with fixed topology is created, where the number
of channels for each stage of convolutional layers is sampled from 𝑘 · 8, 𝑘 ∈ {1, . . . , 8}. As there
are five layer stages in the model, the total number of possible configurations is 85. We train all
models with the hyperparameters mentioned in the original NATS-Bench paper. This includes
the usage of the Stochastic Gradient Descent optimizer with learning rate of 𝑙𝑟 = 0.1, momentum
of𝑚𝑜𝑚 = 0.9, weight decay of 𝑤𝑑 = 0.0005, batch size of 𝑏𝑠 = 256, and nesterov momentum for
90 epochs. The quantity 𝑙𝑟 is annealed from 0.1 to 0 over the course of training with the cosine
annealing schedule (Loshchilov and Hutter, 2017), also in accordance with the NATS-Bench training
protocol.

3.3 Datasets

We train each model configuration on the most popular image classification datasets cifar-10,
cifar-100 (Krizhevsky, 2009), and imagenet (Russakovsky et al., 2015). To reduce the computational
costs of our analysis, we use a down-sampled variant of imagenet for most of our experiments,
where each image is scaled to 16 × 16 pixels and the number of classes is reduced to 120 (also
referred to as imagenet16-120). As these datasets do not feature a validation dataset, we set aside
20% of the training dataset for validation to evaluate the obtained model configurations during
the NAS optimization process1. The testset remains untouched. For all datasets, we reuse the
pre-processing and augmentation techniques from NATS-Bench.

4 Experimental Results

In this section, the experimental results are presented, evaluating the scalability of the different NAS
methods on up to 64 GPU and the general performance of NAS methods when sharing a single or

1This is different from the dataset splits reported in NATS-Bench, which uses a 50/50 split. However, to measure the
effect of resource allocation, we need our training dataset to be sufficiently large, which is why we chose the 80/20 split.
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multiple GPUs per trial. The experiments from Sec. 4.1, 4.2, 4.3 and 4.4 are performed on JURECA-
DC-GPU (Jülich Supercomputing Centre, 2021), a High-Performance Computing (HPC) machine
that features NVIDIA A1002 GPUs, while the experiments from Sec. 4.5 are performed on the
MareNosturm4 CTE-AMD machine, equipped with AMD MI50 3 GPUs and the DEEP-EST (Suarez
et al., 2021) machine, with NVIDIA V100 4 GPUs. Code to reproduce the results is available via a
GitLab repository 5.

4.1 General Scalability

To answer the first research question (RQ-1), this section investigates the general scalability of
the three early-stopping based NAS methods, plain HB, BOHB, and ASHA. As this work focuses
on efficient resource allocation, the question at hand is to find out at which point adding more
workers to the NAS task is not profitable anymore to guarantee efficient utilization. A common
metric for tracking this is to perform strong scaling tests and compare the parallel efficiencies 𝐸𝐺
of different NAS methods. In strong scaling analyses, the problem size remains constant while the
number of workers is increased. In this case, the problem size is defined as the total number of
samples the NAS methods need to evaluate, and is set to 128. The speedup can be calculated by

𝑆𝐺 =
𝑇1
𝑇𝐺

, (2)

where 𝐺 is the number of GPUs, 𝑇1 is the runtime of the single GPU baseline case, and 𝑇𝐺 is the
runtime on 𝐺 GPUs. Then, 𝐸𝐺 can be expressed by

𝐸𝐺 =
𝑆𝐺
𝐺

, 𝐸𝐺 ∈ [0, 1] (3)

In case 𝐸𝐺 equals (or is close to) unity, the best possible scaling performance is achieved (only in
exceptional cases values larger than unity are possible). Analyzing 𝐸𝐺 allows for a standardized
comparison of the different methods. Figure 1 shows 𝐸𝐺 values for setups between 1 and 64 GPUs
on all three datasets from NATS-Bench, running one trial per GPU. The random search (RAND)
plots serve as a best case scenario as all trials are fully trained independently from each other
and there is no early stopping. Allocation of more GPU resources reduces the runtime almost
proportionally. Hence, 𝐸𝐺 values for this case are always above 0.85. Among other methods, the
ASHA case achieves the best parallel performance on up to 8 GPUs with 𝐸𝐺 = 1 across all three
datasets. This result is expected, since the trials in this method run in asynchronous manner.
Overall, all methods perform reasonably well up to 32 GPUs with 𝐸𝐺 values above 0.75. However,
it can be seen that 𝐸𝐺 drops below 0.75 on 64 GPUs across all datasets and algorithms. The drop in
performance in comparison to random search becomes apparent for larger number of GPUs.

4.2 Resource Allocation on a Single GPU

To answer the second research question (RQ-2), we investigate how the amount of resources
allocated to a single trial impacts the total runtime of the NAS process.

For the experiments depicted in Fig. 2, the different early stopping-based NAS algorithms
run until 64 different architecture candidate samples have been evaluated. The plots depict the
validation accuracy of the best architecture currently discovered by the NAS over the time for
running up to eight trials in parallel on a single GPU. The plots are partly truncated on the x- and
y-axis, and standard deviation is omitted for readability reasons, see App. A for full plots including

2https://www.nvidia.com/en-us/data-center/a100/
3https://www.amd.com/en/products/professional-graphics/instinct-mi50
4https://www.nvidia.com/en-us/data-center/v100/
5https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/nas-allocation
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Figure 1: Scalability comparison: Parallel efficiency 𝐸𝐺 over the number of GPUs, based on the runtime
until 128 samples are evaluated. 𝐸𝐺 = 1 denotes the ideal case.

error bars. Comparing the ASHA, BOHB, and HB to the random search (RAND) runtimes in Fig. 2
proves that early stopping methods greatly benefit the computation. The differences between the
final validation accuracies that the NAS methods converge to are with less than 1% only marginal
across all datasets. BOHB is the only exception, but also here differences are only slightly above 1%.
Therefore, it can be stated that the validation accuracy is not impacted by the number of parallel
trials.

It is, however, evident that the runtime is largely influenced by the parallelism of the NAS
algorithm, i.e., the NAS methods take up to twice as long to finish when running just a single trial
at a time (blue lines in Fig. 2). The main reason for this is that early stopping-based methods can
only make their decisions on which trials to stop and which to continue based on having multiple,
intermediate results available. If just one trial is running (sequentially) at a time, the algorithm
needs to constantly checkpoint the current trial, load a new architecture, and train it for a specified
amount of time to have a comparison point. This checkpointing and re-loading creates overhead
that ultimately leads to longer runtimes. When running multiple trials in parallel, these kinds
of decisions can be made on the fly. While the amount of checkpoint operations is similar, less
re-loading is necessary in this case. The differences between the runtimes for 2, 4, and 8 trials
per GPU are small (less than 2,000s). For both, the ASHA and BOHB case running 4 or 8 trials in
parallel take roughly the same time to finish. What is interesting to observe is the fact that the
fewer resources are used per trial, i.e., 1, 2, or 4 trials per GPU, the faster the NAS method discovers
architectures with high validation accuracies, at least at the beginning. This can be observed by
the steep increase of the blue, orange, and green lines in Fig. 3 for small runtimes. This results in
enhanced anytime performance for the NAS loop, i.e., stopping the algorithm at a random point in
time and evaluating the performance at that point. This means that halting the process at a random
moment would likely produce higher validation accuracy than when running the maximum of 8
trials per GPU.

In addition to the frequent checkpointing and re-loading, one possible reason for the longer
runtime of the sequential trial case could be the idling of the GPU due to not receiving sufficient data
for calculations fast enough. When running 8 trials in parallel, the GPU processes 8 · 256 = 2,048
data samples at a time, while in the single trial case just 256 samples (=one batch) are processed at
a time. The latter is not enough to efficiently utilize a GPU.

To account for this effect, a reference experiment is conducted, where the quantity 𝑏𝑠 is scaled
inversely with the number of trials running on the GPU. Figure 3 shows the corresponding results.
Usually, a larger 𝑏𝑠 value leads to a faster training time, as the GPU can streamline the computations
of the gradients better and does not have to interrupt as often to perform an optimizer update. For
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Figure 2: Multiple trials on a single GPU, showing validation accuracy over runtime. Results are
averaged over three different seeds. The plots are partly truncated for readability. In all cases,
running 1 trial per GPU (blue line) clearly has the longest runtime while running 4 or 8 trials
(green and orange lines) per GPU finish faster.

this test, the batch size is set to 𝑏𝑠 = 256 as the baseline for the ‘8 Trials per GPU’, then 𝑏𝑠 = 2 · 256
is selected for the ‘4 Trials per GPU’ case, and so on. By doing this, we align the number of data
samples processed between the different levels of parallelism. To obtain comparable performance in
terms of validation accuracy, the quantity 𝑙𝑟 is scaled with the batch size. We only run this test for
the imagenet-16-120 dataset as the linear batch size and 𝑙𝑟 scaling already degrades the validation
accuracy when training on the cifar-10 and cifar-100 datasets.

The results show that the time difference between the ‘1 Trial per GPU’ scenario and the other
cases reduces significantly. Table 1 compares the outcomes and GPU utilizations of the NAS process
with and without the batch scaling for the ASHA case. While the factor in average runtime between
non-optimal (‘1 Trial per GPU’) and optimized (‘4 Trial per GPU’) resource allocation with no batch
scaling is at 18,817𝑠/8,524𝑠 ≈ 2.2, it reduces to 10,749𝑠/6,989𝑠 ≈ 1.54 for the batch scaling (‘1 vs.
2 Trials per GPU’). The batch scaling also improves the GPU utilization of almost all resource
allocation strategies, however, for the sequential scenario it only increases from 38% to 49%. This
finding confirms that the main reason hindering efficient resource usage is the switching and
reloading processes between trials and not the amount of simultaneously processed data. Overall it
can again be seen that the resulting test set accuracy is not impacted by the number of parallel
trials.
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Table 1: Averaged results of using ASHA on the imagenet-16 dataset on a single GPU with standard
deviation as uncertainty measurement. The runtime is the wallclock time of the whole NAS
loop. The test set accuracy is computed by using the architecture with the best performance
on the validation set. GPU utilization is measured using an internal tool of the HPC machine.

Without (inverse) batch scaling With (inverse) batch scaling

Trials per
GPU Runtime Test set

accuracy
GPU

utilization Runtime Test set
accuracy

GPU
utilization

1 18,817 ±414 s 37.6 ±0.77% 38 ±17 % 10,749 ±257 s 36.7 ±0.24 % 49 ±21 %
2 10,583 ±212 s 37.7 ±1.09% 79 ±9 % 6,989 ±248 s 37.3 ±0.11 % 82 ±5 %
4 8,524 ±113 s 37.7 ±0.91% 83 ±5 % 7,495 ±230 s 37.1 ±0.49 % 82 ±4 %
8 8,996 ±152 s 37.5 ±0.30% 86 ±3 % 9,252 ±237 s 37.4 ±0.06 % 86 ±4 %
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Figure 3: Multiple trials on a single GPU with inverse batch scaling according to the number of trials,
showing validation accuracy over runtime.

4.3 Resource Allocation on Multiple GPUs with Data-Parallel Training

The effect of employing a higher number of workers per trial is investigated here to answer the
second research question (RQ-2). Therefore, data-parallel training, see Sec. 2.5, is employed. To
obtain the results depicted in Fig. 4, the runtime of the early stopping-based NAS algorithms on a
fixed number of 16 GPUs is measured to evaluate 64 different architecture candidates. The base
case with a batch size of 𝑏𝑠 = 256 and a learning rate of 𝑙𝑟 = 0.1 is scaled linearly with the number
of GPUs.
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Figure 4: Distributing trials across multiple GPUs, showing validation accuracy over runtime. The
results are averaged over three different seeds.

The results are in line with the findings from the single GPU case. When using four GPUs per
trial, the NAS methods take the longest time to finish. For the ASHA and BOHB cases, this implies
that the runtimes of the ‘GPUs per trial: 1’ configuration are ≈ 1.3 and ≈ 1.59 faster than the ‘GPUs
per trial: 4’ configuration. However, with the exception of BOHB, the observations regarding the
anytime performance hold true here. That is, using more GPUs per trial accelerates the discovery
of architectures with better validation accuracies in the beginning of the NAS run.
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To investigate resource allocations on a larger computational budget, a NAS study for the ASHA
algorithm is performed with a fixed number of 64 GPUs as resources, measuring the runtime until
256 model architectures are evaluated. The number of workers to use for the data-parallel training
is varied from 1 − 16. The results are depicted in Fig. 5. Again, it is observed that increasing the
parallelism of the NAS loop and decreasing the parallelism of the data-parallel training (’GPUs
per trial: 1 or 2’ case) results in an optimal resource allocation. In this case, the factor between
optimized and sub-optimal allocations becomes even larger at 13,711𝑠/2,601𝑠 ≈ 5.2 with no impact
on the test set accuracy.
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Figure 5: Distributing trials across a total of 64 GPUs for ASHA on imagenet-16. Left (plot): The
validation accuracy over runtime until 256 samples are evaluated. The plot is partly truncated
for readability. Right (table): Overview of runtime and test set accuracy achieved.

4.4 Evaluation with Large Models

To test how well the findings transfer to larger neural network models and datasets, we perform an
additional evaluation with a custom ResNet50 (He et al., 2016) search space, where the number of
convolutional filters at each stage of the ResNet is sampled from the set S = {64, 128, 256, 512}. As
there are four layer stages in the model, the total number of possible configurations is 44 = 256. The
sampled models are roughly two orders of magnitude larger in terms of the number of parameters
than the models from the NATS-Bench search space (e.g., 30M vs. 0.3M parameters). The training
is performed on the complete imagenet-1k dataset (≈ 300 GB in size), utilizing the same training
protocol as for the NATS-Bench experiments and using a fixed budget of 64 GPUs. The results in
Fig. 6 (left) show that also in this case increasing the parallelism of the NAS loop at the cost of the
parallelism of the single trials reduces the total runtime significantly (blue vs. green line).

4.5 Evaluation on Different GPU Types

To asses to what extend the results are influenced by the type of GPU utilized for the NAS runs, we
perform additional experiments on different HPC machines, featuring less powerful GPUs than
the NVIDIA A100s from the previous sections. For the single GPU case (Sec. 4.2), one AMD MI50
is used while for the multi-GPU case (Sec. 4.3) 16 NVIDIA V100s are used for a comparison. The
results are depicted in Fig. 6 (middle and right). For both experiments, it can be observed that
running more trials in parallel leads to a reduced runtime (red line in the middle plot and blue line
in the right plot).
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Figure 6: Left: Running trials with ResNet search space on imagenet-1k. Middle: Running trials on a
single AMD MI50 GPU. Right: Running trials across 16 NVIDIA V100 GPUs.

5 Discussion and Insights
From the results, several things become evident. First, to answer RQ1, the general scalabilty of early
stopping-based NAS methods show good performance on up to 32 GPU workers in parallel. This is
not only true for the smaller cifar-10 and cifar-100 datasets, but also for the larger imagenet 16-120
dataset. A good scalability indicates that adding more workers to a problem proportionally reduces
the total runtime, leading to faster computation of the NAS loop and optimized resource usage. The
benefits of adding more GPUs to a problem outweighs the drawbacks of more communication and
scheduling overhead in this case. Efficiency drops for all methods (excluding random search) when
using 64 GPUs in parallel. This indicates that at this point drawbacks of adding more workers to
the problem grow, resulting in sub-optimal resource usage. For datasets and models comparable in
size to the ones from NATS-Bench, it is therefore recommended to use a maximum of 32 workers
for the NAS loop to keep parallel efficiency above ≈ 0.75, i.e., ensuring better resource exploitation.
If practitioners are comfortable with parallel efficiency of only ≈ 0.6, even up to 64 GPUs can be
used, but it should be noted that in this case a large portion of compute resources is spent on
communication and scheduling tasks. In response to RQ2, the resource allocation investigations
on a single GPU show that it is in general advisable to increase the parallelism of the NAS loop to
achieve a decreased total runtime. In addition to the wasted resources by idling the GPU when
running only a single trial, the overhead created by frequent checkpointing and re-loading of
configurations increases the runtime by a large factor. This holds true even when adjusting for GPU
utilization by adjustment of the batch size (see. Fig. 3), though the effect becomes notably smaller.
The same conclusions can be made when running data-parallel training on multiple GPUs – at
least some degree of parallelism of the NAS loop should be ensured. If it is the aim to get a strong
anytime performance, it is advisable to increase the resources available to the single training loops.
However, the main takeaway message of this study is that also small levels of NAS parallelism (just
2 − 4 concurrently running trials) deliver a good trade-off between fast overall runtime and strong
anytime performance. This takeaways message is consistent both on small and the large resource
budgets, on small and large datasets and models and on various types of GPUs.

6 Conclusion and Future Work
In this work, the optimized and sub-optimal resource allocation for the three early-stopping based
NASmethods ASHA, BOHB, andHB has been explored. The scalability on three image classification
datasets with CNN models from NATS-Bench has been obtained, and recommendations on how
many resources to use in total, and how to balance them between single trials and overall NAS
loop has been provided. Our analysis contributes to the field of AutoML by providing guidance on
how to allocate their devices when running a study with NAS algorithms with the ultimate goal of
achieving fast runtimes. For future work, it is of interest to develop strategies that perform adaptive
re-allocation of hardware resources, in similar fashion as HB does from a temporal perspective.
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7 Broader Impact Statement

This work presents a study on optimal resource allocations for NAS methods. While our evaluations
are initially computationally expensive, the findings in this paper help researchers to run their
NAS algorithms more efficiently, resulting in less wasteful use of resources and lower energy
consumption.
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8 Submission Checklist

1. For all authors. . .

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes] We introduce the problem and summarize the content and
results of our study in Sec.1.

(b) Did you describe the limitations of your work? [Yes] We mention this work is performed on
the NATS-Bench datasets and therefore only applicable to comparable datasets and models
in Sec. 5

(c) Did you discuss any potential negative societal impacts of your work? [Yes] We included a
Broader Impact statement on the environmental impacts.

(d) Have you read the ethics author’s and review guidelines and ensured that your paper
conforms to them? https://automl.cc/ethics-accessibility/ [Yes]

2. If you are including theoretical results. . .

(a) Did you state the full set of assumptions of all theoretical results? [N/A] no theoretical
results

(b) Did you include complete proofs of all theoretical results? [N/A] no theoretical results

3. If you ran experiments. . .

(a) Did you include the code, data, and instructions needed to reproduce the main experimen-
tal results, including all requirements (e.g., requirements.txt with explicit version), an
instructive README with installation, and execution commands (either in the supplemental
material or as a url)? [Yes] [We include the Python code and the batch scripts to submit the
scripts as jobs on an HPC machine, however in anonymized form. This means that scripts
will not run out of the box and would need to be adjusted to different HPC machines.]

(b) Did you include the raw results of running the given instructions on the given code and
data? [No] [The results are processed using a text-parser. Unfortunately, the raw log files
cannot be shared anonymized form.]

(c) Did you include scripts and commands that can be used to generate the figures and tables
in your paper based on the raw results of the code, data, and instructions given? [No] [As
mentioned above, the raw log files cannot be shared anonymized form.]

(d) Did you ensure sufficient code quality such that your code can be safely executed and the
code is properly documented? [Yes] We include a README file with explanations for the
code as well.

(e) Did you specify all the training details (e.g., data splits, pre-processing, search spaces, fixed
hyperparameter settings, and how they were chosen)? [Yes] All training details are taken
from NATS-Bench and specified in Sec.2.

(f) Did you ensure that you compared different methods (including your own) exactly on
the same benchmarks, including the same datasets, search space, code for training and
hyperparameters for that code? [Yes] The same benchmark is used for almost all experiments
(with the exception of the experiments in Sec. 4.4).

(g) Did you run ablation studies to assess the impact of different components of your approach?
[Yes] [We accounted for the effect of resource usage via the inverse batch scaling.]
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(h) Did you use the same evaluation protocol for the methods being compared? [Yes] [The
same evaluation protocol was used for all methods.]

(i) Did you compare performance over time? [Yes] [All plots in Sec. 4 are over time.]
(j) Did you performmultiple runs of your experiments and report random seeds? [Yes] [Results

for the single GPU and some of the multi GPU cases are averaged over 3 different seeds.]
(k) Did you report error bars (e.g., with respect to the random seed after running experiments

multiple times)? [No] [Error bars are omitted for readability in the main paper but available
in the appendix.]

(l) Did you use tabular or surrogate benchmarks for in-depth evaluations? [No] [To assess the
impact of parallelism, we believe it is important to run the actual calculations.]

(m) Did you include the total amount of compute and the type of resources used (e.g., type of
gpus, internal cluster, or cloud provider)? [Yes] [For each experiment, the number of GPUs
used and the runtime is specified in the plots.]

(n) Did you report how you tuned hyperparameters, and what time and resources this required
(if they were not automatically tuned by your AutoML method, e.g. in a nas approach;
and also hyperparameters of your own method)? [Yes] [We tuned the same parameters as
mentioned in the NATS Benchmark.]

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets. . .

(a) If your work uses existing assets, did you cite the creators? [Yes] [The dataset creators are
cited.]

(b) Did you mention the license of the assets? [No] [We are not aware of license issues with
the image classification datasets.]

(c) Did you include any new assets either in the supplemental material or as a url? [N/A] [No
new assets used.]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A] [We are not aware of any issues in this regard with the image
classification datasets.]

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A] [We are not aware of any issues in this regard
with the image classification datasets.]

5. If you used crowdsourcing or conducted research with human subjects. . .

(a) Did you include the full text of instructions given to participants and screenshots, if appli-
cable? [N/A] [Not applicable.]

(b) Did you describe any potential participant risks, with links to Institutional Review Board
(irb) approvals, if applicable? [N/A] [Not applicable.]

(c) Did you include the estimated hourly wage paid to participants and the total amount spent
on participant compensation? [N/A] [Not applicable.]
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A Untruncated Plots Including Uncertainty

For reasons of readability, the plots in the main part of the paper were truncated and omitted
uncertaintymeasurements. In the following, these plots are shownwithout truncation and including
standard deviation as uncertainty measurement. Figure 7 is the untruncated version of Fig. 2, Fig. 8
of Fig. 4, and Fig. 9 of Fig. 4.
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Figure 7: Multiple trials on a single GPU, showing validation accuracy over runtime. Results are
averaged over three different seeds.

0 5000 10000
Runtime (s)

0.2

0.3

Va
lid

at
io

n 
Ac

cu
ra

cy

ASHA - imagenet-16

Trials per GPU: 1
Trials per GPU: 2
Trials per GPU: 4
Trials per GPU: 8

0 5000 10000
Runtime (s)

BOHB - imagenet-16

0 5000 10000
Runtime (s)

HB - imagenet-16

0 10000 20000
Runtime (s)

RAND - imagenet-16

Figure 8: Multiple trials on a single GPU with inverse batch scaling according to the number of trials,
showing validation accuracy over runtime. The results are averaged over three different
seeds.
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Figure 9: Distributing trials across multiple GPUs, showing validation accuracy over runtime. The
results are averaged over three different seeds.

B Scaling Plots

This section presents the scaling plots from Sec. 4.1 and Fig. 1 in more extensive way, i.e. the plots
are split to show the parallel effiency on the small scale (1-8 GPUs) and on the large scale (16-64
GPUs), see Fig. 10.
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Abstract

The accuracy of Machine Learning (ML) models is highly dependent on the hyperparameters that have to be chosen by the user
before the training. However, finding the optimal set of hyperparameters is a complex process, as many different parameter com-
binations need to be evaluated, and obtaining the accuracy of each combination usually requires a full training run. It is therefore
of great interest to reduce the computational runtime of this process. On High-Performance Computing (HPC) systems, several
configurations can be evaluated in parallel to speed up this Hyperparameter Optimization (HPO). State-of-the-art HPO methods
follow a bandit-based approach and build on top of successive halving, where the final performance of a combination is estimated
based on a lower than fully trained fidelity performance metric and more promising combinations are assigned more resources
over time. Frequently, the number of epochs is treated as a resource, letting more promising combinations train longer. Another
option is to use the number of workers as a resource and directly allocate more workers to more promising configurations via data-
parallel training. This article proposes a novel Resource-Adaptive Successive Doubling Algorithm (RASDA), which combines a
resource-adaptive successive doubling scheme with the plain Asynchronous Successive Halving Algorithm (ASHA). Scalability of
this approach is shown on up to 1,024 Graphics Processing Units (GPUs) on modern HPC systems. It is applied to different types
of Neural Networks (NNs) and trained on large datasets from the Computer Vision (CV), Computational Fluid Dynamics (CFD),
and Additive Manufacturing (AM) domains, where performing more than one full training run is usually infeasible. Empirical
results show that RASDA outperforms ASHA by a factor of up to 1.9 with respect to the runtime. At the same time, the solution
quality of final ASHA models is maintained or even surpassed by the implicit batch size scheduling of RASDA. With RASDA,
systematic HPO is applied to terabyte-scale scientific dataset for the first time in the literature, enabling efficient optimization of
complex models on massive scientific data.

Keywords: hyperparameter optimization, high-performance computing, distributed deep learning, machine learning

1. Introduction

In recent years, the amount of openly available data has
drastically increased. This includes datasets from different sci-
entific fields, such as Computer Vision (CV) [43], Earth Obser-
vation (EO) [45], High-Energy Physics (HEP) [41], Additive
Manufacturing (AM) [9], or Computational Fluid Dynamics
(CFD) [4]. To analyze these data efficiently and gain novel
insights based on hidden correlations, the use of Deep Learn-
ing (DL) techniques and Neural Networks (NNs) has become
essential due to their ability to automatically extract complex
patterns. As the prediction quality of these NN models is highly
dependent on the so-called hyperparameters, which are frequently
related to, e.g., the NN architecture or the optimizer, system-
atic Hyperparameter Optimization (HPO) has become a crucial
ingredient of Machine Learning (ML) workflows [12]. How-
ever, this search for optimal combinations of hyperparameters is
challenging due to often high-dimensional search spaces. Fur-
thermore, the performance of a sample from the search space
can only be evaluated with a high degree of confidence after
a full model training run. In the case of deep NNs trained on
large datasets, this can become a major hurdle, even with ex-

tensive computing resources. Additionally, the search space is
often diverse in nature. For example, the search space could be
comprised of the learning rate, an optimizer-related parameter
represented as floating point number, and the number of lay-
ers, an architectural parameter represented as an integer number
l > 0. Categorical values, such as “type of optimizer” or “type
of layer” are also possible. This makes the application of classi-
cal, gradient-based optimization methods infeasible. Hyperpa-
rameters also change under different models and datasets, mak-
ing the generalization difficult to assess. One of the state-of-
the-art HPO methods is the Asynchronous Successive Halving
Algorithm (ASHA) [30]. It randomly samples multiple combi-
nations, evaluates their performance with a lower training bud-
get and then – after comparing their performance – terminates
under-performing trials early on. To reduce the time to solu-
tion, ASHA is frequently executed in parallel, where multiple
NN configurations (trials) are evaluated at the same time.

Modern High-Performance Computing (HPC) systems of-
fer a natural setting for running this kind of workload. They fea-
ture accelerators, such as Graphics Processing Units (GPUs),
that are ideally suited for efficient NN trainings (fast compu-
tation). Furthermore, these accelerators are connected by an
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optimized communication network that enables fast inter-node
communication. While current distributed HPO methods, such
as ASHA, leverage the fast computation capabilities to train dif-
ferent hyperparameter candidates, the communication require-
ments are usually modest and limited to the exchange of the
value of a certain metric, e.g., the current loss on the validation
set for the comparison of the performance between trials.

This work introduces a novel method, the Resource-Adaptive
Successive Doubling Algorithm (RASDA), that leverages both
HPC features to perform HPO efficiently at scale. It combines
two levels of parallelism: (i) on the HPO level, different trials
are run in parallel and (ii) on the level of each trial run, the
NN training is accelerated with data-parallel training. The lat-
ter splits the datasets onto multiple GPUs and performs gradi-
ent synchronization after each training step. As these gradients
are typically large, they require high-bandwidth communica-
tion. RASDA then leverages the successive doubling principle,
which progressively allocates more resources to more promis-
ing hyperparameter combinations, treating the amount of GPUs
that are used for data-parallel training as resources (performing
a doubling in space). In contrast, other successive halving tech-
niques, such as the plain ASHA, treat the number of epochs
during training of a model as resources and thus perform only
halving in time, see Fig. 1.

The developed method is suitable for problems that involve
large scientific datasets, where due to long training times, even
with HPC resources it is not feasible to train more than the ini-
tially sampled hyperparameter configurations and users are in-
terested in getting the best possible, fully-trained model in the
shortest amount of time. Therefore, this study performs an ex-
tensive evaluation of RASDA on different datasets from the CV,
CFD, and AM domains, which are up to 8.3 Terrabyte (TB) in
size, to prove its capability to deal with large datasets. These
datasets are used to tune the hyperparameters of different types
of NNs, namely a Convolutional Neural Network (CNN), an
autoencoder and a transformer. RASDA is also benchmarked
against the current state-of-the-art successive halving HPO method
ASHA. The new RASDA code is openly available on GitHub1

for the community.
This article is structured as follows. Section 2 summarizes

the related work and highlights the differences to this work. The
main details of RASDA are presented in Sec. 3. The application
cases are explained in Sec. 4, followed by a presentation and
discussion of the empirical results of the algorithm in Sec. 5.
Finally, a summary and outlook are provided in Sec. 6.

2. Related Work

In ML, the performance of a certain model measured by a
specific metric, such as the validation error, can be represented
by the function f : X → R where X denotes the space of possi-
ble hyperparameter combinations. The primary goal of HPO is
to minimize the objective function f by identifying a hyperpara-
meter configuration x∗ ∈ X such that x∗ ∈ arg minx∈X f (x).

1RASDA source: https://github.com/olympiquemarcel/rasda

Figure 1: Comparison of successive halving in time (top) and halving in time
combined with doubling in space (bottom). Each line corresponds to the learn-
ing curve of a single HPO combination.

Evaluations of the objective function are costly because they
typically involve fully training the model for each configura-
tion. To optimize this workflow, several approaches exist. These
are either based on approximating f (x) by a lower fidelity es-
timate, e.g., by the performance after a few training epochs or
a model trained on a fraction of the data, or on choosing better
hyperparameter configurations to evaluate, e.g., using Bayesian
optimization (BO)). This section summarizes these approaches,
i.e. Sec. 2.1 describes the successive halving method, Sec. 2.2
and Sec. 2.3 summarize resource-adaptive as well as other HPO
algorithms and Sec. 2.4 introduces the concept of data-parallel
training.

2.1. Successive Halving

Successive halving is a variant of Random Search [8], which
uses the fact that most ML algorithms are iterative in nature.
Intermediate performance results are thus accessible long be-
fore the algorithm is fully trained. The problem of finding opti-
mal hyperparameters in a vast search space can then be framed
in the context of a multi-armed bandit problem, where each
arm represents a hyperparameter combination, and pulling an
arm corresponds to training the combination for some itera-
tions [21]. The goal is to identify the arm that yields the highest
reward with the lowest budget possible. To do so in an efficient
way, successive halving uniformly allocates an initial budget B
to narms arms and evaluates their performance after a few iter-
ations at a milestone with budget B/narms. It then eliminates
the worst-performing half of the arms and promotes the most
promising-performing arms by continuing to pull them. Each
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of these successive halving steps is referred to as a rung. When
following this procedure for a few steps from rung to rung, only
one arm, i.e., the one with the best performance, remains at the
end. Hyperband (HB) [29] extends this concept by iterating
over different numbers of initial arms narms (also referred to as
brackets) to evaluate.

However, when performing HPO at a larger scale, these
methods are sensitive to so-called stragglers. To determine the
combinations belonging to the under- and top-performing half,
the performance measurement for all combinations needs to
be available, which means that faster trials need to wait for
the slower ones. ASHA addresses this scalability problem by
deciding on a rolling basis which trials are worth continuing.
When two trials have finished their initial number of iterations,
the trial with the better performance is promoted. At the same
time, the other trial is paused until the performance of the next
completed trial can be juxtaposed. In contrast to HB, ASHA is
mostly performed with only a single bracket, and was evaluated
on up to 500 GPUs in [30].

Another possibility of finding a minimum of the objective
function f is to use black-box optimization methods such as
BO. The idea behind BO is to use a probabilistic model of f
that is based on data points observed in the past. In the case
of HPO, this corresponds to finding new promising hyperpa-
rameter combinations based on the performance of past combi-
nations. The Bayesian Optimization and HyperBand (BOHB)
algorithm [11] combines the BO process with HB for schedul-
ing. To this aim, HB is used to choose the number of hyperpa-
rameter configurations and their assigned budget, while BO is
used to choose the hyperparameters by deploying a tree parzen
estimator [7].

The mentioned methods have in common that they focus
only on identifying the most promising arm and delivering that
hyperparameter combination as a result at the end of a run. In
contrast, RASDA also ensures the full training of the best com-
bination to yield a complete model.

2.2. Resource-Adaptive Schedulers

Most of the existing successive halving-based HPO sched-
ulers treat the number of epochs or training time as resources
(also known as fidelity in the literature). It is, however, also
possible to treat the spatial amount of computational resources,
e.g., the number of GPU, used for training a model as a fi-
delity. A low-fidelity measurement then corresponds to the per-
formance of a NN trained with a small number of devices. The
most relevant existing HPO schedulers that focus on this com-
putational resource-adaptive scheduling are presented in the fol-
lowing.

HyperSched [32] introduces a scheduler to dynamically al-
locate resources in time and space to the best-performing hyper-
parameter trials. It thereby not only identifies the most promis-
ing model but also trains it – ideally fully – by a fixed deadline.
The main novelty of the algorithm is its deadline awareness,
which means that it schedules fewer new trials as it approaches
the deadline. This way, the exploration of new configurations
is stopped in favor of deeper exploitation of the running trials.

HyperSched is evaluated in [32] on different CV benchmarking
datasets on up to 32 GPUs on Cloud computing instances.

Rubberband [40] extends HyperSched by leveraging the elas-
ticity of the Cloud for the task of scheduling HPO workloads.
It takes into account not only the performance of a combina-
tion but also the financial costs of a GPU hour, with the goal
of minimizing the costs of an HPO job. Based on the idea of
diminishing returns when scaling the training of a single model,
the algorithm de-allocates resources (and thus saves costs) from
less-promising trials, once a promising trial has been identified.
It also creates a resource allocation plan a priori the run to opti-
mize the performance of the single trials that are trained via dis-
tributed DL. The resource allocation plan is initialized with an
initial burn-in period during which training latencies and scal-
ing performance of trials are measured.

Sequential Elimination with Elastic Resources (SEER) [10]
further takes advantage of the elasticity in the cloud by adap-
tively allocating and de-allocating compute resources during
the HPO run. At the same time, it focuses on maximizing the
accuracy of trials, in combination with minimizing the total fi-
nancial cost. Therefore, it limits the amount of workers allo-
cated to the top trials once sub-linear scaling performance sets
in.

Both Rubberband and SEER rely heavily on the adaptive
allocation and de-allocation of GPU instances, which is possi-
ble in an elastic cloud setting but not on HPC systems, where
the amount of GPUs allocated to the overall HPO job is usu-
ally static. HyperSched, meanwhile, focuses on maximizing the
performance by the deadline. In contrast, the proposed RASDA
method aims to deliver the best-possible result in the shortest
amount of time.

2.3. Other HPO Algorithms and Libraries

Many other algorithms and libraries for performing HPO
exist. These include BO-based libraries such as Dragonfly [25]
and SMAC [34], allowing the user to select different surrogate
models and acquisition functions. Optuna [3] also relies on
BO and provides automated tracking and visualization of trials.
Since parallel computing resources have become increasingly
available in recent years, several algorithms have emphasized
large-scale, distributed HPO: DeepHyper [6] focuses on per-
forming asynchronous BO on HPC systems and has been ap-
plied to several scientific use-cases [5, 22, 35]. Distributed evo-
lutionary optimization can be performed with Propulate [46]
and Population Based Training (PBT) [20].

While most of these libraries support multi-fidelity HPO,
none of them so far supports performing resource-adaptive schedul-
ing of trials, which is, however, supported by RASDA.

2.4. Data-Parallel Deep Learning

Data-parallel training is a technique to reduce the runtime
of the training of DL models on large datasets by using multiple
devices, such as GPUs. In data-parallel training, the training
dataset D is divided among the number of workers N, where
each worker is assigned an identical copy of the model to train
on a distinct subset of the dataD1∪D2∪ . . .∪DN . Specifically,
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each worker i = 1 . . .N runs one model forward and backward
pass with a predefined number of samples, the local batch size
BS local, of its subset of data to compute its local gradients ∆wi

with respect to the model parameters w. After the backward
pass, these local gradients are aggregated and averaged across
all workers by

∆w =
1
N

N∑
i=1

∆wi, (1)

The averaged global gradient is then used to update the
model parameters on all workers every BS global = BS local · N
samples [31]. To remain computationally efficient, each worker
needs a sufficient amount of data to run the training, thus BS local

needs to be large. At the same time, BS global increases linearly
with N. When BS global becomes too large, it can impact the
generalization performance for two reasons. First, the num-
ber of optimizer updates per epoch decreases, as an update is
performed every BS global samples. This can be addressed to
some extent by scaling the learning rate with the number of
devices [14]. This approach is, however, infeasible for an ex-
tremely large BS global, since in such a case also the learning rate
becomes too large. Second, Stochastic Gradient Descent (SGD)
with large batch sizes tends to converge to sharp minima [17]
which does not generalize well, see [26] for more details.

3. Resource-Adaptive Successive Doubling Algorithm

This section presents details on RASDA in Sec. 3.1 and pro-
vides an explanation on how issues with large batch size train-
ing, cf. Sec. 2.4, are addressed in Sec. 3.2.

3.1. Algorithm Design and Implementation

The main idea of RASDA is to combine a successive halv-
ing step in the time domain, i.e., train more promising configu-
rations for longer, and a successive doubling step in the spatial

domain, i.e., allocate more workers to more promising config-
urations. This way, when reaching a rung milestone, the worst-
performing trials are terminated (halving in time) and the free
workers are allocated to the top-performing trials (doubling in
space), see Fig. 2. The additional workers are then used to in-
crease the parallelism of the data-parallel training of the config-
uration, which leads to faster training times.

For the re-allocation of workers, a second successive dou-
bling routine in addition to the successive halving routine of
ASHA is used (the resource allocation part is described in Alg. 1):
All trials start out with an initial number of workers
(base_resources). When a trial reports a new trial_result,
it is first checked if the current training_iteration, e.g., the
current epoch, corresponds to one of the rung milestones. At
every rung milestone, the (plain) ASHA scheduler then re-
duces the number of running trials by the reduction factor rf.
The resources for all trials that are allowed to continue are then
increased with the scaling factor sf by the RASDA scheduler,
yielding the new_resources for the trial (following Alg. 1).
If the reduction and scaling factors are equal, i.e. rf = sf, all
workers are continuously allocated to a trial. In practice, how-
ever, some trials do run faster than others. The advantage of the
ASHA and RASDA scheduler is that they both perform asyn-
chronous halving and doubling, i.e., top-performing trials are
promoted to the next rung even if not all trials in the current
rung have reached their milestones. This reduces idling times
between halving steps. It should be noted that due to this asyn-
chronous execution, the percentage of trials terminated at each
milestone can be smaller than rf. As the total number of work-
ers in the system is a constant, the trials that are allowed to con-
tinue might need to wait until their new resource requirements
are met.

At these rung milestones, two processes occur: the (plain)
ASHA scheduler reduces the number of running trials by the re-
duction factor rf, while Alg.1 handles the reallocation of GPU
resources among the remaining trials.

The total number of rungs and their corresponding mile-
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Figure 2: Comparison of (plain) ASHA, performing successive halving only in the time domain, and RASDA, performing successive halving in the time and
successive doubling in the space domain at the same time on an GPU cluster. In the RASDA case, when a trial is terminated, its workers are allocated to the more
promising trials to increase the parallelism of the data-parallel training. Black arrows indicate communication of gradients between GPUs.
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stones in the RASDA scheduler are calculated based on the
minimum and maximum iterations min _t and max _t, along
with the scaling factor sf, as

num_rungs =

 log
(

max _t
min _t

)
log(sf)

 , (2)

rung_milestones = min _t · sfk, (3)

with k = 0, . . . , num_rungs. This ensures a geometric progres-
sion of the milestones, as described for ASHA by Li et al. [30].

The algorithm is implemented with Ray Tune [33], an open-
source library for performing distributed HPO. Ray Tune or-
chestrates the optimization process by launching a single head
node and several worker nodes on an HPC cluster. The head
node then connects to the worker nodes and starts the trials.
During training, the worker nodes report their current status in-
cluding performance metrics to the head node that makes sche-
duling decisions, such as termination or continuation of new
trials.

Ray Tune already features implementations of several suc-
cessive halving methods. The implementation of RASDA there-
fore relies on the implementation of ASHA that exists already
inside of Ray Tune for performing the time-wise successive
halving. For the spatial successive doubling, RASDA makes
use of the ResourceChangingScheduler interface2, enabling the
modification of resource requirements for trials. At each mile-
stone, the trial is saved, including the current weights of the
model. If the decision is made to continue the training, the trial
is relaunched with the new resource requirements. It should be
noted, that the ASHA implementation of Ray Tune has some
minor differences to the original algorithm in [30]. However,
empirical evidence shows that these differences do not impact
performance.

The data-parallel training part is handled by the PyTorch-
DDP library [31], which uses the NVIDIA Collective Com-
munications Library (NCCL) backend3 for communication and
gradient synchronization.

3.2. Large Batch Training
Recall from Sec. 2.4 that scaling the data-parallel training to

a large number of devices and increasing BS global can impact the

2ResourceChangingScheduler (version 2.8.0): https://docs.ray.io/
en/latest/tune/api/doc/ray.tune.schedulers.ResourceChangin
gScheduler.html

3NCCL backend: https://github.com/NVIDIA/nccl

generalization performance of models. The following provides
an intuitive explanation of how this issue is addressed by the
RASDA scheduler.

McCandlish et al. [39] empirically studied large batch train-
ing for various models: they introduce the Gradient Noise Scale
(GNS) metric, which serves as a noise-to-signal measure of
the training progress. In theory, if the true gradient Gtrue from
performing full-batch Gradient Descent without the stochastic
component would be available, it would be possible to compute
the a simple version of the GNS by

GNSsimple =
tr(Σ)
|Gtrue|

2 , (4)

where Σ is the per-data-sample covariance matrix of Gtrue. Es-
sentially, the nominator measures the noise of the gradient, while
the denominator measures its magnitude. As the DL model
converges, the gradient decreases in size, which results in an
increase of the GNS over training time. McCandlish et al. use
an approximation to compute the GNS based on the estimated
stochastic gradient Gest and confirm that the GNS indeed in-
creases over time.

Based on the GNS, Qiao et al. [42] introduce the concept of
“statistical efficiency” of the DL training, measuring the amount
of training progress made per data sample processed in a batch.
The key insight is that when the GNS is low, there is no bene-
fit for the learning progress in adding more data samples to the
batch (thus increasing BS global), as the stochastic gradient Gest

is a precise approximation of Gtrue already. However, when the
GNS is high, adding more data samples to the batch reduces the
noise and leads to a better gradient approximation. As the GNS
starts out small and increases over time, this justifies the usage
of larger batch sizes during the later part of training. This ap-
proach has also been used successfully for HPO and scheduling
tasks in the past [42, 2].

Additionally, Smith et al. [44] find that increasing BS global

over time has a similar effect as decaying in the learning rate,
which is common practice in DL nowadays [36]. Based on
these findings, the following two insights can be derived:

• Training with a small BS global generally helps generaliza-
tion and is computationally efficient at the beginning of
training, in terms of the training progress per processed
data sample.

• Increasing BS global over time and using a large BS global

as the model is converging is computationally efficient as
well.

Algorithm 1 Resource Adaptive Successive Doubling Method

Input: trial_result, base_resources, sf, milestones
1: if trial_result["training_iteration"] ∈ milestones then
2: current_rung← milestones.index(trial_result["training_iteration"])
3: new_resources← base_resources × sfcurrent_rung

4: return new_resources
5: else
6: return None
7: end if
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This aligns well with the scheduling of the RASDA algo-
rithm. In the beginning, the trials train with a small BS global,
i.e., the number of workers allocated for the data-parallel train-
ing is small. As time progresses, BS global increases with each
resource doubling step, as more and more workers are allocated
to the data-parallel training. The evaluation in Sec. 5 shows
that by leveraging this approach, the generalization capabilities
of the final models match or exceed those of models that are
continuously trained with a small BS global.

Another crucial point is the correct scaling of the learning
rate with the batch size. In the evaluation in Sec. 5, the learning
rate is scaled linearly with the number of workers, i.e., up to a
factor of 8×, when using SGD [28]. Furthermore, it follows a
square-root scaling rule when using Adaptive Moment Estima-
tion (ADAM) [37]. In the case of re-scaling, the learning rate
is not immediately scaled to a larger value. Instead, there is a
warm-up over one or two epochs. This re-scaling parameter is
included as a hyperparameter in the search space, see Tab. 1.
Thereby, the HPO run automatically optimizes towards learn-
ing stability.

3.3. Performance Optimization

To ensure efficient performance, several additional optimiza-
tions are made to the trials in the HPO loop. This includes se-
lecting the BS local sufficiently large such that it fills the GPU
memory in addition to the model for each of the applications.
As the training datasets have to be loaded by each trial in par-
allel when performing HPO, they are loaded into shared mem-
ory when they fit in size. Training datasets that do not fit into
shared memory are stored on a partition of the file system with
high bandwidth to avoid bottlenecks. For data loading, the na-
tive PyTorch data loader as well as the NVIDIA DALI library4

are used.
A preliminary study determined that saving the model weights

into a checkpoint too often can lead to bottlenecks [1]. There-
fore, the checkpoint frequency is reduced to every five epochs
and the rung milestones of the ASHA and RASDA scheduler
are adjusted accordingly. Ray Tune needs an initial start-up
time to launch the head node and all connected worker nodes.
As this is the same for ASHA and RASDA, these timings are
excluded from the measurements.

4. Application Cases

To assess the proposed RASDA scheduler, its performance
is evaluated across a range of different tasks from the CV, CFD,
and AM domain. These cases feature various models with dif-
ferent hyperparameters to optimize as well as training datasets
of different sizes. The application domains and the set-up of
these tasks is described in the following.

4DALI: https://developer.nvidia.com/dali

Table 1: Search space for the experiments, comprised of several optimizer-
related and architectural parameters. Superscripts indicate which hyperparam-
eters are used as search space for which applications: CV, CFD, AM. The
”re-scaling warm-up´´ parameter handles the gradual increase of the learning
rate when the number of devices and with it BS global is increased.

Hyperparameter Type Range
Learning rateCV, CFD, AM float log[1e-5, 1]
Weight decayCV, CFD, AM float log(0, 1e − 1]
Initial warm-upCV, CFD, AM int [1,2,3,4,5]
OptimizerCV, CFD, AM cat ["sgd", "adam"]
Layer initializationCV, CFD cat ["kaiming" [[15]],

"xavier"[13]]
Activation functionCV, CFD cat ["ReLU",

"LeakyReLU",
"SELU", "Tanh",
"Sigmoid"]

Convolution kernel sizeCV, CFD int [5,7,9]
Re-scaling warm-upCFD, AM int [1,2]
Patch sizeAM int [2, 4]
DepthAM int [1, 2, 4]
Number of attention headsAM int [3, 6, 12, 24]
MLP ratioAM float [1., 2., 3., 4.]

4.1. Computer Vision
For the CV domain, the hyperparameters of a ResNet50 [16]

trained on the ImageNet dataset [43] are optimized, as this is
still one of the most important reference benchmarks [38]. The
ImageNet dataset contains 1,281,167 training images and 50,000
validation images divided into 1,000 object classes. In TFRecord
file format, the dataset is approximately 146 Gigabyte (GB) in
size.

The ResNet follows a basic CNN architecture with multiple
residual connections between layers. The HPO search space
for the ResNet includes several architectural hyperparameters,
e.g., the type of activation functions or size of the input convo-
lution kernel, as well as optimizer-related parameters, such as
the learning rate or weight decay, see Tab. 1 for an exhaustive
list.

All models are trained for min _t = 5 to max _t = 40 epochs
and a reduction and scaling factor sf = rf = 2 is chosen for the
schedulers. Following Eq. (3), this results in rung milestones at
epochs 5, 10, 20, and 40.

As classification accuracy score, the percentages of the cor-
rectly classified training, validation, and test images are com-
puted.

4.2. Additive Manufacturing
The AM dataset is taken from the RAISE-LPBF bench-

marking dataset [9], which includes a selection of high-speed
video recordings at 20,000 frames per second of a laser pow-
der bed fusion processes for stainless steel. The laser power
and speed parameters are systematically varied. The goal is to
reconstruct the power and speed of the laser from this video
input. By comparing the predicted laser parameters with the
pre-set parameters of the machine producing the laser, anoma-
lies in the printing process can be detected faster, leading to
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more efficient quality control. The base ML model used for
this task is a SwinTransformer [47], with the HPO search space
consisting of multiple, Transformer-specific architectural and
optimizer-related parameters, such as the number of attention
heads, see Tab. 1. The model is trained on the C027 cylinder
with a 80/20 split for training and validation and is approxi-
mately 60 GB in size. It is evaluated on the C028 cylinder for
testing purposes. The Mean-Squared Error (MSE) between pre-
dicted and actual laser power and speed is computed to assess
the accuracy of the SwinTransformer. All models are trained
for min _t = 5 to max _t = 20 epochs and a reduction and scal-
ing factor sf = rf = 2 is chosen for the schedulers. Following
Eq. (3), this results in rung milestones at epochs 5, 10, and 20.

4.3. Computational Fluid Dynamics
The CFD dataset contains actuated turbulent boundary layer

flow data, generated from a simulation [4]. The CFD dataset is
stored in HDF5 file format and comprises several widths. In this
study, widths of 1,000, 1,200, and 1,600 are used as training
dataset (approximately 4.8 TB in size). Width of 1,800 and
3,000 are used as validation and test datasets (approximately
3.5 TB in size) to assess extrapolation performance. Altogether,
the dataset is approximately 8.3 TB in size.

A convolutional autoencoder, selected from the AI4HPC
repository [18, 19], is employed for flow reconstruction. The
autoencoder comprises an encoder, a decoder, and a latent space
representing a compressed, lower-dimensional version of the
input. Both the encoder and decoder include four convolutional
layers. In the encoder, the initial two layers perform down-
sampling to compress the data, while in the decoder, they per-
form up-sampling to decompress the data in the latent space.
The remaining layers perform regular convolution. The HPO
search space consists of the type of activation function as an
architectural parameter and several optimizer-related ones, see
Tab. 1.

The autoencoders are trained for min _t = 5 to max _t =
40 epochs and a reduction and scaling factor sf = rf = 2
is chosen for the schedulers. Following Eq. (3), this results in
rung milestones at epochs 5, 10, 20, and 40.

The MSE between the input and the reconstructed output
flow field is computed and used to assess the accuracy of the
autoencoders. As a further measure of solution quality, also the
relative reconstruction error is computed on the test set.

5. Results

This section presents the experimental results of running the
proposed algorithm on two supercomputer systems, which are
introduced in Sec. 5.1. Section 5.2 focuses on the scaling per-
formance of the RASDA algorithm on up to 1,024 GPUs, while
Sec. 5.3 compares the RASDA against the plain ASHA sched-
uler without any resource adaptation.

5.1. Supercomputers
The two supercomputer modules used for the experiments

in this study are both located at the Jülich Supercomputing Cen-
tre.

The first system is the JURECA-DC-GPU module [24] con-
sisting of a total of 192 accelerated compute nodes. Each node
is equipped with two AMD EPYC 7742 CPUs with 128 cores
clocked at 2.25 GHz and four NVIDIA A100 GPUs, each with
40 GB high-bandwidth memory. The second HPC system is the
JUWELS BOOSTER module [27] consisting of a total of 936
compute nodes. Each node is equipped with two AMD EPYC
Rome 7402 CPUs with 48 cores clocked at 2.8 GHz, and four
NVIDIA A100 GPU with 40 GB high-bandwidth memory. The
main difference between the two systems is the number of In-
finiBand interconnects: the JURECA-DC-GPU system features
only two per node, while the JUWELS BOOSTER has four per
node and therefore a higher network transmission bandwidth.

As of June 2024, both supercomputers are among the top
10% most energy-efficient supercomputers in the world, ac-
cording to the GREEN500 list5.

5.2. Scaling Performance
To evaluate the scalability of the RASDA algorithm, two

weak scaling experiments, where the number of HPO configu-
rations to evaluate is increased with the number of GPUs, are
conducted with a lower number of training epochs. For this pur-
pose, the CV application case as a representative benchmark
for DL workloads is selected. It should be noted that while
the asynchronous nature of the plain ASHA algorithm natu-
rally leads to good scalability [30], the goal of this study is to
demonstrate that the additional resource allocation mechanism
in RASDA maintains this favorable scaling behavior.

The first weak scaling experiment considers a smaller scale
of 8 to 64 GPUs. The runtime and accuracy of the RASDA
algorithm is compared to the plain ASHA algorithm for training
a ResNet50 on the ImageNet dataset for 20 epochs, see Fig. 3. It
can be seen that on all scales (from 8 to 64 GPUs), the RASDA
algorithm achieves consistently lower runtimes up to a factor of
1.45 faster than its ASHA counterpart while matching the final
test set accuracy in almost all cases.

The second scaling experiment considers a large scale of
128 to 1,024 GPUs, see Fig. 4. The weak scalability of the
RASDA algorithm is evaluated by training a ResNet for six
epochs. The results show that the algorithm maintains a high
parallel efficiency of > 0.84 on up to 1,024 GPUs.

It should be noted that strong scaling experiments that keep
the number of hyperparameter configurations consistent across
all scales are generally infeasible for this type of HPO work-
load, as evaluating a large number of configurations on a small
number of GPUs would take too long.

5.3. Speed-Ups and Accuracy
To evaluate the performance of the RASDA algorithm in

terms of speed-up and accuracy and to juxtapose it to the plain
ASHA algorithm considering the application cases, the num-
ber of training epochs is increased within the min _t and max _t
range specified in Sec. 4. The general results for the three appli-
cation case, averaged over three different runs for all application

5GREEN500: https://top500.org/lists/green500/list/2024/06/
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Figure 3: Comparison of ASHA and RASDA for training a ResNet50 model on ImageNet for 20 epochs on different scales on the JURECA-DC-GPU system.
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Figure 4: Weak scalability of the RASDA algorithm on up to 1,024 GPUs on
the JUWELS BOOSTER system, including ideal scalability for comparison.

cases, are presented in Tab. 2, Tab. 3, and Tab. 4. The solution
quality over time is presented in Fig. 5, an in-depth performance
analysis of the runtimes per epoch is given in Fig. 6, and the
change of batch size and number of GPUs per trial is depicted in
Fig. 7. The results correspond to an exemplary best-performing
trial from one of the three runs. The following paragraphs pro-
vide a more detailed discussion of these tables and figures.

For the CV application case, a total of 32 hyperparame-
ter combinations are evaluated simultaneously on 64 GPUs on
the JURECA-DC-GPU system, with each parallel trial starting
with two GPUs. Compared to the plain ASHA approach, the
RASDA algorithm reduces the overall average runtime of the
HPO process by a factor of ≈ 1.71 from 527 to 308 minutes,
see Tab. 2. The average solution quality, i.e., the training, vali-
dation, and test set accuracy of the best trial discovered during
the process, slightly outperforms the ones of the plain ASHA.
This indicates that scaling the batch size and the learning rate

during the training process does not impact the learning process
in this case. A closer look at one of the best-performing trials
in Fig. 6 reveals that indeed the average runtime decreases in
the RASDA case once the resource adaptation in space sets in
after the first five epochs. As can be seen in Fig. 7, BS global

increases from 256 to 2,048 during the training and the number
of GPUs from 2 to 16 per trial for the RASDA case, while both
stay constant in the plain ASHA case. The plot of the valida-
tion accuracy over the number of epochs in Fig. 5 confirms that
RASDA slightly outperforms the ASHA approach in terms of
solution quality.

For the AM application case, the HPO process evaluates
16 configurations, using a total of 128 GPUs on the JURECA-
DC-GPU system. The trials start out with 8 GPUs each, which
increases to 32 GPUs for the top-performing trials, at the same
time increasing BS global from 64 to 256. As the models are only
trained for a total amount of 20 epochs (due to the long train-
ing times of transformer models), only two resource-doubling
steps, i.e., at epoch 5 and epoch 10, take place, see Fig. 7. Ta-
ble 3 provides an overview of the results in terms of runtime
and solution quality. In comparison with the plain ASHA al-
gorithm, a speed-up by a factor of 1.52 is achieved, reducing
the required HPO runtime of the models from 96 to 63 minutes.
On both the validation and test dataset, the best configuration
found by RASDA again outperforms the one found with the
plain ASHA after 20 epochs, as can be seen in Fig. 5.

The CFD application case features the largest dataset used
in this study. The whole HPO process evaluates 16 configura-
tions on 128 GPUs simultaneously on the JUWELS BOOSTER
module. Each trial starts with 8 GPUs, which is increased over
time to 64 GPU by the RASDA algorithm. As can be seen from
Tab. 4, the most significant speed-up with a factor of ≈ 1.9 is
achieved in this case, with RASDA reducing the runtime of the
HPO process from 325 to 170 minutes. In this case, also the
average MSE decreases by a factor of ≈ 1.88. This is likely due
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Figure 5: Exemplary comparison of the performance (in terms of validation accuracy, training loss, and validation loss) of the best configuration found by ASHA
and RASDA for the different application cases.
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Figure 6: Exemplary comparison of the runtime per epoch of the best configuration found by ASHA and RASDA for the different application cases. Note that for
the CFD and AM case, the architectural parameters chosen by the respective HPO method also influence the model size, which is why here differences in runtime
can be observed already during the first five epochs.

to the even better generalization capabilities caused by increas-
ing the batch size over time (following the insights explained
in Sec. 3.2). Obviously, this outperforms just annealing of the
learning rate. This observation is in line with the findings of
Smith et al. [44]. RASDA also achieves a low relative recon-
struction error of just 1.15% on the test set.

In general, the most substantial speed-up is established on
the largest dataset from the CFD domain. This is expected,
as with a larger dataset, the benefit of adding more GPUs to
the data-parallel training loop also increases. It is addition-
ally interesting to observe that the speed-ups can be attained
on both the JURECA-DC-GPU and JUWELS BOOSTER sys-
tems, although the latter features twice the network bandwidth.
While RASDA already yields substantial benefits on JURECA-
DC-GPU with its moderate network infrastructure, the dou-
bled network bandwidth of JUWELS BOOSTER further ampli-
fies these speed-ups, highlighting how the approach particularly
profits from fast interconnects.

5.4. Performance at 1,024 GPUs Scale
While the superiority of RASDA over plain ASHA has been

confirmed in the previous experiments using 64 and 128 GPUs,
a final RASDA experiment on a 1,024 GPU scale is conducted
on the JUWELS BOOSTER system. Again, using the CFD ap-
plication case, the number of configurations to be evaluated is
increased to 64, with each trial starting with 16 GPUs. The
models are trained for min _t = 5 and max _t = 20 epochs.

Table 2: HPO for the CV application case, trained for 40 epochs on 64 GPUs on
the JURECA-DC-GPU system. Results are averaged over three random seeds.
Better results (↑ or ↓ depending on the metric) are underlined.

Metric ASHA RASDA Diff.
Train Accuracy ↑ 0.6976 0.7310 1.05×
Val Accuracy ↑ 0.6728 0.6813 1.01×
Test Accuracy ↑ 0.6688 0.6766 1.01×
Runtime (in seconds) ↓ 31637 18502 1.71×

Table 3: HPO for the AM application case, trained for 20 epochs on 128 GPUs
on the JURECA-DC-GPU system. Results are averaged over three random
seeds. Better results (↑ or ↓ depending on the metric) are underlined. For better
comparison the metrics were recomputed on a per-sample basis after the run.

Metric ASHA RASDA Diff.
Val MSE ↓ 0.0455 0.0404 1.12×
Test MSE ↓ 0.0554 0.0516 1.07×
Runtime (in seconds) ↓ 5784 3803 1.52×

The HPO run took three hours and resulted in an improved
model with a validation MSE of ≈ 3.63 × 10−7, a test MSE
of ≈ 4.88 × 10−8 and a relative test error of ≈ 0.0016. Depend-
ing on the metric, this is a 7 to 49 times increase in solution
quality, compared to the results of the HPO run on 128 GPUs
(see Tab. 5), which highlights the potential of large-scale HPO
for scientific ML.
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Figure 7: Comparison of the global batch size and the number of GPUs per trial for ASHA and RASDA for the different application cases.

Table 4: HPO for the CFD application case, trained for 40 epochs on 128 GPUs
on the JUWELS BOOSTER module. Results are averaged over three random
seeds. Better results (↑ or ↓ depending on the metric) are underlined.

Metric ASHA RASDA Diff.
Val MSE ↓ 5.28 × 10−6 2.81 × 10−6 1.88×
Test MSE ↓ 4.42 × 10−6 2.40 × 10−6 1.84×
Test Relative Error ↓ 0.0185 0.0115 1.61×
Runtime (in seconds) ↓ 19487 10242 1.90×

Table 5: Large-scale HPO for the CFD application case, evaluating 64 config-
urations, trained for a maximum of 20 epochs on 1,024 GPUs on the JUWELS
BOOSTER module, including relative improvement to the HPO run on 128
GPUs.

Metric RASDA - 1,024 GPUs vs. 128 GPUs
Val MSE 3.63 × 10−7 7.74×
Test MSE 4.88 × 10−8 49.22×
Test Rel. Error 0.0016 7.17×

6. Summary and Outlook

RASDA, a novel resource-adaptive successive doubling al-
gorithm for HPO, suitable for running on HPC systems, was
introduced. The key idea is to not only perform successive
halving in time and let promising configurations train for longer
(as is already the case in plain ASHA), but to combine it with
successive doubling in space and allocate more computational
resources to the data-parallel training of promising configura-
tions.

The RASDA method was evaluated extensively on a stan-
dard benchmarking task in the CV domain as well as on two
large datasets (up to 8.3 TB in size) from the CFD and AM do-
mains. The results confirm that RASDA leads in these cases to
speed-ups up to a factor of ≈ 1.9 in comparison to the ASHA
algorithm.

Another property of RASDA is that it progressively scales
up the global batch size of the trials as it adds more GPUs to
their training loops. This helps them to avoid the degradation
in solution quality, which is usually associated with large batch
training. Remarkably, the approach did enhance the solution
quality, aligning with literature findings suggesting that increas-
ing the batch size can match or surpass the effects of learning
rate annealing.

In addition, this study represents the first application of sys-

tematic HPO to a scientific dataset at the TB scale. A compar-
ison of the application of RASDA on 128 and 1024 GPUs re-
vealed a significant improvement in model performance. Specif-
ically, the larger-scale application identifies a model that is sig-
nificantly superior in solution quality. These results demon-
strate the scalability and efficiency of the RASDA method, thus
paving the way for the application of HPO methods on current
and future Exascale supercomputers. For future work, the op-
timal timing for scaling the batch size (through the addition of
more GPUs to the data-parallel training loop) should be investi-
gated more thoroughly. Furthermore, the impact of scaling the
batch size on various hyperparameters beyond the learning rate
(such as the weight decay values) warrants a deeper exploration.
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ABSTRACT
Hyperparameter Optimization (HPO) of Neural Networks (NNs)
is a computationally expensive procedure. On accelerators, such
as NVIDIA Graphics Processing Units (GPUs) equipped with Ten-
sor Cores, it is possible to speed-up the NN training by reducing
the precision of some of the NN parameters, also referred to as
mixed precision training. This paper investigates the performance
of three popular HPO algorithms in terms of the achieved speed-
up and model accuracy, utilizing early stopping, Bayesian, and
genetic optimization approaches, in combination with mixed preci-
sion functionalities. The benchmarks are performed on 64 GPUs
in parallel on three datasets: two from the vision and one from
the Computational Fluid Dynamics domain. The results show that
larger speed-ups can be achieved for mixed compared to full pre-
cision HPO if the checkpoint frequency is kept low. In addition to
the reduced runtime, small gains in generalization performance on
the test set are observed.

CCS CONCEPTS
• Computing methodologies→ Parallel algorithms.

KEYWORDS
Hyperparameter Optimization, Mixed Precision, High-Performance
Computing

1 INTRODUCTION
The performance of Machine Learning (ML) models is highly de-
pendent on the choice of hyperparameters. The hyperparameter
space is not only spanned by features of the ML architecture, such
as the number of neurons or layers, but also by parameters of the
optimizer, e.g., the learning rate, batch size, or regularization like
weight decay. Hyperparameter Optimization (HPO) describes the
systematic search process for well-performing combinations of
these parameters. Since the different configurations (or "trials") are
independent, the process is ideally suited to be exploited in par-
allel on High-Performance Computing (HPC) systems. This way,
several models across different scientific domains have been im-
proved [2, 19]. However, HPO is still computationally challenging,
as the ML models and the datasets trained on are continuously

growing in size. There is hence a great interest in reducing the
computational complexity of HPO. From a software perspective,
one method to reduce this complexity is using early stopping tech-
niques, which terminate trials with bad performance before they
are fully trained. Another approach is to apply techniques that more
intelligently sample the hyperparameter space, e.g., to use Bayesian
Optimization (BO) [7] or evolutionary methods [10]. From a hard-
ware perspective, using advanced accelerators, such as Graphics
Processing Units (GPUs) or Tensor Processing Units (TPUs), can
drastically speed up the training process. Employing mixed preci-
sion arithmetics in training has intensively been investigated [16]
and is frequently used in practice for deep Neural Networks (NNs)
at large scale. The literature is lacking an evaluation of this GPU
training feature for HPO tasks.

Therefore, this work aims to investigate Automatic Mixed Pre-
cision (AMP) as one of the improvements for HPO using modern
NVIDIA GPUs, combined with three different HPO algorithms and
a random search baseline. Half and full precision computations are
mixed adaptively to run NN training more efficiently. The perfor-
mance of the AMP approach is evaluated by comparing the corre-
sponding results to those obtained with full precision arithmetics.
Three datasets are used as basis for comparison: two vision datasets,
i.e., cifar-10 [13] and ImageNet [17], and a Computational Fluid
Dynamics (CFD) dataset [1]. The search space is defined by archi-
tectural parameters, such as the number of filters in a Convolutional
Neural Network (CNN), and by optimizer-related parameters, e.g.,
the learning rate or momentum. The evaluations are performed on
the GPU partition of the JURECA-DC machine at the Jülich Super-
computing Centre [12], using 64 NVIDIA A100 GPUs per HPO run
in parallel. Code for reproducing this work is available on Gitlab1.

The work is structured as follows. In Sec. 2 the background on
HPO and the AMP package is described. Section 3 details the exper-
imental setup, which is used for generating the results presented
in Sec. 4. Finally, Sec. 5 provides the conclusion and future work.

1https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/mixed-precision-hpo
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2 BACKGROUND
2.1 Hyperparameter Optimization Methods
In mathematical notation, the performance of a NN with respect
to a metric, e.g., the mean-squared error on a validation dataset, is
described by a function 𝑓 : X → R, whereX is the space of hyperpa-
rameters. The HPO process performs minimization of the objective
function 𝑓 by discovering combinations of hyperparameters 𝑥∗ ∈ X
such that 𝑥∗ ∈ argmin𝑥∈X 𝑓 (𝑥). Evaluating the objective function
is costly, because it requires the complete training of the NN, which
is the main reason for HPO being compute intensive.

The acceleration ofHPO frequentlymakes use of two approaches:
(1) the evaluation of 𝑓 on a smaller compute budget using "suc-
cessive halving" [11] and (2) using better-informed hyperparam-
eter combinations. In the first approach, all trials are run until a
certain point in time (usually a few epochs), at which their per-
formance is assessed. A fraction of the under-performing trials
are terminated (early stopping), while continuing with the rest.
HyperBand (HB) [14] was the first algorithm to implement this
concept. Its successor, the Asynchronous Successive Halving Algo-
rithm (ASHA) [15], is nowadays more frequently used. BO belongs
to category (2) and approximates 𝑓 with a probabilistic model,
where new hyperparameter configurations are chosen based on the
performance of earlier configurations. The Bayesian Optimization
and HyperBand (BOHB) [7] algorithm combines both BO and early
stopping. Furthermore, there exist genetic methods mimicking the
process of evolution for finding optimal hyperparameters. First, an
initial population of different ML models with randomly sampled
hyperparameters is trained for a few epochs (a generation). Then,
the performance is measured, and the models are ranked according
to their results. Subsequently, different genetic operations, e.g., mu-
tations, are applied. In the case of mutation, the worst performing
trials copy the state and hyperparameters of the best performing
models and apply small perturbations to these parameters. One of
themost commonly used evolutionary HPO algorithm is Population
Based Training (PBT) [10]. The iterative nature of the optimization
process allows to find a series of hyperparameters (e.g., schedules).

2.2 Automatic Mixed Precision
Typically, computations and storage of deep NN parameters, e.g., in
the forward and backward pass, use single (32 bit floating point or
FP32) precision. However, with increasing model and dataset sizes,
it is found that not all parameters require such high precision [16],
leading to a potential reduction in computation time and disk space.
One option is to apply half (16 bit floating point or FP16) precision,
supported by GPUs, such as the NVIDIA A100 or AMD MI250.
However, since values smaller than 2−24 cannot be represented in
FP16 and also just a few non-representable values (Not a Numbers
– NaNs and Infinities – Infs) can break a training, a master copy of
the weights in FP32 is kept in memory. To detect non-representable
values and to avoid the propagation and deterioration of the model
accuracy, the AMP training workflow with gradient scaling exists
(integrated naively into PyTorch), see Algo. 1.

Note that occasionally skipping the optimizer step does not
impair the convergence rate [16]. Due to regularization effects
from the lower precision, some models can even reach higher ac-
curacy [4]. Also, according to NVIDIA, leveraging lower precision

Algorithm 1 PyTorch AMP Workflow Pseudocode
(1) Compute network forward pass in FP16
(2) Compute loss in FP32; scale by a large factor to ensure

representability in FP16
(3) Compute backward pass in FP16 and check for NaN/Inf
(4) If result contains no NaN/Inf then

(a) Unscale gradients and update optimizer
Else
(a) Skip optimizer update

computations results in large speed-ups. They compare the peak
performance of the A100 GPU with Tensor Cores in half precision
and achieve 312 TFLOPS while it is at 156 TFLOPS in full precision2,
i.e., a factor of two should be expected.

In the context of HPO, mixed precision computations have so far
been mainly leveraged solely to find suitable network architectures
for low energy inference on certain hardware [3]. They have not
been used to accelerate the HPO process itself, which is what the
present work investigates.

3 EXPERIMENTAL SETUP
3.1 High-Performance Computing System
The experiments are performed on the GPU partition of JURECA-
DC featuring two AMD EPYC 7742 Central Processing Units (CPUs)
with 128 cores @2.25 GHz and four NVIDIA A100 GPUs with
each 40 GB HBM2e memory. For the experiments, CUDA/11.7,
PyTorch/2.0.1, and Ray Tune/2.6.2 is used. With the distributed
computing library Ray Tune3, hyperparameter trials can be dis-
tributed across different nodes and the NN training across multiple
accelerators using data-parallel methods. For the vision and CFD
datasets, four GPUs and two GPUs are used for each trial. In total,
64 GPUs are allocated for the complete HPO, resulting in 16/32
concurrent HPO evaluations. The number of trials for ASHA and
BOHB is fixed to 128, for PBT and Random Search (RAND) to 16
and 32.

3.2 Datasets and Models
The two vision datasets for benchmarking are cifar-10 and ImageNet-
1k. For both, a 80/20 split of the training set is used to generate a
new validation set for selecting the best performing HPO trial (i.e.,
final model selection). The original validation sets are used as test
sets to evaluate the final performance of the best model to rule out
overfitting. As the cifar-10 dataset is too small in terms of image
dimension to measure substantial speed-ups from FP16 training,
the images are upscaled to 225x255 pixels.

For cifar-10, the hyperparameter search space consists of a fixed
CNN topology, where the number of convolutional filters are varied
for each model stage, adapted from NATS-Bench [6]. Apart from
the architectural parameters, the learning rate, weight decay, and
the number of warm-up epochs are optimized, resulting in an eight-
dimensional search space. In the PBT case, the learning rate and

2https://www.nvidia.com/en-us/data-center/a100/
3https://www.ray.io/
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weight decay are adapted after each epoch, yielding a schedule of
multiple learning rates and weight decay values.

ImageNet-1k uses a custom ResNet architecture [8], where the
number of channels vary throughout the model. As a performance
metric, the classification accuracy is used.

The CFD dataset holds turbulent boundary layer flow data from a
simulation [1]. The ML model used is a Convolutional Autoencoder
for flow reconstruction. It consists of an encoder, a latent space (i.e.,
a lower dimensional representation of the input), and a decoder. The
encoder and decoder both feature four convolutional layers, where
the first two layers perform down- and up-sampling to achieve the
compression in the latent space, while the other two perform regular
convolution. The model is taken from the AI4HPC repository [9],
which offers a selection of ML application codes optimized for HPC.
The model remains fixed and only optimizer-related parameters
(learning rate, weight decay, momentum, Nesterov momentum, and
warm-up epochs) define the search space. The difference between
the input and the (reconstructed) output flow field is quantified
using the mean squared error metric. Training, validation and test
set are generated by splitting the original dataset time-wise.

4 RESULTS
The results of combining RAND, ASHA, BOHB, and PBTwith AMP
are reported in Tab. 1, averaged over three different splits of the
training and validation set. Additionally, the speed-ups achieved by
utilizing AMP over the full precision training are depicted in Fig. 1.
It should be noted that in the CFD use case the model size remains
constant, i.e., it is expected that each training epoch takes roughly
the same amount of time. In the cifar-10 and ImageNet-1k cases
the model size changes, as architectural parameters are part of the
search space, i.e., the runtime per epoch might change from trial to
trial. From Fig. 1 (blue bars) it is obvious that for the CFD model,
using AMP with RAND and ASHA, yields with a factor of ≈ 1.3 in
relative speed-up over full precision training. This result is expected
as the model size remains constant and ASHA is essentially random
search with early stopping. Benchmarking a single CFD model
training run (w/o HPO) with full and mixed precision yields a factor
of 2561𝑠/1766𝑠 ≈ 1.45, which acts as an approximate upper speed-up
limit. For the vision datasets, the attained speed-ups for ImageNet-
1k are even higher with up to 1.56 for ASHA and RAND. However,
they are much lower for cifar-10, which is at 1.07− 1.13. Larger and
smaller models benefit differently from mixed precision training.
In general, the ImageNet-1k models are one order of magnitude
larger than the cifar-10 models. The benefits of AMP acceleration
hence become notably larger and smaller, depending on the case.

A large speed-up on all datasets is observed for BOHB. Analyzing
the HPO run output showed that BOHB performs early stopping
much less aggressive than ASHA. Even though the same reduction
factor for both algorithms is used (only the top 25% trials are allowed
to continue), BOHB trains each configuration for at least three
epochs while ASHA terminates many already after the first epoch.
Starting a new trial is associated with an overhead that becomes
(relatively) smaller when the trial is trained for longer time. For
this reason a large speed-up is observed in the BOHB case of AMP
compared to the full precision training. As can be seen in Tab. 1,

RAND ASHA BOHB PBT
0.8

1.0

1.2

1.4

1.6

1.8

2.0

Sp
ee

d-
up

1.30 1.31

1.48

0.99

1.13
1.07

1.44

0.95

1.54 1.56 1.54

0.93

Speed-up of HPO algorithms using AMP across different datasets
Full precision baseline
CFD
cifar-10
ImageNet-1k

Figure 1: Experimental results of running RAND, ASHA,
BOHB, and PBT with different datasets and search spaces.

this leads to much longer total runtimes, but also to sometimes
better test set results.

No speed-up is achieved for the PBT algorithm – AMP even
increases its runtime. The main reason for this is the way the PBT
optimization works. The trials running concurrently are compared
not only in terms of their performance on a metric, but also bad-
performing trials copy the state of the good performing ones. There-
fore, the whole state of the model (including the weights) and the
optimizer is saved in a checkpoint and transferred to another ac-
celerator, where perturbations to the original hyperparameters are
performed and the training is continued.While the training benefits
from the AMP acceleration, the weights are still stored in full pre-
cision, as mentioned in Sec. 2. That is, too frequent checkpointing
and weight transfers create an overhead that cancels out the perfor-
mance gains. One solution is to increase the checkpointing interval.
As shown in Fig. 2, saving the model weights in a checkpoint only
every five instead of every epoch can reduce the overall runtime
of the HPO process (compare red/green to orange/blue lines). This
leads to a noticeable speed-up of the AMP training over the full
precision training with a relative factor of ≈ 1.2.

The AMP heuristic of skipping the optimizer update if non-
representable numbers are detected is already powerful. More tar-
geted strategies, e.g., including some of the AMP parameters in the
HPO search space did not improve performance. In comparison to
one another, the ASHA algorithms seems to be the most favorable
choice, achieving low runtimes with high test set performance.

Overall, the HPO runs that use AMP achieve slightly better per-
formance in terms of accuracy and loss on the test set across almost
all algorithms and datasets. This indicates that random noise intro-
duced by the lower precision computations actually strengthens
the generalization performance of models.

5 CONCLUSION AND FUTUREWORK
In this work, the speed-ups achieved by using different HPO algo-
rithms (software) in combination with mixed precision capabilities
of accelerators featuring Tensor Cores (hardware) have been inves-
tigated. It was shown that, depending on the checkpoint frequency
or the model size, the computation can be accelerated by a factor
of up to 1.56 on NVIDIA A100 GPUs. State-of-the-art accelerators,
such as NVIDIA H100 GPUs, can run computations in even lower
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Dataset Metric ASHA BOHB PBT RAND

CFD Runtime (AMP/full) 3046 s / 3992 s 8994 s / 13319 s 7428 s / 7383 s 5253 s / 6825 s
Test mse (AMP/full) 3.20 × 10−3 / 3.31 × 10−3 2.63 × 10−3 / 2.77 × 10−3 3.40 × 10−3 / 3.40 × 10−3 4.50 × 10−3 / 4.50 × 10−3

cifar-10 Runtime (AMP/full) 3293 s / 3511 s 9591 s / 13858 s 2720 s / 2583 s 3006 s / 3394 s
Test acc. (AMP/full) 0.7798 / 0.7714 0.7768 / 0.7830 0.6721 / 0.6093 0.7677 / 0.7560

ImageNet-1k Runtime (AMP/full) 10844 s / 16915 s 26354 s / 40495 s 5642 s / 5233 s 6664 s / 10249 s
Test acc. (AMP/full) 0.7006/0.6975 0.7055 / 0.7042 0.6021 / 0.5868 0.6758 / 0.6762

Table 1: Comparison of running different HPO algorithms with full precision and AMP training, averaged over three random
seeds. Better results are underlined.
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Figure 2: Comparison of running PBT using different check-
pointing intervals on CFD dataset.

precision (primarily for Transformer models) with a potential to
achieve even large speed-ups in the future. Additionally, other HPO
frameworks that run onMessage Passing Interface (MPI), e.g., Deep-
Hyper [5] or Propulate [18], could be explored in addition to Ray
Tune.
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Abstract
Hyperparameter Optimization (HPO) of neural networks is a computationally expensive
procedure, which requires a large number of different model configurations to be trained.
To reduce such costs, this work presents a distributed, hybrid workflow, that runs the train-
ing of the neural networks on multiple Graphics Processing Units (GPUs) on a classical
supercomputer, while predicting the configurations’ performance with Quantum Trained
Support Vector Regression (QT-SVR) on a Quantum Annealer (QA). The workflow is
shown to run on up to 50 GPUs and a QA at the same time, completely automating
the communication between the classical and the quantum systems. The approach is
evaluated extensively on several benchmarking datasets from the Computer Vision (CV),
High-Energy Physics (HEP), and Natural Language Processing (NLP) domains. Empiri-
cal results show that resource costs for performing HPO can be reduced by up to 9% when
using the hybrid workflow with performance prediction, compared to using a plain HPO
algorithm without performance prediction. Additionally, the workflow obtains similar,
and in some cases even better accuracy of the final hyperparameter configuration, when
combining multiple heuristically obtained predictions from the QA, compared to using
just a single classically obtained prediction. The results highlight the potential of hybrid
quantum-classical machine learning algorithms. The workflow code is made available
open-source to foster adoption in the community.

Keywords: Hyperparameter Optimization, Quantum Annealing, Hyperband, Distributed Computing
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1 Introduction
The performance of neural networks with respect to their accuracy is highly sensitive
to the choice of Hyperparameters (HPs). To optimize HPs efficiently, current popular
Hyperparameter Optimization (HPO) algorithms, such as Hyperband (Li et al, 2017), the
Asynchronous Successive Halving Algorithm (ASHA) (Li et al, 2018), and Bayesian Opti-
mization Hyperband (BOHB) (Falkner et al, 2018), rely on early termination. In this method,
under-performing trials are automatically terminated to free up compute resources for more
promising trials. Choosing, e.g., the validation accuracy or the validation loss as a metric to
relatively rank the trials, may lead to a suboptimal selection of trials to terminate due to the
non-linearity of the training process. That is, the ranking of trials is unpredictably dynamic
over the number of epochs. In practice, this problem is often mitigated by training such a
large number of total model configurations that the impact of wrongfully early stopping a few
promising configurations is minimized.

A potential extension of the early termination approach is to use a non-linear stopping
criterion, e.g., using a model performance predictor that predicts future model performance
improvements from a partially trained model. Such predictions can be used to either rank
configurations in a more informed manner or to make the evaluation process more aggressive,
i.e., by replacing actual evaluations of some configurations that have been trained up to a
certain epoch with predictions of their performance. This was first suggested by Baker et al
(2017), where Support Vector Regression (SVR) was used as a performance predictor. In
conclusion, the training of the most promising configurations can be prioritized based on
the predicted performance. This way, it is avoided to fully train configurations predicted to
perform poorly. Consequently, this approach holds great potential for reducing the time and
computational resources required for HPO.

In this work, a novel HPO algorithm called Swift-Hyperband (Amboage et al, 2023) (an
extension of the original Hyperband method) is incorporated into a hybrid High Performance
Computing (HPC) environment where it distributes the training of the target models onto mul-
tiple Graphics Processing Units (GPUs) and trains the performance predictors on a Quantum
Annealer (QA) in autonomous fashion. Results show that Swift-Hyperband accelerates the
HPO process of a High-Energy Physics (HEP)-based algorithm, Machine-Learned Particle
Flow (MLPF) (Pata et al, 2021a), and other machine learning models that run on HPC sys-
tems. The goal of this paper is to show empirically how such a way of integrating a quantum
system in a Machine Learning (ML) workflow can lead to resource savings in comparison to
the plain Hyperband algorithm without any performance prediction and how leveraging a QA
for the performance prediction can match and somtimes outperform classical performance
prediction. In specific, the workflow can be applied to ML models of any size, as only a small
part of the computation needs to be done on the QA, and the main training of the models
is performed on classical GPUs. This makes it different from pure quantum ML workflows,
which can currently only handle small problems. It should be noted, that currently there is not
a clear, theoretical advantage of integrating QAs.

The presented hybrid workflow serves as a proof of concept for the integration of HPC
and quantum computing technologies in a large-scale distributed fashion. By demonstrating
the feasibility of such an integration, the way for future endeavors in harnessing the combined
power of these computing paradigms, such as applying classic HPO techniques to quantum
models among other future use cases, is paved.

The paper is structured as follows: The technical background and related work are
explained in Section 2. Section 3 presents the experimental setup as well as the distributed
Swift-Hyperband algorithm. The empirical results are detailed in Section 4, while Section 5
provides a conclusion and directions for future work.
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2 Related Work and Theoretical Background
In this section, the relevant literature regarding HPO in general, the process of performance
prediction to speed it up, and the foundations of classical and quantum SVR methods are
summarized.

2.1 Quantum Annealing and QUBO Problems
Quantum annealing (Apolloni et al, 1989; Kadowaki and Nishimori, 1998) is a heuristic for
optimization based on quantum computation that is often used to solve Quadratic Uncon-
strained Binary Optimization (QUBO) problems, i.e., discrete unconstrained optimization
problems in which the problem variables can take values over a binary set (Date et al, 2021).
The general cost function E(v1, . . . , vM ) of a QUBO problem with M binary variables
vi, i = 1, . . .M is given by:

E(v1, . . . , vM ) :=
∑

i≤j

Qijvivj , (1)

where Q is the QUBO weight matrix that stores the coefficients of the problem. In quantum
annealing, the quantum system is set to the ground state of an initial Hamiltonian Hi, whose
ground state is known and easy to prepare. The system is then slowly evolved for a total
annealing time Ta by adding the contribution of a target Hamiltonian Hp, whose ground
state encodes the solution of the optimization problem to be solved, and by reducing the
contribution of the initial Hamiltonian Hi. The resulting Hamiltonian is then given by:

H(t) = A(t)Hi +B(t)Hp (2)

where A(t) is a monotonically decreasing function such that A(t = 1) = 1 and A(t =
Ta) = 0, and B(t) is a monotonically increasing function such that B(t = 0) = 0 and
B(t = Ta) = 1 (McGeoch, 2014). QAs from the company D-Wave implement a specific
default annealing schedule, for which the corresponding values of the functions A(t) and
B(t) can be found in the documentation 1. On D-Wave systems, a default annealing time of
20µs is set. Both the annealing schedule and annealing time are set to their default values in
this study.

2.2 Hyperparameter Optimization Algorithms
Early termination algorithms are nowadays one of the main tools for HPO of deep neural
networks. They have shown to save considerable amounts of resources in the HPO process
without losing the ability to find good configurations for the target model (Li et al, 2018;
Falkner et al, 2018; Yu and Zhu, 2020). The Successive Halving algorithm (Jamieson and
Talwalkar, 2016) is the foundation of most of the relevant early termination algorithms. Suc-
cessive Halving trains a set of randomly generated configurations for a certain number of
epochs, discards the worst-performing half and repeats this process until only one configura-
tion remains. The Hyperband algorithm (Li et al, 2017) runs multiple instances of Successive
Halving sequentially with different numbers of initial configurations and different locations
of the decision points. BOHB (Falkner et al, 2018) is an algorithm that extends Hyperband by
following a Bayesian optimization approach for selecting the configurations instead of gen-
erating them randomly. Finally, ASHA (Li et al, 2018) stands for Asynchronous Successive
Halving and extends Successive Halving to efficiently benefit from large-scale distributed
resources.

1D-Wave annealing schedule:https://docs.dwavesys.com/docs/latest/doc_physical_properties.html
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2.3 Performance Prediction
Performance prediction aims at predicting the future performance of a model under a given
set of hyperparameters based on the early results of the training, e.g., using a partial learning
curve, see Fig. 1. The problem can formally be defined as predicting the validation loss or val-
idation accuracy l(λ)R at training epoch R ∈ N that will be obtained by a machine learning
model with the hyperparameter configuration λ ∈ Λ ⊂ Rh, where h is the number of hyper-
parameters of the network, see (Baker et al, 2017) and (Liu et al, 2022). The performance of
the target model at previous training epochs can be used for this prediction. If the auxiliary
model chosen to be used as a performance predictor is fast to train relative to the target model,
performance prediction can be used to accelerate the HPO process. In this regard, it has been
shown that computationally cheap regression methods, such as SVR, are good choices to be
used as performance predictors (Baker et al, 2017).
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Fig. 1: Example learning curves of different Convolutional Neural Networks (CNNs) on the
cifar-10 and TinyImageNet dataset.

A simple strategy to integrate performance prediction in an HPO process can be described
as follows. First, a series of random HP configurations from a given search space is gener-
ated, a few of them are trained for R epochs, and the generated learning curves are used to
train a performance predictor model such as an SVR. Next, the remaining configurations are
initially trained for τ < R epochs (e.g. τ = R

2 ), whereafter their future performances are
predicted. Finally, only those configurations that are considered promising, according to the
predicted performance, are allowed to continue training until epoch R. Note that the initial
full and partial trainings can be done in parallel.

2.4 Support Vector Regression Methods
Support Vector Machines (Boser et al, 1992; Drucker et al, 1996) are popular supervised
learning algorithms that can be applied to classification and regression tasks. One of the rea-
sons for their popularity is found in the fact that the determination of the model parameters
amounts to a convex optimization problem, therefore any local solution corresponds to a
global one (Bishop, 2006). However, it is important to point out that the global minimum of
the training cost function may not be optimal in terms of generalization to the test set (Willsch
et al, 2020). Moreover, they can approximate non-linear functions by applying the so-called
kernel trick (Burges, 1998) thus increasing the algorithm’s expressive potential.

The mathematical formulation of the SVR is subsequently briefly outlined. Given a train-
ing dataset {(xn, yn), n = 1, . . . , N}, where xn ∈ Rz is the input vector, N is the number
of training samples, and yn is its corresponding target value, the objective is to approximate
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a regression function

g(x) =

N∑

n=1

(αn − α̂n)κ(xn,x) + b, (3)

which maps from Rz to R. The parameters αn, α̂n are determined in the optimization pro-
cess. The term κ(xn,x) denotes the kernel function, which is in this study the Radial Basis
Function (RBF) kernel with formula e(−γ||xn−xm||2). More generally, a RBF kernel is a
kernel whose value depends only on the distance of the input vectors, i.e., κ(xm,xn) =
κ(||xm − xn||). RBF kernels are one of the most popular choices for SVR kernels along
with polynomial and sigmoid kernels (Bishop, 2006). It can be shown that the training phase
amounts to solving the following constrained optimization problem (also referred to as the
cost function):

L(ααα, α̂αα) =
1

2

N−1∑

n=0

N−1∑

m=0

(αn − α̂n)(αm − α̂m)κ(xn,xm)+ (4)

− ϵ

N−1∑

n=0

(αn + α̂n) +

N−1∑

n=0

(αn − α̂n)yn,

satisfying the constraints:

N−1∑

n=0

(αn − α̂n) = 0, (5a)

0 ≤ αn ≤ C, (5b)

0 ≤ α̂n ≤ C, (5c)
where the terms C and ϵ are hyperparameters that control the overfitting and the error

sensitivity. The vectors ααα and α̂αα are defined as ααα = {α1, . . . , αN} and α̂αα = {α̂1, . . . , α̂N},
respectively. The value of b can be obtained from any point for which 0 < αn < C by

b = yn − ϵ−
N∑

m=1

(αm − α̂m)κ(xn,xm). (6)

Due to the constraints it must satisfy ϵ+g(xn)−yn = 0. It is, however, preferable to average
over different estimates of b to yield a stable solution, i.e.,

b =
1

|S|
∑

n∈S

(
yn − ϵ−

N∑

m=1

(αm − α̂m)κ(xn,xm)

)
. (7)

In this equation, S corresponds to the set of support vectors, i.e., those vectors that contribute
to the prediction of the target value, c.f. Eq. (3) (Bishop, 2006).

2.5 Quantum Support Vector Regression
To optimize the training phase of a Quantum Trained Support Vector Regression (QT-
SVR) (Pasetto et al, 2022), it is necessary to reformulate the optimization problem as either an
Ising or QUBO problem. In the currrent study, the problem is restructured as a QUBO prob-
lem by carrying out a 3-step problem conversion procedure, which consist of (i) encoding the
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problem variables, (ii) adding penalty terms to encode the constraints, and (iii) defining the
QUBO matrix. These steps are subsequently explained in more detail.

2.5.1 Problem Variable Encoding

The first step towards the construction of the QUBO problem consists of turning the problem
variables into binary ones. Specifically, each of the original problem variables is encoded
using K qubits according to

αn =

K−1∑

k=0

Bk−PaKn+k, (8)

α̂n =

K−1∑

k=0

Bk−PaK(N+n)+k, (9)

where B is an encoding basis and a are the values of the qubits. The parameter P is used
to allow the usage of negative exponents in the encoding procedure.

This results in 2KN QUBO variables, where the first KN variables are used to encode
ααα, whereas the last KN variables are used to represent α̂αα. The ααα and α̂αα are then substituted
into Eq. (4).

2.5.2 Penalty Terms Addition

The QUBO problem must be unconstrained. It is, therefore, necessary to add penalty terms,
whose influence is regulated by hyperparameters, to implicitly enforce the constraints. To
enforce Eq. (5a), a square penalty regulated by the hyperparameter ξ is added to the cost
function in Eq. (4):

ξ

( N∑

n=1

(αn − α̂)n

)2

. (10)

The constraints defined by Eqs. (5b) and (5c), which are also referred to as box constraints,
are implicitly satisfied by the encoding equations. As the qubit values collapse to either 0 or
1, the maximum value that each αn and α̂n can take is

K∑

i=0

BK−1−P , (11)

This is obtained if all qubit values aKn+k or aK(N+n)+k collapse to 1 for k = 0, . . . ,K − 1.

2.5.3 QUBO Matrix Definition

After the addition of the penalty terms (see Eq. (10)) to the cost function (see Eq. (4)) and
the subsequent encoding of the problem variables (see Eq. (8)), the final QUBO cost function
takes the form:

N−1∑

n,m=0

K−1∑

i,j=0

1∑

s,t=0

aK(sN+n)+iQ̃K(sN+n)+i,K(tN+m)+jaK(tN+m)+j , (12)
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where Q̃ is an 2KN × 2KN matrix that encodes the problem and whose elements are given
by

Q̃K(sN+n)+i,K(tN+m)+j =(−1)(1−δst)Bi+j−2P

(
1

2
κ(xn,xm) + ξ

)
(13)

+ δnmδijB
i−P δst

(
ϵ+ (−1)(1−s)(1−t)yn

)
(14)

To obtain a problem formulation similar to Eq. (1), it is necessary to construct the upper-
triangular 2KN × 2KN QUBO matrix Q from Q̃ by using

Qi,j =





Q̃i,j + Q̃j,i, if i < j;

Q̃i,j , if i = j;

0, otherwise.
(15)

The minimization problem can then be written as

min
aaa∈{0,1}2KN

aaaT Qaaa, (16)

where aaa is the 2KN vector obtained by the concatenation of aaa and âaa.
The final step to run a problem instance on the QA is creating a minor embedding (Choi,

2011). This arises from the fact that the graph structure of the Quantum Processing Unit
(QPU) is not fully connected. It is, therefore, necessary to represent a logical qubit with a
group of connected qubits that are constrained to have the same values. For a given QUBO
problem it is possible to construct the corresponding problem graph G(V, E) by considering
as the set of nodes V = {ai, . . . , an}, where each node corresponds to a problem variable
and the set of edges E = {(ai, aj), ∀ (i, j) such that Qi,j ̸= 0}. The D-Wave Advantage
system uses a Pegasus (Boothby et al, 2020) topology graph. For the experiments conducted
in this study, the problem graph always had the same structure for each test run since it is a
fully connected graph with a number of nodes equal to 2KN . The values of K and N were
always the same for each experimental run. Therefore, the embedding was calculated only
once using the functions provided by the official D-Wave Ocean tools 2, which provide an
interface to the QA machine.

2.5.4 Advantages of Q-SVMs over Classical Counterparts

So far, established work combining Support Vector Machines (SVMs) and general Quantum
Computing (QC) has focused on performing the computation of the kernel on the quantum
hardware (Rebentrost et al, 2014). This approach has a theoretical advantage in runtime,
as kernel computation requires only logarithmic runtime in the quantum setting but at least
quadratic runtime in the classical setting. However, computing not the kernel but the training
process (as performed in this study) on a QA has two advantages:

• Time complexity: Usually, the whole training procedure of (classical) SVMs and SVRs
in specific has cubic time complexity (Bottou et al, 2007; Abdiansah Abdiansah, 2015),
which can lead to long runtimes for large datasets. To the contrary, a QUBO solved on QAs
returns a set of low-energy solutions after a predefined amount of time, independent of

2D-Wave Ocean SDK version 6.9.0: https://www.dwavesys.com/solutions-and-products/ocean/

7

116



Paper V

the input problem size (Date et al, 2021). This can lead to potential speed-ups for large
training datasets in the future.

• Solution combinations: While classical SVMs return a single optimal solution, QAs pro-
vide multiple low-energy solutions to a given problem. These different solutions can be
combined, analogous to ensembling. This has empirically been shown to improve general-
ization performance in classical learning algorithms (Dietterich, 2000), and a similar effect
can be observed in quantum learning algorithms (Willsch et al, 2020; Cavallaro et al, 2020).

It should be noted, that the set of QA solutions is not guaranteed to be theoretically optimal
(as in the case of classical SVMs) and that limitations in terms of the number of available
qubits on current QAs also the limit the problem size that can be solved in a quantum setting.
For D-Wave QAs, the number of available qubits has however grown steadily from 2, 000 to
more than 5, 000 during the past years 3.

3 Experimental Setup

3.1 Machines
Two different types of machines are used for the hybrid setup of the workflow. The classical
calculations are executed on the Extreme Scale Booster partition of the DEEP-EST super-
computer4. It features a total of 75 nodes, where each node is equipped with an Intel Xeon
Central Processing Unit (CPU) with 8 cores and a NVIDIA V100 GPU. The quantum calcu-
lations take place on the D-Wave Advantage system JUPSI 5, as of 04/2024 the largest QA in
Europe with 5614 qubits. Both machines are located at the Jülich Supercomputing Centre.

3.2 Performance Prediction Algorithm
The Fast-Hyperband (Baker et al, 2017) algorithm is a modified version of Hyperband that
adds an additional, performance prediction-based decision point at the end of every epoch.
This allows the algorithm to estimate which configurations are less likely to be promoted to
the next round and terminate them earlier than the original Hyperband. Naturally, this saves
computational resources compared to the classical Hyperband algorithm.

The Swift-Hyperband algorithm is similar to Fast-Hyperband but adds only one extra
decision point based on performance prediction inside each Hyperband bracket round (instead
of one extra decision point every epoch), see Fig. 2. Therefore, Swift-Hyperband requires
training considerably fewer performance predictors than Fast-Hyperband. This enables Swift-
Hyperband to run in a hybrid quantum-classical workflow, where the performance predictors
are trained using a QA. Furthermore, each round of Swift-Hyperband can be parallelized
as the trial trainings can be performed in parallel in contrast to Fast-Hyperband, which is a
sequential approach.

Algorithm 1 and 2 in Appendix A present the pseudocode for Swift-Hyperband and its
auxiliary routine run_then_return_val_loss, where the performance predictors are
both trained and used to make predictions. For simplicity, only the pseudocode of the sequen-
tial version of Swift-Hyperband is presented. In the distributed implementation, the paral-
lelization is performed at round level in the same way that is described for Hyperband in (Li
et al, 2018). This is, the outer for loop in the routine run_then_return_val_loss is
adapted to run its multiple iterations in parallel. The only disadvantage of this type of paral-
lelization is the same as the one discussed for the classical version of Hyperband in (Li et al,
2018). That is, the number of iterations in the parallelized for loop is not constant through out

3D-Wave QAs: https://www.dwavesys.com/solutions-and-products/systems/
4DEEP-EST: https://www.fz-juelich.de/en/ias/jsc/systems/prototype-systems/deep_system
5JUPSI: https://www.fz-juelich.de/en/ias/jsc/systems/quantum-computing/juniq-facility/juniq/d-wave-advantagetm-system-jupsi
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Fig. 2: Graphic representation of the Swift-Hyperband algorithm, taken from Amboage et al
(2023).

the whole algorithm but instead decreases from the start to the end of each bracket. For this
reason, using a high number of parallel computing nodes may result in some of them being
idle towards the end of each bracket.

3.3 Hybrid Quantum-Classical Workflow
Swift-Hyperband is suited for hybrid quantum-classical workflows. A QT-SVR, trained on
a QA can be used as the performance predictor, while the trainings of the target model can
be performed in parallel across several nodes in an HPC center. However this does not hold
for Fast-Hyperband. Note that, apart from being a sequential algorithm, Fast-Hyperband has
the disadvantage that a high number of performance predictors is necessary. This makes it
infeasible to run with QT-SVRs due to the time needed to communicate with the QA.

For this work, a hybrid quantum-classical implementation of Swift-Hyperband that uses
the Message Passing Interface (MPI) standard to communicate across multiple nodes in an
HPC cluster and relies on the D-Wave Ocean SDK to connect to a D-Wave Advantage System
to train the QT-SVRs, has been developed. In this implementation, one node of the HPC
cluster acts as a head node, communicating with the QA as well as coordinating up to 50
GPU-equipped worker nodes, where the different target model configurations are trained.
This workflow is illustrated graphically in Fig. 3.

On current quantum hardware, the size of problems that can be computed is still limited.
Considering the cubic time complexity associated with the training of classical SVR predic-
tors and the capability of a quantum system to run calculations in a matter of milliseconds,
a speed-up can, however, be expected for large datasets on future quantum hardware (Date
et al, 2021).

3.3.1 QT-SVR Solution Combination

As mentioned in Sec. 2.5.4, the QA returns a set of low-energy solutions after a fixed amount
of time, instead of just a single one. These multiple solutions can then be combined to create a
more robust prediction, which has already been performed in earlier literature (Willsch et al,
2020; Pasetto et al, 2022). Given the true training target values ytrain and the predicted target
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Fig. 3: Components along with their communication protocols used for the Swift-Hyperband
distributed hybrid quantum-classical implementation.

values ỹtraini , where i = 1, . . . , s in the range of the total number of solutions s, each of
the s candidate solutions (i.e. the different set of values for αn and α̂n) is assigned a weight
wi, i = 1, . . . , s. To do so, for each set of αn and α̂n the mean squared error loss Li is
computed on the training dataset:

Li =
1

N

N∑

j=1

(ytrain(j) − ỹtrain(j))2 (17)

In order to give more credit to the solutions which achieved better performance (on the train-
ing data) and to reduce the contributions of the solutions that performed worse, for each
i = 1, . . . , s a coefficient is defined ŵi as ŵi := 1

Li
. Finally, the solution combination

coefficients are obtained as
wi :=

ŵi∑s
l=1 wl

(18)

These weights are then used to obtain the final solution αfinal := {αfinal
1 , . . . , αfinal

N } as a
weighted average over the solutions returned by the QA:

αfinal :=

s∑

i=1

wiαi, (19)

with αi := {αi, . . . , αs}. Essentially, this resembles a set of weak classifiers, that combined
yield a strong classifier (Willsch et al, 2020; Cavallaro et al, 2020). In this study, the number
of solutions combined is set to s = 4.

3.4 Datasets and Models
For this study, the capabilities of the hybrid workflow are evaluated on multiple datasets
and neural network models. Fully-connected Neural Network (FCNN) are trained on small
regression datasets from the OpenML project (Vanschoren et al, 2014), CNNs are trained
on two well-known medium-sized datasets from the Computer Vision (CV) domain, a Long
Short-Term Memory (LSTM) is trained on an Natural Language Processing (NLP) dataset,
and the MLPF algorithm is trained on a HEP dataset. In the following, the datasets as well are
explained. To enable reproducibility of the empirical results, also the HP search spaces that
the HPs are sampled from a provided in detail.
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3.4.1 OpenML Datasets

The OpenML platform6 features a wide selection of easily accessible datasets, algorithms,
and experiments. To make sure the results are reproducible, the method is tested on three
datasets from the OpenML Curated Tabular Regression benchmark (Fischer et al, 2023). The
focus of this benchmark is on tabular, high-quality datasets from different domains with 500 to
100,000 observations that are not trivially solvable by linear methods. For this study, the Grid
Stability (id 44973), Video Transcoding (id 44974), and Naval Propulsion Plant (id 44969)
datasets are selected.

However, to generate reproducible learning curves, not only the dataset and evalua-
tion procedure is important, but also the hyperparameter search space that the different
model configurations are sampled from has to be consistent. Therefore, the chosen OpenML
datasets are trained on the hyperparameter search space detailed in the HPOBenchmark
library (Eggensperger et al, 2021), a general benchmark for HPO. The search space consists of
two architectural parameters of FCNNs, (depth and width) and three optimizer-related param-
eters (batch size, initial learning rate, and weight decay). The range the hyperparameters are
sampled from is shown in Table 1. Each model is trained for a maximum of 50 epochs.

Table 1: Hyperparamters from the HPOBench search space used on the OpenML datasets.
Depth and width determine the general shape of the network while batch size, initial learning
rate, and weight decay (alpha) influence the Adam optimizer.)

hyperparameter type range

alpha float log[1e-8, 1]
batch size int log[4,256]
depth int [1,3]
learning rate float log[1e-5, 1]
width int [16,1024]

3.4.2 Computer Vision Datasets

The two datasets of choice from the CV domain are the cifar-10 (Krizhevsky, 2009) and
TinyImageNet (Mnmoustafa, 2017) dataset. The cifar-10 dataset consists of 60,000 images
in 10 different classes. The training is performed on 50,000 images while the remain-
ing 10,000 images are used to compute the validation accuracy. TinyImageNet contains
100,000 images, split into 200 classes. For each class, there are 500 training images
and 50 validation images. For both datasets, the image pre-processing steps involved a
RandomCrop, Resize, RandomHorizontalFlip, and Normalization opera-
tion from the torchvision library7. Similarly to (Baker et al, 2017), small architectures with
varying numbers of convolutional layers, convolutional filters, batch size, learning rate, and
momentum are sampled from the hyperparameter search space, see Table 2, for the cifar-
10 models, which are trained for a maximum of 100 epochs. For the TinyImageNet case,
a fixed ResNet18 architecture (He et al, 2016) is trained for a maximum of 35 epochs
and only optimizer-related parameters (batch size, learning rate, and momentum) are tuned.
Performance prediction in both cases is performed on the validation set learning curves.

6OpenML: https://www.openml.org/
7Torchvision library: https://pytorch.org/vision/stable/index.html
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Table 2: Hyperparameter search space used on cifar-10 and TinyImageNet. Layers and fil-
ters determine the general shape of the CNN while batch size, learning rate, and momentum
influence the optimizer.

hyperparameter type range

layers int [2,3,4]
filters int [16,32,48,64]
batch size int [64,128,256,512]
learning rate float log[1e-4, 1]
momentum float log[1e-4,0.9]

3.4.3 HEP Model and Dataset

In response to the considerable surge in data generation anticipated in large HEP experi-
ments in the forthcoming decades, there are ongoing efforts towards substituting conventional
CPU-based algorithms with neural network-powered ones that can be efficiently and readily
executed on GPUs, Field Programmable Gate Arrays (FGPAs) or other hardware accelera-
tors. A prime illustration of such novel algorithms is the so-called MLPF (Pata et al, 2021a)
algorithm, designed to perform particle-flow reconstruction (Sirunyan et al, 2017) through a
data-driven methodology. Advantages of MLPF include extensibility, portability and scala-
bility. Extensibility because the algorithm can easily be adapted to new detector geometries
or conditions by retraining, portability, because the model can be executed on a wide variety
of different hardware accelerators, and scalability, because runtime and memory consumption
scale approximately linearly with the input collision event size.

The dataset used for HPO studies in this work is the open and publicly available
DELPHES dataset (Pata et al, 2021b) first presented in (Pata et al, 2021a). HPO is performed
on a 7-dimensional search space, see Table 3, and each trial is trained for a maximum of 100
epochs.

Table 3: Hyperparameter search space used on MLPF.

hyperparameter type range

learning rate float log[1e-6, 3e-2]
dropout float [0,0.5]
weight decay float log[1e-6,1e-1]
num graph layers id int [0,4]
num graph layers reg int [0,4]
bin size int [8,16,32,64,128]
output dim int [8,16,32,64,128,256]

3.4.4 NLP Model and Dataset

The datasets of choice from the NLP domain is the bAbI tasks dataset (Weston et al, 2015),
in particular task 17. The bAbI tasks dataset consists of 20 elementary reasoning tasks, where
task 17 is related to spatial and positional reasoning. Each particular instance of task 17 is
conformed by a group of sentences related to the relative position of multiple colored blocks
followed by a "yes or no" question about the location of one of the blocks. Therefore, the
goal of the model is to infer the correct "yes/no" answer to the question given its precedent
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sentences. The training is performed on 1,000 questions, and another 10,000 questions are
used to compute the validation accuracy. A fixed LSTM architecture with varying training
hyperparameters (see Table 4), where each model can be trained up to 300 epochs, is used 8.

Table 4: Hyperparameter search space used on the LSTM.

hyperparameter type range

learning rate float log[1e-10, 1]
dropout float [0,1]
rho float [0,1]
weight decay float log[1e-5, 0.1]

4 Results and Evaluation
For performance evaluation, the distributed quantum-classical implementation of Swift-
Hyperband is compared to the original Hyperband algorithm and to Swift-Hyperband using
classical SVRs. Several target models from different domains, i.e., from CV, NLP, and HEP,
are optimized. For each target model, the best accuracy or loss achieved by each algorithm is
reported along with the average resources consumed (in terms of the total number of train-
ing epochs), using an average of three runs, each one initialized with a different random seed
(0,1 and 2). Detailed information on the target models and the HPO processes used to test
the algorithms are shown in Table 5. The results, computed on 51 nodes of the DEEP-EST
supercomputer in combination with the JUPSI QA are shown in Figs. 4 and 5.

Table 5: Summary of the benchmarking cases used to test the HPO algorithms.
NN

architecture Dataset Domain
Evaluation

metric
# HPs for

HPO
Target epoch

for HPO
# GPU Nodes

for HPO

CNN CIFAR-10 (Krizhevsky, 2009) CV accuracy 5 100 50
CNN Tiny ImageNet (Le and Yang, 2015) CV cross entropy loss 3 35 50

LSTM bABI (Weston et al, 2015), task 17 NLP accuracy 4 300 50
MLPF (Pata et al, 2021a) Delphes (Pata et al, 2021b) HEP Focal loss + Huber loss 7 100 simulated

FCNN OpenML Tabular mean squared error loss 5 50 50

From Figs. 4 and 5, it can be seen that Swift-Hyperband, both in the case of using SVRs
and QT-SVRs, achieves results similar to classical Hyperband in terms of the target model
performance while consuming less computational resources in all cases. The largest savings
of ∼ 9.4% are observed for the CNN training on cifar-10 (Fig. 4a), where Hyperband takes
3237 epochs, Swift-Hyperband SVR takes 3014 and Swift-Hyperband QT-SVR only 2960
epochs on average. For the Tiny ImageNet cases (Fig. 4b) Hyperband requires 872 training
iterations, while Swift-Hyperband QT-SVR finishes in 834, resulting in a resource saving of
∼ 4.6% with only a small difference in validation loss (0.012 vs. 0.014).

For all other cases, ∼ 2− 5% in savings can be seen. While plain Hyperband only bases
the future performance of a trial based on the current validation loss or accuracy, Swift-
Hyperband can make use of performance prediction methods and thus terminate some trials
earlier, resulting in fewer total training epochs. When comparing the Swift-Hyperband SVR
and QT-SVR versions, the quantum-based regression method is able to match the validation
set performance of the classical method in almost all cases, and in the majority of cases even

8LSTM Training: https://docs.ray.io/en/latest/tune/examples/includes/pbt_memnn_example.html

13

122



Paper V

outperforms it. As explained in Section 2.5.4, the main difference between the quantum and
classical SVR is, that the QT-SVR makes use of multiple, heuristically obtained predictions,
which are weighted and combined into a single prediction. On the contrary, the classical
SVR only uses a single deterministic prediction. The emperical results of these experiments
prove that for these benchmarking cases the QT-SVR produces a more robust predictions of
the future performance of trials when used inside a distributed version of Swift-Hyperband,
which then leads to higher validation scores in the majority of cases.

In terms of computing resources, the QT-SVR version requires fewer epochs than the
SVR for the CNN cases (see Figs. 4a and 4b), but more for all other instances. This indicates
that on the one hand, the QT-SVR version tends to over-estimate the performance of the tar-
get models, hence early-stopping fewer configurations in the prediction-based decision points
(and use more compute resources) for the LSTM, MLPF and FCNN models. For the CNN
models, on the other hand, it tends to under-estimate the performance, thus early-stopping
more configurations and saving resources, but still achieves comparable target model perfor-
mance. This is because the shapes of the learning curves (to which the regression method is
applied) are highly dependent on the nature of the target model and the application case. It is
interesting to observe, that the dimension of the hyperparameter search space (e.g. a seven-
dimensional search space for Fig. 4d and only a three-dimensional one for Fig. 4b) does not
influence the performance of the algorithms.

As an alternative to solving the QUBO problem purely on the QA, D-Wave offers the
option to use a cloud-based hybrid solver9. This solver internally solves a part of the problem
with state-of-the-art classical algorithms, while sending only those parts to the QPU that
primarily benefit from it. In this case, also the combination of the solutions is performed
internally and is not public. While this takes notably longer than pure QPU calculations (a few
seconds vs. a few hundred milliseconds) it can also handle larger problems. A comparison on
the Grid Stability dataset, see Fig. 5, shows the hybrid solver to outperform both SVR and
QT-SVR-based Swift-Hyperband in terms of best-found model and number of epochs used.
The plain Hyperband algorithm achieves the lowest loss overall, but at the cost of a much
higher compute resource consumption. In total, the results still indicate that the hybrid solver
is able to estimate the performance of the target model with high accuracy.

9D-Wave Hybrid Solver: https://docs.ocean.dwavesys.com/en/latest/overview/hybrid.html
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(a) CNN for cifar-10 dataset. (b) CNN for Tiny ImageNet.

(c) LSTM for bAbI tasks dataset (task 17). (d) MLPF for Delphes dataset.
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(e) FCNN on the Naval Propulsion dataset.

Hyperband Swift-Hyperband
SVR

Swift-Hyperband
QT SVR

240.0

242.5

245.0

247.5

250.0

252.5

255.0

257.5

260.0

Be
st

 lo
ss

 fo
un

d 
(lo

w
er

 is
 b

et
te

r)

255.06
253.87 253.83

51 Node runs FCNN - OpenML id 44974

1170

1180

1190

1200

1210

1220

1230

1240

M
ea

n 
ep

oc
hs

Compute resources
Loss

(f) FCNN on the Video Transcoding dataset.

Fig. 4: Average resource consumption and performance of the best configuration found for
each HPO algorithm applied to different target models. Results are averaged over three dif-
ferent random seeds and error bars are shown. Note that the number of epochs for Hyperband
is deterministic and therefore no error bar is shown for the algorithm.
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Fig. 5: Average resource consumption and performance of the best configuration found for
each HPO algorithm on the Grid Stability dataset, including D-Waves internal hybrid solver.
Results are averaged over three different random seeds and error bars are shown. Note that the
number of epochs for plain Hyperband is deterministic and therefore no error bar is shown
for the algorithm.

5 Summary, Conclusion and Outlook
This study presented a workflow for performing distributed, quantum-classical performance
prediction for HPO. Compared to the established Hyperband algorithm, the proposed work-
flow saves resources with minimal sacrifices in terms of validation set performance of the
best-found model. Especially in a distributed setting of 50 GPUs running neural network
training at the same time, resource savings of more than 9% are substantial. It was also
evident, that choosing a QT-SVR or a hybrid-solver method results empirically in better-
performing models for a wide range of application cases compared to classical SVR, due
to combining multiple heuristically obtained solutions. This stresses the potential of using
quantum machine learning methods.

This work presents an important first step in the direction of automated integration of
quantum devices in the supercomputing environment. This is of great importance, as current
quantum machines are still too small to solve meaningful problems on their own. By com-
bining them with a powerful supercomputer it becomes possible to tackle relevant, real-world
problems from a diverse set of scientific domains. The proposed workflow is agnostic to the
underlying machine learning model and can be applied to any problem. As the code of the
workflow is open-source10, the research community can benefit directly from this work.

The most promising direction of future work is the usage of larger and more advanced
quantum hardware. For this study, a QA was chosen, as it is able to handle a much larger
problem size than current, gate-based machines. With increases in the number of qubits of
gate-based machines and advances in algorithm development, it might be possible to run
other, more advanced quantum optimization algorithms that have the potential to not only
save compute resources in a quantum-classical setting but also find more accurate solutions.
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Appendix A Swfit-Hyperband Pseudocode
In this appendix, the pseudocode of the sequential version of Swift-Hypeband is presented.
As it can be seen in Algorithm 1, Swift-Hyperband has five parameters: R, η, d, ϕ and
known_curve. The parameters η and R have the same function as the parameters with the
same respective name in the original Hyperband algorithm. That is, η controls the trial dis-
carding ratio at the end of every round. For η = 2 only the best-performing half of all
configurations at the end of a given round are promoted to the next round, for η = 3 only
the best third is promoted, etc. Therefore, increasing the value of η makes the algorithm more
aggressive. The least aggressive setting η = 2 is used by default in the experiments of this
study. The quantity R defines the target epoch for the HPO process, i.e., no configuration is
trained for more than R epochs. It is a problem-dependent parameter that is chosen by the
user depending on the model or architecture to optimize. The remaining parameters d, ϕ and
known_curve are specific for Swift-Hyperband. The quantity d represents the minimum num-
ber of learning curves required to train each performance predictor, ϕ is the minimum fraction
of trials that is trained until the end of each round independently of their predicted perfor-
mance, and known_curve controls the position of the extra decision point. The natural choice
known_curve = 0.5 places the new decision points exactly in the middle of each Hyperband
round.

Algorithm 1 Swift-Hyperband

Input: R, η, d, ϕ, known_curve
Output: Configuration with lowest loss seen during the algorithm

1: Initialize: smax = ⌊logη(R)⌋, B = (smax + 1)R, D = Dict(), M = Dict()
2: for s ∈ {smax, smax−1, ..., 0} do
3: n = ⌈ Bη

R(s+1)⌉, r = Rη−s

/* Begin Succesive Halving with n different configurations */

4: for i ∈ {0, ..., s} do
5: ni = ⌊nη−i⌋
6: ri = rηi

7: if ri /∈ D.keys: D[ri] = List()
8: if ri /∈ M.keys: M [ri] = Dict()
9: nnext = ⌊ni

η ⌋ if i ̸= s, else 1
/* Performance prediction and parallelization (if applied) take

part inside the following routine */

10: L = run_then_return_val_loss(T, rprev, ri, nnext, d, ϕ,D,M, known_curve)
11: T = top_k(T, L, ⌊ni/η⌋)
12: rprev = ri
13: end for
14: end for
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Algorithm 2 Routine run_then_return_val_loss for Swift-Hyperband

Input: T, rprev, ri, nnext, D,M, d, ϕ, known_curve
Output: L (List with the final loss for each configuration in T )

1: Initialize:
L = List(), fully_trained = 0, dp = rprev + ⌈(ri − rprev)known_curve⌉, thres = 0

2: for t ∈ T do
3: l = List()
4: for i ∈ {0, .., dp− 1} do
5: li = loss_of_t_at_epoch_i(t, i)
6: l.append(li)
7: end for
8: if fully_trained < ϕ · nnext or D[ri].length < d then
9: for i ∈ {dp, .., ri} do

10: li = loss_of_t_at_epoch_i(t, i)
11: l.append(li)
12: end for
13: L.append(li)
14: fully_trained = fully_trained+ 1
15: D[ri].append(l)
16: thres = L.get_quantile(0.25)
17: else
18: if dp /∈ M [ri].keys then

/* model to predict performance at r_i using the learning curve

until dp */

19: M [ri][dp] = PerformancePredictor()
20: M [ri][dp].train(D[ri][ : , 0 : dp], D[ri][ : , ri])
21: end if
22: pred = M [ri][dp].predict(l)
23: if pred < thres then
24: for i ∈ {dp, .., ri} do
25: li = loss_of_t_at_epoch_i(t, i)
26: l.append(li)
27: end for
28: L.append(li)
29: fully_trained = fully_trained+ 1
30: D[ri].append(l)
31: else
32: L.append(∞)
33: end if
34: end if
35: end for
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ABSTRACT

Deep Learning models have proven necessary in dealing with
the challenges posed by the continuous growth of data volume
acquired from satellites and the increasing complexity of new
Remote Sensing applications. To obtain the best performance
from such models, it is necessary to fine-tune their hyperpa-
rameters. Since the models might have massive amounts of
parameters that need to be tuned, this process requires many
computational resources. In this work, a method to accelerate
hyperparameter optimization on a High-Performance Com-
puting system is proposed. The data batch size is increased
during the training, leading to a more efficient execution on
Graphics Processing Units. The experimental results confirm
that this method reduces the runtime of the hyperparameter
optimization step by a factor of 3 while achieving the same
validation accuracy as a standard training procedure with a
fixed batch size.

Index Terms— Hyperparameter Tuning, Deep Learning,
Batch Size, High-Performance Computing, Remote Sensing.

1. INTRODUCTION

The enormous investments that made freely available data
acquired by modern Earth Observation (EO) programs have
democratized access to timely satellite imagery of the en-
tire planet. Missions such as the Copernicus Sentinel-2 can
re-observe the same area every 5 days (under cloud-free con-
ditions) by exploiting two polar orbiting satellites. Its free
data represent an invaluable asset for tackling challenges
as wide-ranging and important as quantifying the effects of
climate change through land cover classification, vegetation
mapping, environmental monitoring, etc. [1]. Nevertheless,
the extraction of valuable information from raw satellite data

This work was performed in the Center of Excellence (CoE) Research
on AI- and Simulation-Based Engineering at Exascale (RAISE) receiving
funding from EU’s Horizon 2020 Research and Innovation Framework Pro-
gramme H2020-INFRAEDI-2019-1 under grant agreement no. 951733. The
authors gratefully acknowledge the computing time granted by the JARA
Vergabegremium and provided on the JARA Partition part of the supercom-
puter JURECA at Forschungszentrum Jülich.

is complex and requires large amounts of labelled training
samples when using supervised learning with Deep Learn-
ing (DL) models. Furthermore, to achieve the best perfor-
mance from a DL model, it is fundamental to optimize the
values of its hyperparameters. This optimization step requires
several processing steps that may consume a lot of computing
power, i.e., leading to long processing times.

The present manuscript contributes to the Remote Sens-
ing (RS) community by exploring a way to reduce these com-
putational costs. While the group’s previous work [2] focused
on using evolutionary methods, this work aims at reducing
hyperparameter tuning costs by training with a large batch
size BS without sacrificing validation accuracy. By running
the hyperparameter tuning more efficiently, it becomes faster
and cheaper for the community to find the best performing
models. The experiments make use of the BigEarthNet-19
dataset [3]. It consists of 590,326 patches extracted from 125
Sentinel-2 tiles, each associated to one or more of the 19 la-
bels of the simplified legend of the CORINE Land Cover [4],
a thematic map from 10 European countries updated in 2018.

2. PROBLEM FORMULATION

The performance of deep neural networks depends on the hy-
perparameters set by the user before training. This usually
involves a lot of manual tuning but may yield huge gains in
performance. The main problem in finding the right set of hy-
perparameters is the expensive evaluation of different config-
urations. Each of them requires a full model training run. In
principle, two main strategies for reducing the overall com-
putational costs exist: (1) improving the choice of hyperpa-
rameters with optimization algorithms and (2) reducing the
runtime of the training runs. This work focuses on the latter.

Large batch size parameter values BS are necessary when
a large dataset is used for training on multiple Graphics Pro-
cessing Units (GPUs) on an High-Performance Computing
(HPC) system. In this case, a large BS value (that still fits into
the GPU memory) leads to a higher GPU utilization, increas-
ing the efficiency. BS values of up to 80,000 samples have
been reported for a Convolutional Neural Network (CNN) [5].
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However, training with large BS values usually results in a
lower validation performance, which is a general problem in
distributed DL. Several techniques have been proposed to cir-
cumvent this problem, i.e., scheduling the learning rate LR
to slowly increase at the beginning and then decaying it over
time [6], and using optimizers such as LARS [7] or LAMB [8]
that introduce layerwise adaptive scaling mechanisms.

While these approaches focus on adjusting the parame-
ter LR, this work adapts the parameter BS itself to acceler-
ate the process. Empirically, this has a similar effect as de-
caying the LR over time [9] while using less parameter up-
dates. Smith et al. [9] train a CNN on ImageNet starting with
BS = 8,000 images, which is increased to BS = 16,000
after E = 30 epochs. Compared to the baseline of keep-
ing the BS constant at 8,000 throughout the whole training
process, a ≈ 33% faster convergence with no drop in vali-
dation accuracy (76.1%) is reached. McCandlish et al. [10]
introduce a metric called the Gradient Noise Scale (GNS) to
predict the largest useful BS value to be employed during
each part of training. When using Stochastic Gradient De-
scent (SGD) with a small BS value, the gradient update is a
noisy approximation of the true gradient. A big batch resem-
bles the true gradient much better. Following this intuition,
the GNS measures the ratio of noise (variance) to signal (size)
of the gradient. A large noise to signal ratio indicates that a
bigger BS value should be used and vice versa. Libraries
such as Pollux [11] or KungFu [12] use the GNS and simi-
lar metrics to systematically optimize the throughput of DL
models on HPC systems.

3. METHODOLOGY

3.1. Distributed Deep Learning

Training a neural network on large datasets can be time con-
suming as the the model needs to iterate though the whole
input data once per epoch. One method to accelerate this
process is to use data parallel training: the input data is split
and distributed to different GPUs that all train separately on
their own batches but perform a gradient synchronization at
the end of each epoch. This way, the model on each GPU is
the same but the data is different. Horovod [13] is an easy-
to-use Python library that implements efficient data parallel
training and was already used by us in the past to train on an
RS dataset with up to 128 GPUs [14].

3.2. EfficientNet

The benefits of employing CNNs come at the cost of an in-
creased computational budget. EfficientNet [15] is an archi-
tecture that, maintaining a fixed ratio between the width and
the depth of the network, aims at decreasing the amount of
parameters (i.e., weights and biases of the network) while
maximizing the extraction of fine-grained and high-level fea-
tures. It consequently curbs the usage of resources as com-

pared to other benchmark models such as ResNet [16], reach-
ing higher test accuracies while being of smaller size. Here,
the EfficientNet-B0 [15] is used, a model achieving better test
accuracies than ResNet-50 while having much less parame-
ters (5.3M for EfficientNet-B0 vs. 26M for ResNet-50).

3.3. Hyperparameter Optimization with Ray

Tuning the hyperparameters of a neural network involves
training a lot of different sets of hyperparameters (config-
urations). A complete training run of said configuration is
called a trial. Allocating resources and launching each trial
manually is inefficient. Therefore, Ray1 is used, which is an
open-source library for distributed computing. Its subpack-
age Ray Tune can run distributed hyperparameter tuning at
scale. It provides options to specify: the number of resources
to use per trial, the hyperparameters, which range they are
sampled from, and a scheduling or optimization algorithm.
With this approach, a single Ray Tune job is started and Ray
deals with all scheduling and communication tasks.

3.4. Changing the Batch Size

DL libraries like Tensorflow usually require the BS to be set
in the beginning of a training run and remain fixed through-
out. To change the BS using such libraries, it is necessary
to train up to a certain epoch value E with a fixed BS value,
check-point, and then continue the training with a different
BS value. This would introduce expensive memory access
operations. Here, a different approach is followed. With the
GradientTape mode of TensorFlow, an iterative way of calling
the optimization steps has to be implemented, exposing the
current batch in each iteration. This way, a big batch can be
subdivided and the optimization step can be called on each of
the smaller batches individually. Except for the epoch where
the switch between BS values occurs, tests have shown that
no additional computational overhead is required when using
this method, see Alg. 1 for a Python implementation.

4. EXPERIMENTAL RESULTS

4.1. Experimental Setup

The experiments are executed on the Jülich Research on
Exascale Cluster Architectures (JURECA) system [17]. Its
DC (data-centric) module features 192 accelerated com-
pute nodes, each equipped with four NVIDIA A100 GPUs
(with 40 GB high bandwidth memory each). The experi-
ments use 24 nodes (96 GPUs in total) concurrently. The
following Python libraries are employed: Horovod/0.23.0,
TensorFlow/2.5.0, and Ray/1.8.0. The overall hyperparame-
ter tuning run is launched with Ray Tune. Ray then allocates
4 nodes (16 GPUs) to each trial, within each trial data-parallel

1https://www.ray.io/
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Algorithm 1 Implementation of varying the batch size by
batch subdivision.

# t r a i n i n g i t e r a t i o n loop
f o r ba tch , ( images , l a b e l s ) i n enumera t e ( d a t a s e t ) :

s p l i t = 32 # f a c t o r o f b i g g e r t o s m a l l e r b a t c h
# s m a l l b a t c h c a s e
i f ( epoch < 20) :

# s p l i t up t h e o r i g i n a l b i g b a t c h i n t o
s m a l l e r b a t c h e s

i m a g e s s p l i t = np . a r r a y s p l i t ( images ,
s p l i t )

l a b e l s s p l i t = np . a r r a y s p l i t ( l a b e l s ,
s p l i t )

# c a l l t h e t r a i n i n g s t e p on each of t h e
s m a l l b a t c h e s

f o r i i n r a n g e ( s p l i t ) :
l o s s v a l u e = t r a i n i n g s t e p (

i m a g e s s p l i t [ i ] , l a b e l s s p l i t [ i ] )
# b i g b a t c h c a s e
e l s e :

l o s s v a l u e = t r a i n i n g s t e p ( images , l a b e l s )

training is executed via Horovod. While on NVIDIA GPUs
the preferred way of communication is through the NCCL2

backend, Horovod in combination with Ray only supports the
slower Gloo3 backend, though.

The following hyperparameter ranges are evaluated:
Learning rate LR ∈ [10−3, 1.0], momentum M ∈ [0.0, 0.9],
nesterov momentum NM ∈ {false, true}, and weight de-
cay WD ∈ [5·10−5, 10−1]. The selection of hyperparameters
for a trial is performed with a random search. All models are
trained for E = 100 epochs.

The training starts with a small batch size of BSlocal =
32 per GPU (BSglobal = 16 · 32 = 512) and switches to
BSlocal = 1,024 per GPU (BSglobal = 16,384) after E =
20. The choice of the BS is motivated by our earlier re-
sults [14], where training on the BigEarthNet dataset was sta-
ble for BSglobal = 512 but diverged for BSglobal = 16,384.
Switching BS at E = 20 (at 20% of the total training time)
gives the optimizer sufficient time to equalize instabilities in
early epochs and leads to a yet computationally efficient train-
ing with a larger BS for 80% of the time. The application
of metrics like the GNS to achieve a more accurate guess of
which BS to use were unsuccessful. To evaluate the influence
of this BS value switching mechanism on the validation met-
rics and the computational resource consumption, the same
24 randomly sampled hyperparameter configurations are run
once with and without varying BS. We provide the corre-
sponding code in a GitLab repository4.

2https://developer.nvidia.com/nccl
3https://github.com/facebookincubator/gloo
4https://gitlab.jsc.fz-juelich.de/CoE-RAISE/FZJ/
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Fig. 1. Top: Mean time per epoch. Center: Best performing
trial. Bottom: Comparison of timing for switch.

4.2. Evaluation

A comparison of the time per epoch with and without chang-
ing the BS is shown in Fig. 1 (top). For the first E = 20
epochs, both methods take about the same time. Once the
threshold is reached, the effect of the BS value switch is visi-
ble as it is more than 4 times faster. The whole hyperparame-
ter tuning run is about 3 times faster when varying the BS as
shown in Tab. 1. In terms of validation F1 scores (a weighted
average of precision and recall), the best performing configu-
ration for both approaches is LR = 0.20735, M = 0.26415,
WD = 5 · 10−5, and NM = false. The scores achieved
are in line with our earlier work [14, 2]. As the scores are al-
most similar for BS = const. and the changing BS method,
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Table 1. Runtime of the hyperparameter tuning and accuracy
of the best performing run for constant and changing batch
size BS, showing accumulated and average trial runtime and
validation F1 micro (macro) score.

BSglobal total runtime trial runtime F1 scores

512 27 hrs 355 mins 0.78 (0.72)
512 →16,384 10 hrs 136 mins 0.78 (0.70)

the latter does not seem to suffer from the problem of a lower
validation accuracy that large batch sizes usually come with.

The graphs in Fig. 1 (center) show the detailed training
progress of the best performing trial. Overall, the train-
ing with a larger BS value (changing BS method) seems
to be smoother than training with a smaller BS (constant
BS method) for the whole duration. Furthermore, much of
the training progress is already made in the first 20 epochs.
Still, the last 80 epochs are necessary to achieve the final F1
scores. For the F1 micro score, the changing BS approach
even seems to perform slightly better, but this might be due to
the smoothness of its training curve. In the end, both methods
converge to a similar F1 score.

Figure 1 (bottom) evaluates the impact of the epoch
switching on the training progress. Switching at E = 10
results in a lower final F1 macro score while with a switch at
E = 15, the training performs similar to the original. Switch-
ing later in time leads to a better accuracy but also increases
the runtime. However, as the graph for a switch at E = 25
shows, the gain is only marginal, so the original choice of
E = 20 seems to be a good trade-off between accuracy and
runtime. In all cases, the training never diverges, which in-
dicates that the found hyperparameters seem to stabilize the
optimizer even when training with larger batches earlier.

5. CONCLUSIONS

In this manuscript, a method to successfully accelerate the
hyperparameter tuning process of a CNN trained with a RS
dataset has been presented. Increasing the batch size during
training from a smaller one in the beginning (to let the opti-
mizer stabilize) to a larger one (to run data parallel training
more efficient) seems to be a promising approach and does
not reduce the validation accuracy. Compared to running the
hyperparameter tuning with a fixed batch size, a speedup from
27 hours to 10 hours runtime on 96 GPUs has been achieved.
While in this study, the focus has been on the BigEarthNet
dataset, it would be interesting to see if the approach can also
be transferred to other datasets and models.
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