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With our worries left behind,
Haste stopped in its tracks.

Robots never halt their grind,
Humans can relax.

Yuri Entin*

*Poetic translation by the thesis author.
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Summary

Artificial Intelligence (AI) is an idea, a set of research subfields, and, ultimately, a suite of
technologies that is reshaping the world. AI systems are intended to solve problems that
would otherwise require biological or human intelligence to address. Since the middle of
the 2010s, breakthroughs in the AI subfield of deep learning enabled rapid progress in
computer vision, natural language processing, generative modelling, and other areas.

The key idea of deep learning is to use sufficiently large quantities of data to set
parameters of a neural network such that it will perform well on a target task. A neural
network is a directed graph of parameterized operations that transform a numeric input
into a numeric output. The parameters of a network can be optimized via gradient-based
techniques, in contrast to the hyperparameters that are often manually set by an expert.
Typical hyperparameter categories are the settings of the gradient-based optimizer, the
choice of operations used in the network, and the structure of its computational graph.
The latter two are commonly referred to as the architecture of a network, and optimizing
them is called Neural Architecture Search (NAS).

Hyperparameters can strongly influence both the performance of a network on the
target task, and its efficiency. Therefore, it is important to find good hyperparameter
values. The goal of hyperparameter optimization algorithms is to automate this process,
which is challenging in the deep learning context for several reasons. Firstly, to evaluate
how good a set of hyperparameter values is, a network typically needs to be trained, which
takes time and expensive hardware, thus restricting how many sets of hyperparameter
values can be evaluated on a finite budget. Secondly, neural networks require many
hyperparameters to be set, with each having many potential values that non-trivially
interact with those of other hyperparameters, leading to large search spaces that may be
difficult to optimize in. Finally, hyperparameter optimization is often multi-objective,
that is, involving several conflicting objectives, such as maximizing performance of a
network while minimizing its inference time.

Multi-objective problems are commonly addressed via Evolutionary Algorithms (EAs).
In an EA, several solutions (a population) are optimized simultaneously, making them
natural candidates to search for sets of solutions that represent different trade-offs in
multi-objective problems. Other advantages of EAs are their ability to tackle large search
spaces and the ease with which they can be parallelized (which is important for practical
usage on modern hardware). Additionally, in order to reduce the inefficiency of EAs
in terms of the number of evaluations of the objective function(s) required to reach
convergence, these algorithms can be hybridized with approaches such as Bayesian
optimization that can achieve excellent results within a budget of only a few evaluations.

The main goal of this thesis is to explore how EAs can be leveraged to perform hy-
perparameter optimization for deep learning effectively (so that the resulting networks
achieve excellent performance) and efficiently (so that minimal computational effort
would be required).

xiii



xiv Summary

In Chapter 2, we build upon a prior efficient approach to NAS that searches for
architectures by pretraining a single supernetwork. A supernetwork encompasses many
possible architectures, which can be cheaply evaluated once the supernetwork has been
trained. However, relying on a single supernetwork limits the diversity of solutions that
can be discovered. Therefore, we experiment with using five different supernetworks
to create cascades of multiple architectures in order to achieve better multi-objective
trade-offs between image classification accuracy and the computational footprint. Our
algorithm, ENCAS, outperforms state-of-the-art NAS and cascade search approaches
on several datasets.

Our experience with supernetworks showed that there is a limited variety of architec-
tures that can be discovered even if several supernetworks are considered, making the
approach less attractive despite its efficiency. In Chapter 3, we propose an alternative,
less limiting, approach to evolutionary NAS that remains relatively efficient. Specifically,
we extend the Population Based Training (PBT) EA that is designed for optimizing non-
architecture hyperparameters. PBT achieves efficiency via dynamic optimization: the
networks are trained for a short time before poorly-performing solutions are replaced with
copies of well-performing ones, and the hyperparameters are copied and perturbed. The
efficiency is gained by continuing training the previous partially trained weights rather
than restarting from scratch. A barrier to applying PBT to NAS is that weights cannot
generally be reused across architectures. We address this issue by introducing crossover,
in which a new architecture is created by mixing two well-performing architectures and
inheriting the weights for each operation in the new architecture from the corresponding
parent. Additionally, the weights are adapted (by reducing their magnitude and adding
noise) to prevent getting stuck in local optima while still retaining previous information,
which strongly improves the results in challenging settings of reinforcement learning
and image generation.

Our extension of PBT to NAS in Chapter 3 relied on the standard PBT algorithm. How-
ever, several PBT variants have been published and reported as outperforming standard
PBT and (a subset of) each other. Since no clear comparison between all the prominent
variants was available, we ventured to carry out such a comparison ourselves in Chapter 4.
We evaluate five PBT variants on a set of image classification and reinforcement learning
tasks, finding that no PBT variant can consistently outperform all others. Additionally, we
determine that some of the performance differences can be explained by the different
degrees of greediness exhibited by the algorithms. We further observe that Bayesian
PBT variants can achieve worse performance than even the standard PBT, which can be
attributed to the effectiveness of their exploration making them greedier. Analyzing the
theory underlying the Bayesian PBT variants, we find that they are guaranteed to asymp-
totically approach not the best solution, as previously postulated, but the greediest one.

One of the findings of Chapter 4 is that the step size of PBT variants can modulate
their greediness and strongly influence their ultimate performance. Consequently, in
Chapter 5, we develop a PBT variant that adjusts its step size automatically. Towards that
goal, a stagnation detection mechanism is proposed, which, when triggered, causes a
partial restart. Upon a restart, the step size is increased, the information about previously
explored hyperparameters is used by a meta Bayesian optimization procedure to set new
hyperparameters, and the partially-trained weights are adapted (similarly to Chapter 3, by
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reducing their magnitude and adding noise). The newly proposed algorithm, on average,
performs better than (or similarly to) five existing PBT variants with tuned step sizes and
other baselines on eight image classification and reinforcement learning tasks.

Throughout this thesis, we consider how to efficiently optimize hyperparameters but
any optimization incurs costs and adds complexity. Thus, arguably, the best hyperparam-
eter optimization is no optimization at all. Avoiding optimization may be feasible under
specific circumstances, such as those in Chapter 6, where distributed learning for medical
image segmentation is explored. Image segmentation entails finding parts of an image
that correspond to specific regions of interest (e.g., human organs in an MRI scan). For
medical image segmentation, it can be difficult to gather a sufficiently large and diverse
dataset without running into privacy concerns. An established alternative to collecting
sensitive data is federated learning, where data is used for distributed training without
sharing. We follow a different approach where synthetic data is generated at each hospital
independently and then pooled together to be used for pretraining a general model. This
model is distributed back to each hospital and fine-tuned on its specific data. The advan-
tages of this approach include not requiring all hospitals to be online simultaneously, to
share infrastructure, or to redo local computation when a new participant is added to the
system. However, the neural networks for data synthesis and segmentation need to be
trained at each hospital, potentially requiring either human intervention or automatic
hyperparameter adaptation. We build upon prior methods known for robustness and
introduce an approach that uses additional heuristics for hyperparameter adaptation to
the properties of the data. Our approach is evaluated on three diverse datasets and found
to perform well out-of-the-box, with pretraining on pooled synthetic data improving
robustness to data shifts and performance on challenging data.

To summarize, this thesis is focused on efficient hyperparameter optimization for deep
learning, largely via the design and application of EAs. Optimization of both the training
hyperparameters and the architecture is addressed, as well as adapting hyperparameters
without optimization. We conclude that evolutionary principles can be productively
used to efficiently optimize hyperparameters and architectures of neural networks, thus
helping accelerate their research and development (which could be further aided by
making usage of hyperparameter optimization algorithms more convenient, as well as
extending them to handle open-ended search spaces and very large models).





Samenvatting

Kunstmatige intelligentie (AI) is een idee, een geheel van onderzoekssubvelden en uit-
eindelijk een reeks technologieën die de wereld hervormen. AI-systemen zijn bedoeld
om problemen op te lossen die anders biologische of menselijke intelligentie zouden
vereisen. Sinds het midden van de jaren 2010 hebben doorbraken in het AI-subveld deep
learning snelle vooruitgang mogelijk gemaakt in computervisie, natuurlijke taalverwer-
king, generatieve modelleren en andere gebieden.

Het kernidee van deep learning is om voldoende grote hoeveelheden data te gebrui-
ken om de parameters van een neuraal netwerk zo in te stellen dat het goed presteert op
een doeltaak. Een neuraal netwerk is een gerichte graaf van geparametriseerde operaties
die een numerieke invoer omzetten in een numerieke uitvoer. De parameters van een
netwerk kunnen worden geoptimaliseerd via gradiëntgebaseerde technieken, in tegen-
stelling tot de hyperparameters, die vaak handmatig door een expert worden ingesteld.
Typische categorieën van hyperparameters zijn de instellingen van de gradiëntgebaseerde
optimalisator, de keuze van operaties die in het netwerk worden gebruikt, en de struc-
tuur van de computationele graaf. De laatste twee worden gewoonlijk aangeduid als de
architectuur van een netwerk, en het optimaliseren daarvan wordt Neural Architecture
Search (NAS) genoemd.

Hyperparameters kunnen zowel de prestatie van een netwerk op de doeltaak als de
efficiëntie ervan sterk beïnvloeden. Daarom is het belangrijk om goede waarden voor
de hyperparameters te vinden. Het doel van hyperparameteroptimalisatie-algoritmen is
om dit proces te automatiseren, wat in de context van deep learning om verschillende
redenen uitdagend is. Ten eerste moet, om te evalueren hoe goed een verzameling
hyperparameterwaarden is, een netwerk doorgaans worden getraind, wat tijd en dure
hardware kost, en daarmee beperkt hoeveel hyperparameterconfiguraties binnen een
eindig budget kunnen worden geëvalueerd. Ten tweede vereisen neurale netwerken dat
veel hyperparameters worden ingesteld, waarbij elke hyperparameter vele mogelijke
waarden kan aannemen die op niet-triviale wijze interageren met de waarden van andere
hyperparameters. Dit leidt tot grote zoekruimtes die moeilijk te optimaliseren zijn. Ten
slotte is hyperparameteroptimalisatie vaak multi-objectief, dat wil zeggen dat er meerdere,
conflicterende doelstellingen spelen, zoals het maximaliseren van de prestatie van een
netwerk terwijl de inferentietijd wordt geminimaliseerd.

Multi-objectieve problemen worden vaak aangepakt met behulp van Evolutionaire
Algoritmen (EA’s). In een EA worden meerdere oplossingen (een populatie) gelijktijdig
geoptimaliseerd, wat ze natuurlijke kandidaten maakt om te zoeken naar verzamelingen
van oplossingen die verschillende afwegingen in multi-objectieve problemen represente-
ren. Andere voordelen van EA’s zijn hun vermogen om grote zoekruimtes aan te pakken en
de eenvoud waarmee ze kunnen worden geparalleliseerd (wat belangrijk is voor praktisch
gebruik op moderne hardware). Om de inefficiëntie van EA’s in termen van het aantal
evaluaties van de doelfunctie(s) dat nodig is om tot convergentie te komen te vermin-
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deren, kunnen deze algoritmen bovendien worden gehybridiseerd met benaderingen
zoals Bayesiaanse optimalisatie, die uitstekende resultaten kunnen behalen met slechts
een klein aantal evaluaties.

Het hoofddoel van dit proefschrift is te onderzoeken hoe EA’s kunnen worden ingezet
om hyperparameteroptimalisatie voor deep learning zowel effectief (zodat de resulte-
rende netwerken uitstekende prestaties behalen) als efficiënt (zodat minimale rekenin-
spanning nodig is) uit te voeren.

In Hoofdstuk 2 bouwen we voort op een eerdere efficiënte benadering van NAS, die
naar architecturen zoekt door één enkel supernetwerk te pretrainen. Een supernetwerk
omvat vele mogelijke architecturen, die na het trainen van het supernetwerk goedkoop
kunnen worden geëvalueerd. Het gebruik van één enkel supernetwerk beperkt echter
de diversiteit van oplossingen die kunnen worden gevonden. Daarom experimenteren
we met het gebruik van vijf verschillende supernetwerken om cascades van meerdere
architecturen te creëren, met als doel betere multi-objectieve afwegingen te realiseren
tussen nauwkeurigheid van beeldclassificatie en de computationele last. Ons algoritme,
ENCAS, presteert beter dan state-of-the-art NAS- en cascade-zoekbenaderingen op ver-
schillende datasets.

Onze ervaring met supernetwerken liet zien dat er slechts een beperkte variëteit aan
architecturen kan worden ontdekt, zelfs als meerdere supernetwerken worden overwogen,
wat de aanpak minder aantrekkelijk maakt ondanks de efficiëntie ervan. In Hoofdstuk 3
stellen we een alternatieve, minder beperkende benadering van evolutionaire NAS voor
die relatief efficiënt blijft. Meer specifiek breiden we het Population Based Training (PBT)
EA uit, dat ontworpen is voor het optimaliseren van niet-architectuur-hyperparameters.
PBT bereikt efficiëntie via dynamische optimalisatie: de netwerken worden gedurende
korte tijd getraind voordat slecht presterende oplossingen worden vervangen door ko-
pieën van goed presterende oplossingen, waarbij de hyperparameters worden gekopieerd
en geperturbeerd. De efficiëntie wordt verkregen door verder te trainen vanaf de eerder
gedeeltelijk getrainde gewichten in plaats van steeds vanaf nul te beginnen. Een obstakel
voor het toepassen van PBT op NAS is dat gewichten in het algemeen niet kunnen worden
hergebruikt tussen architecturen. We pakken dit probleem aan door crossover te intro-
duceren, waarbij een nieuwe architectuur wordt gecreëerd door twee goed presterende
architecturen te mengen en de gewichten voor elke operatie in de nieuwe architectuur te
laten erven van de corresponderende ouder. Bovendien worden de gewichten aangepast
(door hun grootte te verkleinen en ruis toe te voegen) om te voorkomen dat ze vastlopen
in lokale optima, terwijl eerdere informatie behouden blijft. Dit verbetert de resultaten
sterk in uitdagende settings van reinforcement learning en beeldgeneratie.

Onze uitbreiding van PBT naar NAS in Hoofdstuk 3 was gebaseerd op de standaard
PBT-algoritme. Er zijn echter verschillende PBT-varianten gepubliceerd, waarvan is
gerapporteerd dat zij de standaard PBT en (een deelverzameling van) elkaar overtreffen.
Aangezien er geen duidelijke vergelijking tussen alle prominente varianten beschikbaar
was, hebben wij in Hoofdstuk 4 zelf een dergelijke vergelijking uitgevoerd. We evalueren
vijf PBT-varianten op een verzameling beeldclassificatie- en reinforcement-learningtaken
en constateren dat geen enkele PBT-variant alle andere consequent kan overtreffen.
Daarnaast tonen we aan dat een deel van de prestatieverschillen kan worden verklaard
door de verschillende mate van greediness die de algoritmen vertonen. We observeren
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verder dat Bayesiaanse PBT-varianten slechtere prestaties kunnen leveren dan zelfs de
standaard PBT, wat kan worden toegeschreven aan de effectiviteit van hun exploratie, die
hen greedier maakt. Door de theorie achter de Bayesiaanse PBT-varianten te analyseren,
constateren we dat zij asymptotisch niet de beste oplossing naderen, zoals eerder werd
verondersteld, maar de oplossing die het meest greedy is.

Een van de bevindingen van Hoofdstuk 4 is dat de stapgrootte van PBT-varianten hun
greediness kan moduleren en hun uiteindelijke prestaties sterk kan beïnvloeden. Nave-
nant ontwikkelen we in Hoofdstuk 5 een PBT-variant die zijn stapgrootte automatisch
aanpast. Met dat doel voor ogen wordt een stagnatiedetectiemechanisme voorgesteld
dat, wanneer geactiveerd, een gedeeltelijke herstart veroorzaakt. Bij zo’n herstart wordt
de stapgrootte vergroot, wordt informatie over eerder verkende hyperparameters ge-
bruikt door een meta-Bayesiaanse optimalisatieprocedure om nieuwe hyperparameters
in te stellen, en worden de gedeeltelijk getrainde gewichten aangepast (vergelijkbaar
met Hoofdstuk 3, door hun grootte te verkleinen en ruis toe te voegen). Het voorge-
stelde algoritme presteert gemiddeld beter dan (of vergelijkbaar met) vijf bestaande
PBT-varianten met getunede stapgroottes en andere baselines op acht beeldclassificatie-
en reinforcement-learningtaken.

In dit proefschrift onderzoeken we hoe hyperparameters efficiënt kunnen worden
geoptimaliseerd, maar elke vorm van optimalisatie brengt kosten en extra complexiteit
met zich mee. Men zou dus kunnen stellen dat de beste hyperparameteroptimalisatie
helemaal geen optimalisatie is. Het vermijden van optimalisatie kan haalbaar zijn onder
specifieke omstandigheden, zoals die in Hoofdstuk 6, waar gedistribueerd leren voor
medische beeldsegmentatie wordt onderzocht. Beeldsegmentatie houdt in dat delen
van een beeld worden gevonden die overeenkomen met specifieke interessegebieden
(bijvoorbeeld menselijke organen in een MRI-scan). Voor medische beeldsegmentatie kan
het moeilijk zijn om een voldoende grote en diverse dataset te verzamelen zonder tegen
privacykwesties aan te lopen. Een gevestigde alternatieve aanpak voor het verzamelen
van gevoelige data is federatief leren, waarbij data wordt gebruikt voor gedistribueerde
training zonder te worden gedeeld. Wij volgen een andere benadering, waarbij syn-
thetische data onafhankelijk bij elk ziekenhuis wordt gegenereerd en vervolgens wordt
samengevoegd om te worden gebruikt voor het pretrainen van een algemeen model. Dit
model wordt vervolgens weer naar elk ziekenhuis verspreid en daar gefinetuned op de
bijbehorende specifieke data. De voordelen van deze aanpak zijn onder meer dat niet alle
ziekenhuizen tegelijkertijd online hoeven te zijn, geen infrastructuur hoeven te delen en
lokale berekeningen niet hoeven te worden herhaald wanneer een nieuwe deelnemer aan
het systeem wordt toegevoegd. De neurale netwerken voor datasynthese en segmentatie
moeten echter bij elk ziekenhuis worden getraind, wat mogelijk menselijke interventie
of automatische hyperparameteradaptatie vereist. We bouwen voort op eerdere metho-
den die bekend staan om hun robuustheid en introduceren een benadering die extra
heuristieken gebruikt voor hyperparameteradaptatie aan de eigenschappen van de data.
Onze aanpak wordt geëvalueerd op drie diverse datasets en blijkt out-of-the-box goed
te presteren, waarbij pretraining op samengevoegde synthetische data de robuustheid
tegen data shifts en de prestaties op uitdagende data verbetert.

Samenvattend richt dit proefschrift zich op efficiënte hyperparameteroptimalisatie
voor deep learning, grotendeels via het ontwerp en de toepassing van EA’s. Zowel de
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optimalisatie van trainingshyperparameters als van de architectuur wordt behandeld,
evenals het aanpassen van hyperparameters zonder optimalisatie. We concluderen dat
evolutionaire principes productief kunnen worden ingezet om hyperparameters en ar-
chitecturen van neurale netwerken efficiënt te optimaliseren, en zo kunnen bijdragen
aan het versnellen van onderzoek en ontwikkeling op dit gebied (wat verder kan worden
ondersteund door het gebruik van hyperparameteroptimalisatie-algoritmen te vereen-
voudigen en ze uit te breiden naar open-ended zoekruimtes en zeer grote modellen).



1
Introduction

Artificial Intelligence (AI) is a broad research field aimed at building artificial systems for
solving problems that would ordinarily require biological or human intelligence. The tech-
nologies resulting from the research in this field are also commonly called “AI”. AI is widely
applied in the modern world, with various forms of it used to diagnose disease (Abrà-
moff et al., 2018; Martinez-Gutierrez et al., 2023), optimize hardware (McDermott, 1982;
Mirhoseini et al., 2021), play games (Campbell et al., 2002; Silver et al., 2018), and address
many other problems (Jordan & Mitchell, 2015).

AI as a technology lacks a strict definition, with the products of different subfields
being more or less synonymous with the term over the course of the last decades. Leaving
aside many aspects of AI, in this thesis we focus on optimization (Section 1.1), learning
(Section 1.2), and using the former to improve the latter (Sections 1.3 and 1.4).

1.1. Optimization
1.1.1. What is optimization?
Optimization entails maximizing (or minimizing) an objective by changing the decision
variables on which it depends. For example, a drug’s efficacy in curing a disease can be
maximized by changing its molecular structure.

Formally, let f : X →R be a function defined over a search space X that may include
categorical, integer, and real-valued variables. A single-objective unconstrained optimiza-
tion problem can be formulated as finding a solution x∗ ∈ X that maximizes the value of f :

x∗ = argmax
x∈X

f (x). (1.1)

Many optimization problems are multi-objective, meaning that several conflicting
objectives need to be optimized jointly. In the drug discovery example, while the drug’s
efficacy should be maximized, the severity and frequency of side effects should be mini-
mized (minimization can be turned into maximization by negating the objective).

Formally, an L-objective optimization problem can be written as follows:

1
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x∗ = argmax
x∈X

f (x) = argmax
x∈X

( f1(x), f2(x), . . . , fL(x)).

Since the objectives are conflicting, no single best solution usually exists, with different
solutions achieving different trade-offs between objectives. However, some solutions
can be strictly better than others, i.e., dominate them. A solution x1 dominates x2 if
∀i ∈ {1 . . .L}, fi (x1) ≥ fi (x2) and ∃i ∈ {1 . . .L} : fi (x1) > fi (x2). Multi-objective optimization
typically produces a set of non-dominated solutions, which is referred to as a trade-off
front (or a Pareto front if it is globally optimal). A visualization is provided in Figure 1.1.
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Figure 1.1: A trade-off front (orange points) for two objectives, with dominated points in
green. The dominated region for one point on the trade-off front is shaded in light green.
The orange line is the border of the space dominated by the points on the trade-off front.

1.1.2. Black-, gray-, white-box optimization
An important factor in optimization is the extent of available information about the
objective function. In Equation (1.1), nothing is assumed to be known about f aside from
the domain of its inputs. Such a scenario is called black-box optimization: in it, f is treated
as an unknown mechanism that produces an output given the inputs. In this case, an
optimization algorithm can only evaluate various inputs (more or less intelligently) until
one corresponding to a satisfactory output is found, or the evaluation budget is exhausted.

If some additional information about f is available, the problem can be cast as gray-
box. A gray-box setting relevant to this thesis is dynamic optimization, where the function
f is additionally parameterized by time t = 1, . . . ,T . The goal is to maximize the final
performance fT (x), but it is possible to partially evaluate x for t ′ < T steps, producing
intermediate results f1(x), . . . , ft ′ (x). If these intermediate results contain useful infor-
mation about the final one, this information could be leveraged by the optimization
algorithm to solve the problem more efficiently.

Finally, white-box optimization describes a setting where everything about the prob-
lem is known and understood. For the case of real-valued inputs and outputs, this entails
that the analytical expression of f is known and a gradient of the objective with respect to
the parameters can be computed. This allows the internal parameters of f to be directly
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adjusted to maximize its value (by following the gradient), making this setting much
more amenable to efficient optimization than black- or gray-box. However, in practice,
the gradients can not always be computed, necessitating usage of black- and gray-box
optimization algorithms.

1.1.3. Classes of optimization algorithms considered in this thesis
Real-valued white-box optimization problems are usually solved via casting them as
minimization problems and using gradient descent or its variants. Gradient descent
minimizes a function that has real-valued inputs by computing the gradient and taking
a small step in the opposite direction: θt+1 = θt −η∇ f (θt ), where t denotes the number
of the step and η is the learning rate that modulates the step size. There is a variety
of improvements to this fundamental algorithm that introduce momentum (Polyak,
1964), efficiently compute second-order derivatives (Broyden, 1970), and include other
changes (Nesterov, 1983; Duchi et al., 2011; Kingma & Ba, 2015).

Bayesian Optimization (BO) algorithms are designed for black-box optimization with
expensive function evaluations. It is typically assumed that only a small number of
evaluations (between 10 and 1000) can be performed. While gradient descent iteratively
improves a single solution, a BO algorithm can choose a new solution to evaluate that is far
from the previous ones. Key concepts of BO are the surrogate (a function approximating
the unknown target function and the uncertainty around the approximation) and the
acquisition function (a function defining for each solution how promising it is as the
next evaluation point). BO operates by fitting the surrogate to the previous evaluation
results, optimizing the acquisition function on the surrogate to find the best next point
to evaluate, evaluating this point, and repeating the process. While efficient in terms
of number of evaluations, BO requires additional computation (to fit the surrogate and
optimize the acquisition function) (Snoek et al., 2012) and can run into difficulties with
high-dimensional problems (Duque et al., 2024) and parallelizability (Song et al., 2024).

In contrast to BO algorithms, Evolutionary Algorithms (EAs) are evolution-inspired
black- and gray-box optimization algorithms that are inherently parallel. In an EA, a
population of several solutions is optimized simultaneously via operations that imple-
ment the two key procedures of EAs: selection and variation. Selection means removing
poorly-performing solutions and propagating well-performing ones. Variation entails
changing a solution, e.g., via random perturbation of the values or via recombining several
solutions. EAs are a good fit for solving multi-objective problems (where the goal is to find
a trade-off front), as they optimize a set of solutions, making them naturally suited to col-
lectively explore different trade-offs between the objectives. EAs have also been shown to
successfully address gray-box, dynamic, expensive, and other problems (Van Veldhuizen
& Lamont, 1998; Branke & Schmeck, 2003; Singh & Deb, 2006; Bouter et al., 2017).

1.2. Learning
1.2.1. What is learning?
Learning is a rather vague concept that evades an exact all-encompassing definition.
For the purpose of this thesis, we rely on the definition of Mitchell (1997): “a computer
program learns from experience E with respect to some class of tasks C and performance
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measure P if its performance at tasks in C , as measured by P , improves with experience
E”. In other words, learning is making use of experience to perform better on a specific
class of tasks.

We restrict the definition from a computer program to a parametric function fθ : X →
Y , where X and Y are the input and the output spaces (that are finite-dimensional and
may include a mix of categorical, integer, and real-valued variables). Performance of fθ
(as measured by P ) is improved by optimizing the model parameters θ.

An important property of a learning problem is that generalization is expected. For
instance, if a system learns to detect a disease in X-ray images, it should make accurate
predictions for new, previously unseen images. Failure to do so while making correct pre-
dictions on the seen inputs is referred to as overfitting. Overfitting can be conceptualized
as rote memorization taking place instead of learning. Thus, excellent performance on
the seen inputs, while being perfectly satisfactory for optimization tasks, is not acceptable
for learning (which motivates its definition referencing a class of tasks rather than one
fixed deterministic task).

Several types of learning are commonly recognized. In supervised learning, a dataset
of N inputs and corresponding outputs is available: D = {(xi , yi )}N

i=1. For example, inputs
can be X-ray images, and outputs can be binary labels indicating presence or absence
of a disease. If outputs are categorical, like in this example, the task is considered to be
classification. A numerical output (e.g., bone age in years) would make the task regression.
In segmentation tasks, the output has the same resolution as the input, with each output
pixel containing information about this location, such as presence of a specific organ.

In each of the above examples, the distribution of X remains the same (the inputs
are X-ray images made in a particular environment on a particular patient cohort) while
Y changes (e.g., specific categories for classification and positive reals within a range of
possible human ages for regression), with the task defining the performance measure
(e.g., accuracy for classification and mean squared error for regression).

A reinforcement learning problem can be conceptualized as an agent observing an
environment (receiving x ∈ X ) and executing actions (producing y ∈ Y ) that affect the
environment, the agent’s observations, and its reward. Typically, an agent learns to
maximize the discounted sum of rewards over the length of an episode (this serves as the
performance measure P ), which encourages pursuing both short- and long-term gains.
An example of reinforcement learning is controlling appendages of a virtual human-
shaped agent that must learn to run with a speed of 10 meters per second, guided by
rewards proportional to the difference between its current speed and the target one.

Besides supervised and reinforcement learning, many other kinds of learning can
be defined, including unsupervised and self-supervised. We refer an interested reader
to Murphy (2022) for further details.

Since generalization is vital for learning, it needs to be carefully measured. In su-
pervised learning, the dataset is often split into training, validation, and test sets1. The
training set is used to update parameters during learning (which is commonly referred to
as “training” the “model” fθ), while the validation set is used to adjust hyperparameters
(e.g., the class of functions to which fθ belongs), and the test set is used to estimate the
generalization performance of the final model.

1The same concept can be applied to, e.g., seeds of a reinforcement learning environment.
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Learning and optimization are connected in many ways. Consider the optimization
algorithms from Section 1.1.3: in BO, fitting a surrogate on observed data is a form of
learning. Similarly, in some EAs, the population can be learned from to improve the
variation operator and therefore the efficiency and effectiveness of the optimization
procedure (Thierens & Bosman, 2011). Both of these examples demonstrate leveraging
learning to improve optimization. On the other hand, optimization lies at the heart of
learning, since parameters θ of fθ are optimized to improve performance P. In this thesis,
the focus is placed on further leveraging optimization to improve learning — specifically,
deep learning.

1.2.2. Deep learning
Deep learning refers to a form of learning where the function fθ takes the form of a many-
layered artificial neural network. Historically, artificial neural networks were inspired
by biological neural networks (Rosenblatt, 1958). However, the modern artificial neural
networks used in the context of AI are not designed to reflect contemporary neuroscien-
tific knowledge. We therefore consider them as mathematical objects and refer to them
simply as “neural networks”.

A neural network is a tuple of (G ,O,Θ) where G is the computational graph (a directed
graph defining the interaction of the inputs and the operations of the network), O is the
list of operations used in the computational graph, andΘ is the list of parameters of all
operations. G and O together are referred to as the architecture of the network. In this
thesis, only architectures corresponding to directed acyclic graphs are considered.

A neural network processes its input by executing the operations within the com-
putational graph. The simplest computational graph is a chain, which corresponds to
sequential execution of the operations. More complex graphs may include divergence
into multiple branches, convergence of multiple branches into one, and skip connections
that funnel the output of an early operation to be the input of a later one (while skipping
intermediate operations) (He et al., 2016).

A typical operation in a neural network is a linear layer that corresponds to a multipli-
cation by a matrix of parameters (also called “weights” of a neural network). Multiplying
an input row vector of N values by a matrix with dimensions (N , M) produces M output
values. This can be conceptualized as M “neurons”, each of which takes N inputs and
multiplies them with its own set of N parameters to produce a scalar output. A linear
layer, then, corresponds to a parallel execution of a single operation (with different pa-
rameters) over all inputs.

Activation functions can be used to introduce non-linearity into the network, thus
increasing its representation capability. An activation function (such as a sigmoid or a
rectified linear unit (Nair & Hinton, 2010)) is applied element-wise to the output of the
preceding layer. Typically, activation functions are interspersed with linear layers. Prior to
the application of an activation function, the activations can be normalized (to improve
learning dynamics) via, e.g., layer normalization (Ba et al., 2016).

The simplicity and the inherent parallelizability of computation within each layer is a
critical idea that contributed to the resurgence and domination of neural networks since
the 2010s, as it enabled efficient implementation on Graphics Processing Units (GPUs),
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which in turn allowed for increasingly large and therefore capable networks to be created
that could learn from increasingly large datasets.

Solving a problem with deep learning requires formalizing the objective, collecting
relevant data (or coding an interactive environment), defining the architecture of the
network, establishing a training procedure, optimizing the parameters according to this
procedure, evaluating the result, and potentially repeating this process. The optimization
of parameters is described in Section 1.3.1, the optimization of architecture is addressed
in Section 1.3.2, and the optimization of hyperparameters is discussed in Section 1.3.3.

1.3. Optimization for deep learning
1.3.1. Optimizing parameters
The parametersΘ of a neural network are typically optimized via gradient-descent-based
methods, since the analytical expression for the network is known and the operations are
chosen to be differentiable. The function to be optimized via gradient descent, commonly
referred to as the loss function, also needs to be differentiable, and thus it may not exactly
correspond to the target performance measure. For example, when classifying images, we
may care about accuracy (that is based on discontinuous counting and therefore is non-
differentiable) but use a differentiable surrogate such as the cross-entropy loss (Good,
1952; Goodfellow et al., 2016).

During training, the loss function ℓ(Θ) is minimized using the gradient computed on
(a random subset of) the training data: Θt+1 =Θt −η∇ℓ(Θt ), where t is the step number,
and η is the learning rate. However, since the task is learning, we generally do not aim
to find parameter values that correspond to minimal training loss. On the contrary, the
training performance can be sacrificed to improve the generalization performance on the
validation and test sets. Introducing methods leading to this is known as regularization,
which can take form of decaying weight values to zero, applying augmentations to inputs
(e.g., randomly rotating images) (Cubuk et al., 2020), and others (Goodfellow et al., 2016).
Regularization techniques essentially bias optimization towards solutions with desirable
properties, such as generalization instead of memorization. For example, weight decay,
by punishing large parameter values, limits the representation power of a network and
therefore its ability to memorize the training data (Goodfellow et al., 2016). Similarly,
image augmentations such as rotations hinder memorization by randomly varying inputs
and pushing optimization to find weights that would make a classifier invariant to these
modifications (e.g., a rotated cat should still be classified as a cat).

Parameter optimization is strongly influenced both by the training hyperparame-
ters (such as the regularization hyperparameters, the specific gradient-based method
used, and its hyperparameters) and the architecture (which defines the parameters to
be optimized in the first place).

1.3.2. Optimizing architecture
As discussed in Section 1.2.2, an architecture of a neural network encompasses both its
computational graph and the operations used within. Therefore, to properly define the
search space for architecture optimization, one needs to specify what options are available
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for both. Architecture optimization is commonly referred to as Neural Architecture Search
(NAS) (Zoph & Le, 2017).

A search space can contain many or few operations, with each being more or less
complex. Real et al. (2020) include many primitive operations into the search space
and allow the algorithm to build upon the useful operations while ignoring the useless
ones. A more restrictive (and more efficient) approach entails pre-selecting higher-level
operations that are widely used in the literature: e.g., Zoph et al. (2018) included different
convolution variants and max pooling into the search space. Finally, a single high-level
pre-determined operation can be the only option, with the search space consisting only
of its parameters (e.g., an inverted residual block (Sandler et al., 2018) was used by D.
Wang et al. (2021b)).

Similar to operations, the computational graphs that are included into a search space
can vary in complexity. In the simplest scenario, the graph can be largely predefined, with
only minor variations allowed, such as searching for the number of times an operation
can be repeated, thus influencing the depth of the network (H. Cai et al., 2020; D. Wang
et al., 2021b). A larger search space can have the global structure of the graph fixed but
consider it to be constructed of “cells” of limited size, within which the operations can be
flexibly connected to each other (Zoph et al., 2018; Real et al., 2019). Finally, no structure
can be predefined, enabling the algorithm to construct code out of the available operators
without restrictions (Real et al., 2020).

The size and complexity of architecture search spaces varies widely. The inherent
trade-off when designing a search space is between the extent to which it is possible
to express any architecture and how difficult or time-consuming it is to find a well-
performing one. More complex search spaces demand more computational resources,
which in the case of NAS can reach tens of thousands of GPU-hours (Zoph & Le, 2017).
Therefore, efficiency is a paramount concern.

To improve the efficiency of NAS, an algorithm that achieves better results with fewer
architecture evaluations can be designed, an evaluation strategy for cheaper estimation
of architecture quality can be developed, or the search space can be modified to be more
amenable to efficient search. Improvements along all these lines have been pursued in
an intertwined manner in the last years.

Initially, a recurrent neural network has been trained to generate architecture specifi-
cations via reinforcement learning based on full training of each architecture (Zoph & Le,
2017). Reducing the cost of evaluation by using proxies (such as training a downscaled
version of the architecture) allowed the application of black-box approaches such as
EAs (Real et al., 2019) and BO (C. Liu et al., 2018). Predicting long-term performance from
short-term results allowed for further improved efficiency (Baker et al., 2018), as did proxy
metrics aiming to estimate architecture quality with no training at all (White et al., 2021).

Another influential evaluation strategy is weight sharing via a supernetwork (Pham
et al., 2018). A supernetwork is a superset of all possible architectures in a search space.
Each specific architecture is a path within the supernetwork. The key idea is that two
different architectures may be using the same operation at the same depth. The weights
of this operation can then be shared between the architectures, saving the computational
effort of independent training from scratch.
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Supernetworks enabled efficient gradient-based NAS by applying a continuous re-
laxation to the search problem (H. Liu et al., 2019). Importantly, this restricts the search
space and the potential architecture diversity, as the operations in the search space have
to be amenable to gradient-based optimization.

Gradient-based supernetwork NAS is typically a “one-stage” process, since the weights
are optimized simultaneously with the architecture. This improves efficiency but further
restricts the kinds of architecture that can be found (since an architecture that initially
performs poorly but could eventually reach the best result is unlikely to be found, as,
based on its initial poor performance, weights associated with its operations are trained
less, if at all).

An alternative two-stage supernetwork NAS approach amounts to pretraining a super-
network without any search, and optimizing the architecture afterwards by a black-box
algorithm leveraging the cheap (with no training required) evaluation of the pretrained
subnetworks (H. Cai et al., 2020). This decoupled procedure allows for better architectures
to be found without unduly biasing the search towards the architectures with good initial
but subpar final performance.

A supernetwork upper-bounds the maximum size of a neural network architecture
that can be found. This naturally predisposes supernetwork NAS to a multi-objective
problem formulation, for example, maximizing performance while minimizing inference
latency (H. Cai et al., 2020; D. Wang et al., 2021b).

Multi-objective supernetwork NAS achieved excellent performance-efficiency trade-
offs (H. Cai et al., 2020; D. Wang et al., 2021b). However, architectures that can be discov-
ered by a supernetwork NAS algorithm remain limited by the chosen supernetwork and
the method used to train it. This motivates the following research question:

Research Question: Chapter 2

Can multiple supernetworks be leveraged to improve performance-efficiency
trade-off fronts of neural networks on image classification tasks?

1.3.3. Optimizing hyperparameters
As mentioned previously, the parameters of a neural network are its weights (that are
optimized during training (via gradient descent)). Hyperparameters define every other
component of the network and its training procedure. Having introduced optimization
of architecture hyperparameters in Section 1.3.2, here we focus on the hyperparameters
of the training process, such as learning rate or input augmentation. Optimization of
architectures, hyperparameters, and any other aspect of a machine learning pipeline
is encompassed by the subfield of Automated Machine Learning (AutoML) (Hutter et
al., 2019).

Traditionally, an algorithm would suggest hyperparameters that would then be used
to fully train a model from scratch (Snoek et al., 2012). The simplest popular algorithm
is grid search, where for each hyperparameter, several potential values are defined, and
then all combinations of values of all hyperparameters are evaluated. Bergstra & Bengio
(2012) showed that for deep learning, random search (where the hyperparameters are
sampled randomly) is preferable. The best overall results with the fewest evaluations can
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be found by BO algorithms (Snoek et al., 2012; Cowen-Rivers et al., 2022), although they
may require careful setup and may struggle with high-dimensional search spaces.

Since some hyperparameter values can lead to poor performance early on, full train-
ing is not always necessary. As such, hyperparameter optimization can be cast from a
black-box problem where only the final performance is optimized to a gray-box problem
where performance at intermediate time points is available. Algorithms leveraging this
information are commonly referred to as “multi-fidelity” algorithms (as the interme-
diate performance is only a partially precise estimate of the final performance) (Won
et al., 2025). For example, in successive halving (Jamieson & Talwalkar, 2016), many
networks are trained in parallel with different hyperparameters for a short time. The
worst-performing fraction of them (half by default) is discarded, while the remaining
networks continue training for twice as long, after which the procedure is repeated. Ex-
tensions of successive halving introduce asynchrony (Liam Li et al., 2020) and improved
hyperparameter sampling via BO (Falkner et al., 2018) or EAs (Awad et al., 2021).

Multi-fidelity algorithms leverage information about intermediate results for effi-
ciency but can produce only static hyperparameter values: one value per hyperparameter
for the entire training run. However, dynamically changing hyperparameters has been
shown to greatly improve performance in some settings (Loshchilov & Hutter, 2017; Tan &
Le, 2021). Population Based Training (PBT) (Jaderberg et al., 2017) is an algorithm that is
capable of efficiently optimizing hyperparameter values in a dynamic manner.

PBT is a gray-box EA that leverages information about intermediate performance
differently to how multi-fidelity algorithms do it. PBT starts with multiple networks with
different hyperparameters (a population) trained in parallel for several steps. After evalu-
ation, a specific fraction of the worst-performing networks is discarded. Crucially, their
weights are replaced with the partially-trained weights of well-performing networks, after
which new hyperparameters are created by copying and perturbing the hyperparameters
of these networks. The weight reuse leads not only to increased efficiency but also to an
ability to optimize a schedule, since the partially-trained weights continue to be trained
with modified hyperparameters. Thus, during the course of optimization, the weights
are trained with an evolving schedule of hyperparameters.

PBT achieved excellent results in various hyperparameter optimization scenarios
(Jaderberg et al., 2017). Yet by its nature, it is not directly applicable to architecture op-
timization, since it is not clear how the partially-trained weights could be reused in a
new architecture (as it may contain a previously-unused operation requiring weights
that are incompatible with the partially-trained ones). Several methods have been pro-
posed (Franke et al., 2021; Wan et al., 2022) that were limited to relatively simple search
spaces (i.e., including only a few options for architectures of no more than five layers) and
reinforcement learning tasks, prompting us to pose the following research question:

Research Question: Chapter 3

Can PBT be extended from the optimization of training hyperparameters to
general-purpose NAS in challenging search spaces?

In the context of optimizing hyperparameters of the training procedure, PBT has
been extended in multiple ways. For instance, increasingly intricate BO components
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have been introduced (Parker-Holder et al., 2020; Parker-Holder et al., 2021; Wan et al.,
2022). Another extension, FIRE-PBT (Dalibard & Jaderberg, 2021), combats the greediness
of PBT by introducing several subpopulations in which an objective function targeting
long-term performance is optimized. Unfortunately, PBT variants have not always been
clearly compared to each other: the selection of algorithms to compare to, as well as the
underlying tasks to compare on, has not stayed consistent across publications, causing
difficulties in understanding relative performance of the algorithms. To address this issue,
the following research question is posed:

Research Question: Chapter 4

How do the PBT variants perform relative to each other on image classification
and reinforcement learning tasks, and what are the limitations of these algo-
rithms?

Step size is an important hyperparameter of any PBT variant: it defines for how many
parameter optimization steps the underlying model is trained before it is evaluated and
potentially replaced. Setting the step size too small could increase algorithm greediness
while setting it too large reduces how much optimization an algorithm can do. The lack of
a clear general rule of how to set this hyperparameter reduces efficiency and applicability
of PBT variants, as potentially repeated execution of the algorithm with different step
sizes can be required. This motivates us to ask:

Research Question: Chapter 5

Can a PBT variant be developed where the step size is automatically adjusted
within a single run in an efficient manner?

1.4. Distributed learning via synthetic data
Deep learning requires data to succeed, with larger datasets leading to better perfor-
mance (C. Sun et al., 2017). However, some kinds of data may be difficult to collect and
utilize. An important case where data exists but is not straightforwardly available for
learning is privacy-sensitive data, such as medical images in hospitals (Rieke et al., 2020).
Access to this data is gated by bureaucratic procedures that can be difficult to overcome,
thus reducing innovation and slowing down progress in finding cures and improving care.

The standard approach of making use of such data is federated learning (Konečný
et al., 2016; Rieke et al., 2020; Adnan et al., 2022). In federated learning, a neural network
is trained in a distributed way by simultaneously utilizing data in multiple locations
to update the weights. Instead of sharing the original data, the weights of the models
(or their gradients) are shared. Downsides of federated learning include the necessity
of shared infrastructure and overall coordination between all the participants. At the
same time, privacy concerns remain, as even gradients may leak enough information
to reconstruct private data (Zhu et al., 2019).

A promising alternative is sharing synthetic data that faithfully reproduces important
properties of real data while not inducing privacy risks (Goncalves et al., 2020). For a
multi-site collaboration (where a site is, e.g., a medical center), synthetic data could be
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independently and asynchronously generated at each site, and shared, allowing the data
to be combined and utilized to train a more capable deep learning model than each
site could on its own without requiring shared infrastructure for synchronous federated
learning.

In order to create a synthetic dataset at each site, an appropriate generative network
needs to be trained on the local data. This is likely to require adapting hyperparameters
to the characteristics and the quantities of the available data. However, small dataset
sizes and limited computation power at each site can make hyperparameter optimization
infeasible (due to overfitting and computational requirements, respectively). However,
hyperparameter optimization is merely a tool for automatically adjusting hyperparam-
eters, not an end goal in itself. Arguably, the most efficient optimization is the one that
is not run. Thus, the potential importance of automatic hyperparameter adaptation
for distributed learning via synthetic data prompts us to pose the following, and final,
research question in this thesis:

Research Question: Chapter 6

Can a distributed and asynchronous learning system based on synthetic data
be constructed that would be applicable to varying types and quantities of data
without manual hyperparameter adjustment?
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Evolutionary Neural Cascade
Search across Supernetworks

To achieve excellent performance with modern neural networks, having the right
network architecture is important. Neural Architecture Search (NAS) concerns
the automatic discovery of task-specific network architectures. Modern NAS ap-
proaches leverage supernetworks whose subnetworks encode candidate neural
network architectures. These subnetworks can be trained simultaneously, remov-
ing the need to train each network from scratch, thereby increasing the efficiency
of NAS.

A recent method called Neural Architecture Transfer (NAT) further improves the
efficiency of NAS for computer vision tasks by using a multi-objective evolutionary
algorithm to find high-quality subnetworks of a supernetwork pretrained on Ima-
geNet. Building upon NAT, we introduce ENCAS — Evolutionary Neural Cascade
Search. ENCAS can be used to search over multiple pretrained supernetworks
to achieve a trade-off front of cascades of different neural network architectures,
maximizing accuracy while minimizing FLOPs count.

We test ENCAS on common computer vision benchmarks (CIFAR-10, CIFAR-100,
ImageNet) and achieve Pareto dominance over previous state-of-the-art NAS mod-
els up to 1.5 GFLOPs. Additionally, applying ENCAS to a pool of 518 publicly avail-
able ImageNet classifiers leads to Pareto dominance in all computation regimes
and to increasing the maximum accuracy from 88.6% to 89.0%, accompanied by an
18% decrease in computation effort from 362 to 296 GFLOPs.

The contents of this chapter are based on the following publication: Alexander Chebykin, Tanja Alderliesten &
Peter A. N. Bosman. 2022. Evolutionary Neural Cascade Search Across Supernetworks. In GECCO ’22: Genetic
and Evolutionary Computation Conference, Boston, Massachusetts, USA, July 9 - 13, 2022, 1038–1047. ACM.
https://doi.org/10.1145/3512290.3528749.
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2.1. Introduction
In recent years, deep neural networks have been successfully applied in domains ranging
from text summarization (Brown et al., 2020) to medical image segmentation (Isensee
et al., 2021). Much of this success has been enabled by task-specific neural network
architectures that are designed manually while making use of expert knowledge. The
research direction of Neural Architecture Search (NAS) (Zoph & Le, 2017) has the goal of
making architecture design automatic and data-driven. Tremendous progress has been
made since the first approaches: performance of the found models improved (H. Liu
et al., 2019; Sharma et al., 2020), their size decreased (Pham et al., 2018; Dong & Yang,
2019a) (smaller models usually work faster and require less storage space), and the search
process itself became much more efficient (with required GPU-hours decreasing from
tens of thousands (Real et al., 2019) to single-digit numbers (Stamoulis et al., 2019)).

These search efficiency gains can mostly be attributed to the idea of weight sharing
via a supernetwork (Pham et al., 2018) (with performance prediction (Baker et al., 2018;
White et al., 2021) also playing a role). Instead of training the weights of each candidate
architecture from scratch, a supernetwork is constructed such that each architecture in
the search space is a subset of the supernetwork (see Figure 2.1). To evaluate the quality
of an architecture, the weights of the relevant part of the supernetwork are copied. With
various architectures potentially sharing the same operations (e.g., convolution (LeCun,
Bengio, et al., 1995), attention (Bahdanau et al., 2015)), the amount of training needed
decreases drastically.

However, by requiring that each architecture is a path within a supernetwork, the
supernetwork approach inherently limits the diversity of architectures that can be pro-
duced. Thus, the manual choice of which supernetwork to use for the automated NAS
procedure plays a large role, as it restricts the search space before the search algorithm
even starts. With the growing number of available supernetworks, the issue of choosing
the supernetwork is becoming increasingly important, and yet, to the best of our knowl-
edge, there exists no method taking it into account.

There are many ways to improve neural network performance that are different from
NAS. Ensembling (Rokach, 2010) is one such technique that involves passing the same
input through several different models and combining their predictions to get a better
final prediction. It has been shown to work well if the models’ mistakes are indepen-
dent (Esposito & Saitta, 2003), which is helped by the models being different from each
other (Wichard et al., 2002). NAS has been used (M. Chen et al., 2021a; Zaidi et al., 2021)
to produce models that together make a good ensemble. Modern supernetwork-based
approaches seem very fitting to this purpose because they do not incur additional training
costs for ensembles of arbitrarily large size (once a supernetwork is trained, weights for
trained subnetworks can be extracted from it and used without additional retraining1).

Cascading (Viola & Jones, 2001) is a particular case of ensembling with the focus on
efficiency: whereas an ensemble requires that every input is processed by every model,
a cascade proceeds in a sequential manner, invoking a larger model only if the predic-
tions of smaller models are not confident enough (judged by the confidence function,
see Section 2.2.3 for details). Thus, easy inputs consume less computational resources,

1This holds for modern state-of-the-art approaches (H. Cai et al., 2020; Sharma et al., 2020; D. Wang et al., 2021b)
but does not hold for all, especially older, approaches (H. Liu et al., 2019; Stamoulis et al., 2019).
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Figure 2.1: A schematic of a generic supernetwork.

while harder inputs can still be predicted well by utilizing every model in the cascade.
Despite the potential of cascades to produce efficient and effective models, they remain
underexplored in the context of deep learning (X. Wang et al., 2020), and in particular no
work has yet been done on combining NAS with cascade search.

To perform any kind of NAS, efficient search algorithms are indispensable. Evolution-
ary Algorithms (EAs) are particularly fit to the task, as they do not require the search space
to be continuous, are known to solve real-world problems efficiently (Chiong et al., 2012),
and excel in solving multi-objective and dynamic problems (Van Veldhuizen & Lamont,
1998; Branke & Schmeck, 2003; Singh & Deb, 2006).

Driven by the observations above, in this chapter we present an algorithm called
Evolutionary Neural CAscade Search (ENCAS). ENCAS is supernetwork-based and de-
signed to take advantage of various pretrained supernetworks. ENCAS can search over a
user-specified set of arbitrary supernetworks that may have e.g., different operations or
numbers of layers (the only restriction being that subnetworks extracted from a super-
network require no retraining). Our algorithm is multi-objective with the goal of finding
models on the optimal effectivity-efficiency trade-off front.

The main contributions of the chapter are threefold:

• This work is the first to research the combination of NAS and cascades.

• This work is the first to investigate the feasibility of using several different supernet-
works in NAS. We explore whether the additional diversity they provide is helpful
for creating cascades.

• The ENCAS algorithm is introduced to search for efficient and effective cascades.
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2.2. Related work
2.2.1. Neural architecture search
The first methods to learn neural network architectures trained each candidate archi-
tecture from scratch, taking tens of thousands of GPU hours (Zoph & Le, 2017). Pham
et al. (2018) introduced the ideas of weight sharing and supernetworks, which drastically
decreased search costs. Multiple algorithms followed, most famously DARTS (H. Liu
et al., 2019) that reformulated the problem of operation selection as a continuous one,
achieving great efficiency.

However, supernetwork weights were discarded after NAS, with the final model being
retrained from scratch (because it led to better results). This becomes costly when more
than one model is required, e.g., considering both server-based and smartphone-based
deployment. OnceForAll (OFA) (H. Cai et al., 2020) introduced an algorithm for training
supernetwork weights such that they could be used in extracted subnetworks without
any further training. AttentiveNAS (D. Wang et al., 2021b) and AlphaNet (D. Wang et al.,
2021a) introduced training techniques that lead to even better performance (albeit using
a different search space).

Neural Architecture Transfer (NAT) (Lu et al., 2021) is an approach for fine-tuning
a pretrained supernetwork for smaller datasets. The key difference from the previous
approaches is that the architectures are adapted together with the weights in a multi-
objective search procedure, trading off size and accuracy. The main idea is training only
subnetworks close to the currently known trade-off front. To this end, a population of
networks is evolved by Non-dominated Sorting Genetic Algorithm III (NSGA-III) (Deb
& Jain, 2013), a prominent many-objective EA. In this work, we aim to reproduce and
to build upon NAT. It should be noted that NAT uses two sets of supernetwork weights
that share the same search space2; in contrast, in this work we are primarily interested
in supernetworks that represent different search spaces.

2.2.2. Search for architectures of neural ensembles
Neural Ensemble Search (Zaidi et al., 2021) (NES) is the first approach to search architec-
tures of neural ensembles. It trained multiple networks separately, without weight sharing.
The follow-up work, Multi-headed Neural Ensemble Search (MH-NES) (Narayanan et al.,
2021), utilizes weight sharing by having different ensemble members share first layers
of the network. MH-NES achieves gains in robustness, search efficiency and model effi-
ciency. Neural Ensemble Architecture Search (NEAS) (M. Chen et al., 2021a) is a similar
approach with the key idea of gradual removal of the least promising operations from
the supernetwork.

Neural Ensemble Search via Sampling (NESS) (Shu et al., 2021) is supernet-based but
does not require the ensemble models to have the same first layers. For this, a supernet-
work is first trained, then subnetworks are sampled via novel sampling algorithms.

Our algorithm, ENCAS, substantially differs from all the ones discussed above. Firstly,
ENCAS searches for architectures of cascades, for which no prior work exists (to the best
of our knowledge). Secondly, ENCAS is truly multi-objective, with a single run producing

2This was not clear to us from (Lu et al., 2021), but it was explained to us in private communication with the
authors.
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multiple networks on a trade-off front of model size and performance, whereas NES,
MH-NES, and NESS do not directly optimize model efficiency; NEAS uses model size as
a constraint in single-objective optimization, which thus needs to be run once for each
target model size. Thirdly, none of the existing algorithms take advantage of pretrained
supernetworks, while we purposefully design our algorithm to rely on them, bearing in
mind that pretraining plays a huge role in the success of deep learning approaches (Don-
ahue et al., 2014). Finally, all existing algorithms require the user to specify the ensemble
size in advance. Our algorithm has the maximum cascade size as a hyperparameter,
meaning that it can output cascades with fewer networks if adding more networks does
not improve performance.

2.2.3. Cascades of neural networks
As mentioned, cascading is a way of efficiently combining multiple available models.
It requires the user to choose a confidence function and confidence thresholds. The
confidence function estimates how confident a model is in its prediction for a specific
input. An example of that could be the maximum predicted probability or the gap between
the largest and the second-largest logit values (Streeter, 2018). The confidence thresholds
are used to decide when to stop evaluation and to return the current output. A cascade
operates sequentially in the following way: the current model makes a prediction and a
confidence value for it is determined by the confidence function; if this value is above
the confidence threshold for the current model, the cascade is terminated, otherwise the
process is repeated for the next model. Note that the output of a cascade can be either
the output of the last used model (Streeter, 2018) (i.e., the outputs of unconfident models
are discarded), or the averaged outputs of all the used models (X. Wang et al., 2020). We
follow X. Wang et al. (2020) in using the averaged outputs.

Cascades are popular in machine learning (Kukenys & McCane, 2008; Z. Xu et al.,
2014), but in deep learning there are only a few works utilizing them (Angelova et al.,
2015; Z. Cai et al., 2015). Recently, X. Wang et al. (2020) pointed out that cascades can
dominate single models in terms of performance, efficiency, and training time. Cascades
of X. Wang et al. (2020) were constructed via an exhaustive search of a small search space
of predefined networks.

GreedyCascade (Streeter, 2018) achieved good results by designing an efficient greedy
algorithm for cascade selection from a somewhat larger number of networks. Greedy-
Cascade has a fundamental limitation: by construction, it cannot produce a cascade
that would perform better than the best model in the model pool. Our algorithm does
not have this limitation in its design. In addition, GreedyCascade scales quadratically
in the number of networks.

Our algorithm searches in a search space that is substantially larger than ever used
before for cascade search (it contains hundreds of networks instead of dozens). Also,
ENCAS is multi-objective and requires only a single run to create the trade-off front,
unlike the exhaustive search procedure of X. Wang et al. (2020).

2.2.4. Evolutionary algorithms
An EA is a population-based optimization algorithm that relies on the ideas of (1) fitness-
based selection and (2) variation (most often mutation and crossover, i.e., information
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transfer between solutions in the population). EAs achieve SOTA results on a variety of
benchmark and real-world problems (Chiong et al., 2012; Bouter et al., 2019; Petchrompo
et al., 2022).

In this work, we use NSGA-III (Deb & Jain, 2013) (as part of NAT) and the Multi-
objective Gene-pool Optimal Mixing Evolutionary Algorithm (MO-GOMEA) (Luong et
al., 2014). NSGA-III relies on non-dominated sorting and pre-supplied reference points
to keep the population spread-out in the objective space. The two key ideas behind
MO-GOMEA are linkage learning (which leads to dependent variables being exchanged
between solutions as a single group) and Gene-pool Optimal Mixing (which ensures that
crossover always leads to a fitness improvement). Since we use the algorithm without
any modifications, we refer the interested reader to (Thierens & Bosman, 2011; Luong
et al., 2014) for details. We choose to use this algorithm because it performs well in many
problems (Luong et al., 2015; Rodrigues et al., 2016) and because it does not require
setting any hyperparameters (such as population size, crossover type, or mutation rate).

2.3. Methods
2.3.1. Searching for cascades of dynamic size
Let us assume that a supernetwork has been trained via the NAT procedure. In addition
to the supernetwork weights, the procedure generates a trade-off front of network archi-
tectures. The architectures from this front will be used in ENCAS.

Creating a cascade of a specific size out of a predefined model pool comes down to
selecting the appropriate sequence of models and their confidence thresholds. Let us
focus on the models first. Each out of N models can be encoded as a categorical value
1..N . To consider cascades with fewer models (or even a single model), we add the value
0 to encode a "no operation" model — a model that does nothing. Then, a solution to
the problem of searching for a cascade of maximum size k can be encoded as a list of k
values, each ranging from 0 to N . In the interest of robustness we do not search for the
weights of the models in the cascade, and take a simple average of their outputs instead.

As to the confidence threshold values, they are encoded as k −1 additional categorical
variables. In our experiments we use 51 possible values from 0.0 to 1.0 with step size 0.02.
If all thresholds are equal to 1, the cascade becomes an ensemble, since the confidence of
any model will always be smaller than 1, and thus all the models will be used.

A visual representation of a solution can be seen in Figure 2.2.
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Figure 2.2: Representation of a solution for ENCAS.

To evaluate a solution, every subsequent model is used to only update probabilities
of inputs for which previous models were not confident (once the confidence for an
input is above the current threshold, cascading stops). The final probabilities are used as
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cascade predictions to evaluate its performance. The FLOPs of a cascade are computed
as a weighted sum of the FLOPs of all the models in the cascade, where each weight
is the fraction of the total number of inputs that this model was used on. Since the
models in the model pool are known in advance, their outputs on the validation set can
be precomputed, which leads to fast search times of under 1 GPU-hour even on a large
dataset (e.g., ImageNet) and with hundreds of base models to choose from.

Note that this approach is trivial to extend to multiple supernetworks by adding the
models from the trade-off fronts of all the supernetworks to the model pool. Since the
algorithm relies on network outputs, the problem of different supernetworks having
different operations is side-stepped.

Any multi-objective search algorithm can be run to maximize validation accuracy
and minimize FLOPs. We use MO-GOMEA (Luong et al., 2014). Pseudocode of ENCAS
is listed in Algorithm 2.1.

Algorithm 2.1 ENCAS

Input: Supernetworks {Si }, possible thresholds {ti }, maximum cascade size k

1: model_pool = { }
2: for Si in {Si } do
3: trade_off_fronti = NAT(Si )
4: model_pool = model_pool ∪ trade_off_fronti

5: fitness_func = make_fitness_func(model_pool, {ti }, k)
# make_fitness_func defines the procedure for decoding and encoding the values (see
Figure 2.2), and for evaluating a solution, i.e., a cascade (see Section 2.2.3).

6: cascades = MO-GOMEA(fitness_func)
7: return cascades # the trade-off front

Empirically, we observed that ENCAS finds hundreds of cascades. To reduce that
number and to combat overfitting, the trade-off front found by ENCAS is filtered: we
traverse the non-dominated front from least accurate to most accurate cascades, and a
cascade is kept if its accuracy on the validation set after rounding to the first significant
digit is higher than the accuracy of the previous cascade.

In ENCAS, only the models from the trade-off front of each supernetwork are consid-
ered. This means that ENCAS works with models that are very good on their own, but it
also means that it cannot create cascades of models that might be subpar individually
but extremely good together. Models with weights that complement each other in this
way may not even exist in separately-trained supernetworks, so ideally the training of
a supernetwork and the cascade search should happen simultaneously. To investigate
whether this idea is feasible, we construct a version of ENCAS called ENCAS-joint (indi-
cating that training and search are performed jointly).

ENCAS-joint extends NAT to training several different supernetworks simultaneously.
Whereas in NAT a solution represents an architecture of a single model, in ENCAS-joint
a solution represents architectures of all the models in a cascade, their target positions,
and the threshold values. Confidence thresholds are restricted to 10 possible values from
0.1 to 1.0 with step size 0.1 to decrease the search space size; the confidence threshold of
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Figure 2.3: Representation of a solution in ENCAS-joint.

the last network is not used. These per-supernetwork representations are concatenated
to encode the whole cascade. Figure 2.3 visualizes the encoding.

Note that our encoding of the order of the networks is generally inefficient (i.e., a
permutation would be more efficient), but since we use a small number of supernetworks
(5), the number of possible orderings is quite small, and our Cartesian encoding should
suffice.

Before evaluating a cascade, the networks are ordered (with ties broken arbitrarily),
after which the cascade is evaluated as usual. NAT requires defining a surrogate that
predicts the fitness of an architecture. To extend this to multiple supernetworks in a simple
way, we create such a surrogate for each supernetwork used, and an additional surrogate
that combines outputs of supernetwork-wise surrogates for a prediction for the whole
cascade. Yet another surrogate is used to estimate the FLOPs count for a cascade from
FLOPs of individuals models, target positions, and thresholds (this is necessary because
changing thresholds or the order of networks impacts not only its performance but also
the FLOPs count). Each of the surrogates is a Radial Basis Function (RBF) (Broomhead
& Lowe, 1988) ensemble, the same as in NAT.

Each supernetwork is trained separately based on which subnetworks from it are
present in the population. In order not to disadvantage supernetworks that might require
more training to achieve good accuracy, we train all the supernetworks for an equal
number of steps. To avoid tuning hyperparameters of NSGA-III to the new scenario, we
exchange it for MO-GOMEA, for which no hyperparameters are tuned.

Note that this approach has a limitation of not allowing a cascade to contain several
models from the same supernetwork. Therefore, it is possible to further improve results
by running ENCAS on the supernetworks trained by ENCAS-joint (we refer to this combi-
nation as ENCAS-joint+). In the next section we compare all versions of our algorithm.

2.4. Experiments
We conduct experiments on established computer vision benchmark datasets: ImageNet
(ILSVRC2012) (Russakovsky et al., 2015), CIFAR-10 (Krizhevsky & Hinton, 2009), and
CIFAR-100 (Krizhevsky & Hinton, 2009). In our experiments, we consider the bi-objective
problem of maximizing top-1 accuracy while minimizing the FLOPs count. Note that
hyperparameter selection and all search procedures were performed on the validation
subsets, while the experimental results are reported on the test sets. This means that a
trade-off front that is monotonous when evaluated on the validation set often becomes
non-monotonous when evaluated on the test set. Since one should not use the test
set to select models, we show all the models, even if they are dominated once the test
accuracy is considered.



2.4. Experiments

2

21

The validation sets for CIFAR-10 and CIFAR-100 consist of 10,000 images randomly
split off from the training set (that contain 50,000 images; test sets contain 10,000 images).
For ImageNet, we rely on the pretrained networks that use the whole training set and
report the results on the ILSVRC2012 validation set, as is established practice, since the
true test set is not publicly available. Images seen during training cannot be used during
the search because their activations have different statistics (Streeter, 2018), and for
comparability our results should be reported on the ILSVRC2012 validation set (which
is treated as the test set). As the actual validation set, we therefore used 20,683 images
from ImageNetV2 (Recht et al., 2019), which is a dataset designed to match the ImageNet
collection procedure as closely as possible3. We would prefer to avoid using this additional
data, but cannot; as the number of these images is only 1.6% of the ImageNet training set
size, we assume that the unfair advantage we gain by using it is negligible.

We use the normalized hypervolume indicator (Zitzler et al., 2003) as a metric of the
quality of a trade-off front (see Appendix 2.E for details). Every experiment is run 10
times, mean and standard deviation are reported. We plot the median run (in terms of
hypervolume), along with a shaded area delimited by the worst and best fronts achieved
over all the runs. Appendix 2.A contains our hyperparameters. Search time is measured
on a single Nvidia 2080TI GPU. For statistical testing we use the Wilcoxon signed-rank
test (Wilcoxon, 1992) with Bonferroni correction (Dunn, 1961) (target p-value=0.01, 20
tests, corrected p=0.0005, mentions of statistical significance in the text imply smaller
p, all p-values are reported in Appendix 2.F).

Our code is public4. We have worked with our own implementation of NAT because
we did not have access to the authors’ code of NAT that was used for the NAT article.

We are interested in utilizing pretrained supernetworks, as training one from scratch
takes on the order of thousands of GPU-hours (H. Cai et al., 2020). Unfortunately, many
papers do not release either code or pretrained weights. As more supernetworks become
available in the future, the value of searching across supernetworks should only increase.

In our experiments we rely on five different supernetworks pretrained on ImageNet:
AttentiveNAS (D. Wang et al., 2021b), AlphaNet (D. Wang et al., 2021a), ProxylessNAS (H.
Cai et al., 2019), OFA-w1.0 (H. Cai et al., 2020), OFA-w1.2 (H. Cai et al., 2020). All of them
are built from inverted residual blocks (Sandler et al., 2018). Moreover, ProxylessNAS, OFA-
w1.0, OFA-w1.2 have the same search space, with only width multipliers being different
(to get the actual number of neurons in a layer, the base number of neurons is multiplied
by the width multiplier). AttentiveNAS and AlphaNet are from the same search space,
but the weights were trained via different approaches.

To adapt a supernetwork to CIFAR-10 and CIFAR-100, we apply the NAT procedure
for each supernetwork separately. This produces trade-off fronts of models, which in the
following sections will be used for cascade construction. For CIFAR-10 and CIFAR-100 we
also reproduce NAT with its original hyperparameters using OFA-w1.0 and OFA-w1.2 (due
to computational constraints, we do not reproduce NAT for ImageNet). For ImageNet,
there is no need to further update the weights, however the trade-off front still needs to

3ImageNetV2 contains three sets of 10,000 images that were collected slightly differently, we use images from all
three sets: removing duplicates gives 20,683 images.

4https://github.com/AwesomeLemon/ENCAS

https://github.com/AwesomeLemon/ENCAS
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Figure 2.4: Results of running NAT (Lu et al., 2021) with different supernetworks on CIFAR-
10, CIFAR-100, and ImageNet.

be found. For this reason, we run a version of NAT with no training and no reevaluation
of the already evaluated networks.

Results of using NAT with each supernetwork are presented in Figure 2.4. It can be seen
that the choice of the supernetwork impacts the resulting trade-off front significantly, with
supernetworks that perform better on ImageNet also performing better on CIFAR-10 and
CIFAR-100, as expected (Kornblith et al., 2019). Additionally, our reproduced NAT achieves
results inferior to those reported by Lu et al. (2021), even after we introduced changes
that were not in the article but suggested by the authors in private communication (see
Appendix 2.A). This prompted us to look for better hyperparameters, which are used in
all our experiments (including those in Figure 2.4). With these hyperparameters, search
time is 30 GPU-hours for OFA-w1.0, OFA-w1.2, or ProxylessNAS, and 45 GPU-hours for
AlphaNet or AttentiveNAS.

2.4.1. Cascading best NAT results
Figure 2.5 and Tables 2.1, 2.2, 2.3 show that using ENCAS on the NAT results with the single
best supernetwork leads to the models on the fronts becoming more efficient across all
datasets, with hypervolumes increasing (statistically significant; difference in maximum
accuracy is not statistically significant). Visually, the effect is small on ImageNet, and
noticeable on CIFAR-10 and CIFAR-100.

2.4.2. Cascading all NAT results
The next question is whether using supernetworks other than the best one will improve
the results of ENCAS. As shown in Figure 2.5, the results are strongly improved, with the
differences in hypervolume and maximum accuracy to the best NAT baseline (and to
ENCAS with 1 supernetwork) being statistically significant. We hypothesize that inclusion
of better and more diverse supernetworks would make the gap even larger. Search time
of ENCAS is 1 GPU-hour (with approximately 300 base models). Since we report all the
cascades found by ENCAS (several dozen), we do not name them, but for the ease of
reference we name a subset (see Appendix 2.D).
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Figure 2.5: Comparing ENCAS to the baselines.

Table 2.1: ImageNet performance. “HV” denote hypervolume, “acc.” denotes top-1
accuracy. The method producing the highest accuracy is in bold.

Method HV Max acc. Max MFLOPs

EfficientNet B0–B3 (Tan & Le, 2019) 0.464 81.6 1800
EfficientNet C0–C3 (X. Wang et al., 2020) 0.482 82.2 1800
MobileNetV3 (Howard et al., 2019) 0.396 76.6 350
OFA (#75) (H. Cai et al., 2020) 0.451 80.0 595
NEAS (M. Chen et al., 2021a) 0.458 80.0 574
NSGANetV2 (Lu et al., 2020) 0.477 80.4 593
AlphaNet (Sharma et al., 2020) 0.490 80.8 709
BigNAS (J. Yu et al., 2020) 0.480 80.9 1040
NAT (best) (Lu et al., 2021) 0.506±0.001 81.69±0.02 1962±33

GreedyCascade (Streeter, 2018) 0.520±0.002 81.72±0.11 927±36

ENCAS (1 supernet) 0.509±0.001 81.78±0.05 1929±424

ENCAS (5 supernets) 0.537±0.001 82.72±0.10 2616±221

2.4.3. Comparison to SOTA
We compare ENCAS with the SOTA cascade search algorithm GreedyCascade (Streeter,
2018) by applying it to the same model pool. As can be seen in Figure 2.5, ENCAS matches
the performance of GreedyCascade for smaller FLOPs on all datasets, and can find cas-
cades with better accuracy than the best baseline model, which GreedyCascade cannot
do. Note that the runtime of both algorithms (under 1 hour) is negligible in comparison
to the supernetwork adaptation time (tens of hours). Differences in hypervolume and
maximum accuracy between ENCAS and GreedyCascade are statistically significant.

Our results are also compared with those of previous efficient NAS algorithms (see Ta-
bles 2.1, 2.2, 2.3). Figure 2.6 shows that the trade-off fronts produced by ENCAS dominate
other NAS approaches under 1.5 GFLOPs across the datasets. But it can also be seen that
for CIFAR-100 while ENCAS is on par with EfficientNet-B0 to B2, it is outperformed by B3,
even though the supernetworks we use outperform EfficientNet B0 to B3 on ImageNet.
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Table 2.2: CIFAR-100 performance. “HV” denotes hypervolume, “acc.” denotes top-1
accuracy. The method producing the highest accuracy is in bold.

Method HV Max acc. Max MFLOPs

EfficientNet B0–B3 (Tan & Le, 2019) 0.664 89.9 1800
NSGANetV2 (Lu et al., 2020) 0.658 88.3 796
GDAS (Dong & Yang, 2019b) — 81.87 519
SETN (Dong & Yang, 2019a) — 82.75 722
NAT (reproduced) (Lu et al., 2021) 0.523±0.012 81.53±0.54 682±298

NAT (best) (Lu et al., 2021) 0.659±0.004 87.94±0.23 1277±287

GreedyCascade (Streeter, 2018) 0.665±0.005 87.25±0.25 341±30

ENCAS (1 supernet) 0.663±0.005 88.09±0.21 1051±353

ENCAS (5 supernets) 0.699±0.003 88.96±0.17 1401±420

ENCAS-joint 0.681±0.005 88.55±0.19 6678±1735

ENCAS-joint+ 0.701±0.005 89.10±0.22 1750±418
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Figure 2.6: Comparing ENCAS with SOTA NAS algorithms.

This may occur because training an individual network is much easier than training a
supernetwork (in our experience, training a supernetwork is hard due to subnetworks
having to share both weights and hyperparameters).

Note that we do not compare search times of different algorithms because the cor-
responding publications often report times that are not comparable due to e.g., using
different hardware, not accounting for supernetwork training or final network retraining
time. A fair comparison would require us to run all the algorithms, for which we lack
compute. For future reference, the runtime associated with each part of our pipeline is
mentioned in the section describing it.

2.4.4. Joint training and cascade search
Is joint weight training and search of cascade architectures beneficial? In Figure 2.7 we can
see that ENCAS-joint finds a trade-off front that is worse than the one found by ENCAS.
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Table 2.3: CIFAR-10 performance. “HV” denotes hypervolume, “acc.” denotes top-1
accuracy. The method producing the highest accuracy is in bold.

Method HV Max acc. Max MFLOPs

EfficientNet B0–B2 (Tan & Le, 2019) 0.863 98.4 1000
NSGANetV2 (Lu et al., 2021) 0.904 98.4 468
GDAS (Dong & Yang, 2019b) — 97.18 519
SETN (Dong & Yang, 2019a) — 97.31 722
DARTS (H. Liu et al., 2019) — 97.24 547
NAT (reproduced) (Lu et al., 2021) 0.899±0.003 96.80±0.13 361±119

NAT (best) (Lu et al., 2021) 0.911±0.002 98.46±0.08 1390±274

GreedyCascade (Streeter, 2018) 0.935±0.002 98.31±0.05 191±16

ENCAS (1 supernet) 0.911±0.002 98.45±0.09 698±321

ENCAS (5 supernets) 0.941±0.002 98.60±0.09 749±298

ENCAS-joint 0.935±0.002 98.68±0.04 4858±1126

ENCAS-joint+ 0.943±0.002 98.68±0.08 1060±444
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Figure 2.7: Investigating benefits of joint training and search.

This likely happens due to the increased size of the search space. However, the trade-off
front found by ENCAS-joint is better than the best NAT one.

We further see that ENCAS-joint+ (running ENCAS on the supernetworks trained by
ENCAS-joint) improves upon ENCAS-joint on both CIFAR-10 and CIFAR-100. But is it
better than running ENCAS on separately trained supernetworks? Although ENCAS-joint+
appears to outperform ENCAS in terms of hypervolume and maximum accuracy (see
Tables 2.2, 2.3), these results are not statistically significant.

Note that these experiments are not performed on ImageNet due to limitations in
computational power. Training supernetworks jointly is computationally intensive in
general (search time of ENCAS-joint is 240 GPU-hours) while also lacking flexibility, as
adding or removing a network means restarting the whole process from scratch. Given in-
conclusiveness of improvements brought by ENCAS-joint+, we recommend using ENCAS
and separate training of supernetworks (see Section 2.6 for further discussion).
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Figure 2.8: ENCAS discovers a dominating trade-off front on ImageNet by searching for
cascades of 518 timm models (from which only the models on the trade-off front are
shown).

2.4.5. Applying ENCAS to SOTA ImageNet models
ENCAS relies on the architectures discovered via supernetwork-based NAS. However, us-
ing a supernetwork means that these architectures are necessarily not very large. Because
of this, NAS results are typically evaluated in the context of a mobile phone setting, which
is usually taken to mean ≤ 600 MFLOPs.

However, nowadays there are hundreds of large well-performing ImageNet-pretrained
models available online. Can our good results be extended from the mobile phone
setting to dominating the complete trade-off front? To answer this question, we take
518 ImageNet models from the PyTorch Image Models (timm)library (Wightman, 2019),
and run our search procedure on them.

As shown in Figure 2.8, this indeed leads to a dominating trade-off front. The increase
of 0.4 percentage points in the maximum ImageNet performance leads to our largest
cascade achieving the highest ImageNet accuracy of publicly available models (89.01±0.10),
while simultaneously decreasing FLOPs by 18% (from 362 GFLOPs to 296±77 GFLOPs). Our
cascades outperform those in (X. Wang et al., 2020), in large part thanks to the ability of
our algorithm to use a search space containing hundreds of models, which is not feasible
for the exhaustive search approach used in (X. Wang et al., 2020).

2.5. Additional experiments
In this section we further investigate the impact of using more than one supernetwork.
Due to space constraints, a comparison to ensembles is provided in Appendix 2.B and
a comparison to random search is provided in Appendix 2.C.

2.5.1. Impact of increasing the number of supernetworks
Figure 2.9 shows the impact of increasing the number of supernetworks used in ENCAS
from 1 to 2 to 5. A trend of increasing hypervolume can be clearly observed.

For joint training (ENCAS-joint), the hypervolume also increases, but not as much.
This can be explained by the increase in the search space that every additional supernet-
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Figure 2.9: Impact of increasing the number of supernetworks in ENCAS, ENCAS-joint,
and ENCAS-joint+.

work brings. Interestingly, the hypervolume obtained with ENCAS-joint+ grows about
as fast as with ENCAS, which we interpret to mean that the joint training and search
over an increasing number of supernetworks is beneficial for weights while harmful for
the simultaneous search (given the same search budget). The larger search space may
require a larger search budget to achieve better results, and therefore ENCAS-joint may
have higher potential to benefit from more compute. Running ENCAS using the weights
trained by ENCAS-joint (i.e., ENCAS-joint+) realizes the benefit of better weights and
ameliorates the downside of a larger search space.

2.5.2. Is using different supernetworks better than using the best one
trained several times?

Experiments in section 2.4.2 demonstrated that using several supernetworks is better than
using just the best one. But is the source of the effect the diversities of architectures found,
or just the increased quantity of networks with different weights? To answer this question,
we train (via NAT) the best supernetwork 5 times with different seeds on CIFAR-10 and
CIFAR-100 and apply ENCAS to the resulting trade-off fronts.

In Figure 2.10 (left) we see that using different runs of the best supernetwork barely
increases hypervolume, in contrast to using different supernetworks. If we inspect the
trade-off fronts in Figure 2.10 (right) for 5 supernetworks and for 5 seeds of the best
supernetwork on CIFAR-10, we can see that the difference is in low-FLOPs models that are
missing from the best supernetwork but are present in other supernetworks. Therefore,
using diverse supernetworks is helpful for obtaining a larger trade-off front coverage.
However, on the side of the most accurate networks, using multiple restarts of NAT with
the best supernetwork is sufficient to get close to the best performance, unlike what could
be expected, since the diversity in architectures and weights is arguably lower.

2.6. Discussion
While our approach achieves good results with limited resource usage, it still suffers from
limitations. Notably, it relies on pretrained supernetworks, which are currently not very
diverse, architecture-wise. Additionally, these supernetworks need to allow extraction
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Figure 2.10: Comparison between hypervolume when using different supernetworks,
or the best supernetwork trained with different seeds on (top left) CIFAR-10, (bottom
left) CIFAR-100. The plot on the (right) shows comparison between trade-off fronts of 5
supernetworks, or 5 seeds of the best supernetwork on CIFAR-10.

and usage of subnetworks without retraining in order for our approach to work, which
limits their selection even further.

In our experiments, we find that performing search after the supernetwork weights
have been adapted is not much worse than joint training and search. This can mean that
there is not a lot of benefit to be gained by fine-tuning architecture choices of different
cascade components to each other; alternatively, perhaps ENCAS-joint was simply not
able to realize these benefits, for instance because it may require more computational
resources than we used in our experiments.

This chapter has demonstrated the benefits brought by the usage of cascades. This
reinforces the main thesis of (X. Wang et al., 2020): researchers should pay more attention
to cascades. However, the warnings of (X. Wang et al., 2020) should also be repeated, as
they apply to any cascade approach, including ours: the decrease in FLOPs brought by
cascades can be realized either when processing images one-by-one, or when processing
a large amount of images offline. The benefits are not realized in online batch processing:
once a batch has been created, due to the parallel nature of GPU accelerators, processing
a part of a batch takes approximately the same resources as processing the whole batch.

2.7. Conclusion
In this chapter, we considered the automatic creation of cascades of deep neural networks.
We developed an effective algorithm called ENCAS that builds upon the literature on
efficient NAS by searching for cascades across pretrained supernetworks either simultane-
ously with weight training or after weight training. ENCAS is the first NAS algorithm that
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searches for cascade architectures. It does so by solving the multi-objective optimization
problem of finding well-performing small cascades with the help of an EA (MO-GOMEA).

ENCAS was found to outperform SOTA efficient NAS approaches on several image
classification datasets. Its search procedure can also be applied to an arbitrary model
pool. By applying it to well-performing publicly available ImageNet models, we achieved
a dominating trade-off front on ImageNet.

Finally, we find that searching for neural network architectures in more than one pre-
trained supernetwork is beneficial despite the limited diversity of the currently available
supernetworks, which is expected to only increase with time.
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Appendix
2.A. Hyperparameters
In this section, hyperparameters for our experiments are listed.

Reproducing NAT: initial learning rate 0.01, optimizer Stochastic Gradient Descent
with Nesterov momentum 0.9 (Nesterov, 1983), training for 30 meta-iteration of 5 epochs
each, cosine learning rate schedule (Loshchilov & Hutter, 2017), train batch size 96, vali-
dation batch size 150, CutOut (Devries & Taylor, 2017) with size 56, RandAugment (Cubuk
et al., 2020) with the policy "rand-m9-mstd0.5", 10,000 surrogate evaluations for each
meta-iteration, the surrogate is an ensemble of 500 RBFs (Broomhead & Lowe, 1988),
archive size 300, sampling a network to train by constructing a distribution of possible
architecture choices from archive and sampling each choice from this distribution.

Better NAT results (only differences are listed): cosine cyclic learning rate schedule
with period of 5 epochs, CutOut is replaced with CutMix (Yun et al., 2019), Stochastic
Weight Averaging (Izmailov et al., 2018) of models from the last 20 meta-iterations (i.e.,
epochs 150, 145,.. 55), sampling a network to train by directly sampling an architecture
from the archive.

ENCAS-joint: 5 epochs per supernetwork per iteration, the rest follows "Better NAT
results".

Techniques suggested to us privately by the NAT authors to improve NAT performance
are: usage of CutOut, RandAugment, and Riesz s-energy (Blank et al., 2020) for reference
point generation instead of the Das-Dennis method (Das & Dennis, 1998).

ENCAS was run for 600,000 evaluations. For experiments with timm an Nvidia A100
card was used for its superior VRAM size.

2.B. Evolutionary neural ensemble search
In this section we briefly discuss a restriction of ENCAS to ensemble search, an algorithm
we name Evolutionary Neural ENsemble Search (ENENS). Whereas ENCAS searches for
a sequence of models and confidence thresholds, ENENS searches only for the models,
as confidence thresholds are not needed in an ensemble. The overall procedure is a
simplified version of the one in ENCAS (Section 2.3.1): a solution representation consists
of model indices (thresholds are no longer a part of the representation); a solution is
evaluated by averaging the predictions of all the models in it; the FLOPs count is the sum
of FLOPs counts of all the models in the ensemble. The rest of the algorithm is unchanged.

2.B.1. Comparison with existing neural ensemble search algorithms
The existing algorithms for ensemble architecture search do not use pretrained supernet-
works. Being able to use pretrained supernetworks is an important advantage in deep
learning, an advantage that is realized by ENENS, which can be seen to exhibit superior
performance in terms of top-1 accuracy, as reported in Table 2.4.

2.B.2. Cascade vs ensemble
The comparison of ENCAS and ENENS in Figure 2.11 shows that the front of cascades
dominates for most FLOPs values. The largest ensembles perform very similarly, or, in
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Table 2.4: Top-1 accuracy of different algorithms for search of network architectures for an
ensemble. For our experiment, mean and standard deviation across 10 seeds are reported.

Method CIFAR-10 CIFAR-100 ImageNet

NES (Zaidi et al., 2021) 92.4 76.5 —
MH-NES (Narayanan et al., 2021) — 80.35 —
NESS (Shu et al., 2021) 97.64 85.45 77.7
NEAS (M. Chen et al., 2021a) — — 80.0

ENENS 98.62±0.06 88.99±0.09 82.80±0.07
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Figure 2.11: The trade-off front of cascades is better than the trade-off front of ensembles
on the test set.

case of ImageNet, perhaps perform slightly better, even though technically they could
be found by ENCAS as special cases of cascades. Best we can tell, this does not happen
because in the largest-FLOPs regime ENCAS finds smaller cascades and ensembles (than
ENENS) that perform better on the validation set, but lose a bit of performance on the
test set. The larger ensembles found by ENENS do not face this issue. The small increase
in accuracy comes at the cost of thousands more MFLOPs, however, which means that
ensembles should be considered only when efficiency is of no concern.

2.C. Comparison to random search
Random search is a strong baseline for NAS (Li & Talwalkar, 2019). Consequently, we
replace MO-GOMEA in ENCAS with random search to investigate whether a simpler
search algorithm will suffice. In Figure 2.12 we can see that while random search achieves
better results in the first several hundred evaluations of search, it is overtaken by MO-
GOMEA after that, demonstrating the benefit of the more sophisticated search approach
in terms of the optimization problem it is tasked to solve.

However, Table 2.5 shows that the difference in test performance over all the datasets
is small (not statistically significant). Better performance of MO-GOMEA on the validation
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Figure 2.12: MO-GOMEA outperforms random search in terms of hypervolume of the
validation trade-off fronts.

Table 2.5: Comparison of using MO-GOMEA and random search in ENCAS (test set
performance, mean and standard deviation are computed across 10 seeds).

Method Hypervolume Max accuracy Max MFLOPs

CIFAR-10
Random 0.941±0.002 98.61±0.08 814±307

MO-GOMEA 0.941±0.002 98.60±0.09 749±298

CIFAR-100
Random 0.698±0.003 88.91±0.15 1298±389

MO-GOMEA 0.699±0.003 88.96±0.17 1401±420

ImageNet
Random 0.535±0.001 82.66±0.07 2708±588

MO-GOMEA 0.537±0.001 82.72±0.10 2614±221

set but not the test set means that overfitting to the validation set occurs. Combatting
overfitting is an avenue for future work.

2.D. ENCAS models for reference

In the main text, we avoid naming specific models on the trade-off front, as we believe
that it is helpful to have NAS produce tens or hundreds of models that may differ only
slightly but that allow users more flexibility in choosing which one to use. Nonetheless,
to make referencing our models easier, here we specify FLOPs and top-1 accuracy of
selected models. A model is included if its MFLOPs value is closest to a value divisible
by 100 — this way we select a representative and spread-out sample of the trade-off
front while avoiding cherry-picking. The models are taken from the median run (by
hypervolume as evaluated on the test set).
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Table 2.6: CIFAR-10, selected models.

Name MFLOPs Accuracy

ENCAS@100 100 96.19
ENCAS@186 186 98.23
ENCAS@276 276 98.49
ENCAS@439 439 98.57

Table 2.7: CIFAR-100, selected models.

Name MFLOPs Accuracy

ENCAS@100 100 78.98
ENCAS@202 202 85.85
ENCAS@299 299 87.14
ENCAS@405 405 88.08
ENCAS@503 503 88.26
ENCAS@607 607 88.42
ENCAS@694 694 88.42
ENCAS@865 865 88.88
ENCAS@1217 1217 88.57
ENCAS@1330 1330 88.98
ENCAS@2419 2419 88.95

Hypervolume

Reference point

FLOPs

Ac
cu
ra
cy

Figure 2.13: Hypervolume indicator for the task of maximizing accuracy and minimizing
FLOPs. Green circles correspond to the solutions on the trade-off front.
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Table 2.8: ImageNet, selected models.

Name MFLOPs Accuracy

ENCAS@100 100 68.19
ENCAS@211 211 77.75
ENCAS@301 301 79.74
ENCAS@387 387 80.43
ENCAS@517 517 80.79
ENCAS@615 615 81.34
ENCAS@690 690 81.49
ENCAS@817 817 81.87
ENCAS@900 900 82.11
ENCAS@1006 1006 82.14
ENCAS@1060 1060 82.20
ENCAS@1160 1160 82.36
ENCAS@1357 1357 82.49
ENCAS@1559 1559 82.63
ENCAS@1687 1687 82.66
ENCAS@2526 2526 82.71

2.E. Hypervolume
The hypervolume indicator measures the volume encapsulated between the trade-off
front and a reference point in the objective space (Zitzler et al., 2003). Hypervolume is
a useful metric of the quality of a trade-off front.

Since hypervolume is measured relative to a reference point, its absolute value has no
meaning, as changing the reference point changes it. However, if the reference point is
fixed, relative differences between the hypervolumes of different algorithms can indicate
which of them finds a better trade-off front. Note however that hypervolume, while useful,
does not perfectly catch every aspect that is important when comparing fronts. Especially
when values are close, other measures or visual front inspection are advised.

A visual representation of hypervolume can be seen in Figure 2.13. Normalized
hypervolume means hypervolume divided by its largest possible value. In our experiments
the reference point is fixed at (MFLOPs=4000, accuracy=60).

2.F. Statistical testing
Table 2.9 lists p-values for one-sided Wilcoxon pairwise rank tests with Bonferroni correc-
tion (null hypothesis is that Algorithm 1 is worse than Algorithm 2).

All benchmark datasets (CIFAR-10, CIFAR-100, ImageNet) are tested together to in-
crease sample size. P-values below a significance threshold of 0.0005 are highlighted
(target p-value=0.01, 20 tests, corrected p=0.0005). P-values are rounded for visualization
purposes. Unless specified otherwise, 5 supernetworks are used. Experiments are sep-
arated into two groups: those in the main text and those in the appendix.
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3
Shrink-Perturb Improves

Architecture Mixing during
Population Based Training for

Neural Architecture Search

In this work, we show that simultaneously training and mixing neural networks is a
promising way to conduct Neural Architecture Search (NAS). For hyperparameter
optimization, reusing the partially trained weights allows for efficient search, as was
previously demonstrated by the Population Based Training (PBT) algorithm. We
propose PBT-NAS, an adaptation of PBT to NAS where architectures are improved
during training by replacing poorly-performing networks in a population with
the result of mixing well-performing ones and inheriting the weights using the
shrink-perturb technique. After PBT-NAS terminates, the created networks can be
directly used without retraining. PBT-NAS is highly parallelizable and effective: on
challenging tasks (image generation and reinforcement learning) PBT-NAS achieves
superior performance compared to baselines (random search and mutation-based
PBT).

The contents of this chapter are based on the following publication: Alexander Chebykin, Arkadiy Dushatskiy,
Tanja Alderliesten & Peter A. N. Bosman. 2023. Shrink-Perturb Improves Architecture Mixing During Population
Based Training for Neural Architecture Search. In ECAI 2023 - 26th European Conference on Artificial Intelligence,
September 30 - October 4, 2023, Kraków, Poland, 372: 381–388. Frontiers in Artificial Intelligence and Applications.
IOS Press. https://doi.org/10.3233/FAIA230294.
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3.1. Introduction
Neural Architecture Search (NAS) is the process of automatically finding a neural network
architecture that performs well on a target task (such as image classification (H. Liu et
al., 2019), natural language processing (Klyuchnikov et al., 2022), image generation (C.
Gao et al., 2020)). One of the key questions for NAS is the question of efficiency, since
evaluating every promising architecture by fully training it would require an extremely
large amount of computational resources.

Many approaches have been proposed for increasing the search efficiency: low-fidelity
evaluation (Zoph & Le, 2017; Shim et al., 2021), using weight sharing via a supernet-
work (Pham et al., 2018; H. Cai et al., 2020), estimating architecture quality via training-
free metrics (Abdelfattah et al., 2021; Mellor et al., 2021). Typically, each approach has
two stages: first, finding an architecture efficiently, then, training it (or its scaled-up
version) from scratch. This final training usually requires a manual intervention (e.g., if
an architecture of a cell is searched, determining how many of these cells should be used),
which diminishes the benefit of an automatic approach (potentially, this could also be
automated, but we are not aware of such studies in the literature). Ideally, an architecture
itself (not its proxy version) should be searched on the target problem, with the search
result being immediately usable after the search (such single-stage NAS approaches exist
but are limited: e.g., they restrict potential search spaces (S. Hu et al., 2020) or require
costly pretraining (H. Cai et al., 2020; D. Wang et al., 2021b)).

For the task of hyperparameter optimization (which is closely related to NAS), effec-
tive and efficient single-stage algorithms exist in the form of Population Based Training
(PBT) (Jaderberg et al., 2017) and its extensions (Dalibard & Jaderberg, 2021; Liang et al.,
2021). The key idea of PBT is to train many networks with different hyperparameters (a
population) in parallel: as the training progresses, worse networks are replaced by copies
of better ones (including the weights), with hyperparameter values explored via random
perturbation. PBT is highly efficient due to the weight reuse, and due to its parallel nature:
given a sufficient amount of computational resources, running PBT takes approximately
the same wall-clock time as training just one network.

Determining the best way to adapt PBT to NAS is an open research question (Dalibard
& Jaderberg, 2021): if a network architecture has been perturbed, the partly-trained
weights cannot be reused (because, e.g., weights of a convolutional layer cannot be used
in a linear one). The naive approach of initializing them randomly does not work well
(see Section 3.5.3), and existing algorithms extending PBT to NAS (Franke et al., 2021;
Wan et al., 2022) sidestep the issue at the cost of parallelizability or performance (see
Section 3.2.2).

We propose to adapt PBT to NAS by modifying the search to rely not on random
perturbations but on mixing layers of the networks in the population. An example of
this principle is combining an encoder and a decoder from two different autoencoder
networks, ultimately obtaining a better-performing network. In this setting, the source
of the weights for the changed layers is natural: they can be copied from the parent
networks. Furthermore, we explore if additionally adapting the copied weights with the
shrink-perturb technique (Ash & Adams, 2020) (reducing weight magnitude and adding
noise) is helpful for achieving a successful transfer of a layer from one network to another.
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Figure 3.1: In each iteration of PBT-NAS, architectures in the population continue training
for several epochs and then are sorted by performance. Every architecture from the
bottom percentile is replaced with a mix of two architectures from the top percentile.
During mixing, each layer is copied from one of these two architectures (weights from the
architecture with worse performance are shrink-perturbed). Different shapes represent
different types of layers.

For many standard tasks (such as image classification), single-objective NAS algo-
rithms are matched by (or show only a small improvement over) the simple baseline of
random search (Li & Talwalkar, 2019; K. Yu et al., 2020). In order to make the potential
benefit of PBT-NAS clear, experiments in this chapter are conducted in two challenging
settings: Generative Adversarial Network (GAN) training, and Reinforcement Learning
(RL) for visual continuous control. We further advocate for harder tasks and search spaces
in Section 3.6.

While our approach could potentially be extended to include hyperparameter opti-
mization, this chapter is focused on architecture search.

The contributions of this work are threefold:

1. We propose to conduct NAS by training a population of different architectures and
mixing them on-the-fly to create better ones (while inheriting the weights).

2. We investigate if applying shrink-perturb (Ash & Adams, 2020) to the weights is a
superior technique for weight inheritance compared to copying or random reini-
tialization.

3. Integrating these ideas, we introduce PBT-NAS, an efficient and general NAS algo-
rithm, and evaluate it on challenging NAS search spaces and tasks.

3.2. Related work
3.2.1. Neural architecture search
NAS is the automatic process of finding a well-performing neural network architecture for
a specific task. Already in early NAS work (Zoph & Le, 2017), efficiency concerns played
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a role: candidate architectures were trained for only a few epochs. Similar low-fidelity
search methods save compute by using fewer layers (Lu et al., 2019), or only a subset of
the data (Shim et al., 2021). Another way to save compute is by utilizing a training-free
metric to perform NAS without any training (Abdelfattah et al., 2021; Mellor et al., 2021).

ENAS (Pham et al., 2018) introduced the idea of weight sharing: all candidate ar-
chitectures are viewed as subsets of a supernetwork, with the weights of the common
parts reused across the architectures. The final architecture is scaled up and trained
from scratch. This approach greatly decreased cost of the search to just several GPU-
days. DARTS (H. Liu et al., 2019) further increased efficiency by continuously relaxing the
problem. Many approaches build upon DARTS by e.g., reducing memory usage (Y. Xu
et al., 2020) or improving performance (X. Chen et al., 2021). AdversarialNAS (C. Gao
et al., 2020) extends the approach to GAN training, outperforming previous algorithms (X.
Gong et al., 2019).

In OnceForAll (H. Cai et al., 2020), a supernetwork is pretrained such that subnet-
works would perform well without retraining, in AttentiveNAS (D. Wang et al., 2021b) and
AlphaNet (D. Wang et al., 2021a) performance is further improved. These approaches are
a good fit for multi-objective NAS (where in contrast to single-objective NAS, multiple
architectures with different trade-offs between objectives such as performance and la-
tency are searched). However, the costs for the proposed pretraining reach thousands
of GPU-hours. Additionally, in any supernetwork approach, the diversity and size of the
architectures are restricted by the supernetwork.

Our approach of exchanging layers and weights between different networks is distinct
from the supernetwork-based weight sharing. The weights in the supernetwork are
constrained to perform well in a variety of subnetworks, while in our approach, after the
weights have been copied to the network with a novel architecture, they can be freely
adapted to it, independently of what happens to their original version in the parent
network.

The general idea of creating new architectures by modifying existing ones and reusing
the weights has been explored in NAS approaches (Elsken et al., 2019; H. Jin et al., 2019)
relying on network morphisms(T. Chen et al., 2016; Wei et al., 2016). Network morphisms
are operators that change the architecture of a neural network without influencing its
functionality. Although (Elsken et al., 2019; H. Jin et al., 2019) successfully used mor-
phisms, the idea was later challenged (Wen et al., 2020) with experiments demonstrating
that random initialization of new layers is superior to morphisms. Morphisms are dif-
ferent from our work: while they create a new architecture by modifying one existing
architecture, we seek to mix two distinct architectures and reuse their weights.

3.2.2. Population based training
In hyperparameter optimization, hyperparameters of neural network training, such as
learning rate or weight decay, are optimized. Bayesian optimization algorithms (Hut-
ter et al., 2011; Falkner et al., 2018) are commonly used for sequentially evaluating
promising hyperparameter configurations. Other approaches include Evolutionary Al-
gorithms (Loshchilov & Hutter, 2016; Liang et al., 2021), and random search (Bergstra &
Bengio, 2012), a simple but reasonably good baseline.
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In contrast to the approaches that train weights for each hyperparameter config-
uration from scratch, PBT (Jaderberg et al., 2017) reuses partly-trained weights when
exploring hyperparameters (see Section 3.1 for short description and (Jaderberg et al.,
2017) for details).

To the best of our knowledge, two algorithms were proposed for including architecture
search into PBT: SEARL (Franke et al., 2021) and BG-PBT (Wan et al., 2022). In SEARL,
the architecture is modified by mutation, which can add a linear layer, add neurons to
an existing layer, change an activation function, or add noise to the weights. We use a
SEARL-like mutation as a baseline. In BG-PBT, there are multiple generations; in each
generation, network architectures are sampled, initialized with random weights, and
their training is sped up via distillation from the best network of the previous generation.
This approach adds complexity in the form of multiple generations and using distillation
(that would require adaptation to each setting, e.g., GAN training). Both SEARL and
BG-PBT were proposed exclusively for RL tasks, while we construct PBT-NAS to be a
general NAS algorithm.

3.2.3. Combining several neural networks into one
Neural networks can be combined in various ways. In evolutionary NAS (Lu et al., 2019)
where weights are trained from scratch for each considered architecture, crossover is
performed between encodings of architectures. Alternatively, there exist methods com-
bining only the weights of networks that have the same architecture (Uriot & Izzo, 2020;
Ainsworth et al., 2023). Naively averaging the weights leads to a large loss in perfor-
mance (Ainsworth et al., 2023), which motivated these approaches to align neurons so
that they would represent similar features. Averaging weights without alignment is possi-
ble if the weights of the networks are closely related. The idea of model soups (Wortsman
et al., 2022) is to start with a pretrained model, fine-tune it with different sets of hyperpa-
rameters, and greedily search which of the fine-tuned models to average.

In our approach, we mix different architectures together with the weights during train-
ing, in contrast to evolutionary NAS algorithms combining only architecture encodings,
and training the weights from scratch. We also avoid the additional complexity of aligning
neurons, instead we continue to train the created network, and allow the gradient descent
procedure to adapt the neurons to each other (which is facilitated by shrink-perturb (Ash
& Adams, 2020), see Section 3.3.3).

3.3. Method
3.3.1. Problem setting
The goal of single-objective NAS is to find a network architecture α∗ from a search space
Ω that maximizes an objective function f after training the weights θ:

α∗ = argmax
α∈Ω

f (α;θ) (3.1)

Ω typically includes network architecture properties such as the number of layers, types
of each layer, and its hyperparameters (e.g., convolution size). We will describe an ar-
chitecture α by M categorical variables {xi }i=0..M−1, each taking li possible values. Note
that in the case where more than one architecture is searched for (e.g., generator and



3

42 3. Shrink-Perturb Improves Architecture Mixing during PBT for NAS

Algorithm 3.1 PBT-NAS

Input: search spaceΩ, number of variables M , population size N , number of epochs e_tot al , step
size e_step, selection parameter τ, probability p of replacing a layer, parameters λ, γ of shrink-
perturb

1: pop ← {N random architectures fromΩ}
2: e ← 0
3: while e < e_tot al do
4: for i ← 0 to N −1 do # in parallel
5: train pop i for e_step epochs
6: pop i . f i tness ← evaluate(pop i )
7: sort pop by f i tness
8: best_net s ← the best τ% nets
9: wor st_i ndi ces ← indices of the worst τ% nets

10: for j in wor st_i ndi ces do
11: pop j ← create_architecture(best_net s, p, M ,λ,γ)

# the result of mixing, see Algorithm 3.2
12: e ← e +e_step

discriminator of a GAN), we consider, for simplicity, α to include architecture parameters
of all architectures.

3.3.2. Algorithm overview
In our algorithm, PBT-NAS, we follow the general structure of PBT, where N networks are
trained in parallel1. In each iteration of the algorithm, every network is trained for e_step
epochs. Then, each of the worst τ% of the networks is replaced by a mix of two networks
from the best τ% (according to the objective function f ). Over time, better architectures
are created. Mixing architectures during training is the key component of PBT-NAS. In
Section 3.3.3, we motivate the choice to do NAS by mixing networks. Further details of
how we mix architectures are given in Section 3.3.4.

A visual representation of one iteration of PBT-NAS is shown in Figure 3.1, and the
pseudocode is listed in Algorithm 3.1.

3.3.3. Key question when modifying architecture during training: where
to get the weights from?

PBT relies on random perturbations of hyperparameters for exploring the search space
while the network weights are being continuously trained. This works well when search-
ing for hyperparameters that can be replaced independently of the weights: e.g., after
changing the learning rate, the training can continue with the same weights.

However, searching for an architecture means introducing changes that impact the
weights, e.g., changing the type of a layer from linear to convolutional. After such a
change, the training process is disturbed: the weights of one type of layer cannot be
used in another one.

1Note that since each network has a different architecture, it has a different training speed, so to avoid biasing
the search towards models that require less training time, we use the synchronous variant of PBT.
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Weight
tensor

(a) Copy (b) Shrink-perturb (c) Reinitialize randomly

Parent

Parent

Figure 3.2: Three potential operations to perform on the weight tensor when copying the
corresponding layer from the parent.

To follow the paradigm of PBT and continue training the network after an architectural
change, the source of the weights needs to be determined. We consider three potential
approaches (Figure 3.2).

One approach is initializing the new weights randomly. Intuitively, this could be
problematic, as replacing weights of a whole layer with random ones can substantially
disrupt the learned connections between neurons across the whole network.

Instead of being initialized randomly, the weights of the modified part can come
from another network in the population. If the new value of the type of the layer is not
generated randomly but copied from another solution, the corresponding layer weights
can be copied from it too. Straightforward weight copying may be better than random
initialization but it faces the following issue: even though the layers at the same depth of
different networks should perform similar transformations (when trained on the same
task), the actual data representations in each network are likely to be different. The copied
weights would need to be adapted to a different representation space, but it might be
difficult for gradient descent to adapt them quickly.

Shrink-perturb (Ash & Adams, 2020) is potentially helpful in this scenario. It was
motivated by the observation that in online learning, continuing training from already
trained weights when new data comes in can be worse than retraining from scratch
using all the available data. Shrink-perturb consists of modifying the weights of a neural
network by shrinking (multiplying by a constant λ) and perturbing them (adding noise
multiplied by a constant γ; a new initialization of the network architecture is used as
the source of noise).

Applying shrink-perturb to the copied weights is the middle ground between copying
the weights as-is, and initializing them randomly. This preserves some useful information
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Algorithm 3.2 create_architecture
Input: set of networks to potentially mix net s, probability p of replacing a layer, number of variables
M , parameters λ, γ of shrink-perturb

1: net1,net2 ← randomly sample from net s
2: if net1. f i tness < net2. f i tness then
3: net1,net2 ← net2,net1 # sort by fitness
4: netnew ← copy(net1)
5: for i = 0 to M −1 do # iterate over architecture variables
6: if random_uniform() < p then
7: netnew .αi ← net2.αi # copy the value of the variable
8: if ∃net2.W i then
9: # if the variable is a layer, copy and modify its weights

10: Wnew ← copy(net2.W i )
11: shrink_perturb(Wnew ,λ,γ)
12: netnew .W i ←Wnew

13: return netnew

in the weights, while also potentially making their adaptation to the new architecture
easier.

3.3.4. Mixing networks
Algorithm 3.2 shows our procedure for creating a new network. Firstly, two parent net-
works are randomly sampled from the top τ percentile of the population. An offspring
solution is created by copying the better parent, and replacing with probability p each
layer with the layer from the worse parent (including the weights, which are shrink-
perturbed). Our mixing is a version of uniform crossover (Syswerda et al., 1989) where
only one offspring solution is produced. Note that our mixing requires that layers in
the same position can be substituted for each other (i.e., the output can be used as the
input of the next layer), with the architecture remaining valid after a layer is replaced.
We further discuss this limitation in Section 3.6.

Unlike existing approaches to combining neural networks (see Section 3.2.3), we do
not expect (or need) the new network to perform well right away. Instead, it will be trained
for several epochs in the next iteration of PBT-NAS, the same as the other networks in
the population.

3.4. Experiment setup
3.4.1. General
We evaluate PBT-NAS on two tasks known to require careful tuning of network architecture
and hyperparameters: GAN training and RL for visual control. In these settings, architec-
ture can strongly influence performance (Sinha et al., 2020; Gui et al., 2023). We consider
non-trivial architecture search spaces, see Sections 3.4.2 and 3.4.3. We would like to em-
phasize that achieving a state-of-the-art result on the chosen tasks is not our goal, instead
we aim to demonstrate the feasibility of architecture search via simultaneous training and
architecture mixing on tasks where performance strongly depends on architecture.
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Hyperparameters of PBT-NAS are population size N , step size e_step, selection pa-
rameter τ (we use the default value from PBT, 25%, in all experiments), probability p of
replacing a layer (which is also set to 25%). We aim to avoid unnecessary hyperparameter
tuning to see if our approach is robust enough to perform well without it and to save
computational resources.

The experiments were run in a distributed way, the details on used hardware and
on GPU-hour costs of experiments are given in Appendix 3.F. The algorithms used the
amount of compute equivalent to training N networks. Every experiment was run three
times, we report the mean and standard deviation of the performance of the best solution
from each run. We use the Wilcoxon signed-rank test (Wilcoxon, 1992) with Bonferroni
correction (Dunn, 1961) for statistical testing (target p-value 0.05, 4 tests, corrected p
0.0125, mentions of statistical significance in the text imply smaller p, all p-values are
reported in Appendix 3.C). Our code is available at https://github.com/AwesomeLemon/
PBT-NAS, it includes configuration files for all experiments.

3.4.2. GANs
In AdversarialNAS (C. Gao et al., 2020), the authors describe searching for a GAN archi-
tecture (for unconditional generation) in a search space where random search achieved
poor results — this motivated us to adopt this search space, which we refer to as Gan. In
AdversarialNAS, both generator and discriminator architectures are searched for but we
noticed that in the official implementation, the searched discriminator is discarded, and
an architecture from the literature (X. Gong et al., 2019) is used instead. This prompted us
to create an extended version of the search space (which we call GanHard) that includes
discriminator architectures resembling the one manually selected by the AdversarialNAS
authors. AdversarialNAS cannot be used to search in GanHard because some of the op-
tions cannot be searched for via continuous relaxation (one example is searching whether
a layer should downsample: since output tensors with and without downsampling have
different dimensions, a weighted combination cannot be created).

Specifics of search spaces are not critical for our research, so we give condensed
descriptions here, see Appendix 3.E and our code for more details.

In Gan, operations for three DARTS-like (H. Liu et al., 2019) cells are searched (each cell
is a Directed Acyclic Graph (DAG) with operations on the edges; in contrast to DARTS, each
cell may have a different architecture). Additionally, inspecting the code of AdversarialNAS
showed that the output of some cells is pointwise summed with a projection of a part of
a latent vector. Each such projection is a single linear layer mapping a part of a latent
vector to a tensor of the same dimensionality as the cell output: (#channels,width,height).
These projections contain many parameters and are therefore an important part of the
architecture. In the code of AdversarialNAS, these projections are adjusted for each
dataset. As to the discriminator, the architecture from (X. Gong et al., 2019) is used.

Next, we describe GanHard. In GanHard, the parameters of the projections in the
generator can be searched for. We additionally treat the layer mapping latent vector to the
input of the generator as a projection, since it is conceptually similar. The projections (one
per cell) can be enabled or disabled, except for the first one (connected to generator input)
which is always enabled. A projection can take as input either the whole latent vector
or the corresponding one-third of it (the first third of the vector for the first projection,

https://github.com/AwesomeLemon/PBT-NAS
https://github.com/AwesomeLemon/PBT-NAS


3

46 3. Shrink-Perturb Improves Architecture Mixing during PBT for NAS

etc.). There are three options for the spatial dimensions of the output of a projection:
target (equal to the output dimensions of the corresponding cell), smallest (equal to the
input dimensions of the first cell), and previous (equal to the output dimensions of the
previous cell). Since the projection output is summed with the cell output pointwise, the
dimensions need to match, which is not the case for the last two options. To upsample the
tensor to the target dimensions, either bilinear or nearest neighbour interpolation is used,
which is also a part of the search space. Finally, given that a projection is a large linear layer
with potentially millions of parameters (which makes overfitting plausible), we introduce
an option for a dropout layer in the projection, with possible parameters 0.0,0.1,0.2.

The discriminator search space in GanHard is based on the one in AdversarialNAS,
the discriminator has 4 cells (each being a DAG with two branches), each cell has a down-
sampling operation in the end. However, we noticed that the fixed architecture from (X.
Gong et al., 2019) that is used for final training of AdversarialNAS downsamples only in
the first two cells. Additionally, in the first cell, the input is downsampled rather than
the output. We amend the discriminator search space to contain a similar architecture.
Firstly, we search whether each cell should downsample or not. Secondly, we add options
for downsampling operations that are performed at the start of each branch rather than at
the end of them. To enrich the search space further, we add two more nodes to each cell.

The number of variables in Gan is 21 and the size of the search space is ≈ 3.4 ·1019.
In GanHard, there are 72 variables (32 for the generator, 40 for the discriminator), and
the size of the search space is ≈ 2.9 · 1053.

Following AdversarialNAS, we run the experiments on CIFAR-10 (Krizhevsky & Hinton,
2009) and STL-10 (Coates et al., 2011), using both Gan and GanHard. In AdversarialNAS,
the networks were trained for 600 epochs. We reduce that number to 300 epochs to
save computation time (preliminary experiments showed diminishing returns to longer
training), for the other hyperparameters, the same values as in AdversarialNAS are used.

The Frechet Inception Distance (FID) (Heusel et al., 2017) is a commonly used metric
for measuring GAN quality. We use its negation as the objective function, computing it on
5,000 images during the search. For reporting the final result, the FID for the best network
is computed on 50,000 images. We additionally report the Inception Score (IS) (Salimans
et al., 2016), another common metric of GAN quality. The idea behind both FID and IS
is to compare representations of real and generated images.

Based on preliminary experiments, the population size N is set to 24, and e_step
is set to 10.

3.4.3. RL
We build upon DrQ-v2 (Yarats et al., 2022), a model-free RL algorithm for visual continuous
control. DrQ-v2 achieves great results on the Deep Mind Control benchmark (Tassa et al.,
2018), solving many tasks. Searching for architectures for solved tasks is not necessary,
therefore for our experiments we chose tasks where DrQ-v2 did not achieve the maximum
possible performance: Quadruped Run, Walker Run, Humanoid Run.

DrQ-v2 is an actor-critic algorithm with three components: 1) an encoder that creates
a representation of the pixel-based environment observation, 2) an actor that, given the
representation, outputs probabilities of actions, and 3) a critic that, given the represen-
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tation, estimates the Q-value of the state-action pair (the critic contains two networks
because double Q-learning is used (Hasselt, 2010)).

We design the search space to include the architectures of all the components of DrQ-
v2. Each network has three searchable layers. For the encoder, the options are Identity,
Convolution {3x3, 5x5, 7x7}, ResNet (He et al., 2016) block {3x3, 5x5, 7x7}, Separable
convolution {3x3, 5x5, 7x7}. For the actor and both networks of the critic, the available
layers are Identity, Linear, and Residual (Bjorck et al., 2021) with multiplier 0.5 or 2.0.
Additionally, we search whether to use Spectral Normalization (Miyato et al., 2018) (for
each network separately) and which activation function to use in each layer (options:
Identity, Tanh, ReLU, Swish). We also search the dimensionality of representation: in
DrQ-v2 it was set to either 50 or 100 depending on the task, we have 25,50,100, and
150 as options.

There are 36 variables in total, the search space size is ≈ 4.6 ·1021.
The hyperparameters of DrQ-v2 are used without additional tuning. For the Walker

and Humanoid tasks, DrQ-v2 uses a replay buffer of size 106. Our servers do not have
enough RAM to allow for such a buffer size when many agents are training in parallel,
therefore for these tasks, we use a shared replay buffer (proposed in (Franke et al., 2021)):
different agents can learn from the experiences of each other. To run in a distributed
scenario with no shared storage, the buffers are only shared by the networks on the same
machine. For fairness, all the baselines also use a shared buffer per machine.

Based on preliminary experiments, the population size N is set to 12. For the Quadru-
ped and the Walker tasks, the DrQ-v2 agent used 3 ·106 frames. We use the same number
of frames per agent, which means that N times more total frames are used. For the
Humanoid task, 3 ·107 frames were used in DrQ-v2, we use only 1.5 ·107 per agent to save
computation time. For uniformness of notation with GANs, we also use "epoch" in the
context of RL, one epoch is defined as 104 frames. This means that 300 epochs are used
for the Quadruped and Walker tasks, the same as for GANs, and e_step is also set to 10.
Similar to BG-PBT (Wan et al., 2022), our preliminary experiments showed that having
longer periods without selection at the start of the training is beneficial, therefore during
the first half of the training, e_step is doubled from 10 to 20 epochs for the Quadruped
and Walker tasks. Since for Humanoid only half the training is performed (in terms of
frames per agent), the step size is fixed at 100 epochs (scaled up from 10 proportionally
to the increase in the number of frames).

3.4.4. Baselines
We consider two general baselines that parallelize well and that can search in the proposed
challenging search spaces.

1. Random search. N architectures are randomly sampled and trained.

2. SEARL-like mutation. In order to fairly evaluate the performance of a mutation-
based architecture search approach like SEARL (Franke et al., 2021), we replace the
mixing operator of PBT-NAS with the mutation operator from SEARL, adapting it to
be applicable to both GAN and RL settings: with equal probability, either (a) one
variable in the architecture encoding is resampled, (b) weights are mutated using
the procedure from SEARL, or (c) no change is performed.
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AdversarialNAS is a specialized baseline only capable of searching in Gan. In (C.
Gao et al., 2020), the performance for only one seed was reported. We run the official
implementation with 5 seeds and report the mean and standard deviation of performance.

3.5. Results
3.5.1. PBT-NAS vs. the baselines
As can be seen in Table 3.1, PBT-NAS achieves the best performance among all tested
approaches in all GAN settings2. The improvements in FID over both random search and
SEARL-based mutation are statistically significant. Despite the claim of (C. Gao et al.,
2020) that random search performs poorly in Gan, we find that the gap between it and
AdversarialNAS (C. Gao et al., 2020) on CIFAR-10 is small, and the difference between all
algorithms is overall not large. The decreased performance of random search in GanHard
shows that GanHard is indeed a more challenging search space. The results of searching
in this space for CIFAR-10 and STL-10 show a clear improvement of PBT-NAS over the
baselines in terms of FID. IS is better in the majority of settings.

PBT-NAS is also the best among alternatives on RL tasks, achieving better anytime
performance, as shown in Figure 3.3 (the improvements in score over both random search
and SEARL-based mutation are statistically significant). For Walker Run, there is no
meaningful difference between algorithms, as the task is solved by all tested approaches,
demonstrating that for differences between performance of the algorithms to be clear,
both the RL task and the search space need to be of significant complexity.

Table 3.1: Results for GAN training (mean ± st. dev.). The best value in each column is in
bold.

Algorithm
CIFAR-10 STL-10

Gan GanHard GanHard
FID ↓ IS ↑ FID ↓ IS ↑ FID ↓ IS ↑

AdversarialNAS 12.29±0.80 8.47±0.14 — — — —
Random search 13.39±0.28 8.22±0.15 16.79±0.97 7.80±0.14 28.58±1.77 9.33±0.18
SEARL-like mutation 13.78±1.02 8.38±0.05 15.72±2.22 8.26±0.21 26.94±0.93 9.66±0.27
PBT-NAS 12.21±0.16 8.63±0.17 13.25±1.64 8.25±0.27 25.11±0.94 9.71±0.09

3.5.2. Mixing networks is better than cloning good networks
In order to show that creating new architectures makes a difference, we run a "No mixing"
ablation: every component of PBT-NAS is kept the same, except that a new model is
created by mixing a well-performing model with itself (rather than with another well-
performing model). This way, no new architecture is produced, but the other benefits
of PBT-NAS remain (e.g., replacing poorly-performing networks with well-performing
ones). As seen in Table 3.2, this degrades the performance, clearly showing the impact
that creating a better architecture can have.

2When searching in Gan for STL-10, we faced reproducibility issues (despite using the official implementation),
see Appendix 3.D for results and discussion.
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Figure 3.3: Results for RL tasks, mean ± st. dev. (shaded area).
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Table 3.2: Results of ablation studies (mean ± st. dev.). The best value in each column is
in bold.

Algorithm FID ↓ (CIFAR-10, GanHard) Score ↑ (Quadruped Run)

PBT-NAS (default) 13.25±1.64 801±70
No mixing 14.90±1.29 672±53
Shrink-perturb coefficients:

[1, 0] — copy exactly 14.94±0.56 699±4
[0, 1] — reinitialize randomly 15.06±2.59 532±62

Table 3.3: The effect of using shrink-perturb in random search.

Use shrink-perturb FID ↓ Score ↑
in random search (CIFAR-10, GanHard) (Quadruped Run)

No (default) 16.79±0.97 616±53

Yes 22.39±2.64 498±30

3.5.3. Shrink-perturb is the superior way of weight inheritance
Table 3.2 shows that copying weights from the donor without change (shrink-perturb
parameters [1,0]), or replacing them with random weights (shrink perturb [0,1]) leads to
worse results in comparison to the usage of shrink-perturb. Thus, in our settings, using
shrink-perturb is the best method to inherit the weights. The default parameters of shrink-
perturb from (Zaidi et al., 2022) ([0.4,0.1]) worked well in PBT-NAS without any tuning.

In (Zaidi et al., 2022), shrink-perturb was found to benefit performance, thus raising
the question if using it gives PBT-NAS an unfair advantage that is not related to NAS. In
order to test this, we added shrink-perturb to random search. As shown in Table 3.3,
performance deteriorates, indicating that using shrink-perturb with default parameters
in our setting is not helpful outside the context of NAS.

3.5.4. Increasing population size improves performance
We design our algorithm to be highly parallel and scalable. Figure 3.4 demonstrates that
as the population size increases, the performance strictly improves (although diminishing
returns can be observed). Given enough GPUs, the increased population size will not
meaningfully increase wall-clock time, since every population member can be evaluated
in parallel.

3.5.5. Model soups
As mentioned in Section 3.2.3, the idea of a model soup (Wortsman et al., 2022) is to
improve performance by averaging weights of closely-related neural networks. As such,
it seems like an especially good fit for the PBT setting: although the networks in the
population start from different weights (and different architectures in the case of PBT-
NAS), as worse networks are replaced by offspring of better networks, the population
gradually converges. Since creating a model soup is done after training and requires
a negligible amount of computation (evaluating at most N models), its inclusion into
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Figure 3.4: Impact of scaling population size, mean ± st. dev.

PBT-like algorithms could give an almost free performance improvement. Therefore, we
create model soups following the greedy algorithm from (Wortsman et al., 2022).

Table 3.4 shows that soups improve GAN FID by approximately 0.4 points. For RL,
however, there is no improvement when both the encoder and the actor are averaged
(Table 3.5). We hypothesize that different actors may have dissimilar internal represen-
tations implementing different behaviour logic, unlike the encoders that only convert
pixel inputs into representations. Therefore, we tried to separately average encoders,
or actors. The results with averaged encoders are the best overall but they still do not
lead to improved performance. For Walker Run, the task where performance is saturated,
there is no difference between settings.

Previously, soups were only demonstrated for classification tasks, so it is interesting
to see that they could also be beneficial in GANs. While no improvement was seen for
RL, the fact that only the vision-related network, the encoder, could be averaged without
large performance degradation hints at the limitations of the technique.

3.6. Discussion
We have introduced PBT-NAS, a NAS algorithm that creates new architectures by simul-
taneously training and mixing a population of neural networks. PBT-NAS brings the
efficiency of PBT (designed for hyperparameter optimization) to NAS, providing a novel
way to search for architectures. As computation power grows, especially in the form of
multiple affordable GPUs, having parallelizable and scalable algorithms such as PBT-NAS
becomes more important. At the same time, this computation power is not limitless,
and reusing the partly-trained weights during architecture search is important from the
perspective of search efficiency.

Currently, a large amount of effort in single-objective NAS research is directed at
searching classifier architectures in cell-based search spaces, which are quite restrictive,
and where random search achieves competitive results (Li & Talwalkar, 2019; Antoine Yang
et al., 2020). We think that pivoting to more challenging search spaces and tasks could
lead to NAS having a larger impact (e.g., in constructing state-of-the-art architectures,
which is still mostly done by hand), and to comparisons between NAS algorithms leading
to clearer differences. In Section 3.5.1, we showed that PBT-NAS could search in the
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Table 3.4: The difference in metrics between a model soup and the best individual model
(GAN), mean ± st. dev.

Dataset
GanHard

∆ FID ↓ ∆ IS ↑
CIFAR-10 −0.48±0.34 0.07±0.05

STL-10 −0.35±0.26 0.04±0.25

Table 3.5: The difference in score between a model soup and the best individual model
(RL), mean ± st. dev.

What to average
∆ Score ↑

Quadruped Walker Humanoid

Encoder −6±10 −1±4 −23±19

Actor −196±275 −4±7 −244±32

Both −142±193 0±6 −223±20

challenging GanHard space, where an existing efficient algorithm, AdversarialNAS, could
not be applied.

One limitation of exchanging layers during training is the requirement that different
layer options (in the same position) need to be interoperable: the activation tensors they
produce should be possible for the next layer to take as input (so that after replacing a
layer, the architecture remains valid). This means that the number of neurons can be
searched only when it does not influence the output shape. This could be addressed
by e.g., duplicating neurons if there are too few of them and removing excessive ones
if there are too many. Another limitation arises due to the greedy nature of PBT-NAS:
architectures are selected based on their intermediate performance, and, therefore, sub-
optimal architectures can be selected when early performance of an architecture is not
representative of the final one.

Achieving good performance in different tasks with minimal hyperparameter tuning
is a desirable property for a NAS algorithm. We used hyperparameters from the literature
without tuning both in GAN training and in RL, as well as relying on default selection
strategy from PBT. PBT-NAS outperformed baselines despite using these default values,
tuning them could potentially further improve the results.

3.7. Conclusion
In this chapter, we designed and evaluated PBT-NAS, a novel way to search for an ar-
chitecture by mixing different architectures while they are being trained. We find that
adapting the weights with the shrink-perturb technique during mixing is advantageous
compared to copying or randomly reinitializing them.

PBT-NAS is shown to be effective on challenging tasks (GAN training, RL), where it
outperformed considered baselines. At the same time, it is efficient, requiring training of
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only tens of networks to explore large search spaces. The algorithm is straightforward,
parallelizes and scales well, and has few hyperparameters.

While in this work only NAS was considered, in the future, PBT-NAS could be adapted
to simultaneously search for hyperparameters of neural network training, and of the
algorithm itself, both of which would be necessary in order to fully automate the process
of neural network training.
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Appendix
3.A. Visualizing search progress
In order to visualize the search process, we track the origin of all the layers in the popu-
lation. Initially, the layers of the i -th population member are specified to have origin i .
When a new network is created by mixing different networks, its layers will have different
origins. Over time, as worse-performing networks are replaced with the results of mixing
better-performing ones, the successful layers constitute an increasing proportion of all
layers in the population.

We visualize the experiments on the Quadruped Run task that achieved the best (Fig-
ure 3.5a) and the worst (Figure 3.5b) scores (out of the three seeds). In the experiment in
Figure 3.5a, many architectures are successfully mixed, with the final population contain-
ing layers coming from several initial architectures. On the contrary, in the experiment
in Figure 3.5b, one architecture largely takes over, with a small part inherited from a
second architecture.
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Figure 3.5: Proportion of layers from different initial architectures in the population over
time (Quadruped Run). Experiments with the best (a) and worst (b) scores are shown.

3.B. Additional Bayesian optimization baseline
In this section we compare PBT-NAS to an additional baseline, Bayesian Optimization
Hyperband (BOHB) (Falkner et al., 2018). BOHB is a well-established, efficient, and
parallel Bayesian Optimization (BO) algorithm designed for hyperparameter optimization
and NAS.

BO algorithms can be applied to almost any NAS search space, but typically have lim-
ited parallelization capability, and can struggle in high-dimensional spaces, especially if
there are too few evaluations available. Our experiments in the main text were conducted
in exactly such a scenario: the search spaces were high-dimensional (the GanHard space
has 72 variables, the RL space has 36), and the number of total evaluations is smaller than
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Table 3.6: Results of running BOHB. The best value in each column is in bold.

Algorithm
FID ↓ Score ↑

(CIFAR-10, GanHard) (Quadruped Run)

PBT-NAS 13.25±1.64 801±70

BOHB 18.95±1.48 621±28

the number of variables (24 evaluations for GanHard, 12 for RL). In addition, PBT-NAS and
the baselines considered in the main text are fully parallelizable (unlike BO algorithms).

We report the performance of BOHB in two settings (in which all our ablations were
done). BOHB is run with the same budget as PBT-NAS both for Reinforcement Learning
(the Quadruped Run task, total number of epochs equal to fully training 12 architectures)
and GAN training (GanHard space, CIFAR-10 dataset, total number of epochs equal to
fully training 24 architectures). Same as in the main text, every experiment is repeated
three times, we report the mean and standard deviation of the performance of the best
architecture.

As can be seen in Table 3.6, BOHB is outperformed by PBT-NAS in both settings. The
BOHB results for GAN training are particularly poor, we speculate that BOHB suffers from
excessive greediness in this setting (it early-stops two-thirds of solutions at each fidelity).
PBT-NAS, while also greedy, has lower selection pressure, so it is affected less.

3.C. Statistical testing
Table 3.7 lists p-values for one-sided Wilcoxon pairwise rank tests (Wilcoxon, 1992) with
Bonferroni correction (Dunn, 1961). In the GAN setting, the null hypothesis is that
Algorithm 1 has a higher FID than Algorithm 2. In the RL setting the null hypothesis is
that Algorithm 1 has a lower score than Algorithm 2.

In the GAN setting, results for CIFAR-10 using Gan, GanHard, and STL-10 using
GanHard are tested together to increase sample size (total sample size is 9). Similarly to
increase sample size, in the RL setting all the tasks (Quadruped Run, Walker Run, Hu-
manoid Run) are tested together (total sample size is 9). P-values below the significance
threshold of 0.0125 are highlighted (target p-value=0.05, 4 tests, corrected p=0.0125).

Table 3.7: P-values of conducted experiments (values below the significance threshold of
0.0125 are highlighted).

Algorithm 1 Algorithm 2 Setting P-value

PBT-NAS Random search GAN 0.001953125
PBT-NAS SEARL-like mutation GAN 0.00390625
PBT-NAS Random search RL 0.001953125
PBT-NAS SEARL-like mutation RL 0.005859375
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3.D. Reproducibility issues with Gan on STL-10

In (C. Gao et al., 2020), results for STL-10 are reported on a single seed, we ran the
experiment 5 times using the official implementation. The resulting FID for STL-10
increases by about 10 points, which is a substantial drop in performance (see Table 3.8).
The immediate cause is the divergence of the training procedure before good results could
be achieved. However, as the official implementation was used, it is unclear why this
divergence appeared consistently for all seeds and why none of the five seeds achieved
the performance reported in (C. Gao et al., 2020). The authors did not respond when
we notified them of the problem. We are also aware of an independent reproduction
attempt running into the same issue.

Since our code relies on the AdversarialNAS codebase, whatever the issue is, it in-
fluenced all our experiments with Gan on STL-10, bringing their validity into question.
Nonetheless, for transparency, our results (for three seeds) are reported in Table 3.8. PBT-
NAS achieves the best performance out of the approaches tested by us.

Note that we did not face the reproducibility issue with Gan on CIFAR-10, as the
reproduced result (FID 12.29±0.80) was close to the reported one (FID 10.87 (C. Gao et
al., 2020)). Also of note is that with GanHard on STL-10, results were even better than
in (C. Gao et al., 2020) (see Table 3.1): FID of 25.11±0.94. Since the same training code
was used for Gan and GanHard, this implies that architectures could be the root cause
of the problem, with architectures from Gan being a poor fit for STL-10, in contrast to
architectures from GanHard. This is not consistent with the results from the main text for
CIFAR-10, where, controlled for the amount of computational effort, better architectures
could be found in Gan than in GanHard.

We would also like to note that GanHard was designed before any experiments with
STL-10 were run, precluding the possibility that better STL-10 results with GanHard (com-
pared to Gan) were achieved by deliberate search space adaptation to the dataset. STL-10
was our test dataset, the results for which did not influence any design or hyperparameter
choices made in this chapter.

Table 3.8: Additional results for GAN training (mean ± st. dev.).

Algorithm
STL-10

Gan

FID ↓ IS ↑
AdversarialNAS (reported in (C. Gao et al., 2020)) 26.98 9.63
AdversarialNAS (reproduced) 36.87±3.62 8.90±0.32

Random search 32.54±3.20 9.15±0.08

SEARL-like mutation (Franke et al., 2021) 33.98±4.36 8.98±0.19

PBT-NAS 29.51±0.91 9.19±0.05
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3.E. Illustrations of GAN search spaces
Figure 3.6 depicts the setup of projections in the generator search space introduced in
AdversarialNAS. In Figure 3.7, discriminator cell search spaces for Gan and GanHard are
shown.

Cell 1

Cell 2

Cell 3

+

Latent vector

+

Figure 3.6: Projections from parts of a latent vector in the macro architecture of Adversar-
ialNAS. Each projection (dark orange) is a linear layer, the output of which is reshaped
and pointwise summed with the output of the corresponding cell (except for the first
projection, the output of which is the input of the first cell).

3.F. Implementation details
The experiments were run on servers equipped with three Nvidia A5000 GPUs each. Each
server is equipped with 2 Intel(R) Xeon(R) Bronze 3206R CPUs, and 96 GB of RAM. The
used OS is Fedora Linux 36. The Ray (Moritz et al., 2018) framework was used to run the
experiments in a distributed fashion. The configuration files specifying versions of all
software libraries are included in the source code.

The experiment costs in total GPU hours vary by the setting (CIFAR-10 | Gan: 200,
CIFAR-10 | GanHard: 270, STL-10 | Gan: 720, STL-10 | GanHard: 1200, Quadruped Run:
210, Walker Run: 330, Humanoid Run: 1300).
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Figure 3.7: Discriminator cell search spaces. Black arrows correspond to normal op-
erations (same as in (C. Gao et al., 2020), possible operations for the edges are None,
Identity, Convolution 1x1 with Dilation = 1, Convolution {3x3, 5x5} with Dilation = {1, 2});
dark-orange arrows represent downsampling operations (Average Pooling, Max Pooling,
Convolution {3x3, 5x5} with Dilation = {1, 2}; only parameter-less operations—Average
Pooling, Max Pooling—are allowed at the start of the branch because they will be applied
to several inputs); dashed arrows represent identity. All inputs to a node are summed.
For GanHard, downsampling is either at the start or at the end of a branch (or disabled
entirely).
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Achieving excellent results with neural networks requires careful hyperparameter
tuning, which can be automated via hyperparameter optimization algorithms such
as Population Based Training (PBT). PBT stands out for its capability to efficiently
optimize hyperparameter schedules in parallel and within the wall-clock time of
training a single network. Several PBT variants have been proposed that improve
performance in the experimental settings considered in the associated publications.
However, the experimental settings and tasks vary across publications, while the
best previous PBT variant is not always included in the comparisons, thus making
the relative performance of PBT variants unclear. In this work, we empirically
evaluate five single-objective PBT variants on a set of image classification and
reinforcement learning tasks with different setups (such as increasingly large search
spaces). We find that the Bayesian Optimization (BO) variants of PBT tend to behave
greedier than the non-BO ones, which is beneficial when aggressively pursuing
short-term gains improves long-term performance and harmful otherwise. This
is a previously overlooked caveat to the reported improvements of the BO PBT
variants. Examining their theoretical properties, we find that the returns of BO
PBT variants are guaranteed to asymptotically approach the returns of the greedy
hyperparameter schedule (rather than the optimal one, as claimed in prior work).
Together with our empirical results, this leads us to conclude that there is currently
no single best PBT variant capable of outperforming others both when pursuing
short-term gains is helpful in the long term, and when it is harmful.

4.1. Introduction
Neural network training requires setting values of many hyperparameters, a process that is
both crucial for good performance and time-consuming. Hyperparameter Optimization
(HPO) algorithms aim to automate Hyperparameter (HP) tuning (Bergstra et al., 2011;
Feurer & Hutter, 2019).

The Population Based Training (PBT) algorithm (Jaderberg et al., 2017) and its vari-
ants (Parker-Holder et al., 2020; Dalibard & Jaderberg, 2021; Parker-Holder et al., 2021;
Wan et al., 2022) stand out for several reasons. Firstly, they are designed to efficiently
optimize a schedule of HPs (rather than one set of fixed values), which improves per-
formance (Loshchilov & Hutter, 2017; Tan & Le, 2021). Unlike other dynamic HPO algo-
rithms (Baydin et al., 2018; Badia et al., 2020; J. Li et al., 2022), PBT is general, i.e., not
restricted to a specific HP such as learning rate, or to a specific setting such as Reinforce-
ment Learning (RL). Secondly, PBT runs within the wall-clock time of a single training
of a network, which is desirable in practice. Thirdly, PBT is convenient to scale: adding
parallel workers improves results without strongly influencing the wall-clock time of the
algorithm. Finally, PBT can directly optimize non-differentiable objectives of interest,
such as accuracy of a classifier, or score of an RL agent.

PBT was built upon in Population Based Bandits (PB2, Parker-Holder et al. (2020))
where Bayesian Optimization (BO) was introduced for sampling new HP values, PB2-
Mix (Parker-Holder et al., 2021) where the BO setup of PB2 was extended to include
discrete HPs, Bayesian Generational PBT (BG-PBT, Wan et al. (2022)) where a more ad-
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vanced BO approach was used, and Faster Improvement Rate PBT (FIRE-PBT, Dalibard
& Jaderberg (2021)) where the greedy nature of PBT was addressed. In each publication,
the proposed variant outperformed previous variants included in the experiments, which
unfortunately did not always include the best previous variant. Additionally, each subse-
quent publication performed evaluations on different tasks and in different setups (e.g.,
different implementations of RL tasks, different computation budgets).

These issues make it difficult to say if one of the PBT variants is substantially better
than all others, and should therefore be preferred in practice. The question of whether
there is one superior algorithm is the key question we aim to answer in this work. To-
wards that goal, we conduct an impartial empirical evaluation of the PBT variants in
image classification and RL settings, using the FashionMNIST (Xiao et al., 2017), CIFAR-
10/100 (Krizhevsky & Hinton, 2009), and TinyImageNet (Stanford CS231N, 2017) datasets
for the former, and a subset of Brax tasks (Freeman et al., 2021) for the latter. Furthermore,
we look into the theoretical foundations of the BO variants of PBT to better understand
the proved guarantees and how they correspond to the behaviour of the algorithms in
practice.

Although there exist extensions of PBT for multi-objective optimization (Dushatskiy
et al., 2023) and architecture search (Franke et al., 2021; Wan et al., 2022; Chebykin
et al., 2023), the focus of this article is on single-objective optimization of HPs only.
Furthermore, we do not aim to compare PBT variants (which we also refer to as PBTs)
to other HPO algorithms.

The main contributions of our paper are threefold:

• We investigate whether the more recently introduced PBT variants are always supe-
rior to the earlier ones on a set of image classification and RL tasks.

• We study how the performance and runtime of the PBT variants change when the
task setup is varied.

• Theoretical and mechanistic causes for the observed differences in performance
are explored.

4.2. Dynamic HPO
4.2.1. Problem statement
We formalize the problem setting by building upon the notation of Jaderberg et al. (2017).
In the single-objective setting, the goal is to maximize the final performance of a neural
network by optimizing a schedule of HPs. Let us denote the HP search space as H , the
HPs used during training between times t and t +1 as ht ∈ H , the maximum time as
T +1, the weight space as W , the weights as θt ∈W , the objective function as Q : W →R,
and the training procedure as train : W × H T → W . The dynamic HPO optimization
problem can be written as:

{h∗
t }T

t=1 = argmax
{ht }T

t=1

Q(train(θ1|{ht }T
t=1)). (4.1)

Note that while Eq. 4.1 formalizes dynamic HPO in that h varies over time, the opti-
mization is written as static or non-sequential (argmax is applied to the entire schedule)
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Suggest HPs
(for all outer

steps)

Train model
(from 1 to T)

Objective Q
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h1 , ... , hT

(a) Non-sequential optimization
(Eq. 4.1)

Suggest HPs
(for the next
outer step)

Train model
(from t to t+1)

ht , θt

Objective or proxy gt+1
at time t+1,

updated weights θt+1

(b) Sequential optimization
(Eq. 4.2)

θt

ht ht+1 ht+2

θt+1 θt+2

Weights (inner steps)

HPs (outer steps)

(c) Inner and outer
optimization steps

Figure 4.1: Illustration of concepts relevant to the problem statement (see Section 4.2.1).

to correspond to the informal problem statement of maximizing the final performance.
Drawing the distinction between optimizing a schedule statically (non-sequentially)
or dynamically (sequentially) is important for explaining our theoretical results in Sec-
tion 4.4. In Figure 4.1, panels (a) and (b) illustrate the non-sequential and sequential
optimization loops.

For sequential optimization, consider step : W ×H →W , a logical (outer) step of a
PBT algorithm that corresponds to multiple inner steps (in which the weights are updated
via, e.g., gradient descent). The hyperparameters are updated after each outer step. We
can expand train(θ1|{ht }T

t=1) = step(step(. . .step(θ1|h1) . . . |hT−1)|hT ). If we denote
the objective or its proxy after t steps as g t : H t → R, dynamic sequential HPO can be
written as a sequence of problems:

{h̃t }T
t=1 = {argmax

h1

g1(h1),argmax
h2

g2(h2|h̃1), . . . ,argmax
hT

gT (hT |h̃, . . . h̃T−1)}. (4.2)

The sequential nature of optimization entails that previous choices cannot be altered.
Consequently, directly optimizing Q at each step would make the optimization greedy,
while optimizing an alternative g t could lead to better long-term outcomes (as showcased
by FIRE-PBT, see Section 4.3.1).

Let us further denote by stepinner the number of inner optimization steps taken within
each outer step. Since step is applied T times, the total number of inner optimization
steps is totalinner = T · stepinner. Figure 4.1c shows an example where each outer step
corresponds to stepinner = 3 inner steps. For the visualized two outer steps, the total
number of inner optimization steps totalinner is equal to 6.

4.2.2. Dynamic HPO algorithms
In this section, we provide an overview of dynamic HPO algorithms that are not PBT
variants. While there are many HPO algorithms that tune static values of HPs (Bergstra et
al., 2011; Falkner et al., 2018; Lisha Li et al., 2018; Awad et al., 2021; Tan et al., 2024), few can
efficiently tune schedules of HPs (although any HPO algorithm can learn an HP schedule
by introducing separate variables, one for each HP at each time step, this is unlikely
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to be efficient). One approach to dynamic HPO is to adjust the HPs via hypergradient
descent (Baydin et al., 2018; J. Li et al., 2022). While using hypergradients can be efficient,
it is also restrictive of HPs that can be tuned this way: e.g., only learning rate (in (Baydin
et al., 2018)) or HPs that are both continuous and differentiable (in (Zahavy et al., 2020;
J. Li et al., 2022)). Additionally, hypergradient algorithms introduce HPs of their own that
require tuning (Paul et al., 2019; Y. Jin et al., 2021).

Another research direction focuses on dynamic HPO specifically for RL, which can
be performed via bandit optimization (Badia et al., 2020), evolutionary methods (Tang
& Choromanski, 2020), hypergradients (Zahavy et al., 2020), or by estimating HP quality
via weighted importance sampling (Paul et al., 2019).

Biedenkapp et al. (2020) use RL for dynamic optimization in the general setting of
dynamic algorithm configuration. While promising, the approach relies on RL that
requires a large number of roll-outs to learn, thus making it too inefficient for dynamic
HPO on time-consuming tasks such as neural network training (e.g., it required 40,000
training runs in the practical setting of tuning CMA-ES (Adriaensen et al., 2022)).

Unlike the approaches discussed above, the PBT variants are general algorithms that
were empirically shown to be capable of tuning arbitrary HPs on challenging tasks. We
further discuss them in Section 4.3.

4.3. PBT variants
4.3.1. Exploration via perturbation (“Perturbation PBTs”)
PBT Jaderberg et al. (2017) introduced the first PBT algorithm for dynamic HPO. In
PBT, the training of N models is interleaved with HPO. A solution pi at (logical) time t
is a tuple of model weights and HPs: (θi

t ,hi
t ). A population P = {pi }N

i=1 encompasses all
solutions. At each time t = 1. . .T , all models are trained in parallel1 for stepinner inner
steps corresponding to one outer step: θi

t+1 = step(θi
t |hi

t ), and evaluated: q i
t+1 =Q(θi

t+1).
After evaluation has been performed at time t , the exploit procedure is applied.

Jaderberg et al. (2017) experimented with several exploit procedures and found trunca-
tion selection to perform best, which was then used in all the PBT variants we describe.
In truncation selection, each of the λ% worst-performing models is replaced with a copy
of one of the λ% best-performing ones (chosen randomly).

Finally, the explore procedure is applied to the copies created by the exploit pro-
cedure. In PBT, real-valued HPs are explored via perturbation: each HP is multiplied
by a randomly chosen factor from a predefined set (e.g., {0.5,2.0}); categorical HPs are
randomly resampled. After the exploit step, the interleaved training and HPO continues
with the updated population (as described above).

FIRE-PBT Dalibard & Jaderberg (2021) observed that PBT can behave too greedily,
potentially harming its long-term performance. This is addressed by splitting the pop-
ulation into hierarchical subpopulations P1..J and a subpopulation of “evaluators”. All
subpopulations P1..J execute the standard PBT algorithm (in parallel) but optimize differ-
ent objective functions. P1 directly optimizes the target objective Q. Each subsequent
subpopulation P j optimizes an Improvement Rate (IR) objective defined relative to P j−1.

1Note that we describe a synchronous version of PBT.
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Omitting details, for ( θj i
t , hj i

t ) ∈ P j , IR measures how fast Q improves when the weights
θj i

t are trained with the currently best HPs from P j−1: hj−1 ∗
t . The “evaluators” enable

the computation of IR by performing this training. Additionally, the weights trained by
an evaluator can replace the weights associated with hj−1 ∗

t , thus allowing the weights
from P j to propagate to P j−1. Using IR instead of Q in the subpopulations P2..J makes
optimization less greedy, see Dalibard & Jaderberg (2021) for further details.

4.3.2. Exploration via Bayesian optimization (“Bayesian PBTs”)
PB2 Parker-Holder et al. (2020) replace the random perturbation explore procedure of
PBT with a BO approach based on Time-Varying Gaussian Process Bandits (TV-GPB) (Bo-
gunovic et al., 2016). At each time t , changes in performance relative to the previous

step are computed: y i
t = q i

t −q i
t−1, and collected in a dataset: D t = D t−1 ∪

{(
y i

t , t ,hi
t

)}N
i=1.

Afterwards, a Gaussian Process (GP) model is fit to the dataset and new HPs are selected
by optimizing an acquisition function that extends TV-GPB to a parallel setting. The theo-
retical guarantees for PB2 (and other Bayesian PBTs) are based on the TV-GPB formalism
that is further discussed in Section 4.4.

PB2-Mix The BO model in PB2 is defined only for real-valued hyperparameters, while
the categorical HPs are randomly resampled. To include categorical variables into the BO
setup of PB2, Parker-Holder et al. (2021) introduce the TV.EXP3.M multi-armed bandit
algorithm for the time-varying setting. TV.EXP3.M is used to sample the categorical
variables, after which a time-varying GP model relying on a joint categorical-continuous
kernel is learned and used to sample the continuous variables.

BG-PBT BG-PBT (Wan et al., 2022) builds upon the previous Bayesian PBT variants
by explicitly considering ordinal variables in its extended version of the CASMOPOLI-
TAN algorithm (Wan et al., 2021). This algorithm was chosen for its suitability to high-
dimensional and mixed-input problems thanks to adaptations such as trust regions.
BG-PBT places focus on enabling neural architecture search, which is out of scope for
our article, we therefore omit the related adaptations from our analysis and experiments
(which therefore apply to a variant of BG-PBT without architecture search).

4.4. Analysis
4.4.1. The returns of the Bayesian PBTs asymptotically approach the

returns of the greediest schedule
Parker-Holder et al. (2020) formalize the problem of dynamic HPO as optimizing a time-
varying objective function Ft (ht ). It is equivalent to Q(train(θ1|ht , {h̃i }t−1

i=1)) in our no-
tation: evaluating the weights trained with a schedule where the HPs before time t are
fixed, while the HPs at t can be varied. The stated goal is to optimize the final perfor-
mance FT (hT ) with respect to a hyperparameter schedule {ht }T

t=1. The optimization is
sequential: the best choice at each step is defined as h̃t = argmaxht ft (ht ), where ft is the
improvement in Ft after one outer step of an algorithm: ft (ht ) = Ft (ht )−Ft−1(ht−1). This
corresponds to the dynamic sequential HPO setup in Eq. 4.2 with g t = ft . The regret is de-
fined as r̃t (ht ) = ft (h̃t )− ft (ht ). Let us reproduce Lemma 1 of Parker-Holder et al. (2020):
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Lemma 1 (Parker-Holder et al. (2020)). Maximizing the final performance FT of a model
with respect to a given hyperparameter schedule {ht }T

t=1 is equivalent to maximizing the
time-varying black-box function ft (ht ) and minimizing the corresponding cumulative
regret r̃t (ht ):

maxFT (hT ) = max
T∑

t=1
ft (ht ) = min

T∑
t=1

r̃t (ht ).

We find two issues with this lemma. The first is a minor technicality unrelated to our
main argument: max and min should be argmax and argmin. This is due to the proof
(Eq. 4.3) using FT (hT )−F1(h1) in place of FT (hT ). Subtracting a constant (as F1(h1) is
assumed to be) affects max but not argmax.

Secondly, we find that the lemma is proved in the setting of non-sequential opti-
mization (Eq. 4.1) rather than the sequential optimization actually performed by PBTs
(Eq. 4.2). We show that r̃ , the regret relative to the schedule {h̃t }T

t=1, lacks meaning in the
non-sequential setting, rendering any conclusions about it moot. Finally, we show that
the lemma does not hold in the sequential setting. Let us start with the original proof:

max[FT (hT )−F1(h1)] = max
T∑

t=1
[Ft (ht )−Ft−1(ht−1)] = max

T∑
t=1

ft (ht ) = min
T∑

t=1
r̃t (ht ).

(4.3)

Let us replace max with argmax, specify the arguments, replace F1 with F0 to cor-
rect the indexing of the telescoping sum, and expand the last transition (in accordance
to Parker-Holder et al. (2020)):

argmax
{ht }T

t=1

[FT (hT )−F0(h0)] = argmax
{ht }T

t=1

T∑
t=1

[Ft (ht )−Ft−1(ht−1)]

= argmax
{ht }T

t=1

T∑
t=1

ft (ht )

(4.4.3)= argmax
{ht }T

t=1

T∑
t=1

[
ft (ht )− ft (h̃t )

]= argmin
{ht }T

t=1

T∑
t=1

r̃t (ht ).

(4.4)

Observe that due to the dependencies between the summands, the argument of
argmax must be the entire schedule for the transitions in the original proof (Eq. 4.3) to
hold as written. Thus, the lemma is proved in the non-sequential setting. Let us next
consider transition (4.4.3) in Eq. 4.4: it holds because for each time t , ft (h̃t ) is a constant
(so these values do not influence argmax). However, this holds not just for {h̃t }T

t=1 but for
any schedule {h A

t }T
t=1 ∈ H T : for each time t , ft (h A

t ) is a constant, and therefore transition
(4.3) will hold also with ft (h A

t ) in place of ft (h̃t ) on the right side. Therefore, maximizing
ft is equivalent to minimizing the cumulative regret relative to this arbitrary schedule,
r A

t (ht ) = ft (h A
t )− ft (ht ).

Thus, we can use the proof of the lemma to conclude that the regret relative to all
possible schedules is minimized, making the original result about the specific regret r̃
lack meaning. The notion of minimizing regret relative to a schedule is problematic if the
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final performance is optimized non-sequentially: the optimal schedule will maximize FT

regardless of the schedule used to define the regret, as seen in the transition (4.3). The
lemma ignores the sequential nature of optimization that is fundamental to the design of
PBTs and that is required for a meaningful notion of regret relative to a schedule.

Next, we give a high-level argument that the lemma does not hold in the sequential
setting, with details provided in Appendix 4.A. ft (ht ) is defined as Ft (ht )−Ft−1(ht−1),
which reduces to Ft (ht ) during sequential optimization because Ft−1(ht−1) is constant
at time t . With ft (ht ) = Ft (ht ), performance at the current step is maximized rather
than the final performance. Due to potential dependencies on the past choices, greedily
optimizing Ft leads to worse final results (unless no dependencies are present, which
would make the greedy solution optimal). Thus, contrary to the statement of Lemma 1,
sequentially maximizing ft is not equivalent to maximizing the final performance FT .

In the theory underlying all Bayesian PBTs, Lemma 1 connects minimizing regret
to achieving optimal final performance. The associated regret bounds still hold, and
it is true that the returns of the schedules discovered by Bayesian PBTs asymptotically
approach those of {h̃t }T

t=1, as shown by Parker-Holder et al. (2020). Our contribution lies
in reinterpreting these results: the returns achieved by the Bayesian PBTs asymptotically
approach the returns of the greedy solution (which we find {h̃t }T

t=1 to be) that will only
be optimal if previous hyperparameter choices do not restrict achievable future results
(which cannot be generally expected).

4.4.2. Limitations of the current theoretical approach
The theoretical asymptotic behavior, while informative, does not completely describe
an algorithm’s behaviour in practice. Since Bayesian PBTs work with a population, a
solution that does not lead to the best performance at the current step may still survive
until the next step, where it may actually perform the best. Together with the search
space exploration performed by BO, this enables Bayesian PBTs to discover schedules
different from the greediest one (note that the exploit procedure can also influence
the (asymptotic) behavior despite not being included in the theory of Bayesian PBTs,
see Appendix 4.B).

Nonetheless, Bayesian PBTs are solving an optimization problem that is fundamen-
tally not aligned with the stated goal of optimizing the final performance. The TV-GPB
formalization is well-suited for time-varying problems where previous choices do not
affect future results, such as adjusting a thermostat (Bogunovic et al., 2016). However,
dynamic HPO typically does not fit this criterion, as it is a time-linked problem (Bosman,
2005), meaning that previous choices can strongly influence downstream results: e.g.,
reducing the learning rate too fast may improve performance in the short term, but in the
end leads to premature convergence and a suboptimal final result.

Note that the standard PBT optimizes the same greedy objective function as Bayesian
PBTs, but it does so less effectively due to its simple exploration via random perturbation
(in contrast to BO). However, since the greedy objective function being optimized does
not completely align with the true objective function (the final performance), the less
effective optimization of PBT can lead to better final results.

FIRE-PBT stands out because its higher-order subpopulations greedily optimize not
the current performance but the improvement rate, which encourages better long-term
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results. Changing the optimization problem is one way of aligning an online algorithm
with the target objective, see Section 4.6 for further discussion.

4.4.3. Step size as a mechanistic cause for the greediness of the PBT vari-
ants

All PBT variants operate on two levels. As discussed in Sections 4.2.1 and 4.3, on the upper
level, a PBT performs T outer steps of HPO, while on the lower level, within each outer
step, the underlying models are trained for stepinner gradient descent (GD) steps, to the
total of totalinner = T · stepinner steps over the entire run. While the totalinner budget is
fixed, the number of outer steps T is a hyperparameter of PBT that can be set freely by
appropriately adjusting stepinner: e.g., if the training budget is 100 epochs, they can be
split into 100 outer steps of 1 epoch, or 10 outer steps of 10 epochs, etc.

PBT variants optimize the objective function after one outer step, which can cor-
respond to an arbitrary number of inner steps. PBTs are blind to how long the inner
optimization is: no matter if the weights are trained for a single GD step or for many
epochs, it is still a single outer step for a PBT. What happens if we increase the number of
outer steps T ? Holding totalinner constant, this requires decreasing stepinner. A PBT will
still optimize one outer step ahead but fewer inner steps ahead. In terms of inner steps,
the optimization becomes greedier, as shorter-term improvements are pursued.

Thus, one mechanistic cause for how greedy a specific PBT variant behaves is the
number of outer steps T (or, equivalently, stepinner). It is not clear how T should be set,
as none of the PBT publications discuss it, while effectively using different values: 200
in PBT, 20 in PB2, 50 in PB2-Mix, 150 in BG-PBT.

Decreasing T could decrease greediness, as it is equivalent to increasing stepinner, i.e.,
how many inner steps ahead the optimization is done. However, this would also make
the schedule less granular and reduce the amount of exploration an algorithm can do,
which could degrade performance in challenging search spaces.

The optimal amount of greediness and thus the optimal value of T (or stepinner) is
likely to be task-specific, and may even vary during the optimization: Wan et al. (2022)
empirically observe that their chosen stepinner leads to excessively greedy behavior on
some tasks, and add linear annealing of stepinner for these tasks. We argue that stepinner
is an important hyperparameter which could influence the behavior of PBTs in any task.
We empirically demonstrate in Section 4.5.4 that varying the number of outer steps can
change not only the final performance but also which PBT variant performs best.

4.5. Experiments & Results
4.5.1. General setup
We compare the PBT variants on image classification, RL, and toy problems. In our main
classification experiments, the PBTs optimize hyperparameters of a ResNet-12 (He et al.,
2016) on Fashion-MNIST (Xiao et al., 2017) and CIFAR-10 (Krizhevsky & Hinton, 2009)
datasets (see Appendix 4.C for further details).

In main RL experiments, a Proximal Policy Optimization (PPO) (Schulman et al., 2017)
agent is trained on the Hopper and Humanoid tasks from the Brax library (Freeman et al.,
2021). These tasks were selected because Wan et al. (2022) reported that PBTs tended to
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get stuck in local optima if the step size was small and we wanted to see if Perturbation
PBTs could avoid local optima better than Bayesian PBTs.

By default, only the Learning Rate (LR) is tuned in the classification experiments, i.e.,
the small search space is used (see Appendix 4.E for the description of search spaces)
but we found that for the Humanoid task this leads to minimal performance differences
between PBTs (see Section 4.5.5) which motivated using the large search space in the RL
experiments. For classification, the large search space is used in the scaling experiments
(Sections 4.5.6 and 4.5.7) so that the scaling of PB2-Mix could be observed. PB2-Mix is
equivalent to PB2 in continuous search spaces and so is excluded from the experiments
in the small space.

Unless specified otherwise, the PBTs are run with a population of size 22, see Ap-
pendix 4.D for the explanation, as well as other implementation details of PBTs. Five
random seeds were used for the classification and toy experiments, while seven seeds
were used for RL (known to have high variability). We typically plot Interquartile Mean
(IQM) and Interquartile Range (IQR) in order to focus on average tendencies rather than
outliers, similar to previous work (Parker-Holder et al., 2020). Statistical testing is de-
scribed in Appendix 4.F.

4.5.2. Toy problems: plain and time-linked

In this section, we describe two toy problems: one where effective greedy optimization
leads to better results, and another where the less greedy optimization is preferable.

The problems are created based on the toy problem from Jaderberg et al. (2017),
where a quadratic function Q(θ) = 1.2−(θ2

0+θ2
1) is maximized without knowing its formula.

Instead, a differentiable surrogate function is provided Q̂(θ) = 1.2−(h0θ
2
0+h1θ

2
1), with h =

[h0,h1] as the hyperparameters to be optimized. The gradient is ∇θQ̂ =−2hθ, therefore
h should be greedily maximized to reach the optimum faster. We slightly adjust this
problem and refer to it as PlainToy. Namely, we make θ one-dimensional, and replace
h with 2−h to prevent h from going to infinity (while allowing it to increase up to 2).
The objective is g1(θ) = 1.2−θ2, the surrogate is ĝ1(θ) = 1.2− (2−h)θ2, the gradient is
∇ĝ1 =−2(2−h)θ. The initial values are uniformly randomly sampled from [0.9,1.1]. This
problem is designed so that the greedy behavior of reducing h to 0 as fast as possible is
also the optimal behavior that leads to the best final result. On this problem, the greedier
algorithms are expected to outperform the less-greedy ones.

Our second problem, TimeLinkedToy, is designed so that the greediest solution is
optimal in the short-term but suboptimal in the long-term. It is an extension of the
PlainToy with an additional penalty that is incurred by deviating from a linear decay
schedule. As such, 2−h is replaced with max(2−h−c ·pt−1,0), where pt−1 =

∑t−1
i=0 |hi−T−i

T |
(hi denotes the historical value of h at time i ) and c = 0.2 (a constant to control the impact
of the penalty). The “max” function is added to prevent the surrogate gradient from
degrading the objective when the penalty grows large (making the gradient incorrect).
The objective is g2(θ) = 1.2−θ2, the surrogate is ĝ2(θ) = 1.2−max(2−h−c ·pt−1,0)·θ2, the
gradient is ∇ĝ2 =−2·max(2−h−c ·pt−1,0)·θ. With c < 1, rapidly reducing h gives the best
results in the first steps but the penalty gradually adds up, eventually stopping all progress.
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Figure 4.2: The performance of PBTs on the toy problems. For each problem, on the left,
the IQM of the objective is shown (with IQR shaded), and on the right, the average value
of the hyperparameter h (with the standard deviation shaded).

4.5.3. Bayesian PBTs underperform Perturbation PBTs when greedy
choices are harmful in the long term

Based on our theoretical analysis in Section 4.4, Bayesian PBTs should perform worse than
Perturbation PBTs when short-term improvement is detrimental to long-term success
(and they should perform better if not). The goal of the experiments in this section is
to empirically validate these claims.

Toy problems We start with the PlainToy problem, where the greediest solution is
optimal. Figure 4.2a shows that all PBT variants successfully solve PlainToy by reducing
the hyperparameter h to zero. Bayesian PBTs find the optimum faster than PBT, achieving
better intermediate results. The less greedy FIRE-PBT reduces h the slowest, which leads
to the slowest improvement (see the inset in Figure 4.2a (left)).

The results are different for the TimeLinkedToy problem (Figure 4.2b), where the
greediest solution is optimal in the short but not the long term. Bayesian PBTs again
quickly reduce h to zero, which leads to large penalties downstream due to deviating from
the target linear decay schedule. Cumulative penalties eventually stop all progress of
Bayesian PBTs, leading to poor final performance. Standard PBT, which cannot reduce
the LR as quickly, performs better than the Bayesian PBTs, while FIRE-PBT achieves the
best result by successfully addressing time linkage.

Classification Figure 4.3 shows the results of optimizing the LR of an image classifier.
For both datasets, Perturbation PBTs on average outperform Bayesian PBTs in terms
of final accuracy. This is due to Bayesian PBTs decaying the LR too aggressively. It is
interesting to see in Figure 4.3a that the latest PBT variant, BG-PBT, reduces LR the fastest
and on average performs better at the start of the training — only to be later overtaken by
a less recent PB2 that reduces the LR somewhat slower. PB2, in its turn, is overtaken by
PBT that reduces the LR even more gradually. However, by that point, the eventual winner,
FIRE-PBT, already outperforms others despite starting off as the worst. Figure 4.3b shows
similar behaviour.

These results are consistent with our analysis in Section 4.4. They clearly demonstrate
in a practical setting that more effective Bayesian optimization can, in fact, be greedier
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Figure 4.3: The performance of PBTs on the classification tasks. For each dataset, on
the left, the IQM of the accuracy is shown, and on the right, the median LR of the best
solution. The IQRs are shaded.

optimization, ultimately leading to worse results. Note, however, that depending on the
budget, different algorithms should be considered best: for Fashion-MNIST, BG-PBT
performs best after ≈ 5,000 steps, whereas PB2 is the best after ≈ 10,000 steps. This
implies that the properties of the task as well as the budget influence which PBT should
be used for obtaining the best results.

Reinforcement learning Figure 4.4 shows the scores of the PBTs on RL tasks when either
30 or 100 outer steps are used. In the latter case, the algorithm with the highest final score
on both tasks is a Bayesian PBT (BG-PBT for Hopper, PB2-Mix for Humanoid), performing
well throughout the training. Although a pattern of rapid improvement followed by
stagnation is visible in Figure 4.4b (similar to the classification tasks), Perturbation PBTs
generally fail to overtake the Bayesian ones like they did in the classification tasks. When
30 outer steps are used (Figure 4.4a), Bayesian PBTs again tend to be better, although
PBT marginally outperforms BG-PBT on Hopper (while continuing to perform poorly on
Humanoid). We can conclude that in complex RL tasks and search spaces, the greedier
but more effective optimization of Bayesian PBTs can lead to better results than the less
greedy and less effective optimization of Perturbation PBTs.
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Figure 4.4: The performance (IQM, with IQR shaded) of PBTs on the RL tasks with 30 or
100 outer steps.
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4.5.4. The number of outer steps impacts the greediness and the relative
performance of PBT variants

In Section 4.4.3, we reasoned that increasing the number of outer steps (while keeping
the number of inner steps constant) should make a PBT variant greedier. Let us first
examine the results for the classification tasks in Figure 4.5 (a, b). Bayesian PBTs perform
well when the number of outer steps is very low (3) as they are able to effectively find
good LR values despite having few exploration opportunities, unlike the less-effective
Perturbation PBTs (which consequently perform worse in this setting). However, as the
number of outer steps increases, the performance of Bayesian PBTs tends to worsen,
since they start to effectively optimize the increasingly shorter-term objective.

On the other hand, Perturbation PBTs strongly improve when the number of outer
steps goes from 3 to 10, as they have more opportunities to explore the search space
but not enough to arrive at the greedy solution that optimizes short-term performance
improvement. However, as the number of outer steps is further increased, the Pertur-
bation PBTs become capable of effective greedy optimization, and their performance
deteriorates (at 30 steps for PBT, at 100 steps for FIRE-PBT).

The impact of the number of outer steps on RL scores (Figure 4.5 (c, d)) does not
follow a clear pattern. PBT peaks at different number of outer steps in different tasks
while FIRE-PBT show consistently poor performance. BG-PBT tends to outperform PB2
and PB2-Mix but as the number of outer steps is increased, its performance improves on
Hopper and deteriorates on Humanoid. As discussed in Section 4.5.3, greedy optimization
does not appear as detrimental for these tasks as for the classification tasks, explaining
absence of a similar interpretable pattern. Nonetheless, the number of outer steps
affects both the absolute and the relative performance of the PBT variants (in most cases),
highlighting the importance of this HP also in tasks without strong time linkage.

4.5.5. As the search space size is increased, performance of PBTs tends
to improve

We investigated how the relative and absolute performance of PBT variants change when
the size of the search space is varied. Figure 4.6 shows the performance of PBTs in search

3 10 30 100
Number of steps

94.5

95.0

95.5

Ac
cu

ra
cy

↑

PBT
PB2

BG-PBT
FIRE-PBT

(a) Fashion-MNIST

3 10 30 100
Number of steps

90

92

94

Ac
cu

ra
cy

↑

PBT
PB2

BG-PBT
FIRE-PBT

(b) CIFAR-10

3 10 30 100
Number of steps

1200

1800

2400

Sc
or

e↑

PBT
PB2

PB2-Mix
BG-PBT

FIRE-PBT

(c) Hopper

3 10 30 100
Number of steps

6000

8000

10000

Sc
or

e↑

PBT
PB2

PB2-Mix
BG-PBT

FIRE-PBT

(d) Humanoid

Figure 4.5: The performance (IQM and IQR) of the PBT variants as the number of outer
steps is varied, while the number of inner steps (Stochastic Gradient Descent (SGD) steps
for classification, environment steps for RL) is kept constant.
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Figure 4.6: The performance (IQM and IQR) of the PBT variants as the search space size is
increased. Some IQR marks are invisible due to the IQR being too narrow.

spaces of different sizes (note that search spaces differ between the classification and
RL tasks, see Appendix 4.E).

As can be seen in Figure 4.6 (a, b), for classification, FIRE-PBT tends to perform best in
all search spaces, with performance increasing in larger search spaces (which shows that
optimizing additional hyperparameters is beneficial). The performance of PBT improves
when going from the small to the medium search space but deteriorates in the large space.
The latter observation is likely due to inability of PBT to optimize the increased number
of variables. The performance of Bayesian PBTs tends to increase with the search space
size, although without reaching the level of performance of FIRE-PBT.

Figure 4.6 (c, d) shows that the performance of all PBT variants improves on the RL
tasks as more HPs are optimized in larger search spaces. The relative performance of
PBTs varies strongly, with no algorithm significantly outperforming others or even con-
sistently achieving a higher average rank (see Appendix 4.F). Interestingly, the difference
in performance of the same PBT variant across search spaces can be larger than the
differences between PBTs in the same search space. The disappointing relative perfor-
mance of FIRE-PBT in most RL search spaces despite its excellent performance across
classification search spaces serves as evidence that FIRE-PBT is not generally superior
to the other PBT variants.

4.5.6. As the population size is increased, performance of PBTs tends
to improve

We investigated the effect of increasing the population size on the performance of the
PBT variants. Bayesian PBTs were designed to work well with a small population (typically
8, although scaling to larger populations was shown to be beneficial) while Perturbation
PBTs tend to use a population size of at least 20.

Consequently, even for the time-linked classification tasks, PBT and FIRE-PBT do not
outperform the Bayesian PBTs if the population size is 8 (see Figure 4.7 (a, b)). However, as
the population size increases, FIRE-PBT strongly outperforms all the other variants on the
classification tasks, with PBT tending to be second-best as the population size reaches 50.

Figure 4.7 (c, d) shows that on RL tasks, Perturbation PBTs again perform poorly with
a population size of 8. While they tend to improve with an increasing population size,
they typically still underperform Bayesian PBTs, except for PBT on Hopper. PBT performs
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Figure 4.7: The performance (IQM and IQR) of the PBT variants as the population size is
increased.

well not only with a population size of 22 (as previously seen in Section 4.5.3), but with
a population size of 50 as well. Which properties of the task lead to these results is an
open question. In general, performance of all PBTs tends to improve as the population
size is increased, consistently with their nature as population-based algorithms. At the
same time, the relative positions of the PBT variants changes across population sizes
and tasks, with no algorithm significantly outperforming others, except for FIRE-PBT on
classification tasks with population sizes of 22 and 50 (see Appendix 4.F).

4.5.7. PBTs scale differently in terms of wall-clock time
An attractive property of PBT variants is their ability to optimize hyperparameters within
the wall-clock time of a single training run, if all N networks in the population are trained
in parallel. We would like to add nuance by considering how much extra time the ad-
vanced PBT variants spend, and what they spend it on.

The first source of extra time spending is intermediate evaluations. At the end of each
outer step, all networks need to be evaluated, with more outer steps requiring more
evaluations and longer wall-clock time.

All PBT variants except for FIRE-PBT use the same number of evaluations. FIRE-PBT
requires an order of magnitude more intermediate evaluations to compute the IR objective
used in the higher-order subpopulations. As a result, FIRE-PBT tends to take the longest
wall-clock time, which is noticeable for RL tasks where evaluations interrupt efficient
Brax-enabled training. Figure 4.8 (a) shows that increasing the number of steps increases
the total time spent on training and evaluation by all the algorithms but especially by
FIRE-PBT.

The second source of extra time spending comes from selecting new hyperparameters
in the explore step. The Bayesian PBTs optimize the hyperparameters of the GP and
the acquisition function, while the random perturbation of PBT is near-instantaneous.
FIRE-PBT fits several GPs when computing the IR objective. The cost of these additional
operations could be influenced by the search space and the population size.

As can be seen in Figure 4.8 (b), increasing the search space size strongly affects only
BG-PBT and PB2-Mix. BG-PBT slows down considerably when going from a continuous
search space (small) to a mixed search space (medium), but does not meaningfully slow
down when the number of variables is further increased in large. PB2-Mix, on the other
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Figure 4.8: Wall-clock time (mean ± st. dev.) taken by the PBTs on the Hopper task in
various setups.

hand, is slower in the large search space than in the medium search space. This is
consistent with BG-PBT relying on a more efficient BO algorithm. Figure 4.8 (c) shows
that increasing the population size does not affect per-population-member update times,
except for PB2-Mix: a larger population creates more data for the fitting of a GP, which
appears to slow down more than linearly (which would correspond to a horizontal line).
The exploration of FIRE-PBT incurs negligible costs, as does the exploration of PBT.

4.5.8. Do our observations generalize to similar settings?
Our computation budget is limited (since each PBT run entails training multiple neural
networks, the total computational cost of the main experiments reach ≈ 900 GPU-days)
but we would still like to know whether changes in the experimental setup would substan-
tially alter the results. For this purpose, we run additional experiments in selected settings.

Classification CIFAR-100 (Krizhevsky & Hinton, 2009) is a step-up in complexity from
CIFAR-10 in number of classes. Tiny ImageNet (Stanford CS231N, 2017) is larger still in
number of classes, number of samples, and resolution (which we upsample to 2242). This
motivates training a larger architecture (ConvNeXt-T (Z. Liu et al., 2022)) for 3 times more
steps. We use the large search space, and 100 outer steps, further details are provided
in Appendix 4.C.

Figure 4.9a shows that FIRE-PBT performs best on CIFAR-100, as expected. The
standard PBT does not outperform the Bayesian PBTs, likely due to the search space
being large, which is consistent with our findings presented in Section 4.5.5. On Tiny
ImageNet, however, FIRE-PBT manages only to catch up to other PBTs but is not able
to overtake them. The combination of increased difficulty of the underlying task and
the large search space may strain the simple exploration procedure of FIRE-PBT that
nonetheless performs best in the small space, as expected (see Appendix 4.G). These
results highlight the difficulty in choosing the PBT variant that would perform best for a
specific task, search space, and budget, as discussed in Section 4.5.3.

Reinforcement learning We chose to evaluate on Brax Pusher and Walker tasks be-
cause they were not previously optimized by any PBT variant. Figure 4.9 shows that the
algorithm that achieves the best final result, PB2-Mix, tends to perform well throughout
optimization, with no issues caused by greediness (similarly to what we observed on
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Figure 4.9: The performance (IQM, with IQR shaded) of PBTs on additional tasks.

Hopper and Humanoid). PB2-Mix outperforming BG-PBT on both tasks is consistent with
our previous results, where PB2-Mix was also found to be better than BG-PBT in some
settings. On the other hand, in some previously considered settings, BG-PBT tended to
perform better, preventing the conclusion that one of the two algorithms is superior.

4.6. Discussion & Conclusion
In this work, we compared five single-objective PBT variants on image classification and
RL tasks, and found no single best algorithm that is capable of outperforming others in all
(or even most) considered settings. This is partially explained by different PBT variants
exhibiting (and different tasks requiring) different degrees of greediness. If good long-
term results are achieved by optimizing short-term performance gains, then effective
optimization of Bayesian PBTs is beneficial. If, however, effectively optimizing short-
term gains compromises long term results, then even the standard PBT can outperform
Bayesian PBTs, with FIRE-PBT performing even better. In our experiments, optimizing RL
hyperparameters fell into the first category, while optimizing the LR of an image classifier
typically fell into the second one.

From a theoretical perspective (as discussed in Sections 4.4.1 and 4.4.2), the un-
derwhelming results of BO in time-linked settings stem from effectively solving an op-
timization problem that is not fully aligned with the desired goal of maximizing final
performance. Is there an alternative to formalizing dynamic HPO as optimization of a
time-varying function? In Eq. 4.1, we defined as optimum the schedule optimized over all
steps simultaneously, which is incompatible with the efficiency brought by the sequential
optimization of PBTs. Nonetheless, greedy optimization could be improved upon, e.g.,
by using an estimate of the future performance as the objective (Bosman, 2005), or, as in
FIRE-PBT, by letting a subset of the population optimize an alternative objective directed
at long-term performance.

The objective of all PBT variants except FIRE-PBT is to optimize performance after one
outer step of the algorithm. We observe that by changing how much inner optimization
(e.g., via gradient descent) is performed within an outer step, we can influence how
greedily an algorithm behaves on time-linked tasks (although it is not the only effect,
as discussed in Section 4.4.3). Varying the step size can substantially affect both the
absolute and the relative performance of the PBT variants in all settings, with no single
best value across algorithms and settings. Potentially having to try several values reduces
the benefits of PBTs: efficiency and running within the wall-clock time of a single training.
In order for a more complete picture of the upsides and downsides of different approaches



4

76 4. To Be Greedy, or Not to Be — That Is the Question for PBT Variants

to dynamic HPO to emerge, alternative dynamic HPO algorithms should be studied and
compared both to PBTs and to each other.

PBT variants typically do not add much wall-clock time to the training of the underly-
ing model (if it is large enough), with the exception of FIRE-PBT. Its success in optimizing
time-linked problems comes at a cost of an order of magnitude higher number of evalua-
tions, which can be ignored if the evaluations are fast but adds up if they are not (as in
our RL experiments). Future work could investigate the possibility of performing fewer
intermediate evaluations or formulating a more efficient alternative to the improvement
rate objective.

While we separately varied the number of steps of PBTs, their population sizes, and
the search-space sizes, we did not tune them jointly, nor have we fully explored all PBT
hyperparameters (e.g., we varied λ of the truncation selection only in a few settings,
as reported in Appendix 4.I; the perturbation factor of FIRE-PBT was also varied in a
limited number of settings, see Appendix 4.J). Arguably, efficient HPO algorithms should
perform well without requiring tuning of their HPs, as this only shifts the HPO problem
to a higher level. While the untuned hyperparameters is a limitation of our work, we
believe that our conclusions on the interplay of the greediness and performance of the
PBT variants in time-linked settings are general, given their theoretical underpinnings
that align with empirical results. Deeper investigation of the interaction between the
hyperparameters, the performance, and the behaviour of PBTs is a potentially interesting
subject for future work.

Although our theoretical and empirical results can explain behaviour of PBT variants
optimizing the LR of a classifier, they are far from a complete explanation of behaviour
of PBTs on arbitrary tasks. Further understanding why a PBT variant performs poorly or
well on a specific underlying task is an intriguing avenue of future research.
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Appendix
4.A. Detailed reasoning on Lemma 1 in sequential setting
Here we show that Lemma 1 does not hold in the sequential setting: specifically, that
sequential maximization of ft does not generally result in optimal FT . Parker-Holder
et al. (2020) consider as optimal the schedule

{h̃t }T
t=1 = {argmax

h1

f1(h1),argmax
h2

f2(h2), . . . ,argmax
hT

fT (hT )}.

Recall that ft (ht ) is defined as Ft (ht ) − Ft−1(ht−1). For sequential optimization,
Ft−1(ht−1) is constant at time t . Therefore, it does not influence the optimization of
ft (ht ), allowing us to replace argmaxht

ft (ht ) with argmaxht
Ft (ht ), revealing that {h̃t }T

t=1
is simply the greedy schedule {argmaxh1 F1(h1),argmaxh2 F2(h2), . . . ,argmaxhT FT (hT )}.
Consequently, sequentially maximizing ft is equivalent to greedily maximizing Ft at each
t (in other words, optimizing a proxy ft (rather than the objective itself, Ft ) makes no
difference in the outcome).

Such greedy maximization does not, in general, maximize the final performance.
Although we and Parker-Holder et al. (2020) write Ft as a function of only ht , this is not
correct in the context of dynamic HPO. Previous hyperparameter choices can influence
future results via the weights inherited from the previous step (e.g., too high a learn-
ing rate can lead to divergence that cannot be recovered from). Thus, performance at
step t is not generally independent of the previous steps, which can be made explicit:
Ft (ht |h1 . . .ht−1) = Q(train(θ1|{hi }t

i=1)).
Due to potential dependencies on the past choices, greedily optimizing Ft leads to

worse results (unless no dependencies are present, which would make the greedy solution
optimal):

max
{ht }T

t=1

FT (hT |h1 . . .hT−1) ≥ FT (h̃T |h̃1 . . . h̃T−1)

where {h̃t }T
t=1 = {argmax

h1

F1(h1),argmax
h2

F2(h2|h̃1), . . . ,argmax
hT

FT (hT |h̃, . . . h̃T−1)}.

To sum up, in the sequential setting, contrary to the statement of Lemma 1, maxi-
mizing ft is not equivalent to maximizing the final performance FT (even though it is
equivalent to minimizing regret r̃t ).

4.B. Theoretical consequences of the exploit procedure: an
example

One can imagine a variant of the truncation selection where only the best solution in
the population survives, and all others are replaced, with the weights copied from this
solution, and hyperparameters explored via BO. Asymptotically, as population size goes
to infinity, the best greedy solution maximizing current performance will be discovered at
each step t . Only the weights from this solution will be present in the population of the
next step, thus making sure that all schedules discovered in the future have the “greedy”
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hyperparameters at the time t . The final schedule will have the “greedy” hyperparameters
at each step, i.e., it will be the greediest schedule.

On the other hand, if truncation selection with λ< 50% is used, the population size
going to infinity allows for many suboptimal-in-the-short-term weights to be preserved
at each step, likely preventing the dominance of the greediest solution.

This is only an illustrative example of the potential influence of the exploit procedure
on the results that can occur despite the BO component remaining constant. We hope to
encourage a deeper theoretical treatment of the exploit procedure in future research.

4.C. Task implementation details
Classification The default training hyperparameters are: 50,000 SGD steps with a batch
size of 128, a learning rate of 0.1, weight decay set to 0.0005, and the use of RandAug-
ment (Cubuk et al., 2020) with 1 augmentation of magnitude 10.

The CIFAR-10/100 (Krizhevsky & Hinton, 2009) datasets contain 50,000 training and
10,000 testing samples each, we further separate 10,000 images from the training set to
use as the validation set. The Fashion-MNIST (Xiao et al., 2017) contains 60,000 training
and 10,000 testing samples, we further separate 10,000 images from the training set to
use as the validation set. The Tiny ImageNet (Stanford CS231N, 2017) dataset contains
100,000 training, 10,000 validation, and 10,000 test samples. The labels for the test set
are not available, therefore we treat the original validation set as the test set and separate
10,000 images from the training set to use as the validation set.

For each dataset, the validation set is used during the search to estimate the quality
of a solution. The results in the main text are reported on the validation set so that the
algorithms would be compared in terms of the objective they were optimizing. It also
allows us to compare the intermediate performance. The final models are also evaluated
on the test set. We observe that the results are similar to those on the validation set, see
Figures 4.12-4.14 (Appendix 4.H).

RL For the RL tasks, we follow the setup of Wan et al. (2022) where hyperparameters of a
PPO (Schulman et al., 2017) agent are tuned for 150 million environment interactions on
the tasks from the Brax library (Freeman et al., 2021). To avoid overfitting to a single seed, a
different random seed is set in each outer step of a PBT. The test performance is evaluated
on a previously unseen seed. Both the validation and the test rewards are averages over
256 parallel rollouts. The test results are presented in Figures 4.12-4.14 (Appendix 4.H).
We would like to highlight that the validation and test performance on the RL tasks is
almost identical. The common RL issue of the train-test performance gap (Eimer et al.,
2023) was avoided by using a different random seed in each outer step of a PBT algorithm.

For further implementation details, see our codebase: https://github.com/
AwesomeLemon/PBT-Zoo. The codebase includes configuration files for all experiments,
as well as code for plotting and statistical testing.

4.D. PBT variants implementation details
Population sizes are set based on the requirements of FIRE-PBT: while the other PBTs
have a single population, we use FIRE-PBT with two hierarchical subpopulations and

https://github.com/AwesomeLemon/PBT-Zoo
https://github.com/AwesomeLemon/PBT-Zoo
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an evaluator subpopulation. To avoid the evaluators staying idle, their number should
be equal to (100−λ)% of the second subpopulation, where λ is the hyperparameter
of the truncation selection (25% by default). We follow Dalibard & Jaderberg (2021) in
using population sizes of 22 (two subpopulations of size 8, and 6 evaluators) and 50
(two subpopulations of size 18, and 14 evaluators). We additionally consider the smaller
population size of 8, which is typically used by the Bayesian PBTs. In this setting, FIRE-PBT
has two subpopulations of size 3, and 2 evaluators. The λ for FIRE-PBT is appropriately
increased to 34% from the default 25%.

In Perturbation PBTs, we use {0.5,2.0} as factors for perturbation. For some hyperpa-
rameters with narrow ranges, a perturbation can only flip between the maximum and
minimum values, preventing reasonable exploration. To address this, in our implemen-
tation, we check if the variable range is narrow like this, and if so, normalize the range
to [0.0,1.0], perform random perturbation in the normalized range, and renormalize the
resulting value back to the original range.

We implemented FIRE-PBT from scratch, as no implementation was available. PBT
was also implemented from scratch. As to PB2, PB2-Mix, and BG-PBT, we built upon the
official implementations and adapted implementations of PB2-Mix and BG-PBT to be
task-agnostic. Furthermore, we have fixed several issues with the gradients of PB2 and
PB2-Mix that were present in these implementations (the issues were confirmed by the
original authors in private communication). Specifically:

• PB2: The gradient of variance should not square the length scale, as it is not squared
in the forward path of the kernel (https://github.com/jparkerholder/PB2/blob/
master/kernel.py, lines 31, 47). Alternatively, the length scale could be squared in
both places.

• PB2: The gradient of variance should be multiplied by the value of the time kernel,
which is independent of it and is multiplied by it in the forward path (https://github.
com/jparkerholder/PB2/blob/master/kernel.py, lines 33, 47).

• PB2: The gradient of the length scale has an erroneous additional factor of “-2”,
which can be confirmed by taking the gradient of the kernel with respect to the
length scale (https://github.com/jparkerholder/PB2/blob/master/kernel.py, line
48).

• PB2-Mix: The gradient of the length scale has an erroneous minus sign, which is
absent in the gradient formula in the PB2-Mix publication itself (https://github.
com/jparkerholder/procgen_autorl/blob/main/pb2_utils.py, line 248).

Based on our preliminary experiments, these changes did not impact the final results
achieved by the algorithms but substantially improved their exploration speed. This
happened because the errors led to some gradients having signs opposite to the correct
ones, which deteriorated the performance of L-BFGS that relied on these analytical
gradients to optimize the hyperparameters of the kernel.

https://github.com/jparkerholder/PB2/blob/master/kernel.py
https://github.com/jparkerholder/PB2/blob/master/kernel.py
https://github.com/jparkerholder/PB2/blob/master/kernel.py
https://github.com/jparkerholder/PB2/blob/master/kernel.py
https://github.com/jparkerholder/PB2/blob/master/kernel.py
https://github.com/jparkerholder/procgen_autorl/blob/main/pb2_utils.py
https://github.com/jparkerholder/procgen_autorl/blob/main/pb2_utils.py
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4.E. Search spaces
In classification tasks, the small search space corresponds to searching just the learning
rate. In the medium space, the number of augmentations in RandAugment and the
augmentation strength are additionally considered. The large space also includes weight
decay and momentum. See Table 4.1.

Hyperparameter Type Exponent base Range

learning rate real 10 [-6, 0]
number of augmentations integer ✗ [1, 4]
augmentation strength integer ✗ [1, 30]
weight decay real 10 [-8, -2]
momentum real ✗ [0.5, 0.999]

Table 4.1: Hyperparameter tuning ranges for the classification tasks. All variables above
the first and the second dashed lines are included in the small and medium search spaces
accordingly, while the full table corresponds to the large search space.

In RL tasks, our search space is based on that of Wan et al. (2022), with architecture-
related hyperparameters omitted. We also narrow the ranges of the “batch size” and
“number updates per epoch” hyperparameters in order to reduce the computational
burden of the experiments. We refer to the resulting search space as large. The medium
space is its subset that contains only “learning rate”, “entropy coefficient”, and “batch
size”. The small space contains “learning rate” only. See Table 4.2.

Hyperparameter Type Exponent base Range

learning rate real 10 [-4, -3]
entropy coefficient real 10 [-6, -1]
batch size integer 2 [8, 10]
discount factor real ✗ [0.9, 0.9999]
unroll length integer ✗ [5, 15]
reward scaling real ✗ [0.05, 20]
number of updates per epoch integer ✗ [2, 16]
GAE parameter real ✗ [0.9, 1]
clipping parameter real ✗ [0.1, 0.4]

Table 4.2: Hyperparameter tuning ranges for the RL tasks. All variables above the first and
the second dashed lines are included in the small and medium search spaces accordingly,
while the full table corresponds to the large search space.

4.F. Statistical analysis
Due to high computational costs and the large number of settings considered in this
article, we were able to run each algorithm with only a few random seeds in each setting:
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5 seeds for the classification tasks, 7 seeds for the RL tasks. To partially counteract the
lack of data, the results of the classification tasks were pulled together (so that each of
the algorithm had 10 data points), and the results of the RL tasks were pulled together
(so that each algorithm had 14 data points).

The tests were performed independently in each setting, with the target p-value
of 0.05. Firstly, a Friedman test (Friedman, 1937) was performed to determine if any
algorithm achieved results statistically different to those of the others. If so, pairwise
signed Wilcoxon rank tests (Wilcoxon, 1992) with Holm correction (Holm, 1979) were
performed. The results are presented in Figure 4.10 and referenced in the main text. We
would like to additionally speculate that repeating experiments more times could lead to
more significant differences found in some cases with large differences in average ranks
(e.g., between PB2 and FIRE-PBT in Figure 4.10 (a) with 3 steps).

1 2 3 4
3

10

30

100

Rank

St
ep

s

PBT
PB2
BG-PBT
FIRE-PBT

(a) Classification tasks: vary number of steps

1 2 3 4 5
3

10

30

100

Rank
St

ep
s

PBT
PB2
PB2-Mix
BG-PBT
FIRE-PBT

(b) RL tasks: vary number of steps

1 2 3 4 5

small

medium

large

Rank

Se
ar

ch
sp

ac
e PBT

PB2
PB2-Mix
BG-PBT
FIRE-PBT

(c) Classification tasks: vary search space

1 2 3 4 5

small

medium

large

Rank

Se
ar

ch
sp

ac
e PBT

PB2
PB2-Mix
BG-PBT
FIRE-PBT

(d) RL tasks: vary search space

1 2 3 4 5

8

22

50

Rank

Po
pu

la
tio

n
siz

e PBT
PB2
PB2-Mix
BG-PBT
FIRE-PBT

(e) Classification tasks: vary population size

1 2 3 4 5

8

22

50

Rank

Po
pu

la
tio

n
siz

e PBT
PB2
PB2-Mix
BG-PBT
FIRE-PBT

(f) RL tasks: vary population size

Figure 4.10: Critical difference diagrams for PBTs. Algorithms within a bracket were not
found to be statistically significantly different from each other. Each row in each subfigure
corresponds to one experimental setting that was analyzed independently of all others.
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4.G. Additional results on Tiny ImageNet

In Section 4.5.8, we unexpectedly found that FIRE-PBT does not outperform other PBTs
on Tiny ImageNet in the setting where it did so for all other datasets (Fashion-MNIST,
CIFAR-10/100): large search space, 100 outer steps. We hypothesized that this could
be due to the increased difficulty of the underlying task in combination with the large
search space. To test the impact of the search space, we ran an additional experiment
in the small search space. Figure 4.11 shows that in this setting FIRE-PBT outperforms
other variants, as expected.
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Figure 4.11: The performance (IQM, with IQR shaded) of PBTs on Tiny ImageNet in the
small search space.

4.H. Results on the test split
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Figure 4.12: Test performance (IQM and IQR) of the PBT variants as the number of outer
steps is varied, while the number of inner steps (SGD steps for classification, environment
steps for RL) is kept constant.
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Figure 4.13: Test performance (IQM and IQR) of the PBT variants as the search space size
is increased. Some IQR marks are invisible due to IQRs being too narrow.
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Figure 4.14: Test performance (IQM and IQR) of the PBT variants as the population size is
increased.

4.I. Impact of λ on performance of the PBT variants

To evaluate the impact of the truncation selection parameter λ on the performance of
PBTs, we repeat a subset of experiments from Figure 4.5 (specifically, those with CIFAR-10
and Humanoid) with the value of λ of truncation selection changed from the default
25% to 12.5%.

Figure 4.15 shows the difference in IQM that arise from such a change of λ. It can be
generally observed that decreasing lambda improves results for some combinations of
(algorithm, number of steps) but leads to worse results in others. Therefore, we cannot
conclude that one of the considered values of lambda should be generally preferred.

Interestingly, all algorithms seem to benefit from the decreased lambda when the
number of steps is 100. Since smaller λ corresponds to lower selection pressure and
slower evolution, reducing it could be especially helpful in reducing short-term focus of
optimization in this setting of many steps. We leave further investigation of the interaction
between the hyperparameters and the performance of PBTs for future research.
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Figure 4.15: Differences in IQMs of the performance of the PBT variants when changing
the value of λ of truncation selection from 25% to 12.5%.

4.J. Impact of the perturbation factor on performance of
FIRE-PBT in challenging search spaces

In order to evaluate the potential impact of the perturbation factor hyperparameter of
FIRE-PBT on its performance in larger and more challenging search spaces, we have run
FIRE-PBT with the perturbation factor of 1.25 instead of 2.0 in the large search space
on two RL tasks, Hopper and Humanoid. As can be seen in Figure 4.16, the smaller
perturbation factor leads to a decreased score on Hopper and an increased score on
Humanoid. This indicates that the perturbation-based search procedure is sensitive to the
perturbation factor, which may need to be tuned per task to achieve optimal performance.
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Figure 4.16: The performance (IQM and IQR) of FIRE-PBT when the perturbation factor
is reduced from 2.0 to 1.25. The large search space is used.
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Iterated Population Based

Training with Task-Agnostic
Restarts

Hyperparameter Optimization (HPO) can lift the burden of tuning hyperparameters
(HPs) of neural networks. HPO algorithms from the Population Based Training
(PBT) family are efficient thanks to dynamically adjusting HPs every few steps of
the weight optimization. Recent results indicate that the number of steps between
HP updates is an important meta-HP of all PBT variants that can substantially affect
their performance. Yet, no method or intuition is available for efficiently setting its
value. We introduce Iterated Population Based Training (IPBT), a novel PBT variant
that automatically adjusts this HP via restarts that reuse weight information in a
task-agnostic way and leverage time-varying Bayesian optimization to reinitialize
HPs. Evaluation on 8 image classification and reinforcement learning tasks shows
that, on average, our algorithm matches or outperforms 5 previous PBT variants
and other HPO algorithms (random search, ASHA, SMAC3), without requiring a
budget increase or any changes to its HPs.

The contents of this chapter are based on the following preprint: Alexander Chebykin, Tanja Alderliesten & Peter
A. N. Bosman. 2025a. Iterated Population Based Training with Task-Agnostic Restarts. Accepted for publication
in the proceedings of the 43rd International Conference on Machine Learning (ICML 2026). arXiv: 2511.09190.
https://arxiv.org/abs/2511.09190.
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5.1. Introduction
Machine learning often achieves excellent results thanks to well-tuned hyperparameters
(HPs). Hyperparameter Optimization (HPO) algorithms can reduce the time and effort
needed for tuning (Feurer & Hutter, 2019; Tan et al., 2024).

Efficiency is important for HPO in general but it is vital when the underlying task
is expensive, as is the case for neural network training, where often only a few training
runs can be afforded. One HPO algorithm that is well-suited for this setting is Population
Based Training (PBT) (Jaderberg et al., 2017). PBT draws its efficiency from dynamically
adjusting HPs during training. Specifically, a population of networks – each with its own
set of HPs – undergoes weight optimization via gradient descent for several steps. After
this, poorly performing networks are replaced by copies of better-performing ones, with
their corresponding HPs copied and perturbed.

Further efficiency gains can be achieved by replacing random perturbations with
Bayesian Optimization (BO), an idea explored by several PBT variants (Parker-Holder et
al., 2020; Parker-Holder et al., 2021; Wan et al., 2022). Despite the reported improvements,
it was recently shown (Chebykin et al., 2025b) that none of the PBT variants consistently
outperforms others, with substantial variability due to the value of the “step size” HP (i.e.,
how many weight update steps are performed before HPs are adjusted). The step size
varies across papers with no discussion on how it is set for the tasks at hand or how it
should be set for unseen tasks. Having to empirically determine a good value for this HP
detracts from the utility and efficiency of PBT variants.

We aim to address this issue by having the step size adjusted automatically without
sacrificing efficiency. Towards this goal, we introduce Iterated Population Based Training
(IPBT), a novel PBT variant that performs several iterations of a PBT-like HPO procedure
with a step size that is increased on each restart. A restart is triggered upon hitting
diminishing returns, as determined by our novel data-driven mechanism. Crucially
for efficiency, information is transferred across restarts in a task-agnostic manner: the
partially-trained weights are shrink-perturbed (Ash & Adams, 2020) (i.e., reduced in
magnitude and injected with noise), while HPs are reinitialized via a time-varying meta
BO procedure that learns across restarts. Figure 5.1 presents an example run of our
algorithm.

IPBT builds upon the idea of PBT with restarts as introduced in Bayesian Genera-
tional PBT (BG-PBT) (Wan et al., 2022). Key differences of IPBT relative to BG-PBT are
the step size adjustment upon restarts, task-agnostic weight reuse after a restart, and
reinitialization of HPs across restarts via time-varying BO. See Sections 5.2.2 and 5.3 for
further details.

An important advantage of PBT variants is that they run in parallel, taking approxi-
mately the same wall-clock time as training a single network. To uphold this advantage,
IPBT is designed not to increase the total number of weight update steps, restarting ag-
gressively to most effectively utilize the limited budget. We explicitly target low-budget
HPO, with the budget in our main experiments set to 8 full training runs. Additionally,
we assume that no prior information about the task is available, motivating a black-box
HPO approach.

We evaluate IPBT on image classification tasks using CIFAR-10/100 (Krizhevsky & Hin-
ton, 2009), Fashion-MNIST (Xiao et al., 2017), and TinyImageNet (Stanford CS231N, 2017),
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Figure 5.1: An example run of IPBT on the Humanoid task. Three iterations can be seen.
Within each iteration, HPs are dynamically optimized during training via a PBT-like pro-
cedure (Section 5.2.2). If the performance is determined to be stagnating (Section 5.3.2),
a restart is triggered. Upon restart, information from weights and HPs of previous iter-
ations is reused (Section 5.3.3), and the step size of the PBT-like procedure is increased
(Section 5.3.4). New HPs are predicted via a time-varying meta BO procedure which is
trained on the initial HPs of previous iterations as inputs and their descendants’ maxi-
mum achieved scores as outputs (in the figure, the descendants of each initial solution
share its color). The pseudocode of IPBT is provided in Appendix 5.A.
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as well as on reinforcement learning tasks using Brax (Freeman et al., 2021) Humanoid,
Hopper, Pusher, Walker. IPBT is compared to 5 previous PBT variants (see Sections 5.2.2
and 5.4.1) with untuned and tuned step sizes, as well as Random Search (RS) (Bergstra
et al., 2011), Asynchronous Successive Halving Algorithm (ASHA) (Liam Li et al., 2020),
and SMAC3 (Lindauer et al., 2022). We additionally perform a thorough ablation study
of the components of IPBT to better understand their influence.

Our main contributions are as follows:

• We introduce IPBT, a novel PBT variant that efficiently adjusts its step size via
restarts.

• IPBT is evaluated on 8 image classification and reinforcement learning tasks, where
it is compared with 5 previous PBT variants and other HPO algorithms (RS, ASHA,
SMAC3) .

• We explore how different methods of reusing information contained in weights and
HPs impact performance.

5.2. Related work
5.2.1. Efficient algorithms for expensive HPO
BO algorithms are a good option for expensive optimization tasks, including HPO (Snoek
et al., 2012; Cowen-Rivers et al., 2022). However, since BO algorithms are typically initial-
ized with as many random samples as the problem dimensionality, they face difficulties in
low-budget HPO settings, where the budget in terms of full training runs is often smaller
than the dimensionality. Therefore, while efficient algorithms for expensive HPO often
have BO components, they pursue additional efficiency in other ways.

PBT variants (BO and non-BO) are efficient thanks to dynamic HPO where HPs are
changed during training based on short-term feedback (we discuss these algorithms
in Section 5.2.2). Alternatively, the HPs can be fixed during training but the training itself
may be shorter, use a smaller model, or rely on some other proxy. These algorithms are
called “multi-fidelity”, as the proxy task may be parameterized to be more or less expensive
(and accordingly provide information with higher or lower fidelity) (Won et al., 2025).

In Successive Halving (SH) (Jamieson & Talwalkar, 2016), N randomly sampled config-
urations are trained for a number of epochs. After this, all but the best 1

η configurations are
stopped, and the remaining ones continue training for η times as many epochs (default
η= 2). This procedure repeats until the maximum per-configuration budget R is reached.
SH avoids wasting time on unpromising configurations but suffers from greediness and
does not learn from experience. Hyperband (Lisha Li et al., 2018) improves upon SH by
running multiple instances of it with different values of (N , R). Hyperband still relies on
random sampling, which was replaced with BO in BO Hyperband (BOHB) (Falkner et al.,
2018). Awad et al. (2021) showed that replacing BO with differential evolution further
improves results, while Lindauer et al. (2022) demonstrated that using random forest
as a predictor in BO performs even better, achieving excellent results as a part of the
SMAC3 package. Throughout this paper, we use “SMAC3” to refer to the multi-fidelity
setup of this package.
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Figure 5.2: General PBT loop: in each outer step, the weights are trained for stepinner inner
steps and the HPs are explored.

In another research line, ASHA (Liam Li et al., 2020) effectively parallelized SH and
was shown to outperform SH, Hyperband, and BOHB without any learning, thus making
it the most effective approach based purely on random exploration.

5.2.2. PBT variants
As mentioned previously, PBT (Jaderberg et al., 2017) enables efficient HPO by dynamically
adapting HPs while continuously training the weights. The optimization is bilevel, with
inner steps updating the weights and outer steps updating the HPs. PBT operates with
a population of N solutions where each solution at an outer step t is a pair of HPs and
weights, (hi

t ,θi
t ). The weights of each solution θi

t are trained using the corresponding HPs
hi

t for stepinner steps (e.g., via gradient descent), after which the weights are evaluated on
a validation set. Each of the worst-performing λ% solutions is replaced with a copy of
one of the best-performing λ% solutions (thus ensuring propagation of well-performing
weights), and the HPs of the copies are explored via random perturbation. A graphical
overview of the PBT loop is shown in Figure 5.2.

In Population Based Bandits (PB2) (Parker-Holder et al., 2020), BO was suggested
as a replacement of random perturbation for exploring HPs. A dataset of changes in
performance relative to the previous step (y i

t ) is updated after each outer step (D t =
D t−1 ∪ {(y i

t , t ,hi
t )}N−1

i=0 ) and used to fit a Gaussian Process (GP) model. New HPs are
then chosen by optimizing an acquisition function that is derived from time-varying GP
bandits (Bogunovic et al., 2016) (that are designed for dynamic problems in which the
function being optimized changes over time).

PB2-Mix (Parker-Holder et al., 2021) extended the BO approach of PB2 to include cat-
egorical HPs. BG-PBT (Wan et al., 2022) further included ordinal HPs while also building
upon a BO algorithm (Wan et al., 2021) that is well-suited to mixed-inputs and high-
dimensional problems. In BG-PBT, restarts were introduced, with weight information
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transferred via distillation. We discuss relevant components of BG-PBT when introducing
our improvements in Section 5.3. BG-PBT was strongly focused on enabling Neural Ar-
chitecture Search (NAS), which we do not address in our work.

Faster Improvement Rate PBT (FIRE-PBT) (Dalibard & Jaderberg, 2021) is a non-BO
PBT variant that reduces the greediness of PBT by employing several subpopulations
running the PBT algorithm with different objectives targeting short- or long-term per-
formance.

The recently-proposed Multiple-Frequencies PBT (MF-PBT) (Doulazmi et al., 2025)
algorithm addresses the issue of setting the step size by running several subpopulations
with different step sizes. This performs well with large populations but seems infeasible
for the ones that are too small to be split into multiple subpopulations of reasonable size.
Doulazmi et al. (2025) further observed significant difference in performance between
using their default population size 32 and the smaller 16. In contrast, IPBT is designed
to efficiently adjust step size with a single small population, relying on restarts and
information reuse.

It should be noted that since PBT variants modify HPs during training, a schedule of
HPs is optimized, which is known to outperform fixed HP values (Tan & Le, 2021).

5.2.3. Optimization with restarts
Restarting is a powerful idea in optimization: when the optimization procedure stagnates,
it is restarted from a different initial point. In repeated local search, the new starting point
is chosen randomly, while in iterated local search (Lourenço et al., 2003), the new point is
chosen so that it is not too far from previously-determined good solutions nor so close as
to converge to the same local optimum. A conceptually similar example of such a strategy
in deep learning is Stochastic Gradient Descent (SGD) with restarts (Loshchilov & Hutter,
2017), where the learning rate is periodically increased (giving SGD an opportunity to
escape from a local optimum) while the weights are retained (so the optimization does
not deviate too radically from the previous solution).

The weights could also be modified according to the principles of iterated local search.
Several algorithms (Sokar et al., 2023; Elsayed et al., 2024) were proposed for modifying
previously trained weights to improve downstream optimization. Shrink-perturb (Ash &
Adams, 2020) is one such algorithm that was shown to perform well in a variety of contexts
(Zaidi et al., 2022; Chebykin et al., 2023): the pretrained weights are modified via shrinking
(multiplying by an HP λshrink) and perturbing (adding a random reinitialization of the
weights multiplied by an HP γperturb). This both preserves some information present in
the weights and introduces randomness that may enable optimization to find a better
solution.

5.3. Method
5.3.1. Overview
Each iteration of IPBT follows the general PBT procedure in Figure 5.2. The time-varying
BO algorithm of BG-PBT is used to suggest new HPs. We also follow BG-PBT by starting
optimization with Nmultiplier times more networks than the population size N and keeping
only the best-performing N after the first step.
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Figure 5.3: Visualizations of the smoothed standardized scores when a trajectory is (a)
improving vs. (b) stagnant.

Efficient adjustment of the step size during an IPBT run is achieved by stopping an
iteration once the performance stagnates and restarting with a larger step size. This raises
the questions of when to start a new iteration (Section 5.3.2), how to reuse information
from the previous one (Section 5.3.3), and how to adjust the step size (Section 5.3.4).

5.3.2. Deciding when to restart
In a black-box setting where nothing is known about the underlying task, one way to
select a step size is to empirically try several options. However, fully running a PBT variant
several times would reduce efficiency. Efficiency can be preserved by allowing a run with
a specific step size to continue only while the performance is strongly improving.

While in BG-PBT the step size was not modified on restarts, the design of its two
restart-triggering stopping criteria is relevant. The first one checks that the performance
has not improved for tpatience outer steps in a row. This, unfortunately, does not take into
account the margin of improvement: a glacially but consistently improving run will not be
stopped. This is addressed by the second criterion of BG-PBT: restarting after 40 million
environment steps have elapsed since the previous restart (corresponding to 26.6% of the
budget in the experiments of Wan et al. (2022); for some tasks, this value was set to 60
million steps (40% of the budget)). Since meeting one of the two criteria triggers a restart,
the second criterion will eventually terminate the slowly improving run. However, it is not
a priori clear how to set the size of the budget that must elapse before a restart is triggered.
Additionally, restarting after a fixed budget is inflexible, as a run that improves too slowly
cannot be stopped earlier while a strongly improving run cannot be continued for longer.

We propose a data-driven approach that is less susceptible to these issues. The
essential questions to be answered are “is the run improving?” and “is it improving
too slowly?”. To address the first question in the presence of noise, we collect the best
performances at each previous outer step, z-score normalize these values, and smooth
them via predictive parametric GP regression (Jankowiak et al., 2020) that deals well
with heteroscedastic noise. The smoothed value at the current step is compared to that
of the previous step, triggering a restart if the current value is not better for tpatience

consecutive steps.
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Even if the scores are improving, the rate of improvement may be too slow. Deter-
mining this is difficult in a black-box setting with no information about what a good
score or a good improvement rate is (neither of which can be known for novel tasks).
Therefore, the judgment needs to be made based on the observed performance within
the run. Our second stopping criterion leverages the standardized performance data,
triggering a restart if the performance has not improved by a standard deviation over
the last tinterval outer steps. This is task-agnostic and allows the data to speak for itself: if
the scores steadily improve, the difference of the current score with that of tinterval steps
ago is large (allowing the run to continue while the steady gains persist). If, however, the
gains are large at some point but later diminish, the performance tinterval steps ago will
eventually be within a standard deviation, since standardization is done based on the
entire trajectory (which incorporates information about the possibility of fast improve-
ments). Figure 5.3 illustrates both cases.

5.3.3. Reusing information from previous iterations
Weights
Leveraging information contained in partially-trained weights is crucial for efficiency
of the PBT paradigm. Introducing restarts requires figuring out how to transfer this
information across them. The two simplest approaches are to either copy the weights
from the previous iteration (thus treating the restart as any other outer step of a PBT)
or to reinitialize them randomly (as the weights could have caused the stagnation of
the previous iteration).

BG-PBT instead relies on distillation to transfer useful behavior from the previous iter-
ation into the next one. This approach allows information transfer even across different
architectures but comes with a serious downside: the distillation procedure and its HPs
needs to be adapted to the task at hand. Clearly, a fixed distillation procedure cannot be
applied across deep learning settings as different as reinforcement learning and image
classification. For black-box HPO, a more general approach is desired.

Such an approach should work with the weights directly, since they are the only
commonality in all deep learning scenarios. It should both preserve useful information
present in the weights and enable downstream optimization to escape from their basin
of attraction.

As described in Section 5.2.3, shrink-perturb (Ash & Adams, 2020) is a straightforward
method that consists of copying the weights (multiplied by a constant) and adding noise
to them. It is general, operates on weights directly, and both preserves information and
injects noise. We integrate shrink-perturb in our algorithm as a method to modify the
weights from the previous iteration after a restart. To improve chances of a successful
perturbation, before applying shrink-perturb, weights outside the best λ% of the popu-
lation are replaced with copies of the weights of the best λ%.

Additionally, we must consider that weights may end up in unfavorable regions of the
optimization space which cannot be escaped via shrink-perturb. To avoid performance
degradation in such settings, we randomly reinitialize the weights of half of the population
upon restart (instead of shrink-perturbing them).
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Hyperparameters

After restarting, the HPs of the solutions in the new population need to be set. Sampling
them randomly neglects the previous experience. On the other hand, relying on past
results could also be harmful, since the weights are trained continuously and HP values
that were good initially may not be good for a later stage of the training.

In BG-PBT, an auxiliary global BO procedure was proposed. Firstly, a surrogate Si is fit
on the pairs of (HPs, score) at the latest iteration i . Secondly, the best HPs from previous
iterations are found and evaluated using Si . The dataset of these HPs and evaluations is
used to fit an auxiliary surrogate S A . Finally, 10 ·N random configurations are sampled,
out of which N with the best values of an acquisition function (computed based on S A)
are kept. This procedure does not take all the historical trajectories into account (only one
from each restart) and uses performance predicted by one model to fit another (which
is likely to bias the results).

We propose an alternative approach, specifically, to perform time-varying BO at the
level of restarts. That is, the HPs at the start of each iteration are optimized to maximize
long-term performance within that iteration. This introduces an additional level of
dynamic optimization to the PBT setup: while BO optimizes HPs within an iteration, meta
BO optimizes the initial HPs across iterations.

Since HP values that lead to good results after a restart are expected to change as the
weights are trained, it is reasonable to reuse the time-varying BO procedure of BG-PBT,
fitting it on the long-term performance of initial HPs. To estimate the performance of a
set of initial HPs, we track the history of the weights initially trained with them (before
potentially switching to other HPs). The best performance achieved by any of these
weights is taken as the long-term performance of the initial HPs. Many initial weights
are removed from the population relatively quickly, resulting in shorter-term (and worse)
performance compared to the best weights. We consider this desirable, as it steers HPO
away from the initial HPs that lead to uncompetitive weights.

This procedure aims to learn from past information, which, however, may mislead the
algorithm and bias it toward poorly performing local optima. The exploration performed
by BO is limited, which is valuable if its model of the problem is correct, but in a black-box
setting we must be prepared for any problem, including those that violate the assumptions
made by BO. Therefore, similarly to how we randomly reinitialize the weights of half
the population, we also sample random HPs for half the population (with sampling
independent for weights and HPs).

5.3.4. Adjusting step size
BG-PBT introduced a decreasing step size schedule for certain tasks, which were selected
manually because fixed-step-size BG-PBT performed poorly on them. It is not clear how
such tasks could be identified in advance. Additionally, a deterministic schedule gives
the algorithm no opportunity to retain a good step size for longer.

Whereas BG-PBT starts with a large step size, we propose starting with a small step
size. An intuitive choice is the minimum reasonable amount of weight updates (e.g., an
epoch), or 1% of the budget. Starting with a small step size leads to better use of budget
in terms of inner steps: as HPs are updated more frequently, fast gains can be made. At
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the same time, restarts with larger step sizes enable the algorithm to eventually target
longer-term performance.

In IPBT, the step size is doubled on each restart. This exponential growth allows larger
step sizes to be reached even with limited budget. Alternatively, linear growth can be
considered, with the step size increased from stepinner to 2 · stepinner to 3 · stepinner, etc.

5.4. Experiments and Results
5.4.1. Setup
The performance of IPBT is evaluated on the 8 image classification and reinforcement
learning tasks that were used by Chebykin et al. (2025b) to benchmark PBT variants.
The setup of the tasks is followed exactly and the large search spaces are used. The
classification tasks entail maximizing accuracy of a ResNet-12 (He et al., 2016) on CIFAR-
10/100 (Krizhevsky & Hinton, 2009) and Fashion-MNIST (Xiao et al., 2017) datasets and
of a ConvNeXt-T (Z. Liu et al., 2022) on Tiny ImageNet (Stanford CS231N, 2017). In the
reinforcement learning tasks, the score of a proximal policy optimization (Schulman
et al., 2017) agent is maximized on the Humanoid, Hopper, Pusher, and Walker tasks from
Brax (Freeman et al., 2021). See Appendix 5.B for further details.

Across tasks, the attainable performance scores span different ranges. To enable easy
comparison of general algorithm performance, we largely follow the methodology of Agar-
wal et al. (2021). Specifically, we repeat each experiment 8 times, normalize performance
per task across all algorithms, and use stratified bootstrapping to estimate the Interquar-
tile Mean (IQM) and the 95% Confidence Interval (CI). For statistical significance testing,
a paired stratified bootstrap test (Efron & Tibshirani, 1993) with Holm correction (Holm,
1979) is used with α = 0.05, as described in Appendix 5.C.

We compare IBPT to the 5 PBT variants available in PBT-Zoo (Chebykin et al., 2025b):
PBT, PB2, PB2-Mix, BG-PBT, and FIRE-PBT (see section 5.2.2 and the original publications
for details).

Since we are interested in efficient low-budget HPO, the population size of IPBT and
PBT variants is set to 8. Although IPBT introduces multiple components with additional
HPs, these are designed to work well out of the box and therefore remain fixed across
all tasks (see Appendix 5.D for more details on the HPs). The default values and the
components of IPBT are evaluated in our ablation studies (with performance evaluated
on 4 tasks: CIFAR-10/100, Humanoid, and Hopper). To ensure unbiased performance
estimates, the main experiments were run with seeds different from those used in the
ablation studies.

IPBT is run with an initial step size of 1% of the budget (that is automatically adjusted).
Other PBT variants are run with the step sizes from (Chebykin et al., 2025b): 1%, 3.3%,
10%, 33.3%. For each PBT baseline and for each task, the results across all steps are
pooled to estimate untuned performance, while the results corresponding to the step size
yielding the maximum performance are considered the tuned performance.

We additionally run non-PBT HPO algorithms: RS as the standard baseline,
ASHA (Liam Li et al., 2020) as an efficient multi-fidelity extension of RS, and SMAC3 (Lin-
dauer et al., 2022) as a BO multi-fidelity algorithm. Unlike PBT variants, these algorithms
cannot directly search for hyperparameter schedules, placing them at a disadvan-
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Figure 5.5: Normalized performance across 8 tasks (IQM and CI) of IPBT, tuned PBT
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tage. To address this, we extend their search spaces to include parameters of a cosine
learning rate schedule with restarts (Loshchilov & Hutter, 2017), thus allowing them to
potentially find learning rate schedules similar to that of IPBT. The baseline algorithms
are run with default HPs and the same budget as IPBT. See Appendix 5.E for further
implementation details.

5.4.2. Overall performance
We start by comparing IPBT to previous PBT variants in the one-shot setting, where the
step size of each of the PBT variants is not tuned. Figure 5.4 shows that IPBT strongly
outperforms previous PBT variants, clearly demonstrating its utility for dynamic HPO
without per-task tuning of the step size. The performance of PBT variants relative to
each other is reasonable: the most recent Bayesian variant, BG-PBT, achieves the highest
IQM, while FIRE-PBT, which uses several subpopulations, performs worst, likely due to
the subpopulations being too small.

Selecting the best step size for each task for each PBT variant improves their absolute
performance while keeping the relative performance unaffected, as can be seen in Fig-
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Figure 5.6: IQM of scores of PBT variants with different step sizes (the best score of each
variant is framed in red), IPBT, and baselines on the Humanoid and Hopper tasks.

ure 5.5. Furthermore, selecting the best-performing step size leads to BG-PBT achieving a
higher IQM than IPBT, although the difference is not statistically significant. At the same
time, IPBT performs statistically significantly better than all other PBT variants, despite
using four times less compute (since it was run once, whereas each PBT variant was run
four times with different step sizes). We conclude that IPBT should be preferred over other
PBT variants, except for BG-PBT, which can achieve better results if its step size is tuned.

The need for tuning step sizes of PBT baselines can be clearly seen in Figure 5.6, which
shows that PBT variants achieve the best performance with larger step sizes (10%, 33.3%)
on Humanoid, and smaller (1%, 3.3%) on Hopper.

We further compare IPBT with non-PBT HPO algorithms that can be run out-of-the-
box with the same small computation budget. Figure 5.5 shows that IPBT achieves a
much better IQM (statistically significant) than RS, ASHA, and SMAC3. The unexpectedly
poor performance of SMAC3 (on par with RS) led us to investigate, revealing that it is
likely due to the algorithm allocating a large fraction of the budget to cheap evaluations
and running few expensive ones. This strategy works well for some tasks (e.g, Hopper
in Figure 5.6) but not others (e.g., Humanoid in Figure 5.6). While HPs of SMAC3 (and
ASHA) could potentially be adjusted per-task to achieve better results, this would increase
the computational budget and serve as a disadvantage compared to IPBT that performs
well without per-task HP adjustment.

5.4.3. Ablation studies
In this section, we perform ablation studies by varying components of IPBT. The results
are shown in Figure 5.7 and will be discussed in the order presented there.

Firstly, replacing our data-driven mechanism of stagnation detection with the proce-
dure used in BG-PBT reduces IQM, demonstrating the benefit of a more flexible mech-
anism.

We then investigate components related to the reuse of weight information. Since
shrink-perturb is a middle ground between copying weights exactly (which corresponds
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to parameters (1.0,0.0)) and reinitializing them randomly (which corresponds to (0.0,1.0)),
we try both of these options and find that they worsen performance substantially. Next,
we vary λshrink from its default of 0.2 to 0.4 and 0.1, observing a reduction in the IQM
that highlights the importance of this HP. Another component related to weight reuse is
random reinitialization of weights of half the models on a restart. Disabling it moderately
reduces performance, highlighting the importance of injecting randomness to escape
local minima. In Appendix 5.F, we additionally replace shrink-perturb with the distillation
procedure of BG-PBT on reinforcement learning tasks, and find performance to be similar
(which means that performance is not sacrificed when the task-agnostic shrink-perturb
is used).

Investigating the HP information reuse, we find that replacing our HP reinitialization
strategy based on time-varying BO with either BG-PBT’s global BO strategy or random
sampling lowers the IQM. However, if no random sampling is done at all, performance
decreases, albeit marginally. We conclude that some noise injection improves overall
performance.

In IPBT, step size is increased exponentially (doubled) on each restart. Increasing
it linearly is worse, while keeping it constant is the worst by a substantial margin. This
shows that adjusting the step size is essential to the success of IPBT.

Finally, we investigated whether restarting with twice the population size (and retain-
ing the best half after the first step) is beneficial compared to not doing so (“Population
multiple 1”) or starting with thrice the size. Our results indicate that the default value of
2 strikes a good balance between discarding models with poor initial performance and
avoiding excessive bias toward models with good performance after a single outer step.
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Figure 5.8: Accuracy and HP schedule of the best solution from an IPBT run on CIFAR-100.

5.4.4. Qualitatively inspecting a discovered schedule
IPBT is designed to naturally discover schedules with restarts. It can find such schedules
not only for the learning rate (where restarts are well-established) but also other hyper-
parameters, as can be seen in Figure 5.8. For example, the number of Rand-Augment1

operations is reset to 1 on each restart (and then increases within the iteration), while
the initial magnitude of the augmentations increases across restarts (and appears to first
increase and then decrease during the iteration). This serves as a clear example of how
within- and across-iteration optimization both contribute to dynamically optimizing HPs.

5.5. Discussion and Conclusion
In this paper, we have introduced IPBT, a powerful HPO algorithm that demonstrates
superior performance across 8 image classification and reinforcement learning tasks.
By automatically adjusting its step size, IPBT substantially outperforms previous PBT
variants with untuned step sizes and matches or exceeds their performance when their
step sizes are tuned (while avoiding the cost of tuning). Moreover, IPBT significantly
surpasses other popular HPO algorithms, such as RS, ASHA, and SMAC3.

IPBT achieves good results thanks to its iterative nature. Restarts allow escape from
local optima in both weight and HP space, while efficiency is retained through information
reuse across restarts: weights are adapted via shrink-perturb, and the initial HPs of each

1RandAugment (Cubuk et al., 2020) is an image augmentation procedure that applies several random augmenta-
tions of a specific magnitude (e.g., for rotation, different magnitudes correspond to different maximum angles
by which an image can be rotated).
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restart are sampled using a time-varying BO procedure. The decision when (and whether)
to trigger a restart is made by our data-driven mechanism, allowing for flexibility based
on performance dynamics.

Our ablation studies empirically demonstrated the benefit of the components of IPBT.
We have generally observed that injecting some noise both into the weights and into
HPs is beneficial in comparison to injecting no noise or relying on random exploration
entirely. The component that seems most interesting for further investigation in future
work is shrink-perturb (the mechanism for weight reuse), both in terms of how exactly its
parameters influence HPO, and whether it can be productively replaced by a different
method for partially resetting the weights.

Other promising directions for future work (and current limitations) include adapta-
tion to multi-objective optimization (Dushatskiy et al., 2023) and NAS (Franke et al., 2021).

We designed IPBT to work well for black-box problems and small computation budgets
(equivalent to 8 training runs). Algorithms that incorporate prior information about the
problem are likely to outperform IPBT if such information is available (Mallik et al.,
2023). Similarly, larger computational budgets are likely to enable state-of-the-art BO
algorithms (Cowen-Rivers et al., 2022; R. T.-Y. Yu et al., 2025) to achieve better results.

Nonetheless, enabling efficient search for HP schedules within the wall-clock time of
a single training run remains a strong advantage of PBT variants in general and IPBT in
particular. Strong out-of-the-box performance of IPBT further marks it as a PBT variant
of choice for efficiently optimizing HPs of deep learning tasks in low-budget settings.
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Appendix

5.A. Pseudocode of IPBT

Algorithm 5.1 IPBT

Input: population size N , maximum number of inner steps stepmax, step size stepinner,
selection parameter λ

1: pop ← {a pair of random HPs hi and weights θi }N−1
i=0

2: D ← {} # Dataset of performance differences
3: Dit ← {} # Dataset of performance differences within the current iteration (i.e., before

a restart)
4: step ← 0
5: while step < stepmax do
6: step ← step+ stepinner

7: for i ← 0 to N −1 do # in parallel
8: Train θi for stepinner steps using hi

9: perfstep
i ← evaluate(θi )

10: infoi ←
(
perfstep

i −perfstep−stepinner
i , step,hi

)
# store difference to the previous per-

formance and the HPs
11: Dit ← Dit ∪ infoi

12: D ← D∪ infoi

13: Check if a restart is triggered # Section 3.2
14: if no restart then
15: Sort pop by perf
16: Replace the worst λ% with the copies of the best λ% (selected randomly)
17: Fit a surrogate on Dit, use BO to set HPs of the copies
18: else
19: Reinitialize weights # Section 3.3
20: Reinitialize HPs using BO on D # Section 3.3
21: stepinner ← 2 · stepinner # Section 3.4
22: Dit ← {}

The pseudocode of IPBT is listed in Algorithm 5.1, see the main text and the source
code for further details.

5.B. Tasks, search spaces, and evaluation
Our experiments are run on the tasks previously used for evaluating PBT vari-
ants (Chebykin et al., 2025b). In image classification tasks, hyperparameters of a
ResNet-12 (He et al., 2016) are optimized on CIFAR-10/100 (Krizhevsky & Hinton, 2009),
and Fashion-MNIST (Xiao et al., 2017) datasets for 50,000 Stochastic Gradient Descent
(SGD) steps; and hyperparameters of a ConvNeXt-T (Z. Liu et al., 2022) are optimized
on Tiny ImageNet (Stanford CS231N, 2017) for 150,000 steps. In reinforcement learning
tasks, hyperparameters of a proximal policy optimization (Schulman et al., 2017) agent
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are optimized on tasks implemented in Brax (Freeman et al., 2021) (Humanoid, Hopper,
Pusher, Walker) during 150,000,000 environment interactions.

For PBT variants, the large search spaces of (Chebykin et al., 2025b) are used for both
classification (Table 5.1) and reinforcement learning (Table 5.2) tasks. For the non-PBT
baselines, the search spaces are extended with hyperparameters of a cosine learning rate
schedule with restarts (Table 5.3).

Hyperparameter Type Exponent base Range

Learning rate real 10 [-6, 0]
Number of augmentations integer ✗ [1, 4]
Augmentation strength integer ✗ [1, 30]
Weight decay real 10 [-8, -2]
Momentum real ✗ [0.5, 0.999]

Table 5.1: Search space for the classification tasks (the large search space from (Chebykin
et al., 2025b)).

Hyperparameter Type Exponent base Range

Learning rate real 10 [-4, -3]
Entropy coefficient real 10 [-6, -1]
Batch size integer 2 [8, 10]
Discount factor real ✗ [0.9, 0.9999]
Unroll length integer ✗ [5, 15]
Reward scaling real ✗ [0.05, 20]
Number of updates per epoch integer ✗ [2, 16]
GAE parameter real ✗ [0.9, 1]
Clipping parameter real ✗ [0.1, 0.4]

Table 5.2: Search space for the reinforcement learning tasks (the large search space
from (Chebykin et al., 2025b)).

We did not change evaluation metrics, using accuracy for image classification, and
task score for reinforcement learning tasks.

All performance claims in the paper are based on the test performances of the best
models of each run of an algorithm. For algorithms with restarts (IPBT, BG-PBT, non-PBT
baselines), the best model is chosen based on validation performance achieved either
before a restart or at the end of training, while for the PBT variants without restarts, the
best model is chosen based on the validation performance at the end of training.

5.C. Statistical testing
In the main text, in order to compare algorithms while taking performance of all tasks
into account, the IQM of the normalized performance across tasks and seeds is estimated
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Hyperparameter Type Exponent base Range

Number of iterations before the first restart integer ✗ [5, 50]
Multiplier for the number of iterations between restarts integer ✗ [1, 2]
Minimum learning rate real 10 [-8, -6]

Table 5.3: Additional hyperparameters of a cosine learning rate schedule with restarts
used by non-PBT baselines. Note that the non-PBT baselines are run with an iteration
equal to 1% of the budget, thus the number of iterations before the first restart is between
5% and 50% of the budget.

Table 5.4: P-values (rounded to 5 decimal places) of pair-wise statistical tests of IPBT
against baselines (sorted by p-value).

Algorithm Rejected H0 p p (Holm)

FIRE-PBT Yes 0.00002 0.00016
SMAC3 Yes 0.00002 0.00016
Random search Yes 0.00004 0.00024
ASHA Yes 0.00012 0.00060
PB2 Yes 0.00022 0.00088
PB2-Mix Yes 0.00810 0.02430
PBT Yes 0.02070 0.04140
BG-PBT No 0.49701 0.49701

via stratified bootstrapping (Agarwal et al., 2021). To assess statistical significance of
differences between the IQMs of two algorithms, a paired stratified bootstrap test (Efron
& Tibshirani, 1993) is executed with 50,000 replicates.

In every replicate, we sample seeds with replacement, use those seeds as indices
for both algorithms across all tasks (thus getting a paired sample), and compute the
difference between the IQMs. The replicate differences are then centered by the observed
IQM, and a two-sided p-value is obtained from the (corrected) proportion of centered
replicates whose magnitude exceeds the observed difference (Davison & Hinkley, 1997).
The code for this procedure is included in our source code release.

IPBT is pairwise compared with 5 tuned PBT variants and 3 baselines (RS, ASHA,
SMAC3) — 8 tests in total. The target significance level is 0.05, and the Holm correc-
tion (Holm, 1979) is used to control the family-wise error rate. The results in Table 5.4
show that performance of IPBT is significantly different from that of all algorithms ex-
cept for BG-PBT.

5.D. Hyperparameters
The hyperparameters of all the algorithms are listed in the configuration files included
in the source code release. In this section, we discuss the setting of hyperparameters
of novel components of IPBT.
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Figure 5.9: Extra ablation study on the initial step size of IPBT: normalized performance
(IQM and CI) across 4 tasks (same setup as the ablation study in the main text).

Shrink-perturb The parameter values used in the main experiments are (0.2,0.1). The
results when using (0.4,0.1) and (0.1,0.1) are reported in the ablation study in the main
text. Additionally, the setting (0.5,0.5) was tried during early development (on the CIFAR-
10 task) and found to perform worse.

Stagnation detection The parameters for restart detection used in the experiments were
set to tpatience = 3 and tinterval = 15. These values were chosen based on visual inspection
of performance traces during preliminary experiments. While tinterval was not varied,
values of 2, 3, and 4 were tested for tpatience using an early version of the algorithm on
CIFAR-10/100 and Brax Humanoid tasks. The setting tpatience = 3 yielded the highest IQM.

Initial step size In the experiments, the initial step size is set to 1% of the budget. We
additionally experiment with settings of 0.5% and 3%, results are shown in an ablation
study in Figure 5.9 (not included in the main text due to space constraints). It can be
observed that reducing the step size to 0.5% leads to only a slight decrease in IQM, as IPBT
can increase the step size when needed. Starting with a larger step size of 3% reduces
performance more, as IPBT is not designed to decrease the step size and larger steps
lead to faster budget exhaustion.

Strategy of step size increase The step size is doubled on each restart. We additionally
tried increasing it linearly, with the results reported in the ablation study in the main text.

All preliminary experiments were run with seeds distinct from those used for the
ablation studies and the main experiments.

5.E. Implementation details
Hardware and software The configuration of the servers used to run experiments: 3
Nvidia A5000 GPUs, 2 Intel(R) Xeon(R) Bronze 3206R CPUs, and 96 GB of RAM. The OS is
Fedora Linux 36. The random seeds and the versions of all used frameworks and libraries
are specified in the configuration files included in the source code release.

SMAC3 Directly using the latest version of SMAC3 (2.3.1) and setting the total budget in
line with the documentation caused the algorithm to stop after only ≈ 75% of the budget
was used. We believe this issue stems from a discrepancy between the theoretically
calculated budget usage, and the practical asynchronous implementation. To address
this, we forked the code and introduced an alternative stopping criterion that monitors
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Figure 5.10: Extra ablation study on the weight reuse mechanism of IPBT: normalized
performance (IQM and CI) across the Humanoid and Hopper tasks.

the actual budget consumed. This resulted in nearly full budget usage and improved
performance on CIFAR-10 in preliminary experiments.

BG-PBT As mentioned in Section 3.3, Wan et al. (2022) use either 26.6% or 40% of the
budget in their second stopping criterion (depending on the task). For uniformity, we
use 30% for all tasks. We enable this criterion only with the step size of 1% (that is the
closest to the original setting of BG-PBT) because otherwise too few steps are done before
a forced restart is triggered. We also enable distillation only in this setting. Additionally,
when the step size is 33.3%, we change Nmultiplier from the default 3 to 1 because otherwise
the entire budget is spent on random initialization.

5.F. Replacing shrink-perturb with distillation
In BG-PBT, a distillation procedure is used to transfer information stored in weights across
restarts. We replace shrink-perturb in IPBT with this procedure, and evaluate it on the
Humanoid and Hopper tasks (as the distillation is specific to reinforcement learning
tasks). Figure 5.10 shows that the performance is approximately the same, meaning that
task-agnostic shrink-perturb matches task-specific distillation.
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Hyperparameter-Free Medical

Image Synthesis for Sharing Data
and Improving Site-Specific

Segmentation

Sharing synthetic medical images is a promising alternative to sharing real im-
ages that can improve patient privacy and data security. To get good results, ex-
isting methods for medical image synthesis must be manually adjusted when
they are applied to unseen data. To remove this manual burden, we introduce a
Hyperparameter-Free distributed learning method for automatic medical image
Synthesis, Sharing, and Segmentation called HyFree-S3. For three diverse segmen-
tation settings (pelvic MRIs, lung X-rays, polyp photos), the use of HyFree-S3 results
in improved performance over training only with site-specific data (in the majority
of cases). The hyperparameter-free nature of the method should make data synthe-
sis and sharing easier, potentially leading to an increase in the quantity of available
data and consequently the quality of the models trained that may ultimately be
applied in the clinic.

The contents of this chapter are based on the following publication: Alexander Chebykin, Peter A. N. Bosman
& Tanja Alderliesten. 2024. Hyperparameter-Free Medical Image Synthesis for Sharing Data and Improving
Site-Specific Segmentation. In Medical Imaging with Deep Learning, 3-5 July 2024, Paris, France, 250: 199–219.
Proceedings of Machine Learning Research. PMLR. https://proceedings.mlr.press/v250/chebykin24a.html.
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6.1. Introduction
Deep learning methods can be beneficial for medical applications, but often suffer from
limited data availability (Bowles et al., 2018). Generating and sharing synthetic datasets
was suggested as a viable solution (Dube & Gallagher, 2014).

Many approaches can synthesize medical images (Bowles et al., 2018; Yi et al., 2019),
fewer jointly produce segmentation maps (Guibas et al., 2018; Han et al., 2023) (which
would be required for training downstream segmentation models) and, to the best of
our knowledge, not a single method exists that could be applied to a new task without
manually adjusting hyperparameters of training or data preprocessing.

The benefits of a hyperparameter-free adaptive method are self-evident. Such a
method was realized for segmentation tasks by nnU-Net (Isensee et al., 2021), a method
of automatically adjusting architecture and hyperparameters of a U-Net (Ronneberger
et al., 2015) that showed excellent and robust performance in tens of challenges (Isensee
et al., 2021).

Automatic adaptation of a high-quality underlying model and training pipeline is
a general idea that could be extended to other tasks, such as medical image synthesis.
A Generative Adversarial Network (GAN) called StyleGAN2 (Karras et al., 2020) demon-
strated good results in medical image synthesis (Woodland et al., 2022). However, it
currently does not automatically adapt to the image dimensions or the dataset size.

In this chapter, we introduce an automatically adjustable StyleGAN2 setup and inte-
grate it with nnU-Net to create a Hyperparameter-Free medical image Synthesis, Sharing,
and Segmentation method called HyFree-S3. We construct it as a distributed learning
method where each site (e.g., a hospital) can automatically and asynchronously create a
synthetic dataset and share it. A segmentation model can be automatically trained on
the merged synthetic data and distributed back to the sites to be further automatically
fine-tuned for improved performance on local data (see Figure 6.1).

This approach to distributed learning has practical advantages of requiring minimal
coordination between sites and of reduced privacy risk thanks to not sharing real data,
models trained with it, or their gradients (which is a potential source of data leakage
in federated learning (Zhu et al., 2019)). An important concern is whether synthetic
data includes memorized real data, which we address with a quantitative and qualitative
investigation, as well as a technique for ensuring that synthetic data is not too similar
to the real data.

We evaluate our method in three segmentation settings (pelvic MRIs, lung X-rays,
polyp photos) to test its generality, the impact of synthetic data sharing, and the difference
in performance compared to the realistic baseline of using only local data and the strong
baseline of having central access to all the real data.

In this chapter, we only consider 2D models: compared to 3D models, they have lower
computational requirements and need less data to be trained (which is important for
the data sharing setting where some sites could have small datasets). In the future, our
approach could be extended to 3D models for improved segmentation performance in
settings where there is enough data and computational resources.

The contributions of this work are as follows:

• We propose HyFree-S3, a hyperparameter-free distributed learning method inte-
grating image synthesis, data sharing, and segmentation.
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Figure 6.1: Overview of HyFree-S3 for two sites. Synthetic datasets are generated at each
site independently, merged at a central site, and used in training a general segmentation
model. That model is copied to all sites and independently fine-tuned on the local data.
All models automatically adapt to the properties of the data.

• Towards that goal, we introduce a hyperparameter-free StyleGAN2 setup that can
adapt to various image dimensions and dataset sizes.

• The segmentation quality of HyFree-S3 is evaluated in three settings. Furthermore,
its scaling behavior and ability to avoid data memorization is investigated.

6.2. Related work
6.2.1. Sharing synthetic medical image data
Synthesizing medical data for sharing purposes so as to avoid privacy issues is an estab-
lished idea in the literature (Goncalves et al., 2020). Medical image data can be synthesized
by GANs (Bowles et al., 2018; Yi et al., 2019; L. Sun et al., 2022), but for supervised learn-
ing to be possible, an annotation needs to be associated with a synthetic image. While
conditioning GANs on an image class is straightforward when generating data for classifi-
cation tasks (X. Hu et al., 2018), conditioning on segmentation maps (Chang et al., 2023)
to generate data for segmentation tasks requires the additional complexity of sharing
segmentations to condition on (e.g., by training a separate GAN for them (Guibas et al.,
2018; Han et al., 2023)). Thambawita et al. (2022) propose a GAN for joint unconditional
generation of polyp images and segmentations that improves performance but requires a
separate GAN to be trained for each input image, likely impeding scaling to larger datasets.

6.2.2. Distributed learning with medical image data
Federated learning (Konečný et al., 2016) can be applied to medical imaging data (Rieke
et al., 2020; Adnan et al., 2022) where it allows the global model to be trained on diverse
data from multiple hospitals (Ng et al., 2021) without sharing local data.

Federated learning algorithms for training a GAN (Rasouli et al., 2020) can be applied
to medical data (Chang et al., 2023) but they incur privacy costs because real data could
be reconstructed from the gradients passed between sites (Zhu et al., 2019). A common
solution (Chang et al., 2020; Chang et al., 2023; J. Wang et al., 2023) is to train only the
generator globally while the discriminators are trained per-site using the local data and
the synthetic data from the global generator.
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Our method differs from the existing distributed learning techniques in three ways.
Firstly, it is asynchronous and does not require simultaneous online access to sites. Sec-
ondly, the generated data is filtered to not contain memorized data (in contrast to sharing
a black-box generative neural network with potentially undiscovered vulnerabilities).
Finally, HyFree-S3 is adaptable and hyperparameter-free, thus making it potentially eas-
ier to use.

6.3. Method
6.3.1. Overview of the method
We assume that N sites (such as medical centers) have a goal of solving a segmentation
task. Each site has a local dataset that cannot be straightforwardly shared due to privacy
or security concerns. The datasets may differ in sizes and image characteristics per-site.

Figure 6.1 shows the flow of data and models in HyFree-S3. Firstly, each site runs
hyperparameter-free methods to create a generative model and a segmentation model.
A generative model (Section 6.3.3) is used to create data without segmentations, which
are then segmented by the segmentation model (Section 6.3.2) to create a complete
synthetic dataset for sharing. The reasoning behind using two separate models is given
in Section 6.3.4.

Next, the synthetic datasets from all sites are merged in a central location, and a gen-
eral segmentation model is trained using all the synthetic data. This general segmentation
model is transferred back to the sites, and is further automatically fine-tuned at each one.
The resulting models benefit from the general pretraining but are specialized for each site.

6.3.2. Hyperparameter-free medical image segmentation
nnU-Net is a robust medical image segmentation method that was shown to perform
excellently in a wide variety of competitions and benchmarks (Isensee et al., 2021). nnU-
Net can adapt to diverse datasets without hyperparameter tuning thanks to heuristics for
adjusting the underlying U-Net architecture (Ronneberger et al., 2015) and the training
procedure. The spatial dimensions of the data influence the input size of the model,
depths of the encoder (decoder), downsampling (upsampling) strides, and convolution
kernel sizes.

To adjust the hyperparameters to the fine-tuning setting not considered by Isensee
et al. (2021), we add linear learning rate warm-up for the first 10% of training epochs (Mos-
bach et al., 2021) and do not otherwise change the default hyperparameters.

6.3.3. Hyperparameter-free data synthesis
StyleGAN2 (Karras et al., 2020) is a powerful generative model that by default generates
square images of a resolution of a power of two. However, medical images come in a
variety of resolutions. Ideally, synthetic images of the appropriate resolution should be
generated.

For segmentation tasks, nnU-Net adapts the structure of the U-Net to the resolution.
We noticed a similarity between the structures of the generator/discriminator of a GAN
and those of the decoder/encoder of a U-Net. Both the GAN generator and the U-Net
decoder gradually upscale a low-resolution many-channel latent representation of an
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image towards a high-resolution few-channel output. The architectures need to strike
the correct balance between the speeds of increasing the resolution and decreasing
the number of channels. As such, a network that strikes the correct balance in one
setting, seems likely to do so in the other. Analogously, the discriminator and the encoder
gradually downscale a high-resolution few-channel input towards a low-resolution many-
channel representation.

Therefore, it appears natural to reuse the hyperparameters of the encoder and the
decoder automatically determined by nnU-Net (depths of the networks, convolution
strides, and kernel sizes) for the discriminator and the generator of a GAN. This will allow
it to create non-square non-power-of-two-sized images of the exact size determined
by nnU-Net.

Next, the number of training steps, nsteps , needs to be set automatically. In StyleGAN2,
nsteps is defined in thousands of real images processed during training. As the dataset
size increases, so should nsteps (to allow the GAN to learn from a larger amount of data).
Setting nsteps to the number of images in the dataset ensures good image quality across
different dataset scales, keeps training times short, and prevents memorization (see
Section 6.4.3).

The number of images to be generated, ng en , also needs to be determined. While
generating images with GANs requires little compute and time, generating increasingly
large numbers of samples leads to diminishing returns (Ravuri & Vinyals, 2019). We also
need to consider the proportions of synthetic data coming from different sites used in
training the general segmentation model: generative models trained on larger datasets
should contribute more than those trained on smaller datasets, as they likely have higher
quality. For these reasons, ng en is set to ten times the dataset size for each dataset.

We use the augmentations setup of Zhao et al. (2020) that was shown to improve
performance and help avoid overfitting with datasets as small as 100 images.

6.3.4. Why not synthesize images and segmentations jointly?
Segmenting with a separate model was a deliberate design choice and constraint. While
it is possible to train a generative model to output segmentations as well as images, this
would lead to segmentations influencing the images. This is undesirable for medical
data sharing, as the references in many segmentation scenarios vary due to the protocol
and observer variation. Letting these variations influence the generated images should
be avoided: then the images themselves can still contribute to the improvement of the
models (e.g., during unsupervised pretraining) even if segmentations need to be discarded
or redone. Additionally, if no annotations are available, HyFree-S3 can still be utilized
to share images (unlike methods that condition on segmentations).

6.3.5. Measuring memorization and preventing real data leakage
Synthetic data should be similar enough to the real data for the models trained on one
to transfer to the other, and dissimilar enough for the privacy concerns to be alleviated.
Generative models are capable of memorizing their training data and outputting it as
“synthetic” samples (Feng et al., 2021). Memorization is difficult to determine because
the reproduction typically includes some variation or noise. It is not obvious where the
threshold between the presence and the absence of memorization should be.
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We propose automatically determining this threshold based on the real data itself
as follows: firstly, the patients are randomly split into two subsets. For each image in
the first subset, its dissimilarity with each image in the second subset is computed using
the L2 distance between their OpenCLIP embeddings (Ilharco et al., 2021). The minimal
dissimilarity (i.e., the distance to the nearest neighbour) is stored for each image. The
threshold is then defined as the p-th percentile of these dissimilarities.

After the synthetic dataset is generated, the dissimilarity of each synthetic image to all
real images is similarly computed. If the distance of a synthetic image to its nearest real-
image neighbor is below the determined threshold, the image is declared to be memorized
and is discarded. For p = 0 (the minimum of dissimilarities), this procedure ensures that
any synthetic image is only as similar to a real image as one unrelated real image to
another; we set p = 5 to guard against outliers. The procedure relies on the quality of the
embedding model that can only be demonstrated empirically (Cherti et al., 2023).

6.4. Experiments
6.4.1. Experiment setup
In our experiments, we emulate a distributed setting with N sites. As per Section 6.3.1,
for each site Si , GAN-Si and U-Net-real-Si are trained and used to generate a synthetic
dataset. U-Net-syn-all is trained on the merged datasets and fine-tuned at each site to
get U-Net-syn-real-Si . U-Net-real-all is trained on merged real data as a baseline. All the
experiments are performed via five-fold cross-validation (3 folds for training, 1 fold for
validation and test each). The mean and the standard deviation of the Dice Score (DS)
and the 95th percentile of the Hausdorff Distance (HD95) across the folds are reported.
All the evaluations were performed on real data. The results of statistical testing are given
in Appendix 6.A. Appendix 6.D contains comparisons with federated learning baselines.
The ablations of pretraining with single-site synthetic data and of using the standard
StyleGAN2 architecture are reported in Appendices 6.F, 6.G.

6.4.2. Datasets
Cervix: a private dataset from the Leiden Univercity Medical Center consisting of T2-
weighted MRI scans of 185 cervical cancer patients who underwent brachytherapy, with 4
organs-at-risk (bladder, bowel, rectum, sigmoid) delineated. The dataset was split into two
sites based on the scanner to emulate a non-i.i.d. data distribution: site A (Philips Ingenia
1.5T (128 patients)), and site B (Philips Intera (36 patients), Ingenia 3T (13), Achieva (8)).
The median resolution is 37×432×432 voxels, the median spacing is 4×0.53×0.53 mm.
Lung: QaTa-COV19 (Degerli et al., 2022), a dataset of COVID-19 chest X-ray images and
binary segmentation masks of pneumonia. We use 6,307 images for which an anonymized
patient ID is provided (2,130 patients) and randomly split patients into 2 or 8 sites. The
median resolution is 224× 224 pixels.
Polyp: polyp photos with binary segmentation masks of polyps, site A contains data from
HyperKvasir (Borgli et al., 2020) (1000 images, median resolution 530×621 pixels), site B
contains data from CVC-ClinicDB (Bernal et al., 2015) (612 images, 384×288 pixels).
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Figure 6.2: Results for the Cervix data: U-Nets trained with the settings specified in
Section 6.4.1 and evaluated on sites A and B (5 folds).

6.4.3. Results
Synthetic data sharing leads to improved segmentation quality
Figure 6.2 shows that in the experiments with Cervix, DS and HD95 metrics improve
in most cases. The performance on site A is approximately the same across the real-A,
syn-real-A, real-all settings, showing that adding data from site B is not very helpful even
if it is real data. This is likely due to the large number and uniformity of patients in A itself.
Nonetheless, the performance in the syn-real-A setting on site B is improved compared to
real-A (by 3.3 DS and 4.3 HD95 on average), showing that pretraining on merged synthetic
data improves the robustness of the model to data shifts. For site B, the pretrained and
fine-tuned model (syn-real-B) outperforms its counterpart trained exclusively on the local
data (real-B) when tested on both A (by 6.3 DS and 4.3 HD95 on average) and B (by 2.2 DS
and 2.5 HD95 on average). The full results for all datasets are given in Appendix 6.B.

It can be seen in Figure 6.3 that switching from the model trained only on local data
(real) to the one pretrained on the merged synthetic data and fine-tuned on local data
(syn-real) leads to improvements in the Lung setting of 0.8 DS on average. For Polyp,
the improvement for the target site is minor (0.5 DS on average), but the improvement
in robustness to data shifts, as measured by the performance on the other site, is large
(on average, 2.7 DS for A and 13.4 DS for B).

While training on real data centrally (real-all) gives the best results overall, our method
comes close (the largest difference is 2.0 DS in Polyp-B) without requiring real data
sharing.
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Figure 6.3: DS for the Lung (left) and Polyp (right)
data: U-Nets trained in the settings specified in Sec-
tion 6.4.1 and evaluated on sites A and B (5 folds).
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Figure 6.5: Left: real images that are the closest to any synthetic image and the two
closest synthetic images (including the distance to the real image). Right: a distribution
of distances to the nearest neighbor for (top) two subsets of real images or (bottom)
synthetic and real images, and the 5th percentile of the real-to-real distances.

Benefits of synthetic data sharing increase with more sites
The scaling behavior of HyFree-S3 is investigated in the Lung setting, with the data split
into 8 sites. The general segmentation model is pretrained with the synthetic data from
2, 4, or 8 sites, and then fine-tuned at each site. The average difference in DS between
real (training with local data only) and syn-real, shown in Figure 6.4, becomes larger
as the number of site grows, showing that the method is scalable and enables larger
improvements when more sites join.

Memorization is not observed
Per Section 6.3.5, we use OpenCLIP embeddings to compare either subsets of real images,
or real images and synthetic images. As a sanity check, we established that an image
present in two sets will be its own nearest neighbor, and that a mirrored image will most
often be the nearest neighbor of the original image (in 97.9% of cases for Lung).

Figure 6.5 (top right) shows a histogram of distances to the nearest neighbor when
comparing two subsets of real images (from a Lung experiment), as well as their 5th

percentile that will be used as a threshold to filter synthetic images. The histogram of
distances between real and synthetic images in Figure 6.5 (bottom right) has a similar
shape but shifted to the right. As a result, all synthetic images have a distance above
the threshold, meaning that while synthetic images are generally similar to real images,
they are not too similar.

We visualize adversarially chosen real and synthetic images in Figure 6.5 (left). We
select two synthetic images (column 2) with the smallest nearest neighbor distances to
some real images (column 1), and the synthetic images that have the second-smallest
distances to these real images (column 3). The images are broadly similar but clearly
distinct and do not demonstrate memorization (it should be noted that our memorization
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analysis relies on OpenCLIP embeddings, see Appendix 6.E for further discussion of
memorization).

For Lung and Polyp, only 6 synthetic images (out of 3×105) are discarded as too similar
to real images. For Cervix, 1,180 images (out of 2.6×105) are discarded, some of which
look very similar to their real nearest neighbours but none are exact duplicates, which is
consistent with the nature of 3D data where nearby slices are similar. See Appendix 6.C
for visual comparisons between real and synthetic images. Only 0.2% of synthetic images
being discarded shows that our GANs typically do not memorize images but the proposed
filtering scheme could nonetheless help to avoid sharing potentially memorized data.

6.5. Discussion and Conclusion
We have introduced HyFree-S3, a method for synthesizing medical images for shar-
ing and segmentation that does not require adjusting hyperparameters, as it relies
on our hyperparameter-free setup of StyleGAN2 for image generation and similarly
hyperparameter-free nnU-Net (Isensee et al., 2021) for segmentation.

The method is asynchronous and does not expect different sites to share infrastructure
or to be online simultaneously. HyFree-S3 was shown to come close to the performance
of training with centralized real data and to improve upon training only with local data,
while not requiring sharing real patient data. The synthetic dataset produced by HyFree-
S3 could be reused for training future models without going back to the sites where the
real data is stored. We additionally proposed a memorization evaluation technique for
ensuring that synthetic data is sufficiently dissimilar from real data.

However, our method also has a number of limitations. Firstly, as models for data
sharing are trained on each site independently, large enough datasets have to be present
there (especially for training a GAN). Secondly, we generate images and annotations
separately for reasons described in Section 6.3.4, which nonetheless means that the anno-
tations produced by an independent model will not perfectly correspond to the images,
introducing noise to synthetic data. Finally, our method as presented cannot be applied
to all possible datasets, as it relies on nnU-Net for preprocessing and segmentation: nnU-
Net can handle a variety of inputs but not, e.g., high-resolution histopathology images.
However, extending nnU-Net with an appropriate data preprocessing procedure would
make HyFree-S3 applicable too.

Despite some limitations, adaptable methods that do not require task-specific tuning
are still valuable for the translation of deep learning models into the real world, where
there may not be time or expertise for careful manual adaptation to each task.
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Appendix
6.A. Statistical testing
Table 6.1 lists p-values for one-sided Wilcoxon pairwise rank tests (Wilcoxon, 1992) with
Bonferroni correction (Dunn, 1961). For each dataset, we compare metrics of syn-real
(pretraining with merged synthetic data followed by site-specific fine-tuning on real data)
against that of real (training with local real data only) with the null hypothesis that syn-
real performs worse. The performances of syn-real-A (evaluated on A, B) and syn-real-B
(evaluated on A, B) across 5 folds are pulled together for increased sample size (and
similarly for real-A and real-B). The total sample size is 20 for each test. P-values below the
significance threshold of 0.0025 are highlighted (target p-value= 0.01, 4 tests, corrected
p = 0.0025). In all cases the null hypothesis is rejected, thus we can conclude that syn-real
performs statistically significantly better than real.

Table 6.1: P-values of conducted experiments (rounded to four decimal places). Values
below the significance threshold of 0.0025 are highlighted.

Dataset Metric P-value

Cervix DS 0.0006
Cervix HD95 0.0007
Lung DS 0.0002
Polyp DS 0.0002

6.B. Full results
Tables 6.2, 6.3, 6.4 give full results for our Cervix, Lung, Polyp experiments. For Cervix
and Lung, U-Net-syn-Si are additionally trained on local synthetic datasets to compare
with U-Net-syn-all. As expected, they perform worse.

Table 6.5 gives per-organ performance for the Cervix dataset. Figure 6.6 contains slice
predictions for qualitative comparison of a real and a syn-real models.

Table 6.2: Results for the Cervix data. Each column corresponds to a U-Net trained in
the specified setting (see Section 6.4.1) and evaluated on sites A and B. Mean ± st. dev. is
reported for 5 folds.

Metric
Test
site

Training setting
real-all syn-all real A syn A syn-real A real B syn B syn-real B

DS
A 80.7±1.2 79.4±1.3 80.1±1.9 79.0±1.5 80.2±1.7 72.2±3.9 72.4±3.8 78.5±2.1
B 77.6±2.2 75.4±2.6 70.8±2.5 69.9±1.5 74.1±1.8 73.7±4.4 72.8±3.9 75.9±1.6

HD95
A 13.4±0.5 14.8±1.1 14.2±0.9 15.3±1.2 14.3±0.5 19.4±3.3 19.9±3.1 15.1±2.1
B 16.0±1.0 16.1±2.7 21.4±4.3 21.0±3.9 17.1±1.1 18.7±2.8 19.0±3.0 16.2±2.4
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Table 6.3: Results for the Lung data. Each column corresponds to a U-Net trained in the
specified setting (see Section 6.4.1) and evaluated on sites A and B. Mean ± st. dev. is
reported for 5 folds.

Metric
Test
site

Training setting
real-all syn-all real A syn A syn-real A real B syn B syn-real B

DS
A 77.2±0.9 75.8±1.1 75.9±1.0 74.7±1.3 76.5±1.6 75.6±1.3 74.6±1.5 76.3±1.7
B 78.2±1.6 76.7±1.3 76.7±1.4 75.3±1.7 77.5±1.2 76.2±1.5 75.0±1.6 77.3±1.4

Table 6.4: Results for the Polyp data. Each column corresponds to a U-Net trained in the
specified setting (see Section 6.4.1) and evaluated on sites A and B. Mean ± st. dev. is
reported for 5 folds.

Metric
Test
site

Training setting
real-all syn-all real A syn-real A real B syn-real B

DS
A 90.0±1.4 87.7±1.4 89.7±1.4 90.3±1.4 69.3±2.5 82.7±3.4
B 84.2±5.1 80.9±5.7 78.4±8.2 81.1±7.4 81.8±4.6 82.2±3.9

Figure 6.6: Comparison of real-B to syn-real-B using slices from 3 random patients. De-
picted are bladder (blue), bowel (red), rectum (green), sigmoid (yellow).
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Table 6.5: Per-organ metrics for the Cervix data. Each row corresponds to a U-Net trained
in the specified setting (see Section 6.4.1) and evaluated on sites A and B. Mean ± st. dev.
is reported for 5 folds.

Model
Avg. Bladder Bowel Rectum Sigmoid

A B A B A B A B A B
Dice Score

real-A 80.1 70.8 96.0 91.9 68.8 56.0 81.7 76.8 73.7 58.7
±1.9 ±2.5 ±0.4 ±2.5 ±3.5 ±6.4 ±2.9 ±3.3 ±2.5 ±3.4

syn-A 79.0 69.9 96.0 91.7 66.6 53.2 81.7 76.5 71.7 58.2
±1.5 ±1.5 ±0.4 ±2.5 ±2.8 ±4.9 ±2.8 ±2.8 ±2.0 ±2.0

syn-real-A 80.2 74.1 96.0 93.3 69.6 61.4 81.5 79.3 73.5 62.6
±1.7 ±1.8 ±0.4 ±1.3 ±2.8 ±6.3 ±2.8 ±3.6 ±2.0 ±3.1

real-B 72.2 73.7 95.3 94.1 53.2 60.3 77.4 79.1 62.8 61.5
±3.9 ±4.4 ±0.6 ±0.9 ±8.5 ±9.9 ±3.1 ±3.2 ±6.4 ±7.0

syn-B 72.4 72.8 95.4 93.9 53.4 57.7 77.5 78.8 63.3 60.8
±3.8 ±3.9 ±0.5 ±1.2 ±8.9 ±11.0 ±2.8 ±3.5 ±6.5 ±3.8

syn-real-B 78.5 75.9 95.8 93.9 65.6 63.4 81.5 80.5 71.0 66.0
±2.1 ±1.6 ±0.4 ±1.2 ±3.9 ±5.6 ±2.7 ±3.3 ±3.7 ±3.7

real-all 80.7 77.6 96.2 94.4 70.1 65.5 81.8 82.4 74.7 68.0
±1.2 ±2.2 ±0.4 ±1.0 ±2.1 ±6.5 ±2.6 ±2.5 ±1.6 ±3.0

syn-all 79.4 75.4 96.1 94.0 67.5 61.9 82.0 81.0 72.1 64.9
±1.3 ±2.6 ±0.3 ±1.2 ±2.2 ±7.9 ±2.8 ±3.2 ±2.0 ±3.8

Hausdorff Distance (95th percentile)
real-A 14.2 21.4 3.6 11.7 20.3 25.5 13.5 16.4 19.6 32.1

±0.9 ±4.3 ±1.0 ±8.4 ±1.8 ±2.7 ±2.5 ±4.9 ±3.3 ±7.8

syn-A 15.3 21.0 3.8 13.9 22.0 26.6 13.6 14.1 21.9 29.2
±1.2 ±3.9 ±1.0 ±9.9 ±3.4 ±4.8 ±2.1 ±3.2 ±3.8 ±6.7

syn-real-A 14.3 17.1 3.7 7.9 18.7 20.6 13.8 12.7 20.9 27.1
±0.5 ±1.1 ±1.3 ±4.3 ±3.6 ±2.4 ±2.3 ±2.3 ±2.2 ±5.0

real-B 19.4 18.7 3.9 5.8 28.7 24.6 17.0 15.2 27.8 29.3
±3.3 ±2.8 ±0.5 ±2.2 ±6.6 ±6.1 ±3.3 ±2.5 ±5.6 ±4.7

syn-B 19.9 19.0 4.4 5.9 28.5 26.7 17.4 14.4 29.2 29.2
±3.1 ±3.0 ±1.1 ±2.5 ±7.6 ±8.1 ±3.8 ±2.5 ±5.1 ±4.2

syn-real-B 15.1 16.2 4.1 6.1 22.8 21.2 13.5 13.3 20.2 24.4
±2.1 ±2.4 ±0.8 ±2.8 ±5.8 ±3.3 ±1.7 ±2.4 ±5.0 ±6.8

real-all 13.4 16.0 2.9 5.4 18.8 20.9 13.4 12.3 18.5 25.5
±0.5 ±1.0 ±0.4 ±2.1 ±3.5 ±3.2 ±2.0 ±2.6 ±3.0 ±3.1

syn-all 14.8 16.1 3.9 5.5 20.9 20.8 13.7 12.4 20.6 25.5
±1.1 ±2.7 ±1.1 ±2.4 ±3.7 ±3.4 ±2.0 ±2.2 ±4.3 ±7.6
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6.C. Visually checking memorization of synthetic images
In Figure 6.7, we provide examples of synthetic images that were too similar to real images
and therefore discarded. Visually, the synthetic images do not appear to be exact copies
of real images.

Figure 6.7: Examples of discarded synthetic images and three nearest-neighbor real
images for each (annotated with distances to the synthetic image).

6.D. Federated learning baselines
To compare our approach to federated learning, we run two federated learning baselines:
Federated Averaging (FedAvg) (McMahan et al., 2017) and Distributed Synthetic Learning
(DSL) (Chang et al., 2023).

FedAvg trains a segmentation model on the real data at each location and periodically
averages the weights to get a global model. We implement FedAvg atop nnU-Net for
fair comparison to our approach. DSL is a state-of-the-art approach to training a GAN
in a federated manner to be used for generating synthetic data and training a U-Net.
Our DSL experiments are based on the official implementation of DSL, see our fork at
https://github.com/AwesomeLemon/DSL_All_Code.

Since the key contribution of our method is its automatic and hyperparameter-free
nature, we run the baselines in a similar setting of no hyperparameter tuning. For FedAvg,
we used 1000 communication rounds with 1 epoch of local training in between since it
was the best setting in (McMahan et al., 2017). For DSL, we followed the paper (Chang

https://github.com/AwesomeLemon/DSL_All_Code
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et al., 2023) and the official code base. For hyperparameters that differed across the
three datasets in DSL, we used the median values: λL1: 300, 150, 100 → 150; batch size:
6, 6, 3 → 6.

The results of the experiments are reported in Tables 6.6, 6.7, 6.8. FedAvg on average
has 5.3 worse Dice Score (DS) than HyFree-S3 in the i.i.d. setting of Lung, with the gap
widening further in the non-i.i.d settings: 10.7 DS for Cervix, 29.2 DS for Polyp. DSL
performs substantially worse in all settings (on average: Lung: 32.8 DS worse, Cervix: 35.1
DS worse, Polyp: 36.9 DS worse). The poor performance of DSL was unexpected, given the
excellent results in (Chang et al., 2023). We attribute this to untuned hyperparameters. We
have checked that it learns to generate relatively realistic images (see Figure 6.8), on which
the U-Net that it trains performs well, however it generalizes to real test images poorly.

We additionally did minimal manual hyperparameter tuning of DSL in the Polyp set-
ting and were able to improve its performance by 9.2 DS on average (“DSL (lightly tuned)”
in Table 6.8; we only changed the hyperparameters of the U-Net: we switched the opti-
mizer to AdamW with default hyperparameters, switched step-wise learning rate schedule
to cosine annealing, added random color jitter and random rotation augmentations).

While the performance of FedAvg and DSL could potentially be improved further via
hyperparameter tuning, their default performance is subpar, highlighting the benefit
of automatic methods such as HyFree-S3, the hyperparameter-free nature of which is
its key benefit.

Table 6.6: Comparison to the federated learning baselines for the Cervix data. The results
of HyFree-S3 for sites A/B correspond to syn-real A/B (see Section 6.4.1). Mean ± st. dev.
is reported for 5 folds.

Metric
Test
site

Method
syn-real A syn-real B FedAvg DSL

DS
A 80.2±1.7 78.5±2.1 65.0±1.9 42.8±10.4
B 74.1±1.8 75.9±1.6 67.7±2.3 41.2±0.6

Table 6.7: Comparison to the federated learning baselines for the Lung data. The results
of HyFree-S3 for sites A/B correspond to syn-real A/B (see Section 6.4.1). Mean ± st. dev.
is reported for 5 folds.

Metric
Test
site

Method
syn-real A syn-real B FedAvg DSL

DS
A 76.5±1.6 76.3±1.7 71.2±2.5 43.8±13.4
B 77.5±1.2 77.3±1.4 71.9±1.2 44.3±15.4

6.E. Further discussion of memorization
We have been communicating with a data protection officer about the perspectives of
synthetic data since this project started. Based on preliminary discussions, our method
could greatly simplify data sharing between institutes and decrease privacy risks. However,
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Table 6.8: Comparison to the federated learning baselines for the Polyp data. The results
of HyFree-S3 for sites A/B correspond to syn-real A/B (see Section 6.4.1). Mean ± st. dev.
is reported for 5 folds.

Metric
Test
site

Method
syn-real A syn-real B FedAvg DSL DSL (lightly tuned)

DS
A 90.3±1.4 82.7±3.4 54.3±3.8 51.8±1.1 60.7±2.7
B 81.1±7.4 82.2±3.9 55.2±10.1 42.3±12.1 51.9±7.4

(a) Real (b) HyFree-S3 (c) DSL

Figure 6.8: Random sample of Lung images (Site A, fold 0).

currently, there are no official, internationally accepted, guidelines as to what constitutes
memorization (of imaging data).

Therefore, it is difficult to say if our approach is “clinically acceptable”, given lack
of prior work on what that entails. While we are confident in our analysis, it could be
made more robust by using several dissimilar embedding models, or by increasing the
threshold. Still, our method relies on empirical performance of neural networks (as
noted in Section 6.3.5), and therefore no mathematical guarantees can be given that no
memorization occurs. Nonetheless, we believe that empirical evaluation similar to ours
could be enough for clinical acceptance, once the guidelines are determined.

To further investigate the memorization phenomenon, we use an alternative method
for finding memorized images from a concurrent work (Dar et al., 2024), where it was
successfully used to find medical images memorized by a diffusion model. The method
is similar to the approach we used in that it relies on embeddings of images via a neural
net, with the two differences from our work being the model (the authors trained their
own embedding model on the target dataset) and the similarity measure (the authors
used correlation).

We apply this approach in the Lung setting. Whereas our method flagged close to
zero samples as memorized, this approach flags ≈ 12%. However, visual inspection of
the synthetic samples closest to some real ones (Figure 6.9) indicates that the synthetic
samples are not duplicates of the real ones (based on our judgement). While similar,
they differ in their details, and do not satisfy the properties on which the definition of
memorization from Dar et al. (2024) is based: they are not variants of the original image
derived via rotation, flipping, or contrast adjustment.
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Nonetheless, memorization is difficult to define, and perhaps the eventual guidelines
would enforce stricter definitions of memorization that would include these samples. If
so, such synthetic outputs could be removed by using an appropriate embedding model
within our method. HyFree-S3 is agnostic to the duplicates removal technique used
within, better techniques can be substituted when they are developed.

Figure 6.9: Alternative memorization detection: examples of synthetic images flagged as
memorized and three nearest-neighbor real images for each (annotated with similarity to
the synthetic image). The synthetic images with the highest similarity to real images are
visualized.

6.F. Pretraining using single-site synthetic data
Does pretraining on multi-site synthetic data have additional benefit over pretraining
on single-site synthetic data? Here we compare our default setting (generating 10×nreal

images at each site and pulling them together) to the setting of generating 20×nreal

images at one site. In both settings, a U-Net is pretrained with the synthetic images and
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fine-tuned with the real local data. The experiments are performed for two sites with the
Cervix data. Table 6.9 demonstrates that the networks pretrained with the local synthetic
data (syn-local-real) achieve on average 2.7 DS worse performance than the networks
pretrained on pooled synthetic data (syn-real). This result empirically demonstrates the
benefit of bringing data from multiple sites together.

Table 6.9: Comparison of no pretraining (real) to pretraining on local synthetic data only
(syn-local-real) or pooled synthetic data (syn-real) in the Cervix setting. Mean ± st. dev. is
reported for 5 folds.

Metric
Test
site

Training setting
real A real B syn-local-real A syn-local-real B syn-real A syn-real B

DS
A 80.1±1.9 72.2±3.9 80.0±1.8 72.9±3.2 80.2±1.7 78.5±2.1
B 70.8±2.5 73.7±4.4 71.6±1.7 73.3±3.8 74.1±1.8 75.9±1.6

6.G. Comparison to the standard StyleGAN2 architecture
To experimentally confirm that transferring the nnU-Net architectural parameters to
StyleGAN2 is reasonable, we compare our GANs to the standard StyleGAN2 trained with
square images of a resolution of a power of two. The experiment is performed with the
Polyp-B data, for which the nnU-Net determined resolution (388×320) is the farthest
from a square where the dimensions of the sides are a power of two (note that for such
images our StyleGAN2 architecture would be exactly the same as the standard one). The
images are resized to the closest power of two (256×256), and the standard StyleGAN2 is
trained. Then synthetic images are generated and resized to 388×320. Afterwards, the
Frechet Inception Distance (FID) (Heusel et al., 2017) is calculated between them and the
real images. FID is an established metric of GAN quality, lower values are better.

We compare the FID of the StyleGAN2-256×256 to our StyleGAN2-388×320, and find
the latter to achieve better results (102.4±4.0 FID vs 88.0±3.2 FID). This confirms that
the architecture is reasonable, as it was able to make use of the increased resolution of
its inputs to achieve higher generation quality.
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Discussion

7.1. Answers to the research questions

Research Question: Chapter 2

Can multiple supernetworks be leveraged to improve performance-efficiency
trade-off fronts of neural networks on image classification tasks?

In Chapter 2, we developed a method to create cascades of neural network architec-
tures from different supernetworks. Using a multi-objective EA, we optimized the models
to include into a cascade and the thresholds for deciding by how many models in the
cascade any given sample should be processed. We have established that utilizing models
from more supernetworks in this way is beneficial, increasing the hypervolume of the
performance-efficiency trade-off front.

We have further developed a version of our method that jointly trains the supernet-
works and decides on their order in the cascade, as well as on the thresholds for their use.
This did not strongly improve results, potentially due to the increased complexity of the
joint optimization under limited computational budget.

While we demonstrated using multiple supernetworks to improve trade-off fronts, the
improvements are on the order of percentage points, which may be meaningful in some
but not all settings. Furthermore, supernetworks inherently limit the architectures that
can be found, allowing only for modest improvements. We can conclude that considering
multiple supernetworks is well-suited for improving trade-off fronts but not for achieving
performance breakthroughs.
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Research Question: Chapter 3

Can PBT be extended from the optimization of training hyperparameters to
general-purpose NAS in challenging search spaces?

In Chapter 3, we extended PBT to NAS by mixing architectures in the population
during training, and adapting the weights via shrink-perturb. Our algorithm, PBT-NAS,
outperformed baselines in challenging settings of reinforcement learning and image
generation, demonstrating its effectiveness and generality. PBT-NAS was also successfully
applied to the extended version of the search space for the image generation task that
included options that were set manually in prior work.

Unlike previous efficient algorithms relying on continuous relaxation of the architec-
ture search problem (in essence optimizing the weighted sum of the operations), PBT-NAS
does not require outputs of all potential operations at the same position to have the same
shape. However, it does require them to be interoperable in the context of the network
(e.g., if the next operation is convolution, the input resolution may vary but the number of
channels must stay fixed). Further research would be required to remove this limitation.

Being able to efficiently search in challenging search spaces seems vital to achieving
architectural breakthroughs. The lack of such breakthroughs produced by NAS to date
indicates that further thought has to be put into defining and combing through expressive
search spaces, or, alternatively, that the task is infeasible with current computational
resources, which would therefore be better applied elsewhere. See further discussion
in Section 7.2.

Research Question: Chapter 4

How do the PBT variants perform relative to each other on image classification
and reinforcement learning tasks, and what are the limitations of these algo-
rithms?

In Chapter 4, we benchmarked 5 PBT variants on image classification and reinforce-
ment learning tasks. No PBT variant was found to consistently outperform others across
considered settings. Interestingly, we observed that Bayesian PBT variants can achieve
worse performance than the standard PBT due to greedily optimizing short-term per-
formance gains. Examining theoretical properties of Bayesian PBTs, we found that their
returns asymptotically approach the returns of the greedy schedule, rather than the op-
timal one, as previously believed.

When the step size of PBT variants is changed, different variants perform best, with
PBT variants leveraging Bayesian optimization performing better on image classification
tasks when the step size is large (as they can better optimize the objective given only a
few total evaluations) and worse when the step size is small (as they optimize short-term
performance too aggressively). Non-Bayesian PBTs tend to perform worse with larger
step sizes (since they optimize less effectively) and better with smaller step sizes (for
the same reason, they are less effective at being greedy). The results on reinforcement
learning tasks do not show clear patterns; interestingly, FIRE-PBT, a non-Bayesian PBT
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variant designed for optimizing long-term performance, tends to perform poorly on
reinforcement learning tasks despite excellent image classification performance.

Per-task tuning of all hyperparameters of each PBT variant can be expected to improve
the performance of each PBT variant but seems implausible in a realistic setting due to
high computational costs of running an entire hyperparameter optimization procedure
several times. Nonetheless, several step size values should be tried when benchmarking
against PBT variants to avoid reporting overly negative results. It would be interesting
to consider whether a more extensive evaluation of PBT variants could give rise to a
predictor capable of recommending a good step size based on the properties of the
target task. Furthermore, benchmarking the algorithms on more than the two problem
classes considered in this chapter (image classification and reinforcement learning) could
help in deriving more general conclusions and establishing broader applicability (or lack
thereof) of PBT variants. The popularity of PBT variants in the reinforcement learning
literature, but not beyond it, hints that their dynamic nature may be an especially good
fit for dynamic settings.

Research Question: Chapter 5

Can a PBT variant be developed where the step size is automatically adjusted
within a single run in an efficient manner?

In Chapter 5, we introduced IPBT, a novel PBT variant that adjusts its step size within a
single run via aggressive partial restarts with task-agnostic information transfer. A restart
is triggered based on data-driven performance stagnation criteria. After a restart, the step
size is doubled, the weights are adapted via shrink-perturb, and the hyperparameters are
reset via a meta Bayesian optimization procedure that learns across restarts to predict
initial hyperparameter values leading to good long-term performance.

In experiments across 8 image classification and reinforcement learning tasks (used
in Chapter 4 to benchmark PBT variants), IPBT on average outperforms or matches 5
previous PBT variants with tuned step sizes. Furthermore, our ablation studies showed
the benefit of the components of IPBT. Interestingly, introducing some randomness on
restarts is beneficial compared to introducing none or relying on random restarts entirely.

In the future, it could be interesting to combine IPBT with PBT-NAS from Chapter 3 to
enable simultaneous architecture and hyperparameter optimization in an effective and
efficient manner. Both algorithms partially reset weights via shrink-perturb, which has
thus demonstrated its general applicability within the PBT paradigm.

Nonetheless, it is not entirely clear why shrink-perturb works and how it could be
improved upon. Better understanding and quantification of the state of weights (e.g.,
percentage of original network capacity that can still be directed towards solving a prob-
lem (rather than being stuck in an undesirable state)) would allow for further progress in
deep-learning-specific hyperparameter optimization that incorporates efficient weight
reuse. Research in this direction would also be well-positioned to help in any other sub-
area of deep learning where understanding weights is useful, therefore we consider it
as potentially very impactful.
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Research Question: Chapter 6

Can a distributed and asynchronous learning system based on synthetic data
be constructed that would be applicable to varying types and quantities of data
without manual hyperparameter adjustment?

In Chapter 6, we introduced HyFree-S3, a hyperparameter-free distributed learning
approach for synthesizing data, and we used it to improve performance on medical
segmentation tasks. For segmentation, the nnU-Net framework was used. Its model
scaling heuristics were transferred to StyleGAN2 for image generation, allowing it to
automatically address inputs of different resolutions. We introduced additional simple
heuristics that adjust the training time and the number of generated images based on the
size of the training dataset, thus avoiding overfitting and data memorization.

To measure data memorization, we proposed leveraging a pretrained embedding
model to create representations of both real and synthetic images. A threshold is com-
puted based on similarity between unrelated real images, and then used to remove
synthetic images that are too close to real images.

Synthetic data can be generated asynchronously, and then gathered at a central lo-
cation to pretrain a segmentation model. The pretrained model can then be fine-tuned
on real data at each site. We show that this procedure generally improves robustness
of the final model to distribution shifts. Furthermore, this procedure was successfully
applied to different types (brachytherapy planning MRIs of the cervix, lung X-rays, polyp
photos) and quantities of data without any manual hyperparameter adjustments, out-
performing untuned federated learning baselines1 and demonstrating the effectiveness
of the proposed heuristics.

Despite encouraging results, the approach has some limitations, such as reliance on
nnU-Net for data preprocessing, requiring sufficient amounts of data at each location
to train the models, and not utilizing volume information in 3D imaging data (due to
operating on 2D slices). While training 3D models requires more data and computational
resources, it could be valuable in practice. However, to the best of our knowledge, there
is no 3D generative model that works as robustly out of the box as StyleGAN2 with
differentiable augmentations does for 2D data.

It could be interesting to consider if, instead of training local models from scratch,
foundation models could be fine-tuned or be conditioned on local data to create synthetic
images for sharing.

Detecting memorization is a topic as vital to the prospect of synthetic data as it is vague.
Clearly, a synthetic image should be sufficiently distinct from all the real images, but
drawing a line can be difficult. Being too cautious has a cost of slower progress and a risk
of worse patient outcomes compared to what could be achieved with better data-driven
approaches. Therefore, reasonably realistic privacy attacks should be considered (in line
with The Article 29 Working Party on Data Protection (2014)), with the synthetic data
being evaluated on how well it protects against such risks. While general implementation

1It could be interesting to see if more robust federated learning algorithms and implementations (than those
considered by us) could be found or how much effort would have to be put into hyperparameter tuning in
order to bring the performance of the considered baselines to the level of HyFree-S3.
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of such attacks is available for tabular data (Giomi et al., 2023), no such approaches exist
for image data (to the best of our knowledge). Developing better privacy evaluation for
medical images appears to be a valuable and impactful direction of future work.

7.2. On neural architecture search
More than a thousand papers have been published on the topic of NAS (White et al., 2023).
Nonetheless, the currently dominant architecture, Transformer (Vaswani et al., 2017),
has not been superseded nor substantially improved upon via architecture optimization:
while many works have reported discovering improvements via NAS (So et al., 2019; M.
Chen et al., 2021b), none of them have been adopted in practice.

The effectiveness of the transformer calls into question one of the underlying assump-
tions of NAS: that a task should strongly benefit from a specialized architecture. Since
their introduction in 2017 for neural machine translation, transformers have been widely
used not only in natural language processing but also computer vision (Dosovitskiy et al.,
2021), tabular data processing (Hollmann et al., 2025), and other areas (Baevski et al., 2020;
L. Chen et al., 2021). It appears that scaling a general architecture such as transformer
(and increasing the quantity of data) enables strong performance improvement while
requiring minimal architecture adaptations. Thus, when solving a task with deep learning
in the present day, it may be more worthwhile to invest into collecting data to train a
larger model instead of optimizing a task-specific architecture.

While NAS has been applied to adapting or improving transformer variants (So et al.,
2019; J. Gao et al., 2022; C. Gong et al., 2022), in practice, NAS methods are conspicu-
ously absent from papers describing architectural improvements used in the frontier
models (An Yang et al., 2024; DeepSeek-AI et al., 2025). Possibly, computational costs of
architecture optimization of large-scale models would eclipse salaries of AI researchers,
motivating the more efficient and intelligent but manual researcher-guided exploration
of architectures. Additionally, optimization may overfit, prevention of which requires
careful objective design and sufficient validation data.

On the other hand, the quality and quantity of the available data generally limits what
can be done with any model. When trained from scratch on a small dataset, convolutional
networks outperform vision transformers (Y. Liu et al., 2021), showing that the benefits of
well-chosen architectural bias are still relevant under certain conditions.

To the best of our knowledge, NAS never discovered substantially useful architectural
bias that was not previously known. We believe this largely to come down to the used
search spaces, which most often consist of hyperparameters of known operations (as
described in Section 1.3.2). Naturally, no breakthroughs can be expected from tinkering
with well-established building blocks. However, reliance on them makes optimization
feasible, allowing at least some gains to be made. For novel discoveries, less constrained
spaces are likely to be required, the exploration of which may unfortunately need currently
infeasible amounts of compute.

This can be clearly seen in the results of Real et al. (2020), where 10,000 CPU cores were
utilized for 5 days to evolve machine learning algorithms in a less-restricted space, ending
up rediscovering known techniques but not new reusable improvements. Prohibitive
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computational costs prevent building up on these results or scaling them up — for the
time being.

Nonetheless, this direction of research remains promising in principle and will be-
come more attractive as the cost of computational resources decreases over time. The
recent history of the transformer adoption has shown that if a scalable and effective
operation is discovered, it can achieve massive impact even if large amounts of compute
are required. Therefore, if investing significant computational resources into search could
plausibly yield an operation that scales better than transformers, such an investment
would plausibly be made, with the resulting operation replacing transformer as a basis
of large models and thus impacting many areas.

While NAS is currently not particularly effective for achieving state-of-the-art results
with frontier models, it nonetheless offers clear benefits at the other end of the spectrum,
where smaller good-enough models are required for use in compute-light environments.
Multi-objective NAS can currently be utilized for edge deployment, for which multiple
models need to be found on a multi-objective trade-off front between performance and
latency, model size, or another objective (Benmeziane et al., 2023).

7.3. On hyperparameter optimization
During poster sessions of AI conferences, the author of this thesis would ask researchers
how they optimized hyperparameters of their methods. The responses — while not
constituting a rigorous study — are nonetheless informative. The vast majority of people
adapted hyperparameters in an ad hoc manner by manually trying different ones for
different amounts of time and developing an intuition about the problem. At best, grid
search would be utilized in the final stage of the project.

Given that substantial effort has been directed at hyperparameter optimization in
this thesis and in the subfield in general, this anecdotal evidence is disappointing. Why
would modern hyperparameter optimization algorithms not be widely used in deep
learning research?

Firstly, some status quo bias is present. Researchers rely on grid search because
it is clear and widely accepted. Random search may appear more arbitrary and less
“scientific”, even though it was shown to perform better than grid search for deep learning
tasks (Bergstra & Bengio, 2012; Lorraine et al., 2020). To the best of our knowledge, this
result has not been disputed, and yet grid search persists, despite random search being
equally easy to understand and implement. Clearly, changing habits of researchers and
conventions of scientific fields is difficult and requires better communication from the
hyperparameter optimization community.

Secondly, to use hyperparameter optimization algorithms more complicated than
grid or random search, the user’s code likely needs to be restructured to encapsulate
the training procedure in a function that accepts hyperparameter values and returns
performance, rather than a script with inputs provided via CLI and outputs logged as
structured text. In our experience, the latter is a more true-to-life description of how
code is typically written during deep learning research. This forms a barrier to trying
out hyperparameter optimization. However, libraries not focused on hyperparameter
optimization such as PyTorch Lightning (Falcon & The PyTorch Lightning team, 2019),
Hydra (Yadan, 2019), or Weights & Biases (Biewald, 2020) have started including some
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hyperparameter optimization functionality, making it more accessible for their users.
Unfortunately, some extra effort may still be required to use more involved algorithms
implemented in libraries such as Ray Tune (Liaw et al., 2018), not to speak of bespoke
implementations of state-of-the-art algorithms that are often available only as stand-
alone git repositories.

Thirdly, a hyperparameter optimization algorithm needs to plausibly produce returns
sufficient to justify the extra implementation and computational effort, i.e., the relevant
metrics should strongly improve. The performance of the algorithms is often reported
on relatively simple tabular and surrogate benchmarks (Dong & Yang, 2020; Shala et al.,
2024), where the absolute performance differences to random search are frequently small,
and the improvements are claimed based on algorithm ranks or normalized regret relative
to the best found solution (Awad et al., 2021). Yet, a user of a hyperparameter optimization
algorithm is unlikely to care for either, as it is not clear what concrete improvement in
absolute terms can be achieved on a more involved and compute-intensive practical
task that the user cares about.

Fourthly, users can be expected to avoid any hyperparameter optimization algorithm
that requires (manual) tuning of its own hyperparameters, as this largely defeats the
purpose. Thus, the algorithm should deliver reasonably good performance out of the
box. Furthermore, the algorithm has to perform robustly across a range of tasks in order
for a researcher to consider it a reliable tool.

Finally, and particularly for deep learning (where evaluations are expensive), re-
searchers cannot afford to run general-purpose hyperparameter optimization algorithms,
as a more efficient and deep-learning-specific algorithm is likely needed to deliver good
results with few evaluations, potentially by leveraging the user’s intuition about the task
at hand.

Our understanding of these issues motivated the design of our latest algorithm, IPBT,
as efficient and working out of the box. However, prior knowledge of the user is not taken
into account, nor does the dynamic approach to optimization enable easy integration
with arbitrary tasks and codebases. While uniform priors for each hyperparameter could
be replaced with expert-defined priors (e.g., similarly to (Mallik et al., 2023)), it is not
clear if designing dynamic hyperparameter optimization libraries to be as usable as
those for static optimization is feasible. This is due to the gray-box nature of dynamic
optimization that requires more interaction with the user code, thus increasing complexity
and coupling. Consider that intermediate results need to be passed between the library
and the user code, introducing extra logic and control flow changes that are absent in
black-box optimization where the user code can train the model end-to-end and only
return the final result.

We believe that addressing all the concerns discussed in this section is vital in enabling
hyperparameter optimization algorithms to go fully mainstream and to realize their
potential for improving deep learning research and applications.
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7.4. The future of hyperparameter optimization for deep
learning

Recent progress in AI has been enabled by scaling up models, data, and computational
effort. The effectiveness of this paradigm is likely to remain relevant for the foreseeable
future2. However, gathering high-quality data may prove difficult for many domains, as
laws and public perception limit data sharing or selling. Synthetic data appears to be
well-suited to address these concerns, with automatic creation of it on location (similarly
to what was done in this thesis with HyFree-S3) as a promising practical direction.

Once data — real, synthetic, or both — is gathered, hyperparameters of the models
trained on it will still have to be determined. For the frontier large models, even training as
few as 8 instances (like in IPBT) is too expensive. The only seemingly feasible way forward
lies in optimizing hyperparameters of smaller models and figuring out how to transfer
them (or insights gained from them) to the larger ones. G. Yang et al. (2021) showed that
careful parameterization of neural network weights enables zero-shot transfer of some
hyperparameters across model sizes. Alternatively, computational resources could be
invested into constructing a dataset of hyperparameters, model sizes, and performances
over time, afterwards leveraging this data to create hyperparameter performance predic-
tors. This approach would involve high upfront costs but appears inherently feasible, as it
does not require research breakthroughs. Thus, it could be valuable if more intelligent
(and less compute-intensive) methods for setting hyperparameters would stall.

While the best performance will likely continue to be achieved by large models, smaller
models will stay relevant as long as latency, energy usage, and other real-world constraints
remain. Consequently, methods for setting hyperparameters of such models will be
required, be it for training from scratch or for distillation from larger models. As hardware
improves and available computational power grows, it will become possible to evaluate
more configurations for a model of a given size, potentially further increasing the practical
usefulness and popularity of hyperparameter optimization algorithms.

For setting hyperparameters of smaller models, the algorithms built on the same
principles as those in this thesis are likely to remain relevant. Bayesian optimization
can produce great results with few evaluations. Evolutionary algorithms enable usage
of modern parallel hardware and infrastructure while also being excellently-suited for
multi-objective problems (which are ubiquitous). Dynamic hyperparameter optimization
both leads to better performance by discovering a schedule, and naturally avoids wasting
resources on unpromising hyperparameter settings while exploring the promising ones.

Continuing to integrate these techniques and construct robust, efficient, and easy-
to-use hyperparameter optimization algorithms could lead to further simplification and
expansion of deep learning applications, thus enabling more intelligent resource usage, in-
sight generation, and problem-solving across our modern information-driven civilization.

2At the moment of writing (autumn 2025), the rate of improvement from increasing the size of large language
models has decreased. In our opinion, regarding this as the end of scaling is premature, since other components
of the training pipeline could be scaled up instead, as demonstrated for test-time computations and as could
be imagined for e.g., volume of high-quality data.
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