Jagiellonian University

Doctoral School of Exact and Life Sciences

Faculty of Mathematics and Computer Science

Ry

Ph.D. Thesis

Adaptiveness in Deep Learning Models

mgr Maciej Wolczyk

Under the supervision of prof. dr hab. Jacek Tabor

Krakoéw, 2023



Dzigkuje mojej rodzinie i mojej zonie Ewie za ciqgte wsparcie.
Dziekuje rowniez prof. Jackowi Taborowi za bezcenne rady
oraz moim wspdtautorom za przyjemnq i owocnq wspotprace.

Bez nich ta praca by nie powstata.



Contents

List of publications . . . . . . . . . . . . ... 7
1. Imntroduction and Motivation . . . . . . . . .. ... ... L o L 8
2. Part I: Adaptiveness in Continual Learning . . . . . . .. ... .. ... .......... 12
2.1. ResearchScope . . . . . . . . . . . e 12
2.2.  Continual World: A Robotic Benchmark For Continual Reinforcement Learning . . . . 13
2.3. Disentangling Transfer in Continual Reinforcement Learning . . . . . ... ... ... 15
2.4. Continual Learning with Guarantees via Weight Interval Constraints . . . . . . . . . .. 17
3. Part II: Adaptation to New Paradigms . . . . . . ... ... ... ... ... ........ 21
3.1. ResearchScope . . . . . . . . . . e 21
3.2.  Zero Time Waste: Recycling Predictions in Early Exit Neural Networks . . . . . . . .. 22
3.3.  PluGeN: Multi-Label Conditional Generation From Pre-Trained Models . . . . . . . . . 24
4. Other works & achievements . . . . . . .. ... .. ... ... L oo 28
5. Conclusion . . . . . . . . . . e 33
Bibliography . . . . . . . ... e 34
A. Full text of the Publications . . . . . . . .. ... .. ... ... . o 41



Streszczenie

Modele glebokiego wuczenia w ostatnich latach okazaly si¢ niezwykle biegle
w wielu domenach, takich jak widzenie komputerowe, przetwarzanie jezyka naturalnego
1 chemioinformatyka. Jednoczesnie dany model glebokiego uczenia jest zwykle ograniczony
do jednego konkretnego zastosowania i nie moze zosta¢ tatwo zaadaptowany do nowych
warunkéw. Z drugiej strony, w S§wiecie rzeczywistym zwierzeta i ludzie musza stale
dostosowywac si¢ do nowych warunkéw, rozwiazywaé sekwencje heterogenicznych zadan
1 kalibrowac czas reakcji w zaleznoSci od sytuacji. Nieustanne zmiany charakterystyczne
dla Swiata rzeczywistego sa jedna z gtéwnych przeszkéd na drodze do budowy bardziej
uniwersalnych modeli sztucznej inteligencji, ktére moga by¢ stosowane do réznorodnych
probleméw. W tej rozprawie badamy rézne sposoby adaptacji wczesniej wytrenowanych sieci
do nowych zadan i ustawien.

Niniejsza rozprawa sklada si¢ z pigciu prac i jest podzielona na dwie czgSci. Pierwsza
czes$é rozprawy zawiera Publikacje [I-III]!, ktére skupiaja sie na problemie ciagtego uczenia.
Ten obszar badawczy zajmuje si¢ budowaniem algorytméw zdolnych do trenowania na
zmieniajacym si¢ rozkladzie danych przy efektywnym wykorzystaniu wiedzy z przesztosci
do uczenia si¢ nowych zadani. Jest to istotne, jako ze w sieciach neuronowych wystepuje
zjawisko katastroficznego zapominania, co oznacza, ze w obliczu przesunigcia rozktadu danych
model traci zdolno$¢ rozwiazywania wczes$niej napotkanych zadan. Publikacja [I] wprowadza
Srodowisko oraz protokét ewaluacji dla ciagtego uczenia ze wzmocnieniem, oparte na sekwencji
zadan manipulacji robotycznej wraz z zestawem kluczowych metryk. Publikacja [II] rozszerza
poprzednia pracg, skupiajac si¢ na zagadnieniu transferu wiedzy, tj. jak wykorzysta¢ wiedzg
z przesztosci, aby wydajnie uczy¢ si¢ na nowych zadaniach. Identyfikujemy kluczowe aspekty
architektoniczne oraz algorytmiczne transferu wiedzy oraz proponujemy zestaw wytycznych,
ktoére prowadza do bardziej efektywnych rozwiazan. W Publikacji [III] proponujemy metode
ciaglego uczenia z gwarancjami na zapominanie, pokazujac, ze spadek wydajnosci moze by¢
ograniczony z gory przy uzyciu arytmetyki interwatowe;.

Druga czgS$¢ tej rozprawy skupia si¢ na metodach adaptaciji istniejacych modeli do innych
paradygmatéw. W Publikacji [IV] pokazujemy, jak efektywnie przeksztatci¢ model, ktory
wykonuje obliczenia z wykorzystaniem statycznej Sciezki obliczeniowej, tak aby dynamicznie
adaptowat Sciezkg obliczeniowa do kazdego przyktadu. Dokonujemy tego, wprowadzajac
klasyfikatory wczesnego wyjscia, ktére umozliwaja zmiang czasu przetwarzania w zaleznosci
od wejScia. W Publikacji [V] wykorzystujemy technike normalizujacych przeptywow
do wprowadzenia warunkowania do wczesniej wytrenowanych nienadzorowanych modeli

generatywnych, co pozwala na lepsza kontrolg procesu generowania.

! Informacje bibliograficzne dotyczace Publikacji zostaty zamieszczone w kolejnej sekcji.



Wszystkie powyzej wymienione Publikacje zostaly zaprezentowane na topowych
konferencjach rangi A* i we wszystkich jestem pierwszym autorem. Powstaty w wyniku
wspotpracy zaréwno polskiej, jak i migdzynarodowej. Dodatkowo opublikowatem szereg prac
dotyczacych innych zagadniefi glgbokiego uczenia, bralem udzial w stazach naukowych w
renomowanych instytucjach, bylem recenzentem dla czasopism i1 konferencji najwyzszej rangi,
a takze organizowalem warsztaty i szkotly letnie z zakresu glgbokiego uczenia.

Stowa kluczowe: glgbokie uczenie, adaptacja, uczenie ciagte, uczenie ze wzmocnieniem



Abstract

Deep learning models in recent years have proven to be extremely proficient in many
different domains such as computer vision, language processing, and cheminformatics.
However, a deep learning model is usually restricted to a specific, stationary setting and cannot
be trivially adapted to new conditions. On the contrary, animals and humans acting in the real
world have to constantly readjust to new conditions, solve sequences of heterogenous tasks and
calibrate response times depending on the situation. The constant change specific to the real
world is one of the major obstacles to building more generally applicable artificial intelligence
agents that can be used for a wide variety of problems. In this thesis, we look into different
ways of adapting previously trained networks to new tasks and settings.

This thesis consists of five papers and is divided into two parts. The first part of this thesis
contains Publications [I-III]?> which focus on the problem of continual learning. This research
area deals with building algorithms capable of training on a shifting data distribution while
reusing past knowledge to efficiently learn new tasks. It is an important problem, since artificial
neural networks experience catastrophic forgetting, i.e. after a data shift the model loses its
performance on the previous tasks. Publication [I] proposes a continual reinforcement learning
benchmark built using a sequence of robotic manipulation tasks, along with a set of crucial
metrics. Publication [II] extends the previous paper by focusing on the issue of transfer, i.e.
how to reuse the knowledge from the past in order to efficiently learn on the new data. We
identify key architectural and algorithmic aspects of transfer and propose a set of guidelines
that lead to more effective approaches. In Publication [III], we propose a continual learning
method with guarantees on forgetting, showing that performance drop can be bounded from
above using interval arithmetic.

The second part of this thesis focuses on methods for adapting existing models to different
settings and paradigms. In Publication [IV], we show how to efficiently adapt a deep learning
model with a static computation path, so that it dynamically chooses the computation path
depending on the example. We do this by introducing early exit classifiers, which allow us to
control the processing time of each example. In Publication [V] we use normalizing flows to
introduce conditioning factors to pre-trained unsupervised generative models, allowing for a
more controlled generation process.

All the Publications listed here were presented at top A* conferences and I am the first
author of all of them. They were written as a result of national as well as international
cooperation. Additionally, 1 published several works on different topics in deep learning,
interned at established research institutions, served as a reviewer for top-ranking journals and
conferences, and organized workshops and summer schools on machine learning.

Keywords: deep learning, adaptation, continual learning, reinforcement learning

2 The bibliographical information on the Publications is included in the next section.
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1. Introduction and Motivation

Recently, the world has seen remarkable achievements in the area of deep learning research.
Over the last 15 years, the field has grown rapidly due to multiple factors such as the widespread
availability of Graphics Processing Units (GPUs) capable of efficient paralellization [62, 75],
finding well-scalable neural network architectures [34, 89], optimization schemes [46, 65],
inductive biases for training large models [14, 41], and improvements in terms of data
availability [13]. Today, deep learning models are capable of performing a plethora of tasks
in natural language processing (NLP) [9, 67], computer vision (CV) [18,34] and reinforcement
learning (RL) [3,61,78], which were impossible two decades ago. In many of these areas, deep
learning methods achieve superhuman performance.

However, at the same time, these models do not reach the capabilities of human intelligence
in many other areas, including generalization to out-of-distribution data [21, 36], robustness
to simple transformations and adversarial attacks [2, 35, 70], and energy efficiency [59]. The
focus of this thesis is the analysis of one such problem, where deep learning models are
still significantly worse than humans, namely adaptation. Standard training regimes for deep
learning algorithms are usually rigid in terms of assumptions about the data and the training
process. Effectively, the deep learning paradigm requires that the datasets or environments used
for learning must remain static throughout the training process, fulfilling the assumption that
data are independent and identically distributed (i.i.d.). The overall setting used at inference
must closely follow the conditions observed during the training [6,32].

In practice, this means that most deep learning models are trained to do only a single
specific task and work in only one particular setting, and adapting an existing model to new
datasets, situations or goals is highly non-trivial. If a researcher or practitioner encounters
a new scenario, a common solution is to start training completely from scratch, discarding
previous models trained with different data and in different settings. This approach, although
conceptually simple, is not efficient as it fails to take advantage of computational power and
data used for the training of prior models. This is especially problematic as the cost of training
has risen exponentially in recent years [5, 80].

Recently, fine-tuning became a highly popular strategy for reusing large deep learning
models [66, 83]. Fine-tuning is the practice of taking the parameters of a pre-trained model,
usually one that was trained on a wide variety of data, and using them as an initialization for

training on a specific downstream task that was not included in the original training set. Since
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Figure 1.1: Different types of adaptation discussed in this thesis. (a) Adaptation to a changing
data stream in continual learning, here in the case of a two-class classification problem. Model,
which achieved perfect performance on Task 1, will catastrophically forget this knowledge after
training on Task 2. (b) Adaptation to a dynamic computational path. We add early exits to a
model with a static computation path and train them. The adapted model can change the number
of layers used for processing, depending on the input. (c) Adaptation to controlled generation.
By disentangling the latent space of a pre-trained generative model, we are able to control
features such as the gender of the person in the picture, which was not possible in the original
model.



fine-tuning usually requires smaller datasets and fewer iterations than full training, it is orders
of magnitude cheaper computationally. At the same time, it leads to great practical results [17]
and the pre-trained model can be used for multiple downstream tasks, each training procedure
starting from the same set of pre-trained parameters. Since parameters for many pre-trained
models are publicly available, it allows researchers without access to large compute and data
to build sophisticated deep learning models, thus pushing forward the democratization of this
field. Recently, the term foundation model emerged, which describes especially large models
that were trained on broad data and can be adapted to a variety of tasks [7].

However, the adaptiveness of this paradigm is still limited. The weights of the pre-trained
model are assumed to be frozen throughout its lifetime and only fine-tuned to specific
downstream tasks. The knowledge gained through training on downstream tasks is not distilled
back to the pre-trained model as we use a separate copy of the network to initialize training
of a downstream task. Additionally, one might want to update the pre-trained model as time
goes by in order to train on newly acquired data. Finally, it might be useful to change certain
characteristics of the problem such as the computational paradigm or the conditioning factors.
Although fine-tuning can be used to adapt an existing model to different data distributions
or tasks, the objectives mentioned above are currently very difficult to achieve due to the

underlying limitations of deep learning.

Contributions The main hypothesis of this dissertation is that adaptation properties of deep
learning models can be significantly improved beyond simple fine-tuning, leading to better
performance in the light of a data distribution shift and other types of changes. We conduct
studies in the areas such as reinforcement learning, continual learning, generative modeling, and
computer vision, with the aim of finding better ways to adapt neural networks. Since adaptation
is a highly complex problem with many facets and possible applications, we put emphasis on
specific areas which were previously underexplored in the literature. Central issues discussed
in this paper are shown in Figure 1.1. The thesis consists of five papers dedicated to different
aspects of adaptivity, presented in two chapters. All of the presented papers were published at
top machine learning venues, i.e. conferences with A* CORE ratings, and I am the first author
in all of them. Additionally, all these conferences are within the top 45 English scientific venues
in terms of h5-index, according to Google Scholar [27].

In Chapter 2, we focus on the problem of continual learning, i.e. learning from a changing
stream of data [32]. As we outline in Section 2.1, an adaptive agent should be able to adjust to
constant changes in input distribution, goals, and scenarios, and efficiently accumulate past
knowledge throughout its lifetime. In practice, unconstrained deep learning models suffer
from a phenomenon called catastrophic forgetting [22, 26], where the performance of the
network on previously encountered tasks falls considerably. In Section 2.2, we highlight the

importance of this problem in reinforcement learning and in particular in continuous control,
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an area that incorporates robotic tasks such as object manipulation and locomotion. Here,
we describe Publication [I], in which we created a comprehensive benchmark for testing and
analyzing existing continual learning approaches in this context. In Section 2.3, we describe
Publication [II], in which we proposed solutions for efficient knowledge accumulation and
behavior transfer which significantly outperform standard continual learning methods.

In Section 2.4, we investigate another underexplored aspect of continual learning, namely
algorithms with guarantees on forgetting. Since existing continual learning methods often
minimize forgetting through soft regularization, they cannot guarantee that performance on past
tasks will not fall below any arbitrary level. That makes them a poor choice for safety-critical
problems. We describe Publication [III], which introduces the first method for general continual
learning that offers guarantees, which we implement through interval arithmetic. In summary,
the chapter serves as a study of adaptiveness in continual learning with a focus on reinforcement
learning and guarantee constraints.

In Chapter 3, we discuss two other non-trivial cases where fine-tuning solutions are not
sufficient, and advanced adaptation techniques are necessary. We start with describing the
research scope of the problem in Section 3.1. In Section 3.2, we describe Publication [IV]
which considers the problem of adapting the computational paradigm of a deep learning
model. We start with a model with a static computational path, where each input sample is
processed using the same sequence of operations and we adapt it to the conditional computation
paradigm where the computational cost varies between examples. We implement this idea
by introducing early exit classifiers and we focus on efficiently sharing knowledge between
them. Next, in Section 3.3, we describe Publication [V] which considers the problem of
changing the conditioning of existing generative models. Namely, starting from an unsupervised
generative model we want to move on to multi-label conditional generation. We achieve this by
disentangling the latent space of the original model using a normalizing flow.

In Chapter 4, I briefly discuss publications I worked on during my Ph.D. that do not
have direct connections to adaptiveness and are not a part of the thesis, as well as my other
contributions. Finally, Chapter 5 contains a short summary of the contributions presented in

this thesis as well as directions for future work.



2. Part I: Adaptiveness in Continual Learning

2.1. Research Scope

In this chapter, we discuss adapting deep learning models to changing streams of data, i.e.
the continual learning problem [55,71, 86]. Standard training of deep learning models often
relies on the i.i.d. assumption which effectively requires the distribution governing the dataset
to be static and perfectly mixed throughout the training [32]. In particular, training an existing
model on any data from a different distribution than one originally used for learning may prove
problematic. As such, a common, although inefficient solution when encountering an adaptation
task, is to disregard previously acquired knowledge and restart training from scratch. Continual
learning aims to find better solutions, which is essential to the development of deep learning
methods in current times when full retraining becomes prohibitively expensive.

In practice, the changes in data might come in many different forms, such as shifts in the
input distributions, the appearance of new classes in classification problems, or modification of
the reward function in reinforcement learning. Although the space of possible changes might
be continuous, for simplicity one usually assumes a discrete (even though possibly infinite)
number of varying parts of the data stream, often called tasks or batches [12, 64].

One of the key issues in continual learning is catastrophic forgetting [22], a rapid
deterioration of performance on the old data once new data is introduced. Since the model
once knew how to solve previous tasks and then loses that ability, the forgetting term is used.
Although forgetting might be easily alleviated by limiting the capability of the network to adapt
(e.g. by freezing all the parameters in the network), doing so will reduce or even completely
remove the ability of the network to solve new problems. Essentially, we want to be able to reuse
the knowledge we already have in order to learn new tasks. The tension between alleviating
catastrophic forgetting and increasing forward transfer, often described as the plasticity-stability
dilemma [60,64], is at the heart of continual learning.

Continual learning deals with different kinds of changes happening in the real world and
as such, it is of critical importance from the perspective of adaptiveness of deep learning
models. This thesis focuses on two specific subproblems of continual learning: (1) continual
reinforcement learning and (2) providing guarantees for forgetting in continual learning. These

will be discussed in the following sections.
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Figure 2.1: The CW 10 sequence from the Continual World benchmark. The goal is to efficiently
learn how to perform each task in the proposed sequence without forgetting the previous ones.
While CW 10 consists of ten robotic tasks, we also use another sequence, CW20, which is CW10
repeated twice. This repetition allows us to check the ability of the agent to revisit previously
seen tasks.

2.2. Continual World: A Robotic Benchmark For Continual

Reinforcement Learning

This section covers results from Publication [I] which investigates the problem of continual

reinforcement learning, especially from the perspective of efficient knowledge transfer.

Motivation In literature, continual learning is usually discussed from the perspective of
supervised learning, in particular tasks such as image classification, regression, and semantic
segmentation [19,54,86]. There are relatively fewer works investigating the continual learning
problem in the context of reinforcement learning [45], a paradigm dedicated to learning how
to interact with an environment to maximize rewards [81]. In works discussed here, we argue
that continual learning is crucial from the perspective of reinforcement learning problems and
especially robotics. Although for non-embodied artificial intelligence agents, some changes in
the world can be abstracted away, robots with physical presence have to deal with a plethora of
problems such as wear and tear, evolving weather conditions, and changing locations. Going
forward, it will be necessary to develop adaptive agents in order to deal with these data
shifts. The continual learning setup serves as a tool to study the non-stationarity inherent to
reinforcement learning in a controlled manner. The following works form a crucial investigation

into this emerging issue.

Contents Publication [I] lays the groundwork for the analysis and development of continual
reinforcement learning by introducing a robotic benchmark for this setting. The paper fills
in an important existing gap in the continual reinforcement learning literature by proposing a
benchmark that is computationally cheap, easily interpretable, but at the same time complex and

extensible. To this end, we proposed a set of robotic tasks for continual learning by carefully
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curating a sequence of environments with interesting inter-task dynamics. Each of these tasks
has a clear connection to a real-world robotic manipulation problem and an easily interpretable
success condition that allowed us to build useful and practical metrics. Figure 2.1 introduces
the CW10 sequence we created to capture interesting phenomena in continual reinforcement
learning.

The metrics we defined capture various important desiderata occurring in continual learning.
Besides analyzing the average success rate and catastrophic forgetting, we highlighted the role
of forward transfer, i.e. how well we can reuse the knowledge from previous tasks to efficiently
train on new tasks. Subsequently, we implemented and ran several standard continual learning
methods on our benchmark, including Elastic Weight Consolidation (EWC) [48], PackNet [56]
and experience replay [11,69]. This required careful consideration, as some of these approaches
were not created with reinforcement learning in mind.

With the testing ground established, we ran over 45,000 experiments checking the
performance of implemented methods on various sequences of tasks, conditions, and
hyperparameter configurations. Through this extensive empirical analysis, we discovered
numerous critical issues in the continual reinforcement learning scenario that were not present
in supervised learning. Strikingly, we noticed that experience replay methods which rely on
rehearsing past data and perform very well on supervised benchmarks [12, 86] achieved poor
results in our setting, even without imposing any constraints on memory. This unexpected result
clearly shows that continual reinforcement learning necessarily has to take into consideration
the inherent instability of reinforcement learning [81]. Quite surprisingly, we also found that
the PackNet method is able to outperform the multi-task solution which is usually considered
to be the upper bound in terms of performance on other benchmarks [12], further highlighting
the gap between reinforcement learning and supervised learning. As such, the Continual World
benchmark captures important phenomena that are not observed in well-explored tasks such as
classification or semantic segmentation.

Additionally, we analyzed the problem of forward transfer. While the majority of continual
learning benchmarks in the past have focused on catastrophic forgetting, we showed that in
Continual World forgetting is mostly mitigated by several tested methods. On the other hand,
the problem of knowledge reuse is highly non-trivial, as forward transfer might fail to appear
in some seemingly easy cases such as revisiting already-seen tasks. Finally, to ensure that our
conclusions are sound and well-supported empirically, we conduct numerous ablation studies,

perform careful hyperparameter optimization, and analyze the statistical significance.

Summary Publication [I] introduces a long-needed benchmark dedicated to adaptivity in
continual reinforcement learning and offers one of the most detailed empirical studies of this
problem currently available in the literature. We proposed a complex environment, that at the

same time is accessible in terms of computational costs. We implemented and tested numerous
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methods from continual learning literature, identified their major strengths and weaknesses, and
analyzed in a controlled setting what are the major drawbacks that have to be fixed. As a result,
we identified major unexpected research problems relating to knowledge transfer, exploration,

and regularization in continual reinforcement learning.

Contributions & Impact I am the first author of this paper and the primary contributor
along with Michal Zajac. 1 implemented, ran experiments, and analyzed the performance of
regularization and experience replay-based continual learning methods. I proposed the forward
transfer metric and used it as a tool for measuring adaptiveness in the paper. I performed
studies on short sequences of tasks. Moreover, I participated in the conceptual development
of the benchmark, and its implementation, as well as preparing the manuscript. I estimate my
contribution to be 40%.

This work was presented at an A* conference NeurIPS 2021 and was well-received by
the community. As of May 2023, it was cited 32 times. Several researchers tested their
proposed methods on Continual World [4,10,24,76], showcasing the usefulness of the proposed
benchmark. Additionally, some papers repurposed the metrics we proposed in this work. For
example, the forward transfer metric which measures the relative efficiency of learning was

used in a continual supervised learning benchmark NEVIS’22 [8].

2.3. Disentangling Transfer in Continual Reinforcement Learning

This section covers Publication [II], in which we investigated further and proposed solutions

to some of the problems we identified in Publication [I].

Motivation In this work, we focused on the issue of transfer, i.e. how to efficiently reuse past
knowledge to quickly learn new tasks in the continual reinforcement learning setting. This
problem is crucial, since training new models becomes more expensive, especially in fields that
interact with the real world, such as robotics. In principle, we can significantly reduce these
costs by efficiently reusing what we already learned. However, as we showed in Publication [I],
existing continual learning methods are not efficient in terms of knowledge transfer. As such,
we examine what rules govern the transfer in reinforcement learning with the goal of proposing

a better approach.

Contents In order to better understand the properties of transfer, we examined how different
components of the Soft Actor-Critic (SAC) algorithm [30], a popular reinforcement learning
method [23,31, 52, 68], contribute to the overall knowledge transfer. We set up an extensive
empirical testbed by using all possible combinations of pairs of tasks from Continual World as

well as longer sequences such as CW10 and CW20. We isolated the effect of transferring
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Figure 2.2: Comparison of the ClonEx-SAC approach proposed in Publication [II] to algorithms
tested in Continual World (Publication [I]), evaluated on the CW10 and CW20 test sequences.
The proposed method outperforms prior approaches, especially with respect to the forward
transfer metric.

different SAC components such as the parameters of the actor, parameters of the critic,
exploration policy, and the replay buffer.

We find that the critic is the most important contributor in terms of transfer since having
good representations for estimating the value of each state simplifies the training process. On
the other hand, the impact of the other components is also significantly positive and additive.
That is, the impact of the actor and the exploration policy is still visible even when we transfer
the critic, suggesting that these components accelerate learning in different ways. This hints
at interesting underlying training dynamics and opportunities to leverage this synergy through
efficient knowledge transfer in different components.

Following this idea, we tried to leverage past data to improve the transfer properties.
We proposed and tested different strategies for incorporating past data in the replay buffer.
Surprisingly, we found that behavioral cloning is a much less disruptive technique of
transferring data than the more common experience replay. Subsequently, we examined the
impact of different exploration strategies to understand how to pick the initial policy for
gathering data in the current task. Finally, we analyzed the impact of regularization schemes
and layer freezing on transfer.

These studies increased our understanding of the transfer of knowledge in reinforcement
learning and in turn enabled us to compile a set of recommended design choices for setting
up the Soft Actor-Critic algorithm in continual learning environments. We combined the
proposed improvements and introduced an approach dubbed ClonEx-SAC which outperforms

all methods previously tested in Publication [I]. The performance of ClonEx-SAC on the
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Continual World benchmark is summarized in Figure 2.2, showing that by carefully studying the
underlying problem, we can find a simple approach that performs better than more sophisticated

approaches.

Summary In this work, we carefully investigated the properties of forward transfer, both in
a simple two-task setting as well as in a continual learning scenario with longer sequences
and long-term dependencies between tasks. We analyzed how different components of the
actor-critic architecture affect the knowledge transfer, and looked through the lens of transfer
at design choices related to exploration, populating the replay buffer, and regularizing the
model. Based on these insights, we built ClonEx-SAC, an approach that performs better
than out-of-the-box solutions from continual supervised learning. As such, this work contains

contributions in the areas of continual learning, transfer learning, and reinforcement learning.

Contributions & Impact I am the first author of this paper and the primary contributor along
with Michat Zajac. I stated the research problem of forward transfer analysis and proposed
the transfer matrices as the main tool of the study of adaptiveness. I conducted experiments
in the two-task setting, compiled and analyzed results, and drew conclusions about the impact
of algorithmic components. I proposed and implemented the behavioral cloning solution for
efficient data reuse. I participated in preparing the manuscript. I estimate my contribution to
be 40%. The paper was presented at an A* conference NeurIPS 2022 in December 2022. As
of May 2023, it has 4 citations. In future work, we aim to further investigate the question of

transfer, trying to pinpoint its sources and ways to amplify it.

2.4. Continual Learning with Guarantees via Weight Interval Constraints

In this section, we describe Publication [III] which investigates the problem of providing

guarantees in continual learning.

Motivation Although eliminating catastrophic forgetting is one of the most discussed aspects
of continual learning, the majority of proposed solutions only apply soft measures without
putting hard constraints on forgetting [12,48,91]. This approach is troublesome in real-life
safety-critical situations where we want to be certain that the performance on previous tasks
will stay above a given level. Modularization-based continual learning methods such as
PackNet [56] or Progressive Networks [73] can guarantee zero forgetting through completely
freezing parts of the network, but they require the task identity at inference to work properly,

vastly limiting their usefulness in real life scenarios. As such, a more general solution is needed.

Contents In Publication [III], we take a step towards solving this problem as we propose a

method for continual learning which guarantees that performance on the previous tasks will not
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Figure 2.3: Different perspectives on the continual learning problem, as presented in
Publication [III]. (a) In general, continual learning can be thought of as finding the solution
for the new task in a region of parameter space that contains parameters performing well on all
of the previous tasks. (b) In Publication [III], we implement this idea by representing regions
of the parameter space as hyperrectangles. Namely, we try to find the hyperrectangle with the
highest volume that still fits within the region of well-performing parameters for the current
task. In subsequent tasks, we constrain the optimization process to stay within this region.

fall below a given threshold (i.e. we set hard constraints on forgetting) and can be applied to
settings where task identity is not available at inference.

We use a previously proposed formulation of continual learning which rephrases it as a
problem of finding intersecting regions of the parameter space that perform well for particular
tasks [50]. Effectively, continual learning requires the learner to find a solution for the current
task within the region of viable parameters for the previous tasks. At the same time, this
problem was proved to be NP-hard since the regions of the parameter space might be arbitrarily
complex [50]. In Publication [III], we propose a more feasible instantiation of this problem,
where we represent viable regions of the parameter space as hyperrectangles, reducing the
complexity of the problem. This idea is sketched out in Figure 2.3.

We implement this idea by introducing an interval formulation of a neural network [28] and
use it to build a nested structure of tasks. Rather than considering the value of each parameter
to be a point in space, we instead conceptualize it as an interval. As such the parameters of
the network form a Cartesian product of intervals, i.e. a hyperrectangle in the parameter space.
With this formulation, we found that for each input we can easily compute the set of predictions
that can be obtained by choosing arbitrary parameters from this hyperrectangle. While the naive

solution would require sweeping over a continuous region of space and as such is infeasible,
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we can instead use interval arithmetic [37] to compute it. With this approach, we optimize the
model to find a region of parameters that perform well on a given task.

We apply this idea to the continual learning setting. When training on a sequence of tasks,
we enforce that the hyperrectangle representing good solutions for the current task must be
a subset of the parameter region representing the solutions for the previous tasks. We use
interval arithmetic to compute the worst possible performance over the hyperrectangle. Since
the parameters will not leave the hyperrectangle for the rest of the training, this value will be a
lower bound on the worst-case performance, as we show in the paper. Being able to guarantee
that the performance of the network will not fall below this level is an important property in
settings where mistakes due to forgetting are especially harmful, such as autonomous driving
and medical applications. To the best of our knowledge, the proposed framework is the first
approach to achieve such guarantees in a general continual learning setting.

We implemented this model, dubbed InterContiNet, in practice on neural networks
consisting of linear and convolutional layers and ran experiments on standard supervised
continual learning benchmarks such as Split-MNIST and Split-CIFAR. We discovered that
our method achieves similar performance as standard regularization methods such as Elastic
Weight Consolidation [48] and Synaptic Intelligence [91] which do not put hard constraints on
forgetting. As such, InterContiNet matched the performance of previous methods while at the
same time being applicable to safety-critical settings. Finally, we conducted ablation studies to
understand the optimization dynamics and, in particular, how the volume of the hyperrectangles
changes throughout the training. We find that by tweaking hyperparameters one can reliably
balance the plasticity and stability of InterContiNet.

Summary In this work, we proposed the first method for general continual learning that
puts hard constraints on forgetting. We parametrize the weights of a neural network as a
hyperrectangle, and we use interval arithmetic to find the worst-case accuracy on the current
task over the whole region. By staying in that region, we can assure that the accuracy will
not get lower than the computed threshold as we continue training on subsequent tasks. We
showed empirically that this approach performs similarly or better than previous approaches in

this family, while at the same time giving us guarantees on forgetting.

Contributions & Impact I am the first author of this paper and the top contributor along
with Karol Piczak. I stated the research problem and performed a review of related literature. I
proposed the theoretical concept of hyperrectangle training and performed a theoretical analysis.
I took part in implementing the practical method and analyzing the results. I conducted ablation
studies and analysis of the proposed method. I took a major part in preparing the manuscript. 1
estimate my contribution to be 30%. The work was presented at the ICML 2022 conference in

June 2022. Currently, as of May 2023, there is 1 citation in a survey on continual learning [90].
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In future work, we would like to explore different types of parameterization of the neural
network, giving the model greater expressivity. Additionally, we want to investigate how to

combine this approach with methods for meta-learning such as MAML [20].



3. Part II: Adaptation to New Paradigms

3.1. Research Scope

The adaptiveness problem in deep learning models is not restricted to adapting to shifts
in data, as in continual learning. It also extends to using models outside of the paradigms
they were created for. Although in some cases fine-tuning approaches can be used with great
success, there are numerous situations where more sophisticated methods are required. In this
chapter, we will focus on two particularly difficult types of adaptation: (1) adaptation to a
different computational paradigm, and (2) adaptation of an unconditioned generative model to
multi-label conditional generation.

In Section 3.2, we investigate the problem of adapting existing models to a different
computational paradigm. Deep learning models usually work with a static computational graph.
That is, independent of the input, the same series of arithmetic operations are performed. This
approach is simple and easy to implement, especially when using hardware accelerators such
as GPUs or TPUs. However, at the same time, it is inherently inefficient. In particular,
different training examples might require vastly different amounts of resources to process
them. Samples that are very difficult should use all the available computational resources,
while easy samples should be processed quickly. In conditional computation approaches
the model adapts the computational path to particular inputs, allowing in certain cases for
per-example adjustment of the computational costs. Although such approaches, which include
mixture-of-experts [72,77,92] and early exits [44,84], are getting more common, most of these
works assume that the network is trained from scratch in a conditional computation manner. In
contrast, Section 3.2 focuses on a setting where we start with a pre-trained model with a static
computation graph and turn it into a model with a dynamic computation graph. We discuss
Publication [IV] which proposes such a method.

In Section 3.3, we describe the problem of adapting unsupervised generative models
for conditional generation. Generative models are powerful tools for modeling the target
distribution and sampling new data points from it. In particular, in recent years, multiple
works showed how to generate images [43,47,87], audio tracks [63,88] or even videos [39, 85].
However, in most of these cases, it is difficult to control the properties of the samples one wants

to obtain. For example, ProgGAN [42] can be used to generate an arbitrary face, but cannot be
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controlled to generate a face with any specific attributes or modify existing images in a reliable
way. Even models that allow for better control are limited, as the type of conditioning must be
decided upon during the training. For example, if we modified the training process of ProgGAN
to condition the model to generate faces of people of specific gender and age, but we did not
condition it on the face expression, we will not be able to control this property at inference.
In Publication [V], we propose a method that aims to solve this problem by introducing a
simple plugin model for adapting pre-trained unconditioned models to the task of conditional
generation, thus giving the user control over the generative process.

As such, in this chapter, we aim to explore the problem of adapting existing pre-trained
models to settings and situations where standard adaptation approaches are not viable. In
particular, we study (1) adaptation to conditional computation and (2) adaptation to multi-label
conditional generation. In both cases, we do so by introducing additional modules without

affecting the underlying model.

3.2. Zero Time Waste: Recycling Predictions in Early Exit Neural

Networks

In this section, we describe Publication [IV], which proposes a method for adapting a

pre-trained model for conditional computation.

Motivation Early-exit approaches are a popular family of methods for conditional
computation, i.e. they change the computational path depending on the example [33]. In
classification tasks, standard neural networks usually only have a single classifier placed at the
end of the network and it is activated after sequentially processing the input through all layers.
However, early exit methods introduce additional classifiers, so-called internal classifiers (ICs)
after selected hidden layers of the neural network [44]. This way, when processing an example,
we might stop at each internal classifier and decide whether to answer based on its predictions.
If we decide to answer early, we save some computational costs since the example is not

processed by the remaining layers in the network.

Contents In Publication [IV], we focus on the problem of wastefulness in early exit methods in
the context of adapting existing pre-trained models for this task, where smart reuse of available
resources is especially important. In this scenario, one has to carefully use features obtained
by the network, as it was not specifically trained with this application in mind. In particular,
we investigate the question of reusing information between internal classifiers. We start by
pointing out an important drawback of the early exit approach. If a given internal classifier does
not return a prediction that is confident enough to be used as the final answer, its predictions

will be discarded and the computation required to run this branch will be effectively wasted.
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Figure 3.1: The overview of the Zero Time Waste approach from Publication [IV]. Standard
early exit methods, shown on the top, do not transfer knowledge between internal classifiers.
As such, they might disregard correct but unconfident predictions of previous classifiers. In
Publication [IV], we propose the Zero Time Waste method shown at the bottom, which solves
this issue by introducing mechanisms to reuse information from the past.

To understand the severity of this problem, we introduced the Hindsight Improvability metric
which captures how many mistakes we could avoid if we efficiently reused predictions of the
previous internal classifiers. We discovered that the potential gains of knowledge reuse are
substantial and with a theoretical perfect agent, we would be able to eliminate as much as 70%
of the total errors of the final classifier.

In order to reduce knowledge waste and take advantage of potential improvements, we
introduced two techniques to reuse the computation from prior ICs. First, we proposed
cascading, i.e. we add residual connections between subsequent internal classifiers which
allows for direct information reuse. Second, we introduce ensembling, i.e. the predictions
of all the previous ICs are aggregated through a weighted geometric average. When combined,
these two approaches work together very well, covering different aspects of the information
loss problem. They form a method we call Zero Time Waste (ZTW), as it minimizes the
computational waste in early exit approaches. The overview of this approach is shown in
Figure 3.1.

In Publication [IV], we show that this approach works very well on standard early exit
benchmarks when compared to prior works. We investigate several standard computer vision
datasets and architectures and show that the improvements offered by ZTW are significant in
all of them. Additionally, we run experiments in a transfer learning paradigm and we perform
thorough ablation studies, also showing great improvements. Finally, we show that ZTW can be
applied to reinforcement learning, which to the best of our knowledge was the first application

of early exit methods in that setting.
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Summary In this work, we show that early exit models adapted from architectures with a
static computational path are wasteful. Namely, the shallow early exit classifiers often predict
correctly but without enough confidence, and as such their contribution is discarded, as we show
using the Hindsight Improvability metric. We propose the Zero Time Waste method which
combines cascading connections and ensembling of early exits to combat this inefficiency. The
proposed approach outperforms prior work in this area, and it can be used with success in
reinforcement learning scenarios. As such, this is a significant achievement in the problem of

adaptivity in conditional computation.

Contributions & Impact I am the first author of this paper and a top contributor alongside
Bartosz W¢jcik. I stated the research problem, reviewed the relevant literature, and identified
and examined the inefficiency problem. I proposed the ensembling component of the Zero
Time Waste method, implemented it, ran experiments, and analyzed the design choices. I
conceptualized and implemented the Hindsight Improvability metric and performed quantitative
analysis, failure case analysis, and ablation studies of the proposed method. Additionally, I
took a major part in preparing the manuscript. I estimate my contribution to be 40%. The
paper was presented at an A* conference NeurIPS 2021 conference in December 2021. It was
cited 12 times as of May 2023, and in many of these cases its influence was significant. For
example, Laufer-Goldshtein et al. improved their approach using a cascading-like mechanism
inspired by ZTW [53], Hou et al. [40] use it as a baseline in their experiments, and Matsubara et
al. [57] states in their survey that ZTW "improves tradeoff between accuracy and inference time
comparing to other early exit methods". We wrote an extension of this work and submitted
it to IEEE Transactions on Pattern Analysis and Machine Intelligence journal. In future
work, we aim to investigate adaptiveness with other conditional computation methods such

as mixture-of-experts [72].

3.3. PluGeN: Multi-Label Conditional Generation From Pre-Trained
Models

In this section, we describe Publication [V] which investigates the problem of controlling

the generation process in unsupervised generative models.

Motivation Deep generative models are another great recent achievement in the field of deep
learning. They are capable of modeling complex, high-dimensional distributions in domains
such as computer vision [43, 87], natural language processing [9, 67] or 3D point clouds [29].
However, the capability of controlling the generative process is usually fairly limited. For
example, most Generative Adversarial Networks [25] in vision are capable of generating an

arbitrary image, but not an image with any specific features or attributes. Similarly, generative
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Figure 3.2: The scheme of the PluGeN method from Publication [V]. The left side of the figure
represents the backbone pre-trained generative model. We transform the z latent space of
this model using an invertible normalizing flow to get into the disentangled (c, s)-space. In
this space, each attribute has an independent dimension that models its possible values with a
Gaussian mixture. By changing values at these dimensions and then going through the inverse
of the flow model, one can modify existing examples or generate new ones with desired features.

models for molecules can only generate an arbitrary molecule and it might not be possible to
directly condition the model on a specific desirable trait. This is problematic in certain settings,
as one might be interested in generating examples of a specific kind, e.g. molecules with given
solubility. The naive solution would be to retrain the model from scratch while introducing these
conditioning factors. However, this approach might be complex conceptually and expensive in

terms of the required computation. Here, we search for more efficient alternatives.

Contents In Publication [V], we investigate the problem of controlling the generative process.
For that purpose, we introduce PluGeN (Plugin Generative Network), a method for enabling
conditional generation in unsupervised generative models. We operate on the latent space of
such models which is usually by design unstructured with respect to the attributes, i.e. the
training process does not force the latent directions to correspond to examples with given
attributes. Although some form of disentanglement might occasionally happen and meaningful
directions might sometimes emerge [1,38], it is difficult to reliably use this property. As such,
the tools for controlling the generative process are limited, making them difficult to use in many
real-life scenarios.

To overcome this issue, we propose an invertible operation that allows us to go from the
unstructured latent space of the original model to a specially constructed disentangled latent
space. In the disentangled latent space, each attribute corresponds to a particular dimension,

and as such the modification and sampling of specific attributes is very easy. To achieve
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disentanglement, we use a normalizing flow [15, 16], a generative model that is capable of
directly modeling the data through an invertible operation with a Jacobian matrix whose
determinant is easy to compute. Thanks to these properties, it can be efficiently trained
with a simple objective that maximizes the log-likelihood of the data. The simplicity of the
optimization process allows us to apply it to existing models quickly and efficiently.

To achieve better control of the latent space, we use a novel parameterization of the latent
distribution. We model each attribute as a mixture of Gaussians, with each Gaussian component
corresponding to a different value of the attribute. For example, in the most common case of
binary attributes, we use a mixture with two components. During the training, the pre-trained
model is not modified in any way and we only train parameters of the normalizing flow in
PluGeN, which allows for cheap and fast optimization. Since the normalizing flow is invertible,
itis possible to freely move between these two latent spaces. We can sample or modify examples
in the structured space and then go back to the unsupervised latent space to process them with
the backbone generative model. This allows us to freely control the generative process which
was previously heavily constrained and adapt it to new objectives or data types with a quick and
cheap training process. The overview of the model is shown in Figure 3.2.

We implement PluGeN with three different backbone models, showcasing its usefulness in
computer vision and cheminformatics, including the challenging task of molecule generation.
We run experiments that demonstrate the high capabilities of our approach in tasks such as
conditional generation of new samples, modification of existing examples, and interpolation
between different values of attributes. Additionally, we show that the proposed formulation of
the structure of the latent space leads to great performance in difficult generalization tasks such

as extrapolation outside of attribute range and modeling rarely seen combinations of attributes.

Summary This work proposes a way to efficiently adapt and control the generative process
of existing models. Most of the literature in generative modeling focuses on unsupervised
cases, where one cannot control the properties of the generated sample. We use normalizing
flows to perform a supervised disentanglement of the latent space of a pre-trained generative
model. Then, by changing the latent codes in the disentangled space, we can modify generated
samples and generate new ones with desired properties. We show that our method, PluGeN,
performs very well at these tasks, as well as on extrapolation and generation of samples with
uncommon attribute combinations. As such it is a significant contribution to the field of

generative modelling.

Contributions & Impact I am the first author of this paper and a top contributor alongside
Magdalena Proszewska. 1 stated the research problem and performed a literature review.
I participated in the conceptualization and implementation of the Plugen model. I ran

experiments with the VAE backbone and analyzed the results. I ran ablation studies and the
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analysis of the proposed algorithm. Moreover, I participated in preparing the manuscript. I
estimate my contribution to be 30%. This work was presented at an A* conference AAAI 2022
with a 15% acceptance rate in February 2022. Since then, we wrote an extension of this article,
covering applications in problems such as 3D modeling and cases with a limited number of
labels. We submitted the extension to the renowned IEEE Transactions on Pattern Analysis and
Machine Intelligence journal. Future directions include applying PluGeN to world models in

reinforcement learning, where it might be used to precisely control the training process.



4. Other works & achievements

This chapter includes short descriptions of other papers co-authored by me during my Ph.D.
studies, followed by a full list of publications and other achievements. Although they are not
directly connected with the adaptiveness problem and as such are not included as a main part of

the thesis, they contain notable contributions in the area of deep learning.

Description of selected other publications My studies on Publication [V] that introduced
PluGeN were preceded by other investigations of generative models. In particular, in
"Segma: Semi-supervised gaussian mixture autoencoder" [79], we introduced a model for
the semi-supervised classification and image generation tasks, based on the Cramer-World
autoencoder architecture [51]. By using a Gaussian mixture as the prior distribution in the latent
space of the model, we obtained a natural clustering of the data for multi-class problems. My
contributions included implementing the theoretical model, running experiments, and compiling
the results. The work was published in IEEE Transactions on Neural Networks and Learning
Systems and was cited 11 times.

In another work, we studied a different perspective on generative modelling, by
proposing a hypernetwork approach to image generation and the superresolution problem.
In "Hypernetwork functional image representation” [49], we represent images using neural
networks that map coordinates of pixel positions in the image to RGB values. The parameters
of these neural networks are generated using another network (called the hypernetwork).
The functional representation of the image allows us to easily control its resolution. My
contributions to this work include empirical analysis of the properties of hypernetwork-based
representations. This work was presented at [CANN 2019 and was cited 57 times.

Additionally, I worked on the problem of disentanglement, i.e. finding the ground-truth
factors explaining the data, and its relation to multi-task settings. In "On the relationship
between disentanglement and multi-task learning" [58], we studied this problem by
investigating synthetic regression tasks in a teacher-student setting. We found that networks
trained in the multi-task setting lead to more disentangled representations than networks trained
on a single task. My contributions included the conceptualization and preparation of the
synthetic dataset and preparing the manuscript. The paper was published at ECML-PKDD
2022 and was cited once.

I conducted a 6-month research internship at Lyft Level-5, an industry research division

dedicated to solving the autonomous driving problem. During the internship, I worked on
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building planning modules for self-driving vehicles that map semantical representations of
the surroundings to low-level steering actions. As a result of my work, I co-authored two
papers. In "Urban Driver: Learning to Drive from Real-world Demonstrations Using Policy
Gradients" [74], we introduced the idea of using closed-loop training for planning, thus
bringing together the behavioral cloning approach rooted in supervised learning with policy
gradients from the reinforcement learning literature. I worked on implementing the proposed
solution in a production environment and helped with preparing the manuscript. The work was
presented at CoRL 2021 and was cited 23 times. Subsequently, in "SafetyNet: Safe Planning
for Real-World Self-Driving Vehicles Using Machine-Learned Policies", we showed how to
combine easily-scalable deep learning solutions with a reliable rule-based safety layer. This
pairing allowed us to build a dependable solution that worked well in real-world tests on the
roads of San Francisco. I worked on evaluating the model in simulation and compiling the
results, as well as preparing the manuscript. The paper was presented at ICRA 2022 and was
cited 21 times.

Finally, I co-authored a textbook on deep learning called "Glgbokie uczenie.
Wprowadzenie" (Deep Learning.  Introduction), published by the Helion publishing
company [82]. This work is a comprehensive introductory text on deep learning for
undergraduate and graduate students. It covers topics ranging from classical machine learning
approaches such as linear regression to complex deep learning-based architectures such as
transformers. 1 wrote three out of thirteen chapters, explaining the core concepts behind
multilayer perceptrons, recurrent neural networks, and the attention mechanism. Additionally,

I compiled results and prepared visualization for some of the other chapters.

Chronological list of publications to which I contributed but they are not part of this

dissertation.

— Wolczyk, Maciej. "Deep learning-based initialization for object packing." In Schedae
Informaticae 27, 2018, 20 MEIiN points.

— Klocek, Sylwester, Lukasz Maziarka, Maciej Wolczyk, Jacek Tabor, Jakub Nowak,
and Marek Smieja. "Hypernetwork functional image representation.” In International
Conference on Artificial Neural Networks, pp. 496-510, 2019, CORE B, 70 MEiN points.

— Wolczyk, Maciej, Jacek Tabor, Marek Smieja, and Szymon Maszke. "Biologically-Inspired
Spatial Neural Networks." In Real Neurons & Hidden Units workshop at NeurIPS, 2019,
unrated by CORE, unrated by MEiN.

S Smieja, Marek, Maciej Wolczyk, Jacek Tabor, and Bernhard C. Geiger. "Segma:
Semi-supervised gaussian mixture autoencoder." In IEEE Transactions on Neural Networks
and Learning Systems 32, pp. 3930-3941, 2020, 200 MEIiN points.

— Wojcik, Bartosz, Maciej Wolczyk, Klaudia Batazy, and Jacek Tabor. "Finding the optimal

network depth in classification tasks." In Machine Learning and Knowledge Discovery in
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Databases: European Conference (ECML PKDD), pp. 263-278, 2020, CORE A, 140 MEiN
points.

— Wolczyk, Maciej, and Andrii Krutsylo. "Remember more by recalling less: Investigating
the role of batch size in continual learning with experience replay (student abstract)." In
Proceedings of the AAAI Conference on Artificial Intelligence, (AAAI), pp. 15923-15924,
2021, unrated by CORE, unrated by MEiN.

— Tabor, Jacek, Marek gmieja, Lukasz Struski, Przemystaw Spurek, and Maciej Wolczyk.
"Glgbokie Uczenie: Wprowadzenie", 2022.

— Scheel, Oliver, Luca Bergamini, Maciej Wolczyk, Btazej Osinski, and Peter Ondruska.
"Urban driver: Learning to drive from real-world demonstrations using policy gradients." In
Conference on Robot Learning (CoRL), pp. 718-728, 2022, unrated by CORE, unrated be
MEiN.

— Vitelli, Matt, Yan Chang, Yawei Ye, Ana Ferreira, Maciej Wolczyk, Blazej Osiniski, Moritz
Niendorf, Hugo Grimmett, Qiangui Huang, Ashesh Jain, and Peter Ondruska. "Safetynet:
Safe planning for real-world self-driving vehicles using machine-learned policies." In
International Conference on Robotics and Automation (ICRA), pp. 897-904, 2022, CORE
B, 70 MEiN points.

— Maziarka, Lukasz, Aleksandra Nowak, Maciej Wolczyk, and Andrzej Bedychaj. "On the
relationship between disentanglement and multi-task learning." In Machine Learning and
Knowledge Discovery in Databases: European Conference (ECML PKDD), pp. 625-641,
2022, CORE A, 140 MEIN points.

— Morawiecki, Pawel, Andrii Krutsylo, Maciej Wolczyk, and Marek gmieja "Hebbian
Continual Representation Learning". In Hawaii International Conference on System
Sciences (HICSS), pp. 1259-1268, 2023, CORE A, 140 MEIiN points.

List of grants to which I contributed (as a co-investigator):

— NCN Opus: Hypernetworks methods in Meta-Learning
National Science Center, Poland
principal investigator: prof. dr hab. Przemystaw Spurek
2022 -2023

— POB DigiWorld
Disentangled representation in generative models applicable in cheminformatics
principal investigator: prof. dr hab. Marek Smieja
Jagiellonian University, Poland
2021 - 2022

— Team-Net: Bio-inspired artificial neural networks

Foundation for Polish Science, Poland
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principal investigator: prof. dr hab. Jacek Tabor
2020 - 2023
— NCN Opus: Efficient unsupervised learning with applications in deep learning
National Science Center, Poland
principal investigator: prof. dr hab. Jacek Tabor
2018 - 2020

Established international cooperation

— prof. Jodao Sacramento at ETH Zurich. Work in progress on two papers.

— prof. Razvan Pascanu at Google Deepmind. Co-written two papers on continual
reinforcement learning, presented at NeurIPS 2021 and NeurIPS 2022.

— prof. Bernhard Geiger at Know-Center GmbH. Co-written a paper on a semi-supervised
generative model, published in IEEE Transactions on Neural Networks and Learning
Systems.

— Lyft/Woven Planet Level 5 autonomous driving team. Co-written two papers on planning in
autonomous vehicles, presented at CoRL 2021 and ICRA 2022.

Established national cooperation

— prof. Piotr Mito§ and dr Lukasz Kucinski at IMPAN. Co-written two papers on continual
reinforcement learning, presented at NeurIPS 2021 and NeurIPS 2022.

— dr Karol Piczak and prof. Tomasz Trzcinski at Warsaw University of Technology.
Co-written two papers, one on continual learning with guarantees, presented at ICML 2022,
and another on early exits, presented at NeurIPS 2021.

— prof. Pawel Morawiecki and Andrii Krutsylo at IPIPAN, co-written three papers on
continual learning, presented at AAAI 2021 (as a student abstract), ICML 2022, and HICCS
2023.

— prof. Maciej Zigba and Patryk Wielopolski, at Wroctaw University of Science and
Technology, co-written a paper on adapting generative models, presented at AAAI 2022.

International research internships:
— ETH Zurich
PhD Intern with prof. Jodo Sacramento
2022
— Woven Planet/Lyft Level-5
PhD Research intern in autonomous vehicles research team,
2021

Served as a reviewer for:
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— International Conference on Machine Learning (ICML), in 2021 and 2022, received a
highlighted reviewer reward both times, CORE rank A*, 200 MEiN points.

— Conference on Neural Information Processing Systems (NeurIPS) in 2021, 2022, and 2023,
CORE rank A*, 200 MEIiN points.

— International Conference on Learning Representations (ICLR) in 2022, received a
highlighted reviewer reward, CORE rank A*, 200 MEiN points.

— Conference on Lifelong Learning Agents (CoLLAs) in 2022 and 2023, unrated.

— Conference on Robot Learning (CORL) in 2023, unrated.

— IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 200 MEIN
points.

— Neural Networks journal, 200 MEiN points.

— Transactions on Machine Learning Research (TMLR), unrated.

Co-organized scientific events:

— Eastern European Machine Learning 2020 Summer School, Virtual
Co-organizer
Over 200 attendants, lectures from world-class experts on machine learning (e.g. Alex
Graves, Kyunghyun Cho, Tomas Mikolov)

— Machine Learning Meets Neuroscience Summer School 2022, Krakéw
Co-organizer
Over 150 attendants, lectures from world-class experts on machine learning (e.g. Andrew
Saxe, Vincent Lepetit, Andrea Tagliasacchi, Razvan Pascanu)

— Workshop on Dynamic Neural Networks at ICML 2022

Co-organizer



5. Conclusion

This work summarizes five papers studying different aspects of the problem of adaptivity
in deep learning. Publications [I, II, III] focus on the problem of continual learning, that is
adapting to changes in the data stream. Here, we focus on reinforcement learning and learning
with guarantees. Publications [IV, V] focus on adapting existing models to widely different
settings and scenarios, specifically changing the computational paradigm and modifying the
conditioning scheme in generative processes. Finally, the thesis lists other contributions of the
author, including established cooperations, reviewing duties, and organized scientific events.

As the cost of training constantly grows, it is crucial to reuse existing models as often
as possible and avoid unnecessary retraining from scratch. We believe that the presented
works contribute to a significant advance in this direction and cover some of the areas
that were previously underexplored. In future work, we would like to further extend the
investigation of the continual learning scenario to understand how large neural networks,
especially reinforcement learning models, perform at adapting to data shifts in large-scale
training processes. Other future directions include examining different conditional computation
methods (e.g. mixture-of-experts, advanced routing) for pre-trained neural networks and
extending capabilities of PluGeN to world models in model-based reinforcement learning.
Adaptation of neural networks remains a difficult and complicated question, yet a very

important one.
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Abstract

Continual learning (CL) — the ability to continuously learn, building on previ-
ously acquired knowledge — is a natural requirement for long-lived autonomous
reinforcement learning (RL) agents. While building such agents, one needs to
balance opposing desiderata, such as constraints on capacity and compute, the
ability to not catastrophically forget, and to exhibit positive transfer on new tasks.
Understanding the right trade-off is conceptually and computationally challenging,
which we argue has led the community to overly focus on catastrophic forgetting.
In response to these issues, we advocate for the need to prioritize forward transfer
and propose Continual World, a benchmark consisting of realistic and meaningfully
diverse robotic tasks built on top of Meta-World [54]] as a testbed. Following an
in-depth empirical evaluation of existing CL methods, we pinpoint their limitations
and highlight unique algorithmic challenges in the RL setting. Our benchmark
aims to provide a meaningful and computationally inexpensive challenge for the
community and thus help better understand the performance of existing and future
solutions. Information about the benchmark, including the open-source code, is
available athttps://sites.google.com/view/continualworld.

1 Introduction

Change is ubiquitous. Unsurprisingly, due to evolutionary pressure, humans can quickly adapt and
creatively reuse their previous experiences. In contrast, although biologically inspired, deep learning
(DL) models excel mostly in static domains that satisfy the i.i.d. assumption, as for example in
image processing [28 49| 10, 40|, language modelling [52} |1 1] or biological applications [47]]. As
the systems are scaled up and deployed in open-ended settings, such assumptions are increasingly
questionable; imagine, for example, a robot that needs to adapt to the changing environment and
the wear-and-tear of its hardware. Continual learning (CL), an area that explicitly focuses on such
problems, has been gaining more attention recently. The progress in this area could offer enormous
advantages for deep neural networks [19]] and move the community closer to the long-term goal of
building intelligent machines [20].
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Evaluation of CL methods is challenging. Due to the sequential nature of the problem that disallows
parallel computation, evaluation tends to be expensive, which has biased the community to focus
on toy tasks. These are mostly in the domain of supervised learning, often relying on MNIST. In
this work, we expand on previous discussions on the topic [45, [16} 130, 46] and introduce a new
benchmark, Continual World. The benchmark is built on realistic robotic manipulation tasks from
Meta-World [54], benefiting from its diversity but also being computationally cheap. Moreover, we
provide shorter auxiliary sequences, all of which enable a quick research cycle. On the conceptual
level, a fundamental difficulty of evaluating CL algorithms comes from the different desiderata for
a CL solution. These objectives are often opposing each other, forcing practitioners to explicitly
or implicitly make trade-offs in their algorithmic design that are data-dependent. Continual World
provides more meaningful relationships between tasks, answering recent calls [19] to increase
attention on forward transfer.

Additionally, we provide an extensive evaluation of a spectrum of commonly used CL methods. It
highlights that many approaches can deal relatively well with catastrophic forgetting at the expense
of other desiderata, in particular forward transfer. This emphasizes our call for focusing on forward
transfer and the need for more benchmarks that allow for common structure among the tasks.

The main contribution of this work is a CL benchmark that poses optimizing forward transfer as the
central goal and shows that existing methods struggle to outperform simple baselines in terms of the
forward transfer capability. We release the cod both for the benchmark and 7 CL methods, which
aims to provide the community helpful tools to better understand the performance of existing and
future solutions. We encourage to visit the websit of the project and participate in the Continual
World Challenge.

2 Related work

The field of continual learning has grown considerably in the past years, with numerous works
forming new subfields [23]] and finding novel applications [48]]. For brevity, we focus only on the
papers proposing RL-based benchmarks and point to selected surveys of the entire field. [19] provide
a high-level overview of CL and argue that learning in a non-stationary setting is a fundamental
problem for the development of Al highlighting the frequent connections to neuroscience. On the
other hand, [13}38] focus on describing, evaluating, and relating CL methods to each other, providing
a taxonomy of CL solutions that we use in this work.

The possibility of applying CL methods in reinforcement learning scenarios has been explored for
a long time, see [25] for a recent review. However, no benchmark has been widely accepted by
the community so far, which is the aim of this work. Below we discuss various benchmarks and
environments considered in the literature.

Supervised settings MNIST has been widely used to benchmark CL algorithms in two forms [27].
In the permuted MNIST, the pixels of images are randomly permuted to form new tasks. In the split
MNIST, tasks are defined by classifying non-overlapping subsets of classes, e.g. 0 vs. 1 followed by
2 vs. 3. A similar procedure has been applied to various image classification tasks like CIFAR-10,
CIFAR-100, Omniglot or mini-ImageNet [2,146,5)]. Another benchmark is CORe50 [31]], a dataset for
continuous object recognition. Recent work [29] proposes a benchmark based on language modeling.
We find that many of these benchmarks are challenging and allow to measure forgetting. However,
we argue they are not geared towards measuring forward transfer or for highlighting important
RL-specific characteristics of the CL problem.

Atari The Atari 2600 suite [8]] is a widely accepted RL benchmark. Sequences of different Atari
games have been used for evaluating continual learning approaches [43| [27]. Using Atari can be
computationally expensive, e.g., training a sequence of ten games typically requires 100M steps or
more. More importantly, as [43]] notes, these games lack a meaningful overlap, limiting their relevance
for studying transfers. Continuous control [32|[24] use continuous control tasks such as Humanoid
or Walker2D. However, the considered sequences are short, and the range of experiments is limited.
[34] use Meta-World tasks, similarly to us, for evaluations of their continual learning method, but
the work is not aimed at building a benchmark. As such, it uses the Meta-World’s MT10 preset and
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does not provide an in-depth analysis of the tasks or other CL methods. Maze navigation A set of
3D maze environments is used in [43]]. The map structure and objects that the agent needs to collect
change between tasks. It is not clear, though, if the tasks provide enough diversity. [30] propose
CRLMaze, 3D navigation scenarios for continual learning, which solely concentrate on changes of
the visual aspects. StarCraft [43] present a StarCraft campaign (11 tasks) to evaluate a high-level
transfer of skills. The main drawback of this benchmark is excessive computational demand (often
more than 1B frames). Minecraft [50] propose simple scenarios within the Minecraft domain along
with a hierarchical learning method. The authors phrase the problem as lifelong learning and do
not use typical CL methods. Lifelong Hanabi [36] consider a multi-agent reinforcement learning
setting based on Hanabi, a cooperative game requiring significant coordination between agents. On
the other hand, we focus on the single agent setting with changing environment, which allows us
to bypass the computational complexity needed to model interactions between agents and highlight
issues connected to learning in a changing world. Causal World [3]] propose an environment for
robotic manipulation tasks which share causal structure. Although they investigate issues deeply
connected to learning in a changing world, such as generalization to new tasks and curricula, they
do not directly consider continual learning. Jelly Bean World provide interesting procedurally
generated grid world environments. The suite is configurable and can host a non-stationary setting. It
is unclear, however, if such environments reflect the characteristics of real-world challenges.

3 Continual learning background

Continual learning (CL) is an area of research which focuses on building algorithms capable of
handling non-stationarity. They should be able to sequentially acquire new skills and solve novel
tasks without forgetting the previous ones. Such systems are desired to accommodate over extended
periods swiftly, which is often compared to human capabilities and alternatively dubbed as lifelong
learning. CL is intimately related to multi-task learning, curriculum learning, meta-learning, with
some key differences. Multi-task assumes constant access to all tasks, thus ignoring non-stationarity.
Curriculum learning focuses on controlling the task ordering and often the learning time-span. Meta-
learning, a large field of its own, sets the objective to develop procedures that allow fast adaptation
within a task distribution and usually ignores the issue of non-stationarity.

The CL objective is operationalized by the training and evaluation protocols. The former typically
consists of a sequence of tasks (their boundaries might be implicit and smooth). The latter usually
involves measuring catastrophic forgetting, forward transfer, and backward transfer. The learning
system might also have constrained resources: computations, memory, size of neural networks, and
the volume of data samples. A fundamental observation is that the above aspects and desiderata are
conflicting. For example, given unlimited resources, one might mitigate forgetting simply by storing
everything in memory and paying a high computational cost of rehearsing all samples from the past.

——————————————————————— Another pair of objectives that are problematic
g | for current methods are forgetting and forward
7 transfer. For neural networks, existing methods
B-E propose to limit network plasticity. These alle-

FT = viate the problem of forgetting, h t th
p getting, however, at the
cost of choking the further learning process. We

T Refiregce advocate for more nuanced approaches. Impor-
Met ° tantly, to make the transfer possible, our bench-
——- Maximum

mark is composed of related tasks. We also put
modest bounds on resources. This requirement
Figure 1: Left graph shows task PEG-UNPLUG-SIDE- is in line with realistic scenarios, demanding
V1 and the rlght graph presents forward transfer from Computationally efﬁcient adaptation and infer_
SHELF-PLACE-V1 to PEG-UNPLUG-SIDE-V1. In this epce. In a broader sense, we hope to address a
case F'T" = 0.10. data efficiency challenge, one of the most signif-
icant limitations of the current deep (reinforcement) learning methods. We conjecture that forward
transfer might greatly improve the situation and possibly one day enable us to create systems with
human-level cognition capabilities, in line with similar thoughts expressed in [19]].




4 Continual World benchmark

Continual World is a new benchmark designed to be a testbed for evaluating RL agents on the
challenges advocated by the CL paradigm, described in Section [3, as well as highlighting the RL-
specific algorithmic challenges for CL (see Section[6.1)). As such it is aimed at being valuable to
both the CL and RL communities. Continual World consists of realistic robotic manipulation tasks,
aligned in a sequence to enable the study of forward transfer. It is designed to be challenging while
computationally accessible The benchmark is based on Meta-World, a suite of robotic tasks already
established in the community. This enables easy comparisons with the related fields of multi-task and
meta-learning reinforcement learning, potentially highlighting one benefit of CL framing, namely
that of dealing with different reward scales as we discuss more in detail in Appendix |H| Continual
World comes with open-source code that allows for easy development and testing of new algorithms
and provides implementations of 7 existing algorithms. Finally, it allows highlighting RL-specific
challenges for the CL setting. We believe that our work is a step in the right direction towards reliable
benchmarks of CL. We realize, however, that it will need to evolve as the field progresses. We leave a
discussion on future directions and limitations to Section [4.4]

4.1 Metrics

To facilitate further discussion, we start with defining metrics. These are rather standard in the CL
setting [42]]. Assume p;(¢) € [0, 1] to be the performance (success rate) of task ¢ at time ¢. As a
measure of performance, we take the average success rate of achieving a goal specified by a given
task when using randomized initial conditions and stochastic policies (see also Section Each
task is trained for A = 1M steps. The main sequence has N = 20 tasks and the total sample budget
isT = N -A =20M. The i-th task is trained during the interval ¢ € [(i — 1) - A, - A]. We report
the following metrics:

Average performance. The average performance at time ¢ is (see Figure[3)
N
1
P(t) == szi(t). (1)

Its final value, P(7'), is a traditional metric used in the CL research. This is the objective we use for
tuning hyperparameters. We have P(¢) € [0, 1] for each t.

Forward transfer. We measure the forward transfer of a method as the normalized area between
its training curve and the training curve of the reference, single-task, experiment, see Figure |I Let
p? € [0, 1] be the reference performancelf] then the forward transfer for the task i, denoted by FT;, is

AUC; — AUC? 1A 1A
= T p;(t)de, AUC? = Z/ p?(t)dt7
0

FT; : —L, AUC; :
1— AUC!

A (i—1)-A

The average forward transfer for all tasks, FT, is defined as
N
1
FT = — Y FT,. 2
N ; )

We note that FT; < 1 and they might be negative. In our experiments, we also measure backward
transfer. As it is negligible, see Appendix [E.T]

Forgetting. For task i, we measure the decrease of performance after ending its training, i.e.
Fy =pi(i- A) = pi(T). 3)

Similarly to FT, we report F' = % Zfil F;. We have F; < 1 for any ¢ and consequently FT < 1. It
is possible that F; are negative, which would indicate backward transfer. We do not observe this in

practice, see Appendix [E.T|

*We use 8-core machines without GPU. Training the CW20 sequence of twenty tasks takes about 100 hours.
We also provide shorter 10 and 3 task sequences to speed up the experimental loop further.

3Stochastic evaluations are slightly more smooth and have little difference to the deterministic ones.

SNote that we avoid trivial tasks, for which AUC? = 1 is making the metric ill-defined. Additionally, we
acknowledge the dependency on the hyperparameters of the learning algorithm and that there are alternative
quantities of interest like relative improvement in performance rather than faster learning.




4.2 Continual World tasks

This section describes the composition of Continual World benchmark and the rationale behind
its design. We decided to base on Meta-World [54], a fairly new but already established robotic
benchmark for multi-task and meta reinforcement learning. From a practical standpoint, Meta-World
utilizes the open-source MuJoCo physics engine [S1]], prized for speed and accuracy. Meta-World
provides 50 distinct manipulation tasks with everyday objects using a simulated robotic Sawyer
arm. Although the tasks vary significantly, the structure and semantics of observation and action
spaces remain the same, allowing for transfer between tasks. Each observation is a 12-dimensional
vector containing (z,y, z) coordinates of the robot’s gripper and objects of interest in the scene. The
4-dimensional action space describes the direction of the arm’s movement in the next step and the
gripper actuator delta. Reward functions are shaped to make each task solvable. In evaluations, we
use a binary success metric based on the distance of the task-relevant object to its goal position. This
metric is interpretable and enables comparisons between tasks. For more details about the rewards
and evaluation metrics, see [54, Section 4.2, Section 4.3].

CW20, CW10, triplets sequences The core of our benchmark is CW20 sequence. Out of 50 tasks
defined in Meta-World, we picked those that are not too easy or too hard in the assumed sample budget
A = 1M. Aiming to strike a balance between the difficulty of the benchmark and computational
requirements, we selected 10 tasks. The tasks and their ordering were based on the transfer matrix
(see the next paragraph), so that there is a high variation of forward transfers (both in the whole list
and locally). We refer to these ordered tasks as CW10, and CW20 is CW10 repeated twice. We
recommend using CW20 for final evaluation; however, CW10 is already very informative in most
cases. Due to brevity constraints, we present an ablation with an alternative ordering of the tasks and
a longer sequence of 30 tasks in Appendix G, however, these experiments do not alter our findings.
Additionally, to facilitate a fast development cycle, we propose a set of triplets, sequences of three
tasks which exhibit interesting learning dynamics.

The CW10 sequence is: HAMMER-V1, PUSH-WALL-V 1, FAUCET-CLOSE-V 1, PUSH-BACK-V1, STICK-PULL-
V1, HANDLE-PRESS-SIDE-V1, PUSH-V1, SHELF-PLACE-V1, WINDOW-CLOSE-V1, PEG-UNPLUG-SIDE-V1.

Transfer matrix Generally, the relationship between tasks and its impact on learning dynamics of
neural networks is hard to quantify, where semantic similarity does not typically lead to transfer [14]].
To this end, we consider a minimal setting, in which we finetune on task ¢5 a model pretrained on
t1, using the same protocol as the benchmark (e.g., different output heads, see Section[4.3). This
provides neural network-centric insight into the relationship between tasks summarized in Figure
|Z, and allows us to measure low-level transfer between tasks, i.e., the ability of the model to reuse
previously acquired features. See Appendix [D for more results and extended discussion.

Notice that there are only a few negative forward
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transfer cases, and those are of a rather small
magnitude (perhaps unsurprisingly, as the tasks
are related). There are also visible patterns in the
matrix. For instance, some tasks such as PEG-
UNPLUG-SIDE-V1 or PUSH-BACK-V1 benefit
from a relatively large forward transfer, (almost)
irrespective of the first task. Furthermore, the
average forward transfer given the second task
(columns) is more variable than the correspond-
ing quantity for the first task (rows).

Note that some transfers on the diagonal (i.e.,
between the same tasks) are relatively small. We
made a detailed analysis of possible reasons,
which revealed that the biggest negative impact
is due to the replay buffer resets, which seems,

however, unavoidable for off-diagonal cases, see
Section [6.1] for details.

Importantly, we use this matrix to estimate what
level of forward transfer a good CL method
should be able to achieve. We expect that a model which is able to remember all meaningful

Figure 2: Transfer matrix, see Section[4.2] Each cell
represents the forward transfer from the first task to the
second one. We shaded the cells for which 0 belongs to
their 90% confidence interval.



aspects of previously seen tasks would transfer at least as well as if one were just fine-tuning after
learning the best choice between the previous tasks. For a sequence ¢y, . . .,tx we set the reference
forward transfer, RT, to be

N

1
RT:= + 2 glg}FT(tj,ti), (4)
where FT(t;, ;) is the transfer matrix value for ¢, ¢;. For the CW20 sequence, the value is RT = 0.46.
Note that a model can do better that this by composing knowledge from multiple previous tasks.

4.3 Training and evaluation details

We adapt the standard Meta-World setting to CL needs. First, we use separate policy heads for each
task, instead of the original one-hot task ID inputs (we provide ablation experiments for this choice
in Appendix [G). Second, in each episode, we randomize the positions of objects in the scene to
encourage learning more robust policies. We use an MLP network with 4 layers of 256 neurons.

For training, we use soft actor-critic (SAC) [[17], a popular and efficient RL method for continuous
domains. SAC is an off-policy algorithm using replay buffer, which is an important aspect for
CL, particularly for methods relying on rehearsing old trajectories. SAC is based on the so-called
maximum entropy principle; this results in policies which explore better and are more robust to
changes in the environment dynamics. Both of these qualities might be beneficial in CL.

We note that the size of the neural network and optimization details of the SAC algorithm (like batch
size) put constraints on "the amount of compute". Intentionally, these are rather modest, which is in
line with CL desiderata, see Section |3} Similarly, we limit the number of timesteps to 1M/, which is a
humble amount for modern-day deep reinforcement learning. We picked tasks to be challenging but
not impossible within this budget. We note that training in the RL setting tends to be less stable than
in the supervised one. We recommend using multiple seeds, in our experiments, we typically used 20
and calculate confidence intervals; we used the bootstrap method. We choose hyperparameters that
maximize average performance (I). In our experiments, we tune common parameters for SAC and
the method-specific hyperparameters separately. All details of the training and evaluation setup are
presented in Appendix [Al

4.4 Limitations of Continual World

As any benchmark, we are fully aware that ours will not cover the entire spectrum of problems that
one might be interested in. Here we summarize a few limitations that we hope to overcome in a future
instantiation of this benchmark:

Input space We use a small 12 dimensional observation space. This is key to achieve modest
computational demand. However, richer inputs could allow for potentially more interesting forms
of transfer (e.g., based on visual similarity of objects) and would allow inferring the task from the
observation, which is currently impossible.

Reliance on SAC We use the SAC algorithm [17], which is considered a standard choice for
continuous robotic tasks. However, there is a potential risk of overfitting to the particularities of this
algorithm and exploring alternative RL algorithms is important.

Task boundaries We rely on task boundaries. One can rely on task inference mechanisms (e.g. [35}
41]]) to resolve this limitation, though we acknowledge the importance to extend the benchmark
towards allowing and testing for task inference capabilities. Also, testing for algorithms dealing with
continuous distributional drift is not possible in the current format.

Output heads We rely on using a separate head for each new task, similar to many works on continual
learning. We opt for this variant based on its simplicity and better performance than using one-hot
encoding to indicate a task. We believe that the lack of semantics of the one-hot encoding would
further impede transfer, as the relationship between tasks can not be inferred. We carry ablation
studies with using one-hot encoding as an input and a single head architecture, a setting that is
already compatible with our benchmark. We regard this aspect as an important future work, and
in particular, we are exploring alternative encoding of input to make this choice more natural. A
coherent domain, like Continual World, provides a unique opportunity to exploit a consistent output
layer as its semantics does not change between tasks.
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Figure 3: Training curves for selected CL methods and multi-task. The upper left panel shows the performance
on the first task for a subset of methods throughout the whole training. Note that due to the use of different
output heads, we do not see a second bump when revisiting this task at time 10 . The upper right panel shows
the performance on the current task being trained for EWC compared to a reference (a model learning only that
task from scratch). The bottom plot shows the average performance. Solid lines show the performance of the
model training on the first 10 tasks (where 1 means being able to solve all of them). Dashed lines show the
performance of learning the same tasks in the second half of the benchmark. Note that dashed lower are below
solid ones, indicating lower performance on the second pass, even if the agent has already previously learned the
tasks and has access to relevant features.

The difficulty and number of tasks The number of tasks is relatively small. CW20, the main
sequence we use, consists of only 10 different tasks, which are then repeated. We believe the
repetition of tasks is important for a CL benchmark, leading to interesting observations. We check
also that results are quantitatively similar on a sequence of 30 tasks, see Appendix [G] However,
longer sequences, potentially unbounded, are needed to understand the various limitations of existing
algorithms. For example, the importance of graceful forgetting or dealing with systems that run out
of capacity, a scenario where there is no multi-task solution for the sequence of observed tasks. This
is particularly of interest for methods such as PackNet [33]. Additionally, we provide the number of
tasks in advance. Dealing with an unknown number of tasks might raise further interesting questions.
Finally, in future iterations of the benchmark, it is important to consider more complex tasks or more
complex relationships between tasks to remain a challenge to existing methods. Our goal was to
provide a benchmark that is approachable by existing methods, as not to stifle progress.

Low-level transfer We focus on low-level transfers via neural network features and weights. As
such, we do not explicitly explore the ability of the learning process to exploit the compositionality
of behavior or to rely on a more interesting semantic level. While we believe such research is crucial,
we argue that solving low-level transfer is equally important and might be a prerequisite. So, for now,
it is beyond the scope of this work, though future iterations of the benchmark could contain such
scenarios.

5 Methods

We now sketch 7 CL methods evaluated on our benchmark. Some of them were developed for RL,
while others were meant for the supervised learning context and required non-trivial adaptation. We
aimed to cover different families of methods; following [[13]], we consider three classes: regularization-
based, parameter isolation and replay methods. An extended description and discussion of these
methods are provided in Appendix

Regularization-based Methods This family builds on the observation that one can reduce forgetting
by protecting parameters that are important for the previous tasks. The most basic approach often



dubbed L2 [27]] simply adds a Lo penalty, which regularizes the network not to stray away from the
previously learned weights. In this approach, each parameter is equally important. Elastic Weight
Consolidation (EWC) [27] uses the Fisher information matrix to approximate the importance of each
weight. Memory-Aware Synapses (MAS) [4] also utilizes a weighted penalty, but the importance is
obtained by approximating the impact each parameter has on the output of the network. Variational
Continual Learning (VCL), follows a similar path but uses variational inference to minimize the
Kullback-Leibler divergence between the current distribution of parameters (posterior) and the
distribution for the previous tasks (prior).

Parameter Isolation Methods This family (also called modularity-based) forbids any changes to
parameters that are important for the previous tasks. It may be considered as a “hard” equivalent
of regularization-based methods. PackNet [33] “packs” multiple tasks into a single network by
iteratively pruning, freezing, and retraining parts of the network at task change. PackNet is closely
related to progressive neural networks [43]], developed in the RL context.

Replay Methods Methods of this family keep some samples from the previous tasks and use them
for training or as constraints to reduce forgetting. We use a Perfect Memory baseline, a modification
of our setting which remembers all the samples from the past (i.e., without resetting the buffer at the
task change). We also implemented Averaged Gradient Episodic Memory (A-GEM) [12], which
projects gradients from new samples as to not interfere with previous tasks. We find that A-GEM
does not perform well on our benchmark.

Multi-task learning In multi-task learning, a field closely related to CL, tasks are trained simultane-
ously. By its design, it does not suffer from forgetting, however, it is considered to be hard as multiple
tasks “compete for the attention of a single learning system”, see [21}44]. We find that using reward
normalization as in PopArt [21] is essential to achieve good performance. See Appendix [H.

6 Experiments

Now we present empirical results; these are evaluations of a set of 7 representative CL. methods (as
described in Section[5) on our Continual World benchmark. We focus on forgetting and transfers
while keeping fixed constraints on computation, memory, number of samples, and neural network
architecture. Our main empirical contributions are experiments on the long CW20 sequence and
following high-level conclusions. For a summary see Table[T} Figure[3]and for an extensive discussion,
we refer to Appendix [E (including results for the shorter sequence, CW10). In Appendix [G we
provide various ablations and detailed analysis of sensitivity to the CL-specific hyperparameters.

Performance The performance
(success rate) averaged over

tasks (eq. ) is a typical met- method performance forgetting f. transfer
ric for the CL setting. Pack- Fine-tuning 0.05 [0.05,006] 0.73 [0.72,0751  0.20 [0.17,0.23]
Net seems to outperform other L2 0.43 (039,047 0.02 [0.00,0.031 -0.71 [-087,-0.57)
methods, approaching 0.8 from EWC 0.60 10.57.0641 0.02 [-0.00,0.05] -0.17 [-0.24,-0.11]
: _ MAS 0.51 [049,0.531 0.00 (-0.01,0.021 -0.52 [-0.59,-0.47]
Fhe max;mumli) f 1'10’ putperfﬁ.rrr}ll VCL 0.48 0.46,0501 0.01 -0.01,0.021 -0.49 [-0.57,-0.42]
lng multi-tas S(? utl(?ns whic PackNet 0.80 [0.79,0.821 0.00 -0.01,0017 0.19 [0.15,0.23]
might struggle with different re- Perfect Memory 0.12 [0.09.0.15] 0.07 0.05,010) -1.34 [-1.42,-127]
ward scales, a problem elegantly A-GEM 0.07 10.06,0081 0.71 [0.70,0.731  0.13 [0.10, 0.16]
avoided in the CL framing. Other MT 0.51 [048.053] — —
methods perform considerably MT (PopArt)  0.65 [0.63,067] — —

worse. A-GEM and Perfect RT
Memory struggle. We further
discuss possible reasons in Sec-  Table 1: Results on CW20, for CL methods and multi-task training.

tion[6.1] Metrics are defined in Section[4.1] RT is eq. (). We used 20 seeds and
provide 90% confidence intervals.

— — 0.46

Forgetting We observe that
most CL methods are usually efficient in mitigating forgetting. However, we did not notice any boost
when revisiting a task (see Figure[3). Even if a different output head was employed, relearning the
internal representation should have had an impact unless it changed considerably when revisiting the
task. Additionally, we found A-GEM difficult to tune; consequently, with the best hyperparameter
settings, it is relatively similar to the baseline fine-tuning method (see details in Appendix |C).



Transfers For all methods, forward transfer for the second ten tasks (and the same tasks are revisited)
drops compared to the first ten tasks. This is in stark contrast to forgetting, which seems to be well
under control. Among all methods, only fine-tuning and PackNet are able to achieve positive forward
transfer (0.20 and 0.19, resp.) as well as on the first (0.32 and 0.21, resp.) and the second (0.08
and 0.17, resp.) half of tasks. However, these are considerably smaller than RT = 0.46, which
in principle can even be exceeded, and which should be reached by a model that remembers all
meaningful aspects of previously seen tasks, see (@). These results paint a fairly grim picture: we
would expect improvement, rather than deterioration in performance, when revisiting previously seen
tasks. There could be multiple reasons for this state of affairs. It could be attributed to the loss of
plasticity, similar to the effect observed in [6]. Another reason could be related to the interference
between CL mechanisms or setting and RL, for instance, hindering exploration. We did not observe
any substantial cases of backward transfer, even though the benchmark is well suited to study this
question due to the revisiting of tasks. See Appendix [E.T}

Triplets experiments We
illustrate how forgetting
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triplets of tasks learnt in sequence. An ideal agent learning on a sequence i tion At
A — B — C should have at least as good performance on task C' as an agent use mtormation from o
which just learns A — C. In reality, an interfering task 13 reduces this transfer, 2¢t g0od performance on C'.

even when continual learning approaches are used. However, interference intro-
duced by B reduces the fi-

nal forward transfer (see Figure ). The drive for reducing forgetting in CL agents has been primarily
to perform well on previous tasks when we revisit them. With this example, we argue that an equally
important reason to improve the memory of CL agents is to efficiently use past experiences to learn
faster on new tasks. Currently, the tested CL methods often are not able to outperform the forgetful
fine-tuning baseline. Observe that even the modularity-based PackNet approach struggles with this
task. This possibly indicates that using the activation mask from task B is enough to deteriorate the
performance.

PackNet PackNet stands out in our evaluations. We conjecture that developing related methods
might be a promising research direction. Besides further increasing performance, one could mitigate
the limitations of PackNet. PackNet relies on knowing task identity during evaluation. While
this assumption is met in our benchmark, it is an interesting topic for future research to develop
methods that cope without task identity. Another nuisance is that PackNet assigns some fixed fraction
of parameters to a task. This necessitates knowledge of the length of the sequence in advance.
Additionally, when the second ten tasks of CW20 start, PackNet performance degrades, showing its
potentially inefficient use of capacity and past knowledge, given that the second ten tasks are identical
with the first ten and hence no additional capacity is needed. In a broader context, we speculate that
parameter isolation methods might be a promising direction towards better CL. methods.

Resources usage In practical applications it is important to consider resources usage. All tested
methods have relatively small overheads. For example, PackNet needs only 15% more time than the
baseline fine-tuning and it requires 50% more neural network parameters (which is negligible when
small networks like ours). See Appendix [B.4 for details concerning other methods.

Other observations In stark contrast with the supervised learning setting, we found that replay based
methods (Perfect Memory and A-GEM) suffer from poor performance. This is even though we
allow for a generous replay, which could store the whole experience. Explaining and amending this
situation is, in our view, an important research question. We conjecture that this happens due to the
regularization of the critic network (which was unavoidable for these methods). We found multi-task



learning attaining lower scores than PackNet, the best CL method and comparable to the second one,
EWC. We think this suggests interesting research directions for multi-task learning.

6.1 RL-Related Challenges

Reinforcement learning brings a set of issues not present in the supervised learning setting, e.g.,
exploration, varying reward scales, and stochasticity of environments. We argue that it is imperative
to have a reliable benchmark to assess the efficiency of CL algorithms with respect to these problems.
We find that some current methods are not well adjusted to the RL setting and require non-trivial
conceptual considerations and careful tuning of hyperparameters, see details in Appendix[C|

An important design choice is whether or not to regularize the critic in the actor-critic framework
(e.g. in SAC). We find it beneficial to focus on reducing forgetting in the actor while allowing the
critic to freely adapt to the current task (note that critic is used only in training of the current task),
similar to [46]]. On the other hand, a forgetful critic is controversial. This can be sharply seen when
the same task is repeated and the critic needs to learn from scratch. Additionally, not all methods can
be trivially adapted to the ’actor-only regularization’ setting, as for example replay based methods. In
Appendix [C] we examine these issues empirically, by showing experiments with critic regularization
for EWC.

Another aspect is the exploration and its non-trivial impact on transfers. As it was observed, transfers
from a given task to the same one are sometimes poor. We show in Appendix [D.I]that this results
from the fact that at the task change the replay buffer is emptied and SAC collects new samples from
scratch, usually by using the uniform policy. Learning on these random samples reduces performance
on the current task and thus the forward transfer. Experimentally, we find that not resetting the buffer
or using the current policy for exploration improves the transfer on the diagonal.

7 Conclusions and Future Work

In this work, we present Continual World, a continual reinforcement learning benchmark, and an
in-depth analysis of how existing methods perform on it. The benchmark is aimed at facilitating and
standardizing the CL system evaluation, and as such, is released with code, including implementation
of 7 representative CL algorithms. We argue for more attention to forward transfer and the interaction
between forgetting and transfer, as many existing methods seem to sacrifice transfer to alleviate
forgetting. In our opinion, this should not be the aim of CL, and we need to strike a different balance
between these objectives.

We made several observations, both conceptual and empirical, which open future research directions.
In particular, we conjecture that parameter isolation methods are a promising direction. Further, we
identified a set of critical issues at the intersection of RL and CL. Resolving critic regularization and
efficient use of multi-task replays seem to be the most pressing ones. Our benchmark highlights some
challenges, which in our view are relevant and tangible now. In the long horizon, achieving high-level
transfers, removing task boundaries, and scaling up are among significant goals for future editions
of Continual World. Our work is foundational research and does not lead to any direct negative
applications.
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Abstract

The ability of continual learning systems to transfer knowledge from previously
seen tasks in order to maximize performance on new tasks is a significant challenge
for the field, limiting the applicability of continual learning solutions to realistic
scenarios. Consequently, this study aims to broaden our understanding of transfer
and its driving forces in the specific case of continual reinforcement learning.
We adopt SAC as the underlying RL algorithm and Continual World as a suite
of continuous control tasks. We systematically study how different components
of SAC (the actor and the critic, exploration, and data) affect transfer efficacy,
and we provide recommendations regarding various modeling options. The best
set of choices, dubbed ClonEx-SAC, is evaluated on the recent Continual World
benchmark. ClonEx-SAC achieves 87% final success rate compared to 80% of
PackNet, the best method in the benchmark. Moreover, the transfer grows from
0.18 to 0.54 according to the metric provided by Continual World.

1 Introduction

The ability of continual learning (CL) systems ([17, [22]) to utilize knowledge from previously
seen tasks in order to maximize transfer on the current task is a significant challenge for the field.
Achieving progress in this area would bring benefits both for real-life applications and multiple
machine learning domains [24} 18,146\ [10]], including reinforcement learning (RL), as advocated in
[47]. In particular, it would constitute a critical step towards making efficient lifelong learning agents
a reality.

The goal of this paper is to expand our understanding of transfer and its driving factors in continual
reinforcement learning (CRL). As the underlying RL algorithm, we assume soft actor-critic (SAC), see
[L6], and use Continual World [47] as the suite of continuous control environments. We systematically
study the critic and actor networks, the key components of SAC, with regard to their influence on
transfer. Similarly, we measure the impact of various choices regarding exploration and buffer data
usage. The low-level mechanisms of transfer are not yet fully understood even in the supervised
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learning case [28]]. To the best of our knowledge, our work is the first one that undertakes a
comprehensive study of this important topic in RL. To this end, we proceed in two stages: exploring
a two-task setting and a full continual learning scenario.

We start by investigating a simplified
two-tasks setting in Section [4] This
allows us to leave out the impact of

. .. . @ &0 N
forgetting, as well as limit the choices 0.8 A Lk
regarding exploration and data han- o
dling. We use 100 pairs of robotic é S
tasks from the Continual World bench- £ 0.6 - A= T
mark. Here, we render two key ob- & 9% a——

. S £ Fab o T T
servations: 1) the role of the critic is g
the most important for transfer, while o 0.4
exploration and actor play smaller, g CL method PackNet
but. non—negligiblle,. parts; 2) contri- o . E';e"““'”g . Eleﬂh:E‘fsf:‘cc"’”'”g
butions of the individual components << 0.2, euc
are mostly independent. Additionally, Do . o Fog
we show that the concept of feature . AGEM s+ w20 A
reuse which is often utilized to explain -06 -04 -02 0.0 0.2 0.4 0.6
supervised transfer learning [28, 33]] Forward transfer

might not be directly applicable in RL. _
& Y app Figure 1: Performance of the ClonEx-SAC method compared

In Section [5} we aim to understand with competitive baselines, on CW10 and CW20 task sequences.
new effects which emerge for the full Average performance and forward transfer are shown, together with
continual learning scenario, typically ~90% bootstrap confidence intervals.

in longer sequences. In CL context,

we need to take into account forgetting, being mindful of the fact that existing CL methods often favor
mitigating forgetting at the expense of transfer, see [47]]. Main results include 1) reusing policies
from previous tasks for exploration considerably improves performance; 2) behavioral cloning to
rehearse past tasks is beneficial for both average performance and forward transfer, outperforming
other considered methods; 3) regularizing the critic typically does not help for the performance of CL.
methods.

The result of our comprehensive analysis is a set of general recommendations. We also determine
the combination of design choices that outperforms all other options, dubbed ClonEx-SAC. This
method utilizes behavioral cloning to mitigate catastrophic forgetting for the actor. Moreover, at
the beginning of each task, ClonEx-SAC queries all previous policies, the best of which generates
initial exploration data. CLonEx-SAC achieves 87% final success rate compared to 80% of PackNet,
the best method in the Continual World benchmark, see Figure[I] Importantly, we observe a sharp
transfer increase from 0.18 to 0.54 in the metric provided in the benchmark. Notably, the value of
forward transfer closely matches the reference forward transfer adjusted for exploration, which is a
soft upper bound for transfer, as introduced in [47].

2 Related work

Continual learning algorithms are often categorized into three classes: regularization-based e.g.
[2, 123} 31], parameter isolation e.g. [26] and rehearsal methods e.g. [6,[7]; see also CL survey papers
(8 17, 132]. [44) 4] advocate the need to develop CL methods suitable for reinforcement learning
training as a necessary step towards learning artificial intelligent agents to operate in open-ended
and changing environments. [22] provides a detailed review of this combination and a taxonomy of
possible setups. [47]] proposes a sequence of robotic tasks as a benchmark, comparing popular CL
methods adapted to RL and advocating for putting more emphasis on transfer.

The authors of [20] show how the synaptic Benna-Fusi model can be added on top of value-based
RL methods to mitigate forgetting at both intra- and inter-task scales. A simple approach to cloning
policies from previous tasks is employed in [45]], and a similar replay strategy has been used in
[35]. [21] tackles the case when task boundaries are not provided. Although most of the research is
concerned with model-free continual reinforcement learning, an approach to model-based continual
RL was presented in [19].



Transfer learning, which focuses on the reuse of machine learning models, has been extremely suc-
cessful recently. In computer vision, convolutional neural networks [24} [18] and vision transformers
[L1] pre-trained on large datasets can be repurposed and fine-tuned on the target task. Modern
transformer-based models [46l [10] trained on large natural language corpora turned out to be very
flexible and can be adapted to diverse downstream tasks with surprising efficiency [34,[25]. General
surveys of transfer learning techniques are provided in [52}41]. Interestingly, recent research [29,(50]
suggests that there are still some gaps in our understanding of transfer learning. [29] analyzes the
low-level reasons for transfer, exhibiting surprising phenomena such as transfer between datasets
with permuted images. [S0] performs large-scale experiments investigating representation transfer in
a wide variety of visual tasks.

In reinforcement learning scenarios, the structure of the underlying MDP can be exploited to facilitate
the transfer. [42] 51} 43| 40] present methods on how to find and use mappings between different
domains. [30} S]] apply reward function reshaping. [27,39] achieve transfer by means of high-level
skills and hierarchical RL. Other lines of work exploit the model structure [36, [13] or enforce
modularity [3} 9] In this work, we aim to complement these studies, by focusing on the benefits of
reusing neural network parameters, and other choices that exploit the RL structure, like exploration
and data rehearsal.

3 Background

3.1 Continual learning and reinforcement learning

Continual learning tackles the problem of learning in non-stationary settings [8l]. Typically, the
solution is expected to perform well on all encountered tasks, although various metrics expressing
different requirements are formulated. The popular CL desiderata include reducing the forgetting on
previous tasks and increasing the forward transfer on the new tasks, i.e. speeding up the learning
by reusing knowledge from previous tasks [12,47]]. Other desiderata focus on limiting resources,
such as the number of samples, computation time, model size, or additional memory size. These
requirements are often conflicting, so usually some trade-offs have to be made [[17, 147, 32].

Combining CL with RL adds another layer of complexity. In this work, we focus on the SAC
algorithm [16]], which is often considered to be the method of choice for continuous control RL
[49, 148, 138]]. As an actor-critic algorithm, it is based on the interplay between its two parts, see
Section[3.2] This is a fairly complicated algorithmic setup, which presents a number of challenges
when used jointly with CL.

In particular, since the optimization of the critic and actor networks is intertwined, it is hard to
understand and decouple the impact of individual components. Additionally, because of this interplay,
training biases get easily exacerbated, often leading to inferior performance or even a collapse.
Another complication is that the training objectives for the actor and the critic are different. The critic
minimizes the Bellman error which is known to be a fragile objective [[14] susceptible to training
biases and might correlate poorly with the value error (which we would like to minimize). As the
actor optimizes over predictions of the critic, it might also suffer from these problems, even if less
directly. Finally, since the policy and the data we see change during the training, there is an inherent
distribution shift present, even within a single task.

3.2 SAC

In our study, we focus on soft actor-critic (SAC) [[15]], an off-policy actor-critic RL algorithm, based on
the maximum entropy principle. The critic strives to approximate the entropy-corrected Q-function
under the current policy, optimizing the Bellman error. The actor tries to find actions that maximize
the Q-function. The replay buffer holds the seen experience and provides data for the actor and
critic updates at each learning step. The exploration policy is used to gather data at the beginning
of each task for a set number of K steps. By default, in most SAC implementations, this means
sampling actions uniformly over the action space.



3.3 Continual World

We perform our experiments on the Continual World [47]] benchmark. It contains a set of realistic
robotic tasks, where a simulated Sawyer robot manipulates everyday objects. The structure of the
observation and action spaces remains the same between the tasks; an observation is a 12-dimensional
vector describing the coordinates of the robot’s gripper and relevant objects. The 4-dimensional
action space describes the gripper movement. In training, a dense reward function is used to make the
tasks solvable; in evaluation, the binary success metric is used to indicate whether the desired goal has
been reached. The tasks are arranged in sequences and training in each task lasts for 1M steps. CW10
sequence contains 10 different tasks arranged in a fixed order. CW20 consists of CW10 repeated
twice, allowing to measure how much knowledge can be transferred in case of task repetitions. We
use both CW10 and CW20 in our evaluations, as well as shorter sequences containing pairs of tasks
from CW10.

3.4 Metrics

Following standard practice in continual learning literature, we report average performance and
forgetting metrics. We also measure transfer as defined in [47]. Below we briefly recall these three
metrics. Assume p;(t) € [0, 1] to be the performance (success rate) of task ¢ at time ¢, and that each
of the N tasks is trained for A steps, so the total number of stepsis 7' = N - A.

Average performance The average performance at time ¢ is defined as P(¢) := + vazl pi(t). Its

final value, P(T), is a scalar summary of the performance and is presented in the result tables.

Forward transfer The forward transfer is computed as a normalized area between the training
curve of the measured run and the training curve of a reference curve from training from scratch.
Let us denote by p? € [0, 1] the reference performance. Then the forward transfer on task i, F'T}, is
defined as

_ AUC; — AUC?

FT7 : b
1 — AUC?

AUC Lore (t)dt, AUC? 1 / : b(t)dt
) i = x Di ) P = N D; .
A Ji-1.a Ay T

The average forward transfer for all tasks, FT, is defined as FT = % Zf\;l FT;.

Forgetting For the task ¢, one can measure a drop in performance after the end of learning on this
task as F; = p; (i - A) — p;(T). Forgetting metric is defined as F' = + vazl F;.

3.5 Experimental setup

We follow the experimental setup from [47]. The actor and the critic are implemented as two separate
MLP networks, each with 4 hidden layers of 256 neurons. We refer to the 4 hidden layers as the
backbone and the last output layer as the head. By default, we assume the multi-head (MH) setting,
where each task has its separate output head, but we also consider the single-head (SH) setting,
where only a single head is used for all tasks. The SAC exploration phase takes K = 10k steps.
All experiments in this paper were performed with 10 different seeds unless noted otherwise. We
compute 90% confidence intervals through bootstrapping. More details on the experimental setup
can be found in Appendix [A]

4 Transfer in isolation

In this section, we study what enables transfer between RL tasks. We assume a two-task setting,
where we measure the forward transfer from the first to the second task, disregarding issues specific
to continual learning (e.g. forgetting), which we defer to the next section. We utilize all 100 pairs of
CWI10 tasks, see Section[3.3] to evaluate the impact of critic, actor, and exploration given by SAC.

We will say that the actor or the critic are carried over (from the previous tasks) if their parameters
are reused as the initialization in the next task; otherwise, the parameters are re-initialized. We also
refer to the exploration policy as being carried over, if we use the policy from the previous task (or
tasks) to gather the data during the first 10k steps of the SAC exploration phase (see Section [3.2));



Actor carried over Critic carried over Exploration carried over
Second Task Second Task Second Task

1 2 3 1 5 6 7 8 9

0 5
o«&\\o\o.lﬁ 0.45 0.40 0.23 0.32 0.17 0.37 0.21 \I‘g\
0 }%E

4 5

R

2
N N
0.0.25 0.23 \50,18\

1-0‘.37}&\.5\{0;33:\ \Qé
2 0.26\0.08 \\.\KR\-OAO

1
R

First Task
First Task
First Task

(a) Actor carried over (b) Critic carried over (c) Exploration carried over

Figure 2: The effect of carrying over different components on the performance on pairs of tasks from CW10.
We shade an entry if the 90% confidence interval contains 0, indicating that we cannot be sure whether the
component which was carried over makes a difference.

otherwise, a uniform random exploration policy is being used. We use both multi-head (MH) and
single-head (SH) settings, with the former being default.

Figure |2|illustrates the impact of the individual components on transfer for each pair. The (i, j)-th
entry in the matrix contains the forward transfer value when carrying over components from task ¢ to
task j. Table[]presents the aggregated statistics from the matrices given in Figure2} the average FT
(including and excluding the diagonal), and the number of pairs with positive, negative, and neutral
FTH Table [2|reports the transfer properties for all possible combinations of components present in
Table[T] omitting single-head critic (since it performs worse in Table [T]).

4.1 Carrying over SAC components

From the results presented above, we draw two key observations. First, the role of the critic is the
most important for FT, while exploration and actor play smaller, but non-negligible, parts. Second,
the components are "transfer independent”, in the sense that the transfer of the combination of the
components is close to the sum of transfers yielded by each component alone.

The evidence for the first finding is presented in detail for each pair in Figure 2and summarized in
Table[T] More precisely, the average forward transfer across all pairs attributed to carrying over of the
critic equals 0.2 (resp. 0.15) for MH (resp. SH) setup. This separates the critic from the actor and
exploration, which yield (for the default MH setup) 0.06 and 0.09, respectively.

The importance of the critic is further emphasized by showing that restraining its learning capabilities,
even when the weights are initialized to the parameters learned in the previous task, negatively
impacts FT. This is shown in the last row of Table[T} where only the critic’s head is allowed to train,
while the body of the network is kept frozen and carried over from the previous task. This result
goes against our understanding of transfer in supervised learning, where feature reuse is a common
technique (e.g. in vision [28,[33]]). However, the deterioration in FT can be explained by RL-specific
factors. Namely, freezing the backbone can hinder both the policy training (since the mechanics of
SAC intertwines actor and critic) and the critic training (due to inflated Bellman errors).

As to the second finding, i.e. the "transfer independence" of the components, the results of the
underlying analysis are presented in Table[2] We observe that the reported FT for the combination
of components follows closely the sum of FTs for individual components (reported in Table [T)).
Furthermore, we observe that including all the components results in the highest transfer of 0.35.

There is a couple of remaining interesting observations. First, Figure [2] exhibits several vertical
patterns, meaning that transfer depends more on the second task. Second, the effect on transfer
increases on the diagonal, when the exploration is carried over. This seems reasonable since the

2We say that a pair has positive (resp. negative) FT if the corresponding confidence interval is above (resp.
below) 0. Otherwise, we mark it as neutral.



Table 1: Summary of the transfer statistics from the transfer matrices when transferring only a single component.
FT and FT (no diag) represent average forward transfer across all pairs with and without considering the diagonal
(transfer from a task to the same task), respectively. Subsequent columns denote the number of pairs with the
positive, negative, and neutral transfer.

name FT FT (no diag)  #pos. #neg. # neutral
Actor (MH) 0.06 10.03,0.10] 0.05 [0.01, 0.09] 30 5 65
Critic (MH) 0.20 10.17,0.23] 0.19 [0.16,0.23] 54 5 41
Exploration 0.09 10.06, 0.13] 0.06 [0.03, 0.10] 28 9 63
Actor (SH) 0.12 [0.09, 0.15] 0.12 [0.09, 0.15] 37 1 62
Critic (SH) 0.15 [0.12,0.18] 0.13 [0.10,0.16] 41 19 40
Critic (train only head)  -1.29 [-1.33,-1251  -1.30 [-1.35,-1.26] 0 100 0

Table 2: Summary of transfer statistics when multiple components are carried over. We observe that impact
of each component is largely independent of other components. That is, FT when carrying over multiple
components is close to the sum of FT when carrying over each of them separately.

name FT FT (no diag) #pos. #neg. #neutral
Actor (MH) + Critic (MH) 0.27 [0.24,0301  0.25 [0.22,0.29] 58 4 38
Actor (SH) + Critic (MH) 0.29 (026,0321  0.28 [0.25,031] 59 2 39
Actor (MH) + Exp. 0.16 [0.12,0200  0.14 [0.10,0.18] 39 3 58
Actor (SH) + Exp. 0.21 (0.17,0241  0.18 [0.15,0.22] 53 0 47
Critic (MH) + Exp. 0.30 [0.27,0331  0.28 [0.25,0.31] 64 2 34
Actor (SH) + Critic (MH) + Exp. 0.36 033,038 0.33 [0.29,0.36] 68 0 32
Actor (MH) + Critic (MH) + Exp.  0.351031,0381  0.32 0.29,036] 70 1 29

policy in the new task is initialized to the already learned policy on the same task. Finally, resetting
the head (MH setup) is beneficial in the case of the critic, while it hurts the actor.

S Transfer in continual learning

In Section @ we focused on direct transfer in the two-task setting. Now, we move to the full
continual learning scenario, which brings two main differences: 1) we measure the performance of
all tasks in the sequence, so forgetting now plays a significant role; 2) typically, we consider longer
sequences of tasks of length 10 and 20 (CW10 and CW20, respectively). For longer sequences,
forgetting and transfer may have complex mutual interactions. To reduce forgetting, CL methods
usually apply some kind of regularization to the model, which in turn may be harmful to transfer. On
the other hand, transfer benefits from accumulated knowledge — if forgetting is not mitigated, there
might be nothing to transfer from.

We will investigate three main themes. The first one is reusing previous policies for exploration.
For long sequences, there are multiple design choices available compared to the two-task scenarios.
Secondly, we investigate CL with data reuse, an approach successful in supervised learning. We show
that the CRL setup is more complex and requires careful investigation. Finally, given the importance
of the critic for transfer (see Section[)), we study whether the critic should be regularized or not, and
conclude that typically, the answer is negative.

We study these issues in conjunction with various CL methods: Fine-tuning, Perfect memory, EWC,
PackNet, L2, A-GEM, MAS, and VCL. These are standard CL approaches adopted and tested in the
RL setting [47]], see details in Appendix [B] We note that CL methods used here are mostly successful
in mitigating forgetting; in this section, we report average performance and forward transfer, deferring
forgetting to the Appendices|C|and[E]

5.1 Exploration

When using the SAC algorithm, at the beginning of each task, there is a short period of exploration
with a random policy, see Section The experiments in Section showed that the transfer



increases if the policy from the previous task is used instead. Now, we pass from two-task scenarios
to longer ones, and analyze the following options for choosing exploration policy, which we call:
random, preceding, uniform-previous, and best-return, and define them as follows. In the first task,
we always use a random policy, and assume that the tasks are numbered from 1 to V.

Consider now i € {2,..., N}. For the random strategy, we randomly sample from the action space,
which is a default choice for SAC. For the other strategies, at the beginning of each exploration
episode, we choose a previous actor head to generate data instead of the random policy. In the
case of the preceding strategy, we use the (¢ — 1)-th actor’s head. For uniform-previous policy,
we use the j-th actor’s head, where j := RANDOM_UNIFORM({1,...,7 — 1}). Finally, in best-
return strategy, we first try every possible head, and then act using the jy,ax-th actor’s head, where
Jmax 1= argmax;c i,l}Ré; Ré- is the return of the j-th head policy on the ¢-th task.

,,,,,

We evaluate how these strategies interact with various CL methods. We pick Fine-tuning, Behavioral
cloning, L2, EWC, and PackNet. The results for two well-performing methods, EWC and PackNet,
are presented in Table [3] with the rest being deferred to Appendix [E} For EWC, choosing any
non-random policy significantly improves upon the baseline random strategy. This is particularly
visible in the CW20 sequence, which contains repeated tasks, and arguably can benefit more from an
informed strategy like best-return. Interestingly, the results for the rather simple uniform-previous
approach are quite competitive. We observe increased performance also for other methods except for
PackNet, for which effects are negligible.

Table 3: Average performance and forward transfer for different exploration strategies on CW10 and
CW20 sequences. Strategies are added on top of EWC and PackNet methods.

Method, exploration CW10 perf. CWIOf. transfer | CW20 perf. CW20 f. transfer
EWC, random 0.63 [0.60,0661  0.03 [-0.04,0.09] 0.60 [0.59,0621  -0.14 [-0.19,-0.09]
EWC, preceding 0.70 1067,0731  0.09 10.03,0.15] 0.61 [059,0647 -0.14 [-0.19,-0.09]
EWC, uniform-previous 0.72 1069,0751  0.24 [0.19,028] 0.70 06s,0731  0.21 [0.17,025]
EWC, best-return 0.70 (068,073 0.25 021,028 0.71 1069,0731  0.28 [0.25,031]
PackNet, random 0.84 (081,086  0.26 [0.22,0.29] 0.80 [0.79,0821  0.18 [0.14,022]
PackNet, preceding 0.84 1082,0851  0.24 [020,027] 0.81 1080,0831  0.20 [0.16,024]
PackNet, uniform-previous 0.84 051,086 0.21 [0.15,0.26] 0.80 [0.78,0821  0.23 [0.18,027]
PackNet, best-return 0.85 10830861 0.23 [0.20,0.26] 0.82 (01,0831 0.23 [0.21,025]

5.2 Data rehearsal

Rehearsal techniques work very well in supervised continual learning [7]. In RL, two major ap-
proaches to utilizing previous data have been studied: applying them as offline data using SAC loss,
and behavioral cloning of the previous policies. The former, dubbed Perfect memory, was reported to
perform poorly [47]. Behavioral cloning achieves more promising results [45}35]. We study these
two approaches with an emphasis on the effects on transfer.

In Perfect memory, all the experiences are kept in the buffer. SAC training is applied to data from the
current task and offline data from the previous ones. In Behavioral cloning, an additional small buffer
is filled at the end of training on each task. We annotate a subset of samples from the main SAC buffer
using the trained actor and critic networks. When training the new task, we sample data from expert
buffers and apply auxiliary losses (with different weights), minimizing the KL divergence between
current and saved outputs for the actor and L2 distance for the critic; see details in Appendix B}

Firstly, we study the effect of rehearsal on transfer in the two-task scenario, using 100 task pairs
from CW10, as in Section We observe that using Perfect memory or cloning both actor and
the critic has a detrimental effect on transfer, providing more evidence that critic regularization can
be catastrophic. On the other hand, cloning only the actor has a neutral effect; we report results for
these and more setups in Appendix[E] As such, in the remaining Behavioral cloning experiments, we
regularize only the actor, unless noted otherwise.

Secondly, we perform experiments on longer sequences, CW 10 and CW20; see Table[d] For reference,
we include two methods tested in [47]], Fine-tuning and PackNet. Fine-tuning achieves the highest
transfer and PackNet the highest overall performance out of the methods tested in [47]. Behavioral



Table 4: Average performance and forward transfer for Perfect memory and Behavioral cloning
methods, as described in Section[5.2] Fine-tuning and PackNet are included for reference.

method CW10 perf. CWIOf. transfer | CW20 perf. CW20 f. transfer
Perfect memory 0.27 024,030 -1.13 (-1.23,-1.041 0.09 1006,0121  -1.32 (-1.41,-124)
Behavioral cloning 0.84 (051,056  0.41 [0.38,0.43] 0.83 (0s1,0851  0.36 [0.34,038]
Fine-tuning 0.10 0.10,0100  0.31 [0.27,034) 0.05 100s,0051  0.19 [0.15,023]
PackNet 0.84 (051,085 0.26 [0.22,029] 0.80 [0.79,0821  0.18 [0.14,022]

cloning performs very well. In terms of the average performance, it is on par with PackNet on CW10
and better on CW20. Importantly, it significantly outperforms the baselines in terms of transfer. We
can see that Perfect memory works poorly, in line with the existing literature. In Appendix [C] we
present the results for five other CL methods benchmarked in [47]].

In the end, we observe an interesting phenomenon. While behavioral cloning does not improve
transfer in two-task scenario, it has a positive effect for the longer sequences. This result hints
that perhaps the learner accumulates knowledge of the previous tasks and, thus, can reuse the most
relevant parts of the past to improve the training of the current task. Additionally, perhaps behavioral
cloning loss acts as a regularizer and helps shape more general features, thus further improving
transfer.

5.3 Regularizing the critic

This section is devoted to the study of critic regularization in CRL methods. Since in our formulation
of the problem, the primary objective of CRL is the final performance of the actor, we have some
flexibility in how we treat the critic. We can even completely ignore forgetting in the critic, as
recommended in [47]. Other works suggest that regularization might be beneficial [21]].

To understand this issue better, we carefully measure the performance while varying the strength of
the regularization, by changing the critic regularization coefficients for EWC, L2, and Behavioral
cloning. We first find a good value for the actor regularization coefficient, with the critic regularization
coefficient being set to 0. Then, with this value, we perform the sweep over the critic coefficients,
covering a wide range from 1 x 107! to 100, and run training on the CW 10 sequence. For all
three methods, we observe that for the smallest values of critic regularization, the performance is
similar to the version without critic regularization, and then after some threshold, performance visibly
deteriorates. In the case of Behavioral cloning, it drops from 0.82 (no critic regularization) to 0.77
(critic regularization coefficient = 0.001) and then further, see Table[I5] The complete results are

presented in Appendix

This confirms the practical recommendation from [47] to regularize only the actor. One possi-
ble explanation is that 7" D-learning used for the critic is highly sensitive to biases introduced by
regularization.

6 Combining the improvements: ClonEx-SAC

Based on the experimental findings presented so far, we propose to combine the discovered enhance-
ments in a simple method for continual reinforcement learning. This method significantly improves
the performance in the Continual World benchmark [47]. In particular, we observe a sharp transfer
increase to a value that matches a soft upper bound for transfer introduced in [47].

We incorporate the following choices in the proposed method:

* We use behavioral cloning for the actor, which, as we showed in Section@ effectively
mitigates forgetting and increases transfer.

* We use best-return exploration, as described in Section which efficiently reuses old
policy heads for faster exploration.

* Asindicated in Section we do not use any CL regularization for the critic.



* We use multiple output heads for both actor and critic to profit from transferred repre-
sentations without introducing too much bias in the new tasks, as discussed in Section

41

We dub the method ClonEx-SAC to reflect the usage of the behavioral cloning, improved exploration,
and SAC algorithm.

We compare ClonEx-SAC with the behavioral cloning and 7 methods considered in [47], on the
CW10 and CW20 sequences. We present results in Figure [I] (see Introduction) and Appendix [C]
ClonEx-SAC achieves 87% final performance compared to 80% of PackNet, the best method in [47]].

The forward transfer of ClonEx-SAC, improves sharply from 0.19, the best previous result, to
0.54. Notably, ClonEx-SAC’s result closely matches the reference forward transfer, see below. We
conjecture that this excellent transfer is an important factor in the final performance. We also notice
that improvements brought separately by behavioral cloning and the best-return exploration strategy
work well together.

Reference forward transfer (RT) was introduced in [47] as a soft upper bound for transfer. For

a sequence of tasks t1,...,ty, it is defined defined as RT := % vazz max,<; FT(t;,1;), where
F(t;,t;) denotes the forward transfer for the pair of tasks ¢}, ¢;.

Intuitively, RT estimates the level of forward transfer, which could be achieved when a method is
able to remember and transfer all meaningful aspects of previously seen tasks. Note that in principle,
higher values of RT could still be achievable if the knowledge from the previous tasks is composed.
In our setup, the values of RT" are 0.44 for CW10 and 0.55 for CW20. In both cases, they are closely
matched by the forward transfer of ClonEx-SAC. We note that our RT" values are higher than the one
reported in [47]], since their work does not take into account the effects of improved exploration.

7 Limitations

We are fully aware that our analyses do not cover the entire spectrum of problems that one might be
interested in when studying transfer in CRL. Here, we summarize a few limitations of our work:

* We build on top of the SAC algorithm. There is a risk that some of the conclusions from
this paper would differ for another choice of the underlying RL method.

* We focus on the Continual World suite. There is a possibility that some of the results from
this paper would differ in environments from other domains or with different, potentially
structured state spaces.

* ClonEx-SAC requires retaining data from previous tasks, which may not always be feasible
(e.g., due to privacy concerns).

8 Conclusions

In this work, we identify and study some of the key factors contributing to transfer in continual
reinforcement learning. In the first part of the study, we focus on the transfer alone, disregarding other
CL desiderata, and analyze how different components of the SAC algorithm (actor, critic, exploration)
contribute to it. We identify the critic as the leading component.

In the second part, we study further effects that are relevant to the full continual learning setup with
long task sequences. In particular, we show that behavioral cloning and reusing previous policies
for exploration significantly improve both transfer and the final performance. This leads to a new
method, ClonEx-SAC, which outperforms considered baselines.

We believe that this work constitutes the first step toward understanding the mechanisms behind
transfer in continual reinforcement learning. There are still important issues to be resolved, e.g.,
pinpointing the exact role of feature reuse or the interplay between transfer and forgetting. We hope
that these will be addressed by the community in the future.



Acknowledgments and Disclosure of Funding

The work of Maciej Wolczyk was supported by the National Centre of Science (Poland) Grant No.
2021/43/B/ST6/01456. The work of Piotr Mitos was supported by the Polish National Science Center
grant UMO-2017/26/E/ST6/00622 and UMO-2019/35/0/ST6/03464. This research was supported by
the PL-Grid Infrastructure. Our experiments were managed using https://neptune.ai. We would
like to thank the Neptune team for providing us access to the team version and technical support.

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

Joshua Achiam. Spinning Up in Deep Reinforcement Learning. 2018.

Rahaf Aljundi, Francesca Babiloni, Mohamed Elhoseiny, Marcus Rohrbach, and Tinne Tuyte-
laars. Memory aware synapses: Learning what (not) to forget. In Vittorio Ferrari, Martial
Hebert, Cristian Sminchisescu, and Yair Weiss, editors, Computer Vision - ECCV 2018 - 15th
European Conference, Munich, Germany, September 8-14, 2018, Proceedings, Part III, volume
11207 of Lecture Notes in Computer Science, pages 144—161. Springer, 2018.

Jacob Andreas, Dan Klein, and Sergey Levine. Modular multitask reinforcement learning with
policy sketches. In International Conference on Machine Learning, pages 166—-175. PMLR,
2017.

Bowen Baker, Ingmar Kanitscheider, Todor M. Markov, Yi Wu, Glenn Powell, Bob McGrew,
and Igor Mordatch. Emergent tool use from multi-agent autocurricula. CoRR, abs/1909.07528,
2019.

Tim Brys, Anna Harutyunyan, Matthew E Taylor, and Ann Nowé. Policy transfer using reward
shaping. In AAMAS, pages 181-188, 2015.

Arslan Chaudhry, Marc’ Aurelio Ranzato, Marcus Rohrbach, and Mohamed Elhoseiny. Efficient
lifelong learning with A-GEM. In 7th International Conference on Learning Representations,
ICLR 2019, New Orleans, LA, USA, May 6-9, 2019. OpenReview.net, 2019.

Arslan Chaudhry, Marcus Rohrbach, Mohamed Elhoseiny, Thalaiyasingam Ajanthan, Puneet Ku-
mar Dokania, Philip H. S. Torr, and Marc’ Aurelio Ranzato. Continual learning with tiny episodic
memories. CoRR, abs/1902.10486, 2019.

Matthias De Lange, Rahaf Aljundi, Marc Masana, Sarah Parisot, Xu Jia, Ales Leonardis,
Gregory Slabaugh, and Tinne Tuytelaars. A continual learning survey: Defying forgetting in
classification tasks. arXiv preprint arXiv:1909.08383, 2019.

Coline Devin, Abhishek Gupta, Trevor Darrell, Pieter Abbeel, and Sergey Levine. Learn-
ing modular neural network policies for multi-task and multi-robot transfer. In 2017 IEEE
international conference on robotics and automation (ICRA), pages 2169-2176. IEEE, 2017.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina N. Toutanova. Bert: Pre-training of
deep bidirectional transformers for language understanding. 2018.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai,
Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, et al.
An image is worth 16x16 words: Transformers for image recognition at scale. arXiv preprint
arXiv:2010.11929, 2020.

Sebastian Farquhar and Yarin Gal. Towards robust evaluations of continual learning. CoRR,
abs/1805.09733, 2018.

Chrisantha Fernando, Dylan Banarse, Charles Blundell, Yori Zwols, David Ha, Andrei A Rusu,
Alexander Pritzel, and Daan Wierstra. Pathnet: Evolution channels gradient descent in super
neural networks. arXiv preprint arXiv:1701.08734, 2017.

Scott Fujimoto, David Meger, Doina Precup, Ofir Nachum, and Shixiang Shane Gu. Why
should i trust you, bellman? the bellman error is a poor replacement for value error, 2022.

10


https://neptune.ai

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

Tuomas Haarnoja, Aurick Zhou, Pieter Abbeel, and Sergey Levine. Soft actor-critic: Off-
policy maximum entropy deep reinforcement learning with a stochastic actor. In International
conference on machine learning, pages 1861-1870. PMLR, 2018.

Tuomas Haarnoja, Aurick Zhou, Kristian Hartikainen, George Tucker, Sehoon Ha, Jie Tan,
Vikash Kumar, Henry Zhu, Abhishek Gupta, Pieter Abbeel, and Sergey Levine. Soft actor-critic
algorithms and applications. CoRR, abs/1812.05905, 2018.

Raia Hadsell, Dushyant Rao, Andrei A. Rusu, and Razvan Pascanu. Embracing change:
Continual learning in deep neural networks. Trends in Cognitive Sciences, 24(12):1028 — 1040,
2020.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In Proceedings of the IEEE conference on computer vision and pattern recognition,
pages 770-778, 2016.

Yizhou Huang, Kevin Xie, Homanga Bharadhwaj, and Florian Shkurti. Continual model-based
reinforcement learning with hypernetworks. In 2021 IEEE International Conference on Robotics
and Automation (ICRA), pages 799-805. IEEE, 2021.

Christos Kaplanis, Murray Shanahan, and Claudia Clopath. Continual reinforcement learning
with complex synapses. In International Conference on Machine Learning, pages 2497-2506.
PMLR, 2018.

Samuel Kessler, Jack Parker-Holder, Philip J. Ball, Stefan Zohren, and Stephen J. Roberts.
Same state, different task: Continual reinforcement learning without interference. CoRR,
abs/2106.02940, 2021.

Khimya Khetarpal, Matthew Riemer, Irina Rish, and Doina Precup. Towards continual rein-
forcement learning: A review and perspectives, 2020.

James Kirkpatrick, Razvan Pascanu, Neil C. Rabinowitz, Joel Veness, Guillaume Desjardins, An-
drei A. Rusu, Kieran Milan, John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska, Demis
Hassabis, Claudia Clopath, Dharshan Kumaran, and Raia Hadsell. Overcoming catastrophic
forgetting in neural networks. CoRR, abs/1612.00796, 2016.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E. Hinton. Imagenet classification with deep
convolutional neural networks. In Peter L. Bartlett, Fernando C. N. Pereira, Christopher J. C.
Burges, Léon Bottou, and Kilian Q. Weinberger, editors, Advances in Neural Information
Processing Systems 25: 26th Annual Conference on Neural Information Processing Systems
2012. Proceedings of a meeting held December 3-6, 2012, Lake Tahoe, Nevada, United States,
pages 1106-1114, 2012.

Kevin Lu, Aditya Grover, Pieter Abbeel, and Igor Mordatch. Pretrained transformers as universal
computation engines. arXiv preprint arXiv:2103.05247, 2021.

Arun Mallya and Svetlana Lazebnik. Packnet: Adding multiple tasks to a single network by
iterative pruning. In 2018 IEEE Conference on Computer Vision and Pattern Recognition,
CVPR 2018, Salt Lake City, UT, USA, June 18-22, 2018, pages 7765-7773. IEEE Computer
Society, 2018.

Neville Mehta, Sriraam Natarajan, Prasad Tadepalli, and Alan Fern. Transfer in variable-reward
hierarchical reinforcement learning. Machine Learning, 73(3):289-312, 2008.

Behnam Neyshabur, Hanie Sedghi, and Chiyuan Zhang. What is being transferred in transfer
learning? Advances in neural information processing systems, 33:512-523, 2020.

Behnam Neyshabur, Hanie Sedghi, and Chiyuan Zhang. What is being transferred in transfer
learning? In H. Larochelle, M. Ranzato, R. Hadsell, M.F. Balcan, and H. Lin, editors, Advances
in Neural Information Processing Systems, volume 33, pages 512-523. Curran Associates, Inc.,
2020.

11



[30] Andrew Y Ng, Daishi Harada, and Stuart Russell. Policy invariance under reward transfor-
mations: Theory and application to reward shaping. In Icml, volume 99, pages 278-287,
1999.

[31] Cuong V. Nguyen, Yingzhen Li, Thang D. Bui, and Richard E. Turner. Variational continual
learning. In 6th International Conference on Learning Representations, ICLR 2018, Vancouver,
BC, Canada, April 30 - May 3, 2018, Conference Track Proceedings. OpenReview.net, 2018.

[32] German Ignacio Parisi, Ronald Kemker, Jose L. Part, Christopher Kanan, and Stefan Wermter.
Continual lifelong learning with neural networks: A review. Neural Networks, 113:54-71, 2019.

[33] Aniruddh Raghu, Maithra Raghu, Samy Bengio, and Oriol Vinyals. Rapid learning or feature
reuse? towards understanding the effectiveness of maml. arXiv preprint arXiv:1909.09157,
2019.

[34] Machel Reid, Yutaro Yamada, and Shixiang Shane Gu. Can wikipedia help offline reinforcement
learning? CoRR, abs/2201.12122, 2022.

[35] David Rolnick, Arun Ahuja, Jonathan Schwarz, Timothy Lillicrap, and Gregory Wayne. Experi-
ence replay for continual learning. Advances in Neural Information Processing Systems, 32,
2019.

[36] Andrei A Rusu, Neil C Rabinowitz, Guillaume Desjardins, Hubert Soyer, James Kirkpatrick,
Koray Kavukcuoglu, Razvan Pascanu, and Raia Hadsell. Progressive neural networks. arXiv
preprint arXiv:1606.04671, 2016.

[37] Jonathan Schwarz, Daniel Altman, Andrew Dudzik, Oriol Vinyals, Yee Whye Teh, and Razvan
Pascanu. Towards a natural benchmark for continual learning. In Continual learning Workshop,
Neurips 2018, 2018.

[38] Kun Shao, Zhentao Tang, Yuanheng Zhu, Nannan Li, and Dongbin Zhao. A survey of deep
reinforcement learning in video games. arXiv preprint arXiv:1912.10944, 2019.

[39] Lorenzo Steccanella, Simone Totaro, Damien Allonsius, and Anders Jonsson. Hierarchical
reinforcement learning for efficient exploration and transfer. arXiv preprint arXiv:2011.06335,
2020.

[40] Erik Talvitie and Satinder P Singh. An experts algorithm for transfer learning. In IJCAI, pages
1065-1070, 2007.

[41] Chuanqi Tan, Fuchun Sun, Tao Kong, Wenchang Zhang, Chao Yang, and Chunfang Liu. A
survey on deep transfer learning. In Véra Klirkov4, Yannis Manolopoulos, Barbara Hammer,
Lazaros Iliadis, and Ilias Maglogiannis, editors, Artificial Neural Networks and Machine
Learning — ICANN 2018, pages 270-279, Cham, 2018. Springer International Publishing.

[42] Matthew E Taylor and Peter Stone. Transfer learning for reinforcement learning domains: A
survey. Journal of Machine Learning Research, 10(7), 2009.

[43] Matthew E Taylor, Peter Stone, and Yaxin Liu. Transfer learning via inter-task mappings for
temporal difference learning. Journal of Machine Learning Research, 8(9), 2007.

[44] Open Ended Learning Team, Adam Stooke, Anuj Mahajan, Catarina Barros, Charlie Deck,
Jakob Bauer, Jakub Sygnowski, Maja Trebacz, Max Jaderberg, Michaél Mathieu, Nat McAleese,
Nathalie Bradley-Schmieg, Nathaniel Wong, Nicolas Porcel, Roberta Raileanu, Steph Hughes-
Fitt, Valentin Dalibard, and Wojciech Marian Czarnecki. Open-ended learning leads to generally
capable agents. CoRR, abs/2107.12808, 2021.

[45] René Traoré, Hugo Caselles-Dupré, Timothée Lesort, Te Sun, Guanghang Cai, Natalia Diaz

Rodriguez, and David Filliat. Discorl: Continual reinforcement learning via policy distillation.
CoRR, abs/1907.05855, 2019.

12



[46] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors, Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 5998-6008, 2017.

[47] Maciej Wotczyk, Michat Zajac, Razvan Pascanu, Lukasz Kucinski, and Piotr Mito$. Contin-
ual world: A robotic benchmark for continual reinforcement learning. Advances in Neural
Information Processing Systems, 34, 2021.

[48] Tianhe Yu, Saurabh Kumar, Abhishek Gupta, Sergey Levine, Karol Hausman, and Chelsea Finn.
Gradient surgery for multi-task learning. Advances in Neural Information Processing Systems,
33:5824-5836, 2020.

[49] Tianhe Yu, Deirdre Quillen, Zhanpeng He, Ryan Julian, Karol Hausman, Chelsea Finn, and
Sergey Levine. Meta-world: A benchmark and evaluation for multi-task and meta reinforcement
learning. In Leslie Pack Kaelbling, Danica Kragic, and Komei Sugiura, editors, 3rd Annual
Conference on Robot Learning, CoRL 2019, Osaka, Japan, October 30 - November 1, 2019,
Proceedings, volume 100 of Proceedings of Machine Learning Research, pages 1094—1100.
PMLR, 2019.

[50] Xiaohua Zhai, Joan Puigcerver, Alexander Kolesnikov, Pierre Ruyssen, Carlos Riquelme, Mario
Lucic, Josip Djolonga, André Susano Pinto, Maxim Neumann, Alexey Dosovitskiy, Lucas
Beyer, Olivier Bachem, Michael Tschannen, Marcin Michalski, Olivier Bousquet, Sylvain Gelly,
and Neil Houlsby. The visual task adaptation benchmark. CoRR, abs/1910.04867, 2019.

[51] Zhuangdi Zhu, Kaixiang Lin, and Jiayu Zhou. Transfer learning in deep reinforcement learning:
A survey. arXiv preprint arXiv:2009.07888, 2020.

[52] Fuzhen Zhuang, Zhiyuan Qi, Keyu Duan, Dongbo Xi, Yongchun Zhu, Hengshu Zhu, Hui Xiong,
and Qing He. A comprehensive survey on transfer learning, 2021.

Checklist

The checklist follows the references. Please read the checklist guidelines carefully for information on
how to answer these questions. For each question, change the default [TODO] to [Yes] , , or
[N/A] . You are strongly encouraged to include a justification to your answer, either by referencing
the appropriate section of your paper or providing a brief inline description. For example:

* Did you include the license to the code and datasets? [Yes] See Section ??.
* Did you include the license to the code and datasets? The code and the data are
proprietary.

* Did you include the license to the code and datasets? [N/A]

Please do not modify the questions and only use the provided macros for your answers. Note that the
Checklist section does not count towards the page limit. In your paper, please delete this instructions
block and only keep the Checklist section heading above along with the questions/answers below.

1. For all authors...
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes]
(b) Did you describe the limitations of your work? [Yes] In Section

(c) Did you discuss any potential negative societal impacts of your work? We do not
see this work as having a significant societal impact.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

13



(a) Did you state the full set of assumptions of all theoretical results? [N/A]
(b) Did you include complete proofs of all theoretical results? [N/A |

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main exper-
imental results (either in the supplemental material or as a URL)? [Yes] The code,
including the scripts used to run the experiments from the paper, are in the supplemen-
tary materials.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes]

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [Yes] We conduct each experiment with multiple seeds (at least
10)

(d) Did you include the total amount of compute and the type of resources used (e.g.,
type of GPUs, internal cluster, or cloud provider)? [Yes] We describe these details in
Appendix [F}

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

(a) If your work uses existing assets, did you cite the creators? [N/A]
(b) Did you mention the license of the assets? [IN/A]
(c) Did you include any new assets either in the supplemental material or as a URL? [N/A]

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A]
(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A |
5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A]

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A |

14



Continual Learning with Guarantees via Weight Interval Constraints
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Abstract

We introduce a new training paradigm that en-
forces interval constraints on neural network pa-
rameter space to control forgetting. Contemporary
Continual Learning (CL) methods focus on train-
ing neural networks efficiently from a stream of
data, while reducing the negative impact of catas-
trophic forgetting, yet they do not provide any
firm guarantees that network performance will not
deteriorate uncontrollably over time. In this work,
we show how to put bounds on forgetting by refor-
mulating continual learning of a model as a contin-
ual contraction of its parameter space. To that end,
we propose Hyperrectangle Training, a new train-
ing methodology where each task is represented
by a hyperrectangle in the parameter space, fully
contained in the hyperrectangles of the previous
tasks. This formulation reduces the NP-hard CL
problem back to polynomial time while provid-
ing full resilience against forgetting. We validate
our claim by developing InterContiNet (Interval
Continual Learning) algorithm which leverages
interval arithmetic to effectively model parameter
regions as hyperrectangles. Through experimen-
tal results, we show that our approach performs
well in a continual learning setup without storing
data from previous tasks.

1. Introduction

Learning from a continuous stream of data is natural for hu-
mans, as new experiences come sequentially in our life. Yet,
artificial neural network models fail to exhibit the very same
skill (McCloskey & Cohen, 1989; Ratcliff, 1990; French,
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Figure 1. Visualization of parameter space regions that perform
well on tasks learned sequentially. For a new task, weights 6; must
lie at the intersection of consecutive regions for the model to per-
form well on previous tasks. In the general CL setting, shown in
Figure 1(a) from (Knoblauch et al., 2020), such areas can have arbi-
trary shapes. We introduce the Hyperrectangle Training paradigm
where the parameter spaces are modeled with hyperrectangles,
colored orange in Figure 1(b). This formulation puts guarantees on
forgetting while reducing the calculation of NP-hard CL problem
back to polynomial time.

1999; Goodfellow et al., 2014). Although they generally
deal well with solving increasingly complex tasks, their in-
ability to acquire new knowledge without catastrophically
forgetting what they learned previously is considered one of
the critical roadblocks to reaching human-like intelligence.

Continual learning is a rapidly growing field of machine
learning that aims to solve this limitation and to bridge the
gap between human and machine intelligence. Although
several methods effective at reducing forgetting when learn-
ing new tasks were proposed (Kirkpatrick et al., 2017; Lee
etal.,2017; Li & Hoiem, 2017; Lopez-Paz & Ranzato, 2017;
Shin et al., 2017; Zenke et al., 2017; Aljundi et al., 2018;
Masse et al., 2018; Liu et al., 2018; Rolnick et al., 2019;
van de Ven et al., 2020), they typically do not provide any
firm guarantees about the degree of forgetting experienced
by the model, which renders them inapt for safety-critical
applications, such as autonomous driving or robotic manip-
ulation. For instance, an autonomous car that was trained
online during winter cannot forget how to drive in the snow,
after acquiring new driving skills during summer. On the
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other hand, methods that do guarantee lack of forgetting,
e.g. Rusu et al. (2016); Mallya & Lazebnik (2018); Mallya
et al. (2018), operate in conditions that are far from real life
— they assume that the task identity is known at inference,
and hence we are allowed to adapt the network for each
task.

In this work, we identify those limitations of prior research
and introduce a new learning paradigm for continual learn-
ing which puts strict bounds on forgetting, while being suit-
able for a more realistic single-head scenario. More specif-
ically, we formulate continual learning as a constrained
optimization problem, where when learning a new task T’
the optimization needs to remain in the parameter region that
prevents performance drop on all previous tasks 1, ..., T—1.
In general, this problem is NP-hard (Knoblauch et al., 2020)
because the shapes of the viable parameter regions are highly
irregular and overlaps are hard to identify. To overcome this
problem, we propose to look for the intersections of hyper-
rectangles which are subsets of these regions, as displayed
in Figure 1. We show that finding those intersections can be
done in polynomial time, as long as we trim the parameter
regions to fit the consecutive hyperrectangles. The resulting
training paradigm, dubbed Hyperrectangle Training, is able
to learn from a sequence of tasks while putting bounds on
catastrophic forgetting.

Although this simple idea is theoretically viable, finding
hyperrectangles that follow these requirements and perform-
ing optimization with constrained parameter space is not
trivial with the existing neural network models. To solve
this problem, we propose InterContiNet, a novel neural
algorithm based on interval arithmetic which we use to im-
plement the Hyperrectangle Training. Instead of optimizing
individual network parameters, we consider intervals of pa-
rameter values, ensuring that every parameter value within
the interval does not lead to performance deterioration with
respect to the previous tasks. More specifically, once train-
ing on task 7" is finished, we use the obtained intervals as the
hyperrectangle constraints for training the following tasks
(T +1,T +2,...). We show how InterContiNet can be
incorporated within conventional neural network building
blocks such as linear layers, convolutional layers, and ReLLU
activations. The resulting combination of Hyperrectangle
Training and InterContiNet algorithm offers competitive
results on a range of continual learning tasks we evaluated.

To summarize, our main contributions are the following:

* A novel paradigm of continual learning called Hy-
perrectangle Training that models optimal parameter
space with hyperrectangles, allowing us to control
catastrophic forgetting in neural networks and set guar-
anteed performance. We show that with adequate pa-
rameterization we can use this paradigm to train neural
networks in polynomial time.

* InterContiNet, a new algorithm that implements Hy-
perrectangle Training in practice, leveraging interval
arithmetic of model parameters.

* Thorough experimental evaluation that confirms the
validity of our method and its potential for putting
guarantees on catastrophic forgetting in contemporary
deep networks.

2. Related Works

Continual learning Traditionally, continual learning ap-
proaches are grouped into three general families: regulariza-
tion, dynamic architectures, and replay (Parisi et al., 2019;
Delange et al., 2021).

Regularization-based methods extend the loss function with
additional terms slowing down changes in model parameters
crucial for previous tasks. These terms can be introduced
individually for each task or as a single overall value repre-
sentative for the whole sequence (online variant). Based on
the type of regularization, a further subdivision splits these
methods into prior- and data-focused approaches.

Prior-focused methods employ a prior on the model parame-
ters when learning new tasks. The importance of individual
parameters is estimated, i.a., with the Fisher information
matrix, as shown in the seminal work on Elastic Weight
Consolidation (EWC) (Kirkpatrick et al., 2017). A sim-
ilar approach, Synaptic Intelligence (Zenke et al., 2017),
utilizes the whole learning trajectory to compute this impor-
tance measure. In contrast, the Memory Aware Synapses
technique (MAS) (Aljundi et al., 2018) approximates the
importance of the parameters based on the gradients of the
squared Ls-norm of the learned function output. Our pro-
posed method bears a certain resemblance to these methods,
as it also regularizes the model’s parameters. However, we
approach this problem differently by abandoning the soft
quadratic penalties and instead introducing hard constraints
based on the interval propagation loss. This allows us to
provide guarantees on the worst-case level of forgetting.

Data-focused methods instead perform knowledge distilla-
tion from models trained on previous tasks when learning
on new data. For instance, the Learning without Forgetting
paradigm (LwF) (Li & Hoiem, 2017) employs an additional
distillation loss based on the comparison of new task outputs
generated by the new and old models.

Regularization-based methods have a number of advantages.
They work without changing the structure of the model
and without storing any examples of the old data, which
might be crucial due to data privacy issues. However, as
they only impose a soft penalty, both the prior- and data-
focused regularization methods cannot entirely prevent the
forgetting of previous knowledge.
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Such guarantees can be provided instead by approaches
with dynamic architectures, which dedicate separate model
branches to different tasks. These branches can be grown
progressively, such as in the case of Progressive Neural
Networks (Rusu et al., 2016). Alternatively, a static archi-
tecture can be reused with iterative pruning proposed by
PackNet (Mallya & Lazebnik, 2018) or by using Super-
masks in Superposition (Wortsman et al., 2020). A major
practical drawback of these methods is that they require
the knowledge of the actual task identity during inference,
which is problematic in more realistic scenarios. Therefore,
due to this limitation, we do not consider them further in
our analysis.

A different, very successful approach in continual learning is
replaying some form of old data during incremental training
to maintain the knowledge acquired in the past (Lopez-Paz
& Ranzato, 2017; Shin et al., 2017; Rolnick et al., 2019).
This process can use actual raw examples from the previ-
ous tasks or samples generated synthetically by a separate
model. However, this paradigm is inapplicable in various
applications, such as working with private medical data.
Thus, in further experiments, we limit our comparisons to
approaches based on regularization.

Finally, a recent work (Mirzadeh et al., 2021) addressed
catastrophic forgetting by exploiting the linear connectivity
between solutions obtained through multitask and contin-
ual learning in the form of Mode Connectivity SGD. Our
work shares its fundamental motivation, i.e. driving the opti-
mization process to parameter subspaces appropriate for the
whole sequence of tasks. However, in contrast to Mirzadeh
et al. (2021), we do not employ any kind of replay buffer,
but we establish the solution boundaries based on interval
arithmetic.

Interval arithmetic for neural networks In deep learn-
ing, interval arithmetic was used in three main areas. First of
all, we can use interval arithmetic to deal with the situation
where we have only uncertain information about the data.
Chakraverty & Sahoo (2014) presented an interval artificial
neural network (IANN) that can handle input and output
data represented as intervals. This architecture was further
adapted for viruses data with uncertainty modeled by inter-
vals (Chakraverty & Sahoo, 2017; Sahoo & Chakraverty,
2020).

In Gowal et al. (2018); Morawiecki et al. (2019) interval
arithmetic was used to produce neural networks that are
robust against adversarial attacks. In such an approach au-
thors used worst-case cross-entropy to train the classification
model. In Proszewska et al. (2021), the architecture was
employed for representing voxels in 3D shape modeling.

In contrast to these previous works, we apply interval arith-
metic to weights instead of input data.

(a) The classical neuron uses
weight W. As an output of a
single classical neuron, we ob-
tain a vector of activations W x.

(b) The interval neuron uses
two weight matrices 1 and W.
As an output of a single inter-
val neuron we obtain an interval
Wax, We.

Figure 2. Comparison between the classical neuron and the inter-
val neuron. In the interval neuron, we have two sets of weights
describing the intervals.

3. Hyperrectangle Training

In this section, we will present Hyperrectangle Training for
the continual learning problem. The main idea is to con-
strain the parameter search within the set of parameters for
which any particular solution is valid for the previous tasks.
In turn, we can guarantee that any parameter obtained this
way will still be a valid solution for the previous task, thus
putting bounds on forgetting. Although explicitly represent-
ing the region of valid solutions is not tractable, we show
that using interval arithmetic we can efficiently compute the
upper bound of the worst-case loss in this region to facil-
itate practical implementations. This general approach is
presented in Figure 1.

The continual learning problem Assuming a sequence
of tasks T; for i = 1,...,k we formulate the continual
learning objective for task T} following Chaudhry et al.
(2019) as:

arg min £(Tj, 0) satisfying ¢(T},,,0) < {(T),,0;,), (1)
0

forallm = 1,...,j — 1, where 6, are the parame-
ters obtained directly after learning task m and ¢ is the
cross-entropy loss over the whole task dataset ¢(7},6) =
ﬁ Z(w,y)eTj 1(¢po(x),y), where by ¢g(x) we denote the
(pre-softmax) logits produced by the neural network ¢ with
parameters 6. In other words, we would like to train our
model on j-th task without reducing the performance of
previous tasksm =1,...,7 — 1.

Since this constraint is difficult to satisfy given the limited
access to data from previous tasks, most continual learn-
ing methods transform it into a soft penalty. In particular,
regularization-based continual learning methods such as
EWC (Kirkpatrick et al., 2017) usually use a soft approx-
imation of the forgetting constraint. While this approach
reduces changes in weights which are considered important
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for the previous task, it does not completely eliminate for-
getting. Rephrasing this in the context of stability-plasticity
trade-off, most methods allow for better plasticity at the cost
of sometimes sacrificing stability. However, in many appli-
cations, such as medical imaging, autonomous vehicles, or
robotics, even slight hints of forgetting are not acceptable.
Our main goal is to create a CL method that does not allow
any forgetting while maintaining good plasticity.

Hyperrectangle Training In order to fully realize the
constraint in Eq. (1) we change the approach of thinking
about the parameter space of the neural networks, switch-
ing the focus from finding particular points § € R? in the
parameter space to reasoning about whole regions © C RP.
In other words, in the continual learning problem of opti-
mizing over 17, ...T;,, when training on task T, we are
interested in finding:

Oj41 = arg(;nin Eé%;j UTj41,0)

satisfying ||O]| > Cj4+1,0 C O,

2

where ||©|| denotes some notion of the size of the set, e.g.
its volume, C;4, is a hyperparameter denoting the min-
imal required size of that set, and we set ©y = RP to
be the whole domain of real vectors. With this formu-
lation, since ©,.1 C ©; we can easily see that for any
6 € ©41,4(T;,0) < maxgce, {(T;,0'). Thus, this ap-
proach allows us to provide guarantees about the level of
forgetting.

However, applying this idea directly to neural networks is
intractable. In fact, as Knoblauch et al. (2020) noted, even
finding the intersection between regions ©; and © 41 of an
arbitrary shape is an NP-hard problem. In order to bring
the problem back to tractable regime, we try to instead find
© C O, where O has a restricted shape that can be easily
intersected. That is, we want to find:

©; = arg max ||©|| satisfying ©® C ©,0 € G, 3)
©

where G is a family of sets with required properties. For
example, in order to solve the problem of NP-hard inter-
sections we could use G as the set of convex polytopes.
However, this restriction is not enough to make optimiza-
tion of Eq. (2) tractable. Instead, we restrict this family even
further, and we set G to be a set of hyperrectangles, which,
as we will show, allows us to develop a viable algorithm for
training neural networks in the continual learning setting.
With this formulation, we lose some plasticity as we are not
able to represent points in the region 6, \ (:)j, but in the
experimental section we show that the final model still has
enough expressiveness to solve difficult tasks.

Using this formulation, we will now show how to apply
the Hyperrectangle Training to continual learning problem

with neural networks. In particular, we will demonstrate
that for standard modern neural network architectures we
can find a tractable and easily differentiable upper bound
of maxgee ¢(T},6) which will in turn allow us to perform
optimization of Eq. (2).

Interval arithmetic for neural networks Let us consider
the family of feed-forward neural networks trained for clas-
sification tasks. We assume that the neural network ®(z; 6)
is defined as a sequence of transformations h; for each of
its L layers. The output hy,(hr_1(...hi(z))) = 2, € RN
has N logits corresponding to N classes.

In Hyperrectangle Training we assume that weights of each
transformation hy, are located arbitrarily in the hyperrectan-
gle [W, W]. For a particular task T}, the Cartesian product
of all intervals [W, Wy] x [Wo, Wa] x ... [W , W] forms
the hyperrectangle © ;. With this setting we aim to find an
upper bound on maxgee 4(T7,0).

Observe that for a given input x and particular interval layer
[W, W] we can bound the possible outputs of that layer. As
such, we can bound not only the weights of our model but
also the activations. Thus, we will use interval arithmetic as
our main tool to formalize this problem.

Interval arithmetic (Dahlquist & Bjorck, 2008)(Chapter
2.5.3) is based on the operations on segments. Let us as-
sume A and B are numbers expressed as intervals. For all
a,a,b,b € R where A = [a,a] , B = [b,b], we can define
operations such as (Lee, 2004):

« addition: [a,a] + [b,b] = [a + b,a + b]
* multiplication: [a,a] * [b, b]
b,a

b,a*b), max(a*b,ax*b,

Thus, we can use interval arithmetic to perform affine trans-
formations, which in turn allows us to implement fully-
connected and convolutional layers of neural networks. Let
us consider the interval version of the classical dense layer:

h(z) = Wx + b.

In Hyperrectangle Training a vector of weights is a vector
of intervals and consequently the output of the dense layer
is also a vector of intervals:

[h(z), h(z)] = W, W]z, z].

InterContiNet is defined by a sequence of transformations
hy for each of its L layers. That is, for an input 2y = [z, z],
we have

[ghil] = h’l([gl—hzlfl}) forl = 17 .. '7L'

The output [z, Zr ] has N interval logits corresponding to
N classes.
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Propagating bounds through any element-wise monotonic
activation function (e.g., ReLU, tanh, sigmoid) is trivial.
Concretely, if h; is an element-wise non-decreasing function,
we have:

2 = hi(z1-1), Z = hy(Z-1).

As such, we can use interval arithmetic to push any given
input z through the whole network and obtain outputs of
N logits intervals corresponding to N classes [z, Zr]. In
other words, we can find zy,(x;©;) = [zr,Z1] such that
d(z;0) € zp(x;0;) forany 0 € O;.

Upper bound of maximum loss over a region Thanks
to the interval arithmetic, we can now find an upper-bound
of maxgece ¢(Tj, ) which is efficient to compute.

Theorem 3.1. Let ® be a neural network, © be a region of
parameter space of that neural network, and z,(x, ©) be
a function returning a hyperrectangle such that ®(x,0) €
zr(z, ©) for any 0 € O. Define worst-case interval-based
loss as: 1(z,y;0) = l(21,y), where 2y, is a vector with
each element defined as:

20 _ 20 fory #v,
r g(Ly), otherwise .

Then [(x,y; ©) > maxgee l(z,0).

Proof. First, we will show that that 27, is the maximum of
the cross-entropy loss, i.e. 2 = argmax,c., ;.0) /(2 Y).
From the definition of [, for any Z € zp(z,0), for the
worst-case prediction of the true class (when ¢ = y) we have

W) > Q(Ly)_ Similarly, for the incorrect class (i # y) we

have (¥ < 21 When we consider coordinate connected
with correct label y = ¢ cross-entropy will be larger than
any other elements from interval since we return a lower
prediction on the correct class. Analogically, when we con-
sider coordinate connected with an incorrect label i # y
any element larger than the minimum of the interval, we
obtain lower cross-entropy since we increase the probabil-
ity of false classes. From that, it is evident that Z;, is the
maximum argument in this hyperrectangle.

Now, denote the set of possible logits produced by the neural
network over the region © as ®(x) = {¢(x,0) | 6 € O}.
Since we know that ¢(z, 0) € z(z, ©), we see that &(z) C
zr(z,©). Since % is the maximum over the set zy,(x, ©),
then it must also be the maximum over its subset ®(z). [

This gives us the worst-case scenario over a parameter re-

gion for a particular example. It is now straightforward to
. L > '

define {(T},0) = T > (@yer, L, y; ©) to be the worst-

case scenario for the whole task. Now we can prove that

this / is an upper bound of the whole continual learning
objective.

Theorem 3.2. Assume a sequential learning problem de-
scribed by (2). Then during task j for any k < j, we have

é(Tk, @j) > maxgco, E(Tk, 9/) > maxg/c@, K(Tk, 9/)

Proof. The first inequality follows from Theorem 3.1:
. 1 .
UT;,0) = Y. l(z,5;0)

(z,y)€T; “)

The second inequality follows directly from the fact that
0; C 6. O

Analogously to /, we can define acc(Tj, ©;) to be the
interval lower bound on minimum accuracy for task Tj
over a region of parameter space 0;, i.e. acc(T},0;) <
mingee, acc(7},0). Since for each k > j, O C O, we
can guarantee that throughout the training the accuracy for
j-th task will not fall below acc(7}, ©;).

To summarize, we have shown that by using Hyperrectangle
Training we obtain guarantees on non-forgetting since the
interval from task j is inside segments from the previous
7 — 1-th task. Moreover, we can solve such a problem
in polynomial time, since we restrict our consideration to
hyperrectangles. Finally, in Theorem 3.2 we demonstrate
that the bounds on logits provided by interval arithmetic on
neural networks can be used to calculate an efficient upper
bound on the whole continual learning objective.

The result presented here is relevant to Knoblauch et al.
(2020) who have shown that classical continual learning
problem is in general NP-hard because of the highly irregu-
lar shapes of the viable regions of parameters. In Section B
we present a more rigorous treatment of the above derivation,
using the setting and assumptions proposed in Knoblauch
et al. (2020).

4. InterContiNet

In the previous section, we have shown that by considering
the intervals of activations in a neural network we can derive
an upper bound of the maximum loss over a hyperrectangle.
Now, we will present a model which minimizes this upper
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Algorithm 1 InterContiNet training procedure for a given
task
Input: model trained on the previous task (weights W*,
radii €*), current task 7.
Reparameterize W, € using Eq. (5).
for epochin 1. .. center_epochs do
Update p by minimizing ¢(7}, ©)
end for
Initialize € as largest possible within the previous interval.
for epochin 1...radii_epochs do
Update v by minimizing E(Tj, 0)
if acc > acc - acc_thresh then
break
end if
end for
return W,

{Train centers}

{Train radii}

bound in order to approximate the optimization presented
in Eq. (2).

Parametrization We start by taking a standard feed-
forward neural network ® with parameters 6, but instead
of considering points in the parameter space, we consider
regions ©. In particular, we describe the k-th parameter of
the network with the center W}, and the interval radius ¢y,.
Thus, we consider the region:

(Wi, Wi] = Wy, — ek, Wi + €],

‘With this formulation, we can still use this network as a stan-
dard non-interval model by only using the center weights
Wi, which will, in turn, produce only the center activations
for each layer. At the same time, we can also keep track of
the interval [z;, Z;] by using the interval arithmetic. These
operations are independent of each other, so as explained in
Gowal et al. (2018) we can implement them efficiently for
GPUs by calculating the center prediction and the intervals
in parallel. In practice, we reimplement the basic blocks
of neural networks (fully-connected layers, convolutional
layers, activations, pooling, etc.) in order to handle interval
inputs and interval weights.

With this formulation, we are able to implement most opera-
tions in contemporary standard neural network architectures.
However, one important exception is batch normalization
which uses running statistics of activations in inference
mode. Since it is impossible to foresee how these statis-
tics will change in the future, providing reliable forgetting
guarantees with interval arithmetic is infeasible. As such,
we restrict ourselves to simpler architectures without batch
normalization.

During the training of the second and every subsequent
task, we need to make sure that the intervals for the current
task are contained within intervals from the previous task.

Starting from the second task, we keep the previous inter-
val centers W}! and radii €;,. Then, we reparameterize the
training as:

Wy, = Wi + tanh(ug) - €},
er = o(vg) - min((Wy +e;) — Wy, (5)
Wi — (Wi —ep))-

Observe that we cannot simply set the radius to be o'(vy,) - €5
as depending on the position on the center Wy, the interval
[Wy, — ek, W + ] might not be fully contained inside the
previous task interval [W} — e}, Wi +¢5]. We train p, and
v, instead of directly optimizing W, and ¢y.

Training When training InterContiNet in a continual
learning setting, we divide training of each task 7} into
two phases. In the first phase, we focus on finding the inter-
val centers W}, and keep the radii €, frozen. We do this by
simply minimizing the cross-entropy loss, as done in stan-
dard classification neural network training. In the second
phase, we freeze the centers Wy, and initialize ¢, with the
maximal value that still fits within the previous interval'.
Then, we minimize the upper-bound loss ¢(T. i, ©;) by opti-
mizing €. Optimizing this upper bound indefinitely would
lead to minimizing €y, to zeroes and producing degenerated
intervals. To prevent this, we introduce an interpretable
hyperparameter acc_thresh which allows us to choose the
fraction of examples in the current task that is guaranteed
to be classified correctly for the rest of the training. For
that purpose, we use the worst-case accuracy acc described
in Section 3 and minimize the worst-case loss [ until the
condition acc > acc - acc_thresh is satisfied, with acc be-
ing the train accuracy on the current task. We use running
averages on the last few batches to efficiently estimate acc
and acc. As such, acc_thresh is the variable that controls
the stability-plasticity trade-off in our model. A high value
of acc_thresh will guarantee less forgetting in the end, but
will also result in a smaller parameter region © ;, which will
be used to constrain the parameter search in the next task.
Algorithm 1 shows the whole training procedure for a single
task.

Analysis We believe that realistic computational and
memory constraints are an important part of the contin-
ual learning setting. In terms of the memory requirements,
InterContiNet needs to remember the centers W and radii
ey, from the previous task. Thus, assuming a network with
D parameters, we need to keep additional 2 - D values in
memory. This is the same memory constraint as for most
of our baselines, e.g. online EWC, which remembers the
weights and their importance for the last task.

"For the first task the maximum radius is a hyperparameter to
be set.
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In terms of computational constraints, propagating both ac-
tivation centers and intervals through the network requires
approximately 3 times as many FLOPs as propagating just
a single point. However, the main part of the training is the
center optimization phase, that has no overhead as compared
to the base network since we only need to push forward a
single point (the centers). The interval propagation is only
needed in the radii optimization phase that is a small part
of the overall training. Thus, in practice it is on a similar
order of complexity as, e.g. computing the Fisher informa-
tion matrix in EWC. Finally, in practice even in the interval
propagation phase the training time does not change signifi-
cantly, as these operations are automatically parallelized on
GPUs when using frameworks such as PyTorch.

5. Experiments

To verify the empirical usefulness of our method, we test
it in three standard continual learning scenarios (Hsu et al.,
2018; van de Ven & Tolias, 2019): incremental task, incre-
mental domain, and incremental class. In the incremental
task setting, we create a separate output head for each task
and only train a single head per task along with the base
network. During inference, the head appropriate for the
given task is selected. The incremental domain and incre-
mental class scenarios are more challenging, as they only
use a single head and the task identity is not provided during
inference. In our case, this single head is created with either
2 (incremental domain) or 10 output classes (incremental
class).

We run the experiments on four datasets commonly used for
continual learning: MNIST, FashionMNIST, CIFAR-10 and
CIFAR-100 split into sequences of tasks. For MNIST and
FashionMNIST, we use a standard MLP architecture with
2 hidden layers of size 400 as previously evaluated in (Hsu
et al., 2018). For CIFAR-10 and CIFAR-100 we use the
fairly simple AlexNet architecture (Krizhevsky et al., 2012).
This choice is dictated by the infeasibility of implementing
interval version of batch normalization which is present
in most standard convolutional network architectures. In
our experiments, we use the Avalanche (Lomonaco et al.,
2021) library to facilitate easier and fairer comparisons.
The code is available at ht tps: //github.com/gmum/
InterContiNet.

We compare InterContiNet with a number of regularization-
based approaches typically used in continual learning set-
tings, i.e. EWC, Synaptic Intelligence, MAS, and LwF. As
additional baselines, we present vanilla sequential training
with SGD and Adam, and a simple L, regularization be-
tween new and old model parameters (i.e. all parameters
have the same importance). Further training details are
available in Appendix A.

Table 1. The average accuracy across all five tasks of the split
MNIST protocol, evaluated after learning the whole sequence.
Each value is the average of five runs (with standard deviations).

Method Incremental Incremental Incremental
task domain class
SGD 96.27 £0.38 64.58 £0.26 19.01 £ 0.04
Adam 9553 £3.16 59.32+1.08 19.74 +0.01
L2 96.31 2041 7221 +£0.17 18.88£0.18
EWC 97.01 £0.13 7690 +0.41 18.90 £ 0.06
oEWC 97.01 £0.13 77.02+£0.51 18.89 £0.07
SI 96.19 £0.63 80.62 +0.17 17.94 £ 0.57
MAS 96.52 £0.14 84.41 £042 17.38 +4.19
LwF 97.03 £0.05 8276 =0.17 49.37 £ 0.68
InterContiNet 98.93 + 0.05 77.77 +1.24 40.73 +3.26
Offline 99.74 £0.03 99.03 = 0.04 98.49 £ 0.02

Table 2. The average accuracy across all five tasks of the split Fash-
ionMNIST protocol, evaluated after learning the whole sequence.
Each value is the average of five runs (with standard deviations).

Method Incremental Incremental Incremental
task domain class
SGD 9222 4+3.06 8277 £044 1991 +£0.01
Adam 88.13 +5.64 78.48 £0.47 19.96 £ 0.01
L2 9736 £0.17 92.65 £ 0.09 2691 +1.23
EWC 97.53 £0.15 92.12+0.18 19.90 4+ 0.01
oEWC 96.70 £ 0.57 88.83 +0.30 19.87 £0.02
SI 97.00 £0.25 91.454+0.07 19.97 £0.34
MAS 9743 £0.14 9174 £0.19 10.00 £ 0.00
LwF 98.10 £0.07 88.63 +0.12 39.51 +=1.45
InterContiNet 98.37 = 0.06 92.65 +0.40 35.11 +0.02
Offline 97.98 £0.05 96.39 +0.06 82.54 £0.13

5.1. MNIST and CIFAR Benchmarks

Results presented in Tables 1 and 2 indicate that in the incre-
mental task setup InterContiNet has better average accuracy
across all five tasks than all the other continual learning
baselines. We hypothesize that a multi-head setup facili-
tates our 2-phase training procedure, as the output heads in
the last layer are independent and do not have to be con-
strained inside intervals. In the incremental domain setup,
our method has a similar performance to EWC. However,
the advantage of InterContiNet is that we can guarantee a
maximal level of forgetting on the past tasks when training
on new data.

The most significant difference is visible in the incremental
class scenario, where LwF and InterContiNet perform much
better than typical regularization-based approaches. We can
partly explain this behavior with the particular setup, where
the final number of output classes is known at the onset of
the experiment. While such information induces an indirect
regularization effect on the softmax layer in LwF and In-
terContiNet, it has smaller effect on other techniques. This
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Table 3. The average accuracy across all five tasks of Split CIFAR-
10, evaluated after training AlexNet on the whole sequence. Each
value is the average of five runs (with standard deviations).

Method Incremental Incremental Incremental
task domain class
SGD 64.74 £8.53 69.22 £0.55 15.56 +£5.07
EWC 6733 £7.11 7026 +0.66 11.83 +£4.10
oEWC 64.59 £797 6597 £897 1549 +5.01
SI 67.26 £7.77 69.69 +0.73 17.38 £4.13
MAS 66.20 £9.29 7254 +£0.59 11.79 +£4.01
LwF 93.03 £0.28 7697 =091 13.89 £5.33
InterContiNet 72.64 £1.18 69.48 +£1.36 19.07 +0.15
Offline 93.11 £0.18 90.54 +0.32 82.72 £ 0.09

dichotomy highlights the fundamental difference between
LwF’s knowledge distillation approach and all the other
baselines, which are prior-focused.

Finally, we extend our investigation to CIFAR-10 with the
AlexNet. We choose this architecture as an example of a
convolutional network without batch normalization, which
is problematic in our setting, as we explain later in Sec-
tion 6. As shown in Table 3, in this setting InterContiNet
still performs comparably to other parameter regularization
methods. At the same time, we observe that LWF tends to
significantly outperform other methods, especially in the
incremental task setting. We hypothesize that the regulariza-
tion through functional penalties (KL divergence between
outputs) rather than direct parameter regularization works
much better for this particular problem (Oren & Wolf, 2021).
In the end, we show that InterContiNet is able to perform
similarly to other methods in the same family while provid-
ing guarantees.

5.2. Analysis of the Parameter Region Size

Although the stability-plasticity dilemma is a crucial prob-
lem in all CL methods, in InterContiNet its impact can be
directly observed by investigating the region of valid param-
eters ©. The bigger the region, the higher the plasticity, as
we are able to use more parameter combinations and thus
represent more functions. At the same time, in order to
achieve stability and get guarantees on forgetting, we need
to restrict the size of this region. Here, we investigate the
question of whether the interval training will at some point
lead to an area of zero volume, resulting in a state without
any plasticity and effectively stopping the learning?.

In practice, we control the pace at which the volume de-
creases with hyperparameters, e.g. by choosing the worst-
case accuracy threshold — if we set this threshold high, the

2We note that this risk also occurs for other CL methods (e.g.
accumulating high EWC penalties which prohibit learning or re-
ducing the percentage of trainable parameters in PackNet to zero).
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Figure 3. InterContiNet trained on split-Fashion MNIST in the in-
cremental domain setting, with different values of the acc_thresh
hyperparameter. We show accuracy on the current task (top, repre-
senting plasticity) and the first task (middle, representing stability)
to show how the hyperparameter choices affect the final results.
Additionally, the bottom plot shows how the valid parameter region
changes throughout the training — highlighted areas denote the radii
optimization phase, which shrinks this region most effectively.

region collapses quicker. Here, we conduct additional stud-
ies to better understand how the threshold hyperparameter
impacts the results and the dynamics of the region of valid
parameters. In Figure 3 we present the accuracy curves for
training InterContiNet on FashionMNIST in the incremental
domain setting, using different values of the accuracy thresh-
old hyperparameter. This threshold controls the percentage
of the correctly classified examples that we guarantee will
not be forgotten throughout the training. For example, in
Figure 3 the method obtains 95.3% accuracy at the end of
the first task. If we set acc_thresh = 95%, then we can
guarantee that at no point during training the accuracy on
the first task will be lower than 95% - 95.3% = 90.5%.

We see that this hyperparameter indeed controls the
plasticity-stability trade-off, with larger values contributing
to less forgetting, but also less plasticity on the subsequent
tasks. Note that in practice the obtained accuracy is much
higher than the one guaranteed by the worst-case accuracy.
For example, even with acc_thresh = 0.05 we are able to
maintain first-task accuracy above 90% through the whole
training. However, this performance is not guaranteed and
might deteriorate with further training.

In the bottom part of Figure 3, we plot how the valid pa-
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Figure 4. Results for parameter regularization methods for split-
CIFAR-100 with 20 tasks, averaged over 3 seeds. InterContiNet is
still able to learn new tasks at the end of the training.

rameter region changes throughout the training. Since the
volume can get easily degenerated (e.g. if we prohibit even
one parameter from changing), we summarize it by report-
ing the sum of all radii. Confirming the intuition, the valid
region for models with higher acc_thresh shrinks much
faster, while for lower thresholds the impact is not as notice-
able. In the end, we observe that even in the most restrictive
setting, there is still room for learning.

Finally, we extend the experiments on the collapse of the
valid parameter region to a setting with a higher number of
tasks. We use split-CIFAR-100 with 20 tasks of 5 classes
and focus on the incremental task scenario. The results in
Figure 4 show that InterContiNet performs on similar scale
as other parameter regularization methods and is still able
to learn new tasks at the end of the training. We consider
this as additional evidence that interval constraints do not
necessarily lead to faster plasticity collapse than soft reg-
ularization. Additionally, we ran LwF in this setting and
found out that it significantly outperforms the parameter
regularization methods by a very wide margin. We show
the additional results in Figure 5 in Appendix A. This find-
ing is consistent with the split-CIFAR-10 results and recent
analysis (Oren & Wolf, 2021), and is a strong motivation to
consider functional regularization in future work.

6. Limitations & Future Work

Although reformulating continual learning as a sequential
contraction of the model’s parameter space creates a viable
theoretical framework, InterContiNet has several limitations
that would require further research to be addressed.

To begin with, interval arithmetic cannot be easily combined
with batch normalization layers. As we cannot foresee the
running statistics of activations at future inference, we can-
not guarantee the bounds of the model’s output. This lim-
itation is problematic due to the ubiquitousness of batch
normalization in contemporary neural network models. We
plan to evaluate InterContiNet with different normalization

schemes (e.g. layer (Ba et al., 2016) or group normalization
(Wu & He, 2020)), where providing guarantees is still pos-
sible. Another option worth exploring is freezing the batch
normalization statistics after the first task.

On the other hand, the no-forgetting guarantees are also
limited in several ways. Firstly, we concentrate on the worst-
case scenario, i.e. we maintain that the worst solution in the
allowed parameter space will not get even worse. In practice,
we evaluate the model at the interval centers, which can
leave a lot of leeway for the accuracy to fluctuate above the
defined threshold. Secondly, these guarantees are computed
on the training set. Depending on the amount of training—
test distribution shift, a non-negligible change in the model’s
response can be unaccounted for in our worst-case scenario.

Another drawback of hard constraints is the risk of reducing
the viable parameter space to a zero-volume region when
exposed to very long sequences of tasks or very deep archi-
tectures. While it is a very reasonable concern, the goal of
our empirical evaluation was to show that InterContiNet’s
parameter space does not degenerate so rapidly in typical
experimental setups. Nevertheless, based on Theorem 3.1,
it is theoretically possible to devise a malicious dataset that
would result in arbitrarily large forgetting or complete loss
of plasticity. Lastly, our evaluation is limited to classifi-
cation problems only. However, extensions to other types
of problems (e.g. regression) could be made with simple
adjustments to the loss function.

To summarize, in this work we proposed Hyperrectangle
Training, a general approach to continual learning. We
constrain the parameter search within the hyperrectangle
representing the region of valid solutions for the previous
task. We show that by applying interval arithmetic to opera-
tions present in standard neural networks in this setting we
can derive a tractable and differentiable upper bound of the
CL objective. Then we proposed and empirically evaluated
InterContiNet, a CL algorithm that minimizes this upper
bound to set hard limits on forgetting.
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Abstract

The problem of reducing processing time of large deep learning models is a fun-
damental challenge in many real-world applications. Early exit methods strive
towards this goal by attaching additional Internal Classifiers (ICs) to intermediate
layers of a neural network. ICs can quickly return predictions for easy examples
and, as a result, reduce the average inference time of the whole model. However,
if a particular IC does not decide to return an answer early, its predictions are
discarded, with its computations effectively being wasted. To solve this issue, we
introduce Zero Time Waste (ZTW), a novel approach in which each IC reuses
predictions returned by its predecessors by (1) adding direct connections between
ICs and (2) combining previous outputs in an ensemble-like manner. We conduct
extensive experiments across various datasets and architectures to demonstrate that
ZTW achieves a significantly better accuracy vs. inference time trade-off than
other recently proposed early exit methods.

1 Introduction

Deep learning models achieve tremendous successes across a multitude of tasks, yet their training
and inference often yield high computational costs and long processing times [11}22]. For some
applications, however, efficiency remains a critical challenge, e.g. to deploy a reinforcement learning
(RL) system in production the policy inference must be done in real-time [7], while the robot
performances suffer from the delay between measuring a system state and acting upon it [34].
Similarly, long inference latency in autonomous cars could impact its ability to control the speed [13]]
and lead to accidents [10, [17].

Typical approaches to reducing the processing complexity of neural networks in latency-critical
applications include compressing the model [24, 26| 46] or approximating its responses [21]. For
instance, Livne & Cohen [26] propose to compress a RL model by policy pruning, while Kouris
et al. [21] approximate the responses of LSTM-based modules in self-driving cars to accelerate their
inference time. While those methods improve processing efficiency, they still require samples to pass
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(a) Comparison of the proposed ZTW (bottom) with a conven- (b) Detailed scheme of the proposed ZTW
tional early-exit model, SDN (top). model architecture.

Figure 1: (a) In both approaches, internal classifiers (ICs) attached to the intermediate hidden layers
of the base network allow us to return predictions quickly for examples that are easy to process.
While SDN discards predictions of uncertain ICs (e.g. below a threshold of 75%), ZTW reuses
computations from all previous ICs, which prevents information loss and waste of computational
resources. (b) Backbone network fy lends its hidden layer activations to ICs, which share inferred
information using cascade connections (red horizontal arrows in the middle row) and give predictions
Pm. The inferred predictions are combined using ensembling (bottom row) giving g, .

through the entire model. In contrast, biological neural networks leverage simple heuristics to speed
up decision making, e.g. by shortening the processing path even in case of complex tasks [[1} 9} [18]].

This observation led a way to the inception of the so-called early exit methods, such as Shallow-Deep
Networks (SDN) [[19] and Patience-based Early Exit (PBEE) [47]], that attach simple classification
heads, called internal classifiers (ICs), to selected hidden layers of neural models to shorten the
processing time. If the prediction confidence of a given IC is sufficiently high, the response is
returned, otherwise, the example is passed to the subsequent classifier. Although these models
achieve promising results, they discard the response returned by early ICs in the evaluation of
the next IC, disregarding potentially valuable information, e.g. decision confidence, and wasting
computational effort already incurred.

Motivated by the above observation, we postulate to look at the problem of neural model processing
efficiency from the information recycling perspective and introduce a new family of zero waste
models. More specifically, we investigate how information available at different layers of neural
models can contribute to the decision process of the entire model. To that end, we propose Zero
Time Waste (ZTW), a method for an intelligent aggregation of the information from previous ICs.
A high-level view of our model is given in Figure[I] Our approach relies on combining ideas from
networks with skip connections [41]], gradient boosting [3]], and ensemble learning [} 23]]. Skip
connections between subsequent ICs (which we call cascade connections) allow us to explicitly pass
the information contained within low-level features to the deeper classifier, which forms a cascading
structure of ICs. In consequence, each IC improves on the prediction of previous ICs, as in gradient
boosting, instead of generating them from scratch. To give the opportunity for every IC to explicitly
reuse predictions of all previous ICs, we additionally build an ensemble of shallow ICs.

We evaluate our approach on standard classification benchmarks, such as CIFAR-100 and ImageNet,
as well as on the more latency-critical applications, such as reinforcement-learned models for
interacting with sequential environments. To the best of our knowledge, we are the first to show that
early exit methods can be used for cutting computational waste in a reinforcement learning setting.

Results show that ZTW is able to save much more computation while preserving accuracy than
current state-of-the-art early exit methods. In order to better understand where the improvements
come from, we introduce Hindsight Improvability, a metric for measuring how efficiently the model



reuses information from the past. We provide ablation studies and additional analysis of the proposed
method in the Appendix.

To summarize, the contributions of our work are the following:

* We introduce a family of zero waste models that quantify neural network efficiency with the
Hindsight Improvability metrics.

* We propose an instance of zero waste models dubbed Zero Time Waste (ZTW) method
which uses cascade connections and ensembling to reuse the responses of previous ICs for
the final decision.

* We show how the state-of-the-art performance of ZTW in the supervised learning scenario
generalizes to reinforcement learning.

2 Related Work

The drive towards reducing computational waste in deep learning literature has so far focused on
reducing the inference time. Numerous approaches for accelerating deep learning models focus on
building more efficient architectures [15], reducing the number of parameters [12] or distilling knowl-
edge to smaller networks [14]]. Thus, they decrease inference time by reducing the overall complexity
of the model instead of using the conditional computation framework of adapting computational
effort to each example. As such we find them orthogonal to the main ideas of our work, e.g. we show
that applying our method to architectures designed for efficiency, such as MobileNet [[15], leads to
even further acceleration. Hence, we focus here on methods that adaptively set the inference time for
each example.

Conditional Computation Conditional computation was first proposed for deep neural networks
in Bengio et al. [2]] and Davis & Arel [5], and since then many sophisticated methods have been
proposed in this field, including dynamic routing [27]], cascading with multiple networks [40] and
skipping intermediate layers [41] or channels [42]. In this work, we focus on the family of early exit
approaches, as they usually do not require special assumptions about the underlying architecture of
the network and the training paradigm, and because of that can be easily applied to many commonly
used architectures. In BranchyNet [38]] a loss function consisting of a weighted sum of individual
head losses is utilized in training, and entropy of the head prediction is used for the early exit criterion.
Berestizshevsky & Guy [4] propose to use confidence (maximum of the softmax output) instead. A
broader overview of early exit methods is available in Scardapane et al. [32].

Several works proposed specialized architectures for conditional computation which allow for multi-
scale feature processing [ 16, 44, 43|, and developed techniques to train them more efficiently by
passing information through the network [29} 25]]. However, in this paper, we consider the case of
increasing inference speed of a pre-trained network based on an architecture which was not built with
conditional computation or even efficiency in mind. We argue that this is a practical use case, as this
approach can be used to a wider array of models. As such, we do not compare with these methods
directly.

Shallow-Deep Networks (SDN) [19] is a conceptually simple yet effective method, where the
comparison of confidence with a fixed threshold is used as the exit criterion. The authors attach
internal classifiers to layers selected based on the number of compute operations needed to reach
them. The answer of each head is independent of the answers of the previous heads, although in a
separate experiment the authors analyze the measure of disagreement between the predictions of final
and intermediate heads.

Zhou et al. [47] propose Patience-based Early Exit (PBEE) method, which terminates inference after
t consecutive unchanged answers, and show that it outperforms SDN on a range of NLP tasks. The
idea of checking for agreement in preceding ICs is connected to our approach of reusing information
from the past. However, we find that applying PBEE in our setting does not always work better than
SDN. Additionally, in the experiments from the original work, PBEE was trained simultaneously
along with the base network, thus making it impossible to preserve the original pre-trained model.

Ensembles Ensembling is typically used to improve the accuracy of machine learning models [6].
Lakshminarayanan et al. [23]] showed that it also greatly improves calibration of deep neural networks.
There were several attempts to create an ensemble from different layers of a network. Scardapane et



al. [31] adaptively exploit outputs of all internal classifiers, albeit not in a conditional computation
context. Phuong & Lampert [29] used averaged answers of heads up to the current head for anytime-
prediction, where the computational budget is unknown. Besides the method being much more basic,
their setup is notably different from ours, as it assumes the same computational budget for all samples
no matter how difficult the example is. Finally, none of the ensemble methods mentioned above were
designed to work with pre-trained models.

3 Zero Time Waste

Our goal is to reduce computational costs of neural networks by minimizing redundant operations and
information loss. To achieve it, we use the conditional computation setting, in which we dynamically
select the route of an input example in a neural network. By controlling the computational route, we
can decide how the information is stored and utilized within the model for each particular example.
Intuitively, difficult examples require more resources to process, but using the same amount of
compute for easy examples is wasteful. Below we describe our Zero Time Waste method in detail.

In order to adapt already trained models to conditional computation setting, we attach and train early
exit classifier heads on top of several selected layers, without changing the parameters of the base
network. During inference, the whole model exits through one of them when the response is likely
enough, thus saving computational resources.

Formally, we consider a multi-class classification problem, where 2 € R denotes an input example
andy € {1,..., K} isits target class. Let fy : R” — RX be a pre-trained neural network with logit
output designed for solving the above classification task. The weights 6 will not be modified.

Model overview Following typical early exit frameworks, we add M shallow Internal Classifiers,
ICq,...,ICy, on intermediate layers of fy. Namely, let g4, , form € {1,..., M}, be the m-th IC
network returning K logits, which is attached to hidden layer fg,, of the base network fg. The index

m is independent of fy layer numbering. In general, M is lower than the overall number of fy hidden
layers since we do not add ICs after every layer (see more details in Appendix [A.T).

Although using ICs to return an answer early can reduce overall computation time [19], in a standard
setting each IC makes its decision independently, ignoring the responses returned by previous ICs.
As we show in Section[d.2] early layers often give correct answers for examples that are misclassified
by later classifiers, and hence discarding their information leads to waste and performance drops.
To address this issue, we need mechanisms that collect the information from the first (m — 1) ICs
to inform the decision of IC,,. For this purpose, we introduce two complementary techniques:
cascade connections and ensembling, and show how they help reduce information waste and, in turn,
accelerate the model.

Cascade connections directly transfer the already inferred information between consecutive 1Cs
instead of re-computing it again. Thus, they improve the performance of initial ICs that lack enough
predictive power to classify correctly based on low-level features. Ensembling of individual ICs
improves performance as the number of members increases, thus showing greatest improvements in
the deeper part of the network. This is visualized in Figure [T] where cascade connections are used
first to pass already inferred information to later ICs, while ensembling is utilized to conclude the IC
prediction. The details on these two techniques are presented in the following paragraphs.

Cascade connections Inspired by the gradient boosting algorithm and literature on cascading
classifiers [39], we allow each IC to improve on the predictions of previous ICs instead of inferring
them from scratch. The idea of cascade connections is implemented by adding skip connections that
combine the output of the base model hidden layer fy, with the logits of IC,,,_; and pass it to IC,,,.
The prediction is realized by the softmax function applied to gy, (the m-th IC network):

pm = softmax(gq,, (fo,. (), 9p,. 1 © fo,,_,(2))), form > 1, (1)

where g o f(z) = g(f(x)) denotes the composition of functions. Formally, p,, = py.(x; ¢, ), Where
¢, are trainable parameters of 1C,,,, but we drop these parameters in notation for brevity. IC; uses
only the information coming from the layer fy, which does not need to be the first hidden layer of fj.
Figure|l|shows the skip connections as red horizontal arrows.



Each IC,,, is trained in parallel (with respect to ¢,,,) to optimize the prediction of all output classes
using an appropriate loss function £(p,, ), e.g. cross-entropy for classification. However, during
the backward step it is crucial to stop the gradient of a loss function from passing to the previous
classifier. Allowing the gradients of loss £(p.,) to affect ¢, for j € 1,..,m — 1 leads to a significant
performance degradation of earlier layers due to increased focus on the features important for IC,,,,
as we show in Appendix [C.3]

Ensembling Ensembling in machine learning models reliably increases the performance of a
model while improving robustness and uncertainty estimation [8} 23]]. The main drawback of this
approach is its wastefulness, as it requires to train multiple models and use them to process the same
examples. However, in our setup we can adopt this idea to combine predictions which were already
pre-computed in previous ICs, with near-zero additional computational cost.

To obtain a reliable zero-waste system, we build ensembles that combine outputs from groups
of ICs to provide the final answer of the m-th classifier. Since the classifiers we are using vary
significantly in predictive strength (later ICs achieve better performance than early ICs) and their
predictions are correlated, the standard approach to deep model ensembling does not work in our
case. Thus, we introduce weighted geometric mean with class balancing, which allows us to reliably
find a combination of pre-computed responses that maximizes the expected result.

Let p1, p2, - - -, Pm be the outputs of m consecutive IC predictions (after cascade connections stage)
for a given « (Figure[I). We define the probability of the i-th class in the m-th ensemble to be:

)

) 1 . ) w
G (@) = > b [T (#5(2))"™, 2

j<m

where bﬁn > (0 and wﬁn > 0, for j = 1,...,m, are trainable parameters, and Z,, is a normalization
factor, such that ), q:,(x) = 1. Observe that w?, can be interpreted as our prior belief in predictions
of IC}, i.e. large weight w?, indicates less confidence in the predictions of IC;. On the other hand, b,
represents the prior of i-th class for IC,,,. The m indices in w,, and b,, are needed as the weights are
trained independently for each subset {IC; : j < m}. Although there are viable potential approaches
to setting these parameters by hand, we verified that optimizing them directly by minimizing the

cross-entropy loss on the training dataset works best.

Out of additive and geometric ensemble settings we found the latter to be preferable. In this
formulation, a low class confidence of a single IC would significantly reduce the probability of that
class in the whole ensemble. In consequence, in order for the confidence of the given class to be high,
we require all ICs to be confident in that class. Thus, in geometric ensembling, an incorrect although
confident IC answer has less chance of ending calculations prematurely. In the additive setting, the
negative impact of a single confident but incorrect IC is much higher, as we show in Appendix
Hence our choice of geometric ensembling.

Direct calculation of the product in (2) might lead to numerical instabilities whenever the probabilities
are close to zero. To avoid this problem we note that

b, TT ()" = b, exp ( 3w, lnp;tm),

js<m jsm

and that log-probabilities In p% can be obtained by running the numerically stable log softmax function
on the logits g4, of the classifier.

Both cascade connections and ensembling have different impact on the model. Cascade connections
primarily boost the accuracy of early ICs. Ensembling, on the other hand, improves primarily the
performance of later ICs, which combine the information from many previous classifiers.

This is not surprising, given that the power of the ensemble increases with the number of members,
provided they are at least weak in the sense of boosting theory [33]]. As such, the two techniques in-
troduced above are complementary, which we also show empirically via ablation studies in Appendix
[C} The whole training procedure is presented in Algorithm [T}

Conditional inference Once a ZTW model is trained, the following question appears: how to
use the constructed system at test time? More precisely, we need to dynamically find the shortest
processing path for a given input example. For this purpose, we use one of the standard confidence



Algorithm 1 Zero Time Waste

Input: pre-trained model fy, cross-entropy loss function L, training set 7.
Initialize M shallow models g4, at selected layers fg, .
Form =1,..., M do in parallel > Cascade connection ICs

Set p,,, according to ().

minimize B, e [£(pm (), y)] wrt. ¢, by gradient descent

Form=1,...,M do > Geometric Ensembling
Initialize wyy,, by, and define g,,, () according to (2).
minimize E, ) e7 [£(gm(2), y)] Wrt. Wy, by, by gradient descent

scores given by the probability of the most confident class. If the m-th classifier is confident enough
about its prediction, i.e. if '
maxgq,, > T, for a fixed 7 > 0, 3)

where 1 is the class index, then we terminate the computation and return the response given by this
IC. If this condition is not satisfied, we continue processing x and go to the next IC.

Threshold 7 in (3] is a manually selected value, which controls the acceleration-performance trade-off
of the model. A lower threshold leads to a significant speed-up at the cost of a possible drop in
accuracy. Observe that for 7 > 1, we recover the original model fy, since none of the ICs is confident
enough to answer earlier. In practice, to select its appropriate value, we advise using a held-out set to
evaluate a range of possible values of 7.

4 Experiments

In this section we examine the performance of Zero Time Waste and analyze its impact on waste
reduction in comparison to two recently proposed early-exit methods: (1) Shallow-Deep Networks
(SDN) [19] and (2) Patience-Based Early Exit (PBEE) [47]. In contrast to SDN and PBEE, which
train ICs independently, ZTW reuses information from past classifiers to improve the performance.
SDN and ZTW use maximum class probability as the confidence estimator, while PBEE checks the
number of classifiers in sequence that gave the same prediction. For example, for PBEE 7 = 2 means
that if the answer of the current IC is the same as the answers of the 2 preceding ICs, we can return
that answer, otherwise we continue the computation.

In our experiments, we measure how much computation we can save by re-using responses of ICs
while keeping good performance, hence obeying the zero waste paradigm. To evaluate the efficiency
of the model, we compute the average number of floating-point operations required to perform the
forward pass for a single sample. We use it as a hardware-agnostic measure of inference cost and
refer to it simply as the "inference time" in all subsequent references. For the evaluation in supervised
learning, we use three datasets: CIFAR-10, CIFAR-100, and Tiny ImageNet, and four commonly
used architectures: ResNet-56 [[11]], MobileNet [[15], WideResNet [45], and VGG-16BN [37]] as base
networks. We check all combinations of methods, datasets, and architectures, giving 3 -3 - 4 = 36
models in total, and we additionally evaluate a single architecture on the ImageNet dataset to show
that the approach is scalable. Additionally, we examine how Zero Time Waste performs at reducing
waste in a reinforcement learning setting of Atari 2600 environments. To the best of our knowledge,
we are the first to apply early exit methods to reinforcement learning.

Appendix [A.T| describes the details about the network architecture, hyperparameters, and training
process. Appendix [B|contains extended plots and tables, and results of an additional transfer learning
experiment. In Appendix [C]we provide ablation studies, focusing in particular on analyzing how
each of the proposed improvements affects the performance, and empirically justifying some of the
design choices (e.g. geometric ensembles vs. additive ensembles). We provide the source code for
our experiments at https://github.com/gmum/Zero-Time-Waste.

4.1 Time Savings in Supervised Learning
We check what percentage of computation of the base network can be saved by reusing the information

from previous layers in a supervised learning setting. To do this, we evaluate how each method
behaves at a particular fraction of the computational power (measured in floating point operations) of
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Table 1: Results on four different architectures and three datasets: Cifar-10, Cifar-100 and Tiny
ImageNet. Test accuracy (in percentages) for time budgets: 25%, 50%, 75%, 100% of the base
network, and Max without any time limits. The first column shows the test accuracy of the base
network. The results represent a mean of three runs and standard deviations are provided in Appendix
We bold results within two standard deviations of the best model.

ResNet-56 MobileNet
Data Algo 25% 50% 75% 100% Max Data Algo 25% 50% 75% 100%  Max
C10 SDN 77.7 87.3 91.1 92.0 921 C10 SDN 86.1 90.5 90.8 90.7 90.9
(92.0) PBEE 69.8 81.8 87.5 91.0 92.1 (90.6) PBEE 76.3 85.9 89.7 90.9 91.1
7 ZTW 80.3 88.7 91.5 92.1 921 7 ZTW 86.7 909 914 914 915
C100 SDN 47.1 57.2 64.7 69.0 69.7 C100 SDN 54.3 63.5 66.8 67.8 67.9
(68.4) PBEE 45.2 53.5 60.1 67.0 69.0 (65.1) PBEE 47.1 61.6 61.6 67.0 68.0
7 ZTW 51.3 62.1 684 70.7 709 7 ZTW 54.5 65.2 68.4 69.0 69.1
T-IM SDN 31.2 41.2 49.9 54.5 54.7 T-IM SDN 35.6 47.1 55.3 58.9 59.7
(53.9) PBEE 29.0 37.6 48.2 53.4 54.3 (59.3) PBEE 26.7 38.4 50.3 55.6 59.7
" ZTW 35.2  46.2 53.7 56.3 56.4 T ZTW 37.3  49.5 56.7 59.7 60.2
WideResNet VGG

Data Algo 25% 50% 75% 100% Max Data Algo 25% 50% 75% 100%  Max
C10 SDN 83.8 91.7 94.1 94.4 94.4 C10 SDN 86.0 92.1 93.0 93.0 93.0
(94.4) PBEE 78.0 84.0 90.3 93.8 94.4 (93.0) PBEE 75.0 86.0 91.0 929 93.1
U ZTW 86.7 929 945 94.7 94.7 T ZTW 87.1 925 93.2 93.2 932
€100 SDN 55.9 65.1 71.6 75.0 75.4 €100 SDN 58.5 67.2 70.6 71.4 71.5
(75.1) PBEE 46.7 57.2 66.0 73.2 75.4 (70.4) PBEE 51.2 65.3 65.3 70.9 72.0
7 ZTW 59.5 69.1 745 76.2 T76.4 " ZTW 60.2 69.3 726 73.5 73.6
T-IM SDN 36.8 46.0 54.6 59.4 59.7 T-IM SDN 40.0 50.5 57.4 59.6 59.7
PBEE 29.9 37.8 52.7 58.5 59.7 PBEE 31.0 45.2 55.2 60.1 60.2

(59.6) ZTW 40.0 50.1 575 602 603 (59.0) ZTW 414 523 593 601 60.5

the base network. We select the highest threshold 7 such that the average inference time is smaller
than, for example, 25% of the original time. Then we calculate accuracy for that threshold. Table
contains summary of this analysis, averaged over three seeds, with further details (plots for all
thresholds, standard deviations) shown in Appendix [B.T]

Looking at the results, we highlight the fact that methods which do not reuse information between
1Cs do not always achieve the goal of reducing computational waste. For example, SDN and PBEE
cannot maintain the accuracy of the base network for MobileNet on Tiny ImageNet when using
the same computational power, scoring respectively 0.4 and 3.7 percentage points lower than the
baseline. Adding ICs to the network and then discarding their predictions when they are not confident
enough to return the final answer introduces computational overhead without any gains. By reusing
the information from previous ICs ZTW overcomes this issue and maintains the accuracy of the base
network for all considered settings. In particular cases, such as ResNet-56 on Tiny ImageNet or
MobileNet on Cifar-100, Zero Time Waste even significantly outperforms the core network.

Similar observation can be made for other inference time limits as well. ZTW consistently maintains
high accuracy using less computational resources than the other approaches, for all combinations
of datasets and architectures. Although PBEE reuses information from previous layers to decide
whether to stop computation or not, this is not sufficient to reduce the waste in the network. While
PBEE outperforms SDN when given higher inference time limits, it often fails for smaller limits
(25%, 50%). We hypothesize that this is result of the fact that PBEE has smaller flexibility with
respect to 7. While for SDN and ZTW values of 7 are continuous, for PBEE they represent a discrete
number of ICs that must sequentially agree before returning an answer.
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Figure 2: Hindsight Improvability. For each IC (horizontal axis) we look at examples it misclassified
and we check how many of them were classified correctly by any of the previous ICs. The lower the
number, the better the IC is at reusing previous information.

Finally, we check whether our observations scale up to larger datasets by running experiments on
ImageNet using a pre-trained ResNet-50 from the torchvision package’l The results presented in
Table 2] show that Zero Time Waste is able to gain significant improvements over the two tested
baselines even in this more challenging setting. Additional details of this experiments are presented

in Appendix[B.2]
Given the performance of ZTW, the results show

that paying attention to the minimization of com-  Table 2: TmageNet results (test accuracy in percent-
putational waste leads to tangible, practical im-  ag¢ points) show that zero-waste approach scales
provements of the inference time of the network. yp to Jarger datasets.

Therefore, we devote next section to explaining
where the empirical gains come from and how Algo  25% 50% 75% 100%
to measure information loss in the models. SDN 333 538 697 758

. . . PBEE 283 283 629 73.3
4.2 Information Loss in Early Exit Models JTW 349 549 706 763

Since ICs in a given model are heavily corre-

lated, it is not immediately obvious why reusing

past predictions should improve performance.

Later ICs operate on high-level features for which class separation is much easier than for early ICs,
and hence get better accuracy. Thus, we ask a question — is there something that early ICs know
that the later ICs do not?

For that purpose, we introduce a metric to evaluate how much a given IC could improve performance
by reusing information from all previous ICs. We measure it by checking how many examples
incorrectly classified by IC,,, were classified correctly by any of the previous ICs. An IC which
reuses predictions from the past perfectly would achieve a low score on this metric since it would
remember all the correct answers of the previous ICs. On the other hand, an IC in a model which
trains each classifier independently would have a higher score on this metric, since it does not use
past information at all. We call this metric Hindsight Improvability (HI) since it measures how many
mistakes we would be able to avoid if we used information from the past efficiently.

Let C,, denote the set of examples correctly classified by IC,,, with its complement C,,, being the set
of examples classified incorrectly. To measure the Hindsight Improvability of IC,,, we calculate:

— ‘Em N (Un<m C”)‘

HI,,, =
[Co]

Figure [2] compares the values of HI for a method with independent ICs (SDN in this case) and
ZTW which explicitly recycles computations. In the case of VGG16 trained with independent ICs,
over 60% of the mistakes could be avoided if we properly used information from the past, which

*https://pytorch.org/vision/stable/index.html
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Figure 3: Inference time vs. average return of the ZTW policy in an RL setting on Q*bert and Pong
Atari 2600 environments. The plot was generated by using different values of the confidence threshold
7 hyperparameter. Since the RL environments are stochastic, we plot the return with a standard
deviation calculated on 10 runs. ZTW saves a significant amount of computation while preserving
the original performance, showcasing that waste can be minimized also in the reinforcement learning
domain.

would translate to improvement from 71.5% to 82.9% accuracy. Similarily, for ResNet-56 trained on
TinyImageNet, the number of errors could be cut by around 57%.

ZTW consistently outperforms the baseline, with the largest differences visible at the later ICs, which
can in principle gain the most from reusing previous predictions. Thus, Zero Time Waste is able to
efficiently recycle information from the past. At the same time, there is still a room for significant
improvements, which shows that future zero waste approaches could offer additional enhancements.

4.3 Time Savings in Reinforcement Learning

Although supervised learning is an important testbed for deep learning, it does not properly reflect
the challenges encountered in the real world. In order to examine the impact of waste-minimization
methods in a setting that reflects the sequential nature of interacting with the world, we evaluate it in
a Reinforcement Learning (RL) setting. In particular, we use the environments from the suite of Atari
2600 games [28]].

Similarly as in the supervised setting, we start with a pre-trained network, which in this case represents
a policy trained with the Proximal Policy Optimization (PPO) algorithm [36]. We attach the ICs
to the network and train it by distilling the knowledge from the core network to the ICs. We use
a behavioral cloning approach, where the states are sampled from the policy defined by the ICs and
the labels are provided by the expert model. Since actions in Atari 2600 are discrete, we can then use
the same confidence threshold-based approach to early exit inference as in the case of classification.
More details about the training process are provided in the Appendix [A.2]

In order to investigate the relationship between computation waste reduction and performance, we
evaluate Zero Time Waste for different values of confidence threshold 7. By setting a very high 7
value, we retrieve the performance of the original model (none of the ICs respond) and by slowly
decreasing its value we can reduce the computational cost (ICs begin to return answers earlier).
In Figure [3| we check values of 7 in the interval [0.1,1.0] to show how ZTW is able to control
the acceleration-performance balance for Q*Bert and Pong, two popular Atari 2600 environments.
By setting lower 7 thresholds for Q*Bert we can save around 45% of computations without score
degradation. Similarly, for Pong we can get 60% reduction with minor impact on performance (note
that average human score is 9.3 points). This shows that even the small four-layered convolutional
architecture commonly used for Atari [28] introduces a noticeable waste of computation which can be
mitigated within a zero-waste paradigm. We highlight this fact as the field of reinforcement learning
has largely focused on efficiency in terms of number of samples and training time, while paying less
attention to the issue of efficient inference.
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Figure 4: Examples of bird images which were incorrectly classified as airplanes by ZTW. The early
ICs are misled by the low-level features (blue sky, sharp edges, grayscale silhouette) and return
a prediction before the later ICs can detect more subtle high-level features.

4.4 Impact & Limitations

Our framework is the cornerstone of an environmental-aware computation where information recy-
cling within a model is cautiously studied to avoid wasting resources. The focus on computational
efficiency, however, introduces a natural trade-off between model accuracy and its computational
cost. Although in most cases we can carefully adjust the appropriate method hyperparameters to
avoid a significant accuracy drop, some testing samples remain surprisingly challenging for ZTW,
which indicates a need for further investigation of the accuracy vs. computation cost trade-off offered
by our method.

Figure @ contains examples of images for which low-level features in a given image consistently point
at a wrong class, while high-level features would allow us to deduce the correct class. Images of birds
which contain sharp lines and grayscale silhouettes are interpreted as airplanes by early ICs which
operate on low-level features. If the confidence of these classifiers gets high enough, the answer might
be returned before later classifiers can correct this decision. We highlight the problem of dealing
with examples which are seemingly easy but turn out difficult as an important future direction for
conditional computation methods.

5 Conclusion

In this work, we show that discarding predictions of the previous ICs in early exit models leads to
waste of computation resources and a significant loss of information. This result is supported by the
introduced Hindsight Improvability metric, as well as empirical result for reducing computations
in existing networks. The proposed Zero Time Waste method attempts to solve these issues by
incorporating outputs from the past heads by using cascade connections and geometric ensembling.
We show that ZTW outperforms other approaches on multiple standard datasets and architectures
for supervised learning, as well as in Atari 2600 reinforcement learning suite. At the same time we
postulate that focusing on reducing the computational waste in a safe and stable way is an important
direction for future research in deep learning.

Acknowledgments & Funding Disclosure

This research was funded by Foundation for Polish Science (grant no POIR.04.04.00-00-14DE/18-00
carried out within the Team-Net program co-financed by the European Union under the European
Regional Development Fund) and National Science Centre, Poland (grant no 2018/31/B/ST6/00993
and grant no 2020/39/B/ST6/01511). The authors have applied a CC BY license to any Author
Accepted Manuscript (AAM) version arising from this submission, in accordance with the grants’
open access conditions.

10



References

(1]

(2]

[3

—

[4

—

[5

—

[6

—_

[7

—

[8

—

[9

—

(10]

(11]

[12]

[13]

[14]

[15]

(16]

(7]

(18]
(19]

(20]

Dan Ariely and Michael I. Norton. From thinking too little to thinking too much: a continuum of decision
making. WIREs Cognitive Science, 2(1):39-46, 2011.

Yoshua Bengio, Nicholas Léonard, and Aaron Courville. Estimating or propagating gradients through
stochastic neurons for conditional computation. arXiv:1308.3432, 2013.

Candice Bentéjac, Anna Csorg6, and Gonzalo Martinez-Mufloz. A comparative analysis of gradient
boosting algorithms. Artificial Intelligence Review, pages 1-31, 2020.

Konstantin Berestizshevsky and Guy Even. Dynamically sacrificing accuracy for reduced computation:
cascaded inference based on softmax confidence. In Proceedings of the International Conference on
Artificial Neural Networks, ICANN, pages 306-320. Springer, 2019.

Andrew Davis and Itamar Arel. Low-rank approximations for conditional feedforward computation in
deep neural networks. arXiv:1312.4461, 2013.

Thomas G Dietterich. Ensemble methods in machine learning. In Proceedings of the International
Workshop on Multiple Classifier Systems, page 15. Springer, 2000.

Gabriel Dulac-Arnold, Daniel J. Mankowitz, and Todd Hester. Challenges of real-world reinforcement
learning. CoRR, abs/1904.12901, 2019.

Stanislav Fort, Huiyi Hu, and Balaji Lakshminarayanan. Deep ensembles: a loss landscape perspective.
arXiv:1912.02757, 2019.

Gerd Gigerenzer and Wolfgang Gaissmaier. Heuristic decision making. Annual Review of Psychology,
62:451-82, 2011.

Sorin Grigorescu, Bogdan Trasnea, Tiberiu Cocias, and Gigel Macesanu. A survey of deep learning
techniques for autonomous driving. Journal of Field Robotics, 37(3):362-386, 2020.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, CVPR, pages
770-778, 2016.

Yihui He, Xiangyu Zhang, and Jian Sun. Channel pruning for accelerating very deep neural networks. In
Proceedings of the IEEE International Conference on Computer Vision, pages 1389-1397, 2017.

Todd Hester and Peter Stone. TEXPLORE: Real-time sample-efficient reinforcement learning for robots.
Machine Learning, 90(3):385-429, 2013.

Geoffrey Hinton, Oriol Vinyals, and Jeftfrey Dean. Distilling the knowledge in a neural network. In
Proceedings of the NIPS Workshop on Deep Learning and Representation Learning, 2015.

Andrew G Howard, Menglong Zhu, Bo Chen, Dmitry Kalenichenko, Weijun Wang, Tobias Weyand, Marco
Andreetto, and Hartwig Adam. Mobilenets: Efficient convolutional neural networks for mobile vision
applications. arXiv:1704.04861,2017.

Gao Huang, Danlu Chen, Tianhong Li, Felix Wu, Laurens van der Maaten, and Kilian Q. Weinberger.
Multi-scale dense networks for resource efficient image classification. In International Conference on
Learning Representations, 2018.

Sunggoo Jung, Sunyou Hwang, Heemin Shin, and David Hyunchul Shim. Perception, guidance, and
navigation for indoor autonomous drone racing using deep learning. /EEE Robotics and Automation
Letters, 3(3):2539-2544, 2018.

Daniel Kahneman. Thinking, fast and slow. Farrar, Straus and Giroux, 2017.

Yigitcan Kaya, Sanghyun Hong, and Tudor Dumitras. Shallow-deep networks: Understanding and
mitigating network overthinking. In Proceedings of the International Conference on Machine Learning,
ICML, pages 3301-3310, 2019.

Daniel S Kermany, Michael Goldbaum, Wenjia Cai, Carolina CS Valentim, Huiying Liang, Sally L Baxter,

Alex McKeown, Ge Yang, Xiaokang Wu, Fangbing Yan, et al. Identifying medical diagnoses and treatable
diseases by image-based deep learning. Cell, 172(5):1122-1131, 2018.

11



[21]

[22]

(23]

(24]

[25]

[26]
[27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

[36]

(371

(38]

(391

[40]

[41]

Alexandros Kouris, Stylianos I. Venieris, Michail Rizakis, and Christos-Savvas Bouganis. Approximate
LSTMs for time-constrained inference: Enabling fast reaction in self-driving cars, 2019.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep convolutional
neural networks. Communications of the ACM, 60(6):84-90, 2017.

Balaji Lakshminarayanan, Alexander Pritzel, and Charles Blundell. Simple and scalable predictive
uncertainty estimation using deep ensembles. In Advances in Neural Information Processing Systems,
NIPS, pages 6402-6413, 2017.

Juhyoung Lee, Sangyeob Kim, Sangjin Kim, Wooyoung Jo, and Hoi-Jun Yoo. Gst: Group-sparse training
for accelerating deep reinforcement learning, 2021.

Hao Li, Hong Zhang, Xiaojuan Qi, Yang Ruigang, and Gao Huang. Improved techniques for training
adaptive deep networks. In 2019 IEEE/CVF International Conference on Computer Vision (ICCV), pages
1891-1900, 2019.

Dor Livne and Kobi Cohen. Pops: Policy pruning and shrinking for deep reinforcement learning, 2020.

Mason McGill and Pietro Perona. Deciding how to decide: dynamic routing in artificial neural networks.
In ICML’17 Proceedings of the 34th International Conference on Machine Learning - Volume 70, pages
2363-2372, 2017.

Volodymyr Mnih, Koray Kavukcuoglu, David Silver, Andrei A Rusu, Joel Veness, Marc G Bellemare,
Alex Graves, Martin Riedmiller, Andreas K Fidjeland, Georg Ostrovski, et al. Human-level control through
deep reinforcement learning. Nature, 518(7540):529-533, 2015.

Mary Phuong and Christoph H Lampert. Distillation-based training for multi-exit architectures. In
Proceedings of the IEEE International Conference on Computer Vision, ICCV, pages 1355-1364, 2019.

Antonin Raffin, Ashley Hill, Maximilian Ernestus, Adam Gleave, Anssi Kanervisto, and Noah Dormann.
Stable baselines3. https://github.com/DLR-RM/stable-baselines3, 2019.

Simone Scardapane, Danilo Comminiello, Michele Scarpiniti, Enzo Baccarelli, and Aurelio Uncini.
Differentiable branching in deep networks for fast inference. In Proceedings of the IEEE International
Conference on Acoustics, Speech and Signal Processing, ICASSP, pages 4167-4171, 2020.

Simone Scardapane, Michele Scarpiniti, Enzo Baccarelli, and Aurelio Uncini. Why should we add early
exits to neural networks? arXiv:2004.12814, 2020.

Robert E. Schapire. The strength of weak learnability. Machine Learning, 5(2):197-227, 1990.

E. Schuitema, L. Bugoniu, Robert Babuska, and P. Jonker. Control delay in reinforcement learning for real-
time dynamic systems: A memoryless approach. 2010 IEEE/RSJ International Conference on Intelligent
Robots and Systems, pages 3226-3231, 2010.

John Schulman, Philipp Moritz, Sergey Levine, Michael Jordan, and Pieter Abbeel. High-dimensional
continuous control using generalized advantage estimation. arXiv:1506.02438, 2015.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347, 2017.

Karen Simonyan and Andrew Zisserman. Very deep convolutional networks for large-scale image recogni-
tion. In Proceedings of the International Conference on Learning Representations, ICLR, 2015.

Surat Teerapittayanon, Bradley McDanel, and Hsiang-Tsung Kung. Branchynet: Fast inference via early
exiting from deep neural networks. In Proceedings of the International Conference on Pattern Recognition,
ICPR, pages 2464-2469, 2016.

Paul Viola and Michael J. Jones. Robust real-time face detection. International Journal of Computer
Vision, 57(2):137-154, 2004.

Xin Wang, Yujia Luo, Daniel Crankshaw, Alexey Tumanov, Fisher Yu, and Joseph E. Gonzalez. Idk
cascades: Fast deep learning by learning not to overthink. In UAI, pages 580-590, 2017.

Xin Wang, Fisher Yu, Zi-Yi Dou, Trevor Darrell, and Joseph E Gonzalez. Skipnet: learning dynamic

routing in convolutional networks. In Proceedings of the European Conference on Computer Vision, ECCV,
pages 409-424, 2018.

12


https://github.com/DLR-RM/stable-baselines3

[42]

[43]

[44]

[45]
[40]

[47]

Xin Wang, Fisher Yu, Lisa Dunlap, Yi-An Ma, Ruth Wang, Azalia Mirhoseini, Trevor Darrell, and Joseph E
Gonzalez. Deep mixture of experts via shallow embedding. In Proceedings of the Uncertainty in Artificial
Intelligence, UAI, pages 552-562, 2020.

Yulin Wang, Kangchen Lv, Rui Huang, Shiji Song, Le Yang, and Gao Huang. Glance and focus: a dynamic
approach to reducing spatial redundancy in image classification. In Advances in Neural Information
Processing Systems, volume 33, pages 2432-2444, 2020.

Le Yang, Yizeng Han, Xi Chen, Shiji Song, Jifeng Dai, and Gao Huang. Resolution adaptive networks for
efficient inference. In 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pages 2369-2378, 2020.

Sergey Zagoruyko and Nikos Komodakis. Wide residual networks. arXiv:1605.07146, 2016.

Hongjie Zhang, Zhuocheng He, and Jing Li. Accelerating the deep reinforcement learning with neural
network compression. In 2019 International Joint Conference on Neural Networks (IJCNN), pages 1-8,
2019.

Wangchunshu Zhou, Canwen Xu, Tao Ge, Julian McAuley, Ke Xu, and Furu Wei. BERT loses patience:
fast and robust inference with early exit. arXiv:2006.04152, 2020.

13



The Thirty-Sixth AAAI Conference on Artificial Intelligence (AAAI-22)

PluGeN: Multi-Label Conditional Generation from Pre-trained Models

Maciej Wolczyk'*, Magdalena Proszewska'*, L.ukasz Maziarka',
Maciej Zieba>*, Patryk Wielopolski?, Rafat Kurczab®, Marek Smieja'’

1Jagiellonian University
2Wroclaw University of Science and Technology
3 Institute of Pharmacology PAS
4 Tooploox

Abstract

Modern generative models achieve excellent quality in a vari-
ety of tasks including image or text generation and chemical
molecule modeling. However, existing methods often lack the
essential ability to generate examples with requested proper-
ties, such as the age of the person in the photo or the weight
of the generated molecule. Incorporating such additional con-
ditioning factors would require rebuilding the entire architec-
ture and optimizing the parameters from scratch. Moreover,
it is difficult to disentangle selected attributes so that to per-
form edits of only one attribute while leaving the others un-
changed. To overcome these limitations we propose PluGeN
(Plugin Generative Network), a simple yet effective genera-
tive technique that can be used as a plugin to pre-trained gen-
erative models. The idea behind our approach is to transform
the entangled latent representation using a flow-based mod-
ule into a multi-dimensional space where the values of each
attribute are modeled as an independent one-dimensional dis-
tribution. In consequence, PluGeN can generate new sam-
ples with desired attributes as well as manipulate labeled at-
tributes of existing examples. Due to the disentangling of the
latent representation, we are even able to generate samples
with rare or unseen combinations of attributes in the dataset,
such as a young person with gray hair, men with make-up,
or women with beards. We combined PluGeN with GAN
and VAE models and applied it to conditional generation and
manipulation of images and chemical molecule modeling.
Experiments demonstrate that PluGeN preserves the quality
of backbone models while adding the ability to control the
values of labeled attributes. Implementation is available at
https://github.com/gmum/plugen.

Introduction

Generative models such as GANs and variational autoen-
coders have achieved great results in recent years, especially
in the domains of images (Brock, Donahue, and Simonyan
2018; Brown et al. 2020) and cheminformatics (Gémez-
Bombarelli et al. 2018; Jin, Barzilay, and Jaakkola 2018).
However, in many practical applications, we need to con-
trol the process of creating samples by enforcing particular
features of generated objects. This would be required to reg-
ulate the biases present in the data, e.g. to assure that people
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Figure 1: Attributes manipulation performed by PluGeN us-
ing the StyleGAN backbone.

of each ethnicity are properly represented in the generated
set of face images. In numerous realistic problems, such as
drug discovery, we want to find objects with desired prop-
erties, like molecules with a particular activity, non-toxicity,
and solubility.

Designing the conditional variants of generative models
that operate on multiple labels is a challenging problem
due to intricate relations among the attributes. Practically,
it means that some combinations of attributes (e.g. a woman
with a beard) might be unobserved or rarely observed in the
training data. In essence, the model should be able to go
beyond the distribution of seen data and generate examples
with combinations of attributes not encountered previously.
One might approach this problem by building a new condi-
tional generative model from the ground up or design a solu-
tion tailored for a specific existing unsupervised generative
model. However, this introduces an additional effort when
one wants to adapt it to a newly invented approach.

To tackle this problem while leveraging the power of ex-
isting techniques, we propose PluGeN (Plugin Generative
Network), a simple yet effective generative technique that
can be used as a plugin to various pre-trained generative
models such as VAEs or GANs, see Figure 1 for demon-
stration. Making use of PluGeN, we can manipulate the at-
tributes of input examples as well as generate new samples
with desired features. When training the proposed module,
we do not change the parameters of the base model and thus



(a) Factorization of true data distribution

N~

(b) Probability distribution covered by PluGeN.

Figure 2: PluGeN factorizes true data distribution into components (marginal distributions) related to labeled attributes, see
(a), and allows for describing unexplored regions of data (uncommon combinations of labels) by sampling from independent
components, see (b). In the case illustrated here, PluGeN constructs pictures of men with make-up or women with beards,
although such examples rarely (or never) appear in the training set.

we retain its generative and reconstructive abilities, which
places our work in the emerging family of non-invasive net-
work adaptation methods (Wotczyk et al. 2021; Rebuffi,
Bilen, and Vedaldi 2017; Koperski et al. 2020; Kaya, Hong,
and Dumitras 2019; Zhou et al. 2020).

Our idea is to find a mapping between the entangled la-
tent representation of the backbone model and a disentan-
gled space, where each dimension corresponds to a single,
interpretable attribute of the image. By factorizing the true
data distribution into independent components, we can sam-
ple from each component independently, which results in
creating samples with arbitrary combinations of attributes,
see Figure 2. In contrast to many previous works, which
are constrained to the attributes combinations visible in the
training set, PluGeN gives us full control of the generation
process, being able to create uncommon combinations of at-
tributes, such as a woman with a beard or a man with heavy
make-up. Generating samples with unseen combinations of
attributes can be viewed as extending the distribution of gen-
erative models to unexplored although reasonable regions of
data space, which distinguishes our approach from existing
solutions.

Extensive experiments performed on the domain of im-
ages and a dataset of chemical compounds demonstrate that
PluGeN is a reusable plugin that can be applied to various
architectures including GANs and VAEs. In contrast to the
baselines, PluGeN can generate new samples as well as ma-
nipulate the properties of existing examples, being capable
of creating uncommon combinations of attributes.

Our contributions are as follow:

* We propose a universal and reusable plugin for multi-
label generation and manipulation that can be attached to
various generative models and applied it to diverse do-
mains, such as chemical molecule modeling.

* We introduce a novel way of modeling conditional distri-
butions using invertible normalizing flows based on the
latent space factorization.
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* We experimentally demonstrate that PluGeN can pro-
duce samples with uncommon combinations of attributes
going beyond the distribution of training data.

Related work

Conditional VAE (cVAE) is one of the first methods which
includes additional information about the labeled attributes
in a generative model (Kingma et al. 2014). Although this
approach has been widely used in various areas ranging from
image generation (Sohn, Lee, and Yan 2015; Yan et al. 2016;
Klys, Snell, and Zemel 2018) to molecular design (Kang and
Cho 2018), the independence of the latent vector from the
attribute data is not assured, which negatively influences the
generation quality. Conditional GAN (cGAN) is an alterna-
tive approach that gives results of significantly better qual-
ity (Mirza and Osindero 2014; Perarnau et al. 2016; He et al.
2019), but the model is more difficult to train (Kodali et al.
2017). cGAN works very well for generating new images
and conditioning factors may take various forms (images,
sketches, labels) (Park et al. 2019; Jo and Park 2019; Choi
et al. 2020), but manipulating existing examples is more
problematic because GAN models lack the encoder network
(Tov et al. 2021). Fader Networks (Lample et al. 2017) com-
bine features of both cVAE and cGAN, as they use encoder-
decoder architecture, together with the discriminator, which
predicts the image attributes from its latent vector returned
from the encoder. As discussed in (Li et al. 2020), the train-
ing of Fader Networks is even more difficult than standard
GAN:Ss, and disentanglement of attributes is not preserved.
MSP (Li et al. 2020) is a recent auto-encoder based architec-
ture with an additional projection matrix, which is respon-
sible for disentangling the latent space and separating the
attribute information from other characteristic information.
In contrast to PluGeN, MSP cannot be used with pre-trained
GANSs and performs poorly at generating new images (it was
designed for manipulating existing examples). CAGlow (Liu
et al. 2019) is an adaptation of Glow (Kingma and Dhariwal



2018) to conditional image generation based on modeling
a joint probabilistic density of an image and its conditions.
Since CAGlow does not reduce data dimension, applying it
to more complex data might be problematic.

While the above approaches focus on building conditional
generative models from scratch, recent works often focus on
manipulating the latent codes of pre-trained models. Style-
Flow (Abdal et al. 2021) operates on the latent space of
StyleGAN (Karras, Laine, and Aila 2019) using a condi-
tional continuous flow module. Although the quality of gen-
erated images is impressive, the model has not been applied
to other generative models than StyleGAN and domains
other than images. Moreover, StyleFlow needs an additional
classifier to compute the conditioning factor (labels) for im-
ages at test time. Competitive approaches to StyleGAN ap-
pear in (Gao et al. 2021; Tewari et al. 2020; Hédrkonen et al.
2020; Nitzan et al. 2020). InterFaceGAN (Shen et al. 2020)
postulates that various properties of the facial semantics can
be manipulated via linear models applied to the latent space
of GANSs. Hijack-GAN (Wang, Yu, and Fritz 2021) goes be-
yond linear models and designs a proxy model to traverse
the latent space of GANs.

In disentanglement learning, we assume that the data has
been generated from a fixed number of independent factors
of underlying variation. The goal is then to find a transfor-
mation that unravels these factors so that a change in one di-
mension of the latent space corresponds to a change in one
factor of variation while being relatively invariant to changes
in other factors (Bengio, Courville, and Vincent 2013; Kim
and Mnih 2018; Higgins et al. 2017; Brakel and Bengio
2017; Kumar, Sattigeri, and Balakrishnan 2017; Chen et al.
2019; Spurek et al. 2020; Dinh, Krueger, and Bengio 2014;
Sorrenson, Rother, and Koéthe 2020; Chen et al. 2016). As
theoretically shown in (Locatello et al. 2019), the unsuper-
vised learning of disentangled representations is fundamen-
tally impossible without inductive biases on both the models
and the data. In this paper, we solve a slightly different prob-
lem than typical disentanglement, as we aim to deliver an
efficient plug-in model to a large variety of existing models
in order to manipulate attributes without training the entire
system. Creating compact add-ons for large models saves
training time and energy consumption.

Plugin Generative Network

We propose a plugin generative network (PluGeN), which
can be attached to pre-trained generative models and allows
for direct manipulation of labeled attributes, see Figure 3
for the basic scheme of PluGeN. Making use of PluGeN we
preserve all properties of the base model, such as genera-
tion quality and reconstruction in the case of auto-encoders,
while adding new functionalities. In particular, we can:

* modify selected attributes of existing examples,

 generate new samples with desired labels.
In contrast to typical conditional generative models, PluGeN
is capable of creating examples with rare or even unseen
combinations of attributes, e.g. man with makeup.

Probabilistic model. PluGeN works in a multi-label set-

ting, where every example x € X is associated with a K-
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Figure 3: PluGeN maps the entangled latent space Z of pre-
trained generative models using invertible normalizing flow
into a separate space, where labeled attributes are modeled
using independent 1-dimensional distributions. By manipu-

lating label variables in this space, we fully control the gen-
eration process.

dimensional vector of binary labels' y = (yi,...,yx) €
{0,1}%. We assume that there is a pre-trained generative
model G : Z — RP, where Z C RY is the latent space,
which is usually heavily entangled. That is, although each
latent code z € Z contains the information about the labels
y, there is no direct way to extract or modify it.

We want to map this entangled latent space Z into a sepa-
rate latent space D C RY which encodes the values of each
label yy, as a separate random variable C}, living in a single
dimension of this space. Thus, by changing the value of Cy,
going back to the entangled space Z and generating a sam-
ple, we can control the values of y;. Since labeled attributes
usually do not fully describe a given example, we consider
additional N — K random variables Sy, which are supposed
to encode the information not included in the labels. We call
C = (C4,...,Ck) the label variables (or attributes) and
S = (51,...,Sv_k) the style variables.

Since we want to control the value of each attribute in-
dependently of any other factors, we assume the factorized
form of the probability distribution of the random vector
(C, S). More precisely, the conditional probability distribu-
tion of (C, S) given any condition Y = y imposed on la-
beled attributes is of the form:

K

pC,S\Y:y(Ca S) = Hpcim:yi (Cz‘) 'PS(S),
i=1

(D

for all (c,s) = (c1,...,CK,81,-..,5n_F) € RV, In other
words, modifying Y; = y; influences only the i-th factor C;
leaving other features unchanged.

Parametrization. To instantiate the above probabilistic
model (1), we need to parametrize the conditional distribu-

'Our model can be extended to continuous values, which we
describe in the supplementary materials due to page limit.



tion of C; given Y; = y; and the distribution of S. Since
we do not impose any constraints on style variables, we use
standard Gaussian distribution for modeling density of S:

ps =N(0,In_k).

To provide the consistency with pg and avoid potential
problems with training our deep learning model using dis-
crete distributions, we use the mixture of two Gaussians for
modeling the presence of labels — each component corre-
sponds to a potential value of the label (0 or 1). More pre-
cisely, the conditional distribution of C; given Y; = y; is
parametrized by:

pci‘Yi:yi = N(m()?O-O)(l_yi) 'N(m1701)yi7 (2)

where mg, m1, 00,01 are the user-defined parameters. If
y; = 0, then the latent factor C; takes values close to m;
otherwise we get values around m; (depending on the value
of 0y and 01). To provide good separation between compo-
nents, we put mg = —1,m; = 1; the selection of g, 01
will be discussed is the supplementary materials.

Thanks to this continuous parametrization, we can
smoothly interpolate between different labels, which would
not be so easy using e.g. Gumbel softmax parametrization
(Jang, Gu, and Poole 2016). In consequence, we can grad-
ually change the intensity of certain labels, like smile or
beard, even though such information was not available in
a training set (see Figure 4 in the experimental section).

Training the model To establish a two-way mapping be-
tween entangled space Z and the disentangled space D, we
use an invertible normalizing flow (INF), 7 : RV — Z.
Let us recall that INF is a neural network, where the inverse
mapping is given explicitly and the Jacobian determinant
can be easily calculated (Dinh, Krueger, and Bengio 2014).
Due to the invertibility of INF, we can transform latent codes
z € Z to the prior distribution of INF, modify selected at-
tributes, and map the resulting vector back to Z. Moreover,
INFs can be trained using log-likelihood loss, which is very
appealing in generative modeling.

Summarizing, given a latent representation z € Z of a
sample x with label y, the loss function of PluGeN equals:

—log pZ\Y:y(z) =

5]‘-71 VA
— log <pc,s|y:y(c,s) . detT() > _
K
8.7:71 VA
—log <Hpcm=yi(ci) 'PS(S)> — log |det 8Z( )| _
=1
K
OF 1(z
=3 log ey yicy () ~logps(s) ~log et 2,
=1

3

where (c,s) = F!(z). In the training phase, we collect
latent representations z of data points x. Making use of la-
beled attributes y associated with every x, we modify the
weights of F so that to minimize the negative log-likelihood
(3) using gradient descent. The weights of the base model G
are kept frozen.
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In contrast to many previous works (Abdal et al. 2021),
PluGeN can be trained in a semi-supervised setting, where
only partial information about labeled attributes is available
(see supplementary materials for details).

Inference. We may use PluGeN to generate new samples
with desired attributes as well as to manipulate attributes of
input examples. In the first case, we generate a vector (c, s)
from the conditional distribution pc sjy—y Wwith selected
condition y. To get the output sample, the vector (c,s) is
transformed by the INF and the base generative network G,
which gives us the final output x = G(F(c,s)).

In the second case, to manipulate the attributes of an ex-
isting example x, we need to find its latent representation
z. If G is a decoder network of an autoencoder model, then
x should be passed through the encoder network to obtain
z (Li et al. 2020). If G is a GAN, then z can be found by
minimizing the reconstruction error between x’ = G(z) and
x using gradient descent for a frozen G (Abdal et al. 2021).
In both cases, z is next processed by INF, which gives us its
factorized representation (c,s) = F~!(z). In this represen-
tation, we can modify any labeled variable ¢; and map the
resulting vector back through F and G as in the generative
case.

Observe that PluGeN does not need to know what are
the values of labeled attributes when it modifies attributes
of existing examples. Given a latent representation z, Plu-
GeN maps it through G~*, which gives us the factorization
into labeled and unlabeled attributes. In contrast, existing
solutions based on conditional INF, e.g StyleFlow (Abdal
et al. 2021), have to determine all labels before passing z
through INF as they represent the conditioning factors. In
consequence, these models involve additional classifiers for
labeled attributes.

Experiments

To empirically evaluate the properties of PluGeN, we com-
bine it with GAN and VAE architectures to manipulate at-
tributes of image data. Moreover, we present a practical use-
case of chemical molecule modeling using CharVAE. Due
to the page limit, we included architecture details and addi-
tional results in the supplementary materials.

GAN backbone First, we consider the state-of-the-art
StyleGAN architecture (Karras, Laine, and Aila 2019),
which was trained on Flickr-Faces-HQ (FFHQ) containing
70 000 high-quality images of resolution 1024 x 1024. The
Microsoft Face API was used to label 8 attributes in each
image (gender, pitch, yaw, eyeglasses, age, facial hair, ex-
pression, and baldness).

PluGeN is instantiated using NICE flow model (Dinh,
Krueger, and Bengio 2014) that operates on the latent vec-
tors w € R512 sampled from the W space of the StyleGAN.
As a baseline, we select StyleFlow (Abdal et al. 2021),
which is currently one of the state-of-the-art models for con-
trolling the generation process of StyleGAN. In contrast to
PluGeN, StyleFlow uses the conditional continuous INF to
operate on the latent codes of StyleGAN, where the condi-
tioning factor corresponds to the labeled attributes. For eval-



uation, we modify one of 5 attributes? and verify the success
of this operation using the prediction accuracy returned by
Microsoft Face API. The quality of images is additionally
assessed by calculating the standard Fréchet Inception Dis-
tance (FID) (Heusel et al. 2017).

Figure 1 (first page) and 4 present the effects of how Plu-
GeN and StyleFlow manipulate images sampled by Style-
GAN. It is evident that PluGeN can switch the labels to op-
posite values as well as gradually change their intensities. At
the same time, the requested modifications do not influence
the remaining attributes leaving them unchanged. One can
observe that the results produced by StyleFlow are also ac-
ceptable, but the modification of the requested attribute im-
plies the change of other attributes. For example, increasing
the intensity of “baldness” changes the type of glasses, or
turning the head into right makes the woman look straight.

The above qualitative evaluation is supported by the quan-
titative assessment presented in Table 1. As can be seen,
StyleFlow obtains a better FID score, while PluGeN out-
performs StyleFlow in terms of accuracy. Since FID com-
pares the distribution of generated and real images, creating
images with uncommon combinations of attributes that do
not appear in a training set may be scored lower, which can
explain the relation between accuracy and FID obtained by
PluGeN and StyleFlow. In consequence, FID is not an ad-
equate metric for measuring the quality of arbitrary image
manipulations considered here, because it is too closely tied
to the distribution of input images.

It is worth mentioning that PluGeN obtains these very
good results using NICE model, which is the simplest type
of INFs. In contrast, StyleFlow uses continuous INF, which
is significantly more complex and requires using an ODE
solver leading to unstable training. Moreover, to modify
even a single attribute, StyleFlow needs to determine the val-
ues of all labels, since they represent the conditioning factors
of INF. In consequence, every modification requires apply-
ing an auxiliary classifier to predict all image labels. The
usage of PluGeN is significantly simpler, as subsequent co-
ordinates in the latent space of INF correspond to the labeled
attributes and they are automatically determined by PluGeN.
Finally, our approach is less computationally expensive as
we verified that, using the same hardware, PluGeN can be
trained 3 times faster than StyleFlow and is around 100 times
faster in inference.

Image manipulation on VAE backbone In the following
experiment, we show that PluGeN can be combined with au-
toencoder models to effectively manipulate image attributes.
We use CelebA database, where every image of the size
256 x 256 is annotated with 40 binary labels.

We compare PluGeN to MSP (Li et al. 2020), a strong
baseline, which uses a specific loss for disentangling the la-
tent space of VAE. Following the idea of StyleFlow, we also
consider a conditional INF attached to the latent space of
pre-trained VAE (referred to as cFlow), where conditioning
factors correspond to the labeled attributes. The architecture
of the base VAE and the evaluation protocol were taken from

The remaining 3 attributes (age, pitch, yaw) are continuous and
it is more difficult to assess their modifications.
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Requested value PluGeN  StyleFlow

female 0.95 0.95
male 0.92 0.87
no-glasses 1.00 0.99
glasses 0.90 0.70
not-bald 1.00 1.00
bald 0.53 0.54
no-facial-hair 1.00 1.00
facial-hair 0.72 0.65
no-smile 0.99 0.92
smile 0.96 0.99
Average Acc 0.90 0.86
Average FID 46.51 32.59

Table 1: Accuracy and FID scores of attributes modification
using StyleGAN backbone.

the original MSP paper. More precisely, for every input im-
age, we manipulate the values of two attributes (we inspect
20 combinations in total). The success of the requested ma-
nipulation is verified using a multi-label ResNet-56 classifier
trained on the original CelebA dataset.

The sample results presented in Figure 5 demonstrate that
PluGeN attached to VAE produces high-quality images sat-
isfying the constraints imposed on the labeled attributes. The
quantitative comparison shown in Table 2 confirms that Plu-
GeN is extremely efficient in creating uncommon combina-
tions of attributes, while cFlow performs well only for the
usual combinations. At the same time, the quality of im-
ages produced by PluGeN and MSP is better than in the case
of cFlow. Although both PluGeN and MSP focus on disen-
tangling the latent space of the base model, MSP has to be
trained jointly with the base VAE model and it was designed
only to autoencoder models. In contrast, PluGeN is a sepa-
rate module, which can be attached to arbitrary pre-trained
models. Due to the use of invertible neural networks, it pre-
serves the reconstruction quality of the base model, while
adding manipulation functionalities. In the following experi-
ment, we show that PluGeN also performs well at generating
entirely new images, which is not possible using MSP.

Image generation with VAE backbone In addition to
manipulating the labeled attributes of existing images, Plu-
GeN generates new examples with desired attributes. To ver-
ify this property, we use the same VAE architecture as be-
fore trained on CelebA dataset. The baselines include cFlow
and two previously introduced methods for multi-label con-
ditional generation: cVAE (Yan et al. 2016) and A-GAN
(Gan et al. 2017). We exclude MSP from the comparison
because it cannot generate new images, but only manipulate
the attributes of existing ones (see supplementary materials
for a detailed explanation).

Figure 6 presents sample results of image generation with
the specific conditions. In each row, we fix the style variables
s and vary the label variables c in each column, generating

3For cVAE and A-GAN we use images of the size 64 x 64
following their implementations.



(a) PluGeN (b) StyleFlow

Figure 4: Gradual modification of attributes (age, baldness, and yaw, respectively) performed on the StyleGAN latent codes.
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Figure 5: Examples of image attribute manipulation using VAE backbone.

the same person but with different characteristics such as ages. Since the attributes in the CelebA dataset are often im-
hair color, eyeglasses, etc. Although cVAE manages to mod- balanced (e.g. only in 6.5% of examples the person wears
ify the attributes, the quality of obtained samples is poor, glasses), we calculate F1 and AUC scores for each attribute.
while A-GAN falls completely out of distribution. PluGeN The quantitative analysis of the generated images pre-
and cFlow generate images of similar quality, but only Plu- sented in Table 3 confirms that PluGeN outperforms the
GeN is able to correctly manipulate the labeled attributes. rest of the methods with respect to classification scores. The
The lower quality of generated images is caused by the poor overall metrics are quite low for all approaches, which is
generation abilities of VAE backbone, which does not work due to the difficulty of disentanglement mentioned above,
well with high dimensional images (see supplementary ma- as well as the inaccuracy of the ResNet attribute classifier.
terials for a discussion). For this reason, it is especially no- Deep learning models often fail when the correlations in
table that PluGeN can improve the generation performance the training data are broken, e.g. the classifier might use the
of the backbone model in contrast to MSP. presence of a beard to predict gender, thus introducing noise

in th luation (Beery, Horn, and P 2018).
Disentangling the attributes The attributes in the CelebA in the evaluation (Beery, Horn, and Perona )

dataset are strongly correlated and at times even contradic- Chemical molecules modeling Finally, we present a prac-
tory, e.g. attributes ’bald’ and ’blond hair’ cannot both be tical use-case, in which we apply PluGeN to generate chem-
present at the same time. In this challenging task, we aim to ical molecules with the requested properties. As a back-
disentangle the attribute space as much as it is possible to bone model, we use CharVAE (Gomez-Bombarelli et al.
allow for generating examples with arbitrary combinations 2018), which is a type of recurrent network used for process-
of attributes. For this purpose, we sample the conditional ing SMILES (Weininger 1988), a textual representation of
variables c; independently, effectively ignoring the underly- molecules. It was trained on ZINC 250k database (Sterling
ing correlations of attributes, and use them to generate im- and Irwin 2015) of commercially available chemical com-
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Requested value PluGeN MSP cFlow

male x beard 0.80 0.79 0.85
female x beard 0.59 0.33 0.31
male X no-beard 0.88 0.92 0.91
female x no-beard 0.85 0.82 0.95
male x makeup 0.44 0.43 0.29
male x no-makeup 0.72 0.92 0.96
female x makeup 0.42 0.41 0.58
female x no-makeup 0.55 0.40 0.85
smile x open-mouth 0.97 0.99 0.79
no-smile x open-mouth 0.79 0.82 0.77
smile x calm-mouth 0.84 0.91 0.72
no-smile X calm-mouth 0.96 0.97 0.99
male x bald 0.26 0.41 0.34

male x bangs 0.58 074 045
female x bald 0.19 0.13 0.39
female x bangs 0.52 0.49 0.60

no-glasses x black-hair 0.92 0.93 0.74
no-glasses x golden-hair 0.92 0.91 0.81

glasses x black-hair 0.76 0.90 0.58
glasses x golden-hair 0.75 0.85 0.61
Average Acc 0.69 0.70 0.67
Average FID 28.07 30.67 39.68

Table 2: Accuracy and FID scores of image manipulation
performed on the VAE backbone.

Bangs+ Glasses+ Gray Pale Rosy
Male Female Smile Lipstick hair face cheeks Beard
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Figure 6: Examples of conditional generation using VAE
backbone. Each row contains the same person (style vari-
ables) with modified attributes (label variables).

PluGeN cFlow A-GAN c¢VAE

F1 0.44 0.29 039  0.39
AUC 0.76 0.68 0.70  0.73

Table 3: Results of the independent conditional generation
using VAE backbone.
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Figure 7: Distribution of attributes of generated molecules,
together with distribution for the training dataset. Each color
shows the value of a labeled attribute that was used for gen-
eration. PluGeN is capable of moving the density of gen-
erated molecules’ attributes towards the desired value. The
average of every distribution is marked with a vertical line.

pounds. For every molecule, we model 3 physio-chemical
continuous (not binary) labels: logP, SAS, TPSA, which val-
ues were calculated using RDKit package ¢. Additional ex-
planations and more examples are given in the supplemen-
tary materials.

First, we imitate a practical task of de novo design (Olive-
crona et al. 2017; Popova, Isayev, and Tropsha 2018), where
we force the model to generate new compounds with de-
sirable properties. For every attribute, we generate 25k
molecules with 3 different values: for logP we set the la-
bel of generated molecules to: 1.5, 3.0, 4.5; for TPSA we
set generated labels to: 40, 60, 80; for SAS we set them to:
2.0, 3.0, 4.0, which gives 9 scenarios in total. From density
plots of labels of generated and original molecules presented
in Figure 7, we can see that PluGeN changes the distribu-
tion of values of the attributes and moves it towards the de-
sired value. A slight discrepancy between desired and gen-
erated values may follow from the fact that values of labeled
attributes were sampled independently, which could make
some combinations physically contradictory.

Next, we consider the setting of lead optimization (Jin
et al. 2019; Maziarka et al. 2020), where selected com-
pounds are improved to meet certain criteria. For this pur-
pose, we encode a molecule into the latent representation
of INF and force PluGeN to gradually increase the value of
logP by 3 and decode the resulting molecules. The obtained
molecules together with their logP are shown in Figure 8.
As can be seen, PluGeN generates molecules that are struc-
turally similar to the initial one, however with optimized de-
sired attributes.

Obtained results show that PluGeN is able to model the
physio-chemical molecular features, which is a non-trivial
task that could speed up a long and expensive process of

*https://www.rdkit.org/
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Figure 8: Molecules obtained by the model during an opti-
mization phase (left side), and their LogP (right side).

designing new drugs.

Conclusion

We proposed a novel approach for disentangling the latent
space of pre-trained generative models, which works per-
fectly for generating new samples with desired conditions as
well as for manipulating the attributes of existing examples.
In contrast to previous works, we demonstrated that PluGeN
performs well across diverse domains, including chemical
molecule modeling, and can be combined with various ar-
chitectures, such as GANs and VAEs backbones.
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