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Abstract

The rise of deep learning allowed for a significant leap forward in the field of computer vision
in terms of the potential expressed by predictive algorithms. While traditional techniques
were struggling to offer satisfactory performance, nowadays deep neural networks have been
shown to perform strikingly well in a wide range of tasks, paving the way to application-
oriented solutions based on such algorithms. Yet, real-world practical applications typically
involve learning settings that depart from the standard static single-stage supervised setup,
where deep learning algorithms have proven to excel. On the one side, data collection settings
seldom match target environments on which the learning algorithm is intended to be applied.
This environmental discrepancy calls for domain adaptation, with the final objective to de-
velop predictive models that are robust to change of input distribution between supervised
and target setups. On the other side, in an ever-changing world, it is of primary importance
to continually acquire new knowledge to keep up with novel tasks, without losing what has
been laboriously achieved so far. This presence of dynamically evolving tasks demands for
solutions capable of continual learning with just new-task training data at disposal, without
erasing previously learned information. Both problems are generally encountered simulta-
neously, with novel tasks urging for new learning phases to master them, which, in turn,
are inevitably introducing dynamically mutable acquisition settings leading to shifts in data
distribution. In this thesis we propose to investigate both problems, that is learning under
domain and task shift. We first address them individually, and then face them together. In
the first part of the thesis, we investigate the domain adaptation problem in its unsupervised
form. Unsupervised domain adaptation comes in handy when relying on label-abundant do-
mains for label-costly tasks, such as semantic segmentation. We first provide a broad and de-
tailed overview of different ways in which this problem can be approached, and then propose
new techniques to perform adaptation at multiple levels of data representation. In particular,
image-level distribution alignment s achieved by image-to-image translation, whereas model-
produced representations are adapted at the output-level by domain adversarial schemes and
self-training, and at the intermediate level by a clustering based class-conditional regulariza-
tion. In the second part, we shift our focus to continual task learning. Class incremental
learning is crucial to sustain the dynamic expansion of the pool of semantic classes when
past training data is no longer accessible. We show that regaining access and replaying for-
mer data distributions, still following an exemplar-free setup, represents a successful strat-
egy, especially for long training progressions. We first devise an incremental framework that
models the underlying representation drift undergone by old classes, and leverages the up-to-
date estimated feature distribution to reproduce samples of no longer available categories in
the latent space. Then, we propose to replay image-level information, by retrieving coarsely-



labeled samples, via generative models and web-crawling, and pseudo-labeling them. Still,
while the domain adaptation and continual task learning problems have been extensively
studied as separate entities, methods that target only one of them perform poorly in a gen-
eral setting comprising both scenarios. Therefore, in the third part of the thesis we develop
a framework apt to deal with the general continual learning problem that encompasses both
domain and task shift. We propose a domain stylization scheme to cope with domain incre-
mental shift and spread task-related information across all domains encountered, joined by a
robust distillation mechanism to preserve and adapt previously acquired knowledge to new
environments.
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Sommario

La diffusione di tecniche di deep learning ha fatto compiere un notevole balzo in avanti al
campo della computer vision in termini di potenzialita espresse dagli algoritmi predittivi.
Dove le tecniche tradizionali faticavano a offrire prestazioni soddisfacenti, oggi le reti neurali
hanno dimostrato di poter raggiungere risultati notevoli in un’ampia gamma di applicazioni,
rendendo possibile lo sviluppo di strumenti di utilita pratica basati su questi algoritmi. Tut-
tavia, esigenze concrete nel mondo reale generalmente prevedono contesti di apprendimento
che sidiscostano dal setup standard supervisionato (il quale si sviluppa in una singola fase), in
cui gli algoritmi di deep learning hanno indiscutibilmente dimostrato di eccellere. Daunlato,
i dati raccolti raramente descrivono appieno gli scenari su cui I'algoritmo finale ¢ destinato
ad essere utilizzato. Questa discrepanza richiede la capacita di adattamento ad un diverso
dominio, ovvero di sviluppare modelli predittivi robusti ad un cambio di distribuzione in
input tra i dati supervisionati e lo scenario di destinazione. Da un altro lato, in un mondo in
continua evoluzione, ¢ di primaria importanza acquisire continuamente nuove conoscenze
che consentano di tenere il passo con i nuovi obiettivi, senza disperdere cio che ¢ stato fati-
cosamente appreso in precedenza. Garantire la dinamicita delle capacita predittive richiede
strumenti in grado di apprendere in modo progressivo, senza far uso di dati provenienti da
fasi precedenti e senza eliminare I'esperienza acquisita in passato. Entrambi i problemi sono
spesso sperimentati in contemporanea, dato che la presenza di compiti predittivi incremen-
tali, cio¢ che richiedono piu fasi di apprendimento per essere assimilati, ¢ accompagnata da
molteplici fasi di acquisizione di dati, che inevitabilmente comportano variazioni della dis-
tribuzione dei dati di input. In questa tesi ci proponiamo di indagare entrambi i problemi,
ovvero l'apprendimento con domini e compiti predittivi dinamici, che verranno affrontati
prima singolarmente e poi insieme. Nella prima parte della tesi, studieremo il problema
dell’adattamento di dominio in forma non supervisionata. L’adattamento non supervision-
ato di dominio ¢ particolarmente utile quando ci si avvale di domini sorgente con abbon-
danza di dati per compiti predittivi ad alto costo di supervisione, come la segmentazione
semantica. In primo luogo, forniremo una panoramica ampia e dettagliata dei diversi modi
in cui questo problema puo essere affrontato, per poi proporre nuove tecniche di adatta-
mento a piu stadi di rappresentazione dei dati. In particolare, analizzeremo l’allineamento
della distribuzione nello spazio di input mediante una tecnica trasferimento di stile; inoltre,
proporremo di adattare le rappresentazioni prodotte dal modello sia a livello di output, me-
diante uno schema adversariale e di auto-apprendimento, che a livello intermedio, mediante
una regolarizzazione basata su un algoritmo di clustering. Nella seconda parte, sposteremo
la nostra attenzione su un apprendimento dinamico del compito predittivo di classificazione,
ovvero quando le classi da apprendere vengono sperimentate in modo incrementale. La ca-
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pacita di apprendere classi in modo incrementale ¢ fondamentale per sostenere l'espansione
dinamica del gruppo di classi considerate qualora non si avessero pit1 a disposizione dati di
addestramento per compiti passati. Mostreremo che il poter recuperare e riprodurre le dis-
tribuzioni di dati da fasi di apprendimento precedenti, sempre assumendo di non mantenere
nessun dato in memoria tra una fase e l’altra, costituisce una strategia di successo, soprattutto
se I'addestramento dura per molteplici fasi incrementali. Per prima cosa, presenteremo un
framework incrementale che modella la deriva della rappresentazione subita dalle classi pas-
sate e che sfrutta una stima aggiornata della distribuzione dei dati per riprodurre campioni
di categorie non pit disponibili all'interno di uno spazio latente. In seguito, proporremo
di riprodurre le informazioni sotto forma di immagini, recuperando campioni con supervi-
sione limitata, tramite modelli generativi e web-crawling, e pseudo-etichettandoli.

Tuttavia, mentre i problemi di adattamento di dominio e di apprendimento continuo
sono stati ampiamente studiati come entita separate, metodi che si limitano ad affrontare
sono uno dei due problemi ottengono scarsi risultati in un contesto generale che comprende
entrambi gli scenari. Pertanto, nella terza parte della tesi svilupperemo un framework adatto
ad affrontare il problema generale di apprendimento continuo che comprenda sia il cambia-
mento di dominio che quello di compito predittivo. Proporremo una tecnica di stilizzazione
di immagini che consenta di affrontare il cambiamento incrementale del dominio e di esten-
dere le informazioni relative al compito predittivo a tutti i domini incontrati, assieme ad un
meccanismo di distillazione che preservi e adatti le informazioni precedentemente acquisite
a nuovi contesti.
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Introduction

1.1 Scene Understanding in the Wild

In recent years, deep learning techniques have reached considerable success in many visual
applications, enabling to achieve outstanding results where traditional methods struggled to
provide satisfactory performance. We refer to [s, 6, 244] for a comprehensive introduction
to computer vision and to recent advances brought by deep learning to this field. However,
deep learning solutions typically thrive in a standard supervised learning setting, thatis, when
it is possible to assume the availability at once of a large training set containing data with the
same statistical properties as the target data labeled according to the problem at hand.
When addressing practical applications in real-world environments, however, we are likely
to face some limitations introduced by the strict constraints of a fully supervised setup. First
of all, a large amount of training data for the considered setting and problem is typically not
available, although required to fully reach deep models’ potential. While large-scale generic
datasets are publicly available, the acquisition and annotation of a significantamount of data
for a specific setting is generally too expensive and time consuming to be carried out. These
considerations are especially relevant for dense prediction tasks, such as the semantic image
segmentation, which requires a noticeable amount of labeled data to be effectively tackled
by deep models, while, in turn, the pixel-level annotations needed are extremely expensive
to be collected. Hence, exploiting the information encapsulated within a model trained on
correlated domains, yet distinct from the target one, could be extremely beneficial when data
scarcity is a serious concern [7]. These shortcomings have encouraged the proliferation of

Domain Adaptation (DA) techniques, able to transfer the learned knowledge from a generic



source dataset to the target data of the problem at hand. Target data can be either partially su-
pervised, 7.¢., when a small amount of labeled data for the target set is available, or completely
unsupervised (thus leading to the so called Unsupervised Domain Adaptation, ze., UDA),
when no labeling information or even no data at all, is available for the target domain.

Another common limitation is that the available training data may only be partially anno-
tated, or it could not exactly match the overall target problem. Following a rapid increase of
interest in these types of learning scenarios, recent research effort has been directed toward
the exploitation of the labeled data belonging to a different, yet related, problem, or com-
prising a set of classes different from the target one. In addition, in many cases the target
problem may not even be completely defined at the starting point, but it may evolve as the
learning progresses, and new classes or new tasks are gradually added to the original prob-
lem. Continual Learning (CL) strategies deal with these dynamic learning frameworks, aim-
ing at progressively mastering new tasks, while preserving knowledge of past ones, without
re-training the learning model from scratch. In particular, in the so called Class Incremental
Learning (CIL) each progressive task corresponds to a new set of semantic classes to be recog-
nized, along with those observed in the past. The challenge stands in the partial incremental
supervision, as training data at each learning step is available only for the novel task.

The aforementioned limitations have been generally addressed by research endevours as
separate problems, that is, either focusing on transfer learning across domains in static frame-
works, or addressing dynamic learning schemes where distribution shifts are present only
within the the input space (e.¢., continual domain adaptation) or label space (¢.¢., class incre-
mental learning). Nonetheless, a more general and more realistic continual learning setup
could involve both domain and task shifts altogether. This should mimic the human learn-
ing behavior, able to adapt and learn new concepts in different environments, while being
fed with data in a continuous flow of information. In other words, addressing this more gen-
eral problem entails pursuing backward and forward knowledge transfers across multiple
domains and tasks.

This general discussion on the need for transfer learning applies to many learning mod-
els and target problems, but becomes very relevant when a huge amount of data and a large
computational effort for training are needed. In particular, this is the case of image and video
understanding problems, which are nowadays typically solved with complex deep learning
models. For this reason, transfer learning for this kind of problems has been widely studied
and many solutions have been proposed especially in the image classification field, which
is the simplest and most classical global-level image understanding problem. In this disser-
tation we mostly focus on the challenging semantic segmentation task where, differently
from image-level classification, a dense pixel-level labeling is performed. This problem is
more demanding but also particularly interesting since the labeling operation is highly time-
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Figure 1.1: Overview of visual tasks ranging from whole-image classification (sparse task) to pixel-level semantic seg-
mentation (dense task).

consuming (much more than in image classification), thus making the construction of com-
plete and large training sets more difficult.

In the remainder of this section we will introduce the semantic segmentation task and
provide a formal definition of transfer learning in relation to domain adaptation and class
incremental learning.

1.1.1 Semantic Segmentation

Semantic segmentation is one of the most challenging tasks in automatic visual understand-
ing, aiming at a deeper perception of the image content if compared with simpler problems
like whole-image classification or object detection [6]. A graphical overview of the most com-
mon visual tasks is presented in Figure 1.1. In smage classification, a single label is assigned
to the whole image and denotes the pre-dominant object in the scene. In object localization,
the objects are identified by means of a bounding box and a label is assigned to each box. In
image segmentation, the scene is clustered into regions corresponding to the various objects
and structures but the regions are not labeled. Semantic segmentation, instead, is the task
of providing each pixel in an image with a label denoting its semantic content. For this rea-
son, it is often referred to as a dense labeling task, with respect to other simpler problems
where coarser semantic information is given as output. Semantic segmentation is a popular
research field, with a huge number of approaches that have been proposed to address it. In
particular, segmentation methods have recently made a substantial leap forward in terms of
state-of-the-art performance thanks to the rise of deep learning.

Semantic segmentation took its first steps as an enriched representation learning and un-



derstanding of a scene with respect to the simpler task of image classification: the advent of
novel real-world applications (e.¢., autonomous driving) demanding to reach an higher level
of scene interpretation, together with novel deep learning architectures and paradigms to en-
able improved performance, have paved the way to the increase in popularity of the semantic
image segmentation task.

While image classification allows to recognize the semantic content of an image at a macro-
scopic level (z.e., a single label is assigned to the whole image), semantic image segmentation
generates a pixel-wise labeling of each element of an image (z.¢., a single label is assigned
to each image pixel). Being the former a much simpler task, it has been tackled since long
time with both traditional techniques (such as SVM or LDA) and, more recently, with deep
learning ones. For this reason, some early-stage works in semantic segmentation build up
from classification works, adapting and extending them. The most recent state-of-the-art
approaches rely on an encoder-decoder structure, composed by an encoder and a decoder to
extract semantic clues ranging from local to global, while retaining input spatial dimension-
ality [6].

Starting from the well-known Fully Convoultional Networks (FCN) architecture [8],
many models have been proposed, such as PSPNet [9], DRN [10] and the various versions
of the DeepLab architecture [11-13]. These models have shown to achieve outstanding per-
formance, but this is strictly related to the availability of a massive amount of labeled data
required for their training. For this reason, even though the pixel-wise annotation proce-
dure is highly expensive and time consuming, many datasets have been created: for example,
Cityscapes [14], BDD1ook [15],IDD [16], Mapillary [17], GTAs [18] and SYNTHIA [19]
for urban scenes; Pascal VOC [20], MS-COCO [21] and ADE20K [22] for visual objects in
common contexts; NYUD-v2[23] and SUN-RGBD [24] for indoor scenes with depth in-

formation.

1.1.2 Transfer Learning

In the following, we provide a formal definition of the Transfer Learning problem and we
introduce some notation that will be used throughout the dissertation. Let us define a do-
main D = {X,P(X)}, where X is the space of input data and P(X’) is the probability
distribution function over that input data. Then, a task J over the domain D is a combina-
tion of a label space ) and the predictive function f(-) that models the conditional proba-
bility distribution IP(Y|X’). For instance, a possible task might involve recognizing of a set
of semantic classes C, at a coarse level (e.¢., whole-image classification) or at a fine level (e.g.,
semantic image segmentation). Thus, any supervised machine learning problem can be gen-
erally reconducted to the search for a function h : X — ) which better approximates the



unknown underlying f(-), by examining a set of labeled training samples drawn from the
joint distribution P(X', V) over X x ).

Let us assume that the input data domain D may be not unique, e.g., there exist separate
source Dg and target Dy domains (e.g., in classical UDA) or the domain is split into multiple
pieces D', t = 0,1, ..., T available for training at separate times (¢.g., in generalized CL).
Furthermore, over these domains different tasks may need to be solved, e.g., two different
tasks Js and Jr could have been respectively chosen for the source and target domains or
there can be a sequence of tasks J*, t = 0, 1,...,T to be solved at different steps ¢ of the
learning process. Then, transfer learning is defined as seeking for an improved predictive
function f7(-) over the target domain (or over multiple target domains), relying on useful
information extracted from the source task Js on Dg, in case Dg # Dr or Js # Jr, or
from target tasks { T}, JT* # T", i # k [25].

Notice how domain adaptation and class incremental learning can be viewed as two special
cases of transfer learning; in the first case, the source and target domains are different while
the task is the same, while in the second case the task changes. Continual learning in its more
general fashion entails progressively variable domains and tasks.

Transfer learning techniques can come in handy in a multitude of practical circumstances.
We may, for example, have thoroughly trained a deep model to solve a prediction task by
leveraging a set of samples acquired in a context where data collection is rather inexpensive,
for instance by making use of artificially generated synthetic data. Then, we might want to
apply our prediction framework to different scenarios in the real world, where we may lack
the resources to get as many training samples to extensively retrain our model. In this case we
are faced with a domain change, while the underlying task we want to solve remains the same.
For instance, we could develop an autonomous driving system, which should be capable of
understanding its surrounding environment, by exploiting low-cost, abundant and carefully
collected synthetic data from a simulator. However, since it is likely that our system will be
deployed in the real world, it is of paramount importance to safely transfer skills acquired
from the synthetic source domain to the real target one.

Differently, we could have sufficient labeled data to train our model on the current task, but
we might want to preserve the model’s prediction capabilities on previously acquired tasks
for which we no longer have training data. If we can assume that the newly collected data is
alike to that used for learning former tasks (z.e., it has the same statistical distribution), then
we are just facing a task shift. For instance, we may want to increase the detection proficiency
of our autonomous driving agent by refining its classification skills, adding new classes to the
pool of semantic categories to be recognized.

In fact, we may have to deal with domain and task shifts together, seeking to improve the
predictive ability of our model, while facing data scarcity on some target environments. For



example, our driving agent could be provided with training data from different places around
the world in different training phases, each time aiming at gaining new-task knowledge with
only the currently experienced data, while the acquired information should be generalizable
to different driving conditions and geographic locations.

1.2 Contributions

1.2.1 Part I: Unsupervised Domain Adaptation

We start by dealing with the Domain Adaptation (DA) problem in Part I of the dissertation,
with a special focus on its unsupervised form (UDA). Under the transfer learning perspective,
the considered task (e.g., the set of classes to be recognized) is fixed, whereas the distribution
shift involves the statistical properties of input data between source and target domain sets.

We will discuss the domain adaptation of deep neural networks in Chapter 2. In Sections
2.1 and 2.2, we will provide a more detailed description of the problem, which will be in-
troduced in its different configurations according to how the source and target label spaces
are related. The adaptation of deep networks to the target domain has been shown to be
effectively carried out at different stages, z.e., (i) at the #nput level by translating source im-
ages to a new domain more similar to the target one, (ii) at the output level by enforcing the
alignment of output probability spaces when experiencing data from two separate domains
and, finally, (iii) at the feature level by constructing a feature space where classes are better
distributed, for predictions more robust to change of domain. These goals can be achieved
using plentiful different strategies: Section 2.4 will present in detail the most successful tech-
nique proposed in the unsupervised domain adaptation field when specifically targeting the
semantic segmentation task. The final Section 2.5 of Chapter 2 will detail some of the most
common experimental setups to benchmark domain adaptation methods.

In the remaining chapters of the first part of the dissertation we will propose different
adaptation frameworks to address the the domain shift at multiple representation levels.

* Chapter 3 will address UDA under a generative perspective, aiming at performing
input-level domain alignment by means of image-to-image translation. Target-like
artificial supervision will be leveraged to allow the prediction model to directly expe-
rience the target distribution during training.

* Chapter 4 will investigate domain adversarial learning, applied within an adaptation
framework with multiple discriminators and enhanced by a self-training mechanism.
In particular, the output probability maps from both source and target domains will

6



be aligned to the available source ground-truth, while the discriminator modules will

be exploited to measure the prediction accuracy over the unlabeled target images.

* Chapter s will target class conditional representation alignment at the feature level by
resorting to lightweight clustering and orthogonality constraints, free from the com-
putational burden brought by adversarial learning schemes. We will aim atimproving
the feature distribution, enforcing intra-class inter-domain alignment and inter-class
separation.

1.2.2 Part ll: Class Incremental Learning

In the second part of the dissertation, we will analyze Class Incremental Learning strategies,
which are designed to handle a change of task over time. Such change is represented by the
dynamic expansion of the class set, 7.e., the addition of new categories at each new learning
step. One of the main objectives is the capability to adapt to the new learning setting, while
only leveraging data related to new tasks and without re-training the model from scratch.
However, this is highly nontrivial due to the so-called catastrophic forgetting phenomenon,
Z.e.,a machine learning model tends to forget knowledge about previous tasks when it learns
new ones.

We will start by formally introducing the continual task learning problem in Chapter 6,
namely with Sections 6.1 and 6.2. An overview of recent research directions will be further
presented in Section 6.3, followed by a detailing of the wide range of experimental scenarios
that can be considered for evaluation purposes (Section 6.4). Then, we will show how class
incremental learning can be tackled by means of knowledge preservation strategies, based on

feature- and image- level replay (Chapters 7 and 8).

* Chapter 7 will address class incremental learning with a focus on the latent space, iden-
tifying representation drift as a source of catastrophic forgetting. Feature and seman-
tic drifts are thus learned on the available data (in an exemplar-free setup) and inferred
in order to obtain a reliable estimate of feature distribution of past tasks. A simple gen-
erative process in the feature space, then, is leveraged to replay past knowledge during
the present learning step.

* Chapter 8 will present a replay-base continual learning framework, where image (in-
put) samples of past tasks are generated from scratch by a pre-trained GAN or re-
trieved by a web crawler. The rehearsal of replay samples will be shown to provide
state-of-the-art performance, proving to be extremely beneficial when the incremen-

tal learning progresses across a significant number of steps.



1.2.3 Part lll: Continual Learning under Domain and Task Shift

In the final part of the dissertation (Part IIT), we will investigate the still under-explored gener-
alized class and domain incremental learning, for which both domain and task distributions
vary over time. The domain shift addressed in Part I under a static perspective now mani-
fests itself in a continual fashion, with multiple input distributions experienced in different
learning steps. Domain variability is further joined by mutable task supervision, which char-
acterizes the class incremental learning problem analyzed in Part II. In this more realistic
and application-oriented setup, the continual learner must be able to acquire and preserve
task-knowledge, while adapting the captured information to all the domains experienced.

First, in Chapter 9 we will provide a more in-depth description of the general continual
learning problem (Sections 9.1 and 9.2). In addition, we will overview some relevant works in
literature that address domain shift under variable static supervision or dynamic incremental
perspective (Section 9.3). We will also discuss the benchmarks used to experimentally simu-
late a comprehensive continual learning setting, which will be used for validation purposes
(Section 9.4).

In Chapter 1o, we will then propose a novel learning framework capable to address all the
challenges introduced by the new setup, in order to achieve transfer learning across domains
and tasks. Where a style transfer mechanism allows to replay domain-specific low-level statis-
tic in order to adapt learned knowledge to former domains, a robust distillation framework
enables knowledge of past tasks tasks to be preserved and adapted when encountering new

domains.
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Learning Under Domain Shift






Transfer Learning Across Domains

2.1 Unsupervised Domain Adaptation

Over the past few years, deep learning has had a groundbreaking impact on the computer
vision field. Semantic segmentation is a very challenging task and, before the deep learn-
ing revolution, even sophisticated algorithms were achieving only mediocre performance;
nowadays, with the advent of deep neural networks we can obtain remarkable results, pro-
vided that enough computational resources are available. Nonetheless, the potential stored
in deep learning models can be fully unleashed only when sufficiently plentiful and carefully
labeled training data is available. The complexity enclosed in the millions of learnable param-
eters of state-of-the-art deep learning models easily leads to overfitting of the training data,
rather than to an enhanced model performance, and this has to be counteracted by using
huge datasets for training. A major example of the central role played by the availability of
large amounts of training data is the ImageNet large-scale dataset [26], whose contribution
in the early development and expansion of deep neural networks for image classification is
certainly very relevant.

Unfortunately, the collection and annotation of data samples is often extremely expensive,
time consuming and error-prone, since it requires a large amount of human supervision in
the process, especially for dense classification tasks such as semantic segmentation. The ex-
cessive cost may prevent from gathering enough data to address a new task or to move in a
new environment, thus posing a serious threat to the remarkable advance brought by deep
learning approaches. Therefore, it may be extremely beneficial to rely on previously built
datasets, whenever they share similar properties to the target data. In this way, already avail-
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able samples can be efficiently exploited to address the current task, since they belong to a
domain correlated to the target one.

Even though the transferring of information from related domains appears quite appeal-
ing and fairly straightforward, in practice the process requires careful handling. Deep neural
networks typically lack generalization skills; in other words, even a small change in data dis-
tribution between training and test statistical properties might cause a severe drop of perfor-
mance. For this reason, the simple application of a pre-trained model in a new environment
is likely to fail, as domain-specific attributes are usually captured alongside domain-invariant
ones, thus preventing an effective knowledge transfer. In this scenario, Domain Adaptation
comes in handy, as it allows to handle the statistical gap between source and target representa-
tions. The ultimate goal of the adaptation effort is to learn a prediction model on a selected
task working optimally on both source and target domains, while supervision largely (or
solely) comes from the label-abundant source domain. To this end, an efficient transfer of
knowledge learned in the source domain to the target one is crucial to eventually reach an
overall good performance. Particularly interesting is the Unsupervised Domain Adaptation
(UDA) setting, in which target annotations are totally missing. This is an extremely favor-
able, yet challenging, scenario, as data from the target domain no longer requires expensive
labeling.

Recently, the domain adaptation task has been very actively studied in the context of deep
learning applied to visual tasks. While deep convolutional frameworks have proven to be ca-
pable of learning visual features useful to solve multiple related problems (e.g., image classifi-
cation, object detection, semantic segmentation), the transferability of those representations
typically shows to decrease when moving to deeper network layers [27].

Early works investigating unsupervised domain adaptation for deep networks mainly fo-
cused on the image classification task. In many approaches a layer-wise measure of statisti-
cal domain discrepancy is jointly estimated and minimized, thus promoting the extraction
of domain-invariant feature representations, while discrimination ability is guaranteed by a
task-specific loss. Later, adversarial domain adaptation strategies have proven to be extremely
successful: the domain discrepancy is expressed in the form of a learnable discriminator and
its minimization is performed in an adversarial manner. More details on adversarial learning
and its use in domain adaptation will be provided in Section 2.4. This has eftectively paved
the way for domain adaptation solutions apt to solve the semantic segmentation task, where
the inherent higher complexity in terms of network representations needed for pixel-wise
classification calls for more advanced solutions. Considerable research effort has been re-
cently directed toward addressing the adaptation problem in semantic segmentation, giving
rise to rich literature.

In the remainder of the chapter, we will introduce a formal characterization of the Do-
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Figure 2.1: Different settings for domain adaptation, according to how source and target class sets are related.

main Adaptation problem (Section 2.2) and provide a comprehensive description of many
UDA methods for semantic segmentation present in literature, starting from a coarse cate-
gorization based on the representation level of adaptation (Section 2.3), and then moving to
a finer classification (Section 2.4). Finally, we will illustrate the most popular experimental
setups leveraged to evaluate domain adaptation frameworks (Section 2.5); these setups will
come in handy when validation will involve the UDA methods we will detail throughout
Part I of the thesis.

2.2 Problem Formulation

Domain Adaptation (DA) is a special case of transfer learning, called Transductive Transfer
Learning, in which the source and target tasks coincide (Js = Jr), whereas the discrepancy
lies in the domain difference (Dg # Dr). In addition, domain adaptation is commonly
intended in a homogeneous fashion, where the domain shift happens at a statistical level
(P(Xs,Ys) # P(Xr,Yr)) rather than being due to distinct input spaces (Xs and X'
belong to the same semantic domain, e.g., urban scene images) [7].

Recently, some research efforts have considered more challenging scenarios than the stan-
dard homogeneous DA, allowing for separate sets of semantic classes in the source and target
domains (Cg and Cr). Depending on how the source Cg and target Cp sets are related, it is
possible to identify multiple DA scenarios (Figure 2.1):

* Closed Set DA: it corresponds to the homogeneous case, where semantic classes are

completely shared between source and target domains (Cs = Cr).
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Table 2.1: Formal definition of notation used throughout Part | of the dissertation.

Symbol  Definition

Dys,y Source/Target domain

Xsy  Source/Target input space

y{ ST} Source/Target label space

J(s,1y Source/Target task

Cis1y Source/Target class set

XM Source/Target input sample
Y:‘;S’t} Source/Target ground-truth map

* Partial DA:in this setup there exist some source classes that do notappear in the target
domain (Cs D Cr).

* Open Set DA: conversely to partial DA, here the presence of target private classes is
admitted, for which no training examples in the source domain are available (Cg C

Cr).

* Open-Partial Set DA: the source and target domains include separate sets of semantic
classes [28], with a subset of those in common (Cs # Cr, Cs N Cr # ). However,
elements belonging to the class subset exclusive to the target domain have only to be
acknowledged as not part of the shared classes. This setup has also been defined as
Universal DA, to signify that it comprises all the DA settings detailed previously as
special sub-cases.

* Boundless DA: this setup is very similar to the open set one, but objects of target pri-
vate classes must be explicitly classified rather than only be associated to a general un-
known target class. This setting has been recently introduced [29] and it represents
the most ambitious one, since it admits complete unawareness beforehand about se-

mantic content of target data.

In the following sections, the focus will be placed on the standard most-diffused closed set
adaptation, as, up to now, this is by far the most explored setup.

According to the degree of annotations availability in the target domain, the adaptation
problem is subject to a further categorization, ranging from the full or partially annotated
supervised or semi-supervised settings to the completely label deprived unsupervised scenario.
In particular, Unsupervised Domain Adaptation will be investigated, as it has recently wit-
nessed an increase in popularity, especially in relation to the semantic segmentation task, and
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it involves many practical applications. More specifically, it is assumed that a set of labeled
source data {X?,Y? },, drawn accordingly to the source joint distribution over Xg X Vg
is provided, paired with a set of unlabeled samples { X" },,, retrieved from a distinct target
marginal distribution over Xr. The objective is to discover a predictive function correctly
modeling the task input-label relation in the target domain, while knowledge on the chosen
task can be extracted only from source labeled samples. Table 2.1 summarizes the notation
introduced so far.

Furthermore, for standard domain adaptation techniques to work, source and target do-
mains should be somehow related, meaning that they should share task-relevant content,
while low-level attributes may differ. This scenario is commonly referred to as one-step DA,
as knowledge transferring happens directly across source and target data without intermedi-
ate stages.

2.3 Adaptation Focus

As previously discussed, behind the performance degradation suffered by deep prediction
models applied on new target environments lies the covariate shift phenomenon affecting
source and target input data samples. For this reason, most of domain adaptation research
builds upon bridging the statistical gap between domain distributions, in order for the pre-
diction model to yield satisfactory results whenever those distributions are matched.

Various strategies have been explored to achieve the statistical matching, which will be
thoroughly discussed in Section 2.4. A more general categorization of domain adaptation
techniques, however, can be inferred, according to where in the employed semantic segmen-
tation model the statistical discrepancy happens to be addressed. In particular, different data
representations could be subject to adaptation, from the bare images prior to classification
up to intermediate and output network activations (Figure 2.2). In the following, a descrip-
tion of the main ideas behind adaptation approaches will be provided, grouped by where the
adaptation effort is focused [233].

2.3.1 Input Level Adaptation

A first strategy is to perform adaptation at the input level, directly on images before they are
fed to the segmentation network (as shown in the leftmost part of Figure 2.2). The idea is
to force data samples from either domain to reach an uniform visual appearance, meaning
that they not only have to carry high-level semantic similarity, but their low-level statistical
discrepancy should be matched as well. This because, even if source and target images carry
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strong high-level semantic similarity in scene content and layout, inter-domain low-level sta-
tistical discrepancy, although mostly lacking semantic significance, is likely to result in an
undesirable reduction of the prediction efficacy on target samples. A clear example of this
is the synthetic to real adaptation (see Section 2.5.1); although it may be quite realistic, syn-
thetic data can mimic real-word properties up to a certain extent. Thus, it is usually possible
to find synthetic peculiar traits, however small, which can undermine the efficacy of a model
trained on synthetic data in a real-world environment.

The common approach to address domain adaptation at the input level is to map the data
to a new image space, where the projected source (or target) samples carry an enhanced per-
ceptual resemblance to target (or source) ones. This is normally achieved with the help of
style-transfer techniques, whose objective is turned into matching source and target marginal
distributions in the image space. By feeding in input supervised data from the new domain-
invariant space to the segmentation network, the predictor should now able to retain consis-
tent results across domains.

An upside of this approach is its complete independence w.r.t. the segmentation network
currently in use, thus inherently missing sufficient discriminative power when it is employed
in its vanilla scheme, that is, without any additional regularization constraints. Indeed, align-
ment of marginal distributions can be fully accomplished, and yet no semantic consistency
may be preserved, with class-conditional distributions (not accessible at training time in the
unsupervised target domain) still differing across domains. In other words, one might find
many domain invariant representations, all lacking semantic discriminativeness to solve the
segmentation task in the target domain. This for example could happen when elements of
a certain class are mapped to different categories, which may be totally complying with the
statistical alignment constraint, while, in fact, disregarding content preservation. To bypass
these issues, multiple approaches have been devised to enforce semantic consistency of im-
age translations, for example by resorting to image reconstruction constraints, uniformity
of segmentation predictions or ad-hoc engineered techniques to safely manipulate low-level
statistics.

2.3.2 Feature Level Adaptation

An alternative approach is to focus the adaptation on feature representations, pursuing a
distribution alignment of network latent embeddings, which are normally retrieved from
the encoder output in the commonly employed encoder-decoder architecture (even if adap-
tation at other network stages has also been employed). The primary objective is to build a
domain invariant latent space, in which features extracted either from source or target input

images observe the same distribution. In the end, learning solely from supervision on source
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Encoder Decoder

Feature space
adaptation

Figure 2.2: Typical encoder-decoder architecture for semantic segmentation, highlighting different network stages on
which domain adaptation strategies can be applied, from the input image space up to intermediate and output network
activations.

representations should result in a good performance also on the target domain, as shared
classification in the adapted latent space should be jointly effective on both source and target
representations when distributed alike.

In the context of semantic segmentation, the feature space retains significant complexity
due to its high-dimensionality, which is necessary for the prediction model to simultane-
ously capture global semantic clues, while attaining pixel-level accuracy. Thus, alignment at
feature level in its simplest fashion may be insufficient, due to the structural and semantic
complexity that feature embeddings possess, which is difficult to fully capture and handle
(e.g., by an adversarial discriminator) [30]. In addition, as for the input level adaptation, a
semantically unaware alignment of marginal distributions (e.g., standard adversarial adapta-
tion) does not guarantee that the joint input-label distributions are matching, since no infor-
mation can be derived from unlabeled target samples about the target joint distribution. For
these reasons, many feature level adaptation techniques that have been successfully devised
for image classification do not easily extend to the dense segmentation task, and in general

require careful tuning and further regularization.

2.3.3 Output Level Adaptation

Finally, the last class of domain adaptation techniques exploits a cross-domain distribution
alignment over the network output, ze., typically the output per-class probability space. Not
only prediction probability maps have proven to retain sufficient complexity and richness of
semantic information, but they also span a low-dimensional space over which statistical align-
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Figure 2.3: Venn diagram of the most popular UDA strategies for semantic segmentation. Each method falls under the
set representing the adaptation techniques that are used.

ment happens to be achieved much more effectively, for example by the domain adversarial
strategy. In addition, source knowledge can be indirectly translated over the unlabeled target
domain by resorting to some form of self-taught supervision extracted from target prediction
maps, whose careful introduction in the learning process to support the standard source su-
pervision may result in an effective cross-domain adaptation of the network performance.
Source priors derived from label distribution have proven to provide an useful regulariza-
tion to the learning process as well, since they usually identify high-level semantic properties
shared across domains.

2.4 Unsupervised Domain Adaptation Techniques

In the following sections, the most relevant approaches to address the unsupervised domain
adaptation problem in semantic segmentation will be discussed. For each set of techniques,
some works, whose proposed adaptation strategy can be associated to that group, will be pre-
sented. Nonetheless, we remark that most of the domain adaptation frameworks recently
introduced are likely to make use of a combination of multiple techniques to improve per-

formance.

We group UDA works into 7 main categories as displayed in the graphical overview of Fig-
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ure 2.3. Let us briefly introduce each of them, leaving more in-depth details to the following
sections.

(i) Domain adversarial techniques (Section 2.4.1) learn to produce data with a statistical
distribution similar to the one of (source) training samples via adversarial learning schemes.

(ii) Generative-based solutions (Section 2.4.2) typically use generative networks to trans-
late data between domains, in order to bridge the statistical gap in the image (input) space,
while retaining the original source supervision in the new artificial domain-independent im-
age space.

(iii) Classifier discrepancy methods (Section 2.4.3) resort to multiple dense classifiers on
top of a single encoder to capture less adapted target representations and, in turn, encour-
age an improved alignment of cross-domain features far from decision boundaries via an
adversarial-like strategy.

(iv) The Self-training paradigm (Section 2.4.4) propose to obtain some form of pseudo-
labeling (typically using some confidence estimation schemes to select the most reliable pre-
dictions) to automatically drive the learning process, ze., via self-supervision in the target
domain.

(v) Entropy minimization (Section 2.4.4) aim at minimizing the entropy of target output
probability maps to mimic the over-confident behavior of source predictions, thus promot-
ing well-clustered target feature representations. Similar in spirit to self-training, also here
the learning process in the target domain is self-supervised.

(vi) Curriculum learning strategies (Section 2.4.5) tackle one or more easy tasks first, in
order to infer some necessary properties about the target domain (e.g., global label distri-
butions) and then train the segmentation network such that the predictions in the target
domain follow those inferred properties.

(vii) Multi-task frameworks (Section 2.4.6) solve multiple tasks simultaneously to pro-

mote learning of invariant feature representations.

2.4.1 Domain Adversarial Adaptation

Adversarial learning has been originally introduced for image generation [31]. The main ob-
jective behind the generative task is to model an unknown probability distribution of data
from a training set. The adversarial strategy has proven extremely effective in solving this
type of problems, since no explicit expression of the underlying target data distribution has
to be found, and, more importantly, no specific learning objective to train the generative
model is required. The learning process builds upon a min-max game, in which a genera-
tor network is progressively guided by a discriminator network to produce realistic samples.

In [31], the discriminator is a binary classifier whose goal is to discern between the original
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training data and the data produced by the generator. The generator is instead a generative
model that takes in input random noise (or some conditioning data in more recent variations
of the approach) and yields data (z.e., images in the setting of interest) resembling the ones in
the training set. The generative action is constantly pushed to improve the realism of its out-
put samples to fool the discriminative action of its opponent; this is achieved by using a loss
function whose minimization in turn maximizes the errors of the discriminator. The model
is trained by alternating a discriminator training step, aiming at maximizing its accuracy, and
a generator optimization phase with the opposite target (see Figure 2.5). If correctly carried
out, the adversarial competition should result in a statistical distribution of generated data
that fully matches the training set one, meaning that original and generated data should be
statistically indistinguishable. In addition, the discriminator purpose is to both capture and
express a measure of statistical discrepancy in the form of a structured learnable loss. There-
fore, the objective function can be thought as being jointly learned and optimized in the
adversarial process, allowing it to adapt to the specific context. For this reason, the objective
function can be thought as being jointly learned and optimized in the adversarial process,
removing, in fact, the necessity to manually design complex losses suitable for the specific
context. Therefore, the adversarial learning scheme introduced in [31] can be extended un-
der careful adjustments to address multiple tasks that would normally require different types
of application-specific objectives.

Feature Adversarial Adaptation Adversarial learning has been successfully extended to
the domain adaptation task [32—34]. The real-fake discriminator is now turned into a do-
main classifier that is used to drive the adaptation process. Its discriminative action is, in
fact, focused on capturing the statistical discrepancy between representations from separate
domains, which is responsible for the performance degradation and thus has to be reduced
in order to achieve an effective adaptation.

There are two possible targets for the domain classifier. The firstis to discriminate between
internal or output representations extracted from data in either source or target domains
(Figure 2.4). This allows to introduce additional loss terms enforcing the construction of
feature or output spaces that are more domain invariant. Alternatively, it is possible to use
the discriminator to distinguish between the output of the network (that can correspond
both to inputs from the source and from the target domain) and the ground-truth segmen-
tations (that in the unsupervised setting are only present in the source domain). Since in the
adversarial model there is no need to have ground-truth data matching the provided samples,
this allows to use also the target domain images for which no ground truth is available and
to enforce that their predicted segmentation maps have statistical properties similar to the
ground-truth ones (Figure 2.6). Using these strategies, the standard supervision from the an-
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Figure 2.4: Training of a generative adversarial network. The upper part displays the discriminator’s update phase, while
in the lower part the generator’s update step is shown.

notated source data is joined by a supervisory signal from the domain discriminator, which
pushes the prediction network towards domain invariance, in turn mitigating the intrinsic
bias towards the supervised source domain. In other words, a measure of domain discrep-
ancy is simultaneously learned and minimized within the adversarial competition

Following the success of adversarial domain adaptation for image classification [32-34],
the adversarial strategy has been introduced also in the context of semantic segmentation to
achieve domain alignment over latent feature embeddings [35]. Hoftman ez a/. [35] have
been the first to address domain adaptation in semantic segmentation, and they resort to
an adversarial approach. I n particular, they devise a global domain adversarial alignment,
based on a domain discriminator taking as input the feature representations from intermedi-
ate activations of the fully convolutional segmentation network. In addition, they propose
a category specific distribution alignment, which is accomplished by enforcing image-level
label distribution constraints on target predictions inferred from source annotations, under
the assumption that high-level scene layout is in general shared among source and target im-
ages.
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Figure 2.5: Graphical representation of the standard adversarial adaptation strategy. A domain discrimination captures

the statistical discrepancy between source and target representations (e.g., segmentation network’s output or features
maps computed from one or the other domain). Its supervisory signal is then exploited to perform domain alignment.

Following a similar approach to [3 5], many works have further resorted to adversarial align-
ment of network latent embeddings [36-44, 234]. As previously discussed, the domain
discriminator is able to infer a structured loss to capture global distribution mismatch of
cross-domain image representations. Yet, the global domain alignment of marginal distri-
butions provided by the vanilla domain adversarial scheme may end up in incorrect seman-
tic knowledge transfer across domains, with class-conditional distributions neglected in the
learning process. For this reason, to reach an effective adversarial adaptation when dealing
with the semantic segmentation task, additional modules should be embedded in the adap-
tation pipeline.

Chen ez al. [36] use an additional target guided distillation loss by matching network ac-
tivations from target inputs during the training phase with those from a pre-trained version
on the ImageNet dataset [26]. Moreover, the feature adversarial adaptation is enforced inde-
pendently over different spatial regions of the input image, thus exploiting the underlying
spatial structure of input scenes. Zhang ez al. [37], instead, boost the feature-level adapta-
tion performance by providing the domain discriminator with an Atrous Spatial Pyramid
Pooling (ASPP) module [11] to capture multi-scale representations. Furthermore, a possi-
ble solution is to integrate adversarial feature alignment in a generative approach (see Section
2.4.2), as done in several works [38, 40, 41, 234]. Here the goal is to match source and target
marginal distributions in the input image space by a source-to-target image-to-image trans-
lation function, and then cross-domain latent representations are further brought closer by
matching source original and target-like source embeddings in a domain adversarial fashion.
An alternative is to perform category-wise adaptation adaptation, [43, 44] revisit the origi-
nal approach of Hoffman ez al. [3 5] by assisting the global distribution alignment with class-
wise adversarial learning. Chen ez 4/. [43] propose to exploit multiple feature discriminators
(one for each class), so that negative transfer among different classes in the domain bridging
process should be effectively avoided. Du ez al. [44] propose a similar class-wise adversar-
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Figure 2.6: Graphical representation of an output adversarial adaptation strategy, where domain alignment is performed
indirectly by bridging the distribution gap between source annotation maps and network predictions from either source
or target domains.

ial technique, which is improved by imposing independence during the optimization of the
multiple discriminators. They argue that soft labels lead to incorrect adaptation on class
boundaries, where different class discriminators may provide their guidance simultaneously.
Finally, they devise an additional module to adaptively re-weight the contribution of each
class component in the adversarial loss, in order to avoid the inherent dominance of classes
with higher prediction probability, which turns out to be more easily well-adapted across the
domains.

Difterent from the aforementioned techniques, other works [45-47] seek for domain
alignment inside the feature space by applying a reconstruction constraint to ensure that
latent embeddings possess enough information to recover the input images from which they
have been extracted. To this end, adversarial learning is applied on the reconstruction image-
level space. To achieve cross-domain feature distribution alignment, the feature extractor is
trained to yield latent representations that can be projected back to both source and target
image spaces indistinctly. In these frameworks the backbone encoder of the segmentation
network plays a min-max game against the domain discriminator. The encoder, indeed, tries
to fool the discriminator on the actual originating feature’s domain, by looking at the cor-
responding reconstructed images projected back into the image space. In other words, the
objective is to learn source (target) features that can successfully generate target-like (source-
like) images to promote domain invariance of those representations.

Output Adversarial Adaptation  As previously observed, the semantic segmentation task
entails a quite complex feature space, due to the high dimensionality of its representations.
Thus, to bypass the complexity encompassed in feature space adaptation, a research direc-
tion has been to focus the adaptation effort to the segmentation output space [48—54, 238].
The low-dimensional output representations, in fact, have been shown to retain enough se-

mantic information for a successful adaptation. In this new output level adversarial scheme,
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a domain discriminator learns to discover the domain from which segmentation maps are
originated. Simultaneously, the segmentation network plays the generative role by provid-
ing cross-domain statistically close predictions to fool the discerning action of the domain

classifier.

Tsai et al. [48] are the first to propose this type of adaptation: in order to improve the sig-
nal flow from the adversarial competition through the segmentation network, they deploy
multiple dense classification modules at difterent depths upon which as many output-level
discriminators are applied. Following the technique proposed in [48], other works adopt the
output space adversarial adaptation in combination with additional modules. Chen ez al.
[49] combine semantic segmentation and depth estimation to boost the adaptation perfor-
mance. In particular, they provide the domain discriminator with segmentation and depth
prediction maps jointly, in order to fully exploit the strong correlation between the two vi-
sual tasks. Luo ez al. [51] enhances the adversarial scheme by a co-training strategy that high-
lights regions of the input image with high prediction confidence. In this way, the adversarial
loss can be effectively tuned by balancing the contribution of each spatial unit, so that more
focus is directed towards less adapted areas.

Other works [53, 54, 238] revisit the adversarial output-level approach. In particular, they
utilize a discriminator network which has to distinguish between source ground-truth maps
and generated semantic predictions from either source and target data. In doing so, the
cross-domain statistical alignment is not directly performed, but forcing the segmentation
network output to be distributed as ground-truth labels for both source and target inputs

leads to an indirect yet effective alignment between the two domains.

Recently, new approaches [5 5—57] have been built upon the extraction of meaningful pat-
terns from the segmentation output space. The intention is to provide the domain discrimi-
nator with a more functional and significant understanding of source and target representa-
tions, allowing it to yield a more effective guidance in the adaptation process. On this regard,
Vuet al. [55, 56] devise an entropy-minimization strategy (which will be described more in
detail in Section 2.4.4) to promote more confident target predictions. They propose an indi-
rect approach relying on the adversarial alignment of the statistics of self-information maps
computed on top of source and target predictions. In particular, a domain discriminator
has to detect whether a weighted self-information map comes from a source or a target pre-
diction, whereas the segmentation network, trying to deceive the discriminator, is forced to
produce low-entropy target maps as to mimic source confident ones. This process effectively
pushes decision boundaries away from high-density regions in the representation space.
With a different approach, Tsai ez al. [57] construct a clustered space over the output predic-
tion space by adding a patch clustering module that discovers patch-wise modes on segmenta-
tion maps. First, the module is supervisedly trained on source data by leveraging the available

24



Cycle-consistent input adaptation

Source-to-target
translation

Source

— Source Target-like source
. — Target prediction
target input Target-like (supervised)

source input

Target input Encoder Decoder
Target-to-source

translation

Target prediction
(unsupervised)

Figure 2.7: Overview of the generative-based adaptation approach built upon cycle-consistent image-to-image trans-
lation. Source translated input images are exploited as a form of target-like artificial supervision during the learning
process.

annotations, then it is exploited to achieve a patch-wise distribution alignment by enforcing
adversarial cross-domain adaptation between its clustered source and target representations.
The idea behind this approach is to capture high-level structured patterns, that are essential
to solve the semantic segmentation task, to be provided to the domain discriminator for an
improved domain statistical alignment. Thus, the achieved domain uniformity on a patch-
level should ensure, in principle, that the segmentation task can be effectively solved also in

the target domain.

2.4.2 Generative-Based Adaptation

Unsupervised image-to-image translation is a class of generative techniques where the objec-
tive is to learn a suitable function to project images from one domain to another, relying
solely on the supervision provided by unpaired training data sampled from the considered
domains. The idea is to extract visual characteristics peculiar to a specific set of images and
transfer those properties to a different data collection. In a more formal definition, the image-
to-image translation task aims at discovering a joint distribution of images from different
domains. Notice that, since the problem is, in fact, ill-posed, as an infinite set of joint distri-
butions can be inferred from the marginal ones, appropriate constraints must be applied to
obtain acceptable solutions.

The image-to-image translation task can be effectively exploited in domain adaptation.
What could be achieved is, in fact, the transferring of visual attributes from the target do-
main to the source one, while preserving source semantic information. By doing so, the
covariate shift phenomena responsible for the classifier performance drop is alleviated. In
this direction, several works have resorted to an input-level adaptation strategy based on im-

age translation between source and target domains. What all these works have in common,
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is the search for domain invariance of visual appearance of images from different domains.
This ultimately allows to exploit target-like supervision from translated, yet still annotated,

source images.

Cycle Consistent Translation A common approach shared by a multitude of works [38,
40, 41, 46, 58-62, 234] is to exploit the successtul CycleGAN [63] model to perform un-
supervised image-to-image translation (Figure 2.7). The framework proposed by Zhu ez al.
[63] concurrently learns in adversarial manner the conditional image translations in both the
source-to-target and target-to-source directions. The two adversarial generative modules are
turther tied by a cycle-consistency constraint, driving each of them to learn the inverse pro-
jection of the other. The reconstruction requirement is essential to preserve structural geo-
metrical properties of the input scene, but provides no guarantees about the semantic consis-
tency of translations. In fact, while retaining geometrical coherence, the mapping functions
could completely disrupt the semantic content of input data.

To tackle this issue, the lack of semantic consistency in the vanilla translation scheme is
counteracted by taking advantage of the semantic prediction capability of the segmentation
network [38, 40, 41, 58, 234]. In particular, the semantic predictor can be exploited to detect
and thus discourage any perturbation of the semantic output which may happen during the
translation provided by the CycleGAN’s generators. This is generally done by enforcing con-
sistent prediction maps over original and translated versions of the same image. Still, being
the prediction maps intrinsically flawed, especially in the target domain where annotations
are missing, the inaccurate semantic information provided to the generative module could
hurt the learning of the image projections. Thus, some works propose to simultaneously
optimize the generative and discriminative framework components in a single stage [234],
or even split the segmentation network into separate source and target predictors [41]. Li ez
al. [38] further extend the CycleGAN-based adaptation strategy formulating a bidirectional
learning framework. The image-to-image translation and segmentation modules are alter-
nately trained, in an optimization scheme by which each module is provided with positive
feedback from the other. The segmentation network benefits from the target-like translated
source images with original supervision, while the generative network is aided by the pre-
dictor in retaining semantic consistency. This closed-loop structure effectively allows for a
progressive adaptation, with both image-to-image translations quality and semantic predic-
tion accuracy gradually enhanced.

An alternative solution could be, instead, to achieve semantic awareness in the image-to-
image translation based adaptation by acting directly over the adversarial translation mod-
ules [60, 61]. Li et al. [60] propose to assist the cycle-consistent image-to-image translation

framework by a soft gradient-sensitive loss to preserve semantic content in the cross-domain
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projection focusing on semantic boundaries. The idea behind this approach is that, no mat-
ter how low-level visual attributes change between domains, the edges defining semantic uni-
form regions should be easily detectable, regardless the distribution the image is drawn from.
Thus, a gradient-based edge detector should discover consistent edge maps between original
images and their transformed versions. In addition, following the intuition that semantically
different regions of an image should face a difterent adaptation, they devise a semantic-aware
discriminator structure. In doing so, the discriminator can semantically-wise evaluate resem-
blance between original and translated samples.

Recently, Yang ez al. [61] introduce a phase consistency constraint to the CycleGAN pixel-
level adaptation module, observing that the semantic content of an image is mostly encoded
in the phase of its Fourier transform, whereas alterations of the amplitude to the representa-
tion in frequency does not change its composition.

With a different adaptation perspective, Gong et al. [62] adapt the CycleGAN model to
generate a continuous flow of domains ranging from source to target ones, by conditioning
the generative networks with a continuous variable representing the domain. The reason be-
hind the retrieval of intermediate domains spanning between the two original ones is to ease
the adaptation task, by progressively characterizing the domain shift affecting the input data
distributions. Moreover, they suggest that resorting to target-like training data from diverse
target-like domain distributions improves the generalization capability of the segmentation

network.

One-way Translation To reduce the computational burden of the bi-directional struc-
ture of CycleGAN (which entails a total of at least four neural networks to be added to the
semantic predictor) other works [49, 64—66] discard the backward source-to-target projec-
tion branch, seeking for a more light-weight input-level adaptation module, still based on
generative adversarial framework. The translation consistency is granted, for example, by
the correlation to a related task (e.g., depth estimation) [49, 64], which is jointly addressed
with the semantic segmentation. Choi ez al. [65], instead, improve the generator of the origi-
nal GAN framework with feature normalization modules at multiple depths to provide style
information to source representations, whereas source content is preserved. Furthermore, a
semantic consistency loss from a pre—trained segmentation network promotes coherence of
image translations, providing, in fact, a regularizing effect in absence of the cycle-consistency
one. Hong et al. [66] use a conditional generative function to model the residual representa-
tion between source and target feature maps, which is optimized in an adversarial framework.
In doing so, they avoid any reliance on a shared domain-invariant latent space assumption,
which may be not satisfied due to the highly structured nature of semantic segmentation.
The generator takes as input low-level source feature maps, together with a noise sample, and
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is encouraged to produce high-level feature maps with target-like distribution by a discrimi-
nator, that expresses a measure of statistical distance between original and reproduced target
representations. Both source original and domain-transformed representations are provided
to a dense classifier to compute the cross-entropy loss.

In order to lessen the bias towards the source domain, Yang ez 4/. [52] resort to the target-
to-source image-to-image translation, in place of the more common source-to-target one,
generally employed to generate a form or target supervision from source translated data. The
source-like target images are then employed in the supervised training of the predictor thanks
to pseudo-labeling. In addition, training the segmentation network directly in the source
domain allows to fully exploit the original source annotations, avoiding the risk of semantic
alterations which may happen in the source-to-target pixel-level adaptation scenario. More-
over, to align feature representations between domains, they introduce a label-driven recon-
struction network. However, differently from the feature-based reconstruction techniques
[45—47] (Section 2.4.1), the generative recreation of input images is performed starting from
semantic maps from the segmentation output. In doing so, they seek to guide a category-
wise alignment of the segmentation network embeddings, since reconstructions that deviate
from their target are penalized, thus providing semantic consistency to network predictions.

Style-Content Disentanglement As an alternative to the CycleGAN-based adaptation,
style transfer techniques have also been explored to achieve domain invariance of low-level
image attributes. Behind these methods lies the principle that any image can be disentangled
into its content and style representations. While the style of an image is related to low-level
domain-specific traits, its content indicates domain-invariant high-level semantic properties.
Therefore, joining source content with target style should provide target-distributed training
data, still preserving source semantic annotations. Once more, target supervised training can
be performed thanks to the new generated target supervision. A common approach for style
transfer is to resort to content and style decomposition in the latent space [50, 67]. Then,
source to target translation becomes combining the extracted source content representations
to random target style ones, with the mixed representations to be re-projected into the image
space. In a recent work [67], the authors perform multi-modal source-to-target image trans-
lation based on the MUNIT architecture [68]. The original datasets are augmented with ad-
ditional web-crawled data, in order to reduce the gap in terms of task-unrelated data proper-
ties between sets, while at the same time highlighting the relevant task-related visual features
to be matched. Furthermore, the style transfer method allows for multi-modal translation,
therefore multiple target styles can be transferred to a single source image, thus increasing
training data diversity and, in turn, enforcing the adaptation robustness To avoid the com-
plexity involved in GAN’s image generation (specially high resolution images are challenging
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to be obtained), different types of style transfer techniques have also been explored, ranging
from neural or photo-realistic style transfer [37, 69] to feature re-normalization [65, 70] and
low-level frequency spectrum manipulation [30].

Zhang et al. [37] adopt traditional techniques of neural style transfer [71, 72] to sepa-
rate style (low-level feature) from image content (high-level features). In particular, multi-
level response maps of a pre-trained CNN are exploited for image synthesis, where image
style is expressed by the correlation between feature maps in the form of Gram matrices.
Differently, Dundar ez al. [69] make use of a photo-realistic style transfer algorithm for an
iterative optimization by which both the segmentation network and the translation algo-
rithm performances are constantly improved. Alternative approaches [65, 70] opt for the
re-normalization of source feature maps, so that their first and second order statistics match
those of the target ones, by means of the AdaIN module [73]. Finally, Yang ez 4/. [30] remove
domain-dependent visual attributes from source images by replacing the low-level frequency
spectrum with that of target images, without affecting high-level semantic interpretability.
They argue that this simple approach, despite not requiring any additional learnable mod-
ule, results in a remarkably robust adaptation performance when embedded in a multi-band

framework that averages predictions with different degrees of spectral alteration.

2.4.3 Classifier Discrepancy

As mentioned in Section 2.4.1, feature level adversarial adaptation in its standard design in-
volves an additional domain classifier, whose discriminative action over feature representa-
tions from source and target domains provides an effective supervisory signal to the learning
process, pushing the segmentation network towards domain invariance within the latent
space it spans. A separate task-specific objective is instead responsible for the prediction net-
work to learn the actual task with source supervision, ze., the standard cross-entropy loss for
semantic segmentation.

Despite being fairly effective, the standard adversarial adaptation lacks semantic awareness
[74,75]. A proper adversarial alignment, in fact, entails a match of marginal distributions of
source and target data, which is typically not followed by a class-conditional statistical align-
ment as well. This because category-level joint distributions necessarily remain unknown to
the domain classifier, as complete lack of supervision in the target domain implies that no
information about semantic content of target data is available. The result is that features
may be moved near class boundaries, where classification uncertainty could lead to incorrect
predictions. Even worse, a class-agnostic transfer of target features might incorrectly align
them to source representations of a different semantic class in the domain invariant latent

space, which means negative transfer has been introduced.
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Aiming at overcoming those issues, Saito ¢z a/. [74] completely re-design the original do-
main adversarial approach, proposing the Adversarial Dropout Regularization (ADR) mech-
anism to reach cross-domain feature alignment away from decision boundaries. In particu-
lar, they provide the task-specific dense classifier (z.e., the encoder network) with the discrim-
inative role that was before assigned to an external domain discriminator. By perturbing
the classifier using dropout, it is possible to detect where predictions are more uncertain,
which happens to be strongly related to the distance of feature representations from deci-
sion boundaries. In this novel adversarial scheme, the dense classifier is trained to improve
its sensitivity to semantic variations on target representations. By acting against it, the fea-
ture extractor (ze., encoder) aims at providing categorical certainty to the target features it
computes. This should effectively remove task-unrelated information enclosed in target rep-
resentations, which is responsible for highly variable predictions, ultimately pushing them

far from decision boundaries.

The ADR approach originally proposed in [74] has been revisited by several works [s1,
59, 75—77]. A downside of the classifier discrepancy strategy in its primary scheme is the
inherent noise sensitivity acquired by the decoder [74], which is crucial for it to capture the
proximity of target samples to the classification boundaries, yet it negatively affects the ac-
curacy of the whole segmentation network, requiring, in fact, an extra training stage to cor-
rectly learn the segmentation task. On this regard, the original scheme could be improved
by replacing the dropout strategy to retrieve multiple predictions over the same feature rep-
resentation with a couple of distinct decoders, which are simultaneously trained to provide
correct, yet distinct, dense classifications [75]. This should effectively improve the accuracy
of the decoder section of the prediction model, at the cost of an extra module to be learned
within the training process.

Following a different path, the original adversarial learning scheme could be modified, opt-
ing for a non-stochastic virtual dropout mechanism to discover minimum distance dropout
masks causing maximum prediction divergence [77]. By doing so, the original dropout-
based solution to get distinct predictions from a single classifier is retained, while the afore-
mentioned noise susceptibility problem is simultaneously solved.

The co-training principle based on multiple predictors to estimate the current adaptation
performance has further been investigated [51]. In particular, the detection of inconsistent
predictions can be exploited to focus the discriminator effort (now in a standard domain
adversarial framework) towards less adapted regions of the input image, 7., those affected by
the highest uncertainty. This has proved to ultimately lead towards a more eftective domain
alignment of source and target representations.
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2.4.4 Self-Supervised Learning

Due to the similarity between the two tasks, multiple techniques for unsupervised domain
adaptation have been borrowed from the semi-supervised learning (SSL) field. Indeed, UDA
can be thought as an extension of the SSL problem, since in both cases part of the training
data is unlabeled. However, the original lack of annotations of SSL within the unlabeled
training set is joined by a statistical shift in UDA between source and target data, which
demands for an extra effort to be addressed.

Self-Training In this direction, a first class of adaptation techniques [1, 30, 38, 53, 54, 58,
65, 78,79, 238] have resorted to self-training. This approach, commonly employed in semi-
supervised learning [80], revolves around the creation of pseudo-labels from highly confident
network predictions inferred on unlabeled target data. A form of self-taught supervision is
therefore available on the target domain, to be exploited in conjunction with the standard
supervision from source labeled data.

As opposed to other adaptation approaches described in previous sections, such as the
most successful adversarial ones, feature-level cross-domain alignment is implicitly pursued
through target self-supervised learning, as source supervision is indirectly transferred to the
target domain by pseudo-labels. Self-training pushes network probability outputs to reach a
peaked distribution, which translates into predictions displaying a more confident behavior.
A key issue, however, lies in the self-referential nature of this technique, which could lead
to catastrophic error propagation if not properly handled. Over-confident incorrect pre-
dictions on uncertain pixels, in fact, may result undetected, since any form of supervision
on unlabeled target data is missing. In turn, those prediction mistakes could be reinforced
by the self-teaching strategy, causing a progressive deviation from the correct solution. To
cope with this issue, most of self-training based adaptation approaches apply some filtering
strategies to the pseudo-labeling process, so that prediction errors inherently affecting target
segmentation maps are largely discarded.

A common approach towards a self-training based adaptation involves offline techniques
for pseudo-label computation [38, 78, 79], with the confidence threshold updated multiple
times during the adaptation process by looking at the whole available training set. In partic-
ular, an iterative self-training optimization procedure is followed, which alternates steps of
task supervised learning on both source original and target artificial annotations and pseudo-
labeling to generate a self-taught target supervision. Thus, during an entire training stage,
artificial target annotations are kept fixed. This offline strategy allows for a stable learning
process, at the price of the extra computational burden due to multiple steps of pseudo-
annotation on the whole target dataset.
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On this regard, Zou ez al. [78] propose one of the first UDA techniques based on self-training.
They devise an iterative self-training optimization scheme, between segmentation network
training and target pseudo-label estimation. In particular, the target pseudo-labels are treated
as discrete latent variables to be computed through the minimization of a unified training
objective. In addition, motivated by the fact that class-unaware pseudo-labels confidence
filtering is intrinsically biased towards the easy (z.e., more confident) classes, they devise a
class-balancing strategy by setting category-wise confidence thresholds. This should pro-
mote inter-class balance, as the same amount of top confident pixels are considered for each
class, thus resulting in class-wise uniform contributions to the learning process. Finally,
since source and target domains are supposed to share high-level scene layout, they also uti-
lize spatial priors from source label statistics, which are inferred for each semantic category
and incorporated in the training objective. Furthermore, Zou et al. [79] revisit their previ-
ous work in [78] by extending the pseudo-label space from one-hot maps to a continuous
space defined by a probability simplex. In this way, by avoiding clear-cut overconfident self-
supervision in the whole input image, the effect of the inherent misleading incorrect pixel
predictions should be effectively reduced. A continuous pseudo-label space further allows
them to introduce a confidence regularizing term in the training objective targeting both
pseudo-label (treated as latent variables) and network weights, with the purpose of achiev-
ing output smoothness in place of sparse segmentation maps.

In order to avoid slow offline dataset-wise processing, Pizzati ez al. [67] introduce self-
training with weighted pseudo-labels. A learnable confidence threshold is employed for both
pseudo-label refinement and weighting, thus making pseudo-labels belonging to a contin-
uous space, while concurrently balancing the impact of uncertain pixels. Target weighted
self-generated labels are computed over a single batch, but still retaining a global view, since
the confidence threshold is learned throughout the entire training phase.

In a different direction, the self-training strategy could be tied to an output level adver-
sarial adaptation [53, 54, 238]. In particular, the output map from a fully convolutional
output-level domain discriminator can be regarded as an accurate measure of prediction reli-
ability on target data, thus providing useful information to refine target pseudo-labels. Thus,
the quality of artificial annotations is progressively improved throughout the training pro-
cess being computed over single batches of target images rather than on the whole dataset,
leading to an overall rather effective adaptation.

Michieli ez al. [5 4] further improve the pseudo-label selection mechanisms by a region grow-
ing strategy. Moreover, Spadotto et al. [238] propose to adopt a class-wise adaptive thresh-
olding approach. They select the same fraction of highly confident target pixels for each
semantic class, by looking at the batch-wise distribution of the discriminator probability out-
put. In doing so, they provide the adaptation framework with both inter-class confidence
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flexibility and time adaptability over the training phase.

As an alternative, pseudo-label reliability can be enhanced by resorting to a form of predic-

tion ensembling [1, 30, 58, 65]. For example, it is possible to exploit an additional network
to produce self-guidance over the unlabeled samples [58, 65]. This is done by introducing a
teacher network in addition to the original one, which plays the role of a student. Then, the
teacher model, whose weights are averaged over the student ones from past training steps,
is exploited to guide the learning process of the student network, by yielding target predic-
tions the student network is compelled to emulate. The supervisory action provided by the
teacher network leads to more accurate target predictions, on top of which less noisy pseudo-
labeling can be performed. The result is a more effective self-training adaptation.
Following different research directions, Chen ez al. [1] enhance the adaptation of low-level
features by introducing an additional ASPP dense classification module. Hence, self-pro-
duced guidance in the form of pseudo-labels from the combined knowledge of low and high
level target predictions is exploited as additional training objective. Yang et 4/. [30], instead,
train multiple instances of the segmentation network with multi-band spectrum adaptation
to obtain distinct semantic predictors. Then, target pseudo-labels are generated from the
mean prediction of the different segmenter instances, resulting in a more robust adaptation
when dealing with multiple rounds of self-training.

Entropy Minimization Adopted from the semi-supervised learning field as well, entropy
minimization has been recently introduced to UDA [55]. The intuition behind this ap-
proach is that source predictions are more inclined to show a confident behavior, which is
revealed by a low entropy level in probability outputs. Conversely, the segmentation output
maps from target inputs are likely to display more uncertainty (high entropy), with the noise
pattern widely spread and not just limited to regions close to semantic boundaries. Thus, by
mirroring the over-confident source behavior in the uncertain target domain, the segmenta-
tion network should, in principle, bridge the performance gap that exists between domains.
More precisely, the effect of entropy minimization is to avoid classification boundaries in the
latent space crossing high density regions, while, at the same time, target representations are
well clustered far from those decision boundaries.

The original entropy minimization strategy [5 5] works at the pixel-level, with each single
spatial unit independently contributing to the overall objective. However, to overcome some
inherentlimitations of this approach, further arrangements have been introduced [1, 30, 5 5].
A possible solution is to pursue a global distribution alignment of entropy behavior by means
of a domain adversarial approach, where the domain discriminator is provided with entropy
maps rather than directly with output probability maps as in the standard scheme 2.4.1 [55].
By doing so, structural information enclosed in entropy maps is leveraged, thus leading to
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a more effectively domain statistical adaptation. Class-wise priors on label distributions in-
ferred from source annotations are further enforced on target predictions to avoid class im-
balance towards easy classes. In addition, it should be remarked that the entropy minimiza-
tion objective in its original form [55] leads to rapidly exploding gradients when moving
from high to low uncertainty regions, which could seriously hinder the learning process.
On this regard, a solution could be to modify the standard objective, for example, with a
quadratic loss with analogous purposes to the original one, but improved gradient signal
properties [1]. This strategy, together with category-wise weighting factors to balance the
contribution of different semantic classes, has proved to greatly enhance adaptation process.
More recently, Yang ez al. [30] propose an entropy minimization technique as an additional
module to their adaptation scheme. The intent is to seek a regularization effect over the
training on unlabeled target data, accomplished by pushing the decision boundaries away
from high-density regions in the target latent space, with basically no overhead to the ac-
tual framework. The strength of the approach is enhanced by the combined application of
other adaptation modules to achieve domain alignment. This, in fact, shifts the UDA task
towards SSL, thus making entropy minimization more effective. Moreover, to avoid exces-
sive emphasis on low entropy predictions, they adopt a penalty function that increase the
focus on less-adapted high entropy regions of target images.

Finally, entropy minimization has been used together with feature space shaping tech-
niques in a couple of recent works [239, 240]. [239], besides using entropy minimization,
forces internal feature representations to be clustered, sparse and orthogonal (if belonging to
different classes) in both source and target domains to improve feature-level adaptation. An-
other recent work [240] further introduces a norm alignment constraint to aid a class-wise
feature orthogonality objective in promoting disjoint sets of active feature channels between
distinct semantic categories, while driving target embeddings towards the highly confident

(z.e., associated with high values of feature norm) source distribution.

2.4.5 Curriculum Learning

Another research area involves curriculum learning, where some easy tasks are solved first
(e.g., image classification), inferring some important and useful properties related to the tar-
get domain. Then, the acquired information is used to support the training on more chal-
lenging task (e.¢., semantic segmentation). This family of approaches shares many similari-
ties in spirit with self-training. The main difference between the two approaches lies in the
content of the pseudo-labels. While in the self-training approaches the pseudo-label is an
estimate of the desired annotation on the target set and it is used as such during training, in
curriculum approaches the pseudo-label is represented by some inferred statistical proper-
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ties of the target domain (different from the labels for the task) and the network is trained to
reproduce such inferred properties in the target predictions.

The first work of this family is [81] and its extension [82], where a couple of easy tasks
that are less sensitive to domain discrepancy are solved; namely, the label distribution over
global images and the label distribution over local landmark superpixels. The former prop-
erty is evaluated in the source domain, as the number of pixels in the labels associated to each
category, normalized by the total number of pixels. On the other hand, target labels are not
available in unsupervised domain adaptation and consequently a machine learning model
should be trained on the source domain to estimate them. In the papers, it is argued that this
task can be solved more easily than image segmentation and that the results can be used to
guide the adaptation of the segmentation task. To estimate the first property on the target
domain a logistic regression model is employed. While the first property is useful to guaran-
tee that the ratio among different categories matches the ones of the target domain, samples
with semantic maps not following the estimated label distribution on the target domain are
still penalized. To solve this problem, a second clue is introduced. Images are divided into
superpixels and an SVM classifier is used to select the most representative anchor superpixels
and the label distribution is estimated over them. The final objective is a mixture of the pixel-
wise cross-entropy of the source samples and the cross-entropy on the two properties on the
target domain discussed before. In [83] and [84] the focus is posed on the domain adap-
tation from clear weather to dense fog images. A novel method, called Curriculum Model
Adaptation (CMAda), is proposed to gradually adapt the model to segment images with in-
crementally growing amount of fog. The algorithm presented starts from a source domain
of clear weather images and progress through intermediate target domains of incrementally
denser fog, and, finally, reaches the target domain of dense fog images. The segmentation
model, initially, is pretrained with supervision on the source domain and then, with as many
adaptation training steps as the number of denser fog steps, it is gradually shifted towards
the target domain. In [85] the connection between curriculum learning and self-training
is highlighted and a method (called self-motivated pyramid curriculum domain adaptation,
PyCDA) that uses and merges both techniques is presented. The authors remind that in self-
training there are two main training steps that alternates: (1) the evaluation of pseudo-labels
for the target domain and (2) the supervised training of the segmentation network with the
labeled source domain images and with the target domain images with pseudo-labels. In cur-
riculum learning there are also two steps that alternates: (1) the inferring of properties of the
target domain (e.g., frequency label distributions over global images or image regions, like
superpixels) and (2) the update of the network parameters using the labeled source domain
and the target domain inferred properties. In PyCDA the two approaches are merged: the
pseudo-labels used in self-training are considered as a property of the curriculum approach.

35



2.4.6 Multi-Tasking

The last class of adaptation techniques to be discussed regards multi-tasking [56, 64, 76, 86].
A regularizing action is provided by solving multiple related tasks (e.g., many approaches fo-
cus on depth regression) in addition to the semantic segmentation one. The goal is to implic-
itly extract domain invariant and semantically meaningful representations from images, as
they should be more suitable to simultaneously address the related tasks. Depth regression is
usually tackled in combination with semantic segmentation, to regularize an inputlevel adap-
tation process based on source to target image translation (Section 2..4.2). Multi-task adap-
tation has also shown to be effectively integrated with other adaptation approaches. For ex-
ample, it can be exploited to enhance the maximum classifier strategy (Section 2..4.3), where
instead of a single dense classifier two separate decoder modules are employed to obtain both
depth and segmentation maps [76]. Or it is possible to combine multi-tasking with an ad-
versarial entropy minimization technique (Section 2.4.4) [56], by fusing self-information
maps with depth prediction ones before feeding them to a domain discriminator. By doing
so, the detection capability of the domain discriminator in identifying domain discrepancy
over source and target representations is boosted, thus providing, in the end, a more robust
statistical alignment.

2.5 Experimental Setups

The following sections will present one of the most common experimental settings employed
to validate UDA methods for semantic segmentation, ze., the synthetic to real adaptation of
driving scenes. We will focus on this adaptation setting due to its relevance to real-world

applications, especially in relation to the rapidly emerging autonomous driving systems.

2.5.1 Synthetic to Real Adaptation

Domain adaptation is particularly convenient whenever it possible to access annotated train-
ing data in large quantity, even though samples are statically different from those in the label-
scarce target environment, while maintaining some degree of similarity between datasets in
terms of semantic content. In line with these premises, therefore, the synthetic-real approach
emerges. Synthetic data is automatically collected and annotated by a computer, without re-
sorting to extremely expensive, time consuming and error-prone human labeling. Thus, by
levering artificial data generation, e.g., such as via a realistic simulator [87] or game engine
[18], itis possible to build large-scale datasets. In addition, due to the complete control that
can be exercised over the simulated environment during the collection campaign, we could in
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Figure 2.8: Comparison between synthetic and real images.

principle get extreme data variability to improve the learning performance and generalization
aptitude for the optimized model. For instance, in case road scene imagery, diverse light and
weather conditions, time of day or viewpoint could be easily acquired with minimal effort,
with respect to a real-world collection campaign subject to environmental constraints.

On the other hand, however realistic the simulated images are, it is very likely that a distri-
bution shift is present between real and synthetic data. This discrepancy usually entails the
low-level statistical distribution, e.g., texture, colors or smaller details, while the higher lever
semantic concepts are preserved across domains (Figure 2.8). Simply training over source
data leads to overfitting to these domain-dependent clues. By applying domain adaptation

we, instead, aim to safely transfer information from source to target domains.

2.5.2 Employed Datasets

This section will introduce and describe some of the most popular real-world and synthet-
ically generated datasets for driving applications, which will be used throughout the thesis
for experimental analysis of the developed learning frameworks.

Real Datasets

In the following we will present the real-world road-scene datasets used in the evaluation
campaign of semantic segmentation models (Figure 2.9).

Cityscapes. The Cityscapes [14] dataset is a widely known benchmark for autonomous
driving applications. It contains images collected across so Europeans cities, all located in
Central Europe, with almost the totality being within German borders. The provided train-
ing dataset is of 2975 samples, while for testing purposes we used the soo labeled images in
the original validation test, which is the common practice.

BDD. The Berkeley DeepDrive dataset [88] provides an assorted collection of road scenes,
offering geographic, environmental and weather diversity to improve the robustness and gen-
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Figure 2.9: Images from real-world datasets.

eralization aptitude of learned models. All images composing the whole set originate from
the United States, even though from varying locations. In total 7000 training individual im-
ages are accompanied by dense ground-truth maps, while 1000 samples are used for testing.

IDD. The Indian Driving Dataset [16] comprises urban and suburban driving scenes
from the Indian subcontinent. The visual appearance of the semantic categories provided by
this benchmark is specific to the considered geographic areas, and differs significantly from
the Western counterparts found in previous datasets. Similar in size to the BDD dataset,
6993 training and 781 testing images are provided.

Mapillary Vistas. The Mapillary Vistas dataset [17] contains high resolution images col-
lected world-wide, with highly disparate acquisition settings and locations. The diversity in
terms of semantic categories and acquisition settings ensure improved data expressiveness,
essential to address the semantic segmentation task. Furthermore, unlike previously intro-
duced benchmarks, samples are not limited to few cities located within quite uniform ge-
ographical regions. The training set is made of 20000 densely-labeled samples, and 2000
images are used for testing purposes. We will leverage the Mapillary dataset to artificially
generate domain shift by performing continent-wise splitting, as well as to test the domain
generalization potential of approaches trained with other less semantically diverse datasets.

Synthetic Datasets

We will additionally introduce some popular synthetic road-scene datasets, commonly em-
ployed to validate semantic segmentation models (Figure 2.10).
GTAs. The GTAs dataset [18] contains 24966 synthetic images acquired through the
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Figure 2.10: Images from synthetic datasets.

video game Grand Theft Auto 5 and labeled into 19 classes compatible with real datasets.
The images are taken from the car perspective in American-style virtual cities and are char-
acterized by a high level of quality and realism. In all the works which will be presented in
Part I of the thesis, when will make use of 23966 images for supervised training and 1000
for validation purposes. Furthermore, 19 semantic classes are provided, which are directly
comparable with the ones from the Cityscapes dataset [14].

SYNTHIA. Images in the SYNTHIA dataset [19] have been generated through an ad-
hoc engine and represent many types of street scenes, acquired from different angles (not
only from car drivers viewpoint but also from video-surveillance cameras, from pedestrians,
etc...) in various illumination and weather conditions in European-style cities. The visual
quality is lower than the one of the GTAg dataset. We will consider the SYNTHIA-RAND-
CITYSCAPES subset of the SYNTHIA dataset, which is comprised of 9400 synthetic im-
ages and has 16 out of 19 semantic classes comparable with the ones of the Cityscapes dataset
[14]. For the supervised training, 9300 images will be used, while 100 images will be held-out
for validation purposes.

Shift. The Shift benchmark [89] is a synthetic dataset for autonomous driving, designed
to simulate several types of input distribution shifts in both discrete and continuous forms,
which could be highly beneficial to develop real-world applications. It presents 153k labeled
samples used for training purposes, as well as 5 tk for testing. The Shift benchmark is partic-
ularly suitable to mimic domain shift due to environmental diversity.
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Generative Input Adaptation

3.1 Introduction

In this section, we introduce an highly performing Unsupervised Domain Adaptation ap-
proach [23 4], with major focus on the input-level domain adaptation (see Section 2..3). The
developed architecture is based on the Cycle-GAN framework [63], which converts the in-
putsynthetic images to the target (real) domain while preserving the semantic content. Then,
the data is sent to a lightweight MobileNet-v2 prediction network [90] that performs the se-
mantic segmentation. An additional loss component forces also the consistency between the
semantic maps, thus avoiding the risk that the domain translation affects the semantic con-
tent. Finally, as a side objective, we enhance adaptation by means of an additional couple of
discriminators working at the intermediate feature level of the network.

Difterently from other competing approaches that train independently the various sub-
components, we train the complete architecture end-to-end on both synthetic labeled data
and unlabeled real-world data in a single optimization framework based on adversarial learn-
ing. Finally, using the simple and fast MobileNet-v2 architecture, the inference stage of the
approach is suitable for real-time applications as the autonomous driving scenario chosen for
the experimental evaluation.

The experimental evaluation, performed using the synthetic datasets SYNTHIA [19] and
GTAj5 [18] and the real-world dataset Cityscapes [14], shows how the proposed framework
is able to achieve large performance gains on real-world datasets without using any labeled
real-world data during training.

The contributions brought in this chapter are the following:
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(i) We propose an input-level adaptation strategy that relies on an image-to-image transla-
tion mechanism, which encompasses geometrical coherence and semantic consistency
within its image generation pipeline to provide reliable pseudo supervision in the orig-
inally unlabeled target domain.

(i) We devise an end-to-end training procedure, based on a lightweight segmentation net-

work for a more application-oriented solution.

(i) The developed framework surpasses other techniques resorting to the domain adap-
tation of the input space on multiple synthetic-to-real benchmarks.

The reminder of the chapter is organized as follows: the proposed UDA method based on
cycle- and semantic- consistent image-to-image translation will be described in detail in Sec-
tion 3.2, while training procedures will be presented in Section 3.3; finally, the experimental

evaluation will be discussed in Section 3.4.

3.2 Cycle Consistent Domain Adaptation

Our target is to train a semantic segmentation network in a supervised way on synthetic data
and then to adapt it in an unsupervised way to real-world data. We assume to have access
to synthetic (ze., source) labeled images { (X, Y? )}, (X°,Y?) € Xg x Vg, as well as to
real (Z.c., target) unlabeled images { X’ },,, X! € Xr. Due to dissimilar marginal and joint
distributions over input and label spaces on both domains, deep models trained on source
data struggle to generalize learned knowledge to the target space. To address the effect of
domain discrepancy, we resort to a generative approach. We employ an adversarial frame-
work to learn an image-level mapping between source and target spaces. The objective is to
produce adapted source images that resemble target ones, while preserving the ground-truth
information at our disposal. In this way, we can introduce a form of target supervision by
exploiting target-like annotated source images to train the segmentation network.

Figure 3.1 shows the architecture of the proposed framework. As initial step, we adopt
a generative approach to learn an image—level mapping for cross-domain image projection.
This is achieved using an adversarial learning scheme exploiting a pair of generator-discrimi-
nator couples. Meanwhile, a semantic segmentation network is included to enforce seman-
tic consistency to the generative process. The objective is to perform realistic sample trans-
lations, while preserving the semantic structure as identified by the semantic classifier. An
additional feature-level adaptation is further included, in the form of a pair of feature discrim-
inators. The way they operate is analogous to their image-level counterparts, as they enforce

a statistical alignment of source and target data representations. The key difference lies in
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Figure 3.1: Architecture of the proposed framework. Yellow blocks correspond to the CycleGAN module for image-
to-image translation. Original and translated scenes from both source and target sets are projected by the encoder to
a latent space on which we apply an extra couple of domain discriminators (green blocks). Structural consistency on
generated samples is enforced by the cycle-consistency constraint, whereas semantic uniformity throughout image
mapping is promoted by the semantic loss. The segmentation network is reported in blue.

the operating space, since they act over an intermediate feature representation produced by
the segmentation network, rather than directly within the original image domain.

Our approach is independent of the segmentation architecture and in general any seman-
tic segmentation network can be used, however in our experiments we used the MobileNet-
v2 network [90] embedded inside the DeepLab-v3+ framework [12]. The primary com-
ponent of this widely utilized model is the depthwise separable convolution, a lightweight
reinterpretation of the standard convolutional layer responsible for both the efficiency and
the reduced weight of the architecture. In addition, inverted residual blocks in place of the
standard residual connections further enhance model compactness.

3.2.1 Consistency of Input Appearance Across Domains

The generative module is based on the CycleGAN framework [63]. The source to target
(direct) mapping G s_7: Xg — X and the target to source one (inverse mapping) Gr_.s:
X1 — Xy are discovered by means of an adversarial competition exploiting a couple of dis-
criminators Dg and Dy. The role of the domain discriminators, following the original con-
cept of GANS [31], is to discriminate between real images in their original form and fake
images, 7.¢., synthetic data subjected to the domain translation. We resort to the standard ad-
versarial objectives at the image level to train separately each generator-discriminator couple:

Lir= Y log(Dr(X")+ Y log(l - Dr(Gs-r(X))), (3.1)

XteXr XseXg
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Lig= Y log(Ds(X")+ > log(l — Ds(Gr_s(X"))). (3.2)

XseXg XtcXp

With the aforementioned generative process, we are able to learn a joint source-target dis-
tribution starting from the marginal ones, which means we can reproduce the same images
in both source and target styles. Unfortunately, since there are infinite joint distributions
that match the available marginal ones, we are not guaranteed that the mapping functions
we discover are preserving content structure and semantics. In other words, without any ad-
ditional constraint the Gs_. projection could completely disrupt input source images, still
producing new samples with target properties, but far from their original versions. For this

reason, we employ an additional loss term enforcing cycle-consistency:

Leyete :Z [[|Gr-s (Gs-r (XS))—X5||1]+Z IGs-r (Gr-s (X)) =X|1] . (3.3)

XsekXs XteXr

The reconstruction requirement provided by the cycle-consistency loss L. should encour-
age the preservation of structural properties throughout translations, resulting in a realistic
image generation that does not affect the semantic content.

The adversarial strategy we adopt for conditional image generation has proven to be suit-
able for color and texture changes, but not for more radical geometrical transformations [31].
This is positive for our goal, since we are looking for a cross-domain projection that allows us

to safely transfer ground-truth information from an original image to its translated version.

3.2.2 Semantic Consistency Across Domains

Following the the idea introduced in [40], we embed the generative module in a task-specific
domain adaptation framework. The adversarial architecture is followed by a network per-
forming semantic segmentation on data from both source and target domains. In our work,
we will assume the usage of a fully convolutional network, that in our implementation is the
MobileNet-v2 network. We will denote it with M = M® o M€, where M€ is the encoder
part of the network, while M ¢ is the decoder. M is pre-trained on the source domain, before
its application in the proposed framework.

Due to the lack of labeling data on the target domain, we can not perform supervised
training on this domain. However, we introduce a further loss component to enforce the se-
mantic consistency on the generative action: the segmentation network M is supplied with
both original and adapted versions of the same image and we measure the semantic discrepan-
cies (.e., the differences in the segmentation network output) introduced by the projection
between domains. The error information is then propagated back through the classifier up
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to the generator, which is optimized in order to minimize semantic alteration (among other

objectives). We impose this semantic uniformity by means of a semantic consistency loss:

[’sem (GS—>T7 GT—>Sa M7 XS) XT)

= Lee (M, Gs7(Xs), p(M(Xs))) (3.4)
+ Lee (M, Gr5(Xr), p(M(Xr)))

where p(M (X)) is the arg max of the output of the semantic segmentation network and:

Loo (M, X,Y) == > Y[ - log(M(X)P[d]), (3.5)

peX,, ceC

with (X,,, Y,,) € X x ) and C the set of semantic classes to learn. Notice that the cross-
entropy loss L. is computed over segmentation maps obtained by applying the argmax
function p on semantic predictions M (X'), rather than over ground-truth labels. Therefore,
its effect is not to promote correct semantic predictions, but to force the generator to yield
transformed images that are semantically identical to the original ones when viewed under

the scope of M.

This scheme allows us to perform a measure of semantic distance in both domains, with-
out resorting to ground-truth information. On the other side, M is not a perfect predictor
(and on the target domain has typically lower performances), therefore an excessive emphasis

on this loss may cause undesired artifacts in the generative process.

3.2.3 Consistency of Latent Representation Across Domains

Aiming at further improving our domain adaptation framework, we introduce an additional
adversarial module to perform feature-level domain adaptation. The core idea is to replicate
the adversarial strategy adopted for the image-to-image translation task, where the goal was
a pixel-level distribution alignment. The new objective is instead the adaptation of interme-
diate feature representations, .¢., to ensure the proper adaptation at the level of the output
of the encoder network M*®. The goal now is to make generated images from one domain
appear statistically identical to original images from the other domain when looking at their
projections in a latent space spanned by the segmentation network. More specifically, we
add a couple of feature discriminators and feed them with activations from the output of
the MobileNet feature extractor M¢. The adversarial game, then, takes place between a cou-
ple of feature discriminators and the joint action of the two original generators together with
the encoder of the segmentation network. The feature-level adversarial objectives are the fol-
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lowing:

Lir= Y log(Dp(M*(X")+ Y log(l— Dp(M“(Gs-r(X?))), (3.6)

XseXg XteXr

Lys= D log(De(M (X)) + }  log(l = Ds(M“(Grs(X)).  (37)
XseXs XteXr
Where D and D7 are the feature discriminators working on data from the source and target
domain respectively.

Combining together all the different losses, the full objective becomes:

Liot = (Lis + Lir) + Apear - (Ly,5 + Lg7)

.\ (3-8)
+/\cycle ' £cycle + /\sem ' Esem + )\ce ' £ce‘

We also denote L5, = L..(M, Gs_1(Xs), Vs) the standard cross-entropy loss used to train
supervisedly M on source adapted data. The framework optimization then can be expressed
as a min-max problem:

min max L. (3.9)
Gs-1,Gr-5,M Dg,Dr, DY, D,

As a result, we have access to a pair of image-to-image mappings capable of translating im-
ages across domains, while, at the same time, making generated samples statistically indistin-
guishable from true ones when projected into the feature space defined by the segmentation
network. Additionally, the semantic segmentation network M is adapted to work on the tar-
get data in an unsupervised way (without using target ground truth) thanks to the loss £,.
Since all the components are simultaneously trained, when improving the image-to-image
mappings also the adaptation of M improves. For a more stable training and to avoid satu-
ration effects [63], the logarithm within adversarial losses is replaced by a L2-norm operator
and the objectives are split into separate terms for generators and discriminators individual

optimization.

3.3 Experimental Setup

Datasets In order to perform the experimental evaluation, we selected a source domain
with easily accessible labeled samples that can be obtained in large quantities, 7., synthetic
imagery. As discussed in Section 2.5, synthetic data not only comes with essentially free
annotations and a much lower collection cost than real data thanks to automatic generation,

butalso in principle provides a total control over the virtual environment in terms of point of
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view, illumination, objects inside the scene, etc. On the opposite side, we used real images as
the target domain. Before going into details, notice that even if the experimental evaluation
is performed on the synthetic to real adaptation, the proposed approach can be exploited in
any domain adaptation task, not only in this specific setting.

We assume no ground-truth information is accessible in any form for real data (we used
real labels only for evaluation of the results), as we are in a fully unsupervised scenario in
this domain. As concerns the specific datasets used to train and validate our framework,
we choose the publicly accessible GTAs [18], SYNTHIA [19] and Cityscapes [14] datasets.
They are built specifically to address semantic segmentation of urban scenes, which is of
strategic importance in autonomous driving. The task is quite challenging, since multiple
objects of different sizes with very different occurrence frequencies and various semantic

categories have to be recognized with high confidence.

Network implementation The image-level generators and discriminators (z.e., Gg_r,
Grs, Dg and Dr) are based on the network architectures introduced in [63]. The gen-
erators are composed of stride-2 convolutions, residual blocks and fractionally strided con-
volutions to recover input dimensionality. Discriminators are fully convolutional networks
as well, made by the cascade of 5 stride-2 convolutional layers. To avoid excessive size com-
pression, we employ the same structure for feature-level discriminators (D% and D7) as well,
but we modify the stride value to 1 for all layers. As concerns the segmentation network M,
we employ the DeepLab-v3+ [12] with the MobileNet-v2 [90] as backbone. We select an
output stride of 16 for the feature extractor, whereas for the ASPP block we choose atrous
rates of 6, 12 and 18 as suggested by [12].

Training details  Differently from [40], we train our framework in a single shot, so that all
the networks are simultaneously optimized according to Lt,. We then fine-tune it on the
source domain for 90K steps using the standard cross entropy loss before the actual optimiza-
tion of the adaptation framework. All the other networks are instead trained from scratch.
We use the Adam optimizer [91] to train all the components of the proposed approach.

After the initialization of the segmentation network, we train our model for a total of 80K
iterations with a single NVDIA GeForce GTX 1080 Ti. The segmentation network is kept
fixed for the first 20K steps, until the generators start performing acceptable translations,
then we train all the various components together. The large amount of model parameters
and the high resolution images from source and target sets prevents us from using full size
data for training purposes. To overcome this issue, we extract random patches of 600 x 600
pixels from training samples, which were previously resized to have a predefined width and
the original aspect ratio, and we use them as model inputs.
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Concerning the parameters, we experimentally set the terms balancing the various com-
ponents in Ly t0 Acyete = 20, Ager, = 0.1, Apeqr = le-4 and A\.. = 1. For the training
of the segmentation network we set 31 (the exponential decay rate for the first moment es-
timates) to 0.9, and the weight decay to 4e-5. The learning rate is subject to a polynomial
decay of power 0.9, and is decreased to 0 from its initial value (respectively le-5 and 5e-6
for the adaptation from the GTA and SYNTHIA datasets). Moreover, we set a batch size of
s when training the semantic predictor alone in the initial stage, while for full framework op-
timization, we reduce the batch size to 1 due to memory constraints. For the optimization
of the image and feature adversarial models we use a small 3; term of o.5 as in [63]. This
makes the training process more unstable, but we notice no improvements by changing it.
The learning rate for these modules is set to 2e-4.

3.4 Experimental Results

In this section, we will fist show some qualitative results from the image translation module.
Then, we will show quantitative and qualitative results of the main task, ze., semantic seg-
mentation on real data, starting from two different synthetic datasets. Finally, some ablation

analyses are presented.

3.4.1 Image Domain Translation

The first module in our framework is the image-to-image adaptation in the image space be-
tween the synthetic datasets and the real one (Cityscapes) and viceversa. We visualize such
cyclic translation in Figure 3.3, where we report the original, adapted and reconstructed im-
ages in output from our model for each of the four different considered scenarios. We show
both the results when starting from synthetic data and when starting from real scenes.

The most obvious and noticeable difference lies in the shift of colors between real and
synthetic images. Synthetic imagery, indeed, are characterized by more vivid colors than the
real counterparts hence the adaptation framework needs to compensate for this issue as can
be verified in all the proposed qualitative results. Additionally, the textures of some regions
(such as the road or the sky) of the images are completely different between the considered
domains. In GTAs and especially in SYNTHIA (where the road texture is not realistic at all)
the road is less uniform than the one present in the Cityscapes dataset, so we could observe
that our adaptation framework compensate this aspect. In particular, the model adds some
textures on the road when converting an image to the synthetic dataset and it removes such

textures when dealing with the opposite task. The sky, instead, tends to appear more blue in
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GTAjs < Cityscapes

SYNTHIA < Cityscapes

Original Adapted Reconstructed Original Adapted Reconstructed

Figure 3.2: Examples of image translations. In the first up-left quadrant, we move from GTAS5 to the adapted image
space resembling that of Cityscapes, and back to the reconstructed space in the GTA5 domain. The second quadrant
(up-right) shows the translation in opposite direction, i.e., from Cityscapes to GTAS5, and then back to the original real
Cityscapes domain. The third (down-left) and the fourth (down-right) quadrant are analogous to the previous ones, but
with SYNTHIA in place of GTAS.

the synthetic imagery rather than in the real ones, where it appears more grayish.

Beside those changes in the appearance of the images, we could notice that in general the
semantic content and the geometrical structure is preserved unaltered. The objects do not
disappear and they do not change position, as we expect. This is ensured by a combination
of factors such as the semantic loss, the cycle-consistency loss and the adaptation loss at the
feature level which aims at preserving the extraction of similar features from the same objects
even if they belong to two different image-spaces.

Furthermore, when moving from synthetic to real domain, in certain pictures we can ob-
serve that our model tends to add an ornament to the bottom of the images (e.¢., in the
second row from GTAjs to Cityscapes). Although this is irrelevant for the semantic seg-
mentation task, since we exclude the car on which the camera is mounted, we argue that
the image-space adaptation is leading to reasonable outcomes because it tries to replicate the
trademark of the car used for the Cityscapes data acquisition.

A few artifacts are present especially in the sky region where the model tends to add some
shadows coming from clouds or buildings present in other images: this can be noticed in
the first and third adapted images from the GTA 5 dataset. However, it is noticeable that the
cycle-consistency helps the model to recover the exact appearance of the sky of such images.
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Table 3.1: Results in terms of per-class and mean loU on the Cityscapes validation set when adapting from GTA5 (top)
and SYNTHIA (bottom). The highest values have been highlighted in bold.

¥
o\‘o\ &

IS S 9

¢ & O
LY

g & &”;ooo s R
>0y & <& . <
,g.\) &.G’ 40 <& %G\ Qe,* & dr‘ ,qé’

s & o
& &S &S

()

&
Method ]° mloU

Sourceonly |23.1 13.1 42.6 2.3 13.9 5.0 10.3 8.0 68.6 6.7 24.5 40.8 0.3 48.1 9.4 163 00 0.0 0.0 | I7.5
Ours (full) [234]|87.6 36.7 83.5 29.1 17.8 33.6 24.3 35.2 83.1 28.9 76.3 59.1 14.0 85.9 25.4 29.4 2.6 19.5 9.3 | 41.1

CycleGAN [63] |84.9 36.4 74.3 12.9 7.1 23.6 7.9 19.9 60.2 13.4 45.8 46.8 5.4 72.4 18.0 22.3 0.8 3.2 0.5 | 29.3
CyCADA [40] |83.8 35.3 80.4 20.7 15.7 28.4 27.0 24.8 80.2 23.1 69.0 56.6 I1.5 80.8 23.4 27.0 2.4 12.4 5.2 | 37.3

GTAs5 — Cityscapes

Oracle 97.7 81.9 91.0 47.6 50.1 $8.4 62.3 73.4 91.4 59.8 94.3 77.2 50.5 93.2 59.2 74.8 55.8 49.5 73.0| 70.6

Source only 1.4 10.6 29.1 1.0 0.0 17.2 20 3.6 68.5 - 65.042.3 01 417 - 82 - 0.0 0.5 | 18.2

1tyscapes

Ours (full) [234]|53.8 21.3 69.4 3.7 0.1 31.6 3.5 12.677.5 - 75.2 51.9 13.2 64.1 - 15.9 - 10.8 16.7| 32.6
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3.4.2 Adaptation from GTAS5 to Cityscapes

The first set of experiments regards the unsupervised adaptation of the semantic segmenta-
tion network M to the Cityscapes dataset after an initial stage of supervised training on the
GTAj5 dataset. To evaluate the adaptation performance of our framework we computed the
mean Intersection over Union (mIoU) between model predictions and the relative ground-
truth label maps for the scenes in the Cityscapes validation set.

The results of these synthetic to real adaptation experiments are summarized in Table
3.1. The baseline approach, 7.c., the supervised training of the semantic segmentation on the
GTAj5 (source) dataset followed by testing on Cityscapes without any adaptation, leads to a
very low mIoU of 17.5% (first row). When compared to the training of the same network
on the target (Cityscapes) dataset (last row, denoted as Oracle), the huge difference reveals
the struggle of the predictor to overcome the statistical discrepancy between the source and
target domains.

Our unsupervised domain adaptation method brings a huge improvement over the naive
source only approach, reaching a mIoU of 41.1% when employed in its full extent (sth row),
with a performance boost of 23.6% over the baseline. Moreover, the accuracy enhancement
is well distributed over all the semantic classes, from the most common ones (e.g., road, build-
ing, sky), to the less frequent categories (e.g., train, motobike, bike). In particular notice that
some of the less frequent are never recognized when no adaptation is performed while the
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proposed approach allows to detect them even if they remain very challenging. This proves
the effectiveness of our model in mitigating the statistical discrepancy through a combined
feature and pixel level alignment.

We compared the results we obtained on the Cityscapes validation set with two approaches
of the same family: namely, CycleGAN [63] and CyCADA [40]. Those are very well known
approaches and also represent the starting point for some architectural design choices we
made. For comparison purposes, we implemented the framework of [40] from scratch and
inserted in it the same segmentation network we used in our tests (ze., DeepLabV3+ [12]
with MobileNet-v2 [90] as backbone). As for the training details of the compared methods,
we employed the standard training procedures proposed in the respective papers: for Cycle-
GAN [63] we train the model with rescaled images, while for CyCADA [40] we train the
model extracting random patches after a rescaling operation.

From Table 3.1 we can appreciate that our method is able to outperform CyCADA by
about 4% and 5% respectively, which is uniformly distributed among classes: notice how
our approach is the best on 18 out of 19 classes (it is outperformed only by [40] on the traffic
light class). This has to be mostly attributed to the feature alignment process which directly
influences the generative action and also to the simultaneous optimization of all framework
components. Additionally, we could observe that CycleGAN has a much lower accuracy
and lies in between the training made only on source data and our full method. Indeed, it con-
sists of a simpler framework where only the image translation based on the cycle-consistency
constraint is present.

Figure 3.3 displays some qualitative results in terms of semantic prediction maps for dif-
ferent adaptation strategies. The first and second columns include the original Cityscapes
RGB images and their corresponding label maps, while the last 3 columns show the segmen-
tation outputs with no adaptation (z.e., source only), using the approach of [40] and with the
proposed unsupervised domain adaptation strategy.

The accuracy enhancement introduced by our adaptation strategy can be appreciated
from the visual results in Figure 3.3. The first 4 rows show the remarkable improvement
achieved over the source only baseline when resorting to the GTA5 dataset as source domain.
The effect of the adaptation is to boost the detection capability of the predictor M, as it
manages to obtain a more accurate understanding of the input target scene, both in terms
of correct categorization and precise spatial identification of the different semantic entities.
All semantic classes happen to highly benefit from the adaptation, leading to generally better
semantic predictions. Anyway some categories exhibit more noticeable improvements, such
as the road and sky classes as it is possible to see on the predicted maps in rows 1, 2 and 4.
Column 4 of Figure 3.3 shows the output of [40]: our method outperforms [40] on the ma-
jority of the semantic classes, with a particularly noticeable improvement on some of them.
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For instance, our approach in general leads to a more precise segmentation of the upper por-
tion of target scenes, mainly involving the sky and building classes. It is possible to notice
how the approach of [40] sometimes confuses part of sky as terrain or building (rows 1, 2
and 4). As previously stated, this is due to the dataset bias occurring between source and tar-
get domains in terms of color shift and change of texture, making the detection of semantic
components quite hard to achieve, especially when the classification involves different cat-
egories (such as sky and building) sharing a common appearance on the source and target
domains. Furthermore, we observe that less frequent classes corresponding to small image
details (e.g., traffic sign) are more precisely localized, as well as more common categories lack-
ing an always definite semantic categorization (e.g., wall and sidewalk). Once again, this
remarks the capability of our adaptation framework to address domain discrepancy with the
combined pixel and feature level alignment.

3.4.3 Adaptation from the SYNTHIA dataset

In the second set of experiments we changed the source domain, replacing the GTA 5 dataset
with the SYNTHIA one. Table 3.1 shows the numerical results we got from the evaluation.
As before, we started by training the semantic segmentation network on synthetic data and
measuring its performance on the Cityscapes validation set, which we employ as a baseline
(first row). The accuracy (18.2%) happens to be slightly higher than in the first scenario,
even if the adaptation task is more challenging due to a wider dataset bias. Anyway, the huge
performance gap w.r.t. the target-based supervised optimization still persists, leaving large
room for improvement.

Our adaptation framework managed to reduce the domain discrepancy quite successtully
boosting the mIoU up to 32.6% from the original 18.2% of the baseline, with an improve-
ment of almost 15%. As for the GTAs to Cityscapes adaptation, the accuracies for all seman-
tic categories benefit from the unsupervised adaptation. For example, road segmentation is
strongly improved, starting from a mIoU for the road class of 1.4% (denoting basically no de-
tection capability) and reaching a final accuracy of 53.8%. This class is particularly interest-
ing since the reason for the low accuracy lies in the rather unrealistic synthetic road texture of
SYNTHIA images, whose semantic attributes are not easily generalizable to the Cityscapes
dataset. To that end, our framework introduces a substantial distribution alignment both
at pixel level (as discussed in Section 3.4.1) and inside the intermediate feature space. We
once again compared the adaptation performance of our model with the one of CyCADA
[40] in the third row. Our framework is more effective than the competitor, with an average
mloU increase of 5%, shared by the majority of the classes. For instance, the road accuracy
is significantly enhanced by our model, proving the better capability of reducing domain dis-
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From GTAs

To Cityscapes
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Tar_g-;t Image Ground Truth Source only CyCADA [40] Ours (full) [234]

Figure 3.3: Semantic segmentation of sample scenes from the Cityscapes validation set when adapting from GTAS5
(rows 1 to 4) and SYNTHIA (rows 5 to 8).

crepancy. Again, the CycleGAN [63] approach has intermediate results between the source
only approach and CyCADA [40].

Some qualitative results for the adaptation from the SYNTHIA dataset are shown last 4
rows of Figure 3.3. They confirm the numerical evaluation: the strong diversity between
the Cityscapes and SYNTHIA datasets negatively affects the semantic understanding of the
predictor, as clearly visible in the third column showing the outputs of the baseline approach
with no adaptation. Even common classes such as 70ad and building suffer from quite flawed
semantic detection leading to almost no understanding of target scene structure, with a
worse performance when compared to the GTAs scenario. This has to be ascribed to the
poor realism of synthetic images and to the variable view point of SYNTHIA scenes, which
are captured from multiple camera angles and not exclusively from a car perspective as for the
Cityscapes images. The adaptation successfully mitigates the domain discrepancy providing
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Table 3.2: Ablation study on the impact of different objectives. Results are reported in terms of per-class and mean loU
on the Cityscapes validation set when adapting from GTA5 (top) and SYNTHIA (bottom). The highest values have been
highlighted in bold.
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the predictor with an enhanced perception of the semantic morphology of target inputs. For
example, the 70ad, which without adaption is incorrectly classified as buzlding, probably due
to its quite unrealistic texture on source images, after the adaptation is detected with a much
greater accuracy.

Furthermore, our approach shows some improvement also w.r.t. the method proposed in
[40]. For example, the adaption following [40] struggles in the correct segmentation of road
and sidewalk classes, which are easily mistaken one for the other, an issue greatly reduced in
the maps of our approach in the last column. At the same time, semantic predictions exhibit
a better detection accuracy on objects belonging to low frequency classes, such as motorbike
and bzke, highlighting an increased robustness of our method due to the combined pixel and

feature level alignment and to the simultaneous optimization of all the network components.

3.4.4 Ablation Study

Finally, we analyze in detail the performance gain brought by the different components of
our framework. For this evaluation we considered the domain adaptation from GTAjs to
Cityscapes. A relevant contribution is due to the CycleGAN-based image-to-image transla-
tor, which effectively bridges the domain gap at the pixel level by generating realistic target-
like labeled data and pushes the accuracy on the Cityscapes validation set up to 39.1% (2nd
row in Table 3.2). However, notice that this value is significantly different from the original
CycleGAN [63] result reported in Table 3.1 because in our framework the optimization of
the segmentation network is made jointly with the cyclic translation and the training consid-
ers patches of images. Then, we evaluated the impact on the final adaptation performance
of the semantic and feature-based losses by alternately setting to 0 the Ay, and A ¢q¢ param-
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eters. The regularizing action of the feature level adaptation allows to increase the accuracy
t0 39.6% (3rd row in Table 3.2) with a small but noticeable impact. The semantic loss (4th
row in Table 3.2) has a larger impact, leading to an improvement of 1.6% on the final score.
Finally, by using both components together we obtain a combined improvement of 2%, lead-

ing to the final accuracy of 41.1%.
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Adversarial Output Adaptation

4.1 Introduction

In the previous chapter we focused on input data to reduce the domain gap inside the im-
age space and address synthetic-to-real adaptation. In this chapter, instead, we develop an
output-level UDA strategy for road driving scenes to adapt an initial learning performed on
synthetic data to the real-world case [238]. The complete framework is made of four com-
ponents. First, a standard cross-entropy loss is employed to perform a supervised training on
synthetic data with ground-truth annotations. Then, two adversarial learning schemes with
a couple of fully convolutional discriminators are jointly employed. We start from the struc-
ture used in [92, 93] for semi-supervised semantic segmentation and adapted in [53, 54] to
Unsupervised Domain Adaptation. However, the devised method leverages two discrimina-
tive networks, one to differentiate between ground-truth and predicted segmentations and
the other to discriminate between segmentation maps coming from synthetic and real-world
data. Finally, a self-training component is introduced based on the idea that the output of
the discriminator provides a measure of the reliability of the network estimations to be ex-
ploited in a self-training framework [53, 92]. In previous works, this module lacked two
fundamental aspects: it was not class-wise adaptive and was not mutable during training.
In other words, different classes shared the same confidence threshold to select regions for
self-training, and its value was kept fixed during all the learning process. In this work, in-
stead, we introduce an adaptive thresholding scheme for the selection of the regions used for
self-training that enforces a balanced selection for all classes and allows for variability over

different training steps. Hence, the framework can accomplish both inter-class confidence
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flexibility and time adaptability throughout the optimization phase. We test our model on
the task of domain adaptation for semantic segmentation of urban scenes from synthetic to
real-world domains. In particular, we employ the SYNTHIA and GTAj§ synthetic datasets
to train the supervised component, whereas we resort to real data from Cityscapes and Map-
illary datasets for the unsupervised adaptation modules.

In summary, the main contributions of this chapter are:

(i) We introduce a novel adversarial scheme exploiting multiple domain discriminators

to align the source and target domains.

(ii) We design a self-training module with adaptive confidence both over different classes

and over different training steps.

(iii) We prove the effectiveness of our framework on several experimental scenarios outper-
forming competing approaches.

The rest of the chapter reflects the following organization: the proposed UDA method
based on domain adversarial learning and self-training will be described in Section 4.2; ex-
perimental details and evaluation results will be instead reported respectively in Sections 4.3
and 4.4.

4.2 Adversarial Adaptation and Self-Training

In this section the complete architecture of the proposed approach is discussed. An overview
of the method is given in Figure 4.1. We denote with GG the semantic segmentation network
that we want to adapt from supervised synthetic data to unlabeled real data. GG’ takes the role
of the generator in our adversarial setup. The optimization of the segmentation network
is driven by the minimization of a multi-target objective involving four loss functions. In
particular, to guide the adaptation of G' to unlabeled real data we employ two discriminative
networks and a self-training module.

Let us denote with X the generic n-th image in the source (synthetic) domain and with
Y the corresponding ground-truth segmentation, while X!, is the n-th real-world sample
(for which ground truth is not available during training). The first component of our ap-
proach, L, is a standard cross-entropy loss working on labeled synthetic data.

4.2.1 Domain Adversarial Adaptation

The second and the third loss functions, minimized during the training of G, are relative to
the adversarial training with the couple of discriminator networks. The first discriminator
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Figure 4.1: Architecture of the proposed approach. The semantic segmentation network G' is trained with the combina-
tion of four losses: a supervised cross entropy on source data ﬁg’o, a double adversarial framework [,Zitl and ﬁtG 2
and a self-training module £G73 with class-wise and time-varying adaptive thresholding mask Tf.

module D; is trained to distinguish between ground-truth and generated maps (the latter ei-
ther coming from synthetic or real images). The peculiarity of this network is thatitis a fully
convolutional model and it produces a per-pixel confidence estimation, differently from tra-
ditional adversarial frameworks where the discriminator outputs a single binary value for
the whole input image. The key idea is that the discriminative action provides a measure of
discrepancy between the statistic of source annotations and both source and target predic-
tion maps, and its optimization leads to an indirect yet effective cross-domain distribution
alignment [53, 54, 92].

The discriminator network D is made of a stack of 5 convolutional layers each using 4 x 4
kernels with a stride of 2 and Leaky ReLU activation function. The number of filters (from
first to last layer) is 64, 64, 128, 128, 1 and the cascade is followed by a bilinear upsampling
to match the original input image resolution. The network D; is trained to minimize the
loss L£p, thatis a standard cross-entropy loss between D;’s output and the one-hot encoding
indicating whether the input segmentation map is the ground truth (class 1) or it is produced

by G (class 0), z.e.:

Lp, == Y log(1—Dy(G(X3"))?) +log(Di(Y;)P), (4.1)

peX;’

where p is a generic pixel in the image. Meanwhile, G is forced to produce segmentation
maps that resemble ground-truth annotations when inspected by D;:

Ly == Y log(Di(G(X;))™). (4-2)

peXy’
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The second discriminator, Do, is trained to differentiate between segmentation maps coming
from synthetic or real-world data. Difterently from D, Dy is always fed with the generator
output, ze., with source or target images segmented by (7, whereas no ground-truth infor-
mation is employed. Dy has the same structure as )} except that its number of channels has
been reduced to 48, 48, 96, 96, 1, as its adaptation objective is complementary to the one of
Dy and requires less computational complexity to be accomplished. The adversarial loss for

Dy can be expressed as:

Lp, == Y log(l = Do(G(X}))?) +log(Da(G(X;)P), (4.3)

t
peXy;

which is a standard cross-entropy loss similar to Lp,. Here the objective is formulated be-
tween Dy’s output and the one-hot encoding marking with 0 and 1 the segmentation maps
produced by G from respectively target and source images. The role of G in the second ad-
versarial competition is to fool Dy, by computing sufficiently realistic target prediction maps
resembling the source domain ones. Hence, similarly to Eq. (4.2), the adversarial loss for G
related to D5 is of the form:

Loo=— ) log(Da(G(X))™). (4.4)

peX,

The second adversarial framework is specifically focused on the adaptation of target network
representations, in that G'is trained to produce target segmentation maps which are close to
source ones from a statistical point of view. Thus it directly tackles the domain gap causing
the performance drop on the target set. Source-target alignmentalso happens within the first
adversarial scenario as a side effect. Indeed, G’s output is forced to be distributed as ground-
truth labels for both source and target inputs, but no actual cross-domain adaptation of
network embeddings is directly performed.

4.2.2 Class-Adaptive Self-Training

The last module in our adaptation framework implements a self-training strategy. As shown
by recent works [53, 54, 92], the output of the discriminator D; can be interpreted as a
measure of confidence for predicted target pixels, since D; should identify target predictions
that deviate from source ground-truth statistic. Hence, the output of D can be exploited to
select the reliable predictions in the target segmentation maps. The selected output samples
are then converted into one-hot encoded data, which can be used as a self-taught ground-
truth to train G directly on unlabeled target samples. The self-training objective is expressed
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by the following loss:

Loa=—3 S MP - w: Y[ log (G(XL)[d]), (4.5)

peX? ceC

where ?n is the one-hot encoded ground truth derived from the per-class argmax of the
generated probability map G(XY,), cisaspecific class belonging to the set of possible classes C
and W is a weighting function proportional to the class frequency on the source domain as
introduced in [53, 54]. /\/lgfp ) [e, X! ] (for ease of notation we drop its dependencies on class
and training sample in all the equations) is the adaptive thresholding mask for the selection

of the regions used for self-training, defined as:

1 if (Dy(G(X4)® > Tyle, XL]) A <Yn ] = 1)

0 otherwise

Mgcp) _ (4.6)

Differently from previous works [53, 54,79, 85], in which the confidence threshold was com-
puted before-hand and kept fixed throughout the training, here we propose to have both a
class-level and a training-stage adaptation of the threshold. Indeed, different classes typically
have different confidence values which may also vary during training. The class-wise confi-
dence threshold selection for a generic training step and a generic class ¢ is formulated as:

Tyle, X)) = Qp(Di(G(X)[e])), (4.7)

where s represents the f-th percentile. The best results are obtained with f in the range
of 75 — 80% to enable self-training only in regions with high confidence on target data. We
compute T'; for every class at each training step by looking at network predictions on target
data in the current batch. This makes the model adaptive both to the statistic of the various
classes and to the different training phases. Finally, we can compute the overall loss function
for G with a weighted average of the four individual losses, Ze.:

Lya = Lao+ALE + ML, + Aslas, (4.8)

with weighting parameters A}, A} and A3 empirically set.
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4.3 Experimental Setup

Datasets We evaluate our framework on some publicly available and widely used datasets.
Supervised synthetic training is performed on the GTAs [18] and SYNTHIA [19] datasets.
The real-world datasets for unsupervised adaptation and for results evaluation are Cityscapes
[14] and Mapillary [17]. The evaluation scenario is the same of competing approaches as
[35, 47, 53, 54, 81] to allow for a fair comparison. We provide the segmentation network
with images of 750 X 375px during training while testing is done at the original resolution.

Training Details The approach is agnostic to the deep learning architecture used for G-
in principle any semantic segmentation network can be used, in our case we employ the well
known Deeplab v2 model [11] with the ResNet-1o1 backbone.

The generator network G is trained as suggested in [11] using the Stochastic Gradient
Descent (SGD) optimizer with momentum set to 0.9 and weight decay to le-4. The dis-
criminators )y and Ds are trained using the Adam optimizer. Following [53], the learning
rate employed for both G and D starts from 1le-4 and is decreased up to le-6 by means of
a polynomial decay with power 0.9. As for Dy, the base learning rate is set to 1e-4 and Se-4
for respectively the SYNTHIA and GTAs adaptation scenarios. Following the empirical
validation and previous works [53, 54, 92], the weighting parameters are set as A\] = le-2,
A = le-3and \), = le-2, independently of the source and target datasets. The self-
training parameter A3 is fixed to 5e-2 and le-1 for respectively SYNTHIA and GTAj cases.
This is indeed the most delicate parameter to tune, as the inferior realism of the SYNTHIA
dataset suggests a more cautious usage of the self-training module to avoid flawed super-
vision that noisy target pseudo-labels may provide. The approach is instead more stable
with respect to the other weighting parameters. We train the model for 20K iterations on a
NVIDIA RTX 2080 Ti GPU. The longest training inside this work, z.e., the one with all the
loss components enabled, takes about 6 hours to complete.

4.4 Experimental Results

4.4.1 Evaluation on the Cityscapes Dataset

The first scenario we consider for evaluation comprises the adaptation to the Cityscapes
dataset from both SYNTHIA and GTAs. As done by competing approaches [35, 36, 48],
the numerical performance is expressed in terms of mean Intersection over Union (mIoU)
between predicted maps and ground-truth labels over the Cityscapes validation set. The per-
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Table 4.1: Per-class and mean loU on the four considered UDA scenarios, i.e., adaptation from GTA5 or SYNTHIA
source datasets to the Cityscapes or Mapillary target counterparts. Results are reported on validation sets of the tar-
get domains. The highest values have been highlighted in bold.
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class mIoU results of the evaluations are displayed in Table 4.1a) and 4.1b). We denote as
supervised the naive approach relying only on source supervision and no form of adaptation,
while the numerical performance of our method as a whole is reported in the last row of each
section.

Using GTAjg as source domain, the simple supervised approach achieves a final mIoU
of 31.8% on the target dataset. The introduction of the multi-domain adversarial learn-
ing scheme and adaptive self-training module leads to a performance increment of 3.3%,
boosting the mIoU up to 35.1%. Moreover, the improvement is shared by the majority
of the semantic classes. Some categories characterized by semantic similarity between them
(such as road, sidewalk and terrain) or with appearance discrepancy across source and target
domains (such as car, truck and bus) seem to highly benefit from the adaptation, proving
that our method succeeded in bridging the domain gap. In Table 4.1 we also report results
achieved by some competing approaches. It can be noticed that our strategy outperforms
all of them, including those relying on simpler self-training and adversarial learning schemes
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(z.e, [53, 54, 92]), demonstrating the efficacy of the multi-domain discrimination and of the
adaptive thresholding techniques we introduced. In Figure 4.2a) we show some sample seg-
mented images from the Cityscapes validation set. We can appreciate that our approach leads
to a more precise detection of several semantic entities found in the input image. For exam-
ple, the road and sidewalk classes are subject to a more accurate recognition, which supports
the numerical results.

Section (b) of Table 4.1 reports the results of the adaptation from the SYNTHIA dataset.
As for the GTAj case, our adaptation strategy represents a considerable improvement over
the supervised training on the source dataset. The mIoU achieved without adaptation is
pushed from 28.8% up to 34.6% by our framework. The increment of almost 6% is even
higher than the one achieved with the more realistic GTAs dataset as source domain, and
this proves the effectiveness of the adaptation modules we developed also in a challenging
environment with a larger statistical gap across domains. For example, while texture discrep-
ancy between Cityscapes and SYNTHIA causes the road on real-world scenes to be hardly
recognized by the segmentation network in lack of adaptation, our strategy successfully pro-
vides the predictor with road detection capabilities. Figure 4.2a) includes some qualitative
results. Again, we can observe the improved semantic understanding and detection accuracy
on classes such as 70ad and sidewalk with respect to the baseline, as well as with respect to a

competing approach based on adversarial and self-training techniques [53].

4.4.2 Evaluation on the Mapillary dataset

We evaluate our approach also on the Mapillary dataset. We start by using the GTA 5 dataset
for the supervised training as before: the results are shown in Table 4.1c). With no adapta-
tion to the Mapillary dataset the network achieves a mIoU of 37.8%. Thanks to the multiple
domain discriminators and to the adaptive self-training techniques our framework is able to
reach a mIoU of 41.9%, significantly outperforming all the compared methodologies. We
can notice that the improvement with respect to the baseline approach is consistently dis-
tributed among the semantic classes and it is particularly evident on the road or building
ones. Qualitative results are shown in the first two rows of Figure 4.2b), where we can verify
that most of the noise present in the supervised training and in [ 3] is filtered out by the pro-
posed framework. In particular, the vegetation and sidewalk categories highly benefit from
the domain adaptation with class-wise and time-variable confidence threshold selection.
Furthermore, we can appreciate that, also on the Mapillary dataset, the accuracy is lower
when the SYNTHIA dataset is used for supervised training, leading to a mIoU of 31.3%
only. As already noticed from the evaluations on Cityscapes, some classes (z.c., road, side-

walk and building) have a low accuracy due to the poor texture representation and vastly
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Figure 4.2: Semantic segmentation of sample scenes from the Cityscapes (a) and Mapillary (b) validation sets. Four UDA
scenarios are considered, i.e., adaptation from GTA5 or SYNTHIA source datasets to the Cityscapes or Mapillary target
counterparts.
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profit by the adaptation to the target domain. The complete framework increases the final
mIoU to 34.9% with an improvement of 3.8%), consistent with the previous experiments
made across different datasets. Remarkable are the percentage gains in the aforementioned
classes: for example, the 70ad class more than doubles its accuracy and sidewalk’s IoU grows
by 12.2%. The visual results are reported in the last two rows of Figure 4.2b). Here, for ex-
ample, we can appreciate that the proposed approach is the only one to achieve an accurate
and reliable recognition of 70ad and cars classes on the shown images, which confirms our

previous analysis.

4.4.3 Ablation Study

In this section we present an accurate investigation of the effectiveness of the various mod-
ules of the proposed framework. For this study we consider the performances on the Map-
illary dataset when adapting from GTAs. We start by evaluating the individual impact of
each module: the performance analysis is shown in Table 4.2. Let us recall that the baseline
architecture, z.e., the Deeplab-v2 network trained on synthetic data only, achieves a mIoU of
37.8% on real data. Then, we analyze the remaining modules by removing one component
at a time (row 2 to 6). We can appreciate that all the components bring a significant contri-
bution to the final mIoU, which in the full version of the approach where all of them are
enabled is 41.9%. The impact of L, ;, L, ; and L2 is clear by looking at Table 4.2: with-
out each of them the accuracy decreases with respect to the complete framework but remains
higher than the source supervised case. In particular, we performed a more detailed analysis
of the self-training module. Having no self-training leads to 41.1% of mIoU, while having
self-training done on all pixels (without thresholding with T'¢) or using a fixed confidence
threshold (e.g., setting a constant value of Ty = 0.2 as in [53]) leads to 40.6% and 40.9%,
respectively. These results show that self-training is not effective if the reliable pixels are not
accurately selected, e.g., if performed immutable over the classes and the training steps. On
the other side we found that self-training is effective with confidence thresholds variable over
classes and over training time.

We also analyzed the behavior of the per-class time-varying confidence values: they are
shown in Figure 4.3 for the GTAs to Mapillary scenario. Here, we can appreciate how the
confidence thresholds vary over the training time and typically converge to a value which may
be significantly different among the various classes. While previous works [53, 54] fixed the
threshold to 0.2, here we can see how the desired value is variable and ranges between 0.04
and 0.4. Highly confident classes typically have high confidence threshold, in order to propa-
gate back very reliable predictions through self-training as for instance road, sky and building.
However, notice that t7ain and bike have high confidence threshold values only because they
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Table 4.2: Ablation results on the impact of loss components (GTA5 to Mapillary adaptation).
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and at different training steps (GTA5 to Mapillary adaptation).

are predicted too rarely to be useful for confidence assessment (z.e., the thresholds are piece-
wise constant functions), hence represent failure modes of the estimate. More challenging
classes such as wall and fence, instead, are characterized by a much lower confidence value.
The most important aspect, however, is to verify that our framework can adapt both to the
properties of different classes and to the changes in the network behavior during the train-
ing procedure. Additionally, we can compute the mean threshold value averaged over all
the classes at the end of the training phase and compare it with previous works [53, 54]. The
mean is 0.13 in the considered scenario and 0.19 in the adaptation from GTAj to Cityscapes,
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consistently with the value of 0.20 used in previous works [53, 54].
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Class Conditional Feature Adaptation

5.1 Introduction

As thoroughly introduced in Chapter 2, three main levels on which adaptation may occur
can be identified [234]: namely, at the input, features or output stages. While in Chapters 3
and 4 we posed the focus on the input and output space adaptations, now we shift our at-
tention to an intermediate level of representation, which usually captures richer and more
complex semantic clues. Deep networks, in fact, typically solve complex tasks by building
some compact latent representations of the inputs, which are representative of the classifier
output. These internal representations are extremely meaningful for the subsequent deci-
sion process [94, 95]. Nevertheless, current UDA approaches for semantic segmentation
hardly operate at this level due to the high dimensionality of the latent space. Among those
thatinstead focus on feature adaptation, a popular solution has become to bridge the domain
gap at an intermediate representation level by means of adversarial techniques [35, 40, 234].
The major drawback of these kind of approaches is that they usually perform a semantically
unaware alignment, as they neglect the underlying class-conditional data distribution. Fur-
thermore, the training process they entail is typically unstable, and it generally requires the
computation time to reach convergence to be greatly increased.

Difterently from those feature-level techniques relying on adversarial schemes, the adap-
tation strategies of feature representations that we propose are simple and do not require
complex adversarial learning frameworks, since they demand only a slight increase of com-
putation time with respect to the sole supervised learning. Those strategies work on the less-

explored feature-level: our aim is to reduce the performance discrepancy by employing latent
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Figure 5.1: The proposed domain adaptation scheme aims to enforce latent space regularization across domains. Fea-
ture clustering objectives are proposed, along with orthogonality, sparsity and norm alignment constraints to achieve
this goal. By doing so, features in the previous step (in light gray) are driven to new locations (colored) where features
of the same class are clustered, while features of distinct classes are pushed away. To further improve the adaptation
performance, features of distinct classes are forced to be orthogonal and sparse, and their norm to be consistent across
domains.

space-shaping objectives between source and target domains. The main idea is depicted in
Figure 5.1: we devise a domain adaptation technique specifically targeted to guide the latent
space organization.

The initial framework we devise (named OCE [239]) is driven by 3 main components,
by which we aim to provide Orthogonal and Clustered Embeddings shared by source and
target domains. The first is a feature clustering mechanism to group together features of
the same class, while pushing apart features belonging to different classes. This constraint,
which works simultaneously on both domains, is similar in spirit to the recent progresses in
contrastive learning for classification problems [96]; however, it has been developed aiming
at a simpler computation, as the number of features per image is significantly larger than
in the classification task. The second is a novel orthogonality requirement for the feature
space (which targets single pixel-level feature representation), aiming at reducing the cross-
talk between features belonging to different classes. Finally, a sparsity constraint is added
to reduce the number of active channels for each feature vector: our aim is to enforce the
capability of deep learning architectures to learn a compact representation of the scene. The
combined effect of these modules allows to regularize the structure of the latent space in
order to encompass the source and target domains in a shared representation.

In a second step, we extended the previous work to improve domain adaptation by Latent
Space Regularization, which we called LSR [236, 240]. Once more, a clustering-based objec-
tive forces the feature vectors of each class to be closer to the corresponding prototype cen-
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troids. While based on source supervision for prototype estimation, its action is delivered to
both source and target representations to achieve class-conditional domain alignment. Dif-
ferently from the previous work, an additional component enforces the perpendicularity
directly on class prototypes, thus assembling features into well-distanced class clusters and,
at the same time, indirectly promoting disjoint activation sets between semantic categories.
Thus, now feature clusters are spaced apart in terms of angular distance. Finally, we account
for the fact that, as noticed in [97], feature vectors computed from target domain samples
tend to have smaller norms than source domain ones. This latter claim is due to domain-
specific features, which the networks rely on to solve the source-supervised classification. Yet,
those features may be missing in the target domain and, therefore, may lead to a weakened re-
sponse of neuron activations in target latent representations. To address this issue, we intro-
ducea regularization objective that promotes uniform vector norms across source and target
representations, while jointly inducing progressively increased norm values. Furthermore,
the inter-class norm alignment has shown to remove distribution biases towards the most
frequent classes, whose higher classification confidence is typically accompanied by bigger
feature norms. Since the proposed techniques require to set a strong relationship between
predicted segmentation maps and feature representations, we additionally develop a novel
strategy to propagate semantic information from the labels to the lower resolution feature
space.
Summarizing, the main contributions brought in this chapter are:

(i) We extend class-conditional feature clustering to semantic segmentation, similarly to
what achieved by contrastive learning.

(i) We introduce orthogonality, sparsity and feature norm-alignment objectives to force
a regular structure of the embedding space, which is jointly enforced on both source

and target domains to reach distribution alignment of latent representations.

(iii) We achieve very competitive results on feature-level adaptation on synthetic-to-real
domain adaptation benchmarks via lightweight framework, which we show could be

easily integrated with other adaptation strategies.

The reminder of the chapter is structured as follows: Section 5.2 will provide a formal detf-
inition of the UDA setting under feature adaptation perspective; then, the proposed OCE
and LSR UDA frameworks based on class-conditional feature-level regularization and cross-
domain adaptation will be introduced in Sections 5.3 and 5.4. finally, experimental details
and evaluation results, along with extensive ablation studies, will be presented for both meth-
ods in Sections 5.5 and 5.6.
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5.2 Problem Formulation

Formally, we denote the input image space as X’ C RHAXWx3
spaceas Y CC HXW where H and W represent the spatial dimensions and C the set of classes.
Givenafirst trainingset 7° = { (X2, Y?) } ) |, where labeled samples (X3, Y?) € Xg x V*

originate from a supervised source domain, together with a second set of unlabeled input

and the associated output label

samples 7% = {X* }2*,, from a target domain (X!, € A7), our goal is to transfer knowl-
edge on the segmentation task learned on the source domain to the unsupervised target do-
main (Z.e., without any label on the target set). Superscripts s and ¢ specify the domain:
source and target, respectively. In the considered UDA setting, we are provided with plenty
of samples X§ € RT*W>3 from a source dataset, in conjunction with their semantic maps
Y: € R¥*W. Those semantic maps contain at each spatial location a ground-truth index
belonging to the set of possible classes C, which denotes the semantic category of the asso-
ciated pixel. Concurrently, we have at our disposal target training samples X!, € R#*W>x3
with no label maps (we allow only the availability of a small amount of target labels for valida-
tion and testing purposes). Despite sharing similar high-level semantic content, the source
and training samples are distributed differently, preventing a source-based model to achieve
a satisfying prediction accuracy on target data without adaptation.

We assume that the segmentation network M = M 4o M€ is based on an encoder-decoder
architecture (as most recent approaches for semantic segmentation), ze., made by the con-
catenation of two logical blocks: the encoder network M€, consisting of the feature extrac-
tor, and a decoder network M?, which is the actual classifier producing the segmentation
map. Moreover, we call M¢(X,,) = F,, € RéﬁXW/XK
input image X,,, where K denotes the number of channels and H’ x W’ denotes the low-

the features extracted from a generic

dimensional latent spatial resolution. Notice that the proposed method is agnostic to the
employed deep learning model, except for the assumption of an encoder-encoder structure
and of positive feature values as provided by ReLU activations that are typically placed at the
encoder output (as almost all the current state-of-the-art approaches for semantic segmenta-
tion).

Given the structure of encoder-decoder based convolutional segmentation networks, we
can assume that each class is mapped to a reference representation in the latent space, that
should be as invariant as possible to the domain shift. The techniques that will be introduced
in Sections 5.3 and 5.4 try to enforce this by comparing the extracted features with some
prototypes for the various classes.
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Figure 5.2: Overview of the proposed OCE approach. Features after supervised training on the source domain are rep-
resented in light gray, while features of the current step are colored. A set of techniques is employed to better shape
the latent feature space spanned by the encoder. Features are clustered and the clusters are forced to be disjoint. At
the same time, features belonging to different classes are forced to be orthogonal with respect to each other. Addition-
ally, features are forced to be sparse and an entropy minimization loss could also be added to guide target samples far
from the decision boundaries.

5.3 Orthogonal and Clustered Embeddings

In this section, we provide an in depth description of the core modules of the first proposed
OCE method [239], ‘e, based on clustered and orthogonal embeddings. Our approach
leverages a clustering objective applied over the individual feature representations, with novel
orthogonality and sparsity constraints. Specifically, inter and intra class alignments are en-
forced by grouping together features of the same semantic class, while simultaneously push-
ing away those of different categories. By enforcing the clustering objective on both source
and target representations, we drive the model towards feature-level domain alignment. We
turther regularize the distribution of latent representations by the joint application of an or-
thogonality and a sparsity losses. The orthogonality module has a two-fold objective: first, it
forces feature vectors of kindred semantic connotations to activate the same channels, while
turning off the remaining ones; second, it constrains feature vectors of dissimilar semantic
connotations to activate different channels, z.e., with no overlap, to reduce cross interference.
The sparsity objective further encourages a lower volume of active feature channels from la-
tent representations, ze., it concentrates the energy of the features on few dimensions.

A graphical outline of the approach with all its components is shown in Figure 5.2: the
training objective is given by the combination of the standard supervised loss with the pro-
posed adaptation modules, ze., it is computed as:

:fot :Ece+)\cl 'Lcl+/\or '£0r+/\sp'£sp7 (5-1)

where L. is the standard supervised cross entropy loss. The other components will be de-
tailed in the following sections: the main clustering objective (L) is introduced in Section
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5.3.1. The orthogonality constraint (L,,) is discussed in Section 5.3.2 and finally the spar-
sity constraint (L)) is detailed in Section 5.3.3. The A parameters balance the multiple losses
and are experimentally chosen using a validation set.

In addition, we further integrate the proposed adaptation method with an oft-the-shelf en-
tropy-minimization like objective (L, ), to provide an extra regularizing action over the seg-
mentation feature space and ultimately achieve an improved performance in some evaluation
scenarios. In particular, we adopt the simple, yet effective, maximum squares objective of [1],
in its smage-wise class-balanced version. Hence, we can define the ultimate training objective

comprising the entropy module as:

Ctot = ggt + )\em : *Cem- (52)

5.3.1 Discriminative Clustering

To bridge the domain gap between the source and target datasets we operate at the feature
level. The discrepancy of input statistics across domains is reflected into a shift of feature
distribution in the latent space spanned by the feature extractor. This ultimately may cause
the source-trained classifier to draw decision boundaries crossing high density regions of the
target latent space [55], since it is inherently unaware of the target semantic modes extracted
from unlabeled target data. Thus, the classification performance over the target domain is

strongly degraded when compared to the upper bound of the source prediction accuracy.

We cope with this performance degradation by resorting to a clustering module, that
serves as constraint towards class-conditional feature alignment between domains. Given
a batch of source (X#) and target (X)) training images (for ease of notation we pick a single
image per domain), we first extract the feature tensors ¥ = M¢(X?) and Fl, = M¢(XY,),
along with the computed output segmentation maps Y% = M (X?) and Y, = M (XY).

The clustering loss is then computed as:

La=gm > d(f;, ) — =T |C| ZZdwm) (5-3)

Fo f,eFs! ]EC keC
it
§i€Sy

where f; is an individual feature vector corresponding to a single spatial location from either
source or target domain and gj; is the corresponding predicted class (to compute ; the seg-
mentation map Yol is downsampled to match the feature tensor spatial dimensions). The
function d(-) represents a generic distance measure, that we set to the L1 norm (we also tried

the L2 norm but it yielded lower results). Finally, 7r; denotes the centroid of semantic class
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J € C computed according to the standard formula:

P — Zf Z Js yL
’ Zyz 5.]7?92 ’

where 0, 5, is equal to 1 if §; = j, and to 0 otherwise.

The clustering objective is composed of two terms, the first measures how close features
are from their respective centroids and the second how spaced out clusters corresponding to
different semantic classes are. Hence, the effect provided by the loss minimization is twofold:
firstly, feature vectors from the same class but different domains are tightened around class
feature centroids; secondly, features from separate classes are subject to a repulsive force ap-

plied to feature centroids, moving them apart.

5.3.2 Orthogonality of Individual Feature Representations

As opposed to previous works on clustering-based adaptation methods for image classifica-
tion, in semantic segmentation additional complexity is brought by the dense structured
classification. To this end, we first introduce an orthogonality constraint in the form of a
training objective. More precisely, feature vectors from either domains, but of different se-
mantic classes according to the network predictions, are forced to be orthogonal, meaning
that their scalar product should be small. On the contrary, features sharing semantic classi-
fication should carry high similarity, z.e., large scalar product. Yet, feature tensors associated
to training samples enclose thousands of feature vectors to cover the entire spatial extent of
the scene and to reach pixel-level classification. Thus, since measuring pair-wise similarities
requires a significant computational effort, we calculate the scalar product between each fea-
ture vector and every class centroid 7; (centroids are computed using Eq. (5.4)). Inspired by
[28, 98], we devise the orthogonality objective as an entropy minimization loss that forces
each feature to be orthogonal with respect to all the centroids but one:

Lor Z Zp] 1ng](f) (55)

fe (X5t Je€
where {p;(f;)} denotes a probability distribution derived as:

€<fi77r]'>

ECERE
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The loss minimization forces a peaked distribution of the probabilities {p;(f;) }, promoting
the orthogonality property as described above, since each feature vector is compelled to carry
a high similarity score with a single class centroid. The overall effect of the orthogonality
objective is to promote a regularized feature distribution, which should ultimately boost the
clustering efficacy in performing domain feature alignment.

5.3.3 Feature Sparsity

To strengthen the regularizing effect brought by the orthogonality constraint, we introduce a
further training objective to better shape class-wise feature structures inside the latent space.
In particular, we propose a sparsity loss, with the intent of decreasing the number of active

feature channels of latent vectors. The objective is defined as follows:

L=~ lI7i—pll, (57)

ieC

where 7r; stands for the normalized centroid 7r; in [0, 1]P and D denotes the number of fea-
ture maps in the encoder output. We also empirically set p = [0.5]”. It can be noted that
the sparsifying action is delivered on class centroids, thus applying an indirect, yet homo-
geneous, influence over all feature vectors from the same semantic category. The result is a
semantically-consistent suppression of weak activations, while rather active ones are jointly
raised.

While the orthogonality objective aims at promoting different sets of activations on fea-
ture vectors from separate semantic classes, the sparsity loss seeks to narrow those sets to a
limited amount of units. Again, the goal is to ease the clustering loss task in creating tight and
well distanced aggregations of features of similar semantic connotation from either source
and target domains, by providing an improved regularity to the class-conditional semantic

structures inside the feature space.

5.4 Latent Space Regularization

In this section, we provide a detailed description of the proposed LSR approach [240], which
is based on the idea of aiding the standard cross-entropy loss with additional components
to enforce the regularization of the latent space. While the source supervised cross-entropy
provides task discriminativeness to the model, the additional objectives jointly imposed on
source and target representations drive towards feature-level domain invariance, ultimately

reducing domain bias. In particular, we add three feature-space shaping constraints to the
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Figure 5.3: Visual summary of the proposed LSR strategy and of the effect of its application on the feature space. The
three proposed space shaping constraints are from left to right: Class Clustering (5.4.1), Prototypes Perpendicularity
(5.4.2), Norm Alignment and Enhancement (5.4.3). Furthermore, we apply entropy minimization [1].

standard source-supervised cross-entropy loss L7, whose combined effect can be mathemat-
ically expressed by:

L= Lo+ N L3+ X - L5+ Nk Lo, (5.8)
Here, ﬁcl is the clustering loss on latent representations (which is of a different from with
respect to OCE’s one, Section s.3.1) (Section 5.4.1), L), is the perpendicularity of class
prototypes loss (Section 5.4.2) and L, is the norm alignment and enhancement loss (Sec-
tion 5.4.3). For an improved performance and to show that our approach can be applied
on top of existing methods, we also extended our objective with the entropy minimization
strategy proposed in [1], leading to LT = L + A, - Lenm.

An overview of the complete approach is reported in Figure s.3.

5.4.1 Clustering of Latent Representations

The domain shift between source and target data is reflected into a discrepancy in distribu-
tion of latent representations from separate domains. Moreover, as the lack of target supervi-
sion inherently leads to a bias towards the source domain, it is very likely for the classifier to
trace decision boundaries tight around source embeddings, regardless of the disposition of
unlabeled target instances. Thus, the misalignment of class-conditional feature statistic in-
evitably leads the model towards incorrect classification over target representations, in turn
degrading the segmentation accuracy on the target domain.

To cope with this issue, we start by introducing a clustering objective over the latent space,
in order to achieve class-conditional alignment of feature distribution. Once more we exploit

class prototypical feature representations to drive the clusterization. Nonetheless, we mod-
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ify the clustering objective proposed in OCE [239] (Section 5.3.1), by focusing solely on
grouping feature representations of the same semantics across domains in tight clusters. In
addition, we improve the dense feature labeling and prototype computation mechanisms em-
ployed in the OCE method 5.3. To this end, we propose an enhanced downsampling method
to convert full resolution segmentation maps to feature-level spatial dimensions, along with

amore advanced and stable prototype estimation, which will be detailed in the next sections.

Histogram-Aware Downsampling

Since the spatial information of an image is mostly preserved while its content travels through
an encoder-decoder network, we can infer a strict relationship between any feature vector
and the semantic labeling of the corresponding image region. Therefore, the first step of the
extraction process is to identify a way to propagate the labeling information to latent repre-
sentations (decimation), preserving the semantic content of the image region (window) as-
sociated to each feature vector. Otherwise, the generation of erroneous associations would
significantly impair the estimation objective. For this task, we design a non-linear pooling
function: instead of computing a simple subsampling (e.g., nearest neighbor), we compute
a frequency histogram over the labels of all the pixels in each window. Such histograms are
then used to select appropriate classification labels for the downsampled windows, produc-
ing feature-level label maps {Iit}gii Specifically, the choice is made by selecting the label
corresponding to the frequency peak in each window, if such peak is distinctive enough, z.e.,
if any other peak is smaller than 7}, times the biggest one (in a similar fashion to the orien-
tation assignment step in the SIFT feature extractor [99]). Empirically, we set T, = 0.5. A
key feature of this technique is its ability to introduce void-class samples when a considered
window cannot be assigned to a unique class, 7., it contains mixed classification labels. This
procedure can be naturally extended to pseudo-labels (z.e., network-generated segmentation
maps) via a confidence measure over the maps that preserves only reliable predictions. In
our case, such measure is computed efficiently by average pooling over the map of output
probability peaks and used to mask the raw low-resolution pseudo-labels, 7.e., we select only
confident labeling with average probability value greater than 7}, = 0.5, empirically.

Prototype Extraction

N
Once computed, the feature-level label maps {I%*}, ] can be used to extract the set F.. of
feature vectors belonging to a generic class ¢ € C in a training batch B:

Fot={F}[w,h] € Rg, | T}'[w, h] = ¢, ¥n € B}, (5:9)
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where (h, w) denote all possible spatial locations over a feature map, z.¢., 0 < h < H'and
0 < w < W'. Exploiting this definition, we can identify the set of all feature vectors in
batch B as the union F** = (|, F2*) U F5' where F3' are the sets of void-class samples.
The class-wise sets are then used to estimate the per-batch class prototypes on labeled source
data by simply computing their centroids:

Z fli] Vi, 1<i<K. (5.10)
f€.7:Ls

Finally, to reduce estimation noise and obtain more stable and reliable prototypes, we apply
exponential smoothing:

7o =nw,+ (1 —n)m.. (5.11)

Where 7. and 7/, are the estimates of class ¢ prototype respectively at current and previous
optimization steps. We initialized 7t. = 0 and empirically set = 0.8. This strategy allows
us to keep track of classes that are not present in the current batch of source samples (in this
caseweset?) = 1 to propagate the previous estimate), aiding significantly in the unsupervised
target tasks.

By exploiting the prototypes, whose computation has been just detailed, and forcing the
source and target feature vectors to tightly assemble around them, we regularize the structure
of the latent space, adapting representations into a domain independent class-wise distribu-

tion. Mathematically, we define the clustering objective as:

Cl - ’C’ Z |fst Z ||7TC sz (S.IZ)

ceC feFst

where || - || denotes the L2 norm. This loss has multiple purposes: first, to better cluster
representations in the latent space in a supervised manner, thus reducing the probability of
erroneous classification. Second, to perform semi-supervised clustering on target samples
exploiting network predictions as pseudo-labels. Finally, to improve prototype estimates,
since forcing tighter clusters will result in more stable on-batch centroids, which will be closer
to the moving-averaged prototype.

5.4.2 Perpendicularity of Latent Representations

We further enhance the space shaping action induced by the clustering objective by introduc-
ing a prototype perpendicularity loss. The idea is to improve the segmentation accuracy by
better separating the tight and domain-invariant clusters on both domains. By doing so, we
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allow the classifiers to increase the margin between decision boundaries and feature clusters,
and, consequently, we reduce the likelihood of those boundaries to cross target high-density
regions of the feature space (z.e., regions populated by many target samples). Unlike previ-
ous works [239], class clusters of latent embeddings are forced to adopt a regular disposition,
whilst being spaced out. In fact, we directly encourage a class-wise orthogonality property,
by pushing prototypes to be perpendicular. In this way, not only we increase the distance
among class clusters, but we jointly regularize the latent space and encourage channel-wise
disjoint activations between different semantic categories.

To quantify perpendicularity in the loss value, we exploit the inner product in the eu-
clidean space and its relationship with the angle 6 between two vectors jand k, z.¢., j - k =
|1il| ||k|| cos 8. Minimizing their normalized product is equivalent to maximizing the angle
between them, since feature vectors have non-negative values. To capture this, we enforce

cross-perpendicularity between any couple of prototypes:

1 T, T,
Ly, = S TRt (5.13)
Pp |C|(|C|—1)Ci£§#j||7rci| |7,

where the sum of the cosines over the set of all couples of non-void classes is computed. We
use the per-batch computation of prototypes on source samples 7. (notice the missing hat
on the prototype symbols, see Eq. (5.10)), guaranteeing a stronger gradient flow through the
network. In addition, thanks to the tight geometric relation between prototype estimates
and feature vectors enforced by ﬁi;t, the effect induced by the orthogonality constraint on
the prototypes is propagated to the vectors associated to them from either domains. The
net result is the application of the shaping action to all feature vectors of each class, thus
promoting perpendicularity between all individual components of distinct clusters.

The loss seeks to increase the angular distance between latent representations of separate
classes, which is achieved when distinct sets of active feature channels are associated to dis-
tinct semantic categories. A similar orthogonality constraint has been proposed in [239].
Difterently from [239] here we directly enforce the perpendicularity property between clus-
ters, whereas in [239] each feature vector is considered independently without accounting

for its semantic labeling, as the constraint is imposed in an unsupervised fashion.

5.4.3 Latent Norm Alignment Constraint

The last constraint we propose acts on the norm of source and target feature vectors. In
particular, we promote the extraction of latent representations with uniform norm values

across domains. Our objective is twofold. First, we aim at increasing the classification con-
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fidence during target prediction, similarly to what achieved by adaptation strategies based
on entropy minimization over the output space [55]. In particular, recent studies in image
classification [97] highlight how the norm of target feature vectors tends towards smaller
values than source ones, generally leading to reduced prediction confidence and potentially
erroneous classifications. Second, we assist the perpendicularity loss by reducing the num-
ber of domain-specific feature channels exploited to perform classification. We argue, in fact,
that by forcing the network to produce consistent feature norms, we reduce the number of
channel activations switched on for only one of the two domains, as they would cause norm

discrepancies. Formally, we define two separate objectives for source and target domains:

W > (5-14)
feFs
Zmax (fs +Ap)—If]]), (5.15)
fe]-‘t

where f, is the mean of the feature vector norms computed from source samples in the pre-
vious optimization step, Ay dictates the enhancement step (we experimentally tuned it, e.g.,
Ay = 0.002). Feature vectors are pushed towards the same global average norm value, re-
gardless of their labeling. This removes any bias generated by heterogeneous pixel-class dis-
tribution in semantic labels, which, for example, would cause the most frequent classes to
show larger norm than the average. The source-specific constraint (Eq. (5.14)) forces both
the inter-class alignment and enhancement step, z.e., it ensures that norms are progressively
increased throughout the training process, towards a common value for all the classes. On
the other hand, the target objective (Eq. (5.15)) focuses on domain-alignment, by enforcing
the target norms to be similar to the source ones. Furthermore, since target features have typ-
ically smaller norms, we do not penalize target norms exceeding the current source reference

value.

5.5 Experimental Setup

In this section we describe the experimental setup used to evaluate OCE and LSR methods.

Datasets We test the proposed OCE [239] and LSR [240] methods on synthetic-to-real
UDA on road-view semantic segmentation. Supervised training is performed on the syn-
thetic datasets GTAs [18] and SYNTHIA [19]. We employ Cityscapes [14] as target domain.
We perform training in a closed-set [234] setup, z.e., source and target class sets coincide.

Therefore, we use the 19 and 16 common classes for GTAs and SYNTHIA, respectively.
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Network Implementation The modules introduced in this work are agnostic to the un-
derlying network architecture and can be extended to other scenarios. For fair comparison
with previous works [1, 48, 5 5] we employ the DeepLab-V2, a fully convolutional segmenta-
tion network with ResNet-101 [100] or VGG-16 [101] as backbones. Further details on the
segmentation network architecture can be found in [48, s55], as we follow the same imple-
mentation adopted in those works. We initialize the two encoder networks with ImageNet
[26] pretrained weights. In addition, prior to the actual adaptation phase, we supervisedly

train the segmentation network on source data.

Training Details The model is trained with the starting learning rate set to 2.5¢-4 and
decreased with a polynomial decay rule of power 0.9. We employ weight decay regularization
of 5e-4. Following [1], we also randomly apply mirroring and gaussian blurring for data
augmentation during the training stage. To accommodate for GPU memory limitations,
we resize images from the GTAs dataset up to a resolution of 1280 x 720 px, as done by
[48]. SYNTHIA images are instead kept to the original size of 1280 x 780 px. As for the
target Cityscapes dataset, training unlabeled images are resized to 1024 x 512 px, whereas the
results of the testing stage are reported at the original image resolution (2048 x 1024 px). As
evaluation metric, we employ the mean Intersection over Union (mIoU). We use a batch size
of 2 (1 source and 1 target samples), training the network for 27, 450 steps (z.¢., 10 epochs of
the Cityscapes [14] dataset) and employing early stopping based on a validation set (subset
of the original training set), which was also exploited for the hyper-parameters search in our
loss terms. The entire model is developed using PyTorch and trained with a single GPU.

Finally, with LSR we followed an enhanced pre-trained strategy: the model is trained on
source-only samples with a batch size of 10 for more stable optimization, and using patches
of 512 x 512 px and data augmentation to remove visual biases introduced by the running
mean components of batch-normalization layers when full images are employed. As an ex-
ample, a dark patch on the bottom half of the image will often be interpreted as road, while
a light patch on the top half will often be interpreted as sky, which is not always true (see
the random camera angles in the SYN'THIA dataset) and preserving such behavior may be
detrimental for some applications. This allows to obtain a model better performing on the
target dataset, even before the actual domain adaptation phase.

5.6 Experimental Results

We evaluate the performance of the proposed OCE [239] and LSR [240] approaches on
two widely used synthetic-to-real adaptation scenarios, namely the GTA§ — Cityscapes and
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SYNTHIA — Cityscapes benchmarks. Tables 5.1 and 5.2 reports the numerical results of
the experimental evaluation. We compare the proposed OCE [239] and LSR [240] frame-
works to several state-of-the-art methods, which, similarly to our approach, resort to a direct
or indirect form of feature-level regularization and distribution alignment to achieve domain
adaptation [1, 35, 40, 48, 55,78, 102, 103 ]. With source only we indicate the naive fine-tuning
approach, in which no form of target adaptation assists the standard source supervision.
An ablation study and a discussion of the effects brought by the proposed loss terms is
also included. Notice that our methods are trained end-to-end, thus we can seamlessly add
other adaptation techniques, e.g., entropy minimization/adversarial output-level approaches
or generative-adversarial input-level solutions. To prove such compatibility, we introduce an

entropy-minimization loss [1] to our frameworks.

Relative Performance Evaluation

For a better evaluation, we introduce a novel measure, called mASR (mean Adapted-to-Su-
pervised Ratio), to capture the relative performance between an adapted architecture and
its target supervised counterpart (higher means better). We compare the IoU score of the

adapted network for each class ¢ € C (IoUg,,,,) with the results of supervised training on

target data (IoUg, , that is a reasonable upper bound estimate) and we average the scores:
1 def 10Uadapt
mASR = — » ASR®, ASR® = —&, (5.16)

In this metric the contribution of each class is inversely proportional to the capacity of the
segmentation model to learn it in the supervised reference scenario, thus emphasizing the
most challenging semantic categories. Results are reported in Table s.2.

5.6.1 Adaptation from GTAS5 to Cityscapes

Analysis of OCE method

For the GTA 5 — Cityscapes and ResNet-101 configuration, our OCE approach shows state-
of-the-art performances in feature-level UDA for semantic segmentation, achieving 45.3%
of mIoU, which is further boosted up to 45.9% by the entropy minimization objective. By
looking at Table 5.1, we observe about 9% increase over the source only baseline, with the
improvement well distributed over all the classes. A similar behavior can be noted when
switching to the less performing VGG-16 backbone: we achieve 33.7% mean IoU with £},
(z.e., without the entropy minimization objective) and 34.2% with L, (7.e., with all compo-
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Table 5.1: Numerical results of the GTAS5 and SYNTHIA to Cityscapes adaptation scenarios in terms of per-class and
mean loU. Evaluations are performed on the validation set of the Cityscapes dataset. In all the experiments, the
Deeplab-V2 segmentation network is employed, with VGG-16 (top) or ResNet-101 (bottom) backbones. The mloU’
results in the last column refer to the 13-classes configuration, i.e., classes marked with * are ignored. MaxSquares Iw
denotes our re-implementation, as original results are provided only for the ResNet-101 backbone. The highest values
have been highlighted in bold.

. & N*
§F o oy & o
& .b(‘w \3\0 > & o" QO@ & 4 & $ & & FmloU
Method & & & & <8 Q°&&4° <& *QQQO/\“% A

Source Only ‘26.5 13.3 45.1 6.0 15.2 16.5 21.3 8.5 78.0 8.3 59.7 45.0 10.5 69.1 22.8 17.9 0.0 16.4 2.7 ‘ 25.4

FCNsITW [35] |70.4 32.4 62.1 14.9 5.4 10.9 142 2.7 79.2 21.3 64.6 44.1 4.2 70.4 8.0 7.3 0.0 3.5 0.0 27.1
CyCADA (f) [40] |85.6 30.7 74.7 14.4 13.0 17.6 13.7 5.8 74.6 15.8 69.9 38.2 3.5 72.3 16.0 5.0 O.I 3.6 0.0 |29.2
CBST [78] 66.7 26.8 73.7 14.8 9.5 28.3 25.9 10.I 75.5 15.7 S1.6 47.2 6.2 71.9 3.7 2.2 5.4 18.9 32.4| 30.9
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Source Only ‘81.8 16.3 74.4 18.6 12.7 23.5 29.3 18.1 73.5 21.4 77.6 55.6 25.6 74.1 28.6 10.2 3.0 25.8 32.7| 37.0
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(b) SYNTHIA — Cityscapes
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nents enabled) starting from the 25.4% of the baseline scenario without adaptation.

When compared with other approaches, our method performs better than standard feature-
level adversarial techniques [3 5, 40, 48, 103]. For example, with the VGG-16 backbone there
isa gain of 4.5% w.r.t. [40]. This proves that a more effective class-conditional alignment has
been ultimately achieved in the latent space by our approach. Due to the similar regularizing
effect over feature distribution and comparable ease of implementation, we also compare our
framework with some entropy minimization and self-training techniques [1, 55, 78], further
showing the effectiveness of our adaptation strategy even if the gap here is a bit more limited.
With both backbones, our novel feature level modules (£}, ;) perform better than MaxSquare
IW [1]. Moreover, adding the entropy minimization objective from [1] to £} , provides a
slight but consistent improvement. It is worth noting that our method does not rely on ad-
ditional trainable modules (e.g., adversarial discriminators [35, 40, 48, 103]) and the whole
adaptation process is end-to-end, not requiring multiple separate steps to be re-iterated (e.g.,
pseudo-labeling in self-training [78]). Moreover, being focused solely on feature level adap-
tation, it could be easily integrated with other adaptation techniques working at different
network levels, such as the input (e.g., generative approaches) or output (e.g., self-training),
as shown by the addition of the output-level entropy-minimization loss.

Figure 5.4 displays some qualitative results on the Cityscapes validation set of the adapta-
tion process when the ResNet-1o1 backbone is used. We observe that the introduction of
the clustering module is beneficial to the target segmentation accuracy w.r.t. the source only
case. Some small prediction inaccuracies remain, that are corrected with the introduction of
the orthogonality, sparsity and entropy modules in the complete framework. By looking at
the last two columns, we also notice that our entire framework shows an improvement over
the individual entropy-minimization like objective from [1], which is reflected in a better de-
tection accuracy both on frequent (e.g., 7oad, vegetation) and less frequent (e.g., traffic sign,

bus) classes.

Analysis of LSR method

In the GTAs — Cityscapes setup our LSR approach achieves a score of 46.0% mIoU, with a
gain of 9.1% compared to the baseline. In addition, LSR outperforms all competitors, with
only [1] and OCE [239] able to get close to our result, while there is a quite relevant gap
compared to other methods. Such improvement is quite stable across most single-class IoU
scores, and is particularly evident in difficult classes, such as terrain, where our strategy shows
the highest percentage gains. As an index of robustness and performance balance, we use the
standard deviation of the per-class IoUs. LSR reduces it by 0.8 compared to OCE [239]
(from 24.8 to 24.0). Furthermore, LSR surpasses the same strategy by 0.4% in terms of
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Table 5.2: Comparison of adaptation strategies in terms of loU, mlou and mASR (%) (Section 5.6). The mloU* and
mASR! restrict to 13 classes, ignoring the ones with same superscript. The highest values have been highlighted in
bold.

K K

" Method mloUmASR % Method  mloU mloU' mASR mASR®
Target Only ‘ 64.8 100 Target Only ‘ 64.8 - 100 100

. Baseline [239] ‘ 36.9 54.0 8 Baseline [239] ‘ 30.1 343 4L7  44.6

2 <

o Q

g\ ASN (fear) [48] | 39.0 569 E\ ASN (feat) [48] | -  40.8 - 52.5

5 MinEnt[5s5] | 42.3 619 % MinEnt [55] 38.1 442 SI.I 56.3

T SAPNet [103] | 43.2 63.1 < SAPNet [103] - 443 B $6.0

Z  MaxSquarelW [1]| 45.5 622 E MaxSquareIW [1]| 39.4 45.2  53.8 8.3

S OCE [239] 45.9 67.3 E OCE [239] 41.1 482 543  60.9
LSR [240] 46.0 67.7 1) LSR [240] 417 48.1 s56.5s 61.6

mASR (Table 5.2), reaching 67.7%, meaning that our approach shows improved accuracy
over more challenging classes, thanks to the enhanced latent space regularization.

Some qualitative results are reported in the top half of Figure 5.5. From visual inspection,
we can verify the increased precision of #. sign, t. light, pole and person borders in multiple
images. Furthermore, LSR correctly classifies the wa// in the first image (labeled as building
by competitors) and the building in the second image (confused for fence by competitors).

5.6.2 Adaptation from SYNTHIA to Cityscapes

Analysis of OCE method

To further prove the efficacy of the OCE method, we evaluate it on the more challenging
SYNTHIA — Cityscapes benchmark, where a larger domain gap exists. Once more, our
approach proves to be successful in performing domain alignment with both ResNet-1o1
and VGG-16 backbones, reaching state-of-the-art results for feature-level UDA in both con-
figurations (see Table 5.1). When ResNet-1o1 is used, the mIoU" on the 13 classes setting
is pushed up to 48.2% from the original 40.5% of source only, while the VGG-16 scenario
witnesses an even more improved performance gain of almost 11% over the no adaptation
baseline till a final value of 43.7%. Differently from the GTAs — Cityscapes case, here the
contribution of the entropy-minimization module varies for the two backbones. The in-
duced benefit is absent with VGG-16, since the clustering, orthogonality and sparsity jointly
enforced already carry the whole adaptation effort. Besides, even the L., objective alone
(i.e., MaxSquares IW ) [1]) displays quite limited gain over the no adaptation baseline. On
the contrary, the regularizing effect of the entropy objective is strongly valuable in case the
ResNet-101 backbone is used. Yet, the combination of all modules together actually pro-
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building = wall

rider car bicycle unlabeled

SYNTHIA— Cityscapes

Target Image Ground Truth Source Only OCE(L¢) [239]  MaxSquare IW [1]  OCE (Ltot) [239]

Figure 5.4: Semantic segmentation of sample scenes from the Cityscapes validation set when adaptation is performed
from the GTA5 and SYNTHIA source datasets and the DeeplLab-V2 with ResNet-101 backbone is employed.

vides a noticeable boost over both the entropy and feature-level modules separately applied.
As for the GTA 5 scenario, our model shows better performance than feature-level adversarial
adaptation [35, 48, 102, 103] and output-level approaches [ 55, 78] comparable in computa-
tional ease. By looking at qualitative results presentin Figure 5.4 on the Cityscapes validation
set when adapting from SYNTHIA, we once more notice overall improved segmentation ac-

curacy across multiple semantic classes.

Analysis of LSR method

In the SYNTHIA — Cityscapes setup LSR surpasses all the competitors in the 16-classes
configuration, reaching 41.7% of mIoU, with a gap compared to the best competing ap-
proach larger than in the previous setting. Once more, our method reduces the standard
deviation of the IoU distribution (27.7 compared to 29.7 of OCE [239]). At the same time,
LSR shows the highest mASR, surpassing the second best approach (on 16 classes) by 2.2%
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building = wall traffic light  traffic sign

person rider car train motorcycle

SYNTHIA— Cityscapes

Target Image Ground Truth Source Only MaxSquare IW [1] OCE [239] LSR [240]

Figure 5.5: Semantic segmentation of sample scenes from the Cityscapes validation dataset when adaptation is per-
formed from the GTAS5 and SYNTHIA source datasets and the DeeplLab-V2 with ResNet-101 backbone is employed.

(Table 5.2). On the 13-classes setup our strategy outperforms all competitors in terms of
mASR with only a marginal loss in mIoU score, confirming our previous claim of better
performance balance across classes and reduced gap with respect to supervised learning.

Similarly to the GTAj case, the performance gain can be noticed also from the qualitative
results reported in the bottom half of Figure 5.5. The segmentation maps show an overall
improvement in the shape of sidewalk and pole classes. Our LSR method is able to correctly
detect the car and person behind the pole in the last image, which are missed or wrongly classi-
fied by competing strategies (e.g., the car is confused as the person in [1]), and can accurately
predict the z sign, missed by some strategies. In addition, we observe improved segmentation
of the bus class, which OCE, in turn, struggles to correctly segment. Finally, we remark that
LSR is able to correct the region around the car logo (bottom-part of each figure), which is
often confused with bicycle, car or bus by competitors.
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Table 5.3: Ablation results on the contribution of each adaptation module in the GTAS5 to Cityscapes scenario and with
ResNet-101 as backbone.

Lag Lo Ls Lep | mloU
37.0
v 42.3
v 43.2
v 43.7
v 44.8
v v v 45.3
v o v oV v 45.9

5.6.3 Orthogonal and Clustered Embeddings: Ablation Study

To verify the robustness of the OCE framework, we perform an extensive ablation study on
the adaptation from GTAj to Cityscapes with ResNet-1o1 as backbone. First, we examine
the contribution of each loss to the final mIoU; then, we investigate the effect of each novel
loss component.

The contribution of each loss to the adaptation module is shown in Table 5.3. Every loss
component largely improves the final mIoU results from 37.0% of the source only scenario up
to a maximum of 44.8%. Combining the 3 novel modules of this work, we achieve a mIoU
of 45.3%, which is higher than all the losses alone, but lower than our complete framework

with all the losses enabled (45.9%).

Discriminative Clustering. To investigate the effect of the OCE’s clustering module
(L) we show a t-SNE [104] plot of features extracted from a sample image of the Cityscapes
validation set. In particular, we provide a comparison of the discovered low-dimensional
feature distribution for two distinct training settings, .., source only and adaptation with
L only. The results are reported in Figure 5.6, where sparse points in the source only plot
turn out more tightly clustered and spaced apart in the £ approach (e.g., look at the person
class).

Feature Orthogonality. We analyze the orthogonality constraint (£,,) via a similarity
score defined as an average class-wise cosine similarity measure (Figure 5.7). The cosine dis-
tance is first computed for every pair of feature vectors from a single target image. Then,
the average values are taken over all features from the same class to get a score for each pair
of semantic classes. The final values are computed by averaging over all images from the
Cityscapes validation set. The score computation is performed for two different configura-
tions, z.e., Lo+ Loy + Ly and L + L, to highlight the effect induced by the orthogonality
module. The results in Figure 5.7 show that £, causes the similarity score to significantly
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Figure 5.6: T-SNE computed over features of a single image of the Cityscapes validation set when adapting from GTA5.

increase within almost all the classes.

Feature Sparsity. To understand the efficacy of the sparsity loss (L)) we compute the
sparsity scores as the fraction of activations in normalized feature vectors close to 0 or 1 (Fig-
ure 5.8). Closeness is quantified as being distant from 0 or 1 less than a threshold, which we
set to le-4. As for the similarity scores, the sparsity measures for a single target image are
obtained through averaging over all feature vectors from the same class. The final results cor-
respond to the mean values over the entire Cityscapes validation set. We compute the scores
for two different configurations, z.e., L + Lo + L, and Lo + Lo, so that we can inspect
the effect that the sparsity module is providing on feature distribution. From Figure 5.8 we
can appreciate that Ly, effectively achieves higher values of sparseness for all the classes.

5.6.4 Latent Space Regularization: Ablation Study

In this section, we evaluate the impact of each constraint on the final accuracy. Quantita-
tive results are reported in Figure 5.9a, where we evaluate our strategy by removing each
constraint independently and evaluating the impact on the final accuracy. In particular, we
show how the absence of each of our losses reduces the final performance by a minimum of
0.8% mIoU and an average of 1% mIoU. Each module brings a significant improvement in
terms of accuracy and all the components are needed for the best results. In addition, we
remark the better performance achieved before the adaptation phase by the enhanced pre-
training, compared to that achieved on OCE with standard source-based pre-training (Table
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Figure 5.7: Similarity scores computed over images of the Cityscapes validation set when adapting from GTAS5.
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Figure 5.8: Sparsity scores computed over images of the Cityscapes validation set when adapting from GTAS.

5.3). Finally, the Lo+ Ly + L, combination (ze., without entropy minimization) per-
forms worse than OCE’s counterpart (i.e., L + Lo + Lsp), but shows to work better in
combination with L., for slightly better overall performance.

Histogram Downsampling. As for the novel downsampling scheme (Section 5.4.1), the
goal of the proposed frequency-aware setup is to label only feature locations with a clear class
assignment. This aims to reduce cross-talk between neighboring features of different classes,
thus improving class discriminativeness at the latent space. We can observe this phenomenon
in Figure 5.9b, where the label map downsampled via our frequency-aware scheme (bottom)
marks some features close to the edges of objects as #nlabeled. This is confirmed by the class
distribution of the downsampled segmentation maps (z.c., to match the spatial resolution
of the feature level), reported in Figure 5.10 for both the histogram-aware scheme (ours) or
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Figure 5.9: (a) Ablation analysis on impact of different loss components. (b) Example of semantic label downsampled via
nearest (top) or by frequency-aware (bottom) approaches.
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Figure 5.10: Class distribution of segmentation maps downsampled either via histogram-aware or via nearest neighbor.

the standard nearest neighbors one. In particular, the histogram-aware scheme generally sel-
dom preserves small object classes, promoting unlabeled classification when discrimination
between classes is uncertain.

Norm Alignment. We analyze the effect of the norm alignment constraint in Figure 5.11,
where we show a plot of some feature vectors after projecting them to a 2D space for better vi-
sualization. This and the subsequent plots were produced using a balanced subset of feature
vectors (350 vectors per class) extracted from the Cityscapes validation set for a fair compara-
tive analysis across the classes.

In Figure .11 the norm of each vector is represented in the radial axis in log scale, the inner
angle between any point and its prototype’s direction is represented in the angular axis. The
original direction in the high dimensional space of each centroid is ignored, as a meaningful
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(a) Baseline. (b) LSR.

Figure 5.11: Feature distribution before and after adaptation.
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Figure 5.12: Average inter-prototype angle, comparison between Source Only and LSR.

representation would be very difficult to achieve in 2D. Instead, we assign to each centroid a
reference angle (as shown by the colored lines) and plot the associated feature vectors centered
on it. The plots also reports a confidence interval for the global average norm, to highlight
how the proposed norm alignment constraint (Section 5.4.3) effectively promotes uniform
norm values: the dark gray line represents the median of the distribution and the shaded
gray area represents the 95% confidence interval. The effect of our space shaping strategy
is clearly visible, in that the norms align very tightly around the global mean value (smaller
shaded region around the unique gray line). The distribution of the points around each
prototype is shrunk, thanks to the clustering objective, while the centroids themselves are
pushed away from each other, thanks to the perpendicularity constraint (not visible from
this plot, but appreciable in Figure 5.12 as we discuss next).
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(a) Baseline. (b) LSR.

Figure 5.13: T-SNE plots comparing class-wise feature distribution before and after adaptation. Points are color coded

according to the legend of Figure 5.5.

Prototype Perpendicularity. To analyze the effect of the perpendicularity constraint,
Figure s.12 shows the distribution of the average inner angle between a prototype’s direc-
tion and the direction of each other prototype. Ideally, we aim at producing as perpendic-
ular prototypes as possible, in order to reduce the overlap of different semantic classes over
feature channels (7.c., cross-talk). The red dashed line at 90 degrees shows the target value for
perpendicularity, which is also the upper bound for the angle, as our feature vectors have all
non-negative coordinates. From the figure, it emerges clearly that our strategy results in an
average increase of more than 5 degrees.

Feature Clustering. Finally, we analyze the LSR’s clustering objective by means of a t-
SNE [104] embedding produced on the normalized features (to remove the norm informa-
tion, enhancing the angular one) and we report it in Figure 5.13. Our strategy increases
significantly the cluster separation in the high dimensional space and the spacing between
clusters belonging to different classes. As a side effect, this also reduces the probability of
confusing visually similar classes (e.g., the truck class with the bus and train ones).
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Part 11

Learning under Task Shift
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Transfer Learning Across Tasks

6.1 Continual Task Learning

Recently, deep learning algorithms have evolved rapidly to tackle a wide variety of tasks pre-
viously considered extremely challenging, particularly in the field of computer vision, where
deep models have been shown to achieve human-like performance in many contexts. Deep
learning techniques have matured along the way and the transition from academic research
to various practical and industrial applications has begun to be successful. However, prac-
tical applications soon raised the need for solutions able to improve the learned knowledge
over time in order to accomplish new tasks without forgetting previous information. This
represents the building paradigm of continual learning in its essence. In other words, when
deep learning models are deployed into the real-world, we would like to have the possibility to
expand the their prediction proficiency to new tasks (leveraging new training data), without
retraining them from scratch.

In general, the main issue with these computational models is that they are prone to catas-
trophic forgetting [105, 106], Z.e., training them with new information interferes with previ-
ously learned knowledge and typically greatly degrades the overall performance. Deep learn-
ing algorithms, in particular, perform the best when all data samples are available during the
training phase and, therefore, require their training to be performed on the entire dataset in
order to adapt to changes in the data distribution. When experiencing sequential tasks with
samples progressively available over time, their performance significantly decreases on previ-
ously learned tasks, as the network parameters are optimized for the newly introduced task

without accounting for former ones, if no ad-hoc provisions are employed [107, 108].
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Continual learning (also called incremental learning, lifelong learning or never ending
learning), then, is the set of techniques designed to face this challenging scenario in which a
sequence of tasks comes in succession. Despite being a long-standing problem in computa-
tional models [106], in deep learning it has been tackled with some successes only recently.
To further prove its relevance, it is worthwhile to consider an analogy between machine learn-
ing and human learning. Indeed, humans encounter a continual stream of learning tasks and
are able to generalize to similar unseen tasks [109]. To understand the brain mechanisms and
to translate them into computational models, many connectionist and biologically-inspired
attempts have been made throughout the years [110, 111].

Recently, the problem has been actively investigated in some image-level visual tasks (z.e.,
with one or few labels per each image) such as image classification [112-114] and object de-
tection [115]. In dense labeling tasks such as semantic segmentation, the problem has been
faced only very recently [3, 4, 116-125] due to the inherent increased complexity. Before
digging into the definition of continual learning and exploring its application to dense label-
ing tasks, we point out some general reviews on the topic, not directly dealing with semantic
segmentation. We refer to [126] for catastrophic forgetting in connectionist models, while
[108] is the first review to critically compare recent works about the phenomenon in deep
learning models. In [127] many approaches are compared into a common framework and
in [128] the challenges of continual learning are described with a special focus on robotics.

In this dissertation we will propose two frameworks to address continual learning for im-
age classification (Chapter 7) and semantic segmentation (Chapter 8). First, we will describe
an approach [242] targeting class incremental image classification based on feature-level re-
play by modeling representation drift. In particular, the goal is to retrieve an estimate of the
feature distribution associated to past tasks, in order to reiterate latent representations of
no longer available training data and thus mitigate forgetting. Then, we will introduce RE-
CALL [241] for class incremental segmentation, based on a replay mechanism at the input
level, resorting to image generation and web-crawling.

The reminder of this chapter comprises a formal introduction and problem formulation
of Continual Learning under task shift, with a special focus to Class Incremental Learning
(Section 6.2); then, an overview of CIL techniques that can be found in literature will be pre-
sented, both for whole-image classification and semantic segmentation as target tasks (Sec-
tion 6.3); we will finally conclude the chapter with a description of the most popular exper-
imental setups and benchmarks exploited for the evaluation of CIL methods (Section 6.4),
which will be re-encountered when validating the proposed CIL frameworks in Chapter 7
and Chapter 8.
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Table 6.1: Formal definition of notation used throughout Part Il of the dissertation.

Symbol Definition
te€{0,1,2,..,T}  Taskindex
X, Input space of the ¢-th task
W Label space of the ¢-th task
Dy = {X,P(X:)}  Domain of the ¢-th task
P(X:, V1) Distribution of the ¢-th task
Cy Class space of the ¢-th task
Co:t-1 Class space up to the ¢-th task (t > 0, ¢ excluded)
T: Training set of the ¢-th task

6.2 Problem Formulation

Continual learning (CL) under the task shift perspective could be regarded as a particular
case of transfer learning, where the target distribution changes at every incremental step and
the model should perform well on all the tasks observed up to the current point. It is also
connected to the domain adaptation problem but, in this case, the focus is devoted toward
data annotations, whose distributions change over time and their number may be increased
as well (z.e., more classes to be recognized).

On the other hand, we remark that the focus of domain adaptation, as discussed in the
previous chapters, was devoted toward the input domain distributions where, typically, a sin-
gle domain shift is experienced. Hybrid approaches combining DA and CL are emerging to
overcome the need for multiple changes in domains and tasks [129—131]. Nonetheless, this
enhanced learning setting is still mostly unexplored for incremental semantic segmentation.
We will provide a discussion on this subject and then propose a novel approach addressing
the hybrid generalized task and domain setup for semantic segmentation in the last part of
the dissertation (z.e., Part III).

In class incremental learning, tasks are received one at the time and training is performed
on the available training data. We remark that in CIL zasks are specifically intended as solv-
ing a classification problem. In the next chapters, we will focus on task incremental learning
under the class-incremental perspective. In addition, CIL represents a mitigation of the true
generalized continual learning system where data distribution is shifting both in terms of
input and output variables, which is more likely to be encountered in practice [127]. The
learned model is updated to recognize new classes, whilst preserving knowledge about pre-
vious ones. An overview of this setup is reported in Figure 6.1. Key notation is reported
and defined in Table 6.1. In more formal terms, we consider the ¢-th incremental step (with
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Figure 6.1: Graphical representation of the class incremental continual learning framework. The model is updated to
recognize new classes over time without forgetting previously learned ones.

t =0,1,2,...,T) and we are given the previous model M;_; and two sets of data (X}, ;)
randomly drawn from the distribution P (&}, ); ), which is an observation (or subset) of the
complete domain (X,Y) ~ P(X,)). Here, X; denotes a set of data samples for step ¢
and ); denotes the corresponding ground-truth annotations (z.c., a single label for the im-
age classification problem or a dense labeling map for the semantic segmentation problem).
In the considered class incremental setup, we assume that each step corresponds to a differ-
ent learning task. Yet, no constraint is usually posed on domain (z.e., D; = {X;, P(X,)})
diversity across steps.

To mimic what happens in many real-world scenarios and to reduce the need for storage
or privacy limitations, many frameworks do not store any sample of data (X, V) for any
step t' preceding the current step ¢t. Hence, the problem becomes even more challenging as
the goal is to control an objective function comprising of all seen tasks without having access
to previous samples. More formally, the empirical risk minimization framework translates

into the research of the optimal parameters §* by optimizing:

T
argming > Equy [£ (M (%:6), 1)), (6.1)

t=0

with model’s parameters 6, loss function £, T" incremental tasks seen so far, and M, the
model function at step t. We remark, however, that this objective function cannot be op-
timized directly as old samples may not be present at all or may be very limited (depending
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on the continual learning scenario, see Section 6.4.1). We refer to the case in which all sam-
ples are available from the beginning as joint training, representing an upper bound of the
performance of a continual learning system (z.e., a single stage of training with all samples).
Furthermore, it is useful to gain insight of the problem in terms of marginal output and
input distributions, ze., P(};) and IP(X}) respectively, of a generic step ¢. In general, task
incremental learning considers that P(Y,11) # P()}) due to the task output spaces dif-
fering over time, ze., V;41 7# YV:. On the other hand, incremental input domains D; are
assumed to not vary across steps, ze., all input samples belong to the same domain but their
task supervision in changing. In Domain Adaptation, instead, input and label distribution
roles are generally inverted, being Dg # Dr and Vg = Vr (see Section 2.2). In addition,
in standard DA there is no continual learning, as adaptation is performed in a single phase
with all domains simultaneously available. Nonetheless, recently some works have addressed
dynamic adaptation setups, with continually changing input distributions [132-134].
Finally, we remark that ideal continual learning setups consider infinite and continuous
stream of training data and at each step the system receives some new samples drawn non-
i.id. from the current distribution P(X}, ;) that could itself experience sudden or gradual
changes with no notification. This is what methods developed in the future should aim to

tackle and realize.

6.3 Continual Task Learning Techniques

6.3.1 Class Incremental Learning

Class incremental learning in the computer vision field has been investigated primarily in re-
lation to the image classification task, which enables more fundamental research due to its
simplicity if compared with more challenging tasks as semantic image segmentation, which
introduces additional complexities to achieve dense semantic recognition. It is possible to
group most of the works present in literature into three major families, according to how
the task specific information is captured and reiterated during the incremental learning pro-
cess [135], Z.e., (i) Replay methods, (ii) Regularization-based methods and (iii) Parameter
isolation methods. We remark that categorization is not mutually exclusive, as different tech-
niques could be jointly used to reach improved performance.

Replay Methods

Replay methods rely on re-introducing data samples of former tasks when novel tasks are
learned, in order to mitigate catastrophic forgetting. Training data from past learning steps
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can just be stored and rehearsed, or pseudo-samples can be retrieved resorting to generative
models.

Rehearsal methods [112, 136-139] are focused on selecting and storing data samples (ex-
emplars) in a memory bank, which is usually assumed to have a fixed size. For example, the
popular iCaRL [112] saves exemplars which are closest to the feature means of their classes.
Other methods have improved the exemplar selection process, such as in [138], where a
reservoir-based more efficient sampling scheme is used. The stored samples are then used
to retrain the prediction model on them in later learning steps, while jointly performing op-
timization on new tasks with the novel training data.

Constrained methods [140-143] leverage the memory bank of stored exemplars to con-

strain the optimization of new tasks. By just retraining on a limited set of training data from
the past, it is likely to end up overfitting on these data. Therefore, by a constrained optimiza-
tion the goal is to learn the new task with minimal interference with respect to past tasks.
This could be achieved, for instance, by looking at gradient directions generated for new and
past data [140, 142].
The major issue with exemplar-based class incremental learning methods is that they may
not scale well with a large number of classes experienced sequentially or when progressing
through multiple learning steps, especially if the memory size is kept fixed. Moreover, they
may be limited by privacy concerns, since practical applications could require that raw input
data samples are not shared across multiple learning phases.

Pseudo Rehearsal methods [144—152, 242] propose to generate rather than store and
rehearse samples of old tasks (at input or feature level). These replay approaches rely on gen-
erative models typically trained on the same data distribution (as the main prediction task),
and those models are later used to generate artificial samples injected into the training pro-
cess to preserve previous knowledge. Generative models are usually GANs [144, 147, 149]
or auto-encoders [148]. Despite not necessarily requiring exemplars from past training sets,
most of the aforementioned pseudo rehearsal approaches introduce novel challenges related
to a complex generative side process, which should sustain the same continual learning pro-
cedure as the main prediction task.

Proposing a simpler solution without an additional generative framework, in [151] class
prototypes were used to model feature distribution for past learning steps, and then inject
past knowledge into the current learning step via a sampling process in the latent space ac-
cording to that distribution. By following this approach, no exemplars have to be stored and
replayed. Although showing promising results, [151] fail to capture the representation drift
that is present while incrementally training models. This is because old task feature repre-
sentations, which are computed when corresponding data is available and then kept fixed
for the rest of the training, are getting constantly staler and more outdated as the learning
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progresses and models are updated.

A different work [152] proposes to dynamically estimate the change of feature prototypes
of old tasks while learning new tasks. However, they do not directly capture the relationship
between semantic representations of old and new classes, rather focusing on estimating the
change of drifts across new and old class sets and neglect the joint evolution of model features
during single task training (z.e., they treat feature representation drift independently for each
feature channel). Furthermore, they limit their scope to embedding learning and devise a
non-learnable module to estimate prototype shift.

In Chapter 7 we will describe our work [242] based on modeling representation drift
within the feature space, and on replaying feature representations of past tasks generated
according to an up-to-date estimate of the feature distribution. The proposed class incre-
mental method does not rely on memory exemplars from past learning steps. At the same
time, it allows to replay data sampled from an updated distribution obtained via a lightweight
generative mechanism that does not involve complex side generative models, which can also

suffer from catastrophic forgetting.

Regularization Based Methods

This class of approaches introduces additional optimization constraints to preserve knowl-
edge of past tasks, leveraging on the training data that is currently available.

Data-focused methods [114, 153-164] mainly exploit previous model representations to

inject knowledge of previous tasks when learning the new one. These works are inspired by
the popular knowledge distillation mechanism [165], where, in its original form, previous
model outputs are used as soft labels in an additional optimization constraint. Diverse distil-
lation schemes have been proposed to tackle incremental image classification, targeting fea-
ture representations [159], applied task-wise [160], based on an attention maps [158], low-
dimensional manifolds [162] or causal frameworks [163], or combined with self-supervised
representation learning [161, 164]. More details will be provided in Section 6.3.2, with a
special focus on incremental semantic segmentation, where the distillation mechanism has
been extended successfully.
Nonetheless, the distillation approach may sufter from domain shift, since the previous
model is fed with the currently available training data that it has never experienced before,
which could lead to noisy pseudo supervision introduced by the distillation objective. This
issue will be addressed in detail in Part III of the dissertation, where a generalized incremental
learning framework under domain and task shifts will be investigated.

We finally remark that most of the successful CIL methods in this category use exemplars
of old classes C ;4 to aid the distillation scheme in rehearsing past knowledge [114, 157-163],
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even if not strictly required by the distillation method in its original form.

Prior-focused methods [166—171] focus on estimating a distribution over model parame-
ters across multiple tasks. Parameter relevance is thus investigated for incremental tasks, and
then used as prior when undertaking a novel learning step. Weight importance drives the
learning process, in order for changes of important parameters to be penalized. Very popu-
lar is the EWC method [166], which slows down learning on certain weights based on how
important they are to previously seen tasks, and does so by exploiting the Fisher information

matrix.

Parameter Isolation Methods

This line of research is populated by works proposing to assign different sets of model weights
to different tasks. By freezing previous parameters and growing new model branches to ac-
commodate for new task knowledge, catastrophic forgetting can be effectively counteracted.

Fixed Network methods [172—175] develop static architectures, where task specific fixed
sections of the prediction model are disjoint. For example, PackNet [172] resort to iterative
pruning and re-training, by which multiple tasks are progressively associated with disjoint
sets of model weights. This allows to avoid catastrophic forgetting, as long as the original
model has space for a new task to be packed. The task-specific fixed-network solution has
the downside of needing a task oracle at test time to select which task (7.¢., model branch) to
activate in order to perform model prediction over an input sample.

Dynamic Architecture methods [176-182] instead propose dynamically changing net-
works, which evolve during the incremental learning process, by for instance growing new
branches [179, 180, 182]. A recent method by Yan ez a/. [182] introduces dynamically ex-
pandable representations to achieve better stability-plasticity trade-oft. They freeze and ex-
pand the feature extractor with additional feature dimensions to accommodate for new vi-
sual concepts to be acquired by the prediction model, while they control model growth by a

channel-wise pruning scheme for efficient incremental increase of the model size.

6.3.2 Incremental Semantic Segmentation

Even if many of the works detailed in the previous section propose techniques which could
in principle be generalized to various vision tasks (such as the popular knowledge distillation
mechanism [113, 115, 165]), when facing the semantic segmentation additional complexity,
which are not present in case of whole-image classification, must be taken into account. In
this section we are going to review the main methods to tackle task-incremental semantic

segmentation grouped by employed technique.
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Knowledge Distillation

The first family of approaches we present is the most commonly employed one thanks to its
simplicity and efficacy, z.e., knowledge distillation. This technique was originally proposed
by [183] and [165] to preserve the output of a complex ensemble of networks when adopt-
ing a simpler network for more efficient deployment. The idea was adapted to maintain un-
changed the responses of the network on the old tasks whilst updating it with new training
samples typically associated to new tasks. This is typically performed applying a constraint
(e.g., aloss function) in order to mimic the responses of the previous model in the current
one. Its main effect is to act as a powerful regularization term during the learning process of
the current classes, often leading to better performance on both previous and current classes
(by preserving the capability of recognizing the former set and avoiding the overestimation
of the latter set).

Knowledge distillation has been explored in different setups and it is somehow a prereq-
uisite for successful task incremental learning algorithms. In sparse tasks, many algorithms
use knowledge distillation in different flavors [114, 153-164] (we refer to Section 6.3).

These techniques have been found to be extremely effective and reliable also in dense tasks.
[116] extend the image classification model of [113] to segmentation simply constructing a
knowledge distillation loss as the cross entropy between previous and current model’s out-
put probabilities. The authors also devise a strategy to select relevant samples of old data for
rehearsal, that improve the performance, but violate the assumption used in many scenarios
of avoiding previous data storage. [117] apply knowledge distillation via cross entropy be-
tween previous and current model’s output probabilities for each class, as the model predicts
binary segmentation maps for each class separately. [118] evaluate on a standard semantic
segmentation benchmark and propose to apply knowledge distillation not only at the out-
put level but also at the intermediate feature space to preserve the geometrical relationships
of the extracted features. The work is extended in [119] that introduces and compares many
knowledge distillation techniques. In particular, distillation on the output layer is enriched
by temperature scaling (ze., rescaling softmax probabilities by a so-called temperature fac-
tor) to consider also the uncertainty of the estimations of previous models. Distillation on
intermediate feature level is extended to multiple decoding stages and a scheme inspired by
Similarity-Preserving Knowledge Distillation [184] is also proposed. [3] propose a revisited
distillation loss on the output level which accounts for the fact that a previous model could
have already seen previous classes labeled as background. [4] propose a masked and weighted
distillation loss on the output level to improve the accuracy on small or under-represented
classes within the dataset. [120] applies a matching distillation to retain both long-range and
short-range statistics at different feature levels and at different scales between the old and
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current model by pooling representations. [121] introduce a measure of task similarity as a
weighting factor in the distillation objective. [122] resort to a structured self-attention ap-
proach for preserve relevant knowledge. Finally, [123] extend the popular contrastive learn-
ing paradigm to incremental semantic segmentation to improve class discriminability in the
feature space.

Parameter Freezing

One of the major achievements of the early connectionist works is that they identified one
main strategy to address catastrophic forgetting: 7.e., by freezing part of the network weights
[112]. This technique has been applied by a large number of contemporary approaches as
a regularization attempt to prevent knowledge degradation caused by upcoming tasks. For
instance, [115] experiment on freezing either all the layers (except for the last) or part of
them. [185] tries to identify and freeze a compact subset of features (nodes) in the hidden
layers, that are crucial for the current task, thus preventing forgetting in the future. Similarly,
[166] remember old tasks by slowing down the learning process on the relevant weights for
those tasks. [154] try to maintain the performance on old tasks by freezing the final layer and
discouraging the change of shared weights in feature extraction layers.

Also in the dense labeling task, parameter freezing has been proposed as a way to prevent
forgetting. [118] propose to freeze all the layers of the encoder in order to preserve unaltered
the feature extraction capabilities and only train the decoding parameters. [119] propose to
freeze only the first couple of layers of the encoder, to preserve the most task-agnostic part of
the feature extractor. However, the choice of which layers to freeze remains an open question
and there is an intrinsic trade-off between the capability of efficiently learning new tasks and
the preservation of the acquired knowledge. A first attempt of automatic selection of which
layers to freeze has been recently introduced by [186] checking the most plastic layers of the

network.

Geometrical Feature-Level

The analysis of the latent space organization is becoming crucial towards understanding and
improvement of deep neural networks [94, 95, 187, 188]. Recently, some attention has been
devoted to latent regularization in continual image classification [189, 190] and in unsu-
pervised domain adaptation [239, 240]. The key idea of these approaches is to disentangle
the intermediate feature space in different ways, to space apart features of different classes.
In continual learning this can reduce the overlap when future classes are introduced in the

model.
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Moving to dense tasks, we find the work of Michieli ez 4/. [2], where the latent space is con-
strained to reduce forgetting whilst improving the recognition of novel classes. The frame-
work is driven by three main components: first, prototype matching enforces latent space
consistency on old classes, constraining the encoder to produce similar latent representation
for previously seen classes in the subsequent steps; second, feature sparsification allows to
make room in the latent space to accommodate novel classes; third, contrastive learning is em-
ployed to cluster features according to their semantics while tearing apart those of different
classes. More recently, Yang ez a/. [123] resort to a contrastive paradigm to enforce similarity
between latent representations of all the pixels from the same classes, and space apart those
corresponding to pixels from different classes. In order to alleviate catastrophic forgetting,
representations of the new model and representations extracted by a frozen model from the

previous learning step are jointly exploited in a contrastive scheme.

New Directions

Other novel ideas have been proposed in the continual learning literature both for dense and
sparse tasks. Here, we present and discuss some of the most promising research directions.

Weights Initialization has been employed in [3] to deal with the atypical behavior of the
background class in the disjoint and overlapped scenarios. The authors initialize the classi-
fier’s parameters for the novel classes in such a way that the probability of the background
is uniformly spread among the novel classes, preventing the model to be biased toward the
background class when dealing with unseen classes.

Generative Replay methods train generative models on the current data distribution; af-
terwards, it is possible to sample data from past experience when learning on new data (we
refer to Section 6.3). By learning on actual data mixed with artificially generated past data,
they try to preserve past knowledge while learning the new task. The generative model is
generally a GAN [31] asin [147] and [144] or an auto-encoder asin [191] and [148].

In Chapter 8, we propose RECALL [241], an incremental learning framework for seman-
tic segmentation where two kinds of generative replays are exploited: either resorting to a
standard pre-trained GAN or to web-crawled images to avoid forgetting, without storing
any of the samples related to previous tasks. When using the generative model, differently
from previous works on continual image classification, we do not select real exemplars as
anchor to support the learned distribution [149] nor we train or fine-tune the GAN archi-
tecture on the current data distribution [144, 147, 149], thus reducing memory and compu-
tation time. In particular, only the weak classification labeling is available for generated data
and some pseudo-labels need to be estimated for segmentation. We will detail the devised
approach to retrieve both image data and dense annotations for past tasks.
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Webly-based Learning models [192, 193], 7.¢., models that learn from samples acquired
via web searches, could be an extremely powerful tool to retrieve faithful past examples us-
ing as queries the label names of the old classes to preserve. This approach is proposed in
RECALL [241] as an alternative to GAN-based image generation, where novel samples are
interleaved with web-crawled ones (querying the class names to drive the search). This simple
method outperforms by a large margin competing approaches with the (minimal) require-
ment of searching for pictures on the Web. Also in this case, only weak classification labels
are available and a pseudo-labeling scheme needs to be introduced.

6.4 Experimental Setups

6.4.1 Task Incremental Setups

Continual task learning in class incremental fashion comes in different flavors. In particular,
existing works differ in the consideration of the domain distributions P(X}, ;) and of the
data sampling (X}, V;). The different choices emerge from different target applications. Let
us denote with Cy.;-1 the previous label set, which is expanded with a set of new classes C; at
step t, yielding a new label set Cy.; = Co.4-1 U C;.

As typically assumed in task incremental settings, the sets of new labels discovered at each
step are disjoint. Nonetheless, a different discussion about incremental class progression
should be made for global and dense classification problems. While for whole-image classifi-
cation the generation of incremental data sets is straightforward once the class order has been
determined (due to the one-to-one image-label association), dense prediction problems, such
as semantic segmentation, allows for pixels with diverse semantic significance to be found in
a single image, leading to data samples with multi-class labels. In addition, there usually ex-
ists a special background or void class that is present in every incremental step, and which
behavior and meaning depends on the selected scenario. These features entail that many
possible incremental scenarios can be followed in case of dense classification problems, and
one of the key differences lies in the way the background class is considered, which is typi-
cal of many semantic segmentation benchmarks. The most common settings for continual

semantic segmentation are the following:

(i) Sequential masked. This setup reflects the simplest idea on continual semantic seg-
mentation; z.e., each learning step contains a unique set of images, whose pixels belong
either to novel classes or to a void class, which is not predicted by the model and it is
masked out from both the results and the training procedure. This setup has been
used in [4, 117].
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(i) Sequential. This setup has been proposed in [118, 119]. Each learning step con-
tains a unique set of images, whose pixels belong to classes seen either in the cur-
rent or in the previous learning steps. At each step, labels for pixels of both novel
classes and old ones are present; however, the specific occurrence of a particular old
class is highly correlated to the set of classes being added. For example, if the set of
all old classes is Coy-1 = {chair, airplane} and the set of classes being added is
C: = {dining table}, then it is reasonable to expect that (X}, );) contains some im-
ages with the chair class, that typically appears together with the dining table, while
the class airplane is extremely unlikely to occur.

(iii) Disjoint. This setup has been proposedin [3, 119]. Ateach learning step, the unique
set of images is identical to the sequential setup. The difference with respect to the
sequential setup lies in the set of labels. At each step, only labels for pixels of novel
classes are present, while the old ones are labeled as background in the segmentation

maps (this causes the background class to change distribution at each step).

(iv) Overlapped. This setup moves from the work of [115] for object detection and has
been addressed in [2, 3, 120] for semantic segmentation. In this setup, each training
step contains all the images that have atleast one pixel of a novel set of classes, with only
the classes of the set annotated and the rest set to background. Difterently from the
other settings, in this scenario images may contain pixels of classes that will be learned
in the future, but labeled as background in the current step; for this reason, as in the

previous setting, the background class changes distribution at every incremental step.

A few examples of the different semantic map annotations are given in Figure 6.2. Although
being subcategories of the same problem they lead to substantially different setups requiring
different strategies to be tackled.

This articulated scenario is getting even more articulated as there exist many different ways
of sampling the sets C; of unseen classes and of selecting its cardinality |C,|, leading to com-
pletely different experiments. For instance, let us consider one of the most widely used bench-
marks for semantic segmentation, z.e., the Pascal VOC2o012 dataset [20], which is composed
by 21 semantic classes (background included). Regarding the first aspect, one possibility is
to sort the classes using the order provided by the dataset (e.g., the alphabetical ordering for
VOCz2o012) as done in [2, 3, 115, 118—120]. Another possibility is to sort the classes based
on their occurrence inside the dataset [119], to reflect the idea that, in real-world applica-
tions, it is more likely to start from common classes and introduce rarer ones later. With
respect to the second aspect, one may add a single class, a batch of classes or multiple classes

sequentially one after the other [2, 3, 118—120]. All these possibilities open up a very varie-
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Figure 6.2: Overview of the different setups for class incremental continual learning in semantic segmentation. The

black class represents the background class and the white one represents the void/unlabeled.

gate picture, which is being explored only recently, hence many research directions remain
still unexplored.

6.4.2 Employed Datasets

In this section we describe the experimental benchmarks commonly used in class incremental

learning, which will be exploited to validate techniques presented in Chapters 7 and 8.

Image Classification

There exist multiple standard CIL benchmarks, such as the CIFAR 100 [194], Tinylma-
geNet [195] and CUB20o-2011 [196] datasets. In addition, the large-scale ImageNet-Subset
benchmark [26] is commonly employed to validate incremental frameworks in a more chal-
lenging setup. To simulate the task incremental framework different class incremental pro-
tocols can be used. Generally, first the training is performed on large set of classes, such as
half of the available semantic classes, in order to get a robust model before undertaking the
incremental phases. Then, the remaining class set is evenly divided into multiple steps (such
as 5, 10 or 20 incremental steps), each with an equal number of new classes being introduced.
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Semantic Segmentation

One of the most widely used benchmarks for incremental semantic segmentation is the Pas-
cal VOC2o12 dataset [197]. It contains 11,530 training and validation images of a variable
size and with semantic labels corresponding to 20 classes plus background. Disjoint, over-
lapped and sequential experimental settings are commonly analyzed [3, 115, 118, 119]. As
discussed in Section 6.4.1, in the first setting each learning step contains a unique set of im-
ages, whose pixels belong to classes seen either in the current or in the previous learning steps.
In other words, each image is seen in only one learning step. On the contrary, in the over-
lapped setting, a few classes appear on both tasks. Finally, the sequential setup allows to
get annotations for past classes if re-occurring in novel step images. Additionally, different
class incremental procedures can be investigated, varying the size of class set seen at the first
learning step and of number of incremental steps.
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Continual Learning by Feature-level Replay

7.1 Introduction

As detailed in Chapter 6, continual learning has been extensively studied in a class incremen-
tal fashion [108, 127, 198]. In Class Incremental Learning, a model is employed with se-
quential tasks, where classes to be learned progressively change (Figure 7.1). Yet, the change
of distribution of training data in the form of semantic drift (z.¢., due to change of experi-
enced class set) leads to forgetting, where the bias towards new data causes past information
to be gradually erased and learned representations to be constantly updated (z.e., feature drift)
focusing on new tasks. Our goal is to retrieve and replay up-to-date feature-level representa-
tions from former tasks without accessing training samples from the past. The contributions
in this chapter, introduced to overcome the aforementioned limitations and perform feature-

level replay, with focus on the image classification problem, can be summarized as follows:

(i) To expound the forgetting phenomena in CIL, we explore the dynamics of incremen-
tally learned classifiers using a probabilistic approach. Our investigation (Figure 7.1)
suggests that a source of the forgetting is the evanescence of representations learned
using old classes and the unavailability of their distribution in incremental steps.

(ii) To revive the evanescent representations (ERs), we devise a framework which enables
to model different types of representation drifts modularly. In the framework (Fig-
ure 7.1, 7.2 and 7.3), we first define the change of feature representations by fea-
ture drift (ze., due to constantly evolving feature representations of different patterns
learned from data in CIL) and propose an effective method to model it. Next, we de-

I13



Evanescent
Representations
Learning new
classes causes
representations
O of past data DEI
(] g O 00 to change

— Decision

X Catastrophic
— boundaries

Forgetting by
Representation
Evanescence

oo New class .
representations

Evanescent - o
A representations 0O
of old classes Modeling Semantic Drift
A Old class A A Revived
prototype 4\  Evanescent
f;\' O 2 4‘ Representations
\ Semantic A Oe¢ .
drift (learned) v \‘ O (@)

% Semantic
*  drift (inferred)

4 Feature drift

(learned) A
. A .
. Feature drift N Revived
* (inferred) Evanescent

Representations

Figure 7.1: In CIL, the process of training models on new classes causes representations of past categories to constantly
change. Yet, unavailability of data of former classes prevents from tracking their evolution in feature spaces, leading

to evanescence of their representations and, in turn, to catastrophic forgetting. We propose to model representation
drift on a semantic level (i.e., the relationship among novel and past classes) and on a feature level (i.e., the combined
evolution of features learned by a classification model), and exploit it to infer up-to-date representations of past classes.
By injecting old-class knowledge into the learning process, we counteract forgetting.

fine the change of representations of classes by semantic drift (ze., due to the change
of semantic categories learned at different incremental steps) and propose an effective
method to model it.

(iif) We propose to train semantic and feature drift models together with feature learning
and classification models. The devised method integrates learning and inference in
training: it is used to estimate old-class distributions, to be exploited for preserving

knowledge of former classes, while learning new representations for new classes.

(iv) In the experimental analyses, our methods outperform state-of-the-art exemplar-free
competitors on various benchmarks. We also provide a detailed ablation study of ge-
ometric and statistical properties of drift models. Our experimental results explicate
the nontrivial relationships between accuracy of models and distribution of evanes-
cent and revived representations in class incremental learning.

The chapter is organized as follows: first the CIL problem under representation learning
perspective will be formally introduced (Section 7.2); next, the core of the proposed CIL
strategy will be described, z.e., we will discuss how to model representation drift, both in its
feature and semantic forms, in order to estimate the feature distribution of former classes
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Table 7.1: Formal definition of key notation used throughout Chapter 7.

Symbol Definition

te{0,1,2,..,T} Step index
ne€{0,1,2,..,N}  Stageindex

T: Training set at step ¢

Foid Set of old class feature representations at the current step

F2,Fp Set of new class feature representations at step ¢, respectively at stages o and 1
HZ}%, Hiﬁ Set of old class feature prototypes at step £, respectively at stages o and n

It .., Set of new class feature prototypes computed at the end of step ¢
fo. Feature extractor at step ¢

he, Classifier at step ¢

gt = hg, o fo, Classification model at step ¢
Loyr Feature drift model at step ¢ and stage n
Uym Semantic drift model at step ¢ and stage 1

(Section 7.3); we will additionally detail the overall incremental training, that merges drift
modeling to the image classification task learning, and the core architectures underlying drift
models (Section 7.4 and 7.5); lastly, we will provide extensive experimental studies to validate
the proposed framework (Sections 7.6 and 7.7).

7.2 Problem Formulation

In the considered learning setting, for each incremental training task and step ¢, the training
set is composed of images belonging to the current class set C;, whereas past semantic cate-
gories Cpq = {Cy}!i_}, lack any training sample. The goal of the model is to maximize the
generalization (classification) accuracy on all the classes observed up to the current step.

More formally, at each step ¢ € [T] = {0,1,...,T} of CIL, we are given a dataset
Ti = (X, Vi), where X, = {X, };V:tl is the set of RGB image samples and V, = {y:; €
Ct}jy:tl is the set of their labels. C; is the set of class labels observed at this step, and C; N
Cy = 0,¥t # t'. Popularly employed CIL models for whole-image classification [151] are
composed of a feature extraction module fy and a classifier hg with parameters € © and
¢ € ®. Ateach t-th step, training is performed by solving:

t—1
argmin L}, + E €, (7.1)
9t7¢>t:6 =0
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where L, £ L(T; 0:, @) is the expected loss of the full classification model g; = hy, © f,
on T atstep t, while €, controls the forgetting of representations of old classes [15 1]. In other
words, we would like to optimize £, in order to perform well on the new set of classes, still
retaining the satisfactory performance on old tasks that should have been previously achieved.
The €y term, in fact, is supposed to measure the performance deviation suftered by the model
from the configuration attained in past steps relative to the old classes.

To address the classification optimization problem, we can identify different strategies.
On one side, generative classifiers implementing A, optimize Eq. (7.1) to model the joint
probability distribution p(C, F'; P) where P = © U ®. On the other side, discriminative
classifiers, such as softmax classifier, instead optimize Eq. (7.1) to model the conditional
distribution p(C'|F'; P), defining the loss by a function (e.g., a cross-entropy objective) of
p(C|F;P). We will focus on the second category.

In general, however, when dealing with the classification task in an incremental fashion,
methods aim to model p(C, F|P;) without using { 7y },_, at step ¢, where

* P, =0, Ud, 0, = {Op},_,and &, = {¢p}i_, are the model’s current set of

*
parameters 5

* '€ F = F; U Fyq is the random variable taking values from the set of feature
representations J; learned at step ¢ on current training data 7; and from old represen-

tations Fo;q = {-Ft’}i/_:lo’ and

* C € C = C UCyyq is a random variable of semantic (class) representations, where

Coa = {Cv Y-

Deep learning models have been employed to model probability distributions implicitly
by learning representations of old and new classes, and make predictions for new classes:
(i) class posterior probabilities for old (p(C' € Cyq|®)) and new classes (p(C' € C;|e)) are
computed using classifiers hg ,, V' € {0,1,...,t};
(ii) feature representations F; of new classes C; are learned by updating the feature extractor

f@t,,Vt’ € {0,1,...,t}.

Evanescent Representations Atthet-thstep, we do not have access to old samples 7,4 =
{Ty }i,;l o- Thus, features ;4 cannot be extracted from 7,4, leaving us with no direct way
to minimize Eq. (7.1) by modeling feature distributions for old and new classes jointly.

To address this problem and bring the evanescent representations F,q to lite, we exploit class

prototypes 7 € 1I,4, which we obtain by computing the class-wise mean of features [151].

*In some CIL methods, models trained at eatlier steps ¢’ < ¢ are frozen and re-used at consecutive steps,
while the other methods incrementally update the models at each step. In the latter case, P, = {6, } U {¢:}.
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Figure 7.2: lllustration of the learning phase (LP) of semantic and feature drift models. SD (top): we model the relation-
ship between representations of new and old classes at the beginning of the incremental step. FD (bottom): we capture
the evolution of representations of novel classes within the incremental step.

We leverage prototypes at the beginning of an incremental step to model old-class feature
distribution p(F' € Fq|me € yq) (denoted by Foiq ~ 1154 in Figure 7.2 and Figure 7.3).
Then, we update p(F' € Fp4) throughout the incremental step by modeling the representa-
tion drift to revive evanescent representations. In the next section, we will provide a detailed

description of the proposed approach.

7.3 Modeling Representation Drift

Let F; denote the set of features extracted using a feature extractor fp, at the beginning of the
incremental step ¢, and F;* denote the set of features extracted using fg, updated withn > 0
optimization stages from the dataset 7;. Since only 7; is available at the step ¢, 7} and F}"
contain only representations of new classes C;. Similarly, [T, and TT"" are the set of semantic
representations (prototypes) of old classes C;q4, respectively available at the beginning of the
step ¢ and updated at the n'* stage (n > 0) of the same step. Moreover, we remark that
storing prototypes is very memory efficient and compliant to privacy requirements [151],
since a very limited amount of processed data has to be stored (z.¢., comparable to the size of
a classifier).

We propose modeling the drift of feature and semantic representations using two models:

(i) ', parameterized by +y, and (ii) ¥, parameterized by 1) in two phases:
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Figure 7.3: An outline of our CIL framework augmented with the proposed representation drift models. A classifier is
trained on the dataset J; at step ¢ (LZe)- Feature knowledge distillation (L'}kd) is used to reduce feature drift. We ex-
ploit the drift models learned in LP (Figure 7.2) to infer revived evanescent representations (RERs), which are leveraged
by Lid to inject past knowledge into the current training procedure.

1. In the Learning Phase (LP); the parameters y and v are optimized to estimate the
relationship among representations available at an incremental step ¢ (Figure 7.2).

2. In the Inference Phase (IP); the learned models I', and W, are used to infer 7,
which are the evanescent representations revived at the step t (Figure 7.3).

The following subsections detail the methods proposed for modeling drifts. To identify and
train Iy and Wy, we propose to leverage Gaussian (GM) and Variational (VM) models pa-
rameterized by deep neural networks (DNNs). Although Gaussian processes can be used
for VMs [199], we consider GMs and VMs individually to explicate variational structure of
VMs. We will detail the training algorithms we use to learn these models in Section 7.4. In ad-
dition, the analyses given in Section 7.7 will show that Gaussian models can provide a more
robust accuracy, since they do not suffer from pathologies of variational models. [200, 201].
On the other hand, variational models can provide higher accuracy when limited data is avail-

able, 7.e., for small 7.

7.3.1 Modeling Feature Drift

Learning Phase

We aim at modeling the feature drift (FD) experienced on current data 7; as representations
revive and evolve throughout the present step t > 0, as depicted in Figure 7.2. In particular,
at stage . > 0, we extract ;" and train I',p to learn the relationship between F}’ and F7,
Z.e., between new-class representations captured at different stages.
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GM: To employ Gaussian models, we first identify I'yn : FP— Fr by a DNN, ¢g., a
multilayer perceptron (MLP). Then, I’y is trained to track and model the evolution of re-
vived evanescent representations (RERs) from stage 0 to 7.

VM: We consider I'» as a stochastic map and identify it by a variational model such as
a variational auto-encoder (VAE). The variational model is trained by maximizing the likeli-
hood p(F € F'|F € F?;~"). Thereby, we can statistically model the feature drift across
different stages [n] at a given step t.

Inference Phase

In the learning phase, the model I, is trained to learn the drift experienced by features associ-
ated to C;. In the inference phase (Figure 7.3), instead, we exploit the trained I to infer the
feature drift undergone by features of C,;q and, consequently, the distribution p(F' € F7,)
of revived evanescent representations J;,

GM: We use I'\» to infer representations of old class prototypes 11" at stagen > 0
under the feature drlft That i 1s, I"» enables us to directly track the trajectory of I, from
stage 0 to 1, and thus map Y o o e ol Ifn =0,thenT, 0 isan identity map. Finally, we
approximate the distribution p(F' € F};) of revived evanescent representations at stage 1
by a Gaussian distribution p(F € F7 ;7. € 11} ) ~ N(m.,0.). For both Gaussian and
variational models, the standard deviation o is estimated at step ¢’ when ¢ € Cy, and kept
fixed at every step t” > t'.

VM: The trained model I'» provides an approximation of p(F' € FJj,|F € FJ,). At
stagen = 0, we resort to p(F' € FU,), as no feature drift has to be estimated, and we
model the distribution of evanescent representations by p(F' € F3,;) x p(F € Fou; e €
) ~ N (7TC, o.). Atn > 0, training features are sampled from the distribution p(F' €

ol I € Foas i) - (€ Foyg).

7.3.2 Modeling Semantic Drift

Learning Phase

We aim at capturing the semantic drift (SD) experienced by representations at each incre-
mental step. To this end, at the beginning of each step, we extract F; 0 and train a network
W0 with parameters 1f to model the relationship between F} and F,;. We employ pro-
totypes m € 1107, to model p(F € F9,;) o p(F € Foyme € TLY) ~ N (7, 0.). As
opposed to I'y, Wy, captures the semantic drift observed at each new step. Therefore, an in-
dividual model W, is optimized at the start, and fixed for the rest of the step (z.e., i = 1}).
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When model fusion (see Section 7.4.2) is adopted, instead, Wy, is re-trained once per stage,
to account for the drift estimated by I, (Section 7.4.2).

GM: We first identify Wyn : F — HZ’& by a deep neural network (e.g., an MLP). Then,
Wy is trained to model the semantic drift between representations for classes available at the
current step (C;) and those experienced in the past (Cyq).

VM: We first approximate the distribution p(F € FJ,) of evanescent representations
revived at stagen = 0 by p(F € FO; 7. € TI%Y) ~ N (7., 0.). Then, a conditional VM
(e.¢., a VAE) is trained by maximizing the likelihood p(F' € F9,|EF € F7;7) to learn the

representations shared among old and new classes.

Inference Phase

In the learning phase, Wyx is trained to learn the semantic drift experienced while moving
from Cyq to C;. The drift is captured at the beginning of the current step ¢, when up-to-
date representations of both sets are available. We now exploit the trained Wy to infer the
semantic undergone at every stagen > 0, and estimate the distribution p(F' € F.;;) of
evanescent representations.

GM: We use the trained Wy to infer representations of old class prototypes %" ¥n >0
under semantic drift. That is, Uyn : " — HZ’ZZ’S is trained to estimate the relationship
between feature and prototypical representations at stage n. We then approximate p(F' €

5ia) by p(F € Frigime € oy ) ~ N (7, o).

VM: The trained model W, provides an approximation of the feature distribution p(F' €
FlF € F'),Vn > 0. To generate feature samples to be leveraged for training purposes,
we perform inference using the estimated distribution p(F' € F,|F € F;¢7) - p(F €
F}'), where F}" is provided by the feature extractor fp, trained for n optimization stages and

applied on samples from 7.

7.4 Training Models of Representation Drift

7.4.1 Training Classification Models

Ateach step ¢, we train g; = hg, © fp, on T; using a cross-entropy loss LY, = 2 Leo(To).
When ¢ > 0, to mitigate forgetting of previous tasks, we generate features of Cyq by
modeling the drift and estimating the distribution p(F' € F,;4). Thus, we compute:

Ly, = old Z yrlog hy, (F (7.2)

FeFlt
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Algorithm 7.1 Training Models.

Input: {7;}1, (datasets), N (num. of stages per step).
Output: gr = h¢T o ng.
Train fp, and hg, with L2, and compute IT2,,,.
Initialize Hzl:dl’o as 10
for each incremental step £ < 1 to 7" do
for each optimization stage n <—oto N — 1 do
LP: Train I'yp and Wy by solving (7.5).
IP: Estimate p(F);,;) and HZ’;ZI
Train fy, and hg, by solving (7.6).
end for
LP: Train I' v and W v by solving (7.5).
IP: Estimate pr’l]c\lf and IT¢ .
Initialize HZZ;’O =11, U Hi’ljc\l[

end for

where yp is the one-hot label vector of the class ¢y € C,q and F(Z’j is the set of revived
evanescent representations sampled from the estimated distribution using the updated pro-
totypes of Coig. Theloss L approximates £(7Ty; 0y, ¢1) < €y (Eq.7.1) of g on the previous
datasets { T, };_!, using their inferred representations.

We enhance the training objective by a distillation loss L;kd £ #kd(T) [158] to reduce
the entity of representation drift across incremental tasks. L'}kd is defined by the ¢, distance
between representations extracted from 7; using fy, and fg, ,, the latter inherited from the
previous step and kept fixed. Thereby, LY, ; approximates the difference between L, and the
loss L], of the previous model fy, _, on 7. Although L] _is not explicitly defined in Eq. (7.1),
it provides information regarding shareability of representations among consecutive steps
t — 1 and t. Therefore, models optimizing Lj«kd can make use of the feature shareability
for learning drifts. Then, the overall classification objective L, computed at each step ¢ is
L, = L+ NalLly + ApraLly,g where Ll and L, are used only for ¢ > 0 with loss
balancing parameters A.q > 0 and A ;g > 0.

7.4.2 Training Representation Drift Models

The loss functions L £ Ly(F2, Fryal) and LE & Ly(FY, Hi’l?i; 1) denote the objec-
tives used to individually train feature and semantic drift models I, and W n, respectively.
The exact form of the aforementioned objectives depends on the employed network archi-
tecture identifying I';» and Wyn. A more detailed description is provided in Section 7.6.1.
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Model Fusion (MF): To estimate p(F' € F;;) using GM and VM, we fuse the output of
I"» and Wy by jointly training them. For this purpose, we optimize model parameters by
minimizing a measure of discrepancy between the estimated distributions p(¥#' € F} ;7))
and p(F € FJ;;1y) employing the training objective:

, ) t, L,
L us — ||HZZ§,S - HZZZZJ”% + )\CO’/‘T”IO(HOZZ,S) - IO(HolZl,f)Hgv (7.3)

where the subscript s and f denotes the updated prototypes of old classes estimated by the
semantic and feature drift models, respectively, || - ||3 is the squared £ norm, Acorr > 0is the
regularization parameter and p(II) is the normalized correlation matrix of II [202]. Finally,
the renovated distributions p(F' € FJ ;7)) and p(F € FJ ;07 ) are linearly combined

with equal weights to obtain p(F' € FJj,).
Then, the overall objective used to learn representation drift is defined by:

L?cflrift = Li + ch + )\fUSLicus’ (74)

where A5 > 0 is the loss balancing parameter. We note that L}, ;, measures the loss of
current models on inferred representations of old classes. Thereby, we aim at reducing for-
getting (€;), .., the discrepancy between RERs as estimated by drift models and their evanes-
cent (unavailable) counterparts by training models optimizing L}, ; ;.

7.4.3 Optimization of Model Parameters

In the previous subsections, we designed the loss functions to capture losses induced by rep-
resentation drift in CIL while training classification models. Consequently, we consider
training models by minimizing Lf,. + LY, ;, Vt. At the incremental step ¢ = 0, we train
fo, and hg, with L..(75). At each step ¢ > 0, we train classification and drift models in an
alternate fashion as follows:

* JFiis extracted from 7; using fg,, and I';» and Wy» are trained until convergence by
solving:
arg glin Lz (g, H?lZ,{f,s}’ T T ) (7:5)
Ve
* First, F}}, is estimated by drift models I';» and Wy» (employed individually or fused).
Then, 11", is computed by class-wise averaging features sampled from p(F € F7,).

Finally, fy, and hg, are trained on 7; = T, U F;, by:

argmin Lt (T;; 0, b1). (7.6)
Ot,9¢
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The convergence criterion for a model is early stopping the optimization of model parame-
ters if the training loss does not change for 7 steps. At the end of step ¢ > 0, we compute

It ., ={me, ¢ € C} by class-wise average of feature representations fy, (7;) of input sam-
ples and initialize [T57*" = TI" U TT%,, where IT%)" = @) for t = 0. A detailed description

of the training procedure is given in Algorithm 7.1.

7.5 Design of Representation Drift Models

In the following, we detail the design of the core architectures employed to capture feature
and semantic drifts for both Gaussian and variational models.

7.5.1 Modeling Feature Drift

GM: We use a simple and lightweight multilayer perceptron to implement I : F) —
F}', composed of two fully-connected (FC) layers and a ReLU activation between them
(Table 7.2). Input and output variables of I'» correspond to sets of B feature vectors of
dimension D (number of feature channels at the output of the feature extractor, which is
set to 512 in all experiments), both arranged in a B X D matrix. In addition, the number of
output channels of the first FC layer is set to 2 * D and B is set equal to the cardinality of 7;
(z.e., the available training set at step t).

VM: We use a lightweight conditional variational auto-encoder [203] to implement I',.
The task of the cVAE is to learn a generative function of feature representations of training
samples at stage n (F}'), conditioned on the representations of the same samples at the be-
ginning of the current incremental step (F;). The encoder and decoders are composed of
two FC layers each. We refer to Table 7.3 for a more detailed description of the employed
architectures. We perform conditioning in input and latent spaces by concatenation along
the channel dimension. Input, output and conditioning variables of I';» correspond to sets
of B feature vectors of dimension D, all arranged in B X D matrices. We set B equal to the

cardinality of 7;.

7.5.2 Modeling Semantic Drift

GM: We use a simple and lightweight multilayer perceptron to implement Wyn : Fi' —
Hi’l?i’ composed of two FC layers and a ReLU activation between them (Table 7.2). Input
and output variables correspond, respectively, to sets of B and C",, feature vectors of dimen-
sion D, arranged in D x Band D x C!,, matrices, where C, ; denotes the number of past
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Table 7.2: Architecture of the Gaussian Model (GM) identified by MLP.

Feature Drift Semantic Drift

Input  Operator Output Input  Operator  Output

BxD FClayer B x2D
B x2D FClayer BxD

D x B FClayer D x2B
D x2B FClayer DxC

Weset D = 512and B = |T|
Table 7.3: Architecture of the Variational Model (VM) identified by conditional VAE.

Feature Drift Semantic Drift
Input  Operator Output Input Operator Output
% Bx2D FClajr Bx4D | D x (C+B) FClayer D x 2(C+B)
E B x4D FClayer B x 2D | D x2(C+B) FClayer D x2
% Bx2D FClajr B x4D| Dx (1+B) FClayer D x 2(1+B)
Z|1Bx4D FClayer Bx2D| Dx2(14B) FClayer D xC

Weset D = 512, B = |Ti|and C = |C, |

classes present at the current incremental step ¢ > 0 and D the number of feature channels
at the output of the feature extractor. The number of output channels of the first FC layer
issetto 2 * B and B is set equal to the cardinality of 7;.

VM: We use a lightweight conditional variational auto-encoder to implement Wyn. The
task of the cVAE is to learn a generative function of feature representations of old classes

o . t,0 .
FU4 (whose distribution is approximated as p(F 3 ; I1;) ~ N (7, 0.)), conditioned on

O
those of new classes 7} (which can be extracted from the available training set 7;). Each
encoder and decoder is composed of two FC layers. Once more, we refer to Table 7.3 for
turther details about the employed architectures. We perform conditioning in input and
latent spaces by concatenation along the channel dimension. Input and output variables of
I',n correspond to sets CY; of feature vectors of dimension D, arranged in D x C?; matrices.
The conditioning variable is a set of B feature vectors of dimension D, arranged in D x B

matrices. We set 53 equal to the cardinality of 7;.

7.6 Experimental Setup

7.6.1 Training Details

In the following, we detail the optimization objectives and hyper-parameters used in the im-
plementation of the proposed class incremental learning framework.
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Modeling Feature Drift

GM: We learn 'y by minimizing the mean squared error between Iy (F7) and F7, Ze.,
Ly = |[Tp (F7) = 71

VM: We optimize the variational model (conditional VAE) following the objective pro-
posed in [204]. The learning objective is composed of a reconstruction constraint and a
regularization term measuring the KL divergence between the posterior distribution mod-
eled by the encoder and the standard normal prior, plus an additional term to maximize
the mutual information between input and latent variables. Thus, the objective is of the
form L} = BL] . s + (1 — )Ly s + (@ — Nino — 1) Li,, 4, s> Where L} . ; is the recon-
struction loss, L',;L 7 s the KL divergence loss and Lt fo.f i the loss of the InfoVAE. We set
B = lel in all experiments, & = —1lel and A\;,r, = lel on CIFAR100, and o = —1e2
and A\, r, = le2 on TinyImageNet and CUB2oo.

Modeling Semantic Drift
GM: We learn Wy by minimizing the mean squared error between Wyn (F7) and s,

tiey L = [[Wyp (F7) — Tggll3.
VM: We optimize the variational model (conditional VAE) by maximizing the ELBO (Ev-

idence Lower BOund) [205]. The learning objective is thus composed of a reconstruction
constraint and a regularization term measuring the KL divergence between the posterior
distribution modeled by the encoder and the standard normal prior, ze, Lt = Lt .. +

)\kld,std7s- We set Aga,s = 1 in all experiments.

Model Fusion

We experimentally fine-tuned the values of A ,,s and Aoy for each drift model configuration,
dataset and incremental setup. In particular, we perform grid-search such that A g5, Acorr €
{1e2, 1el, 1e0, le-1, 1e-2, le-3, le-4, le-5} and select the best value combination.

In all the aforementioned setups, we employ the Adam optimizer [91] with fixed learning
rate 7, and train until convergence by performing early-stopping, thatis, the model is trained
until the loss function does not change for a predefined constant number of steps 7 = 25.
We experimentally fine-tuned the value of learning rate € {le-3, le-4,le-5} for each
drift model configuration, dataset and incremental setup.

Finally, we apply weight normalization [206] to Wy (both for GM and VM implementa-
tions) and spectral normalization [207] to weights of ', (both for GM and VM implemen-

tations), since we observed an improvement in robustness of training convergence.

125



7.6.2 Implementation Details

Datasets We evaluate our approach on multiple standard CIL benchmarks, that is, CI-
FAR 100 [194], TinyImageNet [195] and CUB20o-2011 [196] datasets. We devise 3 class-
incremental setups; first, the framework is trained on half of the available semantic classes
(except for one setup on CIFAR 100, where only 40 classes are selected as the first task); then,
the remaining class set is evenly divided into respectively s, 1o or 20 incremental steps. Class

order is selected randomly and then fixed at every class split.

Hyper-parameters ResNet-18 [100, 151] is used as a backbone. The model is trained
for 100 epochs (z.e., N = 100 and each stage corresponds to one epoch over 7;) at each
incremental step with Adam optimizer. Learning rate is initialised to 1e-3 for CIFAR 100
and TinyImageNet, and to 1e-4 for CUB200-2011. Itis decreased by a factor of 0.1 after 45
and 9o epochs [151]. Images are cropped to 32 x 32, 64 x 64 and 256 x 256 for CIFAR 100,
TinyImageNet and CUB20o-2011 respectively, and randomly flipped. We apply input and
label augmentation [151]. We set batch size to 64, and Afpg = 10 and A,y = 10 in all
experiments. We employed lightweight DNN's to identify networks of ", and ¥, to model
representation drifts. In particular, we investigate the use of GMs with an MLP, and we use a
conditional VAE [203, 204] to implement VMs, where hyperparameters are experimentally
tuned. We implement the fusion loss (7.3) using two methods for an ablation: we define p
by (i) a normalized feature kernel matrix [202], and (ii) an identity map, z.e., A = p(A). The
results obtained by (ii) are marked by T in the tables.

Comparisons We compare our approach with several CIL methods storing exemplars of
old classes (EEIL [114],iCarl [112], UCIR [157], DER [182]) and other SotA exemplar-free
methods (EWC [166], LwF [153], LwM [158], PASS [151], SDC [152]). As for exemplar-
based methods [112, 114, 157, 158], we store 20 samples with berd selection [112, 157]. All
methods are evaluated with the ResNet18 image classification model and batch size of 64
[151]. We evaluate the SDC [152] method by employing the prototype drift compensation
proposed in [152] to update prototypes of past classes, and model old-class feature distri-
bution by Gaussians as discussed in Section 7.3. We employ the original code of [152] to
evaluate and compensate for the feature drift of old-class prototypes (z.e., in place of the pro-
posed semantic and feature representation drift models), and we use the estimated up-to-date
representations HZ’ZZ by SDC [152] to approximate feature distribution of old classes with
a parametric Gaussian model, z.e., p(F' € FJ ;7. € HZ’ZZ) ~ N (7., 0.). Computation of

0. was explained in Section 7.3.1. In Section 7.7, we will show how our methods outperform

SotA exemplar-free frameworks, while surpassing some approaches that use exemplars.
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7.6.3 Evaluation metrics

We evaluate the performance of different methods using the standard top-r accuracy. Firstly,
we resort to a per-step metric [151] (Tables 7.4, 7.5 and 7.6, and Fig 7.4), defined as the
average top-1 classification accuracy over all classes observed up to the current incremental

step k

k
1
ak = m Z a’g, CO:k:UCt7 (7.7)
: t=0

c€Co.

where a¥ denotes the accuracy for class ¢ attained at step k. Accuracy results in Table 7.4,
7.5 and 7.6 are computed at the end of the last incremental step.

We additionally make use of the step-average incremental accuracy measure proposed in

[112] (Table 7.6), defined as:
k
1 /
ko _k
@ = = 1 klgzoa ) (7.8)

where we take into account the evolution of the per-step accuracy, as computed in Eq. (7.7),
up to the current step .

Finally, we report a measure of forgetting [169] computed for each past class ¢ at step
t > 0by:
ff = max(af, — af), Ve € | JCx, (7.9)

k<t
k<t

where af, denotes the top-1 accuracy for class ¢ attained at the step & < ¢. We then compute
the class-wise average of forgetting measures over all past classes at each step (Figure 7.5a), as
well as the task-wise average at the end of incremental training (Figure 7.5b) (z.., we compute

averages of forgetting measures at the final step over classes belonging to the same task).

7.7 Experimental Results

7.7.1 Comparison with the State-of-the-Art

CIFAR100 Results given in Table 7.4 show that our models (with the best achieved accu-
racy) outperform the closest SotA (SDC) by 1.75%, 4.6% and 3.07% for s, 10 and 20 steps.
In Figure 7.4, results show the improved accuracy achieved by our models with respect to
the competitors throughout the incremental steps.
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Table 7.4: Per-class average top-1 accuracy (%) on CIFAR100 and TinylmageNet, with different incremental setups. The
highest values have been highlighted in bold.

CIFAR 100 TinylmageNet

Method 5 Steps  10Steps  20Steps | 5 Steps  10Steps 20 Steps
Fine-tuning 9.09 4.49 2.76 8.12 4.34 2.33
Joint 72.24 72.24 72.24 58.19 58.19 58.19
EWC [166] 26.26 19.92 3.82 14.63 6.73 3.62
LwF [153] 39.51 18.00 12.58 40.62 24.43 22.62
LwM [158] 40.49 38.39 33.65 28.39 27.18 23.55
EEIL [114] 45.26 41.36 34.84 32.03 28.93 27.25
iCarl [112] 54.06 SI.11 41.20 41.81 41.39 38.68
UCIR [157] $1.13 46.00 38.31 35.73 32.95 29.23
DER [182]* 66.33 65.76 - - - -
PASS [151] 56.53 47.54 47.30 47.00 41.50 29.04
SDC [152] 57.62 52.26 48.84 47.89 45.41 41.46

Feat. Drift (GM-MLP) | s57.91 54.45 50.63 47.48 45.19 40.56
Sem. Drift (GM-MLP) | 58.33 54.15 50.85 47.92 46.21 42.43
Fusion’ (GM-MLP) 58.89 55.95 51.61 47.95 46.36 42.43
Fusion (GM-MLP) 59.37 55.99 $1.91 48.56 46.50 42.81
Feat. Drift (VM-VAE) 56.99 53.69 $1.09 47.88 44.67 41.05
Sem. Drift (VM-VAE) 58.17 55.38 51.65 48.60 46.24 43.44
Fusion (VM-VAE) 58.76 55.50 51.72 48.74 46.46 42.72
Fusion (VM-VAE) 58.72 56.86 $1.75 48.57 46.92 44.61

T Without using the correlation objective [202] in fusion loss.
* Numerical values were directly taken from [182].

TinylmageNet Table 7.4 shows that our framework outperforms exemplar-based com-
petitors and the SotA methods not using exemplars [151, 152]. In particular, our drift mod-
els yield superior performance with respect to SDC [152]. This is especially true when se-
mantic and feature representation drifts are jointly taken into account, showing that they
both individually model crucial and complementary information by model fusion, which is

not fully captured by SDC [152].

CUB200-2011 Table 7.5 shows that non-exemplar methods provide quite low results, es-
pecially when the number of incremental steps is increased. Adopting the method proposed
in [152] to compensate for modeling shift of prototypes using a softmax classifier seems to
have no beneficial effect, showing that it fails to adequately model semantic drift in a fine-
grained classification setup with high semantic similarity among classes. On the other end,
our framework demonstrates to successfully capture and model representation drift; by in-
jecting up-to-date knowledge of old classes, in fact, we manage to more effectively mitigate
catastrophic forgetting. Per-step accuracy values displayed in Figure 7.4 corroborate accu-
racy results given in Table 7.5.
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Table 7.5: Per-class average top-1 accuracy (%) on CUB200, with different incremental setups. The highest values have
been highlighted in bold.

CUB200
Method s Steps  10Steps 20 Steps
Fine-tuning 10.93 7.10 4.63
Joint 74.67  74.67 74.67
EWC [166] 10.63 6.43 4.65
LwF [153] 26.40 13.65 7.89
PASS [151] 52.14 37.97 18.29
SDC [152] 52.30 38.30 18.17

Feat. Drift (GM-MLP) | 55.87 50.67 31.36
Sem. Drift (GM-MLP) | s56.51 47.89 32.50
Fusion® (GM-MLP) 56.20 52.07 36.67
Fusion (GM-MLP) 56.28 51.82 37.99

Feat. Drift (VM-VAE) 57.39 51.29 32.72
Sem. Drift (VM-VAE) 57.34 51.88 33.34
Fusion' (VM-VAE) 56.59 $2.00 36.80
Fusion (VM-VAE) 56.97 52.58 38.26

T Without using the correlation objective [202] in fusion loss.

Table 7.6: accl:acc2 top-1 accuracy (%) where acc1 is the class-wise average accuracy (Eq. (7.7)) and acc? is the class-
and step- wise average accuracy (Eq. (7.8)). Both measures are computed at the end of the last incremental step.

CIFAR 100 CIFAR 100 Imagenet-Subset
ResNet18 [151] ResNet32 [112] ResNet18 [151]
Method s Steps  10Steps  20Steps | 5 Steps  10Steps | 10Steps 20 Steps
iCarl [112] $4.1:64.8 §1.1:62.3 41.2:56.3 -i- -i- 54.7:68.6  48.7:63.9
UCIR [157] 51.1:61.4 46.0:57.5 38.3:51.3 | -:63.4" -:60.2% | §7.5:66.6  45.5:57.3
PASS [151] 56.5:65.1 47.6:60.8 47.3:58.7 | 51.1:58.9 44.4:53.2 | 58.1:68.2 47.2:61.4
SDC [152] 57.6:66.2  52.3:62.7 48.8:59.2 | §1.4:59.4 47.0:54.4 | 58.6:68.6 47.1:61.0
DER [182]* -173.2 -72.8 -t -:68.5 -67.1 | 74.9:78.2 -t

Feat. Drift (GM-MLP) | 57.9:66.3 54.5:63.7 50.6:61.2 | 53.1:60.2 50.9:58.3 | 59.1:68.1 50.6:62.6
Sem. Drift (GM-MLP) | 58.3:66.0 $4.2:63.4 50.9:60.8 | 53.3:60.3 $1.2:58.4 | 59.3:69.2 50.4:63.4
Fusion (GM-MLP) 59.4:66.9 56.0:64.8 §1.9:61.5 | §3.9:60.9 §$2.0:58.5 | 59.7:69.3 §1.5:63.6

Feat. Drift (VM-VAE) | 57.0:65.8 53.7:63.0 $1.1:60.9 | 53.8:60.2 50.9:58.3 | 59.3:68.8 50.9:62.8
Sem. Drift (VM-VAE) | 58.2:66.7 §5.4:63.3 51.7:61.6 | 54.1:60.9 §1.3:58.9 | §9.5:69.3 51.0:63.1
Fusion (VM-VAE) 58.7:66.8 $56.9:65.1 $1.8:61.6 | 54.2:61.3 $2.1:59.I | 60.2:70.0 5I1.6:63.7

* Numerical values were directly taken from [182].

7.7.2 Additional Results

To validate robustness of our approach w.r.t. evaluation metric, in Table 7.6 we report addi-
tional results in the form of the step-average incremental accuracy from [112] (Eq. (7.8)). We
notice that we still outperform most of the competitors. This holds also for the large-scale
ImageNet-Subset benchmark, where our approach attains better performance than SotA
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Figure 7.4: Per step average top-1 accuracy (%) on the CIFAR100, CUB200-2011 and TinylmageNet datasets.

exemplar-free methods and some exemplar-based frameworks, demonstrating resilience to
change of data settings. In Table 7.6 we further report evaluation results on Cifarroo when
amodified 32-layers ResNet [112] is employed as classification network. Once more, we ob-
serve that we surpass PASS [151] and SDC [152] exemplar-free SotA competitors by a large
margin, especially when 10 incremental steps are performed. This indicates robustness to
change of classification backbone.

Furthermore, we evaluate the CIL methods considered by computing a measure of for-
getting (Eq. (7.9)). In Figure 7.5a, we analyze how the class-wise average forgetting evolves
throughout incremental training when different methods are employed. We observe that the
proposed CIL approach based on representation drift modeling mitigates forgetting more
efficiently than the majority of the competitors (only iCARL [112] shows superior perfor-
mance). Nonetheless, we remark that iCARL [112] leverages replay data from the past to
address forgetting. Furthermore, iCARL [112] yields a lower or comparable classification
accuracy with respect to our approach, suggesting that a focus of [112] on preserving past
knowledge (7.¢., stability) is accompanied by a less efficient learning of novel classes (z.e., plas-
ticity). Finally, we propose an analysis using task forgetting computed at the end of incre-
mental training (Figure 7.5b). We notice how our CIL method causes overall less forgetting
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than most of the competing approaches, providing an improved performance equally shared
among all tasks. This is especially noticeable when evaluation is done on CUB20o, where
even the SotA PASS and SDC methods induce almost total forgetting of the oldest tasks.

7.7.3 Ablation Study

Modeling drifts with GMs and VMs

Our framework enables implementation of drift models using different GMs and VMs. We
studied the accuracy of a GM (MLP) and VM (VAE) for modeling different drifts and their
fusion in Section 7.7.1. Results suggest that the accuracy of GMs and VMs depends on sta-
tistical sufficiency of data which affects capacity of fy and learned representations as follows:

* On the Cifar1oo dataset, the GM (MLP) outperforms the VM (VAE) for smaller (e.g.,
5) steps, where more classes are observed at each step, compared to the larger (e.g.,
20) steps. We conjecture that this result can be attributed to training models using
statistically insufficient data representing all classes at each step.

* On TinyImageNet, containing larger images than Cifar1oo, the VM (VAE) performs
on par with and slightly outperforms the GM (MLP) for smaller steps.

* On CUB2oo, which comprises the largest images, the variational model (VAE) out-
performs the Gaussian model (MLP) for all steps.

Analysing semantic drift

We study how the proposed framework captures and preserves semantic relationships be-
tween representation of old and new classes by modeling semantic drift. For this purpose, we
compute prototypical representations of novel classes on the training data available at an in-
cremental step ¢, and estimate the revived prototypes of old categories by modeling semantic
and feature drifts (employed individually or fused). Then, we express inter-class relationships
in the form of Euclidean distance between prototypes of past and new classes, and observe
the evolution of such distance throughout an incremental step ¢. In Figure 7.6, we report
distance values computed at the beginning and end of an incremental step, together with
their difference (distances are normalized along new-class axis). Results are presented for the
analyses carried out when performing 20 incremental training steps on the CIFAR 100, Tiny-
ImageNet and CUB20o datasets. We focus on analyzing the change of semantic relationship
during the first incremental step (z.e., t = 1).
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(a) Per step average class forgetting (%) on the CIFAR100, CUB200-2011 and TinylmageNet datasets.
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(b) Per task average forgetting (%) at the end of training on the CIFAR100, CUB200-2011 and TinylmageNet datasets.
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Figure 7.5: Per step and per-task average forgetting (%) curves.
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Figure 7.6: Analysis of normalised distance between estimated prototypes of classes seen at stepst = Oandt = 1,
captured at the beginning (left) and end (mid) of step £ = 1. We report the absolute value of the difference of the two
measures (right). We replicate the analysis for the 20-step incremental setup, over the CIFAR100 (top), TinylmageNet
(middle) and CUB200 (bottom) datasets.
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Figure 7.7: Analysis of average distance between estimated (revived) and evanescent prototypes of old classes.

We notice how prototypes estimated by leveraging the modeled semantic representation
drift tend to more effectively preserve inter-class relationships with respect to novel classes.
By utilizing feature drift alone, in fact, we notice that class representations tend to modify
their interconnections. Nonetheless, the proposed model fusion allows to better identify
and retain inter-class relationships, whereas keeping prototypes fixed (as in PASS) causes a

greater impairment of inter-class relationships as new representations are learned.

Analysing feature drift of evanescent representations

We analyze the efficacy of the proposed model in estimating the feature drift undergone by
evanescent representations of old classes when novel classes are learned. To this end, we com-
pute the Euclidean and cosine distances between estimated (revzved) prototypes of old classes
and their reference (7.c., evanescent) representations at each incremental step (Figure 7.7).
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Figure 7.8: Average Euclidean distance between the estimated (revived) and evanescent prototypes of old classes.

We provide per-step class-wise average distance values (main curves), as well as the maximum
and minimum class values that identify, respectively, the upper and lower bound of the
shaded regions for each setup. Feature prototypes of old classes are estimated by comput-
ing class wise averages of feature representations over training data when they are available
at an incremental step, which can then be simply fixed for the rest of the training (as done in
PASS [151]), or can be updated by SDC [152] or by the proposed drift models. Evanescent
prototypical representations of the same old classes are instead computed over the test set
(unavailable during training). We replicate the analysis on the CIFAR 100, TinyImageNet
and CUBz2oo0 datasets to provide a robust evaluation. The results show that our proposed
methods can track the trajectory of evanescent prototypes more efhiciently (in terms of ge-
ometric distances) compared to the SotA PASS and SDC methods, by modeling the evolu-
tion of the representations (z.e., feature drift). Furthermore, we observe that the improved
accuracy with respect to the SotA is shared among the three datasets chosen for evaluation.
In particular, we remark the noticeable improvement experienced on the CUB20oo dataset.
Our method, in fact, provides much lower Euclidean distance between revived and evanes-
cent representations, whose average value is kept almost constant as incremental training
progresses and new classes are introduced. The same trend can be observed for the cosine sim-
ilarity of the estimated and evanescent representations, whose value tends to be steady over
the incremental training and much closer to the upper bound when our method is adopted.

In Figure 7.8, we compare the Euclidean distance between the estimated and evanescent
prototypes for different number of total incremental steps, on the CIFAR 100, TinyIma-
geNet and CUB20oo datasets, when employing model fusion with both GM and VM. We
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observe that our method always outperforms PASS, in all the evaluation setups. In addition,
we notice that by employing VM to identify representation drifts, we reach the largest im-
provement over PASS, which translates into the revived evanescent representations closer to
their unknown reference version. We also highlight once more the noticeable accuracy pro-
vided by our model for the 20-step setup on the CUB200, where our approach jointly shows
the largest improvement over the SotA accuracy by ~20%.

Finally, we visualize 2D embeddings of feature vectors of the first four observed classes as
computed by the feature extractor on the same set of input samples at different incremental
steps. To project high-dimensional feature vectors to a 2D space, we use Isomap [208]. Re-
sults are reported in Figure 7.9 for the CIFAR 100, TinyIlmageNet and CUB20o datasets. We
observe that our proposed method allows to estimate revived prototypical representations
that tend to be projected closer to their evanescent versions compared to PASS (especially on
the CIFAR 100 and CUB20o benchmarks). This shows that we can approximate the trajec-
tory of evanescent representations of old classes, without having access to training data of

such categories, by modeling representation drift.

Analysing how learned evanescent representations affect classification accuracy

In this section, we investigate the relationship tying the accuracy of the classification model
and the normalized distance between the revived and evanescent prototypes of old classes.
Normalization is performed by dividing individual distances computed for single past classes
by the average distance among all the past classes. We then provide the average of normalized
distance values at each incremental step. We evaluate the accuracy of the proposed method
when fusing semantic and feature drift models and adopting GM to identify representation
drift, alongside with that of the SDC and PASS. Results are reported in Figure 7.10. We ob-
serve that classification accuracy measured at each incremental step and distance between the
estimated and evanescent prototypes are negatively correlated, with similar trends shared by
the different methods being analyzed, across the CIFAR 100, TinyImageNet and CUB20oo
benchmarks. It is worth noting that our method and SDC display very similar correlation
patterns, whilst the latter reaching lower accuracy and higher distance values at the final incre-
mental step. Therefore, state-of-the-art PASS and SDC methods seem to overfit to training
data as the models are trained incrementally. For instance, on CIFAR 100 the accuracy of
PASS and SDC continues to decrease below 50% and their produced prototypical represen-
tations diverge from the reference prototype as the incremental steps increase. However, the
proposed methods limit the distance measure between prototypical representations by 0.3
and the accuracy by 50%. Thereby, we argue that our method yields superior performance
that the SotA PASS and SDC by more accurately tracking evanescent old-class prototypes.

136



PASS B a Fusion
o A (GM-MLP)
. Y
. :-‘-.
oS, ‘-
AT e
o «’ -\ D
® ClassO [ Original
Class 1 ¢ Evanescent
Class 2 .o /\ Estimate
® Class3 ST
o e ..:3. ®
.. o l. .
: ,“ o ‘;ﬁ !0 s ...
° S8 . o
. S A ° Fusion
(GM-MLP)
(a) CIFAR100
® Class0 O Original
Class 1 {) Evanescent
Class 2 A\ Estimate
® Class3
' "Q ] .
Y S .‘ . i ‘ &
’ Fusion
(GM-MLP)
(b) TinylmageNet
® Class0 O Original
Class 1 {) Evanescent
Class 2 A\ Estimate
® Class3
A
= 3
. (9 O :
i A7 A R_E . A
) A
L
Fusion
(GM-MLP)

(c) CUB200

Figure 7.9: Feature representations of the first four learned classes (CIFAR100, 20 steps) extracted from samples of test
set (dots), along with their prototypes computed over available training data (squares), over test data (diamonds) and
estimated prototypes (diamonds). In the lower plot, decrease in transparency and increase in brightness indicate that
representations are extracted at progressively increasing incremental steps (i.e., at steps 0, 10 and 20).
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Figure 7.11: Average entropy (H) and cross-entropy (C'E) of pr (CIFAR100, 20 steps).

Statistical analyses of representations

We explore how well the estimated revived prototypes of old classes exemplify feature repre-
sentations of samples of such categories (which are unavailable during training at incremen-
tal steps). To this end, we first compute probability distributions over the set of old classes
based on the Euclidean distance between feature representation and class prototypes by:

_exp(—||[F—7.)||2/¢) 10
pr(c) = Zj exp(—||F—m;)||2/¢)’ 7:10)

where F' € Fq is the feature representation of a test sample of Cyq as produced by the
current feature extractor, {7; }; are revived prototypes of Coq and ( is set to 0.1.

We analyze the change of entropy (/) and cross-entropy (C'E) of pg across incremental
steps in in Figure 7.11 and Figure 7.12. The cross-entropy is computed w.r.t. to the one-
hotted ground-truth distribution of the labeled input sample corresponding to F' € F 4.
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Figure 7.12: Left: average entropy of pC(Fi) (Eq. (7.11)). Mid-left and mid-right: entropy and cross-entropy with
respect to ground-truth of pp (c) (Eq. (7.10)). Each feature Fj is extracted from a test image belonging to an old
class, and 7r; are the estimated prototypes of old classes. Right: Top-1 accuracy for the CIFAR100 (top), Tinylmagenet
(middle) and CUB200 (bottom) (all models were evaluated for 20 incremental steps).
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In addition, for each old class ¢ € C,4, we compute the mean H and C'E of pp, i.c., we
average over all I corresponding to the same c.
We observe that our method provides higher / and smaller C'E compared to PASS, and this
trend is shared across CIFAR 100, TinyImageNet and CUB2oo. This result suggests that
information capacity of representations learned by our methods increases along with classi-
fication accuracy more rapidly compared to the SotA as models are incrementally trained.
To further validate this claim, for each old class ¢, we compute the probability distribution
over feature representations of input samples of a// past categories, defined by:

exp(—||Fi—m¢)||2/7)

PlE) = S b (IEy ) )7) 7-12)

where Fj € Fq are feature representations of test samples and {7, }; are revived old-class
prototypes. In addition, 7 is set to 0.1. In Figure 7.12, we report entropy values of p. across
different incremental steps. Once more, we observe that our method causes entropy of p. to
reach higher values compared to PASS, indicating that prototypical representations revived
by our method are more informative than their fixed counterparts, while still being represen-
tative of the corresponding class, as suggested by the lower CE of pp.
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Continual Learning by Image-level Replay

8.1 Introduction

As discussed in Chapter 6, class incremental learning on dense tasks (e.¢., semantic segmen-
tation), where pixel-wise predictions are performed, has only recently been explored and the
first experimental studies show that catastrophic forgetting is even more severe than on the
classification task [118, 119]. Current approaches for class-incremental semantic segmen-
tation re-frame knowledge distillation strategies inspired by previous works on image clas-
sification [3, 4, 118, 119]. Although they partially alleviate forgetting, they often fail when
multiple incremental steps are performed or when background shift [3] (7.¢., change of statis-
tics of the background across learning steps, as it incorporates old or future classes) occurs.

In this section, we follow a completely different strategy and, instead of distilling knowl-
edge from a teacher model (z.e., the old one) to avoid forgetting, we propose to generate sam-
ples of old classes by using replay strategies. We propose RECALL (REplay in ContinuAL
Learning) [241], a method that re-creates representations of old classes and mixes them with
the available training data, z.e., containing novel classes being learned (see Figure 8.1). To re-
duce background shift, we introduce a self-inpainting strategy that re-assigns the background
region according to predictions of the previous model. Similarly to the CIL approach devel-
oped in Chapter 7, data representations from former tasks are replayed to mitigate forgetting.
Yet, here we focus on the more challenging semantic segmentation problem to be tackled in
an incremental fashion, and we aim at retrieving old-class training samples directly within
the input space, alongside their dense labeling.

To generate representations of past classes we pursue two possible directions. The first is
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Figure 8.1: Replay images of previously seen classes are retrieved by a web crawler or a generative network and further
labeled. Then, the network is incrementally trained with a mixture of new and replay data.

based on a pre-trained generative model, 7.¢., a Generative Adversarial Network (GAN) [31]
conditioned to produce samples of an input class. The GAN has been trained beforehand on
a dataset different than the target one (we chose ImageNet as it comprehends a wide variety
of classes and domains), thus requiring a Class Mapping Module to perform the translation
between the two label spaces. The second strategy, instead, is based on crawling images from
the web, querying the class names to drive the search. Both approaches allow to retrieve a
large amount of weakly labeled data. Finally, we generate pseudo-labels for semantic segmen-
tation using a side labeling module, which requires only minimal extra storage.

Our main contributions in this chapter are:

(i) We propose RECALL, the first approach to use replay data from external sources (z.e.,
still following an exemplar-free setup) in continual semantic segmentation.

(ii) To the best of our knowledge, we are the first to propose a webly-supervised paradigm
in continual learning, showing how it is possible to effectively extract useful clues from
extremely weakly supervised and noisy samples.

(iif) We devise a background inpainting mechanism to enhance ground-truth information
by pseudo-labeling image regions associated to old classes, and overcome the semantic
shift undergone by the background.

(iv) We achieve state-of-the-art results on a wide set of incremental learning benchmarks,
strongly outperforming competitors when the training process comprises a large num-

ber of incremental steps.
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The reminder of the chapter develops as follows: first the CIL problem will be formal-
ized for semantic segmentation, detailing the experimental setups in terms of ground truth
availability that will be considered (Section 8.2); then, our RECALL framework will be in-
troduced in all its components, from the source and labeling evaluation blocks for replay data
retrieval to the label inpainting mechanism for ground truth enhancement, along with the
training procedure to optimize each component (Section 8.3 ); we will further delve into the
details of the image retrieval strategy, describing the generative and web-crawling solutions
we devised (Section 8.4; finally, the chapter will conclude with the experimental analysis and
ablation studies to prove the efficacy of the proposed CIL method (Sections 8.5 and 8.6).

8.2 Problem Formulation

The semantic segmentation task consists in labeling each pixel in an image by assigning it
to a class from a collection of possible semantic classes C, which typically also comprises a
special background category that we denote as b. More formally, given an image X € & C

RHAXWx3 CHXW thatis a prediction of the ground-

, wWe aim at producing a map Y ey C
truth map Y. This is nowadays usually achieved by using a suitable deep learning model
M : X — REXWxC| commonly made by a feature extractor M* followed by a decoding
module M4, .e., M = M® o Me.

In standard supervised learning, the model is learned in a single shot over a training set
T C X x ), available in its complete form to the training algorithm. In class-incremental
learning, instead, we assume that the training is performed in multiple steps and only a subset
of training data is made available to the algorithm at each step ¢ = 0, ..., T". More in detail,
we start from an initial step ¢ = 0 where only training data concerning a subset of all the
classes Cy C C is available (we assume that b € Cp). We denote with M : X' s RI*WX (ol
My = M{ o M§ the model trained after this initial step. Moving to a generic step ¢, a new
set of classes C; is added to the class collection Cp.;-1 learned up to that point, resulting in an
expanded set of learnable classes Co.x = Co.i-1 U Cy (we assume Co.p-1 N C; = ). The model
after the t-th step of trainingis M, : X' +— RAXWx[Cot| where M, = Mtd o Mg, since in our
approach the encoder M is not trained during the incremental steps and only the decoder
is updated [118].

Two main continual scenarios have been proposed (see Section 6.4.1 for a more detailed
description) and we tackle both in a unified framework.

Disjoint setup: in the initial step, all the images in the training set with at least one pixel be-
longing to a class of Cy (except for b) are assumed to be available. We denote with Ve,usy C

C{" the corresponding output space where labels can only belong to Co, while all the pix-
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Table 8.1: Formal definition of key notation used throughout Chapter 8.

Symbol Definition
te{0,1,2,...,T} Step index
b Background class
S Source Block
Mg Encoder trained at step ¢ = 0 and kept frozen
Mgt’H Helper decoder of step ¢
Le, = M, g{H o M§ Instance of Label Evaluation Block of step ¢
{L¢,}c,cc Label Evaluation Block
x5 tp Replay image data of step ¢
ygf Pseudo-labels of replay image data of step ¢

rp TP
Rct C XCt X yct

Replay training data of step ¢

’Ebi C XX yCO:t
7?:0 = 7;“ U RCO:pl

Original training data of step ¢ > 0 after background inpainting

Enhanced training data at step ¢ by replay and background inpainting

G Data generation network (e.g., GAN)
c¢ GANs class set
I Classifier on GAN’s pre-training dataset

els not pertaining to these classes are assigned to b. Incremental partitions are built as ds-
joint subsets of the whole training set. The training data associated to the ¢-th step, 7; C
X X Ye,uqp}> has only images corresponding to classes in C; with just classes of step ¢ anno-
tated (old classes are labeled as b), and is disjoint with respect to previous and past partitions.
Overlapped setup: in the first phase we select the subset of training images having only Co-
labeled pixels. Then, the training set at each incremental step contains «// the images with
labeled pixels from Cy, z.e., T, C X X Ve,uqy- Similarly to the initial step, labels are limited
to semantic classes in C;, while remaining pixels are assigned to b.

In both setups, b undergoes a semantic shift at each step, as pixels of ever changing class
sets are assigned to it.

8.3 RECALL: Replay in Continual Learning

In the standard setup, the segmentation model M is trained with annotated samples from a
training set 7. Data should be representative of the task we would like to solve, meaning that
multiple instances of all the considered semantic classes C should be available in the provided
dataset for the segmentation network to properly learn them. Once T has been assembled,
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Figure 8.2: Overview of the proposed RECALL: class labels from past incremental steps are provided to a Source Block,
either a web crawler or a pre-trained conditional GAN, which retrieves a set of unlabeled replay images for the past
semantic classes. Then, a Label Evaluation Block produces the missing annotations. Finally, the segmentation network
is incrementally trained with a replay-augmented dataset, composed of both new classes data and replay data.

the cross-entropy objective is commonly employed to optimize the weights of M :

Lo(M:;C,T)= ITI > D Y - log (M(X)]d]). (8.1)

X, YET ceC

In the incremental learning setting, when performing an incremental training step ¢ only
samples related to new classes C; are assumed to be at our disposal. Following the simplest
approach, we could initialize our model’s weights from the previous step (M;_1, ¢ > 1)
and learn the segmentation task over classes Cy., by optimizing the standard L. (M;; Co.i, Tr)
objective with data from the current training partition 7;. However, simple fine-tuning leads
to catastrophic forgetting, being unable to preserve previous knowledge. In the following
we will detail the proposed framework to mitigate forgetting by image-level replay. Table 8.1
reports and defines key notation used in this chapter.

8.3.1 Architecture of Replay Block

To cope with this issue, we opt for a replay strategy. Our goal is to retrieve task-related knowl-
edge of past classes to be blended into the ongoing incremental step, all without accessing
training data of previous iterations. To this end, we introduce a Replay Block, whose target
is twofold:

* First, it has to provide images resembling instances of classes from previous steps,
whether generating them from scratch or retrieving them from an available alterna-
tive source (e.¢g., a web database).

* Second, it has to obtain reliable semantic labels of those images, by resorting to learned
knowledge from past steps.
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The Replay Block’s image retrieval task is executed by what we call Source Block:
S:C— thp. (8.2)

This module takes in input a set of classes C; (background excluded) and provides images
whose semantic content can be ascribed to those categories (e.g., X7 € A(F). We adopt
two different solutions for the Source Block, namely GAN and web-based techniques, both
detailed in Section 8.4.

The Source Block provides unlabeled image data (if we exclude the weak image-level clas-
sification labels), and for this reason we introduce an additional Label Evaluation Block
{Le¢, }¢,cc, which aims at annotating examples provided by the replay module. This block is
made of separate instances L¢, = MgtH o Mg, each denoting a segmentation model to clas-
sify a specific set of semantic categories C; U {b} (ze., the classes in C; plus the background):

Le, : X, —» REXWx(CUB}), (8.3)

All L¢, modules share the encoder section Mg from the initial training step, so that only
a minimal portion of the segmentation network (z.e., Mgt’H, which accounts for only few
parameters, see Section 8.6.5) is stored for each block’s instance. Notice that a single instance
recognizing all classes could be used, leading to an even more compact representation, but it
experimentally led to worse performance.

Provided that S and L, are available, replay training data can be collected for classes in
C;. A query to S outputs a generic image example X" = S(C;), which is then associated to
its prediction:

Y P = argmax Le, (X¢)[c]. (8.4)
CECtU{b}

By retrieving multiple replay examples, we build a replay dataset Re, = {(XZ, Y&F)n}hr1

where N, is a fixed hyper-parameter empirically set (see section 8.5).

8.3.2 Background Self-Inpainting

To deal with the background shift phenomenon, we propose a simple yet effective inpaint-
ing mechanism to transfer knowledge from the previous model into the current one. While
the replay block re-creates samples of previously seen classes, background inpainting acts on
background regions of current samples reducing the background shift and at the same time
bringing a regularization effect similar to knowledge distillation [3, 1 18], although its imple-
mentation is quite different. At every step ¢ with training set 7, we take the background
region of each ground-truth map and we label it with the associated prediction from the pre-
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Figure 8.3: Background self-inpainting process.

vious model M;_; (see Figure 8.3). We call it background inpainting since the background
regions in label maps are changed according to a self-teaching scheme based on the predic-
tion of the old model. More formally, we replace each original label map Y available at step
t > 0 with its inpainted version Y":

5 Y [h,w] it Y[h,w|eC;
Yo [hw]= arg max M; 1 (X)[h,w][c] otherwise (8:5)
c€Co:¢-1

where (X,Y) € T;, while [, w] denotes the pixel coordinates. Labels at step ¢ = 0 are not
inpainted, as at that stage we lack any prior knowledge of past classes. When background
inpainting is performed, each set 7, C X x Ve, (t > 0) contains all samples of 7; after
being inpainted.

8.3.3 Incremental Training with Replay Block

The training procedure of RECALL is detailed and summarized in Algorithm 8.1 and the
process is described in Figure 8.2. Suppose we are at the incremental step ¢, with only training
data of classes in C; from partition 7; available. In a first stage, the Replay Block is fixed and
it is used to retrieve annotated data for steps from 0 to ¢ — 1 uniformly distributed among
all the past classes. Following the described pipeline, the generative and labeling models are
applied independently over each incremental class set C;, ¢ = 0, ..., — 1. The replay training
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Algorithm 8.1 RECALL: incremental training procedure.

Input: {7;}7_,and {C;} L,
Output: My
train My = Mél o M§ with L..(My; Co, To)
train S on (Cyp, To)
train MG with Le(Ley; Co, To)
fort < 1toT do
background inpainting on 7; to obtain 7,%
train S on (Cy, T)
train MgtH with Lee(Le,; C U {b}, Ty)
generate 7,”" = T U Re,,, ,
train M@ with L..(My; Cot, T,'7)

end for

dataset for step ¢ is the union of the single replay sets for each previous step

t-1
Reon = | Re.- (8.6)
=0

Once we have assembled Re,., ,, by merging it with 7,% we get an augmented step-¢ training
partition 7,”” = T,» U Re,,, ,- This new set, in principle, is complete of annotated sam-
ples containing both old and new classes, thanks to replay data. Therefore, we effectively
learn the segmentation model A; through the cross-entropy objective L. (M;; Co.t, T,”) on
replay-augmented training data. This mitigates the bias toward new classes, thus preventing
forgetting.

In a second stage, we exploit 7; to train the Class Mapping Module if needed (see Sec-
tion 8.4). In particular, we teach the Source Block S to produce samples of C;, and we op-
timize the decoder MgtH to correctly segment, in conjunction with Mg, images from 7; by
minimizing L..(Le,; C; U {b}, T¢). This stage is not exploited in the current step, but will
be necessary in future ones.

During a standard incremental training stage, we follow a mini-batch gradient descent
scheme, where batches of annotated training data are sampled from 7,"”. However, to guar-
antee a proper stream of information, we opt for an interleaving sampling policy, rather than
a random one. In particular, at a generic iteration of training, a batch of data B"? supplied
to the network is made of 7, samples from the current training partition 7?” and ;4 re-
play samples from Re,, ,. The ratio between 1,¢,, and 744 controls the proportion of replay
and new data (see also Section 8.6.5). We need, in fact, to carefully balance how new data is
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dosed with respect to replay one, so that enough information about new classes is provided
within the learning process, while concurrently we assist the network in recalling knowledge
acquired in past steps to prevent catastrophic forgetting.

8.4 Replay Strategies

In this section we describe more in detail the replay strategies employed for the image genera-
tion task of the Source Block S. As mentioned previously, we opt for a generative approach
based on a GAN framework and for an online retrieval solution, where images are collected

by a web crawler.

8.4.1 Replay by GAN

The GAN-based strategy exploits a deep generative adversarial framework to re-create the
no longer available samples for previously seen classes. We use a conditional GAN, G, pre-
trained on a generic large-scale visual dataset with data from a wide set of semantic classes C G
and different domains. For the experiments, we choose an ImageNet [26] based pre-training.
On this regard, we remark that classes and domains are not required to be completely coher-
ent: for instance person does not exist in ImageNet, but related classes (¢.g., bat) still allow to
preserve its knowledge (further considerations on this are reported in Section 8.6.5). When
performing the t-th incremental step, we retrieve images containing previously seen classes by
&) conditioned on GAN’s classes

sampling the GAN’s generator output, z.e., X'? = G(n, ¢
c® € CC corresponding to the target ones from the original training data (n is a generic
noise input).

Since the GAN is pre-trained on a separate dataset, typically it inherits a different label set.
For this reason, the Source Block with GAN is composed of two main modules, namely the
actual GAN for image generation and a Class Mapping Module to translate each class of the
semantic segmentation incremental dataset to the most similar class of the GAN’s training
dataset. Provided that we have trained both the GAN and class mapping modules, first we
use the latter to translate the class set C; to the matching set CtG . Then, a set of queries to the

conditioned GAN’s generator:
XZP =G(n, %), Cecy (8.7)

provides samples resembling the ones in Cy, as long as the mapping is able to properly asso-
ciate each original class to a statistically similar counterpart in the GAN’s label space.
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At each incremental step ¢, the Source Block with GAN goes through two separate train-
ing and inference stages. In a first training phase, samples from 7; are fed to an Image Clas-
sifier 1, which is pre-trained to solve an image classification task on the GAN’s dataset. In
particular, for each class ¢ € C; we select the corresponding training subset 7, C T, z.e., all
the samples of set 7; associated to class ¢, and we sum the resulting class probability vectors
from the classification output. Then, the GAN’s class c“ with the highest probability score
is identified by:

¢“ = arg max Z I(X) [1], (8.8)
jeece  x T
where X is extracted from 7,° (labels are not used) and 7 (X)) denotes the vector output of the
last softmax layer of I, whose j-th entry corresponds to the j-th GAN’s class. By repeating
this procedure for every class in C;, we build the mapped set CtG . Class correspondence is
stored, so that at each step we have access to class mappings of past iterations.

In a second evaluation phase, classes in Cy.-; are provided as input to the Source Block.
Thanks to the class correspondences saved in previous steps, Co.¢-1 are mapped to Cgftfl.
Next, image generation conditioned on each class of C§' is performed, and the resulting
replay images are fed to the Label Evaluation Block to be associated to their corresponding
semantic labels. By following this procedure, we end up with self-annotated data of past
classes suitable to support the supervised training at the current step, which otherwise would

be limited to new classes.

8.4.2 Replay by Web Crawler

As an alternative we propose to retrieve training examples from an online source. For the
evaluation, we searched images from the F'lickr website, but any other online database or
search engine can be used.

Assuming we are at the incremental step ¢ and we have access to the names of every class in
the pastiterations (e.g., V¢ € Cp.4-1), we download images whose tag and description happen
to both contain the class name through the F'lickr’s web crawler. Then, the web-crawled
images are fed to the Label Evaluation Block for their annotation.

Compared to the GAN-based approach, the online retrieval solution is simpler as no learn-
able modules are introduced. In addition, we completely avoid to assume that a larger dataset
is available, whose class range should be sufficiently ample and diverse to cope with the con-
tinuous stream of novel classes incrementally introduced. On the other side, this approach
requires the availability of an internet connection and in some way exploits additional train-
ing data even if almost unsupervised. Plus, we lack control over the weak labeling performed
by the web source.
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8.5 Experimental Setup

We use the DeepLab-V2 [11] as segmentation architecture with ResNet-101 [100] as back-
bone. Nonetheless, RECALL is independent of the specific network architecture. Encoder’s
weights are pre-trained on ImageNet [26] and all network’s weights are trained in the initial
step 0. In the following steps, only the main decoder is trained, together with the additional
{Mg’t’H}t helper decoders, which are needed to annotate replay samples (as discussed in Sec-
tion 8.3). For fair comparison, all competing approaches are trained with the same back-
bone. SGD with momentum is used for weights optimization, with initial learning rate set
to 5e-4 and decreased to He-6 according to polynomial decay of power 0.9. Following previ-
ous works [118, 119], we train the model for |C;| x 1000 learning steps in the disjoint setup
and for |C;| x 1500 steps in the overlapped setup. Each helper decoder 1/, gtH is trained with
a polynomially decaying learning rate starting from 2e-4 and ending at 2e-6 for |C;| x 1000
steps. As Source Block, we use BigGAN-deep [209] pre-trained [210] on ImageNet. At
each incremental step ¢, we generate soo replay samples per old class, ze. N, = 500. To
map classes from the segmentation dataset to the GAN’s one, we use the EfficientNet-B2
[211] classifier implemented at [212] and pre-trained on ImageNet. The interleaving ratio
Told/Tnew 18 set to 1. As input pre-processing, random scaling and mirroring are followed
by random padding and cropping to 321 x 321 px. The entire framework is developed in
TensorFlow [213] and trained on a single GPU.

8.6 Experimental Results

In this section, we detail the experimental evaluation on the Pascal VOC 2012 dataset [197].
Following previous works on this topic [3, 115, 118, 119], we start by analyzing the perfor-
mance on three widely used incremental scenarios: .., the addition of the last class (19-1),
the addition of the last 5 classes at once (15-5) and the addition of the last 5 classes sequen-
tially (15-1). Moreover, we report the performance on three more challenging scenarios in
which 1o classes are added sequentially one by one (10-1), in 2 batches of 5 elements each
(10-5) and all at once (10-10). Classes for the incremental steps are selected according to the
alphabetical order. We compare with the naive fine-tuning approach (FT'), which defines the
lower limit to the accuracy of an incremental model, and with the joint training on the com-
plete dataset in one step, which serves as upper bound. We also report the results of a simple
Store and Replay (S&R) method, where at each incremental step we store a certain number
of true samples for newly added classes, such that the respective size in average matches the

size of the helper decoders needed by RECALL (see Figure 8.8).
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Table 8.2: mloU on Pascal VOC2012 for different incremental setups. Results of competitors in the upper part come
from [2, 3], while we run their implementations for the new scenarios in the lower part. The highest values have been
highlighted in bold.

19-1 10-10
Disjoint Overlapped Disjoint Overlapped

Method 1-19 20 | al |1-19 20 | all | 1-10 1120 all | 1-10 11920 all
FT 35.2 13.2 |34.2|347 149 [338] 77 608 |33.0] 7.8 58.9 |32.1
S&R 55.3 43.2 | 56.2|54.0 480 |s55.1|25.1 $3.9 | 41.7 | 18.4 53.3 | 38.2
LwF [180] 65.8 28.3 | 64.0]62.6 23.4 |60.8]63.1 61.1 | 622|707 63.4 |67.2
LwF-MC [112] 38.5 1.0 [36.7|37.1 23 |35.4]| 524 42.5 | 477|539 43.0 | 487
ILT [118] 66.9 23.4 | 648|502 29.2 | 49.2]|67.7 61.3 | 647|703 61.9 | 663
CIL [4] 62.6 18.1 | 60.5|35.1 13.8 |34.0]|37.4 60.6 |48.4|38.4 6o.0 |48.7
MiB [3] 69.6 25.6 | 67.4 |70.2 22.1 |67.8]|66.9 s7.5 | 624|704 637 |67.2
SDR [2] 69.9 37.3 |68.4|69.1 32.6 |67.4|67.5 57.9 | 62.9 | 70.5 63.9 | 67.4
RECALL (GAN) | 65.2 so.1 | 65.8|67.9 53.5 | 68.4] 62.6 56.1 |60.8|65.0 58.4 |63.1
RECALL (Web) | 65.0 47.1 | 65.4 | 68.1 55.3 | 68.6] 64.1 56.9 | 61.9 | 66.0 58.8 | 63.7

Joint | 7s-s 735 | 754755 735 [ 7541766 74.0 |75.4]76.6 740 | 754
15-5 I5-1
Disjoint Overlapped Disjoint Overlapped
Method 1-15 1620 all |1-15 1620 al | 1-15 1620 all | 1-15 16-20] all
FT 8.4 33.5 | 144 | 12.5 369 |183] 5.8 4.9 5.6 | 4.9 3.2 4.5
S&R 38.5 43.1 | 41.6 | 36.3 44.2 | 40.3 | 41.0 31.8 | 40.7 | 38.6 31.2 |38.9
LwF [180] 39.7 33.3 | 38.2|67.0 41.8 |61.0] 262 15.1 |23.6]|24.0 15.0 |21.9
LwF-MC [112] 41.5 25.4 | 37.6|59.8 226 |s1.0]| 6.9 2.1 5.7 | 6.9 2.3 5.8
ILT [118] 31.5 25.1 | 30.0|69.0 46.4 |63.6| 67 12 | 54 | s7 1.0 | 46
CIL [4] 42.6 35.0 | 408 |14.9 373 |202]33,3 15.9 |29.1| 6.3 4.5 5.9
MiB [3] 71.8  43.3 | 64.7 | 75.5 49.4 | 69.0] 462 129 |37.9|35.I I35 |29.7
SDR [2] 73.5 47.3 |67.2|75.4 52.6 |69.9| 59.2 12.9 | 48.1 | 44.7 21.8 | 39.2
RECALL (GAN) | 66.3 49.8 | 63.5 | 66.6 50.9 | 64.0 | 66.0 44.9 | 62.1|65.7 47.8 | 62.7
RECALL (Web) | 69.2 52.9 | 66.3 | 67.7 54.3 | 65.6]|67.6 49.2 | 64.3|67.8 50.9 | 64.8

Joint [ 77.s 68.5 | 75.4|77.5 68.5 |75.4|77.5 68.5 |75.4|77.5 68.5 |75.4
10-§ 10-1
Disjoint Overlapped Disjoint Overlapped
Method -0 11-20| all |1-10 1120 al | 1-10 1120 all | 1-10 11720 all
FT 7.2 419 | 237 | 7.4  37.5 | 21.7| 6.3 2.0 | 43 | 63 2.8 4.7
S&R 26.0 28.5 | 29.7 |22.2 28.5 | 279|302 19.3 |27.3]|283 208 |27.1
LwF [180] 52.7 479 | s0.4|55.5 47.6 |s1.7| 67 6.5 6.6 | 16.6 14.9 | 15.8
LwF-MC [112] 44.6 43.0 | 43.8| 443 420 | 432 6.9 1.7 | 44 | 112 25 | 7.1
ILT [118] 53.4 48.1 | 509|550 448 |s1.7]| 141 06 | 7.5 | 16,5 1.0 | 9.1
CI.L [4] 27.5 41.4 |34.1|28.8 41.7 |34.9| 7.1 2.4 | 49 | 6.3 0.8 3.6
MiB [3] 54.3 47.6 | ST.1|55.2 49.9 |52.7]| 149 9.5 |12.3|15.1 14.8 | I5.0
SDR [2] 55.5 48.2 | 52.0]56.9 51.3 |54.2]25.5 15.7 |20.8]26.3 19.7 |23.2
RECALL (GAN) | 60o.0 s2.5 | 57.8 | 60.8 52.9 | 58.4] 58.3 46.0 |53.9|59.5 467 | 54.8
RECALL (Web) | 63.2 s55.1 | 60.6 | 64.8 57.0 |62.3|62.3 s50.0 |57.8|65.0 53.7 | 60.7

Joint 76.6 740 | 75.476.6 740 [75.4|76.6 740 [75.4]76.6 74.0 |75.4

As comparison, we include 2 methods extended from classification (z.c., LwF [180] and its
single-headed version LwF-MC [112]) and the most relevant methods designed for contin-
ual segmentation (ze., ILT [118], CIL [4], MiB [3] and SDR [2]). Exhaustive quantitative
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Per-round mloU evolution in the 10-1 disjoint scenario
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Figure 8.4: Evolution of performance in terms of mloU on the 10 tasks of the 10-1 disjoint setup.

results in terms of mIoU are shown in Table 8.2. For each setup we report the mean accu-
racy for the initial set of classes, for the classes in the incremental steps and for all classes,

computed after the overall training.

8.6.1 Addition of the last class

First, we train over the first 19 classes during step o. Then, we perform a single incremental
step to learn rv/monitor. Looking at Table 8.2 (upper-left section), we notice that FT re-
sults in a drastic performance degradation with respect to joint training, due to catastrophic
forgetting. RECALL, instead, shows higher overall mIoU than competitors and it is espe-
cially effective on the last class, whilst still retaining high accuracy on the past ones thanks to
the regularization brought in by background inpainting and replay strategies. S&R, instead,
heavily forgets previous classes, thus confirming the usefulness of replay data.

8.6.2 Addition of last 5 classes

In this setup, 15 classes are learned in the initial step, while the remaining s are added in one
shot (15-5) or sequentially one at a time (15-1). Compared to the 19-1 setup, the addition
of multiple classes in the incremental iterations makes catastrophic forgetting even more se-
vere. The accuracy gap between FT and joint training, in fact, raises from about 41% of the
19-1 case to more than 70% of mIoU in the 15-1 scenario. Taking a closer look at the results
in Table 8.2 (upper mid and right sections), our replay approaches strongly limit the degra-
dation caused by catastrophic forgetting. This trend can be observed in the 15-5 setup and
more evidently in the 15-1 one, both in the disjoint and overlapped settings: exploiting gen-
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erated or web-derived replay samples proves to effectively restore knowledge of past classes,
leading to a final mIoU approaching that of the joint training. Storing and replaying origi-
nal samples, instead, improves the performance with respect to FT, but ultimately leads to
a mIoU lower of more than 20% if compared to our approaches. This is due to the limited
number of samples to be stored in order to match the helper decoder size: their sole addi-
tion is, in fact, insufficient to adequately preserve learned knowledge. Finally, we observe
that RECALL can scale much better than competitors when multiple incremental steps are

performed (scenario 15-1), as typically encountered in real-world applications.

8.6.3 Addition of last 10 classes

To analyze the previous claim, we introduce some new challenging experiments, not evalu-
ated in previous works. In these tests only 10 classes are observed in the initial step, while
the remaining ones are added in a single batch (ro-10), in 2 steps of 5 classes each (10-5), or
individually (10-1). Again, FT is heavily affected by the information loss that occurs when
performing incremental training without regularization, leading to performance drops up
to about 71% of mIoU w.r.t. the joint training in the most challenging 10-1 setting. Thanks
to the introduction of replay data, RECALL brings a remarkable performance boost to the
segmentation accuracy and becomes more and more valuable as the difficulty of the settings
increases. In the ro-10 case, our method achieves slightly lower mIoU results than competi-
tors (although comparable). As we increase complexity, our approach is able to outperform
competitors by about 8% of mIoU in 10-5 and by 37% of mIoU in 10-1. We remark how RE-
CALL shows a convincing capability of providing a rather steady accuracy in different setups,
regardless of the number of incremental steps used to introduce new classes. For example, in
the disjoint scenario, when moving from simpler to more challenging setups (z.e., from ro-
10 to 10-1, passing through 10-5), the mIoU of FT drops as 33.0% — 23.7% — 4.3% and
the one of SDR (i.c., the best compared approach) as 62.9% — 52.0% — 20.8%), while our
approach maintains a stable mIoU trend of 61.9% — 60.6% — 57.8%. Finally, we report
the mIoU after each incremental step on the 10-1 disjoint scenario in Figure 8.4, where our
approaches show much higher mIoU at every learning step, indicating improved resilience
to forgetting and background shift, than competitors. In the qualitative results in Figure 4.2
we observe that RECALL eftectively alleviates forgetting and reduces the bias towards novel
classes. In the first row, the bus is correctly preserved while FT, S&R and inpainting wrongly
classify it as train (i.c., one of the novel classes); in the second row, FT places sheep and tv
(newly added classes) in place of cow; in the third row, some horse’s features are either mixed
with those of person and cat or completely destroyed, while they are preserved by our meth-
ods (the web scheme shows higher accuracy than the GAN here).
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Figure 8.5: Qualitative results on disjoint incremental setups: from top to bottom 15-1, 15-5 and 10-1.

155



Ours (GAN)  Ours (Web) Joint

. | ---

19-1

I0-10

10-5

I0-1

s =

Figure 8.6: Qualitative results on disjoint incremental setups.
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Table 8.3: Per-class loU of compared methods in disjoint experimental protocol on multiple scenarios of Pascal VOC

2012.
2
. S|
= < o g
on 2 “ © O 4 O o oW
S5 2 & B 8 B » F 2 & w £ F 2 £ 8 g £
9 = -4 = = = < (=] Q 5 < Q <&
Method & & 5 5 2 2 2 8§ § 5 8 5 8 2 &8 2 5% 3 5 & oldnewal
FT 72.462.4 6.7 45.0 47.139.5 33.7 40.925.7 4.3 54.0 8.0 25.0 50.4 50.6 0.0 35.343.0 0.8 $59.5 | 13.2 | 35.213.234.2
Inp. 91.083.9 35.177.3 62.370.7 77.973.4 85.7 31.5 73.1 48.0 81.3 74.4 64.6 81.0 44.1 75.7 41.3 74.5 | 30.4 | 66.1 30.4 65.6
é} GAN | 91.782.8 32.3 82.6 62.8 74.1 86.2 79.6 86.0 30.0 58.9 45.9 80.5 67.9 73.4 80.6 35.3 62.9 39.6 77.9 | 50.1 | 65.2 50.1 65.8
Web 91.4 82.8 35.983.459.973.5 85.3 73.7 85.7 31.3 59.4 40.9 81.1 67.1 73.4 80.5 43.1 61.5 42.6 74.4 | 47.1 | 65.0 47.1 65.4
Joint 92.5 89.939.2 87.6 65.277.3 91.1 88.5 92.9 34.8 84.0 53.7 88.9 85.0 85.1 84.9 60.0 79.7 47.0 82.2 | 73.5 | 75.5 73.5 75.4
FT 72.462.4 6.7 45.047.139.5 33.7 40.9 25.7 4.3 $4.0 8.0 25.0 50.4 50.6 0.0 |35.343.0 0.8 59.5 3.2 | 35.2 13.2 34.2
Inp. 89.068.736.068.2 48.471.4 12.8 77.3 85.6 26.7 8.1 48.8 80.3 61.6 68.8 78.7 | 20.1 29.026.3 38.4 51.8 | 56.1 33.1 52.2
2 GAN | 90.478.8 35.079.5 60.3 75.7 79.3 78.7 85.9 22.8 55.0 46.6 80.0 67.4 72.1 77.8 | 37.3 60.2 32.2. 64.4 55.1 | 66.3 49.8 63.5
Web 90.8 82.2 35.5 81.7 63.9 75.3 85.077.8 86.3 28.0 67.5 48.7 81.0 72.7 73.8 78.0 | 40.4 65.7 31.9 69.1 57.6 | 69.2 52.9 66.3
Joint | 92.589.939.287.665.277.3 91.1 88.5 92.9 34.8 84.0 53.7 88.9 85.0 85.1 84.9 | 60.079.7 47.0 82.273.5 | 77.5 68.5 75.4
FT 74.227.2 0.0 1.6 15.111.3 0.0 4.I 0.5 0.0 0.0 0.0 0.0 0.2 0.2 0.0 |27.025.628.933.552.2| 8.4 33.5 14.4
Inp. 85.938.931.479.4 41.5 71.3 28.9 62.6 85.6 32.2 29.6 50.2 76.6 69.2 55.3 80.2 | 18.5 37.4 36.3 19.8 17.9 | 55.5 26.0 49.9
‘_lf GAN | 90.5 80.7 34.5 79.5 59.1 75.5 72.7 78.2 85.3 25.3 59.0 39.9 79.9 68.8 72.5 78.6 | 23.2 §8.0 39.2 60.1 43.8 | 66.0 44.9 62.1
Web 90.5 82.1 34.4 81.5 62.676.0 82.3 77.0 85.1 27.4 63.6 39.4 80.3 71.9 72.278.4 | 35.4 64.4 35.7 61.9 48.7 | 67.6 49.2 64.3
Joint | 92.589.939.287.6 65.277.3 91.1 88.5 92.9 34.8 84.0 53.7 88.9 85.0 85.1 84.9 | 60.079.7 47.0 82.273.5 | 77.5 68.5 75.4
FT 82.1 0.2 0.0 I.2 0.0 I.4 0.0 0.0 0.0 0.0 0.0 |52.373.249.873.181.841.449.749.176.162.2| 7.7 60.9 33.0
o Inp. 90.9 81.8 34.1 73.1 58.673.3 85.6 78.8 78.2 29.0 29.1 | 43.7 66.6 47.7 73.0 74.2 29.6 57.3 38.8 70.9 61.4 | 62.2 56.3 60.7
§ GAN | 90.8 83.3 30.475.8 61.473.5 80.8 77.2 72.8 23.6 46.8 | 48.0 65.4 55.3 66.1 72.5 36.8 8.3 36.1 67.1 55.6 | 62.6 56.1 60.8
Web 90.9 82.3 32.7 75.4 63.272.8 81.7 73.5 76.2 24.2 58.5 | 46.5 68.8 60.2 64.7 73.3 38.3 58.3 34.2 68.5 56.2 | 64.1 56.9 61.9
Joint 92.589.939.2 87.6 65.277.3 91.1 88.5 92.9 34.8 84.0 | 53.7 88.9 85.0 85.1 84.9 60.079.7 47.0 82.2 73.5 | 76.6 74.0 75.4
FT 78.2 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 |16.413.723.455.746.737.439.847.975.662.3 | 7.2 41.923.7
Inp. 88.558.831.955.458.269.2 0.2 78.383.228.2 5.0 |36.471.634.761.474.1 20.426.225.534.047.9 | 46.8 43.2 47.1
S GAN | 89.377.928.972.159.373.675.175.8 79.5 20.5 37.2 | 44.2 67.8 50.9 59.5 71.3 31.4 51.9 32.3 63.1 53.0 | 60.0 52.5 57.8
Web 89.5 80.8 31.274.6 61.672.0 81.6 74.3 80.6 19.8 55.1 | 44.3 69.2 56.9 56.5 71.7 39.8 59.0 30.2 69.7 54.2 | 63.2 55.1 60.6
Joint 92.589.939.2 87.6 65.277.3 91.1 88.5 92.9 34.8 84.0 | 53.7 88.9 85.0 85.1 84.9 60.0 79.7 47.0 82.2 73.5 | 76.6 74.075.4
FT 69.4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 | 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 19.9| 6.3 2.0 4.3
Inp. 85.035.3 28.672.637.267.9 16.9 65.3 83.032.1 13.3 | 35.1 4I.4 5.0 22.5 71.7 21.5 16.9 34.5 19.2 13.0 | 45.2 28.1 39.0
é GAN 88.877.926.6 71.8 58.673.2 63.5 74.0 75.7 20.5 41.3 | 34.2 60.5 43.6 §8.6 66.2 15.8 51.7 37.4 53.0 38.8 | §8.3 46.0 53.9
Web 89.179.1 31.074.4 62.2 66.5 81.774.1 787 19.4 56.2 | 41.8 62.7 58.5 62.1 66.6 8.5 59.3 36.8 59.2 45.0 | 62.3 50.0 57.8
Joint 92.589.939.2 87.6 65.277.3 91.1 88.5 92.9 34.8 84.0 | 53.7 88.9 85.0 85.1 84.9 60.079.7 47.0 82.2 73.5 | 76.6 74.0 75.4
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8.6.4 Per-Task and Per-Class Results

For a more detailed evaluation, we present the per-class IoU values for some of the proposed
approaches and scenarios. We considered the following methods in the disjoint scenario on
all the experimental protocols: fine-tuning (FT), background inpainting, RECALL (GAN)),
RECALL (Web) and joint training. The results are summarized in Table 8.3. From here, we
can appreciate how fine-tuning always catastrophically forgets previous classes when learn-
ing new ones. The simple background inpainting strategy allows to largely alleviate such
phenomenon bringing a similar effect to recent knowledge distillation approaches [3, 119].
On top of this, we apply GAN or Web-based replay strategies to regularize training and back-
ground content inpainting scheme to reduce bias toward the background. While these strate-
gies are specifically designed to preserve old knowledge, they also allow to achieve large mIoU
gains on new classes reducing the false positive rate (7.e., the detection of new classes in loca-
tions containing the old ones).

In order to better understand the effect of our proposed modules, we report in Table 8.4
the Pixel Accuracy (PA) and the IoU for the class being added at each step of the disjoint 10-1
scenario. The results demonstrate that, on the newly introduced class, FT generally achieves
avery high PA (top-left) and a per-class IoU (top-right) comparable to the other approaches.
Yet, FT concurrently shows very low mIoU over all classes learned up to the current step
(bottom-right), as well as over only previously seen categories (bottom-left). All combined,
this is indicative of an overestimation of the new class. In other words, FT progressively
forgets foregoing semantic information, while predicting more often the newly seen class
(which experiences high PA but low IoU, due to many false positive predictions). Our ap-
proach, instead, can effectively improve knowledge preservation thanks to replay data and

background inpainting, providing steady mIoU results throughout the incremental steps.

8.6.5 Ablation Study

To further validate the robustness of our approach, we perform some ablation studies.

Memory Requirements

First of all, we analyze the memory requirements. The plot in Figure 8.8 shows in semi-log
scale the memory occupation (expressed in MB) of the data to be stored at the end of each
incremental step, as a function of the number of classes learned up to that point. We denote
with standard an incremental approach which do not store any sample (e.g., FT, LwF, ILT,
MiB, SDR). The saved model generally corresponds to a fixed size encoder and a decoder,
whose dimension slightly increases at each step to account for additional output channels
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Table 8.4: Per-round accuracy measures in the 10-1 disjoint scenario. In the top part we report the PA (left) and loU
(right) of the last class currently introduced. The bottom part, instead, shows the mean loU over the old classes up
to the ongoing step (left), as well as the overall mean loU including the new classes (right). The classes added at each
incremental step are: 1:dining table, 2:dog, 3:horse, 4:motorbike, 5:person, 6:potted plant, 7:sheep, 8:sofa, 9:train and
10:tv/monitor. The highest values have been highlighted in bold.
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Figure 8.8: Memory occupation in the disjoint scenario.

for the new learnable classes. Saving images, instead, refers to the extreme scenario where
training images of past steps are stored, thus being available throughout the entire incremen-
tal process. As concerns our approach, to annotate originally weakly-labeled replay images,
we devise a specific module (Section 8.3), which requires to save a set of helper decoders
{ Mg GHAE  one for each past step. Finally, for the GAN-based approach we add the stor-
age requlred for the generative model. Figure 8.8 shows that our web-based solution is very
close to the standard ones in terms of memory occupation. The space required to store the
GAN is comparable to that needed to save images in the very initial steps, but then remains
constant while the space for saving all training data quickly grows.

Background Inpainting

We further analyze the contribution of the background inpainting and replay techniques in
Table 8.5. While inpainting alone provides a solid contribution in terms of knowledge preser-
vation acting similarly to knowledge distillation, we observe that its effect tends to attenuate
with multiple incremental steps. For example, moving from ro-10 to 10-1 overlapped setups,
the mIoU drops more than 20%. On the other hand, the proposed replay techniques prove
to be beneficial when multiple training stages are involved. On the same setting, replay tech-
niques alone limit the degradation to only 8%. Yet, jointly employing replay and inpainting
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Figure 8.9: Distinct interleaving policies in the 15-1 disjoint setup.

Table 8.5: mloU results showing the contribution of each module of our framework, D: Disjoint, O: Overlapped.

19-1 I5-5 I5-1 10-10 10-§ 10-1
Method ‘ D (@) D (@) D (@) D (@) D (@) D (@)

Bgr inp. 65.6 66.7 | 52.2 $2.5 | 49.7 49.9 | 58.8 60.7 | 47.5 47.1 | 34.0 39.0
GAN 54.5 56.2 | 49.8 49.1 | 47.9 48.2 | 45.8 48.8 | 38.1 43.7 | 36.6 40.8
Web $7.3 574|552 547|550 537|552 $8.2|47.9 521 |45.4 s5O.I

GAN+inp. | 65.8 68.4 | 63.5 64.0 | 62.1 62.7 | 60.8 63.1
Web+inp. | 65.4 68.6 | 66.3 65.6 | 64.3 64.8 | 61.9 63.7

60.6 62.3 | 57.8 60.7

578 58.4 | 53.9 548

further boosts the final results in all setups (up to 15%), proving that they can be effectively
combined.

New vs Replay Data Balance

Finally, we analyze how results vary w.r.t. the proportion of new (ye.) and replay (74q)
samples seen during training (Figure 8.9): the mIoU is quite stable w.r.t. this ratio, however
the maximum value is reached when the same number of old and replay samples is used, z.e.,

Tnew/rold =1

RECALL as Additional Module

To the best of our knowledge, no works on continual semantic segmentation using GAN-
generated or web-crawled data exist. The aim of our work is to provide a general framework
to retrieve and employ unlabeled replay data. In this section, we demonstrate that our frame-
work can be applied on top of competing approaches to improve their performance: some
experimental results are shown in Table 8.6. Adding replay data with naive pseudo-labeling
(7.e., using the decoder of the previous step) already leads to a performance improvement,
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Table 8.6: mloU on VOC2012 disjoint 15-1 with replay data. G: GAN, F: Flickr. Naive: only decoder of last step is used
for pseudo-labeling, Ours: our complete approach (RECALL) is used.
‘ + Naive (F) ‘ + Ours (G) ‘ + Ours (F)

39.9 (+34.5) | 49.6 (+44.2) | s1.5 (+46.1)
50.5 (+12.6) | 63.5 (+25.6) | 65.7 (+27.8)

55.8 (+07.7) | 65.5 (+17.4) | 66.5 (+18.4)

‘ none ‘ + Naive (G
ILT 5.4 | 37.8(+32.4
MiB | 37.9 | 49.3(+11.4
SDR | 48.1 | 53.1 (+05.0

~—

~— ~— ~—

but combining our method with previous approaches leads to much higher results with im-
provements ranging from 17% to 46%, proving the effectiveness and general applicability
of the modules introduced in RECALL.

Class Mapping Module

Here we provide some further analysis and insights on the Class Mapping Module (intro-
duced in Section 8.4.1), which is used to translate each class of the semantic segmentation
incremental dataset (e.g., Pascal VOC2012 [197]) to the most similar class of the GAN’s
training dataset (¢.g., ImageNet [26]). Notice that properly mapping the labels between the
different domains is an important step, since incorrect pairings may easily harm the accuracy
of the final model.

To solve the task, we took an Image Classifier / pre-trained to address an image classifica-
tion task on the GAN’s dataset. Then, for each class ¢ in the current label set we select the
corresponding training subset (ze., all the samples of the current training set associated to
class c), and we sum the resulting class probability vectors from the classification output (ac-
cording to I). An arg max operation is then performed, to identify the GAN’s class ¢ with
the highest probability score. To show the effectiveness of the proposed classification, we re-
port in Table 8.7 the 3 classes from the GAN’s dataset with the highest score for each class
of the Pascal VOC2o012 dataset. We can see that for all the classes the top selected pairings
appear reasonable at first (notice that only the best matching class is selected in the proposed
approach). At a closer look, we find that the classifier selects an unexpected label only in
a single case, that is the person class being translated into cowboy hat; however, we remark
that the ImageNet dataset does not contain the person class, thus inherently lacking a close
match for that category. In light of this, we believe that the chosen class (z.e., cowboy hat) is a
reasonable choice and may still help in retaining high accuracy on the person class, being the
cowboy hat always shown on top of people’s heads. This situation is interesting as it shows
the robustness of our approach not only to different domains with different statistical dis-
tributions (ImageNet domain versus Pascal VOC2o012 one), but also to different labeling
domains (the label set of VOC2012 is not a subset of the ImageNet one).
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Pascal ImageNet

index class 15t class 2nd class 3rd class
1 airplane airliner warplane wing
2 bicycle mountain bike tandem tricycle
3 bird kite (bird) dipper quail
4 boat catamaran lakeside fireboat
5 bottle beer bottle soda bottle water bottle
6 bus trolleybus carriage minibus
7 car racing car station wagon minivan
8 cat tabby cat Egyptian cat tiger cat
9 chair rocking chair dining table folding chair
10 cow ox oxcart water ox
11 dining table dining table china closet restaurant
12 dog Labrador retriever  pit bull terrier beagle
13 horse sorrel ox fox squirrel
14  motorbike moped scooter disc brake
Is person cowboy hat crash helmet crutch
16  potted plant pot pencil case greenhouse
17 sheep ram llama bighorn sheep
18 sofa studio couch quilt rocking chair
19 train carriage electric locomotive  freight car
20  tv/monitor*® - - -

Table 8.7: Class mapping between Pascal VOC and ImageNet datasets. The table shows the 3 best matching ImageNet
classes for each Pascal VOC 2012 class. (*): matching classes for tv/monitor are not computed since replay data is not

needed.

The effectiveness of the mapping can also be visually appreciated from the sample gener-
ated images shown in Figure 8.10. In particular, notice how even for the person class mapped
to the cowboy hat the images look reasonable, even if the variability in this case is much smaller

if compared to the original VOC class data.



Pascal GAN Flickr

Figure 8.10: Original images from the incremental Pascal VOC dataset, together with replay data generated by GAN or

retrieved by Flickr's web crawler.
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Part II1

Learning Under Task and Domain Shift
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Transfer Learning Across Tasks and

Domains

9.1 Introduction

Although capable of remarkable performance in narrow and confined tasks, deep models
tend to struggle when confronted with continual learning of dynamic tasks in ever-changing
environments. For instance, variable input distribution between supervised training data
and target data has been shown to cause performance degradation, giving rise to the need for
domain adaptation, which targets knowledge transferability across domains (Part I). Addi-
tionally, a major issue stands in the tendency to catastrophically forget previously acquired
knowledge [166], with new information erasing that experienced so far (Part II). Both con-
stitute critical problems when it comes to deploying deep models in practical applications, as
in the real world it is very likely to encounter distribution variability both in terms of input
data experienced and of target tasks. Nonetheless, the fundamental problem of continuously
learning and adapting to novel environments remains open and is actively investigated, with
along way before its definitive solution.

A thriving research endeavour has been devoted to continual learning in vision problems,
such as image classification [112, 113, 166], object detection [115, 214, 215] and, more re-
cently, semantic segmentation [3, 118, 120]. As detailed in Section 6.3, the majority of those
works, however, are limited to a c/ass incremental perspective of the continual learning prob-
lem, where the focus is strictly posed on the variable task (e.g., class) supervision and label-
space shift experienced throughout the learning process. On the other side, a significant re-
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search effort has been directed toward the domain adaptation problem, ranging from a static
learning setting [30, 55, 75] to, quite recently, a dynamic perspective [132-134], taking into
account incremental changes in the data distribution. Yet, all these works are generally fo-
cused only on the input distribution shift, neglecting the task-related side of the incremental
learning.

In Chapter 10 we will propose a framework to address a general continual learning setup
for semantic segmentation. The core idea is to build a robust distillation framework to retain
and adapt former-task knowledge, while leveraging a stylization mechanism to effectively
translate information across incremental domains.

The reminder of this chapter includes a formalization of the Continual Learning under
both task and domain shift (Section 9.2); next, a survey of the limited literature tackling do-
main shift in more flexible settings w.r.t. the standard DA will be presented (Section 9.3);
to conclude, we will provide a description of the proposed experimental setups and bench-
marks to evaluate methods exploring the general CL problem (Section 9.4), which will be
used in Chapter 10 to conduct the experimental campaign.

9.2 Problem Formulation

Similarly to Unsupervised Domain Adaptation (Part I) and Continual Learning under task
shift (Part IT), the more general continual learning setting in the presence of distribution vari-
ability within both input and label spaces can be considered as falling under the umbrella
of transfer learning. Nonetheless, this under-explored comprehensive learning setting com-
prises stricter and more realistic constraints. On one hand, the general CL finds the same
obstacle as task-focused CL in the tendency of deep prediction models to catastrophically
forget former tasks, thus requiring learning mechanisms to retain previously acquired knowl-
edge (as in the case of the CIL problem). On the other hand, the general CL setting calls for
domain adaptation, as the input distribution continually shifting entails that learned clues
must be robust and adaptable to mutable input appearance, while supervision comes only
for a single (currently) experienced domain distribution (as with the UDA problem).

Here the overall goal is to transfer incrementally gained experience across learning steps;
this requires to address the catastrophic forgetting phenomenon in order to retain task-re-
lated information, while spreading and adapting said knowledge to all the domains encoun-
tered. In other words, we ultimately seck to achieve satisfactory prediction performance on
all tasks considered and in all domains experienced.

More formally, the learning process is divided into multiple steps ¢ = 0,1, ..., T, each
characterized by its own training data (X}, );) distributed according to P (A}, ;) over X} x
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Yi. Asin case of CIL, the challenge stands in the ¢-th training set being no longer available af-
ter the end of the ¢-th step. Moreover, single-step data represent a subset of a comprehensive
domain (X', ) associated to P(X', ) over X x ), with X’ = Uf:o Xyand) = U;‘on V.
We also assume that V1 # Y}, to represent the incrementally changing task supervision,
similarly to what happens task-focused continual learning. Yet, we additionally enforce that
D1 # Dy, to signify that input distribution is also mutating alongside tasks. The em-
ployed notation is the same characterizing Part I (see Table 6.1), and will be used throughout
Part III as well.

Given a prediction model My incrementally trained, our goal is to solve the empirical risk
minimization:

argmingE v y) [£ (My (X;6), V)], (9:1)

with ¢ and £ being respectively the model’s parameters and the loss function. Direct opti-
mization is not an option, due to partial task supervision and input distribution availability
experienced incrementally. Thus, it is necessary to develop some techniques to reach satis-

factory performance across all the tasks and domains encountered.

9.3 Adaptation with Variable Tasks or Domains

As thoroughly discussed in the first part of this dissertation, deep models are known to sufter
performance degradation when presented with mutable input distribution between training
and testing phases [216]. Domain adaptation has been extensively investigated to alleviate
the aforementioned problem, by safely transferring learned knowledge from label-abundant
source domains to label-scarce, or even unsupervised, target ones. We showed that particu-
larly flourishing has been Unsupervised Domain Adaptation (UDA) for the semantic seg-
mentation task [234], as supervision in terms of dense segmentation maps is usually very
costly and time expensive to be collected for real-world data, and thus it is of prime interest
to adapt knowledge from large-scale datasets already available. We refer to Chapter 2, where
we presented an in-depth description of numerous UDA techniques. Yet, in its standard
form, UDA entails no continual learning, being the task at hand the same on both source
and target static domains, which are concurrently available. In the last part of the disser-
tation, instead, we are interested in a more realistic setup with dynamic task and domain
evolution.

In the rest of thus section, we will report some recent works that have departed from the
standard closed-set DA to study more realistic setups involving variable tasks or incremental
domain shift. In particular, different variations of the static DA have been proposed, relaxing
some of the original strict assumptions.
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Domain-dependent Tasks

One research direction involves distinct tasks between source and target domains, ze., it al-
lows source and target classes to be different. Depending on the relationship between source
and target class sets, partial [217], open-set [218] and universal [28, 219-221] domain adap-
tation setups have been proposed, where the #niversal setup implies the largest flexibility
concerning the target class set, which is not supposed to be known a priori and can contain
both source and unknown categories. Nonetheless, most research has been confined to the
image classification problem [218, 220, 22.1]. Moreover, these works do not involve class in-
cremental learning, as adaptation is performed with simultaneous access to source and target
domains in a single learning phase.

Continual Domain Shift

Another line of works has explored diverse setups in terms of domain availability. Some
propose to handle multiple source [222, 223] or target [132—-134, 224-227] domains. This
can involve a single adaptation phase [222, 223], or multiple phases where different domains
are experienced in different learning steps in a incremental fashion [132-134, 226, 227], in
fact, undertaking continual learning under the domain adaptation perspective. Yet, all these
works assume homogeneity of tasks across all the domains encountered, whereas the class
and domain incremental setup we are investigating deals with variable learning conditions
both along task and domain progressions.

Task and Domain Incremental Learning

Itis possible to find in literature a few works that address both task incremental and domain
adaptation problems.

Garg et al. [228] develop a multi-domain incremental learning (MDIL) framework that
involves classification tasks shifting across multiple domains experienced in an incremental
fashion. They rely on a dynamic architecture built upon a set of domain-invariant param-
eters to capture domain-invariant semantic clues shared by all domains, along with a set of
domain-specific parameters apt to perceive the statistical properties peculiar to each domain.
However, total supervision is assumed to be available on all the domains encountered, lead-
ing to overlapping incremental class sets. We, instead, adhere to a stricter and more realistic
CIL setup, with disjoint groups of semantic categories incrementally introduced.

Furthermore, a few works focus on setups involving task and domain form of variability
[229-23 1], whereas posing some constraints that differentiate their setup from a general task

and domain continual learning. Kalb ez /. [229] discuss class and domain incremental learn-
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ing, but each problem is tackled individually by evaluating standard CIL and DA methods.
Moreover, in [230], coarse-to-fine continual learning is explored, but the proposed setup
does not involve domain shift across learning steps, as source and target domains are kept
fixed.

Closer to the comprehensive CL, Simon e£ 4/. [231] address continual learning with tasks
and domains dynamically evolving. They develop an additional learnable module to model
class similarities, while introducing a knowledge distillation mechanism based on exponen-
tial moving averages of model parameters. Still, they assume to have task supervision on all
the considered domains at each task incremental step, which may not be a realistic assump-
tion in real-world applications. In addition, rehearsal of training exemplars is performed,

and the method specifically targets image classification.

9.4 Experimental Setups

In this section, we detail the benchmarks we propose to evaluate the comprehensive task
and domain continual learning, which will be used for validation purposes in Chapter 1o.
Most of these benchmarks were exploited for experimental analyses carried out for the UDA
methods, as shown in Part I. However, in this last part of the dissertation we are focusing on
how they can be leveraged to reproduce domain incremental shift.

To simulate the distribution shift at the input (image) level, we make use of multiple driv-
ing data sets, each limited to a specific geographic region or environmental factors, and thus
characterized by its distinctive low-level appearance (e.g., road pavement material, type of
vehicles, light conditions). On the contrary, the high-level semantic content is mostly consis-
tent across image sets, that is, the road-related or other categories, moving and static obstacles
can be found everywhere, and follow similar inter-class structural relations (e.g., the sky will

always appear above the road).

Urban Datasets

Cityscapes. The Cityscapes [14] dataset (CS) is a popular benchmark for autonomous
driving applications. Images are collected across 5o cities, all located in Central Europe, with
almost the totality being within German borders. For this reason, scenes comprise for the
most part street-like urban scenarios, with gray tones typical of weather conditions of this
geographic area.

BDD1ooK. The Berkeley DeepDrive dataset (BDD) [88] is a more diverse collection of
road scenes, captured with variable weather conditions at different times of the day. Com-
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Cityscapes — BDD — 1IDD

Figure 9.1: Domain distribution shift due to change of geographic location (urban setting).

North America — Asia — Africa

Figure 9.2: Domain distribution shift due to change of geographic location (worldwide setting).

pared to Cityscapes, an urban environment is joined by suburban scenery with highway-
centered landscape. Still, all samples are from 4 restricted localities in the United States.

IDD. The Indian Driving Dataset (IDD) [16] includes driving scenes from Indian cities
and their outskirts. It offers a diversified set of moving and static road obstacles, as well as
a wilder and more natural environment, which breaks away from the typical European or
American urban scenarios of the two previous benchmarks.

By experiencing in succession the 3 aforementioned benchmarks in 3 different learning
steps, it is possible to generate incremental distribution shift, as each single set provides pecu-
liar visual features that differentiate it from the others, while the high-level semantic content
(z.e., driving scenery) is the same for all of them (as shown in Figure 9.1).

Worldwide Scene Collection

Mapillary Vistas. The Mapillary Vistas dataset [17] contains images collected worldwide,
with highly diverse acquisition settings and locations. Unlike previously introduced bench-
marks, samples are not limited to a few cities located within quite uniform geographic re-
gions. It is possible leverage the Mapillary to generate continent-wise data splits (see Fig-
ure 9.2), as well as to test the domain generalization potential of the proposed class and do-
main incremental approach.
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Daytime Twilight

Figure 9.3: Domain distribution shift due to environmental factors.

Environmental Conditions

Shift. The Shift benchmark [89] is a synthetic dataset for autonomous driving, designed
to provide a plethora of distribution shifts, simulating the highly variable environmental
conditions faced in real-world applications. It can be exploited to mimic domain shift due
to environmental diversity, such as due to variable illumination or weather conditions (as

Figure 9.3 shows).
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10

Generalized Continual Semantic
Segmentation

10.1 Introduction

As discussed in the previous chapter, the general continual learning problem across both
tasks and domains is yet unexplored for the semantic segmentation task. Where class incre-
mental methods usually struggle to cope with domain knowledge transferability, domain in-
cremental methods lack predisposition to address incremental task supervision. We instead
propose to tackle continual semantic segmentation with joint incremental shift along class
and domain directions. The training process involves multiple steps, each of which carries
a new set of classes to learn, along with a training set comprising image samples with a step-
distinctive distribution, differing from those experienced in previous steps, and supervision
available only on the newly introduced class set. The overall objective is for the incremental
segmentation model to deliver satisfactory performance across all the tasks (z.c., class sets)
and domains encountered so far, with the class- and domain- wise joint training as the target
upper bound.

In this novel problem setup (see Figure 10.1), both domain adaptation and recollection of
past classes must be performed to achieve satistactory performance. Under the domain incre-
mental angle, it is required to simultaneously learn new classes over past domains and adapt
old-class knowledge to the new domain. From the class incremental perspective, recollection
of past knowledge must take into account the variable input distribution characterizing the
addressed incremental learning.
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Figure 10.1: High-level view of our approach. Transparency decrease (top—>down and left—right) indicates progres-
sion through learning steps. Colored task icons denote presence of supervision within training data, grayscale ones
signal lack of supervision. At each step, we leverage training data to learn new classes on the new domain. Domain styl-
ization allows to reiterate old-domain distribution, crucial to learn new tasks and preserve old ones on former domains,
and to adapt old-domain old-task knowledge to new domains.

We therefore devise multiple training objectives to face underlying sub-problems. While
to rehearse knowledge of old classes we resort to the old-step segmentation model, which is
a common practice among class incremental learning methods [118], to replay information
of past-domain input distribution we propose a stylization mechanism. The average style
(z.e., a very compact representation) of each encountered domain is computed and stored
in a memory bank, to be transferred to novel domains in future steps and reproduce some
domain-level information.

The overall optimization framework is made of (i) a standard task loss (z.e., cross-entropy
objective) to learn new classes over available training data, (ii) an additional task loss instance
to learn new classes in old domains by leveraging stylization, (iii) a knowledge distillation-like
objective to infuse adapted information of past classes in the form of hard pseudo-labels to
the new domain and finally (iv) an output-level knowledge distillation objective applied on
stylized images to retain old-domain old-class performance.

To summarize, our contributions in this chapter are as follows:

(i) We investigate a novel comprehensive incremental learning setting that accounts for
variable distribution within both input and label spaces.

(i) We develop a framework to tackle all facets of the class and domain incremental learn-
ing problem, based on a stylization mechanism to recall domain knowledge under
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incremental task supervision and a robust distillation framework to retain task knowl-
edge under incremental domain shift.

(iii) We devise novel experimental setups to simulate the proposed learning setting and

conduct an extensive evaluation campaign.

(iv) We show that the proposed method outperforms existing state-of-the-art methods
that address the IL problem only from a class or a domain incremental perspective.

In the rest of this chapter, we will start by providing a detailed formulation of the consid-
ered class and domain incremental learning targeting the semantic segmentation task (Sec-
tion 10.2); we will then move to an overview of the proposed continual learning method
(Section 10.3), analyzing each module of the overall framework (Section 10.4); we will finally
conclude the chapter with a in depth description of the class and domain incremental setups
we devise to simulate the general CL (Section 10.5), followed by an extensive experimental
campaign to validate the proposed method (Section 10.6).

10.2 Problem Formulation

In semantic segmentation we aim at labeling every individual spatial location of an image by
associating it with a semantic class taken from a predefined collection of candidates C. That
is, given an RGB image X € X C RHXWX3 o segmentation network M : X — Vs
exploited to provide its segmentation map Y ¢ Yy c cHxW, Y should be an accurate
prediction of the ground-truth map Y, which is available only at training time.

We follow an incremental learning protocol to optimize the segmentation network, as
depicted in Figure 1o.2. Specifically, the predictor is trained in multiple steps ¢ = 0, ..., T’
to recognize a progressively increasing set of semantic classes. At step ¢, a new class set C;
is introduced, along with training data 7, = {(X;,Y;)} C A, x ), associated to that
set, which is available on the current image domain &;. The supervision provided by 7; is
restricted to C;, meaning that any pixel within 7; is tagged in V; with ¢ € C;. At the end of
the step, all the currently accessible data is discarded and is not reused again. The procedure is
reiterated for multiple learning steps, with a new domain X} and class set C; being introduced
and used for training at each step.

More formally, the objective is to train M; : Xo — Vot

* to recognize all the semantic classes observed up to the present step ¢:
¢
HxW
You € CHY, Cou = i, (10.1)
k=0
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Table 10.1: Formal definition of key notation used throughout Chapter 10.

Symbol Definition

t€{0,1,2,....,T}  Stepindex

U Unknown class
My, My 4 Current and past segmentation models at step ¢
Yt Segmentation prediction by M;
Y,{C_ 1 Pseudo-label by M;_; over stylized images from steps £ € K
Y Pseudo-label by M;_; over oldly-stylized images
Yffl Refined pseudo-label by M;_; over oldly-stylized images
FA Style of domain of step ¢
Wpg Style window, with size controlled by 3
ML, Style memory bank up to step ¢
Xk Domain of step ¢ stylized as domain of step k&
PF Prob. map by M; over image with style of step k
ﬁt Prob. map by M; with past and unknown class probability channels grouped
]*Dt Prob. map by M; with new and unknown class probability channels grouped

* on all the image domains experienced so far:

t
Ko = | X (10.2)

k=0

We remark that {X;} are characterized by diverse statistical properties, 7.¢., domain
shift occurs between them, typically manifested through cross-domain variable visual appear-
ance of scene elements that yet share semantic significance. All C; are disjoint sets, except for
the unknown (u) class, which belongs to each of them. Class u at step ¢ contains all the past
and future classes. In other words, u undergoes a semantic shift across subsequent steps and,

for this reason, demands special care when being handled [3].

10.3 Overview of the Proposed Method

We concurrently face challenges peculiar to both domain adaptation and class incremental
learning settings.

Domain Adaptation. The segmentation network is trained on data from multiple do-
mains, each holding only a subset of the whole set of the semantic classes. Even so, the model

180



Domain incremental shift

»

Cy — 1t Task

+ Xy — 1t Domain
=
<
("]
Tg C; — 2" Task
dEJ X1 — 27 Domain
o
=
o
c
a Step 1
v
S
(@) Cq — 34 Task

AX5— 3 Domain

v Step 2

TRAINING TIME TESTING TIME

Figure 10.2: Overview of the class and domain incremental setup. When training, each step sees training data from
a new domain, labeled on a new class set. When testing, performance is measured on all domains and classes experi-
enced so far.

is expected to provide satisfactory prediction performance on all the observed domains and
semantic classes. Hence, it is necessary to transfer knowledge across domains to

(i) learn new-class clues shared across the current (supervised) domain and the past ones

(where new-class supervision was not available during past steps),

(ii) adaptold-class knowledge learned in former domains to the novel domain.

Class Incremental Learning. The different class supervision available on different do-
mains leads us to a class incremental problem, where semantic categories come across in a
continual fashion. Therefore, we are required to address the widely known catastrophic for-
getting phenomenon [166], aiming at preserving knowledge from past classes when learning
new ones. However, unlike standard CIL, knowledge preservation has to be performed dif-
ferently depending on the domain in which it is applied:

(i) in past domains straightforward recollection of previously observed classes can be im-
posed, as those classes were learned over past domain distributions,

(ii) whereas, in the novel domain recalled memory of past classes should be adapted to
account for the semantic shift happening within the input space.

We break down the domain shift and class continual learning problems into simpler un-
derlying sub-problems, as indicated above. Our overall learning framework builds upon mul-
tiple individual objectives, each focusing on a specific challenge enclosed in the general setup.
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Table 10.2: Training objectives: the n/o superscripts denote the use of new/old domain data, with ~ implying stylization.

New Domain Old Domains

New Classes L L2,
Old Classes Zd 20{

We simultaneously progress along class and domain incremental directions; at each learning
step, after the first one, both classes and domains experienced so far can be arranged into
new or old types, according to whether they are currently available or not. More in detail, we
propose a specific learning objective for each of the different combinations of domain and
class types (see Table 10.2 and Figure 10.4), 7.¢., to:

(i) learn new classes on new domains (Section 10.4.1);

)
(ii) learn new classes on old domains (Section 10.4.2);
(iii) adapt old-class information to new domains (Section 10.4.3);
)

(iv) preserve old-class information in old domains (Section 10.4.4).

10.3.1 Domain Stylization

We resort to a style transfer mechanism to recreate image data with statistical properties re-
sembling those of past domains (Figure 10.3). More specifically, starting from the available
image data originating from the input domain accessible at the current step, we transfer the
styles extracted from all the previously encountered domains. By doing so, a stylized ver-
sion of each of the former domains is produced, with image content derived from the novel
dataset.

The benefits that originate from domain stylization are manifold. (i) We force the predic-
tion model to experience past input distributions under supervision or pseudo-supervision,
tackling domain-level catastrophic forgetting. (ii) We aim at learning new classes on old do-
mains, where supervision was not available when they were directly observed. At the same
time, we propose to preserve old-class knowledge on old domains, counteracting class-level
catastrophic forgetting. (iii) By encountering a variegate input distribution, the predictor
is encouraged to develop the ability to generalize to unseen domains, which is crucial in a
continual learning paradigm that involves domain shift.

The style transfer mechanism we adoptis inspired by [30] and involves low computational
cost and memory requirements. The original algorithm works in the Fourier transform do-
main: thelow frequency portion of the amplitude of the spectral representation from a target
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= New domain

Old domains unavailable at step k

Xt»O

Old-stylized domains Self-stylized domain

Figure 10.3: Domain stylization: to access no longer available old domain data, we stylize new domain data according
to former-domain styles stored in a memory bank. In addition, we perform self-stylization to improve generalization
performance.

image (7.c., the style) is extracted and applied to replace that of a source image (z.e., the con-
tent), whose phase component is kept unchanged. The outcome is image data with source
semantic information, and target-like low-level appearance.

We enhance the original method to accommodate for the further complexity brought in
by the class and domain incremental setting. From each image of the currently available
dataset, we extract its style tensor (7.¢., the amplitude central window), and we average it over
all the samples:

R = 30 PO, (103)

t’ XeT:

where (X)) is the amplitude obtained by the FFT applied to image X, and W is the
style window. By doing so, we are extracting significant knowledge of domain-dependent
statistical properties, condensed in a compact representation. The domain-specific style F;/*
of step t is stored in an incrementally-filled memory bank ME, |, = {F|k < t} and
preserved across steps. By leveraging the proposed storage mechanism, at each incremental
step we can access crucial information of past domain low-level properties (yet minimal if
compared to that contained in whole training sets), without requiring direct access to raw
image data, which would violate the exemplar-free assumption. We stress that domain shift
affects low-level details, while high-level semantic content is mostly shared across domains
(e.g., the road serves the same purpose regardless of the dataset, while its appearance in terms
of texture or pavement material might vary considerably). To create an oldly-stylized dataset
atstep ¢ looking back at step £ <t (z.e., X '), for each image of the current domain we replace
its amplitude window with that of the selected former domain as follows:

KXo = {F [+ FAX) W5 FP(X)]) | X € 44}, (10.4)
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where F 1 is the inverse FFT operator and F¥'(X) is the Fourier phase component of X.
In addition, we devise a self-stylization mechanism by self-applying domain style to improve
generalization toward future steps, promoting forward transfer. As for the dimension of
the style window, we experimentally found that the 3 parameter as defined in [30] (Z.e., the
parameter controlling the window size) provides satisfactory and robust results when set to
le-2. Finally, we stress that our approach is independent of the style transfer technique used,

provided that style information and content can be extracted in two distinct steps.

10.4 Learning Across Tasks and Domains

10.4.1 Learning New Classes over New Domains

In the proposed class and domain continual learning framework, direct supervision comes
uniquely for the newly introduced class set C; and image domain A& in the form of the train-
ing dataset 7; C X} X ). As mentioned before, image pixels not belonging to Cy, i.¢., of
past or never seen classes, are assigned to a special class #nknown, whose semantic statistical
properties are highly dynamic.

To account for the semantic shift suffered by the unknown class at the current step t > 0

w.I.t. previous steps, we group the past and unknown class probability channels as follows:

5 P(X)[z,y, ], ifc#u .
B(X)[z,y,c] = {ZC/ECOM P(X)[e.y. ], ife—u (10.5)

where P;(X) € RE*Wx[Coul is the output of M; prior to the arg max when a generic image
X € X is given as input. We additionally define Ty, C Xy, X Y, as the selfstylized training
datasetatstep ¢, where the average style (defined above in Section 10.3.1) of the currentimage
domain has been applied on top of the X; domain itself.

To learn the newly introduced classes over the new domain we optimize:

1 o~
7 > Y log P(X), (10.6)

X7Y€7~Vt >t

L0 (Co, X)) = —

where we leverage input data with current style and supervision over the new class set. The
n superscript indicates the use of self-stylized data on the zew domain. The purpose of self-
stylization is twofold: first, it provides additional robustness and generalization capability to
the prediction model, since input data is supplied with more homogeneous low-level statis-

tic across individual samples. Second, it forces the prediction model to experience domain
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Figure 10.4: Model architecture: we decompose class and domain IL into simpler sub-problems, each addressed by a
suitable objective; we learn new classes on new domains (top-left panel), we learn new classes on old domains (top-
right panel), we adapt old classes to new domains (bottom-left panel) and preserve old classes on old domains (bottom-
right panel).

statistics that will be stored and replayed in the future, acting as proxies for the no longer
available previous domain statistics.

10.4.2 Learning New Classes over Past Domains

To compensate for the lack of available input data for former domains, we generate proxy
datasets retaining low-level statistics resembling those of past domains. More precisely, for
each style FA e Moy of step k < t webuild Tiok C Xk XV, (as detailed in Section 10.3.1),
i.e., an oldly-stylized training dataset at step ¢, for which domain-specific visual attributes of
step k < t has been applied on domain X;. Supervision on the newly introduced classes over
the old domains is exploited by optimizing:

t-1

1
L2(Cr, Ko 1) = —;Z
=0

> Y - log K(X), (10.7)

”“' X YT

where we leverage input data with past styles (z.c., with distributions supposedly close”™ to
those of no longer available former domains) and the supervision over the new class set. The
superscript 0 indicates the use of o/d/y-stylized data.

“The closeness depends on what the style transfer mechanism is able to transfer in terms of statistical prop-
erties. The distribution gap is reduced in terms of low-level properties, while semantic high-level distribution
should already be similar across domains.
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By concurrently learning the segmentation task at the present step over an augmented
pool of input data distributions from the past, the prediction model should learn more gen-
eral and shareable clues, overcoming the domain shiftinherentin the domain continual learn-

ing paradigm.

10.4.3 Adapting Old Classes to New Domains

In the addressed class incremental learning scenario, at each new learning step all past class
sets are assumed to lack any direct supervision. To recall previously acquired knowledge,
we resort to the well-known knowledge distillation objective [165]. Yet, differently from
the standard class incremental learning problem as traditionally formalized in the literature
[112], we expect to encounter additional challenges:

(i) the input data of past domains (z.e., experienced by the segmentation model when previ-
ous class sets were learned) are no longer available;

(ii) a distribution shift separates the current image data to that available at former steps. Thus,
we no longer have access to data distributed as that experienced by the segmentation model
saved from the past step, which, in principle, should be leveraged to distill knowledge of old
classes.

To replicate the image distribution of data of past steps, we resort to the stylization mecha-
nism (Section 10.3.1). Specifically, for each old domain X}, k£ <, we build an oldly-stylized
dataset 7., starting from that of the current step .

To access a form of supervision over the past classes we make use of pseudo-labeling via
the prediction model from the previous step, which should retain profitable knowledge on
the semantic categories learned so far. However, said model might not distill knowledge ef-
fectively when fed with input data of an unseen distribution, 7.e., originating from the newly
introduced domain. Therefore, we exploit oldly-stylized data to enhance pseudo-labeling by
mitigating domain shift. We denote with Pk, (X) C REXWx[Caal X e X, the classifi-
cation probability map from model M;_; over new domain images with the style of step .
We then compute pseudo-labels following:

Y [2,y] = arg maxmax P, (X)[z, y], (10.8)
CECO:tfl kek

where we leverage old model predictions over past styles, z.e., we set C={0, ..., t—1}, while
maxyex PF;(X)[z,y] indicates that for each spatial location (x, i) we take the probability
vector associated to the style with maximum peak value. We then refine the generated pseudo-

{0,...,t-1}

labels at each spatial location (we will shorten Yf_ n asY; ! and drop the term [z, y]
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for ease of notation) as:

Y;_tl, if Yf_tl confident AY; =u
Yit= < u, ifY, # u (10.9)

ignore, elsewhere

where Y; € );. The hard pseudo-label Yt [2,y] (e, after the arg max operation in
Eq. (10.8)) is considered to provide a confident prediction if the peak probability value (of
the probability map prior to the arg max) is bigger than a threshold 7, or if that value is
among the top-K fraction of highest peaks for class ¢ = Y1 [z,y]. Weset 7 = 0.9 and
K =0.66 as advised in [30]. In addition, we leverage the ground-truth supervision on new
classes to correct noisy estimations in pseudo-labels, by marking as unknown (i.c., u) all the
pixels of newly introduced categories. We remark that the employed knowledge distillation
is designed to provide insight on previous tasks (where current new classes were assigned to
the # class), whereas we entrust Eq. (10.6) to instill understanding of the novel task. We
experimentally verify that using separate objectives to train on new and old classes leads to
improved results, as it forces the model to learn to better discriminate between different in-
cremental class sets, part of which might coexist under the same #nknown group for one
or more learning steps. This is especially true for autonomous driving datasets, where each
image can contain several semantically diverse elements, for all of which we may not have
supervision from the start of the training.

To infuse adapted information about past classes at the current step without direct access

to ground-truth information, we resort to the following objective:

L34(Co1, X)) = T | Z Yt -log Pi(X), (10.10)
¢

by which we distill knowledge of past tasks (z.e., recognition of classes in Cy.;-1) over the new
domain X} via the pseudo-labels derived from the old model S;.

To account for the semantic shift suffered by the #nknown class of step t — 1 when moving
to a new step ¢ >0, we group new and unknown class probability channels as follows:

(ro.rr)

: _ JRX)[z,y.d, ife#£u
P(X)[x,y,c] = {Zc o P, e

where ]*Dt(X) € RE*Wx[Co-1l We opt for the use of hard-labels in place of the more com-

mon soft-labels in the distillation-like loss in order to prevent enforcing an uncertain behav-
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ior to S;. This behaviour could be originated by the mismatch between training and infer-
ence input distribution undergone by the old model S;_;, which has been trained over past
domains and now is fed with new domain data (the oldly-stylizing operation reduces domain
shift but has no guarantees on its complete removal). In Section 10.6.4 we will provide an
experimental study on pseudo-labeling.

10.4.4 Preserving Old Classes on Old Domains

In Section 10.4.3 we focused on distilling old-task knowledge on the current novel domain.
Nonetheless, our ultimate target is to end up with a segmentation network capable to rec-
ognize all the observed classes over all the experienced domains, that is a prediction model
robust to both domain and label distribution shifts. For this reason, at every novel incre-
mental step it is required to preserve the task knowledge acquired in the past, that is, on past
classes over past domains. To do so, we leverage the output-level knowledge distillation ob-
jective in its standard formulation [165], where we force a student model (z.e., the current
model) to mimic the predicted classification probability distribution of a teacher model (z.e.,
the model saved and kept frozen since the end of the previous step). We opted for the ob-
jective in its standard fashion [165], as both image and label distributions ideally originate
from previous steps, so no domain shift should, in principle, affect the distillation process.
In practice, we can not access former incremental datasets. Therefore, to retrieve the missing
old-domain data, we resort once more to stylization (Section 10.3.1), so that we can lever-
age oldly-stylized data as proxy for the missing original images. The final objective is of the
following form:

t-1
1
‘de<C0t 1, XOt 1 —g kz ZPt 1 10g Pt(X) (IO.IZ)

t

where P, (X) € REXWICo-1l refers to the modified probability distribution of Eq. (10.11),
for which new and unknown categories are incorporated into a single output channel to ad-
dress the label shift within the u class.

The overall objective is given by:

Liot = Loy + Mg - Lo+ Mg - L+ Mg - Lo (10.13)
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10.5 Experimental Setup

In this section we provide a detailed description of the experimental setup utilized to validate
the proposed framework against multiple competing methods. In Section 10.6 and 10.6.4
we will report the results of the evaluation campaign and extensive ablation studies as addi-

tional support.

10.5.1 Incremental Learning Setup

As introduced in Section 9.4, we make use of multiple driving datasets to reproduce the
domain and class incremental shift in terms of input distribution, which should character-
ize the considered general continual learning setting. In particular, we resort to individual
datasets, such as the Cityscapes (CS) [14], BDD1ooK (BDD) [88] and IDD [16], with dis-
tinctive visual traits to introduce incremental domain shift by experiencing them in a con-
tinual fashion. In addition, we exploit the richer and more diverse Mapillary [17] and Shift
[89] benchmarks to simulate input distribution variability by splitting them into uniform
sections, according to some criterion (more detail will be provided in the rest of the sec-
tion). Finally, for the BDD, IDD and Mapillary datasets, only the 19 classes available on the
Cityscapes were used. For the Shift dataset, instead, we considered the available 22 semantic
categories it offers. In the following, we will detail more specifically how we constructed the

domain and class incremental setups used for the experimental evaluation of our method.

Domain Incremental Setup  The first domain incremental setup is created by experienc-
ing in succession the CS, BDD and IDD datasets (in different orders) during 3 separate learn-
ing steps. Additionally, we propose a further setup, where domain shift across learning steps
is achieved by splitting the entire Mapillary dataset into incremental sets based on geographic
proximity of samples, Ze., 6 separate data subsets are generated, grouping together pictures
taken on the same continent. Finally, we leverage Shift to simulate incrementally variable
environmental conditions, by partitioning the whole dataset into 3 groups of samples ac-
cording to light conditions (z.c., daytime, twilight and night).

Class Incremental Setup  We start by following [4] to identify 3 separate groups within
the 19 Cityscapes’s classes, ze., (i) background regions, (ii) moving elements, (iii) static ele-
ments, which are observed incrementally under various arrangements. Then, we extend the
aforementioned 3-way class splitting to Shift in a similar fashion to [4], this time on the 22
classes offered by the synthetic benchmark. All the class incremental sets are detailed in Ta-
ble 10.3.
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Table 10.3: Split of Cityscapes'’s (CS) and Shift’s class sets following the criterion proposed by [4].

‘ Cbgr Cstat Cmov
- cO {road, sidewalk} {building, wall, fence} {person, rider, motorcycle, bicycle}
I {vegetation, terrain, sky} {pole, t. light, t. sign} {car, truck, bus, train}
o {road line, road, {building, fence, pole, wall {pedestrian,
('::; C? | sidewalk, vegetation, sky,  t. light, bridge, rail track, vehicles,
ground, water, terrain} guard rail, t. sign, static} dynamic}

Table 10.4: Class and domain incremental sets.

‘ Class sets Domains
| {Cogr» Cstat, Cmou } {Cs,BDD, IDD}
Worldwide | {C . Clors Coars Cliats Cuons Conow}  {EU, NA, AS, OC, AF, SA}

Urban

Environmental

{legr Cohatr Coront {Daytime, Twilight, Night}

C? indicates that the class subset is derived from Shift’s original set.

Class and Domain Incremental Setup By merging class and domain individual settings,
we devise each class and domain incremental setup reported in Table 10.4. The first (z.e.,
urban) is generated using CS, BDD and IDD datasets, together with the 3-way class split
from [4]. Formally, we set the total number of learning steps 7' = 3, and at each step 0 <
t<T:

D, C (X,,C;) € {CS,BDD,IDD} x {Cigr,Cstat, Crnov } (1o0.14)

where each dataset and class split is observed once.

We further propose an incremental setup (z.¢., worldwide) based on continent-wise splitting
of the Mapillary dataset. To match the increase in domain set size to 6 elements, we divide
each class group [4] in half, for a total of 6 class splits (Table 10.3). We set 7" = 6, and at
eachstep0 <t < T%

D, C (X,,C;) €{EU,NA, AS, OC, AF, SA} x

10.15)
0 1 0 1 0 1 (
{Cbgr7 Cbgr’ Cstat’ Cstat7 Cmov’ Cmov}7

where each class set and each domain appears only in a single step. Among the large number
of possible incremental sequences, we perform the experimental evaluation in the EU —
NA — AS — OC — AF — SAand Gy, — Cp,. = Clip = Chiar = Chhow = Cprioy

setup.
Finally, the last setup (z.e., environmental) combines the environmental partitioning chosen
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for Shift with the 3-way class splitting from [4], leading to

D; C (X}, Cy) € {Daytime, Twilight, Night} x {Cy_., Ciiut, Cron - (10.16)

fort < T,T = 3. Here we opted for the Daytime — Twilight — Nightand Cj,, —
CS

stat = Conop incremental combination for the experimental evaluation.

10.5.2 Implementation Details

We built our framework in PyTorch. Due to the complexity of the investigated problem,
in most experiments we use a lightweight segmentation model, ze¢., the ErfNet [232]. We
argue that a smaller network complies more realistically to deployment-related constraints
in real-word applications, e.¢g., in terms of memory occupation and inference speed. Yet, for
comparison purposes we report additional results with the heavier and better performing
DeeplabV3 architecture [13] with ResNet1o1 backbone [100]. In all experiments, the seg-
mentation model is pre-trained on ImageNet [26].

With the ErfNet architecture, we use the Adam optimizer [91] and learning rate set to
5e-4. With the DeeplabV'3 architecture, we use the SGD optimizer and learning rate set
to le-3. Weight decay is fixed to le-4, and we employ a polynomial decay of power 0.9
for learning rate scheduling. We train for 100 and so epochs at each learning step, with
ErfNet and DeeplabV3 respectively (except in Shift, where we set the number of epochs to
10). With ErfNet we use a batch size of 6, with DeeplabV3 we reduce its value to 2 due
to GPU memory constraints. When experimentally evaluating on Cityscapes-BDD-IDD
and Shift setups, images are resized to 512 X 1024 resolution. When using Mapillary for
training, inputs are first resized to 1024 width (fixed aspect ratio), and then cropped to 512 x
1024. This pre-processing is done to accommodate for the highly variable aspect ratios of
Mapillary’s samples. The 3 parameter controlling the size of the style window is empirically
setto le-2and fixed in all experiments. Plus, we experimentally fix \2, = A7, = A9, =10, and
keep them unchanged in every incremental setup. This shows that our approach is robust to
change of experimental setting, and requires minimal hyper-parameter tuning. We provide

ablation studies on performance variation w.r.t. 3 and loss weights in Section 10.6.4.

10.5.3 Competitors

To the best of our knowledge, this is the first work explicitly modeling and addressing class
and domain incremental learning in semantic segmentation. For this reason, we compare

with other methods targeting class (CIL) or domain (DIL) incremental learning individually.
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Among class-incremental methods, we consider ILT [118] and MiB [3], along with state-
of-the-art PLOP [120] and UCD [123]. When using PLOP with ErfNet, we apply the Lo-
¢calPOD loss [120] on embeddings extracted at the end of the first and second blocks, as well
as at the output of the encoder. For UCD, we modify the contrastive distillation loss so that
the maximum number of positives and negatives is set to 3000 each (which are randomly
selected among the whole sets as defined in the original work). We perform this adjustment
to meet GPU memory limitations. All experiments were performed on a RTX Titan GPU
with 24GB of memory. We believe that a fair comparison should involve comparable GPU
resources for all the competitors.

On the domain-incremental side, we compare with [228]. Differently from our setup,
they assume to have full task supervision on all the domains incrementally encountered. We
adapt their framework to a class-incremental setup by replacing the standard cross-entropy
loss with the unbiased version from [3], to prevent the background shift from erasing the
task-knowledge learned in past steps.

10.5.4 Evaluation metrics

Inspired by [228], to provide a valuable measure of prediction performance across multi-
ple tasks and domains, we resort to a domain average relative performance w.r.t. a fully-
supervised oracle reference (the smaller the better) defined at any step ¢ as:

1 t ACO:t _ ACOZt

A o Xk\St Xk\S*
Ay = P E e : (10.17)
k=0 X | S* |

domainavg  A¥: relative acc. gap w.r.t.
oracle on step-k domain

where Ag(‘ g is the class-average accuracy (we make use of the commonly employed mIoU
metric [6]) attained by segmentation network S on domain X" and class set C. S is the
oracle segmentation model, ze., trained with full supervision on the entire pool of classes
and domains (even classes and domains that will be observed after step ).

We further provide a measure of generalization aptitude (the higher the better), expressed
as the accuracy (ze., in terms of mIoU) achieved over the entire class set observed so far on a

novel dataset never experienced before. At step ¢, the metric follows:

1
gen __ ACo: _
L = A¥ s = 1Cou| > Abse (10.18)

CECO:t

where X, is the unseen domain.
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Table 10.5: Experimental results on CS — BDD — IDD domain setup and Cpgr —+ Cstat — Cinou class setup. The
best values have been highlighted in bold.

Step o Step 1 Step 2
CS (Xp) BDD (X;) CS (Xp) IDD (X3) BDD (X1) CS (Xp)
mIoUJt AS L Agd|mloUlt Al mIoU%1 AQL Ay |mIoU31 AZ] mloUit ALl mloU3tT AL Agl

FT(LZ.) 79.67 5.32 §.32| 24.38 61.35 18.11 74.06 67.71| 26.27 61.48 10.47 81.72 12.10 81.18 74.79
FTt (Cﬁe) 79.19 5.89 §.89| 20.41 67.65 19.08 72.67 70.16| 27.12 60.24 11.51 79.91 13.68 78.72 72.95
MDIL [228] 80.35 4.51 4.5I| 26.12 $8.59 23.65 66.13 62.36| 28.10 5880 12.46 78.25 13.22 79.44 72.16
ILT [118] 79.67 5.32 §.32| 22.21 64.80 44.70 35.99 50.39| 26.69 60.87 16.70 70.85 29.76 §3.71 61.81
MiB [3] 7967 5.32 5.32| 34.35 45.55 49.24 29.48 37.51| 42.58 37.57 26.36 53.98 36.58 43.10 44.88
PLOP [120] 79.67 5.32 §.32| 36.78 41.70 50.05 28.32 35.0I| 43.15 36.73 27.24 52.44 36.84 42.70 43.96
UCD [123] 7967 532 5.32| 35.45 43.80 50.38 27.85 35.83| 43.19 36.67 27.38 52.19 37.34 4I1.91 43.59
LwS w/o Eid 79.19  5.89 5.89| 44.41 29.60 s50.77 27.29 28.44| 50.70 25.66 34.86 39.14 43.04 33.05 32.62
LwS [237] 79-19  5.89 5.89| 44.47 29.51 53.31 23.65 26.58| 51.20 24.93 35.73 37.62 44.17 31.29 31.28

Oracle ‘ 84.15 - - 63.08 - 69.82 - - 68.20 - 57.28 - 64.29 - -

T indicates the presence of self-stylization.

10.6 Experimental Results

10.6.1 Evaluation on Urban Scenes

The first experimental setup we explore entails incrementally transitioning between urban
and suburban areas of different regions around the world. High- and low- level image con-
tents undergo distribution shifts of different extent: although it might be reasonable to as-
sume that the basic semantic structure of road images is invariant to geographic location,
scene elements are likely to change appearance significantly when travelling around the world.

Study on Domain Ordering

To reproduce class and domain distribution shifts, we train on the Cityscapes, BDD and
IDD datasets in an incremental fashion. The class incremental protocol is instead the one
proposed in [4] (z.¢., Cogr — Cstat — Ciov). As detailed in Section r10.5.1, we define a total
of 3 learning steps. In Tables 10.5, 10.6 and 10.7 we report experimental results following
3 different dataset orders, so that each dataset is viewed at all the 3 possible learning steps,
considering all experiments performed.

We report results in terms of mIoU computed over all classes excluding the unknown one,
as typically done in the literature. The mIoU is computed for each domain X}, (7.c., dataset)
experienced up to a current step ? (ze., mIon , k <1),Vt <T. In addition, we provide a
measure of relative performance w.r.t. a supervised reference, both for individual domains
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Table 10.6: Experimental results on BDD — IDD — CS domain setup and Cpgr —+ Cstat — Cinou class setup. The
best values have been highlighted in bold.

Step o Step 1 Step 2
BDD (X;) IDD (X;) BDD (Xo) CS (X2) IDD (X1) BDD (Xp)
mIoUJt AS ) Agd|mloUlt Al mIoU%1 AQL Ay |mIoU31 AZ] mloUit ALl mloUStT AL Agl

FT(LZ.) 7222 6.61 6.61| 33.37 $52.43 20.49 67.52 59.98| 23.36 65.60 7.09 89.60 5.45 89.02 81.41
FTT (L2.) 72.12 674 674| 33.27 52.58 2L.I2 66.52 59.55| 28.52 55.64 15.44 77.36 14.24 75.14 69.38
MDIL [228] 72.44 6.33 6.33| 26.78 61.83 15.44 75.52 68.68| 25.52 60.30 11.61 82.98 1077 81.20 74.83
ILT [118] 7222 6.61 6.61| 42.10 39.98 43.00 31.84 35.91| 33.33 48.15 26.93 60.52 29.68 48.19 §52.29
MiB [3] 7222 6.61 6.61| 52.18 25.62 45.28 28.22 26.92| 4822 25.00 33.57 50.77 30.94 45.98 40.58
PLOP [120] 7222 6.61 6.61| 53.15 24.24 44.25 29.85 27.05| 47.21 26.56 35.36 48.15 32.02 44.10 39.60
UCD [123] 7222 6.61 6.61| s52.42 25.28 45.20 28.35 26.81| 48.40 2472 32.60 52.19 28.95 49.47 42.13
LwS w/o Eid 72,12 6.74 6.74| $4.34 21.07 41.36 34.44 27.75| 52.56 18.24 36.70 46.19 32.33 43.56 36.00
LwS [237] 72.12  6.74 6.74| 54.53 20.80 43.98 30.28 25.54| $52.63 18.14 38.14 44.08 34.03 40.59 34.27

Oracle ‘ 77.33 - - 70.16 - 63.08 - - 68.20 - 57.28 - 64.29 - -

T indicates the presence of self-stylization.

Ak, and as a global quantity A, (Eq. (10.17)). The supervised reference, denoted as Oracle,

corresponds to the joint training over both class sets and domains.

We compare with methods addressing class incremental learning (ILT [118], MiB [3],
PLOP [120] and UCD [123]) and with a recent domain incremental method (MDIL [228]).
We also include a simple baseline, activating only the task loss on the new classes and new do-
main (Eq. (10.6)). This approach is usually referred to as fine-tuning, as the focus is just
posed on learning the new task. Two variants are reported for this baseline, z.e., with or with-
out self-stylization applied on input images, indicated respectively as £ and L. As for
our approach, we evaluate its final form (Eq. (10.13)), complete of all the training objectives
detailed in Section 10.4, as well as a simpler configuration without the £, loss (Eq. (10.12)).

By inspecting results in Tables 10.5, 10.6 and 10.7, we notice that the performance at-
tained by different methods at the end of the initial learning step are comparable. This is
due to the similar objectives employed so far, to learn just the first class set (Cyq,) on the first
domain, regardless of the domain order. We remark that the proposed self-stylization is not
detrimental when learning the current task. We will provide some ablation studies on the
impact of stylization in Section 10.6.4

When progressing to the first incremental step, catastrophic forgetting has to be ad-
dressed to retain good performance. We observe that the £ and L., losses alone are not
sufficient to achieve satisfactory results, being focused on the new task and providing no
constraints to preserve past knowledge. MDIL [228] performs poorly as well, since the pro-
posed dynamic architecture is not suitable to address partial class incremental supervision,

which in our setup is present along with domain incremental shift.
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Table 10.7: Experimental results on IDD — CS — BDD domain setup and Cpgr —+ Cstat — Cinou class setup. The
best values have been highlighted in bold.

Step o Step 1 Step 2
IDD (Xp) CS (X1) IDD (Xp) BDD (X5) CS (X1) IDD (Xp)
mIoUJt AS L Agd|mloUlt Al mIoU%1 AQL Ay |mIoU31 AZ] mloUit ALl mloU3tT AL Agl

FT(LZ.) 78.80 8.52 8.52| 9.66 47.37 8.64 93.07 70.22| 9.66 83.14 8.64 86.56 7.09 89.60 86.43
FTt (Cﬁe) 78.78 8.55 8.55| 42.11 39.69 19.81 71.76 §5.73| 14.05 75.47 12.63 80.35 11.01 83.86 79.89
MDIL [228] 78.72  8.62 8.62| 34.87 5006 11.70 83.32 66.69| 8.90 84.46 8.22 8721 670 90.18 87.28
ILT [118] 78.80 8.52 8.52| 44.44 36.35 43.32 38.26 37.30| 24.48 §57.26 30.00 53.34 27.88 59.12 56.57
MiB [3] 78.80 8.52 8.52| 56.23 19.47 23.59 66.37 42.92| 23.62 5876 33.24 48.30 20.57 69.84 58.97
PLOP [120] 78.80 8.52 8.52| s57.05 18.29 24.74 064.74 41.51| 24.18 $7.79 34.23 46.76 21.42 68.59 §7.71
UCD [123] 78.80 8.52 8.52| 56.29 19.38 26.45 62.29 40.84| 24.88 56.57 34.72 45.99 2235 67.24 56.60
LwS w/o Eid 78.78 8.55 8.55| $9.61 14.63 43.30 38.28 26.45| 34.84 39.18 39.11 39.17 36.13 47.03 41.79
LwS [237] 78.78 8.55 8.55| 5926 15.13 43.95 37.35 26.24| 37.94 33.76 42.10 34.51 36.60 46.34 38.21

Oracle ‘ 86.14 - - 69.82 - 70.16 - - 68.20 - 57.28 - 64.29 - -

T indicates the presence of self-stylization.

By analyzing class incremental learning methods, we note that they are able to preserve pre-
viously acquired knowledge to some extent, while allowing some plasticity for learning the
new task. Still, the domain shift between previous and current datasets has a negative im-
pact on the prediction accuracy of the incrementally trained predictor. All the considered
CIL methods, in fact, rely on the ability of a segmentation model frozen from the previous
step to preserve knowledge of the past. Yet, because of the domain discrepancy between past
and new data, this distillation mechanism could introduce unreliable guidance on former
tasks, as the frozen model is subject to a shift in the experienced distribution at the input
level when fed with new domain data. At the same time, the distribution gap may hinder
the transferability of new-class knowledge to old domains, which are no longer available as
training data. These drawbacks are revealed by results of Table 10.7 (IDD — CS — BDD):
the significant domain shift between the Cityscapes and IDD datasets prevents CIL methods
from effectively preserving and learning task-related clues on IDD, which was experienced
at step o. On the contrary, our approach addresses domain shift by leveraging the stylization
scheme and applying carefully designed objectives to suitably tackle the general class and do-
main incremental learning. In particular, the proposed objectives £, (Eq. (10.7)) and LY,
(Eq. (10.12)) are specifically designed to address the aforementioned problems affecting CIL
methods and retain superior accuracy on former domains. As a result, our LwS improves ac-
curacy by more than 17 mIoU points on IDD at step 1 w.r.t. the best competitor (z.e., UCD
[123]).

We also remark that, even with alternative domain orders (Tables 10.5 and 10.6), LwS shows
the best stability-plasticity trade-off, retaining the best overall accuracy in terms of A;. Fur-
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Table 10.8: Generalization performance (Ffen) as mloU on Mapillary’s test set (Cbgr — Cstat — Cinou Setup). The
best values have been highlighted in bold.

CS » BDD ~» IDD BDD » IDD » CS IDD » CS » BDD
Stepo  Stepr Step2 | Stepo  Step1r  Step2 | Stepo Step1r  Step2

FT (EZLQ) 36.27 22,03 13.71 | 6674 2527  6.60 | 59.56  7.81 8.52

FTT (L") | 58.09 19.83 14.99 | 66.83 2577 1634 | 59.19 23.40 11.97
MDIL 44.60 2477 16.05 | 66.36 18.40 11.0I 56.41  14.86 8.55

ILT 36.27 26.80 20.69 | 66.74 41.32 28.97 | 59.56 39.27  27.96
MiB 36.27  37.68 3236 | 66.74 45.99 33.0I | §59.56 23.61  24.23
PLOP 36.27  39.62  33.69 | 66.74 45.45 34.0I | 59.56 25.29  25.04
UCD 36.27  38.46 34.07 | 66.74 46.22 29.92 | 59.56 27.08 25.89
LwS 58.09 46.36 40.43 | 66.83 4499 37.33 | 59.19 43.I5  39.16
Oracle 83.96  73.77  65.42 ‘ 83.96 73.77 65.42 | 83.96 7377  65.42

T indicates the presence of self-stylization.

thermore, we can see that, for both CS — BDD — IDD and BDD — IDD — CS orders,
the addition of the de objective in our LwS leads to a boost in performance on the past
domain, which coincides with the design purpose of the objective.

In the final learning step, the struggle to handle the class and domain incremental train-
ing is exacerbated for all the competitors. Baselines and MDIL still provide inferior results,
with the latter performing even worse than naive fine-tuning with self-stylization in some
setups. As for CIL methods, PLOP [120] and UCD [123] are the best performing. Both
combines output and feature level objectives, which prove to be somewhat robust to domain
shift. Even so, the simpler MiB [3] approach shows very competitive results, suggesting that
strategies taking into account only a class incremental perspective may not be so effective
when incremental domain shift is also occurring. Plus, our method in its complete form
greatly outperforms all CIL competitors by a large margin regardless of domain order, go-
ing from 5% (BDD — IDD — CS) to 12% (CS — BDD — IDD) and even 16%
(IDD — CS — BDD) in terms of A, gap.

Furthermore, in Table 10.8 we investigate the generalization performance (z.¢., 'Y from
Eq. (10.18)) achieved by the considered methods. To do so, we compute the accuracy at
each incremental step on the #nseen Mapillary dataset for the sets of classes observed so far.
We notice that simple fine-tuning and MDIL ofter poor generalization results, which is ex-
pected due to the low accuracy they already provide on datasets directly observed. On the
other hand, CIL methods reach more competitive results, even if none of them proves to be
superior in all setups. Still, our approach outperforms all competitors, getting significantly
closer to the Oracle upper-bound (i.e., the supervised training on the entire Mapillary), spe-
cially in the IDD — CS — BDD setup. Also, we remark how we get similar generalization
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Figure 10.5: Qualitative results on CS — BDD — IDD domain setup and Cpgr — Cstat — Cpnon Class setup.

results with different domain incremental orders, demonstrating how our approach is able
to learn and preserve generalizable task-related clues regardless of the training environment.

Finally, qualitative results in the form of segmentation maps are provided in Figure 10.5.
We stress how the proposed approach yields better backward and forward transfer through-
out the incremental learning. In particular, moving classes like bzcycle and bus appear to be
recognized more effectively by our method on the Cityscapes (CS) dataset at the end of the
incremental training, even though CS was experienced only along with background-class su-
pervision during the first step. On the other hand, MiB and PLOP fail to provide satisfactory
backward transfer of those classes to the past CS domain. A similar reasoning can be done
regarding the forward transfer aptitude. Our approach is able to deliver good segmentation
accuracy on the 70ad and sidewalk background classes even on BDD and IDD datasets, de-
spite them being experienced when Cyg, supervision is no longer available. Contrarily, MiB
and PLOP suffer from the domain statistical gap across learning steps, struggling to maintain
satisfactory segmentation accuracy of first-step classes by forward transferring knowledge to
future steps. Additional analyses will be provided in Section 10.6.4.

Study on Class Ordering

We further investigate the impact of a shift to the class incremental arrangement. Table ro.10
reports experimental results with the CS — BDD — IDD progression, but a modified class
order with moving categories C,,,,, experienced before static ones Cyzq¢. We notice a similar
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Table 10.10: Experimental results on CS — BDD — IDD domain setup and Cpgr — Cimov —* Cstat class setup.
The best values have been highlighted in bold.

CS -+ BDD » IDD Method
Cogr » Cstat * Crnow L L MiB PLOP UCD LwS Oracle
Step o mloU,  CS  79.83 79.39 79.83 79.83 79.83 79.39  84.15

Aol 5.I13  5.65  5.13 5.13 5.13 5.65 -

BDD 1579 19.43 26.15 27.69 23.73 40.92  63.08

Step 1 mloU,; T CS 1426 17.22 40.38  42.44 39.76 49.70  69.82
Al 76.26 71.03 48.21 45.40 50.68 28.99 -

IDD 13.47 1482 3101 31.89 3072 43.54 68.20

Step 2 mloU,T BDD  6.94 821 2340 25.21 22.83 32.34 §7.28

CS 7.45 10.49 33.60 33.81 32.85 39.76  64.29

Aql 85.52 82.54 53.81 52.21 54.67 39.29 -

trend to that observed in Table 10.5 (Z.e., same domain order, but different class order), with
baselines and MDIL [228] performing poorly, and the improved accuracy achieved by CIL
methods still being largely outperformed by the proposed approach.

In addition, we observe that the absolute results are decreased by applying the new class or-
der. The performance of our approach, in fact, drops from 31.28% to 39.29% of A,. This
discrepancy might be due to class sets observed on domains where it is harder to learn them,
and, at the same time, to generalize to the other domains. For instance, we note that IDD
provides a lower overall percentage of pixels of Cyq; w.r.t. the BDD (11% vs 17%), while for
Cymov numbers are similar between them (both around 10% of total pixels). Still, the perfor-
mance loss is similar for CIL methods, with the gap w.r.t. the best competitor rising from 12
to 13 points of A, (compared to the previous class order).

Study on Model Architecture

We finally evaluate the considered methods when a more capable segmentation network is
used, moving from the lightweight ErfNet to the more complex DeeplabV3 with ResNet1o1
backbone. For comparison purposes, the setup analyzed is again that with CS — BDD —
IDD and Cipgr — Cstat — Cpnop orders (Table 10.11). For what concerns our approach,
we observe an improved relative performance, raising from 31.28% to 28.53% in terms of
Ay, We emphasize that the A measure already takes into account the better oracle results;
the accuracy boost, then, shows that our method is able to capitalize the increased capacity
offered by the segmentation model.

On the other hand, the CIL competitors are unable to take advantage of the growth in
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Table 10.11: Experimental results with DeeplabV3-ResNet101. The best values have been highlighted in bold.

CS -+ BDD -~ IDD Method
Cogr * Cstat » Cmov L L MiB PLOP UCD LwS Oracle
Step o mIoUOT CS 781  77.13  78.1 78.1 78.1  77.13  84.30
Aol 7-35 8.50 7-35 7-35 7-35 8.50 -
BDD . . . . . . .
mloU, 1 31.97 29.44 2838 29.07 3084 5036 64.60
Step 1 CS 31.82  §5.I3 45.10 45.15  45.51  $4.75  71.24
Al 52.92  $56.19 46.38  45.81  44.19 22.60 -
IDD 30.68 3029 35.93 33.98 38.24 §1.92 70.94
Step 2 mloU,T BDD 1748 17.27 24.18 23.57 26.14 44.98 61.48

CS 19.46  17.92 33.22  34.38  34.93 47.08 69.17

Aol 66.73 67.77 53.99 $54.68 s1.02 28.53 -

network capacity, which could indicate a tendency to overfit on the currently observed do-
main distribution. The best competitor (z.c., UCD), in fact, is significantly outperformed by
more than 20% in terms of A at both steps 1 and 2. We remark that no additional parameter
tuning is performed in this experimental setup concerning method-specific parameters.

10.6.2 Evaluation with Worldwide Data

The second experimental class and domain incremental setup we explore is derived from
the Mapillary dataset. Domain shift is once more induced by the variable geographic ori-
gin of image samples collected worldwide, 7.¢., we identify data partitions associated to 6
different continents, corresponding to 6 incremental steps. However, the Mapillary dataset
contains variegate data distribution, even considering intra-continent samples, providing a
more robust support for training segmentation models. Data richness in turns promotes
generalization across steps, in fact lessening the domain gap between different domains. We
report experimental results in Table 10.12. In the first steps, we observe similar performance
attained by different approaches, that is, when domain shift is small (e.g., between Europe,
EU, and North America, NA). Nonetheless, when progressing to the last steps and experi-
encing increased statistical gap (e.g., when introducing Africa’s images, AF), we note that our
approach outperforms CIL competitors by a considerable margin, which is of 5 points of A
w.r.t. the best competitor (PLOP) at the end of incremental training. Also, superior perfor-
mance in later steps is attained in both new and old domains, confirming the better plasticity-
stability trade-oft provided by our method. Overall, the improved results LwS reaches w.r.t.
state-of-the-art CIL competitors, even when training data is collected to ensure some statisti-

cal diversity (asin the experimental setup just considered), further suggests that CIL methods
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Table 10.12: Experimental results on the Mapillary dataset. The best values have been highlighted in bold.

EU>NA»>AS>OC»AF»SA Method
Cz?;rl 5 Co s COL L L MiB PLOP UCD LwS Oracle
Step o mIoUoT_ EU 73.12  73.07 73.12  73.12  73.12  73.07  79.53
Agl 8.06 8.13  8.06 8.06 8.06 8.13 -
mloU, 4 NA s51.80 51.63 81.28 80.82 81.70 81.85 87.51
Step 1 EU 47.67 47.52 76.05 75.76 75.26 74.80 82.34
Al 41.46  41.65 7.38 7.82 7.62 7.82 -
AS 25.18 26.09 65.40 65.98 65.70 65.36  74.70
Step 2. mloU, 1 NA 23.61  23.82 69.28 69.63 68.66 69.77  79.40
p EU 23.98 24.10 66.66 66.86 65.79 65.87  76.62
Agl 68.42 67.87 12.73 12.24 13.23 12.89 -
OoC 16.53 1674 61.29 60.58 60.53 63.07 76.46
mloU, 1 AS 1431 1422 §$7.95 §7.60 §7.61 §8.13  70.96
Step 3 NA 17.10  17.20 6241 63.29 61.91 64.04 75.77
EU 14.94 14.94 59.78 60.0I  $59.34 6I1.15  72.97
Azl 78.79 7872 18.47 18.46 19.15 16.82 -
AF 8.98 777 3848 3997 40.54 43.93 66.54
mloU, 1 oC 6.03 5.95  40.17  43.52  42.15  47.43  72.30
Step 4 AS 7.23 731  39.15 41.09 42.03 46.13  69.87
p NA 7.78 7.07  43.10  45.12  45.00 $0.07  74.22

EU 5-45 5.41  38.99 41.52 41.28 46.37  70.22

Ayl 89.91 90.48 43.40 40.20 40.24 33.77 -

SA 9.61 9.18  39.64 41.79 41.48 45.36  64.45

AF 11.35 9.63 40.76  41.98  41.44 45.25 63.03

mloU; 1 OoC 6.78 7.42  36.52  39.08 37.21 4176  60.82

Step s AS 8.97 8.17 37.90 40.15 3876 43.63 64.74
NA 8.97 9.54  41.40  43.45 43.05 47.08  66.88

EU 8.18 7.63 3837 40.53 38.93 43.51  64.04

Asl 85.98 86.58 38.90 35.67 37.28 30.57 -

are likely to be inadequate to deal with distribution shift in the input space.

10.6.3 Evaluation with Variable Environmental Conditions

We evaluate the proposed method when incremental domain shift is due to changing envi-
ronmental factors, 7.e., variable light conditions experienced at different times during the day.
In this setting, we employed the Shift synthetic benchmark. We consider the Daytime —
Twilight — Night domain sequence. Class incremental scheduling follows the Cyyr —
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Table 10.13: Experimental results on the Shift dataset. The best values have been highlighted in bold.

Daytime- Twilight+ Night Night Twilight Daytime -
Chgr * Cstat * Crmou mloU3 1+ A% | | mIoU3t ALl | mIoUJT AL | Ayl
FT (L) i 10.54 85.82 9.62 87.21 4.61 94.06 | 89.03
FT w/ self-style (L7, 10.12 86.39 8.50 88.70 7.56 90.26 | 88.45
MiB 48.07 3535 | 5271 2092 | 4829 3777 | 34.34
PLOP 48.58 34.67 53.66 28.66 SI.TI 34.13 | 32.48
LwS 60.27 18.94 62.57 16.81 59.78 22.97 | 19.57
Oracle ‘ 74.35 - ‘ 75.21 - ‘ 77.60 - ‘ -

Cstat — Crmov arrangement of [4], with the only difference from [4] being that the starting
class pool to be split corresponds to the 22 Shift’s categories in place of the 19 Cityscape’s
ones. Results are reported in Table 10.13, where we compare with MiB and PLOP as CIL
competitors, along with fine-tuning baselines. We verify the superiority of our approach in
jointly handling class and domain incremental training, as we surpass PLOP by 13 points of
Ay. We once more point out the better stability-plasticity balance reached by our method,
which achieves improved performance simultaneously over novel and former domains. Over-
all, results show that the proposed method is effective under domain shifts of different na-
ture. On the other hand, CIL methods prove to be greatly penalized just from the variable
scene illumination in different tasks. We argue that in many real-world applications, such
as autonomous driving, it is unrealistic to assume that a continual learner will not experi-
ence any sort of alteration in input data distribution, making our CL approach much more

applicable.

10.6.4 Ablation Studies

In this section, we provide extensive ablation studies to investigate key features of our ap-
proach. We will consider the #rban experimental setup, with CS — BDD — IDD domain
and Cpgr — Cgtat — Crnov class orders, unless otherwise stated.

Contribution of Individual Optimization Objectives

We investigate the impact of each of the proposed learning objectives in the overall optimiza-
tion framework in Table 10.14. Just leveraging the currently available training data by fine-
tuning (first two rows) yields unsatisfactory results (even with self-stylization), leading to
catastrophic forgetting of class and domain knowledge. Yet, £7 (or L) is essential to learn
new tasks, so it will be kept in the following analyses to test multi-term objectives.
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Table 10.14: Ablation study on the contribution of loss components. The Z’d notation here implies that pseudo-labels
are generated leveraging new-domain input samples. The best values block-wise have been underlined.

CS-» BDD -~ IDD IDD BDD CS -

Cogr > Cstat > Cmow | mIoU31 A3 | | mIoU3 T A} | | mIoUSt AJ | | Azl
Ly 26.27 61.48 10.47 81.72 12.10 81.18 | 74.79
Lr 27.12 60.24 11§51 79.91 13.68 78.72 | 72.95
L7+ L2, 28.09 58.81 13.32 76.75 16.32 74.61 | 70.06
Lé+Lyy 40.63  40.43 | 2495  56.44 | 34.14  46.90 | 47.92
Lée+Lyyg 4333 3647 | 2662 53.53 | 3736 41.89 | 43.96
Lo A+L3, 48.12 29.45 32.40 43.44 40.57 36.89 | 36.59
Ege-l-ﬁ};‘d—&-ﬁgd 19.23 71.80 17.68 69.13 24.15 62.44 | 67.79
L+ Loe+Liy 50.08 26.57 34.16 40.36 42.86 33.33 | 33.42
Lo ALY, +L2, 50.70 25.66 34.86 39.14 43.04 33.05 | 32.62
ﬁge+ﬁgd+£ge+£gd 46.59 31.69 30.51 46.74 40.44 37.10 | 38.51
Lo ALy, +L+LY, $1.20 24.93 35.73 37.62 44.17 31.29 | 31.28

Oracle ‘ 68.20 - ‘ 57.28 - ‘ 64.29 - ‘ -

By adding a second term in the overall objective (second block of rows) we improve re-
sults, especially if the supplemental objective is focused on retaining old-class knowledge.
We reach, in fact, the best performance with a 2-term configuration when [’Zd is introduced.
This suggests that old-class knowledge preservation is effective even when applied on the new
domain, which is directly experienced by means of the available training data. At the same
time, the ﬁZd objective allows to retain good accuracy w.r.t. past domains, thanks to the im-
proved generalization aptitude promoted by the stylization mechanism, without which (z.e.,
third row of the block) multiple accuracy points are lost.

When analyzing 3-term objectives (third block of rows), we see noticeable gain with dif-
ferent combinations, except for £}, and £, jointly active, where the excessive focus on past-
class knowledge preservation generates training instability. In the last row of the block, we
clearly see that, by adding the £, loss on top of the best two-term configuration, the incre-
mental learning becomes more robust, with improved final results on all domains.

Finally, we remark that the full framework (last block) yields the best overall performance,
with stylization once more playing a substantial role. The overall performance is, in fact,
strongly degraded if stylization is turned off, as showed in the second last row.

Pseudo-label Generation

We further analyze the influence exerted by pseudo-labeling. We remark that the proposed
enhanced labeling mechanism (described in Section 10.4.3) exploits oldly-stylized images to
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Table 10.15: Ablation study on pseudo-labeling schemes. The best values have been highlighted in bold.

CS » BDD » IDD IDD BDD CS )
Chgr * Cstat * Crmou mloU3 1t A% | | mIoUzt ALl | moUJT AL | Ayl

£26+£Qdyn+£§’e+£gd 46.59 31.69 30.51 46.74 40.44 37.10 | 38.51
Lo ALY LS +L] 0.0

betLig ot Lot Ly | 4000 4122 | 2555 55.40 | 3490 4571 | 47.44
ﬁ§e+£Zd,n+/~'§e+ﬁ§id SI.II 25.06 34.01 40.63 43.96 31.62 | 32.44
Lo+ Ly ot Lot Ly §1.20 24.93 35.73 37.62 44.17 31.29 | 31.28

Oracle ‘ 68.20 - ‘ 57.28 - 64.29 - ‘ -

Image

(0} (1) et (01
thl thl thl_thl

Figure 10.6: Different ways of pseudo-labeling (t = 2). White regions correspond to the ignore label.

mitigate the domain shift endured by the frozen segmentation model distilling knowledge
from the past. Results are reported in Table 10.15; the EZ 0 {n0}> d € {n,n}, notation indi-
cates that pseudo-labels are generated leveraging new-domain (Ezd,n) or oldly-stylized (£ do)
input samples.

We notice that when self-stylization is disabled (first two rows) the efficacy of our method
is reduced, while the beneficial effect offered by the self-stylizing module can be appreciated
in the last two rows. This occurs because self-stylization better prepares the segmentation
model for future steps, in which the stylizing mechanism leverages old-domain styles to inject
old-domain knowledge into the ongoing learning step. In other words, when self-stylizing
images, what will be experienced as an o/d style will have already been experienced as a new
style before. Therefore, the undesired visual artifacts generated by style transfer are experi-
enced by the network from the very first step in which each domain is introduced. This, in
turn, ensures greater robustness over the incremental learning process. Furthermore, in se-
tups with self-stylization, as opposed to what occurs without it, pseudo-labeling performed
on top of oldly-stylized images yields the best overall performance, if compared to the same
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Table 10.17: Ablation study on stylization (3 = 0.01 corresponds to the default configuration). The best values have
been highlighted in bold.

CS-» BDD - IDD No I}

Cogr » Cstat » Crmow stylization  0.001 ~ 0.01 0.1
Stepo mIoU(iT CS 79.67 79.8  79.19 78.54
Aol 5.32 5.17 5.89 6.66
mIoU, 1 BDD 33.67 35.06  44.47 4479
Step 1 CS 49.20 43.75  $3.31  50.45
Al 38.08 40.88 26.58 28.37
IDD 43.33 48.60 §1.20 §50.03
Step 2 mloU,T BDD 26.62 27.77  35.73  34.84
p CS 37.36 37.61  44.17  43.01
Asl 43.96 4059 31.28 32.97

labeling process executed over image samples with new-domain style. This happens because
the network (frozen from the past step) used to generate pseudo-labels is better equipped to
face input distributions of previously experienced old domains, while, instead, it may suffer
from domain shift when presented with new unseen input distributions.

In Figure 10.6 we report pseudo-labels generated according to different criteria, to pro-
vide visual confirmation of the improved pseudo-supervision achieved on top of the oldly
stylization. The considered setup involves CS — BDD — IDD and Cpgr — Cstat —+ Crnon
progressions, and maps are retrieved at the last step (z.e.,t = 2). We observe that the segmen-
tation model taken from step ¢ — 1 (z.e., second last step) is not detecting the sky region of the
new-domain image, ze., Yiﬂ provides unreliable supervision by labeling the top portion of
the picture as #nknown (when the true sky class is among those already seen). On the other
hand, when leveraging oldly-stylized images to generate pseudo-supervision (Yf_tl ), more
reliable old-domain guidance (Y% and Y is exploited, with individual positive contri-
butions successfully merged in the final map (e.g., in sky and r0ad regions). Thus, we end up
with Y;fl being more accurate than each domain-specific alternative Yﬁ{, kE<t.

Degree of Stylization

We propose to further study on the stylization mechanism. Table 10.17 shows the results of
our method (complete with all objectives) under different degrees of stylization, which are
determined by the 3 parameter (see Section 10.3.1). We notice that disabling stylization or
operating it in a more conservative manner (z.¢., with 5 =0.001) yields low results, with the
latter configuration still outperforming the no stylization approach, as the statistical proper-
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Figure 10.7: Domain-knowledge transfer (mloU7 (%)).

ties captured and transferred are not sufficient to successfully retain old-domain information.
On the other hand, if the stylization is raised to an excessive extent (ze., with 3 = 0.1), we
observe performance degradation on the overall A score. In this scenario, artifacts are more

likely to be introduced on oldly-stylized images, thus hindering the segmentation task.

Knowledge Transfer Across Tasks and Domains

We propose ablation studies to evaluate the knowledge transfer aptitude of our method, both
under task and domain perspectives. Figure 10.7 presents a comparative of multiple CIL
competitors in terms of predisposition towards domain-knowledge transfer; we report the
mloU achieved on individual domains only on classes experienced so far across multiple steps
in matrix form. We consider multiple incremental setups, with urban datasets and variable
domain order. We observe that our approach, right from the first learning step, achieves
better forward transfer to future domains, as indicated by per-domain mIoU values in the
top triangular sections, regardless of the setup considered. At the same time, this translates
into superior performance on current domains (represented by diagonal mIoU values), as
they benefit from a better forward-adaptability acquired before. Plus, improved backward
transfer to former domains is testified by higher mIoU values in the bottom triangular part
of matrices.

To provide an insight on task-knowledge transfer proneness of different incremental meth-

205



MiB PLOP ucb LwS

40

20

CS-BDD-IDD
step2 step1 stepO

57.34 34.98 51.11 38.21 54.79 33.69 48.03 [15.04
-0
Cbgr Cstat Cmov Cbgr Cstat Cmov Cbgr Cstat Cmov Cbgr Cstat Cmov
m o
5 40
T ®
[a R
Qg
T 20
(el
Qg 57.68 38.96 56.80 38.13 60.68 38.65 50.76 27.23
S

40

52.06 33.74

20

67.99 53.46 65.63 53.09 64.46 52.56 47.35 [28.50

IDD - CS -»BDD
step2 step1 stepO

Char Cstat Cmov Cogr Cstat Cmov Cogr Cstat Crmov

Cbgr Cstat Cmov
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ods, in Figure 10.8 we report a comparative in terms of A results at multiple learning steps;
values are computed on szzgle incremental sets of classes and represent an average score across
all domains (both experienced and future ones).The experimental setups are the same con-
sidered when studying domain transfer, and results are arranged in matrix form. We observe
that our A scores in the bottom triangular part of matrices are lower than competitors, sug-
gesting that our method yields better backward transfer in terms of task knowledge. At the
same time, the smaller A diagonal elements indicate improved performance on current tasks,

confirming the better stability-plasticity compromise offered by our approach.
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Conclusion

Deep learning has recently witnessed a rapid boost in popularity in the computer vision
field, allowing to reach unprecedented efficacy in multiple fundamental problems. Yet, while
deep neural networks have been shown to shine in domain-specific static learning contexts,
real-world applicability of deep learning based algorithms requires them to operate in ever-
changing environments, addressing prediction tasks evolving over time. Starting from such
premises, in this thesis we investigated the aptitude of deep learning models to generalize
acquired knowledge across domains and tasks. Firstly, we explore the domain and the task
knowledge transferability as separate individual problems. Domain adaptability is analyzed
in the setting of Unsupervised Domain Adaptation, aiming at extending the information
captured for a static task from a label-abundant source domain to a label-deficient target
one. Continual task learning is, instead, examined as Class Incremental Learning, with the
continual deep learner undergoing a dynamic expansion of the class pool characterizing the
prediction task, while still operating on a static input data distribution. Next, we fuse the
aforementioned transfer learning problems to undertake a more general continual learning
under the incremental distribution shift of both input and label spaces.

In the first part of the dissertation, we focused on the Unsupervised Domain Adaptation
for semantic image segmentation. We presented an in-depth overview of several research di-
rections that have been undertaken to tackle this problem. At a high level, we differentiate
adaptation methods according to the representation depth at which the adaptation problem
is addressed. On the one hand, it is possible to focus directly on the varying visual proper-
ties of image data across input domain spaces; on the other hand, adaptation mechanisms
aimed at feature representations or output predictions have proven to be very effective. We,

therefore, propose to investigate knowledge transferability across diverse representation lev-
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els within the segmentation pipeline. We started with input-level adaptation, developing
an image-to-image translation framework to bridge low-level statistics of source and target
image data. This is achieved by matching the visual appearance of image samples between
domains and generating target-like pseudo-supervision. Then, we moved to output-space
adaptation, devising a domain-adversarial mechanism, based on a pair of discriminative mod-
ules, and a self-training scheme to enforce statistical homogeneity of prediction maps from
different domains. Finally, we targeted the adaptability of latent representations via a class-
conditional domain alignment, built upon optimization modules that enforce feature clus-
tering and class separability, driven by several regularization objectives.

In the second part of the thesis, we posed our attention on the continual learning problem
under a task perspective. We paired the incremental learning with classification tasks, both
at coarse (whole-image classification) and fine (semantic segmentation) level.

First off, we identified the availability of replay data from former learning steps as playing a
crucial role in maintaining a satisfactory prediction performance throughout long-lasting in-
cremental progressions. Therefore, we built a feature-level generative framework to reiterate
former-task knowledge. However, due to the lack of training data from past steps, old-task
feature distribution was evolving untracked. Hence, we recognized the representation drift
as a primary source of catastrophic forgetting, and propose to model feature and semantic
drifts, which are jointly leveraged to gain access to reliable and up-to-date estimates of the
feature distribution for former tasks. In a second work, we changed perspective by directing
our focus over the input image space, in order to replay input data. The inability to store
and replay actual training samples (since we complied with the continual learning settings in
their stricter exemplar-free configuration) prompts us to find an alternative solution to the
problem. Thus, we elaborated a data retrieval scheme, based on a generative network and
web-crawling to obtain coarsely-labeled image samples, joined by a label evaluation frame-
work to provide reliable pseudo-labeling to the retrieved replay images. Label inpainting
was further proposed to address the background semantic shift phenomenon and enhance
ground-truth labeling. Similarly to the feature-space replay strategy, input-level reiteration
of artificially generated samples from past steps allowed to achieve remarkable robustness
when learning incrementally through several phases.

In the third part of this work, we extended our research endeavors to face a comprehen-
sive continual learning setup that comprises both evolving domains and tasks. Forward and
backward transfer along both domain and task directions have proven to be fundamental
to promote generalization aptitude and retain robust performance across learning steps. We
showed that methods individually addressing domain or task shifts are ill-equipped to tackle
the general continual learning problem, lacking robustness to partial task supervision (in case

of sole domain incremental focus) or suffering from domain shift (in case of class incremen-
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tal methods). We proposed to extend task-knowledge across domains by domain-stylizing
images to recover and reiterate domain-specific visual attributes from former steps, while a
robust distillation framework allowed to retain and adapt task information to novel domain
distributions.

As future work, we would like to further investigate task and domain shifts in more in-
tertwined and general setups, aiming at complying to realistic constraints typically faced in
real-world applications. Data is usually experienced in a continuous flow, with domain shifts
happening in modest entity but repeated steps. Thus, it is of primary importance to develop
lightweight, robust and flexible frameworks to cope with this more realistic continuous ex-
periencing of an ever-changing surrounding environment.

At the same time, we could further reduce the constraints on the available domain and task
supervision, therefore mimicking an agent exploring a new environment. We could, for in-
stance, assume few-shot, or even zero-shot, learning settings, with very limited supervision
over the newly encountered domains. These settings could be tackled under an active learn-
ing perspective, where valuable but limited ground-truth information could be provided
on-the-fly in an online manner to improve robustness when coupled with fast-converging
training procedures.

Finally, it would be interesting to address the task-incremental learning in a more general fash-
ion. One direction might be to allow more flexibility in the class-increment paradigm, thatis,
reducing the constraints on the distribution of incrementally experienced tasks. Differently,
we could broaden the notion of task continual learning, where tasks could be intended as not
simply limited to solving coarse or dense classification on a set of categories, but they could
be understood in a more general sense, where input and/or output spaces can significantly
vary, along with the underlying relationship we seek to model.
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