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Abstract

The rise of deep learning allowed for a signi昀椀cant leap forward in the 昀椀eld of computer vision
in terms of the potential expressed by predictive algorithms. While traditional techniques
were struggling to o昀昀er 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 algorithmshave proven to excel. On the one side, data collection settings
seldommatch target environments onwhich the learning algorithm is intended tobe applied.
This environmental discrepancy calls for domain adaptation, with the 昀椀nal 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 昀椀rst address them individually, and then face them together. In
the 昀椀rst part of the thesis, we investigate the domain adaptation problem in its unsupervised
form. Unsupervised domain adaptation comes in handywhen relying on label-abundant do-
mains for label-costly tasks, such as semantic segmentation. We 昀椀rst provide a broad and de-
tailed overviewof di昀昀erentways inwhich this problem can be approached, and then propose
new techniques to performadaptation atmultiple levels of data representation. Inparticular,
image-level distribution alignment is achievedby image-to-image translation,whereasmodel-
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 昀椀rst 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-
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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 di昀昀usione di tecniche di deep learning ha fatto compiere un notevole balzo in avanti al
campo della computer vision in termini di potenzialità espresse dagli algoritmi predittivi.
Dove le tecniche tradizionali faticavano a o昀昀rire 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 utilità pratica basati su questi algoritmi. Tut-
tavia, esigenze concrete nelmondo reale generalmente prevedono contesti di apprendimento
che si discostanodal setup standard supervisionato (il quale si sviluppa in una singola fase), in
cui gli algoritmi di deep learninghanno indiscutibilmente dimostrato di eccellere. Daun lato,
i dati raccolti raramente descrivono appieno gli scenari su cui l’algoritmo 昀椀nale è destinato
ad essere utilizzato. Questa discrepanza richiede la capacità 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 unmondo in
continua evoluzione, è di primaria importanza acquisire continuamente nuove conoscenze
che consentano di tenere il passo con i nuovi obiettivi, senza disperdere ciò che è stato fati-
cosamente appreso in precedenza. Garantire la dinamicità delle capacità predittive richiede
strumenti in grado di apprendere in modo progressivo, senza far uso di dati provenienti da
fasi precedenti e senza eliminare l’esperienza acquisita in passato. Entrambi i problemi sono
spesso sperimentati in contemporanea, dato che la presenza di compiti predittivi incremen-
tali, cioè che richiedono più fasi di apprendimento per essere assimilati, è 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 a昀昀rontati
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 è 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 può essere a昀昀rontato, per poi proporre nuove tecniche di adatta-
mento a più 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 classi昀椀cazione,
ovvero quando le classi da apprendere vengono sperimentate in modo incrementale. La ca-
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pacità di apprendere classi in modo incrementale è fondamentale per sostenere l’espansione
dinamica del gruppo di classi considerate qualora non si avessero più 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 nonmantenere
nessun dato inmemoria tra una fase e l’altra, costituisce una strategia di successo, soprattutto
se l’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 più 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 entità separate, metodi che si limitano ad a昀昀rontare
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 a昀昀rontare 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 a昀昀rontare 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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1
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 [5, 6, 244] for a comprehensive introduction

to computer vision and to recent advances brought by deep learning to this 昀椀eld. However,

deep learning solutions typically thrive in a standard supervised learning setting, that is, 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 signi昀椀cant amount of data

for a speci昀椀c 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 e昀昀ectively 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 bene昀椀cial when data

scarcity is a serious concern [7]. These shortcomings have encouraged the proliferation of

DomainAdaptation (DA) techniques, able to transfer the learned knowledge from a generic
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source dataset to the target data of the problem at hand. Target data can be either partially su-

pervised, i.e., 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, i.e., 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 e昀昀ort has been directed toward

the exploitation of the labeled data belonging to a di昀昀erent, yet related, problem, or com-

prising a set of classes di昀昀erent from the target one. In addition, in many cases the target

problem may not even be completely de昀椀ned 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 learningmodel 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.g., continual domain adaptation) or label space (e.g., 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 di昀昀erent environments, while being

fedwith data in a continuous 昀氀ow 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 e昀昀ort 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 classi昀椀cation 昀椀eld, 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, di昀昀erently

from image-level classi昀椀cation, 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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RGB Image Classi昀椀cation
Object

Localization
Segmentation

Semantic
Segmentation

Figure 1.1: Overview of visual tasks ranging from whole‐image classi昀椀ca琀椀on (sparse task) to pixel‐level seman琀椀c seg‐
menta琀椀on (dense task).

consuming (muchmore than in image classi昀椀cation), thus making the construction of com-

plete and large training sets more di昀케cult.

In the remainder of this section we will introduce the semantic segmentation task and

provide a formal de昀椀nition of transfer learning in relation to domain adaptation and class

incremental learning.

1.1.1 Seman琀椀c Segmenta琀椀on

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

likewhole-image classi昀椀cation or object detection [6]. A graphical overviewof themost com-

mon visual tasks is presented in Figure 1.1. In image classi昀椀cation, a single label is assigned

to the whole image and denotes the pre-dominant object in the scene. In object localization,

the objects are identi昀椀ed 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 昀椀eld, 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 昀椀rst steps as an enriched representation learning and un-
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derstanding of a scene with respect to the simpler task of image classi昀椀cation: the advent of

novel real-world applications (e.g., 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 classi昀椀cation allows to recognize the semantic content of an image at amacro-

scopic level (i.e., a single label is assigned to the whole image), semantic image segmentation

generates a pixel-wise labeling of each element of an image (i.e., 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 classi昀椀cation 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 theDeepLab architecture [11–13]. Thesemodels 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], BDD100k [15], IDD [16],Mapillary [17], GTA5 [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 de昀椀nition of the Transfer Learning problem and we

introduce some notation that will be used throughout the dissertation. Let us de昀椀ne 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 taskJ over the domainD is a combina-

tion of a label space Y and the predictive function f(·) that models the conditional proba-

bility distribution P(Y|X ). For instance, a possible task might involve recognizing of a set

of semantic classes C, at a coarse level (e.g., whole-image classi昀椀cation) or at a 昀椀ne 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 → Y which better approximates the
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unknown underlying f(·), by examining a set of labeled training samples drawn from the

joint distributionP(X ,Y) overX × Y .

Let us assume that the input data domainD may be not unique, e.g., there exist separate

sourceDS and targetDT domains (e.g., in classicalUDA) or the domain is split intomultiple

pieces Dt, t = 0, 1, ..., T available for training at separate times (e.g., in generalized CL).

Furthermore, over these domains di昀昀erent tasks may need to be solved, e.g., two di昀昀erent

tasks JS and JT could have been respectively chosen for the source and target domains or

there can be a sequence of tasks J t, t = 0, 1, ..., T to be solved at di昀昀erent steps t of the

learning process. Then, transfer learning is de昀椀ned as seeking for an improved predictive

function fT (·) over the target domain (or over multiple target domains), relying on useful

information extracted from the source task JS on DS , in case DS 6= DT or JS 6= JT , or

from target tasks {J t}t, J
i 6= J k, i 6= k [25].

Noticehowdomain adaptation and class incremental learning canbe viewed as two special

cases of transfer learning; in the 昀椀rst case, the source and target domains are di昀昀erent 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 amultitude 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 arti昀椀cially generated synthetic data. Then, we might want to

apply our prediction framework to di昀昀erent scenarios in the real world, where we may lack

the resources to get asmany training samples to extensively retrain ourmodel. In this case we

are facedwith a domain change, while the underlying taskwewant 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.

Di昀昀erently, we could have su昀케cient 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 (i.e., it has the same statistical distribution), then

we are just facing a task shift. For instance, wemaywant to increase the detection pro昀椀ciency

of our autonomous driving agent by re昀椀ning its classi昀椀cation 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
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example, our driving agent couldbe providedwith training data fromdi昀昀erent places around

the world in di昀昀erent training phases, each time aiming at gaining new-task knowledge with

only the currently experienced data, while the acquired information should be generalizable

to di昀昀erent driving conditions and geographic locations.

1.2 Contribu琀椀ons

1.2.1 Part I: Unsupervised Domain Adapta琀椀on

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 昀椀xed, 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 di昀昀erent con昀椀gurations 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

e昀昀ectively carried out at di昀昀erent stages, i.e., (i) at the input 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, 昀椀nally, (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 di昀昀erent strategies: Section 2.4 will present in detail the most successful tech-

nique proposed in the unsupervised domain adaptation 昀椀eld when speci昀椀cally targeting the

semantic segmentation task. The 昀椀nal 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 昀椀rst part of the dissertation we will propose di昀昀erent

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

arti昀椀cial 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
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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 5 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. Wewill aim at improving

the feature distribution, enforcing intra-class inter-domain alignment and inter-class

separation.

1.2.2 Part II: 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, i.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,

i.e., a machine learningmodel 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 bymeans of knowledge preservation strategies, based on

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

• Chapter 7will address class incremental learningwith 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 bene昀椀cial when the incremen-

tal learning progresses across a signi昀椀cant number of steps.
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1.2.3 Part III: Con琀椀nual Learning under Domain and Task Shi昀琀
In the 昀椀nal part of the dissertation (Part III), wewill 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 di昀昀erent

learning steps. Domain variability is further joined bymutable 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

learningproblem (Sections 9.1 and9.2). In addition,wewill overview some relevantworks 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 10, 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 transfermechanism allows to replay domain-speci昀椀c 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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Part I

Learning Under Domain Shift
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2
Transfer Learning Across Domains

2.1 Unsupervised Domain Adapta琀椀on

Over the past few years, deep learning has had a groundbreaking impact on the computer

vision 昀椀eld. 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 learningmodels can be fully unleashed only when su昀케ciently plentiful and carefully

labeled training data is available. The complexity enclosed in themillions of learnable param-

eters of state-of-the-art deep learning models easily leads to over昀椀tting 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 classi昀椀cation 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 classi昀椀cation 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 bene昀椀cial 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 e昀케ciently 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-speci昀椀c attributes are usually captured alongside domain-invariant

ones, thus preventing an e昀昀ective 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 e昀昀ort 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 e昀케cient 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 classi昀椀-

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 classi昀椀cation 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-speci昀椀c 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 e昀昀ectively 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

classi昀椀cation calls for more advanced solutions. Considerable research e昀昀ort 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: Di昀昀erent se琀�ngs for domain adapta琀椀on, 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 thenmoving to

a 昀椀ner classi昀椀cation (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 Formula琀椀on

Domain Adaptation (DA) is a special case of transfer learning, called Transductive Transfer

Learning, in which the source and target tasks coincide (JS = JT ), whereas the discrepancy

lies in the domain di昀昀erence (DS 6= DT ). In addition, domain adaptation is commonly

intended in a homogeneous fashion, where the domain shift happens at a statistical level

(P(XS,YS) 6= P(XT ,YT )) rather than being due to distinct input spaces (XS and XT
belong to the same semantic domain, e.g., urban scene images) [7].

Recently, some research e昀昀orts have considered more challenging scenarios than the stan-

dard homogeneousDA, allowing for separate sets of semantic classes in the source and target

domains (CS and CT ). Depending on how the source CS and target CT 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 = CT ).
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Table 2.1: Formal de昀椀ni琀椀on of nota琀椀on used throughout Part I of the disserta琀椀on.

Symbol De昀椀nition

D{S,T} Source/Target domain

X{S,T} Source/Target input space

Y{S,T} Source/Target label space

J{S,T} Source/Target task

C{S,T} Source/Target class set

X
{s,t}
n Source/Target input sample

Y
{s,t}
n Source/Target ground-truth map

• PartialDA: in this setup there exist some source classes that donot appear in the target

domain (CS ⊃ CT ).

• 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 (CS ⊂

CT ).

• Open-Partial Set DA: the source and target domains include separate sets of semantic

classes [28], with a subset of those in common (CS 6= CT , CS ∩ CT 6= ∅). 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 de昀椀ned 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 classi昀椀ed 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 standardmost-di昀昀used 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 speci昀椀cally, it is assumed that a set of labeled

source data {Xs
n,Y

s
n}n drawn accordingly to the source joint distribution over XS × YS

is provided, paired with a set of unlabeled samples {Xt
n}n, retrieved from a distinct target

marginal distribution over XT . 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 di昀昀er. This scenario is commonly referred to as one-stepDA,

as knowledge transferring happens directly across source and target data without intermedi-

ate stages.

2.3 Adapta琀椀on Focus

As previously discussed, behind the performance degradation su昀昀ered by deep prediction

models applied on new target environments lies the covariate shift phenomenon a昀昀ecting

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-

tationmodel the statistical discrepancy happens to be addressed. In particular, di昀昀erent data

representations could be subject to adaptation, from the bare images prior to classi昀椀cation

up to intermediate and output network activations (Figure 2.2). In the following, a descrip-

tion of themain ideas behind adaptation approaches will be provided, grouped bywhere the

adaptation e昀昀ort is focused [233].

2.3.1 Input Level Adapta琀椀on

A 昀椀rst 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 signi昀椀cance, is likely to result in an

undesirable reduction of the prediction e昀케cacy 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 canmimic real-word properties up to a certain extent. Thus, it is usually possible

to 昀椀nd synthetic peculiar traits, however small, which can undermine the e昀케cacy of a model

trained on synthetic data in a real-world environment.

The common approach to address domain adaptation at the input level is tomap 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 intomatching source and targetmarginal

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 inherentlymissing su昀케cient 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 di昀昀ering across domains. In other words, one might 昀椀nd

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 di昀昀erent 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 Adapta琀椀on

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

16



Figure 2.2: Typical encoder‐decoder architecture for seman琀椀c segmenta琀椀on, highligh琀椀ng di昀昀erent network stages on
which domain adapta琀椀on strategies can be applied, from the input image space up to intermediate and output network
ac琀椀va琀椀ons.

representations should result in a good performance also on the target domain, as shared

classi昀椀cation in the adapted latent space should be jointly e昀昀ective on both source and target

representations when distributed alike.

In the context of semantic segmentation, the feature space retains signi昀椀cant 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 insu昀케cient, due to the structural and semantic

complexity that feature embeddings possess, which is di昀케cult 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 arematching, 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 classi昀椀cation do not easily extend to the dense segmentation task, and in general

require careful tuning and further regularization.

2.3.3 Output Level Adapta琀椀on

Finally, the last class of domain adaptation techniques exploits a cross-domain distribution

alignment over the network output, i.e., typically the output per-class probability space. Not

only prediction probability maps have proven to retain su昀케cient complexity and richness of

semantic information, but they also span a low-dimensional space overwhich statistical align-
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Figure 2.3: Venn diagram of the most popular UDA strategies for seman琀椀c segmenta琀椀on. Each method falls under the
set represen琀椀ng the adapta琀椀on techniques that are used.

ment happens to be achieved much more e昀昀ectively, for example by the domain adversarial

strategy. In addition, source knowledge can be indirectly translated over the unlabeled target

domainby resorting to some formof 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 e昀昀ective 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 Adapta琀椀on 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,

someworks, 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 groupUDAworks into 7main categories as displayed in the graphical overview of Fig-
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ure 2.3. Let us brie昀氀y introduce each of them, leavingmore 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 arti昀椀cial domain-independent im-

age space.

(iii) Classi昀椀er discrepancy methods (Section 2.4.3) resort to multiple dense classi昀椀ers 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 con昀椀dence estimation schemes to select the most reliable pre-

dictions) to automatically drive the learning process, i.e., 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-con昀椀dent 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 昀椀rst, 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 Adapta琀椀on

Adversarial learning has been originally introduced for image generation [31]. Themain 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 e昀昀ective in solving this

type of problems, since no explicit expression of the underlying target data distribution has

to be found, and, more importantly, no speci昀椀c 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 classi昀椀er 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 randomnoise (or some conditioning data inmore recent variations

of the approach) and yields data (i.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 turnmaximizes the errors of the discriminator. Themodel

is trained by alternating a discriminator training step, aiming atmaximizing 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 speci昀椀c 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 speci昀椀c

context. Therefore, the adversarial learning scheme introduced in [31] can be extended un-

der careful adjustments to addressmultiple tasks that would normally require di昀昀erent types

of application-speci昀椀c objectives.

Feature Adversarial Adapta琀椀on Adversarial learning has been successfully extended to

the domain adaptation task [32–34]. The real-fake discriminator is now turned into a do-

main classi昀椀er 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 e昀昀ective adaptation.

There are twopossible targets for thedomain classi昀椀er. The昀椀rst is todiscriminatebetween

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 datamatching 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 genera琀椀ve 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 classi昀椀cation [32–34],

the adversarial strategy has been introduced also in the context of semantic segmentation to

achieve domain alignment over latent feature embeddings [35]. Ho昀昀man et al. [35] have

been the 昀椀rst 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 speci昀椀c 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 representa琀椀on of the standard adversarial adapta琀椀on strategy. A domain discrimina琀椀on captures
the sta琀椀s琀椀cal discrepancy between source and target representa琀椀ons (e.g., segmenta琀椀on 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 [35], 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 e昀昀ective adversarial adaptation when dealing

with the semantic segmentation task, additional modules should be embedded in the adap-

tation pipeline.

Chen et 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 di昀昀erent spatial regions of the input image, thus exploiting the underlying

spatial structure of input scenes. Zhang et 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 ofHo昀昀man et al. [35] by assisting the global distribution alignment with class-

wise adversarial learning. Chen et al. [43] propose to exploit multiple feature discriminators

(one for each class), so that negative transfer among di昀昀erent classes in the domain bridging

process should be e昀昀ectively avoided. Du et al. [44] propose a similar class-wise adversar-
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Figure 2.6: Graphical representa琀椀on of an output adversarial adapta琀椀on strategy, where domain alignment is performed
indirectly by bridging the distribu琀椀on gap between source annota琀椀on maps and network predic琀椀ons 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 di昀昀erent 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 bemore easily well-adapted across the

domains.

Di昀昀erent 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 fromwhich 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 amin-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 Adapta琀椀on 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 e昀昀ort 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

classi昀椀er.

Tsai et al. [48] are the 昀椀rst to propose this type of adaptation: in order to improve the sig-

nal 昀氀ow from the adversarial competition through the segmentation network, they deploy

multiple dense classi昀椀cation modules at di昀昀erent depths upon which as many output-level

discriminators are applied. Following the technique proposed in [48], otherworks adopt the

output space adversarial adaptation in combination with additional modules. Chen et 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 et al. [51] enhances the adversarial scheme by a co-training strategy that high-

lights regions of the input imagewith high prediction con昀椀dence. In this way, the adversarial

loss can be e昀昀ectively 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-truthmaps

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 e昀昀ective alignment between the two domains.

Recently, new approaches [55–57] have been built upon the extraction ofmeaningful pat-

terns from the segmentation output space. The intention is to provide the domain discrimi-

nator with a more functional and signi昀椀cant understanding of source and target representa-

tions, allowing it to yield amore e昀昀ective guidance in the adaptation process. On this regard,

Vu et al. [55, 56] devise an entropy-minimization strategy (which will be described more in

detail in Section 2.4.4) to promotemore con昀椀dent 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 targetmaps as tomimic source con昀椀dent ones. This process e昀昀ectively

pushes decision boundaries away from high-density regions in the representation space.

With a di昀昀erent approach, Tsai et al. [57] construct a clustered space over the output predic-

tion space by adding a patch clusteringmodule that discovers patch-wisemodes on segmenta-

tionmaps. First, themodule is supervisedly trained on source data by leveraging the available
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Figure 2.7: Overview of the genera琀椀ve‐based adapta琀椀on approach built upon cycle‐consistent image‐to‐image trans‐
la琀椀on. Source translated input images are exploited as a form of target‐like ar琀椀昀椀cial 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 e昀昀ectively solved also in

the target domain.

2.4.2 Genera琀椀ve‐Based Adapta琀椀on

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 speci昀椀c set of images and

transfer those properties to a di昀昀erent data collection. In amore formal de昀椀nition, the image-

to-image translation task aims at discovering a joint distribution of images from di昀昀erent

domains. Notice that, since the problem is, in fact, ill-posed, as an in昀椀nite 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 e昀昀ectively 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 classi昀椀er 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,

25



is the search for domain invariance of visual appearance of images from di昀昀erent domains.

This ultimately allows to exploit target-like supervision from translated, yet still annotated,

source images.

Cycle Consistent Transla琀椀on A common approach shared by a multitude of works [38,

40, 41, 46, 58–62, 234] is to exploit the successful CycleGAN [63] model to perform un-

supervised image-to-image translation (Figure 2.7). The framework proposed by Zhu et al.

[63] concurrently learns in adversarialmanner the conditional image translations in both the

source-to-target and target-to-source directions. The two adversarial generative modules are

further 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 whichmay happen during the

translation provided by theCycleGAN’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 昀氀awed, 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 et

al. [38] further extend theCycleGAN-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 bene昀椀ts 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 e昀昀ectively 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 de昀椀ning 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

di昀昀erent regions of an image should face a di昀昀erent 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 et al. [61] introduce a phase consistency constraint to the CycleGAN pixel-

level adaptationmodule, 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 di昀昀erent adaptation perspective, Gong et al. [62] adapt the CycleGAN model to

generate a continuous 昀氀ow 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 a昀昀ecting 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 Transla琀椀on 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 et al. [65], instead, improve the generator of the origi-

nalGAN frameworkwith feature normalizationmodules atmultiple 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 e昀昀ect in absence of the cycle-consistency

one. Hong et al. [66] use a conditional generative function tomodel the residual representa-

tion between source and target featuremaps, 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 satis昀椀ed due to the highly structured nature of semantic segmentation.

The generator takes as input low-level source featuremaps, togetherwith 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 classi昀椀er to compute the cross-entropy loss.

In order to lessen the bias towards the source domain, Yang et al. [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 formor 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, di昀昀erently 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 thesemethods 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-speci昀椀c traits, its content indicates domain-invariant high-level semantic properties.

Therefore, joining source contentwith target style should provide target-distributed training

data, still preserving source semantic annotations. Oncemore, 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 themixed representations to be re-projected into the image

space. In a recent work [67], the authors performmulti-modal source-to-target image trans-

lation based on theMUNIT 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 inGAN’s image generation (specially high resolution images are challenging

28



to be obtained), di昀昀erent 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 spectrummanipulation [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.

Di昀昀erently, Dundar et 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 昀椀rst and second order statistics match

those of the target ones, bymeans of theAdaINmodule [73]. Finally, Yang et al. [30] remove

domain-dependent visual attributes from source images by replacing the low-level frequency

spectrum with that of target images, without a昀昀ecting 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 amulti-band

framework that averages predictions with di昀昀erent degrees of spectral alteration.

2.4.3 Classi昀椀er Discrepancy

As mentioned in Section 2.4.1, feature level adversarial adaptation in its standard design in-

volves an additional domain classi昀椀er, whose discriminative action over feature representa-

tions from source and target domains provides an e昀昀ective supervisory signal to the learning

process, pushing the segmentation network towards domain invariance within the latent

space it spans. A separate task-speci昀椀c objective is instead responsible for the prediction net-

work to learn the actual task with source supervision, i.e., the standard cross-entropy loss for

semantic segmentation.

Despite being fairly e昀昀ective, the standard adversarial adaptation lacks semantic awareness

[74, 75]. A proper adversarial alignment, in fact, entails amatch ofmarginal 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 classi昀椀er, 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 bemoved near class boundaries, where classi昀椀cation uncertainty could lead to incorrect

predictions. Even worse, a class-agnostic transfer of target features might incorrectly align

them to source representations of a di昀昀erent 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 et al. [74] completely re-design the original do-

main adversarial approach, proposing theAdversarialDropoutRegularization (ADR)mech-

anism to reach cross-domain feature alignment away from decision boundaries. In particu-

lar, they provide the task-speci昀椀c dense classi昀椀er (i.e., the encoder network) with the discrim-

inative role that was before assigned to an external domain discriminator. By perturbing

the classi昀椀er 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 classi昀椀er is trained to improve

its sensitivity to semantic variations on target representations. By acting against it, the fea-

ture extractor (i.e., encoder) aims at providing categorical certainty to the target features it

computes. This should e昀昀ectively 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 [51,

59, 75–77]. A downside of the classi昀椀er 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 classi昀椀cation boundaries, yet it negatively a昀昀ects 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 classi昀椀cations [75]. This should e昀昀ectively 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 di昀昀erent path, the original adversarial learning scheme could bemodi昀椀ed, 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 classi昀椀er is retained, while the afore-

mentioned noise susceptibility problem is simultaneously solved.

The co-training principle based onmultiple 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 e昀昀ort (now in a standard domain

adversarial framework) towards less adapted regions of the input image, i.e., those a昀昀ected by

the highest uncertainty. This has proved to ultimately lead towards a more e昀昀ective 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) 昀椀eld. 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 e昀昀ort to be addressed.

Self‐Training In this direction, a 昀椀rst 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 creationofpseudo-labels fromhighly con昀椀dent

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 con昀椀dent 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-con昀椀dent 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 昀椀ltering

strategies to the pseudo-labeling process, so that prediction errors inherently a昀昀ecting target

segmentation maps are largely discarded.

A common approach towards a self-training based adaptation involves o昀툀ine techniques

for pseudo-label computation [38, 78, 79], with the con昀椀dence 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 arti昀椀cial annotations and pseudo-

labeling to generate a self-taught target supervision. Thus, during an entire training stage,

arti昀椀cial target annotations are kept 昀椀xed. This o昀툀ine 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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Onthis regard, Zou et al. [78] propose oneof the昀椀rstUDAtechniques basedon self-training.

They devise an iterative self-training optimization scheme, between segmentation network

training and target pseudo-label estimation. Inparticular, the target pseudo-labels are treated

as discrete latent variables to be computed through the minimization of a uni昀椀ed training

objective. In addition, motivated by the fact that class-unaware pseudo-labels con昀椀dence

昀椀ltering is intrinsically biased towards the easy (i.e., more con昀椀dent) classes, they devise a

class-balancing strategy by setting category-wise con昀椀dence thresholds. This should pro-

mote inter-class balance, as the same amount of top con昀椀dent 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 de昀椀ned by a probability simplex. In this way, by avoiding clear-cut overcon昀椀dent self-

supervision in the whole input image, the e昀昀ect of the inherent misleading incorrect pixel

predictions should be e昀昀ectively reduced. A continuous pseudo-label space further allows

them to introduce a con昀椀dence 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 o昀툀ine dataset-wise processing, Pizzati et al. [67] introduce self-

trainingwithweighted pseudo-labels. A learnable con昀椀dence threshold is employed for both

pseudo-label re昀椀nement 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 con昀椀dence threshold is learned throughout the entire training phase.

In a di昀昀erent 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 re昀椀ne target pseudo-labels. Thus,

the quality of arti昀椀cial 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 e昀昀ective adaptation.

Michieli et al. [54] further improve the pseudo-label selectionmechanisms 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 con昀椀dent 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 con昀椀dence
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昀氀exibility and time adaptability over the training phase.

As an alternative, pseudo-label reliability can be enhanced by resorting to a formof 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 tomore accurate target predictions, on top ofwhich less noisy pseudo-

labeling can be performed. The result is a more e昀昀ective self-training adaptation.

Following di昀昀erent research directions, Chen et al. [1] enhance the adaptation of low-level

features by introducing an additional ASPP dense classi昀椀cation 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 al. [30], instead,

train multiple instances of the segmentation network withmulti-band spectrum adaptation

to obtain distinct semantic predictors. Then, target pseudo-labels are generated from the

mean prediction of the di昀昀erent segmenter instances, resulting in a more robust adaptation

when dealing with multiple rounds of self-training.

Entropy Minimiza琀椀on Adopted from the semi-supervised learning 昀椀eld 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 con昀椀dent behavior, which is

revealed by a low entropy level in probability outputs. Conversely, the segmentation output

maps from target inputs are likely to displaymore uncertainty (high entropy), with the noise

pattern widely spread and not just limited to regions close to semantic boundaries. Thus, by

mirroring the over-con昀椀dent 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 e昀昀ect of entropyminimization is to avoid classi昀椀cation 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 [55] works at the pixel-level, with each single

spatial unit independently contributing to the overall objective. However, to overcome some

inherent limitations of this approach, further arrangements have been introduced [1, 30, 55].

Apossible solution is to pursue a global distribution alignment of entropybehavior bymeans

of a domain adversarial approach, where the domain discriminator is provided with entropy

maps rather than directly with output probabilitymaps as in the standard scheme 2.4.1 [55].

By doing so, structural information enclosed in entropy maps is leveraged, thus leading to

33



a more e昀昀ectively 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 di昀昀erent semantic classes, has proved to greatly enhance adaptation process.

More recently, Yang et al. [30] propose an entropy minimization technique as an additional

module to their adaptation scheme. The intent is to seek a regularization e昀昀ect 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 e昀昀ective. 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

di昀昀erent 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 con昀椀dent

(i.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 昀椀rst

(e.g., image classi昀椀cation), 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.g., semantic segmentation). This family of approaches shares many similari-

ties in spirit with self-training. The main di昀昀erence 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 (di昀昀erent from the labels for the task) and the network is trained to

reproduce such inferred properties in the target predictions.

The 昀椀rst 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 昀椀rst property on the target

domain a logistic regression model is employed. While the 昀椀rst property is useful to guaran-

tee that the ratio among di昀昀erent 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 SVMclassi昀椀er is used to select themost representative anchor superpixels

and the label distribution is estimated over them. The 昀椀nal objective is amixture 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, 昀椀nally, 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 andmerges both techniques is presented. The authors remind that in self-

training there are twomain 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 andwith 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.
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2.4.6 Mul琀椀‐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 bemore suitable to simultaneously address the related tasks. Depth regression is

usually tackled in combinationwith semantic segmentation, to regularize an input level adap-

tation process based on source to target image translation (Section 2.4.2). Multi-task adap-

tation has also shown to be e昀昀ectively integrated with other adaptation approaches. For ex-

ample, it can be exploited to enhance the maximum classi昀椀er strategy (Section 2.4.3), where

instead of a single dense classi昀椀er two separate decodermodules 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 sectionswill present one of themost common experimental settings employed

to validate UDAmethods for semantic segmentation, i.e., 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 Synthe琀椀c to Real Adapta琀椀on
Domain adaptation is particularly convenient whenever it possible to access annotated train-

ing data in large quantity, even though samples are statically di昀昀erent from those in the label-

scarce target environment, while maintaining some degree of similarity between datasets in

terms of semantic content. In linewith 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 arti昀椀cial data generation, e.g., such as via a realistic simulator [87] or game engine

[18], it is 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 synthe琀椀c and real images.

principle get extremedata variability to improve the learningperformance 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 e昀昀ort,

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 over昀椀tting 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 50 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 500 labeled images in

the original validation test, which is the common practice.

BDD.TheBerkeleyDeepDrive dataset [88] provides an assorted collection of road scenes,

o昀昀ering geographic, environmental andweather 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 speci昀椀c to the considered geographic areas, and di昀昀ers signi昀椀cantly 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. TheMapillary 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 arti昀椀cially

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.

Synthe琀椀c Datasets

We will additionally introduce some popular synthetic road-scene datasets, commonly em-

ployed to validate semantic segmentation models (Figure 2.10).

GTA5. The GTA5 dataset [18] contains 24966 synthetic images acquired through the
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Figure 2.10: Images from synthe琀椀c 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 di昀昀erent 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 GTA5 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 comparablewith the ones of theCityscapes dataset

[14]. For the supervised training, 9300 imageswill be used, while 100 imageswill 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 bene昀椀cial to develop real-world applications. It presents 153k labeled

samples used for training purposes, as well as 51k for testing. The Shift benchmark is partic-

ularly suitable to mimic domain shift due to environmental diversity.
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3
Generative Input Adaptation

3.1 Introduc琀椀on

In this section, we introduce an highly performing Unsupervised Domain Adaptation ap-

proach [234], 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-

put synthetic images to the target (real) domainwhile preserving the semantic content. Then,

the data is sent to a lightweightMobileNet-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 a昀昀ects 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.

Di昀昀erently 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

GTA5 [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) Wepropose an input-level adaptation strategy that relies on an image-to-image transla-

tionmechanism,which encompasses geometrical coherence and semantic consistency

within its image generation pipeline to provide reliable pseudo supervision in the orig-

inally unlabeled target domain.

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

work for a more application-oriented solution.

(ii) 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 proposedUDAmethod 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; 昀椀nally, the experimental

evaluation will be discussed in Section 3.4.

3.2 Cycle Consistent Domain Adapta琀椀on

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 (i.e., source) labeled images {(Xs
n,Y

s
n)}n, (X

s,Ys) ∈ XS × YS , as well as to

real (i.e., target) unlabeled images {Xt
n}n,X

t
n ∈ XT . 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 e昀昀ect 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 identi昀椀ed by the semantic classi昀椀er. An

additional feature-level adaptation is further included, in the formof 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 di昀昀erence 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 transla琀椀on. 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 seman琀椀c uniformity throughout image
mapping is promoted by the seman琀椀c loss. The segmenta琀椀on 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 e昀케ciency 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 GS�T : XS→XT and the target to source one (inverse mapping) GT�S :

XT →XS are discovered by means of an adversarial competition exploiting a couple of dis-

criminatorsDS andDT . 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, i.e., 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:

Li,T =
∑

Xt∈XT

log
(

DT (X
t)
)

+
∑

Xs∈XS

log(1−DT (GS�T (X
s))), (3.1)
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Li,S =
∑

Xs∈XS

log(DS(X
s)) +

∑

Xt∈XT

log(1−DS(GT�S(X
t))). (3.2)

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 in昀椀nite 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 theGS�T 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:

Lcycle =
∑

Xs∈XS

[‖GT�S (GS�T (X
s))−Xs‖1]+

∑

Xt∈XT

[

‖GS�T

(

GT�S

(

Xt
))

−Xt‖1
]

. (3.3)

The reconstruction requirement provided by the cycle-consistency lossLcycle should encour-

age the preservation of structural properties throughout translations, resulting in a realistic

image generation that does not a昀昀ect 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 formore 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 Seman琀椀c Consistency Across Domains

Following the the idea introduced in [40], we embed the generativemodule in a task-speci昀椀c

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 withM = Md ◦M e, whereM e is the encoder

part of the network, whileMd 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 networkM is supplied with

both original and adapted versions of the same image andwemeasure the semantic discrepan-

cies (i.e., the di昀昀erences in the segmentation network output) introduced by the projection

between domains. The error information is then propagated back through the classi昀椀er 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:

Lsem (GS�T , GT�S,M,XS,XT )

= Lce (M,GS�T (XS), ρ(M(XS)))

+ Lce (M,GT�S(XT ), ρ(M(XT ))) ,

(3.4)

where ρ(M(X )) is the argmax of the output of the semantic segmentation network and:

Lce (M,X ,Y) = −
∑

p∈Xn

∑

c∈C

Y(p)
n [c] · log(M(X)(p)n [c]), (3.5)

with (Xn,Yn) ∈ X × Y and C the set of semantic classes to learn. Notice that the cross-

entropy loss Lce is computed over segmentation maps obtained by applying the argmax

function ρ on semantic predictionsM(X ), rather than over ground-truth labels. Therefore,

its e昀昀ect 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 ofM .

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 Representa琀椀on 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, i.e., to ensure the proper adaptation at the level of the output

of the encoder networkM e. 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 speci昀椀cally, we

add a couple of feature discriminators and feed them with activations from the output of

theMobileNet feature extractorM e. 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:

Lf,T =
∑

Xs∈XS

log(D′T (M
e(Xt))) +

∑

Xt∈XT

log(1−D′T (M
e(GS�T (X

s)))), (3.6)

Lf,S =
∑

Xs∈XS

log(D′S(M
e(Xs))) +

∑

Xt∈XT

log(1−D′S(M
e(GT�S(X

t)))). (3.7)

WhereD′S andD
′
T are the feature discriminators working on data from the source and target

domain respectively.

Combining together all the di昀昀erent losses, the full objective becomes:

Ltot = (Li,S + Li,T ) + λfeat · (Lf,S + Lf,T )

+λcycle · Lcycle + λsem · Lsem + λce · L
s
ce.

(3.8)

We also denoteLsce = Lce(M,GS�T (XS),YS) the standard cross-entropy loss used to train

supervisedlyM on source adapted data. The framework optimization then can be expressed

as a min-max problem:

min
GS�T ,GT�S ,M

max
DS ,DT ,D

′
S
,D′

T

Ltot. (3.9)

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 de昀椀ned by the segmentation

network. Additionally, the semantic segmentation networkM is adapted towork on the tar-

get data in an unsupervised way (without using target ground truth) thanks to the loss Lsce.

Since all the components are simultaneously trained, when improving the image-to-image

mappings also the adaptation ofM improves. For a more stable training and to avoid satu-

ration e昀昀ects [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, i.e., synthetic

imagery. As discussed in Section 2.5, synthetic data not only comes with essentially free

annotations and amuch lower collection cost than real data thanks to automatic generation,

but also 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 speci昀椀c 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 speci昀椀c datasets used to train and validate our framework,

we choose the publicly accessible GTA5 [18], SYNTHIA [19] and Cityscapes [14] datasets.

They are built speci昀椀cally to address semantic segmentation of urban scenes, which is of

strategic importance in autonomous driving. The task is quite challenging, since multiple

objects of di昀昀erent sizes with very di昀昀erent occurrence frequencies and various semantic

categories have to be recognized with high con昀椀dence.

Network implementa琀椀on The image-level generators and discriminators (i.e., GS→T ,

GT→S , DS and DT ) 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 (Df
S andD

f
T ) as well,

but we modify the stride value to 1 for all layers. As concerns the segmentation networkM ,

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 Di昀昀erently from [40], we train our framework in a single shot, so that all

the networks are simultaneously optimized according to Ltot. We then 昀椀ne-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 ourmodel for a total of 80K

iterations with a single NVDIA GeForce GTX 1080 Ti. The segmentation network is kept

昀椀xed for the 昀椀rst 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× 600

pixels from training samples, which were previously resized to have a prede昀椀ned 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 Ltot to λcycle = 20, λsem = 0.1, λfeat = 1e94 and λce = 1. For the training

of the segmentation network we set ´1 (the exponential decay rate for the 昀椀rst moment es-

timates) to 0.9, and the weight decay to 4e95. The learning rate is subject to a polynomial

decay of power 0.9, and is decreased to 0 from its initial value (respectively 1e95 and 5e96

for the adaptation from the GTA and SYNTHIA datasets). Moreover, we set a batch size of

5when 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 ´1 term of 0.5 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 2e94.

3.4 Experimental Results

In this section, we will 昀椀st show some qualitative results from the image translation module.

Then, we will show quantitative and qualitative results of the main task, i.e., semantic seg-

mentation on real data, starting from two di昀昀erent synthetic datasets. Finally, some ablation

analyses are presented.

3.4.1 Image Domain Transla琀椀on

The 昀椀rst 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 di昀昀erent considered scenarios. We show

both the results when starting from synthetic data and when starting from real scenes.

The most obvious and noticeable di昀昀erence 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 veri昀椀ed in all the proposed qualitative results. Additionally, the textures of some regions

(such as the road or the sky) of the images are completely di昀昀erent between the considered

domains. InGTA5 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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Figure 3.2: Examples of image transla琀椀ons. In the 昀椀rst up‐le昀琀 quadrant, we move from GTA5 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 transla琀椀on in opposite direc琀椀on, i.e., from Cityscapes to GTA5, and then back to the original real
Cityscapes domain. The third (down‐le昀琀) and the fourth (down‐right) quadrant are analogous to the previous ones, but
with SYNTHIA in place of GTA5.

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 di昀昀erent 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.g., in the

second row from GTA5 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 昀椀rst and third adapted images from the GTA5 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 IoU on the Cityscapes valida琀椀on set when adap琀椀ng from GTA5 (top)
and SYNTHIA (bo琀琀om). The highest values have been highlighted in bold.
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mIoU

G
T
A
5
→

C
it
ys
ca
p
es Source only 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 16.3 0.0 0.0 0.0 17.5

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 11.5 80.8 23.4 27.0 2.4 12.4 5.2 37.3

Oracle 97.7 81.9 91.0 47.6 50.1 58.4 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

SY
N
T
H
IA
→

C
it
ys
ca
p
es Source only 1.4 10.6 29.1 1.0 0.0 17.2 2.0 3.6 68.5 - 65.0 42.3 0.1 41.7 - 8.2 - 0.0 0.5 18.2

Ours (full) [234] 53.8 21.3 69.4 3.7 0.1 31.6 3.5 12.6 77.5 - 75.2 51.9 13.2 64.1 - 15.9 - 10.8 16.7 32.6

CycleGAN [63] 42.9 26.7 44.6 0.5 0.1 29.2 3.5 5.8 67.1 - 70.8 46.0 3.4 32.8 - 7.0 - 2.4 3.7 24.2

CyCADA [40] 30.3 15.8 64.0 5.9 0.0 30.6 3.8 10.4 76.4 - 73.0 42.9 4.9 54.3 - 15.0 - 3.0 8.9 27.5

Oracle 97.8 83.7 91.2 47.7 49.7 58.8 63.0 73.9 92.4 - 94.4 77.9 53.7 94.1 - 80.5 - 44.7 73.5 73.6

3.4.2 Adapta琀椀on from GTA5 to Cityscapes

The 昀椀rst set of experiments regards the unsupervised adaptation of the semantic segmenta-

tion networkM to the Cityscapes dataset after an initial stage of supervised training on the

GTA5 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, i.e., the supervised training of the semantic segmentation on the

GTA5 (source) dataset followed by testing on Cityscapes without any adaptation, leads to a

very low mIoU of 17.5% (昀椀rst row). When compared to the training of the same network

on the target (Cityscapes) dataset (last row, denoted as Oracle), the huge di昀昀erence 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 naïve

source only approach, reaching amIoUof 41.1%when employed in its full extent (5th row),

with a performance boost of 23.6% over the baseline. Moreover, the accuracy enhancement

iswell distributed over all the semantic classes, from themost commonones (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 e昀昀ectiveness of our model in mitigating the statistical discrepancy through a combined

feature and pixel level alignment.

Wecompared the resultsweobtainedon theCityscapes validation setwith twoapproaches

of the same family: namely, CycleGAN[63] andCyCADA [40]. Those are verywell 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 (i.e., DeepLabV3+ [12]

withMobileNet-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 tra昀케c

light class). This has to be mostly attributed to the feature alignment process which directly

in昀氀uences 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 inbetween the trainingmadeonly on sourcedata andour fullmethod. 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 昀椀rst 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 (i.e., source only), using the approach of [40] andwith 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 昀椀rst 4 rows show the remarkable improvement

achieved over the source only baseline when resorting to the GTA5 dataset as source domain.

The e昀昀ect 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 identi昀椀cation of the di昀昀erent semantic entities.

All semantic classes happen to highly bene昀椀t 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.

51



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 classi昀椀cation involves di昀昀erent 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., tra昀케c sign) are more precisely localized, as well as more common categories lack-

ing an always de昀椀nite 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 Adapta琀椀on from the SYNTHIA dataset

In the second set of experiments we changed the source domain, replacing theGTA5 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

(昀椀rst row). The accuracy (18.2%) happens to be slightly higher than in the 昀椀rst 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 frameworkmanaged to reduce the domain discrepancy quite successfully

boosting the mIoU up to 32.6% from the original 18.2% of the baseline, with an improve-

ment of almost 15%. As for theGTA5 toCityscapes adaptation, the accuracies for all seman-

tic categories bene昀椀t from the unsupervised adaptation. For example, road segmentation is

strongly improved, starting from amIoU for the road class of 1.4% (denoting basically no de-

tection capability) and reaching a 昀椀nal 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 e昀昀ective than the competitor, with an average

mIoU increase of 5%, shared by the majority of the classes. For instance, the road accuracy

is signi昀椀cantly enhanced by ourmodel, proving the better capability of reducing domain dis-
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Figure 3.3: Seman琀椀c segmenta琀椀on of sample scenes from the Cityscapes valida琀椀on set when adap琀椀ng from GTA5
(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 con昀椀rm the numerical evaluation: the strong diversity between

the Cityscapes and SYNTHIA datasets negatively a昀昀ects the semantic understanding of the

predictor, as clearly visible in the third column showing the outputs of the baseline approach

with no adaptation. Even commonclasses such as road and building su昀昀er fromquite 昀氀awed

semantic detection leading to almost no understanding of target scene structure, with a

worse performance when compared to the GTA5 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 frommultiple camera angles andnot 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: Abla琀椀on study on the impact of di昀昀erent objec琀椀ves. Results are reported in terms of per‐class and mean IoU
on the Cityscapes valida琀椀on set when adap琀椀ng from GTA5 (top) and SYNTHIA (bo琀琀om). The highest values have been
highlighted in bold.
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Source only 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 16.3 0.0 0.0 0.0 17.5

λsem, λfeat = 0 87.8 39.1 81.0 24.8 16.0 31.9 27.2 25.7 78.6 22.9 69.7 55.5 16.7 85.3 25.7 31.0 4.4 14.7 5.6 39.1

λsem = 0 88.3 37.1 81.1 25.4 15.3 33.6 29.5 28.8 80.0 24.4 69.2 56.0 15.6 85.0 25.5 30.8 3.9 16.3 6.2 39.6

λfeat = 0 87.3 36.6 82.8 29.1 19.9 32.9 24.9 32.3 82.8 28.1 74.6 58.3 11.6 85.9 26.3 31.9 1.3 19.5 6.8 40.7

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

Oracle 97.7 81.9 91.0 47.6 50.1 58.4 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

the predictorwith an enhanced perception of the semanticmorphology of target inputs. For

example, the road, whichwithout adaption is incorrectly classi昀椀ed as building, probably due

to its quite unrealistic texture on source images, after the adaptation is detected with amuch

greater accuracy.

Furthermore, our approach shows some improvement alsow.r.t. themethod 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

themaps 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 asmotorbike

and bike, highlighting an increased robustness of ourmethod due to the combined pixel and

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

3.4.4 Abla琀椀on Study

Finally, we analyze in detail the performance gain brought by the di昀昀erent components of

our framework. For this evaluation we considered the domain adaptation from GTA5 to

Cityscapes. A relevant contribution is due to the CycleGAN-based image-to-image transla-

tor, which e昀昀ectively 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 signi昀椀cantly di昀昀erent 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 昀椀nal adaptation performance

of the semantic and feature-based losses by alternately setting to 0 the λsem and λfeat param-
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eters. The regularizing action of the feature level adaptation allows to increase the accuracy

to 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 昀椀nal score.

Finally, by using both components togetherwe obtain a combined improvement of 2%, lead-

ing to the 昀椀nal accuracy of 41.1%.

55



56



4
Adversarial Output Adaptation

4.1 Introduc琀椀on

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 devisedmethod leverages two discrimina-

tive networks, one to di昀昀erentiate between ground-truth and predicted segmentations and

the other to discriminate between segmentationmaps 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, di昀昀erent classes shared the same con昀椀dence threshold to select regions for

self-training, and its value was kept 昀椀xed 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

di昀昀erent training steps. Hence, the framework can accomplish both inter-class con昀椀dence
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昀氀exibility 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 GTA5 synthetic datasets

to train the supervised component, whereas we resort to real data fromCityscapes andMap-

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 con昀椀dence both over di昀昀erent classes

and over di昀昀erent training steps.

(iii) We prove the e昀昀ectiveness of our framework on several experimental scenarios outper-

forming competing approaches.

The rest of the chapter re昀氀ects 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 Adapta琀椀on 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 withG the semantic segmentation network

that we want to adapt from supervised synthetic data to unlabeled real data. G 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 ofG to unlabeled real data we employ two discriminative

networks and a self-training module.

Let us denote withXs
n the generic n-th image in the source (synthetic) domain and with

Ys
n the corresponding ground-truth segmentation, whileXt

n is the n-th real-world sample

(for which ground truth is not available during training). The 昀椀rst component of our ap-

proach,LG,0, is a standard cross-entropy loss working on labeled synthetic data.

4.2.1 Domain Adversarial Adapta琀椀on
The second and the third loss functions, minimized during the training ofG, are relative to

the adversarial training with the couple of discriminator networks. The 昀椀rst discriminator
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Real segmentation
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real path

Adaptive 
Thresholding

Figure 4.1: Architecture of the proposed approach. The seman琀椀c segmenta琀椀on networkG is trained with the combina‐
琀椀on of four losses: a supervised cross entropy on source dataLG,0, a double adversarial frameworkL

s,t
G,1 andL

t
G,2,

and a self‐training moduleLG,3 with class‐wise and 琀椀me‐varying adap琀椀ve thresholding maskTf .

moduleD1 is trained to distinguish between ground-truth and generatedmaps (the latter ei-

ther coming from synthetic or real images). The peculiarity of this network is that it is a fully

convolutional model and it produces a per-pixel con昀椀dence estimation, di昀昀erently 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 e昀昀ective cross-domain distribution

alignment [53, 54, 92].

The discriminator networkD1 ismade of a stack of 5 convolutional layers each using 4×4

kernels with a stride of 2 and Leaky ReLU activation function. The number of 昀椀lters (from

昀椀rst 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 D1 is trained to minimize the

lossLD1
that is a standard cross-entropy loss betweenD1’s output and the one-hot encoding

indicatingwhether the input segmentationmap is the ground truth (class 1) or it is produced

byG (class 0), i.e.:

LD1
= −

∑

p∈Xs,t
n

log(1−D1(G(X
s,t
n ))(p)) + log(D1(Y

s
n)

(p)), (4.1)

where p is a generic pixel in the image. Meanwhile, G is forced to produce segmentation

maps that resemble ground-truth annotations when inspected byD1:

Ls,tG,1 = −
∑

p∈Xs,t
n

log(D1(G(X
s,t
n ))(p)). (4.2)
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The seconddiscriminator,D2, is trained to di昀昀erentiate between segmentationmaps coming

from synthetic or real-world data. Di昀昀erently fromD1,D2 is always fed with the generator

output, i.e., with source or target images segmented by G, whereas no ground-truth infor-

mation is employed. D2 has the same structure asD1 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

D1 and requires less computational complexity to be accomplished. The adversarial loss for

D2 can be expressed as:

LD2
= −

∑

p∈Xs,t
n

log(1−D2(G(X
t
n))

(p)) + log(D2(G(X
s
n))

(p)), (4.3)

which is a standard cross-entropy loss similar to LD1
. Here the objective is formulated be-

tweenD2’s output and the one-hot encoding marking with 0 and 1 the segmentation maps

produced byG from respectively target and source images. The role ofG in the second ad-

versarial competition is to foolD2, by computing su昀케ciently realistic target predictionmaps

resembling the source domain ones. Hence, similarly to Eq. (4.2), the adversarial loss forG

related toD2 is of the form:

LtG,2 = −
∑

p∈Xt
n

log(D2(G(X
t
n))

(p)). (4.4)

The second adversarial framework is speci昀椀cally focused on the adaptation of target network

representations, in thatG is trained to produce target segmentationmaps 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 alignment also happenswithin the 昀椀rst

adversarial scenario as a side e昀昀ect. 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‐Adap琀椀ve 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 D1 can be interpreted as a

measure of con昀椀dence for predicted target pixels, sinceD1 should identify target predictions

that deviate from source ground-truth statistic. Hence, the output ofD1 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 trainG directly on unlabeled target samples. The self-training objective is expressed
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by the following loss:

LG,3 = −
∑

p∈Xt
n

∑

c∈C

M
(p)
f ·W

s
c · Ŷ

(p)

n [c] · log
(

G(Xt
n)

(p)[c]
)

, (4.5)

where Ŷn is the one-hot encoded ground truth derived from the per-class argmax of the

generatedprobabilitymapG(Xt
n), c is a speci昀椀c class belonging to the set of possible classesC

andW s
c is a weighting function proportional to the class frequency on the source domain as

introduced in [53, 54].M
(p)
f [c,Xt

n] (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, de昀椀ned as:

M
(p)
f =







1 if
(

D1(G(X
t
n))

(p) > Tf [c,X
t
n]
)

∧
(

Ŷ
(p)

n [c] = 1
)

0 otherwise
(4.6)

Di昀昀erently frompreviousworks [53, 54, 79, 85], inwhich the con昀椀dence thresholdwas com-

puted before-hand and kept 昀椀xed throughout the training, here we propose to have both a

class-level and a training-stage adaptation of the threshold. Indeed, di昀昀erent classes typically

have di昀昀erent con昀椀dence values which may also vary during training. The class-wise con昀椀-

dence threshold selection for a generic training step and a generic class c is formulated as:

Tf [c,X
t
n] = Qf (D1(G(X

t
n)[c])), (4.7)

where Qf 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 con昀椀dence on target data. We

computeTf 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 di昀昀erent training phases. Finally, we can compute the overall loss function

forGwith a weighted average of the four individual losses, i.e.:

Lfull = LG,0 + λs,t1 L
s,t
G,1 + λt2L

t
G,2 + λ3LG,3, (4.8)

with weighting parameters λs,t1 , λt2 and λ3 empirically set.
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4.3 Experimental Setup

Datasets We evaluate our framework on some publicly available andwidely used datasets.

Supervised synthetic training is performed on the GTA5 [18] and SYNTHIA [19] datasets.

The real-world datasets for unsupervised adaptation and for results evaluation areCityscapes

[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× 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-101 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 1e94. The dis-

criminatorsD1 andD2 are trained using the Adam optimizer. Following [53], the learning

rate employed for bothG andD1 starts from 1e94 and is decreased up to 1e96 by means of

a polynomial decay with power 0.9. As forD2, the base learning rate is set to 1e94 and 5e94

for respectively the SYNTHIA and GTA5 adaptation scenarios. Following the empirical

validation and previous works [53, 54, 92], the weighting parameters are set as λs1 = 1e92,

λt1 = 1e93 and λt2 = 1e92, independently of the source and target datasets. The self-

training parameter λ3 is 昀椀xed to 5e92 and 1e91 for respectively SYNTHIA andGTA5 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 昀氀awed 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

NVIDIARTX 2080 Ti GPU. The longest training inside this work, i.e., the one with all the

loss components enabled, takes about 6 hours to complete.

4.4 Experimental Results

4.4.1 Evalua琀椀on on the Cityscapes Dataset

The 昀椀rst scenario we consider for evaluation comprises the adaptation to the Cityscapes

dataset from both SYNTHIA and GTA5. As done by competing approaches [35, 36, 48],

the numerical performance is expressed in terms of mean Intersection over Union (mIoU)

between predictedmaps and ground-truth labels over the Cityscapes validation set. The per-
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Table 4.1: Per‐class and mean IoU on the four considered UDA scenarios, i.e., adapta琀椀on from GTA5 or SYNTHIA
source datasets to the Cityscapes or Mapillary target counterparts. Results are reported on valida琀椀on sets of the tar‐
get domains. The highest values have been highlighted in bold.
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a)
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o
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p
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F
ro
m
G
T
A
5

Supervised (LG,0) 49.3 24.4 56.4 6.5 19.6 25.6 23.6 10.1 82.7 28.5 69.9 55.5 4.9 80.9 18.0 33.0 1.2 15.1 0.1 31.9

Ho昀昀man et al. [35] 70.4 32.4 62.1 14.9 5.4 10.9 14.2 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

Hung et al. [92] 81.7 0.3 68.4 4.5 2.7 8.5 0.6 0.0 82.7 21.5 67.9 40.0 3.3 80.7 34.2 45.9 0.2 8.7 0.0 29.0

Zhang et al. [81] 74.9 22.0 71.7 6.0 11.9 8.4 16.3 11.1 75.7 13.3 66.5 38.0 9.3 55.2 18.8 18.9 0.0 16.8 14.6 28.9

Biasetton et al. [53] 54.9 23.8 50.9 16.2 11.2 20.0 3.2 0.0 79.7 31.6 64.9 52.5 7.9 79.5 27.2 41.8 0.5 10.7 1.3 30.4

Michieli et al. [54] 81.0 19.6 65.8 20.7 2.9 20.9 6.6 0.2 82.4 33.0 68.2 54.9 6.2 80.3 28.1 41.6 2.4 8.5 0.0 33.3

Ours [238] 77.7 35.9 67.2 18.9 12.1 26.2 15.9 5.9 83.7 33.3 72.7 53.9 4.2 82.6 21.5 41.1 0.1 13.9 0.0 35.1

b)

F
ro
m
SY

N
T
H
IA

Supervised (LG,0) 17.9 24.2 38.6 5.0 0.0 28.7 0.0 4.5 79.3 - 80.8 54.0 8.9 75.7 - 35.4 - 4.2 3.9 28.8

Ho昀昀man et al. [35] 11.5 19.6 30.8 4.4 0.0 20.3 0.1 11.7 42.3 - 68.7 51.2 3.8 54.0 - 3.2 - 0.2 0.6 20.1

Hung et al. [92] 72.5 0.0 63.8 0.0 0.0 16.3 0.0 0.5 84.7 - 76.9 45.3 1.5 77.6 - 31.3 - 0.0 0.1 29.4

Zhang et al. [81] 65.2 26.1 74.9 0.1 0.5 10.7 3.7 3.0 76.1 - 70.6 47.1 8.2 43.2 - 20.7 - 0.7 13.1 29.0

Biasetton et al. [53] 78.4 0.1 73.2 0.0 0.0 16.9 0.0 0.2 84.3 - 78.8 46.0 0.3 74.9 - 30.8 - 0.0 0.1 30.2

Michieli et al. [54] 80.7 0.3 75.0 0.0 0.0 19.5 0.0 0.4 84.0 - 79.4 46.6 0.8 80.8 - 32.8 - 0.5 0.5 31.3

Ours [238] 72.0 26.6 66.1 1.8 0.0 30.2 0.0 4.3 81.4 - 82.2 51.7 4.0 82.2 - 37.9 - 7.7 5.9 34.6

c)

T
o
M
ap
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ry F
ro
m
G
T
A
5

Supervised (LG,0) 69.8 31.8 58.8 14.6 22.3 28.3 31.8 28.8 70.0 24.4 72.4 60.4 16.8 80.6 36.6 34.3 10.2 26.2 0.2 37.8

Hung et al. [92] 78.2 29.7 68.7 10.0 6.7 17.5 0.0 0.0 76.4 35.2 95.6 53.8 13.8 77.5 34.3 30.2 5.0 21.8 0.0 34.4

Biasetton et al. [53] 71.4 25.0 62.0 20.4 17.6 26.8 5.9 0.8 64.6 24.6 86.5 58.3 14.7 80.0 39.3 42.2 5.5 22.3 0.1 35.2

Michieli et al. [54] 79.9 28.0 73.4 23.0 29.5 20.9 1.1 0.0 79.5 39.6 95.0 57.6 9.0 80.6 41.5 40.1 7.4 24.8 0.1 38.5

Ours [238] 80.0 43.3 75.4 19.4 29.7 29.6 23.3 16.2 78.5 33.5 93.7 59.0 20.3 82.2 44.5 43.4 2.5 22.1 0.0 41.9

d)

F
ro
m
SY

N
T
H
IA

Supervised (LG,0) 25.4 22.0 56.4 6.9 0.1 29.4 0.0 2.8 72.8 - 92.1 53.7 16.1 75.1 - 30.8 - 8.6 5.8 31.1

Hung et al. [92] 36.8 20.1 53.9 0.0 0.0 23.7 0.0 0.0 73.9 - 95.6 43.4 0.1 64.6 - 19.0 - 0.4 0.5 27.0

Biasetton et al. [53] 16.4 19.1 42.2 2.7 0.0 33.1 0.0 1.3 76.5 - 88.0 50.4 10.9 69.9 - 25.5 - 6.1 9.2 28.2

Michieli et al. [54] 57.6 18.3 62.1 0.4 0.0 23.7 0.0 0.0 79.4 - 94.8 52.4 9.2 74.2 - 28.3 - 4.0 6.9 32.0

Ours [238] 59.0 28.4 68.6 0.7 0.0 29.8 0.0 1.8 77.5 - 94.9 54.6 12.6 76.8 - 28.0 - 11.2 14.7 34.9

class mIoU results of the evaluations are displayed in Table 4.1a) and 4.1b). We denote as

supervised the naïve approach relying only on source supervision and no form of adaptation,

while the numerical performance of ourmethod as a whole is reported in the last row of each

section.

Using GTA5 as source domain, the simple supervised approach achieves a 昀椀nal 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 bene昀椀t 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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(i.e., [53, 54, 92]), demonstrating the e昀케cacy of themulti-domain discrimination and of the

adaptive thresholding techniques we introduced. In Figure 4.2a) we show some sample seg-

mented images from theCityscapes 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 GTA5 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 GTA5 dataset as source domain, and

this proves the e昀昀ectiveness 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 road 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 Evalua琀椀on on the Mapillary dataset

We evaluate our approach also on theMapillary dataset. We start by using the GTA5 dataset

for the supervised training as before: the results are shown in Table 4.1c). With no adapta-

tion to theMapillary dataset the network achieves amIoUof 37.8%. Thanks to themultiple

domain discriminators and to the adaptive self-training techniques our framework is able to

reach a mIoU of 41.9%, signi昀椀cantly 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 昀椀rst two rows of Figure 4.2b), where we can verify

that most of the noise present in the supervised training and in [53] is 昀椀ltered out by the pro-

posed framework. In particular, the vegetation and sidewalk categories highly bene昀椀t from

the domain adaptation with class-wise and time-variable con昀椀dence 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 (i.e., road, side-

walk and building) have a low accuracy due to the poor texture representation and vastly
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Figure 4.2: Seman琀椀c segmenta琀椀on of sample scenes from the Cityscapes (a) and Mapillary (b) valida琀椀on sets. Four UDA
scenarios are considered, i.e., adapta琀椀on from GTA5 or SYNTHIA source datasets to the Cityscapes or Mapillary target
counterparts.
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pro昀椀t by the adaptation to the target domain. The complete framework increases the 昀椀nal

mIoU to 34.9% with an improvement of 3.8%, consistent with the previous experiments

made across di昀昀erent datasets. Remarkable are the percentage gains in the aforementioned

classes: for example, the road 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 road and cars classes on the shown images, which con昀椀rms our

previous analysis.

4.4.3 Abla琀椀on Study

In this section we present an accurate investigation of the e昀昀ectiveness of the various mod-

ules of the proposed framework. For this study we consider the performances on the Map-

illary dataset when adapting from GTA5. 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, i.e., theDeeplab-v2 network trained on synthetic data only, achieves amIoU 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 signi昀椀cant contri-

bution to the 昀椀nal mIoU, which in the full version of the approach where all of them are

enabled is 41.9%. The impact ofLsG,1, L
t
G,1 andLG,2 is clear by looking at Table 4.2: with-

out each of them the accuracy decreaseswith 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 Tf ) or using a 昀椀xed con昀椀dence

threshold (e.g., setting a constant value of Tf = 0.2 as in [53]) leads to 40.6% and 40.9%,

respectively. These results show that self-training is not e昀昀ective 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 e昀昀ective with con昀椀dence thresholds variable over

classes and over training time.

We also analyzed the behavior of the per-class time-varying con昀椀dence values: they are

shown in Figure 4.3 for the GTA5 to Mapillary scenario. Here, we can appreciate how the

con昀椀dence thresholds vary over the training time and typically converge to a valuewhichmay

be signi昀椀cantly di昀昀erent among the various classes. While previous works [53, 54] 昀椀xed the

threshold to 0.2, here we can see how the desired value is variable and ranges between 0.04

and 0.4. Highly con昀椀dent classes typically have high con昀椀dence threshold, in order to propa-

gate back very reliable predictions through self-training as for instance road, sky and building.

However, notice that train and bike have high con昀椀dence threshold values only because they
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Table 4.2: Abla琀椀on results on the impact of loss components (GTA5 to Mapillary adapta琀椀on).

LG,0 LsG,1 LtG,1 LtG,2 LG,3 Tf mIoU

X 37.8
X X X X X 39.9
X X X X X 40.3
X X X X X 40.7
X X X X 41.1
X X X X X 40.6
X X X X X 昀椀x 0.2 40.9
X X X X X X 41.9

Figure 4.3: Time average over the ini琀椀al to current step interval of per‐class con昀椀dence thresholds for di昀昀erent classes
and at di昀昀erent training steps (GTA5 to Mapillary adapta琀椀on).

are predicted too rarely to be useful for con昀椀dence assessment (i.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 con昀椀dence value.

The most important aspect, however, is to verify that our framework can adapt both to the

properties of di昀昀erent 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 is0.13 in the considered scenario and0.19 in the adaptation fromGTA5 toCityscapes,

consistently with the value of 0.20 used in previous works [53, 54].
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5
Class Conditional Feature Adaptation

5.1 Introduc琀椀on

As thoroughly introduced in Chapter 2, three main levels on which adaptation may occur

can be identi昀椀ed [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 classi昀椀er

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

that instead focus on feature adaptation, a popular solutionhas become tobridge 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.

Di昀昀erently 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 adapta琀椀on scheme aims to enforce latent space regulariza琀椀on across domains. Fea‐
ture clustering objec琀椀ves 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 loca琀椀ons (colored) where features
of the same class are clustered, while features of dis琀椀nct classes are pushed away. To further improve the adapta琀椀on
performance, features of dis琀椀nct 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 speci昀椀cally 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 昀椀rst is a feature clustering mechanism to group together features of

the same class, while pushing apart features belonging to di昀昀erent classes. This constraint,

which works simultaneously on both domains, is similar in spirit to the recent progresses in

contrastive learning for classi昀椀cation problems [96]; however, it has been developed aiming

at a simpler computation, as the number of features per image is signi昀椀cantly larger than

in the classi昀椀cation 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 di昀昀erent 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 e昀昀ect 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 byLatent

SpaceRegularization, whichwe called LSR [236, 240]. Oncemore, 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-

speci昀椀c features, which the networks rely on to solve the source-supervised classi昀椀cation. Yet,

those featuresmay bemissing in the target domain and, therefore, may lead to aweakened re-

sponse of neuron activations in target latent representations. To address this issue, we intro-

duce a 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 classi昀椀cation con昀椀dence 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.

(ii) 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 def-

inition of the UDA setting under feature adaptation perspective; then, the proposed OCE

and LSRUDA frameworks based on class-conditional feature-level regularization and cross-

domain adaptation will be introduced in Sections 5.3 and 5.4. 昀椀nally, experimental details

and evaluation results, alongwith extensive ablation studies, will be presented for bothmeth-

ods in Sections 5.5 and 5.6.
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5.2 Problem Formula琀椀on

Formally, we denote the input image space asX ⊂R
H×W×3 and the associated output label

space asY⊂CH×W , whereH andW represent the spatial dimensions andC the set of classes.

Given a昀椀rst training setT s={(Xs
n,Y

s
n)}

Ns

n=1, where labeled samples (Xs
n,Y

s
n) ∈ XS × Y

s

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

samples T t = {Xt
n}

Nt

n=1, from a target domain (Xt
n ∈ XT ), our goal is to transfer knowl-

edge on the segmentation task learned on the source domain to the unsupervised target do-

main (i.e., without any label on the target set). Superscripts s and t specify the domain:

source and target, respectively. In the considered UDA setting, we are provided with plenty

of samplesXs
n ∈ R

H×W×3 from a source dataset, in conjunction with their semantic maps

Ys
n ∈ R

H×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 samplesXt
n ∈ R

H×W×3

with no labelmaps (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 di昀昀erently, preventing a source-based model to achieve

a satisfying prediction accuracy on target data without adaptation.

We assume that the segmentation networkM =Md◦M e is based on an encoder-decoder

architecture (as most recent approaches for semantic segmentation), i.e., made by the con-

catenation of two logical blocks: the encoder networkM e, consisting of the feature extrac-

tor, and a decoder networkMd, which is the actual classi昀椀er producing the segmentation

map. Moreover, we callM e(Xn) = Fn ∈ R
H′×W ′×K
0+ the features extracted from a generic

input imageXn, whereK denotes the number of channels andH ′ ×W ′ denotes the low-

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 byReLU 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 thatwill 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 a昀琀er 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 be琀琀er shape
the latent feature space spanned by the encoder. Features are clustered and the clusters are forced to be disjoint. At
the same 琀椀me, features belonging to di昀昀erent classes are forced to be orthogonal with respect to each other. Addi琀椀on‐
ally, features are forced to be sparse and an entropy minimiza琀椀on 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 昀椀rst proposed

OCE method [239], i.e., based on clustered and orthogonal embeddings. Our approach

leverages a clustering objective applied over the individual feature representations, withnovel

orthogonality and sparsity constraints. Speci昀椀cally, inter and intra class alignments are en-

forced by grouping together features of the same semantic class, while simultaneously push-

ing away those of di昀昀erent categories. By enforcing the clustering objective on both source

and target representations, we drive the model towards feature-level domain alignment. We

further 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: 昀椀rst, it

forces feature vectors of kindred semantic connotations to activate the same channels, while

turning o昀昀 the remaining ones; second, it constrains feature vectors of dissimilar semantic

connotations to activate di昀昀erent channels, i.e., with no overlap, to reduce cross interference.

The sparsity objective further encourages a lower volume of active feature channels from la-

tent representations, i.e., 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, i.e., it is computed as:

L′tot = Lce + λcl · Lcl + λor · Lor + λsp · Lsp, (5.1)

where Lce is the standard supervised cross entropy loss. The other components will be de-

tailed in the following sections: the main clustering objective (Lcl) is introduced in Section
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5.3.1. The orthogonality constraint (Lor) is discussed in Section 5.3.2 and 昀椀nally the spar-

sity constraint (Lsp) is detailed in Section 5.3.3. Theλparameters balance themultiple losses

and are experimentally chosen using a validation set.

In addition, we further integrate the proposed adaptation method with an o昀昀-the-shelf en-

tropy-minimization like objective (Lem), to provide an extra regularizing action over the seg-

mentation feature space andultimately achieve an improvedperformance in some evaluation

scenarios. In particular, we adopt the simple, yet e昀昀ective, maximum squares objective of [1],

in its image-wise class-balanced version. Hence, we can de昀椀ne the ultimate training objective

comprising the entropy module as:

Ltot = L
′
tot + λem · Lem. (5.2)

5.3.1 Discrimina琀椀ve 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 re昀氀ected into a shift of feature

distribution in the latent space spanned by the feature extractor. This ultimately may cause

the source-trained classi昀椀er 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 classi昀椀cation 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 (Xs
n) and target (X

t
n) training images (for ease of notation we pick a single

image per domain), we 昀椀rst extract the feature tensorsFs
n =M e(Xs

n) andF
t
n =M e(Xt

n),

along with the computed output segmentation maps Ŷs
n = M(Xs

n) and Ŷ
t
n = M(Xt

n).

The clustering loss is then computed as:

Lcl=
1

|Fs,t
n |

∑

fi∈F
s,t
n

ŷi∈S
s,t
n

d(fi,πŷi)−
1

|C|(|C|−1)

∑

j∈C

∑

k∈C
k ̸=j

, d(πj,πk) (5.3)

where fi is an individual feature vector corresponding to a single spatial location from either

source or target domain and ŷi is the corresponding predicted class (to compute ŷi the seg-

mentation map Ŷs,t
n is downsampled to match the feature tensor spatial dimensions). The

function d(·) represents a generic distancemeasure, that we set to theL1 norm (we also tried

the L2 norm but it yielded lower results). Finally,πj denotes the centroid of semantic class
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j ∈ C computed according to the standard formula:

πj =

∑

fi

∑

ŷi
¶j,ŷi fi

∑

ŷi
¶j,ŷi

, j ∈ C (5.4)

where ¶j,ŷi is equal to 1 if ŷi = j, and to 0 otherwise.

The clustering objective is composed of two terms, the 昀椀rst measures how close features

are from their respective centroids and the second how spaced out clusters corresponding to

di昀昀erent semantic classes are. Hence, the e昀昀ect provided by the lossminimization is twofold:

昀椀rstly, feature vectors from the same class but di昀昀erent 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 Representa琀椀ons

As opposed to previous works on clustering-based adaptation methods for image classi昀椀ca-

tion, in semantic segmentation additional complexity is brought by the dense structured

classi昀椀cation. To this end, we 昀椀rst introduce an orthogonality constraint in the form of a

training objective. More precisely, feature vectors from either domains, but of di昀昀erent 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-

昀椀cation should carry high similarity, i.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 classi昀椀cation. Thus, since measuring pair-wise similarities

requires a signi昀椀cant computational e昀昀ort, we calculate the scalar product between each fea-

ture vector and every class centroidπj (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 = −
∑

fi∈F (Xs,t
n )

∑

j∈C

pj(fi) log pj(fi), (5.5)

where {pj(fi)} denotes a probability distribution derived as:

pj(fi) =
e⟨fi,πj⟩

∑

k∈C e
⟨fi,πk⟩

, j ∈ C (5.6)
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The loss minimization forces a peaked distribution of the probabilities {pj(fi)}, 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 e昀昀ect of the orthogonality

objective is to promote a regularized feature distribution, which should ultimately boost the

clustering e昀케cacy in performing domain feature alignment.

5.3.3 Feature Sparsity

To strengthen the regularizing e昀昀ect 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 de昀椀ned as follows:

Lsp = −
∑

i∈C

||π̃i − ρ||22, (5.7)

where π̃i stands for the normalized centroidπi in [0, 1]
D andD denotes the number of fea-

ture maps in the encoder output. We also empirically set ρ = [0.5]D. It can be noted that

the sparsifying action is delivered on class centroids, thus applying an indirect, yet homo-

geneous, in昀氀uence 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 di昀昀erent 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 Regulariza琀椀on

In this section,weprovide a detailed descriptionof the proposedLSRapproach [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 e昀昀ect of its applica琀椀on on the feature space. The
three proposed space shaping constraints are from le昀琀 to right: Class Clustering (5.4.1), Prototypes Perpendicularity
(5.4.2), Norm Alignment and Enhancement (5.4.3). Furthermore, we apply entropy minimiza琀椀on [1].

standard source-supervised cross-entropy lossLsce, whose combined e昀昀ect can bemathemat-

ically expressed by:

L = Lsce + λ̂s,tcl · L̂
s,t
cl + λspp · L

s
pp + λs,tna · L

s,t
na. (5.8)

Here, L̂cl is the clustering loss on latent representations (which is of a di昀昀erent from with

respect to OCE’s one, Section 5.3.1) (Section 5.4.1), Lpp is the perpendicularity of class

prototypes loss (Section 5.4.2) and Lna 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 toL+ = L+ λem · Lem.

An overview of the complete approach is reported in Figure 5.3.

5.4.1 Clustering of Latent Representa琀椀ons
The domain shift between source and target data is re昀氀ected 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 classi昀椀er 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 classi昀椀cation over target representations, in turn

degrading the segmentation accuracy on the target domain.

To copewith this issue, we start by introducing a clustering objective over the latent space,

in order to achieve class-conditional alignment of feature distribution. Oncemorewe 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 thedense feature labeling andprototype computationmechanisms em-

ployed in theOCEmethod5.3. To this end,wepropose an enhanceddownsamplingmethod

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 informationof an image ismostly preservedwhile 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 昀椀rst 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

signi昀椀cantly 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 classi昀椀cation labels for the downsampled windows, produc-

ing feature-level label maps {Is,tn }
Ns,t

n=1. Speci昀椀cally, the choice is made by selecting the label

corresponding to the frequency peak in each window, if such peak is distinctive enough, i.e.,

if any other peak is smaller than Th times the biggest one (in a similar fashion to the orien-

tation assignment step in the SIFT feature extractor [99]). Empirically, we set Th = 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, i.e., it containsmixed classi昀椀cation labels. This

procedure can be naturally extended to pseudo-labels (i.e., network-generated segmentation

maps) via a con昀椀dence measure over the maps that preserves only reliable predictions. In

our case, such measure is computed e昀케ciently by average pooling over the map of output

probability peaks and used to mask the raw low-resolution pseudo-labels, i.e., we select only

con昀椀dent labeling with average probability value greater than Tp = 0.5, empirically.

Prototype Extrac琀椀on

Once computed, the feature-level label maps {Is,tn }
Ns,t

n=1 can be used to extract the set Fc of

feature vectors belonging to a generic class c ∈ C in a training batch B:

F s,tc =
{

Fs,t
n [w, h] ∈ R

K
0+ | I

s,t
n [w, h] = c, ∀n ∈ B

}

, (5.9)
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where (h,w) denote all possible spatial locations over a feature map, i.e., 0 ≤ h < H ′ and

0 ≤ w < W ′. Exploiting this de昀椀nition, we can identify the set of all feature vectors in

batch B as the unionF s,t = (
⋃

cF
s,t
c ) ∪ F s,tv whereF s,tv 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:

πc[i] =
1

|F sc |

∑

f∈Fs
c

f [i] ∀i, 1 ≤ i ≤ K. (5.10)

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

exponential smoothing:

π̂c = ¸π̂′c + (1− ¸)πc. (5.11)

Where π̂c and π̂
′
c are the estimates of class c prototype respectively at current and previous

optimization steps. We initialized π̂c = 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

casewe set¸ = 1 topropagate theprevious estimate), aiding signi昀椀cantly in theunsupervised

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 de昀椀ne the clustering objective as:

L̂s,tcl =
1

|C|

∑

c∈C

1

|F s,tc |

∑

f∈Fs,t
c

||π̂c − f ||2, (5.12)

where || · || denotes the L2 norm. This loss has multiple purposes: 昀椀rst, to better cluster

representations in the latent space in a supervised manner, thus reducing the probability of

erroneous classi昀椀cation. Second, to perform semi-supervised clustering on target samples

exploiting network predictions as pseudo-labels. Finally, to improve prototype estimates,

since forcing tighter clusterswill result inmore stable on-batch centroids,whichwill be closer

to the moving-averaged prototype.

5.4.2 Perpendicularity of Latent Representa琀椀ons

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 classi昀椀ers 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 (i.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 di昀昀erent 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 ¹ between two vectors j and k, i.e., j · k =

||j|| ||k|| cos ¹. 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:

Lspp =
1

|C|(|C| − 1)

∑

ci,cj∈C,i ̸=j

πci

||πci ||
·

πcj

||πcj ||
, (5.13)

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 πc (notice the missing hat

on the prototype symbols, see Eq. (5.10)), guaranteeing a stronger gradient 昀氀ow through the

network. In addition, thanks to the tight geometric relation between prototype estimates

and feature vectors enforced by L̂s,tcl , the e昀昀ect 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].

Di昀昀erently 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 classi昀椀cation con-
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昀椀dence 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

classi昀椀cation [97] highlight how the norm of target feature vectors tends towards smaller

values than source ones, generally leading to reduced prediction con昀椀dence and potentially

erroneous classi昀椀cations. Second, we assist the perpendicularity loss by reducing the num-

ber of domain-speci昀椀c feature channels exploited to perform classi昀椀cation. 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 de昀椀ne two separate objectives for source and target domains:

Lsna=
1

|F s|

∑

f∈Fs

∣

∣(f̄s +∆f )−||f ||
∣

∣, (5.14)

Ltna=
1

|F t|

∑

f∈Ft

max(0, (f̄s +∆f )−||f ||), (5.15)

where f̄s is the mean of the feature vector norms computed from source samples in the pre-

vious optimization step,∆f dictates the enhancement step (we experimentally tuned it, e.g.,

∆f = 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-speci昀椀c constraint (Eq. (5.14)) forces both

the inter-class alignment and enhancement step, i.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 LSRmethods.

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 datasetsGTA5 [18] andSYNTHIA[19]. We employCityscapes [14] as target domain.

We perform training in a closed-set [234] setup, i.e., source and target class sets coincide.

Therefore, we use the 19 and 16 common classes for GTA5 and SYNTHIA, respectively.
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Network Implementa琀椀on 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, 55] 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, 55], 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 2.5e94 and

decreasedwith a polynomial decay rule of power 0.9. We employweight decay regularization

of 5e94. 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 GTA5 dataset up to a resolution of 1280 × 720 px, as done by

[48]. SYNTHIA images are instead kept to the original size of 1280 × 780 px. As for the

targetCityscapes dataset, trainingunlabeled images are resized to1024×512px, whereas the

results of the testing stage are reported at the original image resolution (2048×1024 px). As

evaluationmetric, we employ themean Intersection overUnion (mIoU).We use a batch size

of 2 (1 source and 1 target samples), training the network for 27, 450 steps (i.e., 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× 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 SYNTHIA 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

twowidely used synthetic-to-real adaptation scenarios, namely theGTA5→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 formof feature-level regularization and distribution alignment to achieve domain

adaptation [1, 35, 40, 48, 55, 78, 102, 103]. With source onlywe indicate the naïve 昀椀ne-tuning

approach, in which no form of target adaptation assists the standard source supervision.

An ablation study and a discussion of the e昀昀ects 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., entropyminimization/adversarial output-level approaches

or generative-adversarial input-level solutions. To prove such compatibility, we introduce an

entropy-minimization loss [1] to our frameworks.

Rela琀椀ve Performance Evalua琀椀on

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 ∈ C (IoUc
adapt) with the results of supervised training on

target data (IoUc
sup, that is a reasonable upper bound estimate) and we average the scores:

mASR =
1

|C|

∑

c∈C

ASRc, ASRc def=
IoUc

adapt

IoUc
sup

. (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 5.2.

5.6.1 Adapta琀椀on from GTA5 to Cityscapes

Analysis of OCE method

For theGTA5→Cityscapes andResNet-101 con昀椀guration, ourOCEapproach 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 IoUwithL′tot
(i.e., without the entropyminimization objective) and 34.2%withLtot (i.e., with all compo-
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Table 5.1: Numerical results of the GTA5 and SYNTHIA to Cityscapes adapta琀椀on scenarios in terms of per‐class and
mean IoU. Evalua琀椀ons are performed on the valida琀椀on set of the Cityscapes dataset. In all the experiments, the
DeepLab‐V2 segmenta琀椀on network is employed, with VGG‐16 (top) or ResNet‐101 (bo琀琀om) backbones. The mIoU*

results in the last column refer to the 13‐classes con昀椀gura琀椀on, i.e., classes marked with ∗ are ignored. MaxSquares IW(r)

denotes our re‐implementa琀椀on, as original results are provided only for the ResNet‐101 backbone. The highest values
have been highlighted in bold.
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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

FCNs ITW [35] 70.4 32.4 62.1 14.9 5.4 10.9 14.2 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 0.1 3.6 0.0 29.2

CBST [78] 66.7 26.8 73.7 14.8 9.5 28.3 25.9 10.1 75.5 15.7 51.6 47.2 6.2 71.9 3.7 2.2 5.4 18.9 32.4 30.9
MinEnt [55] 85.1 18.9 76.3 32.4 19.7 19.9 21.0 8.9 76.3 26.2 63.1 42.8 5.9 80.8 20.2 9.8 0.0 14.8 0.6 32.8
MS-IW (r) [1] 81.4 20.0 75.4 19.4 19.1 16.1 24.4 7.9 78.8 22.9 65.9 45.0 12.3 74.6 16.1 10.3 0.2 11.3 1.0 31.7

OCE (L′tot) [239] 83.6 16.6 79.0 19.8 18.7 21.5 27.3 15.9 80.2 14.3 72.6 47.0 17.5 76.8 16.6 13.9 0.1 16.0 3.4 33.7
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ASN (f) [48] 83.7 27.6 75.5 20.3 19.9 27.4 28.3 27.4 79.0 28.4 70.1 55.1 20.2 72.9 22.5 35.7 8.3 20.6 23.0 39.3
MinEnt [55] 84.4 18.7 80.6 23.8 23.2 28.4 36.9 23.4 83.2 25.2 79.4 59.0 29.9 78.5 33.7 29.6 1.7 29.9 33.6 42.3
SAPNet [103] 88.4 38.7 79.5 29.4 24.7 27.3 32.6 20.4 82.2 32.9 73.3 55.5 26.9 82.4 31.8 41.8 2.4 26.5 24.1 43.2
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OCE (Ltot) [239] 89.4 30.7 82.1 23.0 22.0 29.2 37.6 31.7 83.9 37.9 78.3 60.7 27.4 84.6 37.6 44.7 7.3 26.0 38.9 45.9

LSR [240] 87.7 32.6 82.6 29.1 23.0 28.5 36.1 28.5 84.8 41.8 80.1 59.4 23.8 76.5 38.4 45.8 7.1 28.5 40.1 46.0

(a) GTA5→ Cityscapes
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Source Only 7.8 13.7 66.6 2.2 0.0 23.9 4.8 13.3 71.2 76.5 49.2 12.1 67.1 24.5 9.8 9.2 28.3 32.8

FCNs ITW [35] 11.5 19.6 30.8 4.4 0.0 20.3 0.1 11.7 42.3 68.7 51.2 3.8 54.0 3.2 0.2 0.6 20.2 22.9
Cross-City [102] 62.7 25.6 78.3 - - - 1.2 5.4 81.3 81.0 37.4 6.4 63.5 16.1 1.2 4.6 - 35.7

CBST [78] 69.6 28.7 69.5 12.1 0.1 25.4 11.9 13.6 82.0 81.9 49.1 14.5 66.0 6.6 3.7 32.4 35.4 36.1
MinEnt [55] 37.8 18.2 65.8 2.0 0.0 15.5 0.0 0.0 76.0 73.9 45.7 11.3 66.6 13.3 1.5 13.1 27.5 32.5
MS-IW (r) [1] 9.1 12.7 72.5 1.0 0.0 22.3 7.0 8.4 80.0 77.9 49.4 10.0 71.8 23.8 6.0 13.5 29.1 34.0

OCE (L′tot) [239] 78.5 29.9 77.7 1.2 0.1 24.1 11.9 15.0 78.7 78.5 51.0 15.4 73.7 24.7 10.1 23.5 37.1 43.7
OCE (Ltot) [239] 78.3 30.1 78.0 1.7 0.1 24.1 12.0 14.6 79.7 79.1 51.4 15.5 74.4 23.7 9.1 22.7 37.1 43.7
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Source Only 39.5 18.1 75.5 10.5 0.1 26.3 9.0 11.7 78.6 81.6 57.7 21.0 59.9 30.1 15.7 28.2 35.2 40.5

ASN (f) [48] 62.4 21.9 76.3 - - - 11.7 11.4 75.3 80.9 53.7 18.5 59.7 13.7 20.6 24.0 - 40.8
MinEnt [55] 73.5 29.2 77.1 7.7 0.2 27.0 7.1 11.4 76.7 82.1 57.2 21.3 69.4 29.2 12.9 27.9 38.1 44.2
SAPNet [103] 81.7 33.5 75.9 - - - 7.0 6.3 74.8 78.9 52.1 21.3 75.7 30.6 10.8 28.0 - 44.3
MS-IW [1] 78.5 34.7 76.3 6.5 0.1 30.4 12.4 12.2 82.2 84.3 59.9 17.9 80.6 24.1 15.2 31.2 40.4 46.9

OCE (L′tot) [239] 64.4 25.5 77.3 14.3 0.9 29.6 21.2 24.2 76.6 79.7 53.7 15.5 79.7 11.0 11.0 35.2 38.7 44.2
OCE (Ltot) [239] 88.3 42.2 79.1 7.1 0.2 24.4 16.8 16.5 80.0 84.3 56.2 15.0 83.5 27.2 6.3 30.7 41.1 48.2

LSR [240] 81.0 36.9 79.5 13.4 0.2 28.7 9.0 16.1 79.1 81.7 57.9 21.6 77.2 35.3 14.2 35.4 41.7 48.1

(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 [35, 40, 48, 103]. For example, with theVGG-16 backbone there

is a gain of 4.5%w.r.t. [40]. This proves that amore e昀昀ective class-conditional alignment has

been ultimately achieved in the latent space by our approach. Due to the similar regularizing

e昀昀ect over feature distribution and comparable ease of implementation, we also compare our

frameworkwith some entropyminimization and self-training techniques [1, 55, 78], further

showing the e昀昀ectiveness of our adaptation strategy even if the gap here is a bit more limited.

Withbothbackbones, our novel feature levelmodules (L′tot) performbetter thanMaxSquare

IW [1]. Moreover, adding the entropy minimization objective from [1] to L′tot 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 di昀昀erent

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-101 backbone is used. We observe that the introduction of

the clustering module is bene昀椀cial 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 re昀氀ected in a better de-

tection accuracy both on frequent (e.g., road, vegetation) and less frequent (e.g., tra昀케c sign,

bus) classes.

Analysis of LSR method

In theGTA5→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 di昀케cult 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 adapta琀椀on strategies in terms of IoU, mIou and mASR (%) (Sec琀椀on 5.6). The mIoU1 and
mASR1 restrict to 13 classes, ignoring the ones with same superscript. The highest values have been highlighted in
bold.

Se
tu
p

Method mIoU mASR

Target Only 64.8 100

G
T
A
V
→

C
it
ys
ca
p
es

Baseline [239] 36.9 54.0

ASN (feat) [48] 39.0 56.9

MinEnt [55] 42.3 61.9

SAPNet [103] 43.2 63.1

MaxSquareIW [1] 45.5 62.2

OCE [239] 45.9 67.3

LSR [240] 46.0 67.7
Se
tu
p

Method mIoU mIoU1 mASR mASR1

Target Only 64.8 - 100 100

SY
N
T
H
IA
→

C
it
ys
ca
p
es Baseline [239] 30.1 34.3 41.7 44.6

ASN (feat) [48] - 40.8 - 52.5

MinEnt [55] 38.1 44.2 51.1 56.3

SAPNet [103] - 44.3 - 56.0

MaxSquareIW [1] 39.4 45.2 53.8 58.3

OCE [239] 41.1 48.2 54.3 60.9

LSR [240] 41.7 48.1 56.5 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 t. sign, t. light, pole and person borders in multiple

images. Furthermore, LSR correctly classi昀椀es the wall in the 昀椀rst image (labeled as building

by competitors) and the building in the second image (confused for fence by competitors).

5.6.2 Adapta琀椀on from SYNTHIA to Cityscapes

Analysis of OCE method

To further prove the e昀케cacy 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-101

and VGG-16 backbones, reaching state-of-the-art results for feature-level UDA in both con-

昀椀gurations (see Table 5.1). When ResNet-101 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 昀椀nal value of 43.7%. Di昀昀erently from the GTA5→Cityscapes case, here the

contribution of the entropy-minimization module varies for the two backbones. The in-

duced bene昀椀t is absent with VGG-16, since the clustering, orthogonality and sparsity jointly

enforced already carry the whole adaptation e昀昀ort. Besides, even the Lem objective alone

(i.e., MaxSquares IW (r) [1]) displays quite limited gain over the no adaptation baseline. On

the contrary, the regularizing e昀昀ect of the entropy objective is strongly valuable in case the

ResNet-101 backbone is used. Yet, the combination of all modules together actually pro-

86



G
T
A
5→

C
it
ys
ca
p
es

road sidewalk building wall fence pole tra昀케c light tra昀케c sign vegetation terrain
sky person rider car truck bus train motorcycle bicycle unlabeled
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Target Image Ground Truth Source Only OCE (Lcl) [239] MaxSquare IW [1] OCE (Ltot) [239]

Figure 5.4: Seman琀椀c segmenta琀椀on of sample scenes from the Cityscapes valida琀椀on set when adapta琀椀on is performed
from the GTA5 and SYNTHIA source datasets and the DeepLab‐V2 with ResNet‐101 backbone is employed.

vides a noticeable boost over both the entropy and feature-level modules separately applied.

As for theGTA5 scenario, ourmodel 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 present in Figure 5.4 on theCityscapes validation

set when adapting from SYNTHIA, we oncemore 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

con昀椀guration, 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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Target Image Ground Truth Source Only MaxSquare IW [1] OCE [239] LSR [240]

Figure 5.5: Seman琀椀c segmenta琀椀on of sample scenes from the Cityscapes valida琀椀on dataset when adapta琀椀on is per‐
formed from the GTA5 and SYNTHIA source datasets and the DeepLab‐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, con昀椀rming our previous claim of better

performance balance across classes and reduced gap with respect to supervised learning.

Similarly to the GTA5 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 LSRmethod is able to correctly

detect the car and person behind the pole in the last image, which aremissed orwrongly classi-

昀椀ed by competing strategies (e.g., the car is confused as the person in [1]), and can accurately

predict the t. 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 昀椀gure), which is

often confused with bicycle, car or bus by competitors.
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Table 5.3: Abla琀椀on results on the contribu琀椀on of each adapta琀椀on module in the GTA5 to Cityscapes scenario and with
ResNet‐101 as backbone.

Lcl Lor Lsp Lem mIoU

37.0
X 42.3

X 43.2
X 43.7

X 44.8
X X X 45.3
X X X X 45.9

5.6.3 Orthogonal and Clustered Embeddings: Abla琀椀on Study

To verify the robustness of the OCE framework, we perform an extensive ablation study on

the adaptation from GTA5 to Cityscapes with ResNet-101 as backbone. First, we examine

the contribution of each loss to the 昀椀nal mIoU; then, we investigate the e昀昀ect 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昀椀nalmIoUresults from37.0%of the source only scenarioup

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 e昀昀ect of the OCE’s clustering module

(Lcl) we show a t-SNE [104] plot of features extracted from a sample image of theCityscapes

validation set. In particular, we provide a comparison of the discovered low-dimensional

feature distribution for two distinct training settings, i.e., source only and adaptation with

Lcl 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 theLcl approach (e.g., look at the person

class).

Feature Orthogonality. We analyze the orthogonality constraint (Lor) via a similarity

score de昀椀ned as an average class-wise cosine similarity measure (Figure 5.7). The cosine dis-

tance is 昀椀rst 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 昀椀nal values are computed by averaging over all images from the

Cityscapes validation set. The score computation is performed for two di昀昀erent con昀椀gura-

tions, i.e.,Lcl+Lor+Lsp andLcl+Lsp, to highlight the e昀昀ect induced by the orthogonality

module. The results in Figure 5.7 show that Lor causes the similarity score to signi昀椀cantly
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Figure 5.6: T‐SNE computed over features of a single image of the Cityscapes valida琀椀on set when adap琀椀ng from GTA5.

increase within almost all the classes.

Feature Sparsity. To understand the e昀케cacy of the sparsity loss (Lsp) 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 quanti昀椀ed as being distant from 0 or 1 less than a threshold, which we

set to 1e94. 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 昀椀nal results cor-

respond to the mean values over the entire Cityscapes validation set. We compute the scores

for two di昀昀erent con昀椀gurations, i.e.,Lcl +Lor +Lsp andLcl +Lor, so that we can inspect

the e昀昀ect that the sparsity module is providing on feature distribution. From Figure 5.8 we

can appreciate thatLsp e昀昀ectively achieves higher values of sparseness for all the classes.

5.6.4 Latent Space Regulariza琀椀on: Abla琀椀on Study

In this section, we evaluate the impact of each constraint on the 昀椀nal 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 昀椀nal accuracy. In particular, we

show how the absence of each of our losses reduces the 昀椀nal performance by a minimum of

0.8%mIoU and an average of 1%mIoU. Each module brings a signi昀椀cant 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 onOCEwith standard source-based pre-training (Table
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Figure 5.7: Similarity scores computed over images of the Cityscapes valida琀椀on set when adap琀椀ng from GTA5.
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Figure 5.8: Sparsity scores computed over images of the Cityscapes valida琀椀on set when adap琀椀ng from GTA5.

5.3). Finally, the L̂cl + Lpp + Lna combination (i.e., without entropy minimization) per-

forms worse than OCE’s counterpart (i.e., Lcl + Lor + Lsp), but shows to work better in

combination withLem, 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 locationswith a clear class

assignment. This aims to reduce cross-talk between neighboring features of di昀昀erent classes,

thus improving class discriminativeness at the latent space. We can observe this phenomenon

in Figure 5.9b, where the labelmap downsampled via our frequency-aware scheme (bottom)

marks some features close to the edges of objects as unlabeled. This is con昀椀rmed by the class

distribution of the downsampled segmentation maps (i.e., 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) Abla琀椀on analysis on impact of di昀昀erent loss components. (b) Example of seman琀椀c label downsampled via
nearest (top) or by frequency‐aware (bo琀琀om) approaches.

roa
d

sid
ew

alk

bu
ildi

ng wall
fen

ce po
le

t.li
gh

t
t.s

ign

ve
ge

tat
ion

ter
rai

n sky
pe

rso
n

rid
er car tru

ck bu
s

tra
in

moto
rcy

cle
bic

ycl
e

un
lab

elle
d

104

105

106

Nu
m

be
r o

f S
am

pl
es

 (l
og

-s
ca

le
)

Histogram-Aware
Nearest Neighbours

Figure 5.10: Class distribu琀椀on of segmenta琀椀on 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 classi昀椀cation when discrimination

between classes is uncertain.

NormAlignment. We analyze the e昀昀ect of the norm alignment constraint in Figure 5.11,

wherewe 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 5.11 the normof 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 distribu琀椀on before and a昀琀er adapta琀椀on.
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Figure 5.12: Average inter‐prototype angle, comparison between Source Only and LSR.

representation would be very di昀케cult to achieve in 2D. Instead, we assign to each centroid a

reference angle (as shownby the colored lines) andplot the associated feature vectors centered

on it. The plots also reports a con昀椀dence interval for the global average norm, to highlight

how the proposed norm alignment constraint (Section 5.4.3) e昀昀ectively promotes uniform

norm values: the dark gray line represents the median of the distribution and the shaded

gray area represents the 95% con昀椀dence interval. The e昀昀ect 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 distribu琀椀on before and a昀琀er adapta琀椀on. Points are color coded
according to the legend of Figure 5.5.

Prototype Perpendicularity. To analyze the e昀昀ect of the perpendicularity constraint,

Figure 5.12 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 di昀昀erent semantic classes over

feature channels (i.e., 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 昀椀gure, 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

signi昀椀cantly the cluster separation in the high dimensional space and the spacing between

clusters belonging to di昀昀erent classes. As a side e昀昀ect, 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 II

Learning under Task Shift
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6
Transfer Learning Across Tasks

6.1 Con琀椀nual Task Learning

Recently, deep learning algorithms have evolved rapidly to tackle a wide variety of tasks pre-

viously considered extremely challenging, particularly in the 昀椀eld 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 learningmodels are deployed into the real-world, wewould like to have thepossibility to

expand the their prediction pro昀椀ciency to new tasks (leveraging new training data), without

retraining them from scratch.

In general, themain issue with these computational models is that they are prone to catas-

trophic forgetting [105, 106], i.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 signi昀椀cantly 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 betweenmachine learn-

ing and human learning. Indeed, humans encounter a continual streamof learning tasks and

are able to generalize to similar unseen tasks [109]. To understand the brainmechanisms 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 (i.e.,

with one or few labels per each image) such as image classi昀椀cation [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 de昀椀nition 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 昀椀rst 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 classi昀椀cation (Chapter 7) and semantic segmentation (Chapter 8). First, wewill describe

an approach [242] targeting class incremental image classi昀椀cation 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 ofCIL techniques that can be found in literature will be pre-

sented, both for whole-image classi昀椀cation and semantic segmentation as target tasks (Sec-

tion 6.3); we will 昀椀nally 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 de昀椀ni琀椀on of nota琀椀on used throughout Part II of the disserta琀椀on.

Symbol De昀椀nition

t ∈ {0, 1, 2, ..., T} Task index

Xt Input space of the t-th task

Yt Label space of the t-th task

Dt = {Xt,P(Xt)} Domain of the t-th task

P(Xt,Yt) Distribution of the t-th task

Ct Class space of the t-th task

C0:t91 Class space up to the t-th task (t > 0, t excluded)

Tt Training set of the t-th task

6.2 Problem Formula琀椀on

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 (i.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 distributionswhere, 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 (i.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 tasks are speci昀椀cally intended as solv-

ing a classi昀椀cation problem. In the next chapters, we will focus on task incremental learning

under the class-incremental perspective. In addition, CIL represents amitigation 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 de昀椀ned in Table 6.1. In more formal terms, we consider the t-th incremental step (with
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Figure 6.1: Graphical representa琀椀on of the class incremental con琀椀nual learning framework. The model is updated to
recognize new classes over 琀椀me without forge琀�ng previously learned ones.

t = 0, 1, 2, ..., T ) and we are given the previous modelMt91 and two sets of data (Xt,Yt)

randomly drawn from the distributionP(Xt,Yt), which is an observation (or subset) of the

complete domain (X ,Y) ∼ P(X ,Y). Here, Xt denotes a set of data samples for step t

and Yt denotes the corresponding ground-truth annotations (i.e., a single label for the im-

age classi昀椀cation 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 di昀昀er-

ent learning task. Yet, no constraint is usually posed on domain (i.e., Dt = {Xt,P(Xt)})

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 (Xt′ ,Yt′) 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 ¹∗ by optimizing:

argminθ

T
∑

t=0

E(Xt,Yt) [L (Mt (Xt; ¹) ,Yt)] , (6.1)

with model’s parameters ¹, loss function L, T incremental tasks seen so far, and Mt 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 (i.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, i.e., P(Yt) and P(Xt) respectively, of a generic step t. In general, task

incremental learning considers that P(Yt+1) 6= P(Yt) due to the task output spaces dif-

fering over time, i.e., Yt+1 6= Yt. On the other hand, incremental input domains Dt are

assumed to not vary across steps, i.e., 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 DS 6= DT and YS = YT (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 someworks have addressed

dynamic adaptation setups, with continually changing input distributions [132–134].

Finally, we remark that ideal continual learning setups consider in昀椀nite and continuous

stream of training data and at each step the system receives some new samples drawn non-

i.i.d. from the current distributionP(Xt,Yt) that could itself experience sudden or gradual

changes with no noti昀椀cation. This is what methods developed in the future should aim to

tackle and realize.

6.3 Con琀椀nual Task Learning Techniques

6.3.1 Class Incremental Learning

Class incremental learning in the computer vision 昀椀eld has been investigated primarily in re-

lation to the image classi昀椀cation 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 speci昀椀c information is captured and reiterated during the incremental learning pro-

cess [135], i.e., (i) Replay methods, (ii) Regularization-based methods and (iii) Parameter

isolationmethods. We remark that categorization is not mutually exclusive, as di昀昀erent 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.

Rehearsalmethods [112, 136–139] are focused on selecting and storing data samples (ex-

emplars) in a memory bank, which is usually assumed to have a 昀椀xed 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 e昀케cient 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.

Constrainedmethods [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 over昀椀tting 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 昀椀xed. 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 arti昀椀cial 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 昀椀xed

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 di昀昀erent 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 andold class sets andneglect the joint evolution ofmodel features

during single task training (i.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 fromanupdateddistributionobtained via a lightweight

generative mechanism that does not involve complex side generative models, which can also

su昀昀er from catastrophic forgetting.

Regulariza琀椀on 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-focusedmethods [114, 153–164]mainly exploit previousmodel 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 classi昀椀cation, 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 su昀昀er 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

issuewill 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 昀椀nally remark that most of the successful CILmethods in this category use exemplars

of old classes Cold 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-focusedmethods [166–171] focus on estimating a distribution overmodel 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 EWCmethod [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 Isola琀椀on Methods

This line of research is populatedbyworks proposing to assigndi昀昀erent sets ofmodelweights

to di昀昀erent tasks. By freezing previous parameters and growing new model branches to ac-

commodate for new task knowledge, catastrophic forgetting can be e昀昀ectively counteracted.

FixedNetworkmethods [172–175] develop static architectures, where task speci昀椀c 昀椀xed

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-speci昀椀c 昀椀xed-network solution has

the downside of needing a task oracle at test time to select which task (i.e., model branch) to

activate in order to performmodel 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 et al. [182] introduces dynamically ex-

pandable representations to achieve better stability-plasticity trade-o昀昀. 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 e昀케cient incremental increase of the model size.

6.3.2 Incremental Seman琀椀c Segmenta琀椀on

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 classi昀椀cation, 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 Dis琀椀lla琀椀on

The 昀椀rst family of approaches we present is the most commonly employed one thanks to its

simplicity and e昀케cacy, i.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 e昀케cient 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., a loss function) in order to mimic the responses of the previous model in the current

one. Its main e昀昀ect 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 di昀昀erent setups and it is somehow a prereq-

uisite for successful task incremental learning algorithms. In sparse tasks, many algorithms

use knowledge distillation in di昀昀erent 昀氀avors [114, 153–164] (we refer to Section 6.3).

These techniques have been found to be extremely e昀昀ective and reliable also in dense tasks.

[116] extend the image classi昀椀cation 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 currentmodel’s output probabilities for each class, as themodel 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 (i.e., 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 amasked andweighted

distillation loss on the output level to improve the accuracy on small or under-represented

classes within the dataset. [120] applies amatching distillation to retain both long-range and

short-range statistics at di昀昀erent feature levels and at di昀昀erent 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 identi昀椀ed one

main strategy to address catastrophic forgetting: i.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 tomaintain the performance on old tasks by freezing the 昀椀nal 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 昀椀rst couple of layers of the encoder, to preserve themost task-agnostic part of

the feature extractor. However, the choice ofwhich layers to freeze remains anopenquestion

and there is an intrinsic trade-o昀昀 between the capability of e昀케ciently learning new tasks and

the preservation of the acquired knowledge. A 昀椀rst 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 classi昀椀cation [189, 190] and in unsu-

pervised domain adaptation [239, 240]. The key idea of these approaches is to disentangle

the intermediate feature space in di昀昀erent ways, to space apart features of di昀昀erent 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 昀椀nd thework ofMichieli et al. [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: 昀椀rst, 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 sparsi昀椀cation 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 di昀昀erent

classes. More recently, Yang et al. [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 di昀昀erent classes. In order to alleviate catastrophic forgetting,

representations of the newmodel and representations extracted by a frozen model from the

previous learning step are jointly exploited in a contrastive scheme.

New Direc琀椀ons

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-

昀椀er’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 Replaymethods 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 arti昀椀cially generated past data,

they try to preserve past knowledge while learning the new task. The generative model is

generally a GAN [31] as in [147] and [144] or an auto-encoder as in [191] and [148].

InChapter 8, we proposeRECALL [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, di昀昀erently

from previous works on continual image classi昀椀cation, we do not select real exemplars as

anchor to support the learned distribution [149] nor we train or 昀椀ne-tune the GAN archi-

tecture on the current data distribution [144, 147, 149], thus reducingmemory and compu-

tation time. In particular, only the weak classi昀椀cation 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 Learningmodels [192, 193], i.e., 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

interleavedwithweb-crawledones (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 classi昀椀cation 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 di昀昀erent 昀氀avors. In particular,

existing works di昀昀er in the consideration of the domain distributionsP(Xt,Yt) and of the

data sampling (Xt,Yt). The di昀昀erent choices emerge from di昀昀erent target applications. Let

us denote with C0:t91 the previous label set, which is expanded with a set of new classes Ct at

step t, yielding a new label set C0:t = C0:t91 ∪ Ct.

As typically assumed in task incremental settings, the sets of new labels discovered at each

step are disjoint. Nonetheless, a di昀昀erent discussion about incremental class progression

should be made for global and dense classi昀椀cation problems. While for whole-image classi昀椀-

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 predictionproblems, such

as semantic segmentation, allows for pixels with diverse semantic signi昀椀cance 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 classi昀椀cation problems, and

one of the key di昀昀erences 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 re昀氀ects the simplest idea on continual semantic seg-

mentation; i.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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(ii) 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 speci昀椀c 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 C0:t91 = {chair , airplane} and the set of classes being added is

Ct = {dining table}, then it is reasonable to expect that (Xt,Yt) 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 proposed in [3, 119]. At each learning step, the unique

set of images is identical to the sequential setup. The di昀昀erence 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 at least onepixel of a novel set of classes, withonly

the classes of the set annotated and the rest set to background . Di昀昀erently 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 di昀昀erent semantic map annotations are given in Figure 6.2. Although

being subcategories of the same problem they lead to substantially di昀昀erent setups requiring

di昀昀erent strategies to be tackled.

This articulated scenario is getting evenmore articulated as there existmany di昀昀erentways

of sampling the sets Ct of unseen classes and of selecting its cardinality |Ct|, leading to com-

pletely di昀昀erent experiments. For instance, let us consider oneof themostwidely usedbench-

marks for semantic segmentation, i.e., the Pascal VOC2012 dataset [20], which is composed

by 21 semantic classes (background included). Regarding the 昀椀rst aspect, one possibility is

to sort the classes using the order provided by the dataset (e.g., the alphabetical ordering for

VOC2012) as done in [2, 3, 115, 118–120]. Another possibility is to sort the classes based

on their occurrence inside the dataset [119], to re昀氀ect 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 di昀昀erent setups for class incremental con琀椀nual learning in seman琀椀c segmenta琀椀on. 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 sectionwedescribe the experimental benchmarks commonlyused in class incremental

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

Image Classi昀椀ca琀椀on

There exist multiple standard CIL benchmarks, such as the CIFAR100 [194], TinyIma-

geNet [195] andCUB200-2011 [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 di昀昀erent class incremental pro-

tocols can be used. Generally, 昀椀rst 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), eachwith an equal number of new classes being introduced.
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Seman琀椀c Segmenta琀椀on

One of the most widely used benchmarks for incremental semantic segmentation is the Pas-

cal VOC2012 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 昀椀rst 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, di昀昀erent

class incremental procedures can be investigated, varying the size of class set seen at the 昀椀rst

learning step and of number of incremental steps.
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7
Continual Learning by Feature-level Replay

7.1 Introduc琀椀on

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 (i.e., due to change of experi-

enced class set) leads to forgetting, where the bias towards new data causes past information

tobe gradually erased and learned representations tobe constantlyupdated (i.e., feature drift)

focusing on new tasks. Our goal is to retrieve and replay up-to-date feature-level representa-

tions from former taskswithout 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 classi昀椀cation problem, can be summarized as follows:

(i) To expound the forgetting phenomena in CIL, we explore the dynamics of incremen-

tally learned classi昀椀ers 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 di昀昀erent types of representation drifts modularly. In the framework (Fig-

ure 7.1, 7.2 and 7.3), we 昀椀rst de昀椀ne the change of feature representations by fea-

ture drift (i.e., due to constantly evolving feature representations of di昀昀erent patterns

learned from data in CIL) and propose an e昀昀ective method to model it. Next, we de-
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Figure 7.1: In CIL, the process of training models on new classes causes representa琀椀ons of past categories to constantly
change. Yet, unavailability of data of former classes prevents from tracking their evolu琀椀on in feature spaces, leading
to evanescence of their representa琀椀ons and, in turn, to catastrophic forge琀�ng. We propose to model representa琀椀on
dri昀琀 on a seman琀椀c level (i.e., the rela琀椀onship among novel and past classes) and on a feature level (i.e., the combined
evolu琀椀on of features learned by a classi昀椀ca琀椀on model), and exploit it to infer up‐to‐date representa琀椀ons of past classes.
By injec琀椀ng old‐class knowledge into the learning process, we counteract forge琀�ng.

昀椀ne the change of representations of classes by semantic drift (i.e., due to the change

of semantic categories learned at di昀昀erent incremental steps) and propose an e昀昀ective

method to model it.

(iii) We propose to train semantic and feature drift models together with feature learning

and classi昀椀cation 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: 昀椀rst 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, i.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 de昀椀ni琀椀on of key nota琀椀on used throughout Chapter 7.

Symbol De昀椀nition

t ∈ {0, 1, 2, ..., T} Step index

n ∈ {0, 1, 2, ..., N} Stage index

Tt Training set at step t

Fold Set of old class feature representations at the current step

F0

t , F
n
t Set of new class feature representations at step t, respectively at stages 0 and n

Πt,0old, Π
t,n
old Set of old class feature prototypes at step t, respectively at stages 0 and n

Πtnew Set of new class feature prototypes computed at the end of step t

fθt Feature extractor at step t

hφt
Classi昀椀er at step t

gt = hφt
◦ fθt Classi昀椀cation model at step t

Γγn

t
Feature drift model at step t and stage n

Ψψn

t
Semantic drift model at step t and stage n

(Section 7.3); we will additionally detail the overall incremental training, that merges drift

modeling to the image classi昀椀cation task learning, and the core architectures underlying drift

models (Section 7.4 and 7.5); lastly, wewill provide extensive experimental studies to validate

the proposed framework (Sections 7.6 and 7.7).

7.2 Problem Formula琀椀on

In the considered learning setting, for each incremental training task and step t, the training

set is composed of images belonging to the current class set Ct, whereas past semantic cate-

gories Cold , {Ct′}
t−1
t′=0 lack any training sample. The goal of the model is to maximize the

generalization (classi昀椀cation) accuracy on all the classes observed up to the current step.

More formally, at each step t ∈ [T ] = {0, 1, . . . , T} of CIL, we are given a dataset

Tt = (Xt,Yt), where Xt = {Xt,j}
Nt

j=1 is the set of RGB image samples and Yt = {yt,j ∈

Ct}
Nt

j=1 is the set of their labels. Ct is the set of class labels observed at this step, and Ct ∩

Ct′ = ∅, ∀t 6= t′. Popularly employed CIL models for whole-image classi昀椀cation [151] are

composed of a feature extraction module fθ and a classi昀椀er hϕ with parameters ¹ ∈ Θ and

ϕ ∈ Φ. At each t-th step, training is performed by solving:

argmin
θt,ϕt,ϵ

Ltcc +
t−1∑

t′=0

ϵt′ , (7.1)
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whereLtcc , L(Tt; ¹t, ϕt) is the expected loss of the full classi昀椀cation model gt = hϕt ◦ fθt
onTt at step t, while ϵt′ controls the forgetting of representations of old classes [151]. Inother

words, we would like to optimizeLtcc in order to perform well on the new set of classes, still

retaining the satisfactoryperformanceonold tasks that shouldhavebeenpreviously achieved.

The ϵt′ term, in fact, is supposed tomeasure the performance deviation su昀昀ered by themodel

from the con昀椀guration attained in past steps relative to the old classes.

To address the classi昀椀cation optimization problem, we can identify di昀昀erent strategies.

On one side, generative classi昀椀ers implementing hϕ optimize Eq. (7.1) to model the joint

probability distribution p(C,F ;P) where P = Θ ∪ Φ. On the other side, discriminative

classi昀椀ers, such as softmax classi昀椀er, instead optimize Eq. (7.1) to model the conditional

distribution p(C|F ;P), de昀椀ning 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 classi昀椀cation task in an incremental fashion,

methods aim to model p(C,F |Pt)without using {Tt′}
t
t′=0 at step t, where

• Pt = Θt ∪ Φt, Θt = {¹t′}
t
t′=0 and Φt = {ϕt′}

t
t′=0 are the model’s current set of

parameters*,

• F ∈ F = Ft ∪ Fold is the random variable taking values from the set of feature

representationsFt learned at step t on current training data Tt and from old represen-

tationsFold = {Ft′}
t−1
t′=0, and

• C ∈ C = Ct ∪ Cold is a random variable of semantic (class) representations, where

Cold = {Ct′}
t−1
t′=0.

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 ∈ Cold|•)) and new classes (p(C ∈ Ct|•)) are

computed using classi昀椀ers hΦt′
, ∀t′ ∈ {0, 1, . . . , t};

(ii) feature representationsFt of new classes Ct are learned by updating the feature extractor

fΘt′
, ∀t′ ∈ {0, 1, . . . , t}.

EvanescentRepresenta琀椀ons At the t-th step,wedonothave access toold samplesTold =

{Tt′}
t−1
t′=0. Thus, features Fold cannot be extracted from Told, 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 representationsFold to life, we exploit class

prototypes π ∈ Πold, which we obtain by computing the class-wise mean of features [151].

*In some CIL methods, models trained at earlier steps t′ < t are frozen and re-used at consecutive steps,
while the other methods incrementally update the models at each step. In the latter case,Pt = {θt} ∪ {φt}.
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Figure 7.2: Illustra琀椀on of the learning phase (LP) of seman琀椀c and feature dri昀琀 models. SD (top): we model the rela琀椀on‐
ship between representa琀椀ons of new and old classes at the beginning of the incremental step. FD (bo琀琀om): we capture
the evolu琀椀on of representa琀椀ons 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 ∈ Fold|πc ∈ Πold) (denoted byFold ∼ Πold in Figure 7.2 and Figure 7.3).

Then, we update p(F ∈ Fold) throughout the incremental step bymodeling 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 Representa琀椀on Dri昀琀

LetF0
t denote the set of features extractedusing a feature extractorfθt at the beginningof the

incremental step t, andFnt denote the set of features extracted using fθt updatedwithn > 0

optimization stages from the dataset Tt. Since only Tt is available at the step t, F
0
t and F

n
t

containonly representations of newclassesCt. Similarly,Πt,0
old andΠ

t,n
old are the set of semantic

representations (prototypes) of old classes Cold, respectively available at the beginning of the

step t and updated at the nth stage (n > 0) of the same step. Moreover, we remark that

storing prototypes is very memory e昀케cient and compliant to privacy requirements [151],

since a very limited amount of processed data has to be stored (i.e., comparable to the size of

a classi昀椀er).

We proposemodeling the drift of feature and semantic representations using twomodels:

(i) Γγ parameterized by µ, and (ii)Ψψ parameterized by ψ in two phases:
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Figure 7.3: An outline of our CIL framework augmented with the proposed representa琀椀on dri昀琀 models. A classi昀椀er is
trained on the dataset Tt at step t (Ltce). Feature knowledge dis琀椀lla琀椀on (L

t
fkd) is used to reduce feature dri昀琀. We ex‐

ploit the dri昀琀 models learned in LP (Figure 7.2) to infer revived evanescent representa琀椀ons (RERs), which are leveraged
byLtrd to inject past knowledge into the current training procedure.

1. In the Learning Phase (LP); the parameters µ and ψ are optimized to estimate the

relationship among representations available at an incremental step t (Figure 7.2).

2. In the Inference Phase (IP); the learned models Γγ and Ψψ are used to infer Fnold
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 Γγ and Ψψ, 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. Wewill detail the training algorithmsweuse to learn thesemodels 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 su昀昀er from pathologies of variational models. [200, 201].

On the other hand, variationalmodels can provide higher accuracywhen limited data is avail-

able, i.e., for small Tt.

7.3.1 Modeling Feature Dri昀琀

Learning Phase

We aim at modeling the feature drift (FD) experienced on current data Tt as representations

revive and evolve throughout the present step t > 0, as depicted in Figure 7.2. In particular,

at stage n > 0, we extract Fnt and train Γγnt to learn the relationship between F0
t and F

n
t ,

i.e., between new-class representations captured at di昀昀erent stages.
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GM: To employ Gaussian models, we 昀椀rst identify Γγnt : F0
t → F

n
t by a DNN, e.g., a

multilayer perceptron (MLP). Then, Γγnt is trained to track and model the evolution of re-

vived evanescent representations (RERs) from stage 0 to n.

VM:We consider Γγnt 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 ∈ Fnt |F ∈ F
0
t ; µ

n
t ). Thereby, we can statistically model the feature drift across

di昀昀erent stages [n] at a given step t.

Inference Phase

In the learningphase, themodelΓγnt is trained to learn thedrift experiencedby features associ-

ated to Ct. In the inference phase (Figure 7.3), instead, we exploit the trainedΓγnt to infer the

feature drift undergone by features of Cold and, consequently, the distribution p(F ∈ F
n
old)

of revived evanescent representationsFnold.

GM: We use Γγnt to infer representations of old class prototypes Πt,n
old at stage n > 0

under the feature drift. That is, Γγnt enables us to directly track the trajectory of Πt
old from

stage 0 to n, and thus mapΠt,0
old toΠ

t,n
old,f . If n = 0, then Γγ0t is an identity map. Finally, we

approximate the distribution p(F ∈ Fnold) of revived evanescent representations at stage n

by a Gaussian distribution p(F ∈ Fnold; πc ∈ Πt,n
old,f ) ∼ N (πc, σc). For both Gaussian and

variational models, the standard deviation σc is estimated at step t′ when c ∈ Ct′ , and kept

昀椀xed at every step t′′ > t′.

VM: The trained model Γγnt provides an approximation of p(F ∈ Fnold|F ∈ F
0
old). At

stage n = 0, we resort to p(F ∈ F0
old), as no feature drift has to be estimated, and we

model the distribution of evanescent representations by p(F ∈ F0
old) ∝ p(F ∈ F0

old; πc ∈

Πt,0
old) ∼ N (πc, σc). At n > 0, training features are sampled from the distribution p(F ∈

Fnold|F ∈ F
0
old; µ

n
t ) · p(F ∈ F

0
old).

7.3.2 Modeling Seman琀椀c Dri昀琀

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 F0
t and train a network

Ψψ0
t
with parameters ψ0

t to model the relationship between F0
t and F0

old. We employ pro-

totypes π ∈ Πt,0
old to model p(F ∈ F0

old) ∝ p(F ∈ F0
old; πc ∈ Πt,0

old) ∼ N (πc, σc). As

opposed to Γγ ,Ψψ captures the semantic drift observed at each new step. Therefore, an in-

dividual modelΨψ is optimized at the start, and 昀椀xed for the rest of the step (i.e., ψnt = ψ0
t ).
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When model fusion (see Section 7.4.2) is adopted, instead, Ψψ is re-trained once per stage ,

to account for the drift estimated by Γγ (Section 7.4.2).

GM:We 昀椀rst identifyΨψn
t
: F0

t → Πt,0
old by a deep neural network (e.g., an MLP). Then,

Ψψn
t
is trained tomodel the semantic drift between representations for classes available at the

current step (Ct) and those experienced in the past (Cold).

VM: We 昀椀rst approximate the distribution p(F ∈ F0
old) of evanescent representations

revived at stage n = 0 by p(F ∈ F0
old; πc ∈ Πt,0

old) ∼ N (πc, σc). Then, a conditional VM

(e.g., a VAE) is trained by maximizing the likelihood p(F ∈ F0
old|F ∈ F

0
t ;ψ

n
t ) to learn the

representations shared among old and new classes.

Inference Phase

In the learning phase, Ψψn
t
is trained to learn the semantic drift experienced while moving

from Cold to Ct. The drift is captured at the beginning of the current step t, when up-to-

date representations of both sets are available. We now exploit the trainedΨψn
t
to infer the

semantic undergone at every stage n > 0, and estimate the distribution p(F ∈ Fnold) of

evanescent representations.

GM:Weuse the trainedΨψn
t
to infer representations of old class prototypesΠt,n

old, ∀n ≥ 0

under semantic drift. That is, Ψψn
t
: Fnt → Πt,n

old,s is trained to estimate the relationship

between feature and prototypical representations at stage n. We then approximate p(F ∈

Fnold) by p(F ∈ F
n
old; πc ∈ Πt,n

old,s) ∼ N (πc, σc).

VM:The trainedmodelΨψn
t
provides an approximationof the featuredistributionp(F ∈

Fnold|F ∈ F
n
t ), ∀n ≥ 0. To generate feature samples to be leveraged for training purposes,

we perform inference using the estimated distribution p(F ∈ Fnold|F ∈ F
n
t ;ψ

n
t ) · p(F ∈

Fnt ), whereF
n
t is provided by the feature extractor fθt trained forn optimization stages and

applied on samples from Tt.

7.4 Training Models of Representa琀椀on Dri昀琀

7.4.1 Training Classi昀椀ca琀椀on Models

At each step t, we train gt = hϕt ◦ fθt on Tt using a cross-entropy loss L
t
ce , Lce(Tt).

When t > 0, to mitigate forgetting of previous tasks, we generate features of Cold by

modeling the drift and estimating the distribution p(F ∈ Fold). Thus, we compute:

Ltrd , Lrd(F
n,t
old) =

∑

F∈Fn,t
old

yF log hϕt(F ), (7.2)
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Algorithm 7.1 TrainingModels.

Input: {Tt}
T
t=0 (datasets),N (num. of stages per step).

Output: gT = hϕT ◦ fθT .

Train fθ0 and hϕ0 withL
0
cc, and computeΠ0

new.

InitializeΠt=1,0
old asΠ0

new.

for each incremental step t← 1 to T do

for each optimization stage n← 0 toN − 1 do

LP:Train Γγnt andΨψn
t
by solving (7.5).

IP: Estimate p(Fnold) andΠ
t,n
old.

Train fθt and hϕt by solving (7.6).

end for

LP:Train ΓγNt andΨψN
t
by solving (7.5).

IP: EstimateΠt,Nold andΠtnew.

InitializeΠt+1,0
old := Πtnew ∪Πt,Nold .

end for

where yF is the one-hot label vector of the class cF ∈ Cold and F
n,t
old is the set of revived

evanescent representations sampled from the estimated distribution using the updated pro-

totypes ofCold. The lossL
t
rd approximatesL(Tt′ ; ¹t, ϕt) ≤ ϵt′ (Eq. 7.1) of gt on the previous

datasets {Tt′}
t−1
t′=0 using their inferred representations.

We enhance the training objective by a distillation loss Ltfkd , Lfkd(Tt) [158] to reduce

the entity of representation drift across incremental tasks. Ltfkd is de昀椀ned by the ℓ2 distance

between representations extracted from Tt using fθt and fθt−1
, the latter inherited from the

previous step andkept 昀椀xed. Thereby,Ltfkd approximates the di昀昀erence betweenLtcc and the

lossLtpc of the previousmodel fθt−1
onTt. AlthoughL

t
pc is not explicitly de昀椀ned inEq. (7.1),

it provides information regarding shareability of representations among consecutive steps

t − 1 and t. Therefore, models optimizing Ltfkd can make use of the feature shareability

for learning drifts. Then, the overall classi昀椀cation objective Ltcc computed at each step t is

Ltcc = Ltce + λrdL
t
rd + λfkdL

t
fkd, where L

t
rd and L

t
fkd are used only for t > 0 with loss

balancing parameters λrd > 0 and λfkd > 0.

7.4.2 Training Representa琀椀on Dri昀琀 Models

The loss functions Ltf , Lf (F
0
t ,F

n
t ; µ

n
t ) and L

t
s , Ls(F

0
t ,Π

t,0
old;ψ

n
t ) denote the objec-

tives used to individually train feature and semantic drift models Γγnt andΨψn
t
, respectively.

The exact form of the aforementioned objectives depends on the employed network archi-

tecture identifying Γγnt andΨψn
t
. A more detailed description is provided in Section 7.6.1.
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Model Fusion (MF):To estimate p(F ∈ Fnold) usingGM andVM, we fuse the output of

Γγnt andΨψn
t
by jointly training them. For this purpose, we optimize model parameters by

minimizing a measure of discrepancy between the estimated distributions p(F ∈ Fnold; µ
n
t )

and p(F ∈ Fnold;ψ
n
t ) employing the training objective:

Ltfus = ‖Π
t,n
old,s − Πt,n

old,f‖
2
2 + λcorr‖ρ(Π

t,n
old,s)− ρ(Π

t,n
old,f )‖

2
2, (7.3)

where the subscript s and f denotes the updated prototypes of old classes estimated by the

semantic and feature drift models, respectively, ‖·‖22 is the squared ℓ2 norm, λcorr > 0 is the

regularization parameter and ρ(Π) is the normalized correlation matrix ofΠ [202]. Finally,

the renovated distributions p(F ∈ Fnold; µ
n
t ) and p(F ∈ F

n
old;ψ

n
t ) are linearly combined

with equal weights to obtain p(F ∈ Fnold).

Then, the overall objective used to learn representation drift is de昀椀ned by:

Ltdrift = Lts + Ltf + λfusL
t
fus, (7.4)

where λfus > 0 is the loss balancing parameter. We note that Ltdrift measures the loss of

current models on inferred representations of old classes. Thereby, we aim at reducing for-

getting (ϵt), i.e., the discrepancy betweenRERs as estimated by driftmodels and their evanes-

cent (unavailable) counterparts by training models optimizing Ltdrift.

7.4.3 Op琀椀miza琀椀on of Model Parameters
In the previous subsections, we designed the loss functions to capture losses induced by rep-

resentation drift in CIL while training classi昀椀cation models. Consequently, we consider

training models by minimizing Ltcc + Ltdrift, ∀t. At the incremental step t = 0, we train

fθ0 and hϕ0 with Lce(T0). At each step t > 0, we train classi昀椀cation and drift models in an

alternate fashion as follows:

• Fnt is extracted from Tt using fθt , and Γγnt andΨψn
t
are trained until convergence by

solving:

argmin
γnt ,ψ

n
t

Ltdrift(Π
t,0
old,Π

t,n

old,{f,s},F
0
t ,F

n
t ; µ

n
t , ψ

n
t ). (7.5)

• First,Fnold is estimated by drift modelsΓγnt andΨψn
t
(employed individually or fused).

Then, Πt,n
old is computed by class-wise averaging features sampled from p(F ∈ Fnold).

Finally, fθt and hϕt are trained on T̃t = Tt ∪ F
n
old by:

argmin
θt,ϕt

Ltcc(T̃t; ¹t, ϕt). (7.6)
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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 τ steps. At the end of step t ≥ 0, we compute

Πt
new={πc, c ∈ Ct} by class-wise average of feature representations fθt(Tt) of input sam-

ples and initializeΠt+1,0
old = Πt,n

old ∪ Πt
new, whereΠ

t,n
old = ∅ for t = 0. A detailed description

of the training procedure is given in Algorithm 7.1.

7.5 Design of Representa琀椀on Dri昀琀 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 Dri昀琀

GM:We use a simple and lightweight multilayer perceptron to implement Γγnt : F0
t →

Fnt , composed of two fully-connected (FC) layers and a ReLU activation between them

(Table 7.2). Input and output variables of Γγnt 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 aB×Dmatrix. In addition, the number of

output channels of the 昀椀rst FC layer is set to 2 ∗D andB is set equal to the cardinality of Tt
(i.e., the available training set at step t).

VM:We use a lightweight conditional variational auto-encoder [203] to implement Γγnt .

The task of the cVAE is to learn a generative function of feature representations of training

samples at stage n (Fnt ), conditioned on the representations of the same samples at the be-

ginning of the current incremental step (F0
t ). 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 Γγnt correspond to sets

ofB feature vectors of dimensionD, all arranged inB ×Dmatrices. We setB equal to the

cardinality of Tt.

7.5.2 Modeling Seman琀椀c Dri昀琀

GM:We use a simple and lightweight multilayer perceptron to implementΨψn
t
: Fn0 →

Πt,0
old, composed of two FC layers and a ReLU activation between them (Table 7.2). Input

and output variables correspond, respectively, to sets ofB andCt
old feature vectors of dimen-

sionD, arranged inD ×B andD × Ct
old matrices, whereCt

old denotes the number of past

123



Table 7.2: Architecture of the Gaussian Model (GM) iden琀椀昀椀ed by MLP.

Feature Drift Semantic Drift

Input Operator Output Input Operator Output

B ×D FC layer B × 2D D ×B FC layer D × 2B

B × 2D FC layer B ×D D × 2B FC layer D × C

We setD = 512 andB = |Tt|

Table 7.3: Architecture of the Varia琀椀onal Model (VM) iden琀椀昀椀ed by condi琀椀onal VAE.

Feature Drift Semantic Drift

Input Operator Output Input Operator Output

E
n
co
d
er B × 2D FC layer B × 4D D × (C+B) FC layer D × 2(C+B)

B × 4D FC layer B × 2D D × 2(C+B) FC layer D × 2

D
ec
od

er B × 2D FC layer B × 4D D × (1+B) FC layer D × 2(1+B)

B × 4D FC layer B × 2D D × 2(1+B) FC layer D × C

We setD = 512,B = |Tt| andC = |Ct
old
|

classes present at the current incremental step t > 0 andD the number of feature channels

at the output of the feature extractor. The number of output channels of the 昀椀rst FC layer

is set to 2 ∗B andB is set equal to the cardinality of Tt.

VM:We use a lightweight conditional variational auto-encoder to implementΨψn
t
. The

task of the cVAE is to learn a generative function of feature representations of old classes

F0
old (whose distribution is approximated as p(F0

old; Π
t,0
old) ∼ N (πc, σc)), conditioned on

those of new classes F0
t (which can be extracted from the available training set Tt). Each

encoder and decoder is composed of two FC layers. Once more, we refer to Table 7.3 for

further details about the employed architectures. We perform conditioning in input and

latent spaces by concatenation along the channel dimension. Input and output variables of

Γγnt correspond to setsC
t
old of feature vectors of dimensionD, arranged inD×Ct

oldmatrices.

The conditioning variable is a set ofB feature vectors of dimensionD, arranged inD × B

matrices. We setB equal to the cardinality of Tt.

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 Dri昀琀

GM:We learn Γγnt by minimizing the mean squared error between Γγnt (F
0
t ) andF

n
t , i.e.,

Ltf = ||Γγnt (F
0
t )−F

n
t ||

2
2.

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 Ltf = ´Ltrec,f + (1− ³)Ltkl,f + (³− λinfo − 1)Ltinfo,f , where L
t
rec,f is the recon-

struction loss, Ltkl,f is the KL divergence loss and Ltinfo,f is the loss of the InfoVAE. We set

´ = 1e1 in all experiments, ³ = −1e1 and λinfo = 1e1 on CIFAR100, and ³ = −1e2

and λinfo = 1e2 on TinyImageNet and CUB200.

Modeling Seman琀椀c Dri昀琀

GM: We learn Ψψn
t
by minimizing the mean squared error between Ψψn

t
(F0

t ) and Πt,0
old,

i.e., Lts = ||Ψψn
t
(F0

t )− Πt,0
old||

2
2.

VM:Weoptimize the variationalmodel (conditional VAE) bymaximizing 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, i.e., Lts = Ltrec,s +

λkld,sL
t
kd,s. We set λkd,s = 1 in all experiments.

Model Fusion

Weexperimentally 昀椀ne-tuned the values ofλfus andλcorr for each driftmodel con昀椀guration,

dataset and incremental setup. In particular, we perform grid-search such that λfus, λcorr ∈

{1e2, 1e1, 1e0, 1e91, 1e92, 1e93, 1e94, 1e95} and select the best value combination.

In all the aforementioned setups, we employ the Adam optimizer [91] with 昀椀xed learning

rate ¸, and train until convergence by performing early-stopping, that is, themodel is trained

until the loss function does not change for a prede昀椀ned constant number of steps τ = 25.

We experimentally 昀椀ne-tuned the value of learning rate ¸ ∈ {1e93, 1e94, 1e95} for each

drift model con昀椀guration, dataset and incremental setup.

Finally, we apply weight normalization [206] toΨψn
t
(both for GM and VM implementa-

tions) and spectral normalization [207] to weights ofΓγnt (both for GM andVM implemen-

tations), since we observed an improvement in robustness of training convergence.
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7.6.2 Implementa琀椀on Details

Datasets We evaluate our approach on multiple standard CIL benchmarks, that is, CI-

FAR100 [194], TinyImageNet [195] and CUB200-2011 [196] datasets. We devise 3 class-

incremental setups; 昀椀rst, the framework is trained on half of the available semantic classes

(except for one setup onCIFAR100, where only 40 classes are selected as the 昀椀rst task); then,

the remaining class set is evenly divided into respectively 5, 10 or 20 incremental steps. Class

order is selected randomly and then 昀椀xed at every class split.

Hyper‐parameters ResNet-18 [100, 151] is used as a backbone. The model is trained

for 100 epochs (i.e., N = 100 and each stage corresponds to one epoch over Tt) at each

incremental step with Adam optimizer. Learning rate is initialised to 1e93 for CIFAR100

andTinyImageNet, and to 1e94 for CUB200-2011. It is decreased by a factor of 0.1 after 45

and 90 epochs [151]. Images are cropped to 32×32, 64×64 and 256×256 for CIFAR100,

TinyImageNet and CUB200-2011 respectively, and randomly 昀氀ipped. We apply input and

label augmentation [151]. We set batch size to 64, and λfkd = 10 and λrd = 10 in all

experiments. We employed lightweight DNNs to identify networks of Γγ andΨψ to model

representation drifts. In particular, we investigate the use ofGMswith anMLP, andwe 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 de昀椀ne ρ

by (i) a normalized feature kernelmatrix [202], and (ii) an identitymap, i.e.,A = ρ(A). The

results obtained by (ii) are marked by † 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 herd selection [112, 157]. All

methods are evaluated with the ResNet18 image classi昀椀cation 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 (i.e., in place of the pro-

posed semantic and feature representationdriftmodels), andweuse the estimatedup-to-date

representations Πt,n
old by SDC [152] to approximate feature distribution of old classes with

a parametric Gaussian model, i.e., p(F ∈ Fnold; πc ∈ Πt,n
old) ∼ N (πc, σc). Computation of

σcwas explained in Section 7.3.1. In Section 7.7, wewill showhowourmethods outperform

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

We evaluate the performance of di昀昀erentmethods using the standard top-1 accuracy. Firstly,

we resort to a per-step metric [151] (Tables 7.4, 7.5 and 7.6, and Fig 7.4), de昀椀ned as the

average top-1 classi昀椀cation accuracy over all classes observed up to the current incremental

step k

āk =
1

|C0:k|

∑

c∈C0:k

akc , C0:k=
k⋃

t=0

Ct, (7.7)

where akc denotes the accuracy for class c 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), de昀椀ned as:

âk =
1

k + 1

k∑

k′=0

āk
′

, (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 k.

Finally, we report a measure of forgetting [169] computed for each past class c at step

t > 0 by:

f ct = max
k<t

(ack − a
c
t), ∀c ∈

⋃

k<t

Ck, (7.9)

where ack denotes the top-1 accuracy for class c attained at the step k < t. 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) (i.e., we compute

averages of forgetting measures at the 昀椀nal 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 5, 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 TinyImageNet, with di昀昀erent incremental setups. The
highest values have been highlighted in bold.

CIFAR100 TinyImageNet
Method 5 Steps 10 Steps 20 Steps 5 Steps 10 Steps 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 51.11 41.20 41.81 41.39 38.68
UCIR [157] 51.13 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) 57.91 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 51.91 48.56 46.50 42.81

Feat. Drift (VM-VAE) 56.99 53.69 51.09 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 51.75 48.57 46.92 44.61

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

TinyImageNet Table 7.4 shows that our framework outperforms exemplar-based com-

petitors and the SotAmethods 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 themethod proposed

in [152] to compensate for modeling shift of prototypes using a softmax classi昀椀er seems to

have no bene昀椀cial e昀昀ect, showing that it fails to adequately model semantic drift in a 昀椀ne-

grained classi昀椀cation 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 e昀昀ectively 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 di昀昀erent incremental setups. The highest values have
been highlighted in bold.

CUB200
Method 5 Steps 10 Steps 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) 56.51 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 52.00 36.80
Fusion (VM-VAE) 56.97 52.58 38.26

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

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

CIFAR100
ResNet18 [151]

CIFAR100
ResNet32 [112]

Imagenet-Subset
ResNet18 [151]

Method 5 Steps 10 Steps 20 Steps 5 Steps 10 Steps 10 Steps 20 Steps

iCarl [112] 54.1:64.8 51.1:62.3 41.2:56.3 -:- -:- 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∗ 57.5:66.6 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 51.4:59.4 47.0:54.4 58.6:68.6 47.1:61.0
DER [182]∗ -:73.2 -:72.8 -:- -:68.5 -:67.1 74.9:78.2 -:-

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 54.2:63.4 50.9:60.8 53.3:60.3 51.2:58.4 59.3:69.2 50.4:63.4
Fusion (GM-MLP) 59.4:66.9 56.0:64.8 51.9:61.5 53.9:60.9 52.0:58.5 59.7:69.3 51.5:63.6

Feat. Drift (VM-VAE) 57.0:65.8 53.7:63.0 51.1:60.9 53.8:60.2 50.9:58.3 59.3:68.8 50.9:62.8
Sem. Drift (VM-VAE) 58.2:66.7 55.4:63.3 51.7:61.6 54.1:60.9 51.3:58.9 59.5:69.3 51.0:63.1
Fusion (VM-VAE) 58.7:66.8 56.9:65.1 51.8:61.6 54.2:61.3 52.1:59.1 60.2:70.0 51.6:63.7

∗ Numerical values were directly taken from [182].

7.7.2 Addi琀椀onal Results

To validate robustness of our approach w.r.t. evaluation metric, in Table 7.6 we report addi-

tional results in the formof 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 TinyImageNet 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 Cifar100 when

a modi昀椀ed 32-layers ResNet [112] is employed as classi昀椀cation 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 classi昀椀cation 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 trainingwhen di昀昀erentmethods are employed. We observe that the

proposed CIL approach based on representation drift modeling mitigates forgetting more

e昀케ciently 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 classi昀椀cation

accuracy with respect to our approach, suggesting that a focus of [112] on preserving past

knowledge (i.e., stability) is accompanied by a less e昀케cient learning of novel classes (i.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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thanmost of the competing approaches, providing an improved performance equally shared

among all tasks. This is especially noticeable when evaluation is done on CUB200, where

even the SotA PASS and SDCmethods induce almost total forgetting of the oldest tasks.

7.7.3 Abla琀椀on Study

Modeling dri昀琀s with GMs and VMs

Our framework enables implementation of drift models using di昀昀erent GMs and VMs. We

studied the accuracy of a GM (MLP) and VM (VAE) for modeling di昀昀erent drifts and their

fusion in Section 7.7.1. Results suggest that the accuracy of GMs and VMs depends on sta-

tistical su昀케ciency of data which a昀昀ects capacity of fθ and learned representations as follows:

• On theCifar100 dataset, theGM (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 insu昀케cient data representing all classes at each step.

• On TinyImageNet, containing larger images than Cifar100, the VM (VAE) performs

on par with and slightly outperforms the GM (MLP) for smaller steps.

• On CUB200, which comprises the largest images, the variational model (VAE) out-

performs the Gaussian model (MLP) for all steps.

Analysing seman琀椀c dri昀琀

We study how the proposed framework captures and preserves semantic relationships be-

tween representation of old andnew classes bymodeling semantic drift. For this purpose, we

compute prototypical representations of novel classes on the training data available at an in-

cremental step t, and estimate the revived prototypes of old categories bymodeling semantic

and featuredrifts (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 t. In Figure 7.6, we report

distance values computed at the beginning and end of an incremental step, together with

their di昀昀erence (distances are normalized along new-class axis). Results are presented for the

analyses carried outwhenperforming 20 incremental training steps on theCIFAR100, Tiny-

ImageNet andCUB200 datasets. We focus on analyzing the change of semantic relationship

during the 昀椀rst incremental step (i.e., t = 1).
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(a) Per step average class forge琀�ng (%) on the CIFAR100, CUB200‐2011 and TinyImageNet datasets.
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(b) Per task average forge琀�ng (%) at the end of training on the CIFAR100, CUB200‐2011 and TinyImageNet datasets.
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Figure 7.5: Per step and per‐task average forge琀�ng (%) curves.
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Figure 7.6: Analysis of normalised distance between es琀椀mated prototypes of classes seen at steps t = 0 and t = 1,
captured at the beginning (le昀琀) and end (mid) of step t = 1. We report the absolute value of the di昀昀erence of the two
measures (right). We replicate the analysis for the 20‐step incremental setup, over the CIFAR100 (top), TinyImageNet
(middle) and CUB200 (bo琀琀om) datasets.
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Figure 7.7: Analysis of average distance between es琀椀mated (revived) and evanescent prototypes of old classes.

We notice how prototypes estimated by leveraging the modeled semantic representation

drift tend to more e昀昀ectively 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 昀椀xed (as in PASS) causes a

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

Analysing feature dri昀琀 of evanescent representa琀椀ons

We analyze the e昀케cacy 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 theEuclidean and cosine distances between estimated (revived) prototypes of old classes

and their reference (i.e., evanescent) representations at each incremental step (Figure 7.7).
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Figure 7.8: Average Euclidean distance between the es琀椀mated (revived) and evanescent prototypes of old classes.

Weprovide per-step class-wise average distance values (main curves), as well as themaximum

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 昀椀xed 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 CIFAR100, TinyImageNet

and CUB200 datasets to provide a robust evaluation. The results show that our proposed

methods can track the trajectory of evanescent prototypes more e昀케ciently (in terms of ge-

ometric distances) compared to the SotA PASS and SDC methods, by modeling the evolu-

tion of the representations (i.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 CUB200 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 andnewclasses are introduced. The same trend canbe observed for the cosine sim-

ilarity of the estimated and evanescent representations, whose value tends to be steady over

the incremental training andmuch 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 di昀昀erent number of total incremental steps, on the CIFAR100, TinyIma-

geNet and CUB200 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 ourmodel for the 20-step setup on theCUB200, where our approach jointly shows

the largest improvement over the SotA accuracy by∼20%.

Finally, we visualize 2D embeddings of feature vectors of the 昀椀rst four observed classes as

computed by the feature extractor on the same set of input samples at di昀昀erent 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 theCIFAR100, TinyImageNet andCUB200datasets. 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 CIFAR100 and CUB200 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 representa琀椀ons a昀昀ect classi昀椀ca琀椀on accuracy

In this section, we investigate the relationship tying the accuracy of the classi昀椀cation 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 classi昀椀cation accuracymeasured at each incremental step and distance between the

estimated and evanescent prototypes are negatively correlated, with similar trends shared by

the di昀昀erent methods being analyzed, across the CIFAR100, TinyImageNet and CUB200

benchmarks. It is worth noting that our method and SDC display very similar correlation

patterns, whilst the latter reaching lower accuracy andhigher distance values at the 昀椀nal incre-

mental step. Therefore, state-of-the-art PASS and SDCmethods seem to over昀椀t to training

data as the models are trained incrementally. For instance, on CIFAR100 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.
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Figure 7.9: Feature representa琀椀ons of the 昀椀rst 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
es琀椀mated prototypes (diamonds). In the lower plot, decrease in transparency and increase in brightness indicate that
representa琀椀ons are extracted at progressively increasing incremental steps (i.e., at steps 0, 10 and 20).
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Figure 7.10: Rela琀椀onship between top‐1 accuracy (%) and normalized Euclidean distance between es琀椀mated and
evanescent old‐class prototypes. Each point depicts a single training phase, and the decrease in transparency indi‐
cates progressively increasing incremental steps. For each step, accuracy values have been averaged over all classes
observed so far, and distances are averaged over all past classes.
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Figure 7.11: Average entropy (H ) and cross‐entropy (CE) of pF (CIFAR100, 20 steps).

Sta琀椀s琀椀cal analyses of representa琀椀ons

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 昀椀rst compute probability distributions over the set of old classes

based on the Euclidean distance between feature representation and class prototypes by:

pF (c) =
exp(−||F−πc)||2/·)∑
j exp(−||F−πj)||2/·)

, (7.10)

where F ∈ Fold is the feature representation of a test sample of Cold as produced by the

current feature extractor, {πj}j are revived prototypes of Cold and · is set to 0.1.

We analyze the change of entropy (H) and cross-entropy (CE) of pF 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 ∈ Fold.
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(b) TinyImageNet
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Figure 7.12: Le昀琀: average entropy of pc(Fi) (Eq. (7.11)). Mid‐le昀琀 and mid‐right: entropy and cross‐entropy with
respect to ground‐truth of pF (c) (Eq. (7.10)). Each feature Fj is extracted from a test image belonging to an old
class, and πj are the es琀椀mated prototypes of old classes. Right: Top‐1 accuracy for the CIFAR100 (top), TinyImagenet
(middle) and CUB200 (bo琀琀om) (all models were evaluated for 20 incremental steps).
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In addition, for each old class c ∈ Cold, we compute the mean H and CE of pF , i.e., we

average over all F corresponding to the same c.

We observe that ourmethod provides higherH and smallerCE compared to PASS, and this

trend is shared across CIFAR100, TinyImageNet and CUB200. This result suggests that

information capacity of representations learned by our methods increases along with classi-

昀椀cation accuracy more rapidly compared to the SotA as models are incrementally trained.

To further validate this claim, for each old class c, we compute the probability distribution

over feature representations of input samples of all past categories, de昀椀ned by:

pc(Fi) =
exp(−||Fi−πc)||2/τ)∑
j exp(−||Fj−πc)||2/τ)

, (7.11)

where Fj ∈ Fold are feature representations of test samples and {πj}j are revived old-class

prototypes. In addition, τ is set to 0.1. In Figure 7.12, we report entropy values of pc across

di昀昀erent incremental steps. Oncemore, we observe that our method causes entropy of pc to

reach higher values compared to PASS, indicating that prototypical representations revived

by ourmethod aremore informative than their 昀椀xed counterparts, while still being represen-

tative of the corresponding class, as suggested by the lower CE of pF .
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8
Continual Learning by Image-level Replay

8.1 Introduc琀椀on

As discussed in Chapter 6, class incremental learning on dense tasks (e.g., semantic segmen-

tation), where pixel-wise predictions are performed, has only recently been explored and the

昀椀rst experimental studies show that catastrophic forgetting is even more severe than on the

classi昀椀cation task [118, 119]. Current approaches for class-incremental semantic segmen-

tation re-frame knowledge distillation strategies inspired by previous works on image clas-

si昀椀cation [3, 4, 118, 119]. Although they partially alleviate forgetting, they often fail when

multiple incremental steps are performed orwhen background shift [3] (i.e., 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 di昀昀erent strategy and, instead of distilling knowl-

edge from a teacher model (i.e., the old one) to avoid forgetting, we propose to generate sam-

ples of old classes by using replay strategies. We propose RECALL (REplay inContinuAL

Learning) [241], a method that re-creates representations of old classes andmixes themwith

the available training data, i.e., containing novel classes being learned (see Figure 8.1). To re-

ducebackground shift, we introduce a self-inpainting strategy that re-assigns thebackground

region according to predictions of the previous model. Similarly to the CIL approach devel-

oped inChapter 7, data representations from former tasks are replayed tomitigate 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 昀椀rst is
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Figure 8.1: Replay images of previously seen classes are retrieved by a web crawler or a genera琀椀ve 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, i.e., a Generative Adversarial Network (GAN) [31]

conditioned to produce samples of an input class. TheGANhas been trained beforehandon

a dataset di昀昀erent than the target one (we chose ImageNet as it comprehends a wide variety

of classes and domains), thus requiring a Class MappingModule 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 昀椀rst approach to use replay data from external sources (i.e.,

still following an exemplar-free setup) in continual semantic segmentation.

(ii) To the best of our knowledge, we are the 昀椀rst to propose a webly-supervised paradigm

in continual learning, showinghow it is possible to e昀昀ectively extract useful clues from

extremely weakly supervised and noisy samples.

(iii) We devise a background inpaintingmechanism 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 competitorswhen the training process comprises a large num-

ber of incremental steps.
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The reminder of the chapter develops as follows: 昀椀rst 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 evaluationblocks 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; 昀椀nally, the chapter will conclude with the experimental analysis and

ablation studies to prove the e昀케cacy of the proposed CIL method (Sections 8.5 and 8.6).

8.2 Problem Formula琀椀on

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 imageX ∈ X ⊂

R
H×W×3, we aim at producing a map Ŷ ∈ Y ⊂ CH×W that is a prediction of the ground-

truth map Y. This is nowadays usually achieved by using a suitable deep learning model

M : X 7→ R
H×W×|C|, commonly made by a feature extractorM e followed by a decoding

moduleMd, i.e.,M =Md ◦M e.

In standard supervised learning, the model is learned in a single shot over a training set

T ⊂ X × Y , available in its complete form to the training algorithm. In class-incremental

learning, instead, we assume that the training is performed inmultiple steps andonly a subset

of training data is made available to the algorithm at each step t = 0, ..., T . More in detail,

we start from an initial step t = 0 where only training data concerning a subset of all the

classes C0 ⊂ C is available (we assume that b ∈ C0). We denote withM0 : X 7→ R
H×W×|C0|,

M0 = Md
0 ◦M

e
0 the model trained after this initial step. Moving to a generic step t, a new

set of classes Ct is added to the class collection C0:t91 learned up to that point, resulting in an

expanded set of learnable classes C0:t = C0:t91∪Ct (we assume C0:t91 ∩ Ct = ∅). Themodel

after the t-th step of training isMt : X 7→ R
H×W×|C0:t|, whereMt =Md

t ◦M
e
0 , since in our

approach the encoderM e
0 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 uni昀椀ed 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 C0 (except for b) are assumed to be available. We denote withYC0∪{b} ⊂

CH×W0 the corresponding output space where labels can only belong to C0, while all the pix-
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Table 8.1: Formal de昀椀ni琀椀on of key nota琀椀on used throughout Chapter 8.

Symbol De昀椀nition

t ∈ {0, 1, 2, ..., T} Step index

b Background class

S Source Block

Me
0

Encoder trained at step t = 0 and kept frozen

M
d,H
Ct

Helper decoder of step t

LCt
= M

d,H
Ct
◦Me

0
Instance of Label Evaluation Block of step t

{LCt
}Ct⊂C Label Evaluation Block

X rpCt
Replay image data of step t

YrpCt
Pseudo-labels of replay image data of step t

RCt
⊂ X rpCt

× YrpCt
Replay training data of step t

T bit ⊂ X × YC0:t
Original training data of step t > 0 after background inpainting

T rpt = T bit ∪RC0:t91
Enhanced training data at step t by replay and background inpainting

G Data generation network (e.g., GAN)

CG GAN’s class set

I Classi昀椀er on GAN’s pre-training dataset

els not pertaining to these classes are assigned to b. Incremental partitions are built as dis-

joint subsets of the whole training set. The training data associated to the t-th step, Tt ⊂

X × YCt∪{b}, has only images corresponding to classes in Ct with just classes of step t anno-

tated (old classes are labeled as b), and is disjoint with respect to previous and past partitions.

Overlapped setup: in the 昀椀rst phase we select the subset of training images having only C0-

labeled pixels. Then, the training set at each incremental step contains all the images with

labeled pixels from Ct, i.e., Tt ⊂ X × YCt∪{b}. Similarly to the initial step, labels are limited

to semantic classes in Ct, 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 Con琀椀nual Learning

In the standard setup, the segmentation modelM is trained with annotated samples from a

training setT . Data should be representative of the taskwewould 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 condi琀椀onal GAN, which retrieves a set of unlabeled replay images for the past
seman琀椀c classes. Then, a Label Evalua琀椀on Block produces the missing annota琀椀ons. Finally, the segmenta琀椀on 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 ofM :

Lce(M ; C, T )=−
1

|T |

∑

X,Y∈T

∑

c∈C

Y[c] · log
(

M(X)[c]
)

. (8.1)

In the incremental learning setting, when performing an incremental training step t only

samples related to new classes Ct are assumed to be at our disposal. Following the simplest

approach, we could initialize our model’s weights from the previous step (Mt91, t ≥ 1)

and learn the segmentation task over classesC0:t by optimizing the standardLce(Mt; C0:t, Tt)

objectivewith data from the current training partitionTt. However, simple 昀椀ne-tuning leads

to catastrophic forgetting, being unable to preserve previous knowledge. In the following

we will detail the proposed framework tomitigate forgetting by image-level replay. Table 8.1

reports and de昀椀nes key notation used in this chapter.

8.3.1 Architecture of Replay Block
To copewith 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 : Ct 7→ X
rp
Ct
. (8.2)

This module takes in input a set of classes Ct (background excluded) and provides images

whose semantic content can be ascribed to those categories (e.g., Xrp ∈ X rp
Ct
). We adopt

two di昀昀erent 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-

si昀椀cation labels), and for this reason we introduce an additional Label Evaluation Block

{LCt}Ct⊂C , which aims at annotating examples provided by the replaymodule. This block is

made of separate instancesLCt =Md,H
Ct
◦M e

0 , each denoting a segmentation model to clas-

sify a speci昀椀c set of semantic categories Ct ∪ {b} (i.e., the classes in Ct plus the background):

LCt : XCt 7→ R
H×W×(|Ct∪{b}|). (8.3)

All LCt modules share the encoder sectionM e
0 from the initial training step, so that only

a minimal portion of the segmentation network (i.e., Md,H
Ct

, 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 evenmore compact representation, but it

experimentally led to worse performance.

Provided that S and LCt are available, replay training data can be collected for classes in

Ct. A query to S outputs a generic image exampleXrp
Ct

= S(Ct), which is then associated to

its prediction:

Y
rp
Ct

= argmax
c∈Ct∪{b}

LCt(X
rp
Ct
)[c]. (8.4)

By retrieving multiple replay examples, we build a replay datasetRCt = {(X
rp
Ct
,Yrp
Ct
)n}

Nr

n=1,

whereNr is a 昀椀xed hyper-parameter empirically set (see section 8.5).

8.3.2 Background Self‐Inpain琀椀ng

To deal with the background shift phenomenon, we propose a simple yet e昀昀ective 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 e昀昀ect similar to knowledge distillation [3, 118], although its imple-

mentation is quite di昀昀erent. At every step t with training set Tt, we take the background

region of each ground-truthmap andwe label it with the associated prediction from the pre-
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Figure 8.3: Background self‐inpain琀椀ng process.

vious modelMt91 (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 mapY available at step

t > 0with its inpainted versionYbi:

Ybi[h,w]=







Y[h,w] ifY[h,w]∈Ct

argmax
c∈C0:t91

Mt91(X)[h,w][c] otherwise
(8.5)

where (X,Y) ∈ Tt, while [h,w] denotes the pixel coordinates. Labels at step t = 0 are not

inpainted, as at that stage we lack any prior knowledge of past classes. When background

inpainting is performed, each set T bit ⊂ X × YC0:t (t > 0) contains all samples of Tt 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 inFigure 8.2. Supposewe are at the incremental step t, with only training

data of classes in Ct from partition Tt available. In a 昀椀rst stage, the Replay Block is 昀椀xed and

it is used to retrieve annotated data for steps from 0 to t − 1 uniformly distributed among

all the past classes. Following the described pipeline, the generative and labeling models are

applied independently over each incremental class setCi, i = 0, ..., t−1. The replay training
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Algorithm 8.1 RECALL: incremental training procedure.

Input: {Tt}
T
t=0 and {Ct}

T
t=0

Output:MT

trainM0 =Md
0 ◦M

e
0 withLce(M0; C0, T0)

train S on (C0, T0)
trainMd,H

C0
withLce(LC0 ; C0, T0)

for t← 1 to T do
background inpainting on Tt to obtain T

bi
t

train S on (Ct, Tt)
trainMd,H

Ct
withLce(LCt ; Ct ∪ {b}, Tt)

generate T rpt = T bit ∪RC0:t91
trainMd

t withLce(Mt; C0:t, T
rp
t )

end for

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

RC0:t91 =
t91
⋃

i=0

RCi . (8.6)

Once we have assembledRC0:t91 , bymerging it with T bit we get an augmented step-t training

partition T rpt = T bit ∪ RC0:t91 . This new set, in principle, is complete of annotated sam-

ples containing both old and new classes, thanks to replay data. Therefore, we e昀昀ectively

learn the segmentationmodelMt through the cross-entropy objectiveLce(Mt; C0:t, T
rp
t )on

replay-augmented training data. This mitigates the bias toward new classes, thus preventing

forgetting.

In a second stage, we exploit Tt 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 Ct, and we op-

timize the decoderMd,H
Ct

to correctly segment, in conjunction withM e
0 , images from Tt by

minimizing Lce(LCt ; Ct ∪ {b}, Tt). 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 T rpt . 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 Brp supplied

to the network is made of rnew samples from the current training partition T bit and rold re-

play samples fromRC0:t91 . The ratio between rnew and rold 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 describemore 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 awide set of semantic classes CG

and di昀昀erent 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 (e.g., hat) 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 containingpreviously seen classes by

sampling the GAN’s generator output, i.e.,Xrp = G(n, cG) conditioned onGAN’s classes

cG ∈ CG 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 di昀昀erent label set.

For this reason, the Source Block with GAN is composed of twomain modules, namely the

actual GAN for image generation and a ClassMappingModule 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, 昀椀rst we

use the latter to translate the class set Ct to the matching set CGt . Then, a set of queries to the

conditioned GAN’s generator:

X
rp
Ct

= G(n, cG), cG ∈ CGt (8.7)

provides samples resembling the ones in Ct, 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 t, the Source Block with GAN goes through two separate train-

ing and inference stages. In a 昀椀rst training phase, samples from Tt are fed to an Image Clas-

si昀椀er I , which is pre-trained to solve an image classi昀椀cation task on the GAN’s dataset. In

particular, for each class c ∈ Ct we select the corresponding training subset T
c
t ⊂ Tt, i.e., all

the samples of set Tt associated to class c, and we sum the resulting class probability vectors

from the classi昀椀cation output. Then, the GAN’s class cG with the highest probability score

is identi昀椀ed by:

cG = argmax
j∈CG

∑

X←T c
t

I(X) [j] , (8.8)

whereX is extracted fromT ct (labels are not used) and I(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 Ct, we build the mapped set CGt . 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 C0:t91 are provided as input to the Source Block.

Thanks to the class correspondences saved in previous steps, C0:t91 are mapped to CG0:t91.

Next, image generation conditioned on each class of CGAN0:t91 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 otherwisewould

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 Flickr website, but any other online database or

search engine can be used.

Assumingwe are at the incremental step t andwe have access to the names of every class in

the past iterations (e.g., ∀c ∈ C0:t91), we download images whose tag and description happen

to both contain the class name through the Flickr’s web crawler. Then, the web-crawled

images are fed to the Label Evaluation Block for their annotation.

Compared to theGAN-based approach, the online retrieval solution is simpler as no learn-

ablemodules are introduced. In addition, we completely avoid to assume that a larger dataset

is available, whose class range should be su昀케ciently 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 independentof the speci昀椀cnetwork 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

{Md,H
Ct
}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 5e94 and decreased to 5e96 according to polynomial decay of power 0.9. Following previ-

ous works [118, 119], we train the model for |Ct| × 1000 learning steps in the disjoint setup

and for |Ct|× 1500 steps in the overlapped setup. Each helper decoderMd,H
Ct

is trained with

a polynomially decaying learning rate starting from 2e94 and ending at 2e96 for |Ct|×1000

steps. As Source Block, we use BigGAN-deep [209] pre-trained [210] on ImageNet. At

each incremental step t, we generate 500 replay samples per old class, i.e.Nr = 500. To

map classes from the segmentation dataset to the GAN’s one, we use the E昀케cientNet-B2

[211] classi昀椀er implemented at [212] and pre-trained on ImageNet. The interleaving ratio

rold/rnew is set to 1. As input pre-processing, random scaling and mirroring are followed

by random padding and cropping to 321 × 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: i.e., 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 10 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 comparewith the naïve 昀椀ne-tuning approach (FT), which de昀椀nes 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: mIoU on Pascal VOC2012 for di昀昀erent incremental setups. Results of compe琀椀tors in the upper part come
from [2, 3], while we run their implementa琀椀ons 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 all 1-19 20 all 1-10 11-20 all 1-10 11-20 all

FT 35.2 13.2 34.2 34.7 14.9 33.8 7.7 60.8 33.0 7.8 58.9 32.1
S&R 55.3 43.2 56.2 54.0 48.0 55.1 25.1 53.9 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 62.2 70.7 63.4 67.2
LwF-MC [112] 38.5 1.0 36.7 37.1 2.3 35.4 52.4 42.5 47.7 53.9 43.0 48.7
ILT [118] 66.9 23.4 64.8 50.2 29.2 49.2 67.7 61.3 64.7 70.3 61.9 66.3
CIL [4] 62.6 18.1 60.5 35.1 13.8 34.0 37.4 60.6 48.4 38.4 60.0 48.7
MiB [3] 69.6 25.6 67.4 70.2 22.1 67.8 66.9 57.5 62.4 70.4 63.7 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 50.1 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 75.5 73.5 75.4 75.5 73.5 75.4 76.6 74.0 75.4 76.6 74.0 75.4

15-5 15-1
Disjoint Overlapped Disjoint Overlapped

Method 1-15 16-20 all 1-15 16-20 all 1-15 16-20 all 1-15 16-20 all

FT 8.4 33.5 14.4 12.5 36.9 18.3 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 26.2 15.1 23.6 24.0 15.0 21.9
LwF-MC [112] 41.5 25.4 37.6 59.8 22.6 51.0 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 6.7 1.2 5.4 5.7 1.0 4.6
CIL [4] 42.6 35.0 40.8 14.9 37.3 20.2 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 46.2 12.9 37.9 35.1 13.5 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 77.5 68.5 75.4 77.5 68.5 75.4 77.5 68.5 75.4 77.5 68.5 75.4

10-5 10-1
Disjoint Overlapped Disjoint Overlapped

Method 1-10 11-20 all 1-10 11-20 all 1-10 11-20 all 1-10 11-20 all

FT 7.2 41.9 23.7 7.4 37.5 21.7 6.3 2.0 4.3 6.3 2.8 4.7
S&R 26.0 28.5 29.7 22.2 28.5 27.9 30.2 19.3 27.3 28.3 20.8 27.1

LwF [180] 52.7 47.9 50.4 55.5 47.6 51.7 6.7 6.5 6.6 16.6 14.9 15.8
LwF-MC [112] 44.6 43.0 43.8 44.3 42.0 43.2 6.9 1.7 4.4 11.2 2.5 7.1
ILT [118] 53.4 48.1 50.9 55.0 44.8 51.7 14.1 0.6 7.5 16.5 1.0 9.1
CIL [4] 27.5 41.4 34.1 28.8 41.7 34.9 7.1 2.4 4.9 6.3 0.8 3.6
MiB [3] 54.3 47.6 51.1 55.2 49.9 52.7 14.9 9.5 12.3 15.1 14.8 15.0
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) 60.0 52.5 57.8 60.8 52.9 58.4 58.3 46.0 53.9 59.5 46.7 54.8
RECALL (Web) 63.2 55.1 60.6 64.8 57.0 62.3 62.3 50.0 57.8 65.0 53.7 60.7

Joint 76.6 74.0 75.4 76.6 74.0 75.4 76.6 74.0 75.4 76.6 74.0 75.4

As comparison, we include 2 methods extended from classi昀椀cation (i.e., LwF [180] and its

single-headed version LwF-MC [112]) and the most relevant methods designed for contin-

ual segmentation (i.e., ILT [118], CIL [4], MiB [3] and SDR [2]). Exhaustive quantitative
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Figure 8.4: Evolu琀椀on of performance in terms of mIoU 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 Addi琀椀on of the last class
First, we train over the 昀椀rst 19 classes during step 0. Then, we perform a single incremental

step to learn tv/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 e昀昀ective 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 con昀椀rming the usefulness of replay data.

8.6.2 Addi琀椀on of last 5 classes
In this setup, 15 classes are learned in the initial step, while the remaining 5 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 e昀昀ectively restore knowledge of past classes,

leading to a 昀椀nal 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, insu昀케cient to adequately preserve learned knowledge. Finally, we observe

that RECALL can scale much better than competitors whenmultiple incremental steps are

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

8.6.3 Addi琀椀on 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 (10-10), in 2 steps of 5 classes each (10-5), or

individually (10-1). Again, FT is heavily a昀昀ected by the information loss that occurs when

performing incremental training without regularization, leading to performance drops up

to about 71% ofmIoUw.r.t. the joint training in themost 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 di昀케culty of the settings

increases. In the 10-10 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 about8%ofmIoU in10-5 andby37%ofmIoU in10-1. We remarkhowRE-

CALL shows a convincing capability of providing a rather steady accuracy in di昀昀erent 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 (i.e., from 10-

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.e., 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 e昀昀ectively alleviates forgetting and reduces the bias towards novel

classes. In the 昀椀rst row, the bus is correctly preserved while FT, S&R and inpainting wrongly

classify it as train (i.e., 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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Table 8.3: Per‐class IoU of compared methods in disjoint experimental protocol on mul琀椀ple scenarios of Pascal VOC
2012.
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19
-1

FT 72.4 62.4 6.7 45.0 47.1 39.5 33.7 40.9 25.7 4.3 54.0 8.0 25.0 50.4 50.6 0.0 35.3 43.0 0.8 59.5 13.2 35.2 13.2 34.2

Inp. 91.0 83.9 35.1 77.3 62.3 70.7 77.9 73.4 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

GAN 91.7 82.8 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 35.9 83.4 59.9 73.5 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 89.9 39.2 87.6 65.2 77.3 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

15
-5

FT 72.4 62.4 6.7 45.0 47.1 39.5 33.7 40.9 25.7 4.3 54.0 8.0 25.0 50.4 50.6 0.0 35.3 43.0 0.8 59.5 13.2 35.2 13.2 34.2

Inp. 89.0 68.7 36.0 68.2 48.4 71.4 12.8 77.3 85.6 26.7 8.1 48.8 80.3 61.6 68.8 78.7 20.1 29.0 26.3 38.4 51.8 56.1 33.1 52.2

GAN 90.4 78.8 35.0 79.5 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 85.0 77.8 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 92.5 89.9 39.2 87.6 65.2 77.3 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 77.5 68.5 75.4

15
-1

FT 74.2 27.2 0.0 1.6 15.1 11.3 0.0 4.1 0.5 0.0 0.0 0.0 0.0 0.2 0.2 0.0 27.0 25.6 28.9 33.5 52.2 8.4 33.5 14.4

Inp. 85.9 38.9 31.4 79.4 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

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 58.0 39.2 60.1 43.8 66.0 44.9 62.1

Web 90.5 82.1 34.4 81.5 62.6 76.0 82.3 77.0 85.1 27.4 63.6 39.4 80.3 71.9 72.2 78.4 35.4 64.4 35.7 61.9 48.7 67.6 49.2 64.3

Joint 92.5 89.9 39.2 87.6 65.2 77.3 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 77.5 68.5 75.4

10
-1
0

FT 82.1 0.2 0.0 1.2 0.0 1.4 0.0 0.0 0.0 0.0 0.0 52.3 73.2 49.8 73.1 81.8 41.4 49.7 49.1 76.1 62.2 7.7 60.9 33.0

Inp. 90.9 81.8 34.1 73.1 58.6 73.3 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 30.4 75.8 61.4 73.5 80.8 77.2 72.8 23.6 46.8 48.0 65.4 55.3 66.1 72.5 36.8 58.3 36.1 67.1 55.6 62.6 56.1 60.8

Web 90.9 82.3 32.7 75.4 63.2 72.8 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 92.5 89.9 39.2 87.6 65.2 77.3 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 74.0 75.4

10
-5

FT 78.2 0.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0 16.4 13.7 23.4 55.7 46.7 37.4 39.8 47.9 75.6 62.3 7.2 41.9 23.7

Inp. 88.5 58.8 31.9 55.4 58.2 69.2 0.2 78.3 83.2 28.2 5.0 36.4 71.6 34.7 61.4 74.1 20.4 26.2 25.5 34.0 47.9 46.8 43.2 47.1

GAN 89.3 77.9 28.9 72.1 59.3 73.6 75.1 75.8 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 31.2 74.6 61.6 72.0 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 92.5 89.9 39.2 87.6 65.2 77.3 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 74.0 75.4

10
-1

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. 85.0 35.3 28.6 72.6 37.2 67.9 16.9 65.3 83.0 32.1 13.3 35.1 41.4 5.0 22.5 71.7 21.5 16.9 34.5 19.2 13.0 45.2 28.1 39.0

GAN 88.8 77.9 26.6 71.8 58.6 73.2 63.5 74.0 75.7 20.5 41.3 34.2 60.5 43.6 58.6 66.2 15.8 51.7 37.4 53.0 38.8 58.3 46.0 53.9

Web 89.1 79.1 31.0 74.4 62.2 66.5 81.7 74.1 78.7 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 92.5 89.9 39.2 87.6 65.2 77.3 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 74.0 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: 昀椀ne-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 昀椀ne-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 e昀昀ect to recent knowledge distillation approaches [3, 119].

On top of this, we applyGANorWeb-based replay strategies to regularize training and back-

ground content inpainting scheme to reduce bias toward the background. While these strate-

gies are speci昀椀cally designed to preserve old knowledge, they also allow to achieve largemIoU

gains on new classes reducing the false positive rate (i.e., the detection of new classes in loca-

tions containing the old ones).

In order to better understand the e昀昀ect 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

a very 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 e昀昀ectively improve knowledge preservation thanks to replay data and

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

8.6.5 Abla琀椀on 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 昀椀xed 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 (le昀琀) and IoU
(right) of the last class currently introduced. The bo琀琀om part, instead, shows the mean IoU over the old classes up
to the ongoing step (le昀琀), as well as the overall mean IoU 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:po琀琀ed plant, 7:sheep, 8:sofa, 9:train and
10:tv/monitor. The highest values have been highlighted in bold.

PA (new) ste
p
1

ste
p
2

ste
p
3

ste
p
4

ste
p
5

ste
p
6

ste
p
7

ste
p
8

ste
p
9

ste
p
10

FT 69.2 90.9 87.1 79.2 88.3 3.8 26.9 49.9 55.0 57.5

ILT [118] 70.2 88.3 44.3 52.8 86.9 58.7 22.5 43.6 48.8 56.3

MiB [3] 75.5 87.2 38.5 51.2 89.6 61.0 6.1 38.2 47.4 60.2

SDR [2] 68.7 73.2 34.0 31.0 84.5 55.6 15.7 39.0 45.1 55.8

RECALL (GAN) 24.0 56.7 38.1 58.5 76.2 27.1 36.8 25.4 53.0 45.0

RECALL (Web) 23.8 57.3 46.1 62.3 79.3 36.9 42.8 26.9 64.2 57.4

IoU (new) ste
p
1

ste
p
2

ste
p
3

ste
p
4

ste
p
5

ste
p
6

ste
p
7

ste
p
8

ste
p
9

ste
p
10

FT 16.2 37.0 15.8 12.6 78.4 3.2 9.2 16.3 9.7 19.9

ILT [118] 14.6 37.2 14.5 11.5 68.6 5.5 4.9 10.3 11.1 13.8

MiB [3] 14.6 38.0 12.2 9.5 66.0 9.6 1.7 5.5 10.9 7.0

SDR [2] 25.0 54.0 13.3 10.9 69.2 10.9 5.4 8.9 15.4 17.8

RECALL (GAN) 22.4 53.9 36.1 54.6 64.4 23.6 34.4 23.6 49.3 38.8

RECALL (Web) 22.1 54.5 43.7 58.4 67.9 30.5 39.6 24.7 58.3 45.0

mIoU (old) ste
p
1
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p
2

ste
p
3
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p
4
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p
5

ste
p
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ste
p
7

ste
p
8

ste
p
9

ste
p
10

FT 50.4 23.9 26.1 20.5 4.6 4.7 4.2 3.7 3.8 3.5

ILT [118] 59.4 33.5 35.2 20.9 11.7 11.2 10.9 10.2 7.1 7.2

MiB [3] 64.3 53.6 61.1 26.0 25.3 27.6 19.0 16.8 9.7 12.6

SDR [2] 64.9 57.5 61.6 35.2 30.2 32.4 28.7 27.5 19.2 21.0

RECALL (GAN) 74.7 64.7 63.4 63.2 60.7 62.9 57.9 56.5 53.5 54.6

RECALL (Web) 74.3 63.9 64.6 65.0 63.5 65.5 60.6 60.1 58.3 58.4

mIoU (all) ste
p
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p
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p
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p
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p
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p
6

ste
p
7

ste
p
8

ste
p
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ste
p
10

FT 47.3 25.0 25.3 19.9 9.5 4.6 4.5 4.4 4.1 4.3

ILT [118] 55.3 33.8 33.6 20.2 15.5 10.8 10.5 10.2 7.3 7.5

MiB [3] 59.8 52.3 57.3 24.8 28.0 26.5 18.0 16.2 9.8 12.3

SDR [2] 61.3 57.2 57.9 33.5 32.8 31.1 27.3 26.5 19.0 20.8

RECALL (GAN) 70.4 63.9 61.5 62.7 60.9 60.6 56.6 54.8 53.3 53.9

RECALL (Web) 69.9 63.2 63.1 64.6 63.7 63.5 59.4 58.3 58.3 57.8
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Figure 8.8: Memory occupa琀椀on 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 speci昀椀c module (Section 8.3), which requires to save a set of helper decoders

{Md,H
Ci
}ki=0, one for each past step. Finally, for the GAN-based approach we add the stor-

age required 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 Inpain琀椀ng

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 e昀昀ect tends to attenuate

withmultiple incremental steps. For example,moving from10-10 to 10-1 overlapped setups,

the mIoU drops more than 20%. On the other hand, the proposed replay techniques prove

to be bene昀椀cial 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: Dis琀椀nct interleaving policies in the 15‐1 disjoint setup.

Table 8.5: mIoU results showing the contribu琀椀on of each module of our framework, D: Disjoint, O: Overlapped.

19-1 15-5 15-1 10-10 10-5 10-1
Method D O D O D O D O D O D O

Bgr inp. 65.6 66.7 52.2 52.5 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 57.3 57.4 55.2 54.7 55.0 53.7 55.2 58.2 47.9 52.1 45.4 50.1

GAN+inp. 65.8 68.4 63.5 64.0 62.1 62.7 60.8 63.1 57.8 58.4 53.9 54.8
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

further boosts the 昀椀nal results in all setups (up to 15%), proving that they can be e昀昀ectively

combined.

New vs Replay Data Balance

Finally, we analyze how results vary w.r.t. the proportion of new (rnew) and replay (rold)

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, i.e.,

rnew/rold = 1.

RECALL as Addi琀椀onal 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 naïve pseudo-labeling

(i.e., using the decoder of the previous step) already leads to a performance improvement,
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Table 8.6: mIoU on VOC2012 disjoint 15‐1 with replay data. G: GAN, F: Flickr. Naïve: only decoder of last step is used
for pseudo‐labeling, Ours: our complete approach (RECALL) is used.

none + Naïve (G) + Naïve (F) + Ours (G) + Ours (F)

ILT 5.4 37.8 (+32.4) 39.9 (+34.5) 49.6 (+44.2) 51.5 (+46.1)

MiB 37.9 49.3 (+11.4) 50.5 (+12.6) 63.5 (+25.6) 65.7 (+27.8)

SDR 48.1 53.1 (+05.0) 55.8 (+07.7) 65.5 (+17.4) 66.5 (+18.4)

but combining our method with previous approaches leads to much higher results with im-

provements ranging from 17% to 46%, proving the e昀昀ectiveness 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 (e.g., ImageNet [26]). Notice that properly mapping the labels between the

di昀昀erent domains is an important step, since incorrect pairings may easily harm the accuracy

of the 昀椀nal model.

To solve the task, we took an Image Classi昀椀er I pre-trained to address an image classi昀椀ca-

tion task on the GAN’s dataset. Then, for each class c in the current label set we select the

corresponding training subset (i.e., all the samples of the current training set associated to

class c), and we sum the resulting class probability vectors from the classi昀椀cation output (ac-

cording to I). An argmax operation is then performed, to identify theGAN’s class cGwith

the highest probability score. To show the e昀昀ectiveness of the proposed classi昀椀cation, 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 VOC2012 dataset. We can see that for all the classes the top selected pairings

appear reasonable at 昀椀rst (notice that only the best matching class is selected in the proposed

approach). At a closer look, we 昀椀nd that the classi昀椀er 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 (i.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 di昀昀erent domains with di昀昀erent statistical dis-

tributions (ImageNet domain versus Pascal VOC2012 one), but also to di昀昀erent labeling

domains (the label set of VOC2012 is not a subset of the ImageNet one).
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Pascal ImageNet

index class 1st 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 昀椀reboat

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

15 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 e昀昀ectiveness 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 classmapped

to the cowboy hat the images look reasonable, even if the variability in this case ismuch smaller

if compared to the original VOC class data.
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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 III

Learning Under Task and Domain Shift
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9
Transfer Learning Across Tasks and

Domains

9.1 Introduc琀椀on

Although capable of remarkable performance in narrow and con昀椀ned tasks, deep models

tend to struggle when confrontedwith 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 problemswhen it comes to deploying deepmodels in practical applications, as

in the real world it is very likely to encounter distribution variability both in terms of input

data experienced andof target tasks. Nonetheless, the fundamental problemof continuously

learning and adapting to novel environments remains open and is actively investigated, with

a long way before its de昀椀nitive solution.

A thriving research endeavour has been devoted to continual learning in vision problems,

such as image classi昀椀cation [112, 113, 166], object detection [115, 214, 215] and, more re-

cently, semantic segmentation [3, 118, 120]. As detailed in Section 6.3, themajority of those

works, however, are limited to a class 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 signi昀椀cant re-
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search e昀昀ort 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 e昀昀ectively

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 昀氀exible 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 Formula琀椀on

Similarly to Unsupervised Domain Adaptation (Part I) and Continual Learning under task

shift (Part II), themore 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 昀椀nds the same

obstacle as task-focused CL in the tendency of deep prediction models to catastrophically

forget former tasks, thus requiring learningmechanisms 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 seek to achieve satisfactory prediction performance on

all tasks considered and in all domains experienced.

More formally, the learning process is divided into multiple steps t = 0, 1, ..., T , each

characterized by its own training data (Xt,Yt) distributed according toP(Xt,Yt) overXt×
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Yt. As in case ofCIL, the challenge stands in the t-th training set being no longer available af-

ter the end of the t-th step. Moreover, single-step data represent a subset of a comprehensive

domain (X ,Y) associated toP(X ,Y) overX × Y , withX =
⋃T

t=0Xt and Y =
⋃T

t=0 Yt.

We also assume that Yt+1 6= Yt, to represent the incrementally changing task supervision,

similarly to what happens task-focused continual learning. Yet, we additionally enforce that

Dt+1 6= Dt, to signify that input distribution is also mutating alongside tasks. The em-

ployednotation is the same characterizingPart II (seeTable 6.1), andwill be used throughout

Part III as well.

Given a predictionmodelMT incrementally trained, our goal is to solve the empirical risk

minimization:

argminθE(X ,Y) [L (MT (X ; ¹) ,Y)] , (9.1)

with ¹ and L 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 Adapta琀椀on with Variable Tasks or Domains

As thoroughly discussed in the 昀椀rst part of this dissertation, deepmodels are known to su昀昀er

performance degradationwhen presentedwithmutable 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 昀氀ourishing 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 studymore realistic setups involving variable tasks or incremental

domain shift. In particular, di昀昀erent variations of the staticDAhave beenproposed, 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, i.e., it al-

lows source and target classes to be di昀昀erent. 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 universal setup implies the largest 昀氀exibility

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 con昀椀ned to the

image classi昀椀cation problem [218, 220, 221]. Moreover, these works do not involve class in-

cremental learning, as adaptation is performedwith simultaneous access to source and target

domains in a single learning phase.

Con琀椀nual Domain Shi昀琀

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 di昀昀erent domains

are experienced in di昀昀erent 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

It is possible to 昀椀nd in literature a fewworks that address both task incremental and domain

adaptation problems.

Garg et al. [228] develop a multi-domain incremental learning (MDIL) framework that

involves classi昀椀cation 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-speci昀椀c 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

[229–231], whereas posing some constraints that di昀昀erentiate their setup from a general task

and domain continual learning. Kalb et al. [229] discuss class and domain incremental learn-
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ing, but each problem is tackled individually by evaluating standard CIL and DAmethods.

Moreover, in [230], coarse-to-昀椀ne continual learning is explored, but the proposed setup

does not involve domain shift across learning steps, as source and target domains are kept

昀椀xed.

Closer to the comprehensive CL, Simon et al. [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 speci昀椀cally targets image classi昀椀cation.

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 10.

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 speci昀椀c 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 50 cities, all located inCentral 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.

BDD100K. The Berkeley DeepDrive dataset (BDD) [88] is a more diverse collection of

road scenes, captured with variable weather conditions at di昀昀erent times of the day. Com-
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Cityscapes → BDD → IDD

Figure 9.1: Domain distribu琀椀on shi昀琀 due to change of geographic loca琀椀on (urban se琀�ng).

North America → Asia → Africa

Figure 9.2: Domain distribu琀椀on shi昀琀 due to change of geographic loca琀椀on (worldwide se琀�ng).

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 o昀昀ers a diversi昀椀ed 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 di昀昀erent learning

steps, it is possible to generate incremental distribution shift, as each single set provides pecu-

liar visual features that di昀昀erentiate it from the others, while the high-level semantic content

(i.e., driving scenery) is the same for all of them (as shown in Figure 9.1).

Worldwide Scene Collec琀椀on

Mapillary Vistas. TheMapillary 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 → Night

Figure 9.3: Domain distribu琀椀on shi昀琀 due to environmental factors.

Environmental Condi琀椀ons

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 Introduc琀椀on

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, di昀昀ering 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 (i.e., 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 classesmust be performed to achieve satisfactory 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 le昀琀→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‐
iza琀椀on allows to reiterate old‐domain distribu琀椀on, 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

(i.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 (i.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 昀椀nally (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.

(ii) 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 eachmodule of the overall framework (Section 10.4); wewill 昀椀nally

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 Formula琀椀on

In semantic segmentation we aim at labeling every individual spatial location of an image by

associating it with a semantic class taken from a prede昀椀ned collection of candidates C. That

is, given an RGB image X ∈ X ⊂ R
H×W×3, a segmentation networkM : X 7−→ Y is

exploited to provide its segmentation map Ŷ ∈ Y ⊂ CH×W . Ŷ should be an accurate

prediction of the ground-truth mapY, which is available only at training time.

We follow an incremental learning protocol to optimize the segmentation network, as

depicted in Figure 10.2. Speci昀椀cally, the predictor is trained in multiple steps t = 0, ..., T

to recognize a progressively increasing set of semantic classes. At step t, a new class set Ct
is introduced, along with training data Tt = {(Xt,Yt)} ⊂ Xt × Y t associated to that

set, which is available on the current image domain Xt. The supervision provided by Tt is

restricted to Ct, meaning that any pixel within Tt is tagged in Yt with c ∈ Ct. At the end of

the step, all the currently accessible data is discarded and is not reused again. Theprocedure is

reiterated formultiple learning steps, with a newdomainXt and class setCt being introduced

and used for training at each step.

More formally, the objective is to trainMt : X0:t 7−→ Y0:t

• to recognize all the semantic classes observed up to the present step t:

Y0:t ∈ C
H×W
0:t , C0:t =

t
⋃

k=0

Ck, (10.1)
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Table 10.1: Formal de昀椀ni琀椀on of key nota琀椀on used throughout Chapter 10.

Symbol De昀椀nition

t ∈ {0, 1, 2, ..., T} Step index

u Unknown class

Mt,Mt91 Current and past segmentation models at step t

Ŷt Segmentation prediction byMt

Ŷ
K
t91 Pseudo-label byMt91 over stylized images from steps k ∈ K

Ŷ
<t
t91 Pseudo-label byMt91 over oldly-stylized images

N

Y
<t
t91 Re昀椀ned pseudo-label byMt91 over oldly-stylized images

F̄At Style of domain of step t

Wβ Style window, with size controlled by β

MF
0:t Style memory bank up to step t

X̃t�k Domain of step t stylized as domain of step k

P kt Prob. map byMt over image with style of step k

P̊t Prob. map byMt with past and unknown class probability channels grouped
∗

Pt Prob. map byMt with new and unknown class probability channels grouped

• on all the image domains experienced so far:

X0:t =
t
⋃

k=0

Xk. (10.2)

We remark that {Xt}
T
t=0 are characterized by diverse statistical properties, i.e., domain

shift occurs between them, typicallymanifested through cross-domain variable visual appear-

ance of scene elements that yet share semantic signi昀椀cance. All Ct are disjoint sets, except for

the unknown (u) class, which belongs to each of them. Class u at step t 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 thewhole set of the semantic classes. Even so, themodel
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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 tes琀椀ng, 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) adapt old-class knowledge learned in former domains to the novel domain.

Class Incremental Learning. The di昀昀erent class supervision available on di昀昀erent 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 frompast 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 frameworkbuilds uponmul-

tiple individual objectives, each focusing on a speci昀椀c challenge enclosed in the general setup.
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Table 10.2: Training objec琀椀ves: the n/o superscripts denote the use of new/old domain data, with ·̃ implying styliza琀椀on.

NewDomain Old Domains

New Classes Lñce Lõce

Old Classes Lñkd Lõkd

We simultaneously progress along class and domain incremental directions; at each learning

step, after the 昀椀rst 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 speci昀椀c learning objective for each of the di昀昀erent combinations of domain and

class types (see Table 10.2 and Figure 10.4), i.e., 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 Styliza琀椀on

We resort to a style transfer mechanism to recreate image data with statistical properties re-

sembling those of past domains (Figure 10.3). More speci昀椀cally, 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 bene昀椀ts 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 transfermechanismwe adopt is inspired by [30] and involves low computational

cost and memory requirements. The original algorithm works in the Fourier transform do-

main: the low frequencyportionof the amplitudeof the spectral representation froma target
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Figure 10.3: Domain styliza琀椀on: to access no longer available old domain data, we stylize new domain data according
to former‐domain styles stored in a memory bank. In addi琀椀on, we perform self‐styliza琀椀on to improve generaliza琀椀on
performance.

image (i.e., the style) is extracted and applied to replace that of a source image (i.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 (i.e., the amplitude central window), andwe average it over

all the samples:

F̄A
t =

1

|Tt|

∑

X∈Tt

FA(X)[Wβ], (10.3)

where FA(X) is the amplitude obtained by the FFT applied to image X, and Wβ is the

style window. By doing so, we are extracting signi昀椀cant knowledge of domain-dependent

statistical properties, condensed in a compact representation. The domain-speci昀椀c style F̄A
t

of step t is stored in an incrementally-昀椀lled memory bankMF
0:t91 = {F̄A

k | 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

a昀昀ects 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 pavementmaterialmight vary considerably). To create an oldly-stylized dataset

at step t looking back at step k<t (i.e., X̃ t
k), for each image of the current domain we replace

its amplitude window with that of the selected former domain as follows:

X̃t�k = {F
91([F̄A

k + FA(X)[W c
β ],F

P (X)]) |X ∈ Xt}, (10.4)
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where F91 is the inverse FFT operator and FP (X) is the Fourier phase component of X.

In addition, we devise a self-stylizationmechanism 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 ´ parameter as de昀椀ned in [30] (i.e., the

parameter controlling the window size) provides satisfactory and robust results when set to

1e92. 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 Ct and image domainXt in the form of the train-

ing dataset Tt ⊂ Xt × Yt. As mentioned before, image pixels not belonging to Ct, i.e., of

past or never seen classes, are assigned to a special class unknown, whose semantic statistical

properties are highly dynamic.

To account for the semantic shift su昀昀ered by the unknown class at the current step t > 0

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

P̊t(X)[x, y, c] =

{

Pt(X)[x, y, c], if c 6= u
∑

c′∈C0:t91
Pt(X)[x, y, c′], if c = u

(10.5)

wherePt(X) ∈ R
H×W×|C0:t| is the output ofMt prior to the argmaxwhen a generic image

X ∈ X is given as input. We additionally de昀椀ne T̃t�t ⊂ X̃t�t×Yt as the self-stylized training

dataset at step t, where the average style (de昀椀ned above in Section10.3.1) of the current image

domain has been applied on top of theXt domain itself.

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

Lñce(Ct,Xt) = −
1

|T̃t�t|

∑

X̃,Y∈T̃t�t

Y · log P̊t(X̃), (10.6)

where we leverage input data with current style and supervision over the new class set. The

ñ superscript indicates the use of self-stylized data on the new domain. The purpose of self-

stylization is twofold: 昀椀rst, 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 objec琀椀ve; we learn new classes on new domains (top‐le昀琀 panel), we learn new classes on old domains (top‐
right panel), we adapt old classes to new domains (bo琀琀om‐le昀琀 panel) and preserve old classes on old domains (bo琀琀om‐
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 F̄A
k ∈M0:t of stepk < twebuild T̃t�k ⊂ X̃t�k×Yt (as detailed in Section10.3.1),

i.e., an oldly-stylized training dataset at step t, for which domain-speci昀椀c visual attributes of

step k < t has been applied on domainXt. Supervision on the newly introduced classes over

the old domains is exploited by optimizing:

Lõce(Ct,X0:t91) = −
1

t

t91
∑

k=0

1

|T̃t�k|

∑

X̃,Y∈T̃t�k

Y · log P̊t(X̃), (10.7)

where we leverage input data with past styles (i.e., with distributions supposedly close* to

those of no longer available former domains) and the supervision over the new class set. The

superscript õ indicates the use of oldly-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 thedomain shift inherent in thedomain continual learn-

ing paradigm.

10.4.3 Adap琀椀ng 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, di昀昀erently 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 (i.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 stylizationmecha-

nism (Section 10.3.1). Speci昀椀cally, for each old domainXk, k<t, we build an oldly-stylized

dataset Tt�k starting from that of the current step t.

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 pro昀椀table knowledge on

the semantic categories learned so far. However, said model might not distill knowledge ef-

fectively when fedwith input data of an unseen distribution, i.e., originating from the newly

introduced domain. Therefore, we exploit oldly-stylized data to enhance pseudo-labeling by

mitigating domain shift. We denote with P k
t91(X̃) ⊂ R

H×W×|Ct91|, X̃ ∈ Xt�k, the classi昀椀-

cation probability map from modelMt91 over new domain images with the style of step k.

We then compute pseudo-labels following:

ŶKt91[x, y] = argmax
c∈C0:t91

max
k∈K

P k
t91(X̃)[x, y], (10.8)

where we leverage old model predictions over past styles, i.e., we setK={0, ..., t−1}, while

maxk∈K P
k
t91(X̃)[x, y] indicates that for each spatial location (x, y)we take the probability

vector associated to the stylewithmaximumpeak value. We then re昀椀ne the generatedpseudo-

labels at each spatial location (we will shorten Ŷ
K={0,...,t91}
t91 as Ŷ<t

t91 and drop the term [x, y]
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for ease of notation) as:

N

Y<t
t91=















Ŷ<t
t91, if Ŷ<t

t91 con昀椀dent ∧Yt = u

u, ifYt 6= u

ignore, elsewhere

(10.9)

where Yt ∈ Yt. The hard pseudo-label Ŷ<t
t91[x, y] (i.e., after the argmax operation in

Eq. (10.8)) is considered to provide a con昀椀dent prediction if the peak probability value (of

the probability map prior to the argmax) is bigger than a threshold τ , or if that value is

among the top-K fraction of highest peaks for class c = Ŷt91[x, y]. We set τ = 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.e., 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 u 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 di昀昀erent in-

cremental class sets, part of which might coexist under the same unknown 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:

Lñkd(C0:t91,Xt) = −
1

|Tt|

∑

X̃∈Tt

N

Y<t
t91 · log

∗

Pt(X̃), (10.10)

by which we distill knowledge of past tasks (i.e., recognition of classes in C0:t91) over the new

domainXt via the pseudo-labels derived from the old model St.

To account for the semantic shift su昀昀ered by the unknown class of step t−1whenmoving

to a new step t>0, we group new and unknown class probability channels as follows:

∗

Pt(X)[x, y, c] =

{

Pt(X)[x, y, c], if c 6= u
∑

c′∈Ct
Pt(X)[x, y, c′], if c = u

(10.11)

where
∗

Pt(X)∈R
H×W×|C0:t91|. 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 St. This behaviour could be originated by the mismatch between training and infer-

ence input distribution undergone by the old model St−1, which has been trained over past

domains and now is fedwith newdomain 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 (i.e., the current

model) tomimic the predicted classi昀椀cation probability distribution of a teacher model (i.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, a昀昀ect the distillation process.

In practice, we can not access former incremental datasets. Therefore, to retrieve themissing

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 昀椀nal objective is of the

following form:

Lõkd(C0:t91,X0:t91) = −
1

t

t91∑

k=0

1

|T̃t�k|

∑

X̃∈T̃t�k

Pt91(X̃) · log
∗

Pt(X̃), (10.12)

where
∗

Pt(X̃) ∈ R
H×W×|C0:t91| refers to themodi昀椀ed 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:

Ltot = Lñce + λõce · L
õ
ce + λñkd · L

ñ
kd + λõkd · L

õ
kd. (10.13)
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10.5 Experimental Setup

In this sectionwe 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], BDD100K (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 andMapillary datasets, only the 19 classes available on the

Cityscapes were used. For the Shift dataset, instead, we considered the available 22 semantic

categories it o昀昀ers. In the following, we will detail more speci昀椀cally how we constructed the

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

Domain Incremental Setup The 昀椀rst domain incremental setup is created by experienc-

ing in succession theCS, BDDand IDDdatasets (in di昀昀erent orders) during 3 separate learn-

ing steps. Additionally, we propose a further setup, where domain shift across learning steps

is achieved by splitting the entireMapillary dataset into incremental sets based on geographic

proximity of samples, i.e., 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 (i.e., daytime, twilight and night).

Class Incremental Setup We start by following [4] to identify 3 separate groups within

the 19 Cityscapes’s classes, i.e., (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 o昀昀ered 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 Shi昀琀’s class sets following the criterion proposed by [4].

Cbgr Cstat Cmov

C
S C0 {road, sidewalk} {building, wall, fence} {person, rider, motorcycle, bicycle}

C1 {vegetation, terrain, sky} {pole, t. light, t. sign} {car, truck, bus, train}

Sh
if
t

Cs
{road line, road, {building, fence, pole, wall {pedestrian,

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

Urban {Cbgr, Cstat, Cmov} {CS,BDD, IDD}

Worldwide {C0

bgr, C
1

bgr, C
0

stat, C
1

stat, C
0

mov, C
1

mov} {EU,NA,AS,OC,AF, SA}

Environmental {Csbgr, C
s
stat, C

s
mov} {Daytime,Twilight,Night}

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

Class and Domain Incremental Setup Bymerging class and domain individual settings,

we devise each class and domain incremental setup reported in Table 10.4. The 昀椀rst (i.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 T = 3, and at each step 0 ≤

t < T :

Dt ⊂ (Xt, Ct) ∈ {CS,BDD, IDD} × {Cbgr, Cstat, Cmov}, (10.14)

where each dataset and class split is observed once.

We further propose an incremental setup (i.e., 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 T = 6, and at

each step 0 ≤ t < T :

Dt ⊂ (Xt, Ct) ∈{EU,NA,AS,OC,AF, SA}×

{C0
bgr, C

1
bgr, C

0
stat, C

1
stat, C

0
mov, C

1
mov},

(10.15)

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 → SA and C0
bgr → C1

bgr → C0
stat → C1

stat → C0
mov → C1

mov

setup.

Finally, the last setup (i.e., environmental) combines the environmental partitioning chosen
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for Shift with the 3-way class splitting from [4], leading to

Dt ⊂ (Xt, Ct) ∈ {Daytime,Twilight,Night} × {Csbgr, C
s
stat, C

s
mov}. (10.16)

for t < T , T = 3. Here we opted for the Daytime → Twilight → Night and Csbgr →

Csstat → Csmov incremental combination for the experimental evaluation.

10.5.2 Implementa琀椀on Details

We built our framework in PyTorch. Due to the complexity of the investigated problem,

in most experiments we use a lightweight segmentation model, i.e., 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 ResNet101 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

5e94. With the DeeplabV3 architecture, we use the SGD optimizer and learning rate set

to 1e93. Weight decay is 昀椀xed to 1e94, and we employ a polynomial decay of power 0.9

for learning rate scheduling. We train for 100 and 50 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 × 1024 resolution. When using Mapillary for

training, inputs are 昀椀rst resized to 1024width (昀椀xed aspect ratio), and then cropped to 512×

1024. This pre-processing is done to accommodate for the highly variable aspect ratios of

Mapillary’s samples. The ´ parameter controlling the size of the style window is empirically

set to1e92 and昀椀xed in all experiments. Plus,we experimentally 昀椀xλõce=λ
ñ
kd=λ

õ
kd=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. ´ and loss weights in Section 10.6.4.

10.5.3 Compe琀椀tors

To the best of our knowledge, this is the 昀椀rst work explicitly modeling and addressing class

and domain incremental learning in semantic segmentation. For this reason, we compare

with othermethods targeting class (CIL) or domain (DIL) incremental learning individually.
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Among class-incremental methods, we consider ILT [118] andMiB [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 昀椀rst and second blocks, as well

as at the output of the encoder. For UCD, wemodify 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 de昀椀ned 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]. Di昀昀erently 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 Evalua琀椀on 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) de昀椀ned at any step t as:

∆̄t =
1

t+ 1

t∑

k=0
︸ ︷︷ ︸

domain avg

AC0:tXk|St
− AC0:tXk|S∗

AC0:tXk|S∗

︸ ︷︷ ︸

∆k
t : relative acc. gap w.r.t.
oracle on step-k domain

, (10.17)

where ACX |S 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, i.e., trained with full supervision on the entire pool of classes

and domains (even classes and domains that will be observed after step t).

We further provide ameasure of generalization aptitude (the higher the better), expressed

as the accuracy (i.e., in terms of mIoU) achieved over the entire class set observed so far on a

novel dataset never experienced before. At step t, the metric follows:

Γgent = AC0:tXext|St
=

1

|C0:t|

∑

c∈C0:t

AcXext|St
, (10.18)

whereXext is the unseen domain.
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Table 10.5: Experimental results on CS → BDD → IDD domain setup and Cbgr → Cstat → Cmov class setup. The
best values have been highlighted in bold.

Step 0 Step 1 Step 2

CS (X0) BDD (X1) CS (X0) IDD (X2) BDD (X1) CS (X0)

mIoU0

0
↑ ∆0

0
↓ ∆̄0 ↓ mIoU1

1
↑ ∆1

1
↓ mIoU0

1
↑ ∆0

1
↓ ∆̄1 ↓ mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

FT (Lnce) 79.67 5.32 5.32 24.38 61.35 18.11 74.06 67.71 26.27 61.48 10.47 81.72 12.10 81.18 74.79

FT† (Lñce) 79.19 5.89 5.89 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 4.51 26.12 58.59 23.65 66.13 62.36 28.10 58.80 12.46 78.25 13.22 79.44 72.16

ILT [118] 79.67 5.32 5.32 22.21 64.80 44.70 35.99 50.39 26.69 60.87 16.70 70.85 29.76 53.71 61.81

MiB [3] 79.67 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 5.32 36.78 41.70 50.05 28.32 35.01 43.15 36.73 27.24 52.44 36.84 42.70 43.96

UCD [123] 79.67 5.32 5.32 35.45 43.80 50.38 27.85 35.83 43.19 36.67 27.38 52.19 37.34 41.91 43.59

LwS w/oLõ
kd

79.19 5.89 5.89 44.41 29.60 50.77 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 - -

† indicates the presence of self-stylization.

10.6 Experimental Results

10.6.1 Evalua琀椀on on Urban Scenes

The 昀椀rst experimental setup we explore entails incrementally transitioning between urban

and suburban areas of di昀昀erent regions around the world. High- and low- level image con-

tents undergo distribution shifts of di昀昀erent 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 signi昀椀cantlywhen travelling around theworld.

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] (i.e., Cbgr → Cstat → Cmov). As detailed in Section 10.5.1, we de昀椀ne a total

of 3 learning steps. In Tables 10.5, 10.6 and 10.7 we report experimental results following

3 di昀昀erent 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 domainXk (i.e., dataset)

experienced up to a current step t (i.e., mIoUk
t , k ≤ t), ∀t < 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 Cbgr → Cstat → Cmov class setup. The
best values have been highlighted in bold.

Step 0 Step 1 Step 2

BDD (X0) IDD (X1) BDD (X0) CS (X2) IDD (X1) BDD (X0)

mIoU0

0
↑ ∆0

0
↓ ∆̄0 ↓ mIoU1

1
↑ ∆1

1
↓ mIoU0

1
↑ ∆0

1
↓ ∆̄1 ↓ mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

FT (Lnce) 72.22 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

FT† (Lñce) 72.12 6.74 6.74 33.27 52.58 21.12 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 10.77 81.20 74.83

ILT [118] 72.22 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] 72.22 6.61 6.61 52.18 25.62 45.28 28.22 26.92 48.22 25.00 33.57 50.77 30.94 45.98 40.58

PLOP [120] 72.22 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] 72.22 6.61 6.61 52.42 25.28 45.20 28.35 26.81 48.40 24.72 32.60 52.19 28.95 49.47 42.13

LwS w/oLõ
kd

72.12 6.74 6.74 54.34 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 - -

† indicates the presence of self-stylization.

∆k
t , and as a global quantity ∆̄t (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] andUCD[123]) andwith a recent domain incrementalmethod (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 昀椀ne-tuning, as the focus is just

posed on learning the new task. Two variants are reported for this baseline, i.e., with or with-

out self-stylization applied on input images, indicated respectively as Lnce and Lñce. As for

our approach, we evaluate its 昀椀nal form (Eq. (10.13)), complete of all the training objectives

detailed in Section 10.4, as well as a simpler con昀椀gurationwithout theLõkd loss (Eq. (10.12)).

By inspecting results in Tables 10.5, 10.6 and 10.7, we notice that the performance at-

tained by di昀昀erent 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 昀椀rst class set (Cbgr) on the 昀椀rst

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 昀椀rst incremental step, catastrophic forgetting has to be ad-

dressed to retain good performance. We observe that the Lnce and Lñce losses alone are not

su昀케cient 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 Cbgr → Cstat → Cmov class setup. The
best values have been highlighted in bold.

Step 0 Step 1 Step 2

IDD (X0) CS (X1) IDD (X0) BDD (X2) CS (X1) IDD (X0)

mIoU0

0
↑ ∆0

0
↓ ∆̄0 ↓ mIoU1

1
↑ ∆1

1
↓ mIoU0

1
↑ ∆0

1
↓ ∆̄1 ↓ mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

FT (Lnce) 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

FT† (Lñce) 78.78 8.55 8.55 42.11 39.69 19.81 71.76 55.73 14.05 75.47 12.63 80.35 11.01 83.86 79.89

MDIL [228] 78.72 8.62 8.62 34.87 50.06 11.70 83.32 66.69 8.90 84.46 8.22 87.21 6.70 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 58.76 33.24 48.30 20.57 69.84 58.97

PLOP [120] 78.80 8.52 8.52 57.05 18.29 24.74 64.74 41.51 24.18 57.79 34.23 46.76 21.42 68.59 57.71

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 22.35 67.24 56.60

LwS w/oLõ
kd

78.78 8.55 8.55 59.61 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 59.26 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 - -

† 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 signi昀椀cant domain shift between theCityscapes and IDDdatasets preventsCILmethods

from e昀昀ectively preserving and learning task-related clues on IDD, which was experienced

at step 0. 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 Lõce (Eq. (10.7)) and L
õ
kd

(Eq. (10.12)) are speci昀椀cally designed to address the aforementioned problems a昀昀ecting CIL

methods and retain superior accuracy on former domains. As a result, our LwS improves ac-

curacy bymore than 17mIoU points on IDD at step 1 w.r.t. the best competitor (i.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-o昀昀, retaining the best overall accuracy in terms of ∆̄1. Fur-
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Table 10.8: Generaliza琀椀on performance (Γgent ) as mIoU on Mapillary’s test set (Cbgr → Cstat → Cmov setup). The
best values have been highlighted in bold.

CS ✮ BDD ✮ IDD BDD ✮ IDD ✮ CS IDD ✮ CS ✮ BDD
Step 0 Step 1 Step 2 Step 0 Step 1 Step 2 Step 0 Step 1 Step 2

FT (Lnce) 36.27 22.03 13.71 66.74 25.27 6.60 59.56 7.81 8.52
FT† (Lñce) 58.09 19.83 14.99 66.83 25.77 16.34 59.19 23.40 11.97
MDIL 44.60 24.77 16.05 66.36 18.40 11.01 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 32.36 66.74 45.99 33.01 59.56 23.61 24.23
PLOP 36.27 39.62 33.69 66.74 45.45 34.01 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 44.99 37.33 59.19 43.15 39.16

Oracle 83.96 73.77 65.42 83.96 73.77 65.42 83.96 73.77 65.42

† 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 Lõkd 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 昀椀nal 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 naïve 昀椀ne-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 e昀昀ective

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 ∆̄2 gap.

Furthermore, in Table 10.8 we investigate the generalization performance (i.e., Γgent from

Eq. (10.18)) achieved by the considered methods. To do so, we compute the accuracy at

each incremental step on the unseenMapillary dataset for the sets of classes observed so far.

We notice that simple 昀椀ne-tuning and MDIL o昀昀er poor generalization results, which is ex-

pected due to the low accuracy they already provide on datasets directly observed. On the

other hand, CILmethods reach more competitive results, even if none of them proves to be

superior in all setups. Still, our approach outperforms all competitors, getting signi昀椀cantly

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: Qualita琀椀ve results on CS→ BDD→ IDD domain setup and Cbgr → Cstat → Cmov class setup.

results with di昀昀erent 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 betterbackward and forward transfer through-

out the incremental learning. In particular, moving classes like bicycle and bus appear to be

recognized more e昀昀ectively by our method on the Cityscapes (CS) dataset at the end of the

incremental training, even thoughCSwas experienced only along with background-class su-

pervision during the 昀椀rst step. On the other hand,MiB andPLOP 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 road and sidewalk background classes even on BDD and IDD datasets, de-

spite them being experienced when Cbgr supervision is no longer available. Contrarily, MiB

andPLOP su昀昀er from the domain statistical gap across learning steps, struggling tomaintain

satisfactory segmentation accuracy of 昀椀rst-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 10.10

reports experimental results with theCS → BDD → IDDprogression, but amodi昀椀ed class

order with moving categories Cmov experienced before static ones Cstat. We notice a similar
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Table 10.10: Experimental results on CS → BDD → IDD domain setup and Cbgr → Cmov → Cstat class setup.
The best values have been highlighted in bold.

CS ✮ BDD ✮ IDD Method
Cbgr ✮ Cstat ✮ Cmov Ln

ce
Lñ

ce
MiB PLOP UCD LwS Oracle

Step 0
mIoU0↑ CS 79.83 79.39 79.83 79.83 79.83 79.39 84.15

∆̄0 ↓ 5.13 5.65 5.13 5.13 5.13 5.65 -

Step 1
mIoU1↑

BDD 15.79 19.43 26.15 27.69 23.73 40.92 63.08
CS 14.26 17.22 40.38 42.44 39.76 49.70 69.82

∆̄1 ↓ 76.26 71.03 48.21 45.40 50.68 28.99 -

Step 2
mIoU2↑

IDD 13.47 14.82 31.01 31.89 30.72 43.54 68.20
BDD 6.94 8.21 23.40 25.21 22.83 32.34 57.28
CS 7.45 10.49 33.60 33.81 32.85 39.76 64.29

∆̄2 ↓ 85.52 82.54 53.81 52.21 54.67 39.29 -

trend to that observed in Table 10.5 (i.e., same domain order, but di昀昀erent 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 ∆̄2. 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 Cstat w.r.t. the BDD (11% vs 17%), while for

Cmov numbers are similar between them (both around 10% of total pixels). Still, the perfor-

mance loss is similar for CILmethods, with the gap w.r.t. the best competitor rising from 12

to 13 points of ∆̄2 (compared to the previous class order).

Study on Model Architecture

We 昀椀nally evaluate the considered methods when a more capable segmentation network is

used,moving from the lightweight ErfNet to themore complexDeeplabV3withResNet101

backbone. For comparison purposes, the setup analyzed is again that with CS → BDD →

IDD and Cbgr → Cstat → Cmov 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

∆̄2. We emphasize that the ∆̄ measure already takes into account the better oracle results;

the accuracy boost, then, shows that our method is able to capitalize the increased capacity

o昀昀ered 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
Cbgr ✮ Cstat ✮ Cmov Ln

ce
Lñ

ce
MiB PLOP UCD LwS Oracle

Step 0
mIoU0↑ CS 78.1 77.13 78.1 78.1 78.1 77.13 84.30

∆̄0 ↓ 7.35 8.50 7.35 7.35 7.35 8.50 -

Step 1
mIoU1↑

BDD 31.97 29.44 28.38 29.07 30.84 50.36 64.60
CS 31.82 55.13 45.10 45.15 45.51 54.75 71.24

∆̄1 ↓ 52.92 56.19 46.38 45.81 44.19 22.60 -

Step 2
mIoU2↑

IDD 30.68 30.29 35.93 33.98 38.24 51.92 70.94
BDD 17.48 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

∆̄2 ↓ 66.73 67.77 53.99 54.68 51.02 28.53 -

network capacity, which could indicate a tendency to over昀椀t on the currently observed do-

main distribution. The best competitor (i.e., UCD), in fact, is signi昀椀cantly outperformed by

more than 20% in terms of ∆̄ at both steps 1 and 2. We remark that no additional parameter

tuning is performed in this experimental setup concerning method-speci昀椀c parameters.

10.6.2 Evalua琀椀on 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, i.e., we identify data partitions associated to 6

di昀昀erent 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 di昀昀erent domains. We

report experimental results in Table 10.12. In the 昀椀rst steps, we observe similar performance

attained by di昀昀erent 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 introducingAfrica’s images, AF), we note that our

approach outperforms CIL competitors by a considerable margin, which is of 5 points of ∆̄

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, con昀椀rming the better plasticity-

stability trade-o昀昀 provided by our method. Overall, the improved results LwS reaches w.r.t.

state-of-the-art CIL competitors, evenwhen training data is collected to ensure some statisti-

cal diversity (as in the experimental setup just considered), further suggests thatCILmethods

199



Table 10.12: Experimental results on the Mapillary dataset. The best values have been highlighted in bold.

EU ✮NA ✮AS ✮OC ✮AF ✮SA Method
C0→1

bgr ✮ C0→1

stat ✮ C
0→1

mov Ln

ce
Lñ

ce
MiB PLOP UCD LwS Oracle

Step 0
mIoU0↑ EU 73.12 73.07 73.12 73.12 73.12 73.07 79.53

∆̄0 ↓ 8.06 8.13 8.06 8.06 8.06 8.13 -

Step 1
mIoU1↑

NA 51.80 51.63 81.28 80.82 81.70 81.85 87.51
EU 47.67 47.52 76.05 75.76 75.26 74.80 82.34

∆̄1 ↓ 41.46 41.65 7.38 7.82 7.62 7.82 -

Step 2
mIoU2↑

AS 25.18 26.09 65.40 65.98 65.70 65.36 74.70
NA 23.61 23.82 69.28 69.63 68.66 69.77 79.40
EU 23.98 24.10 66.66 66.86 65.79 65.87 76.62

∆̄2 ↓ 68.42 67.87 12.73 12.24 13.23 12.89 -

Step 3
mIoU3↑

OC 16.53 16.74 61.29 60.58 60.53 63.07 76.46
AS 14.31 14.22 57.95 57.60 57.61 58.13 70.96
NA 17.10 17.20 62.41 63.29 61.91 64.04 75.77
EU 14.94 14.94 59.78 60.01 59.34 61.15 72.97

∆̄3 ↓ 78.79 78.72 18.47 18.46 19.15 16.82 -

Step 4
mIoU4↑

AF 8.98 7.77 38.48 39.97 40.54 43.93 66.54
OC 6.03 5.95 40.17 43.52 42.15 47.43 72.30
AS 7.23 7.31 39.15 41.09 42.03 46.13 69.87
NA 7.78 7.07 43.10 45.12 45.00 50.07 74.22
EU 5.45 5.41 38.99 41.52 41.28 46.37 70.22

∆̄4 ↓ 89.91 90.48 43.40 40.20 40.24 33.77 -

Step 5
mIoU5↑

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
OC 6.78 7.42 36.52 39.08 37.21 41.76 60.82
AS 8.97 8.17 37.90 40.15 38.76 43.63 64.74
NA 8.97 9.54 41.40 43.45 43.05 47.08 66.88
EU 8.18 7.63 38.37 40.53 38.93 43.51 64.04

∆̄5 ↓ 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 Evalua琀椀on with Variable Environmental Condi琀椀ons

We evaluate the proposed method when incremental domain shift is due to changing envi-

ronmental factors, i.e., variable light conditions experienced at di昀昀erent 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 Cbgr →
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Table 10.13: Experimental results on the Shi昀琀 dataset. The best values have been highlighted in bold.

Daytime ✮Twilight ✮Night Night Twilight Daytime
Cbgr ✮ Cstat ✮ Cmov mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

FT (Lnce) 10.54 85.82 9.62 87.21 4.61 94.06 89.03
FT w/ self-style (Lñce) 10.12 86.39 8.50 88.70 7.56 90.26 88.45
MiB 48.07 35.35 52.71 29.92 48.29 37.77 34.34
PLOP 48.58 34.67 53.66 28.66 51.11 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 → Cmov arrangement of [4], with the only di昀昀erence 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 昀椀ne-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

∆̄2. We once more point out the better stability-plasticity balance reached by our method,

which achieves improvedperformance simultaneously over novel and formerdomains. Over-

all, results show that the proposed method is e昀昀ective under domain shifts of di昀昀erent na-

ture. On the other hand, CIL methods prove to be greatly penalized just from the variable

scene illumination in di昀昀erent 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 Abla琀椀on Studies

In this section, we provide extensive ablation studies to investigate key features of our ap-

proach. We will consider the urban experimental setup, with CS → BDD → IDD domain

and Cbgr → Cstat → Cmov class orders, unless otherwise stated.

Contribu琀椀on of Individual Op琀椀miza琀椀on Objec琀椀ves

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 昀椀ne-

tuning (昀椀rst two rows) yields unsatisfactory results (even with self-stylization), leading to

catastrophic forgetting of class and domain knowledge. Yet,Lnce (orL
ñ
ce) 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: Abla琀椀on study on the contribu琀椀on of loss components. TheLnkd nota琀椀on 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
Cbgr ✮ Cstat ✮ Cmov mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

Lnce 26.27 61.48 10.47 81.72 12.10 81.18 74.79
Lñce 27.12 60.24 11.51 79.91 13.68 78.72 72.95

Lñce+Lõce 28.09 58.81 13.32 76.75 16.32 74.61 70.06
Lñce+Lõkd 40.63 40.43 24.95 56.44 34.14 46.90 47.92
Lnce+Lnkd 43.33 36.47 26.62 53.53 37.36 41.89 43.96
Lñce+Lñkd 48.12 29.45 32.40 43.44 40.57 36.89 36.59

Lñce+Lñkd+Lõkd 19.23 71.80 17.68 69.13 24.15 62.44 67.79
Lñce+Lõce+Lõkd 50.08 26.57 34.16 40.36 42.86 33.33 33.42
Lñce+Lñkd+Lõce 50.70 25.66 34.86 39.14 43.04 33.05 32.62

Lnce+Lnkd+Lõce+Lõkd 46.59 31.69 30.51 46.74 40.44 37.10 38.51
Lñce+Lñkd+Lõce+Lõkd 51.20 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 con昀椀guration whenLñkd is introduced.

This suggests that old-class knowledge preservation is e昀昀ective evenwhen applied on the new

domain, which is directly experienced by means of the available training data. At the same

time, theLñkd objective allows to retain good accuracy w.r.t. past domains, thanks to the im-

proved generalization aptitude promoted by the stylizationmechanism, without which (i.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 forLñkd andL
õ
kd 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 Lõce loss on top of the best two-term con昀椀guration, the incre-

mental learning becomes more robust, with improved 昀椀nal 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 o昀昀, as showed in the second last row.

Pseudo‐label Genera琀椀on

We further analyze the in昀氀uence 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: Abla琀椀on study on pseudo‐labeling schemes. The best values have been highlighted in bold.

CS ✮ BDD ✮ IDD IDD BDD CS
Cbgr ✮ Cstat ✮ Cmov mIoU2

2
↑ ∆2

2
↓ mIoU1

2
↑ ∆1

2
↓ mIoU0

2
↑ ∆0

2
↓ ∆̄2 ↓

Lnce+Lnkd,n+Lõce+Lõkd 46.59 31.69 30.51 46.74 40.44 37.10 38.51

Lnce+Lnkd,o+Lõce+Lõkd 40.09 41.22 25.55 55.40 34.90 45.71 47.44

Lñce+Lñkd,n+Lõce+Lõkd 51.11 25.06 34.01 40.63 43.96 31.62 32.44

Lñce+Lñkd,o+Lõce+Lõkd 51.20 24.93 35.73 37.62 44.17 31.29 31.28

Oracle 68.20 - 57.28 - 64.29 - -
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Figure 10.6: Di昀昀erent 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 Ldkd,{n,o}, d∈{n, ñ}, notation indi-

cates that pseudo-labels are generated leveragingnew-domain (Ldkd,n) or oldly-stylized (L
d
kd,o)

input samples.

We notice that when self-stylization is disabled (昀椀rst two rows) the e昀케cacy of our method

is reduced, while the bene昀椀cial e昀昀ect o昀昀ered 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, inwhich the stylizingmechanism 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 old 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 昀椀rst 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: Abla琀椀on study on styliza琀椀on (β = 0.01 corresponds to the default con昀椀gura琀椀on). The best values have
been highlighted in bold.

CS ✮ BDD ✮ IDD No β

Cbgr ✮ Cstat ✮ Cmov stylization 0.001 0.01 0.1

Step 0
mIoU0↑ CS 79.67 79.8 79.19 78.54

∆̄0↓ 5.32 5.17 5.89 6.66

Step 1
mIoU1↑

BDD 33.67 35.06 44.47 44.79
CS 49.20 43.75 53.31 50.45

∆̄1↓ 38.08 40.88 26.58 28.37

Step 2
mIoU2↑

IDD 43.33 48.60 51.20 50.03
BDD 26.62 27.77 35.73 34.84
CS 37.36 37.61 44.17 43.01

∆̄2↓ 43.96 40.59 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 su昀昀er

from domain shift when presented with new unseen input distributions.

In Figure 10.6 we report pseudo-labels generated according to di昀昀erent criteria, to pro-

vide visual con昀椀rmation of the improved pseudo-supervision achieved on top of the oldly

stylization. The considered setup involves CS → BDD → IDD and Cbgr → Cstat → Cmov
progressions, andmaps are retrieved at the last step (i.e., t = 2). We observe that the segmen-

tationmodel taken from step t−1 (i.e., second last step) is not detecting the sky region of the

new-domain image, i.e.,
N

Y
{2}

t91 provides unreliable supervision by labeling the top portion of

the picture as unknown (when the true sky class is among those already seen). On the other

hand, when leveraging oldly-stylized images to generate pseudo-supervision (
N

Y
<t

t91), more

reliable old-domain guidance (
N

Y
{0}

t91 and
N

Y
{1}

t91) is exploited, with individual positive contri-

butions successfully merged in the 昀椀nal map (e.g., in sky and road regions). Thus, we end up

with
N

Y
<t

t91 being more accurate than each domain-speci昀椀c alternative
N

Y
{k}

t91, k ≤ t.

Degree of Styliza琀椀on

We propose to further study on the stylization mechanism. Table 10.17 shows the results of

our method (complete with all objectives) under di昀昀erent degrees of stylization, which are

determined by the ´ parameter (see Section 10.3.1). We notice that disabling stylization or

operating it in a more conservative manner (i.e., with ´=0.001) yields low results, with the

latter con昀椀guration still outperforming the no stylization approach, as the statistical proper-
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Figure 10.7: Domain‐knowledge transfer (mIoU↑ (%)).

ties captured and transferred are not su昀케cient to successfully retain old-domain information.

On the other hand, if the stylization is raised to an excessive extent (i.e., with ´ = 0.1), we

observe performance degradation on the overall ∆̄2 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

Wepropose ablation studies to evaluate the knowledge transfer aptitude of ourmethod, 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

mIoUachievedon individual domains only on classes experienced so far acrossmultiple steps

in matrix form. We consider multiple incremental setups, with urban datasets and variable

domain order. We observe that our approach, right from the 昀椀rst 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 bene昀椀t from a better forward-adaptability acquired before. Plus, improved backward

transfer to former domains is testi昀椀ed by higher mIoU values in the bottom triangular part

of matrices.

To provide an insight on task-knowledge transfer proneness of di昀昀erent incrementalmeth-
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Figure 10.8: Task‐knowledge transfer (∆̄↓).

ods, in Figure 10.8 we report a comparative in terms of ∆̄ results at multiple learning steps;

values are computed on single 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 inmatrix form. We observe

that our ∆̄ 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 ∆̄ diagonal elements indicate improved performance on current tasks,

con昀椀rming the better stability-plasticity compromise o昀昀ered by our approach.
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11
Conclusion

Deep learning has recently witnessed a rapid boost in popularity in the computer vision

昀椀eld, allowing to reach unprecedented e昀케cacy inmultiple fundamental problems. Yet, while

deep neural networks have been shown to shine in domain-speci昀椀c 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-de昀椀cient 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 昀椀rst 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 di昀昀erentiate

adaptationmethods 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 e昀昀ective. 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-adversarialmechanism, based on a pair of discriminativemod-

ules, and a self-training scheme to enforce statistical homogeneity of prediction maps from

di昀昀erent 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 classi昀椀cation tasks, both

at coarse (whole-image classi昀椀cation) and 昀椀ne (semantic segmentation) level.

First o昀昀, we identi昀椀ed the availability of replay data from former learning steps as playing a

crucial role inmaintaining 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 con昀椀guration) prompts us to 昀椀nd 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 arti昀椀cially 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 su昀昀ering 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-speci昀椀c 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 昀氀ow, with domain shifts

happening inmodest entity but repeated steps. Thus, it is of primary importance to develop

lightweight, robust and 昀氀exible 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-昀氀y in an online manner to improve robustness when coupled with fast-converging

training procedures.

Finally, itwouldbe interesting to address the task-incremental learning in amore general fash-

ion. One directionmight be to allowmore 昀氀exibility in the class-increment paradigm, that is,

reducing the constraints on the distribution of incrementally experienced tasks. Di昀昀erently,

we could broaden the notion of task continual learning, where tasks could be intended as not

simply limited to solving coarse or dense classi昀椀cation on a set of categories, but they could

be understood in a more general sense, where input and/or output spaces can signi昀椀cantly

vary, along with the underlying relationship we seek to model.
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