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Abstract

Multi-label Image Classification (MLIC) is an active research topic within the Computer

Vision community. Its objective is to simultaneously identify the presence or absence

of multiple objects within an image. Thanks to its practical usefulness, MLIC finds

its way into numerous fields of applications such as human action recognition, multi-

attribute predictions, and semantic segmentation. With the widespread availability of

large-scale labeled datasets and the recent advancements in deep learning, numerous

methods have achieved remarkable performance for the task of MLIC. Despite their

proven success, these methods usually employ very deep neural networks leading

to cumbersome architectures. This strategy practically limits their applicability in a

memory-constrained scenario. Additionally, existing MLIC methods usually assume that

the test data comes from the same domain as the training data. However, this might not

always be true which leads to poor generalization of these methods on the images from

unseen domains. To overcome this challenge, commonly known as domain-shift, very

few methods have been proposed that extend the concept of Unsupervised Domain

Adaptation (UDA) from single-label classification to multi-label classification. However,

due to the inherent differences between the two problems, this extension might yield

sub-optimal results. Additionally, these methods also suffer from the use of cumbersome

network architectures.

In this thesis, we propose to tackle the aforementioned challenges in MLIC, going

from the simple scenario where a single-label domain is considered to a more chal-

xviii



lenging setup involving a cross-domain setting. In the first part of this thesis, we aim to

efficiently and effectively model the relationship between multiple objects while keeping

a moderate-size architecture for the general task of MLIC. Specifically, we make use of

Graph Convolutional Networks (GCN) to model the label relationships using an adaptive

graph learning strategy. In the second part of this work, we focus on tackling the domain

shift that degrades the performance of MLIC methods. For that purpose, we propose

novel UDA approaches specifically tailored to the task of MLIC. The proposed solutions

are evaluated on several benchmarks to demonstrate their effectiveness with respect to

the state-of-the-art methods.
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Chapter 1

Introduction

Humans rely on their visual senses to perceive and interpret visual information. They

identify the content of a scene by recognizing various visual elements such as pat-

terns, shapes, colors, textures, and other distinctive features inherent in the image.

Furthermore, humans also use their prior knowledge and experience to categorize

images into relevant categories also termed as labels or classes. Overall, human visual

interpretation is a complex cognitive task that depends on sensory perception, pattern

recognition, and cognitive reasoning. Hence, replicating such a subtle process using

machines poses considerable challenges due to the complexity of the human cognition

system.

In recent decades, the computer vision research community has shown a huge

interest in developing systems that are capable of identifying the contents of images.

This research field, broadly termed as image classification, aims to categorize images

into predefined classes or labels based on their visual content. Given its practical

usefulness, image classification finds its application in numerous fields of interest

such as object detection [1], action recognition [2], [3], segmentation [4], human pose

estimation [5], [6], video classification [7], and object tracking [8].

In the literature, the problem of image classification is mostly formulated either as
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Figure 1.1: Types of image classification.

a binary or multi-class classification [9], [10]. Binary classification aims at predicting

whether a specific object is present or not. For example, as shown in Figure 1.1a, the

goal is to determine if a person is present in an image or not. In multi-class classification,

the task is to determine which object from a set of predefined classes is present. For

instance, in Figure 1.1b, the aim is to identify whether the image contains a person,

a dog, a horse, or a cat. In this case, the highest probability indicates the classifier

prediction.

Nevertheless, some practical scenarios may require the simultaneous recognition

of multiple objects/entities in a single image. For instance, identifying multiple hu-

man attributes such as gender and clothing style etc. can be useful for person re-

identification [11]. Similarly, several other applications such as scene classification [12],

[13], multi-object recognition [1], [14], and deepfake detection [15] necessitate simulta-

neous prediction of multiple objects or attributes in an image. Thus, Multi-label Image

Classification (MLIC) emerges as a third alternative for such real-world applications.

Instead of predicting a single class, MLIC predicts the presence or absence of a set of

objects within an image simultaneously. For example, as demonstrated in Figure 1.1c, it
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might be more suitable for several use-cases to predict all the objects that are present in

the given image, namely a person and a horse. Herein, in this thesis, we focus mainly on

the topic of multi-label image classification. Despite the widespread availability of MLIC

approaches in the literature, there exist still several open issues to be solved, hindering

their use in several real-world applications. In this chapter, we start by describing the

motivation and scope of the present thesis. Then, we detail the challenges in MLIC

that are addressed in this research work. Hereafter, we present our main objectives

and contributions to the field of MLIC. We finally conclude this introductory chapter by

providing the list of publications that have resulted from these PhD investigations.

1.1 Motivation and Scope

Multi-label Image Classification (MLIC) is an active research topic in computer vision.

Earlier approaches for MLIC often rely on handcrafted features such as Histogram

of Oriented Gradients (HOG) [16] or Scale-Invariant Feature Transform (SIFT) [17],

coupled with machine learning algorithms such as Support Vector Machines (SVM) [18]

or k-Nearest Neighbors (k-NN). While these methods have shown promising results,

heuristically designing optimal features remains extremely challenging. As an alternative,

Deep Learning (DL)-based approaches [9], [19]–[21] have been recently investigated.

These approaches leverage neural networks including Convolutional Neural Networks

(CNN), to automatically learn image representations from raw data by minimizing a loss

function, usually encoding the information of misclassification rate. As a result, DL-

based methods have achieved improved performance on publicly available large-scale

datasets.

Nevertheless, their impressive performance comes at the cost of very large archi-

tectures that are unsuitable for memory-constrained environments. Hence, in the first

part of this thesis, we focus on investigating adequate mechanisms in order to achieve
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competitive performance for the problem of MLIC, while keeping a relatively lightweight

architecture. More specifically, we aim to effectively inject some prior information regard-

ing the relationship between multiple objects, into the learning process. This is intuitive,

as in real-world images some objects tend to appear together more than others. For

instance, it is more common to observe a “person” holding a “badminton racket” rather

than a “dog” holding the same within an image.

In the second part of this thesis, we focus on the generalization capabilities of

existing MLIC methods, especially for unseen images. Indeed, existing DL-based MLIC

methods naturally inherit the limitations of deep learning and hence, are also negatively

impacted by the problem of generalization. This drop in performance, commonly known

as domain-shfit [22], usually occurs when a trained MLIC model is evaluated on images

containing different variations compared to the training images. For instance, as shown

in Fig. 1.2, a model trained on synthetic images shows a significant performance drop

when evaluated on the real images containing the same object categories. Labeling

these new images and retraining the model with the same can help achieve better

performance, however, this is both resource-intensive and time-consuming. Hence,
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in order to avoid costly annotation efforts, researchers have exploited the field of

Unsupervised Domain Adaptation (UDA) [23]. Despite their success, UDA methods

have been primarily focusing on multi-class classification with very few efforts towards

UDA for MLIC. Hence, in the second part of this thesis, we aim to propose methods that

are tailored specifically for the task of MLIC in the presence of domain-shift.

In summary, in this thesis, we aim to explore and investigate the problem of multi-

label image classification under both single and cross-domain settings with the objective

of obtaining more compact yet effective architectures.

1.2 Challenges

In this section, we discuss the challenges related to MLIC that we aim to address in

this thesis. These challenges are twofold, namely, the problem of the trade-off between

effectiveness and efficiency and the generalization to unseen domains.

1.2.1 Trade-off Between Effectiveness and Efficiency

Improved performance can be attained by employing very deep neural network archi-

tectures for MLIC. With the advent of ResNet [9], it is feasible to construct networks of

considerable depth without encountering the issue of vanishing gradients. This enables

the extraction of more abstract and meaningful image features, thereby facilitating signif-

icantly enhanced and accurate classification performance. Several methods [24]–[26]

have been subsequently introduced, offering distinct versions of ResNet aimed at even

more enhanced image feature extraction while maintaining a good trade-off between

training speed and classification performance.

Despite their demonstrated performance in MLIC, existing methods often rely on

very large model architectures. For instance, most of the existing methods [19]–[21] use
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ResNet101 as their CNN backbone for feature extraction, which necessitates approxi-

mately 42.8 million trainable parameters. Very recently, transformer-based architectures

have been largely investigated [27]–[29] for better performance. However, the num-

ber of trainable parameters in such architectures may range anywhere between 65 to

200 million. Consequently, these methods are impractical for deployment in memory-

constrained scenarios. Hence, in this thesis, we aim at addressing the challenge of

cumbersome network architectures in existing MLIC methods.

1.2.2 Generalization to Unseen Domains

The widespread availability of large-scale labeled datasets and the latest progress in

deep learning are the two main factors behind the success of existing MLIC methods.

Hence, inheriting from the limitations of deep learning, existing MLIC methods are

also negatively impacted by the problem of generalization, especially when applied

to unseen images. Indeed, the real-world applications of MLIC might necessitate to

classification of multiple objects in the images with varying visual appearances, lighting

conditions, backgrounds, etc. Since it is not possible to include all these variations in the

training, a significant performance drop can be observed when tested on images with

different variations. As introduced earlier and showcased in Fig. 1.2, this phenomenon

is commonly known as domain-shift [22]. In other words, an MLIC method trained using

data from a given domain, usually called source domain, will suffer from degraded

performance when tested on samples belonging to an unseen domain, referred to as

target domain. A direct solution is to simply label these target data and use them as

additional training data. Nevertheless, such a process is both resource-intensive and

time-consuming. Hence, in order to overcome this challenge, Unsupervised Domain

Adaptation (UDA) [23], [30] can be used as a potential solution that utilizes both labeled

source and unlabeled target data to minimize the shift between the source and the

target domains.
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Despite the popularity of UDA, only a few methods have been developed for MLIC in

a cross-domain setting, drawing inspiration from the numerous UDA methods available

in multi-class classification tasks. In general, these handfuls of UDA for MLIC methods

are the direct extensions of their multi-class classification counterparts. However, this

might be suboptimal due to the inherent differences between the nature of the two

tasks (See Fig. 1.1). In addition, UDA methods in MLIC also rely on large and complex

network architectures to achieve optimal performance which limits their applicability

in scenarios where memory resources are limited. Hence, in this thesis, we propose

compact yet effective methods specifically designed to address the challenge of MLIC

in the presence of domain shift.

1.3 Objectives and Contributions

In this thesis, we address the problem of multi-label image classification both within a

single domain and across different domains. More specifically, we overcome the two

main limitations of existing MLIC methods; namely 1) the trade-off between effectiveness

and efficiency, and, 2) generalization to unseen domains. The following sections

introduce the different works that were proposed during the doctoral study to address

these challenges.

1.3.1 Image-based Node Embeddings for Graph Convolutional

Network-based Multi-label Image Classification

Our first contribution, namely IML-GCN, utilizes image-based node embeddings for

effectively modeling the correlations between multiple labels. In general, existing

indirect methods for MLIC based on Graph Convolutional Networks (GCN) construct a

direct graph over object labels, considering each label a node and the co-occurrence
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probability of each label pair as the edge. Most of these methods utilize Glove-based

word embeddings trained on the Wikipedia dataset as node representations for each

label. However, since Glove-based embeddings were originally proposed for Natural

Language Processing (NLP), their application in the field of image classification may

result in sub-optimal performance. Additionally, these methods often employ very large

CNN backbones, limiting their application to a memory-constrained scenario.

To address these issues, we propose IML-GCN, where node embeddings are gener-

ated using a trained CNN. This allows the features extracted from the image to more

accurately represent the labels. IML-GCN can be trained using the proposed image-

based embeddings on a much lighter CNN backbone, reducing the number of training

parameters by at least half while maintaining competitive classification performance

compared to state-of-the-art methods. This work has been published in [31].

1.3.2 An Adaptive Graph Convolution-based Strategy for Model-

ing Label Correlations for MLIC in both Single and Cross-

domains.

Existing graph-based indirect approaches for MLIC often suffer from cumbersome

architectures and a fixed-label graph topology, which may not adequately adapt to

the dynamic nature of MLIC tasks. To address these limitations, we propose ML-

AGCN, which learns the label topology adaptively in an end-to-end manner. Specifically,

we incorporate an attention-based strategy to quantify pair-wise importance between

multiple labels. This enables ML-AGCN to flexibly model label relationships and achieve

state-of-the-art results on various MLIC benchmarks. Importantly, ML-AGCN maintains

a smaller overall model size compared to existing methods, making it more efficient

while retaining competitive performance. This work has been published in [32].

Furthermore, we extend this adaptive graph learning strategy to the cross-domain
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setting, where the objective is to efficiently classify multiple labels while minimizing

domain shift between source and target domains. This extended work has been

submitted at CVIU [33].

1.3.3 A Discriminator-free Approach for Unsupervised Domain

Adaptation in MLIC

In this work, termed as DDA-MLIC, we propose one of the first discriminator-free

adversarial approaches for Unsupervised Domain Adaption (UDA) in MLIC. Existing

adversarial-based UDA methods for MLIC typically incorporate an additional discrimina-

tor that is trained adversarially to ensure that the generated features are indiscriminate

to the domains, and hence, implicitly minimizing the domain gap between source and

target samples. However, this approach often reduces the task discriminative power of

these methods because of the decoupling of classification and domain alignment.

DDA-MLIC solves this limitation by reusing the task classifier as a discriminator,

hence eliminating the need for an additional discriminator. Specifically, an adversarial

critic, based on the predicted probabilities of source and target samples, is derived

from the classifier. The proposed approach achieves state-of-the-art results on several

UDA benchmarks for MLIC and has been published in [34]. Additionally, an extended

version [35] addressing the non-differentiability limitation of DDA-MLIC has been recently

submitted to IEEE Transactions on Pattern Analysis and Machine Intelligence.

1.3.4 Application to Deepfakes

To assess the suitability of the developed methods, we consider the practical use case

of deepfake detection. Deepfakes are synthesized images or videos, where some

or all facial attributes and/or components are altered using deep learning techniques.

Detecting deepfakes is crucial to prevent issues like identity theft, fraudulent transactions,
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and the spread of pornography, among others.

Recent methods treat deepfake detection as a binary classification problem, aiming

to determine whether a given image is “real” or “fake”, resulting in poor explanability

capabilities. In fact, an image predicted as fake can be produced by one or multiple

manipulations. Therefore, we propose to formulate the problem of deepfake detection

as a multi-label classification, where each label corresponds to a specific manipulation.

We evaluate and compare several direct and indirect MLIC approaches on a recently

introduced multi-label deepfake dataset [36].

This work explores the potential of multi-label classification in deepfake detection

and highlights the importance of interpretable predictions in real-world applications. The

paper was published in [37].
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1.5 Thesis Outline

This dissertation is organized as follows:

• Chapter 2: In this chapter, we provide an overview of the background for a better

understanding of this thesis. This background is related to Multi-Label Image

Classification (MLIC) and Unsupervised Domain adaptation (UDA).

• Chapter 3: In this chapter, we explore the limitations of typical word-based

embeddings used as node representations in graph-based multi-label classification.

We introduce IML-GCN, which leverages image-based node embeddings to model

more effectively the label relationships.

• Chapter 4: In this chapter, we present ML-AGCN, which addresses the problem

of the heuristically fixed graph topology in standard graph-based methods. An

adaptive graph module is proposed to adaptively model label correlations under

both single-domain and cross-domain settings for MLIC.
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• Chapter 5: In this chapter, we introduce a fully differentiable discriminator-free

approach called DDA-MLIC for addressing the domain shift in MLIC. We demon-

strate that reusing the classifier as a discriminator can enhance the task-specific

discriminative ability of the overall framework.

• Chapter 6: In this chapter, we investigate the applicability of existing MLIC

methods for the practical use case of deepfake detection. We explore the potential

of multi-label classification in deepfake detection and emphasize the importance

of interpretable predictions in real-world applications.

• Chapter 7: In conclusion, this final chapter summarizes this thesis work and

discusses future perspectives.
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Chapter 2

Background

This chapter provides the background necessary for understanding related multi-label

classification methods. Specifically, we start by recalling the Graph Convolutional

Networks (GCN) and how they are used in MLIC for modeling label correlations. Later,

we review the concept of Unsupervised Domain Adaptation (UDA) including the two

different paradigms of UDA namely, adversarial-based and moment matching-based

methods. Finally, we discuss adversarial-based UDA strategies for MLIC.

2.1 Multi-label Image Classification (MLIC) using Graph

Convolutional Networks (GCN)

In this section, we start by reviewing the concept of Graph Convolutional Networks

(GCN). Subsequently, we introduce the pioneering graph-based method which might be

considered as a baseline to some parts of our work.

14



2.1.1 Graph Convolutional Networks (GCN)

Graph convolution networks (GCN), initially introduced in [38], are the natural extension

of Convolution Neural Networks (CNNs) to graphs. In fact, classical CNNs are designed

for Euclidean structures and consequently applying them to graphs that are non-linear is

not straightforward. Let us consider a graph G = (V,E,F0) with V = {v1, v2, ..., vN} the

set of nodes, N the number of nodes, E = {e1, e2, ..., eM} the set of edges connecting

the nodes, M the number of edges and F0 ∈ RN×d the input d-dimensional node

features. Let A be the adjacency matrix defining the weighted connectivity of nodes.

Considering Fl the input features of the lth layer, the aim of GCN is to learn a

non-linear function f(.) in order to update the node features of the next layer denoted

as Fl+1 ∈ RN×d′ which can be written as,

Fl+1 = f(Fl, A). (2.1)

Using the same approach for convolution as [38], we can re-write Eq. (2.1) as:

Fl+1 = h(ÂFlWl), (2.2)

where Wl ∈ Rd×d′ is the weight matrix to be learned, Â ∈ RN×N is the normalized

version of A and h is a non-linear activation function.

2.1.2 GCN-based Multi-label Image Classification

The goal of multi-label image classification is to predict the presence or absence of a set

of objects O = {1, 2, ..., N} in a given image I. This can be done by learning a function

f such that,
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f : Rw×h → [[0, 1]]N

I 7→ y = [yi]i∈O,
(2.3)

where w and h define the pixel-wise width and height of the image, respectively, and

yi = 1 indicates the presence of the label i in I, in contrast to yi = 0. Graph-based multi-

label image classification methods such as ML-GCN [39], A-GCN [40] and F-GCN [41]

usually involve two subnetworks: (1) A feature generator denoted by fg, and (2) an

estimator of N inter-dependent binary classifiers denoted by fc. The generator mostly

corresponds to an out-off-the-shelf CNN network, such as ResNet [9], which produces

a df -dimensional image feature representation as described below,

fg : Rw×h → Rdf

I 7→ X
. (2.4)

On the other hand, the second subnetwork fc is a GCN formed by L layers which

takes a fixed graph G = (V,E,F) as input where card(V ) = N . In the context of modeling

label relationships, each node of the graph vi ∈ V represents a label i ∈ {1, 2, ..., N} and

and each fi ∈ F corresponds to its associated label embedding. Then, the probability

that two labels appear together in an image defines an edge and is directly encoded in

the adjacency matrix A ∈ RN×N of G. The adjacency matrix is usually pre-computed

based on the co-occurrence probabilities that are estimated over the training set [39].

Most of the existing GCN-based MLIC methods [39]–[41] use word embedding [42]

representations as input node features denoted by FW . These node features are

generated by Glove [42]. Thus, in this case, we can say that F0 = FW . Furthermore, a

re-weighted scheme is typically used [39] where firstly a threshold τ has been used to

filter the noisy edges resulting in:
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Aij =

 0, if pij < τ,

1, if pij ≥ τ
, (2.5)

where pij = p(Ij|Ii) is the the probability of co-occurrence of label j and label i in the

same image. Secondly, in order to avoid over-smoothing, the following re-weighted

scheme is used [39]:

A′
ij =

 p/
∑N

j=1Aij, if i ̸= j,

1− p, if i = j
, (2.6)

where p determines the weights assigned to a node itself and other correlated nodes.

Given Fl ∈ Rdl×L as the input node features of the lth layer, the input features Fl+1 of

the (l + 1)th are therefore computed by following Eq. (2.1).

Finally, the vertex features produced by the last GCN layer, i.e., FL ∈ RN×df , form

the N inter-dependent classifiers.

In summary, fc can be defined as follows,

fc : G(N) → Rdf×N

G 7→ FL = [FL
1 , ..., F

L
N ],

(2.7)

where G(N) represents the set of graphs with N nodes, and FL
i for i ∈ {1, ..., N} is the

generated inter-dependent binary classifier associated to the label i.

Hence, f , which returns the final prediction, can be defined as follows,

f(I) = sig(fc(G)fg(I)T )

= sig(FLXT ),
(2.8)

where sig(x) = 1
1+e−x is the sigmoid activation function. A typical architecture of

graph-based multi-label image classification [39] is showcased in Figure 2.1 where
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Figure 2.1: Overall framework of graph convolutional network-based multi-label image
classification [39].

fcnn represents the feature generator extracting D-dimensional discriminative image

features and the GCN subnetwork learn C inter-dependent binary classifiers, with C

being the total number of class labels. These learned classifiers utilize the image

features extracted by fcnn to provide probability scores indicating the presence of object

labels. The overall network is optimized using a supervised multi-label classification

loss, typically a multi-label soft margin loss. By minimizing this loss, the network is

trained to accurately classify images into multiple labels simultaneously, improving its

performance in MLIC tasks.

2.2 Unsupervised Domain Adaptation (UDA)

As introduced earlier, existing MLIC methods usually assume that unseen images and

training data are drawn from the same distribution, i.e. the same domain, hence ignoring

a possible domain-shift problem [22]. This leads, therefore, to poor generalization

capabilities under cross-domain settings (see Figure 1.2). Unsupervised Domain

Adaptation (UDA) is a plausible solution to overcome this challenge without relying
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on costly annotation efforts [23]. UDA aims at learning domain invariant features to

bridge the gap between a source domain and a target domain without access to the

associated target labels. In what follows, we discuss the two different paradigms of UDA

for any general image classification.

2.2.1 Moment matching-based Unsupervised Domain Adaptation

(UDA)

One of the most known paradigm for domain adaptation involves the explicit alignment

of the source and target distributions by minimizing. Maximum Mean Discrepancy

(MMD) [43] is one of the earliest and widely used strategies, computed from the mean

values of the source and target samples after applying a smooth function. If the means

differ importantly, this suggests that the two distributions are not well-aligned. The

chosen smooth functions are unit balls in characteristic reproducing kernel Hilbert

spaces (RKHS).

Several methods have investigated different variants of MMD. For instance, multiple-

kernel (MK-MMD) [44] embeds the hidden representations from all task-specific layers

in reproducing kernel Hilbert spaces (RKHS). It further reduces the discrepancy using

an optimal multi-kernel selection method for mean embedding matching. Given Hk the

reproducing kernal Hilbert space (RKHS) with its characteristics kernel k, the MK-MMD

dk(p, q) between two probability distributions p and q is defined as the RKHS distance

between the mean embeddings of p and q. The squared formulation of the same is

given as:

d2k(p, q) = ||Ep[ϕ(Is)]− Eq[ϕ(It)]||2Hk
, (2.9)

where ϕ represents the feature map of the respective source or target sample.

A similar approach involves learning a transfer network by aligning the joint distri-
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butions of multiple domain-specific layers across domains based on a joint maximum

mean discrepancy (JMMD) criterion [45]. Correlation alignment (CORAL) [46] operates

similarly to MMD but utilizes a polynomial kernel. It is computed based on the distance

between second-order statistics (covariances) of the source and target features.

2.2.2 Adversarial-based Unsupervised Domain Adaptation (UDA)

Over the last few years, several adversarial-based UDA approaches have been proposed

in the context of multi-class classification. Generally, these methods incorporate a

domain discriminator for identifying the origin of image features, distinguishing between

the source and target domains. Given I the input image and y = {1, 2, ..., N} the set

of possible labels, a multi-class classification task generally aims to learn a function f

such that f : I 7→ y. In a typical UDA setting, a labeled source sample S drawn i.i.d.

from Ds, and an unlabeled target sample T drawn i.i.d. from Dt, such that:

S = {(Ii,yi)}ns
i=1 ∼ (Ds)

ns ; T = {Ii}nt
i=1 ∼ (Dt)

nt , (2.10)

with ns and nt, respectively, being the total number of source and target samples.

In order to achieve successful domain adaptation, one of the pioneering works in

adversarial learning of neural networks, namely DANN [30], has proposed to utilize

a domain discriminator for implicitly minimizing the domain shift. In principle, DANN

comprises three key components:

1. Feature Generator (Gf ): This is typically a Convolutional Neural Network (CNN)

denoted as Gf(·; θf) with parameters θf . Given any input image I, the feature

generator extracts df -dimensional discriminative features, represented as Gf :

I 7→ Rdf .

2. Task Classifier (Gy): This is the prediction layer denoted as Gy(·; θy) with pa-

rameters θy. Given the df -dimensional image features, the task classifier aims
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to predict the probability of belonging to one of the given classes, defined as

Gy : Rdf 7→ [0, 1]N , where N is the total number of class labels.

3. Domain Discriminator (Gd): This is the domain classification layer denoted as

Gd(·; θd) with parameters θd. Given both source and target features, the domain

discriminator classifies their original domain, such that Gd : Rdf 7→ [0, 1]. Here, a

domain label of 0 indicates that the features belong to the source domain, while 1

indicates they belong to the target domain.

The two losses, i.e., the prediction loss and the domain loss are defined by:

Li
y(θf , θy) = Ly(Gy(Gf (Ii; θf ); θy), yi),

Li
d(θf , θd) = Ld(Gd(Gf (Ii; θf ); θd), di)

, (2.11)

where yi and di are, respectively, the class and the domain labels of the input image Ii.

Note that yi is only available for source images. Hence, the overall pseudo-function of

(θf , θy, θd) that is being optimized is given as:

E(θf , θy, θd) =
1

ns

ns∑
i=1

Li
y(θf , θy)− λ

(
1

ns

ns∑
i=1

Li
d(θf , θd) +

1

nt

nt∑
i=1

Li
d(θf , θd)

)
, (2.12)

where λ is a hyper-parameter used to tune the trade-off between the two quantities

during the learning process.

In their work, as shown in Figure 2.2, the domain discriminator and the feature

generator engage in a min-max game facilitated by the Gradient Reversal Layer. The

generator aims to fool the discriminator by maximizing its loss and finding a saddle point

θ̂f , θ̂y, θ̂d such that:
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Figure 2.2: Domain-Adversarial Training of Neural Networks [30].
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Figure 2.3: Comparison between multi-class and multi-label classification.

(θ̂f , θ̂y) = argmin
θf ,θy

E(θf , θy, θd), (2.13)

θ̂d = argmax
θd,

E(θ̂f , θ̂y, θd). (2.14)

The underlying concept is that if the discriminator cannot accurately predict the

domain, the generator is effectively extracting domain-invariant features. This process

leads to a reduction in the domain gap, as the classifier performs well on the target

samples. This framework is crucial and widely used in several downstream unsupervised

domain adaptation tasks.

Despite the widespread availability of UDA methods based on both paradigms,

most of them have been proposed for the context of binary or multi-class classification.

Directly extending them to the problem of MLIC remains challenging due to the inherent
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differences between the two tasks, as highlighted in Figure 2.3. In the following section,

we will discuss the rare UDA works proposed specifically for the context of MLIC.

2.3 Adversarial-based Unsupervised Domain Adapta-

tion for Multi-label Image Classification (MLIC)

First, we start by formulating the MLIC problem in the presence of a domain shift. Let

us consider a source dataset for multi-label image classification {(Iks ,yk
s )}ns

k=1 drawn

from a distribution Ds and a similar unlabelled target dataset {(Ikt )}nt
k=1 drawn from a

different distribution Dt. The matrix Iks ∈ Rw×h refers to the kth image sample of Ds and

yk
s ∈ [[0, 1]]N is its associated label vector, while Its ∈ Rw×h denotes the kth image sample

of Dt. The variables ns and nt refer respectively to the total number of samples in Ds

and Ds. The goal of unsupervised domain adaptation is to train a model using labeled

source domain data sampled from Ds and unlabelled target domain samples from Dt for

making accurate predictions on the target domain.

Inspired by the predominance of the adversarial-based approaches from multi-class

classification, very few works have been proposed for UDA in multi-label classification.

Among the most recent and accurate approaches, one can mention DA-MAIC [47],

which takes advantage of the graph representation for modeling label correlations. As

in ML-GCN [39], they have proposed to build a graph for modeling label correlations

based on label co-occurrences. Additionally, to reduce the domain shift between the

source and target domains, they have used a domain classifier that is trained in an

adversarial manner, similar to [30]. The overall flowchart of their proposed architecture

is showcased in Figure 2.4.
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Figure 2.4: Flowchart of the DA-MAIC framework [47].
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Chapter 3

IML-GCN: Improved Multi-Label Graph

Convolutional Network for Efficient yet

Precise Image Classification

In this chapter, we introduce our contribution called Improved Multi-Label Graph Convo-

lutional Network (IML-GCN). This MLIC method has the advantage of being precise yet

efficient. As introduced in Chapter 1.2.1, despite achieving great performance, previous

MLIC approaches usually make use of very large architectures. To handle this, we

propose to combine the small version of a newly introduced network called TResNet with

an extended version of Multi-label Graph Convolution Networks (ML-GCN); therefore

ensuring the learning of label correlations while reducing the size of the overall network.

The proposed approach considers a novel image feature embedding instead of using

word embeddings. In fact, the latter are learned from words and not images, making

them inadequate for the task of multi-label image classification. Experimental results

show that our framework competes with the state-of-the-art on two multi-label image

benchmarks in terms of both precision and memory requirements.
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3.1 Introduction

Multi-label image classification is an active research topic in computer vision. In the

literature, multi-label prediction approaches can be classified into two main categories.

The first class of methods generally learns a one-stream Deep Neural Network (DNN)

for multiple binary classification tasks, without integrating any prior knowledge in the

architecture design as in [9], [24], [25]. We refer to these approaches as direct methods.

Although direct methods have been shown to achieve high performance as in [24], they

generally necessitate the use of multiple layers to work effectively. This leads to a high

memory consumption; therefore restricting their applicability in a memory-constrained

context. In contrast to the latter, the second category of approaches, that we call indirect

methods, takes advantage of the prior knowledge related to the correlations existing

among different objects present in an image [27], [39], [48], [49]. This is intuitive when

one considers that in real-life some combinations of objects are more likely to appear

together than others. For instance, it is extremely likely for a racket and person to appear

together, than a racket and a dog. Indirect methods usually extend direct approaches

by adding a subnetwork that models the different label relationships. Intuitively, one

would think that using these data-driven approaches would allow obtaining a model with

a reduced number of parameters. Nonetheless, it has been noted that most of these

methods present a high number of parameters or reduce the memory requirements at

the cost of a decrease in terms of precision. In this paper, our assumption is that finding

the good combination between direct and indirect architectures will enable us achieving

competitive performance, while reducing the size of the model.

For this reason, we design a new framework termed the Improved Multi-label Graph

Convolutional Network (IML-GCN) that simultaneously considers the newly introduced

direct approach called TResNet [24] and an indirect model termed the Image Feature

Embeddings-based Graph Convolutional Network (IFE-GCN), which extends the graph
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Figure 3.1: a) Image samples with multiple labels, b) representation of graph nodes
using word embeddings and, c) our proposed embeddings using learned image-based
latent representation.

subnetwork of the Multi-label Graph Convolutional Network (ML-GCN) introduced in [39].

TResNet is chosen given its impressive performance in terms of precision even when

reducing the number of layers, while an improved version of ML-GCN is considered

given its relatively low memory consumption. ML-GCN is one of the most popular works

using graphs for modeling the label dependencies. Each label is represented by a node

while the relationship between labels is modeled using weighted edges. Then, GLOVE

word embeddings [42] are used as node features. Unfortunately, this might lead to an

inconstancy since the GCN is used to create binary classifiers that takes image features
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Figure 3.2: Architecture of our IML-GCN approach for multi-label image classification.

as input that are extracted from a second network. In fact, we recall that GLOVE has

been initially designed to represent words with vectors in the field of Natural Language

Processing (NLP), while visual object features are by nature different.

To overcome that, we propose to replace the word embeddings by novel image em-

beddings which are more meaningful in this problem of multi-label image classification,

as illustrated in Figure 3.1. More specifically, our image embeddings are computed using

label-wise image representations that are extracted by a state-of-the-art image feature

extractor. Figure 3.2 shows an overview of the proposed framework. Its relevance

in terms of precision and number of parameters with respect to the state-of-the-art is

shown by performing experiments on two well-known datasets.

The organization of the remaining sections of this chapter is as follows. Section 3.2

details the problem statement and our motivation. Section 3.3 depicts the proposed

framework of IML-GCN and details the methodology for generating the image-based

embeddings. Section 3.4 details the different experiments, and results discussion

followed by an extensive study on model performance. The paper is finally concluded in
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Section 3.5, which summarizes the major findings in this work.

3.2 Problem statement

As introduced in Chapter 2.1, Graph Convolutional Networks (GCN) are the natural

extension of Convolution Neural Networks (CNNs) to graphs. ML-GCN [39] were among

the first to use GCN in the context of multi-label image classification for modeling the

label correlations. As detailed in Section 2.1.2, they aim to learn N interdependent label

classifiers, one for each of the N object labels.

Despite the good performance of ML-GCN, two main limitations can be noted. First,

the backbone network for image representation is very deep (ResNet-101) and therefore

naturally induces a heavy architecture leading to high memory computation and con-

sumption. Second, as mentioned in Section 2.1.2, it uses word embeddings generated

by Glove [42] to represent each node (label). Unfortunately, they might not be optimal in

the context of image classification. In fact, these embeddings have been generated for

representing words using unique vectors in the field of NLP, while the latter are used in

ML-GCN for generating binary classifiers that take image features as input. Given the

difference in nature of the two modalities (words and images), it seems not suitable to

consider word embeddings as node features. Based on these two observations, two

interesting ideas are driving this work. (1) It would be interesting to investigate if finding

an appropriate combination between direct and indirect networks could be a way to

achieve state-of-the-art results, while reducing the size of the network. (2) Replacing

word embeddings with meaningful image embeddings could help improving the results

without an increase of the parameter number.
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3.3 Proposed Approach

In this section, we depict our framework called IML-GCN for multi-label image classifica-

tion. The two subnetworks of our framework are detailed below.

3.3.1 Direct subnetwork: TResNet

Our first subnetwork, as shown in Figure 3.2, is a CNN-based image-representation

network whose aim is to extract image features by using a set of convolutional blocks.

More specifically, we use TResNetM, a smaller version of TResNet [24], which was

designed to boost neural networks accuracy while retaining their GPU training and

inference efficiency. This is in line with our objective of reducing the size of the final

network. It has already demonstrated state-of-the-art results on single and multi-label

datasets [21] while maintaining a balanced trade-off between speed and accuracy. How-

ever, it has been noted that the precision drops considerably when employing the small

version TResNetM, compared to TResNetL. In general, the refinements on top of plain

ResNet architecture include: SpaceToDepth Stem [50], Anti-Alias Downsampling [51],

In-Place Activated BatchNorm [52], Novel Block-Type Selection [24] and Optimized SE

Layers [53].

For any given input image I, the output of this subnetwork is a df -dimensional

latent representation of the image which is denoted by FGAP ∈ R1×df . For TResNetM

specifically, the output dimension d = 2048.

3.3.2 Indirect subnetwork: Image Feature Embeddings-based Graph

Convolutional Network (IFE-GCN)

The second subnetwork consists of an improved version of the graph subnetwork

introduced in the indirect method ML-GCN [39]. The overall architecture remains the
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same as the GCN branch of the original ML-GCN, except that we replace the input

word embedding-based node representation by our proposed image-feature-based

embeddings.

As we can see in Figure 3.2, the output of the proposed GCN network creates

N interdependent binary classifiers incorporating the information of label correlations.

However, as stated earlier, word embeddings are not adapted for multi-label image

classification. Thus, the idea would be to replace these word embeddings with relevant

image embeddings that could be sufficiently discriminative to design effective classifiers.

Intuitively, the idea would be to generate a vector per object label including relevant

image features related to the corresponding object. Below, we depict in details how

these novel image embeddings are computed.

Image feature embeddings: Assuming n is the total number of training samples in

a particular dataset, we initialize the CNN model, i.e. TResNetM, using the weights

pre-trained on the ImageNet dataset. We first train the CNN model to convergence.

Once we obtain the fully-trained weights, we make one forward pass for the n images.

More specifically, the output of the penultimate layer (GAP) FGAP ∈ Rn×df , provides df

dimensional vector as learned image-level features for each input image.

Then, using the ground-truth, we gather for each label the set of generated features

Si such that the associated object is visible in the corresponding image. Note that

i ∈ {1, ..., N} and N is the total number of nodes or object labels. Finally, for each label

i, we compute the average of the corresponding set of features FI given as:

(fi)I = mean(Si) (3.1)

with FI = [(f1)I , (f2)I , ..., (fN)I ] ∈ RN×df .

Furthermore, since we employ the image-feature embeddings as inputs to the

GCN, improving the signal-to-noise of the input can facilitate the learning of robust
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Table 3.1: Comparisons with state-of-the-art methods on the MS-COCO dataset with
n components=80 the number of the components fixed for computing FPCA.

Method #Parameters mAP CP CR CF1 OP OR OF1
CNN-RNN [49] 66.2 M 61.2 - - - - - -
SRN [19] ∼48M 77.1 81.6 65.4 71.2 82.7 69.9 75.8
ResNet101 [9] 44.5M 77.3 80.2 66.7 72.8 83.9 70.8 76.8
Multi-Evidence [20] ∼47M - 80.4 70.2 74.9 85.2 72.5 78.4
ML-GCN [39] 44.9M 83 85.1 72 78 85.8 75.4 80.3
SSGRL [55] 92.2M 83.8 89.9 68.5 76.8 91.3 70.8 79.7
KGGR [56] ∼45M 84.3 85.6 72.7 78.6 87.1 75.6 80.9
C-Tran [27] 120M 85.1 86.3 74.3 79.9 87.7 76.5 81.7
ASL (TResNetM) [21] 29.5M 81.8 82.1 72.6 76.4 83.1 76.1 79.4
ASL (TResNetL) [21] 53.8M 86.6 87.4 76.4 81.4 88.1 79.2 81.8
Ours (IML-GCN with FI) 33.5M 85.9 82.7 78.9 80.5 84.6 82.1 83.3
Ours (IML-GCN with FPCA) 31.5M 86.6 78.8 82.6 80.2 79.0 85.1 81.9

representations by the GCN. Therefore, we use Principal Component Analysis (PCA),

which simultaneously reduces the dimension of the image-feature embeddings from df

to N such that the new input feature matrix FPCA ∈ RN×N . Thus, these features are

used as input to the first layer such as,

FI = FPCA (3.2)

3.4 Experiments

In this section, we start by presenting the implementation details. Subsequently, we

present the results and discussion on two benchmarking multi-label image recognition

datasets, which include the MS-COCO [1] and VG-500 [54].

3.4.1 Implementation details:

The Asymmetric Loss (ASL) [21] is used as our loss function. The adjacency matrix for

the GCN is computed using the same approach depicted in ML-GCN.
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Table 3.2: Comparisons with state-of-the-art methods on the VG-500 dataset with
n components=500 for FPCA.

Method # Parameters mAP (%)
ResNet-101 [9] 44.5M 30.9
ML-GCN [39] 44.9M 32.6
ASL (TResNetM) [21] 29.5M 33.6
C-Tran [27]* 120M 38.4*

Ours (IML-GCN with FI) 33.5M 34.0
Ours (IML-GCN with FPCA) 32.1M 34.5
*The model is roughly 273% larger than our proposal

The hyper-parameters are empirically fixed. More specifically, we set the threshold

to τ = 0.1 in Eq. (2.5). We train the model for 40 epochs using a multi-step learning

rate scheduler initialized with a learning rate of 10−3 and decayed by a factor of 0.1 at

the 10, 20, and 30th epochs. For data augmentation, we use the same Randaugment

technique as the baseline [21] during the training. Adam is used as optimizer [57] with a

weight decay of 5e−4.

3.4.2 Experimental results:

In this part, we start by comparing our approach to state-of-the-art methods using MS-

COCO and VG-500 datasets. Subsequently, we conduct an ablation study to evaluate

the interest of the proposed contributions.

Performance on MS-COCO: The MS-COCO [1] dataset is a well-known large-scale

multi-label image dataset. It contains 122,218 images and covers 80 common ob-

jects. Following the conventional training and evaluation protocols for the MS-COCO

dataset [20], [58], we report the following statistics: mean Average Precision (mAP),

average per-Class Precision (CP), average per-Class Recall (CR), average per-Class

F1-score (CF1), the average Overall Precision (OP), average overall recall (OR) and

average Overall F1-score (OF1). We report the results obtained for our approach using
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two types of settings; that is, (IML-GCN with FI) and (IML-GCN with FPCA) using

image embeddings without and with PCA respectively.

Table 3.1 reports the quantitative results obtained on the MS-COCO dataset. It

can be clearly seen that although our models are noticeably smaller than others, they

outperform state-of-the-art methods in terms of the mAP. Specifically, our approach

achieves an mAP of 86.62% using only 31.5M parameters. Thus, it outperforms ML-

GCN by 3.62% and requires around 30% less parameters. Similarly, our approach

slightly registers higher mAP than ASL with 0.2% increase, while requesting 42% less

parameters. Also, it is observed that the model using the IML-GCN with PCA performs

better than the model without PCA in terms of mAP. We can see an improvement of

0.8%. Moreover, it can be noted that 2M fewer parameters are needed when using PCA.

Therefore, the obtained results show the interest in applying PCA to the image feature

embeddings.

Performance on VG-500: The Visual Genome dataset [54] is another large-scale

multi-label image dataset that contains a total of 108,077 images, which covers over

thousands of categories. Given that the distribution of the labels is quite sparse, the

VG-500 subset [56] that consists of the 500 most frequent objects as categories is used.

It is divided into a training set of 98,249 training images and 10,000 test images.

In Table 3.2, we compare our model with recent approaches. It can be seen that we

achieve an mAP of 34.5% which is higher than the score reported for ResNet-101 [9],

ML-GCN [39] and ASL (TResNetM) [21]. We also note that ResNet101 and ML-GCN

employed a larger backbone CNN network, ResNet-101 leading to a higher number

of parameters. Only ASL uses fewer number of parameters, which is fair since this

network represents the direct backbone of our model. It can be noted that C-Tran [27]

is the only approach that outperforms our method in terms of mAP. However, they rely

on extremely large models. Indeed, the mAP result of 38.4% obtained in [27] used a
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model that is roughly 273% larger than the model that we propose in this paper, as it

can deduced from Table 3.2. The extremely large size of the model in [27] places a

limitation on its practical usefulness when considering the high computational resource

and latency it incurs. Importantly, our proposed model requires modest computational

resources and gives interesting results.

3.4.3 Impact of GCN input features:

This section reports the results of experiments, which were performed to study the

performance improvements obtained using the proposed image-feature embeddings as

input features for the GCN in comparison to word embeddings. For these experiments,

the proposed framework (CNN-GCN architecture) remains the same except that the

GCN of IML-GCN is replaced with the graph subnetwork of ML-GCN. We report the

performance improvements for three different settings in Table 3.3.

Word embeddings: We use the same GCN subnetwork proposed for ML-GCN [39].

Table 3.3 shows that using the original GCN which incorporates word embeddings as

node features lead to a visible decrease of 5% and 1.9% in mAP on MS-COCO and

VG-500, respectively. This is expected as the used word embeddings are not relevant

to the task of image classification and confirm our assumption.

Image embeddings: When the word embeddings are replaced by the d-dimensional

embeddings generated using latent image representations, there is a significant im-

provement in the accuracy for the two benchmarks as reported in Table 3.3. This shows

that the proposed image-feature embeddings can provide more robust representations

in comparison to word embeddings.
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Table 3.3: Impact of GCN input features.

Dataset Refinements mAP (%)

COCO
Word embeddings (FW ) 81.6
(+) Image based-feature embeddings (FI) 85.9 (+4.3)
(+) Image based-feature embeddings PCA (FPCA) 86.62 (+0.7)

VG-500
Word embeddings (FW ) ML-GCN [39] 32.6
(+) Image based-feature embeddings (FI) 33.39 (+0.8)
(+) Image based-feature embeddings PCA (FPCA) 34.47 (+1.1)

Image based-feature embeddings PCA: As discussed earlier, PCA is applied to the

generated d-dimensional embeddings to obtain N -dimensional feature embeddings with

improved signal-to-noise ratio. The results given in Table 3.3 show that applying PCA to

the image embeddings improves the performance of the proposed model by 0.7% and

1.1% on MS-COCO and VG-500, respectively.

3.5 Conclusion

Multi-label image classification problems can be tackled using CNN-GCN frameworks,

where the GCN employs word embeddings as input features. However, word embed-

dings schemes might not be optimal for allowing the GCN to learn robust representations

that encode label dependencies; word embeddings are more suited for NLP tasks. Fur-

thermore, existing models, including CNN-GCN are considerably large, and thus their

practical usefulness is limited in applications that require low latency and/or memory.

As such, in this chapter, we propose a new framework called IML-GCN that achieves

high precision while reducing the size of the network. It takes advantage of the latest

advancements in direct (TResNet) and indirect methods (ML-GCN). Moreover, instead

of employing word embeddings, we use image-feature embeddings, which are more

adapted in an image classification context. We show that better classification results

can be obtained compared to previous methods including CNN-GCN based approaches,

while reducing the number of parameters. In the next chapter, we further explore the
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limitations of CNN-GCN-based frameworks for the problem of MLIC.
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Chapter 4

Multi-label Image Classification using

Adaptive Graph Convolutional

Networks: from a Single Domain to

Multiple Domains

In the previous chapter, we highlight the relevance of image-based node embeddings

for representing labels in a CNN-GCN-based framework for the task of MLIC. In this

chapter, we further investigate the limitations of existing graph-based approaches and

their applicability in a cross-domain scenario. As mentioned in Chapter 2.1, graph-based

methods have been largely exploited in the field of multi-label classification, given their

ability to model label correlations. Specifically, their effectiveness has been proven

not only when considering a single domain but also when taking into account multiple

domains, as highlighted in Chapter 2.3. However, the topology of the used graph is not

optimal as it is pre-defined heuristically. In addition, consecutive Graph Convolutional

Network (GCN) aggregations tend to destroy the feature similarity. To overcome these

issues, an architecture for learning the graph connectivity in an end-to-end fashion is
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(a) Without UDA (b) With UDA

Figure 4.1: Comparison of our approach (ML-AGCN) (a) without and (b) with UDA to
recent state-of-the-art methods in terms of number of parameters (millions) and mean
Average Precision (mAP) on MS-COCO and Clipart → VOC. The considered state-
of-the art methods are: MlTr-m [29], TResNet-L [24], ML-Decoder [59], ML-GCN [39],
ResNet101 [9], DA-MAIC [47], and DANN [30].

introduced. This is done by integrating an attention-based mechanism and a similarity-

preserving strategy. The proposed framework is then extended to multiple domains

using an adversarial training scheme. Numerous experiments are reported on well-

known single-domain and multi-domain benchmarks. The results demonstrate that

our approach achieves competitive results in terms of mean Average Precision (mAP)

and model size as compared to the state-of-the-art. The code will be made publicly

available.

4.1 Introduction

Thanks to the latest progress in deep learning, most of recent methods rely on a single-

stream Deep Neural Networks (DNN), including Convolution Neural Networks (CNN) [9],

[19], [20], [24], [60], [61], Residual Neural Networks (RNN) [49] and Transformers [27],

[29], [54], [62]. Nevertheless, as highlighted in Chapter 1.1, their impressive performance

comes at the cost of very large architectures that are unsuitable for memory-constrained

environments. As an alternative, another line of research has tried to integrate priors
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related to label correlations [31], [39]–[41], [55], [63], [64]. As demonstrated in [31], such

an approach contributes to improving scalability. In other words, fewer parameters are

required to achieve comparable performance with traditional DNNs.

Graph-based approaches [31], [39], are among the most popular multi-label clas-

sification methods that aim at modeling label correlations, both in single as well as

cross-domains. Standard multi-label image classification methods such as [31], [39] usu-

ally assume that unseen images and training data are drawn from the same distribution,

i.e. the same domain, hence ignoring a possible domain shift problem [47]. This leads,

therefore, to poor generalization capabilities under cross-domain settings. Unsupervised

Domain Adaptation (UDA) is a plausible solution to overcome this challenge without

relying on costly annotation efforts [23]. UDA aims at learning domain invariant features

to bridge the gap between a source domain and a target domain without access to

the associated labels. In particular, one of the most successful UDA approaches for

multi-label classification, namely DA-MAIC [47], leverages graph representations to

model label inter-dependencies and couple it with an adversarial training approach [30].

While most existing multi-label classification methods can be extended to the cross-

domain setting by just adding a simple discriminator, they mostly require a high number

of parameters to work effectively. Hence, the use of a graph-based method for modeling

label correlation is an interesting way for obtaining compact yet effective models, as

highlighted in [47]. This allows achieving a good compromise between performance

and compactness under the cross-domain setting.

Despite their usefulness in both single and cross-domain settings, graph-based

methods [31], [39]–[41], [47], [55], [63], [64] are unfortunately subject to three major

limitations, namely: (1) The graph structure is heuristically defined. In particular, it

is computed based on the co-occurrence of labels in the training data. Hence, this

topology might not be ideal for the specific task of multi-label image classification; (2) A

threshold is empirically fixed for discarding edges with a low co-occurrence probability.
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This means that infrequent co-occurrences are assumed to be noisy. Although this might

be true in many cases, assuming that any rare event corresponds to noise does not

always hold; and (3) it has been proven in [65] that successive aggregation operations

in the GCN usually dissipate the node similarity in the original feature space, hence

potentially leading to a decrease in terms of performance.

Herein, we posit that by integrating adequate mechanisms in graph-based ap-

proaches for addressing the aforementioned issues, it should be possible to reduce the

network size even more while achieving competitive performance in both single-domain

and cross-domain settings.

In this chapter, we present the proposed adaptive graph-based multi-label classifica-

tion method called Multi-Label Adaptive Graph Convolutional Network (ML-AGCN) for

both contexts, single domain and across domains. Our idea consists in: (1) learning two

additional adjacency matrices in an end-to-end manner instead of solely relying on a

heuristically defined graph topology. Note that no threshold is applied, avoiding the loss

of weak yet relevant connections. In particular, the first learned graph topology com-

putes the importance of each node pair. This is carried out by employing an attention

mechanism similar to Graph Attention Networks (GAT) [66]. Nevertheless, even though

learned, the latter does not ensure the conservation of feature similarity. Hence, the

second graph structure is built based on the similarity between node features and over-

comes the information loss happening through successive convolutions; (2) integrating

the proposed adaptive graph-based architecture in an adversarial domain adaptation

framework for aligning a labeled source domain to an unlabeled target domain. As

shown in Figure 4.1, the results suggest that our method is competitive with respect to

the state-of-the-art in terms of both mean Average Precision (mAP) and network size

under the single domain and cross-domain settings.

The detail in this chapter is an extended version of [32]. In summary, the main

contributions of our proposed work are given below:
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1. We propose an adaptive label graph learning strategy that does not make use of

any threshold, hence preventing information loss about weak connections.

2. Two parameterized label graphs have been proposed: 1) to quantify each label

pair’s importance and, 2) to preserve the node feature’s dissimilarity.

3. An adversarial Domain Adaptation approach integrating the Adaptive Graph Con-

volutional Network (DA-AGCN) for multi-label image classification.

4. A deep qualitative and quantitative experimental analysis of the proposed method,

both in a single domain as well as cross-domains, with respect to the state-of-the-

art.

The remainder of this chapter is organized as follows. Section 4.2 reviews the

state-of-the-art on multi-label image classification and domain adaptation for multi-label

classification. In Section 4.3 and Section 4.4, the proposed method is detailed. Sec-

tion 4.5 presents the experimental results and analysis. Finally, Section 4.6 concludes

this work and highlights interesting future directions.

4.2 Related works

In this section, we start by presenting the state-of-the-art of multi-label image classifica-

tion. Then, we focus on reviewing existing domain adaptation approaches for multi-label

image classification.

4.2.1 Multi-label Image Classification

This subsection presents various works proposed for Multi-Label Image Classification

(MLIC) within a single-domain context. We categorize these methodologies into two

main groups based on their intuition and network architectures.
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Single-stream deep neural networks

As discussed in Chapter 4.1, most multi-label classification methods [21], [24], [27],

[29], [62], [67], [68] employ a single-stream DNN. More specifically, they mainly take

inspiration from successful architectures proposed in the context of single-label image

classification such as CNN, RNN and transformers. For example, [67] have used a pre-

trained OVERFeat [69] model and have adapted it to multi-label image classification. [68]

have leveraged the prediction of multiple CNN architectures pretrained on ImageNet [70]

such as AlexNet [71] and VGG-16 [60]. Ridnik et al. [21] have employed TResNet [24]

using a novel loss called Asymmetric Loss (ASL) that focuses more on positive labels

than negative ones. TResNet introduced in [24] is based on a ResNet architecture with

a series of modifications for optimizing the GPU network capabilities while maintaining

the performance.

Recently, [27] attempted to leverage transformers for modeling complex depen-

dencies among visual features and labels. Similarly, MlTr [29] combines the pixel

attention and the attention among image patches to better excavate the transformer’s

activity in multi-label image classification. More recently, ML-Decoder [59] proposed a

transformer-based classification head instead of the standard Global Average Pooling

(GAP), for improving the generalization capability. On the other hand, another recent

work introduced a novel attention module called Interventional Dual Attention (IDA) [28]

that aims to mitigate contextual bias in visual recognition through multiple sampling

interventions.

Multi-stream deep neural networks

Going deeper into the network enables the model to learn more abstract features from

the image. However, as mentioned in Chapter 1.2.1, this comes at the cost of high

memory requirements. Moreover, the aforementioned single-stream methods do not
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explicitly model the relationship between labels which can be an important semantic

element to consider.

In order to incorporate the information of label correlations, a second class of

methods have used a second subnetwork in addition to the main backbone. For

instance, [19] have introduced a Spatial Regularization Net (SRN) to learn the underlying

relationships between labels by generating label-wise attention maps. Similarly, [72]

have employed image representations from intermediate convolutional layers to model

both local and global label semantics.

Graphs can also be an interesting way for modeling label correlations [31], [39],

[58], [62], while keeping the network size reasonable. ML-GCN [39] was among

the pioneering works that utilized a Graph Convolutional Network (GCN) to learn

interdependent label-wise classifiers and combine it with a standard DNN that learns

discriminative image features. Similarly, IML-GCN [31] makes use of a similar GCN-

CNN architecture. However, they suggest employing image-based embeddings as node

features of the input graph as a replacement to the glove-based word embeddings [42]

used in [39]. Indeed, GLOVE embeddings might be inappropriate for MLIC since they

have has been initially proposed for representing words in the field of Natural Language

Processing (NLP), while images are intrinsically different.

As discussed in Chapter 4.1, despite their proven performance in terms of both

precision and network size, these graph-based approaches including ML-GCN and IML-

GCN suffer from some weaknesses. First, the input graph is predefined based on label

co-occurrences in the training set. As a result, the heuristically defined topology labels

might be sub-optimal for MLIC. Second, a threshold is set empirically in order to ignore

weak edges. This induces that rare co-occurrences are presumed to be noisy. Even

though this assumption often holds, some infrequent events might occur in a real-life

scenario. Lastly, as discussed in [65], the similarity of node features through multiple

GCN layers might fade, potentially resulting in a performance decrease. The proposed
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ML-AGCN aims at solving these issues by adaptively learning the graph topology in an

end-to-end manner, while leveraging an adequate mechanism for preserving the feature

node similarity.

4.2.2 Unsupervised Domain Adaptation for Multi-label Image Clas-

sification

Over the last years, DL methods have achieved a remarkable progress in the field of

computer vision and pattern recognition. However, the effectiveness of DL approaches

heavily depends on the availability of a large amount of annotated data. For mitigating

the huge cost caused by data annotation, the field of unsupervised domain adapta-

tion [30], [43], [73]–[75] has been widely investigated over the last decade. It aims at

making use of an existing labeled dataset from a related domain called source domain

to enhance the model performance on a domain of interest termed target domain, for

which only unlabeled data are provided.

Unsupervised domain adaptation methods can be separated into two main cate-

gories. The first one [43], [73], [74] aims at explicitly reducing the domain gap by

minimizing statistical discrepancy measures between the two domains. Alternatively, the

second class of methods implicitly minimizes this domain gap by adopting an adversarial

training approach [30], [75]. The main idea consists in using a domain classifier to play

a min-max two-player game with the feature generator. This strategy is designed to

enforce the generation of domain-invariant features that are sufficiently discriminative.

Nevertheless, most existing techniques focus on the task of single-label image

classification. In fact, very few papers have considered domain adaptation for multi-label

image classification [39], [76], [77],[34].

Among these rare references, we can mention ML-ANet [76], which explicitly mini-

mizes the domain gap by optimizing multi-kernels maximum mean discrepancies (MK-
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MMD) in a Reproducing Kernel Hilbert Space (RKHS). More recently, an adversarial

approach has been adopted in [77] where a condition-based domain discriminator simi-

lar to conditional-GANs [78] has been employed. However, similar to the first category

of methods for traditional multi-label image classification, these two approaches [76],

[77] neglect the important information of label dependencies.

A graph-based approach called DA-MAIC has been then proposed as an alterna-

tive [47]. As in ML-GCN [39], they have proposed to build a graph for modeling label

correlations based on label co-occurrences. Additionally, to reduce the domain shift

between the source and target domains, they have used a domain classifier that is

trained in an adversarial manner. Unfortunately, DA-MAIC is impacted by the same

drawbacks affecting ML-GCN [39] as detailed in Chapter 4.1 and 4.2.1. More details

regarding these issues are given in the next section.

Inspired by [79], a very recent work [34] called DDA-MLIC redefining the adversarial

loss based on the multi-label classifier has been proposed, hence eliminating the need

for an additional discriminator. Although this approach has shown promising results,

it addresses the problem of domain adaptation from a different perspective. Indeed,

the presented paper in this chapter aims to propose a suitable multi-label classification

mechanism that could be beneficial for both single-domain and cross-domain settings

while DDA-MLIC investigates a more adequate adversarial strategy. Therefore, the two

methods (DDA-MLIC and ours) tackles two different yet complementary aspects of UDA

for multi-label classification.
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Figure 4.2: Architecture of ML-AGCN [32]: On the one hand, the CNN subnet learns
relevant image features from an input image. On the other hand, the GCN subnet
estimates interdependent label classifiers by taking into account one fixed adjacency
matrix A and two adaptive adjacency matrices B(l) and C(l). Finally, the classifiers are
applied to the CNN features for predicting the labels.

4.3 Multi-Label Adaptive Graph Convolutional Network

(ML-AGCN)

As explained in Section 4.1, three main limitations can be noted in graph-based methods:

(1) the computation of the adjacency matrix A is made heuristically and is decoupled

from the training process; (2) a threshold τ (Eq. (2.5)) is empirically fixed for completely

ignoring rare co-occurrences; and (3) as shown in [65], aggregating successively node

features in a graph may induce the loss of the similarity/dissimilarity information present

in the initial feature space. To handle these challenges, a novel graph-based approach

called Multi-Label Adaptive Graph Convolutional Network (ML-AGCN) is introduced.
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4.3.1 Overview of the Proposed Architecture

Similar to [39] and [31], a network formed by two subnets is adopted as illustrated in

Figure 4.2. The first is a CNN that extracts a discriminative representation from a given

input image, while the second is a GCN-based network that learns N interdependent

classifiers. As in [31], TResNet-M which represents a small version of TResNet [24] is

employed as a CNN subnetwork. TResNet is a direct extension of ResNet, which fully

exploits the GPU capabilities to boost the model efficiency. The graph-based subnet,

Adaptive Graph Convolutional Network (AGCN), uses the same image embeddings

proposed in [31] as feature nodes. Nevertheless, in contrast to [31] and [39], it relies

on an end-to-end learned graph topology. More details regarding this subnetwork are

provided in Chapter 4.3.2. Similar to [31], the Asymmetric Loss (ASL) [21] denoted by

Lc is used for optimizing ML-AGCN such that,

Lc = E(Is,ys)∼Ds

N∑
i=1

y(i)s (1− p(i))γ+ log(p(i))

+ (1− y(i)s )(p(i)m )γ− log(1− p(i)m ),

(4.1)

where γ+ and γ− are focusing parameters for positive and negative samples, respec-

tively, and y
(i)
s and p(i) are the respective ground truth and predicted probability with

respect to the label i and p
(i)
m is the shifted probability given by max(p(i) −m, 0), where

m is a threshold used for reducing the effect of easy negative samples [21].

4.3.2 Graph-based Subnet: Adaptive Graph Convolutional Network

(AGCN)

Our intuition is that by integrating a suitable mechanism, it should be possible to boost

the classification performance and reduce at the same time the size of graph-based
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Figure 4.3: (a) An example of a fixed label graph with a threshold set to τ = 0.1 [32].
Dashed (red) edges indicate the ignored edges; (b) The proposed parameterized graph
topology considering all the edges.

methods. Hence, as illustrated in Figure 4.3, we propose to adaptively learn the graph

topology by reformulating Eq. (2.2) as below,

Fl+1 = σ((A+B(l) +C(l))FlWl), (4.2)

where σ is a LeakyRELU activation function.

Instead of relying solely on the adjacency matrix A defined in [39], two additional

parameterized graphs called attention-based and similarity adjacency graphs, respec-

tively denoted by B(l) and C(l), are defined. In this case, no threshold is applied to A

for ignoring rare co-occurrences. It is also important to note that A is fixed, while B(l)

and C(l) vary from one layer to another. In the following, we detail how B(l) and C(l) are

computed.

Attention-based adjacency matrix

Instead of ignoring rare co-occurrences in A, the matrix B(l) = (b
(l)
ij )i,j∈O is defined

based on an attention mechanism where the importance of each edge is quantified. To

that aim, inspired by [66], an attention score denoted by eij is calculated for each pair of
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vertices (vi, vj) as follows,

eij = σ(a(l)T (WFi
(l)||WFj

(l)), (4.3)

where W ∈ Rd(l+1)×d(l) represents a learnable weight matrix, a(l)T ∈ R2d(l+1) are the

learnable attention coefficients and || refers to the concatenation operation.

A softmax function is then applied to the computed normalized attention scores such

that,

α
(l)
ij =

exp(e(l)ij )∑
k∈N (i) exp(e(l)ik )

, (4.4)

with N (i) defining the neighborhood of the node i and αij being the obtained normalized

attention score.

We recall that the goal of the GCN subnet is to generate interdependent label

classifiers (Chapter 2.1.2). This means that each classifier must be predominated

by the information related to the label it belongs to. Hence, the attention score of

the node in question should be maximal. For this purpose, an additional step called

self-importance mechanism is proposed for computing the attention-based adjacency

matrix B(l) = (b
(l)
ij )i,j∈O as follows,


b
(l)
ij = α

(l)
ij +max

k∈O
(α

(l)
ik ) if i = j

b
(l)
ij = α

(l)
ij if i ̸= j

. (4.5)

Similarity-based adjacency matrix (C)

As illustrated in the top row of Figure 4.4, the GCN aggregation process tends to modify

the node similarity in the original feature space [65]. Subsequently, the second row

illustrates a significant change in the similarity measure between the node features

before and after the GCN operation (see Fig 4 (a) and (b), respectively). Although
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(a) Original (b) ML-GCN [39] (c) Ours

Figure 4.4: Comparison of node feature similarity: The top row presents a tSNE
visualization, while the bottom row illustrates cosine-similarity map between the graph
nodes for VOC dataset: a) using the original image-based embeddings (before GCN),
b) after applying two layers of standard GCN using the proposed architecture in ML-
GCN [39], and c) after applying two layers of AGCN using our approach (i.e., ML-AGCN).

learned in an end-to-end manner, the attention-based graph B only quantifies the

connectivity importance of each node pair and does not guarantee that the feature

similarity is not lost through graph convolutions. Hence, we propose to incorporate an

additional matrix C(l) = (c
(l)
ij )i,j∈O to preserve the node feature similarity. It is obtained

by calculating the cosine similarity c
(l)
ij between each pair of vertices (vi,vj) as follows,

c
(l)
ij =

F
(l)
i .F

(l)
j

∥F(l)
i ∥∥F(l)

j ∥
, (4.6)

where ∥.∥ denotes the L2 Euclidean norm.

Finally, the output of the final layer L denoted by FL is used in Eq. (2.1.2) for predicting

the labels. As shown in Figure 4.4 (c), by using this strategy, the node similarity is

relatively preserved, as compared to a standard GCN.
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Figure 4.5: Architecture of the proposed DA-AGCN for multi-label image classification
(best viewed in color). Images from both source and target datasets are given as
input to the CNN subnet that generates image features. The AGCN-subnet, similar to
ML-AGCN [32], learns in an end-to-end manner the attention and similarity-based adja-
cency matrices B(l) and C(l), respectively, and generates accordingly inter-dependent
label classifiers using only labeled source images. In addition, a domain classifier is
considered.

4.4 Unsupervised Domain Adaptation for Multi-label

Image Classification using ML-AGCN

The proposed architecture for multi-label image classification called DA-AGCN is illus-

trated in Figure 4.5. Similar to ML-AGCN, we make use of TResNet-based backbone fg

to extract discriminative image features and an Adaptive Graph Convolutional Network

fc to learn N interdependent classifiers. Given source and target input images from

Ds and Dt, respectively, the goal of fg is to generate D-dim domain-invariant image

features. The latter is used to predict the image labels, as depicted in Eq. (2.1.2). The

label classification loss Lc is therefore defined as in Eq. (4.1).

For obtaining domain-invariant representations, a domain classifier fd : Rdf → [[0, 1]]

is employed and trained in an adversarial manner. Given the features X = fg(I)
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extracted from a given image I, fd predicts the domain of the input image as follows,

fd : Rdf → [0, 1]

X 7→ d̂.
(4.7)

where d̂ is the predicted domain label of I. Note that the ground-truth domain label d = 0

if I is from the source domain and d = 1 if sampled from the target domain.

As in [30], a domain loss is defined as below,

Ld = Efg(Is)∼Ds log
1

fd(fg(Is))
+ Efg(It)∼Dt log

1

(1− fd(fg(It))
. (4.8)

Given Lc defined in Eq. (4.1), the final objective function used to optimize the network is

E(θg, θd, θc) defined by,

E(θg, θd, θc) = Lc(θc, θg) + λLd(θd, θg), (4.9)

where θg, θd and θc refer, respectively, to the parameters of fg, fd and fc and λ is a

hyper-parameter defining the weight of Ld. The network is trained in an adversarial

manner using the GRL for obtaining the optimal parameters (θ̂g, θ̂c, θ̂d) such that,

(θ̂g, θ̂c) = min
θg ,θc

E(θg, θc, θ̂d),

θ̂d = max
θd

E(θ̂g, θ̂c, θd).
(4.10)

4.5 Experiments

In this section, the experimental settings and results are presented and discussed

for: (1) single-domain multi-label image classification (Chapter 4.5.1); and (2) domain-
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Table 4.1: Comparison with the state-of-the-art methods on the MS-COCO dataset.
(Best and second-best performances are indicated in bold and are underlined, respec-
tively).

Category Method Resolution # params mAP CP CR CF1 OP OR OF1
Multi-Evidence [20] 448x448 49.0 - 80.4 70.2 74.9 85.2 72.5 78.4
SRN [19] 224x224 48.0 77.1 81.6 65.4 71.2 82.7 69.9 75.8
ResNet101 [9] 448x448 44.5 77.3 80.2 66.7 72.8 83.9 70.8 76.8
MCAR [61] 448×448 44.9 83.8 85 72.1 78 88 73.9 80.3
MCAR [61] 576x576 44.9 84.5 84.3 73.9 78.7 86.9 76.1 81.1

CNN

TResNet-L [21] 448x448 53.8 86.6 87.4 76.4 81.4 88.1 79.2 81.8
RNN CNN-RNN [49] 224x224 66.2 61.2 - - - - - -

ML-GCN (1-layer) [39] 448x448 43.1 80.9 82.9 69.7 75.8 84.8 73.6 78.8
IML-GCN (1-layer) [31] 448x448 29.5 81.3 81.3 72.2 76.0 86.7 77.9 82.1
ML-GCN [39] 448x448 44.9 83.0 85.1 72.0 78.0 85.8 75.4 80.3
ML-GCN (TResNetM) [39] 448×448 31.9 82.4 87.6 66.6 75.2 91.0 70.3 79.3
A-GCN [40] 512x512 44.1 83.1 84.7 72.3 78.0 85.6 75.5 80.3
F-GCN [41] - 44.3 83.2 85.4 72.4 78.3 86.0 75.7 80.5
CFMIC [63] 448×448 45.1 83.8 85.8 72.7 78.7 86.3 76.3 81.0
SSGRL [55] 576x576 92.2 83.8 89.9 68.5 76.8 91.3 70.8 79.7
FLNet [64] - 46.0 84.1 84.9 73.9 79.0 85.5 77.4 81.1

Graph-based

IML-GCN [31] 448x448 31.5 86.6 78.8 82.6 80.2 79.0 85.1 81.9
IDA [28] 576x576 55.1 86.3 - - 80.4 - - 82.5
MlTr-s [29] 384x384 33.0 83.9 82.8 75.5 77.3 83 78.5 79.9
STMG [62] 384x384 197.0 84.3 85.8 72.7 78.7 86.7 76.8 81.5
C-Tran [27] 576x576 120.0 85.1 86.3 74.3 79.9 87.7 76.5 81.7
MlTr-m [29] 384x384 62.0 86.8 84 80.1 81.7 84.6 82.5 83.5

Transformer-based

Ml-Decoder [59] 448x448 51.3 88.1 - - - - - -
Ours: ML-AGCN (1-layer) 448×448 29.9 86.7 79.6 82.4 80.7 79.8 84.5 82.1
Ours: ML-AGCN (2-layers) 448×448 35.9 86.9 86.2 78.3 81.7 87.2 80.7 83.8

adaptation for multi-label image classification (Chapter 4.5.2).

4.5.1 Multi-label Image Classification

Implementation details

As discussed in Chapter 4.3, TResNet-M [24] is used as the CNN backbone. In

particular, the fully connected layer after the Global Average Pooling (GAP) layer is

removed. The output of the GAP layer produces a 2048-dimensional latent image

representation. The dimension of the AGCN output has also been set to 2048. For the

node features, we use the image-based embeddings proposed in [31] instead of the

usual word-based embeddings used in [39]. The model is trained for 40 epochs using

Adam, with a maximum learning rate of 1e− 4 using a cosine decay.
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Datasets

In the following, the datasets that have been used for the experiments are presented.

MS-COCO MS-COCO [1] is a widely used large-scale multi-label image dataset. It

contains 80K training images and 40k testing images. Each image is annotated with

multiple object labels from a total of 80 categories.

VG-500 The VG-500 dataset [54] is a well-known dataset for multi-label image classifi-

cation. It includes 500 different objects as categories. The dataset comes with a training

set of 98,249 images and a testing set of 10,000 images.

PASCAL-VOC 2007 The PASCAL Visual Object Classes Challenge [80] introduced

in 2007 is one of the most commonly used multi-label image classification datasets. It

contains about 10K image samples with 5011 and 4952 images as training and testing

sets, respectively. The images show 20 different object categories with an average of

2.5 categories per image.

Quantitative analysis

Comparison with state-of-the-art methods in terms of mAP and model size We

compare the performance of ML-AGCN with current state-of-the-art methods by report-

ing the mean Average Precision (mAP) as well as the number of model parameters.

Additionally, similar to [31], [39], we report the following evaluation metrics on the MS-

COCO dataset, namely, average per-Class Precision (CP), average per-Class Recall

(CR), average per-Class F1-score (CF1), average Overall Precision (OP), average

overall recall (OR) and average Overall F1-score (OF1).

Table 4.1, 4.2 and 4.3 report the quantitative comparison of the proposed approach

with respect to state-of-the-art methods on the MS-COCO, the VG-500, and the VOC
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datasets, respectively. It can be clearly seen that our method achieves competitive

results as compared to existing methods in terms of mAP while considerably reducing the

model size. More specifically, similar to SSGRL, we achieve the best mAP performance

on VOC-2007 while reducing the number of parameters from 92.2 to 35.8 million.

Moreover, ML-AGCN reaches the second-best mAP performance on MS-COCO and

VG-500. However, as indicated in Table 4.1 and Table 4.2, our method achieves the

second-best performance on MS-COCO and VG-500. Specifically, ML-decoder [59]

and C-Tran [27] outperform our approach by 1.2% and 0.5% in mAP on MS-COCO and

VG-500. This slight difference in performance might be explained by the fact that ML-

decoder and C-Tran incorporate a noticeably higher number of parameters, i.e., 51.3 and

120 million, respectively, against only 35.9 and 32.1 million for ML-AGCN. Consequently,

our approach achieves comparable performance while necessitating around 30% and

70% less parameters than ML-decoder and C-Tran, respectively. Such results show that

our approach can maintain competitive performance while considerably reducing the

network as compared to the state-of-the-art.

It is also worth mentioning that ML-AGCN outperforms the ML-GCN [39] baseline

by 3.9%, 6.3%, and 0.5% in terms of mAP on the MS-COCO, VG and VOC datasets,

respectively, while keeping a comparable number of parameters.

Moreover, for a fair comparison with this baseline, we re-train ML-GCN by replacing

the original CNN backbone (ResNet101) with the same architecture used in our experi-

ments, namely, TResNetM. The results that are reported in Table 4.1, Table 4.2, and

Table 4.3 show that ML-AGCN outperforms ML-GCN with a higher margin when using

the same backbone, thereby confirming the relevance of the proposed adaptive graph

convolution module.

In addition, we also report that the obtained performance when including only one

layer in the graph-subnet of ML-GCN [39], IML-GCN [31] and ML-AGCN. The obtained

results confirm the relevance of the proposed adaptive learning. In fact, it can be seen
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Table 4.2: Comparison with the state-of-the-art methods on the VG-500 dataset.(Best
and second to the best performance is indicated in bold and underline respectively).

Method # params mAP CP CR CF1 OP OR OF1
ML-GCN (TResNetM) [39] 33.2 26.6 30.7 7.7 10.3 75.4 10.0 17.7
ResNet101 [9] 44.5 30.9 39.1 25.6 31.0 61.4 35.9 45.4
ML-GCN [39] 44.9 32.6 42.8 20.2 27.5 66.9 31.5 42.8
TResNet-M [21] 29.5 33.6 - - - - - -
IML-GCN [31] 32.1 34.5 - - - - - -
SSGRL [55] 92.2 36.6 - - - - - -
KGGR [54] 45.0 37.4 47.4 24.7 32.5 66.9 36.5 47.2
C-Tran [27] 120.0 38.4 49.8 27.2 35.2 66.9 39.2 49.5
Ours: ML-AGCN (1-layer) 32.1 37.9 47.2 31.8 34.7 64.1 42.1 50.8
Ours: ML-AGCN (2-layers) 37.4 37.1 47.3 24.7 29.0 67.6 38.1 48.7

Table 4.3: Comparison with the state-of-the-art methods on the VOC-2007 dataset. (Best
and second to the best performance is indicated in bold and underline respectively).

Methods # params mAP aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa train tv
CNN-RNN [49] 66.2 84.0 96.7 83.1 94.2 92.8 61.2 82.1 89.1 94.2 64.2 83.6 70 92.4 91.7 84.2 93.7 59.8 93.2 75.3 99.7 78.6
VeryDeep [60] 138 89.7 98.9 95.0 96.8 95.4 69.7 90.4 93.5 96.0 74.2 86.6 87.8 96.0 96.3 93.1 97.2 70.0 92.1 80.3 98.1 87.0
ResNet101 [9] 44.5 89.9 99.5 97.7 97.8 96.4 65.7 91.8 96.1 97.6 74.2 80.9 85 98.4 96.5 95.9 98.4 70.1 88.3 80.2 98.9 89.2
HCP [68] 138.0 90.9 98.6 97.1 98.0 95.6 75.3 94.7 95.8 97.3 73.1 90.2 80.0 97.3 96.1 94.9 96.3 78.3 94.7 76.2 97.9 91.5
ML-GCN [39] 44.9 94.0 99.5 98.5 98.6 98.1 80.8 94.6 97.2 98.2 82.3 95.7 86.4 98.2 98.4 96.7 99.0 84.7 96.7 84.3 98.9 93.7
ML-GCN (TResNetM) [39] 31.8 94.1 99.8 98.0 98.9 98.0 80.4 95.9 96.0 97.8 83.4 98.6 86.4 98.6 99.0 95.1 98.8 82.7 98.8 84.5 99.7 92.0
F-GCN [41] - 94.1 99.5 98.5 98.7 98.2 80.9 94.8 97.3 98.3 82.5 95.7 86.6 98.2 98.4 96.7 99.0 84.8 96.7 84.4 99.0 93.7
FLNet [64] 46.0 94.4 99.6 98.1 98.9 97.9 84.6 95.3 96.2 96.5 85.6 96.1 87.2 97.7 98.6 97.0 98.1 86.5 97.4 86.5 98.8 90.8
TResNet-L [21] 53.8 94.6 - - - - - - - - - - - - - - - - - - - -
CFMIC [63] 45.1 94.7 99.7 98.5 98.8 98.3 83.9 96.5 97.5 98.8 83.1 96.1 87.4 98.6 98.9 97.2 99.0 85.4 97.1 84.9 99.2 94.2
MCAR [61] 44.9 94.8 99.7 99.0 98.5 98.2 85.4 96.9 97.4 98.9 83.7 95.5 88.8 99.1 98.2 95.1 99.1 84.8 97.1 87.8 98.3 94.8
SSGRL [55] 92.2 95.0 99.7 98.4 98.0 97.6 85.7 96.2 98.2 98.8 82.0 98.1 89.7 98.8 98.7 97.0 99.0 86.9 98.1 85.8 99.0 93.7
Ours ML-AGCN (1-layer) 29.5 94.5
Ours ML-AGCN (2-layers) 35.8 95.0 99.9 98.0 98.5 98.0 81.6 96.8 96.6 98.2 85.6 99.4 88.2 99.2 99.0 96.5 98.8 84.8 99.5 88.1 98.9 94.5

that our method outperforms existing graph-based methods under this setting. More

specifically, ML-AGCN achieves an improvement of 5.7% and 5.3% in terms of mAP

when compared to ML-GCN and IML-GCN, respectively, on the MS-COCO dataset.

Similarly, on the VG-500 benchmark, a significant increase of 20.7% is recorded in

terms of mAP in comparison to IML-GCN.

Ablation study In order to analyze the impact of each adjacency matrix used in

our approach, namely, the attention-based matrix B and similarity-based matrix C, an

ablation study is carried out as shown in Table 4.4. It can be noted that by considering

B in addition to A (without threshold), an improvement of 5.1%, 20.5%, and 0.04%

in terms of mAP is made, respectively, on MS-COCO, VG-500, and VOC-2007. The

magnitude of improvement seems dependent on the number of classes contained in

the considered dataset. In fact, while VG-500 is formed by 500 classes, MS-COCO

and VOC-2007 are respectively composed of 80 and 20 categories. This highlights the
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Table 4.4: The ablation of adaptively learning B and C for multi-label image classification
in single domain.

Method mean Average Precision (mAP %)
MS-COCO VG-500 VOC-2007

ML-AGCN (A) 81.1 17 94.27
ML-AGCN (A+B) 86.6 (+5.1%) 37.5 (+20.5%) 94.31 (+0.04%)
ML-AGCN (A+B+C) 86.7 (0.1%) 37.9 (+0.4%) 95.0 (+0.69%)

Table 4.5: Hyper-parameter analysis: comparison of performance of ML-AGCN when
varying the number of AGCN layers. Best performance is indicated in bold.

# layers # params (millions) mean Average Precision (%)
MS-COCO VG-500 VOC-2007

1-layer 29.9 86.7 37.9 94.5
2-layers 35.9 86.9 37.1 95.0
3-layers 37.3 85.7 24.6 94.7
4-layers 40.7 85.4 - 94.6

importance of adaptively modeling label correlations, especially when dealing with a

large number of classes, which is likely to occur in a practical scenario. An additional

mAP improvement of 0.1%, 0.4%, and 0.17% can be seen when including C in the

AGCN subnet. In conclusion, it can be noted that B contributes more importantly to the

resulting enhancement. This could be explained by the fact that C is less needed, as

only two layers are considered in the graph subnet. As shown in Fig 4., while the use

of C allows to better preserve the feature similarity as, the latter is not completely lost

through layers when using 2 standard GCN convolutions.

Hyper-parameter analysis Table 4.5 reports the mean Average Precision (mAP)

for MS-COCO, VG-500, and VOC-2007 datasets, when varying the total number of

layers in ML-AGCN. The best results are generally obtained when only two layers are

considered. However, it should be noted that the results are very stable for MS-COCO

and VOC-2007, with a variation lower than 1.5% for all the configurations.

Qualitative analysis

In Figure 4.6, the Gradient-weighted Class Activation Mapping (Grad-CAM) [81] is

visualized for some examples from the VOC dataset. While the first column of images
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Figure 4.6: Grad-CAM visualization of the predictions with ML-AGCN [32] using samples
from the VOC dataset using only A, then A and B, and finally A, B and C.

represents the input images, the second, third, and fourth columns show, respectively,

the Grad-cam visualization from a model trained using only A, A and B, and finally

A, B and C. These qualitative results are in line with the quantitative ones. As shown

in Figure 4.6, the use of B allows activating more precisely the regions of interest in

the image, while the contribution of C in this refinement is less impressive but remains

visible.

4.5.2 Unsupervised Domain Adaptation for Multi-label Image Clas-

sification

Implementation details

We reproduce the results of current state-of-the-art methods due to the limited availability

of DA approaches for multi-label image classification. In particular, we first consider

standard multi-label image classification methods (without DA) and refer to them as

MLIC. Since no target images were employed during the learning process, this is

equivalent to source-only training. Second, we evaluate the zero-shot performance of

existing Vision Language Models (VLM) on the target dataset referred to as VLM in our
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experiments. For this purpose, we use a pre-trained Contrastive Language-Image Pre-

Training (CLIP) [82] model with a ViT-B/32 transformer-based backbone. As commonly

done in MLIC [83], we compute a similarity score, given an input image to VLM, between

the predicted text features and ground truth features of the considered labels. The

application of a sigmoid activation function to these scores results in the presence

probabilities of the considered objects. Lastly, we reproduce the outcomes of two

state-of-the-art domain adaptation methods, namely DANN [30] and DA-MAIC [47], that

we refer as DA in our experiments. Moreover, we replace the multi-label softmargin-loss

by the traditional cross-entropy loss when training DANN. We generate Glove-based

word embeddings [42] as node features for training DA-MAIC. Additionally, in order

to showcase the effectiveness of the proposed AGCN subnet, we present the results

of DANN and DA-MAIC by considering the same backbone as ours: an additional

experiment based on TResNet-M instead of the traditional ResNet101 is carried out.

The images have been resized to 224 × 224, unless stated differently. Our domain

classifier includes one hidden layer of dimension 1024. A maximum learning rate of

1e−4 using a cosine decay is considered. The model is trained for a total of 40 epochs

or until convergence.

Datasets

Similar to DA-MAIC [47], we use three multi-label aerial image datasets in our exper-

iments, namely, AID [84], UCM [85] and DFC15 [86]. Additionally, due to the limited

number of suitable datasets for the task of DA in MLIC, we convert two well-known object

detection datasets, initially used for DA in the context of object detection, to multi-label

annotations, namely PASCAL VOC 2007 [80] and Clipart1k [87].

AID multi-label aerial dataset The original AID dataset [88] contains 10000 high-

resolution aerial images. The images cover a total of 30 categories. A multi-label version
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of this dataset was produced in [84], where 3000 aerial images from the original AID

dataset have been selected and assigned with multiple object labels. In total, they

include 17 labels: airplane, sand, pavement, buildings, cars, chaparral, court, trees,

dock, tank, water, grass, mobile-home, ship, bare-soil, sea, and field. 80% and 20% of

the images have been used respectively for training and testing [84].

UCM multi-label aerial dataset UCM multi-label dataset [85] is derived from the UCM

dataset [89]. It consists of images showing 21 land-use classes. The images have a

resolution of 256 x 256 pixels. Later in [85], 2100 of these aerial images were annotated

with multiple tags in order to generate a multi-label aerial image dataset. This dataset

shares the same number of labels as AID multi-label dataset [84] i.e., 17 labels. In our

experiments, 80% and 20% of data are respectively used for training and testing.

DFC15 multi-label aerial dataset The DFC15 multi-label dataset [86] was initially

introduced in 2015. It has a total of 3342 high-resolution image samples and includes

8 object labels. In our experiments, the 6 categories in common with UCM and AID

datasets, including water, grass, building, tree, ship, and car, are considered. 80% and

20% are respectively used for training and testing.

VOC and Clipart1k datasets The Clipart1k [87] dataset contains 20 object categories,

similar to PASCAL-VOC 2007 [80]. We create a multi-label annotation for each image

by considering the category of each object bounding box. Clipart1k provides a total of

1000 image samples. 50% and 50% are respectively used for training and testing.

Quantitative analysis

Comparison with state-of-the-art methods in terms of mAP and model size The

proposed domain adaptation approach for multi-label image classification is compared
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Table 4.6: Comparison with the state-of-the-art in terms of mAP and number of model
parameters using two settings, i.e., AID → UCM and UCM → AID. (Best performance is
indicated in bold and second-best performance is underlined).

Category Backbone Method # params AID → UCM UCM → AID
mAP CP CR CF1 OP OR OF1 mAP CP CR CF1 OP OR OF1

MLIC

ResNet50 RESNET [9] 23.5 54.5 57.9 42.3 43.2 70.2 67.1 68.6 50.3 57.2 26.8 32.2 90.0 44.2 59.3

ResNet101 RESNET [9] 42.5 57.5 60.0 47.5 47.0 69.1 71.5 70.3 51.7 50.6 29.6 33.9 88.0 48.5 62.5
ML-GCN [39] 44.9 53.7 55.3 44.3 45.9 70.2 68.7 69.4 51.3 50.1 29.9 34.0 88.0 49.7 63.6

TResNet-M
ML-GCN [39] 31.8 53.5 57.8 40.5 41.1 64.2 70.4 67.2 52.5 51.1 25.8 31.9 91.6 40.8 56.5
ASL [21] 29.4 55.4 48.7 52.8 47.1 58.7 79.1 67.4 54.1 54.5 40.2 41.9 85.4 65.1 73.9
ML-AGCN [32] 36.6 55.2 36.6 64.9 45.1 45.0 88.1 59.6 52.1 48.2 47.4 42.9 77.1 79.8 78.4

VLM ViT-B/32 CLIP [82] 151.3 42.2 45.8 25.2 28.2 51.2 23.6 32.3 42.4 44.8 21.8 22.4 54.1 15.9 24.5

DA

ResNet101 DANN [30] 42.5 55.3 54.7 57.9 52.8 59.0 81.6 68.5 50.5 60.4 24.9 32.3 89.2 42.2 57.3
DA-MAIC [47] 44.9 49.7 52.4 48.7 45.4 56.9 72.5 63.8 48.7 51.6 40.9 41.5 78.9 65.5 71.6

TResNet-M

DANN [30] 29.4 52.5 59.1 31.6 36.3 70.9 53.7 61.1 51.6 52.1 23.2 27.9 83.2 27.8 41.7
DA-MAIC [47] 31.8 54.4 55.3 37.5 38.6 68.0 67.9 67.9 50.5 51.8 22.9 29.0 91.6 35.2 50.8
DDA-MLIC [34] 29.4 63.2 52.5 63.7 55.1 59.4 82.8 69.2 54.9 53.9 30.4 35.5 84.6 41.0 55.3
DA-AGCN (Ours) 36.6 59.0 54.0 59.4 52.3 57.1 82.3 67.4 57.2 61.2 40.0 41.8 86.1 66.9 75.3

Table 4.7: Comparison with the state-of-the-art in terms of mAP and number of model
parameters using two settings, i.e., UCM → DFC and AID → DFC. (Best performance
is indicated in bold and second-best performance is underlined).

Category Backbone Method # params AID → DFC UCM → DFC
mAP CP CR CF1 OP OR OF1 mAP CP CR CF1 OP OR OF1

MLIC

ResNet50 RESNET [9] 23.5 52.9 52.3 47.1 44.2 52.3 50.5 51.3 67.7 58.5 31.9 34.9 65.9 39.1 49.1

ResNet101 RESNET [9] 42.5 56.9 52.9 61.5 48.7 46.1 63.7 53.5 66.4 74.4 31.2 36.9 67.2 37.2 47.9
ML-GCN [39] 44.9 58.9 56.7 57.9 45.8 45.7 65.0 53.7 64.6 72.4 32.0 35.6 64.4 38.9 48.5

TResNet-M
ML-GCN [39] 31.8 53.5 52.0 47.9 41.6 52.7 51.1 51.9 66.6 60.2 35.0 38.1 64.9 39.4 49.0
ASL [21] 29.4 56.1 49.6 68.4 49.9 43.5 74.1 54.8 68.9 66.3 53.1 44.0 52.6 57.0 54.7
ML-AGCN [32] 36.6 51.6 41.5 83.8 52.3 40.2 88.7 55.3 70.3 68.4 56.1 47.8 53.8 58.5 56.0

VLM ViT-B/32 CLIP [82] 151.3 64.3 88.1 22.3 31.4 78.7 22.0 34.4 63.8 88.4 22.7 31.3 79.5 22.5 35.1

DA

ResNet101 DANN [30] 42.5 64.3 57.0 65.9 51.4 48.0 65.9 55.6 67.2 72.8 44.7 48.7 56.3 49.1 52.4
DA-MAIC [47] 44.9 50.1 54.5 45.8 38.9 44.2 48.8 46.4 65.6 69.7 54.2 52.8 57.1 58.4 57.7

TResNet-M
DANN [30] 29.4 43.0 40.7 13.6 19.3 46.0 15.6 23.3 64.1 77.3 22.6 30.1 68.6 26.5 38.2
DA-MAIC [47] 31.8 55.4 49.8 60.4 44.7 47.3 64.1 54.4 65.8 71.4 39.3 39.7 59.9 44.6 51.1
DDA-MLIC [34] 29.4 62.1 47.6 75.5 55.3 48.9 76.2 59.6 70.6 67.2 55.7 49.3 55.0 58.4 56.6
DA-AGCN (Ours) 36.6 65.7 51.8 78.1 55.7 45.2 80.8 58.0 76.5 68.5 61.7 59.0 60.0 60.2 60.1

Table 4.8: Comparison with the state-of-the-art in terms of mAP and number of model
parameters using the two settings, i.e., VOC → Clipart and Clipart → VOC. (Best
performance is indicated in bold and second-best performance is underlined).

Category Backbone Method # params VOC → Clipart Clipart → VOC
mAP CP CR CF1 OP OR OF1 mAP CP CR CF1 OP OR OF1

MLIC

ResNet50 RESNET [9] 23.5 42.0 57.6 15.3 22.5 82.3 25.8 39.3 45.4 40.3 9.8 13.0 84.7 25.5 39.2

ResNet101 RESNET [9] 42.5 38.0 64.8 14.3 22.5 82.3 18.3 29.9 50.1 66.2 17.5 25.5 83.9 29.6 43.7
ML-GCN [39] 44.9 43.5 62.5 20.3 28.4 86.6 27.8 42.1 43.1 57.9 21.0 26.8 73.5 30.6 43.2

TResNet-M
ML-GCN [39] 31.8 53.0 75.3 26.9 37.3 90.3 31.3 46.4 67.6 80.8 39.9 50.8 88.8 46.0 60.6
ASL [21] 29.4 56.8 72.0 38.5 47.6 82.8 45.7 58.9 64.2 69.0 30.7 37.3 80.0 45.7 58.2
ML-AGCN [32] 36.6 53.7 75.5 35.5 44.4 79.1 39.9 53.1 38.0 45.5 25.1 28.2 61.8 36.6 45.9

VLM ViT-B/32 CLIP [82] 151.3 58.0 43.6 57.8 43.6 45.0 42.3 43.6 73.1 53.3 76.6 60.1 53.5 58.8 56.0

DA

ResNet101 DANN [30] 42.5 33.9 47.7 17.0 20.6 57.3 24.1 33.9 24.3 28.3 16.4 14.2 39.8 24.7 30.5
DA-MAIC [47] 44.9 25.8 28.0 3.1 5.1 92.6 2.9 5.6 32.6 48.2 12.2 14.4 50.2 31.9 39.0

TResNet-M
DANN [30] 29.4 40.0 82.4 17.2 27.4 93.8 17.5 29.5 67.0 76.8 23.3 32.6 93.1 20.4 33.4
DA-MAIC [47] 31.8 62.3 77.4 42.6 51.6 83.1 51.0 63.2 74.3 84.5 53.9 63.0 83.7 57.7 68.3
DDA-MLIC [34] 29.4 61.4 84.7 28.1 39.4 90.9 33.3 48.8 77.0 86.9 29.3 38.2 88.4 35.3 50.4
DA-AGCN (Ours) 36.6 62.9 75.8 46.8 54.0 80.0 50.4 61.8 75.8 70.9 71.8 69.8 66.1 75.6 70.5
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(a) UCM → AID (b) AID → UCM

Figure 4.7: Grad-CAM visualization of the multi-label predictions using the proposed
DA-AGCN a) UCM → AID, and b) AID → UCM setting using only A, then A and B, and
finally A, B and C.

with state-of-the-art methods. The same metrics described in Chapter 4.5.1 are used,

including mAP, CP, CR, CF1, OP, OR and OF1. In addition to the four protocols followed

in DA-MAIC [47], i.e., AID → UCM, UCM → AID, AID → DFC, and UCM → DFC, two

more combinations VOC → Clipart and Clipart → VOC are provided. Two categories

of methods are considered in our evaluation: (1) the conventional Multi-Label Image

Classification (MLIC); and the Domain Adaptation-based (DA) methods that aim at

explicitly reducing the gap between source and target datasets.

Table 4.6 reports the results obtained considering AID and UCM datasets. Two

different settings are followed: AID → UCM, where AID is the source dataset and UCM

is the target dataset, and UCM → AID, where UCM is the source dataset and AID is the
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target dataset. It can be clearly seen, in both types of DA settings, that the proposed

DA-AGCN outperforms existing state-of-the-art for UCM → AID. However, we are the

second best in terms of mAP for AID → UCM, where the recent discriminator-free

DDA-MLIC [34] achieves a higher mAP. On the other hand, an improvement of mAP by

10.65% and 4.59% has been respectively recorded for AID → UCM and UCM → AID

as compared with the DA-MAIC [47] baseline. This suggests that learning the graph

topology in an end-to-end manner helps improve the performance in the presence of a

domain shift. Moreover, the proposed method outperforms existing state-of-the-art VLM

method by more than 17% in terms of mAP despite having approximately five times the

lesser number of model parameters.

In Table 4.7, DA-AGCN is also compared with existing methods by considering

the settings UCM → DFC and AID → DFC. It can be clearly noticed that DA-AGCN

outperforms the existing works, including the the VLM and very recent DDA-MLIC, in

terms of mAP and model size for both UCM → DFC and AID → DFC. More precisely,

an improvement of 1.4% and 6.2% is achieved in terms of mAP compared to the

second-best performing methods.

Table 4.8 also confirms the superiority of the proposed approach as compared to

other state-of-the-art techniques. However, it is to note that the improvement given by

the adaptive graph remains limited for Clipart → VOC, with a slightly lower performance

than DDA-MLIC. This might be explained by the fact that DA for MLIC datasets include

a relatively low number of classes (8 to 20 categories). Hence, the interest of adaptively

modeling label correlations might be not entirely visible. This demonstrates the necessity

of creating benchmarks for DA under an MLIC context, including a wider number of

classes.

In summary, our approach achieves the best performance for 4 settings over 2 and

the second-best performance for the two remaining ones, ranking just after DDA-MLIC.

This highlights the relevance of the proposed adaptive method under the unsuper-
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vised domain adaptation settings. In future works, it will be interesting to study the

complementarity of the two best performing approaches, namely, ours and DDA-MLIC.

Ablation study Table 4.9 reports the obtained results when considering each module

comprised in DA-AGCN. More specifically, the first row reports the mAP score on the

target dataset using a model trained on the source dataset without incorporating the

learning of label correlations and without any domain adaptation. The results in the

second row are obtained by incorporating the proposed adaptive graph learning strategy

for modeling the label correlations (ML-AGCN). It can be clearly seen that adaptively

learning the label graph topology based on the proposed graphs B and C leads to a

significant performance improvement. More specifically, an mAP improvement of at

least 16 to 20% for UCM → AID, AID → UCM and UCM → DFC can be observed. Note

that the results in the second row are obtained without any domain adaptation. Finally,

the last row reports the results when adding an additional domain classifier to implicitly

minimize the domain gap. This further improves the mAP score by an additional 2 to

6%, compared to the ML-AGCN, across all benchmarks, by this remains marginal as

compared to the enhancement induced by the graph structure adaptive learning. This

might return to the fact that the domain gap in aerial datasets remains relatively small,

hence benefiting more from the adaptive graph strategy than the alignment.

Additionally, in Table 4.10, we report the performance obtained on five datasets by

incorporating different combinations of A, B and C. It can be noted in the first row that

the original adjacency matrix A alone cannot effectively model the label relationship,

hence leading to the lowest mAP score across almost all benchmarks. The next two

rows of the table further showcase that using either B or C provides a significant

performance improvement when compared to only A, across all datasets except VOC

and Clipart where C alone does not yield superior performance as compared to A. This

not surprising since C aims to preserve the node feature similarity, and is not expected
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Table 4.9: Ablation study: impact of using an adversarial strategy and learning an
adaptive graph topology.

Methods/Dataset (mAP) UCM → AID AID → UCM AID → DFC UCM → DFC
TResNet only 34.98 37.03 62.36 54.77
TResNet + AGCN 53.62 (+18.64) 53.08 (+16.05) 58.44 (-3.92) 74.4 (+19.68)
TResNet + AGCN + DC 55.79 (+2.17) 55.37 (+2.29) 65.11 (+6.67) 76.49 (+2.04)

Table 4.10: Ablation study: effect of adaptively learning B and C in the presence of a
domain shift.

Graphs mean Average Precision (mAP %)
A B C AID → UCM UCM → AID AID → DFC UCM → DFC VOC → Clipart Clipart → VOC
✓ 33.6 42.8 42.6 58.3 53.1 68.3

✓ 55.3 50.6 53.7 69.7 61.3 80.0
✓ 47.0 51.9 56.7 70.0 50.9 43.4

✓ ✓ 45.1 55.4 51.5 67.9 52.5 75.3
✓ ✓ 54.7 52.7 60.0 71.8 58.6 76.1

✓ ✓ 48.1 54.5 53.7 71.6 62.0 75.6
✓ ✓ ✓ 59.0 57.2 65.7 76.5 62.9 75.8

to model the label correlations. Furthermore, the next three rows show the variation in

performance when coupling two to three matrices. For instance, combining either B or

C with the original adjacency matrix A always provides a higher mAP when compared

to only A. Finally, the last row confirms the superiority of the proposed combination A,B

and C as the highest mAP score across all benchmarks is reached except for Clipart

→ VOC. A possible explanation to this exception is the synthetic nature of the Clipart

dataset, where the label co-occurrence is well-thought and might be representative

enough.

Furthermore, the importance of preserving the node feature similarity is demon-

strated in the last row, where a notable improvement in mAP is observed as compared to

the A+B setting. As compared to the single-domain setup, the improvement resulting

from C is more significant (see Table 4.4, where the contribution of C is relatively

marginal). This might be explained by the fact that in a cross-domain setting, an ad-

versarial training is adopted for enforcing the generation of domain-invariant features.

This min-max game known for its instability, might amplify the node feature dissimilarity

phenomenon.
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Table 4.11: Sensitivity analysis: performance of the proposed DA-AGCN using different
values of the hyper-parameter (λ), defined in Eq. (4.9).

lambda (λ)
mean Average Precision (mAP %)

AID→UCM UCM→AID AID→DFC UCM→DFC VOC→Clipart Clipart→VOC
0.1 52.2 52.5 56.5 68.4 51.2 73.9
0.2 53.3 54.9 53.1 70.6 52.8 75.8
0.3 53.5 52.0 58.2 72.8 52.6 71.6
0.4 51.7 57.2 57.0 70.5 50.0 74.2
0.5 51.6 56.7 55.1 71.1 52.1 73.9
0.6 57.0 56.3 58.9 69.8 52.6 72.7
0.7 54.7 52.2 56.9 71.1 52.7 72.5
0.8 50.4 53.1 55.4 69.3 52.5 73.8
0.9 53.5 54.2 55.7 72.1 53.0 75.3
1.0 53.4 53.9 56.4 70.7 52.5 74.0

Hyper-parameter analysis In Table 4.11, we report the mean Average Precision

(mAP) on the six considered benchmarks when varying the hyper-parameter (λ), intro-

duced in Eq (4.9). Specifically, we vary its value from 0.1 to 1.0. It can be noted that the

obtained results are relatively stable with a variation in maP of more or less 5%.

Qualitative analysis

Grad-CAM [81] visualization in the presence of a domain shift can be seen in Figure 4.7.

While Figure 4.7 (a) demonstrate these results for UCM → AID, Figure 4.7 (b) showcases

the visualizations for AID → UCM. The left-most column is the input image, and the next

three consecutive columns represent the Grad-CAM visualization of the image using a

model trained with; A, A and B, and A, B, C respectively. It can be clearly seen that

adaptively learning the graph topology B and C helps activate the most relevant areas

of interest, leading to better classification performance.

Failure cases

In Fig. 4.8, some failure cases are presented using the Grad-CAM visualization. The

first column shows the input image with ground truth labels while the subsequent three

columns are the activated Grad-CAMs with A, A and B and A,B and C, respectively. It

can be noticed that when the targeted object occupies most of the image, the use of

B and C makes the model confuse the object with the background. A good illustration
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Figure 4.8: Failure cases: Grad-CAM visualization for AID → DFC with ground truth
multi-labels showcasing performance degradation with adaptive graphs.

of this can be seen in the second row of Fig. 4.8. The car is confused with the grass.

In future work, modeling the object occupancy will be investigated for handling these

failure cases.

4.6 Conclusion

Existing graph-based methods have shown great performances for multi-label image

classification in the context of both single-domain and cross-domain. However, these

methods mostly fix the graph topology heuristically while discarding edges with rare
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co-occurrences. Furthermore, it has been demonstrated in [65] that successive GCN

aggregations tend to destroy the initial feature similarity. Hence, as a solution, an adap-

tive strategy for learning the graph in an end-to-end manner is proposed in this chapter.

In particular, attention-based and similarity-preserving mechanisms are adopted. The

proposed framework for multi-label classification in a single domain is then extended

to multiple domains. For that purpose, an adversarial domain adaptation strategy is

employed. The results performed for both single and cross-domain support the effec-

tiveness of the proposed method in terms of model performance and size as compared

to recent state-of-the-art methods. The current work is restricted to scenarios where

the source and target data have shared object categories. Nevertheless, in future

works, we intend to investigate a more challenging problem, namely, open set domain

adaptation where only a few categories of labels are shared between source and target

data. Additionally, since the current method makes use of an additional discriminator for

successful domain adaptation, this might lead to the problem of mode collapse. Hence,

to overcome this limitation, in the next chapter, we present an alternative paradigm of

discriminator-free UDA for MLIC.
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Chapter 5

Discriminator-free Unsupervised

Domain Adaptation for Multi-label

Image Classification

In the previous chapter, we have discussed some of the recent adversarial-based

Unsupervised Domain Adaptation (UDA) methods for Multi-Label Image Classification

(MLIC), including the proposed DA-AGCN. In general, these methods incorporate

an additional discriminator subnet which poses a significant drawback. Decoupling

classification and discrimination tasks in these methods may harm their task-specific

discriminative power, hindering the learning of domain-invariant features. In this chapter,

we introduce a new paradigm of discriminator-free adversarial-based UDA in MLIC. In

this work, termed DDA-MLIC, we overcome the aforementioned limitation by introducing

a novel adversarial critic directly derived from the task-specific classifier. Specifically,

we employ a two-component Gaussian Mixture Model (GMM) to model both source and

target predictions, distinguishing between two distinct clusters. Our approach utilizes

a Deep Neural Network (DNN) to estimate the parameters of each GMM component.

Subsequently, the source and target GMM parameters are leveraged to formulate an
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(a) Single-label image classification
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(b) Multi-label image classification

Figure 5.1: The work of [79] cannot be directly applied to MLIC due to the differences
between the two tasks [34]: (a) Single-label image classification uses a softmax ac-
tivation function to convert the predicted logits into probabilities such that the sum of
all class probabilities is equal to one; and (b) on the other hand, multi-label image
classification uses sigmoid activation where each logit is scaled between 0 and 1, giving
higher probability values for the objects present in an image.

adversarial loss using the Fréchet distance. This framework enables effective domain

adaptation with end-to-end differentiability for MLIC tasks. The proposed method is

evaluated on several multi-label image datasets covering three different types of domain

shift. The obtained results demonstrate that DDA-MLIC outperforms existing state-of-

the-art methods in terms of precision while requiring a lower number of parameters.

The code is publicly available at github.com/cvi2snt/DDA-MLIC.

5.1 Introduction

Multi-label Image Classification (MLIC) is an active research topic within the computer

vision community, given its relevance in numerous applications such as object recogni-

tion [1], scene classification [12], and attribute recognition [37], [90]. Its primary objective

is to predict the presence or absence of a predefined set of objects within a given image.

Thanks to the recent advancements in deep learning, several MLIC methods [21], [31],

[32], [39] have achieved remarkable performance on well-known benchmarks [1], [80].

However, inheriting from the limitations of deep learning, existing MLIC methods are

also negatively impacted by the domain shift phenomenon. In other words, an MLIC
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method trained using data from a given domain, usually called source domain, will

suffer from degraded performance when tested on samples belonging to an unseen

domain, referred to as target domain. A direct solution is to simply label these target

data and use them as additional training samples. Nevertheless, such a process is both

resource-intensive and time-consuming.

To handle this issue, Unsupervised Domain Adaptation (UDA) methods have been

proposed [23], [30], [44], [91] as an alternative. Instead of relying on annotated source

data solely, UDA techniques take advantage of unlabelled target samples to minimize

the shift between the source and the target domains.

Existing UDA approaches have been primarily focusing on the problem of single-label

image classification [30], [44], [74], [75], [91], [92] and semantic segmentation [93]–[96],

giving less attention to other computer vision tasks including multi-label classification.

Indeed, a limited number of UDA methods [33], [47], [77] has been proposed for the

specific case of multi-label image classification. These methods mainly take inspiration

from adversarial UDA techniques for single-label image classification to implicitly reduce

the domain shift. Similar to [30], these adversarial approaches integrate an additional

domain discriminator coupled with a min-max two-player game. This strategy guides the

generator to extract domain-invariant features that can fool the discriminator. However,

as highlighted in [79], adopting such an adversarial training may cause mode collapse,

resulting in a lower task-specific discriminative power.

To handle this issue in the context of single-label classification, Chen et al. [79]

proposed to reuse the classifier as a discriminator. More precisely, they introduced an

adversarial critic based on the difference between inter-class and intra-class correlations

of the classifier probability predictions. However, unlike single-label classification, the

per-class prediction probabilities in MLIC are not linearly dependent, thereby are not

constrained to sum up to one, as depicted in Fig. 5.1. Thus, a direct extension of

the approach proposed in [79] to MLIC is only possible by employing multiple binary
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classifiers, e.g., one for each class. In this way, the critic proposed in [79] can be used by

computing the correlations between the predicted probabilities of each binary classifier.

Nevertheless, such an approach remains sub-optimal since the domain alignment is

realized for each label classifier independently, disregarding the inter-class correlations.

Our experiments in Section 5.6 support this hypothesis.

In this work, we propose a novel discriminator-free adversarial-based UDA method

called DDA-MLIC, specifically tailored to MLIC. Motivated by [79], we reuse the task-

specific classifier as a discriminator to avoid mode collapse. For that purpose, a novel

critic suitable to the task of MLIC has been proposed. In particular, this critic is computed

by clustering probability predictions into two sets (one in the neighborhood of 0 and

another one in the neighborhood of 1), estimating their respective distributions and

quantifying the distance between the estimated distributions from the source and target

data. The proposed idea is mainly inspired by the following observation: source samples

tend to be classified (as positive or negative) more confidently than target ones, as

illustrated in Fig. 5.2. The same figure also shows that the distribution of predictions

is formed by two peaks; suggesting the suitability of a bimodal distribution model.

Therefore, we argue that the distribution shape of probability predictions can implicitly

enable the discrimination between source and target data. Practically, we propose to fit

a Gaussian Mixture Model (GMM) with two components on both the source and target

predictions. Finally, a Fréchet distance [97] between the estimated pair of components

is employed for defining the introduced discrepancy measure. However, the use of the

standard Expectation-Maximisation (EM) algorithm for estimating GMM introduces two

main limitations, namely:

(1) The non-differentiability: the EM step is not differentiable as it breaks the chain

rule. Hence, the EM does not contribute to the gradient-based optimization.

(2) The demanding computational cost: the EM algorithm is resource-intensive

since it is based on iterative optimization.
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Hence, in [35], we further extend the proposed DDA-MLIC method to handle the

two aforementioned limitations. Instead of relying on a non-differentiable and iterative

traditional EM algorithm, the proposed method utilizes a neural block that mimics the

EM optimization process. This block called DeepEM is used for computing the GMM

parameters based on a closed-form solution while ensuring the backpropagation of

the related gradients through the entire network. As a result, only a single iteration

is needed. The experimental results show that the proposed approach outperforms

state-of-the-art methods in terms of mean Average Precision (mAP) while significantly

reducing the average training time per batch and the number of network parameters.

In summary, our main contributions are the following:

• A novel domain discrepancy for multi-label image classification based on the

distribution of the task-specific classifier predictions;

• An effective and efficient adversarial unsupervised domain adaptation method

for multi-label image classification. The proposed adversarial strategy does not

require an additional discriminator, hence reducing the network size during training;

• A differentiable and non-iterative GMM parameter estimation strategy leads to

better precision and faster training times.

• A comprehensive experimental analysis, demonstrating the superiority of the

proposed method over state-of-the-art techniques in terms of mean Average

Precision (mAP) and training time.

The rest of the paper is organized as follows. Section 5.2 discusses existing works

on standard MLIC and UDA for multi-class and multi-label classification. Section 5.3

introduces some mathematical preliminaries related to the EM algorithm for GMM esti-

mation. Section 5.4 formulates the problem of UDA in MLIC and details our motivation

for reusing the classifier as a discriminator. Section 5.5 introduces the discriminator-free
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Figure 5.2: Histogram of classifier predictions2. Predicted probabilities using source-only
trained classifier2 on: (a) source dataset3 (Is), and (b) target dataset3 (It).

approach DDA-MLIC and later details the proposed DeepEM block proposed as a

replacement of the standard EM. The experimental analysis and discussion are detailed

in Section 5.6. Section 5.7 discusses the limitations of the proposed approach. Finally,

Section 5.8 concludes this work and draws some interesting perspectives.

5.2 Related works

In this section, we start by reviewing the state-of-the-art on standard Multi-label Image

Classification (MLIC). Then, we discuss related works in the general field of UDA. Lastly,

we present the limited literature devoted to the topic of UDA for MLIC.

5.2.1 Multi-label Image Classification (MLIC)

In the literature, recent works in MLIC have benefited from the widespread availability

of large-scale multi-label image datasets [1], [80], [87] and the proven success of

deep Convolutional Neural Networks (CNN) [9], [60]. For example, Hypotheses-CNN

2TResNet-M [24] trained on UCM [85] dataset.
3Source: UCM [85] validation set (420 images), Target: AID [84] validation set (600 images).
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Pooling (HCP) [68] has leveraged the predictions of multiple CNN architectures, such as

AlexNet [71] and VGG-16 [60], pre-trained on ImageNet [70]. Recently, in [21] authors

have proposed Asymmetric Loss (ASL) that focuses more on the items present in the

image (positive labels) than the ones that are absent (negative labels). ASL coupled with

a recently introduced CNN architecture, named TResNet [24], has shown impressive

performance for MLIC. Alternatively, ML-GCN [39] employs a Graph Convolutional

Network (GCN) to model the label correlations. Based on a similar strategy, ML-

AGCN [32] proposed to adaptively learn the label graph topology instead of heuristically

defining it.

Nevertheless, the performance of these methods is conditioned by the availability

of large-scale annotated datasets. Notably, a significant drop in performance can be

observed when applied to unseen domains [47].

5.2.2 Unsupervised Domain Adaptation (UDA) for Single-label Im-

age Classification

UDA techniques have been proposed for enhancing the robustness of deep learning

frameworks while avoiding costly labeling interventions. Most of UDA efforts have been

dedicated to the task of multi-class classification. In particular, they have mainly followed

two paradigms to reduce the disparity between source and target domains. The first

paradigm explicitly aims to minimize the distance between the statistical moments of

source and target distributions [44], [73], [74], [91]. The second one makes use of an

adversarial learning strategy [30] in order to implicitly reduce the domain shift [75], [92].

In general, these methods employ an additional domain discriminator that is meant to

distinguish between source and target data. To generate domain-invariant features, an

adversarial training strategy is adopted, where the goal is to fool the discriminator while

maintaining an acceptable discriminative power.
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Despite their effectiveness, existing discriminator-based adversarial approaches

may suffer from the problem of mode collapse, which typically occurs under adversarial

training. In order to handle this challenge, a discriminator-free adversarial approach

has been recently proposed in [34]. Specifically, an adversarial critic based on the

difference between inter-class and intra-class correlations of the probability predictions

of the classifier is proposed. However, the predicted probabilities in Multi-Label Image

Classification (MLIC) do not necessarily sum up to one, in contrast to single-label

classification, as illustrated in Fig. 5.1. Hence, as mentioned earlier, this approach can

only be extended to MLIC by reformulating the problem as multiple binary classifications

that might lead to sub-optimal results.

5.2.3 Unsupervised Domain Adaptation (UDA) for Multi-label Image

Classification (MLIC)

As highlighted earlier, only few UDA methods have been proposed for the specific case

of MLIC [33], [47], [76]. ML-ANet [76] follows a moment-matching strategy as they

propose the use of Multi-Kernel Maximum Mean Discrepancies (MK-MMD) in a Repro-

ducing Kernel Hilbert Space (RKHS). More recently, motivated by the progress made in

adversarial-based UDA, attempts to generalize discriminator-based UDA methods to

MLIC have emerged. Specifically, DA-MAIC [47] adopts a graph-based MLIC framework

and couples it with a domain discriminator trained adversarially. Similarly, DA-AGCN [33]

also follows a standard discriminator-based strategy, but injects an additional attention

mechanism in the graph-based MLIC subnetwork.

However, these discriminator-based methods are equally threatened by the mode

collapse issue discussed in [79]. Therefore, in this work, we propose a novel adversarial

critic extracted from the task-specific classifier itself, thereby eliminating the use of an

additional discriminator.
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5.3 Mathematical Preliminaries

For a deeper understanding of the paper, this section briefly recalls the Expectation

Maximization (EM) algorithm for the estimation of Gaussian Mixture Model (GMM)

parameters.

The GMM is a mixture model that is formed by K Gaussian components, as depicted

in the following equation,

P (x|Θ) =
K∑
k=1

πkN (x|µk,Σk), (5.1)

where x = {x1, x2, ..., xn} is an n-dimensional continuous-valued data vector (i.e. ob-

servations or features). The tuple Θk = {πk, µk,Σk}, is formed by πk, µk and Σk which

denote the mixture weights, the mean vector and the covariance matrix of the kth GMM

component, respectively, with
∑K

k=1 πk = 1.

The Maximum Likelihood Estimation (MLE) is a common approach for estimating

the mixture parameters Θ = {Θk}k∈{ 1,2,...,K} by maximizing the log-likelihood of the

observations, given by,

l(Θ|x) = log P (x|Θ). (5.2)

Since directly maximizing l(Θ|x) is intractable, the EM algorithm maximizes instead

a lower bound of l(Θ|x) defined as,

Q = log

{∑
C

P (C|x,Θ)

}
. (5.3)

where C refers to a set of discrete latent variables.

An iterative optimization of this bound alternates between two steps: in the E-

step, a new estimate of the posterior probability distribution over C is computed, given

the estimation of the parameters Θ denoted as Θm from the previous iteration m.

In the context of GMM, the set C is defined as a set of binary latent variables C =
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(cik)i∈{1,...,n},k∈{1,...,K} for simplifying the optimization process. This helps in calculating

the responsibility of each component k in the mixture as follows,

γik(Θ
m) = Q(cik = 1|Θm

k , xi) (5.4)

In the M-step, the parameters Θ are updated in order to maximize the expected

log-likelihood using the posteriors computed in the E-step such that,

Θm+1 = argmax
Θm

Q(Θm+1|Θm). (5.5)

Thanks to the introduction of the binary latent variables C, the computation of the

updated parameters in Eq. (5.5) can be done using a closed-form solution as detailed

below,

πm+1
k =

1

n

n∑
i=1

γik, µm+1
k =

∑n
i=1 γikxi∑n
i=1 γik

,

Σm+1
k =

∑n
i=1 γik(xi − µm

k )(xi − µm
k )

T∑n
i=1 γik

.

(5.6)

The algorithm refines the values of the estimated parameters iteratively until conver-

gence. Hence, this optimization process remains computationally costly.

5.4 Problem Formulation and Motivation

In this section, we first formulate the problem of Unsupervised Domain Adaptation

(UDA) for Multi-Label Image Classification (MLIC). Later, we detail our motivation behind

reusing the multi-label classifier as a discriminator.
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5.4.1 Problem Formulation

Let Ds = (Is,Ys) and Dt = (It,Yt) be the source and target datasets, respectively,

with Ps and Pt being their respective probability distributions such that Ps ̸= Pt. Let us

assume that they are both composed of N object category labels. Note that Is = {Ijs}ns
j=1

and It = {Ijt}nt
j=1 refer to the sets of ns source and nt target image samples, respectively,

while Ys = {yj
s}ns

j=1 and Yt = {yj
t}nt

j=1 are their associated sets of labels.

Let us denote by I the set of all images such that I = Is ∪ It. Given an input

image I ∈ I with y ∈ {0, 1}N being its label, the goal of unsupervised domain adaptation

for multi-label image classification is to estimate a function f : I 7→ {0, 1}N such that,

f(I) = 1fc◦fg(I)>τ = 1Z>τ = y , (5.7)

where fg : I 7→ Rd extracts d-dimensional features, fc : Rd 7→ [0, 1]N predicts the

probability of object presence, Z = fc ◦ fg(I) ∈ [0, 1]N corresponds to the predicted

probabilities, 1 is an indicator function, > is a comparative element-wise operator with

respect to a chosen threshold τ . Note that only Ds and It are used for training. In other

words, the target dataset is assumed to be unlabeled.

To achieve this goal, some existing methods [47] have adopted an adversarial

strategy by considering an additional discriminator fd that differentiates between source

and target data. Hence, the model is optimized using a classifier loss Lcls such as the

asymmetric loss (ASL) [21] and an adversarial loss Ladv defined as,

Ladv = Efg(Is)∼P̄s
log

1

fd(fg(Is))
+

Efg(It)∼P̄t
log

1

(1− fd(fg(It))
,

(5.8)

where P̄s and P̄t are the distributions of the learned features from source and target

samples Is and It, respectively.
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While the adversarial paradigm has shown great potential [47], the use of an ad-

ditional discriminator fd which is decoupled from fc may lead to mode collapse as

discussed in [79]. Inspired by the same work, we aim at addressing the following

question – Could we leverage the outputs of the task-specific classifier fc ◦ fg in the

context of multi-label classification for implicitly discriminating the source and the target

domains?

5.4.2 Motivation: Domain Discrimination using the Distribution of

the Classifier Output

The goal of MLIC is to identify the classes that are present in an image (i.e., positive

labels) and reject the ones that are absent (i.e., negative labels). Hence, the classifier

fc is expected to output high probability values for the positive labels and low probability

values for the negative ones. Formally, let z = θ(fc(fg(I))) = θ(Z) ∼ P̂ be the random

variable modelling the predicted probability of any class and P̂ its probability distribution,

with θ being a uniform sampling function that returns the predicted probability of a

randomly selected class. In general, a well-performing classifier is expected to classify

confidently both negative and positive samples. Ideally, this would mean that the

probability distribution P̂ should be formed by two clusters with low variance in the

neighborhood of 0 and 1, respectively denoted by C0 and C1. Hence, our hypothesis is

that a drop in the classifier performance due to a domain shift can be reflected in P̂ .

Let zs = θ(fc(fg(Is))) ∼ P̂s and zt = θ(fc(fg(It))) ∼ P̂t be the random variables

modelling the predicted probability obtained from the source and target data and P̂s and

P̂t be their distributions, respectively. Concretely, we propose to investigate whether

the shift between the source and target domains is translated in P̂s and P̂t. If a clear

difference is observed between P̂s and P̂t, this would mean that the classifier fc should

be able to discriminate between source and target samples. Thus, this would allow the
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definition of a suitable critic directly from the classifier predictions.

To support our claim, we trained a model4 f using the labelled source data Ds

without involving the target images5 It. In Fig.5.2 (a), we visualize the histogram of the

classifier probability outputs when the model is tested on the source domain. It can

be clearly observed that the predicted probabilities on the source domain, denoted by

zs, can be grouped into two separate clusters. Fig.5.2 (b) shows the same histogram

when the model is tested on target samples. In contrast to the source domain, the

classifier probability outputs, denoted by zt, are more spread out in the target domain.

In particular, the two clusters are less separable than in the source domain. This is due

to the fact that the classifier fc benefited from the supervised training on the source

domain, and as a result it gained an implicit discriminative ability between the source

and target domains.

Motivated by the observations discussed above, we propose to reuse the classifier

to define a critic function based on P̂s and P̂t. In what follows, we describe our approach

including the probability distribution modelling (P̂s and P̂t) and the adversarial strategy

for domain adaptation.

5.5 Proposed Approach

In this section, we first detail the DDA-MLIC approach, including the novel adversarial

critic derived from the task classifier using the standard EM algorithm. Later, we

introduce the proposed DeepEM block that overcomes the limitations of the traditional

EM, namely, non-differentiability with respect to the overall architecture and a high

computational cost. Finally, we provide an overview of the proposed architecture

incorporating an end-to-end learning process for multi-label prediction and unsupervised

4TResNet-M [24] trained on UCM [85] dataset.
5Source: UCM [85] validation set (420 images), Target: AID [84] validation set (600 images).
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Figure 5.3: (a) The classifier6 predictions zs and zt for both source and target datasets7,
respectively, can be grouped into two clusters. Hence, a two-component GMM can be
fitted for both source (P̂s) and target (P̂t). While the first component is close to 0, the
second is close to 1, (b) A component-wise comparison between source (P̂ 1

s , P̂
2
s ) and

target (P̂ 1
t , P̂

2
t ) Gaussians of distributions extracted from the fitted GMM confirms that

target predictions are likely to be farther from 0 and 1 with a higher standard deviation
than the source.

discriminator-free domain adaptation.

6TResNet-M [24] trained on UCM [85] dataset.
7Source: UCM [85] validation set (420 images), Target: AID [84] validation set (600 images).
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Figure 5.4: The overall architecture of DDA-MLIC with the proposed DeepEM block
consists of the following components: The feature extractor (fg) learns discriminative
features from both source and target images. The task classifier (fc) performs two
actions simultaneously: 1) it learns to accurately classify source samples using a
supervised task loss Lcls(Ds), and 2) when acting as a discriminator, it aims to minimize
the proposed GMM-based discrepancy Ladv(Ds, It) between source (zs) and target
(zt) predictions using the proposed DeepEM block, while fg simultaneously works to
maximize it.

5.5.1 DDA-MLIC: an Implicit Adversarial Critic from the Task Clas-

sifier

As discussed in Section 5.4.2, the classifier probability predictions are usually formed by

two clusters with nearly Gaussian distributions. Consequently, as shown in Fig.5.3 (a),

we suggest approximating the two distributions P̂s and P̂t by a two-component Gaussian

Mixture Model (GMM) defined in Eq. (5.1) as follows,

P̂s(zs) ≈
2∑

k=1

πs
kN (zs|µs

k, σ
s
k) , (5.9)
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and,

P̂t(zt) ≈
2∑

k=1

πt
kN (zt|µt

k, σ
t
k) , (5.10)

where N (zt|µt
k, σ

t
k) denotes the k-th Gaussian distribution, with the mean µt

k and the

standard deviation σt
k, fitted on the target predicted probabilities zt and πt

k its mixture

weight such that πt
1 + πt

2 = 1. Similarly, N (zs|µs
k, σ

s
k) denotes the k-th Gaussian distri-

bution, with the mean µs
k and the standard deviation σs

k, fitted on the source predicted

probabilities zs and πs
k its mixture weight such that πs

1 + πs
2 = 1. For estimating the two

GMM models, the EM algorithm presented in Section 5.3 used.

In both the source and target domains, we posit that the initial component of the

Gaussian Mixture Model (GMM) aligns with the cluster C0 (featuring a mean in proximity

to 0), while the second component corresponds to C1 (with a mean in proximity to 1).

However, due to a large number of negative predictions as compared to positive ones,

the component C0 tends to be more dominant. In fact, in a given image, only few objects

are usually present from the total number of classes. To alleviate this phenomenon,

in DDA-MLIC, we proposed to extract two Gaussian components from the source and

target GMM, ignoring the estimated weights illustrated in Fig.5.3 (b).

In order to reuse the classifier as a discriminator in the context of UDA for MLIC,

in DDA-MLIC [34], we proposed to redefine the adversarial loss (Ladv) by computing

a Fréchet distance (dF) [97] between each pair of the estimated source and target

components, using Eq. (5.5) and (5.6), from a given cluster as follows,

Ladv =
2∑

k=1

αkdF(N (zt|µt
k, σ

t
k),N (zs|µs

k, σ
s
k)) , (5.11)

with αk weights that are empirically fixed. Since the computed distributions are uni-

variate Gaussians, the Fréchet distance between two distributions, also called the

2-Wasserstein (2W) distance, is chosen as it can be explicitly computed as follows,
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d2F(N (z1|µ1, σ1),N (z2|µ2, σ2)) = (µ1 − µ2)
2 + (σ1 − σ2)

2, (5.12)

where N (z1|µ1, σ1) and N (z2|µ2, σ2) are two Gaussians with a mean of µ1 and µ2 and a

standard deviation of σ1 and σ2, respectively. In addition, compared to the commonly

used 1-Wasserstein (1W) distance, it considers second-order moments. Finally, in [98],

the 2W distance has been demonstrated to have nicer properties e.g., continuity and

differentiability, for optimizing neural networks as compared to other divergences and

distances between two distributions such as the Kullback-Leibler (KL) divergence and

the Jensen-Shannon (JS) divergence. The relevance of the 2W distance is further

discussed in Section 5.6.4.

5.5.2 Deep Expectation Maximization (DeepEM)

As introduced in Section 5.3, due to its iterative nature, the Expectation-Maximization

(EM) algorithm is computationally demanding. Furthermore, the GMM fitting step based

on EM is non-differentiable with respect to the DDA-MLIC architecture. As a result, it

does not impact the backward propagation, posing a challenge to the overall learning

process. Alternatively, we propose to use additional block that termed Deep Expectation

Maximization (DeepEM), inspired by [99]. The proposed DeepEM consists of two blocks:

1) a Multi-layer Perceptron (MLP) network called E-block, denoted as fΓ, and 2) a

parameter-free computational block, called M-block.

E-block

Let Z = {z1, z2, ..., zB} represents the predicted probabilities for any given batch formed

by B images, where zi ∈ RN is the predicted probabilities vector for sample i. Given

these predicted probabilities as input, the E-block outputs the responsibility matrix

denoted as Γ ∈ RBN×2 such that,
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Γ = fΓ(Z)

= [γ̂ik]i∈{1,BN},k∈{1,2},
(5.13)

where γ̂ik is the responsibility estimated by the network, thereby replacing the standard

responsibility in Eq. (5.4). In this case, n and K defined in Section 5.3 corresponds

respectively to BN and 2.

In summary, the E-block replaces the E-step of the standard EM algorithm. By

employing this DNN-based strategy, we overcome two challenges: 1) the chain rule

is not broken allowing the differentiability of the E-step, 2) the iterative and resource-

intensive computation of the responsibilities is not required. Instead, this can be

achieved in a single iteration.

M-block

Let us denote the source and target responsibilities by Γs and Γt, respectively resulting

from the E-block (fΓ). Given the predicted probabilities zs and zt for the source and target

samples, respectively, the M-block computes the GMM parameters Θs
k = (πs

k, µ
s
k, σ

s
k)

and Θt
k = (πt

k, µ
t
k, σ

t
k) for k ∈ {1, 2} using the closed-form solution depicted in Eq. (5.6).

The proposed adversarial critic defined in Eq. (5.11) can be directly applied as follows,

Ladv =
2∑

k=1

αk

(
(µs

k − µt
k)

2 + (σs
k − σt

k)
2
)
, (5.14)

where αk is a hyperparameter that regulates the contributions from each GMM compo-

nent. The variation of this hyperparameter α is discussed in Section 5.6.4.
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5.5.3 Overall Architecture

The overall architecture of the proposed approach is illustrated in Fig. 5.4. Similar to [79],

the proposed DDA-MLIC consists of: (1) a feature extractor (fg) that aims to extract

discriminative image features from both source (Is) and target (It) images, and (2) a

classifier (fc) that performs the multi-label classification and at the same time implicitly

discriminates between source and target data.

When acting as a classifier, fc aims to minimize the supervised classification loss [21]

(Lcls) using the annotated source dataset Ds. However, when operating as a discrimina-

tor, the output of fc is is fed to the proposed DeepEM block. It returns the estimated

source and target GMMs, i.e., Θs and Θt, respectively, thereby enabling the computation

of the proposed adversarial loss Ladv as reformulated in Eq. (5.14). A Gradient Reversal

Layer (GRL) between fg and fc enforces the feature extractor to fool the classifier

when acting as a discriminator, thereby implicitly learning domain-invariant features.

Consequently, the network is trained by engaging in a min-max game as depicted below,

min
fc

max
fg

Ladv. (5.15)

In summary, the overall loss function used to train DDA-MLIC is described below,

min
fg ,fc

{
Lcls(Ds) + λmax

fg
Ladv(Ds, It)

}
, (5.16)

where λ is another hyper-parameter that weights Lcls and Ladv.

5.6 Experiments

In this section, we report the performed experiments and discuss the obtained results.

First, we present the datasets used for our experimental study. Later, we detail the

experimental settings as well as the implementation details. Finally, we report and
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analyze the obtained results.

5.6.1 Experimental Settings

Datasets

In our experiments, different types of domain gaps are considered, namely, (1) the

domain shift due to the use of different sensors, (2) the domain gap existing between

simulated and real data (3) the discrepancy resulting from different weather conditions.

Due to the limited availability of cross-domain multi-label datasets, we convert several

object detection and semantic segmentation datasets to the task of MLIC.

Cross-sensor domain shift Similar to [47], we use three multi-label aerial image

datasets that have been captured using different sensors resulting in different resolutions,

pixel densities and altitudes, namely: 1) AID [84] multi-label dataset was created from

the original multi-class AID dataset [88] by labeling 3000 aerial images, including 2400

for training and 600 for testing, with a total of 17 categories. 2) UCM [85] multi-label

dataset was recreated from the original multi-class classification dataset [89] with a

total of 2100 image samples containing the same 17 object labels as AID. We randomly

split the dataset into training and testing sets with 2674 and 668 image samples,

respectively. 3) DFC [86] multi-label dataset provides 3342 high-resolution images with

training and testing splits of, respectively, 2674 and 668 samples labeled from a total of 8

categories. In our experiments, the 6 common categories between DFC and the other

two benchmarks are used.

Sim2real domain shift We use the following two datasets to investigate the domain

gap between real and synthetic scene understanding images. 1) PASCAL-VOC[80] is

one of the most widely used real image datasets for MLIC with more than 10K image
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samples. It covers 20 object categories. The training and testing sets contain 5011 and

4952 image samples, respectively. 2) Clipart1k [87] provides 1000 synthetic clipart

image samples, annotated with 20 object labels, similar to VOC. Since it is proposed for

the task of object detection, we make use of the category labels for bounding boxes to

create a multi-label version. Half of the data are used for training and the rest is used

for testing.

Cross-weather domain shift In order to study the domain shift caused by different

weather conditions, two widely used urban street datasets have been used, namely:

1) Cityscapes [100] which is introduced for the task of semantic image segmentation

and consists of 5000 real images captured in the daytime. 2) Foggy-cityscapes [101]

which is a synthesized version of Cityscapes where an artificial fog is introduced. We

generate a multi-label version of these datasets for the task of MLIC considering only

11 categories out of the original 19 to avoid including the objects that appear in all the

images.

Implementation Details

The proposed work makes use of TResNet-M [24] as a backbone and the Asymmetric

Loss (ASL) [21] as the task loss. All the methods are trained using the Adam optimizer

with a cosine decayed maximum learning rate of 10−3. For all the experiments, we

make use of NVIDIA TITAN V with a batch size of 64 for a total of 25 epochs or until

convergence. The input image resolution has been fixed to 224× 224.

Baselines

To evaluate our approach, we categorized methods into three groups. MLIC methods

are trained solely on source datasets and evaluated directly on target datasets without
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any domain adaptation strategy, including both direct and indirect approaches. Disc.-

based and Disc.-free methods utilize both labeled source and unlabeled target datasets,

with and without the domain discriminator, respectively, and are evaluated on the target

dataset. We adapt our baseline discriminator-free approach DALN [79], originally

designed for UDA in single-label classification, to MLIC by computing the adversarial

critic for multiple binary predictions.

Evaluation Metrics

Similar to [34], we report several metrics including the number of model parameters (#

params), mean Average Precision (mAP), average per-Class Precision (CP), average

per-Class Recall (CR), average per-Class F1-score (CF1), average Overall Precision

(OP), average overall recall (OR) and average Overall F1-score (OF1). We consider

seven datasets: AID, UCM, DFC, VOC, Clipart, Cityscapes, and Foggycityscapes,

resulting in seven experimental settings: AID → UCM, UCM → AID, AID → DFC, UCM

→ DFC, VOC → Clipart, Clipart → VOC, and Cityscapes → Foggy. For example, AID →

UCM indicates that AID is fixed as the source dataset during training while UCM is the

target dataset. The reported results are based on the testing set of the target dataset.

5.6.2 Quantitative Analysis

Comparison with the state-of-the-art methods

Table 5.1, Table 5.2, Table 5.3 and Table 5.4 quantitatively compare the proposed

approach to state-of-the-art methods. It can be seen that our model requires an equal

or fewer number of parameters than other state-of-the-art works, with a total number

of 29.4 million parameters. We achieve the best performance in terms of mAP for AID

→ UCM, UCM → AID, AID → DFC, UCM → DFC, Clipart → VOC and Cityscapes →

Foggy.

91



Table 5.1: Cross-sensor domain shift: comparison with the state-of-the-art in terms of
number of model parameters (in millions), and % scores of mAP, per-class averages (CP,
CR, CF1) and overall averages (OP, OR, OF1) for aerial image datasets. Two settings
are considered, i.e., AID → UCM and UCM → AID. Best results are highlighted in bold.

Type Method # params AID → UCM UCM → AID
mAP P C R C F C P O R O F O mAP P C R C F C P O R O F O

ResNet101 [9] 42.5 57.5 60.0 47.5 47.0 69.1 71.5 70.3 51.7 50.6 29.6 33.9 88.0 48.5 62.5
ML-GCN [39] 44.9 53.7 55.3 44.3 45.9 70.2 68.7 69.4 51.3 50.1 29.9 34.0 88.0 49.7 63.6
ML-AGCN [32] 36.6 55.2 36.6 64.9 45.1 45.0 88.1 59.6 52.1 48.2 47.4 42.9 77.1 79.8 78.4MLIC

ASL (TResNetM) [21] 29.4 55.4 48.7 52.8 47.1 58.7 79.1 67.4 54.1 54.5 40.2 41.9 85.4 65.1 73.9
DANN (TResNetM + ASL) [30] 29.4 52.5 59.1 31.6 36.3 70.9 53.7 61.1 51.6 52.1 23.2 27.9 83.2 27.8 41.7Disc-based DA-MAIC (TResNetM+ASL) [47] 36.6 54.4 55.3 37.5 38.6 68.0 67.9 67.9 50.5 51.8 22.9 29.0 91.6 35.2 50.8
DALN (TResNetm + ASL) [79] 29.4 53.1 53.3 32.4 36.7 69.2 53.9 60.6 53.2 52.2 29.3 32.7 82.0 41.2 54.8
DDA-MLIC (OURS) 29.4 63.2 52.5 63.7 55.1 59.4 82.8 69.2 54.9 53.9 30.4 35.5 84.6 41.0 55.3Disc-free
DDA-MLIC with DeepEM (OURS) 29.4 60.5 53.5 51.8 48.8 61.4 76.8 68.2 56.2 58.0 19.0 26.5 97.4 31.5 47.6

Table 5.2: Cross-sensor domain shift: comparison with the state-of-the-art in terms of
number of model parameters (in millions), and % scores of mAP, per-class averages (CP,
CR, CF1) and overall averages (OP, OR, OF1) for aerial image datasets. Two settings
are considered, i.e., AID → DFC and UCM → DFC. Best results are highlighted in bold.

AID → DFC UCM → DFCType Method # params mAP P C R C F C P O R O F O mAP P C R C F C P O R O F O
ResNet101 [9] 42.5 56.9 52.9 61.5 48.7 46.1 63.7 53.5 66.4 74.4 31.2 36.9 67.2 37.2 47.9
ML-GCN [39] 44.9 58.9 56.7 57.9 45.8 45.7 65.0 53.7 64.6 72.4 32.0 35.6 64.4 38.9 48.5
ML-AGCN [32] 36.6 51.6 41.5 83.8 52.3 40.2 88.7 55.3 70.3 68.4 56.1 47.8 53.8 58.5 56.0MLIC

ASL (TResNetM) [21] 29.4 56.1 49.6 68.4 49.9 43.5 74.1 54.8 68.9 66.3 53.1 44.0 52.6 57.0 54.7
DANN (TResNetM + ASL) [30] 29.4 43.0 40.7 13.6 19.3 46.0 15.6 23.3 64.1 77.3 22.6 30.1 68.6 26.5 38.2Disc-based DA-MAIC (TResNetM+ASL) [47] 36.6 55.4 49.8 60.4 44.7 47.3 64.1 54.4 65.8 71.4 39.3 39.7 59.9 44.6 51.1
DALN (TResNetm + ASL) [79] 29.4 44.7 43.7 23.8 27.6 48.9 27.4 35.1 65.6 82.6 21.3 32.0 75.2 22.1 34.1
DDA-MLIC (OURS) 29.4 62.1 47.6 75.5 55.3 48.9 76.2 59.6 70.6 67.2 55.7 49.3 55.0 58.4 56.6Disc-free
DDA-MLIC with DeepEM (OURS) 29.4 63.2 50.7 50.9 42.7 50.7 56.3 53.4 73.1 74.9 49.5 47.7 63.1 51.0 56.4

Table 5.3: Sim2Real domain shift: comparison with the state-of-the-art in terms of
number of model parameters (in millions), and % scores for mAP, per-class averages
(CP, CR, CF1) and overall averages (OP, OR, OF1) for scene understanding datasets.
Two settings are considered, i.e., VOC → Clipart and Clipart → VOC. Best results are
highlighted in bold.

VOC → Clipart Clipart → VOCType Method # params mAP P C R C F C P O R O F O mAP P C R C F C P O R O F O
ResNet101 [9] 42.5 38.0 64.8 14.3 22.5 82.3 18.3 29.9 50.1 66.2 17.5 25.5 83.9 29.6 43.7
ML-GCN [39] 44.9 43.5 62.5 20.3 28.4 86.6 27.8 42.1 43.1 57.9 21.0 26.8 73.5 30.6 43.2
ML-AGCN [32] 36.6 53.7 75.5 35.5 44.4 79.1 39.9 53.1 38.0 45.5 25.1 28.2 61.8 36.6 45.9MLIC

ASL (TResNetM) [21] 29.4 56.8 72.0 38.5 47.6 82.8 45.7 58.9 64.2 69.0 30.7 37.3 80.0 45.7 58.2
DANN (TResNetM + ASL) [30] 29.4 47.0 77.0 22.0 32.5 86.8 23.6 37.1 67.0 76.8 23.3 32.6 93.1 20.4 33.4Disc-based DA-MAIC (TResNetM+ASL) [47] 36.6 62.3 77.4 42.6 51.6 83.1 51.0 63.2 74.3 84.5 53.9 63.0 83.7 57.7 68.3
DALN (TResNetm + ASL) [79] 29.4 45.0 82.2 21.4 32.6 92.0 22.7 36.4 66.7 78.3 22.2 31.7 90.8 18.0 30.0
DDA-MLIC (OURS) 29.4 61.4 84.7 28.1 39.4 90.9 33.3 48.8 77.0 86.9 29.3 38.2 88.4 35.3 50.4Disc-free
DDA-MLIC with DeepEM (OURS) 29.4 62.0 80.8 23.4 34.6 94.8 25.4 40.0 82.8 88.6 57.0 65.8 86.4 58.8 70.0
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Table 5.4: Cross-weather domain shift: comparison with the state-of-the-art in terms of
number of model parameters (in millions), and % scores of mAP, per-class averages (CP,
CR, CF1) and overall averages (OP, OR, OF1) for urban street datasets. Cityscapes →
Foggy is the setting that is considered. Best results are highlighted in bold.

Cityscapes → FoggyType Method # params mAP P C R C F C P O R O F O
ResNet101 [9] 42.5 58.2 53.6 27.8 32.2 93.2 48.3 63.7
ML-GCN [39] 44.9 56.6 56.1 34.6 38.8 89.4 56.9 69.6
ML-AGCN [32] 36.6 60.7 60.1 48.3 50.9 81.7 71.2 76.1MLIC

ASL (TResNetM) [21] 29.4 61.3 66.7 50.8 53.8 79.2 70.5 74.6
DANN (TResNetM + ASL) [30] 29.4 53.5 50.6 12.5 18.6 89.5 21.8 35.1Disc-based DA-MAIC (TResNetM+ASL) [47] 36.6 61.9 70.7 37.2 42.7 90.2 59.6 71.7
DALN (TResNetm + ASL) [79] 29.4 54.8 56.8 9.5 25.4 90.2 33.8 49.2
DDA-MLIC (OURS) 29.4 62.3 73.7 45.7 48.9 84.1 69.3 76.0Disc-free
DDA-MLIC with DeepEM (OURS) 29.4 63.2 71.9 43.2 45.4 85.8 67.3 75.5

The first four rows of Table 5.1, Table 5.2, Table 5.3 and Table 5.4 report the obtained

results using different methods of MLIC without DA [9], [21], [32], [39]. It can be

observed that our method consistently outperforms all these methods under all settings

(cross-sensor, sim2Real, and cross-weather) in terms of mAP showing the effectiveness

of the proposed DA method for MLIC.

Furthermore, the results reported in the 5th and 6th rows of Table 5.1, Table 5.2,

Table 5.3, Table 5.4 show that the proposed discriminator-free DA method clearly

outperforms discriminator-based DA approaches for MLIC [30], [47] on cross-sensor

and cross-weather domain shift settings in terms of mAP. This observation does not hold

for the sim2Ream domain shift, where our approach records an mAP improvement of

8.5% over other discriminator-based approaches on Clipart → VOC setting, but wslightly

surpasses with 0.3% in terms of mAP DA-MAIC [47] on VOC → Clipart setting.

We also compare our method to the discriminator-free method proposed in [79]

for single-label DA and adapted to MLIC as stated in Section 5.2. Unsurprisingly,

our method outperforms the adapted version of DALN for MLIC under all settings,

reaching an improvement of more than 16% in terms of mAP on the Clipart → VOC and

VOC → Clipart scheme.
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Table 5.5: Ablation study (w/o: without, w/: with). The reported % scores are mAP.

Methods AID→UCM UCM→AID AID→DFC UCM→DFC VOC→Clipart Clipart→VOC
Ours w DeepEM 60.52 56.23 63.23 73.06 61.97 82.80
Ours w/o DeepEM 63.24 (+2.7) 54.90 (-1.4) 62.13 (-1.1) 70.64 (-2.4) 61.44 (-0.5) 76.96 (-5.8)
Ours w/o DA 55.45 (-5.1) 54.12 (-2.1) 56.09 (-7.1) 68.91 (-4.1) 56.78 (-5.2) 64.15 (-18.7)
Ours w/ Discr. 52.54 (-8.0) 51.60 (-4.6) 51.60 (-11.6) 64.06 (-9.0) 46.97 (-15.0) 67.03 (-15.8)

Table 5.6: mAP comparison of the proposed EM-based GMM clustering with k-means
clustering.

Methods AID→UCM UCM→AID AID→DFC UCM→DFC VOC→Clipart Clipart→VOC
Ours w DeepEM 60.52 56.23 63.23 73.06 61.97 82.80
Ours (with k-means) 53.58 (-6.9) 52.20 (-4.0) 58.46 (-4.8) 68.06 (-5.0) 49.24 (-12.7) 68.27 (-14.5)

Table 5.7: mAP comparison of using KL-divergence and 1-Wasserstein (1W) distance
as discrepancy for domain alignment.

Methods AID→UCM UCM→AID AID→DFC UCM→DFC VOC→Clipart Clipart→VOC
Ours w DeepEM 60.52 56.23 63.23 73.06 61.97 82.80
Ours (with KL) 56.44 (-4.1) 53.51 (-2.7) 53.17 (-10.1) 64.55 (-8.5) 52.62 (-9.3) 77.86 (-4.9)
Ours (with 1W) 53.60 (-6.9) 53.20 (-3.0) 57.80 (-5.4) 69.70 (-3.4) 60.50 (-1.5) 75.50 (-7.3)

Deep EM versus traditional EM

The last two rows of Table 5.1, Table 5.2, Table 5.3 and Table 5.4 report the results using

the proposed DDA-MLIC without and with DeepEM. The adoption of a differentiable EM

strategy showcases a substantial performance improvement under the three settings. It

is worth highlighting that the mAP score is improved by approximately 6% in Sim2Real

domain shift for Clipart → VOC with the proposed DeepEM block. This further supports

the relevance of the proposed differentiable approach.

Training time

In order to showcase the efficiency of the proposed DeepEM, Fig. 5.5 compares the

average training time needed to process one batch of source and target images using

DDA-MLIC, with and without DeepEM. The figure shows that by replacing the traditional

iterative EM process with an appropriate deep neural network significantly reduces the

training time.
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Table 5.8: Sensitivity analysis: A comparison of mAP (%) by varying the values of
regularizers for each GMM component.

α values (α1, α2)
Cross-sensor Sim2real Cross-weather

AID→UCM UCM→AID AID→DFC UCM→DFC VOC→Clipart Clipart→VOC City→Foggy
α1=0.1, α2=0.9 55.86 54.05 60.29 71.43 82.55 56.80 61.66
α1=0.2, α2=0.8 55.67 56.23 60.16 70.99 80.46 56.61 61.34
α1=0.3, α2=0.7 56.00 54.20 63.23 73.06 81.92 58.48 63.23
α1=0.4, α2=0.6 55.57 55.89 60.65 72.84 81.29 57.71 61.57
α1=0.5, α2=0.5 57.92 55.00 60.91 71.33 82.80 61.67 61.80
α1=0.6, α2=0.4 54.85 55.72 61.22 70.19 81.86 58.28 62.95
α1=0.7, α2=0.3 58.35 54.44 61.51 71.85 82.26 57.52 60.59
α1=0.8, α2=0.2 60.52 55.46 58.96 70.78 81.39 58.03 61.86
α1=0.9, α2=0.1 58.21 54.14 58.42 71.40 81.54 57.83 60.91
α1=1.0, α2=0.0 58.46 54.83 58.47 72.15 81.87 59.94 61.85

Figure 5.5: Comparison of average training time per batch.

Ablation Study

The results of the ablation study are presented in Table 5.5. We report the obtained

mAP for the following settings, i.e., AID → UCM, UCM → AID, UCM → AID, UCM

→ DFC, VOC → Clipart and Clipart → VOC. The initial two rows display the mAP

results obtained using the proposed approach with (w) and without (w/o) the inclusion

of the DeepEM. The third row illustrates the mAP score in the absence of any domain

adaptation strategy. The final row shows the results achieved when employing an

adversarial domain adaptation approach, utilizing a conventional domain discriminator.

Clearly, leveraging the classifier as a discriminator leads to a noticeable improvement in

classification performance when dealing with a domain shift.
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Figure 5.6: Qualitative analysis: Heatmap visualization of the proposed approach,
existing discriminator-based (DANN [30]), and discriminator-free (DALN [79]) methods.
The first column exhibits some input images with their ground truth labels, while the next
columns display the heatmaps generated by the considered methods, with predicted
labels highlighted in green (if correct) and red (if incorrect).
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5.6.3 Qualitative Analysis

Fig. 5.6 presents a qualitative comparison between the proposed method and existing ap-

proaches. Specifically, we compare the proposed discriminator-free approach (with and

without DeepEM) to both existing discriminator-based (DANN [30]) and discriminator-

free (DALN [79]) methods. For a set of image samples, we visualize the Gradient-

weighted Class Activation Mapping (Grad-CAM) [81] for all the aforementioned methods,

along with the corresponding predicted labels. It can be noted that compared to our

method both DANN and DALN fail to precisely activate the regions incorporating the

present objects, hence leading to an incorrect prediction of the labels. Furthermore, the

relevance of the differentiable EM-based strategy is illustrated in the last two columns of

Fig. 5.6. In these examples, the DeepEM-based network allows focusing more precisely

on the corresponding objects, as compared to the standard EM, thereby enabling the

correct prediction of the different categories present in the displayed images.

5.6.4 Additional Analysis

Sensitivity analysis

In Table 5.8, we report the variation in performance when varying the values α1 and α2,

defined in Eq. (5.11). More specifically, we report the mAP score achieved by DDA-MLIC

with DeepEM for ten different combinations of α1 and α2 for the three types of domain

shift. We start by giving smaller weights to the first GMM component (negative labels)

and higher importance to the second one(positive labels). In most cases, especially

under the cross-sensor and cross-weather domain shifts, we observe that assigning

more weights to the positive component yields a better mAP score. This is in line with

the reasoning behind the widely used Asymmetric Loss (ASL) [21], which focuses more

on the positive labels than negative ones. For the Sim2real domain shift, however,

assigning equal weights to both components provides the best mAP score.
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GMM versus k-means

To justify the choice of GMM as a clustering technique, we compare it with another

popular non-probabilistic clustering technique, known as k-means. In contrast to k-

means, which uses hard thresholding to assign data points to specific clusters, GMM

employs soft thresholding by maximizing the likelihood. Table 5.6 compares the mAP

scores obtained using the two methods. It is evident that using k-means results in a

significant performance drop for all benchmarks.

Distance and divergence measure analysis

As mentioned in Section 5.5.1, the proposed adversarial critic, directly derived from the

task-specific classifier, is based on the 2-Wasserstein distance (denoted as 2W) between

the estimated source and target GMM components. To demonstrate the effectiveness

of the 2W distance over other popular distances, we report, in Table 5.7 the mAP scores

when integrating the KL-divergence and the 1-Wasserstein distance in our framework.

The results clearly demonstrate that utilizing the 2W distance as a discrepancy measure

outperforms other distances, thanks to its continuity and differentiability properties.

Specifically, using the KL divergence or the 1-W distance as a discrepancy measure

results in a slight to significant reduction in mAP across all benchmarks, ranging from

1.5% to 10%.

5.7 Limitations

While the proposed method has demonstrated superior performance across nearly all

benchmarks, it is essential to acknowledge certain limitations. Specifically, in the case

of the AID→UCM benchmark (see Table 5.1), we observe that, under the cross-sensor

domain shift, the proposed DDA-MLIC with DeepEM did not yield a noticeable perfor-

98



mance improvement when compared to its counterpart based on the traditional EM.

Furthermore, in the case of the sim2real domain shift, particularly in the VOC→Clipart

benchmark (see Table 5.3), the performance of the discriminator-free method did not

surpass the discriminator-based approach DA-MAIC [47]. We assume that this drop in

performance might be due to the absence of an additional graph-based subnet, which is

a crucial component for explicitly modeling label correlations. This limitation highlights

the need for investigating additional strategies for modeling the label correlations. More-

over, our approach assumes that the categories that are present in source and target

images are identical. Hence, it would be interesting to investigate in future works more

challenging scenarios such as open-set unsupervised domain adaptation, where the

source and target datasets might include non-common labels.

5.8 Conclusion

In this chapter, a discriminator-free UDA approach for MLIC has been introduced. Un-

like existing methods that employ an additional discriminator trained adversarially, our

method utilizes the task-specific classifier to implicitly discriminate between source

and target domains. This strategy aims to enforce learning domain-invariant features,

while avoiding mode collapse. To achieve this, we redefine the adversarial loss us-

ing a Fréchet distance between the corresponding Gaussian Mixture Model (GMM)

components estimated from the classifier probability predictions. A DNN-based Deep

Expectation Maximization (DeepEM) is proposed to estimate the parameters of the

GMM for ensuring differentiability and avoiding a costly iterative optimization. Experi-

ments conducted on several benchmarks encoding different domain shifts demonstrated

that the proposed approach achieves state-of-the-art performance, while reducing the

need for cumbersome architectures.
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Chapter 6

Application of MLIC to Multi-label

Deepfake Detection

In this chapter, we detail our investigation regarding the suitability of current multi-label

classification approaches for deepfake detection. With the recent advances in generative

modeling, new deepfake detection methods have been proposed. Nevertheless, as

highlighted in Chapter 1.3.4, they mostly formulate this topic as a binary classification

problem, resulting in poor explainability capabilities. Indeed, a forged image might be

induced by multi-step manipulations with different properties. For a better interpretability

of the results, recognizing the nature of these stacked manipulations is highly relevant.

For that reason, we propose to model deepfake detection as a multi-label classification

task, where each label corresponds to a specific kind of manipulation. In this context,

state-of-the-art multi-label image classification methods are considered. Extensive

experiments are performed to assess the practical use case of deepfake detection.
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6.1 Introduction

The recent advances in Deep Learning (DL) techniques have led to the emergence of

highly realistic facial manipulations, known as deepfakes. The subtlety of these forgeries

makes their distinction from authentic images increasingly challenging. Given this threat,

many efforts have been dedicated to developing deepfake detection techniques [102]–

[104]. Typically, these approaches formalize the problem of deepfake detection as

a binary classification [102], [103], [105]–[109]. Given an input image or video, they

predict whether it has been forged or not; therefore classifying it as ‘real’ or ‘fake’.

However, binary predictions are opaque and are difficult to interpret, while in real-world

applications, explainable predictions in deepfake detectors are of utmost importance.

In fact, an image predicted as fake can be produced by one or multiple manipulations.

In existing face editing software, such as FaceTune1, it is common for the same image

to undergo several edits, which we refer to as stacked manipulations or multi-step

operations, as illustrated in Figure 6.1 (a).

As an alternative, in this chapter, we introduce our paper that aims to reformulate

the task of deepfake detection as a multi-label classification problem, where each label

corresponds to a specific manipulation. Such a formulation is supported by the fact that

multiple forgeries can be present in the same image.

Recently, Shao et al. [36] highlighted the necessity of detecting multi-step manipula-

tions. For that purpose, they have introduced a novel deepfake dataset incorporating

sequences of facial forgeries, along with their annotations. However, instead of con-

sidering multi-label classification, they framed the problem of deepfake detection as

an image-to-sequence task. This means that their goal was not only to recognize the

different manipulations applied to a given image, but also to retrieve their chronological

order. Nevertheless, predicting the temporal structure of a forgery sequence adds

1https://www.facetuneapp.com/
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Figure 6.1: (a) Examples of single-step manipulation affecting only the eyes and multi-
step manipulations affecting both the eyes and the nose. (b) Binary deepfake detectors
treat single-step and multi-step forged images equally, which implicitly assumes that
only one manipulation took place in the image. (c) Whereas Multi-Label deepfake
Classifiers (MLC) predict more informative outputs by indicating the labels of the applied
manipulations.

complexity to the problem without having a clear benefit in a practical scenario.

In this paper, we argue that for detecting stacked manipulations, it is sufficient to

formulate deepfake detection as a multi-label image classification task. As we are the

first to explicitly rethink deepfake detection as such, we propose to show the suitability of

existing multi-label image classification methods for the practical scenario of detecting

multi-step manipulations. Our main finding is that current deepfake multi-label image

datasets might be too simplistic since they were created under controlled conditions.

This emphasizes the need for more realistic deepfake datasets, as the existing ones

may not accurately reflect the performance of state-of-the-art multi-label classification

methods.

In summary, our contributions are twofold: (1) we reformulate deepfake detection
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as a multi-label classification problem and show that more explainable predictions can

be achieved regardless of the forgery order; (2) we compare multiple state-of-the-art

multi-label classification techniques in the context of deepfake detection and present an

extensive analysis of the obtained results.

In the remainder of this chapter, Section 6.2 formulates the problem of multi-label

deepfake classification. Section 6.3 presents an overview of the considered multi-label

image classification techniques. In Section 6.4, we detail the experimental setup and

present our results. Finally, Section 6.5 concludes this work and offers interesting

perspectives.

6.2 Formulating Deepfake Detection as a Multi-label

image Classification problem

Let (I) be a dataset formed by a set of real and fake images. Given an image I ∈ I,

traditional deepfake detection methods consider that the label of I belongs to [[0, 1]].

In other words, they classify an image as real or fake, formulating the problem as a

simple binary classification. Nevertheless, a deepfake image might result from multi-

step manipulations that enclose different properties. As detecting the nature of these

manipulations is highly relevant for obtaining a more explainable output, we propose to

define the problem of deepfake detection as a multi-label classification. Let I ∈ I be a

given image, we aim at estimating a function f that predicts the presence or not of N

different manipulations. This can be written as follows,

f : Rw×h → [[0, 1]]N

I 7→ y = (yi)i∈[[1,N ]],
(6.1)
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where w and h are respectively the pixel-wise width and height of the image. It is to

note that yi = 1 if the manipulation i is present in I, otherwise, yi = 0.

6.3 Comparison of multi-label image classification for

deepfake detection

The multi-label image classification problem has received a lot of attention from the

computer vision research community in recent years. Many methods have demon-

strated outstanding performances in light of current developments in deep learning

techniques. In this chapter, we evaluate the performance and assess the current state

of existing multi-label image classification methods in the context of deepfake detection,

as formulated in Chapter 6.2. For that purpose, as mentioned in Chapter 1.1, two

main categories of methods are considered, namely, direct and indirect methods. We

describe these methods in the subsections that follow.

6.3.1 Direct methods

In order to determine if multiple objects are present in an image or not, direct methods

employ a single stream deep neural network f that directly maps a given image to a

binary vector. In other words, f is usually learned in an end-to-end manner in this case.

Generally, these single-stream architectures are constituted of two main components,

namely: (1) a block of Convolutional Neural Networks (CNN) which seeks to extract

discriminative image features; and (2) a classification head that employs a Multi-Layer

Perceptron (MLP) to directly translate these features into the probability of occurrence

of each considered label.

Among direct methods, the ResNet architecture is probably one of the most success-

ful [9], [21], [24], [25]. Recently, TResNet [24]-an improved version of ResNet [9] that
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takes advantage of GPU capabilities, has also been proposed for multi-label classifica-

tion. Moreover, by combining the recently introduced Asymmetric Loss (ASL) [21] with

TResNet, improved results have been achieved. Note that the ASL loss acts differently

on positive and negative labels.

Herein, we compare the effectiveness of some popular direct techniques in the

context of deepfake detection, namely: (1) ResNet50 [9]; (2) ResNet101 [9]; and (3)

TResNetM [24]. Additionally, we couple these methods with ASL [21]. Chapter 6.4

provides more details on the quantitative performance of these methods.

6.3.2 Indirect methods

While direct approaches have shown great performance, they tend to require a large

number of layers to work effectively, as mentioned in Chapter 1.2.1. To avoid using very

deep networks, a second research line has attempted to model label dependencies. In

fact, label correlations are important cues since some labels are more likely to appear

together in the same image. For example, we have a higher chance to observe a

“sheep” and some “grass” in one image than a “sheep” and a “bicycle”. We refer to these

approaches as indirect methods.

Graphs have been particularly useful for modeling label correlations. Graph-based

approaches are typically formed by two streams. They usually combine a CNN denoted

by f1 that learns discriminative image features with a Graph Convolutional Network

(GCN) for generating interdependent label-wise classifier denoted by f2 [31], [32], [39].

These generated classifiers are directly applied to the features resulting from f1. In

other words, images are mapped to a binary vector using the function f = f2 ◦ f1.

The pioneering work on graph-based multi-label classification [39] made use of word

embeddings [42] to represent graph nodes. More recent techniques [31], [32] have

generated image-based embeddings to improve the performance. Additionally, earlier

graph methods are mainly based on a pre-computed fixed adjacency matrix where weak
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edges are ignored using an empirically fixed threshold. This may lead to a significant

loss of information. To overcome this issue, ML-AGCN [32] attempts to adaptively learn

the adjacency matrix by computing an attention weight for each node pair.

Herein, we compare the effectiveness of some recent indirect graph-based tech-

niques in the context of deepfake detection, namely: (1) ML-GCN [39]; (2) IML-GCN [31];

and (3) ML-AGCN [32]. We use both word [42] and image-based [31] node embeddings

to assess the performance of the aforementioned indirect methods. We generate the

label graph using the co-occurrences of each manipulation pair in an image over the

entire dataset, as in [39]. Chapter 6.4 gives more details on the quantitative performance

of these methods.

6.4 Experiments

6.4.1 Datasets

For our experiments, we use the dataset referred to as Deep-Seq proposed in [36].

Initially, this dataset was proposed for image-to-sequence tasks. Nevertheless, its

annotations are compatible with multi-label classification. As compared to [36], the

order constraint is not considered. More specifically, the dataset consists of two subsets

depicting various manipulations. The first subset, called Sequential facial components

manipulations (Seq-Com-Deepfake), shows forgeries that alter the appearance of facial

attributes such as hair bangs or the beard. In the second subset, the manipulations

are applied by swapping facial regions, such as the eyes, the mouth, etc., between

an original and a reference image, respectively. This subset is termed Sequential

facial attributes manipulations (Seq-Att-Deepfake). For both sub-collections, one to five

manipulations are applied to the same image. Hence, the label vector is formed by five

elements (N = 5).
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6.4.2 Evaluation metrics

We provide the mean Average Precision (mAP) as well as the number of model parame-

ters (# Params) in order to assess the effectiveness of current state-of-the-art multi-label

classification approaches in the context of deepfake detection. In addition, as in [21],

we report the following evaluation metrics on both subsets of the Deep-Seq dataset:

average per-Class Precision (CP), average per-Class Recall (CR), average per-Class

F1-score (CF1), the average Overall Precision (OP), average overall recall (OR) and

average Overall F1-score (OF1).

6.4.3 Implementation details

In the context of deepfake detection, the effectiveness of both direct and indirect

approaches is assessed. For that purpose, we employ ResNet [9] and TResNet [24] as

direct approaches, in addition to ML-GCN [39], IML-GCN [31] and ML-AGCN [32] as

indirect methods. More specifically, we utilize both Resnet50 and Resnet101 variations.

For TResNet, we adapt a smaller version known as TResNet-M.

We use the original train and test split that was initially provided in the dataset [36]

to train our models. For the subset of facial attribute manipulations (Seq-Attr-Deepfake),

we use 41600 samples for training and 4160 samples for testing, and for the subset

of facial component manipulations (Seq-Comp-Deepfake), we use 29408 and 2860

samples for training and testing, respectively. Using conventional image augmentation

techniques, the image samples are reshaped to 224x224 as suggested in the original

methods [9], [24], [32], [39]. We train the models on an NVIDIA TITAN V GPU with a

total memory of 12GB using PyTorch in Python with a batch size of 128 for a total of 40

epochs or until convergence.
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Table 6.1: Comparison of existing multi-label image classification methods on deepfake
attribute manipulations subset (Seq-Attr-Deepfake). Best results are highlighted in
bold.

Category Method # Params (↓) mAP (↑) CP (↑) CR (↑) CF1 (↑) OP (↑) OR (↑) OF1 (↑)

Direct methods

ResNet50 [9] 23.8 96.0 93.5 80.7 86.5 93.7 80.9 86.9
ResNet 50 (with ASL) [9] 23.8 95.9 89.2 91.6 90.4 89.3 91.7 90.5
ResNet101 [9] 42.8 96.1 92.9 83.6 87.8 93.1 83.7 88.2
ResNet101 (with ASL) [9] 42.8 96.0 88.1 92.3 90.1 88.1 92.4 90.2
TResNetM [24] 29.4 93.9 93.4 69.2 79.1 93.8 69.4 79.8
TResNetM (with ASL) [21] 29.4 94.0 86.1 89.5 87.7 86.2 89.5 87.8

Indirect methods

ML-GCN† [39] 44.9 95.1 93.3 74.9 82.9 93.6 75.0 83.3
IML-GCN [31] 31.6 82.5 76.7 72.4 74.3 76.9 72.6 74.7
IML-GCN† [31] 31.7 94.0 84.8 90.6 87.6 84.9 90.6 87.7
ML-AGCN [32] 36.3 82.7 74.8 77.1 75.9 74.9 77.1 76.0
ML-AGCN† [32] 36.6 94.3 85.3 90.9 88.0 85.3 90.9 88.0
ML-AGCN† w/o ASL [32] 36.6 94.5 93.8 70.0 79.9 94.1 70.2 80.4

†Graph-based indirect approaches with word embeddings [42]

Table 6.2: Comparison of existing multi-label image classification methods on deepfake
component manipulations subset (Seq-Comp-Deepfake). Best results are highlighted
in bold.

Category Method # Params (↓) mAP (↑) CP (↑) CR (↑) CF1 (↑) OP (↑) OR (↑) OF1 (↑)

Direct methods

ResNet50 [9] 23.8 89.8 89.0 68.5 77.0 89.6 68.5 77.6
ResNet 50 (with ASL) [9] 23.8 90.5 80.3 87.7 83.8 80.3 87.9 84.0
ResNet101 [9] 42.8 91.7 89.3 74.4 80.7 89.7 74.5 81.4
ResNet101 (with ASL) [9] 42.8 92.7 82.7 90.0 86.2 82.7 90.0 86.2
TResNetM [24] 29.4 87.1 88.3 58.2 68.6 89.4 58.7 70.8
TResNetM (with ASL) [21] 29.4 87.2 79.9 82.1 80.9 80.1 82.2 81.1

Indirect methods

ML-GCN† [39] 44.9 89.6 87.5 69.4 76.9 87.8 69.8 77.8
IML-GCN [31] 31.6 81.7 94.9 18.8 27.9 92.3 20.0 32.9
IML-GCN† [31] 31.7 87.7 79.8 82.1 80.9 80.0 82.2 81.1
ML-AGCN [32] 36.3 81.7 80.1 65.5 71.8 80.2 65.3 72.0
ML-AGCN† [32] 36.6 87.1 78.1 84.9 81.3 78.2 85.1 81.5
ML-AGCN† w/o ASL [32] 36.6 88.0 90.7 54.4 65.5 91.7 54.7 68.5

†Graph-based indirect approaches with word embeddings [42]

6.4.4 Experimental Results

We report in Table 6.1 and Table 6.2 the results obtained for both Seq-Att-Deepfake and

Seq-Com-Deepfake subsets, respectively.

Comparison of direct methods

In general, all the results obtained for direct methods are comparable. However, it is

interesting to note that, in our experiments, ResNet50 outperforms TResNetM in terms

of mAP regardless of ResNet’s depth, with an improvement of approximately 2%. It
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should be noted, though, that TResNetM allows for a larger batch size than ResNet50

while still utilizing the same GPU memory.

In addition, surprisingly, the use of the ASL loss does not seem to influence the

results importantly on the Seq-Attr-Deepfake subset, only inducing a variation of 0.1%

in mAP. On the other hand, a marginal performance improvement on the other subset

i.e., Seq-Comp-Deepfake can be noticed when comparing direct methods to their

counterpart ASL-based ones. However, the recall (CR, OR) and F-1 score (CF, OF),

both per-class and overall, increase significantly when these methods are combined

with ASL. This might be explained by two points: 1) since ASL aims to focus more on

positive labels than negative ones, the model tends to predict more false positives; and

2) the models may overfit the distribution of manipulations in Seq-Attr-Deepfake.

Finally, it can be noted that the best performance is achieved when using a deeper

architecture, i.e ResNet101, with an enhancement between 2% and 4%, in terms of

mAP, on Seq-Attr-Deepfake and Seq-Com-Deepfake, respectively. Nevertheless, this

slight improvement comes at the cost of an important increase in terms of number of

parameters (almost multiplied by a factor of 2).

Comparison of indirect methods

The largest architecture corresponding to ML-GCN outperforms other graph-based

methods. More specifically, an improvement of 0.5-12% and 1.6-8% can be observed in

terms of mAP for Seq-Attr-Deepfake and Seq-Comp-Deepfake subsets, respectively.

This is consistent with the results obtained for direct methods, as the feature extraction

branch of ML-GCN is based on ResNet101. Moreover, while image embeddings have

significantly improved the performance on standard multi-label image classification

datasets, word embeddings give a higher mAP when tested on both deepfake subsets.

In fact, as reported in Table 6.1 and Table 6.2, for both IML-GCN and ML-AGCN, the

mAP decreases by more than 12% when paired with image-based embeddings. This is
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Figure 6.2: Comparison of the average performance of numerous direct (non-hatched)
and indirect (hatched) approaches on the Seq-Attr-Deepfake subset.

Figure 6.3: Comparison of the average performance of numerous direct (non-hatched)
and indirect (hatched) approaches on the Seq-Comp-Deepfake subset.

counter-intuitive since, unlike the word embeddings that were initially proposed for the

task of Natural Language Processing (NLP), image-based embeddings are semantically

more meaningful for image classification as discussed in [31]. This might be caused by

the fact that the discrepancy between the image embeddings produced by two different

manipulations is not significant. In contrast to generic objects, image embeddings may

fail to describe the manipulation semantics. Last but not least, the attention mechanism

proposed in [32] does not improve the performance of the standard ML-GCN.

Direct methods versus indirect methods

In Fig. 6.2 and Fig. 6.3, we visualize the average performance of both direct and indirect

methods on Seq-Attr-Deepfake subset and Seq-Comp-Deepfake subset, respectively.

Given Fig. 6.2 and Fig. 6.3, two observations can be made. First, direct methods seem

to be more suitable for multi-label deepfake classification. This comes again in contra-
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diction with the results obtained in the generic field of multi-label image classification,

showing that modelling the label correlations is highly beneficial. This can be explained

by the fact that the present deepfake dataset has not been spontaneously generated,

but has been produced in a controlled environment. The distribution of the generated

manipulations is assumed to be uniform, which does not necessarily reflect a realistic

scenario. Second, we can observe that the facial components manipulations subset

is relatively more challenging than the facial attribute subset, especially for indirect

methods that enclose a high standard deviation in terms of performance metrics.

6.5 Conclusion

Existing deepfake detection techniques model the problem as a simple binary classifica-

tion task, with the aim to determine whether or not a particular image is fake. However,

this makes the classification task hardly interpretable. For obtaining more explainable

outputs, the work presented in this chapter proposes to tackle deepfake detection

problem as a multi-label classification problem, with the objective of simultaneously

identifying several categories of image manipulations. To this end, state-of-the-art multi-

label classification methods are benchmarked on a recently proposed deepfake dataset

incorporating multi-label annotations. This allows assessing the effectiveness of current

multi-label classification methods, including both direct and indirect, in the practical use

case of deepfake detection. Multiple results are against intuition, showing the need to

investigate further multi-label deefake classification. These future investigations might

be supported by the introduction of more complex and realistically generated multi-label

deepfake datasets.
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Chapter 7

Conclusion

In this chapter, we briefly summarize the main findings of our research works in the field

of MLIC. We further discuss the potential extension and future directions of this thesis

work.

7.1 Summary

In this thesis, we address the problem of Multi-label Image Classification (MLIC), both

within a single-domain and under a cross-domain setup. Our first contribution, namely

IML-GCN [31], addresses the problem of cumbersome network architectures in existing

works by utilizing more meaningful label representations in a CNN-GCN-based setting

for the general task of MLIC. Thanks to the proposed image-based node embeddings,

IML-GCN efficiently learns to model the relationships between multiple objects using a

much smaller CNN backbone compared to the existing methods. The reported results

are competitive with the state-of-the-art methods while keeping a smaller overall model

size.

Our second contribution, termed ML-AGCN [32] aims at addressing the three main

limitations of existing GCN-based MLIC approaches, as mentioned in Chapter 4.1,
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namely; 1) the fixed label graph topology, 2) the heuristically defined threshold to ignore

noisy edges, and 3) the dissimilarity in graph node features. The proposed ML-AGCN

overcomes these limitations by following an adaptive label graph learning strategy

leading to more robust and efficient multi-label classifiers. Furthermore, we extend the

adaptive learning strategy to tackle the problem of domain shifts in MLIC. The proposed

work, namely DA-AGCN [33], makes use of an additional discriminator to implicitly

minimize the domain gap between two different domains of the input images.

However, the usage of an additional domain discriminator in adversarial-based UDA

approaches leads to the problem of mode collapse. To tackle this issue, as a third

contribution, we propose to reuse the multi-label classifier as a discriminator in an MLIC

framework termed DDA-MLIC [34], [35]. Specifically, a Gaussian Mixture Model (GMM)-

based adversarial critic is directly derived from the output of the classifier thereby

eliminating the need for an additional discriminator. A deep neural network-based

GMM parameter estimation strategy is adopted, making the entire learning process

differentiable and efficient in an end-to-end manner. We showcase that the proposed

methodology achieves state-of-the-art results on several MLIC for UDA benchmarks.

Finally, in [37], we investigate the applicability of MLIC in solving an important real-

world problem, namely, deepfake detection. More specifically, we propose to evaluate

the effectiveness of existing MLIC methods, including the ones proposed in this thesis,

for deepfake detection. Existing methods formulate the task of identifying forgeries

in an image by considering it as a binary classification, i.e. whether the given image

is fake or not leading to less interpretable outcomes. Hence, in [37], we propose to

reformulate deepfake detection as a multi-label classification problem where each label

corresponds to the type of manipulation in images. Our analysis showcases the need

for more complex and realistic multi-label deepfake datasets.

113



7.2 Future Directions

As future works, we intend to investigate research directions motivated by two main

applications, namely, deepfake detection and space situation awareness.

7.2.1 Deepfake Detection

In Chapter 6, we highlighted the need to generate realistic and more complex multi-label

deepfake datasets that can leverage the state-of-the-art performance of existing MLIC

methods. In fact, deepfakes as any visual data might be exposed to the problem of the

domain shift e.g., different illuminations, unconstrained environment, etc that can impact

the performance of multi-label deepfake detectors. Therefore, exploring Unsupervised

Domain Adaptation to reduce the impact of the domain shift seems highly relevant. For

instance, it would be interesting to utilize a synthetically generated pseudo-fake dataset

to improve the performance of an unlabeled actual deepfake dataset. The research

direction of UDA for multi-label deepfake detection is still under-explored and hence,

opens new opportunities that can save costly annotation efforts by utilizing synthetically

generated datasets that are practically free to annotate.

7.2.2 Space Situation Awareness

An emerging applicative field where research can be foreseen is Space Situational

Awareness (SSA). With the ever-increasing number of satellites orbiting around Earth,

it is of utmost importance to protect them from colliding with space debris to allow

smooth and uninterrupted services provided by these satellites. Hence, identifying the

multiple components of the item present in a space image can be useful to differentiate

the spacecraft from the debris. However, obtaining space imagery itself is a very

expensive task, not to mention the additional challenges it may pose for annotating them.
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Numerous efforts are being made by researchers to generate space-like lab-simulated

synthetic datasets. An interesting and under-explored research direction can be towards

exploring Unsupervised Domain Adaptation (UDA) for MLIC by exploiting these datasets

in order to generalize well on the real-space images.

Additionally, the idea of discriminator-free UDA for classification (DDA-MLIC) can

be extended and explored for regression problems, especially keypoint detection for

identifying the pose of a spacecraft and object detection for trajectory estimation. The

research problem for regression is more challenging than the classification due to the

continuous nature of the output. Hence, the identification of an adversarial critic from

the regressor opens up an interesting direction to study. This practical use case can

directly tackle real-world problems like spacecraft rendez-vous for automatic docking.
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