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A B S T R A C T

This paper proposes an adaptive graph-based approach for multi-label image classification. 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. 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 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.
. Introduction

Multi-label image classification has been widely investigated by the
omputer vision community, given its practical relevance in numerous
pplication fields, such as human attribute recognition (Li et al., 2016),
cene classification (Shao et al., 2015) and deepfake detection (Singh
t al., 2023). In contrast to traditional image classification approaches
hat associate a single label to an input image, multi-label image
lassification aims to detect the presence of a set of objects.

Thanks to the latest progress in deep learning, most of recent meth-
ds rely on a single-stream Deep Neural Networks (DNN), including
onvolution Neural Networks (CNN) (Simonyan and Zisserman, 2015;
e et al., 2016; Zhu et al., 2017; Ge et al., 2018; Gao and Zhou, 2021;
idnik et al., 2021b), Residual Neural Networks (RNN) (Wang et al.,
016) and Transformers (Lanchantin et al., 2021; Cheng et al., 2022;
ang et al., 2022a; Chen et al., 2020). Nevertheless, their impressive

erformance comes at the cost of very large architectures that are
nsuitable for memory-constrained environments. As an alternative,
nother line of research has tried to integrate priors related to label cor-
elations (Chen et al., 2019b,a; Li et al., 2019; Wang et al., 2020b; Singh
t al., 2022b; Wang et al., 2022b; Sun et al., 2022a). As demonstrated
n Singh et al. (2022b), such an approach contributes to improving
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scalability. In other words, fewer parameters are required to achieve
comparable performance with traditional DNNs.

Graph-based approaches (Chen et al., 2019b; Singh et al., 2022b),
are among the most popular multi-label classification methods that aim
at modeling label correlations. In addition to a standard DNN that ex-
tracts image features, a second stream based on a Graph Convolutional
Network (GCN) is used for generating inter-dependent label classifiers.
In particular, the input graph is used to model label dependencies.
Each node represents a label, and each edge is characterized by the
probability of co-occurrence of a label pair. Graph-based methods have
also been shown to be successful in the challenging context of cross-
domain multi-label classification (Lin et al., 2021). Standard multi-label
image classification methods such as Chen et al. (2019b) and Singh
et al. (2022b) 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 (Lin et al., 2021). This leads, therefore,
to poor generalization capabilities under cross-domain settings. UDA
is a plausible solution to overcome this challenge without relying on
costly annotation efforts (Ganin and Lempitsky, 2015). 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.
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Fig. 1. Comparison of our approach (ML-AGCN) without (top) and with UDA (down)
o recent state-of-the-art methods in terms of number of parameters (millions) and mean
verage Precision (mAP) on MS-COCO and Clipart → VOC. The considered state-of-

the art methods are: MlTr-m (Cheng et al., 2022), TResNet-L (Ridnik et al., 2021b),
ML-Decoder (Ridnik et al., 2023), ML-GCN (Chen et al., 2019b), ResNet101 (He et al.,
2016), DA-MAIC (Lin et al., 2021), and DANN (Ganin et al., 2016).

In particular, one of the most successful UDA approaches for multi-
label classification, namely DA-MAIC (Lin et al., 2021), leverages graph
representations to model label inter-dependencies and couple it with an
adversarial training approach (Ganin et al., 2016). 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 Lin et al.
(2021). 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 (Chen et al., 2019b,a; Li et al., 2019; Wang et al.,
2020b; Singh et al., 2022b; Wang et al., 2022b; Sun et al., 2022a;
Lin et al., 2021) 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. 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 Jin et al.
(2021) that successive aggregation operations in the GCN usually dissi-
pate 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 approaches for addressing the aforementioned issues, it should be
possible to reduce the network size even more while achieving compet-

itive performance in both single-domain and cross-domain settings.

2

In this paper, we propose an adaptive graph-based multi-label clas-
sification method called Multi-Label Adaptive Graph Convolutional
Network (ML-AGCN) for both contexts, single domain and across do-
mains. Our idea consists in: (1) learning two additional adjacency
matrices in an end-to-end manner instead of solely relying on a heuris-
tically defined graph topology. Note that no threshold is applied,
avoiding the loss of weak yet relevant connections. In particular, the
first learned graph topology computes the importance of each node
pair. This is carried out by employing an attention mechanism similar
to Graph Attention Networks (GAT) (Velickovic et al., 2017). Neverthe-
less, 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 overcomes 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 Fig. 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.

This paper is an extended version of Singh et al. (2022a). In com-
parison to Singh et al. (2022a), the main contributions of this article
are given below:

1. More extensive experiments showing the relevance of the pro-
posed architecture called Multi-Label Adaptive Graph Convolu-
tional Network (ML-AGCN) for multi-label image classification.

2. An adversarial Domain Adaptation approach integrating an
Adaptive Graph Convolutional Network (DA-AGCN) for multi-
label image classification.

3. A deep qualitative and quantitative experimental analysis of
the proposed domain adaptation method with respect to the
state-of-the-art.

The remainder of this paper is organized as follows. Section 2
reviews the state-of-the-art on multi-label image classification and do-
main adaptation for multi-label classification. Section 3 formulates the
problem of graph-based multi-label image classification and its appli-
cability to different domains. In Sections 4 and 5, the proposed method
is detailed. Section 6 presents the experimental results and analysis.
Finally, Section 7 concludes this work and highlights interesting future
directions.

2. Related works

In this section, we start by presenting the state-of-the-art of multi-
label image classification. Then, we focus on reviewing existing domain
adaptation approaches for multi-label image classification.

2.1. Multi-label image classification

This subsection presents various works proposed for Multi-Label Im-
age Classification (MLIC) within a single-domain context. We categorize
these methodologies into two main groups based on their intuition and
network architectures.

2.1.1. Single-stream deep neural networks
As discussed in Section 1, most multi-label classification meth-

ods (Razavian et al., 2014; Wei et al., 2015; Lanchantin et al., 2021;
Cheng et al., 2022; Wang et al., 2022a; Ridnik et al., 2021b,a) 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 exam-
ple, Razavian et al. (2014) have used a pre-trained OVERFeat Sermanet
et al. (2014) model and have adapted it to multi-label image classi-
fication. Wei et al. (2015) have leveraged the prediction of multiple

CNN architectures pretrained on ImageNet (Deng et al., 2009) such
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as AlexNet (Krizhevsky et al., 2012) and VGG-16 (Simonyan and Zis-
serman, 2015). Ridnik et al. (2021a) have employed TResNet (Ridnik
et al., 2021b) using a novel loss called Asymmetric Loss (ASL) that
focuses more on positive labels than negative ones. TResNet introduced
in Ridnik et al. (2021b) is based on a ResNet architecture with a series
of modifications for optimizing the GPU network capabilities while
maintaining the performance.

Recently, Lanchantin et al. (2021) attempted to leverage trans-
formers for modeling complex dependencies among visual features
and labels. Similarly, MlTr (Cheng et al., 2022) 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 (Ridnik et al., 2023) proposed a transformer-based classifi-
cation 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) (Liu et al., 2022) that aims to mitigate contextual
bias in visual recognition through multiple sampling interventions.

2.1.2. Multi-stream deep neural networks
Going deeper into the network enables the model to learn more

abstract features from the image. However, this comes at the cost
of high memory requirements. Moreover, the aforementioned single-
stream methods do not 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, Zhu et al. (2017) have introduced
a Spatial Regularization Net (SRN) to learn the underlying relationships
between labels by generating label-wise attention maps. Similarly, Qu
et al. (2023) 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 corre-
lations (Chen et al., 2019b; Singh et al., 2022b; Wang et al., 2020a,
2022a), while keeping the network size reasonable. ML-GCN (Chen
et al., 2019b) was among the pioneering works that utilized a Graph
Convolutional Network (GCN) to learn interdependent label-wise classi-
fiers and combine them with a standard DNN that learns discriminative
image features. Similarly, IML-GCN (Singh et al., 2022b) 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 (Pennington et al.,
2014) used in Chen et al. (2019b). 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 Section 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 Jin et al. (2021), the similarity of node features through multiple
GCN layers might fade, potentially resulting in a performance decrease.
The proposed 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.

2.2. Unsupervised domain adaptation for multi-label image classification

Over the last years, DL methods have achieved a remarkable
progress in the field of computer vision and pattern recognition. How-
ever, the effectiveness of DL approaches heavily depends on the avail-
ability of a large amount of annotated data. For mitigating the huge
3

cost caused by data annotation, the field of unsupervised domain
adaptation (Li et al., 2020; Zhang et al., 2019; Long et al., 2017; Ganin
et al., 2016; Long et al., 2018) 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 categories. The first one (Li et al., 2020; Zhang et al., 2019; Long
et al., 2017) aims at explicitly reducing the domain gap by minimizing
statistical discrepancy measures between the two domains. Alterna-
tively, the second class of methods implicitly minimizes this domain
gap by adopting an adversarial training approach (Ganin et al., 2016;
Long et al., 2018). 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 (Li et al., 2021;
Pham et al., 2021; Chen et al., 2019b; Singh et al., 2024).

Among these rare references, we can mention ML-ANet (Li et al.,
2021), which explicitly minimizes the domain gap by optimizing multi-
kernels maximum mean discrepancies (MK-MMD) in a Reproducing
Kernel Hilbert Space (RKHS). More recently, an adversarial approach
has been adopted in Pham et al. (2021) where a condition-based
domain discriminator similar to conditional-GANs (Mirza and Osindero,
2014) has been employed. However, similar to the first category of
methods for traditional multi-label image classification, these two ap-
proaches (Li et al., 2021; Pham et al., 2021) neglect the important
information of label dependencies.

A graph-based approach called DA-MAIC has been then proposed
as an alternative (Lin et al., 2021). As in ML-GCN (Chen et al., 2019b),
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 (Chen
et al., 2019b) as detailed in Sections 1 and 2.1. More details regarding
these issues are given in the next section.

Inspired by Chen et al. (2022), a very recent work (Singh et al.,
2024) 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 present paper 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) tackle two different yet complementary
aspects of UDA for multi-label classification.

3. Background and problem formulation

In this section, Graph Convolutional Networks (GCN) are first re-
viewed. Then, the problem of multi-label image classification in both
single and cross-domain settings is formulated.

3.1. Background: Graph Convolutional Networks (GCN)

CNNs are defined on a regular grid and are, therefore, not directly
applicable to non-Euclidean structures such as graphs. GCN (Kipf and
Welling, 2017) have been proposed as the generalization of traditional
CNN to graphs. They have been very successful in numerous computer
vision applications, including human pose estimation (Cai et al., 2019)

and human action recognition (Papadopoulos et al., 2020a,b). Let us
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denote a graph by 𝐺 = (𝑉 ,𝐸,𝐅). The set 𝑉 = {𝑣1, 𝑣2,… , 𝑣𝑁} is formed
by 𝑁 nodes, while 𝐸 = {𝑒1, 𝑒2,… , 𝑒𝑀} refers to the set of 𝑀 edges
connecting the nodes. Finally, 𝐅 = {𝐟1, 𝐟2,… , 𝐟𝑁} represents the node
features such that 𝐟𝑖 ∈ R𝑑 corresponds to the features of the node 𝑣𝑖.

Let us assume that 𝐅𝑙 is the input node features of the 𝑙th layer and
𝐀 ∈ R𝑁×𝑁 the adjacency matrix of the graph . Each GCN layer can
be seen as a non-linear function ℎ(.) that computes the node features
𝐅𝑙+1 ∈ R𝑁×𝑑′ of the (𝑙 + 1)th layer as follows,

𝐅𝑙+1 = ℎ(𝐀𝐅𝑙𝐖𝑙), (1)

where 𝐖𝑙 ∈ R𝑑×𝑑′ is the weight matrix. Note that 𝐀 is normalized
before using Eq. (1).

3.2. Problem formulation

3.2.1. Graph-based multi-label image classification
The goal of multi-label image classification is to predict the presence

or absence of a set of objects  = {1, 2,… , 𝑁} in a given image 𝐈. This
can be done by learning a function 𝑓 such that,

𝑓 ∶R𝑤×ℎ → [[0, 1]]𝑁

𝐈 ↦ 𝐲 = [𝑦𝑖]𝑖∈,
(2)

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 (Chen et al., 2019b) and IML-GCN (Singh et al., 2022b)
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 which produces a 𝑑𝑓 -dimensional image feature representation
as described below,

𝑓𝑔 ∶R𝑤×ℎ → R𝑑𝑓

𝐈 ↦ 𝐗
. (3)

For instance, ML-GCN integrates a ResNet101 (He et al., 2016), while
IML-GCN makes use of TResNet-M (Ridnik et al., 2021b).

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 fact, each node 𝑣𝑖 ∈ 𝑉 refers to the label 𝑖 ∈ {1, 2,… , 𝑁} and each
𝐟𝑖 ∈ 𝐅 corresponds to its associated label embedding. The adjacency
matrix 𝐀 ∈ R𝑁×𝑁 of 𝐺 is usually pre-computed based on the co-
occurrence probabilities that are estimated over the training set (Singh
et al., 2022b; Chen et al., 2019b). In addition, rare co-occurrences are
discarded as they are assumed to be noisy. In other words, given an
empirically fixed threshold 𝜏,

𝐀𝑖𝑗 =
{

0, if 𝑝𝑖𝑗 < 𝜏,
1, if 𝑝𝑖𝑗 ≥ 𝜏

, (4)

with 𝑝𝑖𝑗 = 𝑝(𝐼𝑗 |𝐼𝑖) being the probability of co-occurrence of label 𝑗 and
label 𝑖 in the same image.

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. (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 ∶(𝑁) → R𝑑𝑓×𝑁

𝐺 ↦ 𝐅𝐿 = [𝐹𝐿
1 ,… , 𝐹𝐿

𝑁 ],
(5)

where (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 )
𝐿 𝑇 (6)
= sig(𝐅 𝐗 ),

4

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

However, as explained in Section 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 is empirically fixed for completely ignoring
rare co-occurrences; and (3) as shown in Jin et al. (2021), aggregating
successively node features in a graph may induce the loss of the
similarity/dissimilarity information present in the initial feature space.

3.2.2. Graph-based unsupervised domain adaptation for multi-label image
classification

Let us consider a source dataset for multi-label image classification
{(𝐈𝑘𝑠 , 𝐲

𝑘
𝑠 )}

𝑛𝑠
𝑘=1 drawn from a distribution 𝑠 and a similar unlabeled

target dataset {(𝐈𝑘𝑡 )}
𝑛𝑡
𝑘=1 drawn from a different distribution 𝑡. The

matrix 𝐈𝑘𝑠 ∈ R𝑤×ℎ refers to the 𝑘th image sample of 𝑠 and 𝐲𝑘𝑠 ∈
[[0, 1]]𝑁 is its associated label vector, while 𝐈𝑡𝑠 ∈ R𝑤×ℎ denotes the
𝑘th image sample of 𝑡. The variables 𝑛𝑠 and 𝑛𝑡 refer respectively to
the total number of samples in 𝑠 and 𝑠. The goal of unsupervised
domain adaptation is to train a model using labeled source domain
data sampled from 𝑠 and unlabeled target domain samples from
𝑡 for making accurate predictions on the target domain. Despite its
relevance in real-world applications, few domain adaptation methods
have been proposed for multi-label image classification. Among the
most recent and accurate approaches, one can mention DA-MAIC (Lin
et al., 2021), which also takes advantage of the graph representation
for modeling label correlations. It directly extends ML-GCN (Chen et al.,
2019b) by integrating an adversarial training for domain adaptation.
Consequently, DA-MAIC is subject to the same limitations induced by
ML-GCN (Chen et al., 2019b) mentioned in Section 3.2.1. Our assump-
tion is that by finding the appropriate solutions to the enumerated
issues, we can, at the same time, enhance the performance of existing
multi-label image classification and domain adaptation for multi-label
image classification methods.

4. Multi-label Adaptive Graph Convolutional Network (ML-AGCN)

To handle the challenges mentioned in Section 3, a novel graph-
based approach called Multi-Label Adaptive Graph Convolutional Net-
work (ML-AGCN) is introduced.

4.1. Overview of the proposed architecture

Similar to Chen et al. (2019b) and Singh et al. (2022b), a network
formed by two subnets is adopted as illustrated in Fig. 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 Singh et al. (2022b), TResNet-M
which represents a small version of TResNet (Ridnik et al., 2021b)
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 Net-
work (AGCN), uses the same image embeddings proposed in Singh
et al. (2022b) as feature nodes. Nevertheless, in contrast to Singh et al.
(2022b) and Chen et al. (2019b), it relies on an end-to-end learned
graph topology. More details regarding this subnetwork are provided
in Section 4.2. Similar to Singh et al. (2022b), the Asymmetric Loss
(ASL) (Ridnik et al., 2021a) denoted by 𝑐 is used for optimizing
ML-AGCN such that,

𝑐 = E(𝐈𝑠 ,𝐲𝑠)∼𝑠

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 ), (7)

where 𝛾+ and 𝛾− are focusing parameters for positive and negative
samples, respectively, 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 (Ridnik et al., 2021a).
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Fig. 2. Architecture of ML-AGCN (Singh et al., 2022a): 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
o the CNN features for predicting the labels.
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Fig. 3. (a) An example of a fixed label graph with a threshold set to 𝜏 = 0.1 (Singh
t al., 2022a). Dashed (red) edges indicate the ignored edges; (b) The proposed
arameterized graph topology considering all the edges. (For interpretation of the
eferences to color in this figure legend, the reader is referred to the web version of
his article.)

.2. Graph-based subnet: Adaptive Graph Convolutional Network (AGCN)

Our intuition is that by integrating a suitable mechanism, it should
e possible to boost the classification performance and reduce at the
ame time the size of graph-based methods. Hence, as illustrated in
ig. 3, we propose to adaptively learn the graph topology by reformu-
ating Eq. (1) as below,

𝑙+1 = 𝜎((𝐀 + 𝐁(𝑙) + 𝐂(𝑙))𝐅𝑙𝐖𝑙), (8)

here 𝜎 is a LeakyRELU activation function.
Instead of relying solely on the adjacency matrix 𝐀 defined in Chen

t al. (2019b), two additional parameterized graphs called attention-
ased and similarity adjacency graphs, respectively denoted by 𝐁(𝑙) and
(𝑙), are defined. In this case, no threshold is applied to 𝐀 for ignoring

are co-occurrences. It is also important to note that 𝐀 is fixed, while
(𝑙) and 𝐂(𝑙) vary from one layer to another. In the following, we detail
ow 𝐁(𝑙) and 𝐂(𝑙) are computed.
 n

5

.2.1. Attention-based adjacency matrix
Instead of ignoring rare co-occurrences in 𝐀, the matrix 𝐁(𝑙) =

𝑏(𝑙)𝑖𝑗 )𝑖,𝑗∈ is defined based on an attention mechanism where the impor-
ance of each edge is quantified. To that aim, inspired by Velickovic
t al. (2017), an attention score denoted by 𝑒𝑖𝑗 is calculated for each
air of vertices (𝑣𝑖, 𝑣𝑗 ) as follows,

𝑖𝑗 = 𝜎(𝐚(𝑙)𝑇 (𝐖𝐅(𝑙)
𝐢 ∥ 𝐖𝐅(𝑙)

𝐣 ), (9)

here 𝐖 ∈ R𝑑(𝑙+1)×𝑑(𝑙) represents a learnable weight matrix, 𝐚(𝑙)𝑇 ∈
2𝑑(𝑙+1) are the learnable attention coefficients and ∥ refers to the
oncatenation operation.

A softmax function is then applied to the computed normalized
ttention scores such that,

(𝑙)
𝑖𝑗 =

exp(𝑒(𝑙)𝑖𝑗 )
∑

𝑘∈ (𝑖) exp(𝑒(𝑙)𝑖𝑘 )
, (10)

ith  (𝑖) defining the neighborhood of the node 𝑖 and 𝛼𝑖𝑗 being the
btained normalized attention score.

We recall that the goal of the GCN subnet is to generate inter-
ependent label classifiers. This means that each classifier must be
redominated by the information related to the label it belongs to.
ence, the attention score of the node in question should be maximal.
or this purpose, an additional step called self-importance mechanism
s proposed for computing the attention-based adjacency matrix 𝐁(𝑙) =
𝑏(𝑙)𝑖𝑗 )𝑖,𝑗∈ as follows,

⎧

⎪

⎨

⎪

⎩

𝑏(𝑙)𝑖𝑗 = 𝛼(𝑙)𝑖𝑗 + max𝑘∈(𝛼
(𝑙)
𝑖𝑘 ) if 𝑖 = 𝑗

𝑏(𝑙)𝑖𝑗 = 𝛼(𝑙)𝑖𝑗 if 𝑖 ≠ 𝑗.
(11)

.2.2. Similarity-based adjacency matrix (𝐂)
As illustrated in the top row of Fig. 4, the GCN aggregation process

ends to modify the node similarity in the original feature space (Jin
t al., 2021). Subsequently, the second row illustrates a significant
hange in the similarity measure between the node features before and
fter the GCN operation (see Fig. 4(a) and (b), respectively). Although
earned in an end-to-end manner, the attention-based graph 𝐁 only
uantifies the connectivity importance of each node pair and does
ot guarantee that the feature similarity is not lost through graph
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Fig. 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 (Chen et al.,
2019b), and (c) after applying two layers of AGCN using our approach (i.e., ML-AGCN).
convolutions. Hence, we propose to incorporate an additional matrix
𝐂(𝑙) = (𝑐(𝑙)𝑖𝑗 )𝑖,𝑗∈ 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 ‖

, (12)

here ‖.‖ denotes the 𝐿2 Euclidean norm.
Finally, the output of the final layer 𝐿 denoted by 𝐅𝐿 is used in

q. (6) for predicting the labels. As shown in Fig. 4(c), by using this
trategy, the node similarity is relatively preserved, as compared to a
tandard GCN.

. Unsupervised domain adaptation for multi-label image classifi-
ation using ML-AGCN

The proposed architecture for multi-label image classification called
A-AGCN is illustrated in Fig. 5. Similar to ML-AGCN, we make use
f TResNet-based backbone 𝑓𝑔 to extract discriminative image features
nd an Adaptive Graph Convolutional Network 𝑓𝑐 to learn 𝑁 inter-
ependent classifiers. Given source and target input images from 𝑠

and 𝑡, 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. (6). The label classification loss 𝑐 is therefore
defined as in Eq. (7).

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) extracted from a given image 𝐈, 𝑓𝑑 predicts
the domain of the input image as follows,

𝑓𝑑 ∶R𝑑𝑓 → [0, 1]

𝐗 ↦ 𝑑.
(13)

where 𝑑 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 Ganin et al. (2016), a domain loss is defined as below,

𝑑 = E𝑓𝑔 (𝐈𝑠)∼𝑠
log 1 +
𝑓𝑑 (𝑓𝑔(𝐈𝑠))

6

E𝑓𝑔 (𝐈𝑡)∼𝑡
log 1

(1 − 𝑓𝑑 (𝑓𝑔(𝐈𝑡)))
. (14)

Given 𝑐 defined in Eq. (7), the final objective function used to
optimize the network is 𝐸(𝜃𝑔 , 𝜃𝑑 , 𝜃𝑐 ) defined by,

𝐸(𝜃𝑔 , 𝜃𝑑 , 𝜃𝑐 ) = 𝑐 (𝜃𝑐 , 𝜃𝑔) + 𝜆𝑑 (𝜃𝑑 , 𝜃𝑔), (15)

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 𝑑 . 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 ).
(16)

6. Experiments

In this section, the experimental settings and results are presented
and discussed for: (1) single-domain multi-label image classification
(Section 6.1); and (2) domain-adaptation for multi-label image classifi-
cation (Section 6.2).

6.1. Multi-label image classification

6.1.1. Implementation details
As discussed in Section 4, TResNet-M (Ridnik et al., 2021b) 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 Singh
et al. (2022b) instead of the usual word-based embeddings used in Chen
et al. (2019b). The model is trained for 40 epochs using Adam, with a
maximum learning rate of 1𝑒−4 using a cosine decay.

6.1.2. Datasets
In the following, the datasets that have been used for the experi-

ments are presented.
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Fig. 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 (Singh et al., 2022a), learns in an end-to-end manner the attention and similarity-based adjacency
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. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
MS-COCO. MS-COCO (Lin et al., 2014) 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 (Chen et al., 2020) is a well-known
dataset for multi-label image classification. 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 (Ev-
eringham et al., 2010) 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.

6.1.3. 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 reporting the mean Average Precision (mAP) as well as
the number of model parameters. Additionally, similar to Singh et al.
(2022b) and Chen et al. (2019b), 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).

Tables 1–3 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 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
Tables 1 and 2, our method achieves the second-best performance on
MS-COCO and VG-500. Specifically, ML-decoder (Ridnik et al., 2023)
and C-Tran (Lanchantin et al., 2021) outperform our approach by 1.2%
and 0.5% in mAP on MS-COCO and VG-500. This slight difference in
7

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 per-
formance 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 (Chen et al., 2019b) 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 experiments, namely, TResNetM.
The results that are reported in Tables 1, 2, and 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 (Chen et al.,
2019b), IML-GCN (Singh et al., 2022b) and ML-AGCN. The obtained
results confirm the relevance of the proposed adaptive learning. In
fact, it can be seen 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 ma-
trix 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. 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 importance of
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Table 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, respectively).

Category Method Resolution # params mAP CP CR CF1 OP OR OF1

Multi-Evidence (Ge et al., 2018) 448 × 448 49.0 – 80.4 70.2 74.9 85.2 72.5 78.4
SRN (Zhu et al., 2017) 224 × 224 48.0 77.1 81.6 65.4 71.2 82.7 69.9 75.8
ResNet101 (He et al., 2016) 448 × 448 44.5 77.3 80.2 66.7 72.8 83.9 70.8 76.8
MCAR (Gao and Zhou, 2021) 448 × 448 44.9 83.8 85 72.1 78 88 73.9 80.3
MCAR (Gao and Zhou, 2021) 576 × 576 44.9 84.5 84.3 73.9 78.7 86.9 76.1 81.1

CNN

TResNet-L (Ridnik et al., 2021a) 448 × 448 53.8 86.6 87.4 76.4 81.4 88.1 79.2 81.8

RNN CNN-RNN (Wang et al., 2016) 224 × 224 66.2 61.2 – – – – – –

ML-GCN (1-layer) (Chen et al., 2019b) 448 × 448 43.1 80.9 82.9 69.7 75.8 84.8 73.6 78.8
IML-GCN (1-layer) (Singh et al., 2022b) 448 × 448 29.5 81.3 81.3 72.2 76.0 86.7 77.9 82.1
ML-GCN (Chen et al., 2019b) 448 × 448 44.9 83.0 85.1 72.0 78.0 85.8 75.4 80.3
ML-GCN (TResNetM) (Chen et al., 2019b) 448 × 448 31.9 82.4 87.6 66.6 75.2 91.0 70.3 79.3
A-GCN (Li et al., 2019) 512 × 512 44.1 83.1 84.7 72.3 78.0 85.6 75.5 80.3
F-GCN (Wang et al., 2020b) – 44.3 83.2 85.4 72.4 78.3 86.0 75.7 80.5
CFMIC (Wang et al., 2022b) 448 × 448 45.1 83.8 85.8 72.7 78.7 86.3 76.3 81.0
SSGRL (Chen et al., 2019a) 576 × 576 92.2 83.8 89.9 68.5 76.8 91.3 70.8 79.7
FLNet (Sun et al., 2022a) – 46.0 84.1 84.9 73.9 79.0 85.5 77.4 81.1

Graph-based

IML-GCN (Singh et al., 2022b) 448 × 448 31.5 86.6 78.8 82.6 80.2 79.0 85.1 81.9

IDA (Liu et al., 2022) 576 × 576 55.1 86.3 – – 80.4 – – 82.5
MlTr-s (Cheng et al., 2022) 384 × 384 33.0 83.9 82.8 75.5 77.3 83 78.5 79.9
STMG (Wang et al., 2022a) 384 × 384 197.0 84.3 85.8 72.7 78.7 86.7 76.8 81.5
C-Tran (Lanchantin et al., 2021) 576 × 576 120.0 85.1 86.3 74.3 79.9 87.7 76.5 81.7
MlTr-m (Cheng et al., 2022) 384 × 384 62.0 86.8 84 80.1 81.7 84.6 82.5 83.5

Transformer-based

Ml-Decoder (Ridnik et al., 2023) 448 × 448 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
Table 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) (Chen et al., 2019b) 33.2 26.6 30.7 7.7 10.3 75.4 10.0 17.7
ResNet101 (He et al., 2016) 44.5 30.9 39.1 25.6 31.0 61.4 35.9 45.4
ML-GCN (Chen et al., 2019b) 44.9 32.6 42.8 20.2 27.5 66.9 31.5 42.8
TResNet-M (Ridnik et al., 2021a) 29.5 33.6 – – – – – –
IML-GCN (Singh et al., 2022b) 32.1 34.5 – – – – – –
SSGRL (Chen et al., 2019a) 92.2 36.6 – – – – – –
KGGR (Chen et al., 2020) 45.0 37.4 47.4 24.7 32.5 66.9 36.5 47.2
C-Tran (Lanchantin et al., 2021) 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 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 (Wang et al.,
2016)

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 (Simonyan and
Zisserman, 2015)

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 (He et al.,
2016)

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 (Wei et al., 2015) 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 (Chen et al.,
2019b)

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)
(Chen et al., 2019b)

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 (Wang et al.,
2020b)

– 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 (Sun et al., 2022a) 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 (Ridnik et al.,
2021a)

53.8 94.6 – – – – – – – – – – – – – – – – – – – –

CFMIC (Wang et al.,
2022b)

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 (Gao and Zhou,
2021)

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 (Chen et al., 2019a) 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
8
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s

Table 4
The ablation of adaptively learning 𝐁 and 𝐂 for multi-label image classification in
ingle 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 5
Hyper-parameter analysis: comparison of the 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

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 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.

6.1.4. Qualitative analysis
In Fig. 6, the Gradient-weighted Class Activation Mapping (Grad-

CAM) (Selvaraju et al., 2017) is visualized for some examples from
the VOC dataset. While the first column of images 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 Fig. 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.

6.2. Unsupervised domain adaptation for multi-label image classification

6.2.1. 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 experiments. For this purpose, we use
a pre-trained Contrastive Language-Image Pre-Training CLIP (Radford
et al., 2021) model with a ViT-B/32 transformer-based backbone. As
commonly done in MLIC (Sun et al., 2022b), 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
9

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 (Ganin et al., 2016) and DA-
MAIC (Lin et al., 2021), that we refer as DA in our experiments. More-
over, we replace the multi-label softmargin-loss with the traditional
cross-entropy loss when training DANN. We generate Glove-based word
embeddings (Pennington et al., 2014) 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.

6.2.2. Datasets
Similar to DA-MAIC (Lin et al., 2021), we use three multi-label

aerial image datasets in our experiments, namely, AID (Hua et al.,
2020), UCM (Chaudhuri et al., 2018) and DFC15 (Hua et al., 2019).
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 (Everingham et al., 2010) and
Clipart1k (Inoue et al., 2018).

AID multi-label aerial dataset. The original AID dataset (Xia et al., 2017)
contains 10 000 high-resolution aerial images. The images cover a total
of 30 categories. A multi-label version of this dataset was produced
in Hua et al. (2020), 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 (Hua et al., 2020).

UCM multi-label aerial dataset. UCM multi-label dataset (Chaudhuri
et al., 2018) is derived from the UCM dataset (Yang and Newsam,
2010). It consists of images showing 21 land-use classes. The images
have a resolution of 256 × 256 pixels. Later in Chaudhuri et al. (2018),
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 (Hua et al.,
2020) 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 (Hua
et al., 2019) 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 (Inoue et al., 2018) dataset
contains 20 object categories, similar to PASCAL-VOC 2007 (Evering-
ham et al., 2010). 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.

6.2.3. 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 clas-
sification is compared with state-of-the-art methods. The same metrics
described in Section 6.1.3 are used, including mAP, CP, CR, CF1,
OP, OR, and OF1. In addition to the four protocols followed in DA-
MAIC (Lin et al., 2021), i.e., AID → UCM, UCM → AID, AID → DFC,
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Fig. 6. Grad-CAM visualization of the predictions with ML-AGCN (Singh et al., 2022a) using samples from the VOC dataset using only 𝐀, then 𝐀 and 𝐁, and finally 𝐀, 𝐁 and 𝐂.
Table 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
old 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 (He et al., 2016) 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 (He et al., 2016) 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 (Chen et al., 2019b) 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 (Chen et al., 2019b) 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 (Ridnik et al., 2021a) 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 (Singh et al., 2022a) 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 (Radford et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Singh et al., 2024) 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 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 (He et al., 2016) 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 (He et al., 2016) 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 (Chen et al., 2019b) 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 (Chen et al., 2019b) 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 (Ridnik et al., 2021a) 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 (Singh et al., 2022a) 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 (Radford et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Singh et al., 2024) 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
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 6 reports the results obtained considering AID and UCM
datasets. Two different settings are followed: AID → UCM, where AID
10
is the source dataset and UCM is the target dataset, and UCM → AID,
where UCM is the source dataset and AID is the 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 (Singh et al., 2024) achieves a higher
mAP. On the other hand, an improvement of mAP by 10.65% and
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Table 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 (He et al., 2016) 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 (He et al., 2016) 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 (Chen et al., 2019b) 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 (Chen et al., 2019b) 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 (Ridnik et al., 2021a) 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 (Singh et al., 2022a) 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 (Radford et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Ganin et al., 2016) 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 (Lin et al., 2021) 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 (Singh et al., 2024) 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
Fig. 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.
4.59% has been respectively recorded for AID → UCM and UCM →
AID as compared with the DA-MAIC (Lin et al., 2021) 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 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
VLM and very recent DDA-MLIC in terms of mAP and model size for
both UCM → DFC and AID → DFC. More precisely, an improvement
11
of 1.4% and 6.2% is achieved in terms of mAP compared to the
second-best performing methods.

Table 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.
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Table 9
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
Table 10
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)
c
w
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In summary, our approach achieves the best performance for 4
ettings over 2 and the second-best performance for the two remaining
nes, ranking just after DDA-MLIC. This highlights the relevance of the
roposed adaptive method under the unsupervised domain adaptation
ettings. In future works, it will be interesting to study the comple-
entarity of the two best-performing approaches, namely, ours and
DA-MLIC.

blation study. Table 10 reports the obtained results when considering
ach module comprised in DA-AGCN. More specifically, the first row
eports the mAP score on the target dataset using a model trained on the
ource dataset without incorporating the learning of label correlations
nd without any domain adaptation. The results in the second row
re obtained by incorporating the proposed adaptive graph learning
trategy for modeling the label correlations (ML-AGCN). It can be
learly seen that adaptively learning the label graph topology based
n the proposed graphs 𝐁 and 𝐂 leads to a significant performance
mprovement. More specifically, an mAP improvement of at least 16
o 20% for UCM → AID, AID → UCM and UCM → DFC can be
bserved. Note that the results in the second row are obtained with-
ut any domain adaptation. Finally, the last row reports the results
hen adding an additional domain classifier to implicitly minimize the
omain gap. This further improves the mAP score by an additional
to 6%, compared to the ML-AGCN, across all benchmarks, by this

emains marginal as compared to the enhancement induced by the
raph structure adaptive learning. This might return to the fact that the
omain gap in aerial datasets remains relatively small, hence benefiting
ore from the adaptive graph strategy than the alignment.

Additionally, in Table 9, we report the performance obtained on
ive datasets by incorporating different combinations of 𝐀, 𝐁 and 𝐂.
t can be noted in the first row that the original adjacency matrix 𝐀
lone cannot effectively model the label relationship, hence leading
o the lowest mAP score across almost all benchmarks. The next two
ows 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
ims to preserve the node feature similarity, and is not expected to
odel the label correlations. Furthermore, the next three rows show

he variation in performance when coupling two to three matrices. For
nstance, combining either 𝐁 or 𝐂 with the original adjacency matrix 𝐀
lways provides a higher mAP when compared to only 𝐀. Finally, the
ast row confirms the superiority of the proposed combination 𝐀,𝐁 and

as the highest mAP score across all benchmarks is reached except
or Clipart → VOC. A possible explanation to this exception is the
ynthetic nature of the Clipart dataset, where the label co-occurrence
s well-thought and might be representative enough.

Furthermore, the importance of preserving the node feature simi-

arity is demonstrated in the last row, where a notable improvement in w
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mAP is observed as compared to the 𝐀+𝐁 setting. As compared to the
single-domain setup, the improvement resulting from 𝐂 is more signif-
icant (see Table 4, where the contribution of 𝐂 is relatively marginal).
This might be explained by the fact that in a cross-domain setting, an
adversarial 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.

Hyper-parameter analysis. In Table 11, we report the mean Average
Precision (mAP) on the six considered benchmarks when varying the
hyper-parameter (𝜆), introduced in Eq (15). 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%.

6.2.4. Qualitative analysis
Grad-CAM (Selvaraju et al., 2017) visualization in the presence of

a domain shift can be seen in Fig. 7. While Fig. 7(a) demonstrate these
results for UCM → AID, Fig. 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.

6.2.5. Failure cases
In Fig. 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 of this can be seen in the second row of Fig. 8. The car is
onfused with the grass. In future work, modeling the object occupancy
ill be investigated for handling these failure cases.

. Conclusion

Existing graph-based methods have shown great performances for
ulti-label image classification in the context of both single-domain

nd cross-domain. However, these methods mostly fix the graph topol-
gy heuristically while discarding edges with rare co-occurrences. Fur-
hermore, it has been demonstrated in Jin et al. (2021) that succes-
ive GCN aggregations tend to destroy the initial feature similarity.
ence, as a solution, an adaptive strategy for learning the graph in
n end-to-end manner is proposed. In particular, attention-based and
imilarity-preserving mechanisms are adopted. The proposed frame-
ork for multi-label classification in a single domain is then extended to
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Table 11
Sensitivity analysis: performance of the proposed DA-AGCN using different values of the hyper-parameter (𝜆), defined in Eq. (15).

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
Fig. 8. Failure cases: Grad-CAM visualization for AID → DFC with ground truth
multi-labels showcasing performance degradation with adaptive graphs.

multiple domains. For that purpose, an adversarial domain adaptation
strategy is employed. The results performed for both single and cross-
domain support the effectiveness 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.
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