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Abstract.  Extracting image semantics effectively and assigning
corresponding labels to multiple objects or attributes for natural im-
ages is challenging due to the complex scene contents and confusing
label dependencies. Recent works have focused on modeling label re-
lationships with graph and understanding object regions using class
activation maps (CAM). However, these methods ignore the com-
plex intra- and inter-category relationships among specific semantic
features, and CAM is prone to generate noisy information. To this
end, we propose a novel semantic-aware dual contrastive learning
framework that incorporates sample-to-sample contrastive learning
(SSCL) as well as prototype-to-sample contrastive learning (PSCL).
Specifically, we leverage semantic-aware representation learning to
extract category-related local discriminative features and construct
category prototypes. Then based on SSCL, label-level visual repre-
sentations of the same category are aggregated together, and features
belonging to distinct categories are separated. Meanwhile, we con-
struct a novel PSCL module to narrow the distance between pos-
itive samples and category prototypes and push negative samples
away from the corresponding category prototypes. Finally, the dis-
criminative label-level features related to the image content are ac-
curately captured by the joint training of the above three parts. Ex-
periments on five challenging large-scale public datasets demonstrate
that our proposed method is effective and outperforms the state-
of-the-art methods. Code and supplementary materials are released
on https://github.com/yu-gi-oh-leilei/SADCL.

1 Introduction

Multi-label image classification (MLIC) aims to assigning multiple
labels to objects or attributes present in a natural image. As a funda-
mental task in computer vision, it is an essential component in many
applications, such as attribute recognition [32], weakly supervised
semantic segmentation [22] and automatic image annotation [13].
In general, distinct from single-label classification, the MLIC task
faces two main challenges: i) complex intra- and inter-category rela-
tionships which are hard to be modeled, and ii) various object scales,
appearances, and layouts which make it challenging to extract image
semantic information effectively.
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Figure 1: Motivation of the proposed dual contrastive learning. (a)
The baseline methods obtain a feature representation of multiple-
category blends. (b) GCN-based methods can easily cause overfit-
ting. (c) With the intervention of category prototypes and contrastive
learning, our method can obtain discriminative features.

For the second challenge, region- and attention-based methods
show their ability to discover objects with various scales and discon-
tinuous regions. However, region-based approaches still have some
drawbacks, e.g., high computational overhead [29] and a large num-
ber of noisy region proposals [27]. For example, You et al.design
cross-modal attention modules with cosine similarity to learning
category-related regional features [34]. Zhao et al. develop a CAM-
based module to generate category-specific activation maps which
are further leveraged to convert cross-scale semantic feature maps
into semantic-aware features [35]. Nevertheless, the aforementioned
methods have the following limitations: i) the localized semantic re-
gion or object region lacks discrimination, ii) only inter-category re-
lationships (intra-image) are considered, and intra-category relation-
ships (cross-image) are ignored.

To effectively address these limitations as well as the major chal-
lenges in multi-label image classification, we propose semantic-
aware dual contrastive learning (SADCL) strategy, which is be-
yond image-level contrastive learning [14] in building inter-category
and intra-category discriminative correlation jointly. To address the
first challenge, our SADCL constructs contrastive representation
learning from two aspects, i.e., sample-to-sample and prototype-to-
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sample, as shown in Figure 1 (c). For the former, the semantic-aware
representations, or label-level visual representations, from both intra-
and cross-images are contrasted. Since multiple categories may occur
concurrently in a multi-label image, conventional contrastive learn-
ing, which only considers intra-category contrastive representations
from cross-image, is insufficient. Hence, we also add inter-category
representations from single image for sample-to-sample contrastive
learning, where modeling label correlations is involved. For the lat-
ter, we introduce visual prototypes and produce sample pairs from
label-level visual representations and their corresponding prototypes.
The visual prototype of one category preserves representative infor-
mation of this category and can be viewed as a faithful category
agent. The prototype-to-sample contrastive learning contributes to
enlarging/decreasing the similarity between positive/negative label-
level visual representations and their prototypes for each image. Note
that we use the same project head for both contrastive learning, so the
learned representations are in a unified embedding space. In addition,
to handle the second challenge, we model the context relationship
among multiple objects and scenes at the front end of the framework,
and generate an initial label-level visual representation with abundant
semantic information through transformer autoencoder with multi-
head attention mechanism. Then, the above dual contrastive learning
is integrated to further optimize the label-level features in the unified
embedding space, so as to obtain the more discriminative semantic-
aware representations of an image.

Overall, in our method, discriminative label-level visual represen-
tations have the following characteristics: i) they are derived from
local discriminative regions of objects, ii) in the unified embedding
space, negative label-level visual representations are more discrim-
inative against associated category prototypes than positive ones,
and iii) label-level visual representations are largely distinct between
each category-pair with low co-occurrence, while similar between
that with high co-occurrence.

Our contributions can be summarized in three-fold:

e We propose a novel Semantic-Aware Dual Contrastive Learn-
ing framework named SADCL for multi-label image classification,
effectively learning more discriminative feature representation.

e Compared with class activation mapping (CAM), we leverage
Semantic-Aware Representation Learning to accurately and easily
locate the label-related image regions.

e Experiments on five challenging large-scale public datasets
(MS-COCO, PASCAL VOC 2007&2012, NUS-WIDE, and Visual
Genome) show that our proposed method is effective and outper-
forms the state-of-the-art methods.

2 Related Works

Multi-Label Image Classification. With the development of com-
puter vision, multi-label image classification (MLIC) task has re-
ceived extensive attention and made remarkable progress. The re-
lated researches could be roughly divided into two aspects i.e.,
relation-based methods and region/attention-based methods.

Since the relationship of multiple objects co-occurring in a multi-
label image can be meaningful for classification, modeling label cor-
relation has become a hot topic in MLIC. Pioneer works [25, 26]
utilize RNN or LSTM to transform labels and an image into a
joint embedding space and predict labels in a pre-defined orderly
way. Despite this, RNN-based methods only model label-local re-
lations while ignoring label-global relations. To address this limi-
tation, GCN-based methods propagate information between nodes
over a graph and explore labels-wise relationships. For example, Li et

al. [18] design an adaptive label graph learning module with sparse
correlation constraints to reduce the hassle of hand-crafted graphs.
To overcome the dependence of GCN on learning only pair-wise la-
bels, Wu er al. [28] introduce adaptive hypergraph neural network
to model the higher-order semantic relationships among labels au-
tomatically. On the other hand, region and attention-based methods
have been handling various object scales and appearances in MLIC
tasks. Many existing works [29] adopt object detection methods to
generate a set of semantic-aware instances and construct semantic
label graphs. Nevertheless, object detection methods require the pre-
trained detector with additional bounding box annotations. Exploit-
ing attention mechanism to extract salient object regions is another
popular fashion. For example, Ye et al. [33] design a semantic atten-
tion module to generate category-specific activation maps, and then
obtain content-aware category representations. Zhao et al. [35] pro-
pose a cross-attention module to suppress the noise between differ-
ent scales and enhance the structural information of small objects.
Liu et al. [21] make use of label embeddings as queries to learn class-
specific representations via cross-modal attention.

Contrastive learning. Contrastive learning is an effective method
to strengthen the discrimination of the leaned representations, which
aims to bring the samples in positive sample pairs closer together in
a unified embedding space while pushing samples in negative pairs
away. For example, He ef al. [11] build a dynamic dictionary with
a queue and a moving average encoder for unsupervised contrastive
learning. Khosl et al. [14] leverage label information for supervised
contrastive learning, which sets samples with the same label as pos-
itive pairs while samples with different labels as negative pairs. In
addition, Li et al. [17] proposed prototypical contrastive learning
for unsupervised presentation learning, where prototypes represent
class-agnostic semantic information, but we propose prototypes for
class-specific semantic representations. Although contrastive learn-
ing for MLIC has been explored preliminarily by Dao et al. [8], it
fails to model label correlation. Moreover, two-time augmentation of
an image makes it inefficient.

3 Methodology
3.1 Overview and Preliminary

In an MLIC task, given a minibatch of input images D =
{(I;,Y;) YL, with L categories, where N is the batch size, our goal
is to build a visual model F'(-) to predict the label Y; of the given im-
age [;. If an image I; € D contains the j-th category, the associated
label y;; € Y; will be 1, and vice versa.

For this purpose, we propose a Semantic-Aware Dual Contrast
Learning (SADCL) framework that learns more discriminative rep-
resentations for MLIC task. As shown in Figure 2, the architecture of
the proposed SADCL consists of three components: Semantic-Aware
Representation Learning (SARL), Sample-to-Sample Contrastive
Learning (SSCL), and Prototype-to-Sample Contrastive Learning
(PSCL). SARL decomposes the image into L label-level visual rep-
resentations (features), and then SSCL and PSCL optimize the dis-
tribution of label-level representations from the perspective of sam-
ples and category prototype respectively, so that in a unified embed-
ded space the homogeneous and activated features tend to aggregate,
while heterogeneous or unactivated features are pushed away. Fi-
nally, the optimized label-level representation is fed into a classifier
to predict whether each category is present or not. In the inferring
stage, no more contrastive learning is needed, and we use SARL to
directly obtain label-level visual representation for classification.
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Figure 2: The overview of the SADCL framework. Note that a solid square represents an active state, and a hollow square represents an
inactive state. Meanwhile, different colors represent different categories. Proj(-) is a projection network.

3.2 Semantic-Aware Representation Learning

To accurately extract semantic information from complex image con-
tent, following [8, 21], we first model the contextual spatial layout
among multiple objects and scene to generate feature maps with
abundant contextual semantic information. Specifically, the initial
spatial feature maps F € RHoXWoxd of the input image are ex-
tracted through CNN, where Hy, Wy and d are the length, width,
and channel number, and reshaped as a sequence feature form: F° €
RHoWoxd Then the sequential features F° and the corresponding
positional embedding PE are input to a transformer-encoder, as
shown on the left half of Figure 3. In this way, the output features
with rich contextual semantic information will be generated as fol-
lows:

F' = FEN(SelfAttBlock(F' ', PE)) , 1)

where multi-head self-attention (SelfAttBlock) and feed-forward
neural network (FFN) are the main components of the transformer-
encoder. Eq. 1 is a layerwise iterative form, and here we can simply
take the output features to be F*.

After that, as shown on the right half of Figure 3, we utilize the
learnable category semantic embeddings as queries Q' € RE*,
and the spatial features F' as keys and values, and perform a
transformer-decoder to generate the label-level visual representations
as follows.

Q' = FFN(CrossAttBlock(F' ™, Q"' PE)) , (@)

where multi-head cross-attention (CrossAttBlock) locates category-
related discriminative regions, and different heads focus on infor-
mation from different parts of the same object. Consequently, the
regions in the feature maps with high correlation to Q*~! are aggre-
gated in Q' and updated layer-by-layer. In this way, the label-related
regions can be located as accurately as possible to extract semantic-
aware visual representations. For example, if an image contains a cat,
the region in the image from the cat will be highlighted and have a

higher correlation with the corresponding category semantic embed-
ding.

3.3 Projection Network for Contrastive Learning

After caputing the initial label-level visual representations, perform a
projection transformation and embed the learned features into a uni-
fied vector space for dual contrastive learning. As mentioned above,
given an image I;, the label-level features Q°*' is generated by
backbone and semantic-aware representation learning. Then, Q°**
is mapped to a unified embedding space using a projection network,
which consists of two linear layers and an activation function:

zi = Proj(Q°"') e R"** 3)

where x; is the projected label-level visual representation for the im-
age I;. Since contrastive learning is conducted in the projected space,
we can also refer the unified embedding space to the projected space.

3.4 Sample-to-Sample Contrastive Learning

In the single-label image classification task, most previous con-
trastive learning methods [11, 14] are based on image-level con-
trastive losses. These methods define positive and negative sample
pairs as follows: in a mini-batch of the input images, the image-
level representations with different augmentations belonging to the
same category are defined as positive sample pairs, and the image-
level representations from other categories or images are defined as
negative sample pairs. However, for multi-label image classification,
an image usually contains multiple categories, making it challeng-
ing to define positive or negative sample pairs at the image level.
Instead of using image-level representations like existing works on
contrastive learning, we propose sample-to-sample contrastive learn-
ing, which defines positive and negative sample pairs at the label
level. In the minibatch of N input images, the projected label-level
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Figure 3: Illustrations of Transformer-encoder and Transformer-
decoder.

visual representations from the memory bank and SADCL are aggre-
gatedinto aset X = {(zs;,v:5) |t € {1,--- ,2N};5 € {1,---,L},
where x;; € R? is the label-level visual representation about the
j-th category in the i-th image, y;; € {0,1} is the ground-truth
associated with x;;. Hereafter, we view x;; as an activated label-
level visual representation, when y;; = 1, vice versa. After that,
we define positive and negative sample pairs in the activated label-
level visual representation set Z = {z;; € X|y;; = 1}. Here,
the x;; € T is called the anchor, and the x;;(,) is referred to as
the positive. Note that the positive set is formulated in the following
form x;5(p) € Pss(i,5) = {xr; € A(4,5)|yr; = yi; = 1}, where
A(i,7) = I \ x4; is the set including Z and excluding z;;. In sum-
mary, the sample-to-sample contrastive loss for the anchor xz;; are
defined as follows:

- exp(xij-x;; T
Eg]gs: Z log p(wij 11(1'))'/) 7
o Pas i) 2w Al) Xy Ta/T))
-1 i
|7D$5(Zv.7)| 5287

(€]
Lsas =
zi; €T

where 7 € R denotes a temperature parameter.

In addition, we propose a memory bank module because an image
needs to be augmented twice in the conventional contrastive learn-
ing approach, which will double the image encoding calculation.
The memory bank stores activated label-level visual representations
(yi,; = 1) from each training iteration, replacing the original repre-
sentations.

3.5 Prototype-to-Sample Contrastive Learning

SSCL only considers using activated label-level visual representa-
tions (y;; = 1) to perform contrastive learning. Furthermore, an im-
age contains only a small number of categories, resulting in many
label-level visual representations that are not active (y;; = 0). This
leads to inactive label-level visual representations that do not partic-
ipate in contrastive learning, thereby restricting the model from ob-
taining more discriminative representations. To alleviate this prob-
lem, we design a prototype-based contrastive learning loss to mine
this unactivated label-level visual representation information en-
tirely. As shown in Figure 2, in the projected space, the activated
label-level visual representations are as close as possible to the cor-
responding category prototypes. In contrast, inactive label-level vi-
sual representations are as far away as possible from the center of the
related category prototypes.

In line with this goal, we propose a category-level prototype mod-
ule, which can be regarded as the center of the category. The label-
level visual representations produced during model training are av-
eraged to obtain category-level prototypes C*™. To ensure that the
label-level visual representation is reliable, we propose a screening
scheme: Q°“! is the activation state (y;; = 1), and the correspond-
ing prediction score is greater than a fixed threshold €. The process
to obtain the category-level prototype is formulated as follows:

N
O = 3 D Q5 T(pred(Q%) > ) I(yiy = 1),
7 i=1 5
cr=[en,...en. et e RMXY
where N; is the number of label-level visual representations Q;’j“t
related to category j. As a result of mapping C'™ to the projection
space, C°* € RE*4 is obtained for contrastive learning by using the
projection network. For a specific category j, if we define p; as an
anchor, the label-level visual representation for the category j: the
activated x; ;(,,) as the set of positive set Psy (4, 5) and the inactivated
x;; as the set of negative set Ny (3, 7).
Based on these analyses, the prototype-to-sample contrastive loss
is designed as:

> exp(c; - xij(p)/T)

Tij EPsp(4,7)
£P2S _ Z 10g 3(p) X:P
jec

6)
exp(c; - ij /T)
Tij epsp<7;1j)UNsp(7:’j)

3.6 Classification and Optimizing

With the label-level visual representations Q°“* obtained by SARL,
we treat each Q°" prediction as a binary classification task and de-
sign a group of binary classifiers, consisting of a linear transforma-
tion layer with sum operation and a nonlinear activation function:

si=o0 (sum (WlT oyt 4 bl)) , @)

where W/ € R? is a learnable weight for category I, b; € R is a
bias, o is sigmoid activation, and s; denotes the prediction score.

Following conventional multi-label image classification works, we
adopt BCE loss as the classification loss:

L
Lpce = Zyij log sij + (1 — yi;)log(1 — sij) , (®)

=1

where s;; is the score for predicting x;;, and y;; is the correspond-
ing ground-truth label. As a final step, classification loss, sample-to-
sample contrastive loss and prototype-to-sample contrastive learning
jointly optimize our model:

L = Ls2s + Lpas + LBCE - O]

4 Experiments
4.1 Experimental Setup

Datasets. To evaluate the proposed method, we used the five most
popular benchmark datasets: MS-COCO [19], NUS-WIDE [7], Vi-
sual Genome [15], PASCAL VOC 2007 [9], and PASCAL VOC
2012 [9]. All data collections are natural image collections contain-
ing categories commonly found in natural scenes. The details of each
dataset are shown in Table 2.
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All Top 3

Methods (Rirain; Biest) | mAP | op .o cpl Op OR OFI | CP CR CFl b OP OR OFI
CNN-RNN [25] — o) 612 | - - - - - T [ 660 556 604 692 664 678
RNN-Att [26] (-, ) ; - ; ; - - - | 791 587 674 840 630 720
ResNet101*[12] (448, 448) 815 | 821 712 760 846 754 797 | 859 629 716 896 66.1 76.1
MLGCN [5] (448, 448) 83.0 | 851 720 780 858 754 803 | 892 641 746 90.5 665 767
MS-CMA [34] (448, 448) 838 | 829 744 784 844 779 810 | 882 650 749 902 674 771
P-GCN [6] (448, 448) 832 | 849 727 783 850 764 805 | 892 643 748 90.0 668 767
GM-MLIC [29] (448, 448) 843 | 873 708 783 886 748 80.6 | 90.6 673 749 940 69.8 77.8
MCAR [10] (448, 448) 838 | 850 721 780 880 739 803 | 881 655 751 910 663 767
TDRG [35] (448, 448) 846 | 860 731 790 866 764 812 | 899 644 750 912 670 772
CCD-R101 [20] (448, 448) 840 | 872 709 773 888 746 811 | 897 639 729 920 665 772
MulCon [8] (448, 448) 849 | 840 748 792 856 780 816 | 87.8 659 753 90.5 679 776
Query2Label [21] (448, 448) 849 | 848 745 793 866 769 815 | 780 69.1 733 807 708 754

CPSD [30] (448, 448) 849 | 884 717 792 893 748 814 | - - - - - -
Ours(SADCL) (448, 448) 856 | 846 760 798 860 785 821 | 889 666 749 910 683 780
ADDGCN [33] (448, 576) 852 | 847 759 80.1 849 794 820 | 888 662 758 903 685 779
SSGRL [2] (576, 576) 838 | 899 685 768 913 708 797 | 91.9 625 727 938 641 762
AdaHGNN [28] (576, 576) 850 | - - 799 - - 818 | - - 755 - - 776
C-Tran [16] (576, 576) 85.1 | 863 743 799 877 765 817 | 90.1 657 760 921 714 77.6
TDRG [35] (576, 576) 86.0 | 870 747 804 875 779 824 | 907 656 762 919 680 78.1
CCD-R101 [20] (576, 576) 853 | 883 73.1 802 888 763 821 | 91.0 652 760 923 673 779
Ours(SADCL) (448, 576) 868 | 864 770 81.1 877 791 832 | 900 674 757 920 687 787

Table 1: Comparisons with state-of-the-art methods on the MS-COCO dataset. * indicates the reproduced results of our implementation. All

metrics are in %.

Evaluation Metrics. To evaluate our method, we adopt the av-
erage precision (AP) per category and mean of average precision
(mAP) across all categories for evaluation. As the three datasets (MS-
COCO, NUS-WIDE, Visual Genome) contain so many categories, it
is impossible to present the AP of each category, so in addition to
mAP, we also show the following evaluation metrics: overall preci-
sion (OP), recall (OR), F1-measure (OF1) and per-category precision
(CP), recall (CR), and F1-measure (CF1), computed over all predic-
tion scores and top-3 highest prediction scores. All metrics are in %.

Implementation Details. For fair comparisons, ResNet-101 [12]

pre-trained on ImageNet-1k is adopted as our backbone. To accel-
erate model convergence, we use AdamW as the optimizer, and
OneCycleLR is used as the learning rate scheduler, with the max-
imum learning rate being 5e—5 under a batch size of 64. For data
augmentation and regularization, we employ the tricks suggested in
[21]: RandAugment, Cutout with a factor of 0.5, weight decay of
5e—3. Our method can converge fast, which achieves optimal results
in less than 20 epochs.

4.2  Comparison with State-of-The-Art Methods

Results on MS-COCO. MS-COCO is the most widely used large-
scale dataset with challenges for multi-label image classification. It
has the following characteristics: common categories, various object
scales, and imbalanced classes. As shown in Table 1, compared with
state-of-the-art methods, our method substantially outperforms other
methods in all evaluation metrics, especially on mAP, CF1, and OF1.
Most methods use 448x448 image resolution as input during the
training and testing stage, but some works change the input image
resolution to 576x576. To provide a fair comparison, we report the
results only after modifying the input resolution to 576 X576 during
the testing phase.

Dataset #Train #Test ~ #Category  #Label Cardinality
MS-COCO 82783 40504 80 2.9
NUS-WIDE | 125449 83898 81 2.4
VOC2007 5011 4952 20 1.5
VOC2012 11540 10991 20 14
VG500 82904 10000 500 13.6

Table 2: Statistics for the popular multi-label image classification
dataset, including image numbers, category numbers, and label car-
dinality. Note that Visual Genome is referred to as VG500, PASCAL
VOC 2007 is called VOC2007, and PASCAL VOC 2012 is named
VOC2012.

Results on PASCAL VOC 2007 and 2012. PASCAL VOC 2007
and 2012 are used as datasets for object detection and segmentation
and evaluated for the MLIC task. Since these two datasets cover 20
common categories, we report AP per category in addition to mAP.
As shown in Table 3, in terms of mAP, our proposed method achieves
96.4%, outperforming other methods with a larger margin. In ad-
dtion, the increase in the number of images trained by VOC2012
futher influences the results. As shown in Table 4, our method outper-
forms existing methods on VOC2012 with a larger margin. Note that
our method also outperforms other methods in small object recogni-
tion, e.g. bird, cat, and plant.

Results on NUS-WIDE. NUS-WIDE is a web image dataset, with
all images coming from Flickr. The experimental results is reported
in Table 5. Compared with the existing state-of-the-art methods, our
method achieves significant performance on five evaluation metrics
with 65.9% mAP, 63.0% CF1(All), 75.0% OF1(All), 57.8% CF1
(Top 3), and 70.6% OF1 (Top 3). NUS-WIDE’s image quality (reso-
lution) is lower than MS-COCQ’s, so the recognition performance on
NUS-WIDE of all methods has yet to reach the level of MS-COCO.

Results on Visual Genome. Visual Genome is a dataset recently
used to evaluate multi-label image classification. Following SS-
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Methods [ aero [ bike [ bird | boat [ bottle | bus [ car | cat [chair [ cow [ table [ dog [ horse | motor [ person [ plant | sheep [ sofa [ train| tv_ [[ mAP
CNN-RNN [25] | 96.7 | 83.1[94.2|92.8| 61.2 [82.189.1|94.2| 64.2 [83.6|70.0 [92.4|91.7 | 84.2 | 93.7 | 59.8 | 93.2 |75.3|99.7 |78.6 || 84.0
ResNet-101* [12] | 99.0 [98.497.5]96.0| 81.4 |97.3|97.3|97.1|79.6 |96.0| 83.1 |97.5| 98.5 | 95.8 98.8 | 859 | 97.2 | 84.6]98.8]|92.0|| 93.8
RNN-Att [26] 98.6 [97.4196.3[96.2| 752 |924|96.5|97.1|76.5(92.0| 87.7 |96.8| 97.5 | 93.8 98.5 | 81.6 | 93.7 |82.8|98.6(89.3|| 91.9
SSGRL* [2] 99.5 [97.1197.6|97.8| 82.6 |94.8|96.7|98.1| 78.0 |197.0|85.6 |97.8| 98.3 | 96.4 | 98.1 |84.9 | 96.5 |79.898.4]92.8|| 934
ML-GCN [5] 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]198.9|93.7| 94.0
P-GCN [6] 99.6 |98.6198.4(98.7| 81.5 |94.8|97.6|98.2| 83.1 |96.0| 87.1 |98.3| 98.5 | 96.3 99.1 | 87.3 | 95.5 |854]98.9|93.6| 94.3
ADDGCN* [33] | 99.8 {99.0(98.4(99.0| 86.7 [98.198.5]98.3| 85.8 |98.3|88.9 [98.8]99.0 | 974 | 99.2 |88.3 | 98.7 |{90.7]99.5(97.0 || 96.0
KGGR* [1] 99.3 [98.6/97.9|98.4| 86.2 |97.0]|98.0|99.2| 82.6 |98.3|87.5(|99.0| 989 | 974 | 99.1 | 86.9 | 98.2 |84.1[99.0]/95.0|| 95.0
DSDL [36] 99.8 [98.7198.4(197.9| 819 |954|97.6|98.3| 83.3|95.0| 88.6 |98.0| 97.9 | 95.8 99.0 | 86.6 | 959 |86.4]98.6|94.4| 944
GM-MLIC [29] | 99.4 | 98.7|98.5]97.6| 86.3 |97.198.0[99.4| 82.5(98.1|87.7[99.2| 989 | 97.5 99.3 | 87.0 | 98.3 |86.5]99.1|94.9|| 94.7
TDRG [35] 99.9 [98.9198.4(98.7| 819 |95.8|97.8|98.0| 85.2 |95.6| 89.5 |98.8| 98.6 | 97.1 99.1 | 86.2 | 97.7 |87.2]99.195.3]| 95.0
MulCon* [8] 99.8 [98.3199.3]98.6| 83.3 |98.4|98.0|98.3| 85.898.3]90.5|99.3|989 | 96.6 | 98.8 | 86.3 | 99.8 |87.3]99.8|96.1|| 95.6
CPCL [30] 99.6 [98.6/98.5(98.8| 81.9 |95.1]|97.8198.2|83.0|95.5|855(|984| 985 | 97.0 | 99.0 | 86.6 | 97.0 |{84.9[99.1|94.3| 944
SST [3] 99.8 [98.6198.9(85.5| 94.7 |97.9|98.6|83.0| 96.8 | 85.7| 98.8 | 98.8 | 98.9 | 95.7 99.1 | 854 | 96.2 |84.3]199.1|95.0|| 94.5
Ours(SADCL)* | 100.099.0/99.5/99.1 | 88.9 [98.8(98.7(99.6| 84.2 [98.4]90.1 {99.4] 99.6 | 99.0 | 99.3 [ 90.2 | 99.6 |88.9|99.8 953 ]| 96.4

Table 3: Comparisons with state-of-the-art methods on the VOC 2007 dataset. * indicates the reproduced results of our implementation, and x
indicates the model pre-trained on COCO. All of the inputs are 448 x 448 resolution except SSGRL(576), ADDGCN(512) and KGGR(576).

Methods [ aero [ bike [ bird | boat [ bottle [ bus | car | cat [ chair | cow [ table [ dog [ horse [ motor [ person [ plant [ sheep [ sofa [ train | tv [[ mAP
VeryDeep [23] |99.1 | 88.7(95.7(93.9| 73.1 |92.1|84.8|97.7| 79.1 | 90.7| 83.2 |97.3| 96.2 | 94.3 96.9 | 63.4| 932 |74.6|97.3|87.9]| 89.0
Fev+Lv [31] 98.4192.8193.4(190.7| 74.9 {93.2190.2|96.1| 78.2 |89.8 | 80.6 |95.7| 96.1 | 95.3 97.5 | 73.1 | 91.2 |754|97.0|88.2|| 89.4
HCP [27] 99.1192.8197.4194.4| 79.9 |93.6|89.8|98.2| 78.2|1949|79.8 |97.8| 97.0 | 93.8 96.4 | 743 | 94.7 |71.9]96.7 | 88.6 || 90.5
MCAR [10] 99.6 |97.198.3]196.6| 87.0 |95.5|94.4]98.8| 87.0 969 | 85.098.7| 98.3 | 97.3 | 99.0 | 83.8 | 96.8 |83.7]98.3[93.5]| 94.3
SSGRL* [2] 99.7 196.1 |97.7]196.5| 86.9 [95.8/95.0[98.9| 88.397.6|87.4[99.1|99.2 | 97.3 | 99.0 | 84.8 | 98.3 |85.8[99.2 94.1|| 94.8
ADDGCN* [33] |99.8 [97.198.6|96.8| 89.4 |97.196.5|99.3|89.0{97.7|87.5(99.2| 99.1 | 97.7 99.1 | 86.3 | 98.8 |87.0]99.3]954]| 95.5
KGGR* [1] 99.8197.3]198.4(97.1| 87.9 |{97.3]196.5|99.3| 89.4 |97.8| 887|994 99.4 | 97.9 99.2 | 86.3 | 98.8 |86.3]99.7]95.21| 95.6
DSDL [36] 99.41953(97.6(95.7| 83.5 {94.8193.9|98.5| 85.7 |94.5|83.8 984 | 97.7 | 95.9 98.5 | 80.6 | 95.7 |82.3]98.2]93.2|| 93.2
CCD-R101* [20] [99.8 {98.298.3|98.0| 88.6 [97.4(96.9|99.1|90.8 [98.9]90.2 [99.2] 99.6 | 984 | 99.0 | 87.7 | 98.4 | 88.899.7 | 96.4 || 96.1
Ours(SADCL)* [99.9{98.7(99.0|98.7| 91.2 [97.8(97.4|99.6| 923 {98.9]90.3 [99.7] 99.7 | 984 | 99.4 |89.8| 99.1 {90.9|99.7|97.2 | 96.9

Table 4: Comparisons with state-of-the-art methods on the VOC 2012 dataset. x indicates the model pre-trained on COCO. All of the inputs
are 448 x 448 resolution except SSGRL(576), ADDGCN(512) and KGGR(576).

All Top 3

Methods mAP | 1 OF1 | CFI  OFI
CNN-RNN [25] : - T 347 552
ResNetl0O1* [12] | 625 | 592 738 | 546 69.4
CADM [4] 628 | 607 741 | 563 706
ADDGCN* [33] | 633 | 603 735 | 565 693
P-GCN [6] 628 | 604 734 | 570 69.1
TDRG* [35] 635 | 600 738 | 561 695
SST [3] 635 | 596 732 | 559 688

MulCon [8] 639 | 618 748 | - i
CCD-R101* [20] | 642 | 61.8 746 | 567 70.0
Ours(SADCL) | 65.9 | 63.0 75.0 | 57.8 70.6

Table 5: Comparisons with state-of-the-art methods on the NUS-
WIDE dataset. * indicates the reproduced results of our implementa-
tion. The input images are resized to 448 X448 resolution in both the
training and testing phases.

GRL [2] setting, we select the 500 most frequently occurring cat-
egories to build a new dataset called VG500. Compared to other
related datasets, this one presents more challenges due to the large
number of categories. In addition to the existing reports, ADDGCN
and TDRG are reported using the corresponding official codes.
As can be seen from Table 6, we present five important evalua-
tion metrics, including mAP, CF1(All), OP1(All), CF1(Top3), and
OP1(Top3). Except for CF1(Top3), our method outperforms other
state-of-the-art methods, especially in mAP, obtaining 40.5%.

4.3 Ablation Study

In this section, we evaluate the effectiveness of each component of
our proposed framework by performing an ablation study on MS-
COCO and NUS-WIDE datasets in Table 7. The results show that, on

. All Top 3

Methods Resolution | mAP CFI OFl | CF1 OF1
ResNet101* 448 x 448 353 | 293 470 | 160 278
ML-GCN 448 x 448 326 | 275 428 | 168 27.1
ADDGCN* 448 x448 373 | 332 478 | 19.8 284

SSGRL 576x576 36.6 - - - -
ADDGCN* 576x576 382 | 335 478 | 199 284
KGGR 576x576 374 | 325 472 | 194 28.1
TDRG* 576x576 377 | 309 48.0 | 17.5 285
C-Tran 576x576 384 | 352 495 | 201 287

MulCon 576x576 385 - - - -

Query2Label 576x576 39.5 - - - -
Ours(SADCL) 576x576 40.5 | 41.0 54.0 | 17.1 29.2

Table 6: Comparisons with state-of-the-art methods on the VG500
dataset. * indicates the reproduced results of our implementation.

both datasets, employing only SARL significantly improves perfor-
mance compared to the baseline. This improvement is from 81.5%
mAP to 85.0% mAP and from 62.5% mAP to 65.3.0% mAP, re-
spectively. This demonstrates that SARL can learn category-related
representations by focusing on category-related semantic regions.
We observe that SARL* drops 0.3% mAP on both datasets com-
pared to SARL, which is attributed to the Transformer-Encoder to
model long-range dependencies from multiple objects and scene.
The collaborative learning of SARL and SSCL improves by 0.4%
mAP on MS-COCO and 0.3% mAP on NUS-WIDE compared to
SARL, demonstrating that SSCL can learn a better representation
of potential features. Combining the SARL and PSCL components,
85.4% mAP and 65.7% mAP were obtained on MS-COCO and
NUS-WIDE. This indicates that PSCL can narrow the distance be-
tween positive label-level visual representations samples (y;; = 1)
and category prototypes and increase the distance between negative
class samples (y;; = 0) and category prototypes. In the end, when
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all components are used, the performance of our model is further input image Baseline ADDGCN SADCL(Ours)

improved, reaching 85.6% mAP and 65.9% mAP.
sports
ba
Module MS-COCO NUS-WIDE ! E

Baseline SARL* SARL SSCL PSCL|mAP OF1 CF1|mAP OF1 CFl

81.5 79.7 76.0| 62.5 73.8 59.2
v 84.7 81.5 78.7]65.0 742 61.0
85.0 81.7 79.3| 653 74.8 61.7
v 854 81.7 79.6|65.7 749 62.7

v 1854 821 79.8]656 750 62.4
v v v 856 821 79.8|659 75.0 63.0

ANENENENENEN
ANENEN

Table 7: Ablation study of different components in MS-COCO and
NUS-WIDE Datasets. Baseline mean ResNet101 network with av-
erage pooling and fc layer. Noteworthy, when Baseline is combined
with additional components, the pool and fc layers in Baseline will
be removed. SARL* denotes SARL after removing Transformer-
encoder. All metrics reflect all predicted scores instead of taking the
top-3 highest prediction scores.

Figure 5: Visualization analysis of baseline method, ADDGCN
method, and our method SADCL.

] o .without dual contrastive learning
4.4 Visualization Study .

In order to further explore category prototypes, we use t-SNE [24]
to visualize them as illustrated in Figure 4. It is clear to show that
our category prototypes contain meaningful semantic information.
Specifically, the distance between different categories is as large
as possible, and paired categories with high co-occurrence have a
smaller distance than paired classes with low co-occurrence. There- ‘
fore, the correlation between the labels is well modeled by our "t . w b e
method, and the category prototypes are discriminative.

To evaluate the performance of our proposed model for localizing - - -
discriminative object regions, we visualize category-related attention l with dual contrastive learning
maps for SARL modules and category-related activation maps for
baseline and ADDGCN. The results from Figure 5 show that the ~ T .
baseline method and the ADDGCN method localize ambiguously *
and easily generate noise. In contrast, our method identifies the most - + -y
discriminative part of the related object. As shown in the 3th row a
of Figure 5, from the spoon category, we can observe: i) the baseline ®
method fails to localize related regions, ii) the ADDGCN method can < - %
focus on spoon while generates a lot of noise, and iii) our method can ~
accurately localize discriminative regions for spoon. -

In order to evaluate the quality of the learned representations, we
show the t-SNE visualization of 2000 activated label-level visual rep- e Tasaton oor  aneal accereoy s Kmen o fimre  elecaonic appince  inor
resentations (y;; = 1). In a total of 12 superclasses, the samples of
most classes are discretely scattered in the original space. As shown

Figure 6: Visualization of the 2000 learned label-level visual repre-
sentations randomly sampled images of the MS-COCO test dataset.

baseball iove . . . . L. .
shidswboard in Figure 6, each class representation is clustered in its own relativel
teSRVta bt . ) . . .
wkateboard independent region after using our dual contrastive learning strategy.
. train
frisbe
dog Usbee  pggson nwtorcychﬂ“(r#fﬁc light
. bicycle  fffick
t kY . i hy .
K 1y bear g umbrella P EDAR 5 Conclusion
laptop g_%lncolkﬁo lph(gggpgﬁﬁ Kite ajgplane ateep . . .
"Wm’eg KAE cgssms S8t oard o In this paper, we propose a novel semantic-aware dual contrastive
elephant . . . . .
thbrush toggecrier bird zebra learning model with semantic-aware representation learning, sample-
ﬁb brus|
il o glass . . . .
tailet gink mﬁlgerauf ‘@ v?; e bear  giraffe to-sample contrastive learning, and prototype-to-sample contrastive
! by . . . .
ovienowave M@ swudwlﬂ“d;‘g “@lgpana learning. By intervening in SARL, our proposed method focuses on
byfm‘l’l‘ local regions of related categories and learns label-level visual repre-
pizza . . .
% sentations. The collaborative learning of SSCL and PSCL can model
* + o ° x ° s " complex intra-category and inter-category relationships so that the
person Transportation outdoor animal  accessory  sports kitchen food fumniture  electronic  appliance  indoor . . ..
label-level feature representation with positive labels can be close

Figure 4: Visualization of the learned category prototypes on the MS-
COCO dataset. Different colors and shapes mean different super-
classes.

to the category prototype. Experiments on five popular benchmarks
demonstrate the effectiveness and state-of-the-art performance of our
method.
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