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Abstract: Multi-label image recognition aims to predict a set of semantic labels for an image and has wide applications
in other fields. Existing methods have two main problems: the attention regions generated by attention-based methods
are insufficiently correlated with label semantics; methods based on label correlation modeling lack dynamic interaction
with visual image content, making it difficult to achieve precise alignment between label semantics and image regions.
To address these issues, this paper proposes a novel multi-label image recognition algorithm. First, we construct a label
graph and leverage a graph convolutional network to learn label semantic priors, modeling the dependencies among
labels. Second, we design a semantic decoupling module that adaptively focuses on relevant image regions under the
guidance of label semantics to generate label semantic representations. Finally, we introduce a semantic association
reasoning module that employs a multi-head self-attention mechanism to dynamically capture semantic correlations
among labels, thereby enhancing the discriminative ability of features. Experimental results on the PASCAL VOC 2007
dataset show that our method achieves 95.0% mAP, surpassing existing state-of-the-art methods and improving by 1.6
percentage points over the baseline SSGRL. Ablation studies further validate the effectiveness of each module.
Keywords: Multi-label image recognition; Graph convolutional network; Semantic decoupling; Multi-head self-
attention; Label correlation

1 INTRODUCTION

Multi-label image recognition aims to achieve a comprehensive understanding of image content by predicting a set of
semantic labels for each image. It is widely applicable in autonomous driving, image retrieval, and other fields.The
relationships between the labels are very complex, and the combination of labels and image regions is diverse, which
still poses significant challenges. Multi-label image classification has great research significance.
To exploit spatial information in images for enhancing fine-grained object recognition, most existing methods based on
object feature extraction [1-5] focus on localizing object regions (e.g., candidate regions, random regions, and image
patches) to cover all potential target objects. These methods rely on pre-trained detectors and are difficult to train end-to
-end. Attention mechanisms [6-9] guide the model to automatically focus on regions of interest in images and are
widely used in multi-label image recognition. However, the attention regions generated by such methods often lack
sufficient semantic correlation with the corresponding labels. Label correlations provide important inference evidence
for multi-label recognition. Methods based on label correlation modeling typically analyze inter-label relationships from
perspectives such as label co-occurrence frequencies. These approaches [10-13] focus on modeling relationships within
the label space but lack dynamic interaction with visual image content, making it difficult to achieve precise alignment
between label semantics and image regions.
To fully model correlations among labels, dynamically perceive dis-criminative regions in images, and achieve
interaction between label semantics and image semantics, this paper proposes a novel multi-label image recognition
algorithm (DLSA). Its main innovations are as follows:
(1)A label correlation matrix is constructed based on label co-occurrence relationships, and a graph convolutional
network is used to learn label semantic priors, obtaining label embedding vectors with label dependencies.
(2)A semantic decoupling module enables cross-modal interaction between label semantics and image semantics.
Guided by label semantics, the model adaptively focuses on image regions relevant to each label, and uses spatial
location information to generate semantic representations for the corresponding labels.
(3)A semantic association reasoning module dynamically captures semantic correlations among labels and iteratively
updates the label semantic representations, pushing features of correlated labels closer and separating features of
uncorrelated labels, thereby enhancing the representational power and discriminative ability of the features.
Experimental results on the PASCAL VOC 2007 dataset validate the effectiveness of the proposed method, and ablation
studies further demonstrate the necessity of each module.

2 RELATED WORK

Visual Encoder. Most existing methods employ a unified set of visual features extracted by a CNN or Transformer as
the global image representation for all labels. However, since each label typically corresponds to only a small portion of
the image, directly using such global features may lead to sub-optimal performance. To address this issue, some
approaches [1-2] employ target localization techniques to identify multiple object regions. For instance, Xu et al. [1]
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utilize a pre-trained Mask R-CNN as a fixed feature extractor to obtain object-level features, which serve as nodes in a
spatial graph. By decoupling detection from classification and separating feature extraction from spatial relationship
learning, their method models object spatial relationships while preserving the benefits of pre-trained detection. These
approaches can guide the model to focus on semantic regions and suppress background interference, yet they rely on pre
-trained detectors and are difficult to train in an end-to-end manner. Other methods [3-9] leverage attention mechanisms
to direct the model’s focus toward multiple image regions. For example, Chen et al. employ a sliding pooling window
to locate the maximum responses in category-specific heatmaps and extract quarter-size candidate regions [5]. Zhou et
al. establish connections among all spatial positions via self-attention, enabling precise perception of object locations
and feature focusing [9]. Nevertheless, the attention regions generated by these methods often exhibit insufficient
semantic correlation with the corresponding labels and relatively coarse localization accuracy.
Label Correlation. Label correlation provides important cues for inferring label sets. Chen et al. employ low‑rank
bilinear pooling to compute the correlation strength between category semantic vectors and image features [10],
generating category‑specific attention maps, and then use graph convolutional networks to structurally model and
propagate statistical label co‑occurrence relationships.Wang et al. adopt block Krylov subspace spectral graph
convolution to avoid over‑smoothing [11], explore multi‑scale label relationships, and design an adaptive module that
dynamically constructs a label relationship graph based on image content. Yuan et al. build a label relationship graph
using cosine similarity between pre‑trained word embeddings [12]. However, these methods focus on modeling label
correlations but lack dynamic interaction with the visual content of the input image.

3 PROPOSED METHOD

The overall structure of the model is shown in Figure 1. The following subsections will introduce each component of
the model in detail.

Figure 1 The Overall Architecture of the Proposed Model DLSA

3.1 Image Feature Extraction Module

The image is fed into a convolutional neural network to extract global features for image feature representation. Given
an image, the output of the last convolutional layer of ResNet101 is the encoded image feature map Fx,i∈RD×H×W ,
where D, W, and H denote the number of channels, height, and width of the feature map, respectively.

3.2 Label Semantic Prior Learning (LSPL) Module

A graph structure G=(E,M) is employed to model label co-occurrence relationships. The nodes are initialized with
GloVe pre-trained word embeddings E∈RC×K(where C is the number of labels and K is the dimension of the word
embeddings). The adjacency matrix M is derived from data-set statistics, where the conditional probability of label j co-
occurring given label i is defined as:

Pi,j=P(j|i)=Oij/Oi (1)
Subsequently, a two-layer graph convolutional network is used for label relationship reasoning. Each node aggregates
feature information from its neighboring nodes according to the weights defined by the connecting edges. The
computation at each layer is:

El+1=fg(El,M� )=σ(M�ElWl) (2)
where,M� is the normalized adjacency matrix, and Wl denotes learnable weights. The output dimensions of the two
layers are E1∈RC×d1and E2∈RC×d2, respectively.

3.3 Semantic Decoupling (SD) Module

To adaptively learn label semantic representations from the input feature map Fx,i , the image features are first aligned
with the label representation E2, and then C class- specific attention maps are generated via Sigmoid normalization. The
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attention maps are denoted as M=[m1,...,mc,...,mC]. These attention maps guide the model to focus on the spatial regions
associated with each label, based on which the feature representation for each label node is aggregated as follows:

vc=(mcT)Fx,i= h=1
H

w=1
W (mhw

c )Fx,hw�� (3)
Where, vc corresponds to the semantic representation of the c-th label. Repeating this process for all labels yields a
complete set of label- related feature vector encodings V=[v1,…,vc,…vC]∈RC×D , where each vector corresponds to a
specific label meaning and the labels are partially correlated.

3.4 Semantic Association Reasoning (SAR) Module

To further capture the correlations among label semantic representations, a multi‑head self‑attention layer is employed
to analyze the dependencies between label semantic representations.
For each attention head h, the correlation weight between label semantic features vn and vo is computed as,

αn,o
(h)=

exp(⟨ Wqhvn,Wk
hvo⟩ )

exp� (⟨ Wqhvn,Wk
hvo⟩ )

(4)

where Wq and Wk denotes learnable weights. Then, under the h-th attention head, the label semantic representation is
updated by aggregating all relevant features guided by the correlation coefficients α,

v�nh= n=1
C αn,o

(h) (Wv
hvn)� (5)

The outputs from multiple heads are concatenated, and a standard residual connection is applied to obtain the updated
label semantic representation,

v�n =v�n1||...||v�nh||...||v�nH+vn (6)
where H is the total number of attention heads and || denotes the concatenation operation. The resulting representation is
then passed through two fully connected layers (with ReLU) to produce a high- order semantic representation. Finally,
the high- order label semantic representation vector v�n is processed through mean computation and a fully connected
classification layer to generate the label score vector corresponding to the image xi,

Y=[yi1,...,yic,...,yiC] (7)
To enforce that the learned labels approximate the ground‑truth labels, the classical binary cross‑entropy (BCE) loss is
adopted:

L= i=1
N

c=1
C (y�ic log yic +((1−y�ic) log ( 1−yic)))�� (8)

where Y� i=[y�i1,…,y�ic,…,y�iC] denotes the ground- truth label vector for image xi.

4 Experiments and Results

4.1 Datasets and Experimental Setup

The proposed method DLSA is evaluated on the widely used Pascal VOC 2007 dataset. This dataset contains 9,963
images across 20 categories, with 5,011 images for training and 4,952 for testing.
All experiments are implemented using Python 3.10 and PyTorch 2.1.0. ResNet101 is adopted as the backbone network.
The dimension D of the extracted image feature map is 2,048, and the dimension K of the GloVe word embeddings is
set to 300. The output dimensions after graph convolution, d1 and d2 , are set to 1,024 and 2,048, respectively. The
number of attention heads H in the semantic association reasoning module is set to 4. The model is trained using the
Adam optimizer with a batch size of 20, momentum parameters of 0.999 and 0.9, and an initial learning rate of 1×10−5.
The learning rate is reduced by a factor of 10 when the validation error plateaus.

4.2 Performance Comparison and Analysis

Following existing work, average precision (AP) and mean average precision (mAP) are used as evaluation metrics on
the Pascal VOC 2007 dataset, with mAP serving as the primary performance indicator. Our DLSA model is compared
with several state- of- the- art methods, and the results are presented in Table 1.
The experimental results demonstrate that the proposed method achieves the mAP of 95.0%, outperforming all
compared methods and attaining the best performance. Compared with the baseline method SSGRL (93.4% mAP), the
proposed method improves accuracy in nearly all categories, yielding an increase of 1.6 percentage points in mAP.
These results fully validate the effectiveness of the proposed model.

Table 1 Comparison with Various Recognition Algorithms on VOC 2007 Dataset

labels
AP

ResNet-101 SSGRL[10] AMS-GCN[11] TSGCN[1] DATran[9] MSFA[5] Ours

aero 99.5 99.5 99.7 98.9 99.9 99.8 99.8
bike 97.7 97.1 97.6 98.5 98.7 98.6 98.4
bird 97.8 97.6 97.6 96.8 98.6 98.2 98.6
boat 96.4 97.8 98.1 97.3 98.4 99.1 98.3
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bottle 65.7 82.6 79.6 87.5 82.6 84.1 85.2
bus 91.8 94.8 95.4 94.2 96.0 95.5 96.9
car 96.1 96.7 97.3 97.4 97.7 98.0 98.4
cat 97.6 98.1 97.9 97.7 98.6 98.4 98.4
chair 74.2 78.0 81.1 84.1 85.0 84.3 83.9
cow 80.9 97.0 96.0 92.6 96.2 98.4 95.3
table 85.0 85.6 85.4 89.3 84.7 88.3 88.5
dog 98.4 97.8 97.8 98.4 98.5 98.4 98.7
horse 96.5 98.3 98.5 98 98.2 98.6 98.8
motor 95.9 96.4 96.7 96.1 96.9 97.3 96.1
person 98.4 98.8 99.0 98.7 98.8 99.0 99.3
plant 70.1 84.9 84.8 84.9 85.0 86.7 86.6
sheep 88.3 96.5 96.4 96.6 97.9 98.3 96.8
sofa 80.2 79.8 83.7 87.2 86.7 88.5 87.7
train 98.9 98.4 98.6 98.4 99.2 99.8 99.2
tv 89.2 92.8 94.7 93.7 95.2 95.2 94.9

mAP 89.0 93.4 93.8 94.3 94.6 94.9 95.0
Note: Bold indicates the best result, and underline indicates the second-best result.

4.3 Ablation Study

To validate the effectiveness of each component in the proposed model, a series of ablation experiments are conducted
on the VOC 2007 dataset. The results are shown in Table 2. By comparing the first and second rows of the table, it can
be observed that after introducing the label semantic prior learning module (graph convolution), the mAP increases
from 93.4% to 94.0%, indicating that this module can effectively model the dependencies among labels. Comparing the
first and third rows, the semantic decoupling module alone also achieves a mAP of 94.0%, demonstrating its ability to
aggregate label-related image region features. Further comparing the second and third rows with the fourth row, when
both the label semantic prior learning module and the semantic decoupling module are used together, the mAP
improves to 94.6%, suggesting that they have a synergistic effect and can capture richer label semantic information.
Finally, comparing the fourth and fifth rows, after adding the semantic association reasoning module, the mAP reaches
95.0%, which is an improvement of 0.4 percentage points over using only the first two modules. This verifies the
effectiveness of this module in modeling dynamic correlations among labels.

Table 2 Comparison of Module Ablation Experiments

LSPL Module SD Module SAR Module mAP

93.4
√ 94.0

√ 94.0
√ √ 94.6
√ √ √ 95.0

5 CONCLUSION

This paper addresses the problems of inaccurate alignment between label semantics and image regions, as well as the
lack of dynamic interaction in label correlation modeling for multi-label image recognition. To this end, a multi-label
image recognition algorithm oriented to label-image semantic alignment is proposed. The algorithm learns label co-
occurrence relationships via a graph convolutional network and achieves dynamic interaction between label semantics
and image features using a semantic decoupling module along with an association reasoning module. Experimental
results on the VOC2007 dataset demonstrate that the proposed method achieves 95.0% mAP, verifying its effectiveness.
Ablation studies further confirm the synergistic enhancement of the three modules.
However, existing methods, including the one proposed in this paper, primarily focus on positive correlations among
labels, while the modeling of label irrelevance (e.g., mutual exclusion relationships) remains insufficient. Moreover,
large-scale pre-trained models have not been introduced. Future research will explore the incorporation of label
irrelevance constraints and leverage large-model techniques (e.g., CLIP) to further enhance the semantic understanding
and generalization capability of the model.
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