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Abstract

Multi-label image classification requires simultaneously recogniz-
ing multiple objects with complex interdependencies. While exist-
ing attention-based methods are prominent, their performance is
hampered by two forms of representation entanglement: 1) Spatial
entanglement, where contextual interference from backgrounds
and co-occurring objects confuses specific object representations; 2)
Semantic entanglement, where models overfit label co-occurrence
priors, thereby impairing a genuine semantic understanding of the
image. To address these challenges, we propose an Object-Purified
Representation Learning framework. Concretely, for spatial en-
tanglement, we propose the Spatial-wise Representation Purifica-
tion Module that employs Spatial-Purified Attention to eliminate
object-irrelevant feature activations for contextual interference re-
duction, combined with Spatial-Aware Supervision to enhance ob-
ject perception capability. For semantic entanglement, we develop
the Semantic-wise Association Purification Module that synergis-
tically integrates our proposed average message with the origi-
nal co-occurrence-based message. This design effectively models
co-occurrence relationships while preventing their overemphasis.
Furthermore, we design the Bidirectional Representation Refine-
ment Module to efficiently enhance representations, further boost-
ing classification performance. Extensive experiments on multiple
benchmark datasets with different configurations demonstrate that
our proposed method achieves state-of-the-art performance.
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1 Introduction

Multi-label image classification (MLC) [27, 52], a fundamental task
in computer vision, has garnered increasing attention due to its wide
applicability in real-world scenarios, e.g., image retrieval [60], image
captioning [18], and medical diagnosis [45]. However, compared
to the single-label setting, MLC faces greater challenges owing to
complex label relationships and diverse variations among objects.

In MLC, it is crucial to model the correlations between labels.
Early researchers employed sequence-based methods [1, 37, 40, 49]
to capture the label dependencies. Recently, graph-based meth-
ods [4, 19, 39] have become mainstream, typically incorporating
label relationships into the training process through graph struc-
tures. Additionally, the difficulty in recognizing diverse objects with
varying shapes and sizes is also a significant obstacle in MLC. Lever-
aging effective visual attention, prevailing methods [2, 26, 29, 50, 62]
focus on decoupling the original image features into specific label
representations for subsequent classification. To further improve
prediction accuracy, some methods [10, 57] design extra loss func-
tions or modules to enhance the representations.

Despite the acknowledged success of the aforementioned meth-
ods, they still have two major shortcomings: @ For existing at-
tention models, accurately perceiving objects within image space
is a critical challenge. Particularly, the pervasive presence of co-
occurring objects and background information in images inevitably
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Figure 1: This case illustrates a limitation from the spatial
perspective of image content, where acquiring dining table
representation is prone to interference from co-occurring ob-

jects (“person”, “dog”, “chair”) and background information.

introduces contextual interference, which can mislead the repre-
sentation of specific labels. ® Co-occurrence information of labels
establishes a valuable relational prior for MLC models, while re-
cent studies [47, 48] have indicated that models tend to overfit the
co-occurrence patterns in the training phase, which in turn impairs
their semantic understanding of images.

Regarding the first drawback, Fig. 1 presents an empirical exam-
ple. For smaller objects such as the dining table (occupying only
about 12.5% of image layout), the majority of the image is domi-
nated by co-occurring objects (“person”, “dog”, “chair”, about 57.7%)
and backgrounds (about 29.8%). Evidently, the aggregated atten-
tion scores assigned to these dining table-irrelevant regions are
non-negligible, substantially encroaching on the model’s focus on
the objects of genuine interest (the “dining table”), which leads to
entangled and inaccurate dining table-aware representations. To
mitigate this issue, we propose the Spatial-wise Representation
Purification Module (SRPM) from the spatial perspective of image
content, aiming to systematically eliminate object-irrelevant feature
activations during the representation learning phase. Specifically,
we propose Spatial-Purified Attention (SPA) that employs saliency-
driven spatial masking. The SPA suppresses contextual interference
by filtering out non-salient regions in attention maps, thereby re-
ducing the impact of co-occurring objects and background. Building
on this, we develop Spatial-Aware Supervision (SAS) to guide at-
tention maps to focus on salient regions while allowing the SPA
to retain more beneficial features, thereby accurately perceiving
objects in complex multi-label scenarios.

For the second challenge, graphs are widely used to model se-
mantic co-occurrence relationships among labels [11, 50, 56], where
the features of each node (label) interact via graph embedding tech-
niques such as Graph Convolutional Networks (GCNs) [19] on the
graph structure. However, excessive emphasis on co-occurrence
relationships can significantly amplify the influence of each node by
its co-occurring nodes, blurring the distinctiveness of label seman-
tic features, which in turn leads to a decline in image understand-
ing performance. Given this, we design a simple Semantic-wise
Association Purification Module (SAPM) to appropriately utilize co-
occurrence relationships while preventing the model from overem-
phasizing them. Specifically, we substitute partial layers of the
original GCNs with our Average Message Passing (AMP) layers,
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where all nodes are interconnected and each node updates its state
by considering the averaged influence from all other nodes. In con-
trast to the original layers that focus on learning co-occurrence
relationships, AMP prioritizes node-specific feature learning while
incorporating weak yet comprehensive influences from all other
nodes. By alternately propagating average and co-occurrence-based
messages, SAPM prevents overemphasis on co-occurrence patterns,
purifying representations from a semantic association perspective.
Notably, this approach adds neither complexity nor computational
cost to the original GCNs.

The above SRPM and SAPM purify complex image objects from
spatial and semantic perspectives, respectively, and synergistically
constitute the proposed Object-Purified Representation Learning
(OPRL) framework. In addition, to make representations more con-
ducive to classification, we design a Bidirectional Representation Re-
finement Module (BRRM) based on multilayer perceptrons (MLPs).
Conventional MLPs perform unidirectional modeling along the
representation dimension with category-specific weights and lack
cross-dimensional interaction [35], failing to capture shared pat-
terns across categorical boundaries, such as feature commonality
(e.g., attributes like texture or shape shared across labels) and im-
plicit hierarchy (e.g., cars and trucks as “vehicles”). Considering the
characteristics of the MLC tasks, our BRRM simultaneously facili-
tates learning in both the representation and category dimensions,
thereby building a better multi-label feature space.

In summary, extensive experiments on diverse benchmarks ver-
ify the effectiveness of the proposed OPRL framework, and the
main contributions of this work are summarized as follows:

e We propose a Spatial-wise Representation Purification Module,
where Spatial-Purified Attention filters out object-irrelevant feature
activations to reduce contextual interference, and Spatial-Aware
Supervision is designed to enhance object perception capability.

e We introduce the Semantic-wise Association Purification Mod-
ule, where our average message collaborates with the co-occurrence
message to avoid overemphasizing co-occurrence relationships, pu-
rifying representations from a semantic association perspective.

e We propose a Bidirectional Representation Refinement Module
to efficiently refine representations in both categorical and represen-
tational dimensions, further enhancing classification performance.

2 Related Work

Modeling Label Correlations. Real-world images often involve
multi-object scenarios, driving researchers to model label depen-
dencies. Early methods like Gong et al. [17] and Li et al. [22] em-
ployed pairwise ranking and tree-structured graphs to augment the
original labels, but suffered from inefficiency. To address this, RNN-
based methods [37, 40, 49] mapped labels and images into shared
embeddings with predefined prediction strategies. However, these
methods only captured local label interactions, neglecting global
dependencies. This limitation spurred GCN-based approaches: ML-
GCN [5] developed label-aware classifiers; ADDGCN [50] intro-
duced dynamic frameworks for content-aware representations;
AdaHGNN [41] utilized adaptive hypergraphs to capture high-order
semantics, eliminating manual graph construction. Although these
GCN-based methods have achieved good results, they are prone to
overfitting correlations, which is detrimental to MLC [47, 48].
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Figure 2: The overview of our framework. The Object-Purified Representation Learning comprises two key components:
the Spatial-wise Representation Purification Module and the Semantic-wise Association Purification Module, which purify
representations from spatial and semantic perspectives, respectively. Subsequently, the Bidirectional Representation Refinement
Module is employed to further enhance these representations. p s and p,ux are jointly utilized to supervise the model.

Modeling Spatial Dependencies. In multi-label images with
complex scenes and semantically diverse objects, modeling spatial
relationships between regions is critical. Wang et al. [40] proposed
a region-proposal-free framework using spatial transformers and
LSTMs to localize objects and predict labels. GM-MLIC [44] decom-
posed images via pretrained detectors, matching instances to labels
via spatial-semantic graphs, later extended by ML-SGM [42] with
semantic-guided activation for efficient instance extraction. Zhang
et al. [51] proposed a novel spatial context-aware mechanism that
leverages an adaptive patch expansion strategy to effectively cap-
ture objects and their surrounding spatial relationships. Although
effective, these methods heavily rely on bounding-box generation
and intricate architectures, limiting deployment flexibility.

Attention Models. Attention mechanism and transformer [36]
have gained significant traction in computer vision [34], prompt-
ing their adaptation to MLC tasks. Early approaches like ResNet-
SRN [58] proposed a spatial regularization network to generate
attention maps for all labels. Subsequent works improved param-
eter efficiency: SSGRL [2] and SALGL [63] adopted the linear at-
tention method with fewer parameters to learn specific label rep-
resentations, and TRM-ML [30] introduced text-region matching
for attention generation. Transformer architectures have proven
particularly effective for MLC due to their capacity to model long-
range dependencies. For example, Query2Label [26], LAGC [46],
SADCL [29], TSFormer [61], and ML-Decoder [32] employ label
embeddings as queries to identify and pool category-specific fea-
tures from visual feature maps, subsequently feeding these features
into binary classifiers for accurate classification. Although these
methods have achieved success, they still face limitations in ac-
curately localizing objects and typically overlook the interference
caused by co-occurring objects in representation learning.

3 Preliminaries

Motivations. Recent studies have leveraged attention models to
extract label-aware representations for training binary classifiers.
Contextual content and co-occurring objects inevitably introduce
interference to the specific label representations from both spa-
tial and semantic association perspectives, resulting in suboptimal
model performance. This work aims to mitigate these limitations

to obtain higher-quality label-aware representations, thereby im-
proving performance for MLC tasks.

Notations. In our work, we adopt the standard setting of MLC.
Let i € T denote an instance, and y € Y is its label, ¥ = {0,1}€.
C represents the total number of label categories. Considering a
specific instance i, y° = 1 indicates that the c-th label is associated
with the instance i and vice versa. Our goal is to train a model
f() : I — Y to predict the presence of each label and we denote
fc (i) as the predicted probability of the c-th label for the instance i.

Graph Convolutional Network. Graph Convolutional Net-
work [19] is tailored to handle graph-structured data, which can
be briefly denoted as: V= 0(AVW), where §, A and W represent
activation function, correlation matrix and linear layer respectively,
V and V are the input nodes and updated nodes.

Co-occurrence Relation Modeling. Label co-occurrence is
a statistical concept that builds the connection between labels in
the training set based on conditional probability. Through this
data-driven approach, prior knowledge is provided for MLC tasks.
It is generally recognized that higher co-occurrence represents a
more pronounced correlation among labels. Specifically, the co-
occurrence of label pairs is computed to yield matrix M € RE*C,
and the co-occurrence matrix can be denoted as: A; = M;/Nj,
where N; is the occurrence times of label i and A; denotes the i-th
row of the co-occurrence matrix. A; j indicates the probability that
the j-th label appears when the i-th label is present.

4 The Proposed Method
4.1 Overview

In this section, we first provide an overview of the proposed OPRL
framework, as illustrated in Fig. 2. First, SRPM extracts visual fea-
tures of the given image and eliminates feature activations in object-
irrelevant regions, purifying label-aware representations from a spa-
tial perspective. Then, SAPM is proposed to model co-occurrence
relationships while mitigating over-reliance on them, purifying
representations from a semantic association perspective. After that,
the representations are fed into BRRM to achieve effective enhance-
ment, rendering them more conducive to classification. Finally,
the classification prediction p|s and the auxiliary scores paux are
combined to jointly supervise model training.
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4.2 Visual Feature Extraction

Given an image i € R"*"*3  we employ a backbone network (e.g.,

ResNet [16], ViT [13]) to extract its visual features, as follows:

F = Encoder,(i) , (1)

where i indicates the input image and F € RP*HXW jg the extracted
visual features, also called the feature maps.

Due to the constraints of the receptive field size inherent in
convolutional operations, convolutional architectures struggle to
model global and long-range dependencies, leading to entangled
features [8, 13]. Given this, we employ a transformer encoder to
capture more comprehensive visual information, denoted as:

F = Encoder;(F) , (2)

where Encoder; denotes a simple transformer block and F repre-
sents improved visual features.

4.3 Object-Purified Representation Learning

4.3.1 Spatial-wise Representation Purification. In order to
suppress contextual interference from co-occurring objects and
backgrounds, we propose the Spatial-wise Representation Purifica-
tion Module, which primarily consists of Spatial-Purified Attention
and Spatial-Aware Supervision.

In comparison to conventional multi-label representation learn-
ing, our SPA filters out feature activations in non-salient spatial
regions, aiming to mitigate contextual interference from object-
irrelevant regions to label-aware representations. Furthermore, our
SAS is designed to enhance object perception capacity in complex
multi-label scenarios, ensuring more focused attention on relevant
objects and mitigating the risk of filtering out beneficial features.
The above process can be written as follows:

§ = Map(F) ©)

where Map denotes the attention generation and is implemented
through a convolution operation. § € RE*H*XW represents the
generated attention saliency map and C refers to the number of
categories. More concretely, S; = {sl?’j|i € [LH],j e [1,W]}is
the map corresponding to category ¢ and sE ] denotes the saliency
value at spatial location (i, j). Then we employ the SAS as follows:

©

where « denotes the activated attention map, TopK indicates the
selection of the K largest values across spatial locations, and Mean
signifies the process of averaging these values. payyx is an obtained
probability value that will subsequently serve as a supervision for
object perception. Specifically, if &€ at (i, j) exhibits a larger logistic
value, it indicates a higher probability that position (i, j) contains
features relevant to category c.

a = Sigmoid(S), paux = Mean(TopK(«)),

The visual information contained in F has already been partially
supervised by paux, in order to provide richer optimization infor-
mation for subsequent specific label representations, we employ a
channel transformation on F, denoted as:

F = Ctransform(F) , (5)

where Ctransform is the channel transformation through a convolu-
tion operation, and F is the enriched visual features. The non-salient
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Figure 3: The schematic illustration of our Semantic-wise
Association Purification Module (SAPM).

regions of the attention maps are filtered out as follows:

o = {sf)j, if sf,j >z ©)
LI —oo, if s¢. <z, ’
LJj
where z; is a quantile that functions as a threshold, determining
the filter ratio assigned to the attention maps. For example, if z;
is set as the median z594, then the 50% non-salient regions in the
maps will be excluded. More concretely, when 7 — 1, an increasing
proportion of non-salient regions will be discarded, while 7 — 0,
the situation is reversed.
The attention values of non-salient regions are converted to —co,
which will be ignored in the subsequent softmax processing. Then
the label-aware representations can be computed as follows:

=y

where the upper equation denotes a softmax function employed
to normalize the attention coefficients, and the lower equation de-
scribes a weighted average pooling operation on the visual features
F across all positions, guided by the coefficients. Notably, positions
excluded in (6) will not be considered in this calculation. We apply
the process to all labels, and then obtain all label-aware representa-
tion vectors X = {x1,xy,--- ,xc}, x; € RP i e [1,C].

exp(s¢ )

Znexp(ss ;)

aC
Sij =

aC
w,h Swh' Fyn,

@)

4.3.2 Semantic-wise Association Purification. In order to mit-
igate semantic representation entanglement caused by overfitting
co-occurrence relationships, we propose the Semantic Association
Purification Module (SAPM), which models co-occurrence relation-
ships while preventing excessive emphasis on them.

Similar to existing methods [11, 50, 56], we leverage Graph Con-
volutional Networks (GCNs) to model the co-occurrence relation-
ships among labels, with the basic model described as follows:

X=X+G(X) « A€, ®)
where G denotes GCN layers and ACXC represents the co-occurrence
matrix, which is used as a residual connection. In particular, our
residual connection essentially implements feature fusion: X corre-
sponds to the vanilla label-aware representations, G(X) encodes
its co-occurrence dependencies, and X combines both parts.

Innovatively, our SAPM introduces a straightforward approach
to prevent GCNs from excessively emphasizing co-occurrence rela-
tionships, which purifies representations from a semantic associa-
tion perspective. Specifically, we propose Average Message Passing
(AMP) strategy that collaborates with co-occurrence information
to achieve this. Our AMP is to partially replace the co-occurrence
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matrix AS*C with an average matrix K*C denoted as:
1 k k
- k1 o )
Joxe koo Yexe ,

where the left and right matrices represent AC*C and K€*€ respec-
tively, and k = ﬁ In this way, each node is equally connected
to all other nodes and each receives uniform and equivalent influ-
ence from the remaining nodes. Additionally, the values along the
main diagonal of the average matrix K€*€ are all set to 1, ensuring
the stability of each node’s self-feature. Combining the AMP and
co-occurrence information, our GCNs propagation is detailed as:

i+1 = , (10)

o |8(AX;Wy), if i=0 (mod 2)
§(KX;W;), if i =1 (mod 2)

where A, K, and W denote the predefined co-occurrence matrix,
the average matrix of AMP, and learnable linear transformations,
respectively, and § represents an activation function. X; and X4
are the input and output of the i-th GCNs layer.

More concretely, in the co-occurrence-based message layer, GCNs
focus on modeling co-occurrence relationships. In the average mes-
sage layer, GCNs emphasize learning object-self features while
incorporating subtle yet comprehensive influences from other ob-
jects. Notably, this approach does not complicate the original GCNs
or increase computational overhead, effectively preventing GCNs
from overly favoring co-occurrence patterns.

4.4 Bidirectional Representation Refinement

To enhance label-aware representations and make them more con-
ducive to classification, we propose a Bidirectional Representation
Refinement Module based on MLPs. In contrast to traditional MLPs
that utilize category-specific weights for single-directional feature
transformation, while neglecting shared patterns across categories,
our BRRM simultaneously facilitates learning in both the represen-
tation dimension (r-dim) and category dimension (c-dim).

To prevent excessive bias towards a single direction in feature
transformation and mitigate the sensitivity to feature processing
order, the BRRM is designed as a dual-path architecture to en-
sure more comprehensive information integration. Specifically, we
propagate the label-aware representations through two distinct
pathways. In the first pathway, we initially enhance the representa-
tion abstraction capability across the r-dim, followed by capturing
shared patterns across the c¢-dim. Conversely, the second pathway
reverses the order, performing learning across the c-dim first, and
then across the r-dim. The above process is detailed as follows:

(11)

where X is the label-aware representations derived from the pre-
ceding steps. LN and T denote the layer normalization and tensor
transpose operation respectively. Subsequently, X; and X; are pro-
cessed through the below two pathways as follows:

X1 =IN(X), X;=LNX)T,

X} = (LN(MLP] (Xp) + X1)T, X| = (MLPf(X,)T + X}, (12)
X, = LN((MLPS (X2))T + X]) , X, = MLP}(X,) + X, ,
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Figure 4: The schematic illustration of our Bidirectional Rep-
resentation Refinement Module (BRRM).

where MLPlr R MLP; represent the MLPs executed in the r-dim,
while MLP{, MLP? are implemented in the c-dim. It is worth noting
that the subscripts 1 and 2 denote the first and second pathways,
respectively. In addition, LN, +, and T denote layer normalization,
residual connection, and tensor transposition, respectively. Finally,
we combine the outputs from the two pathways as follows:

Al

X=1-(X; +X,), (13)

where }A{: and Xg denote the outputs of the two paths respectively.

4.5 Joint Learning and Optimization

In this work, we adopt ASL loss function [31], which offers advan-
tages in addressing imbalance issues. Specifically, the main loss (i.e.,
classification loss) is calculated as follows:

Las = ASL(pais.y) . Ppeis = Sigmoid(Wi X +be),  (14)

where W{ and b, are learnable parameters. p.s and y denote the
predicted probability and true label, respectively. Furthermore, we
use the paux from Eq. (4) to obtain an auxiliary loss, denoted as:

Laux = ASL(paux. Y) - (15)

Finally, the overall optimization objective is defined as a joint loss,
obtained by taking a weighted sum of L and Lyux as follows:

-C = ‘Lcls + A‘Laux . (16)

where A is a hyper-parameter that determines the weight of the
auxiliary loss Laux. The joint loss L is used to train our OPRL
framework. In general, this joint learning and optimization mecha-
nism benefits from two aspects: 1) Supervised by the auxiliary loss,
the attention map S is better equipped to perceive object regions. 2)
As an additional classifier, the auxiliary loss Laux alleviates certain
limitations of the primary classifier [47].

5 Experiments

5.1 Experimental Settings

Dataset To validate the effectiveness of the proposed OPRL
framework, we evaluate it on four prevalent MLC benchmarks: (1)
PASCAL VOC 2007 (VOC07) [14]; (2) Microsoft COCO 2014 (COCO)
[24]; (3) NUS-WIDE (NUS) [7]; (4) Visual Genome (VG) [20]. For VG
dataset, where most categories contain only a limited number of
samples, we follow prior works [2, 26] and select the 500 most
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Table 1: The performance comparison of our method with state-of-the-art models on VOC@7. All metrics are in %. Note that the
symbol ' indicates that the corresponding method utilizes a higher resolution (576 x 576).

Methods ‘ aero bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv | mAP
SSGRL [2] 99.5 971 97.6 978 82.6 948 96.7 981 780 97.0 856 97.8 983 96.4 98.8 84.9 96.5 798 984 928 | 934
ML-GCN [5] 99.5 985 98.6 981 80.8 946 97.2 982 823 957 864 982 984 96.7 99.0 84.7 96.7 843 98.9 93.7 | 94.0
ASL [31] - - - - - - - - - - - - - - - - - - - - | 944
ISLC [55] 99.8 976 984 983 792 952 975 985 816 955 88.1 987 98.6 96.7 98.7 84.9 969 851 99.1 935 | 94.1
SST [3] 99.8 98.6 98.9 984 855 947 97.9 98.6 83.0 968 857 988 98.9 95.7 99.1 854 962 843 99.1 95.0 | 945
DATran [57] 99.9 98.7 98.6 984 826 96.0 97.7 98.6 850 962 847 985 98.2 96.9 98.8 85.0 97.9 86.7 99.2 95.2 | 94.6
OPRL-R101 99.9 985 984 984 839 973 97.7 98.6 807 98.1 869 99.1 99.1 98.2 99.3 87.0 99.6 86.7 99.7 93.8 | 95.1
SSGRL(pre)* [2] 99.5 971 97.6 978 826 948 967 981 780 970 856 97.8 983 96.4 98.8 84.9 965 798 984 928 | 934
ASL(pre) [31] - - - - - - - - - - - - - - - - - - - - 95.3
ISLC(pre) [55] 100.0 988 98.8 98.6 862 97.0 98.8 989 86.5 969 891 99.0 985 97.6 99.3 88.1 984 90.0 99.2 97.0 | 958
ADD-GCN(pre)t | - - - - - - - - - - - - - - - - - - - - | 960
OPRL-R101(pre) | 100.0 99.5 99.3 98.6 884 98.6 9386 99.2 852 98.6 912 993 993 994 99.3 90.5 99.6 88.7 99.7 951 | 96.4

Table 2: The performance comparison of our method with
state-of-the-art models on COCO. The backbones noted with
22k are pretrained on the ImageNet 22k dataset.

Methods | Backbone | Res.|mAP | CP | CR | CF1 | OP | OR | OF1
ML-GCN [5] ResNet101 | 4482 | 83.0 | 85.1 | 72.0 | 78.0 | 85.8 | 75.4 | 803
MCAR [15] ResNet101 | 4482 | 83.8 | 85.0 | 72.1 | 78.0 | 88.0 | 73.9 | 80.3
CSRA [59] ResNet101 | 4482 | 83.5 | 84.1 | 72.5 | 77.9 | 85.6 | 75.7 | 80.3
TDRG [53] ResNet101 | 4482 | 84.6 | 86.0 | 73.1 | 79.0 | 86.6 | 76.4 | 812
Q2L-R101 [26] ResNet101 | 4482 | 84.9 | 84.8 | 74.5 | 79.3 | 86.6 | 76.9 | 815
DATran [57)] ResNet101 | 4482 | 84.9 | 84.8 | 74.9 | 79.6 | 86.0 | 77.6 | 816
IDA [25] ResNet101 | 448% | 84.8 | - -l sT | - - 809
C-TMS [43] ResNet101 | 4482 | 85.1 | 87.2 | 74.2 | 79.1 | 88.7 | 76.5 | 81.4
SpliceMix-CL [38] | ResNet101 | 4482 | 84.9 | 87.4 | 73.2 | 79.7 | 88.2 | 76.3 | 81.8
OPRL-R101 ResNet101 | 4482 85.7 | 85.9 | 75.3 | 79.8 | 87.1 | 77.9 | 82.3
SSGRL [2] ResNet101 | 5762 | 83.8 | 91.9 | 62.5 | 72.7 | 93.8 | 64.1 | 76.2
TDRG [53] ResNet101 | 5762 | 86.0 | 87.0 | 74.7 | 80.4 | 87.5 | 87.9 | 82.4
Q2L-R101 [26] ResNet101 | 5762 | 86.5 | 85.8 | 76.7 | 81.0 | 87.0 | 78.9 | 82.8
DATran [57] ResNet101 | 5762 | 86.3 | 86.6 | 76.1 | 81.0 | 87.2 | 78.9 | 82.8
C-TMS [43] ResNet101 | 5762 | 86.2 | 88.2 | 75.3 | 80.4 | 89.6 | 77.2 | 825
IDA [25] ResNet101 | 576° | 86.3 | - - | 804 | - - | 825
OPRL-R101 ResNet101 | 5762 87.0 | 86.8 | 77.0 | 81.3 | 88.1 | 79.2 | 83.4
ViT-L16 [13] ViT-L16 | 448? | 80.4 | 83.8 | 67.0 | 745 | 86.6 | 72.0 | 78.6
CSRA [59] ViT-L16 448% | 86.9 | 89.1 | 74.2 | 81.0 | 89.6 | 77.1 | 82.9
OPRL-ViT-L16 VIT-L16 | 448 88.1 | 89.6 | 76.6 | 81.7 | 89.3 | 80.0 | 84.4
ViT-L16 [13] ViT-L16(22k) 448% | 89.6 | 76.7 | 87.9 | 81.9 | 75.9 | 89.8 | 82.3
OPRL-ViT-L16 VIT-L16(22K) | 4482  90.3 | 92.5 | 78.5 | 84.3 | 92.7 | 80.2 | 86.0

frequent categories to construct a new dataset, referred to as VG500.
Comprehensive statistics for all datasets can be found in Appendix.

Implementation Details. Following previous MLC works [26,
29, 31], we adopt a similar experimental setup. We apply Ran-
dAugment [9] and Cutout [12] for data augmentation, while us-
ing an exponential moving average (EMA) with a decay factor of
0.9997 to smooth the model parameters. Our model is trained for 40
epochs, and the batch size is set to 64. The training process employs
AdamW [28] optimizer and one-cycle learning rate schedule [33],
with a maximum learning rate of 5e-5. Some hyper-parameter set-
tings: the number of supervised locations K in Eq. (4) is set to 3, the
filter ratio 7 in Eq. (6) is set to 0.5, the GCN layers in Eq. (8) is set
to 3, the weight of auxiliary loss A in Eq.(16) is set to 1.
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Evaluation Metric In this work, we evaluate the performance
of our proposed OPRL framework using the mean average precision
(mAP), which is a widely adopted metric in MLC tasks. Additionally,
following prior works [2, 31, 59], we adopt overall precision, re-
call, F1-measure (OP, OR, OF1) as well as per-class precision, recall,
F1-measure (CP, CR, CF1) to conduct a comprehensive compara-
tive analysis. It is worth noting that mAP, OF1, and CF1 are often
considered key performance indicators.

5.2 Compared to State-of-the-Art Results

Comparisons on VOC@7 Dataset. The comparison results on
VOCO7 are reported in Table 1, including the average precision (AP)
for each category and mAP over all categories. It is evident that
our OPRL framework attains the highest AP on a substantial pro-
portion of label categories. The upper section presents the results
of these models based on ResNet101, which is pre-trained on the
ImageNet-1k dataset. It is worth noting that OPRL achieves 95.1% in
mAP, surpassing the suboptimal method, DATran [57], by 0.5%. The
lower section demonstrates the performance of these models when
pre-trained on the COCO dataset and subsequently fine-tuned on the
VOCO7 dataset. Notably, the proposed OPRL framework exhibits a
significant improvement, with the mAP increasing from 95.1% to
96.4%. Although SSGRL [2] and ADDGCN [50] employ a higher
image resolution of 576 X 576, our OPRL framework still achieves
a superior mAP. In summary, regardless of whether the backbone
network is pre-trained on ImageNet-1k or COCO datasets, our OPRL
framework consistently achieves outstanding performance com-
pared to existing methods.

Comparisons on COCO Dataset. The comparison results on
COCO are presented in Table 2. It can be observed that our OPRL
framework outperforms current state-of-the-art methods on most
metrics. Specifically, leveraging the ResNet-101 pre-trained on
the ImageNet 1K dataset as the backbone, our OPRL framework
achieves 85.7% in mAP, outperforming the suboptimal method, C-
TMS [42], by a margin of 0.6%. With a higher image resolution of
576 X 576, our OPRL framework consistently shows superior per-
formance, highlighting its scalability. In addition to employing the
convolution-based ResNet-101 as the backbone, we also evaluate
the performance of our OPRL framework on transformer-based ar-
chitectures. Concretely, with ViT-L16 [13] as the backbone network,
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Table 3: The performance comparison of our method with
current state-of-the-art models on NUS.

Methods | mAP | CP | CR | CF1 | OP | OR | OF1
SRN [58] 620 | 652 | 55.8 | 58.5 | 755 | 715 | 734
ASL [31] 639 | - - 627 | - - | 746
P-GCN [6] 628 | 644 | 56.8 | 60.4 | 75.7 | 71.2 | 734
Q2L-R101[26] | 65.0 | - - | 631 | - - | 750
SST [3] 635 | 67.2 | 535 | 59.6 | 77.4 | 69.4 | 732
VSGCN [11] 634 | 642 | 589 | 615 | 73.6 | 747 | 741
Mulcon [10] 63.9 - - 61.8 - - 74.8
C-TMS [43] 628 | - - | 614 | - - | 746
OPRL-R101 66.0 | 62.1 | 66.1 | 63.3 | 722 | 78.1 | 75.1

Table 4: The performance comparison of our method with
current state-of-the-art models on VG500.

Methods | mAP | CP | CR | CF1 | OP | OR | OF1
ResNet101 [16] | 30.9 | 39.1 | 256 | 31.0 | 61.4 | 359 | 45.4
ML-GCN 5] 326 | 428 | 202 | 27.5 | 66.9 | 315 | 4238
SSGRL [2] 366 | - - - - - -

Q2L-R101[26] | 395 | - - - - - -

ISLC [55] 38.8 | 49.6 | 25.6 | 33.8 | 69.8 | 36.6 | 48.0
KGGR [23] 37.4 | 474 | 247 | 325 | 66.9 | 365 | 47.2
C-Tran [21] 384 | 49.8 | 27.2 | 352 | 66.9 | 39.2 | 49.5
DRGN [54] 39.8 | 50.6 | 29.4 | 37.2 | 67.1 | 40.4 | 50.4
OPRL-R101 406 | 51.1 | 396 | 44.6 | 569 | 53.6 552

the proposed OPRL framework consistently achieves state-of-the-
art performance in multi-label image classification, irrespective of
whether it is pre-trained on ImageNet-1K or ImageNet-22K. Overall,
across nearly all key metrics (mAP, CF1, OF1), the proposed OPRL
framework achieves the best performance when implemented on
both convolution-based and transformer-based networks, demon-
strating its superiority in multi-label image classification.

Comparisons on NUS Dataset. The comparison results on
NUS are summarized in Table 3. As shown, the proposed OPRL
framework achieves superior performance compared to existing
methods, attaining the highest mAP of 66.0%. This marks a signif-
icant improvement over other state-of-the-art methods, such as
Q2L-R101(65.0%) [26] and ASL(63.9%) [31]. Moreover, our method
achieves the best performance in CF1(63.3%) and OF1(75.1%), fur-
ther showcasing its effectiveness. Overall, our proposed OPRL
framework outperforms existing approaches with notable advance-
ments on the NUS dataset.

Comparisons on VG500 Dataset. The comparison results on
VG500 are presented in Table 4. As demonstrated, the proposed
OPRL framework achieves the highest mAP of 40.6 %, outperform-
ing all other state-of-the-art methods, such as Q2L-R101 [26]. No-
tably, the proposed OPRL framework achieves the highest CF1
(44.6%) and OF1 (55.2%), further demonstrating its effectiveness. In
summary, the proposed OPRL framework demonstrates significant
improvements over existing methods on the VG500 dataset.

5.3 Diagnostic Experiments

Effect of key components in the OPRL framework. To eval-
uate the impact of each component in our model, we conducted an
ablation study using the COCO and NUS datasets, as shown in Table
5. Starting with the baseline ResNet101 model, which achieves an
mAP of 82.9% on COCO and 63.7% on NUS, we observe performance
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Table 5: Ablation study of component contributions to our
model on COCO and NUS datasets.

Method | €oco | NUS
ResNet101 T SRPM SAPM BRRM ‘ mAP CF1 OF1 ‘ mAP CF1 OF1
v 829 77.1 80.9| 637 60.1 742
v v 84.7 787 81.6| 645 615 748
v v v 852 793 820|652 627 749
v v v 852 79.5 82.0| 653 627 750
v v v v 855 79.5 821|655 62.7 75.1
v v v v v 85.7 79.8 82.3|66.0 63.3 75.1
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Figure 5: The analysis of filter ratio r and the number of
supervised locations K in SRPM. Note that the horizontal
dashed lines represent the results directly obtained from the
original attention map, i.e., without applying our SRPM.

improvements with the addition of various modules. Incorporating
SRPM increases the mAP to 84.7% on COCO and 64.5% on NUS, while
adding SAPM further enhances it to 85.2% and 65.2%. The inclusion
of BRRM, both independently and alongside SAPM, consistently
boosts performance. The full model culminates in a mAP of 85.7%
on COCO and 66.0% on NUS. Notably, T in the Table 5 denotes a stan-
dard transformer encoder, designed to mitigate the limitations of
convolutional architectures. Although not a primary contribution,
it still provides additional performance gains. These results confirm
the effectiveness of SRPM, SAPM, and BRRM, demonstrating their
complementary roles in improving model performance.

Effect of filter ratio r in SRPM. To explore the impact of the
filter ratio 7 in Eq. (6) on our SRPM, we conducted extensive exper-
iments, as shown in Fig. 5a. It can be observed that when the filter
ratio 7 ranges from 0.2 to 0.9, our SRPM outperforms the original at-
tention map results (indicated by the dashed lines). However, setting
the filter ratio to 0.1 results in performance degradation. Overall,
0.5 appears to be an optimal choice, especially for higher-resolution
settings, where its advantages are more pronounced.

Effect of supervised locations K in SRPM. To investigate
the impact of the number of supervised locations K in Eq. (4) on
the SRPM, we conducted extensive experiments, with the results
presented in Fig. 5b. It is evident that when K ranges from 1 to 9, our
SRPM outperforms the original attention map results (indicated by
the dashed lines). Notably, the SRPM achieves optimal performance
with K = 3 for both 224 x 224 and 576 X 576 resolutions, while
K = 4 is optimal for 448 X 448 resolution. In general, the number
of supervised locations K does not necessarily improve with larger
values, optimal performance is typically achieved around K = 3.
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Table 6: The effects of joint learning and optimization on the
performance of the proposed model.

Method | mAP
etho

| coco | Nus | voce7 | vesee
Ours w/o Laux | 85.5 | 65.7 | 94.7 | 403
Ours with Laux | 85.7 | 66.0 | 951 | 40.6

Table 7: The analysis of the hyper-parameter A in Eq.(16).

\ mAP

Hyper-parameter 4 =606 | voce7 | vesee

0.1 85.4 | 65.7 | 94.8 40.3
0.4 85.5 | 65.8 | 94.9 40.4
0.7 85.5 | 65.8 | 95.0 40.5
1.0 85.7 | 66.0 | 95.1 | 40.6
13 85.5 | 659 | 95.0 | 40.6

Table 8: The model efficiency comparison of our OPRL, Q2L,
and the Backbone Network.

mAP
Framework | Param | FLOPs | FPS

COCO | NUS
ResNet101 | 43M | 31.5G | 99 | 82.9 | 63.7
Q2L-R101 | 143M | 36.6G | 62 | 84.9 | 65.0
OPRL-R101 | 86M | 34.7G | 81 | 85.7 | 66.0

Effect of the joint learning and optimization. To explore the
effect of the joint learning and optimization mechanism, we train
the entire model using only L. As shown in Table 6, omitting
Laux consistently degrades mAP across all four datasets, which
demonstrates the beneficial impact of Ly, validating the effective-
ness of the proposed joint learning and optimization mechanism.
We also examine the impact of the hyper-parameter A in Eq. (16).
As shown in Table 7, on the VG500 dataset, model performance
improves as A increases and then stabilizes. On the COCO, NUS, and
VOCO7 datasets, the model reaches peak performance at A = 1.0 be-
fore declining. Consequently, setting A = 1.0 appears to be optimal,
indicating that both L s and Layx are significant for the model.

Comparisons on model efficiency. We investigate model ef-
ficiency by comparing the proposed OPRL framework with the
previous state-of-the-art model, Q2L [26]. The results, including
Parameters (Param), Floating Point Operations (FLOPs), and Frames
Per Second (FPS), are shown in Table 8. Using ResNet101 as the back-
bone, our proposed OPRL framework achieves better performance
on the COCO and NUS datasets with fewer parameters compared to
Q2L (86M vs 143M). Furthermore, our model exhibits lower FLOPs
(34.7G vs 36.6G) and higher FPS (81 vs 62), highlighting its low
complexity and fast inference capability.

Visualization. Figure 6 presents several examples from the COCO
test set. Notably, compared to the baseline model, our OPRL frame-
work better perceives image regions relevant to label semantics.
As shown in Fig. 6 (a), OPRL accurately localizes objects such as
bicycle, skateboard, person, car, and backpack. In addition, as illus-
trated in Fig. 6 (d), although the baseline model can locate some
objects like spoon, laptop, and backpack, it also pays attention to
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Figure 6: The visualization comparison of the OPRL frame-

work and baseline model on several samples from COCO.

irrelevant areas. In contrast, OPRL focuses more precisely on each
object. We attribute this to our OPRL framework, which suppresses
the interference from co-occurring objects and background infor-
mation, enabling the model to focus more on the objects themselves.
As a result, we achieve higher-quality label-aware representations,
which enhance subsequent representation interaction and refine-
ment, leading to superior performance in MLC tasks.

6 Conclusion and Discussion

In this work, addressing the challenge of contextual interference
in MLC, we propose the Object-Purified Representation Learning
framework with two key components. First, our Spatial-wise Repre-
sentation Purification Module eliminates object-irrelevant feature
activations, purifying representations from the spatial perspective
of image content. Second, our Semantic-wise Association Purifica-
tion Module models co-occurrence relationships while preventing
their overemphasis, purifying representations from a semantic asso-
ciation perspective. Additionally, our Bidirectional Representation
Refinement Module further enhances classification performance.
The synergistic integration of these components achieves state-of-
the-art results on multiple multi-label benchmarks.

Although this work yields promising results, a potential limita-
tion is the use of a fixed threshold in SRPM to filter object-irrelevant
regions. This approach may be overly stringent for small objects
and too permissive for large ones in extreme cases. In the future,
we will explore more advanced strategies to further improve our
framework’s ability to handle complex scenarios.
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