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Abstract

Since real-world multi-label data often exhibit significant
label imbalance, long-tailed multi-label image classifica-
tion has emerged as a prominent research area in com-
puter vision. Traditionally, it is considered that deep neu-
ral networks’ classifiers are vulnerable to long-tailed distri-
butions, whereas the feature extraction backbone remains
relatively robust. However, our analysis from the feature
learning perspective reveals that the backbone struggles to
maintain high sensitivity to sample-scarce categories but re-
tains the ability to localize specific areas effectively. Based
on this observation, we propose a new model for long-tailed
multi-label image classification named category-specific se-
lective feature enhancement (CSSFE). First, it utilizes the
retained localization capability of the backbone to capture
label-dependent class activation maps. Then, a progressive
attention enhancement mechanism, updating from head to
medium to tail categories, is introduced to address the low-
confidence issue in medium and tail categories. Finally,
visual features are extracted according to the optimized
class activation maps and combined with semantic infor-
mation to perform the classification task. Extensive exper-
iments on two benchmark datasets highlight our findings’
generalizability and the proposed CSSFE’s superior perfor-
mance. Our code is available at https://github.com/TangXu-
Group/multilabelRSSC/tree/main/CSSFE.

1. Introduction

With the advancement of deep learning techniques, the per-
formance of multi-label image classification has been en-
hanced significantly [6, 7, 46]. However, due to the inher-
ent imbalance in the occurrence frequency of various ob-
jects [22, 28, 30], the label distribution of real-world multi-
label image datasets typically exhibits the long-tailed phe-
nomenon [14, 15, 32]. In other words, a minority of la-
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Figure 1. We set three visual comparison groups: (a) Head cat-
egory: person; (b) Medium category: cat; (c) Tail category: air-
plane. The model in the second row was trained on a traditionally
label-balanced multi-label dataset, while the model in the third row
was trained on a long-tailed distribution multi-label dataset. Com-
parative analysis of class activation maps visualizations between
the second row and the third row (CAMlb vs. CAMlt), we
observe that the primary impact of long-tailed multi-label distri-
bution on deep neural networks manifests at the confidence level.
Specifically, CAMlb and CAMlt exhibit structural similarity in
overall activation areas, while CAMlt demonstrates significant
attention weight attenuation especially for tail categories.

bels appears frequently, while the majority has only limited
sample data. This imbalanced distribution poses substantial
challenges to conventional multi-label image classification
models, as they tend to overfit head classes while neglecting
the learning of tail classes [43]. To address these problems,
long-tailed multi-label image classification [24, 37, 38] has
emerged and attracted considerable attention.

There are two baseline strategies to address the head-to-
tail imbalance problem in long-tailed distributions. One
is to re-sample the samples in the datasets during train-
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ing to ensure that each class contributes to gradient prop-
agation with similar frequency [9, 36, 41, 43]. Another is
re-weighting the contributions of head and tail categories,
allowing the model to prioritize less frequent tail sam-
ples while appropriately fading the influence of frequently
learned head samples [16, 20, 34]. However, in the long-
tailed multi-label image classification task, the effectiveness
of the above methods cannot meet what we expected due to
the symbiotic relationships between labels [18, 33]. In ad-
dition, inspired by the long-tailed single-label image classi-
fication methods, existing studies generally believe that the
main impact of long-tailed multi-label distribution on deep
neural networks is the overfitting of the classifier to the head
categories and the underfitting of the tail categories, while
the performance of the feature extraction backbone is al-
most unaffected [40, 43]. Nevertheless, when we deeply in-
vestigate it from the perspective of feature learning, we find
that this view is not entirely applicable to the long-tailed
multi-label image classification task.

Specifically, we conducted control experiments by train-
ing two architecturally identical yet parameter-independent
deep neural networks (see Section 3.2). One is trained on
a long-tailed multi-label dataset, and the other is trained on
a conventionally label-balanced multi-label dataset. Then,
we introduced the class activation mapping (CAM) [44]
technique to analyze their spatial attention distributions for
different labels. The normalized visualization examples
(as shown in Figure 1) and numerical evidence (see Sec-
tion 3.2) reveal that although the model trained with long-
tailed data manifests substantial attention attenuation to-
ward tail categories compared to another model, it preserves
fundamental capability in localizing category-specific dis-
criminative regions.

Based on the above discussion, we conclude that the
primary factor limiting the performance of models trained
on long-tailed multi-label image datasets is the insufficient
feature representation for the regions corresponding to the
sample-scarce labels. To address this issue, this paper
proposes a category-specific selective feature enhancement
(CSSFE) model consisting of three parts: label-dependent
attention region learning, progressive attention enhance-
ment, and classification. They are responsible for identi-
fying category-specific regions from the input image, selec-
tively adjusting the model’s attention weights for underrep-
resented categories (i.e., medium and tail categories) using
semantic relationships, and integrating visual features with
semantic embeddings to complete the classification task, re-
spectively.

The core contributions of our work are summarized as
follows.
1. From the perspective of feature learning, we analyze the

impact of long-tailed multi-label distribution on deep
neural networks and find that the primary limitation hin-

dering model performance is the inadequate represen-
tation capability of the feature extraction backbone for
partial categories. Fortunately, the fundamental ability
of the feature extraction backbone to identify discrim-
inative regions of specific categories is not sensitive to
the head-tail imbalance problem.

2. Building on the above findings, we introduce a
long-tailed multi-label image classification model (i.e.,
CSSFE). Through the one-way semantic connection-
based attention adjustment strategy that flows from head
to middle to tail categories, the model’s sensitivity to
scarce categories such as the medium and tail can be
successfully improved. Meanwhile, the typical trade-off
where sacrificing the performance of the head categories
in exchange for improving the performance of the tail
categories can be avoided.

3. As a consequence, CSSFE achieves state-of-the-art re-
sults on two benchmark long-tailed multi-label image
classification datasets. Extensive experiments not only
validate the performance of our CSSFE but also demon-
strate the rationality of our findings.

2. Relate Work

In this section, we first review several classic models for
long-tailed multi-label image classification, followed by
methods for enhancing model interpretability.

One approach to addressing long-tailed multi-label im-
age classification is the re-sampling strategy. For instance,
Wu et al. [36] employed a category-aware re-sampling
method, commonly used in long-tailed single-label clas-
sification, to increase the likelihood of learning tail la-
bels. While effective to some extent, the inherent label co-
occurrence characteristics in multi-label data still lead to a
significant class imbalance in the re-sampled training set.
To mitigate this issue, Chen et al. [3] proposed a group sam-
pling strategy that ensures a more balanced data distribution
within sub-datasets. Meanwhile, Guo et al. [10] introduced
a collaborative sampling approach that combines uniform
sampling with rebalanced sampling to enhance the diversity
of the data set. Another strategy is re-weighting. For exam-
ple, distribution-balanced (DB) loss [36] and probability-
guided (PG) loss [20] help prevent the model from overfit-
ting the head classes while neglecting the tail classes by re-
ducing the gradient update speed disparity between them. In
addition, Yan et al. [39] combined the re-weighting strategy
with a large visual language model, which not only main-
tained the category balance advantage of the re-weighting
strategy but also used the strong representation ability of the
pre-trained model to correct the long-tailed data distribution
bias.

To enhance the interpretability of deep neural networks,
it is feasible to visualize attention areas, which have been
proven to be effective in fields such as object tracking,

3758



change detection, and multi-modal retrieval [13, 31, 35].
Especially for label-related image classification tasks, vi-
sualizing areas associated with labels provides an intuitive
way to observe the impact of label issues. For example,
Zhang et al. [42] demonstrated that noisy labels lead to de-
viations in the regions where the model focuses. There-
fore, they counteracted the influence of noisy labels by
maintaining attention consistency. Similarly, in the con-
text of partially annotated multi-label image classification,
Kim et al. [17] investigated the difference between partial-
label training and full-label training, intending to boost the
model’s feature learning ability in partial-label scenarios.
Inspired by the above approaches, this paper aims to ana-
lyze the differences in feature learning of head, medium,
and tail categories to explain the impact of long-tailed
multi-label on deep neural networks.

3. Proposed Method

3.1. Overview

The proposed CSSFE stems from our finding that deep
neural networks maintain their capacity to locate label-
associated regions yet exhibit diminished discriminative
sensitivity toward tail categories under the influence of
long-tailed label distributions (see Figure 1). To prove the
reliability and generalizability of our motivation, we per-
form numerical comparison and gradient analysis in Sec-
tion 3.2. Then, in Section 3.3 and Section 3.4, we introduce
the detailed pipeline and optimization objective of CSSFE,
whose framework is shown in Figure 2.

3.2. Feature Learning Analysis

In this section, we seek to explain the reasons for the per-
formance limitations of deep neural networks facing long-
tailed multi-label datasets through the aspect of feature
learning. To this end, we devise a comparative framework
to analyze the similarities and differences between the fea-
ture attention patterns of a model trained on a long-tailed
multi-label dataset versus that trained on a label-balanced
multi-label dataset. In detail, given an input image I , a
backbone is used to generate its global visual feature map
F → RH→W→C , where H means the height, W refers to
the width, and C is the number of channels. Subsequently,
F processes through a 2-D convolutional layer and yields
class attention maps CAM → RH→W→c, where c corre-
sponds to the number of categories. The above process is
depicted in the label-dependent attention region learning of
Figure 2. Then, the prediction logit si for category i can
be computed via the weighted sum of the i-th class atten-
tion map and participates in the training process. Therefore,
CAM can effectively reflect the label-associated attention
regions [44].

We conducted systematic experiments using the above

model on two distinct datasets: the label-balanced COCO
dataset [21] and its long-tailed variant LT-COCO [36].
Through evaluation on the test set of LT-COCO, we counted
the class activation maps generated by the two mod-
els, denoted as CAMlb (label-balanced COCO training)
and CAMlt (long-tailed LT-COCO training). To prove
the structural preservation of attention distribution, we
first computed Spearman correlation coefficients between
CAMlb and CAMlt as the experiment group, which can
effectively reflect the consistency of the overall structure
of the class activation maps through the spatial attribution
rankings of the corresponding pixels [17]. In addition, we
simulated random attention distribution by counting the 2-
D Gaussian images with CAMlt as the control group. Fig-
ure 3a presents the comparative results, indicating two criti-
cal observations. First, the experimental groups of different
categories all exhibit strong positive correlations (approach-
ing unity). Second, the control group demonstrates near-
zero relevance, confirming the non-randomness of learned
attention maps. This discrepancy implies that the model’s
ability to focus on label-related regions is maintained de-
spite long-tailed distribution challenges.

To further investigate the attention attenuation phe-
nomenon induced by long-tailed multi-label distributions,
we perform a comparative analysis of attention scores
across different classes between CAMlb and CAMlt.
Note that our analysis focuses on the top 50% quantity of
attention values to mitigate noise interference from low-
attention regions. As shown in Figure 3b, it can be found
that as the category frequency decreases, the reliability of
attention location areas gradually decreases. Especially for
the tail samples, the overall CAMlt has a significant at-
tenuation compared to CAMlb. This finding reveals long-
tailed multi-label distributions impair the model’s sensitiv-
ity to tail category-dependent features, which can be further
theoretically justified via gradient analysis. In the long-
tailed multi-label image classification task, binary cross-
entropy loss and its variants [12] are widely used. For ro-
bustness, we also analyze the gradient of the original binary
cross-entropy loss [27] Lbce, which can be formulated as,

Lbce = ↑
c∑

i=1

[yi log ω(si) + (1↑ yi) log(1↑ ω(si))]

(1)
where yi is the label of i-th category, ω (·) refers to the sig-
moid function, and si is the classification logit of i-th cat-
egory. The gradient of Lbce with respect to si is ωLbce

ωsi
=

ω(si) ↑ yi. Due to the scarcity of positive samples, the
model receives the gradient in most cases as ω(si)↑ 0 > 0
for tail categories. This positive gradient results in a sys-
tematic suppression of the tail category logits. Since the
logit values are equivalent to the mean of the class activa-
tion map, and the class activation map reflects the degree of
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Figure 2. The overall framework of our proposed long-tailed multi-label image classification methods. It comprises three sub-parts: label-
dependent attention region learning, progressive attention enhancement, and classification. In label-dependent attention region learning,
the relevant attention areas of different categories are located according to the visual features extracted by the backbone. The progressive
attention enhancement module exploits label correlation to adjust the weights of class activation maps according to their characteristics,
i.e., the feature learning status of head categories is reliable, the middle categories follow, and the tail categories have obvious attention
decay. Finally, the visual embeddings located according to the optimized class activation maps and semantic embeddings extracted by the
language model are interacted with and used for classification.

attention paid by the model to the label-related area, it ulti-
mately makes it difficult for the model to determine whether
the tail categories exist in the image.

3.3. Progressive Attention Enhancement Module

At this point, we can confidently conclude that deep neural
networks maintain effective region localization capabilities
in long-tailed multi-label image classification tasks. How-
ever, reliably generating attention weights still remains a
challenge. Therefore, improving the model’s focus on rel-
evant regions associated with low-frequency categories is
the key to achieving high-precision classification. Consid-
ering the complex symbiotic relationship among various ob-
jects, we hope to propose a class activation map optimiza-
tion mechanism grounded in label relevance to assist deep
neural networks in better capturing label-associated regions.
To this end, a progressive attention enhancement module is
proposed in this section.

Given the candidate label text set {person, airplane, dog,
...}, we first encode them into label embeddings LE →
Rc→d, where d denotes the dimension of label embeddings.
This encoding is achieved using the text encoder of the pre-
trained CLIP model [25] with standardized prompt tem-
plates (e.g., “a photo of {class}”). Note that the text en-
coder does not participate in the training process, but the la-
bel embeddings undergo a single linear transformation layer
to facilitate cross-dataset knowledge transfer. Next, the
transferred label embeddings are projected into the query
and key vectors through independent linear layers. Subse-

quently, they are processed through dot-product attention,
scaled scaling, and softmax normalization to generate the
label co-occurrence attention matrix M → Rc→c.

As experimentally validated in Section 3.2, the reliability
of label-associated attention regions exhibits a statistically
significant positive correlation with category volumes. This
empirical evidence confirms the capability of deep neural
networks in capturing discriminative features for head cat-
egories while highlighting the progressive degradation of
confidence from medium to tail categories. To mitigate
this problem, we introduce a distribution-aware binary mask
Mask → Rc→c, which enforces a one-way attention flow
from head to medium to tail categories while blocking re-
verse interactions, thereby selectively amplifying the se-
mantic weights of the middle and tail categories. Finally,
class activation maps CAM are linearly mapped and mul-
tiplied by the label co-occurrence attention matrix and the
binary mask to obtain the final optimized class activation
map CAMo.

The overall process discussed above can be formalized
as follows,

M = ε

(
!Q (LE)↓ !K (LE)T↔

dk

)
,

CAMo = M↓ !V (CAM)↓Mask,

(2)

where ε (·) denotes the softmax function, !Q (·), !K (·),
!V (·) indicate linear layers,

↔
dk is a scaling factor, and ↓

illustrates element-wise multiplication operation. Let Ma,b
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Figure 3. (a) Overall Structural Analysis. The experimental group calculates the Spearman correlation coefficient between CAMlb

and CAMlt, while the control group involves the Spearman correlation coefficient between CAMlt and the Gaussian-distributed image.
The statistical results show that the correlation coefficient of the experimental group is significantly higher than that of the control group.
This finding verifies that deep neural networks can still maintain a stable class activation map positioning ability under long-tailed multi-
label distribution. (b) Attention Weight Analysis. By comparing the attention weight differences between CAMlb and CAMlt for
head, middle, and tail categories, it is evident that as the number of samples decreases, the model’s attention in category-relevant regions
decreases. Therefore, improving the model’s confidence in a specific category is the key to long-tailed multi-label image classification.

signify the semantic contribution weight from category of
type b to category of type a, where a, b → {h,m, t} repre-
sent head, medium, and tail categories, respectively. Mh,m,
Mh,t, Mm,t are set to 0, while all other elements remain
1. This directional isolation mechanism guides the model
in prioritizing learning the feature representations of under-
represented medium and tail categories to improve their se-
mantic discriminability. Meanwhile, it prevents redundant
information from negatively impacting the already well-
represented class activation maps, thus avoiding the phe-
nomenon where the performance of tail categories improves
while the performance of head categories declines.

3.4. Classification and Optimization

When we get the optimized class activation maps, the class-
specific visual features can be achieved. Then, the multi-
label image classification tasks can be accomplished by in-
tegrating the semantic information from the label embed-
dings. Specifically, the visual feature map is multiplied
with each channel of the CAMo to generate distinct class-
specific visual feature vectors FE. These visual feature vec-
tors are then concatenated with the corresponding semantic
embeddings and processed through a Transformer block to
facilitate interaction between visual and semantic informa-
tion. Then, the fused representations are passed through a
linear layer to produce the classification logits. Finally, the
asymmetric loss Lasl is adopted as our loss function, which
is formulated as,

Lasl = ↑
c∑

i=1

[
yi(1↑ pi)

ε+ log(pi)

+ (1↑ yi)p
ε→
i

log(1↑ pi)
]
,

(3)

where pi = ω (si) implies the prediction score for class i,
and ϑ+ and ϑ↑ are regulating factors that are set as 0 and
4 in this paper, respectively. The reasons for choosing this
loss are discussed in the Supplementary Material.

4. Experiments

4.1. Dataset Introduction

To evaluate the effectiveness of CSSFE, we select two
benchmark datasets designed explicitly for long-tailed
multi-label image recognition, including LT-VOC [36] and
LT-COCO [36]. LT-VOC, a long-tailed variant of the PAS-
CAL VOC dataset [8], contains 6,904 annotated images
across 20 categories, with the number of samples per class
ranging from 775 to 4. With 6,909 images, LT-COCO spans
80 object categories, where the maximum per-class sample
size is 1,128 images, and the minimum contains only six
images.

4.2. Implementation Details.

All experiments are conducted using the PyTorch frame-
work on an NVIDIA 3090 GPU with 24GB of memory.
The reported numerical scores are the average results from
multiple random experiments. Following [36], LT-VOC
is divided into 1,142 training images and 4,952 test im-
ages, while LT-COCO consists of 1,909 training images and
5,000 images for evaluation. Two backbones in CSSFE, i.e.,
ResNet50 [11] and CLIP [25], are initialized using the pre-
trained weights. Other parts of CSSFE are initialized ran-
domly. In the training stage, the Adam optimizer with a
weight decay of 1↗ 10↑4 is selected to update the parame-
ters. The learning rates for LT-VOC and LT-COCO are set
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Table 1. Performance of different methods on LT-VOC and LT-COCO. We report the mAP (%) values for the total, head, medium, and tail
classes, respectively. The best values are highlighted in bold.

Datasets LT-VOC LT-COCO

Methods Total Head Medium Tail Total Head Medium Tail

ERM [36] 70.86 68.91 80.20 65.31 41.27 48.48 49.06 24.25
RW [36] 74.70 67.58 82.81 73.96 42.27 48.62 45.80 32.02

OLTR [23] 71.02 70.31 79.80 64.95 45.83 47.45 50.63 38.05
LDAM [1] 70.73 68.73 80.38 69.09 40.53 48.77 48.38 22.92

CB Focal [5] 75.24 70.30 83.53 72.74 49.06 47.91 53.01 44.85
BBN [45] 73.37 71.31 81.76 68.62 50.00 49.79 53.99 44.94
ASL [26] 76.40 70.70 82.26 76.29 50.21 49.05 53.65 46.68

DB Focal [36] 78.94 73.22 84.18 79.30 53.55 51.13 57.05 51.06
LTML [10] 81.44 75.68 85.53 82.69 56.90 54.13 60.59 54.47

CDRS+AFL [29] 78.96 73.35 85.03 78.63 55.35 52.45 59.48 52.46
Bilateral-TFS [19] 81.58 75.88 84.11 83.95 56.38 55.93 58.26 54.29

PG Loss [20] 80.37 73.67 83.83 82.88 54.43 51.23 57.42 53.40
COMIC [41] 81.53 73.10 89.18 84.53 55.08 49.21 60.08 55.36
CAE-Net [2] 81.61 74.00 85.35 85.28 57.64 52.37 61.18 57.63
CPRFL [39] 86.28 81.84 90.51 86.43 66.69 66.35 70.99 61.33

CSSFE (Ours) 86.38 81.93 91.16 87.26 66.93 66.96 71.21 62.41

as 5↗10↑5 and 1↗10↑5, and the epochs are fixed as 80 em-
pirically. In addition, the auto augmentation proposed in [4]
is applied to stabilize the training. For the evaluation metric,
we categorize the classes into head categories (with more
than 100 samples), medium categories (with 20 to 100 sam-
ples), and tail categories (with fewer than 20 samples) [36].
Then, the mean average precision (mAP) is used to assess
the model’s overall performance and its performance across
various categories.

4.3. Comparisons with State-of-the-Art Methods

Two groups of compared methods are chosen to demon-
strate the effectiveness of our proposed CSSFE. The first
group includes classic methods for long-tailed recognition,
such as ERM [36], RW [36], OLTR [23], LDAM [1], CB
Focal [5], BBN [45], and ASL [26]. The second group
consists of algorithms designed explicitly for long-tailed
multi-label image classification tasks, including DB Fo-
cal [36], LTML [10], CDRS+AFL [29], Bilateral-TPS [19],
PG Loss [20], COMIC [41], CAE-Net [2], and CPRFL [39].
It is worth noting that CPRFL shares the same text pre-
trained parameters as our text encoder for fairness. Detailed
descriptions of most comparison methods can be found in
Section 2.

Based on the performance results summarized in Ta-
ble 1, it is easy to find that CSSFE outperforms other
methods in all cases. Specifically, conventional long-tailed
classification methods maintain relatively acceptable per-
formance in the head and medium categories but show
notable weakness in the tail classes. For example, com-
paring BBN with DB Focal horizontally, one is a well-
performing method in the first group, while the other is

relatively weaker in the second group. We can find their
MAP scores for the head categories on LT-COCO dif-
fer by only 1.34%, but for the tail categories, the differ-
ence reaches 6.12%. This highlights that the traditional
re-sampling or re-weighting paradigms struggle to address
the label coupling issues in the multi-label scenario. Ad-
ditionally, the performance of some sprcifically designed
models fluctuates across different the class types. For in-
stance, COMIC outperforms PG Loss in the medium and
tail classes, but its performance in head classes is weaker.
Ultimately, our CSSFE performs best across all metrics.
Compared to the second-best method, CPRFL, CSSFE
shows improvements of 0.10%/0.09%/0.65%/0.83% and
0.24%/0.61%/0.22%/1.08% in the total, head, medium, and
tail categories, respectively. The significant improvements
in the tail categories further demonstrate that the proposed
progressive attention enhancement mechanism greatly en-
hances the model’s ability to recognize tail classes. This
also indirectly validates our hypothesis that the primary im-
pact of long-tailed multi-label data on deep neural networks
is insufficient confidence in tail categories.

4.4. Ablation Analysis

This section focuses on an ablation study on the core mod-
ules of CSSFE. To this end, we first construct three new
sub-models. In detail, Net-0 consists of the backbone and
a normal convolutional layer, corresponding to the basic ar-
chitecture described in Section 3.2. It can be regarded as
the baseline. Net-1 adds text clues to the baseline, which
can be deemed as CSSFE without the progressive attention
enhancement module. Net-2 further incorporates the pro-
gressive attention module into Net-1. However, it only ad-
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justs global attention through semantic association without
introducing the binary mask (see Equation 2) for selective
regulation. Apart from the three new sub-models mentioned
above, the fully implemented CSSFE is recorded as Net-3
here for the ablation study. Then, we apply them to LT-VOC
and LT-COCO and count the classification results, which
are summarized in Figure 4.

Upon the observation, we can first confirm that all el-
ements in CSSFE contribute positively. The performance
of total categories of Net-0 to Net-3 shows a stepwise im-
provement across the two datasets. Second, the textual
information embedded in the pre-trained language models
greatly benefits the long-tailed multi-label image classifi-
cation task. This is evident in the significant performance
improvements of Net-1 compared to Net-0. Third, by com-
paring Net-2 with Net-1, we find that adjusting the model’s
attention to different categories based on semantic relation-
ships is feasible. The overall performance is enhanced,
however, this increase comes at the cost of reducing perfor-
mance on head categories (LT-VOC) or both head and mid-
dle categories (LT-COCO) in exchange for improved per-
formance on tail categories. The primary reason behind this
is that the number of tail categories is limited, and their se-
mantic relationships often reduce the model’s confidence in
other categories, thus affecting the model’s decisions. This
highlights the necessity of our unidirectional attention en-
hancement from head to medium to tail. As a result, Net-3
demonstrates apparent improvements in performance across
overall, head, medium, and tail categories.

Due to space limitations, the effects of different feature
extraction backbones and label embeddings generated by
various pre-trained large-scale language models are studied
in the Supplementary Material.

4.5. Further Study

In this paper, we process feature learning analysis of deep
neural networks and conclude that when confronted with
long-tailed multi-label data, models retain basic localiza-
tion capabilities but struggle to produce high-confidence
scores for tail categories. Motivated by this finding, we pro-
pose a progressive attention enhancement method that im-
proves overall classification performance by adjusting the
class activation maps for specific categories. To demon-
strate the broad applicability of our conclusion and core
methodology, we embed our progressive attention enhance-
ment mechanism into the top 3 long-tailed multi-label im-
age classification methods mentioned in Section 4.3 (i.e.,
Bilateral-TFS, CAE-Net, and CPRFL) and examine if the
behavior of new models (marked by †) would be strength-
ened or not. Note that the new models combine the original
feature extractors and classifiers with the progressive atten-
tion enhancement mechanism.

The comparison results between new models and their

(a)

(b)

Figure 4. Ablation analysis of the impact of key modules on our
proposed CSSFE. (a) on LT-VOC.(b) on LT-COCO.

Table 2. The mAP (%) performance of the top-3 long-tail multi-
label image classification methods mentioned in Section 4.3 and
three new models (marked by †) using their feature extractors and
loss functions combined with our progressive attention enhance-
ment mechanism.

Dataset LT-VOC

Methods total head medium Tail

Bilateral-TFS 81.58 75.88 84.11 83.95
Bilateral-TFS† 85.66 81.04 89.32 86.26

CAE-Net 81.61 74.00 85.35 85.28
CAE-Net† 85.83 81.16 90.41 86.14

CPRFL 86.28 81.84 90.51 86.43
CPRFL† 86.32 81.88 90.78 86.96

Dataset LT-COCO

Methods total head medium Tail

Bilateral-TFS 56.38 55.93 58.26 54.29
Bilateral-TFS† 65.79 65.32 70.24 60.58

CAE-Net 57.64 52.37 61.18 57.63
CAE-Net† 66.18 65.26 70.38 61.26

CPRFL 66.69 66.35 70.99 61.33
CPRFL† 66.82 66.41 71.14 61.48

original versions counted on LT-VOC and LT-COCO are
summarized in Table 2. Delightedly, the new models
demonstrate consistent improvements in all cases, regard-
less of the used backbones (including convolutional neu-
ral networks and Transformers) and loss functions (such as
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(a) (b) (c) (d) (e) (f)

Figure 5. Images in the first row are randomly selected from LT-COCO, the second row is the class activation maps generated by CSSFE
without the progressive attention enhancement module, and the third row is the class activation maps generated by the complete CSSFE.
(a) Head category: person. (b) Head category: cup. (c) Medium category: cat. (d) Medium category: dog. (e) Tail category: airplane. (f)
Tail category: train.

ASL and DB losses). For instance, on the LT-VOC dataset,
Bilateral-TFS†shows an increase in the overall score from
81.58% to 85.66%, with similar improvements observed in
the head, medium, and tail categories. These results in-
dicate that our progressive attention enhancement mecha-
nism successfully re-calibrates the class activation maps, al-
lowing the model to assign higher confidence scores to tail
categories while maintaining or even improving the perfor-
mance on the head and medium categories. It is worth em-
phasizing that the progressive attention enhancement mech-
anism is based on the conclusion that although the deep neu-
ral network is less sensitive to the features of the tail cate-
gory, its inherent localization ability can still be effectively
activated (see Section 3.2). Therefore, the above-mentioned
architecture-independent improvement effect not only veri-
fies the effectiveness of the proposed progressive attention
enhancement module but also proves the generalization of
the conclusions we analyzed.

4.6. Visualization and Analysis

To better understand how our approach enhances the deep
neural network’s ability to learn features from long-tailed
multi-label data, we trained two models. One is a par-
tial CSSFE, in which the progressive attention enhancement
module is removed. The other one is the complete CSSFE.
Then, we visualize their class activation maps across differ-
ent categories to assess their sensitivity. As shown in Fig-
ure 5, the complete CSSFE (the third row) can comprehen-
sively extract features for all classes—particularly for the
tail categories—demonstrating a significant improvement in
attention compared to the partial CSSFE (the second row).
Moreover, the complete CSSFE filters redundant informa-

tion and achieves precise localization. For example, in Fig-
ure 5a, the upper right corner of the attention map in the
second row has an incorrect activation, which is diluted in
the third row. In addition, the attention maps in the third
row have significantly fewer spots in the irrelevant area than
those in the second row. Overall, our CSSFE significantly
improves the feature extraction capabilities of deep neu-
ral networks across various classes, yielding notable advan-
tages in long-tailed multi-label image classification tasks.

5. Conclusion

In this paper, we diverge from previous research by investi-
gating the impact of long-tailed distribution on multi-label
classification models from the feature learning perspective.
Our analysis reveals that deep neural networks can localize
class-related regions in long-tailed multi-label image data
but lose sensitivity to low-frequency categories. Motivated
by this, we propose CSSFE. It first uses the feature extrac-
tion backbone to learn the attention area related to the label.
Then, it selectively corrects the weights related to the low-
frequency categories based on the semantic connection. Fi-
nally, the image features and semantic information are com-
bined to complete the classification task. Superior experi-
mental results demonstrate the general applicability of our
findings and the proposed method.
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