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Abstract

Multi-label image recognition stands as a foundational task in computer vision. Recently,
vision-language models have achieved significant progress in this domain. However, previous
approaches mostly utilized language models in a simplistic manner, without fully leveraging
their potential. To address this, we propose a Mamba-enhanced Visual-Linguistic Represen-
tation (MVLR) framework for multi-label image recognition, which aims to better leverage
the capabilities of the visual-linguistic representations. In our MVLR, we first propose a
Prompt-Driven Label Representation learning (PDLR), which consists of both hard and
soft prompts for acquiring comprehensive semantic knowledge for all labels from the large
language model. After extracting the label representations, we propose an Interaction and
Fusion Model (IFM) to interact with those representations and then fuse them together.
To be specific, IFM first employs a label attention to explore the label co-occurrence rela-
tions and a context-aware attention to adaptively aggregate context information into label
representations. Then, IFM further employs a channel attention to fuse the two features
together, forming more reliable and effective label representations. Finally, we propose a
Quadruplet Mamba-enhanced Visual- Linguistic block (QMVL) to mutually interact with
visual and linguistic features with the strong structure of Mamba. Our QMVL simulta-
neously emphasizes the features of both visual and linguistic modalities, which is greatly
different from previous works of taking linguistic information as a secondary supplementary
item. Extensive experiments on several popular datasets, including MS-COCO, Pascal VOC
2007 and NUS-WIDE for general multi-label recognition, demonstrate the superiority of our
MVLR.

1 Introduction

Multi-label recognition (MLR) |Chen et al.[(2019a)); [Wang et al.| (2020); [Du et al.| (2024) is a foundational yet
challenging task in computer vision that enables comprehensive scene understanding through simultaneous
identification of multiple labels within a single image. This capability holds transformative potential for
critical applications including: (1) intelligent surveillance systems requiring real-time analysis of human
attributes [Tan et al. (2020); Wu et al| (2022); Wang et al| (2022)), (2) next-generation retrieval systems
with semantic-aware search capabilities [Wei et al.[(2024)), and (3) medical image diagnosis where multi-label
annotation improves diagnostic accuracy. Despite decades of research, current MLR systems still struggle
with complex label correlations and semantic gaps, particularly in handling the interplay between visual and
linguistic modalities - a fundamental limitation our work directly addresses.

With the emergence of vision-language pre-training techniques [Radford et al.| (2021); Jia et al.| (2021)), many
recent works |Chen et al.| (2019al); |[You et al.| (2020); Wang et al.| (2020); Zhao et al.| (2021)); [Zhu et al.| (2022);
Li et al.| (2023b) have utilized the linguistic modality to supplement semantic information into the visual
features. Leveraging the rich semantic knowledge present in large language models, these approaches have
shown enhancements in multi-label recognition tasks. Although current methods |Chen et al.| (2019a); [You
et al.| (2020); Wang et al.| (2020)); [Zhao et al.| (2021)); |Zhu et al. (2022); [Li et al. (2023b) have made good
progress for multi-label image recognition through utilizing visual-linguistic information, there are still some
shortcomings. First, the knowledge extraction challenge persists in current paradigms. To be specific, the
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current methods all use rudimentary techniques to acquire knowledge of the large language models, failing to
fully harness the potential of these expansive models. For example, most methods |Chen et al.| (2019al); [You
et al.|(2020)); Wang et al.[(2020);|Zhu et al.[(2022) rely on static label names as sole inputs to language models,
generating rigid linguistic embeddings. This static approach fundamentally limits the model’s capacity to
capture dynamic semantic relationships. Second, the correlation modeling challenge emerges from isolated
label processing. Existing frameworks extract label embeddings independently without modeling inter-
label dependencies (e.g., "dog" — "animal" or 'running" — "motion"), overlooking the hierarchical and
compositional nature of semantic structures that could significantly boost recognition accuracy. Third,
treating linguistic features as secondary supplements neglects their importance. While modern language
models can produce discriminative embeddings [Radford et al.|(2021), current architectures fail to establish
equitable cross-modal interaction mechanisms, creating an information bottleneck that undervalues linguistic
cues compared to visual features. Therefore, placing more emphasis on linguistic features and conducting
more in-depth visual-linguistic interactions could largely enhance the model’s capabilities.

In order to address the aforementioned problems, we propose a Mamba-enhanced Visual-Linguistic
Representation (MVLR) framework for multi-label image recognition. Inspired by previous works Mehta
et al.| (2022)); [Yao et al| (2023), we formulate a Prompt-Driven Label Representations learning (PDLR) to
tackle the first issue. The goal of PDLR is to extract reliable and comprehensive linguistic embeddings
for all labels. To be specific, we take two kinds of prompts as inputs of the language model for acquiring
semantic knowledge. One is the hard prompts, where the prompts follow the hand-crafted templates like
“a photo of a [CLS].". “[CLS]" represents a label name like “table" or “bird". The other is soft prompts,
where all prompts are set as learnable embeddings, which could be adaptively adjusted along with the train-
ing process. For hard prompts, they are manually set and help to extract static but accurate linguistic
embeddings for each label. For soft prompts, they are learnable embeddings guided by the training loss and
help to capture latent and necessary linguistic embeddings for all labels.

To address the second issue, an Interaction and Fusion Module (IFM) is further proposed to deeply ag-
gregate the captured label representations. In the proposed IFM, we first conduct a label attention to
explore the label co-occurrence among different labels based on the extracted label embeddings w.r.t hard
prompts. Then, we further conduct a context-aware attention module based on the extracted label em-
beddings w.r.t soft prompts to adaptively aggregate context information into label representations, which
explores the contextual-aware label attention. Specifically, we further propose a knowledge-to-context regu-
larization (KCR) loss to constrain the two features from learning similar representations, further enhancing
the generalization ability. Later, we further fuse the above two kinds of features by using a channel interac-
tion, which forms more effective, reliable and comprehensive label representations. As we can see, the core
of our proposed IFM is to facilitate interactions among various label representations, establishing profound
connections between different labels. As a result, the proposed IFM could overcome the limitation of the
isolated process of extracting label features in PDLR.

To overcome the third problem, we further conduct a mutual interaction between visual and linguistic modal-
ities by a proposed Quadruplet Mamba-enhanced Visual-Linguistic block (QMVL), which is constructed on
the Mamba structure |Zhu et al.| (2024b)) of good at modeling the sequence relations. Different from existing
methods [Chen et al| (2019a); [You et al.| (2020); |Wang et al.| (2020); |Zhu et al.| (2022 [2023) where textual
information is only unidirectionally integrated with visual information, our proposed QMVL allows a bidi-
rectional interaction between the two modalities. In QMVL, we merge visual and linguistic features in both
forward and inverse sequences to generate four concatenated features. Each feature pair corresponds to ei-
ther the visual or linguistic modality, which is then fed into a Mamba block |Zhu et al.| (2024b]), for extracting
the respective features. In this module, the Mamba structure is taken for visual-linguistic interaction due to
its strong ability in relation modeling. Specifically, both forward and inverse sequences are employed in the
Mamba block, which aims to extract more order-independent relations and representations. Finally, unlike
previous methods |[Chen et al.| (2019a); [You et al.| (2020)); [Wang et al.| (2020); |Zhu et al.| (2022; 2023) that
employ fixed classification weights (e.g., linear layers) to generate the final predictions, our method predicts
the scores based on the similarity between these two representations (i.e., the dot product of visual and
feature representations), where the visual features represent the input features and linguistic features denote
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the class center of each label. In this way, it achieves input-adaptive category centers, largely enhancing the
model’s generalization capability. To sum up, the main contributions of this work include:

o We propose the Mamba-enhanced Visual-Linguistic Representation (MVLR), a novel visual-
linguistic representation learning framework for multi-label image recognition, which achieves state-
of-the-art performance on multiple widely used benchmarks.

o We propose an Interaction and Fusion Module (IFM) to deeply aggregate the label representa-
tions. Specifically, multiple attention mechanisms including a label attention, a context-aware label
attention and a channel attention are employed to capture label relations and establish profound
connections between different labels.

o We propose a Quadruplet Mamba-enhanced Visual-Linguistic attention (QMVL) to conduct a bidi-
rectional interaction between visual and linguistic modalities based the Mamba structure. The
proposed QMVL simultaneously emphasizes the features of both modalities thereby maximizing the
utilization of language models in the process.

2 Related Work

2.1 Multi-Label Classification

Multi-label recognition Wang et al.| (2016)); Liu et al.| (2022) is a crucial task within computer vision. Early
methodologies [Ye et al.| (2020)); Lanchantin et al| (2021) primarily focused on a single visual modality as
the input, often employing Recurrent Neural Networks (RNN) and graph-based models for modeling the
label relations. For instance, Wang et al. [Wang et al.| (2016]) investigate semantic correlations by integrating
RNN with the feature extractor, while some other researchers [Ye et al.| (2020); Tan et al. (2020) consider
using the graph convolutional network (GCN) to capture the relations among different labels. Recently,
transformer [Vaswani et al.| (2017) has been proposed and demonstrated strong abilities in relation modeling
especially for long sequences Lanchantin et al.| (2021)); |Weng et al.| (2023). Recently, inspired by the success of
vision-language models, PatchCT [Li et al.| (2023b]) leverage the rich semantic priors from CLIP to implicitly
capture label relationships. Some works |Tan et al.| (2025)); [Li et al| (2023D)) also utilize the Optimal Transport
to capture the model the relationships between image features and labels.

Most previous methods Tan et al.| (2019; 2020) solely rely on the visual modality, resulting in a limited
capacity of the model in semantic understanding. Recently, a large number of language models [Devlin et al.;
@D have been proposed and have achieved great success in related fields. Many researchers |Chen et al.
2019alb); Wang et al| (2020); [You et al| (2020); [Liu et al.| (2021); Zhu et al.| (2022)); [Zhao et al. (2021)); [Zhu
let al|(2023)); Li et al.|(2023b) also realize the importance of language modality and gradually use both visual
and linguistic modalities to address multi-label image recognition problems, usually incorporating linguistic
modalities to enrich semantic information. For example, You et al. (2020) propose a cross-modality
attention module to merge visual features and label embeddings.

It is a feasible approach to leverage both visual and linguistic modalities for addressing multi-label image
recognition. For example, Wang et al. [Wang et al.| (2024a) propose a CLIP-guided vision-language fusion
framework for pedestrian attribute recognition, where several transformer blocks are employed to fuse vision
and language features for final recognition. Our proposed method is developed based on the visual-linguistic
features. Compared to previous works, we aim to achieve a more in-depth visual-linguistic representation
learning by the proposed PDLR, IFM and QMVL, which targets extracting effective label representations,
exploring in-depth label relations, and conducting comprehensive interactions, respectively.

2.2 \Vision-Language Models

The utilization of large-scale vision-language pre-training has emerged as a potent strategy spanning a di-
verse array of visual tasks Sun et al. (2022); [Radford et al|(2021). Vision-language models (VLMs)
let al|(2021)); [Jia et al| (2021)) harness a contrastive-based pre-training methodology to forge a cohesive rep-
resentation uniting visual and linguistic elements, building a strong connection between the two modalities.
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Many researchers have achieved good applications in downstream tasks using vision-language models
(2022)). For example, CoOp [Zhou et al.|(2022D)) replaces manual prompts with learnable context vectors
for efficient adaptation, while CoCoOp [Zhou et al.| (2022a)) extends this by generating instance-conditional
prompts to improve generalization on unseen classes.  DualCoOp |Sun et al| (2022) leverages the CLIP
model Radford et al| (2021) for multi-label image recognition for achieving fast adaption by only using lim-
ited annotations. Similarly of address the problem of multi-label image recognition, Ding et. al
explore the structured semantic prior based on the extracted linguistic embeddings, which facilitates
the task of multi-label image recognition. Recently, there has been a trend among researchers to merge
pre-trained language and vision models to create robust Vision-Language Models (VLMs). Examples of such
models like Flamingo |Alayrac et al| (2022)), BLIP-2 (2023a)), MiniGPT-4 [Zhu et al| (2024a) and
LLaVA [Liu et al| (2024a). These models have demonstrated impressive capabilities across various visual
tasks. For example, Flamingo [Alayrac et al.| (2022)) introduced gated attention mechanisms for modality in-
teractions, showcasing promising few-shot learning capabilities. In this paper, our proposed method is also
constructed based on vision-language models, achieving reliable multi-label image recognition by learning
robust visual-linguistic representations.

2.3 State Space Model

Being at the forefront of the State-Space Models (SSMs) era, Gu et al.|Gu et al.| (2022); [Wang et al.| (2024Db)
introduced the innovative Structured State-Space Sequence (S4) model, which serves as an alternative to
convolutional neural networks (CNNs) or transformers for effectively capturing long-range dependencies. A
recent advancement by the work [Smith et al| (2023)) introduces the S5 layer, which incorporates MIMO
SSM and efficient parallel scanning into the existing S4 layer architecture. Concurrently,
introduces the H3 SSM layer, further enhancing the efficacy of SSMs. In a recent development,
introduced a versatile language model known as Mamba. Specifically, Mamba surpasses transformers
in performance metrics across diverse scales of extensive real-world data. The research of Mamba has piqued
the research interest of many researchers, where lots of Mamba-based works are proposed and achieved
promising applications in various tasks, like Vision Mamba [Zhu et al.| (2024b); Wang et al. (2024b). More
works about state-space models can be refer to related surveys, like Wang et al.| (2024b)). VideoMamba
(2024), Pointmamba [Liang et al| (2024), Swin-umamba [Liu et al.| (2024b) and so on. In this study,
we aim to extend the application of Mamba to the domain of multi-label image recognition. The primary
focus is on harnessing the robust structure of Mamba to facilitate visual-linguistic interactions.

3 Proposed Method

The overall pipeline of our MVLR framework is shown in Figure[I]} In the following sections, we will introduce
PDLR, IFM and QMVL in details.

3.1 Preliminary

Notations. For multi-label image recognition, assume the input image I € R¥T*W>3 is labeled with C
candidate categories, where y € R® represents the multi-hot label vector and y; = 1 means the input image
contains the j label and vice versa. For the input image I, we employ an image encoder (e.g., ResNet
or ViT [Wang et al.| (2021)) to extract visual featuresX € RM*9 where M indicates the number
of pixels or patches, and d is the feature dimension.

Attention mechanism. Transformer has achieved significant success in visual tasks [Wang et al.| (2021);
|Chen et al.| (2021)); |Arnab et al.| (2021), particularly due to its well-designed attention mechanism, which
exhibits strong capability in relation modeling. Typically, there are two kinds of attention mechanisms in
the transformer, i.e., self-attention and cross-attention. For self-attention, it models the relations among the
elements within an input sequence E € RM*94 (M is the number of vectors and d denotes the dimension of




Under review as submission to TMLR

the features), which is formulated as:

T

Self-Attn(E) = softmax(Q

Vd
where Q = EWg, K = EWg,V = EWy,

WV, W

where Wg, Wi and Wy, are learnable weights. We take M = softmax(QTI;T) to denote the attention map

that captures the pair-wise relations of vectors in E. In contrast, cross-attention takes different sources as
input and is good at capturing cross-domain interactions. Suppose the inputs are denoted as E and Z, the

process is formulated as:
-

Cross-Attn(E, Z) = softmax( @ WV,

Vd
where Q = EWg, K = ZWg,V = ZWy.

(2)

State Space Model. State Space Models (SSM) (Gu et al.| (2022)) are designed around continuous systems
that map a 1-D function or sequence, z(t) € RY — y(t) € R”, through a hidden state h(t) € RY. Assume
the evolution parameter of the system is denoted as AN*Y and the projection parameters are denoted by
BV and C'*¥ | the SSM system model the input data via an ordinary differential equation (ODE) as
following:

R'(t) = Ah(t) + Bx(t), y(t) = Ch(t). (3)

In recent Mamba structures |Gu & Dao| (2024)); Mehta et al.| (2022)), they approximate the continuous ODE
through a discretization, where a timescale parameter A is employed to transform the continuous parameters
A, B to their discrete form A, B. To be specific, the typical transform method is zero-order hold (ZOH),
which can be represented as follows:

A =exp(AA), B = (AA) ' (exp(AA) —1) - AB. (4)
After obtaining the discrete parameters A and B, the discretized version of ODE can be written as:

ht = Kht_l +§It, Yy = Cht (5)

3.2 Prompt-Driven Label Representations Learning

Large VLMs Radford et al.| (2021); [Jia et al| (2021)) typically encompass a wealth of semantic knowledge
since the pre-training on large-scale image-text pairs. Therefore, by setting appropriate textual inputs for
each label, the embeddings extracted by the language model will contain the underlying semantic relations
between different labels. For example, the textual embeddings of “trees” and “lawn” are likely to be close,
while “television” and “elephant” may be more distant. In the realm of large language models, these suitable
textual inputs are referred to as “prompts”. Inspired by previous works Mehta et al.| (2022)); Yao et al.[(2023)),
we formulate a Prompt-Driven Label Representations learning (PDLR) for obtaining the well linguistic
embeddings for all labels in this section. In the proposed PDLR, two kinds of prompts, namely hard and
soft prompts, are taken as inputs for the large language model.

Hard prompts. For the hard prompts, we take the hand-crafted templates (i.e., hard prompts) “This
photo contains [CLS].” as the inputs for all C' labels. Then the text encoder is adopted to extract C' label
embeddings w.r.t the hard prompts, which are denoted as Therd = {¢hard _ thard} ¢ REX4 where d is the
hidden dimension of CLIP.

Soft prompts. Based on the above hard prompts, the networks could extract accurate linguistic embeddings
for all labels. However, all prompts are manually set and will not be changed according to the training loss.
Inspired by |Zhou et al.| (2022bgal), we also utilize a set of soft prompts to extract label embeddings, where all
prompts are learnable embeddings and will be adjusted to the optimal representations during the training
process. To be specific, we prepend L prompt tokens to each label and yield “[p1][p2]...[pr][s;]”, where p; €
R? is learnable to adapt the task and s; is the word embedding of the 4t label name. Then the sequences are
fed into text encoder to extract C' label embeddings, which are denoted as T/t = {#5°7*) .. 207"} ¢ RO*4.
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Figure 1: Overview of the proposed MVLR framework. 1) PDLR adopts both hard prompts and soft
prompts to model label representations. 2) IFM deeply aggregates the label embeddings from hard and soft
prompts with several attentions and interactions. And Lxcg is measured to enhance the generalization. 3)
QMVL employs a quadruplet mamba structure to perform cross-modal interaction. The context-aware label
representations are then regarded as the classification weights and the prediction is based on the similarity
between these two representations, which achieves input-adaptive category centers.

3.3 Interaction and Fusion Module

To fully leverage the strengths of the extracted label
representations, we propose an Interaction and Fusion
Module (IFM). As shown in Figure in the proposed
IFM, we first explore the label relations among the
extracting label representations T*® and T°®. To be W e
specific, for the labels embeddings T*¢ (w.r.t the hard ==
prompts), we employ a label attention to explore | 15/t e RO
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the label embeddings T<* w.r.t the soft prompts, we § i3 e
further propose a context-aware attention mod- > § —4 '%CaERCX 2

ule to adaptively aggregate context information into
label representations and model the context-aware la-
bel relation. Later, we employ a channel attention
to interact with the two kinds of label representa-
tions. Finally, we propose a Relation Aggregation
to aggregate the relation-enhanced label representa-
tions together.

Figure 2: Illustration of the Interaction and Fu-
sion Module (IFM). Label attention and Context-
aware attention are first applied to capture label re-
lations and cross-modal dependencies, respectively.
Then T*® and T are deeply aggregated through
channel interaction. Two relation maps are then
Label attention. We perform a label attention gathered to refine the final label representations.
on the extracted label embeddings T7"¢ (w.r.t hard

prompts) to capture the knowledge-guided relations,

which is formally written as:
Tk M = Self-Attn(T"?), (6)

where T** € RC*? is the relation-enhanced label embeddings. M** € RE*C denotes the knowledge-
guided attention map, where Mff depicts the relation between t?‘"d and t;“"d, indicating the underlying

co-occurrence probability of the i*" and the ;" label.

Context-aware attention. As mentioned above, the proposed label attention could extract rich semantic
knowledge and relations. However, such information is static and independent of the input image. To
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address this, we further propose a context-aware attention module to capture context-aware label relations
based on the image features and label embeddings w.r.t soft prompts. To be specific, we condition the label
embeddings T"*"¢ (w.r.t soft prompts) on visual features, which is formulated as:

T'°0ft = Cross-Attn (T, X)
T, M = Self-Attn(T %),

)

(7)

where T 0/t captures the interaction between each label representation and all spatial regions. T°® is the
context-aware label representations and M represents the context-aware attention map. In this way, fine-
grained context clues would be incorporated into static label semantics, which makes the extracted label
embeddings more reliable.

Channel interaction. To deeply interact the relation-enhanced label representations T** and T°¢, specif-
ically, we propose a channel interaction between them to continually inject general knowledge to T, which
is formulated as:

T°* = T + MLP([T**, T°]), (8)

where MLP(-) denotes a Multi-Layer Perceptron and [-] denotes the concatenation operation. For simplicity,
we reuse the notation T°* for the modulated embedding. Moreover, soft prompting is potential to overfit
the seen data and forget the general knowledge Bulat & Tzimiropoulos| (2023); [Yao et al.| (2023)). Therefore,
we further introduce a knowledge-to-context regularization (KCR) loss to enhance the generalization ability,
which is formulated as:

c ka (pca\T
1 tre(ts)
Lror= 7D (1 - 5=r0). (9)
C; [yl |

The goal of KCR is semantic alignment, rather than obtaining diversity features. The KCR loss prevents the
two branches from drifting apart while allowing them contain complementary information, which facilitates
the later feature fusion. Both T°* and T*? are label embeddings extracted through distinct methods. By
minimizing the distance between them via Eq.[9] these embeddings converge to similar representations. This
alignment reduces intra-class variance for each label, thereby enhancing model generalization.

Relation aggregation. Besides, the relation among labels should consider both general knowledge and
practical contexts. Therefore, we propose to aggregate knowledge-guided attention map MF® and context-
aware attention map M through a re-weighting scheme. The aggregated map is then adopted to enhance
the label representations:

T = (aM* 4 (1 — a) M) T, (10)

where « is set to be learnable and T € R¢*? denotes the relation-enhanced label representations.

3.4 Quadruplet Mamba-Enhanced Visual-Linguistic Attention

While we have established prompt-driven label representations, the mutual interaction between visual and

linguistic modalities remains underexplored. Inspired by recent advancements in state space models
(2024b)), we propose the Quadruplet Mamba-enhanced Visual-Linguistic (QMVL) attention module to
facilitate deep cross-modal interaction.

The standard Mamba architecture is inherently causal, meaning the captured dependencies are sensitive to
the input sequence order. To overcome this limitation and achieve comprehensive bidirectional modeling
between visual features X and label embeddings T, we formulate QMVL using a quadruplet input strategy.
Specifically, we construct four distinct sequences by concatenating X and T in different orders:

H; = concat(X,T),

H, = concat(X, inv(T)),

H; = concat(T, X),

H, = concat(T, inv(X)),

(11)

where concat denotes concatenation and inv represents sequence reversal. These four sequences are designed
to systematically cover all necessary interaction directions:
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o Cross-Modal Conditioning (H; vs. H3): By physically swapping the order of modalities (Visual
— Linguistic in Hy, Linguistic — Visual in Hg). This ensures that each modality can serve as the
context for the other.

o Bidirectional Scanning (H; vs. Ha, Hz vs. Hy): To mitigate the order dependency within
each modality, we introduce reversed sequences (Ha and Hy). For instance, processing both H; and
H, allows the model to capture linguistic dependencies from both forward and backward directions
relative to the visual context.

The sequences H; and Hsy are processed by a shared Mamba block to refine the linguistic embeddings
T7/, while Hs and Hy are processed by a separate Mamba block to refine the visual features X"/. The
outputs from the normal and reversed pairs are summed to produce the final order-robust representations.
The detailed architecture of the Mamba block, which comprises a normalization layer, linear projections,
activations, and an SSM block, is illustrated in Fig. [T} Further technical details on the Mamba block can be
found in |Zhu et al.| (2024b).

3.5 Visual-Linguistic Enhanced Training

Different from previous works |Chen et al.| (20192); You et al| (2020); Wang et al| (2020); Zhu et al. (2022}
that employ fixed classification weights (e.g., linear layers) for recognition, we regard each label lin-
guistic representation as the center of the corresponding category, which is an input-adaptive manner and
helps to enhance the model’s generalization capability. To be specific, the presence probability of the ;"
label is predicted through measuring the similarity between visual representation X"/ and the j* label
representation T;f :

p; = sigmoid(X™ (T]")T), (12)

where sigmoid(-) is the sigmoid function to map the predicted logit into a probability. Based on final
predictions in Eq. [12] the Asymmetric Loss [Ridnik et al. (2021)) is employed for multi-label classification:

C 'y —
1—p;)" logp;, y;=1,
Lors =5 Z { (13)
= U p] log(1—pj), w; =0,
where v and v~ are asymmetric focusing parameters for positive and negative samples, respectively.
Together with the hard-to-soft regularization loss, the final objective is defined as:
L=Lcrs +Akcr, (14)

where A is a hyper-parameter to make a trade-off between the two losses.

4 Experiments

4.1 Datasets and Metrics

We employ six datasets for evaluation in total. To be specific, MS-COCO (2014), PASCAL VOC
2007 Everingham et al.|(2010) and NUS-WIDENUS-WIDE |Chua et al.| (2009) are adopted for general multi-
label image recognition. The details of the datasets would be introduced in the Appendix. Following the
previous works Wang et al|(2016); |Chen et al.| (2019b)); |Zhu et al.| (2023), the mean average precision (mAP)
is reported to evaluate the overall performance for general multi-label image recognition. Besides, we also
report Class-wise Precision (CP), Recall (CR), F1 (CF1), and the average Overall Precision (OP), Recall
(OR), F1 (OF1). Note that “CF1" and “OF1" are more informative since Precision and Recall vary with the
threshold.

4.2 Implementation Details
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Table 1: Comparison (%) to state-of-the-art methods on MS-COCO. Results with different backbone
and input resolution are reported. Among them, mAP, OF1, and CF1 are the primary metrics (highlighted
in red) as the others may be significantly affected by the threshold.

. ALL Top-3

Method Backbone Resolution | mAP CP CR CFlL OP OR OFll CP CR CFlI OP OR OFI
ML-GCN [Chen et al.[(2019b) ResNet101 — (448,448) | 83.0 85.1 720 78.0 85.8 754 80.3] 89.2 641 746 90.5 66.5 76.7
CMA [You et al.[(2020 ResNet101 (448, 448) | 834 821 73.1 77.3 83.7 763 79.9| 872 64.6 742 89.1 66.7 76.3
ASL 202 ResNet101 ~ (448,448) | 850 - - 803 - - 83| - - - - - -

Q2L-R101 [Liu et al| ResNet101 (448, 448) | 849 848 745 79.3 86.6 76.9 81.5| 780 69.1 73.3 80.7 70.6 75.4
SALGL |Zhu et al.[(2023] ResNet101 (448, 448) | 858 87.2 745 80.4 87.8 77.6 82.4| 90.4 65.7 76.1 91.9 67.9 78.1
MambaML|Zhu et al.[(2025] ResNet101 (448, 448) | 85.7 86.1 75.1 80.3 87.7 77.6 82.3| 89.4 66.5 763 915 68.2 78.1
MVLR ResNet101 (448, 448) | 88.5 83.1 82.5 82.8 83.5 85.3 84.4 88.7 69.4 77.9 90.5 71.3 79.8
SSGRL [Chen et al.|(2019a ResNet101 (576, 576) | 83.6 89.5 68.3 76.9 91.2 70.7 79.3| 91.9 62.1 73.0 93.6 64.2 76.0
C-Tran [Lanchantin et al.[(202 ResNet101 (576, 576) | 85.1 86.3 743 79.9 87.7 765 81.7| 90.1 65.7 76.0 92.1 714 776
ADD-GCN|Ye et al. ResNet101  (576,576) | 85.2 84.7 759 80.1 84.9 79.4 820| 8.8 66.2 758 90.3 68.5 77.9
Q2L-R101 [Liu et al | ResNet101 (576, 576) | 86.5 85.8 76.7 810 87.0 78.9 82.8| 904 66.3 76.5 924 67.9 783
SALGLz ResNet101  (576,576) | 87.3 87.8 768 819 8.1 79.5 83.6| 91.1 66.9 77.2 924 69.0 79.0
MambaML [Zhu et al.[({2025 ResNet101 (576, 576) | 86.7 86.9 764 813 88.0 79.0 83.2] 90.0 67.1 76.9 91.9 688 78.7
MVLR ResNet101 (576, 576) | 89.0 83.0 83.7 83.3 83.7 86.8 85.2 89.3 70.2 78.6 915 72.0 80.6
M3TR |Zhao et al.|(2021 ViT-B/16  (448,448) | 87.5 88.4 77.2 825 88.3 79.8 83.8| 91.9 68.1 782 92.6 69.6 79.4
PatchCT [Li et al.|(2023b ViT-B/16 (448, 448) | 83.3 83.3 82.3 82.6 842 837 83.8|90.7 69.7 788 90.3 70.8 79.8
MVLR ViT-B/16 (448, 448) | 90.4 853 84.2 84.8 852 87.2 86.2 91.2 70.8 79.7 92.1 72.6 81.2

Table 2: Comparison (%) to state-of-the-art methods on Pascal VOC 2007. Results are reported
in terms of class-wise average precision (AP) and mean average precision (mAP). { indicates the ViT-B/16

backbone is used.

Method aero bike bird boat bottlebus car cat chair cow table dog horse motorpersonplant sheepsofa train tv | mAP
SSGRL |Chen et al.|(2019a 99.5 97.1 97.6 97.8 82.6 94.8 96.7 98.1 78.0 97.0 85.6 97.8 98.3 96.4 98.8 84.9 96.5 79.8 98.4 92.8| 934
ML- GCNﬂ 99.5 98.5 98.6 98.1 80.8 94.6 97.2 98.2 82.3 95.7 86.4 98.2 98.4 96.7 99.0 84.7 96.7 84.3 98.9 93.7| 94.0
[2019b}

S oL o o oo . - - - - - | 944

99.9 98.8 98.3 98.2 81.6 96.5 98.1 97.8 85.2 97.0 89.6 98.5 98.7 97.1 99.2 86.9 96.4 89.9 99.5 95.2 95.1

99.8 98.6 97.8 98.0 82.8 96.3 98.1 98.3 84.0 96.7 88.3 98.2 98.6 96.8 99.0 87.5 96.8 89.8 99.2 95.1] 95.0

99.7 98.1 98.5 99.2 87.C 98.2 98.2 98.¢ 86.7 98.5 89.€ 99.2 98.7 97.7 99.3 88.2 97.€ 87.0 99.3 94.1 95.7

Q2L-TRL |Liu et al.|(2021 99.9 98.9 99.0 984 87.7 98.6 98.8 99.1 84.5 98.3 89.2 99.2 99.2 99.2 99.3 90.2 98.8 88.3 99.5 95.5 96.1
MSTRT.2021 99.9 99.3 99.1 99.1 84.0 97.6 98.0 99.0 85.9 99.4 93.9 99.5 99.4 98.5 99.2 90.3 99.7 91.6 99.8 96.0| 96.5
PatchCT .2023 100.0 99.4 98.8 99.3 87.2 98.6 98.8 99.2 87.2 99.0 95.5 99.4 99.7 98.9 99.1 91.8 99.5 94.5 99.5 96.3| 97.1
MVLR} 100.0 98.9 99.4 99.1 91.2 99.F 98.€ 99.f 91.1 99.% 93.1 99.& 99.6 98.7 99.4 90.5 99.¢ 91.0 99.¢ 96.7 97.3
Our method requires aligned visual and linguistic Table 3: Comparison (%) to state-of-the-art

features simultaneously, which is different from some
previous methods that rely solely on visual features.
Therefore, we utilize CLIP Radford et al.| (2021) for
extracting textual embeddings and visual features.
By default, we employ ResNet-101
as the image encoder. The text encoder remains
fixed during the training phase. The number of
learnable prompt tokens, denoted as L, is config-
ured to 4. Values for y© and 7~ are designated as 0
and 2, respectively. The hyper-parameter A is estab-
lished as 4.0. Input images are resized to 448 x 448

methods on NUS-WIDE. 7 indicates ViT-B/16
backbone is used.

ALL Top-3
Method mAP op OFL | CF1 OFI
614 605 73.7 | 55.5 70.0
63.9 627 746 | - -
66.3 64.1 754 | 59.5 71.0
65.9 63.7 75.0 | 59.8 70.7
MVLR 67.3 64.9 75.5|60.0 715
Q2L-TRL|Liu et al.|(2021 66.3 64.0 75.0 - -
PatchCT+ [Li et al.[(2023b 68.1 655 747 | 61.2 710
MVLR{ 68.9 66.1 76.1| 61.7 T1.7

during both the training and testing phases. The model is trained over 30 epochs using the AdamW opti-
mizer with a batch size of 32. The learning rate is defined as 0.0001 and diminishes following a cosine policy.

Consistent with prior research Ridnik et al| (2021); |Zhu et al. (2023)), we implement exponential moving

average on model parameters with a decay rate of 0.9997.

4.3 Comparison with State-of-the-art

The comparisons on MS-COCO, PASCAL VOC 2007, and NUS-WIDE are shown in Table [1, Table [2] and
Table [3] respectively. MVLR achieves state-of-the-art performance across various backbones and resolu-
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tions on all datasets, surpassing other methods with a decent margin. On the MS-COCO, compared with
SALGL [Zhu et al| (2023)) that utilized linguistic modality while hindering its role, MVLR exhibits consid-
erable performance gains, exceeding them by 2.7% mAP, suggesting the superiority of exploiting linguistic
modality. On the NUS-WIDE, our method surpasses all other methods on ResNet101 and ViT-B/16 back-
bones, achieving 67.3% and 68.9% mAP, respectively, which demonstrates the robustness of MVLR when
addressing the noisy real-world images. Moreover, we also taken PatchCT |Li et al| (2023b) for a fair com-
parison, which is also build upon the CLIP architecture with the same backbone. Our proposed MVLR also
outperforms PatchCT on all three datasets, especially on MS-COCO dataset with 2.1% mAP improvements.

The experimental results clearly confirm the effectiveness of our proposed method, and also show good
generalizability to different network architectures.

4.4 Ablation Studies

Effect of proposed modules. The foremost thing
we are interested in is the improvements brought
by the proposed PDLR, IFM and QMVL. To verify
this, we set a baseline method that utilizes pure cat-

Table 4: Ablation study (%) on the proposed
modules. The baseline method in the first row uti-
lizes the pure category names to extract label repre-
sentations.

egory names to extract label representations and no

. . . MS-COCO NUS-WIDE
further interactions are performed between modali- PDLR IFM QMVL o "cp1  OF1 | mAP CF1 OF1
ties. As shown in Table[d] the performance of using 818 673 664 | 592 423 556
pure label names is unsatisfactory, leading to poor v 834 768 80.7 | 60.6 55.0 735
CF1 and OF1. While PDLR heals the performance S, v Zg'g 2;‘2 ZZ*;’ 2?; gg;‘ Zj-g
s1gglﬁcant1y. We attribute t'hIS to that PDLR ef- / v | s62 si1 835 | 656 635 749
fectively extracts the semantic knowledge from the v v v/ | 885 82.8 84.4| 67.3 64.8 75.3

text encoder. When combined with IFM, the per-
formance achieves a large boost (+4.6% and +5.2%
mAP on COCO and NUS respectively), suggesting the effectiveness of deep fusion. Moreover, the proposed
QMVL enhances the performance significantly, e.g., improve mAP by 4.1% and 6.1% on COCO and NUS
compared to baseline. Notably, three proposed modules work mutually and bring profound improvements
when combined together, which fairly demonstrates the effectiveness of all proposed modules.

Scanning order in QMVL. Another important
thing is the effect of the scanning order in QMVL.
The mamba structure experts in processing 1-D se-

Table 5: Ablation study (%) on the scanning
order in QMVL. Different orders are illustrated in

. Figure (3]

quences, and we aim to reduce the order-dependence g

of QMVL through appropriate scanning. As shown Method Order MS-COCO NUS WIDE

o g1l appropri & mAP CF1 OF1 | mAP CF1 OFI1

in Figure [3| there are typically four ways to scan Mamba F. 874 81.3 839 | 66.1 63.7 747

the input sequences from two modalities. Figure [3] Mamba ~ O-F.B. | 87.8 819 840 ) 662 640 748
d Fi b) vi h d Mamba P-F.B.-S1 | 884 82.6 842 | 67.1 648 753

a) an Flgure ) view the concatenated sequence Mamba ~ P-F.B-S2 | 88.5 82.8 84.4| 67.3 64.9 T75.5

as a whole entity and b) further performs both for-
ward and backward scan. Figure|3|c) and Figure
d) consider the difference of sequences and apply partial reverse scanning on the former sequence and the
latter sequence, respectively. From Table |5 partial reverse scanning (P-F.B.) performs significantly better
than overall processing (O-F.B.). This is due to that reversing sequence independently is crucial for cross-
modal interaction in mamba. Reversing the latter sequence (P-F.B.-S2) exhibits slightly better performance
than the former (P-F.B.-S1), which indicates that bidirectional scanning of the current modality captures
more effective interaction.

Table 6: Comparison (%) on the cross-modal in-
teraction structure, including attention-based and
mamba structures.

Comparisons between attention-based struc-
tures and QMVL. Attention-based structures are
adopt at processing inputs from different modali-

. . . MS-COCO NUS-WIDE
ties. In this part, we compare the attention-based  Method FLOPs (G)‘ mAP CF1 OFl‘ mAP CF1 OF1
methods and our proposed QMVL. Specifically, we  Cross-Attn. 1.46 88.0 822 84.0]| 664 644 75.1
employ the standard self-attention block [Vaswani — Self-Attn. L.75 88.3 82.6 844|669 64.7 752

QMVL 1.17 88.5 82.8 84.4| 67.3 64.9 75.5

et al.[(2017) and cross-attention block|Vaswani et al.

10
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Figure 3: Illustration of the scanning order in the cross-modal mamba blocks. Typically, there
are four ways to perform scanning for the two sequences. a) “F. and b) “O-F.B.” treat the concatenated
sequence as an overall entity while b) performs both forward and backward scan. c¢) “P-F.B.-S1” and d)
“P-F.B.-S2” consider the difference of input sequences and perform partial reverse scanning. S1 and S2 come
from different modalities.

(2017) respectively. For the self-attention, inputs

from different modalities are concatenated first. As shown in Table [6] self-attention performs better than
cross-attention while suffering from larger FLOPs. Our proposed QMVL achieves better performance with
lower FLOPs, which verifies that QMVL is more efficient at cross-modal interactions. We attribute this to
that our quadruplet design enables order-independent interactions while keeping the efficiency of the mamba
structure.

Table 7: Ablation study (%) on the generation of category centers.

Is using label representa-
& P “Label Rep.” means the category centers are generated from label represen-

tions as category centers

: tations.
better? We verify the ef-

. ] Method - MS-COCO NUS-WIDE
fectiveness of using label rep- letho ext mAP CF1 OFl | mAP CF1 OF1
resentations as Category cen- Classifier Learning CLIP-Text 85.0 78.7 82.4 65.4 63.3 73.3

. Label Rep. CLIP-Text 81.6 54.6 47.7 | 586 29.1  36.6

ters. ‘{XS Sh?“’n m T‘?bli (7} Label Rep. + QMVL CLIP-Text 850 810 833 | 653 634 749

we set “Classifier Learning” as 88.5 82.8 84.4 | 67.3 64.8 75.3
MVLR CLIP-Text O ¢ X ORI

a reference, Where we perform (13.5) (14.1) (12.0) | (11.9) (11.5) (12.0)

i-di t 1 int t Classifier Learning BERTBase 84.8 783 821 | 648 63.1 73.7

an uni-directional interaction Label Rep. BERTBase 83.6 781 818 | 602 575 73.6

and C traditional classifiers Label Rep. + QMVL BERTBase 857 80.8 83.0 | 649 631 746

are learned. Accordinelv. “La- B 87.8 82.1 83.9 | 66.5 64.2 74.9

& WANAESS BERTBase (13.0) (13.8) (11.8) | (11.7) (11.1) (11.2)

bel Rep.” denotes the cate-
gory centers are mapped from
label representations, and “Label Rep. + QMVL” indicates that the QMVL is further employed. The low
performance of “Label Rep.” indicates that generating category centers directly from static label repre-
sentations is inferior. However, this can be improved by constructing dynamic category centers through
“Label Rep.+ QMVL”. This indicates that QMVL can effectively model the cross-modal alignment and en-
able input-adaptive category centers. Moreover, MVLR surpasses all three reference methods, which further
demonstrates the superiority of our proposed components including PDLR, IFM and QMVL. Our approach
is robust to the choice of text encoder, and similar conclusions can be drawn when using BERT |Devlin et al.
(2019) as the text encoder (shown in Table (7).

Components of PDLR. As shown in Table [8] employing solely hard prompts or soft prompts results in
degraded performance, e.g., using only hard prompts leads to 1.0% mAP drop on both COCO and NUS-
WIDE. Using more soft prompt tokens (e.g., L = 8) yields better results on MS-COCO but inferior results
on the noisy NUS-WIDE. Therefore, we suggest using 4 prompt tokens in PDLR as a good trade-off.

11
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89 68
88.5
88.2 67.3
__gg| 879 67| 66.9 67.0
X X
% 87.3 & 66.2
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87 86.8 I 66 65.8 I
86 I 65 I
w/o LA. w/oCA. w/oCl. w/oLkcg MVLR w/o LA. w/oCA. w/oCl. w/oLkcg MVLR
MS-COCO NUS-WIDE

Figure 4: Ablation study on the components of IFM. “LA.” denotes label attention. “CA.” denotes
context-aware attention. “CI.” is channel interaction.

Components of IFM. As presented in Figure [l Table 8: Ablation study (%) on the components

context-aware attention plays a vital role in the pro- of PDLR. L is the number of learnable tokens.

PR . MS-COCO NUS-WIDE
posed IFM, bringing 1.7% and 1.5% mAP improve-  Prompt Method ‘ L | Ap OF1 OFL| mAP GF1 OF1

ments on COCO and NUS-WIDE respectively. This Tard T8 5 8l5 %33 663 642 748
is due to that context-aware attention significantly Soft 4 | 882 823 843|666 646 750
facilitates the integration of downstream semantics. Hard+Soft 4 |85 828 844|673 649 755
The label attention, channel interaction and regular- Hard +Soft 8 |886 828 84T]67.0 646 750

’ g Hard+Soft 12 | 883 827 846 | 66.9 643 749

ization loss L cr all help improve the performance
and works mutually in our proposed MVLR, which
fairly verifies the importance of each component in IFM.

5 Conclusion

In this work, we propose MVLR, a novel Mamba-enhanced visual-linguistic representation learning frame-
work for multi-label image recognition. To address the defects of existing multi-modal approaches, we
propose four modules, namely PDLR, IFM and QMVL to fully exploit the linguistic modality and learn
the context-aware label representations and semantic-related visual representations concurrently. To be spe-
cific, the PDLR has utilized both hard and soft prompts for acquiring semantic knowledge from the large
language model, which helps the model to fully exploits the potential of linguistic modality. Then, the
extracted label representations in PDLR have been aggregated by the IFM with several attention and inter-
action modules, aiming to capture more reliable and comprehensive label representations. Later, QMVL has
conducted Mamba-enhanced visual-linguistic interactions among the visual and linguistic representations
through a quadruplet of Mamba groups. We finally obtain the deeply-interacted, reliable and comprehen-
sive visual and linguistic representaions for multi-label image recognition. Extensive experiments show that
Mamba-enhanced visual-linguistic representation learning is a reliable and useful way for multi-label image
recognition, which achieves state-of-the-art performance on multiple widely used benchmarks .

Broader Impact Statement

One limitation is that the semantic knowledge extracted by the pre-trained vision-language model relies on
the model’s pretraining data. This may introduce some unexpected noises to our method, and future work
can explore the impact of these noises or other model biases on multi-label image recognition. Additionally,
in our training datasets, there are unannotated objects present in the images, which could impact the model’s
performance in real-world scenarios. Our aim in this paper is to develop a general method for multi-label
image recognition without targeting specific applications, which does not directly involve specific societal
issues.

12



Under review as submission to TMLR

References

Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson, Karel Lenc,
Arthur Mensch, Katherine Millican, Malcolm Reynolds, et al. Flamingo: a visual language model for
few-shot learning. Adv. Neural Inform. Process. Syst., 35:23716-23736, 2022.

Anurag Arnab, Mostafa Dehghani, Georg Heigold, Chen Sun, Mario Luci¢, and Cordelia Schmid. Vivit: A
video vision transformer. In Int. Conf. Comput. Vis., pp. 6836—6846, 2021.

Adrian Bulat and Georgios Tzimiropoulos. Lasp: Text-to-text optimization for language-aware soft prompt-
ing of vision & language models. In IEEE Conf. Comput. Vis. Pattern Recog., pp. 23232-23241, 2023.

Chun-Fu Richard Chen, Quanfu Fan, and Rameswar Panda. Crossvit: Cross-attention multi-scale vision
transformer for image classification. In Int. Conf. Comput. Vis., pp. 357-366, 2021.

Tianshui Chen, Muxin Xu, Xiaolu Hui, Hefeng Wu, and Liang Lin. Learning semantic-specific graph repre-
sentation for multi-label image recognition. In Int. Conf. Comput. Vis., pp. 522-531, 2019a.

Zhao-Min Chen, Xiu-Shen Wei, Peng Wang, and Yanwen Guo. Multi-label image recognition with graph
convolutional networks. In TEEE Conf. Comput. Vis. Pattern Recog., pp. 5177-5186, 2019b.

Tat-Seng Chua, Jinhui Tang, Richang Hong, Haojie Li, Zhiping Luo, and Yantao Zheng. Nus-wide: a real-
world web image database from national university of singapore. In Proceedings of the ACM international
conference on itmage and video retrieval, pp. 1-9, 2009.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep bidirectional
transformers for language understanding. In Proceedings of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies, 2019.

Zixuan Ding, Ao Wang, Hui Chen, Qiang Zhang, Pengzhang Liu, Yongjun Bao, Weipeng Yan, and Jungong
Han. Exploring structured semantic prior for multi label recognition with incomplete labels. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 3398-3407, 2023.

Guodong Du, Jia Zhang, Ning Zhang, Hanrui Wu, Peiliang Wu, and Shaozi Li. Semi-supervised imbalanced
multi-label classification with label propagation. Pattern Recognition, 150:110358, 2024.

Mark Everingham, Luc Van Gool, Christopher KI Williams, John Winn, and Andrew Zisserman. The pascal
visual object classes (voc) challenge. Int. J. Comput. Vis., 88:303-338, 2010.

Daniel Y Fu, Tri Dao, Khaled Kamal Saab, Armin W Thomas, Atri Rudra, and Christopher Re. Hungry
hungry hippos: Towards language modeling with state space models. In The Eleventh International
Conference on Learning Representations, 2023.

Albert Gu and Tri Dao. Mamba: Linear-time sequence modeling with selective state spaces. In First
Conference on Language Modeling, 2024.

Albert Gu, Karan Goel, and Christopher Re. Efficiently modeling long sequences with structured state
spaces. In International Conference on Learning Representations, 2022.

Ali Hatamizadeh and Jan Kautz. Mambavision: A hybrid mamba-transformer vision backbone. In Proceed-
ings of the Computer Vision and Pattern Recognition Conference, pp. 25261-25270, 2025.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recognition. In
IEEE Conf. Comput. Vis. Pattern Recog., pp. 770-778, 2016.

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh, Hieu Pham, Quoc Le, Yun-Hsuan Sung,
Zhen Li, and Tom Duerig. Scaling up visual and vision-language representation learning with noisy text
supervision. In Int. Conf. Mach. Learn., pp. 4904-4916. PMLR, 2021.

Jack Lanchantin, Tianlu Wang, Vicente Ordonez, and Yanjun Qi. General multi-label image classification
with transformers. In IEEE Conf. Comput. Vis. Pattern Recog., pp. 16478-16488, 2021.

13



Under review as submission to TMLR

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image pre-training
with frozen image encoders and large language models. arXiv preprint arXiv:2301.12597, 2023a.

Kunchang Li, Xinhao Li, Yi Wang, Yinan He, Yali Wang, Limin Wang, and Yu Qiao. Videomamba: State
space model for efficient video understanding. arXiv preprint arXiv:2403.06977, 2024.

Miaoge Li, Dongsheng Wang, Xinyang Liu, Zequn Zeng, Ruiying Lu, Bo Chen, and Mingyuan Zhou. Patchct:
Aligning patch set and label set with conditional transport for multi-label image classification. In Int.
Conf. Comput. Vis., pp. 15348-15358, 2023b.

Dingkang Liang, Xin Zhou, Wei Xu, Xingkui Zhu, Zhikang Zou, Xiaoqing Ye, Xiao Tan, and Xiang Bai.
Pointmamba: A simple state space model for point cloud analysis. In Advances in Neural Information
Processing Systems, 2024.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr Dollar,
and C Lawrence Zitnick. Microsoft coco: Common objects in context. In Eur. Conf. Comput. Vis., pp.
740-755. Springer, 2014.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. Advances in neural
information processing systems, 36, 2024a.

Jiarun Liu, Hao Yang, Hong-Yu Zhou, Yan Xi, Lequan Yu, Cheng Li, Yong Liang, Guangming Shi, Yizhou
Yu, Shaoting Zhang, et al. Swin-umamba: Mamba-based unet with imagenet-based pretraining. In
MICCAI pp. 615-625, 2024b.

Shilong Liu, Lei Zhang, Xiao Yang, Hang Su, and Jun Zhu. Query2label: A simple transformer way to
multi-label classification. arXiv preprint arXiv:2107.10834, 2021.

Siyu Liu, Xuehua Song, Zhongchen Ma, Ernest Domanaanmwi Ganaa, and XiangJun Shen. More: multi-
output residual embedding for multi-label classification. Pattern Recognition, 126:108584, 2022.

Harsh Mehta, Ankit Gupta, Ashok Cutkosky, and Behnam Neyshabur. Long range language modeling via
gated state spaces. arXiv preprint arXiw:2206.13947, 2022.

Badri N Patro and Vijay S Agneeswaran. Simba: Simplified mamba-based architecture for vision and
multivariate time series. arXiv preprint arXiv:2403.15360, 2024.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal, Girish
Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual models from
natural language supervision. In Int. Conf. Mach. Learn., pp. 8748-8763. PMLR, 2021.

Tal Ridnik, Emanuel Ben-Baruch, Nadav Zamir, Asaf Noy, Itamar Friedman, Matan Protter, and Lihi
Zelnik-Manor. Asymmetric loss for multi-label classification. In Int. Conf. Comput. Vis., pp. 82-91, 2021.

Tal Ridnik, Gilad Sharir, Avi Ben-Cohen, Emanuel Ben-Baruch, and Asaf Noy. Ml-decoder: Scalable and
versatile classification head. In IEEE Wint. App. Comput. Vis., pp. 3241, 2023.

Jimmy T.H. Smith, Andrew Warrington, and Scott Linderman. Simplified state space layers for sequence
modeling. In The Eleventh International Conference on Learning Representations, 2023.

Ximeng Sun, Ping Hu, and Kate Saenko. Dualcoop: Fast adaptation to multi-label recognition with limited
annotations. Adv. Neural Inform. Process. Syst., 35:30569-30582, 2022.

Hao Tan, Zichang Tan, Jun Li, Ajian Liu, Jun Wan, and Zhen Lei. Recover and match: Open-vocabulary
multi-label recognition through knowledge-constrained optimal transport. In Proceedings of the Computer
Vision and Pattern Recognition Conference, pp. 4650-4660, 2025.

Zichang Tan, Yang Yang, Jun Wan, Hanyuan Hang, Guodong Guo, and Stan Z Li. Attention-based pedes-
trian attribute analysis. IEEE Trans. Image Process., 28(12):6126-6140, 2019.

14



Under review as submission to TMLR

Zichang Tan, Yang Yang, Jun Wan, Guodong Guo, and Stan Z Li. Relation-aware pedestrian attribute
recognition with graph convolutional networks. In AAAI volume 34, pp. 12055-12062, 2020.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz Kaiser,
and Illia Polosukhin. Attention is all you need. Adv. Neural Inform. Process. Syst., 30, 2017.

Jiang Wang, Yi Yang, Junhua Mao, Zhiheng Huang, Chang Huang, and Wei Xu. Cnn-rnn: A unified
framework for multi-label image classification. In IEEE Conf. Comput. Vis. Pattern Recog., pp. 2285—
2294, 2016.

Xiao Wang, Shaofei Zheng, Rui Yang, Aihua Zheng, Zhe Chen, Jin Tang, and Bin Luo. Pedestrian attribute
recognition: A survey. Pattern Recognition, 121:108220, 2022.

Xiao Wang, Jiandong Jin, Chenglong Li, Jin Tang, Cheng Zhang, and Wei Wang. Pedestrian attribute
recognition via clip based prompt vision-language fusion. IEEFE Transactions on Circuits and Systems for
Video Technology, 2024a.

Xiao Wang, Shiao Wang, Yuhe Ding, Yuehang Li, Wentao Wu, Yao Rong, Weizhe Kong, Ju Huang, Shihao
Li, Haoxiang Yang, et al. State space model for new-generation network alternative to transformers: A
survey. arXiv preprint arXiv:2404.09516, 2024b.

Ya Wang, Dongliang He, Fu Li, Xiang Long, Zhichao Zhou, Jinwen Ma, and Shilei Wen. Multi-label
classification with label graph superimposing. In AAAI volume 34, pp. 12265-12272, 2020.

Yulin Wang, Rui Huang, Shiji Song, Zeyi Huang, and Gao Huang. Not all images are worth 16x16 words:
Dynamic transformers for efficient image recognition. In Advances in Neural Information Processing
Systems, volume 34, pp. 11960-11973, 2021.

Zeqgiang Wei, Kai Jin, Zheng Zhang, and Xiuzhuang Zhou. Multi-label contrastive hashing. Pattern Recog-
nition, 149:110239, 2024.

Dunfang Weng, Zichang Tan, Liwei Fang, and Guodong Guo. Exploring attribute localization and correlation
for pedestrian attribute recognition. Neurocomputing, 531:140-150, 2023.

Junyi Wu, Yan Huang, Zhipeng Gao, Yating Hong, Jiangiang Zhao, and Xinsheng Du. Inter-attribute
awareness for pedestrian attribute recognition. Pattern Recognition, 131:108865, 2022.

Hantao Yao, Rui Zhang, and Changsheng Xu. Visual-language prompt tuning with knowledge-guided context
optimization. In IEEE Conf. Comput. Vis. Pattern Recog., pp. 6757-6767, 2023.

Jin Ye, Junjun He, Xiaojiang Peng, Wenhao Wu, and Yu Qiao. Attention-driven dynamic graph convolutional
network for multi-label image recognition. In Eur. Conf. Comput. Vis., pp. 649-665. Springer, 2020.

Renchun You, Zhiyao Guo, Lei Cui, Xiang Long, Yingze Bao, and Shilei Wen. Cross-modality attention with
semantic graph embedding for multi-label classification. In AAAI volume 34, pp. 12709-12716, 2020.

Jiawei Zhao, Yifan Zhao, and Jia Li. M3tr: Multi-modal multi-label recognition with transformer. In ACM
Int. Conf. Multimedia, pp. 469-477, 2021.

Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. Conditional prompt learning for vision-
language models. In IEEE Conf. Comput. Vis. Pattern Recog., pp. 16816-16825, 2022a.

Kaiyang Zhou, Jingkang Yang, Chen Change Loy, and Ziwei Liu. Learning to prompt for vision-language
models. Int. J. Comput. Vis., 130(9):2337-2348, 2022b.

Deyao Zhu, Jun Chen, Xiaogian Shen, Xiang Li, and Mohamed Elhoseiny. MiniGPT-4: Enhancing vision-

language understanding with advanced large language models. In International Conference on Learning
Representations, 2024a.

15



Under review as submission to TMLR

14 18 -
12.88 1288 | | Self-Attn.
12 15 Cross-Attn. /
S10 9.73 - QMVL
= ~12
] a 9 e
£ 6 S
= L 6 v */’
S 4 P B I
2 3 ,,,,,, ”/’*—”'*‘
*::::;::“ =k
0 Self-Attn. Cross-Attn. QMVL 0 2242 4482 5122 6402 8962 10242124821440219207
Resolution

Method of Cross-modal Interaction

Figure 5: Analysis on the number of parameters (left) and FLOPs (right) of different methods
of cross-modal interaction. Our QMVL has a reduced number of parameters compared to attention-based
methods. QMVL exhibits a notable reduction in FLOPs when the input resolution increases.
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A Appendix

A.1 Details of Datasets

MS-COCO. The Microsoft COCO dataset (2014)) is widely utilized for evaluating multi-label
classification tasks. It comprises a total of 123,287 images across 80 categories, with an average of approx-

imately 2.9 labeled objects per image. We train the model on a training set containing 82,783 images and
evaluate its performance on a test set consisting of 40,504 samples.

PASCAL VOC 2007. The VOC 2007 dataset |[Everingham et al.| (2010)) serves as a widely used benchmark
for multi-label recognition tasks, consisting of 9,963 images across 20 distinct object classes. On average,
each image is annotated with 1.4 labels. Following the standard protocal |Chen et al.| (2019b), we train the
model on the train set containing 5,011 images and assess its performance on the test set comprising 4,952

images.

NUS-WIDE. NUS-WIDE |Chua et al.| (2009) consists of 269,648 images annotated with 81 visual concepts
and 5,018 labels. After removing unannotated samples, the dataset is randomly split into a training set
and a test set, where the training set comprises 125,449 images and the test set contains 83,898 images.
Noteworthy for its higher noise levels and increased difficulty compared to other benchmarks, NUS-WIDE

presents unique challenges for evaluation.
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Table 9: Analysis on overall computational costs. We report FLOPs, Parameters, Latency, and Peak

Memory usage.

Method FLOPs Params. Latency Peak COCO NUS
(G) (M) (ms) Mem.
(MB)
ML-Decoder [Ridnik et al.|(2023] 372 473 14.8 357.9 86.6 64.2
Q2L [Liu et al[(2021) 43.2 143.1 18.0 2369.3 84.9 65.0
MambaVision |Hatamizadeh & Kautz|(2025) 14.9 97.6 9.9 391.1 86.9 65.8
SiMBA |Patro & Agneeswaran|(2024) 39.1 62.5 21.4 336.3 82.3 61.9
Baseline 36.8 43.6 9.1 677.0 81.6 58.6
MVLR 37.6 47.8 13.1 677.2 88.5 67.3
Table 10: The comparisons on the MS-COCO dataset.
ALL Top-3
Method mAP -5 —CR CFT_OP OR OFI|CP CR CFI OP OR OFI
MambaVision-B | 86.9 |86.2 74.7 80.0 87.4 76.3 81.5|90.3 66.9 768 01.6 68.2 78.2
SiMBA-Base 82.3 [82.5 73.6 77.8 83.3 755 79.2[88.3 64.7 747 89.2 66.4 76.1
MVLR 88.5 |83.1 82.5 82.8 83.5 85.3 84.4|88.7 69.4 77.9 90.5 71.3 79.8

A.2 Further Analyses

Analysis of computational costs. Cross-modal interaction often suffers from heavy computational costs
due to the need for fusing two large sequences, which is partially mitigated by our mamba-based structure.
As presented in Figure [5] we compare the proposed QMVL and two attention-based methods (i.e., self-
attention block and cross-attention block). QMVL has a reduced number of parameters compared to both
self-attention and cross-attention. Moreover, QMVL always exhibits lower FLOPs than attention-based
structure, while the reduction in FLOPs is more significant when the input resolution increases. Note that
QMVL achieves better performance (in Table@ with lower computational costs, which indicates that QMVL
is more efficient at cross-modal interaction. We also report the overall computational costs of our method.
As shown in Table 0] compared to previous methods [Ridnik et al| (2023); [Liu et al] (2021)); [Hatamizadeh &
[Kautz| (2025)); [Patro & Agneeswaran| (2024), our method achieves superior performance with highly efficient
FLOPs and inference latency, and the inference latency is significantly lower than that of Q2L
and SIMBA [Patro & Agneeswaran| (2024)).

Comparisons to modern SSM methods. In this section, we compare the proposed MVLR with two
modern SSM methods, including MambaVision [Hatamizadeh & Kautz (2025) and SIMBA
[neeswaran| (2024). We re-implemented MambaVision-B and SIMBA-Base on MS-COCO and NUS-WIDE.
As presented in Tables [I0] and [IT] these SSM baselines consistently underperform compared to our MVLR.
Specifically, MVLR outperforms SIMBA by 6.2% mAP and 5.2% OF1 on the MS-COCO dataset, and by
5.4% mAP and 3.3% OF1 on the NUS-WIDE dataset. Furthermore, our method maintains a clear advantage
over MambaVision, demonstrating the superior effectiveness of MVLR over existing SSM baselines.

Sensitivity analysis of A\. As shown in Figure [6] we evaluate the parameter sensitivity of A in Eq.
The results suggest that the performance of MVLR is generally stable. However, A > 4 may result in a
performance decline since an overly large A forces the learnable feature to collapse into the original feature
space. Therefore, A = 4 is a good trade-off.

Sensitivity analysis of . As shown in Table
we analyze the influence of different choices of « in
Eq.[I0 A value between 0.4 and 0.6 achieves better

Table 12: Sensitivity analysis (%) of . Results
are reported on MS-COCO.

performance than alpha = 0, which verifies the ef- a | 00 02 04 05 06 08 1.0
fectiveness of relation aggregation. Increasing does mAP 879 88.0 884 885 882 880 875

t scale up the performance, since the knowledge- cFl 823 822 826 828 827 824 820
not scale up the p ’ g OF1 838 838 841 844 842 841 835

aware relationships may shrink the learning abilities
of soft prompts.
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Table 11: The comparisons on the NUS-WIDE dataset.

ALL Top-3
Method mAP R OFT [ CF1 OF1
MambaVision-B 65.8 64.6 4.7 59.7 70.4

SiMBA-Base 61.9 | 60.3 722 | 56.0 68.8
MVLR 67.3 | 64.9 75.5 | 60.0 71.5
90 77
88 74
= mAP = mAP
= g6 OF1 S OF1
) -B- CFl 9 -B- CF1
F 2
3 84 3 68
T et
82 - S ] T S SR,
80 0 1 2 4 6 8 62 0 1 2 4 6 8
A A

Figure 6: Sensitivity analysis (%) of A\. Results are reported on MS-COCO (left) and NUS-WIDE (right).

Qualitative results. In Figure [} we provide the predicted results of “Classifier Learning” approach and
our proposed MVLR with a threshold of 0.6. 1) Baseline generates many false negatives, especially the
small objects in complex scenarios. 2) Baseline tends to predict “person” in most cases. We attribute this
to that the static category centers in Baseline tend to overfit the distribution of the training set, resulting
in high confidence in the frequently occurred labels such as “person”. In contrast, dynamically constructing
the input-adaptive category centers (i.e., in MVLR) mitigates this issue.
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Figure 7: Predictions of “Classifier Learning” (CL) baseline and our proposed MVLR. Each
sample is marked with three columns. From the left to right are ground truth labels, predictions of baseline
and predictions of MVLR, respectively. Correct predictions are marked in bold font. Missed objects are
highlighted in blue and incorrect predictions are marked in red. Best viewed in colors.
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