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NEXT: Multi-Grained Mixture of Experts via Text-Modulation
for Multi-Modal Object Re-Identification

Shihao Li~, Huaibo Huang ~, Junxian Duan™, Aihua Zheng* ", Jin Tang ', and Jixin Ma

Abstract—Multi-modal object Re-IDentification (ReID) aims to
obtain complete identity features across heterogeneous modali-
ties. However, most existing methods rely on implicit feature fu-
sion modules, making it difficult to model fine-grained recognition
patterns under various challenges in real world. Benefiting from
the powerful Multi-modal Large Language Models (MLLMs),
the object appearances are effectively translated into descriptive
captions. In this paper, we propose a reliable caption generation
pipeline based on attribute confidence, which significantly reduces
the unknown recognition rate of MLLMs and improves the
quality of generated text. Additionally, to model diverse identity
patterns, we propose a novel ReID framework, named NEXT,
the Multi-grained Mixture of Experts via Text-Modulation for
Multi-modal Object Re-Identification. Specifically, we decouple
the recognition problem into semantic and structural branches to
separately capture fine-grained appearance features and coarse-
grained structure features. For semantic recognition, we first
propose the Text-Modulated Semantic Experts (TMSE) module,
which randomly samples high-quality captions to modulate
experts capturing semantic features and mining inter-modality
complementary cues. Second, to recognize structure features, we
propose the Context-Shared Structure Experts (CSSE) module,
which focuses on the holistic object structure and maintains iden-
tity structural consistency via a soft routing mechanism. Finally,
we propose the Multi-Grained Features Aggregation (MGFA)
module, which adopts a unified fusion strategy to effectively
integrate multi-grained expert features into the final identity
representations. Extensive experiments on two public person
datasets and three vehicle datasets demonstrate the effectiveness
of our method, showing that it significantly outperforms existing
state-of-the-art methods.

I. INTRODUCTION

BJECT Re-IDentification (ReID) aims to construct dis-
criminative identity representations by capturing object
characteristics such as appearance, clothing, body shape, and
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Fig. 1. Comparison with existing methods: (a) Previous semantic learn-
ing methods capture identity information via text/image prompt inversion
or alignment strategies, which fail to achieve fine-grained alignment. (b)
Existing multi-modal fusion methods fuse modality features through implicit
fusion modules such as modal decoupling and interaction strategies, while
the fusion process still lacks explicit semantic guidance. (c) Our proposed
method modulates visual modalities via diverse text captions and decouples
appearance and structure into multi-grained experts.

posture [1]-[4]. However, in real-world scenarios, single-
modal images are often vulnerable to perturbations caused
by illumination changes, adverse weather, and occlusions [5]—
[10], which hinders the performance of classical RelD
methods. To address these challenges, multi-modal object
ReID [11]-[14] has attracted increasing research interest in
recent years. Benefiting from the complementary advantages
of diverse spectral modalities, the identity features can be
comprehensively captured. Despite this, intra-modal noise
and inter-modal heterogeneity remain the key limitations for
effective identity representation fusion. To overcome these
challenges, existing methods focus on implicit fusion methods
such as identity-level feature interaction [15]-[17], fusion
feature decoupling [18], [19], data augmentation [20], [21],
and frequency-domain interactions [22], [23]. However, ex-
plicit semantic-aware fusion [24], [25] of multi-modal identity
features remains underexplored.

Recent studies in vision-language models [26]-[29] have ad-
vanced visual understanding tasks [30], [31]. Pioneering meth-
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Fig. 2. Caption analysis and generation pipeline. We first report the word

count and the rate of captions containing ‘none,’ ‘unknown, or ‘unclear’
words to assess generation quality, and then show the reliable caption
generation pipeline with MLLMs.

ods, such as IDEA [24], TVI-LFM [32], and MP-RelD [33],
integrate MLLMs into ReID tasks by generating identity-
relevant captions, thereby extending identity representations
into the textual modality. However, low-quality spectral noise
and style discrepancies introduce semantic noise and omis-
sions into the text generation process of MLLMs. Information
bias during long-context text generation serves as a major
cause of hallucinations [34] in MLLMs, with longer texts
increasing the likelihood of such errors. Additionally, guiding
MLLMs to reason the fine-grained attributes across visible and
infrared spectra is a highly labor-intensive process. Incorrect
text caption labels cause ambiguity and semantic bias [35]-
[37]. To tackle this, we propose a reliable caption generation
framework, as shown in Fig. 2(b). Specifically, we decompose
the caption generation process into two steps: confidence-
aware attribute generation and multi-modal attribute aggrega-
tion. By enforcing the model to output a confidence score
for each attribute, we encourage the MLLMs to perform fine-
grained evaluation for each attribute. Based on the confidence
scores, we quantify the attribute importance across different
modalities, enabling us to complement missing semantic in-
formation through multi-modal attribute sets.

The high-quality captions effectively guide the model to
focus on identity-relevant representations. Based on this, we
propose a multi-grained mixture of experts framework named
NEXT, as shown in Fig. 1(c), which models the identity
recognition process through semantic-sampling and structure-
aware experts. The framework consists of three main com-
ponents: Text-Modulated Semantic Experts (TMSE), Context-
Shared Structure Experts (CSSE), and Multi-Grained Features
Aggregation (MGFA). Specifically, TMSE samples part-level

fine-grained features within each modality. The text modula-
tion mechanism encourages experts to focus on semantically
relevant regions and capture intra-modality semantic identity
features. Meanwhile, CSSE perceives inter-modality coarse-
grained features of the object identity through a soft routing
mechanism shared across modalities, which maintains the
integrity of structural features. Finally, MGFA unifies the
features of multi-grained experts into a comprehensive identity
representation. Extensive experiments on five multi-modal
object RelD benchmarks demonstrate the effectiveness of our
proposed approach.
In summary, our contributions are as follows:

« To obtain accurate object appearance descriptions, we
propose a reliable caption generation pipeline that lever-
ages attribute confidence scores to effectively harness
MLLMs in producing reliable high-quality captions.

« To model diverse identity patterns, we propose the Text-
Modulated Semantic Experts (TMSE) and the Context-
Shared Structure Experts (CSSE) to decouple the recog-
nition problem into fine-grained semantic and coarse-
grained structural branches. The Multi-Grained Features
Aggregation (MGFA) is proposed to integrate multi-
grained experts into a unified identity representation.

o Extensive experiments are conducted on five public
benchmarks to validate the effectiveness of our method.
The results demonstrate that the proposed method signif-
icantly outperforms the state-of-the-art methods.

II. RELATED WORK
A. Multi-Modal Object Re-Identification

Multi-modal object RelD leverages the complementary
imaging advantages of multi-spectra to enable robust identity
recognition under adverse conditions. However, intra-modal
noise and inter-modal spectral heterogeneity remain significant
challenges. To fuse the spectral modalities, Wang et al. [15]
propose the TOP-ReID which introduces a modality permuta-
tion and reconstruction mechanism to align multi-modal rep-
resentations. Zhang et al. [16] propose a prompt-based token
selection and fusion strategy to effectively integrate multi-
modal features and suppress background interference. Wang et
al. [17] propose the MambaPro, which presents a selective
state-space fusion approach based on Mamba [38] to aggregate
intra- and inter-modal features. Zheng et al. [14] propose
the FACENet which utilizes illumination priors to enhance
degraded modalities. Wang et al. [23] adopt frequency- and
feature-based selection mechanisms to filter out background
and low-quality noise. Yang et al. [22] propose the TIENet
which introduces an amplitude-guided phase learning strategy
for frequency-domain enhancement. Li et al. [25] propose
the ICPL-ReID which applies an identity prototype-based
conditional prompt learning method to guide semantic learning
across modalities. Wang et al. [24] inverts textual features
into the visual space to guide model learning, and captures
discriminative features across multi-modal via deformable
aggregation. Despite these advancements, existing methods
still lack a deep exploration of identity semantics and intrinsic
structures. To bridge this gap, we propose a multi-grained
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mixture of experts via text-modulation that fuses features from
different modalities through semantic and structural perspec-
tives, aiming to enhance multi-modal identity representation
based on explicit semantics.

B. Semantic Learning in Re-Identification

The large-scale Vision-Language foundation Models
(VLM), such as CLIP [29], exhibit powerful visual perception
and semantic understanding capabilities. Researchers employ
the learnable prompt [39], [40] to effectively adapt these
models to classification and retrieval recognition tasks. In
RelID, methods like CLIP-RelD [30] and PromptSG [31]
utilize learnable semantic prompts to transfer the CLIP [29]
model to capture object identity semantic information [41].
With the rise of MLLMs [26]-[28], numerous studies
demonstrate the effectiveness of MLLMs [42], [43] in
generating high-quality text and robust generalization in
vision-language generation. Current approaches, such as
MP-ReID [33], TVI-LFM [32], and IDEA [24], exploit
MLLMs to generate identity-level textual descriptions
from existing RelD datasets. However, these methods still
lack reliable text generation under multi-modal conditions.
Unlike existing methods [24], [32], we further quantify each
generated attribute and propose a confidence-aware attribute
generation strategy. We incorporate a multi-modal merging
and complementation mechanism to achieve high-quality
and reliable caption generation. Additionally, we introduce
the NEXT framework, which leverages semantic experts to
extract fine-grained identity features, aiming to tackle diverse
semantic challenges in multi-modal scenarios.

C. Mixture of Experts for Multi-Modal Learning

The Mixture-of-Experts (MoE) [44]-[46] paradigm decom-
poses a large and complex deep model into lightweight expert
networks and a routing module. By intelligently routing inputs
to different experts, the model enables flexible adaptation
to diverse and complex tasks and environments [47], [48].
Recently, the MoE framework has been increasingly adopted
in multi-modal learning [49]-[51]. Yun et al. [50] propose
the Flex-MoE, which introduces a flexible framework that
effectively incorporates arbitrary modality combinations and
addresses the missing modality scenario across various do-
mains. Fang er al. [52] recognize the modality importance
varying across samples in fusion, and propose the EMoE
which uses the predictive information of each modality to
guide the fused features, preserving modality-specific charac-
teristics in the multi-modal fusion. Peng et al. [53] introduce
a novel top-down dynamic fusion mechanism that adaptively
integrates multi-modal information, addressing the variation
in data quality across different modalities and patients in
various medical domains. Wang et al. [18] propose the DeMo,
which first introduces the MoE framework to the multi-modal
RelD task by combining fusion-specific experts to decouple
shared and specific fusion features. Feng er al. [54] proposed
MFRNet, which adopts an MoE-based modality generator
for pixel-level modality feature generation and interaction,
and MoE-based adapter to rebalance modality-shared and

modality-specific representations. Despite this, these methods
still lack multi-grained semantic understanding. To address this
limitation, we propose text-modulated semantic experts and
context-shared structure experts to jointly capture semantic
and structural features, enabling more comprehensive identity
representation of multi-modalities.

III. METHODOLOGY

In this section, we elaborate on the proposed frame-
work, NEXT. As shown in Fig. 3, we propose the Multi-
Grained Mixture-of-Experts framework that includes the Text-
Modulated Semantic Experts (TMSE), the Context-Shared
Structure Experts (CSSE), and the Multi-Grained Features
Aggregation (MGFA) module.

A. Multi-Modal Features Extraction

Each multi-modal sample includes three modalities: Visible
Light (RGB), Near Infrared (NIR), and Thermal Infrared
(TIR), denoted as X; = [X1 ,gb, X1 nir, X1,tir], along with
detailed appearance captions Xp = [X7.,gb, X7 nirs X1, tir]
which are generated by our pipeline in Sec.IV. We feed
the visual modality X; into the CLIP visual encoder V(-)
to extract visual features F; = [f§!S; Fiok] ¢ R3x(IH+N)xD
and input the appearance description X7 into the frozen
CLIP text encoder 7 (-) to extract textual features Fp =
[£515; Fiok] € R3*(+L)XD where N denotes the number of
visual patch tokens, L is the length of text tokens, D is the
dimension length.

B. Text-Modulated Semantic Experts

In real world, challenges like illumination variations, back-
ground noise, and image degradation impact quality of lo-
cal regions across modalities, making it essential to bridge
modality gaps and extract fine-grained complementary fea-
tures. To address this, we use text-modulated routing to
sample semantically relevant local visual tokens within each
modality. Therefore, TMSE focuses on identity-related lo-
cal cues, such as clothing, accessories, body parts, vehicle
components, and other appearance-level attributes. Specif-
ically, we leverage the object-level textual semantics Xp
extracted from MLLMs to guide a set of semantic sampling
experts Er = {Efl),Ef@, . ,Et(NT)} in dynamically select
semantic-related local features across different modalities, to
tackle various semantic challenges, where Np denotes the
number of semantic experts. The structure of each expert is
defined as:

E{"(F) = Dropout (MLP (LN(F))) + F, (1)

where F denotes the input features, LN denotes a layer
normalization, MLP refers to a multilayer perceptron, and
Dropout with a rate of 0.1 is applied to prevent overfitting.

Dynamic Sampling Routing. To sample semantic fea-
tures from each modality, we design a set of modality-
specific sampling routes for each expert, denoted as R =
[R,gb, Ryir, Riir]. The patch-level features Ftok are encoded
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Fig. 3.

The overview of our proposed framework. First, we divide multi-modal features into (a) reliable caption sampling and multi-modal identity

representations. Then, we feed visual modalities into the CLIP visual encoder to obtain visual embeddings, which are passed into both (b) the Text-Modulated
Semantic Experts (TMSE) and (d) Context-Shared Structure Experts (CSSE), decoupling identity recognition into fine-grained appearance recognition and
coarse-grained structure recognition. For TMSE, we input randomly sampled captions into (c) the Fine-Grained Text-Modulation to guide the sampling process.
Finally, (e) the Multi-Grained Features Aggregation (MGFA) efficiently integrates multi-grained expert features to form the final identity representation.

into the routing matrix o,,, and the class token flc}fn are
mapped into the dynamic threshold o, as follows:

m =FC? (6 (FCYFPR))), am € RV

om =FC? (5 (FC'(£5,))) ,

where FC! € RP*P and FC2? € RP*! denotes fully con-

nected layers, J is GELU activation function [55], and m €

{rgb, nir,tir}. Then, we calculate the sampling matrix M,,
to capture the key tokens for current expert,

2
om €ER o

1, if e (i, j) > o

Mm(ivj) = 3 (3)

0, otherwise
as formulated in Eq. (3), we assign 1 to entries in «, that
exceed the threshold o,,, and 0 otherwise, to discard irrelevant
tokens while keeping the operation differentiable.
Fine-Grained Text Modulation. To empower the semantic
awareness of each expert, we employ random semantic text
prompts during training to guide each expert to focus on
distinct semantic challenges. Formally, the raw textual caption
is decomposed into fine-grained sentences for each modality:
Xrm = {s 5?,...,3%’"@, where n,, is the maximum
number of sentences For each expert Et(l), we randomly
select a subset X () from Xrp,, as its modulation signal.
The sampling process is defined as:
Xéf)m ~ Sampling(X7,,),
X0 Z (X0 g g @
T — T,rgb> “*T,nir> <> T, tirl>

where i denotes the i-th semantic expert, and Sampling is
a random probability distribution which controls the diversity
and consistency of modulated signals.

To modulate the sampling route, we first encode the ran-
domly sampled high-quality semantic text into the visual-text
latent space as text feature vector f%l’z. Second, we compute
the cosine similarity between this text vector and the visual
patch tokens to obtain the semantic matrix 3,,:

fels .Ft}ok
/6 — ‘7 m /3 ERHXW (5)
N T Y Ty P

where || - || means Lo normalization. Then, the semantic
guidance is integrated with the route matrix c,, to produce
the modulation matrix ~,,:

m = FC" (8 (FC*(tm, Bim))) + Qs Y €

where FC3 € R?*P/2 and FC* € RP/2%1 denotes the fully
connected layer within the modulation network whose struc-
ture is illustrated in Fig. 3(c).

Finally, we replace the route matrix o, in Eq. (3) with
the modulated matrix -,,, to obtain the final modulation-based
sampling matrix M,,

RHXW (6)

Fio% = E,(Fi%), F; = Concat (Mm ® Ftok) (7)

According to Eq. (7) above, M,, dynamically samples the
informative features for each semantic expert E,@ within a
modality. These sampled features are concatenated to obtain
the final multi-modal semantic feature F I

C. Context-Shared Structure Experts

While TMSE focuses on fine-grained part recognition under
various semantic challenges, CSSE is designed for coarse-
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grained structural recognition. Instead of using modality-
specific semantic sampling, CSSE adopts a modality-shared
routing mechanism over concatenated multi-modal patch to-
kens. Its goal is to preserve the holistic object structure
and maintain structural consistency across modalities, such
as viewpoint, body shape, vehicle contour, and global spa-
tial configuration. To this end, we introduce the structure
aware experts, denoted as Ec = {E¢ 1 E(Q) ,EgNC)}, to
comprehensively perceive the holistic object structure across
modalities, where N denotes the number of structure experts
and E((;i) shares the same architecture as E,fi) in Eq. (1).

Specifically, we first concatenate multi-modal patch features
as Fiok = [FioK,, Fiok,,, Fior,], and then feed them into a
modality-shared routing network R to compute the expert
fusion weights as follows:

w = Softmax (FC (F/¥)), weRYe, (8)
where Softmax encodes the expert selection weights, result-
ing in the soft routing matrix w.

Finally, we feed the concatenated multi-modal token fea-
tures into the structure experts Ec and compute the final multi-
modal structural representation by weighting each output of
the expert using the soft routing matrix w. The process is
formulated as follows:

~ No
Fr =Y w-BOFE),
i=1 ©
i = {BO(FP) [i=1,2....,Ne},

where F; represents the final multi-modal structure feature.

D. Multi-Grained Features Aggregation

Different types of experts mine identity features at vary-
ing levels of granularity. The semantic experts Er extract
fine-grained semantic features Fg), and the structural ex-
perts Ec capture coarse-grained structural consistency fea-
tures F[. As illustrated in Fig. 3(e), we combine these
features to form the complete object identity feature set

Fo? = B FP BT R)] The modality class to-
kens are concatenated to form the modality query features
fels = [ffligb,fflzzr,fflfzr] Following this, we treat f¢s a

the query features Q and the expert features as the key
features K and value features V. Through the Cross-Attention
mechanism [56], we obtain the multi-modal representation
for each expert and average them to form the final identity
representation f'ICIS. The process is formulated as follows:

ffls Average (fds(l) fds(2) ,f;lS(NT);f'IdS) . (10)

f°0 = FFN(LN(CA (7", F*0)) ),

7NT+1

Y

fori=1,...

where CA is the Cross-Attention mechanism, and FFN is
the Feed-Forward Network.

(a) Multi-Modal Identity

1|—Templa're A [age] [gender] seen from the

| [view] during [capture_time] in [illuminatio
| n] lighting. [gender:male|He][gender:femal
| elShe]lgender:non-binary| The person] is w
Iearlnga [upper_clothing_color] [upper_clo
| thing] with [lower_clothing_color] [lower_c
1 lothing], paired with [footwear_style] [foo
| twear]. [Hair_ length] [hair_style] hair [gla
| sses: wearing glasses|glasses: not wearing
\ glassesl and [gender:male|he][gender:fema

| le|she][gender:non-binary|the person] is w
- . earing glasses]. [gender:male|He][gender:f
| emale|She][gender:non-binary| The person]
| is [carrying a [carrying] | holding a [holdin

| g] | [handbag] | [backpack] | [suitcase]]. T
! he image appears [target_clarity].

________________________________________________

' RGB: The unknown is wearing anone  RGB: An adult male seen from the side |
1 garment: red unknown with ... Theu  during nighttime in dim lighting. He isw
| nknown has unknown unknown hair .. earing a red jacket with ... Short straig |
| The un-known is carrying unknown.  ht hair and he is not wearing glasses. ... 1

1

' NIR: The female is wearing a black t
| ank top with white stripes and dark

I shoes. The female has long and strai
1 ght brown ..The female is carrying n
 othing.

NIR: An adult male seen from the side d!
uring nighttime in dim lighting. He is wea,
ring a jacket with frousers, paired with |
casual boots. ... He is carrying a backpac 1
k. The image appears blurry.
{ TIR: The male is wearing a black bac

I kpack with multi-colored short pant
IS and white shoes The mqle has dar

TIR: A teenager male seen ..., paired wi
th casual sneakers. Short straight hair
and he is not wearing glasses. He is car
rying a backpack. The image appears bl
urry.

XAmbiguous XUncertainty XFragmented @ Clarity @ Consistency @ Complete

Fig. 4. Generated sample and quality comparisons on the person dataset.

E. Optimization and Inference

In line with prior works [3], [4], we use the object identity
ID label as the ground-truth to supervise the classification loss
L;q, and adopt the triplet loss L;.; to enhance identity distri-
bution compactness and separability. The final loss function is
defined as:

Cfinal(f[CIS) = »Cz ( Clh) + »Ctm( Cls)~ (12)
During the inference, the fused feature serves as the final
object representation for multi-modal retrieval.

IV. RELIABLE CAPTION GENERATION

Thanks to the powerful semantic understanding capability of
Multi-modal Large Language Models (MLLMs), we leverage
their out-of-the-box ability to generate comprehensive textual
semantic descriptions of the object appearance. However,
simple template-based text generation methods [24], [32], [33]
face many practical challenges when dealing with multi-modal
data, such as noise interference from low-quality images and
significant style discrepancies in infrared modalities, making
it hard to observe the object’s fine-grained details. To over-
come these challenges, we first employ multiple MLLMs to
generate several attributes with confidence scores, and then
leverage the confidence scores with a multi-modal attributes
aggregation strategy to generate reliable and comprehensive
identity captions.
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(a) Attributes Confidence Analysis on Person Dataset (b) Attributes Confidence Distribution of Different MLLMs
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Fig. 5. In the person dataset RGBNT201, we divide attributes into four groups: Appearance, Clothing, Accessories, and Environment. (a) Most attributes

are reliable and have a confidence level higher than 0.7. The size of the circle and the shade of the color represent the level of confidence. (b) The confidence
distribution of our method is significantly higher than the GPT-40 and Qwen-VL native output on four different types of attributes.

A. Confidence-Aware Attribute Generation

To flexibly analyze the object appearance, we set the
generation of identity attributes as the basic step in caption
generation. We first define an instruction template to guide
multiple MLLMs (e.g., GPT-40 [26], Qwen-VL [27], etc.)
in structuring the attribute set of the input image. However,
simple structured attribute information cannot quantitatively
measure the confidence level of each item, the model suf-
fers from low-quality visual modality noise, which leads to
incorrect attribute selection. To address this, we introduce
the concept of confidence score in the instruction template.
This allows us to observe the quality level of each MLLM
assigns to its output for each attribute. Additionally, to avoid
the model ignoring environment information, we not only
structure the output of ‘upper clothing’, ‘lower clothing’,
‘footwear’ and other appearance attributes, but also require the
MLLMs to output ‘view’, ‘illumination’, ‘capture time’, and
‘target clarity’ attributes to capture environmental context.

B. Multi-Modal Attribute Aggregation

Based on the confidence-aware attribute set with confidence
score, we are able to further generate reliable captions for
the object. However, as shown in Fig. 2(a) and Fig. 4, the
RGB modality is affected by lighting degradation, causing
the MLLMs to fail to recognize the ‘backpack’ attribute. In
contrast, the thermal infrared modality for the same identity
easily reveals additional ‘backpack’ attribute. This leads to the
model generating vague and incomplete textual captions such
as ‘none, ‘unknown, or ‘unclear’ based on a single modality.
To address this problem, we employ multiple MLLMs to
recognize attributes and output confidence scores. As shown
in Fig. 5, GPT-40 produces higher confidence on fine-grained
appearance and clothing attributes, while Qwen-VL focuses

more on accessories and environment cues. Therefore, we
propose a multi-modal attribute aggregation strategy based
on confidence scores to preprocess complementary semantic
information across different visual modalities.

Multi-Modal Merge and Complement. Specifically, we
first use multiple MLLMs to identify object attributes, and
for each identified attribute, we select the MLLMs with
the highest confidence as their final value to improve the
accuracy of each attribute within the modality. Then, taking
the RGB modality as an example, its modality-specific low-
frequency attributes, such as ‘illumination, ‘upper clothing
color, and ‘lower clothing color, are easy to recognize. In
contrast, attributes requiring high-frequency information, such
as ‘carrying, ‘holding, ‘handbag, and ‘backpack, are often
incorrectly recognized as ‘unknown, ‘unclear, or ‘not carry-
ing.’ This significantly affects the clarity of the final generated
captions. To address this, we rely on the confidence scores to
select the highest-confidence attributes from the NIR and TIR
modalities, which are unaffected by lighting conditions, for
rechecking and complementing missing information. Similarly,
we apply the same complementary strategy to each modality
in order to obtain a complete and reliable set of attributes for
each modality.

Caption Generation. Building on the above complete at-
tribute set, we define the template-based instruction to guide
the LLM [57] in combining the confidence-aware attribute
set from each modality to generate the final text caption.
Therefore, we have constructed a complete and reliable caption
generation pipeline, and the same process is applied to vehicle
datasets to obtain comprehensive semantic description of the
vehicle appearance.
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TABLE I
COMPARISON WITH EXISTING METHOD ON CAPTION GENERATION.

IDEA [24] NEXT (Ours)
Attribute w/ confidence
— aggregation
— caption generation
Structured attribute set
with confidence scores
Use multiple MLLMs for
confidence-aware attributes
Explicit confidence for
each attribute
Confidence-aware selection
across MLLMs/modalities
RGB/NIR/TIR merge
and complement
Reliable, fine-grained
and complete descriptions

Aspect

Caption generation

Pipeline paradigm — attribute extraction

Free-form modality-specific
description
Reuse MLLMs for
generation and extraction
No explicit attribute-level
reliability estimation
Prompt constraints
and post-hoc extraction
Independent modality-wise
descriptions
Structured and concise
text annotation

Initial generation target

MLLM usage

Attribute reliability modeling

Handling hallucination
noisy recognition
Cross-modal semantic
interaction

Main advantage

C. Comparison of Caption Generation

As summarized in Table I, we compare our generation
pipeline with existing generation method. IDEA [24] fo-
cuses on generating structured and concise captions through
modality-specific description generation and post-hoc attribute
extraction. In contrast, NEXT aims to produce reliable, fine-
grained, and complete identity descriptions by directly gen-
erating confidence-aware attributes and aggregating comple-
mentary cues across RGB, NIR, and TIR modalities. This
design enables explicit reliability estimation, cross-modal at-
tribute selection, and semantic complementation for robust
text-modulated multi-modal representation learning.

TABLE II
STATISTICAL ANALYSIS OF FIVE DATASETS.

Datasets ‘ Type ‘ # Samples # IDs # Cams ‘ Cost (min)
RGBNT201 [13] Person 4,787 201 4 14.4
Market-MM [58] Person 32,668 1,501 6 51.7
MSVR310 [12] Vehicle 2,087 310 8 14.1
RGBNT100 [11] Vehicle 17,250 100 8 6.3
WMVEID863 [14] | Vehicle 4,709 863 8 98.0

V. EXPERIMENT
A. Datasets and Evaluation Protocols

1) Datasets: As shown in Table II, we evaluate our method
on five multi-modal object RelD datasets: RGBNT201 [13],
Market-MM [58], MSVR310 [12], RGBNT100 [11], and
WMVEIDS63 [14]. To extend these datasets, we employ
GPT-40 [26] and Qwen-VL [27] to automatically generate
object attribute with confidence, and DeepSeek-V3 [57] to
compose the final caption for each image modality. The
caption generation costs for five datasets are 14.4, 51.7, 14.1,
6.3, and 98.0 minutes, respectively, with an average processing
speed of 16.66 images/s. This process is conducted only once
as offline preprocessing, and the generated captions can be
cached and repeatedly reused for both training and testing
without additional MLLM inference.

Person Datasets. RGBNT201 comprises 14,361 person
images corresponding to 4,787 multi-modal samples of 201
identities, with 141 identities used for training, 30 for valida-
tion, and 30 for testing across four distinct viewpoints. Market-
MM is a synthetic multi-modal person dataset derived from

Market1501 [65], containing 32,668 multi-modal samples of
1,501 identities, of which 751 identities with 12,936 triples
form the training set and the remaining 750 identities consti-
tute the gallery and query partitions.

Vehicle Datasets. MSVR310 contains 6,261 images form-
ing 2,087 multi-modal samples of 310 vehicle identities, with
155 identities and 1,032 samples used for training and the
remaining 155 identities contributing 1,055 gallery samples
and 591 query samples. RGBNT100 includes 100 vehicle
identities and augments them with 17,250 thermal images,
yielding 8,675 multi-modal triples for training and 8,575
triples for testing, from which 1,715 samples are selected as
queries. WMVeID863 provides 4,709 image triplets of 863
identities captured from eight views, where 603 identities with
3,482 triplets are used for training and 260 identities with
1,226 triplets form the gallery and query sets, with 959 query
samples selected.

2) Evaluation Protocols: Following the convention of com-
munity [2], [3], we use the Mean Average Precision (mAP)
and Rank-K (K = 1, 5, 10) matching accuracy as evaluation
metrics. As in previous works [11], [13], [14], we adopt the
common evaluation protocol for RGBNT201, Market-MM,
RGBNT100 and WMVEID863. For MSVR310, we filter out
samples with the same identity and time span based on time
labels to avoid easy matching [12].

B. Implementation Details

We resize each spectral image to 256 x 128 for person
samples, and 128 x 256 for vehicle samples. Data augmentation
includes random horizontal flipping, padding, cropping, and
erasing [66]. All parameters in the CLIP text encoder [29]
are frozen for text semantic projection, while the CLIP visual
branch is fully trainable. Adam [67] optimizer is used with
the learning rate of 3.5e-4, weight decay of 0.0001, and
momentum set to 0.9. All experiments are conducted on one
NVIDIA RTX 4090 GPU using the PyTorch toolkits.

C. Comparison with State-of-the-Art Methods

Performance on Person Dataset. In Table III, we compare
our NEXT with existing methods on the RGBNT201 and
Market-MM datasets. Benefiting from the flexible fusion of
semantic and structural experts, our method achieves a sig-
nificant performance lead, reaching 82.4%/86.6% mAP and
Rank-1 accuracy. Against IDEA [24], which utilizes seman-
tic inversion and deformable offset sampling, our method
leverages flexible text-modulation to guide expert sampling
multi-modal semantics, improving mAP and Rank-1 by +2.2%
and +4.5%, respectively. Compared with MFRNet [54], which
employs the MoE structure to enhance cross-modal generation
and representation learning, NEXT focuses more on multi-
grained identity semantic and structural modeling, thereby
achieving clear performance advantages. On the Market-
MM dataset, NEXT also establishes clear advantages, reach-
ing 85.8%/95.3% mAP and Rank-1 accuracy. The consistent
improvements on the two datasets demonstrate the robustness
of NEXT in learning discriminative identity features under
diverse multi-modal conditions.

448

449

451

452

453

454

455

456

457

458

459

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

480

481

482

483

484

486

487

488

489

491

492

493

494

496

497

498

499

500

501

502



503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

530

531

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

TABLE III
COMPARISON WITH THE STATE-OF-THE-ART METHODS ON PERSON DATASETS: RGBNT201, MARKET-MM ABOUT MAP(%) AND RANK-K(%). THE
BEST AND SECOND BEST RESULTS ARE MARKED IN BOLD AND UNDERLINE, RESPECTIVELY.

Methods Venue Backbone RGBNT201 Market-MM
mAP R-1 R-5 R-10 mAP R-1 R-5 R-10
5 HACNN [59] CVPR’18 ResNet 21.3 19.0 34.1 42.8 429 69.1 86.6 92.2
S | MLEFEN [60] CVPR’18 ResNet 26.1 24.2 35.9 44.1 42.7 68.1 87.1 92.0
% OSNet [61] ICCV’19 ResNet 254 22.3 35.1 44.7 39.7 69.3 86.7 91.3
E" CAL [62] ICCV’21 ResNet 27.6 24.3 36.5 45.7 - - - -
@ | TransRelD [3] ICCV’21 ViT-B/16 63.8 65.8 78.5 83.9 73.0 88.9 95.8 97.6
HAMNet [11] AAAT’20 ResNet 27.7 26.3 41.5 51.7 60.0 82.8 92.5 95.0
PFNet [13] AAAT21 ResNet 38.5 38.9 52.0 58.4 60.9 83.6 92.8 95.5
IEEE [58] AAAT’22 ResNet 46.4 47.1 58.5 64.2 64.3 83.9 93.0 95.7
_ | HTT [63] AAAT24 ViT-B/16 71.1 73.4 83.1 87.3 67.2 81.5 95.8 97.8
-‘.; TOP-RelD [15] AAAT 24 ViT-B/16 72.3 76.6 84.7 89.4 82.0 92.4 97.6 98.6
= | EDITOR [23] CVPR’24 ViT-B/16 66.5 68.3 81.1 88.2 77.4 90.8 96.8 98.3
'«_E ICPL-RelID [25] | T-MM’25 | CLIP-B/16 75.1 77.4 84.2 87.9 85.1 94.7 98.4 99.1
S | MambaPro [17] AAATI’25 CLIP-B/16 78.9 83.4 89.8 91.9 84.1 92.8 97.7 98.7
PromptMA [16] T-IP’25 CLIP-B/16 78.4 80.9 87.0 88.9 - - - -
DeMo [18] AAATI’25 CLIP-B/16 79.0 82.3 88.8 92.0 83.6 93.1 97.5 98.7
IDEA [24] CVPR’25 | CLIP-B/16 80.2 82.1 90.0 93.3 - - - -
MFRNet [54] ICML’25 CLIP-B/16 80.7 83.6 91.9 94.1 83.8 93.4 97.7 98.7
NEXT Ours CLIP-B/16 82.4 86.6 92.0 94.7 85.8 95.3 98.7 99.4
Improvement - 1.7 +#13.0  +10.1  +10.6 | +10.7  +10.6  +103  +10.3

Performance on Vehicle Dataset. Table IV outlines the
performance of our method on vehicle datasets. On the
MSVR310 dataset, our approach significantly outperforms
existing methods, achieving 60.8%/79.0% mAP and Rank-
1 accuracy. MSVR310 contains high-quality vehicle images
but suffers from severe cross-view variations, where textual
semantics can guide NEXT to learn view-invariant identity
cues and improve cross-modal feature fusion. For RGBNT100,
the Rank-1 performance is nearly saturated due to many repet-
itive vehicle samples, while mAP better reflects the improved
overall retrieval quality. For WMVelID863, strong illumination
pollution and vehicle-part occlusion degrade both visual recog-
nition and text generation. Nevertheless, NEXT still improves
over FACENet [14] and MFRNet [54] by +1.1% mAP. These
results confirm the strong generalization and robustness of
NEXT in vehicle RelD under complex conditions.

D. Ablation Studies

On the RGBNT201 and MSVR310 datasets, we start from
a baseline which is built on a three-branch CLIP visual
encoder [29], and incrementally incorporate our components
to evaluate their specific contributions to the model’s overall
performance. The three main components are: the Multi-
Grained Features Aggregation (MGFA), the Text-Modulated
Semantic Experts (TMSE), and the Context-Shared Structure
Experts (CSSE).

Effectiveness of Key Modules. As shown in Table V,
we conduct ablation studies on both the RGBNT201 and
MSVR310 datasets to evaluate the effectiveness of each
proposed component. In Table V(a), the baseline with a

three-branch CLIP visual encoder achieves 71.0%/73.6% mAP
and Rank-1 on RGBNT201 and 50.1%/68.9% on MSVR310.
By introducing the MGFA in Table V(b), which fuses the
modality-specific features as a unified expert, the performance
improves to 74.2%/76.6% and 55.0%/73.3%, indicating that
adaptive feature fusion benefits representation learning. In
Table V(c), adding the TMSE further enhances performance
to 78.9% mAP and 84.4% Rank-1 on RGBNT201, and brings
an additional +4.7% mAP and +1.8% Rank-1 improvement
on MSVR310, demonstrating the advantage of semantic mod-
ulation in sampling fine-grained features. Finally, Table V(d)
combines the model with the CSSE and achieves the best
results, 82.4%/86.6% mAP and Rank-1 on RGBNT201, and
60.8%/79.0% on MSVR310, validating that maintaining struc-
tural integrity and environment context awareness is beneficial
for obtaining discriminative identity features. These results
validate the complementary contributions and generalizability
of the MGFA, TMSE, and CSSE modules, confirming their
effectiveness in enhancing multi-modal fusion and discrimi-
native representation learning across different datasets.

Semantic Modulation Diversity and Experts Token Dis-
tribution. As shown in Fig. 6, the sampling ratio in the
modulation module plays a crucial role in balancing semantic
diversity and consistency. In Sec.IIl.B, the Sampling is a
random probability distribution which controls the diversity
and consistency of modulated signals. Intuitively, the sampling
probability determines whether a sentence is selected. A high
probability causes the sentence to be sampled frequently,
resulting in modulation signals that contain consistent content.
Conversely, a lower sampling probability produces signals
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COMPARISON WITH THE STATE-OF-THE-ART METHODS ON VEHICLE DATASETS: MSVR310, RGBNT100, AND WMVEID863 ABOUT MAP(%) AND

TABLE IV

RANK-K(%). THE BEST AND SECOND BEST RESULTS ARE MARKED IN BOLD AND UNDERLINE, RESPECTIVELY.

Methods Venue Backbone MSVR310 RGBNT100 WMVEIDS863
mAP R-1 mAP R-1 mAP R-1 R-5 R-10
5 BoT [4] CVPRW’19 ResNet 23.5 38.4 78.0 95.1 51.1 55.7 69.8 74.7
=1 OSNet [61] ICCV’19 ResNet 28.7 44.8 75.0 95.6 42.9 46.8 61.9 69.4
% AGW [2] T-PAMI’21 ResNet 8.9 46.9 73.1 92.7 30.3 35.3 43.3 46.5
E" PFD [64] AAAT22 ResNet 23.0 39.9 67.5 92.6 50.2 55.3 69.8 75.3
2 TransRelD [3] ICCV’21 ViT-B/16 33.4 48.9 75.6 92.9 67.0 74.7 79.5 82.4
HAMNet [11] AAAT20 ResNet 27.1 423 74.5 93.3 45.6 48.5 63.1 68.8
PFNet [13] AAAT’21 ResNet 23.5 374 68.1 94.1 50.1 55.9 68.7 75.1
IEEE [58] AAAT’22 ResNet 21.0 41.0 61.3 87.8 45.9 48.6 64.3 67.9
CCNet [12] INFFUS’23 ResNet 36.4 55.2 77.2 96.3 50.3 52.7 69.6 75.1
= TOP-RelD [15] AAAT24 ViT-B/16 359 44.6 81.2 96.4 67.7 75.3 80.8 83.5
'8 FACENet [14] INFFUS’25 ViT-B/16 36.2 54.1 81.5 96.9 69.8 77.0 81.0 84.2
E EDITOR [23] CVPR’24 ViT-B/16 39.0 49.3 82.1 96.4 65.6 73.8 80.0 82.3
% ICPL-RelD [25] T-MM’25 CLIP-B/16 56.9 717.7 87.0 98.6 67.2 74.0 81.3 85.6
= MambaPro [17] AAAT’25 CLIP-B/16 47.0 56.5 83.9 94.7 69.5 76.9 80.6 83.8
PromptMA [16] T-IP’25 CLIP-B/16 55.2 64.5 85.3 97.4 - - - =
DeMo [18] AAAT’25 CLIP-B/16 49.2 59.8 86.2 97.6 68.8 77.2 81.5 83.8
IDEA [24] CVPR’25 CLIP-B/16 47.0 62.4 87.2 96.5 - - - -
MFRNet [54] ICML’25 CLIP-B/16 50.6 64.8 88.2 97.4 69.8 78.3 83.1 86.7
NEXT Ours CLIP-B/16 60.8 79.0 88.2 97.7 70.9 77.8 84.3 86.7
Improvement - - +13.9 +11.3 - - +11.1 - +11.2 -
TABLE V
ABLATION STUDIES OF DIFFERENT MODULES ON PERSON DATASET RGBNT201 AND VEHICLE DATASET MSVR310.
Index Modules RGBNT201 MSVR310 Params  Flops
MGFA TMSE CSSE | mAP R-1 R-5 R-10 | mAP R-1 R-5 R-10 M G
(a) X X X 71.0 73.6 842 88.2 50.1 689 834 87.8 88.3 333
(b) v X X 74.2 76.6  87.8 91.3 55.0 733  86.8 91.7 88.5 33.5
© v v X 78.9 84.4 91.1 93.2 59.7 75.1  88.2 92.0 92.5 43.7
(d) v v v 824 86.6 92.0 94.7 60.8 79.0 892 922 94.8 44.8
Experts Token Distribution (R/N/T) & Performance TABLE VI

s R N

Token Count (R/N/T stacked)

Fig. 6.
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I"rm @ g®

100

51 !
A

75% (Default)

89

118
36

67
56
E® P E®

60% (DiversityT)

06

08

SL

mAP / Rank-1

0L

Impact of semantic modulation diversity and consistency on expert
load balancing and performance. R/N/T denote token counts from RGB, NIR,
and TIR modalities for each semantic expert.

EFFECTIVENESS OF CAPTION SOURCE AND CAPTION QUALITY.

. . . IDEA NEXT (Ours)
Caption Setting Quality AP R | mAP R
Comparison of different caption sources
IDEA-Text 100% 80.2  82.1 80.5 84.7
Qwen-VL 100% 78.0  81.1 80.7 86.4
GPT-40 100% 793 809 | 81.8 86.7
Simple-Qwen-VL 100% 77.6  80.3 | 80.1 85.4
Simple-GPT-40 100% 784  80.2 | 80.6 84.8
Ablation on caption quality using NEXT-Text

35% 76.1 779 | 77.1 79.7
NEXT-Text 70% 78.1 79.9 | 80.0 82.2
100% 80.2 84.0 | 824 86.6

with greater diversity. A lower probability of 60% increases
semantic diversity but leads to unstable expert routing and
a notable decline in performance, reaching 78.0% mAP and
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TABLE VII
EFFECTIVENESS OF SAMPLING STRATEGIES.
Index Methods Metrics Params  Flops
mAP R-1 M G
(a) All-Token 79.0  83.0 94.8 43.9
(b) Top-K 814 843 94.8 44.8
() CNN 78.0 843 115.6 46.3
(d) GCN 799 825 115.6 46.5
(e) Attention 82.1 85.9 113.2 45.7
f) o (Ours) 824  86.6 94.8 44.8
TABLE VIII

EFFECTIVENESS OF DIFFERENT ROUTING STRATEGIES. Multi. MEANS
EACH MODALITY USES A DIFFERENT ROUTER. Share. DENOTES ALL
MODALITIES USE A SHARED ROUTER.

Index Router Type Metrics
Er Ec¢ mAP R-1
(a) Multi.  Multi. 783 825
(b) Share. Multi. 78.7 83.4
(c) Share.  Share. 80.3 84.3
(d) Multi.  Share. 824  86.6

77.3% Rank-1. In contrast, a higher probability of 90%
improves feature consistency but results in slight performance
degradation, with 80.2% mAP and 85.8% Rank-1, as token
over-selection or overlook causes one modality to dominate or
suppress in expert activation. The default probability of 75%
achieves the most desirable trade-off, enabling the model to
select semantically balanced tokens across modalities. Specif-
ically, Experts Et(l), Et@), and E§3) select 67, 15, and 22
tokens from RGB, 62, 68, and 100 from NIR, and 48, 68, and
21 from TIR, respectively. This balanced load preserves modal
fairness while maintaining the diversity essential for stable and
cooperative expert behavior.

Effectiveness of Caption Quality. As shown in Table VI,
we evaluate the influence of caption source and quality on
RGBNT201. When using 100% high-quality NEXT captions,
our method achieves 82.4% mAP and 86.6% Rank-1, out-
performing IDEA [24] by +2.2%/+2.6%. Replacing NEXT
captions with IDEA-generated captions causes a 1.9%/1.9%
drop in mAP and Rank-1, showing that richer and more fine-
grained captions benefit text-visual alignment and modality
fusion. We further compare captions generated by GPT-40
and Qwen-VL. GPT-40 performs slightly better than Qwen-
VL due to its stronger fine-grained visual description ability,
while NEXT with Qwen-VL generated captions still outper-
forms IDEA, suggesting that the proposed caption generation
strategy improves caption reliability across different MLLMs.

We also evaluate a simpler confidence-aware strategy by
directly filtering low-confidence attributes, denoted as Simple-
Qwen-VL and Simple-GPT-40. Both simplified variants per-
form worse than their full counterparts, suggesting that simple
filtering may remove noisy attributes but also discards useful
complementary cues. In contrast, our aggregation strategy
preserves reliable attributes through complementation across

Impact of the number of experts on performance

[ mAP N mAP
88 Rank-1 88 Rank-1
s 86.0 86.6 86.6 be s
86 . 84.6 86 bao 84.4
84 84 .

Number of Structure Experts

) )
80 80
78 78
76 76

Number 0f Semantlc Experts

Fig. 7. Effectiveness of the number of semantic and structural experts.
Text-Vlsual Cosine Similarity on RGBNT201 and WMVEID863
RGB text-visual 175 RGB text-visual
16 - RGBmean=0.2951 --- RGB mean=0.2997 |
1 NI text-visual 5.0 NI text-visual H
--- NI mean=0.2944 --- NI mean=0.2806 .
12 Tl text-visual 125 Tl text-visual
z10 T Tl mean=0.2873 z100 TI mean=0.2449 i
gs & s
6
5.0
s
2 25
0 ) 0.0 -
0.10 015 0.20 025 0.30 035 0.40 0.45 0.15 0.20 0.25 0.30 035 0.40
RGBNT201 WMVEID863
Fig. 8. Statistics of text-visual cosine similarity on RGBNT201 and

WMVEIDS863 datasets.

MLLMs and modalities, leading to more complete captions.
When caption quality decreases to 70% and 35%, both
methods suffer clear performance degradation, confirming
that semantic-guided methods are sensitive to textual noise.
Nevertheless, NEXT still outperforms IDEA under degraded
captions, demonstrating better semantic robustness. We also
note that high-confidence hallucination remains a general
challenge in MLLM-based semantic generation. The proposed
confidence-aware aggregation and sentence-level semantic
sampling in TMSE are designed to mitigate the influence of
unreliable textual cues, rather than fully eliminate them.
Effectiveness of Sampling Strategy. Table VII compares
different semantic sampling strategies on RGBNT201. In
Table VII(a), the All-Token strategy encodes all patch tokens
F}O}; but fails to identify key semantic regions, resulting
in significant performance degradation. Table VII(b) adopts
the Top-K strategy, replacing the dynamic routing threshold
o, in R,, with the top 50% tokens, achieving a subop-
timal result. In Table VII(c)-(e), we further compare more
complex routing generators, including CNN [68], GCN [69],
and Attention-based [70] routing. Although attention improves
over CNN/GCN, these methods introduce more parameters
and FLOPs, while still underperforming our dynamic threshold
strategy. In contrast, our dynamic sampling strategy achieves
optimal performance, confirming its effectiveness.
Effectiveness of Routing Strategy. As shown in Table VIII,
different routing strategies are explored to investigate the
impact of modality-specific or shared routing on performance.
When both the semantic expert E4 and the structural expert
Ec adopt modality-specific routing in Table VIII(a), the
model achieves 78.3% mAP and 82.5% Rank-1. Sharing the
routing for Ep slightly improves performance in Table VIII(b),
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TABLE IX
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE SIZE OF
LEARNABLE PARAMETERS, FLOPS, AND THROUGHPUT ON RGBNT201. *
DENOTES THE USE OF CLIP TEXT ENCODER IN THE INFERENCE STAGE.

Methods Params FLOPs Throughput Metrics
M G Images/s mAP R-1
EDITOR [23] 119.3 40.8 335.1 66.5 683
TOP-ReID [15] 324.5 355 398.9 723 76.6
ICPL-RelD [25] 454 39.8 358.4 75.1 77.4
PromptMA [16] 107.9 36.2 343.5 784 809
DeMo [18] 98.8 35.1 403.6 79.0 823
MambaPro [17] 74.8 52.4 243.2 789 834
NEXT (w/o Text) 94.8 36.0 354.0 792 855
IDEA* [24] 91.7 43.7 299.5 80.2  82.1
NEXT* (Ours) 94.8 44.8 275.1 824  86.6

Analysis of dropout rates. Analysis of routing thresholds.
90 90
== mAP
8886.6 ——= Rank-1 88
8685.0 8438
84 83.5

—h— mAP
—i- Rank-1

80 792

760.5

0.1 0.2 0.4 0.8 0.1 0.2 0.4 0.8

Fig. 9. Performance impact of the dropout rates and routing thresholds.

while using shared routing for both experts in Table VIII(c)
further boosts the results to 80.3% mAP and 84.3% Rank-
1, suggesting that a certain level of cross-modal coupling
is beneficial. The optimal configuration in Table VIII(d) is
achieved when Er uses modality-specific routers and E¢
adopts a shared router, reaching 82.4% mAP and 86.6%
Rank-1. Intuitively, semantic cues such as color, illumination,
and temperature are modality-dependent and thus should be
learned via modality-specific routing, while structural cues
(e.g., object shape, contour, or posture) are modality-invariant,
making shared routing more suitable for consistent structural
perception.

Effectiveness of Experts Number. As shown in Fig. 7,
the impact of the number of experts on model performance is
analyzed. Increasing the number of semantic experts from one
to three progressively improves performance, with mAP rising
from 80.9% to 82.4% and Rank-1 increasing from 85.2% to
86.6%. Introducing a fourth expert leads to a decline in both
metrics, dropping to 81.0% in mAP and 84.6% in Rank-1. A
similar trend is observed for structural experts. Expanding the
expert count from one to three steadily boosts performance,
with mAP growing from 80.8% to 82.4% and Rank-1 from
84.0% to 86.6%, while four experts introduce a clear perfor-
mance drop. These results indicate that an excessive number
of experts increases redundancy and weakens specialization,
whereas three experts reach an effective balance between
representational richness and expert diversity, yielding the
most discriminative identity features.

Text-Visual Cosine Similarity. We compute the cosine
similarity between generated captions and images in the CLIP
embedding space. As shown in Fig. 8§, RGBNT201 shows

1.0 0.0 ’ 1.0 00

(a) Baseline /,’ (b) Baseline + MGFA

(d) Baseline + MGFA
+ TMSE + CSSE

(c) Baseline + MGFA
+ TMSE

Fig. 10. T-SNE [71] visualization of the feature distribution on RGBNT201
(a) Baseline, (b) Baseline + MGFA, (c) Baseline + MGFA + TMSE, and (d)
Baseline + MGFA + TMSE + CSSE (Ours).

compact distributions across RGB, NIR, and TIR, with mean
similarities of 0.2951, 0.2944, and 0.2873, indicating stable
cross-modal text-visual alignment. In contrast, WMVEID863
exhibits a larger modality gap, with mean similarities of
0.2997, 0.2806, and 0.2449. The notably lower TIR similarity
suggests that vehicle captions are more affected by modal-
ity degradation and limited fine-grained cues, supporting the
necessity of confidence-aware multi-modal aggregation.

Effectiveness of Dropout Rates and Routing Thresholds.
As shown in Fig. 9, we analyze expert dropout rates and fixed
routing thresholds. The best performance is obtained with a
dropout rate of 0.1, achieving 82.4% mAP and 86.6% Rank-1.
Larger dropout rates gradually degrade performance, suggest-
ing that excessive dropout weakens the representation capacity
of semantic and structural experts. For routing thresholds, fixed
thresholds lead to unstable results because they cannot adapt
to modality degradation and sample-wise quality variations. In
contrast, the learnable dynamic threshold o adaptively adjusts
the sampling criterion for each input, leading to better and
more stable performance.

Training and Inference Efficiency Analysis. Table IX
compares the efficiency of various methods on the RGBNT201
dataset in terms of learnable parameters, FLOPs, throughput,
and retrieval metrics. Our method NEXT achieves the best per-
formance 82.4%/86.6% mAP and Rank-1, while maintaining
a moderate model size of 94.8M parameters. Compared to the
MOoE-based method DeMo [18] (98.8M), NEXT reduces the
parameter count by 4M, demonstrating the higher efficiency.
While adding the text encoder increases the FLOPs of NEXT
by 8.8G relative to the version without text, it still maintains
a clear computational advantage over MambaPro [17], which
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Fig. 11.

Fig. 12. Comparison of retrieval results for different modules on RGBNT201:
(a) Baseline, (b) Baseline + MGFA, (c) Baseline + MGFA + TMSE, and (d)
Baseline + MGFA + TMSE + CSSE (Ours).

consumes 52.4G. For inference throughput, NEXT achieves
275.1 Images/s, which is slightly lower than IDEA’s 299.5
Images/s, but outperforms MambaPro’s 243.2 Images/s. These
results validate that NEXT obtains superior performance with
a trade-off between model complexity and efficiency.

E. Visualization Analysis

Feature Distribution. As shown in Fig. 10, we utilize the T-
SNE [71] to visualize the feature distributions on RGBNT201.
Comparing Figs. 10(a) and (b), the introduction of MGFA
effectively aggregates different instances of the same iden-
tity. In Fig. 10(c), incorporating the TMSE semantic experts
improves the separability of samples across identities. In
Fig. 10(d), the inclusion of CSSE structural experts leads to
tighter clustering of hard samples, resulting in well-separated
intra-class and inter-class distributions. These results validate
the effectiveness of each proposed module.

12

RGB: An adult male seen from the front duri
ng nighttime in dim lighting. ..., paired with cas
ual sneakers. ... He is carrying a backpack. Th
e image appears blurry.

NIR: .. He is wearing a jacket with trousers,
paired with casual sneakers. ... He is carrying
a backpack. The image appears blurry

TIR: An adult male seen from the front. He i
s wearing a jacket with trousers, paired with
casual sneakers. ... He is carrying a backpack.

The image appears clear.

E| @ E 3)
L

o2

NIR: A Muzda sedan vvzwed fro
m the front in dim nighttime ligh
t (image appears blurry). ... The ¢
lean sloped roof sits above used
medium street tires with damage
d bumpers. ... Spoiler is not prese
nt. Roof rack is not present.

TIR: A Benz sedan viewed from
the back (image appears blurry).
The vehicle shows used wear wit
h unclear curved windows. ... The
clean sloped roof sits ... Side mir
rors are missing. ...

RGB: A silver Mazda sedan vie
wed from the front in bright da
ytime light (image appears blurr
y). ... regular tires with intact
bumpers. ... Exhaust system fea
tures hidden pipes.

Visualization of the sampled patch tokens and activated feature regions for experts on person and vehicle datasets.

Rank-1

Query

Fig. 13.  Comparison of retrieval results for state-of-the-art methods on
RGBNT201: (a) DeMo, (b) IDEA, and (c) NEXT (Ours).

Expert Feature Visualization. As shown in Fig. 11, we
visualize the sampling masks of the semantic experts and
the activation maps of the structural experts. We observe
that different semantic experts Et(l) exhibit distinct modal-
ity preferences: for instance in person dataset, Et(l) tends
to sample features from the RGB modality, Et(Q) from the
TIR modality, and E(*) from the NIR modality. These sam-
pling patterns are notably complementary across modalities,
indicating that the text-modulated expert effectively learns
complementary modality-specific features to enhance multi-
modal representations. On the other hand, structural experts
maintain the integrity of coarse-grained identity structures
and environmental context awareness. The parts ignored by
expert E£3) are well captured by other structural experts.
We further visualize several challenging samples, including
cases with severe occlusion, strong illumination interference,
and modality degradation. These examples show that different
experts still attend to complementary semantic regions and
structural cues under difficult conditions, while also revealing
the remaining challenges when the visual quality is heavily
degraded. These observations validate that NEXT successfully
decouples identity recognition into semantic sampling and
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structure modeling.

Retrieval Results. To verify the model’s effectiveness in
real world scenarios, we visualize the retrieval results of
models with different module combinations on the RGBNT201
dataset and compare NEXT with state-of-the-art methods. As
shown in Fig. 12, the introduction of different modules enables
the model to recognize pedestrians with the same identity
more effectively. Fig. 13 compares our method with exist-
ing state-of-the-art methods, demonstrating that our method
achieves superior retrieval performance for the target person
under various low-light conditions. These results validate the
effectiveness of NEXT in leveraging multi-modal data and
textual semantics for robust person RelD.

VI. CONCLUSION

In this paper, we focus on the explicit semantic learning of
multi-modal object ReID. We first propose a reliable multi-
modal caption generation pipeline based on MLLMs, which
utilize template-based instructions to construct confidence-
aware attribute sets, and merge multi-modal attributes to
compose high-quality captions. Additionally, we propose the
multi-modal ReID network, NEXT, a novel multi-grained
MoE framework. Specifically, we propose the Text-Modulated
Semantic Experts (TMSE) and the Context-Shared Structure
Experts (CSSE) to decouple the recognition problem into fine-
grained semantic sampling and coarse-grained structural per-
ception. We incorporate a Multi-Grained Features Aggregation
(MGFA) module to unify features from multi-grained experts
and obtain complete identity representations. Extensive exper-
iments on five popular datasets demonstrate the effectiveness
of our method. In the future, we plan to further explore
the reasoning capability of MLLMs to drive deeper semantic
fusion, such as harder negative mining and chain-of-thought
reasoning. We believe this direction will unlock new frontiers
in interpretable and semantic-driven multi-modal RelD.
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