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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 to1

obtain complete identity features across heterogeneous modali-2

ties. However, most existing methods rely on implicit feature fu-3

sion modules, making it difficult to model fine-grained recognition4

patterns under various challenges in real world. Benefiting from5

the powerful Multi-modal Large Language Models (MLLMs),6

the object appearances are effectively translated into descriptive7

captions. In this paper, we propose a reliable caption generation8

pipeline based on attribute confidence, which significantly reduces9

the unknown recognition rate of MLLMs and improves the10

quality of generated text. Additionally, to model diverse identity11

patterns, we propose a novel ReID framework, named NEXT,12

the Multi-grained Mixture of Experts via Text-Modulation for13

Multi-modal Object Re-Identification. Specifically, we decouple14

the recognition problem into semantic and structural branches to15

separately capture fine-grained appearance features and coarse-16

grained structure features. For semantic recognition, we first17

propose the Text-Modulated Semantic Experts (TMSE) module,18

which randomly samples high-quality captions to modulate19

experts capturing semantic features and mining inter-modality20

complementary cues. Second, to recognize structure features, we21

propose the Context-Shared Structure Experts (CSSE) module,22

which focuses on the holistic object structure and maintains iden-23

tity structural consistency via a soft routing mechanism. Finally,24

we propose the Multi-Grained Features Aggregation (MGFA)25

module, which adopts a unified fusion strategy to effectively26

integrate multi-grained expert features into the final identity27

representations. Extensive experiments on two public person28

datasets and three vehicle datasets demonstrate the effectiveness29

of our method, showing that it significantly outperforms existing30

state-of-the-art methods.31

I. INTRODUCTION32

OBJECT Re-IDentification (ReID) aims to construct dis-33

criminative identity representations by capturing object34

characteristics such as appearance, clothing, body shape, and35
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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- 36

modal images are often vulnerable to perturbations caused 37

by illumination changes, adverse weather, and occlusions [5]– 38

[10], which hinders the performance of classical ReID 39

methods. To address these challenges, multi-modal object 40

ReID [11]–[14] has attracted increasing research interest in 41

recent years. Benefiting from the complementary advantages 42

of diverse spectral modalities, the identity features can be 43

comprehensively captured. Despite this, intra-modal noise 44

and inter-modal heterogeneity remain the key limitations for 45

effective identity representation fusion. To overcome these 46

challenges, existing methods focus on implicit fusion methods 47

such as identity-level feature interaction [15]–[17], fusion 48

feature decoupling [18], [19], data augmentation [20], [21], 49

and frequency-domain interactions [22], [23]. However, ex- 50

plicit semantic-aware fusion [24], [25] of multi-modal identity 51

features remains underexplored. 52

Recent studies in vision-language models [26]–[29] have ad- 53

vanced visual understanding tasks [30], [31]. Pioneering meth- 54
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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-ReID [33],55

integrate MLLMs into ReID tasks by generating identity-56

relevant captions, thereby extending identity representations57

into the textual modality. However, low-quality spectral noise58

and style discrepancies introduce semantic noise and omis-59

sions into the text generation process of MLLMs. Information60

bias during long-context text generation serves as a major61

cause of hallucinations [34] in MLLMs, with longer texts62

increasing the likelihood of such errors. Additionally, guiding63

MLLMs to reason the fine-grained attributes across visible and64

infrared spectra is a highly labor-intensive process. Incorrect65

text caption labels cause ambiguity and semantic bias [35]–66

[37]. To tackle this, we propose a reliable caption generation67

framework, as shown in Fig. 2(b). Specifically, we decompose68

the caption generation process into two steps: confidence-69

aware attribute generation and multi-modal attribute aggrega-70

tion. By enforcing the model to output a confidence score71

for each attribute, we encourage the MLLMs to perform fine-72

grained evaluation for each attribute. Based on the confidence73

scores, we quantify the attribute importance across different74

modalities, enabling us to complement missing semantic in-75

formation through multi-modal attribute sets.76

The high-quality captions effectively guide the model to77

focus on identity-relevant representations. Based on this, we78

propose a multi-grained mixture of experts framework named79

NEXT, as shown in Fig. 1(c), which models the identity80

recognition process through semantic-sampling and structure-81

aware experts. The framework consists of three main com-82

ponents: Text-Modulated Semantic Experts (TMSE), Context-83

Shared Structure Experts (CSSE), and Multi-Grained Features84

Aggregation (MGFA). Specifically, TMSE samples part-level85

fine-grained features within each modality. The text modula- 86

tion mechanism encourages experts to focus on semantically 87

relevant regions and capture intra-modality semantic identity 88

features. Meanwhile, CSSE perceives inter-modality coarse- 89

grained features of the object identity through a soft routing 90

mechanism shared across modalities, which maintains the 91

integrity of structural features. Finally, MGFA unifies the 92

features of multi-grained experts into a comprehensive identity 93

representation. Extensive experiments on five multi-modal 94

object ReID benchmarks demonstrate the effectiveness of our 95

proposed approach. 96

In summary, our contributions are as follows: 97

• To obtain accurate object appearance descriptions, we 98

propose a reliable caption generation pipeline that lever- 99

ages attribute confidence scores to effectively harness 100

MLLMs in producing reliable high-quality captions. 101

• To model diverse identity patterns, we propose the Text- 102

Modulated Semantic Experts (TMSE) and the Context- 103

Shared Structure Experts (CSSE) to decouple the recog- 104

nition problem into fine-grained semantic and coarse- 105

grained structural branches. The Multi-Grained Features 106

Aggregation (MGFA) is proposed to integrate multi- 107

grained experts into a unified identity representation. 108

• Extensive experiments are conducted on five public 109

benchmarks to validate the effectiveness of our method. 110

The results demonstrate that the proposed method signif- 111

icantly outperforms the state-of-the-art methods. 112

II. RELATED WORK 113

A. Multi-Modal Object Re-Identification 114

Multi-modal object ReID leverages the complementary 115

imaging advantages of multi-spectra to enable robust identity 116

recognition under adverse conditions. However, intra-modal 117

noise and inter-modal spectral heterogeneity remain significant 118

challenges. To fuse the spectral modalities, Wang et al. [15] 119

propose the TOP-ReID which introduces a modality permuta- 120

tion and reconstruction mechanism to align multi-modal rep- 121

resentations. Zhang et al. [16] propose a prompt-based token 122

selection and fusion strategy to effectively integrate multi- 123

modal features and suppress background interference. Wang et 124

al. [17] propose the MambaPro, which presents a selective 125

state-space fusion approach based on Mamba [38] to aggregate 126

intra- and inter-modal features. Zheng et al. [14] propose 127

the FACENet which utilizes illumination priors to enhance 128

degraded modalities. Wang et al. [23] adopt frequency- and 129

feature-based selection mechanisms to filter out background 130

and low-quality noise. Yang et al. [22] propose the TIENet 131

which introduces an amplitude-guided phase learning strategy 132

for frequency-domain enhancement. Li et al. [25] propose 133

the ICPL-ReID which applies an identity prototype-based 134

conditional prompt learning method to guide semantic learning 135

across modalities. Wang et al. [24] inverts textual features 136

into the visual space to guide model learning, and captures 137

discriminative features across multi-modal via deformable 138

aggregation. Despite these advancements, existing methods 139

still lack a deep exploration of identity semantics and intrinsic 140

structures. To bridge this gap, we propose a multi-grained 141
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mixture of experts via text-modulation that fuses features from142

different modalities through semantic and structural perspec-143

tives, aiming to enhance multi-modal identity representation144

based on explicit semantics.145

B. Semantic Learning in Re-Identification146

The large-scale Vision-Language foundation Models147

(VLM), such as CLIP [29], exhibit powerful visual perception148

and semantic understanding capabilities. Researchers employ149

the learnable prompt [39], [40] to effectively adapt these150

models to classification and retrieval recognition tasks. In151

ReID, methods like CLIP-ReID [30] and PromptSG [31]152

utilize learnable semantic prompts to transfer the CLIP [29]153

model to capture object identity semantic information [41].154

With the rise of MLLMs [26]–[28], numerous studies155

demonstrate the effectiveness of MLLMs [42], [43] in156

generating high-quality text and robust generalization in157

vision-language generation. Current approaches, such as158

MP-ReID [33], TVI-LFM [32], and IDEA [24], exploit159

MLLMs to generate identity-level textual descriptions160

from existing ReID datasets. However, these methods still161

lack reliable text generation under multi-modal conditions.162

Unlike existing methods [24], [32], we further quantify each163

generated attribute and propose a confidence-aware attribute164

generation strategy. We incorporate a multi-modal merging165

and complementation mechanism to achieve high-quality166

and reliable caption generation. Additionally, we introduce167

the NEXT framework, which leverages semantic experts to168

extract fine-grained identity features, aiming to tackle diverse169

semantic challenges in multi-modal scenarios.170

C. Mixture of Experts for Multi-Modal Learning171

The Mixture-of-Experts (MoE) [44]–[46] paradigm decom-172

poses a large and complex deep model into lightweight expert173

networks and a routing module. By intelligently routing inputs174

to different experts, the model enables flexible adaptation175

to diverse and complex tasks and environments [47], [48].176

Recently, the MoE framework has been increasingly adopted177

in multi-modal learning [49]–[51]. Yun et al. [50] propose178

the Flex-MoE, which introduces a flexible framework that179

effectively incorporates arbitrary modality combinations and180

addresses the missing modality scenario across various do-181

mains. Fang et al. [52] recognize the modality importance182

varying across samples in fusion, and propose the EMoE183

which uses the predictive information of each modality to184

guide the fused features, preserving modality-specific charac-185

teristics in the multi-modal fusion. Peng et al. [53] introduce186

a novel top-down dynamic fusion mechanism that adaptively187

integrates multi-modal information, addressing the variation188

in data quality across different modalities and patients in189

various medical domains. Wang et al. [18] propose the DeMo,190

which first introduces the MoE framework to the multi-modal191

ReID task by combining fusion-specific experts to decouple192

shared and specific fusion features. Feng et al. [54] proposed193

MFRNet, which adopts an MoE-based modality generator194

for pixel-level modality feature generation and interaction,195

and MoE-based adapter to rebalance modality-shared and196

modality-specific representations. Despite this, these methods 197

still lack multi-grained semantic understanding. To address this 198

limitation, we propose text-modulated semantic experts and 199

context-shared structure experts to jointly capture semantic 200

and structural features, enabling more comprehensive identity 201

representation of multi-modalities. 202

III. METHODOLOGY 203

In this section, we elaborate on the proposed frame- 204

work, NEXT. As shown in Fig. 3, we propose the Multi- 205

Grained Mixture-of-Experts framework that includes the Text- 206

Modulated Semantic Experts (TMSE), the Context-Shared 207

Structure Experts (CSSE), and the Multi-Grained Features 208

Aggregation (MGFA) module. 209

A. Multi-Modal Features Extraction 210

Each multi-modal sample includes three modalities: Visible 211

Light (RGB), Near Infrared (NIR), and Thermal Infrared 212

(TIR), denoted as XI = [XI,rgb, XI,nir, XI,tir], along with 213

detailed appearance captions XT = [XT,rgb, XT,nir, XT,tir] 214

which are generated by our pipeline in Sec.IV. We feed 215

the visual modality XI into the CLIP visual encoder V(·) 216

to extract visual features FI = [f clsI ;Ftok
I ] ∈ R3×(1+N)×D, 217

and input the appearance description XT into the frozen 218

CLIP text encoder T (·) to extract textual features FT = 219

[f clsT ;Ftok
T ] ∈ R3×(1+L)×D, where N denotes the number of 220

visual patch tokens, L is the length of text tokens, D is the 221

dimension length. 222

B. Text-Modulated Semantic Experts 223

In real world, challenges like illumination variations, back- 224

ground noise, and image degradation impact quality of lo- 225

cal regions across modalities, making it essential to bridge 226

modality gaps and extract fine-grained complementary fea- 227

tures. To address this, we use text-modulated routing to 228

sample semantically relevant local visual tokens within each 229

modality. Therefore, TMSE focuses on identity-related lo- 230

cal cues, such as clothing, accessories, body parts, vehicle 231

components, and other appearance-level attributes. Specif- 232

ically, we leverage the object-level textual semantics XT 233

extracted from MLLMs to guide a set of semantic sampling 234

experts ET = {E(1)
t , E

(2)
t , . . . , E

(NT )
t } in dynamically select 235

semantic-related local features across different modalities, to 236

tackle various semantic challenges, where NT denotes the 237

number of semantic experts. The structure of each expert is 238

defined as: 239

E
(i)
t (F) = Dropout (MLP (LN(F))) + F, (1)

where F denotes the input features, LN denotes a layer 240

normalization, MLP refers to a multilayer perceptron, and 241

Dropout with a rate of 0.1 is applied to prevent overfitting. 242

Dynamic Sampling Routing. To sample semantic fea- 243

tures from each modality, we design a set of modality- 244

specific sampling routes for each expert, denoted as R = 245

[Rrgb,Rnir,Rtir]. The patch-level features Ftok
I,m are encoded 246
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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 αm, and the class token f clsI,m are247

mapped into the dynamic threshold σm as follows:248

αm = FC2
(
δ
(
FC1(Ftok

I,m)
))

, αm ∈ RH×W

σm = FC2
(
δ
(
FC1(f clsI,m)

))
, σm ∈ R

(2)

where FC1 ∈ RD×D and FC2 ∈ RD×1 denotes fully con-249

nected layers, δ is GELU activation function [55], and m ∈250

{rgb, nir, tir}. Then, we calculate the sampling matrix Mm251

to capture the key tokens for current expert,252

Mm(i, j) =

{
1, if αm(i, j) > σm

0, otherwise
, (3)

as formulated in Eq. (3), we assign 1 to entries in αm that253

exceed the threshold σm and 0 otherwise, to discard irrelevant254

tokens while keeping the operation differentiable.255

Fine-Grained Text Modulation. To empower the semantic256

awareness of each expert, we employ random semantic text257

prompts during training to guide each expert to focus on258

distinct semantic challenges. Formally, the raw textual caption259

is decomposed into fine-grained sentences for each modality:260

XT,m = {s(1)m , s
(2)
m , . . . , s

(nm)
m }, where nm is the maximum261

number of sentences. For each expert E
(i)
t , we randomly262

select a subset X̂
(i)
T,m from XT,m as its modulation signal.263

The sampling process is defined as:264

X̂
(i)
T,m ∼ Sampling(XT,m),

X̂
(i)
T = [X̂

(i)
T,rgb, X̂

(i)
T,nir, X̂

(i)
T,tir],

(4)

where i denotes the i-th semantic expert, and Sampling is265

a random probability distribution which controls the diversity266

and consistency of modulated signals.267

To modulate the sampling route, we first encode the ran- 268

domly sampled high-quality semantic text into the visual-text 269

latent space as text feature vector f cls
T̂ ,m

. Second, we compute 270

the cosine similarity between this text vector and the visual 271

patch tokens to obtain the semantic matrix βm: 272

βm =
f cls
T̂ ,m

· Ftok
I,m

∥f cls
T̂ ,m

∥2 · ∥Ftok
I,m∥2

, βm ∈ RH×W (5)

where ∥ · ∥2 means L2 normalization. Then, the semantic 273

guidance is integrated with the route matrix αm to produce 274

the modulation matrix γm: 275

γm = FC4
(
δ
(
FC3(αm,βm)

))
+αm,γm ∈ RH×W (6)

where FC3 ∈ R2×D/2 and FC4 ∈ RD/2×1 denotes the fully 276

connected layer within the modulation network whose struc- 277

ture is illustrated in Fig. 3(c). 278

Finally, we replace the route matrix αm in Eq. (3) with 279

the modulated matrix γm to obtain the final modulation-based 280

sampling matrix M̂m. 281

F̂tok
I,m = Et(F

tok
I,m), F̂I = Concat

(
M̂m ⊙ F̂tok

I,m

)
, (7)

According to Eq. (7) above, M̂m dynamically samples the 282

informative features for each semantic expert E
(i)
t within a 283

modality. These sampled features are concatenated to obtain 284

the final multi-modal semantic feature F̂I . 285

C. Context-Shared Structure Experts 286

While TMSE focuses on fine-grained part recognition under 287

various semantic challenges, CSSE is designed for coarse- 288
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grained structural recognition. Instead of using modality-289

specific semantic sampling, CSSE adopts a modality-shared290

routing mechanism over concatenated multi-modal patch to-291

kens. Its goal is to preserve the holistic object structure292

and maintain structural consistency across modalities, such293

as viewpoint, body shape, vehicle contour, and global spa-294

tial configuration. To this end, we introduce the structure295

aware experts, denoted as EC = {E(1)
c , E

(2)
c , . . . , E

(NC)
c }, to296

comprehensively perceive the holistic object structure across297

modalities, where NC denotes the number of structure experts298

and E
(i)
c shares the same architecture as E

(i)
t in Eq. (1).299

Specifically, we first concatenate multi-modal patch features300

as Ftok
I = [Ftok

I,rgb,F
tok
I,nir,F

tok
I,tir], and then feed them into a301

modality-shared routing network Rs to compute the expert302

fusion weights as follows:303

ω = Softmax
(
FC

(
Ftok

I

))
, ω ∈ RNC , (8)

where Softmax encodes the expert selection weights, result-304

ing in the soft routing matrix ω.305

Finally, we feed the concatenated multi-modal token fea-306

tures into the structure experts EC and compute the final multi-307

modal structural representation by weighting each output of308

the expert using the soft routing matrix ω. The process is309

formulated as follows:310

F̃I =

NC∑
i=1

ωi · E(i)
c (Ftok

I ),

F̃tok
I =

{
E(i)

c (Ftok
I ) | i = 1, 2, . . . , NC

}
,

(9)

where F̃I represents the final multi-modal structure feature.311

D. Multi-Grained Features Aggregation312

Different types of experts mine identity features at vary-313

ing levels of granularity. The semantic experts ET extract314

fine-grained semantic features F̂
(i)
I , and the structural ex-315

perts EC capture coarse-grained structural consistency fea-316

tures F̃I . As illustrated in Fig. 3(e), we combine these317

features to form the complete object identity feature set318

Fexp
I = [F̂

(1)
I , F̂

(2)
I , . . . , F̂

(NT )
I ; F̃I ]. The modality class to-319

kens are concatenated to form the modality query features320

f clsI = [f clsI,rgb, f
cls
I,nir, f

cls
I,tir]. Following this, we treat f clsI as321

the query features Q and the expert features as the key322

features K and value features V. Through the Cross-Attention323

mechanism [56], we obtain the multi-modal representation324

for each expert and average them to form the final identity325

representation f̂ clsI . The process is formulated as follows:326

f̂ clsI = Average
(
f̂
cls(1)
I , f̂

cls(2)
I , . . . , f̂

cls(NT)
I ; f̃ clsI

)
, (10)

327

f̂
cls(i)
I = FFN

(
LN

(
CA

(
f clsI ,F

exp(i)
I

)))
,

for i = 1, . . . , NT + 1
(11)

where CA is the Cross-Attention mechanism, and FFN is328

the Feed-Forward Network.329

Template: A [age] [gender] seen from the 
[view] during [capture_time] in [illuminatio
n] lighting. [gender:male|He][gender:femal
e|She][gender:non-binary|The person] is w
earing a [upper_clothing_color] [upper_clo
thing] with [lower_clothing_color] [lower_c
lothing], paired with [footwear_style] [foo
twear]. [Hair_length] [hair_style] hair [gla
sses: wearing glasses|glasses: not wearing 
glasses| 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 a none 
garment: red unknown with ... The u
nknown has unknown unknown hair ... 
The un-known is carrying unknown.

NIR: The female is wearing a black t
ank top with white stripes and dark 
shoes. The female has long and strai
ght brown ..The female is carrying n
othing.
TIR: The male is wearing a black bac
kpack with multi-colored short pant
s and white shoes. The male has dar
k h-air not specified hair …

RGB: An adult male seen from the side 
during nighttime in dim lighting. He is w
earing a red jacket with … Short straig
ht hair and he is not wearing glasses. ...

NIR: An adult male seen from the side d
uring nighttime in dim lighting. He is wea
ring a jacket with trousers, paired with 
casual boots. ... He is carrying a backpac
k. The image appears blurry.
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.

(b) Current Caption Method

(a) Multi-Modal Identity

(c) Our Proposed Caption Method

RGB NIR TIR

❌Ambiguous ❌Uncertainty ❌Fragmented Complete Consistency Clarity 

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

E. Optimization and Inference 330

In line with prior works [3], [4], we use the object identity 331

ID label as the ground-truth to supervise the classification loss 332

Lid, and adopt the triplet loss Ltri to enhance identity distri- 333

bution compactness and separability. The final loss function is 334

defined as: 335

Lfinal(f̂
cls
I ) = Lid(f̂

cls
I ) + Ltri(f̂

cls
I ). (12)

During the inference, the fused feature serves as the final 336

object representation for multi-modal retrieval. 337

IV. RELIABLE CAPTION GENERATION 338

Thanks to the powerful semantic understanding capability of 339

Multi-modal Large Language Models (MLLMs), we leverage 340

their out-of-the-box ability to generate comprehensive textual 341

semantic descriptions of the object appearance. However, 342

simple template-based text generation methods [24], [32], [33] 343

face many practical challenges when dealing with multi-modal 344

data, such as noise interference from low-quality images and 345

significant style discrepancies in infrared modalities, making 346

it hard to observe the object’s fine-grained details. To over- 347

come these challenges, we first employ multiple MLLMs to 348

generate several attributes with confidence scores, and then 349

leverage the confidence scores with a multi-modal attributes 350

aggregation strategy to generate reliable and comprehensive 351

identity captions. 352
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(a) Attributes Confidence Analysis on Person Dataset (b) Attributes Confidence Distribution of Different MLLMs

Appearance Clothing

Accessories Environment

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-4o and Qwen-VL native output on four different types of attributes.

A. Confidence-Aware Attribute Generation353

To flexibly analyze the object appearance, we set the354

generation of identity attributes as the basic step in caption355

generation. We first define an instruction template to guide356

multiple MLLMs (e.g., GPT-4o [26], Qwen-VL [27], etc.)357

in structuring the attribute set of the input image. However,358

simple structured attribute information cannot quantitatively359

measure the confidence level of each item, the model suf-360

fers from low-quality visual modality noise, which leads to361

incorrect attribute selection. To address this, we introduce362

the concept of confidence score in the instruction template.363

This allows us to observe the quality level of each MLLM364

assigns to its output for each attribute. Additionally, to avoid365

the model ignoring environment information, we not only366

structure the output of ‘upper clothing’, ‘lower clothing’,367

‘footwear’ and other appearance attributes, but also require the368

MLLMs to output ‘view’, ‘illumination’, ‘capture time’, and369

‘target clarity’ attributes to capture environmental context.370

B. Multi-Modal Attribute Aggregation371

Based on the confidence-aware attribute set with confidence372

score, we are able to further generate reliable captions for373

the object. However, as shown in Fig. 2(a) and Fig. 4, the374

RGB modality is affected by lighting degradation, causing375

the MLLMs to fail to recognize the ‘backpack’ attribute. In376

contrast, the thermal infrared modality for the same identity377

easily reveals additional ‘backpack’ attribute. This leads to the378

model generating vague and incomplete textual captions such379

as ‘none,’ ‘unknown,’ or ‘unclear’ based on a single modality.380

To address this problem, we employ multiple MLLMs to381

recognize attributes and output confidence scores. As shown382

in Fig. 5, GPT-4o produces higher confidence on fine-grained383

appearance and clothing attributes, while Qwen-VL focuses384

more on accessories and environment cues. Therefore, we 385

propose a multi-modal attribute aggregation strategy based 386

on confidence scores to preprocess complementary semantic 387

information across different visual modalities. 388

Multi-Modal Merge and Complement. Specifically, we 389

first use multiple MLLMs to identify object attributes, and 390

for each identified attribute, we select the MLLMs with 391

the highest confidence as their final value to improve the 392

accuracy of each attribute within the modality. Then, taking 393

the RGB modality as an example, its modality-specific low- 394

frequency attributes, such as ‘illumination,’ ‘upper clothing 395

color,’ and ‘lower clothing color,’ are easy to recognize. In 396

contrast, attributes requiring high-frequency information, such 397

as ‘carrying,’ ‘holding,’ ‘handbag,’ and ‘backpack,’ are often 398

incorrectly recognized as ‘unknown,’ ‘unclear,’ or ‘not carry- 399

ing.’ This significantly affects the clarity of the final generated 400

captions. To address this, we rely on the confidence scores to 401

select the highest-confidence attributes from the NIR and TIR 402

modalities, which are unaffected by lighting conditions, for 403

rechecking and complementing missing information. Similarly, 404

we apply the same complementary strategy to each modality 405

in order to obtain a complete and reliable set of attributes for 406

each modality. 407

Caption Generation. Building on the above complete at- 408

tribute set, we define the template-based instruction to guide 409

the LLM [57] in combining the confidence-aware attribute 410

set from each modality to generate the final text caption. 411

Therefore, we have constructed a complete and reliable caption 412

generation pipeline, and the same process is applied to vehicle 413

datasets to obtain comprehensive semantic description of the 414

vehicle appearance. 415
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TABLE I
COMPARISON WITH EXISTING METHOD ON CAPTION GENERATION.

Aspect IDEA [24] NEXT (Ours)

Pipeline paradigm Caption generation
→ attribute extraction

Attribute w/ confidence
→ aggregation

→ caption generation

Initial generation target Free-form modality-specific
description

Structured attribute set
with confidence scores

MLLM usage Reuse MLLMs for
generation and extraction

Use multiple MLLMs for
confidence-aware attributes

Attribute reliability modeling No explicit attribute-level
reliability estimation

Explicit confidence for
each attribute

Handling hallucination
noisy recognition

Prompt constraints
and post-hoc extraction

Confidence-aware selection
across MLLMs/modalities

Cross-modal semantic
interaction

Independent modality-wise
descriptions

RGB/NIR/TIR merge
and complement

Main advantage Structured and concise
text annotation

Reliable, fine-grained
and complete descriptions

C. Comparison of Caption Generation416

As summarized in Table I, we compare our generation417

pipeline with existing generation method. IDEA [24] fo-418

cuses on generating structured and concise captions through419

modality-specific description generation and post-hoc attribute420

extraction. In contrast, NEXT aims to produce reliable, fine-421

grained, and complete identity descriptions by directly gen-422

erating confidence-aware attributes and aggregating comple-423

mentary cues across RGB, NIR, and TIR modalities. This424

design enables explicit reliability estimation, cross-modal at-425

tribute selection, and semantic complementation for robust426

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

427

V. EXPERIMENT428

A. Datasets and Evaluation Protocols429

1) Datasets: As shown in Table II, we evaluate our method430

on five multi-modal object ReID datasets: RGBNT201 [13],431

Market-MM [58], MSVR310 [12], RGBNT100 [11], and432

WMVEID863 [14]. To extend these datasets, we employ433

GPT-4o [26] and Qwen-VL [27] to automatically generate434

object attribute with confidence, and DeepSeek-V3 [57] to435

compose the final caption for each image modality. The436

caption generation costs for five datasets are 14.4, 51.7, 14.1,437

6.3, and 98.0 minutes, respectively, with an average processing438

speed of 16.66 images/s. This process is conducted only once439

as offline preprocessing, and the generated captions can be440

cached and repeatedly reused for both training and testing441

without additional MLLM inference.442

Person Datasets. RGBNT201 comprises 14,361 person443

images corresponding to 4,787 multi-modal samples of 201444

identities, with 141 identities used for training, 30 for valida-445

tion, and 30 for testing across four distinct viewpoints. Market-446

MM is a synthetic multi-modal person dataset derived from447

Market1501 [65], containing 32,668 multi-modal samples of 448

1,501 identities, of which 751 identities with 12,936 triples 449

form the training set and the remaining 750 identities consti- 450

tute the gallery and query partitions. 451

Vehicle Datasets. MSVR310 contains 6,261 images form- 452

ing 2,087 multi-modal samples of 310 vehicle identities, with 453

155 identities and 1,032 samples used for training and the 454

remaining 155 identities contributing 1,055 gallery samples 455

and 591 query samples. RGBNT100 includes 100 vehicle 456

identities and augments them with 17,250 thermal images, 457

yielding 8,675 multi-modal triples for training and 8,575 458

triples for testing, from which 1,715 samples are selected as 459

queries. WMVeID863 provides 4,709 image triplets of 863 460

identities captured from eight views, where 603 identities with 461

3,482 triplets are used for training and 260 identities with 462

1,226 triplets form the gallery and query sets, with 959 query 463

samples selected. 464

2) Evaluation Protocols: Following the convention of com- 465

munity [2], [3], we use the Mean Average Precision (mAP) 466

and Rank-K (K = 1, 5, 10) matching accuracy as evaluation 467

metrics. As in previous works [11], [13], [14], we adopt the 468

common evaluation protocol for RGBNT201, Market-MM, 469

RGBNT100 and WMVEID863. For MSVR310, we filter out 470

samples with the same identity and time span based on time 471

labels to avoid easy matching [12]. 472

B. Implementation Details 473

We resize each spectral image to 256 × 128 for person 474

samples, and 128×256 for vehicle samples. Data augmentation 475

includes random horizontal flipping, padding, cropping, and 476

erasing [66]. All parameters in the CLIP text encoder [29] 477

are frozen for text semantic projection, while the CLIP visual 478

branch is fully trainable. Adam [67] optimizer is used with 479

the learning rate of 3.5e-4, weight decay of 0.0001, and 480

momentum set to 0.9. All experiments are conducted on one 481

NVIDIA RTX 4090 GPU using the PyTorch toolkits. 482

C. Comparison with State-of-the-Art Methods 483

Performance on Person Dataset. In Table III, we compare 484

our NEXT with existing methods on the RGBNT201 and 485

Market-MM datasets. Benefiting from the flexible fusion of 486

semantic and structural experts, our method achieves a sig- 487

nificant performance lead, reaching 82.4%/86.6% mAP and 488

Rank-1 accuracy. Against IDEA [24], which utilizes seman- 489

tic inversion and deformable offset sampling, our method 490

leverages flexible text-modulation to guide expert sampling 491

multi-modal semantics, improving mAP and Rank-1 by +2.2% 492

and +4.5%, respectively. Compared with MFRNet [54], which 493

employs the MoE structure to enhance cross-modal generation 494

and representation learning, NEXT focuses more on multi- 495

grained identity semantic and structural modeling, thereby 496

achieving clear performance advantages. On the Market- 497

MM dataset, NEXT also establishes clear advantages, reach- 498

ing 85.8%/95.3% mAP and Rank-1 accuracy. The consistent 499

improvements on the two datasets demonstrate the robustness 500

of NEXT in learning discriminative identity features under 501

diverse multi-modal conditions. 502
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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

Si
ng

le
-M

od
al HACNN [59] CVPR’18 ResNet 21.3 19.0 34.1 42.8 42.9 69.1 86.6 92.2

MLFN [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 25.4 22.3 35.1 44.7 39.7 69.3 86.7 91.3
CAL [62] ICCV’21 ResNet 27.6 24.3 36.5 45.7 - - - -
TransReID [3] ICCV’21 ViT-B/16 63.8 65.8 78.5 83.9 73.0 88.9 95.8 97.6

M
ul

ti-
M

od
al

HAMNet [11] AAAI’20 ResNet 27.7 26.3 41.5 51.7 60.0 82.8 92.5 95.0
PFNet [13] AAAI’21 ResNet 38.5 38.9 52.0 58.4 60.9 83.6 92.8 95.5
IEEE [58] AAAI’22 ResNet 46.4 47.1 58.5 64.2 64.3 83.9 93.0 95.7
HTT [63] AAAI’24 ViT-B/16 71.1 73.4 83.1 87.3 67.2 81.5 95.8 97.8
TOP-ReID [15] AAAI’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
ICPL-ReID [25] T-MM’25 CLIP-B/16 75.1 77.4 84.2 87.9 85.1 94.7 98.4 99.1
MambaPro [17] AAAI’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] AAAI’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 +↑3.0 +↑0.1 +↑0.6 +↑0.7 +↑0.6 +↑0.3 +↑0.3

Performance on Vehicle Dataset. Table IV outlines the503

performance of our method on vehicle datasets. On the504

MSVR310 dataset, our approach significantly outperforms505

existing methods, achieving 60.8%/79.0% mAP and Rank-506

1 accuracy. MSVR310 contains high-quality vehicle images507

but suffers from severe cross-view variations, where textual508

semantics can guide NEXT to learn view-invariant identity509

cues and improve cross-modal feature fusion. For RGBNT100,510

the Rank-1 performance is nearly saturated due to many repet-511

itive vehicle samples, while mAP better reflects the improved512

overall retrieval quality. For WMVeID863, strong illumination513

pollution and vehicle-part occlusion degrade both visual recog-514

nition and text generation. Nevertheless, NEXT still improves515

over FACENet [14] and MFRNet [54] by +1.1% mAP. These516

results confirm the strong generalization and robustness of517

NEXT in vehicle ReID under complex conditions.518

D. Ablation Studies519

On the RGBNT201 and MSVR310 datasets, we start from520

a baseline which is built on a three-branch CLIP visual521

encoder [29], and incrementally incorporate our components522

to evaluate their specific contributions to the model’s overall523

performance. The three main components are: the Multi-524

Grained Features Aggregation (MGFA), the Text-Modulated525

Semantic Experts (TMSE), and the Context-Shared Structure526

Experts (CSSE).527

Effectiveness of Key Modules. As shown in Table V,528

we conduct ablation studies on both the RGBNT201 and529

MSVR310 datasets to evaluate the effectiveness of each530

proposed component. In Table V(a), the baseline with a531

three-branch CLIP visual encoder achieves 71.0%/73.6% mAP 532

and Rank-1 on RGBNT201 and 50.1%/68.9% on MSVR310. 533

By introducing the MGFA in Table V(b), which fuses the 534

modality-specific features as a unified expert, the performance 535

improves to 74.2%/76.6% and 55.0%/73.3%, indicating that 536

adaptive feature fusion benefits representation learning. In 537

Table V(c), adding the TMSE further enhances performance 538

to 78.9% mAP and 84.4% Rank-1 on RGBNT201, and brings 539

an additional +4.7% mAP and +1.8% Rank-1 improvement 540

on MSVR310, demonstrating the advantage of semantic mod- 541

ulation in sampling fine-grained features. Finally, Table V(d) 542

combines the model with the CSSE and achieves the best 543

results, 82.4%/86.6% mAP and Rank-1 on RGBNT201, and 544

60.8%/79.0% on MSVR310, validating that maintaining struc- 545

tural integrity and environment context awareness is beneficial 546

for obtaining discriminative identity features. These results 547

validate the complementary contributions and generalizability 548

of the MGFA, TMSE, and CSSE modules, confirming their 549

effectiveness in enhancing multi-modal fusion and discrimi- 550

native representation learning across different datasets. 551

Semantic Modulation Diversity and Experts Token Dis- 552

tribution. As shown in Fig. 6, the sampling ratio in the 553

modulation module plays a crucial role in balancing semantic 554

diversity and consistency. In Sec.III.B, the Sampling is a 555

random probability distribution which controls the diversity 556

and consistency of modulated signals. Intuitively, the sampling 557

probability determines whether a sentence is selected. A high 558

probability causes the sentence to be sampled frequently, 559

resulting in modulation signals that contain consistent content. 560

Conversely, a lower sampling probability produces signals 561
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TABLE IV
COMPARISON WITH THE STATE-OF-THE-ART METHODS ON VEHICLE DATASETS: MSVR310, RGBNT100, AND WMVEID863 ABOUT MAP(%) AND

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

Methods Venue Backbone MSVR310 RGBNT100 WMVEID863
mAP R-1 mAP R-1 mAP R-1 R-5 R-10

Si
ng

le
-M

od
al BoT [4] CVPRW’19 ResNet 23.5 38.4 78.0 95.1 51.1 55.7 69.8 74.7

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
PFD [64] AAAI’22 ResNet 23.0 39.9 67.5 92.6 50.2 55.3 69.8 75.3
TransReID [3] ICCV’21 ViT-B/16 33.4 48.9 75.6 92.9 67.0 74.7 79.5 82.4

M
ul

ti-
M

od
al

HAMNet [11] AAAI’20 ResNet 27.1 42.3 74.5 93.3 45.6 48.5 63.1 68.8
PFNet [13] AAAI’21 ResNet 23.5 37.4 68.1 94.1 50.1 55.9 68.7 75.1
IEEE [58] AAAI’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-ReID [15] AAAI’24 ViT-B/16 35.9 44.6 81.2 96.4 67.7 75.3 80.8 83.5
FACENet [14] INFFUS’25 ViT-B/16 36.2 54.1 81.5 96.9 69.8 77.0 81.0 84.2
EDITOR [23] CVPR’24 ViT-B/16 39.0 49.3 82.1 96.4 65.6 73.8 80.0 82.3
ICPL-ReID [25] T-MM’25 CLIP-B/16 56.9 77.7 87.0 98.6 67.2 74.0 81.3 85.6
MambaPro [17] AAAI’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] AAAI’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 - - +↑3.9 +↑1.3 - - +↑1.1 - +↑1.2 -

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) ✕ ✕ ✕ 71.0 73.6 84.2 88.2 50.1 68.9 83.4 87.8 88.3 33.3
(b) ✓ ✕ ✕ 74.2 76.6 87.8 91.3 55.0 73.3 86.8 91.7 88.5 33.5
(c) ✓ ✓ ✕ 78.9 84.4 91.1 93.2 59.7 75.1 88.2 92.0 92.5 43.7
(d) ✓ ✓ ✓ 82.4 86.6 92.0 94.7 60.8 79.0 89.2 92.2 94.8 44.8

Overlook

Over-selection

Load BalanceOver-selection

𝐸!
(#)𝐸!

(%) 𝐸!
(&) 𝐸!

(#)𝐸!
(%) 𝐸!

(&) 𝐸!
(#)𝐸!

(%) 𝐸!
(&)

90% (Consistency↑) 60% (Diversity↑)75% (Default)

Fig. 6. 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.

TABLE VI
EFFECTIVENESS OF CAPTION SOURCE AND CAPTION QUALITY.

Caption Setting Quality IDEA NEXT (Ours)
mAP R-1 mAP R-1

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-4o 100% 79.3 80.9 81.8 86.7
Simple-Qwen-VL 100% 77.6 80.3 80.1 85.4
Simple-GPT-4o 100% 78.4 80.2 80.6 84.8

Ablation on caption quality using NEXT-Text

NEXT-Text
35% 76.1 77.9 77.1 79.7
70% 78.1 79.9 80.0 82.2
100% 80.2 84.0 82.4 86.6

with greater diversity. A lower probability of 60% increases 562

semantic diversity but leads to unstable expert routing and 563

a notable decline in performance, reaching 78.0% mAP and 564



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 10

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 81.4 84.3 94.8 44.8
(c) CNN 78.0 84.3 115.6 46.3
(d) GCN 79.9 82.5 115.6 46.5
(e) Attention 82.1 85.9 113.2 45.7
(f) σm (Ours) 82.4 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
ET EC mAP R-1

(a) Multi. Multi. 78.3 82.5
(b) Share. Multi. 78.7 83.4
(c) Share. Share. 80.3 84.3
(d) Multi. Share. 82.4 86.6

77.3% Rank-1. In contrast, a higher probability of 90%565

improves feature consistency but results in slight performance566

degradation, with 80.2% mAP and 85.8% Rank-1, as token567

over-selection or overlook causes one modality to dominate or568

suppress in expert activation. The default probability of 75%569

achieves the most desirable trade-off, enabling the model to570

select semantically balanced tokens across modalities. Specif-571

ically, Experts E
(1)
t , E

(2)
t , and E

(3)
t select 67, 15, and 22572

tokens from RGB, 62, 68, and 100 from NIR, and 48, 68, and573

21 from TIR, respectively. This balanced load preserves modal574

fairness while maintaining the diversity essential for stable and575

cooperative expert behavior.576

Effectiveness of Caption Quality. As shown in Table VI,577

we evaluate the influence of caption source and quality on578

RGBNT201. When using 100% high-quality NEXT captions,579

our method achieves 82.4% mAP and 86.6% Rank-1, out-580

performing IDEA [24] by +2.2%/+2.6%. Replacing NEXT581

captions with IDEA-generated captions causes a 1.9%/1.9%582

drop in mAP and Rank-1, showing that richer and more fine-583

grained captions benefit text-visual alignment and modality584

fusion. We further compare captions generated by GPT-4o585

and Qwen-VL. GPT-4o performs slightly better than Qwen-586

VL due to its stronger fine-grained visual description ability,587

while NEXT with Qwen-VL generated captions still outper-588

forms IDEA, suggesting that the proposed caption generation589

strategy improves caption reliability across different MLLMs.590

591

We also evaluate a simpler confidence-aware strategy by592

directly filtering low-confidence attributes, denoted as Simple-593

Qwen-VL and Simple-GPT-4o. Both simplified variants per-594

form worse than their full counterparts, suggesting that simple595

filtering may remove noisy attributes but also discards useful596

complementary cues. In contrast, our aggregation strategy597

preserves reliable attributes through complementation across598

Number of Structure ExpertsNumber of Semantic Experts

Impact of the number of experts on performance

Fig. 7. Effectiveness of the number of semantic and structural experts.

Text-Visual Cosine Similarity on RGBNT201 and WMVEID863

RGBNT201 WMVEID863

Fig. 8. Statistics of text-visual cosine similarity on RGBNT201 and
WMVEID863 datasets.

MLLMs and modalities, leading to more complete captions. 599

When caption quality decreases to 70% and 35%, both 600

methods suffer clear performance degradation, confirming 601

that semantic-guided methods are sensitive to textual noise. 602

Nevertheless, NEXT still outperforms IDEA under degraded 603

captions, demonstrating better semantic robustness. We also 604

note that high-confidence hallucination remains a general 605

challenge in MLLM-based semantic generation. The proposed 606

confidence-aware aggregation and sentence-level semantic 607

sampling in TMSE are designed to mitigate the influence of 608

unreliable textual cues, rather than fully eliminate them. 609

Effectiveness of Sampling Strategy. Table VII compares 610

different semantic sampling strategies on RGBNT201. In 611

Table VII(a), the All-Token strategy encodes all patch tokens 612

Ftok
I,m, but fails to identify key semantic regions, resulting 613

in significant performance degradation. Table VII(b) adopts 614

the Top-K strategy, replacing the dynamic routing threshold 615

σm in Rm with the top 50% tokens, achieving a subop- 616

timal result. In Table VII(c)-(e), we further compare more 617

complex routing generators, including CNN [68], GCN [69], 618

and Attention-based [70] routing. Although attention improves 619

over CNN/GCN, these methods introduce more parameters 620

and FLOPs, while still underperforming our dynamic threshold 621

strategy. In contrast, our dynamic sampling strategy achieves 622

optimal performance, confirming its effectiveness. 623

Effectiveness of Routing Strategy. As shown in Table VIII, 624

different routing strategies are explored to investigate the 625

impact of modality-specific or shared routing on performance. 626

When both the semantic expert ET and the structural expert 627

EC adopt modality-specific routing in Table VIII(a), the 628

model achieves 78.3% mAP and 82.5% Rank-1. Sharing the 629

routing for ET slightly improves performance in Table VIII(b), 630
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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 68.3
TOP-ReID [15] 324.5 35.5 398.9 72.3 76.6
ICPL-ReID [25] 45.4 39.8 358.4 75.1 77.4
PromptMA [16] 107.9 36.2 343.5 78.4 80.9
DeMo [18] 98.8 35.1 403.6 79.0 82.3
MambaPro [17] 74.8 52.4 243.2 78.9 83.4
NEXT (w/o Text) 94.8 36.0 354.0 79.2 85.5
IDEA∗ [24] 91.7 43.7 299.5 80.2 82.1
NEXT∗ (Ours) 94.8 44.8 275.1 82.4 86.6

Analysis of dropout rates. Analysis of routing thresholds.

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

while using shared routing for both experts in Table VIII(c)631

further boosts the results to 80.3% mAP and 84.3% Rank-632

1, suggesting that a certain level of cross-modal coupling633

is beneficial. The optimal configuration in Table VIII(d) is634

achieved when ET uses modality-specific routers and EC635

adopts a shared router, reaching 82.4% mAP and 86.6%636

Rank-1. Intuitively, semantic cues such as color, illumination,637

and temperature are modality-dependent and thus should be638

learned via modality-specific routing, while structural cues639

(e.g., object shape, contour, or posture) are modality-invariant,640

making shared routing more suitable for consistent structural641

perception.642

Effectiveness of Experts Number. As shown in Fig. 7,643

the impact of the number of experts on model performance is644

analyzed. Increasing the number of semantic experts from one645

to three progressively improves performance, with mAP rising646

from 80.9% to 82.4% and Rank-1 increasing from 85.2% to647

86.6%. Introducing a fourth expert leads to a decline in both648

metrics, dropping to 81.0% in mAP and 84.6% in Rank-1. A649

similar trend is observed for structural experts. Expanding the650

expert count from one to three steadily boosts performance,651

with mAP growing from 80.8% to 82.4% and Rank-1 from652

84.0% to 86.6%, while four experts introduce a clear perfor-653

mance drop. These results indicate that an excessive number654

of experts increases redundancy and weakens specialization,655

whereas three experts reach an effective balance between656

representational richness and expert diversity, yielding the657

most discriminative identity features.658

Text-Visual Cosine Similarity. We compute the cosine659

similarity between generated captions and images in the CLIP660

embedding space. As shown in Fig. 8, RGBNT201 shows661

(a) Baseline (b) Baseline + MGFA

(c) Baseline + MGFA
 + TMSE

(d) Baseline + MGFA 
+ TMSE + CSSE

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 662

similarities of 0.2951, 0.2944, and 0.2873, indicating stable 663

cross-modal text-visual alignment. In contrast, WMVEID863 664

exhibits a larger modality gap, with mean similarities of 665

0.2997, 0.2806, and 0.2449. The notably lower TIR similarity 666

suggests that vehicle captions are more affected by modal- 667

ity degradation and limited fine-grained cues, supporting the 668

necessity of confidence-aware multi-modal aggregation. 669

Effectiveness of Dropout Rates and Routing Thresholds. 670

As shown in Fig. 9, we analyze expert dropout rates and fixed 671

routing thresholds. The best performance is obtained with a 672

dropout rate of 0.1, achieving 82.4% mAP and 86.6% Rank-1. 673

Larger dropout rates gradually degrade performance, suggest- 674

ing that excessive dropout weakens the representation capacity 675

of semantic and structural experts. For routing thresholds, fixed 676

thresholds lead to unstable results because they cannot adapt 677

to modality degradation and sample-wise quality variations. In 678

contrast, the learnable dynamic threshold σ adaptively adjusts 679

the sampling criterion for each input, leading to better and 680

more stable performance. 681

Training and Inference Efficiency Analysis. Table IX 682

compares the efficiency of various methods on the RGBNT201 683

dataset in terms of learnable parameters, FLOPs, throughput, 684

and retrieval metrics. Our method NEXT achieves the best per- 685

formance 82.4%/86.6% mAP and Rank-1, while maintaining 686

a moderate model size of 94.8M parameters. Compared to the 687

MoE-based method DeMo [18] (98.8M), NEXT reduces the 688

parameter count by 4M, demonstrating the higher efficiency. 689

While adding the text encoder increases the FLOPs of NEXT 690

by 8.8G relative to the version without text, it still maintains 691

a clear computational advantage over MambaPro [17], which 692
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Fig. 11. Visualization of the sampled patch tokens and activated feature regions for experts on person and vehicle datasets.
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Query Rank-1 Rank-5

Query Rank-1 Rank-5

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 achieves693

275.1 Images/s, which is slightly lower than IDEA’s 299.5694

Images/s, but outperforms MambaPro’s 243.2 Images/s. These695

results validate that NEXT obtains superior performance with696

a trade-off between model complexity and efficiency.697

E. Visualization Analysis698

Feature Distribution. As shown in Fig. 10, we utilize the T-699

SNE [71] to visualize the feature distributions on RGBNT201.700

Comparing Figs. 10(a) and (b), the introduction of MGFA701

effectively aggregates different instances of the same iden-702

tity. In Fig. 10(c), incorporating the TMSE semantic experts703

improves the separability of samples across identities. In704

Fig. 10(d), the inclusion of CSSE structural experts leads to705

tighter clustering of hard samples, resulting in well-separated706

intra-class and inter-class distributions. These results validate707

the effectiveness of each proposed module.708

(a)

(b)

(c)

(a)

(b)

(c)

Query Rank-1 Rank-5

Query Rank-1 Rank-5

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 709

visualize the sampling masks of the semantic experts and 710

the activation maps of the structural experts. We observe 711

that different semantic experts E
(i)
t exhibit distinct modal- 712

ity preferences: for instance in person dataset, E
(1)
t tends 713

to sample features from the RGB modality, E
(2)
t from the 714

TIR modality, and E
(3)
t from the NIR modality. These sam- 715

pling patterns are notably complementary across modalities, 716

indicating that the text-modulated expert effectively learns 717

complementary modality-specific features to enhance multi- 718

modal representations. On the other hand, structural experts 719

maintain the integrity of coarse-grained identity structures 720

and environmental context awareness. The parts ignored by 721

expert E
(3)
c are well captured by other structural experts. 722

We further visualize several challenging samples, including 723

cases with severe occlusion, strong illumination interference, 724

and modality degradation. These examples show that different 725

experts still attend to complementary semantic regions and 726

structural cues under difficult conditions, while also revealing 727

the remaining challenges when the visual quality is heavily 728

degraded. These observations validate that NEXT successfully 729

decouples identity recognition into semantic sampling and 730
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structure modeling.731

Retrieval Results. To verify the model’s effectiveness in732

real world scenarios, we visualize the retrieval results of733

models with different module combinations on the RGBNT201734

dataset and compare NEXT with state-of-the-art methods. As735

shown in Fig. 12, the introduction of different modules enables736

the model to recognize pedestrians with the same identity737

more effectively. Fig. 13 compares our method with exist-738

ing state-of-the-art methods, demonstrating that our method739

achieves superior retrieval performance for the target person740

under various low-light conditions. These results validate the741

effectiveness of NEXT in leveraging multi-modal data and742

textual semantics for robust person ReID.743

VI. CONCLUSION744

In this paper, we focus on the explicit semantic learning of745

multi-modal object ReID. We first propose a reliable multi-746

modal caption generation pipeline based on MLLMs, which747

utilize template-based instructions to construct confidence-748

aware attribute sets, and merge multi-modal attributes to749

compose high-quality captions. Additionally, we propose the750

multi-modal ReID network, NEXT, a novel multi-grained751

MoE framework. Specifically, we propose the Text-Modulated752

Semantic Experts (TMSE) and the Context-Shared Structure753

Experts (CSSE) to decouple the recognition problem into fine-754

grained semantic sampling and coarse-grained structural per-755

ception. We incorporate a Multi-Grained Features Aggregation756

(MGFA) module to unify features from multi-grained experts757

and obtain complete identity representations. Extensive exper-758

iments on five popular datasets demonstrate the effectiveness759

of our method. In the future, we plan to further explore760

the reasoning capability of MLLMs to drive deeper semantic761

fusion, such as harder negative mining and chain-of-thought762

reasoning. We believe this direction will unlock new frontiers763

in interpretable and semantic-driven multi-modal ReID.764
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