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Abstract

With the rise of visual-language models, multi-modal ReID
retrieves specific targets by integrating different spectra and
textual descriptions. Existing methods merely adopt de-
scriptive representation learning for image-text, ignoring
the relationships among the intrinsic logical hierarchies of
semantic features. Since Chain-of-Thought (CoT) can pro-
vide textual logical context and enhance semantic percep-
tion in large-model reasoning, we propose CoT-ReID, a
CoT-guided framework that injects the Multi-modal Large
Language Models (MLLMs) reasoning into multi-modal
ReID. Specifically, we simulate human-like joint vision-
text logical decision-making, leveraging CoT textual logi-
cal reasoning to guide visual feature learning at the early,
late and decision-making levels: we first embed the seman-
tic reversion of CoT hierarchical reasoning into visual fea-
tures to calibrate bottom-level features and highlight visual
hierarchical reasoning, then take CoT hierarchical reason-
ing text as an anchor condition to constrain the consis-
tency of visual cross-modal semantics, and finally embed
logically reasoned text attribute features into multi-modal
decision-making via CoT’s hierarchical reasoning to pro-
vide logical support for selecting discriminative identity
features. By constructing CoT textual benchmarks and our
proposed modules, our framework generates more robust
multi-modal features in complex scenarios, and comprehen-
sive experiments on four datasets (RGBNT100, MSVR310,
WMVeID863, RGBNT201) demonstrate the superiority of
our method over state-of-the-art approaches.

1. Introduction

Object Re-Identification (ReID) aims to retrieve the same
target from images captured by different camera views.
During the past decade, RGB images have dominated the
initial development stage [8, 18, 37, 48]. To address more
real-world challenges such as darkness, occlusion, and
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Figure 1. (a) The process of human reasoning about object infor-
mation, including both visual and text semantic context. (b) Dur-
ing our model training, both visual and textual semantics contain
the logical reasoning process.

strong light interference, Near-Infrared (NIR) and Thermal
Infrared (TIR) spectra have been introduced [14, 27, 32,
45], expanding the coverage of object ReID scenarios, but
introducing cross-modal discrepancies that complicate fea-
ture alignment and fusion. With the vigorous development
of Multi-modal Large Language Models (MLLMs), exist-
ing methods [10, 30, 39] have introduced text annotations to
supplement information such as attributes of objects and de-
signed several text-image alignment methods to adaptively
aggregate discriminative multi-modal information.

While existing methods that incorporate semantic fea-
tures offer descriptive representations of objects, they
largely overlook the intrinsic hierarchical logic governing
visual elements. Object visual features are usually com-
posed of multiple interacting layers to form a precise con-
text. As the example in Fig. 1 (b), a vehicle’s brand and
model imply its body line, just as a pedestrian’s clothing
suggests their gender. As shown in Fig. 1 (a), when hu-
mans [19] describe an object through conversational rea-
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Figure 2. (a) The previous text-guided ReID methods based on
text annotations. (b) The framework of our CoT-guided reasoning-
chain text guide the model’s full-process training.

soning, we first rely on visual observation and then verbal
description, both of which contain visual contextual infor-
mation and semantic contextual information. Since directly
mining such hierarchical relationships purely within the vi-
sual domain remains challenging, whereas the interpretabil-
ity and explicit logical reasoning of semantic contextual re-
lationships make them more amenable to exploration. No-
tably, CoT [33], as a structured reasoning paradigm tailored
for LLMs, guides LLMs to decompose complex visual at-
tributes into sequential, interpretable steps.

Inspired by these observations and CoT reasoning mech-
anisms [26, 33, 36], we generate image attribute descrip-
tions via MLLM reasoning to enhance visual feature un-
derstanding. To the best of our knowledge, no prior ReID
work has used CoT as semantic context to boost the inter-
pretability of visual context. As shown in Fig. 2 (b), our
approach first identifies the main object, verifies attribute
consistency, and weights reliable attributes instead of gen-
erating isolated, shallow annotations, which ensures CoT
carries richer semantic context by encoding both attribute
definitions and their logical relationships. Given inherent
cross-modal disparities, previous methods have advanced
in defining reasonable bounds for interactive alignment and
disentanglement techniques [5, 6, 29, 31, 40], but still rely
on shallow semantic matching or low-constraint feature
alignment. To bridge the gap, we use the contextual seman-
tics of CoT to simulate the hierarchical logic of human rea-

soning and we upgrade cross-modal consistency constraints
from surface alignment based on static semantics to deep se-
mantic binding and conditional marginal constraints based
on dynamic reasoning.

Technically, we construct a Chain-of-Thought guided
multi-modal object ReID (CoT-ReID) framework. First, we
develop a CoT-guided multi-modal object attribute genera-
tion pipeline, which leverages MLLM to generate both CoT
text datasets that record the MLLMs’ reasoning process and
object attribute description datasets. Then, we leverage the
CoT reasoning-chain text to guide the model’s full-process
training, to achieve logical reasoning and interpretable rea-
soning for vision. Specifically, as shown in the right part
of Fig. 1, we first perform CoT semantic contextual reverse
information embedding into the early visual level, aiming
to guide the visual system to focus on contextual reasoning
information from the early feature learning phase. Subse-
quently, we take CoT semantic text as a twofold constraint
on cross-modal consistency: (1) it serves as a semantic an-
chor in the late visual level, serving as conditional prior
information to constrain cross-modal information consis-
tency; (2) it serves as marginal conditions for cross-modal
interaction, enabling visual features to attend to contextual
information while preventing over-alignment from under-
mining modality uniqueness, and ensuring effective infor-
mation sharing.

In summary, the contributions of our work are as follows:
• We propose a novel CoT guided framework for multi-

modal object ReID that simulates human-like joint visual-
textual reasoning. By establishing full-process semantic
guidance, our method steers visual feature learning to-
ward logical semantics to achieve more interpretable and
robust cross-modal representation.

• We propose three novel modules: CoT-guided Reverse
Embedding (CRE) directs bottom-level visual features to-
ward visual logical semantics; CoT-guided Cross-Modal
Consistency (CT-CMC) achieves balanced fusion under
logical semantic constraints and protection; and CoT-
guided Text Features (CTF) injects reasoning into dis-
criminative identity feature selection.

• We innovatively leverage MLLMs with CoT to gen-
erate benchmarks both object semantic reasoning pro-
cesses and attribute annotations. Extensive experiments
on four benchmarks demonstrate state-of-the-art perfor-
mance, validating the effectiveness of our approach.

2. Related Work

2.1. Multi-modal Object Re-Identification

Multi-spectral object ReID leverages data from different
spectra, including RGB, NIR, and TIR, to enhance ReID
performance. The unique imaging characteristics of NIR
and TIR bring new solutions to ReID tasks. Li et al. [14]
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propose two multi-spectral vehicle datasets, RGBN300 and
RGBNT100, and construct a baseline method HAMNet for
fusing different modalities. To address inter-modal discrep-
ancies inherent in multi-spectral data, Zheng et al. [45] pro-
pose CCNet, which improves fusion through a coherence
constraint, and contribute the MSVR310 dataset. Zhang et
al. [40] develop EDITOR to alleviate the impact of complex
backgrounds on ReID performance.

The development of LLMs drives research on their ap-
plications in ReID. Existing methods integrate text seman-
tics with multi-spectral data to supplement information and
boost recognition accuracy. Building on CLIP [22]’s strong
semantic-visual alignment, CLIP-ReID [16] incorporates
text prompts and pioneers the application of text in ReID.
To address limited text descriptions, some studies [10, 39]
leverage MLLMs to generate fine-grained target captions.
Li et al. [17] propose a prompt learning framework that
harnesses the cross-modal alignment capabilities of vision-
language pre-training models. Wang et al. [30] introduce
a multi-expert strategy to couple shared information across
different modalities. Despite these advances, current text-
based approaches remain limited to static, fine-grained ob-
ject descriptions that overlook inter-attribute relationships
and lack semantic logical structure. To overcome these
limitations, we propose CoT-ReID: a novel framework for
multi-modal object ReID, accompanied by CoT reasoning-
chain benchmarks and semantically enriched attribute de-
scriptions.

2.2. Chain-of-Thought of Large Model

Inspired by human cognition, multi-modal rational con-
struction enhances both accuracy and interpretability in
multi-modal reasoning. Since the introduction of Chain-
of-Thought (CoT) [33], various paradigms have emerged
to improve multi-channel and multi-step reasoning, pre-
dominantly using text to encode multi-modal information
for seamless integration with the reasoning mechanisms of
LLMs or MLLMs. Several methods leverage CoT text to
improve retrieval accuracy. For instance, vision-language-
action models [42] generate intermediate reasoning steps
to replace traditional direct action prediction, thereby en-
hancing model performance. X-CoT [20] employs an inter-
pretable retrieval framework powered by LLM-based CoT
reasoning, moving beyond embedding model-based simi-
larity ranking. In image generation, PromptCoT [35] re-
fines input prompts, PARM++ [7] optimizes reward mech-
anisms, and LayoutLLM-T2I [21] adopt text-based layout
construction prior to synthesis, significantly improving out-
put quality. In summary, CoT’s simulation of human cog-
nition has advanced multiple domains. However, previous
multi-spectral ReID works have relied on static textual de-
scriptions to supplement semantics, overlooking inherent
semantic logical relationships. To address this, we propose

Figure 3. The template example of NIR modality and the multi-
modal reasoning-chain of MSVR310 dataset.

a CoT-guided multi-modal object ReID framework that em-
ploys hierarchical reasoning through CoT semantic text to
guide visual feature learning throughout the entire process.

3. Methodology
In this section, we present the process of CoT-guided
reasoning-chains and captions generation, as well as our
proposed modules. Fig. 3 illustrates the details of gener-
ation, including templates and examples. Fig. 4 presents
the key modules of our proposed CoT: CoT-guided Reverse
Embedding (CRE), CoT-guided Cross-Modal Consistency
(CT-CMC) and CoT-guided Text Features (CTF). Details
are described as follows.

3.1. Multi-modal Chain-of-Thought Guided Cap-
tion Generation

To obtain multi-modal semantic contextual information, we
leverage the CoT of LLMs to generate two types of datasets:
multi-modal objects logical reasoning-chains text dataset
and objects attribute descriptions datasets. Specifically, as
shown in Fig. 3, we enable the MLLM to generate unique
semantic information for each modality based on the fea-
tures of the respective modality, and require it to produce
textual information detailing its logical reasoning process.

For multi-modal object ReID, each identity instance con-
sists of three different modalities: visible light (RGB), near-
infrared (NIR), and thermal infrared (TIR), denoted Xi =
[Xrgb, Xnir, Xtir]. And we use M(, ) and TPi denote as
MLLM and templates of {rgb, nir, tir}:

XT,i = M(Xi, TPi), XT ′,i = M(Xi, TPi), (1)

where XT,i and XT ′,i, (i∈ (rgb, nir, tir)) denote as the CoT
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Figure 4. The framework of our CoT-ReID. We first employ MLLMs to generate both descriptive captions and logical reasoning texts
based on the CoT process for target objects. The CoT reasoning text is then fed into the CoT-guided Reverse Embedding (CRE) module to
guide bottom-level visual feature extraction. Next, the obtained tri-modal visual features are concatenated with their corresponding CoT
texts and passed to the CoT-guided Cross-Modal Consistency (CT-CMC), where the text serves as a conditional anchor for bidirectional
alignment. Finally, both visual and CoT-guided Features (CTF) serve as decision inputs to the ReID model and are jointly optimized under
a unified ReID loss.

reasoning text and the CoT-guided text description of three
modalities.

3.2. Multi-modal CoT-guided Reverse Embedding
Thanks to the powerful self-supervised pre-training capa-
bility of DINOv3 [23], we adopt it as our visual backbone,
whose four register tokens serve as dynamic yet stable carri-
ers for global semantic integration to overcome local patch
limitations and enhance contrastive learning reliability. In-
spired by this design, we embed the contextual semantic re-
versal of CoT reasoning into these register tokens, formally
expressed as:

QT
T = Φ(XTt′,i), Q

V
T = QT

T ·Wproj + bproj, (2)

where Φ denotes the text embedding that is generated by a
frozen CLIP [22] text encoder, QT

T denotes the CoT reason-
ing text of three modalities, and Wproj ∈ R512×Cv is the

projection weight matrix, bproj ∈ RCv is the bias term, and
QV

T ∈ RB×Cv .
The register tokens are concatenated with the visual patch
sequence to form the input to Transformer layers:

R
(l)
in =

[
Z

(l)
N ⊕ r(l) ⊕Q

V (l)
T

]
∈ RB×(1+n+N)×Cv , (3)

F
(l)
out = α

(
R

(l)
in ; θ

(l)
blk

)
∈ RB×(1+n+N)×Cv , (4)

where ZN ∈ RN×Cv is the visual patch sequence (N de-
notes the number of image patches), ⊕ represents sequence
concatenation, n indicates the number of register tokens (set
to 4), l (1 ≤ l ≤ L) indexes the Transformer layers, and
α(; ) denotes the l-th Transformer block in DINOv3 param-
eterized by θ

(l)
blk.
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3.3. CoT-guided Cross-Modal Consistency
Multi-modal learning needs to leverage the complemen-
tary information from different inputs. However, existing
methods still face two significant challenges: (1) ensuring
effective cross-modal alignment without compromising
modality-specific features, and (2) balancing the contri-
butions of each modality to prevent one modality from
dominating the fusion process. When these representation
imbalances are not properly addressed, the fusion process
yields sub-optimal outcomes [4, 11, 15].

To achieve effective cross-modal alignment without
over-fusion, we introduce semantic context as both a con-
ditioning signal and a protective margin, inspired by Info-
Bridge [13]. This approach ensures a win-win effect of en-
hanced information sharing and preserved modality unique-
ness.

To clarify the method: our positive pairs (Fi, Fj) re-
fer to pairs of representations from different modalities
that belong to the same ID, thus following the joint dis-
tribution pijpos(Fi, Fj |T ). Negative pairs (Fi, Fj) are those
where the representations come from different modalities
and different IDs, which follows the product of marginals
pneg(Fi|T ) · pneg(Fj |T ). In our contrastive learning setup,
we denote the number of positive pairs as N1 and the num-
ber of negative pairs as N0.
Protective Margin Objective with Context. Li et al. [13]
provide theoretical contribution, building upon the proven
lower bound I(Fi, Fj |T ) ≥ log(N1

N0
) + LNCE(h), which

provides a principled way to control the degree of cross-
modal fusion while maintaining modality-specific informa-
tion. To prevent excessive fusion between modalities, we
introduce a protective margin in our cross-modal consis-
tency design: ∆ = log

(
N1

N0

)
.

CoT-guided Semantic Anchor. Given the context condi-
tion QT ′

T , we define the context-anchored cross-modal con-
sistency loss LC :

Li2j = −log
(
E(Fi,Fj)∼pij

pos
h(Fi, Fj , Q

T ′

T,i)
)

− N1

N0
· log

(
1− E(Fi,Fj)∼pij

neg
h(Fi, Fj , Q

T ′

T,i)
)
,

(5)
where P ij

pos represents positive pairs and P ij
neg represents

negative pairs, the critic function h implemented by MLPs,
estimates the probability (∈ {0, 1}) that a pair (Fi, Fj) is
positive given reasoning-chain context QT ′

T,i. The loss in-
corporates the protective margin N1

N0
as mentioned earlier.

To address over-alignment and modal disparity, we im-
pose pairwise bidirectional constraints between the three
modalities and the overall loss is:

LC(Fi, Fj , Q
T ′

T,i) =

n∑
i,j∈(R,N,T )

Li2j . (6)

In summary, CT-CMC not only promotes cross-modal con-
sistency but also acts as a safeguard against over-fusion,
thereby overcoming key limitations like modal dominance
and insufficient consensus learning.

3.4. Objective Function
As shown in Fig. 4, we optimize CoT through losses ap-
plied to multiple features. To maintain consistency with
prior works [29, 30], we separately extract image and text
features, denoted by FT

i and FV
i , respectively. For each

feature, we apply label smoothing cross-entropy loss [24]
and triplet loss [9]:

Lg(F ) = LCE(F ) + LTri(F ), (7)

where F denotes the input features. Here, LCE and LTri

denote label smoothing cross-entropy loss and triplet loss.
The overall objective function is then formulated as:

L = Lg(F
V
i ) + Lg(F

T
i ) + LC(F

V
i , FT

i , FT ′

i ), (8)

where FV
i , FT

i and FT ′

i denote the multi-modal visual, text
features and CoT-guided reasoning text, LC denotes the loss
from CT-CMC.

4. Experiment
4.1. Datasets and Evaluation Protocols
Datasets. We conduct experiments on three publicly
available multi-spectral vehicle ReID datasets and a
multi-spectral person dataset, including MSVR310 [45],
RGBNT100 [14], WMVeID863 [46] and RGBNT201 [43].
To extend these datasets, we employ Qwen-VL [1] to au-
tomatically generate CoT-guided reasoning chain and ob-
ject attribute for each image modality in the train and test
sets. Our generated text benchmarks: We use the API-
based Qwen-VL [1] to automatically generate textual de-
scriptions. More details can be found in the supplementary
material.
Evaluation Protocols. In line with the convention of the
ReID community [8, 12], we use mean Average Precision
(mAP) and Cumulative Matching Characteristics (CMC) at
Rank-K (K = 1, 5, 10) to assess performance. The eval-
uation protocol is consistent with that used in the original
dataset and baseline methods.

4.2. Implementation Details
Our model is implemented with the PyTorch toolbox. We
conduct experiments on one NVIDIA RTX 3090 GPU. For
data processing, we resize the images of each modality to
128x256 in vehicle datasets and 256x128 in person dataset
to maintain the aspect ratio. We use random horizontal
flipping, padding with 10 pixels and random cropping and
erasing[47]. We use the pre-trained DINOv3-B [23] as the
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Methods Venue RGBNT100 WMVeID863 MSVR310
mAP R-1 mAP R-1 R-5 R-10 mAP R-1 R-5 R-10

Si
ng

le

BoT [18] CVPRW’19 78.0 95.1 51.1 55.7 69.8 74.7 23.5 38.4 56.8 64.8
OSNet [48] ICCV’19 75.0 95.6 42.9 46.8 61.9 69.4 28.7 44.8 66.2 73.1
AGW [37] TPAMI’21 73.1 92.7 30.3 35.3 43.3 46.5 28.9 46.9 64.3 70.7

TransReID∗ [8] ICCV’21 75.6 92.9 67.0 74.7 79.5 82.4 26.9 43.5 62.4 70.7

M
ul

ti-
m

od
al

HAMNET [14] CVPR’18 74.5 93.3 45.6 48.5 63.1 68.8 27.1 42.3 61.6 69.5
PFNet [43] AAAI’21 68.1 94.1 50.1 55.9 68.7 75.1 23.5 37.4 57.0 67.3
IEEE [31] AAAI’22 61.3 87.8 45.9 48.6 64.3 67.9 21.0 41.0 57.7 65.0

CCNet [45] INFFU’23 77.2 96.3 50.3 52.7 69.6 75.1 36.4 55.2 72.4 79.7
TOP-ReID∗ [27] AAAI’24 81.2 96.4 67.7 75.3 80.8 83.5 35.9 44.6 - -
EDITOR∗ [40] CVPR’24 82.1 96.4 65.6 73.8 80.0 82.3 39.0 49.3 - -

HTT∗ [32] AAAI’24 75.7 92.6 66.2 73.2 79.9 82.3 34.5 43.2 - -
FACENet∗ [46] INFFU’25 81.5 96.9 69.8 77.0 81.0 84.2 36.2 54.1 - -
Mambapro† [28] AAAI’25 83.9 94.7 69.5 76.9 80.6 83.8 47.0 64.0 - -
PromptMA† [41] TIP’25 85.3 97.4 - - - - 55.2 64.5 - -

DeMo† [29] AAAI’25 86.2 97.6 68.8 77.2 81.5 83.8 49.2 59.8 - -
DeMo◦ [29] AAAI’25 88.4 96.1 72.5 79.9 85.2 89.2 68.7 81.6 90.7 93.1
ICPL† [17] TMM’25 87.0 98.6 67.2 74.0 81.2 85.6 56.9 77.7 87.6 91.5
IDEA† [30] CVPR’25 87.2 96.5 - - - - 47.0 62.4 - -
IDEA◦ [30] CVPR’25 88.2 96.5 - - - - 67.0 82.4 89.0 90.1

DINOv3◦ [23] - 87.0 98.5 70.1 80.8 84.3 87.7 68.2 83.3 93.5 94.4
CoT◦ Ours 89.9 99.3 74.7 82.0 85.9 89.8 71.7 85.3 94.3 96.5

Table 1. Performance comparison on multi-modal vehicle ReID datasets. The best results are in bold and the second in underlined.
Symbols: † (CLIP-based), ∗ (ViT-based), ◦ (DINOv3-based), others (CNN-based). To facilitate a clear comparison, the “DINOv3◦”
method serves as our baseline.

visual encoder. We use Adam optimizer to optimize the
network with the initial learning rate as 3.5 × 10−4 for
WMVeID863, 1 × 10−5 for RGBNT100, 3.5 × 10−3 for
MSVR310, and 3.5×10−3 for RGBNT201. And all of them
with a momentum of 0.9 and a weight decays of 1 × 10−4

at total 120 epochs. Other details are provided in the sup-
plementary material.

4.3. Comparison with State-of-the-Art Methods
Performance on Multi-modal Vehicle Dataset. Table 1
compares our CoT◦ with existing multi-modal methods on
three vehicle datasets. Our approach achieves significant
improvements on WMVeID863 and MSVR310. For fair
comparison, we reproduce baseline results using the DI-
NOv3 backbone on DeMo† and IDEA†. Since IDEA† does
not provide text for WMVeID863, we exclude its results
on this dataset. In the same methodology, the DINOv3◦

backbone achieves higher performance compared to CLIP†.
Specifically, on MSVR310, we improve mAP by 3.0%
and 4.7% over DeMo◦ and IDEA◦; on WMVeID863, we
achieve gains of 2.2%. These gains come from two fac-
tors: the stronger self-supervised initialization of DINOv3
and the additional CoT-based semantic guidance introduced
in our framework.
Performance on Multi-modal Person Dataset. Table 2
outlines the performance of our method on RGBNT201
dataset. For a clear comparison, we reproduce the base-

line of DINOV3 [23] and IDEA† [30] method on the DI-
NOV3 backbone. On the one hand, it can be observed that
the powerful self-supervised pre-training of DINOV3 pro-
vides a solid foundation for visual feature extraction. On
the other hand, we conduct a fair comparison between our
method and IDEA◦, our approach achieves improvements
of 2.0%/2.9% in mAP/Rank-1 respectively. Through these
experimental comparisons, we can conclude the advantages
of our CoT-based reasoning semantic context text, as well
as the superiority of our method in guiding visual feature
learning throughout the entire ReID pipeline.

4.4. Ablation Studies
We evaluate the effectiveness of the proposed modules on
the WMVeID863 dataset and discuss with the IDEA-text of
our method on MSVR310 and RGBNT201 dataset due to
the data limitation of the original paper.
Effects of Key Modules. Table 5 shows the performance of
various combinations of our proposed modules, with Model
A as the baseline, and Models B, C, D each add individually
the module we designed CRE, CT-CMC, and CTF respec-
tively. All of these achieve improved performance com-
pared to Model A. Model E and F correspond to pairwise
combinations of the modules, respectively. Finally, Model
G integrates all three modules, enabling the perceptual guid-
ance of CoT semantic text on visual features at the early,
late, and decision-making level. The results fully validate
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M
ul

ti-
m

od
al

Methods RGBNT201

mAP R-1 R-5 R-10
HAMNet [14] 27.7 26.3 41.5 51.7

PFNet [43] 38.5 38.9 52.0 58.4
IEEE [31] 47.5 44.4 57.1 63.6

DENet [44] 42.4 42.2 55.3 64.5
LRMM [34] 52.3 53.4 64.6 73.2
Unicat∗ [2] 57.0 55.7 - -
HTT∗ [32] 71.1 73.4 83.1 87.3

TOP-ReID∗ [27] 72.3 76.6 84.7 89.4
EDITOR∗ [40] 66.5 68.3 81.1 88.2
RSCNet∗ [38] 68.2 72.5 - -

Mambapro† [28] 78.9 83.4 89.8 91.9
ICPL† [17] 75.1 77.4 84.2 87.9
DeMo† [29] 79.0 82.3 88.8 92.0
IDEA† [30] 80.2 82.1 90.0 93.3
IDEA◦ [30] 81.3 83.2 91.0 94.4

DINOv3◦ [23] 77.5 78.9 85.8 88.9
CoT◦ 83.3 86.1 93.3 94.8

Table 2. Performance comparison on RGBNT201 dataset. The
best results are in bold and the second in underlined. Symbols:
† (CLIP-based), ∗ (ViT-based), ◦ (DINOv3-based), others (CNN-
based). To facilitate a clear comparison, the “DINOv3◦” method
serves as our baseline.

Text Modules Metric
CRE CT-CMC CTF mAP R-1 R-5 R-10

w/o CoT-guided

× × × 70.9 85.1 94.1 96.6
✓ × × 71.2 85.5 94.5 96.9
✓ ✓ × 71.8 85.8 94.8 97.0
✓ ✓ ✓ 72.7 86.3 95.3 97.5

w/o CoT-guided

× × × 80.1 84.4 92.8 93.7
✓ × × 80.9 84.9 92.9 93.9
✓ ✓ × 81.5 85.5 93.0 94.0
✓ ✓ ✓ 83.3 86.1 93.3 94.8

Table 3. Effectiveness of the CoT-guided text of MSVR310 dataset
and RGBNT201 dataset: replace the text in our model with the text
from the previous method IDEA [30] for comparison. “✓” denotes
the text is from our CoT-guided, and “×” denotes not.

Methods Metric

mAP R-1 R-5 R-10

3M Loss [31] 72.2 80.1 83.2 87.6
CT-CMC 74.7 82.0 85.9 89.8

Table 4. Performance comparison of CT-CMC and 3MLoss [31]
in our method on the WMVeID863 dataset.

the effectiveness and efficiency of the proposed modules.
Effects of Key Components in CT-CMC. Table 6 demon-
strates the effectiveness of the components of our CT-CMC
module. We conduct ablation experiments on variants with-

Index Modules WMVeID863
CRE CT-CMC CTF mAP R-1 R-5 R-10

A × × × 70.1 80.8 84.3 87.7
B × × ✓ 73.4 80.7 84.2 88.8
C × ✓ × 72.8 80.0 84.3 88.6
D ✓ × × 73.3 81.5 84.0 88.7
E × ✓ ✓ 73.4 81.4 84.7 88.0
F ✓ ✓ × 74.1 81.8 85.0 88.8
G ✓ ✓ ✓ 74.7 82.0 85.9 89.8

Table 5. Performance comparison of different modules on
WMVeID863 ReID dataset. CRE: CoT-guided Reverse Em-
bedding, CT-CMC: CoT-guided Cross-Modal Consistency, CTF:
CoT-guided Text Features.

Index CT-CMC Metric
CoT Bi-Cross Pro.Margin mAP R-1 R-5 R-10

A ✓ ✓ × 73.4 81.0 85.8 89.3
B ✓ × ✓ 74.5 80.9 85.4 88.9
C × ✓ ✓ 73.2 80.9 85.4 89.0
D ✓ ✓ ✓ 74.7 82.0 85.9 89.8

Table 6. Comparison of different components in CT-CMC of
WMVeID863 dataset.

out text semantic protective margin (model A), without bidi-
rectional guidance (model B), and without the constraints
of CoT semantic text (model C), respectively. The exper-
imental results show the effectiveness of our CoT seman-
tic text in constraining cross-modal information consistency
and the necessity of bidirectional semantic guidance and
protection.
Discussion of CT-CMC. Table 10 validates the effective-
ness of leveraging CoT-guided reasoning text for cross-
modal consistency. To verify this, we conduct experiment
on the WMVeID863 dataset while maintaining the same
framework but replacing our proposed CT-CMC with 3M
Loss [31]. When compared to conventional cross-modal
consistency constraints that do not incorporate semantic
logical guidance, the results show a clear performance drop,
with mAP/Rank-1 decreasing by 1.8%/1.2% compared to
our full model. This result demonstrates the superiority of
utilizing CoT-generated text as dual constraints to construct
cross-modal consistency.
Effects of CoT-guided reasoning text and target cap-
tions. Table 3 verifies the superiority and necessity of
our CoT-guided reasoning text. To fully demonstrate
this, we replace our CoT-guided text with the text from
IDEA [30] across the three CoT-guided training levels and
conduct comparative experiments on the MSVR310 and
RGBNT201 datasets, respectively. We observe that gradual
text replacement experiments reveal the superiority of our
MLLM-based CoT-guided full-process training method. In
addition, as detailed in the supplementary material, we re-
place the static text of the IDEA [30] method with our CoT-
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Figure 5. Visualization of the feature distributions with t-SNE [25] on WMVeID863 dataset. Different colors represent different identities.

Figure 6. Analysis of hyperparameters of the method: coefficients
α of the loss and the number of negative samples n0.

Figure 7. Visualization of the ranklist on WMVeID863 dataset.
The left figure illustrates the CoT textual semantic logical reason-
ing process of the corresponding modality for our query, while the
right figure, from top to bottom, shows the rank lists of our base-
line, IDEA [30], and our method respectively.

guided text. We conduct comprehensive analysis across
two experiments to validate the positive effect of our CoT-
guided text.

Hyper-parameters Analysis. The line chart 6 illustrates
the impact of the loss coefficient α and negative samples
number n0 of WMVeID863 dataset on the experimental re-
sults in CT-CMC. The optimal selection is α = 0.3 and n0

=3. Hyperparameter analysis on other datasets can be found
in the supplementary material.

4.5. Visualization Analysis
Multi-modal Feature Distributions. Fig. 5 visualizes the
functional distribution of different modules. Compared
with Fig. 5 (a) and (b), the use of CRE makes the feature
distribution more discriminative. Finally, in Fig. 5 (c), CT-
CMC further enhances feature discrimination. These vi-
sualizations demonstrate the effectiveness of our proposed
modules.
Rank List Comparison. Fig. 7 presents the cross-camera
rank lists of the WMVeID863 dataset. The left column
displays the CoT reasoning semantics corresponding to the
query, while the right columns show retrieval results from
Baseline, IDEA [30], and our CoT-ReID (top to bottom).
First, we analyze the generated CoT semantic text, which
contains unique features of each specific modality. For in-
stance, when RGB semantics indicate a “white vehicle”, our
method retrieves only white vehicles in the top-5, unlike
Baseline which includes silver ones. Similarly, TIR seman-
tics describing “Asymmetric headlights” lead to perfect top-
5 alignment in our results, whereas IDEA selects vehicles
with normal headlights. By comparison, we find that exter-
nal logical semantics help filter mismatched candidates and
improve recognition accuracy.

5. Conclusion

In this work, we propose CoT-ReID, a novel framework that
leverages CoT reasoning semantics from MLLMs to guide
the learning of visual logical semantics, thereby achieving
more robust and resilient representations. At the early level,
we introduce the CRE module, which embeds semantically
reversed CoT logical text into visual features to calibrate
low-level representations. Next, the CT-CMC module uti-
lizes CoT logical text as a semantic anchor to constrain
cross-modal consistency while preventing over-alignment.
Finally, semantically reasoned features are integrated into
the decision process, serving as joint conditions alongside
visual features. Extensive experiments on four datasets val-
idate the effectiveness of our method. In future work, we
will further study which reasoning signals contribute most
and how they interact with different modalities.
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