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Abstract

Multi-modal object Re-IDentification (ReID) aims to retrieve
specific objects by combining complementary information
from multiple modalities. Existing multi-modal object ReID
methods primarily focus on the fusion of heterogeneous fea-
tures. However, they often overlook the dynamic quality
changes in multi-modal imaging. In addition, the shared in-
formation between different modalities can weaken modality-
specific information. To address these issues, we propose a
novel feature learning framework called DeMo for multi-
modal object ReID, which adaptively balances decoupled fea-
tures using a mixture of experts. To be specific, we first de-
ploy a Patch-Integrated Feature Extractor (PIFE) to extract
multi-granularity and multi-modal features. Then, we intro-
duce a Hierarchical Decoupling Module (HDM) to decouple
multi-modal features into non-overlapping forms, preserv-
ing the modality uniqueness and increasing the feature di-
versity. Finally, we propose an Attention-Triggered Mixture
of Experts (ATMoE), which replaces traditional gating with
dynamic attention weights derived from decoupled features.
With these modules, our DeMo can generate more robust
multi-modal features. Extensive experiments on three object
ReID benchmarks verify the effectiveness of our methods.

Introduction
Object Re-IDentification (ReID) aims to retrieve the same
object across different camera views. Over the past decade,
single-modal object ReID (Liu et al. 2023; Wang et al.
2024a; Liu et al. 2024b, 2021; Zhang et al. 2021; Yu et al.
2024a), primarily based on RGB images, has made signif-
icant progress. However, RGB imaging is highly suscepti-
ble to adverse conditions such as darkness and glare, lead-
ing to poor generalization in complex environments. Fortu-
nately, multi-modal imaging, which introduces diverse in-
formation from different modalities (Chen et al. 2024; Shi
et al. 2024a, 2023, 2024b; Zheng et al. 2021; Lu, Zou, and
Zhang 2023), has emerged as a promising solution to en-
hance the feature robustness in challenging scenarios. By in-
tegrating complementary information from different modali-
ties, existing multi-modal object ReID methods (Zhang et al.
2024a; Yang, Chen, and Ye 2024, 2023) achieve remarkable
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Figure 1: (a) The prevalent dynamic quality changes in
multi-modal imaging. (b) Hierarchical feature decoupling.
(c) The proposed modules and the framework of our DeMo.

performance. However, they often overlook dynamic qual-
ity changes inherent in multi-modal imaging. As shown in
Fig. 1 (a), images from RGB, Near Infrared (NIR) and Ther-
mal Infrared (TIR) modalities are presented, respectively.
Horizontally, environmental and imaging interferences lead
to content fluctuations within the same modality. Vertically,
the relevance of each modality varies under identical imag-
ing conditions. For example, in the second column, the
RGB image provides limited information due to darkness,
whereas the NIR and TIR images clearly show details such
as glasses and bags. Consequently, the model should prior-
itize the NIR and TIR modalities in such scenarios. This
highlights the need for adaptive modality weighting to ad-
dress the dynamic changes in multi-modal imaging quality.

Recently, Mixture of Experts (MoE) (Cai et al. 2024) have
gained attention for their effectiveness in adaptively weight-
ing expert features. Inspired by this, we treat each modal-
ity as an expert and dynamically adjust the weights of the
experts based on the importance of each modality. How-
ever, directly weighting multi-modal features risks modal-
ity information confusion (Zhang et al. 2024b). As depicted
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in Fig. 1 (b), multi-modal features can be categorized into
three types: modality-specific, bimodal-shared and trimodal-
shared features. Directly weighting features from RGB, NIR
and TIR modalities can amplify modality-shared informa-
tion while suppressing modality-specific information. Fortu-
nately, decoupling multi-modal features can effectively sep-
arates modality-specific information (Wei et al. 2024), pre-
serving discriminative details. Motivated by these observa-
tions, we propose DeMo, a novel feature learning framework
that adaptively assigns weights to decoupled features with a
mixture of experts for multi-modal object ReID.

As shown in Fig. 1 (c), our DeMo consists of three com-
ponents: Patch-Integrated Feature Extractor (PIFE), Hierar-
chical Decoupling Module (HDM) and Attention-Triggered
Mixture of Experts (ATMoE). We first utilize the PIFE to
extract multi-granularity representations from multi-modal
inputs. Specifically, the PIFE integrates high-level patch to-
kens with class tokens to generate robust features. This syn-
ergy between global and local information significantly en-
hances the feature discrimination for each modality. Then,
we introduce the HDM to guide the hierarchical decoupling
of multi-modal features. We first categorize these features
into three hierarchical types based on their degree of infor-
mation overlap. By utilizing learnable queries with different
combinations of multi-modal tokens, HDM employs cross-
attentions to effectively decouple features into correspond-
ing hierarchical levels, preserving modality-specific infor-
mation and enhancing feature diversity. Finally, we intro-
duce the ATMoE to replace traditional gating with attention-
guided interactions between decoupled features, allowing
for more accurate and context-aware weighting of each ex-
pert. Moreover, the multi-head mechanism in ATMoE en-
hances the model’s adaptability to dynamic imaging condi-
tions. With the above modules, our DeMo can extract ro-
bust representations across various scenarios. Even in ex-
treme cases where one or more modalities are missing, our
DeMo can still achieve competitive performances. Extensive
experiments on three multi-modal object ReID datasets val-
idate the effectiveness of our proposed method.

In summary, our contributions are as follows:
• We introduce DeMo, a novel framework for multi-modal

object ReID. To our best knowledge, our proposed DeMo
is the first attempt to address dynamic changes in multi-
modal imaging with decoupled feature-based MoE.

• We develop a Hierarchical Decoupling Module (HDM)
to effectively decouple multi-modal features into hierar-
chical types, increasing the decoupled features’ diversity.

• We propose an Attention-Triggered Mixture of Experts
(ATMoE), which utilizes attention-guided interactions
for accurate expert weighting and a multi-head mecha-
nism for adaptability to dynamic imaging conditions.

• Extensive experiments on three multi-modal object ReID
datasets demonstrate the effectiveness of our method.

Related Work
Multi-Modal Object Re-Identification
Multi-modal object ReID has attracted increasing attention
due to its robustness in practical scenarios. Existing methods

primarily focus on integrating complementary information
from different modalities. For multi-modal person ReID,
Zheng et al. (Zheng et al. 2021) propose to learn robust fea-
tures with a progressive fusion. Wang et al. (Wang et al.
2022) introduce an interact-embed-enlarge framework to
boost the modality-specific knowledge. In addition, Zheng et
al. (Zheng et al. 2023) address the modal-missing problem
with a pixel reconstruction method. For multi-modal vehi-
cle ReID, Li et al. (Li et al. 2020) propose to fuse multi-
modal features with a coherence loss. Afterwards, many
CNN-based methods (He et al. 2023; Guo et al. 2022; Zheng
et al. 2022) have been proposed to enhance the feature ro-
bustness with modality generation, graph learning and in-
stance sampling, etc. With the strong generalization ability
of vision Transformer (Dosovitskiy et al. 2020) (ViT), many
Transformer-based methods (Pan et al. 2023; Crawford et al.
2023; Wang et al. 2023, 2024b; Zhang et al. 2024a) have
been proposed to further improve the performance of multi-
modal object ReID. Among them, Wang et al. (Wang et al.
2024b) propose to mine the modality interactions in test-
time training. Recently, Zhang et al.. (Zhang et al. 2024a)
propose to select diverse tokens and suppress the influence
of backgrounds. Although these methods achieve remark-
able performance, they often overlook the dynamic quality
changes in multi-modal imaging. Meanwhile, they lack the
ability to adaptively balance the multi-modal features based
on instance characteristics. In contrast, our porposed DeMo
can effectively address these issues by adaptively weighting
decoupled features, enhancing the model’s robustness.

Mixtures of Experts
The Mixture of Experts (MoE) (Jacobs et al. 1991) is de-
signed to tackle complex tasks by combining the special-
ized knowledge of multiple experts. Recently, MoE has ad-
vanced significantly in various fields, including natural lan-
guage processing (Dai et al. 2024), computer vision (Hwang
et al. 2023; Chowdhury et al. 2023) and multi-modal learn-
ing (Li et al. 2024; Lin et al. 2024). In object ReID, MoE
has been applied to domain generalizable ReID (Xu et al.
2022; Kuang et al. 2024) and unsupervised ReID (Li et al.
2023), but its potential in multi-modal object ReID remains
unexplored. Meanwhile, many approaches (Chen and Wang
2024; Gui et al. 2024) directly apply MoE without explicitly
decoupling the expert inputs, which may lead to feature en-
tanglement and limit the effectiveness of MoE. In contrast,
we perform hierarchical decoupling of multi-modal features,
providing MoE with more flexible and specialized expert
inputs. Besides, existing methods (Liu et al. 2024a) often
rely on simple techniques to generate gating weights, which
may not fully capture the intricate relationships between ex-
perts. To address this issue, we introduce ATMoE, which re-
places traditional gating methods with attention-guided in-
teractions between decoupled features. It ensures more ac-
curate and context-aware expert weighting, enhancing the
model’s adaptability to dynamic imaging conditions.

Methodology
As shown in Fig. 2, our proposed DeMo is composed of
three main components: Patch-Integrated Feature Extrac-
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Figure 2: The overall framework of our DeMo. We first employ a Patch-Integrated Feature Extractor (PIFE) to extract multi-
granularity features from each modality. Then, the Hierarchical Decoupling Module (HDM) decouples multi-modal features
into different levels with learnable query tokens. Finally, the Attention-Triggered Mixture of Experts (ATMoE) adaptively
balances the decoupled features with accurate and context-aware weights, generating robust multi-modal features.

tor (PIFE), Hierarchical Decoupling Module (HDM) and
Attention-Triggered Mixture of Experts (ATMoE).

Patch-Integrated Feature Extractor
To fully extract discriminative information from different
modalities, we propose a Patch-Integrated Feature Extrac-
tor (PIFE) to capture multi-granularity features from each
modality. More specifically, the multi-modal inputs Im
(m ∈ {R,N, T}) are fed into the visual encoder Θ to pro-
duce patch tokens Fm ∈ RNp×C and class token f̂m ∈ RC :

Fm, f̂m = Θ(Im). (1)

Here, R, N and T represent the RGB, NIR and TIR modal-
ities, respectively. Np denotes the number of patch tokens
and C is the embedding dimension. As shown in the left
part of Fig. 2, we pool the patch tokens Fm and concatenate
them with the corresponding class token f̂m. The concate-
nated features are then passed through a projection layer to
obtain the modality-specific features fm as follows:

fm = ω(Wpro(LN([f̂m, P (Fm)]))), (2)

where P (·) is the average pooling operation and [·] means
concatenation. LN(·) represents the layer normalization (Ba,
Kiros, and Hinton 2016). Wpro ∈ R2C×C is the projection
matrix. ω(·) is the GELU activation function (Hendrycks
and Gimpel 2016). By integrating global and local informa-
tion, we obtain multi-granularity features for each modality,
enhancing the subsequent multi-modal fusion.

Hierarchical Decoupling Module
Multi-modal features consist of both modality-specific and
modality-shared information. Previous methods (Wang et al.
2023, 2024b; Zhang et al. 2024a) often neglect the mu-
tual interference between modalities, leading to weakened
modality-specific features and decreased diversity. To ad-
dress these issues, we propose a Hierarchical Decoupling
Module (HDM). As shown in Fig. 2, the decoupling process
involves comprehensive interactions using cross-attentions.
Specifically, the HDM can be divided into three processes:
unimodal-specific, bimodal-shared and trimodal-shared fea-
ture decoupling. Details of each process are as follows.
Unimodal-specific Feature Decoupling. In the first three
rows of HDM in Fig. 2, we show the unimodal-specific fea-
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ture decoupling process. For each modality, we first initial-
ize a learnable query token Qm1 ∈ RC and key tokens
Km1

∈ R(Np+1)×C , where m1 ∈ {R,N, T}. Here, key to-
kens Km1

are constructed by concatenating the enhanced to-
ken and patch tokens from the corresponding modality m1:

Km1 = [fm1 , Fm1 ]. (3)
Then, Qm1

is used to interact with Km1
to obtain the decou-

pled unimodal-specific feature Dm1
as follows:

Dm1
= Φ(Qm1

,Km1
), (4)

where Φ denotes the multi-head cross-attention mecha-
nism (Vaswani et al. 2017). This approach leverages the
learnable query token Qm1 to dynamically focus on and
highlight crucial modality-specific information, enabling a
refined and context-aware extraction of unimodal features.
Bimodal-shared Feature Decoupling. As shown in the 4-
6 rows of HDM in Fig. 2, we illustrate the bimodal-shared
feature decoupling process. Similar to the unimodal-specific
feature decoupling, we generate a learnable query token
Qm2

∈ RC and key tokens Km2
∈ R(2Np+2)×C for paired

modalities m2 ∈ {RN,NT, TR}. Here, the key tokens
Km2

are constructed by concatenating all tokens from the
corresponding paired modalities m2 as follows:

Km2
= [fm2[0], Fm2[0], fm2[1], Fm2[1]], (5)

where m2[0] and m2[1] represent the two modalities in the
paired modalities m2. If m2 = RN , then m2[0] = R and
m2[1] = N . After that, we use Qm2

to extract the decoupled
bimodal-shared feature Dm2

from Km2
as follows:

Dm2
= Φ(Qm2

,Km2
). (6)

Through this interaction, the learnable query token Qm2
in-

tegrates discriminative information from paired modalities,
enhancing the representation of modality-shared features.
Trimodal-shared Feature Decoupling. In the last row of
HDM in Fig. 2, we show the trimodal-shared feature de-
coupling process. The only difference is that the key token
Km3

∈ R(3Np+3)×C , where m3 = RNT , is constructed by
concatenating all tokens from three modalities as follows:
Km3 = [fm3[0], Fm3[0], fm3[1], Fm3[1], fm3[2], Fm3[2]], (7)

where m3[0], m3[1] and m3[2] represent the R, N and T
modalities, respectively. Then, we use Qm3

to extract the
decoupled trimodal-shared feature Dm3

from Km3
as:

Dm3 = Φ(Qm3 ,Km3). (8)
If there are highly shared discriminative regions among three
modalities, the query token will prioritize these regions, as-
signing higher weights to them. Thus, cross-attention helps
Dm3

better capture shared discriminative information.
Finally, we obtain the decoupled features Dm1

, Dm2
and

Dm3 for unimodal-specific, bimodal-shared and trimodal-
shared information, respectively. By separating modality-
specific and modality-shared information, the model can
prevent interferences between modalities, preserving each
modality’s unique strengths and enhancing feature diversity.
Additionally, it provides the MoE with more options to se-
lect the most suitable experts under varying imaging condi-
tions, thereby improving the model’s generalization ability.
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Figure 3: Detailed structure of ATMoE.

Attention-Triggered Mixture of Experts
To address the dynamic imaging quality and appropriately
balance decoupled features across different instances, we
introduce an Attention-Triggered Mixture of Experts (AT-
MoE). Unlike traditional MoE (Liu et al. 2024a) where
weights are directly generated from decoupled features, we
incorporate an attention mechanism. With attention-guided
interactions between the integrated feature and each decou-
pled feature, ATMoE can assign more accurate and context-
aware weights to the decoupled experts. To be specific, as
depicted in the top part of ATMoE in Fig. 2, we first con-
catenate the decoupled features and send them to a reduction
layer φ to obtain the query Dq ∈ RC as follows:

Dq = φ([DR, DN , DT , DRN , DNT , DTR, DRNT ]), (9)

φ(X ) = BN(ω(Wred(X ))), (10)

where Wred ∈ RndC×C is the reduction matrix and BN(·)
denotes the batch normalization (Ioffe and Szegedy 2015).
Here, nd represents the number of decoupled features.
Meanwhile, we stack the decoupled features to generate the
key tokens Dk ∈ Rnd×C . Then, we project Dq and Dk to
generate Q ∈ RC and K ∈ Rnd×C as follows:

Q = WqDq,K = WkDk, (11)

where Wq ∈ RC×C and Wk ∈ RC×C are the projection
matrices. After that, we use the multi-head attention mecha-
nism to generate weights A ∈ RH×nd as follows:

A =
[
α1, α2, · · · , αH

]
, (12)
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where H is the number of heads and αh ∈ Rnd is the atten-
tion weight for the h-th head. To be specific, the attention
weight αh is calculated as follows:

αh = δ

(
QhKh⊤

√
c

)
. (13)

Here, δ(·) is the softmax function and c = C
H is the dimen-

sion of the head. Qh ∈ Rc and Kh ∈ Rnd×c are the query
and key tokens for the h-th head, respectively.

As shown in Fig. 3, after sending each decoupled feature
to the corresponding expert, we chunk the experts’ output
into H parts and multiply them with the corresponding at-
tention weights. Without loss of generality, we take DR as
an example to obtain the expert output ER as follows:

ER = BN(ω(Wexp(DR))), (14)

where Wexp ∈ RC×C is the expert matrix. Then, we chunk
ER into H parts and multiply them with the corresponding
attention weights to generate the weighted experts ÊR:

ÊR = [E1
R ∗ α1

R, E
2
R ∗ α2

R, · · · , EH
R ∗ αH

R ], (15)

where Eh
R ∈ RNp×c is the h-th chunk of ER. Similarly, we

can obtain weighted experts for other decoupled features. Fi-
nally, we concatenate the outputs of all the weighted experts
to form the final feature f ∈ RndC . Through the attention-
guided interactions and the multi-head machanism, ATMoE
can assign more accurate and context-aware weights to the
decoupled experts, enhancing the feature robustness.

Objective Functions
As shown in Fig. 2, we optimize the model using multiple
losses. Features after PIFE and ATMoE are supervised by
the label smoothing cross-entropy loss (Szegedy et al. 2016)
and triplet loss (Hermans, Beyer, and Leibe 2017) as:

Lg(X ) = Lcross(X ) + Ltriplet(X ), (16)

where X represents input features for supervision. Finally,
the overall loss L for our framework can be given by:

L = Lg([fR, fN , fT ]) + Lg(f). (17)

Experiments
Datasets and Evaluation Protocols
Datasets. We evaluate the proposed method on three
multi-modal object ReID benchmarks. To be specific,
RGBNT201 (Zheng et al. 2021) is a multi-modal person
ReID dataset, consisting of 4,787 aligned RGB, NIR and
TIR images from 201 identities. RGBNT100 (Li et al.
2020) is a large-scale multi-modal vehicle ReID dataset with
17,250 image triples, covering a wide range of challeng-
ing visual conditions. MSVR310 (Zheng et al. 2022) is a
small-scale multi-modal vehicle ReID dataset with 2,087
image triples, featuring high-quality images captured across
diverse environments and time spans.
Evaluation Protocols. We use the mean Average Precision
(mAP) and Cumulative Matching Characteristics (CMC) at
Rank-K (K = 1, 5, 10) to assess performance and present
trainable parameters and FLOPs for complexity analysis.

Methods mAP R-1 R-5 R-10

Si
ng

le OSNet (Zhou et al. 2019) 25.4 22.3 35.1 44.7
CAL (Rao et al. 2021) 27.6 24.3 36.5 45.7
PCB (Sun et al. 2018) 32.8 28.1 37.4 46.9

M
ul

ti

HAMNet (Li et al. 2020) 27.7 26.3 41.5 51.7
PFNet (Zheng et al. 2021) 38.5 38.9 52.0 58.4
DENet (Zheng et al. 2023) 42.4 42.2 55.3 64.5
IEEE (Wang et al. 2022) 47.5 44.4 57.1 63.6
LRMM (Wu et al. 2025) 52.3 53.4 64.6 73.2

UniCat∗ (Crawford et al. 2023) 57.0 55.7 - -
HTT∗ (Wang et al. 2024b) 71.1 73.4 83.1 87.3

TOP-ReID∗ (Wang et al. 2023) 72.3 76.6 84.7 89.4
EDITOR∗ (Zhang et al. 2024a) 66.5 68.3 81.1 88.2

RSCNet∗ (Yu et al. 2024b) 68.2 72.5 - -
DeMo∗ 73.7 80.5 88.3 91.5
DeMo† 79.0 82.3 88.8 92.0

Table 1: Performance comparison on RGBNT201. The best
and second results are in bold and underlined, respectively.
The symbol † denotes CLIP-based methods, ∗ indicates ViT-
based methods and others are CNN-based methods.

Methods RGBNT100 MSVR310

mAP R-1 mAP R-1

Si
ng

le

PCB (Sun et al. 2018) 57.2 83.5 23.2 42.9
OSNet (Zhou et al. 2019) 75.0 95.6 28.7 44.8

AGW (Ye et al. 2021) 73.1 92.7 28.9 46.9
TransReID∗ (He et al. 2021) 75.6 92.9 18.4 29.6

M
ul

ti
GAFNet (Guo et al. 2022) 74.4 93.4 - -
GPFNet (He et al. 2023) 75.0 94.5 - -

PFNet (Zheng et al. 2021) 68.1 94.1 23.5 37.4
HAMNet (Li et al. 2020) 74.5 93.3 27.1 42.3

CCNet (Zheng et al. 2022) 77.2 96.3 36.4 55.2
LRMM (Wu et al. 2025) 78.6 96.7 36.7 49.7
PHT∗ (Pan et al. 2023) 79.9 92.7 - -

HTT∗ (Wang et al. 2024b) 75.7 92.6 - -
TOP-ReID∗ (Wang et al. 2023) 81.2 96.4 35.9 44.6
EDITOR∗ (Zhang et al. 2024a) 82.1 96.4 39.0 49.3

RSCNet∗ (Yu et al. 2024b) 82.3 96.6 39.5 49.6
DeMo∗ 82.4 96.0 39.1 48.6
DeMo† 86.2 97.6 49.2 59.8

Table 2: Performance on RGBNT100 and MSVR310.

Implementation Details
Our model is implemented using PyTorch with an NVIDIA
A100 GPU. We use the pre-trained ViT (Dosovitskiy et al.
2020) or CLIP (Radford et al. 2021) as the visual encoder.
The number of experts nd is set to 7. Images in triples
are resized to 256×128 for RGBNT201 and 128×256 for
RGBNT100/MSVR310. For data augmentation, we apply
random horizontal flipping, cropping and erasing (Zhong
et al. 2020). For RGBNT201 and MSVR310, the mini-
batch size is set to 64, sampling 8 images per identity. For
RGBNT100, the mini-batch size is 128 with 16 images per
identity. We fine-tune the proposed modules using the Adam
optimizer with a learning rate of 3.5e−4 and a smaller learn-
ing rate of 5e−6 for the visual encoder. The total number of
training epochs is 50. The detailed configurations and results
are available at https://github.com/924973292/DeMo.
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Methods M (RGB) M (NIR) M (TIR) M (RGB+NIR) M (RGB+TIR) M (NIR+TIR) Average
mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1

TOP-ReID 54.4 57.5 64.3 67.6 51.9 54.5 35.3 35.4 26.2 26.0 34.1 31.7 44.4 45.4
DeMo 63.3 65.3 72.6 75.7 56.2 54.1 45.6 46.5 26.3 24.9 40.3 38.5 50.7 50.8

Table 3: Performance of missing-modality settings on RGBNT201. “M (X)” means missing the X image modality.

Methods M (RGB) M (NIR) M (TIR) M (RGB+NIR) M (RGB+TIR) M (NIR+TIR) Average
mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1

TOP-ReID 70.6 90.6 77.9 94.5 64.0 81.5 42.5 69.3 45.9 65.4 55.4 77.8 59.4 79.9
DeMo 81.0 94.5 84.1 96.5 71.1 87.6 50.2 73.7 59.6 78.1 66.3 82.8 68.7 85.5

Table 4: Performance of missing-modality settings on RGBNT100.

Comparison with State-of-the-Art Methods
Multi-modal Person ReID. In Tab. 1, we compare our
proposed DeMo with single-modal and multi-modal meth-
ods on RGBNT201. Generally, multi-modal methods sig-
nificantly outperform single-modal methods by integrat-
ing complementary information from different modalities.
Among them, models based on ViT and CLIP perform bet-
ter than those based on CNNs. Specifically, DeMo∗ shows
a 1.4% improvement in mAP and a 3.9% improvement in
Rank-1 compared with TOP-ReID∗. This highlights DeMo’s
effectiveness in dynamically integrating multi-modal infor-
mation in complex environments. Additionally, DeMo† uti-
lizes CLIP’s pre-trained knowledge to improve the robust-
ness of multi-modal features, achieving a 6.7% improve-
ment in mAP and a 5.7% improvement in Rank-1 over TOP-
ReID∗. These results confirm DeMo’s capability in manag-
ing dynamic changes in modality fusion.
Multi-modal Vehicle ReID. As shown in Tab. 2,
TransReID∗ achieves an mAP of 75.6% on the large-scale
RGBNT100 dataset. However, on the smaller MSVR310
dataset, it performs worse than AGW and OSNet, which are
better suited for small-scale datasets. Among multi-modal
methods, EDITOR∗ demonstrates significant improvements
on both datasets. Our DeMo∗, with its simpler structure, de-
livers competitive results and avoids the instability issues
present in EDITOR∗. Additionally, DeMo† achieves 86.2%
mAP on RGBNT100, outperforming EDITOR∗ by 4.1%.
On MSVR310, DeMo† exceeds EDITOR∗ and TOP-ReID∗

by over 10.2% in mAP and 10.5% in Rank-1. These results
highlight DeMo’s robustness in integrating multi-modal in-
formation across dynamic environments.
Multi-modal Object ReID with Missing Modalities. To
assess DeMo’s robustness in missing-modality scenarios, we
conduct experiments on RGBNT201 and RGBNT100. As
shown in Tab. 3 and Tab. 4, DeMo consistently outperforms
TOP-ReID in these settings. Despite lacking specific de-
signs like the reconstruction modules in TOP-ReID, DeMo
achieves competitive performance through automatic feature
weighting. In all missing-modality settings, DeMo achieves
an average mAP of 50.7% on RGBNT201, which is 6.3%
higher than TOP-ReID. On RGBNT100, DeMo achieves
an average mAP of 68.7%, surpassing TOP-ReID by 9.3%.
These results fully validate the robustness of our proposed
DeMo in handling diverse and complex ReID scenarios.

Index Modules Metrics Params FLOPs
PIFE HDM ATMoE mAP R-1 M G

A ✕ ✕ ✕ 70.7 72.4 86.41 34.28
B ✓ ✕ ✕ 73.0 75.8 87.99 34.28
C ✓ ✓ ✕ 74.4 77.5 95.96 35.09
D ✓ ✓ ✓ 76.8 79.8 98.79 35.10
E ✓ ✓ ✓ 79.0 82.3 98.79 35.10

Table 5: Comparison with different modules. Model D infers
with f , while Model E further incorporates fm.

Ablation Studies
We evaluate the effectiveness of different modules on the
RGBNT201 dataset. To be specific, our baseline model only
utilizes the class tokens from the visual encoders.
Effects of Key Modules. Tab. 5 shows the performance
comparison with different modules. Model A is the baseline
model, achieving an mAP of 70.7% and Rank-1 of 72.4%.
With PIFE, Model B increases the performance to an mAP
of 73.0%. Model C further incorporates HDM, boosting
mAP to 74.4% and Rank-1 to 77.5%, indicating the robust-
ness of decoupled multi-modal features. Model D introduces
ATMoE, delivering an mAP of 76.8% and Rank-1 of 79.8%.
Finally, Model E combines features after PIFE and ATMoE,
achieving the best results with an mAP of 79.0% and Rank-
1 of 82.3%. As for the complexity analysis, our proposed
modules introduce a minor increase in learnable parame-
ters (less than 13MB). In addition, the increase of FLOPs is
rather small when compared with the baseline model. These
results demonstrate the effectiveness of our methods.
Effects of Gating Methods. Tab. 6 compares the perfor-
mance of different gating methods. The “Simple” method
generates weights through a linear transformation and a soft-
max function applied to the decoupled features. The direct
addition of weighted experts in “SimpleA” leads to worse
performances, while the simple concatenation in “SimpleC”
achieves better results. In contrast, our ATMoE leverages
attention mechanisms to generate more accurate weights.
Especially, ATMoE with a single head achieves an mAP
of 77.6%, outperforming the “Simple” method. Further im-
provements are observed with the number of heads increased
to 2 and 4, resulting in mAP scores of 78.1% and 79.0%, re-
spectively. These results clearly highlight the effectiveness
of ATMoE in generating more accurate weights.
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(a) Baseline (c) Baseline + PIFE + HDM (d) Baseline + PIFE + HDM + ATMoE(b) Baseline + PIFE

Figure 4: Feature distributions with t-SNE (Van der Maaten and Hinton 2008). Different colors refer to different IDs.

Gating Head mAP Rank-1 Rank-5 Rank-10
SimpleA - 75.2 76.7 84.6 89.7
SimpleC - 76.7 77.4 85.2 90.1

AttentionC 1 77.6 81.6 87.7 90.3
AttentionC 2 78.1 81.8 88.4 91.7
AttentionC 4 79.0 82.3 88.8 92.0
AttentionC 8 78.2 82.5 88.2 90.4

Table 6: Comparison of gating methods. The symbol A and
C indicate addition and concatenation of weighted experts.

Figure 5: Activation maps of decoupled features.

Visualization Analysis
Multi-modal Feature Distributions. In Fig. 4, we visualize
the discriminative feature distributions of different modules.
From Fig. 4 (a) to Fig. 4 (b), challenging samples are bet-
ter separated. Compared with Fig. 4 (b), HDM further nar-
rows the distance between instances of the same ID, thereby
enhancing feature discrimination, as shown in Fig. 4 (c). Fi-
nally, with ATMoE in Fig. 4 (d), features for each ID become
more compact and the gap between different IDs increases.
These visualizations fully validate the effectiveness of our
proposed modules in improving feature discrimination.
Activation Maps of Decoupled Features. In Fig. 5, we vi-
sualize the activation maps of decoupled features. Different
features focus on distinct regions of the input image. No-
tably, DRN highlights areas that differ from those in DR and
DN , which are shared between IR and IN . This suggests

0.1344

0.1560

0.1348

0.1492

0.1530

0.1414

0.1313

0.1299

0.1456

0.1291

0.1340

 0.1330

0.1278

0.2005

0.1362

0.1439

0.1402

0.1335

0.1402

0.1296

0.1764

0.1620

 0.1391

0.1334

0.1467

0.1352

0.1482

0.1353

Figure 6: Visualization of dynamic weights across instances.
Different colors correspond to distinct decoupled features.

that HDM effectively promotes the decoupling of multi-
modal features. Similar phenomena can be observed in the
DR, DT and DRT triplet, demonstrating HDM’s effective-
ness in enhancing multi-modal feature diversity.
Dynamic Weight Visualizations. As shown in Fig. 6, we
present the dynamic weights for different instances. The
weights of various decoupled features fluctuate across in-
stances, highlighting the capability of ATMoE to adjust fea-
ture importance based on instance characteristics. Notably,
modalities that contain more details receive greater atten-
tion, enhancing the robustness against imaging variations.

Conclusion
In this paper, we present a novel framework named DeMo
for multi-modal object ReID. Our approach starts with a
Patch-Integrated Feature Extractor (PIFE) to capture multi-
granular features from diverse modalities. Then, we intro-
duce the Hierarchical Decoupling Module (HDM) to sep-
arate modality-specific information. Finally, the Attention-
Triggered Mixture of Experts (ATMoE) assigns accurate and
context-aware weights to the decoupled experts. DeMo ef-
fectively enhances feature robustness against variations in
imaging quality across modalities. Extensive experiments on
three benchmarks validate the effectiveness of our DeMo.
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