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Reliable Multi-Modal Object Re-Identification via
Modality-Aware Graph Reasoning

Xixi Wan", Aihua Zheng", Zi Wang",

Abstract—Multi-modal data provides abundant and diverse
object information, crucial for effective modal interactions in
the Re-Identification (RelD) task. However, existing approaches
often overlook the quality variations in local features and fail to
fully leverage the complementary information across modalities,
particularly in cases where features are of low quality. In
this paper, we propose to address this issue by leveraging a
novel graph reasoning model, termed the Modality-aware Graph
Reasoning Network (MGRNet). Specifically, we first construct
modality-aware graphs to enhance the extraction of fine-grained
local details by effectively capturing and modeling the relation-
ships between patches. Subsequently, the selective graph nodes
swap operation is employed to alleviate the adverse effects of
low-quality local features by considering both local and global
information, enhancing the representation of discriminative infor-
mation. Finally, the swapped modality-aware graphs are fed into
the local-aware graph reasoning module, which propagates multi-
modal information to yield a reliable feature representation.
Another advantage of the proposed graph reasoning approach
is its ability to reconstruct missing modal information by
exploiting inherent structural relationships, thereby minimizing
disparities between different modalities. Experimental results on
four benchmarks (RGBNT201, Market1501-MM, RGBNT100,
MSVR310) indicate that the proposed method achieves state-
of-the-art performance in multi-modal object ReID. Our code is
available at https://github.com/wanxixil1l/MGRNet

Index Terms—Multi-modal object re-identification, modality-
aware graph, selective graph nodes swap, graph reasoning
network, modality missing.
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I. INTRODUCTION

ECENTLY, multi-modal data has gained prominence as

a promising direction in computer vision, particularly

for the task of object Re-Identification (ReID) [1], [2], [3].
Compared with single-modal and cross-modal data [4], [5],
[6], [71, [8], [9], [10], multi-modal data can capture object
features more comprehensively by integrating information
from different data sources, which is beneficial for practical
object RelD scenarios. For example, Near Infrared (NIR)
images can provide more visible information especially in
low illumination, while Thermal Infrared (TIR) images have a
strong ability to penetrate haze and smog [11], [12], [13], [14],
[15], [16]. Previous works have demonstrated the effectiveness
of multiple modalities in enhancing the performance of the
object RelD task [12], [14], [17], [18], [19], [20], [21],
[22], [23], [24], [25]. However, we observe that existing
multi-modal methods often rely on global feature extraction
to exploit the complementary information between different
modalities [17], [20], [21], [22], which ignores mining fine-
grained local cues for the multi-modal RelD task. To address
this issue, part-based methods are introduced to multi-modal
object ReID by simply dividing features either randomly or
based on object part positions inferred from vision encoders
[3], [14], [25], [26]. Although these part-based methods can
extract and utilize local information, they fail to consider the
quality differences between local features of different modal-
ities, which are ineffective for low-quality local features, as
shown in Fig. I (a). Additionally, in real-world scenarios, the
issue of missing modalities is common and often unavoidable.
For example, Zhu et al. [27] and Wang et al. [13], [23]
propose image and feature reconstruction to compensate for
the absence of images, respectively. Wang et al. [28] utilize
zero padding to reconstruct information. However, existing
works mainly focus on feature- or image-level reconstruction
while neglecting the essential structural relationships and
dependencies among features of the missing modality. This
leads to the generation of missing modalities with inconsistent
structure and semantics, impacting the model’s performance.
To address the above limitations, we propose a new
Modality-aware Graph Reasoning Network (MGRNet) that
can effectively boost information interactions and recover
missing modalities for multi-modal object RelD. Specifi-
cally, the modality-aware graphs are first utilized to facilitate
the extraction of important local details by modeling the
relationships between patches for multi-modal data. Obvi-
ously, existing low-quality information somewhat increases the
difficulty of learning spectral image features. Meanwhile,
current approaches often struggle to fully obtain the comple-
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Fig. 1. (a) Due to quality differences in local features among modalities, we
first split the data to obtain more detailed local information, and then perform
an information swap (achieved by GRMI described in Sec III-C). (b) When
RGB is missing in the testing phase, we leverage graph reasoning trained
with constraints from modality and structural information to restore features,
combining existing NIR and TIR features (nodes) and their relationships
(edges), achieved by GRMM described in Sec III-E.

mentarity and dependencies between modalities in Fig. 1 (a).
These problems prompt us to propose a new multi-modal
fusion method for object RelD via the Selective Graph Nodes
Swap (SGNS) operation. SGNS first identifies low-quality
node pairs with relatively small edge weights in the graph,
as these nodes usually correspond to local regions that are
weakly related to their neighboring nodes. The selection is
then further refined based on the similarity between local and
global tokens. As a result, the identified low-quality nodes are
selected by both weak structural connectivity and low semantic
consistency with the overall information. Thus, this operation
is designed to effectively mitigate the impact of low-quality
local features by considering both local and global informa-
tion, enhancing the discriminative information. As shown in
Fig. 1 (a), swapping local features addresses issues related to
low-quality features, thus improving the effectiveness of modal
representations. Subsequently, we feed the swapped modality-
aware graphs into the local-aware graph reasoning module to
achieve multi-modal information propagation, thus yielding
reliable feature representations. Another key aspect of the
proposed graph reasoning is that it can recover the features of
missing modalities by exploiting their structural relationships,
thereby minimizing the undesired disparity between different
modalities. This recovered loss is intended to reduce the
gap between the reconstructed and real representations, as
well as to minimize the disparity between modalities. During
the testing phase, the reconstruction module can be directly
utilized to generate features for the missing modality, as shown
in Fig. 1 (b).

Overall, MGRNet can capture rich, fine-grained local fea-
tures while reducing the influence of low-quality local tokens
by considering both local and global information, jointly pro-
moting information interaction for objects. To the best of our
knowledge, this is the first attempt to leverage graph reasoning
for both modal interaction and missing problems in multi-
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modal object RelD, which achieves outstanding performance
on common object datasets. The main contributions of this
work are summarized as,

e We propose the Modality-aware Graph Reasoning Net-
work (MGRNet) to jointly capture the crucial structure
relationships and complementary information among
different modal tokens, solving both modal interaction
and modal missing problems for multi-modal object
RelD.

e We introduce multiple modality-aware graphs to incor-
porate structural information of local features and design
the selective graph nodes swap operation to effectively
alleviate the impact of low-quality local features.

e The MGRNet inherently possesses the ability to recon-
struct the features of missing modalities based on their
structural relationships, as well as to minimize the
disparity between modalities.

o Extensive experiments on four public benchmarks show
that MGRNet achieves superior performance over state-
of-the-art approaches for multi-modal object RelD,
validating its reliability and effectiveness.

II. RELATED WORKS
A. Multi-Modal Object RelD

At present, existing research has made significant progress
in multi-modal object ReID [12], [13], [23], [25], [29]. For
example, in works [12], [23], [25], [29], they utilize and fuse
multiple source data to provide a more comprehensive inter-
action of modalities. Among that, some methods leveraging
global-based methods have been proposed [21], [22], [24].
CCNet [22] proposes CDC loss to solve discrepancies in both
modalities and samples, generating discriminative multi-modal
feature representations for vehicle ReID. HTT [24] proposes
to utilize CIM loss to enlarge the differentiation between
distinct identity samples and then apply MTT to optimize
the generalization capabilities of the model. DeMo [13] first
decouples multi-modal features to obtain modal-specific and
-shared information. Then, an Attention-Triggered Mixture
of Experts (ATMOoE) is leveraged to enhance modal inter-
actions via attention-guided operation. However, the above
methods only focus on the complementarity and dependencies
of global information while overlooking the deep interaction
of local information. For multi-modal object RelD, it is well-
known that local features provide rich, fine-grained object
information, which is essential for effective feature interaction
and reconstruction. Thus, part-based multi-modal methods
are proposed [12], [19], [23], [25]. PFNet [12] proposes a
progressive fusion network to effectively fuse different spectral
features, including RGB, NIR, and TIR, for the object RelD
task. IEEE [19] proposes a relation-based embedding module
to embed the global information into fine-grained local fea-
tures, boosting feature representations for multi-modal RelD.
EDITOR [25] introduces object-centric tokens for multi-modal
RelID. This method proposes SFTS and HMA to select and
aggregate multi-modal tokenized features. TOP-RelD [23]
proposes a Token Permutation Module (TPM). This module
can align multi-spectral images and utilize the current global
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token to perceive the local token of other modalities. IDEA
[14] adaptively generates sampling positions by aggregating
multi-modal information to facilitate the interaction between
global features and local information.

Although these methods can extract and use local informa-
tion, they either adopt random segmentation or divide features
into multiple parts based on object parts, ignoring the qual-
ity difference between local features of different modalities,
thereby creating certain noise for the extracted features.

B. Graph-Based Object RelD

Graph-based methods have been widely applied in object
RelID, which can model relationships between single-modal
images and promote feature representations [30], [31], [32],
[33], [34]. For instance, Nguyen et al. [32] propose a graph-
based person signature, fusing detailed person descriptions and
visual features into a graph. Jiang et al. [35] propose PH-GCN
to tackle the single-modal person ReID problem, offering a
unified solution that effectively integrates local, global, and
structural feature representations. He et al. [36] propose the
PGGANet method, utilizing a self-adaptive graph attention
convolution to learn the contribution matrix of local infor-
mation. Sun et al. [2] propose a polymorphic masked wavelet
graph convolutional network to disentangle content and degra-
dation features of cross-modality images. Lv et al. [37]
propose a novel edge weight-embedding graph convolutional
network that embeds human joints and bones into the feature
representation of object RelD. While these methods achieve
relatively good results in single-modal object RelD, they
mainly emphasize interactions for global and local features,
neglecting the quality difference of local features and the
complementary information across modalities.

Notably, unlike the above methods, our MGRNet is the first
to propose utilizing graph reasoning to exploit both modal
interaction and missing problems by considering both global
and local features in multi-modal object ReID. We first design
a Graph Reasoning on Modal Interaction (GRMI) strategy
to adaptively learn information between patches of multi-
modal images, meanwhile presenting a novel Graph Reasoning
on Missing Modality (GRMM) strategy to compensate for
missing modal information and reduce the difference between
modalities.

III. THE PROPOSED METHOD

A. Overview

In this section, we present a novel method to enhance infor-
mation interaction and reconstruct missing modality, called
Modality-aware Graph Reasoning Network (MGRNet) for
multi-modal object ReID. This method consists of four main
parts: (1) Initial Feature Extraction, (2) Graph Reasoning on
Modal Interaction, (3) Global-aware Multi-Head Attention,
and (4) Graph Reasoning on Missing Modality, as illustrated
in Fig. 2. Finally, a comprehensive training loss is utilized to
optimize the entire proposed method. Below, we will introduce
the main parts in detail.
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B. Initial Feature Extraction

We adopt multi-branch backbones for extracting feature
representations from multi-modal data, given their excellent
performance for multi-modal images in object RelD [14], [24],
[25]. To preserve special information of each modality and
extract better initial features of different modalities, the multi-
branch backbones are non-shared. Formally, this process can
be defined as follows,

Xm — {X?,X}n} — é‘_—m(lm)’ (1)

where &" denotes the vision encoder (ViT or CLIP) [14],
[23], [24]. I'" is the input image for the m-th modality, with
m € {N,R,T} where N, R, and T refer to the NIR, RGB, and
TIR modalities, respectively. X" € RPTDXP ig the extracted
features for the m-th modality. X" € R”*? and X7' € R
represent patch tokens and class tokens of input images,
respectively. P = 128 is the number of local tokens and D
denotes the obtained dimensions of embedding tokens.

C. Graph Reasoning on Modal Interaction

Graph Reasoning on Modal Interaction (GRMI) focuses on
the quality inconsistency of local features for multi-modal
data. This interaction improves fine-grained representation
learning through a constructed node-selective graph and local-
aware graph reasoning. Next, we describe GRMI in detail.

1) Modality-Aware Graph Learning (MGL): To fully
encode the local features obtained above of multi-modal infor-
mation, we build a modality-aware graph G(V", E™) for each
modality. For the m-th modality, the nodes V""" of our modality-
aware graph are represented as the set of local features of
images. To be specific, let X]" = (X", X]"--- X"} € RP*P
denote the collection features of all patches in the m-th
modality. The edges E™ of our modality-aware graph connect
different patches, utilizing an adjacency matrix A™ to represent
structural relationships among local features. It is learned
dynamically by computing the Euclidean distance [38] to
construct relationships as,

Al =1 - o (WX, XD + @) x B), )

where X" and X”‘ represent the feature vectors of the i-th and
Jj-th patches for the m-th modality, respectively. And ¢ is the
Euclidean distance [38]. @ and S are two learnable parameters,
and o is the Sigmoid activation function.

2) Selective Graph Nodes Swap (SGNS): To further pro-
mote interaction among obtained local features, the Selective
Graph Nodes Swap (SGNS) operation is designed to reduce
the impact of low-quality local details between modalities
through considering both local and global information [39],
[40], [41]. As shown in Fig. 3, this operation consists of two
main steps. Firstly, the Top-k method is employed to select k
small values for edges of each graph and then find the poor
patches corresponding. Secondly, based on the above method,
we also introduce global tokens to select more precise local
nodes about low-quality patches. Specifically, the process first
calculates the similarity between the global feature and each
local feature as follows,

W =1-¢(v(X)', X)), 3)
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Fig. 2. The overall network structure of the proposed MGRNet. For complete multi-modal training and testing, initial feature extraction first employs the
multi-branch vision encoders on the multi-modal images to obtain the initial features. Secondly, graph reasoning on modal interaction is employed to alleviate
low-quality tokens of each modality. Finally, the enhanced features are generated with global-aware multi-head attention and the fused features are fed into
the classifiers to get the RelD results. Furthermore, graph reasoning on the missing modality strategy is designed to restore features based on their structural

relationships for the missing modality problems.
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Fig. 3. The process of multiplying selective graph nodes swap by considering
both local and global information.

where W = {w{", w3 .- -wp} € R? denotes the strength of
the relationship between global and local features. ¢ is the
Softmax of the non-linear activation function. And then W™

is applied to screen the first step to get the poor nodes, which
is beneficial for obtaining lower-quality patches.

As we know, local features perform differently across
modalities, resulting in varying quality. Thus, local patches
between RGB, NIR, and TIR are exchanged based on their
respective quality; for example, the poor nodes of RGB will
be replaced by the mean features of NIR and TIR. Finally, we
obtain the updated node features of local cues.

Note that we replace the inferior patches by leveraging
better patches of other modalities while taking into account
the correlation between patches. So the updated X]" is defined
as,

“
5

In addition, to avoid the exchange of lower-quality patches, we
also design a mechanism to determine whether the swapped
patch is a poor patch. If so, we re-initialize the current patch
token that is set to an all-zero matrix and then learn the feature
representation of the current patch through the local neighbors
of the current patch; otherwise, we exchange this patch as
Fig. 3. This design can not only facilitate the learning of
information from other modalities but also mitigate the impact
of low-quality local features by considering both local and
global information.

3) Local-Aware Graph Reasoning (LGR): Based on the
above SGNS operation, we obtain enhanced node repre-
sentations of each modality-aware graph. Accordingly, the
multi-layer local-aware graph reasoning module is employed

1
X{ = Swap (Xfe E(va —Q—X,lr)) ,

X;lv = Swap(X"lV,X’f),Xf = Swap(XllT,Xf).
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to learn local patches representation of multi-modal data for
better quality node patches. The message propagation rule is
defined as follows,

F(m H—l) (S(AmF(m l)@(m l)) (6)

where [ = 0,1--- L—1 denotes the [ layer of GCN and F; (m0) _
xr. em D is the learnable transformation matrix and F, in. Dy

brleﬂy represented as Fj". 6 denotes the non-linear actlvatlon
function ReLU.

D. Global-Aware Multi-Head Attention

Let F/" = {F]!,F}--- F]} denote the obtained patches via
the above graph reasoning on the modal interaction strategy.
We introduce the global-aware multi-head attention module,
which can capture richer node representations by increasing
the interaction of global and local information. Formally, we
apply a linear projection layer to obtain a query matrix Q™ €
RP for global token F s = Xg' and different linear project layer
to get key matrix K" € RP*P and value matrix V" € RP*P
for local token F}". Then, multi-head attention with H heads is
utilized to aggregate local information from different patches
into global feature representations. This interaction operation
is defined in the A-th head as follows,

)~ [

where 7 is the scale factor and ¢ is the Softmax of the non-
linear activation function. F" represents obtained output
feature of the A-th head for the m-th modality. To aggregate
the information from all heads H, we utilize a concatenation
operation to get a new class token as,

F™ = Con(FD ... Fm), (8)

(m.h) ( g mdyT
Q) }V(m,,,)’ -

Finally, we concatenate features of all modalities to obtain the
fused features Z as follows,

Z = Con(FV, FR 7). 9)

E. Graph Reasoning on Missing Modality

To address the modality-missing issue in the real world,
the MGRNet also designs the Graph Reasoning on Missing
Modality (GRMM) strategy. This strategy compensates for
missing modal information by leveraging both the available
modality features and their structural relations. As shown in
Fig. 2, GRMM first applies feature reconstruction to enhance
feature representations, then leverages structure reconstruction
to learn the relationships between corresponding tokens [42],
[43]. To be more specific, assuming that the RGB modality
is missing, we leverage the existing NIR and TIR modalities
to recover the tokens of the missing RGB modality. We first
compute the original structure relationships between all real
tokens that include local and global features of each modality,
as follows,

Al =1-o(DI), Dt = (X", X)), (10)

where X;" and X7 represent the feature vectors of the tokens
i and j respectively for the m-th modality. ¢ is the Euclidean
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distance [38]. o is the Sigmoid activation function. Next,
we construct dynamically reconstructed structure relationships
Anar, Arop € RETDXEPED a5 follows,

Anog = 1 = a(tyDN), Arop = 1 = o(tr D), (11)

where fy and 7 are two learnable hyperparameters. And then
equipped with a layer-wise GCN to propagate messages for
recovering feature Xnor and Xrog. This recovered process is
defined as,

R = 5(Ayor R0, 0ND), (12)
R = 5(Arsr Rl 0T D), (13)

where [ = 0,1---L—1 denotes the [ 1ayer of GCN and X% =
XV, X9, = XT e READXD @WN-D and @T-) are the layer-wise
trainable transformation matrices. The outputs via L layer wise
GCN are XNZR,XTZR which are briefly denoted as Ko Xrar.
In the absence of the RGB modality, we dynamically generate
its token features using the information from NIR and TIR
modalities as follows,

Xk = %(XN2R + )A(TzR)- (14)

Then, the reconstructed token features X%, XV, XT are fed
into the proposed graph reasoning on the modal interaction
strategy to jointly fuse multi-modal data for RelD. The pro-
posed GRMM strategy not only solves the limitation of the
receptive field of CNN architecture by convolution on the
graph structure but also effectively tackles the challenge of
missing modality in the RelD task.

F. Training Loss

To promote the reconstruction ability, the recovered features
are constrained via leveraging both feature reconstruction loss
LR and structure reconstruction loss £f as follows,

P+1
LF = 5y > W&nar = XEP + Rrap = X5, (15)
+145
P+1
£§ = ZnAm—AR||2+||AT2R—AR||2 (16)
+1
ﬂ=@+d. a7

We observe that the constraints can also reduce the gap
between the generated RGB modality and other modalities.
Similarly, if other modalities are missing, reconstruction can
also be achieved to obtain a smaller modal distribution gap.
Thus, the proposed GRMM strategy is trained under the
constraints of multi-modal reconstruction loss Ly as,
Lyr=L8+ LV + L. (18)

In the training phase, our training loss comprises several
components, including Vision Encoders, Graph Reasoning on
Missing Modality, Graph Reasoning on Modal Interaction, and
Global-aware Multi-Head Attention. We optimize the entire
network by utilizing the above multi-modal reconstruction
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TABLE I

COMPARISON WITH STATE-OF-THE-ART METHODS ON THE PERSON REID DATASETS (IN %). THE SYMBOL * INDICATES VIT-BASED METHODS, WHILE
T REPRESENTS CLIP-BASED METHODS FOR OUR PROPOSED MGRNET. THE BEST AND SECOND BEST RESULTS ARE MARKED IN BOLD AND
UNDERLINE, RESPECTIVELY

| Methods | Publication | Structure | RGBNT201 | Market1501-MM

| | | | mAP R-1 R-5 R-10 | mAP R-1 R-5 R-10
HACNN [46] CVPRI18 CNN 21.3 19.0 34.1 42.8 42.9 69.1 86.6 922
Single MLEN [47] CVPRI18 CNN 26.1 242 359 441 42.7 68.1 87.1 92.0
OSNet [7] ICCV19 CNN 254 223 351 44.7 39.7 69.3 867 91.3
TransRelD [9] ICCV21 ViT 63.8 65.8 785 83.9 73.0 88.9 958 97.6
HAMNet [17] AAAI20 CNN 27.7 263 415 51.7 60.0 82.8 925 95.0
PFNet [12] AAAI21 CNN 38.5 389 52.0 584 60.9 83.6 92.8 95.5
IEEE [19] AAAI22 CNN 464  47.1 585 64.2 64.3 839 93.0 957

UniCat [20] NIPSW23 ViT 57.0 55.7 - - - - - -
EDITOR [25] CVPR24 ViT 65.7 68.8 825 89.1 77.4 90.8 96.8 98.3

Multi RSCNet [26] TCSVT24 ViT 68.2 72.5 - - - - - -
HTT [24] AAAI24 ViT 71.1 734  83.1 87.3 67.2 81.5 958 97.8
TOP-RelD [23] AAAI24 ViT 72.3 76.6 847 89.4 82.0 924 97.6 98.6
DeMo [13] AAAI25 ViT 737 805 883 915 78.0 90.7 96.8 98.2
MGRNet* Ours ViT 78.4 825 909 95.2 84.4 940 98.2 98.9
MambaPro [3] AAAI25 CLIP 78.9 834 89.8 919 84.1 928 977 98.7
DeMo [13] AAAI25 CLIP 79.0 823 88.8 920 83.6 93.1 975 98.7

IDEA [14] CVPR25 CLIP 80.2 821 90.0 933 - - - -
MGRNet! Ours CLIP 80.5 850 90.0 92.6 84.6 93.6 97.7 988

loss, multi-modal margin [19], cross entropy loss [44] and
triplet loss [45], minimizing the sum of all losses as follows,

19)

L3y, is removed for the proposed MGRNet of CLIP-based
vision encoders. This overall network is optimized in an end-
to-end manner.

L=Lyr+ Lee + Liyi + L.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we evaluate the effectiveness of the proposed
MGRNet on four commonly used datasets and compare it with
some other related works.

A. Dataset and Evaluation Metrics

We utilize four commonly used multi-modal RelD datasets
to evaluate our MGRNet, including two-person RelD datasets
(RGBNT201 [12], Market1501-MM [19]) and two-vehicle
ReID datasets (RGBNT100 [17] and MSVR310 [22]).
RGBNT201 [12] has 201 identities with four different view-
points, with varying lighting and background complexity
challenges. Market1501-MM [19] is a virtual multi-modal
dataset generated from a single-modality dataset [48] via the
cycle-GAN method [27] for person RelD, yielding 1,501
identities with reducing 60% of the brightness. RGBNT100
[17] is a large-scale dataset, comprising 17,250 image triples
of 100 vehicles across RGB, NIR, and TIR modalities. In con-
trast, MSVR310 [22] is a smaller-scale dataset that includes
more complex scenarios. For evaluation metrics, we adopt the
previous evaluation strategy, utilizing mean Average Precision
(mAP) and Cumulative Matching Characteristics (CMC) at

Rank-K (K = 1, 5, 10) for all used datasets. Higher values
of these metrics imply better model performance.

B. Implementation Details

The proposed model is implemented using PyTorch with
one RTX 4090 GPU. For all used datasets, we resize images
into 256 x 128 x 3 pixels for person datasets and 128 x 256 x 3
pixels for vehicle datasets. Furthermore, we adopt previous
random erasure, random flipping, and padding in the training
[9]. The graph is constructed with 128 local nodes and 1 global
node. For the selective graph node swap strategy, we set the
Top-k parameter to 20. As shown in the later experiments, this
setting provides excellent performance. Additionally, we adopt
pre-trained ViT/CLIP as the vision encoder. The ViT-based
and CLIP-based MGRNet are trained for 80 and 40 epochs,
respectively. SGD and Adam [59] are used as the optimizers
for the two variants, respectively, with a momentum of 0.9 and
a weight decay of 0.0001. The initial learning rates are set to
0.0066 and 0.00035, respectively, and are scheduled using a
warm-up strategy followed by cosine decay. During training,
the batch size is set to 64, consisting of 4 identities with 16
images per identity. The number of warm-up iterations is set
to 10 for all datasets.

C. Comparisons With State-of-the-Art Methods

We conduct comprehensive comparisons with state-of-the-
art methods, including CNN-, ViT-, and CLIP-based methods.
In general, CNN-based methods often tend to lower per-
formance as shown in Table I and IV, showcasing the
effectiveness of ViT and CLIP for a multi-modal fusion
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TABLE I
COMPARISON WITH STATE-OF-THE-ART METHODS IN MISSING MODALITY ON THE RGBNT201 DATASET. M(-) DENOTESTHE - MODAL ABSENCE

Methods | Structure | M(R) | M®) | M(™) | M(RN) | M(RT) | M(NT)
| | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1
HACNN [46] CNN 12.5 11.1 20.5 19.4 16.7 13.3 9.2 6.2 6.3 2.2 14.8 12.0
MUDeep [49] CNN 19.2 16.4 20.0 17.2 18.4 14.2 13.7 11.8 11.5 6.5 12.7 8.5
OSNet [7] CNN 19.8 17.3 21.0 19.0 18.7 14.6 12.3 10.9 9.4 5.4 13.0 10.2
MFLN [47] CNN 20.2 18.9 21.1 19.7 17.6 11.1 13.2 12.1 8.3 3.5 13.1 9.1
CAL [50] CNN 214 221 24.2 23.6 18.0 12.4 18.6 20.1 10.0 5.9 17.2 13.2
PCB [51] CNN 23.6 24.2 24.4 25.1 19.9 14.7 20.6 23.6 11.0 6.8 18.6 14.4
PFNet [12] CNN - - 31.9 29.8 25.5 25.8 - - - - 264 234
DENet [21] CNN - - 354 36.8 33.0 354 - - - - 324 292
TOP-RelD [23] ViT 544 575 64.3 67.6 51.9 54.5 353 354 26.2 26.0 34.1 31.7
DeMo [13] CLIP 63.3 65.3 72.6 75.7 56.2  54.1 45.6 46.5 26.3 24.9 40.3 38.5
MGRNet* ViT 54.6 54.1 68.4 70.7 55.8 57.1 36.4 36.4 26.8 27.4 36.2 324
MGRNet' CLIP 66.3 68.8 752  78.1 58.6 59.0 44.1 43.7 30.7 29.8 426 420
TABLE III
COMPARISON WITH STATE-OF-THE-ART METHODS IN MISSING MODALITY ON THE RGBNT100 DATASET
Methods | Structure | M(R) | M®) | M(™) | M(RN) | M(RT) | M(NT)

| | mAP  R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1
CCNet [22] CNN 66.8 90.2 73.2 92.2 60.0 82.9 44.4 75.0 424 63.8 49.5 69.8
TOP-RelD [23] ViT 70.6 90.6 77.9 94.5 64.0 81.5 42.5 69.3 459 65.4 554 778
DeMo [13] CLIP 81.0 945 84.1 96.5 71.1 87.6 50.2 73.7 596 78.1 66.3 82.8
MGRNet* 75.2 93.3 79.6 94.9 66.7 83.4 429 67.1 50.3 70.7 59.5 78.9
MGRNet" CLIP 81.5 95.3 87.4 98.4 73.0 87.1 51.0 76.1 60.0 75.6 69.7 86.6

strategy. For a fair and comprehensive comparison, we evaluate
our proposed method using different vision encoders (e.g., ViT
and CLIP) on four public benchmarks for multi-modal object
RelD.

1) Comparison on RGBNT201 and Market1501-MM: As
shown in Table I, one observation is that we achieve excellent
performance compared to other methods for both ViT-based
and CLIP-based MGRNet on two-person datasets. Notably,
DeMo [13] achieves promising performance by consider-
ing the global information of each modality with the local
information of all modalities. Meanwhile, IDEA [14] fuses
semantic information to generate sampling local information,
improving the identification ability. However, these methods
treat all local patches equally and fail to distinguish patches
of different quality. Compared with them, our approach
can effectively pay attention to the quality differences of
patches, extracting more discriminating features of persons.
Eventually, for the RGBNT201 dataset [12], the ViT-based
MGRNet achieves scores of 78.4%/82.5%, outperforming the
sub-optimal ViT-based method by 4.7/2.0 percentage points
(p-p.) for mAP/Rank-1, respectively. Additionally, although
IDEA [14] introduces supplementary semantic information
to enhance identification ability, our CLIP-based MGR-
Net consistently achieves higher results in mAP/Rank-1,
demonstrating the robustness of its multi-modal representa-
tion learning. For the larger-scale generated Market1501-MM
of multi-modal data [19], our method outperforms the

sub-optimal results in mAP and Rank-1, which are higher
than 2.4/0.5 p.p., and 1.6/0.5 p.p. for the ViT/CLIP-based
MGRNet, respectively. The performance improvement is rela-
tively modest compared with RGBNT201 [12], likely since
it is a virtual multi-modal person RelD dataset generated
by a GAN network [27]. Compared with real-world multi-
modal datasets, synthetic data generally exhibit less realistic
modality variations and a lower degree of challenge. This
makes it difficult for the proposed MGRNet to fully prove
its advantages in challenging multi-modal object RelD. As a
result, although our method still achieves the best performance
on Market1501-MM, the improvement is smaller than that on
more challenging real-world datasets.

2) Comparison on RGBNTI00 and MSVR310: To further
validate the proposed method, we conduct additional exper-
iments on vehicle RelD datasets. The results in Table IV
demonstrate that MGRNet achieves superior performance with
different vision encoders. In particular, the ViT-based MGRNet
outperforms the recent ViT-based DeMo [13]. Furthermore, the
CLIP-based variant consistently exceeds the semantic-guided
CLIP-based IDEA [14], with improvements of 0.6/0.8 p.p.
on RGBNTI100 [17] and 6.2/4.8 p.p. on MSVR310 [22]
in mAP/Rank-1, respectively. These results demonstrate the
effectiveness of our method in addressing local feature quality
inconsistency and alleviating the negative impact of low-
quality local representations. They further confirm the ability
of the proposed model to extract and integrate discriminative
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TABLE IV

COMPARISONS WITH STATE-OF-THE-ART METHODS ON
VEHICLE REID DATASETS

‘ Methods ‘ Structure ‘ RGBNT100 ‘ MSVR310

| | | mAP  R-1 | mAP R-1
PCB [51] CNN 572 835 | 232 429
MGN [52] CNN 58.1 83.1 | 262 443

DMML [53] CNN 585 820 | 19.1 3l.1
o HRCN [54] CNN 67.1 91.8 | 234 442
E. AGW [1] CNN 731 927 | 289 469
7 OSNet [7] CNN 750 956 | 287 448
BoT [55] CNN 780 95.1 | 235 384
TransReID [9] ViT 756 929 | 184 296
PFNet [12] CNN 68.1 94.1 | 235 374
IEEE [17] CNN 613 87.8 | 210 410
GAFNet [56] CNN 744 934 - -
HAMNet [17] CNN 745 933 | 271 423
CCNet [22] CNN 772 963 | 364 552

GraFT [57] ViT 76.6 943 - -

— HTT [24] ViT 757 926 - -
= | TOP-RelD [23] ViT 812 964 | 359 446
S | FACENet [58] ViT 81.5 969 | 362 54.1
EDITOR [25] ViT 82.1 964 | 39.0 493
RSCNet [26] ViT 823 966 | 39.5 496
DeMo [13] ViT 824 960 | 39.1 486
MGRNet* ViT 830 971 | 399 493
MambaPro [3] CLIP 839 947 | 470 565
DeMo [13] CLIP 862 976 | 492 598
IDEA [14] CLIP 872 965 | 47.0 624
MGRNetf CLIP 882 980 | 532 672

cues for object RelD in complex and heterogeneous data
environments.

D. Evaluation on Missing Modality

Table II and III evaluate the proposed GRMM strategy on
RGBNT201 [12] and RGBNT100 [17], which present the
experimental results in simulating missing modality scenar-
i0s. Our model consistently delivers strong performance. It
is observed that our results outperform methods based on
feature reconstruction, TOP-ReID [9], and DeMo [13]. For
RGBNT?201 [12], the average performance is higher by 2.0/2.2
p-p- and 0.9/2.9 p.p. in mAP and Rank-1 for ViT/CLIP-based
methods. Meanwhile, we find that even in the absence of R/N
modality, our results are still better than the single-modal
methods as well as some multi-modal methods, especially
EDITOR [25]. For RGBNT100 [17], the average performance
improves by 9.33/8.07 p.p. in mAP and 5.68/5.13 p.p. in
Rank-1 for ViT/CLIP-based methods, respectively. One obser-
vation is that even in the absence of N modality, our results
are still more excellent than the compared methods, which are
without modal absence. These indicate that graph reasoning
can effectively reconstruct missing modal information by con-
sidering the essential structural relationships, yielding reliable
multi-modal data in object RelD.

E. Ablation Study

To assess the effectiveness of the modules in our pro-
posed MGRNet, we establish a baseline model as shown in
Table V (a) that consists of the multi-branch vision encoders

IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 21, 2026

Comparison results for the different reconstructed methods.
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Fig. 4. The intra-class and inter-class distances of cross-modality features of
different methods.

ViT/CLIP, Global-aware Multi-Head Attention, and the rel-
evant optimization losses. We incrementally incorporate our
proposed components into the baseline.

As shown in Table V (b), the integration of Modality-aware
Graphs Learning (MGL) and Local-aware Graph Reason-
ing (LGR) enables the model to focus on critical local
details for multi-modal data, obtaining a performance improve-
ment in mAP and Rank-1, respectively. Furthermore, in
Table V (c) and (d), the incorporation of the Selective
Graph Nodes Swap (SGNS) significantly enhances perfor-
mance, yielding a 2.7/5.2 p.p. and 2.8/5.7 p.p. improvement in
mAP and Rank-1 compared to the ViT/CLIP-based baseline.
This observation suggests that SGNS effectively mitigates
the impact of multi-modal local noise. Lastly, as shown in
Table V (e), (f), (h), our proposed Graph Reasoning on Miss-
ing Modality (GRMM) leverages both feature and structural
relationships to restore modality-specific representations effec-
tively. Here, Lp = LR+ LY+ L] and L5 = LX4LY+LE denote
the feature-level and structural-level constraints, respec-
tively, for multi-modal data reconstruction. The results in
Table V (d), (e) and (i) indicate that both constraints help
enhance the quality of missing-modality reconstruction and
thus improve mAP and Rank-1 performance. Additionally, to
evaluate the effectiveness of each step in the SGNS operation
in Fig. 3, we further analyze the two selection operations.
As can be seen in Table V, our proposed SGNS operation
is effective. It can gradually alleviate the impact and noise
caused by low-quality local features, thus further improving
the model performance for multi-modal RelD tasks.

Summarily, integrating these components into the baseline
model yields a notable improvement in experimental per-
formance. The performance gains observed across various
evaluation metrics validate the effectiveness of our proposed
MGRNet. These results further emphasize the importance of
structured graph-based fusion techniques in the field.

Authorized licensed use limited to: Anhui University. Downloaded on June 06,2026 at 08:03:32 UTC from IEEE Xplore. Restrictions apply.



WAN et al.: RELIABLE MULTI-MODAL OBJECT ReID VIA MODALITY-AWARE GRAPH REASONING 5201
TABLE V
COMPARISON RESULTS FOR DIFFERENT MODULES ON THE RGBNT201 DATASET
GRMI | GRMM | ViT | CLIP

MGL + LGR  SGNS!s!  SGNS?"? | Lp Ls | mAP R-1  R-5 R-10 | mAP R1 R-5 R-10

(a) X X X X X 74.2 78.1 89.0 927 73.1 76.4  84.7 89.2
(b) v X X X X 75.0 78.5 88.8 93.1 74.6 79.1 86.7 90.9
() v v X X X 75.7 79.5 90.8 94.0 75.8 80.3 879 91.0
(d) v v v X X 76.9 80.9 90.9 93.8 78.3 82.1 87.9 914
(e) v v v v X 77.6 80.5 91.0 95.1 78.9 827 894 92.2
®) v X X v v 77.2 80.5 88.9 93.5 75.2 793  89.2 91.6
(2) v v X v v 78.0 81.0 88.5 92.6 79.9 83.3 895 92.1
(h) v X v v v 78.2 80.3  89.1 94.3 76.1 81.1 89.0 917
@) v v v | v v | 784 825 909 952 | 80.5 85.0 90.0 92.6

TABLE VI
COMPARISON RESULTS FOR DIFFERENT METHODS OF RECONSTRUCTION ON THE RGBNT201 DATASET
Modules | ALL | M® | M®N) | MT | MRN) | MRT) | MNT)
| mAP  R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1 | mAP R-1
Zero [28] 74.4 76.7 52.0 49.8 67.0 67.7 514 49.9 33.7 353 233 21.8 31.7 27.6
Random [28] 76.3 79.5 534 53.3 66.8 69.4 52.5 51.3 34.5 36.5 24.3 22.4 36.6 31.7
Feature [23] 76.4 78.7 54.2 52.2 66.1 69.0 52.4 53.0 37.3 39.2 25.7 27.3 34.4 30.0
GCRA [42] 74.9 77.6 48.5 47.1 64.7 64.8 56.8 56.8 35.9 37.0 26.4 28.6 39.3 34.7
AGDIC [43] 76.5 81.3 53.5 50.8 64.8 66.3 56.2 55.1 374 394 25.7 26.1 36.5 33.3
MGRNet* | 78.4 82.5 | 54.6 54.1 | 68.4 70.7 | 55.8 571 | 36.4 36.4 | 26.8 27.4 | 36.2 32.4
mAP R-

FE. Evaluation on GRMM

We conduct several experiments using reconstruction tech-
niques of traditional methods [23], [28] and graph-based
methods [42], [43] to validate the proposed GRMM strat-
egy. By incorporating and modifying different reconstruction
techniques, we evaluate the contribution of GRMM to the
overall model performance under both complete-modality and
missing-modality settings, as shown in Table VI. The results
demonstrate that the proposed GRMM strategy consistently
outperforms all comparison methods, confirming its crucial
role in enhancing the model’s robustness and accuracy. Mean-
while, the average performance across all configurations shows
a notable improvement, highlighting the effectiveness and
generalizability of our approach. Additionally, we visualize the
inter-class and intra-class distances for different reconstruction
methods as depicted in Fig. 4, where o4 > o, 0%,073. This
shows that the intra-class distance of GRMM is significantly
reduced compared with other reconstruction methods.

G. Evaluation on Graph Reasoning

We conduct the comparative experiments with graph rea-
soning approaches [60], [61], [62], [63], including Graph
Attention Network (GAT) [60], Graph Convolutional Network
(GCN) [61], HORNet [62], HHGF [63]. These results are
summarized in Fig. 5. The approaches first employ unshared
multi-branch ViT to extract multi-modal features, and then
construct a graph for all patches of each modality via
Euclidean distance [38]. Finally, both label smoothing cross-
entropy and triplet loss are combined to optimize the entire

GAT
GON
HHRG

.S . HOR-Net

B wom MGRNett

= HOR-Net
mo VIGRNet*

Performance (%)
Performance (%)

RGBNT201 Market]501-MM RGBNT100
Datasets

MSVR310 RGBNT201 Market1501-MM RGBNT100

Datasets

MSVR310

Fig. 5. Comparison of the graph reasoning methods on the common datasets.

network. Experimental results show that MGRNet consistently
surpasses traditional graph reasoning approaches [60], [61].
In addition, compared with recent graph reasoning methods
[62], [63], MGRNet achieves further performance gains. This
enhanced performance can be attributed to MGRNet’s ability
to alleviate the impact of low-quality local features, enhancing
the discriminative information.

H. Robustness Analysis

To comprehensively assess the model’s robustness in com-
plex real-world scenarios, we generate a noisy version of the
RGBNT201 dataset by introducing arbitrary noise (e.g., occlu-
sion, strong illumination, Gaussian noise, and salt-and-pepper
noise) across multiple modalities. As shown in Table VII,
these results demonstrate that our MGRNet consistently
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TABLE VII

PERFORMANCE COMPARISON UNDER ARBITRARY NOISE AND
LOW-RESOURCE ENVIRONMENTS ON THE RGBNT201 DATASET

Arbitrary Noise \ Low Resource

Methods ‘

| mAP R-1 R-5 R10 | mAP R-1 R-5 R-10

TOP-RelD [23] | 56.8 572 752 824 56.0 579 702 764
EDITOR [25] 574 608 772 841 472 458 629 729
DeMo [13] 705 724 856 89.8 60.8 645 792 843
MambaPro [3] 68.0 725 850 902 589 627 752 827
MGRNet* 655 694 809 86.0 587 591 731 787
MGRNett 721 764 882 919 625 646 766 827

TABLE VIII

COMPARISON RESULTS FOR THE NUMBER OF SWAP-NODES ON THE
RGBNT201 DATASET

\ ViT \ CLIP
k | mAP R1 R-5 R10 | mAP R-1 RS R0
0] 772 805 889 935 | 752 793 892 916
10| 783 822 909 947 | 799 828 902 926
20 | 784 825 909 952 | 805 850 90.0 926
40 | 780 803 895 952 | 786 825 90.7 929
60 | 770 794 90.1 949 | 768 810 873 897
80 | 616 603 762 860 | 766 800 878 914

achieves superior performance compared with state-of-the-
art approaches, highlighting its robustness. Furthermore, we
simulate extremely low-resource environments by reducing the
input image resolution from 256 x 128 x 3 to 128 x 64 x 3. As
shown in Table VII, our method maintains a competitive per-
formance, confirming its effectiveness in resource-constrained
settings.

1. Hyperparameter Analysis

We further analyze the influence of the swap-node num-
ber (hyperparameter k) on the performance of our model.
The results are displayed in Table VIII, where the first row
represents the case where the SGNS method is not applied
in different vision encoders. From the results, we observe
a trend: as the k-value increases, the model’s performance
initially improves before reaching a peak and then declines.
When k = 0, low-quality nodes remain uncorrected. Increasing
k improves performance by replacing more unreliable nodes
with complementary cues, whereas an overly large k obscures
original modality information and degrades performance. This
behavior highlights that an optimal number of swapped nodes
enhances the model’s ability to capture rich local features and
reduce the impact of low-quality local features. These results
prove that our SGNS operation is more effective than using a
direct graph-based approach.

J. Visualization

1) Discriminative Attention Maps: We present visualization
via gradually adding our proposed strategies, utilizing Grad-
CAM [64], which demonstrates the ability of our MGRNet to
effectively capture the relevant regions of the input images.
Compared to the proposed MGRNet without the GRMI and
GRMM strategies, our method can capture more critical areas
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Input Images Baseline w/ GRMI MGRNet" Input Images Baseline w/ GRMI MGRNet"

Fig. 6. Visualization results using Grad-CAM of models with progressively
incorporated GRMI and GRMM.

Swapped Patches Swapped Patches

Swapped Patches

e

5

Fig. 7. Visualization results of swapped patches of Graph Reasoning on
Modal Interaction (GRMI) on the RGBNT201 dataset.

while significantly reducing the impact of irrelevant or noisy
regions. The results in Fig. 6 (a) and (b) show that our method
can capture key information more comprehensively, while this
method has a better effect in background noise suppression,
thus improving the quality of overall feature representation.

Additionally, to further evaluate the GRMI strategy, we visu-
alize the exchanged patches via the SGNS operation as shown
in Fig. 7. By exchanging local features, problems related to
low-quality features, such as the face and bag, are solved,
enhancing the representation of discriminative information and
improving the effectiveness of modal representation.

2) Reconstruction Feature: To more intuitively assess the
GRMM strategy, we utilize feature maps to visualize different
modal images. As shown in Fig. 8, our model can recover
superior feature representations in cases where modalities are
missing. It is known that RGB contains more color and detail
information, covering the brightness and edge features of
NIR, while NIR is more prominent in low light structure and
contrast, and is a complement to RGB [65]. It is found that
the associated region in the NIR modality when generating
the RGB modality is less accurate than the real one, as
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Fig. 9. Feature distribution on different strategies by using t-SNE on RGBNT201. The different colors represent different identities.
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Fig. 10. Feature distribution on different strategies by using t-SNE on RGBNT100. The different colors represent different identities.

shown in Fig. 8 (g), while the associated region in the RGB
modality when generating the NIR modality is more accurate
than the real one, as shown in Fig. 8 (h). In the future,
we will consider the specific information and complementary
information between modalities to further optimize our work.

3) Feature Distribution: We visualize the obtained rep-
resentations by the t-SNE tool [66]. Fig. 9/10 (a) is the
visualized result by leveraging the ViT/CLIP-based baseline
for RGBNT201/RGBNT100. Fig. 9/10 (b) and (c) add our
proposed GRMM and GRMI strategies into this baseline,
respectively. One can observe that GRMM can reduce the dis-
tance between intra-class by minimizing the disparity between
modalities, and GRMI can increase the distance between inter-
class by reducing the impact of low-quality patches. Moreover,
in Fig. 9/10 (d), it can be found that our proposed MGRNet

exhibits larger inter-class distances and smaller intra-class
distances than the baseline, indicating that our model is better
at capturing differences between objects.

4) Failure Cases Analysis: To further evaluate the retrieval
performance of MGRNet in real-world scenarios, we visualize
several failure cases on the RGBNT201 dataset [12]. Benefit-
ing from its feature interaction and reconstruction capability,
MGRNet achieves significant performance improvements.
However, as shown in Fig. 11, MGRNet still faces difficulties
in scenarios with extreme lighting degradation, background
occlusion, and modal noise, which hinder its ability to focus
on object semantics. In the future, we plan to investigate
more robust and fine-grained multi-modal graph reasoning
approaches to overcome these limitations.
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Fig. 11. Visualization results of top-5 failure cases on the RGBNT201 dataset.

V. CONCLUSION

In this paper, we propose a novel approach, named
Modality-aware Graph Reasoning Network (MGRNet), which
effectively enhances information interactions and recovers
missing modalities for multi-modal object RelD. First, we
introduce the construction of modality-aware graphs to adap-
tively model the relationships among local features, learning
important local details. Second, the selective graph nodes
swap operation is introduced to alleviate the impact of
low-quality features from the modalities while effectively
capturing crucial local details, promoting multi-modal fusion.
Finally, we feed the swapped modality-aware graphs into
the local-aware graph reasoning module to achieve message
propagation, thus yielding a reliable feature representation
of multi-modal data in object RelD. Additionally, we pro-
pose that the MGRNet is capable of recovering missing
modalities based on their structural relationships, effectively
reducing and minimizing multi-modal disparity. Overall, the
proposed MGRNet achieves state-of-the-art performance on
multi-modal ReID datasets. MGRNet serves as a preliminary
framework for multi-modal fusion and recovery in graph
reasoning, demonstrating promising results. However, multi-
modal fusion remains a challenging task. In the future, our
work will focus on developing more efficient and fine-grained
fusion strategies of graph reasoning.
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