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Abstract—Multi-modal object Re-Identification (ReID) exploits
complementary cues from heterogeneous sensors to recognize
identities under challenging environmental conditions. However,
existing methods suffer from three key limitations. First, modality
reliability can vary substantially across instances and envi-
ronments, rendering static fusion suboptimal. Second, sensor-
induced spatial misalignment often corrupts cross-modal cor-
respondences and degrades feature fusion. Third, naive fea-
ture aggregation lacks a progressive mechanism to integrate
identity cues from fine-grained details to high-level semantics.
To address these issues, we propose AdapDeFormer, a unified
framework that combines Enhanced Deformable Attention (EDA)
with a Hierarchical Adaptive Query Network (HAQN) for
robust multi-modal representation learning. Specifically, EDA
reweights modalities via Adaptive Modal Weighting (AMW) and
corrects spatial discrepancies through Multi-Scale Offset Fusion
(MSOF) to enable alignment-aware fusion. Building on the
enhanced features, HAQN performs progressive identity feature
extraction with hierarchical query learning, where cross-layer
query propagation and modality-adaptive aggregation facilitate
discriminative representation learning. Extensive experiments on
three multi-modal object ReID benchmarks demonstrate the
effectiveness and robustness of AdapDeFormer.

Index Terms—Multi-modal object re-identification, De-
formable attention aggregation, Hierarchical query learning

I. INTRODUCTION

Object Re-Identification (ReID) aims to retrieve the same
object across different camera views. Over the past decade,
single-modal object ReID [1]–[4], primarily based on RGB
images, has made significant progress. However, RGB imaging
is highly susceptible to adverse conditions such as darkness
and glare, leading to poor generalization in complex envi-
ronments. Therefore, multi-modal imaging introduces com-
plementary information from RGB, Near Infrared (NIR) and
Thermal Infrared (TIR) modalities [5], [6], which can enhance
representation robustness in challenging scenarios.

Despite great progress, many of them [7] overlook the
dynamic quality changes [8] inherent in multi-modal imaging.
Environmental factors and sensing noise cause content fluctua-
tions even within the same modality [9]. The relative reliability
of each modality can vary across instances under similar
imaging conditions. For example, in dark scenarios, the RGB
image provides limited information, whereas the NIR and TIR
images clearly show discriminative details [10]. Thus, adaptive
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Fig. 1. Motivation for AdapDeFormer. (a) Hard selection and passive
aggregation can overemphasize unreliable cues, yielding fragile representa-
tions under varying conditions. (b) Adaptive fusion with alignment and
hierarchical queries adaptively fuses aligned modalities with multi-scale
offsets and hierarchical query learning, producing robust representations.

modality weighting is crucial to account for the instance-
wise variation in modality reliability. Moreover, multi-modal
images captured by different sensors often exhibit spatial
misalignments. Directly fusing them can introduce erroneous
correspondences and degrade feature robustness [8]. Beyond
adaptive fusion and alignment, another limitation of existing
methods lies in their flat feature representation. As shown in
Fig. 1, most methods extract features at a single layer or simply
stack multi-layer features, making it difficult to simultaneously
capture fine-grained details and global semantics. However,
robust representation requires multi-scale cues ranging from
local discriminative regions to holistic appearance. Therefore,
a hierarchical progressive mechanism is required to effectively
aggregate identity-relevant information.

Motivated by these observations, we propose AdapDe-
Former for multi-modal object ReID. Our AdapDeFormer
consists of two main components: Enhanced Deformable
Attention (EDA) and Hierarchical Adaptive Query Network
(HAQN). Specifically, EDA dynamically evaluates the contri-
bution of each modality through Adaptive Modal Weighting
(AMW), which assigns weights based on instance-specific
characteristics. Meanwhile, Multi-Scale Offset Fusion (MSOF)
generates multi-scale sampling offsets to correct spatial mis-
alignments via deformable sampling. On top of EDA, HAQN
employs Hierarchical Queries (HQ) for progressive feature
extraction from fine to coarse, using more queries in early
layers to capture details and fewer queries in deeper layers to
extract semantics. Query Propagation (QP) ensures effective
cross-layer information flow, while Modality-Specific archi-



tectures (MS) and Adaptive Fusion (AF) further strengthen
multi-modal representations. As illustrated in Fig. 1, previ-
ous methods rely on hard selection and passive aggregation,
which often leads to fragile representations. In contrast, our
framework achieves adaptive modality weighting and spatial
alignment through EDA and performs progressive feature
aggregation through HAQN, resulting in more robust identity
representations. Extensive experiments on three multi-modal
object ReID benchmarks demonstrate the effectiveness of
AdapDeFormer. In summary, our contributions are as follows:

• We introduce AdapDeFormer, a unified framework that
combines Enhanced Deformable Attention (EDA) and a
Hierarchical Adaptive Query Network (HAQN) to ad-
dress key limitations in multi-modal object ReID.

• We design EDA with Adaptive Modal Weighting (AMW)
for instance-adaptive modality balancing and Multi-Scale
Offset Fusion (MSOF) for alignment-aware fusion.

• We develop HAQN with Hierarchical Queries (HQ),
Query Propagation (QP), Modality-Specific (MS) and
Adaptive Fusion (AF) for progressive aggregation.

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

II. RELATED WORK

A. Multi-modal Object Re-Identification

Multi-modal object ReID has attracted increasing attention for
its robustness in real-world scenarios, with existing efforts
exploiting complementary cues via fusion, modality-specific
learning, or modality completion. For multi-modal person
ReID, Zheng et al. [5] introduce progressive fusion to learn
robust representations, while Wang et al. [10] strengthen
modality-specific knowledge with an interact-embed-enlarge
framework. To handle missing modalities, Zheng et al. [11]
adopt pixel reconstruction and for multi-modal vehicle ReID,
Li et al. [6] propose coherence-based fusion. Subsequent
methods further improve robustness through cross-modal in-
teraction [12]. Benefiting from Vision Transformers [13],
Transformer-based approaches have been explored for multi-
modal ReID [7], [14]–[16]. For example, TOP-ReID [7] guides
modality fusion via token permutation, whereas EDITOR [16]
suppresses background interference through diverse token se-
lection. More recently, CLIP-based methods have achieved
strong performance, such as DeMo [9] which employs MoE
for adaptive weighting of decoupled features and IDEA [8]
which leverages text semantics to guide feature learning.
Despite these advances, adaptive modality fusion and spatial
alignment are often treated implicitly. In contrast, our AdapDe-
Former explicitly performs adaptive modality weighting and
spatial misalignment correction via EDA, and introduces hier-
archical query learning in HAQN for progressive multi-scale
identity aggregation.

B. Multi-Modal Feature Aggregation

Multi-modal feature aggregation aims to integrate comple-
mentary information from heterogeneous sources to improve
representation robustness. In general vision tasks, attention

bottlenecks [17] provide a compact interface for aggregating
multi-modal signals and synergistic residual prompts [18]
further promote joint learning across modalities. In multi-
modal object ReID, Wang et al. [7] leverage complementary
reconstruction to reduce cross-modal distribution gaps, while
Zhang et al. [16] introduce pairwise background consistency
to align background features. However, pairwise alignment is
difficult to extend to simultaneous alignment across multiple
modalities. Moreover, existing approaches rarely unify modal-
ity weighting and spatial correspondence modeling within
a single framework. More importantly, many methods rely
on flat aggregation, which limits the exploitation of identity
cues across semantic levels. To bridge these critical gaps,
we propose EDA for adaptive weighting and alignment and
HAQN for hierarchical feature aggregation.

III. METHOD

As illustrated in Fig. 2, AdapDeFormer builds upon a pre-
trained CLIP vision encoder to extract modality-specific fea-
tures from RGB, NIR and TIR images. It then performs two-
stage representation learning: Enhanced Deformable Attention
(EDA) enhances and aligns multi-modal features by modeling
instance-wise modality reliability and sensor-induced spatial
misalignment, while the Hierarchical Adaptive Query Network
(HAQN) progressively aggregates identity cues across seman-
tic levels and modality combinations.

A. Enhanced Deformable Attention

EDA fuses multi-modal features by addressing modality reli-
ability and spatial misalignment.
Adaptive Modal Weighting (AMW). AMW learns to as-
sign higher weights to more informative modalities based on
instance-specific characteristics. Technically, AMW employs
a gating network Ggate : RB×3C → RB×3 composed of two
convolutional layers to analyze pooled concatenated features
and predict instance-specific scores. These scores are com-
bined with learnable global weights θglobal ∈ R3 to compute
the final modality weights with softmax normalization:

w = Softmax(θglobal ⊙ Ggate(GAP(Fconcat))), (1)

where ⊙ denotes element-wise multiplication, GAP(·) denotes
global average pooling and Fconcat = [FR,FN ,FT ] denotes
the concatenated features along the channel dimension. FR,
FN and FT represent the features from RGB, NIR and TIR
modalities, respectively. We then obtain the weighted features:

F′
m = Fm ⊙ wm, m ∈ {R,N, T}, (2)

where wm is the m-th element of w ∈ RB×3.
Multi-Scale Offset Fusion (MSOF). While AMW adjusts
modality importance, spatial misalignments from varied sensor
properties may persist. To address this, we propose Multi-
Scale Offset Fusion (MSOF), which combines modality-
independent offset learning with multi-scale receptive fields
to capture spatial contexts at different granularities. For
each modality m ∈ {R,N, T}, we employ a dedicated set
of three parallel offset generators {Om,s}s∈S with scales
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Fig. 2. Overview of AdapDeFormer. Given tri-modal inputs, a pre-trained CLIP vision encoder first extracts modality-specific features. Enhanced Deformable
Attention (EDA) then enhances and aligns these features via Adaptive Modal Weighting (AMW) and deformable attention guided by Multi-Scale Offset Fusion
(MSOF). Next, the enhanced features are concatenated to form seven modality groups corresponding to all modality subsets. Hierarchical Adaptive Query
Network (HAQN) processes these groups in parallel with three branches using transformer encoders for hierarchical query learning. With EDA and HAQN,
AdapDeFormer effectively performs alignment-aware adaptive fusion and progressive feature aggregation for robust multi-modal representation learning.

S = {main, coarse, fine}, operating independently on the
weighted features F′

m as follows:

δm,s = Om,s(F
′
m; ks), s ∈ S, (3)

where δm,s ∈ RHs×Ws×2 denotes the 2D sampling offset
for modality m at scale s and ks is the kernel size with
kmain = k, kcoarse = k + 2, kfine = max(k − 2, 1)
for base, larger and smaller receptive fields. Each generator
Om,s follows a three-layer convolutional architecture: C(1) for
channel projection, depthwise C(2) with kernel ks and C(3) for
2D offset generation, with GELU activations. The multi-scale
offsets are fused via learnable weights as follows:

δm =
∑
s∈S

αs · δm,s, (4)

where α = Softmax(θscale) with learnable θscale ∈ R3. Each
modality then obtains its own sampling positions as follows:

Pm = Pref + γ · tanh(δm), (5)

where Pref ∈ RH×W×2 denotes the normalized reference
grid and γ controls the offset range. The enhanced features are
obtained via bilinear sampling at modality-specific locations:

Fe
m = Sample(F′

m,Pm), m ∈ {R,N, T}. (6)

This design enables each modality to learn optimal spatial
correspondences with multi-scale context.

B. Hierarchical Adaptive Query Network (HAQN)

After obtaining enhanced multi-modal features
{Fe

m}m∈{R,N,T}, HAQN aggregates information across
different abstraction levels and modality combinations.
Specifically, we denote the input features of HAQN as
Fh

m = Fe
m. First, we create seven distinct feature groups

by concatenating these features to represent all single-modal
(Fh

R,F
h
N ,Fh

T ), dual-modal (Fh
RN ,Fh

RT ,F
h
NT ) and triple-

modal (Fh
RNT ) combinations, as shown in Fig. 2. This allows

HAQN to learn from all modality combinations through

four components: Hierarchical Queries (HQ) for progressive
multi-scale extraction, Query Propagation (QP) for cross-
layer continuity, Modality-Specific architectures (MS) for
complexity-adapted processing, and Adaptive Fusion (AF)
for discriminative layer weighting.
Hierarchical Queries (HQ). Unlike flat query methods that
use a fixed number of queries per layer, our HQ strategy
assigns more queries to early layers for capturing fine-grained
details and fewer queries to deeper layers for extracting
high-level semantic information as follows:

M l = max(8, ⌊M · (1.0− l

L− 1
· 0.3)⌋), (7)

where M l is the number of queries at layer l, M is the initial
query count, L is the network depth and 0.3 is empirically
selected to ensure gradual capacity reduction while retaining
sufficient queries at each layer (see Tab. V for sensitivity
analysis of key hyperparameters).
Query Propagation (QP). To build consistent representations,
we propagate learned queries from each layer to guide feature
aggregation in subsequent layers. When consecutive layers
have different query counts, we use a linear adapter to align
them for seamless propagation as follows:

Q̂l−1 =

{
Ql−1 if M l−1 = M l

Al(Ql−1) if M l−1 ̸= M l
(8)

where Al is a learnable linear transformation at layer l that
adapts the query count from M l−1 to M l. We then integrate
the propagated queries with the current layer’s initial queries
through adaptive gating:

Ql = αl ·Ql
0 + (1− αl) · Q̂l−1, (9)

where αl is a learnable gating parameter and Ql
0 denotes the

initial queries at layer l. This mechanism enables the network
to balance between preserving rich identity patterns from
earlier layers and incorporating new layer-specific information
needed for the current abstraction level.



Modality-Specific Architectures (MS). Since fusing more
modalities increases complexity, we design three HAQN
branches with shared parameters but different query capacities
to handle single, dual and triple modal feature groups. These
branches share network weights for parameter efficiency,
while using modality-specific queries to match the complexity
of different combinations: single-modal (RGB, NIR, TIR),
dual-modal (RGB-NIR, RGB-TIR, NIR-TIR) and triple-modal
(RGB-NIR-TIR). Each branch’s capacity is adjusted through
its base query count as formulated below:

Msingle = M, Mdual = ⌊1.2×M⌋, Mtriple = ⌊1.5×M⌋
(10)

where Msingle, Mdual and Mtriple represent the base query num-
bers for single-modal, dual-modal and triple-modal processing
networks, respectively.
Adaptive Fusion (AF). Unlike previous methods [7] that
simply concatenate all layer outputs, we propose Adaptive
Fusion (AF) to dynamically weight the contribution of each
hierarchical layer within each HAQN network, ensuring that
more discriminative layers contribute more to the final rep-
resentation. Given the query outputs {Ol}Ll=1 from L layers
within a single HAQN, where Ol ∈ RB×M l×D with varying
query numbers M l per layer, we compute layer-wise impor-
tance weights:

wl = Sigmoid(Fatt(GAP(Ol))), l = 1, 2, . . . , L, (11)

where Fatt is a two-layer attention network. Then, the fused
representation for each HAQN is computed as follows:

F̃m = L2

(
P
(
ConcatLl=1(O

l · wl)
))

, (12)

where wl scales all queries in layer l, P(·) represents linear
projection and L2(·) denotes L2 normalization. Then, this
procedure is applied independently to S-HAQN, D-HAQN and
T-HAQN, yielding seven L2-normalized feature vectors that
are concatenated as the final HAQN representation for robust
and discriminative multi-modal object ReID.

C. Objective Function

We optimize our AdapDeFormer using features from both the
backbone and HAQN outputs. Each supervision level employs
label smoothing cross-entropy loss and triplet loss:

Lf (X ) = Lce(X ) + Ltriplet(X ), (13)

where X means the input features. The overall loss is:

L = Lf ([FR,FN ,FT ]) + Lf (F̃), (14)

where [FR,FN ,FT ] represents the backbone features from
RGB, NIR and TIR modalities and F̃ = {F̃S | S ⊆
{R,N, T}, S ̸= ∅} denotes the seven features from HAQN.

IV. EXPERIMENTS

A. Datasets and Evaluation Protocols

We evaluate AdapDeFormer on three multi-modal object ReID
benchmarks. RGBNT201 [5] is a multi-modal person ReID
dataset containing 4,787 aligned RGB, NIR and TIR images

TABLE I
PERFORMANCE COMPARISON. BEST RESULTS ARE IN BOLD, SECOND

BEST ARE UNDERLINED. † DENOTES CLIP-BASED METHODS, ∗ INDICATES
VIT-BASED, OTHERS ARE CNN-BASED.

Methods RGBNT201 RGBNT100 MSVR310

mAP R-1 R-5 R-10 mAP R-1 mAP R-1

HAMNet [6] 27.7 26.3 41.5 51.7 74.5 93.3 27.1 42.3
PFNet [5] 38.5 38.9 52.0 58.4 68.1 94.1 23.5 37.4

DENet [11] 42.4 42.2 55.3 64.5 - - - -
IEEE [10] 46.4 47.1 58.5 64.2 61.3 87.8 21.0 41.0

LRMM [19] 52.3 53.4 64.6 73.2 78.6 96.7 36.7 49.7
TIENet [20] 54.4 54.4 66.3 71.1 - - - -
CCNet [12] - - - - 77.2 96.3 36.4 55.2

UniCat∗ [15] 57.0 55.7 - - 79.4 96.2 - -
GraFT∗ [21] - - - - 76.6 94.3 - -
PHT∗ [14] - - - - 79.9 92.7 - -
HTT∗ [22] 71.1 73.4 83.1 87.3 75.7 92.6 - -

TOP-ReID∗ [7] 72.3 76.6 84.7 89.4 81.2 96.4 35.9 44.6
FACENet∗ [23] - - - - 81.5 96.9 36.2 54.1
EDITOR∗ [16] 66.5 68.3 81.1 88.2 82.1 96.4 39.0 49.3

WTSF-ReID∗ [24] 67.9 72.2 83.4 89.7 82.2 96.5 39.2 49.1
RSCNet∗ [25] 68.2 72.5 - - 82.3 96.6 39.5 49.6

PromptMA† [26] 78.4 80.9 87.0 88.9 85.3 97.4 55.2 64.5
MambaPro† [18] 78.9 83.4 89.8 91.9 83.9 94.7 47.0 56.5

DeMo† [9] 79.0 82.3 88.8 92.0 86.2 97.6 49.2 59.8
IDEA† [8] 80.2 82.1 90.0 93.3 87.2 96.5 47.0 62.4

AdapDeFormer† 81.5 84.1 91.3 95.5 86.6 98.1 56.0 64.5

from 201 identities. RGBNT100 [6] is a large-scale multi-
modal vehicle ReID dataset with 17,250 image triplets cov-
ering diverse challenging visual conditions. MSVR310 [12]
is a small-scale multi-modal vehicle ReID dataset with 2,087
image triplets captured across diverse environments. Following
common practice, we report mean Average Precision (mAP)
and Rank-K accuracy (K = 1, 5, 10), with mAP and Rank-1
as the primary metrics in our analysis. Besides, we report the
parameter count and FLOPs to validate efficiency.

B. Implementation Details

We employ the pre-trained CLIP-ViT-B/16 [27] as the vi-
sual encoder backbone. Images are resized to 256×128 for
RGBNT201 and 128×256 for RGBNT100/MSVR310. The
mini-batch size is set to 64 with 8 images per identity for
RGBNT201/MSVR310 and 128 with 16 images per identity
for RGBNT100. For the EDA module, we set the deformable
kernel size k = 4 with stride 2, offset range factor 5.0
and single-head attention (nheads = 1) with 512 channels.
For the HAQN module, we employ 16 base queries with 4
hierarchical layers. We fine-tune the proposed modules using
Adam optimizer with a learning rate of 3.5×10−4 and apply
a smaller learning rate of 5×10−6 for the visual backbone.

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

Multi-modal Person ReID. Tab. I reports results on
RGBNT201. AdapDeFormer achieves 81.5% mAP and 84.1%
Rank-1 accuracy, outperforming the previous best CLIP-based
method IDEA [8] by 1.3% mAP and 2.0% Rank-1. Moreover,
compared to the ViT-based TOP-ReID [7], we obtain sub-
stantial gains of 9.2% mAP and 7.5% Rank-1, highlighting
the benefits of EDA and HAQN under cross-modal reliability
variation and spatial misalignment.
Multi-modal Vehicle ReID. Tab. I summarizes the vehicle
ReID results. On RGBNT100, we achieve 86.6% mAP and



TABLE II
COMPARISON OF PARAMETERS AND FLOPS.

Methods Params FLOPs RGBNT201 RGBNT100 MSVR310

(M) (G) mAP R-1 mAP R-1 mAP R-1

TOP-ReID [7] 324.5 35.5 72.3 76.6 81.2 96.4 35.9 44.6
EDITOR [16] 119.3 40.8 66.5 68.3 82.1 96.4 39.0 49.3
PromptMA [26] 107.9 36.2 78.4 80.9 85.3 97.4 55.2 64.5
MambaPro [18] 74.8 52.4 78.9 83.4 83.9 94.7 47.0 56.5
DeMo [9] 98.8 35.1 79.0 82.3 86.2 97.6 49.2 59.8
IDEA [8] 91.7 43.7 80.2 82.1 87.2 96.5 47.0 62.4
AdapDeFormer 108.0 35.4 81.5 84.1 86.6 98.1 56.0 64.5

TABLE III
ABLATION STUDY OF EDA AND HAQN COMPONENTS.

EDA Components RGBNT201 MSVR310

AMW MSOF mAP R-1 mAP R-1

A ✕ ✕ 78.9(-2.6) 81.3(-2.8) 52.1(-3.9) 60.1(-4.4)
B ✕ ✓ 79.7(-1.8) 82.2(-1.9) 53.3(-2.7) 61.5(-3.0)
C ✓ ✕ 80.3(-1.2) 82.1(-2.0) 54.2(-1.8) 61.8(-2.7)
D ✓ ✓ 81.5 84.1 56.0 64.5

HAQN HQ QP MS AF mAP R-1 mAP R-1

A ✕ ✓ ✓ ✓ 80.1(-1.4) 83.3(-0.8) 54.4(-1.6) 63.4(-1.1)
B ✓ ✕ ✓ ✓ 78.5(-3.0) 81.9(-2.2) 54.0(-2.0) 62.6(-1.9)
C ✓ ✓ ✕ ✓ 79.7(-1.8) 82.8(-1.3) 54.8(-1.2) 61.6(-2.9)
D ✓ ✓ ✓ ✕ 81.1(-0.4) 83.2(-0.9) 55.6(-0.4) 63.4(-1.1)
E ✓ ✓ ✓ ✓ 81.5 84.1 56.0 64.5

98.1% Rank-1 accuracy, improving Rank-1 by 1.6% over
IDEA. On the MSVR310 dataset, AdapDeFormer delivers
56.0% mAP and 64.5% Rank-1, demonstrating strong gen-
eralization across scenarios and scales.
Efficiency Analysis. Tab. II compares parameters and FLOPs.
AdapDeFormer achieves state-of-the-art accuracy with com-
petitive efficiency across all benchmarks.

D. Ablation Studies

Effects of EDA Components. The upper part of Tab. III
reports an ablation of the proposed EDA components. Starting
from the baseline without EDA (Model A), we obtain 78.9%
mAP on RGBNT201. Introducing MSOF alone (Model B)
yields a 0.8% mAP gain, supporting the role of multi-scale
deformable sampling in improving spatial alignment. Simi-
larly, AMW alone (Model C) improves performance by 1.4%
mAP, indicating the benefit of dynamically balancing modality
contributions. Finally, combining AMW and MSOF (Model D)
achieves the best results, reaching 81.5% mAP on RGBNT201.
Effects of HAQN Components. The lower part of Tab. III
further investigates the contribution of each HAQN com-
ponent. Removing HQ (Model A) reduces performance by
1.4% mAP, while removing QP (Model B) causes the largest
drop (3.0% mAP), highlighting the importance of cross-layer
information flow. In addition, removing the modality-specific
branch design (Model C) particularly degrades MSVR310,
with a 2.9% Rank-1 decrease. With all components enabled,
the complete framework (Model E) achieves the best overall
performance, reaching 81.5% mAP on RGBNT201.
Robustness to Missing Modality. Tab. IV evaluates ro-
bustness under missing-modality scenarios on RGBNT201.
AdapDeFormer consistently outperforms existing methods
when a single modality is unavailable at inference. Notably,
missing TIR causes the largest drop across all methods,

TABLE IV
PERFORMANCE COMPARISON UNDER MISSING MODALITY ON

RGBNT201. M(X) DENOTES MISSING MODALITY X.

Method Full M(RGB) M(NIR) M(TIR)

mAP mAP mAP mAP

TOP-ReID [7] 72.3 54.4(-17.9) 64.3(-8.0) 51.9(-20.4)
DeMo [9] 79.0 63.3(-15.7) 72.6(-6.4) 56.2(-22.8)
IDEA [8] 80.2 62.9(-17.3) 71.5(-8.7) 58.4(-21.8)
AdapDeFormer 81.5 66.9(-14.6) 76.0(-5.5) 61.2(-20.3)

TABLE V
HYPERPARAMETER ANALYSIS ON RGBNT201.

K mAP R-1

3 79.4(-2.1) 81.1(-3.0)
4 81.5 84.1
5 78.7(-2.8) 79.8(-4.3)

M mAP R-1

8 79.3(-2.2) 80.7(-3.4)
16 81.5 84.1
32 77.8(-3.7) 80.0(-4.1)

indicating TIR’s critical role. With TIR missing, our method
achieves 61.2% mAP, surpassing DeMo by 5.0% and TOP-
ReID by 9.3%, demonstrating the effectiveness of AMW in
compensating for missing modalities.
Hyperparameter Analysis. Tab. V analyzes the impact of key
hyperparameters on RGBNT201. For the MSOF kernel size
K, K=4 achieves the best trade-off. A smaller K=3 limits
receptive-field coverage for cross-modal alignment, resulting
in a 2.1% mAP drop, whereas a larger K=5 introduces more
background noise and degrades mAP by 2.8%. For the query
number M , setting M=16 balances capacity and efficiency.
Reducing it to M=8 limits robustness and decreases mAP
by 2.2%, while increasing it to M=32 introduces feature
redundancy and leads to a 3.7% mAP reduction.

E. Visualization Analysis

Feature Distributions. Fig. 3 presents t-SNE visualizations
of learned feature embeddings. Compared with the baseline
(A), both EDA (B) and HAQN (C) lead to clearer inter-class
separation. Moreover, the full model EDA+HAQN (D) yields
the most compact intra-class clusters and clearest inter-class
boundaries, confirming that EDA’s alignment-aware fusion
and HAQN’s hierarchical aggregation are complementary for
discriminative identity learning.
Cosine Similarity Distributions. Fig. 4 visualizes the cosine
similarity distributions of positive and negative pairs. The over-
lap between the two distributions progressively decreases from
the baseline to our full model, indicating enlarged margins for
more discriminative representations.
Attention Maps. Fig. 5 visualizes activation patterns across
seven modality groups. Single-modal features focus on fine-
grained local regions, dual-modal capture intermediate pat-
terns, and triple-modal (RNT) emphasizes global structure.
These complementary patterns validate our design.

V. CONCLUSION

In this paper, we propose AdapDeFormer, an adaptive de-
formable attention aggregation framework for multi-modal
object ReID. Specifically, EDA enhances cross-modal feature



Fig. 3. t-SNE visualization of learned feature embeddings. Different colors denote different identities.

(A) Baseline (B) Baseline + EDA (C) Baseline + EDA + HAQN

Fig. 4. Cosine similarity distributions of positive and negative pairs.

Fig. 5. Activation maps of seven modality groups, illustrating complementary
attention patterns across modality combinations.

alignment and fusion by jointly leveraging AMW and multi-
scale deformable sampling, while HAQN learns hierarchi-
cal, identity-aware representations via query-based modeling
with cross-layer propagation. Extensive experiments on three
benchmarks demonstrate consistent improvements over prior
methods, together with strong robustness to missing-modality
scenarios and competitive efficiency.
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