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Abstract
RGB-Thermal (RGBT) tracking aims to exploit visible and
thermal infrared modalities for robust all-weather object
tracking. However, existing RGBT trackers struggle to re-
solve modality discrepancies, which poses great challenges
for robust feature representation. This limitation hinders
effective cross-modal information propagation and fusion,
which significantly reduces the tracking accuracy. To address
this limitation, we propose a novel Contextual Aggregation
with Deformable Alignment framework called CADTrack
for RGBT Tracking. To be specific, we first deploy the
Mamba-based Feature Interaction (MFI) that establishes ef-
ficient feature interaction via state space models. This in-
teraction module can operate with linear complexity, reduc-
ing computational cost and improving feature discrimina-
tion. Then, we propose the Contextual Aggregation Module
(CAM) that dynamically activates backbone layers through
sparse gating based on the Mixture-of-Experts (MoE). This
module can encode complementary contextual information
from cross-layer features. Finally, we propose the De-
formable Alignment Module (DAM) to integrate deformable
sampling and temporal propagation, mitigating spatial mis-
alignment and localization drift. With the above components,
our CADTrack achieves robust and accurate tracking in com-
plex scenarios. Extensive experiments on five RGBT tracking
benchmarks verify the effectiveness of our proposed method.

Code — https://github.com/IdolLab/CADTrack

Introduction
RGB-Thermal (RGBT) tracking is a fundamental task in
computer vision and image processing. It estimates object
states by fusing complementary information from visible
(RGB) and thermal infrared (TIR) modalities. Generally, the
RGB modality provides rich textures and color details un-
der normal lighting. The TIR modality provides structural
and semantic information under lighting variations. The fu-
sion of these modalities can address limitations of single-
modality trackers, such as failure in illumination changes,
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Figure 1: Comparison with different RGBT tracking
paradigms. (a)-(c) The limitations of RGBT tracking include
modality discrepancies and spatial misalignment. (d) Exist-
ing RGBT trackers exhibit high-complexity feature interac-
tion, use features only from the final layers, and suffer from
spatial misalignment. (e) Our framework introduces linear-
complexity modality interaction, selects features from mul-
tiple layers, and employs deformable alignment.

occlusions, or sensor noise. These advantages make RGBT
tracking suitable for all-day and all-weather scenarios.

In fact, most existing RGBT trackers focus on cross-
modal fusion (Xia et al. 2024; Fan et al. 2024; Hu et al.
2025c; Tan et al. 2025a). However, they overlook modal-
ity discrepancies, as shown in Fig. 1. First, complex fusion
methods (Chen and Wang 2025) achieve robust information
interaction but always result in high computational costs,
which hinder real-time performance. Second, prior meth-
ods (Zhu et al. 2023b, 2024b,a; Xu et al. 2024; Feng et al.
2025a; Cai, Liu, and Wang 2025; Liu et al. 2025; Guo et al.
2025) extract features solely from the final layers of back-
bone networks. They neglect cross-layer semantic informa-
tion that could enhance occlusion handling and localization
accuracy. Third, modality discrepancies often lead to spatial
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misalignment during motion or viewpoint changes (Zhang
et al. 2024). This naturally raises the question: Can we de-
sign a RGBT tracker that dynamically adapts to modality
discrepancies while ensuring computational efficiency?

To address the above challenges, we propose CADTrack,
a novel framework that combines linear-complexity feature
interaction, contextual aggregation, and deformable align-
ment. As shown in Fig. 2, our framework comprises three
key components: Mamba-based Feature Interaction (MFI),
Contextual Aggregation Module (CAM), and Deformable
Alignment Module (DAM). The MFI employs State Space
Models (SSMs) (Gu et al. 2021) to establish efficient fea-
ture interaction, reducing computation cost while preserving
contextual coherence. Meanwhile, the CAM dynamically
activates backbone layers through sparse gating based on
the Mixture-of-Experts (MoE), which achieves contextual
aggregation of multi-level features. By leveraging comple-
mentary information from shallow-level and deep-level fea-
tures, it addresses the challenge of cross-layer feature under-
utilization. Finally, the DAM maintains spatial alignment
through modality-specific deformable sampling and tempo-
ral propagation. Extensive experiments on five benchmarks
verify the effectiveness of our method, achieving state-of-
the-art performance in both accuracy and robustness.

Our main contributions are summarized as follows:

• We propose CADTrack, a novel framework combining
linear-complexity feature interaction, contextual aggre-
gation, and deformable alignment for RGBT tracking.

• We propose a Contextual Aggregation Module (CAM)
that activates backbone layers through sparse gating, fa-
cilitating contextual aggregation of multi-level features.

• We propose a Deformable Alignment Module (DAM)
to solve cross-modal spatial misalignment through de-
formable sampling and temporal propagation.

• Extensive experiments on five RGBT tracking bench-
marks demonstrate that our method achieves state-of-the-
art performance while maintaining real-time efficiency.

Related Work
Cross-Modal Fusion in RGBT Tracking
Recent advances have catalyzed RGBT tracking into three
primary paradigms: early fusion, middle fusion and late fu-
sion. Early fusion means fusing two modalities in the input
level. For instance, TPF (Lu et al. 2025a) introduces a pixel-
level fusion strategy by leveraging a task-driven progressive
learning framework. Middle fusion first extracts features in-
dependently from two modalities and then fuses them at the
feature level. For example, TBSI (Hui et al. 2023) employs
cross-modal feature fusion through template-bridged inter-
actions. GMMT (Tang et al. 2024) enhances feature-level
fusion by leveraging generative models. AINet (Lu et al.
2025b) utilizes Mamba-based feature fusion to achieve all-
layer interactions. Late fusion means aggregating tracking
results from two modalities. For example, JMMAC (Zhang
et al. 2021) implements late fusion by linearly combin-
ing modality-specific response maps. Additionally, methods
that leverage Parameter-Efficient Fine-Tuning (PEFT), such

as ProTrack (Yang et al. 2022), ViPT (Zhu et al. 2023a),
BAT (Cao et al. 2024), SDSTrack (Hou et al. 2024) and One-
Tracker (Hong et al. 2024), enable RGB-to-RGBT transfer.
However, current methods suffer from high computational
cost and inadequate cross-modal fusion. Different from ex-
isting fusion methods, our method constructs a unified fea-
ture representation space that bridges heterogeneous modal-
ity characteristics with linear-complexity SSMs.

Mixture-of-Experts in RGBT Tracking
MoE routes inputs to specialized experts via a learnable
gate, performing an adaptive weighted sum over selected ex-
perts (Yuksel, Wilson, and Gader 2012). For RGBT tracking,
MoE has been leveraged to adapt to modality-specific varia-
tions by activating experts customized for RGB or TIR fea-
tures. For example, AETrack (Zhu et al. 2025) employs mul-
tiple experts for feature extraction. MoETrack (Tang et al.
2025) utilizes decision-level experts with confidence-based
routing. XTrack (Tan et al. 2025b) incorporates shared and
modality-specialized experts for input routing. These ad-
vances improve robustness by adapting to modality vari-
ations and optimizing the expert selection. However, cur-
rent methods ignore the adaptive fusion of multi-level fea-
tures. This limits their ability to handle occlusion and scale
challenges. Different from existing MoE-based methods, our
method aggregates cross-layer features through sparse gat-
ing. This allows a contextual aggregation of multi-level fea-
tures to enhance tracking robustness.

Temporal Modeling in RGBT Tracking
RGBT tracking addresses dynamic targets with evolving ap-
pearances, requiring robust spatiotemporal modeling. Pre-
vious methods rely on static templates, while recent meth-
ods aim to leverage temporal information. For example,
STMT (Sun et al. 2024) introduces dynamic multi-modal
templates. TATrack (Wang et al. 2024) integrates temporal-
aware feature fusion. CSTrack (Feng et al. 2025b) uni-
fies spatiotemporal fusion within a Vision Transformer
(ViT) backbone. STTrack (Hu et al. 2025a) establishes
inter-frame token propagation for long-range dependencies.
MambaVT (Lai et al. 2025) pioneers a Mamba-based archi-
tecture for long-range modeling. However, current methods
neglect explicit spatial misalignment. Different from exist-
ing methods, our method resolves this limitation through
spatial correction and spatiotemporal feature propagation.

Methodology
In this paper, we propose CADTrack for RGBT track-
ing, which includes three key components: Mamba-based
Feature Interaction (MFI), Contextual Aggregation Module
(CAM) and Deformable Alignment Module (DAM). The
overall framework of CADTrack is shown in Fig. 2. MFI fa-
cilitates efficient cross-modal feature interaction via SSMs,
enabling selective feature fusion while maintaining linear
complexity. CAM aggregates multi-level features through
sparse gating based on MoE. DAM generates spatiotem-
poral alignment cues by integrating deformable sampling
with temporal propagation, resolving spatial misalignment
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Figure 2: Overall framework of our proposed CADTrack. Firstly, input templates and search regions are tokenized with spa-
tiotemporal alignment cues from previous frames. Then, they are fed into the backbone network with MFI for selective feature
interaction. Meanwhile, CAM aggregates multi-level contextual features using modality-specific sparse gating, while DAM
generates updated cues through spatial guidance for precise alignment. Finally, a prediction head is used for target localization.

between modalities. The overall framework and key compo-
nents are described in the following subsections.

Overall Framework
The RGBT tracking task is initialized by a target annota-
tion in the first image pair of RGB and TIR modalities. At
time step t, we process initial templates Z0

m ∈ R3×Hz×Wz ,
dynamic templates Zt

m ∈ R3×Hz×Wz , and search regions
St
m ∈ R3×Hx×Wx for modalities m ∈ {R, T}. Each im-

age is split into P × P non-overlapping patches and lin-
early projected into C-dimensional tokens FZ0

m ∈ RNz×C ,
FZt

m ∈ RNz×C , FSt
m ∈ RNx×C , where Nz and Nx denote

the numbers of patch tokens.
Then, we construct modality-specific representations by

concatenating features with spatiotemporal alignment cues
Ct

m from previous frames:

F0
m =

[
Ct

m;FZ0
m ;FZt

m ;FSt
m

]
. (1)

These tokens are processed through Transformer blocks:

Fl
m = T l(Fl−1

m ), (2)
where l ∈ {1, 2, . . . , L} is the layer number. Each Trans-
former T l (Dosovitskiy et al. 2021) contains Multi-Head
Self-Attention (MHSA) and Feed-Forward Network (FFN).

To enable efficient feature interaction, we introduce MFI
between different modalities via SSMs. For multi-level fea-
ture aggregation, we propose CAM to combine the output
features from all backbone layers. Meanwhile, we propose
DAM to generate spatiotemporal alignment cues Ct+1

m for
subsequent frames. These cues enhance the aggregated fea-
tures via cross-attention. Finally, the multi-modal features
Ht

m are concatenated and compressed via convolutional op-
erations to reduce channels while preserving spatial resolu-
tion. The obtained features are fed into the prediction head:

Bt = ϕ
([
Ht

R;H
t
T

])
, (3)

Forward

+

Down Projection
C

Backward

······

Linear LinearLinear

Conv Conv

SSMSSM
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

······

······ ······


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S
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Figure 3: Details of our proposed MFI.

where ϕ is a fully convolutional network with stacked Conv-
BN-ReLU layers, and Bt denotes the tracking result.

Mamba-based Feature Interaction
To fully bridge RGB and TIR modalities, we propose the
MFI, a cross-modal interaction module leveraging Mamba.
Traditional interaction methods suffer from high computa-
tional cost. In contrast, our MFI adapts to modality-specific
characteristics while maintaining computational efficiency.

As shown in Fig. 3, the features Fl
m at the l-th layer are

first projected into a shared latent space:

F̂l
m = Wdown

m Fl
m, (4)

where Wdown
m is a learnable projection matrix that performs

down-sampling by reducing the channel dimension. It sig-
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nificantly decreases computational overhead while aligning
feature representations across modalities.

Then, the projected features are concatenated into a uni-
fied sequence FRT , which is processed through the forward
Mamba Mf and backward Mamba Mb:

F̂RT = Mf (FRT ) +Mb(FRT ), (5)
M∗(x) = SSM∗(σ(D(Γ(x))))⊙ σ(Γ(x)), (6)

where Γ is the linear projection. D is the convolution oper-
ation. σ is the SiLU activation (Elfwing, Uchibe, and Doya
2018). SSMf and SSMb are the forward and backward SSM,
respectively. ⊙ is the element-wise multiplication.

Afterwards, the features are split into F̃l
m, projected back

to the original dimension via Wup
m , and adaptively fused

through residual connections:

Fl
m = Fl

m +Wup
m F̃l

m. (7)

This module establishes a unified feature space for RGB
and TIR modalities, enabling efficient cross-modal feature
interaction. Unlike previous methods, our MFI can enhance
the robustness against feature degradation while maintaining
the linear computation complexity.

Contextual Aggregation Module
Existing feature aggregation methods face two critical limi-
tations. First, fixed layer selection strategies (Li et al. 2025)
fail to adapt to dynamic scene variations. Second, simple ag-
gregation strategies (Lu et al. 2025b) amplify noise and drift
risks in RGBT tracking. Therefore, we propose the CAM to
address scene-specific challenges and achieve robust feature
aggregation. Specifically, our CAM leverages sparse activa-
tion principles to dynamically select multi-level features.

As shown in Fig. 4, our proposed CAM establishes par-
allel expert pools for RGB and TIR modalities. Besides, a
modality-shared router R generates expert selection scores
sm by aggregating features from all L Transformer layers:

sm = R
([
F1

m;F2
m; . . . ;FL

m

])
, (8)

R(x) = Y(P(A(x))), (9)
where A is the Average Pooling (AP). P is the Multilayer
Perceptron (MLP). Y is the Fully Connected (FC) layer. The
selected layers are then processed through expert networks:

F̃l
m = WlFl

m, (10)
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Figure 5: Deformable alignment of DAM.

where Wl denotes modality-shared projection weights. The
linear projection mitigates feature distribution gaps across
different layers (Liu et al. 2023b).

Our CAM is implemented based on three key insights: (1)
The shallowest expert (l = 1) is always activated to preserve
high-frequency spatial details essential for object deforma-
tion; (2) The deepest expert (l = L) is selected as the shared
expert to maintain semantic information during contextual
aggregation; (3) The remaining experts are selected via top-
k sparse activation based on router scores sm.

The resulting modality-specific aggregation is performed
over the selected expert set Em using learnable weights wl

for selected layers, as follows:

Fm =
∑
l∈Em

wl ⊙ F̃l
m. (11)

Unlike static feature aggregation methods, our proposed
CAM enables context-aware expert selection that adapts to
scene variations while maintaining computational efficiency.

Deformable Alignment Module
To address the spatial misalignment caused by modality
discrepancies, we propose the DAM, which generates spa-
tiotemporal alignment cues Ct

m ∈ RNK×C via deformation
sampling and temporal propagation.

As shown in Fig. 5, we first extract patch tokens from
initial template features and dynamic template features, and
reshape them into spatial representations F̂Z0

m ∈ RH×W×C ,
F̂Zt

m ∈ RH×W×C , where H = Hz/P and W = Wz/P .
Then, these features are concatenated and processed through
a convolutional mixer O:

F̂A = O
([

F̂Z0
m ; F̂Zt

m

])
, (12)

O(x) = δ(W(δ(Q(x))), (13)

where W and Q are the Point-Wise Convolution (PWConv)
and Depth-Wise Convolution (DWConv), respectively. δ is
the GELU activation (Hendrycks and Gimpel 2016).

With reference points P̃ ∈ RHS×WS×2 from convolution
centers, we predict modality-specific offsets to accommo-
date the spatial misalignment:

∆P̃ τ
m = v · Gτ

m(F̂A), (14)
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Method Source Backbone Pretraining GTOT RGBT210 RGBT234 LasHeR
MPR↑ MSR↑ PR↑ SR↑ MPR↑ MSR↑ PR↑ NPR↑ SR↑

DAPNet (Zhu et al. 2019) ACM MM 2019 VGG−M ImageNet 88.2 70.7 − − 76.6 53.7 43.1 38.3 31.4
MANet (Li et al. 2019b) ICCVW 2019 VGG−M ImageNet 89.4 72.4 − − 77.7 53.9 45.5 − 32.6

CMPP (Wang et al. 2020) CVPR 2020 VGG−M ImageNet 92.6 73.8 − − 82.3 57.5 − − −
CAT (Li et al. 2020) ECCV 2020 VGG−M ImageNet 88.9 71.7 79.2 53.3 80.4 56.1 45.0 39.5 31.4

APFNet (Xiao et al. 2022) AAAI 2022 VGG−M ImageNet 90.5 73.7 − − 82.7 57.9 50.0 43.9 36.2
HMFT (Zhang et al. 2022) CVPR 2022 ResNet−50 ImageNet 91.2 74.9 78.6 53.5 78.8 56.8 − − −
ProTrack (Yang et al. 2022) ACM MM 2022 ViT−B SOT − − − − 78.6 58.7 50.9 − 42.1

QAT (Liu et al. 2023a) ACM MM 2023 ResNet−50 ImageNet 91.5 75.5 86.8 61.9 88.4 64.3 64.2 59.6 50.1
CMD (Zhang et al. 2023) CVPR 2023 ResNet−50 ImageNet 89.2 73.4 − − 82.4 58.4 59.0 54.6 46.4
ViPT (Zhu et al. 2023a) CVPR 2023 ViT−B SOT − − − − 83.5 61.7 65.1 − 52.5
TBSI (Hui et al. 2023) CVPR 2023 ViT−B SOT − − 85.3 62.5 87.1 63.7 69.2 65.7 55.6

STMT (Sun et al. 2024) TCSVT 2024 ViT−B SOT − − 83.0 59.5 86.5 63.8 67.4 63.4 53.7
TATrack (Wang et al. 2024) AAAI 2024 ViT−B SOT − − 85.3 61.8 87.2 64.4 70.2 66.7 56.1

BAT (Cao et al. 2024) AAAI 2024 ViT−B SOT − − − − 86.8 64.1 70.2 − 56.3
GMMT (Tang et al. 2024) AAAI 2024 ViT−B SOT − − − − 87.9 64.7 70.7 67.0 56.6
Un-Track (Wu et al. 2024) CVPR 2024 ViT−B SOT − − − − 83.7 61.8 66.7 − 53.6

SDSTrack (Hou et al. 2024) CVPR 2024 ViT−B SOT − − − − 84.8 62.5 66.5 − 53.1
OneTracker (Hong et al. 2024) CVPR 2024 ViT−B ImageNet − − − − 85.7 64.2 67.2 − 53.8

CKD (Lu et al. 2024) ACM MM 2024 ViT−B DropMAE 93.2 77.2 88.4 65.2 90.0 67.4 73.2 69.3 58.1
TPF (Lu et al. 2025a) ARXIV 2025 ViT−B DropMAE 94.3 76.3 88.0 63.8 89.7 67.1 75.1 71.3 59.5

AINet (Lu et al. 2025b) AAAI 2025 ViT−B DropMAE − − 86.8 64.1 89.1 66.8 73.0 69.0 58.2
STTrack (Hu et al. 2025a) AAAI 2025 ViT−B SOT − − − − 89.8 66.7 76.0 − 60.3

CAFormer (Xiao et al. 2025) AAAI 2025 ViT−B SOT 91.8 76.9 85.6 63.2 88.3 66.4 70.0 66.1 55.6
MambaVT (Lai et al. 2025) TCSVT 2025 Vim−S ImageNet 94.1 75.3 88.0 63.7 88.9 65.8 73.0 69.5 57.9
XTrack (Tan et al. 2025b) ICCV 2025 ViT−B DropMAE − − − − 87.4 64.9 69.1 − 55.7

CADTrack Ours ViT−B SOT 95.3 77.8 88.7 62.9 90.9 65.6 75.8 71.9 60.2
CADTrack Ours ViT−B DropMAE 95.8 78.3 91.2 65.4 92.8 67.7 77.7 73.3 61.3

Table 1: Performance on four RGBT tracking benchmarks. The best results are in bold.

where τ ∈ {Z0, Zt}. Gτ
m is a linear projection layer and v is

the offset magnitude. Then, we utilize bilinear sampling U
to amplify discriminative features (Xia et al. 2022):

Fτ
m = U

(
F̂τ

m, P̃ +∆P̃ τ
m

)
. (15)

Afterwards, we concatenate the sampled features to ob-
tain FS =

[
FZ0

m ;FZt
m

]
. For temporal propagation, we up-

date alignment cues via cross-modal cross-attention Φ:

Ct+1
m = Ct

m +Φ
(
Ct

m,FS

)
. (16)

Finally, we introduce the intra-modal cross-attention to
refine features of search regions by three sequential steps:
spatial guidance, feature enhancement and response genera-
tion. The corresponding formulations are as follows:

Ĉt+1
m = Ct+1

m +Φ(Ct+1
m ,F

St

m ), (17)

C̃t+1
m = Ĉt+1

m + FFN(Ĉt+1
m ), (18)

Ht
m = F

St

m ⊗ (C̃t+1
m )T ⊙ F

St

m , (19)

where ⊗ denotes the matrix multiplication.
Unlike previous methods that rely on spatial alignment,

our DAM generates spatiotemporal alignment cues through
deformable sampling and temporal propagation. It preserves
modality-specific spatial characteristics while enhancing
complementary information. In addition, by leveraging
modality-specific offsets and cross-modal cross-attention,
our DAM addresses spatial misalignment caused by modal-
ity discrepancies without explicit supervision.

Experiments
Implementation Details
We implement CADTrack based on the PyTorch toolbox and
train it on 4 NVIDIA V100 GPUs, with a global batch size
of 32. The framework adopts a ViT-B backbone initialized
from SOT (Ye et al. 2022) and DropTrack (Wu et al. 2023).
Training employs the AdamW optimizer (Loshchilov and
Hutter 2019) with a learning rate 10−4 and a weight decay
10−4. Our MFI is deployed at the 4-th, 7-th, and 10-th layers
of ViT-B, employing channel compression with 8. We select
6 experts per modality. NK = 1 and v = 5 to balance defor-
mation adaptability and localization precision. Template im-
ages and search regions utilize fixed resolutions of 128×128
and 256×256, respectively. For training, we use the training
set of LasHeR (Li et al. 2021). On VTUAV (Zhang et al.
2022), we instead train exclusively on its training set.

Comparison with State-of-the-Art Trackers
We evaluate CADTrack on GTOT (Li et al. 2016),
RGBT210 (Li et al. 2017), RGBT234 (Li et al. 2019a),
LasHeR and VTUAV benchmarks using Precision Rate (PR)
and Success Rate (SR), with additional Normalized Preci-
sion Rate (NPR) for LasHeR. Notably, ground truth annota-
tions are misaligned in GTOT, RGBT234 and VTUAV. Fol-
lowing previous evaluation practices (Hu et al. 2025b; Shao
et al. 2025) , we employ Maximum Precision Rate (MPR)
and Maximum Success Rate (MSR) on these benchmarks.

GTOT. As shown in Tab. 1, our method shows outstand-
ing performance with 95.8% MPR and 78.3% MSR. It out-
performs CAFormer (Xiao et al. 2025) by a margin of +4.0%
MPR and shows improved robustness than the early-fusion
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Method VTUAV-ST VTUAV-LT
MPR ↑ MSR ↑ MPR ↑ MSR ↑

DAFNet (Gao et al. 2019) 62.0 45.8 25.3 18.8
mfDiMP (Zhang et al. 2019) 67.3 55.4 31.5 27.2
HMFT (Zhang et al. 2022) 75.8 62.7 41.4 35.5

HMFT LT (Zhang et al. 2022) - - 53.6 46.1
QAT (Liu et al. 2023a) 80.1 66.7 - -
CKD (Lu et al. 2024) 90.2 77.8 - -

AINet (Lu et al. 2025b) 87.1 74.5 - -
CAFormer (Xiao et al. 2025) 88.6 76.2 - -
MambaVT (Lai et al. 2025) 88.6 75.7 - -

CADTrack(Ours) 90.4 78.2 61.3 53.7

Table 2: Performance on VTUAV benchmark.

method TPF (Lu et al. 2025a) with a margin of +2.0% MSR.
RGBT210. As shown in Tab. 1, our method achieves

91.2% PR and 65.4% SR. Specifically, it outperforms
TATrack (Wang et al. 2024) by 5.9% in PR through cross-
modal feature interaction, while surpassing STMT (Sun
et al. 2024) by 5.9% in SR, validating the effectiveness of
our method in handling modality-specific challenges.

RGBT234. As shown in Tab. 1, our method achieves lead-
ing performance, surpassing recent trackers: +5.4% MPR
over XTrack (Tan et al. 2025b) and +5.2% MSR over SD-
STrack (Hou et al. 2024). These results demonstrate that our
method has an outstanding cross-modal feature representa-
tion capability, particularly in handling challenging scenar-
ios with modality discrepancies.

LasHeR. As shown in Tab. 1, our method delivers state-
of-the-art performance with PR 77.7% and SR 61.3%.
These results demonstrate notable improvements: +7.0% PR
over GMMT (Tang et al. 2024), and +7.7% SR over Un-
Track (Wu et al. 2024). Fig. 6 further reveals the attribute-
specific dominance, with significant improvements in mo-
tion blur (MB) and deformation (DEF). Notably, substantial
gains in thermal crossover (TC) and low illumination (LI)
highlight the robustness under challenging conditions.

VTUAV. As shown in Tab. 2, on the short-term (ST)
subset, our method achieves 78.2% MSR, outperforming
AINet (Lu et al. 2025b) by +3.7%. On the long-term (LT)
subset, it attains 61.3% MPR, surpassing HMFT LT (Zhang
et al. 2022) by +7.7%. These results highlight a balanced
accuracy-efficiency across both ST and LT scenarios.

Ablation Studies
In this subsection, we conduct ablation experiments to assess
the effect of different components.

Method Pretraining PR↑ NPR↑ SR↑
Baseline SOT 67.9 64.4 54.5

+ Template update SOT 69.1 65.6 55.6
+ DAM SOT 72.7 69.3 58.3
+ MFI SOT 74.1 70.4 59.2

+ CAM SOT 75.8 71.9 60.2
Full model DropMAE 77.7 73.3 61.3

Table 3: Ablation study of key components on LasHeR.

Module PR↑ NPR↑ SR↑ Params↓ FLOPs↓ FPS↑
TBSI 74.5 70.9 59.7 229.2M 108.8G 29
BAT 75.9 72.1 60.4 130.1M 77.4G 39
BSI 76.9 72.6 60.8 133.1M 79.8G 35
MFI 77.7 73.3 61.3 130.0M 77.3G 40

Table 4: Comparison of interaction mechanisms on LasHeR.

4 7 10 PR↑ NPR↑ SR↑
✓ 75.2 71.4 59.8
✓ ✓ 75.9 71.7 60.3
✓ ✓ ✓ 77.7 73.3 61.3

Table 5: Impact of interaction positions on LasHeR.

Component Analysis. As shown in Tab. 3, the baseline
(ViT-B+convolutional fusion) achieves 67.9% PR, reveal-
ing fundamental limitations. Template update mechanisms
address temporal drift by refreshing target representations,
yielding a +1.2% PR. Our DAM resolves spatial misalign-
ment through deformable sampling, delivering the gain of
+3.6% PR. Our MFI enables an efficient modality interac-
tion, resulting in +1.4% PR. Finally, our CAM dynamically
activates backbone layers through sparse gating, achieving
75.8% PR. The use of pre-trained DropTrack provides addi-
tional gains, showing the generalization of our method.

Interaction Mechanism Analysis. We further validate
the efficacy of MFI against other paradigms: (1) template-
bridged search region interaction (TBSI) (Hui et al. 2023);
(2) bi-directional adapter (BAT) (Cao et al. 2024); (3) back-
ground suppression interactive (BSI) (Hu et al. 2025a).
As shown in Tab. 4, our MFI achieves an efficiency-
performance balance, outperforming TBSI by +3.2% PR
with 29% lower FLOPs and 38% higher FPS. This advan-
tage stems from our linear-complexity feature interaction.

Effect of Interaction Positions. As shown in Tab. 5, the
interactions of Layers 4, 7, and 10 achieves the best per-
formance with 77.7% PR, demonstrating that early interac-
tions capture spatial patterns while deeper interactions incor-
porate semantic abstractions. Our cross-layer design yields
complementary advantages.

Effect of Mamba Layers in MFI. As shown in Tab. 6, the
2-layer configuration achieves optimal results with 77.7%
PR. In contrast, the 1-layer variant shows a significant drop
in PR by 2.3%. The 3-layer variant exhibits a minor decline
in PR by 0.6%. This slight degradation suggests that the ex-
cessive model complexity may lead to over-fitting.

Effect of State Dimensions in MFI. The state dimen-
sion in SSM plays a key role in modeling long-range de-
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Layer PR↑ NPR↑ SR↑
1 75.4 71.4 60.1
2 77.7 73.3 61.3
3 77.1 72.6 61.0

Table 6: Effect of Mamba layers on LasHeR.

Selection Strategy PR↑ NPR↑ SR↑
Top-k (k = 4) 75.5 71.4 59.9
Top-k (k = 6) 77.7 73.3 61.3
Top-k (k = 8) 74.3 70.2 58.9
Fixed interval 75.8 71.6 59.9

Manual selection 75.3 71.2 59.6

Table 7: Expert selection strategies of CAM on LasHeR.

NK PR↑ NPR↑ SR↑ ∆FLOPs
1 77.7 73.3 61.3 −
2 75.6 71.3 59.9 +0.3%
4 76.9 72.6 60.8 +0.8%

Table 8: Impact of cue quantity on LasHeR.

pendencies. As shown in Fig. 7, the 16-dimensional con-
figuration achieves the best performance with 77.7% PR.
Smaller dimensions exhibit a reduced representational abil-
ity due to insufficient context encoding. Larger dimensions
perform worse despite more parameters. These findings in-
dicate that large state dimensions introduce redundancy,
while insufficient dimensions limit context modeling. The
16-dimensional state balances expressiveness and computa-
tional efficiency, capturing essential spatiotemporal depen-
dencies for cross-modal feature interaction.

Effect of Expert Numbers in CAM. As shown in Tab. 7,
our method achieves optimal performance of 77.7% PR by
selecting 6 experts. It achieves higher performance than the
one with k = 4, while avoiding the increased noise ob-
served at k = 8 which yields 74.3% PR. Compared meth-
ods show clear limitations: fixed-interval selection (every 2
layers) yields 75.8% PR due to the lack of adaptability in
dynamic scenes, while the manual selection (1,3,6,9,12) ob-
tains 75.3% PR due to the suboptimal spatial-semantic bal-
ance. Our method enables dynamic prioritization: shallow
layers are activated for deformation scenarios, while deep
layers focus on occlusion robustness. By leveraging this
layer-specific activation, the model addresses diverse track-
ing challenges with improved efficiency and accuracy.

Effect of Cue Quantity in DAM. As evidenced in Tab. 8,
the quantity of spatiotemporal alignment cues influences
tracking precision. The optimal performance is achieved at
NK = 1 with 77.7% PR, significantly outperforming multi-
cue configurations. The performance difference arises from
two key factors: (1) excessive cues introduce conflicting sig-
nals due to over-parameterization, and (2) single-cue pro-
cessing relies on temporal consistency to simplify state rep-
resentations. Additionally, the configuration of NK = 1 re-
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Figure 7: Comparison with different hyper-parameters.

(a) Search Region (b) Baseline (c) w/ MFI (d) w/ CAM (e) w/ DAM

Figure 8: Attention evolution for RGB (top) and T (bottom).

duces the computational overhead of multi-cue variants.
Effect of the Offset Factor in DAM. The offset factor v

determines the deformation range. As shown in Fig. 7, v = 5
achieves the best performance with 77.7% PR. Smaller val-
ues reduce the representation ability due to limited deforma-
tion ranges. In contrast, larger values introduce instability
during rapid motion. These results highlight that large defor-
mation ranges create inconsistent movement, while insuffi-
cient ranges limit adaptability. The configuration of v = 5
maintains tracking stability under motion variations.

Visualization Analysis
Fig. 8 illustrates the evolution of attention maps. The base-
line model exhibits inconsistent attention, leading to wrong
target localization. Our MFI aligns cross-modal features, en-
abling correct target localization. Our CAM focuses on key
features, while DAM eliminates noise for robust tracking.

Conclusion
In this work, we propose a novel feature learning frame-
work named CADTrack for RGBT tracking. For modality
interaction, we introduce Mamba-based Feature Interaction
(MFI), which achieves linear-complexity feature interaction
while preserving contextual coherence. To enhance feature
robustness, we propose the Contextual Aggregation Mod-
ule (CAM), dynamically activating backbone layers through
sparse gating and leveraging complementary information
from cross-layer features. Furthermore, we propose the De-
formable Alignment Module (DAM), resolving modality-
specific misalignment via deformable sampling and tempo-
ral propagation. Extensive experiments on five benchmarks
validate the effectiveness of our method.
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