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Abstract

Most existing multi-modal trackers adopt uniform fusion
strategies, overlooking the inherent differences between
modalities. Moreover, they propagate temporal information
through mixed tokens, leading to entangled and less dis-
criminative temporal representations. To address these limita-
tions, we propose MDTrack, a novel framework for modality-
aware fusion and decoupled temporal propagation in multi-
modal object tracking. Specifically, for modality-aware fu-
sion, we allocate dedicated experts to each modality (In-
frared, Event, Depth, and RGB) to process their respective
representations. The gating mechanism within the Mixture of
Experts (MoE) then dynamically selects the optimal experts
based on the input features, enabling adaptive and modality-
specific fusion. For decoupled temporal propagation, we in-
troduce two separate State Space Model (SSM) structures to
independently store and update the hidden states h of the
RGB and X-modal streams, effectively capturing their dis-
tinct temporal information. To ensure synergy between the
two temporal representations, we incorporate a set of cross-
attentions between the input features of the two SSMs, facil-
itating implicit information exchange. The resulting tempo-
rally enriched features are then integrated into the backbone
via another set of cross-attention, enhancing MDTrack’s abil-
ity to leverage temporal information. Extensive experiments
demonstrate the effectiveness of our proposed method. Both
MDTrack-S (Modality-Specific Training) and MDTrack-U
(Unified-Modality Training) achieve state-of-the-art perfor-
mance across five multi-modal tracking benchmarks.

Introduction

Visual object tracking (VOT) is a fundamental task in com-
puter vision that aims to continuously localize an object in
a video based on its initial position and has been widely
used in autonomous driving, robotics, surveillance, and aug-
mented reality. While recent RGB-based trackers (Danell-
jan et al. 2019; Bhat et al. 2019; Yan et al. 2021a; Wang
et al. 2024; Chen et al. 2021; Wang et al. 2021) have
achieved impressive accuracy under normal conditions, they
still struggle in challenging scenarios such as low illumi-
nation, motion blur, occlusion, and textureless backgrounds
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Figure 1: Overview of multi-modal tracking frameworks (a)
and (b), with performance comparison (c) from left to right:
STTrack, SUTrack, MDTrack-S, and MDTrack-U.

where appearance cues are unreliable. To address these lim-
itations, multi-modal tracking has emerged as a promising
paradigm by incorporating complementary sensor modali-
ties such as infrared (IR), event, and depth data alongside
RGB inputs (Hui et al. 2023; Cao et al. 2024; Hou et al.
2024; Wu et al. 2024). For instance, IR effectively captures
thermal signatures under poor lighting, event cameras de-
tect rapid motion changes with high temporal resolution,
and depth sensors provide geometric structure invariant to
appearance variations. Consequently, multi-modal tracking
offers a powerful solution to overcoming the inherent weak-
nesses of RGB-based methods and achieving reliable perfor-
mance across diverse real-world environments.

Despite these advances, existing state-of-the-art multi-
modal trackers (Hu et al. 2025; Chen et al. 2025), as illus-



trated in Fig. 1(a), predominantly adopt a uniform fusion
strategy that overlooks modality-specific differences. They
use the same fusion module to integrate RGB+infrared (IR),
RGB+event, or RGB+depth data, ignoring their distinct sig-
nal characteristics, noise patterns, and semantic properties.
Under unified-modality training, this “one-size-fits-all” ap-
proach limits fusion adaptability and hinders the effective
exploitation of each modality’s distinct strengths, ultimately
resulting in suboptimal tracking performance.

Moreover, for temporal modeling, these trackers typically
propagate temporal features through mixed tokens, follow-
ing the paradigm of RGB-only trackers (Zheng et al. 2024;
Wang et al. 2024). However, this entangles heterogeneous
temporal dynamics, as RGB streams encode appearance and
texture changes while X-modal streams (IR, event, depth)
capture thermal stability, polarity events, or geometric con-
sistency. Mixing these distinct temporal cues within a sin-
gle propagation path causes mutual interference and con-
founded representations, ultimately impeding robust track-
ing under challenging scene variations.

To address the limitations of existing multi-modal track-
ers, we propose MDTrack, which integrates modality-aware
fusion with decoupled temporal propagation, as illustrated in
Fig. 1(b). This design fully exploits the unique characteris-
tics of each modality while preserving their distinct temporal
dynamics, enabling robust multi-modal object tracking.

Specifically, MDTrack adopts a Mixture of Experts
(MoE) (Shazeer et al. 2017; Fedus, Zoph, and Shazeer
2022) framework for modality-aware fusion, where dedi-
cated experts are assigned to IR, Event, Depth, and RGB
modalities. A gating mechanism dynamically selects appro-
priate experts based on input features, enabling effective
modality-specific fusion. For decoupled temporal propaga-
tion, MDTrack employs two independent State Space Mod-
els (SSMs) (Gu and Dao 2023) to maintain and update the
hidden states of the RGB and X-modal streams separately,
thereby modeling their distinct temporal dynamics without
interference. In addition, cross-attention is applied to the in-
put features to facilitate implicit inter-stream information
exchange. Together, these designs enhance inter-modal col-
laboration and temporal modeling, resulting in accurate and
robust multi-modal tracking performance.

Performance comparisons on three multi-modal track-
ing tasks, as shown in Fig. 1(c), demonstrate that MD-
Track significantly outperforms previous methods such as
STTrack (Hu et al. 2025) and SUTrack (Chen et al. 2025).

The main contributions of this work are summarized as
follows:

* We propose MDTrack, a novel multi-modal tracking
paradigm that combines modality-aware fusion with de-
coupled temporal propagation to improve tracking ro-
bustness across diverse scenarios.

We develop a modality-aware fusion based on an MoE,
which dynamically selects dedicated experts for each
modality to achieve effective cross-modal integration.

We design a decoupled temporal propagation scheme that
employs two independent SSMs for RGB and X-modal
streams, allowing separate temporal dynamics modeling,
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while leveraging bidirectional cross-attention to achieve
synchronized temporal reasoning and enriched temporal-
contextual features.

Extensive experiments on five mainstream multi-modal
tracking benchmarks demonstrate that both MDTrack-S
(Modality-Specific Training) and MDTrack-U (Unified-
Modality Training) achieve state-of-the-art performance,
validating the effectiveness and robustness of our pro-
posed framework.

Related Work

Multi-Modal Object Tracking. Recent advances in
RGB-based visual tracking (Danelljan et al. 2019; Ye et al.
2022; Yan et al. 2021a; Wang et al. 2024, 2025) have
achieved remarkable performance with deep neural archi-
tectures. However, their robustness degrades in challeng-
ing scenarios such as low illumination, occlusion, and tex-
tureless regions, where appearance cues alone become un-
reliable. To address these limitations, multi-modal track-
ing leverages complementary sensory modalities, includ-
ing infrared, depth and event. TBSI (Hui et al. 2023) en-
hances RGB-T tracking through temporal-bilateral semantic
interactions, while DepthTrack (Yan et al. 2021b) and Pro-
Track (Yang et al. 2022) improve RGB-D tracking by in-
tegrating geometric and visual cues. More recently, unified
multi-modal frameworks have emerged as promising solu-
tions: ViPT (Zhu et al. 2023a) employs prompt-based fu-
sion but underutilizes non-RGB information, whereas SD-
STrack (Hou et al. 2024), BAT (Cao et al. 2024), and
STTrack (Hu et al. 2025) adopt symmetric architectures with
temporal modeling to enhance robustness.

Despite these advances, existing methods predominantly
adopt uniform fusion strategies and mixed-token temporal
propagation, overlooking modality-specific differences and
leading to entangled temporal representations. This high-
lights the need for more flexible and adaptive frameworks
capable of achieving modality-aware fusion while decou-
pling temporal modeling, motivating the design of our pro-
posed MDTrack.

Mixture of Experts. The Mixture of Experts (MoE)
method, introduced by Shazeer et al. (Shazeer et al. 2017),
dynamically selects specialized experts to handle tasks, sig-
nificantly increasing model capacity without adding compu-
tational complexity. MoE’s core advantage is its ability to
assign experts to different sub-tasks, improving efficiency
while maintaining low cost. Lepikhin et al. (Lepikhin et al.
2020) and Fedus et al. (Fedus, Zoph, and Shazeer 2022) ex-
tended MoE to Transformer architectures, enabling larger-
scale pre-trained models. MoE has been widely adopted in
multi-modal learning. Ma et al. (Ma et al. 2018) proposed a
multi-gated MoE method for multi-task learning, assigning
experts to specific tasks. Mustafa et al. (Mustafa et al. 2022)
demonstrated MoE’s potential in vision-language model
training, enhancing cross-modal alignment. These applica-
tions show that MoE excels not only in single-task optimiza-
tion but also in multi-modal fusion tasks. In multi-modal im-
age fusion, Zhu et al. (Zhu et al. 2024b) proposed TC-MoA,
where expert modules serve as adapters to customize tasks
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Figure 2: Overall tracking framework of MDTrack. Template and search region tokens from different modalities are concate-
nated and fed into the backbone. The search region tokens are then decoupled and stored separately for temporal propagation.
Finally, the resulting features are fused by the modality-aware fusion module and passed to the tracking head for prediction.

without additional computational overhead. Building on this
idea, MDTrack adopts an MoE-based fusion in which each
modality is guided by a dedicated expert, enabling dynamic
expert selection to improve fusion quality and tracking per-
formance.

State Space Models. The structured State Space Model
(SSM) family, especially Mamba introduced by Gu et al.
(Gu and Dao 2023) based on S4, has recently drawn at-
tention in vision due to its ability to model long-range
dependencies with linear complexity. Following this, Vi-
sion Mamba (ViM) (Zhu et al. 2024a) used bidirectional
blocks to efficiently adapt SSM to visual data, achieving
strong performance while significantly reducing memory us-
age compared to traditional ViT (Dosovitskiy et al. 2021).
VMamba (Liu et al. 2024) further refined this approach by
incorporating a 2D scanning SSM, enabling spatially aware
sequence modeling with high efficiency. In the single-RGB
tracking domain, previous work MCITrack (Kang et al.
2025) employed Mamba SSMs within a HiViT backbone
to model long-term sequence dependencies, enabling robust
tracking over extended frames. This line of work validates
the strong applicability of SSMs in capturing temporal con-
text for visual tracking. Inspired by these advances, MD-
Track integrates dual SSM modules to decouple and spe-
cialize temporal modeling for RGB and X-modal streams,
benefiting from the temporal efficiency and expressiveness
of Mamba-style dynamics.

Method

In this section, we first present an overview of the overall
architecture of our proposed MDTrack. We then describe
the decoupled temporal propagation module, which inde-
pendently models the temporal dynamics of RGB and X-
modal streams. Next, we introduce the modality-aware fu-
sion strategy based on an MoE, which adaptively integrates
cross-modal features. Finally, we detail the design of the
tracking head.
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Overview

The overall architecture of MDTrack is illustrated in Fig.
2. It comprises four key components: a backbone network
for visual feature extraction, two decoupled temporal mod-
ules (RGB-temporal module and X-temporal module) for
independent temporal propagation of RGB and X-modal
streams, a modality-aware fusion module for modality-
aware feature integration, and a tracking head for final target
prediction.

MDTrack takes two video modalities as input, which
jointly participate in the object tracking decision process.
Specifically, for each modality, input frames are first trans-
formed into template tokens (Zrgg, Zx) and search tokens
(SraB, Sx) through patch embedding and positional encod-
ing. These tokens are then concatenated along the spatial di-
mension and fed into the backbone to extract unified feature
representations.

The backbone consists of N stacked blocks, each paired
with its corresponding temporal module. The temporal mod-
ules interact bidirectionally with the backbone: temporal
features are injected into the backbone to enhance feature
accuracy, while the backbone features are used to update the
hidden states within the temporal modules, capturing dis-
tinct temporal dynamics of each modality.

Subsequently, the extracted features are refined and fused
by the modality-aware fusion module, which identifies the
modality types and adaptively integrates them using dedi-
cated experts. Finally, the fused features are passed into the
tracking head to predict the target location in the current
frame.

Decoupled Temporal Propagation

At each time step ¢, we first process the RGB and X-modal
templates Zggg € RV *3XHXWe and Zx € RVX3XHXW,
as well as the corresponding search regions Srgp €
RNX3XHXWs and Sy € RN*3XH:xWs Each input is di-
vided into patches and transformed into token sequences us-



ing the patch embedding strategy of HiViT, which progres-
sively downsamples the inputs to better preserve spatial in-
formation.

The embedded tokens from both modalities are then con-
catenated along the spatial dimension and fed into the HiViT
backbone, which extracts multi-scale features and models
their contextual relationships through its four-stage architec-
ture. To capture temporal dynamics in a modality-specific
manner, the search tokens of the RGB and X-modal streams
are propagated through their respective temporal modules at
each stage.

Specifically, within each stage, the search tokens from
both modalities first undergo a bidirectional cross-attention
operation to enable implicit feature exchange while main-
taining their modality-specific representations. These up-
dated tokens are then fed into their respective Mamba lay-
ers based on SSMs to encode and update distinct temporal
information for each modality.

The SSM is formulated as a linear dynamical system in-
spired by continuous-time SSMs, defined as:

W = Ah + BS;,

S —chips. '€ {RGB,X}.

(D
where h denotes the hidden state, S; the input, and S,’i the
output, with A, B, C, and D being learnable system parame-
ters. To implement SSM in a deep network, it is discretized
using the zero-order hold method:

A =exp(AA), B=(AA) '(exp(AA)—-1)-AB =~ AB,
(2

where A is the time scale parameter. The discretized SSM
update equations are thus represented as:

ht = An'~' +BS;],

S" _ Chy + D! i € {RGB,X}.

3

Here, h;_1 stores historical hidden states that carry crucial
temporal context, h; is the updated hidden state based on
the current input S’, and S/ integrates temporal information
for downstream tasks. In our framework, modality-specific
SSMs independently update the hidden states hkgy and h,
thereby preserving the unique temporal dynamics of each
modality.

Subsequently, the search tokens carrying temporal infor-
mation interact twice with the backbone features via cross-
attention modules. This bidirectional interaction injects tem-
poral context into the backbone representations to enhance
feature accuracy, while also updating the search tokens with
enriched spatial-semantic information.

At the next time step ¢ + 1, the updated hidden states bl

and hY are propagated as hltggllg and h§(+1 , enabling MDTrack
to efficiently and decoupledly transmit long-term temporal
information across video frames. This decoupled temporal
modeling design ensures that the RGB and X-modal streams
maintain their unique temporal dynamics without interfer-
ence, resulting in more robust multi-modal tracking perfor-
mance.
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Modality-Aware Fusion Module

As illustrated in Fig. 2, the modality-aware fusion mod-
ule consists of a modality expert library {Ercg, Et, Eg, Ep},
which contains modality-specific processing methods, a gat-
ing weight library {Ggrgs, Gt, Gg, Gp} to determine the
contribution of each expert, and guided fusion weights F;.
This module operates in two main stages: modality-specific
expert selection and expert-guided fusion.

In the modality-specific expert selection stage, we first
concatenate the multi-modal features to form a unified rep-
resentation of the RGB and X-modality token pairs, en-
abling cross-modal interactions in subsequent processing.
The router then generates the gating weights G; for each
modality expert based on the joint features. Specifically, the
routing computation is defined as:

G; =Softmax(TopK(Srcex - Wy + N(0,1)
- Softplus(Sraex - Whoise)) ) “4)

where TopK(+) retains only the top K (K = 2) values, set-
ting others to —oo so that their Softmax outputs become
zero. W, and W are learnable parameters.

In the expert-guided fusion stage, each modality expert
E; and its associated routing output G; are used to generate
modality-aware fusion weights:

®)
(6)

where GAP(-) denotes global average pooling, and G; is
the routing value for the corresponding adapter. The re-
sulting modality-customized weights F; € R *Wx1 range
within (0, 1) and serve as an importance assessment for each
modality’s information. We employ a load-balancing loss to
regularize the routing process, thereby encouraging proper
activation of experts.

Finally, these weights refine and fuse the modality fea-
tures via element-wise multiplication and weighted summa-
tion:

FRGB = GAP(Singid(GRGB . ERGB (SRGB)))7
Fx = GAP(Sigmoid(Gx - Ex(Sx))),

S = ArcB(Fre © Srog) + Ax(Fx © Sx), )

where both Aggg and Ax are set to 0.5. This operation
effectively removes redundant information while preserv-
ing complementary features, producing an adaptive and
modality-aware fused representation for tracking.

Head and Loss Function

We adopt a prediction head architecture commonly used
in recent Transformer-based trackers, with necessary adap-
tations for our multi-modal framework. Specifically, our
tracking head comprises three parallel convolutional sub-
networks dedicated to different prediction tasks. The first
branch outputs the classification confidence map Ps €
Rlx%x%, indicating the likelihood of the target at each
spatial location. The second branch predicts the target’s
width and height Py € R2*16* 16, while the third branch



. LasHeR RGBT234 DepthTrack VOT-RGBD2022
Method Publication
Pr (1) AUC (1) |MPR (1) MSR (1)|Pr (1) Re (1) F-score (1) |EAO (1) Acc. (1) Rob. (1)
ViPT (Zhu et al. 2023a) CVPR’23 | 65.1 52.5 83.5 61.7 592 59.6 59.4 72.1 81.5 87.1
SPT (Zhu et al. 2023b) AAATI'23 - - - - 52.7 549 53.8 65.1 79.8 85.1
,%0 Un-Track (Wu et al. 2024) | CVPR’24 | 66.7  53.6 83.7 61.8 | 613 61.0 61.2 72.1 81.5 87.1
‘S | SDSTrack (Hou et al. 2024) | CVPR’24 | 66.5  53.1 84.8 62.5 61.9 609 61.4 72.8 81.2 88.3
E OneTracker (Hong et al. 2024)| CVPR’24 | 67.2  53.8 85.7 64.2 | 60.7 604 60.9 72.7 81.9 87.2
B TBSI (Hui et al. 2023) CVPR’24 | 70.5 56.3 86.4 64.3 - - - - - -
yi'; TATrack (He et al. 2023) AAAT'24 | 70.2  56.1 87.2 64.4 - - - - - -
,E‘ BAT (Cao et al. 2024) AAAT'24 | 70.2  56.3 86.8 64.1 - - - - - -
":-2 GMMT (Tang et al. 2024) AAAI'24 | 70.7  56.6 87.9 64.7 - - - - - -
= STTrack (Hu et al. 2025) AAAT'25 | 76.0  60.3 89.8 66.7 | 633 634 63.2 77.6 82.5 93.7
MDTrack-S Ours 765 614 93.0 70.5 | 67.5 675 67.5 79.7 83.6 94.8
o0 Stark (Yan et al. 2021a) ICCV21 | 41.8 333 67.7 49.6 |39.7 40.6 38.8 44.5 71.4 59.8
:é AiATrack (Gao et al. 2022) | ECCV’22 | 463  36.5 71.1 50.8 | 515 526 50.5 64.1 76.9 83.2
E OSTrack (Ye et al. 2022) ECCV’22 | 53.0 422 75.5 569 |56.9 582 55.7 66.6 80.8 81.4
2| SeqTrack (Chen et al. 2023) | CVPR’23 | 58.2  44.1 80.6 599 [59.0 60.0 58.0 67.9 80.2 84.6
-T.g ViPT (Zhu et al. 2023a) CVPR’23 | 60.8  49.0 - - 56.1 56.2 56.0 - - -
2. Un-Track (Wu et al. 2024) | CVPR’24 | 64.6  51.3 84.2 62.5 61.0 61.0 61.0 71.8 82.0 86.4
E SUTrack (Chen et al. 2025) | AAAI’25 | 74.5 59.9 92.2 69.5 | 65.1 657 64.5 76.5 82.8 91.8
Es;: XTrack (Tan et al. 2025) ICCV’25 | 73.1  58.7 87.8 654 | 654 643 64.8 74.0 82.8 88.9
MDTrack-U Ours 763 61.1 92.6 70.6 | 68.1 67.6 67.9 80.0 83.5 95.1

Table 1: Comparisons with state-of-the-arts on LasHeR, RGBT234, DepthTrack, and VOT-RGBD2022. The best results are
highlighted with bold underlines, and the second-best results are shown in bold fonts.

estimates the bounding box offsets Po € R2% 16 X 16 10 re-
fine localization precision.

During training, we formulate the objective as a
weighted combination of classification, regression, and
load-balancing losses. The classification branch is super-
vised with a focal loss to address class imbalance and em-
phasize hard examples. For the regression branches, we em-
ploy a hybrid loss comprising an ¢; loss for bounding box
parameter regression and a generalized IoU (GIoU) loss to
improve overlap consistency with ground truth. Addition-
ally, a load-balancing 10ss Lyajance 1S introduced to regularize
the routing process and encourage proper expert activation.
Formally, the total loss for a training batch is defined as:

L= Aclsﬁcls + >\11£11 + )\giouﬁgiou + Abalanceﬁbalancea (8)

where Lcls, £11, Lgiou, and Lbalance denote the classifica-
tion, ¢1, GloU, and load-balancing losses, respectively. The
coefficients Acis, Air, Agiou> and Apalance Weight the contribu-
tions of the corresponding objectives during optimization.

Experiments

In this section, we first present the implementation de-
tails of the proposed MDTrack model, including its training
pipeline and inference strategy. We then conduct compre-
hensive comparisons with state-of-the-art methods on vari-
ous multi-modal tracking benchmarks to evaluate its effec-
tiveness. Finally, we perform ablation studies on the key
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components of MDTrack to analyze their contributions to
the overall tracking performance.

Implementation Details

Training. We adopt two training strategies for MDTrack.
The first follows the conventional multi-modal tracking
setup, where the model is trained using only one modality at
a time (i.e., RGB+Depth, RGB+Thermal, or RGB+Event).
The second strategy merges all modality datasets for joint
training, enabling a single model to handle tracking tasks
across all modalities. We initialize parts of our model pa-
rameters using the pretrained weights from the RGB tracker
(Kang et al. 2025). For all training settings, the template size
is set to 112 x 112 and the search region size to 224 x 224.
Training is performed on four NVIDIA RTX 4090 GPUs,
with modality-specific training running for 20 epochs and
mixed-modality training running for 30 epochs. Each epoch
consists of 60,000 sample pairs, with a batch size of 16. The
AdamW optimizer is used with a learning rate of Se-5.

Inference. During inference, the template and search
region sizes remain consistent with those used during
training. Temporal information is incrementally integrated
into the tracking pipeline in a modality-decoupled manner.
MDTrack-S and MDTrack-U achieve inference speed of ap-
proximately 25 frames per second (FPS) when tested on an
NVIDIA RTX 4090 GPU.



‘ Modality-Specific Train

‘ Unified-Modality Train

SeqTrack ViPT Un-Track SUTrack XTrack MDTrack-U

Method
etho [ViPT Un-Track SDSTrack OneTrack STTrack MDTrack-S

Precision (1)| 758 76.3 76.7 767 786

Success (1) | 592 59.7 59.7 608  61.9

82.2
65.3

66.5
50.4

74.0
579

75.5
58.9

79.9
62.7

80.5
63.3

81.3
63.9

Table 2: Precision and Success comparisons between Modality-Specific and Unified-Modality training on the VisEvent dataset.
The best results are highlighted with bold underlines, and the second-best results are shown in bold fonts.

Comparison with State-of-the-Arts

We conducted a comprehensive comparison of MDTrack
against recent state-of-the-art multi-modal trackers across
five benchmark datasets. All experimental results are ob-
tained by running MDTrack once on each dataset, following
the standard evaluation approach for most tracking meth-
ods. As shown in Tab. 1 and Tab. 2, both MDTrack-S (the
Modality-Specific Training variant) and MDTrack-U (the
Unified-Modality Training variant) consistently achieved ei-
ther the best or second-best results on all five datasets. Un-
like Un-Track, which exhibits a noticeable performance gap
between its two training modes, MDTrack-S and MDTrack-
U deliver similarly strong performance, highlighting the ef-
fectiveness of the proposed modality-aware fusion design.

LasHeR. LasHeR is a large-scale RGBT tracking bench-
mark with 1,224 RGB-thermal video pairs and over 730K
annotated frames (Li et al. 2021). On LasHeR, both
MDTrack-S and MDTrack-U achieve state-of-the-art perfor-
mance among their respective categories. MDTrack-S ob-
tains 76.5% precision and 61.4% AUC, while MDTrack-
U achieves 76.3% precision and 61.1% AUC, significantly
outperforming all previous methods and setting new bench-
marks in RGBT tracking.

RGBT234. RGBT234 contains 234 spatially aligned
RGB-thermal video pairs with 234K annotated frames un-
der diverse real-world conditions (Li et al. 2019). MDTrack-
S delivers the best performance with an MPR of 93.0%
and MSR of 70.5%, surpassing the previous best method
STTrack by 3.2% and 3.8%, respectively. MDTrack-U also
achieves strong results, reaching 92.6% MPR and 70.6%
MSR, outperforming SUTrack (92.2% / 69.5%) and demon-
strating excellent generalization under unified training.

DepthTrack. DepthTrack is the largest RGB-D track-
ing benchmark, consisting of 200 sequences across 90+ ob-
ject classes and 40+ scenes (Yan et al. 2021b). MDTrack-S
achieves balanced and robust performance with 67.5% pre-
cision, 67.5% recall, and 67.5% F1-score, improving upon
the previous best (STTrack, 63.2% F1) by 4.3%. MDTrack-
U further advances the performance, attaining 68.1% preci-
sion, 67.6% recall, and 67.9% F1-score, thereby setting new
state-of-the-art results across all metrics on this dataset.

VOT-RGBD2022. VOT-RGBD2022 is a short-term
RGB-D tracking benchmark featuring over 140 sequences
and evaluated with EAO, accuracy, and robustness (Kris-
tan et al. 2022). MDTrack-S achieves 79.7% EAO, 83.6%
accuracy, and 94.8% robustness, ranking second among all
methods. In contrast, MDTrack-U attains the highest EAO
score of 80.0%, with 83.5% accuracy and 95.1% robustness,

10070

surpassing all existing trackers and demonstrating superior
performance under unified training.

VisEvent. VisEvent is the first large-scale benchmark for
RGB-event tracking, with 820 synchronized video pairs and
371K annotated frames (Wang et al. 2023). MDTrack-S
achieves the highest Precision and Success of 82.2% and
65.3%, outperforming the previous best method STTrack
by 3.6% in Precision and 3.4% in Success. Meanwhile,
MDTrack-U obtains competitive performance with 81.3%
Precision and 63.9% Success, ranking second overall and
consistently outperforming other leading methods such as
OneTrack, SUTrack, and Un-Track.

Ablation Studies

We conduct ablation studies on key components of MD-
Track, including the modality-aware fusion module and the
decoupled temporal propagation module.

Module Contribution Analysis. From Tab. 3, adding
the decoupled temporal module improves performance to
60.2% (+1.7%) AUC on LasHeR, 67.6% (+1.8%) F-score
on DepthTrack, and 63.3% (+1.1%) Success rate on VisEv-
ent, achieving a mean gain of +1.5%. This demonstrates
that decoupling temporal modeling effectively enhances tar-
get representation across diverse modalities. Incorporating
the modality-aware fusion module achieves 59.6% (+1.1%)
AUC on LasHeR, 66.3% (+0.5%) F-score on DepthTrack,
and 62.8% (+0.6%) Success rate on VisEvent, with an av-
erage improvement of +0.7%. This validates the advan-
tage of expert-based adaptive fusion in leveraging comple-
mentary cross-modal cues. Finally, combining the decou-
pled temporal module and modality-aware fusion module
achieves the best results, reaching 61.1% (+2.6%) AUC on
LasHeR, 67.9% (+2.1%) F-score on DepthTrack, and 63.9%
(+1.7%) Success rate on VisEvent, leading to a mean gain of
+2.1%. These results confirm that temporal decoupling and
modality-aware fusion are complementary, jointly contribut-
ing to robust multi-modal tracking performance.

Temporal Propagation Analysis. We investigate three
designs for temporal information propagation in MDTrack.
As shown in Tab. 3, using the Token-based Temporal Mod-
ule, which concatenates historical template and search re-
gion tokens at the beginning of the video and propagates
them directly across frames, yields only marginal improve-
ments (e.g., +0.5% on average). This limited gain is mainly
due to the entanglement of temporal information between
RGB and X modalities, leading to feature interference. Sim-
ilarly, introducing the Temporal Module based on a sin-
gle SSM (Gu and Dao 2023) for mixed temporal propaga-



Configuration ‘ LasHeR DepthTrack VisEvent Mean

Baseline 58.5 65.8 62.2 62.2

+ Token-based Temporal Module 59.4 (+0.9) 66.3 (+0.5) 62.3 (+0.1) 62.7 (+0.5)
+ Temporal Module 59.3 (+0.8) 66.6 (+0.8) 62.6 (+0.4) 62.8 (+0.6)
+ Decoupled Temporal Module 60.2 (+1.7) 67.6 (+1.8) 63.3 (+1.1) 63.7 (+1.5)
+ Fusion Module 58.8 (+0.3) 65.9 (+0.1) 62.4 (+0.2) 62.4 (+0.2)
+ Modality-Aware Fusion Module 59.6 (+1.1) 66.3 (+0.5) 62.8 (+0.6) 62.9 (+0.7)
+ Decoupled Temporal Module & Modality-Aware Fusion Module 61.1 (+2.6) 67.9 (+2.1) 63.9 (+1.7) 64.3 (+2.1)

Table 3: Ablation study of MDTrack on the LasHeR, DepthTrack, and VisEvent datasets. Each row illustrates a different module

added to the baseline.

tion brings slightly higher improvements (+0.6% on aver-
age). However, the mixed design still cannot fully disentan-
gle modality-specific temporal cues. In contrast, the decou-
pled temporal module, which employs separate SSMs for
RGB and X modalities along with implicit cross-attention
between them, achieves the most significant performance
boost (+1.5% on average). This demonstrates that decou-
pling modality-specific temporal representations while en-
abling their interaction effectively enhances temporal mod-
eling and overall tracking accuracy.

Modality-aware Fusion Analysis. We evaluate two fu-
sion designs in MDTrack. As shown in Tab. 3, employing
the Fusion Module, which directly combines RGB and X
modality features after processing them with a unified ex-
pert structure, brings only limited improvements (+0.2% on
average). This is because treating all modalities uniformly
without considering their modality-specific differences leads
to suboptimal fusion, as modality-specific cues may inter-
fere with each other. In contrast, the modality-aware fusion
Module leverages an MoE mechanism to adaptively select
different experts and guidance strategies based on the spe-
cific modality task. This design yields a higher performance
gain (+0.7% on average), demonstrating that adaptive ex-
pert selection effectively captures complementary informa-
tion across modalities while suppressing irrelevant features.
Overall, modality-aware fusion significantly enhances the
robustness and generalization ability of our tracker in di-
verse multimodal scenarios.

Visual Comparison. As shown in Fig. 3, in the RGBT
tracking scenario with numerous similar objects, MDTrack-
S and MDTrack-U achieve stable tracking by effectively uti-
lizing decoupled temporal propagation and modality-aware
adaptive fusion, enabling them to accurately distinguish tar-
gets from distractors by leveraging both temporal cues and
infrared information. In the RGBD tracking scenario, where
the cup is partially occluded, MDTrack-S and MDTrack-U
robustly localize the target by integrating depth informa-
tion through their modality-specific experts while preserv-
ing temporal consistency via the decoupled temporal mod-
ule. In the RGBE tracking scenario, characterized by fast-
moving basketball players under dim lighting, MDTrack-S
and MDTrack-U maintain accurate tracking by exploiting
the high temporal resolution of event data alongside robust
temporal modeling. These results demonstrate that the pro-
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Figure 3: Visual comparisons of MDTrack-S and MDTrack-
U with other multimodal trackers on the LasHeR, Depth-
Track, and VisEvent datasets.

posed decoupled temporal modeling and modality-aware fu-
sion effectively improve tracking robustness and accuracy.

Conclusion

We present MDTrack, a novel multi-modal tracking frame-
work that effectively addresses the challenges of modal-
ity heterogeneity and temporal entanglement. By integrat-
ing a modality-aware fusion mechanism based on an MoE
with decoupled temporal propagation through dual struc-
tured SSMs, MDTrack captures modality-specific features
and temporal dynamics while enabling their synergistic in-
teraction. Extensive evaluations on five diverse benchmarks
demonstrate that both modality-specific and unified training
paradigms achieve state-of-the-art performance, underscor-
ing the robustness and generalizability of our approach. MD-
Track provides an effective approach for multi-modal track-
ing and offers valuable insights for future research on robust
visual understanding using heterogeneous sensor data.
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