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Abstract

Multimodal visual object tracking can be divided
into to several kinds of tasks (e.g. RGB and
RGB+X tracking), based on the input modality.
Existing methods often train separate models for
each modality or rely on pretrained models to
adapt to new modalities, which limits efficiency,
scalability, and usability. Thus, we introduce
OneTrackerV2, a unified multi-modal tracking
framework that enables end-to-end training for
any modality. We propose Meta Merger to em-
bed multi-modal information into a unified space,
allowing flexible modality fusion and robustness.
We further introduce Dual Mixture-of-Experts
(DMOoE): T-MoE models spatio-temporal rela-
tions for tracking, while M-MoE embeds multi-
modal knowledge, disentangling cross-modal de-
pendencies and reducing feature conflicts. With a
shared architecture, unified parameters, and a sin-
gle end-to-end training, OneTrackerV2 achieves
state-of-the-art performance across five RGB and
RGB+X tracking tasks and 12 benchmarks, while
maintaining high inference efficiency. Notably,
even after model compression, OneTrackerV2
retains strong performance. Moreover, OneTrack-
erV2 demonstrates remarkable robustness under
modality-missing scenarios.

1. Introduction

Visual object tracking (Zhou et al., 2023a;b; Bertinetto et al.,
2016; Chen et al., 2020; Li et al., 2019a; Wu et al., 2013; Ye
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Figure 1. Comparison of our OneTracker V2 and previous mod-
els. (a) Separated trackers: task-specific architectures trained
independently for each task. (b) Fine-tuned trackers: represented
by OneTracker (Hong et al., 2024b), which adapts pretrained RGB
trackers to downstream RGB+X tasks through fine-tuning. (c) One-
TrackerV2 (Ours): a unified architecture with shared parameters,
trained once to handle multiple multimodal tracking tasks.

et al., 2022; Chen et al., 2021) aims to localize target object
in each subsequent frame of a video based on its appearance
in the first frame. Depending on input modalities, visual
object tracking can be categorized into several types (Hong
et al., 2024b), such as RGB tracking (where only RGB im-
ages are available) (Chen et al., 2023b;a; Wei et al., 2023;
Bai et al., 2024; Zhou et al., 2025a) and RGB+X track-
ing (where additional modalities are incorporated alongside
RGB images), which can be further divided into RGB+D
(Depth) tracking (Yan et al., 2021b; Kristan et al., 2022),
RGB+T (Thermal) tracking (Li et al., 2021; 2019b), RGB+E
(Event) tracking (Wang et al., 2023), and RGB+N (Lan-
guage) tracking (Li et al., 2017; Fan et al., 2019).

As illustrated in Figure 1, existing multimodal trackers can
be categorized into three categories: (a) separated track-
ers, which design and train task-specific architectures for
each modality; (b) adaptation-based trackers such as One-
Tracker (Hong et al., 2024b), which fine-tune pretrained
RGB trackers for downstream multimodal tasks; and (c) pre-
liminary unified trackers like SUTrack (Chen et al., 2025),
which attempt to handle multiple modalities within a sin-
gle model. Despite their success, these approaches suffer
from several limitations. (1) Multi-step training, where
transferring pretrained models leads to suboptimal conver-
gence(Zhu et al., 2023; Hong et al., 2024b; Hou et al., 2024);
(2) Lack of a unified architecture, requiring handcrafted,
task-specific designs; (3) Un-unified Parameters, where
even shared architectures (Hong et al., 2024b) rely on task-
dependent weights; (4) Vulnerability to missing modali-
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ties, caused by heavy reliance on fixed input configurations,
and (5) Feature Conflict, where heterogeneous informa-
tion is entangled. Simply concatenating multimodal to-
kens forces the model to learn spatio-temporal motion and
modality-specific patterns simultaneously within a shared
space, leading to optimization interference and reduced dis-
criminability (Chen et al., 2025).

To address these issues, we introduce a unified training
paradigm that enables a single tracker to handle diverse
modalities in a scalable and robust manner. Instead of de-
signing separate architectures or relying on multi-stage fine-
tuning, our approach emphasizes training from the ground
up with a shared backbone, consistent parameterization, and
modality-robust fusion. A key component of this frame-
work is Meta Merger, which embeds all modalities into
a joint representation space and facilitates flexible, learn-
able interactions between RGB and auxiliary modalities.
Unlike prior methods that either double computation with
separate branches or apply naive concatenation (Chen et al.,
2025), our unified design achieves: (1) Comprehensive
cross-modal interaction, where the meta embedding cap-
tures global context across modalities; (2) Robustness to
missing modalities, by dynamically adapting to incomplete
inputs; and (3) Parameter efficiency, as a single set of
parameters that can generalize across all tasks.

After obtaining the integrated meta embeddings, we feed
them into a vision transformer for relation modeling. To
enhance its representational capacity and resolve the afore-
mentioned feature conflicts, we introduce Dual Mixture-of-
Experts (DMoE). Specifically, the T-MoE is dedicated to
capturing complex and diverse spatio-temporal matching
patterns, while the M-MoE focuses on multimodal knowl-
edge fusion. Unlike generic MoE designs, we employ an
orthogonality-driven decoupling loss and a router cluster-
ing loss to force these experts into distinct functional sub-
spaces. This formulation provides two critical advantages:
(1) Explicit Feature Decoupling: By separating temporal
matching from multimodal fusion, the model avoids optimiz-
ing heterogeneous and often conflicting objectives within a
shared parameter space, significantly reducing interference.
(2) Sparsely Activated Efficiency: The DMoE structure
allows for substantial capacity expansion to handle diverse
tracking scenarios while maintaining near-constant infer-
ence computation, ensuring that OneTrackerV2 remains
competitive in both accuracy and speed.

Extensive experiments validate the effectiveness of our One-
TrackerV2. On RGB tracking benchmarks, previous RGB-
only trackers can only perform RGB tracking; by contrast,
OneTrackerV2 can handle multimodal tracking and yet still
outperforms those RGB-only baselines on RGB tracking
tasks. For RGB+X tracking benchmarks, previous methods
typically require task-specific architectures or a two-stage

fine-tuning pipeline, while OneTrackerV2 surpasses these
approaches, only requiring a single step training and a uni-
fied architecture with shared parameters. Further analyses
on robustness and model compression demonstrate that One-
TrackerV2 maintains high accuracy under missing modal-
ities and compressed settings, highlighting its scalability,
robustness, and efficiency.

In summary, the contributions can be summarized as follows:
(1) We introduce OneTrackerV2, a unified framework that
supports diverse multimodal tracking tasks through one-step
training with a shared architecture and parameters, enabling
scalability, robustness, and generalization across modalities.
(2) We propose Meta Merger module to aggregate RGB and
multimodal features into a unified space, enabling efficient
and effective cross-modal interaction while maintaining ro-
bustness under missing-modality conditions. (3) We pro-
pose DMoE, which decouples spatio-temporal relation mod-
eling from multimodal feature embedding, which expands
representational space and improves performance with neg-
ligible computational overhead. (4) Extensive experiments
demonstrate that OneTrackerV2 achieves state-of-the-art
performance across 5 tracking tasks and 12 benchmarks.
Moreover, OneTrackerV2 maintains high efficiency and
exhibits strong robustness under model compression and
modality-missing scenarios.

2. Related Works

RGB Tracking. Visual object tracking aims to localize the
target object in each video frame based on its initial appear-
ance. In RGB tracking, only RGB images are used as input.
Early approaches (Bertinetto et al., 2016; Bolme et al., 2010;
Chen et al., 2021; Danelljan et al., 2019; Henriques et al.,
2014; Li et al., 2019a; Yan et al., 2021a; Zhang et al., 2020)
adopted a two-stream pipeline, where feature extraction and
relation modeling were performed separately. Recently, one-
stream pipelines (Bai et al., 2024; Chen et al., 2022; 2023b;
Cui et al., 2022; 2023; Gao et al., 2023; Ye et al., 2022;
Zhou et al., 2023a; 2024; Zheng et al., 2024; Liang et al.,
2025; Hong et al., 2024b; Zhou et al., 2025b; Chen et al.,
2023a) have become dominant, integrating these two stages
into a unified process. These models are built upon Vision
Transformers with stacked encoder layers. However, these
approaches remain restricted to RGB-only inputs. In con-
trast, our OneTrackerV2 can process diverse multimodal
inputs without relying on task-specific architectures.

RGB+X Tracking. In certain scenarios, relying solely on
RGB images can be limiting. Thus, RGB+X tracking tasks
are introduced, where additional modalities are incorporated
to complement the weaknesses of RGB-based tracking. De-
pending on the input modality, RGB+X tracking can be
categorized into four types: RGB+D (Depth) (Yan et al.,
2021b; Kristan et al., 2022), RGB+T (Thermal) (Li et al.,
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Figure 2. Architecture of OneTrackerV2. OneTrackerV2 em-
ploys a Meta Merger to project diverse modalities into a shared
embedding space. DMoE models spatio-temporal relations while
decoupling multimodal dependencies.

2021; 2019b), RGB+E (Event) (Wang et al., 2023), and
RGB+N (Language) tracking (Li et al., 2017; Fan et al.,
2019; Wang et al., 2021).

Existing RGB+X tracking methods primarily rely on sep-
arated architectures, where task-specific networks (Yan
et al., 2021b; Li et al., 2021; Wang et al., 2023; 2021;
Su et al., 2026) are designed and trained independently
for each modality combination. While effective, this strat-
egy requires extensive architectural customization and sep-
arate training for every task. To alleviate this, subsequent
works (Zhu et al., 2023; Hong et al., 2024b; Hou et al.,
2024; Guo et al., 2024; Bai et al., 2024; Su et al., 2026)
adapt pretrained RGB trackers to downstream RGB+X tasks
through fine-tuning, enabling cross-modality transfer. How-
ever, these methods depend on multi-stage training and
often suffer from sub-optimal performance. SUTrack (Chen
et al., 2025) attempts to handle multiple modalities within
a single model, but it remains vulnerable to performance
degradation under missing-modality scenarios. To address
these limitations, we introduce OneTrackerV2, a unified
multimodal tracking framework that achieves robust perfor-
mance without task-specific designs or multi-stage training
process.

Mixture of Experts. Mixture-of-experts (MoE) increases
model capacity via conditional computation over multiple
specialized experts and has been widely applied in large
language models (Dai et al., 2024; Fedus et al., 2022; Yang
et al., 2025). In visual object tracking, several studies have
explored MoE (Tan et al., 2025; Cai et al., 2025; Tan et al.,
2024; Guo et al., 2024), typically either using MoE to trans-
fer pretrained RGB trackers to RGB+X settings or restrict-
ing training to RGB-only inputs. In contrast, we introduce
Dual Mixture-of-Experts (DMoE) that combines a shared
expert with a T-MoE and a M-MoE, explicitly decoupling
temporal dynamics from multimodal integration. Equipped
with DMoE, OneTrackerV2 operates within a unified archi-
tecture with shared parameters and supports both RGB and
RGB+X tracking with a one-step training.
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Figure 3. (a) Meta Merger. Meta Merger unifies RGB and mul-
timodal input into a shared space. (b) Dual Mixture-of-Experts.
We introduce DMOoE to decouple spatio-temporal relation model-
ing and multimodal feature integration.

3. OneTracker V2
3.1. Overall Architecture

As shown in Figure 2, OneTrackerV2 is a unified framework
that processes template and search regions from diverse
modalities (e.g., RGB, Depth, Thermal) within a single
architecture. To address the challenge of heterogeneous
inputs, we first employ Meta Merger, which maps RGB
and multimodal features into a shared embedding space via
learnable meta embedding, ensuring a consistent representa-
tion before relation modeling. This unified representation is
then fed into a Vision Transformer backbone integrated with
our Dual Mixture-of-Experts (DMoE) module. DMoE em-
ploys two specialized branches—T-MoE for spatio-temporal
matching and M-MoE for multimodal integration—to ex-
plicitly disentangle motion cues from modality-specific fea-
tures. This decoupling effectively mitigates feature con-
flicts that typically arise in naive unified backbones. By
utilizing shared parameters and a one-step training pipeline,
OneTrackerV2 achieves a scalable and robust solution for
multimodal tracking without task-specific branches.

3.2. Meta Merger

A central challenge in multimodal tracking is integrating
heterogeneous modalities into a shared representation while
maintaining robustness to missing data. Unlike task-specific
branches (Hou et al., 2024) that increase complexity, or
naive concatenation (Chen et al., 2025) that leads to feature
entanglement, we introduce the Meta Merger(as shown in
Figure 3(a)), a lightweight yet effective module to unify mul-
timodal information into a shared embedding and support
robust, modality-agnostic interaction.

Specifically, given the RGB frame and X modality frame,
we first utilize a shared patch embedding layer and obtain
corresponding feature maps F.4;, and F). It is worth noting
that for RGB tracking task, we use the same RGB images
to replace the X images. Then, spatial and channel atten-
tions are adopted to enhance both features, which can be
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illustrated as following:

Fin9 = AvgPool(Frgy), Fias® = MaxPool(Flg)
ngftwl = o(Conv(F, ) + Conv(F75")),
ngﬁ”"d = o(Linear(F)}’) + Linear(Fyg;®)),
Figp = Frgp © Wi @ Wi + oy,
ey

where © denotes element-wise multiplication, W,/ atial and

Wehannel act as the spatial and channel attentlon weights
respectively. For F, we also apply the same operations,
which are omitted here. After that, a learnable meta embed-
ding F,ctq 1S introduced as a global mediator to interact
with both RGB and multimodal features:

’
}qneta

= Conv(Conv(Fetq + F;gb)
+ Conv(Freta + F) + Frneta)-

@

Our Meta Merger leverages meta embedding as a central
information hub. The meta embedding interacts with both
RGB and auxiliary features through lightweight convolution
transformations. This interaction allows the meta embed-
ding to absorb, align, and redistribute cross-modal informa-
tion, resulting in a compact and modality-agnostic semantic
representation. Our Meta Merger features several advan-
tages: (1) Unified Modalities Bridge. Meta embedding
serves as a learnable bridge that harmonizes heterogeneous
inputs, ensuring effective multimodal information alignment.
(2) Global Semantic Integration. Meta embedding distills
the most salient cues into a compact, globally consistent
representation that benefits relation modeling downstream.
(3) Robustness to Missing Modalities. Since fusion is
centered on meta embedding rather than direct concatena-
tion, Meta Merger remains stable and effective even when
some modalities are absent, which is unavaible in previous
works (Chen et al., 2025). (4) Lightweight. Compared to
multi-branch designs (Hou et al., 2024) that double computa-
tional costs, our Meta Merger introduces minimal overhead
while enabling scalable multimodal learning.

3.3. Dual Mixture-of-Experts

Structure of DMoE. After fusing multimodal features
via Meta Merger, a Vision Transformer backbone is uti-
lized for relation modeling. We introduce Dual Mixture-
of-Experts (DMoE), which is shown in Figure 3 (b). Dif-
ferent from previous MoE designs (Fedus et al., 2022; Dai
et al., 2024), which typically focus on a single objective,
our DMoE explicitly decouples spatio-temporal relation
modeling and multimodal feature integration within the
same framework. DMOoE consists of three kinds of experts:

shared expert Egpqred, T-MOE (Temporal-MoE), and M-
MoE (Multimodal-MoE). For each token z € R?, DMoE
computes its output as:

0+ ol
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M (x),
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(3)
where S = top—k(g/ (x)) is the selected k experts for T-
k % p

exp(n? ()
MoE. ¢ (z) = S exp(n? (2)

after softmax, 7TZT( -) is origin gating value of T-MoE for

g7 (z)
2jesT g7 (x))

gating weights of top—k experts, and K is the number of ex-
perts. The gating process for M-MOoE is defined analogously
with 7M (), g™ (z), and §M (z). Each expert E itself is
implemented as a simple low-rank projection: inputs are
mapped into a latent dimension r, transformed non-linearly,
and then projected back. This design ensures high capacity
without incurring prohibitive costs.

denotes the gating weights

the i-th expert, g7 (z) = is the renormalized

Expert Decoupling. If optimized jointly, T-MoE and M-
MOoE may collapse into learning overlapping patterns. To
avoid redundancy, we introduce a dissimilarity loss to pe-
nalize cosine similarity between outputs of T-MoE (y”') and
M-MoE (y™):

<yT yM 7
YTy M|

Intuitively, through L4, 5, we explicitly encourages T-MoE
and M-MoE to remain decorrelated and enhance the diver-
sity of learned features.

Lais = (cos(y, y™))* = ( ) @

Multimodal Router Cluster. Although L 4;; promotes di-
versity between T-MoE and M-MOoE, the router of M-MoE
remains disorganized across different modalities, failing
to learn modality-specific expert assignments. To address
this, we propose a router weights clustering regularization
that aligns similar distributions to samples from the same
modality and distinct distributions to samples from differ-
ent modalities. Concretely, we compute similarity scores
between routing logits g™ (x) and encourage: (1) higher
similarity for samples from the same modality; and (2) lower
similarity for samples from different modalities.

Specifically, given the router logits g™ (z;) € R¥ for a sam-
ple x; in a batch of size B, we compute the similarity matrix
among routing distributions as S;; =< g™ (x;), g™ (z;) >.
Then, we construct same-task and different-task masks
based on the task indices. For samples from the same task,
their similarity is encouraged to exceed a margin § above
the random baseline (1/K), while for different tasks their
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similarity should be lower than a margin below (1/K).

1 1
Laame = W Z [max(()? (E + 5) - S’ij)]v
same (i,7) € Maame
Logr =1 O [max(0.8; — (6~ )]
diff — |Mdiﬁ‘| mazx\U, o5i; K

(4,5) € Maisr

&)

where Mgame and My denote the index sets of sample
pairs from the same and different tasks, respectively. The
overall loss is then given by Lejuster = Lsame + Laifs-
This router clustering enforces M-MoE router to pro-
duce consistent expert selections within the same modality
while maintaining discriminative routing across modalities,
thereby promoting both intra-modality coherence and inter-
modality diversity. As a result, the model learns more dis-
criminative and robust multimodal representations.

3.4. Discussion

Why is a single MoE insufficient? Although many previ-
ous works (Tan et al., 2025; Cai et al., 2025) have attempted
to use a single MoE to learn more diverse features, motion
information and modality features are two heterogeneous
types of information. Using a single MoE to learn both
simultaneously can lead to feature entanglement, where mo-
tion cues and domain-specific patterns may compete for the
same expert neurons. As shown in Table 4, D-MoE outper-
forms a single MoE by a significant margin, confirming that
decoupled learning is essential.

How do T-MoE and M-MOoE learn specialized features
from identical inputs? Guiding T-MoE and M-MoE to
capture the corresponding features remains challenging. We
propose the Expert Decoupling mechanism, which enforces
T-MoE and M-MokE to learn distinct representations. By
penalizing the cosine similarity between the outputs of the
two branches, we force them into orthogonal functional
subspaces. Since the tracking task inherently demands
temporal consistency, T-MoE naturally gravitates toward
motion-related features when its “overlap” with M-MoE
is restricted. Since tracking inherently requires model to
focus on motion information, T-MoE can naturally attend to
motion-related features. As shown in Figure 5 and 4, T-MoE
and M-MoE indeed learn different features, and T-MoE’s ex-
pert selection patterns correlate with motion intensity. This
demonstrates that T-MoE effectively captures motion cues.

Why should M-MoE focus on specific modalities? Dif-
ferent auxiliary modalities possess distinct statistical distri-
butions. Router Cluster encourages each experts to capture
high-level modality-shared and modality-specific abstrac-
tions. As shown in Figure 4, M-MoE develops a hierarchical
preference: certain experts respond to RGB features across
all tasks, while others specialize in modality signatures.

Table 1. Details of OneTrackerV2 variants. We present four vari-
ants of OneTrackerV2 with different input resolutions and model
sizes. Meta Merger and DMOE introduce only marginal increases
in parameters and computation. For clarity, the parameters and
FLOPs of the text encoder are omitted here.

Model Search Template  # Params FLOPs Speed
Resolution  Resolution M) G) (FPS)

OneTrackerV2-B224 | 224 x 224 112 x 112 80.2 23.8 724
OneTrackerV2-B384 | 384 x 384 192 x 192 80.2 70.0 42.2
OneTrackerV2-1.224 | 224 x 224 112 x 112 271.1 71.7 46.6
OneTrackerV2-1.384 | 384 x 384 192 x 192 271.1 2279 234

Without Router Cluster, the M-MoE would collapse into
a generic feature extractor, failing to exploit the unique
advantages of auxiliary sensors.

Differences from Prior Works Recent unified trackers
(e.g., SUTrack (Chen et al., 2025)) utilizes naive token con-
catenation to handle multiple modalities, it often suffers
from feature entanglement and performance collapse when
modalities are missing. Our Meta Merger ensure modality
robustness. Moreover, instead of processing all information
in a single entangled stream, our architecture explicitly de-
couples tracking-specific motion cues from sensor-specific
modality features. Comparied with MoE-based models such
as (Tan et al., 2025; Cai et al., 2025) that use experts primar-
ily to increase model capacity or for domain adaptation, our
DMOE is a structural solution to the heterogeneous objec-
tive conflict. By utilizing explicit decoupling and clustering
losses, we ensure that the increased capacity is functionally
partitioned between temporal reasoning and multimodal
fusion, rather than just adding redundant parameters.

3.5. Optimization of OneTrackerV2

Loss Function. Following (Ye et al., 2022; Chen et al.,
2025), we adopt a similar loss formulation to supervise
OneTrackerV2, and the overall objective is defined as:

L= £class + )\G‘CIOU + )\Ll ELl + ACtask + )\dis‘cdis

+ Acluster»ccluster + )\balanceﬁbalancev

(6)

where Lyaiance 18 the balance 1oss, L.jqss and Liqsx 1S the
same as that in (Chen et al., 2025), and Ag, AL, Adis»
Acluster> and Aparance are the hyperparameter with default
values A\g¢ = 2, Az, =5, Aais = 0.1, Acjuster = 1.

Stochastic Modality Perturbation. To enhance robust-
ness and mitigate over-reliance on specific modalities,
we introduce two stochastic training strategies. First,
we apply modality replacement, where RGB and multi-
modal inputs are randomly swapped, encouraging model to
learn modality-invariant representations. Second, inspired
by (Tan et al., 2025), we also perform random modality
masking, where either the RGB or multimodal input is
randomly masked. Together, these strategies expose Meta
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Table 2. Comparison with state-of-the-art trackers. OneTrackerV2 outperforms existing methods across 5 tasks and 12 benchmarks
with a single training process, unified architecture, and shared parameters. We also compare whether each method supports multimodal
inputs (MultiModal), employs a unified parameter (Unified Param), and is trained with a single step (Onestep Training).

RGB Track

Method Multi | LaSOT | LaSOT..; | TrackingNet | GOT-10k | UAVI23 | NFS

Modal | AUC PNorm P [ AUC Pyoym P | AUC Pnoym P | AO SRos SRp7s | AUC | AUC
OneTrackerV2-B224 v 74.1 836 810|532 643 608|863 906 862 | 784 878  79.6 708 | 705
OneTrackerV2-B384 v 754 854 838 | 541 651 613|872 9L1 876 | 796 894 813 711 | 709
OneTrackerV2-1.224 v 74.9 850 831 | 548 658 622 | 875 916 83 | 805 902 827 708 | 70.6
OneTrackerV2-1384 v 76.1 860 844 | 552 661 629 | 8.6 925 89.0 | 813 918 839 710 | 708
SUTrack-B224 (Chen et al., 2025) v 732 834 805|531 642 605|857 903 851 | 779 875 785 709 | 69.8
SUTrack-B384 (Chen et al., 2025) v 744 839 819|529 636 60.1| 8.5 907 868 | 793 8.0  80.0 704 | 693
SUTrack-L224 (Chen et al., 2025) v 735 833 809 | 540 653 617|865 909 867 | 810 904 824 709 | 69.8
SUTrack-L384 (Chen et al., 2025) v 752 849 832|536 642 605|877 917 887 | 815 895 833 704 | 693
ARPTrack-B256 (Liang et al., 2025) X 726 814 785|520 629 587|855 900 853 | 777 873 743 7.7 | 674
SPMTrack-B384 (Cai et al., 2025) X 749 840 817 | - - - | 861 92 856 | 765 859 763 7.7 | 674
ODTrack-B384 (Zheng et al., 2024) X 732 832 806 | 524 639 60.1| 851 901 849 | 77.0 879 751 - -
LoRAT-B378 (Lin et al., 2024) X 729 819 79.1 | 531 648 606 | 842 884 830 | 737 826 729 719 | 66.6
ARTrackV2-256 (Bai et al., 2024) X 716 802 772 | 508 619 577 | 849 893 845 | 759 854 727 699 | 67.6
OneTracker-384 (Hong et al., 2024b) v 70.5 79.9 76.5 - - - 83.7 88.4 82.7 - - - - -
ARPTrack-L384 (Liang et al., 2025) X 742 834 817|542 644 612 8.6 911 874 | 815 906 805 7.7 | 674
SPMTrack-L384 (Cai et al., 2025) X 76.8 859 840 | - - - | 869 910 872 | 80.0 894 799 - -
LoRAT-L378 (Lin et al., 2024) X 75.1 841 820 | 566 690 651 | 856 897 854 | 775 862 781 725 | 66.7
ODTrack-L384 (Zheng et al., 2024) X 74.0 842 823|539 654 61.7| 8.1 910 867 | 782 872 713 - -
ARTrackV2-L384 (Bai et al., 2024) X 73.6 828 811 | 534 637 602| 8.1 904 862 | 795 878  79.6 717 | 684

RGB+D Track | RGB+T Track | RGB+E Track | RGB+N Track

Method Unified | Onestep | DepthTrack | LasHeR | RGBT234 | VisEvent | TNL2K | OTB99

Param | Training | F-Score  Re Pr | AUC P | MSR MPR | AUC P | AUC P | AUC P
OneTrackerV2-B224 v v 659 667 658 606 755|695 913 | 63.0 798 | 658 702 725 948
OneTrackerV2-B384 v v 668 672 669 613 757 | 702 916 | 639 805 | 664 719 728 950
OneTrackerV2-1.224 v v 666 677 664 625 717 | 720 945 | 647 819 | 675 730 729 946
OneTrackerV2-1384 v v 675 684 672 637 794 | 725 945 | 659 835 | 69.5 760 732 953
SUTrack-B224 (Chen et al., 2025) v v 651 657 645 | 599 745|695 922 | 627 799 | 650 679 708 934
SUTrack-B384 (Chen et al., 2025) v v 644 642 646 | 609 758 | 692 921 | 634 798 | 656 693 69.7 912
SUTrack-1224 (Chen et al., 2025) v v 643 646 646 | 619 770 | 708 946 | 640 809 | 667 703 727 944
SUTrack-1384 (Chen et al., 2025) v v 664 664 665 | 619 769 | 703 937 | 638 805 | 679 721 712 931
CSTrack-L256 (Feng et al., 2025) v X 658 664 652 | 608 756 | 709 940 | 652 824 - - - -
STTrack-B256 (Hu et al., 2025) X X 633 634 632 | 603 760 | 667 898 | 619 786 - - - -
SeqTrackv2-L384 (Chen etal., 20232) | v/ X 623 626 625 | 610 767 | 680 913 | 634 800 | 624  66.1 714 936
SDSTrack-B256 (Hou et al., 2024) X X 614 609 619 | 53.1 665|625 848 | 597 767 - - - -
UnTrack-B256 (Wu et al., 2024) v X 610 608 61.1 | 513 646 | 625 842 | 589 755 - - - -
OneTracker (Hong et al., 2024b) X X 609 604 607 | 538 672|642 857 | 608 767 | 580  59.1 69.7 915
ViPT (Zhu et al., 2023) X X 594 596 592 | 525 651 | 617 835 | 592 758 - - - -

Merger to diverse modality configurations, enabling it to
learn more discriminative and robust embeddings, thereby
improving overall model robustness.

4. Experiments
4.1. Implementation Details

Model Structure. We develop a series of models trained
with different model sizes and input resolutions to pro-
vide four variants of OneTrackerV2. All variants adopt
HiViT (Zhang et al., 2022) initialized with Fast-iTPN (Tian
et al., 2024) as the encoder. Number of experts k and rank
r are set as 2 and 16. Detailed statistics of each model,
including the number of parameters, FLOPs, and inference
speed, are presented in Table 1. In addition, we employ
CLIP-L (Radford et al., 2021) as the text encoder to ex-
tract language features. For tasks without text input, the
parameters of the text encoder can be omitted.

Training and Inference. OneTrackerV?2 is trained on the

combination of RGB and RGB+X tracking datasets, includ-
ing LaSOT (Fan et al., 2019), TrackingNet (Muller et al.,
2018), GOT-10k (Huang et al., 2019), COCO (Lin et al.,
2014), VASTTrack (Peng et al., 2024), DepthTrack (Yan
et al., 2021b), VisEvent (Wang et al., 2023), LasHeR (Li
et al., 2021), and TNL2K (Wang et al., 2021). OneTrack-
erV2 is optimized using AdamW (Loshchilov & Hutter,
2017) with a total of 300 training epochs, each consisting
of 100,000 sampled image pairs. During training, we sam-
ple and mix data across these datasets. During inference,
we apply a Hanning window penalty, following previous
works (Ye et al., 2022). The template is updated every 25
frames, conditioned on a confidence threshold of 0.7.

4.2. Comparisons with the State-of-the-Art

Main Results. We evaluate OneTrackerV2 against state-of-
the-art RGB and RGB+X trackers across 5 tasks 12 bench-
marks in Table 2. OneTrackerV?2 consistently outperforms
existing methods in terms of accuracy across all datasets.
Specially, on RGB tracking benchmarks, OneTrackerV2
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Table 3. Comparison on missing-modality benchmarks. We evaluate OneTrackerV2 and existing RGB+X trackers under scenarios
where certain modalities are absent. Thanks to the proposed Meta Merger, OneTrackerV2 consistently outperforms prior methods,
demonstrating superior robustness to modality missing in multimodal tracking.

Method Unified | Onestep DepthTrack,,,;ss LasHeR,,;ss | RGBT234,,:ss | VisEvent,,;ss
Param | Training | F-score = Re Pr | AUC P MSR MPR | AUC P
OneTrackerV2-B224 | v | v | 569 554 586|527 662 | 635 855 | 543 715
STTrack (Hu et al., 2025) X X 499 488 51.0 | 449 545 | 542 738 49.7 655
SUTrack (Chen et al., 2025) v v 49.5 473 519 | 476 583 | 60.8 82.0 | 505 66.6
SeqTrackv2 (Chen et al., 2023a) X X 45.0 409 50.0 | 399 50.0 | 499 70.8 43.1 57.6
SDSTrack (Hou et al., 2024) X X 46.7 420 527 | 431 525 | 488 67.0 | 469 626
ViPT (Zhu et al., 2023) X X 444 405 46.6 | 340 40.1 | 394 524 | 432 572
MCITrack (Kang et al., 2025) X X 49.7 429 59.1 | 40.0 342 | 409 53.6 36.5 499

Table 4. Ablation study. We investigate the impact of each module on OneTrackerV2.

# Method FPS 1 Params (M) FLOPs (G) LaSOT TNL2K LasHeR DepthTrack VisEvent Average DepthTrack,,;ss LasHeR,,iss
1 Baseline 95 70.0 23.0 69.2 61.3 50.4 51.7 53.5 57.2 48.4 43.7
2+ Meta Merger 90(—5.3%)  70.6(+0.9%) 23.1(+0.4%)  71.3 62.5 55.7 62.1 58.8 62.1 51.8 479
3+ Stochastic Perturbation 90(—5.3%)  70.6(+0.9%) 23.1(+0.4%)  71.0 62.4 55.6 62.3 58.5 62.0 532 48.6
4+ Single Mixture-of-Experts  83(—11.6%)  75.4(+7.7%) 23.5(+2.2%) 714 62.9 56.2 62.9 58.4 62.4 53.6 49.3
5+ Dual Mixture-of-Experts 72(—24.2%) 80.2(+14.6%) 23.8(+3.5%)  71.6 63.3 56.8 63.2 59.2 62.8 54.1 49.8
6+ Expert Decoupling 72(—24.2%) 80.2(+14.6%) 23.8(+3.5%)  71.6 63.3 56.8 63.2 59.2 62.8 54.7 50.2
7+ Router Cluster 72(—24.2%) 80.2(+14.6%) 23.8(+3.5%)  72.0 63.7 57.5 64.2 60.2 63.5 56.9 52.7

surpasses prior RGB-only models, demonstrating that the
unified design does not compromise single-modality perfor-
mance. for RGB+X tracking, OneTrackerV2 requires only
a single training process and a unified parameters, yet still
outperforms existing approaches that rely on task-specific ar-
chitectures or downstream fine-tuning. Notably, on TNL2K,
OneTrackerV2 achieves 69.5 AUC. By unifying training, ar-
chitecture, and parameters across diverse RGB and RGB+X
tasks, OneTrackerV2 not only achieves state-of-the-art ac-
curacy but also delivers strong robustness and scalability.

Robustness Against Missing Modality. Following Flex-
Track (Bai et al., 2024), we conduct experiments on mul-
tiple RGB+X benchmarks under various missing-modality
settings. As shown in Table 3, OneTrackerV2 achieves
significant improvements over previous methods. These re-
sults highlight not only the robustness of OneTrackerV2 to
modality absence, but also the effectiveness of Meta Merger
in enabling stable and reliable multimodal fusion.

4.3. Ablation Study

We conduct ablation studies on HiViT-B (Zhang et al., 2022)
to examine how the modules we propose contribute to build-
ing a unified multimodal tracker. Note that in all ablation
experiments, the models are trained for only 180 epochs.

Meta Merger. To demonstrate the effectiveness of the
proposed Meta Merger module, we conduct ablation experi-
ments, and the results are shown in row #2 and #3 of Table 4.
Compared with the baseline, integrating the Meta Merger
yields more effective fusion of multi-modal features, leading
to consistent performance gains. Besides, the computational

cost of Meta Merger is negligible (only additional 0.4%
FLOPs and 0.9% parameters).

Moreover, under modality-missing scenarios, the combi-
nation of Meta Merger and Stochastic Perturbation signifi-
cantly enhances the robustness of the model. This indicates
that our design not only improves the overall representation
ability in multi-modal fusion, but also equips model with
robust adaptability to incomplete or noisy modality inputs.
Furthermore, we present experiments on unseen modalities
in Appendix A to demonstrate the generalization.

Dual Mix-of-Experts. We further investigate the impact of
the proposed Dual MoE design, with results summarized in
Table 4. When we simply increase the capacity of a single
MoE (row #4), model exhibits only moderate performance
improvement. Extending this design to a straightforward
Dual MoE brings only marginal additional gains, indicating
that naively stacking MoEs is insufficient to fully exploit
their potential. Then, we incorporate two key enhancements:
Expert Decoupling and Router Clustering. With these two
modifications, Dual MoE achieves significant performance
gains, demonstrating the effectiveness and necessity of our
Dual MoE. Moreover, the introduction of Dual MoE only in-
curs an interpolation of 14.6% parameters and 3.5% FLOPs,
which is a relatively small price to pay given the significant
performance gains achieved.

Moreover, we present the visualization results of DMoE
in Figure 5. The results show that the shared expert, T-
MoE, and M-MOoE each learn distinct types of features. The
shared expert primarily captures general representations,
whereas T-MoE focuses on motion information and M-MoE
emphasizes modality-specific cues.
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Table 5. Compression Performance. We compress OneTrackerV2-B224 into a 6-layer variant (OneTrackerV2-B224-Compress)
following CompressTracker (Hong et al., 2024a). OneTrackerV2-B224-Compress achieves the balance between accuracy and efficiency.

LaSOT DepthTrack LasHeR VisEvent TNL2K
Method AUC P,,,, P | F Re Pr|AUC P |AUC P |Auc p |TPS
OneTrackerV2-B224-Compress 730 831 811|646 650 652 | 597 749 | 62.0 792 | 647 685 | 159
SUTrack-T224 (Chen et al., 2025) 69.6 793 754 | 61.7 621 612 | 539 667 | 588 757 | 609 62.3 | 100
STTrack-B256 (Hu et al., 2025) - - - | 633 634 632 603 760 | 619 786 | - - 36
OneTracker-384 (Hong et al., 2024b) 705 799 765 | 609 604 607 | 53.8 672 | 60.8 76.7 | 580 59.1 | -
SeqTrackerV2-B224 (Chen et al., 2023b) | 69.9 797 763 | 632 634 629 | 558 704 | 612 782 | 575 59.7 | 40

Siow Middle  Fast  Extreme Fost RGB RGBAN RGB+D RGB4T RGB+E

(2) T-MoE Router Distribution (b) M-MoE Router Distribution

Figure 4. Visualization of D-MoE Router Distribution. We
show the distribution of the T-MoE router under different object
motion speeds in (a), and the distribution of the M-MoE router
under different modalities in (b).

To further investigate and understand the behavior of D-
MOoE, we visualize the expert-selection distributions of T-
MoE and M-MokE under different motion speeds and modal-
ities. Based on the magnitude of the object’s center displace-
ment between consecutive frames, we categorize object
motion into four levels (slow, middle, fast, and extreme
fast),—and visualize the routing distribution of T-MoE in
Figure 4 (a). A clear correlation emerges between the rout-
ing pattern and motion speed. When the object moves
slowly, T-MoE tends to select the seventh and eighth experts;
when motion becomes faster, it increasingly prefers the first
expert. Notably, as motion speed rises, the proportion of
selections for the first expert grows significantly, indicating
that T-MoE has learned to adaptively select experts based
on motion characteristics.

Figure 4 (b) further shows that M-MoE exhibits modality-
dependent routing preferences. For instance, in the RGB
tracking task, M-MoE predominantly selects the third expert,
while in the RGB+T task, it rarely chooses the third expert
and instead strongly favors the eighth expert.

Overall, the results in Table 4, Figures 5 and 4 consistently
demonstrate that D-MoE successfully learns two distinct
and complementary types of features. The combination of
expert decoupling and router clustering encourages a clear
separation in the roles of the two MoE modules: T-MoE
exhibits strong sensitivity to motion dynamics, while M-
MoE emphasizes modality-related cues.

Hyper Parameters of Experts. We investigate the im-
pact of hyper-parameters in DMOoE, specifically the expert
projection rank () and the number of experts (K). As
illustrated in Figure 6, increasing the rank consistently im-
proves model performance in the beginning, which indicates

Figure 5. Visualization of D-MoE. We present the visualization
results of T-MoE and M-MoE under different RGB and RGB+X
tracking tasks. It can be observed that the shared expert, T-MoE,
and M-MoE have learned distinct features.

o Experts (K) o
() Rank (r) (b) Number of Experts (K)

Figure 6. Analysis of expert hyperparameters. We show the
impact of (a) different rank (r) and (b) different number of experts
(K) on model parameters, computational cost, FPS, and accuracy.

that higher-rank projections enhance the expressive capacity
of the Mixture-of-Experts and allow the model to capture
richer patterns. However, when the rank exceeds 16, the
performance starts to drop slightly. This phenomenon sug-
gests that overly large ranks may introduce redundancy into
the learned representations, which limits further improve-
ment. Moreover, as the rank increases, inference speed
inevitably decreases, clearly highlighting a trade-off be-
tween efficiency and accuracy. Figure 6 (a) demonstrates
that setting the rank to 16 achieves the optimal balance be-
tween inference efficiency and tracking accuracy. Similarly,
Figure 6 (b) examines the effect of the number of experts.
Enlarging the expert count generally leads to better perfor-
mance, since additional experts expand the representational
space. Nevertheless, excessively increasing the number of
experts also results in prohibitively high parameter overhead
and computational burden, which is impractical in real ap-
plications. Taking both accuracy and efficiency into account,
we therefore adopt 8 experts as the optimal configuration
for our OneTrackerV2, striking a desirable balance between
representational capacity and model complexity.

Compression Effectiveness. Following Com-
pressTracker (Hong et al., 2024a), we compress our
OneTracker-B224 into a lightweight variant OneTracker-
B224-Compress with only six layers. As shown in Table 5,
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the compressed model achieves a 2.2x speedup while
incurring only about a 2% performance drop on both
RGB and RGB+X tracking benchmarks. Specifically,
OneTrackerV2-B224-Compress reaches 159 FPS, surpass-
ing SuTrack-T224 (Chen et al., 2025) in both speed and
accuracy. OmneTrackerV2-B224-Compress outperforms
SuTrack-T224 by 3.4 AUC on LaSOT (73.0 vs 69.6) and
by 5.8 AUC on LasHeR (59.7 vs 53.9), which demonstrates
the effectiveness of OneTrackerV2 under compression.

5. Conclusion

In this work, we present OneTrackerV2, a unified paradigm
for multimodal tracking. Instead of designing modality-
specific structure or relying on multi-stage fine-tuning, we
demonstrate that a single framework with Meta Merger
for modality unification and DMOoE for decoupled expert
learning can achieve robust multimodal tracking with one-
step training. Extensive experiments show that OneTrack-
erV2 not only surpasses existing models in both RGB and
RGB+X tracking tasks, but also remains robust under miss-
ing modalities and effective in compressed settings.
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A. Generalization of Meta Merger

We further validate the generalization potential of the Meta Merger by testing on an unseen modality excluded from the
training phase. Using the CMOTB dataset (Liu et al., 2024), which consists of Near-Infrared (NIR) signals, we observed
that OneTrackerV2 achieves an impressive SR of 65.1 (see Table 6). Notably, this performance not only outperforms current
state-of-the-art methods but also exceeds models explicitly trained on the CMOTB dataset (ProtoTrack and MAFNet). This
outcome strongly underscores the exceptional generalization capability of the Meta Merger

To demonstrate the strong generalization capability of the Meta Merger, we conduct experiments on an unseen modality
not encountered during training. Specifically, we evaluate OneTrackerV2 on the CMOTB dataset (Liu et al., 2024), which
consists of Near-Infrared (NIR) signals. The results, presented in Table 6, show that our OneTrackerV2 achieves a SR
of 65.1. This performance significantly outperforms other state-of-the-art models and, notably, even surpasses methods
specifically trained on CMOTB. This provides compelling evidence of the Meta Merger’s powerful generalization ability.

Table 6. Results on CMOTB. OneTrackerV2 outperforms existing methods even on unseen modality.

Method PR NPR SR
OneTrackerV2 65.7 748 65.1
SUTrack (Chen et al., 2025) 629 702 62.8
ProtoTrack (Liu et al., 2025) 60.5 69.7 59.7
MAFNet (Liu et al., 2024) 55.1 664 56.1
SDSTrack (Hou et al., 2024) 339 415 502
GRM (Gao et al., 2023) 41.1 477 434

MixFormerV2 (Cui et al., 2023) 41.5 48.5 44.2
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