The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Tracking and Segmenting Anything in Any Modality

Tianlu Zhang', Qiang Zhang?, Guiguang Ding’, Jungong Han' *

'Department of Automation, Tsinghua University
2School of Mechano-Electronic Engineering, Xidian University
3School of Software, Tsinghua University.

jghan @tsinghua.edu.cn.
Abstract 7 Unified
Z  Encoder ‘1 Unified _ ' Task-aware
Tracking and segmentation play essential roles in video un- B S RGR | Embedding | MOTpipeligg
A . g0 . o . . art
derstandmg, prowdmg pa51c p.051.t10n.a1 information and tem- E o Shared )
poral association of objects within video sequences. Despite g ‘ + Unified Task
their shZ}red obje.cti.ve, existi.ng approaches Oft.en tacklle these = Task-specific Head T.herma Sesfiite Outputs
tasks using specialized architectures or modality-specific pa- g SOT Head ‘ i
rameters, limiting their generalization and scalability. Re- 5 £ o7 Denth @ @ sor | [Vos
cent efforts have attempted to unify multiple tracking and o YOS Head = 2
segmentation subtasks from the perspectives of any modal- g MOTS Head g ab MOT || MOTS
ity input or multi-task inference. However, these approaches - MOiiHcad Event ~
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ing (TaMOT) pipeline to unify all the task outputs as a uni-
fied set of instances with calibrated ID information, thereby
alleviating the degradation of task-specific knowledge dur-
ing multi-task training. SATA demonstrates superior perfor-
mance on 18 challenging tracking and segmentation bench-
marks, offering a novel perspective for more generalizable
video understanding.

Introduction

Video understanding has witnessed substantial expansion
and now encompasses a wide range of tasks, including ac-
tion recognition, video segmentation, object tracking, and
etc. Among these, object tracking and segmentation are ded-
icated to establishing instance-level or pixel-level correspon-
dences across frames, thereby laying the groundwork for
tackling video tasks.

Over the years, the object tracking and segmentation have
developed into multiple subtask branches, including Single
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Figure 1: Analysis of data distribution gap and comparison
of the proposed SATA with existing strategies. (a) Unified
task and modality paradigm obtained by combining exist-
ing models. (b) Statistical overview of the data distribution
gap during model training. (c) Overview of the proposed
SATA framework. (d) Our SATA v.s. the existing methods
on 11 challenging benchmarks. Here, SU-Unicorn denotes
the combination of SUTrack (Chen, Kang et al. 2025) and
Unicorn (Yan, Jiang et al. 2022), Flex-UNINEXT denotes
the combination of FlexTrack (Tan, Shao et al. 2025) and
UNINEXT (Yan, Jiang et al. 2023).

@

Object Tracking (SOT) (Huang, Zhao, and Huang 2019),
Multiple Object Tracking (MOT) (Li, Ke et al. 2024), Video
Object Segmentation (VOS) (Ravi et al. 2024) and Multi-
Object Tracking and Segmentation (MOTS) (Yan, Jiang
et al. 2023). In addition to the widely used RGB cameras,
various sensors have been introduced to enhance the per-
formance of tracking and segmentation in complex scenar-
ios, e.g., depth, thermal, and event data. For a long period,



research in these typical tracking and segmentation sub-
tasks has adopted a task- and modality-specific paradigm,
i.e., designing specialized architectures and loss functions
to cater to the unique requirements of different subtasks
(e.g., SOT, MOT and VOS) and fixed input modalities (e.g.,
RGB, RGB-T and RGB-D). The divergent setups require
customized methods with carefully designed architectures
and hyper-parameters, leading to complex training and re-
dundant parameters.

To mitigate this issue, some recent works have explored
the possibility of establishing general models from two
perspectives: unified task paradigm and unified modality
paradigm. Specifically, the unified task paradigm (Yan, Jiang
et al. 2023; Chen, Kang et al. 2025; Wang et al. 2024)
breaks through the isolation of task domain knowledge and
general knowledge, establishing the implicit collaboration
between different tasks. Meanwhile, the unified modality
methods (Wu, Zheng et al. 2024; Chen, Kang et al. 2025)
consolidate the input of any modality using a unified model
with shared parameters. The above two methods respectively
establish unified modality representation learning and uni-
fied task feature space modeling, thereby reducing the com-
plexity of model design and the need for extensive hyper-
parameter tuning across various input modalities and sub-
task combinations.

Recently, due to the potential to realize Artificial Gen-
eral Intelligence (AGI), these unified models have drawn
great attention. A natural idea is: combining the above two
paths to achieve a more generalizable video tracking and
segmentation model capable of handling any input modal-
ity and supporting multi-task inference, as shown in Fig. 1
(a). While this strategy is conceptually straightforward and
partially effective, it overlooks the distributional discrep-
ancies across modalities and the representational gaps be-
tween tasks—factors that limit the generalist model’s ability
to fully leverage cross-modal and cross-task knowledge.

Specifically, the distribution gap in multi-modal data
arises not only from discrepancies in cross-modal informa-
tion but also from differences in their underlying represen-
tations. Most existing unified modality approaches (Chen,
Kang et al. 2025; Tan, Shao et al. 2025) have attempted
to learn a cohesive embedding across diverse input modal-
ities, but the effectiveness of modality-specific clues have
not been fully exploited. Similarly, while generic represen-
tations can be learned with the unified task approaches, they
are still constrained by elaborated-designed task-specific
heads and isolated multi-stage training strategies across dif-
ferent downstream tasks (Yan, Jiang et al. 2022, 2023; Wang
et al. 2024). These fragmented architectures and learning
paradigms restrict the model’s ability to acquire truly gen-
eralizable knowledge. Moreover, as shown in Fig. 1 (b), in-
consistencies in the quality and scale of training data across
different multi-modal subtasks further exacerbate task and
modality biases in unified models.

With this in mind, we present SATA, a unified tracking
and segmentation framework that models a unified repre-
sentation of arbitrary modalities and approaches a broad
spectrum of tracking and segmentation subtasks as MOT
inference task conditioned on different priors, as shown in
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Fig. 1 (c). Technically, we introduce a Decoupled Mixture-
of-Expert (DeMoE) mechanism to decouple the unified rep-
resentation learning into parallel modeling of modality-
common and modality-specific knowledge, thus achieving a
more comprehensive representation of any modality input.
In addition, unlike previous unified task models that em-
ploy several task-specific heads, we present a Task-aware
MOT pipeline to unify all the task outputs (i.e., SOT, VOS,
MOT, MOTYS) as a unified set of instances with calibrated
ID information, thereby alleviating the degradation of task-
specific knowledge during multi-task training. With the uni-
fied model architecture and totally-shared parameters, SATA
can solve 4 type of tracking and segmentation subtasks of 4
combinations of input modality. As shown in Fig. 1 (d), our
proposed SATA significantly outperforms the simple combi-
nation of existing unified methods on all downstream tasks.
We summarize that our work has the following contribu-
tions:

* To the best of knowledge, SATA is the first unified frame-
work capable of performing both tracking and segmenta-
tion tasks in arbitrary modality input and multi-task joint
prediction.

* We propose a Decoupled Mixture-of-Expert (DeMoE)
mechanism and a Task-aware MOT pipeline to address
the distribution gap in multi-modal data and the feature
representation gap across tasks, enabling more effective
cross-modality and cross-task knowledge sharing.

We show superior results of our proposed method on 18
challenging benchmarks from 4 subtasks tasks, all using
the same model architecture and parameter set.

Related works

Task- and modality-specific Methods. Over the years,
a wide variety of task-specific models have been pro-
posed to continuously improve the tracking and segment-
ing performance. SOT (Huang, Zhao, and Huang 2019) and
VOS (Ravi et al. 2024) specify tracked objects on the first
frame of a video using boxes or masks, then require al-
gorithms to predict the trajectories of the tracked objects
in boxes or masks, respectively. At present, Transformers
based methods have mainstream SOT, which can be cate-
gorized into classification- and regression-based (Ye et al.
2022; Lin, Fan et al. 2024; Zhang, Jiao et al. 2024), corner
prediction-based (Cui, Jiang et al. 2022; Cui et al. 2023),
and sequence-learning-based trackers (Chen, Peng et al.
2023; Bai et al. 2024). Meanwhile, memory-based VOS ap-
proaches have become the dominant method in VOS (Ravi
et al. 2024; Cheng and Schwing 2022; Zheng, Zhong et al.
2024). Different from SOT and VOS, MOT and MOTS
aim to find and associate all instances (Yan, Jiang et al.
2022). The mainstream methods follow the tracking-by-
detection paradigm (Yan, Jiang et al. 2022) and tracking-by-
query (Chu, Wang et al. 2023) pipeline. With the develop-
ment of sensor technology, tracking and segmentation tasks
have evolved from using only a RGB camera to introduce
various auxiliary modalities (Chen, Kang et al. 2025; Gao
et al. 2022; Zhang et al. 2025b).
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Figure 2: Overview architecture of our SATA, which consists of two core components: the Decoupled Mixture-of-Expert mech-

anism and the Task-aware MOT pipeline.

Unified Modality Methods. Despite the success of previ-
ous multi-modal methods tailored for modality-specific in-
put, the inherent multi-parameter set paradigm limits the
flexibility of these models in practical application scenar-
ios. To echo this problem, some works (Zhu et al. 2023;
Hong, Yan et al. 2024; Hou, Xing et al. 2024; Feng, Zhang
et al. 2025) adopt a architecture-shared design for RGB-X
tracking, only activating the modality-specific parameters
according to the input modality. Besides, some unified meth-
ods (Wu, Zheng et al. 2024; Chen, Kang et al. 2025; Tan,
Wu et al. 2025; Tan, Shao et al. 2025) have been proposed to
learn the common latent space of any modality input, aiming
at achieving more complete unification. However, the over-
look of distribution gap and the lack of multi-task inference
capabilities remains incomplete for a powerful unified track-
ing and segmentation model.

Unified Task Methods. Meanwhile researchers have un-
dertaken prominent efforts to unify tracking and segmen-
tation tasks within specific modality. Existing unified task
methods can be categorized into two main branches: the
prompt based methods and the detection based methods. The
prompt based methods (Ma, Shou et al. 2022; Yan, Jiang
et al. 2022; Wang et al. 2024) apply a shared appearance
model for unified representation learning, and employ the
delicately designed target prior to solve multiple subtasks.
Besides, the detection based methods (Li, Ke et al. 2024;
Yan, Jiang et al. 2023; Wang et al. 2025) introduce an exter-
nal detectors to predict objects and establish the associations
for tracking and segmentation. However, these methods pay
less attention to the multi-task gap, result in the degradation
of task-specific knowledge during multi-task training.

Method
Overall Pipeline

The proposed framework, termed SATA, comprises two core
components: the Decoupled Mixture-of-Expert (DeMoE)
mechanism and the Task-aware MOT (TaMOT) pipeline,
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as shown in Fig. 2. The DeMoE, combined with a power-
ful Transformer-based encoder, first yields the unified rep-
resentation. Subsequently, the designed Task-aware MOT
pipeline first generates tracking candidates based on task-
specific prior knowledge, then maintains tracking of all can-
didates, thereby unifying all tracking and segmentation sub-
tasks under the MOT paradigm.

Decoupled Mixture-of-Expert

Given the input video frames of the RGB (R) modality and
their corresponding auxiliary modalities (thermal, depth, or
event modalities, collectively referred to as TDE), a weight-
shared Transformer-based encoder is employed to gener-
ate RGB tokens and TDE tokens. To enable the unified
model to handle diverse input modalities, the proposed De-
MoE is used to replace the feed-forward network (FFN)
in each Transformer encoder layer, thereby converting dif-
ferent modality combinations into a unified token embed-
ding format. DeMoE consists of three primary compo-
nents: a Common-prompt Mixture of Expert (CpMoE), a
Specific-activated Mixture of Expert (SaMoE), and Decou-
pling Learning.

Common-prompt Mixture of Expert. At the [-th Trans-
former encoder layer, our CpMoE takes the RGB token TlR
and TDE token 7;"P¥ from the output of the Multi-head At-
tention (MSA) block as input. It comprises a general router
network R, a shared expert g°, and N modality-common
experts G¢ = {g{, ..., gyc }- Specifically, as shown in Fig.
3 (a), the shared expert ¢° directly copies weights from
the corresponding FFN layer of the encoder and remains
frozen during training to retain pre-trained general knowl-
edge, yielding TGlG and TG;PDE, i.e.,

TGP =g>(I), TGPF =gX(1'P"). ()

Then, the modality-common experts g$ (n = 1, ..., N¢)
are employed to generate modality-common prompts, trans-
forming the general knowledge to be more suitable for the
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Figure 3: Overview architecture of our CpMoE and SaMoE.
(a) CpMoE.(b) SaMoE.

current input modalities. Each modality-common expert g
consists of two linear layers and a GELU activation layer.
The generated RGB prompt P and TDE prompt P;'P are
weighted sums of outputs from the top-K activated experts,
ie.,

]ngDE ZPTDE C TTDE)

Z prgy (T,
2

where p? and pTDE denote the gating values derived from
the function R

Subsequently, the modality-common prompt is obtained
by performing element-wise multiplication on the RGB
prompt and TDE prompt, which can be formulated as:

Pf = proj(F*) @ proj(F""*), 3)

where ® denotes the element-wise multiplication operation,
and proj(x) is the projection layer.

Finally, the modality-common prompt is employed to
map TG and TGP into a cohesive token representation
through element-wise addition, i.e.,

HGRr =PF aTGR, HGIPE =

where HG}! and HG'PF refer to the prompted tokens for
the RGB and TDE modalities, respectively, and & denotes
the element-wise addition operation.

PE&TGIPE, (1)
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Specific-activated Mixture of Expert. SaMoE is designed
to capture modality-specific clues within multi-modal data,
comprising intra-modal router networks (R and RTPE),
a cross-modal router network REM . and several modality-
specific experts (GX={g", ..., gns }(X= R, TDE), where
NS denotes the number of modality-specific experts.

As shown in Fig. 3 (b), the cross-modal router network
REM activates the specific modality branch, thereby asso-
ciating the current input modality with the corresponding
modality experts. The modality-specific RGB tokens H S}
and TDE tokens H S;"P¥ are weighted sums of outputs from
the top-K activated experts for each modality, i.e.,

NS

HSK = an g (T¥), X=R,TDE, (5

where 5% represents the gating values derived from the func-

tion R)ZL

Unified Representation. The RGB feature representation
FlR and TDE feature representation FlTDE are obtained by
aggregating these two types of embeddings from CpMoE
and SaMoE with residual connections:

FX=HG{f o HS* o T/, X=R,TDE. (6)

In the last layer (L —th layer) of the encoder, the final unified
feature representation F'V is obtained as:

FY = F} @ FIPE, (7)

Decoupling Learning. To comprehensively model multi-
modal representations, the learning processes of CpMoE and
SaMoE adhere to two key principles: (a) promoting mutual
complementarity among cross-modal experts; (b) avoiding
information overlap between specific experts and common
experts. Accordingly, we introduce two critical loss func-
tions that act on the DeMoE.

Cross-modal complementary learning: To fully explore
the complementary information across modalities, we ran-
domly mask patches of one modality by assigning their val-
ues to a learnable token vector, generating masked features

. R . TDE
HG,; and HG; . The cross-modal complementary learn-
ing loss is then defined as:

Low = XX MSE(HG,', HG®) + X MSE(HG, " H

HGIP®),
®)
where MSE(-) denotes the mean squared error.
Cross-expert orthogonal learning: Additionally, we in-
troduce an orthogonal loss to encourage independence be-
tween common and specific expert representations. This

cross-expert orthogonal loss is defined as:

z@:szHQj;ziﬂﬂmm@U?»x=mnf
)
Here, g’ (+) and g;X () represents the outputs of experts
from GS and G, respectively, OPL(x) denotes the orthog-
onal loss (Ranasinghe et al. 2021).

Task-aware MOT pipeline

To achieve the grand unification of tracking and segmenta-
tion while mitigating the representation gap across task do-
mains, the proposed Task-aware MOT pipeline integrates all



Query tracklets

—>  Self-Attention —>
—>  Self-Attention —>
—>  Self-Attention —>
dL e Learned
queries
Update
t {at,...qt}
Cross-Attention
I TK T A% I Q
D U D U Self-Attention
Position-aware TK_IV_T Q
erribeddmgs TIial querics
{ap},...apMy . {qol,. a0l

Figure 4: Illustration of the spatiotemporal relationship
modeling.

subtasks into the localization and association of multiple ob-
jects. Firstly, a Candidates Generation Module (CGM) is uti-
lized to generate potential proposals based on task-specific
prior information. Subsequently, the proposed Memory-
enhanced Module (MEM) refines the historical features of
each candidate, enabling efficient and effective modeling of
temporal information. Finally, a simple bi-softmax nearest
neighbor search is employed to achieve accurate matching
between candidates and trajectories.

Candidates Generation Module. Instead of introducing
additional detectors to detect all potential targets in each
frame (Yan, Jiang et al. 2023; Wang et al. 2025), we adopt a
modified SAM?2 (Ravi et al. 2024) as our foundation model
to predict candidates based on the prior information of var-
ious tasks. Specifically, for SOT and VOS tasks, the ini-
tial target information (bounding box or mask) from the
first frame can be used to generate the initial prompt to-
ken. In subsequent frames, masks predicted by the mask
decoder with an affinity score exceeding a preset thresh-
old are regarded as distractors; both the target and these
distractors are defined as candidates. For MOT and MOTS
tasks, we append a detection head to the foundation model
to predict all potential objects in each frame. The box pre-
dictions are fed as multi-object prompts to the mask de-
coder, generating masks for all candidates. Once the posi-
tions of candidates in each frame are determined, we extract
instance-level features by applying Rol Align. Specifically,
given the unified embedding FV of ¢ — th frame and can-
didate coordinate B;"* corresponding to the m — th tracklet,
the corresponding candidate embedding can be acquired via
ai™ = RolAlign(FV, B™).

Memory-enhanced Module. The memory-enhanced mod-
ule comprises two components: (a) generating fine-grained
instance embeddings; (b) effectively modeling spatiotempo-
ral relationship, as shown in Fig. 4.

Fine-grained instance embeddings: Candidate embed-
dings typically contain both foreground and background
information at the edges, which leads to inaccurate in-
stance matching when target objects cannot be clearly distin-
guished from the background. To echo this problem, given
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GOTI0K LaSOT
0.5 OR0.75 Norm

Task-specific methods
GRM (Gao, Zhou, and Zhang 2023) 73.4 829 704 ] 699 793 758
LMTrack (Xu, Zhong et al. 2025) 80.1 91.5 79.0 | 73.2 834 81.0
TemTrack (Xie et al. 2025) 76.1 849 744 | 73.1 83.0 80.7
MambaLCT (Li et al. 2025) 76.2 86.7 743 | 73.6 84.1 81.6
SPMTrack-L (Cai et al. 2025) 80.0 89.4 799 | 76.8 85.9 84.0
MClITrack-B (Kang, Chenetal.2025) | 77.9 88.2 76.8 | 753 85.6 833
DreamTrack-L (Guo et al. 2025) 79.9 88.5 80.3 76.6 85.6 83.1
SAM2.1++ (Videnovic et al. 2025) 81.1 - - 75.1 - -
Unified modality methods
SUtrack-L (Chen, Kang etal. 2025) [ 81.5 89.5 833 | 752 849 83.2
Unified task methods
UTT (Ma, Shou et al. 2022) 672 763 60.5 | 64.6 - 67.2
Unicorn (Yan, Jiang et al. 2022) - - - 68.5 76.6 74.1
UNINEXT-H (Yan, Jiang et al. 2023) - 722 80.7 79.4
OmniViD (Wang et al. 2024) - - 70.8 79.6 76.9
SAM2.1 (Ravi et al. 2024) 80.7 - 705 - -
OmniTracker-L(Wang et al. 2025) - - - 69.1 773 754
SATA 81.3 914 837 | 77.3 857 84.6

Table 1: SOTA comparisons on RGB SOT.

LasHeR RGBT234

Modality-specific methods

TBSI+ (Li et al. 2024a) 75.5 59.6] 91.0 67.0
TransTIH (Zhang et al. 2024b) 72.0 57.2| 89.4 66.4
CAFormer (Xiao et al. 2025) 70.0 55.6| 88.3 66.4
AETrack (Zhu, Zhong et al. 2025) 747 59.6] 91.6 68.8
DMD (Hu et al. 2025b) 72.6 57.6] 893 66.7
Architecture-shared methods

SDSTrack (Hou, Xing et al. 2024) 66.5 53.1] 84.8 625
OneTrack (Hong, Yan et al. 2024) 67.2 53.8| 857 642
GMMT (Tang et al. 2024) 70.7 56.6| 87.9 64.7
CSTrack (Feng, Zhang et al. 2025) 75.6 60.8] 94.0 709
STTrack (Hu et al. 2025a) 76.0 60.3] 89.8 66.7
Unified modality methods

UnTrack (Wu, Zheng et al. 2024) - - 842 625
FlexTrack (Tan, Shao et al. 2025) 773 - 92.7 69.9
XTrack (Tan, Wu et al. 2025) 73.1 58.7| 87.8 65.4
SUTrack-L (Chen, Kang et al. 2025) 769 - 93.7 703
SATA 718 61.7| 943 715

Table 2: SOTA comparisons on RGB-T SOT.

the candidate embedding a}", candidate coordinate B}, and
their corresponding mask prediction mask;”, the adjusted

mask mciskjfﬂ is first generated by down-sampling the pre-
dicted mask mask("*. Then, the fine-grained instance em-
bedding ae}” is generated by:

ae}t = ConV(ConV(m&sk;ﬂ) ® ai),

where ConV (%, 6,,) denotes the convolutional layer.

Spatiotemporal relationship modeling: We first employ
several MLP layers on the normalized coordinate E;” to
generate the positional embedding py*. The position-aware
embedding can be represented as ap]* = p;* & a;*. Then,
we introduce the learnable queries ¢;* to capture video spa-
tiotemporal information via the same architecture as the
Querying Transformer (Q-Former) (Li et al. 2023). Specif-
ically, the initial queries {qo;, qo?,...,qoM} are fed into
the self-attention layer to model spatial interactions. After
that, the interacted queries and the position-aware embed-
dings {ap;,ap?,...,apM} are fed into the cross-attention
layer, obtaining the ¢ —th learned query {q}, ¢2, ..., ¢ }. Fi-
nally, we construct the temporal correlations on each query
tracklet {¢"1,q/" o, ... @7 p}(m = 1,..., M) via a single
self-attention layer, generating the spatiotemporal tracklet
{qeﬁlv qeﬁ% e qeﬁT}'

Finally, the comprehensive representation f{ of the M —
th instances in ¢t — th frame can be transformer by con-
catenating the fine-grained instance embedding ae} and the

(10)



~ < DepthTrack VOTRGBD
RGB-D SOT Method PR Re FAD Ace
STTrack (Hu et al. 2025a) 632 634 - -
CSTrack (Feng, Zhang et al. 2025) 652 66.4 774 833
OneTrack (Hong, Yan et al. 2024) 60.7 60.4 72.7 819
UnTrack (Wu, Zheng et al. 2024) 61.3 61.0 72.1 815
FlexTrack (Tan, Shao et al. 2025) 67.1 66.9 78.0 83.8
XTrack-L (Tan, Wu et al. 2025) 654 64.3 74.0 82.8
SUTrack-L (Chen, Kang et al. 2025) 66.5 66.4 76.6 83.5
SATA 67.9 67.6 784 84.1

Table 3: SOTA comparisons on RGB-D SOT.

VisEvent COESOT
PR~ AUQ PR SR
CSAM (Zhang et al. 2024a) 81.6 - 76.7 683
STTrack (Hu et al. 2025a) 78.6 619 - -
CSTrack (Feng, Zhang et al. 2025) 824 652 774 833
SDSTrack (Hou, Xing et al. 2024) 76.7 59.7) - -
OneTrack (Hong, Yan et al. 2024) 76.7 60.8
FlexTrack (Tan, Shao et al. 2025) 81.4 64.1
XTrack-L (Tan, Wu et al. 2025) 80.5 63.3
SUTrack-L (Chen, Kang et al. 2025) 80.5 63.8
UnTrack (Wu, Zheng et al. 2024) 76.3 58.7| - -
SATA 82.8 66.7] 80.4 71.6

Table 4: SOTA comparisons on RGB-E SOT.

learned query ¢/, and the comprehensive tracklet can be
represented by I'™ = {f/* ¢, f' o, ... fipt(n=1,...,N).
Instance matching. Given the instance f;" and the track-
let I'™ generated by the candidate generation module and
the memory-enhanced module, we can obtain the final
assignment matrix A € RM*M yia bi-softmax nearest
neighbor search, as illustrated in the Appendix.' Finally,
we match the € — th tracklet with m — th instances via
argmax(s( £, '), ..., s(f", V) = s(f;7,T°).

Experiments
Implementation Details

The SATA model is developed using Python 3.8 and Py-
Torch 1.11. The training process leverages 8 NVIDIA A100
GPUs, while the inference speed is evaluated on a single
NVIDIA 3090TI GPU.

Architecture. Our model uses HiViT-L (Zhang, Tian et al.
2022) as the transformer encoder, and we select SAM2 (Ravi
et al. 2024) as our foundation model in the Task-aware
MOT pipeline. The transformer encoder and the founda-
tion model are initialized with the pre-trained parameters of
SAM?2 (Ravi et al. 2024).

Training. During the stage of candidate generation, the
affinity mask scores, object predictions, and IoU predictions
of the mask decoder are optimized by MAE loss, cross-
entropy loss, and L, loss, respectively (Ravi et al. 2024). In
addition, the decoupled MoE loss Lyiog = pLcm + ALcg in
the DeMOoE is employed to promote comprehensive learning
of the unified embedding. In the stage of instance match-
ing, the partial supervision loss and self-supervised loss in
KeepTrack (Mayer et al. 2021) are employed to supervise
the assignment matrix A for SOT and VOS datasets, and the
cross-entropy loss is applied to optimize SATA for MOT and
MOTS datasets.

'"Please find the
arxiv.org/abs/2511.19475

appendix in our arXiv version:
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BDD DanceTrack
m.

Task-specific methods
DiffMOT (Lv et al. 2024) - - 62.3 92.8
Hybrid-SORT (Yang et al. 2024) ‘ ‘ 65.7 91.8
Unified task methods
Unicorn (Yan, Jiang et al. 2022) 41.2 66.6
UNINEXT (Yan, Jiang et al. 2022) 442 67.1
MASA-SAM-H (Li, Keetal. 2024) | 44.5 - - -
SAM2MOT-Co (Jiang et al. 2025) - 57.5 75.5 89.2
SATA 46.3 67.8 76.1 90.5

Table 5: SOTA comparisons on RGB MOT

[ HOTA DetA  AssA~ MOTA IDFI
Task-specific methods
Bytetrack (Zhang, Sun et al. 2022) 534 582  49.6 724 64.9
MOTRV2 (Zhang et al. 2023) 53.1 51.2 55.8 63.3 64.4
HGT-Track (Xu, Wang et al. 2024) 54.0 61.3 48.1 71.1 60.9
Unified task methods
Unitrack (Wang et al. 2021) 469  46.1 48.4 57.1 574
Unicorn (Yan, Jiang et al. 2022) 494 48.3 51.2 59.0 60.6
UnisMOT (Zhang et al. 2025a) 54.2 59.5 49.7 65.7 60.3
SATA 59.7 63.6 53.7 75.1 65.4

Table 6: SOTA comparisons on RGB-T MOT

DAVIS 2016 val DAVIS 2017 val

Task-specific methods

XMem (Cheng and Schwing 2022) 92.0 90.7 9327 87.7 840 9l4
OneVOS (Li, Guo et al. 2024) 9277 91.0 94.3| 885 846 924
M3-VOS (Chen, Li et al. 2024) - - - 86.0 -
SAM2 (Ravi et al. 2024) - 889 -

TAM-S (Ravi et al. 2024) - 89.2 -

Unified task methods

UniTrack (Yan, Jiang et al. 2022) - - - - 584 -
Unicorn-T (Yan, Jiang et al. 2022)] 83.2 83.0 834| 645 62.7 66.3
Unicorn-ConvL (Yan, Jiang etal. 2022) | 874 86.5 88.2| 69.2 652 732
UNINEXT-R50 (Yan, Jiang et al. 2023) | - - - 745 713 77.6
UNINEXT-H (Yan, Jiang et al. 2023) - - - 81.8 77.7 858
OmniTracker-T (Wang et al. 2025) 847 84.1 853| 662 649 67.5
OmniTracker-L (Wang et al. 2025) 88.5 873 89.7| 71.0 66.8 752
SATA | 934 91.6 952| 89.7 86.1 93.0

Table 7: Comparisons on RGB VOS.

State-of-the-Art Comparisons

We compare SATA with state-of-the-art methods on 18
large-scale benchmarks with 4 types of input (i.e., RGB,
RGB-T, RGB-D, RGB-E) and 4 subtasks (i.e., SOT, VOS,
MOT and MOTS).

SOT. The results of RGB SOT are presented in Tab. 1.
Our model achieves 81.3% AO and 77.3% AUC on
GOT10K (Huang, Zhao, and Huang 2019) and LaSOT (Fan,
Lin et al. 2019), respectively, surpassing the recent RGB
tracker SAM2.1++ (Videnovic et al. 2025), SUTrack (Chen,
Kang et al. 2025), and LMTrack (Xu, Zhong et al. 2025)
by 0.2%/2.2%, 0.3%/2.1%, and 1.2%/4.1%, respectively. In
addition, compared with existing unified task models, e.g.,
UTT (Ma, Shou et al. 2022), Unicorn (Yan, Jiang et al.
2022), and OmniTracker (Wang et al. 2025), SATA achieves
performance gains of 12.7%, 8.8%, and 7.9% in AUC on La-
SOT, respectively. Besides, SATA sets a new state-of-the-art
on 6 multi-modal SOT benchmarks, as illustrated in Tab. 2,
Tab. 3, and Tab. 4. On LasHeR (Li et al. 2022), Depth-
Track (Yan et al. 2021b), and VisEvent (Wang, Li et al.
2023), SATA surpassing the recent best unified modality
trackers, XTrack (Tan, Wu et al. 2025), SUTrack (Chen,
Kang et al. 2025) and FlexTrack (Tan, Shao et al. 2025), by
4.7%12.5%12.3%, 0.9%/1.4%/2.3%, and 0.5%/0.8%/1.4% in
PR, respectively.

MOT. We report the results of RGB MOT in Tab. 5. Our



VisT300 VTUAV

Modality-specific methods

STM (Oh, Lee et al. 2019) 604 579 62.8] - - -
STCN (Cheng et al. 2021) 714 744 73.8| 655 61.0 69.9
STCN-T (Cheng et al. 2021) 723 - - - - -
TBD (Cho, Lee et al. 2022) 70.5 68.3 72.6| - -

CFBI+ (Yang et al. 2021) 74.1 71.8 764| - - -
AlpahRefine (Yan et al. 2021a) - - - 659 599 719
AOT (Yang, Wei et al. 2021) 76.8 740 79.6| - - -
AOT-B (Yang, Wei et al. 2021) - - - 81.8 77.7 858
AOT-L (Yang, Wei et al. 2021) - - - 82.0 775 86.5
XMem (Cheng and Schwing 2022) 7577 733 78.0] 69.1 65.1 73.1
XMem-T (Cheng and Schwing 2022) 779 - - - - -
ViTNet (Yang et al. 2023) 81.9 79.2 845| 76.7 729 80.8
Architecture-shared methods

X-Prompt (Guo, Li et al. 2024) [ 842 817 86.7] 87.3 B82.8 OI.8
SATA | 874 84.5 90.3| 88.5 844 92.6

Table 8: Comparisons on RGB-Thermal VOS.

ARKitTrack VTUAV

Modality-specific methods

STCN (Cheng et al. 202T) 537 49.8 57.5] 474 450 49.8
ARKIitVOS (Zhao et al. 2023) 66.2 62.5 69.8] - - -
XMem (Cheng and Schwing 2022) 71.6 68.5 74.6] 542 59.0 494
DeAOT (Yang and Yang 2022) 72.6 70.0 75.3| - - -
AOT-L-Swin (Yang, Wei et al. 2021) 778 75.0 80.7| - - -
AOT-B (Yang, Wei et al. 2021) - - - 62.3 649 59.6
DeAOT (Yang and Yang 2022) - 633 653 614
LLE-VOS (Li et al. 2024b) - - - 67.8 702 654
X-Prompt (Guo, Li et al. 2024) 82.1 794 849 - - -
SATA | 851 82.8 87.4| 714 73.6 69.1

Table 9: Comparisons on RGB-Depth/Event VOS.

SATA achieves the best MOTA and HOTA scores on Dance-
Track (Sun, Cao et al. 2022) and BDD (Yu et al. 2020).
Specifically, it outperforms all previous unified task meth-
ods, achieving an mMOTA score of 67.8% on BDD, sur-
passing Unicorn (Yan, Jiang et al. 2022), UNINEXT-H (Yan,
Jiang et al. 2023) and SAM2MOT-Co (Jiang et al. 2025) by
1.2%, 0.7%, and 10.3%, respectively. In addition, as shown
in Tab. 6, SATA achieves state-of-the-art performance on
UniRTL (Zhang et al. 2025a) with RGB-T input, outper-
forming the previous best method UnisMOT (Zhang et al.
2025a) by 5.3% in HOTA.

VOS. We present a comparison with recent advanced
RGB VOS methods in Table 7, reporting accuracy using
standard protocols. SATA shows significant improvement
over the best existing methods, achieving the highest scores
of 93.4% and 89.7% J & F on these DAVIS datasets (Pont-
Tuset et al. 2017). Besides, as presented in Table 8 and Ta-
ble 9, SATA secures the top positions on the RGB-T (Yang
et al. 2023; Zhang et al. 2022), RGB-D (Zhao et al. 2023),
and RGB-E VOS (Li et al. 2024b) benchmarks.

MOTS. We evaluate SATA’s MOTS capability on BDD
MOTS (Yu et al. 2020) As shown in Table 10, our ap-
proach outperforms existing advanced unified models, i.e.,
Unicorn (Yan, Jiang et al. 2022) and UNINEXT-H (Yan,
Jiang et al. 2023) by noteworthy margins of 8.5% and 2.4%
in mMOTSA, respectively.

Ablation Studies

In this section, we conduct component-wise analysis for a
better understanding of our method. The methods are evalu-
ated on 5 benchmarks (GOT10K (Huang, Zhao, and Huang
2019), LasHeR (Li et al. 2022), LLE-VOS (Li et al. 2024b),
UniRTL (Zhang et al. 2025a), and BDD MOTS (Yu et al.
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[ mMOTSA mMOTSP mIDF1

Task-specific methods

MaskTrackRCNN (Fu, Liu et al. 2021) 12.3 59.9 26.2
STEm-Seg (Athar et al. 2020) 12.2 58.2 25.4
QDTrack-mots (Huang et al. 2023) 22.5 59.6 40.8
PCAN (Ke et al. 2021) 27.4 66.7 45.1
VMT (Ke et al. 2022) 28.7 67.3 45.7
MASA-B (Li, Ke et al. 2024) 35.2 - 49.2
MASA-H (Li, Ke et al. 2024) 35.8 49.7
Unified task methods

Unicorn (Yan, Jiang et al. 2022) 29.6 67.7 442
UNINEXT-L (Yan, Jiang et al. 2023) 32.0 60.2 454
UNINEXT-H (Yan, Jiang et al. 2023) 35.7 68.1 48.5
SATA 38.1 72.3 524

Table 10: SOTA comparisons on RGB MOTS tasks.

Method SoT SOT VOS MOT MOTS
(AO)  (PR) (J&F)HOTA MOTSA

SATA | 81.3 77.8 71.4 59.7 38.1

DeMoE

W/o CpMoE 80.8 75.8 70.7 56.2 37.9

W/o SaMoE 81.3 753 69.3 55.3 37.7

W/o CpMoE & SaMoE 80.8 74.7 67.9 56.1 37.7

W/o Lmor 80.7 752 70.2 58.4 36.9

TaMOT

W/o CGM 785 743 68.7 - -

W/o fine-grained memory 80.7 75.3 69.2 56.7 34.1

W/o spatiotemporal memory 79.7 75.8 67.4 57.5 30.7

W/o MEM 79.5 74.3 67.0 54.2 29.1

Table 11: Ablation studies on DeMoE and TaMOT.

2020)) from 4 subtasks (SOT, VOS, MOT, MOTYS).

Decoupled Mixture-of-Expert. To investigate the im-
pact of our proposed DeMOoE, several versions of our pro-
posed method are provided, including @: Removing the Cp-
MokE sub-module in DeMoE. @: Removing the SaMoE sub-
module in DeMoE. ®: Removing the CpMoE and SaMoE
sub-modules in DeMoE. @: Removing the MoE loss Lyjog
in DeMoE. As can be seen in Table 11, the performance
degrades significantly after removing CpMoE or SaMoE
sub-modules in multi-modal subtasks, which demonstrates
the effectiveness of the proposed DeMoE in handling any
modality input.

Task-aware MOT pipeline. To further verify the effec-
tiveness of the proposed TaMOT, several variants are de-
signed, including @: Removing the CGM. ®: Removing
the fine-grained memory. ®: Removing the spatiotemporal
memory. @: Removing the MEM. As shown in Table 11,
comparative results indicate that keeping track of all poten-
tial objects can further improve the robustness of SOT and
VOS tasks. Besides, the tracking performance experiences
a significant decline upon the ablation of fine-grained mem-
ory or spatiotemporal memory, which confirms the necessity
of the comprehensive trajectory information incorporated in
TaMOT for accurate instance matching.

Conclusion

In this paper, we propose a universal tracking and segmen-
tation framework, referred to as SATA, which is capable of
processing inputs from any modality and predicting results
for a wide range of tracking and segmentation subtasks with
a fully shared network architecture, model weights, and in-
ference pipeline. Extensive experiments on 18 challenging
benchmarks demonstrate that SATA achieves superior per-
formance across these tasks. We hope that SATA can lay a
solid foundation for future research on AGI.
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