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Abstract

Recent advances in transformer-based lightweight object
tracking have established new standards across benchmarks,
leveraging the global receptive field and powerful feature ex-
traction capabilities of attention mechanisms. Despite these
achievements, existing methods universally employ sparse
sampling during training—utilizing only one template and
one search image per sequence—which fails to comprehen-
sively explore spatiotemporal information in videos. This
limitation constrains performance and causes the gap be-
tween lightweight and high-performance trackers. To bridge
this divide while maintaining real-time efficiency, we propose
STDTrack, a framework that pioneers the integration of reli-
able spatiotemporal dependencies into lightweight trackers.
Our approach implements dense video sampling to maximize
spatiotemporal information utilization. We introduce a tem-
porally propagating spatiotemporal token to guide per-frame
feature extraction. To ensure comprehensive target state rep-
resentation, we design the Multi-frame Information Fusion
Module (MFIFM), which augments current dependencies
using historical context. The MFIFM operates on features
stored in our constructed Spatiotemporal Token Maintainer
(STM), where a quality-based update mechanism ensures in-
formation reliability. Considering the scale variation among
tracking targets, we develop a multi-scale prediction head
to dynamically adapt to objects of different sizes. Extensive
experiments demonstrate state-of-the-art results across six
benchmarks. Notably, on GOT-10k, STDTrack rivals certain
high-performance non-real-time trackers (e.g., MixFormer)
while operating at 192 FPS (GPU) and 41 FPS (CPU).

Introduction
Visual object tracking, a cornerstone task in computer vi-
sion, aims to continuously localize arbitrary objects in video
sequences based on their initial states. This technology finds
widespread applications in autonomous driving systems,
pedestrian detection, and unmanned aerial vehicle (UAV)
operations. However, prior research has predominantly fo-
cused on enhancing tracker accuracy at the expense of oper-
ational efficiency (Wei et al. 2023; Chen et al. 2023; Cai
et al. 2023; Shi et al. 2024; Xu et al. 2025), rendering
most high-performance trackers impractical for deployment
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Figure 1: Comparison of our STDTrack with others on the
AVisT dataset (Noman et al. 2022) on a CPU. The success
score (AUC) (vertical axis) and speed (horizontal axis) are
shown. Our tracker achieves substantial accuracy improve-
ment over other state-of-the-art efficient trackers.

in resource-constrained environments. Although numerous
lightweight tracking models and methodologies have been
proposed (Chen et al. 2022; Blatter et al. 2021; Zaveri et al.
2025), existing efficient trackers typically exhibit significant
performance degradation, resulting in a substantial perfor-
mance gap compared to mainstream non-real-time counter-
parts.

Early researchers attempt to develop real-time trackers
predominantly focused on CNN-based architectures (Yan
et al. 2021b; Borsuk et al. 2022), achieving notable compu-
tational efficiency. However, these approaches suffer from
insufficient interaction between template and search re-
gions, often leading to suboptimal tracking accuracy. To ad-
dress this limitation, transformer has been introduced into
lightweight trackers to enhance model performance through
template-guided feature extraction (Zheng et al. 2024a;
Gopal and Amer 2024). However, there is still a significant
performance gap compared to state-of-the-art non-real-time
trackers. In this work, we aim to bridge the performance
gap between lightweight and advanced non-real-time track-
ers while maintaining real-time capability.

We observe that existing lightweight trackers primarily
improve performance by enhancing feature extraction ca-
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pabilities (e.g., FERMT (Zheng et al. 2024a) boosts fea-
ture representation through optimized relational modeling
in attention mechanisms). These methods typically sample
only one template and one search image per sequence dur-
ing training, resulting in underutilization of spatiotempo-
ral features through sparse sampling. To address this issue,
we propose STDTrack - an innovative lightweight tracking
framework incorporating reliable spatiotemporal dependen-
cies. Specifically, our method implements dense sampling of
video sequences during training to enhance dataset utiliza-
tion. For each sampled frame, we introduce a spatiotemporal
token to encapsulate target-specific information. To fully ex-
ploit spatiotemporal correlations and enable historical state
guidance for current frame tracking, we propose a Multi-
frame Information Fusion Module (MFIFM).

Furthermore, to enhance the reliability of spatiotemporal
dependencies, we construct a Spatiotemporal Token Main-
tainer (STM) that dynamically assesses the quality of all to-
kens and prunes the lowest-quality ones upon the introduc-
tion of new tokens. This mechanism ensures persistent guid-
ance from historically reliable dependencies during track-
ing, significantly improving operational stability and ro-
bustness. Additionally, we devise a multi-scale prediction
head to enhance target size adaptability of the tracker, while
employing structural re-parameterization techniques (Ding
et al. 2021; Chu, Li, and Zhang 2022) during inference to
mitigate computational overhead caused by increased pa-
rameters.

Based on the above work, our approach achieves substan-
tial performance improvements while maintaining real-time
capability. As illustrated in Figure 1, our proposed STD-
Track attains an AUC of 53.9% on the AVisT benchmark,
surpassing the recent state-of-the-art tracker S-Small (Za-
veri et al. 2025) by 6%. Meanwhile, STDTrack outperforms
the high-performance tracker ToMP-50 (Mayer et al. 2022)
while running 2.8× faster.

Our main contributions are summarized as follows:

• We propose a novel lightweight tracking framework
STDTrack that integrating reliable spatiotemporal depen-
dencies during tracking. Compared to related work, for
the first time, we incorporate continuous spatiotemporal
information into lightweight tracking model.

• To obtain reliable spatiotemporal dependencies, we de-
sign a Multi-frame Information Fusion Module (MFIFM)
to exploit contextual information across video sequences.
Concurrently, a Spatiotemporal Token Maintainer (STM)
is constructed to enhance the reliability of propagated de-
pendencies.

• A multi-scale prediction head is proposed to improve the
tracker’s adaptability to targets of varying sizes.

• Extensive experiments demonstrate that our tracker
achieves outstanding performance, attaining SOTA re-
sults among real-time trackers across multiple bench-
marks. Notably, our STDTrack even surpasses the high-
performance tracker MixFormer on the GOT-10k dataset.

Related Work
Visual Object Tracking based on Transformer. In
the early stage of visual tracking research, practitioners
predominantly employed shared-parameter Siamese net-
works (Bertinetto et al. 2016; Li et al. 2018) to extract target
and search region features respectively, followed by cross-
correlation operations for target localization. However, these
methods inherently suffer from insufficient template-search
interaction, fundamentally limiting their potential for high-
performance tracking. Recent advancements in transformer
architectures (Dosovitskiy et al. 2021; Liu et al. 2021) have
catalyzed a paradigm shift, with increasing research efforts
dedicated to constructing transformer-based tracking frame-
works.

STARK (Yan et al. 2021a) enhances template-search in-
teraction by integrating transformer modules after CNN-
based feature extraction. SwimTrack (Lin et al. 2021) devel-
ops a SwinTransformer-based feature representation extrac-
tor and a motion-aware fusion module, explicitly incorporat-
ing motion cues during feature aggregation. ARTRack (Wei
et al. 2023) adopts an encoder-decoder architecture to di-
rectly decode target location from visual features and co-
ordinate tokens. ARTrackV2 (Bai et al. 2024) extends this
through joint trajectory-appearance autoregression, simulta-
neously predicting target positions and reconstructing tar-
get appearance to boost performance. ODTrack (Zheng et al.
2024b) leverages densely sampled video-clip and two tem-
poral token propagation attention mechanisms to capture
spatiotemporal information. HIPTrack (Cai, Liu, and Wang
2024) maintains a memory bank updated via a FIFO strat-
egy, enabling the model to utilize historical cues for more ac-
curate tracking. SPMTrack (Cai, Liu, and Wang 2025) pro-
poses TMoE, introducing dynamic expert routing for adap-
tive relation modeling while enabling parameter-efficient
fine-tuning. Despite their remarkable accuracy, these meth-
ods predominantly employ parameter-intensive architec-
tures requiring GPU acceleration, limiting their applicability
to lightweight trackers. To address these challenges, we de-
sign a video-level tracking framework that is more suitable
for lightweight applications. Our model effectively captures
spatiotemporal information with negligible sacrifice in infer-
ence speed.

Efficient Tracking Network. Increasing research efforts
have been directed toward developing lightweight track-
ing models capable of real-time operation on resource-
constrained platforms. LightTrack (Yan et al. 2021b) pio-
neers the application of neural architecture search (NAS)
for object tracking, designing a lightweight search space
and a dedicated search pipeline for tracking scenarios.
FEAR (Borsuk et al. 2022) proposes a lightweight tracker
with a novel dual-template representation for object model
adaptation. HCAT (Chen et al. 2022) constructs a feature
fusion network comprising a feature sparsification module
and a hierarchical cross-attention transformer, which main-
tains competitive performance while reducing the compu-
tational amount. MixformerV2 (Cui et al. 2023) employs
knowledge distillation to yield a more unified and efficient
tracker. FERMT (Zheng et al. 2024a) introduces a non-
deep feature extraction strategy within the backbone net-

8979



#1#1

#3#3

#2#2

P
at

ch
 E

m
b

ed
d

in
g 

an
d

 C
o

n
ca

te
n

at
io

n

c
Transformer 

Encoder

T
im

el
in
e

MFIFM

STM

Multi-scale 
Prediction 

Head

T

c
Transformer 

Encoder

Multi-scale 
Prediction 

Head

T

c
Transformer 

Encoder
Multi-scale 
Prediction 

Head

Search region

Template

MFIFM: Multi-frame Information Fusion ModuleSTM: Spatiotemporal Token Maintainer

T TemplateT Template

c Concatenationc Concatenation

Spatio-temporal TokenSpatio-temporal Token Template TokenTemplate Token Search TokenSearch Token

Matrix MultiplicationMatrix Multiplication Element-wise MultiplicationElement-wise Multiplication Element-wise AddElement-wise Add

Update

P
at

ch
 E

m
b

ed
d

in
g 

an
d

 C
o

n
ca

te
n

at
io

n
P

at
ch

 E
m

b
ed

d
in

g 
an

d
 C

o
n

ca
te

n
at

io
n

STM

MFIFM

MFIFM

STM

S
o
fr

m
ax

#1#1

#2#2

#3#3

Tracking results

#1

#2

#3

Tracking results

mask

Search region

Search region

S
o
fr

m
ax

S
o
fr

m
ax

mask

mask

Update

Update

#1#1

#3#3

#2#2

P
at

ch
 E

m
b

ed
d

in
g 

an
d

 C
o

n
ca

te
n

at
io

n

c
Transformer 

Encoder

T
im

el
in
e

MFIFM

STM

Multi-scale 
Prediction 

Head

T

c
Transformer 

Encoder

Multi-scale 
Prediction 

Head

T

c
Transformer 

Encoder
Multi-scale 
Prediction 

Head

Search region

Template

MFIFM: Multi-frame Information Fusion ModuleSTM: Spatiotemporal Token Maintainer

T TemplateT Template

c Concatenationc Concatenation

Spatio-temporal TokenSpatio-temporal Token Template TokenTemplate Token Search TokenSearch Token

Matrix MultiplicationMatrix Multiplication Element-wise MultiplicationElement-wise Multiplication Element-wise AddElement-wise Add

Update

P
at

ch
 E

m
b

ed
d

in
g 

an
d

 C
o

n
ca

te
n

at
io

n
P

at
ch

 E
m

b
ed

d
in

g 
an

d
 C

o
n

ca
te

n
at

io
n

STM

MFIFM

MFIFM

STM

S
o
fr

m
ax

#1#1

#2#2

#3#3

Tracking results

#1

#2

#3

Tracking results

mask

Search region

Search region

S
o
fr

m
ax

S
o
fr

m
ax

mask

mask

Update

Update

Figure 2: The architecture of our STDTrack framework. It comprises four components: a transformer encoder for feature
extraction, a Multi-frame Information Fusion Module (MFIFM) that enhances and refines spatiotemporal representations, a
Spatiotemporal Token Maintainer (STM) for preserving high-quality temporal dependencies and an adaptive multi-scale pre-
diction head.

work and proposes a Dual Attention Unit (DAU) to address
the performance degradation caused by model lightweight-
ing. ORTrack (Wu et al. 2025) is designed for UAV tracking,
integrating occlusion-robust representations and proposing
an Adaptive Feature-Based Knowledge Distillation (AFKD)
method to enhance accuracy and efficiency.

However, a performance gap persists between these
lightweight trackers and high-performance counterparts. In
this work, we focus on bridging this divide while main-
taining real-time capability. To this end, we propose to ex-
ploit spatiotemporal features inherent in video sequences by
incorporating reliable spatiotemporal dependencies during
tracking, thereby significantly narrowing the accuracy gap
while ensuring efficient computation.

Approach

We introduce STDTrack, a lightweight tracking framework
that combines spatiotemporal dependencies, as shown in
Figure 2. In this section, we elaborate on the specific com-
ponents of our model: transformer encoder, Multi-frame In-
formation Fusion Module (MFIFM), Spatiotemporal Token
Maintainer (STM) and the multi-scale prediction head.

Overview
The proposed STDTrack framework uses densely sampled
video sequences, taking one template and video-clip as in-
puts. Unlike previous lightweight trackers that employ static
training paradigms, our method adopts a dynamic training
strategy where historical spatiotemporal tokens from pre-
ceding timesteps are preserved and propagated temporally
to assist in current-frame localization. As depicted in Fig-
ure 2, after feature extraction via the transformer encoder,
spatiotemporal tokens are fed into the Multi-frame Informa-
tion Fusion Module (MFIFM). This module leverages his-
torically preserved dependencies in the Spatiotemporal To-
ken Maintainer (STM) to refine and enhance feature repre-
sentations. The augmented tokens are subsequently stored
in the STM as compressed temporal context. Concurrently,
we apply a mask-based search tokens enhancement mech-
anism guided by the spatiotemporal tokens, with the rein-
forced search tokens ultimately driving target localization
predictions.

Transformer Encoder
The transformer encoder processes template tokens, search
tokens, and spatiotemporal tokens as inputs. For each frame,
we introduce a spatiotemporal token to summarize target-

8980



Figure 3: Architecture of MFIFM. This module fuses the
spatiotemporal feature vectors {Ft}Nt=1 (summarizing target
information per frame) into an augmented representation F ′′

t
through temporal propagation of historical dependencies.

specific information. Specifically, template and search im-
age undergo patch embedding and linear projection to gen-
erate template tokens and search tokens, denoted as fz ∈
RNz×D and fx ∈ RNx×D respectively. Here, Nz =
HzWz/P

2, Nx = HxWx/P
2 and P is the resolution

of each patch. Learnable positional encoding are added to
each token to provide relative positional information. Subse-
quently, spatiotemporal tokens, template tokens, and search
tokens are concatenated and fed into the transformer encoder
for representation learning. Note that for the first frame, we
instantiate the spatiotemporal token as a learnable vector.

Multi-frame Information Fusion Module
During continuous tracking, historical target states capture
appearance and morphological dynamics over time. By in-
corporating such historical context into current-frame track-
ing, the model gains enhanced perception of target varia-
tions, thereby improving localization accuracy. We there-
fore propose the Multi-frame Information Fusion Module
(MFIFM), designed to endow the current spatiotemporal to-
ken with awareness of historical target states. Specifically,
the MFIFM processes the spatiotemporal token Ft from the
transformer encoder alongside historically preserved feature
vectors {Ft−1, ..., Ft−N+1} from the STM (detailed in next
section). As illustrated in Figure 3, fixed positional encod-
ing (Vaswani et al. 2017) are added to all tokens to preserve
spatial ordering relationships. These tokens then undergo
layer normalization before being processed by a multi-head
self-attention layer. Leveraging the global modeling capa-
bility of attention mechanisms, each token perceives his-
torical target states to obtain preliminarily enhanced tokens
{F’t}Nt=1. Subsequently, multi-head cross-attention facili-
tates interaction between the current token F ′

t and {F’t}Nt=1,
yielding the final enhanced spatiotemporal token F ′′. The
process in the MFIFM can be described as:

Fin = LN({Ft}Nt=1 + Pfix)

{F’t} = LN(MSA(Q = Fin,K = Fin, V = Fin))

F ′′
t = LN(MCA(Q = F ′

t ,K = {F’t} , V = {F’t}))
(1)

where Pfix represents the fixed positional encoding. To pre-
vent this module from introducing excessive parameters that

would compromise inference speed, we employ only a sin-
gle self-attention layer and a single cross-attention layer.

Mask-based Enhancement
Before feeding the search token into the prediction head,
we perform a mask-based feature enhancement operation to
highlights the target regions in the search area while sup-
pressing background interference, thereby enabling the pre-
diction head to better perceive the target and generating
more accurate tracking results (as validated in the ablation
study).

As shown in Figure 2, we generate the mask using
MFIFM-enhanced spatiotemporal token and apply it to the
search region features. Since the enhancement process in-
corporates spatiotemporal tokens, the prediction results are
guided by spatiotemporal information, which also helps the
model condense more reliable spatiotemporal dependencies
during updates. A residual connection is employed to pre-
vent information loss.

Spatiotemporal Token Maintainer
Quality assessment and filtering of spatiotemporal infor-
mation are crucial during integration. Indiscriminately in-
troducing dependencies would allow low-quality informa-
tion to cause misjudgments of the target’s current state,
compromising tracking performance. We therefore devise a
mechanism to harvest reliable spatiotemporal dependencies
while dynamically pruning inferior features generated dur-
ing tracking.

We construct a Spatiotemporal Token Maintainer (STM)
of length N to archive spatiotemporal tokens generated dur-
ing tracking. At each timestep, the enhanced spatiotemporal
token F ′′

t from MFIFM and the score map produced by the
prediction head are recorded in this maintainer. Since the
final tracking result is determined by the maximum confi-
dence value in the score map, the map directly reflects the
quality of the current spatiotemporal token. We propose us-
ing target-background saliency as the criterion for assess-
ing spatiotemporal feature quality. Specifically, after track-
ing the current frame, we compute the ratio of the maximum
confidence value to the sum of all values in the score map as
the quality Q:

Qt =
max(score)∑H

i=1

∑W
j=1 scoreij

(2)

where the resolution of score map is (H,W ). A higher Q
indicates greater target saliency in the prediction map, signi-
fying more reliable spatiotemporal dependencies. When the
STM has not reaches its maximum capacity N , new tokens
are stored directly. At full capacity, newly generated token is
recorded while the maintainer simultaneously prunes the to-
ken with the lowest recorded Q among existing entries. This
update strategy ensures our model persistent access to the N
most reliable spatiotemporal dependencies during tracking.

Multi-scale Prediction Head
Contemporary trackers predominantly employ dual-branch
(regression and classification) convolutional prediction
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Figure 4: RepConv block design. (a) Standard Conv block
in the center head (Ye et al. 2022). (b) Our proposed Rep-
Conv block employing structural re-parameterization tech-
nique. During inference, this technique merges multi-branch
convolutional layers into a single convolution operation.

heads (Ye et al. 2022; Zheng et al. 2024a). The classifica-
tion branch predicts target center locations, while the re-
gression branch estimates bounding-box offsets relative to
the center. We observe that homogeneous convolutional ker-
nel sizes in these heads restrict scale adaptability, causing
suboptimal performance on targets of varying dimensions
(e.g., small objects). To address this limitation, we propose
a multi-scale prediction head that captures multi-scale rep-
resentations during training, enhancing robustness to scale
variations. As illustrated in Figure 4 (a), our head comprises
stacked RepConv blocks. Within each block, we integrate
additional 1 × 1 and 5 × 5 convolutional pathways to ex-
tract complementary features, subsequently fused through
element-wise summation. The aggregated features finally
used to generate a score map for classification branch, and
local offsets and normalized bounding-box size for regres-
sion branch.

However, directly adding convolutional pathways would
introduce excessive computational load, adversely affect-
ing inference speed. We therefore utilize structural re-
parameterization to merge multi-branch architectures into a
single branch during inference. This mathematically equiv-
alent transformation preserves model performance without
compromise. For the proposed RepConv block, we first ex-
pand all convolution kernels to 5 × 5 dimensions through
zero-padding to prepare for subsequent kernel fusion. Next,
we consolidate the equivalent 5× 5 convolution kernels and
bias terms. Finally, we integrating convolution and batch-
norm layer. This process is formally expressed as:

K̂
(1)
:,:,i,j =

{
K(1) i = 2, j = 2

0 otherwise

K̂
(3)
:,:,i,j =

{
K

(3)
:,:,i,j 1 ≤ i ≤ 3, 1 ≤ j ≤ 3

0 otherwise

K̂(5) = K(5)

(3)

Kmerged = K̂(1) + K̂(3) + K̂(5)

bmerged = b̂(1) + b̂(3) + b̂(5)
(4)

K̂merged =
γ√

σ2 + ϵ
·Kmerged

b̂merged = β +
γ · (bmerged − µ)√

σ2 + ϵ

(5)

where K̂ denote the expanded convolution kernel. µ, σ2, γ,
β are the running mean, running variance, and learned scal-
ing factor and bias of the BN layer. ϵ is a small positive con-
stant.

Training Loss
The loss function combines focal loss (Lin et al. 2017) for
classification with L1 loss and GIoU loss (Rezatofighi et al.
2019) for regression, formally expressed as:

Ltotal = λclsLcls + λgiouLgiou + λ1L1 (6)

where λcls, λgiou and λ1 represent the weight values of each
loss function.

Experiments
Implementation Details
Our tracker is implemented using Python 3.9.7 and PyTorch
2.0.0. All models were trained on a single NVIDIA GeForce
RTX 4090.

Training. During training, we implement dense sampling
of video sequences to provide richer spatiotemporal in-
formation. The maximum sampling interval is set to 200,
with a video clip length of 8 frames. Video clips are re-
versed with 0.5 probability as a data augmentation strat-
egy to enhance model robustness. The training dataset com-
prises GOT-10k (Huang, Zhao, and Huang 2021), Track-
ingNet (Müller et al. 2018), LaSOT (Fan et al. 2018), and
COCO (Lin et al. 2014). We employ ViT-tiny (Gao et al.
2024) as our transformer encoder. Search images are resized
to 256×256, while template is resized to 128×128 as model
inputs. We optimize model parameters using AdamW with
differential learning rate: 4e-5 for the transformer encoder
and 4e-4 for the rest, coupled with 1e-4 weight decay. Train-
ing proceeds for 500 epochs, with learning rate decay initiat-
ing at epoch 400. For fair evaluation on GOT-10k, we adhere
to the one-shot protocol, exclusively training on GOT-10k
for 100 epochs and initiating decay at epoch 80.

Inference. During inference, the model first applies struc-
tural re-parameterization to transform the prediction head
into the optimized architecture shown in Figure 4 (b), en-
hancing computational efficiency. Spatiotemporal tokens are
continuously extracted and stored in the STM. Upon reach-
ing maximum capacity, the STM dynamically updates stored
tokens based on quality assessments to ensure reliable de-
pendencies. A Hanning window is applied to the predicted
score map for motion trajectory smoothing. Our STDTrack
achieves real-time performance at 41 FPS on CPU platforms
and 192 FPS on GPU devices.

Comparison with the SOTA
We evaluate our STDTRack on 6 challenging bench-
marks: GOT-10k (Huang, Zhao, and Huang 2021), Track-
ingNet (Müller et al. 2018), LaSOT (Fan et al. 2018),
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Method Source GOT-10k∗ TrackingNet LaSOT Speed(fps)
AO SR0.5 SR0.75 AUC Pnorm P AUC Pnorm P GPU CPU

CPU non-real-time Methods
STARK-ST50 ICCV21 68.0 77.7 62.3 81.3 86.1 - 66.6 - - 120 16

TransT CVPR21 67.1 76.8 60.9 81.4 86.7 80.3 64.9 73.8 69.0 157 3
MixFormer-22k CVPR22 70.7 80.0 67.8 83.1 88.1 81.6 69.2 78.7 74.7 106 8
OSTrack256 CVPR22 71.0 80.4 68.2 83.1 87.8 82.0 69.1 78.7 75.2 145 14
ARTrack256 CVPR23 73.5 82.2 70.9 84.2 88.7 83.5 70.4 79.5 76.6 62 5

ROMTrack256 ICCV23 72.9 82.9 70.2 83.6 88.4 82.7 69.3 78.8 75.6 99 10
EVPTrack224 AAAI24 73.3 83.6 70.7 83.5 88.3 - 70.4 80.9 77.2 112 12
LMTrack256 AAAI25 76.3 87.1 73.9 84.2 89.0 82.8 69.8 79.2 76.3 101 8
SPMTrack-B CVPR25 76.5 85.9 76.3 86.1 90.2 85.6 74.9 84.0 81.7 - -

CPU real-time Methods
LightTrack CVPR21 61.1 71.0 - 72.5 77.8 69.5 53.8 - 53.7 91 40

STARK-Lighting ICCV21 59.6 69.6 47.9 72.7 77.9 67.4 57.8 66.0 57.4 234 63
FEAR-XS ECCV22 61.9 72.2 - - - - 53.5 - 54.5 252 85
HCAT-B ECCV22 65.1 76.5 56.7 76.6 82.6 72.9 59.3 68.7 61.0 371 21

MixFormerV2-S NIPS23 - - - 75.8 81.1 70.4 60.6 69.9 60.4 312 50
SMAT WACV24 64.5 74.7 57.8 78.6 84.2 75.6 61.7 71.1 64.6 168 36

FERMT ECCV24 69.6 80.1 63.2 80.8 85.9 78.1 65.1 74.6 69.1 225 46
S-Small WACV25 64.6 75.1 - 78.4 83.5 74.6 60.7 - 62.2 254 45

STDTrack ours 71.3 81.6 66.2 81.4 86.1 79.0 67.3 77.3 72.2 192 41

Table 1: Comparison on three test set of GOT-10k, Trackingnet, and LaSOT. ∗ denotes models that are trained exclusively on
the GOT-10k dataset. The best two results are in bold and underline, respectively.

AVisT (Noman et al. 2022), NFS(Galoogahi et al. 2017), and
UAV123 (Mueller, Smith, and Ghanem 2016). To ensure fair
comparison, we use the same evaluation metrics as (Zheng
et al. 2024a), and all inference speed results are measured
under identical hardware configurations.

GOT-10k. GOT-10k is a large-scale, generic object track-
ing benchmark containing over 10,000 videos with more
than 1.5 million manually annotated bounding boxes. It fea-
tures a diverse taxonomy of 563 object classes and empha-
sizes motion diversity to reflect real-world tracking chal-
lenges. As shown in Tab. 1, STDTrack achieves state-
of-the-art performance among real-time trackers, surpass-
ing the previous best method FERMT by 1.7% in AO.
Notably, STDTrack outperforms the recent non-real-time
tracker MixFormer while operating 1.8× faster on GPU and
5× faster on CPU platforms.

TrackingNet. TrackingNet offers an extensive dataset for
large-scale training and evaluation of visual object trackers.
It comprises over 30,000 videos with more than 14 mil-
lion dense bounding box annotations. Its scale and diver-
sity in object categories, scenes, and motion patterns make it
suitable for assessing performance across varied real-world
scenarios. As evidenced in Tab. 1, our STDTrack surpasses
the real-time tracker S-Small by significant margins, outper-
forming 2.0%, 2.6%, and 4.4% in terms of AUC, normalized
precision and precision. Simultaneously, it achieves com-
petitive performance against non-real-time trackers (e.g.,
STARK-ST50, TransT (Chen et al. 2021)), demonstrating
exceptional generalization capability and robustness.

LaSOT. LaSOT is a high-quality benchmark specifically

Method Source AVisT NFS UAV123
LightTrack CVPR21 40.4 56.5 61.7

STARK-Lighting ICCV21 - 59.6 62.0
FEAR-XS ECCV22 38.7 48.6 61.0
HCAT-B ECCV22 41.8 61.9 63.6

MixFormerV2-S NIPS23 39.6 61.0 63.4
SMAT WACV24 44.7 62.0 64.3

FERMT ECCV24 - 65.1 67.5
ORTrack CVPR25 - - 66.4
S-Small WACV25 47.9 62.4 68.1

STDTrack ours 53.9 65.3 68.4

Table 2: Comparison of AUC metric on AVisT, NFS, and
UAV123. The best two results are in bold and underline,
respectively.

designed for long-term tracking evaluation. It contains 1400
sequences with an average length of over 2500 frames.
As presented in Tab. 1, our tracker establishes new SOTA
among real-time methods. Compared to the latest method
S-Small, we achieve significant improvements of 6.6% in
AUC and 10% in precision (P), thereby validating the ef-
fectiveness of spatiotemporal feature integration within our
framework.

AVisT, NFS and UAV123. AVisT is a highly challeng-
ing benchmark comprising 120 video sequences. It in-
volving tracking object under extreme weather conditions
such as heavy rain, heavy snow, and sandstorms. NFS is a
benchmark designed for evaluating trackers under fast mo-
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# Method Params (M) FLOPs (G) FPS (CPU) GOT-10k
∆(%)

AO(%) SR0.5(%) SR0.75(%)
1 Baseline 8.1 2.38 54 69.2 79.6 64.8 -
2 + spatiotemporal token 8.1 2.41 48 69.5 79.3 65.8 + 1.0
3 + MFIFM 8.4 2.41 45 70.2 80.4 65.7 + 2.7
4 + mask-based enhancement 8.4 2.41 45 70.7 80.7 66.5 + 4.3
5 + multi-scale head 15.6 3.54 41 71.3 81.6 66.2 + 5.5

Table 3: Ablation Study on GOT-10k. We incrementally integrating proposed modules into the baseline to quantify their con-
tributions. ∆ denotes the overall change of the three metrics against the baseline.

STM update mechanism AO(%) SR0.5(%) SR0.75(%)
First-in first-out 71.0 81.4 65.6
Quality-based 71.3 81.6 66.2

Table 4: Comparison of different STM update mechanism
on GOT-10k.

tion and motion blur challenges. This dataset includes 100
challenging videos with accurate bounding boxes, focus-
ing on scenarios where rapid target movement is the pri-
mary difficulty. UAV123 is a benchmark captured from a
low-altitude aerial perspective using UAVs, which contains
123 video sequences. These three datasets represent out-of-
distribution (OOD) scenarios not encountered during train-
ing. As evidenced in Tab. 2, our STDTrack achieves SOTA
performance across all benchmarks. Notably, it attains a
6.0% AUC improvement over the previous SOTA on AVisT,
demonstrating exceptional generalization capability.

Ablation Study
Importance of spatiotemporal token. We first train a base-
line model devoid of any proposed modules, which performs
tracking using only an initial template and search image. We
then introduce a spatiotemporal token to provide temporal
context. The token generated in the current frame propagates
to subsequent frames to guide feature extraction. From the
first and second rows of Tab. 3, it can be observed that model
performance improves after adding spatiotemporal token,
validating the effectiveness of our token design.

Study on MFIFM. The Multi-frame Information Fu-
sion Module (MFIFM) is one of the critical components in
our model. It integrates the target’s historical information
into the current spatiotemporal dependencies, enabling the
model to maintain a comprehensive understanding of the tar-
get’s previous states during tracking. To further evaluate the
effectiveness of this module, we conducted an ablation study
to investigate its impact on model performance. As shown
in row 2 and row 3 of Tab. 3, MFIFM achieves a substantial
performance gain with only a minimal increase in parame-
ters and computational cost. Specifically, it achieves gains
of 0.7% and 1.1% on the AO and SR0.5 metrics, respec-
tively. The results demonstrate that providing the model with
richer historical information enhances its perception of the
target’s appearance variations throughout the tracking pro-
cess, thereby contributing to more precise tracking.

# capacity AO(%) SR0.5(%) SR0.75(%)
1 2 69.6 79.3 65.4
2 4 70.9 81.2 65.9
3 6 71.3 81.6 66.2
4 8 69.9 79.9 65.2

Table 5: Comparison of different STM capacities on GOT-
10k.

Effectiveness of mask-based enhancement. To maxi-
mize the utility of the spatiotemporal tokens obtained from
the current frame, we do not directly feed the output features
from the transformer encoder into the prediction head. In-
stead, we first enhance these features using the spatiotempo-
ral tokens, and then employ the enhanced features for target
localization. As illustrated in Figure 2, we generate a mask
based on the interaction between the spatiotemporal token
and the search tokens. This mask serves to highlight poten-
tial target regions and suppress background distractions. The
effectiveness and feasibility of this operation are validated
by the results in rows 3 and 4 of Tab. 3. Specifically, incorpo-
rating our proposed mask-based enhancement further boosts
model performance, yielding an additional improvement of
0.5% in the AO metric.

Multi-scale prediction head. The multi-scale prediction
head enhances the model’s robustness by adapting to targets
of varying sizes through receptive fields at different scales.
To investigate its contribution, we design experiment to as-
sess its impact on performance. As shown in the forth and
fifth rows of Tab. 3, employing the multi-scale prediction
head leads to a improvement in overall performance. De-
spite the additional learnable parameters introduced by this
module, the use of structural re-parameterization limits the
inference speed penalty to a minor cost. These experimental
results demonstrate its positive impact on the overall perfor-
mance of the tracker.

The update mechanism of STM. To investigate the im-
pact of different approaches to maintaining spatiotemporal
dependencies, we designed two distinct STM update mech-
anisms. As presented in Tab. 4, we compare a First-In-First-
Out (FIFO) strategy with our proposed quality-based update
mechanism. Experimental results indicate that the quality-
based approach achieves superior performance across all
three evaluation metrics on GOT-10k. While the FIFO mech-
anism ensures the model consistently accesses the most
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Figure 5: Qualitative comparison of our STDTrack and other
SOTA trackers on LaSOT benchmark.

recent information, its lack of discriminative filtering al-
lows low-quality spatiotemporal dependencies to mislead
the model, ultimately degrading performance. In contrast,
our proposed quality-based update mechanism reliably pro-
vides the model with high-fidelity spatiotemporal dependen-
cies, effectively enhancing tracker robustness.

The capacity of STM. We design a Spatiotemporal To-
ken Maintainer (STM) to store the target’s historical state
representations across past frames. It is hypothesized that
larger STM capacity provides more comprehensive target
context for the tracker, potentially enhancing performance.
However, tracking inaccuracies in individual frames intro-
duce discrepancies between stored states and groundtruth.
These errors accumulate temporally within the maintainer.
Excessively large capacity heightens the risk of storing cor-
rupted records. We therefore conduct an ablation study on
STM capacity to identify an optimum range.As shown in
Tab. 5, the experimental results align with our hypothesis:
tracker performance improves progressively with increas-
ing STM capacity, but deteriorates rapidly beyond a certain
threshold. For this work, we select a STM capacity of 6.

Visualization
Visualization. To demonstrate the effectiveness of our
STDTrack, we compare it against three state-of-the-art
lightweight trackers on the LaSOT benchmark. As shown in
Figure 5, our approach achieves superior performance. This
advantage stems from our integration of reliable spatiotem-
poral dependencies, which provide historical target states
during challenging scenarios (e.g., distractor interference),
thereby enhancing model robustness.

Furthermore, we incrementally integrate the proposed
modules into the baseline model and compare the differ-
ences in attention heatmaps generated during tracking. As
shown in Figure 6, the first column marks the groundtruth
position of target, while each subsequent column corre-
sponds to the heatmap generated by the respective model
listed in Tab. 3. It can be observed that after incorporating
our proposed modules, the models exhibit enhanced resis-
tance to environmental distractions compared to the base-
line, allowing them to focus more accurately on the tar-
get and achieve improved tracking performance. Specifi-
cally, when the target is occluded or disturbed by similar

#0034 #0034 #0034 #0034 #0034 #0034

#0047 #0047 #0047 #0047 #0047 #0047

#0094 #0094 #0094 #0094 #0094 #0094

#0005 #0005 #0005 #0005 #0005 #0005

Groundtruth # 1 # 2 # 3 # 4 # 5

#0034 #0034 #0034 #0034 #0034 #0034

#0047 #0047 #0047 #0047 #0047 #0047

#0094 #0094 #0094 #0094 #0094 #0094

#0005 #0005 #0005 #0005 #0005 #0005

Groundtruth # 1 # 2 # 3 # 4 # 5

Figure 6: A comparison of heatmaps between the baseline
and models with the proposed modules integrated progres-
sively. Each column corresponds to a model in Tab. 3.

objects, the baseline model inevitably allocates attention to
surrounding distractors. However, as the proposed modules
are progressively added, the model gains the ability to per-
ceive spatiotemporal information, leading to a gradual con-
vergence of attention, which ultimately focuses entirely on
the target. This observation demonstrates the effectiveness
of our proposed modules and highlights the robustness and
resistance to distractors of the overall approach.

Discussion and Conclusion
In this work, we present STDTrack, the first video-level
framework designed for lightweight tracking. We densely
sample video sequences and propagate spatiotemporal fea-
tures during training, providing rich contextual informa-
tion to the model. Specifically, at each timestep, we in-
troduce a spatiotemporal token that propagates temporally
to summarize target-specific information. Furthermore, we
propose MFIFM to extend temporal perception to histor-
ical frames while adaptively enhancing current features.
The constructed STM stores frame-level spatiotemporal to-
kens and employs quality-based updates to ensure depen-
dency reliability. Additionally, our multi-scale prediction
head adapts to targets of varying dimensions. These inno-
vations collectively enable STDTrack to achieve substan-
tial improvements while maintaining real-time capability.
Extensive experiments demonstrate state-of-the-art results
across six benchmarks. We anticipate this work will inspire
future research in efficient visual tracking.

Limitations and future works. Our tracker may fail in
certain extreme scenarios, such as when the target moves
completely outside the search region or under drastic scene
changes. To address this, we plan to incorporate self-
assessment and global search mechanisms to enable recov-
ery from tracking failures. Additionally, the current model
does not employ compression methods like distillation or
pruning. Judicious application of these techniques could
make our tracker faster and more lightweight. These direc-
tions represent important avenues for our future research.
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