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Abstract

Building a unified target representation that simultaneously
achieves short-term adaptability and long-term stability is
crucial for robust visual tracking. However, existing trackers
typically face an inherent trade-off. Methods primarily rely-
ing on short-term appearance and motion cues achieve rapid
adaptation, but they often struggle with long-term identity
consistency. Conversely, trackers that emphasize extensive
temporal context provide strong robustness, yet this approach
can compromise their short-term adaptability. To bridge this
gap, we propose a novel tracker, MUTrack, which compre-
hensively integrates both long-term and short-term memories
into a unified target representation for more robust tracking.
Specifically, we design a unified memory bank that stores and
manages long-term memory for maintaining long-term iden-
tity consistency, and short-term memory for adapting to in-
stantaneous appearance changes. To fully leverage the com-
plementary nature of both long-term and short-term tempo-
ral information, we introduce a perception interaction module
that dynamically fuses these memory types through deep and
bidirectional interactions, enabling mutual refinement where
one guides the other. This ultimately generates a highly adap-
tive target representation, which effectively balances adapt-
ability to instantaneous changes with robustness against long-
term identity drift. Extensive experiments on GOT10k, Track-
ingNet, LaSOT, LaSOText, NfS, and OTB100 consistently
demonstrate that MUTrack achieves SOTA performance.

Introduction
Visual object tracking (VOT) (Bertinetto et al. 2016) is a
fundamental computer vision task that predicts a target’s po-
sition in videos given an initial state. Earlier tracking ap-
proaches (Chen et al. 2021, 2022; Hu et al. 2023; Fu et al.
2022; Hu et al. 2024) have primarily relied on an initial
static template (illustrated as the initial memory in Fig. 1(a)),
leading to limited use of contextual cues. This reliance is
unreliable when the target undergoes appearance or scale
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Figure 1: (a) The top part illustrates representative track-
ing strategies based on different temporal memories: initial
memory-based trackers (Ye et al. 2022) typically rely on
a non-adaptive initial template for target matching; short-
term memory-based trackers (Bai et al. 2024) emphasize
recent target features for rapid adaptation; while long-term
memory-based trackers (Zheng et al. 2024) focus on pre-
serving appearance continuity over extended time spans.
In contrast, unified memory-based trackers integrate these
complementary approaches to construct a more complete
and balanced target representation across time. For this il-
lustration, it is assumed that k ≤ i. (b) The bottom part
presents an overview of our proposed tracking framework.

variations. To overcome this, many trackers introduce short-
term memory (as shown in Fig. 1(a)). For instance, subse-
quent studies (Yang and Chan 2018; Zhang et al. 2019; Yan
et al. 2021) introduced template update mechanisms to adapt
to target appearance changes. However, these models de-
pend on manual parameters, resulting in limited adaptability
in dynamic scenarios. Some methods addressed these chal-
lenges by designing appearance token propagation mech-
anisms (Bai et al. 2024; Xie et al. 2024) or by incorpo-
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rating motion cues (Bai et al. 2024; Xue et al. 2024), no-
tably improving tracking robustness and performance. Al-
though these methods effectively utilize short-term mem-
ory, error accumulation during occlusions remains a critical
challenge, often causing irreversible degradation in tracking
accuracy. Some trackers (Zheng et al. 2024) have indepen-
dently integrated long-term memory (illustrated as the long-
term memory in Fig. 1(a)), enriching the target’s representa-
tion. Nevertheless, trackers relying predominantly on long-
term memory often struggle to adapt to sudden appearance
changes, making them less effective with motion blur and
severe target deformation. Consequently, it is essential to si-
multaneously exploit both long-term and short-term mem-
ory. A critical question arises: How can we efficiently
capture and exploit both types of information to enable
robust tracking?

To achieve this, we propose a novel tracking frame-
work named MUTrack. As illustrated in Fig.1(b), the
MUTrack stems from two core components: the Unified
Memory Bank(UMB) and the Perception Interaction Mod-
ule(PIM). The UMB is conceptualized as an advanced
system for managing long-term memory(LTM) and short-
term memory(STM). Far from being a simple repository,
the UMB actively manages these crucial feature streams.
For generating the LTM, we employ our innovative Sparse
Multi-scale Extractor(SME), a lightweight module inte-
grated within the UMB. The SME efficiently processes a
diverse reference frame pool through multi-scale convolu-
tional operations and specialized sampling to construct a po-
tent LTM, which captures robust, context-rich information
of the target. Simultaneously, it maintains an STM, typically
derived from a queue capturing recent appearance evolution
data, that precisely captures the target’s most current visual
state. This dual-stream management ensures that both endur-
ing and transient aspects of the target are available as rich
feature inputs, which then serve as inputs to the PIM.

The PIM serves as the very dynamic core for the intelli-
gent and adaptive fusion of these complementary memories.
Recognizing that simple concatenation or superficial mixing
is often insufficient for robust tracking, the PIM is therefore
designed to facilitate deep, hierarchical, and bidirectional in-
teractions between LTM and STM. In this synergistic, bidi-
rectional interaction, stable LTM provides historical context
to clarify and validate recent STM features. Concurrently,
the STM, representing the current state, acts as a dynamic
query to extract the most relevant long-term patterns from
LTM. The result is a synergistic, holistic, and robust unified
representation that is ultimately far more powerful than the
simple sum of its parts, especially in challenging scenarios.

• We introduce MUTrack, a unified memory-based track-
ing framework designed to achieve robust tracking by
constructing a unified and adaptive target representation.

• Our framework’s two core components are the UMB,
which captures rich target contextual information across
diverse temporal spans, and the PIM, which bidirection-
ally fuses and refines this information into a highly adap-
tive unified representation.

Related Work

Initial Memory-Based Tracking. Early object tracking ap-
proaches primarily relied on an initial template to represent
and track targets. Many offline Siamese trackers (Bertinetto
et al. 2016; Li et al. 2019) exemplify this by treating track-
ing as a matching problem between such an initial static
template and the search region. Despite their remarkable
progress, these methods primarily capture local similarity,
often overlooking valuable global context. Recent works
(Chen et al. 2021; Zheng et al. 2023; Xue et al. 2025; Ge
et al. 2025b; Li et al. 2024; Zheng et al. 2022; Ge et al.
2024, 2025a; Wang, Li, and Ge 2025; Shi et al. 2025b,a;
Wang et al. 2025, 2024b,a; Zheng et al. 2025) leverage
transformer-based architectures to enhance the modeling
of complex dependencies in visual tracking. For instance,
TransT (Chen et al. 2021) presents a transformer-based ar-
chitecture utilizing ego-context and cross-feature augmenta-
tion for robust feature fusion. While these approaches sig-
nificantly increase accuracy, their inherent dependence on a
non-adaptive initial appearance model limits their adaptabil-
ity in highly dynamic or cluttered environments.

Short-Term Memory-Based Tracking. To enhance tracker
adaptability to rapid appearance variations, various promi-
nent methods focus on two main categories: appearance evo-
lution modeling (e.g., template updates and target appear-
ance propagation) and motion modeling. AQATrack (Xie
et al. 2024) introduce novel end-to-end learnable mecha-
nisms to dynamically model target appearance evolution
over time, avoiding predefined hyperparameters for up-
date frequency or importance weighting. Beyond appear-
ance modeling, incorporating motion cues also significantly
improves short-term tracking robustness. ARTrackV2 (Bai
et al. 2024) explicitly integrate crucial temporal motion in-
formation. However, despite their notably improved adapt-
ability, these short-term memory methods still often suffer
from significant error accumulation during target occlusions
due to their inherently limited temporal span, frequently
leading to a severe and irreversible degradation in overall
tracking accuracy or complete loss of the target in prolonged
occlusions or extended out-of-view scenarios.

Long-Term Memory-Based Tracking. To overcome short-
term adaptation limits, long-term memory mechanisms have
been explored to retain historical information. While STM-
Track (Fu et al. 2021) uses spatio-temporal memory, its sep-
arate backbones increase complexity. More recently, some
trackers (Zheng et al. 2024; He et al. 2023; Hu et al. 2025;
Zeng et al. 2025; Hu et al. 2024) leverage multiple templates
to capture target evolution and select high-quality exemplars
for robust tracking. However, this heavy multi-template re-
liance can lead to significant template drift in challenging
scenarios, ultimately causing target loss.

In this work, we aim to efficiently capture and robustly
leverage both the LTM and the STM, thereby enabling real-
time tracking while consistently maintaining reliable target
representation across diverse challenging scenarios.
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Figure 2: Overview of our proposed MUTrack. The architecture comprises four main components: a Transformer Encoder
for robust visual feature extraction; the UMB, with the SME, for generating and managing the LTM and STM; the PIM for
deep, bidirectional LTM-STM interaction and refinement into a unified representation; and a prediction head for final target
localization. Green and blue bold arrows indicate how STM is refreshed with recent features and LTM is generated by SME
from an updated reference pool.

Our Method
Overview
The overall architecture of MUTrack is shown in Fig. 2. It
consists of four components: a Transformer Encoder for ro-
bust visual feature extraction, the UMB for adaptively stor-
ing and managing memory representations, the PIM for the
LTM and the STM interaction, and a prediction head for fi-
nal tracking output. First, the initial template and the search
region are effectively embedded into patch tokens via a
patch embedding operation. Meanwhile, the SME, as an in-
tegrated component of the UMB, operates on the reference
frame pool to comprehensively generate the LTM through a
specialized sampling and convolutional processing pipeline.
The initial template feature, search feature, and the LTM
are then spatially concatenated and fed into the Transformer
Encoder for joint representation learning. The resulting en-
hanced features are adaptively fused with the STM via the
PIM, forming a comprehensive unified memory. This mem-
ory is injected into search features, guiding the prediction
head for robust target localization.

Unified Memory Bank
The UMB is a fundamental component of MUTrack that ef-
ficiently manages two complementary memory streams: the
LTM and the STM. This unique and powerful dual memory
design is key to its efficacy, as it enables our framework to

maintain stable historical representations for long-term con-
sistency while effectively and continuously adapting to im-
mediate appearance changes in dynamic environments.
Sparse Multi-scale Extractor. To efficiently extract the
LTM, we introduce the SME, a lightweight module. As illus-
trated in Fig. 4, this module is designed to extract compact
and expressive multi-scale features from a carefully selected
reference frames(detailed next), enabling downstream mod-
ules to better understand the target’s historical appearance
while minimizing computational cost.

To enable efficient tracking during the inference stage,
Rpool is dynamically constructed by storing target patches
cropped from each predicted bounding box. Let {Ri}mi=1 de-
note a subset sampled from Rpool for subsequent processing.
Each reference frame Ri ∈ R3×Hz×Wz is independently
passed through three convolutional layers with kernel sizes
18 × 18, 16 × 16, and 14 × 14, respectively, yielding three
feature maps:

R(j) = Concat(R(j)
1 , . . . ,R(j)

m ), j ∈ {14, 16, 18}, (1)

The extracted features are first concatenated to yield a
multi-scale representation:

Rmulti = Concat(R(18),R(16),R(14)), (2)

To further enhance the semantic expressiveness of the ag-
gregated multi-frame features while alleviating the quadratic
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Figure 3: The structure of the Temporal Context Mixer. SA
and CA represent self-attention and cross-attention, respec-
tively. The symbols maintain the same meaning with Fig. 2.

computational cost of the subsequent Transformer Encoder,
both max pooling and average pooling are applied over
Rmulti. The results are summed to preserve rich contextual
information, and the fused feature is then passed through a
Multi-Layer Perceptron (MLP) to produce a compact repre-
sentation:

Fmulti = MLP(MaxPool(Rmulti) + AvgPool(Rmulti)),
(3)

In the meantime, we conduct the next step as follows:

Rmask
i = Rpatch

i + Pmask
i , i = 1, 2, . . . ,m, (4)

Here, Rpatch
i ∈ RC×Hz

16 ×Wz
16 denotes the patch-level features

extracted from the i-th reference frame Fi. As depicted in
the “Mask Addition” component of Fig. 2, the spatial prior
mask Pmask

i ∈ RC×Hz
16 ×Wz

16 encodes the predicted target lo-
cation in a dense spatial format and is added element-wise
to the patch features Rpatch

i , yielding the enhanced template
features F ref that explicitly incorporate target-aware posi-
tional information.

F ref = Concat(Rmask
1 , . . . ,Rmask

m ), (5)
F long = Concat(Fmulti,F ref), (6)

Subsequently, Fmulti, a compact and contextual representa-
tion, is concatenated along with F ref, forming a comprehen-
sive long-range representation F long, which serves as part of
the visual input to the subsequent Transformer Encoder.
Reference Frame Pool. To capture the temporal evolution
of the target over extended periods, we maintain a refer-
ence frame pool Rpool, which is dynamically updated during
tracking by storing template patches cropped from the pre-
dicted bounding boxes at each frame. To ensure efficient in-
ference, we directly store each cropped template without ap-
plying confidence-based filtering. This design eliminates ad-
ditional computation while relying on our sampling strategy
to maintain the overall quality and robustness of the selected
templates. We explore three distinct sampling strategies for
selecting frames from the pool: (1) Random sampling, which
randomly selects frames; (2) Recent-Consecutive sampling,
which prioritizes the most recent consecutive frames; and (3)
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Figure 4: The structure of the Sparse Multi-scale Extractor.
The symbols maintain the same meaning with Fig. 2.

Uniform sampling, which selects frames at regular intervals
to ensure broad temporal coverage.
Short-Term Memory Queue. To capture recent appear-
ance dynamics, a First-In-First-Out (FIFO) queue mecha-
nism maintains the STM. This design enables the tracker to
adapt rapidly to immediate appearance changes while pre-
serving temporal continuity. As depicted in Fig. 2, output
features from the MLP (shown in gray) update the STM at
each time step.

Formally, we define the STM queue at time step t as
Qt = {qt−nt+1, qt−nt+2, . . . , qt}, where nt ≤ k denotes
the current queue length. Here, k is a predefined maximum
capacity that dictates the temporal span of the STM. Each
element qj ∈ RNs×C is a short-term feature representing
the target’s appearance from a previous frame. At the be-
ginning of tracking (i.e., for t = 0), the queue elements are
initialized to zeros vector.

At each time step t, after obtaining the current aggregated
feature F agg ∈ RNs×C (which is the output of MLPagg as
discussed in the Temporal Context Mixer), we define the
new STM element for the current time step as qt+1 = F agg.
The update procedure is then defined as:

Qt+1 =

{
{qt−nt+2, qt−nt+3, . . . , qt, qt+1}, if nt = k

{qt−nt+1, qt−nt+2, . . . , qt, qt+1}, if nt < k
(7)

This update mechanism ensures the queue Qt+1 always
retains the min(t+ 1, k) most recent features by dequeuing
the oldest qt−nt+1 before enqueuing the newest qt+1 when
capacity k is reached. This robust, dynamic memory con-
sistently provides the Perception Interaction Module with a
relevant temporal window of recent appearance dynamics,
enabling the tracker to adapt to rapid changes and gradual
evolutions while maintaining robustness.

Transformer Encoder
To retain fine-grained spatial details in visual representation
learning, we adopt HiViT (Zhang et al. 2023) as our Trans-
former encoder. Unlike the conventional ViT (Dosovitskiy
et al. 2020), which directly applies 16 × 16 patch embed-

10775



dings, HiViT projects the search image and the template im-
age into token sequences Fx ∈ RNx×C and F z ∈ RNz×C ,
respectively. This transformation is performed through a
three-stage hierarchical downsampling pipeline, consisting
of an initial 4 × 4 patch embedding layer followed by two
successive 2 × 2 merging layers. The number of resulting
tokens is given by Nx = HxWx

162 , Nz = HzWz

162 . Furthermore,
the LTM F long ∈ RNl×C , extracted by the SME, is concate-
nated with the search feature Fx and the template feature
F z to form the encoder input:

F enc = Concat(F z,Fx,F long). (8)

Perception Interaction Module
The PIM plays a crucial role in MUTrack. As illustrated in
Fig. 2, the PIM serves as a bridge that connects the STM,
which captures continuous and dense appearance evolution,
with the stable visual features extracted by the Transformer
Encoder, which are derived from the initial template, current
search region, and the LTM. This fusion yields an adaptive
and comprehensive target representation that balances ro-
bustness and adaptability, and is subsequently injected into
the search region to enhance its feature representation.
Temporal Context Mixer. As illustrated in Fig. 3, the goal
of this stage is to integrate the STM F short ∈ Rk×Ns×C

with the stable visual features F enc extracted by the Trans-
former Encoder, thereby forming a unified and temporally-
aware target representation. We first refine the STM F short
using self-attention to capture intra-memory dependencies.
Subsequently, cross-attention is applied between the refined
STM F ′

short ∈ Rk×Ns×C and the stable visual features F enc
to generate a unified temporal representation Funified. To fur-
ther process and compact these features, a linear projection
is applied to Funified ∈ Rk×Ns×C , mapping it into the final
memory representation Fmem ∈ RNs×C .

F ′
short = SelfAttn(F short,F short,F short), (9)

Funified = CrossAttn(F ′
short,F enc,F enc), (10)

Fmem = Linear(Funified), (11)
This final memory representation Fmem is then deeply

fused with the search feature Fx via a multi-layer cross-
attention mechanism. The process yields a context-enhanced
feature for prediction, denoted as Fout.

Head and Loss
The prediction head consists of three parallel branches built
on lightweight convolutional layers, which respectively out-
put a classification score map (∈ R1×Hs

p ×Ws
p ), a bound-

ing box size map (∈ R2×Hs
p ×Ws

p ), and a center offset map
(∈ R2×Hs

p ×Ws
p ). The training objective is a weighted sum of

three distinct losses: the Focal Loss(Lin et al. 2017) (Lcls)
for classification, and a combination of the L1 loss and the
Generalized IoU (GIoU) loss (Rezatofighi et al. 2019) for
bounding box regression. The total loss L is defined as:

L = Lcls + λ1L1 + λ2LGIoU , (12)

where the weights λ1 and λ2 are set to 5 and 2, respectively,
to balance the regression terms.
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Model MACs Params Speed

SeqTrack-256 (Chen et al. 2023) 66G 89M 40fps
MUTrack-256 39.2G 73.4M 69fps

Table 1: Comparison of model Params, FLOPs, and Speed
on NVIDIA A100.

Experiment
Implementation Details
Model. We implemented two different variants of MU-
Track models, described as follows:

• MUTrack-256. Template: 128 × 128 pixels; Search re-
gion: 256× 256 pixels.

• MUTrack-384. Template: 192 × 192 pixels; Search re-
gion: 384× 384 pixels.

Training. Our model was trained and tested on 4 NVIDIA
A800 GPUs with 80GB of memory. We trained our model
on GOT-10K (Huang, Zhao, and Huang 2021), LaSOT (Fan
et al. 2019), COCO (Lin et al. 2014), and TrackingNet
(Müller et al. 2018) to align with mainstream trackers. For
the GOT-10K test set, we exclusively trained on its dataset
as per official guidelines. We used AdamW (Loshchilov and
Hutter 2017) as the optimizer, with an initial learning rate
of 2 × 10−4 for 300 epochs (60k samples per epoch). The
backbone’s learning rate was 0.1 times the initial rate, and
the learning rate decayed by a factor of 10 after 240 epochs.
Inference. During inference, the reference frame pool is first
initialized with three identical initial template frames. Sub-
sequently, a uniform sampling strategy within the SME se-
lects three reference frames from this pool to extract the
LTM. Concurrently, the short-term memory queue is initial-
ized with zeros corresponding to its predefined maximum
length. All other inference procedures mirror the architec-
ture and operations employed during the training phase.
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Method Source LaSOT LaSOText GOT-10k∗ TrackingNet
AUC Pnorm P AUC Pnorm P AO SR0.5 SR0.75 AUC Pnorm P

MUTrack-B256 Ours 72.3 82.9 79.5 51.2 62.5 58.8 78.1 88.3 77.5 85.5 90.4 85.2
MambaLCT-B256(Li et al. 2025) AAAI25 71.8 83.0 79.4 51.6 64.0 59.0 74.8 85.4 72.1 84.3 89.2 83.9
TemTrack-B256(Xie et al. 2025) AAAI25 72.0 82.1 79.1 52.4 63.3 60.2 74.9 84.8 71.7 84.3 88.8 83.5

ARTrackV2-B256 (Bai et al. 2024) CVPR24 71.6 80.2 77.2 50.8 61.9 57.7 75.9 85.4 72.7 84.9 89.3 84.5
AQATrack-256(Xie et al. 2024) CVPR24 71.4 81.9 78.6 51.2 62.2 58.9 73.8 83.2 72.1 83.8 88.6 83.1

SeqTrack-B256(Chen et al. 2023) CVPR23 69.9 79.7 76.3 49.5 60.8 56.3 74.7 84.7 71.8 83.3 88.3 82.2
MixFormer-22k(Cui et al. 2022) CVPR22 69.2 78.7 74.7 - - - 70.7 80.0 67.8 83.1 88.1 81.6

OSTrack-256(Ye et al. 2022) ECCV22 69.1 78.7 75.2 47.4 57.3 53.3 71.0 80.4 68.2 83.1 87.8 82.0
TransT (Chen et al. 2021) CVPR21 64.9 73.8 69.0 - - - 67.1 76.8 60.9 81.4 86.7 80.3
Ocean (Zhang et al. 2020) ECCV 20 56.0 65.1 56.6 - - - 61.1 72.1 47.3 - - -

SiamRPN++(Li et al. 2019) CVPR19 49.6 56.9 49.1 34.0 41.6 39.6 51.7 61.6 32.5 73.3 80.0 69.4
ECO (Danelljan et al. 2017) ICCV 17 32.4 33.8 30.1 22.0 25.2 24.0 31.6 30.9 11.1 - - -

SiamFC (Bertinetto et al. 2016) ECCVW16 33.6 42.0 33.9 23.0 31.1 26.9 34.8 35.3 9.8 - - -

Some Trackers with Higher Resolution

SeqTrack-B384(Chen et al. 2023) CVPR23 71.5 81.1 77.8 50.5 61.6 57.5 74.5 84.3 71.4 83.9 88.8 83.6
HIPTrack(Cai, Liu, and Wang 2024) CVPR24 72.7 82.9 79.5 53.0 64.3 60.6 77.4 88.0 74.5 84.5 89.1 83.8

AQATrack-B384(Xie et al. 2024) CVPR24 72.7 82.9 80.2 52.7 64.2 60.8 76.0 85.2 74.9 84.8 89.3 84.3
LoRAT-B378 (Lin et al. 2024) ECCV24 72.9 81.9 79.1 53.1 64.8 60.6 73.7 82.6 72.9 84.2 88.4 83.0

ODTrack-B384 (Zheng et al. 2024) AAAI24 73.2 83.2 80.6 52.4 63.9 60.1 77.0 87.9 75.1 85.1 90.1 84.9
ARTrackV2-B384 (Bai et al. 2024) CVPR24 73.0 82.0 79.6 52.9 63.4 59.1 77.5 86.0 75.5 85.7 89.8 85.5

TemTrack-B256(Xie et al. 2025) AAAI25 73.1 83.0 80.7 53.4 64.8 61.0 76.1 84.9 74.4 85.0 89.3 84.8
MambaLCT-B256(Li et al. 2025) AAAI25 73.6 84.1 81.6 53.3 64.8 61.4 76.2 86.7 74.3 85.2 89.8 85.2

MUTrack-B384 Ours 73.9 84.6 82.5 54.7 66.4 62.8 79.4 89.3 79.3 86.0 90.9 86.0

Table 2: Performance comparison with state-of-the-art trackers on LaSOT, LaSOT ext, GOT-10k, and TrackingNet test sets. For
GOT-10k, an asterisk (*) denotes models trained exclusively on its training set. The top two results are highlighted with bold
and underlined fonts, respectively.

ARTrackV2-L384 HIPTrack-B384 ODTrack-B384 ARTrack-B384 SeqTrack-B384 DropTrack-B384 STARK DiMP ATOM MUTrack-B384
NfS 68.4 68.1 - 66.8 66.7 - - - - 69.7
OTB100 - 71.0 72.3 - - 69.6 68.5 68.4 66.3 72.8

Table 3: Comparison with state-of-the-art methods on NfS and OTB100 benchmarks in AUC score. The top two results are
highlighted with bold and underlined fonts, respectively.

# Method GOT-10K LaSOT
AUC SR0.50 AUC Pnorm

1 basline 72.9 83.9 70.9 80.9
2 + STM 74.8 84.9 71.4 81.5
3 + spatial prior mask 75.6 86.8 71.7 81.7
4 + LTM 78.1 88.3 72.3 82.9

Table 4: Ablation Study on Model Components

Encoder AO SR0.50 SR0.75

ViT-B 76.7 87.0 75.6
HiViT-B 78.1 88.3 77.5

Table 5: Ablation on different encoders on GOT-10k.

Comparison with the State-of-the-Art
We compare our MUTrack with SOTA trackers across six
tracking benchmarks, as detailed in Tab. 2 and Tab. 3.
GOT-10k. GOT-10k(Huang, Zhao, and Huang 2021) is a
large-scale tracking benchmark over 10,000 training and 180
test sequences. Its strict protocol requires trackers to use
only its training data without overlapping object classes.
Our MUTrack, trained exclusively on GOT-10k, outper-

forms mainstream trackers (Tab. 2). Even MUTrack-256 sur-
passes ARTrackV2-384, showing the benefits of LTM and
STM feature enhancement.
LaSOT. LaSOT(Fan et al. 2019) is a key benchmark for
long-term tracking evaluation, featuring 280 test videos with
over 2,500 frames each to assess tracker robustness. As
shown in Tab. 2, MUTrack-384 outperforms other main-
stream trackers (e.g., ARTrackV2-384) across all metrics.
LaSOText. LaSOText(Fan et al. 2020) augments LaSOT
with 150 new long-term sequences across 15 novel cate-
gories, introducing challenges like occlusions and similar
distractors. As shown in Tab. 2, our tracker achieves com-
petitive performance against state-of-the-art methods.
TrackingNet. TrackingNet(Müller et al. 2018) is a large-
scale, diverse tracking dataset covering varied object classes
and scenarios. Its 511-sequence test set with public ground
truth provides a robust benchmark for tracker evaluation.
Tab. 2 shows our MUTrack-384 achieves state-of-the-art
performance, demonstrating strong generalization in real-
world tracking.
OTB100 and NfS. OTB100(Wu, Lim, and Yang 2015)
is a popular short-term tracking benchmark with 100 se-
quences covering 11 challenges like deformation and occlu-
sion. NfS(Galoogahi et al. 2017) contains 100 videos (380K
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GOT-10K (a) Effect of the sampling strategies (b) Effect of the number of reference frames (c) Effect of the number of SME layers
Random Uniform Recent-Consecutive 2 3 4 5 2 3 4 5

AO 77.4 78.1 76.3 77.2 78.1 77.4 76.9 77.3 78.1 77.5 77.2
SR0.50 87.9 88.3 87.7 87.9 88.3 88.1 87.3 88.0 88.3 88.2 87.5
SR0.75 77.1 77.5 75.3 77.7 77.5 77.4 76.9 77.8 77.5 77.7 77.1

Table 6: Ablation studies on different components on the GOT-10K benchmark.
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Figure 6: Attention visualization. (a) Search region(The
red boxes represent ground truth of the target.) (b)-(e) show
the attention maps from the last layer of the cross-attention
in the Perception Interaction Module.

queue length AO SR0.50 SR0.75

2 76.7 86.8 76.4
4 78.1 88.3 77.5
8 77.2 87.9 77.7

Table 7: Effect of the short-term memory queue length.

frames). As shown in Tab.3, our tracker achieves SOTA
performance, with MUTrack-B256 outperforming higher-
resolution trackers due to LTM/STM feature enhancement.

Ablation Studies
Study on different model components. We conducted
comprehensive ablation studies on the GOT-10k dataset
(Tab. 4). Our baseline achieved 72.9% AO. Incorporating
Short-Term Memory (STM) significantly boosted perfor-
mance to 74.8% AO. Adding a spatial prior mask further in-
creased it to 75.6%. Our full model, integrating LTM, finally
achieved 78.1% AO, confirming richer target representation
from historical frames.
Study on different transformer encoder. We investigated
the impact of different backbone networks on our memory-
based framework (Tab. 5). HiViT significantly outperformed
ViT as the backbone encoder. This gain is attributed to
HiViT’s hierarchical structure, which preserves finer spatial
details through multi-stage downsampling, offering a multi-

scale representation crucial for tracking.
Study on different sampling strategy. The sampling strat-
egy for reference frames significantly impacts tracking per-
formance. As shown in Tab. 6(a), uniform sampling achieves
the best performance (78.1% AO) among random and
recent-consecutive methods. This highlights the importance
of maintaining a diverse yet temporally comprehensive rep-
resentation of the target’s appearance.
Study on the reference frame number. Tab. 6(b) investi-
gates the impact of reference frame number. Performance
peaks at 3 frames, showing a slight decline with more. This
suggests that while minimal frames hinder appearance di-
versity, excessive frames introduce noise or redundancy.
Study on the number of SME layers. The Sparse Multi-
scale Extractor efficiently processes the LTM. As shown in
Tab. 6(c), performance peaks at SME layers of 3 and slightly
declines with more, suggesting this depth is optimal for bal-
ancing feature richness and computational efficiency.
Study on the short-term memory queue length. The short-
term memory queue length directly impacts temporal con-
text for target adaptation. As Tab. 7 shows, a queue length of
4 yields optimal performance, indicating a moderate length
optimally balances temporal context with recent, relevant
appearance cues.
Attention visualization. PIM attention maps (Fig. 6) visu-
ally confirm MUTrack’s robust target focus and the unified
memory’s effectiveness in handling various challenges. Our
unified representation effectively addresses occlusions (first
row) by using LTM’s stable context to prevent attention drift
and counter STM errors. It also enables target discrimina-
tion from distractors (second row), coping with motion blur
(third row), and adapting to appearance variations (fourth
row) while preserving identity. These visualizations confirm
that integrating complementary LTM and STM information
yields more reliable and adaptable tracking.

Conclusion

In this work, we presented MUTrack, a unified memory-
based framework for robust visual tracking that constructs a
highly adaptive, unified target representation. Its core lies in
two synergistic components: a Unified Memory Bank man-
aging long-term and short-term memories for rich tempo-
ral context; and a Perception Interaction Module that deeply
fuses and refines their inherent complementarity. This syner-
gistic design yields a highly adaptive target representation,
expected to spur significant further research in video-level
tracking and broader video understanding.
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