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Abstract

Effectively constructing context information with long-term
dependencies from video sequences is crucial for object
tracking. However, the context length constructed by exist-
ing work is limited, only considering object information from
adjacent frames or video clips, leading to insufficient utiliza-
tion of contextual information. To address this issue, we pro-
pose MambaLL.CT, which constructs and utilizes target varia-
tion cues from the first frame to the current frame for robust
tracking. First, a novel unidirectional Context Mamba module
is designed to scan frame features along the temporal dimen-
sion, gathering target change cues throughout the entire se-
quence. Specifically, target-related information in frame fea-
tures is compressed into a hidden state space through selec-
tive scanning mechanism. The target information across the
entire video is continuously aggregated into target variation
cues. Next, we inject the target change cues into the atten-
tion mechanism, providing temporal information for model-
ing the relationship between the template and search frames.
The advantage of MambaL.CT is its ability to continuously
extend the length of the context, capturing complete target
change cues, which enhances the stability and robustness of
the tracker. Extensive experiments show that long-term con-
text information enhances the model’s ability to perceive tar-
gets in complex scenarios. MambaLL.CT achieves new SOTA
performance on six benchmarks while maintaining real-time
running speeds.

Code — https://github.com/GXNU-ZhonglL.ab/MambaLLCT

Introduction

Visual tracking involves locating the object in subsequent
frames based on the given initial template information. In
long and complex sequences, the target’s appearance and
motion state may change. However, traditional tracking al-
gorithms (Chen et al. 2022; Hu et al. 2023; Ye et al. 2023)
rely solely on the initial frame to locate the target in sub-
sequent frames. They lack an understanding about change
in objects through the sequence, leading to reduced stability
and robustness of the tracker.
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Figure 1: Comparison between current SOT context infor-
mation construction paradigm and our method. (a) and (b)
construct short-term context information within the scope of
frames or video clips (Shi et al. 2024; Zheng et al. 2024).
(c) Our propose MambaLCT analyzes the complete video
sequence to construct long-term context information.

Recently, an increasing number of works have focused on
the context information of a target in video sequences. Con-
text information records the changes in the target’s position,
scale, appearance, and other trends. Effectively constructing
context information from video sequences plays a crucial
role in tracking algorithms. The length of the contextual in-
formation constructed in the current work is limited, which
directly affects the range within which the tracker can per-
ceive target changes. The current methods for constructing
short-term context information can be summarized as fol-
lows: (1) The frame-by-frame short-term context construc-
tion method, as shown in Fig. 1(a). KeepTrack (Mayer et al.
2021) and EVPTrack(Shi et al. 2024) explores the associa-



tions between consecutive frames to enhance target percep-
tion. This association is a fragmented context, which focuses
on target changes in adjacent frames. (2) The fixed-length
context construction method, as shown in Fig. 1(b), mod-
els the temporal sequence of images within a fixed length.
ODTrack (Zheng et al. 2024) and AQATrack (Xie et al.
2024) capture target context information using video clips
and sliding windows, length of 4. The methods mentioned
above rely on the Transformer for learning spatio-temporal
information. While the Transformer performs exceptionally
well in learning appearance features, its quadratic computa-
tional complexity restricts the length of context information
it can handle. Recently, Mamba has shown great potential
for computational efficiency in building long-term depen-
dencies. Nevertheless, the performance of Mamba for non-
autoregressive appearance feature learning is often under-
whelming. Mamba and Transformer complement each other
in learning appearance and context information, which has
led us to consider: Can our method combine the strengths
of both to extend the context length, thereby enabling the
learning of more robust appearance features?

In this paper, we introduce a new tracking framework,
namely MambaL.CT, which aims to fully utilize target con-
textual information, as demonstrated in Fig. 1(c). Mam-
balLCT gradually expands the range of context information
to cover from the initial frame to the current frame. Specif-
ically, we use Transformer in an autoregressive manner to
learn the appearance features of the search image. Then, the
autoregressive appearance features are continuously fed into
the Context Mamba module during scanning frame features.
Through Mamba’s selective scanning mechanism, the infor-
mation relevant to the target in the appearance features of
historical search frames is continuously aggregated into the
final state space via the transfer of hidden states. Compared
to fragmented context information, unified modeling of all
historical appearance features ensures the consistency and
completeness of context information. Finally, the context in-
formation from the first frame to the current frame provides
all historical target change information for modeling the ap-
pearance features of the next frame, thereby enhancing the
accuracy and robustness of the tracker. The main contribu-
tions of this work are as follows:

* We propose a tracker named MambaLCT, which can ef-
fectively capture the long-term behavior and overall mo-
tion of the target, providing more comprehensive contex-
tual information.

* We design a Context Mamba module that can effectively
and with low resource consumption construct long-term
contextual information along the temporal dimension.

e Our method has achieved a new state-of-the-art tracking
performance on six visual tracking benchmarks, includ-
ing LaSOT, LaSOText, GOT-10K, TrackingNet, TNL2K
and UAV123.

Related Work

Tracking paradigm based on initial template. The initial
template is reliable target information manually annotated.
Whether it is the earlier two-stream framework trackers or
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the current single-stream framework trackers, they all heav-
ily rely on the features of the initial template frame to com-
plete tracking. Therefore, most tracking algorithms follow
the search-template image matching paradigm. For example,
SiamFC (Bertinetto et al. 2016) and SiamBAN (Chen et al.
2022), which are based on Siamese two-stream trackers, use
networks with shared parameters to extract features from
the search image and the template image separately. Then,
they calculate the regions in the search image that are sim-
ilar to the template image through cross-correlation opera-
tions. With the introduction of Transformers into the field of
computer vision, an increasing number of works have started
using Transformers for representation learning. An example
of this is OSTrack (Ye et al. 2022), which addresses the is-
sue of poor target perception caused by the two-stream, two-
stage tracking framework. Although the tracking paradigm
relying on initial template features has achieved competi-
tive performance, with the advent of long sequence tracking
benchmarks (Fan et al. 2019), the object features recorded
by the initial template are insufficient to describe the target
in subsequent frames. In this paper, our aim is to construct a
tracker that can perceive long-term target changes.

Tracking paradigm based on context information.
Video sequences contain rich contextual information,
recording the state of the target at multiple points in time.
To overcome the limitations of the initial template, track-
ing frameworks that heavily utilize contextual information
have begun to emerge. Such as VideoTrack (Xie et al. 2023)
proposed a method using a video Transformer to encode
spatio-temporal information in videos. Some exciting works
were proposed last year, utilizing frame-by-frame propaga-
tion methods to transmit cross-frame contextual informa-
tion. ODTrack (Zheng et al. 2024) uses a token to trans-
mit cross-frame information from the first frame to the last
frame. The token learns cross-frame contextual information
by being encoded together with image pairs. This method is
simple and efficient, but it can lead to redundant computa-
tions. AQATrack (Xie et al. 2024) designs a Transformer-
based spatio-temporal information fusion module to ex-
tract information between frames and propagate it through
queries. The context length constructed by these aforemen-
tioned methods can only focus on target changes in adjacent
frames or within a window, resulting in limited help from
the context for the tracker. To address this issue, we propose
a method for constructing context that can focus on target
changes in all historical search frames.

Mamba for computer vision. Mamba model has demon-
strated excellent semantic modeling capabilities in the field
of natural language processing. Some works (Zhu et al.
2024; Huang et al. 2024) have successfully applied the
Mamba model to the field of computer vision. Compared to
the quadratic complexity of Transformers, Mamba has great
potential in handling long sequences of data with its linear
complexity. Vim (Zhu et al. 2024) designed a bidirectional
state space to enhance Mamba’s sensitivity to visual data and
meet the contextual requirements of visual understanding.
(Li et al. 2024) proposed VideoMamba, which introduces
Mamba into the video domain, addressing issues of local re-
dundancy and global dependencies in video understanding.
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Figure 2: Overview of our framework. The input video frames are converted into tokens through patch embedding. Then,
these tokens, along with the contextual information, are fed into the ucaEncoder for unified modeling of the contextual and
appearance information. During the temporal scanning process, the representational information of the images is continuously
fed into the Context Mamba module to construct the target’s change cues.

Mamba4D (Liu et al. 2024) designed an efficient 4D point
cloud video backbone framework to unify the irregular and
unordered distribution of points. Due to the inherent mech-
anism of SSM, Mamba has autoregressive properties. How-
ever, appearance features in tracking tasks do not conform to
this characteristic. In this work, we separate the modeling of
temporal and spatial information in tracking tasks, applying
Mamba to the temporal modeling.

Method

In this section, we introduce how MambalLCT constructs
and utilizes long-term contextual. First, we briefly present
our framework, followed by an explanation of how we con-
struct contextual information along the temporal dimension
and unify the modeling of appearance and context informa-
tion. Finally, we describe the training pipeline.

Overview

An overview of the MambaLLCT pipeline is shown in Fig. 2.
This framework is very straightforward, consisting of three
main components: the ucaEncoder, the Context Mamba
module, and the tracking head. First, the initial template
t € R3>*HexWe and the video frames s € R3*HsXWs are
input into the pipeline sequentially, H and W represent the
height and width of the image. s and ¢ are converted into
ID tokens s, € RYM:*P and t, € RM*D through the
image patch embedding process. Here N, = H, W, /162,
N; = H;W;/16%, D = 512. These tokens are then concate-
nated with the contextual information tokens ¢, € RNexD
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and fed into the ucaEncoder, as shown in Fig. 3, N, is the
length of c,. Then, we design a Context Mamba Module
to construct long-term contextual information. The search
frame feature flow output by the ucaEncoder is continuously
fed into the Context Mamba module, where the target infor-
mation with long-term dependencies is aggregated into the
cp. Finally, the search image features enter the tracking head
for classification and regression to obtain the results.

Preliminaries

Mamba excels at handling sequences with long-term depen-
dencies. The Mamba model is inspired by State Space Mod-
els. SSMs are a class of models used for handling time series
data, typically mapping an input sequence z(¢) € R an out-
put sequence y(¢) € R. The mapping process is as follows:

R (t) = Ah(t) + Bx(t),
y(t) = Ch(t),

where h(t) is the hidden state, A is the evolution parameter,
and B, C are the projection parameters.

To effectively apply the Mamba model in the field of deep
learning algorithms, we need to discretize the continuous
parameters A and B. A common discretization method is
zero-order hold (ZOH), which is defined as follows:

(D

A =exp(AA),

_ - )
B = (AA) '(exp(AA) — 1) AB,

where A is a timescale parameter for discretization. The dis-
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Figure 3: llustration of the process of constructing and prop-
agating context information. On the left is the structure of
the ucaEncoder, and on the right is the process of construct-
ing contextual information.

cretized version of Eq. (1) and Eq. (2) can be rewritten as:

he = Ahs—1 + By,

(3)
ys = Chy.

Context Mamba Module

Existing works primarily extract contextual information
from adjacent frames or images within a nearby window.
(Zheng et al. 2024; Xie et al. 2024) proposing a novel
method to construct context information. They increase the
context length by focusing on target changes within a fixed
window. Their approach to constructing contextual informa-
tion can be summarized as follows:

T+ f:ATi—1,.. T;,Si—1, ..., Si }, “)

where the commonly used f is generally based on Trans-
former methods. S represents the search image, 7" denoted
the template image. [ is the length of context information.

To fully utilize the contextual information in videos,
we propose a Mamba-based context construction method,
which can be described as follows:

T + Mamba : {S1,52,53...,Si}, 5)

stick to Mamba’s strengths, we do not use Mamba to learn
the spatial features of objects. Instead, we directly perform
sequential modeling on the historical search frame flow.
From Eq. (5) and Eq. (4), we can see that short-term con-
textual information is limited to the target information of the
adjacent [ frames, whereas our method can capture target in-
formation from the first frame to the current frame.

As shown in Fig. 3, the search features from the first frame
to the ¢ frame are continuously fed into the Context Mamba
Module, as follows:

AW AW S fFW,(6)

where f] represents the j-th token in the feature of the -
th frame, W is the learnable linear projection matrix, L is
the length of image token. Through the selective scanning
mechanism, the information related to the target in the f; is
compressed into the H. This process is described as:

Hl =AH! " +Bff, t<L

W

input =

@)
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where H represents the current aggregated hidden state. In-
formation about the target from frames 1 to ¢ in the video
sequence is also continuously aggregated into Y;7 through
the hidden state, Context information is transmitted from f;
to fi,1 through YiT, as follows:

= AHF + BT,
T

+1 = AH +B z+17

=CH/,
where T} is an empty token used to record all historical target
information from the past ¢ frames, and HZT serves as the
medium for information transmission between frames. Y7
is used to update the c,,.

H

(2

(®)

Unified Context and Appearance Modeling

The ucaEncoder is a critical component of our framework,
capable of achieving unified modeling of contextual and ap-
pearance information. The structure of this encoder is shown
in Fig. 3, and it is implemented based on a transformer ar-
chitecture. Unlike the vanilla ViT, which directly downsam-
ples the input image with a stride of 16, we apply a hier-
archical ViT to perform multiple stages of downsampling
to avoid potential information loss caused by such a large
stride. Specifically, we inject ¢, into the attention operations
of S, and t,. Before this, we first perform two stages of
downsampling on these three inputs, followed by global at-
tention operations. This process can be summarized as fol-
lows:

ica isv Z't = DS(Cp, S;m tp)’

finput = C’oncat(im 7;57 Z't)7

fi = M LP(attention(finput)),

where Ds denotes the downsampling operation, f; repre-
sents the features of the current frame. Y;”', which contains
all target change information from the first ¢ frames, intro-
duces contextual information into the relationship modeling
between the template and search frames by updating c,,. This
effectively enhances the target change cues, thereby improv-
ing the tracker’s perception of the target.

€))

Training and Loss Function

Common tracking dataset sampling methods involve ran-
domly selecting video frames from a random dataset. These
random images may come from different video sequences,
making it impossible to learn context information. Our sam-
pling method involves selecting video clips of a certain
length from sequences within a random dataset, ensuring
that there is contextual connection between the images.
The context tokens from the previous frame, search frame
patches, and template frame patches are concatenated and
input into the ucaEncoder for interaction. Finally, the im-
age features are fed into the tracking head for bounding box
prediction. The tracking head consists of classification and
regression head. We use classification loss, regression loss,
and GIoU loss as training constraints. The total loss can be
formulated as:

L= Lys+ AL+ /\2LGIan
where A\; and A9 are two manually set loss weights.

(10)



Experiments
Implementation Details

Experimental environment. Our tracker implementation is
based on Python 3.8 and Pytorch 1.13.1. Training and testing
were conducted on two NVIDIA A100 GPUs. The tracking
speed test was performed on a Tesla V100.

Tracker ‘ Type Resolution Params MACs  Speed Device
SeqTrack-384B ViT-B 384 x 384 8OM 148G 12.8fps  Tesla V100
AQATrack-256 | HiViT-B 384 x 384  72M 258G 67.6fps  Tesla V100
AQATrack-384 | HiViT-B 384 x 384  72M 583G 44.2fps Tesla V100

Our-256 HiViT-B 256 x 256  72M 25G  58.6fps  Tesla V100

Our-384 HiVIiT-B 384 x 384  72M 58G  45.3fps  Tesla V100

Table 1: Comparison of model parameters, MACs(G), and
Spees(fps). These test results were obtained on the same ma-
chine.

Model parameter. To demonstrate the robustness of our
tracker to different image scales, we designed two different
trackers with varying image input resolutions, as shown in
Tab. 1.

Training Details. During the training process, we set the
video clip sampling length to 2 and the sampling quantity to
30000. The datasets used for training are GOT10K (Huang,
Zhao, and Huang 2019), LaSOT (Fan et al. 2019), COCO
(Lin et al. 2014), and TrackingNet (Muller et al. 2018). We
use HiViT-Base (Zhang et al. 2023) as the backbone net-
work to extract visual features, with its parameters initial-
ized using MAE (He et al. 2022). The length of the cross-
frame token is set to 1. The Mamba cross-frame informa-
tion learning network uses Vim-Small (Zhu et al. 2024) and
is initialized with its checkpoint. We made some modifica-
tions to Vim, employing a unidirectional scanning method.
During training, MambaLLCT uses the AdamW (Loshchilov
and Hutter 2017) optimizer to adjust model parameters. The
learning rate for the backbone network is set to 2 x 1074,
while other parameters have a learning rate ten times higher.
We train the model for a total of 300 epochs, and learning
rate decay begins at the 240th epoch, with a decay rate set
to 1 x 10~%. The same learning rate and decay rate are ap-
plied when training on the GOT10K dataset, but the model
is trained for only 150 epochs, with the decay starting at the
120th epoch. The batch size for training is set to 16. In the
loss function, Ay = 5 and Ay = 2.

Inference Details. Unlike most tracking methods, in our
frame-by-frame testing process, we use the search frame fea-
tures and cross-frame tokens to construct a cross-frame in-
formation flow that includes the entire test sequence’s im-
age information. The cross-frame tokens act as a medium
for information transmission between frames. Thanks to the
Mamba model’s advantages in handling long sequence data,
our tracker achieves excellent speed and performance, as
shown in Tab. 1.

State-of-the-art Comparisons

LaSOT. The LaSOT dataset contains 1400 high-quality
video sequences with a total duration of over 3800 min-
utes. Each video sequence has an average length of approxi-
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Figure 4: Attribute-based evaluation on the LaSOT test set.
AUC score is used to rank different trackers.

mately 2500 frames. The videos in this dataset encompass
rich cross-frame information. With similar resource con-
sumption, our model achieved new state-of-the-art perfor-
mance at different image input resolutions. As shown in
Tab. 1, MambalLCT-256 achieved 71.8%, 83.0%, and 79.4%
in AUC, Pnorm, and precision score, respectively, across the
three evaluation metrics. Compared to ODTrack-B (Zheng
et al. 2024), MambalLCT-384 achieved improvements of
0.4%, 0.9%, and 1.0% in AUC, Pxorm, and precision score,
respectively.

LaSOT.;. LaSOT,y, is an extension supplement to the
LaSOT dataset, encompassing 15 categories and 150 videos.
Our proposed method for building long-term dependency
cross-frame contextual information performs excellently in
long video sequences. Our MambaL.CT model achieved
state-of-the-art performance with an input image resolution
of 256, attaining 51.6% AUC, 64.0% Pnorm, and 59% pre-
cision score. MambalLCT-384 achieved an improvement of
0.6% in all three evaluation metrics compared to AQATrack-
384. Compared to trackers using the same backbone network
and input resolution, this result demonstrates that our pro-
posed method offers superior performance.

GOT-10K. The GOT-10k contains 10,000 high-quality
video sequences, covering 580 object categories. The dataset
includes over 1.5 million bounding box annotations in total.
The dataset is evaluated using two metrics: Average Over-
lap (AO) and Success Rate (SR). As shown in Tab. 2, our
tracker demonstrated competitive performance across mul-
tiple metrics. MambalLCT-256 achieved 74.8%, 85.4%, and
72.1% in metrics AO, SRy 5, and SRy 75, respectively. The
high-resolution MambaL.CT surpassed ARTrack-384, show-
ing increases of 1.7%, 2.4%, and 2.9% in terms AO, SRy 5,
and SRy 75, respectively.

TrackingNet. The TrackingNet comprises over 30,000
video sequences, totaling more than 14 hours of video con-
tent. Each video sequence has an average length of 500
frames. The dataset particularly focuses on the stability and



Method Source LaSOT LaSOText GOT-10K* TrackingNet
AUC Pnorm P AUC Pnorm P AO SR().5 SRO,75 AUC Pnorm P
MambaLCT-256 | our | 718 830 794 | 51.6 640 59.0 | 748 854 721 | 843 892 839
AQATrack-256(Xie et al. 2024) CVPR24 | 714 819 786 | 512 622 589|738 832 721 | 838 886 831
F-BDMTrack-256(Yang et al. 2023) | ICCV23 | 69.9 794 758 | 479 579 540 | 727 820  69.9 | 837 883 826
ROMTrack-256(Cai et al. 2023) ICCV23 | 693 788 756 | 489 593 550 | 729 829 702 | 836 884 827
ARTrack-256(Wei et al. 2023) CVPR23 | 704 795 766 | 464 565 523|735 822 709 | 842 887 835
GRM(Gao, Zhou, and Zhang 2023) | CVPR2023 | 69.9 793 758 | - - - | 734 829 704 | 840 887 833
OSTrack-256(Ye et al. 2022) ECCV22 | 69.1 787 752 | 474 573 533|710 804 682 | 831 878 820
VideoTrack(Xie et al. 2023) CVPR23 | 702 - 764 | - - - | 729 819 698 | 838 837 831
AiATrack-320(Gao et al. 2022) ECCV22 | 69.0 794 738 | - - - | 696 80.0 632 | 827 878 804
MixFormer-22k(Cui et al. 2022) CVPR22 | 692 787 747 | - - - | 707 8.0 678 | 8.1 81 816
STARK(Yan et al. 2021) ICCV21 | 67.1 770 - - - - | 688 781 641 | 813  86.1 -
TransT (Chen et al. 2021) CVPR21 | 649 738 690 | - - - | 671 768 609 | 814 867 803
Ocean (Zhang et al. 2020) ECCV20 | 560 651 566 | - - - |6l 721 473 - - -
SiamRPN++(Li et al. 2019) CVPRI9 | 49.6 569 49.1 | 340 416 396|517 616 325 | 733 800 694
ECO (Danelljan et al. 2017) ICCV17 | 324 338 301 | 220 252 240|316 309 1Ll | 554 618 492
SiamFC (Bertinetto et al. 2016) ECCVWI6 | 336 420 339 | 230 311 269|348 353 98 | 571 663 533
Some Trackers with Higher Resolution
OSTrack-384(Ye et al. 2022) ECCV22 | 71.1 811 776 | 505 613 576|737 832 708 | 839 885 832
SeqTrack-B384(Chen et al. 2023) CVPR23 | 715 811 778 | 505 616 575|745 843 714 | 839 888 836
ROMTrack-384(Cai et al. 2023) ICCV23 | 714 814 782 | 513 624 586 | 742 843 724 | 841 890 837
F-BDMTrack-384(Yang etal. 2023) | ICCV23 | 720 815 777 | 508 613 578 | 754 843 729 | 845 890 840
ARTrack-384(Wei et al. 2023) CVPR23 | 726 817 79.1 | 519 620 585|755 843 743 | 851 891 848
ODTrack(Zheng et al. 2024) AAAR4 | 732 832 80.6 | 524 639 60.1 | 770 879 751 | 851 901 849
AQATrack-384(Xie et al. 2024) CVPR24 | 727 829 802 | 527 642 608 | 760 852 749 | 848 893 843
MambaLCT-384 | Ous | 73.6 841 816 | 533 648 614|762 867 743 | 852 89.8 852

Table 2: Comparison with state-of-the-arts on four popular benchmarks: LaSOT, LaSOTey:, GOT-10K, and TrackingNet.
Where * denotes for trackers only trained on GOT10K. Best in bold, second best underlined.

persistence of targets in long video sequences. As depicted
in Tab. 2, Our tracker achieved an AUC of 85.2%, a Pnorm Of
89.8%, and a precision score of 83.9%. The performance on
the TrackingNet dataset clearly demonstrates the superiority
of our tracker in long-term tracking.

TNL2K. TNL2K is a large-scale dataset for natural lan-
guage tracking, containing approximately 2,000 video se-
quences, with a training and testing split ratio of 13:7. One
notable feature of TNL2K is that it consists of multi-source
data, including RGB-T, cartoons, and more. As illustrated
in Tab. 3, MambaLCT exhibited competitive performance,
achieving an AUC score of 58.5%.

UAV123. UAV123 is a dataset for low-altitude UAV ob-
ject tracking, comprising a total of 123 video sequences. As
evidenced by the Tab. 3, compared to SeqTrack and OStrack,
MambaL.CT achieved improvements of 1.5% and 1.8% in
AUC scores, respectively.

Ablation Study

To explore the effectiveness of our proposed method, we
conducted extensive experiments using the MambaLLCT-256
model on the LaSOT dataset.

Baseline Vs MambaLCT. Our MambaLCT is based
on the OSTrack framework. Specifically, we replaced ViT
with HiViT, used sequence sampling instead of single-
frame sampling, and enhanced object perception within the
background by learning video context information through
Mamba. In Tab. 4(a), #1 indicates that the hierarchical ViT

significantly improves our model’s ability to extract spatial
information, with a 0.6% increase in the AUC score. Ac-
cording to the results of #2 and #3, we can observe that us-
ing video sampling alone does not improve the performance
of the tracker. However, as shown in #4, effectively utilizing
context information from video sampling can significantly
enhance the performance of the tracker, achieved 71.8%,
83.0%, and 79.4% in AUC, Pxorm, and precision score.

Study on length of c,. To verify the impact of context
information token length on experimental performance, we
designed a series of experiments using different lengths of
cp. As shown in Tab. 4(b), when the length of CP is 1, the
tracker achieved 71.8%, 83.0%, and 79.4% on the three met-
rics, respectively. With the length increases, the performance
gradually decreases. We believe that this phenomenon is due
to the autoregressive nature of Mamba, where each token’s
generation depends on the preceding tokens. ¢, composed
of too many consecutive tokens can lead to redundant con-
textual information.

Study on different Mamba layers. We evaluated the dif-
ferent insertion layers of the Mamba module we used and
summarized the results in Tab. 4(c). Compared to inserting
Mamba into the first three and last three layers of the back-
bone network, the method of uniformly inserting Mamba
throughout the network can learn multi-level contextual in-
formation, achieving a maximum AUC score of 71.8%.
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‘SiamFC MDNet Ocean  TransT  TransIhMo ATOM  DiMP50 STARK  JointNLT  OSTrack  SeqTrack | Ours

TNL2K 29.5 38.0 38.4 50.7 52.0 44.7 44.7 - 56.9 559 56.4 58.5
UAV123 46.8 52.8 57.4 68.1 71.1 64.3 64.3 68.2 - 68.3 68.6 70.1

Table 3: Comparison with state-of-the-art methods on TNL2K and UAV123 benchmarks in AUC score.

(a) Study on our method ‘ (b) Study on ¢, length ‘ (c) Study on Mamba Layers
Num Method | AUC  Puorm P | SamplingLength | AUC  Puorm P | MambaLayers | AUC  Puorm P
1 baseline 69.1%  787%  75.2% 1 71.8% 83.0% 79.4% None 70.1%  802%  78.6%
2 +HiViT 705%  80.7%  77.5% 2 3%  827%  79.1% (1.2.3) 705%  81.9%  77.5%
3 | +sequensampling | 70.1%  802%  78.6% 3 708%  82.1%  78.0% (3.6.9) 71.8% 83.0% 79.4%
4 +Mamba 718% 83.0% 79.4% 4 69.8%  81.0%  76.7% (18.19,20) 709%  82.1%  78.0%

Table 4: Three ablation studies on the LaSOT benchmark.

Xz Figure 6: Visualization of the attention to the search frame
o Gound Truth e Ours AQATrack emmODTrack  OSTrack. by the cross-frame context information. As the length of the

context information increases, the attention to the target be-
comes more focused.

i Motion Blur |Full Occlusion! Deformation

Figure 5: On the LaSOT benchmark, we visualized the com-
parison results of our tracker with three SOTA trackers
across three challenges.

itations due to computational resource constraints. Conse-
quently, the training and testing phases cannot be unified.

Visualization and Limitation During the training phase, we do not model the entire video

Visualization. To visually demonstrate the effectiveness of sequence but instead sample portions of the sequence. De-
our proposed l'nethod7 we visualized the AUC score of Mam- signing a more coherent training strategy is a direction for
baLL.CT under different challenges on the LaSOT benchmark, our future work. One feasible direction is to replace the pre-
as shown in Fig. 4. Compared to other video-level trackers, vious image sampling with sequence sampling.

MambaL.CT excels in challenges such as motion blur, full

occl}1510n, and deformatlon. As illustrated in Fig. 5, we vi- Conclusion
sualized the tracking results of sequences under three chal-
lenges. From these results, we can see that thanks to the in- In this paper, we introduced MambaLCT, a novel track-
creased length of context information, our tracker can more ing framework designed to enhance object perception by
accurately locate the target in complex situations such as tar- constructing long-term context information. We extended
get deformation and occlusion, compared to other trackers. the context information length from the initial frame to
Additionally, to verify whether the context information the current frame, which provides a more comprehensive
can capture the target’s information, we visualized the at- overview of the target’s historical information. We combine
tention maps of the context information on the search frame, the strengths of Mamba and Transformers to construct and
as shown in Fig. 6. We found that as the sequence length utilize long-term contextual information. The Transformer
increases, the attention of the context information becomes learns the appearance features of the images in an autore-
more focused on the target, which also demonstrates the ad- gressive manner, while Mamba extracts long-term contex-
vantages of long-term context information. tual information about the target from historical appear-
Limitation. Our proposed video-level context informa- ance data. Detailed experiments show that our MambaLCT
tion modeling method effectively captures the complete be- achieves excellent results across six tracking benchmarks,
havior and contextual understanding of the target, thereby although our work still has limitations. We hope this work
enhancing the model’s perception of the target. Despite can contribute valuable insights and assistance to current

achieving significant results, our proposed method faces lim- tracking paradigms.
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