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Abstract

Recently, several studies have shown that utilizing contextual
information to perceive target states is crucial for object track-
ing. They typically capture context by incorporating multiple
video frames. However, these naive frame-context methods
fail to consider the importance of each patch within a ref-
erence frame, making them susceptible to noise and redun-
dant tokens, which deteriorates tracking performance. To ad-
dress this challenge, we propose a new token context-aware
tracking pipeline named LMTrack, designed to automati-
cally learn high-quality reference tokens for efficient visual
tracking. Embracing the principle of Less is More, the core
idea of LMTrack is to analyze the importance distribution of
all reference tokens, where important tokens are collected,
continually attended to, and updated. Specifically, a novel To-
ken Context Memory module is designed to dynamically col-
lect high-quality spatio-temporal information of a target in
an autoregressive manner, eliminating redundant background
tokens from the reference frames. Furthermore, an effective
Unidirectional Token Attention mechanism is designed to es-
tablish dependencies between reference tokens and search
frame, enabling robust cross-frame association and target lo-
calization. Extensive experiments demonstrate the superiority
of our tracker, achieving state-of-the-art results on tracking
benchmarks such as GOT-10K, TrackingNet, and LaSOT.

Introduction
Object tracking is a fundamental component of computer vi-
sion, designed to localize and track an arbitrary target within
a video sequence based on its initial location. To tackle
this challenging task, recent research (Yan et al. 2021a;
Fu et al. 2021; Cui et al. 2022; Chen et al. 2023; Zheng
et al. 2024; Bai et al. 2024) constructs high-performance
tracking algorithms by exploring long-term contextual rela-
tionships. Typically, researchers achieve this within multiple
video frames to capture contextual information. However,
these naive methods have a significant drawback: they treat
frame as the smallest units of context, neglecting that the im-
portance of each patch in a reference frame is different for
target localization in the search frame. This oversight makes
them susceptible to redundant noisy information of the ref-
erence frame, thereby deteriorating tracking performance.
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Figure 1: (a) Contribution (number of referenced) of differ-
ent tokens to object tracking in a template frame. It can be
observed that most background tokens are rarely referenced
during the tracking process, while the target tokens retained
as long-term reference cues. (b) Our token context-aware
tracking method based on the token context memory module
and the unidirectional token attention mechanism.

What type of reference cues play a dominant role in ob-
ject tracking? To answer this question, we design a simple
Transformer tracker, consisting of a Transformer network
(i.e., ViT (Dosovitskiy et al. 2021)), a classification head,
and a regression head, to explore the impact of each patch
within the template frame on object tracking (localization)
throughout the entire video sequence. During inference, we
first obtain the attention map from the search frame to the
template frame and the classification score map. We then
perform element-wise multiplication of the two maps and
average along the template dimension to calculate the im-
portance score of each token (patch) for target localization in
the search frame. As shown in Fig. 1 (a), this gives us a dis-
tribution of importance scores for all reference tokens. We
observe that most background tokens are rarely referenced
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during the tracking process and have minimal impact on the
results, while target tokens are largely retained as long-term
reference cues. This validates our motivation that a few high-
quality tokens play a crucial role in the tracking process.

Based on the above findings, if we continue to allocate
equal attention to all reference tokens during the entire track-
ing process, it will increase the model’s perceptual and com-
putational load, especially when dealing with complex sce-
narios. Adhering to the philosophy of less is more, we de-
sign a simple yet effective token context-aware tracking
pipeline named LMTrack, which automatically learns high-
quality reference tokens across timestamps for visual track-
ing. As shown in Fig. 1 (b), the core idea of LMTrack is
to analyze the importance distribution of all reference to-
kens, where important tokens are collected, continually at-
tended to, and updated. Specifically, a novel Token Con-
text Memory module is designed to dynamically collect and
update high-quality spatio-temporal information of a target
in an autoregressive manner, eliminating low-quality back-
ground tokens from the reference frames. This ensures that
fewer reference tokens are used for accurate target localiza-
tion in the search frames. Our approach discards the tradi-
tional frame-level context with redundant low-quality back-
ground information and instead uses a fine-grained token-
level context to represent important reference cues across
times-steps. This distinguishes our model significantly from
other works (Chen et al. 2023; Zheng et al. 2024). Further-
more, an effective Unidirectional Token Attention mecha-
nism is designed to establish dependencies between refer-
ence tokens and the search frame in a unidirectional propa-
gation manner, enabling robust cross-frame association and
target localization.

Through this new modeling approach, we delegate the
decision-making for target reference information to the
tracker itself, rather than using handcrafted strategies for the
tracker to passively accept reference frames. This empow-
ers the tracker with an autonomous perception of reference
cues, helping it adapt to target changes and preventing track-
ing drift. The main contributions of this work are as follows:

• We propose a novel token context-aware tracking
pipeline name LMTrack. based on a Token Context
Memory module. Unlike existing tracking methods with
frame-level context, LMTrack automatically collect and
update high-quality token-context for visual tracking

• We introduce an effective unidirectional attention mecha-
nism to establish dependencies between reference tokens
and search frame in a unidirectional propagation manner,
enabling robust cross-frame association and localization.

• Our approach achieves a new state-of-the-art tracking re-
sults on five visual tracking benchmarks, including La-
SOT, TrackingNet, GOT10K, LaSOText, VOT2020.

Related Work
Traditional Tracking Framework. Visual object track-
ing has evolved significantly over the years, with traditional
methods primarily relying on initial template approaches.
Early methods (Bertinetto et al. 2016; Xu et al. 2020; Li et al.
2019; Chen et al. 2020) utilized Siamese networks to match

the initial target template against candidate regions in sub-
sequent frames. Although these methods effectively avoided
tracker drift, they struggled to adapt to significant changes in
the target’s appearance. In recent years, the introduction of
the transformer (Vaswani et al. 2017) enables trackers (Chen
et al. 2021; Ye et al. 2022) to enhance feature representation
and matching capabilities, yet they continued to rely heavily
on the initial template, limiting long-term tracking in ever-
changing environments, which often requires addressing dif-
ficult target appearance issue. In contrast to these methods,
we reformulate the object tracking as an important token col-
lection task and aim to extend existing tracker to efficiently
exploit the target temporal context.

Temporal Context in Visual Tracking To handle the var-
ious appearance issues, many trackers have formulated the
visual tracking issue as an online learning issue, in which
the target appearance is adaptively updated using the tempo-
ral context of the previous frames. UpdateNet (Zhang et al.
2019) utilizes a custom network to fuse accumulated tem-
plates and generate a weighted updated template feature for
visual tracking. ATOM (Danelljan et al. 2019) adds IoU
prediction branches to constrain template selection. STM-
Track (Fu et al. 2021) updates dynamic templates at a
fixed interval to counteract changes in the target appearance.
STARK (Yan et al. 2021a) and Mixformer (Cui et al. 2022)
adopt an additional scoring head to verify whether the tem-
plate contains the target, as the basis for selecting the tem-
plate. SeqTrack (Chen et al. 2023) introduced a likelihood-
based strategy that adopts the likelihood of generated tokens
to select dynamic templates. RFGM (Zhou et al. 2024) se-
lects the most appropriate template patches for the current
search region, allowing for adaptation to variations.

Nevertheless, the above tracking methods still suffer from
the following limitations: (1) Most methods are designed to
crop and update templates based on the bounding box. How-
ever, during online learning, they often incorporate a signif-
icant amount of noise or background, as the object typically
does not occupy the entire bounding box. (2) Although they
explore the temporal context to some extent, they update the
template using manual approaches or additional discrimi-
nator models, failing to distinguish which contexts are es-
sential for tracking. To overcome these limitations, we pro-
pose LMTrack based on the less-is-more principle, which
autonomously analyzes the importance distribution of all
reference tokens, collecting and updating important target
tokens as reference cues for subsequent video frames.

Approach

We propose a novel Token Context-Aware Tracking (LM-
Track) based on the less-is-more principle. As depicted in
Fig. 2, LMTrack comprises two key components: a novel
Token Context Memory (TCM) module and an efficient uni-
directional attention mechanism. This section begins with a
brief introduction to our LMTrack framework, then intro-
duction of the proposed token context memory module and
the unidirectional attention mechanism.
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Figure 2: The architecture of the LMTrack. LMTrack consists of three parts, a backbone with unidirectional attention, a token
context memory (TCM) module, and a prediction head. The input of tracking pipeline contains a video frame and reference
tokens being collected. The TCM module utilizes classification maps and attention matrices to analyze the importance distri-
bution of all reference tokens, then collect the important reference tokens according to this distribution.

Framework Formulation
To provide a comprehensive understanding of our LMTrack,
it is essential to introduce our autoregressive token context-
aware tracking framework. Unlike previous approaches that
only use the template image as a reference, our framework
constructs the set of reference tokens based on all video
frames for visual object tracking. Therefore, we abandon
the traditional approach of inputting image pairs consisting
of template and search frames, opting instead for a single-
frame input method. In this way, the corresponding reference
tokens are adaptively collected and updated for each frame.
In other words, we no longer strictly distinguish between
template and search frames, instead, we treat each video
frame equally, applying the same processes for target local-
ization and reference token collection. Specifically, we ini-
tialize the reference tokens R0 using the template I0, which
shares the same backbone g as the search frame It(t > 0).
During the tracking process f at time step t, the input con-
sists of a search frame It and the reference tokens Rt−1 be-
ing collected, while the output includes the predicted bound-
ing box Bt and the new reference tokens Rt. The autoregres-
sive tracking process f is formalized as follows:

R0 = f(I0, ∅), t = 0,

Bt,Rt = f(It, Rt−1) = f(It, f(It−1, Rt−2)), t > 0.
(1)

Specifically, LMTrack utilizes the token context memory
module to incrementally collect the relevant reference to-
kens from the initial frame to the current frame, which are
then used as reference context for subsequent frames. Dur-
ing this process, LMTrack discards irrelevant reference to-
kens, regardless of whether they originate from the initial
or search frames. Our tracking framework consists of three

components: a backbone network g with a unidirectional at-
tention mechanism, a prediction head h, and a reference con-
text memory module. The representation process at time step
t is as follows:

St, At = g(It, Rt),

Bt, Ct = h(St),

Rt = TCM(St, Ct, At, Rt−1).

(2)

In this formulation, S represents the search tokens pro-
cessed by the backbone, while A denotes the attention ma-
trix that captures the distribution of importance between the
reference tokens R and the search tokens S. The backbone
function g employs the unidirectional attention mechanism
rather than the traditional attention mechanism. The classi-
fication map C corresponds to each search token in S.

Token Context-aware Tracking Pipeline
In this section, we first introduce the Token Context Mem-
ory (TCM) module, which employs classification maps and
attention maps to analyze the importance distribution of all
reference tokens. Next, we present a unidirectional attention
mechanism to effectively capture this importance distribu-
tion and enhance the efficiency of feature fusion. These com-
ponents are designed to automatically learn high-quality ref-
erence tokens for visual tracking and consistently focus on
these crucial tokens.

Token Context Memory (TCM) Module As illustrated
in Fig. 3, the token context memory module is divided into
three steps: (1) Collect the important tokens from the ex-
isting reference tokens based on the classification map and
the attention matrix; (2) Integrate the predicted classification
map into the search tokens to be used as part of the reference
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tokens; (3) Update the reference tokens from steps (1) and
(2) for subsequent tracking.

STEP 1: Collect the important tokens from reference
tokens. Unlike trackers such as (Chen et al. 2023; Cui et al.
2022), which update template images based on temporal
distance, LMTrack gathers fine-grained, high-quality tokens
from reference tokens that contain background and outdated
target of redundant information according to their impor-
tance distribution. Fortunately, leveraging the powerful cor-
relation calculations of the attention mechanism in the trans-
former architecture, LMTrack can directly sample the cross-
attention maps in each encoder layer, which primarily con-
trol the impact of the references within the encoder. This is
combined with the tracking results to serve as a standard for
collecting important reference tokens. Formally, we formu-
late the collection process as follows:

W =
L∑

j=1

Aj × C,

R′ = Topk(Rank(R,W )),

(3)

where Aj represents the cross-attention matrix between the
reference tokens R and search tokens Sj−1 in the j-th trans-
former layer, capturing the importance distribution of the
current search tokens for reference tokens. The C denotes
the classification score map, reflecting the target distribution
of the search tokens S. LMTrack utilizes the C and A to
assess the importance distribution of the reference tokens R.
This process highlights the influence of each reference token
R on the target distribution in the search token S and facili-
tates the differentiation of the importance of each reference
token. Specifically, LMTrack uses A×C as the refined met-
ric for importance distribution, as opposed to merely sum-
ming the attention weights of all search tokens for each ref-
erence token. Subsequently, the importance distribution is
aggregated across each encoder layer. The W signifies the
importance distribution of each reference token R relative
to all search tokens S. LMTrack retains the reference tokens
R corresponding to the k largest W as R′. In the encoder
layer, multiple importance distributions Wm are generated
due to multi-head attention, where m = 1, ...,M and M is
the number of attention heads. LMTrack averages these im-
portance distributions across all heads to obtain an overall
importance score for the reference tokens R.

STEP 2: Integrate the classification map and the
search tokens. To enhance the representational power of the
context memory, it is crucial to fully leverage the prediction
results for the generated reference tokens. Specifically, LM-
Track incorporates the category vector of the target, Etarget,
and the background, Ebackground. This integration is based
on a binary classification score Cbin ∈ [0, 1] obtained from
C, S is the output of the last encoder layer in the backbone
g and is used as a part of reference tokens R in subsequent
tracking. This method enables the tracker to access not only
potential reference tokens but also previous tracking results,
thereby providing more comprehensive information than the
original image alone. The integration process is formally de-
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Figure 3: The unidirectional attention mechanism within the
encoder layer is integrated with the token context memory
module. The inputs to the unidirectional attention include
search tokens and reference tokens. The token context mem-
ory module uses the attention map from unidirectional atten-
tion and predicted results to aggregate reference tokens.

fined as follows:

S′ = S + CbinEtarget + (1− Cbin)Ebackground. (4)

STEP 3: Update the reference tokens. The LMTrack
obtains the reference tokens R′

t−1 identified in step (1) and
the search features S′

t that integrate the current tracking re-
sults from step (2). These components are then merged to
form the reference tokens Rt and update the Rt−1 for sub-
sequent tracking. By continuously repeating these steps, the
tracker constantly aggregates reference tokens that are valu-
able to the tracking process. Following this new modeling
approach, LMTrack adheres to the principle of less-is-more,
achieving an autoregressive context-aware framework by se-
lectively retaining fewer important reference tokens.

Unidirectional Attention Mechanism The execution
process of the TCM module shows that the accuracy of the
importance distribution is crucial for effectively collecting
the correct reference tokens. To enhance feature fusion ef-
ficiency and ensure the accuracy of the importance distri-
bution, we employ a novel unidirectional attention mecha-
nism to integrate reference features into search features, as
illustrated in Fig. 3. Compared to traditional attention fu-
sion methods, this approach effectively prevents changes in
the context representation of reference tokens caused by the
influence of search tokens. For the backbone g of a unidirec-
tional attention encoder layer in Eq. 2, the input consists of
the S (search tokens) from the previous encoder layer and
the R (reference tokens) updated in the previous tracking
process. The operation is shown in the following formula:

S = Softmax

(
Qs[Kr;Ks]

T

√
dk

)
[Vr;Vs]

= Softmax

(
[QsKr

T ;QsKs
T ]√

dk

)
[Vr;Vs],

= [Ar;As][Vr;Vs].

(5)

In the j-th unidirectional attention encoder layer, the pre-
vious output Sj−1 is projected into query, key, and value
matrices Qs, Ks, and Vs, respectively, while the reference
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Method Type Resolution Params FLOPs Speed Device

SeqTrack ViT-B 384× 384 89M 148G 21fps 3090
LMTrack ViT-B 384× 384 92M 69G 47fps 3090

Table 1: Comparison of model parameters, FLOPs, and in-
ference speed.

tokens R are projected into key and value matrices Kr

and Vr. Each unidirectional attention encoder layer uses the
same R within a single time step. The matrix Ar represents
the cross-attention matrix employed in the TCM module
in Eq. 3. This unidirectional attention mechanism ensures
that only the reference tokens R affect the search tokens S,
thereby maintaining a consistent representation of the refer-
ence tokens R and reducing unnecessary computations.

It is worth noting that we have implemented a context-
aware token mechanism to automatically gather high-quality
reference tokens using the TCM module. This process en-
hances the collection of crucial reference tokens for LM-
Track. During both training and inference, the TCM and
the unidirectional attention mechanism work synergistically.
The TCM improves reference token extraction within the
unidirectional attention encoder by collecting appropriate
tokens, while the unidirectional attention mechanism gen-
erates precise attention maps that benefit the effective col-
lection of reference tokens.

Head and Loss
The output features S from the encoder are input into a Fully
Convolutional Network (FCN), which consists of L stacked
Conv-BN-ReLU layers for each output. The output of the
FCN includes target classification score map R

Hx
P ×Wx

P , off-
set size R2×Hx

P ×Wx
P for compensating for discretization er-

rors caused by reduced resolution, and normalized bounding
box dimensions R2×Hx

P ×Wx
P .

During training, both classification loss and regression
loss are simultaneously employed. We utilize weighted fo-
cal loss (Lin et al. 2017) for classification. For bounding box
regression, we use predicted bounding boxes, L1 loss, and
generalized IoU loss (Rezatofighi et al. 2019). The total loss
function is defined as:

L = Lcls + λiouLiou + λL1L1, (6)

where λiou = 2 and λL1
= 5.

Experiments
Implementation Details
Training. We use ViT-base (Dosovitskiy et al. 2021) model
as the visual encoder. The training data includes LaSOT (Fan
et al. 2019), GOT-10k (Huang, Zhao, and Huang 2021),
TrackingNet (Müller et al. 2018), and COCO (Lin et al.
2014). We employ the AdamW to optimize the network pa-
rameters with initial learning rate of 4× 10−5 for the back-
bone, 4×10−4 for the rest, and set the weight decay to 10−4.
We set the training epochs to 300 epochs. 60, 000 search im-
ages are randomly sampled in each epoch. The learning rate

drops by a factor of 10 after 240 epochs. The model is con-
ducted on a server with two 80GB Tesla A100 GPUs, using
a batch size of 16, where each batch consists of four search
images and one template image.
Inference. In the initial stage of tracking, we use the first
template to initiate the reference tokens. LMTrack records
the importance distribution for all reference tokens in each
frame. It defaults to a reference update check every 400
frames and resets the importance distribution accordingly.
When the sampled tokens from the search exceed the upper
limit of the reference token length, we collect important ref-
erence tokens according to the importance distribution. The
default maximum length of the reference tokens is twice the
length of the search tokens. After collection, the length of
the reference tokens is maintained at the initial length.

Comparison with State-of-the-Art Trackers
We demonstrate the effectiveness of LMTrack, we compare
them with state-of-the-art (SOTA) trackers on seven dif-
ferent benchmarks, including GOT-10K (Huang, Zhao, and
Huang 2021), TrackingNet (Müller et al. 2018), LaSOT (Fan
et al. 2019), LaSOText (Fan et al. 2021), VOT2020 (Kristan,
Leonardis, and et.al 2020).

GOT-10K. GOT-10K (Huang, Zhao, and Huang 2021)
dataset is an extensive dataset comprising over 10,000 video
segments, with 180 segments designated for testing. Fol-
lowing the official requirements, we only use the GOT-10k
training set to train our model and evaluated the test re-
sults. As reported in Tab. 2, LMTrack has achieved a remark-
able state-of-the-art performance 80.1% AO when compared
to the previous best performance ARTrackV2 77.5% AO.
These results demonstrate that one benefit of our LMTrack
comes from token context-aware trackinng pipeline, which
effect collects the token context during tracking.

TrackingNet. TrackingNet (Müller et al. 2018) is a large-
scale dataset containing 511 videos and boasts a collection
of over 30,000 videos with more than 14 million densely
annotated bounding boxes. We evaluated LMTrack384 on
its test set and achieved an impressive 85.7% AUC on this
large-scale benchmark.

LaSOT. LaSOT (Fan et al. 2019) dataset consists of
280 videos in its test set with an average length of 2448
frames. To assess the long-term tracking capabilities of LM-
Track. LMTrack384 surpasses the most of tracker, achieving
a 73.2% AUC. These results demonstrate that the TCM mod-
ule can capture long-time contextual cues more efficiently.

LaSOText. LaSOText (Fan et al. 2021) is an extended
subset of LaSOT that includes 150 additional videos from
15 new categories. These new sequences introduce challeng-
ing tracking scenarios, such as occlusions and fast-moving
small objects. LMTrack gets a 53.6% AUC, 64.7% PNorm

and 61.5% P, outperforming the ARTrackV2 by 0.7%, 1.3%,
2.4%, respectively. This demonstrates the robustness of LM-
Track in handling these difficult scenarios.

VOT2020. VOT2020 (Kristan, Leonardis, and et.al 2020)
contains 60 challenging sequences and uses binary segmen-
tation masks as the groundtruth. We use Alpha-Refine (Yan
et al. 2021b) as a post-processing network to predict seg-
mentation masks. As shown in Tab. 3, LMTrack256 and
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Method GOT-10K∗ LaSOT LaSOText TrackingNet
AO SR0.5 SR0.75 AUC PNorm P AUC PNorm P AUC PNorm P

SiamPRN++ (Li et al. 2019) 51.7 61.6 32.5 49.6 56.9 49.1 34.0 41.6 39.6 73.3 80.0 69.4
DiMP (Bhat et al. 2019) 61.1 71.7 49.2 56.9 65.0 56.7 39.2 47.6 45.1 74.0 80.1 68.7
SiamRCNN (Voigtlaender et al. 2020) 64.9 72.8 59.7 64.8 72.2 - - - - 81.2 85.4 80.0
Ocean (Zhang et al. 2020) 61.1 72.1 47.3 56.0 65.1 56.6 - - - - - -
STMTrack (Fu et al. 2021) 64.2 73.7 57.5 60.6 69.3 63.3 - - - 80.3 85.1 76.7
TrDiMP (Wang et al. 2021) 67.1 77.7 58.3 63.9 - 61.4 - - - 78.4 83.3 73.1
TransT (Chen et al. 2021) 67.1 76.8 60.9 64.9 73.8 69.0 - - - 81.4 86.7 80.3
Stark (Yan et al. 2021a) 68.8 78.1 64.1 67.1 77.0 - - - - 82.0 86.9 -
KeepTrack (Mayer et al. 2021) - - - 67.1 77.2 70.2 48.2 - - - - -
SBT-B (Xie et al. 2022) 69.9 80.4 63.6 65.9 - 70.0 - - - - - -
Mixformer (Cui et al. 2022) 70.7 80.0 67.8 69.2 78.7 74.7 - - - 83.1 88.1 81.6
TransInMo (Guo et al. 2022) - - - 65.7 76.0 70.7 - - - 81.7 - -
OSTrack384 (Ye et al. 2022) 73.7 83.2 70.8 71.1 81.1 77.6 50.5 61.3 57.6 83.9 88.5 83.2
AiATrack (Gao et al. 2022) 69.6 80.0 63.2 69.0 79.4 73.8 47.7 55.6 55.4 82.7 87.8 80.4
SeqTrack384 (Chen et al. 2023) 74.5 84.3 71.4 71.5 81.1 77.8 50.5 61.6 57.5 83.9 88.8 83.6
GRM (Gao, Zhou, and Zhang 2023) 73.4 82.9 70.4 69.9 79.3 75.8 - - - 84.0 88.7 83.3
VideoTrack (Xie et al. 2023) 72.9 81.9 69.8 70.2 - 76.4 - - - 83.8 88.7 83.1
ARTrack384 (Xing et al. 2023) 75.5 84.3 74.3 72.6 81.7 79.1 51.9 62.0 58.5 85.1 89.1 84.8
ODTrack384 (Zheng et al. 2024) 77.0 87.9 75.1 73.2 83.2 80.6 52.4 63.9 60.1 85.1 90.1 84.9
HIPTrack384 (Cai, Liu, and Wang 2024) 77.4 88.0 74.5 72.7 82.9 79.5 53.0 64.3 60.6 84.5 89.1 83.8
AQATrack (Xie et al. 2024) 76.0 85.2 74.9 72.7 82.9 80.2 52.7 64.2 60.8 84.8 89.3 84.3
ARTrackV2 (Bai et al. 2024) 77.5 86.0 75.5 73.0 82.0 79.6 52.9 63.4 59.1 85.7 89.8 85.5
LMTrack256 76.3 87.1 73.9 69.8 79.2 76.3 49.0 59.6 55.8 84.2 89.0 82.8
LMTrack384 80.1 91.5 79.0 73.2 83.4 81.0 53.6 64.7 61.5 85.7 89.9 84.7

Table 2: Comparison with state-of-the-arts on four popular benchmarks: GOT-10K (Huang, Zhao, and Huang 2021), LaSOT
(Fan et al. 2019), LaSOText (Fan et al. 2021), and TrackingNet (Müller et al. 2018). ∗ denotes for trackers only trained on
GOT-10K. The best two results are in bold and underline, respectively.

STM SiamMask Ocean D3S AlphaRef Ocean+ STARK SBT Mixformer SeqTrack ODTrack384 LMTrack256 LMTrack384

EAO(↑) 0.308 0.321 0.430 0.439 0.482 0.491 0.505 0.515 0.535 0.522 0.581 0.550 0.586
Accuracy(↑) 0.751 0.624 0.693 0.699 0.754 0.685 0.759 0.752 0.761 - 0.764 0.752 0.753
Robustness(↑) 0.574 0.648 0.754 0.769 0.777 0.842 0.819 0.825 0.854 - 0.877 0.852 0.895

Table 3: State-of-the-art comparison on VOT2020 (Kristan, Leonardis, and et.al 2020). The best two results are in bold and
underline, respectively.

LMTrack384 achieve the EAO results of 55% and 58.6% on
mask evaluations, respectively, demonstrating the effective-
ness of the token context-aware approach.

# Attention autoregressive Update AO(%)

1 bidirectional × - 73.0
2 unidirectional × - 73.9
3 unidirectional × update template 74.1
4 unidirectional × TCM 75.0
5 unidirectional ✓ update template 75.6
6 unidirectional ✓ TCM 76.3

Table 4: Ablation experiment about LMTrack in GOT-10K.

Ablation and Analysis
In this section, we perform a detailed analysis of the key
components of LMTrack256. In all our experimental studies,
we adhere to the GOT-10K test protocol.

The Unidirectional Attention. To evaluate the impact of
the unidirectional attention mechanism described in Eq. 5,
we conducted experiments comparing different attention

mechanisms, as shown in Tab. 4. The bidirectional attention
method processes both the search and template images si-
multaneously, whereas the unidirectional attention method
only takes the search image and reference tokens from the
initial template image as inputs. Observations from the first
and second rows indicate that the unidirectional attention
mechanism prevents noise from propagating from the search
to the reference, resulting in a 0.9% increase in average over-
lap (AO). Additionally, unidirectional attention improves fu-
sion efficiency. As seen in Tab. 1, unidirectional attention
significantly enhances inference speed when using the same
template/reference token sizes. This shows that unidirec-
tional attention not only prevents noise propagation but also
eliminates duplicate modeling of template features.

Autoregressive Tracking. We compare the different
tracking method on the performance. Traditional methods
require cropping the template based on previous results and
extracting features with the backbone at each update. This
approach uses only R0 = f(I0, ∅), t = 0 and does not em-
ploy Bt, Rt = f(It, Rt−1), t > 0. As shown in Tab. 4 (rows
three to six), autoregressive feature extraction outperforms
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Time line

Figure 4: The TCM module visualization shows the col-
lection of significant reference tokens over time. The high-
lighted part indicates retained tokens for ongoing tracking,
illustrating the module’s ability to filter out invalid tokens.

traditional methods, achieving a 1.5% and 1.3% improve-
ment in AO over the template update method and the TCM
module, respectively. Traditional methods lack reference to-
kens for accurately modeling target information in subse-
quent templates, limiting their ability to effectively dissemi-
nate target information throughout the video. In contrast, the
autoregressive method leverages reference tokens updated in
previous tracking steps, adapting more effectively to subse-
quent tracking processes and eliminating the need for redun-
dant operations on new template images.

Token Context Memory Module. The Token Context
Memory (TCM) module is designed to enhance reference
token representation by adhering to a less-is-more principle,
selectively retaining a less number of important reference to-
kens. This selective retention strategy allows for more pre-
cise updates of the reference tokens and updates each ref-
erence token independently, instead of modifying the en-
tire template image. To evaluate the impact of various up-
date strategies, we adopt LMTrack as our default configu-
ration. The results are shown in Tab. 4 (rows three to six),
demonstrating that employing more fine-grained operations
achieves a 0.7% and 0.9% improvement in AO with and
without autoregressive tracking, respectively. This shows
that LMTrack is able to constantly aggregate reference to-
kens that are valuable for the tracking process.

Visualization and Qualitative Analysis
Visualization of the TCM Module: Fig. 5 depicts the pro-
cess by which our TCM module extracts significant refer-
ence tokens from the same frame over time. As time pro-
gresses, most background tokens become less significant,
with fewer reference tokens primarily describing the target’s
appearance. Our autoregressive tracking method effectively
captures the reference tokens associated with the target, even
in challenging circumstances that involve variations in ap-
pearance and potential distractions.This illustrates a notable

(a) time t-1 (b) time t (c) time t+1 (d) (e)

Ground Truth OSTrack LMTrack

Figure 5: Comparison of the response between LMTrackand
OSTrack. (a)-(c): Search regions with predict boxes. (d): At-
tention maps of LMTrack. (e): Attention maps of OSTrack.

adaptability in accurately identifying the reference tokens of
the tracking target.

Compare Response Between reference tokens and
Template: When faced with these difficult scenarios, the
template image may be unreliable. To address these prob-
lems, our method uses reference tokens instead of the orig-
inal template image to guide object tracking. In Fig. 5, we
compare the attention maps generated by the reference to-
kens of LMTrack and the template of OSTrack (Ye et al.
2022). Unlike OSTrack, which uses the template image for
guidance, LMTrack employs historical search features to
generate reference tokens and collects important reference
tokens via the TCM module, effectively resisting various
appearances and distractions. By observing tracking results
frame-by-frame and attention response maps, we find that
the attention of OSTrack becomes distracted when similar
objects are present in the search image, leading to erroneous
tracking. In contrast, LMTrack can maintain focus on the
target by using reference tokens that have proven important
in previous tracking steps to keep attention on the target.

Conclusion
This study introduces the Token Context-Aware Tracker
(LMTrack), which is based on the principle that less tokens
with tracker attention play a more important role in the re-
sults. LMTrack comprises two key components: The Token
Context Memory (TCM) module and the unidirectional at-
tention mechanism in the encoder layer. The TCM module
analyzes the importance distribution of all reference tokens,
collecting, attending to, and updating the important ones.
Additionally, LMTrack adopts the unidirectional attention
mechanism to establish dependencies between reference to-
kens and search frame in a unidirectional propagation man-
ner. Thus, our approach discards the traditional frame-level
context and achieves a fine-grained token-level context to
represent important reference cues across time steps.
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