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Abstract

Contextual information at the video level has become increas-
ingly crucial for visual object tracking. However, existing
methods typically use only a few tokens to convey this in-
formation, which can lead to information loss and limit their
ability to fully capture the context. To address this issue,
we propose a new video-level visual object tracking frame-
work called MCITrack. It leverages Mamba’s hidden states
to continuously record and transmit extensive contextual in-
formation throughout the video stream, resulting in more ro-
bust object tracking. The core component of MCITrack is
the Contextual Information Fusion module, which consists
of the mamba layer and the cross-attention layer. The mamba
layer stores historical contextual information, while the cross-
attention layer integrates this information into the current vi-
sual features of each backbone block. This module enhances
the model’s ability to capture and utilize contextual infor-
mation at multiple levels through deep integration with the
backbone. Experiments demonstrate that MCITrack achieves
competitive performance across numerous benchmarks. For
instance, it gets 76.6% AUC on LaSOT and 80.0% AO on
GOT-10k, establishing a new state-of-the-art performance.

Code — https://github.com/kangben258/MCITrack

Introduction
Visual object tracking is a crucial task in computer vision,
aiming to identify an object in the initial frame of a video
and predict its location in subsequent frames. Existing track-
ing methods (Danelljan et al. 2019; Chen et al. 2020, 2022;
Zhu et al. 2023; Xie et al. 2022) typically employ image-
level matching techniques, using template and search region
images for feature matching and then making predictions
based on the matching results. These methods primarily fo-
cus on the initial appearance of the target and do not utilize
the contextual information available in the video sequence.

To improve performance, some methods (Yan et al.
2021a; Mayer et al. 2022; Chen et al. 2023b) use dynamic
templates to record the appearance information of objects.
As shown in Figure 1 (a), these methods obtain more ap-
pearance information and enhance the model’s robustness by
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Figure 1: Comparison of different contextual information
propagation methods. (a) Using dynamic templates. (b) Us-
ing extra tokens. (c) Using hidden state layers.

updating the dynamic template. While these methods have
achieved some success, they still primarily focus on the ap-
pearance information of the target and do not fully utilize
the contextual information in the video sequence.

Recently, some works (Chang et al. 2024; Zheng et al.
2024; Bai et al. 2024; Shi et al. 2024; Xie et al. 2024) have
begun to explore video-level object tracking. Unlike pre-
vious methods focusing solely on the target’s appearance,
these works utilize more contextual information to enhance
model performance. As shown in Figure 1 (b), these meth-
ods typically use a small number of extra tokens to capture
and transmit contextual information, continuously updating
as the video sequence progresses. Although these methods
show superior performance compared to earlier approaches,
the limited number of tokens can only transmit a limited
amount of contextual information, leading to information
loss. Therefore, efficiently transmitting richer contextual in-
formation remains an urgent challenge.

Temporal models like LSTM (Graves 2012) and state
space models (Gu et al. 2021) are adept at preserving cru-
cial information in their hidden states, making them suitable
for recording important contextual information in video se-
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quences. To address the issues mentioned above, we pro-
pose a new framework for transmitting contextual informa-
tion in video-level object tracking. As shown in Figure 1 (c),
we use hidden state layers to store and transmit richer con-
textual information. Specifically, we introduce MCITrack,
which leverages hidden states from Mamba (Gu and Dao
2023) to record and transmit contextual information. Com-
pared to using a small number of additional tokens, MCI-
Track can record and transmit more implicit contextual in-
formation, thereby enhancing the model’s performance.

The core module of MCITrack is the Contextual Infor-
mation Fusion (CIF) module, which consists of mamba and
cross-attention layers. The CIF module inputs multi-level
features from the backbone blocks of the current frame into
the mamba layers, where hidden states record crucial infor-
mation. As the next frame is processed, the cross-attention
layers integrate this recorded information into each back-
bone block. This deep integration allows the CIF module to
effectively extract and utilize contextual information at mul-
tiple levels, aiding the model in making accurate predictions.
Throughout the video, MCITrack continuously updates the
hidden states, ensuring the effective transmission of contex-
tual information as the sequence progresses.

Extensive experiments demonstrate the effectiveness of
our contextual information transmission framework. MC-
ITrack achieves state-of-the-art performance on multiple
datasets. For example, compared to the recent state-of-the-
art model ODTrack-B384 (Zheng et al. 2024), MCITrack-
B224 improves the AUC on LaSOT (Fan et al. 2019) by
2.1% (75.3% vs. 73.2%) with lower computational cost
(38G vs. 73G), fewer parameters (88M vs. 92M), and
a lower resolution (256 vs. 384). Even when compared
to the larger ODTrack-L384, MCITrack-B224 achieves a
1.3% higher AUC on LaSOT. Notably, our largest model,
MCITrack-L384, reaches an unprecedented AUC of 76.6%
on LaSOT. These results highlight the effectiveness of our
framework in transmitting critical contextual information,
enhancing prediction accuracy beyond previous methods.
The contributions of this paper are summarized as follows:

• We introduce a new method for transmitting contextual
information in video-level object tracking. Compared
with previous methods, our approach effectively trans-
mits richer and more crucial contextual information.

• Based on the proposed framework, we develop a new
family of video-level object tracking models named MC-
ITrack. Experiments demonstrate the effectiveness of
this framework, with MCITrack achieving state-of-the-
art performance across multiple datasets.

Related Work
Visual Tracking. Current trackers generally fall into two
categories: image-level trackers that rely solely on appear-
ance information and video-level trackers that incorporate
more contextual information. Most trackers (Tao, Gavves,
and Smeulders 2016; Bertinetto et al. 2016; Li et al. 2018,
2019; Zhang and Peng 2019; Xu et al. 2020; Voigtlaender
et al. 2020; Gao et al. 2022; Guo et al. 2022) belong to the
first category. These trackers use only the initial appearance

information of the target to match with the current frame
and then predict the target’s location based on the matching
results through a tracking head. Such trackers often strug-
gle with challenges like object deformation and blurriness.
Some trackers (Fu et al. 2021; Wang et al. 2021a; Yan et al.
2021a; Mayer et al. 2021; Chen et al. 2023a) introduce ad-
ditional templates, continuously updating them to allow the
model to extract more appearance information about the tar-
get to address these challenges. Despite these trackers hav-
ing achieved some success, they still rely solely on appear-
ance for image-level matching to locate the target. They do
not utilize the contextual information in the video.

Recently, many researchers have begun exploring video-
level object tracking to better utilize contextual informa-
tion for assisting tracking. TCTrack (Cao et al. 2022) aggre-
gates contextual information through online temporal adap-
tive convolution and temporal adaptive feature map refine-
ment. VideoTrack (Xie et al. 2023) employs a video trans-
former backbone to integrate contextual information. Be-
sides these methods, scholars have also started exploring the
use of additional tokens for this purpose. ODTrack (Zheng
et al. 2024) employs a token sequence propagation paradigm
to densely associate contextual relationships across video
frames. ARTrack (Wei et al. 2023) and ARTrackV2 (Bai
et al. 2024) encode previously predicted object coordinate
sequences into tokens to assist the current prediction. AQA-
Track (Xie et al. 2024) uses learnable autoregressive queries
to capture contextual information. EVPTrack (Shi et al.
2024) utilizes spatio-temporal markers to propagate infor-
mation across consecutive frames.

Compared with previous methods, video-level object
tracking models incorporating contextual information have
significantly improved tracking performance. However,
these models typically rely on a limited number of addi-
tional tokens to capture contextual information, which re-
stricts the ability to capture comprehensive contextual infor-
mation, leading to information loss. In contrast, our MCI-
Track efficiently captures richer and more critical contextual
information, enhancing the model’s performance.

State Space Model. The State Space Model (SSM) is pro-
posed for handling sequence tasks in NLP (Gu et al. 2021;
Gu, Goel, and Ré 2022) and has shown potential in address-
ing long-range dependency problems. Mamba (Gu and Dao
2023) addresses SSM’s inability to perform content-based
reasoning by making SSM parameters functions of the input.
Mamba has demonstrated the powerful capability of SSM in
handling long sequences with higher throughput compared
to Transformers. Subsequently, it has also become popular in
the computer vision field. In image classification, ViM (Zhu
et al. 2024) and VMamba (Liu et al. 2024) have achieved
performance comparable to ViT (Dosovitskiy et al. 2020)
with fewer parameters. In the medical image domain, SSM
has found widespread applications. For instance, Mamba-
UNet (Wang et al. 2024) incorporates the Mamba structure
into the UNet (Ronneberger, Fischer, and Brox 2015) model
for medical image segmentation. In this work, we explore
how to efficiently capture and transmit contextual informa-
tion in video sequences using the hidden states in Mamba.

4195



(a) Framework (b) CIF Block

Video Clip

Search Region

Patch Em
bedding

Block 1

S

CIF 
Block 1

h

Head

Contextual Information Fusion Module

Backbone

CIF 
Block 2

h

CIF 
Block n

h

Block 2 Block n

Mamba Layer

In Attention

Out Attention

FFN

Q K V
h

QK

V

h Update Hidden StateS Only Search Region Features

Figure 2: (a) Framework of the proposed MCITrack. The key components include the backbone for visual feature extraction,
the contextual information fusion module for recording and transmitting contextual information, and the prediction head. (b)
Architecture of the proposed Contextual Information Fusion(CIF) block.

MCITrack
This section presents MCITrack in detail. First, we provide
an overview of MCITrack. Next, we describe the model ar-
chitecture, including the backbone and the Contextual In-
formation Fusion (CIF) module. Finally, we introduce the
prediction head and training objective function.

Overview
The overall architecture of MCITrack is shown in Figure 2
(a). It consists of three parts: a backbone for visual feature
extraction, a Contextual Information Fusion (CIF) module
for storing and transmitting contextual information, and a
prediction head for making predictions. MCITrack takes a
video clip and a search region as input. First, the video clip
and search region are divided into patches through patch
embedding, and then these patches are concatenated along
the spatial dimension and fed into the backbone for feature
extraction. The backbone is composed of N blocks, with
each block paired with a corresponding CIF block. The CIF
blocks integrate the historical contextual information into
their associated backbone blocks, enhancing the accuracy of
visual feature extraction based on the historical contextual
information. Simultaneously, the CIF blocks update the hid-
den states based on the current backbone output. Finally, the
backbone, guided by contextual information, outputs more
precise visual features, which are then passed to the predic-
tion head to obtain the tracking results.

Model Architecture
Backbone. We use Fast-iTPN (Tian et al. 2024) as our
backbone. Similar to ViT (Dosovitskiy et al. 2020), Fast-
iTPN consists of Transformer layers. However, compared to
ViT, Fast-iTPN is ”narrower and deeper”, featuring a smaller
hidden dimension and more network layers. This deeper
structure enables the CIF module to capture a broader range
of information, including both shallow-level details and
deeper semantic information. Our model takes a video clip

V ∈ RN×3×Hz×Wz and a search region X ∈ R3×Hx×Wx

as inputs. First, both V and X are downsampled using con-
volutional layers with a stride of 4. The downsampled V
and X are processed through MLP layers and two con-
volutional merging layers. This process segments V and
X into patches, resulting in Fv ∈ RN×C×Hz

16 ×Wz
16 and

Fx ∈ RC×Hx
16 ×Wx

16 . These patches are expanded and con-
catenated along the spatial dimension to form Fvx ∈ RC×L

(L = N × Hz

16 × Wz

16 + Hx

16 × Wx

16 ), which are then input into
the Transformer layers for visual feature extraction. To en-
able the CIF module to capture more information at multiple
levels, we divide the backbone’s Transformer layers into N
(N is 4 by default) blocks, each paired with a corresponding
CIF block. Before the features are input into each block, the
historical contextual information from the CIF block is inte-
grated, enhancing the visual feature extraction process. This
integration of contextual information aids the backbone in
extracting more accurate features for subsequent predictions
by the prediction head.

Contextual Information Fusion Module. The Contex-
tual Information Fusion (CIF) module is the core component
of MCITrack. It stores and integrates contextual information
into the backbone to enhance visual feature extraction. The
CIF module consists of N CIF blocks, each corresponding to
a backbone block. Each CIF block integrates contextual in-
formation into the backbone features before the correspond-
ing backbone block performs feature extraction, and updates
the hidden states based on the current frame’s features. This
deep integration enables the CIF module to extract informa-
tion at multiple levels, providing richer implicit contextual
information to improve the model’s predictions. The struc-
ture of the CIF block is shown in Figure 2 (b) and primar-
ily includes a mamba layer and two cross-attention layers.
The mamba layer is responsible for storing contextual infor-
mation. The in-attention layer integrates the contextual in-
formation from the CIF block into the backbone, while the
out-attention layer extracts current frame information from
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Figure 3: The detailed mamba layer in the CIF block.

the backbone’s features into the CIF block. Specifically, the
output from the previous CIF block, Fi−1

c , is used as in-
put for the current CIF block. Fi−1

c contains information ex-
tracted from the features of the previous backbone block’s
output, Fi−1

vx . First, Fi−1
c passes through the mamba layer,

which extracts the historical contextual information, result-
ing in Fi

h. Simultaneously, the mamba layer updates its hid-
den states based on Fi−1

c , thereby updating the contextual
information. Next, Fi−1

vx is used as Q, while Fi
h serves as K

and V in the in-attention layer to obtain Fi−1′

vx , which incor-
porates the previous contextual information. Then, Fi−1′

vx is
input into the backbone for further feature extraction, result-
ing in Fi

vx. Subsequently, Fi
vx is used as K and V , while Fi

h
is used as Q in the residual connected out-attention and FFN
to extract the current frame’s information into the CIF block,
resulting in the current CIF block’s output, Fi

c. The process-
ing of the CIF module can be summarized as follows:

Fi
h,H

i
t = Mambai(F

i−1
c ,Hi

t−1),

Fi
vx = Blocki(F

i−1
vx +Attiin(F

i−1
vx ,Fi

h,F
i
h)),

Fi′

c = Attiout(F
i
h,F

i
vx,F

i
vx) + Fi

h,

Fi
c = Fi′

c + FFNi(F
i′

c ),

(1)

Where, Mambai, Attiin, Attiout and FFNi represent the
mamba layer, in-attention, out-attention, and FFN layer, re-
spectively, in the ith CIF block, Blocki represents the ith
backbone block, Hi

t and Hi
t−1 represent the hidden states of

the ith CIF block at time t and t− 1, respectively.
Mamba Layer. The mamba layer is a key component of

the CIF block, responsible for storing contextual informa-
tion. The detailed structure of the mamba layer is shown in
Figure 3. First, the input Fi undergoes RMS Norm (Zhang
and Sennrich 2019) for normalization, resulting in Fin. Next,
Fin is processed through two branches: x and z. In the x
branch, Fin is expanded in dimension via a linear projection
and then passed through a convolutional layer to extract lo-
cal features. After activation by the SiLU function (Elfwing,
Uchibe, and Doya 2018), it is fed into the SSM to extract
and update the stored contextual information. The output of
the x branch is denoted as Fx. In the z branch, Fin is dimen-

sionally expanded and activated by the SiLU function. It is
then weighted by Fx and reduced in dimension to produce
the output F′

i of the z branch. Finally, F′
i is combined with

Fin through a skip connection to produce the output Fo of
the Mamba Layer. This output Fo integrates the previously
stored contextual information.

State Space Model. The State Space Model (SSM) is a
critical part of the mamba layer. Inspired by continuous sys-
tems, SSM maps the one-dimensional function x(t) ∈ R
to y(t) ∈ R through the system’s hidden state function
h(t) ∈ RN (N represents the state size). SSM can be rep-
resented by a set of linear ordinary differential equations,
specifically the state equation and the output equation:

h′(t) = Ah(t) + Bx(t),
y(t) = Ch(t) + Dx(t),

(2)

Where A ∈ RN×N , B ∈ RN×1, C ∈ R1×N , and D ∈ R1

are the weighting parameters of the continuous-time SSM.
To incorporate a continuous-time SSM in deep learning, it
must be discretized. The zero-order hold method (Gu and
Dao 2023) is typically used to discretize it, converting con-
tinuous parameters into discrete parameters, as follows:

Ā = exp(∆A),

B̄ = (∆A)−1(exp(∆A)− I) ·∆B ≈ ∆B,
(3)

Where Ā and B̄ are the discretized parameters, and ∆ is the
time scale parameter. After discretization, the SSM used in
the mamba layer is represented by the following formula:

ht = Āht−1 + B̄xt,

yt = Cht +Dxt,
(4)

Here, ht−1 represents the previous hidden states that store
crucial contextual information, ht is the updated hidden
states based on the current input xt, and yt is the output that
integrates the contextual information. In this way, SSM en-
ables storing and transmitting contextual information.

Head and Loss Function
We use the same classification and regression heads as OS-
Track (Ye et al. 2022) for our prediction head. The head con-
sists of three sub-networks, each composed of convolutional
layers. These sub-networks produce the following outputs:
the classification score S ∈ R1×Hx

16 ×Wx
16 , bounding box size

B ∈ R2×Hx
16 ×Wx

16 , and offset size O ∈ R2×Hx
16 ×Wx

16 . Using
S, B, and O, we predict the final tracking results. Our ob-
jective function includes classification loss, focal loss (Lin
et al. 2017), and regression loss, which consists of L1 loss
and GIoU loss (Rezatofighi et al. 2019). In our video-level
training approach, each frame contributes to an individual
loss. The total loss can be summarized as follows:

L =
n∑

i=1

(λcLi
cls + λlLi

l + λgLi
g), (5)

Where, Li
cls, Li

l and Li
g represent the classification loss, L1

loss, and GIoU loss for the ith frame, respectively. L is the
total loss. λc, λl and λg are hyperparameters, with default
values λc = 1, λl = 5 and λg = 2.
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Method LaSOT LaSOText TrackingNet GOT-10k*
AUC PNorm P AUC PNorm P AUC PNorm P AO SR0.5 SR0.75

MCITrack-B224 75.3 85.6 83.3 54.6 65.7 62.1 86.3 90.9 86.1 77.9 88.2 76.8
MCITrack-S224 73.8 84.2 81.7 52.6 63.6 59.7 85.6 90.2 85.2 76.9 87.0 76.1
MCITrack-T224 71.7 81.5 78.2 51.6 62.7 58.4 84.8 89.4 83.7 74.0 83.9 72.1

ODTrack-B384 (Zheng et al. 2024) 73.2 83.2 80.6 52.4 63.9 60.1 85.1 90.1 84.9 77.0 87.9 75.1
ARTrackV2-256 (Bai et al. 2024) 71.6 80.2 77.2 50.8 61.9 57.7 84.9 89.3 84.5 75.9 85.4 72.7
AQATrack-256 (Xie et al. 2024) 71.4 81.9 78.6 51.2 62.2 58.9 83.8 88.6 83.1 73.8 83.2 72.1
EVPTrack-224 (Shi et al. 2024) 70.4 80.9 77.2 48.7 59.5 55.1 83.5 88.3 - 73.3 83.6 70.7
LoRAT-B224 (Lin et al. 2024) 71.7 80.9 77.3 50.3 61.6 57.1 83.5 87.9 82.1 72.1 81.8 70.7
ARTrack-256 (Wei et al. 2023) 70.4 79.5 76.6 46.4 56.5 52.3 84.2 88.7 83.5 73.5 82.2 70.9
SeqTrack-B256 (Chen et al. 2023a) 69.9 79.7 76.3 49.5 60.8 56.3 83.3 88.3 82.2 74.7 84.7 71.8
VideoTrack-256 (Xie et al. 2023) 70.2 - 76.4 - - - 83.8 88.7 83.1 72.9 81.9 69.8
ROMTrack-384 (Cai et al. 2023) 71.4 81.4 78.2 51.3 62.4 58.6 84.1 89.0 83.7 74.2 84.3 72.4
CiteTracker-384 (Li et al. 2023) 69.7 78.6 75.7 - - - 84.5 89.0 84.2 74.7 84.3 73.0
OSTrack-256 (Ye et al. 2022) 69.1 78.7 75.2 47.4 57.3 53.3 83.1 87.8 82.0 71.0 80.4 68.2
Mixformer-22k (Cui et al. 2022) 69.2 78.7 74.7 - - - 83.1 88.1 81.6 70.7 80.0 67.8
SwinTrack-384 (Lin et al. 2022) 71.3 - 76.5 49.1 - 55.6 84.0 - 82.8 72.4 - 67.8

Comparison of Large-Scale Models

MCITrack-L384 76.6 86.1 85.0 55.7 66.5 62.9 87.9 92.1 89.2 80.0 88.5 80.2
MCITrack-L224 76.1 86.1 84.1 54.8 65.6 61.6 86.9 91.3 87.4 79.3 89.3 78.7

ODTrack-L384 (Zheng et al. 2024) 74.0 84.2 82.3 53.9 65.4 61.7 86.1 91.0 86.7 78.2 87.2 77.3
ARTrackV2-L384 (Bai et al. 2024) 73.6 82.8 81.1 53.4 63.7 60.2 86.1 90.4 86.2 79.5 87.8 79.6
LoRAT-L378 (Lin et al. 2024) 75.1 84.1 82.0 56.6 69.0 65.1 85.6 89.7 85.4 77.5 86.2 78.1
MixViT-L384 (Cui et al. 2024) 72.4 82.2 80.1 - - - 85.4 90.2 85.7 75.7 85.3 75.1
ARTrack-L384 (Wei et al. 2023) 73.1 82.2 80.3 52.8 62.9 59.7 85.6 89.6 86.0 78.5 87.4 77.8
SeqTrack-L384 (Chen et al. 2023a) 72.5 81.5 79.3 50.7 61.6 57.5 85.5 89.8 85.8 74.8 81.9 72.2
TATrack-L384 (He et al. 2023) 71.1 79.1 76.1 - - - 85.0 89.3 84.5 - - -
CTTrack-L320 (Song et al. 2023) 69.8 78.7 76.2 - - - 84.9 89.1 83.5 72.8 81.3 71.5

Table 1: State-of-the-art comparisons on four large-scale benchmarks. We add a symbol * over GOT-10k to indicate that the
corresponding models are only trained with the GOT-10k training set. Otherwise, the models are trained with all the training
data presented in Sec. Implementation Details. The top two results are highlighted with bold and underlined fonts, respectively.

Experiments
Implementation Details
Model. We develop five variants of the MCITrack model
with different backbones and input resolutions, as detailed
in Table 2. Additionally, we report the model parameters,
FLOPs, and inference speed in Table 2. The speed is mea-
sured on an Intel Core i7-8700K CPU @3.70GHz with
47GB RAM and a single 2080 Ti GPU. All the models are
implemented with Python 3.11 and PyTorch 2.1.2.

Training. Our training data includes LaSOT (Fan et al.
2019), GOT-10k (Huang, Zhao, and Huang 2019), Track-
ingNet (Muller et al. 2018), COCO (Lin et al. 2014), and
VastTrack (Peng et al. 2024). We use a 5-frame video clip
and two search regions as inputs. To simulate contextual
information transmission, we first input the video clip and
one search region, calculate the loss, and store the contex-
tual information in hidden states. Then, we input the second
search region and the previous frame’s hidden states, calcu-
late the loss, and sum the losses for backpropagation. We use
the AdamW (Loshchilov and Hutter 2018) optimizer with
an initial learning rate of 4 × 10−5 for the backbone and
4 × 10−4 for the rest. The weight decay is set to 1 × 10−4.
The model is trained for a total of 300 epochs with 60k sam-

Model Backbone Input Params FLOPs Speed
Resolution (M) (G) (fps)

MCITrack-T224 Fast-iTPN-T 224×224 32 13 51
MCITrack-S224 Fast-iTPN-S 224×224 45 19 40
MCITrack-B224 Fast-iTPN-B 224×224 88 38 35
MCITrack-L224 Fast-iTPN-L 224×224 287 123 16
MCITrack-L384 Fast-iTPN-L 384×384 287 370 5

Table 2: Details of MCITrack model variants.

ples per epoch, and the learning rate decreases by a factor
of 10 after 240 epochs. Training is performed on two 80GB
Tesla A800 GPUs with a total batch size of 128.

Inference. During inference, we input a video clip of
length 5, consistent with our training process. We maintain
a memory bank to store reliable frames. When the update
interval T is reached, we use the frames stored in the mem-
ory bank to update the video clip. We observe that updat-
ing the hidden states when tracking results are inaccurate
can introduce erroneous contextual information, which may
degrade the model’s performance in subsequent frames. To
mitigate this issue, we set a threshold a for updating the hid-
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Method TNL2K NFS UAV123

MCITrack-L384 65.3 70.6 71.5
MCITrack-L224 64.3 71.1 70.8
MCITrack-B224 62.9 70.6 70.5
MCITrack-S224 61.9 70.6 69.3
MCITrack-T224 59.4 70.0 69.9

ODTrack-L384 (Zheng et al. 2024) 61.7 - -
ARTrackV2-256 (Bai et al. 2024) 59.2 67.6 69.9
LoRAT-L378 (Lin et al. 2024) 62.3 66.7 72.5
ARTrack-L384 (Wei et al. 2023) 60.3 67.9 71.2
SeqTrack-L384 (Chen et al. 2023a) 57.8 66.2 68.5
OSTrack (Ye et al. 2022) 55.9 66.5 70.7
STARK (Yan et al. 2021a) - 66.2 68.2
TransT (Chen et al. 2021) 50.7 65.7 69.1
DiMP (Bhat et al. 2019) 44.7 61.8 64.3
Ocean (Zhang et al. 2020) 38.4 49.4 57.4

Table 3: Comparison with state-of-the-art methods on addi-
tional benchmarks in AUC score.

den states: the hidden states are only updated if the classifi-
cation score exceeds the threshold. This approach helps pre-
vent the model from being misled by incorrect information.

State-of-the-Art Comparisons
We compare our MCITrack with SOTA trackers across eight
tracking benchmarks, as detailed in Tables 1 and 3.

LaSOT. LaSOT (Fan et al. 2019) is a large-scale, long-
term dataset with 1120 training videos and 208 test videos.
As shown in Table 1, MCITrack models achieve state-of-the-
art results. Specifically, MCITrack-B224 and MCITrack-
S224 attain the top two AUC scores of 75.3% and 73.8%, re-
spectively, outperforming the third-place ODTrack-B384 by
2.1% and 0.6%. Furthermore, among the large-scale models,
MCITrack-L384 and MCITrack-L224 secure the first and
second positions with AUC scores of 76.6% and 76.1%.

LaSOText. LaSOText (Fan et al. 2021) is an extension
of LaSOT, containing 150 videos. As reported in Table 1,
our models achieve the top two results. MCITrack-B224
achieves an AUC score of 54.6%, which is 2.2% higher than
the previous best, ODTrack-B384, representing a significant
improvement. With a large-scale backbone, MCITrack-L384
achieves a competitive AUC score of 55.7%.

TrackingNet. TrackingNet (Muller et al. 2018) is a com-
prehensive dataset that covers diverse object categories
and scenes. As presented in Table 1, MCITrack-B224 and
MCITrack-S224 achieve the top two positions with AUC
scores of 86.3% and 85.6%, respectively. Additionally,
MCITrack-L384 and MCITrack-L224 also secure the top
two results among large-scale trackers, with AUC scores of
1.8% and 0.8% higher than the third-place tracker, demon-
strating a significant performance advantage.

GOT-10k. GOT-10k (Huang, Zhao, and Huang 2019)
test set contains 180 videos covering various common
tracking challenges. In line with official guidelines, we
only use the GOT-10k training set for model training. As

Figure 4: EAO rank plots on VOT2020.

shown in Table 1, MCITrack-B224 achieves the highest
AO score of 77.9%, surpassing the second-place ODTrack-
B384 by 0.9%. Additionally, among the large-scale models,
MCITrack-L384 achieves the top AO score of 80.0%.

TNL2K, NFS and UAV123. We also evaluate our MCI-
Track models on three additional datasets: TNL2K (Wang
et al. 2021b), NFS (Kiani Galoogahi et al. 2017), and
UAV123 (Mueller, Smith, and Ghanem 2016). TNL2K is
a recently released large-scale dataset with 700 video se-
quences, while NFS and UAV123 are two smaller bench-
marks, containing 100 and 123 videos, respectively. As
shown in Table 3, MCITrack achieves new state-of-the-
art performance on TNL2K and NFS, with AUC scores of
65.3% and 71.1%, respectively. On UAV123, MCITrack-
L384 also delivers a competitive result, achieving an AUC
score of 71.5%, which is better than most previous trackers.

VOT2020. VOT2020 (Kristan et al. 2020) contains 60
challenging videos. We equip MCITrack with Alpha-
Refine (Yan et al. 2021b) to predict segmentation masks. As
shown in Figure 4, MCITrack-L384, MCITrack-L224, and
MCITrack-B224 secure the top three positions with EAO
scores of 62.4%, 62.3%, and 61.9%, respectively.

Ablation Study
In the ablation study, we use MCITrack-B224 as our base-
line model to investigate the impact of the CIF module,
video clip length, and different methods of contextual in-
formation transmission on the model.

CIF Module. The CIF module is a crucial component of
MCITrack, responsible for storing and transmitting contex-
tual information. We conduct ablation studies on the number
of CIF blocks in the CIF module, the structure of the CIF
block, and the size of the hidden state. The results are shown
in Table 4. Our baseline model uses 4 CIF blocks with a hid-
den state size of 16. As observed (#2 and #3), decreasing or
increasing the number of CIF blocks to 2 or 6 results in a re-
duction in AUC on LaSOT by 1.4% and 0.5%, respectively.
This demonstrates the effectiveness of our method for deep
integration with the backbone, while too many interactions
increase model complexity and can degrade performance.
We also explore different structures of the CIF block, #4,
#5, and #6 show the results. By replacing the attention mod-
ules with addition, we find that removing in-attention, out-
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# Method AUC PNorm P ∆

1 Baseline 75.3 85.6 83.3 -
2 2 CIF blocks 73.9 84.5 81.8 -1.4
3 6 CIF blocks 74.8 84.8 82.8 -0.5
4 Without in cross attention 74.3 84.3 81.8 -1.0
5 Without out cross attention 74.2 84.1 82.0 -1.1
6 Without in & out cross attention 73.5 83.3 80.7 -1.8
7 4 hidden states 74.0 83.9 81.7 -1.3
8 8 hidden states 74.6 84.8 82.7 -0.7
9 32 hidden states 74.3 84.2 81.9 -1.0

Table 4: Ablation Study of the CIF module on LaSOT. #1
denotes the baseline setting. #2 and #3 denote the number of
CIF blocks. #4, #5, and #6 denote the CIF block structure.
#7, #8, and #9 denote the hidden state size. ∆ denotes the
performance change (AUC) compared with the baseline.

Video Clip Length AUC PNorm P ∆

Baseline 75.3 85. 6 83.3 -
2 frames 72.7 82.4 80.0 -2.6
3 frames 73.8 83.5 81.3 -1.5
4 frames 74.4 84.2 81.9 -0.9
6 frames 73.8 83.8 81.3 -1.5

Table 5: Ablation Study of the video clip length on LaSOT.
∆ denotes the performance change (AUC) compared with
the baseline.

attention, or both reduces the model performance by 1.0%,
1.1%, and 1.8%, respectively. These results underscore the
effectiveness of our CIF block structure. Table 4 (#7, #8, and
#9) also demonstrates the impact of different hidden state
sizes. Both too small and too large hidden state sizes lead to
decreased model performance, indicating the importance of
optimal hidden state size for maintaining performance.

Video Clip Length. Table 5 shows the impact of video
clip length on MCITrack. Our baseline uses a 5-frame clip.
The results reveal that as the video clip length increases, in-
corporating more appearance information, the model perfor-
mance also improves, with an increase of 2.6% in AUC on
LaSOT when extending from 2 frames to 5 frames. However,
further increasing the video clip length does not consistently
lead to performance gains and may even cause performance
degradation. For instance, using 6 frames results in a 1.5%
decrease in AUC on LaSOT. This suggests that excessively
long video clips can impose a higher learning burden on the
model, potentially leading to reduced performance.

Contextual Information Propagation Methods. Table 6
compares different methods for transmitting contextual in-
formation. The baseline is MCITrack, which uses Mamba’s
hidden states to transmit contextual information. ”Wo CI”
indicates the absence of contextual information in tracking.
”Extra Token” refers to use additional tokens for transmit-
ting contextual information. ”LSTM” indicates use LSTM’s
hidden states for this purpose, while ”Previous Features” in-
volves using features from the previous frame directly. Com-
pared to the baseline, ”Wo CI” results in a 2.3% decrease

Method AUC PNorm P ∆

Baseline 75.3 85.6 83.3 -
Wo CI 73.0 83.0 80.6 -2.3

Extra Token 73.4 83.0 80.7 -1.9
Previous Features 73.4 83.2 80.6 -1.9

LSTM 74.3 84.2 81.8 -1.0

Table 6: Ablation Study of different contextual information
propagation methods on LaSOT. ∆ denotes the performance
change (AUC) compared with the baseline.

# 1 # 48 # 201 # 361 # 480 # 697

# 1 # 38 # 137 # 243 # 385 # 461

Figure 5: Visualization of the output features of CIF module.

in AUC on LaSOT, highlighting the importance of contex-
tual information for the tracker. ”Extra Token” and ”Previ-
ous Features” result in a 1.9% decrease in AUC compared
to the baseline. In contrast, ”LSTM” achieves a relatively
higher AUC of 74.3%, which is 0.9% better than ”Extra To-
ken” and ”Previous Features”. This suggests that our method
of using hidden states to transmit contextual information is
effective. Compared with previous methods, our method can
convey richer and more crucial contextual information.

Visualization. Figure 5 presents the visualization results
of the output features from the CIF module. It shows that,
after passing through the CIF module, the model emphasizes
critical edge information of the target, such as the tail, legs,
and head of the zebra and the dog. This enhancement allows
for more accurate target localization.

Conclusion
In this work, we introduce a new family of video-level track-
ing models named MCITrack, which develops a new method
for transmitting contextual information. Its core component
is the Contextual Information Fusion(CIF) module, which
utilizes hidden states from Mamba to effectively transmit
richer and more crucial contextual information. Experiments
show that MCITrack is effective, achieving state-of-the-art
performance across multiple datasets. We hope this work in-
spires further research in video-level tracking.

Limitation. Despite its significant results, MCITrack faces
challenges with slow model training due to its video-level
modeling approach. Additionally, handling the video clip
introduces more computational overhead compared to the
single-frame image. To address these issues, it is essential to
accelerate model training and minimize the computational
burden of the video clip. A promising solution is to effi-
ciently integrate multi-frame image information to reduce
the video clip size and develop a lightweight model.
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