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Abstract

Current Siamese and Transformer trackers commonly use
various subtask branches like regression and classification
to predict object states. Despite the demonstrated success,
these subtask branches might introduce location and scale
offsets due to discrepancies and misalignment in the respec-
tive predictions. To address this, we propose a novel genera-
tive tracker, MIMTrack, which defines tracking as a Masked
Image Modeling (MIM) process combined with in-context
learning (ICL). MIMTrack begins with building the visual
prompt image, which consists of a template, a search area,
and two target images associated with them. The target image
transforms the bounding box into a unified RGB image space
as other tracking image. All states prediction are naturally
aligned by pixels generation of search target image. In light
of this, we perform a MIM process within the visual prompt
to reconstruct a masked search target image using the con-
text from other parts. MIM with ICL makes use of implicit
cross-relations between template and search area. A single-
stream generative framework reduces the offset in the esti-
mation. Furthermore, a latent memory module is introduced
as a plugin to enhance pixel generation by leveraging vari-
ous target appearances over time. The advanced performance
observed on leading benchmark datasets highlights the sim-
plicity and effectiveness of our MIMTrack framework.

Introduction
Visual object tracking (VOT) aims to estimate the state of
an object in subsequent video frames according to its initial
position and scale (Han et al. 2022; Javed et al. 2023). Tradi-
tional methods, including Siamese (Li et al. 2019; Bhat et al.
2019) and Transformer (Chen et al. 2021; Ye et al. 2022)
trackers, typically formulate VOT as a template-matching
task, as shown in Figure 1(a). Multiple subtasks are used
to predict various properties of the target—such as location,
scale, corner points, and offsets—on a fused search feature
(Gao et al. 2022; Cui et al. 2022). Despite their success,
these approaches face two significant challenges: (1) Each
branch has a distinct goal but shares the same parameters for
feature extraction. This can result in difficulties in synchro-
nizinge location and scale estimations during the learning
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Figure 1: Different pipelines. (a) The bounding box is ac-
quired through classification and regression branches. (b)
We treat the template and its target image as an in-context
example, and the search area with the masked target image
as a new query. Together, they form a visual prompt that al-
lows MIM to predict masked pixels with ICL.

process, potentially affecting the performance of each indi-
vidual subtask. These optimization discrepancies hinder ac-
curate understanding of tracked objects. (2) Because of the
independent operation of multiple branches, varying predic-
tion accuracies can lead to misalignment issues. A predicted
box with high classification confidence may still suffer from
poor regression accuracy. Although the offset branch has at-
tempted to align the accuracy (Danelljan et al. 2019), the
separation of branches still hinder the effective correction of
misalignment (Peng et al. 2021).

To address these issues, we reformulate VOT as an im-
age generation task based on Mask Image Modeling (MIM)
(He et al. 2022). MIM is originally proposed as a visual
pre-training technique (He et al. 2022; Xie et al. 2022), in-
volving randomly occluding parts of an image and training
the model to reconstruct the missing pixels. Building on this
concept, we convert the target box into a target image. Our
tracking model uses tracking images, such as templates and
search areas, as context to reconstruct the masked pixels of
the target image. This pixel-to-pixel approach mimics the
ability of human vision to recognize objects from exam-
ples. Unlike axis-aligned bounding box-based trackers, our
model performs execution of in-context tracking using the
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visual signal as context. By focusing directly on the target
area without relying on multi-task learning to decompose
the representation, we maintain a consistent output space,
which effectively unifies optimization objectives and miti-
gates misalignment issues. Furthermore, we extend MIM’s
global context awareness and local feature learning capa-
bilities to tracking, which implicitly models relationships
among tracking images and accurately captures the tracking
target.

In this work, we present a novel in-context tracking
framework using MIM, called MIMTrack. MIMTrack
transforms the bounding box into an RGB target image to
encapsulate the target state and effectively differentiate be-
tween foreground and background based on pixel color. In
this way, MIMTrack reformulates the tracking as a MIM
process combined with in-context learning (ICL). The in-
context example consists of a template and its target image
to indicate the target’s position. The search region is then
combined with its masked target image to form a new query.
As shown in Figure 1 (b), we integrate the in-context exam-
ple, and the query into a single visual prompt image. MIM-
Track employs an encoder-decoder architecture for the MIM
process, where the encoder extracts visual prompt features
and the decoder generates the masked pixels in the query.
During inference, the bounding box of the target image is
reconstructed to provide a general tracking result. Thus,
MIMTrack interprets the tracking object within successive
frames through direct visual perception. Our unified predic-
tion effectively reduces the gap between model prediction
and tracking tasks, addressing potential problems related to
multitask divergence and communication issues. In addition,
extra examples can deepen the understanding of the context
(Bar et al. 2022). To expand the temporal context, a latent
memory module generates a few learnable prompt tokens,
facilitating memory compression and retrieval. As a result,
MIMTrack adapts to target change scenarios and balances
efficiency with effectiveness. The key contributions of this
paper are as follows:

• We reformulate tracking task as pixel-to-pixel genera-
tion. The carefully designed visual prompt unifies the
model’s input and output spaces.

• We apply ICL withc the MIM-based tracking. The single-
stream generative framework aligns target state estima-
tion offsets across the multiple branches.

• To adapt to target changes, we build a latent memory to
simply integrate historical appearances in MIM. Exten-
sive experiments demonstrate the effectiveness of MIM-
Track, which achieved an AO score of 75.3% on GOT-
10k, surpassing SeqTrack, OSTrack, etc.

Related Work
Visual Tracking Framework
Existing tracking datasets (Fan et al. 2019; Huang, Zhao,
and Huang 2019) typically use bounding boxes to label
objects, indicating their center position, width, and height.
This method comprises multiple sub-tasks to ascertain var-
ious target state attributes: classification for foreground-

background prediction and regression for estimating the tar-
get scale. Popular Siamese (Li et al. 2019) and Discrimina-
tive trackers (Danelljan et al. 2019; Bhat et al. 2019; Mayer
et al. 2022) are primarily built on this architecture. Follow-
ing this design, transformer trackers extract robust features
(Chen et al. 2021; Ye et al. 2022; Lin et al. 2022). Various
work (Cai, Liu, and Wang 2024; Xie et al. 2024) have ex-
plored spatio-temporal feature modeling. Additionally, ap-
proaches like STARK (Yan et al. 2021) and AIATrack (Gao
et al. 2022) use separate networks to predict the distribution
probabilities of two object corners. Consequently, these iso-
lated sub-tasks require combined losses to train each predic-
tion branch, including crossentropy loss (Chen et al. 2021),
focal loss (Ye et al. 2022; Xu et al. 2020; Lin et al. 2017),
mean square error loss (Danelljan et al. 2019), IoU loss
(Chen et al. 2021; Gao, Zhou, and Zhang 2023), etc. Inspired
by Pix2seq (Chen et al. 2022), certain methods (Chen et al.
2023c; Zheng et al. 2023; Wei et al. 2023) transform vision
problem into natural language processing (NLP) ones. The
bounding box is interpreted as a sequence of language units.
An autoregressive head predicts the coordinates symbols se-
quentially based on the vision feature in order. Nonetheless,
the gap of image-to-sequence is addressed through com-
plex designs including causal relation and cross-modal fu-
sion. We attribute the misalignment and optimization diver-
gence problems to the inconsistency of the model output
space. Therefore, MIMTrack reformulates the tracking tasks
as a pixel-to-pixel generation problem within a unified im-
age space. It overcomes these constraints by generating im-
ages to describe the target states. The image-level prediction
also avoids quantization errors in the downsampled output.

In-context Learning for Masked Image Modeling
ICL, the latest NLP paradigm, involves completing text from
prompts and examples (Brown et al. 2020). It enables mod-
els to perform real-time reasoning and recognize new pat-
terns, advancing many NLP tasks. ICL has also demon-
strated its effectiveness in computer vision tasks, such as
visual-language tasks (Alayrac et al. 2022) and multi-task
visual models (Wang et al. 2023c). The in-context examples
are used to indicate different visual tasks. In VOT task, vi-
sual prompts are also used to integrate multimodal informa-
tion (Zhu et al. 2023; Luo et al. 2023), thus mitigating the
need to retrain tracker in traditional fine-tuning paradigms.

MIM occludes a part of the image and predicts the miss-
ing pixels (Zhang et al. 2022; Liao et al. 2023; Chen et al.
2023a). This image inpainting task has been introduced
into self-supervised representation learning for downstream
tasks following fine-tuning (He et al. 2022; Xie et al. 2022).
Subsequent studies have examined the impact of various fac-
tors, such as pixel reconstruction (Liu et al. 2023), local
multi-scale information (Wang et al. 2023a), in-context ex-
ample selection (Zhang, Zhou, and Liu 2024) and occlusion
regions (Chen et al. 2023b).

Recently, an image prompt-guided MIM model is de-
vised to perform various visual tasks (Bar et al. 2022; Wang
et al. 2023b). This prompt combines image examples with
a query to generate a resulting image for the masked region
based on different task references. In tracking (Zhao, Wang,
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Figure 2: The overview of our MIMTrack framework. The bounding box is mapped to an RGB target image. The search target
image is the masked region of the visual prompt image. After linear projection, the mask operation is performed at the token
level. The latent memory module introduces previous appearances for feature encoding. The decoder is used to recover the
pixels of the mask part, which is reconstructed as the general result.

and Lu 2023), MIM enhances target specific features by re-
constructing the template and search area, but isolated fea-
ture learning weakens performance. Inspired by the above
method, we consider objects as the focus of ICL rather than
task types. The tracking task can be described as continuous
reasoning given an in-context example. We develop a visual
prompt to indicate the tracking object instance. MIM is used
to exploit ICL-based tracking. The task is conceptualized as
the directional generation of the target image correspond-
ing to the search area. To our knowledge, no prior art has
adopted MIM to distinguish tracked objects.

Methodology
Preliminaries
Visual Tracking. Given the bounding box bz in the tem-
plate image z, the objective of visual tracking is to identify
the target bx within the search area x, as illustrated below:

bx = fVOT (z,x,bz) , (1)

where the learned model fVOT can predict the location and
scale of the target through multiple branches.

Masked Image Modeling. MIM (Zhang et al. 2022) is a
widely used techniqu in vision tasks to enhance feature ex-
traction and improve model robustness. The core idea is to
mask certain parts of the image and predict the masked re-
gions based on the context provided by the unmasked re-
gions. Given an original image I and a binary mask M,
the masked image Imask is created as Imask = I ⊙ M. ⊙

is element-wise multiplication. The prediction can be repre-
sented as follows:

Ipred = fMIM (Imask) . (2)

The model fMIM predicts the masked pilxes. The objective
function is typically used the Mean Squared error (MSE)
between I and Ipred.

Target Image Construction
Traditional tracking methods primarily represent objects
using axis-aligned bounding boxes, denoted as b =
[x, y, w, h], which are straightforward to annotate with lit-
tle ambiguity. However, there exists an inherent inconsis-
tency between the position [x, y] and scale [w, h] estima-
tions. Despite incorporating the offset branch for misalign-
ment (Danelljan et al. 2019), the independent prediction
process remains non-communicative. The substantial differ-
ences between the input image and the output coordinates
lead to complex and divergent tracking predictions. There-
fore, we reformulate the pixel representation of the target
states to align with the image input space. In unified image
space, the joint reasoning of location and scale is able to
mitigate optimization divergence and misalignment issues.
The consistent spatial relationships among pixels minimize
quantization errors.

Taking the original pixels of the target as the output intro-
duces significant ambiguity. The background pixels in the
annotation boxes hinder the precise localization of the ob-
ject. To precisely determine the pixel’s position, we solve
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this issue as a keypoint prediction problem. For template
z ∈ R3×H×W , rgb (bz; [H,W ]) is the transition from the
bounding box bz to the RGB target image zo. As depicted
in the upper left of Figure 2, z and zo have exactly the same
dimensions and pixels spatial relationships. The background
is represented as black (0 pixel value) in zo. Then, the corner
points are employed to locate the target. In green channel G,
a 9×9 Gaussian heatmap marks the target’s corner position.
The heatmap’s peak aligns with the corner’s center. Marking
all four corners helps mitigate partial occlusion effects.

Nevertheless, it is challenging to estimate the corners that
are virtual positions outside the object. We impose con-
straints on the target image within R and B channels. In
the red channel R, the target’s center point is marked using
a similar Gaussian distribution heatmap to focus on the tar-
get itself. In the blue channel B, pixels inside the bounding
box are set to 255, and pixels outside are set to 0, effectively
directing the model’s attention to the coverage area.

MIMTrack framework
Visual prompt image. MIMTrack is a purely vision-
based tracking framework in which pixels serve as both
model inputs and predicted objects. xo = rgb (bx; [H,W ])
is the target image of the search area x ∈ R3×H×W . Accord-
ing to the in-context example [z; zo], the model is expected
to infer approximate representations xo for the correspond-
ing search region x. The ICL is incorporated to achieve this
pixel-to-pixel target understanding. Inspired by Eq. 2, MIM
is employed to model in the unified input-output space:

xo = fMIM (z; zo;x;M) . (3)
Hence, we synthesize all the tracking images [z; zo;x;xo]
in a single context, namely the visual prompt image I ∈
R2H×2W×C . The search target image denotes the masked
portion of a visual prompt, with the remaining area serving
as the reference in-context. A fixed occlusion strategy has
replaced the previously used random mask method (He et al.
2022). As a result, traditional tracking’s relation modeling
is implicitly embedded in local pixel inpainting. This allows
the model to reference both global context and local features
for instance-specific information.

Encoder. MIMTrack utilizes a simple encoder-decoder ar-
chitecture. The encoder employs the ViT (Dosovitskiy et al.
2021) backbone to extract embedding features, utilizing a
self-attention mechanism to capture relationships between
pixels. MIMTrack uses a simple encoder-decoder architec-
ture. Firstly, the visual prompt image is segmented into
patches: pseg ∈ R3×N×S2

, where S2 represents the patch
size, and N = 4HW

S2 denotes the number of patches. Each
image patch pseg is transformed into a feature embedding
e ∈ R1×dm via a linear projection, where dm denotes the
vector dimension. E ∈ RN×dm is the embedding features
for the entire visual prompt image. Similar to (Xie et al.
2022), we apply a mask operation at token level:

Emask = E⊙M+P⊙ (1−M) , (4)

where M ∈ {0, 1}N is the token-level binary mask,
with 0 indicating the masked region. P ∈ RN×dm rep-
resents a set of placeholders, generated as copies of a

learnable placeholder m ∈ R1×dm . Then, the masked
feature of the visual prompt, Emask, is represented as
[e1, · · · , e3N/4,m, · · · ,m], indicating that the final quarter
of tokens (search target image) are replaced by m. Addi-
tionally, position embeddings are applied to retain positional
information. Finally, Emask is fed into the encoder layers for
feature updates. To reduce the Transformer computation, the
visual prompt is split vertically into two parts for separate
feature extraction, and then fused through matrix addition at
a specific encoding layer.

Decoder. The decoder remaps the features back to the in-
put resolution. The single-pipeline prediction architecture
comprises both simple linear and convolutional layers. We
use a linear layer to integrate different depth-encoded fea-
tures to assist in image restoration. Subsequently, two con-
volutional layers are employed to predict the masked target
image, which is denoted as x′

o ∈ R3×H×W .

Loss function. MIMTrack predicts the raw pixels of the
masked region by minimizing the distance between the pre-
dicted target image x′

o and the mapped target image xo. The
loss function L is employed on the masked pixels:

L = Lsmooth−ℓ1 (x
′
o,xo) + Lssim (x′

o,xo) , (5)
where Lsmooth−ℓ1 is the Smooth L1 loss.

Moreover, we aim to achieve precise pixel-level predic-
tions for representing object locations, rather than relying
on pre-trained feature representations (Zhang et al. 2022).
To supervise local details, we introduce an additional Struc-
tural Similarity (SSIM) loss (Wang et al. 2004), denoted as:

Lssim = 1− [l (x′
o,xo) · c (x′

o,xo) · s (x′
o,xo)] , (6)

where Lssim is SSIM loss function. l, c and s mean lumi-
nance, contrast and structure metrics, respectively.

Bounding Box Reconstruction
During inference, the unknown search target image is di-
rectly specified as the mask region to generate a predicted
image x′

o. To evaluate the tracking results, an optimal can-
didate box is extracted from the predicted target image x′

o.
The blue channel represents only a rough extent of the tar-
get. For this purpose, the target’s center point and the corner
points are collectively employed to accurately locate the tar-
get, as shown in Figure 3. The local maximum values from
the green channel G of image x′

o are extracted to establish
the set of target corner points C = [c1, · · · , cNC

]. Each cor-
ner point ci, (i = 1, · · · , NC) is characterized by a triple(
xi, yi, v

G
i

)
, in which (xi, yi) signify the coordinates and

vGi represents the pixel value. Intuitively, the line of any
two corner points can form a bounding box. These candi-
date bounding boxes can be represented using the adjacency
matrix Cadj of the corner points:

Cadj =

 cadj
11 (c1; c1) · · · cadj

1N (c1; cN )
...

. . .
...

cadj
N1 (cN ; c1) · · · cadj

NN (cN ; cN )

 , (7)

where the elements of the matrix cadj
ij (ci; cj) represent the

summation of two values vGi and vGj . The score cadj
ij (ci; cj)
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Figure 3: Bounding box reconstruction process. (a) The lines
connecting the corner points produce a virtual target center
position in the green channel. (b) The virtual center position
matches a predicted center score in the red channel.

expresses the confidence of the bounding box by the proba-
bility of two corner points. The Non-Maximum Suppression
is utilized to reduce the number of candidate points, and the
self-connections of corner points are eliminated.

The center of the bounding box naturally coincides with
the center of the actual object. We utilize the central re-
sponse of the R channel to filter the appropriate candidates.
For each pair of corners, the midpoint of its diagonal line is
extracted to denote a virtual center position of the candidate
object. The matrix element Cadj is updated as follows:

Cadj = vGi + vGj + αvRij

(
xi + xj

2
,
yi + yj

2

)
, (8)

where vRij denotes the actual response of the virtual center
position in the R channel. α is a control factor between cor-
ner points and center point. In the ideal case, the midpoint
of the optimal bounding box should coincide exactly with
the center of the true target. The maximum value in the ad-
jacency matrix Cadj represents the desired target. In light of
prior experience, a Hann window has been incorporated into
the R channel to mitigate the effect of larger displacements
between two frames.

Latent memory module
The ensemble of more in-context examples has been shown
to provide better predictions (Bar et al. 2022). MIMTrack
allows dynamic in-example integration into visual prompts
to address appearance changes. The grid arrangement of dy-
namic prompt image changes from 2× 2 to 3× 2, as shown
in Figure 4(a). With the increase in examples, the dynamic
prompts have significantly improved image resolution and
tracking performance. However, this strategy is challenging
for integrating more appearances and real-time tracking. We
propose a latent memory module to replace dynamic exam-
ple, as shown in Figure 4(b). Some dedicated latent codes
H ∈ RNH×dm are added to feature E as compressed inter-
nal memory (Burtsev et al. 2020). This extended sequence
[H; E] is processed using encoder layers, without distin-
guishing between the latent code and other embedding fea-
ture. Then, we separate the memory Hmem and input atten-
tion flows E in the forward pipeline between encoding lay-
ers. A recurrent cross-attention block and a target template

(a) Dynamic prompt. (b) Latent memory.
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Figure 4: Updating strategy. (a) Dynamic prompts. (b) La-
tent memory.

queue are utilized to update the memory flow:

q = HL
t , k, v = Eref

t−2,

HL+1
t−2 = LayerNorm

(
HL

t +MHA (q, k, v)
)
,

(9)

where MHA is Multi-head Attention, and LayerNorm
means Layer normalization. HL

t is the encoder outputs from
the previous layer L. The frames Eref

t−2 of the queue serve as
Key k and Value v, while the latent code functions as Query
q. Compared to k, v, the number of latent codes q is very
limited. Asymmetric attention and cyclical cross-attention
block substantially reduce ensemble memory computation.
The output latent code HL+1

t−2 is then passed to the next
frame. The final latent code HL+1

t−1 and E are reintegrated
as

[
Hl+1

t−1; E
]
, facilitating information exchange via subse-

quent encoder layers. The latent code interacts with external
memory, while the feature sequence interacts only with the
latent code memory. This compels the model to accumulate
and reallocate global information through memory.

The dynamic example and reference queue are gradually
updated during tracking. To mitigate the update risks, the
adjacency score of the tracking results are utilized to select
reliable templates. The predicted image with clear outlines
and sharp edges indicate a high reliability of the current tar-
get, while higher adjacency scores Cadj tend to be observed.
If the adjacency score exceeds the set threshold τ , the cur-
rent result will be used as a dynamic example or replace the
earliest template in the queue.

Experiments
Implementation Details
MIMTrack is trained and tested on a single 3090 GPU using
Python 3.8 and PyTorch 1.11.0. The training dataset con-
sists of training splits from COCO (Lin et al. 2014), La-
SOT (Fan et al. 2019), GOT-10k (Huang, Zhao, and Huang
2019), and TrackingNet (Muller et al. 2018). Data augmen-
tation techniques involve horizontal flipping and brightness
adjustment. The optimizer is AdamW (Loshchilov and Hut-
ter 2017). The learning rate and batch size are set to 1e−4
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Methods GOT-10k TrackingNet LaSOT LaSOText UAV123
AO ↑ SR0.5 ↑ SR0.75 ↑ AUC↑ PNorm ↑ P↑ AUC↑ PNorm ↑ P↑ AUC↑ PNorm ↑ P↑ AUC↑

MDNet (Nam and Han 2016) 29.9 30.3 9.9 60.6 70.5 56.5 39.7 46.0 37.3 27.9 34.9 31.8 52.8
SiamRPN++ (Li et al. 2019) 51.7 61.6 32.5 73.3 80.0 69.4 49.6 56.9 49.1 34.0 41.6 39.6 61.3

DiMP (Bhat et al. 2019) 61.1 71.7 49.2 74.0 80.1 68.7 56.9 65.0 56.7 39.2 47.6 45.1 65.4
TrDiMP(Wang et al. 2021) 67.1 77.7 58.3 78.4 83.3 73.1 63.9 - 61.4 - - - 67.5
TransT(Chen et al. 2021) 67.1 76.8 60.9 81.4 86.7 80.3 64.9 73.8 69.0 - - - 69.1

KeepTrack(Mayer et al. 2021) - - - - - - 67.1 77.2 70.2 48.2 - - 69.7
STARK(Yan et al. 2021) 68.8 78.1 64.1 82.0 86.9 - 67.1 77.0 - - - - 68.2

AiATrack(Gao et al. 2022) 69.6 63.2 80.0 82.7 87.8 80.4 69.0 79.4 73.8 47.7 55.6 55.4 70.6
SwinTrack-T(Lin et al. 2022) 71.3 81.9 64.5 81.1 - 78.4 67.2 - 70.8 47.6 - 53.9 -

MixFormer-22k(Cui et al. 2022) 70.7 80.0 67.8 83.1 88.1 81.6 69.2 78.7 74.7 - - - 70.4
OSTrack(Ye et al. 2022) 71.0 80.4 68.2 83.1 87.8 82.0 69.1 78.7 75.2 47.4 57.3 53.3 70.1

ARTrack(Wei et al. 2023) 73.5 82.2 70.9 84.2 88.7 83.5 70.4 79.5 76.6 - - - 67.7
SeqTrack-B (Chen et al. 2023c) 74.7 84.7 71.8 83.3 88.3 82.2 69.9 79.7 76.3 49.5 60.8 56.3 69.2
SeqTrack-L (Chen et al. 2023c) 74.5 83.2 72.0 85.0 89.5 84.9 72.1 81.7 79.0 50.5 61.5 57.2 -

EVPTrack (Shi et al. 2024) 73.3 83.6 70.7 - - - 70.4 80.9 77.2 48.7 59.5 55.1 70.2
STCFormer(Hu et al. 2024) 74.3 84.2 72.6 - - - 71.5 81.5 78.0 52.0 63.0 59.6 70.8

MIMTrack-B 72.6 83.2 69.3 83.1 87.7 80.9 69.1 78.8 75.7 47.7 57.0 54.3 68.2
MIMTrack-B (LM) 73.5 83.8 70.3 84.1 88.8 83.9 70.0 79.9 76.7 48.9 58.2 55.3 69.5

MIMTrack-L 75.3 85.8 72.5 85.0 89.7 85.0 71.6 82.0 79.7 49.6 60.3 57.7 70.2

Table 1: Tracking results on four popular benchmarks: GOT-10k, TrackingNet, LaSOT, LaSOText and UAV123. The first three
rankings are shown in bold, underline, and italics fonts, respectively.

and 16, respectively. Our model is trained with 500 epochs
and 60k matching pairs per epoch. After 400 iterations, the
learning rate is reduced by 10 times. ViT-Base (Dosovitskiy
et al. 2021) serves as the encoder structure in MIMTrack-B.
The decoder receives features from [5, 8, 11] layers of the
encoder. The prediction convolutional layer contains 3 × 3
kernel size, bias weight, activation and normalization. The
template and search area are four times the target size and
resized to 2562 pixels. The size of the visual prompt is 5122
in one example case and 768 × 512 in two examples. The
MIMTrack-L version incorporates a larger backbone net-
work, ViT-Large. We use two in-context examples at both
training and testing in MIMTrack-B and MIMTrack-L. The
update period and threshold are 4 and 0.7, respectively. For
latent memory version, MIMTrack-B (LM), the latent code
uses NH = 16 learnable tokens with one in-example. We
maintain a template queue of size 1282 and length 4. The
latent code is updated before the feature output layer.

Overall Performance
We assessed our MIMTrack using four well-known large-
scale VOT benchmarks and one challenging VOT dataset.

GOT-10k. GOT-10k (Huang, Zhao, and Huang 2019) is
a large-scale benchmark with over 10k frames and non-
overlapping classes in training and testing to evaluate gener-
alization. According to official protocol, we have trained our
MIMTrack only on the GOT-10k training split. Performance
metrics include average overlap (AO) and success rate (SR).
Table 1 demonstrates that MIMTrack-B surpassed OSTrack
(Ye et al. 2022) by 1.6%, 2.8%, 1.1% in AO, SR0.5 and
SR0.75. This shows that the MIM method outperforms the
multi-task prediction head in similar network settings. With
latent memory, the MIMTrack(LM) further improves the AO
score to 73.5%. We also obtain significant improvements
with an 75.3% AO score using the VIT-Large backbone

(MIMTrack-L) . Similar to NLP tasks, in-context tracking
also improves context understanding (target) with more pa-
rameters. MIMTrack-B achieves a tracking speed of 51.2
FPS, surpassing SeqTrack-B at 50.5 FPS and ARTrack at
20.6 FPS on the same device.

TrackingNet. TrackingNet (Muller et al. 2018) encom-
passes 511 video sequences depicting various scenes and
objects. The area under the curve (AUC), precision (P),
and normalized precision (P-Norm) are used to test the
tracker. Our MIMTrack-B achieves an impressive 83.1%
AUC, which is only slightly lower than SeqTrack by 0.2%,
and outperforms SwinTrack by 2% AUC.

LaSOT and LaSOText. The comprehensive long-term
tracking datasets, LaSOT (Fan et al. 2019) and LaSO-
Text (Fan et al. 2021), encompass 280 and 150 test video
sequences, respectively. Benefiting from latent memory,
our MIMTrack-B (LM) effectively resists apparent change.
MIMTrack-B (LM) achieves AUC of 70.0% and 48.9% on
LaSOT and LaSOText, respectively.

UAV123. UAV123 (Mueller, Smith, and Ghanem 2016),
captured by unmanned aerial vehicles, is a video dataset en-
compassing small-scaled and high-velocity objects. As de-
picted in Table 1, the proposed MIMTrack-L achieves AUC
of 70.2% on UAV123 datasets.

Visualization. We present visual comparisons between 5
advanced trackers and our MIMTrack. As shown in Figure
5, the first and third rows indicate the capability to precisely
identify the target’s boundaries, while the second and fourth
rows exhibit the proficiency in modeling both targets and
interfering backgrounds. These findings suggest that MIM-
Track excels in consolidating target instance information
from visual prompts.
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Figure 5: Visualized comparison results.

# Method GOT-10k
AO↑ SR0.5 ↑ SR0.75 ↑ FPS↑

1 Baseline 72.6 83.2 69.3 51.2
2 1-Conv 71.4 81.4 65.1 53.1
3 2-Linear 71.0 81.2 66.2 53.1
4 8-Vit 73.0 83.1 70.8 43.8
5 Random 59.8 67.7 50.4 50.5
6 Fusion 64.5 73.9 57.0 52.3
7 Single-layer feature 71.6 81.3 66.7 55.0

Table 2: Ablation studies on decoders, mask strategy and
feature layers. The optimal results are shown in bold font.

Ablation and Analysis
We use MIMTrack-B without the latent memory module as
the baseline model in our ablation study.

Decoders. The rows 2-4 of Table 2 show the effect of
the decoder on pixel prediction, including one convolutional
layer, two linear layers, and 8 ViT blocks. The 8-ViT de-
coder shows a slight improvement over the baseline in AO
and SR0.5. The ViT model performs significantly better on
the stricter SR0.75 metric but reduces test speed by 7.4 FPS
and doubles the training time. In lightweight decoders, a
single convolutional layer is slightly less effective than the
baseline but still outperforms two linear layers. This may be
because local information is more critical than global infor-
mation for final pixel predictions. We ultimately choose the
baseline model for its balance of accuracy and speed.

Mask strategy. We conduct a comparison with the ran-
dom masking strategy (Xie et al. 2022), which is indicated
as Random in row 5 of Table 2. At a mask rate equivalent
to 25%, the random masking causes a substantial reduction
in the AO score by 59.8%. The baseline method, which is
able to refer to the target information, maintains stability. In
further fusing the two strategies (Fusion in row 5 of Table
2), this way achieves an AO score of 64.5%. In general, the
model struggles to understand tracking targets when visual

# Number GOT-10k
Train Test AO↑ SR0.5 ↑ SR0.75 ↑

1 1 1 70.8 81.1 66.2
2 2 2 72.6 83.2 69.3
3 2 3 72.1 82.3 67.4

Table 3: Ablation on dynamic visual prompts. The optimal
results are shown in bold font.

# Method GOT-10k
AO↑ SR0.5 ↑ SR0.75 ↑

1 Baseline 72.6 83.2 69.3
2 SmoothL1 loss 72.2 82.9 69.0
4 L1 loss 72.2 83.1 68.0
5 L2 loss 71.6 81.6 67.7
6 L1+L2 loss 72.1 82.9 67.7

Table 4: Ablation on different loss function. The optimal re-
sults are shown in bold font.

prompts are randomly obscured.
Feature layers. We verify the effect of pixel generation

by removing two early encoder features, such as the single-
layer in Table 2. The absence of fine-grained information has
resulted in reductions of approximately 1% in AO, 1.9% in
SR0.5, and 2.6% in SR0.75.

Dynamic visual prompts. For online updating, Table 3
demonstrats distinct scenarios during training and testing
phases. With equal training and test examples, the addi-
tional in-context example bring a significant performance
improvement of 1.6% AO. Limited by device memory, we
evaluated the case of more test instances than training in-
stances in #3. This creates scenarios where performance is
degraded but still better than a single example. It is difficult
to shift mode’s attention from the exceeded instances to the
search area, which may lead to the forgetting phenomenon.

Loss function. To verify the impact of loss on MIM, Ta-
ble 4 presents the case of individual loss and combined loss.
The single SmoothL1 loss achieves the best performance. In
baseline, SSIM loss supplement the supervision of local in-
formation, which further improves the prediction accuracy.

Conclusions
This paper presents a novel and generative tracker that ex-
ploits MIM for in-context tracking. MIMTrack uses the tar-
get image to model the target states. Furthermore, we syn-
thesize tracking images as a visual prompt to transfer track-
ing to a unified image space. The MIM process facilitates the
model to carry out tracking using visual signals as contex-
tual information. Benefiting from the latent memory, MIM-
Track can easily capture the target change so that the tracker
can counteract the appearance change of the target. Quanti-
tative and qualitative analyses conducted in the experiments
confirm the positive impact of our approach. In fact, align-
ment prediction effectively balances traditional localization
and classification. This pixel-to-pixel generation facilitates
the understanding of the target and eliminates the misalign-
ment caused by multi-task branhes.
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