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Abstract

Despite the progress made through deep learning, existing Vi-
sual Object Tracking (VOT) frameworks struggle with real-
world challenges. Recent approaches incorporate additional
modalities like Depth, Thermal Infrared, and Language to en-
hance the robustness of VOT, particularly with the improve-
ment of the depth sensor precision, facilitating RGB-D track-
ing. However, current RGB-D trackers often copy RGB track-
ing paradigms, leading to inefficiency due to two-stream ar-
chitectures that fail to exploit heterogeneous features, and
reliance on simplistic or large-parameter fusion methods.
To address these challenges, we propose AMTrack, a one-
stream RGB-D tracker leveraging Mamba’s linear complex-
ity for simultaneous feature extraction and two-stage cross-
modal feature fusion. Our innovation also includes a low-
parameter Multimodal Mix Mamba (3M) module, which op-
timizes deep feature fusion and reduces computational over-
head. The advantage of the 3M module stems from our Mul-
timodal State Space Model (MSSM), a multimodal feature
interaction component reconstructed based on SSM. Experi-
ments across multiple RGB-D tracking datasets indicate that
AMTrack achieves superior performance with lower parame-
ters and memory demands compared to state-of-the-arts.

Introduction

Visual Object Tracking (VOT) aims to predict the size
and position of a target in subsequent frames of a video
sequence, given the target’s size and location in the ini-
tial frame. With the proliferation and advancement of deep
learning technologies, VOT has become a critical down-
stream task in computer vision and has been widely applied
in various domains, such as autonomous driving, security
surveillance, and military missile guidance. Although ex-
isting VOT frameworks demonstrate robust performance in
some standard scenes (Ye et al. 2022; Zheng et al. 2024),
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The Performance on VOT-RGBD2022
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Figure 1: Comparison of AMTrack with existing trackers in
terms of EAO and Speed on VOT-RGBD2022. The size of
the circle represents the scale of the tracker’s parameters.

they fail to effectively track objects in real-world applica-
tions, particularly in the presence of severe occlusions, ob-
ject deformation, and extreme illumination variations (Yang
et al. 2022). Despite the introduction of large-scale, multi-
scene, long-term and short-term tracking datasets (Fan et al.
2019; Muller et al. 2018; Mueller, Smith, and Ghanem 2016)
to enrich the training data or add more temporal informa-
tion (Zheng et al. 2024), these efforts still do not overcome
the tracking limitations of traditional VOT. Faced with this
significant challenge in the practical application of VOT, an
increasing number of researchers have recognized the inher-
ent limitations of the RGB-only data in special scenarios.
They have started to address the robustness issues for RGB-
only object tracking by incorporating additional modalities
of image information. Depending on the type of sensor data
collected, the additional modalities primarily include Depth,
Thermal Infrared, Event, and Language. Some trackers tar-
get only one additional mode (Zhu et al. 2023; Hui et al.
2023; Cao et al. 2024), while others are unified multimodal



trackers (Hu et al. 2025b; Zheng et al. 2025).

In recent years, with the advancement of depth sen-
sors, the accuracy of depth information capture has signifi-
cantly improved. The enhancement in depth data quality has
greatly facilitated the development of RGB-D object track-
ing. Recently, RGB-D trackers have been proposed using
CNNs (Yan et al. 2021; Zhao et al. 2021; Kristan et al. 2019)
or Transformers (Ying et al. 2025; Ye, Xiao, and Liu 2024;
Ou et al. 2024) with shared weights as backbone networks,
which enhance the ability to extract multimodal features.
This approach also changes the classical paradigm of ear-
lier RGB-D trackers (Camplani et al. 2015; Kart, Kmrinen,
and Matas 2018) where depth information is used as an aux-
iliary modality for handcrafted feature tracking. Although
existing RGB-D object trackers have shown slightly better
performance than RGB-only trackers in certain scenarios,
several unresolved issues remain: 1. Existing RGB-D object
trackers (Qian et al. 2021; Camplani et al. 2015; Zhao et al.
2021) often mimic RGB trackers but struggle to balance ro-
bustness and efficiency due to the additional Depth input; 2.
Current RGB-D trackers use dual-stream architectures with
shared weights (Kristan et al. 2019, 2020), enhancing only
homogeneous features and neglecting heterogeneous ones,
conflicting with true multimodal fusion; 3. At present, RGB-
D trackers use either simplistic or parameter-heavy fusion
strategies (Kristan et al. 2021, 2022; Ying et al. 2025), like
Transformer-based cross-attention, which fail to effectively
balance robustness and efficiency in fusion.

To address the aforementioned issues in RGB-D object
tracking, our approach begins by dividing the search re-
gion and template region of both RGB and Depth modali-
ties into patches and completes feature embedding through
linear projection. Inspired by the efficient state space mod-
eling capability of the Mamba architecture and its advan-
tage of linear complexity in processing long sequences.
These preliminary features from both modalities are then
input into a Mamba-based one-stream backbone network,
simultaneously conducting feature extraction and the first
stage of multimodal feature fusion. Considering the draw-
backs brought by overly simplistic or excessively parameter-
heavy fusion modules, we also design a low-parameter, eas-
ily trainable Multimodal Mix Mamba (3M) module for the
second stage of deep multimodal feature fusion.

The main contributions and innovations of this paper can
be summarized as follows:

* To the best of our knowledge, we are the first to utilize the
linear complexity advantage of Mamba long-sequence
modeling to create a one-stream RGB-D object tracking
framework, performing feature extraction and modality
fusion simultaneously in the same stage.

The proposed 3M module uses the low-parameter MSSM
(Multimodal State Space Model) component to reinforce
the second stage of deep feature fusion between RGB
and depth modalities, further enhancing the cross-modal
feature fusion capability of the one-stream framework.

Benefiting from the all Mamba framework, our AM-
Track, after training on a small-scale RGB-D dataset,
demonstrates its advantages on multiple public RGB-D
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tracking datasets against the state-of-the-art trackers with
lower parameters and memory requirements.

Related Works
RGB-D Tracking

RGB-D object tracking aims to combine RGB and Depth to
enhance the robustness of tracking algorithms in challenging
scenarios such as severe occlusion and extreme illumination
variations. In 2013, the first large-scale RGB-D dataset, the
Princeton Tracking Benchmark (Song and Xiao 2013) was
introduced which marked the beginning of formal research
related to RGB-D tracking. Early trackers typically relied on
handcrafted features for tracking, leading to significant per-
formance variations across different scenarios and poor gen-
eralization (Garcia et al. 2012; Camplani et al. 2015; Xiao
etal. 2017). Yan et al. proposed an end-to-end offline tracker
DeT (Yan et al. 2021) which incorporates depth images into
the pre-training process. The excellent performance of DeT
unveils that depth information is equally important as RGB
information in RGB-D tracking, providing geometric and
spatial location information that RGB cannot offer. Lai et al.
constructed the MixForRGBD (KTristan et al. 2022) based on
the Transformer framework, achieving outstanding results
in the VOT-RGBD2022 challenge by improving the multi-
modal fusion paradigm and several fusion components us-
ing MixFormer (Cui et al. 2022). This demonstrates the great
potential of the Transformer framework in multimodal track-
ing. Prompt learning-based trackers (Zhu et al. 2023; Ou
et al. 2024) also shows well effect. Recently, some research
(Tan et al. 2025; Hong et al. 2024; Wu et al. 2024) has de-
veloped unified multimodal tracking frameworks. SUTrack
(Chen et al. 2025) further introduced a task-recognition aux-
iliary training strategy for five types of multimodal tracking.
We aim to introduce a Mamba-based one-stream framework
that simplifies the complex multi-stream architecture of ex-
isting RGB-D object tracking frameworks.

State Space Model and Vision Mamba

The concept of the State Space Model (SSM) was first in-
troduced in control theory as a mathematical model for rep-
resenting dynamic systems (Kalman 1960). Gu et al. pro-
posed a novel state space framework called Mamba (Gu and
Dao 2023), based on the structured SSM vo6 suitable for deep
learning. Zhu et al. are the first to apply the Mamba archi-
tecture to image classification (Zhu et al. 2024). To lever-
age Mamba’s long sequence modeling capability and lin-
ear efficiency in video-based visual downstream tasks, Li et
al. proposed Vim, a general visual backbone network with
bidirectional Mamba blocks, demonstrating significant po-
tential in long-term video understanding (Liu et al. 2024). In
multimodal tracking, Huang et al. utilized the Mamba back-
bone to extract event stream information and enhance in-
teractive learning between RGB and event streams (Huang
et al. 2024; Hu et al. 2025a), while Lai et al. applied Mamba
for spatio-temporal context modeling for RGB-T tracking
(Lai et al. 2025). Inspired by above works, we aim to employ
Mamba for a two-stage interactive fusion of RGB and Depth



modalities, optimizing the multimodal fusion paradigm and
efficiency of RGB-D tracking.

Methodology

In this section, we provide a detailed introduction to the pro-
posed AMTrack shown in Figure 2. First, we introduce the
foundational knowledge related to SSM and Mamba. Next,
we present the Mamba-based one-stream RGB-D backbone
network and the 3M module.

SSMs and Mamba

SSM was initially introduced in Kalman filtering. After
years of development, SSM has evolved into a series of
simple but efficient deep sequence modeling frameworks. It
maps the input sequence z(t) € R” to y(t) € R® through a
hidden state h(t) € RY. The process in continuous systems
can be represented as:

h'(t) = Ah(t) + Bx(t) W
y(t) = Ch(t) + Dx(t)
where A € R¥*N is the evolution matrix, B € RV*L is
the projection matrix, C € RY*¥ is the output matrix, and
D € RY*L s the feedthrough matrix provided direct signals
from input to output, similar to skip connections. h'(t) €
RY is the derivative of the hidden state.
To handle discrete inputs such as text or video sequences,
SSM uses zero-order hold techniques to convert discrete
data into a continuous form, the derivation process is:

hi = Ahi_1 + Bay,

— 2
yr = Chy

where h; and h;_; represent the discrete hidden states, x
and y; represent the discrete inputs and outputs. A, B and
C are discrete matrix of SSM, according to the learnable
step A, the representation formula of the SSM utilizing a
selective scanning mechanism (S6) for discrete systems is
shown as follows:

A = exp(AA)
B = (AA) '(exp(AA) —1)- AB 3)
C=C

where A € RPXN B ¢ REXLXN € ¢ REXLXN gnd A €
RE*LXD The parameters are produced by linear projection
based on the input x; € REXLXD,

Bidirectional Mamba Backbone

To facilitate subsequent alignment of multimodal informa-
tion, we first map the Depth image to a pseudo-color map
form of dimension 3, following the RGB-D tracking conven-
tion. The RGB images and Depth images are both adopted as
the input to our Bidirectional Mamba Backbone. RGB and
Depth template images are denoted as Z,.,, € RF=*W=x3
and Zge, € REW=X3_ while RGB and Depth search
images are denoted as X,q, € RH=*Wax3 and Xaep €
RH=xWax3 - Ag illustrated in Figure 2, four input images
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are first projected into tokens and then feed into a P x P
sized two-dimensional convolution with equal steps, and the
final convolution result is flattened into one-dimensional to-
kens, denoted as X/, € R¥~*P (D = 3P?%), X, €
RN=xD, Z;gb € RN=XD and Zéep € RN=*D_ where
N, = H, x W, /P? and N, = H, x W,/P? symbolize
the token number of the template and search image inputs.
Then we add position embedding to provide location prior
information. In order to build a one-stream backbone, we
combine the four groups of token embedding into £ :

EO = [Z:"gb+Pz;X7/‘gb +P$;Zélep +P2;Xc/lep +P$]

E'=Vim(EVXYH 4+ E7Y 1=1,2,..,L
4

where P, € RN=*P and P, € RV-*P_ EO denotes initial
features of merging and E'~! denotes (I-1)-th layer features.

The detailed process of the bidirectional mamba block is
outlined as follows, to obtain the features of the [/-th layer,
we first pass the features of the (I-1)-th layer through a nor-
malization layer. The normalized features are then passed
through two linear projection layers to obtain two pre-
processed feature vectors, x and z, which are used as inputs
for the subsequent SSM module.

x = (Linear®(Norm(E'™1)))

5
z = (Linear® (Norm(E'"1))) ®

We process the vector = in both the forward and back-
ward directions, using a bidirectional mode. This is because
the pixel-by-pixel relationship in an image preserves a two-
dimensional spatial relationship, unlike the one-dimensional
forward-backward relationship between word phrases in the
NLP community. The bidirectional sampling mode does not
make the feature processing overly complex, nor does it ex-
cessively lose the two-dimensional spatial relationship be-
tween individual pixels. Then, based on the feature z’, we
perform multiple linear projections to obtain the key input
matrix B, the output matrix C, and the time step A for this
discrete system. The entire process can be represented as:

z' = SiLU(Convld(z)) (6)

B,C,A = Linear(x’), A,B=ZOH(A,B,A) (7)

where C'onvld denotes the depth-wise convolution, SiLU
denotes SiLU activation function, ZOH denotes the zero-
order hold method. Finally, we multiply and integrate the
forward and backward results with the residuals z which
have the same skip connection properties to obtain 3’:

yl = SSMforwaTd(x/) ®© SZLU(Z)+
SSMbackward(x/) © SZLU(Z)

Specifically, the calculation process of forward or back-
ward S'SM can be both expressed as:

' =Ah+B2', y=CK

®)

€))

where i’ denotes the hidden state matrix of this layer, ob-
tained from the hidden matrix h of the previous layer. At this
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Figure 2: The overall architecture of our proposed AMTrack. RGB and Depth images are embedded as tokens and sent together
to the Bidirectional Mamba Encoder with L layers for the first stage of feature extraction and interaction, and then enter the 3M
module for the second stage of deep feature cross-modal interaction.
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Figure 3: Details of our proposed 3M module. Left shows
how to perform cross-modality feature interaction in the sec-
ond stage, right side is the core component MSSM based on
SSM reconstruction.

point, we construct a one-stream backbone network based
on Mamba, which performs feature extraction and the first
stage of cross-modal fusion on four groups of images from
two modalities simultaneously, significantly reducing the re-
dundancy of the RGB-D tracking framework.

Multimodal Mix Mamba Module

Previous RGB-D trackers often use cross-modal fusion
modules which are redundant and miscellaneous. These
modules are designed to perform saturated cross-modal in-
teractions after extracting single-modal features. This satu-
rated interaction paradigm, while enhancing homogeneous
features, also amplifies the inherent noise of each modality,
thereby affecting tracking robustness. Inspired by specific
mamba-form fusion networks such as FusionMamba (Peng
et al. 2024) and Mamba-FETrack (Huang et al. 2024), we
restructure the components of the mamba module to achieve
deep cross-modal fusion of RGB and Depth modalities in the
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second stage. The components of the mamba module main-
tain the original linear complexity and long-range depen-
dency characteristics, enabling the 3M module to possess
cross-modal feature fusion while having fewer parameters
and lower computational cost than traditional cross-modal
fusion modules. The non-saturated cross-modal interaction
paradigm also avoids the drawback of different modal noises
amplifying each other, which is often present in traditional
fusion modules. Details are shown in Figure 3.

To more clearly articulate the computation process of the
3M module, we describe it below by using the RGB branch
as the main input to the 3M module and the Depth branch
as the auxiliary input, the calculation method for the other
branch is the same. We first normalize the features of the
RGB image after passing through the [-layers of the Mamba
backbone network. Then, the normalized features are pro-
cessed by a designated linear layer to generate two indepen-
dent features. After passing through a convolution and an
activation function, the first independent feature is used as
the main input to the MSSM component. The second inde-
pendent feature is retained as the initial feature of the RGB
image and is used for self-modal completion with RGB and
cross-modal complementation with Depth. These operations
can be formulated as:

Fhap = SiLU(Convl(Linear(Norm(Frar))))
Fhap = SiLU(Linear(Norm(Frgg)))

where Frap denotes the RGB features extracted by the -
layers Mamba backbone, F, 5, Fjicp denote the first in-
dependent feature as the main input to the MSSM and the
second independent feature retained as the initial feature.
After obtaining four independent features for the respec-
tive modalities, taking the RGB branch as an example, we
use Ffp as the primary input of the MSSM and Fpepir,
as the auxiliary input for cross-modal fusion of depth fea-
tures in the second stage. Then, the interacted intermediate
result is multiplied with features from the RGB modality

(10)



and the Depth modality separately and summed to obtain
the second-stage fusion output F%B for the RGB branch.

out
These operations can be expressed as:

MSSM(Fpap, Fpeptn) © Frap  +
MSSM(Fpepin: Frap) © Frap

The MSSM we proposed is a multimodal variant of SSM
v6, featuring multiple inputs and a single output value. The
two inputs for MSSM come from the deep features of the
RGB modality and the Depth modality. We associate the ma-
trix B, affecting the input x, and the matrix C, affecting the
hidden state h, with the input of the auxiliary modality. The
calculation of the final output y, however, is associated with
the primary modality F'rgp. This configuration of matrices
B and C and the computation of result y allow the MSSM to
learn features of the auxiliary modality, enabling more pre-
cise control over how the primary modality input updates the
hidden state i or how the hidden state h impacts the output
y during the SSM computation. The algorithmic process of
our MSSM is shown in Algorithm 1.

Finally, we take the multimodal features computed in the
aforementioned manner and add the original residual fea-
tures from their respective modalities. Then, we pass them
through a linear layer and concatenate them together. The
final output features of the second stage cross-modal fusion
consist of four parts: the search region and template region
from both RGB modality and Depth modality, the calcula-
tion formula is as follows:

Fout =

RGB
Fout

(11)

RGB
Fout

+ RraB),
FDepth +RDepth))

out

Concat(Linear( 12)

Linear(

where FEGB and FL2P™ denote the feature outputs when
the RGB modality and Depth modality are respectively in-
teracted as the primary modality, while Rrgp and Rpepin
represent the residuals from different modalities.

Finally, we combine the final search region features of the
two modalities through several linear layers, and feed them
into the designed tracking head to obtain the prediction re-
sults. Following the common methods in SOT, the tracking
head includes three convolutional layers to predict the target
classification score map, the local offsets, and the normal-
ized bounding box, respectively.

Algorithm 1: Multimodal State Space Model
Input: Fres, Fpeptn: (B, L,C)

/* Respective modal features after first stage fusion */

Output: yrces: (B,L,C)
/* RGB features after second stage fusion */

1: A: (C,N) < Parametera

2: B: (B, L, N) < Linearg (Fpepth)

3: C:(B,L,N) « Linearc(Fpeptn)

4: A: (B,L,C) <+ log(l + exp(Lineara(Fpeptn) +
Parameterna ))

5. A: (B,L,C,N) < exp(A® A)

6: B: (B,L,C,N) + A®B

7: yrop — SSM(A, B, C)(FrcEr)

8: return yrcn
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Experiments
Implementation Details

AMTrack is implemented in Python3.9 using PyTorch2.1
(Paszke et al. 2019). The models are trained on two NVIDIA
RTX3090 GPUs and the inference is performed on a sin-
gle NVIDIA RTX3090 GPU. We select only the DepthTrack
dataset as the training set. During the training phase, the in-
put sizes of the template region and the search region im-
ages are adjusted to 128 x 128 and 256 x 256 respectively.
Our model is trained for 20 epochs, with each epoch con-
sisting of 60,000 image pairs and the mini-batch size of
32 sample pairs. We train our model utilizing the AdamW
(Loshchilov and Hutter 2017) optimizer with weight decay
setto 1 x 10~%, an initial learning rate of 1 X 10~—%, which
is reduced by a factor of 1 x 10~ after 12 epochs.

Model Variants. To further validate the effectiveness of
the model, we train models of different sizes as follows:

¢ AMTrack-S. Backbone size [Vim-Small 384]
¢ AMTrack-M. Backbone size [Vim-Middle 576]

Comparison with SOTA Trackers

To highlight the advantages of AMTrack, we compare it with
numerous SOTA tracking algorithms in Table 1, where we
carefully distinguish between different types of algorithms.
”RGB-X” indicates that it is a unified multimodal tracking
framework, such as ViPT, Un-Track.

AMTrack-M achieves an F-score of 74.2 on the CDTB
dataset. From multiple experiments, we find that the poor
performance of the depth sensors used to capture the CDTB
dataset leads to more noise points in distant backgrounds,
reducing the quality of depth images, which in turn affects
the MSSM component to some extent. Therefore, in the
CDTB dataset, AMTrack does not create a significant gap
compared to Transformer-based algorithms. On the Depth-
Track dataset, AMTrack-M achieves an F-score of 63.4, out-
performing unified multimodal tracking frameworks such as
OneTracker (Hong et al. 2024) and Un-Track (Wu et al.
2024). This demonstrates that AMTrack, designed specifi-
cally for RGB-D target tracking scenarios, can achieve bet-
ter tracking performance when using downstream modal-
ity training sets of the same scale. In the more complex
RGB-D tracking scenarios of the ARKitTrack test set, both
AMTrack-S and AMTrack-M obtain the leading results, in-
dicating that the tracking framework proposed in this paper
can maintain good robustness in complex scenarios.

To further demonstrate that the all Mamba architecture of
AMTrack possesses strong generalization capabilities while
maintaining a minimal number of parameters, we conduct
a comparison of parameters, speed, and EAO among sev-
eral representative algorithms on VOT-RGBD2022 provided
by the VOT-Challenge. The results are presented in Table
2. Evidently, AMTrack-S achieves an F-score of 72.5 with
only 34M parameters. Compared to the CNN-based archi-
tecture of DeT and Transformer-based models, AMTrack
uses Mamba as the paradigm for its one-stream backbone
network, significantly enhancing inference speed and ensur-
ing the effectiveness of multimodal feature extraction and
fusion.



Method Year CDTB DepthTrack ARKitTrack Backbone Publication Type
Prt Ref F-scoret Prt Re? F-scoret Pr? Re?T F-scoref
STARK-ST101 2021 65.7 669 663 503 468 485 40.7 38.1 39.3 ResNet-101 ccv RGB
OSTrack 2022 713 68.6 699 572 563 5677 440 440 440 ViT-B ECCV RGB
MixFormerlk 2022 69.2 664 67.8 49.0 454 47.1 449 42,1 434 CvT CVPR RGB
ToMP101 2022 67.0 683 67.6 515 495 505 449 433 441  ResNet-101 CVPR RGB
ATCAIS 2020 709 69.6 702 473 402 435 389 343 364 ResNet-18  VOT-2020 RGB-D
DAL 2020 62.0 56.0 589 512 369 429 446 329 378 ResNet-18 ICPR RGB-D
DDiMP 2020 70.3 689 69.6 540 475 506 495 413 450 ResNet-50 VOT-2020 RGB-D
TSDM 2021 64.7 543 59.1 442 363 398 389 292 334 ResNet-50 ICPR RGB-D
DeT 2021 674 642 657 56.0 50.6 532 428 40.5 41.6 ResNet-50 ICCV RGB-D
TALGD 2022 63.0 59.6 613 494 424 456 428 352 38.6 ResNet-50 VOT-2021 RGB-D
ProTrack 2022 - - - 57.8 573 583 - - - - ACM MM RGB-X
SPT 2023 654 726 68.8 527 549 538 - - - ResNet-50 AAAI RGB-D
ARKitTrack 2023 71.1 67.1 69.0 61.7 60.7 612 488 469 47.8 ViT-B CVPR  RGB-D
ViPT 2023 - - - 59.2 59.6 594 - - - ViT-B CVPR RGB-X
SSLTrack 2024 65.0 620 635 565 49.1 525 - - - - PR RGB-D
OneTracker 2024 - - - 60.7 604  60.9 - - - ViT-B CVPR RGB-X
Un-Track 2024 - - - 61.3 61.0 612 - - - ViT-B CVPR  RGB-X
TABBTrack 2024 72.1 722 721 622 61.5 61.8 478 493 ViT-B PR RGB-D
XTrack-B 2025 - - - 61.8 61.5 - - - MoE ICCV RGB-X
APTrack 2025 - - - 61.9 - - - ViT-B TAI RGB-X
AMTrack-S 2025 62.1 61.2 61.7 509 Vim-S - RGB-D
AMTrack-M 2025 729 756 742 64.1 628 634 523 48.6 504 Vim-M - RGB-D

Table 1: Comparison of overall performance of AMTrack and numerous trackers on three prevalent RGB-D tracking evaluation

benchmarks. Red/

Method | Training Sets | Params | EAO | FPS
DeT DepthTrack 69M 62.2 37
ViPT DepthTrack 93M 72.1 38
UBPT DepthTrack 121M 72.1 23
TABBTrack DepthTrack 185M 72.2 27
DepthRefiner DepthTrack 72M 68.6 42
SDSTrack DepthTrack 108M 72.8 21
DepthTrack
OneTracker L.asHeR 100M 72.7 -
VisEvent
DAVIS16
DepthTrack
Un-Track LasHeR 99M 72.1 -
VisEvent
AMTrack-S DepthTrack 34M 72.5 47
AMTrack-M | DepthTrack 84M 73.4 41

Table 2: Comparison of AMTrack for Parameters, EAO, and
Inference Speed on the VOT-RGBD2022 Dataset. The re-
sults are tested on a single NVIDIA RTX3090 GPU.

Ablation Study

To thoroughly understand which components in AMTrack
objectively enhance performance for RGB-D tracking, we
design multiple intermediate models for comparative anal-
ysis of the benefits provided by each component. The per-
formance evaluation in the comparison is conducted on the
most widely used DepthTrack (Yan et al. 2021) dataset and
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/Blue indicates the best/runner-up/third best results.

results are shown in Table 3. ”—” indicates the replaced
components, ”A” represents the performance changes after
component replacement, and we select OSTrack (Ye et al.
2022) with dual branches as the baseline.

One-stream Framework. We compare the performance
differences between the one-stream framework and the two-
stream framework, with the results shown as #3 in Table 3.
The results on DepthTrack indicate that using a two-stream
Vim with shared weights based on each modality as the
backbone network leads to a decrease of 0.6 points in the
final F-score. This demonstrates that the one-stream Vim
framework achieves the first stage of shallow multimodal
feature fusion more effectively during the feature extraction
phase. Furthermore, the feature extraction mode with non-
shared weights can more effectively filter the heterogeneous
features of different modalities. To avoid the influence of the
backbone network type on the one-stream and two-stream
architectures that could affect the final results, as shown in
#2, we also conduct experiments replacing Vim entirely with
ViT (Dosovitskiy et al. 2020). The results demonstrate that
the type of backbone network does not significantly impact
the performance of the one-stream and two-stream architec-
tures. The primary reason for the model’s performance im-
provement is still the use of the one-stream architecture.

Bidirectional Mamba. With the rapid development of
the Mamba architecture, there are now various variations of
Mamba available for use in visual downstream tasks. To de-
termine whether different Mamba structures affect the track-
ing performance of AMTrack, we conduct ablation experi-
ments comparing Unidirectional and Bidirectional Mamba



# | Method | F-score | A

1| Baseline | 567 | -5.0
2 Vim — ViT 61.9 +0.2
3 One-stream — Two-stream 61.1 -0.6
4 | Bidirectional — Undirectional 61.5 -0.2
5 ‘W/o 3M Module 59.7 2.0
6 MSSM — SSM 60.6 -1.1
7| AMTrack-S | 6.7 | -

Table 3: Ablation study on DepthTrack. A denotes the per-
formance changes compared with AMTrack-S.

structures, as shown in #4. The results of experiment #4
indicate that changing the unidirectional Mamba to a bidi-
rectional structure leads to a slight increase of 0.2 in the fi-
nal F-score. This suggests that the Mamba structure with a
more efficient scan mode can indeed enhance feature extrac-
tion capabilities. It is evident that utilizing Quad-directional
Mamba, Tree Topology Mamba (Xiao et al. 2024), etc., can
certainly improve tracking performance. However, to main-
tain an optimal balance between robustness and speed of
AMTrack, we ultimately choose to adopt only the Bidirec-
tional Mamba structure as our component.

3M Module. To demonstrate the advantages of proposed
3M module, we remove the 3M module entirely, leaving
only the first stage of feature extraction and shallow feature
fusion. The results shown as #5 in Table 3 indicate that af-
ter removing the 3M module, AMTrack’s performance on
DepthTrack drops by 2.0 points. This suggests that feature
fusion in the first stage alone is insufficient, and the second
stage of deep cross-modal feature fusion in AMTrack is es-
sential. Our proposed 3M module, constructed using Mamba
components, has a strong capability for cross-modal feature
fusion, and it is also lightweight in terms of parameters and
easy to train. To more intuitively demonstrate the advan-
tages of the 3M module, we visualize a comparative analysis
across multiple sets of video sequences, focusing on whether
features are processed by the second-stage cross-modal in-
teraction of the 3M module. In Figure 4, it is evident that
the 3M module exhibits superior discriminative abilities in
challenging scenarios, such as multiple similar objects and
the reappearance of the target.

MSSM. In proposed 3M module, we redesign the tradi-
tional SSM module to have multiple inputs, allowing the
auxiliary modality to guide the output of the main modal-
ity. To verify the effectiveness of proposed MSSM compo-
nent, we retain the overall AMTrack framework and only
replace the MSSM in the 3M module with SSM. The ex-
perimental results shown as #6 indicate that the F-score de-
creased by 1.1 points. This indirectly verifies that MSSM
has a gating mechanism similar to RNNs, which can sup-
press useless modality features during cross-modal feature
interaction, thereby enhancing feature representation among
different modalities for RGB-D tracking.

Multimodal Generality. To validate the universality of
the proposed method across different modalities, we also

12069

Stage2

Figure 4: Visualization of the score maps in extremely chal-
lenging sequences. Stagel denotes the score map generated
solely through Bidirectional Mamba Encoder. Stage2 de-
notes the score map generated by the full AMTrack frame-
work. Ground truth is annotated with red boxes.

Method Source RGBT234 VisEvent
MPRT MSRT AUCT Prt
ViPT CVPR23 835 61.7 592 758
Un-Track CVPR24 842 625 589 755
OneTracker CVPR24 85.7 642 60.8 76.7
SeqTrackv2-B ArXiv24 88.0 64.7 612 782
SUTrack-T224 AAAI25 859 63.8 58.8 75.7
SUTrack-B224 AAAI25 922 695 6277 79.9
XTrack-B ICCV25 874 649 609 775
AMTrack-M - 894 66.2 625 79.7

Table 4: Universal performance evaluation of our AMTrack
on different modality tracking datasets.

conducted additional performance evaluation on RGB-T and
RGB-E tracking datasets. In Table 4, we compare the recent
RGB-X trackers of the unified framework, and the results
indicate that our method demonstrates good generalization
capabilities for other multimodal tracking.

Conclusion

In this work, we propose an all Mamba one-stream and two-
stage RGB-D tracking framework. In the first stage, Vim is
employed as the backbone network to extract initial multi-
modal features while performing shallow cross-modal inter-
action. In the second stage, the reconstructed 3M module
on top of Mamba achieves deep cross-modal feature fusion.
The core component of the 3M module, MSSM, is specifi-
cally designed for RGB and Depth feature interaction, aim-
ing for better homogeneous feature enhancement and hetero-
geneous feature decoupling. Extensive experiments on sev-
eral RGB-D tracking datasets demonstrate its effectiveness.
Note that the low-parameter property of AMTrack makes it
easy to train. We expect the AMTrack becoming a potential
RGB-D tracking solution for real-world deployment.
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