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Simplifying Cross-modal Interaction via Modality-Shared
Features for RGBT Tracking
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ABSTRACT

Thermal infrared (TIR) data exhibits higher tolerance to extreme
environments, making it a valuable complement to RGB data in
tracking tasks. RGB-T tracking aims to leverage information from
both RGB and TIR images for stable and robust tracking. However,
existing RGB-T tracking methods often face challenges due to sig-
nificant modality differences and selective emphasis on interactive
information, leading to inefficiencies in the cross-modal interaction
process. To address these issues, we propose a novel Integrating In-
teraction into Modality-shared Fearues with ViT(IIMF) framework,
which is a simplified cross-modal interaction network including
modality-shared, RGB modality-specific, and TIR modality-specific
branches. Modality-shared branch aggregates modality-shared in-
formation and implements inter-modal interaction with the Vi-
sion Transformer(ViT). Specifically, our approach first extracts
modality-shared features from RGB and TIR features using a cross-
attention mechanism. Furthermore, we design a Cross-Attention-
based Modality-shared Information Aggregation (CAMIA) module
to further aggregate modality-shared information with modality-
shared tokens. We evaluate our model on three widely-used bench-
mark datasets and extensive experiments demonstrate that our
method achieves state-of-the-art performance. All the source code
and trained models will be released.

CCS CONCEPTS

« Computing methodologies — Tracking.

KEYWORDS

RGB-T tracking, three-branch Vision Transformer, inter-modal in-
teraction

1 INTRODUCTION

Single Object Tracking (SOT) aims to localize a target object in a
video sequence given its initial position in the first frame, which has
garnered significant attention due to its wide range of applications,
such as intelligent robotics, autonomous driving, and video surveil-
lance. Despite considerable progress in recent years, many SOT
methods [7, 42] rely on visible images and suffer from performance
degradation under challenging conditions, such as stormy weather
and low-illumination environments. To address these limitations,
RGB-T tracking has emerged as a promising solution, leveraging
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Figure 1: Comparison between current RGB-T tracking meth-
ods and our method. In part A, features of RGB and TIR im-
ages are concatenated directly. In part B, models bridge the
interaction between features and concatenate them at last. In
part C, our approach extracts modality-shared features, and
bridges the interaction of two modality information with
ViT.

the complementary information present in both visible and ther-
mal infrared (TIR) images to enhance tracking performance across
various scenarios.

The key challenge in RGB-T tracking lies in the effective inter-
action and exploitation of complementary information between
RGB and TIR modalities. Existing approaches can be broadly cate-
gorized into two groups: direct feature concatenation and feature
interaction. As illustrated in Fig 1 A, some methods [31, 32, 45]
directly concatenate features from both modalities before feeding
them into the prediction network. However, this naive concate-
nation strategy underestimates the importance of inter-modality
interaction and may inadvertently incorporate substantial back-
ground noise, compromising the effectiveness of feature fusion and
impairing tracking performance. In contrast, as shown in Fig 1 B,
other RGB-T methods [15] attempt to bridge interactions between
RGB and TIR features using various techniques, such as employing
templates as mediums to distribute information between modalities.
Nevertheless, using a fused template may lead to an overemphasis
on modality-shared features at the expense of modality-specific
information, while using separate templates for each modality may
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Figure 2: Overall framework of our proposed IIMF algorithm. The IIMF algorithm processes RGB and TIR images using ViT
blocks to extract features. These features are then input into the MMFE module, where both modality-shared and modality-
specific features are extracted through interactions between RGB and TIR tokens, facilitated by template tokens. Subsequently,
the CAMIA module aggregates target-relevant, modality-shared features and assigns these to modality-shared features. Finally,
all search region features are consolidated and input into the prediction head for target state prediction.

result in inefficient communication due to significant differences in
their characteristics.

To tackle these challenges, we propose a novel simplified modal-
ity fusion method for RBG-T tracking by Integrating Interaction into
Modality-shared Feature(IIMF) which employs modality-shared fea-
tures to collect the modality-shared information from two modal-
ities and bridges interaction between two modality information
within ViT block as shown in Fig 1 C. Unlike existing methods,
IIMF facilitates interaction between RBG and TIR modalities by
directly feeding the modality-specific and modality-shared features
into ViT block without complicated fusion methods. This architec-
ture allows each modality-specific branch to focus on extracting
and preserving valid information unique to its respective modality,
while the modality-shared branch effectively aggregates informa-
tion common from both modalities. By introducing a dedicated
modality-shared feature, IIMF ensures the effective collection and
representation of modality-shared information while preserving
valuable modality-specific details that might be overlooked in a
naive fusion scheme. This strategic separation and targeted aggre-
gation of features enhance the model’s representational capacity,
leading to improved tracking performance in challenging multi-
modal scenarios.

Specifically, we design a Modality-shared and Modality-specific
Feature Extraction (MMFE) module to extract the modality-shared
(Xsp) and modality-specific (X, for RGB and X; for TIR) features.
The MMFE module employs the fused template as a query and
the RGB and TIR search regions as keys and values to aggregate
modality-shared information and obtain the multi-modal context
medium via a cross-attention operation. This medium is then used
as a key and value, with the RGB and TIR search regions as queries,
to distribute modality-shared information to both search regions
and fuse them, resulting in X, with enhanced target-relevant in-
formation. Additionally, cross-attention is also applied to X, and

Xi, using their respective templates as mediums to collect modality-
specific target-relevant information from their corresponding search
regions. X, and X; serve as modality-specific features in the subse-
quent network.

To further aggregate modality-shared information to Xy, we
also design the Cross-Attention-based Modality-shared Information
Aggregation(CAMIA) module. CAMIA first obtains a multi-modal
context medium by employing the fused template of RGB and TIR
templates as a query in a cross-attention mechanism with X and X;
as keys and values. Furthermore, this medium serves as a key and
value in a cross-attention mechanism with X, and Zg, as the query,
enabling the distribution of modality-shared information to X and
Zsp,. By implementing the CAMIA module, more modality-shared
information is aggregated to Xy, which benefits the information
interaction between RGB and TIR search region within the ViT
block.

To evaluate the performance of our method, we conduct experi-
ments on three commonly used RGB-T benchmark datasets, includ-
ing RGBT210 [23], RGBT234 [20], and LasHeR [22]. Experimental
results show that our model achieves state-of-the-art performance,
showcasing its ability to achieve stable and robust tracking per-
formance. The main contributions of this work are summarized as
follows:

e We propose a novel and simplified RGB-T Tracking method,
enabling the implementation of inter-modal interaction in
ViT block, which replaces the complicated inter-modal in-
teraction.

e We propose a novel MMFE module to disentangle features
into modality-shared and modality-specific components, en-
abling the aggregation of modality-shared information while
preserving modality-specific details.

e Our method achieves state-of-the-art performance on sev-
eral RGB-T tracking benchmarks. We also conduct extensive
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experiments including ablation studies to demonstrate the
effectiveness of the proposed method and the effect of every
component.

2 RELATED WORKS

2.1 Single Object Tracking

Single object tracking(SOT) works as one of the fundamental tasks
in the field of computer vision. It aims to continuously localize the
target object within the sequences and serves as the downstream
work of many other computer vision tasks. Great progress has been
made in the field of SOT for accurate and stable target object track-
ing in various scenarios. Siamese-based methods [1, 8, 18, 19, 38,
50, 51, 58] focus on computing the correlation between template
and search region to realize the tracking process. Bertinetto et al.
[1] firstly introduces the Siamese network to the field of visual
object tracking. It used AlexNet to work as the backbone of the
model and used cross-correlation operations to get the response
map. Some online methods [2, 7, 13, 16, 31] aim to enhance the
accuracy and robustness of the tracking algorithms with an on-
line updating mechanism that dynamically adjusts to the evolving
characteristics of the target. With the success of transformer in
the field of computer vision, Some works [4, 6, 17, 37, 41-43] de-
voted to introducing ViT to tracking task, which employs vision
transformer(ViT) to work as the backbone of their models and use
self-attention and cross-attention for interaction between search
region and template features which integrate the information of
search region and template for matching relationship modeling. Ye
et al. [42] integrate template and search region features and feed it
into a one-stream backbone which is ViT for jointly feature learning
and relationship modeling and their OSTracker gains great sucess.

2.2 RGB-T Tracking

General SOT methods always only focus on visible object track-
ing(VOT), so they would encounter catastrophic performance degra-
dation if the sequences are captured under extreme conditions.
Therefore, some works [11, 15, 25, 27, 39, 47, 52, 52, 53, 56] at-
tempt to jointly utilize visible and thermal infrared images for high-
performance tracking since thermal infrared data could furnish
supplementary information under some extreme conditions. Zhang
et al. [47] present a novel framework aiming at improving the
efficiency and accuracy of RGB-T tracking algorithms. They in-
troduce a cross-modality distillation framework to bridge the per-
formance gap between compact and powerful trackers. The pro-
posed Specific-Common Feature Distillation (SCFD) module trans-
forms both modality-common and modality-specific information
from a deeper two-stream network to a shallower one-stream net-
work. Zhang et al. [45] propose a novel framework to fuse RGB
and TIR features in the context of tracking and embed it into the
DiMP [3] tracker for RGB-T tracking. Hui et al. [15] integrate a
Template-Bridged Search Region Interaction(TBSI) module into ViT
backbone to exploit templates as a bridge for cross-modal inter-
action. They identify that the previous methods might introduce
redundant background noise or limit the RGB and TIR modal in-
teraction to local regions. The TBSI module allows for high perfor-
mance of search region interaction and the original templates to
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be updated with enriched multi-modal contexts which further im-
prove the performance of tracking. Our method follows their idea
of employing templates to bridge the cross-modal interaction and
insert our own novel idea for better performance. Apart from the
framework research, the research of the RGB-T dataset witnesses
substantial development [14, 20, 22, 23]. Li et al. [22] propose the
LasHeR dataset which is currently the largest RGB-T Tracking
dataset.

3 METHOD
3.1 Overview

The overall framework of our method is illustrated in Fig 2. Specifi-
cally, to simplify the cross-modal interaction, We employ a Vision
Transformer(ViT) as backbone of our model, which also assuming
the responsibility of removing the carefully designed cross-modal
interaction modules. Following the operations of ViT, the input
RGB and TIR images are first split into patches and fed into the ViT
backbone. Afterward, our proposed Modality-shared and Modality-
specific Feature Extraction(MMFE) module is seamlessly integrated
into the ViT backbone to aggregate modality-shared target-relevant
information and bridge the interaction between the visible and
thermal infrared search regions. Furthermore, the Cross-Attention-
based Modality-shared Information Aggregation(CAMIA) module
further aggregates modality-shared information from RGB and TIR
search regions after partial feature learning into modality-shared
tokens. Finally, the search region features from modality-shared
and modality-specific branches are concatenated and fed into the
tracking head for target object state prediction, enabling robust and
accurate tracking in challenging multi-modal scenarios.

3.2 Simplified Cross-modal Interaction

Inspired by the impressive performance of Vision Transformers
(ViTs) [9] in object tracking [42], we simplify the cross-modal in-
teraction by directly integrating modality-shared and modality-
specific features into ViT without complicated modality fusion
methods. This new structure is aimed at the simultaneous extrac-
tion of features that are shared across different modalities as well as
those specific to each modality, following recent high-performance
tracking methods [15].

Let ¥ € REW3 | [x ¢ RExXWxX1 denote RGB and TIR
search region images, and I € RH=XW=>3 [ ¢ RHzXW=X1 denote
RGB and TIR template images respectively. Following the oper-
ation of ViT, we initially partition these images into patches of
size P X P. These patches are then transformed into sequences of
embedded features, hereafter referred to as tokens. Specifically, for
the RGB and TIR modalities of the search region, their tokens are
denoted as X, and X;, respectively, with dimensions RNxXC por
the RGB and TIR modalities of the template images, the tokens
are denoted as Z, and Z;, respectively, with dimensions RN=XC,
Here, Ny = Hy X Wy/P? and N, = H, X W,/P? denote the patch
number of search region and template, and C represents the num-
ber of channels in each token. This structured approach allows for
efficient embedded feature extraction, which can be represented as
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Figure 3: Illustration of our MMFE module. The network whose background is red is used for modality-shared tokens generation.
The network whose background is green is used for updating modality-specific tokens. CA for S2T, T2S, and T2T are similarly

conducted.

the following formula:

Xo = L(P(I)), Zy =L(P(I7))

X, = LP(E). Zi = L(P(E) W
where L denotes the linear layer function and P denotes the function
of splitting and flattening. RGB and TIR search region and template
images share the same patch embedding operation.

Afterward, we concatenate search region and template tokens
as joint embedded tokens Hy = [Z,; X;] € RWNx+N2)XC Thege to-
kens are then processed through the ViT to learn features and model
relationships jointly. The operations for the Thermal Infrared (TIR)
branch are the same as the RGB branch. The two-modality network
is transformed into a three-stream network after the processing
of the Modality-shared and Modality-specific Feature Extraction
(MMFE) module. The formula is shown as follows:

X, Xi, Xsp = MMFE([Xy; Xi]) (2)

where MMFE denotes the function carried out by the MMFE mod-
ule, with each branch extracting features specific to its modal-
ity—RGB, TIR, and shared modalities, respectively (details described
in Section 3.3).

Additionally, the modality-shared branch plays a crucial role
in enabling cross-modal information interaction. To clarify the
operation within the ViT blocks, we describe it using the following
formula:

0 = LN(a(QKT)V)
= LN(0([Qz; Qx][Kzs KilT)V)
= LN(0([QzKY, QKL QxKI. OxKIT)[VaiVil)
= LN(o([QKTV, + QKT Vy: OxKIV, + QxKI Vi)

®)

where LN denotes the layer normalization function, o is the softmax
function, and O is the output.

Further, the cross-attention mechanism is generalized by con-
structing adaptive weighted summation operations on X and X,

allowing us to express the modality-shared tokens X, and Zgy, as:
Xop = W) Xy + I/VixXi

4

Zsh = WZ;)ZZU + VViZZi ( )

where W denotes the weight matrix, the superscripts x and z de-
note search region and template respectively, and the subscripts v
and i denote visible and infrared modality respectively. Taking the
component QZKJZ Vx from Formula 3, we can get the formulas as
follows by incorporating Formula 4.
0KV =(WZy + WZ) (WX, + WX) T (WX, + WX;)
=WZy(WXo) T WXy + WZ;(WX) T WX+
WZi(WXo) TWX, + WZy(WX;) TW X+ (5)
WZo(WXo) TWX; + WZ:(WX3) T WX+
WZi(WXo)TWX; + WZ,(WX) TWX,
and another component QXKI Vy is shown as follows:
OxKIVy =(WX, + WX;) (WX, + WXi) T (WX, + WX;)
WX, (WX0)TWX, + WX;(WX) TWX;+
WXo(WX)TWX; + WX (WXo) T WX+ (6)
WXo(WX)TWXy + WX (WX,) T WX+
WX;(WX)TWXy + WX (WXo) TWX;

where subscripts and superscripts of W are omitted for brevity. The
Formula 5 and 6 aim to extract the inter- and cross-modal features
of the search regions, where WXZ,(WXZ,)TWXZ, +WX;(WX)TwX;
is the self-attention operation for RGB and TIR search regions,
and the component WX, (WX)TWX; + WX;(WX)TWX, serves
as the cross-attention between RGB and TIR search regions. Obvi-
ously, the component WZU(WXU)TWXU + WZi(WXi)TWXi is an
enhancement for target-relevant information. The weight matrix
W could also serve as the projection layers of the self-attention and
cross-attention mechanism. Therefore, it indicates that aggregating
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the information of both RGB and TIR information into modality-
shared tokens and feeding them into ViT blocks implements not
only intra-modal attention for X, and X; but also cross-modal at-
tention between X and X;. Considering that the cross-attention
mechanism is widely used for inter-modal interaction, our opera-
tion of feeding modality-shared tokens into ViT has the ability of
inter-modal information interaction. Consequently, it is validated
that substituting the direct inter-modal interaction between RGB
and TIR modalities with aggregating information into modality-
shared tokens and feeding them into the ViT block is significant.

By employing this simple cross-modal interaction architecture,
our model adaptively extracts both modality-specific and modality-
shared features, enhancing the overall capacity for inter-modal
interaction and retaining more target-relevant information across
different sensing modalities.

3.3 Modality-shared and Modality-specific
Feature Extraction

To better extract modality-shared features, we propose our Modality-
shared and Modality-specific Feature Extraction(MMFE) module
incorporating a cross-attention mechanism to enhance feature ex-
traction for robust tracking. As illustrated in Fig 3, the MMFE
module first employs a fused template as the medium to aggre-
gate modality-shared information, denoted as Tj,. Ty, contains rich
target-relevant information which is subsequently distributed to
both the visible (RGB) and thermal infrared (TIR) search region
tokens, X, and Xj, respectively. Afterward, we extract the fused
features between X, and X;. At last, we generate modality-shared
template token Zg;, and update the template Z; and Z; by fusing
the features among Z,, Z;, and Tgy,.

Specifically, MMEEF initially extracts the fused template features,
denoted as X, among X, and X; to aggregate modality-shared
information. We adjust the cross-attention module to enable si-
multaneous processing of three tokens, which is named TCA in
Fig 3. We first introduce TCA for S2T to aggregate modality-shared
target-relevant information onto the fused template. Since X, and
Xi both serve as key and value in cross attention with a fused tem-
plate as query, the attention matrices computed by fused; x XI and
fused; x Xl.T are both used to measure the similarity with the same
query token, where fused; denotes the fused template features.
Therefore, we concatenate the two attention matrices and perform
the function of softmax on them together as shown in Fig 3 (B).
The formula is shown as follows:

Ay = fused; X XZ,T

A; = fused; x X! )

[Av; Ai] = o([An; Ai])
where A,, A; denote the attention matrix of X, and fused;, X; and
fused; respectively, X denotes matrix multiplication, A denotes
the attention matrix after softmax. The joint softmax operation
facilitates the capacity of the model to obtain a richer context since
it takes information both from RGB and TIR search regions into a
comprehensive account. Afterward, X, and X; multiply their own
attention matrix separately and we fuse the results to get the output

token. Drawing from the concept of residual learning, we ultimately
add the query token to the output token and get T which is rich
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Xsh Xsh
- Y YN
Zsh

.

Figure 4: Illustration of CAMIA module. We omit the detail
of cross-attention operation since it is a widely-used mecha-
nism. TCA for T2T is similar to TCA for S2T in the MMFE
module.

in modality-shared information of both RGB and TIR modalities.
The formula is shown as follows:

Tsp = Query + L(Conc([Ty; Ti]))

= Query + L(Conc([Ay X Valuey; A; X Value;])) ®)

where Query, Value,, Value; denote fused; which serves as
query, visible search region token which serves as value, thermal
infrared search region token which serves as value, L, Conc denote
the function of linear layer and concatenating respectively. We then
construct TCA on Ty, X, and X; to generate X,j. The operation
of TCA for T2S, as is shown in Fig 3 (A), is similar to TCA for S2T,
and further elaboration is omitted for brevity. Compared to the ap-
proach of performing cross-attention separately before fusion, our
method embeds the fusion process into a cross-attention process,
which integrates the information of the search region tokens from
both modalities, resulting in a more refined fusion scheme when
combining RGB and TIR search region tokens.

In addition to the extraction of modality-shared features, we
also enhance the target-relevant information for modality-specific
tokens. Although RGB and TIR modality-specific branches are em-
ployed to preserve modality-specific information, we also perform
inter-modal interaction on them to reduce inter-modal differences.
As is shown in Fig 3 (A), To update X;, we employ Z, to aggregate
modality-specific information of X, and distribute it to X; with
cross attention mechanism. The operation for updating X, is the
same.

At last, we generate Zj, by performing TCA for T2T on fused;,
Zy and Z;, where Zg, denotes modality-shared template token
which is used for joint feature extraction for modality-shared search
region token. And we update Z; by conducting cross attention on
Ty, and Z,, which is similar to Z;.
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3.4 Cross-Attention-based Modality-shared
Information Aggregation

For further modality-shared information aggregation, we propose
our Cross-Attention-based Modality-shared Information Aggrega-
tion(CAMIA) module. The architecture of our CAMIA is shown in
Fig 4. We integrate our CAMIA module into our ViT backbone after
the 4th block.

Firstly, to aggregate modality-shared information, we fuse Z,
and Z; as a medium to collect information from both X, and X;
with TCA for S2T. Then, we perform cross attention between the
intermediate template, rich in search region modality-shared infor-
mation, and X, to distribute the modality-shared information to
Xsh- We also update the modality-shared template token with the
intermediate template by performing cross-attention.

To preserve the modality-specific information, inter-modal in-
teractions are not implemented in the subsequent stages of our net-
work. Although direct interactions are not adopted, the information
of RGB and TIR search regions is aggregated into modality-shared
search region token X;. The interaction between RGB and TIR
information is performed by conducting self-attention on X,. The
overall operation of the CAMIA module can be represented by the
formula shown as follows:

Tfused =L([Zi; Zi])
Tinte = TCA([Tfused; X3 Xl])
5(; = CA([Tinte; Xsh])

Zsp = CA([Tinte; Zsnl)

©

where Tfy50q denotes the fused template, Tinze denotes the inter-
mediate template, L, TCA and CA denote the function of linear
layer, triple token cross attention and cross attention, X, and Zg,
denote updated X, and Zgj,. At last, we realize the aggregation of
modality-shared information. The interaction between RGB and
TIR modality-specific branches is implemented by aggregating in-
formation into the modality-shared token and feeding it into ViT.
The modality-specific information is well preserved since no direct
interaction is performed.

3.5 State Estimation and Training Objective

State Estimation. To predict the current state of the target object
in the search regions, we adopt the common practice of tracking
head possessing classification, bounding box center, and bounding
box size prediction branches. The three branches share the same
architecture comprising 4 Conv-BN-ReLU layers. Each patch consti-
tutes an anchor since we partition the images into patches for ViT.
The classification branch outputs classification score maps Cls for
selecting anchor, and the bounding box center and size prediction
branches output offset maps O for compensating the reduction in
resolution and size maps S for measuring the size of the bounding
box. The computation of the state is as shown in the following
formula:

[x, y, w, h] =[x+ Ox, Yeis + Oy, Sw, Snl (10)

where [x, y, w, h] denotes the bounding box format of our
model, (x.5, Yc1s) denotes the center coordinates of the anchor,

Anonymous Authors

(Ox, Oy) denotes the offset from anchor center to bounding box
center, (Sy, Sp) denotes the bounding box size.

Training Objective. Following the training objective of TBSI [15],
our loss is computed by focal loss [24] for classification, L1 loss [12]
for offset, and GIoU loss [34] for bounding box size. The overall
loss function is shown as follows:

Loss = Local + AGIoULGIoU + AL1LL1 (11)

where Agrou equals 2.0 and Ay equals 5.0 in our training process.

4 EXPERIMENTS

4.1 Datasets and Evaluation Metrics

We conduct experiments on three prevailing RGB-T tracking bench-
marks, including RGBT210 [23], RGBT234 [20], and LasHeR [22].
The RGBT210 dataset, first introduced in [23], comprises 210 video
pairs, totaling approximately 210,000 frames, with the longest video
encompassing about 8,000 frames, making it suitable for long-term
tracking studies. The RGBT234 dataset, an extension of RGBT210,
contains 234 video pairs with around 234,000 frames and is de-
tailed in [20]. Meanwhile, the LasHeR dataset, described in [22],
includes 1,224 annotated video sequences, 245 of which are desig-
nated for testing. To assess our model comprehensively, we utilize
three widely recognized metrics: Success Rate (SR), Precision Rate
(PR), and Normalized Precision Rate (NPR). PR is defined as the
percentage of frames where the predicted bounding box is within a
specified threshold from the ground truth. NPR normalizes the pre-
cision rate on the size of the ground truth bounding box to reduce
sensitivity to the size of the target object. SR denotes the percentage
of the frames whose overlap ratio between the bounding box of
output and ground truth is larger than a threshold.

4.2 Implementation Details

Our model is implemented utilizing PyTorch and trained on 4
NVIDIA V100 GPUs. Search region images are reshaped to 256 X 256
and template images are reshaped to 128 x 128. The patch size of
images is 16 X 16. We train our model on the LasHeR training
dataset and test on the LasHeR testing dataset, RGBT210 dataset,
and RGBT234 dataset without further fine-tuning. The ViT back-
bone is pre-trained on the SOT dataset. The learning rate is set to
1 x e~* and decayed to 10% after 10 epochs. The training epoch is
set to 25. Our MMFE module is inserted into ViT after the 2nd ViT
block and the CAMIA module is inserted after the 4th ViT block.
The threshold for metrics is set to 20 pixels as a common practice.

4.3 Comparison with State-of-the-art Methods

We compare our method with previous state-of-the-art methods
on the LasHeR, RGBT210, and RGBT234 datasets. As shown in
Table 1, which presents the result of our method testing on the
LasHeR dataset, our method outperforms previous methods on all
metrics, demonstrating the effectiveness of our method. Compared
with the TBSI method, which also employs the ViT-base as the
backbone and integrates their module into ViT, our method gains
3.2%/2.7%/2.5% improvement in PR/NPR/SR respectively. For a fair
comparison, we also adopt SOT pretraining which is the same as
the TBSI method. Furthermore, our IIMF-MMFE method, which

639
640
641
642
643
644
645
646
647
648
649

650

652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695

696



697
698
699
700
701
702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744

745

Simplifying Cross-modal Interaction via Modality-Shared Features for RGBT Tracking

ACM MM, 2024, Melbourne, Australia

Table 1: The comparison between our method and previous state-of-the-art methods on the LasHeR dataset. The best and the

second results are colored red and blue respectively.

.. LasHeR
Method Pretraining Framework Precision Norm Precision Success

FANet [54] ImageNet CNN 44.1 38.4 30.9
CAT [21] ImageNet CNN 45.0 395 314
MaCNet [44] - CNN 48.2 42.0 35.0
DMCNet [30] ImageNet CNN 49.0 43.1 35.5
APFNet [40] ImageNet CNN 50.0 43.9 36.2
FTNet [5] - CNN 52.6 - 38.1
mfDiMP [45] SOT CNN 59.9 - 46.7
QAT [26] - CNN 64.2 59.6 50.1
STMT [35] - ViT 67.4 63.4 53.7
TBSI [15] SOT ViT 69.2 65.7 55.6
IIMF-MMFE SOT ViT 71.3 67.6 57.3
IIMF SOT ViT 72.4 68.4 58.1

Table 2: The comparison between out method and previous
state-of-the-art methods on RGBT234 dataset. The best re-
sults are indicated in bold.

Method .RGBTZM
Precision Success

MDNet+RGBT [31] 72.2 495
SiamCDA [48] 76.0 56.9
MaCNet [44] 76.4 53.2
MANet [28] 77.7 53.9
FANet [55] 78.7 55.3
MANet++ [29] 79.5 55.9
CAT [21] 80.4 56.1
ADRNet [46] 80.7 57.0
SiamIVEN [33] 81.1 63.2
CMPP [36] 82.3 57.5
APFNet [40] 82.7 57.9
DMCNet [30] 83.9 59.3
mfDiMP [45] 84.2 59.1
SiamIVEN [33] 81.1 63.2
TBSI [15] 87.1 63.7
SiamAfb [10] 89.0 60.2
IIMF 86.8 64.4

integrates only MMFE modules into three-branch ViT, also ex-
hibits superior performance, gaining 2.1%/1.9%/1.7% improvement
in PR/NPR/SR respectively compared to TBSI, which demonstrates
that integrating modality-shared information into modality-shared
token and implementing inter-modal interaction with the token
fed into ViT can replace the direct inter-modal interaction between
both modality features. Compared to the CNN-based methods, our
method gains a great improvement in all metrics, which demon-
strates that the feature learning and relationship modeling capabil-
ities of ViT make sense in the field of SOT. The comparison with
the previous state-of-the-art methods demonstrates that our model
achieves valuable and indispensable improvement in both tracking

Table 3: The comparison between other methods and previ-
ous methods on the RGBT210 dataset. The best results are
indicated in bold.

Method .R.GBT234
Precision Success
DSiamMFT [49] 64.2 62.5
TFNet [57] 77.7 52.9
CAT [21] 79.2 53.3
DMCNet [30] 79.7 55.5
mfDiMP [45] 84.9 59.3
TBSI [15] 85.3 62.5
IIMF 85.6 62.4

performance and efficiency. Table 2 and Table 3 present the testing
results on RGBT210 and RGBT234 respectively, illustrating that our
model maintains good performance on small datasets.

4.4 Ablation Studies

To validate the effectiveness of our modules, we conduct ablation
studies on the LasHeR dataset with SOT pertaining. The results are
shown in Table 4.

Baseline method employs the ViT as the backbone and extends
it to a three-branch network. The three branches share architec-
ture and weights, utilized separately for the modality-shared, RGB
modality-specific, and TIR modality-specific features. The modality-
shared feature is generalized by concatenating RGB and TIR fea-
tures. No interaction among the three branches is implemented.
The output features of the three branches are concatenated and fed
into the tracking head. By comparing the performance of previous
state-of-the-art methods and the Three-branch Baseline, we can
conclude that aggregating the information of RGB and TIR search
regions into modality-shared tokens benefits feature learning. The
improvement can serve as empirical evidence supporting the as-
sertion that the information of RGB and TIR could well interact by
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Figure 5: Qualitative comparison between our tracker and other RGB-T trackers on the LasHeR dataset.

Table 4: The ablation studies on the components of our pro-
posed IIMF model. The best results are indicated in bold.

Method PR NPR SR
IIMF-Baseline 70.1 66.3 56.2
IIMF-MMFE 71.3 67.6 57.3
IIMF-Full 72.4 68.4 58.1

feeding the modality-shared tokens into the ViT backbone as we
state in Section 3.2.

IIMF-MMEFE denotes the model only integrating the MMFE
module into the three-branch baseline. The MMFE module is in-
serted after the second ViT Block to extract modality-shared tokens
and modality-specific tokens. The backbone before MMFE is a two-
branch network while the backbone after MMFE is transformed into
a three-branch network. As shown in Table 4, IMF-MMFE gains
1.2%/1.3%/1.1% improvement in PR/NPR/SR, demonstrating that
modality-shared and modality-specific features are well extracted.
The modality-shared information is aggregated and the interaction
between the information of the two modalities is implemented by
feeding the modality-shared token into the ViT backbone. At the
same time, more modality-specific information is preserved.

IIMF-Full denotes the model integrating the MMFE and CAMIA
modules into the three-branch baseline. The MMFE module is in-
serted after the second ViT block to extract modality-shared tokens
and modality-specific tokens, and the CAMIA module is inserted
after the 4th ViT block to further aggregate modality-shared infor-
mation to modality-shared tokens. IIMF-Full gains 1.1%/0.8%/0.8%
improvement in PR/NPR/SR compared to IIMF-MMFE, demonstrat-
ing that our CAMIA module can further aggregate modality-shared
information, which becomes manifest after partial feature learning.

4.5 Analysis and Visualization

To demonstrate the effectiveness of our method, we conduct visual-
ization work.

Qualitative Comparison. As shown in Fig 5, we conduct a qual-
itative comparison between our IIMF tracker and 8 other trackers
on some challenging scenarios, including fast movement, complex

background, low illumination, high illumination, e.g. from LasHeR
dataset. For example, the target bike going into the dark in the
(c) sequence experiences intense changes in illumination, while
our tricker still localizes the target bike since we can leverage the
information of RGB and TIR images. The data from TIR modality is
a valuable complementary to RGB data under extreme illumination
and these results indicate that our method exhibits outstanding
performance in the realm of cross-modal data interaction. Further-
more, in the (a) sequence, the target person is often occluded by
others, while our tracker localizes the target successfully, which
demonstrates that our tracker enjoys a strong distinction ability.
This demonstrates that our approach does not introduce excessive
background noise and avoids template contamination. In the (d)
sequence, where there exist multiple interfering factors including
complex illumination, occlusion, variation in target size, and com-
plex background, our IIMF model achieves continuous tracking
of the target. This demonstrates that our model enjoys a high tol-
erance to various extreme conditions. These results indicates our
proposed IIMF tracker enjoys high performance in various chal-
lenging scenarios, which makes our tracker a robust and accurate
one.

5 CONCLUSION

In this paper, we introduced a novel RGBT tracking framework that
enhances interactive information handling and minimizes informa-
tion loss by leveraging a cross-attention mechanism to aggregate
modality-shared information and modality-specific information
for joint learning and interaction. Utilizing the capabilities of Vi-
sion Transformers (ViT), our approach simplifies the complexity
of cross-modal interactions by embedding rich contextual infor-
mation directly into ViT, avoiding the need for intricate fusion
techniques between RGB and TIR modalities. Additionally, we pro-
pose the MMFE and CAMIA modules, which may inadvertently
introduce redundant data and background noise, potentially com-
promising tracking performance. Future work will focus on refining
our information aggregation processes to enhance the efficiency
and effectiveness of our tracking framework.
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