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Abstract

Existing Transformer-based RGBT trackers achieve remark-
able performance benefits by leveraging self-attention to
extract uni-modal features and cross-attention to enhance
multi-modal feature interaction and search-template corre-
lation. Nevertheless, the independent search-template corre-
lation calculations are prone to be affected by low-quality
data, which might result in contradictory and ambiguous
correlation weights. It not only limits the intra-modal fea-
ture representation, but also harms the robustness of cross-
attention for multi-modal feature interaction and search-
template correlation computation. To address these issues,
we propose a novel approach called Cross-modulated Atten-
tion Transformer (CAFormer), which innovatively integrates
inter-modality interaction into the search-template correlation
computation within typical attention mechanism, for RGBT
tracking. In particular, we first independently generate corre-
lation maps for each modality and feed them into the designed
correlation modulated enhancement module, which can mod-
ify inaccurate correlation weights by seeking the consensus
between modalities. Such kind of design unifies self-attention
and cross-attention schemes, which not only alleviates inac-
curate attention weight computation in self-attention but also
eliminates redundant computation introduced by extra cross-
attention scheme. In addition, we design a collaborative to-
ken elimination strategy to further improve tracking inference
efficiency and accuracy. Experiments on five public RGBT
tracking benchmarks show the outstanding performance of
the proposed CAFormer against state-of-the-art methods.

Code — https://github.com/opacity-black/CAFormer

Introduction

RGBT tracking (Li et al. 2020, 2021; Lu et al. 2022; Hui
et al. 2023; Hou et al. 2024), which fuses information from
visible and thermal infrared (TIR) modalities for visual
tracking, has become an active research field in the computer
vision community. Recently, with the success of Transform-
ers in visual object tracking (Chen et al. 2021; Ye et al. 2022;
Chen et al. 2022), Transformer-based RGBT trackers have
gradually gained advantages in both speed and performance.

*Chenglong Li is the corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Comparison of performance and speed for state-of-
the-art tracking methods on RGBT234 (Li et al. 2019a). We
visualize the Success Rate (SR) against Frames Per Second
(FPS). Closer to the top indicates higher performance, and
closer to the right indicates faster speed. CAFormer ranks
first in SR while running at 83.6 FPS.

The Transformer is successfully applied in RGBT track-
ing due to its attention mechanism, which allows it to se-
lectively focus on relevant information and ignore irrele-
vant information. Existing Transformer-based RGBT track-
ers (Hui et al. 2023; Hou et al. 2024; Hou, Ren, and Wu
2022) achieve remarkable performance by leveraging self-
attention to extract uni-modal features and cross-attention
to enhance multi-modal feature interaction. However, we
observe that the calculation of correlations in self-attention
is sensitive to low-quality data. Even state-of-the-art track-
ers (Hui et al. 2023; Luo et al. 2023) that use feature fu-
sion suffer from the same problem, resulting in ambiguous
and inappropriate correlation weights. This phenomenon is
illustrated in Figure 2. Importantly, existing works (Ye et al.
2022; Gao et al. 2022; Fu et al. 2022) suggest that proper
correlation is crucial for tracking. Therefore, we believe
there are limitations in the modality self-attention indepen-
dent modeling strategy widely adopted in existing methods.
This limitation not only impairs intra-modality feature rep-
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Figure 2: Illustration of correlation maps with different fu-
sion methods under different modal quality inputs. The score
map is the output of the location branch in the tracking head.
”GT” denotes ground truth response position.

resentation but also affects subsequent multi-modal feature
interactions and the robustness of template and search cross-
correlation. Moreover, the individual computation of self-
attention and cross-attention in existing methods introduces
redundant computation, limiting the speed of current RGBT
trackers.

To address these issues, we propose a novel ap-
proach called the Cross-modulated Attention Transformer
(CAFormer) for RGBT tracking, which performs intra-
modality feature extraction and inter-modality feature in-
teraction in a unified attention model. Visible and infrared
image pairs in RGBT tracking are highly spatio-temporally
aligned, so their correlations between search frames and tar-
get templates should also be consistent. Consequently, dif-
ferent modality self-correlations exhibit similar interaction
properties with multi-modal image features. Therefore, we
propose an intuitive idea of enhancing and correcting low-
quality modal correlations through high-quality modal cor-
relations. To adapt to the dynamic changes in modal quality
during RGBT tracking, we design a Cross-Modulated Atten-
tion (CMA) mechanism in both directions to achieve adap-
tive correlation modulation.

In particular, we first compute the correlation maps for
each modality independently and then feed them into the de-
signed Correlation Modulation Enhancement (CME) mod-
ule for cross-correlation modeling to achieve correlation
agreement between the two modalities. This approach cor-
rects inaccurate correlation relationships from previous self-
attention mechanisms, as shown in the third row of Figure 2.
Additionally, CMA is more efficient in fusion. For exam-
ple, in the ViT-base (Dosovitskiy et al. 2021) feature fu-
sion module, the dimension size of input features is 768.
In contrast, CMA only processes the search-template part
of the correlation map, with correlation vector dimensions
typically related to the number of template tokens, usually
64. By avoiding the computation of higher-dimensional fea-
tures, CAFormer significantly outperforms existing feature
fusion methods in terms of efficiency.

In summary, the proposed CMA unifies self-attention and
cross-attention schemes, mitigating inaccurate correlations
in self-attention and avoiding the computational burden of
additional cross-attention. Inspired by the candidate elim-
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ination method in OSTrack (Ye et al. 2022), we propose
a collaborative token elimination strategy to further en-
hance tracking inference efficiency and accuracy. Specifi-
cally, within the search region, we consider each token as
a potential candidate for the target and treat each template
token as part of the target object. Using prior knowledge
about the similarity between the target and each candidate
from individual modality branches, we sum the similarities
of both modalities to obtain the overall similarity, then elimi-
nate tokens with lower similarity. This approach coordinates
initial elimination results from both modalities to improve
background elimination precision. Consequently, our mod-
ule not only enhances tracking efficiency but also maintains
robust performance. Figure 1 compares CAFormer with ex-
isting state-of-the-art methods in terms of tracking accuracy
and speed, demonstrating CAFormer’s superiority in both
metrics. The contributions of this paper can be summarized
as follows:

* We propose a novel cross-modulated attention Trans-
former for accurate and efficient RGBT tracking. To the
best of our knowledge, it is the first work to perform
intra-modality self-correlation, inter-modality feature in-
teraction, and search-template correlation computation in
a unified attention for RGBT tracking.

* Through taking both the attention weights from two
modalities into account, we introduce a collaborative to-
ken elimination strategy to improve the inference effi-
ciency with further performance enhancement.

* The proposed method achieves state-of-the-art results on
all mainstream RGBT tracking datasets with an impres-
sive speed of 83.6 FPS.

Related Work
Attention Mechanism

Attention mechanisms have been widely used in computer
vision tasks over the past decade (Vaswani et al. 2017; Hu,
Shen, and Sun 2018; Wang et al. 2018; Guo et al. 2022).
Among these, the Transformer (Vaswani et al. 2017) is fa-
vored for its powerful representation of self-attention and
cross-attention. Existing attention studies can be broadly
classified into two categories. One category focuses on
lightweight attention mechanisms (Zhu et al. 2020a; Liu
et al. 2021; Schlatt, Frobe, and Hagen 2024; Zhou et al.
2024). For example, the Swin Transformer (Liu et al.
2021) reduces the computational complexity of attention
by introducing local windows into self-attention. Schlatt et
al. (Schlatt, Frobe, and Hagen 2024) design a sparse interac-
tion strategy between query and key tokens, improving the
efficiency of cross-attention. However, these methods may
compromise performance by removing global relationship
modeling or not supporting cross-attention. The other cate-
gory (Gao et al. 2022; Xu et al. 2023) focuses on improv-
ing the quality of attention maps. For example, AiA (Gao
et al. 2022) refines the original attention mechanism by con-
structing a second-order relation matrix of the attention map.
Xu et al. (Xu et al. 2023) propose a self-calibrated cross-
attention to enhance discrimination between foreground and
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Figure 3: Overall framework of Cross-modulated Attention Transformer (CAFormer) for RGBT tracking. RGB and TIR images
are transformed as tokens, and fed into the Encoder that consist of Transformer Block and CAFormer Block. In the proposed
Cross-modulated Attention, the correlation maps from both modalities are fed into the CME module for interaction. Finally, we
compensate for the eliminated tokens and concatenate search region tokens as the input of tracking head to get the final result.

background images. However, these schemes struggle to ac-
curately model attention weights when encountering low-
quality data inputs. In contrast, this paper proposes a multi-
modal cross-modulated attention mechanism for the first
time, which enhances the attention quality of each modality
by establishing a strong association between the attention of
RGB and thermal modalities.

RGBT Tracking

Due to the highly complementary nature of RGB and
TIR modalities, using TIR as an additional modality can
effectively improve the robustness of tracking. Conse-
quently, RGBT tracking has been proposed and has attracted
wide attention. With the publication of large-scale RGBT
datasets (Li et al. 2021; Pengyu et al. 2022), the Trans-
former has been widely used in RGBT tracking. For exam-
ple, Xiao et al. (Xiao et al. 2022) design attribute-specific fu-
sion branches and utilize Transformers to enhance attribute
aggregation features and modality-specific features. Hui et
al. (Hui et al. 2023) extend ViT (Dosovitskiy et al. 2021)
to a multi-modal backbone and propose using fusion tem-
plates as a medium for modal interactions to enhance fea-
ture fusion with target-related contexts. Luo et al. (Luo et al.
2023) employ three distinct Transformer backbones to ex-
tract both modality-specific and modality-shared features.
Some works (Zhu et al. 2023; Hong et al. 2024) explore
the application of prompt learning to multi-modal tracking.
However, the correlation calculation for each modality in
these methods is performed independently, making it chal-
lenging to avoid inaccurate correlations for low-quality in-
puts, thus limiting further performance improvement. More-
over, existing fusion modules are typically designed for
high-dimensional modal features, requiring significant com-
putational resources, which is not conducive to achieving ef-
ficient tracking.

Method

Overview

The proposed approach, named Cross-modulated Attention
Transformer (CAFormer), is designed to address the chal-
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lenges of RGBT tracking by performing intra-modality self-
correlation and inter-modality feature interaction in a uni-
fied attention model. As illustrated in Figure 3, the frame-
work consists of a backbone network comprising Trans-
former and CAFormer blocks that process flattened and em-
bedded tokens of RGB and TIR image pairs. The cross-
modulated attention mechanism employs correlation maps
from both modalities to enhance interaction in the Correla-
tion Modulated Enhancement (CME) module. Furthermore,
to filter out non-target tokens, we employ the Collaborative
Token Elimination (CTE) strategy in certain layers, which
improves the reliability by adding correlation maps. Sub-
sequently, we complete the RGB and TIR tokens belong-
ing to the search region using a token padding scheme, and
then concatenate them in the channel and feed them into the
tracking head for target state prediction.

RGBT Baseline Tracker

We adopt a similar approach to recent single object tracking
(SOT) methods (Ye et al. 2022; Chen et al. 2022) by con-
catenating the template frames and search frames together
into the Transformer backbone, and then extending it to be
the multi-modal backbone of our tracker.

Specifically, given the input RGB and TIR template im-
age pair I7, I € RI=xW:x3 and search region image
pair I¥, I¥ € RH=xWex3 regpectively, we first divide these
images into patches of size P x P and then flatten them

to obtain sequences of patches P?, P? € RN-x(3F *) and

P P ¢ RN=XBP*) where N, = H.W,/P%and N, =
H,W,/P? denote the number of patches for the template
and search frames, respectively. A patch embedding layer,
with parameter W° € RGP)XC and Jearnable positional
encoding E, € RY=* and E, € RN=*C s then applied
to obtain template features Z?, Z; and search region fea-
tures X2, X as follows:

Z'=P'W'+E, X°=P'W°+E,;
Z)=P'W'+E, X)=P'W'+E,.

Subsequently, concatenating these features yields token
sequences F? = [Z0; X?], F? = [Z); X?], then we feed

(1)
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them into the I-layer (I = 1,2, ..., L) Transformer block T,
whose structure is shown in Figure 3. For simplicity, we use
a tracking head consistent with OSTrack (Ye et al. 2022)
and denote it as ¢. The forward propagation process is for-
mulated as follows:

F' =TYF™Y, F' =TY(F™), 1=1,2,...,L, (2

where FX, FF are outputs of the last Transformer block. We
merge these features along the channel dimension and feed
them into the tracking head ¢ to derive the final predicted
bounding box B = ¢(FZX, F}'). At this point, we have a
basic multi-modal tracker composed of two branches that
share parameters and process different modalities indepen-
dently.

Cross-modulated Attention

Attention mechanism is a key component of the Transformer
tracker (Cui et al. 2022; Song et al. 2023), and the correla-
tion map is an intermediate result of the Transformer atten-
tion, which measures the similarity between the tokens (Ye
et al. 2022). To avoid the low-quality data affecting the cor-
relation calculation in self-attention, we use high-quality
modal correlations to achieve enhancement and correction
of low-quality modal correlations. Considering the dynamic
changes in the quality of modal correlations, a bidirectional
cross-modulated strategy is used to achieve an adaptive cor-
relation modulated process. We design a cross-modulated
attention mechanism employs correlation maps from both
modalities to enhance interaction in the Correlation Modu-
lated Enhancement (CME) module.

Recalling the backbone in our base tracker, the inputs
to layer [ are F! [Z!; X!] and F} [Z!; X, here
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we omit the superscript [ and use F,, F; for simplicity.
Q= Fqu = [ZT‘;XT]WQ = [ 7Z“7Qf]’ K, =F.W; =
[Z,; X, |W} [K7; K] denote query and key matrix
from RGB modality, and W, W}, denote the linear projec-
tion weights for queries and keys, respectively. For the RGB
branch, the correlation map M, € RNXN jg produced as,

M, = Q, K, =[Q:; QK ; K?|'
=[Q:K;". QK" QK" ,Q'K""|
= [M7*, M7"; M*, M),

3)

note that M, needs to undergo softmax and scale to be at-
tention map in the usual meaning. For Q; and K; from
TIR modality, the processing of RGB features is symmet-
ric to TIR features, we can get correlation map M, €
RN*N in the same way. Known from Eq. 3, M,., M; can
all be partitioned into four parts M7?* M7* M** MZ>*
and M7, M7*, MP*, MP* with different roles in track-
ing, as proposed by CTTrack (Song et al. 2023). To simplify
the description, we rename each part as 77, T'S, ST, SS
based on the query-key pairs used to calculate the correla-
tion. Among them, ST is a special part, it controls the info
stream from template to search frame. Specifically, in most
Transformer trackers (Ye et al. 2022; Chen et al. 2022), the
tracking head accepts features from the search region, but
actually it relies heavily on the template features to output
results. Thus, the effect of ST on tracking results is signifi-
cant. And importantly, due to the spatio-temporally aligned
multi-modal image pairs, S’I" within different branches has
remarkable associations.

Existing methods (Luo et al. 2023; Hui et al. 2023) per-
form separate calculations for correlation in modality, which



ignore the crucial cross-modality associations. To achieve an
adaptive correlation modulated process, we design a cross-
modulated attention mechanism to employ correlation maps
from both modalities to enhance interaction in CME mod-
ule. The purpose of CME is to modulate ST, but we need to
take S'S into account as well to modulate the final attention
map. Specifically, we obtain the aggregated information U
for two horizontally adjacent parts as follows:

U = LN(LN([STT, SST, S’I‘t7 SSt])We)

é [Ur; Ut]a
LN denotes the LayerNorm (Ba, Kiros, and Hinton 2016)
layer, and W, is a learnable linear projection weight for

embedding two correlation parts. Then we perform an at-
tention operation on U to obtain the modulated correlation

map M.

“

(UW,)(UW,)"
VN,

where N, is the template tokens number, W(; and W,; de-
note linear projection weights for queries and keys in CME

module. Next, we separate ST; and ST,: from the initial
modulated correlation map M; and Mt/ , respectively.

M’ = Softmazx( (%)

)[STT; STt],

CME(M,;M;) =M (1+W') =[ST.;ST,], (6)

M, =[0-TT,,0-TS,;ST..0-SS,], 7

where W' is a learnable linear projection.

Finally, we add the obtained M; to the original correla-
tion map M, to get the final modulated correlation map. The
process of yielding the final RGB attention map A, can be
described as follows:

M;+Mr)
ve o7

where C' denotes the dimension size of the token.

In addition, as illustrated in Figure 4 (a), the proposed
cross-modulated attention is a symmetric structure and the
parameters are shared that are at the corresponding positions
on the left and right sides of the figure. For a multi-head at-
tention block, we share the parameters of the CME module
between the parallel multi-heads. It is worth noting that our
CME module can be easily applied to other parts in the at-
tention map.

A, = Softmax( 3

Collaborative Token Elimination

Efficiency is an important metric for evaluating tracking
methods (Yan et al. 2021; Cui et al. 2024). An early can-
didate elimination strategy (Ye et al. 2022) is employed to
speed up the inference process in some blocks. This mech-
anism requires constructing accurate attention weights be-
tween the target and each candidate, but it is difficult to
achieve from low-quality modalities. To solve the above
problem, we propose a Collaborative Token Elimination
(CTE) strategy that combines the attention weights from two
modalities to make judgments.
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Given the query vector gZ from Q? and g; from @7,
we choose the token in the center of the template as OS-
Track (Ye et al. 2022), each search region token at absolute
position ¢ can be given a scalar h;:

h = softmaz(qZ K;) + softmaz(qg; KY),  (9)

where K* and K are the key vectors of search region to-
kens. After that, we use h; to sort the search region tokens
and keep the top-k tokens. Our method enhances the stability
of token elimination, specifically in cases where the quality
of one modality declines. It accelerates the network’s infer-
ence speed while maintaining robustness.

Experiments
Implementation Details

To get a more concrete understanding of the proposed
method, here we present details of the implementation. In
our method, the proposed CAFormer block is integrated into
the last 3 layers of the backbone, and the CTE strategy is
adopted at layers 3,6 and 9. The search regions are resized
to 256 x 256, while the templates are resized to 128 x 128.
For the training process, CAFormer is trained on 2 NVIDIA
2080ti GPUs with a global batch size of 32. We set the
learning rates of the backbone network and other parame-
ters to Se-6 and Se-5, respectively. The optimization algo-
rithm employed is AdamW (Loshchilov and Hutter 2017)
with a weight decay of le-4. We train our model for 10
epochs on the training set of LasHeR (Li et al. 2021), and
each epoch consists of 60K image pairs. For GTOT (Li et al.
2016), RGBT210 (Li et al. 2017), and RGBT234 (Li et al.
2019a), we directly evaluate our model without any further
fine-tuning. For VTUAV (Pengyu et al. 2022) dataset, we
adopt the VTUAV training set for our training process, and
adjust the number of training epochs to 5. Following pre-
vious work (Hui et al. 2023), all experiments in this pa-
per are loaded with pre-trained weights from the public
SOT method (Ye et al. 2022). Additionally, we complete
the speed test on a device with an Nvidia RTX 3080ti GPU,
which is the same as other trackers.

Evaluation on Public Datasets

Our experiments are conducted on five public datasets:
GTOT (Li et al. 2016), RGBT210 (Li et al. 2017),
RGBT234 (Li et al. 2019a), LasHeR (Li et al. 2021), and
VTUAV (Pengyu et al. 2022). For evaluation, we use the
commonly adopted Precision Rate (PR) and Success Rate
(SR) metrics. Following previous work (Li et al. 2021), we
also use the Normalized Precision Rate (NPR) (Muller et al.
2018) metric for LasHeR. Additionally, the GTOT (Li et al.
2016), RGBT234 (Li et al. 2019a), and VTUAV (Pengyu
et al. 2022) datasets provide ground truth for both modali-
ties. As in prior works (Li et al. 2019a; Pengyu et al. 2022;
Hou et al. 2024), we use the best results from both modali-
ties to address small alignment errors.

GTOT contains 50 video sequence pairs. As shown in
Table 1, compared to previous state-of-the-art trackers, our
method outperforms HMFT (Pengyu et al. 2022) and the SR
score is the best.



GTOT RGBT210 RGBT234 LasHeR VTUAV
Method backbone Pub. Info. PRt SRT|PRT SRt |PRT SRt|PRT NPR SRT|PRT SR FPS 1
DAPNet (Zhu et al. 2019) VGG-M | ACMMM’I9 | 882 70.7 - - 76.6 53.7 | 43.1 383 314 - - -
MANet (Li et al. 2019b) VGG-M ICCVW’19 | 894 724 7777 539 | 455 - 32.6 - - 2.1
DAFNet (Gao et al. 2019) VGG-M ICCVW’19 | 89.1 71.6 - - 79.6 544 | 4438 39.0 311 | 620 458 20.5
mfDiMP (Zhang et al. 2019) ResNet-50 | ICCVW’19 | 836 69.7 | 849 593 | 842 59.1 | 59.9 - 46.7 | 613 554 34.6
CAT (Li et al. 2020) VGG-M ECCV’20 889 71.7 | 792 533 | 804 56.1 | 45.0 395 314 - - -
MaCNet (Zhang et al. 2020) VGG-M Sensors’20 - - - - 79.0 554 | 482 42.0 35.0 - - 1.6
CMPP (Wang et al. 2020) VGG-M CVPR’20 92.6 73.8 823 575 - - - - - -
FANet (Zhu et al. 2020b) VGG-M TIV’21 - - 78.7 553 | 44.1 384 309 - - -
MANet++ (Lu et al. 2021) VGG-M TIP’21 882 70.7 80.0 554 | 46.7 404 314 - - -
SiamCDA (Zhang et al. 2021) ResNet-50 | TCSVT’21 877 732 - - 76.0  56.9 - - - - - -
DMCNet (Lu et al. 2022) VGG-M TNNLS’22 - - 79.7 555 | 839 593 | 49.0 431 355 - - -
APFNet (Xiao et al. 2022) VGG-M AAAI'22 90.5 737 - - 827 579 | 50.0 439 362 1.9
MIRNet (Hou, Ren, and Wu 2022) | VGG-M ICME’22 90.9 744 - - 81.6 589 - - - - - -
TFNet (Zhu et al. 2021) VGG-M TCSVT’22 88.6 729 | 77.7 529 | 80.6 56.0 - - - --
HMFT (Pengyu et al. 2022) ResNet-50 CVPR’22 91.2 749 - - 788  56.8 - - - 758 627 30.2
ViPT (Zhu et al. 2023) ViT-B CVPR’23 - - 835 61.7 | 65.1 - 52.5 - - -
MACEFT (Luo et al. 2023) ViT-B Sensors’23 90.0 727 - - 857 622 | 653 - 514 | 80.1 66.8 333
TBSI (Hui et al. 2023) ViT-B CVPR’23 - - 853 625 | 87.1 637 | 692 657 556 - - 36.2
CMD (Zhang et al. 2023) ResNet-50 CVPR’23 90.7 735 - - 844 60.1 | 59.7 554 46.7 - - 18
CAT++ (Liu et al. 2024) VGG-M TIP’24 915 733 | 822 56.1 | 840 59.2 | 509 444 356 - - 14
OneTracker (Hong et al. 2024) ViT-B CVPR’24 - - - - 857 642 | 672 - 53.8 - - -
Un-Track (Wu et al. 2024) ViT-B CVPR’24 842 625 | 66.7 - 53.6 - - -
SDSTrack (Hou et al. 2024) ViT-B CVPR’24 - - 848 625 | 66.5 - 53.1 - - -
TATrack (Wang et al. 2024) ViT-B AAAI'24 - - 853 618 | 872 644 | 70.2 - 56.1 - - 26.1
BAT (Bing et al. 2024) ViT-B AAAI'24 90.7 765 | 849 612 | 868 64.1 | 70.2 - 56.3 - - 69.2
CAFormer ViT-B - 918 769 | 856 632 | 883 664 | 700 66.1 556 | 88.6 76.2 83.6

Table 1: Comparison with state-of-the-art methods. The best results are highlighted with bold font, respectively.

RGBT210 is a challenging RGBT dataset, which con-
tains 210 video sequence pairs, 210K frames, and 12
tracking challenge attributes. In the evaluation of the
RGBT210 dataset, our method gets the best PR/SR score
with 85.6%/63.2%. Compared with TBSI (Hui et al. 2023),
there is a minor improvement of 0.3%/0.7% on PR/SR, but
in terms of efficiency, the proposed method is twice as ef-
ficient as TBSI. In addition, our method has a significant
advantage over other methods, outperforming CAT (Li et al.
2020), TFNet (Zhu et al. 2021) 6.4%/9.9% and 7.9%/10.3%
in terms of PR/SR, respectively.

RGBT234 is extended from RGBT210, which contains
12 challenge attributes, and 234 video sequence pairs. As
shown in Table 1, we compare our method with 22 advanced
RGBT trackers and achieve the best result. TBSI is the state-
of-the-art method and it uses feature fusion. Our method
outperforms TBSI by a significant margin of 1.2%/2.7% on
PR/SR and obtains the best performance. For other trackers,
our method outperformed mfDiMP (Zhang et al. 2019) and
ViPT (Zhu et al. 2023) in PR and SR scores by 4.1%/7.3%
and 4.8%/4.7%, respectively.

LasHeR contains 19 challenge attributes, 734.8K frames,
and 1224 video sequence pairs. We compare with recently
proposed RGBT trackers and achieve the best result. Specif-
ically, our tracker significantly outperforms the mfDiMP
and ViPT, i.e. 10.1%/8.9% and 4.9%/3.1% respectively in
PR/SR. Although compared with TBSI, our method only has
the performance advantage of 0.8%/0.4% in PR/NPR met-
rics, TBSI obviously lags behind our method in tracking ef-
ficiency because of its bulky multi-level feature interaction.

VTUAV stands out as a large-scale RGBT dataset specif-
ically designed for UAV perspectives. VTUAV contains 500
video sequence pairs having 1.7M image pairs with 1920
x 1080 resolution. It can be seen that our method out-
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RGBT234 LasHeR
Method PR SR | PR SR
RGBT baseline 86.4 645|678 54.0
w/o SS 87.6 65.6 | 69.2 55.1
w/o Cross-modal 87.5 659 | 683 543
Full model (CAFormer) | 88.3 66.4 | 70.0 55.6

Table 2: Evaluation results for different structures.

performs all previous methods. Specifically, compared to
MACFT (Luo et al. 2023), which is the previous state-of-
the-art method, our method leads by 8.5%/9.4% in PR/SR.
This indicates that the proposed method is equally applica-
ble to UAV scenarios and its efficiency is suitable for the
needs of UAV scenarios.

Ablation Study

Component Analysis As shown in Table 2, we compare
different designs for the proposed CMA module.

w/o SS. Since the softmax operation can span parts of
two horizontally neighboring correlation maps, they affect
each other. When processing ST, we also take S'S into ac-
count. Removing S'S from the model results in a 0.7%/0.8%
decrease in PR/SR scores on RGBT234 and a 0.8%/0.5%
decrease on LasHeR, compared to using both ST and S'S.
The results, shown in Table 2, demonstrate that S'S plays an
important role in adjusting the weights of ST'.

w/o Cross-modal. The proposed CME module is aim to
exploit the association of correlations between modalities.
When we remove this mechanism, it means that the cor-
relation weights of the two modalities only perform self-
interaction. As shown in the Table 2, there is a significant
decrease of 1.7% and 1.3% in PR and SR compared to the
full model on LasHeR, respectively. It suggests that the main



part RGBT234 LasHeR
PR SR | PR SR
ST 88.3 66.4 | 70.0 55.6
§S 87.8 65.8 | 69.1 55.0
TS 877 657 | 682 544
(ST,SS) | 86.4 644 | 689 54.7

Table 3: Modulating different parts of the correlation map.
”(ST,SS)” implies that the two parts are treated as a whole
in the interaction.

Layers RGBT234 LasHeR
PR SR | PR SR
last 1 layer | 87.5 65.6 | 69.2 55.1
last 3 layers | 88.3 66.4 | 70.0 55.6
last 6 layers | 86.6 65.0 | 68.1 54.2
4,7,10 layers | 88.5 65.8 | 69.6 55.1

Table 4: Apply layers of the proposed CAFormer block.

Method LasHeR
CE CTE| PR SR | FPS | MAGs(G)
693 551 | 764 | 58.43
v 69.5 552 |83.6| 4291
v | 700 556|836 | 4291

Table 5: Different candidate elimination strategies.

performance increase of our method comes from the cross-
modal interaction of correlation weights.

CMA Utilization in Different Parts Besides interacting
with ST, we attempt to deploy the CME module in other
parts of the correlation map. The results on RGBT234 and
LasHeR are summarized in Table 3. We can observe that the
best result is obtained when applied to the ST'. It confirms
that the part ST has a stronger cross-modal correlation and
is critical for tracking. When we do not distinguish different
parts, i.e. (ST, SS)”, it leads to 1.9%/2.0% decrease on
RGBT234 and 1.1%/0.9% decrease on LasHeR in PR/SR
scores. This shows that it is necessary to distinguish different
parts of the correlation map.

CMA Insertion in Different Layers We insert the
CAFormer block to different layers and summarize the ex-
perimental results on RGBT234 and LasHeR in Table 4.
When we employ CAFormer block at last layer, we observe
a notable enhancement. It shows the necessity of correlation
fusion. As we increasing to last 3 layer, the boosting effect
is weakened, and when continuing to increase to 6, worse
results are obtained. This suggests that less a priori infor-
mation can lead to difficulties in distinguishing potentially
correct correlation weights, thus yielding erroneous interac-
tions and resulting in performance degradation. Finally, we
choose the last 3 layers as the final solution.

Effectiveness of Different Token Elimination Schemes
To verify the effectiveness of the proposed collaborative
token elimination (CTE) strategy, we compare it with the
candidate elimination (CE) strategy in OSTrack (Ye et al.
2022). As shown in Table 5, CTE not only helps to im-
prove the inference speed, but also significantly enhances
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Figure 5: Attribute-based evaluation on RGBT234 dataset.
In parentheses, the value on the left indicates the minimum
success rate, and on the right the maximum success rate.

performance, whereas the CE strategy primarily improves
efficiency. Specifically, adding CTE or CE policy improves
the tracking speed by 9.4%, and decreases the MACs by
26.6%. In terms of tracking performance, CTE obtains a
0.7%/0.5% improvement in PR/SR. It is significantly larger
than that of CE, which is 0.2%/0.1%. The results show that
the CTE module is more compatible with the CMA module
as it ensures interaction between weights at corresponding
positions across modalities.

Attribute-based Performance

We evaluate the performance of our proposed method in var-
ious scenarios by conducting experiments on different chal-
lenge attribute subsets of the RGBT234 dataset, including
no occlusion (NO), partial occlusion (PO), heavy occlusion
(HO), low illumination (LI), low resolution (LR), thermal
crossover (TC), deformation (DEF), fast motion (FM), scale
change (SC), motion blur (MB), camera moving (CM) and
background clutter (BC). All results are summarized in Fig-
ure 5. We can observe the proposed method outperforms
existing methods (Xiao et al. 2022; Hui et al. 2023; Zhu
et al. 2023) under all challenges. In particular, CAFormer
makes significant improvements on LI, FM, MB and TC
challenges. This demonstrates the advantages of the pro-
posed correlation fusion scheme.

Conclusion

In this work, we propose a novel Cross-modulated Atten-
tion Transformer (CMA) for RGBT tracking, which is the
first reveal the consistency of visible and infrared modalities
in search frame and template frame correlations in RGBT
tracking. We also present a novel correlation fusion insight
for multi-modal tracking, which provides clear advantages
in both performance and efficiency over existing mainstream
feature fusion. Additionally, a Collaborative Token Elimina-
tion strategy is proposed that enhances the distinction be-
tween foreground and background and further improves ef-
ficiency and performance. In the future, we plan to com-
bine correlation fusion and feature fusion to further improve
tracking performance.
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