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Abstract

RGB-T tracking aims to accurately localize target
objects by leveraging complementary information from
both RGB and thermal-infrared modalities. A common
belief is that a well-designed multimodal fusion strategy
plays a critical role in improving tracking performance.
However, the initially extracted raw features from each
modality are often misaligned and noisy, greatly deterio-
rating the tracking performance. To address this issue,
this paper proposes a new paradigm for RGB-T tracking,
termed PMPTrack, which adopts a clearly decoupled two-
stage progressive modality promotion framework prior
to multimodal fusion. Through an elaborate modality
enhancement process, we pursue more refined modality
representations for subsequent fusion and downstream
tasks, as naive multimodal fusion often overlooks impor-
tant details. Specifically, we divide the process into two
stages: the Token-Level Promotion (TLP) stage and the
Feature-Level Promotion (FLP) stage. The TLP stage fo-
cuses on fine-grained target detail modeling at the token
level, where tokens represent the fundamental units em-
bedded and processed by Vision Transformer. A Context-
aware Token Categorization (CTC) module is responsi-
ble for this fine-grained token modeling, with multiple
Multimodal Synergistic Prompters (MSP) cooperating to
facilitate the process. Following the TLP, the FLP stage
performs coarse-grained refinement at a higher level of
abstraction, emphasizing global enhancement based on
deep-layer feature representations derived from token
embeddings, where we utilize a Cross-modality Guided
Enhancement Module (CGEM) to achieve this coarse-
grained refinement. Finally, extensive experiments on
LasHeR, RGBT234, and RGBT210 datasets validate the
superiority of our PMPTrack, which outperforms previ-

ous state-of-the-art methods.

Keywords: RGB-T tracking, Decoupled Two-Stage,
Modality Promotion, Token-Level, Feature-Level.

1. Introduction

Visual object tracking [35} 137, 24] is a fundamental task
in computer vision, aiming at estimating the position and
shape of a target object in a video sequence based on its
initial state. It is widely applied in various fields such as
robotic vision [21]], video surveillance [5]], and autonomous
driving [7]. While traditional RGB trackers perform well
under normal conditions, they often struggle in challenging
scenarios such as occlusion, low visibility, or fast motion.
To address these limitations, integrating auxiliary modalities
such as thermal infrared (TIR) data has proven effective for
enhancing robustness in multimodal tracking [36]. With the
increasing availability and maturity of TIR devices, RGB-T
tracking has attracted growing attention by leveraging the
complementary strengths of RGB and thermal modalities in
recent years [10} 15} 122].

A widely held view in previous studies is that multimodal
fusion plays a key role in building robust RGB-T trackers
[23 277, 39]. One of the earliest and most representative
approaches, mfDiMP [32], performs pixel-level fusion by
directly concatenating features from different modalities.
However, this approach rudely merges raw inputs at shal-
low network layers, assigning equal weight to salient and
low-frequency cues, which hinders the full exploitation of
multimodal information and leads to performance degra-
dation. Later, more refined feature-level fusion methods,
such as APFNet [27]], fuse information during the feature
extraction phase and put greater emphasis on preserving se-
mantic information. However, feature-level fusion at deeper
network layers often requires multiple feature extractions,
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Figure 1: Difference of RGB-T tracking paradigm. (a) Traditional tracking based on redundant fusion structures. (b) Our proposed

Two-stage Progressive Modality Promotion paradigm.

which dilutes fine-grained cues and impairs the learning of
discriminative representations.

To address these issues, recent works [4, [18]], as shown
in Fig. |1| (a), have shifted focus to designing dynamic fu-
sion strategies that adaptively select optimal approaches for
different tracking scenarios. However, the use of complex
fusion units often incurs additional computational overhead.

Despite advances in the design of multimodal fusion
strategies, there is no conclusive evidence supporting the
idea that an excellent RGB-T tracker can be achieved solely
through fusion. Due to significant modality differences in
resolution, noise, and other factors, naive fusion phase op-
timization does not fully take advantage of their potential.
Thus, in this paper, we wonder: Is it possible to explore a
new modality promotion paradigm for RGB-T tracking, with
the purpose of achieving more effective modality representa-
tion learning and enhancement prior to multimodal fusion
or other downstream tasks? Fortunately, the conceptual
insights from prior work at both the pixel level (mfDiMP
[32]) and the feature level (APFNet [27]]) have inspired our
study. Building on these foundations, this paper introduces
a novel tracking paradigm, termed PMPTrack. As shown
in Fig. |I| (b), instead of focusing on conventional multi-
modal fusion design, the core idea of PMPTrack is explicitly
decoupled into two progressive modality promotion stages:
Token-Level Promotion (TLP) and Feature-Level Promoton
(FLP). The TLP focuses on fine-grained target detail model-
ing, capturing subtle and discriminative cues. Following this,
the FLP emphasizes coarse-grained refinement at a higher
abstraction level to enhance overall representations.

Specifically, for the TLP stage, we leverage Context-
aware Token Categorization (CTC) to perform fine-grained
object detail analysis, thereby enhancing the model’s ability
to understand target regions. Meanwhile, to transfer and am-

plify the subtle yet critical visual cues across modalities for
a better inter-modality representation learning, we introduce
the Multimodal Synergistic Prompter (MSP), which enables
the model to more sensitively capture key information and
achieve fine-grained inter-modal enhancement. For the FLP
stage, we implement a Cross-modality Guided Enhancement
Module (CGEM), which performs coarse-grained overall
refinement at the feature level, operating on the deep-layer
feature maps reshaped from the token representations pro-
duced by TLP, incorporating feature-level complementary
information from the opposite modality to guide and en-
hance the representation capability of the current modality.
Through this novel and progressive paradigm, our PMPTrack
constructs a better representation learning from token details
to feature abstraction, resulting in significant performance
improvements in RGB-T tracking tasks.

In summary, our contributions are summarized as follows:

* PMPTrack, to our knowledge, is the first work to in-
troduce such a decoupled two-stage progressive modal-
ity promotion paradigm, including the TLP stage and
the FLP stage, for RGB-T tracking. Our analysis and
validation demonstrate its theoretical soundness and
exceptional performance.

* In the TLP stage, we focus on the fine-grained analysis
and introduce the CTC and MSP to build token-level
target modeling, enhancing detailed target learning.

* In the FLP stage, we progressively transition to coarse-
grained refinement and design the CGEM to cross-
modally enhance the overall representational capacity
of the current modality by incorporating auxiliary infor-
mation from the other modality at the feature level.

» Extensive experiments conducted on RGB-T tracking



datasets (LasHeR, RGBT210, RGBT234) have demon- where, the input tokenX kg; X g andZkeg: Zk are the
strated the outstanding performance and remarkabletokens from thé-th layer of the encoder. After concatena-

tracking results of our proposed PMPTrack. tion, H kg andH 15 are fed into the encoder. Each encoder
layer updates the input tokens through multi-head attention
2. Related Work (MHA) and a feed-forward network (FFN).

RGB-T Object Tracking Conventional single-modality
tracking methodsl, [2, [6] produce compelling results in nor-  Why pursing a Two-Stage Progressive Modality Promo-
mal conditions but tend to degrade signi cantly when faced tion Paradigm? To understand the rationale behind shift-
with challenges such as low light, occlusion, or thermal cross.ing from traditional multimodal fusion to a modality promo-
Given these challenges, RGB-T object tracking has attractedtion paradigm, it is essential to delve into the connotation of
increasing attention, as its complementary modalities cana two-stage progressive modality promotion strategy. Exist-
enhance performance in scenarios where single-modalitying approachesif, [20] generally adhere to the prevailing
methods fall short. Recent state-of-the-art models, such agpractice of directly merging RGB and TIR modalities to
BAT [[3], bring a bidirectional adapter to the prompt-based mitigate modality discrepancies like misalignment and noise.
learning framework for cross-modality tracking. TB&0[ However, such naive fusion often results in suboptimal in-
uses a fused template with an attention mechanism to enformation extraction and limited feature enhancement. Con-
able information exchange between RGB and TIR modali-sequently, the model tends to rely only on super cial repre-
ties. VIiPT [37] presents a visual prompt-based multimodal sentations from each modality, rather than bene ting from a
tracking framework that adapts frozen pre-trained models by more structured and effective promotion process. In contrast,
learning a few modality-related prompts, enhancing ef cient we argue that a clearly decoupled and progressive two-stage
tracking across various multimodal scenarios. Despite permodality promotion—starting with ne-grained token-level
formance gains, these methods remain super cially con ned modeling at the micro level and advancing to coarse-grained
to visual prompts or attention modules, leading to bottle- feature-level exploration at a deeper level—is crucial for
necks in exploring a more ef cient and in-depth progressive fully exploiting rich modality-speci ¢ information and lay-
paradigm for optimal modality extraction and enhancement.ing a solid foundation for fusion and other downstream tasks
in multimodal visual tracking.
Modality promotion for multimodal tracking The effec-
tive utilization of rich modality-speci ¢ information from dif- 4. Method
ferent modalities is cruc;ial fqr multimodal tasks. Modality- 4.1 Overview
promotion-based tracking aims to enhance the representa-
tional capacity of each modality, facilitating more robust  Building upon the above analysis, in this section, we give
adaptation to diverse and complex tracking environmentsa detailed description of our proposed PMPTrack. As shown
Existing approaches like STMTLg], UnTrack 26], and in Fig[3, distinct from focusing on multimodal fusion design,
MFGNet 25, enhance modality processing through various our proposed PMPTrack adopts a more clearly decoupled
techniques like spatio-temporal fusion and attention mech+two-stage strategy for progressive modality promotion prior
anisms. However, these methods often rely on arbitrarily to fusion: the TLP stage and the FLP stage.
stacked modules without a coherent strategy, overlooking ~Given an input tokerX 2 R "W 3 embedded in the
the potential of a progressive modality-promotion process.image, the TLP rst develops a ne-grained token-level
In this work, we move beyond conventional paradigms by target detail model by performing CTC within each modal-
exploring a progressive modality promotion design, offering ity and then uses multiple MSP to facilitate the transfer of

a novel perspective for future research. visual representation cues from the target across modali-
o o ties. Subsequently, after the model has suf ciently captured
3. Preliminaries and Motivation for the Two- ne-grained token-level target region details with the aid of
Stage Progressive Modality Promotion positional encoding, the token representations are reshaped

Preliminary. We rst select the classic single-stream RGB  INto deep-layer feature maps2 R°¢"% . The FLP then
model, i.e., OSTrack3(], as the pre-trained model. We €Xxploits these coarse-grained representations through the
extend the OSTrack into a dual-branch multimodal tracking CGEM module to achieve global feature-level re nement.
model, which serves as the foundation for our PMPTrack.Finally, the tracking head concatenates the RGB and TIR
Its input consists of a pair of the template and search framesfeatures and predicts the target's current state.

which are divided into tokens by patch-embedded layers and

then concatenated as follows: 4.2. Token-Level Promotion

Hies = XhosiZkos ; Hres 2 RM 2™ )€ @ Given that the Vision Transformer (ViT) operates on vi-
Hir= XhriZhg ; Hhg 2 RNz C sual inputs at the token level, we reasonably initiate our



Figure 2: The overall framework of our proposed PMPTrack, including the TLP and FLP stages.

modality promotion from this ne-grained, micro-level rep-  ~Ajgorithm 1: Token Interaction Strategy in the CTC
resentation. Accordingly, we design the TLP stage as the Input: Token sets: Template tokens, T

rst phase, comprising two modules: the CTC and the MSP. Template-Relevant search tokerj§'aant
Template-Irrelevant search toker1§r efevant

Context-aware Token Categorization. To better discrim- Output: Token interaction map for attention
inate ne-grained details of target regions, we propose the  foreach token T2 T, do

CTC within the TLP, as shown in Fig. 2. We rst divide all Attend to tokens in T[T [elevantyia attention
the tokens into three categoriege'evan TrelevantgngT, mechanism:

representing the template-relevant / irrelevant search tokens f(;reach token T 2 T elevantdo

and template tokens, respectively. For clarity, we omit the Attend to tokens in T[T [elevant T irrelevantyjg

RGB / TIR subscripts here.
For the above classi cation, we useéML_P to predict the
category of each search token in real time:

| attention mechanism;

foreach token T 2 T relevant g

Attend to tokens in Jrelevant[ T relevantyjig
P = Softmax (MLP ([MaxPool(Z); X])) @) | attention mechanism;

Block attention between,Tand Tielevant
return Modi ed attention pattern

whereZ andX are template and search tokens, respec-
tively. We empirically set the threshold at 0.5, considering
tokens with probabilities exceeding this value as relevant
and those below it as irrelevant. The Softmax operation
in Eq. 4.2, allowing the entire network—including token where X';Z' are the input search and template tokens to
classi cation—to implicitly learn how to adaptively select thei-th layer of the encoder respectively, with the RGB
appropriate search tokens for interaction with the templateand TIR subscripts omitted for simplicity. We uggek,
This process is solely driven by gradients from the targetandv to represent the query, key, and value. Since the

localization loss and facilitates an end-to-end training. template and search region tokens are jointly processed in
Formally, the token interaction strategy in thth encoder  the multi-head attention block, the modeling of both cross-
layer can be formulated as follows: modal and self-relations is seamlessly integrated into each

encoder layer. The relation modeling rules for the three

=k=v=[X "Z']; )
q vEX G2 categories are de ned as:

X% 2% =X ';Z2'T+ MHA(; k; v); @3)
X ®D . zED = x 979+ FEN(X % Z%) 1. For categoryl,, its tokens can aggregate information



Figure 3: Conceptual illustration of the MSP (a) and CGEM (b).

from the tokens in T and Tielevant to get token sequende;, 2 R1P andTS,, 2 R'P . Next,
we apply the Spatial Attention by:
q-= T, =27
kK=v=[T,: T;elevan] =[z:T ;elevan]. (4) Att spatiar = CONVy  RelLU conv Tas\,r +
. _ ' ’ ’ (7)
TS =T} + MHA(q; k; v) cony ReLU convi T

wherecony, andconw, are twol 1 convolutional layers
used for dimensionality reduction and expansion, respec-
tively. Subsequentlyitt spaialis element-wise multiplied

2. For categoryT,mlevant g tokens can aggregate infor-
mation from the tokens in Televantang Trelevant

q = Tnelevant with the original tokens, yielding spatially reweighted tokens
- I'x , .
k=v=I[T irrelevant, Trelevan] =X i 5 TSpatlaF

=v =T y Ix = , (5) Tspatial= T At spatial (8)
grelevant _ - imrelevant |\ A(qp: K; V) Next, the average and maximum value§ gfasia are com-

puted along th®-dimensionto obtain theT [, 2 R*P and

3. For categoryT ®¥a ts tokens can aggregate informa- Tl 2 RYP . Then, another Token Attention is applied by:

tion from all tokens: S
Att 1oken = CcOnvs  Concat T,y Tmax 9)

q= T relevant
X ]
o irrelevant —relevant _ 1. 1. whereconwy denotes a padded 7 convolution layer
k=v=[T:Tx T =1ZiXE (6 used to reduce dimensionality. FinalBttiken is element-
Toelevant_ T relevant, MHA(Q; k; V) wise multiplied with the original input to produce a token
sequence reweighted by Token Attention:
Algorithm 1 provides the pseudocode of the attention in- T
teractions process among the token categories. Crucially,
interactions betweef, andT."®vantgre explicitly blocked So far, we have obtainell as the token after the Spatial
to suppress background noise, while still allowing searchAttention and Token Attention operations. Taking TIR as
tokens in bothT [elevantand T irelevantis exchange information the modality being prompted as an example, the output of
to obtain a more accurate object localization by learning the the MSP is as follows:
relationships between target-background search tokens. MSP = MSA(T ree) + T 1ig + MSP' (11)

=T Att token (20)

Multimodal Synergistic Prompter. Building upon the WhereTggg and T represent thd  obtained in Eq. 10,

b : - . MSP ! s the output of the previous layemfgSP. Wheni=1
CTC, we explicitly model intra-modality ne-grained target . g . .
representations to achieve more accurate target discriminag\an ||gno:_e this |an:_m/|§A() refers to the Modality Spatial
tion. On this basis, to enable effective inter-modality rep- mpli cation operation:

resentation learning, we further introduce the MSP. Specif- MSA(T ) = SmoothSoftmax(; T ) 12)
ically, each token category de ned in the CTC is assigned
a dedicated MSPMSP,, MSPEevant gnd MspIrelevant - Ag whereSmoothSoftmaxefers to a -smoothed softmax function,

shown in Fig.3 (a), the input tokefsare rstly performed and is setto 0.1, with a detailed analysis of its selection provided
with average pooling and max pooling along tlimension in the Sec. 5.3.4.



Method Pub Parameters LaSHeR RGBT234 RGBT210  Speed
M PR|NPR| SR | PR| SR | PR | SR | FPS
MFGNet [25] TMM 2022 2435 - - - | 75.8| 51.5| 74.9| 46.7 | 10.75
APFNet [27] AAAI 2022 1773 | 50.0| 43.9 | 36.2 | 82.7 | 57.9| - - 1.3
ProTrack [29] ACM MM 2022 - 538 | - |420|786|587| 798|599 -
DMCNet [17] TNNLS 2022 - 49.0 | 43.1| 355 83.9| 59.3| 79.7| 555 | 2.3
DFAT [22] Inf fus 2023 1736 | 44.6 | 40.0 | 336 | 75.8 | 55.2 | 745 | 52.8 | 22
CMD [33] CVPR 2023 19.9 59.0 | 54.6 | 46.4 | 82.4 | 584 | - - 30
ViPT [38] CVPR 2023 0.84 65.1 | 61.7 | 525 | 835| 61.7 | - -
TBSI [10] CVPR 2023 307 69.2 | 65.7 | 55.6 | 87.1 | 63.7 36.2
CAT++ [15] TIP 2024 - 50.9 | 44.4 | 35.6 | 84.0 | 59.2 | 82.2| 56.1| 14
BAT [3] AAAI 2024 66.0 86.8 | 64.1 | 84.8 | 62.2| 35
TransAM [34] TCSVT 2024 - 66.0 | 55.9 | 87.7 - - -
STMT [19] TCSVT 2024 - 67.4 | 63.4 | 53.7| 86.5| 63.8| 83.0 | 59.5
OneTracker [8] CVPR 2024 672| - |538|857|642| - - -
Un-Track [26] CVPR 2024 98.73 | 66.7 | 63.3 | 53.6 | 84.2 | 62.5| 81.3 | 56.1 | 335
SDSTrack [9] CVPR 2024 298.8 | 66.5| 63.1 | 53.1 | 84.8 | 62.5| 80.2 | 55.3 | 20.8
GMMT [23] AAAI 2024 206.7 647 | - - | 106
MFATrack [28] PR 2025 2.9 633| - |498|817|575| - - 25
FFE-BMFF [31] | Neurocomputing 2025  29.82 70.0 56.0 | 85.1| 62.8 | 81.1| 56.0 61
IPL [16] IJCV 2025 183.6 | 69.4 | 65.6 | 55.3 28
PMPTrack (Ours)| CVM 2026 | 1686 | 72.1| 683 | 57.8| 89.0| 65.8| 87.7| 64.2| 31

Table 1: Comparison with state-of-the-art methods on LasHeR, RGBT234 and RGBT210. Red: best results. : second-best.

third-best.

4.3. Feature-Level Promotion 4.4, Prediction and Loss

Following the ne-grained modeling in the TLP, we progres- We adopt the prediction head of OSTra&Kk[directly as our
sively transition to the FLP for coarse-grained enhancement, which prediction head, with detailed information available in OSTrack.
integrates the CGEM module to focus on deep-layer feature repreThe loss function is formulated as follows:
sentation re nement.

L=L ast+ iouliou+t

P (14)

Cross-modality Guided Enhancement Module. The  \here L 4 refers to the weighted focal loss for training the clas-
CGEM aims to inCOprfate auxiliary feature-level cues from the si cation branch’Liou is used to Optimize the over|ap between
complementary modality in a cross-modal manner, enhancing thepredicted and ground truth bounding boxes, Bads a measure of
representational capacity of the current main modality. As shown the average absolute difference between predicted values and true

in Fig. 3 (b), we rst hypothesize that the RGB as the main values. j,, = 2and ., =5 are two trade-off parameters.
modality (R-GEM), the input feature maps 2 R°¢""  and

Fe 2RP°"™  are reshaped from the tokens in the TLP stage. 5. Experiment
We rstuseal 1 convolution layelCB() and a linear projection . . ) ]
operationv() to extract features and reduce the number of chan-5.1. Experiment Setting and Implementation Details

b % N b SN
nels to half of the original, i.eF 2 R andF?2R” =" . LasHeR. LasHeR12]is a large-scale RGB-T tracking bench-
Next, the RGB feature goes through a series of procedures to obtainy, 5k with 1,224 pairs of aligned RGB-T video frames (730K
the nally enhanced feature may frepresented as: frames). It includes manually annotated bounding boxes, covering
oF 9 diverse object categories, camera perspectives, and environmental
t

factors such as season, weather, and day-night variations.
where,p() denotes the dimensional transformation operation
(Rb % hw IR bN %), S() denotes théoﬁmaxopera’[ion RGBT?234. RGBT2341.1] dataset contains 234 RGB-T video
,andCBY() andv®() are the inverse operations 68( ) andv(). pairs (234K frames), with the longest sequence having 8K frames,
To avoid introducing noise or interfering, we include a residual Suitable for long-term tracking. The dataset is annotated with 12
connection to preserve the feature integrity of the current modality. ttributes, which enable ne-grained analysis of tracking perfor-
By usingF; as the main guiding modality arfel as the auxiliary ~ Mance under various conditions.
modality, the coarse-grained complementary information flem
is utilized to enhanc€; . Similarly, the TIR-Guided enhancement RGBT210. RGBT210 3] dataset contains 210 RGB-T video
feature 5 can be expressed using the same principle as Eqg. 13. pairs, offering a valuable resource for RGB-T object tracking. Its

f5=CcB° V' S p(FY) F ? +F, (13)



Variants CTC MSP CGEM LasHeR RGBT234 RGBT210 Layers LasHeR

PR NPR SR PR SR PR SR 4 7 10 PR NPR SR
Baseline 530 50.1 430 786 59.1 758 553 530 50.1 43.0
1 X 66.1 640 547 849 637 841 619 X 69.0 658 53.7
2 X 655 632 541 844 63.6 835 612 X 655 632 514
3 X X X X
4 X X X X
5 X X X 721 683 57.8 89.0 658 877 642 X X X 721 683 578
(a) Ablation of the proposed components. (b) Ablation of inserting layers.

Attribute | DAFNet | MANet | APFNet | TBSI | PMPTrack(Ours)

NO | 90.0/63.6| 88.7/64.6 / / 96.8/73.3
PO /°0.5| 81.6/56.6| 85.0/58.7| 88.7/ 90.1/64.9 Variants LasHeR
HO 68.6/45.9| 68.9/46.5 / / 82.0/59.2 PR NPR SR
LI 81.2/54.2| 76.9/51.3 ! / 91.8/65.5 Baseline 53.0 50.1 43.0
LR 81.8/53.8| 75.7/51.5 / / 86.8/61.7 T, 68.3 64.1 537
TC 81.1/ 75.4/54.3 /57.3 / 87.6/65.7 T jmelevant 67.6 64.3 534
DEF 74.3/51.6| 74.1/52.4 / / 84.8/63.9 T jelevant 67.2 633 527
FM 74.0/46.5| 69.4/44.9 / 81.4/58.7 / T, +T elevant
SV 79.1/54.4| 77.7/54.2 / 89.9/66.8 / T, +T relevant 69.6 654 56.1
MB 70.8/50.0| 72.6/51.6 ! / 91.6/66.3 T jelevanty T felevant
CM 72.3/50.6| 71.9/50.8 / / 91.4/66.8 T, +Tjelevanyimelevant 75 1 68,3 57.8
BC | 79.1/49.3| 73.9/48.6 / / 85.6/58.9 - - -
ALL | 79.6/54.4 77.7/53.9| 27 7 / 89.0/65.8 (d) Ablation of token interaction
(c) Attribute-based Tracking Results (PR/SR) on RGBT234.Strategles In CTC.
Table 2: Ablation and Explorations on various datasets. Red: best results. : second-best. : third-best.

large scale, comprehensive annotations, and diverse attributes make
it ideal for testing tracking algorithms under challenging conditions.

Following the evaluation standards adopted by most current
RGB-T trackers 10, 23], for RGBT234 and RGBT210, we use
Success Rate (SR) and Precision Rate (PR) as evaluation metrics.
For the LasHeR, we extend the evaluation framework by adding an
extra Normalized Precision Rate (NPR).

Implementation Details. Our PMPTrack is implemented on
Python 3.8 and PyTorch 1.9.0. We train our model on four NVIDIA
RTX 3090 GPUs with a batch size of 16 over 30 epochs on the
LasHeR training set. Each epoch consists of 60k samples, with
template and search region sizes set to 128x128 and 256x256,
respectively. AdamW is used as the optimizer with a weight decay Figure 4: Comparison of PR and SR scores of the PMPTrack and
of 1e-4, and the learning rate is 1e-4, decaying by a factor of 10 other competing trackers under 19 attributes in the LasHeR dataset.
after 10 epochs. Referring to TBSI(], we use the pre-trained ViT
weights from the SOT dataset.
with PR of 72.1%, NPR of 68.3%, and SR of 57.8%, improves over
5.2. Comparison with the State-of-the-Arts existing methods by 1.4%, 1.3% and 1.2%, respectively.

Evaluation on LasHeR Dataset. LasHeR is considered more To comprehensively analyze the robustness of our proposed
challenging than the RGBT210 and RGBT234 due to its inclu- PMPTrack, we compare its performance with previous methods
sion of more extreme characteristics and attributes, making sig-on various challenge attributes on the LasHeR dataset, as shown
ni cant performance gaps in previous methods. When evaluating in Fig. 4. Our PMPTrack achieves state-of-the-art performance
on this dataset, state-of-the-art methods such as1B8.GMMT in the majority of attributes. Speci cally, in sequences like PO
[23], MFATrack [28], and BAT [3] fail to deliver satisfactory re-  (Partial Occlusion), HO (Hyaline Occlusion), MB (Motion Blur),
sults. In Tab.1, we report the performance, model size and in-and HI (High lllumination), our method achieves the best results,
ference speed on the LasHeR dataset. It can be observed thahdicating its effectiveness in accurately tracking targets even when
GMMT [23] achieves the previous state-of-the-art performance they are partially or entirely occluded. Notably, it shows a precision
with PR and NPR of 70.7%/67.0%, and SR of 56.6%. However, improvement of 10.1% and a success improvement of 6.2% in Hi
our PMPTrack achieves even greater performance improvementsHigh lllumination).
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