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ABSTRACT

This paper tackles the critical issue of constructing multi-modal trackers by effec-
tively adapting the extensive knowledge of pre-trained RGB trackers to auxiliary
modalities. To address the challenges, we propose a novel modality sensitivity-
aware tuning framework, namely MST, which delicately models the learning pro-
cess via adaptive tuning of model weights by inherent modality characteristics.
Specifically, we first investigate the parameter modality-sensitivity as a crite-
rion for measuring a precise element-wise essentiality for multi-modal adapta-
tion. Then, in the tuning phase, we further leverage such sensitivity to bolster the
stability and coherence of multi-modal representations, thereby enhancing gener-
alization capabilities. Extensive experiments showcase the effectiveness of the
proposed method, surpassing current state-of-the-art techniques across various
multi-modal tracking scenarios and demonstrating remarkable performance even
in extreme conditions. The source code will be publicly available.

1 INTRODUCTION

Object tracking, a foundation task of visual perception, has seen significant advancements over the
past decades (Hong et al., 2024; Xie et al., 2024; Zheng et al., 2024; Cai et al., 2024). Despite the
promising results, RGB-based trackers often struggle with some complex and degraded conditions,
such as extreme illumination, motion blur, and occlusions. Therefore, multi-modal tracking with
more comprehensive information (e.g., event, depth, thermal) has garnered growing interest. With
the popularity of the data-driven methods in the object tracking community, both data scale and
model size have got huge explosions (Ye et al., 2022; Lin et al., 2022; Chen et al., 2023). There
is a prevailing paradigm that explores pre-trained trackers on large-scale RGB-based datasets and
adapts them to diverse auxiliary modalities, a process known as cross-modal fine-tuning or transfer
learning, to enhance performance and accelerate convergence.

Some existing approaches follow the full fine-
tuning (FFT) paradigm (Tang et al., 2022; Wang
et al., 2023; Zhu et al., 2023c), where the mod-
els are initialized with pretrained weights and are
tuned by elaborately designed task-specific ob-
jectives. This type of method investigates cross-
modal alignment to enhance the connection among
modalities and obtain compact multi-modal repre-
sentations. Nevertheless, due to the significant dis-
tribution gap and limited scale of auxiliary modal-
ities, they are intractable to retain the pre—t.rained PEFT methods. Our method effectively mitigates
knowledgf? in the tr e.lnsfer phase an@ tend to induce e ill-fitting problem, and enhances the stability and
catastrophic forgetting and over-fitting. In contrast  generalization of the multi-modal tracker.

to full fine-tuning, recent research has shifted to-

ward parameter efficient fine-tuning (PEFT) (Jia et al., 2022; Chen et al., 2022; Lian et al., 2022).
The core principle of PEFT is to keep the majority of pre-trained parameters frozen, updating or
introducing only a small fraction of task-specific parameters to preserve pretrained prior knowledge.
Several methods fall under this umbrella (Yang et al., 2022; Zhu et al., 2023a; Hou et al., 2024),
including prompt tuning, visual adapter, etc., aiming at directly shifting and scaling to modulate the
pre-trained patterns. Prompt tuning adapts the features of pre-trained vision transformers by intro-
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ducing trainable auxiliary-modal tokens into one or more attention layers. Visual adapters insert
some lightweight, nonlinear adapters to adjust for cross-modal distribution shifts. While effective
and powerful, PEFT methods impose strong constraints on the primary model weight, resulting in a
limited capacity for handling the vast distribution drift caused by different modalities.

This work seeks to refine the fine-tuning process to mitigate the ill-fitting issue (over- or under-
fitting) for cross-modal tracking. To this end, we propose a modality sensitivity-aware framework
that minimizes empirical risk while modulating parameter updates, thereby smoothing the adap-
tation process to jointly optimize both modal-specific and modal-agnostic general representations.
Specifically, we optimize the learning dynamics of cross-modal trackers from the following two
key perspectives. (a) Modeling Parameter-wise Modality Sensitivity. To learn robust representation
from multi-modal data, we first leverage the training objective as a criterion to reflect the influence
of parameters’ variations, facing the multi-modal data, which is so-called multi-modal sensitivity.
Moreover, we approximate such multi-modal sensitivity via the off-the-shelf gradient matrix from
the training process. (b) Modality Sensitivity-Aware Adaptive Tuning. With the aforementioned
modality sensitivity, we then construct an adaptive tuning scheme. It preserves the prior knowledge
from pretrained model via adaptively adjusting the learning step according to the precise modality
sensitivity. By incorporating such a modality sensitivity-aware regularization of parameter learning
dynamics, our approach effectively preserves pre-trained knowledge and facilitates seamless trans-
fer to multi-modal tracking tasks, which can continuously enhance the model in the training phase
(please refer to Fig. 1).

Our method strategically guides the cross-modal fine-tuning process to optimize downstream tasks
while preserving the generalization capacity of the pre-trained model. Extensive experimental re-
sults showcase our method achieves new state-of-the-art results on all benchmarks. Comprehensive
ablation studies demonstrate the effectiveness of the self-regularized fine-tuning concept.

In summary, the main contributions of this paper are:

» we revisit the ill-fitting issue of cross-modal tracking for adapting foundational models and
propose a self-regularized fine-tuning framework to indicate better generalization, which is
in contrast to the existing FFT and PEFT methods;

* we propose to exploit the parameter modality sensitivity to regularize the parameter updat-
ing and suggest a self-ensemble weight strategy over iterations to enhance the stability and
consistency of multi-modal representations, thereby facilitating the generalization; and

» we conduct comprehensive experiments covering three multi-modal tracking tasks and five
datasets and push cross-modal tracking accuracy to new levels.

2 RELATED WORK

Multi-Modal Tracking. Object tracking is one of the cornerstone tasks in computer vision, involv-
ing predicting the position and scale of an object in subsequent frames given an arbitrary object in
the initial frame. In recent years, due to the unreliability of RGB-only data in challenging scenar-
ios, increasing studies are expected to integrate auxiliary modalities (e.g., event, depth, thermal) to
enhance tracking performance. For example, (Zhang et al., 2021a; 2023; 2024a) combine RGB and
event streams to predict objects in low-dynamic scenarios. (Mueller et al., 2017; Liu et al., 2018;
Qian et al., 2021) incorporate additional depth maps for tracking in occlusion environments. Simi-
larly, (Wang et al., 2020; Zhang et al., 2021b; Hui et al., 2023) fuse thermal infrared data to obtain
reliable appearance and motion cues. In summary, these delicate and impressive methods focus on
effective feature interaction and fusion across multiple modalities (Tang et al., 2022; Zhang et al.,
2023; Wang et al., 2023; Zhang et al., 2024a). With the emergence of large-scale datasets and univer-
sal backbones (e.g., vision transformer), pre-trained trackers (Ye et al., 2022; Wu et al., 2023) have
demonstrated remarkable generalization capabilities. As a result, there is a growing tendency to
explore pre-trained models in multiple auxiliary modalities to further enhance performance. In this
work, we focus on optimizing the use of pre-trained knowledge for efficient cross-modal transfer.

Cross-modal Transfer Learning. To facilitate training multi-modal trackers with the pre-trained
ones, two primary types of efforts have recently been made. Some works follow the full fine-tuning
(FFT) paradigm (Tang et al., 2022; Wang et al., 2023; Zhu et al., 2023c), which draw upon the
pre-trained models for initialization and update it by elaborately designing cross-modal alignment
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objectives. These methods desire a shared/compact feature space to inherit the generalization capa-
bility of the original model, by aligning auxiliary modal with RGB. Although effective, one primary
drawback may be innate to this paradigm: the overfitting is significant due to the contradiction be-
tween the paucity of large-scale auxiliary datasets and the huge appetites of the cross-modal transfer
process. Profited by the affluent experience of natural language processing (NLP) and computer
vision (CV) communities (e.g., prompt tuning (Jia et al., 2022), visual adapter (Chen et al., 2022),
and LoRA (Hu et al., 2021), etc), some parameter efficient fine-tuning (PEFT) methods (Yang et al.,
2022; Zhu et al., 2023a; Cao et al., 2024; Hou et al., 2024) have been proposed. These techniques
involve tuning only a minimal number of additional parameters for downstream tasks while keeping
the pre-trained weights frozen. For instance, ViPT modulates the RGB features by introducing train-
able auxiliary-modal tokens into multiple attention layers. SDSTrack inserts a lightweight module
with a bottleneck architecture between attention layers to address cross-modal distribution shifts.
Despite their effectiveness, these modulated models tend to overfit since the additional parameters
are optimized from scratch with respect to the modal-specific objective. Furthermore, these PEFT
methods impose strong constraints on the pre-trained weights, often incurring insufficient transfer
learning. Thus, how to efficiently fine-tune the RGB-based pre-trained models for target modalities
remains a major challenge.

3 PROPOSED METHOD

Learning robust and effective multi-modal latent representations is crucial for adapting RGB-based
neural models to multi-modal tasks. To fully boost the capabilities of multi-modal object tracking,
we re-examine the fundamentals of multi-modal adaptation and object tracking. For clarity, we first
illustrate the architectural designs, which mainly consist of cascaded self-attention layers in Sec. 3.1.
We then investigate to quantify the crucial modality sensitivity in Sec. 3.2. Finally, in Sec. 3.3, such
sensitivity is designed to integrate into the tuning phase of multi-modal tracking, which dynamically
panels the parameter-wise updation with an accumulated scheme.

3.1 OVERVIEW OF NETWORK ARCHITECTURE

[] RGB tokens [ Auxiliary tokens Fig. 2 depicts the overall architecture of our method. The
@ Frozenparameters @) Tuned parameters RGB and auxiliary inputs are first fed to the embedding layer
C self-regularization @ Summation to generate the corresponding tokens. Then the symmetric
(&  BoxHead transformer backbones (ViT) are used for feature extraction
/_,éR and interaction. Without involving customized multi-modal

Y Fusion Stage 4 C fusion modules, we reuse part of the ViT blocks to implement
T multi-stage fusion among multi-modal tokens. To retain the
it B"f& /_ﬂg'“}_‘ & modal-agnostic object association knowledge, we utilize and
Fusion Stage 1 C freeze the pre-trained box head. Last, we take the fusion fea-

1 o e tures as the input for the head. In contrast to existing full
fine-tuning and the parameter-efficient fine-tuning paradigms,

T Block C ) VT Rock € which usually result in over-fitting and under-fitting, respec-
Embedding C % Embedding C  tively, we seek to refine the fine-tuning process to address the
L Ea o issue of ill-fitting. To this end, we propose a self-regularizing
template  search template  search  method that guides the training process to efficiently transfer
RGB Auxiliary the generalization of RGB-based pre-trained trackers to auxil-
Figure 2: Overview of Architecture. ~ iary modalities and fuses multi-modal features effectively.
Denote by fp(-) a multi-modal tracker, where 8 = {0;,--- ,0y} the corresponding parame-
ters of the multi-modal tracker with a total number of N parameter. Consider a training set
D = {(z;,y:)]i=1,---, M} with M total samples, where x; is a multi-modal data pair, and

1; 1s the corresponding bounding-box label. Multi-modal tracking aims to learn a well-generalized
model by fine-tuning the 6. The vanilla fine-tuning strategy first applies the pre-trained parameter
to initialize it and update it based on the objective:

60+ =9 —aVyu £ (605D) st 0O =6, M

where £(+) is the loss function, « is the learning rate, ¢ indicates the iteration step, and @ represents
weights of the pre-trained neural network.
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3.2 MODELING MODALITY SENSITIVITY FOR MULTI-MODAL TRACKING

To learn a robust and effective multi-modal tracker from pre-trained weights, the critical issue lies in
the correct modeling of gradient descent direction. Moreover, by assuming that a robust and effective
neural network should equivalently and effectively leverage all parameters, in this section, we first
investigate the parameter sensitivity for the multi-modal task, which quantifies the contributions of
each parameter for neural network performance.

To measure the algorithm’s performance, we utilize the value of learning objectives, which is easily
derived. Thus, the influence of parameters’ variations can be quantified by the following general
formulation,

Se(e) = L(0:D)— L (0D |6 =0+¢), 2)

where £(-) : R® — R! indicates the inference process, which maps the network weights with
training samples to the value of training objective; 8 € R”™ indicates the weights of pretrained
model; 6’ represents the corresponding weights of @ perturbed by a small noise € € R"™; and
S(-) : R™ — R! represents the neural network sensitive function, which shows the variations of
neural network performance given the parameter perturbation. Through expanding £ (6’; D) as the

Taylor series over 6 and omitting the high-order terms, we can derive S(e) ~ g§ el

As the aforementioned, an effective method should ensure that the network does not focus on specific
parameters, and different perturbations should result in similar responses. We then start to find an
optimal weight 8* by

0" = arg min [|Se(€) — So (), , @)

€,e'~P,

where € and € are two different noise samples from the same distribution P,,. Moreover, under the
assumption that the total energy of gradient matrix is fixed, i.e., || g—g |l2 = C (C denotes a scalar
constant) we can easily derive a closed- form solution of equation 3, that all elements from gradient
Vector & have the same magnitude, i.e., de = if n=1,---,N.

We bring the general formulation of equation 2 to the dynamic learning process of equation 1. Here,
we adjust the parameter 6 via the gradient VoL (0 D) instead of previously mentioned €. Thus, we

can easily derive S(Vg L (0; D)) = 89 L [VoL (6;D)] gg, g—s>, where (-, -) indicates the inner
product of two vectors. Note that aforementioned sensrtrvrty S(VoL (0;D)) is designed for analysis
the adjustment for all the parameters in 8. To delicately investigate and regularize the gradient, we

further extend aforementioned sensitivity into a parameter-wise formulation as s,, = aaTﬁ , where

s,, denote the sensitivity of the n*" parameter.

Based on the above analysis, we can summarize that for a robust and effective multi-modal tracker,
the gradient matrix should be uniformly distributed. It indicates neural networks equivalently lever-
age different parameters. To utilize such characteristics to boost the training of cross-modal trackers,
we illustrate the method that integrates the parameter-wise sensitivity s,, into the learning process
of cross-modal trackers in the next section.

3.3 MODALITY SENSITIVITY-AWARE TUNING OF MULTI-MODAL TRACKERS

We regularize the learning process by previously discussed modality-sensitivity to derive modality-
robust trackers. However, the established formulations are based on the gradient from the whole
dataset, i.e., gradient descent with full dataset D. It makes a naive implementation to be computa-
tionally expansive and even intractable. Thus, in this section, we further explore the temporal cor-
relation of the learning dynamics to naturally combine the sensitivity-aware tuning into the learning
process of multi-modal trackers.

"Both terms Vo £ (6; D) and represent the same meaning of gradients from the loss function £ on the
parameter 6. However, they are 1ntr0duced for different utilization, i.e., Vo £ (0; D) for network optimization
and 55 for sensitivity analysis.
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- - — Since the full-dataset gradient is an expectation over
Algorithm 1: Modality Sensitivity- D we establish a memory-capable gradient to further

aware Tuning adapt the introduced modality sensitivity tuning strat-
Input: Pre-trained model 60, egy. Specifically, we deploy a momentum-driven gra-
initialized momentum p(O), dient to modulate the parameter update, where the sen-
training set D sitivity serves as the momentum coefficient. Formally,
Output: Optimal parameters 6* we compute the gradient w.r.t. GO := 9L (8; M) /06
forie {1,...,K}do and the sensitivity s, where the i-th iteration of pa-

Get the ¢-th batch data M; from D5 rameter update is illustrated:

Compute loss £ and gradients G (*); ) . . ) )
Update sensitivity by P =8Vop?+(1-8")0c" @

SO =p <£%, %% oGt —_ (i) _ ap(iJrl)’ (5)

Momentum update by Eq. (4); . ,
Parameter update via Eq. (5); where M, represents a mini-batch, p(l) denotes the mo-

end mentum gradient with our modality sensitivity (p(®) =
0), S indicates the previously mentioned sensitivity,
shown in Algorithm 1 with /3 for a re-scaling factor, ® for Hadamard product, and « is the learning
rate. To adapt to the momentum updates (Sutskever et al., 2013), we rank the sensitivity metrics and
apply a linear mapping to a continuous range [a, b], as the subset of [0, 1]. (Please refer to Sec 4.3
for more analysis). The momentum update in Eq. (4) suggests that more sensitive parameters
should retain their previous states to a greater extent, to avoid oscillations or over-adjustments. This
manner allows € to evolve more smoothly than its vanilla counterpart. As a result, the tracker for
the different samples is kept as consistent as possible despite its evolution.

Remark. As analyzed, most gradient-aware sensitivity methods, such as (Zhang et al., 2024b; He
et al., 2023; Fu et al., 2023), select the most sensitive parameters for sparse fine-tuning. In con-
trast, our method prioritizes penalizing these sensitive parameters. Furthermore, we avoid masking
to forcefully restrict the parameter solution space. For temporal-aware weight aggregation, some
methods ensemble pre-trained or cross-epoch weights (Wortsman et al., 2022; Khattak et al., 2023).
Instead, our approach applies iteration-level parameter modulation. We also discuss these potentially
viable tuning methods in the Appendix A.3.

3.4 LEARNING OBJECTIVES

The overall loss function of ours is the same as the foundation model without extra adjusting, shown
as:

L= Ecls + >\iou £iou + )\ll £17 (6)
where L5 is the weighted focal loss for classification, {; loss £1 and GIoU loss L;,,, are employed
for bounding box regression, \;,, = 2 and \;; = 5 are the regularization factors, and all the

corresponding settings are the same as (Ye et al., 2022).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Datasets and Metrics. To verify the effectiveness and generalization of the proposed method,
we conduct comprehensive experiments on multiple multi-modal benchmark datasets. Our tracker
is evaluated on FE108 (Zhang et al., 2021a), VisEvent (Wang et al., 2023) and CoeSot (Tang
et al., 2022) for RGB-Event tracking, DepthTrack (Yan et al., 2021b) for RGB-Depth tracking,
and LasHeR (Li et al., 2020) for RGB-Thermal tracking. For object tracking, we utilize four widely
used metrics for comparisons, i.e., representative success rate (SR), representative precision rate
(PR), and overlap precision (OP) with the threshold equal to 0.5 (OPq 5) and 0.75 (OPg 75).

Pre-trained Models and Baselines. In this paper, we choose two classic one-stream RGB-based
trackers, e.g., OSTrack (Ye et al., 2022) and DropTrack (Wu et al., 2023), as the pre-trained models.
Notably, these two trackers adopt the ViT-B/16 (Dosovitskiy et al., 2020) as the backbone. Corre-
sponding to the pre-trained settings, we present two variants with different input resolution: OSTrack
(Template: 128x 128, Search: 256 x256); DropTrack (Template: 192x192, Search: 384x384). To
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Figure 3: Visualization of the precision and success plots of the CoeSot, DepthTrack, and LasHeR
datasets. We also refer readers to the Appendix A.3 for more comprehensive evaluations. Zoom in
to see details.
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Figure 4: Visual comparisons of the tracking performance of different methods on the (Left) CoeSot,
(Middle) DepthTrack and (Right) LasHeR datasets.

objectively and sufficiently validate the effectiveness of our method, we conduct the following exper-
iments. First, we construct several top-notch RGB-based trackers as single-modal baselines, which
follow the full fine-tuning fashion. Then, we compare our method with a variety of cross-modal
transfer protocols, including the full fine-tuning and the parameter-efficient fine-tuning paradigms.
Moreover, we extend the current state-of-the-art trackers to their DropTrack versions. Notably, the
methods with pre-trained OSTrack and DropTrack are compared separately.

Training Details. We follow the data processing of SDSTrack (Hou et al., 2024) in all the datasets.
The models are trained on 8§ NVIDIA 3090Ti GPUs with a batch size of 192 and 30 epochs. Each
epoch involves sampling 80k samples. We utilize the AdamW optimizer with a learning rate set to
1 x 10~* and a weight decay set to 10~%.

4.2 COMPARISON WITH STATE-OF-THE-ART METHODS

Extensive comparative analyses are presented in Tab. 1 and Tab. 2, where our method demonstrates
excellent performance on all multi-modal benchmarks after applying the proposed techniques dur-
ing training. The corresponding precision and success plots are shown in Fig. 3. Evidently, we can
observe that both the RGB-only and the cross-modal strategies are becoming increasingly profitable
with pre-trained models. In particular, cross-modal approaches exhibit substantial performance
gains, highlighting the complementarity between RGB and auxiliary data under complex condi-
tions. Importantly, the notable improvement of our method suggests the significance and necessity
of pursuing suitable cross-domain generalization methods for multi-modal object tracking.

Results on RGB-Event. As illustrated in Tab. 1, our method surpasses all state-of-the-art trackers
across all RGB-Event datasets, achieving the highest precision of 96.0%, 78.1% and 81.1% on
the FE108, VisEvent, and CoeSot datasets, respectively. Notably, on FE108, our method exceeds
the previous top results by a large extent: 3.1% in SR, 4.7% in OPg 5, 4.9% in OPq 75, and 2.6%
in PR. Fine-tuning approaches such as CEUTrack fall short in limited improvement, highlighting
the potential drawbacks when pre-trained models are not appropriately constrained during training.
Contrarily, parameter efficient fine-tuning paradigms like ViPT and SDSTrack attain remarkably
competitive results, particularly on VisEvent and CoeSot with image dependence. However, these
methods encounter performance bottlenecks on FE108, which relies on event data and includes
extensive low-light scenes, likely due to architectural modifications that adversely affect the cross-
modal transfer potentiality.
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Table 1: Quantitative comparison on the three RGB-Event dataset (FE108, VisEvent and CoeSot).
For all metrics, the larger, the better. The best results are marked with “bold”, and the second best
results are marked with “underline”. “1” indicates our implementation.

FE108 VisEvent CoeSot
Meth Base Model
ethod ase Model o 3p, 5 OPy 75 PR SR OPy s OPy s PR SR OPys OPors PR

Image-based Methods (Only-RGB)

DiMP (Bhat et al., 2019) ICCV’19 ResNet 485 60.2 223 72.6 503 604 422 663 57.6 669 489 65.6
PrDiMP (Danelljan et al., 2020) CVPR’20  ResNet  47.5 579 20.6 725 46.8 56.1 39.1 60.7 548 624 458 594
TransT (Chen et al., 2021) CVPR’21 ResNet 479 575 21.6 728 451 539 389 586 59.1 684 558 678
Stark-S (Yan et al., 2021a) ICCV’21 ResNet 50.6 61.0 239 76.0 41.3 488 345 53.7 557 639 505 629
ToMP (Mayer et al., 2022) CVPR’22 ResNet 50.1 612 21.8 76.1 383 457 313 504 579 68.1 51.6 66.2
OSTrack (Ye et al., 2022) ECCV’22 OSTrack 48.5 59.8 263 70.7 559 66.4 527 695 643 732 644 733
DropTrack (Wu et al., 2023) CVPR’23  DropTrack 52.0 65.1 29.7 749 57.1 68.1 541 713 66.1 753 662 755

Cross-modal Transfer Learning

FENet (Zhang et al., 2021a) ICCV’21 DiMP  61.6 787 347 910 513 61.6 422 679 578 683 555 69.8
AFNet (Zhang et al., 2023) CVPR’23 DiMP 615 803 31.1 909 51.1 613 425 675 59.6 69.7 543 69.6
CEUTrack (Tang et al., 2022) - OSTrack 55.6 73.2 304 845562 668 532 699 619 724 613 728

ProTrack (Yang et al., 2022) MM’22  OSTrack 58.0 74.6 300 84.5 57.1 67.6 532 71.6 66.1 746 663 749
ViPT (Zhu et al., 2023a) CVPR’23 OSTrack 649 842 399 924 595 705 57.6 738 67.7 768 685 77.0
SDSTrack (Hou et al., 2024) CVPR’24  OSTrack 600 77.1 344 86.1 59.8 71.0 579 742 678 77.0 68.5 71.3
ViPT (Zhu et al., 2023a) CVPR'23  DropTrack 65.1 840 417 919 604 72.1 575 750 685 772 687 718
SDSTrack (Hou et al., 2024) CVPR’24  DropTrack 65.6 84.5 422 934 61.5 734 59.1 764 689 78.1 694 78.6

Ours’ OSTrack 674 87.1 442 955 62.1 738 61.0 765 69.9 79.0 712 79.2
Improvement OSTrack +2.5 +2.9 +43 +3.1 +2.3 +28 +3.1 +23 +2.1 +2.0 +2.7 +1.9
Ours' DropTrack 68.7 89.2 47.1 96.0 63.2 754 614 78.1 71.3 809 724 811
Improvement DropTrack +3.1 +4.7 +4.9 +2.6 +1.7 +2.0 +23 +1.7 +24 +2.8 +3.0 +2.5

Results on RGB-Depth. As shown in the left of Tab. 2, our method outperforms all previous
state-of-the-art trackers on the DepthTrack, obtaining the top performance of 75.2% and 62.7% in
precision and success, significantly exceeding prior best results. Using the pre-trained OSTrack, our
method yields substantial improvements: 3.6% in SR, 4.0% in OPy 5, 4.8% in OPy. 75, and 4.0% in
PR. Similarly, based on the pre-trained DropTrack, our method shows significant gains: 3.2% in SR,
33% in OP0,5, 58% in OP0_75, and 39% in PR.

Results on RGB-Thermal. As Success Rate Precision Rate

High llumination  Low lllumination High llumination  Low llumination
(64 (81 65.2)

listed in right of Tab. 2, our method
surpasses all previous state-of-the- g e
art trackers on the LasHeR, achiev-

ing the new state-of-the-art perfor-
mance of 73.0% and 58.8% in pre- "
cision and success, which exceeds
the SDSTrack by a significant mar-
gin, ie., 4.1% in SR, 4.9% in
OP0'5, 48% in OP0'75, and 45%

in PR. Importantly, our method B OureOShack M SOSTack.OSTeck  mm VIPTOSTack i APrNer o DrowTack
further unleashes the potential of
the pre-training model with more
knowledge (i.e., DropTrack), and yields a greater performance gain. We reason such an effect may
result from promoting thoroughly cross-modal transfer learning.

Motiom st amard Motion Motior s amera Motion
(53.3) (51.7) (66.3) (65.3)

Figure 5: Attribute analysis on LasHeR.

More Comparisons and Analyses. In addition, we perform analysis of various challenging at-
tributes, such as illumination variation, motion blur, out-of-view, etc. As shown in Fig. 5, it can be
seen that we also achieve the best tracking performance in these extreme scenarios. For example,
the proposed regularization achieves 7.2% precision and 5.3% success improvements under the low
illumination attribute. We also refer readers to Appendix A.2 for a more detailed attribute analysis.

4.3 ABLATION STUDY AND ANALYSIS

Effectiveness of Proposed Components. We conduct comprehensive experiments to better under-
stand the relationship and effectiveness of the two proposed regularization techniques across three
multi-modal tracking tasks, as shown in Tab 3. To verify the necessity of fine-tuning the pre-trained
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Table 2: Quantitative comparison on the two reflective RGB-Depth and RGB-Thermal datasets
(DepthTrack and LasHeR). The best results are marked with ‘“bold”, and the second/ best results

99 <

are marked with “underline”.“}” indicates our implementation.

DepthTrack LasHeR

Meth. Base Model
ethod aseModel  op b . OPg7s PR SR OPys OPyrs PR

Image-based Methods (Only-RGB)

DiMP (Bhat et al., 2019) ICCV’19 ResNet 42.1 485 326 521 428 513 30.3 53.8
Stark-S (Yan et al., 2021a) ICCV’21 ResNet 346 399 26.1 418 377  44.1 23.6 457
OSTrack (Ye et al., 2022) ECCV’22 OSTrack  47.5 549 435 56.7 457  54.6 36.7 56.2

DropTrack (Wu et al., 2023) CVPR’23  DropTrack 529  62.3 48.6 635 477 5717 38.4 58.8

Cross-modal Transfer Learning

SPT (Zhu et al., 2023b) AAAT’23 Stark-S 36.8 427 24.9 448 39.1 46.1 22.6 474
APFNet (Xiao et al., 2022) AAAT'22 Stark-S 353 406 254 423 413 487 27.1 50.4
ProTrack (Yang et al., 2022) MM’22 OSTrack 525 607 48.9 627 459 543 36.3 559
ViPT (Zhu et al., 2023a) CVPR’23 OSTrack 56,1  65.6 54.3 673 525 63.1 432 64.5
SDSTrack (Hou et al., 2024) CVPR’24 OSTrack  57.8 683 555 698 531 645 436 659
ViPT (Zhu et al., 2023a) CVPR’23 DropTrack  58.8  69.1 56.4 70.3 525 637 429 65.0
SDSTrack (Hou et al., 2024) CVPR’24  DropTrack  59.5  70.3 569 713 547 66.6 454 685

Ours’ OSTrack 614 723 60.3 73.8 563 68.0 48.5 69.5
Improvement OSTrack +3.6 +4.0 +4.8 +4.0 +3.2 +35 +4.9 +3.6
Ours’ DropTrack  62.7  73.6 627 752 588 715 502 73.0
Improvement DropTrack +3.2  +3.3 +5.8 +39 +4.1 +49 +4.8 +4.5

model, we perform (a) and (b), demonstrating that fine-tuning significantly enhances the domain
adaptation ability. Further, to mitigate the over-fitting issue in fine-tuning, we propose two regular-
ization technologies. We approximate each parameter’s susceptibility by aggregating the grad-aware
metrics and imposing stricter constraints on sensitive parameters. In parallel, a momentum update
scheme is employed to smooth successive updates. As shown in Tab 3, comparisons between (b)
and (c¢) (or (d) and (e)) figure out that the sensitivity-aware scheme significantly improves the SR by
2.1% and PR by 3.0% on the LasHeR dataset, highlighting its effectiveness. Moreover, comparing
(b) and (d) (or (c) and (e)) shows that interpolating parameter dynamics optimized with different
data leads to substantial improvements. Notably, it can be seen that applying both techniques si-
multaneously yields much more significant improvements than using either method alone. These
observations confirm that the two techniques are complementary. Although the improvement from
sensitivity regularization alone is not substantial on the FE108, it still contributes to the method’s
leading performance.

Table 3: Ablative study results of the proposed key components. Note that all methods are based on
the pre-trained OSTrack. “F-Tune.” refers to fully fine-tuning the model, where we only re-train the
backbone; ‘“Param.Sens.” represents constraining parameter updates based on their sensitivities;
and “Momen.” indicates to interpolate parameters from successive iterations. (a) denotes the zero-
shot performance. (b) serves as our baselines,

Exp. | F-Tune. Param. Sens. M FE108 DepthTrack LasHeR

SR OPp.5 OPy75 PR | SR OPy5 OPgr7s PR [OPg5 OPg.75 PR
(a) 48.1 595 166 742352 385 26.1 417 36.7 412 268 429
(b) v 652 843 419 930|572 670 552 68.7| 532 641 453 654
(c) v v 66.5 858 437 941|592 697 580 71.5| 553 67.0 472 684
(d) v v 66.6 853 429 943160.0 70.6 588 723 55.0 663 469 679
(e) v v v 67.4 87.1 442 955|614 723 603 73.8| 56.3 68.0 485 695

Effectiveness on Single-modal Methods. This work aims to mitigate the overfitting issue when
adapting the foundation models to downstream tasks. A key question is how the proposed regu-
larization methods perform on single-modal data. To investigate this, we conduct ablation studies
highlighting their impact on different modalities. As shown in Tab 4, both RGB and Auxiliary
modalities benefit significantly from the proposed regularization techniques. For example, the RGB
and Depth gain 5.2% and 4.7% precision improvements on the DepthTrack dataset. Notably, despite
huge distribution differences, our method significantly and consistently enhances the adaptability of
Auxiliary modal across multiple tasks. These findings underscore the importance and necessity of
imposing constraints when transferring the pre-trained trackers to downstream data.
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Table 4: Ablation results of the proposed regularization fine-tuning method on single-modal data.
“RGB/Auxiliary” refers to the fine-tuning fashion. Note that all methods are built upon the pre-
trained OSTrack.

Ex CoeSot DepthTrack LasHeR
P- SR OP()_5 OP0_75 PR SR OP0‘5 OP0_75 PR SR OP0A5 OP0,75 PR
RGB 643 732 644 733|504 59.0 460 605[472 564 37.6 58.0

RGB+Ours |68.0 76.8 69.2 769|551 642 525 657|503 602 412 62.0
Improvement |+3.7 +3.6 +4.8 +3.6|+4.7 +52 +6.5 +52(+3.1 +3.8 +3.6 +4.0
T TAuxiliary [577 67.6 528 6720392 464 310 489[427 518 293 531
Auxiliary+Ours | 60.3  70.8 552 70.4(42.0 50.2 32.0 53.6/458 552 32,6 57.0

Improvement |+2.6 +3.2 +24 +3.2(+2.8 +38 +1.0 +4.7|+3.1 +34 +29 +39

Compatibility with PEFT Methods. Existing PEFT methods (Yang et al., 2022; Zhu et al.,
2023a; Hou et al., 2024) typically freeze pre-trained parameters and update only the auxiliary-modal
prompts or adapters to preserve generalization, which may limit sufficient optimization. To assess
the compatibility of our proposed regularization techniques with existing PEFT methods, we un-
freeze their backbone parameters and retrain with regularization applied (detailed structure in Ap-
pendix A.1). As shown in Tab 5, for ViPT, our method yields notable gains on LasHeR: 2.4% in
SR and 3.3% in PR. These results affirm that overly constraining pre-trained models actually limit
their transfer potential. However, our method negatively impacts the performance of SDSTrack.
This occurs because our method optimizes the pre-trained parameters, whereas SDSTrack intro-
duces modal-specific adapters learned from scratch. Simultaneously fine-tuning both the backbone
and adapters may disrupt proper alignment with distribution shifts.

Table 5: Compatibility study results of the proposed regularization fine-tuning method on the ViPT
and SDSTrack. Note that all methods are based on the pre-trained OSTrack weight. “F-Tune.”
refers to fully fine-tuning the backbone; “Self-Reg.” represents the self-regularization scheme.

VisEvent DepthTrack LasHeR

Exp. F-Tune. Self-Reg. - — o5 5Py 75 PR | SR OPg5 OPy.75 PR | SR OP; 5 OPg 75 PR

5905 705 576 738|561 656 543 673|525 63.1 432 645

ViPT (Zhu et al., 2023a) v 575 684 544 72.0[525 613 492 625|509 617 416 632
v v 614 729 598 758[580 68.1 562 69.6549 661 462 67.8
CT T T T T T T T T T T T T T T T 71598 710 579 742|578 683 555 69.8]53.1 645 436 659
SDSTrack (Hou et al., 2024)| v 556 669 512 704[499 589 466 604|506 617 404 632
v v 575 689 549 721|548 648 524 663|524 637 425 650

Settings of Momentum Coefficient. In this section, we conduct an experimental evaluation to
assess the impact of varying values of the momentum coefficient. The results are presented in
Tab. 6, where we systematically increase the coefficient from 0.5 to 0.95, while evaluating different
momentum ranges derived from parameter sensitivity mapping. We observe that a moderately large
momentum coefficient (e.g., 0.8) works better than both smaller (e.g., 0.5) and larger values (e.g.,
0.95), suggesting that a relatively slow evolving encoder is key to effectively utilizing a data queue.
When the parameter sensitivity is scaled to an appropriate range (e.g., [0.8, 0.85]), parameter updates
are subject to dual constraints of sensitivity and momentum, thereby enhancing transfer capabilities.

Table 6: Ablation analysis of momentum coefficient on the FE108 dataset. Note that all methods
are based on the pre-trained OSTrack weight. “Me.” refers to momentum coefficient; Scalar repre-
sents that all parameters employ the same momentum coefficient, while Range [a, b] represents the
momentum coefficients derived from parameter sensitivity mapping.

Mc.| O 05 06 07 075 08 085 09 095 [0.75,0.95] [0.8,0.9] [0.85,0.9] [0.8,0.85]
SR | 652 656 657 662 664 666 665 663 658 66.9 67.1 67.1 674
PR | 932 932 934 938 940 943 944 939 936 94.8 95.1 952 95.5

Observations on Sensitivity Patterns. The sensitivity criterion identifies task-specific key pat-
terns, highlighting the precedence of pre-trained parameters to downstream tasks during transfer
learning. We visualize the sensitivity matrices of different auxiliary branches (ViT-B/16) in Fig. 6.
We observed notable differences in sensitivity patterns, indicating a significant modal-aware bias.
Additionally, the clustering of sensitive parameters in certain areas (upper of Fig. 6) indicates an
over-reliance on specific parameters, hindering the global transfer of the pre-trained model. Follow-
ing the application of sensitivity penalties, the patterns (bottom of Fig. 6) become more balanced
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Channel

(a) Event Blocks (b) Depth Blocks (c) Thermal Blocks

Figure 6: Visualization of the parameter sensitivity patterns cross different auxiliary modalities (e.g.,
event, depth, thermal), where the colorbar denotes the sensitivity metric. The upper represents the
pre-trained parameter patterns, while the bottom shows the parameter patterns well-tuned by our
method.

and distributed, suggesting that mitigating parameter bias improves the model’s generalization and
robustness.

Efficiency of Self-regularization Fine-tuning. We compare the training efficiency of our method
with vanilla fine-tuning. Our method introduces parameter-wise sensitivity quantification and mo-
mentum updates with marginal computational overhead, as sensitivity is derived from the off-the-
shelf gradients. In vanilla fine-tuning, the training speed is 37.5 ms per iteration, while our method
operates at 39.3 ms per iteration, resulting in only a 5.7% increase in computational time. The delay
from the momentum update is negligible, amounting to only 0.3 ms per iteration.

Computational Cost and Inference Speed. In ad- Taple 7: Computational complexity and speed
dition to tracking metrics, computational efficiency analysis on the LasHeR dataset. The marks
is a key consideration in object tracking. We com- ““fuster”, “hest” and “balance” signify the
pare the computational complexities and speeds of most superior speed, performance, and their op-
different methods, focusing on models based on OS- timal trade-off, respectively.

Track and DropTrack. Note that the proposed regu-
larization techniques are applied solely during train- __Method |Base Model | Param (M) Flops (G) FPS| SR PR
ing, imposing no additional computational burden OSTrack | OSTrack | 92.1 58.1 9841457 56.2

. . . DropTrack | DropTrack 92.1 130.6 57.6(47.7 58.8
during testing. As shown in Tab. 7, our method pirrack | OSTrack | 927 584 923[459 559
enables real-time tracking at 29.2 frames per sec-  ViPT | OSTrack | 929 599  88.6(52.5 64.5
ond, while delivering top-tier performance. Inte- ViPT | DropTrack | = 92.9 131.9 4838525 65.0

. o » o SDSTrack | OSTrack | 1021  108.7 44.6|53.1 65.9
grating our method, “ViPT+Ours” yields both supe- (.~ " DropTrack | 1021 2442 268|547 685

rior speed and performance. Under the DropTrack o | OSTrack | 2020 1490 490|559 69.2
base model, it still operates at 48.8 frames per sec-  Ours | DropTrack | 2020 3353 29.2|58.3 72.5

ond, maintaining a respectable speed given its focus ViPT+Ours| OSTrack |  92.9 599 88.6(54.9 67.8
on accuracy. ViPT+Ours | DropTrack 92.9 1319 48.8|57.1 70.5

5 CONCLUSION

This paper re-examined the critical issues of constructing multi-modal trackers by effectively trans-
ferring the extensive knowledge of pre-trained RGB trackers to auxiliary modalities. To this end, we
introduced a novel modality sensitivity-aware tuning framework, by delicately modulating the learn-
ing process from two key perspectives. First, we leveraged the task objectives to reflect parameter
sensitivity, enabling optimizing the updates of essential parameters. Further, in the intertemporal up-
date, we deployed a momentum-driven gradient to bolster the stability and coherence of multi-modal
representations. Extensive experiments demonstrate the effectiveness of the proposed method, sur-
passing current state-of-the-art techniques across various multi-modal tracking scenarios, with sig-
nificant improvements observed post-regularization. We believe these insights will inspire further
exploration of multi-modal transfer learning for scene perception.

10
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REPRODUCIBILITY STATEMENT

In Section 4.1 and Appendix A.l, we outline the configurations of the hyper-parameters, describe
the training process, and detail the implementation aspects of our approach. We also offer a com-
prehensive explanation of the datasets used in our study. To ensure accuracy and reproducibility,
we perform multiple experiments using the FE108 (Zhang et al., 2021a), VisEvent (Wang et al.,
2023) and CoeSot (Tang et al., 2022), DepthTrack (Yan et al., 2021b), and LasHeR (Li et al., 2020)
datasets. Furthermore, if our paper is accepted for publication at ICLR 2025, we will release the
source code and configuration files on GitHub.
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A APPENDIX

This appendix contains the following contents. We illustrate the implementation details of MST
in A.1, including the network architecture and training details. In A.2, we report more quantitative
results, comprising the precision-success plots and attribute analysis. We also compare and discuss
other potentially viable regularization methods in A.3. Moreover, we have supplemented some
tracking visuals for a better qualitative comparison in A.4.

* Section A.1: Implementation details.
 Section A.2: More quantitative results.

¢ Section A.3: More ablation studies.

 Section A.4: Visualization of tracking results.

A.1 IMPLEMENTATION DETAILS.

Network Architecture. The input of our proposed method consists of a pair of template frames
and a pair of search frames, i.e., one RGB template frame B e RE=XW=x3 one RGB search frame
xB ¢ RH=xWax3 one Auxiliary-modal template frame z* € R7=*W-%3_and one Auxiliary-
modal search frame x* € R=*W=x3_Notably, to make event data compatible with the RGB
domain, we aggregate the event set between the image and its next one into a three-channel

2
event frame. These data are first split and flattened into sequences of patches zr,za € RN=x(3P?)
2
and xR, xA € RN"X(BP ), where P x P is the resolution of each patch, and N, = Hjaz = N, =

%. Next, two modal-aware patch embedding layers are used to project zr, xr and za, X4 into

the D-dimensional latent space, zr,za € RV=*P and xg, x5 € R¥=*P_ The patch embeddings zr

0
and xg are concatenated as H%) = [zr;xr] € RW=FNe)XD "and 7, and x, are concatenated as

HES) = [za;xa] € RWV=+N=)xD  The computation of modal-aware ViT block can be formulated
as:

H =H{"Y + MSA (LN (Hg_l)))
HY = H{" + MLP (LN (HY"))

where X € R, A, ngl) and Hg? represent the outputs of the (I —1)-th and I-th ViT blocks, respec-

tively. For the cross-modal block, we concatenate Hp = [zgr;xR;za;xa] € R(VzFNat NatNo)xD
as input, and use the same attention block as above for cross-modal feature interaction.

Training Details. Our method is evaluated on FE108 (Zhang et al., 2021a), VisEvent (Wang et al.,
2023) and CoeSot (Tang et al., 2022) for RGB-Event tracking, DepthTrack (Yan et al., 2021b) for
RGB-Depth tracking, and LasHeR (Li et al., 2020) for RGB-Thermal tracking. More precisely,
the FE108 dataset is captured under different degraded conditions (e.g., motion blur, high dynamic
range). We follow the official sequence splits: 76 sequences for training and 32 for testing. The
VisEvent dataset reflects many challenging dynamic outdoor scenes like motion blur, fast and non-
rigid motion, etc. Notablely, there are some sequences that miss x.aedat file or have misaligned
timestamps, the VisEvent dataset only includes 295 sequences for training and 219 for test-
ing. The CoeSot dataset consists of 578K image-event pairs, including 824 sequences for training
and 528 for testing. DepthTrack is a large-scale long-term RGB-Depth tracking benchmark, which
contains 152 training and 50 testing videos. LasHeR is a large-scale high-diversity benchmark for
short-term RGB-Thermal tracking, it includes 979 sequences for training and 245 for testing. For
these datasets, there is a slight difference in the learning rate settings. For the VisEvent, Co-
eSot, DepthTrack and LasHeR, we set the learning rate of RGB blocks and auxiliary-modal blocks
to 10~%, and the learning rate of cross-modal blocks to 5 X 10—°. But for the FE108 dataset, the
learning rate of the RGB blocks, auxiliary-modal blocks and cross-modal blocks are set to 104,
5 x 1072 and 5 x 1072, respectively.

Details for Compatibility Study. To assess the compatibility of our proposed regularization tech-
niques with ViPT and SDSTrack, we unfreeze their backbone parameters and retrain with regular-
ization applied. For a clear understanding, please refer to Fig. 7.
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Figure 7: The detailed architecture of the proposed regularization fine-tuning method on the ViPT
and SDSTrack.
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Figure 8: Visualization of the precision and success plots of the FE108 and VisEvent datasets.

A.2 MORE QUANTITATIVE RESULTS.

More Precision and Success Plots. For a comprehensive and clear comparison, we also present the
precision and success plots of FE108 and VisEvent datasets.

Detailed Attribute Analysis. In the VisEvent, CoeSot, and LasHe datasets, detailed attribute labels
are available. To comprehensively analyze the robustness of our method, we compared its perfor-
mance against previous methods on various challenging attributes. As shown in Tab 8 and Tab 9,
Our method achieves state-of-the-art performance across most attributes in the VisEvent and CoeSot
dataset. Specifically, in sequences involving motion, such as Camera Motion (CM), Background Ob-
ject Motion (BOM), Fast Motion (FM), and Motion Blur (MB), our method consistently delivers the
best results, highlighting its ability to accurately track objects despite degradation caused by move-
ment. In sequences related to illumination, such as Low Illumination (LI), Over Exposure (OE), and
Abrupt [llumination Variation (AIV), our method demonstrates the best performance. Particularly, it
achieves a precision improvement of 4.7% and a success improvement of 6.6% in the Over Exposure
category, showcasing its adaptability to varying lighting conditions. For sequences involving occlu-
sion, such as Partial Occlusion (PO) and Full Occlusion (FO), our method again achieves the best
results, demonstrating its effectiveness in tracking targets even when partially or fully occluded.
As shown in Tab 10, Our method is optimal on almost all attributes while significantly leading.
Notably, our method outperforms other methods in sequences involving illumination interference,
such as Low Illumination (LI), High [llumination (HI), and Abrupt Illumination Variation (AIV).
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Especially, it shows a precision rate of 81.3% and a success rate of 64.5% in High Illumination, a
precision rate of 65.2%, and a success rate of 52.5% in Low Illumination. This highlights its effec-
tive use of multi-modal information to enhance tracking robustness. Additionally, our method excels
in challenging attributes such as Thermal Crossover, Background Clutter, Aspect Ratio Change, Full
Occlusion, Out-of-View, Viewpoint Change, and Scale Variation, further showcasing its improved
robustness. Overall, the results across the VisEvent, CoeSot, and LasHeR datasets demonstrate the
strong performance and robustness of our method.

Table 8: Attribute performance on the VisEvent test set.The right superscript  represents the pre-
trained OSTrack, and T denotes the pre-trained DropTrack. The metric is the SR/ PR.

OSTrack DropTrack FENet AFNet CEUTrack ProTrack® ViPT®  ViPT! SDSTrack® SDSTrack! Ours®  Ourst

Camera Motion 56.0/69.3 58.5/72.7 39.2/51.6 37.5/51.0 56.3/69.8 56.3/70.5 58.1/77.2 61.2/76.1 58.7/73.0 61.8/76.8 61.5/75.8 63.6/78.5
Rotation 48.6/56.2 51.2/59.5 30.9/34.1 37.6/45.1 51.8/60.5 53.2/64.9 56.5/66.5 60.0/70.4 56.9/67.2  62.6/74.0 57.3/67.0 62.5/73.1
Deformation 35.3/41.8 36.1/44.2 28.0/35.3 26.4/33.3 34.6/41.0 29.5/37.8 33.3/41.6 36.3/45.3 39.0/48.1 40.5/52.3 37.2/45.0 42.1/53.1
Full Occlusion 42.9/55.9 48.7/62.3 19.1/29.0 24.4/35.0 46.0/59.1 46.2/59.6 499.4/63.0 53.3/68.0 50.1/63.9  55.0/69.9 52.8/66.9 56.0/70.8
Low Illumination 54.9/67.4 56.9/70.4 37.4/49.4 38.4/52.3 54.1/66.4 49.5/60.8 55.9/69.1 56.6/69.8 57.9/72.0 59.9/75.3 59.7/73.6 61.8/76.1
Out-of-View 43.3/53.2 47.8/59.1 21.7/28.1 27.6/39.6 45.8/56.7 43.1/52.3 45.8/55.9 51.2/62.3 47.1/58.0 52.7/64.4 59.4/60.5 52.6/64.4

Partial Occlusion 50.3/64.1 50.1/63.4 26.4/36.4 28.8/39.1 51.9/65.8 53.7/68.9 56.1/70.6 56.4/71.1 55.0/69.7 57.2/72.2 59.1/74.5 60.2/75.5
Viewpoint Change 68.9/69.2 61.3/72.8 40.7/47.6 44.2/53.0 61.2/71.8 60.1/71.4 63.1/73.9 64.6/76.0 63.4/743  65.7/78.0 67.4/79.8 68.6/81.2

Scale Variation 48.2/60.0 48.4/60.2 31.3/40.5 34.6/45.7 49.0/60.4 51.0/63.3 54.3/66.5 52.7/64.4 54.3/66.9 55.3/68.3 56.6/70.1 57.8/71.3
Background Clutter 54.7/67.9 55.1/68.8 36.5/48.4 35.5/48.1 54.5/67.8 56.3/71.0 58.6/72.7 58.4/72.5 58.0/71.9  59.5/73.8 60.4/74.6 61.3/75.7
Motion Blur 50.4/61.0 51.3/62.4 33.2/41.7 34.0/45.3 50.3/61.2 59.2/60.6 50.2/61.0 53.0/64.1 51.0/61.9 55.6/67.8 52.3/63.3 54.2/65.2
Aspect Ration Change | 56.2/68.4 54.8/66.2 31.9/40.1 36.8/47.5 55.7/67.4 52.0/63.4 57.8/70.0 57.1/69.2 59.7/72.6  61.0/74.7 60.1/73.9 62.6/75.7
Fast Motion 51.3/63.0 53.9/66.4 34.3/42.9 37.3/49.6 53.0/65.2 52.2/64.7 54.1/66.4 57.2/70.0 54.8/67.3 59.1/72.4 57.0/69.3 59.4/72.4

No Motion 57.2/68.9 57.4/69.6 36.1/47.1 35.1/46.1 57.2/69.9 57.4/71.6 59.6/72.9 60.8/73.9 57.8/70.7 64.0/78.2 62.6/77.4 64.9/79.5
Tllumination Variation |58.0/71.5 57.1/70.5 45.5/57.6 44.8/60.0 58.0/71.4 59.6/74.1 61.2/74.9 58.3/71.8 61.1/74.7  60.7/75.0 63.8/78.2 62.6/77.4
Over Exposure 54.9/69.9 53.5/66.3 43.0/55.3 43.3/54.8 54.1/68.1 59.1/74.3 58.8/74.0 55.5/69.1 59.1/73.6  56.6/70.0 63.2/78.3 59.8/75.5

Background Object Motion|53.0/66.2 54.0/67.5 34.2/45.1 33.6/45.4 53.1/66.3 55.0/69.9 56.9/71.0 57.6/71.9 56.5/70.3 58.7/73.2 59.1/73.2 60.4/74.9

Table 9: Attribute performance on the CoeSot test set. The right superscript ° represents the pre-
trained OSTrack, and T denotes the pre-trained DropTrack. The metric is the SR/PR.

OSTrack DropTrack FENet ~AFNet CEUTrack ProTrack® ViPT®  ViPTT SDSTrack® SDSTrack’ Ours®  Ours®

Camera Motion 52.1/60.8 54.8/64.6 46.6/59.9 46.3/58.5 49.1/60.2 52.4/60.5 56.0/65.4 57.9/67.8 55.6/64.9 59.1/70.1 59.0/69.2 62.1/73.2
Rotation 71.9/81.8 72.4/82.6 56.2/67.6 63.0/72.2 71.0/83.0 72.1/81.1 74.1/°84.1 74.3/84.2 74.1/84.6 74.6/84.8 76.2/86.6 76.4/86.9
Deformation 67.1/68.5 72.7/75.9 56.7/62.2 60.0/63.5 71.6/80.1 75.0/80.7 77.3/83.0 75.1/79.6 75.7/81.4  75.3/79.7 77.1/81.8 75.8/81.0
Full Occlusion 48.3/59.5 53.1/66.0 34.8/51.6 37.5/46.7 47.1/59.7 45.0/54.0 49.7/59.9 56.2/68.5 51.4/62.4  54.0/65.8 56.1/68.2 58.0/70.2
Low Illumination 51.2/60.0 54.3/63.8 50.9/65.4 44.3/52.9 50.8/61.9 54.5/63.1 58.1/67.6 59.3/69.0 57.4/66.5 61.0/71.5 60.2/69.7 64.2/76.1
Out-of-View 45.6/52.4 47.9/55.6 37.0/44.9 38.5/46.5 42.3/50.2 48.0/53.9 49.6/56.4 50.6/57.9 50.0/57.7  52.6/60.6 52.5/60.2 54.0/62.5

Partial Occlusion 69.9/78.9 71.7/81.2 56.6/66.9 59.6/67.2 68.0/78.8 71.1/79.9 72.3/81.5 73.2/82.4 72.6/82.1 72.9/82.3 74.4/83.7 74.6/84.1
Viewpoint Change 64.7/72.1 69.3/77.0 52.1/60.3 55.3/61.6 59.7/69.6 67.8/75.7 68.6/75.6 70.3/78.7 70.1/78.1 ~ 71.8/79.7 71.0/79.3 73.8/82.5

Scale Variation 67.7/76.0 69.3/78.8 50.8/57.3 57.9/65.8 66.7/76.9 68.6/76.6 70.0/78.2 71.4/81.0 70.5/80.0 ~71.8/81.4 73.2/82.3 74.1/84.0
Background Clutter 55.3/64.8 57.0/67.0 48.6/63.3 46.8/57.4 50.7/61.7 58.1/67.7 59.2/69.0 61.0/71.3 59.4/69.4 61.3/72.0 62.1/71.7 64.8/76.3
Motion Blur 56.5/65.2 56.6/66.0 43.8/57.0 51.6/62.7 55.6/66.2 55.4/64.5 61.1/72.6 58.6/68.9 59.5/70.7 58.7/69.6 62.0/73.5 62.7/74.3
Aspect Ration Change  |63.8/73.9 66.3/76.7 48.1/58.1 52.6/61.5 61.3/74.4 66.8/76.5 67.9/77.1 67.9/77.0 68.2/77.8 68.4/71.5 69.8/79.0 70.2/79.6
Fast Motion 64.7/69.8 66.7/73.0 54.5/59.8 54.3/56.8 63.2/70.7 66.8/71.8 67.9/73.3 69.4/75.3 68.7/74.8  69.9/76.0 69.8/76.0 71.1/77.5

No Motion 72.1/80.9 75.9/83.4 64.6/74.1 64.1/71.0 71.9/83.3 76.6/84.2 77.3/85.3 76.8/84.2 76.6/84.7 71.3/85.4 77.0/85.1 78.2/86.4
Illumination Variation  [65.0/69.8 67.2/73.3 55.3/61.8 57.6/60.1 63.8/71.0 67.9/73.9 70.4/77.5 70.1/76.4 69.9/76.9  71.0/77.5 71.7/79.4 72.8/80.0
Over Exposure 67.0/70.9 69.4/75.5 58.5/64.8 58.1/60.8 65.7/73.1 70.4/76.4 72.2/78.9 71.8/78.0 72.0/78.9  72.8/79.2 73.0/80.4 73.7/80.8

Background Object Motion [64.0/72.7 66.0/75.2 54.3/65.5 54.8/62.8 61.2/71.8 65.8/74.2 67.3/76.1 68.4/77.4 67.3/76.3  69.2/78.6 69.6/78.7 71.3/81.1

Table 10: Attribute performance on the LasHeR test set. The right superscript © represents the
pre-trained OSTrack,and T denotes the pre-trained DropTrack. The metric is the SR/PR.

OSTrack DropTrack ~ SPT  APFNet ProTrack® ViPT®  ViPTT  SDSTrack® SDSTrack!  Ours®  Ours®
Tlumination Variation | 37.7/422 402/462 34.1/35.7 38.6/41.0 284/30.7 35.8/38.0 38.0/43.6 482542  438/50.1 49.1/55.7 53.5/62.1
Aspect Ration Change | 43.4/51.4  45.1/53.7 35.9/40.7 37.7/42.8 42.5/49.7 49.4/58.5 49.5/59.5 50.1/60.4  50.9/61.9 51.9/62.4 55.5/67.4
Background Clutter | 43.1/52.8 44.2/54.2  38.6/46.6 39.4/47.5 414/50.1 52.0/64.5 50.7/63.6 51.3/63.6  55.0/69.6 55.7/69.1 57.9/72.3

Camera Motion | 37.4/45.6  39.4/49.1 31.9/389 34.6/41.7 40.7/50.7 46.6/58.7 47.0/58.7 46.5/59.2  475/60.6 48.0/604 51.7/65.3

Deformation 47.8/57.6 47.5/57.6 45.5/54.1 48.3/56.9 46.7/54.8 55.7/66.7 55.6/67.5 56.3/68.8 59.5/73.4  60.3/73.2 61.7/75.2
Frame Lost 47.3/53.1 60.5/68.4 45.0/45.1 44.0/45.3 64.6/74.8 64.8/75.4 66.6/76.5 60.6/69.5 66.4/77.0  62.8/71.5 62.6/72.3
Fast Motion 45.2/54.9 46.5/56.6 38.7/45.6 40.1/47.6 44.4/53.2 51.4/62.4 51.6/63.2 52.8/64.9 53.7/66.7  56.0/68.7 58.0/71.6

High Illumination 41.4/51.1 455/58.2 46.5/58.8 50.4/63.1 46.6/58.5 54.6/68.2 57.5/73.1 55.1/69.1 58.8/75.2  56.8/70.7 64.5/81.3
Hyaline Occlusion | 41.8/43.5 43.7/47.5 38.4/36.9 40.7/41.7 31.7/30.6 42.1/44.8 44.6/474 52.7/58.8 49.8/56.1  49.8/55.6 53.5/61.2
Low Illumination 34.5/41.7 37.1/45.0 33.5/39.6 36.7/43.8 34.0/39.8 41.4/49.3 43.6/533 43.8/53.4 47.2/58.0 48.9/60.1 52.5/65.2

Low Resolution 34.9/47.4 38.5/51.8 28.3/39.9 30.4/41.5 34.2/457 41.8/56.4 42.9/58.0 42.5/57.2 45.0/60.9  47.2/62.8 48.4/64.8

Motion Blur 40.3/49.5 41.6/51.4 33.8/41.4 358/44.0 38.5/47.1 46.1/57.0 45.9/57.3 46.2/57.2 48.7/61.2  50.3/62.2 53.3/66.3
No Occlusion 62.8/76.7 64.7/79.9 59.2/74.4 63.0/77.9 62.4/78.3 68.3/83.3 68.0/83.6  70.8/86.9 70.7/87.3  74.0/90.2 72.9/88.8
Out-of-View 38.9/47.7 40.8/51.2 34.4/42.1 35.6/43.2 39.1/4777 45.7/56.8 46.5/58.4 47.5/59.6 49.3/62.3  49.5/62.0 53.7/67.7

Partial Occlusion 43.6/53.6  45.1/55.77 36.5/43.8 38.7/46.8 43.5/52.7 50.5/62.1 50.3/62.5 50.6/62.9 52.7/66.1  54.1/67.0 56.8/70.8
Similar Appearance | 40.8/49.5 40.8/50.0 34.1/40.5 35.2/41.8 40.2/48.0 46.6/57.2 45.0/55.6 46.3/57.1 48.2/60.1  49.6/61.3 52.5/64.7
Scale Variation 46.4/56.8  48.0/59.1 39.3/47.5 41.8/50.6 46.4/56.6 52.4/64.4 52.7/65.1 53.0/65.8 54.7/68.4  56.5/69.7 58.7/72.8
Thermal Crossover | 43.7/53.8 44.9/55.8 37.3/45.5 39.4/48.1 43.1/52.9 49.9/61.5 50.7/63.5 50.7/63.2 52.8/66.2  53.9/66.6 57.6/72.0
Total Occlusion 41.7/51.9  41.6/51.8 35.2/42.5 37.4/45.5 38.7/47.2 46.4/57.5 47.2/59.3 47.8/60.0 48.6/60.9  51.8/64.4 52.9/66.3
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A.3 MORE ABLATION STUDIES.

Comparison with sensitivity-aware sparse tuning. In the proposed method, we exploit the param-
eter sensitivity to regularize parameter updates, instead of selecting the most sensitive parameters for
sparse fine-tuning, e.g., SPT (He et al., 2023). In this section, we conduct experiments to investigate
our performance against SPT. All methods are trained on the DepthTrack dataset, using pre-trained
OSTrack as the base model. Note that the training configuration of those methods is exactly the
same, except for the trainable parameter ratios. As shown in Tab. 11, the experimental results show
that applying sparse fine-tuning to the cross-modal adaptation cannot achieve considerable perfor-
mance.

Table 11: Comparison of the tracking performance between SPT and our regularized fine-tuning
method based on the DepthTrack dataset. We have set up a series of trainable parameter ratios r of
SPT (top-r sensitive parameters) to fully explore its adaption effect.

Fine-tuning Method | SR OPy.5 OPy.75 PR
w/o fine-tuning (r=0) | 35.2 38.5 26.1 417
full fine-tuning (r=1.0) | 57.2  67.0 552 68.7

SPT (r=0.5) 56.5 66.0 546 677
SPT (r=0.2) 541 632 512 649
SPT (r=0.1) 448 515 347  56.6
Ours (r=1.0) 614 723 603  73.8

A.4 VISUALIZATION OF TRACKING RESULTS.
In Fig 9, we present a more qualitative comparison of tracking results between our method and

existing approaches. We can observe that the proposed method shows better regression capability in
challenging conditions.
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Figure 9: Visual comparisons of the tracking performance of different methods on the (Left) RGB-
Event, (Middle) RGB-Depth and (Right) RGB-Thermal datasets.
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