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Abstract

Parameter-efficient fine-tuning has emerged as a promis-
ing paradigm in RGB-T tracking, enabling downstream task
adaptation by freezing pretrained parameters and fine-tuning
only a small set of parameters. This set forms a rank space
made up of multiple individual ranks, whose expressiveness
directly shapes the model’s adaptability. However, quanti-
tative analysis reveals low-rank adaptation exhibits signifi-
cant redundancy in the rank space, with many ranks con-
tributing almost no practical information. This hinders the
model’s ability to learn more diverse knowledge to address
the various challenges in RGB-T tracking. To address this is-
sue, we propose the Group Orthogonal Low-Rank Adaptation
(GOLA) framework for RGB-T tracking, which effectively
leverages the rank space through structured parameter learn-
ing. Specifically, we adopt a rank decomposition partition-
ing strategy utilizing singular value decomposition to quan-
tify rank importance, freeze crucial ranks to preserve the pre-
trained priors, and cluster the redundant ranks into groups
to prepare for subsequent orthogonal constraints. We fur-
ther design an inter-group orthogonal constraint strategy. This
constraint enforces orthogonality between rank groups, com-
pelling them to learn complementary features that target di-
verse challenges, thereby alleviating information redundancy.
Experimental results demonstrate that GOLA effectively re-
duces parameter redundancy and enhances feature represen-
tation capabilities, significantly outperforming state-of-the-
art methods across four benchmark datasets and validating
its effectiveness in RGB-T tracking tasks.

Code — https://github.com/MelanTech/GOLA

Introduction
RGB-T tracking combines the complementary strengths of
visible and infrared data, significantly enhancing the robust-
ness in challenging scenarios, such as low-light or occluded
conditions. It has been applied in multiple domains, demon-
strating its effectiveness in complex scenarios.

Recently, most RGB-T trackers adopt a prompt-tuning
paradigm, integrating lightweight prompt modules (Zhu
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Figure 1: Comparison of rank importance score distribution
between LoRA and our proposed GOLA. The rank space of
LoRA exhibits significant redundancy, while our proposed
GOLA effectively mitigates this issue.

et al. 2023; Cao et al. 2024; Hu et al. 2025b) to facilitate mul-
timodal fusion while maintaining an acceptable speed. How-
ever, this prompt-tuning approach typically relies on fea-
ture dimensionality reduction to balance efficiency and per-
formance, which limits the capacity of interaction between
modalities to express information in a low-rank space and
weakens the model’s overall performance. LoRA (Hu et al.
2022) applies the low-rank concept to the parameter level
by freezing the backbone and optimizing only the low-rank
matrices, thereby avoiding information loss and enabling pa-
rameter merging during the inference stage, which enhances
inference efficiency. Nonetheless, in complex RGB-T track-
ing tasks, the redundant ranks of LoRA do not effectively
facilitate the acquisition of diverse knowledge, which di-
rectly undermines its ability to address various challenges.
As shown in Fig. 1, after training the model with LoRA,
we decompose all ranks in its parameters and plot the his-
togram of singular values. The results indicate significant re-
dundancy in the rank space of LoRA, with only a few ranks
becoming dominant. This phenomenon arises from LoRA’s
compression of all information into a low-rank space during
downstream adaptation, making it difficult to address the di-
verse challenges present in RGB-T tracking. In training, to
achieve rapid convergence to an optimal solution, it tends
to prioritize the integration of a few crucial ranks that en-
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capsulate the most significant task, which overshadows the
pretrained priors. Simultaneously, the remaining ranks re-
main unactivated due to a lack of targeted optimization sig-
nals, failing to capture the fine-grained features necessary
for specific challenges, while also struggling to supplement
the expressive blind spots uncovered by crucial ranks. Ulti-
mately, this severely limits the overall expressiveness of the
rank space, hampering the model’s ability to handle diverse
challenges in RGB-T tracking.

To address the issues above, we propose a novel Group
Orthogonal Low-Rank Adaptation (GOLA) framework for
RGB-T tracking, aiming to preserve the pretrained priors
while fully activating the expressive potential of the re-
dundant rank space. First, we introduce a rank decompo-
sition partitioning strategy that quantifies the significance
of each rank by performing singular value decomposition
on the LoRA parameter matrix and categorizes these ranks
into crucial and redundant ones. We freeze the crucial ranks
to retain the strong generalization capability of the pre-
trained weights. This operation is conducted offline and
does not incur additional training burdens. Furthermore, we
utilize clustering to partition the redundant rank compo-
nents into parallel rank subsets, establishing a foundation
for subsequent orthogonal constraints. We then introduce an
inter-group orthogonal constraint strategy by constructing
an orthogonal loss, which enforces the parameters of two
randomly sampled groups to maintain an orthogonal rela-
tionship. This strategy ensures that the parameters of each
group learn mutually independent and complementary fea-
ture transformations, effectively avoiding overlap and re-
dundancy in feature learning. Ultimately, the frozen crit-
ical ranks robustly preserve the existing priors, while the
grouped redundant ranks focus on learning knowledge tai-
lored to different challenges under orthogonal constraints.
This synergistic effect collectively enhances the model’s
tracking performance in complex RGB-T scenarios. In sum-
mary, our contributions are threefold:

• We propose the Group Orthogonal Low-Rank Adapta-
tion (GOLA) framework for RGB-T tracking, address-
ing the shortcomings of rank space redundancy and lim-
ited expressive capability, enhancing the model’s ability
to handle diverse challenges.

• In our framework, we design a rank decomposition strat-
egy to freeze the crucial ranks and group the redundant
ranks, along with an inter-group orthogonal constraint
that enforces complementary feature learning across
groups to enhance the model’s representation ability.

• Experimental results validate the effectiveness of the pro-
posed method in RGB-T tracking, demonstrating that our
method achieves optimal performance and efficiency.

Related Works
RGB-T Tracking
With the aid of visible and infrared modalities, RGB-T
tracking significantly enhances tracking robustness in com-
plex scenes through information fusion. Recent RGB-T

trackers are mainly categorized into full fine-tuning, prompt-
tuning, online adaptation, and low-rank adaptation meth-
ods based on their training strategies. Full fine-tuning ap-
proaches fine-tune trackers pretrained on the RGB modality
to adapt to the RGB-T task. TBSI (Hui et al. 2023) uses
a dual-stream backbone, treats templates as a medium to
bridge RGB and infrared modalities, and incorporates multi-
modal information via template updates. USTrack (Xia et al.
2024) first unifies features into a single backbone, solving
issues of separate modal feature extraction and slow speed.
Full fine-tuning achieves good tracking performance but has
long training cycles and high resource consumption. More-
over, scarce RGB-T training data makes existing methods
prone to overfitting and performance degradation during full
fine-tuning. Prompt-tuning-based methods (Zhu et al. 2023;
Wang et al. 2024; Zeng et al. 2024) have reduced train-
ing overhead by fine-tuning lightweight prompt modules,
while maintaining tracking performance comparable to that
of full fine-tuning methods. Nevertheless, prompt-tuning-
based methods rely on additional modules and parameters,
severely limiting model running efficiency. PURA (Shao
et al. 2025) proposes a framework based on parameter de-
composition and recovery to achieve adaptation for RGB-T
tracking in domain shift scenarios. UnTrack (Wu et al. 2024)
introduces LoRA (Hu et al. 2022) for low-rank fine-tuning
of the backbone to reduce the number of trainable param-
eters. However, it still employs prompt-tuning methods for
the infrared modality branch, which similarly relies on addi-
tional parameters. Moreover, the low-rank characteristics of
LoRA hinder its ability to learn diverse knowledge to tackle
different challenges. In this work, we focus on reducing pa-
rameter redundancy through the structured management of
rank spaces and orthogonal constraints, thereby achieving
efficient cross-modal transfer.

Parameter-Efficient Fine-Tuning
As the core paradigm for lightweight adaptation of pre-
trained models, Parameter-Efficient Fine-Tuning (PEFT) has
recently demonstrated successful extensions to computer vi-
sion, providing solutions for model training in resource-
constrained scenarios. PEFT can be broadly categorized into
adapter-based methods, prompt-based methods, and low-
rank adaptation (LoRA) (Hu et al. 2022). Adapter-based
methods (Houlsby et al. 2019; Jie et al. 2024) enable trans-
fer learning by introducing lightweight modules into pre-
trained models. Prompt-based methods (Jia et al. 2022; Li
and Liang 2021; Lester, Al-Rfou, and Constant 2021) focus
on utilizing carefully designed prompts to guide pretrained
models in generating responses for specific tasks. LoRA
achieves fine-tuning by decomposing weight updates into
low-rank matrices during the adaptation process, leveraging
the inherent low-rank structure of weight updates to enable
adaptation with low computational overhead. To enhance
learning efficiency, some variants (Zhang et al. 2023; Liu
et al. 2024b) dynamically adjust parameters through weight
decomposition, optimizing the learning process. Recently,
methods based on a mixture of experts have shown signifi-
cant effectiveness in multitask scenarios. MOLA (Gao et al.
2024) markedly improves fine-tuning outcomes by setting
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Figure 2: (a) Our proposed Group Orthogonal Low-Rank Adaptation (GOLA) framework. We decompose pretrained ranks
into crucial ranks and redundant rank groups, freezing the crucial ranks to retain generalization. Our inter-group orthogonal
constraint boosts the expressiveness of the redundant rank groups, fully utilizing the redundant rank space. (b) The overall
architecture of our tracking framework. GOLA is applied to each linear layer of the backbone for fine-tuning.

varying numbers of experts at different layers. MixLoRA
(Li et al. 2024) employs multiple LoRA-based experts while
introducing load-balancing losses to address the imbalance
issues among routers. Furthermore, LoRA has revealed sig-
nificant potential in tracking tasks, with LoRAT (Lin et al.
2024) and UnTrack (Wu et al. 2024) utilizing this technique
for the fine-tuning of the backbone, thereby enhancing track-
ing performance while reducing the computational burden.

Methodology
This paper presents the Group Orthogonal Low-Rank Adap-
tation (GOLA) framework for RGB-T tracking, which en-
hances tracking performance by rank partition and orthogo-
nal constraints on pretrained ranks. This section outlines the
tracker architecture and provides details on the method’s im-
plementation. The overall framework is depicted in Fig. 2.

Tracking Framework
As shown in Fig. 2, our method adopts a simple single-
stream tracking framework. Let Izv, I

z
t be template images,

Ixv , I
x
t be search images, and Iov, I

o
t be online template im-

ages. Here, v and t represent the visible and thermal modali-
ties, respectively. We first transform these images into token
sequences, resulting in Zv,Zt ∈ Rnz×c, Xv,Xt ∈ Rnx×c,
and Ov,Ot ∈ Rnz×c. Here, Z, X, and O represent the
template, the search region, and the online template, respec-
tively. nz and nx represent the number of tokens for the tem-
plate and the search region, respectively, and c signifies the
number of feature channels. In addition, we provide unique
trainable type embeddings (Lin et al. 2024) for each cate-
gory of tokens to prevent information confusion.

The tokens are then concatenated to form the final em-
bedding vector denoted as h = [Zv;Zt;Xv;Xt;Ov;Ot].
Subsequently, we process h through a series of encoder lay-
ers for joint feature extraction. Our GOLA uses the same

fine-tuning strategy as LoRA (Hu et al. 2022). For each lin-
ear layer parameter W in the backbone, we introduce two
low-rank matrices A and B to update it as follows:

h′ = Wh+BAh, (1)

where A = {a1,a2, . . . , ar} ∈ Rr×c and B =
{b1,b2, . . . ,br} ∈ Rc×r, and r ≪ c. In the inference stage,
we use the following formula for parameter merging:

W′ = W +BA. (2)

Subsequently, the search region features produced by the
backbone are fed into the prediction head to obtain the fi-
nal results. Additionally, we use the max score map value
from the prediction head as confidence, comparing it with
the threshold τ to update the online template.

Group Orthogonal Low-Rank Adaptation
Rank Decomposition Partition. Our rank decomposition
partition aims to leverage singular value decomposition to
quantify the importance of ranks, thereby distinguishing be-
tween critical and redundant ranks and grouping redundant
ranks for structured learning. Notably, this process is offline
and does not affect the training workflow. The matrix B
exhibits a significant rank correlation with task specificity
compared to the matrix A, which functions as a general fea-
ture extractor (Tian et al. 2024). This stronger association of
B with modality-specific tasks leads to its use as the basis
for partitioning. Specifically, we first perform singular value
decomposition on matrix B to obtain the rank importance:

Σ,V← SVD
(
B̄
)
, (3)

where B̄ represents the mean-centered matrix of B, singular
values Σ ∈ Rr represent the importance of each rank, and
the singular vectors V ∈ Rc×c represent the principal di-
rection of each rank, with both ordered in descending order
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of importance. Subsequently, we select the top-k singular
vectors Vk ∈ Rk×c as reference vectors and use the top-k
singular values Σk ∈ Rk as weights. We compute the im-
portance score S for each rank by calculating the weighted
similarity between each rank and the reference ranks. This
process is represented as:

S = ∥B̄⊤V⊤
k ⊙Σk∥2, (4)

where⊙ represents the hadamard product, and ∥·∥2 denotes
L2 column normalization. After obtaining the importance
score S ∈ Rr, we sort all ranks in descending order based on
S to determine their priority. Let the sorted index be denoted
as σ, which satisfies:

Sσ1
≥ Sσ2

≥ · · · ≥ Sσr
, (5)

where σi denotes the original index of the i-th sorted ele-
ment after sorting. Subsequently, we perform the same rank
partitioning on A and B to obtain crucial ranks Ac and Bc:

Ac = {aσ1 ,aσ2 , . . . , aσk
},

Bc = {bσ1
,bσ2

, . . . ,bσk
}, (6)

where aσi
and bσi

represent the selections of ranks using
the i-th sorted index. It is noteworthy that performing the
same sorting operation on A and B produces new weights
that are equivalent to the original weights, thereby not af-
fecting the training process. Since Ac and Bc serve as the
principal components for essential feature transformation,
we freeze them to preserve the primary functions of the pre-
trained weights. In contrast, the remaining ranks, being of
lesser importance, are considered as redundant ranks Au and
Bu. We fine-tune them to learn the knowledge brought by
the new modality. To ensure that these redundant ranks can
discover a more diverse set of expertise, we divide them into
n groups for subsequent orthogonal constraints. Specifically,
we continue to use B as the reference and perform clustering
on the redundant ranks to obtain the group indices:

{G1,G2, . . . ,Gn} = Γ(Bu, n), (7)

where Gi denotes the index set of the i-th group, with
|Gi| = (r − k)/n. Γ(·) represents the clustering opera-
tion. We employ constrained k-means (Bradley, Bennett, and
Demiriz 2000) to balance the rank capacity of each group.
Then, we use Gi to group the redundant ranks:

Aui = {aj | j ∈ Gi}, i = 1, 2, . . . , n,

Bui
= {bj | j ∈ Gi}, i = 1, 2, . . . , n.

(8)

After the completion of the redundant rank partitioning, the
subsequent orthogonal constraints enforce that each group
occupies non-overlapping feature spaces to achieve inter-
group complementarity.
Inter-Group Orthogonal Constraint. Our inter-group or-
thogonal constraints aim to enhance the independence of
feature learning among different rank groups, thereby re-
ducing the parameter redundancy in rank spaces. Specifi-
cally, A functions as a universal feature extractor, capturing
the fundamental standard features within bimodal data (Tian
et al. 2024). To enhance both the diversity and discrimina-
tive power of these general features, a channel orthogonal-
ity constraint is imposed on A. In contrast, B focuses on

learning task-specific knowledge, so rank orthogonal con-
straints are applied to ensure that the task knowledge carried
by different ranks is complementary. The orthogonal con-
straint loss can be expressed as:

Lorth =
∑
i̸=j

(∣∣A⊤
ui
Auj

∣∣+ ∣∣B⊤
ui
Buj

∣∣) . (9)

Notably, calculating the above loss for all pairs of rank
groups incurs a substantial computational burden. There-
fore, we randomly select only one pair of different rank
groups to compute the orthogonality loss at each iteration,
thereby reducing the computational load.

Objective Loss
For the tracking task, we use binary cross-entropy loss for
classification and GIoU loss (Rezatofighi et al. 2019) for re-
gression. The overall loss function is summarized as follows:

L = Lcls + Lreg + λ · Lorth, (10)

where Lcls represents the binary cross-entropy loss, while
Lreg represents the GIoU loss. λ is the balance factor.

Experiments
Implementation Details
We utilize LoRAT (Lin et al. 2024) as a baseline and ini-
tialize the model with its pretrained weights. As shown in
Table 2, we provide two different scale variants, GOLA-B
and GOLA-L. In all variants, the model trains for 10 epochs
on four NVIDIA A40 GPUs, with a batch size of 128, pro-
cessing 131,072 image pairs per epoch. The rank r is set to
64, the number of crucial ranks k is set to 16, and the num-
ber of redundant rank groups n is set to 8. The balance factor
λ is set to 1.4 × 10−3. The threshold τ is set to 0.84. Dur-
ing the inference phase, we test the inference speed using a
single NVIDIA RTX 3090 GPU.

Comparison with State-of-the-Arts
Evaluation on GTOT (Li et al. 2016). GTOT includes 50
precisely paired video sequences, each with an infrared and
a grayscale video. As shown in Table 1, GOLA-L estab-
lishes a new state-of-the-art performance with 95.3% MPR
and 80.9% MSR. This result surpasses all previous methods
and demonstrates a significant improvement over the strong
baseline of CKD. GOLA-B also yields robust results, vali-
dating that our architecture exhibits strong generalizability
even under the basic configuration.
Evaluation on RGBT210 (Li et al. 2017). RGBT210 is a
precisely annotated dataset of 210 visible and infrared video
pairs, comprising over 210,000 frames. As shown in Table 1,
GOLA demonstrates significant advantages on RGBT210.
GOLA-B achieves a PR of 90.9% and a SR of 67.0%, show-
ing notable improvements compared to methods such as
CKD and CFBT. Relative to GOLA-B, GOLA-L improves
the PR and SR metrics to 92.0% and 68.7%, respectively,
resulting in a further performance gain.
Evaluation on RGBT234 (Li et al. 2019). RGBT234 con-
tains 234 precisely aligned visible-infrared video sequence
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Methods GTOT RGBT210 RGBT234 LasHeR Speed
MPR MSR PR SR MPR MSR PR NPR SR (fps)

APFNet (Xiao et al. 2022) 90.5 73.7 79.9 54.9 82.7 57.9 50.0 43.9 36.2 1
CAT++ (Liu et al. 2024a) 91.5 73.3 82.2 56.1 84.0 59.2 50.9 44.4 35.6 14
ViPT (Zhu et al. 2023) - - - - 83.5 61.7 65.1 - 52.5 -
TBSI (Hui et al. 2023) - - 85.3 62.5 87.1 63.7 69.2 65.7 55.6 36
TATrack (Wang et al. 2024) - - 85.3 61.8 87.2 64.4 70.2 66.7 56.1 26
STMT (Sun et al. 2024) - - 83.0 59.5 86.5 63.8 67.4 63.4 53.7 39
BAT (Cao et al. 2024) - - - - 86.8 64.1 70.2 - 56.3 -
CKD (Lu et al. 2024) 93.2 77.2 88.4 65.2 90.0 67.4 73.2 69.3 58.1 96
SDSTrack (Hou et al. 2024) - - - - 84.8 62.5 66.5 - 53.1 21
CFBT (Zeng et al. 2024) - - 87.7 63.0 89.9 65.9 73.2 69.5 58.4 -
DMD (Hu et al. 2025b) 92.4 76.8 87.0 63.7 89.3 66.7 72.6 68.6 57.6 17
STTrack (Hu et al. 2025a) - - - - 89.8 66.7 76.0 - 60.3 36
SeqTrackv2-B384 (Chen et al. 2023) - - - - 90.0 66.3 71.5 - 56.2 15
SUTrack-B384 (Chen et al. 2025) - - - - 92.1 69.2 75.8 - 60.9 32

GOLA-B 92.8 78.5 90.9 67.0 92.2 69.5 77.5 73.9 61.6 125

SeqTrackv2-L384 (Chen et al. 2023) - - - - 91.3 68.0 76.7 - 61.0 5
SUTrack-L384 (Chen et al. 2025) - - - - 93.7 70.3 76.9 - 61.9 12

GOLA-L 95.3 80.9 92.0 68.7 92.8 71.3 78.1 74.5 61.9 64

Table 1: Comparison of state-of-the-art performance across the GTOT, RGBT210, RGBT234 and LasHeR datasets. Bold indi-
cates the highest performance, and underlined indicates the second-highest performance.

Variant Template Search Params Trainable FLOPs
Resolution Resolution (M) (%) (G)

GOLA-B 112×112 224×224 99 10 85
GOLA-L 112×112 224×224 336 8 284

Table 2: Details of input resolution, parameter count, and
efficiency for different variants.

pairs, with roughly 234,000 frames in total. As shown in
Table 1, GOLA demonstrates a significant performance ad-
vantage on RGBT234. GOLA-B performs comparably to
SUTrack-L384. Furthermore, GOLA-L enhances the MPR
to 92.8% and the MSR to 71.3%, with the MSR showing an
improvement of 1.0% compared to SUTrack-L384. The ex-
perimental results validate the effectiveness of our approach.
Evaluation on LasHeR (Li et al. 2021). LasHeR comprises
1,224 visible-infrared video pairs with over 734,800 frame
pairs in total. As shown in Table 1, GOLA demonstrates re-
markable performance, surpassing competitive approaches
such as SeqTrackv2 and SUTrack. GOLA-B achieves 77.5%
of PR, 73.9% of NPR, and 61.6% of SR, outperforming
larger trackers such as SeqTrackv2-L384 and SUTrack-
L384. GOLA-L further elevates the PR to 78.1%, showing
improvements of 1.4% and 1.2% compared to SeqTrackv2-
L384 and SUTrack-L384, respectively.
Attribute-based Performance. LasHeR encompasses 19
distinct attributes that serve to evaluate tracker performance
across various challenges as depicted in Fig. 3. GOLA con-
sistently achieves optimal results across nearly all tested at-
tributes. Notably, within the “HI” attribute, GOLA’s PR ex-
ceeds that of TBSI by 6.9%. Similarly, GOLA also demon-
strates outstanding performance on the “HO” and “SV” at-
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Figure 3: Comparison between GOLA-B with different
trackers across various attributes in the LasHeR testing set.

tributes. These results convincingly demonstrate that GOLA
is capable of acquiring diverse knowledge for various at-
tributes, thereby enhancing tracking performance.

Comparison between Different Fine-Tuning Methods.
Table 3 compares the performance of different fine-tuning
methods. The full fine-tuning method achieves 72.5% of
PR and 57.9% of SR. Fine-tuning methods such as Adapter
(Houlsby et al. 2019), VPT (Jia et al. 2022), and (IA)3 (Liu
et al. 2022) reduce the proportion of trainable parameters,
but their performance is lower compared to full fine-tuning.
LoRA (Hu et al. 2022) maintains the same inference speed
as the full fine-tuning method. DoRA (Liu et al. 2024b) and
AdaLoRA (Zhang et al. 2023) require a longer time to fit due
to the introduction of new parameters. Compared to LoRA,
our method achieves significant performance improvements
while reducing the number of trainable parameters by 23%.
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Method Params Trainable PR SR FLOPs Speed
(M) (%) (%) (%) (G) (fps)

FFT 88 100 72.5 57.9 77 125

Adapter 89 4 68.8 54.5 78 78
VPT 88 3 70.8 56.3 78 85
(IA)3 88 3 70.1 55.4 77 80

LoRA 99 13 76.3 60.7 85 125
AdaLoRA 99 13 57.9 44.4 85 125
DoRA 99 13 63.7 49.3 83 125

GOLA-B 99 10 77.5 61.6 85 125

Table 3: Comparison between different fine-tuning methods.

Reference PR (%) SR (%)

A 77.0 61.1
B 77.5 61.6

Table 4: Impact of partitioning reference on performance.

Sorting Clustering PR (%) SR (%)

✓ - 77.0 61.4
- ✓ 76.6 61.0

✓ ✓ 77.5 61.6

Table 5: Ablation on rank sorting and clustering strategy.

Type PR (%) SR (%)

① 76.3 60.7
② 76.8 61.2
③ 76.7 61.2

GOLA-B 77.5 61.6

Table 6: Ablation of orthogonal constraint.

Ablation Studies
Impact of Partitioning Reference on Performance. Ta-
ble 4 demonstrates the impact of different matrices used as
sorting criteria on final performance. The experimental re-
sults confirm that matrix B exhibits a stronger correlation
with the specific task, thus enabling a more accurate identi-
fication and preservation of crucial feature information.
Ablation on Rank Sorting and Grouping Strategy. In Ta-
ble 5, we conduct ablations on rank sorting and grouping
strategies. The results indicate that rank ordering helps the
model retain its generalization ability. At the same time, the
grouping strategy facilitates the learning of specific knowl-
edge within groups, thereby enhancing the expressive capa-
bility of each group. The combination of the two strategies
enhances model performance more effectively.
Effectiveness of Orthogonal Constraint. In Table 6, we ex-
plore the effectiveness of our orthogonal constraint applied
separately to A and B. ① indicates the absence of orthogo-
nal loss, ② signifies the application of orthogonal loss solely

Pair(s) PR (%) SR (%) Training Time (m)

1 77.5 61.6 110
2 77.2 61.4 120
4 77.2 61.5 150
8 77.0 61.3 200

Table 7: Ablation of sampling quantity on orthogonal loss.

Method Params PR SR FLOPs Speed
(M) (%) (%) (G) (fps)

TBSI 193 61.1 46.6 97 35
BAT 94 75.1 59.3 74 40
SeqTrackv2-B256 99 32.7 25.7 40 46
SUTrack-B224 89 71.8 56.8 70 35

GOLA-B 99 77.5 61.6 85 125

Table 8: Comparison between different trackers on DINOv2.
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Figure 4: Impact of the number of crucial ranks and groups.

to the matrix A, and ③ denotes the application of orthogo-
nality loss solely to the matrix B. The results indicate that
applying the orthogonal loss simultaneously to both A and
B leads to a more significant enhancement. This suggests
the presence of a complementary effect between A and B,
thereby validating the effectiveness of our orthogonal loss.
Impact of Sampling Quantity. In Table 7, we investigate
the impact of the number of parameter pairs sampled ran-
domly for the orthogonal constraint. Experimental results in-
dicate that excessive sampling does not yield significant per-
formance improvements. Instead, it increases computational
burden. This occurs because a single set of random samples
is sufficient to achieve orthogonal constraints. As feature de-
coupling reaches a certain extent, the effect of adding further
constraints shows diminishing returns.
Performance of Trackers using DINOv2. To eliminate the
impact of different backbones, as shown in Table 8, we apply
the LoRAT pretrained DINOv2 (Oquab et al. 2024) to other
methods to achieve a fairer comparison. All methods adhere
to the same training protocol as our model. The new parame-
ters introduced by TBSI and SeqTrackv2 fail to converge ef-
fectively within 10 epochs, resulting in suboptimal tracking
performance. The full fine-tuning strategy employed by SU-
Track leads to overfitting. Although BAT demonstrates supe-
rior tracking performance under DINOv2, its dual-stream ar-
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Figure 5: Qualitative comparison of GOLA-B against 4 state-of-the-art trackers on 4 video sequences.
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Figure 6: Visualization of t-SNE maps between rank groups.
Ranks within different groups use different colors.

chitecture and additional adapter parameters limit inference
speed. In contrast, GOLA maintains optimal tracking per-
formance while exhibiting remarkably high inference speed.
Ablation on Crucial Rank Number. We conduct an experi-
ment on the number of crucial ranks k as shown in Fig. 4 (a).
When k is excessively large, abundant redundant ranks be-
come frozen, resulting in insufficient capacity for the model
to learn new features. Conversely, an excessively small k
fails to retain pre-trained knowledge and impairs the model’s
original generalization ability.
Ablation on Group Number. As shown in Fig. 4 (b), we
present an experiment on the number of groups n. The vari-
able n directly influences the expressive capability of the
model. As n increases, the number of ranks within each
group decreases, resulting in a diminished expressive abil-
ity for individual groups. Conversely, as n decreases, having
too few groups restricts the model’s ability to learn diverse
knowledge, ultimately leading to a decline in performance.

Visualization and Analysis
Qualitative Comparison. We qualitatively compare our
method with other RGB-T trackers. As shown in Fig. 5, we
select four representative sequences from LasHeR, cover-
ing diverse tracking challenges such as partial and total oc-
clusions, low illumination, and similar-object interference,

to assess performance in realistic scenarios visually. Taking
the third sequence as an example, our method demonstrates
robust tracking capabilities even in the presence of severe
dynamic blur and varying illumination. Results indicate that
GOLA learns specific knowledge tailored to different chal-
lenges, thereby enhancing tracking performance.
Visualization of Rank Groups. We visualize the ranks of
different groups using t-SNE in Fig. 6. For LoRA, we iden-
tify the corresponding ranks for visualization by utilizing the
grouping indices from GOLA. Compared to LoRA, the rank
feature points within the same group of GOLA exhibit a high
degree of clustering. This suggests intra-group ranks form a
stronger synergistic effect during learning, enabling concen-
trated expression around specific tasks. Rank orders between
different groups show distinct separation, indicating that the
groups have learned complementary expressive capabilities.
Visualization results further validate the superiority of our
approach in learning strategies.

Conclusion
In this paper, we propose a Group Orthogonal Low-Rank
Adaptation (GOLA) framework for RGB-T tracking, aiming
to address the limitations in parameter redundancy and low-
rank space expression capabilities. GOLA identifies and re-
tains crucial ranks by introducing a rank decomposition par-
titioning strategy, thereby preserving the priors of the pre-
trained weights while clustering redundant ranks for struc-
tured learning. Furthermore, we implement an inter-group
orthogonal constraint strategy to mitigate information re-
dundancy within low-rank spaces, enhancing the model’s
expressive capabilities for addressing diverse challenges.
Compared to full fine-tuning, GOLA reduces the number
of trainable parameters to alleviate overfitting and achieves
parameter merging during inference without incurring addi-
tional delays. Experimental results validate the effectiveness
and efficiency of GOLA, demonstrating that our method sig-
nificantly outperforms state-of-the-art methods while main-
taining real-time performance. We hope that GOLA can pro-
vide a new perspective for fine-tuning methods in RGB-T
tracking and facilitate further advancements in this field.
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