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Abstract. Self-supervised RGB-T tracking seeks to learn robust cross-
modal representations without dense manual annotations. A common
supervision strategy relies on forward-backward tracking loops, but in
practice, it is highly vulnerable to error accumulation and modality drift
caused by the inconsistent reliability of visible and thermal cues. To ad-
dress this issue, we propose LGCTrack, a self-supervised RGB-T tracker
underpinned by a local-to-global coordination strategy within a closed-
loop verification paradigm. At the local level, a hierarchical coordina-
tion module performs layer-wise, reliability-aware token interaction to
enable adaptive cross-modal fusion. At the global level, a turning-phase
coordination module refines the target representation during the critical
forward-to-backward transition, anchoring target semantics and improv-
ing backward tracking. By jointly coordinating cross-modal interaction
at two granularities, LGCTrack intrinsically filters pseudo-label noise and
mitigates drift. Experiments on standard RGB-T tracking benchmarks
show that LGCTrack consistently outperforms existing self-supervised
methods and substantially narrows the gap to fully supervised trackers.
Our code is available at https://github.com/zyyyya/LGCTrack.

Keywords: RGB-T tracking · Single object tracking · Self-supervised
learning

1 Introduction

Single-object tracking is a fundamental task in computer vision, with appli-
cations in video surveillance, robotics, and autonomous driving [3, 6, 13]. Re-
cent RGB trackers have achieved substantial progress with the development of
transformer-based architectures [23,46,48,55] and large-scale datasets [5,11,30].
Nevertheless, their performance remains limited under adverse imaging condi-
tions, such as low illumination, heavy shadow, and severe appearance variation,
where the visible modality alone often becomes insufficient for accurate target
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Fig. 1: (a) Fully supervised tracker utilize accurate annotations but manual annota-
tions are time-consuming and expensive. (b) Pseudo-labels often suffer from identity
inconsistency and label noise. (c) We achieve local and global cross-modal coordination
under closed-loop verification. Blue, yellow, and red boxes indicate the ground-truth
label, pseudo-label, and predicted box, respectively.

localization [36]. RGB-T tracking addresses this limitation by incorporating ther-
mal infrared image as an additional modality. Since thermal data is less sensitive
to illumination changes, it provides complementary information when RGB ob-
servations are degraded, making RGB-T tracking more reliable in challenging
scenarios [1, 56].

Although fully supervised RGB-T trackers have achieved impressive perfor-
mance [2,10,29,34,35,45,47], most of them rely on dense frame-level annotations
for training, as illustrated in Fig. 1 (a). Constructing large scale RGB-T datasets
with accurate manual labels is time-consuming and expensive, which substan-
tially limits the scalability of supervised learning. This limitation has recently
stimulated growing interest in self-supervised RGB-T tracking [20, 21], where
pseudo-labels are typically generated from the temporal continuity of videos.

However, due to the dynamic discrepancies between modalities [7, 24], these
pseudo-labels are often unreliable , as illustrated in Fig. 1 (b). As a result, cross-
modal interaction becomes inherently challenging. While it is essential for ex-
ploiting complementary information across modalities, inaccurate cues from one
modality may also propagate to the other and lead to error accumulation. This
issue is particularly pronounced in closed-loop verification based frameworks,
where the target is first tracked from a reference frame to a subsequent frame
and then back to the original frame. Unreliable modal information is introduced
during this process, the resulting errors can not only disrupt forward tracking
but also corrupt the target representation, thereby weakening the closed-loop
verification [26,29].
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The central difficulty of loop-based self-supervised RGB-T tracking lies in
how cross-modal interaction is regulated throughout the tracking loop. This
difficulty arises at two closely connected levels. During feature extraction, cross-
modal information exchange should be sufficiently effective to exploit modality
complementarity, while remaining controllable enough to avoid transferring un-
reliable cues. At the transition from forward tracking to backward tracking, the
target representation must be further stabilized, since its quality directly affects
the subsequent backward tracking. This calls for a coordinated solution that ad-
dresses both progressive feature interaction and target representation refinement
within a unified framework.

To address this challenge, we propose LGCTrack, a Local-to-Global Cross-
modal coordination framework for self-supervised RGB-T tracking, as shown in
Fig. 1 (c). LGCTrack regulates cross-modal interaction during both feature ex-
traction and the transition from forward tracking to backward tracking. Specifi-
cally, a hierarchical local coordination module is introduced into the dual-stream
backbone to support progressive cross-modal exchange while limiting the trans-
fer of unreliable cues. In addition, a turning-phase global coordination module
is designed to refine the target representation before backward tracking, thereby
improving the stability of the backward trajectory. Through this local-to-global
coordination strategy, LGCTrack reduces error accumulation in the tracking loop
and enhances the robustness of self-supervised RGB-T tracking.

The main contributions of this work are summarized as follows:

– We propose LGCTrack, a self-supervised RGB-T tracking framework an-
chored in a novel closed-loop verification mechanism. By effectively circum-
venting the unreliability of noisy pseudo-labels, it facilitates accurate spatio-
temporal self-alignment of cross-modal features.

– We introduce a dual-stage coordination mechanism, comprising Hierarchical
Local Coordination (HLC) for granular feature fusion and Turning-phase
Global Coordination (TGC) to neutralize modal biases, ensuring stable and
discriminative target representations.

– LGCTrack consistently outperforms existing self-supervised methods on mul-
tiple benchmarks and rivals fully-supervised counterparts, demonstrating ex-
ceptional robustness against temporal error accumulation.

2 Related Work

Self-supervised tracking. Self-supervised tracking learns target representa-
tions from unlabeled data without relying on dense manual annotations [22, 33,
49]. Most existing progress has been made in RGB tracking, where supervision
is typically derived from temporal continuity, cycle-consistency, or discrimina-
tive learning objectives [40]. Early works such as UDT [39] and USOT [53] for-
mulate tracking through forward-backward consistency. PUL [41] further intro-
duces progressive discriminative learning with temporal correspondence mining
and contrastive background discrimination. More recently, SSTrack [54] com-
bines cycle-based association with instance-level contrastive supervision, while
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Diff-Tracker [52] explores diffusion models as a source of localization cues. These
methods show that cycle-based learning provides an effective foundation for self-
supervised tracking, but they are developed for single-modality RGB tracking
and do not consider cross-modal interaction under dynamic modality reliability.

RGB-T tracking. RGB-T tracking improves robustness under adverse imag-
ing conditions by combining visible and thermal modalities [15, 43, 50]. Recent
fully supervised methods achieve strong performance through increasingly effec-
tive cross-modal modeling [29,32]. ViPT [56] adapts pre-trained RGB models to
multimodal tracking via visual prompt learning. BAT [1] introduces a bidirec-
tional adapter for dynamic modality adaptation. AINet [29] performs progressive
all-layer fusion, while STTrack [10] models multimodal spatio-temporal correla-
tions with a temporal state generator. Despite their effectiveness, these methods
rely on dense supervision to correct inaccurate cross-modal fusion. Recent studies
such as GDSTrack [20] have started to explore self-supervised RGB-T tracking.
In self-supervised RGB-T tracking, however, unreliable cues may be transferred
across modalities and further accumulate throughout the forward-backward loop.
The regulation of cross-modal interaction throughout the overall tracking loop
remains insufficiently studied. Different from prior methods that mainly pursue
stronger fusion [19], our method focuses on controllable cross-modal coordination
for loop-based self-supervised RGB-T tracking.

3 Method

In this section, we first define the task and give an overview of our framework
(Sec. 3.1). Then we illustrate our local-to-global cross-modal coordination strat-
egy, including hierarchical local coordination (Sec. 3.2) and turning-phase global
coordination (Sec. 3.3).

3.1 Task Definition and Framework Overview

Task definition. Given a synchronized pair of visible and thermal video streams
with an initial target specification, a self-supervised RGB-T tracker aims to accu-
rately and consistently localize the same target in subsequent frames, learning to
exploit multimodal information for tracking without relying on dense frame-level
supervision during training.

Framework overview. The overall pipeline of our proposed self-supervised
RGB-T tracking framework is shown in Fig. 2.

We formulate a foundational tracking operator, denoted as T , which pro-
cesses visible and thermal inputs in parallel to predict a target bounding box
for each frame. For a given frame i, let Z = (zrgb, ztir) and Xi = (xrgb

i , xtir
i )

denote the token embeddings of the template and search region in their re-
spective modalities. Each modality stream maintains a global token denoted as
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Fig. 2: The overall framework of LGCTrack. During forward tracking, a shared back-
bone extracts target features, where HLC interacts modality information at each en-
coder layer. At the turning phase, TGC coordinates cross-modal global tokens and
initializes reverse tracking. The backward tracking then returns to the initial frame,
providing a closed-loop verification signal for end-to-end optimization.

S = (srgb, stir), prepended to the image tokens. S encodes a compact repre-
sentation of the current target state and is used for box prediction [55]. These
tokens are processed by a dual-stream encoder ϕ(·) with shared weights across
modalities, maintaining modality-specific representations for RGB and TIR.

Specifically, we introduce our Hierarchical Local Coordination(HLC) inside
the encoder(Sec. 3.2). At each layer, HLC enables controlled information ex-
change between the two streams. It leverages complementary cues while miti-
gating modality-dependent degradations. The resulting features are subsequently
decoded by a prediction head H(·) to estimate the target state b̂i. Formally, this
tracking process can be formulated as:

b̂i = T (S,Z,Xi) = H(ϕ(S,Z,Xi)). (1)

Building upon this dual-stream tracker, we adopt a forward-backward track-
ing paradigm to learn tracking capabilities without dense annotations. Given an
unannotated video clip of N frames and the initial target box bt0 , the training
proceeds through a closed loop.

In the forward tracking process, the forward tracker sequentially localizes
the target. Initialized by the template region Z generated from bt0 , the tracker
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dynamically updates the search region Xi conditioned on the prediction from
the preceding frame, b̂i−1. Using our defined operator T , the forward trajectory
is recursively generated as:

b̂i = T (S,Z,Xi(b̂i−1)), i = t0 + 1, t0 + 2, . . . , N. (2)

At the turning phase between forward and backward tracking, the back-
ward tracking is initialized by the forward results from two aspects. Spatially,
the backward template input Z̃ is initialized by the forward tracking estimate
b̂N . Semantically, we apply a turning-phase global coordination(TGC) principle
(Sec. 3.3). Instead of propagating the forward global tokens to the backward
tracking in a direct way, we update the global tokens srgbturn and stirturn via our
coordination module Q:

S̃ = s̃rgbturn, s̃
tir
turn = Q

(
srgbturn, s

tir
turn

)
. (3)

The updated global tokens are then fed into the backward tracker together
with the template Z̃. In the backward tracking process, we run the same tracker,
the forward tracker T , but in reverse temporal order. Conditioned on the new
template Z̃ and the updated global token s̃, the model iteratively predicts the
backward result b̃i−1:

b̃i−1 = T
(
S̃, Z̃, X̃i−1(b̃i)), i = N,N − 1, . . . , t0 + 1, (4)

where the initial backward state is set as b̃N = b̂N , and X̃i−1(b̃i) denotes the
search region in frame i − 1 cropped according to the backward prediction b̃i
from frame i. The backward trajectory is then recursively generated from frame
N to frame t0, with the updated global tokens providing consistent guidance
throughout the loop.

By requiring the backward prediction to match the initial target location, the
proposed framework establishes a closed-loop verification signal for optimization.
The overall objective is defined as

L = Lcls(b̃t0 , b
gt
t0 ) + λgiouLgiou(b̃t0 , b

gt
t0 ) + λL1

L1(b̃t0 , b
gt
t0 ), (5)

where b̃t0 denotes the backward prediction at frame t0, and bgtt0 is the correspond-
ing ground-truth box. Lcls denotes the focal loss for classification [14]. Lgiou and
L1 denote the GIoU loss and L1 loss for box regression [31]. Following [48], λgiou

and λL1
are set to 2 and 5, respectively.

3.2 Hierarchical Local Coordination

Our framework adopts a local-to-global coordination strategy. We regulate cross-
modal interaction at two granularities: hierarchical local coordination inside
the encoder (Sec. 3.2), and turning-phase global coordination at the forward-
backward turning phase. (Sec. 3.3).
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Fig. 3: The detailed framework of HLC.

At the local level,we introduce a Hierarchical Local Coordination (HLC)
module within each block of the dual-stream encoder. As shown in Fig. 3, HLC
is implemented as a bypass branch. For the l-th layer, let F (l)

rgb and F
(l)
tir denote the

intermediate token representations, HLC extracts cross-modal cues and injects
them back to each stream with an explicit gate.

We first project query, key, and value projections for both modalities, denoted
as (Qrgb,Krgb, Vrgb) and (Qtir,Ktir, Vtir). To capture inter-modality dependen-
cies, the queries of one modality attend to the keys and values of the other.
For modality m ∈ {rgb, tir} and its counterpart m̄, the cross-modal feature is
computed as

Cm = M
(

Softmax
(
QmKT

m̄√
d

)
Vm̄

)
, (6)

where d is the projection dimension, and M(·) denotes a lightweight network
implemented as a linear layer followed by a GELU activation layer.

In a self-supervised forward-backward loop, there is no per-frame supervision
to correct intermediate interaction. When one modality becomes unreliable, di-
rectly adding cross-modal features can pass unreliable cues to the other stream.
We therefore use an adaptive gate to control how much cross-modal information
is injected. Specifically, we concatenate the original features with the cross-modal
features and use a two-layer network (Linear-GELU-Linear) to output a single
scalar gate value for each token.

gm = σ
(
Wm

gate[F
(l)
m ;Cm]

)
, m ∈ {rgb, tir}, (7)

where [·; ·] denotes channel-wise concatenation, Wm
gate denotes the gating network

parameters for modality m, and σ(·) is the sigmoid function.
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The gated cross-modal features are then integrated back into the main pro-
cessing stream as residuals with grgb and gtir. We further introduce a learnable
scaling parameter αm, initialized to zero, to stabilize training. The updated fea-
ture for modality m is obtained by combining the spatial self-attention and the
local cross-modal coordination:

F ′
m = F (l)

m +MSA
(
LN(F (l)

m )
)
+ αm gm ⊙ Cm, m ∈ {rgb, tir}, (8)

where LN(·) denotes Layer Normalization, MSA is the multi-head self-attention,
and ⊙ is element-wise multiplication. The intermediate featur is then updated
by the Feed-Forward Network (FFN):

F (l+1)
m = F ′

m + FFN(LN(F ′
m)) , m ∈ {rgb, tir}. (9)

By applying this coordination process across all encoder layers, the encoder
performs progressive local cue exchange with controlled information flow.

3.3 Turning-phase Global Coordination

While the HLC module can regulate feature exchange, closed-loop verification
remains vulnerable at the turning phase from forward to backward tracking:
the backward trajectory is initialized by the final result of the forward tracking,
target drift at this switch can be propagated along the entire return path.

In a tracking framework with global tokens, the independent global tokens
at the end of forward tracking are typically propagated to the next frame [55].
However, propagating these unimodal global tokens preserves modality-specific
drift accumulated at the turning phase under the loop setting. To address this
issue, we introduce a Turning-phase Global Coordination module (TGC).

Specifically, let srgbturn and stirturn denote the global tokens at the end of the
forward tracking which aggregate target information [55], and let F rgb

N , F tir
N

denote the corresponding image tokens of the initial frame of the backward
tracking. Before reversing the tracking direction, we update global tokens via
cross-modal attention so that it incorporates context from the other modality:

s̃mturn = Proj
(

Softmax
(
Q(smturn)K(F m̄

N )T√
d

)
V (F m̄

N )

)
,m ∈ {rgb, tir}. (10)

where m̄ denotes the other modality, Q(·), K(·), and V (·) are modality-specific
linear projections, and Proj(·) represents the final output linear projection. TGC
updates the global tokens by aggregating spatial tokens from the other modality,
and makes it explicitly incorporate cross-modal context at the turning phase.

To construct the cross-modal loop, we then use the updated global tokens to
initialize backward tracking. s̃rgbturn is used on the TIR branch and s̃tirturn is used
on the RGB branch. The cross-write initialization encourages the two streams
to be coupled under the closed-loop verification objective, since the backward
tracking of one modality depends on global tokens that are conditioned on the
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other. As a result, the model is less likely to rely solely on unimodal states at
the turning phase, and is encouraged to learn cross-modal representations that
are useful for both directions. Combined with HLC, this design makes cross-
modal interaction more controlled within the loop and improves the robustness
of closed-loop verification. During inference, this mechanism simply serves to
update the global token from the previous frame.

4 Experiments

4.1 Experiment Setting

Evaluation metrics. We evaluate LGCTrack on three RGB-T tracking bench-
marks, including LasHeR [18], RGBT234 [17], and GTOT [16]. Following the
standard evaluation protocols, we report Precision Rate (PR), Normalized Pre-
cision Rate (NPR), and Success Rate (SR) on LasHeR, and Precision Rate (PR)
and Success Rate (SR) on both RGBT234 and GTOT. For the attribute-based
evaluation on RGBT234, we further report the results under five challenge at-
tributes, including low illumination (LI), low resolution (LR), no occlusion (NO),
thermal crossover (TC), and background clutter (BC).

Implementation details. All quantitative results reported in this paper are
obtained using NVIDIA RTX 4090 GPUs. Additionally, we reproduce the com-
plete pipeline on Atlas 800T A3. The template and search inputs are resized
to 128× 128 and 256× 256, respectively. We adopt ViT-Base [4] as the feature
extractor for both RGB and thermal streams and initialize our framework with
SSTrack [54]. We adopt AdamW [27] optimizer with the learning rate of 10−4

and the weight decay of 10−4. The model is trained for 10 epochs with a batch
size of 4, and each epoch samples 3× 104 training pairs.

4.2 Main Results

To verify its effectiveness, LGCTrack is comprehensively evaluated on LasHeR [18],
RGBT234 [17], and GTOT [16], competing with contemporary RGB-T trackers
across both fully supervised and self-supervised settings. As shown in Tab. 1,
LGCTrack consistently delivers the best performance among self-supervised meth-
ods on all three benchmarks. Furthermore, it outperforms previous self-supervised
approaches by clear margins across all reported metrics. LGCTrack effectively
narrows the gap with supervised methods, achieving competitive or even superior
performance without requiring manual annotations.

LasHeR. LasHeR [18] is a large-scale RGB-T tracking benchmark comprising
1,224 visible–thermal video pairs across 32 object categories, totaling 734.8K
frames. As summarized in Tab. 1, LGCTrack attains 59.5% PR, 55.3% NPR, and
45.7% SR, establishing the best performance among all self-supervised methods.
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Table 1: State-of-the-art comparison on LasHeR, RGBT234, and GTOT. “Sup” de-
notes whether the model is trained with Full supervision or Self-supervision.

Method Source Sup LasHeR [18] RGBT234 [17] GTOT [16]

PR ↑ NPR ↑ SR ↑ PR ↑ SR ↑ PR↑ SR↑

APFNet [44] AAAI 22 Full 50.0 - 36.2 82.7 57.9 90.5 73.7
CMD [51] CVPR23 Full 59.0 54.6 46.4 82.4 58.4 89.2 73.4
ViPT [56] CVPR 23 Full 65.1 - 52.5 83.5 61.7 - -
TBSI [12] CVPR 23 Full 69.2 65.7 55.6 87.1 63.7 - -
QAT [26] ACM MM 23 Full 64.2 59.6 50.1 88.4 64.3 91.5 75.5
BAT [1] AAAI 24 Full 70.2 - 56.3 86.8 64.1 - -

TATrack [38] AAAI 24 Full 70.2 66.7 56.1 87.2 64.4 - -
GMMT [37] AAAI 24 Full 70.7 67.0 56.6 87.9 64.7 93.6 78.5
SDSTrack [9] CVPR 24 Full 66.5 - 53.1 84.8 62.5 - -

OneTracker [8] CVPR24 Full 67.2 - 53.8 85.7 64.2 - -
Un-Track [42] CVPR24 Full 66.7 - 53.6 84.2 62.5 - -
CAT++ [25] TIP 24 Full 50.9 44.4 35.6 84.0 59.2 91.5 73.3

IPL [28] IJCV24 Full 69.4 65.6 55.3 88.3 65.7 - -
CAFormer [45] AAAI 25 Full 70.0 66.1 55.6 88.3 66.4 91.8 76.9
SMSTracker [2] ICCV 25 Full 70.3 - 56.0 86.9 64.5 - -

XTrack [35] ICCV 25 Full 69.1 - 55.7 87.4 64.9 - -

S2OTFormer [21] TOMM24 Self 39.8 - 29.5 68.4 47.7 83.1 70.2
GDSTrack [20] IJCAI 25 Self 45.9 39.3 35.4 70.9 48.5 73.9 59.8
SSTrack [54] AAAI 25 Self 54.8 49.8 38.4 78.5 55.8 79.4 65.3

LGCTrack(Ours) - Self 59.5 55.3 45.7 84.7 62.0 91.9 77.6

In particular, compared with GDSTrack [20], LGCTrack yields absolute improve-
ments of 13.6% PR, 16.0% NPR, and 10.3% SR. It also outperforms SSTrack [54]
by 4.7%, 5.5%, and 7.3% on the three metrics, respectively. While fully super-
vised trackers still hold an advantage on this challenging large-scale benchmark,
these consistent gains over prior self-supervised approaches clearly demonstrate
the effectiveness of our learning framework.

RGBT234. RGBT234 [17] comprises 234 RGB-T video pairs and provides 12
challenge attributes for fine-grained evaluation. As reported in Tab. 1, LGCTrack
achieves 84.7% PR and 62.0% SR, achieving the best performance among all self-
supervised trackers. Compared with SSTrack [54], LGCTrack yields absolute
gains of 6.2% in both PR and SR. Relative to GDSTrack [20], the improvements
further increase to 13.8% in PR and 13.5% in SR. Moreover, LGCTrack remains
competitive with several fully supervised trackers, further demonstrating the
effectiveness of the proposed representation learning strategy.

GTOT. GTOT [16] is a widely adopted RGB-T benchmark consisting of 50
sequences collected in diverse scenarios, including offices, public roads, and wa-
terside environments. On this dataset, LGCTrack achieves 91.9% PR and 77.6%
SR, establishing the best performance among existing self-supervised methods
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Table 2: Attribute-based comparison on RGBT234, where "LI", "LR", "NO", "TC",
and "BC" denote low illumination, low resolution, no occlusion, thermal crossover, and
background clutter, respectively.

Method LI LR NO TC BC

PR↑ SR↑ PR↑ SR↑ PR↑ SR↑ PR↑ SR↑ PR↑ SR↑

GDSTrack [20] 69.8 46.6 62.0 38.8 79.3 56.6 72.9 49.5 64.3 40.6
SSTrack [54] 67.5 46.4 75.3 49.6 86.7 64.3 84.8 60.7 65.1 42.7
LGCTrack 85.3 61.9 85.1 59.9 94.5 72.6 87.2 64.5 79.0 54.8

by a significant margin. In particular, relative to SSTrack [54], LGCTrack yields
improvements of 12.5% in PR and 12.3% in SR. Furthermore, despite relying
on no per-frame supervision, LGCTrack slightly surpasses the fully supervised
CAFormer [45] on both metrics. These results indicate that the proposed method
can substantially alleviate the reliance on dense manual annotations while re-
taining highly competitive tracking performance.

Attribute-based Analysis. Tab. 2 reports the attribute-based evaluation on
RGBT234. LGCTrack attains the best PR and SR across all evaluated attributes,
showing that its performance gains are consistent under diverse challenge factors.
Notably, the improvements are most pronounced on LI, LR, and BC, suggest-
ing that the advantage of LGCTrack is particularly evident in scenarios with
degraded illumination, limited appearance details, and strong background in-
terference. Meanwhile, the method also maintains clear gains on NO and TC,
indicating that its superiority is not confined to a few difficult cases but remains
stable across different tracking conditions.

4.3 Ablation Study

Ablation of the LGCTrack Framework. We evaluate the contributions of
the proposed HLC and TGC modules on LasHeR [18] and RGBT234 [17]. As
reported in Tab. 3, each module improves the baseline, and their combination
consistently achieves the best performance on both benchmarks. These results
indicate that LGCTrack benefits from effective cross-modal collaboration and
stable self-supervised optimization. Specifically, HLC exploits complementary
RGB and thermal cues through reliability-aware interaction to learn more dis-
criminative representations, while TGC stabilizes the learning process by pro-
viding more reliable target-state guidance at the turning phase. Together, they
form an effective solution for self-supervised RGB-T tracking.

Ablation of Cross-Modal Interaction Designs. We further analyze the de-
sign of HLC in Tab. 4. Vanilla fusion already improves the baseline, showing the
benefit of cross-modal interaction. Replacing it with hierarchical collaboration
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Table 3: Ablation study of the pro-
posed components. We compare the
baseline with variants that add only
HLC, only TGC, and both components.

HLC TGC LasHeR RGBT234

PR↑ NPR↑ SR↑ PR↑ SR↑

54.8 49.8 38.4 78.5 55.8
✓ 58.3 54.1 43.9 81.4 59.7

✓ 55.7 51.0 42.6 81.3 57.4
✓ ✓ 59.5 55.3 45.7 84.7 62.0

Table 4: Ablation of cross-modal de-
sign. Baseline denotes independent single-
modality inference. Vanilla denotes direct ad-
dition of final-layer features.

Model Variant LasHeR RGBT234

PR↑ NPR↑ SR↑ PR↑ SR↑

Baseline 54.8 49.8 38.4 78.5 55.8
Vanilla 58.3 53.3 41.7 80.8 57.3

HLC w/o gate 58.2 54.2 44.4 83.0 60.4
LGCTrack 59.5 55.3 45.7 84.7 62.0

Table 5: Effect of different HLC inte-
gration depths. We evaluate the mod-
ule across shallow (1-4), middle (5-8),
and deep (9-12) blocks, as well as all
layers (1-12).

Depth LasHeR RGBT234

PR↑ NPR↑ SR↑ PR↑ SR↑

1-4 59.6 55.6 46.5 81.8 58.4
5-8 60.4 56.3 46.4 83.1 60.4
9-12 57.8 53.3 44.6 82.9 60.5
1-12 59.5 55.3 45.7 84.7 62.0

Table 6: Effect of different update strategies
in the TGC module. Dir. directly exchanges
RGB and TIR global tokens without TGC.
Self applies TGC and writes each refined to-
ken back to its original stream. Cross applies
TGC and writes each refined token to the
other stream.

Exp. Dir. Self Cross LasHeR RGBT234

PR↑ NPR↑ SR↑ PR↑ SR↑

I ✓ 58.9 54.6 44.1 82.6 60.8
II ✓ 58.4 54.3 45.7 82.9 60.2

LGCTrack ✓ 59.5 55.3 45.7 84.7 62.0

brings further gains, suggesting that progressively exploiting modality comple-
mentarity is more effective. Moreover, the full HLC with dynamic gating per-
forms best on both benchmarks, highlighting the importance of reliability-aware
modulation. By adaptively controlling information exchange, the dynamic gate
enables more effective cross-modal collaboration, leading to more robust target
representations in challenging scenarios.

Effect of the HLC Integration Depth. Tab. 5 analyzes the effect of inserting
HLC at different backbone depths. We evaluate HLC in shallow (1–4), middle
(5–8), and deep (9–12) blocks, as well as across all layers (1–12). Overall, restrict-
ing HLC to a specific stage limits its gains, while applying it across the entire
encoder achieves the best overall performance across benchmarks. This indicates
that continuous cross-modal collaboration progressively refines complementary
cues across semantic levels. Therefore, we adopt the 1–12 setting as default in
subsequent experiments.

Effect of Different Update Strategies in TGC. We compare different up-
date strategies in TGC at the turning phase. As shown in Tab. 6, the best
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Table 7: Ablation of TGC update scope and
stage. To-TIR and To-RGB update only the
TIR or RGB global token. F2B applies TGC
only at the forward-to-backward transition.

Exp. To-TIR To-RGB F2B LasHeR RGBT234

PR↑ NPR↑ SR↑ PR↑ SR↑

III ✓ ✓ 57.8 53.0 43.1 80.9 58.8
IV ✓ ✓ 56.3 51.4 41.5 78.0 56.7
V ✓ ✓ 59.1 54.9 45.1 81.9 59.8

LGCTrack ✓ ✓ ✓ 59.5 55.3 45.7 84.7 62.0

Table 8: Comparison of model com-
plexity and runtime speed. We report
the number of parameters, FLOPs,
and tracking speed in FPS.

Method Params (M) FLOPs (G) FPS

Un-Track [42] 98.7 47.3 23.3
IPL [28] 176.6 243.2 18.2
STTrack [10] 128.3 181.2 42.4
GDSTrack [20] 202.1 129.4 15.0
LGCTrack 167.1 178.4 52.0

performance is achieved by updating the refined token to the other modality
stream. Directly exchanging RGB and TIR global tokens is less effective, sug-
gesting that simple token swapping is insufficient for cross-modal interaction at
the turning phase. Writing the refined token back to its original stream also
degrades performance. Overall, TGC works best when the refined token guides
the other modality stream during backward tracking.

Effect of the Update Scope and Insertion Strategy in TGC. We further
analyze the update scope and insertion strategy of TGC in Tab. 7. The results
show that updating a single modality global token is consistently less effective
than jointly updating both modalities, regardless of whether the updated to-
ken belongs to TIR or RGB. This indicates that effective global coordination
requires both streams to participate, allowing complementary information to
propagate across branches. Moreover, introducing TGC only between forward
and backward tracking performs better than inserting it into the propagation
process. Overall, TGC is most effective when jointly updating both modality
global tokens at the forward-to-backward transition.

Complexity Comparison. Tab. 8 compares model complexity and runtime
speed. Notably, LGCTrack achieves the highest tracking speed among all com-
pared methods, running at 52.0 FPS, which clearly demonstrates its real-time
capability. Meanwhile, its parameter count and FLOPs remain competitive,
showing that LGCTrack delivers superior runtime efficiency under a comparable
computational budget. These results highlight the clear runtime advantage of
LGCTrack for real-time RGB-T tracking.

4.4 Qualitative Analysis.

Fig. 4 presents qualitative comparisons with recent self-supervised RGB-T track-
ers on the LasHeR benchmark. The results reflect a fundamental challenge in
RGB-T tracking, where the reliability of RGB and thermal cues varies over
time. In the first two rows, sudden thermal degradation causes GDSTrack [20]
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gt GDSTrack SSTrack Ours

Fig. 4: Qualitative comparison of LGCTrack with self-supervised RGB-T trackers on
the LasHeR. The results show that LGCTrack achieves more accurate and stable target
localization under abrupt thermal degradation and severe RGB over-exposure.

to lose the target, while SSTrack [54] and LGCTrack remain effective. LGC-
Track further produces more accurate and stable bounding boxes. In the last two
rows, strong illumination severely over-exposes the RGB modality and changes
the relative reliability of the two modalities. Under this condition, LGCTrack
still maintains precise target localization throughout the sequence, whereas the
competing methods show clear jitter and drift. These results demonstrate that
LGCTrack adapts more effectively to dynamic modality degradation and exploits
cross-modal complementarity more reliably for robust tracking.

5 Conclusion

This paper presents LGCTrack, a self-supervised RGB-T tracking framework for
stable closed-loop learning under dynamic cross-modal reliability. LGCTrack in-
troduces a local-to-global coordination strategy that enhances layer-wise feature
interaction via Hierarchical Local Coordination and stabilizes target semantics
at the forward-to-backward transition via Turning-phase Global Coordination.
This design mitigates error accumulation and modality drift in closed-loop ver-
ification, enabling more reliable optimization. Extensive experiments show that
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LGCTrack consistently outperforms existing self-supervised trackers and sub-
stantially narrows the gap to fully supervised methods. Overall, effective RGB-
T tracking benefits from coordinated cross-modal interaction throughout the
tracking cycle beyond cross-modal fusion alone.
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