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RELO: Reinforcement Learning to Localize for Visual Object Tracking

Xin Chen! Chuanyu Sun' Jiao Xu?

Abstract

Conventional visual object trackers localize tar-
gets using handcrafted spatial priors, often in the
form of heatmaps. Such priors provide only surro-
gate supervision and are poorly aligned with track-
ing optimization and evaluation metrics, such as
intersection over union (IoU) and area under the
success curve (AUC). Here, we introduce RELO,
a REinforcement-learning-to-LOcalize method
for visual object tracking that formulates target
localization as a Markov decision process. Specif-
ically, RELO replaces handcrafted spatial priors
with a localization policy learned over spatial po-
sitions via reinforcement learning, with rewards
combining frame-level IoU and sequence-level
AUC. We additionally introduce layer-aligned
temporal token propagation to improve seman-
tic consistency across frames, with negligible
computational overhead. Across multiple bench-
marks, RELO achieves superior results, attain-
ing 57.5% AUC on LaSOT,., without template
updates. This confirms that reward-driven local-
ization provides an effective alternative to prior-
driven localization for visual object tracking.

1. Introduction

Visual object tracking aims to estimate the state (mainly the
location) of a target throughout a video given its initializa-
tion in the first frame (Wu et al., 2013). As a fundamental
problem in computer vision, it underpins a wide range of
applications, including surveillance, autonomous systems,
robotics, and human-computer interaction. Recent progress
has been driven by discriminative tracking paradigms, espe-
cially Siamese-based methods (Li et al., 2018; Bhat et al.,
2019; Chen et al., 2021; Wang et al., 2021a) and one-stream
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Figure 1. Comparison of target localization learning paradigms
in visual object tracking. (a) Conventional trackers learn target
localization from handcrafted spatial priors. (b) RELO replaces
handcrafted priors with an RL-based localization policy, optimized
using task-oriented rewards. Red arrows indicate the signals used
to optimize the localization module.

Transformer-based trackers (Ye et al., 2022; Zheng et al.,
2024; Chen et al., 2025; Lin et al., 2024), which localize
the target by learning dense spatial representations over
the search region. Despite their strong empirical perfor-
mance, most of these trackers still rely on handcrafted
spatial priors for surrogate supervision, typically in the
form of center-based heatmaps that represent target like-
lihood (see Fig. 1(a)). Several earlier Transformer-based
approaches (Cui et al., 2022; Song et al., 2022; Chen et al.,
2022; Gao et al., 2022) follow a similar idea in a less explicit
manner, by using expectation-based corner localization.

Although effective in practice, such prior-driven localization
strategies have an important conceptual limitation: the super-
visory signal is only indirectly related to the actual goal of
tracking. Handcrafted center or corner distributions encour-
age the tracker to match a manually specified spatial pattern,
rather than directly improving the metrics used to evaluate
tracking performance, such as intersection over union (IoU)
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and area under the success curve (AUC). In addition, the
design of these priors introduces extra assumptions that are
not intrinsic to tracking. For example, some trackers adopt
binary masks (Chen et al., 2021) and Gaussian-smoothed
heatmaps (Ye et al., 2022), and the resulting performance
can depend on design choices that are largely heuristic.

These observations motivate a different question: can a
tracker learn where to localize the target directly from task-
oriented feedback, without relying on handcrafted spatial
priors? In this paper, we answer this question affirma-
tively by introducing RELO, a REinforcement-learning-to-
LOcalize method for target localization in visual tracking.
As shown in Fig. 1(b), RELO formulates target localiza-
tion as a Markov decision process over the spatial feature
map. Each spatial location is treated as a candidate action,
the regression head predicts a corresponding bounding box
for every action, and a localization policy learns to select
promising actions. Instead of fitting the localization mod-
ule to surrogate labels, RELO optimizes the policy directly
using task-oriented rewards that combine frame-level IoU
and sequence-level AUC. In this way, localization behavior
emerges from the tracking objective itself, rather than from
manually designed supervision.

RELO offers two key advantages. First, it aligns training
more closely with evaluation by directly optimizing rewards
that reflect tracking quality. Second, it removes the need for
handcrafted spatial priors, allowing the tracker to discover
effective localization behavior through reward-driven explo-
ration. To make this reinforcement learning (RL) process
stable and effective, we introduce a regression warmup stage
that equips the tracker with basic box regression capability
before policy optimization. We additionally incorporate a
layer-aligned temporal token propagation strategy to im-
prove semantic consistency across frames with negligible
computational overhead.

Extensive experiments on multiple benchmarks demonstrate
that RELO achieves state-of-the-art performance on large-
scale tracking benchmarks while maintaining real-time in-
ference speed on GPU. In particular, RELO-L256 attains
75.1% AUC on LaSOT (Fan et al., 2019) without template
updates and 57.5% AUC on the more challenging LaSOT ey
benchmark (Fan et al., 2021), showing strong generalization.

In summary, our contributions are as follows:

* We reformulate target localization in visual tracking as a
Markov decision process and instantiate this formulation
in RELO, without relying on handcrafted spatial priors.

* We introduce a practical training strategy for RELO, in-
cluding a regression warmup stage and a layer-aligned
temporal token propagation mechanism.

* We show that RELO achieves strong accuracy and effi-
ciency, validating that directly optimizing task-oriented

rewards offers a strong alternative to conventional prior-
driven localization.

2. Related Work

In this section, we position RELO with respect to the two
closely related lines of research: dense-prediction-based
and RL-based visual tracking.

2.1. Dense-Prediction-Based Visual Tracking

Modern visual object trackers are largely built on discrimi-
native dense prediction, with one-stream Transformer-based
trackers emerging as a particularly strong and simple instan-
tiation. These methods typically extract spatial representa-
tions using deep visual backbones (He et al., 2022; Oquab
et al., 2024; Zhang et al., 2023) and predict the target state
from the resulting search-region feature map. However,
a common characteristic is that target localization is usu-
ally learned through handcrafted spatial priors rather than
directly end-to-end optimized.

Center-based localization. Most recent trackers fall into
this category (Xu et al., 2020; Xie et al., 2022; Tang & Ling,
2022; Mayer et al., 2022; Lin et al., 2022; Hong et al., 2024,
Zheng et al., 2025; Cai et al., 2025; Zhang et al., 2025). They
typically combine a classification-style localization branch,
which estimates the confidence of target presence at each
spatial location, with a regression branch that predicts the
final bounding box. The localization branch is supervised by
a center-based prior, usually implemented as either a binary
target map (Chen et al., 2021; Xu et al., 2020) or a Gaussian-
smoothed heatmap centered at the target position (Ye et al.,
2022; Lin et al., 2024).

Corner-based localization. Several earlier trackers in-
stead adopt corner-based formulations (Cui et al., 2022;
Song et al., 2022; Chen et al., 2022; Gao et al., 2022). These
methods predict probability distributions for the top-left
and bottom-right corners, and recover the bounding box by
taking expectations over the corresponding spatial distribu-
tions. Although this avoids an explicit center heatmap, it
still introduces handcrafted geometric bias, since the super-
visory signal is defined around annotated corners rather than
directly around tracking performance.

In contrast, RELO formulates target localization as a
Markov decision process and optimizes it with RL using
task-oriented rewards, thereby removing manually designed
spatial priors and aligning training more closely with testing.

2.2. RL-Based Visual Tracking

RL (Sutton & Barto, 1998) has been explored in visual
object tracking from several perspectives, but rarely as a
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mechanism that directly drives target localization. Early RL-
based trackers (Yun et al., 2017; Ren et al., 2018) treat track-
ing as iterative bounding box refinement, where an agent
selects discrete translation or scale actions to adjust a pre-
dicted box, typically under coarse IoU-thresholded rewards.
Later work extends this idea with continuous actions, hier-
archical policies, or teacher-guided distillation (Dunnhofer
et al., 2021; Zhang et al., 2021a), yet RL is still primarily
used for post-hoc box adjustment.

Beyond bounding box refinement, RL has also been applied
to auxiliary online decisions, including active tracking via
camera control (Luo et al., 2018), template updating (Zhao
et al., 2020; Sun et al., 2020), and adaptive feature or mod-
ule selection during inference (Zhang et al., 2020; Xie et al.,
2018; Huang et al., 2017). More recently, SLT (Kim et al.,
2022) uses RL to maximize mean IoU over video clips.
However, it is built on top of a strong prior-driven Siamese
tracker that provides both initialization and a reference dur-
ing optimization, so the learned policy remains strongly
coupled to the inductive biases of the underlying tracker.

In contrast, RELO applies RL directly to the core task of
visual tracking—target localization—by modeling spatial
positions on the feature map as actions and learning a lo-
calization policy from task-oriented rewards. From this
perspective, RL is not an auxiliary control module, but the
fundamental mechanism by which localization is learned.

3. Proposed Method: RELO

In this section, we present RELO, a visual object tracking
method that formulates target localization as a Markov de-
cision process over the spatial feature map of the search
region. As shown in Fig. 2, given a template and a search
frame, the encoder extracts search features, the regression
head predicts four normalized box coordinates at each spa-
tial location, the policy head outputs one logit per location
to define the action distribution, and the value head predicts
a scalar reward estimate per location.

3.1. Problem Formulation

Let Iiemp denote the template image and let I® denote
the search image at frame ¢. A one-stream Transformer-
based encoder jointly processes the template and search in-
puts and produces a search feature map F(*) ¢ RH*xWxC,
where H, W, and C' denote the height, width, and num-
ber of channels, respectively. Each spatial position (4, j)
corresponds to a candidate action a,; in the action space
A={@G,5) |ie{1,....,H}, j€{1,...,W}}. Foreach
action, the regression head predicts a candidate box

B® — Greg (F(t)> € RHXWx4, (1

)

where bg € R**! denotes the box for location (i, 7).

During training, we sample a clip of 71" search frames

T
{1® }t:r At frame ¢, the feature map F(*) serves as the
state representation, and the policy head gpolicy (-) induces
a categorical distribution over the spatial actions:

exp (mg))
S 2 ep(mn2)

where M) = g, q1iey (F) € RIXW denotes the logit
map at frame t. An action ) ~ 7(- | F®)) is sampled

@

W(aij | F(t)) =

during training, and the selected prediction is bl(:()t). We

maximize the expected reward over the sampled clip:
1z
— t
J(m) = T ;E““mwuw)) [T( )} ) 3)

where the reward r(*) is determined by the discrepancy be-
tween the predicted box bff()t> and the ground-truth box bgt),
with a higher reward assigned to more accurate localization.
This formulation removes the need for handcrafted spatial
priors; instead, the tracker learns localization behavior di-

rectly from task-oriented feedback.

3.2. Localization Policy Optimization

We optimize the localization policy using an actor-critic
method with a learned value baseline (Sutton & Barto, 1998).
For each frame ¢, the value head predicts

v = gane () 0

which estimates the expected reward conditioned on the
current state. The corresponding advantage is

AW — (0 _ 1) )

Our goal is to maximize the expected reward over the video
clip in Eq. (3). In practice, the expectation over actions is
approximated by Monte Carlo sampling, i.e., one action
is sampled from the policy at each frame. We therefore
optimize the following surrogate policy loss:

T
1
Cpolicy = -7 § A®) 1og7r(a(t) | F(t)) , (6)
t=1

where we replace the raw reward in the policy update with
the advantage defined in Eq. (5). The value head is trained
by regressing the predicted value to the observed reward:

¢ 1%( 0 _ (t>)2 )
value = T 2 v r .

The final optimization loss is

L= épolicy + B evalue» (8)
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Figure 2. System diagram of RELO. (a) Policy optimization over a video clip. Only the first and last frames are shown for simplicity.
For each frame, the Transformer-based encoder extracts visual features, and the tracking heads predict candidate bounding boxes. Task-
oriented tracking metrics, including frame-level IoU and sequence-level AUC, are used as reward signals to optimize target localization.
Layer-aligned temporal tokens are propagated across frames to provide temporal context. (b) Per-frame localization at frame ¢. Each
spatial position on the feature map is treated as a candidate action. The policy samples one action, whose corresponding regressed box is
used to compute the reward and advantage for policy optimization. Red arrows denote the flow of reward signals.

where [ balances policy learning and value regression. This
policy optimization encourages reward-driven exploration:
spatial locations that lead to better tracking outcomes be-
come more likely to be selected. Importantly, because the
reward need not be differentiable, it can be defined directly
in terms of tracking metrics, yielding substantially better
alignment between training and evaluation than prior-driven
surrogate supervision.

Regression warmup stage. Directly optimizing the local-
ization policy from scratch is unstable, because a sampled
spatial action is useful only when the corresponding box
prediction is already meaningful. We therefore begin with
a regression warmup stage that learns to regress a bound-
ing box from the visual feature at each spatial location.
Concretely, for each training sample, we supervise only
the single spatial location associated with the ground-truth
target position using the combination of the generalized
IoU (Rezatofighi et al., 2019) and ¢; losses. This stage is
not intended to teach the model where to localize, but rather
how to predict a bounding box from local visual features at
a given location. After warmup, the components learned in
this stage are frozen, which helps stabilize the subsequent
policy learning stage.

RL optimization stage. After warmup, we optimize the
localization policy on clips of T' consecutive search frames.

For frame ¢, the policy samples an action a®®) ~ 7(- | F(*)),

and the selected prediction is denoted by b ()t) We define
the reward at frame ¢ as

r® = 10U (b0, b)) + /\AUC({b N }T_1> :
O

where bg? denotes the ground-truth bounding box at frame
t. The first term provides immediate feedback on the lo-
calization quality of the current frame, whereas the second
term evaluates the sampled trajectory over the entire clip
and is shared across all frames. X is a trade-off parameter,
balancing frame-level and sequence-level supervision. In
this way, the policy is encouraged not only to make accu-
rate per-frame decisions, but also to favor action sequences
that improve overall tracking performance. The resulting
rewards are then used in the actor-critic objective in Eq. (5)
to optimize the policy and value heads. Although training is
performed on video clips, inference remains strictly frame-
by-frame, thus incurring no additional test-time overhead.

3.3. Layer-Aligned Temporal Token Propagation

To provide temporal context across frames, RELO intro-
duces temporal tokens that carry contextual information
from frame ¢ — 1 to frame t. A straightforward strategy,
adopted in (Zheng et al., 2024), is to inject the final deep-
layer temporal tokens from frame ¢ — 1 into the shallow
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Table 1. Summary of the RELO model variants, including the
number of parameters, computational cost in FLOPs, and inference
speed in frames per second (FPS), measured on an NVIDIA RTX
4090 GPU. The additional +2M parameters correspond to the
value head used during training, which is removed at test time.

Model #Params (M) FLOPs (G) Speed (FPS)
RELO-T256 22(+2) 8 91
RELO-B256 70(+2) 34 50
RELO-L256 247(+2) 114 32

layers of frame ¢t. However, this deep-to-shallow propaga-
tion creates a semantic mismatch: high-level representations
from deep layers are forced to interact with early-layer fea-
tures that primarily encode low-level appearance cues.

To address this issue, we adopt a layer-aligned temporal
token propagation strategy. Within frame ¢ — 1, the tempo-
ral tokens are updated progressively from shallow to deep
layers. Meanwhile, the temporal tokens produced at layer
[ are stored and propagated only to layer [ of frame ¢. In
this way, cross-frame information exchange is restricted to
matched semantic levels, which preserves the hierarchical
structure of the encoder.

More specifically, at frame ¢, we concatenate four groups
of tokens as the input to the [-th Transformer layer: the

template tokens Zl(t), the search tokens Xl(t), the current-
frame temporal tokens Tl(t) , and the propagated temporal
tokens Tl(t_l) from the same layer of the previous frame,
which are collectively denoted by Hl(t). The layer operation

can then be written as

t t t) t—1) t)
Zl(+)1’ Xl(+)1’ Tl(+1’ Pl(+1 } =i (Hz( )7 (10)

where f(-) denotes the [-th Transformer layer. Once the

[-th layer is applied, we discard Pl(i_ll)
(t=1)

propagated tokens T, , and retain only Tl(i)l as the up-
dated temporal tokens of the current frame. When entering
layer [ + 1, we then concatenate these retained tokens with
the layer-aligned temporal tokens propagated from frame

. t t t -1
t — 1, yielding Hl(jr)l = Zl(j_)l, Xl(i)l, Tl(:_)l, Tl(j_l )

the input to the (I + 1)-th Transformer layer. This design
keeps the number of within-frame carried tokens unchanged
across layers, preventing linear growth in token count while
preserving layer-aligned cross-frame interaction.

corresponding to the

as

4. Experiments

We evaluate RELO on seven standard visual tracking bench-
marks and compare it with recent state-of-the-art trackers.
We first summarize the implementation details, then report
the main benchmarking results, and finally analyze the effect
of the principal design choices through ablation studies.
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Figure 3. Comparison of temporal token propagation strategies. (a)
Deep-to-shallow propagation transfers temporal tokens from the
deep layers of frame ¢ — 1 to the shallow layers of frame ¢, intro-
ducing a semantic mismatch across layers. (b) Our layer-aligned
propagation passes temporal tokens from each layer of frame ¢ — 1
to the corresponding layer of frame ¢, preserving semantic consis-
tency during cross-frame information transfer. Red arrows denote
temporal tokens propagated from the previous frame.

4.1. Implementation Details

Model variants. RELO is built on a standard one-stream
Transformer-based tracking framework (Ye et al., 2022). To
cover different accuracy-efficiency trade-offs, we instantiate
three variants of RELO with different Transformer-based
encoders. Specifically, RELO-T256 uses HiViT-T (Zhang
et al., 2023), RELO-B256 uses HiViT-B, and RELO-L256
uses HiViT-L, all initialized from Fast-iTPN (Tian et al.,
2024). The search and template resolutions are set to
256 x 256 and 128 x 128, respectively, with a patch size
of 16 x 16. The regression, policy, and value heads each
contain five stacked Conv-BN-ReLU layers with kernel size
3 and stride 1. Spatial average pooling is applied to the
per-location value map to obtain the state value used in the
actor-critic objective. Unless otherwise stated, we use 32
temporal tokens; for RELO-T256, we use 4 temporal tokens
for efficiency. Table 1 summarizes the model size, floating-
point operations (FLOPs), and runtime of all variants.

Training. We train on the training splits of COCO (Lin
et al., 2014), LaSOT (Fan et al., 2019), GOT-10k (Huang
et al., 2019), TrackingNet (Muller et al., 2018), and Vast-
Track (Peng et al., 2024). For each training sample, we draw
template frames and an ordered sequence of search frames
from the same video. The template and search crops are
obtained by enlarging the ground-truth box by factors of 2
and 4, respectively. Data augmentation includes horizontal
flipping and brightness jittering.

In the RL optimization stage, the sequence length is set to
T = 8. RELO-B256 and RELO-L256 use two templates,
whereas RELO-T256 uses a single template for improved ef-
ficiency. We set the sequence-level reward weight in Eq. (9)
to A = 1 and the policy-value loss weight to 5 = 0.5.
All unfrozen parameters are optimized using AdamW with
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Table 2. Comparison on large-scale benchmarks. Base-size models are listed in the upper block and large-size models in the lower block.
The best and second-best entries for each metric are highlighted in bold and underlined, respectively.

Method LaSOT LaSOText TrackingNet GOT-10k
AUC P Prorm AUC P Pxorm AUC P Prorm AO  SRos SRors

OSTrack-B256 (Ye et al., 2022) 69.1 752 787 474 533 57.3 83.1 82.0 87.8 71.0 804 68.2
SwinTrack-B384 (Lin et al., 2022) 713 765 - 49.1 556 - 84.0 82.8 - 72.4 - 67.8
SeqTrack-B256 (Chen et al., 2023) 69.9 763 79.7 49.5 563 60.8 833 822 88.3 747 847 71.8
ARTrack-B256 (Wei et al., 2023) 704  76.6 795 464 523 56.5 84.2 835 88.7 735 822 70.9
OneTracker-B384 (Hong et al., 2024)  70.5  76.5 79.9 - - - 83.7 827 88.4 - - -
SUTrack-B224 (Chen et al., 2025) 732 805 834 53.1 60.5 642 85.7 85.1 90.3 719 815 78.5
ARPTrack-B256 (Liang et al., 2025) 726 785 814 52.0 587 62.9 855 853 900 777 813 74.3
RELO-B256 (Ours) 733 80.6 834 542 622 654 864 86.2 90.7 80.5 90.5 81.2
MixFormer-L320 (Cui et al., 2022) 70.1  76.3 79.9 - - - 839 83.1 88.9 - - -
SimTrack-L224 (Chen et al., 2022) 70.5 - 79.7 - - - 834 - 87.4 69.8 78.8 66.0
ODTrack-L384 (Zheng et al., 2024) 740 823 842 539 61.7 654 86.1 86.7 91.0 782 872 71.3
ARTrackV2-1.384 (Bai et al., 2024) 73.6  8l1.1 82.8 534 602  63.7 86.1 862 904 79.5 878 79.6
LoRAT-L224 (Lin et al., 2024) 742 809 83.6 528 60.0 64.7 85.0 844 89.5 757 849 75.0
SUTrack-L224 (Chen et al., 2025) 73.5 809 83.3 540 617 653 86.5 86.7 90.9 81.0 904 82.4
ARPTrack-L384 (Liang et al., 2025) 742  81.7 834 542 612 644 86.6 874 9l1.1 81.5 90.6 80.5
RELO-L256 (Ours) 751 834 85.1 575 667 69.1 873 88.0 91.6 81.8 91.1 83.5

learning rate 10~ and weight decay 10~*. Training runs
for 90 epochs with 2, 500 sampled sequences per epoch, and
the learning rate is decayed by a factor of 10 after epoch 72.
Additional training details are provided in Appendix C.

Inference protocol. At test time, RELO selects the spa-
tial location with the highest policy score and outputs the
corresponding regressed bounding box. Although RELO-
B256 and RELO-L256 are trained with two templates and
thus can support template updating (Yan et al., 2021; Cui
et al., 2022), we disable this test-time adaptation by default
to avoid overfitting to benchmark-specific characteristics.
Template updating is allowed only on benchmarks where it
permits a fair comparison and yields consistent performance
gains, as discussed in Sec. 4.2.

4.2. Main Results

We evaluate RELO on seven benchmarks that probe comple-
mentary aspects of visual tracking. LaSOT (Fan et al., 2019)
and LaSOTey (Fan et al., 2021) emphasize long-horizon
tracking, with LaSOT .y further testing cross-category gen-
eralization; TrackingNet (Muller et al., 2018) and GOT-
10k (Huang et al., 2019) focus on large-scale short-term
evaluation; TNL2K (Wang et al., 2021b), NFS (Kiani Ga-
loogahi et al., 2017), and UAV123 (Muller et al., 2016)
assess transfer beyond the main training distribution. For
fairness, we compare trackers with similar model scale and
input resolution. We use AUC as the primary evaluation
metric. On LaSOT, LaSOTeys, and TrackingNet, we ad-
ditionally report precision (P) and normalized precision
(PNorm), Which evaluate center-location accuracy without
and with normalization by target size, respectively. On GOT-
10k, we follow common practice and report average overlap
(AO), i.e., the mean IoU over all frames, as well as success

Table 3. Comparison on additional benchmarks, including TNL2K,
NFS, and UAV123 in terms of AUC.

Method TNL2K NFS UAVI23
TrDiMP (Wang et al., 2021a) - 66.5 67.5
TransT (Chen et al., 2021) 50.7 65.7 69.1
SimTrack (Chen et al., 2022) 55.6 - 71.2
OSTrack (Ye et al., 2022) 55.9 66.5 70.7
SeqTrack-L256 (Chen et al., 2023) 56.9 66.9 69.7
ARTrack-L.384 (Wei et al., 2023) 60.3 67.9 71.2
LoRAT-L224 (Lin et al., 2024) 61.1 66.6 71.9
RELO-B256 (Ours) 60.9 70.0 70.4
RELO-L256 (Ours) 63.6 71.3 71.4

rates (SRg.5 and SRg.75), corresponding to the proportions
of frames whose IoU exceeds 0.5 and 0.75.

Long-term tracking evaluation. The most revealing com-
parison is between LaSOT and LaSOTy in Table 2. On
LaSOT, RELO-L256 achieves the best result among large-
size trackers, while RELO-B256 also ranks first in the base-
size group. More importantly, the advantage becomes sub-
stantially larger on LaSOTe¢, where both RELO variants
establish clearer margins over prior methods. This con-
trast suggests that the main benefit of RELO is not merely
stronger fitting to the training distribution, but better robust-
ness under category shift and larger appearance variation.
Existing strong baselines improve tracking mainly through
stronger pretraining or broader training setups: for example,
LoRAT (Lin et al., 2024) emphasizes parameter-efficient
adaptation of large pretrained ViTs, whereas SUTrack (Chen
et al., 2025) leverages unified training across multiple track-
ing settings. RELO is complementary to these directions,
because it changes the localization learning objective itself
by replacing handcrafted spatial priors with reward-driven
action selection. The larger gain on LaSOTey therefore
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Table 4. Comparison with efficient trackers on large-scale bench-
marks. To improve compactness, the LaSOT / LaSOTex results
are reported jointly in the second column, and the inference speeds
on Intel Core i9-14900K CPU and NVIDIA Jetson AGX Xavier
are likewise combined in the last column as “CPU / AGX.”

Method LaSOT TrackingNet GOT-10k Speed
FEAR-L (Borsuk et al., 2022) 579/- - 64.5 -/-

E.T.Track (Blatter et al., 2023) 59.1/- 75.0 - 471720
HiT (Kang et al., 2023) 64.6/- 80.0 64.0 33/61
MixFormerV2-S (Cui et al., 2023) 60.6 / 43.6 75.8 - 4717170
AsymTrack-B (Zhu et al., 2025) 64.7/44.6 80.0 67.7 38/64
SUTrack-T224 (Chen et al., 2025) 69.6 / 50.2 82.7 72.7 23/34
RELO-T256 (Ours) 70.4/51.1 83.6 75.6  21/32

indicates that directly optimizing task-oriented rewards us-
ing RL is especially beneficial when center or corner priors
become less reliable.

Short-term tracking evaluation. TrackingNet (Muller
et al., 2018) and GOT-10k (Huang et al., 2019) test whether
the same learning principle remains effective in the short-
term setting, where template updating is commonly used and
precise frame-level localization is critical. As also shown
in Table 2, RELO again ranks first in both the base-size and
large-size regimes on the two benchmarks. These results
are noteworthy because recent strong competing methods
in this regime already incorporate more elaborate tempo-
ral designs, such as video-level autoregressive pretraining
in ARPTrack (Liang et al., 2025). The fact that RELO
still improves over them suggests that stronger temporal
representations alone do not fully resolve the localization
bottleneck. Instead, learning to select spatial hypotheses
with task-oriented rewards provides an additional and com-
plementary source of gain, yielding a tracker that is strong
not only on long-term benchmarks, but also on mainstream
short-term evaluation protocols.

Transfer to additional benchmarks. The results on
TNL2K, NFS, and UAV 123 further support the generality
of RELO (see Table 3). On TNL2K, RELO-L256 estab-
lishes the best reported AUC even without language input
and benchmark-specific tuning, indicating that the learned
localization policy transfers beyond the datasets used for
training. On NFS, RELO achieves a clear improvement over
the existing results, while on UAV 123, it remains compet-
itive with the strongest existing trackers. Taken together,
these results reduce the likelihood that the gains arise from
benchmark-specific training; instead, they point to a more
general improvement in localization quality.

Efficient tracking evaluation. Finally, RELO-T256
shows that the proposed RL training paradigm is not lim-
ited to high-capacity models. Although efficient trackers
typically trade accuracy for deployment speed, RELO-T256
remains ahead of existing efficient trackers on the large-

Table 5. Ablation results of RELO, reported in terms of AUC.
The row colors indicate different groups of variants: gray de-
notes the baseline, green the prior-driven variants, blue the policy-
optimization variants, yellow the reward-design variants, and red
the temporal-modeling variants. A denotes the average perfor-
mance change across the two benchmarks relative to the baseline.

# | RELO variant | LaSOT LaSOTey; | A

1 Baseline (RELO-L256) 75.1 57.5 -

2 Corner-prior training 73.2 53.8 -2.8
3 Center-heatmap training 73.7 54.0 -2.5
4 IoU-heatmap training 73.7 54.3 -23
5 Actor-critic — PPO 75.5 57.2 +0.1
6 Actor-critic — GRPO 75.0 57.1 -0.3
7 | w/o value-based variance reduction | 74.5 56.5 -0.8
8 w/o sequence-level AUC reward 74.7 56.0 -1.0
9 w/o frame-level IoU reward 75.2 57.1 -0.2
10 | Reduced sequence-level learning 74.3 55.5 -1.4
11 w/ deep-to-shallow propagation 74.9 57.1 -0.3

scale benchmarks while running at practical frame rates on
edge-oriented hardware (see Table 4). This result is impor-
tant because it shows that the benefit of RELO lies primarily
in how localization is learned, rather than in model scaling
alone. Consequently, the reward-driven formulation remains
effective even in the low-compute regime.

Summary. Overall, the benchmarking results suggest a
consistent picture. Prior work has improved tracking by
scaling backbones, strengthening video pretraining, enrich-
ing temporal interaction, or broadening training across tasks
and modalities. RELO improves a different component: the
supervision used to learn where the tracker should local-
ize. The fact that this change yields the largest gains on
the most generalization-heavy benchmark, while remaining
beneficial on short-term and efficient settings, supports our
central claim that reward-driven localization is a stronger
alternative to conventional prior-driven supervision.

4.3. Ablation Studies

Unless otherwise specified, all ablations use RELO-L256
as the baseline model. Results are reported in Table 5 using
AUC on LaSOT and LaSOT ;.

Prior-driven training. Rows 2-4 compare RELO with
three conventional prior-driven localization strategies:
corner-prior training (Yan et al., 2021), center-heatmap train-
ing (Ye et al., 2022), and IoU-heatmap training (Zhang et al.,
2021b). For fairness, all three alternatives are implemented
with the same HiViT-L backbone and aligned head archi-
tectures (see Appendix C.5 for details). All three alterna-
tives underperform RELO, with the gap becoming more
pronounced on LaSOT.y;. This result supports the central
motivation of RELO: learning localization directly from
task-oriented rewards is more effective than matching hand-
crafted spatial priors. It also suggests that surrogate priors
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Figure 4. Effect of the sequence length 7" during training. AUC
on LaSOT and LaSOText improves as 1" increases and saturates
beyond 1" =~ 8, supporting the default choice of 7" = 8.

become less reliable under stronger appearance variation
and distribution shift.

Policy optimization. Rows 5-7 evaluate different policy
optimization strategies. Replacing the standard actor-critic
update with PPO (Schulman et al., 2017) or GRPO (Shao
et al., 2024) yields only marginal differences, indicating that
the proposed localization learning does not require a more
complex RL algorithm. By contrast, removing the value
head causes a clear degradation. This shows that value-
based variance reduction plays an important role in stabi-
lizing policy learning, even though the overall performance
gain mainly comes from the reward-driven formulation itself
rather than from the choice of RL optimizer.

Reward design. Rows 8-9 examine the contribution of
the two reward terms. Removing the sequence-level AUC
reward causes a larger decrease, especially on LaSOTy,
whereas removing the frame-level IoU reward leads to a
smaller drop. This comparison suggests that sequence-level
supervision is the primary factor behind the improved per-
formance of RELO, while the frame-level IoU term provides
complementary local guidance for accurate per-frame lo-
calization. The best performance is therefore obtained by
combining both terms.

Sequence-level learning. Row 10 studies the role of
sequence-level optimization by reducing the training se-
quence length from 7' =8 to T' = 2. Wedonotuse ' =1,
because that setting would simultaneously remove temporal
token propagation and therefore confound the comparison.
Shortening the sequence causes a clear degradation on both
benchmarks, showing that long-horizon credit assignment
is beneficial for learning the localization policy. Fig. 4
provides a more detailed view: performance improves con-
sistently as T increases before eventually saturating. This
trend supports our default choice of 7' = 8 as a practical
compromise between accuracy and training cost.

Temporal token propagation. Row 11 compares the pro-
posed layer-aligned temporal token propagation with the
deep-to-shallow propagation strategy (Zheng et al., 2024).

The aligned variant yields a consistent improvement at es-
sentially identical computational cost. Although the gain
is smaller than that of the reward design or sequence-level
learning, it is nevertheless meaningful, as it shows that se-
mantically matched temporal interaction improves feature
propagation across frames.

5. Conclusion and Discussion

We have presented RELO, an RL-based paradigm for target
localization in visual object tracking. Unlike prior-driven
trackers that rely on handcrafted center or corner super-
vision, RELO formulates target localization as a Markov
decision process over the spatial feature map and learns a
localization policy directly from task-oriented rewards.

RELO is currently instantiated within a one-stream
Transformer-based tracker and incorporates two practical
components: a regression warmup stage that stabilizes pol-
icy learning and a layer-aligned temporal token propagation
mechanism that enhances cross-frame semantic consistency
with negligible inference overhead. Extensive experiments
across diverse benchmarks demonstrate that RELO deliv-
ers strong and consistent performance in both long-term
and short-term tracking settings. More broadly, the pro-
posed reward-driven localization is compatible with a wide
range of tracking paradigms and could be extended to SAM-
based trackers (Videnovic et al., 2025), autoregressive track-
ers (Chen et al., 2023; Wei et al., 2023), multimodal track-
ers (Chen et al., 2025; Hong et al., 2024), and trackers with
online adaptation (Bhat et al., 2019; Mayer et al., 2022).

Despite these encouraging results, several limitations re-
main. First, although IoU and AUC provide more task-
relevant supervision than handcrafted spatial priors, they
still do not fully capture the complexity of tracking quality
in challenging scenarios such as severe occlusion, target
disappearance, distractor interference, abrupt motion, and
long-term recovery. An important direction for future work
is therefore to design richer reward formulations that better
reflect robustness, recovery ability, temporal stability, and
uncertainty calibration. Second, the current formulation
focuses on single-object tracking in single-camera videos.
Extending reward-driven localization to multi-object and
multi-camera settings is a promising next step, but it will
likely require new designs for joint action modeling, cross-
object competition, identity preservation, and cross-view
consistency. Third, RL in RELO is currently used only for
target localization, whereas a practical tracker involves a
broader set of sequential decisions. Future work could ex-
tend RL to the full tracking pipeline, including template
updating, memory management, search-region adaptation,
re-detection, and other system-level control decisions, so
that the tracker can learn coordinated policies for both where
to localize and how to maintain reliable tracking over time.
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tings. We therefore encourage deployment with consent,
oversight, and careful robustness analysis.

References

Bai, Y., Zhao, Z., Gong, Y., and Wei, X. ARTrackV2:
Prompting autoregressive tracker where to look and how
to describe. In CVPR, pp. 19048-19057, 2024.

Bhat, G., Danelljan, M., Van Gool, L., and Timofte, R.
Learning discriminative model prediction for tracking. In
ICCV, pp. 6182-6191, 2019.

Blatter, P., Kanakis, M., Danelljan, M., and Van Gool, L.
Efficient visual tracking with exemplar Transformers. In
WACV, pp. 1571-1581, 2023.

Borsuk, V., Vei, R., Kupyn, O., Martyniuk, T., Krashenyi, 1.,
and Matas, J. FEAR: Fast, efficient, accurate and robust
visual tracker. In ECCV, pp. 644—-663, 2022.

Cai, W, Liu, Q., and Wang, Y. SPMTrack: Spatio-temporal
parameter-efficient fine-tuning with mixture of experts
for scalable visual tracking. In CVPR, pp. 16871-16881,
2025.

Chen, B., Li, P, Bai, L., Qiao, L., Shen, Q., Li, B., Gan,
W., Wu, W., and Ouyang, W. Backbone is all your need:
A simplified architecture for visual object tracking. In
ECCV, pp. 375-392, 2022.

Chen, X., Yan, B., Zhu, J., Wang, D., Yang, X., and Lu, H.
Transformer tracking. In CVPR, pp. 81268135, 2021.

Chen, X., Peng, H., Wang, D., Lu, H., and Hu, H. SeqTrack:
Sequence to sequence learning for visual object tracking.
In CVPR, pp. 14572-14581, 2023.

Chen, X., Kang, B., Geng, W., Zhu, J., Liu, Y., Wang, D.,
and Lu, H. SUTrack: Towards simple and unified single
object tracking. In AAAI, pp. 2239-2247, 2025.

Cui, Y., Jiang, C., Wang, L., and Wu, G. MixFormer: End-
to-end tracking with iterative mixed attention. In CVPR,
pp. 13608-13618, 2022.

Cui, Y., Song, T., Wu, G., and Wang, L. MixFormerV2:
Efficient fully Transformer tracking. In NeurIPS, pp.
58736-58751, 2023.

Dunnhofer, M., Martinel, N., and Micheloni, C. Weakly-
supervised domain adaptation of deep regression trackers
via reinforced knowledge distillation. IEEE RA-L, 6(3):
5016-5023, 2021.

Fan, H., Lin, L., Yang, F., Chu, P, Deng, G., Yu, S., Bai,
H., Xu, Y., Liao, C., and Ling, H. LaSOT: A high-
quality benchmark for large-scale single object tracking.
In CVPR, pp. 5374-5383, 2019.

Fan, H., Bai, H., Lin, L., Yang, F., Chu, P, Deng, G., Yu, S.,
Huang, M., Liu, J., Xu, Y., et al. LaSOT: A high-quality
large-scale single object tracking benchmark. IJCV, 129
(2):439-461, 2021.

Gao, S., Zhou, C., Ma, C., Wang, X., and Yuan, J. AiATrack:
Attention in attention for Transformer visual tracking. In
ECCV, pp. 146-164, 2022.

He, K., Chen, X., Xie, S., Li, Y., Dollar, P., and Girshick,
R. Masked autoencoders are scalable vision learners. In
CVPR, pp. 16000-16009, 2022.

Hong, L., Yan, S., Zhang, R., Li, W., Zhou, X., Guo, P,
Jiang, K., Chen, Y., Li, J., Chen, Z., and Zhang, W. One-
Tracker: Unifying visual object tracking with foundation
models and efficient tuning. In CVPR, pp. 19079-19091,
2024.

Huang, C., Lucey, S., and Ramanan, D. Learning policies
for adaptive tracking with deep feature cascades. In ICCV,
pp- 105-114, 2017.

Huang, L., Zhao, X., and Huang, K. GOT-10k: A large
high-diversity benchmark for generic object tracking in
the wild. IEEE TPAMI, 43(5):1562-1577, 2019.

Kang, B., Chen, X., Wang, D., Peng, H., and Lu, H. Ex-
ploring lightweight hierarchical vision Transformers for
efficient visual tracking. In ICCV, pp. 9612-9621, 2023.

Kiani Galoogahi, H., Fagg, A., Huang, C., Ramanan, D.,
and Lucey, S. Need for speed: A benchmark for higher
frame rate object tracking. In ICCV, pp. 1125-1134,
2017.

Kim, M., Lee, S., Ok, J., Han, B., and Cho, M. Towards
sequence-level training for visual tracking. In ECCV, pp.
534-551, 2022.

Li, B, Yan, J., Wu, W., Zhu, Z., and Hu, X. High per-
formance visual tracking with Siamese region proposal
network. In CVPR, pp. 8971-8980, 2018.



RELO: Reinforcement Learning to Localize for Visual Object Tracking

Liang, S., Bai, Y., Gong, Y., and Wei, X. Autoregressive
sequential pretraining for visual tracking. In CVPR, pp.
7254-7264, 2025.

Lin, L., Fan, H., Xu, Y., and Ling, H. SwinTrack: A simple
and strong baseline for Transformer tracking. In NeurIPS,
pp. 16743-16754, 2022.

Lin, L., Fan, H., Zhang, Z., Wang, Y., Xu, Y., and Ling,
H. Tracking meets LoRA: Faster training, larger model,
stronger performance. In ECCV, pp. 300-318, 2024.

Lin, T.-Y., Maire, M., Belongie, S. J., Bourdev, L. D., Gir-
shick, R. B., Hays, J., Perona, P., Ramanan, D., Dollar, P,
and Zitnick, C. L. Microsoft COCO: Common objects in
context. In ECCV, pp. 740-755, 2014.

Luo, W., Sun, P, Zhong, F., Liu, W., Zhang, T., and Wang,
Y. End-to-end active object tracking via reinforcement
learning. In ICML, pp. 3286-3295, 2018.

Mayer, C., Danelljan, M., Bhat, G., Paul, M., Paudel, D. P,
Yu, F.,, and Van Gool, L. Transforming model prediction
for tracking. In CVPR, pp. 8731-8740, 2022.

Muller, M., Smith, N., and Ghanem, B. A benchmark and
simulator for UAV tracking. In ECCV, pp. 445461,
2016.

Muller, M., Bibi, A., Giancola, S., Alsubaihi, S., and
Ghanem, B. TrackingNet: A large-scale dataset and
benchmark for object tracking in the wild. In ECCV, pp.
300-317, 2018.

Oquab, M., Darcet, T., Moutakanni, T., Vo, H., Szafraniec,
M., Khalidov, V., Fernandez, P., Haziza, D., Massa, F.,
El-Nouby, A., et al. DINOv2: Learning robust visual
features without supervision. TMLR, 2024.

Peng, L., Gao, J., Liu, X., Li, W., Dong, S., Zhang, Z., Fan,
H., and Zhang, L. VastTrack: Vast category visual object
tracking. In NeurlIPS, pp. 130797-130818, 2024.

Ren, L., Yuan, X., Lu, J., Yang, M., and Zhou, J. Deep rein-
forcement learning with iterative shift for visual tracking.
In ECCV, pp. 684700, 2018.

Rezatofighi, H., Tsoi, N., Gwak, J., Sadeghian, A., Reid,
I. D., and Savarese, S. Generalized intersection over
union: A metric and a loss for bounding box regression.
In CVPR, pp. 658-666, 2019.

Schulman, J., Wolski, F., Dhariwal, P., Radford, A., and
Klimov, O. Proximal policy optimization algorithms.
arXiv preprint arXiv:1707.06347, 2017.

Shao, Z., Wang, P, Zhu, Q., Xu, R., Song, J., Bi, X., Zhang,
H.,Zhang, M., Li, Y., Wu, Y., et al. DeepSeeckMath: Push-
ing the limits of mathematical reasoning in open language
models. arXiv preprint arXiv:2402.03300, 2024.

10

Song, Z., Yu, J., Chen, Y.-P. P, and Yang, W. Transformer
tracking with cyclic shifting window attention. In CVPR,
pp. 8791-8800, 2022.

Sun, M., Xiao, J., Lim, E. G., Zhang, B., and Zhao, Y. Fast
template matching and update for video object tracking
and segmentation. In CVPR, pp. 10791-10799, 2020.

Sutton, R. S. and Barto, A. G. Reinforcement Learning: An
Introduction. MIT Press, Cambridge, MA, 1998.

Tang, F. and Ling, Q. Ranking-based Siamese visual track-
ing. In CVPR, pp. 8741-8750, 2022.

Tian, Y., Xie, L., Qiu, J., Jiao, J., Wang, Y., Tian, Q., and
Ye, Q. Fast-iTPN: Integrally pre-trained Transformer
pyramid network with token migration. /[EEE TPAMI, 46
(12):9766-9779, 2024.

Videnovic, J., Lukezic, A., and Kristan, M. A distractor-
aware memory for visual object tracking with SAM 2. In
CVPR, pp. 24255-24264, 2025.

Wang, N., Zhou, W., Wang, J., and Li, H. Transformer
meets tracker: Exploiting temporal context for robust
visual tracking. In CVPR, pp. 1571-1580, 2021a.

Wang, X., Shu, X., Zhang, Z., Jiang, B., Wang, Y., Tian, Y.,
and Wu, F. Towards more flexible and accurate object
tracking with natural language: Algorithms and bench-
mark. In CVPR, pp. 13763-13773, 2021b.

Wei, X., Bai, Y., Zheng, Y., Shi, D., and Gong, Y. Au-
toregressive visual tracking. In CVPR, pp. 9697-9706,
2023.

Wu, Y., Lim, J., and Yang, M.-H. Online object tracking: A
benchmark. In CVPR, pp. 2411-2418, 2013.

Xie, F., Wang, C., Wang, G., Cao, Y., Yang, W., and Zeng,
W. Correlation-aware deep tracking. In CVPR, pp. 8751-
8760, 2022.

Xie, Y., Xiao, J., Huang, K., Thiyagalingam, J., and Zhao,
Y. Correlation filter selection for visual tracking using
reinforcement learning. IEEE TCSVT, 30(1):192-204,
2018.

Xu, Y., Wang, Z., Li, Z., Yuan, Y., and Yu, G. SiamFC++:
Towards robust and accurate visual tracking with target
estimation guidelines. In AAAI pp. 12549-12556, 2020.

Yan, B., Peng, H., Fu, J., Wang, D., and Lu, H. Learning
spatio-temporal Transformer for visual tracking. In /CCV,
pp. 10448-10457, 2021.

Ye, B., Chang, H., Ma, B., Shan, S., and Chen, X. Joint
feature learning and relation modeling for tracking: A
one-stream framework. In ECCV, pp. 341-357, 2022.



RELO: Reinforcement Learning to Localize for Visual Object Tracking

Yun, S., Choi, J., Yoo, Y., Yun, K., and Young Choi, J.
Action-decision networks for visual tracking with deep
reinforcement learning. In CVPR, pp. 2711-2720, 2017.

Zhang, D., Zheng, Z., Jia, R., and Li, M. Visual tracking
via hierarchical deep reinforcement learning. In AAAI,
pp- 3315-3323, 2021a.

Zhang, H., Wang, Y., Dayoub, F., and Sunderhauf, N. Vari-
focalNet: An IoU-aware dense object detector. In CVPR,
pp. 8514-8523, 2021b.

Zhang, P., Lai, S., Wang, D., and Lu, H. Motion-guided
visual tracking. MIR, 22(5):983-998, 2025.

Zhang, W., Song, R., and Li, Y. Online decision based
visual tracking via reinforcement learning. In NeurlIPS,
pp. 11778-11788, 2020.

Zhang, X., Tian, Y., Xie, L., Huang, W., Dai, Q., Ye, Q.,
and Tian, Q. HiViT: A simpler and more efficient design
of hierarchical vision Transformer. In /CLR, 2023.

Zhao, F., Zhang, T., Song, Y., Tang, M., Wang, X., and
Wang, J. Siamese regression tracking with reinforced
template updating. /EEE TIP, 30:628-640, 2020.

Zheng, Y., Zhong, B., Liang, Q., Mo, Z., Zhang, S., and Li,
X. ODTrack: Online dense temporal token learning for
visual tracking. In AAAI pp. 7588-7596, 2024.

Zheng, Y., Zhong, B., Liang, Q., Li, N., and Song, S. De-
coupled spatio-temporal consistency learning for self-
supervised tracking. In AAAI pp. 10635-10643, 2025.

Zhu, J., Tang, H., Chen, X., Wang, X., Wang, D., and Lu,
H. Two-stream beats one-stream: Asymmetric Siamese
network for efficient visual tracking. In AAAI pp. 10959—
10967, 2025.

11



RELO: Reinforcement Learning to Localize for Visual Object Tracking
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Figure 5. Qualitative comparison between the reward-driven RELO and the prior-driven tracker in a failure-and-recovery scenario. Frame
indices are shown in the upper-left corner. For each frame, the lower-right inset visualizes the localization score map over the search
region using the viridis colormap, where yellow indicates high confidence and dark blue indicates low confidence. Green and orange
boxes denote the ground-truth (GT) and predicted bounding boxes, respectively. Frames without ground-truth boxes correspond to cases
where the target is absent or too ambiguous to annotate. Best viewed in color with zoom.

A. Qualitative Results

RELO exhibits a distinctive recovery behavior after target loss, which emerges naturally from reward-driven localization
without handcrafted spatial priors. As shown in Fig. 5, RELO tracks the paddle reliably and maintains a concentrated score
map around the target. After frame 551, however, the target becomes highly ambiguous and briefly disappears. At frame 552,
RELO expands its search beyond the central region but does not yet recover the target. At frame 553, the tracker shifts
probability mass toward the outer search region, where the target reappears in the upper-right corner. Over frames 554-556,
the prediction progressively re-aligns with the target and fully recovers.

The center-prior baseline behaves differently. Because its localization branch is trained with an explicit center prior, the
score map remains concentrated near the presumed target location even after failure. As a result, it explores the search
region less effectively and is less likely to recover once the target leaves the expected area.

Fig. 6 provides additional qualitative comparisons across challenging scenarios, including occlusion, out-of-view motion,
deformation, distractors, and background clutter. Across these cases, RELO generally yields tighter and more stable
localization results.
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Figure 6. Additional qualitative comparisons between the reward-driven RELO and the prior-driven tracker across challenging scenarios.
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Figure 7. Attribute-wise AUC comparison on LaSOT. For each attribute, the two numbers in parentheses indicate the minimum and
maximum AUC values achieved by the compared trackers, respectively.

B. More Analysis

This section presents supplementary analysis that complements the results in the main text.

Attribute-wise performance. Fig. 7 reports attribute-wise AUC on LaSOT. We include the center-prior-driven tracker
trained under settings aligned with RELO, to facilitate a controlled comparison. RELO is competitive across most attributes
and improves most clearly on fast motion, out-of-view, full/partial occlusion, deformation, scale variation, low resolution,
and background clutter. These are typically the cases in which rigid center-biased localization is most restrictive. By
learning a reward-driven policy over spatial positions, RELO explores the search region more flexibly and remains more
robust when the target moves unpredictably or deviates substantially from the search center.

Alternative training strategies. Table 6 evaluates several variants of the default training pipeline. Unfreezing the
Transformer-based encoder and/or regression head during the RL stage (in Rows 2-3) slightly reduces performance. We
therefore keep these components fixed after regression warmup so that policy learning operates in a more stable environment.
Training the regression branch and localization policy jointly from scratch (in Row 4) causes a substantial performance drop.
Early in training, noisy box predictions make the reward landscape unstable, which induces the policy to collapse onto a
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Table 6. Additional ablation results of RELO on LaSOT and LaSOT .

# | RELO variant LaSOT LaSOTe | A
1 | Baseline (RELO-L256) 75.1 57.5 -
2 | Unfreezing Transformer-based encoder + regression head during RL | 74.6 56.8 -0.6
3 | Unfreezing regression head only during RL 74.8 56.9 -0.5
4 | wl/o regression warmup 70.2 51.1 -5.7
5 | Initializing policy with a prior-driven localizer 73.9 54.4 -2.2

Table 7. Effect of the policy-value loss weight 3 in the actor-critic objective.

B | LaSOT LaSOTe: | A
0.25 75.1 573 -0.1
0.50 75.1 57.5 -
1.00 75.0 57.1 -0.3
2.00 747 56.6 -0.7

small set of locations before meaningful exploration can occur. This result confirms that regression warmup is important for
stable policy optimization. Initializing the localization policy with parameters from a center-prior localization head (in Row
5) also degrades performance. The inherited center bias narrows exploration and limits learning from task-oriented rewards.
The best results are obtained when the localization policy is learned from scratch, without handcrafted priors.

Effect of the policy-value loss weight. We evaluate 3 € {0.25,0.5,1.0,2.0} in the actor-critic objective, whose results
are shown in Table 7. RELO is robust across a broad range of values. Settings between 0.25 and 1.0 perform nearly
identically, with 8 = 0.5 yielding the best overall result. A larger value (5 = 2.0) reduces accuracy, likely because
optimization becomes overly focused on value prediction and weakens the effective policy-gradient signal. We therefore use
B = 0.5 by default.

Effect of the number of temporal tokens. We also study the number of temporal tokens. Table 8 shows that removing
temporal tokens entirely still yields competitive performance, but adding a small number consistently improves accuracy.
Performance remains stable across a broad range (e.g., 8-64 tokens). Our default choice of 32 temporal tokens achieves the
best overall accuracy with negligible computational overhead.

C. More Implementation Details

This section provides additional implementation details that complement the descriptions in the main text.
C.1. Total Training Images
The total number of search images used in the regression warmup stage is
100,000 x 90 x 2 = 18,000,000.
The total number of search images used in the RL optimization stage is
2,500 x 90 x 8 = 1,800,000.

Overall, the total training volume is comparable to that of existing Transformer-based tracking pipelines such as OSTrack (Ye
et al., 2022) and SUTrack (Chen et al., 2025), resulting in a similar overall training cost for models of comparable size.

C.2. Data Sampling and Augmentation

As described in Sec. 4.1 of the main text, we train on five datasets: COCO (Lin et al., 2014), LaSOT (Fan et al., 2019),
GOT-10k (Huang et al., 2019), TrackingNet (Muller et al., 2018), and VastTrack (Peng et al., 2024). Training samples are
drawn uniformly across datasets to avoid imbalance.
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Table 8. Effect of the number of temporal tokens.

#Temporal tokens LaSOT LaSOTey: | A
0 74.7 56.8 -0.6
8 75.1 57.3 -0.1
16 75.0 57.4 -0.1
32 75.1 57.5 -
64 75.2 57.4 +0.0

For video datasets (LaSOT, GOT-10k, TrackingNet, and VastTrack), we first sample a video and then sample frames from it,
with a maximum temporal stride of 400 frames to preserve reasonable temporal consistency. For the image-based dataset
COCO, we follow common practice and treat each image as a static video by duplicating it across the required number of
frames. This makes COCO compatible with the video-based sampling pipeline.

To preserve temporal consistency during augmentation, operations such as horizontal flipping are applied jointly to all
frames in a video sequence rather than independently to each frame.
C.3. Regression Warmup

During warmup, the sequence length is set to 7'=2, since sequence-level learning is not yet involved. We use a learning rate
of 10~ for the Transformer-based encoder and 10~ for the remaining modules, with weight decay 10~*. Training runs for
90 epochs with 100,000 sampled sequences per epoch, and the learning rate is decayed by a factor of 10 after epoch 72.

C.4. Reward Computation
For completeness, we provide the mathematical definitions of the IoU and AUC scores used in our reward computation.

Intersection over union (IoU). For frame ¢, let the predicted bounding box be b(*) and the ground-truth box be bgt).
Denote by area(-) the area of a box and by Int(-, -) the intersection region of two boxes. The frame-level IoU score is

®Y _ area(lnt (b(?‘f)7 bé?))
IoU (b(75)7 b ) a area(b(*)) + area(b(t)> — area (Int (b(t)’ bg,t))) - (an

gt

Success curve. The success rate at threshold p € [0, 1] is defined as

1
S(p) = = ]I[I u® } 12
()= 7 ; oU" > p (12)
where I[] is the indicator function. In practice, we use the standard discrete threshold set pj, € {0.00,0.05,...,1.00}.

Area under the success curve (AUC). The AUC score is defined as the integral of the success curve:

1
AUC:/ S(p) dp. (13)
0

Using the discrete threshold set {pk}le, the AUC score is approximated by

1 K
AUC - ; S(pr). (14)

C.5. Ablation Study Details

This subsection provides additional details for the ablations in the main text.
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Prior-driven training variants. For the three prior-driven training variants in the main paper (Sec. 4.3, Table 5, Rows 2-4),
we consider the following standard implementations.

Corner-prior training follows the standard corner-head design of STARK (Yan et al., 2021): the model predicts top-left
and bottom-right probability maps, and the final box is decoded by taking expectations over the spatial distributions.
Center-heatmap training follows that in OSTrack (Ye et al., 2022), where a Gaussian-smoothed heatmap centered on the
target is used as supervision. loU-heatmap training constructs a supervisory heatmap by computing, at each spatial location,
the IoU between the regressed box and the ground-truth box. All variants use the same HiViT-L backbone and aligned head
architecture as RELO to ensure a controlled comparison.

Alternative policy optimizers. In the main text, we evaluate PPO (Schulman et al., 2017) and GRPO (Shao et al., 2024)
as alternatives to the standard actor-critic update used in RELO. For PPO, we use the clipped surrogate objective. To avoid
conflict with the reward notation r(*), we denote the importance ratio by

@ _ m(a? [ F®)
o (a® [ F®)’

where m,1q denotes the behavior policy used to sample the actions, i.e., a frozen snapshot of the current policy from the
previous update period. It is held fixed when computing the PPO importance ratio and is refreshed every four optimization
steps in our implementation. The PPO loss is then defined as

T
1
tero =~ > min (04D, clip (0,1 = ppo, 1 + o) AV). (1)

t=1
where €, is set to 0.2. We do not use any regularization, since the policy is trained from scratch and does not need to be
anchored to a pretrained reference model.

For GRPO, we follow the standard group-based formulation, whose key difference from PPO is the use of group-normalized
advantages. For each video sequence, we sample G predicted trajectories (G = 8 in our implementation). For trajectory

g € {1,...,G}, we compute per-frame rewards {rét)}thl for actions {a_f,t)}thl using the same reward design as RELO.
For each frame ¢, the corresponding reward group is {rit), rét), ceey rg) }. The GRPO advantage is obtained by normalizing

each reward within the group:

G
r_((]t) — mean({rét,)} )
AD 9=
grp,g G )
std {rg, } + €
g'=1

where € > 0 is a small constant added for numerical stability to avoid potential division by zero. Analogous to PPO, we
define the per-trajectory importance ratio

(16)

(t) _ m(ay’ | FO)
Y maa(al) | FO)

so that the GRPO loss becomes

il

G T
1 1 . .
tonro = = > = > min(of) AQ, . clip (o), 1 = eppos 1+ eppo ) Al ) - (17)
g=1 t=1
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