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Abstract

Recently, transformer-based trackers have become
the leading approach, surpassing traditional CNN-
based trackers in accuracy. However, their high
computational demands hinder their deployment
on edge platforms, necessitating efficient solu-
tions. To address this, we propose a novel Neu-
ral Architecture Search (NAS) framework designed
for transformer-based trackers, named NASTrack.
This framework incorporates token pruning to op-
timize both transformer block structures and the
layer-wise token keeping ratio, striking a balance
between performance and efficiency. To handle the
larger search space introduced by the keeping ra-
tio, we propose a blacklist strategy and a matching-
based distillation driven by the Token Overlap Ra-
tio (TOR). Our method discovers hundreds of high-
performing trackers, with FLOPs ranging from 1G
to 18G. The searched trackers consistently outper-
form existing efficient state-of-the-art trackers such
as CompressTracker and LiteTrack under compa-
rable computational budgets.The code and mod-
els are available at https://github.com/Cyhoon84/
NASTrack.git.

1 Introduction

Visual object tracking is a key task in computer vision that
focuses on tracking a specific object throughout a video se-
quence based on its initial state. CNN-based [Bertinetto et
al., 2016; Li et al., 2018] trackers once dominated the field,
but the rise of transformer-based architectures [Dosovitskiy et
al., 2021] has redirected research focus due to their superior
performance.

However, transformer-based trackers demand significant
computational resources, which hinders their deployment on
edge devices. Existing lightweight methods, including token
pruning [Li et al., 2023], CNN-transformer hybrids [Kang
et al., 2023] and distillation [Cui er al., 2024], predomi-
nantly rely on heuristic manual designs. These methods also
lack adaptability to diverse computational constraints, often
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Figure 1: Performance comparisons with state-of-the-art trackers in
terms of AUC and speed on LaSOT. The proposed NASTrack is su-
perior to LiteTrack and CompressTracker family [Wei et al., 2024a;
Hong et al., 2025], while achieving faster speed on Jetson Orin NX.
Best viewed in color.

requiring retraining for different platforms. Neural Archi-
tecture Search (NAS) automates the design of efficient ar-
chitectures tailored to specific computational budgets, of-
fering a promising alternative. While LightTrack [Yan et
al., 2021b] has successfully introduced Neural Architecture
Search (NAS) to optimize CNN-based trackers, the appli-
cation of NAS to transformer-based trackers remains unex-
plored, leaving a critical research gap in the field.

In this work, we present the first approach that inte-
grates Neural Architecture Search (NAS) with transformer-
based trackers to automatically design efficient models un-
der varying computational constraints. Existing NAS meth-
ods [Guo et al., 2020; Yu et al., 2020; Chen et al., 2021a;
Gong et al., 2022; Liu et al., 2022] search for transformer
architectures by optimizing model hyperparameters such as
MLP ratio, number of heads and depth, but often sacrifice
performance due to excessive network compression [Hou and
Kung, 2022]. Our method expands the search space by in-
corporating token pruning, allowing NAS to jointly optimize
transformer architectures and per-block keeping ratio (the
proportion of tokens retained after pruning in each block).
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This multi-dimensional search strategy mitigates architec-
tural constraints, allowing flexible adaptation to resource lim-
itations while identifying the optimal configuration in the
search space.

Expanding the search space with the keeping ratio intro-
duces non-trivial optimization challenges. Training a massive
supernet often suffers from optimization interference among
subnetworks of varying scales [Tang et al., 2023]. We also
find that the keeping ratio introduces sampling bias, mak-
ing suboptimal pruning structures more likely to be sampled.
Some pruning configurations lead to performance degrada-
tion regardless of architectural variations, such as excessive
pruning in shallow layers. To mitigate this, we implement a
progressive blacklist mechanism that identifies and excludes
performance-collapsing pruning structures, thereby focusing
the search on high-potential candidates.

To ensure subnetworks receive sufficient optimization, we
propose a matching-based distillation strategy inspired by
Cream of the Crop [Peng et al., 2020]. Throughout the su-
pernet training phase, we maintain an evolving “elite pool”
of top-performing subnetworks to serve as potential teach-
ers. To facilitate high-fidelity knowledge transfer, we intro-
duce the Token Overlap Ratio (TOR)—a novel metric de-
signed to quantify the structural and functional similarity be-
tween subnetworks based on their pruning patterns. By lever-
aging TOR, we dynamically pair each student subnetwork
with the most compatible teacher in the elite pool, fostering
collaborative convergence across the search space. Notably,
this matching mechanism operates without auxiliary selection
modules, thereby minimizing training overhead.

The efficacy of TOR as a proxy for teacher selection is
grounded in our empirical analysis. By evaluating a vast en-
semble of subnetworks, we observe that: (1) pairs with high
TOR exhibit strong semantic consistency in their activation
maps, and (2) TOR remains robust to variations in. model
scale, focusing instead on the alignment of spatial informa-
tion. Drawing on the insights from DisWOT [Dong et al.,
20231, which correlates feature-level similarity with distilla-
tion success, our findings suggest that TOR effectively iden-
tifies architecturally synergistic teacher-student pairs, even
within an expansive and heterogeneous search space.

Extensive experiments on benchmark datasets demonstrate
that the trackers searched by our method outperform state-
of-the-art efficient trackers in terms of accuracy and effi-
ciency. From Fig. 1; we can see that our NASTrack fam-
ily outperforms the LiteTrack and CompressTracker family
in both speed and accuracy on LaSOT [Fan et al., 2019]. Fur-
thermore, our smallest variant, NASTrack-T (1.3 GFLOPs),
surpasses MixformerV2-S (4.3 GFLOPs) and HiT-S (1.1
GFLOPs) by 3.6% and 3.8% AUC respectively. In terms of
speed, our largest model can still run 21 FPS on Jetson Orin
NX without TensorRT acceleration.

The main contributions of this work are as follows.

(1) First Integration of NAS & Transformer Trackers: We
present a novel one-shot NAS framework specifically de-
signed for transformer-based trackers, incorporating token
pruning ratios into a unified search space.

(2) Robust Supernet Training: We introduce a blacklist
mechanism to prune the search space of suboptimal config-

urations and a TOR-guided matching distillation to ensure
balanced and sufficient training across the supernet.

(3) State-of-the-Art Efficiency: NASTrack achieves supe-
rior performance-efficiency trade-offs across multiple bench-
marks, providing a versatile solution for edge-device deploy-
ment.

2 Related Work

Efficient Transformer-based Tracker. The powerful fea-
ture modeling capabilities of transformers have significantly
enhanced the performance of transformer-based trackers [Ye
et al., 2022; Yan et al., 2021a; Chen et al., 2021b; Cui
et al., 2022; Chen et al., 2023; Xie et al., 2024], sur-
passing traditional CNN-based trackers [Bertinetto et al.,
2016; Li et al., 2018] by a large margin. However, due
to the inherently slow inference speed of transformers,
these high-performance trackers often struggle to be de-
ployed on resource-constrained edge devices. To acceler-
ate transformer-based trackers while maintaining competi-
tive performance, researchers have explored various efficient
tracking architectures. HiT [Kang er al., 2023] employs a
hybrid CNN-transformer architecture as the baseline, inte-
grating it into tracking tasks. Aba-ViT [Li et al., 2023] pro-
poses an adaptive and background-aware token computation
strategy that identifies redundant background tokens and dis-
cards them to decrease overall computational overhead. Lite-
Track [Wei et al., 2024a], MixFormerV2 [Cui et al., 2024]
and CompressTracker [Hong et al., 2025] adopt a top-down
pruning strategy to progressively reduce the number of layers
in_the network. Although these approaches effectively im-
prove tracking speed, they heavily rely on human expertise.
Additionally, they lack the flexibility to adjust the network
structure based on varying computational constraints.

Neural Architecture Search. Neural Architecture Search
(NAS) has emerged as a transformative paradigm for au-
tomating the design of efficient architectures under stringent
computational budgets. Early frameworks leveraged evolu-
tionary algorithms [Xie and Yuille, 2017; Real er al., 2019]
or reinforcement learning [Pham et al., 2018] to navigate the
vast design space, albeit at prohibitive training costs. To en-
hance search efficiency, weight-sharing mechanisms [Guo et
al., 2020; Liu et al., 2019] have become the de facto stan-
dard, enabling gradient-based optimization [Liu et al., 2019]
or posterior evolutionary searches to identify architectures
along the Pareto frontier

Recently, the scope of NAS has expanded to Vision Trans-
formers (ViTs). A notable pioneer, Autoformer [Chen et
al., 2021al, introduced a specialized search space encom-
passing width, depth, MLP ratios, and embedding dimen-
sions. It leverages weight entanglement to address the chal-
lenges of weight sharing in ViTs, where convergence can
be problematic. Like CNN-based NAS [Peng er al., 2020;
Yu et al., 2020; Howard et al., 2019], transformer-based NAS
faces the classic issue of one-shot NAS: how to improve the
correlation between models using shared weights and those
retrained from scratch. Some methods [Yu et al., 2020;
Tang et al., 2023; Gong et al., 2022] leverage the sandwich
rule technique to enhance the overall performance of the su-
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| Supernety;,, Supernet,,,, ,;; Supernet,,, .,
Layer Num (12, 10) (12, 10) (12, 10, 8)
Embed Dim (128, 192) (320, 384) (640, 704, 768)
Q-K-V Dim (128, 192) (320, 384) (640, 704, 768)
Head Num (2,3) (5, 6) (10, 11, 12)
MLP Ratio (3.0, 3.5, 4.0) (3.0, 3.5, 4.0) (3.0,3.5,4.0)
Keeping Ratio | (1, 0.8,0.7,0.6) (1,0.8,0.7,0.6) (1,0.8,0.7,0.6)
Params Range | 4 -8M 16 - 26M 55-93M

Table 1: The search space of NASTrack. We set up three supernets
to satisfy different resource constraints.

pernet. Some approaches [Zhang et al., 2023; Liu et al.,
2022] prioritize the discovery of Pareto-optimal structures
during training.

However, existing methods focus on the transformer block
structure, neglecting the self-attention mechanism’s capacity
for variable-length sequences. This often leads to excessive
compression of architecture, such as layer reduction, to meet
cost constraints, which compromises the model’s representa-
tional capacity and degrades performance.

Token Sparsification. Since the computational complex-
ity of Vision Transformers (ViTs) is closely related to the
number of input tokens, token sparsification reduces com-
putational cost by discarding tokens with lower information
during inference. Token sparsification methods can be cat-
egorized into two types: token pruning [Kong et al., 2022;
Yin et al., 2022] and token merging [Bolya er al., 2023;
Marin et al., 2023]. Pruning-based methods cut tokens di-
rectly, while merging-based methods combine similar ones.
Some approaches [Liang et al., 2022] integrate both strate-
gies to enhance efficiency. Despite the diversity of existing
methods, most approaches apply token reduction at prede-
fined stages. However, the optimal reduction pattern varies
across models with different capacities, making it challeng-
ing to determine the best pruning locations. To address this
issue, our method incorporates the keeping ratio into the NAS
search space, allowing the optimal keeping ratio to be auto-
matically determined for each transformer block. This elimi-
nates the need for manual trial-and-error tuning, significantly
reducing training overhead.

3 Method

3.1 Token Pruning Optimization via NAS

Existing methods focus on improving the selection of tokens
in each layer for pruning, but they often maintain fixed keep-
ing ratio and predetermined pruning depths. Since the opti-
mal reduction pattern differs across models of varying capac-
ities, it is challenging to define a universal rule for the number
of tokens that can be pruned in each layer. We incorporate the
keeping ratio into the search space and utilize NAS to auto-
matically find the optimal keeping ratio for each layer. We
divide the search space into three parts based on the range
of model sizes, as shown in Tab.1. There are four different
pruning options, each representing the percentage of tokens
retained in a transformer block.

We deliberately avoided excessive reduction in the number
of layers. We found that reducing head numbers and embed-

1 704/12
69 Y /
681704712
367
g 661 320/12
2651 192/12
64{ ®
RL 704/6
631 RD 704/4
62+~ T . . ;
20 30 40 50 60

Speed (FPS)

Figure 2: Comparison of Performance based on Layer and Dimen-
sion Retention Strategies on LaSOT. ‘RL/RD’: a model configured
by retaining layers/dimensions, ‘192/12’: dimension/number of lay-
ers.

ding dimensions provides more substantial model accelera-
tion and performance preservation for tracking, proving more
effective than layer reduction. Additionally, fewer layers di-
minishes the speed benefits attainable from token pruning.
Fig. 2 demonstrates the superiority of dimension reduction
over layer reduction in terms of balancing speed and perfor-
mance.

3.2 Search Space Shrinking

Integrating keeping ratios into the search space, while flexi-
ble, often incurs significant training inefficiencies. This stems
from a pronounced sampling bias: as illustrated in Fig. 4,
the distribution of the cumulative keeping ratio (the prod-
uct across all layers) varies drastically with network depth.
In deeper architectures, the search space naturally gravi-
tates toward small cumulative ratios. For instance, in a 12-
layer network, the supernet frequently samples configurations
with a product near 0.0345, retaining approximately 9 tokens
(0.0345 x 256) by the final transformer block. For dense
prediction tasks like object tracking, such excessive pruning
severely undermines the model’s discriminative capacity in
complex scenarios.

Consequently, high-performance candidates often reside in
low-probability regions of the sampling distribution, leading
to a disproportionate allocation of computational resources
toward suboptimal or even “’broken” structures. To mitigate
this, we propose a Blacklist Strategy that iteratively identifies
and eliminates ineffective pruning configurations throughout
the supernet training process. By dynamically pruning the
search space itself, our approach steers the optimization to-
ward high-capacity regions, ensuring that training resources
are concentrated on architectures with superior representa-
tional potential.

Specifically, during supernet training, when the IoUy.,;, of
a sampled network « falls below a predefined threshold T1,y,
we record its pruning configuration and evaluate its perfor-
mance on the validation set to obtain IoU,;. If IoU,,; is suffi-
ciently low, the corresponding pruning configuration is added
to a blacklist, and it will not be sampled in subsequent epochs.

However, network architecture also significantly impacts
performance. For example, an overly simplified network
structure, even with a reasonable pruning strategy, can result
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Figure 3: (a) Supernet training scheme for proposed method. We use Token Overlap Ratio to select promising networks from the elite pool
to distill subnetworks in the refined search space. (b) The overall architecture of the NASTrack. In addition to selecting the embedding
dimension, number of heads, MLP ratio and Q-K-V dim for each layer, we also incorporate the keeping ratio as an additional choice.
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Figure 4: Kernel Density Estimation (KDE) of the keeping ratio
products for networks with 8, 10, and 12 layers. The curves repre-
sent the distribution of keeping ratio products for networks with dif-
ferent depth. The shaded regions highlight the keeping ratio product
ranges for high-performance networks.

in low IoU,,, potentially leading to the erroneous removal of
valid pruning structures. To decouple the effects of pruning
structures and network architectures on performance, we in-
troduce the number of parameters (Params) as an additional
evaluation metric. As highlighted in many zero-shot NAS
methods [Lee and Ham, 2024; Wei et al., 2024b], Params
and FLOPs are reliable and computationally efficient prox-
ies for model performance. Unlike FLOPs, which depend on
the number of input tokens, Params remain invariant to token
counts, making them a more suitable metric for isolating the
impact of pruning structures.

To systematically filter out ineffective pruning structures
‘P, while preserving those that contribute to optimal model
performance, we define the blacklist B as follows:

BUHY = Oy {P,|

Params () > Tparams & ToUya (N (@, we)) < Tiou } -

ey

The function N(a,w,) denotes the subnetwork « inherits
the weight w,, from the supernet. This criterion ensures that
a pruning structure P, is discarded only if the network’s
Params remain within a reasonable range while yielding a low
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Figure 5: Left: Comparison of network performance between the
trackers searched by method using all remaining tokens and elite to-
kens. Right: Average TOR computed for 2,000 network pairs across
four datasets at different epochs. Different colors represent different
datasets, showing how the average TOR evolves over training.

IoU,.1. By applying this strategy, we mitigate the risk of dis-
carding promising pruning structures due to biases introduced
by network architecture variations.

3.3 Matching-Based Distillation

Although we have narrowed the search space, there still exist
networks with significant disparities in model size within the
space. This leads to interference in optimization among dif-
ferent networks, resulting in poor subnetworks performance.
To address this issue, we assign each subnetwork in the search
space a suitable teacher for distillation, thereby accelerating
the convergence of the subnetworks [Peng er al., 2020].

Firstly, we identify networks with high capacity and low
computational cost during training and place them into an
elite pool £ as teacher candidates. This process is updated
through the following formula:

G+ {afloUyy (N (e, wy)) > ToUyy (N (d, way,))
& FLOPs(a) < FLOPs(&y), dy € €1 . 2)

During each iteration, a newly sampled architecture « is eligi-
ble to replace an existing candidate &;, € & if it demonstrates
superior Pareto-dominance, characterized by higher valida-
tion performance under stricter or equivalent computational
constraints.

Then, we select teacher networks from the elite pool. It
is important to note that distillation tends to be less effective
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Figure 6: Visualization of the discriminative regions of backbone
features and retained tokens extracted by subnetworks from search
space.

when there is a significant capacity gap between teacher and
student models [Dong et al., 2023]. Therefore, selecting a
suitable teacher for each network becomes a critical step in
ensuring effective knowledge transfer.

Cream of the Crop introduces an additional training mod-
ule to select teacher-student pairs. While effective, this ap-
proach increases the overall training burden. On the other
hand, the metric proposed by DISWOT [Dong et al., 2023]
requires two feature maps of the same size for calculation.
However, after token pruning, token sequences often have
varying lengths, making it infeasible to directly apply this
metric.

To overcome these limitations, we propose the Token Over-
lap Ratio (TOR), a metric that measures the structural consis-
tency between pruned token sets of different networks.

TOR is defined on the search tokens retained after pruning
in the last transformer block;, as these tokens are most relevant
to target localization. Let P’ and P’ denote the index sets of
retained search tokens in networks ¢ and j, respectively. TOR
is computed as:

_|PPn Pi|

TOR = == .-
| PP U Pi|

(©))

However, we observe that TOR is biased by the number of
retained tokens: networks with larger token sets tend to ex-
hibit higher overlap, while subset relationships may underes-
timate semantic similarity. To mitigate this issue, we compute
TOR on a fixed number of elife tokens. For each network 7,
we select the top-k, tokens from P! according to their impor-
tance scores S':

P = argsort(S", top-k.). )

By enforcing equal token cardinality and prioritizing se-
mantically important tokens, TOR provides a more reliable
measure of token-level alignment between subnetworks. As
shown in Fig. 5, computing TOR with elite tokens consis-
tently improves the performance of the final searched models.

The effectiveness of TOR stems from its ability to capture
semantic alignment between subnetworks at the token level.
As illustrated in Fig. 6, different subnetworks attend to differ-
ent regions of the same search sequence, leading to variations

Distillation Gain (AAUC)

T
0.6 0.7 0.8 0.9
Token Overlap Ratio (TOR)

Figure 7: Relationship between TOR and distillation gain on La-
SOT. Each point represents a teacher—student pair sampled from the
supernet.

in the retained tokens. Network pairs with high TOR exhibit
highly similar activation maps, indicating consistent focus on
discriminative target regions.This qualitative observation is
further supported by Fig. 7, where a positive correlation be-
tween TOR and distillation gain (AAUC) can be observed. It
shows that higher token-level consistency generally results in
more effective knowledge transfer.

In the early stages of training, TOR does not effectively
reflect the alignment between networks. Fig. 5 (right) shows
that TOR reaches stability in the middle stages of training
(around 80 epochs) and changes little afterward. Therefore,
we begin joint matching training after 80 epochs.

4 Experiments

4.1 Implementation Details

We use the sandwich rule [Yu et al., 2020] for early-stage
supernet training. After that, we apply Equation 2 to select
networks into the elite pool. We then randomly sample a net-
work and compute the TOR between it and those in the elite
pool. The network with the highest TOR is selected as the
teacher to distill it during joint training. We select the best
network from the elite pool as the final searched models. Ad-
ditionally, we provide an evolutionary algorithm to explore
a broader set of high-performance networks. The details of
the evolutionary algorithm and supernet training pipeline are
provided in supplementary materials.

Supernet training. We train the model using the OS-
Track [Ye et al., 2022] framework, which adopts the Vanilla
ViT-Base [Dosovitskiy ef al., 2021] model as the backbone,
pre-trained with MAE [He er al., 2022], to jointly per-
form feature extraction and relation modeling. The head
is a lightweight fully convolutional network (FCN) consist-
ing of four stacked Conv-BN-ReLU layers, designed to pro-
duce three outputs. To accommodate different computational
constraints, we design three supernets, as shown in Tab.1,
and optimize them using our proposed method on tracking
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Methods ‘ Source H LaSOT LaSOT.., TrackingNet TNL2K UAV123 H FLOPS FPS
AUC  Pnorm P AUC P AUC Pnorm P AUC P AUC P (G) GPU OrinNX CPU

NASTrack-T Ours 64.2 731 671 440 484 799 851 770 518 496 665 87.2 1.3} 341 62 75
CompressTracker-2 [Hong e al., 2025] ICCV2025 60.4 68.5 615 404 438 782 833 748 485 450 625 825 6.4 330 51 33
HiT-Small [Kang e al., 2023] I1CCVv2023 60.5 683 615 404 - 71.7 81.9 731 - - 63.3 - 1.1 350 48 72
MixformerV2-S [Cui ez al., 2024] NeurIPS2024 || 60.6 699 604 436 462 758 81.1 704 483 43.0 658 86.8 45 331 61 46
LightTrack [Yan et al., 2021b] CVPR2021 53.8 - 53.7 - - 72.5 778 695 - - - - 0.5 157 36 52
FEAR-XS [Borsuk et al., 2022] ECCV2022 53.5 545 71.5 80.5 699 0.5 224 50 111
NASTrack-S Ours 65.7 749 699 448 498 813 86.1 788 534 518 672 872 4.1 271 48 32
CompressTracker-3 [Hong e al., 2025] ICCV2025 64.9 740 684 446 496 816 86.7 794 526 509 654 - 8.6 253 45 26
DyTrack-Fast [Zhu et al., 2025] TNNLS 64.9 734 678 440 476 794 83.7 758 50.7 - 66.7 9.4 - - -
HiT-Base [Kang et al., 2023] I1CCV2023 64.6 733 68.1 441 - 80.0 844 713 - 65.6 4.3 220 40 33
LiteTrack-B4 [Wei et al., 2024al ICRA2024 62.5 72.1 65.7 - 79.9 849  176.6 66.4 6.8 242 44 24
HCAT [Chen et al., 2022] ECCV2022 59.0 - 60.5 76.6 826 729 63.6 59 235 34 36
NASTrack-B Ours 68.6 719 743 472 529 837 884 827 564 569 692 898 14.8 125 21 11
CompressTracker-6 [Hong et al., 2025] ICCV2025 67.5 715 724 467 525 829 87.8 815 547 543 679 887 15.4 130 23 11
Litetrack-B9 [Wei e al., 2024a] ICRA2024 67.0 770 727 - - 82.4 873 804 554 - 67.7 - 14.2 128 21 11
DyTrack-Medi [Zhu et al., 2025] TNNLS 66.5 755 704 463 51.1 809 855 778 538 68.2 16.3 - = N
STARK-ST50 [Yan et al., 2021al 1CCV2021 66.6 - - - - 81.3 86.1 - - 68.4 12.8 120 18 24
TransT [Chen et al., 2021b] CVPR2021 64.9 73.8  69.0 81.4 86.7 80.3 50.7 69.1 18.2 76 13 6
OSTrack [Ye et al., 2022] | ECCV2022 || 69.1 78.7 752 474 533 831 87.8 820 543 68.3 -] 215 98 18 7

Table 2: State-of-the-art comparison on TrackingNet, LaSOT, UAV123, TNL2K test benchmark. The best results are highlighted in red.

D Components Metrics
Blacklist Rand. Drop MBD Rand. Match AUC FLOPs
I 68.0 14.8
I v 68.1 14.0
I v 68.5 14.8
v v 683 142
\Y% v v 68.7 147
VI v v 69.2 148

Table 3: Component-wise analysis. MBD: Matching-Based Dis-
tillation; Rand. Drop: Randomly discarding keeping ratios; Rand.
Match: Randomly sampled teacher.

datasets for 300 epochs. The tracking datasets include Track-
ingNet [Miiller et al., 2018], GOT-10k [Huang et al., 20191,
LaSOT [Fan et al., 2019], and COCO2017 [Lin etal., 20141,
with data preprocessing following OSTrack: During tracker
training, we use the AdamW optimizer, setting the weight
decay to 10~*, the initial learning rate to 1.5-x 10~* for the
backbone and 1.5 x 1072 for other parameters. The search
and template images are resized to resolutions of 256 x 256
and 128 x 128. The tracker is trained on six NVIDIA RTX
4090 GPUs, each holding 80 image pairs, resulting in a total
batch size of 480. Each epoch processes 60k image pairs, and
the learning rate is reduced by a factor of 10 after 240 epochs.

4.2 Results and Comparisons

To validate the effectiveness of our algorithm, we compare
it with a large number of trackers on four datasets, includ-
ing LaSOT [Fan er al., 2019], TrackingNet [Miiller et al.,
2018], TNL2K [Wang et al., 20211, UAV123 [Mueller et
al., 2016], These trackers are categorized into two groups:
lightweight trackers and deep trackers. All performance eval-
vations are conducted on a PC equipped with an Intel(R)
XEON(R) GOLD and six Nvidia RTX 4090 GPUs. For speed
comparison, we utilize three different platforms: a Nvidia
GeForce RTX 4070 laptop, a Intel i7-14700HX CPU and a
Nvidia Jetson Orin NX 16GB. The results are shown in Tab.2.

Compared with SOTA lightweight trackers, our method
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Figure 8: Performance on LaSOT of NASTrack-T and 100 sampled
high-performing architectures from the supernet with weight in-

. tiny
herited from the supernet.

outperforms existing trackers on all benchmarks. In terms
of speed, our tracker achieves a significant improvement over
the baseline OSTrack without sacrificing accuracy. In par-
ticular, our NASTrack-B achieves 69.2% AUC on UAV 123,
which is 0.9% higher than our baseline OSTrack while run-
ning 1.3 x faster. Furthermore, as shown in Fig. 8, our search
space contains many well-trained trackers that consistently
outperform existing lightweight tracking models.

4.3 Ablation Study and Analysis

Effect of Blacklist Strategy and Matching-Based Distilla-
tion. We conduct an ablation study to evaluate the effec-
tiveness of each component in our method. We follow the
search pipeline of AutoFormer as the baseline and perform
the search on OSTrack. We employ an evolutionary algo-
rithm to search for high-performing networks in the absence
of the elite pool.

Tab.3 shows that applying either strategy individually en-
hances performance, while the combination of both achieves
the most improvement. To further validate our method, we
compare the performance of each component under four con-
ditions: (II) Randomly discarding keeping ratio configura-
tions. (III) Discarding keeping ratio configurations based on
IoU and model size. (V) Randomly select networks from the
elite pool. (VI) Selecting a teacher network based on TOR.
The results show that (IIT) outperforms (II) and (VI) surpasses
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Method TrackingNet LaSOT UAV FLOPs Param
(%) (%) (%) (G) M)
Autoformer’ 80.1 642 659 13.1 43.1
Autoformer 81.0 640 666 128 67.0
Sandwich Rule 82.1 66.5 683 128 61.1
Cream of the Crop 82.3 66.6 682 125 64.3
Ours 82.8 67.8 68.7 129 68.1

Table 4: Performance comparison (AUC) of different NAS meth-
ods under the same computational constraints. f: Search on vanilla
search space without pruning.

Method Ratio Strategy AUC FLOPs PT" Cost
(%) (G (h)

Grid Search 68.2 1.3 Yes 120+
NASTrack-Bf Learnable Threshold 68.7 1.4 Yes 45
NASTrack Joint Search 68.6 1.3 No 20

PT: Requires additional post-training/fine-tuning after search.

Table 6: Comparison of different ratio selection methods on LaSOT.
All methods are constrained to ~1.3 GFLOPs. Cost is measured
in GPU hours on Nvidia RTX 4090. NASTrack-Bf: NASTrack-B
without token pruning.

Method GFLOPs
Model Method AUC Params FLOPs Speed
1.3 4.1 82 104 148 (%) M) (G) (fps)
Token Pruning (Fixed Arch) - 78.1 81.0 82.8 Ours 68.6 74.1 14.3 125

Standard NAS (w/o Token Pruning) 77.4 80.1 81.2 81.8 83.2
Decoupled (NAS — Grid Search) 79.1 81.1 82.1 822 835

Ours (Joint NAS + Ratio Search) 79.9 81.3 819 825 83.7

Table 5: Ablation study results on TrackingNet. We show the AUC
of best searched models for each case. Fixed Arch: OSTrackasse.

(V), demonstrating the effectiveness of our proposed methods
in both pruning strategy optimization and teacher network se-
lection.

The Efficacy of Multi-Dimensional Search. We compare
the results with and without searching for the optimal keep-
ing ratio. As shown in Tab. 4, the network discovered through
our search space achieves better performance under the same
computational budget. These results demonstrate that jointly
pruning in both the token and structural dimensions effec-
tively compresses the tracker while preserving competitive
performance.

To further validate the effectiveness of our method in
search spaces that incorporate the keeping ratio, we com-
pare it against other NAS approaches, our approach identifies
better-performing networks.

Superiority over Ratio Selection Strategies. We compare
our joint search with established ratio selection methods un-
der a 1.3 GFLOPs constraint in Tab. 6. Traditional grid-based
search on a fixed backbone suffers from exponential search
costs and requires extensive retraining. Learnable threshold
methods, while reducing search overhead, remain sensitive
to hyperparameters and necessitate additional post-training
to stabilize performance. In contrast, by treating layer-wise
keeping ratios as searchable architectural variables, our joint
strategy discovers optimal architecture-pruning pairs simulta-
neously. This one-shot approach directly satisfies the FLOPs
constraint without post-training, demonstrating superior ef-
ficiency and reliability over decoupled or implicit selection
methods.

Synergy Between Architecture Search and Token Prun-
ing. We investigate the necessity of co-designing architec-
ture and token pruning by comparing our joint search against
a decoupled pipeline in Tab. 5. While the decoupled ap-
proach improves over single-factor optimization, it consis-
tently lags behind our joint search. This performance gap

.
NASTrack-B' "EviT [Liang eral.,, 20221687 =~ 741 154 100

PPT [Wu et al., 2023] 68.4  74.1 15.4 105

Table 7: Comparison of our searched keeping ratios versus manual
pruning schemes on LaSOT.

reveals a fundamental coupling: the optimal pruning ratio
is highly dependent on the specific architecture, and vice
versa. Such non-trivial interactions—where token reduction
directly alters the effective receptive field and information
flow—cannot be captured when architecture and pruning are
optimized in isolation. These results demonstrate that joint
search is not a simple extension of prior NAS frameworks, but
a crucial design choice to fully exploit architecture-pruning
synergy for superior trade-offs.

Comparison with Token Pruning Methods. We believe
that an optimized keeping rate structure can achieve per-
formance on par with carefully designed pruning strategies.
As shown in Tab.7, our searched pruning configurations
achieve performance comparable to manually designed prun-
ing strategies under the same network architectures.

5 Conclusion

In this work, we propose NASTrack, the first method to lever-
age NAS for designing efficient transformer-based trackers.
This framework incorporates token pruning to optimize both
transformer block structures and layer-wise keeping ratio.
The multi-dimensional compression enables speedup without
over-compressing the model. We also find that optimizing
per-layer token keeping ratios alone can achieve performance
comparable to existing token pruning methods. Meanwhile,
We design two training strategies to manage the enlarged
search space caused by the keeping ratio. First, we blacklist
suboptimal pruning structures to shrink search space. Sec-
ond, we introduce a novel metric, TOR, to select the opti-
mal teacher-student model pairs, accelerating network con-
vergence. Extensive experiments demonstrate the proposed
algorithm can enhance supernet training. The subnetworks
searched through this framework achieve state-of-the-art per-
formance on multiple benchmarks, outperforming existing ef-
ficient trackers.
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