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Abstract. Transformer-based object trackers are renowned for their
strong performance, yet dense token processing often leads to prohibitive
computational cost, limiting real-time deployment on edge devices. While
recent works explore token pruning to reduce computation, they often
stop short of an end-to-end sparse pipeline, as early-layer token scores can
be noisy without a motion prior, and many trackers ultimately fall back to
dense reshaping to feed the dense prediction head that partially negates
the savings. We introduce Motion-aware Sparse Tracker (MaST), a sparse
tracking framework that makes sparsity effective from tokens to boxes.
First, MaST injects a lightweight motion prior to refine cross-attention-
based importance scores, enabling earlier and more stable token reduction
in the search region. Second, we introduce a natively sparse prediction
head that operates directly on the retained unstructured tokens with
a score-first, regress-once design, eliminating dense padding/reshaping
and reducing redundant computation. Extensive experiments on multiple
benchmarks demonstrate that MaST establishes new state of the art
among lightweight trackers, where MaST-tiny attains 63.8 AUC on LaSOT
and 80.1 SUC on TrackingNet, surpassing the prior best AsymTrack-S
by +1.0 AUC and +2.2 SUC while running at 152 FPS on Jetson Nano,
nearly twice as fast as AsymTrack-S at 88 FPS. Code is available at
github.com/TsingWei/MaST.

Keywords: Motion Prior - Token Sparsification - Lightweight Object
Tracking

1 Introduction

Visual object tracking is a fundamental task in computer vision with broad
applications in autonomous driving [18], surveillance [46], augmented reality [50],
and robotics [38]. Given the target location in an initial frame, the goal is to
estimate its trajectory throughout a video sequence — a task made challenging by
occlusions, background clutter, illumination changes, and appearance variations.
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Fig. 1: Speed—accuracy trade-off on edge platforms. The left panel shows Track-
ingNet SUC vs. Orin Nano speed (FPS). The right panel shows LaSOT AUC vs. CPU
speed (FPS). Bubble area is proportional to model parameter count. Our MaST-{small,
tiny, nano} achieve Pareto-optimal trade-offs, delivering competitive or superior accu-
racy at significantly higher speeds compared to prior lightweight trackers.

Recent one-stream Transformer-based trackers have achieved remark-
able accuracy by jointly modeling template—search interactions through self-
attention. However, their quadratic attention complexity over long token se-
quences incurs substantial computational cost, hindering deployment on resource-
constrained platforms such as UAVs and mobile robots. The field has pursued two
lines of work to improve efficiency, including lightweight architectures
that employ scaled-down backbones at the expense of discriminative power, and
adaptive computation methods that reduce average latency but leave
the worst-case computational cost largely unchanged.

Unlike CNNs that operate on dense feature maps, Vision Transformers rep-
resent images as discrete token sequences, naturally enabling dynamic token
reduction — a strategy proven effective in general vision tasks . This makes
token sparsification a particularly promising avenue for accelerating Transformer-
based trackers. Several recent works have explored this direction. OSTrack
repurposes the cross-attention scores between search and template tokens as a
pruning criterion, retaining a fixed ratio of search tokens at intermediate encoder
layers; FARTrack extends this by additionally leveraging attention to learn-
able location tokens; AVTrack trains an auxiliary sub-network to predict
per-token importance for early dropping decisions.

Despite these advances, existing token sparsification approaches for tracking
still face systematic limitations. On the token-reduction side, pruning is typically
applied too late, as illustrated in Fig. a), early-layer attention maps are highly
diffuse, making attention-based importance scores unreliable and forcing most
methods to defer pruning to intermediate layers (e.g., progressively at the 4rd,
7th, 11th), leaving the computationally expensive early layers to process the full
token set. Moreover, common pruning criteria (cross-attention scores or auxiliary
predictors) capture only appearance-level relevance within the current frame
and ignore the strong temporal motion continuity in tracking, i.e., the prior
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Fig. 2: Why early-stage token pruning fails. (a) Attention map visualization across
encoder layers on three tracking sequences. Early layers produce diffuse, noisy attention
that has not yet localized the target, explaining why existing methods conservatively
defer token pruning to intermediate layers. (b) Effect of performing one-shot token
reduction (33% retention align to OSTrack [49]) at different encoder layers on GOT-10k
val. Without spatial guidance (w/o G.T.), accuracy drops sharply as pruning moves to
earlier layers. With ground-truth target locations guiding selection (w/G.T.), accuracy
remains nearly flat across all layers while GMACs decrease substantially with earlier
pruning.

knowledge of where the target was in the previous frame. On the output side,
the prediction head remains a dense bottleneck. Convolutional heads assume
a dense, spatially structured token grid, so aggressive sparsification requires
padding and reshaping sparse tokens back to a full 2D feature map, wasting
computation on empty positions; at high compression ratios, the target-center
token may even be pruned, leading to severe mislocalization. This mismatch
between a sparse backbone and a dense head caps the achievable speedup and
degrades accuracy. Notably, the decoding head is not necessarily convolutional
in modern trackers, and some methods decode targets via additional learnable
tokens (e.g., MixFormerV2 and the ARTrack series [40,43]), and LoRAT
replaces the convolutional head with MLPs. However, these predictor designs are
typically developed under dense token/feature assumptions, and their behavior
under aggressive token sparsification remains under-explored.

A natural question arises as to whether early-layer pruning is inherently
harmful, or whether it merely lacks the right guidance. To answer this, we
conduct a diagnostic experiment that disentangles the effect of when to prune
from what to prune. As shown in Fig. b)7 when token selection at 33% retention
is guided by ground-truth target locations, accuracy remains remarkably stable
regardless of the pruning layer, while computational cost (GMACs) decrease
substantially with earlier pruning. In contrast, without such guidance, accuracy
degrades sharply as pruning moves to earlier layers. This result indicates that
the performance degradation associated with early pruning stems not from
insufficient token representations, but from the inability to identify the correct
tokens to retain at that stage. The challenge therefore reduces to two sub-
problems, (i) obtaining a reliable motion prior for token selection before the
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encoder has produced discriminative features, and (ii) designing a prediction
head that natively operates on the resulting sparse, unstructured token set.

In this work, we propose MaST (Motion-aware Sparse Tracker), a sparse
tracking framework that addresses these limitations with a cohesive design. As
shown in Fig. [I}, MaST variants achieve Pareto-optimal speed—accuracy trade-
offs on edge platforms. MaST performs early, task-driven token reduction in
the search region by injecting a history-based motion prior into the selection
process. To avoid a dense output bottleneck, MaST also introduces a natively
sparse prediction head that operates directly on unstructured tokens with a
score-first, regress-once design, eliminating dense reshape and reducing redundant
computation.

Our main contributions are summarized as follows.

— We propose MaST, a sparse tracking framework that performs early, task-
driven token reduction in the search region using temporal motion priors.

— We introduce a natively sparse prediction head with a score-first, regress-once
design that operates directly on unstructured tokens, removing the dense
head bottleneck.

— Extensive experiments on LaSOT, TrackingNet, GOT-10k, and more bench-
marks demonstrate that MaST achieves competitive or superior accuracy
while delivering substantially higher measured inference speeds on edge
platforms such as Raspberry Pi and Jetson Nano.

2 Related Works

Lightweight Visual Tracking. Modern one-stream Transformer trackers |6}
10},/111|43},/49] unify feature extraction and relation modeling into a single ViT
backbone, achieving strong accuracy but suffering from quadratic self-attention
complexity that hinders deployment on edge devices. Prior efforts to close this gap
fall into three categories, each with notable limitations. Compact model design |3}
5,/8[24,/28L[42] reduces parameter count but sacrifices representational capacity.
Model compression via layer pruning [11}{42] or knowledge distillation [11})21] risks
non-trivial accuracy degradation. Conditional dynamic computation [27,28,/45|
improves average throughput but yields variable per-frame latency, complicating
hardware scheduling. In contrast, our approach uses fixed top-K token selection
guided by a motion prior, achieving both predictable latency and high accuracy.

Temporal Priors in Visual Tracking. Temporal priors, especially motion
locality, are well-established in visual tracking, as target motion between consec-
utive frames is typically small relative to the search region. Classical approaches
exploit this prior via a penalty window (Hanning/cosine) applied to the output
score map. SiamFC [1] first applied a cosine window to the cross-correlation
response to suppress high-response regions near the boundary of the search area.
SiamRPN-++ [26] further combines a cosine window penalty with a size-change
penalty on the regression response to reduce large, abrupt displacement predic-
tions. Discriminative correlation filters such as KCF [20] and ECO [13| apply
a cosine window to the input features to reduce periodic boundary artefacts,
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which also implicitly penalises predictions near the edges. Many modern track-
ers, including DiMP |2], prDiMP [14], STARK [47|, and OSTrack [49], likewise
multiply a Hanning window onto the predicted score map as a post-processing
step before selecting the final target location. Beyond hand-crafted windows,
recent Transformer-based trackers also explore data-driven temporal modeling
by encoding historical predictions as tokens and letting the network learn to use
this information, e.g., SwinTrack [31] and the ARTrack series |40L|43]. However,
these designs do not explicitly impose a spatial locality prior during computation.
Despite their widespread adoption, penalty windows are applied only after the full
forward pass and merely re-weight already-computed scores, leaving the heavy
encoder computation unaffected. In contrast, our approach injects temporal
motion priors into the token reduction process itself, using them to guide which
tokens are computed in subsequent layers and thereby reducing computation.

Token Sparsification in Vision Transformers. The tokenized processing
paradigm of Vision Transformers enables novel sparsification strategies that are
absent in CNN-based trackers. EViT [29] pioneered token pruning by selecting
tokens with the highest attention to the class token. OSTrack [49] adapted
this idea by measuring cross-attention between search and template tokens,
retaining the top-K most correlated tokens. However, their reliance on early-layer
attention scores introduces noise. As a result, many methods apply token pruning
conservatively and progressively at intermediate layers, leading to limited speedup.
DynamicViT [37] proposed learnable importance predictors using lightweight
MLPs, and DToP [39] further explored this idea in semantic segmentation.
Similarly, GRM [19] applied such techniques to guide token interactions in
tracking tasks. Although these methods improve robustness. AVTrack [28] also
uses sub-network for early token exit, but the resulting variable computation
per frame complicates hardware scheduling and deployment. In contrast, our
approach combines motion-guided locality priors with fixed token budgets (top-K
selection), ensuring predictable and consistent latency.

3 Method

3.1 Overview

The proposed framework shown in Fig. [3]operates in three stages, namely motion
prediction, token sparsification, and target decoding. Given an input video frame
and the target’s initial location, a pair of images is processed as input, consisting
of a template image denoted as Z € R3*H#=*W= and a search image denoted as
X € R¥>*HzxWa  These images are divided into non-overlapping patches of size
P x P, resulting in P, = % patches for the template and P, = %
patches for the search region. After patch embedding concatenated together,
features are simultaneously extracted and fusion in the form of sequence using a
Transformer encoder, in which the sequence will be first handled by our proposed
sparsification block. In the end, the retained tokens will be further processed by
the prediction head.
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Fig. 3: Overview of the MaST framework. The General Sparsification Module is in-
serted once at an early encoder layer, retaining the top- K search tokens; all subsequent
Transformer blocks operate on this reduced set. Token selection fuses cross-attention
relevance with a motion prior from the previous prediction for early and stable pruning.
The retained sparse tokens are then decoded by a lightweight MLP sparse head with a
score-first, regress-once pipeline, eliminating dense reshaping and redundant computa-
tion.

3.2 Motion-Aware Token Sparsification

Token sparsification plays a critical role in reducing the computational cost of
Transformer-based visual object trackers by selectively focusing on the most
relevant tokens. Typically, an importance score is assigned to each search token
to determine whether it should be retained. Existing approaches often derive
these scores either from an auxiliary prediction network or from cross-attention
maps that measure the interaction between search and template tokens. Following
OSTrack [49], we adopt the cross-attention map as the basis for token scoring.
However, early-layer attention is often diffuse and noisy, which makes naive early
pruning unreliable. To enable earlier and more stable token reduction, we inject
a lightweight temporal motion prior derived from the previous prediction.

Importance Score. In our framework, the importance score of search tokens
is derived from the cross-attention map in the Transformer encoder. Let the
search tokens and template tokens be represented as Q, € RP=*¢ (queries) and
K. € RP=*4 (keys), where P, and P, are the numbers of tokens in the search
and template regions, respectively, and d is the feature dimension. Following the
approach explored in OSTrack, we simplify the aggregation process by only using
the token from the center patch of the template as a representative feature. This
reduces unnecessary complexity while retaining strong performance.
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The cross-attention map A,_,, € RP**P: which measures the interaction
between search and template tokens, is defined as:

.
A, _,. = Softmax (QIKZ ) , (1)

Vd
where A,_,.[i,j] represents the attention weight between the i-th search
token and the j-th template token. Given that we only use the center token of

the template, denoted as k. € R?, the importance score s; for the i-th search
token is simplified as:

e (qiT K/ ﬁ)
- 2121 exp (qlchc/\/;O ’

2)

S;

where q; € R? is the query feature of the i-th search token. This formulation
focuses the importance scoring process on the interaction between search tokens
and the central template token, providing a lightweight yet effective means of
measuring token relevance.

Motion Prior Injection. Directly using early-layer cross-attention scores for
pruning is sub-optimal due to their diffuse and noisy nature. Tracking, however,
provides a strong temporal cue, as the target location changes smoothly across
frames. We therefore build a simple spatial prior from the previous prediction
and use it to guide token selection.

Specifically, as illustrated in the center panel of Fig.|3] we construct a Motion
Window over the search region, centered at the previous predicted target location,
and use it to softly re-weight the cross-attention importance scores. In practice, we
find that a 2D Gaussian provides an effective and lightweight realization. Given the
predicted bounding box from the previous frame by_1 = (x¢—1, Yr—1, Wi—1, ht—1),
where (241, y¢—1) is the box center and w;_1, hy—1 are its width and height, the
Gaussian is defined as:

uw—x-1)?  (v—yi—1)?

Gi(u,v) = exp (— -

202 207

where (u, v) represents the spatial coordinates of a token in the search region,

and 0, = ywi—1, oy = vhy—1 are the standard deviations of the Gaussian in

the x and y directions, respectively. The scaling factor 7 controls the size of the

window, balancing the trade-off between including potentially relevant tokens

and excluding irrelevant ones. We found that setting v = 0.5 yields reasonable
performance.

The Motion Window assigns higher weights to tokens closer to the previous
predicted target center. We refine the importance scores by combining the cross-
attention importance scores s; with the Motion Window values G;(u;, v;) for each
token:
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wi = Gi(u, vi) - si, (4)

where (u;, v;) is the spatial location of the i-th token. This combined score w;
ensures that tokens within the likely target region (as constrained by the Motion
Window) are prioritized, even if their raw attention scores are diffuse. Then we

only keep the top-K tokens Lk €

RNx %4 a5 the output of Motion-Aware Token

Sparsification block, attached by the standard Transformer blocks in the encoder.

3.3 Fully Sparse Prediction Head

Our goal is to avoid the dense-head
bottleneck when the backbone oper-
ates on a sparsified, unstructured to-
ken set. Let the retained search to-
kens be L = {fk},i\[:"17 where Nx <
H,W,/P? and each token keeps its
original 2D location on the patch grid,
denoted as pr = (ug,vr). As illus-
trated in Fig. [ unlike dense heads
that must pad and reshape sparse
tokens back to a full 2D grid be-
fore stacked convolutions, we design
a natively sparse head that directly
consumes Lx without padding or re-
shaping back to a dense feature map.
We parameterize both branches with
lightweight MLPs, similar to prior
MLP-based heads (e.g., LoRAT [30]).
We further tailor the head for sparse to-
ken decoding via a score-first, regress-
once computation path.
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padded values
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Fig.4: Dense vs. sparse prediction
head. (A) Dense head pads and reshapes
sparse tokens into a full 2D grid, wasting
computation on empty positions. (B) Our
sparse head applies an MLP directly on re-
tained tokens via sparse anchors, with no
padding or reshape.

Score-first, regress-once. As illustrated in Fig. [3] the head contains two

lightweight branches.

— Score branch g4 predicts a scalar confidence s;, € R for each retained token.

The target token is selected by

k* = arg max s (5)

This selection can be implemented by scattering {sx} to a sparse score map
aligned with the original grid and applying an ArgMax, but no dense feature

computation is required.

— Regression branch g, predicts box parameters only once for the selected
token fy«. Denoting the regression output as Ag+, the final box is decoded as

b = Decode(pg-, Ag-). (6)
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Importantly, the anchor point pg« is directly retrieved from the retained to-
ken’s stored coordinate (i.e., a sparse map lookup), avoiding any padding/reshape
to dense 2D feature maps; meanwhile, no regression is computed for other tokens.

This design makes the head complexity scale with N for scoring and constant-
time for regression, matching the sparsified backbone and eliminating redundant
computation on empty spatial positions.

Training objective. We supervise the score branch with a classification loss
over sparse tokens, and supervise the regression branch on a single token aligned
with the ground-truth target. Let ¢ be the ground-truth target center on the
patch grid and define

kst = argmkiDHPk —cl2. (7)

The overall head loss is
Lead = Las({s£}) + Ao, Lo, (B, b) + Aarou Latou (Bree, b), (8)

where b is the ground-truth box, and we set Agiou = 2 and Ay, = 5.

4 Experiment

Device. Our MaST models are implemented

using Python 3.10 and PyTorch 2.4.1. Training

is conducted on a single NVIDIA RTX 3090

GPU. We evaluate inference speed on three Table 1: Details of our MaST
representative edge platforms, namely Rasp- model variants.

berry Pi 5, Apple M4, and NVIDIA Jetson Model | MaST
Orin Nano. To ensure a consistent evaluation |nano tiny small
environment and better reflect real-world appli- Backbone ViT-Tiny

cation deployment, we export ONNX files with ¢ -0 qer Layers | 8 12 12
OpSet 17 and benchmark with ONNXRun-  Template Size | 128 128 192
time 1.20.1 to report practical on-device per-  Search Size 256 256 384
formance. For trackers whose source code is ~ Token Rate (%)| 30 30 30
publicly available, we re-evaluate their. speed gﬁfris(((;l\)/[) ggg 2(83§ ;2;
under the same protocol to ensure a fair com-
parison.

Model. To demonstrate our method on
the low-cost edge device, we use ViT-Tiny [16] as the encoder and the training
are initialized with the MAE-lite [41]. We provide three model variants with
different backbones, encoder depths, and token retention rates, as summarized
in Tab. [I]} MaST-nano uses the first 8 layers of ViT-Tiny with a 20% retention
rate for maximum efficiency; MaST-tiny employs the full 12-layer ViT-Tiny with
30% retention; MaST-small scales to ViT-Small with 30% retention for higher
accuracy.

Training. The training splits of COCO |[32]|, LaSOT [17], GOT-10k [22]
TrackingNet [35] and VastTrack [36] are used for training. Common data augmen-
tations including horizontal flip and brightness jittering are used in training. The
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Table 2: State-of-the-art comparisons of efficient tracking on three large-scale bench-
marks, grouped by computational cost. Red and blue denote the best and second-best

results within each group. FPS values indicate speeds below VOT realtime setting

(20 FPS).
Method Pub. LaSOT TrackingNet GOT-10k MACs FPS

AUC Pnorm P SUC Pnorm P AO SRos SRo.75[(G)  RPi5 CPU Nano

KCF ‘TPAMI’14 21.1 228 184 - - - 279 263 9.9 ‘- 142 946 20
~500M MACSs
MaST-nano Ours 58.6 67.7 59.4 77.2 825 724 61.6 71.8 53.7 |0.585 30.1 101 230
AsymTrack-T AAAT'25 |60.8 68.7 61.2 76.2 80.9 71.6 62.3 71.3 54.7 |0.708 60 99
FEAR-XS ECCV’22 | 53.5 - 545 - - - 619 722 - 10.532 59 146
LightTrack CVPR’21 | 53.8 - 53.7 725 77.8 69.5 61.1 71.0 - 10.483 44 124
~1G MACs
MaST-tiny Ours 63.8 722 67.2 80.1 85.3 77.2 66.6 76.0 62.5 |0.836 22.6 72 152
FARTrackpico ICLR’26 |58.6 67.1 59.6 75.6 81.3 70.5 62.8 72.6 50.9 [1.08 35 134
AsymTrack-S AAAT'25 [62.8 71.2 64.8 77.9 822 74.0 65.5 74.8 58.9 |0.806 51 88
ORTrack-D CVPR25|54.6 62.6 54.3 73.7 79.1 682 - - - 1.54 52 138
HiT-Small ICCV’23 |60.5 683 61.5 77.7 81.9 73.1 62.6 71.2 54.4 |1.13 215 78 106
HiT-Tiny ICCV’23 |54.8 60.5 529 74.6 78.1 68.8 52.6 59.3 42.7 |0.995 27.3 97 118
E.T.Track WACV’23 | 59.1 - - 75.0 80.3 70.6 - - - 1.56 24 71
~2G MACs
MaST-small Ours 65.8 74.7 70.4 82.3 87.1 80.5 70.0 80.4 67.0 |1.82 30 98
FARTracknano ICLR’26 |61.3 69.7 64.1 79.1 84.5 75.6 69.9 81.2 61.4 |1.78 25 117
FARTrackiiny ICLR’26 |63.2 71.6 66.7 80.7 85.6 77.5 70.6 81.0 63.8 |2.65 87
AsymTrack-B AAAT'25 | 64.7 73.0 67.8 80.0 84.5 77.4 67.7 76.6 61.4 |1.81 25 57
FERMT ECCV’24 |65.1 746 69.1 80.8 80.9 78.1 69.6 80.1 63.2 (2.31 31 84
HiT-Base ICCV23 |64.6 73.3 68.1 80.0 84.4 77.3 64.0 72.1 58.1 |4.34 22 79
Heavy Trackers
SUTrack-T AAAT25 [69.6 79.3 75.4 827 87.2 80.8 72.7 82.1 70.5 [5.52 23
MCITrack-T AAAT25 |71.7 81.5 782 84.8 89.4 83.7 74.0 839 721 (12.6
LoRAT ECCV’24|71.7 809 77.3 83.5 87.9 821 72.1 81.8 70.7 |19.1

OSTrack ECCV’22|69.1 78.7 75.2 83.1 87.8 82.0 71.0 80.4 68.2 |18.6

GPU holds 128 image pairs as the batch size. We train the model with AdamW
optimizer |33|, set the weight decay to 1074, the initial learning rate for the
backbone to 4 x 10~° and other parameters to 4 x 10~%, respectively. The total
training epochs are set to 300 with 60k image pairs per epoch and we decrease
the learning rate by a factor of 10 after 240 epochs. The sparsification rate is
gradually warmed-up during training following OSTrack . More details of
training and hyper-parameters can be found in the supplementary material.

4.1 Comparison with State-of-the-arts

We conduct a comprehensive comparison on five widely used tracking benchmarks.
Trackers are grouped into three tiers, namely ~500M, ~1G, and ~2G MACs,
based on their computational cost, and compared within the same tier.

3 KCF is tested on the CPU of Jetson Orin Nano with 256 input size.
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Table 3: Comparisons with lightweight trackers on Table 4: Comparison on the

more benchmarks. VastTrack [36] benchmark.
FPS |LaSOTex UAV123 NFS VastTrack
Method .
Method RPi Nano| AUC  AUC AUC SUC Porm Prec
LightTrack [48] 13.4 124 - 625 553  ATOM [12] 172 141 102
E.T.Track [3] 88 71| - 50.0 59.0  LansT[9) 209 314 254
. STARK [47] 334 343 30.8
HiT-Base [24] 6.7 79| 44.1 65.6 63.6
Mixf oS [ 71 8ol 436 i OSTrack [49] 33.6 34.5 315
mixlormer Vi [11] : : : R ARTrack 35.6 35.8 32.4
LiteTrack-B4 |42] 36 45 - 66.4 634 NixFormerv2-B [11]|35.2 36.5 33.0
CompressTracker-2 [21]| 6.1 97| 40.4 62.5 - FARTrackpico [40]  |30.3 33.0 25.7
AsymTrack-B [52] 6.2 57| 44.6 66.5 64.4 FARTracknano |40] |33.9 35.1 30.3
FARTracktiny [40] 6.9 87 45.0 65.8 66.9  FARTrackeny [40] [35.2 36.5 32.3
MaST-nano 30.1 230, 41.1 62.9 644 MaST-nano 30.6 37.8 30.1
MaST-tiny 22.6 152 42.8 66.6 66.2  MaST-tiny 334 407 26.2
MaST-small 7.5 98] 453 66.4 657 ~ MaST-small 35.6 43.2 33.0

LaSOT. LaSOT [17] is a large-scale long-term tracking benchmark comprising
1,400 video sequences with 280 sequences reserved for testing. As shown in Tab.
MaST-tiny achieves the highest AUC of 63.8 and Pyopm, of 72.2 in the ~1G
group, outperforming AsymTrack-S [52] by +1.0 AUC and HiT-Small |24] by
+3.3 AUC, while running at 22.6 FPS on Raspberry Pi 5. MaST-small further
pushes to 65.8 AUC in the ~2G group, surpassing FERMT [51| by +0.7 AUC.

TrackingNet. TrackingNet [35] is a large-scale short-term benchmark with
511 test sequences covering diverse real-world scenarios. MaST-tiny leads the
~1G group with 80.1 SUC and Ppoppm, of 85.3, surpassing AsymTrack-S by +2.2
SUC. In the ~2G group, MaST-small achieves 82.3 SUC, outperforming all
competing methods in its tier.

GOT-10k. GOT-10k [22] is a large-scale dataset with 180 test sequences
featuring non-overlapping object categories between train and test splits, designed
to measure generalization. MaST-tiny attains an AO of 66.6 and SR 75 of 62.5
in the ~1G group, outperforming AsymTrack-S by +1.1 AO and +3.6 SRg 75.
MaST-small achieves 70.0 AO and the highest SRg.75 of 67.0 in the ~2G group.

LaSOText. LaSOT ey [17] extends LaSOT with 150 test sequences covering
more diverse and challenging long-term scenarios. As reported in Tab. [3] MaST-
small achieves the highest AUC of 45.3, surpassing FARTrackyin, [40] by +0.3
and AsymTrack-B [52] by +0.7. MaST-tiny achieves 42.8 AUC at 22.6 FPS on
Raspberry Pi 5, over 3x faster than AsymTrack-B (6.2 FPS) ,offering a favorable
speed—accuracy trade-off for long-term tracking.

UAV123. UAV123 [34] is an aerial tracking benchmark with 123 low-altitude
UAV sequences featuring fast motion, small targets, and frequent occlusion. MaST-
tiny achieves the highest AUC of 66.6 among all compared methods, outperforming
LiteTrack-B4 [42] (66.4) and AsymTrack-B 52| (66.5) while running at 22.6 FPS
on Raspberry Pi 5. MaST-nano attains 62.9 AUC at a leading 30.1 FPS, making
it well-suited for resource-constrained aerial applications.
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Table 5: Comparison of performance on various sparisfication on encoder.

Sparsification By LaSOT Encoder FPS

AUC Pnorm P | MACs |RPi5 CPU Nano
None 64.0 74.2 68.3] 1752M | 9.1 37 94
Attention 60.5 71.9 65.6] 824M |22.9 73 157
Prediction 59.4 714 64.9] 874M |21.5 66 138
Attention + Motion| 63.8 73.6 67.9| 824M |22.6 72 152
Motion 62.6 72.2 66.4] 824M |23.5 78 169

Table 6: Comparison of prediction heads on LaSOT with ViT-Tiny backbone.

AUC MAGs (G) | RPi FPS

Prediction Head
rediction Head I nyonse Sparse|Dense Sparse|Dense Sparse

Global Localization
Loc Tokens |11] | 59.0 57.9 | 1.76 0.845 | 10.0 23.9
Trans. Decoder 61.4 60.1 | 1.88 0.833 | 9.4 227

Anchor-based Localization
3x3 Conv [49| 65.0 64.1 | 2.39 1.463| 7.7 13.8
MLP (Dense) [30|| 64.0 63.8 | 1.81 0.872| 9.1 21.3
MLP (Sparse) 64.0 63.8 | 1.75 0.836 | 9.7 23.2

NFS. NFS [25] is a high-frame-rate benchmark with 100 sequences featuring
fast-moving objects that challenge tracker responsiveness. Under 30fps setting,
MaST-tiny achieves 66.2 AUC, second only to FARTrackyi,y [40] (66.9) while
running substantially faster on edge devices. MaST-small achieves 65.7 AUC,
surpassing AsymTrack-B [52| (64.4) and HiT-Base [24] (63.6).

VastTrack. VastTrack [36] is a large-vocabulary benchmark spanning 2,115
object categories with over 50,000 sequences, designed to evaluate tracking
generalization across a vast range of target types. As shown in Tab.[d] MaST-small
achieves a SUC of 35.6 and P yopm of 43.2, surpassing heavier MixFormerV2-
B [11](35.2 SUC) by +0.4. The Pyorm advantage is particularly striking at +6.7
over the next-best method, suggesting superior localization accuracy normalized
by target scale.

4.2 Ablation Study

Impact of Different Sparsification Strategies. Tab. |5| compares various
token sparsification strategies. Naive pruning based solely on attention scores
(“Attention”) achieves significant compute reduction but suffers a severe accuracy
drop, revealing that early cross-attention scores are too diffuse to reliably identify
important tokens. Replacing attention with an MLP predictor (“Prediction”) is
even worse, as it lacks spatial grounding. The proposed motion prior is the key
enabler, as fusing attention scores with the Gaussian spatial prior (“Attention +
Motion”) nearly closes the accuracy gap to the dense baseline while preserving the
full compute savings. Using the motion window alone (“Motion”) yields a middle
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ground, confirming that the fusion of both signals is optimal. These results
underscore that a lightweight temporal prior is critical to making aggressive
early-layer sparsification practically viable.

Input Resolution: @ 256 © 384
83

40% _30%
82
S ©20%
% 81 1 60%,50%
Z 80 & go%
= 40%
i
079
35 ©10% ®20%
77 ; ;
0 10 20
FPS

Fig. 5: AUC-FPS trade-off at dif-
ferent token retention rates on

GOT-10k val

30

Analysis of Different Prediction

Heads.

Tab. [6] compares prediction heads under two
paradigms. Global localization heads (Loc To-
kens, Trans. Decoder) are naturally sparse-
compatible and achieve good speedups, but
their accuracy is limited (57.9-60.1 AUC)
due to insufficient spatial prior. Anchor-based
heads yield higher accuracy (63.8-64.1 AUC),
yet the conventional 3x3 Conv-stacked head
must reshape sparse tokens back to a dense
grid, incurring redundant computation and
capping throughput at 13.8 FPS. Our sparse
MLP head operates score-first, regress-once on
retained tokens, improving throughput to 23.2
FPS with no accuracy loss over the dense MLP

counterpart [30] (63.8 AUC in both cases), confirming the value of a natively
sparse head design.

Table 7: Effect of sparsification
layer on tracking accuracy and effi-

ciency.

Sparsify |LaSOT RPi MACs

at Layer| AUC FPS (M)
1 63.82 22.6 836
2 63.87 17.6 942
3 63.65 14.0 1004
4 63.83 12.1 1080
) 63.91 11.3 1154
6 63.96 10.1 1238

Impact of Token Retention Rate.
Fig. ol examines how the token retention rate
affects the AUC-FPS trade-off at two input
resolutions on LaSOT. At 384 resolution, re-
taining only 30-40% of tokens already matches
the dense baseline in AUC while substantially
boosting throughput; further reduction to 20%
causes only a moderate drop. At 256 resolu-
tion, 50-60% retention achieves near-lossless
accuracy, and 30% retention remains compet-
itive.

In both settings the motion prior guides
early token selection reliably regardless of
input scale, confirming that MaST’s accu-
racy—efficiency trade-off is robust across reso-
lution choices.

Layer-wise Sparsification Analysis.
Tab. [7] evaluates the effect of applying token

sparsification at different layers (all with motion window) of the ViT-Tiny encoder.
Under the motion prior, the choice of sparsification layer has only a negligible
impact on accuracy: AUC varies by at most 0.4 points across all configurations.
In contrast, the speed penalty of delaying sparsification is substantial, throughput
nearly halves from 22.6 to 10.1 FPS when sparsification is pushed to later layers.
Sparsifying at Layer 1 therefore offers the best cost-effectiveness, as it matches
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the accuracy of later-layer alternatives while delivering the highest throughput
(22.6 FPS) and the lowest compute (836M FLOPs), and we adopt it as our
default.

Comparison with Alternative Compression Strategies. Tab. [§| com-
pares MaST against three compression baselines under an identical compute
budget (=1G MACs, ViT-Tiny backbone): the full dense model (1752M MACs),
progressive token pruning from OSTrack [49], resolution reduction from LoRe-
Track [15], and layer pruning from CompressTracker [21]. Progressive token
pruning retains accuracy (64.0 AUC) but provides negligible speedup (9.1—10.5
FPS on RPi5) due to its multi-stage, non-one-shot design. Resolution reduction
and layer pruning achieve comparable FPS (~24 FPS on RPi5) but at a severe
accuracy cost of —5.5 and —4.9 AUC, respectively. Our one-shot token sparsifi-
cation achieves the lowest MACs (836M) and the best AUC (63.8), within 0.2
of the dense baseline, while maintaining competitive speed (22.6 FPS on RPi5).
This demonstrates that spatially-guided one-shot token sparsification offers a
clearly superior accuracy—efliciency trade-off compared to resolution reduction or
model depth compression.

Table 8: Comparison with alternative model compression strategies under the same
computational budget (=1G MACs, ViT-Tiny backbone). | Resolution” reduces the
input image size to (48,96); “| Layer” compresses the encoder into 4 layers; our method
applies motion-aware token sparsification at Layer 1 with 30% retention.

. MACs LaSOT FPS
Compression Method |From ‘ (M) AUC Pyorre P |RPi5 CPU Nano
Full model |- | 1752 |64.0 74.2 683 9.1 37 94
J Token (Progressive)|OSTrack [49] 1293 | 64.0 74.1 68.1/10.5 41 106
1 Resolution LoReTrack |15 990 |58.5 67.7 59.4/23.6 83 176
| Layer CompressTracker [21]| 937 |59.1 68.5 60.1/24.1 89 177
| Token (One-shot) |Ours 836 |63.8 73.6 67.9/22.6 76 152

Visualization of the token sparsification process. As shown in Fig. [f]
without a motion prior, raw attention scores are diffuse at early layers, causing
retained tokens to scatter across irrelevant background regions. Injecting the mo-
tion prior re-ranks scores toward the predicted target location, yielding compact,
target-centered retention that directly reduces wasted computation on empty
positions.

5 Conclusion

In this work, we present MaST, a sparse tracker that unifies motion-aware early
token pruning with a natively sparse prediction head. Unlike prior methods that
defer pruning to intermediate layers, a motion prior enables reliable one-shot
reduction at the first encoder layer, letting all subsequent Transformer blocks
operate on the compressed token set. A score-first, regress-once head decodes
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Search Region Raw Importance Tokens Remain

Previous Prediction ~ Raw Importance  Motion Window  Re-rank Importance ~ Tokens Remain

Fig. 6: Token sparsification visualization. Left (baseline) shows Search Region,
Raw Importance, and Tokens Retained. Right (ours) shows Previous Prediction, Raw
Importance, Motion Window, Re-ranked Importance, and Tokens Retained. Three
tracking sequences are shown per row.

targets directly from retained tokens, eliminating dense reshape and redundant
regression. Together, these designs achieve Pareto-optimal speed—accuracy trade-
offs on edge platforms, showing that end-to-end sparsity is a practical path to
real-time tracking. A remaining limitation is that high-resolution inputs still incur
substantial attention computation before sparsification takes effect, motivating
input-adaptive pruning as future work.
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