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ARTICLE INFO ABSTRACT

Keywords: Vision Transformer (ViT)-based one-stream architectures have emerged as the dominant framework for object
Object tracking tracking. However, their performance is hampered by similar object interference and background distractions. To
One-Stream

address these limitations, this paper proposes FETrack, a one-stream tracker designed to enhance feature discrim-
inability for improved object tracking. The core innovations of FETrack are as follows: 1) Global Enhancement
(GE) and Cross-Depth Template Fusion (CDTF) modules, where the GE module adopts a novel global feature ex-
traction mechanism to suppress background interference, and the CDTF module ensures efficient propagation of
contextual information via cross-depth template fusion. 2) An unsupervised hard sample learning strategy, which
introduces contrastive learning and treats each candidate token as an independent instance by leveraging its in-
herent hard sample properties, thereby enhancing feature discriminability. 3) A distillation-based fine-tuning
approach that guides parameter optimization for the entire backbone network through feature distillation, en-
abling efficient tuning of newly integrated modules and ensuring their synergy with the original architecture.
Experimental results on six benchmark datasets demonstrate the effectiveness of FETrack and confirm its state-of-
the-art performance. Furthermore, the transferability of the proposed approaches for enhancing other one-stream
trackers is validated.

Feature enhancement
Hard sample learning

1. Introduction backbone in object tracking, and this has yielded notable performance

enhancements.

Object tracking is a fundamental task in computer vision, which aims
to determine the positions of a target in subsequent frames based on an
arbitrarily initialized target in a video sequence. Continuous variations
in object states and the modeling of arbitrary object appearance fea-
tures represent key challenges for target-background discrimination. In
the development of tracking frameworks, Siamese network-based track-
ers [1-5] have attained remarkable success by calculating the similarity
between template features and search features. This performance has
spurred extensive exploration of the Siamese paradigm in contempo-
rary tracker designs. The advent of the Transformer network has led to
the widespread adoption of the derived ViT [6] in diverse image-related
tasks, where it has yielded significant performance improvements. Con-
sequently, ViT has been effectively employed as the feature extraction
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Research on Transformer-based tracking methodologies has broadly
diverged into two main categories: one-stream trackers [7-10] and two-
stream trackers [11-14]. Two-stream trackers, which are represented
by Siamese trackers, independently extract features from template and
search patches prior to similarity computation. In contrast, one-stream
Transformer trackers process template and search patches as a unified
input, and they perform joint feature extraction. Compared to two-
stream trackers, one-stream trackers offer a more concise architecture.
They holistically integrate feature extraction, which enables enhanced
and more comprehensive feature interactions between templates and
search patches. As a representative of one-stream trackers, OSTrack [9]
has been widely explored by researchers, and it has extended to ODTrack
[10] for temporal propagation of tokens. ODTrack inherits the candidate
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elimination module and backbone structure from OSTrack. The candi-
date elimination module effectively eliminates a large number of low-
quality tokens, thereby substantially enhancing training and inference
efficiency. Currently, several notable issues in object tracking warrant
consideration: 1) A defining characteristic of the object tracking task
lies in the uniqueness of the tracked target, and thus the ideal distribu-
tion pattern of its features approximates that of a Gaussian kernel. The
Gaussian kernel priors assist trackers in acquiring more robust features
[15,16]. However, the uncertainty of target positions may cause a mis-
alignment between the peaks of the prior Gaussian kernel and the actual
targets. Furthermore, existing multi-head attention mechanisms, serving
as general-purpose feature extractors, lack dedicated designs tailored to
the characteristics of tracking tasks. 2) Modified tracker backbones often
retain pre-trained parameters from their original configurations without
specific fine-tuning for the adapted structures prior to training. Conse-
quently, these modified backbones are typically trained jointly with the
head. 3) Within the one-stream framework, existing candidate elimina-
tion modules are limited to eliminating simple samples, but they lack an
elaborate design for distinguishing hard samples. Furthermore, deeper
template tokens are more strongly influenced by the remaining candi-
date tokens, which potentially leads to suboptimal contextual under-
standing.

Therefore, the objective of this paper is to leverage Gaussian-like uni-
modal characteristics to enhance feature discriminability while refrain-
ing from the use of average pooling. Although average pooling is widely
adopted as a global feature extraction strategy in feature enhancement
schemes and attention mechanisms [15,17-19], it may weaken the dis-
tinctive information of the target relative to the background. Moreover,
the aforementioned issues 2 and 3 stem primarily from the following
factors. Firstly, the pre-training of the modified backbone involves ad-
ditional training tasks and consumes substantial time, and a dedicated
approach for fine-tuning backbone parameters prior to the main train-
ing phase is currently lacking [20,21]. Secondly, the candidate tokens
processed by the candidate elimination module are underutilized, par-
ticularly in terms of the identification and leveraging of hard samples.
Thirdly, while it is beneficial for efficiency, the aggressive elimination of
candidate tokens can restrict the interactive context available to deeper
template tokens [9].

In this paper, we propose the FETrack tracker, which is an improve-
ment upon the ODTrack tracker. Within FETrack, to generate more
robust features for object tracking, we design a Global Enhancement
module to improve discriminability between tokens. Compared with
the commonly used average pooling function, GE employs a unimodal
highlighting function, which is more aligned with the actual require-
ments of tracking tasks. Instead of simply appending GE modules ex-
ternally to the backbone, we embed them into each encoder block of
ViT. To propagate template information interacted with by candidate
tokens across different depths, we design the CDTF module. To enable
hard sample learning, we adopt the InfoNCE loss [22,23] from con-
trastive learning. Originally designed for self-supervised tasks, this loss
inherently constructs pseudo-labels for positive and negative samples.
The novelty of our approach lies in adapting the InfoNCE loss to un-
supervised learning by leveraging the instance discrimination inherent
in tracking tasks, where candidate tokens are treated as independent
samples.

The aforementioned GE and CDTF module introduce new parame-
ters to the ViT backbone network that require effective initialization.
While optimal performance typically relies on backbones pre-trained on
ImageNet or with MAE [20,21], such approaches often entail additional
learning tasks and considerable computational expense. Therefore, con-
ventional pre-training approaches are not well suited for partial archi-
tectural modifications to the backbone network. To address the chal-
lenge of effectively initializing and optimizing these newly introduced
parameters, we propose a distillation-based fine-tuning approach. This
approach leverages feature distillation to optimize these untrained pa-
rameters, exclusively utilizing four existing tracking task datasets: La-
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SOT, GOT10k, TrackingNet, and COCO, without introducing external
training data.
The contributions of this paper are summarized as follows:

(1) To enhance the discriminative capability of feature representation,
we design a Global Enhancement module, which employs an inno-
vative global feature extraction mechanism to suppress background
distractions. Furthermore, we adopt cross-layer deep fusion of tem-
plate tokens to actively participate in the feature extraction process
of the backbone network.

(2) By leveraging the inherent advantages of candidate tokens, we inte-
grate contrastive learning into hard sample learning. Candidate to-
kens are treated as individual instances, thereby enabling the unsu-
pervised learning of hard samples.

(3) Inspired by feature distillation, we propose a distillation-based fine-
tuning approach to adaptively initialize the modified ViT backbone,
thereby enhancing the performance of the tracker. Unlike the con-
ventional large-scale pre-training approach on ImageNet and MAE,
our approach eliminates the requirement for additional training
datasets and offers a significantly simpler implementation.

(4) Experiments are conducted on six benchmarks, where our tracker
achieves state-of-the-art performance at 32 fps. Further, we verify
the feasibility of transferring the proposed approaches to enhance
other one-stream trackers.

2. Related works

In recent years, the field of object tracking has received strong sup-
port from advancements in tracker design [1,3,7,9,11,12,24] and the
emergence of more tracking benchmarks [25-29]. Researchers have
been exploring effective structures that can enable accurate object track-
ing, such as early correlation filters [30-32], which utilize hand-crafted
features to calculate the corresponding template for target localization.
With the success of deep learning in computer vision, deep features have
replaced hand-crafted features. Currently, numerous tracker studies are
based on Siamese and Transformer networks, and related research has
significantly advanced the development of object tracking.

2.1. Two-stream based object tracking

With the successful application of Siamese networks in object track-
ing, trackers within deep learning frameworks leverage a shared-
parameter backbone to independently extract feature maps from tem-
plate and search regions. These feature maps are nonlinearly fused into
a unified feature map to enable target-background discrimination and
predict bounding boxes. The SiamFC tracker [1] is a typical example
of such frameworks, and it estimates target size on multi-scale feature
maps. Following SiamFC’s success, subsequent Siamese-based trackers
have continuously emerged [24,33,34], and AlexNet and VGG convo-
lutional networks serve as the feature extraction backbones. To ad-
dress the additional computation caused by multi-scale matching, re-
searchers integrated RPN [35] into the Siamese framework, and this led
to the development of SiamRPN [2]. Based on the SiamRPN paradigm,
numerous subsequent trackers [36-38] further advanced performance.
Further, researchers overcame the limitation of not being able to use
deeper networks by randomly shifting the target’s position within the
search area to eliminate center bias. This breakthrough led to the pro-
posal of SiamRPN + + [3] based on ResNet50. Subsequently, many ex-
cellent trackers [4,5,39-42] have been derived from this foundational
work. In recent years, Transformer-based models have achieved success
in numerous image-related tasks. Consequently, visual object tracking
has also started to employ Transformer networks [43]. Notably, sev-
eral trackers have achieved significant performance improvements by
integrating Transformer-based attention mechanisms for feature fusion
[11,12].
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Fig. 1. (a) Framework of the proposed FETrack. The key components include the Global Enhancement (GE) module, the Cross-Depth Template Fusion (CDTF)
module, and Unsupervised Hard Sample Learning (UHSL). (b) Architecture of the proposed CCDTF module. (c) Framework of the distillation-based fine-tuning
approach. For the identical components of ViT, and VT, the MAE pre-training parameters of ViT are adopted as their shared initialization parameters. Fine-tune

the overall backbone parameters of V'iT, using the output of VT, as the reference.

2.2. One-stream based object tracking

As research pivoted towards Transformer architectures, ViT was
adopted as the primary backbones for feature extraction. Notably, mod-
els such as SwinTrack [13] leveraged ViT. However, even with ViT, early
Transformer-based trackers followed the two-stream paradigm where
features from the template and search region were extracted indepen-
dently. This independent processing inherently limited mutual interac-
tion between the features, thereby constraining the full exploitation of
the Transformer’s potential. To address this shortcoming, the one-stream
framework has been proposed to process the template and search re-
gion as an integrated input. This joint feature learning approach has
yielded significant breakthroughs in tracker performance, exemplified
by OSTrack [9] and MixFormer [7]. Currently, auxiliary methods for
enhancing the training and inference of primary tasks have been widely
adopted [44,45]. In the field of object tracking, relevant studies improve
tracker performance by designing distillation methods and auxiliary
functions [46-48]. For instance, AVTrack [46] constructs a viewpoint-
invariant learning mechanism to enhance model robustness via max-
imizing mutual information; ORTrack [47] employs the spatial Cox
process to model random masking operations, guiding the model to
learn more discriminative features. Notably, both AVTrack and ORTrack
adopt the teacher-student distillation strategy to optimize the inference
process.

Within the one-stream framework, most trackers focus on further
integrating features after the backbone and designing effective predic-
tion heads. Concurrently, several approaches attempt to further extract
global feature information based on Transformer [13,49,50]. Moreover,
to optimize the calculation efficiency, the token selection mechanism is
regarded as an optimization strategy, which eliminates tokens to reduce
the calculation burden.

While existing trackers often prioritize components external to the
backbone network, any modifications introduced within the backbone
typically necessitate jointly fine-tuning the newly added parameters
along with the prediction head during formal training. The pre-training
of ViT networks mostly relies on ImageNet image classification [20] or
MAE [21], which increases the difficulty of parameter learning after
modifying the backbone. To enhance tracking performance, we propose
the GE and CDTF modules for feature enhancement. To optimize the
parameters of the newly added modules in the backbone network, we
design a distillation-based fine-tuning strategy to assist in fine-tuning
the backbone parameters. Additionally, to refine the candidate elimi-
nation module and enhance the distinguishability of hard samples, we
implement unsupervised hard sample learning.

3. Method

This section details the overall framework of FETrack, along with its
four improved components: the GE module, CDTF module, distillation-

based fine-tuning, and unsupervised hard sample learning for candi-
date tokens. Its framework is illustrated in Fig. 1(a). Specifically, the
GE module enhances features of the search region, the CDTF mod-
ule fuses features of the template region, distillation-based fine-tuning
optimizes backbone parameters post integration of the GE and CDTF
modules, and unsupervised hard sample learning is exclusively applied
in the training phase. As these components target distinct problems
and application scenarios, there is no design redundancy among them.
The image frame input to the FETrack is defined as follows, template
patches z € R3>*H:XW; 'search patches x € R3>*#xXWx_ Transformer track-
ers receive a sequence of non-overlapping image patches (each with
a resolution of p X p) as input, which are linear, flatten, and trans-
posed to obtain zg e RNZXD,xg € RNx*P where D is the token dimen-
sion, N, = nH,W,/p*>, N, = H W, /p*, n is number of template image
patches. H' = [zg;xg],H 0 € RW:z+NoXD it as input features of Trans-
former encoder.

3.1. Feature enhancement driven by global features and template
interaction

This subsection introduces how global features enhance feature rep-
resentations in FETrack. Our approach focuses on identifying represen-
tative features by extracting global information facilitated through to-
ken comparison. This process is primarily intended to identify infor-
mation with unimodal highlighting attributes and emphasize the dis-
tinction between the target and background. In the ViT, H'~! passes
through the (i — 1)th encoder to obtain H' = [z; R x;]. To reduce interfer-
ence from background information while acquiring global information
in the search region, we extract information from the remaining candi-
date tokens. We define the extraction method as follows:

€8]

where i is the number of the encoder and j is the index of token di-
mension, x", € RVxX1, Fi = [F; Fj5...; F)_ 1€ R™P. H' is calculated
by the multi-head attention module and the candidate elimination mod-
ule. The first 30% of tokens are retained and normalized, as illustrated
in Fig. 2, to obtain x;f . N/ =30%- N,. The weights of candidate tokens
are calculated based on the Q and K of Multi-Head Attention (MHA) [9].
30% is selected based on the remaining ratio of the reference candidate
elimination module [9].

The aforementioned global feature F' reflects the unimodality de-
gree of feature patterns across different channels. Taking global features
as a reference, we achieve feature enhancement through Global Fea-
ture Matching and Unimodal-Aware processing, with the specific pro-
cess illustrated in Fig. 2. The progressive reduction in token count due
to candidate elimination during training renders fixed-input-dimension
Multi-Layer Perceptrons (MLP) unsuitable. To address this, we design
a specialized Conv(-), which consists of two 1 x5 convolution kernels
and a ReLU activation function. Symmetric zero-padding of 4 is applied

i _ NN i i ti
Fj _max(mean(max(xpj) xpj),mean(max( xpj)+xpj))
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Fig. 2. The encoder architecture incorporates the details of the GE module. F' represents the global feature that is calculated from a subset of the remaining candidate
tokens. The global feature matching is conducted using F’, together with utilization of unimodal-aware channels.

along the longer edge of the convolution kernels. In the encoder, H' is
first calculated via MHA, as follows:

Q' K",V = Linear(H') 2)

i _ i 0
Hm_[zm’xm]

3
= Linear(Softmax(QiKiT/\/d_k)Vi) ®

where Linear is a linear change, Q', K', V' are query, key and value inde-
pendent matrices, d, is scale factor. The calculation for Global Feature
Matching and Unimodal-Aware are as follows:

C' = Sigmoid(F'W}) ®
H'=H ocC &)
Attn = Conv(F'W,xIT) (6)
Attn = Attn[ ;8 : end] @)
x:r'; = Sigmoid(Artn”) © xh + x;: (€))
P =H +H ©
H™! = MLP(LayerNorm(P')) + P’ (10)

where I/Vl"’l, I/Vz"1 € RPXP | o is element-wise multiplication. If R} @
R!¥b occurs, the R'*? is repeated a times to form R®<¢, Conv(-) will con-
vert RIXNx to RI*Nx*8_[::8 : end] is used to remove the first 8 weights
on the left which ensures the dimensions of Artn are consistent with
number of tokens, it will convert R*Nx*8 to RIXNx, Candidate tokens
are ranked by weight in descending order, and high-weight tokens serve
as the focus of subsequent computations. Therefore, filtering out tokens
affected by left-padded zeros is critical.

It is important to note that the aforementioned approaches are inte-
grated into each encoder of the ViT backbone, and they actively partic-
ipate in feature extraction.

Fig. 3 presents the visualization results of the output features from
GE module and multi-head attention module. The multi-head attention
module extracts global features by leveraging the similarity between
tokens. The GE module proposed in this study is developed based on
this mechanism, and it aims to identify unimodal prominent features in
the global context. This identification of unimodal features helps reduce
information ambiguity. From Fig. 3, we can observe that as the layer
progresses, our method is able to reduce irrelevant responses.

Fig. 3. Visualize the attention weights of the search region. These weights corre-
spond to the central part of the templates in different layers. The odd-numbered
rows of images are the visualizations of GE module output, and even-numbered
rows of images represent the visualizations of the multi-head attention module
output.

The candidate elimination module [9] enables template tokens at
different depths to interact with candidate tokens of varying quanti-
ties. Consequently, template tokens at different depths acquire distinct
structural and semantic representations. To enrich the contextual infor-
mation of template tokens while conforming to the Transformer archi-
tecture, CDTF adopts the following approach:

0= Linear(z;) K,V = Linear([z;, z;’z]) an
zi = Linear(Softmax(QK” /y/d)V) + z 12)
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Templates Search w/ hard w/o hard

Fig. 4. Visualize the proposed unsupervised hard sample learning approach,
with identical input samples and search regions employed to ensure fairness
and comparability. “w/ hard” denotes training with the proposed approach.

where Linear is a linear change, O € RN-XP, K,V € [R(ZNZ)XD,z;z is
repalce ZL to constitute H', i = {6,8,10}. The visualization of the above
calculation process is shown in Fig. 1(b).

3.2. Distillation-based fine-tuning for backbone

In visual tracker design, ViT backbones typically leverage pre-trained
networks. Consequently, structural modifications or the integration of
bespoke backbone modules are infrequently adopted. This is primarily
because structural modifications to the original architecture tend to in-
duce performance instability. Several trackers involve modifications to
the backbone; the untrained parts of these trackers are usually jointly
trained with the head. When addressing these backbone modifications,
the traditional pre-training approaches rely on ImageNet image classifi-
cation [20] or unsupervised objectives such as MAE [21]. However, for
modifications to existing backbone architectures (e.g., ViT), we propose
leveraging the original pre-trained parameters. This approach enables
efficient parameter fine-tuning through feature distillation, which al-
lows the joint optimization of both newly integrated modules and the
backbone structure. We denote the original ViT backbone architecture as
ViT,, which consists of 12 encoders. The improved backbone, integrated
with the modules introduced in Section 3.1, is defined as ViT,. The over-
all distillation-based fine-tuning framework is illustrated in Fig. 1(c),
and its formulation is given below:

H! = ViT,(H") 13)
i . 0

H, = ViT,(H") a4

L= JlH,-H.]| as)

where H,, denotes the combination of template and search region im-
ages, with specific reference to the definition of H,, in Section 3.1. The
i denotes the index corresponding to the encoder whose output is ex-
pected to be retrieved. For the identical components of ViT, and ViT,,
the MAE pre-training parameters of ViT, are adopted as their shared
initialization parameters. During the fine-tuning process, we adjust the
overall parameters of ViT,. In subsequent experiments, we will validate
the effectiveness of the proposed approach.

3.3. Unsupervised learning of hard samples

Our tracker is improved upon ODTrack, while retaining its pre-
diction head. The classification branch obtains the classification score
mapR ! XHx/P<Ws/p | bounding box sizeR2*Hx/PWx/p  and offset size
R2xHx/pxWx/p_In addition to the loss functions composed of the afore-
mentioned three branches, we conduct unsupervised learning of hard
samples on the candidate tokens x;"d obtained through the ViT,. The
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tokens of x;"d are sorted by the candidate elimination module in de-
scending order of weight to form RV~'*P and N,, is the number left
after eliminating N,. As described in the candidate elimination module
[9], the weights are obtained by similarity calculation, so tokens with
high weights inherently represent hard-to-distinguish samples.

Different tokens actually map to different p x p regions, so we can
reasonably assume that different candidate tokens are independent in-
stances. We select the first n tokens from N; tokens as the hard sam-
ple K, € R™P_ We introduce InfoNCE loss to distinguish hard samples,
which is expressed as follows:

a=K,K' (16)
B, = —log(exp(a;,; /7)/ Y, exp(a /7)) an
Jj
ﬂi _ {ﬂi’ ﬂi >0 (18)
0, other
Econ = Z ﬂi (19)

where each instance corresponds to an independent sample. The setting
of ¢ in formula (18) aims to avoid performance degradation caused by
uncontrolled divergence between tokens. The hard sample learning only
takes effect during the training process and does not impact the infer-
ence process. Fig. 4 presents the visualization results of our proposed
approach.

We optimize the following objective function through joint training:

L= ‘cc/.v + j'I‘C’l + A2£GloU + 13[:(‘0" (20)

where A} =5,1, =2,4; =0.1 are the regularization parameters. £
MLy, ALgu reference ODTrack [10].

cls»

4. Experiment

In this section, we present the performance results of the proposed
tracker on multiple tracking benchmarks and compare it with other
state-of-the-art trackers. We also conduct an ablation study to analyze
the roles of each approach and module in the model.

4.1. Implementation details

Training. Our primary reference backbone is a ViT-Base architec-
ture [6], whose parameters are pre-initialized with MAE [21]. The ini-
tialization of the backbone parameters uses the distillation-based fine-
tuning approach in Section 3. The training dataset includes LaSOT
[25], GOT10k [27], TrackingNet [62] and COCO [63]. The data input
method is to use three template frames with 128 x 128 pixels and two
search frames with 256 x 256 pixels. We set the ratio factor between the
search area and the target size to 5. Optimization is performed using
the AdamW optimizer with an initial learning rate of 2 x 10~ for the
backbone and 2 x 10~* for the head; and the weight decay is set to 107*.
We train the FETrack with 300 epochs and 60k image pairs for each
epoch. After 240 epochs, all learning rates are multiplied by 0.1. The
hyperparameter settings of unsupervised hard sample learning are as
follows: n = 24,0 = 0.3,z = 1. Distillation-based fine-tuning adopts the
same parameters as aforementioned, with the training epoch set to 10.
The tracker is trained on three 24G RTX3090 GPUs with a batch size of
16. The distillation-based fine-tuning is done on a single 24G RTX3090
GPU with a batch size of 16.

Inference. Our tracker performs inference on a single RTX 3090
GPU. The inference protocol follows that of ODTrack [10], achieving
a running speed of 32 fps.

4.2. Comparison with the SOTA

To validate the performance of our proposed tracker, we conduct
evaluations across six tracking benchmarks. The authors of ODTrack
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Table 1
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Comparison results with state-of-the-art trackers on the three tracking benchmarks: LaSOT, LaSOT,,
and TrackingNet. The best two results are highlighted in bold and italic, respectively .

Method LaSOT LaSOT,,, TrackingNet

AUC P, P Avuc p,, P AUC P,, P
SiamFC [1] 33.6 42.0 33.9 23.0 31.1 26.9 57.1 66.3 53.3
ECO [51] 32.4 33.8 30.1 22.0 25.2 24.0 55.4 61.8 49.2
SiamRPN + + [3] 49.6 56.9 49.1 34.0 41.6 39.6 73.3 80.0 69.4
ATOM [52] 51.5 57.6 50.5 37.6 45.9 43.0 70.3 77.1 64.8
DiMP [53] 56.9 65.0 56.7 39.2 47.6 45.1 74.0 80.1 68.7
SiamR-CNN [40] 64.8 72.2 - - - - 81.2 85.4 80.0
Ocean [54] 56.0 65.1 56.6 - - - - - N
TrDiMP [43] 63.9 - 61.4 - - - 78.4 83.3 73.1
TransT [11] 64.9 73.8 69.0 - - - 81.4 86.7 80.3
Stark [12] 67.1 77.0 - - - - 82.0 86.9 -
SwinTrack-224 [13] 67.2 - 70.8 47.6 - 53.9 81.1 - 78.4
Mixformer-22k [7] 69.2 78.7 74.7 - - - 83.1 88.1 81.6
OSTrack-256 [9] 69.1 78.7 75.2 47.4 57.3 53.3 83.1 87.8 82.0
AiATrack [14] 69.0 79.4 73.8 47.7 55.6 55.4 82.7 87.8 80.4
TATrack-B224 [55] 69.4 78.2 74.1 - - - 83.5 88.3 81.8
GRM-256 [56] 69.9 79.3 75.8 - - - 84.0 88.7 83.3
SeqTrack-B256 [57] 69.9 79.7 76.3 49.5 60.8 56.3 83.3 88.3 82.2
ARTrack-256 [58] 70.4 79.5 76.6 48.4 57.7 53.7 84.2 88.7 83.5
SPformer-256 [15] 70.7 80.7 77.0 50.1 60.7 56.9 83.6 88.5 82.8
DiffusionTrack-256 [59] 70.7 80.0 77.3 - - - 83.6 88.1 82.0
ODTrack-256 [10] 69.3 79.4 76.1 47.1 57.5 53.1 84.4 89.7 83.4
LMTrack-256 [60] 69.8 79.2 76.3 49.0 59.6 55.8 84.2 89.0 82.8
UncTrack-B [61] 70.9 80.7 77.5 - - - 85.0 89.6 84.5
FETrack 71.1 819 77.6 50.5 62.0 57.9 843 89.7 83.8

; Normalized Pre:i\s\un plots u‘! OPE - Camera Motion (86) . Nmm‘ahzed Precls‘\un plots u!IOPE - Viewpoint Change (33) . :
| ===1[0.857] Ours = i | ===(0.839] Ours =
T e / = e
T / ooz I v / | lo 7oz AT I
/ /
’ ” o Uioca\\on e:ri;r \mesnméd : h ’ . o ' “Eocalmn e:vzr Ihreshak;) ' “ h
Fig. 5. P,,, evaluation of one-pass evaluation (OPE) for camera motion chal- Fig. 6. P,,, evaluation of OPE for viewpoint change challenges on LaSOT.

lenges on LaSOT.

have made the size 256 model parameters available on their GitHub
project page.

LaSOT. LaSOT is a challenging large-scale visual tracking bench-
mark. Its test set comprises 280 video sequences. Compared with other
datasets, LaSOT has an average of 2500 frames per video sequence.
These sequences are longer and more challenging than those in other
datasets. The excellent performance of FETrack is verified by the results
presented in Table 1. For instance, in comparison with ODTrack-256,
our tracker achieves 1.8%, 1.5%, 2.5% improvements in AUC, P and
P,,.m> respectively. This confirms that our approaches can effectively en-
hance tracking performance. Compared with ARTrack-256, our tracker
achieves 0.7%, 1.0%, 2.4% improvements in AUC, P and P,,,,, re-
spectively. Compared with the DiffusionTrack-256, our tracker achieves
0.4%, 1.3%, 1.9% improvements in AUC, P and P,,,,,, respectively. To
explore specific details, we conducted separate statistics on different
challenge attributes in LaSOT. The corresponding results are illustrated
in Fig. 7. We observe that our tracker outperforms ODTrack-256 in most
challenge scenarios. Additionally, in scenarios such as fast motion, cam-
era motion, and viewpoint change, our method achieves significant im-
provements. It also compensates for the limitations of ODTrack-256. As
shown in Figs. 5 and 6, we present the plots of P,,., corresponding to
the two challenge attributes with the highest AUC values.

LaSOT,,,. LaSOT,, [26] is an extended dataset of LaSOT. It con-
sists of 150 more challenging long-term video sequences. LaSOT,,, is
more challenging than LaSOT. It includes 15 new categories and 15
new videos. From Table 1, our tracker achieves 50.5%, 57.9%, 62.0%
in AUC, P and P,,,,, respectively. It is an improvement of 3.4%, 4.8%,
4.5% compared to ODTrack-256. Compared with AiATrack, our tracker
achieves 2.8%, 2.5%, 6.4% improvements in AUC, P and P,,,,, , respec-
tively. Compared with SeqTrack-B256, our tracker achieves 1.0%, 1.6%,
1.2% improvements in AUC, P and P,,.,, respectively. Our tracker
achieves the most significant improvement on the LaSOT,,, dataset.
This is because state-of-the-art trackers generally exhibit limited per-
formance on LaSOT,,;, which leaves substantial room for performance
enhancement. As shown in Fig. 8, our tracker demonstrates competitive
performance in most challenge scenarios on LaSOT ;.

TrackingNet. TrackingNet is a large-scale collection of short-term
video sequences. Its test set comprises 511 short video sequences. In
addition, the annotations for the TrackingNet test set are not publicly
available; they need to be submitted via the evaluation server. As pre-
sented in Table 1, our tracker exhibits limited performance improve-
ment compared to ODTrack-256 on the TrackingNet test set. Several
state-of-the-art trackers in Table 1 achieve high values in AUC, P, and
P This indicates that the video sequences in TrackingNet have rela-

norm*
tively lower difficulty compared with other test benchmarks. Compared
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Fig. 8. AUC evaluation for different challenges on LaSOT,,.

with DiffusionTrack-256, our tracker achieves 0.7%, 1.8% and 1.6% im-
provements in AUC, P and P,,.,, respectively. As shown in Table 1,
compared to other advanced trackers, our tracker still has advantages.

GOT10k. GOT10k is a large-scale video dataset with more than
10,000 videos, and its test set consists of 180 videos. The training and
testing protocols of GOT10k are unique. Specifically, models are trained
exclusively on the GOT10k training dataset. The evaluation server pro-
vides corresponding test data for upload; GOT10k adopts the one-pass
evaluation (OPE) protocol. This protocol uses three metrics: average
overlap (AO), and success rates (SR) at thresholds of 0.5 and 0.75.
From Table 2, our tracker achieves 1.0%, 1.5%, 1.6% improvements
over ODTrack-256 in AO, SRys, SR5, respectively. Compared with
DiffusionTrack-256, our tracker achieves 1.4%, 2.1%, 3.8% improve-
ments in AO, SR, 5 and SR, 75, respectively. In addition, compared with
UncTrack-256, our tracker has improvements of 1.0%, 2.9%, 0.6% in
AO, SRy 5 and SR, 75, respectively.

NFS and TNL2K. We evaluate our tracker on two benchmarks: NFS
[64], TNL2K [29]. These two benchmarks contain 100 and 700 test
video sequences, respectively. NFS is a dedicated benchmark for fast-
moving objects. It includes two versions with different frame rates:
30 fps and 240 fps. We mainly evaluate our tracker on its low-
frame-rate version (30 fps). TNL2K is a recently released high-quality
dataset for natural language-based tracking. From the results in Ta-
ble 2, we can observe that our proposed strategies yield significant
performance improvements. On the NFS test set, our tracker achieves
0.9%, 2.5%, 2.0% improvements in AUC, P, P,,.,, respectively, com-
pared with ODTrack-256. On the TNL2K test set, the tracker pro-
posed in this study achieves 0.7%, 1.2%, 0.8% improvements in AUC,
P, P,,., respectively, compared with ODTrack-256. Compared with
DiffusionTrack-256, our tracker achieves 2.3%, 4.7%, 4.6% improve-
ments in AUC, P and P,,,,, , respectively. In the TNL2K testing eval-

Digital Signal Processing 173 (2026) 105935

NormalizedPrecision

(0o}
(e}

D
(e}

i
(e}

—— Ours [77.2]
ODTrack-256 [75.2;

™)
(=)

Distance Precision [%)]

—— AQATIa, 74.6]
—— SimTrack-224 [70.7)

.0 0.1 0.2 0.3 0.4 0.5
Location error threshold

Fig. 9. Normalized Precision plots of OPE on TNL2K.

Success

e

=

S

Lo

Overlap Precision [%)

—— AQATrac
—— SimTrack-2

0
0.0 0.2 0.4 0.6 0.8 1.0
Overlap threshold

Fig. 10. Success plots of OPE on TNL2K.

Fig. 11. Variation of training loss, where D is Distillation-based Fine-tuning.

uation, our tracker demonstrates leading performance compared with
other advanced trackers, such as AQATrack-256 [65], SeqTrack-B256
[57] and ARTrack [58]. To intuitively demonstrate the effectiveness of
our FETrack, Figs. 9 and 10 present the relevant curves of partial P,,,,,
and AUC metrics.

Through comparisons across the aforementioned six test bench-
marks, our tracker achieves state-of-the-art performance. Compared
with the original model, our tracker also achieves an overall perfor-
mance improvement.

4.3. Ablation study

To investigate the individual contribution of each component within
our proposed tracker, we conduct comprehensive ablation experiments.
Furthermore, we evaluate different feature extraction functions to iden-
tify those better suited for the single object tracking (SOT) task. Com-
parative experiments are performed to analyze the effectiveness of
distillation-based fine-tuning. These extensive experiments are per-
formed on two benchmarks: LaSOT [25] and LaSOT,,; [26].

Global Enhancement. From Table 3, we prune GE modules. This
operation is conducted to verify the effectiveness of these modules. The
results indicate that the integration of GE module can yield positive
performance gains. In terms of AUC, GE module can bring 0.7% and
0.9% improvements on the LaSOT and LaSOT,,; test sets. In terms of
P, GE module can bring 0.7% and 1.6% improvements on the LaSOT
and LaSOT,,, test sets. As shown in Table 4, we conducted comparative
experiments on the remaining ratio mentioned in Section 3.1. The exper-
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Comparison results with state-of-the-art trackers on the three tracking benchmarks: GOT10K, NFS
and TNL2K. The best two results are highlighted in bold and otalic, respectively.

Method GOT10K NFS TNL2K

AO SRys SRy;s AUC P, P AUC P, P
SiamRPN + + [3] 51.7 61.6 32.5 50.2 - - 40.3 - 41.2
ATOM [52] 55.6 63.4 40.2 58.3 - - 40.1 - -
DiMP [53] 61.1 71.7 49.2 61.8 - - 44.7 - -
Ocean [54] 61.1 72.1 47.3 57.4 - - 38.4 - -
TransT [11] 67.1 76.8 60.9 65.3 - 78.8 50.7 - 51.7
SwinTrack-224 [13] 71.3 81.9 64.5 66.0 - - 53.0 - 53.2
SimTrack-B/16 [66] 68.6 78.9 62.4 - - - 54.8 70.7 53.2
OSTrack-256 [9] 71.0 80.4 68.2 64.7 - - 54.3 - -
F-BDMTrack-256 [67] 72.7 82.0 69.9 - - - 56.4 - 56.5
ARTrack-256 [58] 73.5 82.2 70.9 64.3 - - 57.5 - -
SeqTrack-B256 [57] 74.7 84.7 71.8 66.1 84.0 81.9 56.4 - -
DiffusionTrack-256 [59] 75.2 85.9 72.0 - - - 56.5 72.6 57.3
AQATrack-256 [65] 73.8 83.2 72.1 - - - 57.8 74.6 59.4
ODTrack-256 [10] 75.6 86.5 74.2 66.9 84.5 82.5 57.9 75.2 59.9
TemTrack-256 [68] 74.9 84.8 71.7 - - - 58.8 75.6 60.9
UncTrack-B [61] 75.6 85.1 75.2 - - - - - -
FETrack 76.6 88.0 75.8 67.8 86.5 85.0 58.8 77.2 62.0

#001504

Gound Truth [ Ours I ODTrack-25¢ [ OSTrack-256 [ ARTrack-256

Fig. 12. Qualitative comparison of FETrack with three other SOTA trackers on LaSOT.

Table 3

Ablation studies of different approaches on LaSOT and LaSOT,,, benchmarks. Boldface
indicates the first place.

Method LaSOT LaSOT

AUC P, P Aauc P, P
FETrack 71.1 81.9 77.6 50.5 62.0 57.9
w/o Global Enhancement 70.4 81.7 76.9 49.6 61.3 56.3
w/o Unsupervised Hard Sample Learning ~ 70.1 80.9 76.6 49.0 60.3 55.3
w/o Cross-Depth Template Fusion 70.0 80.9 76.7 50.5 62.0 57.7
w/o Distillation-based Fine-tuning 70.3 81.4 77.0 50.0 61.6 56.7

imental results confirm that 30% is the optimal value of this parameter,
which is consistent with relevant reference criteria.

Unsupervised Hard Sample Learning. To fully utilize the candi-
date tokens obtained from the candidate elimination module, we treat
these candidate tokens as independent hard instances for unsupervised
learning. To verify the feasibility of this approach, we conduct an

ablation experiment on the approach. The corresponding results are pre-
sented in Table 3. Ablation experiments demonstrate that unsupervised
learning of candidate tokens yields positive gains, with 1.0% and 1.5%
improvements in the AUC of the LaSOT and LaSOT,,, test sets, respec-
tively. In terms of P, this approach achieves 1.0% and 2.6% improve-
ments on the LaSOT and LaSOT,,, test sets, respectively. To explore
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Table 4
Comparative studies on different remain-
ing ratio for GE on the LaSOT and

LaSOT,,. Boldface indicates the first
place.
Ratio 1ASOT LaSOT,,,

AUC P AUC P

30% 71.1 77.6 50.5 57.9
20% 70.3 77.0 50.7 57.9
10% 70.3 76.9 49.8 56.4

Table 5

Comparative studies on different hyperparameter for
UHSL on the LaSOT and LaSOT,,,. Boldface indicates the
first place.

ext*

LaSOT LaSOT,

ext

Hyperparameter
AUC P AUC P

A3=01,n=24,6=03 71.1 77.6 50.5 57.9
A3=10,n=24,6=03 69.7 76.0 50.2 57.1
43=001,n=24,6 =03 69.7 75.7 49.2 55.7
A3=01,n=6,6=03 70.1 76.6 51.1 58.2
A3=01,n=12,6=03 69.8 76.1 50.0 56.8
A3=0.1,n=48,6=0.3 70.5 77.0 50.2 57.0
A3=0.1,n=24,6 =00 69.8 76.1 49.8 56.4
A3=0.1,n=24,6=0.1 70.0 76.3 49.6 56.2
A3=01,n=24,6=05 70.2 76.6 50.9 57.7

Table 6

Comparative studies on different cross-layer
selection for CDTF on the LaSOT and
LaSOT,,,. Boldface indicates the first place.

LaSOT LaSOT,,,

Select

AUC P AUC P

6,8,10 71.1 77.6 50.5 57.9
4,7,10 69.4 75.7 50.2 57.1
4,6,8,10 69.3 75.5 49.4 56.1
all 69.8 75.9 49.4 56.4

the impact of different hyperparameters in unsupervised hard sample
learning, we conducted comparative experiments with varied hyperpa-
rameter values, as shown in Table 5. Experimental results show that
A3 tends to adversely affect the experimental outcomes when its value
is either too large or too small. Regarding other hyperparameters, al-
ternative configurations outperform the current settings under specific
conditions.

Cross-Depth Template Fusion. To investigate the role of CDTF
modules, we conduct module addition and ablation operations, fol-
lowed by separate training. Ablation experiments demonstrate that
CDTF yields positive gains, with results presented in Table 3. Specif-
ically, results on the LaSOT test set indicate that the involvement of
cross-depth template tokens in subsequent template token interactions
contributes positive gains, with 1.1%, 0.9% and 1.0% improvements in
AUC, P and P,,,,,, respectively. To verify the impact of selecting differ-
ent layers, we perform template fusion using different layers, as shown
in Table 6. Herein,“all” indicates that the template of each layer is fused
with that of the previous layer. As observed, the optimal performance
is achieved when the layer fusion positions are set to [6, 8, 10].

Distillation-based Fine-tuning. To verify the impact of distillation-
based fine-tuning on the backbone prior to backbone-head joint training,
we adopt the fine-tuned parameters of ViT-B as the baseline for com-
parison. Both Table 3 and Fig. 11 demonstrate that distillation-based
fine-tuning enhances model performance and accelerates the decline in
training loss. Furthermore, our fine-tuning method is straightforward
and requires only a small batch size, providing valuable insights for in-
tegrating modules into existing backbones for object tracking tasks.
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Table 7
Comparative studies of different global feature extraction strategies on

LaSOT and LaSOT,,,. Boldface indicates the first place.
Method LaSOT LaSOT,y,
AUC P P AUC P P
Unimodal Highlighting ~ 71.1 81.9 77.6 50.5 62.0 57.9
w/0 Max 69.7 80.3 76.0 49.8 61.3 57.1
Average Pooling 70.0 80.8 76.6 50.4 61.9 57.4
Table 8

Compare the results of OSTrack-256 and its improved tracker on five test
benchmarks. Boldface indicates the first place.

Method LaSOT LaSOTy, TrackingNet TNL2K NFS
AUuC P, AUC P,, AUC P, AUC AUC
baseline 69.1 787 474 573 83.1 878 543 64.7

Improvement 68.6 78.8 49.4 60.2 827 88.0 55.9 66.8

Table 9

Comparison of model parameters, FLOPs, and inference speed.
Method Device Speed(FPS) MACs(G) Params(M)
GRM-256 3090 28 30.9 99.4
SeqTrack-B256 3090 37 65.8 89.1
ODTrack-256 3090 58 32.5 92.1
FETrack 3090 33 34.6 108.6
w/0 GE 3090 55 34.6 94.5
w/o CDTF 3090 35 32.5 106.3

Global Feature Extraction Function. To verify the advantages of
the feature extraction module proposed in this paper, we conduct com-
parative experiments using alternative global feature extraction mod-
ules: w/0 Max and average pooling. w/o Max corresponds to the first
half of the calculation of max in formula (1) [39]. From Table 7, we
can observe that the function proposed in this study exhibits overall
excellent performance. Compared with average pooling, our function
achieves 1.1%, 0.9% and 1.0% improvements in the AUC, P and P,,,,,
on the LaSOT test set, respectively. Compared with w/o Max, our study
adopts a max strategy to balance different unimodal distributions. This
operation yields positive performance gains. Specifically, our function
achieves 1.4% and 0.7% improvements in the AUC on the LaSOT and
LaSOT,,, test sets, respectively. Through comparative experiments, we
can verify that the proposed strategy exerts certain positive effects.

4.4. Approach transfer

To verify that the approaches proposed in this study are applica-
ble not only to improving ODTrack but also to extending to other one-
stream trackers, we apply these approaches to the OSTrack tracker. OS-
Track [9] is a representative one-stream tracker. It also serves as the
baseline for numerous one-stream trackers. As presented in Table 8, our
approaches enable OSTrack-256 to achieve significant performance im-
provements on the LaSOT,,,, TNL2K and NFS test sets. Meanwhile, they
avoid notable performance degradation on LaSOT and TrackingNet. This
result demonstrates two key points: the transferability of our strategies,
and the feasibility of enhancing the performance of one-stream trackers
based on OSTrack.

4.5. Visualization and limitation

Visualization. To visually evaluate our tracker’s performance in
challenging scenarios, we present its visualization results on the LaSOT
test set. As shown in Fig. 12, our tracker demonstrates stronger robust-
ness in complex environments than three state-of-the-art counterparts.
Specifically, the first row of Fig. 12 verifies its superior reliability over
the other three trackers; in the third row, object deformation and sim-
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ilar distractors drastically impair the performance of ODTrack-256 and
OSTrack-256; the fourth row further shows that our tracker outperforms
ODTrack-256 in high-speed motion scenarios. Combined with the results
in Figs. 6 and 12, FETrack excels over the three comparison trackers in
addressing motion blur, fast motion, occlusion and viewpoint variation,
with both superior visualization performance and more prominent AUC
metrics across these specific challenges.

Limitation. For the sake of fairness, we conducted a speed evalua-
tion against SOTA trackers under identical testing conditions, as shown
in Table 9. Analysis reveals that the tracking speed degradation of
FETrack is mainly attributed to the GE module. Further analysis re-
veals that this phenomenon stems from the token weight ranking im-
plemented during candidate elimination. As shown in Table 1, FETrack
achieves more favorable performance metrics than ODTrack-256, GRM-
256 and SeqTrack-B256 across all three primary test sets. Moreover,
under the same evaluation environment, FETrack attains a comparable
speed to GRM-256 and SeqTrack-B256. For complex architectures, we
have not yet developed a more effective solution. However, two promis-
ing directions are identified: the design of lightweight Transformer ar-
chitectures and the development of an efficient token pruning approach.

5. Conclusion

This paper presents an improved FETrack based on a one-stream
framework. In terms of architecture, we fully integrate the Global En-
hancement module into the backbone network, where a novel global
feature extraction method is designed to guide the global feature extrac-
tion process. Furthermore, we propagate template tokens across layers
to construct the Cross-Depth Template Fusion module. By fully exploit-
ing the hard-sample characteristics of candidate tokens, we implement
unsupervised hard sample learning. We also propose a distillation-based
fine-tuning approach to fine-tune the newly integrated components in
the backbone. Extensive experiments demonstrate that our tracker ver-
ifies the feasibility of the proposed approaches on six tracking bench-
marks. Additionally, we transfer these approaches to OSTrack to verify
the feasibility of the proposed approaches in enhancing the performance
of one-stream trackers.
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