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What will be public along with the dataset: In addition to presenting the
dataset itself, we are committed to sharing the source code of our annotation
tools, which has played a pivotal role in streamlining our annotation workflow.
Moreover, we will disclose the source code that is instrumental in computing the
computer-labeled attributes, ensuring transparency and reproducibility.

We are also proud to offer a comprehensive toolkit designed to operate seam-
lessly with our dataset. This toolkit will be fully compatible with popular track-
ing libraries, Pytracking, thereby facilitating a wide range of applications and
analyses.

To ensure your convenience and ease of use, we will not only supply the raw
data as depicted in Table 2 but also grant access to our dedicated evaluation
server at eval.com. Drawing inspiration from TrackingNet[6], users will be able
to upload their raw results onto the server. Upon upload, their scores will be
meticulously evaluated, offering users the option to display their scores on the
leaderboard publicly, should they wish to do so. This approach not only fosters
a collaborative environment but also encourages continuous improvement and
benchmarking within the community.

The Distribution of the proposed dataset We conduct a detailed attribute
analysis to explore the characteristics of the proposed dataset. In Figure 1, we
present the UMAP visualization of these benchmarks. The visualization reveals
distinct patterns in the proposed dataset, showing overlap with other bench-
marks while also forming some unique clusters in the top-left corner. This unique
pattern poses potential challenges to the generalization ability of tracking algo-
rithms when compared to other datasets.

Why challenging? The primary challenges in our proposed benchmark are at-
tributed to the unique distribution of attributes. To elaborate further, we specif-
ically examined failure scenarios of State-of-the-Art (SOTA) trackers and illus-
trated the results in Figure 2,3,4,5. (For more details see our demo.mp4).
At the top of each figure, we display the unique combination of attributes, while
at the bottom, we describe the content of the video. It’s apparent that even in



2 Yu Liu et al.

OTB100
Overlap
Region

LaSOT
Overlap
Region

Nfs
Overlap
Region

Fig. 1. To analyze the diversity of dataset attributes, each frame is represented by a
6-element feature vector encoding the presence of various computer-labeled attributes.
By randomly sampling 50,000 frames per dataset and visualizing the distribution of
these attribute features, we can compare dataset characteristics. The distributions for
Nfs, OTB100, and LaSOT exhibit significant overlap, concentrated within the circled
regions. In contrast, NT-VOT211 shows complementary with AVisT and GOT-10K
while maintaining diversity. The breadth of the NT-VOT211 distribution demonstrates
its wide variability in attributes, posing generalization challenges for trackers.

scenes as depicted in Figure 2 and Figure 4, which are relatively less complex,
the trackers still failed due to the unique distribution of attributes.

Other Statistics: We also include movement statistics of the target object
in our analysis. In this data, we group frames into sets of 60 each, measuring
the movement relative to the initial frame within each group. Our statistics
include OTB100[8], Nfs[4], LaSOT[2], GOT-10k[3], AVisT[7] and our private
dataset. The results are depicted in Figure 6 and Figure 7, where each unit
on the x-axis represents movement equivalent to 0.25 times width or height of
the target. We noticed that, unlike other datasets such as LaSOT [2], OTB2015
[8], and GOT-10k [3], our dataset presents a distinct challenge. Considering
that the most short-distance targets are recorded with handheld devices and
are intended to be placed around the center of the frame, these targets tend
to move less compared to those in other datasets. However, this characteristic
did not prevent our proposed benchmark from being more challenging compared
to others. As illustrated in Figure 4, even when the cup and the camera are
stationary, two trackers, Mixformer[1] and ProcontEXT[5], still exhibit drifting
due to negligible camera shake.
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Target: Moving footTarget: Moving foot

Description: When both feet overlap, some trackers
malfunction momentarily, but they later recover(not

showed in these pics).

Fig. 2. Failure scenarios of SOTA #1
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Target: Basketball

Description: When the basketball goes out of view due to the
player's movements, Mixformer starts tracking the entire

person instead of the ball. In subsequent footage, Mixformer
resumes ball tracking.(not showed in these pics).

Fig. 3. Failure scenarios of SOTA #2
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Description: When camera motion causes motion blur, the tiny target
on the trash bin becomes blurry, and two trackers start malfunctioning,

failing to recover to normal operation.

Camera Motion

Fig. 4. Failure scenarios of SOTA #3
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low Illumination Target: football on the ground
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Description: A person comes to snatch the football and falls,
causing the ball to enter fast motion. The trackers identify the fallen

athlete as the target and fail to recover thereafter.

Fig. 5. Failure scenarios of SOTA #4
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Fig. 6. Statistics on Movement #1
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Fig. 7. Statistics on Movement #2
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