1. Comparison to Other Human Datasets

Table | provides a comparative analysis of various human
datasets, categorized as real or synthetic and captured from
either ground or aerial perspectives. Key observations from
this comparison are outlined below:

1. Aerial-view sets, thanks to their wide viewing angles,
generally have more human instances per image than
ground-view sets, except for few cases that employed
a fixed number of actors in a real set or designing one
instance per image in a synthetic set.

2. Aerial-view sets generally contain a wider range of view-
points. (mostly near~far)

3. For existing synthetic datasets, aerial-view sets typically
feature fewer motion variations compared to ground-
view sets. This is because aerial-view datasets often pri-
oritize leveraging a wide range of viewpoints over ex-
panding the variety of human motions.

4. Rule-guided design, which is only leveraged in the Syn-
Play, can utilize significantly larger range of human mo-
tions compared to detail-guided design.

The comparison shown in the table also demonstrates
that SynPlay successfully addresses the shortfall of aerial-
view synthetic datasets (3" observation), while maximiz-
ing the benefits of aerial-view datasets (1° and 2" observa-
tions).

Moreover, the 4" observation supports that our proposed
rule-guided design is successful in securing the diversity
of human motions in the set. It is noteworthy that while
SURREAL [23] (constructed with ‘detail+mocap’) contains
a comparable number (6.5M) of human instances as Syn-
Play, the number of motions manifested in the dataset is
extremely limited when compared to SynPlay (23 vs. un-
countable).

2. SynPlay Statistics

Here, we provide several statistics from the SynPlay. Fig 2
shows the distribution of bounding box sizes over human
instances captured by each device. The majority of bound-
ing box sizes are small, which illustrates a characteristic
of aerial-view datasets. Interestingly, UAVs can capture
human instances with larger bounding boxes than CCTVs.
This could be due to the fact that, although UAVs are typ-
ically positioned at higher altitudes than CCTVs, there are
more cases where UAVs get closer to real-time events and
human instances, different from the fixed CCTVs.

Fig 3 shows the distribution of human height with respect
to gender and age. As mentioned in the main manuscript,
each distribution is formed as being bell-shaped. We create
456 virtual characters by controlling human height, gender,
and age according to these distributions and uniquely diver-
sifying other factors (skin color, obesity, hair, outfit, etc) as
much as possible, as shown in Fig 1.

3. Implementation Details

3.1. Motion evolution graph

Fig 4 shows motion evolution graphs used in designing the
game scenarios for the SynPlay dataset. Even within the
same game, the scenario may change, but the motion evolu-
tion graph will remain consistent. It is noteworthy to men-
tion that, despite the wide range of situations and a vari-
ety of motions involved in the games, the motion evolution
graph for each game consists of only a few motion nodes
and their transitions. Given that each node (represented as
an elementary motion state in the main manuscript) encom-
passes a range of motions, this illustrates the essence of a
rule-based design approach where only basic game rules are
provided to freely allow the diverse array of human motions
to be manifested.

3.2. Experimental setting

In our experiments, our goal is to explore the capabilities
of SynPlay as supplementary training data on a variety of
tasks. We mostly adhere to the original settings and imple-
mentations of the methods used in our experiments, with
minimal modifications. The specific modifications used in
our experiments are described below.

Architecture modification. Our tasks, specifically human
detection and semantic segmentation, can be viewed as one-
class problems. Therefore, all method architectures, partic-
ularly the dimensions of the last layer, have been adjusted
accordingly.

Image size applied in YOLOVS8 training/inference. We
use the image size of 1280x 1280 for all datasets except for
COCO, which uses an image size of 640x640. This de-
cision simply takes into account the original image size of
the datasets. Even after rescaling, the size range of human
instances in the compared datasets remains similar. When
using other models, i.e., Mask2Former in semantic segmen-
tation tasks and retinaNet in data-scarce tasks, the image
size/scaling recommended in the original settings was used.

Training Mask2Former without the large-scale jitter-
ing (LSJ) augmentation [9]. We did not use the de-
fault LSJ augmentation in training the Mask2Former seg-
mentation models solely for performance reasons. In all
cases, segmentation accuracy were found to be significantly
lower when LSJ augmentation was used. LSJ augmenta-
tion, which greatly expands the range of image scaling,
may not be suitable for aerial-view detection, which mainly
includes small-sized human instances. This performance
degradation with LSJ augmentation is also observed in [10],
which is a reputable literature in the field of self-supervised
learning.

Settings for PT-FT. When using PT-FT in the general tasks,
training specifications, including training epochs and learn-
ing rate, did not differ between pre-training and fine-tuning.



Table 1. Comparison of human datasets. ‘#inst/img’ is acquired only on images that contain human. ‘#motion’ indicates the number of
unique motions depicted in the dataset, except the ones with the subscript ‘pose’” which indicate the number of static poses. Since a single
motion can consist of multiple number of unique poses, #motion is generally smaller than the number of poses. For certain datasets, the
test set without available labels is excluded from this comparison. ‘uncountable’ indicates that the number of human motions included in

the set is countless/uncountable.

dataset domain #inst #img #inst/img natural motion #motion viewpoint
ground-view
VOC 12 [7] real 10K 11.5K 2.48 daily uncountable near
KITTI [8] real 4.5K 7.5K 2.52 daily 2 near
COCO Dev17 [13] real 649K 164K 9.72 daily uncountable near
MPII Human Pose [2] real 40K 249K 1.61 daily 20 near
Cityscapes [6] real 21.4K 5K 7.85 daily 2 near
ADE20K [26] real 30K 27.5K 4.36 daily uncountable near
Human-Art [12] real 123K 50K 2.46 art uncountable near
GTAS [16] synth 1.4M 1.4M 1 X 20K pose near
SURREAL [23] synth 6.5M 6.5M 1 detail+mocap 23 near
SOMAset [3] synth 100K 100K 1 detail+mocap 250pose near
PersonX [22] synth 273K 273K 1 X 4pose near
UnrealPerson [25] synth 120K 120K 1 X 2 near
AGORA [15] synth . 19K 1~15 detail+mocap 4,240p05c near
BEDLAM [5] synth 380K 1~10 detail+mocap 2,311 505 near
aerial-view
Okutama-action [4] real . 77K ~9 detail 12 med
Semantic Drone [1] real 1.5K 400 4.16 daily unspecified med
UAVid [14] real 47K 420 20.06 daily unspecified med~far
VisDrone [27] real 109K 40.0K 15.42 daily unspecified med
Archangel-real [20] real 165.6K 41.4K 4 detail Bpose near~far
Archangel-mannequin [20] real . 178.8K 6~7 detail 3pose near~far
Archangel-synth [20] synth 4.4M 4.4M 1 X 3pose near~far
SynDrone [17] synth 803K 72K 11.15 X 2 med~far
CARGO [24] synth 108K 108K 1 X 2 near~far
SynPlay synth 6.5M 73K 88.40 rule+mocap uncountable near~far

* natural motion
- daily: human motions engaged in daily activity
- art: human motions shown in works of art
- detail: human motions captured by ‘detail-guided design’
- rule: human motions captured by ‘rule-guided design’

- +mocap: human motions captured using a motion scanner

In data-scarce tasks, we follow all the settings of [19] as
outlined in PTL, while leaving out the progressive compo-
nent.

Settings for data-scarce tasks. For all experiments per-
formed for data-scarce tasks including the scaling behavior
study, we follow all the settings and experimental environ-
ments of [21].

3.3. Quantitative measures

We provide the detail on how we calculate the two metrics
used for the quantitative analysis in the main manuscript.

Fréchet Inception Distance (FID) [11]. We utilized the
PyTorch implementation of FID in [18] with the default
setup to assess the fidelity and diversity for all the training
datasets involved in our experiments. We did not perform
image scaling on the input for any dataset, and the final av-
erage pooling features were used to compute FID.



Figure 1. 456 virtual players in SynPlay created using Character Creator.
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Figure 2. Bounding box size distribution for each image-

capturing device.

Proportion of nadir-view instances. An instance with an
elevation angle greater than 71.57° relative to the UAV is
considered to be a nadir-view instance, representing the
maximum elevation angle for Archangel* [21]. To identify
nadir-view instances for Archangel, we utilized the dataset
metadata, i.e., UAV position. Similarly, for Archangel*, we
determined if an instance was an nadir-view instance based
on the source instance, also using the dataset metadata. In
the case of SynPlay, we computed the elevation angle for
each instance using the absolute 3D coordinates of the in-
stance and the UAV provided by SynPlay.

4. Qualitative Analysis

4.1. Blending and animation layer

Fig 5 and 6 show several examples of the blending process
and how the animation layers are leveraged: the two tech-
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Figure 3. Character height distribution that varies according
to gender and age.

niques for expanding human motions within the virtual en-
vironments, respectively. Interestingly, the motions created
by blending is largely different from their corresponding in-
put motions, while the motions created via leveraging the
animation layers still exhibit the appearances and dynamics
resembling both the input motions. These two techniques
are readily available for use within the Unity environment.

4.2. Virtual motion and real-world motion

Fig 7 shows several examples of real-world motions. Real-
world motions are created either by having the real human
wearing the motion capture device mimic the pre-provided
reference motions or by demonstrating potential in-game
motions under the given game rules. It is observed that real-
world motions can express a wider range of specific actions
while maintaining a sense of realism. Moreover, motions
that are difficult to pinpoint or describe can also be created,
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Figure 4. Motion evolution graphs. The start node (‘entry’) and the end nodes (‘win’ or ‘lose’) are indicated by green and red circles,
respectively. For the games where secondary graphs are available (i.e., sugar candy or squid), at any given time (except at the start or end
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(red-bordered circle) is reached within the secondary graph, the current state moves its way back to the latest node that was touched in the

main graph before entering the secondary graph.

e.g., multi-person wrestling motions.

4.3. SynPlay sample images

Fig 8 includes additional sample images from the SynPlay
dataset. Various human appearances depending on human
motion differently taken according to the game scenario,
and camera viewpoints are observed. Various human ap-
pearances are observed that change depending on human
motions taken differently according to the game scenario,
and different camera viewpoints. In addition, various char-
acters and backgrounds used for creating SynPlay are also

visible.

5. Benchmark Aerial View Dataset

Fig.9 presents qualitative detection results acquired on rep-
resentative aerial-view human datasets, highlighting the
fundamental differences between aerial and ground-view
perception.  Unlike conventional datasets such as MS
COCO [13], aerial human imagery involves small-scale hu-
man instances, often spanning only tens of pixels, and is
captured from extreme and diverse viewpoints, including
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Figure 5. Two motion blending examples. For each example (left or right column), the two motions (top and middle row) is blended
together to generate a new motion (bottom row). The blending ratio between the two input motions can be controlled. The names for the

motions are not computationally involved in the blending process.

nadir, oblique, and off-nadir perspectives.

These factors create distinct challenges: while detailed
appearance cues like facial features or textures become less
informative at such scales, motion patterns, postures, and
interaction dynamics remain critical. This requires datasets
that concurrently capture both motion diversity and view-
point variation.

SynPlay directly addresses these challenges by combin-
ing multi-perspective captures with rule-guided behavioral
diversity, enabling robust human identification in aerial sce-
narios where existing datasets fall short as shown in the
qualitative comparisons.

6. Limitations and Future Directions

A significant number of human instances in SynPlay ap-
pear at very low resolutions, which is an inherent chal-
lenge in any aerial-view dataset. However, as shown in the
bounding box size histogram included in the supplementary
material, SynPlay also contains many high-resolution hu-
man instances, with approximately 10,000 examples hav-
ing bounding box areas greater than 10,000 pixels. We en-
courage selectively using these instances depending on the
requirements of specific tasks.

SynPlay was developed to provide rich visual represen-
tations of human appearance for tasks focused on localizing
people in complex scenes. While it centers on the human

domain, we recognize the value of incorporating features
from a broader set of object categories. Expanding SynPlay
to include a wider array of objects could further enhance its
utility for training and evaluating general-purpose models.
Future directions for the community include improving
photorealism, simulating sensor artifacts such as rolling
shutter and motion blur, and integrating synthetic and real
data through hybrid training protocols. Adjusting scenario
priors to support more diverse interactions and cultural set-
tings, expanding metadata for occlusion and weather condi-
tions, and incorporating additional sensing modalities like
thermal imagery may also support greater robustness. More
detailed behavioral annotations could further enable re-
search in tracking, forecasting, and social interaction under-
standing. These extensions build on SynPlay’s strengths in
controllability, scale, and behavioral diversity while helping
shape the next generation of aerial perception benchmarks.
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Figure 7. Real-world motion examples. Real-world motions are acquired either (a) by mimicking reference motions or (b) by exhibiting
potential in-game motions without any reference that align with the given game rules. Wearable motion scanners are used for all the cases.
Note that the semantic labels (e.g., jumping, dodging) were not provided at the time of capture; they are included in the figure only for the
convenience of the readers.
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Figure 8. More example images from SynPlay are shown for all six Korean traditional games, each with various camera viewpoints.
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Figure 9. Qualitative detection samples for baselines vs. SynPlay+real models. Baseline models are trained on real dataset. [] (green
bounding boxes) indicate baseline (real only) human detection outputs while [ (magenta bounding boxes) indicate the ones acquired by the
models trained on corresponding SynPlay+real dataset. Note that unlike conventional ground-level benchmarks such as MS COCO [13],
aerial-view perception involves small-scale human instances, extreme viewpoint variations, and unique appearance challenges due to
camera altitude and perspective. This highlights the need for specialized synthetic datasets like SynPlay that are tailored for long-range

aerial human analysis.
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