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Abstract

We provide more implementation details including the
local patch cropping and video feature extraction. We also
provide further evaluations of our method on different num-
bers of video segments.

1. Implementation Details
Local Patch Cropping. We extract human poses and
bounding boxes using Mask-RCNN [2]. In each frame, we
take the person with the largest bounding box and remove
the rest, preventing the interference of audience, coaches
and referees. Linear interpolation is applied on the tem-
poral dimension to complement the pose estimation results
on those frames where the athletes are not detected. In each
frame, we crop a local patch around each joint with a square
bounding box centered on the joint position. The side length
of the square bounding box is 1/10 the average of the width
and height of the human bounding box. All patches on the
temporal dimension of a certain joint form a local patch
video which records the detailed joint movement.
Video Feature Extraction. We extract video features with
I3D, pre-trained on Kinetics[1]. The features of RGB and
optical flow are added together as the video features (i.e. the
joint features and the whole-scene features) in our experi-
ments. For each video, the optical flow data is obtained by
the TV-L1 algorithm [3]. All images including the whole
frames and the local patches are resized to 224 × 224 be-
fore feeding into the I3D network. The whole-scene feature
qt is obtained with the whole-scene video, while the joint
feature matrix F t is obtained with the local patch videos.
We divide the all videos into 10 segments, and 16 frames
are uniformly sampled out in each segment as the input to
the I3D network. A whole-scene video is divided according
to its starting and ending time-stamps, while a local patch
video is divided according to the starting and ending of the
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Figure S1. The performance of our method on different numbers
of video segments

human detection. To prevent over-fitting, we perform data
augmentation on the videos by left-right flipping.

2. Further Evaluations

Number of Video Segments. Fine-grained temporal divi-
sion of the action videos helps to achieve better results of
our method. We test our method on different numbers of
video segments, and the results are shown in Figure S1. On
average, the performance of our method improves as the
the number of segments increases from 1 to 10, although
the performance growth tends to get slower. The perfor-
mance gain is not surprising because dividing the videos
into more segments enables finer-grained action analysis.
The fine-grained action assessment models exploit more ef-
fective short-term motion patterns. However, the perfor-
mance of our method drops when the number of segment
exceeds 10. Therefore, we choose to divide the videos into
10 segments for experiments in our manuscript.
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