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Abstract

Assessing action quality is challenging due to the subtle
differences between videos and large variations in scores.
Most existing approaches tackle this problem by regressing
a quality score from a single video, suffering a lot from
the large inter-video score variations. In this paper, we
show that the relations among videos can provide impor-
tant clues for more accurate action quality assessment dur-
ing both training and inference. Specifically, we reformu-
late the problem of action quality assessment as regressing
the relative scores with reference to another video that has
shared attributes (e.g., category and difficulty), instead of
learning unreferenced scores. Following this formulation,
we propose a new Contrastive Regression (CoRe) frame-
work to learn the relative scores by pair-wise comparison,
which highlights the differences between videos and guides
the models to learn the key hints for assessment. In order to
further exploit the relative information between two videos,
we devise a group-aware regression tree to convert the con-
ventional score regression into two easier sub-problems:
coarse-to-fine classification and regression in small inter-
vals. To demonstrate the effectiveness of CoRe, we conduct
extensive experiments on three mainstream AQA datasets
including AQA-7, MTL-AQA and JIGSAWS. Our approach
outperforms previous methods by a large margin and estab-
lishes new state-of-the-art on all three benchmarks.

1. Introduction

Action quality assessment (AQA), which aims to eval-
uate how well a specific action is performed, has attracted
growing attention in recent years since it plays a crucial role
in many real world applications including sports [9, 20, 13,

, 24,22, 31, 21], healthcare [17, 39, 26, 38, 41, 42] and
others [5, 6]. Unlike conventional action recognition tasks
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Figure 1: Our Contrastive Regression (CoRe) framework
for action quality assessment. Inspired by contrastive learn-
ing that learns representation by encouraging the distances
of samples (e.g., d4 and dp) to reflect their semantic re-
lationship, we learn an AQA model to regress the relative
scores (e.g., A4 and Ap) to reflect the differences of ac-
tion quality among videos. By comparing two videos with
different scores, CoRe encourage the model to learn from
differences between videos for assessment.

that focus on action classification [12, 33, 32, 27, 15, 7, 34]
and detection [0, 16, 28, 37, 18], AQA is more challenging
as it requires the model to predict fine-grained scores from
videos that describe the same action. Considering the dif-
ferences between videos and large variations in scores, we
argue that a key to addressing this problem is to discover
the differences among the videos and predict scores based
on the differences.

Many efforts have been made to tackle this problem over
the past few years [19, 22, 6, 35, 20]. Most of them formu-
late the AQA as a regression problem, where the scores are
directly predicted from a single video. While some promis-
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Table 2: Comparisons of performance with existing meth-
ods on the MTL-AQA dataset. f{ indicts our implementa-
tion.

Method (w/o DD) ‘ Sp. Corr.  R-£2(x100) ‘ Year
Pose+DCT [24] 0.2682 - 2014
C3D-SVR [21] 0.7716 - 2017
C3D-LSTM [21] 0.8489 - 2017
MSCADC-STL [22] 0.8472 - 2019
C3D-AVG-STL [22] 0.8960 — 2019
MSCADC-MTL [22] 0.8612 - 2019
C3D-AVG-MTL [22] 0.9044 - 2019
I3D + MLP* [29] 0.8921 0.707 2020
USDL [29] 0.9066 0.654 2020
MUSDL™ [29] 0.9158 0.609 2020
13D + MLP** 0.9196 0.465

CoRe + GART™ 0.9341 0.365

Method (w/ DD) ‘ Sp. Corr.  R-£2(x100) ‘ Year
USDLpp [29] 0.9231 0.468 2020
MUSDL [29] 0.9273 0.451 2020
I3D + MLP 0.9381 0.394

CoRe + GART 0.9512 0.260

Table 3: Ablation study on MTL-AQA dataset

Method | Ablation | Sp. Corr.  R-£5(x100)
I3D + MLP Baseline | 0.9381 0.394
I3D + GART +GART | 0.9403 0.366
CoRe + GART | +CoRe | 0.9512 0.260
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Figure 7: Cumulative score curve on MTL-AQA dataset.
The larger the area under the curve indicates the better per-
formance.

labels in the training phase (bottom part of the table) and
the others (upper part of the table) do not. We see CoRe +
GART* achieves respectively 2.0% and 0.244 improvement
compared to MUSDL* [29] under Spearman’s rank and R-
{5 metric without DD labels. By training with the degree of
difficulty, our method becomes even better, achieving 2.6%
and 0.191 improvements compared to MUSDL under the
two metrics. We conjecture that there are two reasons: one
is that we can select more suitable exemplars, the other rea-

Table 4: Comparisons of performance with existing meth-
ods on the JIGSAWS dataset.

Sp. Corr. ‘ S NP KT ‘ Avg. Corr.
ST-GCN [36] 0.31 0.39 0.58 0.43
TSN [21] 0.34 0.23 0.72 0.46
JRG [19] 0.36 0.54 0.75 0.57
USDL [29] 0.64 0.63 0.61 0.63
MUSDL [29] 0.71 0.69 0.71 0.70
I3D + MLP* 0.61 0.68 0.66 0.65
CoRe + GART" | 0.84 0.86 0.86 0.85
R-((x100) | S NP KT | Avg
13D + MLP* 4795 11.225 6.120 7.373
CoRe + GART" | 5.055 5.688 2.927 4.556

son is that our method can exploit more information about
the action from the degree of difficulty. To have an intu-
itive understanding of the differences between our method
and baseline methods, we visualize the prediction results in
form of a scatter plot in Figure 6. We see our method is
much more accurate compared to the baseline. By using
the degree of difficulty information, the performance of our
method can be further improved, where almost all the points
are near the red line in the middle of the picture. In Fig-
ure 7, we show the cumulative score curves of our methods
and SOTA method MUSDL [29]. Given the error thresh-
old e, the samples whose absolute differences between their
prediction and ground-truth are less than e will be regarded
as positive samples. It can be observed that under any error
threshold, CoRe + GART (red line) shows a stronger ability
to predict accurate scores.

Ablation Study. We further conduct an ablation study for
our method. The results are shown in Table 3. Compar-
ing 13D + MLP and I3D + GART, we see when replacing
MLP with our group-aware regression tree, the performance
is improved by 0.0022 and 0.028 under Spearman’s rank
metric and R-¢5 metric, which demonstrates the effective-
ness of the designs of GART. The performance is further
improved when replace the I3D baseline with our proposed
CoRe framework. The above results demonstrate the effec-
tiveness of the two components of our method.

Case Study. In order to have a deeper understanding of the
behavior of our model, we present a case study in Figure 8.
Based on the comparison between input and exemplar, the
regression tree determines the relative score from coarse to
fine. The first layer of the regression tree tries to determine
which video is better, and the following layers try to make
the prediction more accurate. The first case in the figure
shows the behavior when the difference between input and
exemplar is large, and the second case shows the behavior
when the difference is small. In both situations, our model
can give satisfactory predictions.
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Figure 8: Case study. The videos marked with E and I in the upper left corner are the exemplar and the input video,
respectively. Each pair of exemplar and input videos have the same degree of difficulty (DD). We show the probability output
for each layer of the regression tree and the regression value for each leaf on the right. We take the regression value of the
leaf node with the highest probability as the final regression result. The very small errors between our prediction results with

ground-truths demonstrate the effectiveness of our method.
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Figure 9: Visualization. We show the visualization result on
MTL-AQA using Grad-CAM [25]. Our method can focus
on the regions that are critical to assess the action quality.

4.4. Results on JIGSAWS

We also conduct experiments on this surgical action
dataset JIGSAWS. Four-fold cross-validation is used fol-
lowing previous works [29, 19]. Table 4 shows the experi-
ment results. CoRe + GART* largely improves the previous
state-of-the-arts. Our method also obtains a more balanced
performance in different action classes.

4.5. Visualization

To further prove the effectiveness of our method, we vi-
sualize the baseline model (I3D + MLP) and our best model
(CoRe + GART) using Grad-CAM [25] on MTL-AQA, as
is shown in Figure 9. We observe that our method can fo-
cus on certain regions (hands, body, efc.), which indicates
our contrastive regression framework can alleviate the in-
fluence caused by the background and pay more attention
to the discriminative parts.

5. Conclusions

In this paper, we have proposed the CoRe framework for
action quality assessment, which learns the relative scores
based on the exemplars. We have also devised a group-
aware regression tree to convert the conventional score re-
gression into a coarse-to-fine classification task and a re-
gression task in small intervals. The experiments on three
AQA datasets have demonstrated the effectiveness of our
approach. We expect the introduction of CoRe provides a
new and generic solution for various AQA tasks.
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