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Abstract

Accurate quantitative evaluation of the Technical Elements
Score (TES) and Program Components Score (PCS) in
figure skating requires exceptional skill and professional-
ism, making it a highly challenging task. It requires not
only meticulous observation of athletes’ technical move-
ments but also the ability to appreciate and assess artis-
tic elements according to the current scoring criteria. The
multi-modal large language model (MLLM) is rapidly ad-
vancing in its ability to understand various forms of in-
formation, such as images, videos, and audio. Previ-
ous research efforts have mainly utilized audio and video
in isolation, but effective evaluation in figure skating re-
quires a unified approach. In our work, we developed
a multi-modal method that first identifies sub-movements
through audio-guided videos by leveraging the phenom-
ena of ”hit the beat” and integrates audio and video fea-
tures specifically tailored for figure skating. This inte-
gration enhances the coordination between these modali-
ties. Building upon this foundation, we propose a com-
prehensive assessment model that utilizes multi-modal se-
ries representation learning to derive TES and PCS scores
and generate text-based competition evaluations based on
video, audio, and contextual prompts. Extensive experi-
ments have proven that our proposed method has state-
of-the-art scoring ability and generalization performance.
Our code is available at https://github.com/ycwfs/Figure-
Skating-Quality-Assessment.

1. Introduction
The assessment of figure skating performances is a com-
plex task, generally requiring expert human judges to evalu-
ate both technical proficiency and artistic expression. How-
ever, recent advancements in Deep Learning and Language
Models have facilitated the development of systems capable
of automatically assessing figure skating quality, promising

*indicates the corresponding author

to enhance objectivity and efficiency in scoring processes.
Early work focused on capturing spatiotemporal features
from video data. Britosh et al. [26] introduce a framework
using 3D convolutional neural networks (C3D) for feature
extraction, combined with support vector regression (SVR)
and long short-term memory (LSTM) networks for score
prediction. Building on this, Xu et al. [35] propose a deep
architecture combining Self-Attentive LSTM and Multi-
scale Convolutional Skip LSTM. This method efficiently
learned both local and global sequential information in fig-
ure skating videos, demonstrating the importance of cap-
turing multi-scale temporal dependencies. Beyond video
analysis, recent efforts have been made to enhance semantic
representation for scoring figure skating. Du et al. [10] pro-
pose a semantics-guided network that leverages knowledge
transfer between semantic and visual domains, improving
the interpretation of actions. Moreover, approaches incor-
porating pose estimation, such as the Skeleton-Based Ac-
tion Quality Assessment by Li et al. [18], have been piv-
otal in capturing the nuanced motion details essential for
accurate assessment. Recognizing the importance of both
visual and audio cues in figure skating, Xia et al. [33] intro-
duce a novel architecture that extends the MLP framework
into a multi-modal fashion. Their approach uses a designed
memory recurrent unit (MRU), effectively learning long-
term representations. Ji et al. [15] employ an uncertainty
score disentanglement solution and subaction localization
to decouple PCS-oriented and TES-oriented representations
from skating sequences, enabling differential learning for
the two score prediction types. In addition, several papers
[15, 21, 26, 33] have made significant contributions through
dataset creation which leading the development of figure
skating AQA.

The recent advancements in Multi-modal Large Lan-
guage Models (MLLMs) have significantly enhanced the
capabilities of artificial intelligence in understanding and
synthesizing information across various modalities, includ-
ing text, image, and video. These developments are partic-
ularly relevant for applications such as figure skating qual-
ity assessments, where complex visual and semantic data
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must be processed and interpreted. A notable advance-
ment is the development of general MLLMs, As is seen in
the InternVL model family, it enables vision-language task
performance by incorporating a high-quality multi-modal
dataset [7]. Such features are beneficial for multi-modal
understanding tasks, often involving diverse linguistic and
visual elements.

Previous research has explored the use of audio and
video in analyzing performance data, yet it has largely over-
looked the direct alignment and integration of these differ-
ent modalities. Moreover, existing temporal action local-
ization modules are typically applied directly for scoring
without modification. Our approach introduces an inno-
vative framework featuring an audio-guided action local-
ization module. This module leverages the ”hit the beat”
phenomenon, where athletes’ movements synchronize with
musical beats during performances, allowing for more nat-
ural movement and transition segmentation. Furthermore,
our study investigates the potential of integrating various
modalities to enhance evaluation accuracy in figure skating.
We propose a method that learns contextual representations
critical for understanding and generating multi-modal se-
quences. This work addresses a gap in existing research,
which often treats audio and visual data separately without
fully utilizing their synchronized integration within a single
evaluative framework.

The main contributions can be summarized as follows:
• We propose an audio-guide sub-actions segmentation

module that can automatically separate movements and
transitions to obtain more fine-grained motion informa-
tion for scoring.

• We developed an efficient method to fuse audio and video
features of figure skating, addressing the challenge of co-
ordinating different modalities in multi-modal prediction.

• We devise a multi-modal series understanding and gener-
ation method that can learn multi-modal contextual repre-
sentation besides generating language and numerical as-
sessment to evaluate athletes’ performance accurately.

2. Related Works
Action Quality Assessment (AQA) has emerged as a sig-
nificant area of research in computer vision and sports an-
alytics. This field focuses on developing automated sys-
tems to evaluate the quality of human actions, particularly
in sports[6, 9, 15, 20, 22, 24, 34, 37, 38, 42, 43, 46, 47],
physical activities, medical care[2, 19, 39, 41]. Early AQA
research laid a crucial foundation using traditional machine
learning and hand-crafted features[28], establishing the fun-
damental principles for computationally assessing action
quality. Recognizing the importance of temporal dynam-
ics in action quality, researchers have leveraged transformer
architectures[1] to capture long-range dependencies, signif-
icantly advancing temporal modeling in AQA. The field has

evolved towards fine-grained analysis and interpretability,
with studies like those by Yu et al. [36] and Doughty et al.
[23] providing detailed insights and aligning models with
human-defined evaluation criteria. Multitask learning ap-
proaches have enhanced AQA by exploiting shared infor-
mation across related tasks. Parmar and Morris [27] demon-
strated the effectiveness of this method in improving over-
all performance. Innovative graph-based techniques, such
as those developed by Pan et al. [25], have enabled more
sophisticated modeling of the complex interactions under-
lying action quality. Addressing the inherent ambiguity in
action assessment, researchers like Tang et al. [29] have
introduced uncertainty modeling, shifting from point esti-
mates to more nuanced score distributions. The integra-
tion of multiple data sources has led to more comprehen-
sive assessments, as exemplified by Liu et al.’s [43] work
on multi-modal approaches to AQA. Recent advancements
in AQA tackle emerging challenges, with Chen et al. [6] ad-
dressing AI-generated content, Kumar et al. [24] exploring
neuro-symbolic methods for more robust and interpretable
systems and Gedamu et al. [11] utilizing visual-semantic to
parse temporal dimension for assessing actions.

Multi-modal Large Language Models Recent advance-
ments in Multi-modal Large Language Models (MLLMs)
have significantly enhanced the field of artificial intelli-
gence, particularly in tasks involving multi-modal infor-
mation understanding and evaluation. For instance, Chen
et al. [5] introduces a large-scale vision-language foun-
dation model that demonstrates powerful visual capabili-
ties. The paper [7] presents InternVL 1.5, an MLLM that
bridges the capability gap between open-source and propri-
etary commercial models in multi-modal understanding. It
introduces improvements such as a strong vision encoder,
dynamic high-resolution processing, and high-quality bilin-
gual datasets. In the video domain, Wang et al. [30] in-
troduces a family of large-scale video-language models de-
signed for high-quality video descriptions. Wang et al. [32]
presents a new family of video foundation models that are
talented in video recognition, video-text tasks, and video-
centric dialogue. Addressing the challenge of assessing
MLLMs, Chen et al. [4] introduces a novel benchmark
for evaluating MLLMs’ ability to assist judges across di-
verse modalities. The study reveals that while MLLMs
show remarkable human-like discernment in pair compar-
isons, there are still challenges in scoring evaluation and
batch ranking tasks.

These advancements in MLLMs’ multi-modal informa-
tion understanding and scoring capabilities have significant
implications for tasks like figure skating assessment. The
ability of these models to process and analyze complex vi-
sual and temporal information, combined with their capac-
ity to generate detailed descriptions and evaluations, sug-
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Figure 1. Overview of our method. We begin by identifying sub-actions using the audio-guide and constructing a series of multi-modal
features. Next, we fuse the corresponding video and audio feature clips to generate fusion tokens. The input series is then concatenated with
special tokens and a text prompt. After performing context representation learning, we are able to regress scores and generate evaluation
texts.

gests potential applications in judging sports performances.
However, there are still challenges in achieving consis-
tent and unbiased scoring across different evaluation tasks,
which would need to be addressed for reliable use in com-
petitive sports judging.

3. Methodology

In this section, we introduce our multi-modal audio-guide
multi-task figure skating quality assessments architecture
which is shown in Fig. 1, we first segment sub-actions with
the audio-guide and construct multi-modal feature series,
then we fuse the corresponding video audio feature clips
to obtain fusion tokens, the input series were concatenated
with special tokens and text prompt, After the context repre-
sentation learning, we can regress scores and generate eval-
uation texts.

3.1. Preliminaries

Problem Definition The objective of traditional Action
Quality Assessment is to obtain numerical scores from
given videos, but in the field of figure skating, the qual-
ity of an athlete’s performance in competition depends on
complexity criteria according to the International Skating
Union1. For instance, the Technical Element Scores need to
evaluate each movement in the show, and Program Com-
ponent Scores should assess the overall program content
which includes the interpretation of music and transitions
especially. In our method, we extract the audio A ∈ RT

from the given video V ∈ RHWC×T and generate addi-
tional text descriptions I ∈ RL. Our objective is to predict
the accurate TES and PCS scores using multi-modal input.

Featue Extractor We use pre-trained 3D Conv and 2D
Conv backbones to extract feature vectors for video and

1https://www.isu.org/
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its corresponding audio. We then apply two linear layers
with Relu activation to project them to the same embed-
ding space, resulting in video and audio features Fv, Fa ∈
RT×D, where D denotes the embedding dimension.

3.2. Audio-Guide Sub Actions Segmentation

A complete figure skating program includes many move-
ments, and each movement and its transitions are important
for scoring. Based on the phenomena of ”hit the beat”, we
use an audio feature to guide sub-actions segmentation.

The Audio-Guide attention mechanism performs cross-
modality attention between the audio and video features,
generating a unified hidden representation Fh. The atten-
tion mechanism learns to focus on specific audio signals that
guide the segmentation of actions in the video:

Fh = CrossAttention(Fa, Fv, Fv), (1)

where Fh ∈ RT×D, with D being the shared embedding
dimension.After the attention mechanism, the hidden states
Fh are passed through the segmentation Head to predict the
segment-wise action probabilities:

P = σ(Linear(ReLU(Linear(Fh))), (2)

where P ∈ RL represents the action segmentation proba-
bilities for each segment, and σ is the sigmoid activation
function that outputs values between 0 and 1.

The segmentation decision is made by applying a learn-
able threshold τ to the predicted probabilities:

Ci = ⊮(Pi > τ) =

{
1, if Pi > τ,

0, otherwise
(3)

where C is a binary tensor of shape L, indicating whether
each frame contains a sub-action (1) or transition (0).

To further process the localized sub-actions, consecutive
frames with the same classification in C are grouped into
segments. For the segment k, both video and audio features
are pooled:

Ṽk = AdaptivePool(F k
v ), Ãk = AdaptivePool(F k

a ), (4)

where Ṽk, Ãk ∈ RD are the pooled segment features for
the k-th segment.

3.3. Video Audio Feature Fusion

For the video-audio fusion, we apply a Fusion-Decoder to
effectively integrate audio and video features, thereby en-
hancing the multi-modal learning process. The decoder
treats the segment video features Ṽk as key-value pairs,
while the segment video features Ãk is used as the query.
This setup allows the decoder to align and fuse relevant au-
dio information into the video representations. The process
is formally described as:

F k
va = LN(Fusion-Decoder(Ãk, Ṽk, Ṽk)), (5)

Here, F k
va represents the fused representations which

are normalized through Layer Normalization (LN) after the
Fusion-Decoder has processed them. This ensures that
the learned multi-modal representations maintain robust-
ness and are able to leverage the complementary strengths
of both video and audio modalities to support downstream
tasks. Through this fusion strategy, we achieve a coherent
integration where video cues can enhance the perception of
audio content and vice versa, leading to an improved under-
standing of multi-modal inputs.

3.4. multi-modal Embedding Preparation

Token Embedding For managing raw text prompts, we
utilize a Byte-Pair Encoding (BPE) tokenizer to transform
the text into input IDs, denoted as I ∈ RL′

. Additionally,
we define special tokens, such as <TES> and <PCS> de-
noted as Etes, Epcs, to mark contextual or structural ele-
ments within the data.

To construct comprehensive token sequences capturing
multi-modal information, we systematically concatenate the
fused video and audio features from N segments in one
video, with the special tokens Etes, Epcs, followed by the
encoded text tokens. This sequential combination results in
a robust token sequence Fe ∈ RLmax that effectively inte-
grates diverse media inputs into a cohesive format.

Formally, the enriched embeddings are represented as:

Fe = Concat(FN
va, Etes, Epcs, EI , Epad), (6)

where Fe reflects the integration of multi-modal inputs
and padding embeddings Epad to ensure uniform sequence
lengths. This concat strategy enhances the model’s capabil-
ity to process and understand complex, mixed-modality in-
formation, paving the way for better performance in down-
stream tasks.

3.5. Context Representation Learning

In our context representation learning framework, we em-
ploy a multi-layer transformer decoder architecture to effec-
tively capture interdependencies and contextual information
within sequential data, where we transform input features
Fe through a series of operations that capture contextual de-
pendencies. The critical components of this architecture are
formalized as follows:

F̂ = DP(LN(Fe + MHA(Fe, Fe, Fe;Mask))) + Fe,

Fr = DP(LN(F̂ + FFN(F̂ ))) + F̂ ,
(7)

where MHA(·) denotes the Multi-Head Attention mech-
anism applied to the input Fe, used for capturing interde-
pendencies across the features. LN(·) is the Layer Normal-
ization applied to stabilize the feature distribution both be-
fore and after MHA. FFN(·) denotes the Feedforward Net-
work operation that processes each feature independently.
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Figure 2. The attention mask we adopt

DP(·) is the Drop Path technique applied to randomly by-
pass certain layers for regularization. The residual connec-
tions are incorporated to form the output representations,
which improves the flow of gradients during training. After
that, we get the feature vectors with rich contextual repre-
sentation Fr ∈ RLmax .

This comprehensive operation effectively integrates mul-
tiple transformation layers into a coherent representation,
enhancing the model’s capacity to understand and process
complex sequential data.

In our architecture, the attention mask Mask is crucial
for controlling the visibility of tokens during the Multi-
Head Attention (MHA) process. It prevents text tokens
from being visible to the TES and PCS tokens while still al-
lowing interdependencies within specific groups to be pro-
cessed effectively.

The attention mechanism with the mask is defined as:

MHA(Q,K,V;Mask) = softmax(
QKT

√
dk

+ Mask) · V (8)

where: Q, K, V represent the Query, Key, and Value ma-
trices derived from the input Fe. dk is the dimensionality
of the Key vectors, used to scale the dot products. Mask
is an additive mask where elements are set to −∞ for the
masked positions, which can effectively prevent attention to
undesired tokens.

In the provided attention matrix Fig. 2, the attention
mask is visually depicted. The mask is designed to ensure
symmetric scoring through the exposed special yellow parts
and to maintain causal text generation using the masked
white parts. It achieves alignment by selectively occlud-
ing certain tokens during computation, which enforces task-
specific constraints that enhance contextual understanding.

3.6. Scores Regression and Text Generation

Once the representation Fr is derived from the decoder lay-
ers, we perform the following operations:

Scores Regression The TES and PCS tokens are utilized
for regression purposes. The regression process involves
the extraction of specific states for TES and PCS from the
representation Fr:

hTES = Fr[:, :, p− 2], hPCS = Fr[:, :, p− 1], (9)

where p refers to the index for the TES and PCS tokens, en-
suring their separation from the text sequence. To perform
regression for TES and PCS scores, the extracted states un-
dergo a transformation through a series of linear operations:

Stes = W TES
2 · ReLU(W TES

1 · hTES + bTES
1 ) + bTES

2 ,

Spcs = W PCS
2 · ReLU(W PCS

1 · hPCS + bPCS
1 ) + bPCS

2 ,
(10)

where W TES
1 , W TES

2 , bTES
1 , bTES

2 and similar parameters for
PCS are learnable weights and biases in the regression net-
work.

Text Generation For text generation, the language model
head transforms the relevant portion of the features, exclud-
ing TES and PCS tokens. This is transformed via a linear
layer for the vocab distribution:

St = Wlm · Fr[:, :, p :] (11)

where Wlm is the weight matrix mapping the hidden repre-
sentations to the vocabulary size, enabling subsequent text
generation tasks.

Overall, this dual-path architecture combining score
regression and text generation facilitates robust learning
and contextual understanding within linguistic and scoring
tasks.

3.7. Optimization

In the optimization process, we focus on enhancing three
key aspects: sub-actions segmentation, score regression for
TES and PCS, and the generation of coherent textual out-
puts. This involves employing carefully defined loss func-
tions to create an integrated optimization framework as fol-
lows:

Ltotal = αLMSE
TES + βLMSE

PCS + λLBCE
segment + δLMSE

language (12)

Here, LMSE
TES and LMSE

PCS represent the Mean Squared Er-
ror losses associated with the regression of TES and PCS
scores, respectively. And LBCE

segment is the Binary Cross En-
tropy loss. Meanwhile, LCE

language denotes the Cross-Entropy
loss employed for accurate text generation. The α, β, γ and
δ are parameters that are designed to balance the different
parts of loss L. Notice that the following conditions should
be satisfied: α+ β + γ + δ = 1.
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Dataset Method Spearman Correlation (⇑) Mean Square Error (⇓)

TES PCS TES PCS

Fis-V

M-BERT [17] 0.68 0.82 27.73 12.38
MS-LSTM [35] 0.65 0.78 19.49 8.41

Skating-Mixer [33] 0.68 0.82 19.57 7.96
Semantic-Guide [10] 0.70 0.83 19.05 7.96

Action-Net [44] 0.81 0.70 - -
GDLT [34] 0.82 0.69 - -

LUSD-Net [15] 0.82 0.68 - -

Ours 0.84 0.85 16.32 7.82

FS1000

M-BERT [17] 0.79 0.75 131.28 15.28
MS-LSTM [35] 0.86 0.80 94.55 11.03

Skating-Mixer [33] 0.88 0.82 81.24 9.47
Sementic-Guide [10] 0.89 0.85 79.08 8.40

Ours 0.90 0.87 78.42 7.85

FineFS

TSA [36] 0.60 0.78 - -
MS-LSTM [35] 0.55 0.61 - -

GDLT [34] 0.64 0.79 - -
LUSD-Net [15] 0.73 0.84 - -

Ours 0.76 0.88 97.95 26.21

Table 1. Comparison with the state-of-the-art approaches on three datasets

4. Experiments and Results
4.1. Datasets

We use the benchmark Fis-V [35], FS1000[33], FineFS[15]
to evaluate our figure skate quality assessment model.

The fis-V dataset contains 500 videos about ladies’ sin-
gles short program with 149 players from more than 20
countries. The FS1000 dataset is larger, with 1604 videos
from elite competitions covering all figure skating program
types. Each video has about 5000 frames at a frame rate of
25 and is annotated with ground-truth scores. The FineFS
dataset encompasses a total of 1,167 figure skating exam-
ples: 729 are from short programs, each lasting around 2
minutes and 40 seconds, and 438 are from free skating, each
approximately 4 minutes in duration. Among these, there
are 570 samples from male athletes and 597 from female
athletes. All the videos are recorded at a frame rate of 25
frames per second. We divided these benchmarks into train-
ing and testing sets according to their original configuration.

Text Description Generate Due to the figure skating
dataset currently only containing numerical scores, we need
additional text-assisted description, therefore, we first sum-

marize the total score of the competitions, then we define a
few thresholds according to the quantile of the total score,
for each threshold interval we prepare a rich corpus contain-
ing descriptions of athletes’ competitive performance. Fi-
nally, we map the scores of each sample to the correspond-
ing interval to obtain its textual description label.

4.2. Implementation Details

We input 24 continuous frames at a rate of 24 frames per
second into an I3D model [3] that has been pre-trained on
the Kinetics-400 dataset [16] to extract RGB features. Ad-
ditionally, the audio features are extracted using VGGish
[13], which has been pre-trained on AudioSet [12], for ev-
ery 1 second to align with the RGB features. Furthermore,
the fusion decoder, as indicated in Eq. (5), integrates both
modalities and is configured with 32 transformer blocks to
enable comprehensive cross-modal representation and in-
teraction. The multi-modal decoder consists of 64 blocks
and our model is trained for 100 epochs with a batch size of
1 and a learning rate of 2e − 5 on a single NVIDIA A800
GPU. The Byte-Pair Encoding (BPE) tokenizer has a vo-
cabulary size of 49,413, with a token embedding dimension
of 1024. The prompt is universally set to ”How did the ath-
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lete perform in the show?”. The maximum token length is
constrained to 100, providing an equilibrium between com-
putational efficiency and the capacity to represent intricate
interactions. The weights within the loss function α, β, γ, δ
is set at 0.3, 0.3, 0.2, and 0.2, respectively.

4.3. Comparison with the SOTA methods

Tab. 1 presents a comparison of various methods for dif-
ferent datasets: Fis-V, FS1000, and FineFS. Each method
is evaluated based on two metrics: Spearman Correla-
tion (higher values indicate better performance) and Mean
Square Error (lower values are better) across two tasks,
TES and PCS. It is important to note that the Fis-V and
FS1000 datasets lack temporal annotations for each move-
ment. Therefore, we continue to train them without the seg-
ment loss function using the model that pre-trains on the
FineFS dataset.

Our method demonstrates superior performance across
all the evaluated datasets. Specifically, in the Fis-V dataset,
our approach outperforms existing methods with all evalu-
ation metrics, especially at the higher TES Spearman Cor-
relation. For the FS1000 dataset, our model again achieves
notable performance improvements. We obtain Spearman
Correlation values of 0.90 and 0.87 for TES and PCS, re-
spectively, along with Mean Square Errors of 78.42 and
7.85.

Lastly, on the FineFS dataset, our method maintains its
superior ranking, achieving a Spearman Correlation of 0.76
for TES and 0.88 for PCS, with Mean Square Errors of
97.95 and 26.21. The high correlation scores, particularly
for PCS, underscore our model’s capability to grasp the nu-
ances of scoring criteria more effectively than previous ap-
proaches.

The consistent performance across all datasets validates
the generalization and efficiency of our approach. Our
method’s ability to handle datasets without temporal anno-
tations, by leveraging pre-trained models on FineFS and re-
fining them without segment loss, underscores its adaptabil-
ity and comprehensive design. Furthermore, the use of ad-
vanced techniques such as audio-guided segmentation con-
tributes to robust performance, particularly in complex scor-
ing assessments where fine details and temporal dynamics
are crucial.

4.4. Ablation Study

In this section, we conduct ablation studies on the FineFS
dataset, which provides detailed temporal annotations for
each movement.

4.4.1 Ablation of Audio-guide segmentation strategy

In this part, we present the ablation study of the Audio-
guide segmentation strategy. We compare different meth-

Method SP MSE

TES PCS TES PCS

Audio only 0.65 0.69 101.32 29.82
Video only 0.71 0.74 99.85 28.98

Video-guide 0.72 0.84 98.52 27.89
Audio-guide 0.76 0.88 97.95 26.21

Table 2. Ablation of Audio-guide segmentation strategy

Method SP MSE

TES PCS TES PCS

causal attention 0.72 0.86 101.25 29.32
full attention 0.76 0.88 97.95 26.21

Table 3. Ablation of attention mask

ods including Video-guide, Audio only, Video only, and
Audio-guide. The performance is evaluated using two met-
rics: SP (Spearman Correlation) and MSE (Mean Squared
Error). SP is further evaluated using TES (Temporal Event
Segmentation) and PCS (Positional Context Segmentation).
The results are summarized in Tab. 2

The results indicate that the Audio-guide strategy out-
performs other methods across all metrics. Specifically, the
Audio-guide method achieves a TES of 0.76 and PCS of
0.88 in SP, and an MSE of 97.95 and 26.21 in TES and
PCS respectively. This demonstrates the effectiveness of
the Audio-guide approach in improving both spatial preci-
sion and reducing mean squared error compared to the other
strategies.

4.4.2 Ablation of attention mask in text generation

In this section, we present an ablation study focusing on
the impact of different attention mechanisms before text
tokens on the model’s performance. We specifically com-
pare causal attention and full attention. The results of this
comparison are summarized in Table 3. The results show
that the full attention mechanism consistently outperforms
causal attention in both SP and MSE across the evaluated
tokens. Overall, these findings suggest that the use of full
attention significantly enhances the model’s ability to scor-
ing through special tokens more effectively than causal at-
tention, emphasizing the importance of the chosen attention
mechanism in model performance.

4.4.3 Ablation of the matching degree between score
and textual description

This ablation study investigates how the matching quality
of textual descriptions affects the performance evaluation
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Method SP MSE

TES PCS TES PCS

w/o text 0.74 0.87 101.72 28.12
Misaligned 0.69 0.85 105.42 31.98

Aligned 0.76 0.88 97.95 26.21

Table 4. Ablation of matching degree between score and textual
description.

Loss SP MSE

Lseg Llan TES PCS TES PCS

✓ 0.74 0.86 98.12 26.84
✓ 0.72 0.85 98.56 28.24

✓ ✓ 0.76 0.88 97.95 26.21

Table 5. Ablation study: impact of loss

of models. We assess three configurations: (1) a model
without textual descriptions output, (2) scenarios where
textual descriptions are misaligned with the scores (e.g.,
poor-quality descriptions match high-scoring samples), and
(3) scenarios where textual descriptions are aligned with
the scores (e.g., good-quality descriptions match high-
scoring samples). The results presented in Table 4 pro-
vide the following insights: Without textual descriptions,
the model performs lower accuracy. When poor-quality de-
scriptions match high-scoring samples, SP scores and MSE
worsen, highlighting the risk of misalignment in descrip-
tive guidance. With high-quality matching descriptions,
SP and MSE scores improve significantly, showing that
well-aligned descriptions enhance both accuracy and coher-
ence. In summary, this study underscores the importance of
aligned textual descriptions for optimal model performance.

4.4.4 Ablation of loss function

In this ablation study, we evaluate the impact of differ-
ent components of the loss function on our model’s per-
formance. Specifically, we investigate the individual and
combined effects of segmentation loss (Lseg) and language
loss (Llan). Tab. 5 summarizes our findings. It is important
to note that this study is based on situations where both the
LTES and LPCS were applied.

From the results, it is evident that including the segmen-
tation loss (Lseg) alone achieves a TES of 0.74 and a PCS
of 0.86 under the SP criterion, and 98.12 and 26.84 un-
der the MSE criterion. On the other hand, using only the
language loss (Llan) results in a slight decrease in perfor-
mance with a TES of 0.72 and a PCS of 0.85 under SP, and
98.56 and 28.24 under MSE. Interestingly, the combination
of both loss functions (Lseg and Llan) yields the best perfor-

Method SP MSE

TES PCS TES PCS

Qwen2-VL [31] 0.70 0.75 239.5 230.14
MiniCPM-V2.6 [40] 0.75 0.80 190.77 191.53

InterVL2 [5] 0.80 0.86 103.77 99.12

Table 6. MLLM’s overall performance in scoring

mance across all metrics, with TES and PCS scores of 0.76
and 0.88 respectively under SP, and 97.95 and 26.21 under
MSE. This demonstrates the scoring benefits of integrating
movement segmentation and text generation components in
training the model.

4.5. How Does the General MLLM Perform in Fig-
ure Skating Scoring

We can evaluate the scoring ability in the general Multi-
modal large language model by generating additional text-
type score reports. Specifically, we select some lead-
ing open-source MLLM as our evaluation object from the
leader box on OpenCompass[8], which include Qwen2-
VL[31], InternVL2[5], MiniCPM-V2.6[40]. We construct
the fine-tuned dataset from the video and the text we gen-
erated, and then we use the swift toolkit [45] to supervise
fine-tuning the Multi-modal Large Language Model above.
Our fine-tuning method of choice is Lora [14] with the rank
set to 8 and alpha to 16. We conduct training for 10 epochs
with a batch size of 12. The results in Tab. 6 indicate that
the general multi-modal large model struggles with scoring
due to a lack of adequate datasets in its original pre-training.
After fine-tuning, we observed that InterVL2 demonstrated
the strongest scoring ability among the models tested. How-
ever, it still performed below our method. This suggests that
it requires a comprehensive dataset and a more extensive
training scale to improve its evaluation capabilities.

5. Conclusion
In conclusion, our study introduces a novel, multi-modal
approach to the quantitative evaluation of figure skating per-
formance. By aligning the ”hit the beat” phenomenon with
visual sub-movement analysis, our model provides a com-
prehensive framework for accurately assessing TES and
PCS scores, while generating insightful text-based com-
mentary that enriches traditional evaluation practices. Our
results highlight the model’s superior performance, demon-
strating both state-of-the-art (SOTA) scoring accuracy and
strong generalization capabilities across various figure skat-
ing scenarios. This advancement not only represents a step
forward in multi-modal fusion for figure skating assessment
but also sets a foundation for future work in enhancing the
transparency and artistic appreciation of competitive evalu-
ations.
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