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Efficient Figure Skating Data Analysis
using Multi-Task Graph Attention Networks

Dain Lee - Suhyeon Kim
Graduate School of Data Science, Kyungpook National University

Figure skating scoring relies on human judgment, leading to subjectivity and bias, highlighting the need for an
objective scoring system. In this study, we propose a multi-task graph attention network to simultaneously
classify figure skating movements into four tasks: major action category, sub-action category, skill success/
failure, and skater skill level. We constructed a heterogeneous directed skeleton graph which consist of joint
nodes with (x, y) coordinates and two types of edges, bidirectional spatial edges between each joints and
unidirectional temporal edges to represent the temporal flow of the same joint. Using only lower-body data, our
model achieved the best cross-entropy loss, accuracy, and efficiency in terms of time complexity, data
utilization, and task performance. In future work, we aim to extend the model for real-time evaluation in a
real-world competition environment.

Keywords: Figure Skating, Skeleton-based Action Recognition, Graph Attention Networks, Multi-Task
Learning, Motion Classification

LA & TAAE Asshe AR B Bz N2 2 2¥ 2 4
o A A 3}Fof 9lTth(Feng, 2023; Mataruna-Dos-Santos et al.,
2E 2 A2 mEA Wstshe dolg $A @AM MZR 2020
7NEH PHES ATHOR BRI AT AFA 2F2 B AP ME oHH 7 B0l TR B FHY 2%
2o % W WAL Y Aol AZHE A DS 2580z 54 2AolHd] A S DRYT, A 27 0]8
U 32 M50 5718 dolel, A AE, 412 57 54 409 A4 £5 %14 048 2222 99 9l
T UET HOlEE THFEN BT AFANLAA A A9, Fof, 2= dAIL /€T &S ARolE FEo|h
ARl oaArd ol 7hs Al Yt A EA S HE O B o] ¥ (International Olympic Committee, 2025). & 80 2= of 7}
AE 222 379 4, g B, 85 43 AA, 28 AZ, @A A2, o], 281 ofo]~ dAo] Ytk 28T T
SEZ Ade] ARl 29 HAge] ToY gL st 4 :;g ¥ 0] | of uJ_L, A 2A Y A AFE 7% A
gon, Holg B4 T4ate] B OFE Fol1 A7) 2o} e o] Fo A dol A, A7 23 5 A5 93 7

The work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. RS-2023-00242528,
No. RS-2023-00245529) and by the MSIT(Ministry of Science and ICT), Korea, under the ITRC(Information Technology Research Center) support program
(IITP-2025-RS-2024-00437756) supervised by the IITP(Institute for Information & Communications Technology Planning & Evaluation).

T AZAA : 2FE L, 41566, I TFFAA BT I3 80 A B sta dlo Bl Aol A 2t 8H, Tel @ 053-950-6523, E-mail : suhyeonkim@knu.ac.kr
20251 24 109 A< 2025 8¢ 209 AR A 20259 94 19 AA FA.


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2025.51.5.363&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

364 ojcql -

HEANE oz dednt7le e 8 HayZ2 d
2obst 1) B0 AESE 2 THE ado) Bk,
dedrd sy 5829 A3 g do] Brhgkt o] & AL
Fo] 71eS et A 0 2 AAY Y] F32 ek w
A A /7t AT 4 9 th(Tanaka et al., 2023; Lee
18 A& S53k o Agstn dad A
=4 ﬂéﬂ%‘-r »l% ZEIae] FeAo] A7
gt ol g 7|9k £4 A7} EdstA
HE R %
2 o] /\LLE]L l‘jr ai (2
A

e L R
F7Me B4

te mdg

oft

of 9 A 2A 0" HZ FAE F2 Ak
T T3 Xueral.(2019)S H Y

2A 0" A7 ATE A=
3t o] & B3l 7] &9 T
U] ;H S| }\])\E'ﬂ/] 7h=A
S nte 7|dl 24 7]
s o Z QA sk Hhe
w2t 92, 28, A4 g4 5 AF 8
S 7Hs A o] Atk Al E 7T o] & 3H7é?5‘}7] -‘Hﬁﬂ,%
T e Ao A4 B4 dolHE 8¢ 248 E 7|5
2} Q1 2] (Skeleton-Based Action Recognition) 7] & 2] &&-& 2

o fz to 4
o

to
=
S

OL mﬂ!
oo
QL
2
&
N

L
FEERICE
}%qﬂa‘ﬂ%

frtt
S
oh

Ir

] 3

_1>4 lo
o 2
1= o>
ol >
Sz

o
b > 0
o W opm

=3

n:i
‘D‘ o H.IIO
2 gk
oo
21‘4

2014; Ofli ef al, 2014),
(Recurrent Neural Networks) (LanZhang et al., 2017, Du et al.,
2015) 2 34 F 4174 (Convolutional Neural Networks) (Li et
al., 2017; Kim and Reiter, 2017)& 7]t 2 27 E ¢ o] €
S WE Ald 2y AL o] A Z Fx8}aete] £A4 8k 4 o]
SYEAT T ol @ WS 2AY ES DY F 2
AR mdgsy)oe £E5¢ Aol *“ZH?\H—’ o 7HH
o A7 EAY. H 2ol 1= F2E F&ste 19
X /1737 (Graph Neural Networks, GNN)©o| Z-33rk31 9l o1,
HHH gn| 24 #AE U & £3sto 7|E WHERT &
T3 A5S Bolal YIth(Yan et al., 2018; Myung et al., 2024).
e o5 9A 2A 0" & EiH 2&3517] A
T8 -‘erﬂﬂ A, &“ﬂi 5;‘—} L 7]’\ s

l"

}
el ™o
=
_°,

sk
e
ig
rO(' F[F
b
o
o,
o
iy "
&
4 [‘Hﬂ
(SN
=
o
do !
-1 ©
N
S M
S
g o
ko M
4 o g

ox b0 o= T

ﬁrzrﬁ
VO
v
=
&E
44
B
|t
fol
C
Y
O
H‘U
o
o
-
e A
>.2
F

Mo u@ (K |

AN Z, AA XA BA%
9 749 H40] sle &%dﬂ%%%ﬂﬂﬂﬁ%%ﬁ

&H-8-ghth(Kwon and Lee, 2015; Koga et al., 2025; Li and Cao,
2024). ERAZ, 9E g3 KV\ W2 (Multi-task Learning,

r rLu
0 H‘

mlru

=)

-z

et 3o

MTL)E E9ath & d7o|4E 57 2A01d 749 o
ROl 28R, 7129 43 %, AR SUE F )
232 $A0) BRHTA BT o F 479 4T Had

8t 29 (Single Task Learning, STL)Z 8h¢53l= Zlo] opd
e mds o B 235 T S5 5 A= HE
23 Sh W HES B AT A= Al-Hub SR E2
YA A8 & dolHE Z&staom, Aletstes A
= AZFs7] el AA AA 2AYE 2z} kAl ~
HE 2z o 45 9 A4S st

23 853 P A g5 Hlaste AP S 713
AELE vt o5 Fa3f sty A&7 9
o] A & 22099 7]‘{}% StE sk gt

¢

-L r

[ 28 o> |

rlr
mlo i3

] 5] 3
o
s

ol
fr E

o

N S L =5

il

£l
I o

]_

ofr
&

[N}
r*
o,
re
-
ok
ok

4
R
|
o>
o,
ol

qAE 2AHE T = volH T2 WAHS 9
0}7] _Ag—ﬂ ZEHE H]O]E1§ A]zﬂ og 6]—./_\.@;}
A8 a1 = N (Kipf and Welling, 2017;
Scarselli et al., 2008)= A<+ WHES F2 backbone ZEZ
ggataz drt. 53], o g 1= A B FollA 1
Z ol Y E Y A (Graph Attention Network, GAT) (Velicko-
vi¢ et al., 2018)E 283}, GAT= vanilla GNN E@ o] #}7]
9] W] A Y Z(self-attention mechanism) (Vaswani et al., 2017)
< AEFOEN, o] =EY ARE JAL | Fof AF
(attention coefficient)E &3} 7 o] % lr_‘:«] TLEE WIS
FAF A2E APk GAT FAF dolole =E9 %
A b= {hl,hz,...,hN},hiERF% dHo= ol p
(R Ry, ...hy )}, B/ ERTE FHOZ YA} on, NE
SEO & FE L 2B EA Foln, e JAH R £
O 3& 7Ht & & Adtste e o 2

gﬂ

Yo, FU[O F['E
AU

S (D<A

>



HE B 23 IHZ ojhlA )

Efas

exp(LeakyReLU(aT[VWIM Wh]]))
;=

w Z exp(LeakyReLU(aT[VWziH Wh,)))
KEN,

a ERY¥E 71Ex WEo|n, 7= AX, & concatenation
A4S 9wdttt GATI A= ReLU €43} Bk
LeakyReLU & 843} 342 &850, 3 o of
& 712715 022 AU GATAA o, T Addts 72
+ <Figure 1>9] £24]3}5 o] e 9l

k13
o
o

o M
o [

=
T
2~ 0)
T

}

ol

softmaxj

Wh;
Figure 1. Flowchart of Computing Attention Coefficient c;; in GAT
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Figure 2. Two Approaches of MTL in Deep Learning
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Table 1. Definition of Skeleton Graph Components

Components Mathematical Expression

Graph(G) G= (V. Egppir &

Tempm‘al)

V={j | j€Lt=1,.., T}
Nodes( V) where J is the set of joints and 7°€[200,300] means the number of frames. The feature of
g, is (xj‘,yj‘), where (xj‘,yj/) means the location of the joint j,.

Eoriar = {(upv,) | (wv)ESE=1,..., T}

Spatial Edges(Zg,,,;. . . . ..
P 8S(Fguiar where S is the set of physical connections between joints.

Temporal Edges( TFrnpmal) ETempnral: {(jt7-jf,+1) ‘ ]E‘]’t: 1’ T T_l}

Table 2. Descriptions for Set of Joints and Their Physical Connections for G,,,,., and G,,. Jis Set of Joints and S'is set of Physical

Connections between Joints

J S

(‘Hip’, ‘LHip’), (‘Hip’, ‘RHip’), (‘LHip’, ‘LKnee’), (‘LKnee’, ‘LAnkle’),
(‘LAnkle’, ‘LHeel’), (‘LHeel’, ‘LSmallToe’), (‘LHeel’, ‘LBigToe’),
(‘RHip’, ‘RKnee’), (‘RKnee’, ‘RAnkle’), (‘RAnkle’, ‘RHeel’),
(‘RHeel’, ‘RSmallToe’), (‘RHeel’, ‘RBigToe’)

‘Hip’, ‘RHip’, ‘LHip’, ‘LKnee’, ‘LAnkle’,
Grower | ‘LHeel’, ‘LBigToe’, ‘LSmallToe’, ‘RKnee’,
‘RAnkle’, ‘RHeel’, ‘RBigToe’, ‘RSmallToe’

(‘Head’, ‘Neck’), (‘Neck’, ‘LShoulder’), (‘Neck’, ‘RShoulder’),

‘Head’, ‘Neck’, ‘LShoulder’, ‘LElbow’, (‘LShoulder’, ‘LElbow’), (‘LElbow’, ‘LWrist’), (‘RShoulder’, ‘RElbow’),
‘LWrist’, ‘RShoulder’, ‘RElbow’, ‘RWrist’, (‘RElbow’, ‘RWrist’), (‘Neck’, ‘Hip’), (‘Hip’, ‘LHip’), (‘Hip’, ‘RHip’),
G, | ‘Hip’, ‘RHip’, ‘LHip’, ‘LKnee’, ‘LAnkle’, (‘LHip’, ‘LKnee’), (‘LKnee’, ‘LAnkle’), (‘LAnkle’, ‘LHeel’),
‘LHeel’, ‘LBigToe’,’LSmallToe’, ‘RKnee’, (‘LHeel’, ‘LSmallToe’), (‘LHeel’, ‘LBigToe’), (‘RHip’, ‘RKnee’),
‘RAnkle’, ‘RHeel’, ‘RBigToe’, ‘RSmallToe’ (‘RKnee’, ‘RAnkle’), (‘RAnkle’, ‘RHeel’), (‘RHeel’, ‘RSmallToe’),

(‘RHeel’, ‘RBigToe’)




368

Table 3. Comparison for Data Characteristics between G, and G,

(@) Gy

Figure 4. Examples of skeleton graph structures for G,; and G,,,..,
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Single frame -
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# of Nodes 21t 13¢ 61.9
t frames # of Spatial Edges 20¢ 12¢ 60.0
# of Temporal Edges 21(t—1) 13(t—1) 61.9
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Table 4. Output Size of FC Layer Block for Each Task
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Loss Total — Lossﬂﬁum + LOSS&L?)+ LOSSSU,U(ESS + LOSSLE’UE]
4, AR 2USH| 45 WLE Ao A ol 2

(1) o] 2~2}Ql =9 1: Graph Convolutional Networks (GCN)
(Kipf and Welling, 2017)

(2) Wlo] 22Ql B 2: Graph Sample and Aggregate
(GraphSAGE) (Hamilton et al., 2017)

2 A39A4E FC blocke EF %%‘o}ﬂl 17g8HaL, GAT
block 9] GAT layerSHe Zt2F GCN layer 2 GraphSAGE lay-
erZ WA 45E H7bstAh 53] GraphSAGEY ag-
gregation 2] spatial block¥ temporal bock & o 4]

Suhyeon Kim

g9 EF 4% H371E Ad) A= (Accuracy), Fl-score, Area
Under Curve (AUC)E 8 4% AXE AAsta, 35 43
NHe &4 AXR F&ste] 432 s F7H 2
2 B A7oAM AHEE GATY & *é% g7kst7] Sfsto], &
2o A GAT HEFAH HololE G M GraphSAGE 7
E24 491492 dAS 2249 9 A9 AHAR
npA g0 2 case studyE B3l shEHAL H °] EiS 283t
o] AA HolElE AHgslE ART E8F UYL AAH o R

Ao,

() s EF IS5 AT %
ofef <Figure 6> 7% HloJ¥ Mol A9 epoch'd, Bj ==
loss B #-& Hl w3 1 Lo

o

rlo

et AE ASSEE AT B AT T Intel(R) <Figure 6> AHHH, ’S}HJ/L HE] Zdo](wztAo] 7}

Xeon(R) Gold 6444Y Processor, NVIDIA RTX A6000 48GB, ¢T3 45< Bt 85 27 Ml% BEE Edo] fA% =

Python 3.10.14, CUDA version 12.4, PyTorch 2.4.0, torch-geo- < loss #kol A1 A1 &35 ™, epoch7} X ol whe} 1 A}o]

metric 2.5.3 S ol| A 3= A Th. g B3t otukil HE 2Y ﬂ%@ﬂi 7Hg B loss gkl

FHSAT B, AA HE (2542 YA R 2

5.2 418 Az lossE FASA L, kAl Ae Bt F1 39
N5 g By,

2 d7E 9A 2A 0" HolHE 7|Wo R sighal HE o] A= skl dlolH TS AHEE HE B2 SEE
zdo] EF, 287, 7€ A o8 AdRe it Fol AA AA dolHE ALsAU AE H2A a5 A
EYMA H23E 802 ERS £ QLS AFE 9 &5t EEET o 2872 S5o] 7hede AART &
& shitdl W] md g sk Ag wd 9 A4 de 2ds 3 skl FAY HE Baa AW A sEg g
HlwE gt B3, 2 A7 mdo] A5S oed g4 & 2 HF loss f2 AT Aol AA 208 & L4
oAt Hrhete Zlo] oy}, ZE A8 AZhe Hlw 24 EFHA IS BolE
ato] ahibAl wt ez el FE Blad 5o E8AE ¢ <Table 5>& H|2E o€ Alo|Me AA Lt Jg=&
Zotazl sttt ol 8 58 skl = e Zel FE Bl o83 HE B2 S, s k& Eﬂﬁi o] &3 HH
3959 FEAE AR 45t At ojuf, = B23 S, sl k& IEHE% oj &g Ae B2 g5

—— Lower Multi
* —— Lower Single
— All Multi

0 250 500 750
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Figure 6. Comparison of Averaged Validation Loss Across Four Tasks. It Compares Three Experimental Setups: (1) MTL for G,,,,...

(red), (2) STL for G,,,,., (green), and MTL for G, (blue)
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Table 5. Performance Comparison of Our Model Across Different Training Setups (MTL vs. STL)

Experiment Label Loss Accuracy (%) Fl-score (%) AUC (%)
Major 0.1320 95.08 94.89 99.44
Sub 1.0906 56.78 59.05 95.88
MTL for G,
. Success 0.5991 65.07 64.17 72.03
Level 1.0563 42.55 32.20 59.78
Major 0.2694 90.22 89.70 97.77
Sub 1.2665 49.63 51.02 94.33
GAT STL for G,.,
) Success 0.6662 59.00 53.86 59.41
Level 1.0838 38.50 18.53 50.00
Major 0.1833 92.92 92.88 98.98
Sub 1.2182 52.33 53.56 94.61
MTL for G,
Success 0.6125 64.80 64.70 70.78
Level 1.0715 39.92 30.31 57.52

Notes: Loss values are reported to five decimal places, and all other numerical values are rounded to three decimal places.

M sl F2 BRI Y losst AFEE Hlwd Aol Ao]E ZAsHA Wtou, 1 9 BE 294 M ¢
B2 cross entropy lossE 7| F 0.2 A8 R oM, HE B2~ 3 ATS AT 58] AUC AFE e BE H2AdA 714
3 859 Aol tEFY cross entropy lossE 7122 A =2 A5S YT wekA, shakal HE] 2lo] Joss, FF T,
Attt Fl-score, AUCS] BE P oA AxEA 0 & 93 A2 Al
shital WY REe shibdl A2 mdit A4 HE 2l FES ASEATh
Hlgke] BE g0 ti g B 42 oF 0.1020, F 0.0519 T 2 AFA = Abete ZdoA GATY 842 AF3t
FL loss oo BoFnh B3 ohikAl HE B & 7] sk FIHA 02 MTL for G, o AENA S GCNF
2SR Hug s v ASE AN Hold 45 BT GraphSAGE B23} vl wE &7 334t} <Table 6> 1
Stekal g Ede Hlate] thEFol A 4.86%p, iv‘%% oA Ao},
7.15%p, 71€2] AE A 6.07%p, AAAE] SdEAA EE B XIEMW GAT 2¥o| 7} $3 452 e
405%p O = A= Bk A 28 23 Hue LHOiE} E3 7 "g239M GATE GCN ojul <
= & FollAe 2.16%p, AT FAAE 445%p, 71€1 B 14.03%p, GraphSAGE rﬂﬂl oF 24.14%p =& A&, GCN
¥ O%OML 027%p, A9 sHZof A= 263%p O % H] 9 16.22%p, GraphSAGE thH] F 25.69%p & Fl-score,
S AYEE 715890 HEol, FI-Score®] AF 71€9 A GON thH] <F 6.92%p, GraphSAGE th¥] 2F 12.93%p & AUC
T o5 EH*EMW T AA HE 2l(64.70%) % °F 053%p & @A M E A5 Aol & KT 1 ¢ BE g aa Y
Table 6. Performance Comparison among GAT-, GCN-, and GraphSAGE-based MTL Models
Experiment Label Loss Accuracy (%) F1-Score (%) AUC (%)
Major 0.1320 95.08 94.89 99.44
Sub 1.0906 56.78 59.05 95.88
GAT
Success 0.5991 65.07 64.17 72.03
Level 1.0563 42.55 32.20 59.78
Major 0.4740 81.05 78.67 92.52
Sub 1.7914 34.86 29.02 86.59
GCN
Success 0.6675 58.93 54.48 60.82
Level 1.0740 41.00 31.26 56.33
Major 0.6750 70.94 69.20 86.51
Sub 2.0253 31.02 2487 81.73
GraphSAGE
Success 0.6559 61.56 57.80 62.91
Level 1.0738 42.08 31.43 55.82

Notes: Loss values are reported to five decimal places, and all other numerical values are rounded to three decimal places.
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ZE ARZY U8 GAT/F M S8 AsS ¢ oy,
loss ZHAAE GATZ} B E Bl 2T A 7MW s 715

stol mdol Y S YZ AL,

ox
oft
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il

o

Q) AT B E &4

B AT A stetAl HE 2ol AL &40 ¥ &0
T A S Hell, 4 AP B ZE A9 A
H| 23} T}, o] <Table 7> 7] 41 =] 9]

TYg HE B3 S5 B4 siukal HE BEE A
&3 A5, AA gy 2d gy = *&m AIZEE 63.71%,
Pytorch Geometric 0.2 H$HaH= A 72 58.45%, Bd T¢ A

015}‘{1 B -

A5

7He 61.99%, Bl AE "o gt &
Oﬂ :Lﬁ‘:]' I’E?}, ]—1‘3_]_-/\] }B]:é_L mg e 7_1L

< FddjoFstnz AA A Aol 92,6132 ZAHH U
]

T, shukl e BE 2 479 B 2E g FHst A
# N7bol 2423622 TEHUCH, o= shil e 2Y
tiul of 3.820) o E&Z ot AAof M= HlolE ol thet
FE AGE st HE 2do) sutal g RdEG of
4200 B E&A oIt &, skl WE P2 A &k A o]
AN AHE SEAAE - EE8AYE AT thetA,
ikl et a2 E Fgohs A BE B o 2
& Adehs A2 A ERE SHCA o &Rl AT

Table 7. Comparison of Execution Times Across Different Training Settings (G, vS. G per)

Task G Ciower
MTL MTL STL
Graph Generalization 1353 862
Converting Graph to Pytorch Geometric 1136 664
Model Training 39095 24236 92613
Inference 0.73 0.45 1.90
Task Ratio (L/A) (%) Ratio (M/S) (%)
Graph Generalization 63.71 -
Converting Graph to Pytorch Geometric 58.45 -
Model Training 61.99 26.17
Inference 61.64 23.68

Notes: All values are reported in seconds. Ratio (L/A) =

X

-
}
/

(c) G, of Ist case

of Ist case

a4

ower

7

(Lower Multi = All Multi) * 100 (%), Ratio (M/S) = (Lower Multi +

Lower Single) * 100 (%).

i

of 2nd case

luu(l

ﬁHﬂ

.

(d) G,; of 2nd case

Figure 7. Comparative Visualization of G,,,,, and G, Graph Representations in Step-crossover Success (beginner) Cases
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1) otebal HE BE S A S W, 47 235 B oF 3828 BE AT AA, 78 Asolth At skl
AEstA /T Ao~ HE] R 47k BE 20l o) A A HE 2o H3]

2) &5 © Step, &85 ¢ Crossover, 7|€9 A& oF . HF 2k 331%p, 3HHHAl A= 2o vl8] Ht <F 6.96%p 5

Success, Al S E : Beginner2 Y HolES 7t FH ALEE BT of= s =& O 27} 54 24

A Aol o8 ¥4 #HH T AERE L 2Tt 9o
ANZYabE 20 frame B9 2 A E3 8L, Temporal Edges Al B2 7F 58 AAA S 5] 3f TS Sh&ats 2E )
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F Aol 2o A shikal 52 J |l (<Figure 7> (c), (d))°] +  F3
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