J Intell Inform Syst 2026 June: 32(2): 273~287

ISSN 2288-4866(Print)
ISSN 2288-4882(Online)
https://www.jiisonline.org

http://dx.doi.org/10.13088/jiis.2026.32.2.273

TRMNet: ARFSIE 718t HE|RE HERIS SFst AEXL

A

e

HILIA S| 82| 12t XS =

HI=
FASU} 2Ed

(younghun@boundone,co)

55t
AMcHet e QIS IS8RHE
(hychoe@yonsei.ac,kr)

£ ATe AR A3 29 vE By A7) GelA
TRMNet(Tennis Rally Multimodal Network)S #| QF3-T}, A2} g G4

B FUE AF FEIE W RY WEY
XN [}
e

AA Z o] F3Eo] A 9] o 50%0 s,

] AAle= <dE Y 2P T Fl1 9F0.880] X+ E354-& 2=t} o] of] TRMNet-2 74 & H]T] 2 ¥l causal MoViNet
A0l BiILSTM-Temporal Self-Attention A7} 3| =9} 2 T] Q Late Fusion B X & A3t Az A2t A RE 535l Soft

Label Ramp Mask-Focal-BCE 2§} <=4 -Modality Dropout- 2-5-

k5 E-S #8313, Clean-to-Noisy 3T A &4 HdS

Bz Ao 3 ggato] AR o] dlo|H oA o] 31T 4 7 YulslE S H gk Ablation A E & 53l Al =9
71997} AP_smooth 71 0.1556 0.2 7} IA YRGS &89t A4 758 B2 737] 94 118 (F 43.6/7H)S

Odo2 g AP A Test F1 0.8422, AP_smooth 0.9315

£ 2Astg o, A 2(PerfectSwing, HH-=-E¢)ol| ] £3}o]

HlEglo] 73F °F 50% AHE Al A o] A9 28 7Hs A< grelstith

FAO]: U2 G4 84, P A 2E|ol 4, BE w8

=gy 120269 48 27Y

E1Q3 © Fast track BTN S IN S =15
1. ME

AR A B HlU2 A7) FdelA
A ZHlo] TR AAY o 50%°l E3sith 1
U G4 Ql2)(Wu et al., 2022)3 oJHIE A=
(Zhao et al., 2025) A7=2 WY d5H IE 9
e A, UmA] ARkl vlEd o] 711 A
E AWOE TR Feth ARJIALH, AB
H, & 57| 5°] AAsh= o] ARks s2jlow
AASAE 243 7] FellA 1A3Ee] F7} 2}
Yol E7Isih

[0

AN

%, 718189 =4, TRMNet

=Y 2026 68 1Y

AR - 20264 69 2

] 7 A FE22 O 484 7EEE A
At} AR A1 737] Gl A vide] 3t
< A5 AASHA tolgtol E FUds A At
stAW, 771 B4 =7 A dYo R &8st
Mol Ve B4 58S =Y 4 ok

A 2 A7t et AP 9% S
FO R Sh= olfi= 71E A8 £7A4] W 3
Al wZolt). thEH -8 AR]2~%] SwingVision
£ 20261d 5¢ 7]% Apple Core ML 7148 &8
gk 2rnto] 2 325 AEste] iPhone 5 578 71
Z1ol ARt 2k, 1080p / 60fps ©)/d2] sl

273



ox
08

Fo

b
of
2

J
U

(a) 2 B4 EFUSD
Rally segment {nawvy) Mon-rally (gray)
0 10 20 30 40 50 60 70 80 87
Minutes
B Rally 44 min (50.3%) Non-rally 43 min (49.7%)
(b) BA Tt =l ep2 2] 7FE T Aol
Annotator A Annotator B
Y Y
i i
Non-rally : Ambiguous zone ! Rally
:d 0.8 sec gap L:
5 4 3 2 - 0 i1 2 '3 4 5
Time (seconds)
(O 1) ARBKHEF HILA F7| Sa9 #a| 717 2x2(a)2t 84 2S5 H(b)

= axYJE FFE 873 ol s A (Cohen’s Kappa » =~ 0.83)°] I3 °oH, o]= 74
H e = FAste] ket 717] el o83t Al o] IZF ARTMAAIE RIAEE A Y=
W ST DI E Gl ek R vlgo]  FFH o mefFch o] $X A Al melo]
iate] ot AN AREA tid Aulzst @ sdeloR @ Rk 7o g J)sdth <9 1>
AHoz ofyek webd AIE PB- AN & Al AR BY 9 179 Be) T LX)
BRI S A% mde] Wayo] I, o FY Al e F paee] Beio] ojke
B A= 224x224 Ao] AT YA & ZAA R3A(b)S HoFEt)

Zbeh= HE| Y W EQ S TRMNetS A|¢kste]
olg|dt AAUE 3| Astaa}t gt

o] WHE offA = AL E7F TA o]
A 2549 Aot HlU2 Belo] A&} &
2= _,_7}X4_QE 74;(45];(] OJ-OD:] /Hl:l zlﬂ] 5—11-

SE AA g7, v B $ A
7HA] Bogk [ o] EAF o] RedS
AeFsslr] 9o & Aol e g epdy 29l
o] 5Y W FYHoE YTz on] 24
< ST 1 A 2y & Fio] ¢F 0.88

ol A

274

Bl G E4 53t AY A5, I
TrackNet(Huang et al., 2019)Z} TTNet(Voeikov et
al., 2020)2 & 7He} == BE s 14
B2 BFE AAZ A glof B I3}
ZAZE oln] A2l e e oE PPtk
&8 ElUZ 9 A Al A AT 1A
2P e A= A o 7t ESH
A = Hago] R Ink ARRA Y
gollMe] 2e-& FAHoE AT HE o]
£ A7 AL R ofEsi, BHAS- A



TRMNet: ARRFSI= 718 HEIRE HE

A2 BRF SR BY HUA Pyl 2| Tt

= 2oL

I‘o ZISE

() RALLY (0.97)

(b) NON-RALLY (0.19)

[ -

(& 2) causal MoV|Net AO Block 42| Grad—CAM EtAMS} A|Zta) (a) 22| 2ZH0A 213 2210t EfA
=7t EE 2dsl (b) HIZ2| 7ZH0A ZE stete 2 ghdst Z4t

2. 9F NS S Do) A AT HZ BAE AR B Al O ANSkE 8 ol A

5ol S33HAl =Tk TrackNet Al9e] & 54 gfo] I g8}t o]+ Noisy datas _LE%‘O‘}Z] e

ZIRE A2 7het g3 Ay skdS 73siA s Aol dntsle] FxH o= ETdhs gRl

Axstag, 53 2 - 93] Erpg 4
ARG SOl F4 H3fE o7t ole ZHkE
g B QF= HMoldnth o|HT Al AR &
9]%91 SHA= AR} 2 3704 Wa) A
= oA vem, Qe 22 Bk Azt
AME TEE 284S AV)gth
o] Bj2=3E Heldor HId uf F WA Al
7F vehdth AR 29 92 T =Hd W
M= HF FHo] o|dH o=z Fx3tt ATl
TA-AH :rL_,__,] ) czl)\l(o]
72t E5 - ] 5. go] T AF
A G7(°I3} Noisy data)o] EAJshH, £ A+ o
oJEJAl 118 % Noisy dataZ} oF 55%=S X}A|3HC)
A2 EY ElU 2 GOl tigk s 371 dlo]
o] A5 ebo} ATFE AA| T3 wlolE 2

Sro] BrhIE 2A0IA, G4 Fdo] o]dH

AA Fo

T EAERE B AT A4 A AV ==
"ok A7 B4 12 AREAL 89 9] oA 3}
2 203 R53 A FRIeNA, AARS S olA

FHo| BT e QU AT E AT AR
2} Late Fusion(Baltrusaitis et al., 2019)°.2 A3}
sk Zlo] "y A Wl FEeE HH o V)
A7l AT BA| 20 &7 oA TolE]oA,
Clean data 94 o= AR Es5sh= AlEH
Azko] T A vlolE Shy tinl ks A5
BEAFA| 7)1 =719

B AT o] T AT Bl tlgsl] PEEg
UIE9 S TRMNet(Tennis Rally Multimodal
Network)= A|QHzct 7= Al 7F|olth A1,
& FHol| ofE=3A] Y G- 2rj 9] AR
s Ay skEshe, ARA 29 rjEy 84

My

275



ox
08

Fo

P

Jon
(11}

53} HE| g Al HlH o] Y ES S TRMNet
AbSHATE B4, AR o)A Hlo]E A9
TRIFY F8A LRiskE 23 v 714 Sk A
i Bx AZEY S5s AASIATE vl 714
S5 Ak 2 A F=8 A E(Soft Label
Ramp Mask), Sel2 B3 - AA &5 54 th

g5 7N, AREE VA BE
SFEE TAEM, Bx A
o|% AFE &gah= 30 A
ghgoltt A, AR 9 EHlU 2 A7)
8H(F 43.6A7H < 3] - a3t AHA|
dlo|HAlS &3, QIZE 71EA(F1 2F 0.88) T
H] F1 0.8422F 27931 A-53}e] 284 IAE
AF3tom, AP 2(PerfectSwing, HR-=¢)
o vjaEste] BlZ# o] 3 oF 50% As AAC
A8 AL 7S FIskh

B =09 AL Tt At 24l e B
ATE A g} 3740 4= TRMNeto] T7+x¢} 8t
5 AFS 7]1E% aolME dolgAg A
ANE EAg sFeM e AR I AT
S AAFTE

a9

_fou

%

H

O

:

Gl
h=%
o

Tz
fof
Wu et al.(2022)& ~¥= o
Bl 2. 3-8 ol A

R8s

o|E °

276

™, Zhao et al.(2025) ?12] - ]3] - oJAPAA ] A
WA BN 2xE= G AT FFE AN
Aot T Aol s TEH R tiREe] A7 &
< 29 999 ERU S 94 7 oHE A
= AFH A== AT

B A7 e 2y 1 A FE(H |
o|d) ol2fgt 71& FA|e}t THEHET. A & &
ol 71 wEy G dAlel A zZHd g =
e HEE o3 BFstaL, AR BAE
w3 A o sl= AAE AlRiE ol
(Temporal Action Segmentation) (Farha & Gall,
2019) wA°)7] wZFo|tt webA F-2 S9 &9
o] A4 Q4 molu} goFy sfolgtolE A
25 iz A8l ofHo

[e)
=

2.2 HL|A -2 A A

A3} oHE
Huang et al.(2019)©] A|QFgF TrackNet2 1145 4
3 AR HU239 AFs el 7|§e g F
Aslr] g 722, o|F viER" T fAF 2
¥z P A ATE FHEUNSFEA 9,
2022). o]k HE Foluk Ae] 91A]- A% 3
BERE d) JEE o E 8T 7 Aot

= A%o] Ik

STk AHEAE A4 BT B2
g 20lEE 2UEE BESTRE G
| iz 89, gl 2o 2912 T, of
F 30| AF Ak, 37 Ao 2z
o WY ORE FolHu, A AR B
el Qutslel @7k ek

o

=
o] 2

1w o



TRMNet: ARRHSI= 718F HE|RS HEJIS 2o AIBAL 2 HUA Fd9| 22| NS F=

QD IR ol &9 - W 2E WAslEE,
a9 Hoe ¥ Aol YUY el JnjE ofxls
71 ot =9

2.3 H|C| HiEn} AAE 2R
=l < 2§ 9GRE AHEs] feiAe &
£4<] Bt Wio] FQsith Kondratyuk et
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3.1 A =
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Audio branch

Input video clip
[B, 96,224, 224, 3]

Input mel-spectrogram
(B, 200, 64] (16 kHz, 80-7600 Hz)

l

l

MoViNet-AO backbone (causal)
Kinetics-600 pretraining; block4 fine-tuned
Time-preserving endpoint selection

l [B, 96, H, W, 429]

‘ Spatial Global Avg Pooling |
l B, 96, 429]

Dense(128) + LayerNorm + GELU

(residual save point)

BiLSTM (64 X 2)
LayerNorm, dropout 0.4

Residual
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4 heads, key_dim =32, LayerNorm
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i
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RepeatVector(96)
temporal broadcast
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| Per-frame rally probability |

(33 3) TRMNet HE|ZE O |EIN (H|C|Q H2HX| - 2C|L HEHX| Late Fusion T1%&)

278



TRMNet: ARRHSI= 718F HE|RS HEJIS 2o AIBAL 2 HUA Fd9| 22| NS F=

Wi

|

~

cofe HElRYE YEYIo|t) vt Bl
7d%F 3D CNN & causal MoViNet A0 9]l
o’ AR SIEE gl T HalA=
HEZ T} A ConviD BILSTMOZE Al
As F23h 7 Halxo AR AEH =
Late Fusion 3| =04 ZAg=o] Zdd L)
EE Hghdn:

g5 32 O9E 96ZE Y 9x9old, 71 4
J& ~EgtolE 489] &ETfoly T2 B3

H

o
o dn Iy Tl

)

o

==

=2} Agsla S 7R Hi JAZ ISk
HZ &9 I3 [B, 96, 1]°Ith

3.2, HIC|L EHX|

HT] . W& O Z= Kondratyuk et al.(2021)2]
causal MoViNet A0S A&, causal 7-2= Al
L OEEE HA zdYel =8kl Stream
Buffer2 FElE ol €stng, 11 G4 ~E2H
FEY stold A=t skFoll Agsith Ao=
MoViNet A€ 5 7P Zdifolet mutda} Au <k
Z | EE 733 Aot} Kinetics-600 AP 85
VRS Z7IFeE ARSSHH, dRIFY A
block4®t 815 7Fs BN = L viA] sk Al
& Az o= FAst] Frf RE® FEAIINL
HE S AR =S AX A BgE W
2 ETh ARE FlEE R LSTM(Z B
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3.4. Late Fusion

T BX Y AR AEE 282 EA SollA A
ZA¥ 5 Dense(64)2} Dense(1)+Sigmoid Al52 5
Fate] zyd P && (B, 96, 1= S43TH
Late Fusion< AN8]g+ o]-f== %] Fusion ti¥] Z}
= 2719 sk NS BESEAE, PR
tlolg o)A HAE o] e fRE A%
FAE F & 7] wwelth

S5 Age o vl 7| 4R FAETE 4
Al B3RS S3lshs Fooe 2 A 2(Soft
Label Ramp Mask), S22 B33 74 &5l
A sk A% &4 F<(Focal-BCE
Combined Loss), @Y RZEE] 75 3ol A 2]
3345 gRsH= g<5 7]'H(Modality Dropout),
ARy TR BES SR A S<5E
(Differential Learning Rate).

Soft Label Ramp Mask. @] A2} F3 AlH
ZF 32(9F 90ZEY)) ol A W= ghsle
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BoE- 251
Stagel Stage 2 Stage3
Subset A (Clean) Subset A+B (Clean+Noisy) Subset A+B+C (TH|)
Epochs 4 Epochs 4 Epochs 4
Head LR le-4 Head LR 5e-5 Head LR 2e-5
Backbone LR le-5 ckpt Backbone LR 5e-6 ckpt Backbone LR 2e-6
(0.1 x head) (1 50%) (L 60% further)

Objective Objective Objective

Learn basic rally patterns Expand generalization to Final fine-tuning on the

from clean footage. moderately noisy footage. full distribution.
Checkpoint: stagel_best Checkpoint: stage2_best Checkpoint: stage3_best (final)
- . =LA -
(1% 4) &Y ZZ! 7|8t Clean—to—Noisy 3H7| 72|12 2d sk HX}

&4 FHE g

Combined Loss. Focal Loss(Lin et al., 2017)2}
gl ~7Y BCES] A3 Zgo = Hogith L =
0.6 x Focal( @=0.7, 7y=2.5) + 0.4 x BCE (label _
smoothing=0.1). Focal 32 77 - &5 77| st
E AEo) 7FeAE Fal, BCE &2 &2 E 2hd
2 gpd A7 shEy Y FEs FEgth

Modality Dropout. S5 5 QU 2 HIHX]
< 50% FEZ 0 HMEZ AEl] U 4.
s 8ol 4] A3d-& 81313, Fusion 3=
7F A2z gARte 2 Al oSS WS f
=3t

Differential Learning Rate. A7} 3| = g3 3l
Tof SgE2 AHEH AEE led, Se-5, 2e-5
2 A7)0, R SReEL 3= 1/10 FFo
= AARY. 1 9 HAs LS Adam, 7HEA|
74 1e-5, ¥iX] =7] 4, BF16 &3 AYE, 18]
AE [2-%=F 1.0 Z&Fo|th

N
1

3.6. 72|23 219

A 7= HlolBAle: EY Tl Wek A-B-
C Al 5oz 75 A4 F=x). °o] 55
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AT 29 982 =FHA
(e}




TRMNet: ARRFSI= 718 HEIRE HE

92 BESH AISK BY HLA B0l 2| T2 NS 55

= 2oL

710 R 7} Gl A-B-Co Al T3S Fol3)
ATk A SHS 537(44.9%) 0=, ?}ﬂﬂﬂ} 59
o] A4 gla FH A 4% glo] AHsHA
Z2AH Foltk ¢ TFL 15%U(12.7%) 2=, tz}
A ZFolAY TR A&HA A 947 &
gt Aotk B 55 A-C oftolx s3siA|
%E S FE D4 50mEd23%)0ltE ' THE
AAg A 7)ol OME} EP@EM %—W—ﬂ o

o= BSHEY C5F % Noisy data® 533t}
e 8o sdd vt Hl

oJE{Al %"‘JQ EEste] Iy 1°‘ EM:% Y5kl
o= ehllEs}A]
wxo g gy
sh= o), a}@au 2 B3-S tofE
A 1183 ] Ae S Z ARSI AHA E9
FollA B F3ro] AA|sh= BlE-S A Ao
oH] o 50%= A=A 2hEE 2 OWOH =
el R5gk 747 Alolzol tigk AR B &
3Tt F2 Fe) Ale Thet 2k (a) 771
23& Y3k F 1HP7]7} ohd Z3-¢(ofl: AthH
FER 35 AvFe 2 BelE A &
=t (b) A1E EEQ}%HH e Belm
75k o) el S5 gl

YHow ehlue Sasgon, o B8 4
o 7o T it ehie Qe AR

o2 RIS $18 A-B-C 7} SaollA 214
1384 % 33-e F3F Ysto] F 2pier) 594
o= gpaste oH A4S HE FYsilen,
ZH DRI30fps) 378 A FLF A F1 =
0.88, Cohen’s Kappa » = (.83, raw agreement
=~ 0.929] LA=T} AEHA

Ho]E] £3-2 Train / Validation / Test = 83 /
23 /12 (7:222HE 73319tk E& X A-B-C &

F B 2 A =S 2SI,

4.2 Eit X|&

Bl AxZ2= U Y E29] Fl-score?}t F+ 7}
A] Average Precision(AP)& ARS-3iCE 2l 7}
z oA ] ARE FEE YRR, SE
NA-E YARCE olxlstst] ZHPE Ad
23} Hlws) Fl1, Precision, RecallS 4FE3HTY,

AP= #e] S22 tgk Precision-Recall =41
o] Ht AdE=E Aogitt. B A7+ AP_smooth
5 F B A®ZE ARSSITE AP smooths= o=
S A0l ARE S o] FHTE A83 ] AL
g APE, g2 7119 gE WES g3t =i
A 9 T4 wol=Tt A PR = YIS £0|
= 9 stk Fa=E olsHd A8 9N &
E Al 2zol gk APAP raw)= UF-2 02 ALt
stdou & 1ole 238 F=th

FE 9 SAHZEE gE Ad HEE
ol FH A=S 7] w(ZHA @9t olxlst
AR & A HAs{ G A= W €
{1, 9, 19, 31, 43, 55, 67, 75, 83, 91, 95}, t &
{0.25, 0.30, 0.35, 0.40, 0.45, 0.50, 0.55, 0.60,
0.65, 0.70, 0.75} = 7-/33}H, Validation Set®l|4]
F1 A3} 71208 T2l=x2)3} Validationol
A AeE 9l 23 (W, r%)S I E Test Set
o] 14 A83st HF H5S RSP, Test Set
7lE AgAe sk deTh o] ZEEFZL
Test Setoll theh 2] A2 S viAlste] drks}

Hsel WY e FHE wAuT

4.3, 751 M|

=& NVIDIA GeForce RTX 4080 ¥+ GPU
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g G 30fpsE AEHI 7t ZEYS
224x224 HA R st on, S5 89 7]
2 A 9els 962Z# ek 3.2%) Holof Akt ¢
=%, ol glo| == 48 ol
2713 2= Kinetics-600914 AFAE5% causal
MoViNet A0 72| E AME-3FSIT
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Abstract

TRMNet: A Temporal-Head-Based Multimodal Network for Automatic
Rally Segmentation in User-Recorded Tennis Videos

Younghun Jung' - Hakyoul Choe™

We propose TRMNet (Tennis Rally Multimodal Network), a multimodal network for automatic rally
segmentation from long, unedited tennis match videos captured by amateur users. In user-recorded videos,
actual play occupies only approximately 50% of the total duration, and rally boundaries exhibit inherent
ambiguity-inter-annotator F1 reaches only approximately 0.88 even among skilled labelers. TRMNet
integrates a lightweight causal MoViNet AO backbone with a BiLSTM - Temporal Self-Attention temporal
head and an audio Late Fusion branch, and applies Soft Label Ramp Mask, Focal-BCE combined loss,
Modality Dropout, and differential learning rate, with Clean-to-Noisy three-stage curriculum learning as
a supplementary strategy, to ensure fine-tuning stability and generalization under small-scale heterogeneous
data conditions. Ablation experiments confirm that the temporal head (BiLSTM + Temporal Self-Attention)
contributes most substantially, with AP _smooth improving by 0.1556 over the bascline without the
temporal head. On a self-collected dataset of 118 tennis match videos (43.6 hours), TRMNet achieves
a test-set F1 of 0.8422 and AP smooth of 0.9315, with real-world applicability confirmed through
deployment in a commercial tennis video service (PerfectSwing, Boundl Inc.), where approximately 50%
of non-rally footage is automatically removed.

Key Words : Tennis Video Analysis, Rally Segmentation, Multimodal Learning, Curriculum Learning,
TRMNet
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