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Cross-scale temporal interaction and boundary probability refinement for con-

tinuous action segmentation and prediction
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Abstract: Objective Continuous action segmentation and prediction are important for human-computer interaction, intelli-
gent perception, and surgical activity understanding. Continuous action videos usually contain rapid local motion changes,

long-range temporal dependencies, ambiguous transitions, and large variations in action duration. Although existing meth-
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ods based on three-dimensional convolutional networks, recurrent networks, temporal convolutional networks, or Trans-
former structures have improved spatiotemporal representation learning, they still have difficulty in jointly modeling short-
term dynamic details and long-term semantic context. Weak boundary cues in transition regions may also cause temporal jit-
ter, over-segmentation, and inaccurate boundary localization. For action prediction, future categories must be inferred
from partially observed sequences, which further requires stable temporal modeling and effective representation of motion
trends. To address these issues, a video action segmentation and prediction method is proposed based on cross-scale tempo-
ral interaction and boundary probability refinement, aiming to improve discriminative representation, temporal consis-
tency, boundary localization, and future prediction stability. Method The proposed method establishes a unified frame-
work consisting of local spatiotemporal encoding, cross-scale temporal interaction, and boundary probability refinement.
For action segmentation, RGB video sequences are encoded by an I3D network to obtain frame-level spatiotemporal fea-
tures. For action prediction, RGB and optical flow sequences are used as dual-modal inputs, and an X3D network is used
to extract features from both modalities. A bidirectional cross-attention mechanism enhances multimodal interaction, in
which RGB features aggregate motion information from optical flow features and optical flow features obtain complementary
appearance information from RGB features. A gated fusion strategy integrates the enhanced RGB and flow representations.
Based on the extracted feature sequence, the cross-scale temporal interaction module adopts an encoder-decoder structure
to model temporal dependencies at different hierarchical levels. The encoder aggregates global contextual information,
whereas the decoder fuses high-level context with lower-level temporal details, thereby preserving both long-range depen-
dencies and fine-grained local dynamics. The boundary probability refinement module explicitly models action transition
boundaries through refinement stages based on dilated convolution and residual connections. The refined features are
mapped to frame-level boundary probabilities. A weighted binary cross-entropy loss is used for boundary supervision, and a
boundary-gated temporal consistency constraint suppresses unnecessary prediction fluctuations within action segments
while allowing category changes near true boundaries. The whole framework is optimized by classification loss, boundary
prediction loss, and boundary-gated temporal consistency loss. Result Experiments were conducted on four public continu-
ous action segmentation datasets, including 50Salads, GTEA, Breakfast, and JIGSAWS. Frame-wise accuracy, edit
score, and F1 scores under different intersection-over-union thresholds were used as evaluation metrics. On 50Salads, the
proposed method achieved 93.6, 92.2, and 88. 8 in F1@10, F1@25, and F1@50, respectively, with an edit score of
89. 0 and an accuracy of 92. 3. On GTEA, the method obtained the best results in F1@10, F1@25, edit score, and accu-
racy, indicating its effectiveness for fine-grained first-person action segmentation. On Breakfast, the method achieved
86.4 in F1@10, 82.5 in F1@25, 84. 7 in edit score, and 83. 2 in accuracy, demonstrating robustness under complex long-
sequence conditions. On JIGSAWS, it achieved 97.1, 95.7, and 90. 6 in F1@10, F1@25, and F1@50, respectively,
with an edit score of 95.2 and an accuracy of 90. 5, suggesting that it can effectively model fine-grained surgical action
sequences. For action prediction, the method achieved an accuracy of 90. 3 on JIGSAWS, outperforming representative
prediction methods. Ablation experiments confirmed the contribution of each key component. Removing the cross-scale
temporal interaction module caused performance degradation on all datasets, especially in F1@50 and edit score, indicat-
ing that cross-scale temporal modeling improves boundary recovery and sequence-level consistency. Removing the bound-
ary probability refinement module also reduced performance, particularly in high-threshold F1 and edit score, verifying
that explicit boundary modeling can reduce over-segmentation and improve transition localization. RGB and optical flow
also showed complementary effects in action prediction, and their fusion achieved higher accuracy than either modality
alone. Conclusion The proposed method integrates local spatiotemporal encoding, cross-scale temporal interaction, and
boundary probability refinement into a unified framework for continuous video action segmentation and prediction. By com-
bining short-term dynamic information with long-range temporal context, the model enhances the representation of action
evolution across different temporal scales. By explicitly learning boundary probabilities and.introducing boundary-gated
temporal consistency constraints, it improves frame-level classification stability and action boundary localization. For
action prediction, the fusion of RGB appearance information and optical flow motion information strengthens the perception
of future action trends. Experimental results on multiple public datasets demonstrate that the proposed method achieves

competitive or superior performance compared with existing methods, especially in temporal consistency, boundary local-
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ization, and future action prediction. The method provides an effective solution for continuous action understanding in com-

plex video scenarios.

Key words: continuous action segmentation and prediction; cross-scale temporal interaction; boundary probability refine-

ment; spatiotemporal feature encoding; multimodal fusion
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KIFYRUEI 26 ¢ it i SR 45 R AT R 28

¥, = arg maxp,, € € {1,-‘-,C},t =1,---,T (21)
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B, A5 3128 Mot 700 AR 23 7 51) R ) AR P 1)
(Pr.Br) = w(Zr)#(26)

o, 20 F R BOMAT 5 (I FE A 4F , Pr = ( pr)/. 3
INIZEMUSAE I RE AR F 51, Horh pr FRoR BUNATE 55
55 WU 2 BIME R A, B = {60} FRon 1 A
P A, 20 e 50 v 5 s E DI i FFh
Af ] — B A R R TR 5 .
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P A, R L e 2B R SR
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2, L Ly ALY 3o s SOAT: 55 1) 73 2R 2R G
FETIAG R FEE T B4 (R e i) — S 2 R
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a,t e {1,...,T0}
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B IR ARG 20 T AR EARIT 51 i Sl 43515 Fi
WA
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JH Suturing 7455, 3R H 1A B2 split #4752 50 .

FRFE S O A B AE 5 1 E 5L 5 PR — 3K
PE A SORBIS D AN ZRAE rh ) 73 S o iE 4R | i
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TR AER R Ace  Zi I Edit LI X F1@10.Fl1@
25 M F1@50 5583845 . XF T 50Salads .GTEA F1 Break-

fast S 21 split (98O S8 A4S HAERS 4> spli
© i[5 B 2

WAL
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5% split _FAGIHASE 3 . AR SO ik B T Al e 5 34
SR A [ 9 55030 Rl 40 i 8, DA PR TIE &5 SR e A iy —
Egi 8

S AE FRHL R B R 8 A, I RAE 2L R
PyTorch, Ak 2% 26 1 Adam ., 5256 %04 3 5% 15
AbFRJE Y RGB MR 741 5 63751 . Horp, sh {5y
AT %5 DL RGB J¥ SIAE B 3 2 A, 7E 50Salads,
GTEA ., Breakfast il JIGSAWS PU /% 4 [ k1756
E 3 SE T AT 55 % F RGB+G I BURE &S 4510 , 38
FE JIGSAWS $idfa 4 I ¥ 555

| B N N2 o ol 1 2 S G
120, BRIA W] 4R 2 > 3R 4 0. 0005, % [& 5] Breakfast
B AR FE A R A R B 93, A o) SR oy
0.0001 , HAEE PR FF BRI B . T A4k
B LB BEEGR BN K = 2, B BOR T —
HE R kA BRI, LK R 50 3 1 2 FERR R
HOR B T I, AR SORE 32 53 238 U R A N
1,4, =0.15,4, = 0.001,y =128, {52 5 45 4
] et R ) BoE 4 b Y S EE SR B R — 2
2.4 XtEsEIe
2.4.1  S3EUES XS L5

R B UE Ty B AE AR SR 438 o i A ot 48 S
£ 50Salads .GTEA . Breakfast Fl JIGSAWS 4 4~ /ATT %L
P I SR IIESEAT T X S . X i
& MS-TCN, MS-TCN++ . ASFormer, UVAST, FACT,
BaFormer. EAST A A Bi-LSTM . ED-TCN. RL. SD-
Net,Reformer %5 o P8 45K 2. 2 95 2 XY Ace .
EditDl & F1@10 .F1@25 fil F1@50, SZ3045 555
WER1—FR 4R

F VG T A ST AE 50Salads B4 4 1 Y 58
25 . T LUE AR SO IRAE S WEN HE Ar 3
B e e 4 51, Horb Edit, Ace MR BE F1 $5hR 4R
TFHEN B o X ULBHZE R P A shVERE ST ] 25 57
KRB, By ik BE A% A I 3 R 1 S
HRRE S RS E e RE T . SEA PERERILAY
T A B AR SO VR AR AR 3 1 320 WL o3 2 ME R 2 11
[FIESE , i — 202t 1 Sl 04 DX Sl S0 s e 1k, 3R
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1 50Salads HIREZWLER
Table 1 Experimental results on the 50Salads dataset
1%

F1 F1 F1
@ @ @ Edit Acc

50Salads 10 25 50

MS-TCN(Abu Farha %,2019) 763 74.0 645 67.980.7
MS-TCN++(Li 4%,2023) 80.7 78.5 70.1 74.383.7
ASFormer(Yi %,2021) 85.1 83.4 76.0 79.685.6
UVAST(Behrmann %£,2022) 89.1 87.6 81.7 83.987.4
FACT(Lu %:,2024) 81.4 76.5 66.2 79.776.2
BaFormer(Wang %¢,2024) 89.3 88.4 83.9 84.289.5
EAST(Wang %%,2025) 93.1 91.9 88.6 88.491.9
AL 93.6 922 88.8 89.092.3

T L P SRR 5 8 B A2 2R

*2 GTEAHBEXKRLER
Table 2 Experimental results on the GTEA dataset
1%

GTEA F1@10 F1@25 F1@50 Edit Acc

MS-TCN 87.5 85.4 74.6 81.4 79.2
MS-TCN++ 88.8 85.7 76.0 83.5 80.1

ASFormer 90.1 88.8 792 845 797
UVAST 927 913 81.0 921 80.2
FACT 935 921 84.1 91.4  86.1
BaFormer 92.0 . 91.3 83.5 887  83.0
EAST 95.8° 954 917 954  87.1
A3 96.5 95.7 90.3 95.8 88.0

T L P SRR 5 8 B AL 25

F2JBIR T 47 LTE GTEA S8 4E | A 523645
o BCRE AT F1@10.F1@25  Edit
Acc S5 ATHE bR RIS S A5 R , Ul B I )7 ik Re g
A GT M P T 5 A IR ShAE P 31 R PR RE
A KA 7E F1@50 f5F5 b, AR SO IR T
S AERT 2, RIITERR 3 s E DAL R Ry iRz 3
25BN B L A AT ORS00 43
AEAE— B R TS (B o BRI, 145 S50 A A S
D3 AR BE 55— P AR 5 T AT T 35588 114 328 it
SRR 1 RS () 4 Ak —FhE

23R T AR U J7 7 Breakfast 23R 4E | {52
ER2E R . 5 HA KR S A LE | Breakfast HLA WA T
SNV AR T A 4 B T 2 AR A
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%3 Breakfast#HIEEILWLER

Table 3 Experimental results on the Breakfast dataset
1%

R4 JIGSAWSHEEXHHER
Table 4 Experimental results on the JIGSAWS dataset
1%

Breakfast F1@10 F1@25 F1@50 Edit Acc

MS-TCN 52.6 48.1 37.9 61.7 66.3
MS-TCN++ 64.1 58.6 45.9 65.6 67.6

ASFormer 760 706 574 750 735
UVAST 759 700 572 765  66.0
FACT 814 765 662 797 762
BaFormer 792 749 632 713 766
EAST 862 822 718 845 828
A 86.4 82.5 71.6 84.7 83.2

TE IR RS R 2 5 B A4 2R

W o3 HME BE T . NS IR AT LUE Y, A SO TR
F1@10.F1@25 . Edit fil Acc #6455 b ¥ BUS H45
439155 5] 86. 4.82.5.84. 7 F183. 2; 7E F1@50 45 bx
b AR EE R T 6,5 BASTHY 71, 8481, Fik%h
BB AR BB KT ME S 54500 T R
AT 0y ez AR 1, U AR R R )7 )
— S5 R T 53 S MR T R A

RKAGH T JIGSAWS Bl 45 ERSegmn g R, v]
PIE Y A A F1@10.F1@50  Edit F1 Ace %5 4

Fl@e Fl@ Fl@ (
JIGSAWS 10 55 50 Edit Acc

Bi-LSTM(Singh 45,2016) 77.8 77.4 66.8 66.8 77.4
ED-TCN(Lea %,2017) 892 84.7 80.8 847 80.8
RL(Liu %£,2018)  92.0 90.5 822 88.0 8l.4
SD-Net(Zhang %,2021) 925 92.0 882 89.9 90.1
Reformer(Men %,2026)  96.4 964 902 94.0 857
A3 97.1 957 90.6 952 90.5
T I AR SRR A 5 SR 45

TR R E S R E R, 70 515597, 1.,90. 6.95. 2
1 90.5; 7 F1@25 45 #5 b B 1% 95.7, W& ik T
Reformer [ 96. 4. 1Z 45 Ul , A S E F R
VESrEIT 55 BB i M S B0 Jey 350 4R B2 20 1 22 1
5K P 5 @ALRE 1), U AR 56 B 7 9 5 Al MR 52
MR R 2 7 T HA R AL
2.4.2  TRIAES5 XF LG SE S

B UEA SCOT AR SV FUNAT: 55 v i A %5
P AR SCTE JIGSAWS Bdfs 4 b 5 4F ok HoA ARt
TIN5 AT R . SEIR A A N 5 s o

RS MSEBER

Table 5 Experimental results on action prediction

JIGSAWS T 5 Accl%
daVinciNet(Qin %,2020) SVET 84.3
Transformer (MTMs)(Shi %5 ,2022) BYET 84.6
Multimodal Transformer(Weerasinghe % ,2024 ) SE 89.5
Transformer—based real—time prediction(Chen %,2025) SET 84.8
AL BHYET 90.3

T R R R S P e LA R

ARSI EEAE JIGSAWS Hdi 46 1 10y sl /g il vfe
B335 2 90. 3% , 7EX L7 & h IR AR 45 2R . AR
It daVinciNet, Transformer (MTMs) . Multimodal
Transformer DA J& Transformer-based real-time predic-
tion 5 77 1%, A SO VA AR B B s A TIOORG 22,
B T 2t AL R 8 S AT S5 R Sl A P 37 v
AL, JF S TR E S s MRS A HIBTRE T

5 Multimodal Transformer Y 89. 5% #H k. , 4% 3¢

T it — R 5 90. 3%, F W TE SR AT 55
51 A RGB 5 Ui A7 12 B 5 3 5 A5 AL X6 AP WL R AIE
BB IS RARRE ST . Hoh RGBIFAI ML T
FAR G S MRS 28 8145 8., 63 7 51 N BE %
Z i FARBAEL BRI S 2, ZEEEE A
Bl P AR TR B R b A 1 S T AR S E 2 (R R RS 6
T AR S E i ERE . SR A S
TEFE JIGSAWS i 45 1 HUAS 1 384y o) T 3R |, 39
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Table 6 Ablation study of the cross—scale temporal inter-
action module
1%

F1 F1 F1
@ @ @ Edit Acc

T P
HinsE PR 0 25 50

13D + A4 91.9 90.1 84.8 85.7 91.1

50Salads
SRR 93.6 922 88.8 89.0 92.3
13D + S AHE%R401k 954 943 87.9 94.7 874

GTEA ‘
SEAEARLTY 96.5 95.7 90.3 95.8 88.0

13D + S AHE%4i 83.1 78.0 65.3 81.8 80.9
Breakfast

SEREAEY 86.4 825 71.6 84.7 83.2

13D + I AHER 401 95.8 94.7 88.2 94.8 89.7
JIGSAWS
SERL AR 97.1 95.7 90.6 95.2 90.5

E IR R R 24 51 e A2

2% 6 AT, Se R RTE 4 4R IS T
U RE , BERAZAS SCHE s A9 it RURE B 58 BB g
i FE AN [R1 S 1 (1) 3% S 7 4 43 BT 55 h s e 4
BERUVERE . AHLL 13D + dh AR 44k, 5o BB AR
IR ER T B i s S AR e ), b it — 25 A T
5 RUBE B A S8 A8 L, AT o 1A R X R AR R
SRR FBER B 45 F i L A

HAKKE | 1F 50Salads £ 4l 4 I, 52 3 ALY
F1@10,F1@25 . F1@50 ., Edit il Acc 4351 i5§] 93. 6.,
92.2.88.8.89.0F192. 3, H#£ 13D + 11 AHE R 411k

Iy BRI 1.7.2.1.4.0.3.3F11. 2, HH,F1@50 f1
Edit 8 b5 52 T 570 B 5 198A 5 RO I P 22 B RE S
A Rk SR R B BRI R 5 25 4 Y — o
TF Breakfast BUH6 4 I, 58 AR YA 45 13D + 1 A
RAEAE F1@50 4R TH 6.3, 16 F1@25 [T+ 4. 5,
TR T B A 5 BEE /I B AT 55,
5 RUBE o) 7 28 HOR I R AT B o i /R .

PEAR AR SCHE 4 A B A 0 B 45 1 T o 25
AT, i 5—E 8 i , A R 68 e n AN [m] 3
VEZS ], AT as Rk — 25 3R, 78 KBl R If
P28 HAR LS BRI K S VR B SR sk 41 B 1
I DX S AT) 2t B Ry R 2 Bk 8 iR oy B B Be
HEMG ML Z T, S SR T E SRR AR I 7 -
P [, B 6% T v B M Wk 52 Bh A 100 A0 1 ol T
SR B S

o [ -
savssroentvco. | I AT .
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K15 50Salads %4 45 11 fi 45 R nl #l 4L

Fig. 5 Visualization of ablation results on the 50Salads dataset
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Fig. 6 Visualization of ablation results on the GTEA dataset
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Fig. 7  Visualization of ablation results on the Breakfast dataset
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Fig. 8 Visualization of ablation results on the JIGSAWS data-
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2.5.2 HFREARAA B AT R o b

Oy 6 UE AR SCT 1t A0 5 R R A A A R ) A 2K
P, e LR FR S RO N P S8 L4540 S AR R B0E A
ARG B, A SCHE— 28 LA T R BRI AR AL
BRI 58 B T RS, SEIR A R AN 7 P

RT BABRAUEREHERIEER
Table 7 Ablation study of the boundary probability refine-
ment module
/%

Fl@e Fl@ Fl@

; —_— )
€S PR A 10 25 50 Edit Acc
—H‘E‘
BD+§RE b 93.1 91.4 87.1 87.491.8
50Salads SCH.
SERL ALY 93.6 922 88.8 89.092.3
13D + 5 N R
BRI 061 050 889 049877
GTEA 3¢h.
TERERIY 96.5 95.7 90.3 95.8 88.0
13D + 5 K R
3 +Ef;m; Ty 859 81.4 689 82.982.6
Breakfast ACH
SRR 86.4 825 71.6 84.783.2
EXiD
I3D+§RE b 96.2 94.7 89.2 95.090.1
JIGSAWS sCH
SERL ALY 97.1 957 90.6 95.290.5

T L P SRR S S iR A4 2R

MR TATLUE ), TE4 DR AR gl AL R
AL S AT M RE S A5 B AS (R FE B 4 T . B
KT LN Edit F1 F1@50 PIIRHE AR 2 THEE Hy
B 5, T F1@10 Al Ace BYSZI AR X4/ X B
AR AL AR B ) 3 AR O ASTE T U sh 2k
T P A AR ) 5 S T AE T G S D B Y
PR B, 98D i B a4 B4

HLRTT 76 50Salads Bdi 45 I, 52 F AT AU AH 55
T LBl SRR R LA, F1@50 H 87. 142
Tt 2 88. 8, Edit HH 87. 4 #£F+ % 89. 0; 7F GTEA (¥ tE
I, F1@50 A1 Edit 43 %1 1 88. 9 #194. 9 # 7} % 90. 3
F195. 8; 7F Breakfast £ 45 £& [, F1@50 Fil Edit 43 %]
i 68.9 F182. 942 T+ % 71. 6 F184. 7, 2 TH g Ji fix Hy
W14 5 75 JIGSAWS %445 2E -, Edit F1 Ace 43 1 H
95.0 F1190. 1 $2 T+ 95.2 F190. 5., bR 4% Fyi 0,
AR AU AR R 6% 76 AN [R1 S B ) BicH 4R T As e
MCESIE Sy B SE e e S A — ok LA KT

B SR S B B B M B R Ak i s b, AR
FHE N

it — 2 R i SR A AR R ) S PRASCR,
AL 50Salads B 45 Ay 1125 H Al ARAR S 2R, AnTET 9
IR

Hskhivg - '
Errrery | I |
wean JI |

K19 L SR AR Rl s SR AT R
Fig. 9 Visualization of ablation results for the boundary prob-

ability refinement module
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SRS AT P AR R A B 5 B A AR AN A A
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Shy 365 UF AN ] iy A T sl 3903000 42 B ) S
A SCAE JIGSAWS Hio#fs 45 btk — 25 g T AU AH
RGB Ui G L M2 RGB 56 il = Ay A7
AT 25 R, ank 8 Firi .

H 2 8 7] 441, /U fd 1] RGB I}, BE YIS T 85. 8%
F1%) T 0 9 T 2R, AL P G B TR o T SRR T
88. 9%, KM T H S IMNIE B, | 18 sh 2R fh it ot

®8 ZEESMANTHIETNER
Table 8 Action prediction results under different multi-

modal inputs

i AR Accl%
{ZRGB 85.8
G 88.9
RGB+&ii 90.3

T L P SRR S 8 R A2 2R
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Fig. 10 Visualization of action prediction results under differ-

ent multimodal inputs
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