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Abstract

Skeleton-based action recognition aims to learn discriminative spatiotemporal representations
from human joint sequences. Existing methods still face three challenges: weakened topological pri-
ors, insufficient modeling of fine-grained differences between similar actions, and limited interval-
level collaborative constraints along the temporal dimension. To address these issues, this paper
proposes a progressive pattern reconstruction and stage-wise collaborative contrastive learning
method for skeleton-based action recognition. First, a sample-adaptive skeletal prior fusion strat-
egy injects sample-level geometric priors into topology learning to alleviate deviations from the
original skeletal semantics. Second, a progressive pattern reconstruction module employs a two-
stage reconstruction process to capture dominant patterns and complementary local discrimina-
tive information. Third, a stage-wise collaborative contrastive loss divides the temporal axis into
multiple stage intervals and applies supervised contrastive constraints to improve intra-class com-
pactness and inter-class separability. Experimental results on NTU RGB + D60, NTU RGB + D120,
and NW-UCLA demonstrate that the proposed method achieves competitive recognition perfor-
mance, and ablation studies further verify the effectiveness of each component. The results show
that the proposed method can effectively enhance skeletal topology modeling and fine-grained ac-
tion representation.
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Figure 1. Overall framework of the proposed method
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U, TASFIZERE AN B B . Bpkdh, SCCL #ikaE UM
LoceL =%i8upCon(F(k), y,rc) (32)
k=1

Ferbr, SupCon( ) £/ B X HLHRR[10], Y RORFEARIREE, 7, FoRAS H22 2T B R H
2 R 2% K 1 i 2R AR 42 T 4 SR T AT S 2 S AR B 4 SCTN, A UL R IR
T2 = CE(0™", y) (33)
454 PPR Bl r ik 5 SCCL #ik, ARSI B bre LA
Lo = LG + L8 + ALseer (34)

b, R 23 2R PPR BB 7 R R SCCL H R AL EE . HEFR B BUANAE H 73 S0 Kt AN
4h5IN SCCL 43 Ko

4, SLIO4ER

VPG FT VA R, A SCIE 2 AN SR s VR TR ) SR HE B 45 E O B SLE6, S I8AE SAPF. PPR
1 SCCL KA Rt M BB S B . 25 4.1 TN BEIRE S PP, 5 4.2 T4 HS2lgn™, 5 4.3
W HRFEM AT, 5B 4.4 TR TIHB T .
4.1. BiE&E

NTU RGB + D60 [11]f% 60 22 {EF 56,880 N ZLTHI, REAFHIE AR 25 NS =4kl
Fro ASSCHIEE 77 BMUAE Cross-Subject (X-Sub) il Cross-View (X-View) Wi & 47314, Hh X-Sub
2 N G RMREE, X-View I HFAEHL 2. 3 MIFEAUIZR, TRAEHL 1 FFEADNR.

NTU RGB + D120 [12]/Z NTU RGB + D ¥ @A, 1 120 K301 113,945 M EEEF41, A
FEHEIFEAL B 25 DRI = 4EAR AR . A SCHIR B J7 Ml 2 Cross-Subject (X-Sub)#i1 Cross-Setup (X-Set)
gh8L, Horp X-Sub % 106 4523 R I 2R IR EE, X-Set 4% setup 1D F#HE MK 2 I ZRHE R
.

NW-UCLA [13]f3 5 10 SEENEM 1494 NMELUFH], =D ARA K Kinect RN KRS . #2 ST
BRILSIFIARAEVEAL P, A A B PR IOREAR ISR, IRA8 A R — M IO RE A

4.2. SEIRLRTS

BTS2 #43T PyTorch HEZ27E NVIDIA RTX 3090ti GPU 528 FATTR A DeGCN [5]1F ALk
TR, FEAEH NTU 2580 BT B, X NTU RGB + D $dlidk, &AM E#FHIEE 25 Nk
mo RESCFFWA N TNFAIBEREE D 64 . BRAESITA U, S s E#R 2k, SREHT
PERE IS .

FRATTHR HH 38 S R A [ S A0 Fh il A B 1 A\ B AR o X T RANRREA, 1 Je AR o6
RABARTF EREAR G LRI S o 2B BE 5 A N AN B, JF 5N E B e 2 S R T Rl
XA, AEZATCVRE S BRI SE, BN A F AR LTS %

R FEr, R 3= BN F R (SGD) AT, Horh {8 ] Nesterov & . HI4A% I RN
0.1, BUEIEIHE N 0.0004, EYIZFEHCN 80, 7EHT 5 4> epoch K FH ASRNE . % ] FAEH 35, 60 Fl 75
A~ epoch 5. INZRAb IR KNG 640 IR A RS I 25 LA THI 2R

Hm g sm oy T, YIZRE (I BENLIE R . IZRRAE X 508105, 1], IR AEIX (8] %A [0.95]. % T
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SCCL, WAl Bx#i S =8, XFHLaa>J iR RN r, =0.1, SCCL HRIMHEBIN A=0.4. XfT PPR
IR, BN ERAN u=02. VEHEIR Top-1 M Top-5 R,

4.3. 5MBEH#FENEE

AL =R 5 BEARRMEN B BB R G AT R, ARG EHR s BIENR. @
RIS AR T BRSSO 4 IR IR S B AR B T VA D iR, IR BT X
ANV N R R T

#145H 7 NTURGB + D60 [ HEEE R . A T7:4E X-Sub AT X-View #1373 5l HLAS 93.4%7F1
97.5%¥] Top-1 #EMf=, W] SAPF. PPR 5 SCCL Bt & Wit e A RERTHE R rfe ).

Table 1. Comparisons with state-of-the-art methods on the NTU RGB + D60 dataset in accuracy (%)
7 1. NTU RGB + D60 #1245k E SI B St 75 A n M ZE (%) LR

Model Venue X-Sub X-View
ST-GCN [1] AAAIL8 815 88.3
AS-GCN [14] CVPR19 86.8 94.2
25-AGCN (2-ensemble) [2] CVPR19 88.5 95.1
Shift-GCN (4-ensemble) [15] CVPR20 90.7 96.5
MS-G3D (2-ensemble) [16] CVPR20 915 96.2
CTR-GCN (4-ensemble) [3] IcCv21 92.4 96.8
InfoGCN (4-ensemble) [4] CVPR22 92.7 96.9
DeGCN (3-ensemble) [5] TIP24 93.1 97.1
Ours - 93.4 97.5

F 24 H T NTU RGB + D120 FRtbEgs . AR HVETE X-Sub AT X-Set Hri3 T 43 A HX A3 90.5%F
91.9%f¥) Top-1 #ERAZS, (E T RIBH AR S EAIORFF 1R iR a1t RE .

Table 2. Comparisons with state-of-the-art methods on the NTU RGB + D120 dataset in accuracy (%)
2 2. NTU RGB + D120 #iz& E SIMBEHFENERE (%)L

Model Venue X-Sub X-Set

ST-GCN [1] AAAIL8 717 72.2
AS-GCN [14] CVPR19 78.2 7.7
2s-AGCN (2-ensemble) [2] CVPR19 82.7 845
Shift-GCN (4-ensemble) [15] CVPR20 85.9 87.6
MS-G3D (2-ensemble) [16] CVPR20 86.9 88.4
CTR-GCN (4-ensemble) [3] ICCV21 88.9 90.6
InfoGCN (4-ensemble) [4] CVPR22 89.4 90.7
DeGCN (4-ensemble) [5] TIP24 90.4 915
Ours - 90.5 91.9
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3T NW-UCLA LIRSS, A0S 97.0%0) Top-1 MM, I B 1 W A
AEST.

W

Table 3. Top-1 accuracy comparison with state-of-the-art methods on the Northwestern-UCLA dataset
%% 3. Northwestern-UCLA #iB&E E SIA LT3R/ Top-1 ERERELE

Method Venue Acc. (%)
Shift-GCN (4-ensemble) [15] CVPR20 94.6
CTR-GCN (4-ensemble) [3] Iccv21 96.5

InfoGCN (4-ensemble) [4] CVPR22 96.6
DeGCN (4-ensemble) [5] TIP24 96.8
Ours - 97.0

4.4. HRESELE

FEA/NAT R, RSO BT HE H 5V A [R) AR o A G B S O AT T Rl b . B RERITE 52 % NTU
RGB + D60 #4545 bR il ghax i Rt mit HA4H, ASCM NTU RGB + D60 %#fi bz e g 7 — A [l &
4T S T HAksE6 . 588 NTU RGB + D60 %4 45075 56,880 25 H 4841, T A SCH F 8 Ak 4 Hr
MI4ER T 208 10,000 S6AEA, FEOREE S IR R 4 — SO B E S E CRPPh e 0. RZE5RIAN 2,
ZARI T U T 7 R AL o T A S BEUBR MR RE, AN TS O kAT AT S HE i L it
RELLA . BT Y1 ik S 06 240 R FH AR IR (R 8500 1) 40« S ONBRAS . B0 A 38 07 SRR 25, DAGRIIE AN [R) A
BUARRZ [P EO L. BRI UGS, T 45 R I94R 5 Top-1 #Emi .

4.4.1. AHiERRSCIE

NGRS 2H R H A R, ARSCHE SRR %P I\ SAPF. PPR Fl SCCL, sSEibZsHRunsk 4 fr
o ATDLER|, JELAA/E NTU RGB + D60 ik 14 FHUAT 85.4%[H) Top-1 #EffiZE . fENA SAPF 5,
BRI R R IR T 22 86.6%, FHELHEELRIE R 1.2 N E 70 o, ULEAREARZL LTS8 1 51 N Be 8 A R0 s 4k $h
B, HE—D N PPR J&, MHEIRIET 2 86.9%, 7 8HE AR E A BENE7E O g o 0 3Lt
st mE R AL R, Ba, 24 SAPF. PPR Al SCCL [FI i i), HE7Y LIS 87.4% 1) i s HER 2, AH
FEEREA AT 2.0 NME A Al BRI EN], = AMEHIFARIIL R AR, TR AEIZ 0 BN R I .
Ab, FLFEFRTE TR & BB H RE

Table 4. Ablation study on the contribution of each component of the proposed method on the reduced NTU RGB + D60 subset
= 4. PR E R ERIERTE NTU RGB + D60 45 74 LAY R SEIE

Baseline SAPF PPR SCCL Acc. (%)
v - - - 85.4
v v/ - - 86.6 (11.2)
v v v - 86.9 (11.5)
v v/ v/ v 87.4 (12.0)

4.4.2. SAPF B & ZBAS M
A HT SAPE Bile 28 o (M5S0, SZIR4EBNE 5 iR, Y o =0.2 B EUS B S dEif % 87.4%, L8
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TESE G NBEARRLAT S U0 BE U8 A XCkh 78 backbone JRA M. 24 o GRS KIS PEREARBE— DR T, TR 22
I RHAT 86.7%, R HTBCE N [ € Had R Rl A L R E

Table 5. Ablation study on the SAPF fusion coefficient a on the reduced NTU RGB + D60 subset
%2 5. SAPF Bt & &2l o 7£ NTU RGB + D60 #5575 L AU ERRSLIE

o Acc. (%)
0.0 86.9
0.1 87.2
0.2 87.4
0.3 87.1
0.5 86.9
0.7 87.0
Learnable 86.7

4.4.3. {EXEX M EHI RN

NEGAE PPR R B 30 7y FL SR, AN SCELEAN[F] Stage 1/Stage 2 FLE, 25w 6 fron. HH,
“100/0” FoRA RS — BBk e . SR “50/507 IHHERA R IR E, A 87.2%, TEARTEL “100/0”
86.8%. Z5 AR, B BT AME REAS AL 1 AR AL A gk — P R RRARL R O RN, B
I B 2 FL RO B 4T

Table 6. Ablation study on the pattern bank size allocation in PPR on the reduced NTU RGB + D60 subset
7% 6. PPR A EIHEREX/NFELAE NTU RGB + D60 457 F 5 £ A HRLSEI

Pattern Bank Size (Stage 1/Stage 2) Acc. (%)
50/50 87.2
60/40 86.9
70/30 86.6
80/20 86.7
90/10 86.6
100/0 86.8

4.4.4. WHESY ERBIROSS T

N3 HT SCCL I 8] 43 B8 S HISM, A SCELEE S =2,4,6,8 AT, Wik 7 iR, 24S =8I i3
HERR% 87.3%. 43 Bridk /b & {5 s b [R) AR A A K IF 1) DX TD P2y, T 43 B AN A iE o nl e S 80X R) 3R
RAFRE, AR S=8.

BE—25 50 H1 SCCL ML E A, L5RIFE 8 fin. 24 4= 0.4 R EUS i dERfi = 87.4%, FWIIE L1
5 X R 2 M B 0T L A oA B TR b s Z R P . BT SCCL AAEN G By 2 5 lifk, BRI A S
B AR BB TR
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Table 7. Ablation study on the number of temporal segments used in SCCL on the reduced NTU RGB + D60 subset
& 7. SCCL RB}8) 9 EX 30 7E NTU RGB + D60 45k 7 £ £ A HRRSEIE

Number of Segments S Acc. (%)
2 86.7
4 86.9
6 86.6
8 87.3

Table 8. Ablation study on the SCCL loss weight A on the reduced NTU RGB + D60 subset
7% 8. SCCL #55#XE 1 7£ NTU RGB + D60 45, T8 £ AUH Rt SLIE

SCCL Loss Weight 4 Acc. (%)
0.1 86.7
0.2 87.0
0.3 86.5
04 87.4

5. &

ARSCEEE BRENAVE R AR AN SRR 5 594 ARSIV SR FE 22 S AR J DU R I ) 48 (X T iy 7] 240 2R
BRZ G, $RH T M AR BEN B I RS ik O A AN B 2 R b ST AR
HHERATTIE. E5E, SAPF IR N E 2RI LT 8 R ERFEAR G ST, TR HZ 2 RN B AR I 2% 1) A]
¥4, PSRRI R e M SREAIE N RE J7. IR, PPR FEICHTN I ML R W Bt
EN, T SRR 552G Bt m 2R R ARG E . &5, SCCL ¥ ==
FROUERI > N2 AN B B X TE], 30 5 BT L 2 SR 5 5] AR AL 0f R B BB PR P[] — B 5 AN R S 2
] (R Ay o34k

LG SE R, BT J7VE7E NTURGB + D60. NTU RGB + D120 Al NW-UCLA ¥4 S EE T A
e IR ERE . Fod, 7E NTU RGB + D60 [f) X-Sub Al X-View ¥ T 43 BIEAS 93.4%F1 97.5%1)
Top-1 #ERAZ, 7 NTURGB + D120 ] X-Sub Al X-Set #r¥ 43513i% F 90.5%7F1 91.9%, £ NW-UCLA %1
PEE FIkF) 97.0%. WEhSLK#E B IGIE T SAPF. PPR Al SCCL &% 4 b i &bk, JF B =Mtk
TEFRINERR ., &2 R R LR R BRI AR T R A BAMER . 28 b, ASCT7 R B B 45 1
K ZABLAAIY B bir 7] = AN 2 T FE T8 228 1 R i 0 g

REEARSCTNEIAG TR R AIERE, (A EE— € RFRYE. B58, SAPF EZARIEHI A& AL 56T
JUIT 56 RA AR ARG SR NG, R IR AT T e 32 B AR AL A LSS [RIREAS 1 AR R o AT 22 S ISR, SR km]
BE— 20T 7 AT B SR A AR B B LT S0 . JLIR, PPR AR e (A REASE K 193 i B AR X 2 il 77 =0 H
RO e B, FEAEAS R S SR 200 B s R e B v] REAFAE 22 5%, Ja S TR &R 1 I B A U
BRI EEEFESBCHS] . F)5, SCCL K FH & £ iR B B 43, 0T SRR S [a] AP 7 3 5 2
FBORIIREAS, 858 43 B n] REME LS ST IS i (B BO 55, AR SR A 3k — At 90 Rl 2 2 BRBNAE B & R
IR [B] Kl 73 W

SE
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