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54 #

PRIER , 85 < 3 T HORE 20 A 58 SCTE 78 0 LAt i) s sl VR U0 O vk 3

PRUETE 2S5 AT RO M7 e a0 SClk [ 18] s, 1% 3
TRl 2 By /R m] J kBT, HOR S FE B AR T KRR

p(x] | x" ) =N(x;./T=Bx" .,BI . (1)
A Ry BRI =1,2, -, T B R F PG E 1y I
AR 3 2 O  a R o N G 1 B RN
W 5 B R/, BT A A B R R X
PEAT R AT B35 4 R T 9 Bl 1, Bk
FELS AR iR

p(x) [xg) = N(x) s Jayxy (1 -a)D) . (2)
AHF.a =1-8,;q = Haio

HE—2 ¥ R R AR AR E SRR

x' = Ja,xi +. /1 -aee~NOT, (3)

I P R Oy 25 S, YRl T
SRR, o, I F MR p(x") IR M FR
WEIEZS 34T N(O0, 1), DT A J5 2 S ) 25 M 4 1t 4
P I

e S 1] 2 W i B, 455 80 5 B 7 00 oK 4 i 5
x) AR MR 5 A9 38 i e 510 ™ s &, i)
b 7 64 SR BAHE i 51 x ) BIOXF 40 A p(xl | X,
X)) VEATHEBE AN [E] T v BB R o A R
PR AE 20, A SC B B R S0 F A SR M 3 A
25 285 AE B — Bl HLAT [B) 25 ¢ b X0 in e 3 e S 910 X
HEAT J MR AR AR T A Xy RS RN TR
TN A M E S xn ~ N(0,1) FFIRE A R
B T 24 Ry B s R M, ShamnedE
HEAR L, B A0 W b S A T A BT B
S AT T AR EY BB R T A R A S T
KA 5 ;) BT HE AL 580 25 R 20 0, 4 BE AR 15 55
1 AT, AR T TR R Y iR 25 MSE
VE RN 2k iR 85, ik Al

Lo =D, (x] L, E (x)) [P (4)
X S e E, 0T R MR 5 x) 5 2008 16
25 1), PR H R 208 SCRFIE 4R Ik 4 R R SOfE B
s D, ST YRR A A A x| B TR ¢ AR R i
JFB I RFIE R B (x)) , 58 B 6 1 i 1T 51
xp (T E A i ) R ik B R A A &
THE B, BB A5 48 THSE ARG 51 (0 3 HRs 1, A AL
W A,
1.3 HEZXEENEHR

SkeletonMAE 3 1 4 i%h %5 — fift it 2 HE 22 F A fil
RAGE W28 M2t 8 4> STTA BLH 4l i,
RE A% R B4 J5) 1 I 25 AR A1 i A 28 10 5867 FE A 15
WJE, B HG SkeletonMAE Y 15 2% Bt = 5 2 1 4%

_ m
e Et,xo,e Hx()

b = 18] A9 S A2 L B 25 A5 A o2 ) B T 4R R
N RS AR AR R AR o BRI N B E
ek b F SR B, S B RS 1L ) s A2 2k S 1R
FFEARNZR", WA SR T2 TR S
AL T ST 28 38 SOTE R SRR 7 A & b i
A STTA BB Z Fir A I 258 58 O S i b, — 3%
B CSTTA #EHR, — 3L 8 4,
I 28 58 SUTE A A% B AEL I I S A
2 ] AR e | 3 5 T B AT, BT SE A
AR B M SC R a5 M, S, 1 D SR 4
bR R RS R, BB v K
THRER X, e RV Gt ds M N RFIE R Z, e
RYTC ) ) 22 S E SR
Attn (X, ,Z,) = softmax(Q K/ Jd)V ., (5)
R, Q, =X W, ;K =Z WV =Z W, softmax 1
I o) 24 B B — Ak, X — i AR A R TR R A S G
RN (] 4E B2 1 0 5 G 0% i AR AL 4% ) B SRR AR
FLUR A A A I E] A5 XA [ 91 Y 23 TR A
KREPATLGER a5, B« Wiy i i 48 4 A
X, e RV i diiih 2, e RV, =3 [H]
SEME T E LN
Attn (X, ,Z,) = softmax(Q K./ /d)V_, (6)
K. Q =XW,;K =ZW,;V_ =ZW,, softmax {E
KATHERE I — Ak, AT 221 1 [R] — ik [ B 19 25 ) 4
(USSR [ N3 < S il 1 N0
e .
e, K I I 52 S B T 5 S ) A T R A
HR AT 2 fe L hay i
Y = Attn (Atin (X,Z) ,Z) , (7)
A X 0 MR ; Z A i, il
TYSCBL T X 2R Sl AR ) 2 2 i R A

2 XWERRSM

2.1 HIEE

NTU-RGB+D 60" $it4fs #2345 56 880 4~ FEAR,
BEAFEARS 4 FOBLAS . B AR ARG 25 O A
9 = 4EAr bR RGB K4 1 920x1 080 14 K, K ¥ 5
LLANEMG N 512424 1R K . ShEZE5I3E 60 F, 434
40 Fhra N H F SR (11 g B B VEFRT 9 i fg B AH 3¢
A B 42 i A 0 T A SR I L 25 A (X-Sub)
IS AR (X-View) , X-Sub H1,40 % % 5 & /> i 4%
20 A F IR AMAR ; X-View 2 LIAS B LA 1 8314
BLAR ] — sh 7, FH T PP A5 B R R A R0 A R iz
kg



4 LN s | S QU )

2026 4F

NTU-RGB+D 120" %4 4 A4 F NTU RGB+
D 60 BIGLE , ShVEZ M 60 R hn %] 1T 120 Fh | %
T 32 MR E M 3 B AR BLIE] B R A A [
FRERE i — R TR R S 2R, S ES
WIELTE 82 Fh o N BhE (26 Fh 52 Bl /EF 12 F g Fé
FHCBIAE BT 200 6 & T/ INI RS B S R A DG 1Y)
SNBHVE, B 52 $2 148 5 Fh DF £ 5 m . 5 A 1R (X-
Sub) 5EEFELE (X-Set) , i #E X-Sub Hf 106 A 43
A% 53 N T U255 M 78 X-Set H i 5 08 1)
BB E TN, g5 &80 T
2.2 KIGIFE

ARICFTA LI | & Linux IR 55 4% LT,
BEVE £245M Ubuntu 20. 04,45 %% 2 Bt RTX 2080Ti &
K, >k H Python 3. 8 i % 4w 2, 3£ T PyTorch 1. 12. 1
HEZESEH, CUDA WAy 11. 3, el Ak s 7 m, fil
5B B YR A SGD Ak g, Hosh i S 80k
0.9, PGB Al 2% 2 R 5 A R 0 0 A BTN
5]« T 25 B B 43 9135 9 0,001 F1 0. 000 25 % 1 By
BEAy 59 0. 010 F1 0. 000 4, 453248 R B3y 45—
BEAE A 90 AN JE bk K/ Ry 32, I AR 4x 3% R K
TR X} 27 2] FEHEAT W
2.3 XftbEIg
2.3.1 AFEHETOHRALRSTI

AR DCMAE 5 E 3 J7 578 NTU RGB+D 60
S NTU RGB+D 120 #s % E #4770 5 HERE XS 1L,
g 1 fras, B 1 WA £ NTU RGB+D 60
Bl 45 I, X-Sub tH I F DCMAE i %f T Skeleton-
MAE 76 Wi B3R AT 1.1 A 50 450, 7E X-View
PPSCTFHEF T 1.2 H 43 5 7€ NTU RGB+D 120 %k #is
£ I, DCMAE 78 X-Sub 3 F 09 43 28 #E 5 R 1
Skeleton-MAE £ 7+ T 5.5 7 4> &5, 7€ X-Set HH i F
PIT 5.3 B, LA R RN AT ETE D
MREE 4R R T3 Tk,

BR T 43S BE Ab AR R B T R R RN S B A
2 S BRI W B A bR, R 2 AR SO R R

SkeletonMAE PEBEXT L, H 3 2 AT 40, /X4 DCMAE
S B = T SkeletonMAE , {H 357 5 K iR F# 11K
X E Y] DCMAE 7o {847 150 80 75 B /9 [ i, S8 1 3
[0 N & S N IR I E - 17 7 p o
%1 NTU RGB+D 60 5 NTU RGB+D 120 #{E%&
EHREMIBERITEE
Table 1 Comparison of fine-tuning performance on the fully
labeled NTU RGB+D 60 and NTU RGB+D 120 datasets

HE# /%
NTU RGB+  NTU RGB+
VRS ERECES
D 60 D 120
X-Sub X-View X-Sub X-Set
CrossSCLR ™! ST-GCN  82.2 88.9 73.6 75.3
AimCLR"' ST-GCN  83.0 89.2 76.4 76.7
cpm ST-GCN  84.8 91.1 78.4 78.9
AimCLR"™! STTFormer 83.9  90.4 74.6 77.2
CrossSCLR ' STTFormer 84.6 90. 5 75.0 77.9
Hi-TRS'™! Transformer 86.0 93.0 80.6 81.6
SkeletonMAE'™"  STTFormer 86.6  92.9  76.8 79.1
SkeletonMVAE'®) STTFormer 88.4 93.1  80.6 83.5
DCMAE STTFormer 87.7 94.1 82.3 84.4

F 2 ZRXF AT SkeletonMAE 1% &8 X b
Table 2 Performance comparison of the proposed

method and SkeletonMAE

WiRES ZH /100 & & /GFLOPs
SkeletonMAE!""! 11 42.8
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Table 7 Ablation experiment with different frame and
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Table 8 Ablation experiment on the noise level
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Figure 2 Visualization of the reconstructed '"eating' action



PRIER , 85 < 3 T HORE 20 A 58 SCTE 78 0 LAt i) s sl VR U0 O vk 7

AR SCER X AR Bl A TR 50 S8k rh $5 0 BRI O T
G UER FAR AR 2 Bz A e 70 55 1% 1)@, £ 4
G55 BB B R 22 ST B I ML 9 7 5 DCMAE,
T Ao B 25 R T OB A 5 e s A8 SRR AL
il i Hp R T, 4 e B R S5 7E S RS R o B R
JH B 25 8 i SR s o0k D 4y sV 1 97 4 4 BE BIL R 43 4 il
Qb B ECA HHE W 43 1) B 25 SRRAE 5 7 HIORE R 7 36 1)
F M BB 3] S AR Y B A R A A, 3 T ECHE S
15 B0 T B 53 25 VE RE 5 76 i 15 4% By BOAE Bl B 28 28 33
B P SE B 25 45 B 28 B, 1 i D bR A BN A5 1
TRz ALRE S, 7 NTU RGB+D 60 £1 NTU RGB+D
120 0464 F I SCIn 25 R UE VxR E B A
AR R 2R AR 1R S5 4 AR AT A
SR | 7 DI R W R SR T A 1) 2 S A
DLHAAS B B 47 Y AR

SR

[1] Xin Wentian, Liu Ruyi, Liu Yi, et al. Transformer for
skeleton-based action recognition: a review of recent ad-
vances[ J]. Neurocomputing, 2023, 537. 164-186.

[2] Gui Jie, Chen Tuo, Zhang Jing, et al. A survey on self-
supervised learning: algorithms, applications, and future
trends[ J]. TEEE Transactions on Pattern Analysis and
Machine Intelligence, 2024, 46(12) . 9052-9071.

[3] Zhang Jiahang, Lin Lilang, Yang Shuai, et al. Self-

supervised skeleton-based action representation learning:

a benchmark and beyond [ J].

Computer Vision,2026,134(1) ;1-22.

International Journal of

[4] Gao Lingling, Ji Yanli, Yang Yang, et al. Global-local
cross-view fisher discrimination for view-invariant action
recognition[ C ] //Proceedings of the 30th ACM Interna-
tional Conference on Multimedia. New York: ACM,
2022, 5255-5264.

[5] Chen Zhan, Liu Hong, Guo Tianyu et al. Contrastive
learning from spatio-temporal mixed skeleton sequences
for self-supervised skeleton-based action recognition| PP/
OL]. V1. arXiv (2022-07-07) [ 2026-03-10]. https:
//arxiv. org/abs/2207. 03065.

[6] Mao Yunyao, Deng Jiajun, Zhou Wengang, et al.
Masked motion predictors are strong 3D action representa-
tion learners [ C ] // Proceedings of the 2023 IEEE/CVF
International Conference on Computer Vision ( ICCV).
Piscataway: IEEE, 2023, 10147-10157.

[7] Tomczak ] M, Welling M. VAE with a VampPrior [ PP/

OL]. V5. arXiv (2018-02-26)[2026-03-10]. https://

[8]

[9]

[10]

[11]

[12]

[13]

[16]

[17]

[18]

arxiv. org/abs/1705. 07120.

Liu Ziyu, Zhang Hongwen, Chen Zhenghao, et al. Dis-
entangling and unifying graph convolutions for skeleton-
based action recognition [ C ] //Proceedings of the 2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway: IEEE, 2020. 140-149.
Fuest M, Ma Pingchuan, Gui Ming, et al. Diffusion
models and representation learning: a survey [ PP/OL].
V1. arXiv (2024-06-30)[2026-03-10]. htips: //arx-
iv. org/abs/2407. 00783.

Song Yang, Sohl-Dickstein J, Kingma D P, et al. Score-
based generative modeling through stochastic differential
equations[ PP/OL]. V2. arXiv (2021-02-10) [ 2026-
03-10]. https:/arxiv. org/abs/2011. 13456.

Rombach R, Blattmann A, Lorenz D, et al. High-resolu-
tion image synthesis with latent diffusion models[ C ] //Pro-
ceedings of the 2022 IEEE/CVF Conference on Computer
Vision and Pattern Recognition ( CVPR).
IEEE, 2022. 10674-10685.

Lukoianov A, De Océriz Borde H S, Greenewald K, et
al. Score distillation via reparametrized DDIM[ PP/OL].
V3. arXiv (2024-10-10)[2026-03-10]. https: //arx-
iv. org/abs/2405. 15891.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic
models[ PP/OL]. V2. arXiv (2020—12-16) [ 2026-03—
10]. https://arxiv. org/abs/2006. 11239.

Piscataway ;

He Kaiming, Chen Xinlei, Xie Saining, et al. Masked
autoencoders are scalable vision learners[ C] //Proceed-
ings of the 2022 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition ( CVPR).
IEEE, 2022, 15979-15988.

Wu Wenhan, Hua Yilei, Zheng Ce, et al.

Piscataway ;

Skeleton-
MAE: spatial-temporal masked autoencoders for self-su-
pervised skeleton action recognition[ C ] //Proceedings of
the 2023 IEEE International Conference on Multimedia
and Expo Workshops ( ICMEW ). Piscataway: IEEE,
2023 224-229.

Qiu Helei, Hou Biao, Ren Bo, et al. Spatio-temporal tu-
ples transformer for skeleton-based action recognition
[PP/OL]. VI. arXiv (2022-01-08) [ 2026-03-10].
https : /doi. org/10. 48550/ arXiv. 2201. 02849.

Chen C R, Fan Quanfu, Panda R. CrossViT: cross-at-
tention multi-scale vision transformer for image classifica-
tion[ C ] //Proceedings of the 2021 IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV). Piscat-
away: I[EEE, 2021. 347-356.

Wei Chen, Mangalam K, Huang Poyao, et al. Diffusion
models as masked autoencoders|[ C ] //Proceedings of the

2023 IEEE/CVF International Conference on Computer



LN s | S QU )

2026 4F

Vision ( ICCV ). Piscataway: IEEE, 2023. 16238 -

(CVPR). Piscataway: IEEE, 2021, 4739-4748.

16248. [23] Guo Tianyu, Liu Hong, Chen Zhan, et al. Contrastive
[19] Zhang Fugiang, Bai Junyan, Mu Hui. Human-machine learning from extremely augmented skeleton sequences for
interaction oriented gesture recognition method based on self-supervised action recognition[ J]. Proceedings of the
improved GAN [ J]. Journal of Zhengzhou University AAAI Conference on Artificial Intelligence, 2022, 36
( Engineering Science) , 2025, 46(2): 43-50. [ k& (1): 762-770.
B, B, BE. Tl GAN AN B FHAT [24] Hua Yilei, Wu Wenhan, Zheng Ce, et al. Part aware
FRBITT R[], B R 2= (T 2% ), 2025, 46 contrastive learning for self-supervised action recognition
(2): 43-50. ] [PP/OL]. V2. arXiv (2023-05-11)[2026-03-10].
[20] Yue Rujing, Tian Zhigiang, Du Shaoyi. Action recogni- https ; //doi. org/10. 48550/ arXiv. 2305. 00666.
tion based on RGB and skeleton data sets: a survey[ J]. [25] Chen Yuxiao, Zhao Long, Yuan Jianbo, et al. Hierar-
Neurocomputing, 2022, 512. 287-306. chically self-supervised transformer for human skeleton
[21] Liu Jun, Shahroudy A, Perez M, et al. NTU RGB+D representation learning [ C ] // Computer Vision - ECCV
120 a large-scale benchmark for 3D human activity un- 2022. Cham: Springer, 2022 185-202.
derstanding[ J ]. TEEE Transactions on Pattern Analysis [26] Wang Xueting, Guo Xin, Wang Song, et al. Human

[22]

and Machine Intelligence, 2020, 42(10) ; 2684-2701.
Li Linguo, Wang Minsi, Ni Bingbing, et al. 3D human
action representation learning via cross-view consistency

pursuit[ C ] //Pmceedings of the 2021 IEEE/CVF Confer-

skeleton action recognition method based on variational
autoencoder masked reconstruction[ J]. Journal of Graph-
ics, 2025, 46(2): 270-278. [ T H &, #WH, TE#H,
. S TAR Ay O o T4 R A 0 B S B PR R

ence on Computer Vision and Pattern Recognition ], E2EsE, 2025, 46(2) : 270-278. ]

Diffusion Method and Cross-attention Mechanisms for Skeleton-based Action
Recognition Method

CHEN Engqing, LI Jiahui, GUO Xin

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; To address the problems of incomplete motion information caused by occlusion or missing joints in skele-
ton-based action recognition, as well as the limited generalization ability of models with few-label conditions, a
skeleton-based action recognition method DCMAE was proposed, which integrated a diffusion model with a cross-at-
tention mechanism. Within a self-supervised learning framework, a spatio-temporal masking strategy was adopted,
where the diffusion model learned the global distribution characteristics of motion sequences during the denoising
process to improve classification accuracy under data-missing conditions. In the decoding stage, the cross-attention
mechanism introduced encoder features to achieve spatio-temporal information interaction and guidance, thereby en-
hancing the model’s generalization ability in few-label conditions. Experiments conducted on the NTU RGB+D 60
and NTU RGB+D 120 datasets showed that the proposed method could achieve accuracy improvements of up to
14. 9 percentage points and 3.0 percentage points, respectively, over SkeletonMAE with data-missing conditions
and few-label conditions. The proposed method effectively enhanced the robustness of skeleton-based action recog-
nition models to data-missing and few-label data, providing a new perspective for self-supervised action recognition
research.

Keywords : skeleton-based action recognition; self-supervised learning; masked reconstruction; diffusion model;

cross-attention mechanism



