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Abstract Traditional self-supervised methods based on skeleton data often take different data augmentation of a sample as posi-
tive examples,and the rest of the samples are regarded as negative examples, which makes the ratio of positive and negative sam-
ples seriously unbalanced,and limits the usefulness of samples with the same semantic information. In order to solve the above
problems, this paper proposes a double nearest neighbor retrieval action recognition algorithm named DNNCLR,in which positive
samples are not limited by data augmentation. First,a new joint level spatial data augmentation,namely Bodypart augmentation,is
designed based on the physical connection of human joints. The input skeleton sequence is randomly replaced with a normal distri-
bution array to obtain high-level semantic embedding. Secondly,in order to avoid the limitation of positive samples by data aug-
mentation.a more reasonable double nearest neighbor retrieval (DNN) positive sample augmentation strategy is proposed, and
further,a double nearest neighbor retrieval contrastive loss(DNN Loss) is proposed. Specifically, by using support sets for global
retrieval, the search range of the positive sample set is expanded to new data points that cannot be covered by ordinary data aug-
mentation. In the negative sample set,there are positive samples that have been misjudged, which are skeleton samples with the

same semantic information but from different videos. Therefore.by using nearest neighbor retrieval again, these potential positive
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examples are searche rom e nega ive sample se O Iurther expan e OSi ive sample sety,and the double nearest nei Or re-
pl hed from the negat ple set to further expand the posit ple setsand the doubl ghb

trieval contrastive loss is further proposed,forcing the model to learn more general feature representations, making the model op-
timization more reasonable. Finally,the DNNCLR algorithm is applied to the AimCLR model to obtain the AimDNNCLR model,

and the model is evaluated linearly on the NTU-RGB- D dataset. Compared with the first line model, the proposed method has an

average improvement of 3. 6% in accuracy.
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5 2

(c) DNNCLR(second part)

£0 ()
— > z
x ~ sitive pairs

7. /—?~

&~
L NN (%, sup) All positive sample ’
L» ar
ws. ws g

Support Queue

4 DNNCLR 577 45 14 14
Fig.4 Diagram of DNNCLR algorithm structure

3.2.2 MERIEARM KA ILH K

153 &8 B IEREAR J5 5 3 H N 4k 252 1F BRF AR 7 157 F 23 8]
HR e #  H 20 5 2 (4D B A B R A5 B Y 5 BE AT SR AT BR L ik
Uk 2 I 51 B AR BB Queue T2 2 (5) T 3k IF 7 A 14 35 305 45

WA HIE AL D, WE 4 xR, iHERA

N’\f(z,»up)'?Queue Z ] AR AL RE o A L BE S5 Y b Ak
ABCE N IEREA DL R FEIEAE ARG 8 i 4K TE A A X i
B2 N By p=1 A NN(Z.sup) 5
Quewe Z2.[0] (1 AH L) BE f KAB T X WL 1Y Quene "I RE AR Sy IE A
AN A Z R AR RS, XA A LR A

K(6),
‘ Z\: exp(z * m; /1)
Ly = —log ’7 ! o
exp(z * NN(z.sup)/o)+ 2exp(z *« m;/7)
i=1
(6)
542 (O M C6) A LIAT B BT 3T 46 K R 3 LR
I‘l)NNo
exp(z ¢ NN(Q,«mp)/r)Jr E exp(z * m; /1)
Lpw=— 10g A IEJ\;Jf
exp(z * NN(z,sup)/t)+ 2exp(z * m; /1)
i=1
7

HIPE ACO TR X F A 2058 — A~ Support BRFI
B A NNz osup) B 18 Quene BRI L BT 515 i T $2 4t
TEREAS G ) 32 P A 5 0 R SORE A A 8 1A 9 Mk 2 £y
BEABA T Quene HHZE 5 1A NN (2sup) HBLEQ3E SLRE
A% A HAR S T 49 0 4k 75 . WLEEIAL 4 (o) o TE BE AR 1 9 10
M Support FRRFN NN (2 osup) i AME N TEREA 1 7
FLRE AR T L ATEA Quene NI H 1R 1 REAS . Queue H

K% i M AEIEREAR 55 NN (2. sup) & I I 15 1K 2 it 19

HIEH ., 5 X8 IE G Query 48 £ 2 #t AL AREA
Queue AH) F YR A — T E L a2
4 LIGHER

A TEH BT Bodypart B4 18 58 5 0 B 3 48K R Xt H
RFEFE T AimCLR _E AT T SC56 , I 44 BECH FH (9 B A B

WA B 7355 NTU-RGB+D %ﬁz%ﬁ%La‘é?%ﬁﬁm 6
Hofth 7 W O kAT A B R X SRR HEAT T B4
4.1 ZWHIEE

A7 5 NTU-RGB+D 38 4 b6 T2 P 1Ak 10
oA B B O R AT R B R R S AT T A

NTU-RGB+D 60 (NTU-60)" & — A4 F§ F A& 5 1 iR
S04 AR B AL B 4 SRS S - RGB LI IR BE IR 7
G 3D H HBE LA AT, AR SC R R v SRR S R
o ZBUEEALE 60 M BIEA B, 56 880 A~ B MEFE A, 45 i
8 25 A B R B AT AL L S e AR bR B A . B 4R
& WA 1) Cross-Subject (xsub) » Yl 2k 5095 4 /1 40
A P — 2 A LR B SR R S — 2k 2l R
L1 2B R 4R 43 1A 40320 1 16 560 NREA 5 2) Cross-
View(xview) , A 1D 2 1 BYFEAZ LU I 50 85 4 . A 1D R
2 R 3 A AR AL I 25 5008 L I 45 A 4 43 S 37920
18960 A FE A, A< 3T I HE 77 14 PF Ak J7 2 ok T Ak B 4
Kk,

NTU-RGB+D 120 (NTU-120)%0 % 4% 48 2 78 52 ik 3% A
SR ANECR LR dT R, SRR B 120 A, SRR A
PRE 114480 4~ ZEIEE T NTU-60 f — D AH LY
xsub FEAE IZFAEM I ZE MK LK 53 &2 H R
fit, A B A — 4~ Cross-Setup ( xset) JE ¥ , 1% J& HE B 18 %
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1D AR HIL R B 04 B A A g I R B8R L % A 20 1D 48 1R HL R
LM REASAE S I 3 B HiE . R R 0 A A T A O R R T AR
RILTT .

4.2 ZWiEE

A SO B i B R R OF B 4R 128 GB N AR 4 B TT-
TAN XP &, %4 F & 45 Python 3. 7 Ml Pytorch 1. 6. 0
RESL, (A S 800 B 5 SCmR 025 JOR 35 — B0, X T 5040 Bl kb
P, A LA SkeletonCLR 7%, AT AP LS. A% A8
Cauwry T @re, i ST-GCN M %% . %t F R AL2%, A sh &
(0.999) FIH &K (0. 000 1) AY SGD, ZEER L 0.1 (2=
Rk 300 4~ epoch, IFTE 250 4 epoch ZbFEAKE] 0. 01, N T
OV LB AL I R T 3 A B B F B, B joint, bone F
motion, X T 3 A~ 8 485 5 Wi 1Y BT A S 45 R, 5 H A £ i
GCN ikt — e, fff AT 0. 6,0. 6,0. 4 JHE AT AL A
LMEATAL 1B 1T 100 4 epoch, Hoof S RAE & B A 3, 7E1TAG
T 80 /> epoch JG# KN 0.3,

A SCAEHEAT S50 B, o T 42 D7 B DNNCLR B H 7E Aim-
CLRHEZE I, -4 Bodypart 3458 i I AimCLR 14 1 %ii 34
A 3, S 8 S E A R T LR AR S (8)

L=alLpw+pBLy €))

B, ALY Ly 125 (D° M Loss) AR L 35 2% i1
TRARL AR o 5 BRI TR PR A Y S8 A
R U T TR B o 1T S TR I B I R g L 7
WIZRAYET 150 A epoch A, So Al Fl A RE A 1 (19 d5c i B 2 4
S, B B 2k A aLan 4 BLp » Lan W (4) FF 7R 5 76 150
A~ epoch ZJ5 i 52 A9 BT ELHAR L BIER(8) . N ES
Hofh — £ 7 ¥ #F 17 W& K k5 BB RR R
AimDNNCLR,

4.3 HREZBERLSW

AR 7E NTU-60 5 NTU-120 $d 5 L HE47 4 i i 5T, A
56 iE JUT £ A0 0 R X LU A5 2R 7 AR B R L O 45 11 SCEE R R
NG S HOR R UE 1 52 3 25 L
4.3.1 Bodypart 3 3% 5 DNN Loss % & 20K

N T ik — 2B 96 UE A S0 R AR B L 4> B 3E Bodypart
(BP)}4 3 Hl DNN Loss #47 T, W13& 1 Frdl, NA &oR
18 #4958 (Shear, Temporal Crop), EA 2 78 M i 34 5% ( Gaus-
sian Noise % Z Fp 8 38 ) , i Fj 3s-SkeletonCLR ({L &) #% w/
NA)Fl 3s-AimCLR ({X A3 w/NA Fl w/EA) 1E 2 5250 /9 5
— KL NS LR L 35 2R joint, motion, bone fill & A9 45 R,
5 — HE £k i A ol SR . AE xsub Al xview bR HIA # T
75. 0% 1 79. 8 %6 MY MERR 3R , 55 — KL 2% fdT FH AR o 48 54 43 S0l 35 B
T 78.9% 0 83. 8 %4 M HERG R, 7E UL LA LA I BP B L (15
xview JE#E T AR AR B AR L5 — SR 4k 5568 — 4 4y SR T
T AYH 1Y% .3 R WA A0 B G SR AE AT i H AR
FH. DNN Loss ffif§ xsub 3 [+ A %t F 55 — 3k 28 off g 3 42
T 3.6% , xview I LA FRANEL SRS T 4.1%
MO 1Y, JEBY T W E R LA R WA . A
Bodypart % 5 DNN Loss, AimDNNCLR 5 %I (% i 4 % 8
AN FELL, S KB T 79. 2% (xsub) 1 84. 6 % (xview) B

F 1 NTU-60 %4 £ 17 aill 52 56 45 51

Table 1 Ablation study on NTU-60
NTU-60/ %
w/NA  w/EA  w/BP w/DNN —mMm
xsub xview
NG 75.0 79.8
NG N 78.9 83.8
NG NG NG 78.9 84.8
NG N J 78.6 83.9
NG N NG NG 79.2 84.6

F 280 T Bodypart S5 1 55 b B HL i Y B k58 43
B N, ¥ AimDNNCLR SRR R 52 m, B 3. 1 37 a1,
N, ({E BB 505 B, —U (by 2 by ) 1 45 RN 5 2% A8 v R
FEWE N, B, 2 b, Ao, WUEN 11BN, 5 1;Y
by=1.0,=2.N, Al N 1 8¢ 2;% o, b, BE N 2 . N,
2, N2 HRTTLIE WM Y B AR B N, IUESY 1 L
BB, WEEE N, BUE A K, xsub 37K HERRRLE T 1%,
UL B AL E R T R SRR ERNZHER.

# 2 ZBR N ERAD AimDNNCLR _E 9 5% i
Table 2 Influence of parameters N, on AimDNNCLR

NTU-60/%
N, -
xsub Xview
1 75.5 81.2
1or2 74.9 80. 3
2 73.3 81.5
4.3.2 ZHFEEHRAD

SZHEEE Sup port WINE I JEAT il — A 3T LR IR ik A 25 8] /Y
Bl oA . DAE SR SRR B s o vk B S W ERE AR, a3k 3 FT
F %5 T xsub B, STHEER B R/ANBAE S 49152 DMEEARR 35
27 3 ) S E 8RS B f R AE . xview Fl xset i B9 32
FEARE A H 9 M 36864 F1 32768 ANMEEA ., it % 3 AYSLER
AL, ST RN ST KRR e R AL SR A e A R RE L A
STPEAR R/ L BRI Y BOHE 43 A 7K R B3 AL U ik A 2 T 1 L
H SRR I 7 SR Y B B NN 2 (A B A R i —
AR TE R 23 5 W R R R DR G £ 2 IR A A
LI KMAE 3 4N (oint, bone, motion) F A ZLH:, X} F xsub Ji&
TEEHE 40960 AFEAANE Jy ST 4 19 Iy, o T JH: Al 56 o 4
32768 MFEARAE R STIEE R/

# 3 Support K/NIEHAL AimDNNCLR i) 5 1
Table 3 Influence of Support size on AinDNNCLR

Sup port NTU-60 NTU-120
size/ xsub xview xsub xview
49152 79.3 84.4 68.9 70.1
40960 79.2 83.6 68.7 70.2
36864 78.1 84.7 68.7 70.2
32768 77.4 84.6 68.7 70.8
16384 78.7 84.6 67.9 69.0

4.3.3 AimDNNCLR #£ A 84 7 20 M

ARICAE NTU-60 Fl NTU-120 b 4T 75286, R 7454
Bodypart 3458 Fl DNN Loss ) AimDNNCLR #£fig, M3 4
Al LI L X T AR RS SR A 3 SR A joint Al bone
AP RE BA 38 0, 1 motion Y SE PR b AE HAL SR Al B T,
Hovk g Ay DAAS BIAR A7 A 4 T RS 3 AR SCEE R Y I B OF AN
AT motion i . 734k Bodypart B4 38 5 & 56 15 94 25 [f]
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B4R L motion F M TE TNk (] 4k B 1 19z 345 8 o o iy 28
[ 388 5 25 R AR 5 K — B B E R . 0 T A A 1 g R,
3s-AimDNNCLR #9245 AP B H 4 H 30 T 3s-Skele-
tonCLR Fi1 3s-AimCLR,

% 4 NTU-RGB+D $¥g 4 b iy 2R vk PRk 45

Table 4 Linear evaluation results on NTU-RGB+D
CHLAT 2 6D

Method Stream NTU60 NTU-120
xsub xview xsub xset
SkeletonCLR24] J 68.3 76. 4 56.8 55.9
AimCLRC%5] ] 74.3 79.7 63.4 63.4
AimDNNCLR ] 75.5  81.2  64.0  66.1
SkeletonCLR 24 B 69. 4 67. 4 48. 4 52.0
AimCLR(?%] B 73.2 77.0 62.9 63. 4
AimDNNCLR B 73.9  78.2  63.8  64.0
SkeletonCLR 24 M 53.3 50. 8 39.6 10.2
AimCLR[25] M 66. 8 70.6 57.3 54. 4
AimDNNCLR M 63.5 72.1 54.0  54.5
SkeletonCLR24] all 75.0 79.8 60.7 62.6
AimCLR25] all 78.9 83.8 68. 2 68.8
AimDNNCLR' all 79.2  84.6 68.7  70.8

T FOR = A

ARSI AT B JE R 2 L Bodypart 38 5 42 {1 T 3 3 14 5
WA B SRR S R 22 E B9 RRAEAE B T 5 DNNCLR LA
S 0 0 X SR AR A RS B T4 HOEE X BSR40 IE
FEAS . DIAE T35 (UL B 4 (b)) g 38 58 5 09 18 A B 82 9 8 1E B
NI SR N B SR = o N (SR T S R B 7
751 22 [0 AS — 2 A i e R BL M T S [ 0040 W] i X 7
AHTF] B0 A 28 531 el ok 5 — B T AT A 2R R L D OE i A
B AU SR TE AR AR, PR 28— SRl A R R T R T aE B A
AT RREAR A I TE TERE A, B A5 2 19 TE A S & BLAE
AHIEREAMEIE T DNN Loss % 4% i1 i — 25 4t 4k , 47 208
BT ES G,

B 5 451 T B AimDNNCLR #5788 fy 24 1F 4 4 59 ] #1 4k
25 W HT W IR S 25 5 AS54 (Point Finger at the other Person) f
T AL, 5 PR M 255 A57(Touch other Person’s Pocket) f)
AR, RS AimCLR ¥ 2850 AS7 R0 T AS4, 45
# DNNCLR J& R Bl 4] 1E 73X — 8RR,

100 100
075 075
050 050
025 025
0 0
-025 -025
050 -050
-075 -075
-05 0 05 10 15 -05 0 05 10 15
100 100
075 075
050 050
025 025
0 0
-025 -025
050 -050
-075 -075
-05 0 05 10 15 -05 0 05 10 15

B 5 # AimDNNCLR 4% % Jir 21 1A A (14 0] #4k

Fig.5 Visualization of samples corrected by AimDNNCLR

F 5 HH T AL S AimCLR, SkeletonCLR #Y % %k
BHZEEEMX LSS, F AimCLR #1 SkeletonCLR # It
ARSI AR AN G N S 4500 R A SR o — 2 AR TR
RN B . AimDNNCLR %% A~ 807 19 38 88 5y 2. 2 X 10°
GFLOPs, /i F SkeletonCLR Al CrosSCLR (J -+ M) £ #l iz &
2 8], {H AimDNNCLR #8885 B 0 8 08 T, (R 8L T A&
ST A R

# 5 ZRHE (Params) iz 358 (FLOPs) it e

Table 5 Comparison of parameters(Params) and computational
complexity (FLOPs)

NTU-60 xsub xview  Params/(X105)  FLOPs/G

SkeletonCLRI21) 75.0  79.8 1.8 1.5X102

CrosSCLR(J+M 2 74,5 82.1 3.7 2.9x102

AimCLR[?7) 78.9  83.8 1.8 2.2x10?

AimDNNCLR(ours) 79.2 84.6 1.8 2.2X102%

W]+ M # R [ ] Joint 1 Motion #LI
4.4 RBERHH
4.4.1 REBERSM
# 63T AIimDNNCLR 78 NTU-60 |- 19 £& ¥ 9% 4 45
B, W T BN, A S0 AimDNNCLR J7 #5347 AimCLR
FEE 1. 2% (xsub) Fl 1. 5% (xview) s ¥} T 3s-AimDNNCLR,
TE xsub M xview JEfE T WH B AL T LLA T .

F 6 NTU-60 %46 1Y 2 ok DEAl 45 51

Table 6 Linear evaluation results on NTU-60

Method NTU-60/%
Single-stream: xsub Xview
LongT GAN(AAAI 18)[27] 39.1 48.1

MS2L(ACM MM 20) 28] 52.6 —
AS-CAL(Information Sciences 21)30] 58.5 64.8
P&.C(CVPR 20)[29] 50. 7 76.3
SeBiReNet(ECCV 20)33] — 79.7
SkeletonCLR(CVPR 21)[24] 68.3 76. 4
AimCLR(AAAI 22)L25] 74.3 79.7
AimDNNCLR (ours) 75.5  81.2

Three-stream:

3s-SkeletonCLR(CVPR 21)L24] 75.0 79.8
3s- Colorization(ICCV 21)[48) 75.2  83.1
3s-CrosSCLR(CVPR 21)24] 77.8  83.4
3s-AimCLR(AAAT 22)[25] 78.9 83.8
3s-AimDNNCLR (ours) 79.2 84.6

F 75 H T AimDNNCLR 7E NTU-120 [ 1948 # A% 45
S5 A T B R 0 B B S TR A R . AR
B AimDNNCLR #id 7 % ¥ NTU-120 E i H A A W8 5
@, PR.CPY, AS-CALPY, CrosSCLR™?Y, 1SCH, Aim-
CLRY, =Rl 4 45 B A5 xsub Hl xset K2k b /4 5 2R 43 )
KRBT 68. 700 70.8% . JINEER KU AFEBESHRA
B S Bl o AXCFE B B2 T T Ao W B B 3 4B K 2R R I R AR AR A
il 2 2 T 4 B AR R

SR 9GAIE Bodypart 3 5 F 1E 25 43 45 Ré AL E1E S 3H 58 3K
50 1 505 8 T O A BB OE A5 40 A BE AL AU 78 (Normal dis-
tribution) 5 ¥ 78 J5 1% (Zeros) #EAT b8 . 45 RN 8 r %],
THIFE I k%t xview FEHERS A B0 , % xsub Bk R T % AE
FH TP I 285 0 A5 1 0 K A6 28 14 e 3 AR T



104

Computer Science THEHLELZ  Vol. 50,No. 11, Nov. 2023

F 7 NTU-120 B4R 4 M7 AG 25 1

Table 7 Linear evaluation results on NTU-120

NTU-120/ %

Method _—
xsub xset
P&.C(CVPR 20) 42.7 41.7
AS-CAL(Information Sciences 21) 48.6 49.2
3s-CrosSCLR(CVPR 21) 67.9 66.7
ISCCACM MM 21)[47] 67.9  67.1
3s-AimCLR(AAAI 22) 68.2 68.8
3s-AimDNNCLR (ours) 68.7 70.8

*8 IEANAH S FHITM A
Table 8 Comparison between normal distribution padding and

zero padding

NTU-60-] xsub xview
SkeletonCLR[?! 68.3  76.4
AimCLRE? 743 79.7

Zeros 74.1 80.2

Normal distribution(ours) 75.5 81.2

AimDNNCLR fdf H] 9 1F #F A — F8 43 42 38 i S #3541 4R 15
1 4 JR) TERE AR, 55 — 38 43 2 A 4 JRy 1E B A T 1 B A b A R
51, Lb BB H B 1 5RO R Y Y E AR AR T N A 3
FUEHTX — A ¥ AimDNNCLR 5 AimCLR(top_K =2) #47
Wi JE 3 R AR B2 I ECH 2 19 AimCLR, 56 B 45 2 4

29 A, BAR AimCLR (rop_ K = 2) Xf K B W& A5 42 T, fH A
SCH AR B F AimCLR (zop_ K =2) 56 M  iX B 18 T
AR ST v R A AR T A R IE AR A
# 9 AimDNNCLR 5 AimCLR 1 Fb %2
Table 9 Comparison between AImDNNCLR and AimCLR

NTU-60-] xsub xview
AimCLRE? 743 79.7
AimCLR(zop_K=2) 74.5 81.0
AimDNNCLR (ours) 75.5 81.2

4.4.2 RMEERHH

N T H EOW M & R R SC BT 42 Bodypart 3 8% Al DNN
Loss b8 % 09 &% 5, F) 1 -SNEN B 4 4 1, 8 B 45 T
300 4 epoch J§ 9 AimDNNCLR, L & 4% 5 o g 4 J§ T
Bodypart % 42 5 3% ) % DNN Loss ) AimDNNCLR(BP) #
AimDNNCLR(DNN) ¥ 7 AL 4k A 43413, 55 AimCLR iy W] #
AR A T HE4T T 8. N NTU-60 1Y xview 3 #E I 1
60 A~ 25 Hh Bk L 10 A2 B RFAE i A AT AR IR B 6 fT
NEE R, AT LLE B LA AimCLR, B % Bodypart A1 DNN
Loss MfIA , [F) 2 i A R E T R B, A A 25 A B 0k 58 Jm
mE,

(a) AimCLR (b) AimDNNCLR(BP)

() AimDNNCLR(DNN) (d) AimDNNCLR

Kl 6 NTU-60(xview) 84 4 L3 i ARRAESEAT +-SNE AT L4k
Fig. 6 t-SNE visualization of embedded features on NTU-60(xview)

GWRIB AP, HEREBT — A KT YA | R
Bodypart, DA I 25 43 A B AL A 2 9 B 7 8 8 L 10 4~ &
PRE S BENLIEAT LA R HIFE R T A G UE R & T
FHER R Iz A PE . FEUC 3 70 44 [8) — B A 09 S [R) B 5 A R
TE XS A% 58 75 1%, AT 0UTE T B AR 114 38 T, % 28 2o 540 14 5 1Y
D ey 8% AR i ST 48 K R 0 2 1 dee AH ALY TEREAS 80 T B
TE IE A A 4 650 3 1) 7T BB M, 1326 A el D77 skt AR 0E B30T 19 671 B AR
BAF Hh Ay 5 B — T I AR AR AR R B R 9 AT A IE B AR
erpr, WU R EFEAE T A 3, iE— 2B 4R
T ONUEE S5 AR B LA O, AR TR A ) T 2 Y — R AT
FOR BRI R E N A . B, %A Bodypart #iR 5
DNN Loss #4% DNNCLR %, 3 £ NTU-RGB+ D %45 4
L HEAT S E L AE A5 A L PP AL PR S rb AR AL o i R R T s
W B 1 At RV AR R L U AR SO R I A R

2 % X M
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