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[ Abstract] Currently, the work of gesture generation is mostly to generate coordinated gestures from speech or text and realize the
data augmentation for gesture. The former is used as nonverbal signals to conduce communication, but it is difficult to express
semantics alone. The latter is that in most cases, the skeleton joints are regarded as pixels of the image and a frame of the gesture as
an image. However, those do not take the rich structure information among joints into consideration, so it may cause the generated
result to be distorted and unnatural. The paper proposes a generative model based on Graph Convolutional Networks to efficiently
encode structural information into gesture generation. The research compares the proposed method with methods based on Fully
Connected Neural Network and Convolutional Neural Network. The results show that the gestures generated by the proposed method
have been significantly improved in quantitative and qualitative results. The successful application of Graph Convolutional Networks
in the generation of skeleton—based gestures can further guide the work of generating real gestures from skeleton—based gestures, and
it is of great significance for generating natural and real gestures.

[ Key words] skeleton—based gesture generation; Generative Adversarial Network; Graph Convolutional Neural Networks

R RS R B — MR R R SRR — >

0 3 & A5 TS 5 S B 15 0 3 A

IR, T B TAEZ T MAEE a0
FEAE B IR A T BT DL R S BT A R 1
S AR O T I 4 R LA A R AR S 3
W AETFHA R AR Tz R,
X 4 A AR OO IO T A ) T U, AR
AR S AR S BITE AR SR A , AL
BAPhRIRTE S, e T B TR AR
PR, BIVER R —A A UEHH R T | o n] BEAE 4
U S I PEBEAN R B T 43 1, 5 HLAE U4 R &
FRE TANTHRNKE, T340, T HBn g o8 TAF 3
ZET X B E S T I H R 2R AR

PRGEF (5 B, I A] BE S 30k s A 25 SR A R
HARE . BIFGE & BR, T 45 B Rf 28 ) 45 BE A% Ah B R R
A [a] R | A 7] 4% 528 (%) P 28 1B A 1 CNN
LSTM 25 HAEALBRRR X2 ] 1 I A% 225 440 1 25030
U, o8 T RETE A b A T S50 15 8 AR SCR T
T BB A X o 25 AR R R B T4
Y, SEEREE R, SCH I T R 4 A
B T 5 H AR R RS R ASCT AR &
FEGTRRAE SRS A 2 A5 T

B— AR TR T RSB LML 1 TR
A BT %, T LA R T3 1 45 R 15 8 g i 3]

EE R Fi(1996-) , Lo AR LAFFE A, RTS8 A SEAURGE ; TR (1973-) 35 W | RIB0R , 2050 T o] THE AL A R A
BHA TSR IREZILAT2: ) Tk I (1982-) 55 Wt Rl 38, R BIWESET7 o) DAOR PR AL B 3 A 0 (1977 -)
5 B, BRSO LR R R B AR S AT AN (1980-) , 55, T RO, SRRSO ) AU B

BiEE . KIEMA
Wi A 2021-07-25

Email: zhhx@ zstu.edu.cn

Y LR RN o= K4t 55 A




34 B o /5 M5 MM

RS

Hagih,

B TETRE R RS bl A RO R
FHEBEEAE S, SO 0 05 1 FU B T e e i 22 R 45
DA T 45 R 22 I 2% 14 A BT W A S P i 2
R EHEREUT T AR,

1 tHxXxIE

L1 AR XM %

A % X B W 455 % ((Generative  Adversarial
Network , GAN) J&—F It 75 i A4 iR A | REAS 27 >
EAREARR IR S Z AR REAS  © IR N
FHRUPRA B G 5FIGIEE D & GAN BAY
%) L 2H AR A, 3 A 22 () A B A T T
PR BIHGR | S 2 A U AL AT RE AR BUE B FEA
A EWE 1R,

Distinguishing
real or fake

Real data

Discriminator
7
/

[ z ]—)[ Generator H X
Latent Generated
variable fake data

B1 AR
Fig. 1 Generative Adversarial Network
I S BN i L ey 0] S8 QR B PO B
i A AR AS A ) O o Ay A Sl A T 1) X
91 o WNGRIN, Az bl A 53 gt 52 B0 I 2, AR
PRy BAReREC 20T
mcin mgle(D, G)= Ey p,.c0 [log D(x)] +

Ez~Pz(z) [log(1 - D(6G(2)))] (1)
Hb ) E S0 A R B I B 5 D LSRN 2
oW, (1) HSE — AR KRR/ MLk R R
A s 5 H AR AT AR, 7R S B U 2 b XU #
BTG R
GAN B Z J5 , 45 Fl' GAN (14417 A 455 20 A 44k 42
LTRSS e N A DT AT BT, T s an E
B i R RURMIE S 55 24, TES5H
gt a0 2017 4R Y wganm] \began[”] YT
H b ok £, 75 U1 G s k2 . 7 N H 5 T, n
CycleGAN'™" Al Pix2Pix' "' 52 Bl T K 4% i #,
TPGAN"') REARE i1 A A e sl A iy iy 1) 7
1.2 EERMEMLE
B2 0 25 38 5 R AL i A B OR 2 2T Rl
MRS E S AR5 0 I SR R M B AR S R A 22
A REER AR R HAS R ) (AR 7E Bk

FEGTAGIN | [ AR 1E AL AT 55 L AREUS T AN
FIRCR , HJE, S AN AR P04 H: e b B R 8L
P, T A FHAN T U 5308 X 28 S5 A=l E RR 25 ) ) 5080

2013 45, BBy 5L TRl R O 25 (R (9 6 B 42
A AR A= R/ T It - S | e 17
FEHATEERP 2 2 M EE ek, &R
5 S A4 B R, 76 35 A T 46 BRUS P AR 4 31 25 )
B DI SE BT AR A ) LA 2 Tl e SO
SOAEDCHE . N H AR D T AL | 2838 T
W) e R G EWA | AR A PR, T
WNTET AL, Marino % 2 DR AR E S| A
FNE 432 (o FH 136 R R 28 I 4% B 4 b ) FH o0
TR A I8 R, 78 COCO IG5 1 2 hR2E 7
BAE55 LIS T 4T,

2 ETESRHFEEREM

2.1 RBINEE

ARSI T —Fh I T RS TR B A B
W, ARETRUHE SRR A 238 A9 A Uk 5
FH— A s I — A H 28 2 %

AR s R WIE 2, 2 (a) ) Graph conv
layer EAZEFIAER] 2(b) Ul Bl, ZEE 2 1, noise
K RMATHEIEZS 53 AR W BEHLIE R | label T3 R
IR, G AR LR DL IE 2(b) . B 2(b) HiY
HEVHIE 2(a) PIEETRZIEA , A NG 2
IH— AL AL RS 45 5 WA (2) .

A=D'"(A+1I (2)

Hop ) SREEEE A R T34 T S Z A
LB FR AR R s T 0y PR R D Sk X I 1) B R o
SO FESR 4 A JIN_E— BN ARRE T, R A5 BT (5 B
PR BT A F 3 AR IE S B B4 B, R
LA+ TR T 45K AR B DL SR AR 7 55
FROE(E B . M T —EED ™ (A + 1) WEN T
5 AL I R P R R I A, B 1k — S A 4B 6
T A5 22 BT RURIAR B S s /D 7 AR AE S A L
PRI S,

FE BUHh A 5 AN RZ  BIE 2(b)
) GC, .GC, .GC,.GC, LA} GC,, F—EER)Z

PLH A A S HY AR (3) .
HY = AHW" (3)
BoAEEBERZEL HY A KA, KE R
HY | Xk &8 5 IREIBRZ )G, 15950 A4 g 10 5
Y R T 2 T SR AR bR



: FETEE TRl 94 35

10 W,
Convld
Convld (1024,
98.1) T
Graph
conv |5 output
Convld layer
(112,
1024,1)
GC, GC, GCy GC, GCs
v % v v
Conv2d Conv2d Conv2d Conv2d Conv2d
(1, (32, (64, (64, (128,
32,1) 64.1) 64,1) 128.1) 128.1)
e 1 r%
v v v v
linear linear linear linear linear
(20,20) (20,20) (20,20) (20,20) (20,20)
: : T T I
Conv2d )\ Conv2d
(1.64.1) ) (64,128,1)

Conv2d(128,1,1)
oulput
(b) FIBBUEHL 5]
B2 HpisREHE

Fig. 2 Generator structure chart
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Fig. 5 Comparison of the generated gesture skeleton
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