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Human behavior modeling during interaction
using Generative Adversarial Networks

YUSUKE NISHIMURAL'®  YUTAKA NAKAMURA'P)  HIrRoOSHI ISHIGURO!®)

Abstract: Nowadays, as robot’s social advancement become active, more familiar robot is demanded. Pre-
vious studies suggested that robot make a influence to human interaction by moving like a human. However,
there are few studies aiming at human like motion generation for robot. Therefore, in this research, we
propose a method of huuman behavior modeling during interaction with the aim of achinving a robot that
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interacts more with humans.
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Networks, Motion Generation
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(Generative Adversarial Networks) DRFZEDEA TH 5.
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2, ABIRTEDIFHEE D 5 TR T DL RE R BN T — R & 4
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BAF O EREALEHEE Z 1 7 F Y [2], [11], [13]i2& > TA
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Conditional Motion GAN TR EDEMEN S, &
PEAFE DA E4T S Conditional GAN[8] 2 FH\WT,
FHONEDT =R 5% 5 — D NE DR FEE %
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Kinect-Interaction Dataset[15] % FIFH U 7=. 3Dk
2, 20T =Ry M2/ Lb1M VR0 avk
Kinect THi L T/ 7= RGB MHi{&, Depth MHif%k, ARDEK;
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DRTIZE-T, 7o avflile) 7 oY a Aflizanrin
TRAIZ TN, BEEREIEN 10 5 THSE. 1 X520
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G 8MHETHB.
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Table 1 Kurotosis of velocity distribution

Trace GAN PPCA
Hand | 24.30 8.46 0.87
Foot 18.01 12.08 0.63

W< WGAN DHEEMEZE LR IZxR T [1].
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Discriminator O{EMHALBIEIL S X T Leaky ReLU % {#iFH
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Lp = ngan + CVLgp + BL2
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&, HMIOZ TV b v EERE xge R3O & SRR RS D H
vRE RO Z2REEDTF—Z & LT, Bl A7)V b v pEiE
Zxp, e ROPHI—Vz Y bOMEEELTEZRS. AET
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VR(t) = xr(t) — xr(t — 1)
ZLC THRADOE T — X% TN ETh X, XR,VRE
RTX30 y 55 AKREFNLVT, #EETH4T7L—000D
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YU TNEUTRET VO E &I 72
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512 U7z, Generator (21X, 6 D=2 —F )1y hT—2
ZMAL . EMEABEBUIHIEIZ tanh Z2fAL, 20
DA E ReLU Z i U 7z. Generator DIEZEEZ AT IZ
RY.

Lg = —EJlog(1 — D(XL, Xgr, VR))]

Discriminator 1 Xr, ,Xr , Ve ® U< ¥ XL , Xr, VR
EANELT, ARV TAY TN THLMHEREH T
5. REFILTIE, xv N7 —270OMEEM E2HKME LT,
g E AT LV — IR LTl EITS Dy 247V — A
BOT =X UTHNZITD Dy D2DODH1y N7 —2
BV Dy xu(t) , xr(t) , ve(t) B U <1 Ro(t) |
xr(t) , vR(t) E AN E LT, Dy 13 Xy, , Xr .V B L<
FEXL,Xr, VR EALELT, ALY TAY Y FILT
HEWREHIITE. EX v VT =RV TAY T %E
ABUZERIZ 12, 7240 TV E AT UEZRIZ0 %
HAT 5 L3512 FLTWL. Dy 12, 3D 2IRTEDE
AIAAEEEHL, GRS EO=a—F NV xy hT—2 %
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5D=—a2—J)xv b7 —2%MHH\\=. Discriminator @
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