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Video generation by swiping a face image

Abstract:

Recently, frame interpolations by prediction have been proposed for the end-to-end generation of videos from
natural images using deep learning. These require multiple still images to generate a video, but it is desirable
to generate a video from a single image when more than two images are not available. In addition, end-to-end
generation does not allow direct control over the motion of objects in the video, making it difficult to generate
a video intended by the user. A method for generating videos probabilistically from a single image (iPOKE)
has been proposed to solve this problem. The user interactively specifies the size and orientation of locally
changing parts in the image by swiping. In this study, we examine this existing method’ s expressive power
and effectiveness when applied to the generation of intuitive facial animations through user evaluations.

Keywords: Probabilistic video generation, Swipe operation, Facial animations

1. [IL®HIC

AR, GRIEYE & VT BARER D 5 8)E % end-to-end
WHAERRT 2 FIEDNZ IRRINTW3. BAEG D 5 B)iE
PHERT 2T, 71— FHl% 5 % Deep Voxel Flow][1]
X7 L — L1l % 3 % hierarchial VRNN[2] 2 ¥ 235 5.
IS EEE ORI 2 7L — AL ETOEIEEANET
H2W, TNOEEDTLIEZ2EHNTESL LIRS,
Lo T, 7Lb—AFRDRZZ LTIE1 7L —256%
D, TROL I ROFRIEEGRPLSAEKRTEZ Z e PEEL
V. %7z, end-to-end BAERTEBEFOA 7P =2 D

b SRR R
TUT, Toyohashi,Aichi 441-8580,Japan
2 A A AN—z—T= v}
CyberAgent inc., Shibuya, Tokyo 150-0042, Japan
) nishikawa.ryusei.ag@tut.jp
b)  sk@tut.jp

© 2022 Information Processing Society of Japan

FErHETES, -V OREK L EE DL KA HEET
Hb. £IT, 2—FDR7A THME (2 T TFHEHITOR
BT PVERIET 21RF) 1T K o TREEANIC BN 2 4 i)
T5FIETH S iPOKE [3] PERINTVDS. ARET
X ZOFETHEEIRICS LTHEAL, R4 THBEz WS
HAICEBINRIRMET, 1 KO HGE{GD 5 RBE D728
TEZRA—Ta e HEAER T 2RO rTREEZ AT 5.
iPOKE Ti%, MATDO¥EHAJEEM conditional In-
vertible Neural Network (cINN) #5522 7T, 17
L — 20D ANH 6 OMERBIEAE R ZER L TEBD, A7
AT Lo TATY =7 P REROTEITHETE 2.
L2 L, HY)OEETIZEDOHED RN T L £ 5 FoM#E
DPHEFAESNTVE DT, AR TIEIMEDRIUTH LT
FRAREDFRAET 2 TH A 5 FHEIGE TOMREZ ALY 5.



BIRLIEF RRRE
IPSJ SIG Technical Report

EHOZRERR

N(0,1)
Oy = 2313 =g D, s ‘L
optical flow ;ﬂ@x" :
P -
N =¥ 1.Video Auto EncoderD %

.' => 2.cNNDFEE
S = 3w

Z74 7@ - "

AHER .‘ =q

1 iPOKE O 7K.
Fig. 1 Model diagram of iPOKE.
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Fig. 2 Optical flow and shift vectors extracted by Flownet.
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Fig. 3 Architecture of cINN.
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Fig. 4 Videos generated with VideoForensicsHQ for the operations of (a) opening

mouth, (b) opening eye, and (c) blinking.
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Fig. 5 Videos generated with YouTube for the operations of (a) turning face to the

right operation, (b) opening mouth, and (c) opening eye.
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Table 2 Quantitative evaluation by FVD
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Fig. 6 Videos generated using YouTube at different frame estimation intervals of (a)

10 and (b) 5 for optical flow.
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Fig. 7 Videos generated using YouTube for the operation of opening eyes (a,e), opening
mouth (b, d, f), and moving head upward (c).
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Fig. 8 Comparison of FVD of Video-AE trained with the video
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