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Abstract

When a character’s pose changes, its center of mass(COM) also changes. The change of COM has distinctive patterns correspond-
ing to various motion types like walking, running or sitting. Thus the motion type can be predicted by using COM movement. We
propose a motion generator that uses character’s center of mass information. This generator can generate various motions without
annotated action type labels. Thus dataset for training and running can be generated full-automatically. Our neural network model
takes the motion history of the character and its center of mass information as inputs and generates a full-body pose for the current
frame, and is trained using simple Convolutional Neural Network(CNN) that performs 1D convolution to deal with time-series

motion data.
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Figure 1: Left : The skeleton structure of body model used in our
experiments. It has 15 body parts. Right : Visualization of COM.
The purple ball represents character COM position.

] AEEH 2= HlolHER A=W ATto] S50 whet 2}
S o A =T AA L dl-8 CNNI} fully-connected network =
T3 rARt Jejo] Mg ez A =i

3.2 ol &H]

2 =m0 ot HlolH = 7 H A 2 B4 A HolH E A
sto] ThSo) 2t} thokFet vt o] 27], AAte] 25 9 ¢
gtot 2712 48 A Hole 7t AREE ATt B A Hlo]
B A2 Y29 29] o5 Hlo]E Al 4] ground truth = gke] sf
gElL HA TR APOES Jix] glon g olaizre o2 A
A& Foll ThEofof gt S5 HlofEAle whE7] f19k A A
B}l B2 4ol Y WEo] AP B glone sy
dolgAle A5 02 A2t
Ao AHgH e S 42 A A dolE o 2 15
Aol B TARHF. 1| 9% =), wetd A A4
£ 7 BESY] AFE15 x 3)°] rooto] $17] HH(xy.z FE)
7k elelA % 4srkEe] A S 7RI flele] Tegl nof A )
MEE =2 PH= 2 =gl m, 02 FAH
AL 24 BA dolE 5L thoret A 5

o|EE M= fps B 27] Y|eF 7] W] vad. &
M A 2 24 A dlolH S-S 30fps2 A& 5 é =
Yottt o] 5 A ;A 7% (0,0,0) AHoR 27
AR, 25 FF (0,0, 1) vt 2 S g P S
B =Rol A AAgE mEe AeE AAE 7Ee

Hd dolHE
Al

Fl

=

L S W L

]—4 = AE-SH7] di ol 2ot Wk
[ A2 ofU ATk, A9l Al thetRt & ﬂ
ground truthe} o] 83 7hds] §tos
& TE7] a3 ]l

o=, A SuH golyolA 2 ZedE A=y A
Aol FA S FRE FRtth HE A A HlolE o= Al E
Blo] A Fopd Ao gk AH+= gloBmg & AFolA=
ZF AlA Jelof dolo] A=k gha At & Al e HAle] £A
T4 HAFE FH(Fig. 1 LEZE X)) 2 =l A 7}

L

o rlr 2> o 4y
~Lﬂm

E ht\

Table 1: Name and mass value setting per body part
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Hips 10
Spine 20
Head 5

LeftArm 2
LeftForeArm 1.5
LeftHand 0.5
RightArm 2
RightFore Arm 1.5
RightHand 0.5
LeftUpLeg 5
LeftLeg 4
LeftFoot 0.5
RightUpLeg 5
RightLeg 4

RightFoot 0.5

total \ 62
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Figure 2: The architecture of our motion generator composed of 3
layered Convolutional Neural Network(CNN) and 2 layered fully-
connected network. In CNN, the network deals with time-series
data. In fully-connected network, the network predicts current mo-
tion information.
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Figure 3: Simple description of 1D Convolution process.
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Table 3: The Breakdown of Dataset
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Table 4: Settings for training
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Figure 4: Simple walking motion that our model makes.
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(b) Walking like soldier. Ground truth(top) and generated model(bottom).

Figure 5: Different type(a) and style(b) of motion than the sim-
ple walking motion(Fig. 4). In (a), as the COM shifted downward,
crouch walk motion is generated. (b) is a kind of walking type mo-
tion, but unlike Fig. 4, it has large stride and arm motion. Model
generates distinctive walking style well.
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