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Body Motion Segmentation Based on Gaussian Process Hidden Markov Model
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In this paper, we propose a model to segment time series data using hidden semi-Markov model (HSMM) whose
emission distribution is Gaussian process (GP). The proposed model is a generative model of the time series data,
which is a sequence of segments generated by GP. A length and a class of each segment are latent variables in our
model, and these latent variables are estimated using Forward filtering-Backward sampling. In the experiment, we
segmented motion capture data for evaluation, and the results showed that our proposed model can segment it into

basic motions.
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Algorithm 1 Blocked Gibbs Sampler

1: AFZPRT 2 £ T o iR
2: for n=1to N do

3: for j=1to J, do
4: Ncnj —=1
5: Ncnj’cnijrl —=1
6: if 7#0 then
7. WlRI @y % X, , 25 NI
8: end if
9: end for
10:
11: /) MARFIE 2 S A% TV T
12: T, Cnx ~ P(x|sn)
13:
14: for j=1to J, do
15: Nen; ++
16: Nejen i+t
17: if j# then
18: BN R Ty % chj Y I
19: end if
20: end for
21: end for
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2.2.1 Blocked Gibbs Sampler
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2.2.2 Forward filtering-Backward sampling
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Algorithm 2 Forward filtering-Backward sampling

1: // Forward filtering

2: for t=1toT do

3: for k=1to K do
for c=1to C do

alt][k][c] ZFHE

end for

end for

: end for

9:

10:

11:

12:

13:

14:

15:

16:
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// Backward sampling
t=T,j=1
while ¢t >0 do
k,c ~ p(x;]st—k:t)cx[t][K][c]
Lj = St—k:t
Cj =¢C
t=t—k
17 j=j+1
18: end while
19: return (¢, @, —1, "+ ,€1), (€1, CIp—1,""" ,C1)

7272U, Ng & Ny &, TNTINT T AN Lol BALRY]
DEE, 7IADVE DS cITEB LIERERLTWS. k' &
() TRETOEI L7 FAZBWTAL/ftEnTWS, £z,
t—k <0 L3256 aft]k][*x] =0THYH, «0][0]x] = 1.0
TH5. N (7) KRz ->oTED, ofl][1][x] »odHE%E
THIET, BTCONRR—VEHNFEEZEVHBRETEZ L
WTE5S.

Iz, i E R, BAMSICBRARIIORES L5
AxY TV rTHIeT, BHIRIIONHILE 75 A%
PDHBZENTESL, UEOTN TV X L%, Algorithm 2 iZ
NC

3. =E

REFIEOENIMZMGET 572012, FEEDE—VavFy
TF ¥ T — 205 BREEO S Hib 21572572, F— XTI,
Mocapdata.com™ TAINTWS, ZFORMDF—x *2
(¥ 3) ZHWZ., BFRORITIE, NUFRRHE Vo 72 ER
IR B EBERRIHBIL, EERDDE IR THE7-0D
BT —X &AW, FHUZBIEZYR L XS, o
FCRROEANLIITHD, NrF GEVWEE) - FTBROW;
R - EEROBGH (LI3Z1)) oI hTna.

*1  http://www.mocapdata.com/
*2 http://mocapdata.com/product.cgi?product_id=10019

X 4: BUZEENDEAEEDOH] (a) LNV F (FBEVEE),
(b) ETFBeAH — K (ZETFBI), (o) G EBEA—F (G LY

%\F)

COBRTHAINTVWREAEEO—HBAK 4 THD. KE
BT, ZOMORPEENZ2 70y 2 X TAY V75 —%0
T 5720 408U, 4 DDRRIT—XE LTHWLZ. TH
TNOEMEIZEENEFHEAEEITILLTDOLE D TH .

1 EFEHA—FR, HAVF, HFBEH—F, L VT

2. ETNBHA—N, HEBH—N, £ LB — N, £ EBHT—F
3. ERBEH—N, HGvF, GFEH—NK, EXVF

4. ERBH =K, FAVF, EXAVF, AAVF

E—VavIy IFyOEfEE, BHIERDDEDEEL (0,0,0)
ERBESEBLEZEFLEFOERRD S RO 2 kit
DFEME A N 2. EEBRTIERD 728, HDP-HMM 2 & %4
#ift [Beal 01] &, HDP-HMM IZ & - THE#UL & T h/- kg
IZX LT NPYLM [Mochihashi 09] % fi\ T2 fifk 3 % Fik
I L 7z,

B 5 BHbORRTH L. BMPET 207V — L%
BTHY, GAHEETV—LRNHEINEES T AR LTW
5. ZOKHR LD, HDP-HMM TIZEMIZLERTHE WA Hi%Z
HELTWD., Zhik, HDP-HMM (2B 2 HIAHTH S
A ARHTIE, BEOYHERIT 2R TERP o



HDP-HMM

H

NPYLM
40

Sequence 1

Sequence 2

20

40
Sequence 4

60
Sequence 3

B 5: {FEIZB I B EEODH, 2FRIR

20

FEAZIE [m)

20

20

15

10

0.5

EEAZ{E [m]

-05

EFy

10 -1.0

8
Frame

6: A LB — FOEMEL UTHEE I NN Y AEE

ZEMNFEREE LTEIFSNS, X512, 20O HDP-HMM (2
& o THERAL X 7 REB Iz LT, NPYLM I & 5 o fifk %
U7zfERTlE, EfIZHERTRERNHiIZ2HEL TS, &
B2 BE R R =V 2B T2 Z 2D TETVRWL. Zhi,
HDP-HMM IZ &5 T 17V —ADADHHINL L HBLTH
0, NN/ 1 Xyt Rz @Rl 2 R R —
WENR P72 Z ENRENTH B EEFEZONG. —F, REF
BT, MOF RN TEMRIEWSE - 2P TETY
5. X6 H, EBIZK 4(c) OF EBH — Fo@ifEe LTE%EE
INZHYBRETH S, o FEENIERD S RZBOFOER
DENE, y FEEXIERED S RZBOTFO ETOEFHETHS.
Ac) D& DT, EFrEVEYSHICEE, ZhEFE T
EF% EFTOREENRITET VS,

4. FEH

ARTIE, AvAEREzROAmE LZREhEeIxLbay
ETNEMAWS Z T, BT — X &M, DT 5Tk
ERELZ. REFETRE, BffoUInEE, BfFDs 7 2%
Foward filtering-Backward sampling 12 & 0 [ IZHEE S 5
Zeizky, BEOSEibE T2, ERICE D, OFEIZ
HRTEVWAHIZHET 22 &N TEZ. UM LIREFIET
i, BMEER DT D7 I AR5 AR ERH D, MOFiEE
DAV L 3> TWigr otz 2T, 5, 7197
VEROEAIZL B2 S AMOHIHERITS FETHS. £

7z, SEAWZREE, WFO oy BEEOATH 720, 5
BEHORBEEZHHATL LT, X0EMREERES Z L
EEZTWS,

B EE
AWEFEIE, JSPS RIWFE 26280096 DB % %1 TENE L 7=
EDTH 5.

S Xk

[Beal 01] Beal, M. I, Z., and Ras-
mussen, C. E.: The infinite hidden Markov model, in

Ghahramani,

Advances in neural information processing systems, pp.
577-584 (2001)

[Fox 07] Fox, E. B., Sudderth, E. B., Jordan, M. 1., and
Willsky, A. S.: The sticky HDP-HMM: Bayesian non-
parametric hidden Markov models with persistent states,
Arziv preprint (2007)

[Goldwater 06] Goldwater, S.: Nonparametric Bayesian
Models of Lexical Acquisition, PhD thesis, Brown Uni-
versity (2006)

[Mochihashi 09] Mochihashi, D., T,
Ueda, N.: Bayesian Unsupervised Word Segmenta-
tion with Nested Pitman-Yor Language Modeling, in
ACL-IJCNLP, Vol. 1, pp. 100-108 (2009)

Yamada, and

[Taniguchi 11] Taniguchi, T. and Nagasaka, S.: Double ar-
ticulation analyzer for unsegmented human motion using
pitman-yor language model and infinite hidden markov
model, in IEEE/SICE International Symposium on Sys-
tem Integration, pp. 250255 (2011)

[Uchiumi 15] Uchiumi, K., Hiroshi, T., and Mochihashi, D.:
Inducing Word and Part-of-Speech with Pitman-Yor Hid-
den Semi-Markov Models, in ACL-IJCNLP (2015)



