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Humans recognize perceived continuous high dimensional information by dividing it into significant segments
such as words and unit motions. We believe that such unsupervised segmentation is also an important ability for
robots to learn topics such as language and motions. To this end, we have been proposed Hierarchical Dirichlet
processes-Gaussian Process-Hidden Semi-Markov Model (HDP-GP-HSMM). However, it has a big drawback that
the model cannot divide high dimensional time-series data, and it was required to extract low dimensional features

in advance.

To overcome this problem, in this paper, we propose Hierarchical Dirichlet Processes-Variational

Autoencoder-Gaussian Process-Hidden Semi-Markov Model (HVGH). The parameters of HVGH are estimated by
mutual learning loop of VAE and HDP-GP-HSMM. Hence, HVGH can extract features from high dimensional
time-series data and, simultaneously, divide it into segments in an unsupervised manner. In the experiment, we
use the various motion-capture data and show that our proposed model can estimate the correct number of classes
and accurate segments compared with baseline methods.

1. Introduction
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Variational Autoencoder [Kingma 14] %3 A U 7z Hierarchi-

cal Dirichlet Processes-Variational Autoencoder-Gaussian
Process-Hidden Semi-Markov Model (HVGH) #2493 5.
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X | /\W /X \f\\\ﬂ/\ﬁ\//\/\/(f

Observed value

Time

Decoder I VAE l Encoder

Classes (Gaussian process)

Latent space GP 1
[V
GP2
GP3 [
A

1: Overview of the generative process of the proposed
method.
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2: Graphical model of HVGH

JBEEHDI I X ¢; 1%, j—1BHDY TR ¢y LBBMER w,
o TEING. 2T, 7I7ALHIELE ¢, 285
A—=REF B A S BAEIELLCRI Z; HERE
LI EEMELTVS.

~

3)
(4)

P(C‘Cj_l,ﬂma),

~ GP(Zl$,),

¢
Z;

72U, ¢, d7 T A c IZHEI NI BABELBCRII DS
Thd. BARY X; &, BAIBELRRS Z; 75 VAE ©
FA—K P ICEDEREINS.

X, ~ pac(X|Z)). (5)
INSDRNRY] X; 28G5 2 L THS 0L R 2 E
%ﬁUS:Xo,Xl,"',XJ KHEJZZ){\, Zj ’&%é}@“éltf%%
NER0NEBIELERAN 8= Z0,Z,1,---,Z; LR, 7z
DB, X, I2E8EN5 i RHOT — X% o), Z; IZEEN
i HFHDT — X% z; LR L, WoOPREEIZTORT
ZEIET .

2.1 Gaussian Process (GP)
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2.2 Variational Autoencoder (VAE)
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Observed sequence: s

i Initial parameters: pc(i) = 0, (i) = e
Mean: p (i)

Variance: 2. (i)

Convert s to latent variable sequence S
by VAE using p (i) and Z.(i) as prior

Latent variable sequence: §

- Divide 5 into segments Z,, Z,, --- by
HDP-GP-HSMM

- Update parameters p (i), 2. (i)

Segments: Z,,Z 4,
J Classes: cg, €1,

3: Overview of the parameter estimation of HVGH. The

parameters are learned by mutual learning loop of VAE and
HDP-GP-HSMM.
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X 4: Four umt motlons included in the chlcken dance: (a)
beaks, (b) wings, (c) tail feathers, and (d) claps.

S I

5: Seven unit motions included in the exercise motionl:
(a) jumping jack, (b) twist, (c) arm circle, (d) bend over,
(e) knee raise, (f) squatting, and (g) jogging
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% 1: Segmentation results for the chicken dance.

Hamming # of estimated
distance | Precision | Recall | F-measure classes
HVGH 0.23 0.86 0.86 0.86 4
VAE+HDP-GP-HSMM 0.31 1.0 0.71 0.83 4
VAE+HDP-HMM 0.74 0.15 1.0 0.26 11
VAE+
HDP-HMM+NPYLM 0.48 1.0 0.86 0.92 7
VAE+BP-HMM 0.34 1.0 0.86 0.92 3
VAE+Autoplait 0.66 0.0 0.0 0.0 1

% 2: Segmentation results for the exercise motion.

Hamming # of estimated
distance | Precision | Recall | F-measure classes
HVGH 0.16 0.66 0.93 0.75 11
VAE+HDP-GP-HSMM 0.24 0.53 0.93 0.67 12
VAE+HDP-HMM 0.75 0.05 1.0 0.09 10
VAE+
HDP-HMM+NPYLM 0.61 0.30 1.0 0.45 28
VAE-+BP-HMM 0.58 0.29 0.97 0.44
VAE+Autoplait 0.76 0.0 0.0 0.0 2

EBIZ 93 T DRI T — 2 2T DE T AN LUOHILZE
Fo7z. U2 LU, HVGH BIAD T TIE 93 IRIT D EIRITD
MR T —R2ZDEEFTREYRHIETCER N7, T2
T, HVGH &85 X=X %R UIZ L7z VAE ZH\, 93 kit
DT —REEM Uz 3 MTOPELERE A& LTHlfifkz
fFotz. £1,2IZFNTNOFIEICED 200DE—Y 3
XY IF Y TR ENEWUMERERT

VAE+HDP-GP-HSMM & VAE+BP-HMM 1%, chicken
dance O F — X % K E W E THfi{tcETW5. Ly
L VAE4+BP-HMM O{&#: 1 ©F — X D4 Hifb T, chicken
dance DF — R IZHARTIESN I VDS KEL, F
fEIF/NE K> TW5. ZhlE, chicken dance D3EHfZEh/E
OREVIRLTHD, BENDEBMIMEDENDIAIETH 572
&, HMM % H\W\W7=Y Y TN TETH > TE DL AES T
bolzeEZOND. —F, JVNTA NI IRFETHD
H ZEFEE W T W5 HDP-GP-HSMM & HVGH 13, #Mt
REENREENT VWA REEZNHLT A2 NTETS. 35
12, HVGH T AU AMIETER INDE KR A L AT Y TDF
e e VAE OHEFINMA L 352 8T, SBPAEEL KT
I AHEL R WNEE T E /272, VAE+HDP-GP-HSMM
FOHENREL Kok EZIONS.

F 77, EEFIETIX chicken dance D7 T A8(% 1E U L #ixE
T&E. LeL, KEE1LIZBVWTIIESRTIEREEN TS
D, FfELDZNWT I ARSI Nz, K1 T, EfED
I 2ARTHBTEODELMEI N, ZhiE, MHLTW
HRWEIDRER 1 DORAEIEE UTHEE L, £
WU & %23 28E2AZMNT 586 e BT 255022
EHMEEE UTHEE U THS. UL, #EikEifEz 1
ODDEMNEIELTHILIEFIMBTLEHEY LIFERT, /€ —
VavEy TF v F— RIGEMNTAT S B & ANz AT S BRI
BB EE 5O OEFEL UTEETEI 3 YTH
Lr\VWx5. IofhoTEe KT 5L, HVGH THEX
N7 7 AR OFIETHE U227 7 A8 &L 0 Efficr<
HVGH Db IELL 7 T ABAERETETWA Z bbb,

U EDRERE D, HVGH Z2H\W5S Z & T, mIRTDIFRS]
T =R DRHIULE 7 T ABDWRENARETH 5 Z LIRS NT-.

5. Conclusion

ARaTl¥, VAE & HDP-GP-HSMM % tHHZ¥# 45 Z & T,
BIRTEORGRINT — X D4, D, 77 ABHEEZTHEL L
7- HVGH Z2E U7z, BEFIETIE, VAE IZX D BALE)E
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S
A% JST CREST JPMJCRISES, JSPS & 22
JP18H03295 DWfi % Z £ L 725 DTH S

& Xk

[Beal 01] M. J. Beal,, Z. Ghahramani, and C. E. Rasmussen, “The
infinite hidden Markov model,” In Advances in Neural Infor-
mation Processing Systems, pp.577-584, 2001.

[Fox 11] E. B. Fox, E. B. Sudderth, M. I. Jordan, and A. S. Willsky,
“Joint modeling of multiple related time series via the beta
process,” arXiv preprint arXiv:1111.4226, 2011.

[Geal 08] J. V. Gael, Y. Saatci, Y. W. Teh, and Z. Ghahremani,
“Beam Sampling for the Infinite Hidden Markov Model,” Inter-
national Conference on Machine Learning, pp.1088—1095, 2008.

[Jensen 95] Jensen. Claus S, Kjeerulff. Uffe and Kong. Augustine,
“Blocking Gibbs sampling in very large probabilistic expert sys-
tems,” International Journal of Human-Computer Studies, vol.
42, no.6, pp.647-666, 1995.

[Johnson 17] Matthew James Johnson, David Duvenaud, Alexander
B. Wiltschko, Sandeep R. Datta, Ryan P. Adams, “Composing
graphical models with neural networks for structured represen-
tations and fast inference,” arXiv preprint arXiv:1603.06277v5,
2017.

[Kingma 14] Diederik P.Kingma, Max Welling, “Auto-Encoding
Variational Bayes,” arXiv preprint arXiv:1312.6114, 2014.

[Kingma 17] Diederik P. Kingma, Jimmy Lei Ba, “ADAM:
A  METHOD FOR STOCHASTIC OPTIMIZATION,”
arXiv:1412.6980v9, 2017.

[Matsubara 14] Y. Matsubara, Y. Sakurai, and C. Faloutsos, “Auto-
plait: Automatic mining of co-evolving time sequences,” ACM
SIGMOD International Conference on Management of Data,
pp-193-204, 2014.

[Nagano 18] M. Nagano, T. Nakamura, T. Nagai, D. Mochihashi, I.
Kobayashi, and M. Kaneko, “Sequence Pattern Extraction by
Segmenting Time Series Data Using GP-HSMM with Hierarchi-
cal Dirichlet Process,” International Conference on Intelligent
Robots and Systems, pp. 4067-4074, 2018.

[Pitman 02] J. Pitman, “Poisson-Dirichlet and GEM invariant dis-
tributions for splitand-merge transformations of an interval
partition,” Combinatorics, Probability and Computing, vol.11,
pp.501-514, 2002.

[Taniguchi 11] Taniguchi. T, and Nagasaka. S, “Double articula-
tion analyzer for unsegmented human motion using Pitman-—
Yor language model and infinite hidden Markov model, 7 In
IEEE/SICE International Symposium on System Integration,
pp.250-255, 2011.

[Teh 06] Y. W. Teh, M. I. Jordan, M. J. Beal, and D. M. Blei, “Hi-
erarchical Dirichlet processes,” Journal of the American Statis-
tical Association, vol.101, no.476, pp.1566-1581, 2006.

[Uchiumi 15] K. Uchiumi, T. Hiroshi, and D. Mochihashi, “Induc-
ing Word and Part-of-Speech with Pitman-Yor Hidden Semi-
Markov Models,” Joint Conference of the 53rd Annual Meeting
of the Association for Computational Linguistics and the 7th
International Joint Conference on Natural Language Process-
ing, pp.1774-1782, 2015.



