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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

Hierarchical Dirichlet Processes-
Gaussian Process-Hidden Semi-Markov Model (HDP-GP-
HSMM) [Nagano 18]

HDP-GP-HSMM

HDP-GP-HSMM
Variational Autoencoder [Kingma 14] Hierarchi-
cal Dirichlet Processes-Variational Autoencoder-Gaussian
Process-Hidden Semi-Markov Model (HVGH)

1 HVGH VAE
HDP-GP-HSMM

HDP-GP-HSMM
VAE

VAE

Hidden Markov Model (HMM)
[Beal 01, Taniguchi 11, Fox 11,

Matsubara 14] HMM

Gaussian processes (GP) GP
HMM

HMM
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1: Overview of the generative process of the proposed
method.

GP
[Nagano 18]

[Johnson 17] VAE

HDP-GP-HSMM
VAE

2. HVGH
2 HVGH

cj(j = 1, 2, · · · ,∞)

[Teh 06] πc c
γ GEM [Pitman 02] Stick

Breaking Process [Geal 08] β α
Dirichlet Process (DP)

β ∼ GEM(γ), (1)

πc ∼ DP(η,β). (2)
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2: Graphical model of HVGH

j cj j − 1 cj−1 πc

φc

Zj

cj ∼ P (c|cj−1,πc, α), (3)

Zj ∼ GP(Z|φcj
), (4)

φc c
Xj Zj VAE

Pdec

Xj ∼ pdec(X|Zj). (5)

Xj

s = X0,X1, · · · ,XJ Zj

s̄ = Z0,Z1, · · · ,ZJ

Xj i xji Zj

i zji

2.1 Gaussian Process (GP)
i

zi
c

φc

i (i,φc) inew

znew

p(znew|inew,φc, i) ∝ N (z|μ, σ2) (6)

μ = kTC−1i (7)

σ2 = c− kTC−1k (8)

k(·, ·) C

C(ip, iq) = k(ip, iq) + ω−1δpq. (9)

ω
k k(ip, i

new)
c k(inew, inew)

k(ip, iq) = θ0 exp(−1

2
θ1||ip − iq||2 + θ2 + θ3ipiq), (10)

θ∗

i z = (z0, z1, · · ·)

c GP(z|φc)

GP(z|φc) = p(z0|i,φc,0, i)

× p(z1|i,φc,1, i)

× p(z2|i,φc,2, i) · · ·
= N (z|μ0, σ

2
0)N (z|μ1, σ

2
1)N (z|μ2, σ

2
2) · · · .

(11)

GP(zji|Zc) μc(i)

Σc(i) (μ0, μ1, μ2, · · ·) (σ2
0 , σ

2
1 , σ

2
2 , · · ·)

μc(i) = (μ0, μ1, μ2, · · ·), (12)

Σc(i) =

⎡
⎣

σ2
1 0 0
0 σ2

2 0

0 0
. . .

⎤
⎦ (13)

HVGH μc(i) Σc(i)
VAE VAE GP

2.2 Variational Autoencoder (VAE)
Variational Autoencoder (VAE) [Kingma 14]

VAE x
z

x μenc(x)
Σenc(x)

qenc(z)

pdec x′

qenc(z) = N (z|μenc(x),Σenc(x)) (14)

z ∼ qenc(z) (15)

x′ ∼ pdec(x|z) (16)

VAE p(x)
VAE

0
e . HGVH

zji zji

c μc(i) Σc(i)

VAE s = X0,X1, · · · ,XJ

s̄ = Z0,Z1, · · · ,ZJ

3.
3 HVGH

s VAE s̄ HDP-GP-
HSMM s̄ Z0,Z1, · · ·

z μc(i)
Σc(i) VAE

VAE HDP-GP-HSMM

HDP-GP-HSMM
Blocked Gibbs Sampler [Jensen 95]
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Observed sequence: 
Initial parameters: 

Latent variable sequence

Mean:
Variance:

- Divide into segments by 
HDP-GP-HSMM

- Update parameters 

Convert to latent variable sequence 
by VAE using and as prior

Segments: 
Classes: 

3: Overview of the parameter estimation of HVGH. The
parameters are learned by mutual learning loop of VAE and
HDP-GP-HSMM.

n s̄n

Znj(j = 1, 2, · · · , Jn)
φc

P (c|c′) n

(Zn,1, · · · ,Zn,Jn), (cn,1, · · · , cn,Jn) ∼
P ((Z0,Z1, · · ·), (c0, c1, · · ·)|s̄n). (17)

φc

P (c|c′)

Slice Sampler
[Geal 08]

(17)

Forward Filtering–Backward
Sampling [Uchiumi 15]

VAE p(x)
VAE

L(xji, zji) =

∫
qenc(zji|xji) log pdec(xji|zji)dzji

−DKL(qenc(zji|xji)||p(zji|0, e))
(18)

∫
qenc(zji|xji) log pdec(xji|zji)dz

p(zji|0, e) zji

0 e
DKL(qenc(zji|xji)||p(zji|0, e))

HGVH
HDP-GP-HSMM zji

c μc(i)
Σc(i) p(zji|μc(i),Σc(i))

L(xji, zji) =

∫
qenc(zji|xji) log pdec(xji|zji)dzji

−DKL(qenc(zji|xji)||p(zji|μc(i),Σc(i)))

(19)

(a) (b) (c) (d)

4: Four unit motions included in the chicken dance: (a)
beaks, (b) wings, (c) tail feathers, and (d) claps.

(a)

(f)(e)

(c)(b)

(g)

(d)

5: Seven unit motions included in the exercise motion1:
(a) jumping jack, (b) twist, (c) arm circle, (d) bend over,
(e) knee raise, (f) squatting, and (g) jogging

p(zji|0, e)
N (0, e)

p(zji|μc(i),Σc(i)) HVGH GP
μc(i) Σc(i)

GP
zji

zj,i−1 zj,i+1

4.
HVGH

HDP-GP-HSMM [Nagano 18] HDP-HMM [Beal 01]
HDP-HMM+NPYLM [Taniguchi 11] BP-HMM [Fox 11]
Autoplait [Matsubara 14]
[Nagano 18]

F
±5%

2

• : CMU Graphics Lab Motion Capture
Database

∗1 4

• 1: CMU Graphics
Lab Motion Capture Database subject 13

3
5 7

4
31

3
93

93 HVGH
λ = 14.0, θ0 =

1.0, θ1 = 1.0, θ2 = 0.0, θ3 = 16.0 VAE
1/4

Adam [Kingma 17] 150 HDP-
GP-HSMM 10

VAE HDP-GP-HSMM
VAE

∗1 http://mocap.cs.cmu.edu/: subject 18, trial 15
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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 7

VAE+Autoplait 0.76 0.0 0.0 0.0 2

93
HVGH 93

HVGH VAE 93
3

1, 2 2

VAE+HDP-GP-HSMM VAE+BP-HMM chicken
dance

VAE+BP-HMM 1 chicken
dance F

chicken dance

HMM

HDP-GP-HSMM HVGH

HVGH
VAE

VAE+HDP-GP-HSMM

chicken dance
1

1
7
1

2
1

HVGH

HVGH
HVGH

5. Conclusion
VAE HDP-GP-HSMM

HVGH VAE

HVGH
VAE HDP-GP-HSMM

HVGH
HVGH N

O(N3)

HVGH
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