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In this paper, we propose a method for dividing continuous time-series data into segments in unsupervised
manner. Humans recognize perceived continuous information by dividing it into significant segments such as words
and unit motions. To this end, we have been proposed a method based on hidden semi-Markov model with Gaussian
process (GP-HSMM). However, it has a big drawback that it requires the number of classes into which time-series
data is segmented. To overcome this problem, in this paper, we extend GP-HSMM to nonparametric Bayesian
model by introducing hierarchical Dirichlet processes (HDP), and propose hierarchical Dirichlet processes-Gaussian
process-hidden semi-Markov model (HDP-GP-HSMM). Hence, the infinite number of classes is assumed and the
number of classes are estimated by applying slice sampling. In the experiment, we used the various time-series
data and showed that our proposed model can estimate more correct number of classes and achieve more accurate
segmentation than baseline methods.
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2.

1 Stick Breaking Process (SBP)

2.1 Stick Breaking Process
Stick Breaking Process (SBP)[Gael 08]

SBP 2
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vk β

vk ∼ Beta(1, γ) (k = 1, · · · ,∞) (1)

βk = vk

k−1∏

i=1

(1− vk) (k = 1, · · · ,∞) (2)
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Beta(1,γ) …

2: Stick Breaking Process

3: Hierarchical Dirichlet Process

β ∼ GEM(γ)
[Pitman 02]

2.2 Hierarchical Dirichlet Process
HMM

SBP

HMM

3 SBP β
c πc DP

πc ∼ DP(α,β) (3)

DP
Hierarchical Dirichlet Process (HDP)

3. HDP-GP-HSMM

4 cj(j =
1, 2, · · · , J)

πc c
γ GEM Stick

Breaking Process β α
Dirichlet Process (DP)

β ∼ GEM(γ) (4)

πc ∼ DP(α,β) (5)

j cj j − 1 cj−1 πc

Xc

xj

cj ∼ P (c|cj−1,β, α) (6)

xj ∼ GP(x|Xcj ) (7)

4: HDP-GP-HSMM

u
c

5: Slice sampling

Xc c
S =

x0,x1, · · · ,xJ

4.

1

Blocked Gibbs Sampler

sn xnj(j = 1, 2, · · · , Jn)

Xc P (c|c′)

Forward filtering-Backward sampling
xnj(j = 1, 2, · · · , Jn)

cnj(j = 1, 2, · · · , Jn)

Xc P (c|c′)

πc

Slice Sampling Slice Sampling
u
πc u

j πc

πc′,c c′ c

p(uj |cj−1, cj ,πc) =
δ(0 < uj < πcj−1,cj )

πcj−1,cj

(8)

5 u πc′,c ≥ uj

foward filtering-backward sampling

5.

HDP-HMM[Beal 01] HDP-
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HMM+NPYLM[Taniguchi 11] BP-HMM[Fox 11]
Autoplait[Matsubara 14]
[Nakamura 17]

F
±5%

5.1

• 1: 5

k ∼ uniform(9, 13). (9)

x ∼ x+ normal(x, 0.05). (10)

6

• 2: 7(a)
7(b)

1 2 1 2

0.1 F 1.0
HDP-GP-HSMM

1 5
2 3

1 HDP-HMM
1

2
2

HDP-GP-HSMM BP-HMM

1: 1

F

HDP-GP-HSMM 0.016 1.0 1.0 1.0 5
HDP-HMM 0.011 1.0 1.0 1.0 5

HDP-HMM+NPYLM 0.48 0.53 1.0 0.69 35
BP-HMM 0.36 1.0 0.94 0.97 4
Autoplait 0.79 0 0 0 3

2: 2

F

HDP-GP-HSMM 0.037 1.0 1.0 1.0 3
HDP-HMM 0.13 0.43 1.0 0.60 8

HDP-HMM+NPYLM 0.45 0.57 1.0 0.72 19
BP-HMM 0.038 1.0 1.0 1.0 3
Autoplait 0.35 0.17 0.15 0.16 1

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

8: : (a) beaks, (b) wings,
(c) tail feathers, and (d) claps.

(a) (c) (d) (e) (f)

(g) (h) (i) (j)

(b)

(k)

9: : (a) jumping jack, (b) jogging,
(c) squatting, (d) knee raise, (e) arm circle, (f) twist, (g)
side reach, (h) boxing, (i) arm wave, (j) side bend, and (k)
toe touch.

(c)(b)

(f)(e) (g)

(a) (d)

10: : (a) ( ), (b)
( ), (c) ( ), (d) ( ), (e)

( ), (f) ( ), (g) .

5.2

• : CMU

∗1 8 4
[Matsubara 14]

∗1 http://mocap.cs.cmu.edu/
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3:

F

HDP-GP-HSMM 0.038 1.0 1.0 1.0 4
HDP-HMM 0.46 0.39 0.71 0.50 4

HDP-HMM+NPYLM 0.65 0.63 0.71 0.67 8
BP-HMM 0.16 0.70 1.0 0.82 4
Autoplait 0.026 1.0 1.0 1.0 4

4:

F

HDP-GP-HSMM 0.29 0.44 0.93 0.60 10
HDP-HMM 0.80 0.02 0.89 0.04 17

HDP-HMM+NPYLM 0.64 0.28 1.0 0.44 23
BP-HMM 0.23 0.33 0.95 0.50 13
Autoplait 0.89 0.67 0.11 020 3

• : CMU subject14
9

11
.

(x) (y)

• :
∗2 10 7

(x) (y)

HDP-GP-HSMM 4
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11
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H
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HSMM

6.

Foward filtering-Backward
sampling

HDP-
GP-HSMM

∗2 http://www.mocapdata.com/

5:

F

HDP-GP-HSMM 0.21 0.70 0.90 0.80 7
HDP-HMM 0.43 0.47 0.71 0.57 9

HDP-HMM+NPYLM 0.57 0.28 0.67 0.40 20
BP-HMM 0.32 0.40 1.0 0.57 12
Autoplait 0.60 0 0 0 3
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