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Humans divide perceived continuous information into segnms to facilitate recognition.
For example, humans can segment speech waves into recognizde morphemes.
Analogously, continuous motions are segmented into recogable unit actions. People
can divide continuous information into segments without uisg explicit segment points.
This capacity for unsupervised segmentation is also usefébr robots, because it enables
them to exibly learn languages, gestures, and actions. Intis paper, we propose a
Gaussian process-hidden semi-Markov model (GP-HSMM) thatan divide continuous
time series data into segments in an unsupervised manner. Quproposed method
consists of a generative model based on the hidden semi-Madv model (HSMM),
the emission distributions of which are Gaussian processegGPs). Continuous time
series data is generated by connecting segments generated yothe GP. Segmentation
can be achieved by using forward Itering-backward samplig to estimate the model's
parameters, including the lengths and classes of the segmeda. In an experiment using
the CMU motion capture dataset, we tested GP-HSMM with motio capture data
containing simple exercise motions; the results of this exgriment showed that the
proposed GP-HSMM was comparable with other methods. We alsoconducted an
experiment using karate motion capture data, which is more emplex than exercise
motion capture data; in this experiment, the segmentation ecuracy of GP-HSMM was
0.92, which outperformed other methods.

Keywords: motion segmentation, Gaussian process, hidden semi -Markov model, motion capture data

1. INTRODUCTION

Human beings typically divide perceived continuous inforioat into segments to enable
recognition. For example, humans can segment speech waweseobgnizable morphemes.
Similarly, continuous motions are segmented into recoghie unit actions. In particular, motions
are divided into smaller components called motion primitiveghich are used for imitation
learning and motion generation®fgall et al., 2009; Lin et al., 2018 is possible for us to divide
continuous information into segments without using expglisegment points. This capacity for
unsupervised segmentation is also useful for robots, becdusnables them to exibly learn
languages, gestures, and actions.
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However, segmentation of time series data is a dicultare segmented and labeled in advance. However, we consater th
task. When time series data is segmented, the data poinitsis di cult to segment and label all possible motion primites.
in the sequence must be classied, and each segments start Additionally, some studies have proposed unsupervised
and end points must be determined. Moreover, each segmentotion segmentation. However, these studies rely on hgosis
a ects other segments because of the nature of time serié®r instance, Wéachter et al. have proposed a method to segment
data. Hence, segmentation of time series data requires thmiman manipulation motions based on contact relations
exploration of all possible segment lengths and classes. Wowe between the end-e ectors and objects in a sceiéachter
this exploration process is di cult; in many studies, the lehg and Asfour, 201} in their method, the points at which the
are not estimated explicitly or heuristics are used to reducend-e ectors make contact with an object are determined as
computational complexity. Furthermore, in the case of moipn boundaries of motions. We believe this method works well
the sequences vary because of dynamic characteristics, eve limited scenes; however, there are many motions, such as
though the same movements are performed. For segmentatiagestures and dances, in which objects are not manipulated.
of actual human motions, we must address such variations.  Lioutikov et al. proposed unsupervised segmentation; however,
In this paper, we propose GP-HSMM (Gaussian processto reduce computational costs, this technique requires the
hidden semi-Markov model), a novel method to divide timepossible boundary candidates between motion primitives to
series motion data into unit actions by using a stochasticdelo be speci ed in advancel{outikov et al., 201 Therefore,
to estimate their lengths and classes. The proposed methdde segmentation depends on those candidates, and motions
involves a hidden semi-Markov model (HSMM) with a Gaussiarcannot be segmented correctly if the correct candidatesate
process (GP) emission distribution, where each state reptese selected. In contrast, our proposed method does not require
a unit action.Figure 1 shows an overview of the proposed GP-such candidates; all possible cutting points are considered by
HSMM. The observed time series data is generated by connectinge of forward ltering-backward sampling, which uses the
segments generated by each class. The segment points agmihciples of dynamic programming. In some methodso(
segment classes are estimated by learning the parametdrs of et al., 2002; Shiratori et al., 2004; Lin and Kul201},
model in an unsupervised manner. Forward ltering-backwardmotion features (such as the zero velocity of joint angles)
sampling Uchiumi et al., 201pis used for the learning process; are used for motion segmentation. However, these features
the segment lengths and segment classes are determined dannot be applied to all motions. Takano et al. use the error
sampling them simultaneously. between actual movements and predicted movements as the
criteria for specifying boundarieS¢kano and Nakamura, 20).6
However, the threshold must be manually tuned according to
2 RELATED WORK the motions to be_ segmented. Moreqver, they used an HM_M
that is a stochastic model. We consider such an assumption

Various studies have focused on learning motion primitived® P& unnatural from the viewpoint of stochastic models, and
from manually segmented motionss(ave and Behnke, 2012: boundaries should be determined based on a stochastic model

Manschitz et al., 205 Manschitz et al. proposed a method /" Our proposed method, we do not use such heuristics and
to generate sequential skills by using motion primitivesttha@SSumptions, and instead formulate the segmentation based o
are learned in a supervised manner. Grave et al. proposégStochastic model. , ,

segmenting motions using motion primitives that are leansd Fox et al. have proposed unsupervised segmentation for the

a supervised hidden Markov model. In these studies, the metio diScovery of a set of latent, shared dynamical behaviors in
multiple time series dataHox et al., 2011 They introduce a

beta process, which represents a share of motion primitives in
multiple motions, into autoregressive HMM. They formulate the
Classes (Gaussian processes) §egm<_—3ntation using a stochastic mod_el, an(_JI no heuristessed

in their proposed model. However, in their proposed method,
' continuous data points that are classi ed into the same states
are extracted as segments, and the lengths of the segments ar
not estimated. The states can be changed in the short terch, an
therefore shorter segments are estimated. They reported tha
some true segments were split into two or more categories, and
that those shorter segments were bridged in their experim@nt

the other hand, our proposed method classi es data points into
/\ states, and uses HSMM to estimate segment lengths. Hence, our
— — . .
. . proposed method can prevent states from being changed in the
Observed time-series sequence
short term.
. Matsubara et al. proposed an unsupervised segmentation
time method called AutoPlaitNlatsubara et al., 20)4This method

uses multiple HMMs, each of which represents a xed pattern;
moreover, transitions between the HMMs are allowed. Theesfor

Observed value

FIGURE 1 | Overview of the proposed GP-HSMM.
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time series data is segmented at points at which the state ising NPYLM. In this method, motions can be recognized by the
changed to another HMM's state. However, we believe thdearned model, but cannot be generated naively because teey a
HMMs are too simple to represent complicated sequences sudliscretized. Moreover, segmentation based on NPYLM does not
as motionsFigure 2illustrates an example of representation ofwork well if errors occur in the discretization step.
time series data by HMM. The graph on the right Kigure 2 Therefore, we propose a method to divide a continuous
represents the mean and standard deviation learned by HMMequence into segments without using discretization. This
from data points shown in the graph on the left. HMM representsmethod divides continuous motions into unit actions. Our
time series data using only the mean and standard deviatiomroposed method is based on HSMM, the emission distribution
therefore, details of time series data can be lost. Thezefoe of which is GP, which represents continuous unit actions.
use Gaussian processes, which are non-parametric methods tHa learn the model parameters, we use forward Itering-
can represent complex time series data. backward sampling, and segment points and classes are
The eld of natural language processing has also producedampled simultaneously. However, our proposed method also
literature related to sequence data segmentation. For plem has limitations. One limitation is that the method requirdse
unsupervised morphological analysis has been proposed foumber of motion classes to be specied in advance. It is
segmenting sequence dataqidwater, 2006; Mochihashi et al., estimated automatically in methods such &sX et al., 201)land
2009; Uchiumi et al., 20)5Goldwater et al. proposed a method (Matsubara et al., 20)4Another limitation is that computational
to divide sentences into words by estimating the parametkas o costs are very high, owing to the numerous recursive caiouis.
2-gram language model based on a hierarchical Dirichletggec We discuss these limitations in the experiments.
The parameters are estimated in an unsupervised manner by

Gibbs sampling@oldwater, 2006 Mochihashi et al. proposed a 3 GAUSSIAN PROCESS-HIDDEN

nested Pitman-Yor language model (NPYLN)¢chihashietal., _

2009. In this method, parameters of argram language model SEMI-MARKOV MODEL

based on the hierarchical Pitman-Yor process are estimated VFigure 3 shows a graphical representation of the proposed

the forward Itering-backward sampling algorithm. NPYLM©a  sp_HsmM. In this gure,g( D 1,2 J) denotes classes
thus divide sentences into words more quickly and accuyatel ' T

than the method proposed inQoldwater, 2006 Moreover,
Uchiumi et al. extended the NPYLM to a Pitman-Yor hidden
semi-Markov model (PY-HSMM)chiumi et al., 201pthat can
divide sentences into words and estimate the parts of speech
(POS) of the words by sampling not only words, but alsg
POS in the sampling phase of the forward Itering-backward
sampling algorithm. However, these relevant studies ainted {
divide symbolized sequences (such as sentences) into segme
and did not consider analogous divisions in continuous sate
data, such as that obtained by analyzing human motion.
Taniguchi et al. proposed a method to divide continuous
sequences into segments by utilizing NPYLNMarifiguchi and
Nagasaka, 20).1In their method, continuous sequences are
discretized and converted into discrete-valued sequensisy
the innite hidden Markov model Fox et al.,, 2007 The
discrete-valued sequences are then divided into segments |b
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FIGURE 2 | Example of representation of time series data by HMML.eft: Data points for learning HMM Right: Mean and standard deviation learned by HMM.
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of segments, and each segmentis generated by a Gaussianwhere represents parameters of the kernélgure 4 shows
process, with parameters denoted B¢ and given by the examples of Gaussian processes. The left graph in each pair of
following generative process: graphs represents learning data poirits{¢), and the right graph
shows the learned probabilistic distributiqxji, Xc,i). One can
g Pdg 1), (1)  see that the standard deviation decreases with an incradbe i
X GP(xjXg), (2) number of learning data points. If the emission of time siep
is multidimensional vectox D (Xg,Xx1, ), we assume that
where X; represents a set of segments classi ed into ctass each dimension is generated independently, and a predictive
Segments are generated by this generative process, and thistribution GP(xjXc) is computed as follows:
observed time-series datais generated by connecting the
segments. GP(XjX¢) D p(Xoji, Xco0,ic)

p(xaji, Xc1,ic)
p(X2ji, Xg2,ic) - (6)

3.1. Gaussian Process
In this study, we utilize Gaussian process regression, which
learns emissiorx; of time stepi in a segment. This makes it
possible to represent each unit action as part of a continuougased on this probability, similar segments can be classneal i
trajectory. If we obtain pairs (X) of emissions; of time sted of ~ the same class.
segments belonging to the same clgss predictive distribution .
Wh%reby the emigssi(g)n oftime stébecom?esxfollowsaGaussian 3.2. Learning of GP-HSMM

3.2.1. Blocked Gibbs Sampler

distribution.
Segments and classes of segments in the observed sequences
p(Xji,Xc,i)/ N(K'C ti,c k'C k), (3) are estimated based on dynamic programming and sampling.
For e cient sampling, we use the blocked Gibbs sampler, which
wherek(, ) represents the kernel function and is a matrix samples segments and their classes in an observed sequence. In
whose elements are the initialization phase, all observed sequences are rafoanly
o o divided into segments. Segmertg(j D 1,2, ,J})inobserved
Clip.iq) D K(ip,i) C  * po: (4)  sequences, are then removed from the learning data, and

arameterX; of the Gaussian process and transition probability

is a hyperparameter that represents noise in the observation. (D) of HSMM are updated. Segmentg(j D 1,2 }) and
Equation (3) k is a vector containing the elemerkép, i), andc . qir classes(j D 1,2, ,J,) are then estimated as follows:
is a scalar valuk(i,i). Using the kernel function, GP can learn a

time-series sequence that contains complex changes. Waeise t
following Gaussian kernel, which is generally used for Ganss
process regression:

(anx an.:h)l (Cnl, 1Cn.}-|) P(quSW)! (7)

where X is a set of segments into whick, is divided, and
o 1. .., o ¢ denotes classes of the segments. To carry out this sampling
k(ip,ig) D oexp( Slip igl“C 2C 3iplq), (5) eciently, the probability of all possible segmentX and
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FIGURE 4 | Examples of Gaussian processes. Left graph in each pair of gphs represents learning data pointsi( Xc). Right graph shows the learned probabilistic
distribution p(xji, Xc, i); the solid line represents the mean, and the blue region repsents the range of standard deviation.
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Algorithm 1 Blocked Gibbs Sampler
1: // Iterate the following procedure until convergence Segment of
2: for nD 1toN do ®© class C
3. for jD 1toJ do =
: Cnj,Cn,jC1 o]
6 if j 60D then o ¢ o o © O o
7 Dglete segmentgy from Xg,; % [ J ° St ket
8 end if B
9: endfor @)
10:
11: /I Sample segments and their classes t
12 (anr :Xn\h)r (CnL 'Cn.h) P(X, q31) .
13: Time step
14: for jD 1toJ, do
15: Ncnj ccC FIGURE 5 | A segment whose probability is computed during forward Iteing.
16: Nan@n,jCl ccC
17:  if j 6Dthen
18: Add segmentsp; into Xan
19 endif t—2 t—1 t
20: endfor
21: end for
c
Algorithm 2 Forward Itering-backward sampling >
1: // Forward ltering
2:for tD 1toT do
3: for kD 1toK do
4: for cD 1toCdo
5: Compute [t][K][c]
6: end for “‘ ' ok
7 endfor I
8: end for
. k=2
10: // Backward sampling
11:tDT,jD1 > t
12: while t > 0 do . S .
130 ke (K] FIGURE 6 | Recursive computation in forward ltering.
140 xDsg gt
150 gDhc
btk Fi the probability thatk | ior to time st
17. jpjC1 !gure5, € probabllity thakk samples ¢ prior to |mesep
18 end while t in observed sequensgorm a segment, and that the resulting
19: retumn (x3,x3, 1. .X1), (Gh.Ch 1. +C1) segment belongs to clagds computed as follows:
[tI[KI[cl D P(s k:tiXc)
cI_asses: must be co.mputed; however, these probabllltles. are p(dd [t KK, (8)
di cult to compute simply because the number of potential KD1 D1

combinations is very large. Thus, we utilize forward Itegin )
backward sampling, which we presently explain. After sampling/heréC andK denote the number of classes and the maximum
Xnj and cyj, parameteiX of the Gaussian process and transition[ength of segments, respectivel(s «:ijXc) represents the
probability P(Gd) of HSMM are updated by adding them to probability thats . is generated from a clasghis is computed
the learning data. The segments and parameters of Gaussi@d follows:

rocesses are optimized alternately by iteratively perfogie . . )
gbove procedurg,. Algorithm 1 Sh)(/JW)é the pse)lljgocode of the P& k:tXe) D GP(§ i:tiXc)Plen(K ). ©)
blocked Gibbs sampleNg; andNg,, ¢, c; represent parameters

; "G Ch, jC1 ’ wherePien(kj ) represents a Poisson distribution with a mean
for computing the transition probability in Equation (10).

parameter ; this corresponds to the distribution of the segment

3.2.2. Forward Filtering-Backward Sampling fong;hus;gt(qugllguigvusétlon (8) represents a transition probability

In this study, we regard segments and their classes as
latent variables that are sampled by forward Itering-backiva . Ng C
sampling (Algorithm 2). In forward Itering, as shown in p(Gc) D NoCC ' (10)
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where No and Ng denote the number of segments whoseprobabilities in . Fromt D T, lengthk; and classc, are

classes are® and the number of transitions fron® to c,
respectively, and® and & respectively denote the length and
class of the segment precedisgy:¢; these are marginalized
out in Equation (8). Moreover, [t][K][ ] D 0ift k < 0,
and [O][0]] ] D 1.0. All elements of [ ][ ][ ] in Equation
(8) can be recursively computed from[1][1][ ] by dynamic
programming. Figure 6 depicts the computation of a three-
dimensional array [t][K][]. In this example, the probability
that two samples before time stepbecome a segment is
computed; the resulting segment would be assigned to class
Hence, samples @ 1 andt become a segment, and all the
segments whose end pointtis 2 can potentially transit to this
segment. [t][2][2] can be computed by marginalizing out these
possibilities.

Finally, segmenx; and its class are determined by backward

sampling lengtrk and clas< of the segment, based on forward

FIGURE 7 | Coordinate system used in the experiments.

determined according tdks,cp [TIKI[c, and st ;.7
becomes a segment whose clasg.i§hen, lengthk, and class
¢, of the next segment are determined accordingkioc,

[T  ki][K[d. By iterating this procedure untit D 0, the
observed sequence can be divided into segments and theieslas
can be determined.

4. EXPERIMENTS

e conducted experiments to conrm the validity of the

proposed method. We used two types of motion capture data: (1)
data from the CMU motion capture datasetiiU, 2009, and
(2) data containing karate motions.

4.1. Segmentation of Exercise Motions

We rst applied our proposed method to CMU motion capture
data containing several exercise routines. The CMU motion
capture data was captured using a Vicon motion capture system,
and positions and angles of 31 body parts are available. The
dataset contains 2605 trials in six categories and 23 seipoaes,

and motions in each subcategory were performed by one
or a few subjects. In this experiment, three sequences from
subject 14 in the general exercise and stretching category
were used, and include running, jumping, squats, knee raises,
reach out stretches, side stretches, body twists, up and down
movements, and toe touches. To reduce computational cost,
we downsampled from 120 frames per second to 4 frames
per secondFigure 7 shows the coordinate system of motion
capture data used in this experiment; two-dimensional frontal
views of the left hand xn,yin), right hand &m,ym), left
foot(x;,yir), and right foot &s,y;s) were used. Therefore,
each frame was represented by eight dimensional vectors:

TABLE 1 | Segmentation accuracy of CMU motion capture data.

Hamming distance Precision Recall F-measure

0.33 0.81 0.81 0.81

FIGURE 8 | Segmentation results of CMU motion capture data.
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FIGURE 9 | Example of segmentation evaluation. Estimated boundariesre evaluated as true positive (TP), true negative (TN) slpositive (FP), or false negative (FN).

FIGURE 10 | Motion capture data of karate motions.

FIGURE 11 | Basic motions in Kata: (A) Left punch. (B) Left lower guard.
(C) Right upper guard.

Figure 8 shows the results of the segmentation. The
horizontal axis represents the frame number, and the colors
represent motion classes into which each segment was
classied. The segments were classied into seven classes
out of eight. Table 1 shows the accuracy of the segmentation.
We computed the following normalized Hamming distance
between the unsupervised segmentation and the ground
truth:

D(c, &)
N
wherec and 8lrepresent sequences of estimated motion classes
and true motion classesD(c, &) is the Hamming distance
between two sequences, aify represents the length of the
sequence. Therefore, the normalized Hamming distance sange
from O to 1; lower Hamming distances indicate more accurate
segmentation. In this experiment, the Hamming distance was
0.33, which is comparable with the BP-HMM reported iRok
et al., 201)L. However, they also reported that some segments
were split into two or more categories, and that those shorter
segments were bridged. In contrast, we performed no such
modi cations, and Figure 8 shows that there are no shorter
segments. We also computed the precision, recall, and F-
measure of the segmentation. To compute them, estimated
boundaries of segments are evaluated as true positive (TP),
true negative (TN), false positive (FP), or false negative (FN).

ND(c, & D

(11)

(Xih» Yihs Xrhs Yrhs Xif  Vie » Xef » Vef )- Because GP-HSMM requires the Figure 9 shows an example of segmentation evaluation. We
number of classes to be specied in advance, we set it toonsidered the estimated boundary to be TP if it was within

eight.

true boundary four frames, as shown irFigure 92). If
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FIGURE 12 | Results of segmentation and classi cation for each method.

TABLE 2 | Segmentation accuracy of karate motions. can accurately estimate segments that appear multiple times in a
o - sequence.

Hamming distance Precision Recall F-measure
GP-HSMM 0.21 092 092 0.92 4.2. Segmentation of Karate Motion
HDP-HMM 0.47 0.12 0.54 0.19 We then applied our proposed method to more complex motion
HDP-HMM + NPYLM 0.61 0.00 0.00 0.00 capture data, which consisted of the basic motions of karate
BP-HMM 0.49 0.13 0.23 0.16 (called kata in Japanesejs shown irFigure 10from the motion
AutoPlait 0.76 0.00 0.00 0.00 capture library Mocapdata.cofriThere are xed motion patterns

(punches or guards) in kata, and it is easy to form a ground
truth for the segmentation. However, there might be shorter
motion patterns, and GP-HSMM might be able to nd those
the ground truth boundary has no corresponding estimatedygtion patterns if the number of classes is set to a larger numbe
boundary as shown irFigure 96), it was considered as FN. \oreover, it is possible for GP-HSMM to discover patterns that
Conversely, if the estimated boundary has no correspondingannot be labeled by humans, and GP-HSMM has the potential to
ground truth boundary as shown irFigure X11), it was analyze unlabeled time series data. However, in this expatime
considered as FP. From these evaluations, the precisioje must evaluate the proposed method quantitatively, and xed
recall, and F-measure of the segmentation are computed &otion patterns (punches or guards) labeled by a human expert
follows: are used as ground truth. The type of kata we used was called
heian 1, which is the most basic form of kata consisting of

PD Nrp , (12) punches, lower guard, and upper guard (Tsuki, Gedanbarai, and
Ntp C Npp Joudanuke in Japanesé&jgure 11shows the basic movements
RD Ntp (13) used in heian 1. We divided this motion sequence into four
Ntp C Nen' parts, for use as four motion sequences to apply the blocked
2PR Gibbs sampler. Each motion sequence consisted of the following
FD PCR' (14) actions:

. 1. Left lower guard, right punch, right lower guard, and left
where Ntp, Npp, and Nty represent the number of points punch.

assessed as TP, FP, and FN. The F-measure of the segmenta§io eft |ower guard, right upper guard, left upper guard, andtigh
was 0.81, and this fact indicates that GP-HSMM can upper guard.

est?mate boundaries reasonably. This is because GP-HSMM | oft jower guard, right punch, right lower guard, and left
estimates the length of segments as well as the classes %unch.

segments. _ 4. Left lower guard, right punch, left punch, and right punch
Moreover,Figure 8 shows that most false segmentations are

in sequence 3. This is because “up and down” and “toe toucHBYy way of its preprocessing, as shownFigure 7, the motion

motions are included only in sequence 3, and GP-HSMM was§apture data was converted into motions with the body facing

not able to extract patterns that occur infrequently. Howetleis ~ forward with a center of (0,0,0). To reduce computational cost

problem is not limited to GP-HSMM, and it is generally di cult We downsampled the motion capture data from 30 frames per

for any learning method to extract infrequent patterns. The

Hamming distance, which was computed only from sequencehtps:/mocapdata.blob.core windows.net/freemotions/karige.

1 and sequence 2, was 0.15. This result shows that GP-HSMasttp://www.mocapdata.com/
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second to 15 frames per second, and used two-dimensional left was also di cult for BP-HMM to estimate correct segments,
hand positions X, yin) and right-hand positionsx, yyn) inthe  and some shorter segments were present. Further, AutoPlait
frontal view, as shown irFigure 7. To compare our method could not nd any segments in the karate motion sequences. We
with others, we used segmentation based on HDP-HVB&4l believe this occurred because HMMs are too simple to model
etal., 200)and segmentation based on NPYLM and HDP-HMM complex motions. On the contrary, we use Gaussian processes
(Taniguchi and Nagasaka, 2Q1ivhere NPYLM {ochihashi  that make it possible to model complex sequentable 2shows
et al., 2009 divides sequences discretized by HDP-HMM. Inthe segmentation accuracy of each method. We considered the
addition, we compared our method with BP-HMM-0x et al., estimated boundary to be correct if it was within true bounga
2017 and AutoPlait Matsubara et al., 20)4 ve frames. The F-measure of the proposed method was
Figure 12 shows the segmentation results. The horizontaD.92, which indicates that GP-HSMM can estimate boundaries
axis represents the frame number, and the colors represent
motion classes into which each segment was classied. The
gure shows that HDP-HMM estimated shorter segments . ]
than the ground truth. This occurred because the emissior ELE 3 | Computational time of each method.

distribution of HDP-HMM is a Gaussian distribution, which Time (s)
cannot represent continuous trajectories. Moreover, theiltes

produced by segmentation, in which NPYLM divided sequence§P-HSMM 248
discretized by HDP-HMM, yielded longer segments. MoreovertiDP-HMM 1.99
NPYLM cannot extract xed patterns of sequences. This i$iDP-HMM C NPYLM 18.2
because the sequences discretized by HDP-HMM included noise-HmMm 3.37
and, therefore, NPYLM was unable to nd a pattern in them. AutoPlait 0.31

FIGURE 13 | Learned Gaussian processes for left lower guard, left uppeguard, and right upper guard.
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accurately. The results show that GP-HSMM outperforms the forward Itering-backward sampling algorithm is used to
other methodsFigure 13 shows the learned Gaussian processestimate the parameters of GP-HSMM; this makes it possible
yrh in Figure 13A which represents the height of the left hand,to e ciently search for all possible segment lengths and &@ass
is decreased, which indicates the motion where the left handhe experimental results showed that the proposed method can
is dropped for the lower guard. In contrasty, in Figure 13B  accurately segment motion capture data. Although motiorat th
is increased, which indicates the motion where the left hanaccurred in the sequences a single time were di cult to segtne
is raised for the upper guard. Conversgjy, in Figure 13Cis  correctly, motions that occurred a few times could be segent
increased for the right upper guard. From this result, we carwith higher accuracy.
see that characteristics of motions can be learned by Gaussi However, some issues remain in the current GP-HSMM.
processes. The most signi cant problem is that GP-HSMM requires the
Moreover, the motions were classi ed into seven classesumber of classes to be specied in advance. We believe this
although we set the number of classes to eight. This resuwalue can be estimated by utilizing a non-parametric Bayesia
indicates that the number of classes can be estimated toraodel. We are planning to introduce a stick-breaking process
certain extent, if a number closer to the correct number isas a prior distribution of the transition matrix, and beam
given. However, a smaller number leads to under-segmemtati sampling for parameter estimation; these techniques areetlli
and misclassi cation, and a much larger number leads to everin Beal et al. (2001Another problem is computational cost. The
segmentation. This is a limitation of the current GP-HSMM, computational cost to learn a Gaussian procesd(is’), where
and we believe it can be solved by introducing a non-parametrin denotes the number of data points classi ed in the GP. To
Bayesian model. overcome this problem, e cient computation methods have been
Computational cost is another limitation of GP-HSMM. proposed {iguyen-Tuong et al., 2009; Okadome et al., JPadd
Table 3shows the computational time required to segment karateve will consider introducing these methods into GP-HSMM.
motion. HMM-based methods such as HDP-HMM, BP-HMM,
and AutoPlait are relatively faster. In particular, AutolPles  AUTHOR CONTRIBUTIONS
the fastest because it uses a single scan algorithm proposed in
(Matsubara et al., 20J40 nd boundaries, and it has been ToN, TaN, DM, IK, and HA conceived of the presented idea.
demonstrated that AutoPlait can detect meaningful patterngoN, TaN, and DM developed the theory and performed the
from large datasets. In contrast, our proposed GP-HSMM igomputations. IK and HA veri ed the theory and the analytical
much slower than other methods, and cannot process such larggethods. ToN wrote the manuscript with support from TaN and
datasets. This is another limitation of the proposed method.  MK. IK and HA supervised the project. All authors discussed the
results and contributed to the nal manuscript.
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