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Abstract:

Human activity data, so-called “life-log data”, has underlying contexts such as sleep-

ing, driving a car, eating. In order to analyse and predict such data, the hidden Markov model

is often used. However, the duration time of the hidden context state of HMM distributes ex-

ponentially and this is not suited for modeling the above contexts.

In order for modeling these

context flexibly, we introduce and compare probabilistic modeling techniques of of hidden states

with general duration distributions.
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time) OfETFRIEFE & /5. fERiEfE X OO & DDEE
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AT Y R, IR A R B AR IRE
L 7= REM il R O ERREO—>Th Y, UT
DEITEHEIND.

EE FroOM 202 T EE R O EuRE L2 R T
VIEFE & A,
1. No=0
2. ST - EFHE Y B FO
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12, Xi(t>0) Z2EI~v/a7iEfE (semi-Markov
process) & PFES [3].

P (Zn+1 = j)Tn-i-l =T, <t

|Z0a"'7Zn;TOv"'aTn)
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I ZIRRRIZBW T, Rt ETOIREE i OF
MEE N;(t) & Liz e x, N(t) = (Ny(t), Na(t),---)
/a7 AR (Markov renewal process) & FESS.
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Thb.
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i~ /L 2 7 W Tk R R D o Ah & L CHE R
ZGE L TWD T2, ke R O A ORE IR
TN TETIVEE DL, EEREESA T Ry
FU—Z7 DR E LT, MkfeRRIR O E LT —
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1. BhtI~vrza7EF L

2. Variable Transition [Eiv~/1a7E5 /1 (VT [2
n<nra7EFN)

3. B~ a7ET LOPE

Bt I~ra7ETL (8,9, 10] 1%, FERivkiEr
DIEBMERO AN a;; &K EBIZBIE L 72 EATRIED
HRFGERETH] D3 AT pij (d) ZENENED HET N ThHD.
Ferguson |3 ] Ok R & O A 238 L (8],
Levinson [&% #1 % @ el fi] O ke R & O A0 123
T&E 5 X HITYEBE L7z [9]. Ferguson, Levinson %41
Z#, Variable duration (hidden Markov) model (VD
fEh -~/ 275 V), Continuously variable duration
hidden Markov model (CVD @~/ 7EF)L) &
FEATEDS, BTN EI L a TET L LWV U4
D L 7eoiz. 2, BEIRNh~Lva7ET L LI
SEALHL. EBhEI~vraT7EeT LT, 280k
S a7IEBROERY, LB O OWREDTHER SN
[ECHT O IRFED 22 70 & FECAT O IR FE ORI d 124K
T2 L 0ET 5. ek, LTFOXTIEL, fkfRfE o
e Dpy(n > 1) 252, Dy=T,—Th_1(n>1)
b SIAYR

P(ZnaDn S d|Z(),"',
P(ZnaDn é d|Zn71)
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VT Riv~/L =27 %7 /L [11] X, Duration-dependent
transition hidden Markov models & HIEEN D Z &
bV, EBRHEENBEDREOMGEIHOE S OB
a;(d) & LCEREND. =0T OTEHIC
Lo THRE SN, Ramesh HARES L7IEF KRB
L~ 7' 7L [12] R° Vaseghi 235 L 72 fkfe s
BRI LTOREEEBOTT L 18] R ERD D.

IIT, BhkEIxarvEeTLE VI B2
7T NVORFR S, LTO®EY TH5H.

o ENtEI~/NLaTET UKW CILEBHER &k
B OB &2 B 2 IZE 2 D DI LT, VT &
NwNaZ7EeETMI—KELTEZS.

o BNt I~/ aTETF LVOBEBHERDOSRITFR
BTHLIOICK L, VIEN~/LaTET ILOE
BMER DA TR OB & L TR I D
DTIHFFRTHS.

o Bt I~ aTET L, MEEER% [0, 00) D
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ISR 2 AIROFFA TE X D LER S H. 12
2L, EEOBERATE, BhtIvirarzer,
VT <A a 7EFLONTIICONTS, K
KAkfGEREHEEZ B ZEDIFEALETH S.

BaAL~ /L3 7T O [14] TiE, FRiLiRIEOE
LY, BIVKEMOEBREGEO hAe o—%
TRLZEVTHZEICLY, MEEMOIXL>E 20
NTHENHZENTED. BIVIRIEMOZEBRBEZRD
FRaY—oflé LTIE, R20E 57 bARav—in
& %. Johnson[7] IZ LAUFREN~ V2 7 BT VOYLIR
TH B LS Ok R O ARl T&E 5 2
ENEBRMTRENTNS.

a) (O—O—~—0) mf}%@—f}{i

Q@w

X 2: FRAVIRIEDBRBEMRO bR v P —0f : a) left-
to-right model, b) left-to-right model with self loop,
¢) left-to-right model with self-loop and one-skip, d)
an example for speech recognition[15]
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BRAVIRREDS § D & & DRI EFEF ap () 1%, BLAIRS
01,02, ,04, /NXTA—HDEREZO LBWNT, T
DR TERIND.

5.2

'70t7Xt :.]|@) (3)
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ay(j) = P(o1, 02,
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i) = (S e atimy(da
[ d s=t—d+1
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BEOFTRH 50, B X MR E Ik R R
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B2 1%, [16] TIE, Him & MR o (i, d) 1ZELFORD
IIOITHELTHS.
(g, d) ai—1(j,d+1)b;(o)
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