[1 100 Latent Dynamics Workshop

HEEEN

Collection of Technical Reports of
the First Workshop on Latent Dynamics (LD-1)

0 0 0 Latent Dynamics [ 0 [J

D000 0o0b00bD o0ooboooooooooIBISMLO
ggd

gooz20100 60 160
goooobbodd



The articles in this publication have been printed without reviewing and editing as
recetved from the authors, and the copyright of the articles belongs to the authors.
Therefore, this publication shall not preclude any further submissions to other
journals and conferences.



oo

gbogbobogboob obbobboobooboobobooboon
goboobu obobbooogbobuoooobobooon

oooosNSOOOoboooooboooobooobooobooboboooobo b
gboggobodobbooboobuoobbuoobbb booboobboon
gbbodbooboobobbodgboobboobboo bobboob
gbbogbobodgbodgbb bboboboobuooboobbuooboob
gbboobobbbuoobooobuoobbooobuoobbooboon
gbbogogbobogbbooobuoobboobobooboobogon
gobb oooboboooon

gog

gobboboooobbobuoooobo

e JOUUOUOLODODOUOOOODLDLDUOUODLDDOO

gobboooogbbodd

gobbboooobbboooobbboooobobogoo

gobbuooobbobooobbuoodob oobbooobbobao
gobboooogbbodad

gogoboboooobboboooobbbooouoboboboo

O00ooo0o0o0obO0ob0b0oboboobOn Latent Dynamics O O
gbogobobboobuoobuogboobodobuodbuoobobbob
gbobobooogobbbo obbooguoobobbuoobbbuooouogn
Latent Dynamics U0 OO DOOO0OO DOODOO0ODOO0ODOOOODOOO

. ggbboooobbboooobbboooobobob

2. 0000000b000bboooboobobo bboobobbuogn
gobboobuoogobobuoooobbobooogobooo



gboogobuodgbbodbb obbodbbooboobboooaob
gbobobuoooobbbuoooobon

OD0O00O0DbO00b0bO0On Latent DynamiecsODO OO O0DOOOO
gboobooooon

e JA)JDDDOCODOOUODODODODUUUOUULDODODOODDODOO O
gbooboogoobobogboogobbbooaoon

e 0B)00D0DDUIDODDOD DDUDOUDDODOODOODODOODOO
gbooooodgooobod

O0A)0(B)DOUODO0O0O0OO0O0OODOOODOO00ODO0OO0OO0OUODOUOOOOOO
Latent DynamicsU O OO O OOO0OOO0OO0OOOOO0OOODODOODOODOO
gboodgbogooobogbo bboobuoobooobooboonon
gboobooooob bogoogbobobobuooooobobog oboo
goooboobooboobobobbobbbobbbobobobbobbobboood bo
gboogbbdobbooobuoobbobodobooboobobooboonbb
b ogoobbobuoogbobbbouooobobobbuoooobn
OO000b00o0o0bOobO0ooodn Latent DynamicsU O OOO0OOO0OO
goudbbogbboooobuoobuoobboboboobuooboonon
OO00D0000O00000b0DbO O0UOLatent DynamiecsD OO OOOOO0O
gbbobooodgbbbuoodobbb obbbooooooobbboooan
Latent Dynamics U 0 0 0000000000 O0OO0O0O0O0OO0O0OO0OOD0O

20100 60 160

Latent Dynamics O OO OO O
oooo

Oo0on

Oo0odad



oo

e OO0 IDDOUOOODLDLODUOOODOLDD OODLDOOO

- 10:05-10:45 00 00O00OODOO0O
Tracking Latent Dynamics — OO0 0000000000 OOO
oog

—10:45-11:25 000000000
ggoboboooobbbooooobboood

— 11:25-11:30 O O
— 11:30-12:10 0000000000
ggbbbuoooobbbooodobbbodgo

12:10-13:30 0D O O

e JOUOOODODOOUOOOLODLDDLOUOUOD OOUODLDOD
- 13:30-14:00 DD 00ONTTOOODODOOOOOOOODLODOOO
gogoboboogobbbooooobobogo

— 14:00-14:30 Xu Sun (000 0)
Decoding in Latent Conditional Models: A Practically Fast Solu-
tion for a NP-hard Problem

14:30-14:40 O O

gobbobuooobbbboooobb oob ooo

— 14:40-15:10 00 000OoooDoog
ggoboboooobobooooon

— 15:10-1:40 000000 bObOoooobob ooboo
gogbbobuooobobbooooboo

15:40-15:50 O O

gobbobuoobbboooub oo bodgdg



— 15:50-16:20 O O O O O Social Design Group)
guodooooooobobobood

— 16:20-16:50 0O O0IBMOODOOODOO
gboboboooobboboood



HEN

e 8-12: OO DO O, Tracking Latent Dynamics — 0O OO0O00O0OOO0O
oooooooo

o 13: 00U, 00DODOUOOO0ODLDOODOUOOODLDDLDOOOON
e 1417 00UDLOO,D00D00D0DODOODLDOODLO0ODOOD
e 1820 UUULO, 00000 DLDLDOUOOULDLDDLDOOOODLOD

e 21-24: Xu Sun, Decoding in Latent Conditional Models: A Practically
Fast Solution for a NP-hard Problem

e 25-28: U0UL0,0DU0000DLDLDOOO0ODLDDOO
e 20-32: 0D, 0000D00DDODLOODLOODOO
e 33: U0 UL,0DD0DUO0O0ODLDLDLOUOOLnDnD

e 34-40: DUD,0D0O0DODDODOODOO



Technical Report of the 1st Workshop on Latent
Dynamics (Jun 16, 2010, Tokyo, Japan)

Jobotoobooobooobogoogo

gooor

Kenji Yamanishi

Abstract: 00000000000 OOOCCOOOOO0O0OODOOOOOOOOOOOOO
gooooooboooboobooooooboooobooooobooooooboooooboo
gbobooboobooboobooboobooooboooobooboooooboooboooboon
gboboobobooooboooobooooobooooobooboooboobooooboOooboon
O00000D0OCQO0O0O Tracking Best Experts0 .0 Switching DO O,0000000000
0000000000000 0O0C0000D0C00O00000D0ODdNovelty Detectiond O
boboboboooooobooooobooooooooooooooooooooooooon
booooboooooooboooobobooooobooooooboooooan

Keywords: latent dynamics, dynamic model selection, switching theory, data mining

1 0o0OoQ

goo00doodDoo0oo0oooOoooooooooo
000000000oooooooooooooogg
Oo00o0ooDooooooooooooooooogg
0oooodogooooooooooooooogd
000000ooooooooooooooooogd
000000ooooooooooooooooogog
Oo0o0ooooooooooooon

000ddodooooooooooooooooo
ooo0DooooooooooOOoOooOOoOoOoOoooooon
00000000o0ooo0o0DoooooDoooooo
ooooooggpoooooooooooooogag
goo0o0oO00OO0o0o0o0o0oOooooooooooogd
000000ooooooooooooooooogg
ooooooooo

gooOoopoooDoOoOoOOOOoOoOoOoOoggooo
gooooooOoOoOoOoOoOoOooDoooooooogd
Oo0oooDooo0oooOoDo0oooooooooooon-
00o0000ooooooooopooooooogg
oooooooOoooOooooooooooooogag
0000000000000 oooooO (Novelty) O
0000000ooooooooooooooooog
Oo0o00ooooooooooooooooooooo
00000D0O0O0000000D0O0O0QOLatent Dynamics

*0000000000000000000O0
0 113-8656 0O OOOOOO 7-3-1
e-mail yamanishi@mist.i.u-tokyo.ac.jp
The University of Tokyo, 7-3-1 Hongo, Bunkyo-ku, Tokyo, 113-
8656, JAPAN

oooooooooo

O0o0ooooooooooooooooooon
00000000 DODO”Tracking best experts”, ”De-
randomization”O OO0 ODOOOOOOOOOOOO
OSwitchingOOO,00000000000000O0O
Oo0ooooooooooooooodg

0000oooooooodboboooooonondLa-
tent Dynamics 10 0000000000000 COO
oooooo

2 JUoobooboood

oooooooooobObOoooooonO 2" =z, ...,z
goboooobobooooooobbooobooboobooo
ooooooODOOOO00000000oooobobooD ZOo
00000000 zooooooooooooooDoo
goooboooomobooomobooooooboo
000000000 (D000 X00oo)ooooo
0 P(X|Z)DOOOOOOOUOOOODOOOOODOO
XOoOoooooooboooooobooooooo

O0000k000000000000Z ={#,...,2k}
00000000000 Z0000000 P(Z2)00
O000X0OOo0ooOoooooooboooooooo
oooooooo

P(X) = > P(X|Z2)P(2).

ZEeZ
00000000000000000000000P(X|Z)
0000000000000000000000000
000000000000 00000000Z0000



0000000000000000000O0000EM
00000000000000000000000
00000000 ZOOOOOO000000Latent
Dynamics 10000000000000000000
0000000000000000 140000000
00 {z}00000 {4}0000000000000
0 Z0OO+0000000 20000000000
000000000000000

zZt = f(thl,xt)»
Yt = g(zt>-

ooo0O0fg0000C0DOOOOOCODOOOCODOOO
gbobooboboobooboboooobooboooog
gobobooooboooooooboboooboooooo
obooooOoboooooboonog

gobooobooobooooboboooooooooo
Ux000000000000000000O0000
goooooo

P) = 3 T] Plarlen) [T Plerls) ().
t=1

zn t=1
gobooobooobboooobooobbooooobooo
000000 B)00oo0oU0ooU0ooouooon
000 20000000100 AROOOOOO0OO0O
oood

xp = 01(s) + 02(s)zi—1 + o(s)es.

000D 6,(s),62(s) 0000 o(s) 00000 s(00
goboboboooobboooobbobodgsbbooon
gbooobooboobooboboooobo
boooboobooboboboboooooooo
O p00o00000o0oo0ooooooooooo
obooOoo0oobOoboooopR,U0ODbOtbODO
o000 Z0O00O0OOOOODODODODODODO
d0000 {»} 0000000000000 0O0000O
gogoobbbbtboooooobobobboooooo
Py(z]z?)

v =d(Py(2), Pi_1(2)) = »_ Pi(2]a") log B Gl

00000000000 100000000 oo
oooooooooobobooooo

O0000D00 Latent Dynamics OO0 O 00000
gooooooooOoOooOOOOO0UdUoboboooogo
00000000000000000000 Z2={~}
00000000 Z2={z,22} 0000000000
000000oooooooooooogogoooooo
ooooooooooooooooooooooDbgoo
Oo00ooooooDoon

3 Loooboo

goooo0oooo0ooogooooooooooo
000 Tracking best experts [4) 0000 Deran-
domization (11| 0000000000000 0OOOO
O0O0expert0O00O0OOOCOOOOODODOODODOOO
0000000000000000000 expert(best
expert) D0 0000000000000 Oexpert 00
ooo0o0o0oO0oO0oO0oO0oO0oO0o0OO0oO0o0O0oO0DUDOoOoUooo
OO00D0O00000D0000Dbest expert 1000
oooo0ogoooooooooooooooooogag
ooo0oooooooooooooooooooogo
Oo0ooooooDoon
ooooooooooooooooooDoDooObooO
oo0oodoooooboooooodoboooogdg
0000 Infinite HMM OO OOOOOOOOOO [1]O
ooooo0ooo0oO0o0OO0O0OO0O0OO00ODODUOoUooo
goooooogooooooooooooogogag
oo0oOoopoOoooooooooo
0000000000000 0o0oooooooo [13]
oooooboOooboooooboobobooobobooo
ooooDOooo0o0ooooobooooboooonooooDo
0000000000000o00U0OMDL(Minimum
Description Length) 0 0000000000000
OO00000D000SwitchingOOOOOOOODOO
oopoooOooooooCocooooOogoooooooag
Ooooooogooooooooobooobooboooogg
Oooo0oooO0oo0oDOooOooooon
oooooooooooogoooooooobooo
gooooooOo0oO0oO0oOOOoOoOO0OODDUUOUOOoo
ooooooooooooooboObobooooooogo
ooooogooooooooooobobobbooogo
ooooooOoooopoooooon
O0k00000DCOOO0ODOODOOO

Pe={P(a"l0.K): 6€O) (n=1,2,)

0000000000D000000dim®; < -+ <
dim®;, < dim©,y; < --- 000000000 tO
0000000k O00002-'0000000000
;000000 P(ayl2t~!: k) 00D0D0000O0ODO
0006027 '000¢000000000000
oo0o000 plug-in0O0O:

P(mt\xt_l : k‘t) = P($t|ét_1 : k’t)

O0O0P@«~)0 #1000 0000000000
0000000000000000000:

P(aslzsr : ) = / P(2,]0)P(0]2~" : ky)d6



obooobooooooooon

P(xy - xt1 |é(xt
. Pl 10

gooobobobooooon

gooodf 2" =2;---2, 00000mOd00O0O0O0
0000000t = (to=1,t1,ts,+ ,t,,) 000000
00000k = (ko k1, ks, ,kn) 000000000
00000 s = (m,t, k)0 Latent Dynamics 00
O00000O0O00P(s)0sO000OOO0OOOOO
0000000 s00000 Switching DO P(a"[s)
goooobobobooga

o) k)
sty k)

P(xt|xt71 shy) =

P(ZL’”ZL’iil : ko)
P(;|2t =1 2 k)

P(x;|z"™ i s) = '
P(;|2t=1 2 ko)

"s) = HP(xﬂxi_l S
i=1

000sO000000000 £2"00000d
:ZP(x”|s)Ps
S

goood
gobooOooobOoobosobobooooooooon
oobooooboooooooooooooooooon
obobobgoboooobooboboobobDez"0b0O0nDO
ubooobOooboooobooboooon

—log > P(a"[s)P(s)

oboooboooooooboooooooooooon
ooboooobooooboooooooooooooon
oooooooogon

logZP xz"|s)P

goooodpooooooooooobooboooogo
OoooDooOoOO0O0O0O0O000ooooosooon
OO0O00Dz"0000000000s000O0oO0O
U0O0000bo0bOgoboOoO Latent Dynamics O O
o0o20000000000000000O

0000 MDL(Minimum Description Length)
O0o0o00ooooobooooOooooosbobooo
00 Latent Dynamics 00000000 s,,, 0000

) < mm{f log P(z"|s) — log P(s)}

Sopt = argmin {—log P(z"|s) —log P(s)}

O0000s,, 0000000000000 Latent Dy-
namics OO 0O 0O

—log P(2"s) 00 —logP(s)0000000OO0OODO
Oo0o000oOoogk™=k,...k, 000000000 «
doddddooooi1oooobobobooooooonoo
O P(kt|k:—1 : ) 000000000 OLatent Dynamics
gooooad

n

> —log Py’ ™" : ki) + Y —log P(ke|k'~
t=1 t=1

ooooog k™ =k, - ,k, 0000000000
000000&10k-'000 00000000
000 (1) 0 DMS(Dynamic Model Selection) O
googo
oooooocoooobooooooooonooood
oS, JO0DOODODOODOODOOOO(MODOODODOO
o3, 000000000000 mMOOODOOOO

Yiaey) (1)

4 O0O0O0O0O0OOoOOOooOO

0O O OLatent Dynamics 00000000 DMSODO
oooooooooooooobooboooooooogo
ooooooO0ooO0o0oO0oO0O0OO0OO0OO0O0oDoDUOoUooo
cooooooooopoOoooooOooooogo

gopoOoooOoOooOoOoOooooobMSOOOOO
000 Latent Dynamics 0 000000000 OOO
OoooooooooDooo

00 1 /18] Switching 0000000000 DMSO
0 (1)000000 Latent Dynamics 00 00 O(n?)
00000000 DMSODODODOOOOO0ODOOOO
00000000000000000

m tipi—1
min Z Z —log P(z|z*™! : k)
m (to ko)a 7(twu m) =0 t; +1
m 1
+nH (—) + 3 logn + m + o(log n)} . (2)
n

0010000 DMSODOO0OO0OO0O0OO0ODOOO0OO
000 Krishevsky and Trofimov 00O OO0 OO0O0OO
000000000000 0000U0oDUUOUOoOoo
ooooo

000D00000o00ooooooooo bMSOOO
0000 Latent Dynamcis 000000000 OOO
Oooooooooooooon

00 2 [16] Switching00OO0OO0OO0OO0O DMSOO
(1)000000 Latent Dynamics0000 O(n) OO
oboooobDMSOODOOOoOOoOooobDOobOooo
000000 (2)00000oo0ooooo



0020000 DMSOOOOO0O0ODOOODOO
gobooooooooooobooooboooooboooo
oboooooobooooboooooooooboooo
obooooobooog

000000 1600000 10000 DbMSOOO
oboooooooo20000000000000
uobooboooooooobsobooboobooo
ooooooooooooobooooooooooon
oooooooo

000 Switching 00 O00O0O0OO0O0O0OOODOO Re-
setting 0000 0OD0O0O0O0O0ODOOO0O0O0O0O0O0O0OO
O0000D0O0O0000SwitchingODOOOOOOO
oboobOoobooboobobobobobooobo
oono

O00000000DD00DD ResettingO0ODODODO
ODMSOODOOODOO Latent Dynamics 00 0O O
goooooboooooooboooon

OO0 3 Resetting DO DO DODODOOOOODOOODODOOO
OO0 pMSOOOOOOOO Latent Dynamics 00O
0Oor)D0OD000000000000000000
000000 (2)00000000ooooo

OO0 DMSOOODOOO Latent Dynamics O 0O O
000000oooooooooooooooooog
O00000ooooooooooooooooooo
ocooooogood

O00O0oooo {M,M}000000000O0O0
000000000 SwitchingDOOOOOOO¢OO
Oo0o0oooooooooooooooooog

00 Hy: M for 27 =1 -+ xp,

M, forzl =z - a4
1 1 t*,
oo Hli
M2 for .73?*_;'_1 = Ttr41° " Tn-

bDMSOOOOOOO

—log Pz 1 ]at : My) +log P(af iy |2t : My) —a <0

0000 HyOOOODOOoOOooooooo F[,0ooooono
00000000000« =log(w/(1—w)), P(M1|M;) =
P(Ma| M) = w > 1/2, P(My|My) =1 —w 00000
goooobobobodogd
uoboboooboboooooooobooobooag
gobooobOobooooboboooog

004 00000000000000D0O0O00C0O0O0
oood

Prob000000DO0D H,00D0] <27,
Prob000000000 HOOO] < 2exp (—Chi?).

D000hRY 000000000 delay0 OO0

def

Dy, (Ms||My) = Zx?*H Pz 4|2t M) log P(x?*+1|xt1* :

n * def
Mg)/P(xt*+1|a:’i : M), B = %

goocooooooo

(Dn(Ms||My) — ) O

00 500400000 A0000000~000
oooooopMSOOOOOOOOOOOO0O0O0O0O
0000000000000000000 O(1/4%) 0
oooooo

5 Ubobbooogd

Latent Dynamics 0000000000 OO0OODODO
uobooobooobobooooooooooboooo
000000 Novelty Detection) 00 000 (Anomaly
Detection) 0000000000000 OOOOOO
googd

000000 [13)0000000000ooooo
oooooooobooboobooboooooobooboon
gogboobogoboobbooboobuooboon
00000o0o00oooUo0o [12]00,000000
0000 SyslogO0O0O0OOOoOooooOOOOCODO
oobooooooooooboooboobooooobooon
gogbogobobuooboboobobooboonoon
obooooooboooobooboooooooooooo
oooooo (8.

oobobooooboooboboooooboboooon
goboobbooobuoobbooobooooboon
obodoobooobooobooboooooobobooo
obooooboooooooobooobobooooo
ooboooboooooboooooooooboooon
Ooo[7],[6,[10)0000000)0000000000
goboooboboooooooboooooboooo
oooobooobooobooooooooooooo
gogoooo

6 LQOO4d

O0000Latent Dynamics 00O O0D0OO0D0O0O
oooooOooOoOoooooDbOobOooDooooon
OoooMDLOOOODOOOOODOODOOOOO
00 Latent Dynamics 0100000000 OO0OOO
oooO0o0ooOoo0ooUoooOooooooooo
O00000000D00000D00O Latent Dynamics O O
O000000000000000D000000Latent
Dynamics 0000000000 OOODOOOOODOO
10000000o0ooboobo0o0ooooboboooogo
oooooooooooooOoOOoOOoooooogo



O000000000000000Latent Dynamics O
gbooobooboobooobooboon

googd

[1]

M.J. Beal, Z. Ghahramani and C.E. Rasmussen:
The infinite hidden Markov model. Advances in
NIPS, vol.14, MIT Press, pp:577-584, 2002.

T. van Erven and P.D. Grunwald and S. de Rooij:
Catching up faster in Bayesian model selection
and model averaging. Advances in Neural Infor-
mation Processing Systems 20, 2007.

J.D. Hamilton: Time Series Analysis. Princeton
University Press, 1994.

M. Herbster and M. K. Warmuth.
the best expert.
30(2):151-178, 1998.

S.Hirose and K.Yamanishi: Latent variable min-

Tracking

Journal of Machine Learning,

ing with its applications to abnormal behavior
detection. Statistical Analysis and Data Mining,
20009.

S.Hirose, K.Yamanishi, T.Nakata, R.Fujimaki:
Network anomaly detection based on eigen equa-
tion compression. Proc. of KDD2009, 2009.

T. Ide and H. Kashima.
anomaly detection in computer systems. Proc. of

KDD2004,ACM Press, 2004.
S. Morinaga and K. Yamanishi: Tracking Dynam-

Eigenspace-based

ics of Topic Trends Using a Finite Mixture Model.
Proc. of KDD2004, ACM Press, 2004.

J. Rissanen: Information and Complexity in Sta-
tistical Modeling, Springer, 2007.

J. Sun, P. S. Yu, S. Papadimitriou and C. Falout-
sos: GraphScope: Parameter-free mining of large
time-evolving graphs. Proceedings of KDD2007,
2007.

V. Vovk: Derandomizing stochastic prediction
strategies. Machine Learning, 35, pp:247-282,
1999.

K. Yamanishi and Y. Maruyama: Dynamic syslog
mining for network failure monitoring. Proc. of
KDD2005, pp: 499-508, ACM Press, 2005.

K. Yamanishi and Y. Maruyama: Dynamic model
selection with its applications to novelty de-
tection. IEEE Trans. on Information TheoryIT
53(6)0 2180-2189, June, 2007.

[14) OOOOO0O: 0000000,0000, 2005.

[15) D00OO0: 000000 Doo—0O0Uoooo

oooo.0000 2000.

[16) DOO0O0OO: 0000000000000 OO0OOO
ooboo.0o0oboooboobobooooooboo

gboooboobooogno2oton



Technical Report of the 1st Workshop on Latent Dynamics
(Jun 16, 2010, Tokyo)

A RETF Y o 72 L ARERED D OFRERS
m1HAE

Abstract: fEfg~+1 XE7 U U7 1E, WEABITHEMERERIRGER S 25607 —
S RATICAB N e Pkt 5, 22Tl BRSNS XE2T Y U7X DIRRYIT —
B EWO WA TZHTEDONL O EHENT 5, Thbh, EfbREEMRG, W\ 216
BN S OMILFR M, B~ a7 EFmck b e MEmBREOT T VL TH D,

Keywords: superresolution, variational Bayes, hidden Markov model

1 FHFROMBE

BERESA RET U 7L, REEEE S iR AT
MRS D55 OT — X RN e FEE 1R 5,
(2, A RHEEIT K B %5540 OEL DS EFED e
T A B Ll e E A e 5, ARETIL
Mg~ XET ) 72 E D BERYIT — X Ot 217
STSARIZE N DD 5,

B-OMREIT, ERdREEE [ ThD, EigROE
e Lid. AJ1SncEig L0 & @ R E o mifg A
DT 2HMNTH D, 520N HigE BIHRHERT 5
DOTIE7<, HFREFECT Z & TREVWAR-MEE Omitg % H
%, TNETIZ, FEEBNE—OHRERIIRTT 5
B2 BERE > Q0D Z & AR L CaE g E 415
L NTF T L— MR ORI T TN D, 20~
NWTF T L— IBFRABIT N T, K x OIS LRSI B
72 DRI DNEN LT D L9 7RIt B0 45 5 o5
WRFBRRE CH D, FT . RS mGR = &
WHNTIIRAT AR A S 2, I6IT, a2 g
BDHLA T I Ao THRAT DRI~ L HEET 5,
29 LIk, BBnEEEFL, L2di> T
SN BEEEAETHZ & TRV S Z &N TE
5o 9 LI AERRECE VT IR i -

HoE | W & & ISR LG A HEE 3 2 R

M~ XET AT LA, AfEE L L CESAb T
Do FERLE LT, BV AT EICERSILTNANE D
WEHEE L, ZOHEEO RS EE B L - @i E
BOHEENERTE B,

DI BIED S DIFENRE SN TWDIRILT, 1’
BEFREOFRRNH £V 2WE T, BHMEBTRNODIES
BT AREE 7T A v FEEMEEL VW, Bk DfE
BN B DB DI FS & 4589 B IMNTAE B0HT
(ICANZ L AFHEN BN TWD, B 0L, Zo7
T4V MEEDBEZIWT, BEFFRBBL T D,

AR RFBEE WA 788}, 619-0011 HAEFFIAT I
=, tel. 0774-38-3938,
e-mail: ishii @i.kyoto-u.ac.jp, URL: http://ishiilab.jp

Thebb, HARZICBOTIHES 24K LT 553
DIFZNCBWTUHMESEH LT LAWK 9 2k, &
I LG B OBRBIRI A HEE L3 D, 15 SR BEE AT
B & T DIFEFMSIE S 1T [ Th D, [EHIROBI
IZONWT=La 7 ET UL D BT MEEITV, 23T A

FU w7 ICAIZEVEEHBET 5, 72, JFEFIZo0
T, IBRAIERGHAEIET D, ZOMERET LV (2K
L LCEN~La7ETIN) OHEEE LA VB L
STTHTAER, B OB ERE LIWET MZL D
HEE L0 & BUWEEREMNMS ST,

Forx NFNIARMEFMED H D BRIV CH BERRESL
ITOMENRD D, ZOBRT, SHEFEIEOMTEIIEE /2 A
TS ThDH, HOMEIL. =9 Lz ABORMEFM:
DIEEFEDET UL [3 Th b, BAEDBMIIZ TN
T, EZIQWD DB K 5 73k Gl Ei
W) Th Ao E R EREE, B ra T ET
Ve BEOTRTET U LT, ZOFET LD, A
MOITE 2 mVERCTT T 52 N TE D, Fo, E
TNERHND Z LT, RHEFEIEOHREIZE B AR
HAfE REL D Z LN TExD, AL T Am L,
FRRET TR ORERE R IEKAIC K 2 I BT EEIEHIT
— & L OMEBIRITIC L Y . ANFIOAHEFEEDMEEIZRE D
DIRDOIBIFIRIZ O TER UA Z ENTE 5,

B35 3k

[1] Kanemura, A., Maeda, S, Fukuda, W., Ishii, S.
Journal of Systems Science and Complexity, 23(1),
116-136, 2010.

[2] Hiyarama, J, Maeda, S, Ishii, S. IEEE Transactions
on Neural Networks, 18(5), 1326-1342, 2007.

[3] Yoshida, W., Ishii, S. Neuron, 50(5), 781-789, 2006.


mailto:ishii@i.kyoto-u.ac.jp
http://ishiilab.jp

Technical Report of the 1st Workshop on Latent
Dynamics (Jun 16, 2010, Tokyo, Japan)

Jobooougbogoogon

ggooog:x
Takehisa Yairi

Abstract: 00 00000DO0OCOO0OO0OOODOOOOOOOODOOOOOOOOO
000000 (o0oo0o0)00obD0oo00o000o0oOU0oo0ooO00ooDooLoDOooOoOo
gbboobooboooobooboooboobooooboooooboooobobooonoag
gbboobOobooobooboooobooooboooboobooooboooobooonog
oboooobooboooooboooooboooboobooobooboooooboooobooonog

goboobooobooobogno

Keywords: OOOUO0O0OODO,000000,0000000,0000,0000000

1 O0o0od

o0o0o0oobooboooobooooobooooon
0do0o0oooooboooobooooboobooon
gooooboooboobobooboooonooon
000000000 (learning of dynamical systems)O
O0000O000000000 (system identification)
0do0o0ooobooooooboooboobooon
gooboooooobooooooog

goboooooobo2000b000booboon
00o0o0ooooobooooboooooboobooon
goddooboododooooooooooooon
gooooooooooa

00000o00o0oo0o0o0oo (oooo)oooo
0oo0oobobooooboobooooboobooon
aon

Tepr = f(Tue) + v (1)

g(xt) + wy (2)

Yt

2 JUbobbobouobouoobn
guoooobood

2.1 OdO0dOobobooooooboon

goooodoooboboboooobooooooobo
0do0o0oobooooobooobooboooboon
odooodbooodoboooboooooooon
000000000000 0000000 (Switching
Linear Dynamical System: SLDS), 00000000

*C000000000000D0oO, D 1538904 000000
00 4-6-1, e-mail yairi@space.rcast.u-tokyo.ac.jp,
RCAST, University of Tokyo, 4-6-1 Komaba, Meguro-ku, Tokyo

000000 (SKFOOooOoooooosSLbsOoO
O0ooooooooooooooODOOEMODODOOO
gbooooOobobooobobooooboboonog
E000O0O0O0OOOO0DODOOOOOOODOO0ODO
gobooooobb s, 000b0bo0dtbd 00000
oobooooooOooooooobooooooboono
Ooo0ooO e s 0000 ViterhiDODOOOOO
00000 9000000000000 0USLDSO
gobobooboooboooobooobooobooo
0000000000 0O0U0oooooooo s3]0
goooooboooooboooooooooobooo
oboboooooooooobooobobooobooo
ooo

22 UJO00dO0OoObooooboon

gboboobOoboooobooboboooooboon
ooooOobobO 1200000000000 fODO
oot gbobbooooooouoooobobbn
gooobbobbooooooo

gbobobobooobOooobobooobooboooon
0 O Ghahramani O Roweis 0000 [7]0000O0O0
gogoobdobogobboobooobuoooboon
000000 Radial Basis Function Networks (RBFN)
ooooooooooDoDoDooODODODDOD EMOOOO
obooobOooooooboooobooooonoo

Kernel Kalman Filter (KKF) 200 D 000000
obooooboboooobboboooboooooo
ooboooobOooooOooooooooboooonoo
gogboooboobbooobooboboboboon
goboooboooobboobuobooboboon



ooooooboboooobobuooobobb EMOO
0o000o0o00obooobo0obooboooboO KKF
goooboboooooobobbobbobboooon
00000000000 00000 (preimage) 00O
ooooboboboooobobobbbbooooooon
0000000000000 00000000 (Kernel
Canonical Correlation Analysis: KCCA) OO OO [11]
ooooooo
gobobbooobbooouobbooooobn
00000000 (Gaussian Process) 0000000
goooobobobobbobboooobbobbooooon
0000000 (Gaussian Process Dynamical Models:
GPDM)[28) 0 OOOOOGPDMOOO0O00000
O0000000000000000 (Gaussian Process
Latent Variable Models: GPLVM)[15| 0000000
oooobobobbbooooooobobobbboooo
O0OGPDMOUOOOOODODOOGPIL24)|00000
O00000000000000 (pseudo inputs) 00O O
oboboboboboboobooboobooooon
goooon f,0000 g0DOOO0OO0ODOODOODOO
00000000 GP-Bayes[12], GP-ADF[4] 000 0
0000000000000 00000000 {2} O
bodbobobOobobobOooobobobo 2o
OoGpPOOODOODOODO
gobodbobooboobooboubooboon
O (Manifold Learning) 0000000000 OO0OO
0000000000000 0000000 (Laplacian
Eigenmap:LE)2) 0000000000000 O0O0OO
gobboooobbooobbooobbbboooo
0000000000000 ooO0ooooO 1700
oobobboboOooooobobbbbb0ooooouoon
gogoobbobboooooboo

23 0DOODBNUOODOOO

O0000000oooooo (OBN)ODOOooooO™
goooboobboobobobbbbooooooon
uoboooboooobooooboobooboboonbooo
obOoooOo0oooooboboooboooboooboobo
DBNOOOOOOOOOODOOOOOOO (21,230

24 000000

ubdbodboabooooooooooubabganod
gboooboooboobomoobooboobon
oboooboooobooobbooboboogoo
oobooO0oooboooooboooobooooobooo
ubooaooadaod

oobooooOoobOobobooobooOooboboooon
00 Langford 0000000000 13000000
uoboooobooobooooboooobooobooo
oboooboooboooobooobooobooo
ooooooobooboooobooboooooobooo
00o00o0o0oo0oooooooUooUoO (oo
SVR)0OOO0O0O0O0O0000000000ooooo
oboooboooonboon

3 Uugbobooboobooon

sooooOOoo0oooooooooBooooo
00 (subspace identification) 0 0000000000
0000000000 (18,14, 27000000000
oooooO0ooooOoOooooOoOooooooDoo0on
00000000000 (orthogonal projection) 00O O
00 (oblique projection) 000 O0O0O0O0OOOOOO
ocoooooooooOoOoOOOOOODODOOO

ooooooooooooooooooooooon
oooooooooooooooooomooooon
00 (00)000000o0o0oo0oD (oo0)ooo
00000o0opEooooooooooooooon
ooo000ooooO0O00oOo00o0bo0ooboo0o00n
0o0oo0oooo(ooooooooooooon)
O0000000000000000000000 SLDS
0000000000000 (piecewise linear: PWL)
000000oO0oooOooOooo 2600000000
oooooooooooooooooooooooon
ocoooooooooOoOOOOODOOODOOOOO

000000oo0ooooooooooooooie)
0000000o00ooUooooooooooo 8O
oooo0o(ooooo)yooooooooooo
ooO0o0ooooOo0o0oooOoOoO0ooooOobOOoboDOo0on
ooO00oooOooo0O0o0oooooOoOoooooooOon
0000 (Prediction Error Minimization: PEM) O O
ooOo0oooooOoooooOoOoOoOoOooOoooDoOoOon
OooEeEMOO0OOOO0OO0OOOOOOODOOCCOOO
O00000o0ooooooo (22,160

4 U000o0bOO0ooboooooood

guoooobogd

000000000000000000000000
000000000000000000000 2000
0000000100000000000000000
0000000000000000000000000
00 [10]0



000O0CCADDDD (000)000000000
CCAODDDOOO [1)000000000000 [25
000000000000000000000 [10]00
0oooooo

5 Lood

gobooboooobooooboobooobbooooo
obooOooobooooboooobooooobooo
gobooOooobOooooooobooooobooono
ooooooooboooooooooooobooono
goboooooboboooooboooooooobobooo
oooboooooobobooobbooobooooooo
obooooOobooooobooooooooon

0d

000000000000000000000000
00000000 (IBM)ODOO0OO0O0OO0 [29)00000
0000000000000000000000000
000000000 (000000)00000000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000000000000

Jodd

[1] Francis R. Bach and Michael I. Jordan. A prob-
abilistic interpretation of canonical correlation
analysis. Technical Report 688, Department of

Statistics, University of California, Berkeley, 2005.

[2] Mikhail Belkin and Partha Niyogi.

eigenmaps and spectral techniques for embedding

Laplacian

and clustering. In Advances in Neural Informa-
tion Processing Systems 14, pages 585-591. MIT
Press, 2001.

[3] Silvia Chiappa, Jens Kober, and Jan Peters. Us-
ing bayesian dynamical systems for motion tem-
plate libraries. In Advances in Neural Information
Processing Systems 21. MIT Press, 2009.

[4] Marc Peter Deisenroth, Marco F. Huber, and
Uwe D. Hanebeck. Analytic moment-based gaus-
sian process filtering. In Proceedings of the

26th Annual International Conference on Ma-

chine Learning, pages 225-232, 2009.

[5] Emily Fox, Erik Sudderth, Michael Jordan, and

Alan Willsky. Nonparametric bayesian learning
In Ad-
vances in Neural Information Processing Systems
21. MIT Press, 2009.

of switching linear dynamical systems.

[6] Zoubin Ghahramani and Geoffrey E. Hinton.
Variational learning for switching state-space
models. Neural Computation, 12:963-996, 1998.

[7] Zoubin Ghahramani and Sam Roweis. Learning
nonlinear dynamical systems using an em algo-
rithm. In Advances in Neural Information Pro-
cessing Systems 11, pages 431-437. MIT Press,
1999.

[8] Ivan Goethals, Kristiaan Pelckmans, Johan A. K.
Suykens, and Bart De Moor. Subspace identifica-
tion of hammerstein systems using least squares
support vector machines. IEEE Trans. on Auto-
matic Control, 50:1509-1519, 2005.

Jacob Roll.
Manifold-constrained regressors in system identi-
fication. In Proc. 47st IEEE Conference on Deci-
sion and Control, pages 1364—1369, 2008.

[9] Lennart Ljung Henrik Ohlsson,

[10] Masao Joko, Yoshinobu Kawahara, and Takehisa
Yairi. Learning non-linear dynamical systems by
alignment of local linear models. In 20th Interna-
tional Conference on Pattern Recognition (ICPR),
page (to appear), August 2010.

[11] Yoshinobu Kawahara, Takehisa Yairi, and Kazuo
Machida. A kernel subspace method by stochastic
realization for learning nonlinear dynamical sys-
tems. In Advances in Neural Information Process-
ing Systems 19, pages 665—672. MIT Press, 2007.

[12] Jonathan Ko and Dieter Fox.

Bayesian filtering using gaussian process predic-

Gp-bayesfilters:

tion and observation models. Autonomous Robots,
27(1):75-90, 20009.

[13] John Langford, Ruslan Salakhutdinov, and Tong
Zhang. Learning nonlinear dynamic models. In
Proceedings of the 26th Annual International Con-
ference on Machine Learning, pages 593-600,
2009.



[14]

[15]

[16]

[17]

[18]

[19]

[22]

Wallace E. Larimore. Canonical variate analysis
in identification filtering, and adaptive control. In
Proceedings of the 29th IEEE Conference on De-
cision and Control, pages 596604, 1990.

Neil D. Lawrence. Gaussian process latent vari-
able models for visualisation of high di mensional
data.
Bernhard Schoélkopf, editors, Advances in Neural

In Sebastian Thrun, Lawrence Saul, and

Information Processing Systems 16. MIT Press,
Cambridge, MA, 2004.

Lennart Ljung. Perspectives on system identifica-
tion. In the IFAC Congress, 2008.

Zhengdong Lu, Miguel Carreira-Perpinan, and
Cristian Sminchisescu. People tracking with the
laplacian eigenmaps latent variable model. In J.C.
Platt, D. Koller, Y. Singer, and S. Roweis, edi-
tors, Advances in Neural Information Processing
Systems 20, pages 1705-1712. MIT Press, Cam-
bridge, MA, 2008.

Peter Van Overschee and Bart De Moor. N4sid:
Subspace algorithms for the identification of com-
bined deteministic-stochastic systems. Automat-
ica, 31:75-93, 1994.

Vladimir Pavlovic, James M. Rehg, and John
Maccormick. Learning switching linear models of
human motion. In Advances in Neural Informa-
tion Processing Systems 13, pages 981-987. The
MIT Press, 2001.

L. Ralaivola and F. d’Alche Buc. Time series fil-
tering, smoothing and learning using the kernel
kalman filter. In Proc. of IEEE Int. Joint Confer-
ence on Neural Networks, pages 1449-1454, 2005.

Joshua W Robinson and Alexander J Hartemink.
Non-stationary dynamic bayesian networks. In
D. Koller, D. Schuurmans, Y. Bengio, and L. Bot-
tou, editors, Advances in Neural Information Pro-
cessing Systems 21, pages 1369-1376. MIT Press,
2009.

Thomas B. Schn, Adrian Wills, and Brett Nin-
Maximum likelihood nonlinear system es-
In In Proceedings of the 14th IFAC
Symposium on System Identification, pages 1003—
1008, 2006.

ness.

timation.

23]

[25]

[26]

[30]

Le Song, Mladen Kolar, and Eric Xing. Time-
varying dynamic bayesian networks. In Y. Ben-
gio, D. Schuurmans, J. Lafferty, C. K. I. Williams,
and A. Culotta, editors, Advances in Neural Infor-
mation Processing Systems 22, pages 1732-1740.
MIT Press, 2009.

Ryan Turner, Marc Deisenroth, and Carl Ras-
mussen. State-space inference and learning with
In Proceedings of the Thir-
teenth International Conference on Artificial In-
telligence and Statistics, pages 868-875, 2010.

gaussian processes.

Jakob Verbeek. Learning nonlinear image man-
ifolds by global alignment of local linear mod-
els. IEEE Trans. Pattern Anal. Mach. Intell.,
28(8):1236-1250, 2006.

Vincent Verdult and Michel Verhaegen. Subspace
identification of piecewise linear systems. In Pro-
ceedings of 43rd IEEE Conference on Decision
and Control, pages 3838-3843, 2004.

Michel Verhaegen. Identification of the determin-
istic part of mimo state space models in innova-
tions form from inputoutput data. Automatica,
30(1):61-74, 1994.

Jack Wang, David Fleet, and Aaron Hertzmann.
Gaussian process dynamical models. In Advances
in Neural Information Processing Systems 18,
pages 1441-1448. MIT Press, 2006.

00 0 and OO OO. DOODDOOOOOO
gbobooooobooooobobo. coooba,
49(7):(to appear), 2010.

gb bo.0o0o0bob.0b00o00boooobo
g.ooao, 2004.



Technical Report of the 1st Workshop on Latent
Dynamics (Jun 16, 2010, Tokyo, Japan)

ougoouboobooboubbooboodggd

gooor

Tomoharu Iwata

Abstract:

obobooooooobooooboobooooooooooooo boooon

oooobbobob oobboobbooooobooooooooooobobbooooobooo
gooooboboooobobooobobooo ooboboboobooooboooboboooobao
gobobooobooboboooooboobooooboboooobobboooboooboooboon
obobobooooobooobooooooooboooooboooooboboboOobooboooog

gobooooooboo

Keywords: D0 0000000 DOODOOOOODOOOOOOOOOOODOO

1 0Oodn

oobooooooboboobobooooooooon
OO0O00O0Obag-of-words OO0 DOOOOOOOOOO
gobobbooboobobooobbboobbo
OO00D000DOD00D00O0 O0OProbabilistic Latent
Semantic Analysis (PLSA)[10] O Latent Dirichlet Al-
location (LDA)[6]0 0000000 [10]00000 [22]0
000 (1500000 [25,17)J0000000 [11, 13] 0
gboboooooboooooooooooooban
oooooooobOoboooooooooboooooboon
gogbboooooboobbooboooboboob oo
googbobobobboobbobbooboboboo
gbooobooboooooboooooooboooooo
0 [6]0

2 DOOoOooond

00d00000000 wg = {wg}Y4, 00000
00 wg, 000 d0 nO0O00O000ON,000d000
0000000000000000000000000
000 6,000000 wg,, 006,0000000 2gp
000000000000000000000 ¢,,, 0
0000000000000000000000000
0000000000000 §,0000000000
0000000 (60000 (1200000000000
00000000000 ¢,000000000000
0000000000000000000000000
0 (LDA)DDOOOO0O W ={w,}2, 000000

*NTTOOOOOOOODOOOOOOOoOoOOo 611-0237 000
00000000 2-40 e-mail iwata@cslab.kecl.ntt.co.jp
NTT Communication Science Laboratories, 2-4, Hikaridai,
Seikacho, Sorakugun, Kyoto

goooood

(1) For each topic k=1,---,K:
(a) Draw word distribution,
¢k, ~ Dir(3),
(2) For each document d =1,---, D:
(a) Draw topic proportion,
6, ~ Dir(«),
(b) For each word n =1,---, Ny:
(i) Draw topic,
ZanMult(ed),
(ii) Draw word,
Wnm NMUIt(q&zm)v
000 KODODOODDODOOOOe¢,ODODODO Kk
0000006000 d00000000%4,,0004d
0n000000000000000OC0O0O Dir(1) O
O00ooooooMut()OOOOOOOOO
000ooooooooooooowiooooooo

Z={{z}Y*}P  00000000000000
P(W,Z|a, ) = P(Z|a)P(W|Z, B). (1)

00000 P(Zle) = [T, [ P(2464)P(84|a)d, O
00,{6,}2 ,0000000000000000 Polya
oooooooo

(Niq + @)

mm@=< ) HH%QHM)’ (2)

000 I()o0oo0o0oo00ooUooUoUoooooo

0 PolyaO OO
) T

F Nkw +6)
D(Ny + V) 7

P(W|Z.5) = ( (3)



oooooooobovobooooooo

000000 zOOODODOoOwOoOOoOoO dCol-
lapsed 00 0000000 [90000000O0ODOOO
Ooo000o000do n00000000000000
z0j=(dn)0000000000000O00D00O0
oooo

o Napyj + & Npwj\j + 5 )
Nd\j+OéK Nk\j A

P(z; = k|Z\;, W)

000 Ny OODOdOO0OO00000 k000000
O0000ON,, 00000 k000000 wOdOO
000Ny =Yr  NwO\jOOOdO n000000
000000000000000000000000 d
000000 k000000000 k0000 w; 00
000000000000 000000000000 o
000 400000000 (1900000000 (1)0
000000000000000000000000 «
oooo0oooooQg

a@ew) 4 > a2 k[ P(Nax + o) — ¥(a)] (5)
KY 4 J¥(Ng+aK) — ¥(aK))’

000 (00000000 ¥(z)=2l@ g
00000000000000000000 (4000
0000000 (5)0000000000000000
00000000000000000000 6,000
0000000000 ¢,0000000000000

ood

N Ng. + «
0 = —————
4T Ny+aK’ (6)
n Nkw+ﬁ

= — 7
P = N, 1BV @

000000000000000 [6)0Collapsed O O
000D (24000000 (EP)[20000000000
00 [7]0000000000000 (2000000
0000000000000000

3 Uud

ooooooobooooobobooobooooboooon
00000000oOooooooo 21)000 5, 26, 13,
140000000000 [3,16)0000000000
ooooooo

ooooooboooooooobooooooboooon
0000000 00o00oooOoooOoD 1B3)oooooo
goooooobobooobobooboooooooon
obbOoooooooobooooboobobooobooooo
obobOoooboooooobooobooooooboooo
gooobooooboooobbobooooooboooo

00000000000 00000000000 t00
00000d0 n000000000 we, 10000
000000000 6,,00000000000000
0 24, 000000000000000000 ¢z,
00000000000000000000000 6,4
00000 ¢, 00000000000000LDAD
0000000000000000000000000
000D0000D000000000000000000
000000000D000000000000000
0000000D000000000000000000
0000D00D0000000000000000000
0000000000000000000000000
06,,000000000000

0t,d ~ Dir(at,détfl,d% (8)

00000000000000 6,,,00000000
000 000000 yy00000000000d
000+¢-10+00000000000000000
000000000000000000000 a;q0
0000000000 000000000000000
000000000000 0000000000000
00000000000 00000000000000
0000000000 D000000000000000

¢t,k ~ Dir(ﬂt,kqgt—l,k)a (9)

0000000000000 é—1,0000 B,0000
00000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000 LDAOODOOCCollapsed 00 000
00000000000000000000000000
000D000D00000000 ave B 00000
000 [19)00000000000000000000
ooooooooo
000000000000000000000000
0000000000000000000000000
0000000000000000000000000
00000000000
000000000000LDADOOOOOODOOO
0000000000000000000000000
0000000000000000000000000
00000000000000 [3,8,25)000000
0 [1000 [27]00000000000000000



0000000000000000000000000
0000000000000000000000000
00 (2300000000000 4000000000
000 (18000000

oo

[1]

2]

3]

8]

[9]

(10]

(11]

(12]

(13]

(14]

E. M. Airoldi, D. M. Blei, S. E. Fienberg, and E. P.
Xing. Mixed membership stochastic blockmodels. J.
Mach. Learn. Res., 9:1981-2014, 2008.

A. Asuncion, M. Welling, P. Smyth, and Y. W. Teh.
On smoothing and inference for topic models. In UAI
’09: Proceedings of the International Conference on
Uncertainty in Artificial Intelligence, 2009.

D. M. Blei and M. I. Jordan. Modeling annotated data.
In SIGIR ’03: Proceedings of the 26th Annual Interna-
tional ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, pages 127-134,
2003.

D. M. Blei and J. Lafferty. A correlated topic model of
science. Annals of Applied Statistics, 1(1):17-35, 2007.

D. M. Blei and J. D. Lafferty. Dynamic topic models.
In ICML °06, pages 113-120, 2006.

D. M. Blei, A. Y. Ng, and M. I. Jordan. Latent Dirich-
let allocation. Journal of Machine Learning Research,
3:993-1022, 2003.

K. R. Canini, L. Shi, and T. L. Gri ths. Online infer-
ence of topics with latent Dirichlet allocation. In AIS-
TATS ’09: Proceedings of the 12th International Con-
ference on Artificial Intelligence and Statistics, 2009.

L. Cao and L. Fei-Fei. Spatially coherent latent topic
model for concurrent object segmentation and clas-
sification. In Proceedings of IEEE Intern. Conf. in
Computer Vision (ICCV)., 2007.

T. L. Griffiths and M. Steyvers. Finding scientific top-
ics. Proceedings of the National Academy of Sciences,
101 Suppl 1:5228-5235, 2004.

T. Hofmann. Probabilistic latent semantic analysis.
In UAI ’99: Proceedings of 15th Conference on Uncer-
tainty in Artificial Intelligence, pages 289-296, 1999.

T. Hofmann. Collaborative filtering via Gaussian
probabilistic latent semantic analysis. In Proceedings
of the 26th Annual International ACM SIGIR Con-
ference on Research and Development in Information
Retrieval, pages 259-266. ACM Press, 2003.

T. Iwata, K. Saito, N. Ueda, S. Stromsten, T. L. Grif-
fiths, and J. B. Tenenbaum. Parametric embedding for
class visualization. Neural Computation, 19(9):2536—
2556, 2007.

T. Iwata, S. Watanabe, T. Yamada, and N. Ueda.
Topic tracking model for analyzing consumer purchase
behavior. In IJCAI °09: Proceedings of 21st Inter-
national Joint Conference on Artificial Intelligence,
pages 1427-1432, 2009.

T. Iwata, T. Yamada, Y. Sakurai, and N. Ueda. Online
multiscale dynamic topic models. In KDD ’10, 2010.

(15]

(16]

(17]

18]

(19]

20]

21]

(22]

23]

24]

(25]

[26]

27]

T. Iwata, T. Yamada, and N. Ueda. Probabilistic la-
tent semantic visualization: topic model for visualizing
documents. In KDD ’08: Proceeding of the 14th ACM
SIGKDD International Conference on Knowledge Dis-
covery and Data Mining, pages 363-371. ACM, 2008.

T. Iwata, T. Yamada, and N. Ueda. Modeling social
annotation data with content relevance using a topic
model. In NIPS ’09, pages 835-843, 2009.

L.-J. Li, R. Socher, and L. Fei-Fei. Towards total
scene understanding: Classification, annotation and
segmentation in an automatic framework. In IEEE
Computer Society Conference on Computer Vision
and Pattern Recognition, pages 20362043, Los Alami-
tos, CA, USA, 2009. IEEE Computer Society.

W. Li and A. McCallum. Pachinko allocation: Dag-
structured mixture models of topic correlations. In
ICML ’06: Proceedings of the 23rd international con-
ference on Machine learning, pages 577-584, New
York, NY, USA, 2006. ACM.

T. Minka. Estimating a Dirichlet distribution. Tech-
nical report, M.I.T., 2000.

T. Minka and J. Lafferty. Expectation-propagation for
the generative aspect model. In UAI ’02: Proceedings
of the 18th Conference on Uncertainty in Artificial In-
telligence, pages 352-359, 2002.

M. Rosen-Zvi, T. Griffiths, M. Steyvers, and P. Smyth.
The author-topic model for authors and documents. In
UAI ’04: Proceedings of the 20th conference on Uncer-
tainty in artificial intelligence, pages 487-494, Arling-
ton, Virginia, United States, 2004. AUAI Press.

Y.-C. Tam and T. Schultz. Correlated latent semantic
model for unsupervised language model adaptation.
In ICASSP ’07: Proceedings of International Confer-
ence on Acoustics, Speech, and Signal Processing, vol-
ume IV, pages 41-44, 2007.

Y. W. Teh, M. 1. Jordan, M. J. Beal, and D. M. Blei.
Hierarchical Dirichlet processes. Journal of the Ameri-
can Statistical Association, 101(476):1566-1581, 2006.

Y. W. Teh, D. Newman, and M. Welling. A col-
lapsed variational Bayesian inference algorithm for la-
tent Dirichlet allocation. In Advances in Neural Infor-
mation Processing Systems, volume 19, 2007.

X. Wang and E. Grimson. Spatial latent Dirichlet allo-
cation. In J. Platt, D. Koller, Y. Singer, and S. Roweis,
editors, Advances in Neural Information Processing
Systems 20, pages 1577-1584, Cambridge, MA, 2008.
MIT Press.

X. Wang and A. McCallum. Topics over time: a non-
Markov continuous-time model of topical trends. In
KDD °06, pages 424-433, 2006.

K. Yoshii, M. Goto, K. Komatani, T. Ogata, and H. G.
Okuno. An efficient hybrid music recommender system
using an incrementally trainable probabilistic genera-
tive model. IEEE Transactions on Audio, Speech and
Language Processing, 16(2):435-447, 2008.



Decoding in Latent Conditional Models: A Practically Fast Solution for a
NP-hard Problem

Xu Sun'

Jun’ichi Tsujii’*?

TDepartment of Computer Science, University of Tokyo, Japan
tSchool of Computer Science, University of Manchester, UK
§National Centre for Text Mining, Manchester, UK
{sunxu, tsujii}@is.s.u-tokyo.ac.Jp

Abstract

Latent conditional models have become
popular recently in both natural language
processing and vision processing commu-
nities. However, establishing an effec-
tive and efficient inference method on la-
tent conditional models remains a ques-
tion. Actually, inference in graphical mod-
els, even in a linear chain case (the case
discussed in this work), is NP-hard. In
this paper, we describe the latent-dynamic
inference (LDI), which is able to produce
the optimal label sequence on latent con-
ditional models by using efficient search
strategy and dynamic programming. Fur-
thermore, we describe a straightforward
solution on approximating the LDI, and
show that the approximated LDI performs
as well as the exact LDI, while the speed is
much faster. Our experiments demonstrate
that the proposed inference algorithm out-
performs existing inference methods on
a variety of natural language processing
tasks.!

1 Introduction

When data have distinct sub-structures, mod-
els exploiting latent variables are advantageous
in learning (Matsuzaki et al., 2005; Petrov and
Klein, 2007; Blunsom et al., 2008). Actu-
ally, discriminative probabilistic latent variable

!"Technical Report of the 1st workshop on Latent Dynam-
ics (Jun 16 2010, Tokyo, Japan). Materials of this Tech-
nical Report are from a published conference paper in pro-
ceedings of European association of computational linguis-
tics 2009 (EACL 2009). For more details of the work, refer
to “Sequential Labeling with Latent Variables: An Exact In-
ference Algorithm and Its Efficient Approximation”, Xu Sun
and Jun’ichi Tsujii, EACL 2009.

models (DPLVMs) have recently become popu-
lar choices for performing a variety of tasks with
sub-structures, e.g., vision recognition (Morency
et al., 2007), syntactic parsing (Petrov and Klein,
2008), and syntactic chunking (Sun et al., 2008).
Morency et al. (Morency et al., 2007) demon-
strated that DPLVM models could efficiently learn
sub-structures of natural problems, and outper-
form several widely-used conventional models,
e.g., support vector machines (SVMs), conditional
random fields (CRFs) and hidden Markov mod-
els (HMMs). Petrov and Klein (Petrov and Klein,
2008) reported on a syntactic parsing task that
DPLVM models can learn more compact and ac-
curate grammars than the conventional techniques
without latent variables. The effectiveness of
DPLVMs was also shown on a syntactic chunking
task by Sun et al. (Sun et al., 2008).

DPLVMs outperform conventional learning
models, as described in the aforementioned pub-
lications. However, inferences on the latent condi-
tional models are remaining problems. In conven-
tional models such as CRFs, the optimal label path
can be efficiently obtained by the dynamic pro-
gramming. However, for latent conditional mod-
els such as DPLVMs, the inference is not straight-
forward because of the inclusion of latent vari-
ables.

In this paper, we propose a new inference al-
gorithm, latent dynamic inference (LDI), by sys-
tematically combining an efficient search strategy
with the dynamic programming. The LDI is an
exact inference method producing the most prob-
able label sequence. In addition, we also propose
an approximated LDI algorithm for faster speed.
We show that the approximated LDI performs as
well as the exact one. We will also discuss a
post-processing method for the LDI algorithm: the
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DPLVM

Figure 1: Comparison between CRF models and
DPLVM models on the training stage. x represents
the observation sequence, y represents labels and
h represents the latent variables assigned to the la-
bels. Note that only the white circles are observed
variables. Also, only the links with the current ob-
servations are shown, but for both models, long
range dependencies are possible.

minimum bayesian risk reranking.

The subsequent section describes an overview
of DPLVM models. We discuss the probability
distribution of DPLVM models, and present the
LDI inference in Section 3. Finally, we report
experimental results and begin our discussions in
Section 4 and Section 5.

2 Discriminative Probabilistic Latent
Variable Models

Given the training data, the task is to learn a map-
ping between a sequence of observations x =
r1,T2,...,Tm and a sequence of labels y =
Y1, Y2, - - -, Ym- Bach y; is a class label for the j’th
token of a word sequence, and is a member of a
set Y of possible class labels. For each sequence,
the model also assumes a sequence of latent vari-
ables h = hq, ho, ..., h,,, which is unobservable
in training examples.

The DPLVM model is defined as follows
(Morency et al., 2007):

P(Y‘X’G) = ZP(y‘h,X, @)P(h|x, @), (D
h

where © represents the parameter vector of the
model. DPLVM models can be seen as a natural
extension of CRF models, and CRF models can
be seen as a special case of DPLVMs that employ
only one latent variable for each label.

To make the training and inference efficient, the
model is restricted to have disjointed sets of latent
variables associated with each class label. Each
h;j is a member in a set H,; of possible latent vari-
ables for the class label y;. H is defined as the set

of all possible latent variables, i.e., the union of all
H,, sets. Since sequences which have any h; ¢
H,, will by definition have P(y|h;,x,®) = 0,
the model can be further defined as:

Pyx0) =

heHy, x...xHy,,

P(hx,0), (2)

where P(h|x,®) is defined by the usual condi-
tional random field formulation:

_ exp®-f(h,x)
Plhix,©) = > vn exp © f(h,x)’ @

in which f(h, x) is a feature vector. Given a train-
ing set consisting of n labeled sequences, (x;,¥;),
for 7 = 1...n, parameter estimation is performed
by optimizing the objective function,

L(©®) = log P(yilx;,®) — R(©). (4
=1

The first term of this equation represents a condi-
tional log-likelihood of a training data. The sec-
ond term is a regularizer that is used for reducing
overfitting in parameter estimation.

3 Latent-Dynamic Inference

On latent conditional models, marginalizing la-
tent paths exactly for producing the optimal la-
bel path is a computationally expensive prob-
lem. Nevertheless, we had an interesting observa-
tion on DPLVM models that they normally had a
highly concentrated probability mass, i.e., the ma-
jor probability are distributed on top-n ranked la-
tent paths.

Figure 2 shows the probability distribution of
a DPLVM model using a Ly regularizer with the
variance 02 = 1.0. As can be seen, the probabil-
ity distribution is highly concentrated, e.g., 90%
of the probability is distributed on top-800 latent
paths.

Based on this observation, we propose an infer-
ence algorithm for DPLVMs by efficiently com-
bining search and dynamic programming.

3.1 LDI Inference

In the inference stage, given a test sequence x, we
want to find the most probable label sequence, y*:

y" = argmax, P(y|x, ®"). 5)
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Figure 2: The probability mass distribution of la-
tent conditional models on a NP-chunking task.
The horizontal line represents the n of top-n latent
paths. The vertical line represents the probability
mass of the top-n latent paths.

For latent conditional models like DPLVMs, the
y* cannot directly be produced by the Viterbi
algorithm because of the incorporation of latent
variables.

In this section, we describe an exact inference
algorithm, the latent-dynamic inference (LDI),
for producing the optimal label sequence y* on
DPLVMs (see Figure 3). In short, the algorithm
generates the best latent paths in the order of their
probabilities. Then it maps each of these to its as-
sociated label paths and uses a method to compute
their exact probabilities. It can continue to gener-
ate the next best latent path and the associated la-
bel path until there is not enough probability mass
left to beat the best label path.

In detail, an A* search algorithm2 (Hart et al.,
1968) with a Viterbi heuristic function is adopted
to produce top-n latent paths, hj, hy,...h,. In
addition, a forward-backward-style algorithm is
used to compute the exact probabilities of their
corresponding label paths, yi1,y2,...y¥n. The
model then tries to determine the optimal label
path based on the top-n statistics, without enumer-
ating the remaining low-probability paths, which
could be exponentially enormous.

The optimal label path y* is ready when the fol-
lowing “exact-condition” is achieved:

P(yilx,©)—(1— Y P(yix,©)) >0, (6)
yx€LP,

2 A* search and its variants, like beam-search, are widely
used in statistical machine translation. Compared to other
search techniques, an interesting point of A™ search is that it
can produce top-n results one-by-one in an efficient manner.

Definition:

Proj(h) =y <= h; € H, forj=1...m;
P(h) = P(h|x, ©);

P(y) = P(y|x,©).

Input:

weight vector ©, and feature vector F(h,x).
Initialization:

Gap = -1, n=0; P(y*) =0; LPy = 0.
Algorithm:

while Gap < 0 do
h,, = HeapPop[®, F'(h, x)]
Yn = PI‘OJ(hn)
if y, ¢ LP,_; then
P(yn») = DynamicProg Zh:Proj(h)=Yn P(h)
if P(y,) > P(y*) then

Y =Yn
Gap = P(y")—(1->_y, cLp, P(¥k))
else
LP, =LP,
Output:

the most probable label sequence y*.

Figure 3: The exact LDI inference for latent condi-
tional models. In the algorithm, HeapPop means
popping the next hypothesis from the A* heap; By
the definition of the A* search, this hypothesis (on
the top of the heap) should be the latent path with
maximum probability in current stage.

where y; is the most probable label sequence
in current stage. It is straightforward to prove
that y* = y1, and further search is unnecessary.
This is because the remaining probability mass,
1->"y.crp, P(yk|x, ©), cannot beat the current
optimal label path in this case.

A simple proof

Given the exact condition

P(yilx,©)—(1— > Plylx,©)) >0, (7)
yx€LP,

suppose there is a label sequence y’ with a larger
probability,

P(y'|x,©) > P(yi|x,©), ®)

then it follows that y’ ¢ LP,,, because otherwise
it will happen that

P(y'|x,©) < P(y1|x,0) = max P(y;|x,0).
yr€LP,
)



It follows that

P(y/‘X,G‘)) + Z P(Yk’X7 6)
yr€LP,

> P(yl‘xv(-)) + Z P(Yk|x7 @>
YkELPn

Y

yxELP, yxELP,

=1
(10)

Therefore, we have

P(y'|x,©)+ >  P(yilx,©)>1, (1)
.YkELPn

which is impossible, therefore the assumption of
y’ is impossible.

3.2 An Approximated Version of the LDI

By simply setting a threshold value on the search
step, n, we can approximate the LDI, i.e., LDI-
Approximation (LDI-A). This is a quite straight-
forward method for approximating the LDI. In
fact, we have also tried other methods for approx-
imation. Intuitively, one alternative method is to
design an approximated “exact condition” by us-
ing a factor, «, to estimate the distribution of the
remaining probability:

P(yix,0) —a(l— 3 Pyilx,©)) > 0.
yr€LP,

(12)
For example, if we believe that at most 50% of the
unknown probability, 1 — > yp P(yx[x,®),
can be distributed on a single label path, we can
set « = 0.5 to make a loose condition to stop the
inference. At first glance, this seems to be quite
natural. However, when we compared this alter-
native method with the aforementioned approxi-
mation on search steps, we found that it worked
worse than the latter, in terms of performance and
speed. Therefore, we focus on the approximation
on search steps in this paper.
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