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Preface

The IBIS Workshop is well established as a top-ranked research conference
in machine learning in Japan. Since 1998 the IBIS Workshop has been a
leading interdisciplinary forum where researchers and practitioners in various
machine-learning-related disciplines can collaborate, including information
theory, statistical science, statistical physics, computer science, data mining,
and services sciences.

In the last decade of IBIS Workshops, we have seen drastic changes in
many aspects of society: Massive information exchange through the Inter-
net has become an essential part of the social infrastructure, and machine
learning is receiving increasing attention from everyone as a basic and es-
sential tool to extract useful knowledge from an enormous amount of data
of the Internet age, just as quantum physics is the basis of semiconductor
engineering.

The IBIS Workshop this year aims at being:

e International in promoting world-class research presentations from the
Japanese community

e Open in encouraging new research attempts from new contributors and
research domains

e Sound in supporting innovative research that matters in society while
balancing theoretical and practical research work

Besides the technical program that covers all aspects of machine learning
and related research, the IBIS Workshop this year features seven organized
sessions, where top-notch researchers talk about the latest trends and activ-
ities in various research domains such as financial risk management, speech
and audio processing, bioinformatics, network theories, machine learning of
ranking, pattern recognition, and real-world applications in computer vision
and plant monitoring.

To encourage discussions about ongoing studies also under submission
to other conferences and journals, this year’s IBIS Workshop accepted high-
quality technical presentations on two tracks. The Technical Track accepted
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4-8 page technical papers through a review process by the Program Com-
mittee, while submissions to the Discussion Track needed only an abstract
in the form of presentation slides up to 2 pages. The accepted papers in the
Technical Track are electronically published on the IBIS Web site as IBIS
2009 Technical Reports.

We hope the IBIS Workshop this year inspires your research by providing
a high-quality technical program and well organized sessions with top-notch
researchers, while also serving as an opportunity for networking between
researchers from different areas.

Oct. 19, 2009
IBIS 2009 Organizing Committee
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IBIS 2009 Committee

e Organizing Committee Chair: Jun’ichi Takeuchi (Kyushu University)
e Program Committee Chair: Tsuyoshi Idé (IBM)

e Program Committee Vice-Chair: Shinichi Nakajima (Nikon)

e Program Committee Members:

— Akihiro Inokuchi (Osaka University)

— Shigeyuki Oba (Kyoto University)

— Satoshi Oyama (Hokkaido University)

— Hisashi Kashima (the University of Tokyo)

— Tsuyoshi Kato (Ochanomizu University)

— Masanori Kawakita (Kyushu University)

— Masashi Sugiyama (Tokyo Institute of Technology)
— Jun Sese (Ochanomizu University)

— Takayuki Nakata (NEC)

— Kazushi Mimura (Hiroshima City University)
— Daichi Mochihashi (NTT)

— Jun Morimoto (ATR)

— Takehisa Yairi (the University of Tokyo)

— Shinji Watanabe (NTT)
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Observational Reinforcement Learning

Simm, Sugiyama, Hachiya Tokyo Inst. of Technology

= Goal of RL: finding the policy maximizing the
rewards in unknown environments.

= Current shortcoming: too many samples are
needed to find good policies.

= Proposed idea: share
data between similar
regions based on
additional
observations.

Observational Reinforcement Learning
Simm, Sugiyama, Hachiya Tokyo Inst. of Technology

= Solution: apply multitask
learning to similar regions.

= Application of ORL to
object lifting task

% Proposed

=

G

; o
Q) - -

X o= Existing

= Come to my poster!
Number of samples
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K. Iwata & A. Hayashi: Matching between Piecewise Similar Curve Images

/ 55: Matching between Piecewise Similar Curve Images \
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EF B msaaky sHaETey), BEAEAGERK? XeRmEnaneme)

shouno@ice.uec.ac.jp
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o ERBR: RadonZia + HOR /A X

p(7 | o) o exp(—Hu(T | 7))

» SBEID%0: Markov Random Field KD D%

pr1

p(o) o< exp(—Hpi(a))

IBIS2009 @ Kyushu Univ. 2009/10/19~21
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Virtual Concept DriftlRiZ(ZH 1+

ARBFNNDET JLIER (76)
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I g B
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I g B
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P099 Split Position Slice Sampler
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raining — @ ' Database http://wwwtgp.nibio.go.jo/
4 ’ Express_ion profiles of ’,’
. . ' N A ; Non-toxic Compounds //, 1|:.‘.%‘#%%E‘E%Eﬁ?—@’\—Z(."ﬁ"JlSOﬂ:‘%%)
?gicmg?tbﬁiglrnr%achme) ______________________________ B FRET—2(GeneChip) = A ELRFEREAEHR)/Y T
ppoTtvect — 8 SHEEEREERRE . RERELL)

P, Expression profiles of
Toxicity unknown Compounds

) Toxic S aF/ZHORICEHEBE TR

RIZERROBEL. AR OVICHE

Prediction ‘/

@ Non-toxic

. -

Roche Group
T—ARREA %HELT, DGeneChipHiE{t Fi%k(Fig. 1). @FO—TyhE
RFEZOFRAETIADEELZREFLE

BB FEDRRDPAREDR LICEETHL_ENRER SN

BELE-FRETILT, 151{EENDOHEZEFRILI=(Table 1)
B EBZICAT S LTIEESNDOELEE T AITESAREES RSN
wmd)§<’éIEb<ﬁ§E ]

S e —
FRERLYFAREDL | N
Table 1 EAYEFRESN-1LEY
100% c d i int& D 4 day 8 day 15 day 29 day
ompoun ime poin ose L M H L M H L M H L M H
80% acetamidofluorene T T T T T T
allyl alcohol ™
cisplatin T
60% colchicine T
ege e ethambutol T T
o M Sensitivity  nusine = =
40A) ] epe o lornoxicam T T NA
B Specificity  meloxicam T NA
20% methapyrilene T T T
monocrotaline T T T T NA
naphthyl isothiocyanate T T ™
0% 1 naproxen T T NA
nitrosodiethylamine T T T T NA
MASS GCRMA phalloidin _ NA NA T NA NA T NA NA NA NA NA NA
thioacetamide T T T T
. . s 22380 = L:Low dose, M:Middle dose, H:High dose, T:Toxic(predicted), NA:Not Avalable
F|g . 1 GeneCh|p ﬁﬁgﬂ: $/£o) E?%*ﬁ ﬁ:.l- Red colored:Proliferation, bile duct was observed

*Training sample
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P052: Ellipsoidal Support Vector Machines
PIEEtR(NEC H@ELE /) I7hrx7H%RrR)
FRETVOEE: N—2a RO ED"EEIR>TRDOTZH?
+ @ SVM:
. WIS OKRERAL
¥
Ih ® ESVM:
SIJ\ REEAEOFRFEEZRKL
|
I
& ® BPM:
A B TV I TER
ELRE '
SVM: Support vector machine
ESVM: Ellipsoidal support vector machine
BPM: Bayes point machine
éi;E:’T::pagel © NEC Corporation 2009 NEC Confidential Empoveted by innovation NEC

KARIER

M{tiERE ARr—7E)71—
10000 T T T \ \ \
-+ -BPM
Data sET SVM BPM E-SVM . —«— ESVM(SMO)
THYROID 4.96 (.24) 4.24 (.22)  4.42 (.25) 8000} ' 1
HEART 25.86 (40) 22.58 (.33) 20.87 (.32) ;
DIABETES  33.87 (.21)  31.06 (.22) 29.68 (.24) )
WAVE 13.19 (12)  12.02 (.08) 11.59 (.07) g 6000 |
BANANA 16.24 (.14)  13.70 (.10) 12.76 (.08) % :
WISC-BC 4.22 (.13) 2.56 (.10)  3.28 (.12) E 00t !
BUPA 37.04 (39) 345 (.38)  32.71 (.35) ;
GERMAN  30.07 (.22) 27.16 (.24) 26.34 (.27) i
BREST 35.17 ((51)  33.04 (.48)  31.96 (.51) 2000f / e
SONAR 14.90 (.38)  16.26 (.36)  16.87 (.38) g L
IONO 7.94 (.25) 11.45 (.25) 5.92 (.21) e e ‘
00 500 1000 1500 2000 2500 3000 3500 4000
size

ESVMO S EHBEEIIBPMEIZIZRIU.

STEMEIRNICHE

£ EE:Page 2

e

© NEC Corporation 2009 NEC Confidential
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#64 Chow-LiuOOQODOOOoOOOoDOOOoOOoOobOoOobooon
goodgdnd

00 0000 O (DOoo, 20090 100 200)

Chow-LiuODOODOOO: MarkovO ODOOOODO K-LOOOOODOODOODOO
00000000000000000000o0200((oOoo0ooD)ooooo
(DoooOoooOooDoDooooOoooon)

I(X1,X2) > I(X1,X3) > (X0, X3) > I(X1,Xa) > I(Xo,X4) > I1(X3,X4a)

26 ba do bw

e 000000 < I(X;,X;)00

e MDLODOD <= I(X;,X;) — 3(a; — 1)(ej — 1) lognO O
(o X;000000)000000000 (Suzuki, 1993)

gogd: bbbbbbbtbtboodoooooooooboob

e 000 ODOODODOODOChow-LILOOODOODO
e (0DDODDOODODDODD)DODDODODOUOOODOO
e SuzukiDODOUODDOODDOODOODODOODOOODOODO

e SuzukiDOODODOOODODOODOODODODOOODODOODODO

O0: SuzukiDOODODODOOOOODOODOODOODODOOOOO
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70: KULLBACK-LEIBLER IMPORTANGE ESTIMATI
PROCEBURE ZML)=RESTRICTED BOLTZMANN
MAGHINE DEBF LT YR b
il = i, B e
B L % 52 xS UBR i i et S 9 s i i s SR R

KEYWORDS :deep belief network, restricted Boltzmann machine,
variational bound, Kullback-Leibler Importance Estimation Proced

Restricted Boltzmann Machine (RBM)

Q Q O O] mhx? - anz7iBhiRIOBI LS

XX —HSIDHEEL OREETIL
“‘ “ a[:8%F ° Deep belief network DIEMER

Roux and Bengio (RB) Algorithm

Deep belief network [ZxtL TEERBMDEE 7 LT X L
[ SHEEOMENSHELHEIXEN ! |

BE7IIIVX L

Kullback-Leibler Importance Estimation Procedure (KLIEP) Z+5U\f-
RB7ZIILIAURXLDFARTILT) X L

- 27T
[ RByZJLS) ;u} *E,T;\f J.
=Xk

#E:RBZILITUXLORER ¢
EREFNIVALORER £104
EDBDKLIERE E
B REFLIVZLOTY <107
TT7F—hRTY7 I

100700 200 300 400

update step
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FELLMEE (mAwrsas), RHE AN (EAFEE, BHBSI) _h

FAL=fETFiE: 7«( YF T IREEZE /M ET )L (Gharamani & Hinton 2000)
5 A Xk (Attias 1999)
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P075 Cross Subspace Learning for Subspace Support Vector Machine

PO75 ERRERMSVMOEHORER P 2MFR

ik BE WT EE [ ERTEAS
Naoya INOUE Yukihiko YAMASHITA Tokyo Institute of Technology
mﬁgmsvm A W0
A W, o
~ m " ﬂ = m] Iﬂ o
~ N m / [ ] n /
3 ’ 7 a =
= /o - = o
] o) / a
u ° , V4 .
oy C
(Wo,X)+by =0 y/ ° °

/— HEEDSVM ﬁ

oo same SVMEES R TR T 5

KOERATML e RE ) a3 ZERSVM
-
RCEBET—4b5

=

HABEEDERSNILER I ZFTHERT S

J

#0: K-fold RERE Bl: F—5 2 E2Iz B BB
HuILE K 4
. _ _/
K —10tyheRNTEF L EME O) Bot=1 DTHIE R S
u'ﬁgﬁbﬁgb CNERSTZERSVMITHAAL

D) ZEEsEMeE

INSGA—REE R
R il BR %8 > 22 1 R

172
173
174 |

N
| emEEAL |

REMPEMFE

{5l : K=4

KER-BR

% 295 REBRADIITF—4tE vk
S #REHEIE
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PO79 P
/

Extending the Use of Instrumental Variables for
the Identification of Direct Causal Effects in SEMs

Problem: Identify direct causal effect X—Y in linear
Structural Equation Models (SEMs)

Previous result: Use instrumental variable W, if:

e Graphical criteria is satisfied, e.g.: e \

e Wis notadescendantof XorY

Direct effect X>Y=o0,,,/0c

WX.Z
However, we cannot identify some direct effects X—Y
using this graphical criteria

Question: Can we use W as an instrumental variable,
even if W is a descendant of X or Y?
Hei Chan (AIST Japan), Manabu Kuroki (Osaka University)

PO79 . /jy/////%//’

P -

‘ /Extending the Use of Instrumental Variables for
the Identification of Direct Causal Effects in SEMs

New result: W, a descendant of X, can be used as an
“path-specific instrumental variable”, if:

 New graphical criteria is satisfied, e.g.:| » V =
e Total effect X—>W is identifiable: 7, |/ l Y
. L X
Direct effect X—>Y = ‘. T
(Gwy.z " Oyxz wa) / (GWX.Z " Oxxz TWX) T w

As a result, we can identify some direct effects X—>Y
using this new graphical criteria

Future work: Solution of W, a descendant of Y, as an
“path-specific instrumental variable”
Hei Chan (AIST Japan), Manabu Kuroki (Osaka University)
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P080: 3T D—gMbIcE D < MEHETIL DIEE

[E=]

A 18 BUERAD) R SEREXD)

u.fujimoto@it.aoyama.ac.j

INGA NI Y VIRHRETETIV
oJhIT i >
o iR
o IFRI

HIZ: p(X, ¥) = p(X) X p(Y)

FEMIL: p(X, ¥) # p(X) x p(¥)

BB HEORBOH TRARIHEHBHETES

AR5 HOEHRDOH TIIARIHEHNBRTERL

[BEE DM 1E]
BB O
PX) % p(¥) = exp(log(p(X))Hog(p(1))

DA HpX IR 2 ESH —RRiE

EREOEKTO
—EOAHEDES

eKullback-Leibler|Ei = BRI

Dk, 9) = 2(p()(log(p(x))-log(q(x))))

—ARRVR TR EER TRVWS N B HEEIR -

18152009 K2 ¥—7LEa—

[—#%1E U fe 3T i)
BISHD (—ED) #

PX) x p(Y) = u(S(pX)+<(p(Y))-c)
DR HBpXNICHITT B ESH

BFREOEKRTD
—EBORHDERE

*BregmanigiRE
Du(p, 9) = 2(U(g(x))-Up(x))-p()(<(q(x))-¢(p(x))))
ERDBEU(), & H)FZRWHIETANZ L
i E DFFREEE ORB L AIREARETEEIR

')

\\

[EFILDHK]

— AL DEZFICEDIWT, BWEHRGEKEFRRZ S Y 7IVICEER U IREHE

TIZEETS
JHIIETIL
NB (Naive Bayes)
BN (Bayesian Network)

IR ETIV
... L — RS E T ORARN A X — )
[EFIVOHEEICEET DR [ZDthDEERE]
( Py ot DIKTFRIIRFEI & DHE
eCopula& DR
o MERERFER
|| REMTEFLORREEFEORITNA X~
1B1S2009 K2 —TLE2— 2 ))
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[P082] :EfE/NY 1AWV ERELETS57H—2I
LbE BF(BM), BE AW(RK)
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#86 Hannan-Quinn OO0 000000 OO0O0O
O000BaysianOOOOOOOOOOOOOOOO
OO0 0O (Dooo, 20090 100 200)

n00000000000 =000000000 + 000000 X dn
(dn = 1 = AICOd, = logn/2 = MDL/BIC)
000000000000
n—oo0000000000000 (0DOD0)

dy, 00000000000 00O0O0oOO0
e 0UIDOODOOO (ARMA)OOOOO dy > loglogn (Hannan-Quinn, 1979)

e I0DDUIOODDODO(OUOBNOODOOO) dn > loglogn (Suzuki, 2006)

e 000D ODODOOO(MUUIOBNOOOOO) ?

Y =Y ajXj+e e~ N(0,52)
nO00 {(y 731, Tim) e 0000 {Xjla; Z0}000

00000004d,>loglogn0 0000000000 (0O000O000)
d
Oo000— " oo (000O0D0O000D0)

loglogn
O00000000: 0000000000 (Suzuki, 20060) 00000000
ooad DDDDDDDDDDDDDDDXQDDDDDDD
Oo0o(0Dooooooo) ooooo

O0: Jodoooooboooob72»odnoMarkovOOoooooobooono?
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P090 JE#EEETa—T41>
® B, HERAN

RRIZKFRAEIFHEN

ETIL
== Tomlinson-Harashima precoding
MIMO&E{E
B8 (Tomlinson. ‘71,Harashima &Miyakawa. '72)
y H %%. -1 +1 -1 +1
37 Y « -3 -2 -1 +1 42 +3
: . X (s)=B, xB_  x- B
" . B, = {F1,+3}
Y Y t=ag min x' (HH T) 'x
y=Ht+n e

e EEEN
EEBADER

20

et hEFRICKB8T

X E T KRR R 0 FTE
1RSBIRE THL T HfRH.
(fRZEE D S &M% E = MIZ5TE)

N (/)= exp [K2(1)]

“TAPEHIGEICKSFBALTILTIXLDRE

7 DT NIRRT

1}

(RIFDEHRER 1=
2 A DR D
mRLEEBHD
INSVMEBEED)
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Latent Dirichlet AllocationDEF7=— T EHRA ZI;(';?-;?

OkigE—m', FIRE—2, HPR ,ETHEI", PllBaE
T K%, 2Google

e Goal: *’E%&@#ﬁ%%lﬁﬁ%l:ﬂyé]
| o
BEh(EER)REEEFREBELTEETS

 Methodology: @ @
EFT=—NNT+ERNAXE

FETFIC L BENIRERE (2 @)
EFRNSHERADIEL (0

) -

Performance of QAVB-LDA and SAVB-LDA
Reuters
9.27E+05

oaseos | F=d--F-d--F-
9.25E+05

9.24E+05 — = SAVB
9.23E+05 /l LDA
9.22E+05 l\ QAVE
9.21E+05

\l\ LDA
9.20E+05

9.19E+05
9.18E+05 . . !

Avg. of mininum energy

[Quantum effect parameter } <
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(Onishi et al.2007) (Kawamoto et al.2003)
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P012: Sparse Exponential Family PCA with
Heterogeneous Attributes

K. Hayashi, T. Takenouchi, T. Shibata, K. lkeda

Purpose

Low-dim. feature extraction from mixed data types
Observation Latent
Height Age Gender Variable
16215 M [---

1.76 (26 | M |- - -
15538 F .. 4

Samples

Real Count Binary

Approach

Modeling by exponential family with sparse priors

(o)

1/

Synthetic Experiment Result

o |
e ° - VPCA|[1
S —~= GLLV ]
8 —— SEPCA (proposed)
g ° ] _
&
g o | T i T
‘l_- o
T
3 _
he} n
g 7 T
©
g T . L -
4 o | |
c -l
8
2
s 0 %

Q

o

T T T T
2 4 6 8

# of Principal Components

1C. M. Bishop. Variational principal components. /CANN '99

2P. Huber et al. Estimation of generalized linear latent variable models. J.
Rovyal Stat. Soc. B, '04 2/2
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How much is sequence predictive for gene expression?

BA K—.RIEMAR AHEERF
B ERT M AT LAETIVIEEF—L
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34, fE @R EEEBRNYILATETIL
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« ENTILOTETIL HMM)EFDIREED IS AR
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— HMMD =T (X B fRIZHAY %290y
LA RBLUIIKERE RS EHZEMNELLY
—REREAERMICEUT HIOGETILTHNIL,
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= RIRENEHOFIREFBBUIZESLETIL
« [ 2 Chinese Restaurant Process Z{#f>7- Particle
Filter TEER > E1Eib. BATVIEHNEZETES-

G ~ GEM(«,)
% Y G -~DPa,G) & EBDOHMM AL XETIL

E, ~ some distribution

¥ HMM with Dirichlet Mixture

2  2BEEIREE HMM RA XET L
- (SEEETIETILOLD)

G, ~ GEM(«,)

T T I - 0 - 0
_ o o o G, ~GEM(c®)  Z, ~GEM(a?)
(24 CZ-!- G, ~ DP(ar,Gy) 1 2 G, ~DP(c},G,) Z., ~ DP(al,Z,)
Z -~ GEM(O{Z) Gs.z = DP(a'I?‘GS) Zs',s,z - Dp(azizs“s)

~ Some distribution E, ~ some distribution
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infer time-varying causalities between
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