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Modeling the association between items in a dataset is a problem that is frequently encountered in data and
knowledge mining research. Most previous studies have simply applied a predefined fixed pattern to extract the

substructure of each item pair and then analyzed the association between these substructures.

The use of such

fixed patterns may not, however, capture the significant association. To address this problem, we propose a novel
machine learning task of extracting a strongly associated substructure pair (co-substructure) from each input item

pair.

namely the data sparsity problem and a huge search space.

We formalize it as a dependence maximization problem. Then, we discuss two critical issues in the task,

To address the data sparsity problem, we adopt

the Hilbert—Schmidt independence criterion as an objective function. To improve search efficiency, we adopt the
Metropolis—Hastings algorithm. We report results of empirical evaluations, in which the proposed method is applied
to the acquisition of narrative event pairs, a knowledge mining task that is an active area of study in the field of

natural language processing.
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BfrDH 24722 PNOERD, #7Y =2 MEOMH
ROETIMLIE, T—2Y 1=V BRFEHOEEX RS
DOEDTHS. L AFARSTHMLIIB VTS, HEMH
BfR (Bl : (X commit a crime, X be arrested) ) DM - ¥
I [Chambers 08, etc.], EFGEL GAFETF & HOHEMEDOR
é’@:&i—“}]/ﬂ:) [Resnik 97, etc.], &, % < OREMEHED

% SRR B QYR PR D E T EMNES

E@%%ﬂéﬁh@%@t TR DM 3 2Ty T ’5:, Chambers
512 & 2 FREFAREIGRIES & HI225 15 TR B [Chambers 08].
Step 1. 13U, BFEFO>A TV 22 b2IETS 5. Hi
AXHEEBAHEER B VTR, a— 2o t2RIEHE
Feo 30 (il : (Tom; killed Nancy., The police arrested Tom;
immediately.) ) ZINHET 5. Step 2. LA TV 7 bxt%
S RBULEHT 5. PIZIRFEHFAB LTEHLTWEE
BANYI DR ZI1F XA (B : subject, object) (ZFH LT, IX
BSOS R AR REL (Bl 0 (X kill, arrest X) ) IZEHT 5.
Step 3. RRIIAT V7 bORTIZHTEZAATY VIS
BELEZS (THEHLWATICH U TR AREHE S
5/iHETHH D). 222X Chambers 51d, HOMHEEHR
B (PMI) 2 & b HERMBEAKERATT Y V79 5.

Step 2 T, 3k, FRZERINAZT Y T — bRV
UREEEZAWTA 7Y 27 PN ZIIRELTER. Ll
EE I NHRERBETEA TV 27 bIVBFROBEGRE#EY)IZ
RANRWIGE 75)?)6 Pl X X HRBMEBERAFRIZ B WT,
MHRFIZED BFEIC L BERMFBEOREKAKRE LT
) [Granroth-Wlldmg 16]. 7z ZXHIR O FHE T, O
(X had had absent repeatedly., X was fired.) | (X have, fire X)
g h, (X has a talent for accounting work., X
was hired with favorable treatment.) % (X have, hire X) ZH
FALZINB D, (X have, fire X) & (X have, hire X) (F8 5
WFELTWS. ZOYA, (X have absent repeatedly, fire X)
& (X have talent, hire X) DERINDE I EAEFE L.
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RIZHFG B MAMEES (xi, yi) ZHEEERKAOB R THit
THEHLWEREEOX A (K1) 2R%ET5. i, H
HIEEE (@R EE) & U T Hilbert—Schmidt independence
criterion %, BEGIEL LU TAPARY A AL AT VT A
BIZEDKY 7)) VR RA U REFEEZRT. &I,
INBIBEAT T — 2 % W72 EBRIZ & DIREFIENE F L WEH)
r? EEMRL, FEa—"AEHW-HERBEGROFHIX
ZIZRETFEZMEAT HZ LT VAR Y AEOHMSR TR
u”jﬁ§$7ﬁﬂ*§f§ EVWSBRTHMRNTHSL Z L ERT.
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oBENHE. A7V s MREFENFNLROFED

WV RNER (RT 2T 26 LOLHMoNE) 24/t

EEE R bOB R Tt T 5.

AB: ATV bHOEE D = {(si,t:)}1. si €S,
t; €T. &7 (s, t:) 135 0OBFR (GL2IEEY
£/, HLEBEFRRY) 2FED.

W fEE (k) 2T L5%, ATV
FOESEESDRE Z = {(xi,y,-)}fil. ZZT
Xi XS, yi<t;: THY, ‘TS5 D DEBSHEE
(ﬁﬁﬁ%n, AR E) %2@’3‘ WEEx, Z %

2 e R AE D S DML N B> 7L
Z= (1)

ERIRUIZE EOMRER X & Y ofglah, 3

b BENDM Pxy LEARHDOR Px Py Off

SPDOREIZ L BERFEHC X > THES 5.

{(Xlayl)}fvzl ~ PXY?

1 EE A EEx i O REO AN 2 A TH S, [
FlL (72 & Z X heart filled with sadness & sad) DFELMEDHE
BENZDS, ARV IRTERTZHLDHE (22 ZIXHRE
BREREN T 2) BokEriliEshTns,

WEMDORE, §740% Pxy & PxPy OFEREE LT,
T—RIA =V - BEREEEE O SUIR T IS B L2 1A B R
& (MI) 2503 [Church 90, Peng 05]. MHE fH#H &%

o

= KL[Pxvy||Px Py].

(2)
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KL} ] ANy T - 54T 55— ZAN=V VA,

LZAN, FEEHWEFA — T RHEEREDOHE %M
WCHAREEOMBER RIS LTHY, ZEOOKRER
RIEDSEL D 1 T—4 - ANR—RARA. fRZ 2, xi,y: &
LT s, ti EEDKREZIDHOFEE (72 2L “She has big
dinner”) MEEND T2, BHER—ZOHE LY v HHEME
WCHEAS 5. ERRIRRTME. H50 s fld o R o il 22 fH]
%, WOMHE x;, y, DI FOMETDLEKRTHD, 2R
IO THRETH 2 FETIRER) .

REFIE

FT—R c AN—A 3 AME L BRGEREMICTNT 572
kG OMED BRI L UTH— 2 VER—Z
OREEMERE HSIC %, %2 MCMC 3> 7)) v 720
THERNLZ Y # AT 5. £ 7Y a v ORBTIREFEDH
HIZNMIDWTEHMRT S.

3.1 HEME#K : HSIC

A= AR REEDOEL T U CitElk 2 s 5720, K
Fa T — R NVIER—Z2DHENE (RkEHE) RIEETH % Hilbert—
Schmidt independence criterion (HSIC) [Gretton 05] %%
3 5. HSIC i, FHE0EIR [Song 12], It [Fukumizu 09)]
HMELL OBWEE T2 =V 7 OMBICER I TY
%, Mtk - EEORETH 5.

1ZUIZ HSIC OHEEROFHAEEZRARS. X, Y 2ZFN
X, Y MR BERER, Z={(xi,yi)}L  CAX XY
RN Pxy DM N Y2 It 5L &, HSIC
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DOHEER, T7hbb X &Y ORBHEOEAWIZIRD X 51T
HETES
1 1

tr(KHLH) = — tr(KL).

HSIC(Z; k, €) = e

(4)
o k: XXX =R, £:YxY— RIFEEML -2V, HEEK

2k, IS o SR OBEMEEEE £ T
o K = (k(xi,x;)) € RV*N L = ({(yi,y;)) € RNV 132

S LTHL. TS IEA—F VB k, (12X B F— & {x:},

{y:} TN ENOHELIEITI 2 EKT.

e K =HKH € RV*N I, = HLH € RV*N 13tk 5

LTHITHS. H=((6;5 — ) € RV,

ERRIIZIE, HSIC EHAHEROEMEIZ L > TAL—Y
VI UEMEBBRETHS. DF0, REMEHEET HK
12, 722 Z21E x; = “have dinner” & x; = “have lunch” D¥H
PEEBRBIZANDZEDNTES, ZDILERTED, X
UDIZ, 77— {x,} = {x1,...,xn} o T “HuiMbL 7

H—F VBB k(5 {xn}): X X X = R, BV “h—=I
PMI (kPMI)” X x Y — R 2RDED EHT 5 :

~ 1 N

k(x5 {xn}) 1= k(x,x) = D k(x,x;)

N (5)
z_: (xi,%5),

anl

N
E Xl,
i=1

kPMI(x,y; Z Z (%, %5 (X DO, yis {yn}).  (6)

05 {yn}) & k LRBRKICERTS. Zhozfvde, Mgz
AWTF 1 —7I2#E 3 %5 PMI/HERKHE . kPMI/HSIC
ORNIZIE, R1IIECRT LI RELRBERED D Z W05
PMI b L CHEBHEIIMOF— & 28e—HTERT L0
2R U, kPMI & & O HSIC 134 — 3 VBEE k, £ 12 & > TEF
BEINdM0F—X e OFUEPEEI NG, £/, HEFER
I PMI DR LADHLETH Y, HSIC i kPMI DRELAD
HTHD. Thbb HSIC I, AODTF—XZTNTFhe DM
B ERBLT “AL—V 07 INk" HERREREE R5Z 8
MTE3.

HSIC DFEIZHWS k, £ IZIEEE A — 3V THIZMET
BREDZN. SVM 728 A — FIER—ZDFiEE L B IZF%
INTELEEEH—FNVENHTEZ N TES.

3.2 %% :MH

B RS EERZERNIITT 2720, ARETld~a 7T
VIFINAED—FETHEAPNIRIVA - AL AT VTR
% (MH) [Chib 95] & \W/MERKZ2ILEDIZX D, KiEfE
(TiEWiR) 2RSS, BUDITROERDHEERD ¢

p(Z; k, ¢, B) < exp(B - HSIC(Z; k, £)). (7)

BITWIRE. ZONHD LTI, K&E7% HSIC fi2FF> (34
DLERBEUENKRER) Z IZKERMEREEZFH, /NS4 HSIC
2D (TRbEREMEINS ) Z 13N RiEREE R
D, BEFIETE, Z 2DULT O8I EDO0M4 (7) 25
Z OBV T) T REOERTIET, EFEREVENSRD
2N CHREIGEWRE R TS (X 2) . BARKZFIEIZLAT
D@D .
1. HEDWRE () % Z = {(xi,y:)}L 2T 5.



# 1: PMI/MI ¥ kPMI/HSIC ®BI%. T[condition] IX&MAENED L X 1,
TAHMETE, HSIC i HSIC(Z)

5l K Ot Kij = k(xi,xj; {xn})

XHE2 T 0. v XA ERTRF].
ﬁzijf{ijfn‘j ThHHILEHW.

My 7 LT

(x,y) D (X4,yi) € Z DL (x,y) ® Z 2k DA felEME DHEE &
+ X=X, ANYy=Y; N -3 Ix=x; Ny=Yyi]

MI PMI(x, y; Z) =1 i MI(Z)= 1 3. PMI(x;, ys
— o v — (x,¥;2)=log S Ix=xl > Iy =y (Z)=w > (xi,y4i)
+ ’:} , X Z ,yi) >0 ~ .

HSIC FOoo X))y, vi) KPMI(x, y; Z) = 5, k(%, %53 {xn Ni(y, y5; {yn}) | HSIC(Z) = 33 5, kPMI(x:,y:)
- k(x,xi)l(y,yi) <0
, ’
alxix,) X':dxm) J} # —+
K M (x) y

alyrlyi)

2: MH 2k 35H% 7)) v 7.

2. Z OPoEEE O L DI BT TIRDREOER 2
%:f’lfé EZUOHIT x;, Fidy, 2 Z= {(xz,yl)}z A
— BRI TIEING 5 2 Vi, p(xi|Z) = plys|Z) = 7. X

L RESM q(x)|x;) EBRTHWZ BRI 0 ITERO
v arvTihRB) 2k, x; S xi BESL. L

BoT, Z={...,(%i,yi),.--} B0 x; DAEEII T
Z ={...,(xX,yi),...} DIROMER & 2 BRI
A(Z')Z) = q(xi|xi)p(xi|Z) = S a(xilxi).  (8)
3. B4l Z' Z1EF min(1,7) TRIRT 3. ZZTr &
_p(Z'5k0,8) q(Z]Z)) )
FEANNI e "
— . _ . g\x[x
= exp(B(HSIC(Z; k, £) HSIC(Z,k,Z)))q(xllx). (10)

4. A5 v 7 2-3 LK.

3.3 EEIXGb

—~R¥2L, 77 LFROKBIZ On?), HSIC OHEEZ
On®) DIAZHIPABESIZRAS. & IABERIZIE, &
Z LFFFIE R L R T IX VI R 0o ld MH O DR U O
MO 1EEZTTHY, TORIZZ H»S Z 25 TVT3

BRUZEALT 272720820 x; (£ y,) HIETE7 T A
RO - 1% O(n) THET B 2P THG. %7, HSIC O

W, 77 MMTHAIDARZEE IV AF =0, BLUONRIH
71751z & %2 HSIC DOH#E5E [Gretton 05, Appendix 4] %9
51T, O(nk?) TBIRSIILNTES. k EHMRBOR
JR. U7z > T, MH O DR LMD HSIC OHEE 3 X b
i O(nk?) IKIMABZ LHTE B,

SRR

A RV FDRT [Chambers 08] DHIHREHDOES, &L,
ARV PORTOFHEBL T, RGN O RERE D
ZAME Y, REFEOMREMIES 5.

4.

3 ’ENM ¢(x'|x).

4.1 RERERTE
4.1.1 T—91E&

X si, ti IZTNTIVRIFREEART, TOIBOEE xi, yi 1
ZTOWRMERDARETE (K1) .
4.1.2 H—=xRIEHK

HFER T N UH S IEMEIZ E D EHaRED R ML %
BL, Zzoad1 ! 2EOEEMOEME L Uk :

(11)

o) bERE. BIHERZ R, Mikolov 5@ SGNS
[Mikolov 13] T GoogleNews 75 EHFAD 300 IRTD N
7 hVvEHAWE 2,
4.1.3 REDH
REMMIT ¢(x'|x) = 1/|M(x)] & U7z, M(x) &, x<s
WZHUT, x BOEEOLEDETHEEZMIELZ DO LT
E5Z L DTED s DB ARDES (M3) .
4.2 ER1: MBES
12 DAL T — 2N UTIREFIE L2 EA L 72 F5 58 I3X
408y, DTOMEVPETINS :
o Ty U (1-4, 2-8,9-12) IZHBEIEKI NS,
o 1[H7ZIFHBT 555 (dinner, lunch) 7% breakfast & DFELL
PEIZE DRI NS,
e FHlvmyrrE 270y 7OfHEAREIZTARL,
friend AR I N 5.
HMEIZE D WTREIRIC K B2 A L=V v 7 drbh, £-ME
R L Ak x —y, v x THROFRID G545
BEPHEIINDZ L0 h 5D

4.3 EB2:FA
AT HF4E [Chambers 08, etc.] IZD -2 D, 1 XY hDOKH
IR AR TH 20 E S PO T s EMEZ f# <.
4.3.1 3—/XR
e The Gigaword Corpus™, NYT, 2000 fEDzH. 1T
5% [Chambers 08, Chambers 09, Granroth-Wilding 16]
IZDo k5.
e Andrew Lang Fairy Tale Corpus™ £{k. E4THf
cos(+,-) IXIEEMETdH » HSIC DS % iz
https://code.google.com/archive/p/word2vec/

https://catalog.ldc.upenn.edu/1dc2003t05/
http://wuw.mythfolklore.net/andrewlang/

k(xi,x;) = cos(ave(vecs(x;)), ave(vecs(x;))).
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S:
1. They had breakfast at the eaterly .

2.1 had breakfast at the ten o’clock .

3. We had special breakfast .

4. 1 have had dinner at my house .

5. She had breakfast with her friends .

6. They had breakfast with their friends at the refectory .

D - 7. He had lunch with his friends at eleven .
8.1 had breakfast with my friends at my uncle ’s house .
9. He had trouble with his homework .
10. I had trouble associating with others .
11. She has trouble understanding a book when she reads .
[12. T “ve been had trouble with my bowels since last night .
— Xi 1.
1. had breakfast
2. had breakfast
3. had breakfast
4. had dinner
5. had breakfast friends
— 6. had breakfast friends
Z = 7. had lunch friends
8. had breakfast friends uncle house

9. had trouble
10. had trouble
11. has trouble
12. had trouble

ti 1.
1. They are full now . [J
2.1'm full already .
3. We are full and tired of eating .
4.1 am full from dinner .
5. She felt very happy .
6. They felt happy .
7. He felt happy seeing his friends .
8. I feel really happy .
9. He cried in despair .
10. I howl in fright .
11. She cries continuously .
12. I cry with pain .

|
|
|
1

Yi 1. 5 9

1. full 17
0

2. full I

3. full

4. full

5. felt happy

6. felt happy

7. felt happy

8. feel happy
9. cried despair
10. howl

11. cries

12. cry

I I
-1

-1

B 4 PHEROASN D = {(si,t:)}, HH Z={(xi,y:)}, BEOTRZNIHIET BHME2 5 LFFHIDL— Ry 7,

1.0 1.0
0.8 0.8
0.6 0.6
0.4 0.4

C&J'08
Jans et al.'12

C&J'08
Jans et al.'12

02 —— C&J08 + kbm1 —— C&J'08 + kPMI
oof —— Proposed 00 —— Proposed
00 02 04 06 08 10 00 02 04 06 08 10

(a) Gigaword (b) Fairy Tale
B 5: FREBROKE : ROC 71— 7.

# 2: TREROFER : ROC-AUC fH.

Method Abstraction Model Gigaword Fairy Tale
C&J08 Fixed (C&J) PMI 0.553 0.596
Jans et al.’12 Fixed (C&J) Conditional 0.556 0.576
C&J’08 + kPMI Fixed (C&J) kPMI 0.518 0.518
Proposed Dynamic kPMI 0.633 0.646

%% [Jans 12] ZD > & 5.

4.4 FHERE
ARYR - RTOFEHORAITHEHFDORIT EDEL D
ME S PZEEAH B DT, ROC-AUC 25AT 5.

4.5 N—2TMVFEK
R=2F4 L LT, EEINIMBERIEFANTI XY R
T DETIMEET 5 - FiEE AT 5 [Chambers 08, Jans 12].

4.6 EBREFR
EBEREZN S, BLIUER2IIRT. A VAR A BOHS
REDOIEDRTFHREEIZRELERTEZ e300 5.
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