—10 O

oottt oobon

oo gohbit ooooof

0 0ttt

Learning an Optimal Distance Metric in the Linguistic Vector Space

Daichi MOCHIHASHI't, Genichiro KIKUI', and Kenji KITAT-ftf

good oboooooooooooooooOoOoOoOoOooOopboOoooOOoOoOoOOOOOODOODOOOODOOO
gooboooobooooobooooooooooooboooooooboooooooobboobooOoobbooooooDo
goooooobooooooooooboooobooboooooooooooooooboobo0oobooobooDbbooD
gooooooooooooooooooOooOooOoooooooooOOoOOOOOODOOOODOODOODOOO
gooooooooooooooooooOooOooOoooooooooOOoOOOOOODOOOODOODOODOOO
gooooooooobooobobooobooooooooooooboooobooboooboboOooDbboooD
000000000000000000000000000 11000000 33% 00000000

00000 0OoDoOOoOoooOoOooDoOotidiD0Doo0O00ooo0n

1. 0 O0Q0d

oooooooooooooooooooooon
ooooOooooobooooooooooooon
ooooooodoooooooooboooooon
goooboooooobbooooobbooooooD
goobooobooooooboboooooboobooboobo
TextTiLNG[1] 0000000000000 0O0O
0oooO0oo0Pooooooobooooooog
oboooooooooooooooooboOooooon
0000 (QA)DDOO0OooooOoooooooooa
ooooooooooooooOoOoOoooobooooon
ooooooo

gbooboooobooobooooooooboo
()000000 0 (b)000D0000 000000
O0(xDO0O00O0D0O0O0ODO0DOOODOODOODO
gobobooooboooobooboboooboobobooboogo
O (ph)0O00DDO0O0O0DO0O0OODODOODOOO

TATROODOOOOOO0O0O0O0O00000000

ATR Spoken Language Translation Research Laboratories

Hikaridai 2-2-2, Keihanna science city, Kyoto 619-0288
ttooooooOo0O0O000 0000000

Graduate School of Information Science, NAIST

Takayama-cho 8916-5, Ikoma, Nara 630-0192
fffoooooooooooOooOoooO

Center for Advanced Information Technology, Tokushima

University Minamijosanjima 2-1, Tokushima 770-8506

000000000000000000000000
000000000000000000()00000
000000000000000000000000
0000000000000000000 [3],[4]00
000 (h)00D00000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
0000000000000000000000 (0
0000000000000000)00000000
000000000000000000000
00000000000000000000000
0000000000000000 (0000000)
000000000000000000000000
00000000000 000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000
00000000000000002000000
000000000000000000000000
000000000000000300000000
000000000000000000000000
000000000000000000000000

Dooooooooono D-IE Vol Jxx=D-Il' No.xx pp.1-10 xxxx O xx O 1



00000000000 xxxx/xx Vol. Jxx-D-II No. xx

goo0400000000000500000000
goboooboooooboobooooboobooo
gooooooooooogebDDO 7TOOODDOOO
goboooooooo

2, OO00O0OOOOODOODO

goooboooobooboooboooooooobooo
00000000000 00000 ;3 (6=1...n)
000oo0o0oooUuo #eR*" 0000000000
gooooboobobooobuoobobooboo
0000 “Bagof words” 00D OOODODO [5000
gooooboobobooobooboboobooo
gobooboooooobooo

00o00o000d @,¢00000000000OOO
oooooooooooo”™

d(@,7)? = (@ —0)" (@ - ) (1)

= (i —w) (2)

oooOOoO0)0D0O0O00000000000
00000000000000000000000
0 5),[6/00000000000020000000
0oooooo

() 00D0DD0O00DO0000000

(i) 000000000000 000000
00000000000000000000000
000000000000000000000000
() D0000000000000000000000
(0000 [7)000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000 QADOOO
0000000000000000

(i) 000000000000 000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000000 tfidf[8] 000
000000000000000000000000
00000000000000000000¢fidf 0

001MO00000000000000 |4 =[5 =100000000
00000000000000 (—3)T(@—o) = @2 +|79]?—24-7
—cos(#,7) 0000000000000 OOOOOODODOOOO
0000000005

2

gobooobooooooooboooobooobooon
gboobooooobobooobooboobo

3. 0 ODOODO

ggboooooboobooooboooobooooooo
gobooobooooooooboooobooobooon
oooboooOooOoooooOobDOooOOoOoooon
ooooooogoooooooooooooooag
oooooooooOoooOoooOoOoooooooon
ooooooooooooooooogloooo (11
gobooobooooooooboooobooobooon
oooooo svMOoOoOoOoOooooooooooo
0oo0o0o0oo0oD0oooooboOooooDOoE o
oooooboOoooooOooogIooooooo
goooooooOooooooboe.0OOODOO

ooooOooOoooooooOooOooOoooooa
000000000 Fisher kernel [12) 000000
000000000 000000000000C0OFisher
kernel 00000000 OO0OO0DOOOOODODOOO
gbooboooboooooooooooooboooboboog
gobooobooooooooboooobooobooon
gobooobooooooooboooobooobooon
gobooboooobooooo

000000000013,[14 000000000
0000000000000 R-SVD (Riemannian
SvD)OOoOooooooooooooooooooo
ooooooooOooOooOooOooooooooon
ooooobooboooOooOoooooooon

4. 0O 0O

gooobooooooobooboooboooboog
gobooobooooooooboooobooobooon
gobooobooooooooboooobooobooon
goboooooooooboobooobooooobooboobogon
gooboooooooobobobooobooobogo
goooooooooooooboooooooboo
gooooooooooooooooooooooboo
goooooooooooooboooooooboo
goooooooooooooobooo

gbooooooboobooboooboooboooon
gobooobooooooooboooobooobooon
goboooobooooboooboboooooboboo
gobooobooooooooboooobooobooon
goooooooooooooboooooooboo



0o00o0oooooooooooooooooooooooo

0oooooooon
4.1 00000000

0000 #0000 (L,-)00000 (1) 000
000000 M=[my 0000

du(@,7)? = (@ —0)" M(d — ) (3)
= Z M (ur — vi) (wr — vr) (4)
k !

000000D0000D00000000000000
000000000000000000000000
M=I(0000)0000000000 (1)0000
0((4)0000000MODOOOODODO0O0OO
000000000000000000000000
MOOOOOOO0OOO0O000000 (3)00 (5)0
00000000000000000

das (i, 8)* = (MV/2(i - )T (M@ = ) (5)

0000000000 ¢—¢0 MY?20000000
000000000000000000000000
00000000 @oo00D0000Dooogn
00D0000000000000000000000
00D0000000000000D000000000
00D0000000000000D000000000
00D0000000000000D000000000
MDOODOOOOOODOOOOO0ODOO0OO0O0O00
U000 sU00000D00O0Oonooon
000000000000000000000000
0D0000000000000000000000
0DO0DOO9o[1]o000000DOoUuonoog

gbooboooooboobooooooboooboo
gobobooooboooobooboobooobooboooooboobogon
goboooboooobooboobooooboobooo
goboooboooobooboobooooboobooo
00000000000 o0ooUoD (a)bOoDoo
gooobooooooooooboobooobobooboooo
goooooooooooooboooooooboo
goooooooooooooboooooooboo
goooooooooooooboooooooboo
goboobooobooboooboooboobooboooog

000000 1(b)0000OoOMY?20000000
000000000000000000000000
000000000000000000000000
00000000000000 MOOOOOOOO

High
covariance

Low

a
High

variance

(a) Original space

(b) Mapped space

01 000000O0o0ooooooo
Fig.1 Cluster geometry of feature space.

0000000 MOOOODOOO000000000
000000000000000000000000
000000 MOOOOOOO0O0

4.2 00000DOOOO

0000 (000000000)Z0 R*0000
0000000000 NOOOOOO Xy...Xy O
000000000000000000000000
000 », 000000 NOODOOOOOOO X;
000000000 (000000)0 600000
G =1/|Xi|Ysex, 000 (X|0DOO0 X O
oooo)o
00000000000000000000000
0000000000000000000000000
00 X, 00000000 feX, 0000000 &
0000 du(#,¢) 0000000000 X;... Xy
000000000000 MOOOOO0O0O0000
00000000000000000000000
ooo

ooooo:

N
M= argminz ZdM(f},C_%)Q
M =1 @jeX;
N
= argminz Z(f} - C_;)TM(@ —¢é) (6)

M =1 aj€X;

0oooo :|M|=1. (7)

000D000O0M=0000000000000
0000000000 (-|00000000)000
10000000000000 0000 MO0
0ooooooo

00000000000000000000000
MindReader[16) 000 0000000000000
0000000000000000



00000000000 xxxx/xx Vol. Jxx-D-II No. xx

[0D0]000 (7000 (600000000000
00 MO

M= |A""A (8)

O0000D000A=[aw]00D0000DOOODO

Qg = Z Z (.le - Cil)(xjk - Cik)~ (9)

i=1 @EX;
[0DO0]0D0 100000

()00 |A]Y"D0OD0OOOOODOOO0OOO0OOO
0000000000D0000D-00000000
(00)000000000000000000000
0D0D0D0000O (9000000 ooooon
000000000000 0000 MOOOOOD
000000000000000000000000
00D0000000000000D000000000
ooooo

0000000000000 0000000000
000000000000-0000000 ADOD
00D0000000000000016) 000000
0000 A~' 000 Moore-Penrose 010000 A
00D000000000000 20000000

4.3 0000000000000

0000000000000 0000000000
000000000000000000000000
000000000000000000000000
0D00000000000D00D000000000
000000000000 &...6v (3,6 =1)0
0000000000 (6) 000000000000
0D0o0oo00oo0o

N
argmin» & Y (- ) M(w; - &) (10)
M i=1 ajeX;

000o0o0Oo (9oooooooooooooooo
OO00000oO00o0o0oobo0oooobooooboa
OO0000o0ooO00o0ooOob0b0o0oooooOoooon

00000000 N=1000000o0o00o00o
goooooooooooooboooooooooo
gooooooooooo

5. O O

gooooobooooooooooboooooooo

goboobooooooooboooobooobooon
gobooooooboboobobooboooboobo
goboobooooooooboooobooobooon
goboobooooboooboooobo
gooooooooooooboooooooboooon
goooooooO0o00o0oO00oooooo0 MOO
goooooooooooooboooooooboo
gooooooooooooooOoOoObOOoOoOoooo
gbooobooooooooboooobooobooon
goboboobooobooboooobooooobooDbOo-
o0oo0o0oo0o RO0OOOOOO0O0OO RODDODOO
gooooOoOoR-0O0O00OO0O0ODOOO ROODO
gooo0oooOoooOo ,000000000o0Oo
goooocoooooOooOoOOCOOOOOOOoOoooo
rROOOOOOOOOOOO-0O0O0O0OO0ODOOO
11ooboooooooooobooo
ooooooooooooooooboobooooooo
gobooobooooboooooboooobooobooon
nO000000000D0 O(nQ)DDD[IDDD[I[I
ooooooooooooooooboos.30oboooog
goooobboboooooboooooooboo
(00boOO0O0)0DoooOOoOoooOOoOooDOoO

5.1 00O0O0OO
goooooooooooooooboobooooooo
goboooboooooboooboooobooobooon
QAD0DU00OO0OOOOOOODODOOUOOOooOooD
gooobooooobooboooobogon
5.1.1 0O0O0O0OO0OO
obooboooooooOooboooooooooon
ATROOOODOOOOOOOODOOOOOOOOO
OO00OOroo0ooo0oooooo 33,723,164
goooooooooooooi1oe100000000
gobooooboooooboboooooboobboobogon
gobooobooooooooboooobooobooon
goooooooooooooODOobO 20000000
gooos00000ooboOobObOOooooobobonoo
goboooooooooooooooobooolboo
goooooooooob cobcooooboboooo
ooooooooo co0O0CO0OO0OO0O0Oooooo
gooooooooo woooooooooobooo
5.1.2 O00O0OO0O0OOO
gooobooooooooboobooobooobog
gobooobooooooooboooobooobooon
goooooooooooooboooooooboo



0o00o0oooooooooooooooooooooooo

0000000000000 000000000000
o020

00000000000000000000000
000000000000 000000000000
00000000000000 MOOOOOOOO
000000000000000000000000
0000000000000 00000000000
000O000000000000L,5,10,20,50% 00
00000000000000000 LSI[18) 000
00000000000 0000000000000
Oooooooo

5.1.3 O O

000000000000000000000 A-1
000000000000000000000000
0000000000000 00000000000
00000000000 A-200000000000
0 (000=05%)0000000000000000
000000000000 000000000000
000000000000000000000000
0000000000 0000000000000

020000000000000000000000
000000000030 1100000°°*9000
000000000000 00000000 idf00
000000000000 000000000000
OooOoO0oooo

5.1.4 0000

04000000000000000000000
0000000000000000 idf000000
00000000 2000000000000000
000000 (0000)000000000-000
000000 100000000000000000
000000000000 000000000000
000(@O000)00000/000000000
0000000000000 00000000000
000000000 35% 000000000000
0000000000000000000Kdf00O
0000000000000 00000000000
00000000000 5000000000000
OOoO000000000OOo

002000000000000000000000D000O00000O0
000o0000000000000000O000O00O00O0O0O0O0O0
000000000000000000000000O0000000O0
000o0oo0O0oo0o0O00oOoo0oooo

003 R-O0000000 11 00000000000000000O00
ooooooo

Recall

0.10203040506070809 1
Precision

() 000D

Recall

0 1 1 1 1 1
0.10203040506070809 1

Precision
(b) gooooooo

02 000-00000(@OOoOoo)
Fig.2 Precision-Recall Curve on sentence retrieval

0.7
0.6
0.5
0.4
0.3 [ ]
02t Euclidean+idf
0.1

Metric+idf

0 L L L L L L L L L
0 5 10 15 20 25 30 35 40 45 50
Dimension Reduction (%)

03 1100000 (@oooo)
Fig.3 11 Point Average Precision on sentence re-
trieval

5.2 0 OO0

gboooboooboooooobooooobooboooon
(Text Classification) O O O ONaive Bayes 0O SVM
goooooooooooooboooooooboo
0O[ooo0o0o0o0oooooOoooooo
000000000000 oD0ooooooooo (O
000)bo00oooO0o0ooooO0oOoooDoOoOoooo
0000OWebOOOOOOOOOOOOOOOOOO
goboobooboboobuoouooboobooo
goooooooooooooobo 101000000



00000000000 xxxx/xx Vol. Jxx-D-II No. xx

04 0D00D00O0ODODOOOOOODODOOO
Fig.4 A metric matrix obtained from synonymous
clusters.

05 0O0OO0OO0O0O0OO0OO
Fig.5 Diagonal elements of the metric matrix.

goooobooboboooboobobboobooo
goooobooboboooboobobboobooo
goooooboooboboooboooboo

5.2.1 20-Newsgroup 000000

gooooooooobooboooooooon 20—
Newsgroup dataset [20] 0000000000000
goboboooOoOdbbOOoOoobbooooooboOo 20
00000 (boooOoooOo)0DooDOo2p0000
o000 1000000 DO0ODD4D00O0O0DO
goo0o0ooDbOO0ODbOs0000000D0DOO01IODO
gooooo0ooooOob 00D OobobobOobo
goboopoooboobooboooobboobooo
iooooooooooobooooooooboooooon
05% ~20% 000000000000

gooobooobooobboobooooooooboo
gooooboobobooobuoobobooobooo
gooooboobobooobuoobobooobooo
0000000oO0oOoooooo®o00000ooag

00400000000000000O0O0O0O00O0O0 10000000
000o0000000000000000O000O00O00O0O0O0O0O0

Dim. R-precision 11-pt Avr. Prec.
Red. | Metric | Euclid | Metric | Euclid
0.5% | 0.421 | 0.399 | 0.476 | 0.455
1% | 0.388 | 0.368 0.450 | 0.430
2% | 0.359 | 0.343 | 0.425 | 0.409
3% | 0.344 | 0.330 | 0.411 | 0.399
4% | 0.335 | 0.323 | 0.402 | 0.392
5% | 0.329 | 0.318 0.397 [ 0.388
10% | 0.316 | 0.307 | 0.379 | 0.376
20% | 0.343 | 0.297 | 0.397 | 0.365

01 0oooood
Table 1 Newsgroup text retrieval precisions.

00000 (1300)00000000000000
000000000000000000000000
000 tidf 000000000000000

5.2.2 0 O

010R-O00000 11000000000000
0000 40000000000000000000
00 0250000tidf0000000000000
000000000000000000000000
(pOO00 =0.0243)0

00000000000000000000000
000000000000000000000000
00000000 X0000 X=U0Sv~'0oo0oo
000000K0000000000O00 VOOOOo
0V,0000 Xx=WX OO0 ,kOOOOOODO
000000 (5)000000MY2X), = M2V, X
000000000000000000000000
000000000000000000000000
0WOMOODODODODOOOOOOOOOOO
000000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000

5.3 0000000000000000000
0000000000000000000000
000000000000000000000000
0000 600UCIDOODOOOODOOO 22000
0KOOODODOOOOOOO0O000000o00oo
00000000000000000000000K
000000000000000000000000
0100000000000000000000000

000000000000000000000Spherical K-means [21]
0000000000000 0000000000000000oO0D
oo



0o00o0oooooooooooooooooooooooo

0.9

o

©
o
o

o
3

Precision
o o
~ (e}
Precision

o
=)

0.6
1 2 5 10 13 1.2 5 10 15 20

Dimension Dimension

(a) “wine” O0O0ODOOO (b) “protein”’0 00000

1 1

0.9

o
©

0.8

Precision
Precision

o
®

0.7

0.7 0.6

1 2 3 4 1 2 5 10 20 35
Dimension Dimension

(c) “ris” OOOOOO (d) “soybean”0 00000

06 UClOOOOODOOOODOOOOOOOODOOOOD
goooooooooooo (woooooo)o

Fig.6 K-means clustering of UCI Machine Learning
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(‘How much is the total?’)

Metric distance:
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2.283 oooooooao
2.505 oooooooao

2.65 goooooo

(* denotes the right answers.)

0A.1 ODO0ODO0OODOOO
Fig. A-1 Example of Sentence Retrieval.

Query: “0000000000ODDOOOO”
(‘I’d like some fruit for dessert.”)

Metric distance:

distance | synonymous sentence

0.3531 Oo00oo0o00o0o0b0o0o0o0o00o
0.3709 pooobooooooooooo *
0.596 Oo00o00oooooo

0.6104 ooobooooooo

0.621 0oobO0ooO0ooo0oo0oooo
0.6255 Oo00o00oooooo

0.6295 0oobO0ooO0ooboOooOoooOoo
0.6343 goooooooOooboooo
0.6685 ooobooooooooao

0.7966 oooboooooboooooooo *

Euclidean distance:

distance | synonymous sentence

1.036 gooooooooooooooo

1.421 gobooooooooooooooooooo
1.491 g00oo0oOooooooooooooo
1.499 goooooooooooooonoo

1.535 g00oo0oOoooooo

1.622 goooooooooooooooooo
1.622 goooooooooooooooooo

2.787 goobOooOooboOooOo0oboOoooOooOoO *
2.854 go00oo0o00O000O000000000O00

0O A2 OO0ODOOO0DOOOODO
Fig. A-2 High rate of dimensionarity reduction.
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Abstract Many natural language processing still depend on the Euclidean distance function between
the two feature vectors, but it has severe defects as to feature weightings and feature correlations. In this
paper we propose an optimal metric distance function that can be used as an alternative to the Euclidean
distance, accommodating the two problems at the same time. This metric is optimal in the sense of global
quadratic minimization, and can be obtained from the clusters in the training data in a supervised fash-
ion. We confirmed the effect of the proposed metric by the sentence retrieval, document retrieval, and the

K-means clustering of general vectorial data.

Key words Metric learning, cosine distance, tf.idf, feature space, kernel methods



