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Maximum Margin Classifier Working in a Metric Space of Strings
and Its Application to Protein Science
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Abstract: Numbers and numerical vectors account for a large portion of data. However, recently, the amount

of string data generated has increased dramatically. Consequently, classifying string data is a common prob-

lem in many fields. The most widely used approach to this problem is to convert strings into numerical vectors

using string kernels and subsequently apply a support vector machine that works in a numerical vector space.

However, this non-one-to-one conversion involves information loss and makes it impossible to evaluate, using

probability theory, the generalization error of a learning machine, considering that the given data to train and

test the machine are strings generated according to probability laws. We approach this classification problem

by constructing a classifier that receives the strings themselves as inputs. To evaluate the generalization error

of such a classifier theoretically, probability theory for strings is required. A string is an object of computer

science rather than mathematics, and probability theory for strings has not been constructed. However, one

of the authors and his colleague, in previous studies, first developed a probability theory on a metric space

of strings provided with the Levenshtein distance and demonstrated an analogy of the strong law of large

numbers in a numerical vector space. In this study, by applying this probability theory on a set of strings, we

demonstrate that our developed learning machine classifies strings in an asymptotically optimal manner. Fur-

thermore, we demonstrate the usefulness of our machine in practical data analysis by applying it to predicting

protein-protein interactions using amino acid sequences.

Keywords: Classifying strings, machine learning, probability theory on a metric space of strings, predicting
protein–protein interactions

1ⓒ 2014 Information Processing Society of Japan

Vol.2014-MPS-98 No.13
Vol.2014-BIO-38 No.13

2014/6/26



IPSJ SIG Technical Report

1.

,

. , , Web

. , , ,

RNA

,

, . ,

,

.

,

, (SVM) (

[1], [4], [7], [9], [35] ) .

[12], [27], [38]

, ,

. [23], [30] ,

, ,

. ,

, [21], [22], [37] .

, [26], [33], [36], [40]

,

.

,

, .

,

. , ,

,

. ,

.

, SVM ,

,

. ,

, ,

.

, ,

,

, ,

1

Institute for Advancement of Clinical and Translational Sci-
ence, Graduate School of Medicine, Kyoto University, 54
Kawahara-cho, Shogoin, Sakyo-ku, Kyoto 606-8507, Japan

2

Bioinformatics Center, Institute for Chemical Research, Ky-
oto University, Gokasho, Uji, Kyoto 611-0011, Japan

a) koyano@kuhp.kyoto-u.ac.jp
b) morihiro@kuicr.kyoto-u.ac.jp
c) takutsu@kuicr.kyoto-u.ac.jp

, .

, ,

SVM ,

,

.

,

. , , , ,

, , , ,

, .

, ,

. 1 stringology

,

( [8], [11] ).

, , ,

,

, , ,

, .

[18] , Levenshtein [24]

,

. ,

. [18] , ,

. ,

,

,

. ,

,

.

2.

SVM , (i) , (ii)

, (iii)

, ,

, ,

, 2

SVM . R R
p

p . ,

R
2 . R

2 , x,y ∈ R
2

{z ∈ R
2 : z = αx+βy, α+β = 1, α, β ∈ R} a, b ∈ R

{(x, y) ∈ R
2 : y = ax + b, x ∈ R} .

1

, R
2

, . , 2

, R

, .

A = {a1, · · · , ac−1} A∗ .

2ⓒ 2014 Information Processing Society of Japan

Vol.2014-MPS-98 No.13
Vol.2014-BIO-38 No.13

2014/6/26



IPSJ SIG Technical Report

A∗ ( ·
) Levenshtein ( dL )

. , · dL A∗

. , A∗ ,

, 2

A∗ “ ” . , ,

A∗ .

, 2 : (i) A∗

“ ” . (ii)

, “ ” , A∗ 2

. 1

“Yes” , 2 “No” .

,

1

, ,

A∗ “ ” , :

s1, · · · , sn ∈ A∗ dL(si, si+1) = 1, i = 1, · · · , n−1

, {s1, · · · , sn} A∗ “ ”

. , 2 , 2

, A∗ “

” , : s, s′ ∈ A∗

dL(s, s
′) = n . , , ,

3 n , s s′

. i = 1, · · · , n− 1 , s n

i

s(i) . “ ”

, , ,

, s , s

3

. , {s, s(1), · · · , s(n−1), s
′}

A∗ s s′ “ ” .

, A∗ , s ,

(0 ) s

, s

, A∗

. A = {a1, · · · , ac−1} Hamming

dH(ai, aj) = 0 (i = j ) 1 (i �= j )

. , R

d(x, y) = |x − y| ,

“ ” ≤
. R d ≤ , x, y, z ∈ R

, x ≤ y y ≤ z , d(x, y) ≤ d(x, z)

. A , R

≤ .

, Hamming dH

A , A

, A

. dH ,

. , . R
2

, � = {(x, y) ∈ R
2 : y = ax + b} ,

H+ = {(x, y) ∈ R
2 : ax + b ≤ y} − �

H− = {(x, y) ∈ R
2 : y ≤ ax+ b} − � , H+

H− , R ≤ .

, R
2

, R

. Levenshtein , A∗

. , A

Hamming ,

A , A

.

, R2 , “

” A∗

.

, , A∗ 2

. Jordan [17]

Jordan–Brouwer [5] , R2

R
p (p ≥ 3) , ,

, 2

. , A∗ 2

. s ∈ A∗ r ∈ Z
+

U(s, r) = {t ∈ A∗ : dL(t, s) ≤ r} (Z+

), A∗ U(s, r) U(s, r)c = A∗ −U(s, r)

. , A∗ , A∗

.

, . ,

, ∂U(s, r) = {t ∈ A∗ : dL(t, s) = r} ,

U(s, r) ∂U(s, r) .

3. SVM

A∗ ,

, ∂U(s, r) s ∈ A∗

r ∈ Z
+ . Xm = {s1, · · · , sm}

Yn = {t1, · · · , tn} , s0 ∈ A∗ ,

max1≤i≤m{dL(si, s0)} < min1≤i≤n{dL(ti, s0)}
, , ,

.

m [(A∗)m]

(

, [18] ). , s1, · · · , sm ∈ [(A∗)m]

, , s1, · · · , sm
s̄m .

, ,

. R
p SVM

, ,

3ⓒ 2014 Information Processing Society of Japan

Vol.2014-MPS-98 No.13
Vol.2014-BIO-38 No.13

2014/6/26



IPSJ SIG Technical Report

. , ,

,

. ,

: Xm = {s1, · · · , sm}
Yn = {t1, · · · , tn} s̄m

, ,

r∗ =
1

2

{
max

1≤i≤m
{dL(si, s̄m)}+ min

1≤i≤n
{dL(ti, s̄m)}} (1)

. r∗ , r∗

1 .

, Xm Yn

. s̄m r ∂U(s̄m, r)

,

Xm(s̄m, r) Yn(s̄m, r) . �S S

. Xm Yn , ∂U(s̄m, r)

, m − �Xm(s̄m, r)

n− �Yn(s̄m, r) . 2 Xm Yn

,

R
p SVM

,

, .

, , (1)

.

1 ( ).

. ,

r̃ = argminr∈Z+{m − �Xm(s̄m, r) + n − �Yn(s̄m, r)},
, r̃ = argmaxr∈Z+{�Xm(s̄m, r) +

�Yn(s̄m, r)} r̃ .

R̃ . R̃ .

2 ( ).

r∗ ∈ R̃

( r∗ ,

1 ).

: s ∈ Xm(s̄m, r) ∂U(s̄m, r)

t ∈ Yn(s̄m, r) ∂U(s̄m, r) ,

r − dL(s, s̄m) dL(t, s̄m) − r . R
p

SVM

, s t ,

r− dL(s, s̄m) + dL(t, s̄m)− r = dL(t, s̄m) + dL(s, s̄m)

,

. r∗ ,

ρ(r̃) = min
(s,t)∈Xm(s̄m,r̃)×Yn(s̄m,r̃)

min{r̃ − dL(s, s̄m), dL(t, s̄m)− r̃}, r̃ ∈ R̃

r∗ = argmaxr̃∈R̃ ρ(r̃) . ,

(s∗, t∗) = arg min
(s,t)∈Xm(s̄m,r∗)×Yn(s̄m,r∗)

min{r∗ − dL(s, s̄m), dL(t, s̄m)− r∗}

. R̃ , max1≤i≤m{dL(si, s̄m)}
min1≤i≤n{ti, dL(s̄m)}− 1

.

4.

SVM A∗ ,

.

, , [18] A∗

,

. , [18]

. p1 p2

. p1 m′
1

. D1 D2 p1 p2 .

, i = 1, 2 Di = {s ∈ A∗ : pi(s) > 0}.
D1 −D2 �= ∅ D2 −D1 �= ∅ . D1 ∩D2 = ∅

, , 0 1

. , D1 ∩ D2 �= ∅ .

∂U(s, r) E0(s, r) ,

E1(s, r) =
∑

t∈D1∩U(s,r)c

p1(t), E2(s, r) =
∑

t∈D2∩U(s,r)

p2(t).

(2)

E0(s, r) = E1(s, r) + E2(s, r) .

s0 ∈ A∗ ,

(s†, r†) = arg min
(s,r)∈A∗×Z+

E0(s, r),

r†(s0) = arg min
r∈Z+

E0(s0, r)

. r†(s0) , ,

. t ∈ A∗

, Xm Yn t p̂1(t)

p̂2(t) . s ∈ A∗ r ∈ Z
+
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