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Abstract —Ontology is an important topic in computer science. It has many applications in various fields. Ontology
similarity computation plays a critical role in practical implementations. In this paper, we use an idea of applying
scoring functions for ontology function from learning theory in the implementation of ontology similarity computation.

Some statistical characters are given.
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1. Introduction

In information retrieval, ontology has been used to
compute semantic similarity (see [1]) and search
extensions for concepts. Every vertex on an ontology
graph represents a concept; a user searches for a concept
A, will return similarities concepts of A as search
extensions. Let G be a graph corresponding to ontology O,
the goal of ontology similarity measure is to approach a
similarity function which maps each pair of vertices to a
real number. Choose the parameter Me R™, the concepts
A and B have high similarity if Sim(A,B)>M. Choose the
parameter Me R", let A,B be two concepts on ontology
and Sim(A,B)>M, then return B as retrieval expand when
search concept A. Therefore, the quality of similarity
functions plays an important role in such applications.
Moreover, ontology is also used in image retrieval (see
[2-5]) in networks. Some effective methods for ontology
similarity measure can be found in [6-11].

The common methods to design similarity functions
for ontology applications are from the structure feature of
ontology graph.

Example. Let 0 < «, B8,y, ¥y < 1 be real numbers and

a + f +y+ y =1 The similarity function can be

represented as the weighting sum of their name similarity,
structure similarity, instance similarly and attribute
similarity:

Sim(A,B) = a SiMpame(A,B) + S SiMggrce (A,B)+

VSiminstance(AvB)"' X Simattribute(A’B)’

where each part of partial similarity is measured by name
set, structure feature of ontology graph, instance set and
attribute set of of two vertices, respectively. Thus, each
partial similarity function may have complex formula and
expression. Such methods have high computation
complex and there are lots of parameters need to be
chosen.

In recent years, the ontology problem has gained

attention in machine learning. In such ontology
algorithm, one learns a real-valued function that assigns
scores to instances. What is important is the relative list
of vertices induced by those scores. This problem is
distinct from both classification and regression, and it is
natural to ask what kinds of generalization properties
hold for algorithms for this problem. Although there have
been several recent advances in developing algorithms for
various settings of the ontology problem, the study of
generalization properties of ontology algorithms has been
largely limited to the special setting.

Let V be the set of vertices of an ontology graph. For
any two distinct vertices vy, and v, it holds either v, < v,
or Vi V,, but does not known which is true. Assuming
that real numbers y; and y, are assigned to the vertices v,
and v, in ontology graph such that v, < v, is equivalent
to y; < VY,. Let d-dimensional vectors v; and v, (use
vertex instead of its vector, and this vector contain all
information for its wvertices) describe observed or
measured features of the vertices and let the observation
space V be a Borel subset of R®. The aim of ontology
algorithm on ontology graph is to obtain a ontology
function f : VxV — R, i.e., a ontology rule, in the
following way:

if f(vy, vy) <0, then we predict thaty, < y,.

It need introduce a probabilistic setting in order to
measure the quality of a given ontology function f_ We
assume that two vertices are randomly selected from the
V. It is described by a pair of identically distributed and
independent (with respect to the measure P) random
vectors Z;= (vi,y1) and Z,=(v,,y,) taking values in V
x R . Here, variables y; and y, define the ordering as
above which are unknown.

A ontology loss function is a convex and
nonnegative function | that assigns, for f : VxV — R
and v, v’ eV , a non-negative real number I(f; v,vq)
interpreted as the loss of f in its relative ontology of v and
V', Let
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Ri(H=EGign(y, - y,) f (v, v,)))
be convex risk of a ontology rule f. That is, the expected
ontology error on the ontology graph for a ontology
function f : VxV — R associated with the ontology loss
function I .
Denote the convex empirical risk as

s o1
R(N= oy 2 (2)

i#]

where |, (z;,z;) = I(sign(y, - ¥,) f (v,v,)) . Note that, for

a fixed ontology ontology function f, ﬁl(f) is a U-
statistic of the order two. Thus, features of U-process
{Iil(f) : fe F } are the basis for statistical characters of

the ontology function f, = argmin Iil(f) as an estimator
feF

for unknown ontology function f* =argmin R, (), where
feF

F is a family of ontology function.

We are interested in the excess risk of an estimator f,
for ontology applications. Generalization bounds are hot
recent years in the learning theory, such research can
refer [12-21].

In this paper, we give some statistical analysis for
ontology learning algorithm.

2. Setting and Basics

Assume that ontology function is symmetric which
implies f(v,,v,) =- f(v,,v,) for every fe F. And then,

ontology function class F is uniformly bounded, i.e.,
there exists some constant A; > 0 such that for every fe F
and each pair of wvertices vy, v, e V, we get

|f(v,,V,)| <Ai. We will not reiterate these conditions
again

Let x be a probability measure on V xVand p, be a
L2-pseudo-metric on ontology function family F with

1
fl!fz = fl 11 V2 _fz 11 V2 Zd 11V2) -
p(f 1) AJJM[ (V) = T (v, )P d (v, v,)

The covering number N(t,F, p,) for ontology function

family F with a radius t > 0 and a pseudo-metric p, is the

minimal number of balls (with respect to p, ) to cover F

with centers in F and radii t needed. Therefore,
N(t,F,p,) can be regard as the minimal number m with

satisfies

3 Vi i pu(f F)<t.

’ECF,"E‘:m

Think about the marginal distribution P" for the vector V

. . 1
and following empirical measures: P :_25V. and v,
i=1
1 . .
= ———>" 5y, With counting measure &5, . The
n(n-1) iz
ontology function family F that we discuss satisfies
following assumption:
Assumption There exist constants D; , K; > 0, i = 1,2 such

that for each measures of the form: ,, = PY ® P’ ,
u,=v, and every t €(0,1] we get

e"tFr) < pte =12,
The tool used in this paper is Hoeffding’s decomposition
[22] for a U-statistic R (f)— R (f*) which allows to
infer the equality
R(F)=R(f)-[R(F)-R(f]
=2P,[R (f)—R(f*) - R +R. JFUn(h; -hy)

here
R, (z) =E[,(2,,2,)|Z,= 2],
0)=1 >0,
Un(hf - hf*):;z‘,[hf (Ziizj)_hf*(zilzj)] )

n(n_l) i#]
hi (2, 2,) =1; (2, 2,) - I:’|f (z)- P|f (z,)+R(f).
Hence, a difference between a U-statistic FAQI (f) -

Fi,(f*) and its expectation are break into the sum of iid
random variables and a degenerate U-statistic U,(h, - h;..)

by Hoeffding’s decomposition. Such  U-statistic
degeneration implies the conditional expectation of its
kernel is the zero-function, i.e., for each z; e Vx R e

have E[h; (Z,,Z,) —h.(Z,, Zz)|zl =7]=0.
Let QO be a class of real ontology functions
uniformly bounded by a constant ¥ > 0. And, &,,..., &,

is Rademacher sequence of iid random variables.
Variables ¢ ’s are independent of the sample Z,, ... ,Z,
and take values in {1,—-1} with equal probability. With
such Rademacher sequence, denote
1 n
A(Q)=sup=>_£9(Z)),
ey N i=1
as an expression E(A,(QY)) the Rademacher average for
class y . The expectation in such average is taken

concern both samples Z,, ... ,.Z, and &,..., &,.

Sub-root function is a non-decreasing and non-
negative function ¢: [0, o) — [0, o) satisfies that the
function r —» % is non-increasing for every r > 0.

r
This sub-root function has a lot of good characters, for
instance, continuous and has the unique positive fixed
point r* (it is the only positive solution for the equation
¢ (r) =r). At last, we denote
Q' ={ag:ge Q,a €[0,1]}
as a star-hull of Pg = Eg(Z,) and Q.
Now, we introduce the following lemma which can be
found in [23] and [24].
Lemma 1. [23, 24] Let the class Q be such that fgr some
constant B>0 and every ge Q we have Pg’= BPg.
Moreover, if there exists a sub-root function f with the
fixed point r*, which satisfies
¢ (N>=BEA, (geQ :Pg*<r)
for each r> r*, then forevery T>1and « € (0,1)

P( Voo P9 < %Pn(g) + %—r* +[22 Q +5BT]



Wei Gao, Tianwei Xu, & Yun Gao, JALIS, Vol. 1, No. 1, pp. 22-26, 2012 24

In(l/ ) )>1-a.

n

According to Lemma 1, we get our main result as
follows.
Theorem 1. Let the family of ontology function F be
convex and satisfy Assumption. If the modulus of
convexity of a ontology loss function | have value in the
interval [-A1, A;] and with §(t) > Ct° for some constants

C> 0 and p<2, then for each « € (0,1) and T> 1 with
probability at least 1- «

Vi RUD-R(1) < R (Pl —Pl,) +

Inn+In(l/ @)

n
where constant C; depend on T.
Proof. Consider the ontology functions family

Pl, —Pl..={Pl, —Pl,.:feF}
Since ontology loss function | is convex, it is locally
Lipschitz with constant L;. Due to F is uniformly
bounded, so PI, —Pl,. is uniformly bounded by 2LA; as

well. Note that if the modulus of convexity of ontology
loss | satisfies the assumption given in Theorem 1 and F
is convex, then for some constant B and every function
feF

E[PI,(Z,)~Pl..(Z)] <B[R (f) =R (f*)].
The precise value of the constant B can refer Lemma 5 of
[25]. So, the relation required in Lemma 1 between

expectations and second moments for functions from the
considered class holds. Follow Lemma 1 for the class of

Cl I<l

Pl —Pl,.
ontology functions Q = {———": fe F} and the sub-
2L A

root function
B
rN= ——EA Q*:Pg°<r
¢ () LA NCE g <r)
we obtain the probabilistic inequality as follows

P(Y1.e R(-R(F) < P (Pl, —Pl,.)+

Clr*+C2M)z l-a .
n
Here C, and C, are constants.
Denote
Q ={geQ*:Pg*<r}
for certainr > 0 and

E=sup=Y g%(Z).

ge I i1
Applying Chaining Lemma for empirical processes in
[25], we infer

o C, -
EA (Q) < —1EI04 JINN@EQ, p, )dt, (1)
n n

where

PR =J%i[gl(zi)—gz(zi)]2 .

N(t,Qt,pP") <
N(t/2,Q, p, ) . Moreover,

Notice  that NtQ\p,) <

N(LR, 05)
N(t, P|f ' Prop)

IN

IN

t
N(E'F’ppvéapn")'

The first inequality above follows from Nolan and
Pollard ([26], Lemma 20) and to verify the second one we
use the fact that | is locally Lipschitz. Thus, Assumption
above characters of covering numbers imply that for
certain positive constants C and C,

NN, p, ) <CiKiIn S .
" t
Thus, the right hand of (1) can be bounded by

JE
C, /ﬁEJ'O4 /In%dt. According to the Jensen’s
n

inequality, we infer

K L [C K, [C
cl\EEjo |antsc1\EJE_§ |n(E—§)

Moreover, we get
EE <BEA, (Q)+r
Combining what we discuss above, we obtain

EA,(Q)) < Cl‘/ﬁ\ISEAn(Q’:Hr /In%.
n

This show that for the fixed point r* implies

Inn
r* <C,K,—. o
n
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