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Abstract

In this article, we propose an ontology learning algorithm for ontology similarity measure and ontology mapping in view
of distance function learning techniques. Using the distance computation formulation, all the pairs of ontology vertices
are mapped into real numbers which express the distance of their corresponding vectors. The more distance between two
vertices, the smaller similarity between their corresponding concepts. The stabilities of our learning algorithm are defined
and several bounds are yielded via stability assumptions. The simulation experimental conclusions show that the new
proposed ontology algorithm has high efficiency and accuracy in ontology similarity measure and ontology mapping in
certain engineering applications.
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1 Introduction

Ontology originally comes from philosophy. It is used to describe the natural connection of things and their
components’ inherently hidden connections. Ontology is set up as a model for knowledge storage and represen-
tation in information and computer science. It has been extensively applied in different fields such as knowledge
management, machine learning, information systems, image retrieval, information retrieval search extension,
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collaboration and intelligent information integration. As a conceptually semantic model and an analysis tool,
being quite effective, ontology has been favored by researchers from pharmacology science, biology science,
medical science, geographic information system and social sciences since a few years ago (for instance, see
Przydzial et al., [1], Koehler et al., [2], Ivanovic and Budimac [3], Hristoskova et al., [4], and Kabir [5]).

A simple graph is usually used by researchers to represent the structure of ontology. Every concept, objects
and elements in ontology are made to correspond to a vertex. Each (directed or undirected) edge on an ontol-
ogy graph represents a relationship (or potential link) between two concepts (objects or elements). Let O be
an ontology and G be a simple graph corresponding to O. It can be attributed to getting. We use the similarity
calculating function, the nature of ontology engineer application to compute the similarities between ontology
vertices, which represent the intrinsic link between vertices in ontology graph. The ontology similarity measur-
ing function is obtained by measuring the similarity between vertices from different ontologies. That is the goal
of ontology mapping. The mapping serves as a bridge connecting different ontologies. Only through mapping,
we gain a potential association between the objects or elements from different ontologies. The semi-positive
score function Sim : V x V — RT U {0} maps each pair of vertices to a non-negative real number.

Several effective methods exist for getting efficient ontology similarity measure or ontology mapping algo-
rithm in terms of ontology function. The ontology similarity calculation in terms of ranking learning technology
was considered by Wang et al., [12]. The fast ontology algorithm in order to cut the time complexity for ontol-
ogy application was raised by Huang et al., [13]. An ontology optimizing model in which the ontology function
is determined by virtue of NDCG measure was presented by Gao and Liang [14], which is successfully applied
in physics education. More ontology applications on various engineering can be refered to Gao et al., [11].

In this article, we determine a new ontology learning method by means of distance calculating. Moreover,
we give a theoretical analysis for proposed ontology algorithm.

2 Algorithm Description

Let. = {(vi,v},yi j)}z =1 be the ontology training data, where v;,v; € R? are ontology vectors and y;; = £1
(if v; and v; are similar, then y;; = 1; otherwise, y;; = —1. We also fixed m relevant source ontology training sets
Ly ={(vgi,vgj, yqij)}%{zl (g =1,---,m) if the number of target ontology training samples N is not large, and
Vg, Vqj € RP belong to the certain ontology feature space as v;, v; in this setting.

We aim to learn a distance function d(v;,v;|W) = (v; —v;)T W(v; —v;) which equals to learning a distance
matrix W, and the similarity or dissimilarity between a ontology vertex pair v; and v; is obtained by comparing
d(vi,v;|W) with a constant threshold parameter c. Specifically, our ontology optimization problem can be stated
as

2 n 2
argmin vy Zg vi[1 = lvi=villw]) + S Wl (1)

l<j

m
st. Y o,=1,0,>0g=1,---,m
i=1
where [|[v; —v;|l3y = (vi —v;)TW(v; —v;), g(z) = max(0,b — z) is an ontology hinge loss function, ||W||r is the
Frobenius norm of the metric W which is applied to control the model complexity, 1) is a balance parameter, and
the constraint condition reveals that W is positive semi-definite.
The general version of ontology distance learning approach is formulated by

h b7l
argmin g ¥ L(viv;,35) + 2 W = Wol + 2 a3+ %1611, @

(2) <

m
st. Y o,=1,0,>0g=1,---,m
i=1
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where W = Y Quu! and Wp = 7—1 0gW4. Both |||3 and ||6]|; are employed to control the complexity
of model. In what follows, 71, % and 73 are all positive balance parameters.

Select L(v;,v;,yij) = g(vij[1 — |[vi — v;|l3y]) and use the ontology hinge loss for g, that is to say, g(z) =
max(0,b — z) and b is set to be 0. Thus, we deduce the following ontology optimization problem:

. w »
argmmng(ytj[l = i = villw]) + T IW = Wl + Zlell3 + w6, 3)
2) i<j
n
st. Y o,=1,0,>0,g=1,---,m.
i=1
For short expressions, we use v;, x; and y;; to denote v}, v? and y; with k= 1,---,(5) = N'. Let § = v} —}

with [[vi = v [y = X1, 6:8 wu! & = 8T fi, fi = [fL,--+, f]" and fi = 5 wu! §. Therefore, the ontology
problem (3) can be re-expressed as

1Y W e
argmin — Y g(y[l =67 fi) + T-|W = Wpl[F + T [lell3 + 1611, )
a6 N' = 2 2
n
st. Yo, =1,0,>0,g=1,---,m.
i=1
The answer can be inferred by alternating between two sub ontology problems (minimization & = [, - -+ , 04|
and @ = [0y,---,6,]" respectively) until its convergence.
Given «, the ontology optimization problem with respect to 6 then it can be stated as
argn}ginF(G) =A(0)+Q(0) 3)

where A(0) = ﬁ Ik\il gk[1—07 fi) +15/160])1, and Q(6) = B ||W — W |3 Since the ontology loss part A(6)
is non-differentiable, we should smooth the ontology loss and then solve (5) in terms of the gradient trick. Let
O={x:0<x<1,xeRVN /} and ¢ be the smooth parameter. Then, the smoothed expression of the ontology

hinge loss g(fx, vk, 8) = max{0, —yx(1 — 67 f;)} can be formulated as

c
go = maxxi(—yi(1— 0" fi) = ~ [lfellt, (©)
x€0 2
where || fi |l term is used as a normalization. In view of setting the objective ontology function of (6) to 0 and
L (1—07 f : .
projecting x; on ®, we infer the following solution: x;, = median{w ,0, 1}. Furthermore, the piece-wise

approximation of g can be expressed as

0, yi(1—67f) >0
go =14 (1~ 9:fk) — S filleo, i (1= 6" fi) < —0 | fil = (7)
7(”(210_“?&“]&)) , Otherwise.

By the computation and deduction, the gradient of the smoothed hinge ontology loss g5(0) is

a (e} 9 76
28tk 7 (](;keyk ):ykkak- 3)

, T
Let H* = [f1,---, fir] and Y = diag(y). We get g(:;(ee) = Y vfixk = HRYx, and L#(6)Y max Hf}ﬁ”jz is the

Lipschitz constant of g5(6).
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By setting /(6) = ||6]|,, we infer the approximation of / with the smooth parameter ¢’ as

—6,-9,6,<—0

o’ /
lo. — er R 9, >0
2
29(;, , Otherwise.

32 10'/( )

—1,1}, the gradient can be computed by = x’ and the Lips-

Furthermore, for each x, = median{ % &
1

chitz constant is denoted as L'(6) = 4.
Moreover, set H = 1 Tr((usul ) (uu!)) and 2 = 3 Tr(WE (uu!)), we have a% ) = g9 — 2,

S HRY x4+ yex' + H0 — f¢ and Lo = L max; “ﬁ’;{kﬂ 2 + X+ ||H®||, is the Lipschitz constant of F(8).

Denote 6', y' and 7' as the solutions in the ¢-th iteration round, and use 0 as a guessed solution of 6. We
obtain that Ly is the Lipschitz constant of F(0) and the two attached ontology optimizations are stated as

IF5(6)
0

m}@n<vFg(9)y 9t>+ ||y 6’13

and

i i L n
mmZ 0')+ < VFo(6),y— 0 >+ ly 03,

respectively. Set the gradients of the two objective ontology functions in the above two attached ontology
problems to be zeros, we yield y' = 6" — i V Fs(0") and 7 = 6 — i L ’“ V F5(0'). Hence, we deduce
6! = 252" + “1y/ and the stop criterion is given by |Fs(6"") — FG(O’)| <E.

Given 0, the optimization ontology problem on parameter ¢ can be stated as

argmmfllw Zap W[5+ H 3 9)

m
st. Y oy=10,>0,g=1,---,m
g=1

And, the ontology problem (9) can be expressed in compact form which is stated by

1
argmlnzaTHOé +2 Ha”z (10)

m
st. Y og=10,>0,g=1,---,m
g=1
where f = [fi, -, fn] with f; = 1 Tr(W'W,,), and H is a symmetric positive semi-definite matrix such that
Hy;, = Tr(WTWt) We only choose two elements ¢o; and «; %) to update for each iteration. In order to meet the
restraint Y0 @y = 1, we get & + 0 = o + @ ], where o and @ are the solutions of the current iteration.

Then, accordmg to (10) and set &;; = (H,, Hij—Hi+Hjj)a Zk( — Hj) oy, we designed the updating rule

%(0i+0y) +(fi—fj)+&
(Hi—H;j—Hji+Hjj)+27
restraint o, > 0, we further set

as follows: o = and aj = + o — o . In case the obtained ¢y and OCj don’t meet the

{ OCi* = O,OC;K =0+« if ’}/Q(Oti—l-(xj) + (h,‘ —hj) +&; < 0
OC; = 0,0Ci* = o+ ¢, if ’}’2(06i+06j)+ (hj_hi)+£ij <0.

The whole ontology algorithm is stated as follows:
Initialize: a(®), §(0), }éo) and }/3(0). Sett = 0, construct W0 = "0 9( )uru and W0 = ’” . Ocq( )Wq.
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Iterate:
Optimize 81« argrming 4 1", ¢(sx(1 — 07 i) + 5[ — W 2 + 54" o]
and update Wi+ =yn_ 9y u7;
(1)
Optimize a1 < argming % |[WU*D — Wl|2 + 2 || o[ 3
and update W™ =Y | aq(t+l)wq;

/!
Il (2 TN 1 gk (1-(0° )T f))+ 1 WD W)
CERIE :

(t+1) 12
(1) e (n WD W)
Obtainy, = ”(X(,H)H%S £,

t—1+1
Until convergence.

Determine }é“ =

3 Stability Analysis
In this section, we give the theoretical analysis of our ontology algorithm via stability assumption.

3.1 Uniform stability

Definition 1. (Leave-One-Out) An ontology algorithm has uniform stability ; with respect to the ontology loss
function / if the following holds

VseZz", Yie{l,---.m}||I(fs,)—1(fs,)]l < Bi, an
where Z is the ontology sample space, f is the ontology function determined by the ontology algorithm learning
with the set of samples s, and s = {zj,"++,2i_1,Zi+1, " ,Zm} denotes an ontology sample set with the i'-th

element z; deleted.

Definition 2. (Leave-Two-Out) An ontology algorithm has uniform stability 3, with respect to the ontology loss
function [ if the following holds

Vsez", Nie{l,---.m}, || I(fs,) = 1(feir)|l < Bo, 12)

where Z is the ontology sample space, f is the ontology function determined by the ontology algorithm learning
with the set of samples s, and s/ is the ontology sample set given from s by deleting two elements z; and z e

For any convex and differentiable ontology function F : .# — R as follows (here .# denotes the Hilbert
space): Vf,g € F,Br(fllg) = F(f) —F(g) =Tr(< f —g,VF(g) >), wehave OF (f) = {g € F|Vf' € 7, F(f") -
F(f) > Te(< f'— f,0F(f) >)}. Let F(f) be any element of dF(h). We infer Vf, f' € Z ,Br(f'||f) =
F(f')—F(f)—Te(< f' = f,VF(f) >). Be(f'||f) > 0 and Bp, o = Bp + By for any convex ontology functions
P and Q.

Lemma 1. For any three distance metrics W and W', the following inequality established for any ontology
sample z; and z;

V(W,zi,2)) =V (W,zi,2))| < ALMP|[W = W'|| (13)
Next, we describe the LOO and LTO stability of our algorithm.

Theorem 2. Let 1 and 3, be the LOO and LTO stability of our ontology algorithm problem (2). Suppose that
Ivll2 < M for any sample v. Then, we have

3202 Mm* - 641> M*
nN 2= nN

where L is the Lipschitz constant of the function g.

B < (14)
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Proof. We only present the detailed proof of the first inequality, and the second one can be determined in the
similar way. Let F 4 (6) =P 4 (0)+ Q(6), where P 4(6) = (,b—)ZKjV(A,Zi,zj) and Q(0) = %HW — W2+
2

1116]/1. Clearly, both P4 (6 and Q(6) are convex. Suppose 6 4 and 6 4 be the minimizers of F 4 (6) and
F 4(0) respectively, where .4 is the set of ontology examples that deletes z; € .4 from 4.
Note that

Br, (6.4(16.4)+Br ., (0.416.47) > Bo(8.4[6.4) +Bo(0.4[6.47).

Let A = ||0.4/][1— < 0.4,52n(0.41) > +(10.4][1— < O.47,5gn(0 ) >> 0, sgn(0) = [sgn(6),--- ,sgn(6,)].

Hence, we have % where 6 f(0) is the sub-gradient of ||6]; and

Bo(6.4|16.4) +Bo(6.4110.47) = 11 [|W_sr = Wy |7+ 13A.

We have dF 4 (0 ) = dF (0 4+) = 0 since 6 4 and 6_y+ are minimizers of F 4 (6) and F 4+(6). Using
Lemma 1, we obtain

NIW . =Wy |F <Br, (0.4]16.4) +Br ,,(6.4]|6.47)
=Fy(04)—Fy(04)— <041 —64,0F y(0.4)>+Fy1(0.4) —F(647)— <Oy —641,0F 42(0y) >

=Fy(04)—Fy(04)+Fy(04)—Fy(047)
1

= Y VWr,2i,2) = Y VW, 20,25) + Y V(W 20,25) — Y V(W4 20,25))
G)F 7 7 7
1

< LIV (Wor,2i,2) = VW, 2o, 2) [+ Y IVIWor, 2i,2) = V(W i, 20,2))])
(2) N N
8LM?
N

< \W_yr —W_y|lF.

This implies that
8LM?

NN -
By virtue of [V(W_y,zi,2;) = V(W.y7,21,2;)| <ALM*|W_r —W_y||, we deduce

Wy —W || <

32LM?

VW 3 ZisZj _VW 1,%iyZj S .
VW 1.2057) ~V (W22 < o

Therefore, the expected result is obtained. O

Let .4 be the ontology sample set and V(W,z;,z;) = g(yi;[1 — ||vi — v;|3y])- In this sub-section, the em-

pirical ontology risk and expected ontology risk are denoted by R 4 (W) = ﬁZK iV(W,z;,z;) and R(W) =
2

E(zi,z;)[V(W,zi,z;)], respectively. We will determine the generalization bound R(W) — R 4 (W) in the next
theorem. For this purpose, we should use the following McDiarmid inequality.

Theorem 3. [15] Let X1, - , Xy be independent random variables, each taking values in a set A. Let ¢ ‘AN SR
be such that for each i € {1,--- N}, there exists a constant ¢; > 0 such that

!
sup ’(P(Xl,"',XN)—(P(Xl,"',Xifl,xi,XiJr],"',XNHSCi. (15)
xl,-n,xNEA,x;eA

Then for any € > 0,
P{O(X1, -, Xn) —E{9(X1, - Xy)} > €} < 2 /EN, (16)

The generalization error bound via uniform stability is presented as follows.

‘UR:


http://www.up4sciences.org

Ontology optimization tactics via distance calculating 165

Theorem 4. Let .4 be a set of N randomly selected ontology samples and W_y be the ontology distance matrix
determined by (2). With probability at least 1 — 8, we have

12812M* In §
RW. ) =Ry (W) < ——r v 17
(W) =Ry (Wy) < "N +€\/2>, (17)
where
o= 128L2M +dngw, +16VINLMgw, + 1]l
h '

The method to proof Theorem 4 mainly followed by [16—19], we skip the detailed proof here.
3.2 Strong and weak stabilities

Naturally, the stability in uniform version is too restrictive for most learning algorithms, and only a small
number of literatures presented that standard ontology learning algorithms met the uniform stability directly,
most of these ontology learning algorithms were uncertain. Thus, we are inspired to consider the other “almost
everywhere stability” beyond uniform stability in our ontology setting. We define strong and weak stabilities for
our ontology framework which are also good measures to show how robust a ontology algorithm is. We assume
0 < 03,04 < 1 in this subsection.

Definition 3. (Strong Stability) Let A be our ontology algorithm whose output on an ontology training sample Z
is denoted by f;, and let / be an ontology loss function. Let 83 : N — R and s’ be the ontology sample set which
v; is replaced by v;. We say that ontology algorithm A has 33 loss stable with respect to ontology loss / if for all
nEN,v; eV,ie{l,---,n}, we have,

[1(fsr) = 1(fsi5 ) < B, (18)

We say that the ontology algorithm A has strong loss stability 5 if
P{A is 3 loss stable at s}>1-39. (19)

Definition 4. (Weak Stability) Let A be our ontology algorithm whose output on an ontology training sample Z
is denoted by f;, and let / be an ontology loss function. Let B4 : N — R. We say that our ontology algorithm A
has weak loss stability B, if foralln € N, i € {1,--- ,n}, we have

P{I(fs,) ~1(fy, )| < B} 2 1- 8.

We present the following lemma which is a fundamental for proving the results on strong and weak stability.

Lemma 5. (Kutin [22]) Let X1, -, Xy be independent random variables, each taking values in a set C. There
is a “bad” subset B C C, where P(xy,--- ,xy € B) = 8. Let ¢ : CN — R be such that for each k € {1,--- N},
there exists b > ¢y > 0 such that

/
sup |¢(X1,"' ,XN) —¢(X1,"' s Xk—15Xpy Xk4-15 7 ° ,)CN)| < Ck,
xl,-n,xNEC—B,x,:EC

!
sup | (x1,- - xn) — @ (X1, Xk 1, X, X157+ xN)| < D
x1,~--,xN€C,x;€C

Then for any € > 0,
N2b§
PO, Xo) ~E{90X1, -~ X)) > e} < 2B ¢ G2,
i=1Ck
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Lemma 6. (Kutin [22]) Let X, -+ ,Xy be independent random variables, each taking values in a set C. Let
¢o:CN >R be such that for each k € {1,--- N}, there satisfies two condition inequalities in Lemma 1 by
subsntutmg & for ci, and substituting e XN for 8. If 0 < € < ming T (b, A, K), and N > max; A(b, A, K, €),
then

P{IO(X1, - Xy) ~E{9(X1, - Xn)}| = e} < de N /OB,

2
T (b, A K) = mm{m" 4WE,T},

Alb, M K, €) = max{ xkf3( )(%%),%}.

The main result in this subsection is stated as follows.

Theorem 7. Let A be our ontology algorithm whose output on an ontology training sample Z is denoted by f;.
Let [ be an ontology loss function such that 0 < [(f,-) < E for all f and

— 2Bt 4gws [SﬁLMZ(\/gws + %165t — 16 111) + /gws + 1311651 ]11))
VTN

1) Let B3 such that our ontology algorithm A has strong loss stability (B3,061). Then for any 0 < 6 < 1, with
probability at least 1 — 8, we have

.

2(M*)2
8(M*)2 —4NZES,

RW_ )—Ry (W) <E+ \/8N(M*)21n

2) Let B such that our ontology algorithm A has weak loss stability (Bs,5,). And if

O<es min{MANM* In1/8,) : NZ(M*)z):n(%az) |2
and . » o |
N > max{ (M*) (M*)\/i 3( (1/32) ) (m +3)7E}‘

Then, for any 0 < & < 1, with probability at least 1 — &, we have

40N (M*)?)21n($)
v .

RW.y)—Ry(Wy)<Z+ \/

The method to proof Theorem 7 is mainly followed by [20,21], we skip the detailed proof here.

4 Experiments

In this section, we design five simulation experiments respectively concerning ontology measure and on-
tology mapping. In our experiment, we select the ontology loss function as the square loss. To make sure
the accuracy of the comparison, we ran our algorithm in C++ through available LAPACK and BLAS libraries
for linear algebra and operation computations. We implement five experiments on a double-core CPU with a
memory of 8GB.
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PO
plant anatomical entity plant structure development stage

T

plant anatomical plant structure portion of plant  fruit develo- plant tissue  seed develo- Trichome
space substance pment stage Jeyvelopment pment stage development
A A i / \ i ‘/l\‘\smﬂ‘\
anther axil H "’iCh.O' whole plant . ff’““ forma- f”"t “Pen's developing dry endosperm =, :
pore ¢ ¢ metip . ftionstage  ingstage ! seed stage Sced development 3
A l m stage stage
g . » 14 A
bract  branch leaf  pulticellular ¢ thallus Vascuwlar chalazal and functional primary
axil axil axil  richome tip : system micropylar domain specialization of the endosp;rm

establishment stage endosperm stage cell stage

Fig. 1 The Structure of “PO” Ontology.

Table 1 Tab. 1.The Experiment Results of Ontology Similarity measure

P@3 average P@5 average | P@10 average

precision ratio || precision ratio | precision ratio

Our Algorithm 0.5358 0.6517 0.8821
Algorithm in [12] 0.4549 0.5117 0.5859
Algorithm in [13] 0.4282 0.4849 0.5632
Algorithm in [14] 0.4831 0.5635 0.6871

4.1 Ontology similarity measure experiment on plant data

We use 01, a plant “PO” ontology in the first experiment. It was constructed in www.plantontology.org. We
use the structure of O; presented in Fig. 1. P@N (Precision Ratio see Craswell and Hawking [5]) to measure
the quality of the experiment data. At first, the closest N concepts for every vertex on the ontology graph in
plant field was given by experts. Then we gain the first N concepts for every vertex on ontology graph by our
algorithm, and compute the precision ratio.

Meanwhile, we apply ontology methods in [12], [13] and [14] to the “PO” ontology. Then after getting the
average precision ratio by means of these three algorithms, the results with our algorithm are compared. Parts
of the data can be referred to Table 1.

When N =3, 5 or 10, the precision ratio gained from our algorithms are a little bit higher than the precision
ratio determined by algorithms proposed in [12], [13] and [14]. Furthermore, the precision ratios show it tends
to increase apparently as N increases. As a result, our algorithms is proved to be better and more effective than
those raised by [12], [13] and [14].

4.2 Ontology mapping experiment on humanoid robotics data

“Humanoid robotics” ontologies O, and O3 are used in the second experiment. The structure of O, and O3
are respectively presented in Fig. 2 and Fig. 3. The leg joint structure of bionic walking device for six-legged
robot is presented by the ontology O,. The exoskeleton frame of a robot with wearable and power assisted lower
extremities is presented by the ontology Os.

V[
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Hip raise

joint \
Actuator attach

directly to body /v Upperleg segment
/ ///
/

Hip actuator —

™~

Knee joint
Knee actuator !

Lowerleg segment

l

Ball foot

Fig. 2 ‘Humanoid Robotics” Ontology O5.

Waistband
Electric motor

Force sensor

N

Bandage Electrical machinery

|

Shank link

|

Force transducer

|

Antiseptic dressing

N

Foot force sensor Frame feet

Fig. 3 “Humanoid Robotics” Ontology O3.
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Table 2 Tab. 2. The Experiment Results of Ontology Mapping

P@1 average P@3 average | P@5 average
precision ratio || precision ratio | precision ratio
Our Algorithm 0.2778 0.5000 0.7667
Algorithm in [24] 0.2778 0.4815 0.5444
Algorithm in [13] 0.2222 0.4074 0.4889
Algorithm in [14] 0.2778 0.4630 0.5333
GO

L T

Molecular function Biological process Cellular component

Signal transducer Chaperone Development Call growth and/o
process malntenance

Receptor associated l l\ﬁ

Receptor Signaling protein : :

protein
receptor Mating

Transmembrane photoreceptor

Pheromone processing
receptor

Fig. 4 The Structure of “GO” Ontology.

We set the experiment, aiming to get ontology mapping between O, and Oz. P@N Precision Ratio is taken as
a measure for the quality of experiment. After applying ontology algorithms in [24], [13] and [14] on “humanoid
robotics” ontology and getting the average precision ratio, the precision ratios gained from these three methods
are compared. Some results can refer to Table 2.

When N =1, 3 or 5, the precision ratios gained from our new ontology algorithm are higher than the
precision ratios determined by algorithms proposed in [24], [13] and [14]. Furthermore, the precision ratios
show they tend to increase apparently as N increases. As a result, our algorithms shows much more efficiency
than those raised by [24], [13] and [14].

4.3 Ontology similarity measure experiment on biology data

Gene “GO” ontology Oq is used in the third experiment, which was constructed in the website http: //www.
geneontology. We present the structure of Oy in Figure 4. Again, P@N is chosen as a measure for the quality
of the experiment data. Then we apply the ontology methods in [13], [14] and [25] to the “GO” ontology. Then
after getting the average precision ratio by means of these three algorithms, the results with our algorithm are
compared. Parts of the data can be referred to Table 3.

When N = 3, 5 or 10, the precision ratios gained from our ontology algorithms are higher than the precision
ratios determined by algorithms proposed in [13], [14] and [25]. Furthermore, the precision ratios show they
tend to increase apparently as N increases. As a result, our algorithms turn out to have more effectiveness than
those raised by [13], [14] and [25].
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Table 3 Tab. 3. The Experiment Results of Ontology Similarity measure

P@3 average P@5 average | P@10 average | P@20 average

precision ratio || precision ratio | precision ratio | precision ratio

Our Algorithm 0.4987 0.6364 0.7602 0.8546
Algorithm in [13] 0.4638 0.5348 0.6234 0.7459
Algorithm in [14] 0.4356 0.4938 0.5647 0.7194
Algorithm in [25] 0.4213 0.5183 0.6019 0.7239

Physics in Nature and Daily Life
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Various forms of Move& energv <— Energy <— Conservation of Energy

Thermal Ph- Mechanical Mecha  Electro Internal
Sound Light

enomenon Movement Energy Energ\ Energy
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; \ ‘ \ /w
ol new \ ‘ ‘

Materias
\, The Motion & Int-
Properties of matter eraction of Matter

Fig. 5 “Physics Education” Ontology Os.

4.4 Ontology mapping experiment on physics education data

“Physics education” ontologies Os and Og are used in the fourth experiment. We respectively present the
structures of Os and Og in Fig. 5 and Fig. 6.

We set the experiment, aiming to give ontology mapping between Os and Og. P@N precision ratio is taken
as a measure for the quality of the experiment. Ontology algorithms are applied in [13], [14] and [26] on
“physics education” ontology. The precision ratio gotten from the three methods is compared. Some results can
be referred to Table 4.

When N =1, 3 or 5, the precision ratio in terms of our new ontology mapping algorithms are much higher
than the precision ratio determined by algorithms proposed in [13], [14] and [26]. Furthermore, the precision
ratios show they tend to increase apparently as N increases. As a result, our algorithms shows more effectiveness
than those raised by [13], [14] and [26].

4.5 Ontology mapping experiment on university data

“University” ontologies 07 and Og are applied in the last experiment. We present the structures of O; and
Og in Fig. 7 and Fig. 8.
We set the experiment, aiming to give ontology mapping between O; and Og. P@N precision ratio is taken
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Fig. 6 “Physics Education” Ontology Og.
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Table 4 Tab. 4. The Experiment Results of Ontology Mapping

P@1 average P@3 average | P@5 average

precision ratio || precision ratio | precision ratio

Our Algorithm 0.6913 0.7556 0.9161
Algorithm in [13] 0.6129 0.7312 0.7935
Algorithm in [14] 0.6913 0.7556 0.8452
Algorithm in [26] 0.6774 0.7742 0.8968

CS ontology A

Courses people

Graduate underGraduate
courses courses student faculty

Software Data mining

engineerin,
s J Lecturer professor

graduate Associate

Undergraduate
Professor

Fig. 8 “University” Ontology Og.

Table 5 Tab. 5. The Experiment Results of Ontology Mapping

P@1 average || P@3 average | P@5 average

precision ratio || precision ratio | precision ratio

Our Algorithm 0.5714 0.6786 0.7714
Algorithm in [12] 0.5000 0.5952 0.6857
Algorithm in [13] 0.4286 0.5238 0.6071
Algorithm in [14] 0.5714 0.6429 0.6500

as a criterion to measure the quality of the experiment. Ontology algorithms are applied in [12], [13] and [14]
on “University” ontology. The precision ratios gotten from the three methods are compared. Some results can
be referred to Table 5.

When N = 1, 3 or 5, the precision ratios in terms of our new ontology mapping algorithms are much higher
than the precision ratios determined by algorithms proposed in [12], [13] and [14]. Furthermore, the precision
ratios show they tend to increase apparently as N increases. As a result, our algorithms turn out to have more
effectiveness than those raised by [12], [13] and [14].

‘UR:


http://www.up4sciences.org

Ontology optimization tactics via distance calculating 173

5 Conclusions

In this paper, the new ontology learning framework and its optimal approaches are manifested for ontology
similarity calculating and ontology mapping. The new ontology algorithm is based on distance function learning
tricks. Also, the stability analysis and generalized bounding computation of ontology learning algorithm are
presented. Finally, simulation data in five experiments show that our new ontology learning algorithm has high
efficiency in these engineering applications. The distance learning based ontology algorithm proposed in our
paper illustrates the promising application prospects for multiple disciplines.
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