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Abstract — In the field of information retrieval, ontology acts as an effective way to search the information that has highly semantic 
similarity of the original query concept, and return the results to the user. The relationship between different ontologies is created 
through ontology mapping, the essence of which is similarity computation. In this article, we present the sparse vector algorithms 
for ontology similarity measure and ontology mapping in terms of optimization frameworks. Proximal operator and proximal 
dividing technologies are used to determine the optimal solution. The simulation experimental results show that the new proposed 
algorithms have high efficiency and accuracy on ontology similarity measure and ontology mapping in multiple disciplines. 
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I. INTRODUCTION  

Ontology is a knowledge representation and conceptual 
shared model which has been used in image retrieval, 
knowledge management and information retrieval search 
extension. As an effective concept semantic model, ontology 
is also used in other disciplines except computer science, 
including social science, medical science, biology science, 
pharmacology science and geography science (for instance, 
see Przydzial et al., [1], Koehler et al., [2], Ivanovic and 
Budimac [3], Hristoskova et al., [4], and Kabir et al., [5]). 

In fact, the ontology model is a directed graph G=(V,E), 
each vertex v in an ontology graph G stands for a concept 
and each directed edge e=vivj on an ontology graph G stands 
for a relationship between concepts vi and vj. The ontology 
similarity measure aims to find a similarity function Sim: 

V×V    {0} through which each pair of vertices is 
mapped to a real number. The ontology mapping aims to 
bridge the link between two or more ontologies. Let G1 and 
G2 be two ontology graphs corresponding to ontology O1 
and O2 respectively. For each v  G1, determine a set 
SvV(G2) where the concepts is corresponding to vertices 
in Sv are semantic close to the concept correspond to v. 
There is one method to get such mapping, which is, for each 
vG1, computing the similarity S(v,vj) where vjV(G2) and 
choose a parameter 0<M<1. Then Sv is a collection such 
that the element in Sv meets S(v,vj)M. In this way, the key 
of ontology mapping is to get a similarity function S and 
select a suitable parameter M.  

In the past few years, ontology similarity-based 
technologies were used in various applications. On the basis 
of technology for stable semantic measurement, Ma et al., 

[6] presented a graph derivation representation based trick 
for stable semantic measurement. An ontology 
representation method was pointed by Li et al., [7], and it 
can be used for online shopping customers knowledge in 
enterprise information. Santodomingo et al., [8] reported a 
creative ontology matching system. The complex 
correspondences are presented by processing expert 
knowledge from external domain ontologies and in terms of 
using novel matching tricks. Pizzuti et al., [9] described the 
main features of the food ontology and some examples of 
application for traceability purposes. Lasierra et al., [10] 
proposed that ontologies are quite useful in designing an 
architecture for taking care of patients at home. 

For ontology similarity measure and ontology mapping, 
there have several effective learning tricks. Wang et al., 
[11] proposed to learn a score function which mapping each 
vertex to a real number, and the similarity between two 
vertices can be measured according to the difference of real 
number they correspond to. Huang et al., [12] presented fast 
ontology algorithm for calculating the ontology similarity in 
a short time. Gao and Liang [13] raised that the optimal 
ontology function can be determined by optimizing NDCG 
measure, and applied such idea in physics education. Gao 
and Gao [14] deduced the ontology function using the 
regression approach. Huang et al., [15] obtained ontology 
similarity function based on half transductive learning. Gao 
et al., [16] presented new ontology mapping algorithm 
using harmonic analysis and diffusion regularization on 
hypergraph. Gao and Shi [17] proposed new ontology 
similarity computation technology such that the new 
calculation model consider operational cost in the real 
implement. Very recently, Gao and Xu [18] presented the 
ontology similarity measuring and ontology mapping 
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algorithms based on minimum error entropy criterion. 
Several theoretical analysis of ontology algorithm cans refer 
to Gao et. al., [19], Gao and Xu [20], Gao and Zhu [21] and 
Gao et. al., [22]. 

In this paper, we present the new ontology similarity 
computation and ontology mapping algorithms based on 
sparse vector learning tricks. By means of the sparse vector, 
the ontology graph is mapped into a real line and vertices 
are mapped into real numbers. Then the similarity between 
vertices is measured by the difference between their 
corresponding real numbers. The rest of the paper is 
arranged as follows: we present the notations and setting in 
Section 2; two ontology optimization algorithms and 
iterative strategies are raised in Section 3; at last, the 
experiments on multiple disciples are designed to show the 
efficiency of the algorithm. 

II. SETTING 

Let V be instance space. For each vertex in ontology 
graph, its information (including its name, instance, 
attribute, structure, and semantic information of the concept 
which is corresponding to the vertex and that is contained in 
name and attribute components of its vector) is expressed 

by a p dimension vector. Let v= 1{ , , }pv v  be a vector 

corresponding to a vertex v. In order to facilitate the 
representation, we slightly confuse the notations and use v 
to denote both the ontology vertex and its corresponding 
vector. The ontology learning algorithms aim to get an 
optimal ontology (score) function f: V , the similarity 
between two vertices is judged by the difference between 
two real numbers which they correspond to. The essence of 
this algorithm is dimensionality reduction, i.e., use one 
dimension vector to express p dimension vector. 
Specifically, an ontology function f is a dimensionality 

reduction function f: p  . 

Since the vector which corresponds to a vertex of 
ontology graph contains all the information of the vertex 
concept, attribute and the neighborhood structure in the 
ontology graph, it’s always with high dimension. For 
instance, in the biological ontology, a vector may contain 
the information of all genes. In addition, ontology graph 
with large number of vertices makes ontology structure 
very complicated, and the most typical example is the GIS 
(Geographic Information System) ontology. These factors 
may led to the fact that the similarity calculation of 
ontology application is very large. But in fact, the similarity 
between the vertices is determined by small part of the 
vector components. For example, in the application of 
biological ontology, a genetic disease often results from a 
small number of genes, leaving most of the other genes 
irrelevant. Furthermore, in the application of geographic 
information system ontology, if an accident happens in a 
place and causes casualties, then we need to find the nearest 
hospital ignoring schools and shops nearby, i.e., we just 
need to find neighborhood information that meet specific 
requirements on the ontology graph. Therefore, tremendous 

academic and industrial interests are attracted to research 
the sparse ontology algorithm. 

In the practice implement, one sparse ontology function 
is expressed by 

 ( )f v =
1

p

i i
i

v  


 .                                                (1) 

Here β = 1( , , )p   is a sparse vector and   is a noise 

term. The sparse vector β  is to shrink irrelevant 
component to zero. To determine the ontology function f, 
we should learn the sparse vector β  first. 

One popular model with the penalize term via the 1l -

norm of the unknown sparse vector β  p : 

Yβ =
1

( )l β β    0  .                     

(2) 

Here,  > 0 is a regularization parameter (or, balance 
parameter) and l is the principal function (in many articles, 
it called loss function) to measure the quality of β . The 

balance term
1

 β  is used to measure the sparsityof 

sparse vector β . On the selection of the balance parameter 

 , readers can refer to Mancinelli et al., [23], Zhu et al., 
[24], Mukhopadhyay and  Bhattacharya [25], Ishibuchi and 
Nojima [26], Zhang et al., [27] and Varmuza et al., [28] for 
more details about the method of cross-validation. The 

target sparse vector is obtained by minimizingYβ . 

A general structural ontology learning framework is 
given by: 

Y = ( ) ( )l gβ β                                                     (3) 

where ( )l   is a loss function, which is always supposed to 

be convex with respect to  , and ( )g   is a convex balance 
function.  

For q 1, the ql -norm of a vector x in n  is denoted 

by 
q

x = 1/

1
( )

n q q
ii

x
 , where ix  is the i-th coordinate 

of v, and 


x = lim
qq

x =
1, ,

max i
i n

v


. The 0l -pseudo-

norm is defined by the number of nonzero components in a 

vector, i.e.,  
0

x =
10

lim ( )
qn

iiq
x

 
 = { : 0}ii x  . 

Furthermore, the Frobenius norm of a matrix V  m n is 

denoted by 
F

V =
1

2 2

1 1

( )
m n

ij
i j

V
 
 , where ijV  is the entry of 
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V in i-th row and j-th column. Let ( )y  = max( ,0)y  for a 

scalar y. 

We consider the solution of ontology problem (3) in the 
following setting: loss function l is differentiable with 

Lipschitz-continuous gradient, and g  is a sum of l -

norms or 2l -norms since the l -norm is piecewise linear 

by its definition. 

III.  MAIN ONTOLOGY ALGORITHMS  

In this section, we present our main ontology sparse 
vector learning algorithms for ontology similarity 
measuring and ontology mapping. First, we manifest the 
standard proximal settings and the definition of proximal 
operator; then our model can be calculated via ontology 
flow problem, thus we propose our first ontology sparse 
vector learning algorithm based on the proximal operator 
and optimal of corresponding ontology flow problem in the 
third part; as a supplement of the first algorithm, the dual 
norm can be determined efficiently, which enables us to 
deduce the duality gaps of ontology optimization problem; 
in the last part of this section, we derive our second main 
ontology optimization algorithm by virtue of the proximal 
dividing technology. 

A. Proximal Technology 

In this part, the ontology optimization model is mainly 
followed by proximal technologies which have been widely 
used in Baingana et al., [29], Chao and Cheng [30], Xiao 
and Zhang [31], Beck and Teboulle [32], and Zhang et al., 
[33]. The gradient-based proximal tricks are stated by  

min ( ) ( ) ( ) ( )
p
l l g


   

β
β β β β β   2

22

L
 β β      

(4) 

here positive L is a upper bound on the Lipschitz constant 
of l . Moreover, (4) can be rewritten as: 

2

2

1 1
min ( ) ( )

2 2p
l g

L




   
β

β β β β  .                             

(5) 

The proximal operator has been introduced by Moreau 

[34]. It is denote by prox g  with balance term g , which 

is the operator that maps a vector u  p  to the unique 
solution of 

2

2

1
min ( )

2p
g


 

β
u β β .                                         

(6) 

If ( )g β = 
1

β , then for each i{1,…,p}, the proximal 

operator can be expressed as  

iu  sign( )( )i i  u u =
0                            if 

sign( )( )  otherwise

i

i i

u 



 


 u u
. 

If ( )g u =
2h

h
 u where   is a partition of {1,…, p}, 

then for any h  the proximal operator can be denoted 
by  

hu 
2

[ ]h h 
u u =

2

2

2

0                        if 

     otherwise

h

h
h

h





 






u

u
u

u

 

where 
2

   is the orthogonal map onto the  - radius 

ball of the 2l -norm. Furthermore, if ( )g u = hh  u , 

then for any h  the proximal operator can be similarly 
denoted by 

hu 
1

[ ]h hu
 

 u  

where 
1
  is the orthogonal map onto the  - radius 1l -

ball.  

Let ξ = ( )h
hξ  p

, and h
i  be the i-th 

coordinate of gξ . Fixed u  p , each solution 
*ξ = *( )h

hξ  of the optimal problem 

2

2

1
min

2p

h

h  

u ξ  s.t. h  , 

1

hξ   , and 0h
i   if i  h.                     

(7) 

meets *β  = *h

h




u , where *β is the solution of (6) 

such that g is a weighted sum of l -norms. In terms of this 

fact, we focus on the model (7) for our ontology problem.  

In what follows, we assume the entries of   and scalars 

ju are non-negative. Then we associate our ontology 

problem with the ontology graph flow problem. 

B. Ontology Graph Flow 

For an ontology graph, we set the top vertex as a source 
vertex denoted by s, and add a sink vertex denoted by t 
which connects with all the leaf vertices in the ontology 
graph.  Then the new ontology graph is denoted by 

'G =(V,E, s, t). For all directed edges in E, we assign a 
non-negative capacity number, and a flow in ontology 
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graph is exactly a non-negative function on directed edges 
such that capacity restrictions on all directed edges and 
conservation restrictions on all vertices except for the 
source and the sink. The real-valued cost function for each 
directed edge eE relies on the value of the flow on e.  

Let   {1,…, p} be a set of collections, and ( )h h   

be positive weights. Let G=(V,E) be an ontology graph, its 

associated ontology graph *G =(V,E, s, t) is uniquely 

denoted as follows: V = u hrV V  where uV  is a vertex set 

with order p and one vertex being connected with each 

index i{1,…,p}, and hrV  is a vertex set with order  , 

one vertex per collection h   . Hence, we have 

V =  +p. In what follows, we identify indices i{1,…, 

p} and collections h   with vertices in the ontology 
graph, and thus we can refer to “vertex i” or “vertex h”; for 
each collection h  , E includes a directed edge (s,h) and 

these directed edges with capacity h  and zero cost; for 

each collection h  , and each index i in h, E includes a 
directed edge (h, i) with infinite capacity and zero cost, and 

we use h
i  to denote the flow on this directed edge; for 

each index i{1,…, p},  let i  be the flow on (i, t), E 

contains a directed edge (i,t) cost 2( ) / 2j ju  and   

capacity. 

As the flows h
j  associated with *G , the optimization 

problem (9) can be expressed as 

2

, 1

1
min ( )

2p p

p

i i
i 



  

 u  s.t.  = h

h



  and for 

any h ,   and supp( )h h
i h

i h

h  


  .           

(8) 

Hence, finding a flow minimizing the sum of the costs 
on ontology associated graph is equivalent to solving 
problem (7).  

C.  Computation of Proximal Operator  

Since  = h

h



  is the only value for calculating the 

solution of β  = u ξ , we should first search the 

candidate value  (it implies the lower bound 

2

2

2

u γ
 for 

the optimal cost of ontology problem (8).) for  by solving 
the relaxed version of problem (8) stated as follows: 

21
arg min ( )

2p
u

i i
i V

u



 

  s.t. 
u

i
i V



 

hr

h
h V

 

 .          

(9) 

Let F be the function for computing the flow. Our main 
algorithm then is stated below in view of the computation 
of proximal operator. 

Algorithm 1. Calculating the proximal operator for 
collections. 

Input u p , a set of collections  , positive weights 

( )h h  , and positive balance parameter  .  

Step1. Constructing the initial ontology associated graph 
*
0G  = 0 0( , , , )V E s t  . 

Step 2. Calculating the optimal flow:    F( 0V , 0E ) 

and return optimal solution of the proximal problem as β  

= u  . 

The function F( V= u grV V ,E) in step 2 is described 

below: 

Step 1.   21
argmin ( )

2
u

i i
i V

u





   

s.t. 
u hr

i h
i V h V

  
 

  . 

Step 2. For all vertices i uV , set i  to be the capacity 

of the directed edge (i, t). 

Step 3. Update ( )
ui i V   by determining a max flow on 

the ontology associated graph (V,E, s, t). 

Step 4. if there exists ui V  s.t. i i   then set (s,V  ) 

and (V  , t) the two dis-joint subsets of (V, s, t) divided by 
the minimum (s, t)-cut of the ontology associated graph, 

and delete the directed edges between V   and V  . Let 

E  and E  be the rest two of disjoint subsets of E 
corresponding to V+ and V−. Then, 

( )
u

i i V
 

  F(V+, E ),  

( )
u

i i V
 

F(V  , E ). 

End if 

Step 5. Return: ( )
ui i V  . 
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D. Determine the Dual Norm 

For any vector   p  , the dual norm *g of g  is 
defined by 

*( )g  = T

( ) 1
max
g z

z κ . 

Let *l  be the Fenchel conjugate of loss function l which 

is stated by  *( )l κ = Tsup[ ( )]l
z

z κ z . The duality gap for 

ontology problem (3) can be obtained by the standard 
Fenchel duality theory (see Liu and Liu [35], Bot and 
Heinrich [36], Sun [37], and Wang et al., [38] for more details) 
and it is equal to 

*( ) ( ) ( )l l   β β κ . 

Thus, we should determine efficiently *g for evaluating 
the duality gap and find a feasible dual variable κ . This 
boils down to discussing another ontology flow problem, 
relied on the following variational expression: 

*( )g κ = min
p



  s.t. h

h




 κ , and for any h  , 

we have  

1

h
h   with h

i =0 if i h                             (10)  

In the ontology problem (10), the capacities on the 

directed edges (s,h), h  , are set to h , and the 

capacities on the directed edges (i, t), i{1,…, p}, are fixed 

to iκ . We need to search the smallest value of t to solve 

problem (10), such that there exists a flow beginning all the 

capacities iκ  on the directed edges leading to the sink t. 

Let DN be the function to get the dual norm. Then, we 
describe the algorithm for determining the dual norm.  

Algorithm 2. Calculating the dual norm. 

Input κ  p , a set of collections  , positive 

weights ( )h h  . 

Step 1. Constructing the initial ontology associated 

graph *
0G = 0 0( , , , )V E s t  

Step 2.  DN ( 0 0,V E ). 

Step 3: Return value of the dual norm  . 

  Here function DN is presented as follows: 

DN(V = u grV V ,E) 

Step 1.     u

hr

j
j V

h
h V











and set the capacities of directed 

edges (s,h)  to h  for any h hrV . 

Step 2. Update ( )
ui i V   by computing a max-flow on 

the ontology associated graph ( , , , )V E s t . 

Step 3. If there exists ui V , s.t. i i   then 

set ( , )V E   and ( , )V E   as in Algorithm 1, and assign 

   DN ( , )V E  .  

Step 4. Return:  . 

   This algorithm give the support of algorithm 1 such 
that the duality gaps for ontology optimization model can 
be determined efficiently. 

E. Proximal Tricks for ontology Optimization 

We now present proximal dividing methods for our 
ontology problem (3) which gives us another way to 
optimal the ontology sparse learning problem. Assume that 

l  can be expressed as ( )l β =
1

( )
n

ii
l

 β , where the 

functions il
  satisfies that prox

il 
 can be deduced in closed 

form for any positive  and any i—that is, for any u in 
m , the following problems allows closed form solutions: 

2

2

1
min ( )

2m i
v

l


u - x x ; or l  can be formulated as 

( )l β = ( )l Vβ  for any β  p . 

For each collection h    , we introduce additional 

variables hz   
. Thus, (3) can be further expressed as 

,  for 
min ( )

p h

h
h

z h h

l  
   

 
β

β z  

s.t. h  , h
hz β .                     

(11) 

To solve this problem, we use the technology of 
alternating direction (see Chen et al., [39], Boglaev [40], Sulc  
et al., [41], Bnouhachem and Ansari [42] and Tay and  Tan [43] 

for more details). For each h  , hx  
 is the dual 

variables. Assume augmented Lagrangian 

( , ( ) , ( ) )h h
h hv  β z = ( )l β  

2T

2
[ ( ) ( ) z ]

2
h h h h

h h h
h




    z v z β β  
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is dual variables with positive balance parameter . To 
solve Equation (11), we need to search a saddle point of the 
augmented Lagrangian, and it can be implemented by  
iterative computation stated as follows:  

Algorithm 3. Ontology sparse vector learning based on 
proximal dividing 

Step 1. Minimize   regarding to β  and other 
variables should keep fixed. 

Step 2. Minimize   regarding to hz , and other 
variables should keep fixed. The solution can be obtained in 

closed form: for any h  , hz  
1

prox [ ]
h

h
h

 
β v . 

Step 3. Take a gradient ascent step on   regarding with 

the hv : hv   ( )h h
h v z β   . 

Step 4. go back to step 1. 

IV. EXPERIMENTS 

In this section, four simulation experiments related to 
ontology similarity measure and ontology mapping are 
designed below. In order to adjacent to the setting of 
ontology algorithm, we use a vector with p dimension to 
express each vertex’s information. Such vector contains the 
information of name, instance, attribute and structure of 
vertex. Here the instance of vertex refers to the set of its 

reachable vertex in the directed (or, undirected) ontology 
graph.  

In the following four experiment, we verify the 
effectiveness of main ontology algorithms (Algorithm 1 and 
Algorithm 3) in our paper. We check the availability of 
Algorithm 1 in our first and second experiments, and 
inspect Algorithm 3 in our third and fourth experiments. 
After getting the sparse vector β , the ontology function 

then is derived by  ( )f v =
1

p

i ii
v 

 . 

A. Experiment on Biology Data 

“Go” ontology O1 which was constructed in http: 
//www. geneontology. org. is used for our experiment. We 
use P@N (Precision Ratio, see Craswell and Hawking [44] 
for more detail) to measure the equality of the experiment. 
At first, the closest N concepts for every vertex on the 
ontology graph are to be given by experts, and then we get 
the first N concepts for every vertex on ontology graph by 
the Algorithm 1 and compute the precision ratio.  

Ontology algorithms in Huang et al., [12], Gao and 
Liang [13] and Gao and Gao [14] are applied to “Go” 
ontology. In the end, we compare the precision ratio which 
we have obtained from the four methods. Several 
experiment results can be referred to Tab. 1.  

TABLE 1. THE EXPERIMENT DATA FOR ONTOLOGY SIMILAIRTY MEASURE 

 P@3 average 
precision ratio 

P@5 average 
precision ratio 

P@10 average 
precision ratio 

P@20 
average 

precision ratio 

Algorithm 1 47.43% 56.16% 64.75% 85.74% 

Algorithm in [12] 46.38% 53.48% 62.34% 74.59% 

Algorithm in [13] 43.56% 49.38% 56.47% 71.94% 

Algorithm in [14] 42.13% 51.83% 60.19% 72.39% 

 

As N= 3, 5, 10 or 20, the precision ratio by means of 
Algorithm 1 is higher than that determined by algorithms 
which has been pointed out in Huang et al., [12], Gao and 
Liang [13] and Gao and Gao [14]. Particularly, such 
precision ratios are increasing obviously along with N 
increasing. Hence, the Algorithm 1 used in our paper is 
superior to the method presented by Huang et al., [12], Gao 
and Liang [13] and Gao and Gao [14].  

B. Experiment on Physical Education Data 

Physical education ontologies O2 and O3 (the structures 
of O2 and O3 can refer to [13] for more details) are chosen 
for our second experiment. This experiment aims at 

determining the ontology mapping between O2 and O3 via 
sparse ontology Algorithm 2. P@N criterion is applied to 
measure the equality of the experiment. At first, with the 
help of experts, the closest N concepts for each vertex on 
the ontology graph are obtained. Then we obtain the first N 
concepts for every vertex on ontology graph by means of 
the Algorithm 1 and compute the precision ratio. 

At the same time, ontology algorithms in Huang et al., 
[12], Gao and Liang [13] and Gao et al., [16] are applied to 
“physical education” ontology. In the end, we compare the 
precision ratio that we have got from four methods. Several 
experiment results can be referred to Tab. 2.  

TABLE 2. THE EXPERIMENT DATA FOR ONTOLOGY MAPPING 
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 P@1 average 
precision ratio 

P@3 average 
precision ratio 

P@5 average 
precision ratio 

Algorithm 1 70.97% 81.72% 92.90% 

Algorithm in [12] 61.29% 73.12% 79.35% 

Algorithm in [13] 69.13% 75.56% 84.52% 

Algorithm in [16] 67.74% 77.42% 89.68% 

 

From the experiment results in Table 2, we find it more 
efficient to use Algorithm 1 than algorithms proposed in 
Huang et al., [12], Gao and Liang [13] and Gao et al., [16], 
especially in the situation where N is sufficiently large.  

C. Experiment on Plant Data 

In this subsection, we use “PO” ontology O4 which was 
constructed in http: //www.plantontology.org. To test the 

efficiency of Algorithm 3 for ontology similarity 
measuring. Similarly, we choose the P@N standard once 
more for this experiment. Moreover, the ontology method 
in Wang et al., [11], Huang et al., [12] and Gao and Liang 
[13] is employed to the “PO” ontology. In the end, we 
compute the accuracy by the three algorithms and compare 
the results with Algorithm 3. Part of the data can be referred 
to Table 3. 

TABLE 3. THE EXPERIMENT DATA FOR ONTOLOGY SIMILAIRTY MEASURE 

 P@3 average
precision ratio 

P@5 
average 
precision ratio 

P@10 
average 
precision ratio 

Algorithm 3 48.66% 57.80% 72.82% 

Algorithm in [11] 45.49% 51.17% 58.59% 

Algorithm in [12] 42.82% 48.49% 56.32% 

Algorithm in [13] 48.31% 56.35% 68.71% 

 

As N= 3, 5, or 10, the precision ratio in terms of 
Algorithm 3 is higher than that determined by algorithms 
which has been raised in Wang et al., [11], Huang et al., 
[12] and Gao and Liang [13]. Particularly, such precision 
ratios are increasing obviously along with N increasing. 
Hence, the Algorithm 3 is superior to the method that has 
been raised by Wang et al., [11], Huang et al., [12] and Gao 
and Liang [13].  

D. Experiment on University Data 

We choose “University” ontologies O5 and O6 for our 

last experiment, and the structures of O5 and O6 can refer 
to [45] for more details. This experiment aims at 
determining ontology mapping between O5 and O6 via 
our sparse ontology Algorithm 3. We use P@N criterion 
to measure the equality of the experiment. Ontology 
algorithms in Wang et al., [11], Huang et al., [12]  and Gao 
and Liang [13] are chosen to be applied to “University” 
ontologies. In the end, we compare the precision ratio 
which we have got from four methods. Several 
experiment results can be referred to Table 4.  

TABLE 4. THE EXPERIMENT DATA FOR ONTOLOGY MAPPING 

 P@1 average 
precision ratio 

P@3 
average 
precision ratio 

P@5 average 
precision ratio 

Algorithm 3 39.29% 59.52% 75.71% 

Algorithm in [11] 28.57% 51.19% 60.71% 

Algorithm in [12] 28.57% 42.86% 48.57% 

Algorithm in [13] 32.14% 54.76% 65.00% 

 

From the experiment results in Table 4, we find it more 
efficient to use Algorithm 3 than algorithms proposed in 

Wang et al., [11], Huang et al., [12] and Gao and Liang [13] 
especially in the situation where N is sufficiently large. 
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V. CONCLUSIONS 

As a data structural representation and storage model, 
ontology has been widely used in various fields and proved 
to have high efficiency. The core of ontology algorithms is 
obtaining the similarity measure between vertices on given 
ontology graph. In recent years, various learning methods 
have been employed for ontology similarity measure and 
ontology mapping. One learning approach is mapping each 
vertex to a real number, and the similarity is judged by the 
difference between the real numbers which the vertices 
correspond to. The sparse ontology algorithm is suitable for 
ontology computation with big data and arouses the great 
concern among the researchers.  

In this paper, a new computation technology is presented 
for ontology similarity measure and ontology mapping 
application. The tricks are based on the proximal operator 
and proximal dividing technology. At last, simulation data 
shows that our new algorithm has high efficiency in 
biology, physics education, plant science and university 
applications. The ontology sparse algorithm raised in our 
paper illustrates the promising application prospects for 
multiple disciplines. 
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