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Abstract

In this article, a hybrid heuristic algorithm is proposed to solve the Traveling Salesman Prob-
lem (TSP). This algorithm combines two main metaheuristics: optimization of multi-colony ant
colonies (MACO) and Lin-Kernighan-Helsgaun (LKH). The proposed hybrid approach (MACO-
LKH) is a so-called insertion and relay hybridization. It brings two major innovations: The first
consists in replacing the static visibility function used in the MACO heuristic by the dynamic vis-
ibility function used in LKH. This has the consequence of avoiding long paths and favoring the
choice of the shortest paths more quickly. Hence the term insertion hybridization. The second
innovation consists in modifying the pheromone update strategy of MACO by that of the dynamic
A-opt mechanisms of LKH in order to optimize the solutions generated and save in execution time,
hence the relay hybridization. The significance of the hybridization, is examined and validated on
benchmark instances including small, medium, and large instance problems taken from the TSPIib
library. The results are compared to four other state-of-the-art metaheuristic approaches. It results
in that they are significantly outperformed by the proposed algorithm in terms of the quality of
solutions obtained and execution time.
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I INTRODUCTION

The field of distribution or collection of goods, logistics face optimization problems like the fa-
mous Traveling Salesman Problem (TSP). The TSP is a problem in combinatorial optimization
studied in Operations Research, computational mathematics, and artificial intelligence. The
Traveling Salesman Problem particularly attracts the attention of many researchers in recent
years. Indeed, the search for exact or optimal cost to TSP remains a challenge for scientific
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community. To date, we note that several works have already been subject of intense research
related to the TSP. Among these works, we note the efficiency of heuristics and metaheuristics
for the resolution of this combinatorial optimization problem and other NP-difficult problems.
In litterature, we find heuristics and metaheuristics such as Ants Colony Optitmization (ACO)
which are capable of solving small instances of TSP. Despite these advances, the TSP remains
difficult to solve when the size of the instances increase. It is a trend to combine ACO with
other algorithms to solve very large scale of the traveling salesman problem. With the concept
of hybridization that we adopt for this work, the exploitation of several resolution techniques
is a new opportunity offered to researchers in the field. In this paper, we present a new hybrid
model of ACO with multiple colonies by LKH. Our aims is to use the insertion and parallel
hybridization that we explain below, to hybridize the ACO heuristic with the LKH heuristic in
order to decrease the computation time of the sequential MACO heuristic and to a certain extent
improve the quality of the solutions obtained in the TSP resolution. We opted for insertion hy-
bridization because it is new and efficient. The rest of the work is organized as follows: Section
I provides a state of the art of TSP resolution methods. We also briefly give a formulation of
the traveling salesman problem. Section II presents in a detailed manner, the meta-heuristics
used in the paper framework. Section III is devoted to the study of hybrid methods. It gives an
overview of the different types of hybridization and emphasizes above all the type of hybridiza-
tion we used: insertion hybridization and parallel hybridization. And finally section I'V presents
the hybrid approach MACO-LKH the tests and the results obtained. We conclude our work by
summarizing the main results obtained and giving new perspectives on the basis of the work
carried out.

I PROBLEM STATEMENT

The Traveling Salesman Problem (TSP) is defined as follows: given n city and the distances
between each city, find a path of minimum total length that passes exactly once through each
city and returns to the starting city [1, 10]. The distance can also be seen as the cost in general.
This combinatorial optimization problem, therefore, consists in searching for the best solution
among several possible choices. However, it is easy to state but difficult to solve [10]. The
problem is to determine a turn or hamiltonian circuit: passing once and only once through the
n city, and that is of minimum cost. It is classified as a NP-difficult problem [1, 2], because
there is no known method of resolution that provides exact solutions in reasonable time for large
instances (large number of city) of the problem.

2.1 Mathematical formulation of the TSP

Mathematically, the Traveling Salesman Problem can be formulated as follows: Let n city and
Cij, the cost or distance corresponding to the trip ¢ — j. Let the variable X;;, which is 1 if the
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tour contains the trip ¢« — 7, and 0 otherwise. The problem is written as [6]:

(( MinZ =3, 2?21 Cij Xij

Yo X =1 Vi
! > Xig=1Vj W
Z?e@ Z?GQ Xij 21 VQ

L X;; € {0,1}Vi,Vj

(1) Each vertex i can only accept one outgoing arc towards another top j.

(2) Each vertex j can only accept one arc entering from another vertex i.

(3) In any subset Q of vertices, select | Q | bows would allow to form hamiltonian circuit.

2.2 TSP Applications

Globally, the TSP provides an example of a study of an NP-complete problem whose solu-
tion methods can be applied to other discrete mathematics problems. It has several real life
applications even in its purest formulation, such as planning, manufacture of microchips, trans-
portation, networks, computer wiring, vehicle routing, job-shop scheduling and logistics. For
example, to find the shortest route for school bus or, in industry, to find the shortest distance
that the mechanical arm of a machine must travel to drill holes in a printed circuit board.

III STATE OF THE ART

The problem has since attracted many researchers and thousands of different approaches and al-
gorithms have been developed. In this section, we will focus on hybrid methods. Hybridization
is a trend observed in much work done on metaheuristics in recent years to solve TSP. It allows
to take advantage of the one to fill what is seen as a limit in the other. In literature there are
two classes of hybridizations: on the one hand we have hybridization between metaheuristics
and exact methods. This is the case of Cotta[14] which proposes a hybridization between a
genetic algorithm and the exact Branch and Bound method to replace the recombination opera-
tor. Jahira [17] proposes a hybrid algorithm between the genetic algorithm and the Branch and
Bound method to solve the traveling salesman problem.

In the same vein, Chabrier [16] hybridized a local search with a Branch and Price algorithm
to solve the problem of vehicle routing [14]. The execution of algorithms is carried out in
parallel while keeping communication between the methods. Muller, and Yang [23] integrated
the memetic ACO algorithm with local search operators to improve solutions in the population.
They apply these local search operators to the best solution found in the population in order to
possibly improve this solution. A similar idea is used in this article, but instead of local search
operators, LKH is used.
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On the other hand, we have the hybridization between metaheuristics and metaheuristics. Among
the works carried out in this direction, we have that of Martin and Otto [17] who inserted the
descent method in a simulated annealing algorithm to solve the traveling salesman problem.
This type of hybridization is referred to as low-level relay hybridization in which another al-
gorithm is incorporated to form a new algorithm. Stutzle and Hoos [18] incorporate a local
search function in an ant colony algorithm to solve the traveling salesman problem. This low-
level co-evolutionary hybridization consists of incorporating one or more single solution-based
metaheuristics into a solution population metaheuristic. The advantage of this type of hybridiza-
tion is that it compensates for the operating power of a local search and that exploration of a
global search. Fotso Laure [3] propose two new hybrid heuristics for the TSP. The first between
Genetic (AG) and heuristic (LK) algorithm and the second between the ant colony algorithm
(ACS) and heuristics (LK). The heuristics obtained were called respectively AG-LK and ACS-
LK [1]. These authors use a single colony. The results of this experiment have sufficiently
demonstrated the effectiveness of these hybrid approaches on several instances of TSP [3]. Un-
fortunately the solution time resulting from this experience remains enormous. To improve the
efficiency of the hybrid heuristics proposed by Fotso, Nguimeya, and al implemented two new
hybrid heuristics for the TSP. The first between a Genetic algorithm (AG) and heuristics (LKH)
which is an improvement of LK by Helsgaun[2] and the second between the ant colony algo-
rithm (ACS) and heuristics (LKH). The heuristics obtained were called respectively "AG-LKH"
and "ACS-LKH". The hybridization strategies differ from one author to another [1].

IV PRESENTATION OF SOME HEURISTICS AND META-HEURISTICS USED TO
SOLVE THE TSP

Metaheuristics are a family of stochastic methods which consist in solving optimization prob-
lems. One of the advantages of these is their ability to optimize a problem from a minimum
amount of information, however they do not offer any guarantee as to the optimality of the
best solution found. Metaheuristics are gaining more and more popularity and are constantly
evolving. As a result, we can note a large number of metaheuristics that currently exist.

4.1 Ant colony algorithm

This metaheuristic is inspired by collective depositing and tracking behaviors observed in ant
colonies [20]. In fact, ants communicate with each other indirectly by depositing chemical
substances, called pheromones, on the ground. This type of indirect communication is called
stigmergy. Indeed, if an obstacle is introduced on the path of the ants, the latter will, after a
search phase, all tend to take the shortest path between the nest and the obstacle. The higher
the pheromone level in a given location, the more likely ant will be attracted to that area. The
ants that reached the nest the fastest through the food source were those that took the shortest
branch of the route.

This is a new version of ACO that we developed in a previous work [19] and that we use in this
work as a starting algorithm for the design of our hybrid algorithm.

Step 1: Construction of the path by each ant (Solution)

Initially (at time t = 0), the algorithm positions m ants on n city and the intensity of the trace for
all pairs of city (i,j) is set to a small positive value T, in the pheromone matrix. A taboo list is
maintained to ensure that a citie cannot be visited twice during the same round. Each ant k will
therefore have its own list of Vk-tabou city which will keep in memory the city already visited.
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During one iteration of the algorithm, several ants take turns visiting a sequence of city. A cycle
(N,) is completed when the last of the m ants has completed its construction.

After the initialization phase, starting from this sequence of city already visited, within the
different colonies, the ants move this time on the different nodes of the graph according to
a probability and therefore the equation is that of formula (1). It allows colonies to favor the
shortest paths during the different iterations. During a round, each ant k of a colony L records in
its tabu list (memory) the list of city already visited. The probabilistic formula for the selection
of a node by the ant k of colony L is defined by the expression of p Zl (2).

kJ(t) - { i Plig (112 if7 € vy, 0 else 2)

V2% T\ Suevk, i) i ()]

Where vy, represents the set of nodes or city not visited by ants from colony L.

Step 2: pheromone deposit

When ant moves from city i to city j, it leaves a certain amount of pheromone (value) on the arc
(1,j). A matrix which is the pheromone matrix records information about the use of the arc (i,j).
At each step of the turn this matrix is updated so that the more this use has been important in the
past, the greater the likelihood that these bows will be used again in the future. The evolution
of the update equation is as follows:

Tij (t -+ 1) = PTij (t) + ATij (3)
The evaporation equation of the pheromone matrix is described by the formula
Tii(t+1) = (1 = p)7;(t) “4)

The inverse of the distance between city 7;; = CLJ called visibility is static information used to

guide the choice of ants to nearby city and avoid too many city. The « and  parameters are used
to determine materiality of the intensity of the trace and of the visibility in the construction of a
solution. This is based on a compromise between visibility (7;;) and the quantity of pheromone
(t;;) present between i and j at cycle t. These parameters are the same as those used in OCF [2].

4.2 Procedure of Lin and Kernighan (LK)

4.2.1 The basic algorithm

The K- opt algorithm is based on the K- Optimality concept:

Definition: A visit is said to be k optimal (or simply k - Opt) if it is impossible to get a shorter
visit by replacing k links with any other set of k links [17]. From this definition, it is obvious
that every optimal k-visit is also k’ optimal for 1 <k ’< k.

It’s also easy to see that a tour that contains n city is optimal if and only if it is n-optimal.
Unfortunately, the number of operations to test all k-exchanges is increasing rapidly. In a naive
implementation, testing a k-link exchange has a time complexity of O (n*). Accordingly, the
values k = 2 and k = 3 are commonly used. It is a disadvantage that k must be specified in
advance because it is difficult to know which k to use to achieve the best compromise between
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Algorithm IV.1 MACO Algorithm.
Inputs m: number of ants per colony, L: number of colonies, n: number of city

1 Nc :=0

2 Dij :=0 // Global matrix

3 dij :=t0 /I local matrix of pheromones

4 Initialize tO0 // with each ant’s home city

5 Place each colony randomly in a starting point (city)

6

7 For K from 1 to m

8 Construction of a tour by each ant at random

9 Gradual deposition of pheromones in the Dij matrix of each colony

10 Evaluation and selection of the best colony

11 Initialize the Dij matrix with the best colony

12 While(Nc<Nmax)

13 For i from 1 to n

14 For j from 1 to L

15 For Kfrom 1 to m

16 Select the city Vi to be added to the current tour with formula(1)
17 Evaluate the solution of the ant k on route(i,j)

18 Update globally the trace according to city pair(i,j) if it’s better than
19 the previous ants according to formula 5 and 6 (evaporation )

20 Insert as you go (i,j) in the taboo list so as to construct gradually solution k
21

22 S:= Best solution (Each colony provide a partial solution )

current time and quality of solution. Lin and Kernighan corrected this drawback by introducing
a powerful k variable algorithm which changes the values of k during its execution, by deciding
on each iteration what the value of k should be. At each step of the iteration the algorithm
examines, for ascending values of k, whether and exchange of k links can make it possible
to obtain a shorter visit. At each step the algorithm considers an increasing set of potential
exchanges (starting with k = 2). If the crawl is successful in finding a new, shorter visit, then
the actual visit is replaced with this new visit. With a feasible visit, the algorithm performs
exchanges that repeatedly reduce the length of the current visit, until a visit is reached and no
other exchange can improve it [14].

4.3 Lin - Kergnighan - Helsgaun algorithm

It is the modified and extended version of LK algorithm. Indeed a central rule in the original
algorithm is the heuristic rule which restricts the inclusion of links in the visit to the five nearest
neighbors to a given city. This rule directs the search to a shorter visit and reduces the search
effort substantially. However, there is a certain risk of not being able to find the optimal cost.
Helsgaun amends this rule.

V STUDY OF HYBRID METHODS

Hybridization is a technique which consists in combining the characteristics of two different
methods to derive the advantages of the two methods [4] [10]. In the literature, the hybridiza-
tion of metaheuristics can be divided into two main parts: hybridization of metaheuristics with
metaheuristics and hybridization of metaheuristics with exact methods [15] [10].
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5.1 Hierarchical classification of metaheuristics

This classification is characterized by the level and mode of hybridization. The level of hy-
bridization can be low (Low-Level) or high (High-Level) [2]. In the low level, a metaheuristic
replaces an operator of another method which encompasses it. On the other hand, in high level
hybridization, each metaheuristic keeps its property during hybridization [15, 2]. Each level
of hybridization generates two modes of cooperation namely, relay mode and co-evolutionary
mode. In relay mode, the methods are executed sequentially, that is to say the result of the first
method is the start of the following method [15]. When the different methods work in paral-
lel to explore the search space, we speak of co-evolutionary mode. The combination of modes
and levels gives four classes of hybridization which are: low-level relay hybridization, low-level
co-evolutionary hybridization, high-level relay hybridization and high-level co-evolutionary hy-
bridization [2].

5.2 Low-level relay hybridization

It encompasses single solution-based metaheuristics in which another method is incorporated to
form a new algorithm[2]. Example: the descent method can be inserted in a simulated annealing
algorithm.

5.3 Low-level co-evolutionary hybridization

It consists in incorporating one or more metaheuristics based on a single solution in a meta-
heuristic with a population of solutions [4] [15]. The advantage of this type of hybridization is
to compensate for the exploitation power of a local search and that of the exploration of a global
search[2] .

5.4 High-level relay hybridization

It takes place when metaheuristics are used sequentially i.e. the final solution (s) of the first
metaheuristic is the initial solution (s) of the following metaheuristic [15]. In this procedure,
all the methods keep their integrity. Example introduced Taboo research at the end of a genetic
algorithm to improve the solutions obtained [15].

5.5 High level coevolutionary hybridization

In this case, the metaheuristics used work in parallel by exchanging information between them
in order to find the optimal solution of the problem posed [2] [15].

5.6 Flat classification of hybrid metaheuristics

This is another classification of hybrid methods characterized by the type of hybridized meth-
ods, their field of application and the nature of their functions [15]. Depending on the type of
hybridization, there are homogeneous hybrid methods and heterogeneous hybrid methods. In
the homogeneous hybrid methods, the algorithms used are based on the same metaheuristics
and in the heterogeneous hybrid methods the metaheuristics used are different [15]. The field
of application of hybridized metaheuristics makes it possible to distinguish two main classes of
hybridization, global hybridization and partial hybridization. Global hybridization takes place
when all the hybridized methods are applied to the whole search space [15].

Partial hybridization, on the other hand, breaks down a problem into sub-problems where each
has its own search space.
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VI PROPOSED METHOD: HYBRIDIZATION OF MULTI ANTS COLONY ALGO-
RITHM AND LKHMACO-LKH)

6.1 Hybridization Aspects to exploit on replace

In this part, we discuss the structure of our algorithm. It is known that the MACO or LKH
algorithms are very efficient for difficult problems and TSP in particular [4], but the disadvan-
tage of MACO is the consumption of time [19]. On the other hand, LKH must always start its
execution with a good starting solution.

In the MACO algorithm described previously, for each ant, the path of a city i to a city j depends
on:

» The list of city already visited, which gives the possible choices at each transition, when
the ant k is over the city;

* The inverse of the distance between city called visibility 7;;;

* The amount of pheromone deposited on the ridge connecting two city, called intensity of
the track. This quantity defines the attractiveness of a track, and it is modified after the
passage of an ant.

The multi-colony MACO algorithm as described above is made up of three main parts:

e Initialization;

* Construction of paths (generations of paths) according to the probabilistic formula(2);

* Pheromone deposition and evaporation: Evaluate the solution of each ant in each colony.

To hybridize the two heuristics MACO and LKH, the visibility function in the MACO heuris-
tic is replaced by the mechanism of the LKH heuristic to be more efficient in restricting the
nearest neighbors which results in a gain in execution time. Then the pheromone track update
process is replaced by the A\-opt mechanisms used by LKH heuristics in order to accelerate the
convergence towards the optimal solution and in another register optimize the optimal solution.

6.2 Hybridization of LKH and MACO: (MACO-LKH)

We opted for an insertion hybridization. That is, we hybridize the MACO and LKH heuristics
by inserting LKH into MACO. In clear the main characteristics are:

* The visibility equation between city i and j disappears. This information is replaced by
the mechanisms of the LKH process in order to direct the ant more quickly nearby city
and thus avoid too long solutions;

» After each round of any ant, there is no longer any direct deposition of pheromone at the
end, but rather triggering of the LKH process on this round until the best possible round
of ant k and then pheromone deposition according to MACO equation(3).

In fact, the algorithm is defined in two steps:
Step 1: MACO algorithm

* Generation of solutions by ants from different colonies;
* Pheromone deposit.

Step 2: Heuristic LKH

* Optimization of solutions;
* Injection of the best ant into the communication matrix.

The algorithm is the following:
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Algorithm VI.1 MACO-LKH ALGORITHM
Inputs m: number of ants per colony, L: number of colonies, n: number of city, T: the displace-
ment step,

1 Nc :=0

2 Tc :=0

3 Dij :=0

4 dij :=0

5 local pheromone matrix

6 Initialize t0} // with each ant’s home city

7 Place each colony randomly in a starting point (city)

8 initialization ~Pheromone = t0;

9 FORjfrom1 to L

10 FOR k from 1 to m}

11 Randomly build a tour by each ant

12 Application of the LKH method after each T transition

13 Pheromone deposit by the best ant

14 Solutions construction

15 While(Nc<Nmax)

16 For i from1 to n

17 For j from 1 to L

18 K:=1

19 While( K < m)

20 For each ant K of colony L carry out the transition T by selecting for

21 each transition the citie j to be added to the current turn according

22 to the probabilistic formula (2) of MACO and using the dynamic visibility function
23 of LKH.

24 K=k +1

25 Application of the LKH Process on each partial solutions obtained

26 Insert progressively (i,j) in tabou list so as to build gradually the solution of K

27 Perform the global update of the trace according to the best ant of colony L according to
28 equations 3 and 4 after performing the dynamic k—opt operations of LKH on the partial solution
29 Nc:= Nc+1

30 S := the best solution

VII EXPERIMENTATIONS

In this section, we present the numerical results obtained by the proposed algorithm MACO-
LKH.

7.1 Implementation environment

The MACO-LKH approach has been implemented in C language on instances of the TSPLIB
online instance library for the TSP on a server with the following characteristics: 4 GHZ pro-
cessor, 08 GHZ RAM, 500 GO DD after 100 executions. In the absence of the real data of
the problem, we were satisfied with the data instances from the TSPLIB library to evaluate the
efficiency of algortithm.
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Table 1: MACO Algorithm Parameter

Parameters Role Values
Initial quantity of pheromone information on the quality of a lead 0
Number of colonies / 50
do rate of intensification and diversification | 0.95
1-p pheromone evaporation rate 0.8
Ninax maximum number of iterations 100
o pheromone intensity control
B visibility control

7.2 Results - Discussions and Analysis

To evaluate the efficiency of our algorithm, we conducted a number of experiments. For testing,
the algorithm stops in the following cases:
* Either the number of iterations set by the algorithm at the start has been reached. In our

case, we set the number of iterations for each instance of the problem to 100;
* Either the optimal solution is reached and no longer evolves.

By making a comparative study between the heuristic MACO-LKH with the heuristics ACS-
LKH [4], AG [10], MACO [19], AG -LKH [4] which make it from the best heuristics for the
TSP of the literature, and under identical test conditions, we obtain the results of tables 2, 3, 4

and 5 below.
MACO-LKH MACO
Problems
(size) Best solution A..\rerage Success/100 | Best solution ﬁ:verage Success/100
times times

Rd100 7910 0.9 100 7910 1.33 100
(100}

Ts225 126643 12 100 126643 12.5 100
(225)

A280 2579 1.04 99 2579 1.6 99
(2579)

Lin 318 42029 0.340 100 42029 0.341 100
(318)

Att532 27686.0 11.7 100 27686.0 11.74 100
(532)

§i535 48450 45 100 48450 46.5 100
(535)

us74 36905 32 100 36805 32.9 100
(574)

Grbé66 294358 89 100 294358 94 100
(666)

Table 2: Comparison of MACO-LKH and MACO metaheuristics in terms of solution quality and com-
putation time for some small size problem instances from the TSPIib library
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Problems Best solution | Average | Success/100 | Bestsolution | Average | Success/100
(size) times times

Average Size Problem Instances
u724 41910 40.5 100 41910 43 100
(724)
Rat783 8806 1.12 100 8806 2.8 100
(783)
5i1032 92650 50 100 92650 65.2 100
(1032)
U1432 152970.2 270 22 152970.2 287 82
(1432)
Vm1084 239297 90.5 80 239297 92 80
(1084)
Pch1173 56892 99.9 97 56892.2 141.2 98
(1173)

Big Size Problem Instances

D2103 80450.0 186.02 96 80450.0 194.1 98
(2103)
U2319 246.9 66 234256.11 259 66
(2319)
D15112 155 30 1573090.2 159 26
D18512 2659.2 34 645240.7 2696.5 34
(18512)
RI11849 263 88 923289.2 289 88
(11849)

Table 3: Comparison of MACO-LKH and MACO metaheuristics in terms of solution quality and com-
putation time on average size instances and big size instances of some problems from the TSPIib library

[ wacoma ALk ACS- 1K#
Problems | Best Average | Success | Best Average | Success/ | Best Average | Success/
solution | times /100 solution times 100 solution times 100
Rd100 7910 0.9 100 7910 11.2 100 7910 5.6 100
(100)
Ts225 126643 12 100 126643.1 64 85 126643 39 65
(225)
A280 2579 1.04 99 2579 1.68 100 2579 1.61 98
(280)
Prd439 107217 93 100 107230 63.3 80 107223 58.3 84
(439)
Lin 318 42029 0.340 100 4229 1.6 80 4229 0.8 100
(318)
Si535 48450 45 100 48450 24 98 48450 78 96
(535)

Table 4: Comparison of MACO-LKH, AG-LKH and ACS-LKH metaheuristics in terms of solution
quality and computation time for some small size problem instances from the TSPIib library
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Problems | Best Average | Success | Best Average | Success/ | Best Average | Success/
solution | times /100 solution times 100 solution times 100
Average Size Problem Instances

u724 41910 40.5 100 41915 192 77 41911.9 98 62
(724)

u1432 152970. 270 82 152979 394 45 152976.2 310 32
(1432) 2

Vm1748 | 336557. 94.42 88 336557.2 111.07 80 336557 172.86 88
(1748) 0

Pcb1173 | 56892.0 99.9 97 56896.6 930.5 63 56895.9 7321 53
(1173) 3

Vm1084 239297 90.5 80 239298 216.8 76 239297.9 119 81
(1084)

Sil032 92650 50 100 92655.1 92 89 92655.9 96.3 65
(1032)

RI1323 270199 10 86 270199.9 98 60 270199.3 68.6 a9
(1323)

Big Size Problem Instances
80450.0 | 186.02 96 80554.9 319.5 47 80553 289.0 22

Usal3509 2110.1 22 Undiﬂnel Undifine | Undifine 1998470 | 2113.03 9
(13509)

D15112 155.2 30 Undifine Undifine | Undifine Undifine Undifine | Undifine
(15112)

D18512 2659.2 34 Undifine Undifine | Undifine Undifine Undifine | Undifine
(18512)

RI11849 263 a8 Undifine Undifine | Undifine Undifine Undifine | Undifine
(11849)

Table 5: Comparison of MACO-LKH, AG-LKH and ACS-LKH metaheuristics in terms of solution
quality and computation time on average size instances and big size instances of some problems from
the TSPIib library

7.2.1

Description of the structure of the tables

The different tables are classified according to the size of the input data (small, medium and
large size).

The first column (problems) represents the instances of the problem and the numbers in
brackets represent the size of the problem addressed;

The best solution column represents the best solution obtained after 100 iterations during
the experiment;

The average times column is the average times taken by each metaheuristic used to pro-
duce its best solution during the experiment;

The Success column represents the number of times the algorithms find their best solution
out of 100 iterations made;

The green boxes represent those which have the best execution time or quality of solutions
at the end of the 100 iterations among all the algorithms which take part in the experiment;
The blue boxes represent the boxes where no algorithm of the experiment could reach
the optimal solution including MACO-LKH. In the other cases, the optimal solution is
reached at least once by one of the methods (generally MACO-LKH and MACO).
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7.2.2  Analysis: Interpretation of the results of the different tables

The tables 2, 3 represent the comparison between the MACO and MACO-LKH approaches. On
these tables, we can observe that MACO-LKH and MACO both reached the optimal solution
on all instances of small and medium-sized problems except for the case Pcb1173 (1173) where
the best solution obtained by MACO is slightly above above the optimal solution.

However, we can see from these same tables that the optimal solution is reached more quickly
with the hybrid MACO-LKH method than with the MACO method. This was the first objective
sought: to further reduce the execution times of the MACO method.

With regard to the improvement of the quality of optimal solution obtained, the hybrid method
MACO-LKH it is slightly demarcated on certain instances (of large sizes in general) compared
to the method MACO with a solution slightly higher than that of MACO. Which was the second
objective sought. Even if it did not make itself felt too much overall.

The tables 4, 5 show the comparison between the hybrid method MACO-LKH and the hybrid
methods AG-LKH and ACS-LKH which are hybrid metaheuristics which have also proven
themselves [4].

* On the quality aspect of optimal solution, MACO-LKH is clearly superior to the other two
(AG-LKH and ACS-LKH). This is thanks to the new hybridization strategy which uses
the optation strategy of the LKH method for the choice of the next city to visit (limiting
the search to a certain number of nearest neighbors thanks to the LKH mechanism). Cost
differences between MACO-LKH and AG-LKH, ACS-LKH algorithms can be up to 15%;

* On the execution time aspect, MACO-LKH is once again above the AG-LKH and ACS-
LKH methods for all the instances used during our experiment. The differences between
the execution times of MACO-LKH methods and AG-LKH, ACS-LKH methods can be
up to 30 % on average. In some cases, the execution times of the AG-LKH and ACS-
LKH methods are indefinite while MACO-LKH succeed in finding a time (sometimes
enormous) and a solution (not necessarily optimal).

1

GA ACS-LKH GA-KH MACO MACO-LKH

Figure 1: Comparison MACO, AG-LKH, ACS-LKH, MACO-LKH in terms of running times

The figure 1 presents a comparison of the performance of our approach MACO-LKH compared
to the improved AG -LKH, ACS -LKH, and MACO approaches in terms of runtime.
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VIII CONCLUSION

In this work, we proposed a new hybrid low-level and co-evolutionary heuristic between MACO
and LKH metaheuristics to form a new method called (MACO-LKH). It has been applied to
effectively solve the TSP. The tests carried out on several TSP instances of small, medium, and
large size have shown that the proposed hybrid method MACO-LKH is able to provide a better
optimal solution with faster execution times than the heuristics ACS-LKH, MACO, GA-LKH.
The proposed MACO-LKH algorithm thus shows improvements in both cost and execution time
compared to other methods (MACO, ACS-LKH, GA-LKH).

A limit related to our approach is the use of much more resources (memory and processor).
Because for most large instances, this execution time remains enormous. Also, for these large
instances, the optimal solution is only achieved at around 65 - 85% on average.

In perspective, we plan to use our algorithm on real data from logistics, transport, e-commerce
problems. We also plan to parallelize the MACO heuristic to further reduce execution times on
big data problems. We also plan to use machine learning techniques to hybridize MACO and
LKH.
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Abstract

Nowadays, there is a growing interest in data mining and information retrieval applications
from Knowledge Graphs (KG). However, the latter (KG) suffers from several data quality prob-
lems such as accuracy, completeness, and different kinds of errors. In DBpedia, there are several
issues related to data quality. Among them, we focus on the following: several entities are in
classes they do not belong to. For instance, the query to get all the entities of the class Person also
returns group entities, whereas these should be in the class Group. We call such entities “outliers.”
The discovery of such outliers is crucial for class learning and understanding. This paper proposes
a new outlier detection method that finds these entities. We define a semantic measure that favors
the real entities of the class (inliers) with positive values while penalizing outliers with negative
values and improving it with the discovery of frequent and rare itemsets. Our measure outperforms
FPOF (Frequent Pattern Outlier Factor) ones. Experiments show the efficiency of our approach.

Keywords
Knowledge graph; Pattern Mining; Itemset; Outlier Detection

I INTRODUCTION

Nowadays, the use of different Knowledge Graphs is becoming more and more important.
Knowledge Graph is defined as follows: “A knowledge graph (i) mainly describes real world
entities and their interrelations, organized in a graph, (ii) defines possible classes and relations
of entities in a schema, (iii) allows for potentially interrelating arbitrary entities with each other
and (iv) covers various topical domains” [19]. Knowledge Graphs are constructed from various
data sources using various ways. For example, DBpedia is built from the free encyclopedia
Wikipedia. In the Semantic Web, the term Knowledge Graph is often used to designate the
Knowledge Graphs of the Semantic Web [20]. In these, Semantic Web principles are used to
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represent and publish publicly available data as Linked Open Data. Most Semantic Knowl-
edge Graphs (KG) are defined as classes (types) hierarchy where entities may belong to several
classes. For instance, in figure 2, we can see that entity Bob_M arley belongs to classes Artist,
Person, and Agent. Hence, the type prediction problem can be reformulated as a hierarchical
multi-label classification one [18]. In this context, one solution for entity type prediction is the
local classifier per node approach, which consists of training each node of the class hierarchy
separately and determining the overall type. However, it has been observed that type informa-
tion and, more generally, KG suffer from several issues related to data quality such as accuracy,
like typing error [21], completeness, like schema completeness and property completeness, and
different kinds of errors. In [22], a systematic literature review on Linked Data completeness
and an approach for Linked Data completeness assessment have been proposed. Among them,
we focus on the following: several entities are in classes they do not belong to. For instance,
let us consider the following query (figure 1) to get all the entities of the class Person. It also
returns group entities, whereas these should be in the class Group (see table 1). We call such
entities "outliers." Discovering such outliers is very important for correct class learning and
understanding. Outlier detection methods on semantic web data have been proposed to find
these outliers [24, 26]. These methods use outlier factors based on frequent pattern discovery
methods that have been proposed before [6, 13]. The idea behind this is that transactions that
contain more frequent patterns will have a big value of FPOF measure [6] and are unlikely to be
outliers. In contrast, transactions with small FPOF values are likely to be outliers. Let us con-
sider the following three entities of class Artist: https://dbpedia.org/resource/Masaba_Gupta,

https://dbpedia.org/resource/Bertram_Goodman, and https://dbpedia.org/resource/Mystik. Masaba

Gupta and Bertram Goodman are real artists, while Mystik is an outlier because it is a song.
However, as we will see in example 4, FPOF measure gives a value higher for Mystik than
for Masaba Gupta and Bertram Goodman. FPOF does not consider semantics aspects of the
entities, but these are very important in KG and specifically in DBpedia. The KG data is based
on a well-designed schema which is the ontology. The application of the FPOF measure on
semantic web data while completely ignoring the semantics behind the ontology has further
motivated our work. In a knowledge graph, ontology plays a very important role. It is a ref-
erence schema for organizing data while defining the concepts and relationships between these
concepts. Among its components, we have the classes, the attributes or properties, the relations,
etc. The role of the ontology here is to provide the semantics behind the properties describing
the entities. We propose a semantic measure based on properties (domain and range properties).

SELECT distinct ?entity
WHERE {
?7entity a dbo:Person.

Figure 1: Query to get all the entities of the class Person.
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https://dbpedia.org/resource/Masaba_Gupta
https://dbpedia.org/resource/Bertram_Goodman
https://dbpedia.org/resource/Mystik

Entities Person | Group
http://dbpedia.org/resource/Les_Twins No Yes
https://dbpedia.org/resource/Nelson_Mandela Yes No
https://dbpedia.org/resource/Barack_Obama Yes No

Table 1: Some entities of the result of the query of Figure 1.

The main contributions of our paper are as follows :

* We define a semantic measure that favors the real entities of the class (inliers) with pos-
itive values while penalizing outliers with negative values and improving it with the dis-

covery of frequent and rare itemsets.

* We propose a generic algorithm for outlier detection based on the semantic measure in a
knowledge graph. This algorithm can be used for frequent or rare patterns.
* We present a set of experiments on DBpedia classes showing that our method outperforms

FPOF like ones.

The rest of the paper is organized as follows. Section II discusses related work. In section III,
we propose the basic definitions and problem reformulation. Section IV proposes our measure
and presents a generic algorithm for outlier detection in a knowledge graph while presenting a
theoretical analysis. Section V presents the results of our experiments, and section VI concludes

the paper.

Figure 2: A sub-part of the DBpedia hierarchy

I RELATED WORK

Bob_Marley

In this section, we will present the different dimensions of linked data quality and the outlier

detection methods.
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Linked Data quality. [25] cites three approaches that are used to construct a Knowledge
Graph namely manual approaches, like Freebase [10] and Cyc [8], cooperative approaches,
like DBpedia [17], and Yago [11] and automatic approaches, like NELL [14]. The manual ap-
proaches denote that the construction of the Knowledge Graph is done completely by a human,
the automatic ones indicate that supervised or unsupervised learning techniques have been used
and the cooperative ones indicate that most of the tasks are done by a human [25]. For the
data quality of the Knowledge Graph, manual approaches tend to be more accurate compared to
other approaches [21]. With the extensive growth of data and the many domains they covered it
is impossible to build or maintain a knowledge graph by manual methods, automatic methods
seem more suitable although they are more likely to contain several errors. For example on
DBpedia several types of errors such as typing errors, incorrect numerical data, etc. have been
noted. In [1] the dimensions of data quality were classified into four categories:

* Intrinsic Category which allows to assess the validity and consistent of the data. In this
category, we have Accuracy, Consistency and Trustworthiness.

* Contextual category : “highlights the requirement that data quality must be considered
within the context of the task at hand" [1]. In this category we have Relevancy, Com-
pleteness, and Timeliness

* Representational Category : "A concept that data quality is related to the “format of the
data (concise and consistent representation) and meaning of data (interpretability and ease
of understanding)” [1].

* Accessibility Category : "Accessibility dimensions are about how easily accessible and
secure data is, such as availability and security." [22]

One of the solutions to the problem of data quality in KG is the language SHACL (Shapes
Constraint Language)'. SHACL is a W3C Recommendation that defines a language for validat-
ing RDF graphs against a set of conditions. For its use, a good understanding of the ontology is
necessary to define these conditions. Another problem is the scalability since each KG has its
ontology.

It is almost impossible to define a generic approach to assessing data quality across all di-
mensions, and one dataset may be suitable for one purpose but not for another [22]. Depending
on the application, it is imperative to address particular data quality issues. For class learning
and understanding, the problem we face is misclassified entities (Accuracy dimension). It is
very important to have suitable parameters to find misclassified entities in a given class.

Outlier detection.  One solution for solving this problem of misclassified entities is outlier
detection. Outlier detection has been the topic of several surveys and reviews. In these sur-
veys, different classifications methodologies are presented. More cited categories are the fol-
lowing: Nearest Neighbour Based Outlier Detection techniques, Distance-Based Techniques,
Density-Based Techniques, Cluster-Based Techniques, Statistical Approach Based Techniques.
Distance-Based [2] and Nearest Neighbour Based Techniques [5] rely on the notion of distance.
A distance-based outlier in a dataset D is a data object with a given percentage of the objects
in D having a distance of more than d,,;, away from it [13]. Nearest Neighbour based out-
lier detection techniques require a distance or similarity measure between two data points. If
a point z has a short distance to its & neighbors, it is considered as normal otherwise it is con-
sidered as outlier. Density-based techniques measure density of a point x within a small region
by counting number of points within a neighborhood region. Breunig et al. [3] introduced the
concept of Local Outlier Factor (LOF), a score which is assigned to every point based on its

"https://www.w3.org/TR/shacl/
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local density. All data points are sorted in decreasing order of LOF value. Points with high
scores are detected as outliers. In Cluster-Based Outlier detection techniques, a cluster repre-
sents a collection of data objects similar to one another within the same cluster and dissimilar
to the objects in other clusters. Inliers correspond to data in a cluster while outliers do not be-
long to any cluster. Statistical approach based technique assumes a distribution or probability
model for the given data and then identifies outliers with respect to the model using a discor-
dancy test [7]. Many of these techniques suffer from high dimensional space curse and high
computational cost [16]. More recently, a new trend has appeared, using frequent pattern tech-
nique. Several measures were consequently proposed. FPOF (Frequent Pattern Outlier Factor)
has been presented by [6]. The idea behind this measure is that transactions that contain more
frequent patterns will have a big value of FPOF measure and are unlikely to be outliers. In
contrast, transactions with small FPOF values are likely to be outliers. [13] proposed another
measure WCFPOF (Weighted Closed Frequent Pattern Outlier Factor) in order to overcome the
drawbacks of FPOF. According to this measure, transactions that contain more closed frequent
patterns are more likely to be inliers and those that contain less closed frequent patterns are
likely to be outliers. Another approach for overcoming the drawbacks of FPOF measurement
was formulated by [15]. According to this one, transactions that contain longer frequent pattern
(i.e. longer superset) are more likely to be inliers because they contain more subset frequent
patterns, while transactions that contain short frequent patterns are likely to be outliers. By ap-
proximating the Frequent Pattern Outlier Factor (FPOF) with sampled patterns, [26] proposes
a method for detecting misclassified entities. The observation is the same for these measures:
they do not consider semantics.

III  PRELIMINARIES AND PROBLEM REFORMULATION

Knowledge graph. A knowledge graph is an RDF dataset described by a set of triples
(subject, predicate, object). It can be represented as a tuple K = (7,.A) where T is called a
Tbox formed by names and assertions about concepts (or classes) and roles (or predicates),
and A is called an ABox formed by assertions about individuals called entities and facts.
This paper focuses on DBpedia[12] TBox and its entities. For example, (dbo: Artist,rdfs:
subClassOf, dbo : Person) is an assertion in DBpedia TBox which means that the concept
Artist is a subclass of the concept Person (or Person is a superclass of Artist). In other
words, all artists are also persons. For example, (Bob_Marley, rdf :type, dbo: Artist) means
that Bob_Marley is an artist, then an entity of the class Artist. The triple (Bob_Marley,
spouse, Rita_Marley) is an assertion in DBpedia ABox which means that Bob_Marley has
spouse Rita_Marley. Given a class C' € T and an entity e € A, (e,rdf: type,C') im-
plies that e is an instance of C'. To better formalize and define all these notions and the oth-
ers we need to formulate our problem, we use the Description Logics (DL) [9] formal nota-
tions. In that case, the assertion (dbo: Artist, rdfs:subClassO f, dbo: Person) is denoted by
dbo: Artist T dbo: Person which means that dbo:Artist is subsumed by dbo:Person. dbo:
Artist(Bop_Marley) denotes that Bop_Marley is an instance (or entity) of the class Artist.
The relation spouse(Bob_Marley, Rita_M arley) materializes that the predicate spouse links
the subject Bob_M arley to the object Rita_Marley. We distinguish two types of predicates
from these examples: outgoing and incoming. If we have the triple (X, P,Y’), then we say that
P is an outgoing predicate for X and an incoming predicate for Y whatever the type of X and
Y. Then, there is a case where an outgoing predicate P is specific to subjects that instantiate
a class C. In that case, we say that C' is the domain of P, denoted by 3P.T T C'. Another
case is when an incoming predicate is specific to objects of a class C'. Here, we say that C' is
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the range of the predicate P, denoted by T C VP.C. The disjointness of two classes C'; and
(s is denoted by C'; C'C,. For example, according to the ontology of DBpedia, it should not
have entities belonging to both the class Person and the class Organization, then we have
Person T 'Organization. There are several types of knowledge graphs, but for this work, we
are interested in these where ABox and TBox are available and accessible by SPARQL queries
like DBpedia.

In the following, we show the transformation from RDF data to the transactional database
as done in [26].

Transactional database. Now, we will show how to represent a transaction from the predi-
cates that describe an entity. Since we are interested in predicates having domains, we consider
the transactional database defined on the set of items Z = {P : (3C € T)(3IP.T C C)}. An
itemset (or pattern), denoted by ¢, is a non empty subset of Z. Formally, we have ¢ C Z. The set
of all patterns that can be generated from Z is called the pattern language £ = 2%\ (). In this pa-
per, a transaction is a couple (e, Z¢) € A x L where Z¢ is the set of all predicates describing the
entity e that appears in Z. Formally, we have Z¢ = {P € Z : (3C € T)(C(e))(IP. T Z C)}. In
the following, we denote such transaction as Z¢. So in our context, a transactional database D¢
is a multi-set of transactions defined in Z where all items (predicates) of Z describes an entity
of class C'. It means that we are making a restriction in class C' in which we look for whether
it contains outliers or not. For example, to find outliers in the class Artist, we only consider
entities that instantiate Artist.

Example 1:

For instance, D445 in Table 2 is a toy dataset of 20 transactions from the class Artist
of DBpedia®(entities are prefixed by dbr(http://dbpedia.org/resource/) and predicates by
dbo(http://dbpedia.org/ontology/)). For instance, to obtain the transaction ZZ°-Marley e run
the following SPARQL query on the Dbpedia endpoint (https://dbpedia.org/sparql/):

SELECT DISTINCT ?P WHERE {
<http://dbpedia.org/resource/Bob_Marley> ?P ?object.
?P rdfs:domain 2C.

D artise is built from the set of 38 items Z = {deathPlace, deathDate, birthPlace,
birthDate, deathCause, partner, relative, child, parent, spouse, birthYear, deathYear, birth-
Name, nationality, field, training, residence, restingPlacePosition, restingPlace, cinematogra-
phy, director, producer, starring, writer, runtime, Work/runtime, artist, endingTheme, network,
openingTheme, previousWork, starring, subsequentWork, completionDate, numberOfEpisodes,
bandMember, formerBandMember, hometown}. Table 3 gives the domain and the range (if it
exists) of the set of items (predicates) in Z.

The transaction Z5°-Marley — {deathPlace, deathDate, birthPlace, birthDate, deathCause,
partner, relative, child, parent, spouse, birthYear, deathYear} contains 12 items. so, there are
212 — 1 patterns that appear in £(D,4s). For example, ¢ = {spouse, birthY ear} is one
among them. This pattern also belongs to the transaction Zenk-Williams

2Access in 18/10/2021
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Table 2: D 4,45t : an example of a transactional database from the class Artist of DBpedia

entity

Itemset (set of predicates)

Bob_Marley

Omar_Kiam
Bertram_Goodman
Giuliana_Camerino
Twice_as_Nice
Robin_Harris
Brett_Newski
LaWanda_Page
Frank_Suero
Josephus_Thimister
Sid_James
Masaba_Gupta
Hank_Williams

Children_of_Eve
Greg_Giraldo
Mystik
Jerry_Clower

Mackenzie_Taylor
The_Lead

7icons

{deathPlace, deathDate, birthPlace, birthDate, deathCause, partner, relative,
child, parent, spouse, birthYear, deathYear}

{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }

{field, training}

{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{cinematography, director, producer, starring, writer, runtime, Work/runtime }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{birthDate, hometown }

{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{residence, spouse}

{deathPlace, deathDate, birthPlace, birthDate, restingPlacePosition, death-
Cause, relative, restingPlace, spouse, birthName, birthYear, deathYear}
{cinematography, director, producer, writer, runtime, Work/runtime }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }

{artist, previousWork, producer, writer, runtime, Work/runtime }

{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{birthDate, birthName, birthPlace, deathDate, deathPlace, nationality }
{endingTheme, network, openingTheme, previousWork, starring, subsequent-
Work, completionDate, numberOfEpisodes, runtime, Work/runtime }
{bandMember, formerBandMember, hometown }

Table 3: Domain and range (optional) of the predicates of our dataset D 4,4;s: (Edulns: Educationallnsti-
tution, TShow: TelevisionShow, Bcaster: Broadcaster, nonNeglnt: nonNegativelnteger)

P dom(P) | range(P) P dom(P) range(P)
deathPlace | Person Place birthYear Person gYear
deathDate Person date deathYear Person gYear
birthPlace Person Place birthName Person langString
birthDate Person date nationality Person Country
deathCause | Person field Artist
partner Person Person training Artist Educationallnstitution
relative Person Person residence Person Place
child Person Person restingPlacePosition | Person SpatialThing
parent Person Person restingPlace Person Place
spouse Person Person cinematography Film Person
P. dorp(P) range(P) P dom(P) range(P)
director Film Person - —
openingTheme TelevisionShow Work
producer Work Agent .
. previousWork Work Work
starring Work Actor
. subsequentWork Work Work
writer Work Person .
. completionDate Work date
runtime Work double .
. . numberOfEpisodes TShow nonNeglInt
‘Work/runtime Work minute
. ) bandMember Band Person
artist MusicalWork Agent
. formerBandMember Band Person
endingTheme TShow Work
hometown Agent Settlement
network Bcaster Bcaster
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We already remarked that, semantically, some of these entities such as Twice_as_Nice,
Children_of _Eve, Mystik, and The_Lead, are not artists, and yet they are instantiated in the
Artist class. We call them outliers while the others are well instantiated in Artist; they are
inliers.

Definition 1: Outlier, Inlier

Given two disjoint classes C' and C’ (C' £7C") and an entity e. If e is instantiated in C but really
defined as an entity of C", then e is an outlier. However, if really e is an instance of C, then it is
called an inlier.

Definition 2: Frequency of a pattern
Given a transactional database Do = {(e1,Z¢), -, (e,,Z)} of a class C' and a pattern
¢ € L(D¢). The frequency of ¢ is the number of transactions of D containing ¢. Formally,

freq(p, Do) = [{(;, %) € D - p C 17},

Example 2:
The frequency of ¢ = {spouse,birthYear} in Da.ys is 2 because only ZBob-Marley
and ZHank-Williams contain . The frequency of ¢, = {spouse} is freq(pr, Darist) =

|{ M asaba_Gupta, Bob_Marley, Hank_Williams}| = 3.

According to the frequency, one can judge a pattern as frequent or rare (not frequent) in a
dataset.

Definition 3: Frequent and Rare pattern
Let us consider a dataset D¢ of class C, a minimum support threshold « € [0, 1], and ¢ a pattern
of L(D¢). We say that :

* pis frequent in D¢ if and only if freq(yp, Do) > a X |Del.

* pisrarein D¢ if and only if 0 < freq(p, Do) < a X |De|.

Example 3:

If we consider a minimum threshold oo = 4/20, then ¢ = {spouse, birthY ear} is a rare pattern
in D 4,4i5: because freq(o, Darist) = 2% < % but the pattern ' = {birthDate, birthName}
is frequent in D 4,45 because freq(@, Darist) = % > 24—0.

In this paper, we focus on two interestingness measures frequency and rare. So, given
an interestingness measure m it is possible to extract a set of interesting patterns. We denote
by ¢(-), such that ¢(-) € {true, false}, the constraint that a pattern of D¢ should respect
according to the interestingness measure m. Therefore, on the one hand, the set of all frequent
patterns given a minimum threshold « can be formulated by Pset(Dg¢, freq,) = {p € L(D¢) :
q(freq(p, Dc) > a) = true}. On the other hand, the set of all rare patterns given a minimum
threshold « can be formulated by Pset(Dc, rare,) = {¢ € L(D¢) : q(0 < freq(p,De) <
a X |Dg|) = true}.

Now we present FPOF in the knowledge graph as done in [26] to detect outliers.

African Journal of Research in Computer Science and Applied Mathematics Page 8 of 21



FPOF : Frequent Pattern Based Outlier Factor. As it was introduced in Section II, FPOF
is based on frequent patterns. The main idea behind this approach for transactional databases
is that inliers will contain most of the frequent patterns while most of the patterns that outliers
contain will have a low frequency. So, they formulate the following metric.

Definition 4:

Given a transactional database D¢ = {(e1,Z), ..., (e,,Z°")} and a minimum frequency thresh-
old a > 0, the frequent pattern outlier factor of the transaction (e, Z¢) denoted by fpof (e, D¢)
is defined as follows:

freq(p, De)
Dc|

1
fpof (e, Do) = Pset(De, freqa)| 2

p€EPset(De, freqa) N\pCILe

Example 4:

Let us consider the database D 4,+;s; shown in Table 2. Each entity is described by a set of prop-
erties. For example, the entity Sid_James is described by the properties birthDate, birthName,
deathDate, birthPlace, and nationality. Considering the minsup 0.2 (4/20), the fpof values are

calculated in Table 4 (column 3).

Table 4: D 4,45 : an example of transactional database of the class Artist of DBpedia with fpof values

Artist Properties FPOF
Sid_James {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Mackenzie_Taylor | {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Giuliana_Camerino | {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Jerry_Clower {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Robin_Harris {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Greg_Giraldo {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
LaWanda_Page {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Frank_Suero birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Josephus_Thimister | {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Omar_Kiam {birthDate, birthName, birthPlace, deathDate, deathPlace, nationality} | 0,5129
Hank_Williams {deathPlace, deathDate, birthPlace, birthDate, restingPlacePosition, | 0,2704
deathCause, relative, restingPlace, spouse, birthName, birthYear,
deathYear}
Bob_Marley {deathPlace, deathDate, birthPlace, birthDate, deathCause, partner, | 0,1371
relative, child, parent, spouse, birthYear, deathYear}
Brett_Newski {birthDate, hometown } 0,0098
Children_of Eve {cinematography, director, producer, writer, runtime, Work/runtime } 0,0090
Mystik {artist, previousWork, producer, writer, runtime, Work/runtime } 0,0091
Twice_as_Nice {cinematography, director, producer, starring, writer, runtime, | 0,0091
Work/runtime }
The_Lead {endingTheme, network, openingTheme, previousWork, starring, | 0,0091
subsequentWork, completionDate, numberOfEpisodes, runtime,
Work/runtime }
Masaba_Gupta {residence, spouse } 0
Bertram_Goodman | {field, training} 0
Ticons {bandMember, formerBandMember, hometown } 0
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Based on the frequency of the itemsets, the FPOF measure gives a higher score to the
entity Mystik (which is an outlier) than to entities M asaba_Gupta and Bertram_Goodman
(which are inliers). The FPOF measure is based only on the frequency of items that describe
transactions while ignoring the semantics.

In knowledge graphs, the frequency of items only does not allow to find the outliers of a
set because semantics are decisive for entity definition. For example, birthName is a predicate
that defines a person, which is less frequent than the predicate abstract, which is generally used
by the entities of all classes.

The problem that we want to solve in this paper can be formulated as follows:

Given a class C of knowledge graph K = (7, .A), let D be its transactional database,
and Pset(Dc, m,) a set of interesting patterns built with an interestingness measure 1,

Q1: which metric can be used to favor the inliers and penalize the outliers?

Q2: how to benefit from the semantic of the TBox 7 to improve the metrics?

Table 5: Notations

Symbol Definition

e An entity

7 The set of items of the database

A All the items of the entity e

%) A pattern of items (a non empty subset of Z)
A The ABox

T The TBox

K The Knowledge Graph

C A class

Do A transactional database from the class C'
m An interestingness measure

o A minimum frequency threshold

Pset(Dc, me,)
k

The set of all frequent (rare) patterns given a minimum threshold «
The number of super-classes

C The set of concepts

CcsF(O) The set of concepts containing C), its super-classes at a level at most
equal to k£ and its sub-classes.

Y #4 The set of super-classes

SCI=F(0) The set of super-classes of C' which are located at a level less than or
equal to k with respect to C'.

setOut The set of outliers

setln The set of inliers

IV. ONTOLOGY AND PATTERN-BASED OUTLIER DETECTION IN KNOWLEDGE
GRAPH

This section shows how to take advantage of semantic relationships that arise in ontology to
improve the mined pattern according to a measure of interest. However, let us introduce the
idea behind the rare patterns for detecting outliers.

In a similar way to the FPOF metric, the rare patterns can be used to detect outliers from
the transactional database. A naive method is to sum, for any transaction, the frequency of the
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rare patterns it contains. In that case, the outliers will have high scores while the inliers will
have low scores. But, the main problem with this basis metric follows from the fact that many
inliers will have null scores. This is why in this paper, we will introduce semantics on metrics,
particularly on items forming patterns that are nothing other than properties that appear in the
ontology. It is important to note that all the properties that we use to make up the patterns have
domains, and some of them also have ranges. In the rest of this paper, the metrics as well as the
algorithm that we are going to introduce are valid for both rare and frequent patterns.

Intuition behind this method.  Our approach is based on the fact that a property P with
domain C' must necessarily be an outgoing property of an entity of the class C' when it is used.
It is very important to note that P can also be an outgoing property of any entity of a subclass
of C' (C" C () or of a super-class of C' located at a certain level £ > 0. We say that a super-
class C’ of the class C is at level k& with refer to C' if there are k — 1 classes {C1, ..., Cx_1},
with C; # Cj forall 7 # j,in T such that C © C; © ... & Cy—y C C'. Indeed, the
fact of favoring all the super-classes of C' will distort the calculations because there will be
outliers who will benefit from it. For example, Artist and Athlete are two classes in the same
level that have super-classes Person (of level £ = 1), Agent (of level £ = 2) and Thing (of
level £ = 3). When searching for outliers in Artist, it is not interesting to consider properties
that have Thing as its domain, because the latter is the parent class of all classes in DBpedia.
However, properties that have Agent as their domain are only interesting if the outliers are in
a twin class C” (Activity for instance) or one of sub-classes of C’ (Game, Sales, ...). The same
is true for properties that have Person as their domain, if some outliers really belong in class
Organization, then they are useful for detecting outliers. If, on the other hand, the real class of
the outliers is Athlete, then the properties having Person as their domain are not interesting to
detect the outliers. So, the properties which can allow us to verify if an entity is an outlier or
not, are not obvious. It is why retrieving these properties is a real problem of efficiency for our
method because we do not know apriori at what level £ > 0 we must stop to detect outliers since
we ignore their real classes. To solve this problem, we propose to vary the value of £ to find
the most relevant properties to detect outliers. In practice, the value of k is small. Therefore,
we denote by SC/=F(C) = {C" € T : (3,1 <i < k)(C; € T)(C E C' C ()} the set of
super-classes of C' which are located at a level less than or equal to k& with respect to C. So,

SCI==(C) ={C" e T:CCC'}.

Let us denote by C=¥((') the set of concepts containing C, its super-classes at a level at
most equal to k and its sub-classes: C=F(C) = {CYu{C' e T : C'C CyU{C' : C' €
SC(=F(C)}. The semantic judgment we have on a property P that appears in a pattern ¢ can
be formulated as follows:

* (a) If a property P is interesting enough to well describe an inlier e of a class C' in a
certain level & then it must necessarily have a domain which is part of C=*(C). The set
of predicates in the pattern ¢ that meet this intuition is defined by {P € ¢ : (3C’ €
C=HO)(BPT C O}

* (b) An entity found in class C' which has an outgoing property P whose domain does not
belong to C=>(C) is likely to be poorly described, and looks like an outlier if most of the
properties it contains have this tendency. The set of predicates in the pattern ¢ that meet
this intuition is defined by {P € ¢ : (AC" € C=>=(C))(IP.T C C")}.

* (c) If a property P that matches the intuition in (a) additionally has a range that is in
C=F(C), then it is determinant for class C. The set of predicates in the pattern ¢ that meet
this intuition is defined by {P € ¢ : (3C’" € C=F(C))(3P. T £ C")(3C" € C=F(O))(T C
P.C")}.
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e (d) If a property P that matches the intuition in (b) additionally has a range that is part
of C=*(C), then the use of P is ambiguous. The set of predicates in the pattern ¢ that
meet this intuition is defined by {P € ¢ : (BC' € C=>*(C))(3P.T C C")(3C" ¢
CSR(O))(T CVP.C")}.

Based on these intuitions, we can now define our algorithm which combines the mined
patterns and the semantic relationships from ontology to detect outliers.

A generic algorithm for outlier detection in knowledge graph.  We propose an algorithm
based on the four intuitions presented in the previous section. To be in agreement with these
intuitions, we say that a predicate that verifies intuition (a) brings a bonus of 1 to the score of
the entity that it describes while that which verifies (b) brings a penalty of 1 to the entity’s score.
On the other hand, a predicate that verifies intuition (c) brings a bonus of 2 (bonus of 1 for the
domain and of 1 for the range) while a predicate that verifies intuition (d) brings a penalty of
2 for the entity it describes (penalty of 1 for the domain and 1 for the range). Thereby, given a
pattern we introduce the notion of reliability, a metric to compute the total score a pattern brings
to an entity for a given class.

Definition 5: Reliability

Let e be an entity of a class C' described by a certain predicates that belong to Z, a pattern o C 7
and k a positive integer. The reliability of the pattern ¢ to the entity e with respect to the class
C'is defined as follows:

0if ¢ ZI°

HP € p: (30 €Ck(O)BP.T CCY
reliability(p,e,C, k) = ¢ +|{P € p: (3C" € CSF(C))(BP.T C C')(T & P.CN}| (H
—{P € (AC" € C=(C))(3P.T C C"}
—{P e y: (AC" € C==(C))3P.T C )

(3C" € CSH(C))(T EVYP.C")}| otherwise

It is clear that the reliability of a pattern is the sum of the contribution of all the predicates
it contains. Now, we can present the algorithm exploring this metric to capture the outliers that
disturb the veracity of all the instances in a given class. Let us recall that the goal of this paper
is not to find frequent or rare patterns, we just reuse the existing methods.

Example 5:

Let us consider this two patterns ¢; =  {birthDate,birthName} and ¢y =
{bandMember, hometown}. We are now going to compute the reliability of the transactions
(Robin_Harris, TRevn-Harris) and (Ticons, Z7"*) with refer to the class Artist and with dif-
ferent values of k. We have :

reliability (e, Robin_Harris, Artist,0) = 0 because none of the properties in ; has
a domain that belongs in C=C(Artist) = {Artist} but in C=*°(Artist). These pred-
icates are neutral since they have a domain that is a superclass of Artist. However,
reliability(y1, Robin_Harris, Artist,1) = (4+1) + (+1) = +2 because birthDate and
birthName have a domain that belongs in CS'(Artist) = {Artist, Person} then (+1).
reliability(ps, Ticons, Artist,0) = —1 because, in one hand, the domain of the property
bandMember doesn’t belong in C=>( Artist) while its range doesn’t belong in C=0(Artist).
In other hand, the domain of the property hometown belongs in the set C<>°( Artist) but not in
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C=Y(Artist). Let us now compute reliability(ps, Ticons, Artist,1). We know that the range
of bandMember belongs in C=!(Artist) while its domain doesn’t belong in C=*°( Artist). So,
this property gives a score of ((-1)+(-1)) to the entity 7Tzcons. The property hometown gives the
same score like in k£ = 0. So, we have reliability(ps, Ticons, Artist,1) = (—=1)+(—1) = —2.

Algorithm 1 ONTOPOD (Ontology and Pattern-based Outlier Detection)

Input: A set of patterns Pset(Dc, m,) obtained from the transactional database D¢ of
a class C of a knowledge graph £ = (7,.A) and an interestingness measure m, with
a € [0,1] and a positive integer k
Output: A set of entities weigted by their scores setOut (for outliers ) and set/n (for
inliers) obtained from D¢
setOut < () > The set of outliers
setIn < () > The set of inliers
for (e,Z¢) € D¢ do
score(e,C, k) < reliability(Z¢, e, C, k) +Z@epset(pc7ma)A¢CI€ reliability(y, e, C, k)
if score(e, C, k) < 0 then
setOut < setOut U {(e, score(e,C, k))}
else
setIn < setInU{(e, score(e,C,k))}

return setOut

D AN A S

Algorithm 1, named ONTOPOD, computes and returns a set of entities likely to be outliers.
It takes as input the transactional database obtained from the entities of a class C' of a given
knowledge graph KL = (7, .4), an interestingness measure m,,, with « the minimum threshold,
and a positive integer k for the maximum level of superclasses to be considered for C'. In the
end, it returns all the entities that have a negative score, and therefore likely to be outliers. Then,
it computes the score of each entity e according to its transaction Z¢ and the extracted patterns
Pset(De,my,) if it is not empty (line 4). Finally, all the entities having a negative score are
retrieved and stored in the setQOut variable (line 6) which is finally returned at output (line 9).
Interestingly, it is also possible to easily flip inliers (those with positive scores) in the setin
variable (line 8). We maintain the idea that the method fails to judge entities that have a score
equal to zero (0). We specifically use three variants of ONTOPOD. The firstis ONTOPOD — No
which means that Pset(D¢, m,,) is empty. The second is ONTOPOD — Freq that corresponds
to the case where the interestingness measure is the frequency, Pset(Dc, freq,). The last is
ONTOPOD — Rare which means that the rare patterns are used Pset(D¢, rarey).

Example 6:

Table 6 gives the scores of ONTOPOD applied in the dataset of Table 7 that corresponds to the
Artist class by promoting the super-class at level 1 (Person) (m, = no means that there is no
interestingness measure that has been provided). As we can see it, our method manages to find
outliers that the FPOF method failed to judge (Masaba_Gupta, Bertram_Goodman, 7icons). It
is also important to note that without an interestingness measure, certain entities risk to have
a score equal to zero (Brett_Newski), hence the interest in finding frequent or rare patterns for
deciding. Moreover, with frequent patterns, ONTOPOD finds all the outliers while with rare
patterns, it adds an inlier (Brett_Newski) to the outliers.

Theoretical analysis of Algorithm 1. In this section, we give the theoretical analysis of
our algorithm ONTOPOD. As we said earlier, we do not consider the complexity of pattern
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Table 6: D 4,4;s: : an example of transactional database from the Artist class of DBpedia with fpof and
ONTOPOD values

ONTOPOD with Pset(D artist, Ma) and k = 1

Artist FPOF ‘ Me = NO ma = freqopo Me = rarep.s
Sid_James 0,5129 6 198 6
Mackenzie_Taylor 0,5129 6 198 6
Giuliana_Camerino | 0,5129 6 198 6
Jerry_Clower 0,5129 6 198 6
Robin_Harris 0,5129 6 198 6
Greg_Giraldo 0,5129 6 198 6
LaWanda_Page 0,5129 6 198 6
Frank_Suero 0,5129 6 198 6
Josephus_Thimister | 0,5129 6 198 6
Omar_Kiam 0,5129 6 198 6
Hank_Williams 0,2704 14 94 28606
Bob_Marley 0,1371 17 49 34801
Brett_Newski 0,0098 1 2 2
Children_of Eve 0,0090 -9 -13 -293
Mystik 0,0091 -7 -11 =227
Twice_as_Nice 0,0091 -11 -15 711
The_Lead 0,0091 -11 -15 -5639
Masaba_Gupta 0 3 3 9
Bertram_Goodman 0 2 2 6
7Ticons 0 -4 -4 -20

mining, which depends on the used pattern mining algorithm. However, the complexity of
our method also depends on the size of the set of mined patterns. Generally, to compute the
score of an transaction (e, Z¢), we first compute the reliability of the itemset Z¢ with refer to
the corresponding entity e in O(|Z|). Then, we compute the reliability of each pattern ¢ in
Pset(Dc, me) to a transaction (e, Z¢) with a complexity in O(|Z| x |Pset(D¢, my,)|). Thereby,
the complexity of ONTOPOD is in O(|Z| x |D¢|) + O(|Z| x |D¢| x |Pset(De, my)|). So, the
complexity of ONTOPOD is generally in O(|Z| x |D¢| x (1 4 |Pset(De, ma)|))-

In the case of ONTOPOD — No, where the set of patterns Pset(D¢,m,,) is empty, the
complexity is only in O(|Z| x |D¢]|).

V  EXPERIMENTS

We will show in this section the effectiveness of our method by presenting the dataset used and
the different measures to evaluate our measure.

Datasets. We use two DBpedia datasets for our experiments: online and benchmark datasets
[23]. The benchmark dataset lacks information on the properties of the entities, which is why
we use the online dataset.

DBpedia Online: DBpedia Online is a set of human-understandable online RDF schema
descriptions accessible to applications. The data is organized in a hierarchical structure. In
this dataset, we will extract, for a class C, its entities (name, properties, domain, and range of
properties), its super-classes, and sub-classes. As already stated these classes contain outliers.
We will use the benchmark dataset to test the performance of our methods.
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Benchmark dataset: This benchmark dataset is a reference database containing 342,781
data instances that can be used for hierarchical classification tasks. It has 3 levels 11, 12, 13,
with respectively 9, 70, and 219 classes. We will focus on some classes of level 2. This dataset
contains the real classes of the entities but does not cover the data of the online database.

Extracting information from DBpedia online. =~ We have chosen to work with some DBpedia
classes. These are the classes «Animal,» «Artist,» «Athlete,» «Company,» «Educationallnsti-
tution,» «Group,» «Politician,» and «NaturalPlace.» We first choose a class C of these classes
for the online extraction and then use SPARQL queries to extract its entities, super-classes, and
sub-classes. The entities of the sub-classes of C are also part of the entities of C. The properties
of each entity and the domains and ranges are also extracted. For instance, for the Artist class,
the following SPARQL queries were executed:

SELECT distinct ?e ?P ?domain ?range
WHERE {

?e a dbo:Artist.

?e ?P ?2objet.

?P rdfs:domain ?domain.

OPTIONAL { ?P rdfs:range ?range }

SELECT distinct ?2C
WHERE {
dbo:Artist rdfs:subClassOfx 2C.

SELECT distinct 2C
WHERE {
?C rdfs:subClassOf+ dbo:Artist.

After the extraction of the online information, for a class C, we keep only the resources
having at least two properties that are in the gold standard since it is these resources whose real
class is known.

In Table 7, we give the number of entities, the number of outliers, and the number of inliers
in each class. A set of properties describes each entity.
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Table 7: Number of outlier and inlier entities in classes

D | Entities| |Outliers| |[Inliers|
Animal 1991 20 1971
Artist 2484 96 2388
Athlete 3040 16 3024
Company 7848 1013 6835
FEducational Institution 3477 15 3462
Group 1519 386 1133
Politicitan 6920 210 6710
Natural Place 8195 12 8183

Frequent and rare patterns extraction and Evaluation metrics.  To detect frequent and
rare patterns, we used the fpgrowth [4] algorithm to find all supports of the patterns in the
database. Then we separated the database into frequent and rare patterns using the average
support as a separation threshold.

For the evaluation of the methods, we used three metrics: the inliers rate /IR, the outliers
rate OR and the harmonic mean of the /R and the OR called F-score. For each method B, we
calculate IR(B), OR(B) and F-score(B).

nig nopg IR+OR
IR(B) = — OR(B) = — F— = 2k——
(B) niy (B) nor = TR ¥ OR

Where nip is the number of inliers found by the method B, and ni is the total number of
inliers in the database, and nop is the number of outliers found by the method B and nor is the
total number of outliers in the database.

There are two sets of experiments conducted in each class to evaluate the performance of
the methods. The first one is the variation of the f-score of the methods according to the value
of k and the second one is the outlier rate and the f-score of the methods for the best value of &.

F-scores evolution according to £.  Figure 3 shows the evolution of the F-scores of the
methods according to the value of k. We notice that, in general, the best values of the F-
score correspond to k = 0. The figures show that our method outperforms the FPOF method.
For some classes, the FPOF method cannot even find outliers. Most outliers are entities of
superclasses, and their properties are very frequent.
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Figure 3: F-score of methods for each class

(h)

Figure 4 shows the performance

of the methods on the different classes. Figure 4(b) is the result of figure 3 for the maximum
f-score value (which generally corresponds to £ = 0). Figure 4(a) shows the outlier rate for
each method in each class. For the classes Company, Educationallnstitution, Politician, and
NaturalPlace our method greatly outperforms the FPOF method. The outliers have frequent
properties that are why the FPOF method fails to find them.
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Figure 4: Outlier rate and F-score per class

VI CONCLUSION

This paper proposed a generic semantic measure of outlier detection that favors some entities
and disfavors others from the semantics behind the ontology (especially the properties and class
hierarchy). We have tested our measure on a gold standard dataset of DBpedia. The experi-
ments showed the effectiveness of our approach. In semantic web knowledge graphs, ontology
plays a vital role that should not be neglected. Our measure is based on the domains and ranges
of properties, the hierarchy of classes, the frequency of properties which are excellent parame-
ters to find the entities outliers. If there are instances classified in class C that have (frequent)
properties which have for a domain (and range) the class C (or its super-classes), we can rea-
sonably suppose that this increases the precision of their membership in C. It is clear that if the
ontology is not complete (i.e., it does not contain all the classes and properties of the data) or
the real entities are poorly described (for instance, they have few properties), the performance
of our measure decreases.

In our future work, we will add a preprocessing step using this outlier detection measure
in the automatic classification process of DBpedia resources. Indeed, to build the learning base,
it is necessary to select positive and negative examples. The measure will allow us to find true
positive examples. Finally, we will apply this method to other Knowledge Graphs like Yago
and Wikidata.
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