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Summary

Some researchers have investigated that the diversity loss will significantly decrease the performance of Prob-
abilistic Model Building Genetic Algorithm (PMBGA), especially under large search space, leading to the premature
convergence and local optimum. However, few work has been done on the diversity maintenance in the Probabilis-
tic Model Building Evolutionary Algorithms (PMBEASs) with more complex chromosome structures, such as tree
structure based Probabilistic Model Building Genetic Programming (PMBGP) and graph structure based Probabilis-
tic Model Building Genetic Network Programming (PMBGNP). For the PMBEAs with more complex chromosome
structures, the required sample size is usually much larger than that of binary structure based PMBGA. Therefore,
these algorithms usually become much more sensitive to the population diversity. In order to obtain enough popu-
lation diversity, the large population size is needed, which is not the best way. In this paper, the maintenance of the
population diversity is studied in PMBGNP, which is a kind of PMBEA, but has its unique characteristics because of
its directed graph structure.

This paper proposed a hybrid PMBGNP algorithm to maintain the population diversity to avoid the premature
convergence and local optimum, and presented a theoretical analysis of the diversity loss in PMBGA, PMBGP and
PMBGNP. Two techniques have been proposed for the diversity maintenance when the population size is set at not
large values, which are multiple probability vectors and genetic operators. The proposed algorithm is applied and
evaluated in a kind of autonomous robot, Khepera robot. The simulation study demonstrates that the proposed hybrid
PMBGNP is often able to achieve a better performance than the conventional algorithms.

1. Introduction a graph-based PMBEA named Probabilistic Model Build-
ing Genetic Network Programming (PMBGNP) [Li 09, Li
10a, Li 10b] has been proposed, where the directed graph

Probabilistic Model Building Evolutionary Algorithm  5sed structure of Genetic Network Programming [Kata-

(PMBEA) is a new class of evolutionary algorithms, where giri 00, Hirasawa 01, Eguchi 06, Mabu 07] is used to rep-

a probabilistic model is built based on the better individu- esent its chromosome.

als of the current population and used to generate the new

population. There is a wide range of such work in Ge- PMBGNP could inherit the advantages of GNP which
netic Algorithm (GA), which is usually called PMBGA can deal with dynamic environments effectively and effi-
[Baluja 94, Mihlenbein 96, Harik 98, Larfeaga 02, Pe-  ciently due to the directed graph based network structures,
likan 02a], and work in Genetic Programming (GP), de- and the characteristics of PMBEA because of the prob-
noted as PMBGP [Salustowicz 97, Sastry 03, Yanai 03, abilistic modeling of promising solutions. PMBGNP al-
Shan 06, Hasegawa 08]. However, very few work has lows us to take into account the dependencies between the
been done on extending it to the graph-based evolution-internal network structures of GNP to prevent the break-
ary algorithms. In the previous research by the authors’, age of building blocks, therefore shows more suitability
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for the decomposable problems. diversity of PMBGNP in terms of improving the explo-

Most of the current PMBEAs suffer from the problem ration ability, which are multiple probability vectors and
that the diversity of the genetic information will be sig- genetic operators. The proposed algorithm is denoted as
nificantly decreased in the generated population when thehybrid PMBGNP and is evaluated in a real world problem,
population size is not large enough, leading to the local controlling a kind of autonomous robot, Khepera robot
convergence. The diversity loss in PMBGA has been provefMichel 96, Cyberbotics]. The simulation study shows the
in [Shapiro 06]. Therefore, when PMBGA is used to solve proposed algorithm could significantly maintain the diver-
problems, its population size should be set at an enoughsity of PMBGNP to solve the problems.
size in order to ensure the enough diversity for the global
optimum [Pelikan 02b]. Some studies also investigated 2.  Literature review
that applying mutation operator [Handa 07] or niching op-
erator [Sastry 05] to PMBGA could maintain the popula-
tion diversity.

On the other hand, for the PMBEASs with more complex
structure representations, the problem of the diversity loss
is much more essential than that of PMBGA, since the
required sample size in such PMBEAs is usually much

larger than that of PMBGA (see section 3). On the other i i
blocks of different complexity. The class of GA based

hand, in order to solve the problems consisting of large ) . i

. . . PMBEA is usually called as PMBGA [Mhlenbein 96,
search space, the required population size should be set at ~ ] ) )
. . Harik 98, Larrdaga 02, Pelikan 02a]. PMBGA identi-
huge values to ensure the enough diversity. Therefore, the ) ) o
. . . fies and recombines important building blocks through es-
study on the diversity maintenance becomes much essen-

tial in the PMBEAs with more complex structure repre- tllmatlng the dIStI’Ibutlor] of promising individuals. Algg-
sentations rithm 1 shows the basic pseudo-code of PMBGA, which

is the same as most PMBEASs.

In the research on PMBGP, Probabilistic Incremental . . .
. . PMBGA studies the GA's binary string structure by cal-
Program Evolution (PIPE) uses a mutation operator to ex- . . , o .
cuating the frequencies of O’'s or 1's in each gene loci.

plore the search space [Salustowicz 97], while Estima- _ L
. o . ) Generally, marginal probability is used to represent the
tion of Distribution Programming (EDP) adjusts the calcu- e . . . .
o . . . probablistic model of PMBGA without interactions, while
lated probabilistic model by Laplace Correlation to avoid . . .
. the joint probability is used to represent the probabilis-
the premature convergence [Yanai 03]. However, most of L .
. e . tic model of PMBGA with interactions. Numerous al-
these algorithms are testified in GP’s benchmark problems | .
. , ._gorithms have been proposed to draw the success of this
with not so large search space, such as symbolic regression . . o
. . topic, in both theory and application.
problems and boolean function problems, and the impor-
tance of the diversity maintenance is not clarified clearly Algorithm 1 Algorithm of PMBEAs
in PMBGP. As a PMBEA with graph-based structure rep- 1: £ <0
resentations, PMBGNP holds the same problem of the di- randomly generate an initial populatiéfit)
versity loss as PMBGP, and even more serious. The reason 2: evaluate the fitness of the initial population
is that, the graph structure and population size of GNP are 3: execute selection operator to select a set of promising
usually set at small values to solve problems, whichisone  individuals B(t)
of the advantages of GNP [Mabu 07], therefore the sample 4: construct a probabilistic modél’ from B(t)
space becomes much smaller than that of PMBGP, which 5: generate a new populatid(¢ + 1) using the proba-

2-1 PMBGA

The idea of probabilistic modeling building evolution-
ary algorithm (PMBEA) was first introduced in the field
of binary GA in [Baluja 94], and has attracted much at-
tention in the last decade. It consists of three types of al-
gorithms: no interactions, pairwise interactions and mul-
tivariate interactions [Pelikan 02b], to study the building

probably causes the diversity loss. bilistic model P?
This paper focuses on studying the diversity mainte- 6: evaluate the fitness of the new populati®f + 1)
nance of PMBGNP to make it work in the problems with sett < t+1

larger search space than that of classical benchmark prob- 7: if the termination criteria are not met, goto 3

lems. This paper presents a short survey of the current

study of PMBEASs in terms of different kinds of chromo-

some representations, and theoretically analyzes the diver2-2 PMBGP

sity loss of different types of PMBEAs. Also, this pa- Some research has introduced PMBEA into GP, which
per proposes two techniques to maintain the populationuses tree structures to represent its chromosome. The first
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algorithm of PMBGP is PIPE [Salustowicz 97], where Phenotype expression
a prototype tree is constructed and maintained to evolve
GP individuals. PIPE corresponds to the PMBGA with-
out interactions, such as PBIL [Baluja 94] and UMDA
[Muhlenbein 96]. EDP was proposed to extend PMBGP
to pairwise interactions, where Bayesian network is used
to identify the second order building blocks [Yanai 03].
eCGP [Sastry 03] and POLE [Hasegawa 08] extend PM-

: Start node

: Judgment node

: Processing node

: Branch

: Time delay

BGP to multivariate interactions, therefore more complex - Genotype expression
building blocks in GP could be identified and recombined. ~ [__Node Gene Connection Gene |
Node i K, ID, 1 Cc, 1, C, 1, \ \ C, \
. . Node S 0 0 0 1 0
Since PMBGP uses tree structures to represent its chro- Nt [ 2 12 0] |
Node 2 1

mosome, its probabilistic model is generally constructed
by calculating the frequencies of functions in each node,
which is different from that of PMBGA.

Fig. 1 The directed graph structure.

2-:3 PMBGNP §1 Directed graph structure

In the previous research, the authors have first extended pMBGNP uses the directed graph structure of GNP to
the idea of PMBEA to a graph based evolutionary algo- represent its chromosome, which can be illustrated by the
rithm - Genetic Network Programming (GNP) - and called phenotype and genotype expression. Phenotype shows the
the proposed algorithm as PMBGNP [Li 09]. GNP [Kata- directed graph structure, while genotype demonstrates the
giri 00, Hirasawa 01, Eguchi 06, Mabu 07] is an exten- encoding of GNP. As shown in Figure 1, ietepresent a
sion of GA [Holland 75, Goldberg 89] and GP [Koza 92, node number of GNF; defines the type of nodesuch
Koza 94] in terms of using network structures to represent s start node, judgment node and processing néd.
its chromosome. Multiple nodes and their branches arejdentifies the node function, such as judgment function
used to construct the directed graph structures to improveand processing functionC;,, denotes the node which is
the search efficiency and expression ability. Many stud- dgirectly connected from the,;, branch of node. ¢; and
ies have investigated that GNP can outperform the con-¢, are the delay time, which are the time required to ex-
ventional algorithms to solve the complex problems in dy- ecute node and time to transit from nodéeto nodeC;,,,
namic environments, such as Multi-agent Systems [Mu- respectively.
rata 04, Eguchi 06, Mabu 07], Data Mining [Shimada 06], Generally, one start node, a fixed number of judgment

Elevator System Control [Hirasawa 08] and Financial En- .

) _ _ nodes and processing nodes composes the structure of GNP.
gm.eenng [Chen 09, etc. PMBGNP_ '_S evalua?ted' by ap- The start node is only used to decide the first node to be
plying to a real world based data mining application and

the comparative analysis shows its superiority comparing
with the conventional GNP [Li 10a, Li 10b].

transited, while the judgment and processing nodes save
some functions corresponding to the concrete problem.
For agent control, each judgment node works as "if-then”

Although there is few work on studying the graph struc- type decision making functions to judge the environment
ture representation based PMBEA, the previous researchto make a decision, while processing nodes preserve the
has shown the superiority of graph based evolutionary al- action functions to determine the agent’s action. In this
gorithms for some problems in terms of stronger expres- structure, each judgment node consists of multiple branches
sion and evolution ability than that of conventional GP connecting to different nodes, where the next node to be
[Teller 95, Miller 00, Hirasawa 01]. On the other hand, transited is determined by the judging result of the envi-
GNP is mainly designed for solving some complex prob- ronment. Processing node only has one branch, since the
lems in dynamic environments, where the required searchprocessing functions only determine the agent’s actions.
space is generally large. Therefore, PMBGNP could be Therefore, the agent will be controlled by transiting the
considered having two characteristics, that is, the exten-nodes until the task is solved. Generally, when solving
sion of PMBEA to graph structure based evolutionary al- problems, the number of judgment and processing nodes,
gorithms and applicability of PMBEA to dynamic envi- the number of branches in judgment nodes and the time
ronments rather than static environments. delays are predefined.
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(D Plik 1)
(2)| P,k 2)
(D) | Pl k)
For the ke . i+
branch of node i @ Pl K j+1)
Learn the structure of A H
GNP individuals
l Fig. 3 An example of node transition.
- All the branches of each
Calculate the connection | / node will be studied to
propabllmes between estimate their connection
different nodes. probabilities.

ot (i,k,7): value defined by
1  ifthe k4, branch of nodé of
individual n is connected to
nodej in t;;, generation,

§2 Probabilistic model construction 0 otherwise.

The flowchart of PMBGNP is the same as most PM- 4! (i, k, j): value defined by
BEAs as shown in Algorithm 1. The model construction ¢! (i, k,j) = ¢ if the transaction from thg,;, branch of
of PMBGNP is inspired by PMBEA with no interactions. nodes to nodej of individual n occurs?
However, due to the graph structure of GNP, the connec- times in thet;;, generation.
tion probabilities between different nodes are consideredy: coefficient.
to construct the probabilistic model in PMBGNP. There-  Besides, the following exponential smoothing method is
fore, it could be classified as a kind of PMBEAs with pair- considered to update the current probabilistic model con-
wise interactions as shown in Figure 2. In the gener-  sidering the previous generation’s connection probabili-
ation, P* denotes the probabilistic model, aft (i, &, 5) ties.
represents the connection probability from thg branch
of nodei to nodey.

These connection probabilities are calculated by con-
sidering the connection information and transition infor- ing rate.
mation between different nodes. The reason why we con- When sampling the model, the probability distribution
sider these two factors is as follows. In GNP, the directed P(ind) of an individual is given by
graph structure is based on the connections of different
nodes by branches. Therefore, the connection information P(ind) = H H Pli,k,ind 1], 3)
is the most important information which deserves the cal- i€NeNP keA(D)
culation of probabilities. On the other hand, in GNP, usu- yhere,
ally all the nodes are not used in the transition to solve the . . .- set of suffixes of nodes in GNP individual.
problems in one individual. The node transition is made A(i): set of suffixes of branches of node

by selecting the necessary nodes. In an example shown iQnd(f,.k)i the node which is connected from thg, branch

Fig. 2 The probabilistic model construction in PMBGNP.
3y, (1, K, 5) =

P(i,k,j) + (1 —a)P(i,k,j) +aP'(i,k,5). (2)

Here, coefficienty € (0,1) can be considered as a smooth-

Figure 3, the nodes are transited like+ 2 -5 — 6 — 9 of nodes in individual ind.

to solve the problems, which means the information on the Pli, k,ind(, 1: probability that thek;, branch of node
connections of the transited nodes is useful for solving the is connected to nodeud; ).
problems.

Therefore, the connection probabilities of the gener-
ation is calculated as follows.

> [0 (i K, ) + o (i, )]

3. Diversity loss

The diversity loss of PMBGA has been clarified by Shapiro

P(ik,j) = —=5 - —, @ : . iy .
> >[04k, ) +not (i, k, 5)] in [Shapiro 06] using the trace of empirical co-variance
jean el matrix. However, there is few work on analyzing this is-
where, sue in PMBGP. This section discuss the significance of the
N': set of suffixes of promising individuals. diversity loss in PMBGP and PMBGNP, and the authors
A(i, k): set of suffixes of connected nodes from thg argue that the diversity loss in PMBGP and PMBGNP is

branch of node. more essential than that of PMBGA with binary structures,
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since the search space in each chromosome of GP or GNP [Theorem 2] If the number of individuals in a popula-
is larger than that of GA. tion is NV, the diversity los9p of PMBGP could be rep-
Suppose that the set of suffixes of genes in each PM-resented by the probability that an individual is not sam-
BGA individual is Ng 4, while the set of suffixes of nodes pled in the search space, which is
in each PMBGP individual is als®&/;p*!. In GNP, the
number of nodes and the number of branches are gener-
ally predefined and fixed. Suppose that the set of suffixes
of nodes in each PMBGNP individual 8¢ p and the
set of suffixes of branches in each PMBGNP individual is
Ny.o. The size of the search space of these three algo-
rithms can be calculated by

Dgp = [1— Pgp(ind)]N. (11)

[Theorem 3] If the number of individuals in a popu-
lation is IV, the diversity lossDgnyp of PMBGNP could
be represented by the probability that an individual is not
sampled in the search space, which is

(GA) = 2INeal (4) Danp = [1 — Ponp(ind)]N. (12)
w(GP) = gNerl, ®) The proof of Theorem 2 and Theorem 3is similar to
¥(GNP) = ([Ngnp|—1)Noral, (6) Theorem 1, therefore it would not be shown in this paper.

FromTheorem 1, Theorem 2andTheorem 3 we could
find that, the smalleP(ind) € { Pga(ind), Pap(ind),
Psnp(ind)} is, the more serious the diversity loss is.

Here,¢ represents the number of functions in each node
of GP*2. There is no self-loop in GNP network structure,

since it will cause the infinite loops of GNP programs. . ) ) .
Moreover, there is an inverse relationship betwB¢md)

Therefore, for each branch of the node in GNP, the candi- |
date nodes to be connected are all the nodes except itself",’md the size of the search space {#(GA), ¥(GP),

where|Neyp| — 1 in Eq. (6) represents the number of Y(GNP)}. Therefore, when the search space becomes

candidate nodes to be connected. If variables in the searcﬁarger’ th_e diversity loss is more serious. From Eq. (4)_(6)_’
space are treated equally, the probability for each individ- we can find generally the search space of GP and GNP is

ual to be sampled can be calculated by much larger than that of GA, singeand| N n p| is much

1 larger than 2.
Paa(ind) = 9INGal’ () On the other hand, we could find when the population
1 sizeN is small, the diversity los® € {Dga, Dep, Danp}
Pap(ind) = SNl 8) will approach near to 1, which means the diversity loss is
1 very serious. Therefore, in the previous research of PM-
Panp(ind) = 9) BEAs, the population siz&' is generally set at large val-

(INanp| = 1)Nerel”

The diversity lossDg 4, Dgp and Doy p 0f PMBGA,
PMBGP and PMBGNP could be calculated, respectively
as follows.

[Theorem 1] If the number of individuals in a popula-
tionis IV, the diversity los s 4 of PMBGA could be rep-
resented by the probability that an individual is not sam-
pled in the search space, which is

DGA = [1 — PGA(ind)]N. (10)

(Proof) When generating one individual, the proba-
bility that individualind is not sampled to the population
equals tol — P a(ind). Therefore, when generatimy
individuals, the probability that individuahd is not sam-
pled to the population equals fp— Pg 4 (ind)]™. Then,
the diversity loss of an individual in GA can be obtained
by Eq. (10). |

ues to obtain the enough population diversity. However,
when solving the problems consisting of very large search
space, the required population size should be set at huge
values, which is almost impossible. GNP is generally de-
signed to solve the complex problems in dynamic environ-
ments. Therefore, maintaining the population diversity is
much essential in PMBGNP.

4. The proposed method

This section focuses on proposing an extension of PM-
BGNP to maintain its population diversity and to escape
from the local optimum of final solutions. Two novel tech-
nigues, which are multiple probability vectors and genetic
operators, have been proposed to maintain the population

diversity of PMBGNP in terms of improving the explo-
x1 Generally, in order to avoid the bloating of GP, the structure of GP . e . . N .
is designed with some constraints, such as the maximum number of ratlon_ablllty' Since the proposed .algorlthm IS. mSpIrEd by
nodes or the maximum tree depth. Here, the maximum number of genetic operators of the conventional evolutionary algo-
nodes is selected as the constraint. rithms, the proposed algorithm is named hybrid PMBGNP

x2  Although GP consists of function nodes and terminal nodes, this
paper treats them equally. (hPMBGNP).
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The motivation that makes hPMBGNP innovative is that: gle probability vector. Therefore, the probabilistic model
firstly, it evolves multiple populations by constructing mul- could be denoted as follows.
tiple probability vectors. Secondly, it also applies genetic
operators like crossover and mutation to the multiple prob- P ={P:|r € R}.
ability vectors, where the exploration of the search space P, = {P.(i,k,j)|i € Nanp;k € A(i);j € A3, k)}.
and population diversity could be improved. One should
note that the proposed crossover and mutation are applied
to change the probability vectors, not the individual struc-
ture which is used in conventional evolutionary algorithms.

In hPMBGNP, there are several populations, i|&).
Each population consists of a number of individuals, i.e.,
M. All the individuals will be initialized by random and
evaluated by a predefined fitness function. With their fit-
ness values, the set of promising individuals would be se-
lected. For each population, hPMBGNP constructs a prob-
abilistic model as described in section 2. The probabilistic
models are represented by connection probability vectors,
therefore, hPMBGNP consists (®| probability vectors,
whoser;, one is denoted aB. (r € R). Genetic operators Z Br(ik,j) =1 (13)
such as crossover and mutation are applied to probability ‘jEA(i’k) _
vectorsP, to produce new probability vectoi.. forall i € Nowp and allk € A(3).

. . . §1 Crossover
The new|R| populations will be generated by sampling ) .
- / . Crossover is executed between two probability vectors
the probability vector®,.. In conventional GNP, crossover

. . and produces two new probability vectors. Crossover op-
and mutation are directly used to generate the new popu- P P y P

. erator exchanges all the probabilities of the selected branches
lation, as a result, the strongly related sub-structures of

GNP sometimes will be broken down to produce uninter- as shown in AIgonthm 2. Figure 4 shows an example on
L . . . . how crossover works in hPMBGNP.

esting individuals, while the probability model is carried

out by learning the structure of promising individuals to Algorithm 2 Crossover of hPMBGNP

guide the evolution of hPMBGNP. Therefore, PMBGNP 1. m,n € R

inherits the characteristics of PMBEAs that the building Select two probability vectors,,, and P, from P.

blocks could be recognized and represented implicitly in 2: Each branch(i, k) is selected as a crossover branch

the probabilistic model, then the generated population be-  with the probability ofp...

comes capable of avoiding the breakage of building blocks. 3: Two probability vectors exchange the probabilities of

On the other hand, crossover and mutation are applied to  the corresponding crossover branches, Bg.(i, k, j)

the constructed model, which means maintaining the pop- ~ andP, (i, k, j) are exchanged.

ulation diversity leads to that PMBGNP can handle the

problems consisting of the large search space. The details;2 Mutation

of the probabilistic model construction and genetic opera- Mutation is executed in one probability vector to pro-

4.2 Genetic operators

Crossover and mutation are designed to produce the new
probabilistic modelP". The role of genetic operators of
the probabilistic model is to explore the probability vec-
tors. In each generation, the constructed multiple proba-
bility vector P, is replaced with the new one generated by
crossover and mutation. Tournament selection is used in
hPMBGNP to select probability vectors for crossover and
mutation. Crossover and mutation operators are carried
out subject to the following condition.

tors in hPMBGNP will be introduced next. duce a new one. The probabilities of the selected muta-
tion branches are changed randomly by mutation operator,
4.1 Probabilistic model construction where it should satisfy the condition in Eq. (13). The mu-

sented as probability vectdt.. P! denotes the probability

vector P, in thet,;, generation, and’ (i, k, j) represents

the connection probability from thk,, branch of node 43 Diversity maintenance of hPMBGNP

i to nodej. The mathematical formulas to calculate the  In conventional PMBEAs, once the probabilityin the
probability vectors in hPMBGNP are the same as the onesprobabilistic model is equal to zero, the corresponding
used in PMBGNP in section 2. The different pointis that *3 In PMBGA with no interactions, the probability is represented
in hPMBGNP, the probabilistic model consists of multi- by Pene(0) Of Pyene(1), and that of PMBGP is represented by

- ) ] ) Poge(function). In PMBGNP, P(i, k, j) represents the proba-
ple probability vectors, while PMBGNP consists of a sin- bility.
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P P ~ T INaxpl-1- o). (15)
D[Ptk )] orpramariae | Pk | 2ENbra
(2) | Pufi k 2) Teoner | Piik 2) (2 (Proof) As described previously, when the probabil-
: : i ities in the probabilistic model are equal to zero, the cor-
(—tp(D) | Pfi K, J) = o Pk ) |50 responding variables will never be sampled in the future
Gy | Pl ko j+1) Pali K j41) |G+ generations. For branch the number of probabilities that
; ; is not equal to zero I§Ngnp| — 1 — o(2)]. Therefore, the

size of the search space of the standard PMBGNP is
Fig. 4 Two probability vectorsP,, and P, are selected by tourna-

ment selection. In this example, branhk) is selected as a H [|NGNP| -1- O(Z)]~ (16)
crossover branch and their probabilitiesif, and P,, are ex- 2ENpra

changed with each other to generate the new probability vectors . . . .

P’ andpP’ . When mutation is applied to the proposed algorithm,

| Nora|pm Dranches will be selected as mutation branches.
For all mutation branches, their probabilities are always
Algorithm 3 Mutation of hPMBGNP positive values by Algorithm 3. On the other hand, for the
1: Select one probability vectd?, from P. branches in sef, their probabilities are still possible to be
h Zero like standard PMBGNP. Therefore, the search space
could be calculated by

2: Each branch(i, k) is selected as a mutation branc
with the probability ofp,,,.

3: For each nodg € A(i, k), randomly generate a posi- (INanp|—1)!Neraltm TT[|Nanp| =1 - o(2)]. (17)
tive valuem,(j). zes
4: Generate new probability vectd?, using the follow- It is easy to know the size of the search space is in-
ing Equation. creased when mutation is done by comparing Eq. (16)
Pllik.j) = m(j) _ and Eqg. (17), and>M (r) denotes the increased size of
> m(y) the search space as shown in Eq. (15). The total search
JEA(iK) space of PMBGNP can expressed by Eq. (6), therefore the
diversity maintenance rate can be calculated by Eq. (14).
O

variable will never be sampled in the future generations.
This subsection discuss the diversity maintenance of the _ _ Y
proposed algorithm comparing with the standard PMBGNPINaN Zero, V‘fh'Ch'mea”S the mutation could maintain the
Although crossover cannot preserve the population di- population diversity of PMBGNP. Moreover, when the value
versity, but it could explore the search space in another®’ (?) becgmes 'arQe‘D_M(T) will also becomg large
way. For example, even though a probability in proba- when mutation rate is high, therefore the mutation could
bility vector P, is equal to zero, it could be changed to ensure better diversity maintenance when the population

a positive value by exchanging with another probability diversity is significantly lost.
vector by crossover, which could explore the search space
to avoid the local optimum. 5. Simulations

Here, we discuss the diversity maintenance by the mu-
tation in the proposed algorithm.

[Definition 1] o(z) represents the number of probabil-
ities equal to zero in branch

[Definition 2] S is the set of suffixes of branches that
are not selected as mutation branch. Itis very easy to know
that| S| = |Nora|(1 — pp). 5.1 Settings of the simulations

[Theorem 4] For thery, population, the diversity main- 1 Settings of the robot
tenance rate is defined by Eq. (14) and Eq. (15) Khepera robot is a small (5.5cm) differential wheeled
mobile robot, which includes 8 infrared sensors allowing

It is easy to analyze thd M (r) of Eq. (15) is larger

The proposed algorithm is evaluated by controlling the
movement of Khepera robot and a comparative study among
standard GNP, PMBGNP and hPMBGNP is carried out in
this section.

M(r) = DM(r) N (14) it to detect the proximity of objects in front of it, behind it,
(NG p| = 1)1 and to the right and left sides of it by reflexion. Each sen-
where, sor returns a value ranging from 0 to 1023Two motors
DM(r) = (|[Nanp| — 1)\melpm H [[Nenp|—1—o0(2)] x4 0 means that no object is perceived, while 1023 means that an

sEs object is very close to the sensor, almost touching the sensor.
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which node to visit next. Each processing node determines
-1 the speed of the left or right wheel. The time delay of judg-
| ! ment nodes is set at 1 time unit, that of node transition is
set at O time unit and that of processing node is set at 5
time units. The robot will take one step of action when 10
or more time units are used. For example, after executing
four judgments and one processing, if another one pro-
cessing is executed, the total time units become 14, which
lead to the end of one time step. On the other hand, the
simulation ends when the end condition is satisfied, that
Fig. 5 Simulation environment. is, the time step exceeds 1000, which means the task will
end when the robot moves 1000 time steps.

.
Start
e o ¢

N N

corresponding to the left wheel and right wheel can take §4 Parameter settings _
speed values ranging from -10 to +10. The robot move- The parameter settings are shown in Table 2. In order to

ments are controlled by the speed of the two wheels. St”‘?'y the proposed a.lgorlthm, the number of populations
§2  Wall following problem |R| is set at six, not single one as the standard PMBGNP,

The proposed algorithm is evaluated by solving the wall and the total number of individuals is set at a small value

following problem of Khepera Robot [Mabu 06]. Figure 5 to evaluat(_e the motlv_a_t|_on 9f this work. The crossover
shows the environment used in this simulation. The size and mutation probabilities in GNP and hPMBGNP are

of the simulated environment is 1 m 1 m, where there set appropriately through the simulations, ig.~ 0.1

are obstacles (walls) in it. The task ends when the time ar?dpm, =0.01 are used f(?r_ both GNP and hPMBGNP |.n

step reaches predefined steps (1000 in this paper). Théh's paper. Each probability vector is constructed for its
wall following behavior of the robot generated by GNP corresponding population, therefore total six probability
is evolved by evolution. Reward and fithess are designedvectors exist in hPMBGNP. Two of them are evglved by
based on [Nordin 98]. The aim of the fitness evaluation is crossover and the rest four are evolved by mutation.

to evolve the robot for moving along the wall as fast as and Thg number 0““0'9"“6’“ nodesis set at_40,_wh|ch means
as straight as possible. Therefore, the reward and fitness iéeaCh Judgment function has 5 corresponding judgment nodes.
Meanwhile, 20 processing nodes exist in an individual,

which means each processing function has 2 correspond-
ST T ing processing nodes. The total number of bran¢thgs, |
(1- T)C, (18)

calculated as the following.

Reward = — in an individual is| Ny.q| = 40 x 2 4 20 = 100, therefore
the size of the search space of PMBGNP in the simulations
( 1%.:0 Reward) is calculated by
Fitness = %, (19) ¥(GNP) = (|Nagnp|— 1)|me| =591 (20)
where, In each generation, GNP directly preserves the best in-
vr, vy the speed of right and left wheels, dividual to the next generation, and the remaining indi-
1 all the sensor values are less viduals are generated by crossover and mutation (120 by
than 1000, and at least one of crossover and 179 by mutation). For PMBGNP, 299 indi-
¢= them is more than 100, viduals are generated by sampling the probabilistic model,
0 otherwise. and combined with the elite individual to form the next
§3 Settings of network structures new population. In the proposed algorithm, the process

The node functions used for the Khepera robot are showrof evolving each population is the same as PMBGNP and
in Table 1. Each judgment node simulates the correspond-inally 294 new individuals and 6 elite individuals corre-
ing infrared sensor of the Khepera robot, and returns asponding to 6 populations are combined to form the new
value probing the position of the robot. In this paper, the population.
number of branches of judgment nodes is set at 2, which
means each judgment node returns a value ranging from (6.2 Simulation results
to 1023, and comparing the returned value with its thresh-§1  Simulation 1
old value (1000 is used in this paper) the judgment node In simulation 1, the start position of the robot is fixed at
determines which branch should be selected, as a resultthe left side of the environment every generation, as shown
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Table 1 Node functions used for Khepera robot.
Node Function
Jiy Jo, o Js Judge the value of the sensor 1, 2, ..., 8
Py (—10), P (—5), P1(0), P1(5), P1(10) | Determine the speed of the right wheel to -10, -5, 0, 5 o 10
P5(—10), Py(—5), P2(0), P2(5), P2(10) | Determine the speed of the left wheel to -10, -5, 0, 5 or {10

Table 2 Parameter settings. I - N
¥
Parameter GNP | PMBGNP | hPMBGNP 100 e (10,10)
Number of populationR| 1 1 6 I
Number of individuals per populatiah/ - - 50 I — @9
Total number of individualsv 300 300 300 1 :
— Crossover 120 - T a05) H
— Mutation 179 - - ]
—Elite 1 1 6 I ;2" ===
Number of probability vectors - 1 6 ] e |
— Crossover - - 2 I
— Mutation - - 4 I (left wheel speed, right wheel speed)
10,5,
Number of promising individuals - 150 25 1 S >
Crossover probability,. 0.1 - 0.1 I
Mutation probabilityp,,, 0.01 - 0.01 I
Number of judgment nodes 40 (5 for each judgment function -
Number of processing nodes 20 (2 for each processing function)
0 a -] 0.01,0.1 Fig. 7 The successful track of robot by hPMBGNP.
0.9 T T T T T T T T
v — Table 3 Result of t-test between GNP and hPMBGNP in Simulation 1.
08 hPMBGNP -------- |
GNP | hPMBGNP
hPMBGNP (0.72)

orr T, Mean 0.63 0.72
o Standard deviatio 0.088 0.058
T-test (p value) | 0.0074 -

06 -

05 [/

g
Z: PUBSNP(OZ) ulation result confirms that the proposed algorithm can
0 z | maintain the population diversity that avoids the local con-
ol | vergence. On the other hand, the result shows that hPM-
. L Draveegefinesolthe bedtindvidud, BGNP has faster convergence than GNP in an early gen-
0 0 oo dm el 0 70 E0 s 10w erations, and achieves better fitness value than GNP in the
last generation.
Fig. 6 Simulation results of GNP, PMBGNP and hPMBGNP Figure 7 shows a successful track of the best solution

in Simulation 1.

controlled by hPMBGNP. The figure shows that the pro-
posed algorithm can solve the wall following problem well.
in Figure 5. Figure 6 shows the average fitness curves ofThe robot can move straight along the wall and avoid the
the best individuals in each generation over 30 indepen-obstacles. In some trials, GNP can also obtain good tracks.
dent simulations. But in other trials, good results cannot be obtained, thus

In an early generations, PMBGNP and hPMBGNP show GNP achieves lower average fitness value than hPMBGNP.
better fitness than GNP because the probabilistic modelsOn the other hand, PMBGNP cannot solve the problem
have higher evolution ability to find better solutions. How- due to the premature convergence.
ever, when the generation goes on, PMBGNP suffer seri- Table 3 shows the results of t-test (one side) of the mean
ous diversity loss due to the sample size is much smallerfitness values between GNP and hPMBGNP. The p value
than the required one. Moreover, since PMBGNP does notshows that there is a significant difference between GNP
have any mechanism to preserve the diversity, therefore itand hPMBGNP.
quickly converges to a local optimum. §2 Simulation 2

GNP shows better fitness values than PMBGNP, because In this simulation, the start position is randomly changed
even if poor individuals are generated in an initial genera- every generation, thus if there is no wall around the robot,
tion, crossover and mutation can explore the search spacét must search for the walls and move along them. The
in each generation, which avoids the premature conver-motivation of simulation 2 is to study if the evolution pro-
gence. cess can learn and evolve building blocks of GNP indi-

The proposed hPMBGNP shows the best fithess amongviduals which can adapt to more general situations, when
the three algorithms. Comparing with PMBGNP, the sim- the start position is randomly set every generation. There-
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Fig. 8 Simulation results of GNP, PMBGNP and hPMBGNP
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in Simulation 2.

700 800 900 1000
Generation

Table 4 Result of t-test between GNP and hPMBGNP in Simulation 2.
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Fig. 9 Testing environment.

achieves the best average fitness value, and the t-test re-
sult shows that there are significant differences between
GNP and hPMBGNP.

GNP | hPMBGNP
Mean 0.55 0.63 Table 5 Result of t-test between GNP and hPMBGNP in the testing
Standard deviatioj 0.127 |  0.102 environment.
T-test (p value) | 0.0011 - GNP hPMBGNP
Mean 0.36 0.45
Standard deviation 0.115 0.080
fore, when the evolution process starts, the identification T-test (p value) | 2.83 x 107 -

and recombination ability of building blocks among GNP,
PMBGNP and hPMBGNP were compared.
Figure 8 shows the average fitness curves of the best-3 Effect of multiple probability vectors
individuals in each generation over 30 independent sim- In this subsection, the number of populatid#g§ and
ulations. hPMBGNP also shows the best fithess valuesthe number of individuals in each populatid#h are set at
among the three algorithms, which means that, even if various values to study the effects of multiple probability
the simulation situation changes, the adaptable buildingvectors. Most simulation settings are the same as Table 2,
blocks can be identified by the proposed algorithm and ef- while different settings ofR| and M are used.
ficient recombination of building blocks make it possible  The total number of individuald” equals to 300. Since
to achieve better performances. there are so many combinations|&ff and M, we simply
Table 4 shows the results of t-test (one side) of the meandefine that each population has the same number of indi-
fitness values between GNP and hPMBGNP in simulation viduals, which means/ = %. Therefore, we tested four
2, where there is a significant difference between GNP andsimulations, where the settings OR| are like |R| =4,
hPMBGNP. |R| =5, |R| =6 and |R| = 7*". Table 6 shows the de-
§3 Generalization ability tailed parameter settings of the 4 simulations. Figure 10

To testify the generalization ability of the proposed al- Shows the effects of differeR| on the best fithess curves.
gorithm, the robot is evaluated in an testing environment ~ For each simulation, at least 2 populations are needed
as shown in Figure 9. The best solutithef GNP and for crossover, and mutation is applied to the left popula-
hPMBGNP obtained from simulation 2 are used to con- tions. Since crossover has little exploration ability, a small
trol the robot. The average fitness values of each algorithmnumber of population§R| will cause small mutation ef-
are calculated based on 1000 independent trials, in whichfects, which can not guarantee enough exploration ability
the start position of the robot is set randomly. Table 5 O obtain the best performance. Therefore, in the case of
shows the performance of GNP and hPMBGNP in the test- | 22| = 4, the simulation achieves the worst performance.
ing environment. The average fitness value and standardn the other hand, too lard&| will make too small pop-
deviatiort® in Table 5 show that the proposed algorithm ulation sizeM, which cannot guarantee enough sample

size to estimate an accurate probabilistic model. We can
x5 30 independent runs of simulation 2 can obtain 30 best solutions.

%6 For each best solution, the average fitness value and standard delclnd from Figure 10 thatRl = 6 Is an appropriate value
viation can be calculated from 1000 independent trials. The final among the four simulations.
average fitness value and standard deviation can be obtained from
the 30 average fitness values and standard deviations. *7

In the simulation of R| = 7, 6 populations consist of 43 individ-
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Table 6 Parameter settings of 4 simulations. T T T T T T T T T
6400 PMBGNP

- - hPMBGNP ------- i
Simulation |[R|=4 | |R|=5||R|=6||R=T
Number of individuals per populatioh/ 75 60 50 42,43 ° 6100 - PMBGNP (converge to 5800;
Total number of individualsv 300 S a0l 3\
Number of probability vectors 4 5 6 7 3
— Crossover 2 2 2 2 % 5500 - b
— Mutation 2 3 4 5 % soo0 | ﬂ(ﬂ,w\,;‘wu‘WWmw‘V»\J‘».‘,r,mwwmww\a”W ,,,.m,,A,\,;‘wﬁ,u.\,,,,,v‘qwmmwr:;'wi
Number of promising individuals 35 30 25 20 3 v hPMBGNP
S 4000 L (fluctuated around 5300) |
5 1
0.9 T T T T T T T Y|R|:4 T '§ 4600 i 4
08 REo
8 - Ri= i
RI=7 4300 i
07
4000 1 1 1 1 1 1 1 1 1

0 100 200 300 400 500 600 700 800 900 1000

06 _
Generation

IRI=5/0.69)

05 1

Fitness

|RI=7 (0.65) i
\_ Fig. 11 Comparison of the diversity between PMBGNP and
IRi=4 062) hPMBGNP.

0.4

0.3 B

02 | i

o1 : diversity maintenance between PMBGNP and hPMBGNP,

(): average fitness of the best individual. . ) )

0 it the following assumption is used.

0 100 200 300 400 500 600 700 800 900 1000 . L A
Generation [Assumption 1] Inthe probabilistic model, a probabil-

ity P(i,k,7) is regarded as zero, if it satisfies

Fig. 10 Effects of different values ofR|.
P(i,k,j) <1.0x 1075, (22)

5.4 Diversity maintenance comparison between PM-  Although the probabilities smaller than0 x 10~° are
BGNP and hPMBGNP not actually equal to zero, these probabilities are too small

To evaluate the diversity maintenance, we compare theto be sampled. Therefor¢Assumption 1] is not con-
change ofb(z) in PMBGNP and hPMBGNP, where 2) trary to the probabilistic model, but makes it possible for
represents the number of probabilities equal to zero in SUM (o) to converge.
branchz as defined ifDefinition 1]. We use simulation 1 to compare the diversity mainte-

In PMBGNP, once the probability in the probabilistic nance between PMBGNP and hPMBGNP. We can find
model is equal to zero, the corresponding variable will from Table 2 there aréNgnp| — 1 = 59 probabilities in
never be sampled in the future generations, while hPM- each branch, and each individual consist§f,..| = 100
BGNP can explore its search space by mutation to over-branches. Therefore, the total number of probabilities in
come this problem. We consider all the probabilities in the the probabilistic modeN,,,.,, can be calculated by
probak?|I!§t|c models, where the following value are used. Nyros = | Noval % ([Nexp| 1)

[Definition 3] SUM (o) represents the total number of
probabllltle§ equal to zero in the probabilistic model, and 100 x 59 — 5900. (23)
we can easily know

Therefore, the probabilistic model of PMBGNP consists

of Nyrop = 5900 probabilities. On the other hand, since
SUM (o) = EN: o(2)- (1) hPMBGNP consists ofR| = 6 probabilistic models, we
2€Npra can obtain totab x NV, probabilities. In order to make

The valueSU M (o) can also represent the convergence j fajr comparison, after counting the number of probabil-
of the probabilistic model. ities equal to zer&U M (o) for each algorithm, we com-

However, one should note that exponential smoothing pare SUMppggnplo) With SUMhPI\/I(}BGNF“’)
method in Eq. (2) causes the probabilities never equal to
zero theoretically, once they are not equal to zero in the
first generation. The probabilities tend to decrease with
respect to the smoothing rate if they are smaller than
the other probabilities of the same branch. Therefore, in
order to calculate the value fU M (o) to compare the

in the

simulations.

Figure 11 shows the comparison of the diversity be-
tween PMBGNP and hPMBGNP. In the figure, the y-axis
of PMBGNP is calculated byU Mppggnp(o). While

SU M, o
that of hPMBGNP is by hP'\gBGNP( ). From this
simulation, we can find that the probabilistic model of
uals and 1 population consists of 42 individuals. PMBGNP converges during the evolution process.
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[Theorem 5] A probabilistic model of PMBGNP con-
verges, if it satisfies

the proposed algorithm by applying it to control the move-
ment of Khepera robot. The experimental results show the
superiority of the proposed algorithm, comparing with the
conventional GNP and standard PMBGNP.

(Proof) If the probabilistic model of PMBGNP con-  There are mainly two advantages of the proposed al-
verges, the probabilistic model will always produce the gorithm. Firstly, comparing with the conventional GNP,
same individual, which means every branch is sampledne proposed algorithm inherits the characteristics of PM-
to connect to a specific node with probability 1. In this BEAs avoiding the frequent breakage of building blocks to
case, if branch is sampled to connect to a specific node gchieve better performances. On the other hand, compar-
with probability 1, it means that the number of probabili- ing with the standard PMBGNP, the proposed algorithm
ties equal to zero in branchis can maintain the population diversity to avoid the prema-

SUM(O) == Nprob - |Nbra|- (24)

O(Z):(|NGNP|_1)_1:|NGNP‘_2- (25)
Then, the total number of probabilities equal to zero in the
probabilistic model is

SUM (o) = |Npra| X 0(2) = | Nora| X (|[Nanp| —2)

= |Npra| X (INanp| = 1) = [Noral.  (26)

By applying Eq. (23) to Eq. (26)[Theorem 5] is
proven.
O
Based onTheorem 5], we can easily find the proba-
bilistic model of PMBGNP has converged in this simula-

tion, since

SUMPMBGNP(O) = Nprob - |Nbra|

= 5900 — 100 = 5800. 27)

On the other, mutation can avoid the convergence of
the probabilistic model of hPMBGNP. From Figure 11,

SU M, o
we can find hP'Vt'iBGNP( ) is fluctuated around 5300,
and never converge. Therefore, hPMBGNP can maintain
the diversity to find the optimal solution gradually.

6. Conclusions and future work

This paper theoretically analyzed the significance of the
diversity loss in general PMBEASs, including PMBGA, PM-
BGP and PMBGNP. The analysis shows that this issue is
especially serious in PMBEAs with more complex struc-

tures, such as PMBGP and PMBGNP. Based on the anal-

ysis, this paper proposed a hybrid PMBGNP to maintain
the population diversity of PMBGNP. The proposed algo-
rithm is an extension of PMBGNP which is a graph struc-
ture based PMBEA proposed recently. In the proposed al-
gorithm, two techniques, named multiple probability vec-
tors and genetic operators, have been proposed to maintai
the population diversity and to make PMBGNP capable
of handling the problems with large search space. This
paper theoretically analyzed the diversity maintenance of

ture convergence of local optima.

PMBGNP has much potential to be expanded. The pre-
vious research of GNP has showed its superiority to han-
dle the dynamic environments, comparing with the classi-
cal evolutionary algorithms, such as GP and EP. Itis possi-
ble that PMBGNP would inherit such advantages that out-
performs the algorithms of PMBGP. In the future, we will
emphasize the research of PMBGNP by comparing with
the classical algorithms of PMBGP. On the other hand,
the current PMBGNP is only designed based on the pair-
wise interactions, therefore, PMBGNP with multivariate
interactions will be studied in the future.
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