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Abstract. In this article, we present for the first time LEMMO: Learn-
able Evolution Model for Multi-Objective that is designed to reduce the
number of evaluations in cost evaluation problems and to boost the ro-
bustness of the multi-objective genetic algorithm. LEMMO is here ex-
periment on a real water distribution optimization problem in order to
show first obtained results. On this problem, LEMMO has shown that it
can be a promising solution for faster optimization needs.

1 Introduction

Fast optimization is more and more essential when facing to real problems that
are more and more time consuming for evaluating a potential solution. There is
a compromise to obtain between only speeding up the optimization method and
keeping good quality in obtained solutions (see figure 1).

In this article, we propose an evolutionary multi-objective method that is based
on machine learning in order to lead search to promising area through the gen-
erations. In the next part, we describe the relative works and in particular LEM
that has conduct us to develop LEMMO. Then, we present the application that
has been used to test our method. Finally we give and discuss results on different
implemented schemes on a water system problem.

2 LEMMO

There are several works that introduce machine learning in evolutionary algo-
rithms as the works of Ravise and Sebag [16,14,15] or Handa [2—4]. These works
are only on bit representation and for mono-objective problems. A more general
approach can be found in the work of Michalski, LEM.
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Fig. 1. Partition of the potential solutions.

2.1 LEM

The Learnable Evolution Model (LEM) [8, 9] integrates a symbolic learning com-
ponent to evolutionary computation; it seeks out rules explaining the differences
between the better and worse performers in the population, and generates new
individuals based on the templates specified in these rules. The LEM methodol-
ogy has proved able to improve on the efficiency of the evolutionary process

LEM uses AQ learning algorithm in order to produce rules. Existing implemen-
tations, such as AQ11 [10] , AQ15 [11] handle noise with pre and post-processing
techniques. The basic AQ algorithm however, heavily depends on specific train-
ing examples during search (the algorithm actually employs a beam search).

2.2 Adaptation to Multi-Objective genetic algorithm

LEMMO will seek for rules that explains why some individuals dominate others
in a multi-objective point of view (class good) and why some individuals are
dominated by other (class bad). It will create new individuals thanks to the rules
by creating solutions that match to positive rules and don’t match to negative
rules. We will see that there are several ways to apply such a mechanism and
that some are better than others.

LEMMO is designed to take any rule induction algorithm in order to produce
rules to create new individuals.

In this first implementation, we have decided to use C4.5 as a rule induction
algorithm. The best known algorithm C4.5 takes a set of examples as input and
produces a decision tree which is consistent with examples [12]. From the tree, it
is easy to obtain rules that suit to examples with C4.5rules which is furnished
with C4.5 by Quinlan. An example of rules generated in our application is given
figure 2.



In order to use such a method, we have to face to problem: how to define the
sample set for C4.5 and how to construct the new solutions from the generated
rules.

Fig. 2. Example of produced rules by C4.5 and C4.5rules for continuous attributes.

R1: A3 <= 0 AND A7 <= 6 AND A18 <= 4
-> class bad

R2: A19 <= 4 AND A21 <=1

-> class bad

R3: A7 > 6 AND A10 <=5

-> class good

R4: A18 > 4

-> class good

Construction of the sample set for the inducer algorithm In order to
produce rules, C4.5 need a set of examples to construct the decision tree. In
a mono-objective problem, Michalski [8,9] took the 30% best individuals and
the 30% badest over the population. In a multi-objective point of view, the
construction of the sample file is more difficult. There is a lot of possibility for
constructing the set and we will test some of them.

Generation of new individuals We generate several new individuals for each
rule that is of the class good (called also positive rule). The new individuals
will suit one of the positive rules in his genotype. For example, the individual
Frkkkgrk gRkkkkkkxkk will suit the rule R3. Only a few part of the genotype
is decided by the rule, the rest of the genotype is for the moment randomly
generated as the authors shown that even randomly completion can give good
results. Then we verify that the new generated individuals do not match with
negative rules and correct the individual in matching case. All the process is
recall in figure 3.

3 Application to water System

Water distribution network modeling is used for a variety of purposes such as:
strategic and master planning; system design; energy management and daily
operations; fire protection studies and emergency responses; water quality in-
vestigations; and many others. The computer modeling of water distribution
networks continues apace in the water industry as computers become increas-
ingly powerful, more complex systems are available to be modeled. Open source
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Fig. 3. Creation of new individuals.

software such as EPANET [13]. In recent years, computational methods such
as non-linear programming, dynamic programming and search techniques have
been used to optimize the design, operation and rehabilitation of these networks.

The optimization of WDN models can primarily be used for three purposes:
the design of networks for new supply areas (design problems); modifying exist-
ing designs to meet new demands or other factors (rehabilitation problems) and
modifying network parameters to ensure that they are accurate with respect to
the real world (calibration problems). This paper is concerned with the problems
of rehabilitation and design although the methods described herein can theoret-
ically be used for any of these problems. A standard rehabilitation problem is
concerned with taking an existing network and modifying its parameters or com-
ponents to satisfy new constraints in the performance of the network. Therefore
any process designed to optimize a rehabilitation problem must consider both
the performance of the network (to be maximized) and the cost of the proposed
solution (to be minimized). A design problem is similar except that instead of
deciding on pipe sizes to meet some new criteria, the pipe sizes of the entire
network must be decided from scratch.

3.1 NY problem

The New York pipe network has been studied using evolutionary techniques. The
objective of the NY problem was to determine the most economically effective
design for addition to existing system of tunnels that constituted the primary
water distribution system of the city of New York. Tunnel (pipe) diameters are
considered as design variables. There are 15 available discrete diameters (36, 48,
60, 72, 84, 96, 108, 120, 132, 144, 156, 168, 180, 192, 204 inches) and one extra
possible decision which is ’do nothing’ option. The minimum head requirement
at all nodes is fixed at 255 ft except for node 16, 17 and 1 that are 260, 272.8
and 300 ft respectively. All the twenty one tunnels are considered for duplication.
Supplying demand at an adequate pressure to consumers is the main constraint
in the design of water distribution systems. Each pipe as a cost. The cost function
is a non-linear function:
C=11x D11]24 X Lij

in which cost C' is in dollars, diameter D;; is in inches, and length L;; is in
feet. A full enumeration of all possibilities would require: 162! = 1.9342 x 1025,



Fig. 4. The New York City problem.

From an optimization perspective, the objective of the NY problem is to modify
the rehabilitated pipe diameters to meet the demands at the nodes. The current
optimal solution for this is 38.64 million dollars and no pressure deficit although
this can vary slightly depending on the modeling software and parameters used.

3.2 Fitness landscape study

As suggested in [7], we decided to study the fitness landscape of the NY problem
by executing 1000 multi-objective Hill-Climbing algorithms from random points.
The objective is to determine how are spread the solutions from the best one
obtained by the 1000 hill-Climbing noted «. In this study, we decided to measure
the distance between the individuals and a by counting the numbers of pipes
that are not similar to the pipes of a.

The figures 5 and 6 illustrate the obtained repartition for both objectives: cost
and head deficit. Such an experiment shows that the landscape is very large and
not easy for local search methods. Evolutionary algorithms are well adapted to
such problems.

4 Experiments

The genetic algorithm uses NSGA-II [1]. One individual contains the chosen op-
tion for the pipe. The crossover used is onepoint and the mutation is a random
mutation. The population size is 100, the crossover rate is 0.9 and the mutation
rate is 0.9.

The different tested schemes are:
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— LEMMO-1: run C4.5 crossover when there is no improvement of the Pareto
front

— LEMMO-fix1: run C4.5 crossover every 10 generations, the rules are gener-
ated from the first inserted individuals of the Pareto set and the individuals
of the current population

— LEMMO-fix2: run C4.5 crossover every 10 generations, the rules are gener-
ated from the last inserted individuals of the Pareto set and the individuals
of the current population

— LEMMO-fix3: run C4.5 crossover every 10 generations, the rules are gener-
ated from the randomly chosen individuals of the Pareto set and the indi-
viduals of the current population

— LEMMO-fix4: run C4.5 crossover every 10 generations, the rules are from the
best individuals for one objective. The objectives are treated alternatively.
This individual are taken from the Pareto set and the current population.

4.1 Quality measures

As suggested in [6], we use several metrics in order to assess the quality of our
method.

S metric

A definition of the S metric is given by Zitzler in [17]. Let A be a non-dominated
set of solutions. S metric calculates the hyper-volume of the multi-dimensional
region enclosed by A and a reference point Z,y.

We take for this problem as Z,.f the worst possible solution. This solution
determines the bound of the space search: for the cost, we take for all pipe the
largest diameter (this solution is the most expensive), for the head deficit we take
for all pipe the minimum diameter (this solution as no pressure for all clients).
In order to compare evolution of each algorithm, we have normalized the S-metric
such as the maximal theoretical area is 1.0.

R1lp Metric

The R1 metric [5] is based on calculating the probability that the approximation
A is better than B over an entire set of utility functions. R1g is R1 when it is
used with a reference set i.e. as a reference metric. This metric does then induce
a total ordering on the set of approximation.

RIABUp) = [ C(A R wp(u)du
uelU
with U a set of utility functions A and B two Pareto sets.
1 ifux(4) >ux*(B)
C(A,B,u) =X 1/2ifux(A) =ux(B)
0 ifux(A) <ux(B)

We can notice that R1(A,B,u,p) =1 — R1(B,A,u,p). If R1(A4, B,u,p) > 1/2
then A is better than B.



4.2 Results on NY problem

Each scheme has been tested 30 times. The obtained Pareto fronts have sev-
eral non-dominated solutions (see figure 7). Our objective is to discover which
scheme can be the more interesting and if the parameter of the scheme is the
good one. We will also use boxplots to present a graphical view of the results.
The boxplot provides a method for graphically depicting the distribution of a
dataset and comparing with others. The median for each dataset is indicated by
the black center line, and the first and third quartiles are the edges of the area,
which is known as the inter-quartile range (IQR). The extreme values (within 1.5
times the inter-quartile range from the upper or lower quartile) are the ends of
the lines extending from the IQR. Points at a greater distance from the median
than 1.5 times the IQR are plotted individually as circle and ’+’. These points
represent potential outliers.

Quality

The table 1 gives the statistics on the quality of the S metric of the tested scheme
compared to NSGA-II.

We have observed through the experiments that introducing machine learning
in the multi-objective genetic algorithm increase the quality of the results for
the S-metric for any tested scheme. The robustness of the algorithm is also in-
creased as the Standard deviation is decrease by more than 50% by two schemes
(LEMMO-fix1 and LEMMO-fix3). The boxplot figure 8 shows that the most
relable schemes for Smetric is LEMMO-fix3 et LEMMO-fix4.

For the R1p metric (see table 2), we compare all the scheme to one front of
NGSA-II. The objective is to have the minimal R1g value. We observe that all
the schemes are better than NSGA-II for this metric. The boxplot in figure 9
shows that for R1g the most reliable scheme are also LEMMO-fix3 et LEMMO-
fix4.

We have also made a random statistical test on all the R1g results. We have
observed the the scheme LEMMO-fix4 is the most significant.

Numbers of evaluation

Table 3 present the variation of the number of evaluations required to obtained
different values of the normalized S metric between the scheme and NSGA-II
over 30 runs. The first value 0.955 is chosen for this problem as it show the be-
ginning of the convergence of the algorithm for this problem. The second value
0.968 is chosen as it is rather at the end of the convergence.

All the schemes are faster than NSGA-IT to obtained a normalized Smetric
greater than 0.968. We notice that LEMMO-fix4 is the less expensive scheme
in comparison of NGSAII in median (-16.66%) and in mean (-20.58%) to obtain
this value.

If we have a look to each criterion of our comparison of possibility for LEMMO,
we can notice that LEMMO-fix4 seems to be the most interesting. The figure 10
illustrates for the scheme LEMMO-fix4 the gap with NSGA-IT over one execu-
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Fig. 7. Example of obtained Pareto front on NY problem.

Table 1. Quality assessment S metric (S(Scheme) - S(NSGA-II))/S(Scheme) on NY
problem.

Scheme |S Median S Mean S Min S Max S Std Dev.
LEMMO-1 7.83% 4.9% 7.3% 0.26% -33.32%
LEMMO-fixl| 8.28% 5.44% 3.4% 0.26% -57.6%
LEMMO-fix2| 8.19% 5.5% 2.04% 0.18% -25.9%
LEMMO-fix3| 8.14% 6.75% 8.84% 0.42% -58.58%
LEMMO-fix4| 9.12% 6.8% 7.77% 0.27% -22.19%

5 Conclusion

In this article we have presented LEMMO and tested on a classical water sys-
tem problem different option of implementation of LEMMO according to two
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Table 2. Quality assessment R1r metric with a front of NSGA-II for NY problem.

Scheme |R1g Median R1r Mean R1g min Rl1g max R1r Std Dev.
NSGA-II 0.39172 0.44780 0.37525 0.62271 0.09460
LEMMO-1 0.38323 0.43119 0.35229 0.64671 0.09236
LEMMO-fix1| 0.38024 0.41153 0.35229 0.64271 0.09044
LEMMO-fix2| 0.38025 0.39476  0.35229 0.51597 0.05348
LEMMO-fix3| 0.38124 0.40108 0.35229 0.65469 0.07496
LEMMO-fix4| 0.38224 0.39680 0.36527 0.51497 0.04350
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Table 3. Statistic on number of evaluation for finding a normalized Smetric greater
than 0.955 and 0.968 over 30 runs for the different tested schemes (T(Scheme)-
T(NSGA-II)/T(Scheme)) on NY problem.

Snorm >0.955 Snorm > 0.968
Scheme Median Mean | Median Mean
LEMMO-1 0% +16.16%| -16% -6.8%
LEMMO-fixl| +10% +10% | -10.10% -5.01%
LEMMO-fix2|+16.66% +16.66%| -7.8% +2.6%
LEMMO-fix3| +6.25% +14.28%| -13.51% -10.81%
LEMMO-fix4| +10 % 0% -16.66 % -20.58%

Table 4. Impact of the parameters: Rlgp metric with a front of NSGA-II on NY
problem.

Scheme (parameter)|R1r Median R1z Mean R1gr Std Dev.
LEMMO-fix1 (5) 0.38124 0.38503 0.02553
LEMMO-fix1 (10) 0.38024 0.41152 0.09044
LEMMO-fix1 (20) 0.38024 0.42664 0.12099
LEMMO-fix4 (5) 0.40118 0.47329 0.07234
LEMMO-fix4 (10) 0.38224 0.39681 0.0435
LEMMO-fix4 (20) 0.37924 0.39654 0.07272

Table 5. Statistic on number of evaluation for finding a normalized Smetric greater
than 0.955 and 0.968 over 30 runs for the different tested schemes (T(Scheme)-
T(NSGA-II)/T(Scheme)) on NY problem.

Snorm >0.955 Snorm > 0.968
Scheme (parameter)| Median Mean | Median  Mean
LEMMO-fix1 (5) |+21.05% +21.21%| +2.31  +4.65%
LEMMO-fix1 (10) | +10% +10% | -10.10% -5.01%
LEMMO-fix1 (20) (+16.66% +16.66%| +13.51% +2.38%
LEMMO-fix4 (5) | +6.25% +16.66%| -14.28% -7.89%
LEMMO-fix4 (10) | +10 % 0% -16.66 % -20.58%
LEMMO-fix4 (20) | +6.89% +6.66% | -2.43% +2.43%
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model evaluation on NY problem.

quality measures and the number of evaluation needed to reach different values
of normalized Smetric.

LEMMO has shown that introducing machine learning can be a good way to
both decreased the numbers of evaluation and increased the quality of the ob-
tained Pareto front. More experiments have to be conduct in order to see the
behavior of LEMMO on larger problems.

The future works will be to compare different machine learning algorithms: other
rule induction methods, classical data mining algorithm such as Apriori and dif-
ferent completions of generated rules.

LEMMO can be applied to many other real problem where the evaluation is
time consuming.
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