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Abstract—t is not unusual that an approximate model is needed involved human. One solution to this problem is the introduc-
for fitness evaluation in evolutionary computation. In this case, tjon of an approximate model that can model the process of the
the convergence properties of the evolutionary algorithm are un- 1, man’s evaluation. In [12], a neural network has been used to

clear due to the approximation error of the model. In this paper, . .
extensive empirical studies are carried out to investigate the con- model the behavior of the human to reduce human fatigue.

vergence properties of an evolution strategy using an approximate N addition, approximate models can also be used to smooth
fitness function on two benchmark problems. It is found that in-  the rough fitness functions and thus prevent the evolutionary al-
correct convergence yvill occur if .the. approximate mode! has false gorithm from stagnating in a local optimum [13], [14]. In these

optima. To address this problem, individual- and generation-based papers, the performance of evolutionary algorithms has been im-

evolution control are introduced and the resulting effects on the df b f multimodal test functi b bini
convergence properties are presented. A framework for managing Provedioranumberor muitimodaltest IUNctons by comoining

approximate models in generation-based evolution control is pro- local search techniques with approximate models. .
posed. This framework is well suited for parallel evolutionary op- Several methods have been developed for constructing
timization, which is able to guarantee the correct convergence of gpproximate models. One widely used method in design

the evolutionary algorithm, as well as to reduce the computation ; T ;
L : ‘ engineering is the response surface methodology, which uses
cost as much as possible. Control of the evolution and updating of 9 9 P 9y

the approximate models are based on the estimated fidelity of the Iow-order_p(_)lynomials and the Ie_ast square estimation [:_LS]'_A
approximate model. Numerical results are presented for three test More statistically sound method is the Kriging model, which is

problems and for a aerodynamic design example. also known as the design and analysis of computer experiments
Index Terms—Approximate fluctuations, evolutionary computa- (DACE? m‘?de'.[m]- ln_th's methc’d’ a global F)_Olynom'al
tion, fitness functions, optimization. approximation is combined with a local Gaussian process

and the maximum likelihood measure is used for parameter
estimation. Artificial neural networks, including multilayer
perceptrons (MLP) and radial basis function networks (RBFN),
VOLUTIONARY algorithms are known to be robust op-have also been employed to build approximate models for
timizers that are well suited for discontinuous and multevolutionary optimization. A comprehensive review of different
modal objective functions [1], [2]. For this reason, evolutionargpproximation concepts is provided in [17] and a comparison
algorithms have been applied successfully to a variety of cowkthe different techniques can be found in [18]-[20].
plicated real-world applications, such as aerodynamic desigrHowever, itis generally difficult to get a model with sufficient
optimization [3], [4], circuit design [5], routing [6], and sched-approximation accuracy, mainly due to the lack of data and the
uling [7]. One essential difficulty in employing evolutionary al-high dimensionality of many real-world problems. Therefore,
gorithms in such applications is the huge time consumption dapproximate models often have large approximation errors and
to the high complexity of performance analyses for fitness evalan even introduce false optima. In this case, the evolutionary
uation and the large number of evaluations needed in the eagorithm with approximate models for fitness evaluation may
lutionary optimization. To address this problem, approxima@@nverge incorrectly [21] and measures must be taken to guar-
models that are computationally efficient are often used to r@atee that the solution discovered is optimal or near-optimal. In
duce the computation time. optimization, the use and manipulation of approximate models
Another important area of evolutionary computation in whicls usually referred to as model management. In [22], a frame-
approximate models can play an important role is interactiveork for managing approximate models was proposed based on
evolutionary computation [8]. In interactive evolutionary comthe classical trust-region methods [23], [24]. An extension of
putation, there is no explicit fitness function, and the fitnedbis work was reported in [25]. One main feature of the frame-
evaluation is performed directly by a human expert. Interactiveork for managing approximate models is the strong interplay
evolutionary computation has found a wide range of applichetween the optimization and the fidelity of the approximate
tions, such as graphics and art design [9], music generation [10del based on the trust-region method, which ensures that the
and layout design [11]. As pointed out in [8], the main diffisearch process converges to a reasonable solution of the original
culty in interactive evolution is how to relieve the fatigue of thgroblem.
Managing approximate models in optimization based on
evolutionary algorithms has not received much attention,
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evaluations assume that the approximate model is correct dhnd original fithess function with the approximate fitness func-
the evolutionary algorithm will converge to a global or near-ogion. In the first approach, a certain number of individuals within
timal solution. Under this assumption, the most straightforwaed generation are evaluated with the original fithess function.
approach is to use an approximate model or a reduced mo8ath individuals are callecbntrolled individuals The second
during the entire evolutionary optimization process [27], [28hpproach is to introduceontrolled generationswhich means
These methods can only be successful when the approximtiat in everyM generations)N (N < M) generations are con-
model is globally correct. In [29], a heuristic convergence crirolled. In a controlled generation, all individuals are evaluated
terion is used to determine when the approximate model mugth the original fitness function. The most important question
be updated. The basic idea is that the convergence of the sedadiow many individuals or how many generations should be
process should be stable, which means that the change ofdbetrolled to guarantee the correct convergence of an evolu-
best solution should not be larger than a user-defined value. #\anary algorithm when false optima are present in the approxi-
assumption is that the first sets of data points are at least weaklgte fithess function. To answer this question, simulations have
correlated with the global optimum of the original problembeen carried out on the Ackley function [35] and the Rosen-
which is not necessarily true for high-dimensional systems. brock function [36], which have been studied widely in the field
another approach [30], the original fithess function is employexd evolutionary computation.
in everyk generations. That is to say, the approximate modelBased on these empirical studies, a framework for model
is used fork generations and in thg + 1)th generation, the management in generation-based evolution control is proposed.
original fitness function is used and the data obtained fro@enerally, generation-based evolution control is more suitable
this generation are used to update the approximate model.vdsen the evaluation of the fitness function is implemented in
shown in [21], the evolution process may become very unstalperallel. The main idea s that the frequency at which the original
if there is a large discrepancy between the approximate moél@hction is called and the approximate model is updated should
and the original fitness function. In [31], a neural networke determined by the local fidelity of the approximate model. By
is trained with some initial samples to approximate the Nkcal fidelity, we mean the fidelity of the model for the region
(AU: PLS. DEFINE NK) model [32]. During evolution, the where the current population is located. The lower the model fi-
fittest individual in the current population is evaluated on theelity, the more frequently the original function should be called
original fitness function once in every 50 generations. Thand the approximate model should be updated. Since it is vir-
individual then replaces the one with the lowest fitness in theally impossible to build a globally correct approximate model
training set, and the neural network is retrained. It is fourfdr problems with a large dimensionality of the design space, a
that the evolutionary algorithm is misled by the neural netwotkcal model is of more practical importance. With this strategy,
model when the complexity of the original fithess landscape tise computational cost can be reduced as much as possible while
high. A similar method has been used in [33], where the bdke correct convergence of the evolutionary algorithm can still
individual is reevaluated using the original fitness function ibe guaranteed.
every generation. An evolution strategy with covariance matrix adaptation
An approach to coupling approximate models with evol(!CMA) [37] is adopted in this work because the algorithm con-
tionary algorithms is proposed in [34] in an attempt to balanserges very quickly and because it allows us to take advantage
the concern of optimization with that of the design of expernf the self-adaptation of the covariance matrix in online training
ments. The main idea is to maintain the diversity of the indéf the neural network model. The basic idea is that the new data
viduals and to select those data points that are not redundpaints that lie along the direction in which the evolutionary
for model updating (on-line learning). In this method, the dealgorithm proceeds should be given larger weight in online
cision of when to carry out the online learning of the approXearning. Interestingly, the rough information on the directions
imate model is simply based on a prescribed generation delysearch is contained in the covariance matrix. Results from
The common weakness in the above methods is that neithertive benchmark problems show that better performance can be
convergence of the evolutionary algorithm with approximate fiechieved when the covariance matrix is used to weight the new
ness functions (correct convergence is assumed) nor the issugamnples in online learning.
model management is addressed. The remainder of the paper is organized as follows. Section Il
In this paper, the convergence property of the evolutionapyesents the evolution strategy along with an explanation of
algorithms with approximate fithess evaluation is first inveghe covariance matrix adaptation. The parallel implementation
tigated on two benchmark problems. We show that incorreat the evolutionary algorithm is also described briefly. In Sec-
convergence occurs when the approximate fitness function lias 111, the convergence of the evolutionary algorithm with ap-
false optima [21]. A large network error that is uniform over thproximate fithess functions is investigated empirically on the
whole search space does not pose a problem. However, if fhekley function and the Rosenbrock function. Based on these
error significantly depends on the local topology, false minimasults, two approaches to evolution control are suggested for
can occur and the optimization process can be misled by flhgproving the convergence of the evolutionary algorithm with
neural network model. To improve the convergence of the evapproximate fithess functions. A framework for evolutionary
lutionary algorithm, we introduce the conceptavlution con- optimization with approximate fitness functions is proposed in
trol, in which the evolution proceeds based on fitness evalu@ection IV, which includes the control strategy, the determina-
tions using not only the approximate fitness model, but also tkien of the frequency for evolution control and online learning,
original fithess function. There are two possibilities to combinas well as the weighted learning algorithm on the basis of the
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covariance matrix. This framework is employed on three bench-The derandomized CMA [37] differs from the standard ES
mark problems and a real-world application. In the applicatiomainly in three respects.
neural network models are used to approximate the compu-1) In order to reduce the stochastic influence on the
tationally very intensive computational fluid dynamics (CFD)  self-adaptation, only one stochastic source is used for the
analyses. With the help of the proposed model management adaptation of both objective and strategy parameters. In
framework, the performance of the evolutionary optimization the derandomized approach [41], thetual step size in
has been improved significantly with the same number of CFD  the objective parameter space is used to adapt the strategy
evaluations. The final optimal design of the blade is verified by parameter. Therefore, the Se|f-adaptation of the strategy
CFD simulations. parameters depends more directly on the local topology
of the search space. In the case of the adaptation of one
[I. EVOLUTION STRATEGY AND ITS PARALLEL strategy parameter, this can be written as:
IMPLEMENTATION

o(t) = a(t = 1)exp @( 2 - E[IN(C. T)H)) (5)
The canonical evolution strategy (ES) operates om-ati- N o - =
mensional vectof € IR™. The main operator in ES is the mu- ) =2t -D+o®)7 7~ N0 1) ©)
tation operator. However, unlike in the canonical genetic algo-
rithm (GA) [1], but similar to evolutionary programming (EP)
[38], the mutation operator obtains a direction during search due
to the self-adaptation of the strategy parameters. The combina- 4 strategy parameter. This results in the following
tion of the genotypes from different parents, carried out by the simple, but successful, effect. If the mutation was larger
recombination operator in ES or the crossover operator in GA,  han expected|Z] > E[|N(0G,T)[]), then the strategy
usually plays a less significant role or is omitted completely as parameter is increased. This ensures that if this larger
in this study: The ES is typically combined with a determin- mutation was successful, i.e., the individual was selected,
istic selection method, either with elitism, i.€4 + A)-ES, or then in the next generation such a larger mutation is
without elitism, i.e. (1, A)-ES. At the same time, the combina- likely to occur again, because(t) was increased. The
tion with other selection methods, e.g., EP tournament selection,  ¢5me argumentation holds(j]| < E[|N(6, f)”)_
has been reported to be successful [39]. In this work, we appliedz) The second aspect is the introduction of the cumulative
the (11, \)-ES, thusu. new individuals were only selected from step-size adaptation. Whereas the standard evolution
the A offspring. , strategy extracts the necessary information for the adap-
The canonical ES can be described as follows [40]: tation of the strategy parameters from the population
(ensemble approach), the cumulative step-size adaptation
relies on information collected during successive genera-

A. Evolution Strategy With Covariance Matrix Adaptation

where parameted is used to regulate the adaptation.
Therefore, in the derandomized approach atieial step
size in the objective parameter space is used to adapt

) =Ft—1)+% (1)

oi(t) = 0;(t — Dexp(r'2) exp(r2), Vie{l,....,n} (2)
FZER", z,2~N(0,1); Z~N(@©0,5(t)? (3)

whereZ is the parameter vector to be optimized and’ ando;
are the strategy parameters. The values-fandr’ are usually

tions (time averaged approach). This leads to a reduction
of the necessary population size. The cumulation of steps
was termedevolution pathby Ostermeier and Hansen
[37] and is expressed formally as

fixed to ) =(1-0)st—-1)+ ¢,z @)
-1 1 . .
_ r_ The factore determines the length of the evolution path,
= < 2\/ﬁ> T (\/%) ’ “) and the factor,, = \/c(2 — ¢) is needed for normaliza-
. tion, which can be seen by calculating the varianc# of
The z;, z, andz are normally distributed random numbers and in the limit ¢ — oo.
a random number vector, respectively, which characterize the3) In the CMA algorithm, the full covariance matr& of
mutation exercised on the strategy and the objective parame- the probability density function
ters. Theo; are also called step sizes and are subject to self-
adaptation, as shown in (2). Since they define the varianges
of the normal probability distribution (3) for the mutation in
(1), they stochastically define a direction and a step size of the
search process in thedimensional space. However, arbitrary
directions can only be represented by correlated mutations, i.e.,
the covariance matrix of the normal distribution should have
nonzero off-diagonal elements. Such correlated mutations are
realized by the covariance matrix adaptation (CMA) algorithm
that is outlined in the remainder of this section.

det(C™1) 1 ooy
f(Z) = i OP <—§(75 c 7)) (8)

is adapted for the mutation of the objective parameter
vector. The following description of the CMA algorithm
follows the one given in [42] details of the implementa-
tion can be found in [43]. If the matriB satisfiesC =
BB” andz; ~ N(0,1), thenBz ~ N(0, C). The adap-
tation of the objective vector is given by

1In the design optimization experiments described in Section V, the recombi-
nation operator turned out to not be beneficial. )y =2 -1 +6¢—1)B(t—12Z, 2 ~N(0,1) (9
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wheres is the overall step size. The adaptation of the co-
variance matrix is implemented in two steps using the cu-
mulative step-size approach{, € (0,1)andc € (0, 1))
determine the influence of the past during cumulative
adaptation)

)= -5t —1)+c,B(t—1)7 (10)
C(t) = (1 = ceor)C(t — 1) + e 83 (). (1)

The next step is to determine the matBx¥rom C. Since

¢ = BB is not sufficient to deriveB, we choose the
eigenvectors ofC as column vectors oB. The reason

is that in the last step the overall step-sizdas to be
adapted. In order to perform this adaptation, we have
to know the expected length of the cumulative vector
8s. Therefore, the variation vector, which dependsin 10"
should beN(0,1) distributed. This can be realized by
normalizing the column vectors d# by the square root

of the corresponding eigenvalues, which yields the matrix
Bg, if the column vectors oB are the eigenvectors 6f.
Finally, the adaptation ofs andé is given by
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St =(1-0)3t—1)+ecBs(t—1)7  (12) (b)
Y =06(t—1)- B(|55(| — %n 13 Fig. 1. (a) 2-D Ackley function and (b) neural network approximation of the
( ) ( ) exp([ (||35( )” X )) ( ) function with samples fronone run of evolution

whereB; equalsB with normalized columns in order for
Bs(t—1) Zto beN(0, T) distributed 5, denotes the ex- I1l. EMPIRICAL CONVERGENCESTUDIES AND EVOLUTION

pectation of they,, distribution, which is the distribution CONTROL

of the length of anV (0, 1) distributed random vector. A, Convergence of the Evolution Strategy With Neural
The CMA algorithm relies on several external paramyetworks for Fitness Evaluations

eters which have to be fixed manually. Since it is beyond

the scope of this paper to introduce the details of the CMA In th'.s section, we e_mplrlcally nvestigate the convergence
: : . . operties of the evolution strategy when a trained MLP neural
algorithm, please refer to the literature for a discussion 8F

appropriate choices [42], [43], [37]. network is u§ed for fitness. evaluatiohs.

' ' The investigation is carried out on two benchmark problems:
the Ackley function and the Rosenbrock function. The Ackley
B. Parallel Implementation of the Evolutionary Algorithm  function is a continuous, multimodal test function, which has

. - . ) .. the following form:
The basic motivation to implement an evolutionary algorithm

in parallel is to reduce the processing time needed to reach an

acceptable solution. This is badly needed when the evaluatipf¥) = —20exp | —0.2
of the fitness takes a large amount of time. There are several ap-

proaches to parallelization [44], and the one we adopt here is the 1>
global parallelization. In this approach, there is one population —exp| — ZCOS 21z | +20+¢ (14)
and the evaluation of the individuals is performed in parallel. et

For design problems, the evaluation of the individuals usuaWheree is the natural base andis the dimension of the func-

takes up the ove.rwhelmmg part of the total.tlme (_:onsumptloan' The two-dimensional (2-D) Ackley function is illustrated
therefore, a sublinear speedup can be achieved if global pard Fig. 1(a). A neural network is trained to approximate the 2-D
lelization approach is used. The hardware for the implemen'g\\- : '

. : . : ckley function. In the simulation, 600 training data are col-
tion of parallel evolutionary algorithms can be very different. Ipe%cted fromone run of evolutioith the Ackley function as the

our case, a network of computers with multiprocessors is us% jective function. This is to simulate the situation that training

The implementation of the parallelization is realized with the
parallel virtual machinedibrary [45]. 2In this paper, the evolutionary algorithm is used for minimization problems.

n
Sy
7
n
=1
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data are only available from earlier optimization attempts in
real-world applications. The MLP network used has one hidden
layer with 20 nodes. The root-mean squared (rms) error on the
training data is 0.20 and the input—output mapping is shown in
Fig. 1(b). It can be seen that a false minimum exists at the right 1o
side of the surface, nedx;,z2) = (1,—4). This can be as- -
cribed to the poor distribution of the training samples. We delib- s0.-
erately use such samples to simulate the situation frequently en-
countered in practice, i.e., sparse and poorly distributed training
data. Recall that for the problems we are discussing, data col-
lection is expensive. If we run the evolutionary algorithm with
this neural network model, the algorithm converges to the false
minimum, which is an expected result. R

To show that the problem we identified above is a general one, @)
simulations are also conducted with the Rosenbrock function B
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f@=Y [10 (22 — 2iy1)” + (i — 1.0)2} (15) e w7
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wheren is the dimension of the function. For this function, the A IS S lm Il m l“ n,,,m,,,,,,,’%, :
evolutionary algorithm is expected to easily find a near min- L ””I ’” ”””” ”’”’% llll%’;,’é,’&’y ,m,’,,’, .
imum. However, since the fitness function spans fromthousands 7~ | ”” i ”” i
to zero, the mapping is more difficult to learn and in turn it will o ”” atliijff

IIIIIIIIIIIIIIIIIIII ,,11,4',%’,44,: -
be more difficult to obtain the correct global minimum. The sim- i T
ulations are conducted for the 2-D case, the function is shown
in Fig. 2(a). We generate 150 samples frome run of evolu-
tionwith the 2-D Rosenbrock function, which is much smoother
compared to the Ackley function.

(b)

The mapplng learned by the neural network is glven Iﬁthez (a) 2-D Rosenbrock function and (b) the neural network approximation

D Rosenbrock function with training data from ana of evolution
Fig. 2(b). Comparing it with the true 2-D Rosenbrock funct|on 9

it is seen that the left ramp of the 2-D Rosenbrock function

becomes almost flat due to the poor distribution of the trainirife training data, incorrect convergence has occurred for both
data. No doubt, evolution with this neural network model i¢inctions, which is shown in Fig. 3(a) and (b).

vulnerable to serious errors because the global minimum of this

approximate model lies in the area where the true value is véfy Improvement of Convergence With Controlled Evolution

large. Therefore, an evolutionary optimization based on suchin section I1I-C, it was shown that using additional training

an approximate model will converge to the false minimum.  sgmples is not effective for dealing with the problem of “incor-
rect” convergence of evolutionary algorithms with neural net-

B. Adding Random Samples work models. Therefore, we introduce the concept of evolution

One straightforward idea of dealing with the problem is to adgPntrol- Two methods are proposed.
some randomly generated samples for neural network training,1) Controlled Individualsin this approach, part of the indi-
first without considering the cost of data generation. In the sim-  Viduals(n) in the population X in total) are chosen and
ulation, 150 random samples are added to the original training ~ €valuated with the original fitness function. If the con-
data, both for the 2-D Ackley function and the 2-D Rosenbrock  trolled individuals are chosen randomly, we call it the
function. Itis found that the neural networks are able tolearnthe ~ random strategylf we choose the best individuals as
main features of the functions and no false minima are present. the controlled individuals, we call it theest strategy
This is confirmed by running the evolutionary algorithm with 2) Controlled Generationsn this approach, the whole pop-
the neural network model as the fitness function, in which a  ulation of generations will be evaluated with the original
near-optimum is found for both functions. fitness function in every generations, wherg < A.

Unfortunately, adding random samples does not work féiurthermore, when controlled individuals or controlled genera-
high-dimensional systems. To illustrate this, simulations atens are introduced, new training data are available. Therefore,
conducted with the 12-dimensional (12-D) Ackley function andnline learning of the neural network will be applied to improve
the 12-D Rosenbrock function. In both cases, 450 randontlye approximation quality of the network model in the region of
generated samples are added to 1000 training data. We only egtimization and in turn to improve the convergence of the evo-
450 random samples just because in many real applicatiolsgionary algorithm.
it is impossible to collect sufficient data. Despite the neural We first investigate the individual-based methods for the
networks having achieved a lower approximation error dil2-D Ackley function. To determine the number of individ-
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Fig. 4. Convergence of ES with controlled individuals: @pdom strategy
and (b)best strategyDashed line: the best fitness reported by the evolutionary
algorithm. Solid line: the verified fitness value.

R lies within the error bounds of the true fitness value. Whés
OB O ons 010 10 2% larger than 7, the reported average best fitness agrees with the
(b) average true fitness value.
Fig. 3. Incorrect convergence of the evolutionary algorithm for: (a) 12-D_The result_s from the generation-based m?thOd are shown in
Ackley function and (b) 12-D Rosenbrock function. Solid line: fitness valuEig. 5(@), which are also averaged over ten different runs. In the
calculated using the neural network model. Dashed line: true fitness. figure, thex coordinate denotes the number of generations in
which all the individuals are evaluated with the original fitness

uals () that need to be evaluated using the original fithedanction in every 12 generations. For exampleyiéquals 8,
function to guarantee correct convergence, different valuestbén in every 12 generations, the original fithess function will
n = 1,2,...,11 are tested for both theandom strategyand be used in eight of the 12 generations. In this way, we are able
the best strategyfor a (1, \) = (3,12)-ES. The best fitness to compare the results obtained in the generation-based method
found by the ES with the random strategy for differents with the results in the individual-based strategies, because in
shown in Fig. 4(a) by the dashed line. Since both the neut@ith cases, the samentails the same computational overhead.
network model and the original fitness function have been uslidtice that it is determined randomly in whiglyenerations out
for the fitness evaluation, the reported best fithess is verified 12 generations the original functionis used. It can be seen that
using the original fithess function when the evolution processcorrect convergence has been achieved wligtarger than 6.
is completed. The verified best fithess is denoted by the solid
line. All the results are averaged over ten runs and both theOnce the original fitness function is used in evolution, new
mean value and the standard deviation are shown in the figurdsata are available and online learning can be implemented. In the
It can be seen that for thrandom strategycorrect convergence following, we investigate in which way the algorithm can ben-
of the evolutionary algorithm is not achieved untit> 9. The efit, if these newly available data are used to train the neural net-
result using thebest strategys better, as shown in Fig. 4(b).work online. The result from generation-based evolution control
When four out of 12 individuals are evaluated with the originabith online learning is given in Fig. 5(b). The reported best fit-
fitness function, the average value of the reported best fitnessss value is much closer to the true value compared to the case
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Fig. 5. Convergence of ES. Generation-based control (a) without and
reported by the evolutionary algorithm. Solid line: the verified fithess value.

with online learning. Dashed line: the best fithess reported by the evolution
algorithm. Solid line: the verified fitness value.

120

where no online learning is implemented. Already fo> 5,
the average values lie within the respective error bounds of the
other values. When about 50% of the whole population is eval-
uated with the original fitness function, a good near-optimal or
optimal solution has been found.

Similar results have been obtained for the 12-D Rosenbrock
function using the individual-based evolution control. Fig. 6(a)
shows the convergence of the evolutionary algorithm for dif-
ferentn values, where thbest strategys applied. It is seen that
whenn > 5, the algorithm converges to the correct fithess value.
When online learning is introduced, the convergence properties
are improved considerably and the resulting solution is near op-

timal whenyn > 5 [see Fig. 6(b)]. In both cases, the results are
ig. 7. Percentage of correct convergence. Solid faedom strategyDashed

based on an average of ten runs.
In the fOllOWIhg, we brlefly compare the convergence prodi:'ne: best strategyDotted-dashed lindbest strategyvith online learning.

erties using the 12-D Ackley function for the different indi-
vidual-based strategies. In Fig. 7, the solid line denotes the per-

centage of correct convergence when thedom strategyis IV. A FRAMEWORK FORMANAGING APPROXIMATE MODELS
adopted, while the dashed and dotted lines represent the petn this section, a framework for managing approximate
centage of correct convergence when liest strategys used models in evolutionary optimization will be suggested. Taking
and when online learning is applied. It is shown that blest into account the fact that parallel evolutionary algorithms
strategyworks much better than tirandom strategynd online are often used for design optimization, the generation-based
learning can further improve the convergence properties.  evolution control strategy is used in this framework.
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A. Generation-Based Evolution Control

A_S suggested in Section Ill, generation-based evolution Coﬁé. 8. Algorithm for evolutionary optimization with approximate models.
trol is one of the approaches to guarantee the correct CONVRGTHOR: PLS. SUPPLY FIGURE)

gence of an evolutionary algorithm when the approximate fit-
ness model has false minima. The idea behind the generatiamerey(4) is the true fitness value anglyx (i) is the fitness
based evolution control is that in evexygenerations, there are  calculated using a feedforward neural network model
generations that will be controlled, whefje< A. Itis shown in = .
the last section that should be about/2 to ensure correct con- _ ' o

_ . YNN = Zvﬂ Zw”atz
vergence when false global minima are present in the approx- o <Z_1 )
imate model. However, an adaptive control frequefigi}) is
desirable so that the use of the time-consuming original fitneg§ere H is the number of hidden nodes, is the number of
function can be reduced as much as possible without affectifiguts,w;; andv; are the weights in the input layer and output
the correct convergence of the algorithm. layer, respectively, ané - ) is the logistic function

1
B. Determination of Control Frequency 0(z) = 7 et (19)

It is intuitive that the higher the fidelity of the approximaterhe framework for evolutionary optimization with approximate
model, the more often the fitness evaluation can be made Usiigdels is shown in Fig. 8. Note that this framework of control-
the model and the smallgrcan be. However, itis very difficult jing and adapting the model and the model frequency is indepen-
to estimate the global fidelity of the approximate model. Thugent of the choice of the evolutionary algorithm and the type of
a local estimation of the model fidelity has to be used. This {fie model. The only restriction is that the model can be adjusted
feasible because the ES generally proceeds with small steps, ygline.
with the normal distribution, small mutations are most likely. recall that the fidelity of the model is estimated locally based

Therefore, we can use the current model error to estimate Hethe error information from the last cycle. Therefoxrahould
local fidelity of the approximate model and then to determingyt pe too large.

the frequency at which the original fitness function is used and
the approximate model is updated. In our case, the frequeriey Weighted Online Learning Using the Covariance Matrix
is denoted byj/A. When A is fixed, the frequency is solely  ap important issue in online learning is how to select new

determined by;. o _ samples for network training to improve the model quality as
To get a proper, heuristic fuzzy rules can be derived as foly,ch a5 possible. A simple way is to use all the new samples, or
lows: a certain number of the most recent data, if the neural network

can learn all the data well. Unfortunately, in online learning,

If the model error is Large thens is Large only a limited number of iterations of training are allowed to

reduce the computation time.

Since the rule system has only one input variable, the numbetarious methods for data selection in neural network
of fuzzy rules in total equals the number of fuzzy subsets usgdining are available, and are usually termed as active learning
for the input variable. For simplicity, the input—output mappin@16]-[49]. However, each of these methods relies on sufficient
of the fuzzy system can be approximately expressed by data in order to employ methods from statistics. In the problem
outlined in this paper, data are sparse and their collection is

E(k) computationally expensive. At the same time, information
Epax about the topology of the search space and, even more impor-
tantly, about the direction of the search process is contained in
where| x| denotes the largestinteger thatis smaller thap,.x  the covariance matrix, which is adapted during the evolutionary
is the maximal), max < A, andnmin usually equals 1 so that process (see Section Il). To exploit this information, we suggest

the information on the model fidelity is always availablg...  using the shape of the normal distribution [(8)] to weight the
is the allowed maximal model error arfd(k) is the current newly generated samples. In this way, the neural network

model error estimation, anddenotes théth cycle of A gener- will put more emphasis on the data points that the ES will
ations. For convenience, we call evérgenerations aycle most probably visit in the next generation. Covariance-based

The estimation of the current model error is carried out befovgeighted online learning is shown schematically for a 2-D
the next cycle begins. Suppose all the new data in therlassearch space in Fig. 9. The topology is represented by lines

generations are valid (in aerodynamic design, some design nadiyequal fithess. The normal distribution is shown as the
result in unstable fluid dynamics and therefore the data may §eay ellipsoid, the grayscale corresponds to the decreasing

invalid) and the population size 13, then there will be)° data probability. The dashed lines highlight the search “corridor.”

(18)

7’](I€ =+ 1) = T)min + \‘ J (nmax - 77min)a (16)

in total. Thus, the model error is estimated as follows: The direction and the relative scale of the main axes are given
by the covariance matrix. The lower two triangles denote data

nP samples with large weights, and the top triangle denotes a data
E(k) = 1 Z(y(i) — ynn(d))? (17) sample with a small weight. The samples marked with dots

npP —1 outside the search “corridor” will not be learned because the
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X, on the Ackley function, the Rosenbrock function, the Rastrigin
function, and an aerodynamic design example.

A. The 20-Dimensional (20-D) Ackley function. A (2, 12)
evolution strategy with covariance Ackley Function

The first experimental study is conducted on the 20-D Ackley
function. A (2, 12) evolution strategy with covariance matrix
adaptation is adopted. In the simulations set to 67, IS set
to 4 andn,,;, to 1. The maximal number of generations is 300.

The results, including the best fitness and the number of calls
of the original fitness function, are listed in Table I. The average
best fithess over ten runs is 0.98 with a standard deviation of
0.41. The average number of generations that needs to be con-
trolled within an evolution control cycle is 2.33. It is seen that
the frequency at which the original fithess function needs to be
called to guarantee correct convergence is much lower than 50%
Fig. 9. Schematic outline of the covariance-based weighted online learnirg; suggested in Section Ill through the proper estimation of the
Explanation provided in the main text. model fidelity.

. ) ) To show that we can benefit from the introduction of the ap-
weight will be smaller than a given threshold (see below). Thgoximate model, we implement the optimization without using
sample denoted by a dot at the bottom of the figure will recei¥ge approximate model but with the same number of evaluations
a relatively large weight albeit it is not in the direction towargy the original function. In the ten runs, the average number of
the main optimum. This is due to the symmetry of the normghis of the original fitness function is 1440, which corresponds

distribution. _ to 122 generations for a population size of 12. Therefore, we
~ Suppose there ar€ new samples in total, then the cost funceonduct ten runs of the evolution with a maximal number of gen-
tion for weighted learning is given by erations of 122, for which the results are presented in Table II.

N The average best fithess resulting from the ten runs is 2.33.

E= %Zp(i)(y(i) —unn (i)’ (20) Comparing it with the average fitness using the approximate

- model with approximately the same computational overhead,

the benefit of using the model becomes evident. Note, that we
wherep(3) is the weight for samplé which is calculated from assume that the computational cost of the approximate model is
the covariance matrix negligible compared to that of the original fitness function.
. Lo o ot In the above simulation, all new data are used for network
p(é) = exp <—§($('L) —Zp) O (Z(d) - xP)) (21)  training. In the following, we introduce the weighted learning
based on the covariance matrix. In the simulation, it is found
where(Z(z), y(¢)) is the input—output pair to be learneti; isa that the use of weighted learning should be introduced after the
point in the current parent population to be referenced, usuatlyolution process becomes relatively stable. This may be due to
the one represented by the best individual in the current poghe fact that at the beginning of the evolution, the information
lation, C'is the covariance matrix defined in (8) in Section Il. [fobtained by the evolutionary algorithm is still inaccurate; the
the parameter vectatis close to the origin (zero), Eqg. (21) cancovariance matrix is not adapted yet to the topology of the search

be approximated by space. The results are presented in Table IlI.
Notice that in ten runs, the best fitness on average is fur-
p(i) = exp <_lf(i)TC—1f(i)> . (22) therimproved, while the average number of calls of the original
2 function remains approximately the same (fewer than 4 genera-

ipns in total). The standard deviation is 0.32 for the best fithess

Before applying the weights to neural network learning, th d 77.8 for the number of calls.

need to be normalized

Q) p(4) (23) B. The 20-D Rosenbrock Function
VA =
P Pmax Simulations are also carried out on the 20-D Rosenbrock
Wherepuay is the maximal weight among(i),i = 1,2, ..., N. function. As fqr the Ackley function, S|mula.t|ons are carried
: . .out for three different cases, namely, evolution using both the
In this way, the neural network is able to learn the most im- . - .
. . . aepproxmate model and the original model (Table IV, evolution
portant samples, and those with a weight smaller than a given - ! )
) ; . using the original model only (Table V), and evolution with a
threshold are discarded in learning. . . -
combination of the approximate model and the original model
with weighted learning (Table VI).
When the generation-based evolution control is used, the av-
To verify the feasibility of the proposed approach to marerage best fitness is 35.5 with a standard deviation of 10.5 over

aging approximate models, numerical studies are carried ¢em runs. Over ten runs, 865 calls of the original function are

V. NUMERICAL EXAMPLES
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TABLE |
GENERATION-BASED EvOLUTION CONTROL

Run No. 1 2 3 4 5 6 7 8 9 10 | Average
Best fitness 0.85 | 1.58 | 0.99 | 1.23 | 0.96 | 0.58 | 1.52 | 0.57 | 1.17 | 0.32 0.98
Number of calls | 1284 | 1428 | 1524 | 1512 | 1404 | 1632 | 1416 | 1380 | 1344 | 1476 1440

TABLE I
EvoLUTION WITH THE ORIGINAL FUNCTION ONLY

No. 1 2 3 4 5 6 7 8 9 10 | Average
Best fitness 5.90 | 0.1 1.60 | 3.70 j 1.60 | 3.90 | 2.20 | 1.40 | 1.50 | 1.40 2.33
Number of calls | 1440 | 1440 | 1440 | 1440 | 1440 | 1440 | 1440 | 1440 | 1440 | 1440 1440

TABLE Il
GENERATION-BASED EVOLUTION CONTROL WITH WEIGHTED ONLINE LEARNING

No. 1 2 3 4 5 6 7 8 9 10 | Average
Best fitness 0.61 | 1.43 | 0.65 | 0.75 | 1.07 | 0.98 | 0.46 | 1.07 | 0.49 | 0.57 0.81
Number of calls | 1416 | 1428 | 1476 | 1380 | 1488 | 1488 | 1632 | 1428 | 1512 | 1584 1483

TABLE IV
GENERATION-BASED EVOLUTION CONTROL

No. 1 2 3 4 5 6 7 8 9 10 | Average
Best Fitness 28.8 | 42.7 | 31.3 | 26.7 | 28.0 | 52.5 | 36.6 | 26.7 | 53.5 | 28.4 35.5
Number of calls | 924 | 732 | 828 | 792 | 948 | 804 | 744 | 1176 | 804 | 900 865

TABLE V
EVOLUTION WITH THE ORIGINAL FUNCTION ONLY

No. 1 2 3 4 5 6 | 7 8 9 10 | Average
Best Fitness | 733.0 | 56.9 | 124.8 | 161.5 | 225.8 | 44.9 | 149.8 | 343.7 [ 71.7 | 160.7 | 207.3
Number of calls | 876 | 876 | 876 | 876 | 876 | 876 | 876 | 876 | 876 | 876 876

TABLE VI
GENERATION-BASED CONTROL WITH WEIGHTED ONLINE LEARNING

No. 1 2 3 4 5 6 7 8 9 10 | Average
Best Fitness 20.6 [ 23.9 | 22.9 | 16.7 { 25.2 | 18.1 | 36.0 | 56.8 | 38.0 | 22.5 28.1
Number of calls | 996 | 948 | 936 | 900 | 960 | 960 | 876 | 1164 | 852 | 888 948

made on average in 200 generations. Since 865 calls equal iprilar to [30], all variables are restricted fo-2,2] and the

proximately 73 generations with a population size of 12, we thexumber of fithess evaluations is limited to 1000 in optimization.

run the evolution for 73 generations with the original functiolVhen only the original fithess function is used, the average best

only. fitness is 12.7 with a standard deviation of 3.89 over ten runs.
The average best fitness is 207.3 with a standard deviationTdfen, an approximate model is used together with the original

204.7. Therefore, a much better result has been achieved withess function in optimization. The average best fithess is 1.1

the help of the approximate model. Finally, we introduce thgith a standard deviation of 1.96.

weighted online learning. The average best fitness is 28.1 with

a standard deviation of 12.3, again better than the results with8ut Aerodynamic Design Optimization

weighted online learning. We notice that additional 83 calls of One of the main difficulties in aerodynamic design optimiza-

the original function are needed in this case, which corresponish is the tremendous time consumption in quality evaluation.

to seven generations. Therefore, we conduct another ten r@wherally, a 2-D or three-dimensional (3-D) Navier—Stokes

with 100 generations using the original fitness function only angblver with a turbulence model is used for computing the fluid

the average best fitness is 87.4. dynamics, which usually takes hours of CPU time to get a
o ) solution.
C. The 10-D Rastrigin’s Function The objective of the optimization in our study is to maximize
The n-dimensional Rastrigin function is a multimodal testhe efficiency of a turbine blade and to minimize the bias of the
function, which has been studied in both [30] and [14]: outflow angle from a prescribed value. The maximization of ef-
" ficiency is realized by the minimization of the pressure loss. In
F(E) = Z [2? — 10cos(2ma;) 4 10] . (24) addition, mechanical constraints must be satisfied concerning

Pt stability and manufacturing. In order to describe the 2-D cross
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Fig. 10. Gas turbine blade constructed with a B-spline. Fig. 12. Adaptation of the evolution control frequency.
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Fig. 13. Number of fithess evaluations versus the number of calls of the
Navier—Stokes solver.

parameters, i.e., the andy coordinate of the point. Fig. 10 il-
lustrates a blade (solid line) that is generated by a spline with
seven control points. The dotted line shows the corresponding
control polygon.

The population is initialized with a given blade to reduce the
computation time. Two neural network models are used to ap-
proximate the pressure loss and the outflow angle, respectively.
During online learning, no weighting information from the evo-
lution strategy is used.

The target of optimization is to minimize the pressure loss
00 800700 1200 1400 1600 while maintaining the outflow angle at 69.7At the same time,

®) the thickness of the blade should not be smaller than a prescribed
value. The development of the pressure loss and the outflow
Fig. 11. Blade optimization with approximate models: (a) pressure loss aﬁﬁgle during the evolution process are shown in Fig. 11. After
(b) outflow angle. . . L.
about 130 generations, the evolutionary optimization has con-
verged, resulting in a minimal pressure loss of 0.117 and an out-
section of the airfoil, a spline encoding based on the nonuniforfftow angle of 69.71. The change of the control frequency during
rational B splines [50] is used. The spline is constructed fromtlae optimization is shown in Fig. 12. It is clearly shown that
set of N 4-dimensional (4-D) control points:, v, 2, w) thatde- the evolution control frequency is adapted to the quality of the
fine the control polygon, where, y, » are the 3-D coordinates approximate model. In the beginning, since the model quality
andw is a weight for the point. A 2-D cross section is obtainets$ still low, the use of the maximal control frequency (four of
by setting thez-coordinate to zero. To minimize the dimensiorsix generations are controlled) is necessary. With the increase
of the search space the weights of the control points are fixeflavailable new training data, the model quality improves. Fi-
so that the representation used is a regular B-spline in this e&lly, only two of the six generations need to be controlled. The
ample. Therefore, every control point is described by only twaumber of fithess evaluations versus the number of calls of the

260 400
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Navier—Stokes solver is shown in Fig. 13. Itis found thatin 1596~ °*°

fitness evaluations, the Navier—Stokes solver has been called
only 702 times, which is approximately 59 generations if the
population size is 12. In this run, the weighted learning has not
been introduced.

For comparison, the evolutionary algorithm has been run for
60 generations without the approximate models. The results are
shown in Fig. 14. It can easily be seen that the evolution process
has not converged yet. At the end of the run, the outflow angle
is much smaller than the desired value (ranging from 68.6 to
69.4). Thus, the benefit of the use of the approximate models is
evident.

We have also run the evolutionary optimization with approx- Yo s 20 3o a0 360 60 700
imate models and weighted learning. It is found that the intro- @
duction of weighted learning has no significant influence on the
results. Fig. 15 shows the weights for all new samples gener- 7 T \
ated during the optimization. Although the relative importance 715
of the online generated samples seems very reasonable, the dif-
ference between the maximal and the minimal weights is minor, Tl it B fFR Y
which makes it difficult to excise a significant influence on the
learning process. The minimal difference between the weights
can be partly ascribed to the very small mutation step-sizes
(¢2 < 0.0005) used in the evolution strategy. In the design
optimization described here, the mutation step-sizes nearly al-
ways adapt to very small values, since only small variations of
the blade geometry are advantageous. The combination of small
step-sizes and small selected variations results in negligible dif- . . L ‘
ferences. To produce significantly different weights, the varia- 0 60 200 N o of Er0 fions 0 000 700
tions |Z(i) — #p| should be in the order dft/+/N)o. Fortu- ®)
nately, the weighted online learning is never harmful totheo S )
timization process, and thus itis notimportant whether we knck%? Oﬁﬂoﬁfr?;gpt'm'zat'on withoutapproximate models: (a) pressure loss and
beforehand if the relation is fulfilled or not. In the worst case,
no improvement will be visible.
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VI. CONCLUSION

0.9998|-

Based on the empirical convergence studies on two bench-
mark problems, individual- and generation-based evolutioncon- 5 |
trol is suggested to ensure the correct convergence of an evolu- *
tionary algorithm for optimization using an approximate fitness
function. A framework for managing the approximate model
with the generation-based evolution control is proposed. It es-
timates the local model fidelity for adjusting the frequency at
which the original function is called and the approximate model 0999 . . . . . .
is updated. This reduces the number of calls of the original T
computationally expensive function and maintains correct con-
vergence. To improve online learning of the neural networks
information from the covariance matrix of the ES is used for
weighted online learning of the new samples. However, the sube computation time. This framework is currently under further
cess of the weighted learning method depends on the amouningestigation for 3-D design optimization.
information contained in the covariance matrix. Furthermore,
the relation between the variances of the mutation distribution
and the selected steps must fulfill certain requirements to result
in significantly different weights. The authors thank D. B. Fogel and anonymous reviewers for

Results on both benchmark problems and an application ékeir valuable comments and helpful suggestions, which im-
ample show that the proposed framework is very promising proved the presentation of the paper greatly. The authors are
that it is able to come up with a good solution whilst reducinglso grateful to E. Kérner and W. von Seelen for their support, T.

0.9994[

0.9992

.15. Weighting of the new samples.
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