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ABSTRACT the best individuals of the!" generatiof, DE consists in compar-

When dealing with non-linear estimation issues, metaheuristics aljiEgD%a'g’\\;";e ggﬁé%ﬂ}’édgﬂh%f r?egveng:]?etrlgtri]ovr\:ltr?agsanfwrigg fIrr\]gtisc')n
often used. In addition to genetic algorithms (GAs), simulating an- ' Y g

nealing (SA), etc., a great deal of interest has been paid to dil"fererg-fit that is lower (or equal) to the fitness function of the previous
tial evolution (DE). Although this algorithm requires less iterations
than GAs or SA to solve optimization issues, its computational cos; . . . ¢

e DE in order to improve its convergence speed, hence its compu-

can still be reduced. Variants have been proposed but they do not> | hil iding local mini S dl |
necessarily converge to the global minimum. In this paper, our coniational cost, while avoiding local minima. Secondly, we evaluate
tribution is twofold: 1) we present new variants of DE. They havethne resulting approach in the field of neurosciences. Indeed, in this

the advantage of converging faster than the standard DE algorith@{€& Signal processing plays a role that is more and more active.
while being robust to local minima. 2) To confirm the efficiency of | "US, we have already studied the relevance of GAs to estimate the
our variants, we test them with a benchmark of functions often conParameters of the neuronal activity model proposed by Hodgkin—
sidered when studying metaheuristic performance. Then, we udduX!ey [6] and widely used in neurosciences [2].

them in the field of neurosciences to estimate the parameters of the The remainder of this paper is organized as follows. In the sec-
Hodgkin—Huxley neuronal activity model. ond part, we present the classical DE strategies. Then, in the third

part, we describe the proposed variants and compare the perfor-
mance of all the strategies on the benchmark of functions introduced
1. INTRODUCTION by De Jong in [7] and widely used in the optimization field. Finally,
In the field of signal processing, several approaches operate in twia the fourth part, we apply and test our variant on a neuro-scientific
steps: system modelling and model parameter estimation. The esproblem: the parameter estimation of the Hodgkin-Huxley model.
mation step consists in searching for the set of parameters which
minimizes a given error criterion such as the least square error,2. CLASSICAL STRATEGIES OF THE DIFFERENTIAL
the maximum likelihood or the minimum variance. Depending on EVOLUTION ALGORITHM
the constraints of the application (real-time and storage capacity) 1 classical DE

different off-line/on-line or iterative algorithms can be cpn5|d_ere(_1|.DE consists in generating a populatiorN#®? individuals which are
Thus, one can use subspace methods, adaptive or optimal filterin

or the expectation-maximisation (EM) algorithm, etc. Their Opti__gomposed oD parameters, aiso called “genes”. The population is

mization steps may be based on classical techniques such as Rlﬁltlé_lhzed by randomly choosing individuals in a uniform manner

steepest descent or the Newton Raphson methods. Neverthele fihin the boundary constraints of the model. Then, at each time
pest descent or : pnson methoas. ~1€3tp, new trial individuals are built by means of two operations: the

when dealing with highly non-linear estimation issues, alternativey,” | e “gifferentiation” and the “recombination”. In the follow-

solutions, such as metaheuristics, must be considered. They may % we definex{ (i) as theith gene of therth individu'al of thekth

potentially useful, especially when locating the global optimum is eneration

a difficult task. Although their computational costs are quite high,g . o th ; .

they are well suited to optimization problems. Differentiation: ther™ new parameter vectoXy ;| , is gener-

These optimization techniques are inspired by natural systemated by adding to an individuad;* randomly chosen among the'
like metallurgy for the simulated annealing (SA), biology of evolu- generation in a uniform manner, the weighted difference between
tion for the genetic algorithms (GAs) or ethology for the ant colonytwo other population membens? andX,?, with ry # r, # r3:
algorithms or theparticle swarm optimization. Thus, they have al-
ready been used in a large number of application areas, such as _ r_yn 12 yfs
biomedical applications to estimate intensity distributions for brain =1 N Rerial =% HFOGE=XE), @
magnetic resonance images [11], Rayleigh fading channel simula- )
tion [5], in the field of multimedia [1], etc. whereF is usually set to (.

In this paper, we focus our attention on the differential evo- Recombinationther'™" mutant individual X .  inherits genes
lution (DE) algorithm. Invented by Price and Storn in 1995 [12], of X, with a probabilityCR whereCR € [0,1] is usually set to
consists of a population of individuals which evolves towards a pagne has:
rameter vector that minimizes a beforehand defined fithess function
Fsit. The purpose of DE is then to explore and to evaluate new X{ .. (i) ifu<CR
regions of the solution space, by building new candidate solutionsi=1,...,D,vr=1,..,NP  X{ ()= { K trial therwi
from existing ones. It uses mechanisms inspired by biological evo- ' % () otherwise.
lution, namely the reproduction, the recombination, and the selec-
tion. However, unlike GAs, the exploration is automatically regu-  k'™generation” denotes here the population at the iteration
lated since new individuals result only from the recombination of  2For the sake of clarity, we use the same notations as in the akmin
individuals of the initial population. In addition, instead of keeping paper [12].

Our contribution is twofold: firstly, we suggest a new variant of
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Finally, a selection is carried out by comparing the fithess func) By substracting Frit (X™) and dividing by Fi (X™) —

tion values ofX; ., and ofX¢, respectively, as follows: Frir (X7™), we make sure that the argument of the exponential
; it Fr O ) < Fr () function lies in the interval—1,0]. This choice leads to proba-
X1 = { Xt;,mut fit >_<k,mut < Frie (X bility values evenly spr_ead in the interval 1}
X otherwise 2) The factora can be adjusted by the practitioner. For small val-

ues ofa, the resulting multinomial distribution tends to become
uniform. On the contrary, if a too high value ofis considered,

the distribution tends to the dirac delta measure center¥iin

2.2 Other existing strategies In this case, only the best individual has a chance to be selected.

. 3) It should be noted that this definition bears similarity to the ac-
Other strategies have been proposed for the last years [4]. They ceptance probability of the SA algorithm.

aim at speeding up the convergence by better choosing the differ- ) )
entiation directionX;? — X,* and the search region. Among them, Our approach is expected to speed up convergence in the
an approach known as tRAND/BESThas been shown to improve Presence of local minima. More precisely, tRAND/MIN and

the convergence speed. Its operates like the classical DE, excdpAND/BESTvariants tend to explore only the region nearby the

As for terminal conditions, one can either set the number of it-
erationsNiier or define an upper bound on the fitness function value.

that the trial individual is generated as follows: best individual which may be a local minimum. They still have a
_ ; chance to escape thanks to the random generation of the search di-
Vr=1,...,NP  Xiria = X"+ F.(62 — X&) (2)  rection. However, it may take a lot of iterations. On the contrary,

. ; ) our technique can be seen as a parallel exploration of the regions
whereX.? and X, ® are drawn randomly and uniformly among the which are the most likely to comprise the solution to the optimiza-
population ancK™ denotes the individual of théh generation that tion problem. In this way, the global minimum is reached in less
minimizes the fitness functioRs;;. According to [4], “it looks like  Iterations.

a chaotical local search around the current best solution”. In the next section, we compare 6 DE strategies: the clas-
Another strategy consists in using the best individual and comsical DE, theRAND/BEST the RAND/MIN and 3 proposed vari-
bining it with 3 other randomly chosen individuals — instead of us-ants. 1) ThéEyariant cOnsists in simulating individualg', for i =
ing only 2. Here, this method is called tRAND/MIN Thus, the 1,2,3), in equation (1), according to the multinomial distribution
rth trial indiVidual’xlEtrial , is generated as follows: described above. 2) In the variant of tRAND/BESTdenoted as
' RAND/BESVariant, We replac@(Km'”, in equation (2), by an individ-
Vr=1,...,NP X! i = X+ F.(XE = XM™) +F.(X2 —X%) (3)  ualdrawn according to the multinomial distribution whereas the two
' other individuals are uniformly drawn. 3) Finally, in tRAND/MIN
In this case, the differentiation direction)i(é1 — X"+ X&Z - X&Q’. variant referred to aBAND/MINariant, We replace{™, in equation
Although the computational costs of these methods are not greatés), by an individual generated according to the multinomial distri-
than the complexity of the standard DE, the candidate that can bieution whereas the three other individuals are uniformly drawn.
found may correspond to a local minimum. Indeed, by always using
the best individual of the current pOpulation in the diﬁerenta’[ionglz Results: Comparative Study on a benchmark of functions

step, the region of the global minimum may never be explored. . .
To evaluate the relevance of our variants, we suggest comparing the

3. NEW VARIANT OF THE DIEEERENTIAL EVOLUTION different strategies and variants of the DE on the set of functions
3.1 Description belonging to the De Jong benchmark [7], also used in [4]:

Although the above-mentioned variants of the DE improve conver- 3
gence, they increase the chance to be trapped in a local minimum. f1(X) = ka(i){ —5.12<X(i) <5.12 (6)
Indeed, they tend to limit the exploration nearby the best individual =
of each generation. To overcome this difficulty, we propose to fa- B 2 2 2
vor all the individuals yielding a high value of the fitness function f2(X) = 100X(1)" - >.<(2)) +(1-X(1)% ™
as opposed to only considering the best one. For that purpose, at —2.048< X(i) <2.048
the differentiation step, we suggest drawing the individuals with a 5
probability that is inversely proportional to the value of the fitness  f3(X) = Z [X(i)], —5.12< X(i) <5.12 (8)
function for this individual. In this way, no computational load is i=
devoted to exploring “uninteresting” regions of the solution space 10
while diversity among the population is maintained. pgtdenote fa(X) = Zl(i.x(i)4+ei), —5.12< X(i) <5.12 9)
the probability for individualX{ to be selected. We first consider i=
the following definition for this probability: wheresg; is a white gaussian noise
I I

Pk = K.exp(—Frit (X)) » 4) fs(X) = o027 1 _1 T — —y(10)
whereK is a normalization constant, which is adjusted so that the 002+ 351 1/(cj + Fiq (X(i) —aj)°)
sum of the elementarity probabilities equals 1 and that these proba- —65.536< X(i) < 65536

bilities define a multinomial distribution over the set of individuals.

However, if the fitness function takes high values, all the probabilyhere x| denotes the whole number portion of number The
ities pj fall in the tail of the exponential function and have sim- harameters are defined as followg:= 500, ¢j = 1+ j, a; =
ilar values. Therefore, the proposed approach is not discriminaliw(mod(le 5)—2) andap = —16(]i/5] — Z)J where mo@i y)
enough. As an alternative to definition (4), we propose to assign thg, o4« modulusy. Note tﬁatfl and f, have a global minirﬁum

following probability to individualx;: whereasfs, f4 and f5 have several local minima.
The simulation results presented hereafter are mean values
—a. (Frit (X¢) — Frie (™)) ) P

(5) computed from 50 runs of each DE algorithm. All the variants have
Frit (X¢) — Frit (X¢™) been initialized identically to make a fair comparison. TRegen-
eration is uniformly distributed within the boundary constraints of
whereK’ is the normalisation constant apgf™ is the individual  each test function and the paramateas been set to 5.
of the k" generation that yields the maximal value of the fitness  First of all, as all the algorithms often yield approximately the
function. This formula deserves some commentaries. same final values, we do not report those values in this paper.

Py = K’.exp(
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Evolution of fl(X

)

To illustrate the behavior of the different algorithms, we have optimal
represented in figure 1 the average evolution of the fitness functio 2 ‘
over the iterations for functionf (X) and f3(X).

The functionsfy (X) and f2(X) have a global minimum. In this
case, the optimization algorithms have no chance to fall in loca
minima. Therefore, the varianRBAND/MIN andRAND/BESTout-
perform the DE and the proposed variants, as expected. However,
should be noted that our variants converge faster than the classic
DE because instead of blindly exploring the solution space, they fe
vor the regions nearby the best individuals of each generation. T
illustrate this remark, figure 2 represents different generations of in
dividuals for the classical DE and its variant, th&yariant. After 0 S ‘ ‘ ‘
20 iterations, we can observe that, with the variant, the candidai 0 1 2 3 4
parameter vectors are very close to each other and to the true op.. log(Number of iterations)
mum of f2(X). On the contrary, when considering the standard DE, .
the parameter vectors are more scattered. Evolution of f3(xoptimal

As for the functionfz(X), it has several local minima. For this ‘
difficult optimization issue, th&RAND/MIN and RAND/BESTdo AN
not converge to the optimal solution since they are trapped in lo
cal minima. On the contrary, the classical DE as well as the vari

variant

fl(xoptimal)

)

antsDEyariant andRAND/BES{ariant reach the global minimum. It Aé 22
should be noted that it takes far less iterations forMgariant t0 g
converge than for the classical DE. X

To test the robustness of the proposed approaches, we ha
evaluated their convergence speed for all the functions of the D
Jong benchmark. Table 1 summarizes the number of iterations r
quired for { (fi(X¢"™) —min(f;)) / (fi(X{"™) —min(f)) }i=1234 to 30
reach the value 1@, where mirif;) is the minimum off; and
fi(X{"™) is the minimal value of the fitness function for thé& 1

generation. We can see in table 1 that our variants are on av

er- . . . .
age better than the standard DE in terms of convergence speed. l-_%gure 1: Evolution off; and f3 versus neperian logarithm of the
the functions that have a global optimum likg and f,, they are number of iterations. Plain lines: classical DE strategies, dashed

slower than theRAND/BESTandRAND/MIN strategies. However, lines: associated variants.

when the functions have local optima, the classical strategies tenghq ropotics. Indeed, neural implants have been made to alleviate
to fall in local minima (see fig 1) and fail to retrieve the global min- \he yndesirable effects of the Parkinson desease and the epilepsy.
imum. For instance, for the functiofy, the RAND/BESTand the  another example is the use of bionic arms for amputees. They are

RAND/MIN d_o not converge 44 out of 50 runs and 45 out pf 50 connected and controlled by the remaining nerves.

runs, respectively. On the contrary, our variants manage to find the ', yis section, we focus our attention on approaches that make

global minimum. To conclude, on the benchmark of functions, OURt hossible to characterize and to simulate the neuronal electrical

variants converge faster than the classical DE and are more robuas o : g :
ot tivity. The electrical activity of a neuron is the consequence of the
to local minima than th&AND/MIN andRAND/BESTimplemen- diffusion of ionic species, such as potassium and sodium, through

tations. Indeed, in the presence of local minima, RAND/BEST .its membrane, see figure 3B. As an example, figure 3A provides

andRAND/MINmay never reach the optimal solution because thelreight neuronal spikes recorded thanks to a micro—electrode.

explorations are centered around the best individual of each gener- : : .
. h . : : In 1952, Hodgkin and Huxley introduced a model establishing
ation which may be far from the optimal solution, especially when n analogy between electronical circuits and biological phenomena.

dealing with local minima. On the contrary, the proposed variant : ; : - : -
are more efficient by searching in parallel in different “interesting’%ee figure 4. This formalism leads to a set of differential equations

regions of the solution space. In the next section, we use these q_egcn_blng the ionic flows W.'th unknown parameters (_:orrespondlr)g
gorithms to retrieve the parameters of Hodgkin—Huxley biophysicrﬁ0 lonic conductances for instance. At the same time, Hodgkln_
and Huxley proposed a method to estimate the parameters of their

model from electrical recordings carried out on a neuromimetic Cirodel from the activity of biological neurons. This method, known

2 3 4
log(Number of iterations)

cuit as voltage—clamp [6], is still widely used to estimate the parameters
fi | f2 | f3 fa | fs of ionic channel models in a neuron. However, this method is based
DE 24 25|82 [ 36] 43 on several approximations which allow for the model parameters to
DEvariant 151 19| 35 | 19| 25 be estimated. Nevertheless, when dealing with the time constants
RAND/MIN 12| 13| - 9 - of the set of differential equations, the estimation accuracy has
RAND/MINariant | 14 | 17 | — 11 | 32 to be improved [10]. In particular, it is difficult to “accurately”
RAND/BEST 9 19 | - 9 | - estimate the time constants of the model. As an alternative, one
RAND/BESTariant | 17 | 20 | 123 | 22 | 71 can jointly estimate all the parameters of a single ionic channel

by finding the minimum of a fitness functidf;. Thus, studies
Table 1: Number of iterations required to reach the value*10 have been carried out to estimate the Hodgkin—Huxley (HH) model
Mean value over 50 simulations. - : the strategy does not converg@arameters from biological recordings. J. L. Madden et al. have
used the Levenberg—Marquardt method [9] or a gradient—descent
4. APPLICATION TO A NEUROSCIENTIFIC PROBLEM approach [3]. However, the estimations obtained with those
41 Context methods can correspond to a local extremum of the cost function.
’ . . More recently, in [2], we proposed to use metaheuristics to estimate
For the past few years, a great deal of interest has been paid to ne[p-e HH model parameters
rosciences, especially neuromorphic engineering. This topic is a '
the intersection of various fields such as biology, physics and signdfodgkin—Huxley neuron model
processing. Its purpose is to design autonomous robots, artificial When dealing with the HH model, leak current and two ionic
sensory and neural systems, etc. It plays a key role in biomedicapecies such as potassium and sodium can be considered. The
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. whereTy denotes the time constant for the convergence. It should
be noted that, when the tinhéncreases tg-o, x converges towards
— X/ X« Which is a sigmoid function 0¥,
R
< /"
g 1
. ] Xeo = (16)
F (Vmemfvoffsetx )
: ‘ 1+ exp(ivsmpex )

where_voffsetx denotes the sigmc_)id offset alfghye _the_sigmoid slope.
Figure 2: Evolution of scatter plots fof with standard DE and 1 N€ Sign DeforéVie, — Vs, ) is — for the activation term ane-
the DEyariant. The initialization is the same for both algorithms; for the inactivation. . . .
the final distribution is almost the same for both. Only the final  Considering the set of differential equations (1-6), 15 parame-
distribution obtained with the classical DE appears. The cross ters have to be estimated in order to define the HH model. Thus, we

represents the optimal set of parameters. define three vectors storing the unknown parameters:
equivalent electrical circuit is represented in figure. 4. X = 9K Tn Ex Vofisey Vsiope, ], Xieak = [Greak Ercar,
The current flowing across the membrane is integrated on the
membrane capacitan@@,e as follows: XNa = [INaTm Th ENaVorser, Vorisey, Veiopa, Veiope -
Ve Xk, Xna OF Xieak represent thX vector used in the section 2.
Conem e Ik +Inat e+ Is (11)  System :the integrated circuit (IC) designed by our group [10] re-

produces in real-time the electrical activity of a neuron following
whereV,.... denotes the membrane potentlglan eventual stimula- the HH formalism. For a given set of parameters, we record in-
tion or synaptic current ankk, Ina, | the potassium, the sodium dividually each ionic channel response by applying different step
and the leak currents respectively. These latter satisfy the followingalues, denoted stim, on the membrane voltage.

equations: To find the parameters of the HH model, the estimation method
Ik = gk n4(vmem_ Ex) (12) can be applied separately on each ionic channel. Here, we will focus
our attention on the potassium channel. Since the leak cuggnt
INa = ONaMPN(Viem — ENa) (13)  can be obtained by solving the affine equation (), andE, can
lieak = Ghear(Vinem — Eear) (14)  beestimated thanks to a linear regression. The parameter estimation

. . of potassium requires more complex techniques such as DE because
where{gi }i:K,_Nav sk iS the maximal conductance value, of the strong non-linearities of its equations.

{Ei }i=K Najea« IS the ion—specific reversal potential, andm and During 50ms (biological real-time, with a sampling period of
hrepresent the so—called activation term of the potassium channgj,n1mg we record independently the currents, dendtggd,.« and

the activation term and the inactivation term of the sodium chany = “after applying successive steps values on the membrane
nel respectively. Those terms are dynamic functions describing thé .

permeability of the membrane channels to the ion considered. Iﬁoltage. Then, we apply a discretizatito the HH model equa-

o . . : h . ons with the estimated parameters to obtain an analytical expres-
addition, they all satisfy the following differential equation: sion of the currents, denotégy.
dx

Tegp = Xo =X where x=n,mh (15) #Approximation of partial difference by 521 = X, — Xn
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Potassium channel response (DE)
" istserie benchmark of functions. It takes less iterations for our variant than
for the classical DE to converge. In addition, when dealing with
local minima, our approach efficiently explores in parallel differ-
ent regions of the solution space to find the global minimum unlike
theRAND/BESTandRAND/MINstrategies. Then, we have applied

it on a problem originally adressed by neuroscientists. This study
illustrates the relevance of the proposed variant of the DE on com-
plex and noisy systems involving differential equations. In further
works, it would be interesting to compare the performance of DE
with another new simple and efficient optimization algorithm, the
artificial bee colony (ABC) [8].

—2nd serie

N e
\ K

Ik (L A)

20 25 30
Time (ms)

Figure 5: Potassium channel Response. Continuous line : potadcknowledgements
sium channel hardware response to different steps of stimulation§€search was partly funded by the E.U. Grant FACETS (FP6-IST-

Dashed line : software response obtained with extracted parameté?ETP"2004'15879)-

(DEvariant)-
The fitness functior; that we suggest minimizing is defined

by :
an(XK) =
Z Z (B X (IreferenceK (t~,5tim) - |50ﬂware(XK,t,Stim)))2

where t corresponds to the time anstim corresponds to the

(17

different values applied to the membrane voltage. Note that a factor

B = 10° is considered to avoid numerical limitations.

4.2 Comparative study on the potassium ionic channel

The responses of the potassium chanhgle,ck and lsware are
shown in figure 5 for theRAND/MIN,ariant. We can see that the
curves are almost overlaid for each stimulation current. The small
discrepancy during the 15 first milliseconds is due to chip de-
fects. Indeed to computé in equation (12) multipliers involving a
translinear loop are used. However, these multipliers are not reall
linear with weak currents [10]. Moreover, when performing random
multiple starts of this algorithm in the same conditions, we obtain
the same extracted parameters with a precision of six significative
digits.

In figure 6, we have represented the evolution of the fitness
function for only 3 strategies for the sake of clarity: the classical
DE, the RAND/MIN which exhibits the smallest time of conver-
gence, and its variant, tiRAND/MIN,griant. TheRAND/MIN,ariant
performs better than the classical DE, but@&ND/MINconverges
in less iterations than our variant. The most likely explanation is that
the fitness function for the potassium channel has few local minima
despite of the complexity and non-linearity of the equations. We are
currently working on the joint estimation of the sodium and potas-

sium channels where the proposed approach is expected to yield

good results.

10

Results of convergence

tandard DE

1.5F RAND/

/MIN
variant
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Figure 6: Evolution of fitness function with the DE and their vari- [11]

ants. Dashed line represents the evolution of the variant correspond
ing to the continuous line classical algorithm.

5. CONCLUSION

the convergence while avoiding local minima. We have first val-

idated the performance of the proposed approach on the De Jong
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(10]

12
In this paper, we propose new variants of DE intended to speed u[p ]
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