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Abstract

The approach of reverse engineering gene networks by fitting models has been highly
successful, but increasing model complexity means that more powerful global optimisation
techniques are required for model fitting; for this, we require faster parallel algorithms. I
examine the modeling of the gap gene network in Drosophila, for which a gene network
model, in the form of a set of differential equations, is fitted to high-resolution spatio-temporal
expression data. Previously model fitting has been performed with Parallel Lam Simulated
Annealing, but it has been shown that an island Evolutionary Strategy would be more efficient.
Until now a parallel Evolutionary Strategy has not been applied to this problem.

I study in detail the performance of the island Evolutionary Strategy when applied to
the gap gene problem, including the effect of the distribution of individuals across islands,
and demonstrate that the per-island speed of the algorithm increases with number of islands.
By splitting up the islands throughout a number of processors, I apply a new coarse-grained
parallel Evolutionary Strategy to problem, and study how its performance varies depending on
number of nodes. It is found that both the reliability and the speed of the algorithm increase
with increased number of nodes, though the efficiency drops off beyond 20 nodes. Finally, I
compare the performance of the parallel ES to Parallel Lam Simulated Annealing and find
that the Evolutionary Strategy is both faster and more reliable than Simulated Annealing.

I discuss ways in which model fitting by optimisation can progress in the future, including
the potential for specific improvements that could be made to both the Evolutionary Strategy
and Simulated Annealing. I conclude that as well as its superior performance to Simulated
Annealing, the Evolutionary Strategy also has more possibilities for future developments, and
I discuss such improvements, including asynchronous algorithms, hierarchical algorithms and
hybrid algorithms.
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1 Introduction

The driving aim of systems biology is the understanding of complex interacting systems, and
a powerful tool for this is the reverse engineering of such systems. In the reverse engineering
approach, we attempt to use data to directly infer parameter values for a model to an entire
system, and analyse this model to further our understanding; this differs from the traditional
approach of building up a larger picture through individually measured simple interactions. One
of the most exciting areas is the reverse engineering of gene regulation networks; exactly how
genes and their gene products interact to regulate expression, with the overall result of allowing a
range of behaviours to occur, such as developmental patterning, cell differentiation and responses
to environmental changes. Reverse engineering in this context means inferring an underlying gene
network, which will contain information on whether each gene activates, represses or otherwise
affects other genes.

There are multiple approaches to both the experimental and the computational side of this
problem. Gene expression microarray data has been used successfully to infer regulatory aspects
of gene networks%2, and the relationship between the statistical techniques involved in microarray
analysis and those used in network theory has been given significant theoretical study??. Bayesian
network models have also been successfully applied to gene expression information from both
microarrays®® and intracellular flow cytometry data%°.

One drawback of many network inference methods is that they do not consider how expression
changes over time or throughout the organism being studied, as they generally average expression
together across both time and space. While time-series of microarray data can be used to fit
network models that have a time component, using either difference equations?” or Dynamic
Bayesian networks®?, it is very difficult to measure spatial differences in gene expression throughout
an organism with microarrays to reasonable resolution. While it is possible to use microarray
analysis on single cells??, it takes a significant period of time per cell, and does not allow data
collection on a significant enough scale for network analysis. In addition Bayesian network models
have not yet proved effective for spatio-temporal modelling. However, there are many systems for
which both space and time are integral aspects; for instance in pattern formation, or pathways
that involve intercellular signalling, and thus a spatio-temporal approach is required. It has even
been shown that spatial localisation is important in many pathways of single celled organisms%3.

I am going to consider a technique which allows the inference of explicitly spatio-temporal gene
networks. This approach involves collecting spatial data at nuclear resolution for various stages
of development by confocal scanning of immunofluorescent stainings for particular gene products.
The gene networks are inferred by fitting a spatial gene network model, a set of deterministic non-
linear differential equations that include parameters that specify how genes activate or repress each
other, from which we can infer the network structure. These parameters are phenomenological,
in the sense that they summarise the effect of transcription factors as simple values; as such, it is
not possible to estimate them individually, and thus the entire model must be fitted to the data
simultaneously, and thus we employ a global optimisation procedure to reduce the least-squares
difference between the model’s predictions and the data. This technique has been used successfully
to gain insights into gene networks in which spatial patterns develop over time®%27. This method
had the advantage of producing an explicit model of how the gene products change over time,
which can be used to investigate aspects such as robustness, and assigning specific expression
features to the action of particular regulatory interactions.

The only developmental system that this approach has been applied to so far is metameric
pattern formation in the early Drosophila embryo; the process that determines where the segments
will form. The general procedure by which this occurs is well understood®; a number of maternal
mRNAs become localised during pre-fertilisation egg development; protein gradients then form by
diffusion from their localised source after translation. One to three hours later, at the blastoderm



stage (at which body segments become determined), these maternal factors regulate the expression
of a set of transcription factors called the gap genes. The gap genes in turn regulate a further
set of transcription factors, the pair-rule genes, which finally regulate the position of the segment
polarity genes, which mark where the segments will appear.

I use the term ‘regulate’, rather than ‘determine’; while it was once believed that each layer of
the hierarchy was fully determined by the layer above it (gap genes by maternal gradient, segment
polarity genes by pair-rule genes, and so on), it is now known that such vertical interactions are
insufficient to explain the pattern formation of their gene products?®. To fully explain the observed
patterns, we need to consider the (largely repressive) horizontal interactions, i.e. the complex gene
regulatory networks between genes on the same layer. It is to this end that we model the full
spatio-temporal behaviour of the gap genes, and parameterize the model using gene expression
data for the gap genes and maternal gradients throughout the embryo and across developmental
time; from the model’s parameters, we can infer the gene network.

One of the main problems with this approach is that the number of parameters for the model,
and thus the time required to run the optimisation and fit the model to the data, increases
rapidly as more genes are considered. It is thus extremely important to design efficient global
optimisation algorithms to keep up with the ever-increasing scope of systems biology; efficiency
in this case means both directly increasing the speed of the algorithms, as well as allowing the
algorithms to run efficiently in parallel. The most commonly used algorithm for this purpose has
been Parallel Lam Simulated Annealing3?33?; however, it has been shown'* that an appropriate
Evolutionary Strategy, the so-called island-ES, can be used to solve the problem more rapidly.

Up to this point, the main advantage of the Simulated Annealing approach for the gene network
optimisation problem was that it had a proven efficient parallel algorithm, whereas no parallel
version of the island-ES has been applied to this problem before. In the hope of harnessing the
same parallel utility that has been successful for Simulated Annealing, I have developed such a
parallel island-ES algorithm.

The focus of this study will be on the relative efficiencies of Parallel Lam Simulated Annealing
and the parallel ES, when applied to the gap gene problem. While I specifically focus on their
application to gene regulatory networks in general, and the gap gene network in particular, I also
aim to place this in the context of optimisation by Evolutionary Algorithms (EAs) and Simulated
Annealing (SA) in general. To this end, I begin with background to the problem, including a
description of the gene network model and the Drosophila embryo data, and with a history of
Evolutionary Algorithms and Simulated Annealing in general.

I go on to investigate further the application of the island-ES to the gap gene network problem,
especially with regards to how the number of islands, and the way population size scales with
number of islands, affects how effective the algorithm is. I implement the parallel ES algorithm on
a large computing cluster in order study how the efficiency of the algorithm scales with number of
processors. Finally, I compare the parallel ES to Parallel Lam Simulated Annealing when applied
to the same problem; such an investigation has not been performed on an actual data-set before,
as previous studies have focused on bench-mark tests of simulated problems*. In all cases, I
investigate both the speed and the reliability of the algorithm.

Finally I discuss implications for future gene network problems and model fitting by optimisa-
tion in general.



2 Background

2.1 The Problem
2.1.1 The Model

Mjolsness et al. 4> developed a spatio-temporal model of gene concentrations during animal de-
velopment, based on the recursive neural net model of Hopfield 2. They formulated a version of
this model for gene concentrations in gene networks, and specifically for gene expression in the
Drosophila blastoderm. The production rates of all gene products are assumed to be influenced by
concentrations of the other gene products in the cell, as well as by external inputs. There are ad-
ditional dimensions to consider in gene networks that are not present in neural networks; each cell
nucleus can have different protein concentrations, and thus we have to model the concentrations of
different gene products in different spatial locations. As we are considering segmentation, and as
anterior-posterior pattern formation is relatively independent of dorsal-ventral pattern formation,
only the anterior-posterior dimension was included in the model, with N,,,. nuclei considered to
be laid out in a line, each one having an index ¢ € {1,..., Ny}, thus giving Ny, X N, gene
expression values {g?}.
The model is given by

N,
dg¢ J
o = Ra®(Q_Wig! +magi ™ + ha) = Xag + Da(n) (981 — 98) + (91 — 9] (1)
b=1

The three terms correspond to protein production, decay and diffusion, and I will discuss each
separately.

The production term is equal to some fraction of the maximum production rate R,. This
fraction is given by the sigmoid function

D(ua) = 5 [ (wa/ VeZ T 1) +1] (2)

which takes on values between 0 and 1. In this case u, = Zé\[:gl Wé’ gf + magfc‘i + hg, which

contains three terms. The first term fogl w? g%’ is the sum of activation or repression by regulators
b, where the contribution of each b on gene a is given by its contration times by the weight of
the connection between them W?. This weight matrix W defines the gene interaction network;
a positive value of W? represents activation of gene a by gene b, a negative value represents
repression, and a zero value represents no interaction. The second term m,, ngCd is the effect of the
concentration of the maternal factor Bed, where my, is the effect of the Bed gradient on gene a and
g2°? is the concentration of Bed in nucleus 4; Bed is laid down maternally during egg development,
and is thus treated separate from the other genes. The final term h, represents other factors,
including ubiquitous maternal factors.

The decay term A,g{ assumes that gene products decay exponentially, with a decay constant
A, for gene a.

The diffusion term D, (n) [(g%,; — ¢¢) + (971 — g¢)] corresponds to Fickian diffusion, in which
gene product diffuses in from neighbouring nuclei at a rate proportional to the difference between
their concentrations, and D, (n) is the diffusion constant of each protein; as diffusion is proportional
to the distance between the nuclei, D,(n) is a function of the number of cell divisions that have
occurred prior to time ¢, as every time the cells divide the distance between their nuclei halves and
thus the rate of diffusion doubles, giving D,(n) = D4(n + 1)2, where D, is the diffusion constant
at n =0.



The model takes account of cell division. The lengths of interphase and mitosis occur according
to a very well determined schedule'!, and are modeled using three rules. During interphase a
continuous rule is applied, in which equation 1 holds. After this is a period of mitosis, during
which a second continuous rule is applied, in which the production term of equation 1 is set to
zero. Finally, a discrete division rule is applied, in which n is incremented, and each nucleus splits
into two, with equal concentrations of all gene products. The precise timing is given in Jaeger
et al. 26,

2.1.2 The Data

While the model alone can provide some insight into gene networks (not least of which is stating a
complex hypothesis in one relatively simple equation), the model becomes especially useful when
applied to experimental data. If we can determine the values of the various parameters of equation
1 for particular data, we can extract relevant information (such as the weights of the gene network).
However, producing data at a high enough resolution, with quantitative measures of gene product
concentration for each nucleus, is a non-trivial task.

Surkova et al. 4 discuss a method of producing spatio-temporal protein concentration data
for segmentation genes in the early Drosophila embryo that can produce quantitative data at the
resolution of individual nuclei. The method involves scanning fluorescently-stained embryos, and
using a high-throughput image processing pipeline to extract the per-nucleus concentrations and
combine them into a high-resolution time-series of integrated data.

The data collection consists of the fluorescent staining of fixed embryos using antibodies raised
against three target transcription factors per embryo (one of which is always the pair-rule gene
eve), as well as a nuclear stain to identify the positions of the nuclei. Each of the four flourophores
emit at a different wavelength, and thus can each be scanned separately using a confocal microscope
at various depths. A large collection of embryos is scanned (in the case of Surkova et al. %4, 1600),
in order to have a representative sample of gene expression data across the time series for all the
genes of interest. Surkova et al. %4 scanned 15 genes, but we are only interested in genes required
to study the gap gene network: they include maternal genes bicoid (bed) and caudal (cad), and
the gap genes Krippel (Kr), knirps (kni), giant (gt), hunchback (hb) and tailless (¢l1).

The image processing pipe-line involves five stages. Firstly, each embryo image is segmented;
the boundaries of each nucleus is determined using a combination of a watershed algorithm and an
edge detection algorithm, and the location of each nucleus, along with the intensity of each gene
product it was scanned for, is stored. Secondly, each image undergoes background correction to
remove the signal from non-specific binding; this is performed based on the observation that non-
specific binding follows a two-dimensional parabolic distribution®, and thus it can be removed by
fitting such a distribution to the intensity readings outside of the nuclei, and subtracting this from
the overall signal. Thirdly, the developmental age of each image is determined, by visual inspection
based on eve expression and embryo morphology. Fourth, the expression data are registered; the
position of the eve stripes are determined using splines, and an affine co-ordinate transformation is
applied to each image to minimise the over-all least-squared distance between the stripes, ensuring
that they line up. Finally, the images are averaged together for each time-step and gene, in order
to create an integrated data-set.

This approach has been used to create FlyEx5?, an online dataset of segmentation gene ex-
pression data for Drosophila, and by fitting the gene network model to this data Jaeger et al. 27
were able to gain biological insight into the functioning of the gap gene network.



2.2 Optimisation and the Inverse Problem

There are essentially two problems to be addressed with gene network models. The first is the
so-called direct problem, which consists of solving the equations that make up the model, using
given parameter values that have been measured or guessed. Examples of questions we may
address with such a solution are: what does the model predict in different circumstances (such as
if certain gene products are removed, as in a gene knockout experiment), can we infer how robust
the developmental processes are to various changes in parameters or variables (such as differences
in maternal inputs), and how evolvable is the system®*? However, in many cases we have no
measurements or accurate estimates for parameter values. Thus, we must address the inverse
problem; assigning values to the various parameters in the model based on experimental data. For
instance, the sections above discussed the existence of a spatio-temporal gene network model for
early Drosophila genes, and an extensive dataset of spatio-temporal gene expression data; in order
to make full use of both of these, we need to solve the inverse problem. This is often a non-trivial
task.

We wish to find what values the particular parameters have to take to best explain the data.
We can frame this as an optimisation problem in which we attempt to find the set of parameters
Topt that gives the minimum value of an objective function E(Z). We define the objective function
for a particular set of parameter values Z as the sum of squared distances between the values
predicted by the model and the experimental data for all data-points we have, or

E(f) = Z [gg(t, f)model - g?(t)data]2 (3)

(i,t,a)
where the sum is over all 7,t and a for which we have data, and where

f = (I/Vll7 ceey W]]\Zg,ml, ceey mNg, hl, ceny hNg, )\1, ceey ANQ, Dl, ceey l)]\]g7 Rl, ceey RNg) (4)

is the vector of all parameters to be estimated, with a length of Ny(N, + 5).

Specifically, we want to use the optimisation procedure to fit the model for a 6 gene problem.
A dataset exists, created using the method described above, that contains expression data for 6
genes (plus the maternal gradient of Bed) across 58 nuclei and 9 equally spaced time-classes from
cleavage cycles 13 to 14 of early Drosophila development. The genes of which we wish to model
the expression are the 5 gap genes hb, Kr, gt, knt and tll and the maternal gene cad.

As already mentioned, optimisation for complex problems such as these is non-trivial. The
system of equations is non-linear with a large number of parameters to be estimated, and the
fitness landscape is not smooth. A full search is not possible, and a local search (which moves
downbhill until it finds the lowest energy) is likely to get stuck in a local minimum. Instead, we need
an approach that searches the entire landscape, but does so in an efficient way. Many so-called
Global Optimisation methods have been developed to overcome this problem. I will discuss two
broad classes of approaches; Simulated Annealing, and Evolutionary Algorithms.

2.3 Evolutionary Algorithms
2.3.1 A Brief History of Evolutionary Algorithms

I am discussing Evolutionary Algorithms as used for searching or optimisation, not in order to
simulate evolution for its own sake.

Algorithms that were in effect elementary evolutionary optimisation algorithms were in use as
early as the 1950s. For instance, Richard Friedberg published a pair of papers!®6 on his Learn-
ing Machine; a computer program that had elements of its programming that underwent random



changes and selection, in order to adapt to the problem it has been set. Another early and in-
novative example of the application of evolution to optimisation was George Box’s “Evolutionary
Operation” scheme, for use in industrial plants®. This was explicitly modeled on biological evolu-
tion, and involved making random changes in the day-to-day running of the plant, and selecting
which changes to carry on with based on the success of the plant.

While these early evolutionary algorithms had modest success, they tended to get trapped in
local minimum. In particular, Friedberg’s algorithm could take up to 100 times longer to converge
on a good solution than random chance alone did, due to the inability to escape troughs in the
fitness landscape.

Hans Bremermann made this problem explicit in a talk at the Self-Organising Systems Con-
ference in 19627. He noted that the then current models of evolution assumed a single fitness for
a given gene, independent of the other genes present, and that this is not generally true, either
in biological evolution or in optimisation. He proposed the introduction of recombination, the
“mating game”, into evolutionary algorithms in order to overcome this problem, and showed that
for certain problems it stopped the solution becoming trapped.

In general, the EAs that were developed after this point fell into three categories: Genetic Al-
gorithms (GAs), Evolutionary Programming (EP) algorithms and Evolutionary Strategies (ESs).

Genetic Algorithms grew out of a general theory of adaptive systems formulated by John
Holland, first outlined in the early 1960s2°, and more specifically from his discussion of the appli-
cation of this adaptive theory to a number of separate systems, including optimisation, published
as Adaptation in natural and artificial systems in 197521, The technique was applied to param-
eter optimisation by Kenneth De Jong?®. Inspired by the genetic code, the procedure involves
representing the entire parameter set as a long binary string by concatenating binary represen-
tations of the parameters together. Mutation occurs by randomly inverting single bits at a low
rate, and recombination (occurring at a higher rate than mutation) is performed just like genetic
recombination, i.e. by selecting two individuals at random and swapping one or more sections of
the binary string between the two. The offspring thus produced are randomly selected, with the
probability of each offspring surviving being related to their fitness.

In 1965 Lawrence Fogel and colleagues published a book, Artificial Intelligence Through Simu-
lated Evolution ', in which they described an EA, which they called Evolutionary Programming.
They applied it to the evolution of finite state automata, to be used in prediction (a common ap-
plication for many EAs), but it has been applied widely since. The EP algorithm does not include
recombination, but it does have a number of mechanisms for ensuring that the search space is
well sampled. Firstly, mutation is biased, and is dependent on the fitness (values with high fitness
change less). Secondly, selection is performed by a method called g-tournament selection; each
individual has its fitness compared with the fitness of ¢ other randomly picked individuals, and is
assigned a score based on how many of these individuals it is fitter than. The individuals with the
highest such score are then selected. This technique is stochastic but elitist; the best individual
will be selected for the next generation, but there is also a chance that lower fitness individuals
will also be selected (with the parameter ¢ determining how likely this is). This prevents the
algorithm becoming trapped in a local minimum.

The Evolutionary Strategy was originally devised at the Technical University of Berlin for
designing hydrodynamic devices, with changes applied directly to experimental devices (for in-
stance, Lichtfuss ®* used such an ES to optimise the flow rate in a bent pipe). The ES was first
implemented on a computer by Hans-Paul Schwefel®'. ESs are explicitly continuous algorithms,
with operations specifically designed to handle continuous variables. Evolutionary Strategies con-
tain a number of features that make them well suited to optimisation; each individual has its
own mutation rate associated with it, allowing the mutation rate to adapt as the individuals are
selected. They also involve recombination between parameter values, rather than between binary
representations as in the GA; offspring are produced from two or more individuals by giving each



offspring parameter a differently and stochasticly weighted mean of its parent’s values. ESs are
relatively general, and exactly how recombination occurs varies across implementations. Finally,
ES selection is deterministic: the top A individuals are selected from the population.

By far the most popular type of EA in use today is the Genetic Algorithm, largely due to
itss versatility. However, it is worth noting that for a large number of optimisation problems,
ESs tend to outperform GAs. In his 1996 book Evolutionary Algorithms in Theory and Practise®
Thomas Béack performed a large empirical comparison of the three different approaches across a
range of objective functions, including both continuous and step functions, judging them based
on convergence velocity and reliability, and found that Evolutionary Strategies tended to perform
best, followed by Evolutionary Programming and finally Genetic Algorithms. Surprisingly, given
the popular claim that GAs tend to perform better on discrete problems than other EAs, the ES
out-performed the GA even on a step function. Similar results were obtained in another related
analysis®. Both these references also give a more detailed history of the specific algorithms, and
their different formulations.

2.3.2 Formulation of Evolutionary Algorithms

We can specify the general Evolutionary Algorithm, of which all the EAs described in the previous
section are a special case. We will use the notation used by Bick and Schwefel . Evolutionary
Algorithms operate on individuals @ € I (where I is the set of all possible individuals), and
on object variable vectors ¥ € R™ (these vectors are either associated with or identical to the
individuals in the population). We have the objective function to be optimised, f : R® — R, and
a fitness function ® : I — R, which will be dependent on, but not necessarily identical to, the
objective function.

We define a parent population at generation t as P,(t) = {d1,...,d,} where u > 1 is the size
of the parent population, which is initialised in some way to create P,(0). During each generation
the parent population undergoes mutation and recombination to produce an offspring population
P,(t) = {d1,...,dx}, where A > 1 is the size of the offspring population. Fitnesses are then
determined for the individuals in the offspring population, and some combination of individuals
from the parent and offspring populations are selected to produce a new parent population P(t+1).
This is repeated until some stop criterion is achieved.

Recombination and mutation are achieved by a recombination function re, : I* — I* and
a mutation function me, : I* — I, where O, and O,, are parameter sets. We will take
recombination as occurring first, though this does not have to be the case; if mutation goes first
then it maps I* — I*. The mutation function treats each individual separately, and thus can be
reduced to the local operator mém : I — I. In contrast, recombination makes use of two or more
individuals in the parent population to produce each individual in the offspring population, and
thus is reduced to the local operator rg —: I* — I.

The fitness associated with each individual is calculated using the fitness function ®, and
selection is achieved by the selection function sgs : (I* U I*) — I*. A termination function
v I* — {true, false} is used to determine whether the algorithm should perform another step or
not.

The general Evolutionary Algorithm can thus be specified as



1. Initialise the parent population: P,(0) = {@:1(0), ...
Evaluate the parent population: {®(d:(0)), .., ®(&,(0))}

2. Check termination criteria ¢(P,(t)), and finish if true
3. Produce the offspring population from recombination: P,(t) = re, (Py(t))
4. Mutate the offspring population: P/(t) = mem (P,(t))

5. Evaluate the offspring population: {®(d;(t)),.., ®(a.(t))}
Produce the new parent population by selection: P,(t 4+ 1) = sgs(P,(t))

6. Increment the generation t — ¢ + 1 and return to 2.

The individual types of EA described above can be classified based on this system. For instance,
we can specify all the individual variations that make up the canonical EP algorithm as follows.
Firstly, it has a fitness function ®(@) = §(f(@), k), where ¢ is a scaling function that keeps the
fitness positive and k is an optional randomisation element. Secondly, it has no recombination

stage. Thirdly, it has mutation determined by the local operator mf{ﬂl’___ﬂnﬁl’__ﬁn} TP —

I,m' (%) = 7! , with the pre-mutated object vector z and the post-mutated object vector =’ related
by

zy =z + N(0,1)/3i®(Z) + v (5)

for i € {1,..,n}, where 3; and ~; are mutation parameters. Finally, selection is performed by
g-tournament selection (as described above).

Specification of the Evolutionary Strategy that we shall use is given in the “Methods” section
below.

2.3.3 Parallel Evolutionary Algorithms

Evolutionary Algorithms are inspired by biological evolution, and biological evolution is a mas-
sively parallel operation: every individual can be considered an evaluation of genetic and epigenetic
parameters, through the fitness function of development and competition, and countless numbers
of individuals perform this evolution simultaneously. Allowing EAs to mimic this function be-
comes increasingly important as grid and cluster computing become more powerful. At any given
time for any top-line computing technology it is generally cheaper to buy two computers than to
buy one that is twice as fast, or as William Gropp put it so succinctly, “to pull a bigger waggon,
it is easier to add more oxen than to grow a gigantic ox” 1.

There have essentially been three approaches to parallel EAs; the master-slave approach, the
diffusion approach, and the migration approach. Most of the examples discussed here are of
parallel GAs, which are by far the most numerous (and have been extensively reviewed?).

The master-slave approach is the simplest form of parallel GA. A master node implements
all aspects of the GA itself, other than calculating the fitness function; this has the advantage of
introducing no new parameters. This approach is used when calculating the fitness function is a
very costly operation compared to recombination and mutation. This has been especially useful
in Genetic Algorithms; the string representation of parameters makes recombination (as simple
crossing over) and mutation (as bit inversion) very simple, and can thus be easily run on the
master node. Fogarty and Huang '? reported a speed-up for a Genetic Algorithm, specifically a
learning rule for a pole balancing application, when implemented on a parallel computer made
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up of transputers (small, cheap processors that were popular in the 1980s, made to be connected
together to form larger parallel computers). They noted that communication overhead became too
high for higher implementations, though this was probably due to both the master-slave nature
of the implementation, and the limitations of transputer communication. A master-slave ES with
similarities to migration ESs is discussed below, along with migration.

The diffusion approach (also called the ‘fine grained’ approach) concentrates on producing a
large, interacting population over a number of nodes; often with one or few individuals per node.
The population is often spatially structured, with selection and recombination occurring between
individuals that are nearby (i.e. on nodes that are well connected). Thus good solutions propagate
in space, and can merge with other solutions as they migrate across nodes; it has been proposed
that this intermingling of spatially localised solutions can help avoid local minima'®. The method
does have the disadvantage of changing the EA it is based on heavily, with often unknown and
certainly highly implementation dependent changes to results.

The literature on fine-grained GAs is large. There have been some very successful implementa-
tions; an example of note being ASPARAGOS ', one of the first. ASPARAGOS was implemented
on a ring of transputers, each of which ran one individual, with a width of two individuals and
a circumference of N/2 individuals (where N is the number of nodes); individuals interacted (re-
combined with, and were selected relative to) all individuals that they could reach by 2 moves
(i.e. 7 other individuals). It was shown that ASPARAGOS (using 64 transputers) could get better
solutions faster to large Travelling Salesmen Problems than both Simulated Annealing (the fastest
algorithm in use at the time) and k-opt (the highest quality algorithm). Cantu-Paz® reviews
the success of other algorithms with other structures that followed, including grids, toruses and
hypercubes, with varying degrees of success.

Runarsson and Sigurdsson °® produced a parallel ES for model selection in support vector ma-
chines which was half way between a fine-grained and a master-slave approach. It uses continuous
selection and mutation, such that low fitness individuals in the population are persistently deleted
and replaced by offspring of the fitter individuals; different processors asynchronously select the
worst and best individuals not being accessed by another processor and perform the necessary
operations (including evaluating the new individual and changing the ranks appropriately). They
report good results for 4 nodes, though whether this algorithm will scale well beyond such a small
number of nodes is currently unknown.

The migration approach, often called the ‘coarse-grained’ approach, involves running a number
of separate and largely independent EAs, each on a separate processor, which occasionally exchange
information with each other. Whereas the diffusion approach has much in common with mainland
population biology, this approach is inspired by island population biology, with small, well mixed
populations connected together by weak migration.

Once again there are numerous examples of coarse-grained parallel GAs. Early implemen-
tations are reviewed elsewhere®, and modern GAs are applied successfully in a wide range of
applications. An impressive example of that is the demonstration by Pereira and Lapa ®' that a
parallel migration GA could be applied effectively to the design of the core of a nuclear reactor;
also notable was that the communication overhead of the algorithm was so low that it could be
implemented on an off-the-shelf Local Area Network, with little loss of efficiency.

It has been noted that ESs would be particularly well suited to the migration approach;
Lohmann 36 notes that an island-ES (serial ESs that contain multiple populations) could solve
problems that a standard ES could not. Ngom %% produced a parallel ES for use in protein
structure determination, which behaved mostly like a master-slave ES, but with coarse-grained
elements. Selection is done in parallel, with each slave node evaluating a subset of the population;
however, each slave node also performs a brief mutation-only ES in their subset to see if they can
improve on the best result, with the best individual being taken up by the master node and used in
the next round of the main ES. However, no extensive study has been done on the implementation
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and efficiency of a purely migration based parallel ES.

Finally, it is worth noting that hybrid parallel EAs exist that combine these different ap-
proaches. These can sometimes be called hierarchical parallel EAs, as they often involve different
levels of parallelism; for instance a hierarchical migration/master-slave hybrid, involving a num-
ber of master-slave parallel EAs migrating amongst each other. Lim et al. 3° implemented a
hierarchical GA to be used in Grid computing (which are often highly heterogeneous), which they
successfully applied to an airfoil shape optimisation problem using a representative collection of
clusters.

2.3.4 EAs in Gene Networks

The earliest example of the use of an EA in gene network optimisation was by Marnellos 38 , who
used a coarse-grained parallel GA, as well as Simulated Annealing, to fit a gene network model for
Drosophila neurogenesis; the GA had a faster initial convergence, though was ultimately slower
than Simulated Annealing.

Mendes and Kell 4! compared two techniques, a local search and Simulated Annealing, to fit a
model of HIV Proteinase inhibition. They noted that the local search method often failed to find a
good solution, but that Simulated Annealing took a very long time; though they did not attempt
to solve the problem with an EA, they did apply the Evolutionary Programming algorithm to
similar problems, and on the basis of those results suggested that EP may be faster than SA but
more reliable than the local search for the Proteinase problem.

Mendes 4° used an EP algorithm and two local search methods included with the kinetics
package Gepasi, to fit a gene-expression/enzyme kinetics model to noiseless simulated data. The
model involved three enzymes, their mRNAs, and products that they catalyse (all of which either
activate or repress transcription). They found that the EP algorithm fitted the data far better
than either of the local searches, but found that a hybrid approach, with an EP followed by a local
search, could achieve far better results than either could alone. However, the lack of noise may
well exaggerate the effectiveness of the local search, as it allows it to converge on a theoretically
perfect solution, which is not attainable in real applications.

The power of EAs, and especially ESs, to fit gene models was demonstrated by a comprehensive
comparison, performed by Moles et al. 44, of off-the-shelf Global Optimisation methods applied
to the same gene network problem as Mendes *°. They included a number of EAs, including
ESs and a hybrid GA/adaptive search algorithm, as well as a range of other Global Optimisation
algorithms, and found that the EAs, and the ESs in particular, performed far better than the
other methods. However, it did not include Simulated Annealing, and again did not allow for
noise.

Mendes and Banga ®° implemented a hybrid ES/local search algorithm on the same gene
network; this approach increased the algorithm speed by an order of magnitude over any of the
methods used in Moles et al. 4. They also showed that this hybrid approach was effective even
when the simulated data was subject to noise.

Motivated by these simulation studies, Fomekong-Nanfack et al. '* used a state-of-the-art
island-ES, followed by a local search, to fit the gap gene network model to gene expression data.
This method was shown to produce solutions faster and more reliably than previous Simulated
Annealing applications to the same problem, without sacrificing solution quality.

2.4 Simulated Annealing
2.4.1 A Brief History of Simulated Annealing

What eventually became Simulated Annealing began as a the Metropolis Method, a method to
numerically sample from a Boltzmann distribution®?. The idea behind it was that if you wished
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to calculate a value F' for an ensemble of particles at equilibrium, you needed to average across
all possible states (for instance, combinations of positions) that the ensemble can be in, weighted
by the probability of it being in that state. The probability of an ensemble taking on a particular
state is dependent on that state’s energy F, and is proportional to exp(—E/kT), where T is the
temperature of the ensemble and k is Boltzmann’s constant. Averaging across all possible states
is often impossible, and thus states are often randomly sampled; however, sampling at random
is likely be inefficient, since it will involve sampling states with very high energy, and thus low
contributions to the average value of F.

The Metropolis Method is a more efficient way of sampling states; instead of sampling states
uniformly and weighing the average by the ensemble probability, the Metropolis Method samples
states with a probability exp(—FE/kT), allowing you to merely average all the sampled values of F'
together as an unweighted mean. The algorithm works by starting with a random state, and then
making one or more random changes to it: if a change decreases the energy, we accept the move,
if it increases the energy, we accept the change with a probability exp(—AE/kT), where AFE is
the change in energy. Once a move is accepted, we sample F' at the point we have moved to and
then perform another move from there; if it is not accepted, we perform another move from the
old position. Over time, this method samples all of the energy space, but spends more time at the
low energy parts of the state-space.

This property; sampling the entire state-space, but preferentially sampling lower energies, is a
useful property in optimisation, as we can equate “energy” with objective function to be minimised.
The degree to which lower energies are preferentially sampled is given by the temperature, T’
when T is high, increases in energy happen nearly as often as decreases, and when T is low
energy increases become very unlikely. When the temperature is zero, the search only moves
downhill. Kirkpatrick et al. 3! stated that, by starting off with a high temperature, and decreasing
it over time, it would be possible to find the globally lowest energy state. They drew an analogy
with physical annealing; the gradual lowering of the temperature of a liquid substance allows the
formation of highly stable (low energy) crystals. It was demonstrated that a Simulated Annealing
algorithm could be used to find a state that gives a low energy; be that low energy state a good
solution to a Travelling Saleman Problem, or a good positioning of components and wires on a
computer.

Exactly how to decrease the temperature is not immediately obvious. Geman and Geman !
proved analytically that a temperature schedule of T'(t) = Ty /In(1+t) would converge on a global
optimum, but this temperature decrease was so slow as to make the algorithm very inefficient.
It was later shown analytically®® that a temperature schedule of T'(t) = Ty/(1 + t) would also
be guaranteed to converge, providing moves were drawn for a Cauchy distribution (which allows
occasional large moves); this was called “Fast Simulated Annealing”. It was later argued that so-
called “Very Fast Simulated Annealing” would reliably allow even faster temperature decrease?*,
with a temperature schedule T(t) = Toexp(ct'/N), where N is the number of parameters being
sampled; while this hasn’t been proved to always converge, it has been applied successfully to
many problems.

However, we ideally want the temperature decrease to be optimal at any given time; the change
in temperature at any given point should be based on the measured properties of the system at that
time. Lam and Delosme 32 derived a temperature schedule based on keeping the system in “quasi-
equilibrium”. A Simulated Annealing process functions best at thermal equilibrium (i.e. it is, at
any point, sampling from the Boltzmann distribution associated with the current temperature T');
however, moving the temperature at a non-infinitesimal rate disturbs this equilibrium. The Lam
method defines the system to be in “quasi-equilibrium” if the system is within certain bounds of
thermal equilibrium; how close it needs to be is determined by a quality parameter A. The Lam
schedule is derived by decreasing the temperature such that energy decrease is maximised, without
violating the quasi-equilibrium, and gives a temperature decrease at each time step dependent on

7
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the variance of the energy and the acceptance ratio of previous moves. This energy decrease is
given explicitly in the “Methods” section below.

Lam and Delosme 32 applied Lam Simulated Annealing to the Travelling Salesman Problem
and the Graph Partition Problem, and found that it outperformed a number of the leading methods
for solving both of these problems.

2.4.2 Parallel Simulated Annealing

As described above, the SA algorithm seems to be an inherently serial algorithm. However, as
parallel computing became increasingly important, many attempts were made to produce a parallel
version.

One such approach is based on the method of Macready et a , instead of generating moves
for all parameters at each time step, we have various processors that each change a randomly
generated subset of the parameters, and occasionally pool their solutions. The degree of parallelism
is determined by a parameter 0 < 7 < 1, which is the probability of any given parameter being
changed on each processor; if we have N parameters, 7 = 1/N corresponds to an average of only
one parameter per processor changing, and 7 = 1 corresponds to all parameters changing (i.e. the
serial case).

Macready et al. 37 applied such an algorithm to select a state, a vector of binary variables
§=(s1,...,sn) given an NK energy function

1. 37

N
Es = %ZEi(Si;SiN“'aSiK) (6)
i=1

where s;,, ..., si, are the K ‘neighbours’ of s, and each value of the subenergy F;(s;; Si,, .., Sig )
for the 25+1 different states are preselected from a uniform distribution [0, 1). Thus, the parameter
K determines how independent the subenergy E; of each binary variable s; is of all other binary
variables; if K = 0, then they are fully independent, and if K = N — 1 then each variable effects
the energy of all others.

They applied the Simulated Annealing algorithm (with an exponential temperature schedule)
to this problem for various values of 7 and K when N = 500, and measured the final energy. They
found that the parallel algorithm functioned perfectly well for low values of K and high values
of 7, but for values of K larger than 2 there was a critical value of 7, above which the energy
catastrophically failed to converge; these values rapidly approached 0 as K went above about 10.
As high K values represent non-linearity in the energy function, and non-linear energy functions
are the problems most likely to have SA applied to them, this suggests a fundamental problem
with this approach.

A different approach involves mixing of states. In this method, each processor runs an SA
process, but occasionally solutions are mixed across processors, with lower energy processes being
more likely to be copied to a different processor; this is a similar process to selection in an EA,
and has a similar effect. An early attempt at this was made by Aarts et al. ', which pictured
the SA processes as propagating through processors, mixing with other processes, and dying; K
processors were connected together in a directed ring structure, and an initial SA process was
seeded on one of them. This process would survive for L iterations, and every L/K iterations
it attempts to propagate to the next processor along in the ring; if there was no process on the
next processor, it would copy itself to this processor, and the new copy would start up as a new
process, behaving just like the old one. If there was already a process on the target processor, the
process on the target processor takes up the state of the parent process with a probability roughly
equal to exp(E,/T)/lexp(E,/T) + exp(E,/T)], where E, is the energy of the parent process and
E, is the energy of the target process (this is not entirely correct, as the algorithm in fact allows
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different processes to have different temperatures, but it captures the spirit of it). When correctly
tuned, this algorithm allows all the processes to remain in quasi-equilibrium, and the increase in
sampling allows you to decrease the temperature faster, and thus speed up the algorithm.

Aarts et al. ! applied this algorithm, along with another less successful parallel SA, to the
Travelling Salesman Problem, and found a 75% efficiency of speed-up on 8 processors (75% effi-
ciency relative to the time the algorithm would take on a serial computer 8 times as fast). Other
similar algorithms have been applied with variable effectiveness, as reviewed elsewhere®.

In order to bring the full effectiveness of the Lam schedule to bear, Chu et al. ® detailed a
mixing-of-states parallel SA algorithm that included a collective pooling of statistics (i.e. mean
and variance of the energy over time). The algorithm involves K SA processes spread across K
processors, and every 7/K iterations of the algorithm (i.e. 7 samplings across all processors)
all processors broadcast their statistics, averaged over the last 7/K iterations. A time-decaying
running average of the statistics is kept, and this averages is used to keep an optimal Lam schedule
by treating all the processes as one process. The algorithm involves full mixing of states, in which
every Tm iterations each process broadcasts its energy, and each process receives a new state from
process ¢ with a probability exp(E;/T)/ ZJK=1 exp(E;/T). m needs to be small enough to keep all
processes in quasi-equilibrium, but large enough to allow different processes with the same initial
conditions after mixing to become decorrelated enough to search different parts of the state-space.

Chu et al. ? demonstrated that this algorithm could keep near-100% efficiency for up to 50
processors, and 80% efficiency for 100 processors, when used to fit the gap gene network model
described above to data simulated from the model. However, this measurement failed to take into
account communication time, as it only measured processor cycles. In addition, the algorithm
requires the number of processors K to be a factor of, and no larger than 7, which can restrict
the number of processors used.

2.4.3 SA in Gene Networks

The first use of Simulated Annealing to fit a gene network model was Reinitz et al. °® 57, which
used Lam Simulated Annealing to fit the Drosophila gene network model for segmentation genes
to spatio-temporal data. They compared the predictions of this fitted model to known Drosophila
biology, and concluded that the model was accurate in many parts, and where it was not the model
was missing known regulators (such as in the far anterior and posterior regions). They used this
method to produce a model of how eve stripes form via the action of activation and repression by
gap genes®®. This did not come cheap, however; fitting the 5-gene model took around a week of
computation.

As mentioned above, Chu et al. © applied the Parallel Lam SA to simulated data from the gap
gene network model. However, they only used a 2-gene model; in addition, they did not include
noise, and fixed the parameters for one of the genes, thus only fitting seven parameters. The same
algorithm was successfully used by Jaeger et al. 27 26 to parameterize a full 6-gene, 66-parameter
model from gene expression data; they used the fitted model obtained to analyse how gap gene
domains migrate after formation in the early embryo. On a 10-node Beowulf cluster of 2.4GHz
machines, the model fitting took between 8 and 160 hours for each run; this was likely to be largely
due to communications overhead, as the cluster ran internode communication via Ethernet. Jaeger
et al. 28 also applied Lam SA in serial to a simpler set of network models (6-9 parameters each)
to study early gap gene circuits.

Mendes and Kell 4! reported the use of Simulated Annealing in parameterizing a model of
HIV Proteinase inhibition given experimental data. They found that Simulated Annealing gave
a better solution than a local search, but took about 750 times longer. However, the authors do
not mention what SA algorithm was used, and only refer to Kirkpatrick et al. 3! | suggesting that
they were not using a fully up-to-date method.
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3 Methods

3.1 Algorithms
3.1.1 Restrictions to Search Space

We do not need or want to search the entire parameter space; there are certain values that we
know a priori that parameters should not take, and we do not want these parameters to grow
without bound or shrink to zero in the model. To represent this, we may either introduce absolute
criteria that prevent the optimisation from taking on those values, or we can produce a penalty
function, which increases as the parameters move further into areas of unacceptable solutions.
The penalty function may be added to the energy function (as occurs in Simulated Annealing), or
it may be kept separate and handled in an algorithm-specific way (as occurs in the Evolutionary
Strategy).

For the gene network problem, we give a penalty function to the parameters associated with
protein production of

N 07
I[(Z) = max ( exp(AY, [, (Whot,00)? + (mavBel)? + (he)?]) — exp(1) > "

where A is a control parameter, and v%, . is the maximum observed intensity of gene b. The

justification for using this penalty function is that it remains 0 for

> [Z(vafnamf + (mavpos)® + (ha)ﬂ <1/A (8)

a b

i.e. when the absolute value of the total regulatory input is below a certain threshold, but rises
steeply outside of those bounds. We took A = 0.001.

The production, decay and diffusion constants, R,, A, and D, are given explicit limits, such
that any parameter value outside these limits is considered unacceptable and rejected. The ranges
are 10 < R, <30,0< D, < 0.3 and 5 < A\, < 20 for all a.

3.1.2 Parallel (p,A\)-Evolutionary Strategy

The EA that we will be using is a Parallel (u,A)-ES, and is a parallel version of the Island ES
algorithm that Fomekong-Nanfack et al. 14 applied to the same Gene Network problem. The only
change that has been made to the algorithm is to allow the island populations to be placed on
separate processors. Optimisation parameters are taken from Fomekong-Nanfack et al. 4.

The island algorithm has N, different populations, each with a parent population size p and
an offspring population size A\, and each of which acts as a separate ES, with each one separately
initialised and with selection, recombination and mutation performed only within populations.
Each population runs on a separate processor, and thus all these operations can be performed
locally, keeping down communication time. The populations are connected together by a migration
operation, which is performed by communication between processors. While we experimented with
various values of N, and A, we always took u = A\/5.

The fitness function ®(a) : I — R is equal to the objective function F(Z) from equation 3, as
well as the penalty function II(@) : I — R from equation 7. Here the penalty function is not added
to the objective function, as it is handled separately during the selection operation.

The selection operator sp, : I A — I* selects the top p individuals of the parent population,
according to a Stochastic Ranking based on both the fitness function and the penalty function.
This Stochastic Ranking method, produced by Runarsson and Yao ®?, uses a bubble-sort-like
procedure, in which an arbitrary ranking is produced, and A\ sweeps are performed in which each
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individual in turn, starting from the top, is compared to the one directly below. If the result of
the penalty function for both individuals is less than or equal to zero, the fitnesses of the two are
compared, and the pair is ordered accordingly. If the penalty function of the top individual is
greater than zero, then there is a probability Py that the individuals will be ordered according
to their fitness, and a probability 1 — Py that they will be ordered according to their penalty
value. This procedure is ended if there is no change in the order in any given sweep. We use
Py = 0.45, which is in the suggested range given by Runarsson and Yao %9 and is the value used
by Fomekong-Nanfack et al. 14.

The local recombination operator 77, : I* — I occurs in two parts. First, A — u individuals are
produced as direct (asexual) copies of the individuals in the parent population, with the fittest
A (mod p) individuals being represented twice if A is not a multiple of u. Second, p additional
individuals are produced by recombination; each individual d@. in the parent population produces
an offspring a'. with object vector zl, by recombination between its own object vector Z., the
next fittest individuals object vector @;41, and the fittest individuals object vector &y, using the
equation

x'y = T + y(Zip1 — To) 9)

where 7y is the recombination factor. We have taken v = 0.85.

The local mutation operator my, o} : I — I is a non-isotropic self-adaptive mutation rule, in
the sense that each individual has a different step size for mutation. This allows the step size to
undergo evolution under selection, which leads to an adaptive step-size similar to SA, but without
having to specify a step-size adaptation rule. Mutation is applied to the A — p individuals which

did not undergo recombination, and starts with a random change to the step size oo, given by

oi; = oigexp(t'Ny(0,1) + 7N;;(0, 1)) (10)

fori € {u+1,..,A} and j € {1,...,n}, where 7 = ©*//2y/n and 7 = ¢*/v/2n are tuning
parameters. We have used ¢* = 1. N; and IV;; are a vector and a matrix of values sampled from a
normal distribution with zero mean and unit variance, which is generated afresh each generation.

Next, we mutate the parameters &;; themselves, using

f;j :fij—FO';jN]/-(O,l) (11)

fori € {u+1,..,A} and j € {1,...,n}, where N;(0,1) is another randomly sampled normal
unit vector, generated each generation.

Finally, we apply exponential smoothing to the step sizes, to reduce fluctuation

1"

o1y = 0ij + aloj; — oij) (12)

fori € {u+1,...,A} and j € {1,...,n}, where « is a smoothing parameter. We have taken

a = 0.2. o/; then becomes the step size for the next round of mutation.

A migration operation mg,, : INist*# — [NistX1 i5 applied across all populations (and thus all
nodes) every m generations (we took m = 200, though experimental runs showed little variation
within the range 50 to 200, data not shown). A node designated the master node generates
a migration schedule, in which every population is assigned another population to migrate an
individual to, and this schedule is broadcast to all nodes. The individual nodes then communicate
with each other point-to-point, with each individual sending the parameter values for its highest-
ranking individual to its designated receiver, and replacing its lowest ranking individual with the
best individuals of the population for which it is a designated receiver (or, if it was the designated
receiver for multiple populations, with the individual from the last population to communicate

with it).
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Finally, the collection of data related to descent speed and the checking of termination criteria
were performed together. Every 7 generations, the best individual in each population was backed
up, and the processors communicated between each other to find the lowest energy of any individual
across all populations, which the master node records to a log file along with a time-stamp. We
took 7 = 20. The program has two termination procedures; it either runs for a preset number of
generations, or it halts when the lowest energy remained below a particular preset amount for p x 7
generations. Preliminary investigation showed that the convergence time was relatively constant
across runs, so we use a constant number of generations. This number of generations varied, but
was generally 40 000, which we found to be long enough for virtually all runs to converge.

3.1.3 Parallel Lam Simulated Annealing

We will use the Parallel Lam SA algorithm given by Chu et al. ¥, with details taken from Jaeger 2%,
which runs on K processors, with one processor being arbitrarily defined as the master node. 1
have used the optimisation parameters selected in Jaeger et al. 26, which were based on extensive
sampling of a simplified 2-gene problem by Chu et al. 9.

The energy is given by the objective function E(Z) plus the penalty function II(Z), defined in
equations equation 3 and 7 respectively.

The basic operation of the algorithm is straightforward: each iteration of the algorithm, each
of the K processors change the state, the parameter set & that they have stored, to a new state
7’ , according to a move generation strategy (described later). They then evaluate the energy
difference between the old and new states AE = E(2/) — E(Z); if this is negative, the move is
accepted, if not then it is accepted with a probability exp(AFE/T). The temperature starts at Tp,
which we have taken to be Ty = 10%, and is decreased according to the Lam schedule

s =002 (5) (i) (6w ) =

where s,, = 1/T'(n) is the inverse temperature at the nth iteration, o(s,) is the standard
deviation of the energy at the nth iteration, pg is the acceptance ratio (the ratio of the number
of moves accepted to the total number of moves proposed) and A is a quality factor, determining
how close the system stays to equilibrium. We took A = .00001. It should be noted that the final
term contains only the acceptance ratio pg, and is maximised when py = 0.44.

Lam and Delosme 33 developed a set of estimators for calculating the mean energy, o(s,) and
po- po is relatively simple; merely averaging over the last 100 iterations gives a good estimate.
However, this does not work for the mean and standard deviation, as the energy changes rapidly,
and energy states are autocorrelated, meaning that means based on short-term averaging would be
subject to unacceptable noise, and means based on long-term averaging would involve sampling the
energy at a now outdated temperature. To solve this problem a more complex statistical estimation
procedure was derived. The estimation technique works by modeling the energy density at a given
temperature as a sum of gamma functions, and fitting the model by weighted least-squares to
the previously observed energies. The weights exponentially decay with time in the past, and are
given for each observation by w; for the mean and w;' for the standard deviation, where n is the
number of iterations ago the observation was taken. Larger values of the w parameters mean that
past observations are given close to as much weight as recent ones, whereas low values mean that
past observations are given little weight. We used w, = 0.995 and w;, = 0.99999, taken from Chu
et al.?.

The Parallel Lam schedule is global, in that each node uses the same temperature for any given
iteration. This means that we need to keep average statistics across all nodes. To this end, every
7/ K generations all processors send their statistics to a master node, which averages them together
and keeps further running estimates of these local statistics using the method described above. It

18



is this set of global statistics which is used to calculate the temperature changes according to the
Lam schedule; the rate of temperature decrease is based on all iterations occurring in parallel, and
thus is made to decrease K times faster than the serial case. We took 7 = 100.

Another important aspect of the algorithm is move generation. Each parameter is changed
every iteration according to the exponential change rule

zh = x; + 0'In(€) (14)

where ¢ is drawn from a uniform random distribution between 0 and 1, and #° is a scaling
parameter designed to keep po near to 0.44 and is updated every v iterations according to

In(@") = In(@") + 3.0(po — 0.44) (15)

We took v = 100.

Every m7/K iterations, the algorithm performs a mixing of states. Every node sends its
current energy to the master node, and the master node randomly assigns each node another node
from which to receive the current parameter values. The probability of any given node being
assigned node 1 is given by exp(E;/T)/ Zjil exp(E;/T), where E; is the current energy of node 1.
This mixing of states allows the best results to propagate, but also allows nodes to explore higher
energy solutions. We use a mixing rate m = 13 for 10 nodes.

In order to avoid the final solution being affected by the initial conditions the algorithm per-
forms an “initial burn”, in which each processor spends n;,;; iterations running as normal serial
SA at a constant temperature Ty. After that, the algorithm runs for 1, /K iterations to calculate
initial statistics. mn;ni: is chosen to allow auto-correlation to drop to near zero; we have chosen
Ninit = 10°.

The algorithm has two different types of stopping conditions; the absolute condition, and the
freeze condition. In the absolute condition, the algorithm terminates after the absolute mean value
of E remains below a target energy for 5 x 7/K iterations. In the freeze condition, the algorithm
terminates after the absolute energy E changes by less than a proportion x over 5 x 7/K iterations.
As preliminary investigations showed that the final energy and the convergence time were both
very variable, we use the latter case, and take x = 0.0001.

3.2 Implementation
3.2.1 Software

The Parallel (u,A)-ES code is implemented in C++, and is based on code written and used by
Fomekong-Nanfack et al. 14 (available at http://www.science.uva.nl/research/scs/3D-RegNet /fly_ea/).
The code was modified to run in parallel; main communication areas were migration, in which an
arbitrary master-node generates and broadcasts a migration schedule, and then nodes communi-
cate point-to-point to send parameters; backup and logging, in which individuals keep backups of
their best individuals, and the master-node keeps a time-stamped log of the best individuals every
T generations; and termination, with all nodes broadcasting their energy every 7 generations and
terminating when the criteria described above are met.

The Parallel Lam SA code is implemented in C, with code taken from the supplementary
material from Jaeger et al. 27, (available at http://flyex.ams.sunysb.edu/lab/gaps.html). Little
modification is made to the original code, other than minor alterations to allow finer-scale time-
stamping in the log files for descent curves.

For both algorithms we had a scrambling procedure to give the problem different starting
conditions; the SA algorithm reads in starting parameter values, which a scramble program ran-
domised prior to starting each instance of the program, and the ES algorithm generates the starting
conditions according to a random seed, which was also scrambled prior to starting each run.
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Both implementations were compiled using the Intel C++ Compiler ICC, and both implemen-
tations make use of the QLogic implementation of the Message Passing Interface (MPI, described
below). Analysis of data was performed using the statistical programming language R53.

Source code is available from http://www.srcf.ucam.org/~1j237/thesis.html.

3.2.2 The Message Passing Interface

There are a number of models of parallel computing that can be used when creating a parallel
program'®. One such model is the shared-memory model, in which all processors are assumed
to have full access to a common memory, and each runs a separate process. The programs all
perform load and store operations directly on the memory, with their combined actions making
up the parallel program. A related model is the threads model, in which all processors run the
same process, with a single memory address and a single set of state variables, but the process
subdivides into a set of ‘threads’; this has the advantage that creating and destroying threads,
and switching between threads, occurs quickly (as you do not need to begin new processes to do
s0). The parallel ES described by Ngom #® operates under this model, using the POSIX Threads
standard.

However, these models all have the disadvantage of being relatively inflexible; they require a
set of processors to be physically connected to the memory that they are using, which generally
requires a pre-designed architecture that cannot be easily modified. The message-passing model is
more flexible: each processor is assumed to have its own local memory, which no other processors
have automatic access to. Transfer of information occurs by explicit sending of information between
processors over some form of communication network. This has the advantage of being highly
portable, as it makes no underlying assumptions about the network, other than that it allows
messages to be passed. It can thus function on heterogeneous networks of nodes of arbitrary and
variable size!”.

One implementation of the message-passing model is the Message Passing Interface (MPI),
a communications protocol that is implemented via a library containing functions that allow
information to be exchanged between nodes. This can be done in one of two ways; blocking,
or synchronous communication (in which all nodes involved in a particular message exchange do
so simultaneously) and non-blocking, or asynchronous communication (in which a node sends
messages to a buffer associated with a second node, and the second node receives it when it at a
later date). The former has the disadvantage that a node that wishes to send information must
wait until the other nodes involved are ready to do so; however, the latter makes the program less
predictable, as the order in which nodes exchange information differs each time the program is run.
I have used blocking communication in both algorithm implementations, as using non-blocking
communication would involve modifications to the algorithms beyond the scope of this study.

The MPI functions that are used in the code implement one-to-one communication, one-to-
many communication, many-to-one communication and many-to-many communication. One-to-
one communication is used in migration (in the ES) and mixing of states (in SA), where single
nodes either exchange states or send and receive individuals from each other; the associated
functions are MPI_Recv, which receives data from a specified node, and MPI_Send, which sends
data to a specific node. One-to-many communication comes in the form of the MPI_Broadcast
function, which is used in both algorithms for the master node to send out migration or mixing
schedules to all other nodes. Many-to-one communication is used to condense information from
other nodes, which is used in both algorithms for when the master node updates the ensemble-
or population-wide statistics. The function MPI_Reduce is used to efficiently combine information
from many processors; it has a function associated with it (usually either min or sum), which
maps all the information sent by the nodes to a single value, received by the master node. Many-
to-many communication is used to keep all nodes informed of the energy of all others, and uses
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the MPI_Allreduce function, which operates the same as MPI_Reduce, except that it sends the
information to all nodes, rather than just the master node.

Another important use was in timing the programs. Both the programs write out regular log
files, which contain information on the value of the objective function, along with a time-stamp
(kept using the MPI_time command).

3.2.3 The Darwin Cluster

The programs were run on the Darwin Supercomputer of the University of Cambridge High Per-
formance Computing Service (http://www.hpc.cam.ac.uk/), provided by Dell Inc. using Strategic
Research Infrastructure Funding from the Higher Education Funding Council for England.

Darwin is a 2340 core computing cluster, made up of 595 boxes with four 3.00 GHz processors
each (two 3.00 GHz dual core Intel Woodcrest processors). Each box has 8GB of RAM (2GB
per processor) and 80GB of hard-disk space, and are all connected together by an Infiniband
interconnect, with 900 MB/s bandwidth with a 2 microsecond MPI latency.

Programs, or jobs, are written as specialised shell scripts that contain information on how
much time and memory and how many processors are needed. This information is passed on to a
Portable Batch System (PBS), which monitors available nodes and schedules the jobs to run when
the resources requested become available. Up to 512 nodes may be requested for job lengths of up
to 36 hours at a time. All the tests described below were run via the Darwin PBS system.
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4 Results

4.1 General Procedure

In this section I will describe the results of various tests performed on both algorithms. These
include tests of the performance of the serial island-ES and the parallel ES under different circum-
stances, and a comparison of the performance of the parallel ES and Parallel Lam SA.

There are two aspects of algorithm performance that I wish to measure. The first is how fast
it is: how long the algorithm takes to reach a given quality of solution. The second is how reliable
it is: what proportion of the time it can produce a solution of a given quality. I measured how
the ES performed under various circumstances using these metrics, and also used these metrics to
compare the ES and the SA algorithms.

T used an R script to extract the descent curves from optimisation log files, which give a detailed
description of how the value of the objective function changes over time; each descent curve was
created by averaging over a number of runs (which differs test-to-test). In order to gain more
definite, quantitative measures of the algorithm performance, I also recorded the proportion of
runs that reached a given energy criterion; we used energy criteria ranging from good solutions
to poor solutions (350 000, 450 000, 550 000 or 650 000). I also calculated the average amount
of time taken for the runs to reach the various criteria, though obviously only for those runs that
did achieve the criteria.

4.2 Island Dynamics

Before I directly study the parallel ES algorithm, I am going to study how the number of islands
affects the performance of the serial island-ES algorithm, which has not been addressed previ-
ously. There are two justifications for this. First, the behaviour of the serial algorithm is useful
information, and how to choose the number of islands to maximise descent speed and reliability
is an important tuning question. Second, studying the effect of adding additional islands gives an
indication of how efficient the parallel algorithm could be, and by comparing the results to the
parallel case we can judge how much algorithm speed is lost due to communication overhead and
waiting times.

There are two different approaches to adding islands to the island-ES. The first approach is to
keep a constant metapopulation size, meaning that adding new islands decreases the number of
individuals per population. This means that the processing time required for the algorithm does
not increase with the number of populations, and in fact decreases due to the O(n?) complexity
of the stochastic sorting. The trade off in this approach is between number of populations and
population size; with a large number of populations, you will allow many populations to search
different parts of the state-space, but the search abilities of the individual populations shrink as
their sizes dwindle. The second approach is to keep a constant population size, meaning that
the meta-population size grows as the number of islands increases; this trades off the increased
number of populations with decreased running speed per generation.

I tested both of these approaches. In both cases, I ran the algorithm 10 times each for different
numbers of islands N;g € {1,2,4,8,20,50}. In the case of the constant metapopulation, I used a
metapopulation size of 500, giving A = 500/N,; individuals per island; every run consists of 25 000
generations. In the case of the constant population size, we used A = 125, for a metapopulation
size of N;gA. In this case the number of generations per run varied; initially T used 100000/N;g;,
but I also ran the 20 and 50 islands for the full 36 hours the PBS system allowed, in order to
compare their per-island descent speed to other runs. Figures 1 and 2 show results for the serial
island-ES with constant metapopulation size and constant population size respectively.

The constant metapopulation size approach (Figure la) runs for approximately the same
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Figure 1: Descent curve, times taken to reach target energies and success rates for the serial
island-ES with various numbers of islands and with constant metapopulation size AN;5; = 500 and
variable population size A = 500/N;4;, with 10 runs per data-point. In la and 1b the error bars
represent 1.96 standard errors around the mean (o/v/N for N data-points with standard deviation
o), and correspond to 95% confidence intervals for normal data. Data for islands 20 and 50 are
not plotted in 1b, since none of the solutions converged on any of the energy targets.



amount of time regardless of N4, with a slight reduction in running time for 20 and 50 islands,
as predicted above. The most striking aspect of the graph is that with high numbers of islands,
and thus low population sizes, the ES catastrophically fails to converge on a good solution. As the
number of islands increases from 1 to 8, the initial speed of descent increases, but the initial energy
also increases; the 4-island solution is initially better, though the 8 island solution converges on it
with time.

In terms of the time taken to reach target energies, Figure 1b shows a general decrease in the
time taken to reach the criteria given, though the difference between nodes 4 and 8 is slight, and
the small number of 1-island runs that reached any of the energy criteria means that the error is
large. Figure lc shows a definite peak in terms of success rate at 4 islands, with success being
very low for very high and very low numbers of islands. None of the runs achieved the strictest
energy target applied.

The constant population size approach (Figure 2a) shows the expected increase in running
time as the number of populations increases. The descent curves for 1, 2 and 4 populations are
similar, with the 4-island case seeming slightly more effective, but the large computation time
rapidly swamps any advantages when population sizes become larger. Figure 2b confirms this,
with populations 1, 2 and 4 taking approximately the same amount of time for most energy targets,
but the time taken increasing steadily beyond that. Figure 2c shows a decrease in the reliability
across the board as the number of islands increases, until around 8 populations, after which it
increases again.

The constant population-size approach is comparable to the parallel approach, and allows
direct simulation of what a perfect parallel algorithm would look like. I divided the time taken
in the serial case by the number of islands used, in order to give an estimate of perfect parallel
performance, assuming that the processing power is perfectly spread across ;5 processors, with
no communication overhead. The results are shown in Figure 3. We can see that the increase
in computation time from increasing islands grows more slowly than the increase in speed from
adding additional processors, at least up until 20 nodes. Figure 3a shows that the speed of descent
increases for up to 20 nodes, though the 50 node case does not seem to be faster, with Figure 3b
confirming this.

4.3 Parallel Efficiency of the Evolutionary Strategy

In order to test the actual efficiency of the parallel ES, I performed a similar set of tests as serial
island-ES tests with constant population size. I ran the parallel ES 10 times sequentially for
different numbers of processors N, € {1,2,4,8,20,50}, with a population size A = 125. Each run
terminated after 40 000 generations. The results are shown in Figure 4.

The descent curve in Figure 4a shows a small but persistent speed increase with increasing
number of processors, though this is unsurprisingly not as pronounced as it is in Figure 3a.
Increasing the number of nodes also decreases the final mean convergence energy. However, the
difference between 20 and 50 nodes in both these respects is so small as to be almost unnoticeable.

Figure 4b shows very noisy data below 4 nodes, but after that shows a gradual decrease in the
time taken. However, this decrease is nowhere near as dramatic as Figure 3b. If we define the
parallelisation efficiency as the mean value of

Speed for Nz nodes » Np
Speed for Ng nodes ~ Njy
for all adjacent pairs of numbers of nodes (i.e. (1,2),(2,4),(4,8),(8,20) and (20,50) ), we find at

best a parallelization efficiency of 59% (for the 550 000 condition) and at worst a parallelization
efficiency of 44% (for the 350 000 condition). However, if you exclude the 50 node case the largest

(16)
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efficiency rises to 64%. Figure 4c¢ shows a sharp increase in success rate for all energies up to 20
nodes, after which it ceases to increase.

We designate the reliability of an algorithm on K; nodes for energy E as rk, (E) (the probability
of achieving target energy F). In order to quantify whether the reliability of the algorithm for
a given number of nodes is an improvement over those that use fewer nodes, we observe that an
algorithm running on K, could be replaced by an ensemble of floor (K,/K}) algorithms running
on K, nodes each. The reliability of this ensemble would be given by 1— (1 — r, (E))/'°r(Ka/5v),
We can thus give the minimum reliability that an algorithm using a particular number of nodes
would have to achieve in order to be an improvement over the best possible ensemble, or

a

ra(B) = mazy (1= (1= i, ()10 /0 (17)

I have plotted this minimum reliability for the lowest energy requirement (E = 350000) as the
red dots in Figure 4c; you can see that the reliability scales well with the number of node, with
the exception of 50 nodes.

We can combine the data from the serial runs with the data from the parallel runs to measure
the relative speed-up of the parallel algorithm, defined as

Time taken in serial

(18)

Time taken in parallel

measured for a particular value of N;4. Figure 5 shows the speed-up for various numbers of
nodes; the red line shows a theoretical perfect speed-up. Below 10 nodes the results are essentially
perfect; the speed-up is indistinguishable from the perfect speed-up. However, after this point the
line drops off, with the speed-up dropping to about 60%.

4.4 Parallel Lam Simulated Annealing versus the Parallel Evolutionary
Strategy

To determine which algorithm performs better at the model-fitting task, we applied both the
Parallel Lam SA algorithm and the Parallel EA algorithm to the gap gene network problem. In

28



0.0

. ES
SA
o
P
= <
i
x
>
8 o
[}
=
i
~
- 7¥k
° T T T 1
0 2 4 6 8
Time (hours)
(a) Descent Curves
© -
Target Energy
350000
o 450000
550000
+ 650000
P~ <+
4]
=3
o
=
o
[0}
£
g
«~
-
o
EA SA
(b) Time Taken to Reach Target Energy
o
s .
Target Energy
+ 350000
- 450000
@ 550000
+ 650000
o
(5}
=
3 o |
8 =]
=3
7]
f=
o
£ <
o o
Q.
oS
o
o
o
A S,

(c) Success Rates for Various Energies

Figure 6: A comparison of descent curves, time taken to reach target energies and success rates
between the parallel ES and the Parallel Lam SA, using 10-nodes, with 50 runs per data-point.



both cases we used 10 processors per run, and for the ES we used a population size of A = 125.
We did a total of 50 runs for each algorithm, in order to have a large enough sample size to detect
definite differences in performance.

The results of the comparison tests are shown in Figure 6. The descent curves show that the
ES begins at a lower energy and descends at a much faster rate. The running time of the Simulated
Annealing algorithm was highly variable, ranging from 1 to 30 hours, with a median of 12 hours.
The final energy was also highly variable, from as low as 240 000 to as high as 2 850 000, with a
mean of 750 000. However, I did not see the bimodal behaviour described by Chu et al. ?; there
appeared to be monomodal distribution of final energies.

Once a single outlier program (which ran for 62 seconds) was excluded, the final EA energy
only went down to 330 000, but never went above 470 000 either, with a mean final energy of 360
000. The running time was also highly consistent, never deviating more than 45 minutes from the
5.5 hour run-time.

Figure 6b shows that for all energy targets but the lowest, the ES finished in half the time
as SA. However, for the lowest energy, SA was significantly faster. Figure 6¢ shows that the ES
performed significantly more reliably, achieving three of the energy targets every time, and the
most stringent 40% of the time, while SA only reached even the highest energy target 60% of the
time. Note that the last two pieces of information show us that the SA algorithm rarely achieves
high quality solutions, but when it does do so, it does it relatively fast; i.e. there are a limited
number of ‘good runs’, that achieve low energies at high speeds.
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5 Discussion

5.1 The Parallel (x,A) Evolutionary Strategy

The behaviour of the serial island-ES with constant population size partly confirms Fomekong-
Nanfack et al. '4’s choice of 4 islands for their optimisation problem, as 4 islands does give the
maximum reliability (as shown in Figure 1c). In terms of maximum algorithm speed, however,
the optimal number of islands is 8, thus giving a trade-off between speed and reliability. Above
8 islands there is no measured speed-up, since none of the runs converged. The fact that the
algorithm decreases in efficiency so dramatically for 20 and 50 islands compared to 1-8 islands
suggests that there is a minimum population size required for the algorithm to converge at all,
and below this value it does not matter how many islands you have, since no populations will
succeed. We can estimate this minimum population size as being between the population size in
the 8 island case and the 20 island case; i.e. somewhere between 62 and 25. What the limiting
factor in small populations is cannot be directly addressed, but it seems likely that it is the lack
of diversity within the populations which prevents any population searching the local state-space
very effectively.

The results for the serial algorithm with variable population size are relatively straight-forward.
There is a trade-off between the increase in search capacity due to increasing the number of islands
and the decreasing speed of each island having to be processed. As Figure 2 shows, for up to 4
nodes this trade-off is well-balanced; there is no detectable change in efficiency. Beyond 4 nodes,
the increase in processing time outweighs the advantage of the increased search space. This is
especially true for the low energy cases, which suggests that the increased number of islands
mostly increases the initial speed of descent, i.e. the speed at which high- and mid-energy targets
are reached, and has less effect on the the final convergence.

Our estimates of the reliability of the variable population-size algorithm are somewhat con-
tradictory, as Figure 2¢ shows a decrease in reliability with increased number of islands, despite
the parallel algorithm showing an increase (see Figure 4c¢). Since the algorithm should perform
identically in all respects other than speed, I expect that there is a confounding technical factor.
As the run-time grows linearly with the number of populations in the serial runs, the increased
unreliability may be due to crashes or interruptions from Darwin’s PBS system; this problem
would not be present in the parallel case, as running time does not increase significantly with
number of populations.

Looking at the ideal parallel results predicted from the variable population size results, we can
see that the per-island speed of descent rises significantly with an increase in islands. Figure 3a
shows that every increase in the number of islands up to 20 brings a significant increase in the
per-island speed of descent, and Figure 3b shows a similar result. However, the 20 and 50 nodes
appear to have roughly the same per-island speed, which suggests that at 50 nodes the increase
in efficiency that results from adding more nodes is too small to be observed with the number of
samples we took.

These results act as a baseline for the parallel ES, on top of which inter-node communication
is added. The difference between the predicted parallel results (Figure 3) and the actual parallel
results (Figure 4) is summed up as the difference between the perfect speed-up curve and the
actual speed-up curve, shown in Figure 5. For up to 8 nodes the speed-up is 100% to within
the accuracy we can measure; the communication overhead is small compared to other processes
occurring. However, beyond that the communication overhead causes a drop in efficiency. A large
proportion of this will be an simple increase in communication; if there are a more processors, more
information must be collected and broadcasted. More communication overhead will be introduced
by the asynchronous nature of the algorithm; each 7 generations takes as long for the entire group
of nodes as it does for the slowest node, as all populations have to wait to exchange information
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with it. As the number of nodes increases, the total variation in speeds increases, and thus the
time spent waiting for slow individuals increases.

The results for the parallel algorithm (Figure 3) show that the algorithm scales well with the
number of nodes. In terms of speed, we have a parallel efficiency of up to 64% for 20 nodes or
fewer, although there appears to be little increase in speed for 50 nodes over 20, as would be
predicted from the variable population size ES. It is in increased reliability that the parallel ES
especially excels. Figure 4c shows that the probability of obtaining target energies rises very fast,
with high- and mid-energy solutions being achieved on every run by 20 nodes, and low energy
solutions being achieved 60% of the time, and the reliability scales well compared to the minimum
reliability values. Once again, however, there are no real advantages to using 50 nodes over using
20.

The general conclusion from this analysis seems to be that the algorithm scales well, when
both speed-up and increase in reliability are considered, for up to 20 nodes. However, beyond this,
and especially for very low energy targets, the parallelization becomes less effective.

5.2 Simulated Annealing vs Evolutionary Strategy Efficiency

The most striking feature of the descent curves of Parallel Lam SA and the parallel ES algorithm
(Figure 6a) is how much faster the ES algorithm converges. Examining the data closely, we can
see that there are three aspects that characterise the difference in the curves.

Firstly, the ES curve begins at a much lower energy than the SA curve. This is caused by
differences in the initialisation behaviour of the two algorithms. The SA algorithm begins with a
single starting solution, which undergoes a high temperature ‘burn period’ to cause the processors
to become decorrelated and to lose dependence on the initial condition, followed by a period of
statistics collection at high temperature in order to prime the Lam schedule. This places a hard
limit of K initial states on the algorithm, giving a smaller sample of states and thus a lower
expected minimum energy across processors. In contrast, the parallel ES starts with a number of
randomly created initial states equal to AN;g, allowing a far higher diversity of energies, and thus
a lower expected minimum energy.

Secondly, the initial speed of descent is higher for the ES. This is probably due to a particular
difference in the early operation of the two algorithms. During the early stages, the SA temperature
is high, and thus there is little selection for better solutions; once the temperature is lowered
the selection for better solutions increases, but simultaneously the solution is getting closer to
a minimum, and the slowing associated with the decreased move size counteracts the decreased
temperature. The ES, however, begins a full selection schedule straight away, allowing descent at
maximum speed from the very start of the algorithm. Note that the reason that the ES can afford
to start fast, but the SA cannot, is that the multi-individual nature of Evolutionary Algorithms
allows a diversity of individuals (and thus lower energy solutions) to remain despite a decrease in
mean energy; if the SA was to decrease at this rate, it would lose quasi-equilibrium and fail to
converge, becoming stuck in a local minimum.

Thirdly, the parallel ES converges to a lower mean energy across all runs than the parallel SA.
The reason for this appears to be driven by the unreliable nature of the SA, shown in Figure 6¢;
while the SA can achieve low energy, and has a minimum energy across all runs far lower than the
ES, the large proportion of runs that fail to reach low energy increases the mean energy to above
that of the ES.

The unreliable nature of the SA has been commented on before?6'4, and that island-EAs
can be highly reliable function optimisers in large parameter estimation problems has been well
established®. It is difficult to say precisely why an island-EA should be more reliable than a
parallel SA; both involve within-processor means of landscape searching (mutation/recombination
in ES, move generation in SA), and both of them involve a process by which solutions propagate
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through from processor to processor. It is possible that the diversity within each population in
the EA prevents the propagation of local minima solutions throughout the population; even if a
locally minimal solution spreads to all populations, there will still be higher-energy individuals
that will continue to search the state-space outside of this minimum, and once they achieve a lower
solution than the local minimum they will begin to propagate. This does not occur in Simulated
Annealing; if every processor is stuck in a local minimum, then there are no back-up individuals
to allow it to escape.

Addressing this question, either by running numerical tests on altered algorithms (e.g. is the
ES still more effective if the population diversity is periodically eradicated?) or by the difficult
task of studying both systems analytically, may allow us to discover more aspects of the algorithms
that contribute to these differences. This, in turn, may allow us to make improvements to the
algorithms.

5.3 Tuning

One subject of note that is worth addressing is the importance of tuning. There are a large number
of optimisation parameters associated with both optimisation procedures that need to take on the
correct values for the optimisation to run at peak efficiency. For the ES the important ones are
the offspring and parent population sizes A and p, the mutation and recombination parameters
¢, a and v and the migration interval m. For SA we have the pooling, mixing and step-size
adaptation intervals 7, m and v, as well as Lam estimation parameters w, and wp. Finally we
have the common penalty parameter A, and all the parameter bounds.

Significant effort has gone into parameter tuning, and the parameter values that I used in the
above tests have been chosen for good reasons, both empirical and theoretical. Many values are
taken from Chu et al. 2, who made an extensive study of the parameter values used in Simulated
Annealing by running the algorithm a large number of times on a simple 2-gene problem using a
variety of values of the tuning parameters, and more were taken from the theoretical considerings
of Lam and Delosme 33. In the case of the ES, many of the values were based on those used by
Fomekong-Nanfack et al. *, including many that were based on an extensive empirical study of
the selection regime by Runarsson and Yao ®°.

Our results have contained a small amount of tuning investigation; I have shown that for the
island-ES the ideal value of N, is 4 if we wish to maximise reliability, and 8 if we wish to maximise
speed. The differences between the tuned and not tuned algorithms was significant; a change of a
single island, from 4 to 3 (with speed extrapolated from the 2 and 4 island cases) would cause an
estimated increase in the time taken of 35%. While this parameter is probably one of the most
important in the algorithm, with the largest effect on efficiency, it nonetheless demonstrates the
huge impact tuning can have on efficiency. It also demonstrates how hard tuning can be for real
problems; this value alone took around 750 hours of CPU time to discover.

Such large computational load makes extensive tuning of the algorithms difficult even on the
scale of a direct study of the algorithms, and certainly beyond the range of a systems biologist who
only wishes to use the algorithm to solve a practical problem. As such, this study has operated as
a ‘practical guide’, an example of the algorithms being applied given our current best knowledge
of the optimal optimisation parameters.

It is unknown whether the optimal values of the optimisation parameters will be the same for
the small test problems as they are for the large parameter estimation problems on noisy data,
and the large number of parameter value combinations makes it unlikely that we have achieved
peak performance for either algorithm. We can feel certain that picking the optimal parameters
is itself an optimisation problem of at least comparable difficulty to the one that we have solved
in this study, and approaches that tune each parameter individually are unlikely to find optimal
values. The example of finding the ideal N,y demonstrates both that finding new ways to choose
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optimisation parameters is required, and that doing so potentially result in as much of an increase
in algorithm speed as producing parallel algorithms or developing new optimisation techniques.

An interesting observation on this situation was given by Béick ®. It was noted that the problem
of choosing tuning parameters for a Evolutionary Algorithm is exactly the kind of parameter
estimation problem that Evolutionary Algorithms are able to solve; specifically, the mixed-data
nature of the problem (with continuous and discrete parameters) is well suited to a Genetic
Algorithm. To demonstrate this, he produced what he called a meta-evolutionary algorithm; a
GA that optimises the tuning parameters of a different GA. This meta-GA was applied to problems
with known ideal parameters, and was shown to be able to recover them effectively. Of course
this approach requires a very large number of iterations of the EA that it is optimising, and thus
is would be more suited to simulated versions of the test problem, as used by Chu et al. .

5.4 Future of the Algorithms

The complexity of models in systems biology is constantly increasing, and thus the speed required
of optimisation is always growing. The Drosophila segmentation system alone consists of interac-
tions between dozens of genes and gene products?3, and to model all of them would create a drastic
increase in model complexity. Future developments in systems biology and in optimisation will
have to address how this increasing complexity will be handled.

The simplest way of getting around this problem is identifying gene regulatory subprocesses,
or modules; parts of the system for which most of the complexity is contained within interactions
between the components. These subprocesses can be modelled individually, and these models
incorporates as ’black boxes’ in the modeling of the larger systems they are part of. For instance,
experiments with knockout mutants have shown that the gap gene network is not regulated by the
lower layer of the pair-rule genes3, and thus can be considered a subprocess and thus the model
can be parameterized separately from latter stages of segmentation. Once this has been achieved,
the parameters obtained can be used in larger models of the segmentation systems, drastically
decreasing the complexity of parameterizing this model. This is sometimes called the 'Divide and
Conquer’ strategy.

However, even taking this into account, that models will increase in complexity beyond our
current optimisation capacity is unavoidable. The Parallel Lam SA algorithm begins to lose
efficiency beyond 50 nodes?, and this decrease in efficiency will become even worse beyond 100
nodes, as the value of 7 will have to be increased beyond the current value, causing a loss in
efficiency of the Lam schedule. In fact, the decrease in efficiency was certainly underestimated
by Chu et al. ?; as mentioned previously, they failed to take into account waiting times due to
blocking communication. Such communication delays are going to be at least as high for the SA
as they are for the ES, as the ES and SA communication schemes are very similar.

While our parallel ES is faster and more reliable than the SA algorithm, it does not in the
current case scale well beyond 20 nodes. However, on larger problems a larger percentage of the
time will be spent calculating the fitness function, which will bring down the proportion of time
spent in communicating, and thus is likely to increase the efficiency of the algorithm such that it
will scale efficiently beyond 20 nodes, and possibly beyond 50.

There are modifications that can be made to the parallel ES algorithm that will increase its
parallel efficiency. As Figure 5 shows, a significant portion of the loss of efficiency appears to come
from communication overheads, almost certainly due to the the nature of node-to-node blocking
communication. It would not require any major changes to the algorithm for it to be able to
communicate using a non-blocking, asynchronous method; there is no reason that migration must
occur all at once, and it is entirely possible for populations to migrate when they are ready to do
so. In this scheme, when a population comes to migrate, it will pick a partner according to some
predefined method, send an individual to that population’s buffer and then carry on with the
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algorithm. All populations will integrate individuals from their buffer when they are next free to
do so. There are some issues to be resolved, such as whether populations that are running faster
should migrate more often or not (i.e. have migrations occur per generation or per unit time),
but these are far from insurmountable. In contrast, the SA algorithm requires information on all
nodes before it can perform mixing of states, with the result that an asynchronous method would
require major changes to the algorithm and be far harder to develop.

However, we have also seen that the speed of the serial island-ES decreases as the number
of islands beyond 8 are added, and thus even with hypothetically perfect communication the
efficiency will continue to drop as more processors are added beyond that. To solve more complex
problems we need either a method to increase the speed of the algorithms, or a method to allow
the algorithms to scale up efficiently to increasing numbers of processors.

One method for increasing the speed comes from the observation that local searches virtually
always fail on complex problems, but if they happen to start near the global minimum, they tend
to converge on it very fast*!. This suggests that the so-called hybrid algorithms, discussed above,
could be especially effective. Once one has got a solution close enough to the global minimum,
one can apply any of the range of local search techniques that exist, including many that function
well in parallel®6. The role of the global optimisation algorithm now becomes to descent as fast as
possible to a low-enough energy for the local search to converge. The island-ES has been shown
to be able to achieve significant speed-up for the gap gene problem using this approach !4, and the
parallel ES is clearly perfect for this task, as it achieves a relatively low energy very fast, at least
compared to Simulated Annealing.

One issue with this hybrid approach is that it either introduces one or more tuning parameters
by requiring a set position to switch over, or it requires a way of theoretically determining the
ideal switch-over point. This is important, as Mendes and Banga 3° showed that the changes
in the switch-over point can have a large impact on the efficiency of the algorithm, with a late
switch wasting time on slow global descent, and an early switch causing the local solution to fail
to converge.

One method for increasing the parallel efficiency, specific to the parallel ES, is the hierarchical
approach. As explained above, a hierarchical algorithm consists of small groups of nodes that run
one aspect of an EA (either a master-slave EA, or a fine-grained EA) which are in turn part of
a larger EA (either a fine-grained EA or an island EA). This becomes especially relevant to our
parallel ES as the complexity of the model, and thus the computation difficulty in calculating the
fitness function, increases. An appropriate hierarchical implementation would involve a number of
master-slave clusters, each of which runs a single island population; the master node would perform
selection, mutation and recombination and a set of slave nodes would evaluate the fitness functions
for the individuals in the population. Then migration would occur between populations (i.e.
clusters) normally. This algorithm becomes especially plausible as multi-core computers become
increasingly popular; each population could run on the multiple cores in one computer, keeping
down intra-population communication time (where the majority of communication overhead would
be).

6 Conclusion

Systems biology, as with much of modern biology, is largely driven by technology and innovation.
In the case of the gap gene network, it was an innovative technique that allowed the extraction of
spatial expression data at high resolution that in turn allowed explicit modeling of the system, and
it was a combination of increasing computer technology and the innovative parallel SA algorithm
that allowed the 6-gene model to be fitted.

I have investagated in detail new innovations appearing now will allow further progress in the
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reverse engineering of biological systems, and specifically how the fruits of a long tradition of
Evolutionary Algorithms and their application to parameter estimation can be brough to bear on
the problem.

The investigation has shown that the parallel Evolutionary Strategy is more efficient than
Parallel Lam Simulated Annealing when applied to a real empirical problem, both in terms of
speed and reliability. I have shown that it has reasonable parallel efficiency, such that the full
force of the algorithm can be applied to a 10-node problem without loss of efficiency, and provided
a detailed description of why it outperforms the SA algorithm on various accounts. I have also
discussed issues related to the tuning of both algorithms, and shown how important this aspect
of algorithm function can be.

The parallel ES algorithm is certainly a new and powerful tool, that is ready to solve actual
problems. It will hopefully allow another incremental increase in the complexity of models that can
be successfully fitted, and thus increase the breadth of our knowledge of the complexity of natural
systems. However, I think it important that this parallel Evolutionary Strategy demonstrates not
just the power, but also the potential of Evolutionary Algorithms. Research into the Evolutionary
Strategy and EAs in general is ongoing, and I have discussed two simple ways by which the island-
ES algorithm could be extended, one by giving a direct speed-up and another by allowing the
algorithm to more effectively make use of modern technology.

Evolutionary Algorithms are inspired by the processes of the evolution of life, and as such they
potentially have available to them the tools that lead to the most successful optimisation run we
have yet examined 0. It is apparent that there is a whole array of modifications and improvements
that can be made to such algorithms, some of which are already known, and many more that are
yet to be developed.
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