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Abstract

When population geneticists study how mutations pass through and accumulate in
populations, computer simulations are increasingly being used in favour of (or in
addition to) the traditional analytic approach. Forward-in-time simulations model
genetics rather explicitly and as a result are often resource intensive to run. In this
work I study the efficiency, in terms of the memory and runtime requirements, of a new
memory representation of the genetics of a population in the simulation software Nemo.
To this end I have implemented a new system for keeping track of mutations, based on
an implementation found from the literature, which I have modified to integrate it with
Nemo. I conduct measurements on the overhead of running Wright-Fisher simulations
with varying parameter combinations on a supercomputer and present results. My
findings indicate that the new implementation has a wider range of memory and
runtime requirements, meaning that for some parameter combinations the simulation
performance is improved, while for others it is worse. In the new implementation the
memory required for running the simulations is determined by the size of a buffer
needed to store references to mutations at segregating sites. This size is determined
by the simulation scenario, but in this case the relationship is O(x*In(x)) in the
number of individuals, and linear in both the number of simulated genetic loci and the
mutation rate. The runtime is heavily dependent on the memory used, as there is extra
bookkeeping involved in keeping track of an increased amount of mutations.

Keywords Genetics, simulators, efficiency, computational biology, algorithms, data
structures
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Tiivistelma

Kun populaatiogeneetikot tutkivat kuinka mutaatioita ilmestyy ja kertyy populaatioihin,
sekd poistuu niistd, tietokonesimulaatioita kdytetddn yhd enenevissd médrin perinteisten
analyyttisten menetelmien sijaan ja niiden lisdksi. Ajassa eteenpdin katsovat simulaa-
tiot mallintavat geneettisid prosesseja varsin eksplisiittisesti, minké seurauksena niiden
ajaminen vaatii paljon laskennallisia resursseja. Tassd tyOssd tutkitaan uutta tapaa
esittdd esittdd populaation periméd tietokoneen muistissa — erityisesti sen tehokkuutta
sekd muistinkdyton, ettd ajoajan suhteen. Tdhan tarkoitukseen olen toteuttanut Nemo
simulaattoriin uuden tavan pitda kirjaa mutaatioista, joka perustuu kirjallisuudesta
loytyvédin aiempaan toteutukseen, ja josta olen muokannut Nemoon yhteensopivan
version. Tassd tyossd mittaan Wright—Fisher simulaatioiden ajamisen resurssivaati-
muksia supertietokoneella vaihtelevilla parametriarvoilla ja esitin saamani tulokset.
Loydokseni osoittavat, ettd uuden implementaation muisti- ja ajoaikavaatimukset
kattavat vanhaa laajemman vilin, mika tarkoittaa, ettd joillakin parametrikombinaa-
tioilla simulaation tehokkuus parantui mutta toisilla huononi. Uudessa toteutuksessa
simulaatioiden ajamiseen tarvittavan muistin mééra riippuu siitd, minki kokoinen pus-
kuri vaaditaan, jotta voidaan sdilod viittaukset sellaisiin mutaatioihin, jotka ovat vain
osalla populaatiosta. Vaadittava koko riippuu siitd, minkédlainen simulaatioskenaario
milloinkin on kyseessd, mutta timin tyon tapauksessa puskurin koko on O (n* In(n))
suhteessa simuloitujen yksiloiden miiréén, ja lineaarinen suhteessa niin simuloitujen
geneettisten sijaintien mairddn kuin mutaatioiden todennikoisyyteen. Ajoaika riippuu
vahvasti muistinkdytostd, miki johtuu siité, ettd kun mutaatioiden méaard kasvaa, myos
tarvittavan kirjanpidon laskennalliset kustannukset kasvavat.

Avainsanat Genetiikka, simulaatiot, tehokkuus, laskennallinen biologia, algoritmit,
tietorakenteet




Preface

This is a story about time. We humans have a peculiar relationship with time. We are
bad at thinking about the future (as indicated by the psychological fallacy known as
present bias [20]), we want the thing we want right now and we predict poorly future
consequences of present actions. When studying processes that run beyond the limit
of a human lifetime, we find them hard to grasp. This is equally true for scientists.

As history has shown, however, the effects of human actions have consequences
that reach far and wide, to the point of wiping species off the face of the earth and
altering the climate system of our home world. These facts are testament to the power
that we as a species have over our environment, and highlight the responsibility that we
have as a result. These are some of the reasons why I find biology satisfying — there
are questions of remarkable consequence that one can hope to contribute to tackling.

As to how, well, this is also a story about time. Computer scientists often talk
about the cost of an operation, referring to the time spent, and then go about trying to
be as efficient as possible in scheduling their operations. We have certain tools at our
disposal — for this work those tools are mathematical and computational — and we do
the best we can to master those tools, hoping and praying that we are well equipped to
deal with the challenges that are bound to lie ahead.

I want to thank Professor Jukka Suomela for reminding me of the role of storytelling
in science. I feel that through our meetings you were able to clarify for me what
aspects are essential for a project such as this and what to focus on.

Thank you to Professor Frédéric Guillaume for the idea for this project and all the
support and feedback along the way. Your research group provided me with a sense of
belonging and community which was invaluable in a solitary undertaking such as this
project mostly was. My thanks for this also goes to Martti, Nick and Petri.

Finally, I would like to thank my friends and family for providing me with reasons
and opportunities to occasionally spend time thinking about things other than the
thesis — it was not a short project, so pacing is paramount, and optimisation exercises
on scheduling in real life include a coefficient for mental well-being.

Helsinki, 26 July 2025

Lauri Ahlberg
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Symbols and abbreviations

DNA deoxyribonucleic acid

SNP single nucleotide polymorphism
FTPGS forward time population genetic simulation
HPC high-perfomance computing

CSC (Finnish) centre for scientific computing
CPU central processing unit, processor

RAM  rapid access memory

GB gigabyte, 10° bytes

GiB gibibyte, 230 = 1024 bytes

AVX advanced vector extensions

GSL GNU scientific library

RSS resident set size, i.e. RAM used

IPC instructions per clock cycle



1 Introduction

Genetics, on the level of populations, are affected by a myriad of different, interlinked
processes. This makes it challenging to study questions of interest, but sounds like a
case for mathematical models, which should capture just enough aspects of the real
life complexity to yield reliable predictions, but no more — to make them interpretable
and approachable. Recently, these models are more and more often implemented in
software, as simulators. This brings with it a whole smorgasbord of choices about
how to construct simulations that most efficiently use the resources available, both in
terms of the utilisation of hardware elements, such as main memory, and time.

Some questions of interest that have been tackled by simulation studies relate to
metrics of genetic resilience or the ability of species to adapt to climate change [16,
22]. These results can then be applied to aid in the decision-making in conservation
efforts of endangered species [16].

Individual-based simulations attempt to mirror the real life biology fairly closely.
Members of the population under study are represented in computer memory and each
member is seen to have a number of genetic loci at which mutations may occur at a
certain rate (per locus per generation). In addition, portions of these genomes may
shuffle via recombination, where two chromosomes swap segments with a certain
probability. This occurs between crossover points which appear between subsequent
loci at a predefined rate.

Some ballpark estimates for typical values for simulation parameters would be:
population size and number of simulated positions both in the order of 10*, mutation
rate around 1077 ... 107%, recombination rate around 1078 ... 107°, and the number
of generations that the simulation runs for in the order of 10% [26] [8]. These naturally
depend on what is being simulated, but such simulations can take from megabytes to
hundreds of gigabytes of RAM (in the case of even larger populations), and may finish
in minutes or run for days.

Because of these wide ranges of requirements, it is worthwhile to try to optimise
resource use. Computation time is one such resource which has a price tag. There are
never limitless pools of resources, monetary or otherwise, so optimal usage is key.
Another resource of interest in the context of a computer is memory. Moreover, it is
one which can at times be limiting with regards to what our program can do. Modern
PCs have RAM in the order of 10 GB, supercomputer cores can have a few orders of
magnitude more. For some of the parameter combinations in this work, these memory
limits were reached.

There are a few different recipes for constructing a forward simulation. The
fundamental difference amongst these is whether to look at it in terms of simulated loci
or in terms of mutations accruing in a population. Some simulators, Nemo [6] among
them, take the explicit, genetics-based approach and keep track of all the positions
on all the individuals where a mutation may occur. The number of these is set when
starting a simulation and limited by the amount of memory at our disposal. The benefits
of this come in the simplicity of the algorithms for processes such as mutation and
recombination. Producing new offspring comes down to copying relevant segments of
the parental chromosomes. Another approach considers only the mutations present in



the population. The benefit here is that one need not care about unmutated positions
and that memory overhead is eliminated. In principle there is also no predefined limit
to the number of positions a mutation may hit. The drawback comes in the form of the
bookkeeping necessary to map mutations to their genetic positions and the individuals
carrying them. This translates to more complex algorithms for the processes of
mutation and recombination which incurs a greater computational overhead.

Goals In this Master’s thesis these are the two levels we are moving among. My
goal is to investigate how it might be possible to implement a more efficient simulation
architecture, efficient in terms of memory use and runtime, which would enable
the running of larger simulations on existing hardware and the running of current
simulations in a shorter time. Drilling down to the lower level, my goal is to examine
a simulation architecture from the literature, presented by Putnam et al. with the name
clotho [21], applying it to the context of an existing simulation software Nemo [6]. To
this end, [ implement in Nemo the data structures and algorithms required by clotho in
order to study the effects of the differing in-silica representations of genetic matter on
the memory usage, runtime and scalability of simulations with a variety of different
parameter combinations.

Contributions This work contributes to the grand old machinery of science results
and information about the overhead (in terms of time and memory) of running
simulations with the clotho-style memory representations. It also investigates the range
of simulations it is most well suited for. Based on measurements conducted on the Puhti
supercomputer over a range of different parameter combinations I observe the following
trends. Unlike the old implementation, the requirements of the new are sensitive to
the mutation rate. Other major determining factors are: the number of simulated loci,
which exhibits a linear relationship to the memory and time requirements with both
implementations; and number of individuals, whose relationship is linear in the old
implementation, but approximately quadratic with the new. These dynamics have to do
with the growth of the bitsets used to keep track of mutations when mutations percolate
through the population. At high populations and mutation rates a larger buffer is
needed to keep track of mutations, contributing to increased memory requirements.
The runtime is directly related to the bitset size and the cost of recombination becomes
dominating at larger population sizes. In the case of simulations with low mutation
rates and fewer individuals, the new implementation is clearly lighter to run.

Structure The structure of this written work is as follows. In Section 2, I cover the
necessary background from two different directions from which the interested reader
may approach this work — that of a biologist and that of a computer scientist. I also
discuss the overlap between these domains. In Section 3, I present the algorithms
being investigated and the relevant internals of the simulator under study. I further
lay the groundwork for the data collected by outlining the measurement process. In
Section 4 I analyse the data and present the findings from the perspective of the two
resources of interest, memory and time. In Section 5, I address the limitations of



this work and suggest some future improvements and potential research directions for
further exploration. Finally, Section 6 concludes the work with an overview of the
main takeaways that can be gleaned from this project.
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2 Background

Here I will aim to present a synthesis of background collated from multiple directions.
There is very little existing literature out there about population genetics simulation
software that would treat them from a technical viewpoint. Most publications are
aimed at biologists whose primary interest is in the user-perspective.

This section is initially split into two main veins. Section 2.1 deals with the
theoretical aspects from a biologist’s perspective. 1 go into some detail about
fundamental genetics, as well as the theory of how to study these processes at the
level of populations. Readers with a background in (population) genetics can skim
over this section, but I hope readers coming from the engineering side will find it
relevant. Section 2.2, on the other hand, approaches the topic with a computer science
perspective. I talk about the terms and concepts which I hope will be helpful in
understanding how these kinds of topics are dealt with in that domain, and I hope that
some of that way of thinking may rub off on the biology-oriented reader. I also discuss
hardware-related considerations that affect efficiency. Readers versed in computational
sciences may skim over these parts.

Finally, in Section 2.3 I take a look at the literature available about simulations.
This combines the previous two aspects and serves as a backdrop for the work presented
in this thesis.

2.1 Biology

Genetics Deoxyribonucleic acid (DNA) is the inherited material within each cell of
an organism. Genetics is all about DNA. It is passed down from parents to offspring
(in the case of sexual reproduction) and acts as the source defining the physical
characteristics (phenotype) of said organism. DNA forms long strands which are made
up of bases linked to each other via a deoxyribose sugar and its phosphate group.
There are four such bases: adenine (A), thymine (T), cytosine (C) and guanine (G),
and they pair up in such a way that A and T bind together and C and G bind together
forming two parallel strands [15, Chs 1, 10]. This gives DNA its characteristic double
helix structure.

The inherited data of the DNA consists of different sections, each having their
own role to play in the makeup of the individual. The most familiar type of section
being genes, those segments of DNA which contain the instructions for how proteins,
the functional molecules in cells, are made [15, Ch 13]. The average length of a gene
in the human genome is 25 000 basepairs [15, Table 21.1]. Genes can be split up
into three-base segments, called codons, which each have a specific meaning in the
processes of transcription and translation whose result is the final polypeptide chain
of the protein corresponding to the gene in question. Most codons correspond to one
of the amino acids which are the building blocks of proteins. Long sequences of these
genes spaced by other sections of DNA coil up into units known as chromosomes in
the cell nucleus.

In sexually reproducing organisms, the genetic material of the parent is not passed
down directly to the offspring, but parts of it are shuffled in a process known as
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recombination. Most sexually reproducing organisms are diploid, meaning they have
two copies of each chromosome (and thus each gene), one of which they have inherited
from their mother and the other from the father. These pairs of similar chromosomes
are known as homologous chromosomes, or homologs for short. These pairs are found
in each parent, but the chromosome that they pass along to their child in the sperm
or egg cell (known as sex cells or gametes) is in fact neither of these, but a hybrid
combination of their two homologs. That is because during meiosis (the production
of the gametes) there is a phase during which the two homologs line up and form
crossover points, at which the chromosome which the DNA originates from switches
to the other homolog. There can be multiple such crossovers between a single pair of
homologs.

Another source of variation in the genetic material in an individual is mutation.
This means changes in the DNA sequence, of which there are many different possible
types. Sometimes mutation can alter the whole structure of a chromosome, for instance
if entire segments of chromosomes are swapped as a result. Often these more drastic
mutations can lead to dire consequences for the individual in question up to the point
of being lethal. Smaller-scale mutations can include sections of DNA being repeated
a number of times (known as microsatellites). Additions or deletions of one or more
nucleotides can also occur. These result in all the nucleotides being shifted over. This
can cause a frameshift, where the triplets forming codons no longer line up nicely.
Also possible are cases where the length stays constant, but single bases are exchanged.
These are known as a single nucleotide polymorphisms (SNPs). These mutations can
sometimes change a codon to another one which corresponds to the same amino acid,
resulting in no change, also known as a silent mutation. Or they can cause an amino
acid to be swapped for a different one, known as a missense mutation. Or they can
insert a codon which signifies the stopping of translation — a nonsense mutation. [15,
Ch 15] [2, Ch 17]

Because of recombination, mutations in the parents’ chromosomes are passed on
to their progeny in a random way. This leads to mutations spreading out through the
population in ways that are hard to predict as the processes of recombination and
reproduction are repeated over subsequent generations. If a mutation has side-effects
which are beneficial to the individual, it may be more likely to be passed on as that
individual may succeed in having more children. Similarly mutations with detrimental
effects (known as deleterious mutations) tend to spread less efficiently. However, the
usefulness of a mutation is not always a clear-cut case as they may have multiple
side-effects, some of which may be useful only under certain conditions.

Population genetics Having examined the chemical and molecular backdrop for
the processes under study, let us shift our focus to the effects of these processes as they
are studied on the level of populations and the tools used therein. Until recently the
approach was quite heavily theory- and mathematics-based, which will be reflected in
this presentation. The models aim to shed light on the process of evolution and how it
plays out in natural populations. It is becoming common to also run the models on
simulators, but having an idea of the theory helps us understand the simulations, their
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use and the expected results.

Population genetics is the field that concerns itself with studying how the amounts
and proportions of certain gene variants, or alleles, present in the genetic makeup of a
population change through time. With the recent advances in sequencing technology
which have made reading of genomes cheaper and more widely accessible, it is possible
to examine these things empirically in the cases of some organisms which have suitably
short lifespans, and thus generation times, to allow for observation of these processes
across the generations. However, the emphasis in this field throughout its history
has always been in using the language of mathematics to describe the forces at play
in changing the genetics of populations. Defining suitable sets of assumptions and
constructing models that encapsulate the dynamics of interest in the situation while
also managing to simplify things enough to make calculations tractable.

The classic starting point as presented by Gillespie [5] is the Hardy-Weinberg law
which assumes that generations do not overlap, and mating in a population occurs
completely at random (with respect to the locus in question) and that mutation, genetic
drift and migration are non-existent. Furthermore, it only looks at a single locus in the
genome with two possible neutral alleles, meaning neither allele has an effect on the
probability of survival or reproduction compared to the other (i.e. they have the same
fitness). If the alleles A| and A, have frequencies of p and g, respectively (meaning
these are the probabilities of finding those alleles in a randomly chosen gamete), then
it is easily derived that at equilibrium, the frequencies of the diploid genotypes are
A1Aq p2, A1Ar 1 pg, ArA; qz. This model may be regarded as overly simplistic
for most situations.

As we seek to refine our models to capture more of the real-world dynamics, we
have to contend with the fact that most natural populations are distinctly finite in size.
This makes it so that allele frequencies can fluctuate between generations purely as a
result of random events and the small sample size, a phenomenon termed genetic drift.
An example of such causes could be variation in the numbers of offspring between
individuals due to external factors such as environmental conditions. A prevalent
model that aims to incorporate random drift is known as the Wright—Fisher model.
In this model, the population size is kept constant through the generations and the
alleles of a subsequent generation are chosen randomly with replacement from the
alleles of the previous one. The long-time effect of genetic drift is to reduce the genetic
variation in a population, something which is especially important in the case of very
rare alleles — such as new mutations — as these are rather likely to disappear, simply
due to happenstance. According to the Wright—Fisher model the probability that two
randomly selected alleles in generation ¢ are identical is

1

1
gt:ﬁ"'(l_ﬁ) Gi-1, (1)

where N is the number of individuals. That is, either the two alleles have a common
ancestor in the previous generation (probability 1/2N) or then they don’t but they are
identical in generation ¢ — 1 (probability G;_;). This can be used to obtain a general
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expression for the probability that two randomly chosen alleles are different,

t

H, = Ho (1 - %) ,
where H; = 1 —G; is that probability in generation ¢ and N is the number of individuals.
By this we see that since this probability is decreasing, genetic variation is being lost
continually. What is important to note is that the rate of this loss is inversely related
to the size of the population and smaller populations are markedly more affected.
Of particular interest is the final steady-state case where one allele is established as
the only one remaining in the entire population, it has become fixed. The fixation
probability is given by i/(2N) where i is the number of initial copies of the allele. This
is a remarkably simple result and applies to the case where all alleles are considered
equally fit, possessing no selective advantage over another, known as the neutral allele
model. [5]

If genetic drift is a force that removes variation from the gene pool, mutation injects
variation back into it. Given u, the mutation rate for a single locus, we have 2Nu new
alleles each generation. One common assumption is that all new mutations are unique,
known as the infinite-site model, which may be justified if we think of an allele as
consisting of a longer stretch of DNA, where a mutation may hit any base, meaning
that there are a large number of possible alleles formed by mutation even in the case
of SNPs. At equilibrium, when the loss of alleles due to genetic drift is balanced by
the creation of new ones by mutation, it can be estimated that the probability that two
randomly selected alleles are identical is

1
1+4Nu’

This result can be obtained from (1) via a Taylor series approximation and assuming
u/N = 0. This equation tells us that when the value of 4Nu is small, most alleles are
identical, meaning genetic drift is the dominant force. Whereas when 4Nu is large,
mutation dominates and most alleles are different.

In the literature we can find an expression for the expected number of segregating
sites in a steady-state population, that is, the of positions at which we have something
which differs from the reference sequence. In his 1975 paper, Watterson [25] gives an
estimator for this in a Wright-Fisher model as

G:

2)

E(K>) =0 =4Nu 3)

within a diploid individual and for the whole population as

E(Kay) = %0(2ln(2N) +1.355076). @)

2.2 Engineering

Computer Science prerequisites In order to talk about the methods and algorithms
in this project in a meaningful way, it is necessary to introduce some concepts which
may be familiar to those with more background in computer science.
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When assessing algorithms, we are generally interested in the runtime — how long
they take to complete their task. When discussing runtimes it is useful to have a way
of comparing algorithms to each other that gives a clear idea of how long each of
them takes to run as well as relating this to the principal factors affecting runtime,
which is often simply the input size. The runtime boils down to how many operations
a particular algorithm must complete in order to finish (I/O operations such as reading
and writing to/from the disk or just mathematical operations of combining and updating
the contents of registers and/or cache memory [23]). A standard way of quantifying the
time complexity is by using the big O notation. The point here is to give a reasonably
accurate description of how the runtime scales as a function of say, the input size (or a
certain subset of the inputs). Only the highest order term in the function is considered
as it will dominate the runtime and any constants possibly present in the function are
ignored. Often, if the time it takes for the algorithm to terminate varies according to,
say, the structure of the input, the worst-case running time is considered as this gives
a guarantee of maximum runtime. However, trying to estimate the average runtime
complexity can be useful as well. This leads to different classes of complexity, such as
linear O (x), quadratic O (x?), exponential O (2¥), logarithmic O (log(x)) and so forth.
[L, 3]

With regards to the performance of data structures, the thinking is very similar. We
are interested in the number of times we have to access the elements of a data structure
in order to find the one we are looking for or to be able to update a certain element
in there. For instance, a linked list is a data structure where each element contains a
reference to the next one. This means all accesses to elements further down the list
from the first element, the head, have to pass through all the intermediate references.
Thus worst-case lookup cost is that of the last, nth element, for which we have to go
through n references. This gives us a cost of O(n). Contrast this with fixed length
arrays where we can access each element directly just by offsetting from where the
list begins, effectively an O(1), constant-time operation. Updating or inserting new
elements into a data structure may also involve an extra computational cost if some
elements have to be moved/shifted/copied in memory. One more data structure to
introduce here as it bears some similarity to the scheme in clotho is a hashmap. This
is one way of achieving a dynamically sized data structure, via indirection, by having
an intermediate function that is computed each time a lookup is initiated and gives the
address of the desired datum. Here each element has a corresponding key which is
linked to the element via a hash function. The cost of lookup is thus constant but you
have to account for the extra cost of computing the hash. There are some different
ways to define hash functions and handle the memory allocations as well as addressing
in this case, but they are not important now.

A central concept in this work is that of efficiency. A general definition to work off
of could be: achieving the desired result by using minimal resources. This raises the
important question of what is meant by a resource. Memory, which for this work I will
take to mean the main memory, RAM, in the CPU (as opposed to the hard disk or solid
state drive, which I would call storage), is an obvious candidate for a resource, and
indeed one which we are interested in. Another one, perhaps somewhat more subtle,
is time. With regards to time, simply comparing the number of operations performed
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often misses the whole picture. This is because different operations may have different
latencies, with some operations requiring something to be done elsewhere, incurring a
waiting time. Indeed, something like (machine language) instructions per second is a
better (though still limited) measure of efficient processor utilisation. This raises the
important issue of scheduling the operations in such a way as to achieve maximum
throughput, the amount of work that passes through a system in unit time. We will
touch on this when discussing caching soon, but suffice to say that scheduling is a
fundamental theme in many computer science applications, and it is worthwhile to
optimise the order in which operations are performed while making sure the results are
consistent. Drawing in both these resources, memory and time, I would like to note
that there exists a fundamental trade-off between them, a trade-off between storing and
computing results. If we have extra memory which is not needed to do computations,
we can often save time by using that memory to store some results or intermediates
which can be reused. On the other hand, if we want to save memory, we can compress
and pack things down to smaller sizes, but that requires that when we need those
objects, we have to spend extra time decoding them.

Before we can go into more details about how to go about efficiently using time
and memory, we need to have a grasp of the tools we are working with, namely some
understanding of the structure of the processor. Modern CPUs (meaning something
released in the last 15 years or so) even on consumer laptops generally have multiple
cores. The structure of each core is similar, and it consists of a number of different
components. Some details can be found in Intel Developer’s manuals [12]. For
example in the Intel 64 architecture, there are 16 general purpose registers for 64-bit
values, and units that operate on those registers. It is also becoming common to
have several vector registers which can hold several 64-bit values, 4 in the case of
the AV X-instruction set, and operate on all these simultaneously. In this work we are
interested in two aspects. Firstly, that the units processing register values are actually
pipelines with the possibility of doing multiple operations in sequence. There are
several pipelines which may differ slightly in the sequence of operations they support.
Secondly, the processor contains integrated cache memory on multiple levels. Taking
for example the Intel Sandy Bridge Microarchitecture, each core has its own Level 1
instruction and data caches at 32 KiB each, as well as a 256 KiB Level 2 cache. On
top of these, there is a Level 3 cache (sometimes called Last Level Cache LLC) which
is shared between cores and could fit 4 MiB. [11]

The CPU pipelines allow for a form of parallel processing, namely instruction
level parallelism. By parallel processing I mean executing multiple instructions at the
same time, in parallel, resulting in greater throughput. The CPU pipelines consist of
sequences of hardware operations such as additions or multiplication of two registers,
where each step in the sequence can be executing simultaneously. In effect, we are
working on multiple sequences at once, but just in a staggered manner as visualised
in Figure 1. As a result, over time such a pipeline achieves a throughput many times
greater than doing the same operation for all the data being processed before moving
on to the next operation in the sequence, so long as the sequence of operations required
for multiple data is more or less the same. This is already true for a single pipeline, and
if there are several, the effect is naturally greater. Instruction pipelining is something
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Figure 1: Diagram of pipelined processing of four instruction sequences. It takes
only seven clock cycles to process all four four-operation sequences.
image by CBurnett / Wikimedia Commons CC BY-SA 3.0 [4]

over which the programmer does not have direct control as this is something that is
handled automatically by the compiler. The way to approach this is to write such code
that it can be pipelined.

As mentioned, modern processors have a cache hierarchy with multiple levels of
memory. This is arranged so that the smaller caches are closer to the processing units
and caches get larger as they move farther away. This means that the smallest caches
are faster to access while reading from, or writing into, the larger caches is slower.
The time for a cache access can grow by an order of magnitude when moving to the
next level in the hierarchy [1, Ch 4]. The RAM can also be thought of as the final level
of this memory hierarchy. This helps us understand why it is so important to keep in
mind the memory access pattern of a program, as this has a huge impact on cache
usage. Keeping things in the closest cache possible while we do operations involving
that data is much faster. This means we want to group those operations acting on
a single piece of data close to each other in the execution order of the code. This
applies somewhat also to consecutive pieces of (small) data as what is brought into the
cache are so-called cache lines which reflect the structure of the data in the computer’s
memory, not our way of grouping it [1]. In effect, data which are next to each other in
the memory are brought into the cache at once. Thus from a scheduling viewpoint it is
also worthwhile to operate on nearby data in rapid succession so they are more likely
to be found in the cache, eliminating the extra overhead and waiting-time brought on
by having to re-fetch those portions from memory.
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2.3 Simulations

Having looked at the biological and computational backdrop for this work, let us finally
shift our focus to simulations. We have established that there are complex biological
processes that are scientifically of interest to study. Historically, this has been done
mainly through the use of mathematical, analytical models. This approach, however,
requires a mathematical formulation to be constructed, and further, a formulation
that we can work with to derive useful properties of the system under study. As the
complexity of the desired system under study increases, the models become more
difficult to work with, eventually growing to such heights of complexity that there are
no known ways to solve for parameters of interest analytically. But we have computers
which can be instructed to do large numbers of mathematical operations within a short
timespan, and this opportunity has been harnessed in simulations. It is still necessary
to describe the system under study mathematically, but the requirement is lifted that
the description need be analytically solvable. This is the rationale behind creating
simulations [13].

There are a number of situations where the simulation approach is employed. In
[10] Hoban et al. list three possible cases. Simulations can be used to predict a future
state of affairs by starting with the current-day situation, making some assumptions
about the processes at work and the values of the parameters controlling said processes.
Then one runs a corresponding simulation to see how things are expected to turn out
at a later time-point. Simulations can also be used to attempt to determine something
about a currently unknown part of the system under study. For example, if we have
a snapshot (or several) of the process state in the form of some real-world data and
we have a theory about the processes that generated the data, but we do not know
some parameter values of those processes, we can run simulations of our theorised
processes with a range of different parameter values. The results of the simulations
can then be compared to the real world data to determine the unknown parameter
values. Thirdly, simulations are helpful in developing new statistical analysis methods.
If there is a method for estimating a parameter value based on some measurement data,
a simulation can be run to generate data in the same format, but which has come from
a process that the user has complete control over, meaning that they know the ground
truth values for the parameters that the statistical method gives estimates for. This can
be used to assess the accuracy, precision and robustness of the analysis method for
different parameter values.

In the literature, we find that the simulations-scene has been divided into a few
different classes. The two main veins are so-called coalescent (or backward) simulation,
and forward simulation. On top of these, some authors distinguish sideways simulations
[17] and resampling simulations [27], with significant overlap between these last two
types. More recently there have also been hybrid approaches employed which combine
coalescent and forward simulations [13]. Resampling and sideways simulations differ
from the others in that they require the user to have access to an adequately sized set of
measurement data points, as those are used to generate new data, as the name suggests.
Coalescent simulations are often less computationally intensive, and as a consequence,
require less resources (time and memory) to run [27]. They are based on the theory of
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coalescences [14] which deals with going backwards in time from the current state to
find time points at which genealogies of currently living individuals diverged from a
common ancestor. Forward-in-time simulations, on the other hand, make very few
assumptions and aim for the greatest degree of correspondence to the actual biology.
It is easy to understand that this makes the simulations sometimes rather heavy since
the natural processes being mimicked on the computer are rather complex and they are
often represented in the simulation quite explicitly. However, they have the benefit of
being able to deal with, in principle, arbitrarily complex scenarios under investigation,
also those which are analytically intractable.

In [9] we find an example of a coalescent simulator being used to assess sampling
coverage necessary to preserve genetic diversity in external collections (such as seed
banks or gardens). Nemo has been used to study the accuracy of metrics that are
used to assess the genetic resilience of small populations of endangered species [16].
Another source [22] presents results from simulating species with differing life-history
strategies under different scenarios of environmental change and fluctuation.
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3 Methods

The aim of this section is to lay out the practical side of the project. I will begin
by presenting the algorithms used to simulate the genetic events (mutation and
recombination) that change the makeup of the gene pool. Then I will go through
an overview of the relevant parts of the simulator implementation and the new parts
added as a result of this project. Thirdly, I will outline the measurements that were
conducted to quantify the effect of using the new implementation and describe the
measurement process.

3.1 Algorithms

Let us begin by looking at the algorithms in isolation from the implementation details,
which will be dealt with in the next subsection. There are two processes of interest
here, namely mutation and recombination. In the original algorithm, all genetic data is
explicitly represented and stored for each individual. Thus mutation is simply a case of
updating that memory in the correct position. The number of mutations is drawn from
a binomial distribution for each individual with parameters [p = 2u, n =[] where u is
the mutation rate and / the number of loci being simulated. Also randomly selected
is which simulated locus the mutation hits, and on which homolog, as the simulated
organisms are diploid.

Recombination, on the other hand, is a case of copying segments of the genetic
data to the new individual being created. Which segment to copy from which homolog
is determined by the crossover positions. These are also randomly determined. The
number of crossovers per individual per generation is drawn from a Poisson distribution
with the rate parameter A = [r where r is the recombination rate.

All this storing and copying has costs, both in terms of memory and time used, as
updating large portions of the main memory is relatively slow. The new implementation
aims to cut down on these costs. The idea is to achieve this via indirection — lets not
store everything explicitly, potentially multiple times, but instead try to only keep one
copy in memory and then have (potentially multiple) references to that information.
The information in question here are the mutations. And the referencing scheme
is via bitsets, strings of ones and zeros where each bit position corresponds to a
centrally stored mutation. Each individual then just needs two such bitsets, one for
each homolog, and a set bit indicates that the individual carries the corresponding
mutation.

The process of mutation in this new way of thinking, is mostly a question of
bookkeeping. For each mutation, it involves creating the mutation to be stored centrally,
and updating the bitset of the individual to refer to said mutation. An optimisation
which we shall see later involves recycling old mutations to avoid the cost of creating
new ones each time. The number of mutations and the positions hit are drawn as in
the old implementation.

Recombination in this case is somewhat more complex and is outlined in Figure 2.
Each individual, being diploid, contains two bitsets, one inherited from each of its
parents. I will call these the maternal and paternal bitset. Now recombination involves
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Figure 2: Overview of the steps of the new recombination algorithm. Here ~ is the
binary negation and operations xor, and, or are denoted by ", &, |. The modulo
operation is %.

transferring the correct mutations to the gamete being created. Those mutations that
occupy positions on segments coming from the maternal DNA should be included
and mutations in those same positions in the paternal DNA should not, and vice versa
for segments coming from paternal DNA. Because the references in the bitsets are
not ordered by genetic position, essentially the whole bitsets have to be scanned, and
mutation positions looked up, in order to know which mutations should be present
in the gamete, i.e. which bits should be set. This is a question of knowing, for each
mutation, how many crossover positions there are in the genome before its position. All
the mutations which are preceded by an even number of crossovers should come from
the same side (maternal or paternal) and the ones after an odd number of crossovers
should come from the other side. It is possible to get this information by a binary
search over all the (sorted) crossover positions, which gives us the index at which
the position of the mutation would fit. The parity of this number then tells us if this
mutation is inherited. An optimisation that can be done here, however, is to only check
those bits where the two bitsets of the parent differ, as it makes no difference which
one to include for those positions where both bits are set. This check can be done by
creating a mask indicating those bits where there is a difference (a simple binary xor
of the two bitsets) and only checking the descent of those bit positions. This checking
can be thought of as a classification operation telling us which bitset the differing
positions should be inherited from. To create a new individual it takes two gametes,
so this procedure needs to be done twice, once in each of its parents.

3.2 Software structure

I will start with the user viewpoint, then go briefly into the genetics-perspective
before delving into the technical implementation details. In a Nemo simulation,
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there is always one population that is being changed. The population is spread out
over a number of patches, each consisting of a subset of all the individuals in the
population. The software allows for migration — moving individuals between patches —
but those capabilities are not used in this project. Individuals can reproduce by sexual
reproduction, where the genetic data of the produced individual is a mixture of that of
its parents, by selfing, where individuals self-fertilise meaning all the genetic data is
from the same individual but with recombination, or by cloning which is similar to
selfing but without recombination. Individuals can also have a fitness value determined
by their genetics which affects the reproduction, but fitness is also not dealt with in
this project.

We can also look at all of this from a genetics point-of-view. All the genomes
being simulated have a shared genetic map, which determines which chromosome a
locus sits on and the distances between them. Genetic elements can be grouped under
traits, which consist of a set of loci (positions on the map) and possibly allelic effects.
Individuals may contain several different types of traits at once. The genetic map is
shared between all the traits and it ensures that during recombination all the traits in
the individual have the crossovers at the same positions.

The C++ implementation of all this is object-oriented, meaning the software
consists of different classes, which each have their own responsibilities in running the
simulation. When the simulation is running, there are (possibly multiple) instances
of each class in the CPU memory. The parts of this structure that are relevant for
this project are presented in Figure 3. We can see that the genetic map mentioned
previously has its own class GeneticMap, and it is coupled to the Trait class via the
trait prototype class. There are several different trait types (subclasses). For the sake
of this project, the population (class MetaPop) and the individual are just containers
for individuals and traits, respectively.

The starting point for this project is a Trait. More specifically, a neutral trait. In
the original implementation of a neutral trait the information about the genetics of the
trait is stored in two fixed length arrays. The length of these arrays is /, the number
of loci, and the values are (8-bit) chars. Thus the implementation of mutations is
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simply an update to the array value at the correct position. Recombination is just a
copy of the relevant segments of the arrays into the arrays in the new trait instance
(belonging to the new individual being created). The segments are determined by
crossover positions (at which the side being copied from switches) which are drawn in
the GeneticMap. During a running simulation there are as many instances of each
trait as there are individuals. Each trait type also has a corresponding prototype class,
of which there is just one instance present and in the original implementation this is
only used to create new trait instances.

To be able to run the new algorithms for mutation and recombination, I have
implemented a new trait type, TTraitIndirectNtrl in Figure 3. This indirect trait type
acts as a container for the bitsets, which hold the information about which mutations
an individual has.

As described in the previous subsection, the mutations themselves are stored
centrally. Each mutation is an instance of the class IMutation which knows its own
genetic position, and the new trait prototype class, TProtoIndirect, is responsible for
holding the references to the mutation objects. These are stored in data structures that
can be used for for mapping between bitset positions and the corresponding mutations
and their genetic positions. The references of bitset position to mutation are stored
in an std: :vector. Because there can be multiple mutations that have hit a single
simulated locus (as long as these occur on different individuals), the mapping from
locus to mutation is a hash-map of unordered sets, whose keys are the loci positions
and values the sets of references to mutations.

During a simulation run, some mutations may become fixed in the population,
meaning that all the individuals have them. At this point, storing this information in
every individual would be redundant, and the corresponding bitset position can be
freed for reuse. The information about the fixed mutations can then be stored centrally,
in the prototype. This is done by storing a population level reference sequence, an
std: :vector<bool>, where each boolean indicates whether this position contains a
fixed mutation, and a list of references to fixed mutations.

Likewise bitset positions corresponding to lost mutations — mutations that are no
longer present in any individual — can be reused. The information about these positions
is stored in the prototype, as well as a recycling pool of the mutation objects created
previously for fixed or lost mutations.

The procedures for doing mutation and recombination in the new implementation
are also handled in the prototype, which then updates the individual bitsets accordingly.

Implementation details on the algorithms

Both versions use the GNU Scientific Library (GSL) implementations for drawing
random variables from the binomial and Poisson distributions.

In the new implementation, mutation is restricted in such a way that if the individual
already contains a mutation in the position that is drawn for a new mutation (whether
this old mutation is one that has fixed in the population or not), the new mutation
is simply discarded. If the position for the new mutation is free, however, first the
recycling pool is checked for reusable, previously lost or fixed mutations. If there are
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reusable bitset positions and mutation objects those are used. If not, a new IMutation
instance is created and a new bit is added to the end of the union of all the bitsets in
the population. Finally the mappings are updated accordingly.

Recombination is the most complex and computationally costly part of the new
implementation. I used the clotho [21] source code as a guide for my implementation
where the bitsets are internally represented as vectors of 64-bit blocks. This means that
the masking and classifications can be done for each block separately, which results
in a better memory access pattern as all the operations where a bit block is needed
are close together in the order of operations performed. This means we are likely to
benefit from data locality as these values can be kept either in the processor registers
or top-level caches, reducing lookup times.

In the classification procedure I use an implementation of binary search available
in the C++ standard library (std: :upper_bound [24]).

The benefits of this new memory representation using bitsets is twofold. Because
not every simulated position needs to be held in memory, this will result in a lower
memory usage, especially for simulations where the number of loci being simulated
is large and the mutation rate is low. This would mean that the genomes will have
sizeable swathes devoid of mutations (where they correspond to the population-level
reference genome) which will not be represented in memory. Indeed the memory
taken by this architecture grows as mutations are accumulated in the population, not
in relation to the number of map positions being simulated for the trait. Especially
those cases with relatively few mutations, and thus smaller bitset sizes are also going
to be fast to simulate because we only have to check the mutated positions at the time
of recombination.

The bitset representation can also be beneficial when calculating statistics on the
population as for instance the number of mutations in a genome is just the number of
set bits in the bitset.

3.3 Measurements

To quantify the efficiency of the new implementation, I conducted a few different
sets of measurements. The simulation context chosen for all the measurements is a
Wright—Fisher simulation. In practice, this means neutral mutations (no fitness-effects),
non-overlapping generations, hermaphroditic (self-fertilising) individuals mating at
random, and a constant population size. This is a fairly standard model for population
genetics studies and it is simple enough that we can see the effects of changing one
parameter value more clearly. It is straightforward to implement in the software and
there are less random fluctuations than in more complex scenarios since the population
size is kept constant. This should enable clearer comparisons between the different
architectures, allowing for more reliable observations of the effect of changing the
internal architecture on the efficiency of the simulation.

The main set of measurements were conducted on the high-performance computing
(HPC) supercomputer Puhti of the Finnish IT Center for Science (CSC). Running
simulations and measurements on Puhti allows for testing a larger range of simulation
parameters as some of the larger simulations would be infeasible on even a good home
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computer due to the memory requirements. Puhti consists of 682 nodes, where each
node has two Intel Xeon Gold 6230 CPUs with 20 cores. Each core runs at 2.1 GHz
frequency, but for the memory there are a few different configurations ranging from
192 GiB to 1.5 TiB. Jobs on Puhti are run using the Slurm scheduling system, where
the possible nodes have a maximum of either 373 GiB or 1496 GiB memory available.
[19]

Slurm collects accounting data about jobs submitted to the system, so we can
use those data to monitor resource usage. I have access to sampling data on the
memory usage of the jobs as well as the total times each job took to run. Since these
simulations run for thousands of generations and the memory requirements do not
change erratically throughout a simulation run, the sampling-based data collection
yields reliable results. For the shortest simulations the sampling frequency can be
increased not to miss the peak memory usage. The underlying linux utility used to
gather information is procfs. [18]

The version of Nemo that was used for the measurements was compiled using
cmake version 3.26.5 with g++ version 11.3.0, using the most aggressive optimisation
level -03 and additional options -funroll-loops -g.

The simulation space that was explored for this project is four-dimensional. I am
testing multiple values for population size (number of individuals ) and number of
loci [ simulated for each individual as well as different values for mutation rate y and
recombination rate r. The parameter combinations come from the Cartesian product
of these sets:

Let N = set of population sizes = {103, 104, 10° , 106},
L = set of loci numbers = {104, 10°, 108, 107},
M = set of mutation rates = {10_8, 1077,107°, 10_5},
R = set of recombination rates ={107%,1077,107°}.

The full space covered by this is N X L X M X R, which given the sets above would
give us a total of 192 datapoints. However, some of the largest simulations (with
the highest numbers of individuals and loci) were not run, as the trends were clear
already based on the smaller simulations. Table 1 presents the simulation sizes in
terms of total loci in the simulation. The greyed out sizes are simulations for which
measurements were not collected.

All in all, simulations were run for 120 different parameter combinations. All
the simulations were set to run for 10 000 generations, which is a fairly standard
burn-in simulation length for population genetics studies. This means that we expect
the population to have reached a steady state, where the rate of incoming mutations
is balanced by those being lost randomly (through genetic drift). For the bitset
representation we expect the bitset sizes to have more or less stopped growing,
meaning the program has reached its peak memory usage.

Table 2 presents estimates for memory usage and runtime of the original im-
plementation extrapolated from some preliminary, shorter simulation runs. In this
implementation the rough scale of the memory requirements can be estimated based on
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number of
individuals

Table 1: Number of total simulated loci, equivalent values found on the upwards
slanted diagonals. Runs corresponding to grayed-out cells were not measured.
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Table 2: Estimates for classes of resource requirements (old implementation)

the total number of loci being simulated (2n!). This is because every locus is explicitly
stored in memory, meaning also that memory use is rather constant throughout a
simulation run.

The situation with the new trait architecture that I have implemented is more
complex, as the memory use increases throughout the simulation as more mutations
are accumulated in the population (and in the bitsets). This can be seen in Figure
4 which shows the growth of the bitset size, this being the main determining factor
for total memory use. However, the user has some level of control over this increase
as the bits corresponding to mutations that have become lost from, or fixed in the
population can be reused to keep track of new mutations (see Section 3.2 for details).
This requires a check for, and freeing of these bit positions, a procedure which I will
refer to as compacting the bitsets. This is done periodically throughout the simulation
and the user has complete control over when this is performed.

Compacting does have its own computational overhead, but it is not very significant.
All the measurements were conducted with the same compacting interval, which I
selected based on a few simulation runs that I did comparing memory requirements
and runtimes for different compacting intervals. These measurements are plotted in
Figure 5. The interval chosen for the measurements was 2 as this should result in a low
memory usage while being close to optimal in terms of the time-overhead incurred.

From the population genetics literature as presented towards the end of Section 2.1
we can get some estimates for the lengths of bitsets for populations that have reached
a mutation-drift balance. If we think of each simulated locus as a longer stretch of
DNA which can exhibit many different alleles, the bitsets just store all the segregating
sites for each of these stretches. This means that we can expect the bitset sizes to be
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Figure 4: The growth of bitset sizes as the simulation progresses.

Parameters: n = 10*,/ = 10%, 1 = 1075, » = 107>, compaction at every 10 generations.
The main takeaway here is the shape of the curve — that bitset length seems to approach
an equilibrium value.

roughly the number of simulated loci times the number of segregating sites in the
population per locus from equation (4), so [ - E(K;y). For this to hold exactly the
bitsets would have to be "minimal" and hold no empty positions corresponding to lost
or fixed mutations. This is of course not the case (and not even desirable) as we have a
buffer of reusable bit positions in the bitsets, but the size of this buffer can be kept
small with frequent compacting.

For the parameter space being explored in this project, the estimates range from
approximately 3 bit positions to over 6 million positions per bitset. These numbers
would have to be multiplied by 27 to get the total number of bits in the simulation.

I have implemented a way of outputting maximum and minimum bitset sizes at
compaction-time, but this operation has its own (slight) overhead, so I did not include
it in the main measurement set. Thus I do not have that data for most parameter
combinations, but for the few data points I do have, the difference between the
maximum and minimum is small and the estimate does give us numbers with the same
order of magnitude as the observed sizes.
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Table 3: The parameter sets and maximum RSS for runs which did not complete
within a week — similar requirements for all values of r

4 Results

The measurement data collected shows some clear differences in the memory require-
ments and runtimes of simulations run under the original neutral traits architecture and
the new indirect traits version. An overview for all the different parameter combinations
for which the data were collected can be seen in Figure 6, which shows the maximum
resident set size (RSS — that is, the main memory required to run the simulation) and
the runtime of the simulations. In this and all the consequent pairwise plots, the data
for the original neutral traits implementation is on the left, and the new indirect traits
architecture on the right.

Note that some parameter combinations for the indirect trait architecture are
missing in these data, but in Figure 6b, an estimate of the direction of the requirements
is given based on incomplete simulation runs. Those simulation runs did not finish
due to either taking too much memory or too long to complete. Runs which took over
373 gb memory — more than is available on a single standard CSC computing node,
were terminated prematurely, meaning I do not have those final measurement values.
Runs that required over seven days to run were similarly discarded. The missing data
correspond to the largest simulations with the highest mutation rates. Simulations with
u= 1073, n = 10°, I = 10%, all recombination rates, would have taken over 373 GB
and so are missing. Three sets of simulations hit the one-week time-limit, and those
are outlined in Table 3. The memory requirements among different recombination
rates within these sets do not vary much.

Unless this is accounted for, the overview in Figure 6a would tell a different
story. As it is, we can see some trends in the figure of how the growths of memory
requirements and runtime relate to each other, but in the full picture, the largest
simulations with the indirect architecture are drastically more intensive to run as
indicated in Figure 6b. By comparison, these same runs using the original architecture
took under 40 GB and finished in less than 24 hours. However, for smaller runs, and
for simulations with a low mutation rate, the indirect architecture achieves a smaller
resource requirement, which I will now elaborate on. Let us begin by examining
memory, and then shift over to runtime.

4.1 Memory

For the original implementation, we see in Figure 6a that the data points cluster by
total number of loci (colour). This can also be observed in the plots showing memory
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Figure 6: Plot of the relationship between the time- and memory usage under the two
architectures. The data covers all the values for n and r used.

30



version = old version = new

o e
10°
°
® -
= ° e
S 100 log(mu)
> e -8.0
g o e e 70
o o e .60
® 0
° ® 50
102 J
[ J
108 107 1010 108 107 1010
Total loci 2nl Total loci 2nl
(a) Memory requirement as a function of total loci simulated
version = old version = new
® ° ° °
[ ) ® °
10*
o ° ° ° °
— e e o
i@ 100 . log(total_loci/2)
> ° ° ° ° e e ¢ 7.0
2 T U T . ° 80
S 10! T o e 90
e ° ° ®
° ® 100
1072
() (]
1078 1077 10-6 10-° 10°8 1077 10-6 10-°
Mutation rate Mutation rate p

(b) Memory requirement as a function of mutation rate

Figure 7: Memory usage relationships to simulation parameters

usage in Figure 7, based on which we can conclude that the one factor which explains
memory usage is the total number of loci being simulated (2n/). This is apparent in
Figure 7a. This is exactly as we would expect, since all these positions are represented
in memory directly, as explained in Sections 3.1 and 3.2. In the consequent Figure 7b,
it can be observed that the mutation rate does not play a major part in the memory
requirements of the original implementation, but instead those data points segregate
into bands according to the total loci.

For the indirect traits case, however, we can observe in Figure 6a that there seems
to be a grouping according to the mutation rate mu (marker type). This can also be
seen in Figure 7b, where we see that the mutation rate does seem to somewhat explain
the memory use, especially within the groupings by total loci (the data points of the
same colour show an upwards trend). In Figure 7a we also notice a clear upwards
trend in the indirect traits case meaning that the total number of loci does contribute
to explaining memory requirements, but as there is still quite a spread within those
vertical bands of points, so there may be something more to the situation.

In Figure 8 we see that for both implementations the memory requirements grow
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with number of individuals and loci. In the new version we also see how the mutation
rate makes a difference. Moving down the panels, as the number of individuals
increases by an order of magnitude, the memory requirements take a similar leap (note
the logarithmic axes). The lines look for the most part to have a slope of roughly
one, which would mean that increasing the number of loci is expected to affect the
memory requirements linearly. Furthermore, we see clearly that the recombination
rate has no effect on memory requirements as the lines of different styles overlap nearly
completely.

Thinking about the internals of the algorithms in this case, certainly for the number
of individuals it stands to reason that this should be so. This number is directly the
number of bitsets that are stored during the simulation. As for the number of loci — it,
together with the number of individuals and mutation rate determines the growth rate
of the bitsets as these parameters determine the number of new mutations coming into
the population every generation. We can indeed see in Figure 8 that higher mutation
rates do correspond to higher memory requirements for the indirect case as shown
by the line colours. The number of new mutations seen does not directly translate to
growing memory usage, though, as unused bits are reused via the compacting process.
The metric visualised here is the maximum memory required, which is mainly affected
by how large of a buffer we need to keep in order to be able to store all the mutations
coming into and spreading throughout the population each generation. From that point
of view, it is logical that the size of the buffer is directly related to how many new
mutations we need to have space for each new generation.

Now comparing the two implementations, there is a wider range of memory
requirements that the indirect version covers. This is a result of these requirements
being determined by three parameters u,n,l in contrast to two for the original
implementation (n, /). This also means that for certain parameter combinations, the
indirect version does provide a noticeably more efficient simulation. This is the case
for low mutation rates (lighter coloured lines) and simulations with fewer individuals
(upper panels). As a drawback, for other cases, the indirect simulation is much less
efficient. This happens when there are a lot of mutations coming into the population
in every generation (so when simulating a large population, with a large number of
map positions and a high mutation rate). Some of these requirements are known to be
outside the area covered by the plots in Figure 8.

32



n = 1000 — version = old n = 1000 — version = new

s _
e .

Memory (GB)

fury

b
)
X

n = 10000 — version = old n = 10000 — version = new

10 /

m

&D, 100 /

> . :
[e]

s /
L2

=

101 :
s log(mu)
10 -8.0
— 7.0
. . — -6.0
n = 100000 — version = old n = 100000 — version = new 50
w | rec
10t / T —0— 1e-08
L -8- 1e-07
a u L] ol 1e-06
8 100 /
b i
g
o 107!
=
1072
n = 1000000 — version = old n = 1000000 — version = new
10!
)
CIRUL
o
g
o 10-!
2 0
102
10* 10° 106 107 10* 10° 106 107
Loci [ Loci [

Figure 8: Memory requirements plotted as a function of simulated loci. Data are
grouped according to mutation rate (line colour) and number of individuals (panels).
Note that a few measurement points are missing for the indirect version.
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4.2 Time

Data collected for the runtimes of these simulations are presented in Figure 9. We
see that the trends visible in these plots are essentially all the same as for the memory
requirements plots. Total number of loci determines runtime for the original neutral
traits, and is a major factor for the new indirect architecture also (Figure 9a). The
mutation rate does not seem to affect runtime for the original implementation, but it
does correlate with runtime for the indirect architecture (Figure 9b), especially within
the groupings by total number of loci (points of the same colour).

In Figure 10 I present an examination of the effects of different mutation rates,
numbers of individuals and numbers of loci on the runtime, similar to that on memory
in Figure 8. In comparison to the memory requirements, here the differences exhibited
by the simulations with different mutation rates are even clearer. Once again, we
observe that the recombination rate has no significant effect on the results.

Comparing Figures 8 and 10 we notice that the memory lines exhibit very similar
trends to the runtime as seen, for example, in the middle two panels, with the slower
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Figure 9: Runtime relationships to simulation parameters

34



n = 1000 — version = old n = 1000 — version = new

102
10!
=
o 100
E
l_
1071
1072
n = 10000 — version = old n = 10000 — version = new
102
’ / . VV
— x
\-E’ 100 L3 5 1) //:.‘=
2 / / p
= - & .
1071 -/
log(mu)
10—2 -8.0
— 7.0
. . — -6.0
n = 100000 — version = old n = 100000 — version = new 5.0
102 : . rec
—0— 1e-08
10! 2 & -#- 1e-07
_ _/;;;)! el 1e-06
= L 1 >
o 100 =
E
l_
107!
102
n = 1000000 — version = old n = 1000000 — version = new
102
0
=
o 100
E
'_
107!
1072
10* 10° 10° 107 10* 10° 109 107
Loci [ Loci [
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increase for u = 107® and for segments with lower numbers of loci (between 10* and
10°). This is expected, because memory use in the algorithms is mainly determined
by the lengths of bitsets and longer bitsets mean more operations to perform for each
recombination (Section 3.1), thus providing a basis for the direct link between memory
use and runtime observed here.

This link allows us to relate the time complexity of the simulations to their
parameters. In the following, assume the simulation is in a steady state, meaning
the bitsets have grown to the size they need to be to handle the influx of mutations.
Each mutation takes a constant number of operations, and it is performed on average
E(Bin(u, 21)) = 2lu times for each of the n individuals, so this is an O (nlu) operation
per generation.

As we have discussed, recombination is a more complex operation. For each
individual, for each block in its longer bitset this incurs a constant number of operations.
On top of that there is a constant number of operations plus a binary search on the set
of crossovers, both performed as many times as there are differing positions on the
two bitsets. We can use here the estimate for the length of the bitsets seen at the end
of Section 3.3. Similarly we have an estimate for the number of differing positions
as [ - E(K3) using equation (3). The expected number of crossovers is /r and binary
search is an O (log,(x)) operation. Combining these, the whole runtime estimate for
recombination is

. lE6(—4K2n) +nl - E(Ky) - (1+1log,(Ir))

[-2nu(21n(2 1.355076
=n- np(2 In( 6’24- ) +nl - 4nu(l +log,(Ir)).

Discarding constants and lower-order terms gives us the O-complexity

O (n*1u(In(n) +log,(Ir))). (5)

Note that for some parameter combinations /r < 1 in which case the last term would
become negative but in those simulations the binary search does not contribute in any
major way to the runtime. Consider also that though there may be a constant number
of operations associated with the terms in this expression, some of these are binary
operations on 64 bit values (those corresponding to the first term) where others may
involve memory lookups, so this estimate does have its limitations.

In Figure 11 we can observe that the lines showing runtime as a function of
number of individuals have a slope greater than one and closer to two, which given
the logarithmic axes would indicate a quadratic relationship. This is very much in line
with the theoretical expectation of O (n? In(n)) complexity.

Table 4 shows a breakdown of the runtime of the indirect representation into
some of the times (and portions) taken by the algorithms in the simulation. Note
that classification is a step within recombination, so those times are portions of the
time spent doing recombination. They were collected in two ways. For u = 107°,
I ran (locally, on a laptop) different versions of the simulation code, each of which
had some section of the code replaced with a dummy implementation, and compared
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u r n 1 | ful recombination  classification
1078 1078 10* 10* | 2405 (100 %) 42 s (18 %) 2's (1 %)
107 10 10* 10*| 5665 (100 %) 351s(62%) 221 s (39 %)
107> 1078 10* 10% | 4200 s (100 %) 3840s (91 %) 2316 (55 %)

Table 4: Some runtime-breakdown values. Here recombination is a part of the full
runtime, and classification is a part of recombination.

those to the full, unaltered version. For the rows with u = 1078 and u= 1075, I ran
the simulations on a node on the CSC cluster, using Intel Vtune Profiler to collect
sampling data about where the time was spent. We can see that irrespective of the
collection method, when looking at the percentages, the results tell a similar story,
yielding confidence to the results.

The largest chunk of time is spent in performing recombination even at low
recombination rates. This was further examined by running Intel Vtune Profiler to
get sampling info on a more fine-grained level. We see that the breakdown of time
usage changes completely with a higher mutation rate. This goes to explain previous
results (Figures 10 and 11) which showed that increasing the mutation rate increases
runtime drastically. These sampling results indicate that the cost of recombination
starts dominating the runtime. In the sampling data I noticed that up to about 48
% of the runtime is being spent in the inner loop of the inner function doing binary
searches to determine which homologous chromosome the mutations reside on. This
is a sub-step of the 55 % spent in classification. In the u = 1073 case, everything else
except for recombination takes about 9 % of the total runtime. This includes drawing
the mutations with the related bookkeeping, compacting bitsets and the set-up code for
the simulation. Indeed the time spent doing the mutation is roughly the same whether
the mutation rate is 1078 (103 s) or 107> (132 s) and most of this time is spent in
random number generation (implemented using GSL).
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5 Discussion

Based on our measurement results presented in the last section, we can start to build a
more fleshed-out understanding of the new architecture. The older, somewhat more
straightforward way of keeping track of the genetics is very consistent in its resource
requirements, whereas the new implementation has more variability, as it, contrary to
the classic implementation, is affected by the mutation rate in the simulation.

On the level of the algorithms, this seems to be mainly a question about bitset
lengths. Of the algorithms, recombination is the one which takes the most time
and increasingly so for longer bitsets. The longer the bitsets, the more positions the
algorithm needs to classify and the longer it takes. However, the bitset lengths are
dynamic, and they grow as the population accumulates more mutations that need to
be kept track of. In the simulation scenario used for this project, the length grows
predictably as a function of the number of simulated positions (across the whole
population) and the mutation rate.

That said, one question of possible future interest would be the behaviour of the
bitsets, both in terms of length as well as density, and this across the entire bitset. This
would give an idea of how the bitsets behave as the simulation progresses. It should be
a fairly straightforward task to measure those statistics for the bitsets, something which
I did, in fact, partially implement, but only at a point where most of the measurements
of memory and runtime where already in, and thus those statistics were largely not
dealt with in this project. There is also a slight overhead which would have affected
the other measurements. The relationship has been partly explored from a theoretical
perspective in this work (equation 5) for the simple simulation scenario employed.
But it may be more interesting when running some other types of simulations (with
more variable behaviour of individuals, for instance) and could be examined in more
detail. Bitsets where the differing positions are clustered close to each other would
be expected to be more efficient as we do not have to bit-walk blocks containing no
differences.

It may be that some optimisations could be possible for the Wright—Fisher model
used in this work. For example, since every individual goes through recombination
and reproduces every generation, the compaction step could be incorporated into this
instead of doing it separately. However, to facilitate future usage, I have attempted to
keep the implementation such that it does not force a certain model, but could be used
for other scenarios as well.

The model used here is a rather simple one, but as a result it is one that is suitable
for large simulations. Since this simulation scenario only incorporates mutation
and recombination, the costs of performing those are inevitably those which the
measurements reflect. Thus we cannot know for sure how this implementation would
fare if, for instance, there were fitness-effects of mutations to be tracked and computed.
Even so, recombination is expected to be the most costly part of these simulations, no
matter whether on the old or new implementation, so taking that into account, it is a
sensible choice to take the measurements in a context where that is pivotal.

The key idea in the new implementation is to use indirection and store mutations
in a shared data structure in order to avoid storing duplicate mutations and thus reduce
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memory requirements. Unlike time, memory is a resource for which there are hard
limits, so any improvements are directly reflected in the simulations which it is possible
to run. In principle a good idea, but the reality is a bit more complex. Even though
using a single bit per mutation may seem like the minimal overhead, on the level of
individuals this is not realised. In reality there will be portions of each individual’s
bitsets that are filled with zeroes. This is because mutations are stored centrally, the
bitset addressing scheme is universal for the whole population, and individuals only
have a subset of all the mutations present. Thus for simulation scenarios where there
are a large number of mutations in total, but only a few per individual, the bitsets will
be very sparse, resulting in suboptimal memory use. In this way, the memory needed
per individual is determined by how many mutations are present globally. However, if
the bitsets do stay dense the trade-off may be worth it, though the cost of this approach
comes in the higher overhead of translating between mutation references and their
genetic loci.

In the original clotho implementation [21], they use references to bitsets within
each individual, but even so whenever there is a mutation or a recombination round
which creates a unique bitset, a new bitset is required. This behaviour should be
feasible to implement and could be worth testing in the future. Even though it would
likely result in more dynamic memory handling due to the creation of new objects
(as opposed to currently resizing), with certain parameter combinations the memory
savings may be worth it.

Another way to approach the problem using indirection might be to allocate each
new mutation a new unique id, or perhaps just to use memory addresses. This would
save space by requiring memory only for those mutations an individual has, but doing
recombination would become costly. And since recombination is the most costly
operation here in general, this may not be a worthwhile solution. Also, especially
when thinking of diallelic mutations, the space taken by a memory address is rather a
lot, since if we are simulating a fixed number of positions, each position should only
need one bit in memory. But if simulating many positions, resulting in very sparsely
found mutations, say, much less than one mutation per 64 positions, the memory
address-approach may be worthwhile in terms of memory required. Of course this
approach would be endlessly customisable and the overhead may become acceptable
in the case of some other, more complex types of mutations such as microsatellites or
polymorphic sites with more than two variants.

In summary, this is a problem for which there is no known solution that would be
optimal in every way. It is a question of balancing between minimal memory use and
on the other hand keeping things quick and easy for the simulation steps, especially
recombination.

One new feature in the new implementation is the ability to distinguish between
two mutations in the population that have hit the same locus. This was impossible
previously as all mutations that hit the same locus were equivalent across all individuals
from the data structures point of view. In the new implementation each new mutation
is unique, so it is possible to tell apart two mutations that have hit the same locus on
different individuals. A caveat that should be mentioned is that if an incoming mutation
attempts to hit either a locus at which the population contains a fixed mutation, or a
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locus at which the currently mutating individual has already mutated, the mutation
will be rejected.

Some Limitations

The first, obvious limiting factor was the fact that the implementation has to work
within the existing software. This means no complete overhaul of the way mutations
are mapped onto their positions on the chromosomes, for instance, as this should be
handled via the shared genetic map. However, for this project, as it is keeping closely to
the clotho-approach, this posed no major challenges as it is just a way of implementing
the internal bookkeeping within a trait and does not affect other traits. That said,
it may have limited the avenues that could be explored with respect to optimising
the procedures, for example related to how crossovers are handled. As the crossover
positions are drawn at each generation and have to be shared between (potentially)
multiple traits, this precludes the possibility of pre-computing these positions at the
beginning of the simulation and optimising the bitset addressing based on these, for
instance.

The choice to do most measurements remotely on a supercomputer has many
upsides. It allows measurements over a wider range of values because we are able to
customise the main memory allocations to a high degree. It is also convenient, because
measurements can be run as batch jobs and results fetched once the runs are finished.
It is realistic, because this is in many universities the way these studies are done, and
anyway since the research community is adopting the computing power as a service
—mindset, you can often buy cloud computing time for such simulations. Still, running
simulations in the cloud has some drawbacks as well. It is not quite as close to home
for someone looking to run the software on their own laptop, even if the scenarios
tested do cover those cases quite well. The supercomputer is also somewhat of an
opaque platform, and access to some hardware-related tools or statistics is limited by
what the service provider has decided to allow. This meant for instance that some of
the more fine-grained profiling routines that would make use of the hardware counters
were blocked. All things considered, it was nonetheless a useful experience of cloud
computing in practice. I would also add that through it I gained an appreciation for the
complexity of measuring software performance exactly.

The degree to which parallelism was explored on the level of constructing the
algorithms was quite elementary. There are some reasons for this, though. With
these kinds of simulations and the studies they are used for it is very common to run
replicates of the same simulation. A trivial parallelisation is of course to run these
replicates on different CPU-cores. On a cluster this can be achieved just by starting the
replicates as separate batch jobs, as was done for the different measurement simulations
in this work. Thus actually making a single simulation run effectively on multiple
cores is not going to optimise the whole process which requires multiple simulation
runs. Parallelising the algorithms in this project is also difficult, because parts of the
implementation rely on one shared source of information as a way to save on memory
requirements. That source needs to be queried/updated when things change and trying
to do this in parallel could result in inconsistencies, such as multiple mutations being
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mapped to the same positions in the bitset.

Future directions

I mentioned previously potentially gathering data on the lengths and densities of
bitsets. Based on this, the algorithm for allocating new positions could perhaps be
improved.

In the clotho paper [21], they propose that there could be an ordering within
bit blocks and this could be beneficial when classifying mutations. This could be
something worth thinking about, but keeping in mind that this approach would present
an additional overhead when allocating bit positions.

Another possible improvement would be to contrast the different implementations at
different points of a typical simulation workflow. In this project only the so-called burn-
in phase of a simulation was examined, and after that is when the actual simulations
would start, the ones whose results are of interest. The resource requirements for
simulations are expected to be more constant after the genetics have had a chance to
stabilise during the burn-in, but this should be verified. Some kind of a sensitivity
analysis could also be of interest, where the genetics being simulated is perturbed
somehow either by changing the population or the parameters and the effects on the
resource use are recorded.

Another aspect that started to become clearer only towards the end of the mea-
surements is the breakdown of runtime. A crucial observation about this once the
data did come in was how drastically the breakdown changes for different simulation
parameter combinations. It may be fruitful to investigate this in more detail as the data
exist only for a few points even though the tentative relationship seems fairly clear-cut.
It could be verified that cost of recombination does indeed become dominating in all
cases when bitset length increases, as this is also affected by the distribution of the set
bits within the bitsets. The entire situation may change if running completely different
simulation models, however, and that would be useful information. For instance, the
model used here assumed a panmictic population (all individuals breeding randomly)
but if there were subpopulations that were more isolated from each other the structure
of the bitsets may change and this could affect the cost of recombination.

One major reason for these observations taking so long is the fact that it is not a
completely straightforward task to get accurate time breakdowns. This is for a large
part a reflection of the way C++ works. As lines of code pass through the compiler, it
does its own optimisations before outputting the final assembly language version, i.e.
the program that is actually run by the processor. Thus the relationship between lines
of code written by the programmer and the segments executed by the CPU can be
somewhat convoluted, making it difficult to move from one to the other. This presents
an obstacle to obtaining accurate profiling information and runtime breakdowns. There
are ways around this, some of which were indeed used in this project to get an idea of
where time was spent. But due to the process being slower and more involved, not many
measurements were collected and these measurements had to be conducted separately.
It would be useful to put some work into integrating these kinds of measurements
more tightly into the benchmarking. This would likely involve writing some routines
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for collecting information about hardware events initiated by certain code segments.
These could be used to get more fine-grained runtimes and memory usages as well
as efficiency metrics such as instructions per clock cycle (IPC) and to tell us about
potentially costly behaviour such as cache misses and main memory lookups. This
information could be used to optimise the algorithms and data structures. However,
using hardware counters would likely present its own extra overhead.

In general, development of more methodical and possibly automatable procedures
for testing and benchmarking Nemo would be an important step in refining the software
further. This should start at the level of planning.

For the benchmarks, with establishing some metrics that allow for comparing
different implementations under varied simulation scenarios and that tell us something
useful about the efficiency of the implementation. The two used in this work,
total running time and maximum memory required, are a useful starting point but
eventually, rather superficial information which does not give us details about the
resource utilisation of the implementation or where the improvements may be found.
Something like IPC values could be used to examine if the program is stuck waiting
for high latency operations to complete. I mentioned some metrics above with relation
to time breakdowns, but indeed these are things that should be made easily measurable
for all current and future implementations in order to mark out targets for optimisation.

For testing, the starting point would be to define the expected behaviour of the
program under some controlled scenarios, so that automated test cases for these could
be implemented. Currently, the way to test the program is to run simulations for
which the literature can be used to derive some expected statistics and to verify the
"empirical" values given by the simulation. Even this approach could be automated.

Down a different vein, a follow-up on this project could take a look at how this
bitset-based recording of mutations may be useful when calculating statistics of interest
to population geneticists. Especially with cases where we want to know something
like the number of mutations an individual is carrying, this info is easily readable from
the bitset.

Another prevalent simulator software for FTPGS is SLiM [8]. That implementation,
contrary to Nemo, is based much more on keeping track of mutations that percolate
through the population. In the manual [7] we find an explanation about a concept
of mutation runs which bears some resemblance to the ideas of the clotho approach
in that it also groups mutations in blocks. However, it differs in that the grouping is
done by the genomic location of the mutations. This allows their recombination to be
optimised so that only mutations within a block that is hit by a crossover need to be
examined, other blocks can be copied over directly. It may be worthwhile to dig into
the details of their implementation if there are some ideas that would be useful also in
the context of Nemo.
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6 Conclusions

Now we can attempt to sketch out some outlines of the bigger picture underlying all
these algorithms, measurements and results. We can assess the practical ramifications
of the findings presented in this report and provide some guidelines as to how they
can inform future projects as well as different use-cases for the software in question.

Despite being a technically more advanced way of handling mutations, the new
implementation is not always better than the old straightforward approach. The spread
of the runtimes and memory usage of the new implementation covers a larger swath,
meaning that the higher requirements of some parameter combinations exceed those
of the old implementation, but it also means that for parameter combinations with
lower requirements it is possible to run simulations with considerably less time and
memory. It can even be extrapolated that for specific corners of the parameter space
(lower values of n and relatively low u), the implementation explored here does enable
the running of simulations that are infeasible with the old version due to the memory
required, though these simulations are likely to take a considerably longer time. The
old version is somewhat more consistent and its requirements easier to predict, but the
cost of the consistency comes as higher overhead in some situations. In this work we
have seen how it is possible to also predict requirements for the new implementation,
but these are derived specifically for the simulation scenario examined here. As the
resources needed are dependent on the number of mutations that need to be accounted
for, this is expected to vary between scenarios. The major factors underlying these
dynamics are the greater computational complexity of the new implementation and
the fact that there is essentially one more simulation parameter which controls the
resources needed.

At this point it may be fruitful to take a look back at the research questions outlined
in Section 1 and consider to what degree the project has been a success. With regards
to a more efficient way of running simulations, the results are a mixed bag, as discussed
in the previous paragraph, but in some scenarios the measurements presented here
indicate a clear improvement and those areas of the parameter space are relevant for
applications. However, we ought to be aware that the testing procedure here covered
only a very narrow scope of different kinds of simulation scenarios, and thus the
assessments that can be made are likewise narrowly applicable. In that sense, we may
regard the original goal as somewhat too general. But this realisation is in itself an
indication of an increased awareness of the intricacies of the problems explored in this
work, something which I would certainly consider a success. In terms of quantifying
the requirements of the memory representation being examined, I would say this
project has indeed explored those to a sufficient degree — for the simulation scenario
chosen — and the results paint an accurate picture of the performance of this approach.

The question of scalability emerges as one of great interest. Indeed itis a perspective
underlined in the original clotho paper. However, the results from testing presented
therein are, in some respects, rather more limited than those obtained in this project.
This may well be due to limitations in the computational capacity (hardware) at their
disposal which also arise simply due to developments in this arena since the publication
of that paper over a decade ago. Nevertheless, a general point can be made here about
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the importance of conducting testing at multiple scales, encompassing enough of the
space occupied by potential use cases. If I had tested the new implementation only on
small-scale simulations, the results and conclusions may have looked very different
indeed. Now, since I had the opportunity to test also large-scale simulations a much
more comprehensive picture emerges and the reliability of the results is on a different
level.

Let us finish off with a few words about practical considerations and recommenda-
tions. Throughout this project we have seen that in the new implementation the factors
determining memory use and runtime are the number of individuals, simulated loci
and mutation rate. Of these, the number of individuals has the greatest effect. Thus
this new architecture performs best, and can indeed do better than the fixed-length
representation, in simulation scenarios where there are fairly few individuals and a
low mutation rate. The ranges we are talking about are around 10 000 — 100 000
individuals and mutation rates of 1073 — 10~7. Naturally, it depends on the organism
and population system under study, but for many natural populations, these are the
relevant sizes.
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