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Abstract. Genetic improvement (GI) for source code uses evolutionary
methods to improve either the functional or non-functional elements of
existing software. We consider GI for performance improvement, which
has notably different requirements to traditional bug-fixing applications
of GI: in performance improvement we mix together genetic program-
ming (synthesis of new material) with genetic improvement, and the
extent to which the genotype and phenotype landscapes are aligned
(together with the mutation grammar) determines the success of a GI
search. Because GI process are inherently complex and have a wide range
of tunable parameters, gaining a clear understanding of which GI mech-
anisms lead to which outcomes is of crucial importance in identifying
successful GI mechanisms for a given problem type. We introduce a
PCA-based landscape analysis method to gain a detailed understand-
ing of what happens during a GI execution, both at the level of genetic
individuals and of entire experiments under various configurations.

Keywords: Genetic Improvement · Fitness Landscapes · Performance
Optimisation.

1 Introduction

Genetic improvement for source code [15] seeks to use evolutionary methods
to enhance either functional or non-functional elements of an existing program.
Common applications include automated bug fixing [9] and performance opti-
misation [8]. In this paper we focus on GI for performance optimisation, which
has a very different problem formulation to that of bug fixing. In GI for perfor-
mance optimisation of source code, the level of connection between the genotype
landscape and the phenotype landscape – together with with the specific fitness
function that is chosen – generally determines the success of a GI search. GI for
performance optimisation requires a mixed approach between genetic improve-
ment and genetic programming, where new genetic material can be synthesised
in order to help control the trajectory of the search over the fitness landscape,
along with the re-use and adaptation of existing genetic material.
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The way in which GI processes really work in this problem domain remains
relatively poorly understood. While fitness landscape [14] is a fundamental con-
cept in GI, a simple genotype-phenotype fitness function is unable to reveal the
fine details of the evolutionary process or the search space. There have been
proposals to augment fitness with additional information such as the presence
of synergy and antagonism in a GI for an energy efficiency scenario [1], us-
ing landscape basin depths over autocorrelation of the fitness values of random
walks for characterising difficulty [6], introducing dual, functional (number of test
cases passed) and non-functional (execution time) landscape [4], or use visual
analysis to capture novelty and quality-diversity aspects of search [16]. All these
approaches are tailored to a specific scenario and its requirements. In our experi-
ence monitoring additional parameters can add further levels of complexity while
the meaningful information remains hidden or gets even more obfuscated. We
propose a well known generic statistical method, Principal Component Analysis
(PCA), that has been applied successfully in many other fields [5], for reduc-
ing the complexity of high-dimensional data and extracting the attributes that
carry the characteristic information. In this paper we report on a study to reveal
the effects of evolutionary mechanisms on observed attributes of individuals and
populations and the degree to which these indicators are sensitive or indifferent
to experimental conditions. We then use landscape projections on top of our
PCA data to situate those correlations within different elements of a GI process,
such as the individuals present in the first and last generations.

We show the effects of this method when applied to GI for performance
improvement of two different applications: a hash table and a cache. We demon-
strate both the effects on individuals of a GI run, and the effects across different
GI configurations when observed at the whole-experiment level across many dif-
ferent experiments. Our results demonstrate that our PCA landscape projection
method accurately captures and visualises multiple dimensions of metrics and
their distribution across a two-dimensional space.

2 Methodology

We use a genetic improvement (GI) framework which is designed to enhance
the performance of an isolated software component, such as a hash table or a
cache. We use selected sequences of function calls into those components and
attempt to find performance-enhanced versions which are faster at dealing with
those particular call sequences by specialising elements of their implementations
(while also maintaining functional correctness). In each case we narrow the search
to improving one or two hand-selected functions of those components (such as
the hash function of a hash table, or the eviction policy of a cache).

Our GI system operates on the source code itself in alternate rounds of mu-
tation and crossover, allowing us to separate out the effects of each modification
type: after one generation we apply mutations and selection, then for the next
generation we apply crossover and selection, then back to mutation, and so on.
Our mutation grammar includes the synthesis of new lines of code (such as vari-
able declarations, conditional branching, and assignments), plus mutations or
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deletions of existing lines of code in a way that is designed to always result
in syntactically and semantically correct individuals. Our crossover strategy is
one-way single-point horizontal gene transfer, where we inject one line of code
from one individual into a randomly-chosen semantically-valid point in another
individual; if that chosen line is a scope header (such as a loop header) then the
attached scope is also injected in the crossover.

For the context of this paper we apply our GI framework to two application
domains: a hash table and a cache. For the hash table, the GI system attempts
to find a (source code for a) hash function which distributes keys across hash
buckets in such a way that retrieval speed is maximised for a particular sequence
of put and get calls: this may either be by maximising the uniformity of the
distribution to the set of keys given, or by skewing that distribution towards the
request frequency of each key. For the cache, the GI system attempts to find an
eviction policy which minimises cache misses for a given request sequence; this
is achieved by boiling down the cache policy to two functions; considering an
ordered list of cache items where we always evict from one end: (1) a function
where to place an item on initial insertion into the cache, and (2) a function
where to move an item to when it is accessed.

Based on prior research on classifying individuals by selected phenotypic
features, hence the notion of species and speciation plays a pivotal role in our
model as introduced in [13]. We can distinguish two ways of performance im-
provement: (i) better, more efficient realisation of an algorithm and (ii) algorith-
mically (semantically) different solution to the problem. Results showed that
semantic changes not only introduce better improvement than text rewritings
but overall, they are essential to maintain diversity and utility in the popula-
tion [12]. Our definition of species is a group of programs (source code) that are
semantically equivalent, realise the exact same algorithm. Capturing the seman-
tic equivalence is not trivial and application dependent. We devised the species
metrics for hash algorithms as the Kullback-Leibler divergence [7] on the hash
layout for a known training set, and for cache algorithms, as the miss ratio. The
concept of species is used in this study but not in scope of the present paper.

2.1 Principal Component Analysis

Principal Component Analysis (PCA) [3] is a well-known statistical method
to reduce the dimensionality of datasets. It does this by suppressing those di-
mensions that are less distinctive, i.e. where variance is small, and establishes
principal components, a linear combination of the initial spanning vectors, to
maximise the distance between data points. The method assumes a data matrix
of n rows of data items (samples) and k columns of variables; each data item
is represented by a vector of these k variables xi = [vi1, vi2, . . . vik]. First, the
data are normalised, i.e. column-wise the displacement of variables from their
mean value are taken and then divided by their (biased) standard deviation,
v′ij =

vij−µj

σj
. This step brings variables of various orders of magnitude to the

same scale. Then there are two pathways: (1) Singular Value Decomposition
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(SVD) [17] on the normalised data, or (2) calculate the k × k correlation ma-
trix of the normalised data and apply Eigenvalue Decomposition (EVD) [17] to
the matrix. In case of SVD the resulted k (right) singular vectors span the new
space whereas in case of EVD, they are the k eigenvectors. These vectors, termed
component or loading vectors, are associated with an explained variance factor,
showing how much the corresponding vector contributed to the total variance.
Since many component vectors contribute negligibly, they can be simply omit-
ted without compromising the accuracy of the data. The resulting space, with
reduced dimensionality, exaggerates the differences and suppresses the similar
features.

2.2 Metrics

Hash example. In this case we observed 6 metrics: execution time (t) as fitness,
the Kullback-Leibler divergence (DKL) as a species indicator, the individual’s
rank within the population (R), the relative fitness compared to the progen-
itor individual (Fr), and the change in fitness (∆f ) and the change in rank
(∆r) with respect to those of the parent individual. Table 1 shows the correla-
tion values between the metrics. t and DKL are direct measurements and are
absolute values for the individual; the others are computed values: R, Fr, ∆f

and ∆r characterise an individual’s position relative to the rest of the popu-
lation, the progenitor individual and its own parent, respectively. Although a
large number of parameters are recorded, this procedure introduces minimal in-
trusion and complexity as DKL is measured outside the timed section and all
relative metrics are calculated off-line in a post-mortem way. These metrics are
meant to capture many details of phylogenetics, i.e. the evolutionary relation-
ship between individuals of successive generations, but at the same time their
number and intricate interplay make it hard to extract meaningful information.
To illustrate the problem, let us consider two individuals in an experiment cap-
tured as: {t = 48342, DKL = 3.36, R = 3, Fr = 0.45,∆f = 0.45,∆r = −9} and
{t = 30678, DKL = 0.23, R = 37, Fr = 0.28, ∆f = 1.13, ∆r = 24}. At first sight,
the latter has better fitness and a very impressive relative fitness, showing over
70% of improvement. It is, however, ranked as 37th out of 50, dropping from 13th
(as opposed to 3rd position of the other one, raised from 12th) and is actually
slower by 13% than its parent. Additionally, in [13] the fitness landscape and the
optimum spots of the species within the landscape were analysed; DKL = 0.23
in the present case suggests that potentially the individual is over the the op-
timum range of the species metrics. Apart from the execution time, based on
the metrics alone, it is hard to compare which individual belongs to a position
higher on the phylogeny or has better potential for further improvement.

Cache example. In the case of cache performance improvement, altogether 12
metrics are captured for each individual: adjusted time (t̂), miss ratio (Pm),
execution time (t), penalty time (tp), put parameter (nput), update parameter
(nupd), cache hits (H), cache misses (M), and the metrics already introduced in
the hash scenario: rank within the population (R), the relative fitness (Fr), the
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t DKL R Fr ∆f ∆r

t 1 0.765 0.456 0.996 0.773 -0.334
DKL 0.765 1 0.511 0.762 0.534 -0.343
R 0.456 0.511 1 0.456 0.346 -0.493
Fr 0.996 0.762 0.456 1 0.778 -0.333
∆f 0.773 0.534 0.346 0.778 1 -0.422
∆r -0.334 -0.343 -0.493 -0.333 -0.422 1

Table 1: The correlation matrix of the metrics in the hash experiments.

change in fitness and rank (∆f , ∆r) from the antecedent generation. From these
t, nput, nupd, H and M are observed and recorded at run-time. nput and nupd are
the parameters computed by the two functions that determine where to place
an item on initial insertion, and where to move it when accessed, respectively,
cf. Sec. 2. These two variables are the output of the code being optimised, hence
they serve as a direct indicator of the status of the procedure. It is ambiva-
lent what metrics could characterise the performance of a cache policy. Strictly
speaking, it is the miss ratio Pm = M/(H+M), but it does not take into consid-
eration the time necessary to traverse the data structure, calculate the positions
and insert the new elements into the cache. Therefore, an alternative perfor-
mance indicator, adjusted time t̂ = t+ tp is introduced, where the running time
t captures all the aspects mentioned above and is adjusted with the penalty time
tp proportional to the number of misses tp ∝ M , emulating the higher cost of
accessing data out of cache. Accordingly, there are two disjunct versions for these
experiments: one where adjusted time (t̂) acts as the fitness metrics and miss
ratio (Pm) as species indicator; and another one, where both the fitness metrics
and species indicator is the miss ratio (Pm.) The meaning and calculation of R,
Fr, ∆f and ∆r are as in the previous example.

3 Results

We demonstrate the utility of PCA at two levels: (i) experiments running un-
der the same circumstances, where the metrics of individuals are observed and
analysed so that some of the features of their phylogeny are highlighted; (ii)
experiments running in different conditions, where the metrics of collective ex-
periment sets are observed to quantify the effects of those differences.

3.1 The evolution of a hash function

In this section we present the observations we obtained during a single con-
figuration of an experiment for improving the performance of a hash func-
tion. There were 50 individuals in a generation and the improvement ran for
40 generations, with the GI framework configured to use weighted selection
with 2 elites. We recorded the 6 parameters explained in Sec. 2.2; the exper-
iment was executed several hundred times and the collected data were col-
lated for 100 sampled runs. Applying the (correlation EVD) PCA to the set
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of data, the resulting primary components (also called loading vectors, techni-
cally eigenvectors in this case) are in Table 2a. The explained variance vector is
[0.644, 0.163, 0.102, 0.059, 0.031, 0.0006], hence the first two eigenvectors, shown
in the table, are the two most dominant components and contribute to over 80%
of the total variance. Thus, the search space in the following charts on hash
experiments is spanned by

PCA1 = [0.478 ∗ t, 0.425 ∗DKL, 0.327 ∗R, 0.478 ∗ Fr, 0.419 ∗∆f ,−0.281 ∗∆r]

and

PCA2 = [−0.281∗t,−0.088∗DKL, 0.554∗R,−0.283∗Fr,−0.171∗∆f ,−0.705∗∆r]

t DKL R Fr ∆f ∆r

0 0.478 0.425 0.327 0.478 0.419 -0.281
1 -0.281 -0.088 0.554 -0.283 -0.171 -0.705

(a) 100 runs of a single configuration of
hash experiments (weighted selection, 2
elites.)

t DKL R Fr ∆f ∆r

0 0.489 0.455 0.375 0.491 0.349 -0.224
1 0.323 0.196 -0.386 0.316 -0.268 0.732

(b) Collated data of 12 configurations of
hash experiments, 3 selection strategies ×
4 elite categories, 100 runs each.

Table 2: The resulting primary components of the EVD PCA applied to all
individuals of the collated experiments.

The biplot [2] in Fig. 1a simultaneously presents all the individuals of the
evolutionary processes in the reduced, two-dimensional space spanned by PCA1

and PCA2, with the landscape directionality of our six metrics overlaid as a se-
mantic aid. More precisely, these six metrics are shown as vectors of their relative
contribution to the principal components [3]. They can give good qualitative in-
dications about the directions and tendencies in this space. For instance, at first
glance Fig. 1a does not show more than 3 major clusters and many dispersed
individuals. Yet, the t and the almost coinciding Fr vectors show a slightly di-
agonal line where higher running times/poorer relative fitnesses are on the right
hand side and better running times/better relative fitnesses are on the left hand
side; the 0 point on all axes represents the mean. We can therefore conclude
that the 3 major clusters are 3 different performance groups. Furthermore, a
fine striping, perpendicular to the t, Fr axis in the population pattern can be
observed, as an uneven, quantised distribution along the performance axis. The
almost coaxial but inverted R and ∆r vectors are orthogonal to t and Fr, in-
dicating that individuals in a performance stripe differ mainly in their ranks
and changes in ranks. Evidently, R and ∆r are in opposing directions: individ-
uals with good (low) rank have less chance to improve (negative ∆r); consider
the extremities: the very best individual can only worsen (or maintain) its rank
whereas the very worst one can only improve.

We can further augment the data points with markings according to some
other parameters, making the chart virtually 3 dimensional. Marking the second1

1 The starting individuals in the first generation are identical to one another, such that
PCA technically does not work when applied to this generation, whereas the second
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(a) Biplot of all individuals and the 6 met-
rics: t, DKL, R, Fr, ∆f and ∆r.

(b) Individuals of an early (after one round
of mutations) and the last generations.

Fig. 1: All individuals of 100 hash experiments in the transformed search space.

and last generations of the evolution in Fig. 1b, shows nearly disjunct groups of
early and later individuals, indicating that most of their lineages are traversing
the search space and are different at the end of the evolution according to the
principal components. Individuals are layered along the Fr and t axis showing
different performance groups, and spread out quite naturally along the R and ∆r

(perpendicular to the performance related Fr and t): within similar performance
their ranks and changes in rank do necessarily differ. In fact, wide stripes along
the R axis means that most ranks belong to the same performance group hence,
the very wide red patch means that at the end of the evolution most individuals
within a population are at the best (leftmost on the Fr and t axis) performance
level. It is also shown that the last generation individuals have better perfor-
mance than the earlier individuals, demonstrating that the genetic process does
achieve performance improvement. In Fig. 2a the execution time is added as the
third dimension above the plane of the two dominant components. The gradient
is visible, corresponding to the t vector of Fig. 1a; the very best running times
are towards the (0, 0) region in alignment with the findings in Fig. 1b, but other-
wise the fitness metrics does not reveal anything about the nature of the genetic
improvement. Finally, Fig. 2b shows the species metrics for the same distribu-
tion of individuals. The DKL axis is similar to t but not identical; fitness and
speciation are not a tautology in this instance. While there is a clear correlation
between species and fitness, speciation is able to establish fuzzy bordered clusters
of individuals. This is due to the fact that speciation establishes the potential
of an individual, the boundary of its fitness e.g. best possible fitness, but actual
metrics may diverge; the same conclusions were drawn from a different analysis
in [13] and the two independent results support each other. Hence, species are
clustered (separated by colours) but some fuzziness and overlap of these clusters

generation has already had a round of mutations from which to draw statistical
inferences.
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is possible and inevitable (colours are slightly scattered.) Here it can be seen that
the Kullback-Leibler divergence has the ability to separate the individuals and
establish regions in the search space for the particular problem of hashing. This
makes it a key property to realise strategies for increasing diversity or searching
for genuine novelty – based on whether or not new individuals belong to a new
species, rather than simply having a different genotype.

(a) The execution time t in µs (primary
fitness metrics) of the individuals.

(b) The species metrics (Kullback-Leibler
divergence, DKL) of the individuals.

Fig. 2: All individuals of 100 hash experiments, spatial distribution of speed and
species metrics.

3.2 Comparison of experiments

As shown above, PCA analysis has the capability to reveal some details present
in the recorded data of a GI experiment, but otherwise hidden in a simple direct
analysis. In this section we demonstrate what PCA can add when comparing
experiments across different conditions.

The experiments. We set up 12 configurations of experiments with varying set-
tings for the GI framework, which control how its selection strategy and history-
tracking work, while all other parameters were identical. The selection strategy
is related to how offsprings are chosen for the next generation. Here we imple-
mented (a) random selection, (b) weighted selection, where the probability of
getting to the next generation is proportional to the fitness distribution within
the population, and (c) ranked selection, where the same probability is propor-
tional to the rank within the population. Ranked selection tends to exaggerate
the smallest differences in fitness and diminish the largest differences. The his-
tory aspect, most often realised as elitism, is the mechanism by which successful
individuals from previous generations are preserved and taken into consideration
at subsequent selection rounds. Here we implemented strategies with (i) 0 elites,
(ii) 2 elites (this is the standard in our experiments), and two versions (iii, iv) of
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dynamic (ageing) elites where elites are brought forward not just one generation
but 1 or 2 additional ones; in the latter case the effective number of elites in a
population may change dynamically between 2 and 6. Additionally, in the case
of cache experiments, the progenitor can be placed at two points of the fitness
landscape when we begin the experiment (constructed and evaluated by simu-
lated parameter studies): position A, an ’average’ point in the landscape known
to be equally far from the best and worst possible fitness values; and position B
the worst-possible starting position in the search space.

When we compare these strategies using elementary measures, we find that
the results are ambiguous, with nearly all of them able to produce the same
improvement at the last generation. The simple comparison of the fitness, the
improvement of fitness, or the convergence speed are therefore not adequate to
explain potential effects of different configurations. It is, however, possible to
join together the results of experiments of different configurations and establish
a common PCA-coordinate system while keeping the third dimension for sep-
arating the configurations of experiments by colours. The resulting coordinate
system would be different from any of the coordinate systems of the individ-
ual experiments, e.g. Table 2b of the eigenvectors of all individuals of the 12
configurations.

Fig. 3: Comparison of two configurations of hash experiments: weighted vs ran-
dom selection. Both use execution time t as fitness, with 2 elites.

Fig. 3 compares two configurations of hash experiments: random vs weighted
selection. The t axis determines the performance (fitness) gradient; it can clearly
be seen here that the very best individuals are towards the left (the smaller the
better), and are about the same relative fitness if projected onto the Fr axis.
However, the spread of the very best individuals (along a line perpendicular
to the Fr axis) is far more extensive for the weighted selection configuration:
the blue area is much wider than the orange one. This implies that weighted
selection can produce (or simply keep alive) more individuals that are close to
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the optimum than random selection. Random selection has a long tail along the
t, Fr (and DKL) axis whereas weighted selection has a distinct wing shaped
area along the R axis. This suggests that random selection is better at finding
new species but is unable to fill all ranks of a generation with individuals of the
same performance or species; the orange stripe is narrow with around average
rank R and ∆r. On the other hand, weighted selection has better control not
to spread towards the higher values on the t, Fr axis. The blue wing represents
individuals with high rank and low performance - unlike the orange area, where
individuals can have much lower rank in the same performance region. Since
there are no blue individuals of lower rank in this performance stripe, they must
be towards the left, better t values. This indicates a simultaneous improvement
of performance and ranking in case of weighted selection.

The biplot in Fig. 4a shows the comparison of three configurations of cache
experiments together with the axes of 12 metrics, as described earlier in Sec. 2.2.
The precise analysis of the figure is beyond the scope of this paper; instead we
briefly note key selected features. The performance axis here is denoted with t̂,
where individuals are slower to the lower right direction and quicker to the upper
left one. The total time t̂ is the algorithmic speed t plus the penalty time tp for
the cache misses. The direction of t̂ is closer to tp; t̂ is dominated by the penalty
times. The algorithmic speed t is almost orthogonal to either tp or t̂ indicating a
low correlation; indeed, the speed of the calculation of positions is independent
from the quality of the resulted positions. Misses M and hits H form a 180 degree
angle corresponding to their correlation of -1. The two parameters nput and nupd

that control the cache placement algorithm, have very little contribution to the
overall variation. Similarly to the hash example, R and ∆r are roughly opposite
to each other and perpendicular to Fr. Due to the higher dimension of metrics,
their interaction is more complex and not all details can be explained. Towards
the better individuals, top left corner, higher H and lower t̂, the ranked selection
is dominant both in fitness and the coverage along the R axis, i.e. it is able to
generate an entire generation of nearly the same high-fitness individuals.

Changing other parameters can alter the whole character of the chart, Fig. 4b.
The use of miss ratio Pm as fitness, instead of adjusted time t̂, makes all patches
crisper and the order of the selection strategies somewhat clearer – as generally
rank-based selection is the best and weighted-selection is the weakest. The du-
plicate orange patches in the centre of Fig. 4a are caused by the progenitor’s
starting point A; they are not present if started from position B. While the
complete analysis of these scenarios are out of scope of the paper, these results
demonstrate a powerful way to analyse the internal effects of different genetic
improvement mechanisms on the overall trajectory of a search.

4 Discussion and Conclusion

Our use of PCA on data recorded during GI processes has helped to confirm
previous hypotheses around speciation in this domain and also revealed some
subtle details that direct analysis of the collected data does not show. We can
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(a) Execution time t as fitness, 2 elites and
initial position A on the landscape.

(b) Miss ratio Pm as fitness, 2 elites and
initial position B on the landscape.

Fig. 4: Comparison of three configurations of cache experiments: weighted, ran-
dom and ranked selection.

identify three main areas of novel findings using this method: (i) The defini-
tion of species, i.e. the quantitative classification of algorithmic differences, are
correct for the specific hash and cache experiments. Species indicators are ap-
plication dependent per se, therefore there is no method for establishing species
metrics universally. Although our definitions were carefully considered and tests
have proven their suitability, a biplot of a PCA analysis enables a simple visual
check. (ii) The variable axes on the biplot are a visual representation of the cor-
relation matrix and can give a hint for choosing the right parameters in terms of
redundancy, selectivity and sensitivity. (iii) The PCA analysis can distil infor-
mation that is not immediately obvious from fitness data. Questions about the
overall quality of the procedure, such as what proportion of the population can
reach a certain performance, or what the chances are of finding good individuals
at a given generation step, or how various GI strategies differ and in which ways,
can be answered from visual cues.

Overall, these results indicate the potential for highly novel insights into
the way in which complex GI processes really work and why, and may lead to
new approaches in the search for genetic diversity, novelty, or avoiding neutral
areas – elements which result from complex combinations of factors rather than
simple fitness or species indicators. In future work, we will complete the thorough
analysis of the effect and interplay of parameters and evolutionary strategies
just showcased in this paper; to this end we may consider ablation studies and
dimension-reduction techniques such as UMAP [11] or t-SNE [10]; and generally,
aim to further leverage this analysis approach to help design novel combinations
of GI mechanisms – such as elitism – or parameter values which maximise a
desired property – such as convergence time or genetic diversity –, for each
specific problem area.
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