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Cartesian Genetic Programming Parameterization in
the Context of Audio Synthesis

Edward Ly

Abstract—This letter presents an evaluation of the effects of
elitism, recurrence probability, and prior knowledge on the fitness
achieved by Cartesian Genetic Programming (CGP) in the context
of DSP audio synthesis. Prior knowledge was introduced using
a probabilistic learning method where the distribution of nodes
in the expected solutions was used to generate and mutate new
individuals. Best results were obtained with traditional elitist se-
lection, no recurrence, and when prior knowledge was used for
node initialization and mutation. These results suggest that the
apparent benefits of recurrence in CGP are context-dependent,
and that selecting nodes from a uniform distribution is not always
optimal.

Index Terms—Audio synthesis, Cartesian genetic programming,
digital signal processing, evolutionary algorithms.

I. INTRODUCTION

ARTESIAN Genetic Programming (CGP) was introduced

by Miller [1] as a means for more efficient program
induction compared to classical Genetic Programming (GP).
Evolutionary Algorithms (EAs) such as CGP search through
a space of computer programs represented as directed acyclic
graphs to find one that closely resembles the desired outputs
given a set of inputs. Since its introduction, various implementa-
tions in multiple programming languages have been introduced.
The most notable of which include CGP4Matlab [2], which
was successfully used for pitch estimation of piano tones, and
CGP-Library [3], an LGPLv3-licensed C library provided
by Turner and Miller for symbolic regression as well as the
automatic programming of Artificial Neural Networks (ANNs).
Various extensions to CGP have been proposed as well, with
Recurrent Cartesian Genetic Programming (RCGP) [4] being
one such extension which allows the directed graphs to be cyclic.
Many open questions still remain regarding the performance
and efficacy of CGP [5]. To extend our knowledge on CGP, we
evaluated the effects of three parameters in the context of digital
audio synthesis: selection method, recurrence probability, and
inclusion of prior knowledge in the evolutive process. In other
words, we draw the probabilities of node selection and mutation
from a known distribution as opposed to a uniform distribution,
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in a similar manner as informative priors are often preferred over
non-informative priors in Bayesian data analysis.

II. BACKGROUND

Many previous approaches to sound synthesis using EAs have
been done through Evolutionary Programming (EP), where the
structure of the program is fixed to one or more known synthesis
techniques and only the parameter values are evolved and evalu-
ated (see, for example, [6] for a survey of basic approaches). As
for GP-based approaches, Macret and Pasquier [7] used Mixed-
Type Cartesian Genetic Programming (MT-CGP) to evolve DSP
synthesizers in Pure Data (Pd) [8], a visual programming lan-
guage for real-time audio synthesis. The use of mixed typing,
however, was only needed because of Pd’s distinction between
audio and control signals, arbitrarily limiting the solution space
of DSP programs. Ly and Villegas [9] were able to remove this
distinction by evolving DSP programs in the Functional Audio
Stream (FAUST) programming language [10], which operates
on a singular “signal” data type, instead. In either case, extensive
analysis of the CGP parameters used was yet to be conducted,
which is one of the aims of this study.

Arguably, the most common CGP configuration is a (1 + 4)-
Evolutionary Strategy (ES), where the best-fit individual in the
population is chosen as the parent for the next generation (i.e.,
elitist selection), and four offspring individuals are generated via
mutation-only reproduction [1], [11], although other population
sizes—indicated by (u 4 A)—are also possible (u and A being
the number of parents and offspring, respectively). Turner and
Miller [4] also showed performance improvements of recurrent
CGP over acyclic CGP for finite state automation [12] and time
series prediction [13] problems. Thus, (1 4 4) in recurrent CGP
became the de-facto standard in many implementations.

However, a recent study by Kalkreuth [14] shows that other
evolutionary strategies, such as tournament selection in com-
bination with subgraph crossover, outperform (1 + 4) or even
(1w +2) in some symbolic regression and Boolean function
problems. His findings suggest that the best CGP configuration
may be problem-dependent. This raises the question of whether
or not this extends to all other CGP parameters or possible
evolutionary strategies as well.

The aim of this research is to determine whether the hitherto
default settings of CGP achieve better accuracy than other
configurations in the context of DSP. Chiefly, we re-examine
the elitist selection method used in (1 + ) with two other (less
elitist) alternatives, as the former has initially been shown to
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perform best in other contexts [15]. We also compare acyclic vs.
recurrent CGP via the recurrent connection probability param-
eter (0 for acyclic CGP and 1 for only recurrent connections),
as non-zero probabilities have been shown to perform better in
other contexts [4].

Finally, we compare the traditional way of initializing and
mutating programs by drawing the function set primitives from
a uniform distribution with drawing them from a prior known
distribution. In a similar way that there are more function words
(articles, conjunctions, etc.) than content words (nouns, adjec-
tives, etc.) in speech, assigning functions to nodes in CGP could
be done to reflect an underlying known distribution different
from the uniform distribution. While our approach may reduce
the likelihood that unexpected (but better) solutions are found,
introducing prior knowledge to CGP could improve its efficiency
(in convergence time) and its accuracy (in achieved fitness). A
similar approach was used by Ardeh et al. [16] for classical, tree-
based GP, using Probabilistic Prototype Trees (PPTs), structures
which encode different probability distributions for each tree
node, to generate new GP individuals. They also demonstrated
that using such distributions improves accuracy over traditional
GP, especially in the initial population and subsequent genera-
tions. Because the depth of each function node is not fixed in
CGP, however, our approach differs from theirs in that a single
probability distribution is used for all nodes, and that such a
distribution is based on that of known or expected solutions
rather than prior evolved solutions.

III. METHODS

Our simulations were performed with a customized version
of FaustCGP [9], a software application that generates DSP
synthesizers in FAUST using a modified version of CGP-
Library.' The customized version allows the setting of any
recurrence probability, and implements a modified function set
that satisfies closure in the interval [—1, 1], values that can
be represented in a floating-point audio signal. As a signal
generated via additive synthesis is merely a sum of sinusoids
(each with their own frequency, phase, and amplitude), a min-
imum viable function set may consist of nothing more than
addition, multiplication, a sine wave oscillator, and Ephemeral
Random Constants (ERCs), random values in [—1,1] which
remain constant unless the mutation operation is applied to them.
Still, it may be desirable to include additional operations so
that more complex or harmonically rich sounds can be pro-
duced with fewer nodes. A sawtooth oscillator, for instance,
is one example of an encapsulated function which consists of
an infinite sum of sine waves. Thus, our entire function set
is comprised of arithmetic operations (sum, sub, mul, and
div); lst-order Butterworth low- and high-pass filters (lop
and hip, respectively); sine, sawtooth, square, and triangle
wave oscillators (sinp, sawp, sqrp, and trip, respectively)
whose frequency and phase arguments are set as fractions
of the Nyquist frequency and 2w, respectively; and ERCs
(const).

The source code is publicly available at: https://git.sr.ht/led/faustcgp.
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TABLE I
PROPORTION OF FUNCTIONS IN AN ADDITIVE SYNTHESIZER (p1), AND
PROBABILITIES FOR EACH FUNCTION TO BE SELECTED IN THE WEIGHTED
FUNCTION SET (p2)

Function p1 P2
const 0.500  0.400
sum, mul, sinp 0.167 0.133
sub, div, sawp, sqrp, trip, lop, hip 0 0.029

This software application features two mechanisms to deal
with “plateaus” after a local minimum is reached. After anumber
of generations defined by a “soft plateau,” the mutation rate
increases 5% each generation, broadening the search through
the solution space until either a new best-fit individual is found,
resetting the mutation rate back to its original value, or the mu-
tation rate reaches unity. After a number of generations defined
by a “hard plateau,” the CGP algorithm terminates to reduce
computation time. The default thresholds for the “soft” and
“hard” plateaus were set to 10 and 200 generations, respectively.

Different selection methods can also be set. In addition to
elitism (dubbed E11ite here), two more methods are available:
one where the best-fit individual among the offspring is selected
as the parent for the next generation (Child), and “roulette
wheel” selection (Rand), where a parent is chosen with a
probability proportional to its fitness relative to other individuals
in the same generation. In any case, the best solution across all
generations is output.

A. Evaluation

We attempted to replicate the steady state spectra of 250
entries randomly chosen from the Sandell Harmonic Archive
(SHARC) [17]. This timbre database is comprised of 1338
entries, each containing amplitudes and phases of all harmonics
up to 10 kHz from recordings of 24 orchestral instruments played
with different styles at various pitches. The three aforemen-
tioned selection methods (E1lite, Child, and Rand) were
considered for the evaluation to compare levels of elitism. Three
recurrent connection probabilities were also selected to measure
different levels of recursion: 0 for acyclic CGP, 0.5 which
removes any bias for or against recurrent connections, and 0.25
for a moderate amount of bias against recurrent connections.
Finally, two function set weight distributions were used to
evaluate the effects of prior knowledge on the evolved solutions:
equally probable (Eq), and one that is based on the proportions
of an additive synthesizer (Add). For the weighted function case,
functions present in the additive synthesizer (sum, mul, sinp,
and const) were chosen 80% of the time. Const is three
times as likely as the other functions to be chosen to ensure
that a variety of numerical values available as arguments to the
other functions. The remaining 20% was equally divided among
functions absent in the additive synthesizer. Table I summarizes
the proportions and probabilities of each function in the additive
synthesizer and the weighted function set case.

Fitness was measured as the Euclidean distance between 40
Mel-Frequency Cepstral Coefficients (MFCCs) [18], as min-
imizing the perceptual differences between the synthesized
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TABLE II
ANOVA TYPE II WALD CHI-SQUARED TEST RESULTS FOR THE FITTED LMM

Factor x2 df p
pitch 120.1 69 < 0.001
rec 1012.6 2 <0.001
select 813.4 2 <0.001
weights 33.3 1 <0.001
pitch:rec 241.4 138 < 0.001
pitch:weights 121.0 69 < 0.001
select:weights 10.9 2 0.004
select:rec 23.4 4 <0.001
weights:rec 14.4 2 <0.001

sounds is desired. These coefficients were obtained from the
CGP-generated audio and those of an additive synthesizer pro-
grammed in FAUST that perfectly replicates each SHARC tone.
Such coefficients were taken from 48 triangular filter banks
equally spaced in the mel scale from 20 to 10240 Hz. Other
parameters such as the genotype length, initial mutation rate,
distance threshold, and the maximum number of generations
to evaluate remained constant throughout the evaluation (64,
0.05, 0.1 and 1000, respectively). Finally, a total of 4500 seeded
simulations were conducted, one for each combination of timbre,
selection method, function set weights, and recurrence probabil-

ity.

IV. RESULTS

The experiment was executed on a Mac mini (running Arch
Linux), with 8GB of RAM and an 8-core Intel i7-2635QM
CPU. Each CGP process was given its own CPU core via GNU
parallel [19] to minimize computation time. Despite this,
the entire experiment still required 117.6 h to complete. The
mean time of each CGP process was ~12.5 min, although the
vast majority of this time is actually due to the compilation
of candidate FAUST programs rather than to the evolutionary
process itself.

Fitness results were analyzed with a series of Linear Mixed-
Effects Models (LMMs) eased with the 1me4 library [20] in
R [21]. LMMs are suitable for this analysis as we want to
measure the effects of both fixed and random factors [22].
The MFCC distance was set as the dependent variable, while
the selection method (select), prior knowledge initialization
(weights), recurrence probability (rec), and the MIDI note
corresponding to a given timbre (pitch, ranging from Cl =
32.73 Hz to F#7 = 2.963 kHz), were considered as explanatory
variables. Starting with a model only including timbre (entries
in the SHARC database) as a random factor, more complex
models were built and accepted if the additional complexity
resulted in significantly better fit (with a 95% significance
level), as assessed with pairwise ANOVA tests. The final model
included significant effects of all four explanatory variables and
their two-way interactions except that between select and
pitch (x%s;5 = 128, p = 0.720), as summarized in Table II.
All three-way and four-way interactions were not significant.

A post-hoc analysis based on Tukey’s Honest Significant Dif-
ference (HSD) of the Estimated Marginal Means (EMMs) [23]
shows that best mean fitness (shortest distance) was achieved
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when the elitist selection was applied to acyclic CGP, as shown
in Fig. 1(a). Fitness worsened with recurrence probability, and
differences in fit within levels of recurrence probability in-
creased with less elitist selection methods; the roulette wheel
selection yielded the greatest differences. Fig. 1(b) shows that
the default, equally distributed, function set yielded worse
fit for recurrence probabilities > 0, and that the differences
in fitness achieved by the two function sets also increased
with recurrence probability. Fig. 1(c) shows that prior knowl-
edge initialization yielded better fit for the elitist selection
method.

The interactions with pitch are shown in Fig. 2. This figure
indicates that best fits were achieved at low and high pitches, but
not for mid-pitches. The weighted function set was more likely to
yield better fitness than the default function set for mid-pitches,
as shown in Fig. 2(a). In a similar manner, Fig. 2(b) indicates
that acyclic CGP was more likely to yield better fitness within
the same frequency range.

V. DISCUSSION

Our results are in agreement with previous findings for which
the conventional elitist selection method outperforms others. In
contrast, we found that acyclic CGP outperformed recurrent
CGP in our problem, suggesting that the apparent benefits
of RCGP are problem-dependent. Note that despite feedback
loops being commonplace in DSP programming, such as in the
building of Infinite Impulse Response (IIR) filters, sawtooth
waves, etc., they worsen the fitness achieved in our case. We
speculate that acyclic graphs may be more suitable structures
for additive synthesis and steady state tones in particular, as
additive synthesizers do not require any recurrent connections
at all. An increase in the solution space by introducing feedback
loops into candidate programs, then, may also increase the
possibility of exploring and converging towards sub-optimal
solutions. Such feedback loops also introduce the possibility that
non-steady state sounds are returned by the evolution, which are
not desirable in our case. Thus, in such cases where the optimal
solutions are known to be acyclic, excluding cyclic graphs from
the solution space seems to be advisable.

When recursion was allowed, we observed better fitness for
the weighted function set compared to the default function set.
The largest differences in fitness occurred with elitist selection
and a recurrence probability of 0.5. Thus, our findings support
the hypothesis that assigning functions to nodes in CGP based
on an underlying known distribution (the proportions found
in an additive synthesizer in our case) is more beneficial than
assigning them based on a uniform distribution as is tradition-
ally performed. However, such benefits are more pronounced
with increasing recurrence probability and more elitist selection
methods. One possible explanation for this phenomenon is the
elimination of length bias in recurrent CGP, whereby each
function node is equally likely to be activated regardless of
their position in the chromosome [24]. This in turn allows for
longer program phenotypes, and thus more complex tones, to
be produced, a finding that is supported by our evaluation: the
mean number of active nodes was 7.56 when acyclic CGP was
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used, compared to 15.63 and 21.18 for recurrence probabilities
of 0.25 and 0.5, respectively.

Such short phenotypes, as in our case, may still adversely
affect the fitness achieved by the algorithm, as additive synthesis
requires a number of nodes proportional to the number of desired
frequency components. Assuming the minimum viable function
set for an additive synthesizer (sum, mul, sinp, const), a
chromosome length of 64 can ideally hold up to 10 frequency
components, which is well insufficient for more complex tones,
especially those corresponding to low pitches that may contain

Recurrence Probability
0.25 0.5

Function Set Type

(b)

IEEE SIGNAL PROCESSING LETTERS, VOL. 30, 2023

Selection Method

Elite Child Rand

W (%1 f=2)
< @« <

Distance

b
n

Eq

Function Set Type

(©)

Mean MFCC distances and 95% confidence intervals: (a) by recurrence probability and selection method, (b) by function set type and recurrence

hundreds of frequency components. We argued that including
harmonically rich functions (as those indicated in Table I) could
help to compensate for the lack of nodes. However, our results
show no significant differences between the two function sets
at low pitches, while the weighted function set was more likely
to trump the default function set at mid-pitches. Recall that the
latter could assign harmonically rich functions to nodes more
freely than the weighted function set. Since the inclusion of
these harmonically rich functions did not yield fitness gains for
the default function set, we argue that the observed fitness gains
of the weighted function set must come from the prior knowledge
used in this case. The arbitrary 80% to 20% split we imposed
in the weighted function set could then hinder the capabilities
of this set to find even better fitness. Whether to eliminate such
split or modify it is deferred to future research.

Our findings are encouraging and far from complete. Future
investigations will explore the synthesis of non-steady state
sounds to determine other CGP parameters that may be context-
dependent, or whether other CGP variants perform better for
DSP programming in general. Though our focus is on applica-
tions of CGP in audio DSP, we believe that the ideas introduced
here (such as the inclusion of prior knowledge through weighting
of the function set primitives) may benefit other applications of
graphical evolution in general.

VI. CONCLUSION

We determined that acyclic CGP, elitist selection, and inclu-
sion of prior knowledge in the initialization and mutation of
candidate programs significantly outperformed other evaluated
options for steady state additive synthesis, indicating that the
superiority of RCGP over CGP cannot be generalized to all
problem domains. At least for our audio synthesis problem, in-
creasing the recurrence probability worsens the resulting fitness,
in a similar manner that selection methods less elitist than the
(1 +4)-ES also does. Modifying the distribution of function
set primitives based on prior knowledge also shows promising
results as it improves the fitness of candidate programs over the
traditional (equal) distribution in our case.
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