Chapter 3

Inheritable Epigenetics in Genetic Programming
William La Cava and Lee Spector

3.1

Introduction

In 1815, Lamarck postulated that organisms acquired adaptations from their environments during their lifetime and these adaptations were passed along to the offspring
they produced. Four decades later, Darwin showed evidence that organisms instead
evolve traits over millions of years through a combination of random mutation, natural selection, and the transmission of genetic information to their progeny, rather
than through lifetime adaptations (Darwin 1872). Four decades after that, Baldwin
reconciled the two ideas by asserting that despite the inheritance of purely genetic
material, adaptive changes during an organism’s life affected selection pressures and
thus reproductive dynamics, ensuring that the emergent adaptive ability of a genotype
could be selected for without the information explicitly being transferred in addition
to DNA.
The subsequent discovery of somatic and germ cell architecture and the biological
mechanisms for genetic inheritance caused Lamarck’s ideas to be discredited in biology. This did not stop researchers from studying the incorporation of Lamarckism
and Baldwinian evolution into genetic algorithms (GAs) (Gruau and Whitley 1993;
Whitley et al. 1994; Ross 1999; Giraud-Carrier 2002). In Lamarckian evolution for
GAs, a local search mechanism is implemented to update the population genomes
each generation. The Baldwin effect is achieved using the same local search to update the population fitness landscape, but the actual genotype changes are discarded.
Whitley showed that both methods were quite useful for improving results for function optimization problems (Whitley et al. 1994). He noted that Lamarckism tended
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to improve the speed of convergence but for some cases became stuck in the same
local optima as the standard GA, whereas the Baldwinian evolution strategy was
better able to find global optima.
Various Lamarckian updating methods have been implemented for genetic programming (GP) as well, such as equation tree snipping (Bongard and Lipson 2007),
reinforcement learning (Mingo and Aler 2007), and parameter updating (Iba 2008;
Topchy and Punch 2001). In symbolic regression in particular, concurrent parameter
updating, either by stochastic hill climbing or gradient methods, is common due to
the vast floating-point search space, and it has been shown to improve convergence
on a number of benchmark symbolic regression problems (Kommenda et al. 2013).
Researchers have been able to exploit the fact that, unlike in nature, little or no
phenotypic-genotypic mapping has to occur in the computational scheme since the
system being evolved is either identical to the genotype or the mapping of phenotypic
traits to genotype is straightforward. Previously it was assumed that the Lamarckian
implementation was extra-biological because phenotypic adaptations in nature did
not have a known physical mechanism for influencing their genotypic origins (Ross
1999). Today, however, physical mechanisms are known to exist and have been
demonstrated in many studies. The studies constitute the growing field of epigenetics,
a term that refers broadly to the ways in which gene expressions are regulated and
inherited (Jablonka and Lamb 2002; Holliday 2006). Recent studies have not only
shown that environmental factors influence gene expression in organisms (Dias and
Ressler 2013), but also that epigenetic mechanisms may be inheritable (Turner 2000;
Kaati et al. 2002; Pogribny et al. 2004; Dias and Ressler. 2014).
We present a GP method that captures this understanding of epigenetics as a
layer of environmentally influenced, evolving gene regulation that interacts with
the genotype to produce the phenotype. This system captures the advantages of
Lamarckian updating without changing the genotype, and yet preserves inheritable
phenotypic improvements in offspring, unlike Baldwinian evolution.

3.2
3.2.1

Background
GP Representation

Biological systems benefit from transmitting and evolving structurally complex systems at the more flexible genome level. The key to preserving this flexibility in GP
is to create a mapping from the genotype, i.e. the computer encoding, to the phenotype, e.g. the candidate equation1 . In this way the genotypic search can be free
to vary through evolutionary processes and still produce constrained phenotypes. As
shown in Ryan (1996), lower constraints on evolutionary search generally improve
results. This is the goal of developmental GP approaches such as genotype-phenotype
mapping and gene expression programming (Banzhaf 1994; Ferreira 2001).
1

Note that these definitions distinguish between the program, the resulting equation, and its fitness,
unlike in traditional GP.
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Classical GP (Koza 1992) represents individuals using tree structures, and most
practitioners of symbolic regression follow this trend today, as White discovered
in his community survey (White et al. 2012). In addition to tree representations,
other methods have been proposed, for example stack-based GP (Salman et al. 1985;
Spector 2001; Ferreira 2001), linear GP and directed acyclic graphs (Brameier and
Banzhaf 2007; Schmidt and Lipson 2007), tree adjunct grammars (Hoai et al. 2002),
and Cartesian GP (Miller and Thomson 2000). Despite the succinct representation of
nested equations that tree structures provide, they have disadvantages when applied
to evolutionary computation. For example, the tree structure makes it difficult to
deliver uniform variation among instructions because of the effect that the size and
shape of the trees have on the probability of change wrought by standard mutation
and crossover. Whereas in nature chromosomal crossover occurs on homologous or
nearly homologous sections of chromosomes between parents in a somewhat (but not
purely) uniform manner, standard GP crossover consists of the swapping of random
subtrees between parents. In standard GP, subtree mutation also occurs at a random
node location. Therefore the probability of mutation and crossover for terminals and
nodes in a tree is a positive function of its depth. With linear GP, this probability can
be made more uniform. Motivated by evidence that uniformity improves evolutionary search (Page et al. 1999), the ULTRA operator (Spector and Helmuth 2013) was
developed that converts nested expressions into linear representations, applies quasiuniform crossover, repairs the program parentheses, and converts the representation
back into a tree structure. The need for the ‘R’ (signifying repair) in the ULTRA
operator highlights a second disadvantage of tree representations: random manipulation of tree structures at the level of instructions and literals can easily make them
syntactically invalid, and therefore controls must be in place to ensure that operations
such as mutation, crossover and initialization result in executable programs.
In our work we present a developmental linear genetic programming tool that
evolves equations with an instruction set that is syntax-free with respect to program
validity by using the principles of stack-based, post-fix equation encoding with all
instruction ordering constraints removed. In this way, genotypes are unconstrained
except by initial size during the run, and this opens the door for our investigation
of epigenetics. In most GP systems, it is possible for distinct genotypes to result in
the same phenotype, resulting in higher search flexibility. By applying epigenetic
logic to the genotype, we are able to achieve the reverse as well: different phenotypic expression from identical genotypes. This could provide a path for increased
diversity in a population and avoid premature convergence related to bottle-necking,
i.e. genotypic convergence. We will investigate how this affects the performance of
genetic programming in symbolic regression. The proposed epigenetic methods can
also be thought of as a new local search extension to GP that provides a mechanism
for modifying equation form by affecting phenotypic development.
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Epigenetics

There are two main mechanisms by which epigenetics take place in mammalian
DNA: cytosine methylation (Jones and Takai 2001) and histone modification (Turner
2000). Methylation provides a mechanism for silencing portions of genetic code, and
as such is able to determine whether certain genes are expressed during transcription.
Histones, meanwhile, are structures around which base pairs of DNA are wrapped,
and their modification affects the winding of these base pairs, which provide an
epigenetic mechanism by affecting the accessibility of genes for transcription.
These processes result in clusters of genetic material that are not expressed in
the phenotype (a.k.a. non-coding segments or introns). Introns are studied in the
genetic programming world, and initially were linked to bloat, a phenomenon in
which programs grow very large, become resistant to behavioral change, and drain
computer resources without improvement. However, there have been several studies
on the effects of non-coding segments in evolutionary algorithms (EAs) that find that
moderate levels of introns can improve EA performance by reducing the destructive
effect of crossover operations while maintaining blocks of effective code (Nordin
et al. 1995; Brameier and Banzhaf 2007). In Nordin et al. (1995) and Brameier and
Banzhaf (2007), introns are either explicitly declared in place of genes or defined as
such afterwards by observing their behavior. In our work, we instead impose an epigenetic condition on each instruction that functions as an on/off switch to determine
whether or not the instruction will execute within the genotype. Therefore, silenced
genes do not affect computation time during genotype to phenotype conversion, but
are present as structural elements during mutation and crossover. Epigenetic activation and silencing is learned each generation using a stochastic hill climber and
co-evolves with the corresponding genotypes.
There has been work to simulate epigenetics in GP: Tanev (Tanev and Yuta 2008)
developed a genetic programming approach that simulated histone modification for
use in a predator-prey problem. This approach did not include inheritance of epigenetic properties during evolution, which Tanev considered to be unrealistic at the
histone level. Studies of artificial ontogeny (Bongard and Pfeifer 2001; Fontana
2011) encompass some of the aspects of epigenetics, particularly the evolution of
phenotype control from a decoupled genotype. Still, an epigenetic approach has not
been presented that attempts to model two salient characteristics: its ability to update
based on environmental changes, and its ability to be inherited.
We make the assumption that epigenetic traits are inheritable, and focus on doing
so in a generic way that can be readily applied to any genetic programming system.
While the method is generic, a flat, syntax-free representation like the one presented
in this paper is advantageous for epigenetic switching because genotypic regulation
can be applied uniformly and easily since it does not require syntactic repair. With
other representations, the probability of epigenetic modifications may not be uniform,
and they may have to undergo a repair step to guarantee execution.
Many researchers in the field of GP see the incorporation of meta-genetic biological functions as an open issue in GP, with O’Neill et al. noting that “. . . it can be safely
predicted that epigenetic effects will be important if GP will adopt development as
a scalability mechanism.” (ONeill et al. 2010)
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Fig. 3.1 Example encoding
y−3
with the steps of
of x + 4(z+4)
stack execution and
equivalent tree representation

3.3

Methods

3.3.1

Developmental Linear Genetic Programming

The GP system created for this research is called Develep and the source code is available online (La Cava 2014a). We represent programs as linear genotypes written in
Reverse Polish Notation (RPN) or “post-fix” notation, as demonstrated in Figure 3.1.
The implementation functions by pushing and pulling floating point numbers on and
off of the stack. For instance, a number or variable instruction will push a floating
point value to the stack, while a binary (i.e. arity 2) operation will pull two numbers
off of the stack, perform its operation on them, and push a new value back to the
stack. This basic representation scheme is used in other GP systems (Salman et al.
1985; Ferreira 2001; Spector and Robinson 2002).
In order to guarantee execution safety in the context of arbitrary execution order,
the instructions are specialized to handle situations in which the stack does not
have the correct number of elements for an operation to occur. For example, binary
functions are ignored if the stack is not at least two elements long. At the end
of genotype execution, the top element of the stack constitutes the equation, the
phenotype, that is then used for fitness assessment. Therefore execution is safe with
respect to the resultant stack length. We distinguish between the genotype, that builds
the stack, and the phenotype, that is the top element of the resultant stack.

3.3.2

Epigenesis

3.3.2.1

Epigenetic Hill Climber

Epigenesis is achieved by creating binary switches associated with the instructions
comprising the genotypes of each individual, and the array of these switches is
referred to as an epiline. During genotype execution, only instructions from the
genotype with a true value in the corresponding epiline are executed. Individuals can
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be initialized with any combination of active and inactive epiline values, and each
generation the population undergoes one iteration of epigenetic hill climbing (EHC)
to optimize the epiline.
gen ←− genotype of individual
epi ←− epigenetic line of individual
phen ←− phenotype equation of individual
L ←− length of genotype
sr ←− switching rate
for number of hill climbing iterations do
epiTemp ←− epi
for i ∈ L do
if rand() < sr then
/ * f lip the on/off state of marked indices in the
epiline
epiTemp(i) ←− !epi(i)
end
end
/ * get equation from genotype with updated gene expression
*/
phenTemp ←− GenToPhen(gen,epiTemp)
/ * update equation
if fitness(phenTemp) < fitness(phen) then
epi ←− epiTemp
phen ←− phenTemp
/ * secondary size metric
else if fitness(phenTemp) == fitness(phen) and size(phenTemp) < size(phen) then
epi ←− epiTemp
phen ←− phenTemp
else

*/

*/

*/

end
end

Algorithm 1 shows the EHC algorithm for updating the epigenetic properties of
an individual in the population. During the hill climbing process, a small percentage
of epiline values are switched on or off and the genotype is re-executed with the
new epiline. For example, compare the phenotype of Fig. 3.1 to that generated
with epigenetic switching in Fig. 3.2. A different equation can be expressed by an
identical genotype in this way. The resulting equation is evaluated and kept (along
with the new epiline) if it results in a better fitness for the individual, or if it results
in a smaller equation size without changing the fitness. Equation size is measured
by the number of characters in the equation string. Using string length is a simple
but crude measure of equation size, and while more sophisticated measures could be
used, calculating string length is very lightweight and inherently penalizes inefficient
equation representations, such as having lots of nesting or many separate constants
in the phenotype.
The EHC is applied after fitness evaluation and before selection. Figure 3.3
shows the implementation within the Develep instruction set. After an initial fitness

wlacava@umass.edu

3

Inheritable Epigenetics in Genetic Programming

43

Fig. 3.2 Epigenetics added to
the original encoding of
y−3
, which in this
f = x + 4(z+4)
x−3
example results in f = (z∗4)
Note that this requires the
replacement of the ‘+’
operator in the tree
representation with the 4
operand. Thus a repair step
would be required for tree
implementation

evaluation, one iteration of epigenetic hill climbing is applied. The better fitness
value and corresponding epiline and phenotype are kept. The EHC is therefore a local optimization scheme within the scope of genetic material already available to the
individual. It can both decrease and increase the expressed length of the genotype.
Silenced genes reduce the computational effort of developing the phenotype and
evaluating the fitness of the genotype by lowering the number of point evaluations.
3.3.2.2

Evolution of Epiline

The epiline values for an individual are connected to specific genes. During crossover,
the child inherits its parents’ genes along with the genes’ epigenetic states. In the case
of swap mutation, the new gene’s epigenetic state is chosen probabilistically from
the chosen percent of active genes in the initial population (i.e. if the population is

Fig. 3.3 Block diagram of developmental epigenetic programming. After fitness evaluation and
before selection, the population undergoes an iteration of epigenetic hill climbing, represented
by the dotted lines on the right. The population then undergoes the typical process of selection,
breeding and survival to produce the next generation, and the process is repeated, as shown on the
left
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initialized to be 50 % active, a new gene mutation will have a 50 % chance of being
active as well).
It should be noted that modeling the epigenetic inheritance after genetic inheritance is biologically questionable. While it is generally agreed that there are sets of
imprinted genes whose epigenetic states are inherited in offspring, there is a reprogramming stage in embryonic development during which many epigenetic values
are erased and reapplied. The way that this reprogramming functions and whether it
is itself inherited is not well understood. We assume genotypic analog for epigenetic
inheritance in this work due to the ease with which we can embed the epigenesis
in our representation, and the fact that these values go through a small amount of
reprogramming thanks to the EHC.
3.3.2.3

Evolutionary Parameters

Crossover and mutation are used as genetic operators, with a 90 % rate of crossover
and 10 % rate of mutation. During crossover, a random point is picked in each parent,
and the tails of the two parents are swapped (a.k.a. one-point crossover). The mutation
operator is a pointwise operator inspired by Bongard’s hill climber (Bongard and
Lipson 2007). It can change or delete a randomly selected gene. Whereas all other
instructions are replaced randomly from the instruction set, operand instructions
(e.g. x, y, 1.73, etc.) are mutated by changing the argument they contain. If the
argument is a variable, it is swapped for a randomly picked one. If the argument is a
constant, the constant is adjusted by 0 mean Gaussian noise with standard deviation
equal to half the constant magnitude or replaced with a random constant, with equal
probability. Genes are selected for mutation with a 10 % probability. This probability
may seem high for a standard mutation operator, but due to the typing constraints
described above, is believed to be appropriate.
We use one of two modern evolutionary methods in our trials: deterministic crowding (DC) or age-fitness Pareto survival (AFP). In deterministic crowding (Mahfoud
1995), children replace the parent with the smallest phenotypic Levenshtein distance
if and only if they have a lower fitness than the parent. In age-fitness Pareto survival (Schmidt and Lipson 2011), each individual has an age equal to the number of
generations its oldest genes have been in the population. Each generation, a whole
separate population of offspring and one new individual are created. These individuals compete with the current population in a tournament of size two that compares
age and fitness dominance, and the winners survive to the next generation. In both
DC and AFP, parents are randomly selected to produce children.

3.4 Applications
We apply the genetic programming system to a two-state differential equation problem and two benchmark symbolic regression problems. The first two problems consist
of the partitioned (Bongard and Lipson 2007) states of the Lotka-Volterra interspecies
competition model, defined as
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Table 3.1 Runtime settings
Setting

Lotka-volterra

Terminal set

{+, −,*,/,R[−1.0,1.0],x,y} {+, −,*,/,1.0,x} {+, −,*,/,exp,log,1.0,x}

Initial program length [3, 50]

Pagie-1
[10, 100]

a

[10, 100]

Method

DC

AFP

AFPb

Pop size

1000

1000

1000

Max generations

5000

5000

5000

50

50

Initial % active genes 100

b

Nguyen-7

Brackets indicate ranges of values picked uniformly
R ephemeral random constants
a
Deterministic Crowding
b
Age-Fitness Pareto Survival

ẋ = 3x − 2xy − x 2

(3.1)

ẏ = 2y − xy − y 2

(3.2)

The benchmark symbolic regression were chosen from the set of recommended
problems emerging from a GP community survey (White et al. 2012). We used
the Pagie-1 and Nguyen-7 problems. The Pagie-1 problem is a two-variable system
defined as
1
1
f (x, y) =
+
(3.3)
1 + y −4
1 + x −4
The Nguyen-7 problem is defined by the single-variable equation
f (x) = log(x + 1) + log(x 2 + 1)

(3.4)

The settings for all the trials are shown in Table 3.1. The differential equation problems were run using deterministic crowding, whereas the benchmark problems were
solved using age-fitness Pareto survival.
Ephemeral random constants were included in the terminal set for the LotkaVolterra problems, and the Nguyen-7 addded the exp and log functions. For LotkaVolterra, all genes were active in the initial population. After running a parameter
variation study that showed higher rates of beneficial crossover with a mix of active
and inactive genes in the inital population (La Cava et al. 2014b), a starting value of
50% active genes was used for the Pagie-1 and Nguyen-7 problems.
We measured a successful run as one achieving
n


|y ∗ (i) − ŷ(i)| < 0.0001

i=1
∗

where y is the target output, ŷ is the equation output, and n is the number of
data points. The fitness metric F used during the runs includes the coefficient of
determination R 2 and is defined as
1 n
∗
i=1 |y (i) − ŷ(i)|
n
F =
(3.5)
R2
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Table 3.2 Performance comparisons
Problem

Success
rate (%)

MBF

Point evaluations Mean effective
per fitness case
size

DLGP

100

0.000

2.7430E07

29.63

DLGP+EHC

100

0.000

2.0655E07

24.69

DLGP

100

0.000

2.5763E07

30.3595

50

DLGP+EHC

100

0.000

2.2529E07

25.1297

100

DLGP

13

0.086

3.8605E08

68.7337

100

DLGP + EHC 27

0.054

3.8678E08

40.3222

50

DLGP

72

0.0021 2.2360E08

68.97

50

DLGP+EHC

100

0.000

20.2493

Trials Method

Lotka-Volterra ẋ 50
50
Lotka-Volterra ẏ 50
Pagie-1
Nguyen-7

2.2781E07

Results in italic are significant to p < 0.05, where p is the non-parametric ranked t-test. (Wineberg
and Christensen 1994)

where
R2 =

cov(y ∗ , ŷ)2
var(y ∗ )var(ŷ)

(3.6)

For these examples, every successful run was an exact match to the target equation
form, with parameters exact to floating-point zero.
A parameter hill climber was used once per generation on each individual in
order to perform local search of constant values in the Lotka-Volterra problems. The
parameter hill climber perturbs each constant value in the expressed genotype with
0 mean Gaussian noise with standard deviation equal to 10 % of the magnitude of
the constant, and keeps the changes if they improve fitness. Likewise, the EHC was
run for one iteration each generation with a switching rate of 10 %.

3.5

Results and Discussion

The results are summarized in Table 3.2. We compare results by success rate (exact
solution), mean best fitness (MBF), mean number of total point evaluations in the
trials, and mean effective program length (number of active instructions) during the
trial. The EHC increased success rate on the Pagie-1 problem from 13 to 27 %,
and increased success rate on the Nguyen-7 problem from 72 to 100 %; meanwhile,
standard DLGP and DLGP+EHC both solved the Lotka-Volterra problem 100 % of
the time.
Despite increasing the number of fitness evaluations per generation by implementing the EHC, we found that the total number of point evaluations during a run
actually decreased for most problems, with statistically significant decreases in the
Lotka-Volterra and Nguyen-7 problem. This is due to a combination of improved
success rate (for Nguyen-7) and the lower effective program length. For the Pagie-1
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Fig. 3.4 Program size comparison during evolution of Pagie-1, averaged over the trials of each
method. Both total and effective length are shown for the regular DLGP method and the additional
EHC implementation

problem there was approximately a 2 % increase in total point evaluations, likely
due to the fact that most trials went to the maximum generations without finding a
solution. While it is difficult to make a direct comparison to previously published
results due to the variability in experimental setup and termination criteria, it is noted
that most algorithms do not find (or do not report) as many exact solutions to the
Pagie-1 problem (Pagie and Hogeweg 1997; Kommenda et al. 2013; Spector and
Helmuth 2013) [eg] or the Nguyen-7 problem (Uy et al. 2011; Krawiec and Pawlak,
2013), especially when using “standard” GP.
We also found that the EHC provided good size control during evolution, as
shown in Figs 3.4 and 3.5. While the total genotypic size remains similar to DLGP,
with EHC activated the effective size of the programs was 17 % shorter for each
Lotka-Volterra state, 41 % shorter for Pagie-1, and 70 % shorter for Nguyen-7. For
the Lotka Volterra cases, the smaller initial program sizes and 0 % inactive genes
may explain why the size difference is less pronounced. Furthermore, as Fig. 3.5
shows, the EHC addition resulted in final solutions with less bloat, meaning that the
expressed genotype of the solution was closer to the smallest possible size by which
the exact solutions could be represented.

3.6

Conclusion

We have demonstrated a straightforward way to incorporate some of the key features of epigenetics into linear genetic programming in order to improve symbolic
regression performance. We represented two characteristics of epigenesis in this
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Solution Bloat
80
70
60
50

DLGP
DLGP+EHC

40
30
20
10
0

LV 1

LV 2

Pagie−1

Nguyen−7

Fig. 3.5 Comparison of solution bloat, which is the difference in size of the solution program and
the smallest possible solution program for the exact solution

implementation: (1) dependence on environmental factors by use of the EHC, and
(2) inheritability by evolution of epilines with their corresponding genotypes. Unlike
previous methods, our system allows offspring to inherit both the learned phenotypic
traits of their parents as well as the genotypic underpinning. With this system we
demonstrate higher success rates and lower solution bloat for a number of symbolic
regression problems, with equivalent or lower computational effort required. This
suggests that the epigenetic implementation is able to capitalize on the benefits of
Lamarckism (fast convergence) and Baldwinian evolution (finding global optima).
We hope this work will provide the basis for further investigation into how epigenetic learning and evolution can interact to improve genetic programming for many
applications. Namely, further work should address various levels of epigenetic inheritability, as well as the contributions of environmental factors or inheritance to
the improvement in success.
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