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Abstract. This work is inspired by the idea of seeding Genetic Pro-
gramming (GP) populations with trained models from a pool of different
Machine Learning (ML) methods, instead of using randomly generated
individuals. If one considers standard GP, tackling this problem is very
challenging, because each ML method uses its own representation, typi-
cally very different from the others. However, the task becomes easier if
we use Geometric Semantic GP (GSGP). In fact, GSGP allows us to ab-
stract from the representation, focusing purely on semantics. Following
this idea, we introduce EGSGP, a novel method that can be seen either
as a new initialization technique for GSGP, or as an ensemble method,
that uses GSGP to combine different Base Learners (BLs). To counteract
overfitting, we focused on the study of elitism and Soft Target (ST) reg-
ularization, studying several variants of EGSGP. In particular, systems
that use or do not use elitism, and that use (with different parameters)
or do not use ST were investigated. After an intensive study of the new
parameters that characterize EGSGP, those variants were compared with
the used BLs and with GSGP on three real-life regression problems. The
presented results indicate that EGSGP outperforms the BLs and GSGP
on all the studied test problems. While the difference between EGSGP
and GSGP is statistically significant on two of the three test problems,
EGSGP outperforms all the BLs in a statistically significant way only
on one of them.

Keywords: Genetic Programming - Geometric Semantic Genetic Pro-
gramming - Initialization - Ensemble methods - Meta-learning

1 Introduction

Ensemble Methods (EMs) focus on combining the knowledge obtained from mul-
tiple models resulting from different algorithms, with the goal of achieving a final
model that is better than any of its singular components [1]. More specifically,
EMs form their final models by constructing an ensemble, which is simply a
bundle of learners — commonly known as Base Learners (BLs) — whose individ-
ual decisions are combined in some way [2]. EMs are therefore anchored in the
Aristotelian idea that the whole should be better than the sum of its parts, re-
lying on the “power of combination” to achieve a more accurate final result [1].
Meta-learning is a specific field within EMs that, as its name indicates, focuses
on raising the level of abstraction a step further, seeking for the ability of ”learn-
ing to learn” [3]. More precisely, while a ML algorithm (commonly denoted as
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the first-level or base learner) learns to identify patterns in the data in order to
make predictions, a meta-learning algorithm (often denoted as the second-level
learner) learns how to combine these first-level predictions [1]. Hence, in meta-
learning an algorithm learns from previous experience in a data-driven way [4]
by taking the output of different base learners as input [5].

This paper proposes Ensembled Geometric Semantic Genetic Program-
ming (EGSGP) as a meta-learning technique, that uses Geometric Semantic
Genetic Programming (GSGP) to combine the information obtained from a het-
erogeneous set of ML algorithms, with the goal of using the power of combina-
tion for a better predictive performance. GSGP [6] is an extension of Genetic
Programming (GP) [7], that has the goal of evolving individuals while directly
searching in the semantic space [8]. In this context, the semantic of an individual
refers to its predictions on the training data or, in other words, the vector of its
output values [9]. This ability to directly search in the semantic space is possible
thanks to the replacement of standard crossover and mutation, typically based
on individuals’ syntax, with geometric semantic operators (GSOs) [10]. GSOs
bestow GSGP with the property of inducing a unimodal error surface [10] (i.e.,
a fitness landscape characterized by the lack of locally optimal solutions). Be-
sides the introduction of GSOs, several other contributions focused on facilitating
GP’s search using semantic awareness [8]. For instance, Pawlak and Kraweic in-
troduced semantic geometric initialization [11], opening gates to other GSGP
focused initialization methods (e.g., the EDDA initialization [12]), recognizing
the importance of an appropriate population initialization and how it may play
a crucial role for GSGP.

The proposed technique (EGSGP) is contextualized in this research track.
In fact, it can be seen as an ensemble initialization method that utilizes the out-
puts obtained from a heterogeneous set of ML algorithms, the BLs, as the initial
population for GSGP. This is possible because, as recognized in [6], GSGP can
abstract from representation, i.e. from the genotype of the individuals, focus-
ing solely on their semantics, a property that distinguishes GSGP from tradi-
tional GP. So, even though the different BLs have very diverse representations,
the evolution can be based only on their output values, calculated on the training
observations. One can perceive EGSGP as either a novel initialization method
for GSGP, where the initial population is no longer composed of random indi-
viduals, but rather of the predictions (i.e., the semantics) of the BLs, or as a
meta-estimator that utilizes GSGP as a trainable combiner (i.e., the entity re-
sponsible for combining the knowledge obtained from the different models [13]).
Additionally, an analysis of the effects of elitism and of the incorporation of a
regularization method called Soft Target (ST) [14] in the models, with the goal
of limiting overfitting and dealing with potential diversity issues, was performed.

This document is organized as follows: in Section 2, we present GSGP; Sec-
tion 3 introduces ST regularization; Section 4 discusses the proposed EGSGP
technique; Section 5 presents our experimental study, including a discussion of
the test cases, of the used experimental settings and of the obtained results;
finally, Section 6 concludes the work and proposes ideas for future research.
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2 Geometric Semantic Genetic Programming

Let X = {x_{, ... x—n)} be the set of input data (training instances, observations
or fitness cases) of a supervised learning problem, and t = [t1,ts,...,t,] the
vector of the respective expected output or target values (in other words, for
each ¢ = 1,2,...,n, t; is the expected output corresponding to input TZ) A GP
individual (or program) P can be seen as a function that, for each input vector
Z, returns the scalar value P(z}). Following [6], we call semantics of P the
vector 5p = [P(Z1), P(Z3), ..., P(Z,)]. This vector can be represented as a point
in a n-dimensional space, the semantic space. As explained above, GSGP is a
variant of GP, where the traditional crossover and mutation are replaced by new
operators, the Geometric Semantic Operators (GSOs). The objective of GSOs
is to define modifications on the syntax of GP individuals, that have a precise
effect on their semantics. One of the reasons for the success of GSOs is because
they induce an unimodal error surface (on training data) for any supervised
learning problem, where fitness is calculated using an error measure between
outputs and targets. In other words, using GSOs the error surface on training
data is guaranteed to not have any locally optimal solution, except for the global
optima. The definitions of the GSOs are, as given in [6], respectively:

Geometric Semantic Crossover (GSC). Given two parent functions
T1,T5 : R™ — R, the geometric semantic crossover returns the real function
Txo =Ty -Tr) + (1 = Tg) - T2), where Tg is a random real function whose
output values range in the interval [0, 1].

Geometric Semantic Mutation (GSM). Given a parent function
T : R™ — R, the geometric semantic mutation with mutation step ms returns
the real function Thy =T + ms - (Tr1 — Tr2), where Tg; and Tgy are random
real functions.

Even though this is not in the original definition of GSM, later contribu-
tions [10] have clearly shown that limiting the codomain of Ty and The in a
predefined interval (for instace [0, 1], as it is done for T in GSC) helps improv-
ing the generalization ability of GSGP. As in several previous works [10], here
we constrain the outputs of Tr, Tk and Tro by wrapping them in a logistic
function. Only the definitions of the GSOs for symbolic regression problems are
given here, since they are the only ones used in this work. For the definition of
GSOs for other domains, the reader is referred to [6].

Reference [10] contains a detailed and intuitive explanation of the reason
why the error surface is unimodal when GSOs are used. However, even without
dwelling with the formal details, that can be found in that paper, one can have
an intuition of why GSO induce a unimodal error surface, looking at the GSM
definition. GSM corresponds to box mutation in the semantic space, which means
that if we mutate an individual x, it is possible to create an individual with any
semantic included in a box centered in the semantic of z. As such, and recalling
that also the target vector is a point in the semantic space, with a GSM step
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applied to any x it is always possible to get closer than x to the global optimum.
One important notation is that, even though having a unimodal error surface
significantly simplifies the learning process, it does not “trivialize” the problem.
If fact, it is important to understand that we are facing supervised machine
learning problems here, and not pure optimization problems. As such, what is
interesting for us is the model accuracy on unseen data, while the unimodality
of the error surface can be proven only on training data.

Furthermore, using GSOs the semantics of the offspring is completely de-
fined by the semantics of the parents: the semantics of an offspring produced
by GSC will lie on the segment joining the semantics of the parents (geometric
crossover), while GSM defines a mutation such that the semantics of the off-
spring lies within the ball of radius ms centered in the semantics of the parent
(geometric mutation, or “ball mutation”). As discussed in [6, 10], GSOs always
generate larger offspring than the parents, and this entails a rapid growth of the
size of the individuals in the population. To counteract this problem, in [10] an
implementation of GSOs is presented that makes GSGP not only usable in prac-
tice, but also significantly faster than standard GP. This is possible by means of
a particular representation of GP individuals, that allows us to not store their
genotypes during the evolution. This point, i.e. not having to store the genotype
of the evolving individuals, is key for our work, since the initial individuals are
models coming from the training of very diverse BLs. So, the implementation
presented in [10] is the one we used here.

3 Soft Target Regularization

Considering that EGSGP constructs an initial population for GSGP using pre-
trained BL: models, a potential tendency for overfitting, due to the lack of initial
diversity, could imaginably become a problem. For this reason, regularization
may be an essential step for EGSGP. The choice of implementing Soft Tar-
get (ST) (first proposed by Aghajanyan in [14]) and not another regularization
method was mainly anchored in the fact that ST was already successfully em-
ployed with GP [15]. ST works by maintaining information from the models’
outputs in the early phases of the training process, as their early mistakes can
be useful and provide information regarding what Aghajanyan called the “co-
label effects” [15]. More specifically, ST redefines the traditional loss function
as a quantification of the distance between the calculated outputs and the soft
target. The soft target is a weighted average between the expected outputs and
some information concerning the past models’ outputs. At each generation ¢,
this information consists in a moving average of the past models’ outputs 4,
defined as:

tﬁ)
I

§° = fO(X)
t=B-g"1 4+ (1-0)- fi(X), if t>0
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where X is the set of input vectors, X = {a:_1>, a?%, . J:_,;} Consequently, we
update the value of the soft target T = {t},t}, ..., t!,} through a weighted average
of §* and the true expected output y = {y1,92,...,yn}, as follows:

0=y
tt* ~t : (2>
=7 9+QQ-7)y ift>0

In the previous two equations, 8 and ~y are parameters of the algorithm. The
former (B) allows us to tune the importance of the past models’ outputs com-
pared to the current one, while the latter () allows us to tune the importance of
the moving average of the past models, compared to the true expected output.
Finally, for each iteration ¢, the loss function £ is defined in the following way:

£() = (i Zcxft(xi),tz)) Q

where, in the case of our work, we used L;(a,b) = (a — b)? and m = 1/2,
thus turning £ into a Root Mean Square Error (RMSE), as it is customary
for GP [15]. ST regularization requires two parameters in addition to 8 and ~:
the burning period (bp) and the frequency of update (fu), corresponding to the
number of initial generations in which the algorithm is executed without any ST
regularization and the frequency of update of the soft target, respectively. Thus,
setting the ST parameters allows us to tune how much importance is given to the
early stages of the learning. The next section provides further details regarding
how ST regularization was used by the EGSGP algorithm.

4 Ensembled Geometric Semantic Genetic Programming

Simply put, EGSGP consists in a novel initialization for GSGP. In EGSGP,
the population is no longer seeded with random individuals. Instead, the initial
individuals are generated using the semantics of the BL models, that had been
previously trained. Six different methods were constructed in order to assess
the performance of our proposed technique. These methods are characterized
by the possible combinations of elitism and ST regularization, that we identify
as two important elements to counteract overfitting. As previously discussed,
the ST regularization depends on different parameters, that allow us to tune
the importance given to the previous models during the learning. Thus, when
ST regularization is used, two different sets of ST parameter combinations are
employed. For simplicity, we call the two variants ST}, and STp.

ST, consists of ST regularization with a parameter set that gives high im-
portance to past models’ outputs (and therefore to the original BLs), starting
the regularization at an early stage of the learning process. The parameters that
characterize ST, version are: 8 = 0.95,7 = 0.95,bp =0, fu = 2.

STy, instead, applies ST regularization with a parameter set that is more
balanced, giving importance both to the original BLs and to the changes that
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happen to them throughout the learning process. The parameters that charac-
terize STy are: 8 = 0.5,7 =0.5,bp =5, fu = 5.

Furthermore, EGSGP with no regularization was also studied. In this fashion,
the combination of the whether Elitism or ST regularization (and which ST
regularization parameters) were or not employed results in six EGSGP models:
EL_NO_ST, that uses elitism and no ST; NO_EL_NO_ST, that uses no elitism
and no ST; EL_STA, that uses elitism and S7),; NO_EL_STA, that uses no
elitism and ST),,; EL_.STB, that uses elitism and S7};; and NO_EL_STB, that
uses no elitism and no ST.

5 Experimental Study

Base Learners. In this work, EGSGP seeds the initial population of GSGP
with the semantics of 15 different BL pre-trained models, that underwent no pa-
rameter optimization, since their outputs will later be further trained by GSGP.
Hence, the default setting of the Python libraries’ functions were kept. The used
BLs were: Decision Trees, Random Forests, Extra Tree Regressor, AdaBoost,
Gradient Boosting, Lasso Regression, Ridge Regression, Support Vector Ma-
chines, K-Nearest Neighbours, Elastic Net, Multilayer Perceptron, ADR Regres-
sor, Kernel Ridge and two variants of XgBoost.

Test Cases. Three real-life regression problems were used to assess the per-
formance of EGSGP. The first one, the Concrete dataset, has the objective to
predict the strength of high perfomance concrete given its components. The
remaining two datasets are problems from the biomedical area; the Plasma Pro-
tein Binding (PPB) levels dataset aims at predicting the value of a pharmacoki-
netic parameter (the PPB), based on a set of molecular descriptors of potential
new drugs, and the Unified Parkinson’s Disease Rating Scale (UPDRS) dataset
seeks to predict the UPDRS assessment, in order to aid the automatization of
the tracking of the development of Parkinson’s disease symptoms. These three
datasets have often been used as benchmarks for GP. The Concrete dataset is
discussed in [16], and it is characterized by 8 features and 1030 observations.
The PPB dataset is described in [17], and it is characterized by 626 features
and 131 observations. The Parkinson’s dataset was introduced in [18], and it is
characterized by 18 features and 5875 observations.

Experimental Settings. We performed the Monte-Carlo cross-validation
with 30 independent runs, using a different random seed for each one of them.
At each run, 30% of the data was used for testing. The remaining portion of
the data (70%) was split in two parts: training and validation, with 70% and
30% of that remaining portion respectively. For each dataset, the six different
EGSGP models were tested. The GSGP parameters, like the probability of mu-
tation (PMut), the probability of crossover (PXover), the mutation step (ms),
and others, were determined via a grid-search, where the parameter combina-
tion with the best median validation error was chosen. The parameter values
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tested in the grid search were: crossover and mutation rates equal to 0.25, 0.5,
0.75 and 1; mutation step equal to 0.001, 0.01, 0.1 and 1; tournament size equal
to 2 and 10; population size equal to 25, 50, 100, 200, 250; maximum number
of generations equal to 25, 50, 100, 200, 250 (plus the additional values of 650
and 1250, that were tested only for GSGP). We gave GSGP the possibility of
evolving for a larger number of generations than EGSGP (in fact, for GSGP also
the values 650 and 1250 were tested), because the initial population of EGSGP
is composed of pre-trained models. Hence, we considered that allowing GSGP
to train for more generations is important for having a fair comparison. More
specifically, the value 1250 was chosen in view of the fact that the highest num-
ber of maximum iterations for the training stage of the BLs was 1000. Therefore,
EGSGP can be seen as having an additional 1000 iterations when compared to
GSGP, unless we allow GSGP to run for 1000 more generations.

Finally, an assessment of the models was carried out by executing a compari-
son between EGSGP, the best BL for each test case, and traditional GSGP. The
validation dataset was not solely used for parameter optimization. Additionaly,
BLs that were deemed as “overfitters” based the on validation dataset were not
included in the initial population. For the Concrete and Parkinson’s case stud-
ies, we considered that a BL overfits if its median validation error was more
than four times its median training error (given that that amount was far from
the “normally expected” seen to unseen error worsening in our particular case
studies). For the PPB dataset, given its noticeable tendency to overfit, BLs with
a median training error below 0.15 and with a median validation error above
two times the median validation error of all the BLs, were excluded. Finally, in
the Concrete test case, no BLs were excluded from the initial EGSGP popu-
lation. For the PPB dataset, the BL models that were excluded were the ones
generated by Extra Tree Regressor, XgBoost, Gradient Boosting, Lasso, Ridge,
K-Nearest Neighbours, Elastic Net and Multilayer Perceptron. For the Parkin-
son’s test case, only one model was excluded: the one generated by AdaBoost.

Experimental Results. The obtained experimental results are reported in
Tables 1, 2 and 3 (for the Concrete, PPB and Parkinson’s case studies, respec-
tively). The first column of these tables reports the studied methods (either one
of the EGSGP variants, or traditional GSGP, or the best BL). The remaining
columns present the median RMSE of the models for both training and un-
seen (i.e., testing) data. Furthermore, to assess the statistical significance of
the results, a set of tests were performed. Their outcomes are presented in Ta-
bles 4, 5 and 6 (for the Concrete, PPB and Parkinson, respectively). Since the
results of the Kolmogorov-Smirnov tests revealed that the data are not normally
distributed, the non-parametric Mann-Whitney U-statistic was chosen for our
analyses. As we can see from the tables, EGSGP is able to outperform tradi-
tional GSGP in all the studied test problems, both on training and unseen (i.e.,
testing) data. The difference between the two methods is statistically significant
in all case studies, with the exception of PPB. However, when we observe the
same tables and compare EGSGP with the best BL, we conclude that the fre-
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Table 1. Results of the median train-
ing and unseen error obtained on the
Concrete case study over 30 indepen-
dent runs for the EGSGP models,
GSGP and the best BL. The best train-
ing and unseen error are highlighted in
bold.

Method Median Median
Training Unseen
Error Error
EL_NO_ST (3.290 5.462
NO_EL 3.317 5.495
NO_ST
EL_STA 3.434 5.468
NO_EL_STA|3.421 5.461
EL_STB 3.332 5.442
NO_EL_STB|3.339 5.491
Best BL 3.455 5.477
GSGP 13.325 13.627

Table 3. Results of the median train-
ing and unseen error obtained on the
Parkinson’s case study over 30 inde-
pendent runs for the EGSGP models,
GSGP and the best BL. The best train-
ing and unseen error are highlighted in
bold.

Method Median Median
Training Unseen
Error Error
EL_NO_ST [2.607 3.221
NO_EL 2.587 3.218
NO_ST
EL_STA 2.594 3.227
NO_EL_STA|[2.623 3.284
EL_STB 2.607 3.223
NO_EL_STB|2.588 3.220
Best BL 2.641 3.309
GSGP 7.699 7.721

Table 2. Results of the median train-
ing and unseen error obtained on the
PPB case study over 30 independent
runs for the EGSGP models, GSGP
and the best BL. The best training and
unseen error are highlighted in bold.

Method Median Median Un-
Training seen Error
Error
EL_NO_ST 0.188 33.378
NO_EL 1.535 33.280
NO_ST
EL_STA 0.186 33.366
NO_EL_STA [0.650 32.915
EL_STB 0.260 33.042
NO_EL_STB|1.536 33.282
Best BL 0.189 33.378
GSGP 36.890 39.749

Table 4. p-values of the Mann-
Whitney test for the Concrete dataset.

Method Method Method
vs GSCP vs BL

EL.NOST [< 1077 0.17774
NO_EL <107* 0.33137
NOST

EL_STA <107* 0.35859
NO_EL_STA|< 10~* 0.32071
EL_STB <1071 0.18554
NO_EL_STB|< 10~* 0.34216

quently observed improvement on both training and unseen error is only enough
to yield statically significant results on the Parkinson’s case study.

For each one of the studied test problems, Figure 1 reports the error evolu-
tion on the test set, against generations, for the best EGSGP model, the best BL
(represented as an horizontal line in the plots) and GSGP, while Figure 2 reports
an overall comparative performance assessment of the different EGSGP models.
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Table 5. p-values of the Mann- Table 6. p-values of the Mann-
Whitney test for the PPB dataset. Whitney test for the Parkinson’s
dataset.

Method Method Method Method Method Method

vs GSCP vs BL vs GSCP vs BL
EL_NO_ST |0.08343 0.47642 ELNOST [<10°* 0.00031
NO_EL 0.08573 0.47937 NO_EL <1071 0.0002
NO_ST NO.ST
EL_STA 0.08806 0.48526 EL_STA <1071 0.00026
NO_EL_STA|0.05599 0.38656 NO_ELSTA[< 107 * 0.10310
EL_STB 0.07472 0.4676 EL_STB <107* 0.00036
NO_EL_STB|0.08573 0.47937 NO_ELSTB|< 10~ * 0.00019

For the Concrete dataset, we can conclude that the EGSGP models are able
to improve the fitness of the best BL without, however, yielding significant sta-
tistical results. This is true with the exception of methods NO_EL_NO_ST and
NO_EL_STB. Note that both of these methods do not use elitism. Interestingly,
adding a ST regularization that gives great importance to previous models’ out-
puts (method NO_EL_STA) clearly reduces overfitting. Also, EGSGP was able
to improve the fitness of the best BL, regardless of the hyper-parameter model
combination, in both the PPB and Parkinson’s case studies. Finally, we point
out that in the Parkinson’s case study, EGSGP significantly outperformed the
best BL (with the exception of method NO_EL_STA).

6 Conclusions and Future Work

This work exploited the idea of seeding a Genetic Programming (GP) popula-
tion with models generated by other Machine Learning (ML) methods, instead
of using randomly generated individuals. While tackling this problem with stan-
dard GP would have been extremely challenging, because each ML method uses
its own representation, typically very different from the others, the task becomes
straightforward if we use Geometric Semantic GP (GSGP). In fact, GSGP allows
us to abstract from the representation of the evolving individuals, focusing purely
on their semantics (i.e., the vector of their output values on the training obser-
vations). Following this idea, in this paper we have presented EGSGP, a novel
method, that can be seen either as a new intialization technique for GSGP or as
an ensemble method, that uses GSGP to combine different Base Learners (BLs).
Given that the initial population of EGSGP is composed by pre-trained mod-
els, it is easy to expect that a further optimization of those models, given by
the GSGP evolution, would lead the system to overfit training data. For this rea-
son, we identified elitism and Soft Target (ST) regularization as elements that,
if appropriately tuned, could help us limit overfitting and so several variants of
EGSGP were studied. In particular, variants that use or do not use elitism, and
variants that use (with different parameters) or do not use ST were studied.
Those variants were compared with the best BL and with GSGP on three real-
life regression problems (Concrete, PPB and Parkinson’s datasets). An analysis
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Fig. 1. Unseen error comparison between the best EGSGP method and the best BL
(on the left) and the best ESGP method and GSGP (on the right) in the Concrete

case study (first row), the PPB case study (second row) and the Parkinson’s case study
(third row).

of the presented results indicates that there is no EGSGP hyper-parameter com-
bination that outperforms the others in all case studies. For the Concrete and
PPB case studies, ST yielded the best results (with Elitism and without elitism,
respectively) while the best model for the Parkinson’s case study was obtained
without ST and without elitism. Furthermore, the best models were, in two of
the three case studies, the ones with no elitism. In general, having elitism or not
affects the models’ results more when the ST regularization process is started
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Fig. 2. Error comparison between the different EGSGP models and the best BL for the
Concrete case study (first row), the PPB case study (middle row) and the Parkinson’s
case study (last row). The leftmost column presents the unseen error comparison, while
the rightmost column presents the distribution of the median training and unseen error
for each case study over the 30 seeds.

at an earlier stage of the evolution, giving more importance to the original BLs.
With respect to its competitors, EGSGP was able to not only outperform GSGP,
but also the best BL. This improvement yielded statistically significant results
in one of the three case studies. Nonetheless, we consider the performance of
EGSGP to be overall positive, given the fact that it was able to improve the
best BL in all case studies, even when not enough to be deemed statistically
significant. These results reflect GSGP’s potential to become a powerful meta-
learning combiner that is able to integrate the knowledge obtained from a set
of different ML models, in a way that outputs results that are better than the
ones individually obtained. Future work should focus on the reconstruction of
the genotype of the final model returned by EGSGP. The task is ambitious,
because it implies the definition of a middle layer of representation, common to
all the ML, methods used as BLs.
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