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Abstract. Many frameworks and libraries are available for researchers
working on optimization. However, the majority of them require pro-
gramming knowledge, lack of a friendly user interface and cannot be run
on different operating systems. WebGE is a new optimization tool which
provides a web-based graphical user interface allowing any researcher to
use Grammatical Evolution and Differential Evolution on symbolic re-
gression problems. In addition, the fact that it can be deployed on any
server as a web service also incorporating user authentication, makes it a
versatile and portable tool that can be shared by multiple researchers. Fi-
nally, the modular software architecture allows to easily extend WebGE
to other algorithms and types of problems.

Keywords: Grammatical Evolution - Differential Evolution - Symbolic
regression - Open-source Software.

1 Introduction

In the field of optimization and, more precisely, in the metaheuristics area, many
software frameworks and libraries are available. Researchers may select among
different alternatives implemented with different programming languages. For
instance, jMetal [12], ECJ [26] or JCLEC-MO [24] are programmed in Java,
LEAP [7] or EvoCluster [23] are coded in Python, PlatEMO [2§] is coded in
MATLAB and predtoolsTS is coded in R [6]. These are several of the most
complete and recently available frameworks and libraries with different aims
and scopes.

The common features among them are the availability of many algorithms
and the possibility of adapting the framework to any target problem. However,
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there is one mandatory requirement: the researcher must have learnt how to
program using the language of the selected framework. Besides, the majority
of these libraries and frameworks lack of a friendly and modern graphical user
interface (GUI) for an easier use.

Optaplanner is a constraint solver mainly specialized in scheduling and rout-
ing problems [I0]. It provides different algorithms and metaheuristics like Tabu
Search, Genetic Algorithms or Simulated Annealing, among others. The use of
Optaplanner requires coding abilities, since any new problem has to be pro-
grammed either from scratch or using one of the provided examples as a tem-
plate. Although Optaplanner provides GUI support for solution visualization for
some examples, the experiments configuration and modelling has to be made on
the source code.

Perhaps one of the most interesting optimization tools providing a GUI is
HeuristicLab [I3], which is an integrated environment for heuristic optimization.
It includes many different types of algorithms and problem families, allowing the
user also to create new problems using a template-based system. However, the
main drawback of HeuristicLab is that it cannot be shared among researchers
since it lacks of a user authentication system. Besides, it is developed for Win-
dows and its portability to other operating systems like Linux or MacOS depends
on third-party elements like Mono.

Therefore, despite that many optimization tools and frameworks are available
for a researcher, none of them meet the following requirements: friendly GUI, no
need of coding abilities, portability and shareable as a web service.

In this way, a new tool named WebGE, which stands for Web Grammat-
ical Evolution, is proposed in this paper. WebGE provides a web-based GUI
for experiments management, where the algorithm tuning can be performed us-
ing friendly web forms. Moreover, WebGE is packed using the Docker container
technology, which allows WebGE to be run in any operating system. In addi-
tion, WebGE can be run on a shared server by multiple researchers, since it
implements granular access controls, and it stores all the data and results in
a relational database. Finally, WebGE is proposed as an open-source software,
already available in https://github.com/GRAFO-URJC/WebGE, and specifically
designed to be extended to other algorithms and problems.

In its current state of development, WebGE allows the user to work on sym-
bolic regression problems. That is, problems devoted to finding models for a
target variable from a given dataset. To this aim, not only does WebGE pro-
vide GE as an optimization algorithm, but it also provides the combination of
GE with Differential Evolution (GE+DE). Therefore, WebGE can be used in
any symbolic regression problem by any researcher with no programming back-
ground.

The rest of the paper is organized as follows. First, the integration of GE
and DE into WebGE is explained in Section [2] Then, a general software descrip-
tion and the main features of WebGE are detailed in Section [3| and Section
respectively. In order to test the proposed application, a well-known benchmark
is studied in Section [f] Finally, conclusions are drawn in Section [6}
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2 Grammatical Evolution and Differential Evolution

Grammatical Evolution (GE) is a metaheuristic method belonging to the Ge-
netic Programming family [22]. Its main advantage lies in being able to include
particular knowledge of a problem into the grammar in order to guide the opti-
mization process. Different GE implementations have been successfully applied
to diverse problems like machine learning pipeline optimization [14] [3], feature
extraction on accelerometer data [I9], glucose forecasting in diabetic patients
[16] or energy demand estimation [I§].

In particular, many of the works whose aim is to produce models tackle the
problem as a symbolic regression process. This process begins with the compi-
lation of a dataset composed by a set of input variables and a target variable to
be modelled. This dataset is usually split in two: one part used in the process
to obtain the models (training phase) and a second part devoted to assessing
the quality of the obtained models (testing phase). The models are generated
as mathematical expressions which produce series of data that are compared
to the target variable one. The difference between the predicted values and the
reference is called error, and there exists multiple metrics to measure it, such as
the root mean squared error, the absolute error, the average error or R2. Since
WebGE is focused on this kind of problems, it is designed to ease the process
of dataset division into training and test as well as the quality measure process,
implementing all the previously mentioned metrics.

The GE implementation included in WebGE comes from the JECO library
[1], which has been also used in several works like [I6] and [I8]. However, due to
the modular design of WebGE, any other GE implementation could be integrated
in the application.

In addition to GE, WebGE also provides the combination of GE with Dif-
ferential Evolution (DE) proposed in [8] and called GE+DE. DE [27] is a meta-
heuristic algorithm very well suited for continuous optimization, which makes
it interesting to ensemble with GE. In particular, the approach followed by the
GE+DE implementation lets DE take care of the generation of constant values,
which is a delicate task in GE [I1] [4], and allows GE to focus on the generation
of parameterized models.

Fig. [1] shows the optimization cycle performed by GE+DE in WebGE. As
it can be seen, all the information related to an experiment is stored in the
database. This way, the configuration of the experiment is loaded from the
database and the algorithm begins its execution. Here, each generation of in-
dividuals in GE consists of a set of parameterized models generated under the
guidance of the grammar. This population is sent to DE, which searches for the
best parameter values of the models according to the selected objective function
calculated on the training data. Once DE finishes executing, the models with
parameter values are returned to GE and the evolutionary process is repeated
until the maximum number of generations of GE is reached. At the end of the
execution, the best model and its corresponding optimized parameters are stored
in the database.



4 J. Manuel Colmenar, Rail Martin-Santamaria, and J. Ignacio Hidalgo

e N\

WebGE - Algorithmic Schema

Database

GE + DE
Configuration e Parameterized
1 Models
Grammar | _____________1

Best Model with
Parameter Values [€

Training Data | _ _ _ _ _ _ _ _ -

~

Fig.1. GE+DE algorithm schema implemented in WebGE.

3 Software description

WebGE has been developed as an open-source project under the GNU General
Public License v3.0, and its source code is available at GitHub https://github.
com/GRAF0-URJC/WebGE. Several students have contributed to this project from
the very beginning, some of them working on WebGE for their final degree
projects. We would like to acknowledge here their work and note that their
contribution is credited at https://grafo-urjc.github.io/WebGE/.

Since the project follows the SOLID principles, in particular, the Single re-
sponsibility principle, the number of classes developed in this project is high, so
no class diagram is provided. However, key design aspects and principal compo-
nents are next described.

3.1 Modular design

WebGE has been developed following a modular design whose aim is two-fold.
On the one hand, in terms of code development, it allows the future extension of
the functionalities of the application. On the other hand, the division into com-
ponents allows a more efficient execution, identifying performance bottlenecks.
Fig. 2| shows the modular design of WebGE in terms of component features.
In particular, four main components, identified with white background in the
figure, were developed. The first one, the GUI + FEndpoints element, is the set
of web-based interfaces which encompasses the communication with the user.
These elements required the development of a whole set of endpoints which de-
couple the implementation of the GUI with the rest of the application, allowing a
future extension to different interfaces. The second one is the Persistence Wrap-
per, which includes all the operations related to database storage and retrieval of
information. The third one is the Launcher, which is the component that takes
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the information of the experiments (retrieved from the database by the Per-
sistence Wrapper) and creates the experiment tasks to be run upon resources
availability. As seen in the figure, the Launcher receives the command from the
user through the corresponding endpoint. Then, it stores the generated experi-
ment into a waiting queue, where the experiments are kept while no processors
are available. Finally, the fourth component is the Fzecution Engine, which is in
charge of monitoring the resource availability and to actually run the pending
experiments.

WebGE

s N

User Browser > GUI + Endpoints -—r@—l
h J b

;

[ Exp
J Waiting
Exp Queue

»  Persistence Wrapper -
PostgreSQL 4—| h

Database

JECO

A 4 Engine
Running Experiments )

J— o

Server Processor \_ Y,

Execution

L1 11

Fig. 2. WebGE components schema.

Notice also that the running experiments make use of two external libraries,
identified with blue background in the figure: JECO and exp4j. JECO is the
library which provides the evolutionary algorithms, as previously explained. The
evaluation of model expressions is performed by exp4j [2]. This library provides a
standard set of built-in functions and operators, allowing the developer to create
new functions.

3.2 Parallel Execution

One of the most important features of WebGE is how the experiment execution
is speed up by an automatic parallel executor. In particular, each experiment run
is sliced into a set of execution tasks, which are actually run in parallel taking
into account the resources available in the server where it is installed.
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As seen in Fig. 2] this process is handled by the Ezecution Engine component,
which takes the pending experiment runs from the waiting queue and generates
the corresponding executable task.

The queue is implemented using RabbitMQ [17], which provides an asyn-
chronous interface to reliable process all execution tasks. The queue is persistent,
which means that in case of application failure or restart, the experiment can
continue executing with a minimal loss of work (execution tasks dispatched but
not committed are restarted). Moreover, using a neutral message broker such as
RabbitMQ allows the application to completely decouple the experiment launch
from the actual experiment execution. This is intentional, since a future exten-
sion will allow distributed computing to further accelerate experiment execution.

3.3 Persistence layer

WebGE stores all the information related to users, experiments and datasets
in a PostgreSQL relational database. Fig. [3] shows the relational diagram of its
current state of development. As seen in the figure, experiments and runs are
separated into different entities since an experiment with a given set of param-
eters and input data, may be executed several times. Hence, each execution is
considered a run, and all its related information is associated in the database. In
addition, datasets and grammars are also separately stored, in order to allow the
users to perform the typical CRUD (create, read, update, delete) operations. The
information related to the user and the session are also stored in the database.

3.4 Implementation technologies

Regarding the implementation technologies, WebGE is a Spring Boot applica-
tion whose persistence layer relies on Spring Data [9], using Flyway to control
the evolution of the database design [25] (Fig. [3|shows the corresponding history
table). Besides, WebGE is packed as a Docker container, providing a docker-
compose template to ease the deployment process. Notice that the use of Docker
is currently considered one of the best practices for reproducible experimen-
tation [5]. The latest Docker images of WebGE are also available at Docker
Hub (https://hub.docker.com/r/jmcolmenar/webge) where releases are au-
tomatically generated by the continuous integration server, which allows a more
efficient and less error-prone development process [20].

4 WebGE most relevant features

Probably the most important feature of WebGE is that it provides a friendly web-
based GUI supported by database storage. In addition, some other important
features such as the integrated cross-fold validation and the detailed statistics
are described in this section.
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4.1 GUI for experiments management

The design of WebGE pivots around the concept of experiment. An experiment
includes four types of elements: algorithmic parameters, input data, complemen-
tary attributes and list of runs.

Fig. [ shows the experiment configuration interface for the example experi-
ment described in Section [5] As it can be seen, the algorithmic parameters are
shown under the Properties of the experiment label. The user is able to select
the typical parameters for GE such as number of generations, population size,
crossover and mutation probabilities, etc., and a specific field for the grammar,
which is stored within the experiment. Besides, there is an additional interface for
grammar management which allows creating, deleting and listing stored gram-
mars. Notice that the Copy button and the combo box on its left allows the user
to select and copy a stored grammar. In addition to these parameters, four dif-
ferent objective functions are available: root mean squared error (RMSE), mean
squared error, absolute error and R2. Finally, the hybrid GE4+DE algorithm is
also available, and the GUI allows tuning its own parameters.

The input data elements correspond to the training and test datasets. As
shown in the snapshot, these datasets can be selected in the lower part of the
form. As in the case of the grammars, a special interface to upload, delete and
list datasets is also available. If a k-fold cross-validation is required, the user
may fold a dataset when uploading it, indicating the number of folds to divide
the data. If a folded dataset is selected for training and cross-validation run is
marked, the number of runs is automatically set to the number of folds and no
test dataset can be selected. On the contrary, if no cross-validation is indicated
or the training dataset is not folded, it is possible to select a test dataset, as
shown in the figure.

Complementary attributes can also be incorporated to the experiment con-
figuration area. These attributes are the name and description of the experiment,
which are mandatory elements shown in the upper part of Fig. [4] and also the
tags. Adding tags to the experiments allows an easier search in the list of exper-
iments.

Once an experiment is configured, it can be run by clicking on the Save and
run experiment button. At that point, a list of runs is displayed as shown in
Fig. |5l The buttons on the list allow the user to check the evolution and the
results of a run, stop any (or all) runs, or delete finished runs.

Fig. [6] shows an example of the interface that displays the evolution of a run.
In the upper part of the figure, a plot with the best individual cost function is
displayed. In the lower part, the execution report generated by the optimization
algorithm is also shown.

4.2 Cross-fold validation

In symbolic regression problems it is usual to perform cross-validation [I5].
Therefore, WebGE incorporates the leave-one-out cross-validation. This proce-
dure is automatically implemented in two ways: providing the ability to fold the
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dataset and automatically configuring the runs of the experiment to use the folds
accordingly.

Regarding the folding of the dataset, this operation can be performed either
when uploading the data file or once the data are stored. The user may select the
number of folds (k) and, as recommended in the literature, WebGE randomly
distributes the data in k folds of similar size.

If a folded training set is selected, a researcher may choose the cross-validation
run. In this case, WebGE automatically configures the algorithm to execute k
runs where, in run 4, fold i is used for test while the rest of folds are used for
training.

4.3 Detailed statistics

Once a run is finished, the researcher may access to the detailed statistics of the
model obtained in the run. Fig. [7] shows a snapshot of this feature. As it can be
seen, the average error, root mean squared error, absolute error, relative error
and R? metrics are calculated for both the training and test datasets. A plot of
the data generated by the model is also available for training and test, which is
zoomed in the figure.

- A © E L Manuel Comenar WebGE ©
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Model:

(0.5937213093879579-
((X1%0.10757044732971653))A2)A2)
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Absolute error  151.53558013906823 778.708856247622

Relative error 0.2821813240304439 0.3702789613965147

R? 0.06378047010684358 0.04366242980013988

Canvags Tra .
’ Training [+]o[=]

Index

~Data -+ Prediction Canvasis

Fig. 7. Run statistics interface.

Moreover, in order to ease the work with the results, the user may download
a CSV file with the detailed statistics obtained in all runs. This file is retrieved
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when clicking on the Download stats button shown in the lower part of Fig. 5l In
addition, a CSV file with the predictions given by the models can be downloaded
with the Download predictions button.

5 Use case: Vladislavleva-4

In order to illustrate the use of WebGE, the well-known symbolic regression
benchmark Vladislavleva-4 [29], also known as UBall5D, will be used. It is a
synthetic benchmark with five input variables, where the target value is obtained
with Equation . The training dataset has 1024 entries where the five input
variables values belong to the range (0.05,6.05). The validation dataset has 5000
entries and their input variables values belong to the range (—0.25,6.35).

10

54300 (x; — 3)2
In this example, the GE+DE algorithm is run using the parameter values
shown in Fig. @l The grammar used in this experiment is an adaption of the
grammar for Vladislavleva-4 proposed in [21] where the constant value generation
of GE has been replaced with parameters whose values will be explored by DE.
Fig. |8 shows the complete grammar where wl to w4 are the parameters to be

explored by DE and X1 to X5 are the input variables from the dataset.

(1)

<func> ::= <expr>

<expr> ::= <expr> <op> <expr> | (<expr> <op> <expr>) |
(<expr> / <expr>) | (<expr>)~2 | <a>

<op> ::= +|-|*

<a> ::= (<var>~wl) | (<var> + w2) | (<var> * w3) | <var> | w4

<var> ::= X1|X2|X3|X4|X5

Fig. 8. Grammar for the Vladislavleva-4 benchmark.

After the experiment execution, WebGE was not able to find the optimal
solution. However, it obtained an average RMSE value of 1.4643 for validation.
This result is slightly worse than the one presented in [29], but using much less
computational effort. However, the aim of this use case is to illustrate the ease
of use of WebGE (note that all figures shown in this paper come from this use
case) and not benchmarking the underlying JECO library.

6 Conclusions

In this paper, WebGE, an open-source tool for symbolic regression problem opti-
mization based on Grammatical Evolution (GE), is presented. WebGE provides
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a friendly web-based user interface which allows researchers with no program-
ming background to deal with this kind of problems. WebGE also includes as
optimization algorithm the combination of GE with Differential Evolution, which
allows a greater intensification of the search process.

WebGE can be easily deployed on any operating system since it has been
packaged using the Docker container technology. In addition, all the information
about experiments is synchronized to the persistence layer in real time, which
allows WebGE to be used on a shared server by several concurrent users. The
design of WebGE is modular and extensible, which allows the future integration
of different algorithms to tackle new families of problems.
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