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Abstract—Optimization studies often require very
large computational resources to execute experi-
ments. Furthermore, most of the time, the experi-
ments are repetitions (same problem instances and
same algorithm with the same parameters) that were
carried out in past studies. In this work, we propose
a framework for the execution of optimization ex-
periments in a distributed environment and for the
storage of the results as well as of the experimental
conditions. The framework can support not only the
organized execution of experiments but it also enables
the reuse of the results in future studies.

I. Introduction

Optimization studies, such as the ones carried out in
fields like Algorithm Selection [1], Fitness Landscape [4]
and Algorithm Benchmark [7], require data about the
optimization instances, the optimization algorithms and
the results of the application of the algorithm to the
instance. To gather the data needed for those studies
large computational resources are required, due to the
nature of the optimization problems and the existing
algorithms. In addition to the computational power, it is
necessary to store all data to be analyzed in the study.
Depending on the type of study it might be also neces-
sary to store information about the problem instances,
performance results, solutions, algorithm parameters,
execution logs, etc.

There are well developed systems that store, organize
and share that data in other scientific areas like Ma-
chine Learning, Bioinformatics, Astronomy and Physics.
For instance, openML (http://expdb.cs.kuleuven.be) is
a collaboration framework designed to easily share ma-
chine learning experiments with the community and
automatically organize them in public databases [5].

We propose a new framework to support optimization
studies. This framework enables the execution of opti-
mization algorithms in a distributed computational set-
ting supported by a database to store and distribute the
data. The schema of the database is designed taking into
account that its purpose is analytical, not transactional
[2]. Therefore, there is a particular concern for enabling
fast access to the data.

The current state of the framework is as follows:

There is a transactional database populate with Job-
Shop Scheduling (JSS) instances and runs with heuristic
algorithms for JSS and Genetic Algorithms. The current
system allows to schedule and run the experiments in a
distributed enviroment such as the called IBERGRID.
There is a database for analyse purpose with perfor-
mance data about the algorithms and features concern-
ing the JSS for Algorithm Selection studies [1].

The rest of the paper is structure as follow. In Sec-
tion II, we describe the JSS problem for a more detail
understanding. The framework is describe in Section III

II. The Job-Shop Scheduling Problem

The deterministic job-shop scheduling problem can
be seen as the most general of the classical scheduling
problems. Formally, this problem can be described as
follows. A finite set J of n jobs {J1, J2, . . . , Jn} has
to be processed on a finite set M of m machines
{M1,M2, . . . ,Mm}. Each job Ji must be processed once
on every machine Mj , so each job consists of a chain
of m operations. Let Oij represent the operation of job
Ji on machine Mj , and let pij be the processing time
required by operation Oij .
The operations of each job Ji have to be scheduled

in a predetermined given order, i.e. there are precedence
constraints between the operations of each job Ji. Let ≺
be used to denote a precedence constraint, so that Oik ≺
Oil means that job Ji has to be completely processed
on machine Mk before being processed on machine Ml.
Each job has its own flow pattern through the machines,
so the precedence constraints between operations can be
different for each job. Other additional constraints also
have to be satisfied. Each machine can only process one
job at a time (capacity constraints). Also, preemption
is not allowed, so operations cannot be interrupted and
must be fully processed once started. Let tij denote
the starting time of operation Oij . The objective is to
determine starting times tij for all operations, in order
to optimize some objective function, while satisfying
the precedence, capacity and no-preemption constraints.
The time when all operations of all jobs are complete
is denoted as the makespan Cmax. In this paper, we
consider as objective function the minimization of the
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makespan:

C∗
max = min (Cmax)

= minfeasibleschedules (max (tij + pij)) ,
∀Ji ∈ J,Mj ∈ M.

A comprehensive survey of job shop scheduling tech-
niques can be found in [3].

III. Framework Architecture

In this section, we describe the databases used to store
data and the general architecture of the framework.

A. Database schema

This system has two databases with different schema
and different objectives. One database is an operational
database, optimized for algorithms execution: get and
store the data. This database is called Optimization DB.
The second database is used to obtain data for analysis
purposes. This is called Analysis DB. The data in this
database is obtained from the Optimization DB.

1) Optimization Database: The main purpose of the
Optimization DB is to collect all data necessary the
execution of the experiments. So, type of schema of
this database is normalized relational database. This
type of database for insert, update and delete operations
maintaining the consistence (Figure 1).

Figure 1. Schema of the Optimization Database

Algorithm: The algorithms applied are a
parametrized instance of an general algorithm like
Genetic Algorithm, Giffler And Thompson, Simulating
Annealing, etc. Each parametrized algorithm is store
in the AlgorithmParameterized table that is related
to the Algorithm table that is the general algorithm
information is stored. The parameters values are store
in the AlgorithmParameterizedParameters table.

Instance: Each instance identification is store in
the Instance table with the size (number of jobs and
machines), the seed (if random generated) and the source
(since can be an well know instance like Taillard [6]). All
information concerning the operations of the instance
are stored in the Operation table. The operation is
identified with the job and machine index, duration and
precedence.

Schedule: Each schedule identification is stored in
FeasibleSchedule table with the instance identification
that belongs to. The start times of each operation are
stored in FeasibleScheduleOperation table. This table
has the identification of the schedule that the operation
belongs, the machine and job index and the start time.

Run: Every parametrized algorithm get, as input,
an instance and returns a schedule. The id of the in-
stance, parametrized algorithm and the schedule are
stored in the Run table. The status field gives infor-
mation about the current state of the execution. The
possible values are: ”None” if the experiment is schedule,
a string value that is a unique id of a execution been
taken in some machine and ”Finish” means that the
experiment was executed with success.

Metaheuristic Run: The Metaheuristics are algo-
rithms that have several iteration, in each, one or more
solutions are generated. In each iteration, the algorithm
evaluates one or more solutions until a stop criteria is
satisfy. These solutions can be store in the database.
Each type of solution (depends of the problem and the
algorithm) has a specific table. In the current database,
exists one type of solution, called the Priority List
solution, that have a specific table. In this table, they
are stored with an identification of solution abstract
identification associated to the Solution table. The table
Metaheuristic has the identification of the solution eval-
uated and the iteration number in which the solution
has been generated.

2) Analysis Database: The Analysis DB is designed to
feed the optimization studies with the necessary data.
The Optimization DB does not have the information
ready to be analysed such as the algorithm performance
measures and instance features. All this information
must be calculated. Since it is a calculation that is
done often and never changes so it is more efficient
to store. The Optimization DB isn’t design to a fast
and consistence analyse. Since problems have little in
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Figure 2. Schema of the Analysis Database

common, each optimization problem has its own anal-
ysis database, called <optimization problem> Analysis.
Figure 2, shows the JSS Analysis schema.

The schema of JSS Analysis is a Fact Constellation
Schema. The Fact Constellation has several Fact tables
and each one has one or more Dimension tables. Each
Fact table can share the same Dimension table with
other Fact table. A Fact table have the measures that
are the target of the study connect by a Foreign Key
to the Dimension tables that have attributes about the
object of the study [2].

Dimension Tables: The dimension tables of type
Instance/Machine/Job/Operation GroupFeatures have
features that describe the JSS instances.

The Instance table allow a better control of the in-
stances used in a study, with the data inserted in the
analyse database (allow to the analyst always use the
same set of instance even if there are new instances),
the size (number of jobs and machine) and the source of
the instance (random or a well know instances for the
community).

The dimension table GeneticAlgorithm stores the pa-
rameters values for each genetic algorithm executed.

Fact Tables: The fact table Fact Makespan stores
data about the makespan obtained by the algorithms.
It supports the comparison between their performance
under the different features values represented in the
dimensions tables.

The fact table Fact GeneticAlgorithm Makespan
stores the makespan of each execution when applying
the genetic algorithm, with the same parameters, to
an instance. In addition to the comparation between
the makespan under different features values, also can
be compare to the different parameter values stored

in dimension table GeneticAlgorithm. If there are
other algorithms for variation parameter studies like
Simulated Annealing algorithm then a new fact table
should be created and other dimension table with the
algorithm specific parameters.

B. Distributed Environment

The computational problem of the execution of many
algorithms for many instances can be solved with the
use of distribute computation. They are executed in
several machines in a GRID environment, in this case
the IBERGRID.

The GRID computation paradigm has the purpose to
integrate several computation resources that can belong
to independent organizations. The user should does not
need to be aware about the different systems of the
resources and the task of distributing the jobs into the
GRID structure. This way a high performance infra-
structure should emerge in dispersed resources with a
unique interface to the user.

Figure 3, shows the communication schema between
all elements of the framework.

Figure 3. Communication schema of the framework

The elements of this framework are:
Database Server: The database server stores data

concerning the experiments to be execute, the optimiza-
tion problem, the algorithm parameters and the results
about execution.

GRID: The communication of the GRID with the
user is using the User Interface (UI). Accessing the UI
using a ssh connection, the user can launch several jobs
into the GRID enviroment that execute the scripts. This
scripts do not have information about the experiment to
execute and do not store the results in User Interface.
All input and output data are in the Optimization DB
outside the GRID network.

IV. Conclusion

In this paper, we have presented an experimental
framework that allows the storage of all data involved
in optimization algorithms for JSS problem and execute
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them in a distributed enviroment called the GRID. This
system can overcome problems arising in optimization
studies requiring computational power and repetition of
same experiments.

We propose the use of two databases: Optimization
DB and Analyze DB. The first database has the ob-
jective of collecting and feeding the execution of the
experiments maintaining a fast update and consistence
data. The second database has the objective to analyse
the data in a fast way and maintaing the assumptions
made for the analyse without updates in real time.

This framework is design for the JSS problem, however
some modification can be done to support any optimiza-
tion problem like adding a more general way to store the
problem instances.

The framework can be used to provide the scientific
community an infrastructure for collecting data, e.g.:

• Benchmark new algorithms with existing ones
• Confirm results published in scientific articles
• Avoid the repeated execution of experiments
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