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Abstract - This paper presents a solution based on Artificial Intelligence using Multi-objective Genetic Algorithms to optimize the allocation of several resources, like teachers, classrooms, scheduling, and assets. The implementation was created in order to optimize the process in both cases, allowing them to compete so as to establish a balance and arrive at a feasible solution quickly and efficiently.
I. Introduction
This work is based on research that is being conducted by the ITLab of Universidad de Palermo [17]. The aim is to improve the actual system of allocation of teachers and classrooms within this institution at the beginning of each academic year. For that purpose, the automatization of this task is proposed in order to determine the best distribution of classrooms that will, in turn, optimize the use of spaces and the allocation of teachers. At present, this task is done manually: the existing resources are distributed at the discretion of the person in charge. However, due to the amount of data and the variables involved in the process the task is costly and complex and results are not always satisfactory: sometimes classrooms are too big or too small to hold a certain number of students. Besides, the teacher’s schedules may not be considered, so they may be asked to give a lesson regardless of their availability. This process of allocation that seems to be easily solved by considering the number of students per class, the capacity and the number of classrooms available has been the source of various researches.

It is important to mention the fact that the different existing variables such as classrooms, availability of teachers and courses they may teach, among others, have posed a problem for which there is no solution so far, partly because there has almost been no research registered in the area.

The rest of this paper is organized in different sections: Section II presents an analysis of the products and of the existing alternatives in the market; Section III explains the structure and overall architecture of Gdarim in connection with its implementation, codification and design. Finally, Section IV presents the conclusion and future work.
II. BACKGROUND
There is still no product that may be used to determine an appropriate distribution of classrooms, according to the teacher’s availability and the characteristics of the building. 
A number of versions of software was developed. All of these versions aimed at assisting employees in the manual allocation of classrooms by providing a visual aid, but no artificial intelligence was involved and, as a consequence, the distribution process was not optimal [2], [4], [5]. There exist products that use mathematical methods, such as simplex [8]. 
Recently, a number of records and documents that showed the beginning of research work to implement artificial intelligence were found [9].

Most of the existing solutions only assist people by allowing them to have a visual display of spaces, but they are not software that rely on artificial intelligence. 

· Visual Classroom Scheduler [2]: Application developed in Java language to distribute classrooms in the spaces available. 

· Classroom Scheduler [5]: It allows people to have a fairly clear view of the distribution of   classrooms. It is an Open Source software that provides the source code, so it can be modified and adapted according to the specific needs of any institution.

· phpScheduleIt [4]: It is also an Open Source software. It is not useful to allocate resources but it can select new classrooms should the need for a particular room arise, as in the case of special events or laboratories. In the face of an outline and a timetable, this software tracks changes in order to minimize the impact. It was developed in PHP language (PHP Hypertext Pre-processor). 

· Softaula [3]: This software has four license types. Some of its features are students’ registration and assignment of free classrooms to new students through automatic processes. This product integrates many aspects such as academic management, statistics, marketing and accounting. Still, it does not improve the distribution of classrooms and the allocation of teachers. 

Other organizations have attempted to improve their manual allocation processes by integrating different softwares in their computer systems. Such is the case of Universidad nacional del Comahue (Argentina) and the municipality of Pereira (Colombia):

· SIU Guaraní [6]: Software of Universidad nacional del Comahue. This system handles and processes all the information regarding students from the moment of their enrollment to their graduation. This information is complemented by other processes, such as management of classrooms, dates of examinations and jurors’ nominations. As regards exams and courses, students can register online. Any other information concerning the students’ enrollment in different courses, courses of studies, exams, registration of equivalent subjects and exams taken can also be searched on the Internet. 

· Matrícula [1]: This software was developed by the municipality of Pereira in Colombia, so that the educational institutions may have the academic information of their students in an integrated system. But there is neither an optimal use of spaces nor artificial intelligence applied to manage resources efficiently.

The implementation of these systems helps to lighten the academic paperwork so as to avoid bureaucracy. This in turn allows the authorities of those institutions to rely on tools that assist them in the control of the academic management. While all these alternatives are a significant improvement in the process of allocation of classrooms, none of these solve the problem completely

III. GDARIM STRUCTURE

After a deep analysis of surveyed data, the trouble can be reduced to an allocation of resources problem; with a large number of parameters that are closely intertwined and cannot be processed by the human mind altogether. Therefore, this paper proposes the use of the Epsilon MOEA algorithm [11] in order to optimize all objectives simultaneously, since this algorithm makes it possible to work with the number of parameters mentioned. This new technology also allows a future addition of new goals to be optimized. The language chosen for this development is Java because of its portability, its efficiency and its characteristics as an Open Source.

A. Modules

The prototype contains three modules:

A.1 Application Programming Interface
An API (Application Programming Interface) information module Fig. 2 has the domain values of the problem. The API information module manages the configuration of the MOEA algorithm such as the necessary restrictions, the  tests and the specific weightings for each goal within a problem.

A.2 Genetic Algorithm motor module 

A GA motor module Fig. 3: it implements the core of the genetic algorithm and the intelligence of the solution. It includes the administration of populations, the process of genetic operators and the joint assessment of the goals to be optimized.

A.3 API allocation module 

An API allocation module records any possible allocation of spaces as well as  the solution generated by the algorithm.
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Fig. 1.  Gdarim general architecture.
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Fig. 2.  Information module where the characteristics of the problem are shown
B. Goals

At first, it is important to determine the kind of problem that should be tacked in order to optimize the use of resources: classrooms and teachers. The first goal is to use as less classrooms as possible without interfering with the number of existing courses to be attended by students. The second goal focuses on the teachers’ availability in order to assign courses in an atomic and consecutive row, if possible. The optimization of the first goal could clash with that of the second. To avoid this, it is necessary to configure the weighting of each goal so that they both compete in terms of their importance and a balance is finally achieved.
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Fig. 3.  GA motor module, core of the algorithm genetic

C. Restrictions

In order to narrow down solutions, a series of restrictions should be defined, including for example, the fact that a classroom which is not in use or that does not have the required resources cannot be assigned. In the case of teachers, a same person cannot be assigned two different courses at the same time, or a course that is beyond his or her specialization.

D. Loading process

The information is entered through several forms. One example is the teachers’ form (Fig. 4), which reflects different information such as the employees’ basic data, courses to be given and the teachers’ availability. In the facilities form (Fig. 5), all the information connected to classrooms is loaded: existing classrooms, the university branches to which they belong, their seating capacity, the kind of classrooms they are and the resources they have. There is also a form for new courses (Fig. 6), which shows the course quota, the probable enrollment quota (number of students enrolled), the preferred university branches and a list of resources required for the classes. 
A number of parameters will be established to define a representation for the allocation of one classroom (Table 1). 

The information is stored in files that are used by the application to identify all the possible values that can receive each of the parameters that make up the gene. The composition of this gene specifies the parameters that are evaluated to represent the problem (Table 1). They are the domain values of the problem.

Table 1: Example of a gene for a classroom and a teacher

	GENE

Classroom number

Course

Teacher

Shift

Branch

Etc.




E Process

Initially, the files are populated with the domain values of the problem, which means a discretization of all the possibilities for each parameter included within the solution. Then, an initial population is randomly created in order to achieve one or more optimal results.
Conceptually, the key to solve the problem is in one or more individuals that constitute composition assignments of all the classrooms at all possible times for a given day. However, the problem of creating random solutions lies in the fact that there is a high likelihood that these solutions may face one or more restrictions. If such is the case, the population is invalidated by what is termed "premature mortality" since by definition a restriction overrides the individual as a possible solution.

E.1 Penalized restriction

A possible solution to avoid overridden individuals is to implement penalized restrictions: theoretically, a restriction will initially behave like a penalty but it will not invalidate the individual. The drawback of this method is that it only avoids the initial population’s invalidation but does not allow for improvement.

E.2 Weighted Mutation

Another way of solving the problem is by increasing the rate of mutation, which is directly proportional to the index of restrictions that an individual may face. The increase will make it possible to explore within the space search and gradually achieve a decline in the restrictions. 
As restrictions are fulfilled to a lesser extent, and due to the exploratory task, the level of mutation decreases until it reaches a stable value, which is configured as the number of restrictions by individual.

F. Stabilization phase of initial population 

At this stage, a stable population is required, according to the non-fulfillment of excessive restrictions of the problem. There is no need for a fitness evaluation or for an individuals’ crossing, since it is necessary to find as much heterogeneous solutions as possible. This way, the system focuses on the search of a starting point to determine the optimum, with the selection and mutation of individuals to decrease the rate of restrictions. Both the weighting of the mutation and the restrictions decrease too. The result is that restrictions reach an expected value.

It should be pointed out that this step may take several iterations or generations. However, the processing cost is not critical for this specific problem. It is also essential to have a valid and diversified population to begin with the search of an optimal solution.

G. Processing stage

The stabilized initial population is codified in genomes that are reproduced, mutated (genetic operator), crossed over (genetic operator), replaced and evaluated according to AG-defined operations [7]. Also, it changes according to an applied a series of fitness functions that determine the alternative that may best solve the problem (scoring individuals). The project has configuration files in text format that can be accessed manually to see the information already loaded. They are located in a folder called "CFGS". There are files with extension “.dom” containing domain values of the problem (starting point of the project). These files are updated and populated thanks to the entries in the forms. At the same time, interrelations between different parameters are established. Then, a converting process codifies these files and generates a Gray codification [16] in the "gray/AG" folder and a decimal codification in the "ints" folder.

The Gdarim problem is made up of twenty binary variables (Gen) and a number of restrictions. Most of these restrictions are taken from the forms. The rest of them are inferred from defined specific problems, such as overlapping of courses or teachers allocated in different branches in consecutive classes. The algorithm of the engine has a data administrator that runs the logical access. Since this manager was implemented with a Singleton Pattern [15], there is no alternative access to such information.

The MOEA algorithm optimizes the use of classrooms and teachers. As both objectives can be conflicting [11], [12], [13] a fitness function (1) is applied for classrooms and another (2) for teachers.
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AV represents the non-allocated classrooms and AN, the empty ones, either because they require maintenance or because of any other reason. 
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SHD is the separation time of the teacher. SMax is the maximum separation between contiguous schedules. HSD(t) represents the teacher’s availability. HsD(u) is the hourly load of the teacher.

Advantages and disadvantages identified in both functions [10] are tested. For this research, optimality means to minimize the fitness function of both objectives, under the following criteria: 

• The lowest the rate of unused classrooms is, the worse fitness score for classrooms is obtained. 

• The more availability a teacher may have, the worse fitness score for teachers is obtained. 

In order to narrow down the search space, the algorithm works with one or several functions that shape the restrictions of the problem.

For each population, and individual fitness score is estimated and each of their objectives is considered. Then, a sample of individuals is extracted. This sample is based on a probability obtained by a configuration file and it is processed by genetic operators like crossover and mutation depending on another probability given in the configuration.

For the crossover operation, two individuals are chosen. A cutoff point is established in order to determine which parameters may be taken from the first individual and which from the second, so as to compose two descendants. The crossover allows for a deep search of solutions.

In the process of mutation, only an individual is considered: one of its parameters is mutated, transforming its value into some other that may be valid within the domain of the problem. Besides, the mutation process eases the way in the search for a variety of solutions instead of narrowing down the possibilities with a small number of answers. As a result of this process, there is a second population, descended from the original one and which includes individuals created by a crossover process on the one hand, and others that are the product of mutations, on the other hand.

Thus, the initial and the descended population have to be tested in order to establish the degree of dominance between them. The fitness score helps determine which population may dominate which. The dominant one may be part of the elite population. Therefore, this elite population represents individuals with the best fitness score and non-dominated solutions; that is to say, they are part of the Pareto-optimal [13]. Then, the best n candidates are selected from among the remaining individuals (n represents the size of the population). These n candidates will shape a new generation that will start a new cycle. Within each cycle, the best candidates, which try to enter the elite population, are processed, either as new members or as replacements for one or more previous candidates.

Therefore, the cycle is repeated until a defined number of times in the configuration or an acceptable solution are reached. There may be more than one resulting solution to the problem and the user will decide which one to apply.

IV.CONCLUSIONS AND FUTURE WORK

The next stage of the investigation will be focused primarily on the general configuration of the system to deliver results in a more efficient way. This will require the definition of weighted values to penalize every restriction in particular. In turn, this will set in motion a relativization process among restrictions. It will be also necessary to change the weighting of the goals by means of a static setting that will oppose a dynamic process weighting at a runtime, that is to say, the weight or relevance of each goal within a defined problem.

In addition, distance will be considered a system parameter that will be used to evaluate and discard any possible solutions. This parameter might be defined and configured according to the user’s needs. For this reason, an adjustment of the setup of the existing distances among different solutions will be required in order to establish a certain level of comparison and membership to the environment or hypercube homogeneity. Finally, tests will be conducted with real data to evaluate the results and improve the existing weightings and configurations in order to enhance the system response and its effectiveness.
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