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Abstract

Optimization research often confronts the challenge of developing time con-
suming processes. This article introduces an innovative approach that lever-
ages the computational power of Graphics Processing Units (GPUs) to speed
up that optimization process. We present an innovative adaptation of Par-
ticle Swarm Optimisation (PSO) to meet the requirements of multiobjective
optimization problems. This approach aims to leverage the strengths of a
multi-objective approach to perform energy consumption prediction using
neural networks. By employing GPU parallel techniques, our method not
only speeds up the optimisation process but also enhances the efficiency of
neural network training execution. The main advantage of our approach
lies in its dual ability to simultaneously optimising neural network architec-
tures by determining the minimum number of hidden neurons and fitting the
weights of the networks in order to achieve the lowest error. Preliminary
results suggest a notable enhancement in prediction accuracy of forecasting
electric energy consumption, as a result of optimizing the architecture and
parameters of the neural network using the proposed method. This PSO
adaptation stands out for its ability to address complex problems, increase
efficiency and produce accurate predictions, making it a novel solution in Ma-
chine Learning heuristic methods for application in the solution of advanced
prediction problems with time constraints from time series.
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1. Introduction

Energy sustainability is a paramount concern in contemporary society, driven
by economic demands, environmental considerations, and the need for an im-
proved quality of life. With the ever-increasing demand for energy, coupled
with finite resources and the urgent need to mitigate greenhouse gas emis-
sions, the search for efficient and sustainable energy solutions has become
crucial. The predominant reliance on fossil fuels, which are both deplet-
ing and environmentally detrimental [1], underscores the pressing need for
alternative energy sources and the optimisation of energy consumption.

Artificial Intelligence (AI) has experienced remarkable growth in recent
years, permeating various domains, including healthcare [2], finance [3], and
manufacturing [4], among others. This exponential proliferation is under-
pinned by AI algorithms demonstrating immense potential in automating
intricate processes and facilitating rapid decision-making [5]. Within the en-
ergy sector, Al has instigated a paradigm shift in the generation, storage,
and consumption of energy. The deployment of Al algorithms, particularly
forecasting models, has revolutionized our ability to predict energy consump-
tion [6, 7, 8, 9, 10, 11, 12]. These models serve as useful tools for optimizing
energy production and minimizing waste. The ability to analyze large data
sets and quickly generate energy consumption forecasts is essential for more
efficient and sustainable energy-saving solutions. Furthermore, Al-powered
energy systems have emerged as a suitable tool to improve energy efficiency.
These systems can adapt and learn from historical usage patterns, enabling
swift adjustments to improve energy efficiency and reduce waste. As a re-
sult, ATl not only facilitates the development of predictive models but also
empowers the creation of efficient algorithms and intelligent energy systems.
Its ability to provide accurate predictions and enable rapid decision-making
makes Al a key player in addressing the multi-faceted challenges of the energy
sector.

In the realm of energy applications, Al has assumed a key role in a wide
range of applications [13, 14, 15]. One of the most studied is the use of multi-
objective algorithms, which are essential for addressing the diverse and often
conflicting objectives in the energy domain. For instance, the innovative ap-
proach proposed by Hadjout [16], where they employ an ensemble learning
method based on neural networks to predict monthly electricity consump-
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tion. Such models, grounded in Al, are oriented to optimise multiple objec-
tives, including accurate predictions and computational efficiency. Similarly,
real-time forecasting of electricity, marginal local prices, as demonstrated in
Agrawal’s model [17] by using the Relevance Vector Machine, all of them
show the pressing need for fast optimization algorithms. In dynamic energy
markets, the ability to swiftly adapt to changing conditions is paramount,
and Al-driven approaches equipped with rapid optimisation heuristics are
capable of meeting this demand. The contribution [18] presents an intri-
cate suite of techniques to predict short-term load and price in deregulated
power markets. Their approach, encompassing variational mode decomposi-
tion, mixed data modelling, feature selection, generalised regression neural
networks, and the integration of metaheuristics like the gravitational search
algorithm, underscores the importance of Al in orchestrating complex multi-
objective optimisations. Highlighting the relevance of multi-objective evo-
lutionary approaches, [19] present a solution to optimize the energy perfor-
mance of buildings, by means of balancing the complex objectives of energy
consumption and comfort levels, which consisted of the use of a Particle
Swarm Optimization (PSO) method with an enhanced particle update strat-
egy based on adaptive perturbation. In a similar vein, Sahoo et al. [20]
follows the clustering approach to address the challenge of limited battery
life in sensors for energy efficiency. Their utilization of PSO in this context
stresses the advantageous role of resource-efficient optimization algorithms
in this area.

Finding the optimal hyperparameters for any Machine Learning model is
an extremely time-consuming task, as the search process will rely on training
and evaluating said model with different configurations. For simpler mod-
els, an exhaustive search of a set of hyperparameters may suffice to find
the optimal model. However, complex models, such as ANNs, have large
hyperparameter search spaces with complex interactions between these hy-
perparameters. In fact, one of the most time-consuming steps in tuning a
neural network architecture is finding its optimal topology (the number of
hidden neurons and layers). Therefore, strategies to guide this search process
have been frequently studied and used in the past few decades [21]. One of
the most common strategies used for this hyperparameter search is the use
of metaheuristic algorithms, such as the classic genetic algorithm or PSO.
These algorithms have been used not only to find optimal hyperparameters,
but also as an alternative to backpropagation (BP) in the training of neu-
ral networks. The use of metaheuristics for ANN training is motivated by
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the fact that gradient-based training approaches can easily get stuck in lo-
cal optima depending on weight initialization [22]. However, it is rare to
see approaches that optimize the topology and weights simultaneously, since
metaheuritic algorithms are usually designed to work with a fixed number of
features per individual. Furthermore, although these algorithms guide the
search space for optimal configuration, just training one ANN can be com-
putationally expensive when there is a massive amount of data. To solve
this issue in an efficient manner, this paper presents a new GPU parallel
algorithm designed to address all these issues that incorporates the following
contributions to the field:

e We propose a new algorithm designed to simultaneously find the op-
timal topology of a neural network and train its weights in order to
obtain the most accurate forecast possible in the forecast while taking
advantage of the GPU architecture.

e We propose an adaptation of the original PSO algorithm to allow the
algorithm to work with variable-sized particles without prematurely
converging towards a fixed size topology. This is achieved through the
modification of the classic PSO operators and the introduction of two
mutation operators (structural and genetic).

e We evaluated the results of our work across six different time series
of energy consumption: four collected from different buildings within
the University of Granada alongside energy demand data from Spain
(REE) and Uruguay.

The rest of the document is structured as follows: Section 2 presents
a brief state-of-the-art. The proposed methodology is detailed in section
3. Section 4 details the parallelization and implementation of the proposed
multi-objective PSO algorithm on GPUs to decrease the overall algorithm
execution time. Section 5 introduces the conducted experiments. Section 6

gathers the main results. And finally, the conclusions are gathered in Section
7.

2. Related Work

The advances in energy consumption forecasting has been pivotal in the
broader context of sustainable development and energy management. Its

4
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significance is highlighted by its deep impact on economic planning, envi-
ronmental protection, and policy making. Over the past decades, the field
has seen a proliferation of methodologies and tools, each aiming to predict
energy consumption patterns more accurately. These tools are essential for
optimizing resources, ensuring grid stability, and facilitating the transition
towards renewable energy sources.

Charfeddine’s work [23] on electricity consumption in Poland shows the
wide range of forecasting options. By employing prediction models and neu-
ral networks, they highlighted the importance of quantitative methods in
electricity demand forecasting. On a similar note, the study by [24] in the
Kunming metro system presented an intriguing case of energy-saving de-
sign. By focusing on weak current systems and leveraging algorithms such
as Boruta and PCA, they managed to filter and reduce feature dimensions
related to power consumption. This was further complemented by the use of
the XGBoost algorithm to establish a prediction model.

In a more specialized domain, locomotive traction energy consumption,
[25] embarked on a comparative analysis of prediction models based on ma-
chine learning algorithms. Their evaluation encompassed various neural net-
work models and algorithms, with the support of vector machine algorithm
emerging as a superior choice in terms of prediction accuracy and overall
performance.

The exploration of metaheuristic-based hyperparameter tuning for deep
learning models, as presented by Stoean et al. [26], underscores the inter-
section of machine learning with advanced optimization techniques in the
realm of energy forecasting. Specifically focusing on solar energy generation
predictions using LSTM and BiLSTM models, the effectiveness of enhanced
reptile search algorithms for optimizing model performance is highlighted.

Building on the concept of hyperparameter optimization, Bouktif et al.
27] and Kumar et al. [28] explore the synergy between LSTM-RNN deep
learning models and metaheuristic algorithms for electric load forecasting.
These works emphasize the critical importance of optimal hyperparameter
tuning facilitated by metaheuristics to improve the accuracy of forecasting.

The advent of GPU in energy consumption prediction marks a signifi-
cant shift in the field. Given the increasing complexity and volume of data,
the need for efficient and scalable algorithms has never been more pressing.
[29] conducted a comprehensive review of ANNs for building energy fore-
casting with GPUs. Their insights into the potential of GPUs to improve
computational efficiency and accuracy of energy forecasting models are par-
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ticularly noteworthy. Zhuo et al. [30] further underscore the benefits of
GPU-accelerated metaheuristics in solving complex optimization problems,
demonstrating a pathway to significantly reduce computational times while
maintaining high levels of accuracy.

PSO has also made its mark on energy consumption prediction. The
multi-swarm PSO algorithm proposed by [31] for static workflow scheduling
in cloud-fog environments outperformed canonical PSO in execution time
and stability. This trend of hybridizing PSO with other techniques is evident
in the works of [32] and [33], with the latter combining PSO with the Adap-
tive Neuro Fuzzy Inference System (ANFIS) for industrial energy demand
forecasting in Turkey.

The development of parallel PSO algorithms optimized for GPU/CUDA
environments, opens new avenues for enhancing the computational efficiency
of energy consumption prediction models. Innovative approaches for multi-
objective optimization and feature selection, as seen in the works of Liang et
al. [34], Lv et al. [35], and Yilmaz and Sen [36], introduce robust method-
ologies to address the multifaceted challenges inherent in energy forecasting.

Similarly, the application of multi-objective techniques in energy con-
sumption prediction has seen notable advancements. Jesus et al. [37] in-
troduced a hybrid Particle Swarm Optimisation-Neural Network algorithm,
while [38] presented a GPU-based parallel implementation of NGSA-II. Both
works highlight the potential of these algorithms in enhancing the efficiency
and accuracy of energy consumption predictions. Agarwal et al.’s exploration
of multi-objective PSO with guided exploration for multimodal problems [39]
further contributes to the sophistication and effectiveness of predictive mod-
els, ultimately supporting a more sustainable and economically viable energy
management landscape.

In short, rapid predictive solutions and optimal models are crucial when
predicting energy consumption in buildings. These approaches enable accu-
rate forecasting, efficient resource allocation, and effective energy manage-
ment. In response to these necessities, the present study provides a GPU
parallelization of an adapted PSO for MO to optimize ANN, offering faster
and optimal models. This GPU-based solution harnesses the power of paral-
lel computing to improve the performance of energy consumption prediction
models. To take advantage of this power, we will follow a strategy where
each of the particles will update its position and velocity and gets its fitness
evaluated in parallel by each GPU thread and the different functions will be
developed in GPU kernels.
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3. Methodology

In this research, we introduce a method for multi-objective optimisation
that builds upon the framework of the PSO algorithm. While PSO is a
well-established bio-inspired stochastic optimization algorithm, it tradition-
ally operates as a single-objective optimisation method, seeking to find the
optimal solution for a single objective function. To adapt PSO for multi-
objective optimisation, we have incorporated the Pareto and the dominance
operator. These modifications enable our method to efficiently handle mul-
tiple conflicting objectives simultaneously, in our case, error and number of
neurons. The general scheme of the modified version of the PSO can be seen

in figure 1.

Initialise
population

Evaluate fitness
of particles

Set global best
position and
value

Not met
Update particle
velocity and
position

Fitness eyaluation

Non-dominated
sorting

Selection

Mutation

I

Figure 1: Scheme of the proposed algorithm.

3.1. Particle Swarm Optimisation

The general scheme of PSO is represented in the left side of figure 1. This
technique is a computational method that optimizes a problem by iteratively
trying to improve a candidate solution with regard to a given measure of
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quality such as the MSE. It mimics the social behavior of birds and other
creatures in a swarm [40]. The key phases of this algorithm are mainly four
as can be seen in the figure. Initialization, where a population of particles is
randomly initialized within the solution space. Each particle represents a po-
tential solution and is assigned an initial position and velocity. After initial-
ization, the fitness of each particle is evaluated using the objective functions
(error and network size minimization) defined for the optimisation problem.
These functions quantify how well a particular solution performs. The next
phase involves updating the velocity and position of each particle based on
its previous values, its distance to its local best solution, and its proximity
to the best solution. The PSO algorithm continues to update particles’ posi-
tions and velocities iteratively until a predefined termination criterion is met.
Normally this criterion will be defined by a maximum number of iterations
or when the algorithm stalls and does not improve the solutions.

The PSO algorithm can be mathematically represented as follows. Each
particle is represented by a position vector, X; in the search space. This
vector contains values corresponding to the decision variables of the problem
you're trying to optimize. Each particle also has a velocity vector V; that
determines the direction and magnitude of its movement in the search space.
The fitness function f(X;) evaluates the quality of a solution represented
by a particle’s position. This function needs to be minimized or maximized
depending on the optimization goal. Each particle follows its own best posi-
tion pbest; encountered so far based on f(X;). This represents the particle’s
individual learning. Besides, there is a single global best position gbest that
stands for the best solution found by any particle in the entire swarm. Thus,
the velocity is updated as indicated by equation 1.

Vi(t+1) = wV(t)4cirand () (pbest;(t)— X;(t))+corand () (gbest (t)— X;(t)) (1)

Where t is the iteration number, w is the inertia weight, and c¢; and ¢y are
the cognitive and social learning rates, respectively. Likewise, the position is
computed as described in equation 2.

Xi(t+1) = X;(t) + Vi(t + 1) (2)

In the context of this study, PSO is utilized as the basis of the optimiza-
tion method to enhance the weight adjustments of ANNs and minimize the
number of hidden neurons. The efficiency of the algorithm in finding high-
quality solutions in a timely manner makes it a valuable addition to the suite

8
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of techniques used in other studies [41, 42]. The parallel nature of PSO also
lends itself to implementation within a GPU framework, contributing to the
reduction in computational time and the quality of solutions found. However,
classic PSO operators are not designed to work with a different number of
weights per particle, a necessary prerequisite to optimizing different topolo-
gies. Thus, in this paper, we propose an adaptation of PSO designed to work
in a multi-objective and parallel way using GPU resources. This adapta-
tion also includes variations of the classic PSO operators capable of working
particles with variable sizes, thereby enabling the use of this algorithm to
optimize simultaneously different neural network topologies. The detailed
implementation and integration of PSO within the proposed framework are
discussed in the following sections.

3.2. Adapted PSO for multi-objective problems

As discussed in the previous section, since the Standard PSO is de-
signed to optimize a single objective function, we have designed a new multi-
objective adaptation of PSO to simultaneously find the optimal topology and
train its weights. Each particle contains a position vector (the weights for its
neural network) and its number of neurons. The PSO operators have been
adapted to take into account this variable number of neurons (explained in
detail in Section 3.4). Additionally, several operators were added to adapt
the algorithm for multi-objective purposes (non-dominating sorting and se-
lection) and ensure diversity (mutations). The scheme of the proposed algo-
rithm can be found in figure 1.

In order to evaluate the fitness of each particle, we need to categorise the
particles into different levels (or fronts) based on their dominance relation-
ships with respect to multiple objectives. Solutions that are not dominated
by any other solutions belong to the first front (also known as the Pareto
front) and represent the set of non-dominated or optimal solutions. We also
employed the crowding distance so as to enhance the diversity of solutions
along the Pareto front, in doing so, we ensure a well-distributed set of non-
dominated solutions.

Following the non-dominated sorting procedure, the next phase in our
proposed optimisation process is the selection operator. This step plays a
decisive role in determining which parent solution [43] a particular particle
will follow as a local leader through the solution space. The selection op-
erator’s objective is to choose the local best solution, one that represents
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a promising trade-off among the objectives being optimized. This selected
parent guides the particle in its exploration for better solutions.

Then, we introduce a mutation operator to modify particles within the
swarm. In doing so, the algorithm’s ability to explore the solution space
thoroughly is enhanced. By introducing controlled variations to certain par-
ticles, the mutation operator injects diversity into the swarm, thus preventing
premature convergence to suboptimal solutions.

In the last stage of our method, we calculate the errors for each particle
within our swarm. These errors serve as a quantitative measure of the quality
of the solutions generated by our algorithm, providing insights into how well
each solution aligns with the optimisation objectives. Then, the particles are
updated with the corresponding target variables, i.e., the error values and
the number of neurons in the neural network architecture.

3.3. Adapted PSO for MO to optimize ANN

In the present study, multi-objective techniques, which allow us to mea-
sure the goodness of each solution, together with PSO are employed to opti-
mize both the topology and the weights of the ANNs. The integration of these
tools facilitates the simultaneous achievement of the lowest possible error and
the optimal number of neurons, enhancing the overall performance and ef-
ficiency of the ANNs. This multi-objective PSO approach allows solutions
to be chosen fairly and randomly. This approach improves the exploration
of the search space, mitigating the trend to converge to local optima and
strengthening the pursuit of global optimal solutions.

In subsequent sections, a comprehensive exposition and adaptation of
the components of the PSO algorithms will be presented. This detailed
exploration aims to elucidate the methodology employed to attain an optimal
ANN, so as to enhance the prediction of energy consumption in buildings.

3.4. Algorithm Components

This section delves into each of the components developed of the pro-
posed PSO adaptation as mentioned in previous sections. An overview of
such components can be seen in figure 2

Coding of Particles: Each particle is clearly characterized by two parts

(see purple branch of figure 2): the first represents the position of the particle
and the second represents the velocity of the particle. In order to represent

10
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Figure 2: Components of the proposed PSO adaptation

the position of the particle, a vector is used to store the weights of the net-
work, and the last 2 values of this vector store the number of hidden neurons
together with the error. This structure is crucial for the simultaneous opti-
mization of both the weights of the neural network and its architecture.

Objectives to Optimize: To identify the optimal neural network for this
study, we have established two fundamental objectives that guide our opti-
mization objective (blue branch of figure 2).

Prediction Error: One metric for evaluating the proficiency of an ANN
is the prediction error. Intuitively, the lower the prediction error, the closer
the ANN is to reaching its ideal configuration. Our methodology aims to
minimize this error in the training dataset. The Mean Squared Error (MSE)
serves as our error quantification metric, represented by equation 3. Here
T signifies the total number of instances contained in the training set, Y (¢)
is the actual output, and O(t) denotes the output calculated by the neural
network at time .
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Min {fi(s)} = min {% Sy - OW} (3)

Number of Hidden Neurons: This number serves to evaluate the net-
work complexity, often measured by the number of hidden neurons, as our
second objective. By examining this, we aim to compare networks of varying
complexity to find those that maintain performance efficacy but are lighter
in terms of hidden neurons. The formal definition of this objective, where
h(s) encapsulates the number of hidden neurons for the designated network
s, is shown in equation 4.

Min{fs(s)} = min{h(s)} (4)

The crux of our approach is to find models that adequately /skillfully bal-
ance these objectives: aiming at the lowest prediction error whilst getting
the simplest model structure. It is imperative to acknowledge that while a
sophisticated model might intuitively offer superior results, finding a simpler
but equivalently proficient model is a non-trivial challenge.

Swarm initialization: Each of the particles that are part of the swarm rep-
resents a conceivable, non-optimal, solution to the problem. Each solution
characterizes a distinct ANN ( green branch of figure 2). The data-values
(neurons, weights....) included in each of the particles are generated ran-
domly, ensuring a diverse exploration of the solution space. In our problem,
each particle is assigned an initial position, which will be a vector containing
the number of neurons, error, and weights, and velocity bounded within a
pre-determined minimum and maximum. These limits are detailed in the
next sections.

Fitness Function: The fitness function, often referred to as the objective
function, quantifies how 'fit’ or 'good’ a solution is (orange branch of figure
2). For our specific problem, the fitness function is tailored to evaluate the
accuracy of the ANN in predicting energy consumption and the number of
neurons. The lower the prediction error and the number of neurons, the bet-
ter the fitness of the particle representing that specific individual.
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Selection: This technique helps us to determine which particles (or solu-
tions) with superior fitness should be kept for the next generation (yellow
branch of figure 2). There exist numerous strategies to execute this selection,
including tournament selection, random selection, roulette selection, etc.
For this study, we have employed the tournament selection method. In this
approach, two parents are randomly chosen from the entire population and
in opposition against each other, with the comparison based on their fitness
values. The selection process in our algorithm is based on the Pareto dom-
inance principle. Solutions are selected based on their ability to dominate
others (a solution dominates another when it is better in at least one objec-
tive without being worse in the others) in terms of both objectives: error rate
and model complexity. This ensures that the retained solutions are optimal
in terms of one or both objectives.

Mutation: The mutation operator plays a critical role in maintaining the
diversity within the swarm. It introduces variations by making either sub-
tle or significant alterations to the attributes of existing particles. A visual
representation of the mutation process can be found in Figure 3. Among the
variations, the structural mutation is important because it alters the net-
work’s topology, specifically the number of neurons. Such changes can be
profound, leading to the expansion or contraction of the chromosome’s size
and therefore to the capability of generating variability. In addition, genetic
mutation is used, which modifies one or more genes corresponding to the
weights of the network. This dynamism is essential as it enhances the explo-
ration capabilities within the search space.

Structural mutation Genetic mutation
N ER a2 as az as as N a1 az as an
M a1 az as s N a't a2 a's a'n

Figure 3: Structural and genetic mutation.
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PSO MO description:

Begin;

particles < InitializeParticles(numberOfParticles);
iteration « 0;

while iteration <mazlterations do

fitness + EvaluateFitness(particle);
UpdatePersonalBest(particle, fitness);
Front-order(particle) and crowding distant(particle) ;
8 UpdateGlobalBest(particles);

9 SelectionOperator(particles);

10 Mutate(selectedParticles);

11 UpdateVelocity(particle);

12 UpdatePosition(particle);

13 iteration « iteration + 1;

14

N o kA W =

end
15 optimalSolution +— ExtractOptimalSolution(particles);
16 Return optimalSolution;
17 End;
Algorithm 1: General algorithm of the proposed PSO adaptation for
multi-objective purposes.

In the developed algorithm, the process begins with the initialization of a
set of particles, assigning each particle random positions and velocities. Sub-
sequently, the fitness of each particle is evaluated using the predefined fitness
function. Building on the fitness evaluations, an ordering of fronts is exe-
cuted, and the crowding distance is incorporated. With this framework, the
global best solutions are updated. The selection operator is then employed
to keep the dominant solutions, leading to updating the local best solutions.
To propitiate diversity within the swarm, the mutation operator is invoked.
The position and velocity of each particle are re-calculated, drawing insights
from their local best, global best, and current velocity. This iterative process,
referring to steps two through seven, is continued for a number of cycles or
until the algorithm converges to a solution.

In doing so, we ensure that, over time, the particles converge towards
optimal or near-optimal solutions that satisfy both objectives of our opti-
mization problem. With the combination of these components, our PSO
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algorithm effectively addresses the challenges of multi-objective optimization
in the realm of energy consumption prediction using ANNSs.

4. Parallel Adapted PSO for MO to optimize ANN

We have already explained the basic idea of the PSO algorithm we used
and some important concepts. Now, we will explain how we parallelised
the PSO algorithm. It is important to remember that designing algorithms
for regular CPUs is different from designing them for GPUs. How memory
works and how tasks are divided up are different between these two types
of processors. But the overall goal of the algorithm stays the same on both
CPUs and GPUs.

4.1. Memory management

To take advantage of the GPU’s processing capabilities, data is moved
between the CPU’s main memory and the GPU’s memory using special func-
tions. These functions ensure efficient processing on the GPU. They allow
us to transfer large datasets, such as particle locations, speeds, performance
scores, and random number generators, to the GPU’s memory for much faster
calculations. Once processed, the results can be easily brought back to the
CPU’s memory for further use.

4.2. Kernel functions

CUDA code is structured into kernels, parallel functions in which the
programmer specifies the code to be executed by one thread. In our design,
each kernel corresponds to one of the operators used. Therefore, the com-
putations associated with each operator are done in parallel for all particles.
Once a kernel starts to be processed in the main stream, the GPU will wait
until all computation related to the kernel has finished, which ensures that
no race conditions occur.

In the realm of CUDA, a leading platform for GPU-accelerated appli-
cations, this block is conceptualized as a ’'thread block’. A thread block,
particularly with CUDA Toolkit 10, encompasses up to 1024 threads, i.e., 32
Warps or thread groups that are run at once by SMs. Threads within a warp
are executed on the same SM, and crucially, can communicate seamlessly
through shared memory or atomic operations.

To harness the full potential of the highly parallel architecture of GPUs,
our kernels usually associate the computations related to a particle with a
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block and the computations related to a neuron within that particle to a
thread. Thus, all operations are done in parallel at their finest granularity
and memory accesses are coalesced, ensuring optimal times when reading or
writing data. This distribution also allows the threads within each block to
cooperate faster, as they share the same registers and L1 cache, which can be
directly managed by the programmer through the use of “shared” memory,
a key factor in improving the performance in certain operations that require
cooperation, such as computing the final output of the neural network (that
relies on the weighted sum of all threads within the same block).

The following subsections provide the implementation details of the ker-
nels used in the proposed algorithm.

4.2.1. Generation of particles (GP)

On the GPU’s main memory, i.e., global memory, we store information
about each potential particle in a two-dimensional array. Each row in this
array represents a single particle, and its elements contain details like the
weights and the number of neurons in that specific architecture. An addi-
tional one-dimensional array also resides on the GPU’s memory and stores the
number of neurons for each particle. To initialize these particles, we launch
a grid of thread blocks on the GPU. Each block works on a specific group
of particles. The threads within each block initialize the particle weights fol-
lowing a uniform distribution in [—1, 1]. Each thread uses the Xoroshiro [44]
function to generate random values for the corresponding weight elements
within that particle. A unique identifier for each thread helps distribute the
initialization tasks among the threads within a block. To prevent conflicts
when multiple threads try to update the same weight element simultaneously,
the algorithm uses atomic operations, ensuring safe updates to the particle’s
weight values.

4.2.2. Non dominated sorting (NDS)

The second kernel focuses on non-dominated sorting, a process that iden-
tifies the most promising solutions in the swarm. Each thread within this
kernel is tasked with evaluating how dominant each particle is compared to
others. To speed up this comparison, the particles’ fitness scores are loaded
into a shared memory area, allowing for faster access. After each particle’s
dominance is determined, a single thread takes charge of assembling these
particles into different fronts. Figure 4 illustrates the structure used for orga-
nizing particles. The first array in this figure stores the indexes of particles
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grouped by their fronts, while the second array indicates the size of each
front. To run this kernel efficiently, we assign as many threads as there are
particles in the swarm to each thread block. Finally, this kernel returns a
classification similar to the one depicted in Figure 5. This figure showcases
the Pareto front (or 0-front), where each point represents a particle.

Populationvector [ 8 | a | 1 | 6 | o J 2] 7] 3] 5|
T 7
Front vector | 3 | 2 | 4 |
1st Front 2nd Front 3rd Front

Figure 4: Data structure for fronts.

4.2.8. Selection operator (SO)

The SO (Selection Operator) kernel employs a tournament-style compe-
tition to identify the single best particle (global position) from the entire
swarm. Fach thread within this kernel manages a head-to-head competition
between two particles. The winner of this competition is then considered
the best overall solution found so far. To speed up comparisons, crowding
distance information for the competing particles is loaded into a shared mem-
ory area for faster access. It is important to note that only particles on the
Pareto front participate in this tournament. To determine the winner, their
crowding distances are compared. The particle with the shorter crowding
distance, indicating less competition in its surrounding area, emerges victo-
rious. Finally, a probability factor is introduced to add a layer of randomness
and further refine the selection of the ultimate winner.

4.2.4. Mutation operators (MuQO)

The MuO kernel handles the mutation process for the particles in the
swarm. FEach thread is assigned a specific particle and is responsible for
introducing mutations. Both the position and velocity information for all
particles are stored in the GPU’s global memory for easy access during this
process. A random chance determines whether a particular particle will
be mutated. If selected, a vector containing random numbers is used to
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Figure 5: The Pareto optimal front.

define the new size of the particle, i.e., number of neurons, and update the
corresponding weights within the particle’s genes.

4.2.5. Update velocity (UV)

The UV kernel plays a crucial role in the proposed method. This kernel
focuses on updating the velocity of each particle in the swarm. FEach thread
within the UV kernel works concurrently to update a single particle’s veloc-
ity. To achieve this, the kernel retrieves the velocity and position information
for all particles from the GPU’s global memory. The kernel then considers
the particle’s personal best position, pbest and the overall best position dis-
covered so far, global best, to calculate the updated velocity for each particle.
Importantly, each thread block handles a specific group of particles, and the
threads within each block collaborate to calculate the velocity updates for
their assigned particles using the provided formulas.

4.2.6. Update position (UP)

The UP (Update Position) kernel is responsible for the crucial task of
updating the location, or position of each particle within the swarm. To
ensure maximum efficiency, this kernel gets both the position and velocity
information for all particles directly from the GPU’s global memory. Similar
to the velocity update process, each thread block is assigned a specific group
of particles to handle. Each thread within a block then calculates the new
position for its assigned particle by simply adding the particle’s updated
velocity to its current position. This process effectively moves each particle
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in the swarm based on its momentum and the influence of the best positions
it has encountered.

5. Experiments

This section describes the experiments we conducted to explore and over-
come the task of predicting EC. We begin by outlining the specific hardware
and software used. Next, we describe the dataset employed for training and
evaluation, along with any cleaning or preparation steps performed on the
data. To assess the efficiency gains achieved, we then present a speedup anal-
ysis, highlighting the improvements in processing speed. Finally, we define
the performance metrics used to measure the success of our approach. An
overview of the designed general scheme to address our problem can be seen
in figure 6.

5.1. FExperimental setup

To ensure the replicability and reliability of our experiments, we now
detail our computational environment. All computations were performed
on an NVIDIA GeForce GTX 1080 graphics card with 2560 cores and a
maximum thread capacity of 1024 per block (refer to Figure 7 for the memory
hierarchy). Python was chosen as the programming language due to its
versatility and extensive compatibility with machine learning libraries and
algorithms. For efficient GPU execution of the developed models, the Numba
compiler, supported by CUDA, was utilized.

Algorithm Configuration

i)
by DDD

[ ]1] — v
° o) Population ANN configuration
| o /.

n A (11} Visualisation
AN
P -== Sequen
/ in

PSO parameters Kernels Analysis

Figure 6: Overview of the general scheme for the conducted experimentation

5.2. Data description and preprocessing

In our experiments we used data collected from a variety of buildings at
the University of Granada. These buildings were specifically chosen because
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their energy consumption patterns closely resemble those of other university
buildings, ensuring the generalizability of our findings. The data encom-
passes four years of hourly readings from each of the four facilities, resulting
in a dataset of approximately 35.000 data points per building. To broaden
the scope of our analysis and ensure our models can handle diverse time-
series scenarios, we additionally incorporated data from the Spanish Elec-
tricity Network (REE). The REE dataset has daily electricity consumption
data spanning over a decade, ranging from January 1, 2009, to December 31,
2019. Besides, to explore performance in a different geographical context,
we included data from buildings located in Uruguay. This dataset features
hourly energy consumption readings from January 1, 2007, to January 31,
2019. By incorporating data with a different geographical location, we es-
tablish a multifaceted approach that provides a robust picture to evaluate
the effectiveness of our models. Finally, once the data is collected, it is pre-
processed and the consumption aggregated on a daily basis. To enhance the
predictive capacity of our models, a 24-hour time window is employed. Ad-
ditionally, we normalize the data to ensure uniformity in attribute scaling
and partition it into training (70%) and testing (30%) subsets.

GPU
Block 1 Block 2
Thread n Thread n
s fo H s fo H
7 2 Thread 0 X 2 Thread 0
Y A\ 4
[ Shared Memory | | Shared Memory |
) )

A\ 4 \ 4
Global Memory

Figure 7: Memory management and design for each kernel f; leveraging shared memory.

5.8. Algorithm’s settings

We then proceed to describe the algorithm configuration, broken down
into several clear steps. Each stage tackles specific aspects such as how
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many elements are in each group (population sizes), how the algorithm makes
choices within those groups (multi-objective algorithm parameters), how the
algorithm learns according to the cognitive and social coefficients (PSO pa-
rameters), how artificial neural networks are structured (ANN configura-
tions), and finally, a deep dive into the individual building blocks that make
up the entire algorithm (individual kernels). To assess the effectiveness of our
multi-objective algorithm, we used a technique called Pareto analysis. This
analysis method helps us visualize the different solutions generated by the
algorithm. In our case, we are particularly interested in understanding the
trade-off between two key aspects: the number of neurons within the ANN
and the error achieved. By examining these solutions visually using Pareto
analysis, we can identify configurations that achieve a balance between model
complexity (number of neurons) and prediction accuracy. This allows us to
select the most suitable configuration for our specific needs. Due to space
limitations, we cannot present all the experiments conducted to fine-tune
our algorithm. However, we will highlight some key parameters explored
reported in Table 1. The number of epochs, which determines the number
of times the algorithm iterates through the training data, was tested with
values of 10, 20, and 30. Eventually, 10 epochs yielded the best performance.
Similarly, we evaluated the impact of the particle swarm size, ranging from
50 to 300 particles. After experimentation, 200 particles proved to be the
most effective configuration.

We also explored the optimal structure for the ANN within the algorithm.
The minimum number of neurons in the hidden layer was tested between 2
and 6, with 4 neurons showing the best results. On the other hand, the
maximum number of hidden neurons was tested within a range of 26 to 36,
and 32 neurons provided the most favorable outcome. Furthermore, we op-
timized various hyperparameters related to mutation within the algorithm.
The mutation rate, which controls the likelihood of introducing changes dur-
ing the optimization process, was tested with values of 0.00, 0.1, and 0.2. We
also evaluated different structural mutation rates (0.005, 0.2, and 0.3) and
genetic mutation rates (0.005, 0.2, and 0.3), determining that values of 0.2
and 0.01, respectively, were most effective.

In addition to these parameters, we experimented with a range of values
for the cognitive coefficient (c1) and the social coefficient (¢2), which are crit-
ical for promoting effective information sharing among particles. Specifically,
cl was tested within a range of 1.5 to 3.0, eventually settling on 2.8 as the
optimal value. Similarly, c¢2 was evaluated across a spectrum from 1.0 to 2.0,
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with 1.3 identified as the most effective setting. The Factor, controlling the
speed updates of particles, was also scrutinized with values tested from 5 to
15, leading us to the optimal setting of 10, which allows for speed updates
within a range of -1 to 1.

Furthermore, we explored the inertia weight (w), a pivotal factor influ-
encing the balance between exploration and exploitation, by testing it be-
tween 0.5 and 1.0. The chosen setting of 0.9 emerged as the most conducive
to achieving a harmonious balance. Additionally, the maximum velocity
(Vmax) parameter, which ensures bounded particle movements, was eval-
uated with values ranging from 20 to 40, with 30 proving to be the most
suitable for our needs.

Parameters
Tournament’s winner 0.9
Structural mutation 0.2
Genetic mutation 0.1

cl 2.8

c2 1.3

factor 10
minimum speed -1
maximum speed 1

W 0.9

Vmax 30

Table 1: Chosen parameters for the adapted PSO for MO to optimize ANN purposes
implementation

To ensure a fair and balanced comparison between our proposed algorithm
and the BP algorithm, we configured both methods with similar settings for
a specific parameter. Since the number of epochs (iterations through the
training data) is a crucial factor in both algorithms, we set this value to 10 for
both approaches. However, another important hyperparameter to consider is
the learning rate. We conducted experiments with the BP algorithm using a
range of learning rates from 0.001 to 0.1. Interestingly, the best performance
for BP in our experiments was achieved with a learning rate of 0.001.

5.4. Speedup analysis
To highlight the benefits of our proposed method’s parallelization tech-
niques, we present a thorough comparison between its sequential and paral-
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lel implementations. This comparison focuses on both speed and accuracy,
allowing us to directly assess the performance gains achieved through paral-
lelization. We do not sacrifice accuracy for speed, the goal is to demonstrate
that parallelization can significantly reduce execution time while maintaining
the same level of accuracy. Furthermore, we evaluate the scalability of our
algorithm. In our case, we will be varying the population size (the number
of particles considered during optimization). By analysing the algorithm’s
performance under different population sizes, we can determine whether its
execution time scales proportionally with the increasing workload.

5.5. Performance metrics

Our evaluation relies on three performance metrics to assess the accuracy
of our predictions. The first metric is Mean Squared Error (MSE). MSE is a
widely used metric that calculates the average squared difference between the
predicted values and the actual values. It provides a clear indication of how
large the errors are on average, with smaller MSE values signifying better
model performance. This error can be defined as indicated in equation 5:

N

MSE = + 3 (5~ 4)° (5)

=1

Where N is the total number of samples, y; is the actual value of the i-th
sample and y; is the predicted value of the i-th sample. However, MSE can
be overly sensitive to outliers, meaning a single large error can significantly
increase the overall MSE score. To address this limitation, we also employed
Mean Absolute Error (MAE). MAE calculates the average of the absolute
differences between predicted and actual values. Unlike MSE, MAE is less
influenced by outliers, offering a complementary perspective on prediction
accuracy. It highlights how consistently close the predictions are to the actual
values, regardless of their direction (positive or negative). This metric is
defined as follows:

N
1
MAE = — — 6
N;lly Uil (6)

Finally, for time series forecasting specifically, we incorporate Mean Absolute
Scaled Error (MASE). MASE is a relative error metric that normalizes the
MAE by the average of the absolute values of the actual data series. This
normalization makes MASE particularly useful to compare the performance
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of models on different datasets, as it removes the influence of the scale of
the data. MASE values closer to 1 indicate similar average errors to the
naive forecast (simply predicting the previous value), while values less than
1 suggest the model outperforms the naive approach. The definition of this
metric is described in the equation 7.

=

| ‘
N. yz y

1
N_1 Z |Yi — Y1
1=2

By utilizing these three metrics we gain a better understanding of our model’s
accuracy. MSE provides a general sense of error magnitude, MAE highlights
consistency, and MASE offers a scale-independent comparison for time series
tasks. This combination allows us to identify potential issues like outliers
and pinpoint areas for improvement in the model’s prediction capabilities.

(7)

z| 1

6. Results and discussion

This section summarises the results obtained during the whole experi-
mental stage.

6.1. GPU Performance Analysis

As contrasted in Table 2, most of the parallel kernels significantly outper-
form the serial version in terms of temporal performance, with the singular
exception of one kernel (GP). This anomaly is attributed to the singular
execution of this kernel, responsible for the random initialization of parti-
cles, thereby incurring the overhead of various GPU memory initialization.
Another kernel, the non-dominant sorting (NDS) operator, though exhibit-
ing a speedup superior to GP, encounters multiple barriers within the NDS
function.

The optimisation algorithm employs various operators, including the se-
lection (SO) and mutation (MuO) operators. However, these operators are
not required to execute across all particles, so they do not contribute signif-
icantly to the speedup enhancement. On the other hand, the time-intensive
functions are the fitness function (FF), velocity update (UV), and position
update (UP), which are characterized by their iterative nature. They need
to be launched recurrently throughout the algorithm’s execution.
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In light of these observations (those wich have more impact on speedup),
our proposal focuses on the development of an optimized parallel implemen-
tation for FF, UV, and UP, recognizing their critical impact on the overall
algorithmic performance. This strategy is highly reflected in Table 2, high-
lighting the substantial disparity in execution times between the sequential
and parallel versions of all functions, highlighting the higher efficiency and
performance of the parallel version compared to its best sequential version.

Kernel Name Parallel Sequential Speedup

GP 0.96423 0.03748 0.03852
NDS 0.02487 0.03311 1.37555
SO 0.00043 0.01003 25
MuO 0.00041 0.01448 35

uv 0.00049 0.10329 257.502
UpP 0.00014 0.03954 390

FF 0.12399  655.921 5332.69

Table 2: Time (ms) of each kernel, generation of population (GP), non-dominated sort
(NDS), selection operator (SO), mutation operator (MuO), update velocity (UV), update
position (UP) and the fitness function (FF).

A suite of experiments was systematically carried out to compare the
sequential and parallel version of the proposed algorithm, involving a var-
ied range of swarm sizes, and the results are presented in Table 3. Upon
careful examination of the data, it becomes evident that there is a subtle
increase in the running time as the swarm size expands. While this incre-
ment is indeed perceptible, it remains relatively minor in comparison to the
substantial growth of the swarm size. Notably, the MSE also shows a slight
improvement as the swarm size increases. Despite this observed improve-
ment, empirical analysis has revealed the existence of a saturation point at
approximately 200 particles. Beyond this numerical threshold, the algorithm
does not improve the forecast accuracy. This phenomenon can be attributed
to the finite capacity of individual particles to contribute valuable informa-
tion, thus limiting the degree of diffusion of useful knowledge within the
algorithm. Furthermore, the table offers an analysis, not only of memory
usage in megabytes (MB) but also of the percentage of GPU utilization of
the parallel version of the multi-objective algorithm. This dual perspective
provides a view of the algorithm’s operational dynamics across different pop-
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ulation sizes. This multifaceted evaluation enhances our understanding of
the algorithm’s performance, enabling us to identify and optimize the most
efficacious population size. Such optimisation is crucial for achieving both
enhanced algorithmic efficiency and improved accuracy.

Population  Time MSE Memory GPU
Size (s) Usage (MB) Usage
80 17.198  0.009 400 70%
160 31.732  0.007 441 70%
200 47.101  0.005 445 2%
250 78.102  0.007 450 85%
300 113.814 0.005 450 97%

Table 3: Scalability of the designed algorithm using different population size.

Table 4 presents an overview of the average execution times associated
with particle computations, with each row representing a distinct number of
particles (blocks), with each block having as many threads as the maximum
amount of neurons in a topology. The table’s first column enumerates the
varying number of particles, followed by columns displaying the minimum,
maximum, and average execution times. These results offer insights into the
systematic increase of computation time for each particle as the total number
of particles within the experiment grows. This progressive trend in execu-
tion time can be attributed to the larger data volumes being processed on
the device, a direct consequence of the increasing number of particles under
consideration. Understanding this correlation between computational load
and execution time is essential for optimizing the algorithm’s performance
when scaling it to accommodate larger populations.

Particles Min Max Avg

80 0.065 2.562 0.198
160 0.284 2.759 0.400
200 0.462 3.134 0.612
250 0.788 3.496 0.994
300 1.291 4.622 1.598

Table 4: Population size - Time (sec) execution of an particle.
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Table 5 provides a detailed breakdown of the GPU utilization percent-
ages for each kernel in our algorithm, offering an exhaustive view of their
computational costs. Beginning with the least demanding, the GP function
demonstrates minimal GPU utilization, followed by SO and UP. The subse-
quent tier comprises MO and NDS, with the NDS kernel demanding more
computational resources due to its sorting algorithm based on solution dom-
inance. The MO kernel, responsible for traversing the particle structure for
mutation, also exhibits significant computational intensity. The UV kernel
emerges as the second most computationally intensive, as it uses each parti-
cle’s structure within every iteration for updates. At the top of the hierarchy,
the FF kernel stands out as the most time-consuming component, primarily
due to its extensive data processing and iterative evaluations for all particles
and data points.

In response to these observations, dedicated efforts were directed toward
optimizing the FF kernel. We adopted a strategy of allocating one particle
per block and optimizing the number of threads to align with the maximum
number of neurons. This allowed for the parallel execution of all computa-
tions within the FF kernel. This approach resulted in a substantial acceler-
ation of computational speed. These observed findings emphasise the signif-
icant advancements achieved by our implementation. Moreover, it delivers
outstanding speed-up metrics, particularly in the execution of complex algo-
rithmic functions. This demonstrates its remarkable performance efficiency,
making a noteworthy contribution to the contemporary state-of-the-art in
multi-objective optimisation.

Kernel Name Usage Rate
Fitness function (FF) 36%
Update velocity (UV) 21%

Front order (NDS) 15%
Mutation operators (MuO) 14%
Selection operator (SO) %
Update position (UP) 5%
Generation of particles (GP) 2%

Table 5: Kernel profiling.

6.2. Model Performance Analysis
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The next experiment is intended to compare the accuracy of both solu-
tions (sequential and parallel) and the results are outlined in Table 6. The
columns labelled 2, 3, 4, and 5 provide a detailed breakdown of the exper-
imental outcomes for buildings B1, B2, B3, and B4, respectively, while the
first column explains the specific metric under scrutiny. In the context of
both sequential and parallel experiments, this table effectively shows the av-
erage fitness values, gathering the results of the MSE calculations out of 10
iterations of each version. Additionally, the table presents the best and worst
fitness values, representing the minimum and maximum MSE obtained over
ten runs, complemented by the standard deviation, which offers a profound
understanding of the result distribution. Upon careful examination of the
data within Table 6, an interesting trend emerges. Both the sequential and
parallel implementations yield results with remarkable similarities. However,
it is worth highlighting that the parallel version exhibits a discernible reduc-
tion in average error values, underscoring its superior performance efficacy
when compared to its sequential counterpart. This observation underscores
the tangible benefits of parallelization in enhancing the accuracy of our al-
gorithm.

Measures B1 B2 B3 B4
Sequential Average Fitness 0.020  0.145 0.035 0.026

Best Fitness 0.006 0.014 0.009 0.018

Worst Fitness 0.035 0.350 0.093 0.045

Standard Deviation 40.001 +0.012 +0.032 +£0.010
Parallel Average Fitness 0.009  0.010 0.013  0.019

Best Fitness 0.006 0.005 0.011 0.015
Worst Fitness 0.011 0.014 0.018 0.022
SD +0.001 40.002 40.001 40.001

Table 6: Average MSE of sequential and parallel implementations.

The following experiment aims to compare the accuracy of BP and the
adapted PSO for MO to optimize ANN, both in their parallel versions, show-
casing various error metrics: Mean Squared Error (MSE), Mean Absolute Er-
ror (MAE), and Mean Absolute Scaled Error (MASE). The experimentation
has been carried out for buildings B1, B2, B3, and B4, which were previ-
ously used for the experiments in Table 6. The results distinctly highlight
the advantages of our algorithm over the BP technique.
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MSE B1 B2 B3 B4 REE  Uruguay
Average Fitness 0.009 0.010 0.013 0.019 0.020 0.014

Adapted PSO

for MO to Best Fitgess 0.006 0.005 0.011 0.015 0.015 0.008
optimize ANN Worst Fitness 0.011 0.014 0.018 0.022 0.024 0.189
Standard Deviation 0.001  0.002  0.001 0.001  0.002 0.003
BP Average Fitness 0.051 0.018 0.013 0.019  0.039 0.027
Best Fitness 0.035 0.018 0.011 0.015  0.032 0.025
Worst Fitness 0.135 0.018 0.018 0.022  0.043 0.029

Standard Deviation 0.024 0.002 <0.001 <0.001 0.002 0.001

Table 7: Comparative Analysis of MSE for Parallel Adapted PSO for MO to optimize
ANN and Back-propagation Algorithms Across Buildings.

MAE B1 B2 B3 B4 REE  Uruguay

Average Fitness 0.078 0.077 0.082 0.096 0.118 0.096

é‘:al\l/’[tgdtfso Best Fitness 0.061 0.058 0.071 0.083 0.103 0.074
optimize ANN Worst Fitness 0.094 0.090 0.097 0.115 0.129 0.112
p Standard Deviation 0.009 0.009 0.008 0.011 0.008 0.012
BP Average Fitness 0.181 0.103 0.099 0.136 0.163 0.132
Best Fitness 0.139 0.102 0.092 0.133 0.153 0.128

Worst Fitness 0.334 0.106 0.119 0.139 0.171 0.139

Standard Deviation 0.050 0.001  0.007 0.001 0.004 0.003

Table 8: Comparative Analysis of MAE for Parallel Adapted PSO for MO to optimize
ANN and Back-propagation Algorithms Across Buildings.

The average outcomes presented in Tables 7, 8, and 9, demonstrate across
all metrics and for each building that our algorithm delivers superior perfor-
mance, achieving lower average values of MSE, MAE, and MASE.

Beyond the average values, the optimal (best) figures achieved by our
algorithm in all metrics are lower than those of the BP algorithm, under-
scoring its effectiveness. Additionally, the least favorable (worst) values and
the standard deviation further support the observation that our algorithm
provides more precise results.

The graph in Figure 8 displays the predicted EC over a span of 100
hours from a test data set. On these charts, the x-axis indicates the time
for which each prediction is made, while the y-axis indicates the normalized
consumption for that specific hour.
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MASE B1 B2 B3 B4 REE  Uruguay
Adapted PSO Average Fitness 0.510 0.569 0.779 0.096 0.118 0.096

for MO to Best Fitpess 0.433 0.494 0.636 0.083 0.103 0.074
optimize ANN Worst Fitness 0.570 0.642 0.935 0.115 0.129 0.112
Standard Deviation 0.049 0.038 0.091 0.011 0.008 0.012
BP Average Fitness 0.843 0.797 0.943 0.799 0.797 0.744
Best Fitness 0.662 0.787 0.897 0.782 0.745 0.721
Worst Fitness 1.815 0.835 1.182 0.817 0.831 0.781

Standard Deviation 0.289 0.009 0.072 0.008 0.019 0.016

Table 9: Comparative Analysis of MASE for Parallel Adapted PSO for MO to optimize
ANN and Back-propagation Algorithms Across Buildings.
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Figure 8: Example of predictions of energy consumption
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6.3. Advantages and Limitations

The main advantage of the proposed method is its ability to simultane-
ously find the minimum number of hidden neurons and fit the weights of the
neural network specifically at the same time in a single framework, achieved
by the proposed adaptation of the multi-objective PSO with the inclusion of
mutation operators and variations of the original PSO operators. All of these
operators were designed taking into account the dynamic size of each indi-
vidual to guarantee neural network topology diversity in the swarm. This is
a key element of the proposed method, as otherwise the swarm would quickly
converge towards only using a fixed number of hidden neurons. Furthermore,
due to the parallel implementation provided for GPU in this paper, the pro-
posed method will be able to efficiently train and find the optimal topology
even with large volumes of data, as it can make great use of the massively
parallel architecture of the GPU.

However, the proposed method still has some minor limitations. First,
similarly to other machine learning models, even though the proposed method
reported great results in the experiments made in this paper, there is no
guarantee that it will always provide the best results. Additionally, the hy-
perparameters that control the proposed method may need to be tuned when
the algorithm is applied to other contexts. In those cases, it is quite likely
that at least the hyperparameters that control the complexity of the trained
neural network (minimum and maximum number of hidden neurons) may
need to be tuned differently. Second, for low volumes of data, it is likely that
the sequential CPU implementation will be faster than the parallel GPU im-
plementation. This is a common issue for GPU implementations, since GPUs
are capable of doing computation faster by exploiting their massively paral-
lel architecture. If there is not enough data to use all of the GPU’s cores,
its lower instruction latency and the slow communication time between the
CPU and GPU will become a major bottleneck that will limit the perfor-
mance of the parallel implementation. Nonetheless, considering the current
trend toward greater data availability and advances in sensor technologies,
this limitation tends to be less significant in the energy sector, where the
volume of data available is increasingly larger.

7. Conclusions and Future Works
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In this research paper, we have successfully developed an adapted version
of the PSO algorithm for multi-objective purposes. Our adaptation aims
to achieve the most accurate and optimal model in terms of error and the
optimal structure of the predictive model. We employed ANNs as the model
to predict the energy consumption of a series of buildings on an hourly ba-
sis. Additionally, we have not only implemented the adaptation of PSO for
multi-objective tasks but also proposed a parallel GPU implementation. The
problem of obtaining the optimal topology, number of neurons and weights
that obtain a minimum error is known for its computational cost and that
through this proposal we have seen a significant reduction.

The importance of obtaining speedy and parallel implementations of the
PSO algorithm, especially for multi-objective tasks, can be highlighted for
the following reasons. First, the efficiency in solving large-scale problems as
traditional PSO algorithms may struggle with large swarm sizes and high-
dimensional problems. By leveraging parallel GPU implementations, we sig-
nificantly improved the efficiency of solving such complex problems. Sec-
ondly, enhancing real-time decision-making due to the fact that in various do-
mains, including energy consumption prediction, real-time decision-making is
crucial. Speedy and parallel implementations of the PSO algorithm enabled
us to obtain optimal solutions quickly, facilitating timely decision-making
processes. Thirdly, the optimisation of limited computational resources be-
cause GPU-based parallel PSO algorithms allow us to harness the power of
consumer-level Graphics Processing Units, making efficient use of available
computational resources. This is particularly important in energy efficiency
scenarios where access to high-performance computing infrastructure is lim-
ited. And lastly, advancements in swarm intelligence research as the devel-
opment of efficient and effective parallel PSO algorithms contributes to the
broader field of swarm intelligence research. By pushing the boundaries of
optimisation techniques, we can continue to explore new applications and
solve increasingly complex problems as the one discussed in this study.

The main advantage of the proposed method lies in its ability to simulta-
neously determine the minimum number of hidden neurons and fit the neural
network weights within a unified framework, which improves both efficiency
and performance. This approach not only guarantees diverse neural network
topologies, but also circumvents the conventional challenge of convergence to
suboptimal architectures. Despite these strengths, the method is not without
limitations, as some of its parameters may need to be fine-tuned depending
on the complexity of the problem and small data volumes may not be able
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to take advantage of the parallel implementation due to the lower latency of
the GPU architecture.

Finally, as future work and in light of the findings from this study, we sug-
gest several avenues for further exploration. The first one is the fusion of PSO
with other optimization algorithms, leading to the creation of hybrid models.
By tapping into the strengths of other swarm intelligence algorithms, such
as ant colony optimization or bee algorithm, there is potential to formulate
solutions of even greater robustness and efficacy. Moreover, while the current
research hinged on the application of ANNs, the prediction could be further
enriched by incorporating more intricate neural architectures such as Con-
volutional Neural Networks or Recurrent Neural Networks. Another frontier
for expansion lies in the realm of parallel implementations. Our study has al-
ready highlighted the merits of GPU-based parallelism; however, catapulting
this to multi-GPU systems or even distributed computational frameworks
could improve the way for better optimizations, especially fitting for grand-
scale challenges.
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