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Abstract. As multi-core architectures become the standard for computational efficiency, parallel programming has
evolved into a primary avenue for optimization and resource management. However, an integrated design-and-evaluation
method is often difficult for beginners to envision, leading to incorrect intuition about the relationship between theory and
practice. This article proposes an implementation-driven methodological approach using a Multilayer Perceptron (MLP)
to bridge this gap, comprising three main components: (1) establishing a sequential baseline, (2) applying parallelization
and data containerization strategies to the MLP, and (3) evaluating through key metrics such as speedup and hardware
efficiency. By addressing data dependencies and synchronization challenges inherent to backpropagation, the proposed
trajectory provides a framework for comprehending data integrity in parallel systems through an exemplified parallel
implementation. Our approach led to successful optimization of the feedforward and backpropagation routines, resulting
in a speedup, e.g., of 4 times the baseline execution time using 8 hardware threads. Furthermore, the results indicate that
outer-loop nesting and data containerization should be considered for managing structures with high data dependencies.
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1 Introduction
Many computational solutions nowadays require or could
benefit from performance enhancements in code, such as
those in artificial intelligence, finance, and scientific-domain
applications. The demand for speed, alongside new multi-core
processing unit architectures, invokes concepts from the high-
performance computing (HPC) domain, such as parallelism,
which require strategies and methods for teaching and learning
parallel programming [de Freitas, 2012; Vasconcelos et al.,
2019; Conte et al., 2020].

Several approaches to studying parallel programming
[Lara Soares et al., 2019; Carneiro Neto et al., 2022] involve
identifying potential parallelization strategies for an imple-
mentation that works as intended sequentially and determining
which concepts best fit parallel architectures to maximize per-
formance. To familiarize oneself with parallelism, working
in a domain that offers clear and effective opportunities for
parallelism is a forgiving yet powerful exercise.

Artificial intelligence is a domain rich in opportunities
for parallelism. Specifically, in the context of Multilayer Per-
ceptrons (MLPs) [Indrakumari et al., 2021], the independence
of neuron weight calculations within a single layer, for ex-
ample, enables significant acceleration through simultaneous
execution on high-performance architectures. It is easily iden-
tifiable and affects processing speed, making it a promising
candidate for approaches that use practical and case-based
learning.

Although there are many studies on parallel computing
education, we observe a lack of work associated with artificial
intelligence that provides a practical incentive and a student-
friendly approach that systematizes concepts into a design
and evaluation method. Usually, when algorithms are not iso-

lated excerpts with specific conditions (e.g., loops, scheduling,
and critical sections), common educational practice focuses
on small algorithms such as sorting, summing, and matrix
multiplication. Given the inherent limitations of each, pro-
gramming techniques and practices can be presented without
criticism of the best approaches or programming choices. A
practice specifically oriented toward algorithms, with more
options for design and evaluation, could solve this issue.

Therefore, choosing an algorithm-based learning method
aligned with the high demand for artificial intelligence can
help students understand the need for parallelism. Further-
more, as parallelism is fundamentally coupled to hardware, it
demands a grasp of low-level intricacies that remain hidden
within purely theoretical frameworks. This way, our prob-
lem statement is fundamentally grounded in the lack of an
approach, supported by a simple artificial intelligence algo-
rithm, for studying parallel computing concepts from design
to evaluation. Thus, the research question is: Does an artificial
intelligence algorithm present parallelization opportunities
that can be critically analyzed in terms of design and evalua-
tion?

Given these points, our goal is to develop an approach
that connects knowledge of OpenMP-based parallel program-
ming with an Artificial Neural Network (ANN), specifically
an MLP. We recognize that the transition from abstract rule-
following to intuitive systems engineering is inherently subjec-
tive. For this reason, our proposed approach does not offer a
universal formula but a guided trajectory. The main contribu-
tion of our work is an implementation-based methodological
approach (design and evaluation) that integrates theoretical
neural networks with practical parallelism techniques via the
OpenMP API and is applied to a sequential MLP algorithm.

In terms of educational aspects, our method focuses on
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analyzing MLP algorithms for design and evaluation across
different parallelism approaches. This paper presents analyses
of Feedforward, Backpropagation, and Mini-batch Gradient
Descent to explore possibilities for parallelization, giving stu-
dents a critical analysis of programming choices. In the scope
of this paper, we highlight the importance of execution time,
speedup, and efficiency as performance metrics, and accuracy
as a baseline for predictive quality. We understand that these
metrics represent a subset of the alternatives for evaluating
any program, but we believe they also introduce the funda-
mentals for any student beginning research on the application
of parallelism to artificial intelligence. The target of our work
is an analysis of a design and evaluation approach, which
includes computational performance for learning parallelism.
The scope of this work does not include an analysis of student
performance, as this must be addressed within the framework
of an educational program involving the students.

This paper is organized as follows: Section 2 describes
the background concepts, Section 3 presents related work,
Section 4 details our methodological approach, Section 5
presents our parallelism design, Section 6 presents the algo-
rithm performance evaluation results, and finally, Section 7
concludes the paper.

2 Background
This section describes the fundamental concepts necessary
to understand certain decisions regarding our parallel MLP
algorithm’s design and evaluation. At the end of this section,
we describe important cause-and-effect correlations that are
important for deeper studies in parallel computing education.

2.1 Multilayer Perceptron
An ANN is an artificial intelligence model philosophically
similar to the biological brain, composed of neurons and
connections. One of the most basic types of an ANN is the
feedforward neural network, in which data enter the input
layer and propagate through the connections to the output
layer [Islam et al., 2019].

The feedforward relies on neuron activations, weights,
and biases. The activation is a value held by a neuron, whereas
the weights are values assigned to the connections between
neurons. The biases are extra inputs connected to the neurons,
each with its own weight [Rosenblatt, 1958].

The general formula that allows data to travel between
layers is as follows (Equation 1):

yj = f

([∑
i

yi · wji

]
+ bj

)
(1)

where yj is the activation value of the jth neuron of the
current layer, yi is the activation value of the ith neuron of the
previous layer, wji is the weight of the connection between
the current neuron j and the previous neuron i, bj is the bias
related to the current neuron, and f is the activation function.

The perceptron is one of the most famous neural net-
works. Historically, it started very simply: a static network
with no hidden layers. That was until backpropagation was
proposed. With this algorithm, it became possible to adjust the
weights to minimize error. It was also when the hidden "units"
were first mentioned. These contributed to the development

of new versions of the perceptron with intermediate layers,
commonly referred to as MLPs [Macukow, 2016; Rumelhart
et al., 1986]. Figure 1 depicts a simple MLP example.

Figure 1. Multilayer Perceptron example

The intrinsic structure of multiple, variable-length hid-
den layers is the primary reason MLPs were selected as our
parallel programming case study. While an MLP can become
computationally complex simply by adding a new layer or
slightly increasing a layer’s size, the independence of both neu-
ron calculations and training samples in Mini-Batch Stochas-
tic Gradient Descent forms a clear path to parallelizing such
an algorithm. Furthermore, the strict dependencies between
layers in an MLP naturally promote the discussion of data
integrity and synchronization under parallel implementations.

2.2 Parallelism
Parallelism is the process of subdividing a large task into
multiple smaller instances, computing them simultaneously
across different processing units, and then merging the results
into the solution [Kumar, 2017]. With its increased accessi-
bility [Ayguade et al., 1999], it has become possible to enjoy
the benefits on a personal computer, allowing most to put it
into practice.

One could parallelize software applications. This is
known as software-level parallelism, facilitated by high-level
extensions to existing programming languages [Ayguade et al.,
1999]. Already well-explored, the software layer offers sev-
eral techniques to transform what was once thought, planned,
and executed sequentially into a parallelized task, partitioned
across process models [Kumar et al., 2006].

By descending the abstraction layer, instruction-level par-
allelism is achieved. The hardware itself exploits parallelism
through specialized instructions to either achieve the same
goals as software-level parallelism or to parallelize task execu-
tion. Although less flexible and affected by hardware limita-
tions, there are still opportunities for improvement [Chadwick
et al., 2025].

Although promising, parallelization is not always more
performant than a sequential approach. Some nuances in
thread and shared-resource management can become signif-
icant bottlenecks that nullify parallelization efforts or lead
to incorrect behavior, invalidating the solution [Pawar et al.,
2014].

To ensure the correct application of parallelization tech-
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niques, it is necessary to analyze the context and data usage.
Pawar et al. [2014] presented an approach that applied mathe-
matical concepts to formulate a more effective strategy. These
concepts involve, e.g., analyzing the commutativity and asso-
ciativity of the problem. Such characteristics are important
for proving reliability.

To evaluate our parallel implementation, this study fo-
cuses on performance and scalability [Machado et al., 2026],
using two main metrics: speedup (Sp) and efficiency (η).
The speedup shows the relative speed gain (Sp > 1) or loss
(Sp < 1) compared to the base speed and can be calculated
as follows (Equation 2):

Sp =
tbase
t

(2)

where tbase is the base time, such as the original algo-
rithm execution time, and t is the current execution time, such
as the optimized algorithm execution time.

The efficiency measures the hardware’s processing capa-
bilities usage. Sub-utilization (η < 1) indicates the presence
of bottlenecks, such as sequential fragments in code, that
limit how much the program can utilize hardware resources,
in contrast with an ideal efficiency (η = 1), which means the
resources are used to their limits without distractions. There
is also a super-linear efficiency (η > 1), where factors not
strictly related to the processor, e.g., cache locality, push the
implementation beyond the processor’s theoretical capabili-
ties. It can be calculated as follows (Equation 3):

η =
Sp

C
(3)

whereSp is the speedup, andC is the number of available
cores.

Furthermore, the state of sub-utilization of resources is
predicted by Amdahl’s law [Amdahl, 1967; Hill and Marty,
2008], as described in Equation 4: sequential parts (fseq) of
the algorithm effectively limit the potential for parallelization,
asymptotically limiting speedup and yielding diminishing
returns.

Sp =
1

fseq +
1−fseq

C

(4)

For parallel scaling, these metrics will be used in the
context of strong scaling. In strong scaling, the problem
size remains constant while the number of cores varies. It
contrasts with weak scaling [Gustafson, 1988], in which the
problem size scales with the number of cores. Strong scaling
is primarily used for fine-tuning in CPU-bound applications,
i.e., adjusting the environment parameters until a satisfactory
result is obtained, whereas weak scaling is preferred for im-
proving memory scalability in memory-bound applications.
In general, more cores scale better with memory due to CPU
affinity: neighboring cores might share the same cache levels,
depending on the architecture.

2.2.1 Design and Evaluation Remarks
As previously described at the beginning of this section, cause-
and-effect correlation can lead us to a more complex scenario,
adding more research fields for a better comprehension. Com-
puter architecture and, consequently, hardware characteristics

commonly affect the algorithm’s performance [Magalhães
et al., 2024]. For a given sequential algorithm with high
cache misses, when its parallel code executes on two cores,
cache misses can be reduced because the workload now has
more cache memory at the same level to distribute data, re-
sulting in higher cache hits. This behavior can generate a
super-speedup [Che and Nguyen, 2014] that exceeds the lim-
its defined by Amdahl’s law, which applies to the number of
processing cores and parallel parts of the code. In other words,
for this example, the super-speedup is due to a stronger influ-
ence of more cache memories rather than to a high number
of parallel parts of the code. To identify possible hardware
characteristics, such as cache misses, page faults, and others,
hardware counters present in the processor architecture can
provide information for a good cause-and-effect correlation.

According to the concepts of strong and weak scalabil-
ity, a parallel code maintains speedup and efficiency as more
processing cores are added, with or without an increase in
problem size. Again, hardware counters, along with other
strategies for monitoring program performance, can provide
the programmer with a pool of data to analyze and explore
all possible processing cores for each thread. This research
field presents CPU and memory affinity [Ribeiro et al., 2012]
as important concepts for better exploration of thread-to-core
mapping [Bindi et al., 2026]. For instance, in a multicore
architecture, shared caches can be leveraged to increase cache
hits through thread pinning (i.e., affinity), which maps threads
to cores that share the same cache. Thread mapping can opti-
mize resource utilization by preventing thread migration from
the operating system and scaling the parallel code to achieve
the highest speedup and efficiency across many processing
cores. This behavior can improve the scalability of parallel
code, enabling it to run on more cores and process more data
efficiently.

These remarks highlight important cause-and-effect cor-
relation concepts that can open the mind to a broad range of
learning opportunities. This paper describes part of them and
suggests future work in more advanced parallel computing
education.

3 Related Work
The related papers in this section were found using the follow-
ing search criteria: (1) IEEE Xplore, ACM Digital Library,
and SBC-OpenLib as digital libraries and Google Scholar
as search engine; (2) “parallelism”, “parallel programming”,
“high performance computing”, “neural networks”, “teaching”
and “multilayer perceptron” as the main keywords, used in
different combinations; (3) the period from 2024 to 2026,
with the time range extended as necessary.

In the context of parallel programming and heteroge-
neous computing, Abdurhaman et al. [2024] examined the
effectiveness of HPC instruction through hands-on activities,
drawing on their experiences from ministering summer work-
shops for high school students. By exposing them to HPC
topics through practical examples rather than abstract theory,
the overall understanding and feedback remained satisfactory.
Their results showed that working in practical activities to
tackle advanced concepts makes the content more digestible,
even for those without a background in the subject.
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Most algorithms have simpler, slower versions for learn-
ing and complex, faster versions for real-world problems.
However, Strazdins [2025] proposed a different parallelization
algorithm that is both easier for students to understand than
traditional methods and more performant. Their initiative to
think beyond already-consolidated techniques demonstrated
that there remains space for innovation, whether in education
or applications.

Vargas-Pérez [2024] showed a concern regarding learn-
ing performance metrics for parallel solutions in conjunc-
tion with implementation exercises. Measuring this data is
a great way to develop critical thinking and understanding.
The method yielded promising results regarding the impact
of such exercises on students and served as an incentive to
explore the topic further.

To mitigate the negative effects of the fast-paced nature
of Computer Science courses on learning, Iudean [2024] in-
vestigates the use of storytelling techniques in teaching HPC
courses. The narration-driven approach successfully created
connections between meaningful stories and parallelism con-
cepts, supporting students in developing their knowledge in a
less formalistic manner.

Given the relevance of parallel computing for Graph-
ics Processing Units (GPUs), Lupo et al. [2012] adopted a
collaborative approach to optimize Ray Tracing algorithms.
By uniting two undergraduate classrooms (one specialized
in graphics processing and the other in parallel solutions),
the study integrated distinct domains into a unified hands-on
example. This strategy successfully consolidated theoreti-
cal studies into practical skills, demonstrating that complex
concepts are best internalized when anchored in high-impact
applications.

Together, these works demonstrate the importance of
practical experiences in the learning journey of parallel pro-
gramming students. They show how connecting explicit
knowledge to palpable problems enhances learning, increas-
ing students’ conceptual mastery throughout their academic
experience. However, these related works do not focus on
learning parallel programming in the context of artificial intel-
ligence, guided from design to performance evaluation. We
understand that a well-applied approach, as we propose in this
paper, can help students to understand design decisions and
their implications on performance.

Moreover, our work addresses the following gaps left by
the related work:

1. Methodological transition from baseline to complex
parallelism: details of the expository transition from
sequential code to managing the high data dependencies
inherent to routines like backpropagation.

2. Handling data integrity in nested structures: an anal-
ysis of how specific parallelism behaviors and data con-
tainerization strategies resolve the synchronization chal-
lenges unique to the proposed case study.

3. Connection between theory and practice: demonstrat-
ing exactly how structural techniques apply to the compu-
tational demands of the MLP, bridging the gap between
parallel concepts and the actual implementation.

4. Evaluation of hardware utilization: presentation and
reasoning of common HPC metrics to evaluate how the

MLP scales across different thread counts and paral-
lelism approaches.

Table 1 summarizes our work and related work based on
the approach used to address the problem, the target devices
for implementation, the languages used, and the algorithms
employed. The diversity of approaches underlines the sub-
jectivity of learning. As there is no universal formula for
mastering high-performance computing, the field benefits
from new perspectives. While many existing materials fo-
cus on throughput, our work addresses the challenge of data
integrity and synchronization. By employing an algorithm
with strong data dependencies, such as the MLP, we provide a
guided trajectory that forces the HPC learner (undergraduate
or graduate students) to understand the design and evaluation
steps to achieve high-performance computing.

4 Methodology
The experimental approach aims to isolate the performance
impacts of specific parallelization strategies on a standard
machine learning task. By keeping close to the hardware,
the relationship between code, OpenMP directives, and hard-
ware resource usage becomes clear. The following subsec-
tions detail the environment and tools used to ensure repro-
ducible and accurate benchmarks. The main elements of our
approach are described in this section and can be highlighted
as materials (hardware and tools), benchmarking procedures,
MPL parallelization, and performance evaluation. These el-
ements comprise our design- and evaluation-based learning
proposal, which is aligned with the background, paralleliza-
tion approaches, and results sections.

4.1 Hardware & Tools
All tests were performed on the same machine equipped with
an 11th-generation Intel Core i5 processor. A topological
map of this processor is shown in Figure 2, which depicts
four cores, 8-thread support, and cache information (private
L1 and L2 caches and a shared L3 cache).

Figure 2. 11th Gen Intel Core i5 topological map

The implementation used for running the tests was writ-
ten in C. In addition to the OpenMP API and standard libraries,
no other tools were used to run the MLP model. The metrics
were assembled into statistical visualizations using Python.

OpenMP is a user-directed parallelization API for C,
C++, and Fortran. To be user-directed means that the pro-
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Table 1. Comparative analysis of methodologies in parallel computing education.

Work Target Audience Approach Device Language Algorithm

Abdurhaman
et al. [2024] High School Hands-on Workshops Edge

devices/GPU Python/C++ TSP, Mat. Mul.

Strazdins
[2025] Undergraduates Tiled-based approach CPU/GPU C LU, Mat. Mul.

Vargas-Pérez
[2024] Undergraduates Performance metrics CPU C++ Histogram

Iudean [2024] Undergraduates Storytelling - - -

Lupo et al.
[2012] Undergraduates Collaborative work GPU CUDA Ray Tracing

This work HPC Students Implementation-Driven CPU C Neural Network

grammer explicitly defines instructions for parallelizing rou-
tines. Specifically, in C, this is primarily accomplished by
using directives [OpenMP Architecture Review Board, 2025].

The API provides greater control over the parallelized
code by design, an important characteristic given the scope of
the problem, as transparency enables deeper analysis of the be-
havior of different parallelization strategies. In user-directed
implementations, the responsibility for handling parallelism
is shifted to the programmer, making them error-prone and
highly modifiable, which is exactly what is needed.

4.2 Benchmarking Procedures

A benchmarking routine was performed for each of the pre-
sented approaches, as well as for any necessary proofs. Some
routines were also performed for specific approaches while
varying OpenMP environment variables. The benchmarks
measured the time required to compute the entire routine and
the model’s accuracy.

Furthermore, two datasets were used to train the model.
The first is a simple XOR test, generated exclusively for this
study, with two inputs and one output: a non-linear prob-
lem that defined the boundary between the very first neural
network model and the MLP.

The second dataset is the Modified National Institute
of Standards and Technology (MNIST) dataset, comprising
28x28-pixel grayscale images of handwritten digits and their
corresponding numeric labels from zero to nine. Since there
are 784 pixels per image to work with, the complexity of the
neural network increases rapidly. Figure 3 shows an example
of an image with its respective label.

The XOR dataset, being a simple binary dataset with
two inputs and one output, was used to debug and validate the
correctness of the algorithm and parallelization implementa-
tions. The MNIST dataset, being an image dataset with 784
inputs in grayscale format and 10 possible outputs, was used
for the scaling tests presented in this article, as it is complex
and requires more computational time, making it easier to
observe changes in the measurements.

Figure 3. MNIST image and label example

4.3 Multilayer Perceptron Parallelization
The MLP algorithm is implemented using Stochastic Gradi-
ent Descent with Mini-batch optimization for weight updates.
Furthermore, the MLP exposes a set of hyperparameters that
allow configuration of the number of neurons and layers, batch
size, number of epochs, and learning rate. Exceptions were
made for the weight and bias initialization, which were ran-
dom, and for the activation function, which was a fixed Sig-
moid function as described in Equation 5:

a = σ(z) =
1

1 + e−z
(5)

where a is the activation result matrix, and z is the mul-
tiplication of the current layer weight matrix and the previous
layer activation matrix.

Two main parallelization strategies compose our method-
ological approach, described below:

• Intra-Layer Parallelism: consists of parallelizing the
portions of the code that handle neurons, weights, and
biases, namely the feedforward and backpropagation
algorithms;

• Inter-Sample Parallelism: consists of parallelizing the
processing of independent training samples with a mini-
batch. This strategy distributes the workload of multiple
samples across threads.

4.3.1 Extra Optmization
Before parallelization, the algorithm underwent thorough op-
timization to mitigate issues beyond the scope of parallel
programming.
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• Pre-calculated Derivatives: The backpropagation al-
gorithm needs the derivative of the sigmoidal function
σ′(z) for weight adjustment calculations. In a common
implementation of a feedforward algorithm, the z param-
eter is discarded after the activation is stored. To avoid
repeated calculations, an additional step was added to
compute and store the derivative in advance, provided
that the z parameter is known.

• Flat Matrices: All matrices were flattened in row-major
order to favor spatial locality. Since the algorithm often
iterates over these matrices in a single loop to perform
neuron activation calculations, organizing the data con-
tiguously in memory increases the likelihood of finding
the next value in the loaded cache line, thereby increasing
cache hits.

4.4 Performance Evaluation
The execution time was measured using C’s time library,
which provides precise clock time snapshots to nanosecond
precision. To calculate the time required for a training routine
to finish, it computes the difference between a snapshot taken
immediately before execution and one taken immediately af-
ter. The goal was to remove all extra setup and cleaning time
from the benchmarking results.

The method used to evaluate the algorithms and under-
lying optimization measures the time required to complete
the fit() routine. This routine executes the mini-batch opti-
mization algorithm on the provided neural network using a
training dataset with its corresponding ground-truth labels.

To ensure environmental consistency on a mobile work-
station, several precautions were taken to mitigate external
interference. The device remained connected to a constant-
power source throughout all measurements to disable power-
saving frequency scaling and ensure that the processor oper-
ated in high-performance mode. Furthermore, all unnecessary
general-purpose user applications were terminated.

Strong scaling was chosen for our methodology due to
the workload’s inherent CPU-bound nature. Evaluating the
metrics across different core counts while keeping the prob-
lem size fixed ensures fairness in the benchmarking process.
This approach allows for direct comparative conclusions with-
out introducing more variables related to workload scaling
or context switching. Conversely, weak scaling would be
more appropriate if the primary objective were to investigate
memory interactions or data distribution capabilities at scale.

To mitigate statistical noise and account for potential OS-
level background activity, each benchmark was executed 10
times, as more iterations would not contribute to meaningful
precision changes, and the total execution time was recorded
for both the parallel and sequential code versions. The mean
and the margin of error for the 95% confidence interval of the
computational performance metrics are presented in Section
6.

5 Parallelization Approaches
This section details the application of the design method, in
which parallelization decisions constitute the design of a paral-
lel algorithm. These decisions are based on the algorithm and
the programmer’s knowledge, and changes to the sequential
version can alter the potential parallel solutions.

We describe two approaches (intra-layer and inter-
sample parallelisms), analyses, and techniques to parallelize
three MLP algorithms, i.e., feedforward, backpropagation,
and mini-batch gradient descent. Additional optimizations re-
lated to instruction-level parallelization and thread scheduling
were implemented to improve performance.

5.1 Intra-Layer Parallelism
Algorithm 1 details the state of the intra-layer parallelism
algorithm before the first parallelization attempt. In this code,
each for loop is a potential source of parallelism. However,
a key observation is that to compute any given layer li, the
activations from the previous layer li−1 are required. This
creates a strict data dependency: l0 ← l1 ← · · · ← ln−1.
If one layer depends on the previous layer, the former must
wait for the latter to complete its computation. Therefore,
attempting to parallelize the loop in line 2 will predominantly
fail due to data races, as one layer being processed by a thread
accessing data from its predecessor, which is being processed
by a different thread, can lead to unpredictable behavior.

With the first loop discarded, there is still a chance for
parallelism to work with the inner loops. The loop in line 5
iterates over the rows of the i-th layer and computes the neuron
activations. The operations here are already well contained.
All of them operate in relation to the j index and depend on
data from a previous layer, which is immutable at this point.
Given this analysis based solely on data dependency and avail-
ability, it is possible to parallelize with the following directive:
#pragma omp parallel for. This directive automatically
makes the j index private, a requirement for threads to use it
safely, since a contained copy is created for each thread.

1: procedure Feedforward(network, neurons, deriva-
tives)

2: for i← 1 to network.layerCount do
3: rows← network.layerSizes[i]
4: cols← network.layerSizes[i− 1]
5: for j ← 0 to rows do
6: z ← network.biases[i− 1][j]
7: for k ← 0 to cols do
8: z ← z + neurons[i − 1][k] ·

network.weights[i− 1][j · cols+ k]

9: activation← σ(z)
10: derivatives[i− 1][j]← sigmoid′(activation)
11: neurons[i][j]← activation

Algorithm 1: Sequential Feedforward Algorithm

However, it is not possible to draw the same conclusion
for the loop in line 7. The z variable is incremented by the
product of the previous k-th neuron activation and the k-th
weight of the connection between the former and the current
j-th neuron. For the most basic parallel implementation, this
leads to a race condition in the z variable.

The first option is to tag the arithmetic operation as
critical with #pragma omp critical. This way, only one
thread can change the z variable at a given time, forcing all
other threads to wait. It is quickly noticeable, though, that
this does not solve the problem at all. If threads must wait
to perform the block’s most important operation, the new
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implementation not only does not differ from the sequential
implementation but also may be slower, as there is no speedup
to compensate for the thread-management bottleneck.

Another option is to use OpenMP’s
reduction clause in line 7 as follows:
#pragma omp parallel for reduction( + : z ).
This approach creates a copy of the variable for each thread,
which is equivalent to privatizing it. Once the loop is finished,
the partial results are summed into the final result. Since the
sum operation has the commutative property, the order in
which the partial results are combined does not matter, as any
sequence leads to the same result [Kumar, 2017].

Finally, the last option is to descend to the instruction
level to exploit Single Instruction, Multiple Data (SIMD)
while keeping the reduction clause. Instead of using threads to
perform multiple sums at once, a single specialized instruction
with a fixed vector length is used to carry out many of the
same operations, which is especially convenient for operations
within loops [Huang et al., 2024]. The directive declaration
would be: #pragma omp simd reduction( + : z ).

Preliminary analysis indicates that there are many valid
strategies for parallelization. It can be said that the paralleliza-
tion in line 5 is the preferred approach. However, this does not
preclude optimizations in the batch layer, even though SIMD
could still be used to parallelize at a lower level while thread
resources are consumed by higher-level algorithms. For this
reason, parallelizing the backpropagation algorithm becomes
straightforward. Algorithm 2 shows the implementation.

procedure Backpropagation(network, target,
workspace, ∇W , ∇B)

L← network.layerCount− 1
rows ← network.layerSizes[L], cols ←

network.layerSizes[L− 1]
for j ← 0 to rows do

δ ← workspace.dActZ[L − 1][j] ·
2(workspace.neurons[L][j]− target[j])

workspace.partials[L− 1][j]← δ
∇B[L− 1][j]← ∇B[L− 1][j] + δ
for k ← 0 to cols do
∇W [L − 1][j, k] ← ∇W [L − 1][j, k] +

workspace.neurons[L− 1][k] · δ
for i← L− 1 down to 1 do

for j ← 0 to network.layerSizes[i] do
for k ← 0 to network.layerSizes[i+1] do

p ← p + weights[i][k, j] ·
workspace.partials[i][k]

δ ← workspace.dActZ[i− 1][j] · p
workspace.partials[i− 1][j]← δ
∇B[i− 1][j]← ∇B[i− 1][j] + δ
for k ← 0 to network.layerSizes[i− 1] do
∇W [i − 1][j, k] ← ∇W [i − 1][j, k] +

workspace.neurons[i− 1][k] · δ

Algorithm 2: Sequential Backpropagation Algorithm

There is a specialized loop block starting at line 4 for
the last layer, as the calculations differ from those in the other
layers. In the first part of the algorithm, only the mentioned

loop can be parallelized. For the second part, however, the
outermost loop in line 10 cannot be parallelized due to the
same data dependency problem discussed previously. The
loop in line 11, however, can run in parallel, and SIMD fits
perfectly in line 12.

5.2 Inter-Sample Parallelism
Moving beyond weight and bias manipulations, the next ap-
proach is to parallelize the mini-batch split. To better illustrate,
Algorithm 3 describes the sequential implementation.

The loop in line 3 is not parallelizable because the al-
gorithm requires the weights and biases to be adjusted from
previous iterations. Stochastic Gradient Descent uses small
step sizes throughout the learning curve, and unstable param-
eters can compromise the algorithm in unpredictable ways.

Initially, parallelizing a single pass through feedforward
and backpropagation is not possible without resorting to criti-
cal sections or private variables, since the network matrices
are used extensively. Making all these variables and data pri-
vate is theoretically the correct approach if the complexity of
privatizing non-trivial data structures is disregarded.

1: procedure Fit(network, dataset)
2: workspace← InitializeWorkspace()
3: for e← 0 to network.epochs do
4: for start ← 0 to dataset.size step

network.miniBatchSize do
5: end ← min(start +

network.miniBatchSize, dataset.size)
6: ∇W,∇B ← ZeroMatrices()
7: for i← start to end do
8: workspace.neurons[0] ←

dataset.inputs[i]
9: Feedforward(network, workspace)

10: Backpropaga-
tion(network, dataset.target[i],workspace,∇W,∇B)

11: η ← network.learningRate/(end− start)
12: for L← 0 to network.layerCount− 1 do
13: for j, k ∈ WeightsL do
14: network.weights[L][j, k] ←

network.weights[L][j, k]− η · ∇W [L][j, k]

15: for j ∈ BiasesL do
16: network.biases[L][j] ←

network.biases[L][j]− η · ∇B[L][j]

Algorithm 3: Sequential Mini-batch Gradient Descent

The idea of the "workspace" appears in this scenario. In-
stead of relying on the compiler to generate code for complex
data privatization, which it cannot do, one can manually repli-
cate the structures. In an array of workspaces, each thread
has its own unique workspace. The workspace contains what
is needed for the algorithms to run. Since the data are hidden
inside protected containers, there is no risk of race conditions.

The only issue that could be predicted in advance is
memory resources. Having multiple copies of the same neu-
ral network requires a lot of space. In addition, indexing
the correct workspace for a given thread is straightforward
using omp_get_thread_num(), which returns a unique ID
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for the current thread. This ID can be used for indexing the
workspace.

6 Results
The results described in this section focus on understanding
the impact of parallelization on computational performance,
highlighting key aspects necessary for learning parallel pro-
gramming with MLP algorithms. It is important to note that
the scope of this paper does not cover student performance
evaluation, which must be conducted with a proper syllabus
and approved by an ethics committee.

Now that all possible approaches discussed in Section
5 have been accounted for, it is time to run both the paral-
lelized and sequential MLP algorithms and compare their
performance. From this point onward, all tests will measure a
complete learning session using the full MNIST dataset. The
model will undergo a "Fit" routine with a 10-epoch training
session, where the full 600000 training samples from MNIST
are traversed in each epoch. The result analysis is based on
performance metrics using means and confidence intervals as
described in Section 4.4.

To rule out distractions that do not contribute to speeding
up the model as a whole, Figure 4 provides evidence of the
bottleneck discussed for Algorithm 1. Each approach was
tested by running eight threads. It is worth noting that the
critical strategy sample size had to be reduced by a factor
of 12 to complete it promptly. Figure 4 indeed proves the
previously stated point. Critical sections are unreliable for
the project’s scope. In contrast, the line 5 strategy performs
astonishingly better than the line 7 and SIMD strategies, even
surpassing the expected 8-factor speedup from a generic paral-
lel optimization using eight threads, despite the considerable
instability compared to the others.

Figure 4. Speedup comparison between strategies

Akinsola et al. [2025] proposed a hyperparameter set
for a Feedforward Deep Neural Network (FFDNN) that is
highly accurate for the MNIST dataset. With a model com-
prising three hidden layers with 512, 256, and 128 neurons,
respectively, the parallel strategies will truly demonstrate their
capabilities under stress. However, networks of this size are
highly computationally intensive, making results increasingly
slower to obtain. Since the goal is to evaluate parallel perfor-
mance rather than neural network accuracy, the first hidden

layer was discarded, thereby removing 30% of the total neu-
rons and 60% of the total weights. This results in a balance
between case-specific and test hyperparameters. Figure 5
shows the average and maximum time taken to complete the
Fit routine for each of the relevant strategies as follows:

• Sequential: no parallelism at all
• Intra-layer: parallelism at the feedforward and

backpropagation algorithms level with OpenMP’s
#pragma omp parallel for

• Inter-sample: parallelism at the mini-batch algorithm
level with OpenMP’s #pragma omp parallel for

• Inter-sample with SIMD: Inter-sample with SIMD op-
timization in the feedforward and backpropagation algo-
rithm level

Figure 5. Fit routine with 8 threads

The difference between the parallelized and sequential
MLP models is clear. The Intra-layer strategy achieved a
speedup of approximately 3, whereas Inter-sample with SIMD
achieved a speedup of approximately 4. To confirm that the
model remained deterministic during optimization with dif-
ferent strategies, Figure 6 shows the model’s accuracy after
each iteration of the Fit routine.

Figure 6. Model accuracy across training iterations. Note that the curves for
all strategies overlap perfectly, validating the mathematical determinism of
the parallel implementations.

The fact that only one line is visible already proves that
all strategies behaved the exact same way under the same
initial conditions, hyperparameters, and random number gen-
eration seed. The accuracy followed a logarithmic-shaped
curve with a tendency to reach 96%. Although it is fairly
accurate on the MNIST dataset, further studies on the MLP
model itself could be conducted to assess its capabilities.
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It is also worth noting that the results in Figure 4 and
Figure 5 complement each other. The analysis made solely
on feedforward optimization hinted that parallelizing the out-
ermost loops yields better results. This can be explained
logically, as inner loops require less computational power
than outer loops. Threads are particularly useful when there
is sufficient work to offset the overhead of managing them.

Now that the best strategy is known, there is still space
to discuss parallelization parameters. An important question
is whether reducing the number of threads speeds up execu-
tion. Figure 7 displays the average and maximum time spent
executing the Fit routine.

Figure 7. Fit routine performance with different thread numbers

In this case, increasing the number of threads is the appro-
priate choice to achieve speedup. An interesting observation
was that performance worsened with five threads. This is
mostly due to the fact that our parallel region is a Fork-Join
model. With five threads, there will generally be a core with
two active threads, while the remaining cores will have just
one. This is a known problem called load imbalance, in which
some cores are underutilized while others are heavily loaded,
leading to significant performance degradation [Ma et al.,
2024].

Figure 8 presents these results from a different per-
spective using the speedup metric. In an ideal scenario, the
speedup should scale linearly with the number of threads. For
instance, eight threads should, in principle, result in a program
running eight times faster, corresponding to an ideal speedup.
However, according to Amdahl’s Law, the sequential fraction
of the code, which cannot be parallelized across processing
cores, imposes a theoretical ceiling on the achievable speedup.

Figure 8. Speedup with different numbers of threads

Therefore, although the eight-thread configuration
achieved the lowest total execution time, it did not provide
a proportional speedup. In contrast, executions with two
and three threads exhibited superlinear speedups, perform-
ing slightly better than the theoretical linear limit. This phe-
nomenon is often attributed to hardware intricacies, since the
overall workload is divided among more cache memories,
which reduces cache misses and, consequently, the parallel
execution time. This behavior is not present in the sequential
version, since it runs in a single thread and all the workload
is processed in a single cache at each level (L1 and L2). It
should suggest an unfair comparison, but parallelism demands
more resources. For this reason, we need high speedup and
efficiency to justify the cost. As an example, if we remove the
effect of cache misses, the sequential execution time would
decrease more than the parallel one. As a consequence, the
sequential fraction of a parallel code, according to Amdahl’s
Law, would impose a limit on the achievable ideal speedup.

To quantify this limitation, by algebraically manipulating
Amdahl’s Law (Equation 6), we can estimate this fraction
(fseq) based on the measured speedup (Sp) and the number
of threads (C) using an adaptation of the original equation
that accounts for physical cores instead of threads. Applying
our 8-thread speedup of approximately 4, we find that about
14.3% of the MLP routine runs sequentially. This estimated
fraction demonstrates that, despite the cache benefits observed
at lower core counts, the inherent sequential constraints along-
side potential parallelization overhead lead to performance
degradation at the 8-thread scale.

fseq =
C − Sp

Sp(C − 1)
(6)

Figure 9 initially contradicts the perception that adding
threads gradually reduces efficiency. In general, efficiency
tends to decrease as the number of threads and cores increases
at the same rate, because the target to be exploited is the num-
ber of cores used. However, when the number of threads
is higher, i.e., due to hardware multithreading support, effi-
ciency can increase, at least within the experimental limits.
The observed curve is approximately a downward-opening
parabola, indicating that adding threads from 6 to 8 increases
efficiency at some point.
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Figure 9. Efficiency with different numbers of threads

According to Che and Nguyen [2014], Amdahl’s scaling
model cannot predict speedup for multithreading multicore
processors. While Amdahl’s Law is mathematically sound
for the number of processing cores and parallel parts of al-
gorithms, it omits architectural factors that significantly in-
fluence performance, such as shared memories. Our results
show that the five-thread speedup was lower than the four-
thread speedup, which is why the efficiency chart seems like
a parabola. In this case, the workload distribution across five
threads is unbalanced, placing greater pressure on the same
L1 and L2 cache hierarchy than on the others. Although 6 and
7 threads exhibit the same unbalancing characteristic, they
tend to have a lower impact because more threads share more
cache memories, and, for each cache line, better data local-
ity can be achieved, resulting in more cache hits for shared
variables. To quantify this analysis, a more extensive learn-
ing experiment based on hardware counter measurements is
planned for future work.

7 Conclusion
This work successfully applied neural networks as a case study
for parallel computing. The basic parallelization approaches
were identified and tested to understand how parallelism op-
erates and why some strategies are more effective than others.
All changes respected data dependencies, yielding results
identical to a sequential MLP algorithm.

According to the experiment results, maximizing both
the workload each thread computes and the number of threads,
while leveraging SIMD, yields the greatest speedup. How-
ever, pushing hardware resources to their architectural limits
yields diminishing returns in parallel efficiency. Although
this conclusion may seem broad, it is important to note that
an algorithm can exhibit different performance when com-
piled with different compilers and/or executed on different
architectures.

It is expected that this work can support HPC students, as
additional literature, by guiding them throughout their studies
in parallel computing, complementing their knowledge with
applications and metrics that link theoretical parallelization
to real-world solutions and foster critical thinking.

7.1 Limitations and Future Work
This paper presents a scope limited by its approach, which
focuses on a specific MLP algorithm, computer architecture,
and programmer knowledge. It is important to note that com-
putational performance depends not only on the programming
techniques based on parallel libraries but mainly on how a
programmer uses them. Moreover, different architectures of-
fer the possibility to achieve higher or lower performance. For
instance, more cache memory can boost the sequential algo-
rithm, reducing the speedup. Finally, a different algorithm
usually presents other parts for exploration of parallelism and,
again, changes the potential speedup. For this reason, the
art of programming is a continuous effort to understand all
available hardware and software variables and use them to
achieve the best performance. As previously discussed in the
Introduction section, this paper does not provide a universal
solution but rather a well-organized approach (from design to
evaluation) for an ANN algorithm, serving as an additional
guideline for future learners in parallel programming.

As future work, we propose conducting a deeper study
using other compilers and architectures, as well as other
OpenMP strategies (e.g., scheduling) and the effects of thread
pinning on performance. It is also possible to conduct an em-
pirical study by observing the efficiency during parallel exe-
cution through hardware performance counters. Furthermore,
we intend to evaluate heterogeneous architectures by integrat-
ing graphics processing units (GPUs) for parallel computing.
Beyond this study of classical architectures, we propose delv-
ing further into parallel programming education, with a focus
on quantum computing [Markidis, 2024]. Finally, we intend
to evaluate student performance using multiple syllabi, ap-
proved by the university ethics committee, to improve students’
overall achievement.
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