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A B S T R A C T

The design of Artificial Neural Networks (ANN) is critical for their performance. The research field called
Neural Network Search (NAS) investigates automated design strategies. This work proposes a novel NAS stack
that stands out in three facets. First, the representation scheme encodes problem-specific ANN as plain vectors
of numbers without needing auxiliary conversion models. Second, it is a pioneer in relying on the TLBO meta-
heuristic. This optimizer supports large-scale problems and only expects two parameters, contrasting with other
meta-heuristics used for NAS. Third, the stack includes a new evaluation predictor that avoids evaluating non-
promising architectures. It combines several machine learning methods that train as the optimizer evaluates
solutions, which avoids preliminary preparing this component and makes it self-adaptive. The proposal has
been tested by using it to build a CIFAR-10 classifier while forcing the architecture to have fewer than
150,000 parameters, assuming that the resulting network must be deployed in a resource-constrained IoT
device. The designs found with and without the predictor achieve validation accuracies of 78.68% and 80.65%,
respectively. Both outperform a larger model from the recent literature. The predictor slightly constraints the
evolution of solutions, but it approximately halves the computational effort. After extending the test to the
CIFAR-100 dataset, the proposal achieves a validation accuracy of 65.43% with 478,006 parameters in its
fastest configuration, competing with current results in the literature.
1. Introduction

Artificial Neural Networks (ANN) were conceived to emulate the
human brain’s ability to learn and solve complex tasks [1,2]. However,
designing a neural network that works well for a particular problem
is challenging. This process requires expertise as well as trial and
error [3,4].

This section starts by giving the reader an overview of automating
the design of ANN. After that, it contains a detailed literature review
on this topic. Finally, it concludes by highlighting the contributions of
the present work.

1.1. Design of ANN through computational optimization

Over time, different neural networks have been specially designed
for specific tasks. For instance, YOLOv10 [5] and DETR [6] are promi-
nent in object recognition. Nevertheless, even application-specific net-
works must be adapted to particular datasets [7]. Thus, the research
field called Neural Architecture Search (NAS) [3,4] studies strate-
gies to find optimal application-specific neural networks automatically.
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E-mail addresses: marcoslupion@ual.es (M. Lupión), ncalvocruz@ugr.es (N.C. Cruz), ortigosa@ugr.es (E.M. Ortigosa), ortigosa@ual.es (P.M. Ortigosa).

Automation is highly relevant because real-world problems rapidly
increase in complexity and size, so human experts cannot obtain the
most effective neural network designs [4]. Besides, NAS also allows
controlling the size and complexity of architectures. This approach
makes it possible to deploy them in low-spec devices [8–10], such as
Arduino micro-controllers and Raspberry Pi micro-computers, which
are popular in the emerging field of the Internet of Things (IoT) [11].

As with the fitting of biologically realistic neural models [12], it is
natural to approach the design of ANN as an optimization problem [3,
4]. In this context, the fundamental design levels of a NAS methodology
are the following [4]: (i) a representation of candidate solutions, (ii)
an objective function to assess them, (iii) constraints, and (iv) a search
method or optimizer to guide the process and find the best design.

Unfortunately, the optimization problems that arise in NAS are
challenging due to several factors [3,4]: First, the search space is
vast and may combine continuous and discrete variables with complex
non-linear constraints. Second, there are multiple options to define
evaluation criteria, i.e., objective functions, which cannot be directly
optimized. Third and last, evaluating solutions generally involves high
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Applied Soft Computing 172 (2025) 112832 
computational cost and uncertainty. For these reasons, NAS approaches
sually rely on heuristic and meta-heuristic methods [3,4,13]. These
ptimization strategies obtain acceptable results with a reasonable
omputational effort for problems in which it is impossible to cer-
ify the optimality of solutions. This effectiveness not only makes
eta-heuristics highly appreciated in Engineering [14,15] but also in

sub-fields of machine learning and artificial intelligence, such as feature
selection [16].

Natural processes usually inspire this kind of optimizer [13,15,
17]. Among them, the interaction of living beings is one of the most
mulated principles and results in population-based meta-heuristics.
hey stand out because working with multiple candidate solutions im-
roves search space exploration and supports parallel computing [18].

Population-based meta-heuristics are also highly modifiable. Further-
more, in general, they only need to evaluate candidate solutions. Hence,
they can also be classified as direct or black-box optimizers [12,19,20].
As these properties fit perfectly with NAS, population-based meta-
heuristics are widespread in this field [3,4,7].

1.2. Related works

The work in [7] is a canonical example of designing a complete NAS
solution relying on a population-based optimizer. The authors propose
to represent the different configurations of each possible layer as an
P address in its particular range or hypothetical IP network [21]. This

innovative approach includes defining a network for disabled layers,
which allows the search method to work with variable-length solutions.
Based on this, the authors adapt for NAS for the first time Particle
Swarm Optimization (PSO) [13,17], a widespread swarm intelligence
method inspired by fish schools and bird flocks. The optimizer han-
dles constraints by fixing solutions violating them. The evaluation of
candidate solutions considers the average performance on parts of the
dataset for accelerating the process.

Another descriptive example with the same scope and context is
the work in [22]. The authors design a solution representation that
ses variable-length vectors combining structures of different types
epending on the type of layer. The encoded information includes
ot only architecture parameters but also statistically defined weight
nitialization schemes. Based on this format, the authors design a
enetic algorithm [13,17], a meta-heuristic based on Darwinian evolu-
ion. They adapt the operations to handle their solution representation
cheme. It is critical to maintain the overall division between the con-
olution and pooling layers (header) and the fully connected ones (tail)
hile allowing combining solutions (crossover) and search mobility.

As can be seen, solution representation is arguably the cornerstone
f any NAS methodology, as it determines the applicable search strate-
ies. For instance, the network-inspired representation previously men-
ioned uses integer numbers, which results in a discrete search space
n terms of computational optimization. However, a discrete search
pace is highly inefficient because it grows exponentially with the
umber of choices [23]. Instead, one might be interested in exploring a
ontinuous search space, especially considering the rich set of effective

meta-heuristics for this kind of search space [13]. Furthermore, depend-
ng on the approach, it can even allow opting for efficient gradient-

based methods instead of plain black-box optimizers [24]. Nevertheless,
ince NAS generally involves dealing with classes and integer parame-
ers [3], defining a continuous representation is not straightforward.
till, several authors have tried to address NAS through continuous
ptimization, which also applies to the present work.

According to [4], representation schemes can be either direct or
ndirect. The first type refers to encoding schemes specifying complete
eural networks, including their architecture and hyperparameters.
onversely, the second class refers to those that do not encode complete
rchitectures and need advanced decoding, even through other neural

networks and non-deterministic processes. This approach aims to offer
more compact representations and attenuate the scalability problems
 l

2 
of direct ones as neural networks increase in size. There exist examples
of defining continuous search spaces for NAS problems in both direct
nd indirect representation schemes.

Concerning direct representations, it is possible to highlight the
ork in [25]. The authors encode each operation as a set of weighted

andidate ones. Since weights can be represented by a continuous
ector, every choice results in a differentiable Softmax operation cov-
ring the different options. They also work with cells [26] instead of

letting the search form architectures from scratch. Cells are predefined
blocks of adequate or structurally alike layer combinations that can be
stacked [27,28]. Their use simplifies the search space at the expense of
reducing the exploration capabilities.

In this context, the authors apply a gradient descent method that
finds and configures the operations between the cell components. De-
spite reducing the search space with cells and using a local search
optimizer, their proposal finds competitive architectures with signifi-
cantly fewer solution evaluations than derivative-free strategies. The
authors emphasize this particularity by naming their method DARTS,
which comes from Differentiable ARchiTecture Search. A notable vari-
ation can be found in [29], where the authors design a method called
SWD-NAS focused on improving how DARTS chooses operations and
adjusts cells depending on their position. They rely on defining a
two-level attention system and weight normalization.

The work in [30] also deals with gradient-based optimization and
using a reference architecture. However, the authors focus on making
the continuous search space equivalent to the original discrete one,
which is not granted by strategies such as DARTS. For this purpose,
they use a graph auto-encoder that maps the discrete search space of
NAS onto a continuous one. Besides, their gradient formulation includes
a measure of the novelty of new configurations to escape from local
ptima. Finally, the authors of [31] try to harness the benefits of

evolutionary optimization and gradient-based search in their GENAS
ethod. It integrates DARTS as the local search component method of

n evolutionary optimizer. The latter attenuates the reduced mobility
nd undesired dependencies of the DARTS’s search, while DARTS still
rovides a fast way to improve candidate designs.

Regarding indirect representations, remarkable contributions also
ely on a continuous search space. The work in [8] defines a neural

network architecture optimizer based on reinforcement learning. The
method takes a given design and simplifies it while maintaining its
effectiveness. This proposal has two components implemented with
auxiliary long short-term memory neural networks. One focuses on
removing layers from the given network, and the other shrinks the
remaining ones. The work in [9] has the same goal, with its objective
function also considering the compression rate and the validation per-
ormance. However, the authors use Bayesian Optimization. They allow

omitting connections along with removing and reducing layers, which
improves exploration. The search space depends on the given network
and how it can change. Specifically, the authors map the different
architectures that can be achieved onto a continuous search space.
The mapping function is incrementally learned using bidirectional long
short-term memory neural networks. This embedding space allows
defining a kernel function for the Bayesian Optimization process that
prioritizes the most promising architectures.

The authors of [23] propose a NAS method that uses cells and com-
bines three components, i.e., an encoder, a performance predictor, and
a decoder. The encoder maps network architectures onto a continuous
space. The performance predictor guides a gradient descent method
by estimating the accuracy of candidate architectures. The decoder
interprets the structure of the designs found. Encoding and decoding
are implemented using long short-term memory neural networks, while
the performance predictor is a multi-layer perceptron. Given a set
of candidate designs, these components are jointly trained. Then, the
gradient-based optimization starts from a promising design.

Regardless of solution representation schemes, the underlying prob-
em of NAS is computationally challenging [24,32,33]. The optimizers
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used must evaluate multiple candidate solutions, and this process is
demanding because it involves building and evaluating many neural
networks. Thus, different proposals exist to cope with this situation.

s highlighted in [7,22], a simple yet powerful strategy is to train
candidate networks with partial datasets and fewer iterations. This
is considered enough to identify promising neural network architec-
tures. Nevertheless, a recent trend is to develop performance predic-
tors that estimate the quality of candidate networks based on their
properties [23,24,32].

For instance, in [32], the authors study how learning curves evolve
long with some properties of the networks, such as the number of
ayers and weights. This information allows training a set of support
ector machine regressions that can predict the validation accuracy
f partially trained networks. It is effective with a small training set
f fully trained curves and more computationally efficient than other
pproaches based on Bayesian models. The work in [27] has a more
mbitious goal and aims to estimate the performance of a network
ithout even starting to train it. For this purpose, the authors design a

ayer encoding method coupled to a long short-term memory network
o integrate the layer representations and handle them independently of
he topology. A multi-layer perceptron ultimately predicts the accuracy
f architectures after a given number of training epochs. Finally, the
ork in [28] also aims to estimate the quality of candidate neu-

ral networks without training them. However, the authors use a set
of multi-layer perceptrons. It is compatible with their constructive
cell-based approach and evolves through the search.

The interested reader can extend this literature review with the
works in [3,4], which provide a complete overview of different NAS
approaches. Besides, the recent review in [34] pays special attention
o using population-based optimizers. It covers every aspect of working

with ANN, from data preparation to model deployment, including the
sub-fields of NAS.

1.3. Contributions

This work proposes a complete stack for NAS containing three main
nd decoupled components. The first is the compact representation of
eural network architectures that we outlined in [33].

The proposed representation treats the space of parameters of each
ayer as a multi-dimensional matrix projected onto a single-dimensional
ne (vector), like matrices stored in computers’ memory. The position
n the vector linked to every layer encodes the corresponding set of
arameters. This approach allows mapping the search space of the
verall neural network architecture and its specific parameters onto a
ontinuous search space with a single dimension per layer. It is also
lexible enough to handle discrete and continuous parameters along-
ide layer removal, which is highly relevant in searching for reduced
etwork sizes.

According to the taxonomy in [4], since the proposed represen-
ation encodes complete architectures, it can be classified as direct,

like the network-inspired proposal in [7]. However, compared to other
pproaches, such as emulating networks [7], our method always uses
 search dimension per layer and implicitly spreads the possibilities

through the numerical space. It also offers significant search mobility
compared to structured [22] and cell-based approaches [31]. Further-
more, in contrast to other methods for defining a continuous search
space, such as [8,9,23], ours is simpler and does not need any auxiliary
onversion model.

The second component is the optimization method. Our proposal
relies on the Teaching-Learning-Based Optimization (TLBO), which is a
widely used population-based meta-heuristic [12,35]. Although using a
nature-inspired optimizer for NAS is not innovative [3], we are pioneers
n applying this method for this purpose [33]. The main previous

works relating TLBO and ANN were [36], which deals with defining
 new optimization method, and [37,38], where TLBO only adjusts the

connection weights of a given architecture.
 t

3 
Moreover, selecting TLBO for NAS is a founded decision. First, in
contrast to other population-based methods, such as PSO and ACO,
TLBO only has two parameters. Second, as a large-scale optimizer [18],
it is inherently compatible with handling problems involving neural
etworks with multiple layers. Conversely, the performance of methods
ike PSO and ACO significantly decreases with the number of vari-
bles [38]. Third and last, TLBO is simple to implement and compatible

with high-performance computing.
The third and last component, which is optional, is an adaptive

solution-assessment strategy or evaluation predictor. It relies on an
auxiliary neural network to avoid starting complete neural network
architecture evaluations of non-promising solutions. This model con-
tinuously improves with the knowledge extracted from the evaluated
candidate solutions.

Avoiding computationally expensive evaluations has already been
considered at different scopes [23,27,32]. Previously trained compo-
ents, such as those in [27,32], offer higher and more stable perfor-

mance at optimization. However, preliminary training is an extra stage
requiring access to data and thinking in reasonable network samples.
Conversely, our predictor is simpler and self-adapted to every problem.
Moreover, its lower effectiveness at the beginning, i.e., before acquiring
knowledge, should affect a minimal part of the search. We share the
oal in [28] but do not need to support their cell-based representation,
hich increases complexity.

However, like other NAS tools, the present proposal has several
imitations. First, its results are limited by the data modeling context.

This aspect means the proposal may not overcome poor datasets and
unpredictable variables. Second, exploring numerous candidate designs
in a reasonable time requires enough computational resources. Third,
the proposal targets expert users to enhance their neural network
design exploration capabilities. Non-expert users will have difficulties
in aspects such as defining the layers to consider. Fourth and last, using
meta-heuristics implies renouncing the certainty of finding optimal
solutions.

The rest of the paper is structured as follows: Section 2 describes
the components of our NAS proposal. Then, Section 3 explains its
implementation and the experimentation carried out. Finally, Section 4
draws the conclusions and future work.

2. Methodology

This section begins with the definition of NAS as an optimization
roblem. After that, it describes the three components forming our pro-
osal, i.e., the solution representation scheme, the TLBO optimization
lgorithm, and the evaluation predictor.

Fig. 1 provides the reader with an overview of the architecture
of the proposed NAS stack. The general idea is that the chosen op-
timizer creates and manages a list of candidate solutions. Each is a
vector encoding a neural network architecture for the target problem.
The optimizer only sees the different vectors and their fitness values.
The latter computation involves decoding every candidate solution.
Although infeasible ones are partially evaluated quickly, evaluating
feasible solutions requires building and training the corresponding
neural network. Since this process is computationally demanding, the
valuation predictor tries to avoid it. The details are explained next.

2.1. Problem formulation

Conceptually, NAS focuses on finding the most appropriate neu-
ral network for a given dataset. The particular problem formulation
depends on the scope and the abstraction level. According to [4], a
NAS problem may cover one of three targets: (i) network topology, (ii)
hyper-parameter optimization, and (iii) joint optimization.

The first, also called NAS in that work but in a more restricted sense
han herein, is limited to aspects such as the number of layers, their
ype, and connections. Other parameters must be tuned in advance.
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Fig. 1. Architecture of the proposed methodology.
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The second, which implies having defined an architecture, refers to a
wide range of parameters covering from operational (e.g., filter sizes
in convolutional layers) to characteristic ones, such as learning rates
and batch sizes. The third and last one considers the network topology
and its parameters because separating their configuration is potentially
sub-optimal. It represents the most general formulation. The interested
reader can find in [4] a detailed problem statement.

The problem addressed in this work belongs to joint optimization.
However, aspects such as batch sizes and training conditions are fixed
depending on the application. For this reason, we opt for the formu-
lation approach proposed in [3], which is concise and flexible due to
ts abstract conception. Accordingly, the target problem is defined as
ollows:
⎧

⎪

⎨

⎪

⎩

arg min
𝑎

(𝑎,𝑡𝑟𝑎𝑖𝑛,𝑓 𝑖𝑡𝑛𝑒𝑠𝑠)
subject to 𝑎 ∈ 

(1)

where  is the objective or cost function in optimization terms. Given
ts abstract definition, this function is arbitrary. However, this formu-
ation has some general implications.

First, the function takes a candidate network design, 𝑎, which has
een trained and evaluated with datasets 𝑡𝑟𝑎𝑖𝑛 and 𝑓 𝑖𝑡𝑛𝑒𝑠𝑠, respec-
ively. While the first parameter is under optimization, the two datasets
epend on the application.

Second, being a minimization problem, the objective function must
easure some error metric registered after processing 𝑓 𝑖𝑡𝑛𝑒𝑠𝑠. Re-

ardless, turning a minimization problem into a maximization one is
traightforward, i.e., minimizing  is equivalent to maximizing −.

Third and last, every candidate design or solution, 𝑎, must belong
to , the set of feasible neural network designs. The conditions making
network architectures infeasible might come from two sources. One is
that some configurations can be conceptually impossible, e.g., putting
a particular layer before another that expects a different input (implicit
constraints). The other is that some feasible configurations can be out of
the search space, for instance, when they result in too many parameters
(explicit constraints).

Turning this formulation into a particular application case involves
particularizing every element. As introduced, this process implies defin-
ing the following aspects [4]: (i) a candidate solution representation,
(ii) an objective function, (iii) constraints, and (iv) an optimizer. The
proposed NAS stack only sets the following conditions:

First, candidate solutions (neural network architectures) must be
represented by vectors of user-given length, 𝑛, belonging to R𝑛, and
 t

4 
with 𝑛 being the number of layers. Hence, there is a real number
per layer defining all its properties. The meaning of the numerical
values and their valid ranges depend on the context of the user-defined
problem, i.e., the allowed layer types and their configuration. Besides,
since ‘disabled’ may be a valid layer type, 𝑛 can be considered an upper
limit to the number of layers.

Fig. 2 illustrates the main idea of representing neural networks
with vectors of real numbers. Notice that the flattening operation
needed to connect the pooling layer with the fully connected one is
implicitly added when interpreting the solution. Including this kind
of consideration as part of the decoding logic avoids the necessity of
including such operations as part of the search space and simplifies the
problem.

Second, although the objective function is arbitrary, the chosen
epresentation requires it to be a function of the form R𝑛 → R.
ccording to Eq. (1), the smaller its value for a candidate network
rchitecture, the better the choice. However, as previously explained,
aking the opposite approach is trivial, so this is not a strict require-
ent. This function encapsulates the processes of building and assessing

he network design. Its computation should involve interacting with a
ramework such as TensorFlow [39], which is the choice in this work.

Regarding 𝑡𝑟𝑎𝑖𝑛 and 𝑓 𝑖𝑡𝑛𝑒𝑠𝑠, these datasets are defined by the user
and must be available during the process. The same applies to any
contextual information and fixed parameters, such as the maximum
number of layers and their type.

The solution representation scheme, the associated decoding pro-
ess, and the bound checking of the optimizer avoid violating explicit
onstraints. However, it is necessary to handle the implicit ones, such
s concatenating incompatible layers. A variation of the cost function
s defined for this purpose. Let ′ be this alternative function. Since
valuating such infeasible architectures does not make sense, the output

of ′ must be a value that worsens with the amount and degree of
constraint violation. This approach is equivalent to defining a penalty
unction, a widespread way to handle constraints in population-based

meta-heuristics [40].
Third and last, the proposed NAS stack only expects the selected

optimizer to support continuous optimization problems with box con-
straints, i.e., bounded variables. The reason is that the solution repre-
entation hides the underlying complexity and enables us to define an
bjective function of the form R𝑛 → R. This particularity makes it pos-
ible to choose among multiple continuous optimization algorithms and
s one of the most remarkable properties of the proposed framework. In
his context, the underlying problem complexity makes meta-heuristic
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Fig. 2. Representation of a neural network as a vector of real numbers.
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search methods a reasonable choice [3,4]. As introduced, the proposed
NAS stack also opts for this kind of method, i.e., TLBO, described in
his section.

According to the previous description, the solution representation
cheme and the optimizer define the core of the proposed NAS stack.
ence, the evaluation predictor is not a requirement for Eq. (1). Nev-
rtheless, this component is highly beneficial in practical terms due to
he computational cost of the kind of objective functions considered.
egardless, it can be either considered an extra module of the optimizer
r another variant of the cost function for specific candidate solutions.

2.2. Architecture representation

Every layer features two fundamental pieces of data to represent:
the type of layer and its configuration. Storing this information in a sin-
le value relies on reserving the integer part for the layer type while the

decimal one encodes its configuration. The user must define the types
f layers to consider depending on the target problem. For instance, it
eems reasonable to include bi-dimensional convolutional layers when

addressing an application using images. The same occurs with one-
dimensional convolutional layers and time series. It is also necessary
to decide the number of layers to use. In this context, reserving a type
for disabled layers, as done in [7] and previously mentioned, enables
he search of architectures of different sizes. This approach gives the

search an extra degree of freedom and is convenient when looking for
ompact designs. However, apart from deciding the layers to use and
he parameters to tune, this component self-adapts and does not require
urther configuration.

In the proposed representation, relating any vector component with
 type of layer is trivial. For example, let us assume three possible
lasses of layers. The integer parts 0, 1, and 2 correspond to the first,
econd, and third types, respectively. Nonetheless, this assignation or-
er is arbitrary and can be changed if decoding is updated accordingly.

For instance, provided three classes of layers, working in [0, 2] is
the same as doing so in [6, 8]. Regardless, it is advisable to work in
consecutive ranges defining contiguous regions. Otherwise, standard
optimizers become incompatible.

Interpreting the decimal part of a particular component is more
ophisticated. The meaning of the decimal part, always in the range [0,
), significantly varies between different types of layers. As introduced,
he strategy for representing a set of parameters using a single decimal
alue is inspired by how a computer stores a multi-dimensional matrix
s a plain vector. This vector is as long as the product of all the dimen-

ion sizes. In this context, one can think of that vector as a segment

5 
and consider any decimal part a percentage of its total length. With
% being one extreme and 100% being the other, scaling percentages
o the range [0, 1), like decimal parts, is straightforward.

Logically, the upper bound cannot be included because it refers to
the next integer. Hence, the corresponding part in the parametric space
is negligibly underrepresented. Besides, since looking for the position
of a scaled value might require rounding, nearby values could result in
the same decoded value. Nonetheless, this aspect is irrelevant because
the meta-heuristics generally considered for NAS, like the one used in
this work, are derivative-free. This property makes them unaffected by
micro-plateaus in the search space. That said, it is advisable to work
with double precision, especially when considering layers with multiple
arameters. This way, every feasible configuration of the parametric
earch space is reachable after being projected onto a decimal part.
therwise, some intermediate values may become unreachable due to

ounding errors.
Fig. 3 shows an example of interpreting the codification for a

hypothetical layer defined by the value 4.58. From top to bottom,
the decoding approach starts by processing the integer part, which
indicates how to interpret the decimal one. The corresponding layer
type expects two discrete parameters. They are the activation function
and the number of neurons. The example assumes three activation
functions to choose and a limit of four hundred neurons for the layer. In
this context, representing the parametric space needs a 3 × 400 matrix,
which is equivalent to a vector of 1200 positions. The hypothetical
decimal part of 0.58 ultimately means defining a layer of 296 neurons
with the second activation function (TanH).

Notice that the proposed approach is more versatile than it might
eem. Decoding can consider the matrix as a look-up table containing
rbitrary values. One option is storing non-consecutive numbers. It is
lso possible to sample continuous ranges arbitrarily. For example, the

first row in Fig. 3 could contain 3, 7, and 18 for a particular layer
class and three different integers for another type. Analogously, if the
arameter is continuous, the previous numbers can be sampled decimal
alues, e.g., 6.17, 8.78, and 15.33. Nevertheless, this approach requires
oading the decoder with potentially high quantities of values instead
f defining them implicitly from their index.

2.3. Teaching-learning-based optimization algorithm

The Teaching-Learning-Based Optimization (TLBO) algorithm is a
meta-heuristic for continuous large-scale optimization problems [18].
It simulates a class of students who learn by interacting with each
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Fig. 3. Example of decoding one of the layers of a hypothetical vector encoding a neural network architecture.
t
t
a
h

d
c

l
a

t

other, which makes it a swarm intelligence population-based meta-
heuristic [12]. Among them, TLBO stands out because of its simplicity,
erformance, and lack of metaphor-specific parameters. These prop-
rties have motivated its successful application to numerous prob-

lems [12,35,41] and its selection for this work.
The configuration of TLBO only relies on two parameters, i.e., the

population size and the number of cycles. Every global search method
combines two principles [20]: exploration and exploitation. The former
refers to visiting as many regions of the search space as possible. The
atter means exploring every zone in depth. In this context, relating
he two parameters of TLBO to these ideas arises naturally: Large
opulations increase the probability of finding a promising solution
exploration), and more cycles let the method improve its solutions
exploitation) [35].

The procedure of TLBO starts by randomly generating a set of
individuals or candidate solutions. According to the representation
cheme, each candidate solution is a vector, and every 𝑖 component
s a real number linked to the 𝑖th potential layer of the corresponding
eural network architecture. However, not all the initial solutions need
o be random. Including some prearranged architectures is a valuable
ay to provide this general-purpose optimizer with problem-specific
nowledge [4].

Every solution must be evaluated with the defined objective func-
ion. This process implies building the neural network that it encodes,

training the network with the training set, and registering its perfor-
mance with the evaluation one. However, as introduced, not every
architecture is feasible, and evaluating unfeasible ones is simpler and
faster. Similarly, the optimizer will be linked to a component that tries
to avoid demanding evaluations.

After initialization, the optimizer executes the requested number
f iterations. Each consists of two consecutive stages: the teacher and
he learner phases. The teacher phase tries to improve the solutions by
hifting them towards the best one, treated as the teacher, 𝑇 . For this
urpose, TLBO calculates a vector with the mean of each component
rom the solutions in the current population. Then, the algorithm

computes the modified (shifted) version, 𝑆′, from every student, 𝑆.
This computation follows Eq. (2), defined in terms of every vector
component, 𝑖. The term 𝑟𝑛𝑑𝑖 refers to a random real number between
0 and 1 linked to component 𝑖. The term 𝑇 , known as the teaching
𝐹

6 
factor, is a random integer that can be either 1 or 2. Both random
factors are global for the current step. Finally, every altered solution,
𝑆′, is evaluated. Those outperforming their original versions replace
them, while the rest are discarded.

𝑆′
𝑖 = 𝑆𝑖 + 𝑟𝑛𝑑𝑖

(

𝑇𝑖 − 𝑇𝐹𝑀𝑖
)

(2)

The learner phase simulates the interaction between students as if
they explained to each other. This part pairs every student, 𝑆, with a
different one, 𝑊 . Again, the aim is to create a variant 𝑆′ from every 𝑆
to replace the original if the modified one outperforms it. Nevertheless,
the computation of each vector component, 𝑖, follows Eq. (3) in this
stage. The term 𝑟𝑛𝑑𝑖 is a random real number between 0 and 1 linked to
component 𝑖. It is globally computed for the current step. This operation
tries to move each individual toward the best student of the pair.

𝑆′
𝑖 =

{

𝑆𝑖 + 𝑟𝑛𝑑𝑖
(

𝑆𝑖 −𝑊𝑖
)

if S is better than W
𝑆𝑖 + 𝑟𝑛𝑑𝑖

(

𝑊𝑖 − 𝑆𝑖
)

otherwise
(3)

After executing all the cycles, TLBO returns the best solution in
he population. Notice that the search has stochastic procedures from
he beginning, i.e., the random generation of solutions. Therefore, this
lgorithm is a stochastic method, like most population-based meta-
euristics [4]. This property means that its result can vary from one

run to another.

2.4. Evaluation predictor

As introduced, evaluating candidate architectures is potentially de-
manding and uncertain, as training does not necessarily have a fixed
uration. For instance, training the networks considered in this work
an take from minutes to hours. However, our proposal tries to avoid

wasting resources on designs exhibiting low potential for improvement
after the first training epochs. For this purpose, we propose a machine
earning model or predictor that studies the behavior of individuals for
 user-given number of epochs and a reference value.

As a machine learning method, this component needs a dataset
o train. However, instead of gathering it separately, we build it dy-

namically as the optimizer evaluates solutions. This approach makes
the method self-adaptive at the expense of being initially unavailable.
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During the first optimization cycles, every candidate solution is fully
trained with the corresponding method (e.g., typically, the backprop-
gation algorithm). Then, after a user-given number of cycles to train
he predictor, the optimization algorithm starts using it to discard non-
romising architectures quickly. Additionally, this predictor re-trains at
he end of each cycle, which improves its reliability as the execution
dvances.

Two main concerns affect the information gathered to form the
dataset. First, provided that every candidate design will result from
arying an existing solution after initialization, both the original and
he current one are relevant. Second, the focus is on feasible architec-
ures coming from feasible ancestors only. Based on these ideas, the
ollowing information is registered:

• Original’s value: Score of the candidate solution from which the
current one originates. This value will be relevant to decide if
new solutions are promising enough.

• Value: Score registered for the current solution after being com-
pletely trained and evaluated.

• Number of parameters: Number of trainable parameters of the
neural network defined by the current solution. This piece of data
is also considered for the predictor proposed in [32].

• Number of epochs: Number of epochs that the training of the
current neural network lasted before converging.

• Total time: Time that it took to train the encoded neural network.
• Layers: Layers used and their arrangement.
• Validation loss per epoch: Validation loss at the end of every epoch.

This information is processed further. First, a derived field called
‘Time per epoch’’ is calculated. It registers the average time an epoch
eeds to be executed and results from dividing the field ‘‘Total time’’
y the one ‘‘Number of epochs’’, being both ultimately removed. As
t will be impossible to know how many epochs a network needs to
onverge in advance, dispensing with the latter is necessary. Otherwise,
his information will not be available at inference.

Second, the validation loss at the first epoch is discarded because
values at that point are not generally descriptive. Besides, the maximum
loss value is set to a user-given value (e.g., 20) to avoid outliers
n which the model training saturates and produces abnormally high

loss values. This truncation preceding normalization avoids handling
istorted ranges that bias the models. Alongside the truncation thresh-
ld, the number of epochs to consider also depends on a user-defined
arameter. For example, assuming this parameter is 5, the validation
osses from the second to the sixth epoch will be part of the dataset.
side from the validation loss values, several aggregated metrics de-
ived from them are also included. They include the maximum, the
inimum, their difference, the average, and the standard deviation.

Third, the number of parameters might be several orders of magni-
tude higher than the rest. However, it is also less descriptive than the
value of the original solution and the loss evolution for the classifica-
tion. Thus, this value is normalized to be between 0 and 1, considering
the maximum number of parameters allowed. It is also necessary
to define the ‘‘Improve’’ class attribute, which registers whether the
new individual outperforms its ancestor. Its value is 1 when the new
andidate solution is better than the original one. Otherwise, it is 0.

Accordingly, the resulting dataset contains the following fields:
‘Original’s value’’, ‘‘Number of parameters’’, ‘‘Time per epoch’’, from
‘‘Encoded Layer 0’’ to the maximum number of layers, from ‘‘Loss value
of epoch 1’’ to the total number of observed epochs, ‘‘Maximum loss’’,
‘‘Minimum loss’’, ‘‘Difference loss’’, ‘‘Average loss’’, ‘‘Standard deviation
loss’’ and ‘‘Improve’’. The latter is the class to predict.

Notice that the dataset is potentially unbalanced. More samples of
non-improving derived solutions will be available. Thus, any machine
earning model trained with it will tend to choose the predominant

class. However, this behavior may cause some promising architectures
to be discarded. To overcome this situation, solutions from class 0 are
subsampled to have equal representatives of each class.
 t

7 
After preparing the dataset, the machine learning predictor is
rained. For this purpose, we propose using an ensemble of algorithms.
ccording to preliminary experimentation, this approach increases

he prediction accuracy because decisions rely on several indepen-
ent models. Specifically, the proposed ensemble consists of a Ran-
om Forest [42], a k-Nearest Neighbors [2], and a Gradient Boosting

Classifier [43] model. The output is the most repeated class.
Based on the previous comments, one can identify two kinds of

parameters. The first group, which mainly affects the definition of the
ataset, consists of three generic parameters. The first is the number of

optimization cycles to record samples for the dataset at the beginning.
The second is the maximum loss threshold to avoid outliers. The third
and last is the number of epochs that every candidate design will
be trained before being classified. The configuration of the first must
consider whether the total number of observations is enough for the
methods included in the ensemble. Once it is, the smaller this parameter
is, the sooner the predictor is available. The two remaining parameters
in the first group can be tuned by observing the training behavior of
some candidate architectures for the target problem.

The second group of parameters contains those required by every
odel selected to be part of the evaluation predictor. Therefore, they

nherit the configuration guidelines linked to every chosen method.
Finally, once the predictor is ready, it is activated. Then, it alters

the evaluation workflow for feasible solutions. At that point, every new
candidate solution results from mutating an existing one. Therefore,
the modified evaluation procedure that includes the predictor considers
the solution to evaluate and its ancestor. Fig. 4 depicts this process.

s shown, it starts by checking the feasibility of the original solution.
f the ancestor was infeasible, the training does not end prematurely,
s there is no background information. If the original architecture was
easible, the new one trains for a user-given limit of epochs. Then, if
he new solution outperforms the original one, the architecture is fully
rained. Otherwise, the machine learning predictor determines whether
he training must continue. The decision depends on the behavior
hown by the solution so far. If the training stops, the new solution

is discarded in favor of the original. Conversely, when the predictor
suggests continuing, the candidate design trains until converging, and
its real performance is ultimately registered.

3. Experimentation and results

This section starts by describing the implementation of the proposed
ethodology. After that, it explains the target application. This de-

scription covers the dataset used, the layer availability, the constraints,
the configuration of the optimizer, including the prearranged initial
solutions, and how to assess the performance predictor. The results
obtained are shown and compared to other approaches. Finally, the
section concludes by addressing a more challenging dataset.

3.1. Implementation and infrastructure

The proposed NAS stack has been implemented by combining differ-
nt technologies. The TLBO algorithm has been adapted from our public
eneral-purpose parallel implementation written in the C programming
anguage and published in [18]. The construction and evaluation of fea-

sible solutions is performed with TensorFlow [39], which is controlled
y auxiliary Python scripts.

The experimentation platform consists of three nodes from the Bull
luster owned by the Supercomputing – Algorithms Research Group of
he University of Almería, Spain. The one executing the optimization
lgorithm and commanding the execution has 2 processors AMD EPYC
ome 7642 of 48 cores, i.e., 96 cores in total, and 512 GB of DDR4

RAM. Each of the remaining two features 2 processors AMD EPYC 7302
with 16 cores, i.e., 32 cores in total, 512 GB of DDR4 RAM, and 2 GPUs

VIDIA TESLA V100. The former launches the evaluation of feasible
olutions in the latter, as GPU computing is required to complete this
ask in a reasonable time. The communication between nodes relies on

18] library.
he widespread Message-Passing Interface (MPI) [
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Fig. 4. Workflow of the evaluation predictor.
3.2. Problem setup

This section describes the target application used for testing pur-
poses. It covers the dataset, the configuration of our proposal, and the
metrics for the evaluation predictor.

3.2.1. Dataset
The proposed NAS framework has been used to design a neural

network with the highest classification accuracy on the CIFAR-10 [44]
dataset. It was created in 2019 and contains 60,000 32 × 32 RGB
images. It is divided into 50,000 training and 10,000 test images. They
exclusively belong to one out of ten classes: airplane, automobile, bird,
cat, deer, dog, frog, horse, ship, and truck.

3.2.2. Considered layers and configurations
Although the proposed method can handle any set of layers and con-

figurations, the user must define a working context depending on the
target problem and his/her expertise. Accordingly, the NAS framework
has been configured to work with the layers shown in Table 1.

First, disabled layers do not take any parameters and allow the
method to work with designs of different lengths for flexibility. The
user-given number of layers becomes an upper bound instead of a
requisite.

Second, convolutional layers have five parameters. The first is the
number of filters or kernels. The second defines their size. The third
is the interleaving step in the filter application, known as the stride
in this field. The fourth refers to the activation function linked to the
output of filtering. The fifth is a binary value that indicates whether the
weights go through a batch normalization process. In most frameworks,
batch normalization would correspond to a different layer. However,
having batch normalization as a separate layer increases the proba-
bility of optimizers trying to concatenate several, which can result in
over-normalization and lower performance.

Third, the pooling layer can perform the ‘‘Average’’ or ‘‘Maximum’’
operation with an adjustable stride. Although these operations are
usually seen separately, we incorporate them in the pooling layer. Since
they share the fundamental goal, merging them allows the optimization
algorithm to find the right place for the pooling layer first. After that,
deciding the operation is easier.

Fourth, the dropout operation corresponds to a specific layer that
only expects the number of hidden units. Dropout layers, which can
follow any layer containing weights, can help the final network not to
overfit.
8 
Table 1
Types of layers and parameters for the application example.

ID Layer type Configurations

Name Parameter ranges

0 Disabled – –

1 Convolutional

N. Filters [1–512]
Filter size [1–8]
Strides [1–4]
Activation [ReLu, Sigmoid, Tanh, SeLU]
Batch Norm. [True, False]

2 Pooling Type [Max, Average]
Strides [2–4]

3 Dropout % Hidden units [1–90]

4 Fully connected Neurons [1–500]
Activation [ReLu, Sigmoid, Tanh, SeLU]

Finally, the fully connected layer contains the number of neurons
and the activation function as parameters. The maximum number
of neurons is 500. This configuration helps to avoid exceeding the
maximum number of parameters set.

3.2.3. Constraints
As introduced, generating feasible neural network architectures is

challenging for population-based meta-heuristics. The problem at hand
deals with convolutional neural networks, and the following constraints
apply:

• The first layer must be convolutional: The network begins with a
convolutional layer to extract spatial information from the input
image, which is essential for identifying patterns and shapes.

• Fully connected layers cannot precede convolutional or pooling
ones: Convolutional and pooling layers are designed to extract
spatial features, which fully connected layers use for classification
or regression.

• The input dimensions for a convolutional layer must be equal
to or larger than the filter dimensions: Convolutional layers re-
quire input images that are larger than the filter to perform the
convolution operation effectively.

• The architecture must include at least one active layer: A neural
network requires active layers to process information. Completely
disabling all layers would make the network non-functional.
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Table 2
Probability of selecting each type of layer depending on the position when randomly
enerating feasible solutions.
Layer type Probabilities (%)

Initial layers Last layers

Disabled 30 10
Convolutional 35 5
Pooling 20 5
Dropout 10 10
Fully connected 5 70

These constraints are handled by adaptively penalizing the value
of infeasible solutions, which is called adaptive penalization [40].
Accordingly, the value of infeasible solutions is 1000 (a high number
in this context) minus the number of layers placed adequately. This
approach gives the optimizer more comparison resolution and improves
convergence.

Another constraint limits the number of parameters of the neural
etwork. As introduced, this approach allows considering the resources

available to train and deploy the resulting network. For the studied
problem, neural networks are limited to 150,000 parameters. If any
andidate architecture is feasible yet exceeds this value, its value is 950
lus the number of parameters divided by 150,000. This way, although
he optimizer penalizes both aspects, excessively big yet feasible are
referred over infeasible ones.

3.2.4. Initial population
As explained, adding some prearranged solutions facilitates and

ccelerates convergence. Consequently, the TLBO algorithm has been
rovided with some predefined neural networks.

First, the initial population contains two neural network architec-
tures selected by the authors. One was tailored by the authors after trial
and error. The other is the LeNet5-CNN architecture [45]. Second, some
andom yet feasible candidate solutions are included. For this purpose,

we have developed an external module that builds them in advance,
which resembles the proposal in [27].

Specifically, the proposed method for randomly generating feasible
individuals is as follows: Provided that the first layer must be convo-
lutional, there are two groups, the initial and the last layers. In this
case, the initial layers are from the second to the seventh. For them,
the most likely layer types are convolutional, disabled, and pooling.
The second group contains from the eighth to the tenth layer, and the
highest apparition probability corresponds to fully connected layers.
Table 2 shows how likely a layer type is depending on the depth of
the network.

Finally, the remaining individuals are generated completely ran-
domly. Some feasible architectures may appear this way, but most will
be infeasible.

3.2.5. Evaluation predictor metrics
As a machine learning component, precision and recall are relevant

etrics for assessing the evaluation predictor’s performance. Precision
easures the proportion of all the model’s positive classifications that

are actually positive. Recall, also known as the true positive rate,
reflects the proportion of all actual positives correctly classified as
positives.

Eqs. (4) and (5) show the mathematical formulation of precision and
ecall, respectively. 𝑇 𝑃 is the number of true positives, 𝐹 𝑃 corresponds
o the number of false positives, and 𝐹 𝑁 refers to the number of false
egatives. In this context, a false positive is a candidate solution that
he predictor classified as improving, and it did not. A false negative is a
andidate solution whose value would have improved, but the predictor
iscarded it. Analogously, a true positive is a solution classified as
mproving and meeting this expectation, while a true negative is a
9 
Table 3
Results of the proposed framework with and without the evaluation predictor.

Configuration Cost Val. Accuracy Cycle Time (days)

Proposed 0.7550 74% 242 59
Proposed + Pred. 0.7381 75% 101 23

non-improving one correctly discarded.

𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 (4)

𝑅𝑒𝑐 𝑎𝑙 𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (5)

3.3. Optimization results

TLBO has been configured to work with 1000 individuals for 400 cy-
les. This configuration was tuned after preliminary testing, considering
he comments made in Section 2.3.

We have tested two different configurations of our stack with the
same seed. One of them runs without activating the evaluation pre-
dictor proposed in Section 2.4, while the other uses it. This ablation
study of the only optional component of the proposal aims to confirm
its effectiveness under the same circumstances.

When used, the evaluation predictor is configured as follows. The
initial dataset consists of the first 5 optimization cycles. The informa-
tion gathered is sufficient considering that the predictor is re-trained

ith new data at the end of each cycle. The maximum loss threshold
s 20, and candidate designs train for 6 epochs before being evaluated.
oth values were tuned by studying the training behavior of several
andidate networks. Concerning the parameters required by every core
odel included in the predictor, the default configuration from the
cikit-learn library has been successfully used.

Table 3 contains the results for the proposed stack with and without
the evaluation predictor. As shown, the one including the predictor
outperforms the other. The cost value is slightly lower (better) in the
minimization problem (0.7381 compared to 0.7550), which results in
higher validation accuracy for the resulting network (75% versus 74%).
Using the predictor causes the best result to appear before, i.e., cycle
101 versus cycle 242.

As intended, the execution time of the proposal is also reduced
o less than half when using the evaluation predictor, i.e., 23 days
s. 59 days. Specifically, this component avoided evaluating 56,220
ndividuals out of 111,511 (50.41%).

Fig. 5 shows the evolution of the average cost of the population for
each configuration. Using the predictor results in a better, i.e., lower,
average cost value in the beginning. However, dispensing with this
component allows the optimizer to achieve better average costs as the
population evolves. The reason is that enabling the predictor always
opens the possibility of wrongly discarding promising candidate solu-
tions. Therefore, its use comes at the expense of potentially limiting the
evolution of populations.

A key point is that the predictor must minimize the number of
promising candidate solutions or individuals incorrectly discarded.
Fig. 6 shows how recall evolves when creating the dataset after each
cycle. The higher the recall, the fewer false negatives the predictor
roduces. Given the individuals and their final cost, the predictor was

retrained and evaluated at the end of each cycle. The recall increases
apidly during the first 15 epochs, going from 0.70 to 0.99. Then, the
alue stabilizes and decreases to 0.95.

A value above 0.95 means that 5% of the promising individuals
are wrongly discarded. This loss of good individuals is the principal
cause of the stabilization of the average cost of the population de-
picted in Fig. 5. Regardless, given the overall time reduction, although
the predictor may overlook some promising solutions, it allows the
optimizer to execute significantly more cycles. Besides, the amount
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Fig. 5. Evolution of the average cost in the population using the configuration with
(orange) and without (blue) the evaluation predictor.

Fig. 6. Evolution of the recall in the dataset creation.

of overlooked solutions tends to decrease. As the execution advances,
mproving individuals becomes harder, which results in an imbalanced
ataset. Thus, the model defining the predictor is prone to choosing the
redominant class, i.e., non-improving solution.

These results confirm the effectiveness of including an evaluation
redictor to discard non-promising solutions before assessing them.
side from saving time and computational resources, it allows focusing
n promising solutions. Although this approach may degrade the long-
erm performance, it increases the chances of achieving better results
aster.

Finally, explainability is one of the most relevant aspects when
evaluating a machine learning model [46]. This term refers to under-
tanding why the model made a particular decision for a given input. It

involves identifying the features that most affect the model’s behavior.
For the proposed evaluation predictor, the variables considered

were chosen intuitively. Thus, the Random Forest [42] technique,
idespread for explainability purposes, has been used to study the

relevance of the different features.
Fig. 7 exhibits the results of the explainability study carried out.

he 𝑌 -axis contains the different features, while the 𝑋-axis represents
heir importance. As shown, the cost of the original solution is the
ost relevant feature. If its cost is low, it will be hard for the derived

r candidate solution to outperform it. Thus, the predictor suggests
topping the evaluation. The opposite occurs otherwise. Then, the
inimum loss, the average cost, and the loss values for the last two

pochs, i.e., 4 and 5, have a high impact. Since the evolution of the
oss curve is decisive for predicting whether the candidate solution can
utperform the original one, this result makes sense. On the contrary,
he encoded layers show a limited impact on their own.
10 
3.4. Comparison to a state-of-the-art method

The results show that the proposed methodology progressively im-
roves the initial solutions in either configuration. However, it is logical
o wonder if these results are competitive compared to an alternative
rom the recent literature.

In [10], the authors develop a NAS solution to design neural net-
works small enough to fit into IoT devices without significantly degrad-
ing their inference performance. They build a multi-objective evolution-
ary algorithm based on Structured Grammatical Evolution and NSGA-II
to optimize the model size and accuracy. Their experimentation limits
the parameters to 500,000, while our threshold is 150,000. However,
aside from the architecture, they also optimize the training parameters,
such as the optimizer, early stopping criteria, and batch size.

These authors obtain a neural network architecture with over
153,000 parameters featuring a validation accuracy of 81% on the
CIFAR-10 dataset. They compare their solution to SqueezeNet [47],
DeepMaker [48], and NSGA-Net [49]. First, although SqueezeNet has
ewer parameters, it achieves an accuracy of 80%. Besides, that network

was built by hand, including specific operations instead of applying
 NAS framework. Regarding DeepMaker, it obtained higher accuracy
over 85%) after being adapted with a NAS framework and consisted of
ewer parameters. However, the solution used multiple blocks based on
ell-known architectures, requiring deep human knowledge to design

hem beforehand. Similarly, NSGA-Net relies on pre-defined blocks to
btain an optimal neural network architecture. It reached an accuracy
f 96% but required 3.3 million parameters, which does not fit into
egular IoT devices.

Our proposal obtains architectures that achieve validation accu-
racies of approximately 75%. However, these values directly come
from their training as solutions under optimization, which includes an
early-stopping condition of 5 cycles for practical reasons. This aspect
means that training ends when the value does not improve after five
consecutive epochs. Thus, these architectures found by our NAS method
have been ultimately trained for 1000 epochs without early stopping to
develop their full potential.

Unfortunately, comparing our results to the neural network de-
signed in [10] is not straightforward. Although the authors provide
he main design details of their architecture, they omit aspects such as

the batch size, optimization algorithm, and learning rate. For this rea-
son, after replicating that neural network design with the Tensorflow
framework, we have trained and evaluated it with our training script
to compare that solution to ours. It will be referred to as the reference
solution in what follows.

Table 4 shows how the reference solution and our two networks
(generated with and without the evaluation predictor) have evolved
after training. The ‘‘Num. Params’’ column contains the number of
parameters of each architecture. The ‘‘Val. Accuracy’’ column shows
the validation accuracy that each neural network reached. Finally, the
‘‘Epoch’’ column contains the epoch at which the network reached its
performance peak.

As can be seen, all the architectures have between 140,000 and
53,000 parameters. These values are compatible with their use in IoT

devices. The most accurate architecture is the one obtained by our
method without using the evaluation predictor (accuracy of 80.65%).
It is followed by the one also designed with our proposal and the
redictor (accuracy of 78.68%). The third one in terms of accuracy is
he reference architecture (accuracy of 78.49%). The latter is also the
astest to reach its peak, getting to it after 174 epochs.

As shown, there is room for improving the solutions found automat-
cally. For instance, the accuracy of our best design raised from 74%

to 80.65% without early stopping. This uncertainty during the search
s unavoidable for practical reasons, but users should understand this
ituation and try to refine the promising designs found.

Furthermore, it is also remarkable that our best design outperforms
the designs by [10] and SqueezeNet, created by human experts by
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Fig. 7. Importance of the different attributes of the evaluation predictor.
Fig. 8. Long-term evolution of the complete training of the three compared neural
networks.

Table 4
Comparison between the networks found by our proposal and the one in [10].

Configuration Num. Params. Val. Accuracy Epoch

Proposed without predictor 147,240 80.65% 953
Proposed with predictor 140,144 78.68% 300
Design in [10] 153,290 78.49% 174

hand. While our best architecture obtained a validation accuracy of
80.65%, the proposals in [10] and SqueezeNet reached 78.49% and
80%, respectively.

Fig. 8 shows the evolution of the validation accuracy of the three
networks compared in Table 4 during a complete training of 1000
epochs. The reference, i.e., the one designed in [10], is represented in
orange. Our proposal without using the predictor is in blue, and the
one with it is in gray.

The reference network performs better during the first epochs, but
its accuracy decreases as training lasts. It only contains two dropout
layers and six convolutional ones, so it cannot handle overfitting ad-
equately. This situation might have been caused by defining a fixed
time limit for evaluation when optimizing the design [10]. As for our
architectures, the one found without the predictor shows a continuous
trend of improvement without overfitting and reaches the highest
accuracy. It outperforms the design achieved with the predictor, which
stays between the other two.

At this point, it is interesting to see the neural network designs that
our proposal found for the two configurations considered. Figs. 9(a)
and 9(b) show the architectures found without and with the evaluation
predictor, respectively.
11 
The neural network designed without the predictor consists of 7 lay-
ers (obviating the ‘‘Batch Normalization’’ and ‘‘Flatten’’ ones). It starts
with three ‘‘Convolutional’’ layers, with the first and third followed by
a ‘‘Batch Normalization’’ one. Before flattening, there is an ‘‘Average
Pooling’’ layer followed by a ‘‘Dropout’’ one. It ends with a ‘‘Fully
Connected’’ layer.

The architecture obtained using the performance predictor slightly
varies. It contains only two ‘‘Convolutional’’ layers (including a ‘‘Batch
Normalization’’ layer in the first one). However, it incorporates two
’’Average Pooling’’ layers with a ‘‘Dropout’’ in between. After flattening,
there are two ‘‘Fully Connected’’ layers with fewer neurons than before,
a ‘‘Dropout’’ layer and another ‘‘Fully Connected’’ one.

3.5. Test with the CIFAR-100 dataset

Given the positive results obtained with the CIFAR-10 dataset, the
CIFAR-100 [44] has been selected for an extended analysis due to its
increased complexity. While both contain the same number of images,
CIFAR-100 includes 100 distinct classes, each with significantly fewer
examples per class. This characteristic makes CIFAR-100 a more chal-
lenging benchmark, especially for methods aiming to design compact
neural network architectures with limited computational resources.
Hence, this experiment demonstrates the feasibility of applying the
proposal to datasets featuring more variability and complexity.

For the test, we employed the configuration excluding the evalu-
ation predictor. This decision is based on prior results showing that
the design found in this way reached better validation accuracy in
the long term. The experimental setup maintained the same execution
environment, configuration, and constraints as in the CIFAR-10 evalua-
tion. Like in the previous case, we included different feasible solutions
in the population to accelerate convergence. However, considering
the increased problem difficulty, the maximum number of layers and
parameters were set to 12 and 500,000, respectively.

After 26 days of execution and 420 cycles, we took the best can-
didate design in the population. Fig. 10 shows the obtained neural
network. After training it for an extended period, like in the previous
case, and applying data augmentation to that process, the architecture
achieved a remarkable accuracy of 65.43% on CIFAR-100 while adher-
ing to the tight parameter limit. Conversely, our best hand-tuned design
within this size limit only reached an accuracy of 59.64% in the same
enhanced training context.

Apart from comparing the hand-tuned result with the one found
using our proposal, the lack of well-established benchmarks for efficient
neural networks on CIFAR-100 complicates direct comparisons. In the
realm of small architectures with less than several million parameters,
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Fig. 9. Neural networks found for the CIFAR-10 dataset with the proposal.
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Table 5
Comparison of our method with related works on CIFAR-100 under parameter con-
traints.
Method CIFAR-100 Acc. # Parameters NAS

Grouped Pointwise Conv. [50] 71.36% 520k No
ThriftyNet [51] 74.37% 600k No
Wide-ResNet [52] 69.11% 600k No
Our method 65.43% 478k Yes

CIFAR-100 is not widely studied. Nevertheless, a few relevant works
exist, providing useful reference points for comparison.

Table 5 compares our result and several state-of-the-art approaches
esigned for compact neural network architectures on the CIFAR-100

dataset. All of them propose specific strategies for obtaining tiny CNN
architectures. As shown, these methods achieve higher accuracy values,
i.e., 71.36% for [50], 74.37% for [51], and 69.11% for [52], while
urs reaches 65.43%. However, all have been hand-tuned and consist
f significantly more parameters, ranging from 520,000 to 600,000. In
ontrast to them, our design relies on NAS, outperforms our manual
esign process, and features less than 500,000 parameters.

Accordingly, our proposal stands out for adhering to the 500,000-
parameter limit, offering a compact and resource-efficient solution for
scenarios like IoT devices. Unlike the other approaches, which heavily
depend on manual architecture design and focus on convolutional
networks, our method explores the given design space autonomously
once launched.

4. Conclusions

This work has proposed and studied a complete stack of methods for
designing neural networks automatically. It supports any layer type,
 t

12 
candidate architectures of different lengths, and constraints on de-
sign sizes for low-specification computing environments. This proposal
combines three components, i.e., an original solution representation
scheme, a standard continuous optimization algorithm, and a new
performance predictor.

The representation scheme encodes neural network architectures as
vectors of real numbers, which allows neural network design to be ap-
proached as a continuous optimization problem. The chosen optimizer
is Teaching-Learning-based Optimization (TLBO), a population-based
meta-heuristic. We are pioneers in opting for this method in this con-
text. This choice is based on its minimalist set of parameters, i.e., pop-
ulation size and cycles, and its compatibility with large-scale problems.
The performance predictor is a self-adaptive machine learning ensem-
ble that avoids evaluating non-promising candidate architectures.

The effectiveness of this proposal has been studied by building
an image classifier using the CIFAR-10 dataset. The method has been
allowed to work with five different layer types. Besides, the designed
neural networks have been limited to contain up to 150,000 param-
eters. This aspect shows the ability of our proposal to work with this
kind of constraint and its compatibility with designing neural networks
to run in low-specification computing platforms, such as IoT devices.

In this context, the experimentation first focused on studying the
erformance predictor, as it has a critical role in obtaining neural
etwork designs in a reasonable time. According to the results, this
omponent avoids evaluating multiple candidate solutions and reduces
he run time to less than half. It also quickly centers the attention on
he most promising solutions. However, its usage comes at a price:
he average value of the population stagnates. Accordingly, without
ny time constraint, it seems advisable not to activate the evaluation
redictor to avoid premature convergence.

In the sample application with the CIFAR-10 dataset, our method
akes two months without the evaluation predictor and less than one
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Fig. 10. Best architecture found for the CIFAR-100 dataset.

with this component. However, it finds neural networks outperforming
 state-of-the-art solution in both configurations. Specifically, the ref-
rence design consists of 153,290 parameters and achieves an accuracy
f 78.49%. The one found by our proposal when using the performance
redictor only needs 140,144 parameters and reaches an accuracy
f 78.68%. Without this component, the resulting architecture has
47,240 parameters, still within the specifications, and the accuracy
s higher, i.e., 80.65%. The only magnitude in which the reference
esign remains a better option is the number of training epochs taken to

converge (174 versus 300 for our fastest configuration). Therefore, our
roposal is competitive in problem terms as long as the time window
or designing the desired network is relatively flexible. This aspect is
easonable considering that, in general, neural networks are designed
nce and run while the resulting application is at exploitation.

Furthermore, we have also tried the proposal with a more chal-
enging problem, i.e., the CIFAR-100 dataset and limiting the designs
o 500,000 parameters. In the literature, there exist relatively small
eural networks with accuracy values ranging from 69 to 74% for this
roblem. However, all have been designed by the direct intervention

f human experts and consist of more parameters, from 520,000 to

13 
600,000. Conversely, our proposal found a neural network featuring
n accuracy of 65.43% while sticking to a strict limit of 500,000
arameters, and with the best initial solution provided reaching only
9.64% under the same training conditions. Thus, the proposal seems
nteresting for dealing with challenging problems under strict resource
imitations.

In future works, the proposed neural architecture search solution
ill be tested with different applications. Besides, given the modu-

arity of our stack and the convenience of wrapping neural archi-
ecture search as a continuous optimization problem, we will study
ifferent optimization techniques. Finally, we will try to improve the
erformance predictor.
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