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Abstract Convolutional Neural Networks have been

widely employed in a diverse range of computer vision-

based applications, including image classification, ob-

ject recognition, and object segmentation. Nevertheless,

one weakness of such models concerns their hyperpa-

rameters’ setting, being highly specific for each par-

ticular problem. One common approach is to employ

meta-heuristic optimization algorithms to find suitable

sets of hyperparameters at the expense of increasing

the computational burden, being unfeasible under real-

time scenarios. In this paper, we address this problem

by creating Convolutional Neural Networks ensembles

through Single-Iteration Optimization, a fast optimiza-

tion composed of only one iteration that is no more ef-

fective than a random search. Essentially, the idea is to

provide the same capability offered by long-term opti-

mizations, however, without their computational loads.

The results among four well-known datasets revealed

that creating one-iteration optimized ensembles provide

promising results while diminishing the time to achieve

them.
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1 Introduction

Machine learning techniques proved to be thriving algo-

rithms when applied to pattern recognition tasks [18],

such as feature extraction, classification, and regres-

sion. Furthermore, the urge to create human-like mod-

els and solve computer-vision-related tasks enhanced

traditional machine learning methods into more sophis-

ticated techniques, known as deep learning [2].

Deep neural networks, for instance, the Convolu-

tional Neural Networks (CNN) [23], achieved several

hallmarks in a wide range of applications, e.g., image

classification [20], object detection [4] and segmenta-

tion [11], among others. Nevertheless, these architec-

tures are filled with problems, such as hyperparameters

setting [29] and overfitting [31]. The former problem

concerns that each architecture might have a specific set

of hyperparameters for solving a particular task, requir-

ing a substantial computational effort to find adequate

hyperparameters. The latter problem regards that the

network may overly learn the training data, resulting

in poor performance when collated with new (unseen)

data.

A notorious approach to construct more robust mod-

els, which is already employed in traditional machine

learning techniques, are the well-known ensembles [8].

An ensemble consists of a combination of several weak

learners (individual models) and then used together to

produce more robust results [30]. Essentially, the idea is

that each part of the ensemble is responsible for learn-

ing specific pieces of the problem and effectively solving

the whole problem when combined.

Only in the past years, it has been possible to find

works in the literature that use ensemble-based deep

learning. Deng et al. [7] proposed ensemble-based deep

learning systems to overcome speech recognition issues,
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achieving significant increases in phone recognition ac-

curacy. In 2016, Kumar et al. [21] proposed a com-

bined approach of distinct CNN architectures applied

to medical images, where they achieved higher classi-

fication rates than individual CNNs. Later on, Lee et

al. [24] introduced a Long Short-Term Memory (LSTM)

ensemble using distinct architectures to capture vari-

ous temporal dependencies, obtaining state-of-the-art
performance in skeleton-based action recognition tasks.
Moreover, Ju et al. [15] compared distinct ensemble

strategies over several deep neural networks, studying

their impact and variations. Finally, Minetto et al. [25]

proposed the Hydra framework, which uses an ensem-

ble of CNNs to improve geospatial land classification

quality.

A framework of techniques that have not yet been

fully explored in ensemble-based deep learning is meta-
heuristic optimization. A meta-heuristic is a combina-
tion of local searches and biological learning mecha-

nisms used to solve a particular problem. When com-
bined with optimization, one can construct algorithms
that avoid being trapped into local optimums, and that

produces feasible results like traditional optimization

methods1.

Nevertheless, meta-heuristic optimization carries a

tremendous computational burden, as the objective

function needs to be evaluated for almost every agent

at each iteration. In order to overcome such a problem,

we propose Single-Iteration Optimization (SIO), which

stands for a rapid optimization that consists of only a

single step and is comparable to a random search.

Therefore, this paper proposes to create Convo-

lutional Neural Networks ensembles through Single-

Iteration Optimization and compare them against

meta-heuristic optimized models and their ensembles.

Essentially, the idea is to train several CNNs with SIO-
selected hyperparameters and combine them into an
ensemble using a weighted-voting approach, where the
importance (weight) of each model is framed as another

optimization problem. Afterward, the obtained results

are compared against a baseline CNN (default hyperpa-

rameters) and an optimized CNN, whose hyperparam-

eters were fine-tuned by a meta-heuristic optimization.

Additionally, we propose to keep some of the best mod-

els found during the optimization procedure and com-

bine them. Such an ensemble is then compared against

our proposed SIO-based ensemble.

In short, the main contributions of our work are

twofold:

1 Traditional optimization methods rely on gradients and
Hessians, which are computationally costly and susceptible
to local optima.

– Present SIO-based ensembles as a competitive and

cheaper alternative to the traditional meta-heuristic-

based hyperparameter optimization procedure;

– Propose to combine the best solutions found by meta-

heuristics in ensembles incurring a minimal addi-

tional cost.

The remainder of this paper is organized as fol-
lows. Sections 2, 3 and 4 present some theoretical back-

ground concerning ensemble learning, Convolutional

Neural Networks and meta-heuristic optimization, re-

spectively, while Section 5 discusses the methodology

employed in this work. Section 6 presents the exper-

imental results and Section 7 states conclusions and

future works.

2 Ensemble Learning

Ordinarily, ensembles are assortments of combined

learners which focus on how to solve a unique problem.

Their primary difference from single classifiers is the use

of several combined classifiers, allowing them to accom-

plish more proper learning [12]. An ensemble classifier

is usually composed of several weak learners, such as
decision trees, support vector machines, optimum-path
forests, and neural networks. Furthermore, when weak

classifiers are combined, they create a unique and more

robust model. It is known that the generalization abil-

ity of an ensemble is usually higher than weak learners

due to the increase in the diversity of features extracted

and decisions made [30].

A critical distinction between ensembles concerns

their taxonomy, where they are divided into two cate-

gories: (i) homogeneous if the same weak learners com-

pose the ensemble, and (ii) heterogeneous if different

weak learners compose the ensemble. This work will

use a homogeneous ensemble consisting of several CNNs

with their hyperparameters randomly initialized from

a predefined range. Additionally, we also use a weight-

based strategy, as described in Section 2.1.

2.1 Weighted Voting-based Ensemble

Despite our present work focusing on CNNs, it is es-

sential to highlight that such a procedure applies to

any neural network-based classifier, such as traditional

Multilayer Perceptron (MLP) or even Recurrent Neural

Networks (RNN).

Given a collection of K classifiers, we are inter-

ested in finding a function f : X → Y such that X =

{x1,x2, . . . ,xm}, where xi ∈ R
n stands for the dataset

and Y = {1, 2, . . . , C} denotes the set of outputs, i.e.,
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CNNs Ensembles Through Single-Iteration Optimization 3

classes. Further, let P (i) ∈ R
K×C denote the probabil-

ities of a given sample xi belonging to each of the C
possible classes according to each model. Specifically,

this matrix is the concatenation of the softmax outputs

of each classifier. Therefore, the weighted voting-based

ensemble combines all classifiers as follows:

P̂ (i) = wT · P (i), (1)

where w ∈ R
K is the importance (weight) of each weak

classifier in the ensemble. Additionally, P̂ (i) ∈ R
C de-

notes the unnormalized scores of xi belonging to each
possible class according to the ensemble. Then, its pre-

dicted label ŷi is computed as follows:

ŷi = argmax
j∈Y

f
(i)
j . (2)

3 Convolutional Neural Networks

Hubel et al. [14] presented a seminal study regarding

the primary cortex of cats, where they have identi-

fied two kinds of cells: (i) simple cells and (ii) complex

cells. This research serves as the fundamental theory for

the Convolutional Neural Networks architecture, where

their filtering and sampling processes are analogous to

simple and complex cellular mechanisms.

The first Convolutional Neural Network

computational-based model was the famous “Neocog-

nitron” [9], which used an unsupervised learning

algorithm throughout the filtering phase, succeeded
by a supervised algorithm as its final classifier.
Furthermore, LeCun et al. [22] proposed to use the

Backpropagation algorithm to provide supervised

learning, fostering applications that would arise

throughout the next decades.

One can perceive that CNN is a multi-layered data

processing architecture. Given an input image, the CNN

extracts its primordial pieces of information through

high-level representations, called multispectral images

or feature maps. Afterward, it concatenates them into

a feature vector that can later be used by any pat-

tern recognition technique. Figure 1 depicts one possi-

ble workflow for a Convolutional Neural Network.

A CNN can be composed of several layers, e.g., con-
volution, pooling, fully connected, or even a softmax

activation. Regardless of its architecture, some layers

are somewhat more critical than others, requiring a

more in-depth explanation. The next sections describe

three primary operations that characterize a CNN ar-

chitecture, such as feature maps (convolution), sam-

pling (pooling), and normalization.

3.1 Feature Maps

Let Î = (DI , I) be an input image, where DI ∈ R
l×c

stands for the image domain and I = {I1, I2, . . . , Ic} is

an image composed of c channels. Additionally, let Ii(p)

be a pixel p = (xp, yp) ∈ DI over image I and channel

i, ∀i ≤ c. Furthermore, if Î is a grey-scale image, c = 1
and Î = (DI , I).

Moreover, let � = (M,W ) stand for a filter with

weights W (q) over every pixel q ∈ M(p), where M(p)

is a mask of size LM × LM centered at pixel p, and

q ∈ M(p) if, and only if, max(|xq − xp|, |yq − yp|) ≤

(LM − 1)/2. When dealing with multi-channel filters,
their weights can be represented as vectors, such that

W (q) = {W1(q),W2(q), . . . ,Wc(q)}. Additionally, a
multi-channel filter is defined as � = {�1, �2, . . . , �c},
where �i = (M,Wi), ∀i ≤ c.

Therefore, the convolution between the input im-

age Î and the filter �i creates the channel i from the
filtered image Ĵ = (DJ ,J), such that DJ ∈ DI and

J = {J1(p), J2(p), . . . , Jc(p)}, ∀p ∈ DJ :

Ji(p) =
X

∀q∈M(p)

Ii(q)⊗Wi(q), (3)

where ⊗ stands for the convolution operator. The

weights of �i are regularly produced by uniform distri-

butions, i.e., U(0, 1), and further normalized with zero

mean and unitary norm.

3.2 Sampling

The sampling operation, commonly known as pooling,

is essential for CNN, providing translational invariance
to its extracted features. Let B(p) stand for the pooling

area of size LB × LB , centered at pixel p. Moreover,

let DS = DJ/s be the standard pooling operation for

every s pixels. Thus, the pooling operation over image Ĵ

creates the resulting image Ŝ = (DS ,S) and is defined

as follows:

Si(p) = α

s

X

∀q∈B(p)

Ji(q)↵, (4)

where Si and Ji stand for images S and J over channel

i, respectively, p ∈ DS stands for every new pixel in

the resulting image ↵ stands for the stride parameter,

which controls the downsampling factor of the pooling.
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Convolution Pooling Convolution Pooling

Fully

Connected

Output

Input

Feature maps

Feature maps Feature maps

Fig. 1 Example of a Convolutional Neural Network architecture.

3.3 Normalization

Lastly, a normalization procedure can be applied in or-

der to enhance the network’s performance [6], being

based on the same mechanisms found in cortical neu-

rons [10]. Let N(p) be the normalization area of size
LN ×LN , centered at pixel p. The normalization oper-

ator over image Ŝ is defined as follows:

Oi(p) =
Si(p)

c
X

j=1

X

∀q∈N(p)

Sj(q)Si(q)

. (5)

The aforementioned operation is accomplished for
every channel i and for each pixel p ∈ DO ⊂ DS of the

resulting image Ô = (DO,O).

4 Meta-Heuristic Optimization

Throughout the years, the necessity of finding suitable

sets of information (parameters or hyperparameters) to

solve distinct tasks, fostered the study of mathemati-

cal programming, commonly known as optimization. A

classic example of an optimization task is the Travel-
ing Salesman Problem [26], which consists of traveling
to distinct localities and returning to the origin using
a minimum path. Furthermore, there are diverse opti-

mization problems faced daily, such as industrial com-

ponent modeling [27], operations researches [28], mar-

ket economic models [17], and molecular modeling [1],

among others.

An optimization problem consists in maximizing or
minimizing a function through a systematic choice of

possible values to the problem. In other words, the opti-
mization procedure finds the most suitable fitness func-
tion values, given a pre-defined domain. Equation 6 de-

scribes a maximum generic optimization model without

constraints.

max
∀z∈Rη

f(z), (6)

where f(z) stands for the fitness function, while z ∈ R
⌘.

The optimization of this function aims at finding the

most suitable set of values for z, denoted as z∗, where

f(z∗) ≥ f(z) for Equation 6. Nevertheless, when deal-
ing with more complex fitness functions, several max-

ima points (local optima) arise, making it significantly

more challenging searching for the optimal point. Fig-

ure 2 illustrates an example of this situation.

Traditional optimization methods [3], such as the it-

erative methods, e.g., Newton method, Quasi-Newton

method, Gradient Descent, Interpolation methods, use

the evaluation of gradients and Hessians, being unfea-

sible when applied to non-differentiable problems, as

well as due to their high-computational burden. How-

ever, a proposition denoted as meta-heuristic has been

employed to solve several optimization problems. A

meta-heuristic technique consists of high-level proce-

dures projected to generate or select a heuristic, which
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CNNs Ensembles Through Single-Iteration Optimization 5

Fig. 2 Example of a mathematical function, f(z) =
sin(z0) + cos(z1), with several local optimum points.

provides a feasible solution to the optimization prob-

lem. A meta-heuristic optimization is a procedure that

combines the concepts of exploration, used to perform

searches throughout the search space, and exploitation,

which is used to refine a promising solution based on

its neighborhood.

4.1 Optimized-based Ensembles

In a nutshell, a meta-heuristic optimization technique

consists in a procedure in which a given number of

↵ agents interact for a pre-defined amount of � itera-

tions following some algorithm (which defines the meta-

heuristic behavior) to maximize (minimize) some func-

tion f(·), which is evaluated no more than o(↵�) times.

In this work, f(·) represents training and comput-

ing the accuracy of a neural network, given the hyper-

parameters to be optimized. Additionally, the compu-

tational burden of training a neural network is con-

siderably higher than evaluating meta-heuristic update
equations. To such an extent, consider, for instance,
that it is not uncommon having neural networks with

thousands of parameters, whereas meta-heuristics usu-

ally possess a more restricted set of variables to be eval-

uated. Hence, it is reasonable to assume that the entire

procedure complexity is o(↵�T + ✏), where T denotes

the complexity of training a single neural network and ✏

aggregates the meta-heuristic optimization complexity.

Instead of incurring this considerable burden to find

a single best-performing model, our proposed approach

suggests training ↵ neural networks (corresponding to

the number of evaluations in single iteration) with ran-

domly selected hyperparameters and learning how to

combine them via meta-heuristic optimization tech-

niques, decreasing the procedure complexity to o(↵T +

✏).
Individually, the interval for each hyperparameter to

be randomly sampled from is determined2. Further, the

K = ↵ models are independently trained to share the

same training and validation sets. After convergence,

their outputs are combined in a weighted voting-based

ensemble using another meta-heuristic optimization, as

described in Section 5.2. Note that learning to com-

bine model outputs is cheap as each model was already

trained and used once to generate P (i) for each i sample

in the dataset.

One of the main drawbacks of using ensembles is the
expense of training the different models that compose

it. On the other hand, performing a meta-heuristic op-

timization of a neural network requires training o(↵�)

different models in search of the best one. Consequently,

such a high cost is already paid during the optimization

step in a way that, instead of keeping only the top-

performing model, one can keep the top K models and
learn how to combine them at negligible cost.

5 Methodology

In this section, we present the proposed approach3, as

well as the employed datasets and the proposed exper-

iments.

5.1 Datasets

We considered three datasets in the experimental sec-
tion, as follows:

– MNIST [23]: set of 28×28 grayscale images of hand-

written digits. The original version contains a train-
ing set with 60, 000 images from digits ‘0’-‘9’, as well

as a test set with 10, 000 images;

– K-MNIST [5]: a set of 28 × 28 grayscale images of
hiragana characters. The original version contains

a training set with 60, 000 images from 10 previ-
ously selected hiragana characters and a test set

with 10, 000 images;

– CIFAR-10 [19]: is a subset image database from

the “80 million tiny images” dataset. Composed
of 60, 000 32x32 colour images in 10 classes, with

6, 000 images per class. It is divided into five training

batches and one test batch, each containing 10, 000

images.

2 Notice that this procedure is also required to perform
meta-heuristic optimizations, where larger intervals may re-
quire more time for the algorithm to find suitable solutions.
3 Our source code is available at https://github.com/

lzfelix/random_ensembles.
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6 Luiz C. F. Ribeiro et al.

– CIFAR-100 [19]: is a subset image database from

the “80 million tiny images” dataset. Composed

of 60, 000 32x32 colour images in 100 classes, with

6, 000 images per class. It is divided into five training

batches and one test batch, each containing 10, 000

images.

Furthermore, Figure 3 illustrates mosaics of 100 ran-
dom training samples for every dataset.

(a) (b)

(c) (d)

Fig. 3 Random training samples from (a) MNIST,
(b) Kuzushiji-MNIST, (c) CIFAR-10 and (d) CIFAR-100
datasets.

5.2 Modeling SIO- and Optimized-based Ensembles

Recall that, according to Equation 1, weighted vot-

ing ensembles are formed by two parts: (i) the models,
which were already trained, as described in Section 5.3;
and (ii) their corresponding weights, which are going to

be determined using meta-heuristics as well. In such a

scenario, we want to find a set of weights w? that max-

imize the ensemble accuracy, which can be formulated

as the following maximization problem:

w? = argmax
w

1

N

N
X

i=1

I (yi = ŷi) ,

s.t.

k
X

k=1

wk = 1,

(7)

where I(·) is the indicator function (i.e., it returns 1 if

the prediction is equal to the ground-truth label yi and

0 otherwise), whereas N corresponds to the number of

samples used to learn the models’ importance. The con-

straint, in turn, ensures that no single model becomes

much more important than the others. Moreover, as the

training set has already been used to learn the models’

parameters, it cannot be used to learn their importance.

Hence, a validation set is employed for training the en-

sembles.

Regarding the meta-heuristic optimization tech-

niques used to learn w?, we opted to employ the Parti-
cle Swarm Optimization (PSO) [16] as it is a state-of-

the-art nature-inspired algorithm and provides a proper
balance between exploration and exploitation. Thus, it
is suitable to fulfill the proposed approach’s needs as we
are dealing with a complex fitness landscape (validation

accuracy of a CNN) and need an algorithm that can

fully explore an n-dimensional search space-enhancing
promising solutions.

5.3 Proposed Experiments

To provide a more transparent organization and a more

robust experimental evaluation, we divided the exper-

iments into three parts: weak learners, weight-based
ensembles composed of the weak learners, and weight-
based ensembles composed of the top-K weak learners.

We have used two distinct meta-heuristic techniques to
create optimized weak learners, such as Particle Swarm
Optimization and Black Hole (BH) [13]. Furthermore,

note that all the experiments were evaluated 15 times to

provide enough data for further statistical evaluation.

5.3.1 Weak Learners

Three distinct architectures have been proposed as weak
learners, as follows:

– Default (D): it stands for networks trained with
their default layer configurations4 and hyperparam-

eters, depicted by Table 1. Such values were selected
empirically and are subsequently fine-tuned by the

in the Optimization-based models described next.

– SIO-based (U): it stands for networks trained with
SIO-selected hyperparameters and number of lay-

ers drawn from uniform distributions with different

lower and upper bounds5;

– SIO-based (N ): it stands for networks trained with

SIO-selected hyperparameters and number of layers

drawn from Gaussian distributions with µ = lb+ub
2

and � =| µ−1
3 |, where lb and ub stand for the up-

per and lower bounds, respectively. Except for learn-
ing rate and momentum hyperparameters, one must

4 One can find the proposed architectures at
https://github.com/lzfelix/random_ensembles/tree/

master/experiments/models.
5 One can find the distribution’s ranges at https:

//github.com/lzfelix/random_ensembles/blob/master/

experiments/models/model_specs.py.
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adopt � =| µ
3 | since for these specific cases one may

want values in the range [0, 1];
– Optimized-based (P and B): it stands for networks

trained with the most suitable hyperparameters and

layers configurations found by the PSO (P ) and BH

(B), using the same ranges proposed by the SIO-
based (U) networks. In this architecture, we provide

three distinct meta-heuristic configurations, such as
10 agents with 10 iterations (P10 and B10), 15 agents

with 10 iterations (P15 and B15), and 20 agents with

10 iterations (P20 and B20).

5.3.2 Weight-based Ensembles

According to Section 5.2, we proposed to create SIO-

and optimized-based ensembles using pre-trained weak

learners, as follows:

– SIO-based Ensemble (EU ): it stands for the ensem-

ble composed of the top-10 SIO-based networks (U);
– SIO-based Ensemble (EN ): it stands for the en-

semble composed of the top-10 SIO-based networks

(N );

– Optimized-based Ensemble (EP and EB): it stands

for the ensemble composed of the top-10 optimized-

based networks (P10, P15, P20, B10, B15, and B20).

Even though we have used PSO and BH to create

the optimized weak learners, we have only employed

PSO for finding the best weights when composing

the ensemble.

Additionally, in an attempt to verify whether dis-

tinct ensemble creation methodologies affect our ex-
perimental results, we opted to use three distinct ap-

proaches, such as majority voting, 1/K-weights6, and
optimized-weights. Majority voting stands for assigning

a label to a sample according to the highest counting of

predictions from the ensemble’s networks, e.g., let the

output classes of three networks be [0, 1, 1]T , hence, as

we have two occurrences of the class 1, the final label
assignment will be 1.

On the other hand, 1/K- and optimized-weights

consider a set of weights for each network considered in
the ensemble and calculates a linear combination over
their predictions before the label assignment. For ex-
ample, let the output predictions of three networks be

a = [0.9, 0.1]T , b = [0.45, 0.55]T , and c = [0.2, 0.8]T ,
where a, b, c ∈ R

C . The 1/K-weights approach calcu-

lates the final prediction as a weighted average between

the predictions and assigns a label to the class that has

the maximum probability, as follows:

6 Note thatK stands for the number of networks considered
in the ensemble.

argmax
C

q =
1

3
a+

1

3
b+

1

3
c

argmax
C

�

[0.5167, 0.4833]T
�

= 0.
(8)

Finally, the optimized-weights approach uses a meta-
heuristic optimization to calculate the weights instead

of using pre-defined ones.

5.3.3 Top-K Weight-based Ensembles

As an additional experiment, we also provide a thor-
ough assessment of whether ensembles composed of K

networks influence the final results. To accomplish such

an observation, we have used the same ensembles pro-

posed in Section 5.3.2 with distinct K-values, such as 5,

10, and 15, which stand for the number of top networks

used to compose the referred ensembles.

6 Experiments

This section aims at presenting the experimental re-

sults concerning the SIO-based ensembles over the three

datasets previously mentioned. The proposed models

and ensembles have their evaluation measures computed

and compared under the test set with the Wilcoxon [32]

signed-rank test using p = 0.05. Additionally, the best

results are depicted by the bolded cells.

6.1 Evaluating the Weak Learners

Table 2 presents the obtained results in terms of ob-

served mean and standard deviation for the weak learn-

ers over the considered datasets. Initially, it is vital to

highlight that the accuracy measure lies in the [0, 1] in-
terval, while the time measure stands for the number

of seconds that a single network took to be trained for
D, U , and N architectures. For those Optimized-based

ones, the time measure stands for the number of seconds

for the execution of the entire optimization process.

One can perceive that even though SIO-based (U)
weak learners could be trained with the least amount
of time, they suffered due to the random initializa-

tion of parameters and severely underperformed com-
pared to the other architectures. Furthermore, when
comparing default- (D) and optimized-based (P and

B) weak learners, it is possible to observe that they

achieved comparable results in the MNIST dataset. In
contrast, optimized ones outperformed the default in

the K-MNIST dataset, and vice-versa regarding the

CIFAR-10 dataset.
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Table 1 Default hyperparameters’ values considering all employed datasets.

Hyperparameter MNIST K-MNIST CIFAR-10 CIFAR-100

Epochs 15 15 15 15

Batch size 128 128 128 128

Training split 0.8 0.8 0.8 0.8

Optimizer SGD Adadelta SGD SGD

Learning rate 0.8 0.8 0.8 0.8

Momentum 0 0 0 0

Table 2 Experimental results concerning the weak learners.

Dataset Measure D U N P10 B10 P15 B15 P20 B20

MNIST
Accuracy 0.9857± 0.0012 0.7616± 0.3317 0.8871± 0.2241 0.9876± 0.0010 0.9860± 0.0009 0.9878± 0.0050 0.9858± 0.0010 0.9865± 0.0009 0.9874± 0.0013

Time (s) 580.07± 9.78 314.88± 3.83 480.07± 25.82 27, 200.65 59, 832.30 40, 976.02 90, 645.66 68, 287.70 147, 894.31

K-MNIST
Accuracy 0.9439± 0.0019 0.8207± 0.2779 0.7151± 0.3777 0.9477± 0.0027 0.9462± 0.0027 0.9476± 0.0023 0.9449± 0.0019 0.9471± 0.0019 0.9463± 0.0020

Time (s) 2, 208.52± 93.29 549.68± 17.05 688.45± 242.21 30, 389.55 61, 005.29 41, 676.90 88, 865.30 67, 084.03 151, 377.22

CIFAR-10
Accuracy 0.6981± 0.0154 0.4445± 0.1204 0.5095± 0.0540 0.6693± 0.0079 0.6811± 0.0048 0.6845± 0.0048 0.6806± 0.0056 0.6833± 0.0068 0.6669± 0.0080

Time (s) 3, 038.03± 344.89 628.29± 31.24 1, 217.52± 336.81 18, 933.42 54, 646.16 28, 175.38 81, 311.15 148, 977.81 136, 357.16

CIFAR-100
Accuracy 0.3041± 0.0080 0.1398± 0.0733 0.1539± 0.0423 0.3027± 0.0074 0.2528± 0.0066 0.2799± 0.0050 0.2903± 0.0050 0.3399± 0.0051 0.2865± 0.0040

Time (s) 270.20± 18.34 2552.97± 326.14 538.41± 19.61 442, 189.74 791, 886.23 865, 456.10 976, 462.01 1, 072, 287.63 1, 291, 929.37

One crucial point regarding optimized-based learn-

ers is the amount of time they take to be trained, where

approaches with a more significant number of agents,
such as P20 and B20, have a significantly higher training

time. Additionally, PSO- and BH-based optimization

achieved equivalent results amongst all configurations

according to Wilcoxon’s signed-rank test, enabling the

use of shallower search spaces and reducing their train-

ing time.

6.2 Analyzing Weight-based Ensembles

Table 3 describes the experimental results using top-10

weak learners-based ensembles over the datasets. Note

that we did not provide the time of ensembles’ creation

as their time is not significant compared to the weak

learners’ training time. Additionally, as stated in Sec-

tion 5.3.2, we provide three distinct types of ensembles,

such as optimized, majority, and 1/K.

One can perceive that SIO-based ensembles dras-

tically improved SIO-based weak learners, prompting

to be an alternative approach when dealing with this

type of network. Additionally, as their training time is

relatively short compared to other architectures, they

can provide a feasible solution within a small com-

putational burden. On the other hand, when evaluat-

ing optimized-based ensembles, it is possible to observe

that their accuracy is slightly better than optimized-

based weak learners and achieved the best results ac-
cording to Wilcoxon’s signed-rank test. However, their
discrepancy, i.e., accuracy difference between ensemble

and weak learners, is not as significant as the SIO-
based ones, thus, not providing a performance boost
compared to its amount of burden.

It is possible to observe that a suitable initialization

of hyperparameters highly affects the ensembles. When

comparing Tables 2 and 3; one can behold that when-
ever R’s accuracy is closer to D, the SIO-based ensem-

ble (ER) achieves a comparable result to D and even

outperforms it (K-MNIST). Nevertheless, as shown in
the CIFAR-10 dataset, poor hyperparameters’ initial-
ization led to an inferior ensemble’s performance, not
achieving comparable results to any other architecture.

Finally, even though optimized-based weak learners

take more time to be pre-trained, their ensemble could
achieve the best results regarding all datasets, espe-
cially in CIFAR-10. One can also notice that distinct en-

semble strategies or the usage of distinct meta-heuristic

optimization techniques and the number of agents pro-

vide any significant performance increase, leading us to

conclude that optimization is suitable when time is not

an important variable.
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Table 3 Weight-based ensembles experimental results concerning the proposed datasets and their accuracy.

Dataset Type k EU EN EP10
EB10

EP15
EB15

EP20
EB20

MNIST

Optimized

5 0.9836± 0.0004 0.9787± 0.0006 0.9903± 0.0003 0.9890± 0.0003 0.9903± 0.0003 0.9900± 0.0005 0.9892± 0.0002 0.9900± 0.0003

10 0.9837± 0.0005 0.9832± 0.0005 0.9910± 0.0005 0.9893± 0.0005 0.9905± 0.0003 0.9904± 0.0004 0.9888± 0.0002 0.9905± 0.0003

15 0.9834± 0.0008 0.9829± 0.0004 0.9910± 0.0002 0.9893± 0.0002 0.9910± 0.0002 0.9903± 0.0001 0.9887± 0.0003 0.9904± 0.0002

Majority

5 0.9825± 0.0000 0.9720± 0.0000 0.9898± 0.0000 0.9879± 0.0000 0.9908± 0.0000 0.9898± 0.0000 0.9883± 0.0000 0.9905± 0.0000

10 0.9805± 0.0000 0.9816± 0.0000 0.9912± 0.0000 0.9889± 0.0000 0.9901± 0.0000 0.9901± 0.0000 0.9889± 0.0000 0.9905± 0.0000

15 0.9782± 0.0000 0.9803± 0.0000 0.9913± 0.0000 0.9893± 0.0000 0.9905± 0.0000 0.9896± 0.0000 0.9886± 0.0000 0.9904± 0.0000

1/K

5 0.9831± 0.0000 0.9775± 0.0000 0.9903± 0.0000 0.9890± 0.0000 0.9908± 0.0000 0.9903± 0.0000 0.9893± 0.0000 0.9900± 0.0000

10 0.9819± 0.0000 0.9834± 0.0000 0.9910± 0.0000 0.9895± 0.0000 0.9908± 0.0000 0.9904± 0.0000 0.9888± 0.0000 0.9901± 0.0000

15 0.9812± 0.0000 0.9819± 0.0000 0.9913± 0.0000 0.9892± 0.0000 0.9909± 0.0000 0.9904± 0.0000 0.9888± 0.0000 0.9906± 0.0000

K-MNIST

Optimized

5 0.9540± 0.0008 0.9537± 0.0007 0.9572± 0.0003 0.9592± 0.0010 0.9621± 0.0005 0.9549± 0.0010 0.9599± 0.0009 0.9578± 0.0007

10 0.9573± 0.0009 0.9570± 0.0007 0.9585± 0.0005 0.9606± 0.0005 0.9617± 0.0005 0.9583± 0.0007 0.9622± 0.0006 0.9607± 0.0006

15 0.9578± 0.0008 0.9584± 0.0007 0.9590± 0.0006 0.9607± 0.0004 0.9618± 0.0005 0.9589± 0.0007 0.9631± 0.0006 0.9605± 0.0006

Majority

5 0.9511± 0.0000 0.9505± 0.0000 0.9580± 0.0000 0.9588± 0.0000 0.9613± 0.0000 0.9537± 0.0000 0.9585± 0.0000 0.9571± 0.0000

10 0.9556± 0.0000 0.9532± 0.0000 0.9575± 0.0000 0.9609± 0.0000 0.9606± 0.0000 0.9570± 0.0000 0.9617± 0.0000 0.9600± 0.0000

15 0.9548± 0.0000 0.9564± 0.0000 0.9587± 0.0000 0.9591± 0.0000 0.9614± 0.0000 0.9575± 0.0000 0.9625± 0.0000 0.9612± 0.0000

1/K

5 0.9539± 0.0000 0.9546± 0.0000 0.9572± 0.0000 0.9605± 0.0000 0.9621± 0.0000 0.9558± 0.0000 0.9610± 0.0000 0.9582± 0.0000

10 0.9576± 0.0000 0.9568± 0.0000 0.9592± 0.0000 0.9611± 0.0000 0.9617± 0.0000 0.9578± 0.0000 0.9629± 0.0000 0.9608± 0.0000

15 0.9569± 0.0000 0.9580± 0.0000 0.9594± 0.0000 0.9607± 0.0000 0.9621± 0.0000 0.9591± 0.0000 0.9633± 0.0000 0.9611± 0.0000

CIFAR-10

Optimized

5 0.6462± 0.0014 0.6343± 0.0041 0.7294± 0.0018 0.7297± 0.0012 0.7375± 0.0014 0.7383± 0.0010 0.7370± 0.0015 0.7295± 0.0023

10 0.6427± 0.0034 0.6541± 0.0036 0.7364± 0.0010 0.7310± 0.0013 0.7427± 0.0017 0.7391± 0.0012 0.7427± 0.0012 0.7405± 0.0010

15 0.6374± 0.0046 0.6472± 0.0040 0.7375± 0.0012 0.7324± 0.0012 0.7467± 0.0017 0.7405± 0.0010 0.7477± 0.0014 0.7401± 0.0013

Majority

5 0.6245± 0.0000 0.5991± 0.0000 0.7251± 0.0000 0.7235± 0.0000 0.7272± 0.0000 0.7323± 0.0000 0.7331± 0.0000 0.7191± 0.0000

10 0.6048± 0.0000 0.6204± 0.0000 0.7345± 0.0000 0.7294± 0.0000 0.7393± 0.0000 0.7368± 0.0000 0.7386± 0.0000 0.7343± 0.0000

15 0.5920± 0.0000 0.6245± 0.0000 0.7379± 0.0000 0.7348± 0.0000 0.7438± 0.0000 0.7410± 0.0000 0.7426± 0.0000 0.7367± 0.0000

1/K

5 0.6452± 0.0000 0.6218± 0.0000 0.7323± 0.0000 0.7315± 0.0000 0.7380± 0.0000 0.7397± 0.0000 0.7390± 0.0000 0.7320± 0.0000

10 0.6262± 0.0000 0.6417± 0.0000 0.7374± 0.0000 0.7318± 0.0000 0.7440± 0.0000 0.7412± 0.0000 0.7435± 0.0000 0.7406± 0.0000

15 0.6174± 0.0000 0.6343± 0.0000 0.7384± 0.0000 0.7335± 0.0000 0.7474± 0.0000 0.7411± 0.0000 0.7481± 0.0000 0.7415± 0.0000

CIFAR-100

Optimized

5 0.1829± 0.0028 0.2801± 0.0031 0.3673± 0.0009 0.3255± 0.0020 0.3357± 0.0020 0.3508± 0.0014 0.4017± 0.0013 0.3412± 0.0022

10 0.2915± 0.0048 0.2782± 0.0034 0.3729± 0.0012 0.3320± 0.0020 0.3432± 0.0010 0.3602± 0.0012 0.4133± 0.0014 0.3501± 0.0016

15 0.3063± 0.0050 0.2772± 0.0038 0.3784± 0.0011 0.3380± 0.0022 0.3464± 0.0012 0.3622± 0.0008 0.4158± 0.0013 0.3529± 0.0018

Majority

5 0.1297± 0.0000 0.2355± 0.0000 0.3539± 0.0000 0.3062± 0.0000 0.3232± 0.0000 0.3319± 0.0000 0.3872± 0.0000 0.3283± 0.0000

10 0.2219± 0.0000 0.2334± 0.0000 0.3622± 0.0000 0.3189± 0.0000 0.3335± 0.0000 0.3513± 0.0000 0.4059± 0.0000 0.3419± 0.0000

15 0.2521± 0.0000 0.2314± 0.0000 0.3682± 0.0000 0.3228± 0.0000 0.3366± 0.0000 0.3545± 0.0000 0.4095± 0.0000 0.3456± 0.0000

1/K

5 0.1826± 0.0000 0.2759± 0.0000 0.3677± 0.0000 0.3266± 0.0000 0.3381± 0.0000 0.3518± 0.0000 0.4044± 0.0000 0.3416± 0.0000

10 0.2688± 0.0000 0.2680± 0.0000 0.3702± 0.0000 0.3322± 0.0000 0.3423± 0.0000 0.3600± 0.0000 0.4148± 0.0000 0.3529± 0.0000

15 0.2877± 0.0000 0.2647± 0.0000 0.3767± 0.0000 0.3372± 0.0000 0.3474± 0.0000 0.3621± 0.0000 0.4164± 0.0000 0.3531± 0.0000

6.3 How Do Top-K Networks Affect Ensembles?

Figures 4, 5 and 6 illustrate a comparison between the

usage of different K to build the ensembles regard-

ing MNIST, K-MNIST and CIFAR-10 datasets, respec-
tively.

Regarding the MNIST dataset, it is possible to ob-

serve a small accuracy difference between the usage of

distinct K, where K = 15 almost obtained the best

results considering all architectures. Nevertheless, one

thing to perceive is that the SIO-based ensembles (ER)

obtained slightly worse results than optimized-based

ones, and in two out of three occasions, the top-5 SIO-

based ensemble outperformed the top-10 and top-15

SIO-based ones.
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(a) (b) (c)

Fig. 4 Top-K ensembles comparison regarding MNIST dataset: (a) optimized ensembles, (b) majority-voted ensembles, and
(c) 1/K-weighted ensembles.

(a) (b) (c)

Fig. 5 Top-K ensembles comparison regarding K-MNIST dataset: (a) optimized ensembles, (b) majority-voted ensembles,
and (c) 1/K-weighted ensembles.

Concerning the K-MNIST dataset, it is vital to high-

light a small difference between the usage of distinct en-

semble creation methodologies. Nonetheless, top-5 SIO-

and optimized-based ensembles could not achieve the

best results, leaving it to top-10 and mostly top-15 en-

sembles. Additionally, one can perceive that majority

voting and 1/K-weights do not produce any standard
deviation, as their runnings produce the same ensem-

bles.

Finally, when analyzing the CIFAR-10 dataset, one

can perceive in Figure 6 that due to the poor per-

formance of SIO-based weak learners, their SIO-based

ensemble achieved a highly inferior accuracy than

optimized-based ensembles. Moreover, it seems that in

this particular dataset, which uses a more profound ar-

chitecture and a higher number of hyperparameters, the

difference between top-5, top-10, and top-15 ensembles

was more substantial than the other datasets.

7 Conclusion

This paper addressed creating ensembles through meta-

heuristic optimization algorithms, such as Particle

Swarm Optimization and Black Hole. Essentially, the

overall idea is to pre-train a set of weak learners by us-

ing random uniform hyperparameters (random-based

weak learners) and by finding the most suitable hyper-

parameters through meta-heuristics (optimized-based

weak learners). Furthermore, with the pre-trained net-

works, we opted to construct ensembles composed of

the top-K networks, i.e., the networks that achieved
the best accuracy over the validation sets and evalu-

ated their performance over the testing sets.

The experimental setup was conducted over three
image classification literature datasets, such as MNIST,

K-MNIST, and CIFAR-10. Additionally, we provided a

robust comparison between distinct ensemble creation

methodologies, e.g., majority voting, 1/K-weights, and

optimized-weights, as well as, we assessed the influence

of using the top-K networks to compose the ensembles,

with K = 5, K = 10, and K = 15.

Experimental results reported that it is possible to
create comparable random-based ensembles and even

outperform default architectures (K-MNIST) when
their weak learners’ hyperparameter initialization is
sufficiently proper. Additionally, they provide a feasi-

ble alternative when time is a constraint to be taken
into account. Nonetheless, when comparing their re-
sults with optimized-based ensembles, it is clear that
the meta-heuristic optimization plays an essential role

in finding the most suitable hyperparameters and creat-
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(a) (b) (c)

Fig. 6 Top-K ensembles comparison regarding CIFAR-10 dataset: (a) optimized ensembles, (b) majority-voted ensembles,
and (c) 1/K-weighted ensembles.

(a) (b) (c)

Fig. 7 Top-K ensembles comparison regarding CIFAR-100 dataset: (a) optimized ensembles, (b) majority-voted ensembles,
and (c) 1/K-weighted ensembles.

ing adequate weak learners, thus composing ensembles

that achieved the best results amongst all comparisons.

Regarding future works, we aim to extend the pro-

posed approach to distinct neural networks, such as

Recurrent Neural Networks and Restricted Boltzmann

Machines and apply it to different tasks, such as text

classification, image reconstruction, and image denois-
ing. Furthermore, we aim at exploring whether one-shot
optimizations, i.e., extremely fast optimizations, might

bring an improvement over the random initialization of

hyperparameters or not. Such an approach may take

advantage of both random- and optimized-based learn-

ing, where we expect that it will deliver feasible results

within a small amount of time.
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