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ABSTRACT In the era of big data, profitable opportunities are becoming available for many applications. As
the amount of data keeps increasing, machine learning becomes an attractive tool to analyze the information
acquired. However, harnessing meaningful data remains a challenge. The machine learning tools employed
in many applications apply all training data without taking into consideration how relevant are some of them.
In this paper, we propose a data selection strategy for the training step of Neural Networks to obtain the most
significant data information and improve algorithm performance during training. The approach proposes a
data-selection strategy applied to classification and regression problems leading to computational savings and
classification error reduction. Based on open datasets, including a deep neural network case, the examples
corroborate the effectiveness of the proposed approach.

INDEX TERMS Neural network, data selection, gradient descent, deep learning.

I. INTRODUCTION
Over the last few years, machine learning methods have wit-
nessed growing popularity. The quantity of information gen-
erated in the world is soaring, raising the basic question if all
data stored is useful. The current trend of creating data at an
increasing rate is overwhelming the capacity to store, analyze,
and make proper use of learning algorithms. In part, this phe-
nomenon originates from the proliferation of sensors, human-
computer interactions, internet of things, medical data, and
machine-to-machine and mobile communications, to name a
few data generators.

In particular, Deep Neural Networks (DNN)s have achieved
impressive performance in many fields, such as computer vi-
sion [1], natural language processing [2], and image process-
ing [3]. Training the Neural Network (NN) algorithms [4]–[6]
requires a large amount of data, leading to high computa-
tional cost and unprecedented storage demands for learning
machines. Therefore, enormous success in performance is
obtained at the expense of high computational complexity
and storage demand, as the amount of data has been growing
exponentially. Although modern GPUs have accelerated com-
putation, deep learning is still a challenge for limited resource
devices, and real-time applications.

On the processing side, it is crucial to employ new strategies
to alleviate the training burden and increase the success of
a learning machine. One way to reduce network complexity
is to explore parameter redundancy in the neural network
by pruning a portion of the network units. The neurons to
be pruned can be randomly selected as in the well-known
dropout method [7] or more sophisticated criteria can be em-
ployed [8]–[10].

As DNNs retain a considerable amount of data, another
way to manage the excess of network resources is to study
data redundancy, i.e., search for data that do not bring relevant
information to the training process. Data selection is explored
in semi-supervised strategies to obtain a subset of unlabeled
data based on estimated confidence measures derived from the
few available labeled data [11]. This procedure is essential due
to the increasing amount of irrelevant information available
for processing.

Our strategy is to access the quality of the data being
acquired or available to avoid the hurdle brought about by
data considered less informative and outliers by all means.
The latter type of data is hard to detect, and their storage and
use in the training process affect the performance-complexity
tradeoff in applications such as predictions and pattern
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recognition on big data [4], [12], [13]. There are several
challenges to consider in the data selection: What is the
performance degradation if bad data is utilized for training a
highly complex learning machine? In this case, outlying the
data samples considered non-informative (or bad) is a crucial
asset to generating a successful machine learning solution.
Then, we should go one step further and ask ourselves: Are
all data relevant? In most cases, they are not!!! What is
the sub-set of data samples that are just less informative or
represent outliers? It is desirable the discrimination of less
informative, non-informative and outlier data [14].

In this work, we propose a data selection strategy that is
constructed from a statistical point of view. We extend the
data selection method designed for adaptive filtering and
kernel adaptive filtering [15]–[17] by identifying whether
the data are relevant to the learning process at each iteration
of the parameter update, obtaining a new data selection
approach in NN. The method considers the relevance of the
data utilized in the learning process at each iteration related
to the parameter update.

Our method might be related to teaching methods in which
a teacher builds a batch set of data samples to a learning
algorithm that tries to learn the target concept from the se-
lected dataset. Unlike the teaching approaches in shallow clas-
sifiers [18], [19], we propose a data selection method in deep
structures under different teaching criteria.

In [20], training is improved by emphasizing the uncertain
samples in classification problems. In contrast, our proposed
method for classification problems selects only the informa-
tive samples and discards the remaining ones to reduce the
computational complexity. Like our method for classification
problems, in [21]–[24] the batch-selection or hard example,
mining is based on the current loss. In our case, the loss is the
classification error.

The structure of the paper is as follows. In Section II, we
describe the theoretical concepts and details of the learning
algorithm to train a feedforward neural network [4], [5], [13].
In Section III, the data selection method is described for NN,
aiming to reduce the computational cost and improve the stan-
dard NN’s performance measures. Moreover, the complexity
of the data selection method is provided for both regression
and classification problems. Finally, in Section IV, many sim-
ulations are performed on classification and regression prob-
lems for datasets originating from distinct sources.

II. SYSTEM MODEL
We consider the feedforward neural network [25] composed
by layers l = 0, 1, 2, . . . , L, where l = 0 is the input layer,
and l = L is the output layer, as illustrated in Fig. 1. The full
dataset consists of input-output pairs

D = {(x(1), y(1)), (x(2), y(2)), . . . , (x(M ), y(M ))}, (1)

where x(m) ∈ RN×1 for m = 1, · · · M.
In regression problems, the output is a single value ŷ ∈ R

to be compared with the true value y ∈ R. In classification
problems with B classes, the desired signal y(m) ∈ RB×1

FIGURE 1. Graphical representation of a neural network with four layers
(L = 3).

is one-hot-encoded, meaning that if c is the correct class,
yc(m) = 1 and yi(m) = 0 for i �= c. In this case, using the
softmax activation function at the output layer is useful since
the output signal ŷ will return a probability distribution on the
classes, that is, ŷi(m) = P(c = i) and the class with greater
probability is chosen.

At each iteration i = 1, 2, · · · I of the mini-batch training,
b examples are randomly selected from D to form X(t,i) =
[x(1), x(2), . . . , x(b)] and Y(t,i) = [y(1), y(2), . . . , y(b)] un-
til complete an epoch t . In the forward pass, the input signals
in X(t,i) flow forward through the network and produce the
estimates in Ŷ(t,i) to be compared with the truth labels Y(t,i).
In the backward pass, the objective function is minimized with
respect to the weights W = [W(1) · · · W(L)], where the weight
matrix W(l ) connects layers l − 1 and l . By using the gradient
descent algorithm, the weights are iteratively updated

W(l )(k + 1) = W(l )(k) − μ

b

∂J(W )

∂W(l )

∣∣∣
W(k)

, (2)

where μ is the step size and b is the mini-batch size.
Remarks related to the algorithm [4], [5]:
� When selecting the number of hidden layers and neurons

in a training network, the criterion used is to add layers
and neurons until the validation error shows no improve-
ment.

� The step size μ is a crucial parameter in the NN. Defin-
ing a value for the step size requires some care, since
setting it too high or too low can cause the cost function
never to converge to a (local) minimum. A widely used
solution for this type of problem is to decrease the rate
gradually after each iteration.

� Gradient descent is the algorithm chosen in this paper,
but lately, more flexible optimizers were developed, such
as Adagrad, Adam, RMSProp, among others [26]–[30].
Some of these methods use adaptive step sizes that usu-
ally result in better and smoother convergence.
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FIGURE 2. Data selection neural network diagram.

� The weights W are randomly initialized by default. If the
weights are too large or too small numbers, the activation
function will be saturated, resulting in low gradients
and then a slower convergence. One can deal with this
drawback by initializing the weights with uniform or
normal distribution (chosen in this paper).

III. DATA SELECTION IN NN
In this section, a data selection method in NN is proposed for
regression and classification problems [31]–[33]. The consid-
ered decision criterion to update the coefficients is directly
related to the objective function. In the framework of the neu-
ral network, each output neuron produces an estimate which
is compared to the target signal and hence generates an error
measure defined according to the objective function. As a rule,
the closer to zero the error e(k) is, the less informative or
relevant will be the contribution of the pair (x(k), y(k)) to
the parameter update at iteration k. Considering all the output
neurons, the error vector for the data pair (x, y) is

e(ŷ, y) = [e(ŷ1, y1), e(ŷ2, y2), . . . , e(ŷd (L) , yd (L) )], (3)

where y = [y1, y2, . . . , yd (L) ] is the target signal and ŷ =
[ŷ1, ŷ2, . . . , ŷd (L) ] is the signal estimated by the neural net-
work. The total sum of this error is then expressed as

E (ŷ, y) =
d (L)∑
n=1

e(ŷn, yn). (4)

Fig. 2 illustrates the data selection strategy applied in re-
gression and classification NN problems. At each iteration per
epoch, a mini-batch set composed of b data samples illustrated
in yellow is used in the forward propagation of the data in-
formation. We apply the data selection using equation (4) to
eliminate the non-informative data represented by the white
color. We then proceed with the remainder data in blue in the
backpropagation to update the weight vector.

In the following, we formulate the data selection method
for regression and classification problems. In both, the joint
choice of the output activation function and the objective
function is essential. In addition to simplifying the compu-
tations in updating weights, we can also improve algorithm
performance. In regression problems, the output activation
function is commonly linear, and the objective function is the

mean squared error. In contrast, for multi-class classification
problems, the softmax function is mainly chosen as an output
activation function, and cross-entropy is used as an objective
function.

A. REGRESSION
The chosen objective function is the mean squared error
(MSE),

J (W) = 1

M

M∑
m=1

[
1

2
(ŷ(m) − y(m))2

]
, (5)

where ŷ(m) = h(L)
1 (m) = a(L)

1 (m), and the output activation
function is the linear function. Since the output has only one
dimension in regression problems, equation (4) can be rewrit-
ten as

E (ŷ, y) = e(ŷ, y) = y − ŷ, (6)

where y is the desired value, and ŷ is the estimated value.
At each epoch t , we assume that the error signal has Gaus-

sian distribution,

e ∼ N (0, (σ t
e )2) (7)

where (σ t
e )2 is the error variance. By normalizing this error

distribution, we obtain
e

σ t
e

∼ N (0, 1). (8)

The error variance is calculated using all the training sam-
ples included in the batch corresponding to the iteration. As in
the adaptive filter data selection case [15], [16], the decision
criterion to update the coefficients W at iteration i of epoch t
can be incorporated in the objective function (5)

J1
i (W) =

{
1
2 (e(ŷ, y))2, if

√
τ ≤ |e(ŷ,y)|

σ t
e

0, otherwise,
(9)

where
√

τ is the error threshold. Therefore, the objective
function is only relevant if the normalized error is above this
threshold. Relevant here means that the data sample results
in an error signal that is greater enough to contribute to the
learning process.

The data selection method proposes to detect the non-
informative values at each iteration after the feedforward
propagation process, eliminating the irrelevant data before the
back propagation process, thus reducing the computational
cost in the NN algorithm. The prescribed portion of samples
considered in the back propagation process is defined as Pup,
and it can be computed as

Pup = P

{ |e|
σ t

e
>

√
τ

}
= 2Qe(

√
τ ), (10)

where Qe(·) is the complementary Gaussian cumulative dis-
tribution function [34], given by

Qe(x) = 1/(2π )
∫ ∞

x
exp(−t2/2)dt . (11)
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In this way, the threshold
√

τ associated to a prescribed Pup

can be obtained from equation (10) as

√
τ = Q−1

e

(
Pup

2

)
, (12)

where Q−1
e (·) is the inverse of the Qe(·) function.

During the mini-batch of b samples, we obtain the selected
set

R →
{

k /∈ R, if |e(ŷ(k),ȳ(k))|
(σ t

e (i)) ≤ √
τ

k ∈ R, otherwise
, (13)

for k = 1, . . . , b and it is composed by the indexes of the
selected data R = [k1, k2 · · · , kp].

Since we are selecting an estimated portion P̂up from the
training dataset with mini-batch of b samples, the weight
update equation (2) is modified to

W(l )(k + 1) = W(l )(k) − μ

bP̂up
h(l−1)
R δ

(l )T

R , (14)

where R is the selected set to update the weights at iteration i
and P̂up = |R|

b .
At iteration i of epoch t , the estimated error variance is

calculated by

(σ t
e (i))2 = (1 − λe)σ 2

e + (λe)(σ t
e (i − 1))2, (15)

where σ 2
e is the error variance related to the data in the i-th it-

eration, and λe is a forgetting factor. At the start of the epoch t ,
the estimated error variance depends on the last error variance
(σ t−1

e (b))2 from the previous epoch, thus the equation for this
dependence is established by

(σ t
e (0))2 = Pup(σ t−1

e (b))2. (16)

The main goal of the data selection in NN is to reduce
the computational cost, with the possibility of improving al-
gorithm performance. The data selection NN algorithm for a
regression problem is outlined in Table 1. For each iteration i
in the algorithm, it is considered only a subset of data of size
b known as mini-batch to adapt the NN. As shown in Table 1,
at each epoch, one can compute the objective function for the
training dataset Jtrain and also for the validation dataset Jval, if
this set is previously defined.

B. CLASSIFICATION
In the classification problem, we consider the cross-entropy
(binary) as the objective function

J (W) = 1

M

M∑
m=1

d (L)∑
n=1

[−yn(m) ln(ŷn(m))

− (1 − yn(m)) ln(1 − ŷn(m))
]
, (17)

where we adopt as outputs the 0, 1 values. According to some
recent research, equation (17) obtains the best results when
combined with the softmax activation function in the output

TABLE 1. Data Selection FeedForward Multilayer Neural Network
Algorithm in a Regression Problem

layer,

ŷn(m) = h(L)
n (m) = exp(a(L)

n (m))∑dL

j=1 exp(a(L)
n (m))

, (18)

for n = 1, . . . , d (L). The error e in equation (3) is defined for
the mean squared error and cross entropy, respectively, as

e(ŷn, yn) = (ŷn − yn)2, (19)

e(ŷn, yn) = −yn ln(ŷn) − (1 − yn) ln(1 − ŷn), (20)

where ŷn is the estimated output for the n-th class and yn is the
n-th desired value for the output y.
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In classification problems, the last layer has multiple out-
puts corresponding to multiple classes, so that it is difficult
to infer a distribution for the error signal, as in the regression
problem. Hence, the error distribution is not normalized by its
variance, and we directly use equation (4).

Also, due to the difficulty in obtaining this probabilistic
function, we propose another procedure with a similar idea to
get the threshold. In classification problems, the data selection
aims to detect the error values in equation (4) smaller than a
given threshold, such that the related errors are disregarded in
the process of updating the coefficients. This proposal requires
selecting a threshold for each mini-batch per iteration, chosen
from a binomial distribution with n = b and p = Pup,

tbin ∼ Bin(n, p). (21)

The data associated with measures smaller than the tbin-th
largest components of E in equation (4) are eliminated before
the backpropagation process. Defining C as the set of indexes
k of the components of E greater or equal to the tbin-th largest
value of E , we obtain

C = [k1, k2, . . . , ktbin ]. (22)

These tbin data samples are the subset considered in back-
propagation. We also define the set of size b − tbin containing
the indexes of data examples that lead to the smallest error
signals in E ,

B = [k1, k2, . . . , kb−tbin ]. (23)

The data examples whose indexes are in set B are eliminated
before the backpropagation process.

We also consider a fine adjustment factor 0 < α ≤ 1 to
randomly select α × 100% of the examples in set B to be
definitely eliminated. The remaining (1 − α) × 100% of the
examples in set B are temporarily included in set C. Then,
we randomly select tbin samples to keep in set C. This fine
adjustment factor α can be useful when the dataset is too
complex, so that eliminating the smallest errors can impair
the final results.

As in the regression problem, this data selection method
aims at identifying the non-informative values after the feed-
forward propagation process at each iteration, eliminating
some of the data before the backpropagation process. As we
are selecting an estimated portion P̂up of data in each iteration,
the update equation is rewritten as

W(l )(k + 1) = W(l )(k) − μ

bP̂up
h(l−1)
C δ

(l )T

C , (24)

where P̂up = |C|
b .

The complete procedure for Data Selection FeedForward
Multilayer Neural Network is described in Table 2. For each
iteration i in the algorithm, it is considered only a subset of
data of size b known as mini-batch to adapt the NN. As in
the regression problem, at each epoch, one can compute the
objective function for the training dataset Jtrain, and also for
the validation dataset Jval, if this set is previously defined.

TABLE 2. Data Selection FeedForward Multilayer Neural Network
Algorithm in Classification Problem

C. COMPUTATIONAL COMPLEXITY
In this subsection, we quantify the complexity of the data
selection method by counting the required number of flops
in the forward and backward steps of a NN with four layers
(two hidden layers). Consider i as the number of nodes of the
input layer, j the number of nodes in the second layer, k the
number of nodes in the third layer, and l the number of nodes
in the output layer. The parameters are denoted as nep (epoch),
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b (mini-batch size), I (number of iterations), Pup (probability
of update).

A flop is a floating-point operation [35]. Real addition and
subtraction are always counted as a flop. The real multiplica-
tion, division, and exponential are usually counted as a flop. In
this text, we consider all real operations as one flop, including
division and exponential.

At each iteration for a particular epoch, we have b training
samples. In the forward process, the following operations are
performed from the current layer to the next layer

A(l ) = (W(l ) )T H(l−1),

H(l ) = [ones(1, b); f (A(l ) )]. (25)

From the first layer to the second layer, the first operation
is the product between two matrices W(1) ∈ Ri× j and H(0) ∈
Ri×b, which consist of jb inner products between vectors of
size i. This inner product involves i − 1 additions and i mul-
tiplications. Then, the resulting number of flops is (2i − 1) jb.
The activation function (ReLU) applied in the second equation
has 0 flops. Then, we have (2i − 1) jb flops.

By using the same strategy, the total number of flops in
the propagation from the second layer to the third layer is
(2 j − 1)kb flops, and from the third layer to the last layer,
the matrix multiplication results in (2k − 1)lb flops. In the
last part, we obtain the estimated signal in NN. In regression
problems, the output activation function is linear, resulting in
0 flops. In classification problems, the softmax function has
l − 1 additions, 1 division, and l + 1 exponential for b training
examples, resulting in a total of (2l + 1)b flops.

Therefore, the total number of flops for feedforward prop-
agation depends on the problem. For regression problems, it
is (2i j + 2 jk + 2kl − j − k − l )b flops, and for classification
problems, it is (2i j + 2 jk + 2kl + l + 1)b flops.

In the backpropagation, the data selection is considered
when counting the flops. From the last layer to the third
layer, we compute the sensitivity vector in the fourth layer.
To obtain �(3) = Ŷ(t,i) − H(L), it is required l (Pupb) flops.
In the remainder layers, we compute the sensitivity weights
from the vectors previously obtained. For example, from the
third layer to the second layer, we have �(2) = f ′(A(2)) ⊗
[W(3)�(3)]d (2)

1 . The number of flops in the derivative of the ac-
tivation function is zero. The multiplication matrix W(3)�(3)

results in k(Pupb) inner products that involve l − 1 additions
and l multiplications. The element-wise operation has k(Pupb)
flops. Then, the resulting number of flops is 2lk(Pupb) in this
propagation.

Finally, from the second to the first layer, we have the same
procedure and the number of flops required is 2k j(Pupb).

The last step is the weight updating, for example, from the
fourth to the third layer, we have the update W(3) = W(3) −
μ
b H(2)(�(3))T . The multiplication matrix results in a total of
(2(Pupb) − 1)kl flops, and the sum of the matrices requires to
kl flops. By summing the multiplications and additions, we
end-up with 2(Pupb)kl flops. The same process is performed
in the third to the second layer, 2(Pupb) jk, and the second to

TABLE 3. Total Number of Flops for a NN With Four Layers. The Number of
Nodes of the Input Layer is i, j is the Number of Nodes in the Second
Layer, k is the Number of Nodes in the Third Layer and l is the Number of
Nodes in the Output Layer. The Number of Epochs is nep (epoch), the
Number of Samples in the Mini-Batch is b, I is the Number of Iterations,
and Pup is the Probability of Update

the first layer, 2(Pupb)i j. Then, the total number of flops in
backpropagation is

(Pupb)(2i j + 2 jk + 2kl + 2k j + 2kl + l ). (26)

In the backpropagation, the number of flops is a function
of the probability of update, reducing the computational cost.
The total number of flops is organized in Table 3.

IV. SIMULATIONS
In this section, the data selection method’s performance in the
neural network is verified under different datasets. The pro-
posed method is evaluated, considering regression and classi-
fication problems. All algorithms were implemented in MAT-
LAB, and they are available online on the GitHub [36]. The
simulations were performed on a computer with Intel Core
i7-7500 U CPU 2.70 GHz x4 processor, and with 15.5 GB of
memory.

As previously mentioned, the algorithm was tested in two
combinations of the objective function and the output func-
tion: 1) cross-entropy error and softmax function for classi-
fication problems; 2) mean square error and linear function
for regression problems. The activation function chosen for
both problems was the ReLU function. The number of layers
and units per layer in the hidden layers varies according to the
problem. The parameters in this section were established from
the main neural network references followed by this text [4],
[5], [13].

The datasets are first preprocessed using the following tech-
niques. The one-hot encoding1 is used for categorical vari-
ables. When selecting the features, a basic criterion adopted is
to eliminate a portion of the attributes which are not correlated
enough to the output. The last step in data preprocessing
consists of normalizing the attributes within the range [0,1],
which is also known as the min-max normalization.

The reduction in the computational cost is the main benefit
of the decrease in update probability. The prescribed proba-
bility of update Pup ∈ {0.1, 0.3, 0.5, 0.7} is compared with the
case where the data is always updated Pup = 1.

1One-hot encoding is a process by which categorical variables are con-
verted into a format so that machine learning algorithms can do a better job of
predicting. For example, suppose the values in a categorical variable are from
0 to N − 1 categories. We replace this column with other N columns and
apply the following rule: 1 indicates the occurrence of the related category
and 0 otherwise [13].
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TABLE 4. Simulation Parameters for the Regression Problems in
Shallow NN

In the following simulations, the data selection method is
applied to the neural network to verify its performance in
the testing set, in addition to savings on computational cost.
We solve both regression and classification problems using
shallow neural networks in subSection IV-A and IV-B. In
subSection IV-C, we consider deep neural networks to tackle
regression and classification problems. We also quantify the
proposed algorithms’ computational complexity by counting
the number of flops required to perform the NN, as shown in
subSection III-C, and by the elapsed real-time.

A. REGRESSION PROBLEMS
The parameters for the regression simulations are shown in
Table 7. In the following, we give a brief description of each
considered dataset.

1) PROBLEM 1: SUPERCONDUCTIVITY DATASET
The superconducting material dataset is provided by the UC
Irvine (UCI) Machine Learning Repository [37], [38]. By us-
ing a neural network, a model for the superconducting critical
temperature is formulated from features extracted based on
thermal conductivity, atomic radius, valence, electron affinity,
and atomic mass. A total of 89 preprocessed features are used
as input for the neural network. The training and testing sets
contain 18,000 and 3,000 samples, respectively.

2) PROBLEM 2: ONLINE NEWS POPULARITY DATASET
The Online News Popularity dataset is composed of 39,644
articles published by Mashable website [39] in two years, and
the UCI Machine provides it Repository [40]. We estimate
a model to predict the popularity of online news by using a
neural network. A total of 50 preprocessed features are used as
input for the NN. The training and testing sets contain 35,000
and 4,644 samples, respectively.

3) PROBLEM 3: FACEBOOK COMMENT VOLUME DATASET
The UCI Machine Learning Repository provides the Face-
book comment volume dataset [41]. We present a neural net-
work model to predict how many comments the Facebook post
will receive. This dataset contains a total of 50 preprocessed
features extracted from Facebook posts, as page likes, page
category, and publication day. The training and test sets con-
tain 40,988 and 10,120 samples, respectively.

FIGURE 3. Test MSE curves comparing the case when the algorithm is
always updated Pup = 1 with the probability of update
Pup ∈ {0.1, 0.3, 0.5, 0.7}, for Problems 1-4.

4) PROBLEM 4: FIFA 19 COMPLETE PLAYER DATASET
The FIFA 19 Complete Player dataset is provided by the
Kaggle website [42], which contains all statistics and playing
attributes of all players in the version of FIFA 19. A total of
73 preprocessed features are used as input. The training and
test sets contain 12,000 and 2,743 samples, respectively.

The test mean squared error (MSE) curves are presented
as a function of the probability of update Pup in Fig. 3, for
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TABLE 5. Mean Squared Error Obtained in Test (Validation) Phase for Problems 1-4 and the Averaged Elapsed Real Time Taken to Complete One
Mini-Batch Iteration for Each Probability of Update Pup

Blue Represents the Best Result, Whereas Red Represents the Worst Result for Each Problem.

TABLE 6. Approximate Number of Flops in One Epoch Varying the Probability of Update Pup for Problems 1-4

TABLE 7. Simulation Parameters for the Classification Problems in
Shallow NN

Problems 1-4. We may notice an improvement in two-layer
NN performance as Pup is decreased. Moreover, our data se-
lection outperforms the random selection for all considered
probabilities of update.

The average MSE over the last ten epochs is presented in
Table 5 for regression problems. As shown in Table 5, we can
achieve optimal results with Pup = 0.1 in problems 3 and 4,
whereas problems 1 and 2 require Pup = 0.3.

As shown in Fig. 4, the estimated probability of update P̂up

is quite close to the prescribed probability of update Pup for
Problems 1-4.

The number of flops required by each regression problem
is shown in Table 6. Furthermore, to illustrate the complexity
reduction, the averaged elapsed real time required to perform
one mini-batch iteration is shown in Fig. 5 when the probabil-
ity of update is varied.

The probability distribution is illustrated in Fig. 6 for all
the considered regression problems after 100 epochs. We can
note that the error distribution is almost normal, reinforcing
our hypothesis in the equation (7).

B. CLASSIFICATION PROBLEMS
The parameters for the classification simulations are shown
in Table 7. The considered datasets are briefly described as
follows.

1) PROBLEM 5: MNIST HANDWRITTEN DIGIT RECOGNITION
DATASET
The Modified National Institute of Standards and Technology
(MNIST) [43] database is a large data set containing digits
handwritten by students and employees of the United States
Census Bureau. The training and testing sets contain 60,000
and 10,000 samples, respectively. This set’s input is a 28 × 28
matrix, where each value represents a pixel of the image. The
input signal is normalized in the range 0 to 1. The output labels
consist of integer values between 0 and 9.

2) PROBLEM 6: EMNIST LETTERS DATASET
The EMNIST letter dataset is provided by the National Insti-
tute of Standards and Technology (NIST) [44]. This dataset
can represent the 26 letters of the alphabet at the output. The
training and testing sets contain 120,000 and 25,000 samples,
respectively. The examples have been normalized between
0 and 1. The input is a 28 × 28 matrix, where each input
represents a pixel in the image.

3) PROBLEM 7: FASHION MNIST DATASET
The Fashion-MNIST dataset consists of a training set of
60,000 examples and a test set of 10,000 examples of images
of 10 types of clothing, such as shoes, t-shirts, dresses, and
more. It is proposed in [45] as a more challenging classifi-
cation problem than the MNIST. The input of this set is also
a matrix 28 × 28, where each value represents a pixel of the
image. The input signal is normalized in the range 0 to 1.

The main results for Problems 5 and 6 are shown in Fig. 7.
Figs. 7(a) and (b) depict the results when cross-entropy is
the objective function and softmax is the output activation
function. Again, the data selection method achieves a good
performance in the NN, showing that when we decrease the
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FIGURE 4. Comparison between the desired Pup and achieved P̂up for
Problems 1-4.

amount of update per epoch, it occurs an improvement in
two-layer NN performance (b = 256). As in the regression
problems, the proposed data selection outperforms the random
selection in classification problems.

In Fig. 8, we illustrate the case in which 2% of the training
samples have random labels. By comparing with Fig. 7, we

FIGURE 5. Averaged elapsed real time taken to complete one mini-batch
iteration as a function of the probability of update Pup.

FIGURE 6. Probability distribution for the samples in the 100-th epoch for
Problems 1-4.

can observe that the overall performance degrades. However,
using the data selection method with Pup ∈ {0.1, 0.3}, we can
obtain low classification error levels.

Fig. 9 depicts the comparison between the proposed data
selection and some related methods. We can observe that the
proposed data selection outperforms the online batch selection
(OBS) introduced in [22] and the active bias (AB) in [20]. As
shown in [46], the OBS method performs slightly worse than
the uniform sampling, represented here by Pup = 1. Instead
of selecting a portion of the samples in the minibatch as our
method, the OBS method selects the samples to compose
the minibatches. We can also note in Fig. 9 that our method
performs exactly like the online hard example mining method
(OHEM) [21] when Pup = 0.25. The selection employed in
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FIGURE 7. Test Classification error (%) comparing Pup = 1 with
Pup ∈ {0.1, 0.3, 0.5, 0.7}, when the output activation function is softmax
and objective function is cross-entropy error.

FIGURE 8. Test Classification error (%) comparing Pup = 1 with
Pup ∈ {0.1, 0.3, 0.5, 0.7}, when 2% of the training samples have random
labels.

OHEM is the same used in the proposed data selection without
the adjusting factor α. The OHEM is designed for a com-
pletely different application, as it selects a portion of the
examples in the minibatch to create the set of object proposal
regions of interest (RoIs).

Table 8 presents the averaged MSE over the last ten epochs
for the classification problem’s data selection method. In all
cases, the method achieves a better result for Pup = 0.1, show-
ing that the data selection approach is also suitable for classi-
fication problems. Finally, in Table 9, we conclude that the
data selection reduces the computational cost.

FIGURE 9. Test Classification error (%) comparing Pup = 1 with
Pup ∈ {0.1, 0.3, 0.5, 0.7}, and related methods.

TABLE 8. Classification Error Obtained in Test (Validation) Phase for
Problems 5 and 6. The Probability of Update Pup is Varied and Compared
With No Selection Case (Pup = 1)

Blue Represents the Best Result, Whereas Red Represents the Worst Result
for Each Problem.

TABLE 9. Approximate Number of Flops in One Epoch Varying the
Probability of Update Pup for Problems 5 and 6

TABLE 10. Approximate Number of Flops in One Epoch for MNIST Dataset
and Transcoding Time Dataset Problems.the Probability of Update Pup is
Varied Pup ∈ {0.1, 0.3, 0.5, 0.7, 1}

In problem 7, we consider the case where α = 0.9, that is,
90% of the elements in set B are kept for discarding. The
remaining 10% are temporarily included in set C. Then, tbin
samples are randomly selected to be in set C. Using an ade-
quate adjustment factor α < 1, we can protect the small errors,
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FIGURE 10. Fashion MNIST Dataset. Test MSE curves comparing the case
when the algorithm is always updated Pup = 1 with the probability of
update Pup ∈ {0.3}.

FIGURE 11. Deep Neural Network simulation: Transcoding time Dataset.
Test MSE curves comparing the case when the algorithm is always updated
Pup = 1 with the probability of update Pup ∈ {0.1, 0.3, 0.5, 0.7}.

which are still informative for more complex datasets as the
Fashion MNIST. As illustrated in Fig. 10, by using Pup = 0.3
with α = 0.9, we can improve the performance even further.
We can also observe that random selection impairs the perfor-
mance more severely when the dataset is complex, strength-
ening the use of the proposed data selection strategy.

C. DEEP NEURAL NETWORK SIMULATIONS
In this subsection, we propose deep neural network models for
regression and classification problems. In the regression sim-
ulation, we consider the transcoding time data set, whereas,
in the classification simulation, we revisit the MNIST dataset
(detailed in Problem 5).

The transcoding time dataset is provided by the UCI Ma-
chine Learning Repository [47], and the features include bit
rate, frame rate, resolution, codec, among others. The training
and testing sets contain 55,000 and 13,378 samples, respec-
tively. The number of hidden layers is 4, and the number of
nodes in each layer is 128. The parameters chosen in this sub-
section are μ = 0.01, b = 256 and E = 200. The forgetting
factor in the error variance is λe = 0.995.

The test MSE curves are illustrated in Fig. 11 for different
probabilities of update Pup. We may notice an improvement
in the deep neural network performance when 0.1 ≤ Pup <

1. Fig. 12(a) shows the probability distribution for all the

FIGURE 12. Deep Neural Network simulation: Transcoding time Dataset.

FIGURE 13. Deep Neural Network simulation: MNIST Handwritten Digit
Recognition Dataset. Test Classification error (%) comparing the case when
the algorithm is always updated Pup = 1 with the probability of update
Pup ∈ {0.1, 0.3, 0.5, 0.7}.

mini-batches in the 100-th epoch. Again, the distribution is
similar to the normal distribution, reinforcing our hypothesis
in equation (7). Fig. 12(b) presents the comparison between
the estimated probability P̂up and the prescribed probability of
update Pup. We can conclude that the estimated probability is
close to the prescribed probability of update.

The next deep learning example verifies the performance of
the data selection method in a classification problem. In this
case, we consider the MNIST dataset, which was previously
detailed in Problem 5. The framework parameters are defined
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FIGURE 14. Test Classification error (%) comparing Pup = 1 with
Pup ∈ {0.4, 0.5, 0.7} for Resnet18 model and CIFAR10 dataset.

as: the number of hidden layers equals 3, and the number of
nodes in each layer is 1024. And the other parameters are
chosen as μ = 0.1, b = 128 and E = 100. The results of this
deep learning example are illustrated in Fig. 13.

To corroborate the suitability of the proposed data-selection
method to be applied to alternative architectures, Fig. 14
shows the performance of a convolutional neural networks
(CNN) network in a classification problem. The curves show
the classification error versus the epochs for the CIFAR10
dataset employing the Resnet18 network model.

V. CONCLUDING REMARKS
The conventional training approaches for neural networks and
deep neural networks do not perform data selection, even if
data does not bring about a novelty to the learning process.
This issue is broad and challenging, but this article is an
attempt to provide the early steps. This work formulated a new
method for data selection, mainly implemented in shallow and
deep neural networks. We applied the proposed method in
several datasets for classification and regression problems. In
all simulations, the data selection achieves excellent perfor-
mance in terms of MSE and classification error even when
only 30% of the data is utilized, proving to be an excellent
tool to improve the training process. Therefore, data selection
in NN is a helpful tool, mainly with the advantage of requiring
a lower computational cost than standard methods. Besides, it
enables the prescription of how often to perform the parameter
updating. In the future investigation, one can employ the data
selection method to other CNNs models and other tasks such
as selecting training data for adversarial training.
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