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Abstract. Training Artificial Neural Networks (ANNs) is a non-trivial
task. In the last years, there has been a growing interest in the aca-
demic community in understanding how those structures work and what
strategies can be adopted to improve the efficiency of the trained models.
Thus, the novel approach proposed in this paper is the inclusion of the
entropy metric to analyse the training process. Herein, indeed, an inves-
tigation on the accuracy computation process in relation to the entropy
of the intra-layers’ weights of multilayer perceptron (MLP) networks is
proposed. From the analysis conducted on two well-known datasets with
several configurations of the ANNs, we discovered that there is a con-
nection between those two metrics (i.e., accuracy and entropy). These
promising results can be helpful in defining, in the future, new criteria
to evaluate the training process goodness in real-time by optimising it
and allow faster detection of its trend.

Keywords: Complex Artificial Neural Networks, Network Science, Graph
Theory, Entropy, Accuracy

1 Introduction

Deep Learning [1], the sub-branch of Machine Learning that uses deep models,
is now pervasive in many fields and has been successfully employed to approach
many complex tasks [2–4]. The motivations behind its popularity are well known:
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the large availability of data and computational power, and the capability of the
trained models to generalise to unseen data, often with super-human perfor-
mances. However, the training of Deep Learning models is far from trivial. In
fact, various attempts are often required to find a combination of the hyperpa-
rameters (e.g., the number of model layers, the number of neurons, the number
of training epochs, etc.) such that the model is able to learn from the data
and yet does not overfit (i.e., the model performs a good generalisation to new
data). Some works in the literature address this problem and aim to simplify
the training phase, for instance by using Genetic Algorithms to select the model
topology [5–7]. On the other hand, other works aim at accelerating the training
by using sparse Artificial Neural Network models: the first work in this direc-
tion is by Mocanu et al. [8], who proposes an evolutionary algorithm that takes
inspiration from biological neural networks, but others followed [9, 10].

In this preliminary work we aim at analysing the weights of fully connected
Artificial Neural Network models to better understand their training using Net-
work Science tools. In fact, whereas the application of Deep Learning algo-
rithms to Complex Networks has quite a long history (from the seminal works of
Scarselli et al. [11] to the rise of Geometric Deep Learning [12]), the vice-versa,
(i.e., the application of Network Science techniques to get insights from Deep
Learning models) is still largely unexplored.

Herein, in particular, we borrow from Network Science the entropy metric,
nowadays widely used to measure the complexity of complex networks such as in
the works of Gómez-Gardeñes et al. [13] and Bianconi et al. [14,15], even though
its main applications has been in information theory field [16,17].

Our intuition has been to combine the analysis of the accuracy on the val-
idation set during the training process with the intra-layer entropy weights to
detect whether there is a relation between those two metrics. In order to do so,
we tested two well-known datasets (i.e., Lung cancer and COIL20) and we set up
multilayer perceptron networks (MLP) in supervised training fashion in which
we varied the number of hidden layers and neurons per each hidden layers from
which we, then, discarded the underfitting and overfitting configurations. Herein,
for the sake of brevity, only the slow and fast learning have been reported.

The results obtained confirmed our intuition. Indeed, what we discovered is
that the entropy is growing during the transitory phase of the accuracy and starts
to drop sharply once the accuracy became stable. Thus, there is a connection
between those two metrics. This outcome paves the way in devising a new metrics
that, combined with the classical Machine Learning techniques, may be proposed
as a powerful tool to speed up training process of ANNs.

The paper is organised as follows. Sect. 2 describes all the tools required
to understand the research herein presented. In particular, it is structured in
theoretical background (Sect. 2.1), description of the datasets used (Sect. 2.2),
and methodology followed (Sect. 2.3). Next, in Sect. 3, the results obtained are
shown and commented jointly with the conclusions.
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2 Materials and Methods

In this section all the basic notions and definitions used in this work are showed
jointly with a concise description of the datasets used in our experiments along
with the methodology followed to pursue the experiments.

2.1 Background

In this paper, we deal with Artificial Neural Networks (ANNs) in their classical
configuration, which means that they are fully connected networks.

An ANN is a computational learning system that uses the structure and the
functions of a network with the goal of understanding and converting a certain
data input of one form into a desired output, usually in another form. This
concept has been originated from several studies on human biology and the way
neurons of the human brain work together. In particular, we focus our attention
on a multilayer perceptron (MLP) supervised model.

MLP is a feed-forward ANN composed by several hidden layers, forming a
Deep Network. The name of feed-forward derives from the structure of those
kind of models because information flows through the function being evaluated
from x, through the intermediate computations used to define a function f , and
finally to the output y. In addition, there are no feedback connections in which
outputs of the model are fed back into themselves. It is, however, possible to
have feedback connections in a feed-forward neural network; in such a case, those
networks called recurrent neural networks [18]. Feed-forward neural network are
used for classification and regression, as well as for pattern encoding [19]. For
the sake of brevity, herein, we consider only classification problems.

Supervised learning involves observing several samples of a given dataset,
which will be divided into training and test samples. While the former is used
to train the neural network, the latter works as a litmus test, as it is compared
with the ANN predictions [1,9,18]. Indeed, thanks to the training set, the super-
vised learning models are able to teach models to obtain the desired output to
the ANN. Thus, the training dataset is composed by inputs and correct outputs
that allow the model to learn over time (i.e., epochs). During the training pro-
cess, hence, the algorithm can validate its accuracy through the loss function,
adjusting until the error has been sufficiently minimised. Other types of learning
strategies are unsupervised learning and semi-supervised learning.

Generally speaking, one of the most popular evaluation metrics to verify the
goodness of the training process is performed by computing the accuracy, which
measure how the predicted values are close to the expected value. It is computed
as follows:

Accuracy =
predcorrect

predtot

(1)

where predcorrect is the number of correct predictions and predtot is the total
number of predictions.

Due to the strict connection between the notion of ANN and networks, those
systems can be seen as weighted graphs. A weighted graph, denoted as G, is a
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triplet G = 〈V,E,W 〉 in which V is the set of vertices (or nodes), E = {〈i, j〉 :
i ∈ V ∧ j ∈ V } is the set of edges (or links) and W : E → R+ is a function that
maps an edge 〈i, j〉 onto a non-negative real number wij . In addition, a signed
graph is a weighted graph where if wij ∈ R (i.e., weights can also be negative).
Lastly, if a graph’s weights are equal only to zero or one; i.e., wij = 1, wij = 0,
then it is called unweighted graph.

With those notions in mind, we employ the Shannon’s entropy S to get an
insight about the distributions. It is defined as follows:

S = −
∑
i∈W

pi log pi (2)

where

pi =
wi∑

j∈W wj

and i represents the index of the i-th weight, whereas j is the index of all the
elements in the set. Note that i, j ∈ El, then both are in the edges set of the
specific layer l.

This formulation of entropy is a bit counter-intuitive: one would expect that
the higher the entropy, the more uniform the distribution. The reason is that if
weights are evenly distributed the pi will all have different values, while if all
weights are equal all the pi are also equal. For instance, if there are only two
weights w1 = 1 and w2 = 2, then p1 = 1/3, p2 = 2/3. On the other hand, if
w1 = w2 = 1, then p1 = p2 = 1/2. After translating the weights into the pis,
this formulation should get more intuitive.

In addition, the maximum value (the upper bound) of entropy is equal to
logN , where N represents the number of elements in the set. In fact:

pi =
1

N
∀i

and, thus,

S = −
∑

pi log pi = −N ·
(

1

N

)
· log

(
1

N

)
= logN

An introductory discussion on the concept of information entropy is contained
in [20], where entropy (and mutual information) are used to detect the key nodes
of a complex network. More details on the use of entropy in complex networks
can be found on the work of Alves et al. [21], in which the authors analysed
the evolution over time of this metric in the context of the global value chain of
the worldwide production networks. For a thorough description of the various
definitions of the entropy metrics in complex network we refer the interested
reader to [22].
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2.2 Dataset

To conduct the experiments, two publicly available online1 well-known datasets
have been used.

The first one is the Lung Cancer2 [23] that is a biological dataset composed
by features on lung cancer to train the ANN to detect this specific kind of cancer,
which contains 3312 gene data obtained from 17 people with normal lungs and
186 lung cancer patients that is classified into 5 classes: (i) Adenocarcinomas (139
patients), (ii) Squamous Cell Lung Carcinomas (21 patients), (iii) Pulmonary
Carcinoids (20 patients), (iv) Small Cell Lung Carcinomas (6 patients), and
(v) Normal Lung (17 people).

The second one is COIL203 [24, 25] that is an image dataset used to train
ANNs to detect 20 different objects. The images of each object were taken five
degrees apart as the object is rotated on a turntable and each object has 72
images. The size of each image is 32× 32 pixels, with 256 grey levels per pixel.
Thus, each one is represented by a 1024-dimensional vector [9].

The number of instances, input features and output classes of both datasets
are summarised in Table 1.

Name Instances (#) Input Features (#) Output Classes (#) Source

Lung Cancer 203 3,312 5 [23]
COIL20 1440 1024 20 [24,25]

Table 1: Dataset structures description. From left: dataset name; number of
instances, of input features and of output classes.

2.3 Methodology

In this paper we want to address to what extent there are similarities between
the behaviours of accuracy (on the validation set) and entropy in the artificial
networks under scrutiny. In this respect, we tested different models with a vari-
able number of hidden layers (from 2 to 3) and neurons for each layer (i.e., 2, 5,
10, 50, 100, 250, 500) from which we detected the best models for the datasets
under scrutiny and discarded the underfit and overfit scenarios. For the sake of
brevity, the four most significant configurations obtained, which are summarised
in Table 2, are herein reported. Lastly, 100 epochs for the training have been
considered.

During the training, we have, then, computed the entropy of weights of the
inter-layer links of the nodes (i.e., neurons) of each layer. Note that the entropy

1 http://featureselection.asu.edu/
2 https://sites.google.com/site/feipingnie/file/https://jundongl.github.io/

scikit-feature/datasets.html
3 http://www.cad.zju.edu.cn/home/dengcai/Data/MLData.html

http://featureselection.asu.edu/
https://sites.google.com/site/feipingnie/file/
https://jundongl.github.io/scikit-feature/datasets.html
https://jundongl.github.io/scikit-feature/datasets.html
http://www.cad.zju.edu.cn/home/dengcai/Data/MLData.html
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Dataset Hidden Layers (#) Neurons (#) Learning Speed

Lung Cancer L2 N10 Slow
Lung Cancer L2 N50 Fast
Lung Cancer L3 N10 Slow
Lung Cancer L3 N50 Fast

COIL20 L2 N10 Slow
COIL20 L2 N50 Fast
COIL20 L3 N10 Slow
COIL20 L3 N50 Fast

Table 2: Configurations of hidden layer and neurons per each one. From left:
dataset name, number of hidden layers, number of neurons per hidden layer and
learning speed.

has been computed for the absolute values of the weights, since in an Artificial
Neural Network weights can also be negative and entropy is defined only for
non-negative values. Finally, the analysis for each layer to layers pair is reported
aggregated (i.e., the analysis of the whole model).

3 Discussion and Conclusions

In this section the results obtained from our analysis are commented. In Figures 1
and 2 are shown the comparative trend of accuracy and entropy for Lung and
COIL20 datasets, respectively.

Note that to normalise the entropy outcomes, its values have been reported
as the ratio between the current entropy value and its maximum theoretical
value (i.e., logN , that is the upper bound).

First of all, as expected, in the slow learning scenarios (Figures 1a, 1c, 2a,
and 2c) the highest accuracy attained does not reach a plateau greater than 90%.
It is fascinating to notice that a higher number of hidden layers not necessarily
leads to a more precise training. In Fig. 2d, whereas the configuration selected
has three hidden layers and 50 neurons per layer, for instance, the accuracy
reached at the last epoch (and all the previous values before that one as well)
is lower than the one reported in Fig. 2b in which there is the same number of
neurons, but only two hidden layers.

What emerges from our analysis is that the more stable the accuracy, the
higher the entropy decrease. This aspect becomes clearer when Fig. 2a and Fig. 2c
are compared with the other plots. Indeed, in those two figures, which represent
specifically the slow learning trend in COIL20 dataset, the accuracy is still in-
creasing without reaching its plateau; thus, the entropy is increasing as well. On
the other hand, once the accuracy is stable (i.e., no more improvements in terms
of performances are expected at this step of the training process) the entropy
starts to decrease. For instance, in Fig. 1d after the 15th epoch, the trend of the
accuracy tends to stabilise and, at the same time, the entropy starts to sharply
drop.
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(a) L2 N10 (b) L2 N50

(c) L3 N10 (d) L3 N50

Fig. 1: Comparative analysis of Entropy (dotted markers in green) and Accuracy
(star markers in blue) on Lung Dataset

Another interesting aspect to pinpoint is that the fluctuations experienced by
the accuracy are somehow followed by the entropy. Of course, all the variations
in the entropy are significantly less pronounced respect to the accuracy trend;
that is, the entropy ratio varies between 93% and 97% whereas the accuracy
starts from 0% up to 95%. Nonetheless, the trend is still remarkable.

What we infer from those analyses is that the entropy variations are somehow
related with the accuracy. This is an aspect that can pave the way to a branch
of studies on this direction.

One of them can be to extend this work considering a wider range of datasets
and configurations to detect whether there are specific datatets on which this
approach is preferred. Thus, it would be also matter of study varying not only
the number of hidden layers, but also the number of neurons per hidden layer
that can be also unbalanced (instead of keeping it constant for all the hidden
layers under scrutiny).

Other possibilities can be the use of different learning strategies (i.e., unsu-
pervised, semi-supervised).

Another application domain to involve the use of entropy for a finer tuning
of the training process can be in Sparse ANNs. Indeed, we are also interested
in understanding how does entropy behave as the network becomes sparser.
Indeed, the advantage of combining the entropy with the accuracy could lead to
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(a) L2 N10 (b) L2 N50

(c) L3 N10 (d) L3 N50

Fig. 2: Comparative analysis of Entropy (dotted markers in green) and Accuracy
(star markers in blue) on COIL20 Dataset

more precise metric, which could be used, in turn, to develop a better and more
powerful tool able to define a suitable stop condition for ANNs training. This
could lead to a reduction in terms of the overall number of epochs needed to train
the network with a satisfying accuracy and, thus, have a lower computational
cost.
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