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 RESUMEN 
Recientemente el aprendizaje profundo ha obtenido un gran éxito 

en una variedad de dominios de aplicaciones. Este nuevo campo 

del aprendizaje automatizado ha crecido rápidamente y ha sido 

aplicado a la mayoría de los dominios de aplicaciones 

tradicionales, así como a algunas áreas nuevas que presentan más 

oportunidades. Se han propuesto diferentes métodos basados en 

diferentes categorías de aprendizaje, incluido el aprendizaje 

supervisado, semi-supervisado y no supervisado. Los resultados 

muestran un rendimiento de vanguardia utilizando el aprendizaje 

profundo en comparación con los enfoques tradicionales de 

aprendizaje automático en los campos del procesamiento de 

imágenes, visión por computadora, reconocimiento de voz, 

traducción automática, arte, imágenes médicas, procesamiento de 

información médica, robótica y control, bioinformática, 

procesamiento del lenguaje natural, ciberseguridad, etc. 
 

ABSTRACT 
Deep learning has recently gained great success in a variety of 

application domains. This new field of machine learning has grown 

rapidly and has been applied to most of the traditional application 

domains, as well as some new areas that present more 

opportunities. Different methods have been proposed based on 

different categories of learning, including supervised, semi-

supervised, and unsupervised learning. The results show cutting-

edge performance using deep learning compared to traditional 

machine learning approaches in the fields of image processing, 

computer vision, speech recognition, machine translation, art, 

medical imaging, medical information processing, robotics. and 

control, bioinformatics, natural language processing, cybersecurity, 

etc. 
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INTRODUCCIÓN 
Las redes neuronales artificiales (RNA) son sistemas de 

procesamiento computacional que están muy inspirados en la 

forma en que funcionan los sistemas nerviosos biológicos (como el 

cerebro humano). Las RNA se componen principalmente de una 

gran cantidad de nodos computacionales interconectados 

(denominados neuronas), cuyo trabajo se entrelaza de manera 

distribuida para aprender colectivamente de la entrada a fin de 

optimizar su salida final.  

 

Las redes neuronales artificiales se aplican en varias situaciones. 

En particular el planteamiento del problema es descubrir que 

relación funcional existe entre covariables para lo que se aplica un 

proceso de entrenamiento iterativo. Su entrenamiento se resume en 

ensayar iterativamante con perceptrones multicapa en el contexto 

de análisis de regresión, es decir, para aproximar las relaciones 

funcionales entre covariables y variables de respuesta se propone 

buscar la relación entre variables. Por tanto, las redes neuronales se 

utilizan como extensiones de modelos lineales generalizados. El 

algoritmo de retropropagación proporciona una opción 

personalizada de activación y función de error Fig. (1). 

Teóricamente se puede incluir un número arbitrario de covariables 

y variables de respuesta, así como de capas ocultas. El documento 

ofrece una breve introducción a los perceptrones multicapa y la 

retropropagación resiliente. Los resultados muestran que las redes 

neuronales se ajustan a los datos durante el proceso de 

entrenamiento, puede manejar un número arbitrario de variables de 

entrada y variables de respuesta, no es necesario preespecificar el 

tipo de relación entre las covariables. 
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observations, i.e. given input-output pairs, and

h = 1, . . . ,H the output nodes.

All weights are adapted according to the rule

of a learning algorithm.

The process stops if a pre-specified criterion is ful-

fi lled, e.g. if all absolute partial derivatives of the er-

ror function with respect to the weights (∂E/ ∂w) are

smaller than a given threshold. A widely used learn-

ing algorithm is the resilient backpropagation algo-

rithm.

Backpropagation and resilient backpropagation

The resilient backpropagation algorithm is based on

the traditional backpropagation algorithm that mod-

ifies the weights of a neural network in order to find

a local minimum of the error function. Therefore, the

gradient of the error function (dE/ dw) is calculated

with respect to the weights in order to find a root. In

particular, the weights aremodified going in the op-

posite direction of the partial derivatives until a local

minimum is reached. This basic idea is roughly illus-

trated in Figure 2 for a univariate error-function.

Figure 2: Basic idea of the backpropagation algo-

rithm illustrated for a univariate error function E(w).

If the partial derivative is negative, the weight is

increased (left part of thefigure); if thepartial deriva-

tive is positive, the weight is decreased (right part

of the figure). This ensures that a local minimum is

reached. All partial derivatives are calculated using

the chain rule since the calculated function of a neu-

ral network is basically a composition of integration

and activation functions. A detailed explanation is

given in Rojas (1996).

neuralnet provides the opportunity to switch be-

tween backpropagation, resilient backpropagation

with (Riedmiller, 1994) or without weight backtrack-

ing (Riedmiller and Braun, 1993) and the modified

globally convergent version by Anastasiadis et al.

(2005). All algorithms try to minimize the error func-

tion by adding a learning rate to the weights going

into the opposite direction of the gradient. Unlike

the traditional backpropagation algorithm, a sepa-

rate learning rate hk, which can be changed during

the training process, is used for each weight in re-

silient backpropagation. This solves the problem of

defining an over-all learning rate that is appropri-

ate for the whole training process and the entire net-

work. Additionally, instead of the magnitude of the

partial derivatives only their sign is used to update

the weights. This guarantees an equal influence of

the learning rate over the entire network (Riedmiller

and Braun, 1993). The weights are adjusted by the

following rule

w
(t+ 1)
k

= w
(t)
k

− h
(t)
k

· sign

 
∂E( t)

∂w
(t)
k

!

,

as opposed to

w
(t+ 1)
k

= w
(t)
k

− h ·
∂E(t)

∂w
(t)
k

,

in traditional backpropagation, where t indexes the

iteration steps and k the weights.

In order to speed up convergence in shallow ar-

eas, the learning rate hk will be increased if the cor-

responding partial derivative keeps its sign. On the

contrary, it will be decreased if the partial derivative

of the error function changes its sign since a chang-

ing sign indicates that the minimum is missed due

to a too large learning rate. Weight backtracking is

a technique of undoing the last iteration and adding

a smaller value to the weight in the next step. With-

out the usage of weight backtracking, the algorithm

can jump over the minimum several times. For ex-

ample, the pseudocode of resilient backpropagation

with weight backtracking isgiven by (Riedmiller and

Braun, 1993)

f or al l wei ght s{

i f ( gr ad. ol d*gr ad>0) {

del t a : = mi n( del t a*et a. pl us, del t a. max)

wei ght s : = wei ght s - si gn( gr ad) *del t a

gr ad. ol d : = gr ad

}

el se i f ( gr ad. ol d*gr ad<0) {

wei ght s : = wei ght s + si gn( gr ad. ol d) *del t a

del t a : = max( del t a*et a. mi nus, del t a. mi n)

gr ad. ol d : = 0

}

el se i f ( gr ad. ol d*gr ad=0) {

wei ght s : = wei ght s - si gn( gr ad) *del t a

gr ad. ol d : = gr ad

}

}

while that of the regular backpropagation is given by

f or al l wei ght s{

wei ght s : = wei ght s - gr ad*del t a

}

The globally convergent version introduced by

Anastasiadis et al. (2005) performs a resilient back-

propagation with an additional modification of one

learning rate in relation to all other learning rates. It
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Figura 1.- La idea básica del algoritmo de retropropagación 

ilustrada para una función de error univariante (Elaboración 

Propia). 
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Los dos paradigmas de aprendizaje clave en las tareas de 

procesamiento de aprendizaje son: el aprendizaje supervisado y no 

supervisado. El aprendizaje supervisado es el aprendizaje a través 

de entradas preetiquetadas, que actúan como objetivos. Para cada 

ejemplo de entrenamiento habrá un conjunto de valores de entrada 

(vectores) y uno o más valores de salida designados asociados. El 

objetivo de esta forma de entrenamiento es reducir el error de 

clasificación general de los modelos, mediante el cálculo correcto 

del valor de salida del entrenamiento ejemplo. 

 

Una desventaja de la retropropagación es que puede tomar una 

gran cantidad de iteraciones para converger a la solución deseada. 

Una alternativa a la retropropagación que se ha utilizado en la 

clasificación es la red neuronal probabilística (PNN) (Specht 

(1988), (1990), (1991)), que implica el aprendizaje de un solo paso 

y se puede implementar directamente en la arquitectura de la red 

neuronal. 

 

El aprendizaje no supervisado difiere en que el conjunto de 

entrenamiento no incluye ninguna etiqueta. El éxito suele estar 

determinado por si la red puede reducir o aumentar una función de 

costo asociada. Sin embargo, es importante tener en cuenta que la 

mayoría de las tareas de reconocimiento de patrones generalmente 

dependen de la clasificación mediante el aprendizaje supervisado. 

 

Existen dos componentes básicos en una red neuronal que son las 

dos capas básicas de una red: La capa de inputs (primera capa) que 

consiste de todas las covariantes en neuronas separadas y la capa 

de outputs (última capa) que consiste de la variable o las variables 

respuesta (y).  Mediante un algoritmo iterativo entre estas dos 

capas se ajustan los pesos (wi) que conectan cada capa, de manera 

que el error entre la variables respuesta (y) y la predicción o(x) sea 

mínimo. Todo este procedimiento de entrenamiento se puede 

realizar en línea Baluja (1995). 

 

Las redes neuronales convolucionales (RNC) son análogas a las 

RNA tradicionales en el sentido de que están compuestas por 

neuronas que se autooptimizan a través del aprendizaje. Cada 

neurona aún recibirá una entrada y realizará una operación (como 

un producto escalar seguido de una función no lineal), la base de 

innumerables RNA. Desde los vectores de imagen sin procesar de 

entrada hasta la salida final de la puntuación de la clase, toda la red 

seguirá expresando una única función de puntuación perceptiva (el 

peso). La última capa contendrá funciones de pérdida asociadas 

con las clases, y aún se aplican todos los consejos y trucos 

habituales desarrollados para las RNA tradicionales. 

 

2. DESARROLLO 
 

Tipos de enfoques de DL: 

 

Al igual que el aprendizaje automático, los enfoques de 

aprendizaje profundo se pueden clasificar de la siguiente manera: 

 

Supervisado, Semi-supervisado o Parcialmente supervisado y No 

supervisado. Además, existe otra categoría de aprendizaje llamada 

Aprendizaje por refuerzo (Reinforcement Learning RL) o RL 

profundo ( Deep Reinforcement Learning DRL) que a menudo se 

discuten bajo el alcance de semi supervisado o, a veces, enfoques 

de aprendizaje sin supervisión . 

 

Las RNC se componen de tres tipos de capas. Estas son 

capas convolucionales, capas de agrupación y capas 

totalmente conectadas. Cuando estas capas se apilan, se ha 

formado una arquitectura RNC. En la Fig. 2 (O'Shea 2015) se 

ilustra una arquitectura CNN simplificada.  

 

 
 

Figura 2.- Ilustra la arquitectura CNN simplificada (O'Shea 

2015). 

 

El aprendizaje supervisado es una técnica de aprendizaje 

que utiliza etiquetas de datos. En el caso de enfoques DL 

supervisados, el entorno tiene un conjunto de entradas y 

salidas correspondientes (𝑥𝑡,𝑦𝑡)~𝜌. Por ejemplo, si para la 

entrada xt, el agente inteligente predice 𝑦  = 𝑡 𝑓(𝑥 ), el 

agente recibirá un valor de pérdida 𝑙(𝑦 , 𝑦  ). 
 

Los sistemas de aprendizaje no supervisados son aquellos 

que pueden hacerlo sin la presencia de etiquetas de datos. 

En este caso, el agente aprende la representación interna o 

características importantes para descubrir relaciones o 

estructuras desconocidas dentro de los datos de entrada. A 

menudo, la agrupación, la reducción de la dimensionalidad 

y las técnicas generativas se consideran enfoques de 

aprendizaje no supervisados. Hay varios miembros de la 

familia del aprendizaje profundo que son buenos para la 

agrupación en clústeres y la reducción de dimensionalidad 

no lineal, incluidos Codificadores automáticos (AE), 

máquinas Boltzmann restringidas (RBM) y GAN de reciente 

desarrollo. Además, los RNN, como LSTM y RL, también 



 
Memorias del Congreso Científico Tecnológico de las carreras de 

Ingeniería Mecánica Eléctrica, Industrial y Telecomunicaciones, sistemas y electrónica 

 
AÑO 8. No. 8. ISSN-2448-7236. SEPTIEMBRE 2023 – AGOSTO 2024.     ME-01, pág.: 1 a la 4. 

 
 

 

 
 

 
 

 
 
 
 

 

 

 

ME-01: 

3 DE 4 

 
 

se utilizan para el aprendizaje no supervisado en muchos 

dominios de aplicación Arulkumaran(2017). 

 

A través de este método simple de transformación, las CNN 

pueden transformar la entrada original capa por capa 

utilizando técnicas convolucionales y de reducción de 

muestreo para producir puntajes de clase con fines de 

clasificación y regresión. 

 

3. RESULTADOS Y ANÁLISIS 

 

3.1 Descenso de gradiente 

 

El PMC calcula la ecuación (1): 

 

 

 

   (1) 

 

 

o(x)= Pronóstico 

w0= Intersección 

w=(w1,…,wn) 

x=(x1,…,xn) 

 

donde w0 denota la intersección, w=(w1,…,wn) el vector que 

consta de todos los pesos sinápticos sin la intersección y 

x=(x1,…,xn) el vector de todas las covariables. Esta función 

es matemáticamente equivalente a la de MLG (Modelos 

Lineales Generalizados) con función de enlace 
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variates A and B and the responsevariable Y. neural-

net theoretically allows inclusion of arbitrary num-

bers of covariates and response variables. However,

therecan occur convergence difficulties using a huge

number of both covariates and response variables.

Figure 1: Example of a neural network with two in-

put neurons (A and B), one output neuron (Y) and

one hidden layer consisting of threehidden neurons.

To each of the synapses, a weight is attached in-

dicating the effect of the corresponding neuron, and

all data pass the neural network as signals. The sig-

nals are processed first by the so-called integration

function combining all incoming signals and second

by the so-called activation function transforming the

output of the neuron.

The simplest multi-layer perceptron (also known

as perceptron) consists of an input layer with n co-

variates and an output layer with oneoutput neuron.

It calculates the function

o(x) = f

 

w0 +
n

Â
i= 1

wi xi

!

= f
⇣

w0 + wTx
⌘

,

where w0 denotes the intercept, w = (w1, . . . ,wn) the

vector consisting of all synaptic weights without the

intercept, and x = (x1, . . . ,xn) the vector of all covari-

ates. The function is mathematically equivalent to

that of GLM with link function f−1. Therefore, all

calculated weights are in this case equivalent to the

regression parameters of the GLM.

To increase the modeling flexibility, hidden lay-

ers can be included. However, Hornik et al. (1989)

showed that one hidden layer is sufficient to model

any piecewise continuous function. Such an MLP

with a hidden layer consisting of J hidden neurons

calculates the following function:

o(x) = f

 

w0 +
J

Â
j= 1

wj · f

 

w0j +
n

Â
i= 1

wi j xi

! !

= f

 

w0 +
J

Â
j= 1

wj · f
⇣

w0j + wj
Tx
⌘

!

,

where w0 denotes the intercept of the output neuron

and w0j the intercept of the jth hidden neuron. Addi-

tionally, wj denotes the synaptic weight correspond-

ing to the synapse starting at the jth hidden neuron

and leading to the output neuron, w j = (w1j , . . .,wnj )
the vector of all synaptic weights corresponding to

the synapses leading to the jth hidden neuron, and

x = (x1, . . . ,xn) the vector of all covariates. This

shows that neural networks are direct extensions of

GLMs. However, the parameters, i.e. the weights,

cannot be interpreted in the same way anymore.

Formally stated, all hidden neurons and out-

put neurons calculate an output f (g(z0,z1, . . . ,zk)) =
f (g(z)) from the outputs of all preceding neurons

z0,z1, . . . ,zk, where g : Rk+ 1 ! R denotes the integra-

tion function and f : R ! R the activation function.

The neuron z0 ⌘1 is the constant one belonging to

the intercept. The integration function is often de-

fined as g(z) = w0z0 + Â
k
i= 1 wizi = w0 + wTz. Theac-

tivation function f is usually a bounded nondecreas-

ing nonlinear and differentiable function such as the

logistic function ( f (u) = 1
1+ e−u ) or thehyperbolic tan-

gent. It should be chosen in relation to the response

variable as it is the case in GLMs. The logistic func-

tion is, for instance, appropriate for binary response

variables since it maps the output of each neuron to

the interval [0,1]. At the moment, neuralnet uses the

same integration as well as activation function for all

neurons.

Supervised learning

Neural networks are fitted to the data by learn-

ing algorithms during a training process. neuralnet

focuses on supervised learning algorithms. These

learning algorithms are characterized by the usage

of a given output that is compared to the predicted

output and by the adaptation of all parameters ac-

cording to thiscomparison. Theparameters of a neu-

ral network are its weights. All weights are usually

initialized with random values drawn from a stan-

dard normal distribution. During an iterative train-

ing process, the following steps are repeated:

The neural network calculates an output o(x)
for given inputs x and current weights. If the

training process is not yet completed, the pre-

dicted output o will differ from the observed

output y.

An error function E, like the sum of squared er-

rors (SSE)

E =
1

2

L

Â
l= 1

H

Â
h= 1

(olh − ylh)2

or the cross-entropy

E = −
L

Â
l= 1

H

Â
h= 1

(ylh log(olh)

+ (1− ylh) log(1− olh)) ,

measures the difference between predicted and

observed output, where l = 1,. . . ,L indexes the

The R Journal Vol. 2/ 1, June 2010 ISSN 2073-4859

 . Por lo 

tanto, todos los pesos (w0,w1) calculados en este caso son 

equivalentes a los parámetros de regresión del MLG. 

 

Para aumentar la flexibilidad del modelado, se pueden 

incluir capas ocultas. Sin embargo, Hornik et al. (1989) 

demostró que una capa oculta es suficiente para modelar 

cualquier función continua a intervalos. Tal PMC con una 

capa oculta que consta de 
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v ar iates A and B and the response v ar iable Y. neural-

net theoretical ly al low s inclusion of arbi trary num -

bers of cov ar iates and response v ar iables. H ow ev er,

there can occur conv ergence d i ffi cu l t ies using a huge

num ber of both cov ar iates and response v ar iables.

Figu re 1: Exam ple of a neural netw ork w ith tw o in-

pu t neurons (A and B), one ou tpu t neuron (Y) and

one hidden layer consist ing of three hidden neurons.

To each of the synapses, a w eight is attached in-

d icating the effect of the correspond ing neuron, and

al l data pass the neural netw ork as signals. The sig-

nals are processed fi rst by the so-cal led integration

function com bining al l incom ing signals and second

by the so-cal led activ ation function transform ing the

ou tpu t of the neuron.

The sim plest m u lt i -layer perceptron (also know n

as perceptron) consists of an inpu t layer w i th n co-

v ar iates and an ou tpu t layer w i th one ou tpu t neuron.

I t calcu lates the function

o(x) = f

 

w0 +
n

Â
i= 1

w i x i

!

= f
⇣

w0 + w T x
⌘

,

w here w0 denotes the intercept, w = ( w1, . . . , wn ) the

v ector consist ing of al l synaptic w eights w ithou t the

intercept, and x = ( x1, . . . , xn ) the v ector of al l cov ar i -

ates. The function is m athem atical ly equ iv alent to

that of GLM w ith l ink function f − 1. Therefore, al l

calcu lated w eights are in this case equ iv alent to the

regression param eters of the GLM .

To increase the m odel ing fl exibi l i ty, h idden lay -

ers can be included . H ow ev er, H ornik et al . (1989)

show ed that one hidden layer is su ffi cient to m odel

any p iecew ise continuous function. Such an M LP

w ith a hidden layer consist ing of J hidden neurons

calcu lates the fol low ing function:

o(x) = f

 

w0 +
J

Â
j= 1

w j · f

 

w0 j +
n

Â
i= 1

w i j x i

! !

= f

 

w0 +
J

Â
j= 1

w j · f
⇣

w0 j + w j
T x

⌘
!

,

w here w0 denotes the intercept of the ou tpu t neuron

and w0 j the intercept of the j th hidden neuron. A dd i-

t ional ly, w j denotes the synaptic w eight correspond -

ing to the synapse star t ing at the j th hidden neuron

and lead ing to the ou tpu t neuron, w j = (w1 j , . . . , wn j )
the v ector of al l synaptic w eights correspond ing to

the synapses lead ing to the j th hidden neuron, and

x = ( x1, . . . , xn ) the v ector of al l cov ar iates. This

show s that neural netw orks are d irect extensions of

GLM s. H ow ev er, the param eters, i .e. the w eights,

cannot be interpreted in the sam e w ay anym ore.

Form al ly stated , al l h idden neurons and ou t-

pu t neurons calcu late an ou tpu t f ( g(z0, z1, . . . , zk) ) =
f ( g(z) ) f rom the ou tpu ts of al l p reced ing neurons

z0, z1, . . . , zk, w here g : R k+ 1 ! R denotes the integra-

t ion function and f : R ! R the activ ation function.

The neuron z0 ⌘1 is the constant one belonging to

the intercept. The integration function is often de-

fi ned as g(z) = w0z0 + Â
k
i= 1 w i zi = w0 + w T z. The ac-

t iv at ion function f is usual ly a bounded nondecreas-

ing nonl inear and d i f ferentiable function such as the

logist ic function ( f (u) = 1
1+ e− u ) or the hyperbol ic tan-

gent. I t shou ld be chosen in relat ion to the response

v ar iable as i t is the case in GLM s. The logist ic func-

t ion is, for instance, appropr iate for binary response

v ar iables since i t m aps the ou tpu t of each neuron to

the interv al [0, 1]. A t the m om ent, neuralnet uses the

sam e integration as w el l as activ ation function for al l

neurons.

Supervised learning

N eural netw orks are fi tted to the data by learn-

ing algor i thm s dur ing a train ing process. neuralnet

focuses on superv i sed learning algor i thm s. These

learning algor i thm s are character ized by the usage

of a giv en ou tpu t that is com pared to the pred icted

ou tpu t and by the adaptation of al l param eters ac-

cord ing to this com par ison. The param eters of a neu-

ral netw ork are i ts w eights. A l l w eights are usual ly

in i t ial ized w ith random v alues d raw n from a stan-

dard norm al d istr ibu tion. D ur ing an i terat iv e train-

ing process, the fol low ing steps are repeated :

The neural netw ork calcu lates an ou tpu t o(x)
for giv en inpu ts x and current w eights. I f the

train ing process is not yet com pleted , the pre-

d icted ou tpu t o w il l d i f fer from the observ ed

ou tpu t y .

A n error function E, l ike the sum of squared er-

rors (SSE)

E =
1

2

L

Â
l = 1

H

Â
h= 1

(ol h − y l h) 2

or the cross-entropy

E = −
L

Â
l = 1

H

Â
h= 1

(y l h log(ol h)

+ (1 − y l h) log(1 − ol h) ) ,

m easures the d i fference betw een pred icted and

observ ed ou tpu t, w here l = 1, . . . , L indexes the
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 neuronas ocultas calcula la 

ecuación (2): 

 

 

 

 

 

    

(2) 

 

 

 

 

o(x)= Predicción 

w0= Intersección 

woj= Intersección en neuronal jth 

wj= (w1j,…,wnj) 

x=(x1,…,xn) 

 

donde w0 denota la intersección de la neurona de salida y woj 

la intersección de la neurona oculta. Además wj , denota el 

peso sináptico correspondiente a la sinapsis que comienza 

en la jth neurona oculta.  

 

El enfoque de descenso de gradiente es un algoritmo de 

optimización de primer orden que se utiliza para encontrar 

los mínimos locales de una función objetivo. Esto se ha 

utilizado para entrenar a las RNA en las últimas dos décadas 

con éxito. El algoritmo I explica el concepto de descenso de 

gradiente: 

________________________________________________ 

Algoritmo I. Gradiente de descenso 

________________________________________________ 

Entradas: función de pérdida 𝜀, tasa de aprendizaje 𝜂, 

conjunto de datos 𝑋, 𝑦 y el modelo 

F(𝜃, 𝑥) 

Salidas: Óptimo 𝜃 que minimiza 𝜀 

REPETIR hasta converger: 

 

𝑦̃ = F(𝜃,𝑥) 

𝜃 = 𝜃 – 𝜂 ∙  

 

FIN 

________________________________________________ 

 

 

 

 

 

 

3.2. Descenso de gradiente estocástico (SGD) 

Dado que un tiempo de entrenamiento prolongado es el 

principal inconveniente del enfoque tradicional de descenso 

en gradiente, el enfoque SGD se utiliza para entrenar redes 

neuronales profundas (DNN) (Bottou 2012). Algoritmo II 

explica SGD en detalle. 
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variates A and B and the response variable Y. neural-

net theoretically allows inclusion of arbitrary num-

bers of covariates and response variables. However,

there can occur convergence difficulties using a huge

number of both covariates and response variables.

Figure 1: Example of a neural network with two in-

put neurons (A and B), one output neuron (Y) and

one hidden layer consisting of three hidden neurons.

To each of the synapses, a weight is attached in-

dicating the effect of the corresponding neuron, and

all data pass the neural network as signals. The sig-

nals are processed first by the so-called integration

function combining all incoming signals and second

by the so-called activation function transforming the

output of the neuron.

The simplest multi-layer perceptron (also known

as perceptron) consists of an input layer with n co-

variates and an output layer with oneoutput neuron.

It calculates the function

o(x) = f

 

w0 +
n

Â
i= 1

wi xi

!

= f
⇣

w0 + wTx
⌘

,

where w0 denotes the intercept, w = (w1, . . . ,wn) the

vector consisting of all synaptic weights without the

intercept, and x = (x1, . . . ,xn) the vector of all covari-

ates. The function is mathematically equivalent to

that of GLM with link function f−1. Therefore, all

calculated weights are in this case equivalent to the

regression parameters of the GLM.

To increase the modeling flexibility, hidden lay-

ers can be included. However, Hornik et al. (1989)

showed that one hidden layer is sufficient to model

any piecewise continuous function. Such an MLP

with a hidden layer consisting of J hidden neurons

calculates the following function:

o(x) = f

 

w0 +
J

Â
j= 1

wj · f

 

w0j +
n

Â
i= 1

wi j xi

! !

= f

 

w0 +
J

Â
j= 1

wj · f
⇣

w0j + w j
Tx
⌘

!

,

where w0 denotes the intercept of the output neuron

and w0j the intercept of the jth hidden neuron. Addi-

tionally, wj denotes the synaptic weight correspond-

ing to the synapse starting at the jth hidden neuron

and leading to the output neuron, w j = (w1j , . . . ,wnj )
the vector of all synaptic weights corresponding to

the synapses leading to the jth hidden neuron, and

x = (x1, . . . ,xn) the vector of all covariates. This

shows that neural networks are direct extensions of

GLMs. However, the parameters, i.e. the weights,

cannot be interpreted in the same way anymore.

Formally stated, all hidden neurons and out-

put neurons calculate an output f (g(z0,z1, . . . ,zk)) =
f (g(z)) from the outputs of all preceding neurons

z0,z1, . . . ,zk, where g : Rk+ 1 ! R denotes the integra-

tion function and f : R ! R the activation function.

The neuron z0 ⌘1 is the constant one belonging to

the intercept. The integration function is often de-

fined as g(z) = w0z0 + Â
k
i= 1 wizi = w0 + wTz. The ac-

tivation function f is usually a bounded nondecreas-

ing nonlinear and differentiable function such as the

logistic function ( f (u) = 1
1+ e−u ) or thehyperbolic tan-

gent. It should be chosen in relation to the response

variable as it is the case in GLMs. The logistic func-

tion is, for instance, appropriate for binary response

variables since it maps the output of each neuron to

the interval [0,1]. At the moment, neuralnet uses the

same integration as well as activation function for all

neurons.

Supervised learning

Neural networks are fitted to the data by learn-

ing algorithms during a training process. neuralnet

focuses on supervised learning algorithms. These

learning algorithms are characterized by the usage

of a given output that is compared to the predicted

output and by the adaptation of all parameters ac-

cording to this comparison. The parameters of a neu-

ral network are its weights. All weights are usually

initialized with random values drawn from a stan-

dard normal distribution. During an iterative train-

ing process, the following steps are repeated:

The neural network calculates an output o(x)
for given inputs x and current weights. If the

training process is not yet completed, the pre-

dicted output o will differ from the observed

output y.

An error function E, like the sum of squared er-

rors (SSE)

E =
1

2

L

Â
l= 1

H

Â
h= 1

(olh − ylh)2

or the cross-entropy

E = −
L

Â
l= 1

H

Â
h= 1

(ylh log(olh)

+ (1− ylh) log(1− olh)) ,

measures the difference between predicted and

observed output, where l = 1,. . . ,L indexes the
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