Redes Neuronales
Artificiales

Introduccion y aplicaciones en
Bioinformatica

Algunos enlaces de interes
ehttp://www.gc.ssr.upm.es/inves/neural/ann2/anntutor.htm
ehttp.//www.ee.umd.edu/medlab/neural/nn1.html
ehttp://math.chtf.stuba.sk/Books_texts ANN.htm
ehttp://en.wikipedia.org/wiki/Artificial _neural network/

Federico Moran. Julio 2007
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Neurona formal (McCulloch-Pitts, 1943)
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Historia de las Redes Neuronales Artificiales

(Primera Epoca)

ANO AUTORES CONTRIBUCION

1943 W. McCulloch, W. Pitts Neurona formal

1949 Donald Hebb Aprendizaje hebbiano

1950 N. Wiener Cybernetics

1951y 56 |J. von Neuman Automata y computacion neuronal.
Redundancia

1951 M. Minsky Neurocomputer

1957 y 62 | F. Rosenblatt Regla delta y Perceptron

1962 B. Widraw ADALINE

1963 Winograd y Cowan Proceso distribuido

1969 M. Minsky y S. Papert Critica al perceptron




Perceptron
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Figure 2-3. A three-layer perceptron.
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Aprendizaje

eSupervisado: se conoce la respuesta esperada
y se puede evaluar el grado de acierto

-Refuerzo positivo/negativo

-Calculo del error (regla delta)

eNo supervisado: no se conoce si la respuesta
es acertada o no; no se conoce el tipo de
respuesta (clasificacion)

-Autoorganizado

-Hebbiano

ENTRENAMIENTO <-> UTILIZACION
red neuronal



Primeras redes adaptativas:
El perceptron original (Rosemblatt, 1959)
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Primeras redes adaptativas: regla delta
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Demostracion de la disminucion del error en la regla delta

To be more specific, then, let

1 (2)
E, = 52 (6 — Om‘)z
J

be our measure of the error on input/output pattern p and let E = ZEP be our
overall measure of the error. We wish to show that the delta rule implements a gra-
dient descent in E when the units are linear. We will proceed by simply showing
that

dE, _

pitpi>
9w

which is proportional to A, w;; as prescribed by the delta rule. When there are no
hidden units it is straightforward to compute the relevant derivative. For this purpose
we use the chain rule to write the derivative as the product of two parts: the deriva-
tive of the error with respect to the output of the unit times the derivative of the out-

put with respect to the weight.

9E, _ 9E, do, (3)
Iwj; - do, Ow;i

The first part tells how the error changes with the output of the jth unit and the
second part tells how much changing wj; changes that output. Now, the derivatives
are easy to compute. First, from Equation 2

0E (4)
30; == (4 —0,) == 3.

Not surprisingly, the contribution of unit u; to the error is simply proportional to ) -
Moreover, since we have linear units, ’

= i h)
Opj Z”’;r bpis (5)
]

from which we conclude that
a Ow'

0 Wi

= I

Thus, substituting back into Equation 3, we see that
JE,
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pi lpi (6)

as desired. Now, combining this with the observation that

OE _ EB_EP_
9 Wii P awﬂ'

should lead us to conclude that the net change in Wy; after one complete cycle of pat-
tern presentations is proportional to this derivative and hence that the delta rule
implements a gradient descent in E. In fact, this is strictly true only if the values of
the weights are not changed during this cycle. By changing the weights afier each
pattern is presented we depart to some extent from a true gradient descent in E.
Nevertheless, provided the learning rate (i.e., the constant of proportionality) is suffi-
ciently small, this departure will be negligible and the delta rule will implement a very
close approximation to gradient descent in sum-squared error. In particular, with
small enough learning rate, the delta rule will find a set of weights minimizing this
error function.
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Historia de las Redes Neuronales Artificiales

(Epoca Intermedia)

ANO AUTORES CONTRIBUCION

1971 T. Kohonen Memoria asociativa

1973 Ch. von der Maslsburg Columnas de Orientacion
1975 S.l. Amairi Aprendizaje competitivo
1976 Willsaw y von der Malsburg | Retinotopia

1977 J. Anderson Autoasociacion

1977y 79 | K. Fukushima Cognitron y neocognitron
1978 S. Grossberg Autoorganizacion de redes
1982 T. Kohonen Self Organizing Map (SOM)
1982y 84 | J. Hopfield Redes resonantes o de Hopfield
1985 Ackley, Hinton, Sejnowski | Maquina de Boltzman
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Ejemplos de redes de Hopfield
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Aplicaciones
de redes de
Hopfield

FIGURE 2.1 Exanple of how an
assoclative memory can recon-
struct images. These are binary
images with 130 x 180 pixels. The
images on the right were recalled
by the memory after presentation
of the corrupted images shown

on the left. The middle column
shows some intermediate states.

A sparsely connected Ilopfield

network with seven stored images
was used.

FIGURE 2.2 Schemalic configuration space of a model willhy Lhree atiraclors,

FIGURE 2.6 It is often useful
(but sometimes dangerous) to
think of the energy as some-
thing like this landscape. The
z-axis is the energy and the
2N corners of the hypercube
(the possible states of the sys-
temn) are formally represented
by the z—y plane.




Aprendizaje no supervisado

 La red presenta entrada/salida pero no hay retorno desde fuera
 La red debe “descubrir’ por si misma patrones, caracteristicas,
regularidades, correlaciones, etc. en la muestra o datos de entrada y
codificarlos en la salida
« Tanto las unidades como las conexiones han de ser capaces de
autoorganizacion (arquitecturas de enlaces dinamicos)
 Este tipo de redes son operativas cuando existe redundancia en la
muestra: “la redundancia produce conocimiento” (Barlow, 1989)
* Tipos de tareas que se pueden realizar:

-Modelizacion de procesos bioldgicos

- Agrupacion por familias

- Analisis de componentes principales

- Clasificacion en clases o grupos (“clustering™)

- Localizacion de prototipos

- Codificacion

- Extraccion de caracteristicas “ocultas”

- Organizacion topologica de datos
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Aprendizaje Hebbiano
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Mapas topologicos o autoorganizativos de Kohonen (SOM)
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Calculo de estructura secundaria de

proteinas a partir de DC en UV lejano

Vol.4. no.d
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Luis Menéndez-Arias, Juliagn Gomez-Gutiérrez,

Miguel Garcia-Ferrandez!, Alvaro Garcia-Tejedor and
Federico Moran*

calculate the secondary structure of proteins
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SOMCD

CélCUlO de Protein Engineering vol.6 no.d pp 383 =390, 1993
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Evaluation of secondary structure of proteins from UV circular
dichroism spectra using an unsupervised learning neural network
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UV lejano M.A.Andrade, P,Chacdn, J.J.Merelo’ and F.Morgdn
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SOMCD: Method for Evaluating Protein Secondary
Structure from UV Circular Dichroism Spectra
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Historia de las Redes Neuronales Artificiales
(Segunda Epoca)

ANO AUTORES CONTRIBUCION

1986 Rumelhart, Hinton y Regla delta generalizada,
Williams backpropagation

1986 Rumelhart, McClelland y | Paralell distributed processing
PDP-group

1986 Sejnowski y Rosenberg NETtalk

1989 T. Kohonen LVQ
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OUTPUT PATTERNS

QUTPUT UNITS

Perceptron
multicapa

HIDDEN UNITS

INPUT UNITS

INPUT PATTERNS

Figure 4-2. A five-layered back-propagation ncrwork, fully interconnccred.
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QOutput response
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A backpropagation network trains with a two-step procedure. The activity
from the input pattern flows forward through the network, and the error
signal flows backward to adjust the weights.
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The generalized delta rule is a gradient descent system.



Demostracion de la disminucion del error en la regla delta generalizada

To get the correct generalization of the delta rule, we must set
3K
.
aw;
where E is the same sum-squared error function defined earlier. As in the stam.fard
delta rule it is again useful to see this derivative as resulting from the product of two
parts: one part reflecting the change in error as a function of the change in the net
input to the unit and one part representing the effect of changing a particular weight
on the net input. Thus we can write
‘ (9)
0E, _ OE, dnety,
d Wii d nety; 9 Wii

Apwy

By Equation 7 we see that the second factor is
(10)
anety;
] Wii

Now let us define

Ly
dw; < J

5 9E,
P dnet,;

(By comparing this to Equation 4, note that this is consistent with the definition of

8, used in the original delta rule for linear units since 0,; = net,; when unit u; is
linear.) Equation 9 thus has the equivalent form

_3E,

O Wi

= Sp‘iop,'.

This says that to implement gradient descent in E we should make our weight
changes according to

(11)
Ap Wi = 18 0pss

Just as in the standard delta rule. The trick is to figure out what & pi Should be for
each unit U; in the network. The interesting result, which we now derive, is that
there is a simple recursive computation of these 8's which can be implemented by
propagating error signals backward through the network.

To compute & = —a—?, we apply the chain rule to write this partial deriva-
net,;
P
tive as the product of two factors, one factor reflecting the change in error as a func-
tion of the output of the unit and one reflecting the change in the output as a func-

tion of changes in the input. Thus, we have

0E,  9E, 8oy (12)

& - = .
onet,; do,; dnety,

i

Let us compute the second factor. By Equation 8 we see that

00,
jii . f.l (
— = [’ (net,;)
J pi’s
dnet,;
which is simply the derivative of the squashing function [ j Jor the jth unit,
evaluated at the net input net,; to that unit. To compute the first factor, we con-
sider two cases. First, assume that unit U; Is an output unit of the network. In this
case, it follows from the definition of E, that

dE,
8o,

== (4 = 0y),

which is the same result as we obtained with the standard delta rule. Substituting
Jor the two factors in Equation 12, we get

ﬁw- = (IPJ - Op,)fi,(netm) (]3)
JSor any output unit uj. If U; is not an output unit we use the chain rule to write
2 aEp Gnefpk =Z aEp d ZW 0 '=2£W -=—28 e
% Onely 90y % onety 90, 5 kiTpi < anety ki P pk ki

In this case, substituting for the two factors in Equation 12 yields

S.Qf = -f}(HEIH}')ZSPR ij \(14)
k

whenever U; is not an output unit. Equations 13 and 14 give a recursive procedure
Jor computing the 8°s for all units in the network, which are then used to compute
the weight changes in the network according to Equation 11. This procedure consti-
tutes the generalized delta rule for a feedforward network of semilinear units.



Solucién al problema XOR
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NETtalk: Sejnowski, T. J. and Rosenberg, C. R. (1986) NETtalk: a parallel
network that learns to read aloud, Cognitive Science, 14, 179-211.
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Redes Neuronales en Bioinformatica
Algoritmos supervisados

 Prediccion de la estructura secundaria a partir de la secuencia de

aminacidos de una proteina. B Rost: PHD: predicting one-dimensional

protein structure by profile based neural networks. Meth. in Enzymolgy, 266,
525-539, (1996)

http://www.predictprotein.orq/

http://www.cmpharm.ucsf.edu/~nomi/nnpredict.html

» Genetic Algorithm Neural Networks for Regulatory Region Identification
Robert G. Beiko and Robert L. Charleboi(2005). GANN: genetic algorithm
neural networks for the detection of conserved combinations of features in
DNA. BMC Bioinformatics 6: 36

http://bioinformatics.org.au/gann/

 Analisis de microarrays de DNA: diagnoéstico de diferentes tipos
de cancer basandose en sus expresiones genicas caracteristicas.
Khan et al. Nature Med. 7: 673-679 (2001)
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