I ] Multilayeyr Perceptrons

iz multilay er perceptron is an artificial neural network structure
and is a nonparametric estimator that can be used for classification
and regression. We discuss the backpropagation algorithm to train
a multilayer perceptron for a variety of applications.

11.1 Introduction

ARTIFICIAL NEURAL network models, one of which is the perceptron
we discuss in this chapter, take their inspiration from the brain. There
are cognitive scientists and neuroscientists whose aim is to understand
the functioning of the brain (Posner 1989; Thagard 2005), and toward
this aim, build models of the natural neural networks in the brain and
make simulation studies.
However, in engineering, our aim is not to understand the brain per
ATFCIAL NEURAL e, but to build useful machines. We are interested in artificial neural
NETWORKS  networks because we believe that they may help us build better computer
systems. The brain is an information processing device that has some
incredible abilities and surpasses current engineering products in many
domains—for example, vision, speech recognition, and learning, to name

three. These applications have evident economic utility if implemented

on machines. If we can understand how the brain performs these func-

tions. we can define solutions to these tasks as formal algorithms and

implement them on computers.
"Il?he human brain is quite different from a computer. Whereas a com-

puter generally has one processor, the brain is composed of a very large

; ; amely, neurons, operating in parallel.
11 rocessing Units, Namexy, e : :
NEURONS '(1"1 t?ou)gﬁutrlf:ifafﬂ I; are not known, the processing units are believed to be
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much simpler and slower than a pr(')CQS(SjO: mrzvigr:iuter' What alg
makes the brain different, and is believe : Otﬁ) brai hs Computaﬁon
power, is the large connectivity: Neurons in the llr am Qave connegyyg .
called synapses, to around 10% Othtf_r neurOI;lS, a opera?mg 10 parg)lg.
In a computer, the processor 18 active gnd the rlrllemory 1S Separate apq
passive, but it is believed that in the brain, bot.h the DTOFGSS:mg and meyy,
ory are distributed together OVer the network; processing is done by g,
neurons, and the memory is in the synapses between the neurons,

Understanding the Brain

According to Marr (1982), understanding an information processing sys.
tem has three levels, called the levels of analysis:

1. Computational theory corresponds to the goal of computation and an
abstract definition of the task.

2. Representation and algorithm is about how the input and the output
are represented and about the specification of the algorithm for the
transformation from the input to the output.

3. Hardware implementation is the actual physical realization of the sys-
tem.

One example is sorting: The computational theory is to order a given
set of elements. The representation may use integers, and the algorithm
may be Quicksort. After compilation, the executable code for a pal‘ﬁc‘1lar
processor sorting integers represented in binary is one hardware imple-
mentation.

. The idea is that for the same computational theory, there may be mul
tiple rgpresentations and algorithms manipulating syr,nbols in that repr¢
sentation. Similarly, for any given representation and algorithm, et
may be multiple hardware implementations. We can use one of varl

ous sorting algorithms, and evye e
' n the s ‘ be compilet
on computers with different ame algorithm can L

o processors and lead to different BArEEE
To take another example, ‘6, 'VI', and ‘110 are three different I
(sizntanci)iﬁs of the number six. There is a different algoritl o 24 ditio?

pending on the representation used, pigial computers use biné
d in this representati

resentation and haye circuitry to ag
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particular hardware i
V' addition correspong mbers are represented differ-

SR S ;
abacus, which is another hardw;roeé Chflferent set of instructions on an
numbers in our head Implementation. When we add two
e e I'Epres’e ::;Ztl_lse anqther representation and an algorithm
o which is implemented by the neurons. But
Implementations—for example, us, abacus,

: t the same com i iti
: _ putational theory, additi
The classic example is the difference between natural ancll'y ariiﬁcia;) rfllly-

machin .
fli;g itsC S ﬁ SPArrow flaps its wings; a commercial airplane does not
P WINgs but uses jet engines. The sparrow and the airplane are
Lo hardware implementations built for different purposes, satisfying
different constraints. But they bothitiD e La e eory which
aerodynamics. - les P A

The brain is one hardware imple
nition. If from this particular im
neering and extract the repres
from that in turn, we can get
another representation and al
tation more suited to the mea
implementation will be chea

Just as the initial attempts
like birds until we discovere
first attempts to build s
like the brain with netwo
we discover the compu
that in understanding t
networks, we are

Just as the feath
that neurons an
time there iS O

digital computer—implemen
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one-processor machines. We ar€ r(l)(:t ?Eli;; }[1}?6 the Paraljg)
have efficiently pecause We cannot prog . ffm eff_mlently.
adigms for parallel processing: In singje
hines, all pI‘OCESS.OI‘S gxecute the Same
instruction but on different pieces of data. In multlI;le ;nStructlo.n, mul.
tiple data (MIMD) machines, different pro§essors may execute differen
instructions on different data. SIMD machines are easier to program he.
cause there is only one program to write. HOWeVver, problems rarely haya
such a regular structure that they can be parfﬂlehzed over a SIMD my.
chine. MIMD machines are more general, butitis notan €asy task to write

separate programs for all the individual processors; additional problems
are related to synchronization, data transfer between processors, and so
forth. SIMD machines are also easier to build, and machines with more
processors can be constructed if they are SIMD. In MIMD machines, pro-
cessors are more complex, and a more complex communication network
should be constructed for the processors to exchange data arbitrarily.
Assume now that we can have machines where processors are a lit
tle bit more complex than SIMD processors but not as complex as MIMD
processors. Assume we have simple processors with a small amount of
local memory where some parameters can be stored. Each processor im-
plements a fixed function and executes the same instructions as SIMD
processors; but by loading different values into the local memory, they
can be doing different things and the whole operation can be distributed
over such processors. We will then have what we can call neural instti¢
Ezoz'nf:;lrl;?lfocci;ta (NIMD) machines, where each processor corresponds
whole struc,ture ispﬁltrlrllrez:f 1;18 E‘(I)Vrrespond T s.yna.ptic e E?nd ﬁ:;
processo AR e t; ork. If the function implemented meach
: e local memory is small, then many St
priiessors can be fit on a single chip.
- :f;izlgf;;mse tt(})l distribute a task over a network of such Pro¢® =
: e local parameter values. This is where leari®
comes into play: We do not need : : ter-
eed to program such machines and d¢

mine the parameter val
ues o ; : of
examples. urselves if such machines can lear =

on serial,
machines we

There are mainly two par
struction, multiple data (SIMD) mac
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Figure 11.1 Simple perceptron. x;, j
bias unit that always has the value 1.
the directed connection from input x;

|

Keep in mind that the operatio
ematical function that can be ir
generally is—and training the
cal techniques that we have
of this operation as being ca
units is meaningful only if we h
network is so large that it
computer. '
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