Appendix C

The multi-layer perceptron

The multi-layer perceptron (MLP) neural network shown in figGré is the most typical of the models
used in current neural networks research. It is the work-horse of many practical systems. The MLP
architecture will be described here and its backpropagation training algorithm will be derived.

The network is made up of several layers of artificial neurons. Each neuron is connected to every
neuron in the immediately adjacent layers. The following notation is used:

L The number of layers.

Ny, The number of neurons in layér

P The number of training patterns.

P The value of input neuron (in layer 1) for pattern p{=1---Ny,p=1---P)

Uy
ufj The output of neuron in layer/ for patternp (j =1--- Ny, £ =1--- L).
afj The “activation” of neurory in layer/ for patternp (¢ =2--- L).

wy;;  The weight connecting neurann layer/ — 1 to neurony in layer.
0¢;  The “threshold” for neuron in layer.

d¥  The desired output (the desired valuej@;) for training patterrp.
E, The sum squared error (at the outputs) for training patiern

E  The sum squared error over all training patterns.

The inputs areﬁl’j and the outputs ar@‘ij. Each neuron of the MLP (in the hidden and output layers)
does the following:
Ne_1
ugj = f(afzj) where afj = 0p; + Z Weji uIZ_M (=2---L) (C.2)
=1
The neuron transfer function is usually the sigmoid function:

1
= C.2
f@) = 1o (€2
A useful fact about this function is thgt(z) = f(z)(1 — f(z)). The MLP is trained usingackpropa-
gation The object of backpropagation is to adjust the weights so that, for all training patterns, the sum

squared difference between the desired and actual output (the error) is minimized, i.e.:

P
minimize:  E = Y FE, (C.3)
p=1
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Figure C.1: The multi-layer perceptron neural network.

where
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=1

By

The weights are adjusted by gradient descent:
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Similarly,

P
J arj uP
L—1,i

0 ijz'

Using the chain rule th8 E'/0u of layer( are associated with thgF' /ou of layer? + 1:

Nyt D
0F 0F 0 Upiq
Dh=—_—F = P .M forf=1---(L—2)
J4
I our mz::1 8u§+17m 6u§j
N,
_ il 9 Ep . 9 CL?Jer . f/<ap )
- +1
o Oy, Oug; hm
REYD

p
= Z oub T We1,m,j uzl?Jrl,m(l - ungl,m)

And similarly

For the output layer th8 E/da can be computed directly:

St P2]
e {z( )

8a2£j B 8a§lj
_ p /4

(C.11)

(C.12)

(C.13)

(C.14)

(C.15)

(C.16)

(C.17)

The procedure for computing/06,; is similar. The entire backpropagation algorithm is thus:

o Compute ally; anduy; by forward propagation.
e Forp=1---Pandj =1---Ny_q, compute
Np

DIL)fl,j =2 Z (az]im — d%)wLmj

m=1

e Forp=1---Pand{=(L—2)---2andj =1--- N, compute

Neiq
D _ D D _ P
Dej = Z D£+1,m‘w€+1,m71 “e+1,m(1 u£+1,m)
m=1

e Forj=1---Npandi=1---N;_q,

P

WLji < WLji — 2 Z(GLJ —dhuy,
p=1
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e Forj=1---Ny,

P
HLj — 9Lj — 2042(&120- — d?)

p=1

e For{=(L—-1)---2andj=1---Nyandi=1--- Ny_q,
Wegi < Weji — O‘ZD@W u“eg U?j)
e Fore=(L—-1)---2andj =1--- Ny,
0y “_GKJ_O‘ZD@WJ uﬁj)

Backpropagation gets its name from the fact that the quanmﬁ;sare computed by propagating their
values backwards through the network.
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