Gradient Descent ~ Error Sarface Estimation
When Zn \earming B E#®  with reural networks, we
want o minimi ze avernge  2rror over all  possible
nput patterns. We define +<he true average ervor
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Gradient Degcent — Error Surface Egtimation {camk.)

In most neural network applications, we do
not have access +o Z.  This i3 because
& s really £(W) and changes value cach

time we chanﬁe w. To find  the new

value o & after each change in w, we would
have to present every mput ,:atécrn €o the
network and measure the average output error.

This a,:froach s im,:rqcfica(.

Instead, we estimate E(w) in a crude way:
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£(w) = E(X) where E(X) = 1{({—.-7)

+ = targe‘t output for

present input, X.

y = actual

In other worde, we use *the error, E(X),

for a S_,i%_l_e in/;u-k pattern, X, to estimate Noke- error
the =ntire error garface. This works acks like ne’
fairly well , provided —we pick values of X that helps v
at random a3 jradien-t descent proceeds. ‘ra\)oid\ local wmin:

(or ¥ EQRD)

we use E(X) because we can easily caleulate WEX),

the jrqdient of E. dw
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