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Other Perceptron Rules

o .

#® \Vector training pairs fx =[xq;:::x it =[tq;::::t3]0
® t; Is target label for output y;

® Yy Is actual output k

# Assume that lastx; =1, and last w;; = by (bias term)

while Improvement do
for each training point fx;tg do
Feed x forward to compute y
Compute weight update , using rules
wol=w+
end for
end while
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Rules cont.

Apply one of the following rules to each training example

=

Name w for wjj | Comment

Widrow-Hoff | (t; yj)xi | Direct gradient descent

Delta (G ¥ Includes squashing function
Txwj )xi

Correlation | tjX; Updates promote correlation

Outstar (yj wij)Xi | Move weights to match output (c)

Hebbian Yj Xi reinforcement (c)

WTA (Xi  wij) Move only winner weights (c)
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Multiply each rule by step size

to get weight increment

WTA=winner take all (Self Organising Feature Map)
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Fisher Discriminant Function

=

® J(w)= M Sew

#® Sp Is class divergence

Sg =(c1 c2)(c1 c2)”

#® Sy Is variance in samples

X § X §
Sw = (x ci)(x c1)” + (X c2)(x c2)
fx:t=1g fx:t=2g

# Maximising J(w) minimises classi cation error

® Closed formw = S,'(c1 cp)
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Fisher Cont
-

#® Works for non-separable data

Interpretation: project all data onto a line

Optimal for Gaussian classes of equal co-variance
Often works well despite assumptions violated

© o o o

Dot product form makes kernel trick easy

x"Sx = < (x);(xY> =k(x;xY
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Multi-Class Data

o .

# tis no longer a binary vector. C classes.
# Train C binary perceptrons witht = me and t = other:

» winning class has maximum output

» Train all £S2) binary classi ers

» Use voting amongst classes

# Train perceptron with one output per class:
s t Is now a binary vector with 1 for true class
s winning class is index of largest output node
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Multi-Layer Perceptron

o .

Input Vector X

Output Vector

]% 0.93
z 1
|-, oor
z 2

"neurons"
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Multi-Layer Perceptron

=

Outputs of individual perceptrons are fed into new
perceptrons

First layer of perceptrons is called “hidden layer”

Two layers with non-linear squashing is suf cient to

represent any continuous function arbitrarily closely
(bad?)

Choosing number of hidden units J is black-art

1

Typical squashing functiony; = (xw;) = Trexpl W)

Output can be single real number (regression)

Can be multiple outputs (now z). Index of max output
represents class
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Error Back-Propagation Algorithm

o .

# Essentially gradient descent over multiple layers

P
# Error at output nodes E(x;t;w;u)=0:5 Ezl (zk  tk)?
o Compute gradient of E with respect to all wjj , uj

#® Sum gradients over samples, then update: batch mode
s Use matrix-matrix multiply to speed up batch mode

# Update parameters on each sample: online
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Multi-Layer Algorithm: Batch
-

while Error on withheld training data improves do
wu =0
E=0
for each sample fx;tg do
y = (XW)
z=yU P
EO= E+05 | (tx 2)?
wu = wu + ErrorBackProb(x;y;z;t; W, U)
end for
10 WO9%=w wu (or smarter grad descent)
11: end while

©
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ErrorBackProb (x;y; z;t; W, U)

Want to compute S and &5
Use repeated application of Chain rule. To start

g—llzzz(tk Z)

@k @K o,
=Y

@E _ @E@«k

QK Or@u
=Ytk )

Looks like Widrow-Hoff Rule!
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cont...
| -

Now propagate to f&)dden layer weights W
Let activation a; = o XjoWi

er_ @
Qy @wy

yj ouJ' Ok
jo=1

1
2
=
o
=
~
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Cont...

g—;: (a)(1 (aj)) £ '
y .
= @)1 (@) %i%lxiowioj Ui
= @)L (&)X
@E_X @E@x
@y | _, Qe@wy
X
= (tk z) ()@  (&))Xiujk
k=1

’ NATIONAL
IIIIIIIIIII



Over tting!
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Over tting Solutions

Problem in words: function matches data too closely

Falls to generalise to new points
General machine learning problem!

Solution? Regularise!

s Regularisation means smoothing or simplifying
function:

s ...penalise large weights
s ...reduce number of hidden units

Deliberately add noisy training points
Early stopping...
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Error

Early Stopping

validation
training
-
i Time
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Time Series (TDNN)
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Recurrent Neural Net
f Recurrent state T




Training RNNs
-

ldea: unfold net over time and use back-prop
State error = 0 at end

Propagated errors tend to explode or vanish
Trained memory only as far as unfolded
Might work for longer time scales though

© o o o o 0

Better algorithms now exist
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Unfolding RNNSs
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Self Organising Feature Maps

=

Neural Net Clustering

Similar to k-means

Number of net outputs K equivalent to choice of k
Outputs are conceptually linked in a graph

Output neighbours computed from graph links

Use Winner Takes All update rule
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Has cool ability to create maps with meaning
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SOFM Algorithm
-

1: N = initial neighbourhood size
2: while Centroids still changing do
3: for Each data point x do

4: Winner k = arg maxy X~ Wy
5: for Each set of weights wy do
6: If d(k;k ) <N then
7: Update wi = wi + (X W)
8: end if
9: end for
10: end for

11: end while
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SOFM Example

e) 2600 signals F1 10000 signals 1 40000 =ignals L) Voronol regions
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Left Ahead Right

30 Output
Units

30x32 Sensor
Input Retina

Alvinn
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Face recognition
Ief strt rht up
N\ -

90% accurate learning head pose, and recognizing 1-of-20 faces
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Welights

Learned Weights
(N BN | P N BN

L Typical input images
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