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Neural Networks

® Networks of processing units (neurons) with connections
(synapses) between them

® Large number of neurons: 1010

e Large connectitivity: 10°

® Parallel processing

e Distributed computation/memory

¢

® Robust to noise, failures
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Understanding the Brain

e Levels of analysis (Marr, 1982)
1. Computational theory
2. Representation and algorithm
3. Hardware implementation

e Reverse engineering: From hardware to theory
e Parallel processing: SIMD vs MIMD
Neural net: SIMD with modifiable local memory
Learning: Update by training/experience
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(Rosenblatt, 1962)



What a Perceptron Does

* Regression: y=wx+w, e Classification: y=1(wx+w,>0)
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Training

® Online (instances seen one by one) vs batch (whole
sample) learning:
e No need to store the whole sample
e Problem may change in time
e Wear and degradation in system components
® Stochastic gradient-descent: Update after a single pattern

® Generic update rule (LMS rule):
b t Y ot
Aw, _77('7' = )Xj

Update =LeamingFactor-( DesiredOutput—ActualOutput)) -Input



Training a Perceptron: Regression

® Regression (Linear output):

el )= -y P2 - |

t

Aw; =n(r —y* )



Classification

Single sigmoid output
y' :sigmoid(wrxt)
Et(w|xt,rt)=—rt logy" —(1—rt)log(1—yt)

t

A =nlrt —y' I

K>2 softmax outputs
YRR &
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Learning Boolean AND
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No w,, w,, w, satisfy:
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(Minsky and Papert, 1969)
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~ Multilayer Perceptrons

Vi

H
-
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z, =sigmoid(w!x)
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= 1+exp [— (Zj:lwhjxj + Who)]

(Rumelhart et al., 1986)

13



_Hy

x0=+1 X

@ O
| % /

X, XOR x, = (x; AND ~x,) OR (~x; AND x,)
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Backpropagation
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Regression E(W’VIX)%Z(“—V‘“)
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Regression with Multiple Ouytputs
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Initialize all vy, and wy,;
Repeat
For all (xt,rt) € X in random order
For h=1,....H
zj, + sigmoid(w; x')
Fori=1,... . K
yi = vl z
Fori=1,... . K
Av; = n(r! —y:)z
For h=1,....H
Aw;, = T}(Zl(? Y i )zn (1
Fori=1...., K

Wy «— Wy + "ﬁwh
Until convergence

to rand(—0.01,0.01)

— zh_)a?t

\
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= Training
wone alidation
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Mean Square Error
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Two-Class Discrimination
One sigmoid output y*for P(C,|X!) and P(C, |Xf) 1-yt

y —Slgm0|d(ivhz;+voj
E(W.v|X)=-3r" logy +(1-r')log 1-y*)
Av, = nZt:( V',
Awy =2 (r -y iz -2

21



K>2 Classes
0; :ZH:Vihzft;"'Vio y; = = Y

h=1 Zkexp %%
E(W,v|X )= ZZrtlogy

Av,h—nZ(f,- ~y' B!
AWhJ_UZ{ >l —y)V} -2 )
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Multiple Hidden Layers

MLP with one hidden layer is a universal approximator
(Hornik et al., 1989), but using multiple layers may lead to
simpler networks

d
2, =sigmoid(w],x )= sigmoid(Zwlhjxj + wlhoj,h 1 N

j=1

Hl
;- sigmoid(wg,zl): sigmoid(sz,hzlh + wz,oj,/ =1...,H,

h=1

HZ
-
oz -y
=1
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Improving Convergence

® Momentum

OF"
+aAw! ™

AwW; =-n

1

Oow.

/

® Adaptive learning rate

+a IfE" <FE'
An= _
—bn otherwise
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mting/Overtraining

Number of weights: H (d+1)+(H+1)K
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Mean Square Error

3.5
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Structured MLP

/

/)
7Yy
Calas

._ "v;r

(Le Cun et al, 1989)
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Weight Sharing

h




Hints (Abu-Mostafa, 1995)

® |nvariance to translation, rotation, size

A All Y A

® Virtual examples

e Augmented error: E'=E+\,E,

If E §hd X are the “same”: E.=[g(x|0)- g(x'|8)]?

Approximation hint: 0 |fg(x|9) la,.b ]
E,=1(g(x10)-a,) ifg(x|0)<a,

(o(xI6)-b,)" ifg(x]6)>b,
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Tuning the Network Size

® Destructive ® Constructive
* Weight decay: ® Growing networks

(Ash, 1989) (Fahlman and Lebiere, 1989)
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Bayesian Learning

® Consider weights w; as random vars, prior p(w;)

p(w|X )= p(XJ(V)V()‘)’(W) ... ~argmaxiogp(iw| X

log p(w | X )=logp(X |w)+log p(w)+C

p(W):HP(Wf)Where p(W"):C'eXp{_ - }

21/ 2))

E'=E+A|w|’

® Weight decay, ridge regression, regularization
cost=data-misfit + A complexity
More about Bayesian methods in chapter 14
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- Dimensionality Reduction

Nonlinear

32
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Learning Time

® Applications:
e Sequence recognition: Speech recognition
e Sequence reproduction: Time-series prediction
e Sequence association
® Network architectures
e Time-delay networks (Waibel et al., 1989)
e Recurrent networks (Rumelhart et al., 1986)
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/Tﬁe-Delay Neural Networks

QO

() @ @

x0=+1 .
. dela . dela .

x! Xt 7-1 Xt T
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Recurrent Networks
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