C1S603 - Artificial Intelligence

Multi-layer neural networks

Vasileios Megalooikonomou

(some material adopted from notes by M. Hauskrecht)
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Summary of linear units

Linear regression Logistic regression
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Limitations of basic linear units

Linear regression L ogistic regression
k . k .
F)=wo+ 5 wx (9= ply=11x.w) =g+ 5 wiX")
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oW oW
X(k) x(k)
Function linear in inputs!! Linear decision boundary!!
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Limitationsof linear units

» Example in which the logistic regression model with linear
decision boundary fails
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Limitations of linear units.

» Logistic regression does not work faarity functions
- no linear decision boundary
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Extensions of smplelinear units

Replace inputs to linear units with featur e (basis) functions
to model nonlinearities

00 =W+ 3 W,

¢;(x) -an arbit;ary function of x
1

Thesametrick can be donefor thelogistic regression
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Multi-layer ed neural networks

Alternative way to introduce nonlinearities to
regression/classification models

Idea: Cascade several simple neural models (based on logist
regression). Much like neuron connections.
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Input layer Hidden layer Output layer

Multilayer neural network

Also caled multilayer perceptron (MLP)
Cascades multiple logistic regression units

Example: classifier with non-linear decision boundaries

S o=
2 p(y =1[x)
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Multilayer neural network

* Modelsnon-linearitiesthrough logistic regression units
» Can be applied to bottegression and binary classification

Input layer Hidden layer Output layer
1 regression

f(x) = f(x,w)

classification

w4,(2)
Ozz(bf/ / ff(x) Py =11%w)

option
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Learning with MLP

* How to learn the parameters of the neural network?
* Online gradient descent algorithm

— Weight updates based on

0
Wi - Wj -a_— onI|ne (dHW)
j

(d,,w) -online component of the error function

onI|ne

* We need to compute gradients for weights in all units
e Can be computed in one backward sweep through the net !!!

» The process is calldshck-propagation
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Backpropagation

(k-1)-th level k-th level (k+1)-th level
X, (k-1) L % (K) Pt x (k +1)
l w (k=D N E\z(k)f\.l w.,i(k+1)§"éa(k+1)mfw

x (k) - output of the unit i on level k
z (k) -input to the sigmoid function on level k
W ; (k) - weight between unitsj and i on levels (k-1) and k
Z(K) =w o (K)+ > w (k)X (k=1)
J

x (k) = 9(z (k)
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Backpropagation

Update weight w (k) using adata pointd
0
\NIJ (k) - \NIJ (k)a a a\NIJ (k) ‘]online(d'W)

Let 5|(k) :m‘]omine(de)

. a = a‘Jonline(diw) aZ| (k) =) ) _
Then OWIJ (k) ‘]online(d'W) 62| (k) GW,J (k) 5| (k)XJ (k l)

St. ¢, (k) iscomputed from the next layer ¢, (k+1) backwards
o (k) = Zd(k +Dw; (k+1)

Last unit (isthe same as for regular linear units):

¢ (K)==(y-f(x,w))
Exactly the same for classification with the log-likelihood
measure and linear regression with least-squares !!!
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L earning with MLP

* Online gradient descent algorithm

— Weight update:
0
W (K) « w . (K)\—a———J_,.(d,w
|,]( ) I,J( ) 6W,J(k) onIme( i )
a (d1w)_a‘Jonline aZl (k) :Ji(k)xj (k_l)

—‘]onine -
o, (k) 02,(k) aw,, (K)

W (k) = W (K) =g (k)X (K =1)

X (k-1) - j-th output of the (k-1) layer
¢, (k) - derivative computed via backpropagation
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Online gradient descent algorithm for MLP

Online-gradient-descent (D, number of iterations)
Initialize dl weights w; ; (k)
for i=1:1: number of iterations
do select adata point d=<x,y> from D

st a=Yi
computeoutputs  X; (k) for each unit
compute derivatives ¢, (k) via backpropagation
update al weights (in parallel)

W (k) = W (K) =g (k)X (k=1)

end for
return weights
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Xor Example.

No linear decision boundary
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Xor example. Linear unit
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Xor example.
Neural network with 2 hidden units
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Xor example.
Neural networ k with 10 hidden units)
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