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Objectives

* Data description

* Introduce a simple neural network model

* Implement getGradient() for sum-of-squares error function
e Optimize weights of NN using gradient descent



Sunspot number S

The data

* Sunspot dataset (unit-scaled)

* Time series of relative sunspot
activity
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Given

* Input, Output (x, y)

* NN construction parameters (5x8x1)

* Error function parameters (sum-of-squares, a)

* Gradient descent parameters (stop condition, n)

Goal
* find network parameters that predict value
based on previous 5 ordered observations
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Output



Finding network weights =~ Wuew = Wi+ Aw

e Specifically, gradient of network error function E(w)

* Find parameter changes that cause most change in error (make

opposite changes) B
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Goal: calculate estimated output using current
network weights
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Backward pass

Goal: calculate gradient of error function based on
estimates from current network weights
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[6.1] getGradient
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% Propagate examples forward through network 48 tout nit de _
% calculating all hidden- and output unit outputs 49— do = —-(Targets - v);
% NOTE: tanhf.m has been provided for g(.) 50 lidde it 1.j
% L7 = dl = (1-2.72) .*(dO*Wo) ;
Inputs = [Inputs ones((exam),1)]; 52— dI = dI(:,1l:end-1);
% Calculate hidden unit outputs for every example 53
z = tanhf (Inputs * Wi'); 54 ~artia ler
- - dwo z'*do;
56 Partial der
z = [z ones(exam,1)]; 57— | dWi = dI'*Inputs;
% Calculate (linear) output unit outputs for every example 58 add der e e Wi
y = z*Wo'; 59— duo dWo'+ (alpha o.*Wo);
60 - dwi dwi+ (alpha i.*Wi);
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[6.2] Gradient Descent Wiew = Wold —1j—

Single step

Error

Step size, n

Multiple steps

TPi= rng ('def = e

33

34 — range = 0.1;

35 eta=0.001;

36— max iter=10; maximum numbe

37

38 i etw W :

39— Wi = range * randn(Nh,Ni+l);

40 Wo range * randn(No,Nh+1);

41

42— iter = 1;

43 while iter < max iter

44— [dWi,dWo] getGradient (Wi,Wo,alpha i,alpha o,train inp,train tar);
5 Uy W

46— Wi Wi - eta * dWi;

47— Wo = Wo - eta * dWo;

49— ter ter + 1;

Typical stopping criteria can be based on number of iterations or change in error



Final comments

2nd Name
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* Bias added to end of arrays in this
assignment... generally start/end ok

Amoebe / simplex / Nelder-Mead
Gradient descent

Gradient descent with momentum
Natural gradient
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. Conjugate gradient algorithm

® h d k h d d d Hestenes-Stiefel
tanh used to keep hidaen node  Floteher. Reoves

— Polak-Ribiere

Va | u es n ea r [_ 1, 1] Scaled conjugate gradient

+ —  Quasi-Newton

— Davidson-Fletcher-Powell (DFP)

* Things that affect neural network: Rankone-formul
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Broyden-Fletcher-Goldfarb-Shanno (BFGS)
* Parameters: step size, stop criteria, Gt et
iteration range, initialization, network

Levenberg-Marquardt
Newton(-Ralphson)

Gauss-Newton
Size an d S h a pe’ erro r/o pti m izati on Table 1: Some optimization algorithms.
algorithms, hidden unit functions



