Levenberg-Marquardt Learning for
RBF neural networks
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Perceptrons

*Rosenblatt (1962), Widrow (1962)
*Post-tanh (sigmoid-like) projection
v=tanh(h=ax +a,x, +...+a X, +Db)
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Linear projection

* Reduce to linear projection
when tanh is removed

V=h=ax +aX, +..+a,X, +b
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Linear projection vs post-tanh projection
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Multiple perceptrons

Multilayer perceptrons (MLP)
(Rumelhart, 1986)

tanh
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Network Function

f(x;6) = Zr tanh(a/ x

0 =1a, }U{b oA}
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Multiple post-tanh projections

M=2,d=2
f(x1,x2)= (2*x1+3*x2+1) f(x1,x2)=tanh(2*x1+3*x2+1)
+(2*x1-3*x2+2) +tanh(2*x1-3*x2+2)
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Paired data for function approximation

e Target function F:R% > R
e Paired Data

(x[t], y[tD, t=1...,N

e Predictors

X[t]= (x[t],..., x4 [t])"

e Targets

y[t] = F(x][t]) + noise
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Paired data
d=2
F(X, + X,) =cos(X, + X, )

Target function Paired data
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Hyper-plane Fitting

MLP Tool.fig MLP Tool.m

g

mcc —m MLP_Tool.m

I

MLP Tool.ctf MLP Tool.exe
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Function approximation

e Approximating function :
Multilayer perceptrons
Equivalently, multiple post-tanh projections

e Subject to given paired data, optimize
network parameters, 6={a,b,r}, to
reconstruct the unknown target function.
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Approximating error

E(0) =Y (1 f (x[L];0))°




Unconstrained optimization

0, =arg mﬂin E(0)

£(6) = %Zwm £ (x[t];0))’




Target functions |

Table 1. Target functions

filx) =sin (2, +a)

Folx) = a7 +ad

fa(x) = 0.527—0.922

fa(x) =exp {—ﬂ.ﬂ5mf—ﬂ.ﬂ9mg)

nolse

0.08 0.015
f5(x) =sin ([1, —1]72)+exp (—a” Az) A=

0.02 0075
felx) =tanh (0.8z,+0.229 )+ tanh (0.32, —0 9, )
fr(x) = 0.5sin (2, +xq) + 022, —0.22,

T T 012 —-0.02

fo(x) =exp (—(x—w1)" A(x—w1))+exp (—(x—w)  B(x —wy)) | B=

0.035 0.075

folx) = folx) 4+ 0.5s5in(x,+0.329) + 0.55in(0.22, —0.8a9)
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Target function |l

TABLE III
(2006 Wu et al) TARGET FUNCTIONS

Target function Description

(2) ) One-dimensional function
nlz)=wlz)+mn
with uniform noise n € [—0.5, 0.5]

yalz) = 0.32) + 20 — 0.523 + 224 — 0.725 Single linear projection

ya(z) = tanh(0.32; + 22 — 0.523 + 224 — 0.7z;) Single post-nonlinear projection

y1(z) = tanh(0.82) + 0.22;) + tanh(0.32; — 0.92;) | Sum of two PNL projections

ys(2) = tanh(0.82) + 0.2z + 023 + 024 + 0z;) Sum of two PNL projections

—+tanh(0.3z; — 0.925 + Oz3 + 024 + 0z5) with ineffective attributes

yslz) = 0528 — 0,923 (Quadratic function

yr(z) = EKP(_?!,‘ - ﬁ%} cos(kz + ) Gabor function
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Install NNSYSID (2001

1. Install
The NNSYSID Toolbox

2. Download .
findabr.m x2y_MLP.m

(Levenberg Marquardt method)

3. Set path to recruit the directory of where
NNSYSID is installed
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Training and Testing

. Testing set
Generate two sets of J

paired data randomly

Training set

LM méthod | y=f(x;0)
(findabr.m) x2y MLP.m

Testing errors
E

testing
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Network function

y(t16)=G(x[t]|6)
(-

20

m

M
— WO T Zwm exp(
m=1




Architecture

Network parameter

O ={w } uin} vio}




Network parameter

O=[u, u,---u, o,0
=10, 0eg.0m 4]
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Training set

S ={(x[t], y[tD}.,

Desired
ylt]  output

Xt G RBE o) ¥(t10) Networ

output




Training

Mean square error

. (6) :%i(ym‘ y(t] 0))




Unconstrained optimization

o~

0 = alrg miIlEs(Q)

{6}
Find € to minimize E,(6)
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lterative approaches

eGradient method
eNewton-Gauss method

e evenberg-Marquardt method
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Iterative approach

1. Initialize €: with i=0
2. Determine A6

3. Update network parameters

0,,1=0;,+ A0,

4. If halting condition holds, exit
otherwise i=i+1, go to step 2
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ODbjective function

Network Desired
output output
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Gradient method
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Gradient

. (6) =%§(y[t]— y(t|0))

dE,(6) 13 dy(t | 0)

Y W;(Y[t]— Yyt oN—r,
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derivative

=(1.60) = ylt] —y(t6) w(tja)_dyége)
VoY
E0)) 00 = =010,
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Exercise

e Function approximation

Learning radial basis functions
2D
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