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Topics: Adaptive filtering and prediction, correlation canceling and optimum 

estimation, decorrelated bases, correlation canceler loop, LMS algorithm, gradient 

descent, learning speed, eigenvalue spread, accelerated LMS, Newton’s iterative 

method, RLS algorithm, adaptive filtering applications, adaptive linear prediction.

Neural networks, activation functions, LMS and backpropagation, NN examples, 

XOR problem, NN prediction of sunspot and airline data.
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gradient descent algorithm

the brilliant insight of the LMS

algorithm was taking the gradient

descent iteration index to be the

time index n, so that optimization

iterations are carried out at each

time instant.
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mut be appended by the updating 

of the observation vector y(n)





updates y(n) to y(n+1) 





















































SNRdB = 0; SNRa = 10^(SNRdB/10);   % SNR

A = 1; w0 = 0.02*pi;                 % amplitude & frequency

L = 3000;                            

n = 0:L-1; 

s = A * sin(w0*n);                   % single sinusoid

% add sinusoid with doubled amplitude and frequency

% n0 = L/2;                          

% s = A * sin(w0*n).*(n<=n0) + 2*A * sin(2*w0*n).*(n>n0);

seed = 1000;                         % noise 

randn('state',seed);

sigv = 1/sqrt(2*SNRa);               % noise var = sigv^2

v = sigv * randn(1,L);               % zero-mean gaussian

x = s + v;                           % noisy sinusoid

D = 10;                              % ALE delay

y = [zeros(1,D), x(1:end-D)];        % delayed input to ALE

ALE simulation example



mu =  2e-05;                 % adaptation parameter

M = 200;                     % filter order

h = zeros(M+1,1);            % initialize weights

w = zeros(M+1,1);            % initialize delay line

for n = 1:L                  % LMS algorithm

w(1) = y(n);              % current input to filter

xhat(n) = h.'*w;          % filter output

e(n) = x(n) - xhat(n);    % estimation error

h = h + 2*mu*e(n)*w;      % adapt filter weights

w = [w(1); w(1:end-1)];   % update delay-line vector   

end

n = 0:L-1;

figure; plot(n,x,'b-');

title('noisy sinusoid')

figure; plot(n,s,'b--', n,xhat,'r-');

title('ALE output');









































x = ...                        % read array of primary input x(n)

y = ...                        % read array of secondary input y(n)

w = zeros(M+1,1);              % initialize delay line

h = zeros(M+1,1);              % initialize filter

delta = ...                    % e.g., delta = 0.001

lambda = ...                   % e.g., lambda = 0.999

P = eye(M+1)/delta;            % initialize convariance inverse

% H = [];                      % collect h's for plotting, optional 

for n=1:length(x)              % RLS algorithm    

w(1) = y(n);                % current input to filter

k0 = P*w/lambda;            % a priori Kalman gain vector

nu = k0'*w;                 % likelihood variable

mu = 1/(1+nu);              % likelihood variable

k1 = mu*k0;                 % a posteriori Kalman gain vector

P = P/lambda - k1*k0';      % update P

P = (P+P')/2;               % symmetrize P, optional

xhat0 = h'*w;               % a priori estimate of x

e0 = x(n) - xhat0;          % a priori estimation error

e(n) = mu*e0;               % a posteriori estimation error

xhat(n) = x(n) - e(n);      % a posteriori estimate of x

h = h + e0*k1;              % update h    

w = [w(1); w(1:end-1)];     % update delay-line vector      

% H = [H, h];               % collect h's for plotting, optional      

end





y = ...                      % read array of input data y(n)

M = ...                      % e.g., M = 10

delta = ...                  % e.g., delta = 1e-4

lambda = ...                 % e.g., lambda = 0.999

w = zeros(M,1);              % initialize delay line

a = zeros(M,1);              % initialize prediction coefficients

P = eye(M)/delta;            % initialize covariance inverse

for n=1:length(y)

k0 = P*w/la;              % a priori Kalman gain

nu = k0'*w;               % likelihood variable

mu = 1/(1+nu);            % likelihood variable

e0 = y(n) + a'*w;         % a priori prediction error

k1 = mu*k0;               % a posteriori Kalman gain

a = a - e0*k1;            % update prediction coefficients

ypred(n) = -a'*w;         % a posteriori prediction of y(n)

P = P/la - k1*k0';        % update covariance inverse P

P = (P+P')/2;             % symmetrize P, optional

w = [y(n); w(1:end-1)];   % update delay line

end

RLS adaptive predictor





last step, x3 = f(u3), is optional
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