Least mean square
method of learning deep
neural networks
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Richardson Extrapolation
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function err_g=gradient_check(obj,x)
% Calculate gradient of output with respect to w by Richardson
% Extrapolation by flow chart 4.
% X conbtains single data
obj=0bj.ff(x);
obj=obj.cal_uv();
obj=obj.cal_gWJ();

L=obj.layers;
M=size(obj.w{L-1},2);
z=0.01;

err_g=0;



for m=1:M
for k=1:L-1

W_k=obj.w{k};

RE_gW = zeros(size(W_k));

for i=1:size(W _k,1)

for j=1:size(W_k,2)
% calculate f1 f2 f3 f4
obj.w{k}(i,j)=W_k(i,j)+z;
obj =obj.ff(x);f1=0bj.a{L}(m);
obj.wik}(i,j)=W_k(i,j)-z;
obj=o0bj.ff(x);f2=0bj.a{L}(m);
obj.wik}(i,j)=W_k(i,j)+z/2;
obj=0bj.ff(x);f3=0bj.a{L}(m);
obj.wik}(i,j)=W_k(i,j)-z/2;
obj=0bj.ff(x);f4=0bj.a{L}(m);
gl=(f1-f2)/(2*2);92=(f3-f4)/z;
RE_gW(i,j)=92+(g2-g1)/3;
obj.wik}(i,j)=W_k(i,j);
end
end
err_g=err_g+sum(sum(abs(obj.gW{mKk}-RE_gW"));
end
end



Deep perceptrons
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Square error

EW) =322 memlt

em(t] = Ymlt] — ym(t|0)

Ym [t] denotes the mth component of the desired network output in response to x][t].

Um, (t‘@) denotes the real network output in response to Xx[t]



function obj=cal_se(obj,y)
% calculate square error
assert(~isempty(obj.a),'empty a’)

L=obj.layers;

M=size(obj.w{L-1},2);

obj.e=y-obj.a{L}

obj.se=sum(sum(obj.e.A2));
end



Richardson Extrapolation for approximating gradient of square error with respect to
weight matrices

for k=1:1L-1

b

calculate E_gW<k} by Rechardson
extrapolation




Richardson Extrapolation

set small z

v

for each
element in wik)

Perturb it by adding z-z,2/2,-2/2 respectively

and determine four corresponding square error,
denoted by f1,f2,t3t4

set corresponding element in E_gW<k?} to

extrapolation determined by fl-f4



gradient of E with respect
to W
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A computation task rises to determine the gradient of E with respect to W,
given the gradient of output components with respect to W

em(t] = Yml(t] = ym(t|0)
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h{n + 1} = W{n}

y{m} denotes an ]' L
dyim} _ _  dy{m} dhin+1}
e dh{n_'_l%
- dh{n+1} denoted by

eq 4




h{n - 1} — W{n} 1 codes for EQ 6
B e [b1 b2]=size(a{k});
d a1=[a{k};ones(b1,1)];
5 y{m} — ’U{n + 1} CL{TL} e1=e{m}*ones(1,b2+1);
W{n} | E_gW{mHK}=-2*v{k+1}*(al.*e1)
db m 1dYm (t | 9)
dW — 2 Zt Em [t dW,
n batch size = 300
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function cal_E_gW

v

for m=1:M

y
if m==1
set E_gW<k> to the result calculated by eq 6
else

add the result determined by eq 6 to E_gW<k>}
__end




% define a net of deep perceptrons

wi{l}=[112;1-1-1]"nL{1l}="tanh";

wi{2}=[1-11;-1-1-1; -2 1.5 0.5];:nL{2}="tanh’;

w{3}=[111/21:1-11-1]"nL{3}="tanh’;

layers=4;

net=perceptrons(layers,w,nlL);

% draw network functions if input dim is 2

net.draw();

% w

x=rand(300,2)*10-5; T -

net=net.ff(x); e

y=net.a{layers};

plot3(x(:,1),x(:,2),y,".")

net=net.cal_uv(); % backpropagation

% consider y as desired output

% randomize weight matrices

for i=1:layers-1
W{i}=rand(size(w{i}));

end Add method
net2=perceptrons(layers,W,nL);

! cal_E_gW
figure

net2.draw();
net2=net2.ff(x);
y_hat=net2.a{layers};
net2=net2.cal_uv(); g Ckpropagation
net2=cal_E_ gW(net’,y);
err_g=net2.gradient_check2(x,y);

Add method
gradient
_check?




Gradient descent method

e calculate E_gW/{k} for all k
e set wi{k} to w{k} - eta * E_gW/{k} for all k

W=W —ngy
Wopt=arg M1N E(W)

W}







