
Neural Organization : 
Convolution





Training time series MG30 : 
1-800
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training time series MG30 : 1-800

save MG30_time_series.mat x_training x_testing



Testing time series MG30 : 
801-814
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prediction 
at a time



Training time series MG30 : 
1-800

Deep Learning 

Deep neural network



Initialization with …x[796] x[800]
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x[800] Deep neural network 
for MG30 generation 

for generating testing time series MG30 : 801-814



Generated MG30: 801-814 
for prediction
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Generating MG30:801-814, red points: results of 14 steps prediction at a time
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MG30 time series: 1 : 800 for training

X 205
Y -0.87761
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Generating MG30: 801-814red points: results of one-step prediction 
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Generating MG30:801-814, red points: results of 14 steps prediction at a time

???

Generating MG30:801-814, red points: 
results of 14 steps prediction at a time
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training time series MG30 : 1-24
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A linear filter



Feedforward calculation for 
1D linear convolution
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y
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Gradient back-propagation
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Back-propagation of 
Gradients 
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Gradient back-propagation
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2D convolution



Full Convolution

https://www.mathworks.com/help/matlab/ref/conv2.html?
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Full Convolution

conv2(A,B)
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B A

1 2

Valid Convolution



B A

Valid Convolution

conv2(A,B,’valid’)
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B A
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Valid Convolution

1



B A

Valid Convolution
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i,j i,j+1

i+1,j

i+2,j+2

1,1 1,2

2,1

3,3

B A

Valid Convolution

conv2(A,B,’valid’)

z[i, j] =
τ

∑
m

τ

∑
n

K(m, n) * x[i + m − 1,j + n − 1]

size(B,1) ≥ size(A,1); size(B,2) ≥ size(A,2)

i = 1 : size(B,1) − size(A,1) + 1where
j = 1 : size(B,2) − size(A,2) + 1

x K
i,jz



Valid convolution
>> B=ones(4,4);A=ones(3,3)/9; 
>> z=conv2(B,A,'valid') 

z = 

    1.0000    1.0000 
    1.0000    1.0000

表格 1-1
A =

    0.11110.11110.1111

    0.11110.11110.1111

    0.11110.11110.1111

表格 1

B =

     1 1 1 1

     1 1 1 1

     1 1 1 1

     1 1 1 1



function z=my_valid_conv2(x,K) 

assert(size(x,1) >= size(K,1) & size(x,2) >= size(K,2),"invalid matrix size") 
for i = 1:size(x,1)-size(K,1)+1 
    for j = 1:size(x,2)-size(K,2)+1 
         

   end 
end



>> B=ones(4,4);A=ones(3,3)/9; 
>> z=my_valid_conv2(B,A) 

z = 

     1     1 
     1     1



表格 1
A =

    0.2348 0.0154 0.6491
    0.3532 0.0430 0.7317
    0.8212 0.1690 0.6477

表格 1-1

B =

    0.4509 0.1890 0.6256 0.7757
    0.5470 0.6868 0.7802 0.4868
    0.2963 0.1835 0.0811 0.4359
    0.7447 0.3685 0.9294 0.4468

>> z2=my_valid_conv2(B,A) 

z2 = 

    1.6354    1.6366 
    2.0932    1.6255

>> sum(sum(B(1:3,1:3).*A)) 

ans = 

    1.6354

>> sum(sum(B(1:3,2:4).*A)) 

ans = 

    1.6366 

>> sum(sum(B(2:4,1:3).*A)) 

ans = 

    2.0932

>> sum(sum(B(2:4,2:4).*A)) 

ans = 

    1.6255



A stack of output maps



Addition





z[i, j] =
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m
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∑
n

K(m, n) * x[i + m − 1,j + n − 1]
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. . .
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u[i, j] =
dy

dx[i, j]
=
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H(m, n) * v[i − τ + m, j − τ + n]
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dy
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K(m, n) * x[i + m − 1,j + n − 1]
Signals translate forward

Gradient back propagation



Our idea

CNN1x CNN2 yz

dy
dz[i, j]

Given how to calculate 
dy

dx[i, j]
= ?


