O A =20

YR NFY

L__I:IEI'-l L] HHS

(CNN: Convolution Neural Network)
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=232 Convolution + Pooling
H == Fully Connected layer
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Convolution : Filtering

Convolution Layer

32 041110 4
@7 >§ WAWAW, ‘.@ 0 0 1 1 0
0|1]|1|0|0
//42 Convolved
-y Image

Feature

Andrej Karpathy and Fei-Fei. CS231n: Convolutional Neural Networks for Visual
Recognition http://cs231n.github.io /convolutional-networks

Yoshua Bengio, lan Goodfellow and Aaron Courville. Deep Learning // An MIT Press
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Convolution : Pooling
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Convolution: Example

Image Filter Feature map

X11 X12 X13 Y11 Y12

X21 X22 X23 Y21 Y22

X31 X32 X33
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Pooling: Example

Image

Filter
W1l W12
=1/4 =1/4
W21 W22
=1/4 =1/4

Pooled

Y11 Y12

[X11+X12+X21+X22] [X13+X14+X23+X24]
/4 /4

Y21 Y22

[X31+X32+X41+X42] [X33+X34+X43+X44]
/4 /4
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2. CNN: math



Convolution: padding /Stride

* (zero) Padding : Image =2|0j all 0 &, =2 Lol =%
« Valid convolution : zero paddingO| €i+= convolution
* Full convolution : Image ™HEZ7} Zat=l 712 2 convolution

« Same convolution: Image?t A 7|7} &2 convolution

« Stride: FilterE 42 1 M8



VALID

- ® e

Figure 2.1: (No padding, no strides) Convolving a 3 x 3 kernel over a 4 x 4
input using unit strides (i.e., i =4, k=3,s=1and p=0).

FULL

Figure 2.4: (Full padding, no strides) Convolving a 3 x 3 kernel over a 5 x 5
input using full padding and unit strides (i.e.,i =5, k=3,s=1and p=2).

SAME

Figure 2.3: (Half padding, no strides) Convolving a 3 x 3 kernel over a 5 X 5
input using half padding and unit strides (i.e.,i=5,k=3,s=1and p=1).

Stride =1 Q9 A%
VALID, SAME, FULL
Convolution



No padding + Stride

= * 5 e

Figure 2.5: (No zero padding, arbitrary strides) Convolving a 3 x 3 kernel over
a 5 X 5 input using 2 x 2 strides (i.e., i =5,k =3, s =2 and p = 0).

Padding and Stride

Figure 2.7: (Arbitrary padding and strides) Convolving a 3 x 3 kernel over a
6 x 6 input padded with a 1 x 1 border of zeros using 2 x 2 strides (i.e., ¢ = 6,
k=3, s=2and p=1). In this case, the bottom row and right column of the
zero padded input are not covered by the kernel.

Stride



Cross Correlation. Convolution

X e M™N W e M*k p = padding, s = stride

Cross-Correlation

ki ko
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No padding. Stride =1

X € M™" W e Mixke p=0s=1
Cross-Correlation

k]_ k2

Yii = 2.2 Xita-1to-n)Wap
a=1 b=1

1<i<m-k+1
1<j<n—k+1

Convolution

k k
I 3) SP RN
a=1 pb=1



Convolution

s« 1,

L-Shape

Cross-Correlation

2. B

L-Shape

http://www.imagemagick.org/Usage/convolve/#convolve vs correlate



http://www.imagemagick.org/Usage/convolve/#convolve_vs_correlate
http://www.imagemagick.org/Usage/convolve/#convolve_vs_correlate

Convolution size : Example

Ex. Convolution

m=n=3,ki=k=2,p=0,s=1
[m—k1+2P]

— i=j< +1

Ex. Pooling

m=n=4k =k =2,p=0,s=2

— ki +2
m 1T P}_{_l

> i=i<|

4 -2+2x0
- |-



A1} : Convolution/Pooling

« Backpropagation from conv layer to image layer : ‘Convolution’
« Convolution : Image = delta, filter = flipped’ weight
« 180k 2|Xot WHE delta ¢ & A|7|= Convolution
 Backpropagation for ‘valid" convolution => "Full’ convolution

 Backpropagation from pooling to ‘before pooling’ layer
« Maximum pooling: 2™ 24Y=0|M E|CHZHO0| A EH noded &
+ AN 24T 2 nodes MY

* Average pooling =X 24530A pooling & H nodeldf| iz &
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Backpropagation: Convolution

Delta in L layer +

Filter + Rotation

Error in L-1 layer
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Pooling: Backpropagation

Image Filter Pooled
E11 E12 E13 E14
Deltall/4 DeIta_11/4 DeIt;12/4 DeIta_12/4 W11l W12 o
=1/4 =1/4
E21 E22 E23 E24
Delta_11/4 DeIt;11/4 Delta_12/4 Delta_12/4 W21 W22
=1/4 =1/4 delta21 delta22

E 31 E32 E33 E34

Delta21/4 Delta21/4 Delta22/4 Delta22/4

E41 E42 E43 X44

Delta21/4 Delta2l1/4 Delta22/4 Delta22/4
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t=X| & Convolution

 Convolution layer 7} X| =% : Convolution
* SILIC| ZFEX[7F O 2 ArE: 7] node Z=FKX[9| &
« Image 7| Y= Xt& 0|10, EE 7} ConvolutionZ9| delta QI
Convolution2| Feature map

ki ko
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/ / AWy = 011X12 + 012X13 + 021 X02 + 020 X03
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CNN: Example



MNIST data set +CNN

« MNIST data set : 0-9 &== M|
- o5 68l BS 1”*7HE T
. LXH AT 10Vl =5 8HINE StEAIR, 2V E dSAEE AFE

« CNN: 1 7} Convolution, 17 Pooling, 17 24 &, 17} 285
o Q1&: 28 x 28 matrix
e Convolution : 9 x9 ZE 207 9 x 9 x 20) => 20 x 20 x 20

« Activation : RelLU

Pooling 2x22E 207 2x2x20) => 10 x 10 x 20

2Ll=-100 node/ Activation: RelLU

===: 10 node/ Activation:; Softmax

7t&X|: W1(® & — Convolution), W5(Pooling — 24l), Wo(24 — =4)
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Convolution: Conv.m/Convw.r

Conv.m

Conv.r

function y=Conv(x,W)
[wrow,wcol,numFilters]=size(W);
[xrow,xcol,~]=size(x);

1. Convolution Size
YrOW=Xrow-wrow+1;

ycol=xcol-wcol+1;
y=zeros(yrow,ycol,numfFilters);

2. Convolution calculation

for k=1:numFilters

filter=W(,:,k);
filter=rot90(squeeze(filter),2);
y(;,., k)=conv2(xfilter,'valid");

end

end

Conv=function(x, W){
wrow=dim(W)[1]
wcol=dim(W)[2]
numFilters=dim(W)[3]
xrow=dim(x)[1]
xcol=dim(x)[2]

1. Convolution Size
YrOW=Xrow-wrow+1
ycol=xcol-wcol+1

y=array(data=rep(0,yrow*ycol*numFilters),dim=c(yrow,ycol,numFilters))

# convolution with unfilpped filter
for (k in 1:numfFilters){
filter=WI[, k]
filter=matrix(filter,nrow=wrow,ncol=wcol)
for (k1 in L:yrow){
for(k2 in L:ycol){
xij=x[(k1:(k1+wrow-1)),(k2:(k2+wcol-1))]
y[k1,k2,k]=sum(xij*filter)
}
}
}
return(y)

}




Pooling: Pool.m/Pool.r

Pool.m

function y = Pool(x)

1. Size of Pooled image
[xrow, xcol,numFilters]=size(x);

y=zeros(xrow/2,xcol/2,numFilters);

2. Convolution
for k=1:numFilters
filter=ones(2)/(2*2);

image=conv2(x(;:k),filter,'valid");

3. Discard inbetween (Not included b/c stride>1)

y(;,.. k)=image(l:2:end,1:2:end);%pick every other elements of
convolution (skip =1)

end

end

Pool.r

Pool=function(x){
xrow=dim(x)[1]
xcol=dim(x)[2]
numFilters=dim(x)[3]

#1. Size of Pooled image

yrow=xrow-2+1

ycol=xcol-2+1
ybig=array(data=rep(0,yrow*ycolxnumfFilters),dim=c(yrow,ycol,numFilters))

# 2. Convolution

for (k in l:numFilters){
filter=matrix(rep(1/4,4),nrow=2,ncol=2)
for (k1 in Liyrow){
for(k2 in L:ycol){
xij=x[(k1:(k1+2-1)),(k2:(k2+2-1)) k]
ybig[k1,k2, k]=sum(xij«filter)

}
# 3. Discard inbetween (Not included b/c stride>1)

pickr=seq(from=1,to=yrow,by=2)
pickc=seq(from=1,to=ycol,by=2)
y=ybig[pickr,pickc,]

return(y)

}




Training: MNISTConv.m/MNISTconv.r

MNISTConv.m

function[W1,W5,Wo]=MnistConv(W1,W5,Wo,X,D)
alpha=0.01;
beta=0.95;
momentuml=zeros(size(W1));
momentumb5=zeros(size(W5));
momentumo=zeros(size(Wo));
N=length(D);
bsize=100;
blist=1:bsize:(N-bsize+1);

%One epoch loop

for batch=1:length(blist)

dW1=zeros(size(W1));

dW5=zeros(size(W5));
dWo=zeros(size(Wo));

MNISTConv.r

MnistConv=function(W1,W5Wo,X,D){
alpha=0.01
beta=0.95
momentuml=array(data=rep(0,prod(dim(W1))),dim=dim(W1))
momentum5=array(data=rep(0,prod(dim(W5))),dim=dim(W5))
momentumo=array(data=rep(0,prod(dim(Wo))),dim=dim(Wo))

N=length(D)

#define batch size

bsize=100

blist=seq(from=1,by=bsize to=(N-bsize+1))

## one epoch loop

for (batch in 1l:length(blist)){
dW1=array(data=rep(0,prod(dim(W1))),dim=dim(W1))
dW5=array(data=rep(0,prod(dim(W5))),dim=dim(W5))
dWo=array(data=rep(0,prod(dim(Wo))),dim=dim(Wo))




MNISTConv.m

MNISTConv.r

%mini-batch loop
begin=Dblist(batch);
for k=begin:begin+bsize-1
%forward pass
x=X(,:K);
yl=Conv(x,W1);
y2=RelLU(yl);
y3=Pool(y2);
y4=reshape(y3,[],1);
v5=W5%*y4,
y5=RelLU(v5);
v=Wo™"y5;
y=Softmax(v);

%one hot encoding
d=zeros(10,1);
d(sub2ind(size(d),D(k),1))=1;

begin=blist[batch]

##one minibatch loop

for (k in (begin:(begin+bsize-1))){
###forward
x=X[, k]
yl=Conv(x,W1)
y2=RelLU(yl)
y3=Pool(y2)
y4=matrix(as.vector(y3),length(y3),1)
v5=W5%*%y4
y5=RelLU(v5)
v=W0%*%y5
y=Softmax(v)
### One hot encoding (set d[4]=1 for D[k]=4))
d=rep(0,10)
d[D[k]]=1




MNISTConv.m MNISTConv.r

%Backprop ### Backprop
e=d-y; e=d-y
delta=e; delta=e
e5=Wo'*delta;

e5=t(Wo)%*%delta
delta5=(y5>0).*e5;

delta5=(y5>0)*e5
e4=W5"*delta5;
e3=reshape(e4,size(y3)); %2000x 1 to 10-10-20 e4=t(W5)%*%delta5

. e3=array(e4,dim=dim(y3))
e2=zeros(size(y2)); % 20-20-20

_ ) . o ) )
W3=ones(size(y2))/(2*2); % same weight for pooling layer e2=array(rep(0,prod(dim(y2))),dim=dim(y2)

for c=1:20 W3=array(rep(1,prod(dim(y2))),dim=dim(y2))/4

e2(:;:,c)=kron(e3(;,:,c), 2 2]).*W3(,;,0); % df library(pracma)
Lo S265S)5 kron(e3(::.c)ones([2 21)."W3(.:.0); %expand from Ve
for (c in (1:20)){

end e2[,,c]=kron(e3[, c],matrix(rep(1,4),nrow=2,ncol=2))*W3[,,c]
delta2=(y2 >0).*e2; #expand from 10x10 to 20x20

}
delta_x=zeros(size(W1)); %(same as y2 layer derivation) delta2=(y2>0)*e2

delta_x=array(rep(0,prod(dim(W1))),dim=dim(W1))




MNISTConv.m

%Backprop

for c =1:20
delta_x(;,;,c)=conv2(x(;:),rot90(delta2(;:,c)),'valid");
end

MNISTConv.r

### Backprop

for (c in (1:20)){
wrow_c=dim(delta2)[1]
wcol_c=dim(delta2)[2]
xrow_c=dim(x)[1]
xcol_c=dim(x)[2]
YrOW_C=Xrow_C-wrow_c+1
ycol_c=xcol_c-wcol_c+1
conv_c=matrix(rep(0,yrow_c*ycol_c),nrow=yrow_c,ncol=ycol_c)
filter=delta2],,c]
for (k1 in Liyrow_c){
for(k2 in Liycol_c){
xij=x[(k1:(k1+wrow_c-1)),(k2:(k2+wcol_c-1))]
conv_c[k1,k2]=sum(xij*filter)
}
}
delta_x[,,c]=conv_c

}




MNISTConv.m MNISTConv.r

%Weight adumstment ### Weight adumstment
dW1l=dW1l+delta_x; #update weight
dW5=dW5+delta5*y4'; dW1=dW1+delta_x
dWo=dWo+delta*y5"; dW5=dW5+delta5%*%t(matrix(y4))

end dWo=dWo +delta%*%t(y5)
dW1=dW1/bsize; }

dW5=dWS5/bsize; #end of minibatch

dWo=dWo/bsize; dW1=dW1/bsize

dW5=dW5/bsize

dWo=dWo/bsi
momentuml=alpha*dW1+beta*momentumi; 0=dWo/bsize

W1=W1l+momentuml;
momentum5=alpha*dW5+beta*momentumb5;
W5=W5+momentumb5;

momentuml=alpha*dW1+beta*momentuml
W1=W1l+momentuml
momentum5=alpha*dW5+beta*momentum5
W5=W5+momentum5

momentumo=alphaxdWo+beta*xmomentumo;

momentumo=alpha*dWo+beta*momentumo
Wo=Wo+momentumo; P

Wo=Wo+momentumo

}
#end of epoch

end return(list("W1"=W1,"W5"=WS5,"Wo"=Wo))

end




Test: TestMNISTconv.m

clear all
Images=loadMNISTImages('t10k-images.idx3-ubyte");
Images=reshape(Images,28,28,[]);
Labels=loadMNISTLabels('t10k-labels.idx1-ubyte");
Labels(Labels==0)=10;
W1l=1e-2*randn([9 9 20]);
W5=(2*rand(100,2000)-1)*sqrt(6)/sqrt(360+2000);
Wo=(2+rand(10,100)-1)*sqrt(6)/sqrt(10+100);
X=Images(:,:,1:8000);
D=Labels(1:8000);
for epoch=1:3

epoch

[W1, W5, Wo]=MnistConv(W1, W5, Wo, X, D);
end
X=Images(:,:,8001:10000);
D=Labels(8001:10000);

acc=0;

N=length(D);

for k=1:N
x=X(:,:,k);

yl=Conv(x,W1);
y2=RelLU(yl),
y3=Pool(y2);
y4=reshape(y3,[],1);
v5=W5*y4;
y5=ReLU(v5);
v=Wo*y5;
y=Softmax(v);
[7.il=max(y);

if i==D(k);
acc=acc+1;

end

end

acc=acc/N;

acc




TestConv .r

print('begin time")
print(Sys.time())

#clear all

rm(list=Is())

library(pracma)

source("Pool.r")

source("Conv.r")

source("ReLU.r")

source("Softmax.r")

source("MnistConv.r")

load('M.test.Rdata’)

Images.D=test$x

Images=array(data=rep(0,length(Images.D)),dim=¢(28,28,10000))

for (i in 1:10000){
Images|,,i]=t(matrix(Images.Dl[i,],nrow=28,ncol=28))/255

}

Labels=test$y

Labels[Labels==0]=10

set.seed(12345)

W1l=1e-2*array(rnorm(9+9%20),dim=c(9,9,20))

W5 :(Z*matrix((runif(1 00%2000),nrow=100,ncol=2000)-
1)*sqrt(6)/sqrt(360+2000)

Wo=(2+matrix(runif(10+100), nrow=10,ncol=100)-1)*sqrt(6)/sqrt(10+100)
X=Images][,,1:8000]
D=Labels[1:8000]

for (epoch in (1:3)
print("epoch=")
print(epoch)
Result=MnistConv(W1, W5, Wo, X, D)
W1=Result§W1
W5=Result$W5
Wo=Result$Wo

}

X=Images][,,8001:10000]

D=Labels[8001:10000]

acc=0

N=length(D)




TestConv .r

for (k in (L:N)){
x=X[,,k]
yl=Conv(x,W1)
y2=RelLU(y1)
y3=Pool(y2)
y4=matrix(as.vector(y3),length(y3),1)
v5=W5%*%y4
y5=ReLU(v5)
v=W0%*%y5
y=Softmax(v)
yk=which.max(y)
if (yk==D[k]{
acc=acc+1
}
}

acc=acc/N
print("acc=")

print(acc)




MXNET2 Al25}H...... tanh2 <- mx.symbol.Activation(data=conv2,
, act_type="tanh")
require(mxnet) pool2 <- mx.symbol.Pooling(data=tanh2, pool_type="max",

, , kernel=c(2,2), stride=c(2,2))
train <- read.csv('data/train.csv', header=TRUE)

test <- read.csv('data/test.csv', header=TRUE) # first fullc

train <- data.matrix(train) flatten <- mx.symbol.Flatten(data=pool2)

test <- data.matrix(test) fcl <- mx.symbol.FullyConnected(data=flatten,

train.x <- train[,-1] num_hidden=500)

trainy <- train[,1] tanh3 <- mx.symbol.Activation(data=fc1, act_type="tanh")

train.x <- t(train.x/255)

test <- t(test/255) # second fullc

, , , , fc2 <- mx.symbol.FullyConnected(data=tanh3,
train.array <- train.x dim(train.array) <- c(28, 28, 1, num_hidden=10)

ncol(train.x))
test.array <- test dim(test.array) <- ¢(28, 28, 1, ncol(test))  # /oss

, lenet <- mx.symbol.SoftmaxOutput(data=fc2)
data <- mx.symbol.Variable('data’)

, devices <- mx.cpu()
# first conv

convl <- mx.symbol.Convolution(data=data, kernel=c(5,5), myx set.seed(0)

num_ﬁlterZZO) . . tic <- proc'time()

tanhl <- mx.symbol.Activation(data=convl, model <- mx.model.FeedForward.create(lenet,

act_type="tanh") . ~X=train.array, y=train.y, ctx=device.gpu, num.round=>5,

pooll <- mx.symbol.Pooling(data=tanhl, pool_type="max", array.batch.size=100, iearning.rate=0.05,

kernel=c(2,2), stride=c(2,2)) momentum=0.9, wd=0.00001,
eval.metric=mx.metric.accuracy,

# second conv epoch.end.callback=mx.callback.log.train.metric(100))

conv2‘<- mx.symbol.Convolution(data=pooll, kernel=c(5,5),
num_filter=50) preds <- predict(model, test.array)
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