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Deep Convolutional Neural Networks (DCNN)
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Feature extraction using Classification using
convolutional layers multilayer perceptron (MLP)



DCNN — Classification — Logistic Regression

sigmoid function
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learned parameters of logistic regression
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DCNN — Classification — Multilayer Perceptron

Example 4-layer MLP with 2 output units for predicting 2 classes:

Also called fully connected layers with the final softmax layer



DCNN — Convolutional Layer

S I EEEEE EEEEEE EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEER l.
Input layer - (S1) 4 feature maps =

1 (CI) 4 feature maps (S2) 6 feature maps  (C2) 6 feature maps

l sub-sampling layer l convolution layer l sub-sampling layer l fully connected MLP|

Feature extraction using
convolutional layers



Convolution
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DCNN — Convolutional Layer — Three Stages
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DCNN — Convolutional Layer — Three Stages
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DCNN — Convolutional Layer — Three Stages
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DCNN — Convolutional Layer — Multiple Filters




DCNN — Convolutional Layer — Multiple Filters
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Fully Connected Layer

C3: f. maps 16@10x10

C1: feature maps S4: f. maps 16@5x5
INPUT 6@28x28 ps 16@

32x32 S2: f. maps CS: layer F6 layer QUTPUT

O

| Full oonAectlon Gaussuan connections
Convolutions Subsampling Convolutions Subsamplmg Full connectlon

An early (Le-Net5) Convolutional Neural Network design, LeNet-5, used for recognition
of digits



Examples of Learned Filters in DCNN
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Higher layers learn more meaningful (abstract) features
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Training Neural Nets — Two Stages — MATLAB

1. Unsupervised training of each individual layer using autoencoder

2. Fine-tuning of all layers using backpropagation

Example Neural Network for Classifying 10 classes:

Encoder Encoder Softmax Layer

"

Input | | Output
Al Wl u o ﬁ =
784 ) ) ) ‘ 10
100 50 10
images 100 hidden 50 hidden 10 output

28x28=784 nodes nodes nodes
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Autoencoder — MATLAB — Example

training by minimizing mean squared error between input and output

Input
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Encoder
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Decoder
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ar, = f(nety) = f(w, x + by)

k=1,2,...

, 100



Autoencoder — MATLAB — Example

training by minimizing mean squared error between input and output

Encoder Decoder

| | Output
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ar, = f(nety) = f(w,x+by) k=1,2,...,100
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Images labels

% Load \the training/data into memory
[XxTrainImages, tTrain] = digittrain_dataset;

% Display some of the training images
clf
for 1 = 1:20
subplot(4,5,1);
imshow(xTrainImages{i});
end



Autoencoder — MATLAB — Example

training by minimizing mean squared error between input and output

Input

784

Encoder

100

Decoder

rng(‘default') % set the random number generator seed

hiddenSizel = 100; % set the number of hidden nodes in Layer 1

autoencl = trainAutoencoder(xTrainImages,hiddenSizel, ...

‘MaxEpochs', 400, ...

'L2WeightReqularization',0.004, ...
'SparsityReqularization',4, ...
‘SparsityProportion',0.15, ...

'ScaleData', false);

plotWeights(autoencl);

ar, = f(nety) = f(w, x + by)
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Autoencoder — MATLAB — Example

training by minimizing mean squared error between input and output

Encoder Decoder
Input W | 1 Output
784 g |ﬁ 784
. _J
100 784

rng(‘default') % set the random number generator seed

hiddenSize = 100; % set the number of hidden nodes in Layer 1

autoencl = trainAutoencoder(xTrainImages,hiddenSizel, ... ar = f(nety) = f(w, x + by)
‘MaxEpochs', 400, ...

'L2WeightReqularization',0.004, ... .---.ﬁ.-

'SparsityRegularization', 4, ... --.---
‘SparsityProportion’,0.15, ... [ . 7

'ScaleData', false); ==========

plotWeights(autoencl); .-------
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Autoencoder — MATLAB — Example — Next Layer

training by minimizing mean squared error between input and output

Encoder Decoder
Input i
100
outputs of 50 hidden

100 hidden nodes nodes

featl = encode(autoencl,xTrainImages);
hiddenSize2 = 50; % set the number of hidden nodes 1in Layer 2

autoenc?2 = trainAutoencoder(featl,hiddenSize?2,
‘MaxEpochs',100, ...
'L2WeightRegularization',0.002,
'SparsityReqularization',4,
'SparsityProportion',0.1,
'ScaleData', false);

continue training the next layer
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Softmax Layer — MATLAB — Example

Softmax Layer
Input = |i ) Output
50 ) 10
10
outputs of 10 output
50 hidden nodes nodes

feat2 = encode(autoenc2, featl);

softnet = trainSoftmaxLayer(feat2,tTrain, '"MaxEpochs',400);

deepnet = stack(autoencl,autoenc2,softnet); % stack all layers

view(deepnet)

Encoder Encoder

Input

784

Softmax Layer

| | Output
= |i 10

V.
10

20




Classification using Neural Nets — MATLAB — Example

iImages labels

% Logd the test imgges
[xTestImages, tTest] = digittest_dataset;

y = deepnet(xTest);

plotconfusion(tTest,y);

Confusion Matrix

Output Class

1 2 3 4 5 6 7 8 9 10
Target Class

L]



Classification using Neural Nets after Fine-Tuning

imaﬂic‘o labels
Perform fine tuning ///

deepnet = train(deepnet,xTrain,tTrain);
y = deepnet(xTest);

plotconfusion(tTest,y);

Confusion Matrix

Output Class

1 2 3 4 5 6 7 8 9 10
Target Class
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Fine-Tuning using Error Backpropagation

target kth output

</

B(W) = 5 (6 — ab)’

k

Goal: Minimize the error function
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Fine-Tuning using Error Backpropagation

all parameters kth target kth output

N/

B(W) = 5 (6 — ab)?

k

Gradient descent:
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Chain Rule for Level L

Wy, j single parameter from j-th node at level L-1 to k-th node at level L
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L L L L
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ar = f(nety) = Zwk] f L —I—bL)
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Chain Rule for Level L

L
wk.

7 single parameter from j-th node at level L-1 to k-th node at level L

OE  OE 8a£ 8net£

L L L L
5‘wkj Oa; Onet; 8wkj
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Chain Rule for Level L

single parameter from j-th node at level L-1 to k-th node at level L

OF OF 8a£ 8net£

L L L L
5‘wkj Oa; Onet; 8wkj
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paf )
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Chain Rule for Level L

wé’j single parameter from j-th node at level L-1 to k-th node at level L
OFE OF 8a£ 8net£
L AL L L
5‘wkj Oa; Onet; 8wkj
oOF
— = —(ty — al)
L ( k
Oa
Oay O(1 + exp(—nety))~? exp(—net;)

Onety Onety (1 + exp(—nety))?
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Chain Rule for Level L

wé’j single parameter from j-th node at level L-1 to k-th node at level L
OFE OF 80,% 8net£
L AL L L
ow L Oa; Onety Ow K
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L ( k
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dar 1 1
k_ _ 4L L
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Chain Rule for Level L

single parameter from j-th node at level L-1 to k-th node at level L

OF OF 8a£ 8net£

L L L L
5‘wkj Oa; Onet; 8wkj
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Chain Rule for Level L

single parameter from j-th node at level L-1 to k-th node at level L

OF OF 8a£ 8net£

L L L L
5‘wkj Oa; Onet; 8wkj
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Chain Rule for Level L

L
wk.

7 single parameter from j-th node at level L-1 to k-th node at level L
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Fine-Tuning for Level L

all parameters kth target kth output

N/

B(W) = 5 (6 — ab)?

k

Gradient descent:

L(T+1 LT B L(T B
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N————

O
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Chain Rule for Level L-1

single parameter from i-th node at level L-2 to j-th node at level L-1
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Chain Rule for Level L-1

single parameter from i-th node at level L-2 to j-th node at level L-1




Chain Rule for Level L-1

’wf’i 1 single parameter from /-th node at level L-2 to j-th node at level L-1

OFE aaé’ 8net£’ 8a§’_1 6‘net§’_1

8w§;_1 — Oa; Onety Ba,f_l 8netf_1 8w§;_1
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Chain Rule for Level L-1

’wf’i 1 single parameter from /-th node at level L-2 to j-th node at level L-1

OF 80,% 8net£ 3aj_ 8netf_1

8wfi_1 - 8a£’ 8net£’ 80,;?_1 6’net§’_1 Bwfi_l
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Chain Rule for Level L-1

single parameter from i-th node at level L-2 to j-th node at level L-1




Fine-Tuning for Any Level |

Gradient descent:

[(T+1 [(T _
wjg ) :wjg ) —|—775§-al :

where the deltas can be back-propagated:

11761 (1 — gf
E 0, wy: |a J (1—a;)
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Error Backpropagation — Example
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Error Backpropagation — Example

¥y = F1O00Xt + WeemYa)
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Error Backpropagation — Example

Va = fz("'(n)z-"l + "'(x2)2~"2)
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Error Backpropagation — Example

V3 = f3("'(x1)3-"1 T W3 ¥y )
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example
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Error Backpropagation — Example

. df(e) .
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Error Backpropagation — Example

. df,(e)

W2 = Weenyy 17765 o Y
. df,(e)
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Error Backpropagation — Example

_dfs(e)

N I ’

"
VY
de

_dfs(e)

"
Vs
de

53



