Multi-Layer Perceptron



Perceptron

Perceptron (F.Rosenblatt, 1975)
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Perceptron

« (Example) OR gate
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Perceptron

« (Example) XOR gate — single layer
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Linear Classifier

 Single layer perceptron
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Linear Classifier

« Image with 4 pixels & 3 classes (Cat / Dog / Ship)
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Linear Classifier

* Visual Viewpoint
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Linear Classifier

« Geometric Viewpoint
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Linear Classifier

« Hard cases for a linear classifier

Class 1: Class 1: Class 1:
First and third quadrants 1<=L2norm<=2 Three modes
Class 2 Class 2: Class 2:

Second and fourth quadrants Everything else Everything else




MLP

« (Example) XOR gate — 2 layers

. oo | oy

b
i1 ] [
. 0 >
0 ] 1
def XOR(=1, x2):
1 1 il

51 = NAND(x1, x2)
sd = OR{x1, x2)

= AND(s1, s2)
return y

- multiple-layer perceptron 22 nonlinear classification 72 7} |
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Activation function (2
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MLP

« Multilayer Perceptron (Rumelhart, 1986)
— Input layer (layer 0)
— Hidden layers (layer 1, 2, ....)
— Output layer
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e Architecture

output layer
input layer

hidden layer

B

“2-layer Neural Net’, or
“1-hidden-layer Neural Net”
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MLP

« Feedforward computation
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¥ Torwara-pass Layer neuralL network:

f = lambda x: 1.6/(1.0 + np.exp(-x)) # activation function (use sigmoid)
X = np.random.randn(3, 1) # random input vector of three numbers (3x1)

f(np.dot(Wl, x) + bl) # calculate first hidden layer activations (4
f(np.dot(W2, hl) + b2) # calculate second hidden layer activations (4

hl
h2
out = np.dot(W3, h2) + b3 # output neuron (1x1)
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MLP

Softmax function
— Classification network 2| =%
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MLP

Loss Function
1) Mean square error (MSE)
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2) Cross entropy error (CEE)
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MLP

« Learning algorithm
— Loss function & %23t 5= W & Tot= 24

— Optimization =X
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Training MLP
« Approach

— Non-convex problem
— Local search technique
Gradient descent method

— Hill-climbing & &
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Training MLP

« Learning a Perceptron
— Error function
E=3(t—y)P=3@-WX)3
— W* =argmin E(W, X)

— Update rule
oE
Aw, = —n—, Vi
Wi n: learning factor
Wisg =W + AWI

Aw;=n(t —y)x;, i=0,..,d

Update = LearningFactor - (DesiredOutput - ActualOutput) - Input

WiWi

Gradient descent
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Training MLP

(Example)

WE

AW=ayX=1-(1-(-1))-[0 0 1]=[0 0 2]

Wisr =We +AW =[02 05 03]4+[0 0 2]=[02 05 23]



Training MLP

« Learning MLP _ 1
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Training MLP

 Error Back Propagation Algorithm
- QF gQum €ad|E

— D.Parker, 1982



Training MLP

(Example)
01 03
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Training MLP

(Example)

8y = (d—y)y(1—y) = (-1 —0.542)0.542(1 — 0.542) = —0.383

AW =aé,Z=1-(-0383)-[0.525 0.574] =[-0.201 —0.220]

8,1 =2 (1—y) 8, wy = 0525 - (1 —0.542) - (—0.383) - 0.1 = —0.009
8,2 = 2,(1—y) 8, wy = 0.574 - (1 — 0.542) - (—0.383) - 0.2 = —0.020

—0.009 —-0.009 0 O
AV =aé, X=1": [_0_020] [1 0 0]= [—0.020 0 0



Training MLP

 Training a 2-layer network => only needs 20 lines

impart numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in}, randn(N, D_out) Define the network
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2089):
=1/ (1 + np.expl(-x.dot{wl)})
y_pred = h,dot(w2) Forward pass
loss = np.square(y_pred — y).sum()
print{t, loss)

grad_y pred = 2.2 % (y_pred - y]
grad_w2 = h.T.dot{grad_y_pred)

grad_h = grad_y_pred.dot{w2.T)

grad_wl = x.T.dotlgrad_h = h % (1 - h))

Calculate the analytical gradients

wl —= le—4 % grad_wl

P —— Gradient descent
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Training MLP

 Training Error / Validation Error
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Training MLP

 Setting the number of layers

3 hidden neurons 6 hidden neurons 20 hidden neurons

T

more neurons = more capacity
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Training MLP

* Hyperparameter
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« ANN_MLP Class

cyalgorithm

cyml:stathdodel

cvomlzARN_MLP

OpenCV

Public Types

enum ActivationFunctions {

}

IDENTITY =0,
SIGMOID_SYM =1,
GAUSSIAN = 2,
RELU = 3,
LEAKYRELU =4

enum  TrainFlags {

}

UPDATE_WEIGHTS =1,
NO_INPUT_SCALE =2,
NO_OUTPUT_SCALE=4

enum  TrainingMethods {

}

BACKPROP =0,
RPROP =1,
ANMNEAL =2

29



Letter_recog.cpp

static bool
build_mlp_classifier( const string& data_filename,const string& filename_to_save, const string& filename_to_load )

const int class_count = 26;
Mat data;
Mat responses;

bo?l ok ; read_num_class_data( data_filename, 16, &data, &responses );
if( lok
return ok;

Ptr<ANN_MLP> model ;

int nsamples_all = data.rows;
int ntrain_samples = (int)(nsamples_all*0.8);

// Create or load MLP classifier
if( !filename_to_load.empty() )

{
model = load_classifier <ANN_MLP>( filename_to_load);
if( model.empty() )
return false;
) ntrain_samples = 0;
else
{

Mat train_data = data.rowRange(0, ntrain_samples);
Mat train_responses = Mat::zeros( ntrain_samples, class_count, CV_32F );

// 1. unroll the responses
cout << "Unrolling the responses...fn";
for( int i =0; i <ntrain_samples; i++ )

int cls_label = responses.at<int>(i) - 'A';
train_responses.at<float>(i, cls_label) = 1.f;

// 2. train classifier

int layer_sz[] = { data.cols, 100, 100, class_count };

int nlayers = (int)(sizeof(layer_sz)/sizeof(layer_sz[0]));
Mat layer_sizes( 1, nlayers, CV_32S, layer_sz );
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#if 1
int method = ANN_MLP: :BACKPROP;
double method param = 0.001;
int max_iter = 300;

#else
int method = ANN_MLP: :RPROP;
double method_param = 0.1;
int max_iter = 1000;

#endi f
Ptr<TrainData> tdata = TrainData::create(train_data, RON_SAMPLE, train_responses);
cout << "Training the classifier (may take a few minutes)... #n";
model = ANN_MLP: :create();
mode | ->setLayerSizes( layer_sizes);
mode | ->setAct ivationFunct ion (ANN_MLP: :SIGMOID_SYM, 0, 0);
mode | —>setTermCriteria(TC(max_iter,0));
mode | ->setTrainMethod(method, method_param);
model—->train( tdata) ;

) cout << endl;

test_and_save_classifier (model, data, responses, ntrain_samples, 'A'
return true;

, filename_to_save);

31



