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Artificial Neuron

Artificial neuron is a set (f,w, b) , where
» f:R — R is called activation function,
» w € R” vector of weights,
» b e R bias.

Output ... y = f(3_; wjx; + b)

Bias
b
X O——W;
Activation
Function
Output
Inputs X O Wz 7 f Y

X, O—> W,

Weights

Figure 1: Model of artificial neuron.



Artificial Neural Networks (ANN)

Figure 2: Artificial neural network.



ANN for Image Recognition

» Flatten the image and feed it through ANN as a vector
» High dimensions = huge number of parameters

» No spatial structures recognition



Convolutional Neural Networks (CNN)

Core concepts

> Local receptive fields

» Weight sharing

» Local structure recognition
Architecture

» Convolutional Layer

» Pooling

» Fully Connected Layer



MNIST Dataset

> Set of 28x28 examples of handwritten digits
» 60 000 train examples, 10 000 test examples
» Pixels corresponding to grayscale levels

Figure 3: Example of MNIST Dataset.



Convolutional Layer

S(i,j) = (I « K)(i,)) ZZImn)K(I—mJ—n) (1)
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Figure 4: Convolution by 3x3 convolutional filter.



Convolution Layer

Forward pass
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Activation functions
» RelLU (Rectified Linear Unit)

f(e) = {f £>0,

0 otherwise.

» Softmax function



Figure 5: Learned features of 5x5 filter on MNIST Dataset.



Pooling

» Restraining the dimension

» Transition invariance
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Figure 6: Max-pooling scheme.




Figure 7: Max-pooling on 28x28 MNIST Data.




LeNet 5
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Figure 8: LeNet 5 architecture.



Learning weights

Cost function
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Regularization

Dropout
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Figure 9: Visualisation of dropout regularization.




Regularization

Cross-Entropy Loss

Cross-Entropy Loss

005

Loss: 0.013, Validation Loss: 0.090

Accuracy: 0.995, Validation Accuracy: 0.979

— tain
— valid

098

— train
— valid

2
Epoch

Loss: 0.104, Validation Loss: 0.117

2
Epoch

Accuracy: 0.984, Validation Accuracy: 0.979

— train
— valid

4
Epoch

Figure 10: Effect of dropout on overtrained net.




Batch normalization

Let x; represent values over a minibatch B = {xg, - -

s Xm }
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Normalized data allows networks to converge much faster



Spatial distortions

Generalization of dataset through data augmentation.
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Figure 11: Elastic distortions.



Results on MNIST Dataset

Architecture Error (%)
ANN (2-layer 784-800-10) 1.60
CNN (2-layer 32-128-10) 1.28
LeNet5 (6-layer 6-6-16-16-120-84-10) 0.80
CNN (5-layer 32-32-64-64-512-10) 0.55
CNN (5-layer 32-32-64-64-512-10, elastic distortions) 0.40

Comm. of 5 CNNs (6-layer 784-50-100-500-1000-10-10) 0.21



Visualisation of the results
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Figure 12: Confusion matrix for MNIST classification.



CNN in HEP
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Figure 13: Detected features for different interactions.



Thank you for your attention
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