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Generic Neural Network Model
RelLU Activation

Softmax Activation

One-Hot Encoding
Multi-Class Classification
Cross Entropy Loss

Stochastic Gradient Descent



MLP — Graphical Representation
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Input Feature Matrix
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Forward Propagation
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MLP — Mathematical Representation
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FRell Activation Functions
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Multi—Class Classihcation




Multi—Class Classihcation
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One-—-Hot Encoding on Labels
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Softimax Activation on
Predictions

Probability of the m-th sample being
predicted as a member in class 1



Review: Model Training

Prepare datasets: train, validation

(Randomly) Initialize model parameters: weights, biases.

Evaluate the model with a metric (e.g. CE, MSE).

Calculate gradients of loss.

Update parameters a small step on the directions descending the gradient of loss.
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Repeat 3 to 5 until converge.



Prepare Datasets: Training

A dataset with M, samples:
e Each sample has N, features: x = 1,25, ..., 2,
e FEachsample islabeled: y = y1,%2,...,yn;

D — {((1)X7 (1)y), ((2)X7 (Q)y), L ((Mtr)X7 (Mtr)y)}



Prepare Datasets: Validation

A dataset with M, ( M, < M,,) samples:

Each sample has N features: x = 1, %s,...,Zn,
Each sample is labeled: ¥ = 1,%2; - - -, YUn,
Validation dataset can be used to evaluate model.
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e Validation dataset does not participate into model updating
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Model Evaluation Metrics

Mean Squared Error (MSE)
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Back—-Propagation
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Stochastic Gradient Descent
Optimization

Given dataset: D = {(Vx, Vy), (Dx, @y ... (Mx My
Set hyper-parameters: number of iterations/epochs, learning rate( o)
Initialize model parameters: W bl

Repeat until converge
o Extract a batch of data: B = {(Wx, Vy), (Fx, @y), ... (M)x My M, <= M
Make predictions
Evaluate model
Compute gradients
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Update model parameters (back-propagation) with batch
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