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And that multiple neurons form a Neural Net!

Feed Forward Networks

will be useful in TransformersParameters = (2x6)

Parameters = (6x2)

will be useful in RNNs
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Plan

• Cover each section at a high level 

• Deep dive into the models
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Loss Functions*

• Regression setting - Mean Squared Error 

• Classification setting - Cross Entropy unlikelihood
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Stochastically, more of the loss 
landscape accounted for in 

gradient descent

Noisier updates 

Improves generalization

• Skip Connections

Gradient that 
would’ve otherwise 

vanished
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• Early Stopping - before it has the time to become uneven

• L1/L2 regularization

• Dropout

• Learning Rate

• Batch Norm
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Few-Shot Principles
they prime you to understand deep-learning

A.  Inputs need encoding
B. Training/Learning → weight/parameter updates → 

Backpropagation → Loss function
C. Loss ~ distance from ideal distribution
D. Purpose of training is to maximize the likelihood of training data
E. Optimization algorithms help backprop reach low loss optimally
F. Regularization ensures you don’t overfit



INPUT

HIDDEN LAYERS ~ MODEL
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i
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i

yi

OUTPUT

Using pre-trained 
models that 
have learned from 
large datasets 
and adapting them to 
new tasks…..
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