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Recap of supervised ML 0
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Linear classifiers
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Linear classifier -> “feature” learning
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First attempt at feature learning
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Second attempt
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Activation functions
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“Deep” neural networks
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Universal function approximation

Theorem (1D case): Given any smooth function f: R — R, closed region D c
R, and € > 0, we can construct a one-hidden-layer neural network f such that

max|f(x) — f(x)| < €

Proof: Select some dense sampling of points (x(i), f (x(i))) over D. Create a

neural network that passes exactly through these points (see below). Because
the neural network function %w@near, and the function f is smooth,
by choosing thea¥) close enduigh together, we can approximate the function

arbitrarily closely. ﬂ/& ,)q _ e C W — GQ
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Universal function approximation

Assume one-hidden-layer ReLU network:
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Backpropagation

For SGD or variants, we need to compute gradients of the loss with respect to
weights (parameters)
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The gradient (recap)

A key concept in solving optimization problems is the notation of the gradient
of a function (multi-variate analogue of derivative)

: x+ h)— f(x
Derivative: f’(x) — lim f( ) — /(=)
h—0 h
Parti tvative: A partial derivative of a function of several variables is

erivative with respect to one of those variables with rest constant
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The gradient (recap)

For f: R"™ — R, gradient is defined as vector of partial derivatives
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Backpropagation algorithm
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Computation graph

Directed Acyclic Graph to represent the functions computed

- Root node has the final expression, intermediate nodes have subexpressions

- Convenient to compute gradients, used in popular frameworks like pytorch
and tensorflow
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Computation graph example



Computatlon graph chain rule




Computation graph: gradients along edges
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Computation graph
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Auto diff






Multi-layer perceptron recap
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Piazza poll question
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Piazza poll question
etk with o Tresn @uoe

38



%

¢ )

Residual connection
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Figure 2. Residual learning: a building block.
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Residual connection

Two interpretations

1. Easier to preserve identity / good features

2. Addresses vanishing gradients due to “shortcut” connections
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Normalization

JZRSCK.OO\QMKL’UE:—CO"T Mag

EXNV D%

%LWGL '(!J-fw\'- . (Z"# (ECZJ g J‘_A
GL o (2 ks 0-"-‘-*#0(
’2!(“@ P fv (2{)+e ) ot by 30
é\ R (’alBU\- {\: \9’{@ /\ p\w"(”“‘

41



The canonical architecture: transformers
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