APS360: Applied Fundamentals of Deep Learning

Week 1: Artificial Neural Networks - Part |
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Material & Resources

Course Website http://dg.utoronto.ca

Textbooks (Optional, free online):

e Dive into Deep Learning https://d2l.ai
e Deep Learning: Foundations and Concepts https://www.bishopbook.com
e Deep Learning Book https://www.deeplearningbook.or
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What is Deep Learning?
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Terminology

Artificial Intelligence (AI) :broad & poorly
defined concept of developing computer systems

Artificial Intelligence

that can perform tasks normally only humans
could do

Machine Learning (ML) : computers learn by Machine Learning
example, from data, rather than being explicitly

programmed, to solve a task Deep
Learning

Deep Learning (DL) : A machine learning
method that learns multiple levels of abstractions

over data end-to-end
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Why do we need Machine Learning?

Much of computer science is the study of
algorithms, how to write a program to solve a
specific task.

Bosp

Typically we write a program to evaluate
some input with a set of clear rules that
determine the output

Imagine [ asked you to write a program to tell
me if there is a goat in my photos
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We need Machine Learning

e Almost any rule you can come up with will have some counter-example in the real
world

e [tisdifficult to formulate rules that cover all the conditions we are expected to
understand (and often we've never imagined them!)

e High-dimensional input space, hard to understand, we must first learn easier
representations

e We instead require a way to learn from a lot of examples how to solve a problem!
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Formal Definition of ML

"A computer program is said to learn from experience E with respect to
some class of tasks T and performance measure P , if its performance at
tasks in T, as measured by P, improves with experience E."

(Mitchell et al. 1997 )
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Deep Learning
Deep Learning is the latest version of Artificial Neural Networks (ANN) |, or
Connectionism an old ML method

Neural Networks were inspired by the brain... like a jet plane was by birds

A

Deep Neural Networks

Human-Level Performance

Shallow Neural Networks

Performance

Conventional Machine Learning
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History of Deep Learning

Beginnings
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Deep Learning: Successes and Caveats
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Deep Learning Success: Machine Translation

English v | & Persian v
Welcome to the X S (e (554l 093 4
"Applied 3.3l i "G 5,80
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Deep Learning I g0 B et S

course. During
this course, you
will learn how to
implement
neural networks.

Did you mean: Welcome to the "Applied ...
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Deep Learning Success: Drug Discovery
MIT News

ON CAMPUS AND AROUND THE WORLD £< SUBSCRIBE

Artificial intelligence yields new antibiotic

A deep-learning model identifies a powerful new drug that can kill many
species of antibiotic-resistant bacteria.

Anne Trafton | MIT News Office
February 20,2020
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Deep Learning Success: Speech Recognition

£  Subtitles/CC

off
+ English (auto-generated)

Auto-translate

brain cells and that was a fascinating

This setting only applies to the current
video. Adjust caption visibility in
for all videos.

P> Pl ) 044/718
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Deep Learning Success: Image Generation

A photo of a confused grizzly A pre raphaelite painting of robot apes showing A spooky swamp with mist

bear in calculus class a person waiting for their affection for their young and fog rising up towards
iPhone to power on after ones. the bright moonlight
plugging it back in
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Deep Learning Success: AlphaFold
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DeepMind’s Al predicts structures
for a vast trove of proteins

AlphaFold neural network produced a ‘totally transformative’ database of more than
350,000 structures from Homo sapiens and 20 model organisms.

Ewen Callaway




Deep Learning Success: AlphaGo
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Deep Learning Success: Mathematics

sciencea

lerte Trending

v
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Al Is Discovering Patterns in Pure Mathematics
That Have Never Been Seen Before

£
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Deep Learning Success: Code Generation

#! /usr/bin/env ts-node

import { fetch } from "fetch-h2"

\ n isPositive(text: string): Promise<boolean>
const respons await fetch( http://text-processing.com/api/sentiment/’
method: "POST"
body: "text=35{t
headers
"Content-Type": "application/x-www—form-urlencoded"

json
"pos"
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eep Learning Success: Language Modelling
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This is a picture of Barack Obama. He is a former president of
the United States.

@ How many people are there in this picture?

o
©)) | Ther ara tleast B people i this pictura

[SIM Where was this picture taken?

+
@ It was taken in a school.

[SI How many mirrors are there?

+
@ There are at least 2 mirrors in this picture.

(OB \hat is the person standing on?

s
@ The person is standing on a rug.

(M 1 i standing on a scale

o
G | ithinkyou sreright

()

+
@ He is looking at the scale.

@ Where is Obama'’s foot positioned?

o
&) [Fopames oot positonad on the nht sde of thescia

[SMM \hat happens as a result?

.
© | The scele shows a higher weight

[SI 1 the person on the scale aware of it?

4
@ | think he is not aware of it.

(S 06 you think that's why people are laughing?

+
@ I think so.
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Deep Learning Success: Simulators
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Al “Magic” Just Removed One of the Biggest Roadblocks
in Astrophysics

TOPICS: Artificial Intelligence Astronomy Astrophysics Machine Learning Popular Simons Foundation
By SIMONS FOUNDATION  MAY 8, 2021

Supér-Resqution

»
. 4

Simulations of a region of space 100 million light-years square. The leftmost simulation ran at low resolution. Using machine
learning, researchers upscaled the low-res model to create a high-resolution simulation (right). That simulation captures the
same details as a conventional high-res model (middle) while requiring significantly fewer computational resources. Credit:
Y. Li et al./Proceedings of the National Academy of Sciences 2021



Deep Learning Caveats: Interpretability

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE: DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSIERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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Deep Learning Caveats: Adversarial Examples

Clean Noise Adversarial
Image — Example

4 .2 4.8
Dog Ostrich
Confidence: 92.2% Confidence:
98.2%
TORONTO
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Deep Learning Caveats: Causality
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Deep Learning Caveats:Fairness & Bias
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PAPERS

BRIEF HISTORY Of FAIRNESS IN ML

OH, CRAP.

LOL FAIRNESS!!
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Bias in ML: Examples

e A 2016 arXiv paper, claimed to be able to
predict whether someone was a convicted
criminal or not solely from a driver's
license-style photo with 90% accuracy

e When looked at in detail, images of
criminals were collected from government
IDs, while non-criminal face images were
collected from the internet

Wu and Zhang’s “criminal” images (top) and “non-criminal”
images (bottom).
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https://medium.com/@blaisea/physiognomys-new-clothes-f2d4b59fdd6a

Bias in ML: Examples

GLOBAL HEADCOUNT
MW Male M Female

Amazon

Facebook

Jeffrey Dastin, S
Amazon scraps secret Google
Al recruiting tool that Microsoft
showed bias against - 50 100%
women, Thomson
Reuters (2018) EMPLOYEES IN TECHNICAL ROLES
Apple

Facebook

Google

Microsoft
. 50 100%
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Machine Learning Basics
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Machine Learning

Supervised Learning

e Regression (real-valued or continuous value) or Classification (categorical or 1 of N)
e Requires data with ground-truth labels/outputs

Unsupervised Learning

e Self-supervised Learning, Semi-supervised Learning
e Requires observations without human annotations

Reinforcement Learning

e Sparse rewards from environment (e.g., won/lost)
e Actions affects the environment (dynamic nature)
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Supervised Learning

Model learns to maps an input to an output based on example input-output pairs.

Much like a teacher guides a student, but with many more examples

Person :
—— 1 Bicycle
Forward
“Strawberry” —»@4— “Bicycle”

| H‘Jlj/,fms ) Enror

3
Strawberry abeled datal

Training

Backward

Model weights

Forward
Inference “Bicycle”

?2?22?27??
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Fitting a Polynomial (Regression)

Suppose we use function t=sin(2mx)+e€ to generate 10 data points.

The goal is to predict the value of t for some new value of x, without knowledge of

the green curve.

Training is finding a set of optimal weights to best approximate the function

M
y(:z:,w)=wo+w1m+w2m2—|—...—|—waM=ijxj '
7=0

—1
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Loss Function

We want to learn the coefficients (weights) such that the the predictions are as
close as possible to the training data.

1 N
é E(W) = 5 Z {y(wnvw) - tn}z

Y(@n, W)

Y

Tn
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Model complexity

How should we decide the polynomial order?

® Training
® Test

Error

Polynomial Order (M)
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Train/Validation/Test splits

we cannot use all our data for training, need to use some to test our model

Common mistake is to keep trying until favourable outcomes are achieved on the
testing data, Effectively making your testing data the same as your training data and

leads to over-fitting!

Train on training, tune hyper-parameters on validation, evaluate sparingly on test set

Dataset

Stratified sampling lwithout replacement

Training

Validation
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Avoiding overfitting: More Data

Below is the fitting of a model with M=9 with 15 (left) and 100 (right) training
examples.

More data helps the model to learn better and generalize better
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Avoiding overfitting: Regularization

M=0 M=1 M=3 M=9
wi | 011 000 012 0.26
w} ~158  11.20 —66.13 | 8
w} ~33.67  1,665.69 VI | FET IR
w} 2243 —15,566.61 E(w) = > {y(wn, w) = tn}" + 5wl
wj 76,321.23 n=1
w} —217,389.15 2 _ - To. 9 2 2
wh 370, 626.48 [w(*=w"w=ws+wi+...+wyy
w? —372,051.47
wy 202, 540.70
wy —46,080.94
® [
: InXx=0
o
i )/
(4
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Artificial Neuron
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Simplified Biological Neuron

Dendrites receive information from other
neurons.

Cell body consolidates information from the
dendrites.

Axon passes information to other neurons.

Synapse is the area where the axon of one
neuron and the dendrite of another connect.

UNIVERSITY OF

¥ TORONTO

X

impulses carried
toward cell body
branches

of axon

dendrites

axon

terminals

nucleus

2

impulses carried
away from cell body

Axon Fexrwinals
. ek
Acxon poYenial SUNAPSE

Pre-synaptic
("send?n;'ﬁﬁczll

Post -synaptic

Dendrires (receiving") cell



Artificial Neuron

X, is the input such as a pixel in an image

I w1
axon from a neuro>r1.\\\_§ynap5e
N Piey
W, is the weight for input x, that we learn for this e
particular input

b is the bias, a weight we learn with no input

cell body f (Z wid; + b)
era Z w;x; +b : >
7 output axon
activation
function
f is the activation function that determines how our
output changes with the sum of all weight-input
products

Y is the output such as the class an image belongs to

y, = f(w-x+Db)

X
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Artificial Neuron

year

sq>

#rooms

finished

price
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Y, = f(w-x+b)

e ™
2001
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f( 5

1
4
~ 7/ U U

If f(x)=x then:

~N

< =

N

+b) = [1.51\/{}

2

3

=

yp=2001W1+3000W2+5W3+1W4+b



Neuron with a Linear Activation Function

What is wrong with a linear activation function? ' A
e Most real datasets are not linearly separable , e.g. we can't find .. : ..
a line that separates classes well in a classification problem N . : .
e We can learn non-linear transformations of our data to help . : :
e Multiple layers with non-linear transformations help ‘. "
e No advantage from multiple linear layers — composite is a I B. oo
linear layer ® .‘....
WOWROW®x - '.o : ®
\ - Yw,x , o ® . ..

P
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Larily Activation runctons.
Perceptrons

First artificial neurons (1943-70s) used a simple binary
activation function based on which side of the hyperplane
the input is:

f(x) = sign(x) Sign function
0, if 0
f(z) = { 1’ ?f ! i 0 Heaviside (unit) step
 BE= function

This is called the decision boundary
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Larily Activation runctons.
Perceptrons

First artificial neurons (1943-70s) used a simple binary
activation function based on which side of the hyperplane
the input is:

f(x) = sign(x) Sign function
0, if 0
f(z) = { 1’ ?f ! i 0 Heaviside (unit) step
 BE= function

This is called the decision boundary

These functions are not differentiable,
continuous, or smooth
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Sigmoid Activation Function

Sigmoid activation functions were the most common before 2012:

e Easily differentiable, smooth, continuous 10

e Range between [-1, 1] or [0, 1] 051

0.0 1

tanh(x)

There are many sigmoid functions, the most common are: = _ ..

—-1.0 4

f(z) = tanh(x) Hyperbolic tangent

1
f(z) = Logistic function 1.0
14+e %
0.8
506
o
Eoa4
0.2
& N 0.0 A 18
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Sigmoid Activation Function

Sigmoid activation functions were the most common before 2012:

= sigmoid
= derivative

e Easily differentiable, smooth, continuous
e Range between [-1, 1] or [0, 1]

There are many sigmoid functions, the most common are:
f(z) = tanh(z) Hyperbolic tangent ‘ \

flz) = — 1

1oz Losgistic function —

Saturated neurons “kill” the
gradients -4 -3 =3 21 i 1 2 3 4

& Gradients become vanishingly small
¥ TORONTO very quickly away from x=0



ReLU ACﬁvation Function | ReLU activation function

Modern deep learning typically uses the Rectified Linear

Output
o

Unit (ReLU) based activation functions:

ReLU(z) = (z)" = max(0, z) ReLU N

—6

& NIVERSITY OF
% TORONTO



.
h -4

ReLU Activation Function

Modern deep learning typically uses the Rectified Linear
Unit (ReLU) based activation functions:

ReLU(z) = (z)" = max(0, z)

T,

LeakyRELU(z) = {

Z,

ax,

PReLU(z) = {

negative_slope X z,

otherwise

ReLU

Leaky ReLU

Parametric ReLU

Very easy derivatives 0 or 1, use 0 at x=0
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output

-4

—6

-2

-4

—6

RelU activation function

-6 -4 -2 0 2
Input

PRelU activation function




SiLU activation function

Continuous Approximations of ReLU .

We can approximate ReLU activation by continuous functions: % ..

—6

; T i
SiLU(z) = z.o(z) = = SiL.U L
(SWISh) Softplus activation function
1 °
SoftPlus(z) = Elog (14 ™) SoftPlus .
Work on par or better than ReLU functions
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Questions?
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