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Todays: Learning objectives

Data structures for deep learning

Big picture: connecting simple regression concepts to deep learning

Neural networks: what they are — an introduction to dense networks

Training & deployment: building networks and avoiding overfitting

Learning tasks & model families: common tasks and neural network architectures

Tooling: intro to Google Colab and why GPUs fuel deep learning

Todays goal: High level survey of the landscape of the field deep learning in 2026




Where does deep-learning fit in the data
science life-cycle?

To “get in the zone” after a long weekend let’s recall some data
science fundamentals



Roadmap: The data science life-cycle
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Everything starts with data!!

e What does data look like? The following are examples of common types of data
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The internal “nature” or characteristic of
the data dictate many downstream
modeling decisions.




Unit of analysis/observation

e A“unit of analysis” refers to the individual entity or object that data is observed
e |tis the fundamental element for which data is recorded, measured, or analyzed.

Examples
e [ndividual e Customer
e An image e Participant
e Household e Market Segment
e Organization e Network Node
e Region e Product
e Country e Event

e Transaction

Record Data

ID height (ft) weight(Ib)  adult/child ’n\

Imag data
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e Species

e Time Interval
e Document

e Behavior

® Process

e Social Group

Network data

This is typically what defines your “x” (model input) and “y” (model output)




Machine lea rning Pa radigms We will focus primarily on supervised learning today
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Supervision and labels

e Consider an amusement park with a hidden
scale and height sensors

laser sensor
records height

AR T
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e Data collection is fully automated

Un-labeled data
(i.e. no categorical labels)
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hidden scale
records weights
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e Now consider a human supervisor manually
recording categories

attendant records age-group
(human supervision)

C=children

A = adult

T=teen

e This leads to labeled data
labeled data

(with categorical labels)

index D height(ft) weight (Ib) | adult/teen/child
0 1 h, W C
1 2 hz W2 A

e Labels tag categorical variables

Categorial variables in deep learning are typically one hot encoded




Supervised learning: Big picture

e Models leverage structure and relationships in the data

(No hat: Observed target)

Input space: X |
- Features Jargon
_ Predictors Structure or — Qutput space: Y
R relationship
- Regressors - Targets
#
- Inputs | C. - Target Variables
- Independent Variables| exists in data - dependent variables
- Va nables Target—The truth. What your model should ideally have predicted, according

to an external source of data.

e Qur goal is to train models to “learn” this relationship

Input space: X Irainec modes Output space: Y

Iearns relationShip Prediction or output—What comes out of your model.
. t
M |: =y = .
odel: yyeq =y = m(x| vlv) (hat: model prediction)
Alternative notations
Parameters: Often our model has for parameters
learnable fitting parameters H 'B

e Once trained, we use the model to make predictions Y, given an un-seen input X
e |f no relationship in the data exists, then the model with be useless, the stronger the
relationship, the better a well trained model will likely be



Supervised learning: Example

e The structure and type of data dictate what type of modeling options are available
* [n many cases, “learning” just means fitting a parameterization of a function
e Classification problem: Known Numerical — Categorical relationships exist.
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Tabular data

Let's consider some toy data in the form of a standard data frame where we've one hot

Collect data on houses LIl resulting in a cleaned Pandas data-frame

sample (batch) dimension

encoded our categorical variables.

Feature dimensions

continuous | type (one-hot) target
i sqft age condo house town price
0 1450 12 0 1 0 410.0
1 980 45 1 0 0 265.5
2 2100 3 0 1 0 620.0
3 1320 28 0 0 1 355.2

() real-valued

(] binary, exactly one 1 per row

i sample input  X; = (x, X}, X}, x}, x2)

Sample or input—One data point that goes into your model.

() what we predict

> y = continous




Learning tasks: Regression

» Scalar regression—A task where the target is a continuous scalar value. Pre-
dicting house prices is a good example: the different target prices form a con-
tinuous space.

continuous A type (one-hot) target J
i sqft age condo house town price
0 1450 12 0 1 0 410.0
1 980 45 1 0 0 265.5
2 2100 3 0 1 0 620.0
3 1320 28 0 0 1 355.2
() real-valued () binary, exactly one 1 per row () what we predict

» Vector regression—A task where the target is a set of continuous values: for
example, a continuous vector. If you're doing regression against multiple val-
ues (such as the coordinates of a bounding box in an image), then you're
doing vector regression.

Outputs determine
learning task

Scalar regression
— y=410.0

Vector regression

— Y = (y1, ) = (410.0,2400)

continuous : type (one-hot) : targets (2 outputs)
i sqft age condo house town price rent
0 1450 12 0 1 0 410.0 2400
1 980 45 1 0 0 265.5 1650
2 2100 3 0 1 0 620.0 3100
3 1320 28 0 0 1 39912 2050

() real-valuedinputs (] binary, one 1per row () two continuous outputs



Learning tasks: Classification

Binary classification—A classification task where
be categorized into two exclusive categories.

| continuous ] type (one-hot) target
sqft age condo house town sold
1450 12 0 1 0
980 45 1 0 0
2100 3 0 1 0
1320 28 0 0 1

() real-valued inputs

() binary, one 1 per row

() binary label, 0 or 1

each input sample should

Binary classification
—— y=0orl

Multiclass classification—A classification task where each input sample
should be categorized into more than two categories: for instance, classifying
handwritten digits.

Multi-class classification

continuous type (one-hot) label one-hot for softmax
sqft age | condo | house | town status sold | pending | listed
1450 12 0 1 0 sold 1 0 0
980 45 1 0 0 listed 0 0 1
2100 3 0 1 0 pending 0 1 0
1320 28 0 0 1 listed 0 0 1

() real-valued inputs

() one-hot inputs

() class label

() one-hot target (softmax)

> y — (y19y29y3) — (19090)



Supervised learning: Jargon

Scalar regression (i.e Curve fitting)
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Classification and regression glossary

Classification and regression involve many specialized terms. You've come across
some of them in earlier examples, and you’ll see more of them in future chapters.

They

have precise, machine-learning-specific definitions, and you should be familiar

with them:

Sample or input—One data point that goes into your model.
Prediction or output—What comes out of your model.

Target—The truth. What your model should ideally have predicted, according
to an external source of data.

Prediction error or loss value—A measure of the distance between your
model’s prediction and the target.

Classes—A set of possible labels to choose from in a classification problem.
For example, when classifying cat and dog pictures, “dog” and “cat” are the
two classes.

Label—A specific instance of a class annotation in a classification problem.
For instance, if picture #1234 is annotated as containing the class “dog,”
then “dog” is a label of picture #1234.

Ground-truth or annotations—All targets for a dataset, typically collected by
humans.

Binary classification—A classification task where each input sample should
be categorized into two exclusive categories.

Multiclass classification—A classification task where each input sample
should be categorized into more than two categories: for instance, classifying
handwritten digits.

Multilabel classification—A classification task where each input sample can
be assigned multiple labels. For instance, a given image may contain both a
cat and a dog and should be annotated both with the “cat” label and the
“dog” label. The number of labels per image is usually variable.

Scalar regression—A task where the target is a continuous scalar value. Pre-
dicting house prices is a good example: the different target prices form a con-
tinuous space.

Vector regression—A task where the target is a set of continuous values: for
example, a continuous vector. If you're doing regression against multiple val-
ues (such as the coordinates of a bounding box in an image), then you're
doing vector regression.

Mini-batch or batch—A small set of samples (typically between 8 and 128)
that are processed simultaneously by the model. The number of samples is
often a power of 2, to facilitate memory allocation on GPU. When training, a
mini-batch is used to compute a single gradient-descent update applied to
the weights of the model.

Source: Deep Learning with Python: FRANCOIS CHOLLET



What is deep learning?

Artificial
intelligence

Machine
learning
Deep
learning

Before jumping into the details, let's start with a big picture summary.
Model: y,,., =y = m(x|w)

In deep learning function our model is a special function called a neural network

R? - R!



Deep learning

® Deep learning: learning successive layers of increasingly meaningful representations

o Also known as layered representations learning or hierarchical representations learning.

Depth=Number of layers (i.e. representations)

Better - even better
DATA —~ -’representation -’representation_’ - Andsoon gy 0w learning —> only 1 or 2 layers

Deep learning —> more than 2 layers

e Typically “deep learning” refers to modeling with an artificial neural network. Deep
learning can be used in supervised, un-supervised, or RL applications

Dense artificial neural network (ANN) Model:

A

single § -y, single
sample = output
point o2 point

{ |

iInput layer

hidden layers

output layer

Todays goal is to understand this model and some of its variants



Where does deep learning live in the space of machine learning?

e Artificial neural networks have been so successful that they are commonly used in all subfields

of machine learning
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Common deep learning problems

e We can apply the ANN modeling paradigm to various familiar ML tasks, here are some of the

most common.
Multi-class Classification

Binary Classification Multiple Class-probability outputs
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Common Neural network architecture

e The type of data you have dictates which architecture you should use

e General classifier/regressor (MLP), image data (CNN), text data (LSTM or Transformer).
Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) Deep Feed Forward (DFF)

e The the  of

logistic regression shallow ANN \‘.\'}:l
linear regression ¢ IO

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU) Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)
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Auto Encoder (AE) Variational AE (VAE)
Deconvolutional Network (ON)

S AT
e A s

© Backfed Input Cell

. Match Input Output Cell
Generative Adversarial Network (GAN)  Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

. Input Cell . Recurrent Cell AR
® moyrontin YaTaTaTaTay

isy Input @ Memory ceu P DI
. Hidden Cell ‘ Different Memory Cell

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)

@ rrobablistic HiddenCelt () Kernel
. Spiking Hidden Cell . Convolution or Pool m % i %E
@ output ceu

SOURCE: https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464



Why now?

 The explosion of computational power, due to Moore's law and the gaming industry, has
enabled efficient and robust training of ML algorithms.

Moore's Law

Moore’s Law: The number of transistors on microchips doubles every two yvears [SEEHE
n Lata

Demand for video games
NINTENDOS*

Transistor count

Increased graphics

!
Better GPUs
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algebra computation

q
@ facebook —

" 3 VouTube

Google



Biological inspiration: neural networks ¢

e As the name suggests, ANNSs are loosely inspired by biological neural networks.
e The central nervous system is built of neurons, i.e the fundamental cognitive cell

Biological neural network

Biological Neuron

fundamental cognitive unit

closer look @
0
v ﬁ
51 \ OFF
Dendrites
A}
2 \ . %)
Axon hillock
(Threshold gate)

Axon hillock Axon terminal

Soma
Q —— O » sends out signals to
Nucieus Axon other neurons in the

Terminal
e w‘na network

Signals are combined . .
" / at the nucleus and action potential
sent to the axon hillock

e We can combine these neurons together into a large network of connected cells



Artificial neural networks

Artificial neuron

The fundamental unit of a neural network is the artificial neuron, which for sigmoidal activation, can
be interpreted as a binary logistic regressor

@

«y @
> S OFF
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s Sigmoid
® L weighted and Activation function
. 5 \WL\ biased signal :
o
"7> —> s-Zws+b—> fls) = —|—> f(s)
‘é' S3 — | + e™
c

Wy h neuron output
Sno Wy Trainable Fitting parameters

Artificial neural network

We can combine these together in a layered fashion, left to right, to form an ANN
Model = function + parameterization

. Wor p __
- known known
i 2| . ‘ ‘ 4§ inputs outputs
? : > N M
: = - - R
H o @A A 1
c ) 5
= . o optimize (train) the
Xy - . . weights and bias terms
' hidden layers

~ input layer Neural network model

y = NN(x|w)



Deep learning software tools

MOST POPULAR TOOLKITS

- TENSOR-FLOW % \ ,
GO gle TenslfFlow ’ NumPy a

* PYTORCH

Linear algebra Hyper threading

O PyTorch Keras

- THEANO (MILA U-Montral) 13
« COGNITIVE TOOLKIT CNTK TensorFlow
* (MICROSOFT) O PyTorch

- Keras

Keras is an open-source software library
. ngh-level API: Application Programming Interface
* Provides a python interface for deep learning tools
* Runs on top of TensorFlow,
» or Microsoft CNTK, or Theano
 Easy to use

Interest over time

Numerical optimization
X, 1 =X,—AVF(x,)

Automatic differentiation
oe de Oe

o"’l d“’z

aw,

® PyTorch ® TensorfFlow atte * M

L
Keras TensorFlow

_ * provide exposure
II O P)/TOI'Ch « Add extra line to

vour resume

} https://www.tooploox.com/blog/pytorch-vs-tensorflow-a-detailed-comparison



Word of caution: Biological vs ANN

(s J <)
00

Narrow vs general Al

2

It is important to distinguish between two fundamental paradigms of Artificial intelligence

Narrow Al General Al
o Application specific/ task limited Perform general (human) intelligent
action

o Fixed domain models provided by Self-learns and reasons with its
programmers operating environment

o Learns from thousands of labeled Learns from few examples and/or from
examples unstructured data

o Reflexive tasks with no understanding Full range of human cognitive abilities

o Knowledge does not transfer to other Leverages knowledge transfer to new
domains or tasks domains and tasks

o Today’s Al Future Al?




Pretrained vs. From Scratch

Trained from Scratch

Def: Random-initialized weights, trained on your data only
Use when:
e Domain is unique, no relevant pretrained model exists
e You have large labeled datasets
e Architecture is novel

Examples: custom tabular nets, novel research architectures, proprietary
sensor/signal data

Pretrained (Transfer Learning) — most common

Def: Reuse weights from a large general corpus (ImageNet, Common Crawl); freeze
backbone, swap task head

Use when:
e Limited data or compute
e Standard modality (image / text / audio)

e Fast prototyping
Examples: ResNet/ViT features, BERT/GPT embeddings, Whisper, CLIP

LLMs (GPT, Llama, Claude) are a class of pretrained models — trained once on
massive text corpora, then reused via prompting or fine-tuning



Fine-Tuning Overview

WhatItIs

e Start from pretrained weights, then continue training on task-specific data
e Adapts general knowledge to your domain without training from scratch

e Middle ground: more capable than frozen features, cheaper than scratch

How Much to Train

o Feature extraction: freeze backbone, train only new head (least compute)
o Partial fine-tuning: unfreeze top layers, keep lower layers frozen
e Fullfine-tuning: update all weights (most compute, best fit)

 PEFT (LoRA, adapters): train small added params, freeze the rest — standard for
LLMs

Use When

e Moderate task-specific data available
e Target domain shifts from the pretraining distribution

e Youneed peak task accuracy, not just off-the-shelf features

Key Considerations

e Learning rate: use small LR to avoid erasing pretrained knowledge

e Overfitting: small datasets overfit fast — use early stopping, regularization

o Catastrophic forgetting: aggressive tuning can wipe general capabilities

e Costvs. gain: PEFT often matches full fine-tuning at a fraction of the compute



(Going deeper ...)
10 Minute Calculus Refresher

Detour
—
MATH 00
¢, 000

In this section we will use the standard mathematical notation where
X Is the independent variable and Y is the dependent variable.



Recall: Univariate Derivative of a function

e Differentiation finds the instantaneous slope of the function at a particular point x

A )Y
f(x)
strink Ax till it's infinitally small
- Tangent line
Slope of tangent line
y df : f(x() + AX) _f(x()) (s
f(x,)) =—= lim — Jx)peeses .
dx  Ax—0 Ax : ,
Tangent line
(Limit definition of derivative) -

f(x,) = instantaneous rate of change of f(x) at x,

Think of the derivative as a “magic” compass that allows us to “find” the
“downward” direction from any position on a function.




Example: Derivative of a function

e The derivative f'(z) = % is a new function describing the slope of the first.

* |t provides the slope of the tangent line of the original function at each point
o l.e. you give me a some xg and I'll evaluate f’(xg) to give you the slope at

f(x) =z sin (x*) + 1

\
\ A = (-2,251)
2..
| | 0 | | |
-2 -1 0 1 P 3




Stationary points

e Many properties of f can be determined by the derivatives f' and f”

e Stationary points, i.e. minima, maxima, and inflection points, refer to special points where the
function does not change f' = 0 (i.e. horizontal tangent line).

e These can be either global (lowest or highest point) or local

0

I

local maxima

f(x): Objective function

Stationary
points

- df
- x=2.5 - -
0 L Necessary condition ] d X

Flo) = afx) _ local minima
dx minima

ol | maxima
4L x=0 global minima | constants

-4 -2 0 2 4 6

-0.2 -

0.4 |

0

e Optimization attempts to find minima or maxima of some objective function.

Why do we care? (LEARNING = OPTIMIZATION)

To build a good deep learning model, we use a loss function that scores the
quality of a model’s learning parameters. We then “learn” by minimizing that
error described by the loss function. This connects deep learning directly to the
world of mathematical optimization.




Example: Stationary points as roots of the derivative

Stationary f(x)= x5 - 3x%+ 6% - 3x% - 3x + 2
points 30y

_—t- local
[ maximum
daf :
. -
= () '
— '
d '

original function

minima
maxima
constants -

i

4 local

:\~—mm|mun

v L E
L '1ca

https://courses.lumenlearning.com/businesscalc1/chapter/reading-curve-sketching/ mmum

.-f'(X)

First Derivative

f'(x) = 6x% - 15x* + 18x% - 6x - 3




Multi-variable function types
Don’t over think it: you give the function an input vector (list of numbers), it outputs a scalar (number) in return

e Scalar fields: y = f(x) = f(z1,z2,...,zny) RY —RL

- IMPORTANT: In regression, the objective function is called the loss function L (or loss surface). For parametric modeling,

the loss surface is a scalar field over the model parameters. (e.g. L(w) depending on the parameter notation).

=T, )

vector input: x
scalar output: y

Don’t over think it: you give the function an input vector (list of numbers), it outputs a list of numbers (vector) in return

 Vector fields: y = f(x) = f(z1,22,...,2n8) = (Y1,¥2,---,yn) RY — RM,
o IMPORTANT: The loss function's gradient V.L(w) in regression is a vector field.

vector or scalar input: x r(r) = (x(®), y(1), 2(1))

vector output: y

Real world deep learning problems require multivariable calculus



Example: Partial differentiation

z=f(x,y) =x*+y? consider point: (x,y)=(2,-2)

* = constant = '
T 4

X = constant = 2

Partial derivative: y
hold x as constant and take derivative

with respect to y

Partial derivative: x
hold y as constant and take derivative

with respect to x

of 0 of 0
,_2 — — ,_2 fv(2’y)= - f(2’y)
K =2 =5 =5 =2 ) dy oy
=i(x2+4)=2x+0=2x =i(4+y2)=o+2y=2y
0x dy
Partial derivatives at x=2 , y=-2 f2,-2)= = 4 £2,=2)=2y |y=_2 = -4

Don’t over think it: It's similar to single variable calculus, except for you now have a list of derivatives instead of just one.




The gradient

e The gradient is the vector of partial derivatives V f(x) = (;;)
— I 2
z=fx,y)=x"+y
Partial derivatives can be calculated (Gradient Vector field)
foranyarbtaryxandypoms 2SR PRV AVR AN
WNANANNNNNY Y Y YL L2
A S ’“ (*)1”’“ QPO g NS\
S R, SN
o fe ) ol ® @ -
B AW WA\ 7)1l 2
....... N AN
/’, .:,:: \\\\\\\\\\\\\ :‘
// ‘\</// ......... \ \‘\/‘
—— - " . 3
— Ay
. o L ——y . N Gradient —> vector of partial derivatives:
X _ (9 o\ _
Vf(x.y) - (L(x-)’)-f;(x-)’)) — (Evg — (2-1.2)’)

 The gradient vector around a point X points in the direction of maximum increase of the
function. This makes it incredibly useful for optimization

Don’t over think it: It's similar to single variable calculus,
except for you now have a list of derivatives instead of just one.

For deep learning, just think of the gradient vector as a
“magic compass” that always points us uphill, which allows
us to find the top (or bottom) of the hill.




Aside: Jarreau’s Shirt

Fortunately we won’t be dealing with
partial differential equations today!

The Black-Scholes Equation soure: claude

oV 1, ,0%V oV
_ — — 1
5 + 205 552 —|—7‘SaS rV 0 (1)

e V(S,t) — the unknown scalar field. Value of the derivative (e.g. a call option) as a function of the underlying price S and
time t. Defined on the domain S € (0, 00), t € [0, T].

e S — the spatial coordinate. Price of the underlying asset. Not a field, but the independent variable playing the role of
"position."

e { — the time coordinate. Runs from now (¢t = 0) to expiry (¢t = 7).
e o — volatility. A scalar parameter (constant in vanilla B-S): the diffusion strength of the underlying's log-price.
e r — risk-free rate. A scalar parameter: the drift/discount rate.

e 0V/0S (delta) and 62V/8S2 (gamma). The first and second derivatives of the field w.r.t. § — the "gradient" and "curvature"
that hedging exploits.



Numerical optimization = Training = learning

Detour
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Mathematical paradigms

e Typically there are two options when it comes to doing mathematics
 Analytical methods: In this case means “by hand”, typically algebra or calculus

— elegant, intuitive, compact, efficent

e Numerical methods: In this case means “by computer”, typically iterative “recipes”

Algorithms and computers

— allows us to attack more complex problems

In deep learning we almost always use this option.



Example: Analytic (pen and paper) optimization problem

e Find the value of x( that minimizes f = f(X) = f(a:,y) =3+ (5’3 - 10)2 + yz.

e This is the functional form of the loss function for single variable linear regression.
e It's such a simple function, we can infer the solution xq = (z¢,v9) = (10,0) — f =5
e However, It can easily be proven using the condition V f(x) = 0 = (0, 0)

0 02%22(a}—10)—>w:10

0

e This is a simple example, but the process is general
o (1): Compute the gradient and set it equal to zero
© (2): Results in a system of N-equation and N-unknowns: f(x) =0, f,(x) =0...
o (3): Solve this system of equations to find the X (roots) which satisfies it




Newton’s method (For solving equations)

e Next, we follow the tangent line “down” to obtain an approximation of the root

Y .
N Goal: | f(x)=0 y = f(x) Point-slope

rise Ay Y-—Y,
m=—m=—=— =
run  Ax X — X

(Y — ¥p) = m(x — xp)
Newton’s method

initial guess — X ’

Tangent line

Initial guess

> X (y — Yp) = m(x — x;)

I
.
f(x())—ax

0



Newton’s method (For solving equations)

e By repeating the process we eventually converge to the solution

A Goal: f(x) =0 y = f(x) Point-slope

rise Ay y—Y,
m = = -

run  Ax  x — X
Y — o) = m(x — xp)
Newton’s method

initial guess — X,

Tangent line

> X (Y=Y = mx — xp)

| l Xo l
_____ : Initial guess , of
| fxg) = —
. slve for y=0 ox
Newtons method Xo
o e
1 - 1
" " f (x,,) Repeat until
converged

Requires explicit functional form of the derivative of f(x)




Gradient descent for optimization

* |f the function only has a single-variable. Then the derivative is a function (not a vector of partial
derivatives)

f(z)
f'(zn)

* |n this case, optimization means finding the roots of the the derivative. We can just apply
Newton’'s method to the derivative. We just get another differentiation in the formula

f'(zn)

f"(xn)

e This is done by replacing the second derivative, with as hyper-parameter «, known as the
learning rate (this simplification is known as gradient descent)

Newton’s method for solving f(x)=0: z,+1 = x, —

Newton’s method optimization f ’(x)=0: x,,1 = x, —

Gradient descent optimization: f ’(x)=0 z,.1 = =, — a f'(z,)

e Tuning a allows us to control how big our “steps” and therefore convergence rates.

small a large a




Gradient Descent in Many Dimensions

The idea: you're standing on a hillside in fog. Feel which way is steepest downhill. Take a small step. Repeat.

The gradient VL is the arrow pointing steepest uphill, so we walk the other way.

Vector form new value = old value — step

Wnext < Wecurrent — nva

L 9
¢ VoL= (5 5=, .")
e w — all the weights, stacked into one vector (your position on the landscape)
e [(w)— theloss (your altitude — we want to get /ow)
e 71— the learning rate (how big a step you take)
e The minus sign is the whole trick: uphill is where the gradient points, so subtract it.

Index form
new = old — step

)
w; — w; — 1N ¢
ow;

for every ¢ at iteration t

Each weight w; is nudged on its own, using the partial derivative that answers:

Switching notation: x —>w andf —> L



Helpful Analogy

Tells you where north is from ANYWHERE like magic

Thom Gillis



Iterate: measure compass, get vector, step, repeat
Goal: Get here T 88 44/'S

Tells you where north is from ANYWHERE like magic

Thom Gillis



Gradient Descent: Geometric construction

Model error
l — Z(Wl, Wz)
(Loss)
el
Imaaine " Good model” . _
’m ﬂere —VL (minimuat error) V' = ©>2:)
w = (W, w,) = (—4.1, — 5.8) Wy .

Model parameter space

Computer calculates gradient —VL(w) = - (-0.5, — 0.5) = (0.5,0.5)
vector for us via back-

propagation (don’t ask) new value = old value — step

Wnext < Wecurre nt — nva




Itel

new = old — step

for every 7 at iteration t

t
1

ow’

OL

‘-

wh — w!



Visualization of gradient descent

Starting from 3 different initial conditions and iterating

new = old — step
oL

t t
w; — w; —

for every ¢ at iteration t




10 Minute Linear Algebra Refresher

Detour
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Like it or not, the chosen data structures for deep learning are vectors,
matrices, and tensors



Vectors

e Vectors are one dimensional lists of scalars (requires one index to specify a site)
Vo

U1
o Columnvector: v= | | — shape=[N x 1]

UN
o Row vector: v = (vg, Vg . ..vy) — shape=[1 X N]|
e An important attribute of a matrix (and vectors) is shape, denoted by Nyows X Neotumns
e The Transpose V' reverses a matrix's shape and switches the rows into columns

e Vectors can also be transposed: A column vector is the transpose of a row vector

N
D=1 XER! D=2 xER® cooiior D=3 x€R3 D=4 NeR
A X, -1 row vector : 1 X N
- . 1> X= (xz) x4 ) X = (xl, X2...XN) (xl \
— (x) = (3. row vector = (X1, %, X3) = (1.0, 2.0, 3.0 - ™
x=(%)=(3.14) X = (X1,X) = (3.0,2.0) X = (X1, X2, X3) = ( ) columnvector: Nx1 X E
shape: 1 x 1 shape:3x1orl1x3 Xy

shape: 2xlorlx2



Dot product

 The dot product is one of the most important operations associated with vectors
 The operation takes two vectors and converts them into a scalar.

. X 1 multiply like components and add row "e°t;' times column vector
/‘F 2| = 1% + Yo% + Y3X3 yr=
{\ X IX3 3x1->1x1
(Y1 Y2 Y3) \"3

e The dot product can be used to determine the amount of A which is parallel to B

e Therefore, it is useful as a similarity metric.
othogonality

y-x=0
cos(90°) =0 -I—»

cos(0)=1 =

A-B=|A||B|cos(®)

oy

Cosine similarity
A-B

|Al]B]

similarity = cos(0) =



Spaces and transformations

e A vector space is a collection of vectors closed under addition and scalar multiplication
e Linear algebra explores how vectors change via linear transformations (matrices).

_ SQUARE MATRIX = LINEAR TRANSFORMATION
. Transformations /
Linear algebra X — X = AX

matrices
ap; ap (x) _ (X + appy
ayy Gy ) \Y a1 X + ay,y

vectors € vector space 2X?2 2% 1 2x1
Example: 2D cartesian space

>
S
I

Objects X =

Each pixel has a position vector

origin: (0,0) | 2

=Gy =siaj | bASIS
i




Transformations

Linear transformations are constructed from basic geometric actions like rotation, scaling,

contraction, skewing, and projection.

X - X = Ax

Transformations

matrices
v=m= () 22)6)= (o ve)
Original image
(0, 1)

w
0.0l J1.9

0 | X
r=(x,y) =xi+yj

Inverse tranformation:

X -x=A"x AA'=A"A=1

inverse of A

. 13

identity matrix
No change

100
010

(0, 1)

1
o, o><1. 0)

Rotate about origin

cos® —=sinB 0
sin® cosB 0

.
(-sin B,

cos 6) "
}cos 8,

Reflect about origin

-100
0-10
0 ( |

Translate Scale about origin
10 X WDO0O
01Y 0HO
( ( 1 ¢ 1
| (0, H)

Shear in x direction

[1 tan ¢ 0]
0 1 0

'1 (tan §, 1)

q) F-(1o O)

Shear in y direction
1 0 0
tanp 1 0O

0.1)

) { X P
Reflect about x-axis  Reflect about y-axis
100 -100
0-10 010
00 1 0 0 1
| 10,1)

1 4

o [[F]

Y S—




Matrix shape

e Transformations on vectors are described by matrices A
e Matrices are two dimensional arrays of scalars & requires two index to specify site

Wop W1 Wo2
¢ W = ( ) — shape=|2 x 3]
W10 W11 Wi2

Woo W10
° WT — | Wo1 W11 — shape:[S X 2]
Wo2 W12

e A square matrix has the same number of rows as columns:

Ao Ao Ap2
A=| A An Ap
Ay Aoy Ap



Matrix multiplication

e Matrix multiplication is basically repeated dot products: The new entry for row-i column-j is
A_row_i DOT B_column_j
e Two matrices can be multiplied if they obey the following rule.

shape of resultant matrix

— ~— new matrix
mXn nxXp — mXp
\

product is defined

e Example-1: (matrix-vector product).
ap ap\ (X a;x; + appx,
Ax = -
ayy ayp |\ X a1 X) + ayXx,
2X2 2x1 2X1

app ap

T
X'A =X = (x,a,1 + x,a,, x4~ + x-a
( )(a21 azz) (X111 + X0, X101, + X,a5)

I X2 2%x2 1 X2



Example

e Example-2: (matrix-matrix product).

2X3 A B 3X2

10 11
20 21
30 31

1x10 +2x20 + 3x30 1x11 + 2x21 + 3x31
4x10 + 5x20 + 6x30 4x11 + 5x21 + 6x31

— [10+40+90 11+42+93 — | 140 146
40+100+180 44+105+186 320 335

2X?2



Tensors

e Tensor algebra extends linear algebra to higher-dimensional data structures called tensors,
crucial in physics, engineering, and machine learning

e Allow for multi-dimensional data representation and analysis.

e tensor rank=number of indices needed to specify a site

a A

Notation: Bold —> vector, matrix, tensor

A== | A

X

-

scalar vector matrix

X X; X;j
O-way l-way 2-way
Ltensor tensor tensor
At

L X /7 . /7A . . . .

L

TensorFlow

=

Uk T feeoe

- -+

3-way i I-way

tensor tensor
,?kllll -;’klmn

Tensor Algebra

N-way
Ltensor

» Very popular deep learning library where tensors
“flow” through models and loss functions.



Data:

continuous type (one-hot) target

i sqft age condo house town price
0 1450 12 0 1 0 410.0
1 980 45 1 0 0 265.5

2 2100 3 0 1 0 620.0
3 1320 28 0 0 1 355.2
(J real-valued (J binary, exactly one 1 per row () what we predict

X,
X —
‘ 2
; -
] 3 B8
xS

hidden layers

input layer output layer



Examples of tensor data In
deep learning



Data and neural models

As we will see deep learning is largely a collection of different
model architectures designed for different types of data

Record Data Deep Feed Forward (DFF) (I\/I LP)
ID height (ft) weight (Ib) adult/child
| h, W A Non-linear
2 h W, C relatlonshles i
3. h W C  Simple images }.:':(
- - (e.g. MNIST) X
N hy Wy A

>

O XXX

Your Data Dictates your model choice!!




Data and neural models

As we will see deep learning is largely a collection of model
architectures designed for different types of data

Transformers
Text data Recurrent neural networks (RNN)

Probabilities

\LL ST

- JJu o .~
= 3 HN_A_NQC‘.A‘-.%~ Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
<t ¢ 2 - = L) - -

I NLP SN TN
—  Lelel e
QAP REIESA

(Focus of tomorrow)

‘ Input Output
Embedding Embedding

Inputs Outputs
(Output Tokens from Previous Ste

Three biological networks. Left: Protein interaction network of yeast.
¥ [

Network data

Twitter, among people sharing posts about US politics



Network (Graph) level data

Caffeine molecule

C13 Double bond (DB)
\ N:4\/
N12— / NN Cs3 One-hot encoding
/ C5 y One-hot encoding of the bond type
011 \C'lO \\ / of the atom type SB DB
\ ——N< CNO w2 [1 0
1 0 0 1 0
N:9\ ° . (2'3)
/ C. Cl 0 1 0 26 |1 0
C:14 \\ Single bond (SB) 1 0 O 34 |0 1
08 0 1 0 @5 |1 0
1 00 56 [0 1
1 0 0 512) |1 0
0 1 0 0000OO O OO OO O X_IOOXE_ 67)(1 O
1 0100100000000 Nodelabel 10 (0 1| Edgelabel ;410 1
01 01000O0O0O0GO0TGO0O0O0 matrix 01 0 matrix col1l 0
001 010O0O0O0O0TUO0TUO0TU 0O '
1 0 0
0001010000UO0T1Q00 00 1 (91011 0
01 001010O0O0O0TUO0TGO0UO0 914) |1 0
A=00000101100000 0 1 0 111|001
Adjacency00000010000000 1 0 0 w121 0
matrix 0 000O0O0OT1UO0TO0OT1IO0TUO0TUO0O1
000 O0O0OO0OOTUOTI1O0OTI1T1TO0TFO0 (12,13)|1 0
000O0O0OO0OUOOOTI1O0TUO0TU 0O ) )
000 01O0UO0O0O0ODT1ITUO0TUO0OT1SO0
0 00O0ODO0OO0OUOOOOO0OT1TUO0O0
0 0000OO0DO0OO0OT1O0GO0GO0O0 0




Image data



Black and white screens

e Some basic concepts about screens can be useful for understanding computer vision
* |In a black and white screen, pixels are variable light bulbs outputting white (mixed) light

2880 pixels

-

>

P——

>

——

1 pixel

1800 pixels

“

brightness
(intensity)

* The intensity of a pixel’s light is control by the gray-scale number.
e Numbers associated with colors are called channels, gray-scale has one channel

255

Grayscale
number

255 = maximum brightness
0 = turned off




Grayscale images

e Black and white images are stored by specifying the gray-scale number for all the pixels

e The pixel location is determined by its location in the matrix.
location

3 1 channel ;55
— Pixel: = (,5) (9 > .
' 3
T color/intensity g
-
()
Numbers associated with Tg
colors %
are called “channels” o)
0 2 “ 6 8 ()
Resolution: 10 x 10 . .
100 pixels Grayscale image = Matrix (rank-2 tensor)

top left pixel top right pixel

[ 0 0 0 0 0 0 0 0 0 0] , , L s 3
0] pixel location = indices (i, j)
0] y: height (rows-i)

g} x: width (columns-j)

g% pixel intensity = matrix values
0]

0]

0]]

bottom left pixel bottom right pixel

lolloooBoNoRBONO

mIIrTasTra rarrararmmrerm

o

* Note: The gray-scale image can also be expressed as a rank-3 tensor instead of a matrix

© [height, width] — [height, width, channels], e.g. [10, 10] — [10, 10, 1]



MNIST data-set

e The full MNIST data set has 60,000 images, well balanced across the classes
Train Test

Should partition further into 80% Train-20%Validation
60,000 training images 10.000 test

Number of Instances of each label type

TRAINING
=0

from keras.datasets import mnist
(train_images, train_labels), (test_images, test_labels) = mnist.load_data()

Training Outputs (labels):

Training Inputs:

|
2
3
4
5
6
7
8
9

SHAPE: (60000, 28, 28)

MIN: ©

MAX: 255

TYPE: <class 'numpy.ndarray'>
DTYPE: uint8

SHAPE: (60000, )

(©

MIN: ©

MAX: 9

TYPE: <class 'numpy.ndarray'>
DTYPE: uint8

Test Inputs: Test labels:

SHAPE: (10000, 28, 28)

O~NOUVLHE WN =

MIN: ©

MAX: 255

TYPE: <class 'numpy.ndarray'>
DTYPE: uint8

O

: <class 'numpy.ndarray’>
: uint8

Source and recommended reading: Chollet p27-p31 (Good feature balancing)



Color screens & pixels

* |n a color screen the pixels are variable light bulbs outputting red, green, or blue light.

2880 pixels

“ >

1 pixel

1800 pixels

Three lights

R |

Red
\‘ _ '

Blue

0

(Green

variable

brightness
(intensity)

255 = maximum brightness
0 = turned off

 We need three numbers (R,G,B) for each pixel to control the brightness of the 3 lights
e These three numbers allow us to form different colors through color-mixing

R € [0,255]

G € [0,255] G

B e [0255] °=-

R: m—— 213

1

=

11
56

e There are 255 X 255 X 255 = 16,581, 375 possible colors on the computer screen




Example: Color image

g TT— — >r -
SR & | -
3 2 R 8 luna Open
B luna-: o With
en Wi
scipy P

Get Info

SKIM/ Move to Trash

Dimensions:

Meta-data

ptember 30, 2021 at 3:47 PM
3024x4032

evice make:

olor space:

olor proftie:
Eaocal length:

Apple
' e SE (2nd generation)

Alpha channel:

% A z,’i; ’ 'V} e
ys AT Ly
¥y ’1( ‘7\/' "/I""- . ‘bl

" RESOLUTION

Red eye:

Metering mode:

F number:
Exposure program:
Exposure time:

NoO
Pattern
f/1.8
Normal
1/2,288



My dog luna as a mathematical surface

NN Figure 1

0 20 40 60 80 100 120

A € D 0{0 Q = elevation=90°, azimuth=-90°, roll=0°



Image data

* Grayscale: matrices (e.g. np.shape=(320,120) or np.shape=(320,120,1) ).

pixel location

A

IMAGE =

v
3024

_~ Pixel: B — (@,))

: — Pixel: Bl— (i,j) g 1 pixel - 1 number

3 I STACK OF THREE 3024x4032 MATRICES

Grayscale number
255

Matrix entries
4032

0

Rank-2 tensor shape: 4032 x 3024 neight, width)
Number of pixels: 12,192,768 1 color channel

Number of tensor entries: 12,192,768

(R, G, B) 1 pixel — 3 numbers

_ss5==2=>. 3channels 3 channels

2 crannot R € [0,255]
3 channels G e [0,255]
B € [0,255]

Rank-3 tensor shape: 4032 x 3024 x 3

(height, width, channels)

Number of pixels: 12,192,768
Number of tensor entries: 36,578,304



Traditional computer vision learning tasks

* Images are data!! Understanding image data is the first step in understanding computer vision
and other advanced applications

Instance
Segmentation

Classification
Classification 4 | gcalization Object Detection

CAT, DOG, DUCK  CAT, DOG, |
input » output
algorithm
Bl o
.
o e CAT

Classification + Localization Semantic Segmentation Instance Segmentation
https://www.r-bloggers.com/2020/10/platypus-r-package-for-object-detection-and-image-segmentation/

* This becomes very important with respect to Convolutional Neural networks

Generative modeling https://thispersondoesnotexist.com/



Common Neural network architecture

e The type of data you have dictates which architecture you should use
e General classifier/regressor (MLP), image data (CNN), text data (LSTM or Transformer).

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) Deep Feed Forward (DFF)
\/
W</
P Je® e TA/AN
logistic regression shallow ANN ATV N
linear regression »:«‘»"\.‘;\

Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU) Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM) Deep Belief Network (DBN)
- - - - - -

9.9,
o
A

‘\'. .'/.\'. .'/.\

N\, SR R PR R/
‘l‘.'\ .‘;‘.' .‘l‘.'\\

\

XS

Auto Encoder (AE) Variational AE (VAE)

Sparse AE (SAE)

Deconvolutional Network (ON)

o> 3
¢

“?’A‘,”.“.

sy

P S0 X
(o \/

. Backfed Input Cell ‘ Match Input Output Cell
Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

. Pk s . Recurrent Cell “ARB R
@ nNoisy Input Cell R AVATAT AT

- @ Memory ceu X iy
@ tidden ceu @ oiferent et

Kohonen Network (KN)  Support Vector Machine (SVM)  Neuwral Turing Machine (NTM)

@ rrovablistic HiddenCelt () Kernel |
T R

@ output ceu

SOURCE: https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464



The deep learning training workflow

As illustrated with the simple case of linear regression



The “canonical” deep learning training workflow

Data — collect, clean, supervise, split (train/val/test), augment
o Garbage in, garbage out: this is where most projects live or die
Model Architecture — choose a model that well suited to the data
o MLP (simple data), CNN (grids/Images), RNN/Transformer (sequences), GNN (graphs)
Objective (prediction quality scoring mechanism) — define a loss £(6) that encodes "good"
o Regression: Mean square error MSE
o Binary classification: Binary Cross-entropy
o Multi-class classification: Categorical Cross-entropy
Optimization (learning) — back-prop + SGD/Adam, LR schedule, regularization
o We are just rolling downhill on a very high-dimensional surface
Evaluation — validation metrics, error analysis, ablations
o Tune on val, touch test once

Deployment — export, serve, monitor drift, iterate

Aside: "Canonical" means conforming to a standard, authoritative, or generally accepted form

the version of something that serves as the reference point against which variants are
judged (e.g., the canonical form of a matrix, or the canonical version of a text).



Raw Data

Collect data on houses LIl

S S a P ——— Temporary variable name
g i ‘ sqft l age l price
1000 ft? 1000
O years #1000 Data Space
E 0 1.45 12 365.4
5 price
. 1 0.98 45 219.8 A X=(s,a,p)=(.1,3,498.6)
e
_8 2 2.10 3 498.6 jth sample — O 3
© | X ER
8 3 1.32 28 308.1 i
%_ 4 2.85 8 625.7 / > age
% s 1.70 35 366.2 saft ¥ 0
0p) Unit of observation = house

Full data-set lives in R3
Let’s assume there are 100 rows

Full Data shape: (100, 3)



Basic Exploratory data analysis (EDA)

Since the data is so simplistic, there's not much to do here other than
visualizing a standard point cloud.

Sample (batch) dimension

:

0

Clearly there is a numeric relationship between the variables.

sqft
1000 ft?

1.45
0.98
2.10
1.32
2.85

1.70

W

age
years

12

45
3

28
8

35

W

price
$1000s

365.4
219.8
498.6
308.1
625.7

366.2

price.  Data Space
=
S =
‘ O Legend:
| ® | @ Data points
@) o @ |
@ | [ 0 |
@) \
o 0o ® o °* °
s °%e
@) Q@ o e
00g
O ©
@) @ O
o® o
° @)

sqft

age



Aside: Normalization

Normalization is very important in deep learning. It is a general procedure. It makes the models train more
efficiently. They tend to work better with numbers on the order of negative ten to ten centered around the origin.

Data on standarized scale

price. Data with real units (e.g. years)

\ |

| B Vi ] * \[)
| o] - e |
—e 319/ | @ | |Legend:
Legend: . S‘ / ® Data points
, Data points 2 \ ‘ o o - -
V[ o 8 |
/\ \ o . | ‘. | o
|1 o | \
1 /e @ ® | ® ®
> [ | . (©} o 's)
age 0 | e P | o @
_2TH o lopg o "
Z - -1 \ ® © e \ \ (@)
o @ o
0} , |
o | ® |
. =3 T I i \
sqft -3 -2 -10 1 2
i i sqft age price
i Sqft age price Z units Z units Z units
1000 ft? years $1000s . 047 065 024
0 5 12 3654 1 -1.24 1.52 -1.35
1 0.98 45 219.8 2 0.61 -1.24 0.77
2 210 3 498.6 3 -0.68 0.41 -0.68
4 1.84 -09M 1.74
3 1.32 28 308.1
5 -0.05 0.86 -0.24
4 2.85 8 625.7
M 1.733 21.83 397.30
2 170 35 366.2 o 0.606 15.23 131.58

() below the column mean

() above the column mean




Supervision

In this case the supervision lies in the act of establishing or hypothesizing
the relationship between the input space and the output space.

y output space: R! input space Output space
| | I | X 2%) y
1 U’ \ ] ® ) {[‘_’ \‘{‘\ J, | input space: R? :outputspace:IR{1
\‘/'\ \ f | Legend: N| i sqft 2 age price
" /' | '®) ® Data points X, - 1000 ft X, ' years y - $1000s
e e , T 0 145 12 365.4
l 1 \{
/ \}/{\ C! e . ° { .#f\( /{\ 1 0.98 45 219.8
s e S —
j/\ e 0%, ¢ / B 2 *
/| | | o \ | [ 3 1.32 28 308.1
\ | @) i ? r. \/ |

|
.‘\ ® \]\* > X) 4 2.85 8 625.7
®

/ \ ° \J \\ 5 1.70 35 366.2
O
(4] / ® \ \ \/\ () position on the floor (] height above the floor
O
Q
functional
| X =(X{.X —
X input space: R ( I>72 relationship Y

Note that in reality the data is generally much higher dimensional and the
existence of the relationship cannot be inferred visually and instead
hypothesized and verified during training.



Data split

Deep learning models are very prone to overfitting, so Splitting our data
into tra tra tra tra tra tra tra tra tra tra tra training and validation or training
test and validation is a non negotiable practice.

y A output space: R! X X, y
‘ 7 I ] input space: R? routput space:IR{‘\ not a feature
® ‘ ‘
e | i sqft age price split
Legend: X, - 1000 ft2 X, ' years y - $1000s
@ Training Data 0 145 12 365.4 ® train
T | @ Validation Data
e 1Y o r l \I | 1 0.98 45 219.8 ® train
BRYA 1ol
e ® .. © | ® | ,\\\ 2 210 3 498.6 ® validation
| 9 o r. \? | 3 1.32 28 308.1 ® train
| °® e || > X2 4 2.85 8 625.7 ® train
o ¢ |
® 'X\ \ o \ /\ 5 1.70 35 366.2 ® validation
\ \\ \ () position on the floor (] height above the floor ® ® red/ blue dots in the figure
f . 2
X Input space: R

Note that in reality the data is generally much higher dimensional and the
existence of the relationship cannot be inferred visually and instead
hypothesized and established during training.



Recall why we need the validation set!

monitor and avoid overfitting!

House price ($)

Y

4 @ @ Training data
Validation error

Distance East (miles)

under-fitting
model complexity is
too low

High training error
High Validation error

high bias
low variance

> X

House price ($)

Distance East (miles)

optimal
correct level of
model complexity

Training and Validation error
are equally low

low bias
low variance

House price ($)

Training Validation

>

Distance East (miles)

over-fitting
model complexity
is too high

Very Low training error
Very high Validation error

low bias
high variance

Y



The “canonical” deep learning training workflow

Data — collect, clean, supervise, split (train/val/test), augment
o Garbage in, garbage out: this is where most projects live or die
Model Architecture — choose a model that well suited to the data
o MLP (simple data), CNN (grids/Images), RNN/Transformer (sequences), GNN (graphs)
Objective (prediction quality scoring mechanism) — define a loss £(6) that encodes "good"
o Regression: Mean square error MSE
o Binary classification: Binary Cross-entropy
o Multi-class classification: Categorical Cross-entropy
Optimization (learning) — back-prop + SGD/Adam, LR schedule, regularization
o We are just rolling downhill on a very high-dimensional surface
Evaluation — validation metrics, error analysis, ablations
o Tune on val, touch test once

Deployment — export, serve, monitor drift, iterate

Aside: "Canonical" means conforming to a standard, authoritative, or generally accepted form

the version of something that serves as the reference point against which variants are
judged (e.g., the canonical form of a matrix, or the canonical version of a text).



Choosing a model: For now consider a linear model

A

model=prediction machine: Yy = M(x|w)
 For example, consider a  two variable x = (xg, 1) linear scalar regression model
3\7 — M(X|W) = by + woxo + w11
e We can represent this as a “computational graph”
Vector input: x = (x,, x;)

each interconnection has
a unique weight

Scalar output

A\

— y = bo + WooXo -+ Wi0X1

WIO each node has an
associated bias
 Problem Type: Scalar-regression  Hidden-layer activation: N/A
e Mapping: """ R2 - R1“"™  « output-layer activation: linear
 Hidden layers: None e Number of fitting parameters. 3

Bivariate linear regression = Our first “neural network” model




For educational purposes let’s drop a feature to simplify the math

| input space: R? :Loutput space: R’
i sqft age price
X, + 1000 ft? X, ' years y - $1000s
0 1.45 12 365.4
1 0.98 45 219.8
2 2.10 3 498.6
3 1.32 28 308.1
4 2.85 8 625.7
5 1.70 35 366.2
() position on the floor () height above the floor

each interconnection has
a unique weight

NG

each node has an
associated bias

not a feature
split
train
train
validation

train

train

validation

® ® red/ blue dots in the figure

(3 parameters)

X1 y
i sqft price
X, - 1000 ft? y - $1000s
0 1.45 365.4
1 0.98 219.8
2 210 498.6
3 1.32 308.1
4 2.85 625.7
5 1.70 366.2

split
train
train
validation
train
train

validation

(2 parameters)

‘ —_ 5\1=W00x0+w10x1+b0
X — Q /

input layer output layer

Yy 4 output space: R!

D)

®
Legend:

® | @ Training Data
9}

@ Validation Data

Xy input space: R?

W
X _.@_>y=m(xlw)=wx+b

| O
o ®e

7 @) Legend:
> ® | @ Training Data
& ® o @ Validation Data
QO
© o - 8 "
T @
Se ¢ PY o
= °® o O
sl @® @ @)
£ ® o %
Q | e @) o
S le ® o

o © [ L PY ® O

. o O F o

® O O

1 o @ o

O
-@ | I | | |

Independent Variable (x)



The “canonical” deep learning training workflow

Data — collect, clean, supervise, split (train/val/test), augment
o Garbage in, garbage out: this is where most projects live or die
Model Architecture — choose a model that well suited to the data
o MLP (simple data), CNN (grids/Images), RNN/Transformer (sequences), GNN (graphs)
Objective (prediction quality scoring mechanism) — define a loss £(6) that encodes "good"
o Regression: Mean square error MSE
o Binary classification: Binary Cross-entropy
o Multi-class classification: Categorical Cross-entropy
Optimization (learning) — back-prop + SGD/Adam, LR schedule, regularization
o We are just rolling downhill on a very high-dimensional surface
Evaluation — validation metrics, error analysis, ablations
o Tune on val, touch test once

Deployment — export, serve, monitor drift, iterate

Aside: "Canonical" means conforming to a standard, authoritative, or generally accepted form

the version of something that serves as the reference point against which variants are
judged (e.g., the canonical form of a matrix, or the canonical version of a text).



Parameters are everything in deep learning!!

There are an infinite number of possible parameterizations of this plane
w N
x —> @ —y=mx|w)=wx+wy=mx+b (2 parameters)

This model represents all possible lines in a two dimensional plane.
A particular choice of parameters instantiates a particular line.

s M =0

m=12

=1

— =

— 4

Parameters are what we learn in deep learning



Parameter space

Parameter space for y = wyx + wq

Data space

Parameter space < data space: every (w1, wp) pair is one candidate line

B: Slope too small, intercept too large D: Wrong sign on slope
background: SSR loss surface, log scale ’
(backg 9 ) (w1, wo) = (1, 15) (w1, wo) = (-1.5, 7)
17.5 OLS minimum W = (3.06, 3.52) 401 ¢ pata 4011 ¢ Data
\ "‘ SSR = 169 ==+ OLS best fit o0 "4 === OLS best fit oo_n 4
\“‘ . 30 { === y=1x+15 ':r.‘.&—." 30 { = y=-15x+7 ‘:'.“*:r
DAY i) AL
\ \ 20 - 20 o s o0
," > X S ’.‘ :‘, ..—:’ > X . ‘.‘ :" _._r"‘"
15.0 1 \ 10 - J:": 10 - J:’*:
\ \‘ . " .... ° ’.4, ... °
““ \\ g e :P\‘
\ \ 0 |sw=33u (RMSE = 6.28) oo ﬁmighgliﬂﬁizziiL
\ 2nd lowest : error
12.5 7 \ \ 0 2 6 8 10 0 2 a 6 8 10
““ ““ X X
A: Near-optimal E: Both parameters too small
10.0 1 (w1, wo) = (3, 4) (w1, wo) = (2, 1)
40 4 o Data 40 4 o Data
— - =+ OLS best fit - == OLS best fit o,
. \ Sl
% 30 o m—y=2x+1 ”:'.,‘*.
|9 n \ o ° “v‘
= 7.5 D 24
(V] . \ 20 -
4 \ \ >
c
= 01, o
o .'0"'"
S 0 1 SSR =175 (RMSE = 1.32) 0 SSR = 6,959 (RMSE = 8.34)
5.0~ Lowest error rd
0 2 a 6 8 10 0 2 a 6 8 10
\ X X
2.5 1 \
C: Slope too large HOW TO READ THIS FIGURE
(w1, wo) = (5.5, -1)
1 40 4 Data One point in parameter space (left)
\ ——- OLS best fit = one candidate line in data space.
0.0 1 \
C The contours are the SSR loss surface:
\ the farther a point sits from the gold
star (the OLS minimum), the larger its
—2.5 SSR and the worse its line fits.
0 1 SSR = 10,448 (RMSE = 10.22)
\ 4th Data: n =100, y = 3x + 4 + N(0, 1.5%)
) 0 2 4 6 0 2 4 6 8 10 SSR floor =no? = 225
wy (slope) N
103 104 10°
SSR (sum of squared residuals)

SSR ranking:

A: SSR = 175
B: SSR = 3,944
E: SSR = 6,959
C: SSR = 10,448
D: SSR = 52,081




Regression cost functions

data predictions errors
y ® Training 'v A 6
® Test y=|""| mxlp=§y= 72 y—§y=
o error : : -
=9 'N v Y
i €l — yl - yl \.\A\ ) \.\‘\') \ )

® (aka residual)
Sum of square error (SSE)

model

House price ($)

N N 1
o SSE= el = 2, 0i= 5 no —
> X I 1

Distance East (miles)
if output is a vector just average errors accross the dimensions

Mean square error (MSE) (variance of error distribution)

MSE—iiez—ii( -9
—Ni i_N.' Yi — Vi

Root mean square error (RMSE) (standard deviation of error distribution)

RMSE = liez %— iﬁ“(-—*-)2 %
“\n&) T\ N2 Yi—Yi

Mean absolute error (MAE) Less sensitive to outliers

l « l
MAE=N;|Q| =N;|yi_yi|



Scoring the quality of fit: SSE

|

¥ =w, +w,x, with p = (40, 210)
everything to the right of the dashed line depends on p

X, y Y € g2
sqft price [predicted| residual | sq. error
1.45 365.4 | 3445 | +20.9 | 436.8
0.98 219.8 | 245.8 | -26.0 | 676.0
210 498.6 | 481.0 | +17.6 | 309.8
1.32 308.1 | 31/7.2 -9.1 82.8
2.85 625.7 | 638.5 | -12.8 | 163.8
1.70 366.2 | 397.0 | -30.8 | 948.6

given data

computed fromp |

split

train
train
validation
train
train

validation

436.8
676.0
309.8
82.8
163.8
948.6

0 = 40 + 210X,

)X

L(p)
2617.8

one number per choice of p



Loss surface: Ordinary Least squares (OLS)

e Assume we have supervised training data ; € (1, Z2...2x5) = ¥; € (Y1,Y2---YN)
e Lets use a single variable linear model Ypreqd = M (x|W) = M(z|m,b) = mx + b
e |Let's also use mean square error (MSE) as our loss function:
1 & s
L(m,b) = N ;(yi —§:)° (MSE)

= (i — (s +8)°

Error = 370.77 I

-5 =10 — 2

0
10 5
5 20 1 m

o |L(m,b) = y2 + £2m? — 2zym + 2Zmb — 2yb + b? | (where bar denotes the average)




Loss surface: Ordinary Least squares (OLS)

L(m,b) = y% + 22m? — 2zym + 2zmb — 2yb + b

OLS loss surface

Error = 370.77 0.600 - \\\\\ 0,05
029

0.575 A

0.550 A

0.525 A

0.500 A

0.475 A

0.450 A

0 .

0 -0

, 0 .0225 200
S~ - \l

0.650 0.675 0.700 0.725 0.750 0.775 0.800 0.825
m




The “canonical” deep learning training workflow

Data — collect, clean, supervise, split (train/val/test), augment
o Garbage in, garbage out: this is where most projects live or die
Model Architecture — choose a model that well suited to the data
o MLP (simple data), CNN (grids/Images), RNN/Transformer (sequences), GNN (graphs)
Objective (prediction quality scoring mechanism) — define a loss £(6) that encodes "good"
o Regression: Mean square error MSE
o Binary classification: Binary Cross-entropy
o Multi-class classification: Categorical Cross-entropy
Optimization (learning) — back-prop + SGD/Adam, LR schedule, regularization
o We are just rolling downhill on a very high-dimensional surface
Evaluation — validation metrics, error analysis, ablations
o Tune on val, touch test once

Deployment — export, serve, monitor drift, iterate

Aside: "Canonical" means conforming to a standard, authoritative, or generally accepted form

the version of something that serves as the reference point against which variants are
judged (e.g., the canonical form of a matrix, or the canonical version of a text).



Ordinary least squares: closed form

Stack the n observations into a design matrix with a column of ones for the intercept:

I
1l =z w
X=| T er™ w=[ 0], y € R”
: : w1
1 xz,]

so that the model is simply ¥y = Xw.

Loss (squared error, a quadratic form in w):
L(w) =y —Xwlz = (y — Xw) ' (y — Xw)
Gradient — settozero — normal equations:

Vel =2X"(y—Xw)=0 = X'Xw=X'y

w=(X"X) X"y




Analytic solution

e Using the loss surface above, we can analytically obtain the solution to the OLS problem

e OLS is simply enough that we can apply analytic optimization techniques, similar to the previous
slide

e The global minima of L(m, b) = y2 + z2m? — 2zym + 2zmb — 2yb + b satisfy the
condition

wsw= (3.%) =00

e gonna do the derivation here because it is part of your homework but it is quite straightforward
* This forms a system of two equations which can be solved algebraically
e Which yields the closed form analytical solution for the best fit parameters

- CO’U(:L'Z', yz)

B Cov(z;,y;) b, = §— MeE = §—
opt = optL =

var(z;) var(z;)



Looking ahead: new value = old value — step

Ypred = M (z|wW) = M(z|m,b) = mz + b Whext ¢~ Wecurrent — 1 Vwl

Model error

l —_ Z(Wl, Wz)

(Loss)

EEEREEmE L w* = (5,2.5)
\ ~ Good model”
T ] —VL (minimunaT error) |

-

Imagine I'm here
W = (Wl, Wz) —_ (_41, — 58)

Wi
Model parameter space

Computer calculates gradient —VL(w)=—(-0.5,—0.5) = (0.5,0.5)
vector for us via back-
propagation (don’t ask)



Gradient descent applied to linear regressor:

Error = 370.77 i m = -8.00 b = -8.00

' :
700+ . °
600+ 10} o TR AL E' : _ g
500+ :
=400+
S 300+
-2.0 —i.S -1.0 —6.5 0.10 0.5 1.10 1?5 2.0

Parameter space makes a search space that allows us to systematically
search for better and better models (better parameterizations)



Gradient descent applied to linear regressor:

wo (intercept)

wew—nV,MSE(w) (labelled points = the six snapshots at right)

Gradient descent: one point in parameter space, one line in data space, improving smoothly toward the minimum

Parameter space: gradient descent with a small step size

OLS minimum w ™ = (2.95, 3.99)
-8~ gradient-descent path, n = 0.06 (60 iterations)
10 -
0 . §
9 -
8 -
7 -
6 -
54
10° 4
o3
44
107 SSR floor
3 . eod 0 S, o I
037 M | !
iteration " 6({
1
-3 =2 -1 0 1 2 3 4
w;y (slope)

1.23881 x 10°?

T T T

1.02488 x 103
SSR (sum of squared residuals)

Iteration 0 — random initialisation
(w1, wo) = (-1.64, 9.29)

125 4% + Data

10,0 4 == OLS bestfit .
] w—y = —~1.64x+9.29 B ‘V’::
7.5 1 e —‘,_.'.
5.0 - ‘ :—.‘,“.
2.5 1 00 .o ? V.
. : .._:.—"1" N
0.0 1 .os,;.\f"'.
—~a
—254c e ° SSR = 6,873.2
5.0 Jw—w"]| = 7.003
-15 -10 -05 0.0 0.5 1.0 15

X

Iteration 7 — after 7 GD iterations
(w1, wp) = (2.08, 5.91)

1254 + Data
~—- OLS best fit -
w— )= 2.08X + 5.91

10.0 4
7.5 -
5.0 -
2.5 -

.
0.0 oo %",

-254+ *

SSR = 594.8 (—73.9%)
w—w"] = 2102

=5.0 1

T T T T T T T

-15 -1.0 -0.5 0.0 0.5 1.0 15

Iteration 28 — after 28 GD iterations
(wq, wp) = (2.97, 4.12)

1254 « Data
~=- OLS best fit *

10.0 - -
—y=2.97x +4.12

7.5 1
5.0 -
2.5 1

0.0 4

254+ SSR =56.2 (—50.8%)
Jw=w'| = 0127
-5.0 -
-15 -10 -05 00 0.5 1.0 15
X

Iteration 3 — after 3 GD iterations
(wy, wp) = (0.65, 7.38)

1254 +« Data
10,0 4 == OLs bestfit .
7| —y = 0.65x +7.38 W"‘
7.5 - - e
5.0 - “ sma-®
3 ‘—:_: ®
2.5 - 00 .oV
’ (T X .
00 ool Sttt
3 . ~_:—‘ .o
-254+ * SSR = 2,277.2 (-66.9%)
. lw—w'] = 4.097
-15 -1.0 -05 0.0 0.5 1.0 15
X
Iteration 14 — after 14 GD iterations
(wy, wp) = (2.84, 4.73)
1254 + Data
100 4 == OLS best fit

— = 2.84x+4.73

7.5 4

5.0 4

2.5 4

L
0.0 - —a .
—254s * [ssn =114.2 (-80.8%)
5o Iw—w"| = 0748
-15 -1.0 -0.5 0.0 0.5 1.0 15
X
Iteration 60 — after 60 GD iterations
= (2.95, 3.99)
125 < « Data
.

1004 """ OLS best fit .

7.5 -
5.0~
25 -
0.0 -

=25
-5.0

w—y=2.95x + 3.99

SSR =547 (-2.7%)
lw=w*] = 0.003

v v v
=15 -1.0 -0.5 0.0 0.5 1.0 1.5



Random initial parameter guess:

m =-8.00 b =-8.00
Error = 370.77 15 1 , , T ; ; ]
700+ ‘ .
600"' 10 ool . - 4 i - et
500+ -
S'4001 | o
S 3004
C
_15 1 L L 1 L 1 1
-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0
O X C
Final solution after optimization
0 m=508 b=267 o
Error = 0.56 15 _ ; ; : '

10}

-2.0 -1.5 -i.O -0.5 0.10 0.15 1.0 1?5 2.0
25 - 0 15 10



Training loop for a model

15 m = -8.00 ; b = -8.00

10

w,_,— eg.nprand() w=0.1,b =04 _ | -

Single training run:

Random parameters guess Input X

(Training data features)

15 2.0
Parametric W
Model x — @ —y=mx|w)=wx+wy=mx+b (2 parameters)
model prediction at iteration t for i"training sample
for parameterization w, at t" iteration of GD /
S A (Repeat)
prediction = ! = m(x;| w,) evaluate
t l t l
EXxit criteria
True targets Y Predictions j\) - |Trained model
(Training data targets) 4 (Convergence or eorly stopplng) w* = optimal model parameters
Error = 0,59 o 1 ] m=5.07 b=259
A\ -
Sum of square error (SSE) t+1
N N Loss function Updated Parameters -
SSE = Z 6“-2 = Z (y‘- — 5\’1-)2 Compare targets and predictions . i
i i ‘ BN X
N’
- q 5 0 -5 -10 _1:20 —ll5 -1.0 -0.5 0.0 05 1.0 15 20
(sum or mean) reduction .l B m 3 1 I
J, Monitor N
%)
3
daoe Loss score —
230 \ (AKA loss surface)
200 \
100
0
-10
-10.
The gradient vector V,,, L at th ‘[""" me-ste omputed numerically via back-propagatior 2, automatic differentiatior
By om0, 0 Optimizer / o i s Taror o o T Aot groen 50 b GgBrsmated o e el i sl
Gradient descent update rule (For the j™ fiting parameren ] _] aL —— Read vertical line as “Evaluated at”
Vector equation (updates all fitting parameters) Wt+1 —_ Wt - A« i wt+1 — Wt - A/_
A = learning rate wt

owJ w!



Deep learning software tools

MOST POPULAR TOOLKITS

- TENSOR-FLOW % \ ,
GO gle TenslfFlow ’ NumPy a

* PYTORCH

Linear algebra Hyper threading

O PyTorch Keras

- THEANO (MILA U-Montral) 13
« COGNITIVE TOOLKIT CNTK TensorFlow
* (MICROSOFT) O PyTorch

- Keras

Keras is an open-source software library
. ngh-level API: Application Programming Interface
* Provides a python interface for deep learning tools
* Runs on top of TensorFlow,
» or Microsoft CNTK, or Theano
 Easy to use

Interest over time

Numerical optimization
X, 1 =X,—AVF(x,)

Automatic differentiation
oe de Oe

o"’l d“’z

aw,

® PyTorch ® TensorfFlow atte * M

L
Keras TensorFlow

_ * provide exposure
II O P)/TOI'Ch « Add extra line to

vour resume

} https://www.tooploox.com/blog/pytorch-vs-tensorflow-a-detailed-comparison



n = 442; grey sticks = residuals, SSR sums their squares

Vector input: x = (x, x;)

each interconnection has
a unique weight
xo s Woo
\. Scalar output
A
— y = bO + WooXo + Wi0X1

each node has an
associated bias

A three-parameter loss space: progression = wg+ w;:-BMI, + w,-BP, (diabetes study, n = 442)

SSR(w”™) = 1,583,105 | R?=0.396 | w’ = (152.1,37.6,19.1) | standard errors = (2.9, 3.1, 3.1) | corr(w;, w;) = -0.40
(c) The same plane, sliced along blood pressure
colour = the other feature

(b) The same plane, sliced along BMI

(a) Data cloud + fitted plane
colour = the other feature

350 q «=««: other feature at —1 SD
= other feature at mean 130
= = other feature at +1 SD
300 ~ 120
350
300 250 1 L 110
c
250 ©
3 5 S
200 g’ a 200 + 100 T
£
150 © o £
Q ()] -
e &
Q 150 o L 90
100 - - 80
50 70
T T T T T
20 25 30 35 40
BMI (kg/m?)
- *
(d) Loss space is 3-D: nested SSR isosurfaces (e) Slice at wo =w, : the (w;,w;) plane
each shell is 1, 2, 3, 4 standard errors from w” TILTED — BMI and BP are correlated (r = 0.40)
. 1,640,803
w* = (152.1, 37.6, 19.1)
1.80
1.75
3
~ 1,615,560 © &
~ £ 3 «
2 s 170 &
S £
o
)]
(V2]
1.65
1,597,529
1.60
1,586,711

25 30 35 40 45 50
wy (BMI)

progression

e Number of fitting parameters: 3

Dimensionality of the optimization space = number of fitting parameters

350 A wes
= other feature at mean
= = other feature at +1 SD

300 1

250 1

200 A

150 A

100 4

50 A

other feature at —1 SD

60

70 80

blood pressure (mm Hg)

(f) Slice at w, =w, : the (wo, w;) plane

T T T
90 100 110

T
120

T
130

40

- 35

- 30

BMI (kg/m?)

- 25

20

AXIS-ALIGNED — centred features decouple the interc?pet
e

50

45

w1 (BMI)

35

140

150 155
wo (intercept)

160

165




Linear vector regression:

* Problem Type: Vector-regression  Hidden-layer activation: N/A
e Mapping: """ R2 — R2 e e Output-layer activation: linear
e Hidden layers: None e Number of fitting parameters: 6

Computational graph

Woo

Xo — O ‘ — Y = WooXo + WXy + by
Wio W1

X, —

I Q wu‘ — Y = WoiXo + WX + by

input layer output layer




Scaling up: We can easily extend the problem by considering more dimensions.

i sqft

input space: R3 ‘

age beds
X1 +1000 ft2 Xp - years X3+ count
0 1.45 12 3
1 0.98 45 2
2 210 g 4
3 1.32 28 3
4 2.85 8 5)
5 1.70 35 3

output space: R2

price
y1-$1000s

365.4

219.8

498.6

308.1

625.7

366.2

For a single input feature vector x

Ypred = (yO) — m(x|w, b) =b+wx = (
pred

Y1

T

= (xg, 1, Z2) the model is

")+

rent

y2 * $/month

2150

1480

2890

1975

3420

2240

W

Wi

Wo1
W11

In which case the model can be rewritten in a mathematically identical form

Yored = m(

%|W

)

WX

(

by
b1

Woo
W10

Wo1
w11

Wo2
w12

)

(1)

L

o)

— Yo = by + wpeXg + wigX; + WX,

— Y1 = by + wyxp + wyx; + wyix,
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Generalizing the model as a classifier
(Logistic regression)



Example: Dataset

e Consider the following scenario at an amusement park gathering data.
e Goal: Classify qualitative age y (O=child vs 1=adult) based on weight x descriptor
o This data could be used to help predict inventory prediction (ice-cream vs beer).

entrance
. —_— q;:::.
ﬂ x Target
‘ record mass (M, Binary classification: . ()
— ) B 0
hidden scale | - ' y= :
(single explanitory variable) |”"v) z'::':: -~ ' 1

age>17

Make prediction: given an arbitrary mass, is it adult or child?




Linear regression

e Alogical question is ... can we simply perform a linear regression of Y on X and classify as Yes
ifY >0.5?

e Since in the population E(Y | X = ) = Pr(Y = 1 | X = z), we might think that regression
is perfect for this task.

e However, linear regression might produce probabilities less than zero or bigger than one. Also,
the transition region is clearly non-linear



Logistic function

e A much better option, is to model the class-probability of y (0=child vs 1=adult) as a non-linear

logistic function

Sigmoid (aka. logistic ) function

1
S(x) = =
) l4+e>* ex+1

Hyperbolic Tangent function

tanh(x) = 2 (S(2x) — 0.5)

Parameterized

1

y=38(|p) =
p=(w,b)

-5.0

tanh(x)

0.0

5.0

10.0



Logistic regression

e [tiscommon to assume a linear logit function in binary logistic regression .
* |n this case the class-probability obeys a sigmoid (logistic function)

14

= loge 1 =b + WX log-odds (also called logit)
l B probablility that outcome=true (Y=1)
1
P _ btwa > =S50+ wx)) =
odds l1-p e P ( X)) ] + e—wixtb

= S(b + =
P (6 + wyx)) 1 + g—wicth

» X

 Important: Even though probability p() is non-linear, we still call this a
linear logistic regression model, because the is assumed to be linear logit = wix + b



Decision boundary

e A decision boundary is a line or surface that separates data points of different classes in a
classification problem.

* [n linear logistic regression model, we have a linear decision boundary,

e This is typically defined where p = 0.5

Decision boundary

y=1

Best fit
Parameters



Model fitting-1

e In theory, we could fit this using numerical optimization, similar to in module-1.
e The model is simple enough that we can do it analytically (computationally faster)

Y = ~

A ~ oge
Initial guess
Best fit oot Parameters
.
Parameters s
..
§ X
(weight and bias)
Model: M(z|w)=0c(wiz+ wp) w = (w1, wy) U(z)=1+1ez, 2= w1 T + wy
Minimize binary cross-entropy = maximize log-likelihood
\ N
Loss: Y0’  |Lw) = - N> [ulogii + (1-u)log(l i)
‘ l , —

=1

J; = M(z;|w) = Pr(yi=1]|z;; w)

squared error
(regression)

Numerical Optimization: VL(w)=0= (‘)L oL ) W, 1=w, —nVL(w,)

0w1 ’ 0w0



logistic regression:

* Problem Type: Binary-classification e Hidden-layer activation: N/A
¢ Mapping: "™ R2 — R1 e e Output-layer activation: Sigmoidal (logistic)
 Hidden layers: None e Number of fitting parameters: 3

Computational graph

linear decision boundary 1 e"

4 l+e™ e*+1
ogos 0 — (O
o O — S(WooXo + WioX; + bo)
W10 1
O probablitly: P = P Te—Ty = S(WpoXo + wyoX; + by)
. > input layer output layer
0
linear gecision boundary

X0



The multi-layer perceptron model



ANN model: introductory example

 Problem Type: Scalar regression (un-  Hidden-layer activation: Sigmoid
constrained output) e Output-layer activation: Linear

e Mapping: """ R2 — RI e e Number of fitting parameters: 20

e Hidden layers: Ny;q4en = 2 — [3,2]

2 , R! NN architecture: 2-3-2-1

<] o5 e a Number of fitting parameters:
§ £ “'e"‘“"’"“‘" 7 . Npy=(BX2+3)+(2x3+2)+(2x1+1)=20
s § e % P /
g _’g g x2 ‘v"\ bv*» Q —> y ( l)ll\
1] /? @ °
© e wl3 )
o ‘L layer . Activation function: f "
13! 11
Input *—»A(x) l—»A(x)l—>Output layer A(x) = 1 wis
L r ( . \ - —x Wi3
aye O, wﬂ W§)1" b, 1 tTe by
- e .
. _ o1 .02 1 apply activation function | ,
Hidden layer-1 output > | O\, | =A||w), wps (x2>+ b, (non-linearity) b,
O3 wl w2 b3 } Apply component wise | | 1
| : it
* “22
0 Wyt
. 0, Wil Wi wyi : by, 117
Hidden layer-2 output — =A e 1 IS R W23
O Wy Wy W by, wi3
| b “ & O3 21
v
021 Don’t apply activation b
Neural network output > y = (0;,) = (w3 w??) +(by,) function on output 8
' " ' ‘ 0, ‘ layer b
21
L2y
Matrix form: W
y:W}A(w]zA(W(”X"'b )+b2)+bq \h“)




Activation: Sigmoid (i.e. logistic) and Tanh

e Activation functions, aka. non-linearities, make the ANN a non-linear interpolator
e Historically, these were very popular choices for activation functions.

1.0
0.8
0.6
0.4
0.2
0.0
-0.2
04
-0.6
04 . : - : .
-1.0 . .
-10.0 -5.0 0.0 5.0 10.0

Sigmoid function: Hyperbolic Tangent function

1
S@) = T tanh(x) = 2 (S(2x) — 0.5)




Logistic function: Width parameter

non-rigid transform

1.0

S(0.001*x)
S(0.100*x)
S(0.500*x)
S(1.000*x)
S(0.250*x)
S(5.000*x)
S(100.000*x)

S(wx)

0.8

0.6

w = 0.001

0.4
Parent function
0.2 S(X) —
1l +e>*
0.0
-10.0 -5.0 0.0 5.0 10.0

Small weights —> less overfitting



Regularization: constrain model flexibility

Deep nets have enough capacity to memorize the training set.

Regularization methods = tricks to PREVENT OVER FITTING

Method Mechanism Keras

L2 / weight decay Penalize |w|3 — shrink weights toward 0 kernel regularizer=12(le-4)
L1 Penalize |w|; — drives weights to 0 (sparse) kernel_regularizer=11(le-5)
Dropout Randomly zero units each step — ensemble of subnets layers.Dropout (0.5)

Early stopping Halt when val loss turns up callbacks.EarlyStopping()
Data augmentation Enlarge the effective training set layers.RandomFlip(), etc.
Batch norm Noisy batch statistics act as a regularizer layers.BatchNormalization()

All of these say the same thing in different dialects: prefer the simpler function when the data can't tell two models apart.

Y Y

4 @ @ Training data 4
e Validation error £ £
Q Q [+))
L L L
& o’ 5 5
Q @ 0 O [+))
7] 7] [72]
3 e ° o > 3
0 ° 5] o
I - T
> » X >
Distance East (miles) Distance East (miles) Distance East (miles)
under-fitting optimal over-fitting
model complexity is correct level of model complexity
too low model complexity is too high
High training error Training and Validation error Very Low training error
High Validation error are equally low Very high Validation error
high bias low bias low bias

low variance low variance high variance



Logistic function: Shift parameter

Rigid transform
1.0

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1 S(x) =

0.0

Parent function

]l +e>*
-10.0 -5.0 0.0 5.0 10.0



Activation: RELU

e Arectified linear unit (ReLU) is an activation function that introduces non-linearity
e Arguably, the popular common activation function, since it mitigates the vanishing gradient effect.

RelU (Rectified Linear Unit)
ReLU - f(x) = x™ = max(0,x)

RelLU Derivative

1

Mitigates effect
Of vanishing
Derivatives

T bx

“Cheap” to evaluate

-important if your evaluating millions of times




Activation: Softmax

e The softmax function converts a vector of numbers into a probability distribution by
exponentiating each element and dividing by the sum of exponentiated values.
o The division normalizes the vector so that the sum is equal to one, since > . p; = 1.
e Softmax returns an array of K probability scores (summing to 1). Each score is the probability
that the sample belongs to one of our K classes.
e The standard (unit) soft-max function is defined by the formula

Output Softmax

layer activation function Probabilities

i 0.02

-l e~ 0.90

2.2 |— w1 0.05
¥ e

0.7 i—1 0.01

1.1 0.02

e This is very useful for Multi-class classification



Representation learning: Core idea in deep learning

Deep learning models repeatedly transform data into better and better representations spaces.

You can envision this as the data flowing through the network resulting in various intermediate representation spaces.

learned data transformation

>
® classA @ classB
q layer
X3 A th node
A °
@] ¢ o] o] . o ° o ® - ....
ol o o o ¢ ° %o o
000 - YY) - 52 * ® o - ®
O ® o [ oo O 2|l o © ®
ol % . % o ¢ & @ w
> > o ° oe ®
5 | ’ 0
input space hidden 1 hidden 2 output space
R? - shell around core R? - shell torn open R? - flattened R? - separable
J/"‘» ;\\‘.
7 e \
\_/ N
// \‘v
~ 7N\ )
\_/ \_/
3 units 3 units - RelLU 2 units - RelLU 2 logits

What is better: In this context better means more suitable for a particular machine learning task.



Common Neural network architecture

e The type of data you have dictates which architecture you should use
e General classifier/regressor (MLP), image data (CNN), text data (LSTM or Transformer).

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF) Deep Feed Forward (DFF)
\/
GAYAN
5‘ Kx z” NAA
logistic regression shallow ANN ‘;’V \‘.«'»:4.‘}
linear regression ,;‘ ? ’1 :'« "\
/\ [\ ,
N/
&
R«urnntr Network (RNN) Long / ‘I’ Memory (LSTM) Gated R«u t (GRU) Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

NENTEN

X))

N A Jos A A NI SR AR PR oy
PREIGIR PRI R A

Auto Encoder (AE) Variational AE (VAE)

Sparse AE (SAE)

Deconvolutional Network (ON)

\/ R\ ‘ :
X ol s
C O 88 S0 D
DRSS 2 S SeRs
© Backfed Input Cell @ Match input Output Cell
Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)
‘ Input Cell . Recurrent Cell —B—ANR
. Noisy | Cell ;'g.;';‘;'ZA;'Z‘;'g‘}:
isy Input @ Memory ceu RN A
. Hidden Cell ‘ Different Memory Cell
Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)
@ rrovablistic Hiddencell () Kernel
O s @ SETETHERS 2 (3b»
@ output ceu

SOURCE: https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464



Common Loss Functions

Regression

e MSE (L2) — default; smooth gradients, but heavily penalizes outliers.
£ =520 —yi)?

e MAE (L1) — robust to outliers; constant-magnitude gradient.
£ =5 2 19— vil

e Huber — L2 near zero, L1 in the tails; best of both when outliers exist but you want smooth gradients.

Binary Classification

e Binary cross-entropy — ¢ € (0, 1) from a sigmoid; the standard for one-vs-rest and multi-label.
L=—= > [yilog§; + (1 —y;)log(1 — ;)]

Multi-Class Classification

e Categorical cross-entropy — y from a softmax over C classes; y is one-hot.
C A
L = —% Zz Zczl Yic log Yic

e Sparse categorical CE — identical math, integer labels instead of one-hot (memory saver).



Training jargon: what actually counts as a "step"”

e Iteration (step): one forward pass, one backward pass, one gradient update.

e Gradient update: the optimizer touching the weights once: w < w —ng.
Synonymous with iteration; the two are 1:1.

e Epoch: one full sweep over all N training examples.

iterations per epoch = [N/B]

The three regimes

Regime batch size B. Updates / epoch Gradient g

Full batch N 1 stable VL (Smoother training)
Mini-batch l1<B<N |[N/B] Unbiased estimate, some noise
Stochastic (SGD) 1 N

Unbiased, very noisy

Worked example — MNIST

N = 60,000, batch size=128, epochs=10

e [60000/128] = 469 iterations per epoch (last batch holds 96)
e 469 x 10 = 4,690 gradient updates total

e Full batch would give 10 updates. Same data, ~470x less learning.

Noise can be good isn't a defect to be minimized: it's what lets mini-batch escape sharp minima and saddle points. Full batch is
more accurate per step and worse per epoch.



Keras

1. Load — keras.datasets.mnist. load _data()

2. Explore — shapes, ranges, class balance, sample images

3. Preprocess — flatten to 784, rescale to [0, 1]

4. Split — train / validation / (locked) test

5. Build & compile — Sequential + Dense layers; loss, optimizer, metrics

6. Train — fit (), watchingvalidation each epoch

7. Evaluate — training curves, test accuracy, confusion matrix, error inspection



Deep learning software tools

MOST POPULAR TOOLKITS

- TENSOR-FLOW % \ ,
GO gle TenslfFlow ’ NumPy a

* PYTORCH

Linear algebra Hyper threading

O PyTorch Keras

- THEANO (MILA U-Montral) 13
« COGNITIVE TOOLKIT CNTK TensorFlow
* (MICROSOFT) O PyTorch

- Keras

Keras is an open-source software library
. ngh-level API: Application Programming Interface
* Provides a python interface for deep learning tools
* Runs on top of TensorFlow,
» or Microsoft CNTK, or Theano
 Easy to use

Interest over time

Numerical optimization
X, 1 =X,—AVF(x,)

Automatic differentiation
oe de Oe

o"’l d“’z

aw,

® PyTorch ® TensorfFlow atte * M

L
Keras TensorFlow

_ * provide exposure
II O P)/TOI'Ch « Add extra line to

vour resume

} https://www.tooploox.com/blog/pytorch-vs-tensorflow-a-detailed-comparison



KERAS SUMMARY

Keras

Models API

Layers API
Callbacks API

Data preprocessing

>

»  Keras layers API

> Creating custom layers

> Layers APl overview

The base Layer class
Layer activations
Layer weight initializers

Optimizers Layer weight regularizers
¢ Layer weight constraints
Core layers
Metrics e 5GD Convolution layers
° RMSprop Pooling layers
Recurrent layers
Losses * Adam Preprocessing layers
e Adadelta Normalization layers
Built-in small datasets | e« Adagrad Regularization layers
Attention layers
* Adamax Reshaping layers
Keras Applications e Nadam Merging layers
e Ftrl Locally-connected layers
Utilities Activation layers

Keras Tuner

v

Regression losses

MeanSquaredError class
MeanAbsoluteError class
MeanAbsolutePercentageError class
MeanSquaredLogarithmicError class
CosineSimilarity class
mean_squared_error function
mean_absolute_error function
mean_absolute_percentage_error function
mean_squared_logarithmic_error function
cosine_similarity function

Huber class

huber function

LogCosh class

log_cosh function

Probabilistic losses

e BinaryCrossentropy class

The Model class

Model class
summary method
get_layer method

The Sequential class

Sequential class
add method
pop method

Model training APIs

compile method

fit method

evaluate method
predict method
train_on_batch method
test_on_batch method

predict_on_batch method

run_eagerly property

Model saving & serialization APIs

o CategoricalCrossentropy class
o SparseCategoricalCrossentropy class

e Poisson class

e binary_crossentropy function
e categorical_crossentropy function
e sparse_categorical_crossentropy function

¢ poisson function
o KLDivergence class

« kl_divergence function

https://keras.io/api/models/

save method

save_model function
load_model function
get_weights method
set_weights method
save_weights method
load_weights method
get_config method
from_config method
model_from_config function
to_json method
model_from_json function
clone_model function



The “canonical” deep learning training workflow

e Data — collect, clean, supervise, split (train/val/test), augment
o Garbage in, garbage out: this is where most projects live or die
e Model Architecture — choose a model that well suited to the data
o MLP (simple data), CNN (grids/Images), RNN/Transformer (sequences), GNN (graphs)
e Objective (prediction quality scoring mechanism) — define a loss £(#) that encodes "good"
o Regression: Mean square error MSE
o Binary classification: Binary Cross-entropy
o Multi-class classification: Categorical Cross-entropy
e Optimization (learning) — back-prop + SGD/Adam, LR schedule, regularization
o We are just rolling downhill on a very high-dimensional surface
e Evaluation — validation metrics, error analysis, ablations
o Tune on val, touch test once
e Deployment — export, serve, monitor drift, iterate

Aside: "Canonical" means conforming to a standard, authoritative, or generally accepted form
the version of something that serves as the reference point against which variants are
judged (e.g., the canonical form of a matrix, or the canonical version of a text).



Data: MNIST

Image #0 — label =5

28x28

Flatten

Flatten: unwraps (reshapes) matrix into a vector v

x — (1,784)

s aas § U B " LI



Keras Models:
Model class

L8 Keras —

Model groups layers into an object with training and inference features.
Neural network odet groups fay J &

............. R* > R! Arguments
“feature vector " O Wi by, ‘
,<—\‘1>"° O Q e inputs: The input(s) of the model: a keras. Input object or list of keras. Input objects.
X J
) “‘/? Q e outputs: The output(s) of the model. See Functional APl example below.
layer % O~ e name: String, the name of the model.
Input f&) = f(x) 1 - Output

Layers, which are combined into a network (or model)
The input data and corresponding flargets
The loss function, which defines the feedback signal used for learning

The optimizer, which determines how learning proceeds

model = keras.Sequential([
layers.Input(shape=(784,)),
layers.Dense(128, activation="relu"),
layers.Dense(64, activation="relu"),
layers.Dense(10, activation="softmax"),

1)

model.summary ()



Keras Models:

model = keras.Sequential([

layers
layers
layers
layers

1)

.Input(shape=(784,)),

.Dense(128, activation="relu"),
activation="relu"),
activation="softmax"),

(
.Dense (64,
.Dense(10

model.summary ()

Input
784 (flattened)

OO

784 nodes
0 params

Dense1 Dense 2
128, relu 64, relu

JOICXO
OO

128 nodes 64 nodes

100,480 params 8,256 params
784%128 + 128 128%64 + 64

Total trainable parameters: 109,386

Model: "sequential"
Layer (type) Output Shape Param #
gense (dense)  (None, 128)  1oo4s0
dense_1 (Dense) (None, 64) 8256
dense_2 (Dense) (None, 10) 650

Total params: 109386 (427.29 KB)
Trainable params: 109386 (427.29 KB)
Non-trainable params: 0 (0.00 Byte)

Output
10, softmax

®
®
©

>

10 nodes

650 params
64x10 +10



Keras Models:
Build model

Input Dense1 Dense 2 Output
784 (flattened) 128, relu 64, relu 10, softmax

©

model = keras.Sequential([
layers.Input(shape=(784,)),
layers.Dense(128, activation="relu"),
layers.Dense(64, activation="relu"),
layers.Dense(10 activation="softmax"),

®
©

o

OO0
OO
OICXO

<§> ce

1)
model.summary ()
784 nodes 128 nodes 64 nodes 10 nodes
0 params 100,480 params 8,256 params 650 params
784x128 + 128 128x64 + 64 64x10 +10
Model: "sequential" Total trainable parameters: 109,386
Layer (type) Output Shape Param #
dense (Dense) (None, 128) 100480 .
Compile model
dense_1 (Dense) (None, 64) 8256
model.compile(
dense 2 (Dense) (None, 10) 650 optimizer=keras.optimizers.Adam(learning rate=1e-3),
— ’

loss="sparse categorical crossentropy",
metrics=["accuracy"],

Total params: 109386 (427.29 KB)

Trainable params: 109386 (427.29 KB)
Non-trainable params: 0 (0.00 Byte)

Remember: Parameters are learned directly by the optimizer during
training, Hyper-parameters (e.g. learning rate) are choices made by
humans that CONTROL training



Train model

loss

history = model.fit(

0.35 -

0.30 A

0.25 A

0.20 -

0.15 A

0.10 -

0.05 A

0.00 -

X_train, y_train,
validation_data=(x_val, y_val),
epochs=20,

batch_size=128,

verbose=2,

Loss

—&— frain
—&— validation

optimal model = minimum validation loss
T minor overfitting

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
epoch

accuracy

1.00 -

o
0]
o

o
1]
5

0.92 -

0.90 A

Accuracy

—&— ftrain

—&— validation

2.5

5.0 7.5 10.0 12.5 15.0 17.5 20.0
epoch




Results

Confusion matrix (test set)

True label

94 2 2 0 8 2 3 2 5 12

| | ! | 1 1 1 1 1

0 1 2 3 4 5 6 7 8 9
Predicted label

Where the model went wrong

true 9 — pred 8
(100% sure)

o

true 4 - pred 8
(67% sure)




Summary of ANN type models

Important note: We use a 2D feature space, however, everything easily generalizes to higher dimensions and deeper ANNs



Shallow MLP: Scalar regression

e Problem Type: Scalar regression  Hidden-layer activation: Tanh
e Mapping: """ R? — R e e Output-layer activation: Linear
e Hidden layers: Npidden = 1 — [3] e Number of fitting parameters: 13

Computational graph

input layer
by,

Q» y=wA(ﬂx+bl)+b3

e A(x) = tanh(x)

layer
y node

hidden-1

Note: We didn't have to use tanh on the hidden layers, other activations would also work



Deep MLP: Scalar regression

e Problem Type: Scalar regression  Hidden-layer activation: RelLu
e Mapping: """ R2 — RI e  Output-layer activation: Linear
e Hidden layers: Npidden = 2 — [3,2] e Number of fitting parameters: 20

Computational graph

output layer

¥ by
/Q—»y =w,A (EA(mx+b]) +b2) + b,
Wit \

01 02
W1 Wi

X

3 1

=A w]()q] w?: )+
2 2 [\ x,

:
Wil w2

A(x) = max (0,x) (relu)

b]l
bl?_
b]3

Oy
O
O3

Hidden layer-1
hidden-2 output

hidden-1 ‘

Note: (1) We didn’t have to use relu on the hidden layers, other activations would also work (2)
Instead of MLP, this is also referred to as a deep feed forward fully connected ANN



Deep MLP: Binary classification

 Problem Type: Binary classification  Hidden-layer activation: Sigmoid
e Mapping: """ R — R1 = e Output-layer activation: Sigmoid
e Hidden layers: Npidden = 2 — [3,2] e Number of fitting parameters: 20

Computational graph

by,

input layer Hy Q Wzlll by, output layer
2

X /VQ 02 by %3“11 b,
(x;) /ﬂ@-»y=S(g23S(wS(ﬂx+b])+b2>+b3)

O
2
NP ’ 1 e*
B @y S@W = —— =
l+e> ex+1

node hidden-2

layer
hidden-1

Note: (1) For the hidden layers, we didn't have to use sigmoid, other activations would also worked
(2) We only have one output node due to the binary constraintl = P, + P»



Deep MLP: Vector regression

* Problem Type: Vector regression  Hidden-layer activation: RelLu
e Mapping: """ R2 — R2 e e Output-layer activation: Linear
e Hidden layers: Npidden = 2 — [3,2] e Number of fitting parameters: 23

Computational graph
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w2
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node
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Note: We didn't have to use relu on the hidden layers, other activations would also work



Deep MLP: Multi-class classification &

e Problem Type: Multi-class N, j,ss = 3 e Hidden-layer activation: RelLu
¢ Mapping: """ R2 — R3 e e Output-layer activation: Softmax
e Hidden layers: Npidden = 2 — [3,2] e Number of fitting parameters: 26

Computational graph
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Xi
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Note: We didn't have to use relu on the hidden layers, other activations would also work



