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Artificial Intelligence (Al) Hypes
=> \We are now in ‘Deep Learning (DL) Hype’

“Deep Learning ‘Heroes of Deep Learning”

Popularity Conspiracy”
(aka Canadian Mafia)
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Hype
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i lan Goodfellow, Andrej Karpathy, to name a few...
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Recommended readings:
 LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. Deep learning. Nature 521.7553 (2015): 436.

* J. Schmidhuber. Deep Learning in Neural Networks: An Overview. Neural Networks, Volume 61, January 2015, Pages 85-117
(DOI: 10.1016/j.neunet.2014.09.003
 detailed preprint: https://arxiv.org/abs/1404.7828 (88 pages, 888 references)
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What is Deep Learning (DL)?

ARTIFICIAL
INTELLIGENCE

Any technique that enables
computers to mimic
human behavior




Data Science (DS)
VS
Machine Learning(ML)
VS
Deep Learning (DL)

L



Data Science Process

The
Data Science Process

Ask o What is the scientific goal?
an interesting What would you do if you had all the data?
question. What do you want to predict or estimate?

How were the data sampled?
Which data are relevant?
Are there privacy issues?

GET

the data.

Plot the data
Are there anomalies?
Are there patterns?

EXPLORE

the data

Build a model
Fit the model
Validate the model

MODEL

the data

What did we learn?
* Do the results make sense?
Can we tell a story?

Communicate
and visualize .
the results.

e r sef ir e wors of
N 1 ‘ '

Jeffery T. Leek and Roger D. Peng,

Data analysis flowchart

No

A

Yes

A

No

A

Exploratory

No

Are you trying to predict <
measurement(s) for individuals?

\
Ni/ Yes
inferential

Did you summarize the data?

l Yes

Did you report the summaries without
interpretation?
No

Did you quantify whether your discoveries
are likely to hold in a new sample?

l Yes

Are you trying to figure out how changing the
average of one measurement affects another?

l Yes

Is the effect you are looking for an average
effect or a deterministic effect?

Averag% &eterministic

Predictive data analysis uses a subset of measurements (the features) to
predict another measurement (the outcome) on a single person or unit.



Machine Learning

Basic idea: in many domains, it is difficult to hand-build a predictive model, but easy to collect lots of
data; machine learning provides a way to automatically infer the predictive model from data
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The basic process [supervised learning]:

Machine learning

Training Data algorithm Predictions
(3;(1), y(l))
9 (9 Hypothesis function New example x
N (i) G ;

Input features: () ¢ R™*,i=1,...,m _
High_Temperature(z)]

Hypothesis function: h,: R™ — Y, predicts output given input e really care about is how well our function
n
E.g.: 2l = [ Is. Weekday?

(model) will generalize to new examples
j=1

! —— Training
Outputs: 4y € Y. i=1,....m Loss function: /: ¥ xY — R, measures the difference between a — Generalization
E.g.: y € R = Peak Demand®  prediction and an actual output
E.g.: U5,y)=(§ —y)? Loss

The canonical machine learning optimization problem:

A

miniemize Zé(he (z),y)) Model Complexity
=1



Machine Learning

The canonical machine learning problem is that we don'’t really care about minimizing this objective on the
given data set (training data), we really care about how our learned model will generalize to new (unseen)
examples.

A

Model: y ~ f(x)

Good Generalization - Low Prediction Error on New Data: Bias vs Variance Tradeoff:
http://scott.fortmann-roe.com/docs/BiasVariance.html

A y L y y
‘ modell .- ~ model2  .* model3  :t Low Variance High Variance
. .. '.»'2.‘. . 4. 9.! . . . b A %‘ Total Error
----- v g o
..... \J : ‘ § g
X X X . : | S
Underfitted Good Fit/Robust Overfitted g § Variance
A ~ High Bias ‘ Low Bias .
. Low Variance : Hig_h Variance o
* == 'F ------------ : --------- i: ----- ’ 3 Biasz E
X : Prediction Error - 2 — -
= : for New Data i > O
El Bias Vériance Model Complexity I
5 Tradeoff
° : Total Error = Bias2 + Variance + Irriducible Error
© 2
o " 2 S - ; 2
a E[(y—f(:c)) ] :(Blas [f(a,ﬂ) -+—Var[f(m)}+a
Q
é Error due to Bias: The error due to bias is taken as the difference
: : . between the expected (or average) prediction of our model and the
: : j . > c correct value which we are trying to predict.
: : . raining Error . T4 A
- - - > Bias |f (z)| = E |f(z)] — f(z)

Model Complexity
Error due to Variance: The error due to variance is taken as the

As model becomes more complex, training loss always decreases; variability of a model prediction for a given data point
generalization loss decreases to a point, then starts to increase. : " - o 2 ~ 2
Var [f (z)] = E[f (¢)*] - E[f ()]

James, G., Witten, D., Hastie, T., & Tibshirani, R. (2013). An introduction to statistical learning (Vol. 112, p. 18). New York: springer.
Hastie, T., Tibhshirani, R. and M. Wainwright, (2015), Statistical Learning with Sparsity: The Lasso and Generalizations, Chapman and Hall.
Hastie, T., R. Tibshirani, and J. Friedman, (2011), The Elements of Statistical Learning: Data Mining, Inference, and Prediction, Second Edition, Springer.
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Machine Learning (ML) Overview: Examples of Tasks
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Machine Learning (ML) Overview: Examples of Tasks
- can we do all these tasks with same learning algorithm (hint: NN?)

No labels, No feedback
‘Find hidden structure’ Labeled data
+

Semi-
Supervised
O Learning Unlabeled
data

Labeled data
Direct feedback

Machine Supervised .
Learning Learning Predict outcome/
~ future
\ . .
/) ~ . Decision process
| :‘ Reword system
~ Learn series of actions (policy)
Recommended readings for refreshing ML: et .
y Benjamin Timmermans. hitp://btimmermans.com

* Notes from CS229: http://cs229.stanford.edu/syllabus.html
* Cheat-sheets for CS229: https://github.com/afshinea/stanford-cs-229-machine-learning



http://cs229.stanford.edu/syllabus.html
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https://github.com/afshinea/stanford-cs-229-machine-learning

Machine Learning (ML) Overview: Examples of Tasks

MINST data: PCA and t-SNE 2d

50 i

Classification
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Means initialization === Cluster assignment ====p Means update ==p  Convergence

https://developers.google.com/machine-learning/clustering/clustering-algorithms



https://projector.tensorflow.org/
https://pair-code.github.io/understanding-umap/
https://developers.google.com/machine-learning/clustering/clustering-algorithms
https://github.com/brain-research/realistic-ssl-evaluation
https://github.com/brain-research/realistic-ssl-evaluation
https://github.com/brain-research/realistic-ssl-evaluation
https://github.com/brain-research/realistic-ssl-evaluation
http://www.cs.cmu.edu/~10701/slides/17_SSL.pdf

Machine Learning (ML) Overview: Algorithms

classification

Ensemble
Classifiers NOT
WORKING

kernel

approximation e

= WORKING

regression

SGD ElasticNet |
Regressor .
YES
NO,

NOT
WORKING

Text <
Data

<100K

samples

0 you have

NOT

Spectral WORKING labeled <100K Jes few features
important

number of
categories
known

clustering

scikit-learn

algorithm cheat-sheet

SVR(kernel="rbf")
EnsembleRegressors

NOT
WORKING

(kernel="linear")

Spectral
bedding
NoT

WORKING

<10K

samples

NOT
WORKING

<10K

e

sampes el dimensionality
reduction

tough o predicting

Decision Tree

Nearest Neighbors Linear SVM

RBF SVM

Decision Tree

Decision Tree

Nearest Neighbors

DataCamp SciKit Learn Cheetsheet:
https://www.datacamp.com/community/blog/scikit-learn-cheat-sheet

Random Forest

Random Forest

Random Forest

!_
i

Naive Bayes

Naive Bayes

Naive Bayes



https://www.datacamp.com/community/blog/scikit-learn-cheat-sheet
https://www.datacamp.com/community/blog/scikit-learn-cheat-sheet
https://www.datacamp.com/community/blog/scikit-learn-cheat-sheet

Machine Learning (ML) Overview: Algorithm components

=> (1) Model representation, (2) Evaluation and (3) Optimization

Unknown target distribution

P(y[x)
Target function:

f: X—=Y + noise

|

Training examples

(X1,Y1) o -

. (XnyYN)

Learning model

{Hypothesis Set}

H

Learning

|
J

A

|

Error measure

e()

v

algorithm
A

N e e e e e e e e e e e e e e e e e e e -

g(x)= f(x)

P over X

Probability distribution X Final hypothesis | ¥
g: X—Y

Table 1: The three components of learning algorithms.

Representation

Evaluation

Optimization

Instances
K-nearest neighbor
Support vector machines
Hyperplanes
Naive Bayes
Logistic regression
Decision trees
Sets of rules
Propositional rules
Logic programs
Neural networks
Graphical models
Bayesian networks
Conditional random fields

Accuracy /Error rate
Precision and recall
Squared error
Likelihood

Posterior probability
Information gain
K-L divergence
Cost/Utility

Margin

Combinatorial optimization
Greedy search
Beam search
Branch-and-bound
Continuous optimization
Unconstrained
Gradient descent
Conjugate gradient
Quasi-Newton methods
Constrained
Linear programming
Quadratic programming

Representation: algorithm, implementation
Evaluation: metric selection, results based on real data
Optimization: from off-the-shelf optimizers to custom designed ones

Recommended readings:

 Domingos, Pedro M. "A few useful things to know about machine learning." Commun. acm 55.10 (2012): 78-87.

* https://homes.cs.washington.edu/~pedrod/papers/cacm12.pdf

* Bennett, Kristin P., and Emilio Parrado-Hernandez. "The interplay of optimization and machine learning research." Journal of Machine Learning
Research 7.Jul (2006): 1265-1281

* http://www.imlr.org/papers/volume7/MLOPT-intro06a/MLOPT-intro06a.pdf



https://homes.cs.washington.edu/~pedrod/papers/cacm12.pdf
https://homes.cs.washington.edu/~pedrod/papers/cacm12.pdf
https://homes.cs.washington.edu/~pedrod/papers/cacm12.pdf
http://www.jmlr.org/papers/volume7/MLOPT-intro06a/MLOPT-intro06a.pdf
http://www.jmlr.org/papers/volume7/MLOPT-intro06a/MLOPT-intro06a.pdf
http://www.jmlr.org/papers/volume7/MLOPT-intro06a/MLOPT-intro06a.pdf

Machine Learning (ML) Overview: Input for algorithm
=> an example of usual input for common supervised learning setting

Raw Data Collection

Missing Data

v

Feature Extraction

Pre-Processing

v

Sampling

Training Dataset

Cross Validation

Feature Selection

Y%

Feature Scaling

Dimensionality Reduction

Pre-Processing

Refinement

Y

Learning Algorithm
Training

Y

Hyperparameter
Optimization

V

Performance Metrics

Model Selection

Post-Processing

Y

Final Classification/
Regression Model

Supervised
Eamiﬂ

Split

Test Dataset

New Data

Final Model
Evaluation

Prediction

Sebastian Raschka 2014

This work is licensed under a Creative Commons Attribution 4.0 International License.

sepal_length

Instances (samples, observations)

sepal_width

petal_length

https://archive.ics.uci.edu/ml/datasets/Iris

petal_width

veriscolor

150

5.9

3.0

5.1

1.8

Features (attributes, dimensions)

X11
X21
X31

| XN1

X12
X22
X32

XN2

X1D

X2D
X3D

XND

Classes (targets)

Yy = [y1,¥2,¥3, " YN]



Key factor in ‘Traditional ML’ = Feature engineering
=> correct use of inputs is key for a successful ML application

data example =-rrmerereeseeeeeeosees > [Raw Data ] [ Feature j
1
I e —
1
I String Features can be } -
: ; . street_name feature =
! [ﬁandled with one-hot encoding ) 0.0....0.1,0,...0]
1
1
: \/ Feature T
I Enaineerin : number of unique
: street_name: "Shorebird Way" g g vocab items (streets)
1
|
1 Machine P .
Dataset DataRetrieval |~~"77' Learni ne-hot encodin
e e i This has a 1 for "Shorebird Way"
l goon and 0 for all others )
l
Data Feature Feature
Processing & Extraction & Scaling & ‘ Model Deplovment &
Wrangling Engineering Selection —P  Modeling P Evaluation& ot
. Monitoring
Tuning
Data Preparation *
Feature

Engineen’né

for Machine Learning

{

Re-iterate till satisfactory model performance

Prof. Pedro Domingos from the University of Washington, in his paper titled, “A Few
Useful Things to Know about Machine Learning” tells us the following. “At the end of
the day, some machine learning projects succeed and some fail. What makes the
difference” Easily the most important factor is the features used.”



Machine Learning (ML) Overview: Input for algorithm
=> an example of usual input for common supervised learning setting

Image processing: Audio signal processing:
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Deep learning:
Basics



Deep learning is Representation Learning (RL)
- learning a hierarchy of features directly from the data instead of hand engineering

Output
(object identity)

Deep
Learning

3rd hidden layer

(object parts)

Representation
Learning

2nd hidden layer
(corners and
contours)

Machine
Learning

1st hidden layer

(edges)

Visible layer

Artificial
Intelligence

(input pixels)

Source: https://deeplearning.mit.edu/



Example: Representation Matters

Cartesian coordinates Polar coordinates
\A Al
iy o y
T = 7 COS
v Y — gin
y=rsing
=
©
i O
7 COS X

Task: draw a line to separate the green triangles and blue circles

Source: https://deeplearning.mit.edu/



Example: DL = RL (aka Feature Learning)
- hidden layer in NN learns a representation so that the data is
linearly separable

—— _ e
Input [2] Hidden [2] Output
NN

i

ad

Task: draw a line to separate the blue curve and red curve

Source: http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/



Example: DL = RL (aka Feature Learning)
- hidden layer in NN learns a representation so that the data is
linearly separable

—— _ e
Input [2] Hidden [2] Output
NN

i

ad

Task: draw a line to separate the blue curve and red curve

Source: http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/



Q: Why DL?
A: Scalable ML learning (end to end learning)

Machine Learning 4
‘ —" l’. Mapping [
G — |y 330
\] A
Feature extraction Classification ? T f
Additional
Deep Learnlng Outout .\ln::i»lxll:i‘f:- nn N'él:")?;:l'l::'f‘\l'l M1l l‘l“;‘:;“",:“l:,:‘uv
fl'-'" :
Ov 'O— *O— O
e e e
O \Ol O O Hanul Hand e
Input Feature extraction + Classification Output deslenad dasiene. - — :"'"I'l“
Inpnt |
Il

Source: https://deeplearning.mit.edu/



Q: Why DL?
A: Scalable ML learning (end to end learning)

Machine Learning

Deep
< V.‘ l,. Leaming
G0 — |l — 17378
\] -
Feature extraction Classification

Most Leamning
Algorithms

Performance

Deep Learning
<000

o

O{ﬁ,ﬁ:—ri" > 2 O’ O

Input Feature extraction + Classification Output

Amount of Data

Source: https://deeplearning.mit.edu/



Why Now?

1952

1958

1986

1995

Stochastic Gradient
Descent

Perceptron
Learnable Weights

Backpropagation
Multi-Layer Perceptron

Deep Convolutional NN
Digit Recognition

Neural Networks date back decades, so why the resurgence!?

|. Big Data

Larger Datasets
Easier Collection
& Storage

IMSGE

WIiIKIPEDIA

The Free Encyclopedia

/ . y/' \
2 @y ey @y
(5—® @) .-

2. Hardware

* Graphics
Processing Units
(GPUs)

* Massively
Parallelizable

Source: https://introdeeplearning.com/

3. Software

* Improved
Technigues

e New Models
e Joolboxes

n“.\

Tensor



How to do DL: Simple example

tensorflow tf
tensorflow keras

“Ever vidallgle should be made
as simple as possible
But not simpler.’

(train_images, train _labels), (test images, test labels)
keras.datasets.mnist.load data()

model - keras.Sequential(([

keras.layers.Flatten(input_shape-(28, 28)),
keras.layers.Dense(128, activation-tf.nn.relu),
keras.layers.Dense(10, activation-tf.nn.softmax)
1)
model.compile(optimizer-tf.train.AdamOptimizer(),
|nput |mage: Loss-"sparse categorical crossentropy’,

[ 'accuracy'])

model.fit(train_images, train_labels, epochs

TensorFIOW Neural test_loss, test_acc - model.evaluate(test_images, test_labels)
print('test accuracy:', test acc)
Model: Network

l predictions - model.predict(test_images)

Output: 5

(with 87% confidence)

Source: https://deeplearning.mit.edu/




Deep Learning Framework Power Scores 2018

100 96.77
Online Job Listings KDnuggets Google Medium | Amazon | ArXiv GitHub Activity

Framework |Indeed Monster Simply Hired Linkedin Angel List | Usage Survey | Search Volume | Articles | Books |Articles| Stars Watchers Forks Contributors

TensorFlow 2,079 1,253 1,582 2,610 552 29.90% 73 6,200 202| 3,700|109,576 8,334 67,551 1,642

Keras 684 364 449 695 177 22.20% 53 9,120 79| 1,390 33,558 1,847 12,658 719

PyTorch 486 309 428 665 120 6.40% 19 1,780 18| 1,560| 18,716 952 4474 760

Caffe 607 399 515 866 123 1.50% 4 815 14| 1,360 25,604 2,218 15633 270

Theano 356 316 279 508 95 4.90% 0 428 17 652| 8477 585 2447 328

MXNET 266 154 200 298 29 1.50% 2 524 32 260| 15,200 1,170 5498 587

CNTK 126 96 a7 160 12 3.00% 0 223 1 88| 15,106 1,368 4,029 189

Q Deepleamingd. 17 5 4] 35 3 3.40% 2 70 1" 27| 9615 829 4441 232
CL) Caffe2 55 51 49 109 12 1.20% 2 335 2 67| 8,284 577 2,102 193
() Chainer 19 19 19 28 3 0.00% 2 91 3 164 4,128 325 1,095 182
) FastAl 0 0 0 0 0 0.00% 0 858 0 11| 7,268 432 2647 195

17.15
12.02
8.37 4.85
5-65 271 148 1.6
_ | ——
Gy o 75 & '7*4/ C‘/V}k 0 S G e, G S A Stq
Ch 0 &y {o 5 < e, Vs
/‘,7/

Framework 94,

https://towardsdatascience.com/deep-learning-framework-power-scores-2018-23607ddf297a
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https://towardsdatascience.com/deep-learning-framework-power-scores-2018-23607ddf297a

Deep Learning in One Slide

What is it:
Extract useful patterns from data.

How:
Neural network + optimization

How (Practical):
Python + TensorFlow & friends

Hard Part:
Good Questions + Good Data

Why now:
Data, hardware, community, tools,
Investment

Where do we stand?

Most big questions of intelligence
have not been answered nor
properly formulated

Exciting progress:

Face recognition

Image classification

Speech recognition

Text-to-speech generation
Handwriting transcription

Machine translation

Medical diagnosis

Cars: drivable area, lane keeping
Digital assistants

Ads, search, social recommendations

Game playing with deep RL

Source: https://deeplearning.mit.edu/
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TensorFlow in One Slide

* What is it: Deep Learning Library

Facts: Open Source, Python, Google

* Community:

e 117,000+ GitHub stars

e TensorFlow.org: Blogs, Documentation, DevSummit, YouTube talks
* Ecosystem: Extras:

* Keras: high-level API * Swift for TensorFlow

* TensorFlow.js: in the browser .

TensorFlow Serving
TensorFlow Lite: on the phone

Colaboratory: in the cloud
TPU: optimized hardware
TensorBoard: visualization

TensorFlow Hub: graph modules Recommended course and materials:

e TensorFlow Extended (TFX)

TensorFlow Probability

Tensor2Tensor

* Alternatives: PyTorch, MXNet, CNTK® & 20: Tensorflow for Deep Learning

Research:

< http://web.stanford.edu/class/
cs20si/

Tensorflow Tutorials & Guides:

¢ https://lwww.tensorflow.org/tutorials

& https://www.tensorflow.org/quide

Source: https://deeplearning.mit.edu/



Perceptron:
Structural Building Block of DL

Source: MIT 6.5191: http://introtodeeplearning.com



Perceptron (Neuron): Forward propagation

Linear combination

X1 W,y l w, (blaS) Output of inputs
w l m 1

X2 : ) _’f y }7=9<Wo+zxzwi>

w - \
Sum Nonlinearity  Output
x Non-linear Bias

m Welg hts activation function

Input Recall: ‘Rosenblatt’ perceptron .|
f(x):{l if w-x+b>0, |

0 otherwise




Neuron: Forward propagation (vectorized notation)

X2 - ’2_’/

w.
/sum Nonlinearity
X

" Weights

Input

Linear combination
Output of inputs

| -
y ?=9<Wo+2xiwi>

Output \iz 1

Non-linear Bias
activation function




Neuron: Forward propagation (activation function)

1
X1 K l w, (bias)
X2 ~2 X — /S y y=g(wo+XTW )
/W/Sum Nonlinearity | Output
X
" Weights Sigmoid Tanh ReLU Leaky ReLU
Input 0= | 0= | s =max02) | o) = maxie

with e < 1

1+ 1+ 1+ 1+




Neuron: forward propagation example

AX2 ’
: \ | ///Q
t\,}_,‘\/
3 T 47 2D line
X1 > Z —_— / 5} jx%'\/
/ < T T ' / '\/ ! T j X1
2 = 9 = g(wotXTW ) / |
X 3
W :[32] =g(1+’x; [—ZD /
y =9g(1+3x1—2x,) /




Neuron: forward propagation example

g(z)=o0(z)=

1+ e %
y =9g(1+3x;—2x,)
0.5+ AX > ’
1 1 ~ ///Q
\ . 2 0 2 . z -1 ,-\‘jr‘(\'
; lzl\o - s 2D line
X1 »x — ya y jﬁ%w
-2 N
/ < / >x1
X ~
‘ wo = 1 y:g(wO+§TvTV)3 / |
1
W = [_32] -9 (1 T [xz [—2]) / =
y=9g(1+3x14—2x,)
y g(1+(3*—1)—(2*2)) l

= g(—6) ~ 0.002



Neuron example (logistic regression)

g(z)=o0(z)=

1+e™?
9 = g(1+3x; — 2x,)
0.54 sz ’
S
1 1 _16 - _12 o : : ; 7 7z < 0 T / J,.f:/
3 y <03 + 4/ 2Dline
X1 > ) —>/ 9 /;5%*'”
_2 ~
/ . % % % / % } % >x1
x ~
‘ wo = 1 y :g(w0+fTvTv )3 /
1
w =[—32] =g(1+[x2 [—ZD / 1 z >0
9 =91+ @x-1)— (2x2)) l

= g(—6) = 0.002



Common activation functions

Traditional Commonly used now New trend
(logistic) e Swish
Sigmoid Function Hyperbolic Tangent Rectified Linear Unit (RelLU)

Swish Activation Function

— 5
0.8} g$(zz))r 0.5 » g$(zz))‘ * SF(ZZ)’.
0.6 3t
0
0.4 2t
0.2 s 1
0 ' -1 - - . " b0 75 20 25 00 25 s0 75 1
-5 0 5 -5 0 5 -5 0 5 -100 -75 -50 -25 0.0 25 5.0 75 10.0
1 e? —e %
e = — O, .
9@ = 135 9= e 9= max(0.2) - Searching for
’ ’ ’ _ 1, z>0 . .
g' ' (z)= g1 -g(2)) g'(z)=1-g(2)* 9 (z) = {0, otherwise aCtlvatIOn

functions

NOTE: all activation functions are non-linear, why?, important hyperparameter


https://medium.com/@jaiyamsharma/experiments-with-swish-activation-function-on-mnist-dataset-fc89a8c79ff7

Importance of activation functions

- The purpose of activation functions is to introduce non-linearities into
the network

06

0SF

04

Linear Activation Non-linearities allow us to
functions produce linear approximate arbitrarily
decisions no matter the complex functions

network size



Building Artificial
Neural Networks

Source: MIT 6.5191: http://introtodeeplearning.com



Artificial Neuron: Simplified Display

CII() ’U)O
*@ synapse
axon from a neuron
woT(
cell body f (Z Wix: + b)
A7 S wi+b|flo—
- W T; "
i = output axon
activation
W Lo function

impulses carried

toward cell body
branches

P .
p axon
nucleus % axon \_J‘é

< " terminals
A "
14 (\ \impulses carried \ij

away from cell body By

cell body




Artificial Neuron: Simplified Display

L0 (y)

*@ synapse
axon from a neuron
woL(

cell body f (Z _m b)
w11 i
> w;T; + b >
jg: =k ‘f output axon
activation
WoXs function

class Neuron(object):

def forward( , inputs):

cell body sum = np.sum(inputs *

assume inputs and weights are 1-D numpy arrays and bias 1s a number

impulses carried
toward cell body

branches
dendrites of axon
axon \_J:z A
nucleus @ ) " terminals
7 B>

7 ‘ impulses carried \ij

away from cell body By
cell body

.weights) + .bias

firing rate = 1.0 / (1.0 + math.exp(-cell body sum))

return firing rate




Artificial Neuron: Simplified Display




Artificial Neuron: Multi Output Perceptron

X1
y1 = 9(z1)
VAl > m
X5 Zi = WO,i + 2 . 1Xj Wj,i
v = g(2,) J=
Z9 >
xm

Output Output Cost

Output Type

Distribution Layer Function
Binary cross-
Binary Bernoulli Sigmoid Y
entropy
) ) . Discrete cross-
Discrete Multinoulli Softmax
entropy
Gaussian cross-
Continuous Gaussian Linear
entropy (MSE)
) Mixture of Mixture
Continuous . . Cross-entropy
Gaussian Density
. . See part III: GAN, .
Continuous Arbitrary VAE, FVBN Various




Artificial Neuron Network (with one hidden layer)

Z
Z2 Y1
Z3 V2
Zd

m
— ., (1)
Zy =Wy, T Z}_—l Xj Wj,

1 1 1 1
= wé’z) + X4 Wl(,Z) + X5 wz('z) + Xm wfn’)z



Artificial Neuron Network (with one hidden layer)

- Number of neurons: 4 + 2 (input layer is not counted)
- Number of parameters: 3*4 + 4*2 + bias (4 + 2) = 26

w(l)
Z1
X1
Z2
X2
Z3
xm
Z
Input o)
Hidden layer linear/nonlinearity
before output?

2 (1) 9 2 2
Zi = Wy, +Z} W u Yi=49 (W(gl)-'-zjg(zj)/v]( ) )




Artificial Neuron Network (with one hidden layer)

- Simplified display for fully connected (Dense) layers

"5‘ from tf.keras.layers import *

inputs = Inputs (m)

hidden = Dense (d;) (inputs)
outputs = Dense (2) (hidden)
model = Model (inputs, outputs)

Zq
X1

Z) V1
xz

Z3 V2
Xm

Zd1
Inputs Hidden Output



Deep (Feed-Forward) Neuron Network

- Simplified display for fully connected (Dense) layers

Zk,1
X1

Zk,2 V1
x2 T T

Zk,3 Y2
Xm

Zk,dy,
Inputs Hidden Output

= WOL z k§1zk—1.j) Wii

- here z value is a layer output before nonlinearity (depends on convention)
- in general each layer k can have different nonlinearity
- this depends on architecture choice



Deep (Feed-Forward) Naming convention

Layer type: fully-connected (Danse) layer

QA
o
«
0;0

/o S X
)‘“x)/

%
\V
X

output layer

tput layer

input layer

hidden layer Input layer
hidden layer 1 hidden layer 2
2-layer Neural Network with: 3-layer Neural Network with:
- three inputs & - three inputs &
- one hidden layer of 4 neurons (or units) & - two hidden layers of 4 neurons each &
- one output layer with 2 neurons. - one output layer
- Total number neurons: 4 +2 =06 - Total number neurons: 4 +4+1=9
- Total of learnable parameters: - Total of learnable parameters:
- [3x4] + [4x2] + 4 + 2 (biases) = 26 - [3x4] + [4¥4] + [4x1] + 4 + 4 +1

(biases) = 41




Power of NN: Universal Approximation Theorem

A feed-forward network with a single layer is sufficient to represent (**not learn™)

an approximation of any function to an arbitrary degree of accuracy
(for Intuitive explanation read: http://neuralnetworksanddeeplearning.com/chap4.html)

Simple Neural Network Deep Learning Neural Network

,-\‘

@ nput Layer () Hidden Layer @ Output Layer

So why deep NN?
- Shallow net may need (exponentially) more width
- Shallow net may overfit more (may not generalize)


http://neuralnetworksanddeeplearning.com/chap4.html
http://neuralnetworksanddeeplearning.com/chap4.html
http://neuralnetworksanddeeplearning.com/chap4.html

Example: Better Generalization with Greater Depth

Effect of depth. Effect of number of parameters.
96.5 T T T I | I I
4 97 | | | | |
—~ —~ e—e 3 convolutional
8 4 £ 96 | B
3 S +—+ 3, fully connected
) 122 V—¥ 11, convolutional [T
> 1 =
3 & 94 | _
: I
g 18 o3t — . -
] 91 | ] | | |
1'0 = 0.0 0.2 0.4 0.6 0.8 1.0
Number of parameters x108

Goodfellow et. al., Deep Learning, 2017, http://www.deeplearningbook.org/ (Chapter 6)



http://www.deeplearningbook.org/
http://www.deeplearningbook.org/
http://www.deeplearningbook.org/

Deep Neural Networks

providing lift for feature extraction for sequence of events,
classification and and classification of language models, time
forecasting models Images series, etc.

Recurrent
Neural
Networks

Deep

Neural
Networks
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DL: Training and Testing

Training Stage:

Input Learning Correct
Data System Output
(aka “Ground Truth”)
Testing Stage:
New Input Learning

b, Best Guess E

Data System




What we can do with deep learning?

Input Learning Correct
Data System Output
e Number e Number

Vector of numbers
Sequence of numbers
Sequence of vectors of numbers

Vector of numbers
Sequence of numbers
Sequence of vectors of numbers

one to one one to many many to one many to many many to many




Q: How NN Learns?

Forward Pass:

Input Neural .
P [— ) Prediction

Data Network

Backward Pass (aka Backpropagation):

Neural Measure
_

Network of Error

Adjust to Reduce Error



Q: How NN Learns?
A: Backpropagation + Gradient Descent

Backpropagation is a method to update the weights in the neural network by
taking into account the actual output and the desired output. The derivative
with respect to each weight is computed using the chain rule.

@ Forward propagation @ Backpropagation @ Weights update
Forward pass to compute network output and “error” Backward pass to compute gradients A fraction (learning rate) of the weight's
oL  Of(x) ol gradient is subtracted from the weight
0f(x) Oz of (x)
ajw)
WW—
) = ow

Recommended reading:

» Backprop is very simple (‘by hand explanation’):
¢ URL: goo.glitYVGeJ

« Automatic differentiation in machine learning: a survey
¢ https://arxiv.org/abs/1804.07612



https://arxiv.org/abs/1804.07612
https://arxiv.org/abs/1804.07612
https://arxiv.org/abs/1804.07612

Basic concepts of NN Training: Quantifying Loss

=> The loss of our network measures the cost incurred from incorrect predictions

X
® O (1) — 4 5 ' Predicted: 0.1
X Actual: 1
I_. x5

L (f (x(‘), W), y(l))

Predicted Actual




Basic concepts of NN Training: Empirical Loss

=> The empirical loss measures the total loss over our entire dataset

- Z oy
4,50 4 0.1 |
2, | - 0.8 0
5 8 Z7 V1 06 |

: X2 .
u ~ | . ] L]

1" . .
Also known as ‘/&-’](W) — —2 _1L(f(x(l); W)’y(l))

*  Objective function n
*  Cost function l

*  Empirical Risk Predicted Actual




Basic concepts of NN Training: Cross Entropy Loss

=> Cross entropy loss can be used with models that output a probability between 0 and 1

_ z Sy
45 4 0.1 |
2, | - 0.8 0
5 8 Z7 V1 06 |
: X2 .

B ‘| " ] ]

1" . .
Also known as ‘/&-’](W) — —2 _1L(f(x(l); W)’y(l))

*  Objective function n

e Cost function l
*  Empirical Risk Predicted Actual
1 n . . . .
JW) =— y® log (f(x(l); W)) + (1 -y log (1 — f(x®; W))
Néi=1 .
Actual Predicted Actual Predicted

? loss = tf.reduce mean( tf.nn.softmax cross entropy with logits (model.y, model.pred) )




Basic concepts of NN Training: Mean Squared Error

=> Mean squared error loss can be used with regression models that output continuous real numbers

, f@ oy
_ — 1 _ —
;L 5| % 30| |90
, . 5 |80] |20
5 8 85 95
: X2 . .

L ~ | . ] L]

1" . .
Also known as ‘/&-’](W) — —2 _1£(f(x(l); W)’y(l))

*  Objective function n
*  Cost function l

*  Empirical Risk Predicted Actual

Jwy =" (y0 - f(xO;w))

=1
Actual Predicted

‘? loss = tf.reduce mean( tf.square(tf.subtract (model.y, model.pred) )




Basic concepts of NN Training: Learning is optimization problem

We want to find the network weights that achieve the lowest loss

n

1 . .
w* = j —E L(f(x®;w),y®
argv{/mnn . (f(x )y )

W* = argmin J (W)
7%

|

w={woOwo,..)
NN parameters



Basic concepts of NN Training: Gradient Descent

while
weights grad = evaluate gradient(loss fun, data, weights)
weights += - step size * weights grad

Algorithm

? weights = tf.random normal (shape, stddev=sigma)

. Initialize weights randomly ~N° (0, 0%)
(we could initialize NN in different ways; spoiler — transfer learning)

2. Loop until convergence:

(computationaly
9JW) heavy to compute
ow for large datasets!)

? grads = tf.gradients (ys=loss, xs=weights)

3. Compute gradient, ——

4. Upd ate Welghts W — W _| :M ? weights new = weights.assign(weights — lr * grads)
1%

I | i
5. Return weights I llearning rate



Basic concepts of NN Training: Stochastic Gradient Descent

Stochastic Gradient Descent: Mini-Batch Gradient Descent

—> easy to compute, but very noisy —> fast to compute, much better at estimating ‘true’ gradient
Algorithm Algorithm

. Initialize weights randomly ~V'(0, 0%) . Initialize weights randomly ~N (0, %)

2. Loop until convergence: 2. Loop until convergence:

3. Pick single data point i 3. Pick batch of B data points

(W
4. Compute gradient, ]a(w) 4. Compute gradient, ](W) — —Zk 1 a]gg;v)
0
>. Update weights, W « W —n ](W) . Update weights, W « W —n ajgvvz)
6. Return weights 6. Return weights



Basic concepts of NN Training: Mini-batches while training

§ We cannot pass the entire If we have 10,000 images
An Epoch represents one dataset into the neural as data and a batch size of
iteration over the entire network at once. So, we 200, then an epoch should
dataset. divide the dataset into contain 10,000/200 = 50
number of batches iterations.

Mini-Batch size: Number of training instances, which

the network evaluates per weight update step.
« Larger batch size = more computational speed

« Smaller batch size = (empirically) better
generalization

Recommendations:
« “Training with large minibatches is bad for your health. More importantly, it's bad for your test error.

Friends don’t let friends use minibatches larger than 32.” - Yann LeCun:
¢ Revisiting Small Batch Training for Deep Neural Networks (2018)

= https://arxiv.org/abs/1804.07612
« ltis hyperparametar usually based on memory constraints (if any, not commonly cross-validated),
or set to some value, e.qg. 32, 64 or 128. We use powers of 2 in practice because many vectorized

operation implementations work faster when their inputs are sized in powers of 2. — A. Karpathy
(cs231n Notes)



https://arxiv.org/abs/1804.07612
https://arxiv.org/abs/1804.07612

Basic concepts of NN Training: Adaptive Learning Rates

Qian et al."On the momentum term in gradient

° Momentu m descent learning algorithms.” 1999.
< . - Duchi et al."Adaptive Subgradient Methods for Online
e Ad agl”ad Learning and Stochastic Optimization.’ 201 1.

Zeiler et al. "ADADELTA: An Adaptive Learning Rate
Method.” 2012.

° Ad ad e |'t a ? tf.train.AdadeltaOptimizer

Kingma et al.“Adam: A Method for Stochastic

° tf.train.Ad timi
Adam ? rain. Adamoptinizer Optimization.” 2014.

+ RMSProp

Recommended reading (for details):
« http://ruder.io/optimizing-gradient-descent/



http://ruder.io/optimizing-gradient-descent/

Basic concepts of NN Training: Regularization

=> Technique that constrains our optimization problem to discourage complex models

Improve generalization of our model on unseen data

Underfitting < Ideal fit > Overfitting
Model does not have capacity Too complex, extra parameters,
to fully learn the data does not generalize well



Regularization: Dropout

=> During training, randomly set some activations to O

Typically ‘drop’ 50% of activations in layer

Forces network to not rely on anv 1 node

? tf.keras.layers.Dropout (p=0.5)

; Z21 ;




Regularization: Dropout implementation example

mmnn

Inverted Dropout: Recommended implementation example.

We drop and scale at train time and don't do anything at test time.

mnn

p = 0.5
def train step(X):

Hl = np.maximum(0, np.dot(Wl, X) + bl)
Ul = (np.random.rand(*Hl.shape) < p) / p
H1 *= Ul

H2 = np.maximum(0, np.dot(W2, H1l) + b2)
U2 = (np.random.rand(*H2.shape) < p) / p
H2 *= U2

out = np.dot(W3, H2) + b3

def predict(X):

H1l np.maximum(0, np.dot(Wl, X) + bl)
H2 np.maximum(0, np.dot(W2, Hl1l) + b2)
out = np.dot(W3, H2) + b3

(http://cs231n.github.io/)



http://cs231n.github.io/
http://cs231n.github.io/
http://cs231n.github.io/

Regularization: Early stopping

=> Stop training before we have chance to overfit

A
i
Underfitting | Over-fitting

|
| Legend
|
| -

| oss | Stop training Testing
| here!
' Training

® =0 >

Training Iterations



Demo: Neural Network Playground
https://playground.tensorflow.org

b Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
000,284 0.03 RelLU None 0 Classification

DATA FEATURES + — 1 HIDDEN LAYER OUTPUT
Which dataset do Which properties do Test loss 0.005
you want to use? you want to feed in? + - Training loss 0.004
4 neurons
O OO0 O o
)(1 pmmm== == = e ° ': or o .0.
‘\ &" O Onto 2° R O
s\‘ "' O - <
X 3 \A* S ’l O a . O :.o o
2 N, & > )
. @ ) () ® )
Ratio of training to AN ',’ P o D O
N D
test data: 50% ® _,o" o O O o
—e \- ,——-—“ Ol o . O
N, ® ) O
~, 0 e
~\ < O0 3
Noise: 0 e o QX
~.----- ® O O °
. p . o. 50 O
£ ... 00
; . ®» ®)l0 O
Batch size: 10 This is the output O 20 &N
® from one
neuron. Hover 0
to see it larger.
REGENERATE
Colors shows -

data, neuron and ! ! !
1 0 1
weight values.

[ showtestdata [J Discretize output



https://playground.tensorflow.org
https://playground.tensorflow.org

Hands-on Materials

https:/ /tinvurl.com/v5ib7d7b



https://tinyurl.com/y5jb7d7b

Deep Neural Networks

providing lift for feature extraction for sequence of events,
classification and and classification of language models, time
forecasting models Images series, etc.

Recurrent
Neural
Networks

Deep

Neural
Networks
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Deep Neural Networks

Supervised Learning Unsupervised Learning
e N e
1. Feed Forward Neural Networks 5. Autoencoder " Throw away after training
Input: Network: Output: Ground Truth: Input: Network: Network: GroundTruth
Image ! | -
A few Dense . . ! . : ! Any . ! Any ' Exact copy @ !
> » Representation » Prediction «€-|---4 Prediction > > o ]
numbers Encoder P L i E)ét’ Encoder —®| Representation : Decoder " of input
N J T
.
e A
2. Convolutional Neural Networks ( . .
_ 6. Generative Adversarial Networks
Input: Network: _ _ R REEEEE R .
Output: Ground Truth: | Throw away after training |
; : Network: Output: i Network:
An image > Senyoluticne » Representation » Prediction €-|---- Prediction Input i
Encoder ! ! i .
________________ . . Fake : N Prediction:
Noise » Generator > = Discriminator >
Image : Real or Fake
\ . J ‘yr :
=> Image classification, object detection, video action recognition | A
4 2\ L - Ao .
3. Recurrent Neural Networks | Real
) © ' Image !
. Network: D e : !
Input: Output: Ground Truth: L
— => unsupervised generation of realistic images
Sequence Encod » Representation » Prediction <---- Prediction . .
ncoder e | Reinforcement Learning
\ L L] ) L] L] (
[=> sequence modeling, language modeling, speech \recognltlon 7. Networks for Learning Actions, Values, and Policies
4. Encoder-Decoder Architectures Network: Output: SN
Input: Network: Network: Output: Ground Truth: Input: v [ |
I ! Environment Any . .
Image, Image, ; Image, > » Representation —»{ Action » Reward
Text, » I > Representation » > Text, |«i---- Text, State Encoder
Encoder Decoder . . A |
etc. etc. i etc. !
\ J .

=> semantic segmentation, machine translation

Il3 https://github.com/lexfridman/mit-deep-learning/blob/master/tutorial_deep_learning_basics/deep_learning_basics.ipynb


https://github.com/lexfridman/mit-deep-learning/blob/master/tutorial_deep_learning_basics/deep_learning_basics.ipynb

Autoencoder
=> neural networks in unsupervised learning setting

dimensionality reduction?

Y/

N Reconstructed Image
N ’{ X7\ J
SURAA 2 2
AX . VaVANN D < A\
‘”’Ay » \v“/ N W

$ W ;"
5 % \§ * 5
R AXIN P

Ry
PN
VR

AL . .
7‘&«‘ i data denoising

Input Image

A : AN 2
o LA o LA - - E - .
Encoder Decoder NN . i z
Hidden layer 2 : Hidden layer 1 : @ “‘\\ r€COnStrllCt10n
300 neurons 300 neurons \\
Encoder Decoder \
Hidden layer 1 : Hidden layer 2 : \ IOSS
500 neurons 500 neurons
Input layer : Reconstruct layer :
784 neurons 784 neurons

Output
Input softmax
=> WO rd 2veC http://jalammar.github.io/illustrated-word2vec/ xi 0 Hidden 0 1
X2| 0 N //h? 0 |y2
' ha v : . .
Vector of word i hs § negatlve Sampllng R
- Vo | .| x Matrix W’ s [N =| . .
x| | T %2 "7la  hierarchical softmax
Sliding window (size = 5) Target word Context : : S '
. hn
[The man who] the man, who ; Embedding matrix F/ 1 ;
Xy -aimension vector Yv
[The man who passes] man the, who, passes In;t/ back-propagating the gradient
[The man who passes the] who the, man, passes, the /0\ from the soft-max classifier to
[man who passes the sentence] passes man, who, the, sentence 1 g;ttr':gi the dense word vectors such
X i Hidden N
& N o|» that the cross entropy loss of
[sentence should swing the sword] swing sentence, should, the, sword ° - . the classifier is minimized.
[should swing the sword] the should, swing, sword 1 X Matrix W Matix W" N = g |y,
[swing the sword] sword swing, the 0
0 0|yv
A . X N-dimension vector ~
https://github.com/lesley2958/word2vec/blob/master/word2vec.ipynb ; (Average of veciors©f
0



http://jalammar.github.io/illustrated-word2vec/
https://github.com/lesley2958/word2vec/blob/master/word2vec.ipynb

Neural Machine Translation: Encoder-Decoder architecture
- the sequence-to-sequence model

The sequence-to-sequence model
Target sentence (output)

A
( \
he hit me  with a ie <END>
Decoder RNN P
s 8 & o s s ‘s
éT EDT Q%T EJT & Q%T ET
= - z = < s : - ~
- o |o| lo| |0 ol:lol:lo| lol el lol e :
= @ @ @ N K ) @) Q.
o o “le[ e[ |e lof o[ 2lo[ Tlo[Tlo[ o[l @
9 o (o (o |@ o| :|lof :|o| :lo] :lo| :|o] :|le -
c ) =
il a m’  entarté <START> he hit me  with a pie
\ J
Y
Source sentence (input) Decoder RNN is a Language Model that generates
(words are usually represented with word2vec) target sentence, conditioned on

Encoder RNN produces
an of the
source sentence.

For state of the art see Transformer architecture: http:/jalammar.github.io/illustrated-transformer/


https://web.stanford.edu/class/cs224n/readings/cs224n-2019-notes06-NMT_seq2seq_attention.pdf
http://jalammar.github.io/illustrated-transformer/

Recurrent Neural Network (RNN)

Re-use the same weight matrices at every time step

9, . Output Vector
' Wiy Yt = Whyht
RNN - Update Hidden State
Win ht = tanh(Whhht_l + thxt)
Xt Xt
N . o N p Input Vector
| — : ] n BPTT Xt
0 JWhn{ JWhn{ ) Whn L t
Wxn thT thT Wxn
X0 X1 ) LI I Xt

Computing the gradient wrt hg involves many factors of W, (and repeated f ")

https://datascience-enthusiast.com/DL/Building a Recurrent Neural Network-Step by Step vl1.html

Many values > |[: ) /Largest singular value < I:\ 4 )

. . . . . Ct—1 ) -(X) ) q-_\ ) ) >
exploding gradients vanishing gradients
Gradient clipping to ; C&t!vatlc.)n. fulr.\ctlén gated Ce” (o] = B o] it
scale big gradients . Weight initialization LSTM, GRU, etc. s (tanh | o

\ j \3' Network architecture /K j . %

X+
Backpropagation from C¢ to C¢—4 requires only elementwise multiplication!

No matrix multiplication = avoid vanishing gradient problem.

= ft *Crq +lt*Ct |

-

RelLU derivative

http://introtodeeplearning.com/slides/6S191 MIT DeepLearning 1.2.pdf


http://introtodeeplearning.com/slides/6S191_MIT_DeepLearning_L2.pdf
https://datascience-enthusiast.com/DL/Building_a_Recurrent_Neural_Network-Step_by_Step_v1.html

Sequence-to-sequence models: Encoder-Network architecture
- many NLP tasks can be modeled as sequence to sequence

Machine Translation: text — translated text
Summarization: long text — short text
Dialogue (Chatbot): previous utterances — next utterances

Code generation: text in natural language — Python code

DL Library:

o https://github.com/tensorflow/tensor2tensor/#fssummarization



https://github.com/tensorflow/tensor2tensor/#summarization

Convolutional Neural Networks (CNN)
= recall CNN: http://cs231n.github.io/convolutional-networks/

RELU RELU ELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl
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https://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

1. CONV: Convolution: Apply filters with learned weights to generate feature maps.
2. RELU: Non-linearity: Often ReLLU.

3. POOL: Pooling: Downsampling operation on each feature map

4. FC: Fully connected layer

+

Dropout, Batch/Layer normalization


http://cs231n.github.io/convolutional-networks/

Fully Connected (FC) Layer

- Connect neuron in hidden layer to all neurons in input layer
- No spatial information!
- Many, many, too many parameters
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32x32x3 image -> vectorize in 1D array : 3072 x 1

» W x >
iInput vector wei activation
ghts
[3072] [10 x 3072] [10]




Convolution (CONV) Layer

- Use spatial structure of the input connecting patches of the input to neurons in hidden layer
- Applying filters to extract features:

1. Applying set of weights (filter) to extract local features
2. Use multiple filters to extract different features
3. Spatially share parameters of each filter (feature from one part matter elsewhere)

Filter 1
Input
I N N R — Output
II,I,IEI,I,_
4 | 9| 2|5 |8 |3 |— L
5 6|2 |4]|0]| 3 | . ]
L 3x3Xx3 4x4 ]
2| a|5|a|s|2]]kK
| Filter 2 |
5| 6|5 |4 |7 |8 T
5 7719|214 Es——
|| 0|1 0|0 | 4x4x2
5| 8|5 |3 |8 ]| 4 —
111 |1 H

6x6Xx3 -

3x3x3 4x4




Convolution operation

1. Overlay the filter to the input, perform element wise multiplication and add the result
2. Move the filter to the right one position (according to the stride setting)

Filter
110 |
>|< 1 10| -1
110 | -1

Parameters:
Size: f=3
Stride: s=1
Padding: p=o0

Stride

Filter

Input
alol2ls &3
5|/6|2)4]|0]3
2| 4|5|4]|5]|2
5 6|5 |4|7]|8]
5 7|79 2]|1
5|8 |5 |3]|8]4

ngxn,=6x6

Input
T TS e
: [

il 2 | 4 | 0|3
I ' |

12 [ |504]5])2
5 6‘\“5 4|7 |8
s |7 | 7)o 2]|1
s 8|53 |8 4]

Dimension: 6 x 6

Result

Input

4 9 | 2 51| 8 3

mp| 6 | 2 | 4|03

2 4 5 4 5 2

5 6 5 | 4 7 8

=4*1 + 9*0 + 2*(-1) +
5*1 + 6*0 + 2*(-1) +
2*1 + 4*0 + 5*(-1)

Result
2 11

[1] =2"1+50+3(1)+
21 +4°0 + 3%(-1) +
51+ 4°0 + 2°(-1)

5 7 719 | 2 1

S 8 | 5|3 | 8| 4

n,xn,, = 6x6

Filter

1 0 1

1 0 1

1 0 1
Parameters:
Size: f=3
Stride: S=1
Padding: p=o0

Result

2 16

1)
6*1 + 270 + 4*(-1)
4*1 + 50 + 4*(-1)

Today number of calculations: (4 x 4) x (3 x 3) = 144.

Padding

Input Filter
0 0 0 0 0 0 0 0
0 < 9 2 5 8 3 0
1 0 1
0 5 6 2 4 0 3 0
K [ 1]o0]|-
0 2 4 5 4 5 2 0
1 0 1
0 5 6 ) 4 7 8 0
Parameters:
ols5|7|[7|9]2|1]0 Size: f-
Stride: s =
0 5 8 5 3 8 - 0 .
«— Padding: p =
0 0 0 0 0 0 0 0

Dimension: 6 x 6

Result

+0%0 + 0*(-1) +
+4%0 + 9%(-1) +
+9%0 + 6*(-1)

Il3 https://indoml.com/



https://indoml.com/

DEMO: Convolution operation

Feature map
Filter

Il3 https://ml4a.github.io/demos/convolution all/


https://ml4a.github.io/demos/convolution_all/

CONYV operation

=> producing Feature Maps

Original Image

Edge Detect Strong Edge Detect

http://graphicsminer.com/kernel



http://graphicsminer.com/kernel

Convolution operation Volume

Input Filter Result
[

| | | 2

4 | 9| 2 - |

5 (6|2

2 | 4|5

5|16 |5 |4]|7]|8 | Parameters:
| Size: _f: 3 2] = * . 4

ST (7921 — #channels: n.=3 * B+
. Stride: s=1 * B

lE T Padding: p=o0

71}1 x rlH'x IIC = 6 x 6 x 3 .".'1'!',”.\'.' ‘.'l,'.'u"l".'fi!' com

The total number of multiplications to calculate the resultis (4 x4) x (3x 3 x 3) =432.

Layer o Layer 1:
(input layer) Convolution Layer

a
v
4
v

fi=3

sl =g

p[']:o
6X6X3 2 filters LX4X2

Il3 https://indoml.com/



https://indoml.com/

Example of visualization of obtained Feature Maps
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Visualization of the Feature Maps Extracted From the First Convolutional Layer in the VGG16 Model

How to Visualize Filters and Feature Maps in Convolutional Neural Networks,

https://machinelearningmastery.com/how-to-visualize-filters-and-feature-maps-in-convolutional-neural-networks/


https://machinelearningmastery.com/how-to-visualize-filters-and-feature-maps-in-convolutional-neural-networks/

CONYV Layer - Example

= recall CNN: http://cs231n.github.io/convolutional-networks/

depth = num of filters
39 1x1 CONV
(32 filters)
56 . 56
—~=050000]) |""
e => each filter has size
I1x1x64, and performs
a 64-dimensional dot
56
32 width 56  product
3 64

Common settings:

Summary. To summarize, the Conv Layer:

Input volume: 32x32x3
CONV: 10 5x5 filters with stride 1, pad 2 © fecepisavolumetsize Wy ok By O
Requires four hyperparameters:

F
: F
o Number of filters K,
F
F

o their spatial extent F,
o the stride .S, -
o the amount of zero padding P.
 Produces a volume of size Wy x Hy x Dy where:
o Wo=(W; —F+2P)/S+1

Output volume size?
(32+2%2-5)/1+1 = 32 spatially, so 32x32x10

Number of parameters in this layer?
each filter has 5*5*3 + 1 =76 params
(+1 for bias) => 76*10 =760

New pixel value (destinat

http://cs231n.stanford.edu

o Hy = (H; — F +2P)/S + 1 (i.e. width and height are computed equally by symmetry)

5 o= J¢
With parameter sharing, it introduces F' - F' - D, weights per filter, for a total of (F' - F' - Dy ) - K weights
and K biases.
In the output volume, the d-th depth slice (of size W5 x H>) is the result of performing a valid convolution
of the d-th filter over the input volume with a stride of S, and then offset by d-th bias.

CONYV operation is translation equivariant (not invariant)

R Tag(Cul(f) = Crai(f) = C(Tas (1))

B


http://cs231n.github.io/convolutional-networks/
http://cs231n.stanford.edu/

RELU Layer - Example
= recall CNN: http://cs231n.github.io/convolutional-networks/
- Apply after every convolution operation (i.e.,after CONV layers)

- QOperates over each activation map independently
- It is pixel-by-pixel operation => replaces all negative values to O

Rectified Linear Unit (ReLU)

gEZ) = max (0, Z.)

Input Feature Map Rectified Feature Map

white

q‘positiile, values Only non-negative valq&)

Ilg http://cs231n.stanford.edu


http://cs231n.github.io/convolutional-networks/
http://cs231n.stanford.edu/

POOL Layer - Example MAX POOLING

= recall CNN: http://cs231n.github.io/convolutional-networks/

- Makes the representations smaller and more manageable
- QOperates over each activation map independently

224x224x64

Common settings:

112x112x64 » Accepts a volume of size W; x H; x Dy
pool 7 * Requires three hyperparameters:
- o their spatial extent F, F=2,35=2
o the stride S, F=3,85=2
» Produces a volume of size W5 x Hy x D, where:
A o Wh = (WH - F)/S+1
l o Hy=(H, —F)/S+1
o Dy = Dy
224 = T 112 * Introduces zero parameters since it computes a fixed function of the input
- downsampling _— » Note that it is not common to use zero-padding for Pooling layers

224
Single depth slice

« 111112 | 4
max pool with 2x2 filters
5|16 |7 |8 and stride 2 6 | 8
312110 3 | 4
112 1|3 | 4
y

=> Are CNN translation invariant? What about scale and rotation invariance?

Il3 https://cs231n.qgithub.io/convolutional-networks/


http://cs231n.github.io/convolutional-networks/
https://cs231n.github.io/convolutional-networks/

CNN Architectures

2012: AlexNet. First CNN to win.
- 8 layers, 61 million parameters

2013: ZFNet y
- 8 layers, more filters identity
2014:VGG Inception module
9 Stack of three 3x3 cor..
- ayers :
4 (stride 1) layers has same — X
2014: GoogleNet . L e Residual block
. , | effective receptive field =
- "’ ST
Incep‘uon deu <5 as one 7x7 conv layer - |
- 22 layers, Smillion parameters TEE= =
B | e
2015: ResNet e 2L = —
_ 152 —— e e
a.ye I”S m I 3x3 conv, 64 I>
- T
30 28.2 -_— el e
25.8 e —
X ImageNet Challenge: Ne=- ET
(W . [_fciooo__] D i e ™ 128
g 20- Classification Task “—Eis __—
v [ e 2077
£ 16.4 C | T >
® e -
2 4o- —— T }&(MC&>
2 S
3 —=r—
© = ——
0- AlexNet VGG19 ResNet
O N A4 O & v o
N N A N NS N
S S S S S S & GoogleLeNet

http://cs231n.stanford.edu



http://cs231n.stanford.edu/

CNN are ubiquitous:
=> workhorse for Computer Vision applications

ImageNet Challenge: Classification Task Image memorability score

SUENER L PN SRR L T E SRR R e G s MO © s CIRsa e @
SaEFPYAK&~dN/Da+*Mil @  SMA LTI RPN 0PI
CLHMERNAN L AR TEOEN TS TS MaNmeEOnNOeEHCIBEE - Wi
Bri sMe T S gdle UhEBoWEad 0 v ] =y «Imewvyw -B-M sl

ImageNet Large Scale Visual Recognition Challenges

BT -cﬂiI‘-u ks E - xa-mvln§ =l L 2S BB R
&vndﬂ-a- il eV 7M T =t ] B e a9
e | =B/ -ﬁ:-un- > [ u-b.sauduuua--n-u»-
dﬂ.ﬂi.ﬂra:oinuni-lal/ﬁ 1 PP EY 1 FR EY RN §<ia

Memorability: Very Low

Semantic Segmentation Obiject Detection Image Captioning

CAT CAT, DOG, The cat is in the grass.

Fully Convolutional Networks [Fast, Faster] R-CNN + CNN + RNN
(FCN) YOLO v1,2,3




Transfer learning with CNN

1. Train on Imagenet

2. Small Dataset (C classes)

3. Bigger dataset

FC-1000 FC-C \ FC-C
FC-4096 FC-4096 \ Reinitialize FC-4096 | [—— Train these
FC-4096 FC-4096 . . FC-4096

this and train
MaxPool MaxPool MaxPool
Conv-512 Conv-512 Conv-512 Wlth blgger
Conv-512 Conv-512 Sonv 912 dataset, train
MaxPool MaxPool MaxPool more Ia,yers
Conv-512 Conv-512 Conv-512
Conv-512 Conv-512 Conv-512
MaxPool MaxPool > Freeze these MaxPool
Conv-256 Conv-256 Conv-256 > Freeze these
Conv-256 Conv-256 Conv-256
MaxPool MaxPool MaxPool ]
Conv-128 Conv-128 Conv-128 Lower learning rate
Conv-128 Conv-128 Conv-128 when finetuning;
MaxPool MaxPool MaxPool 1/10 of original LR
Conv-64 Conv-64 Conv-64 IS good Startlng
Conv-64 Conv-64 j Conv-64 ) point

Object Detection
(Fast R-CNN)

CNN pretrained Image Captioning: CNN + RNN

very similar very different
dataset dataset
very little data | Use Linear You’re in
Classifier on trouble... Try
top layer linear classifier
from different
stages
quite a lot of Finetune a Finetune a
data few layers larger number
of layers

however,
not always necessary

bbox AP: R50-FPN, GN

45 -
e on ImageNet
Propg§al ] Bounding box ’ ” 40 f ——
classifier | softmas ‘ | [—— “straw” “hat END ‘//_— | C
L 3 | ,
" " 3 ~ =
5] ﬁ Rol | 30
A oy g R0 rolin W &
External proposal ———— v, ‘ ‘ 4 ¢

algorithm $£ i 25

e.g. selective search h t typical

- 20 fine-tuning
ConvNet Wha schedule
(applied to entire 15
) Ut
START “straw” “hat” 10
5 —random init
Word vectors pretralned w/ pre-train
th d 2 Karpathy and Fei-Fei, “Deep Visual-Semantic Alignments for 0 1 I ! 1 1
L ~ Generating Image Descriptions”, CVPR 2015
:opz/?isgth’?r\i::'s\lGilggi\ék?g:)?5. Reproduced with permission. WI WO r Ve C Figure copyright IEEE, 2015. Reproduced for educational purp.c.... 0 1 2 3 4 5
He et al, “Rethinking ImageNet Pre-training”, 2018

http://cs231n.stanford.edu

B


http://cs231n.stanford.edu/

Face recognition - CNN Siamese network + One-shot learning

- Learn image representations with siamese NN (learning ‘similarity’ function)
- Reuse features from the network for one-shot learning

Deep Face Recognition: A Survey, 2018.

Siamese network

E, (X, X)) = 1,X)-F,0) | |

N

One-shot Learning

https://www.cs.cmu.edu/~rsalakhu/papers/oneshot1.pdf

Network A Network B
f,(X) Weights (w) f.(X)
Input X, Input X,

In the case of one-shot learning, a single exemplar of an object class is

presented to the algorithm.

y -
L) \ "cow" “cow"
m (“/ same (speaker #1) (speaker #2)
¥ e - “cow" “cat"
g /] different (speaker #1) (speaker #2)
[

“can" “can"

same (speaker #1) (speaker #2)

“can" “cab"

different (speaker #1) (speaker #2)

Verification tasks (training)

o : ﬂ
different -

-
same 'y ? /

different

This should be distinguished from zero-shot learning, in which the model
cannot look at any examples from the target classes.

"Dimensionality Reduction by Learning an Invariant Mapping", 2006.

The contrastive loss requires face image pairs and then pulls together positive pairs and pushes

apart negative pairs.

"FaceNet: A Unified Embedding for Face Recognition and Clustering.", 2015

The Triplet loss involves an anchor example and one positive or matching example (same class) and one negative
or non-matching example (differing class). The loss function penalizes the model such that the distance between the
matching examples is reduced and the distance between the non-matching examples is increased.

It is crucial to select hard triplets, that are active and can therefore contribute to improving the model. (inspired by curriculum learning)


https://www.cs.cmu.edu/~rsalakhu/papers/oneshot1.pdf
https://arxiv.org/abs/1804.06655
https://ieeexplore.ieee.org/abstract/document/1640964
https://www.cv-foundation.org/openaccess/content_cvpr_2015/html/

Task: N-way k-shot learning

Training phase

Predicting phase

(Pre-) Training phase

sampling k examples from L’ ' .

examples Labels ) efamples Labels
gg___-‘-ﬁ,p/— » airplane Eﬂﬁ’bﬂﬁl dog
ERERE | avomobie 0 airplane EEENE |
Sl W< o 1| automobie EEEEI > o
Eﬁ'ﬁjwmnﬁ cat » %H Classifier n bird aa&;“ﬂ ship
EMAYE [ o 0] cat dELEE
N P ) n deer N ~F J
Classifier Classifier
ﬁ’buml dog E_ﬁ!,’/’ > airplane
i frog EEE automobile
R <> o mil TE<>] oo
=T | ship B cat
Jﬂhg} truck lmmnﬂn deer
T: Training task T": Testing task
ﬂ’bmﬂ' dog ;1’5’1!7 » airplane
Ei frog BEEE automobile
HEWEWK—) horse T mill V<> bird
=S T | chip ST ot
Jﬂ“g‘ truck mmn”\ﬁ deer

Predicting phase (one-shot learning phase)

examples

Labels

airplane

automobile

=ity

x ir
ay

o
l:' cat

deer

Classifier

1

airplane
automobile
bird

at

O

deer

’ sampling N labels from T’

L’: Label set

automobile

cat

deer

S”: Support set

X: Query

Ll

S

« In this figure, L' has 3 classes, thus
“3-way k-shot learning”

sampling 1 example from L’

Task: classify X into 3
classes, {automobile, cat,
deer}, using support set

https://www.borealisai.com/en/blog/tutorial-2-few-shot-learning-and-meta-learning-i/
https://www.sicara.ai/blog/2019-07-30-image-classification-few-shot-meta-learning

https://msiam.github.io/Few-Shot-Learning/



https://www.borealisai.com/en/blog/tutorial-2-few-shot-learning-and-meta-learning-i/
https://msiam.github.io/Few-Shot-Learning/
https://www.sicara.ai/blog/2019-07-30-image-classification-few-shot-meta-learning

Semantic segmentation: Encoder-Decoder Network architecture
- SegNet, DeconvNet, U-Net

Convolutional Encoder-Decoder

Output

Pooling Indices 4

RGB Image B conv + Batch Normalisation + RelU Segmentation
-Pooling I upsampling Softmax

Encoder: Decoder:

- takes input image and generates feature vector - takes feature vector and generates segmentation map

- aggregate features at multiple levels - decode features aggregated by encoder

Basic Building Blocks:
Down Sampling Up Sampling
] Decoding Block Types:
Encoding Block Types: vrables switch « VGG. Inception. ResNet
« VGG, Inception, ResNet — pwledﬂ QP\~ ’ pHon,
Input Input \mip’ ‘ —_— umnap;ded Input Input

Max-Pool Conv 1x1 Conv 1x1
| | {
[ Conv 1x1 ] [ Conv 3x3 ] [ Conv 5x5 ]

Conv 1x1 Sum

[ Maxl-PooI]] [ Con\ll 1x1 1 { Con\i 1x1 J
Conv 1x1 Conv 3x3 | | Conv 5x5

Input Pooling Unpooling Input
DeConv 3x3
m

Conv 1x1

........ Output
....... Conv 3x3
Concat =— | gLt e Concat
Output Output . . Output
P Output P Convolution Deconvolution utpu Output

U-Net Example: https://github.com/hspitzer/histo-seg/blob/master/tutorial-segmentation.ipynb



https://towardsdatascience.com/review-segnet-semantic-segmentation-e66f2e30fb96
https://towardsdatascience.com/review-deconvnet-unpooling-layer-semantic-segmentation-55cf8a6e380e
https://towardsdatascience.com/review-u-net-biomedical-image-segmentation-d02bf06ca760
https://github.com/hspitzer/histo-seg/blob/master/tutorial-segmentation.ipynb

Acknowledgement: List of basic materials

lan Goodfellow, Yoshua Bengio and Aaron Courville, MIT Deep Learning Book:
* https://github.com/janishar/mit-deep-learning-book-pdf

Courses:

* Introduction to Deep Learning, MIT S191
- Good materials for basic (easy/soft) introduction to DL models
- We did not cover:
- Deep Generative Models (Variational Autoencoders + Generative Adversarial Networks)
- Deep Reinforcement Learning

» Stanford CS231n, http://cs231n.stanford.edu/

- Good introduction to deep learning for Computer Vision application
- Must read lecture notes: http://cs231n.github.io/ (Neural networks, Convolutional Neural Networks)

« Stanford CS224n, https://web.stanford.edu/class/cs224n/

- Good introduction to deep learning for NLP applications
- Notes for word2vec, seq2seq models

* Deep Learning, MIT, https://deeplearning.mit.edu/
- Deep Learning - State of the Art, 2018
- List of some more advanced DL topics

* Representation Learning, Mila IFT 6135
- https://sites.google.com/mila.quebec/ift6135/lectures?authuser=0
- Attention, Self-Attention and Transformers



http://www.deeplearningbook.org/
https://github.com/janishar/mit-deep-learning-book-pdf
http://introtodeeplearning.com/#schedule
http://cs231n.stanford.edu/
http://cs231n.github.io/
https://web.stanford.edu/class/cs224n/
https://web.stanford.edu/class/cs224n/readings/cs224n-2019-notes01-wordvecs1.pdf
https://web.stanford.edu/class/cs224n/readings/cs224n-2019-notes06-NMT_seq2seq_attention.pdf
https://deeplearning.mit.edu/
https://www.dropbox.com/s/v3rq3895r05xick/deep_learning_state_of_the_art.pdf?dl=0
https://sites.google.com/mila.quebec/ift6135/lectures?authuser=0
https://sites.google.com/mila.quebec/ift6135/lectures?authuser=0
https://www.dropbox.com/s/7sov3snzt2jcefc/SelfAttentionAndTransformers.pdf?dl=0

DL models: Limitations

* Very data hungry (e.g. often minion of examples)
« Computationally intensive to train and deeply (requires GPU)

 Easily fooled by adversarial examples
« Can be subject to algorithmic bias

* Poor representing uncertainty (how do you know what the model knows?)
« Uninterpretable black boxes, difficult to trust

* Finicky to optimize: non-convex, choice of architecture, learning parameters
« Often require expert knowledge to design, fine tune architectures




Additional DL Topics: Materials



https://tinyurl.com/y5h9oojn

