Title: Introduction to Machine Learning

Speakers: Lauren Hayward
Date: October 29, 2019 - 1:.00 PM

URL: http://pirsa.org/19100089

Abstract: Machine learning has led to recent advancements in image processing, language trandlation, finance, robotics, musical and visua arts, and
medical diagnosis. In this session, we will explore how machine learning can be applied within fields of physics. We will introduce fundamental
concepts in machine learning such a neural networks and supervised vs. unsupervised learning, and then proceed to learn to use tools from Python's
TensorFlow library.

& nbsp;

Bring your laptop. Y ou can attend remotely via Zoom & It;https.//zoom.us/j/154009181& gf;.

Pirsa: 19100089 Page 1/74



Introduction to

Machine Learning

Lauren Hayward
October 29, 2019

'z’ g ~
RS
N

.

i i i PERIMETER
Computational Tutorial Series P[ INSTITUTE

Pirsa: 19100089 Page 2/74



Pirsa: 19100089 Page 3/74




Machine learning popularity

Interest over time ‘:}O gle Trends

@ machine learning

Z h terr

.

PERIMETER
INSTITUTE

Pirsa: 19100089 Page 4/74



What is machine learning?

“Machine learning is a field of computer science that uses statistical techniques
to give computer systems the ability to ‘learn” (i.e., progressively improve
performance on a specific task) with data, without being explicitly programmed.”

hitps.//en.wikipedia.org

“[Machine learning] is about finding out regularities in data and making use of
them for fun and profit.”

L.-G. Liu, S.-H. Lt and L. Wang, htto./wangleiphy. github.io
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Image classi

ficati

ImageNet Classification with Deep Convolutional
Neural Networks

Alex Krizhevsky llya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronta University of Toronto
Krigles, aloon_o.a lyallce ., uloronl . e Bintonies, uloronlo, id
Abstract

We trained a large, deep convolutional neural network to classity the 1.2 mullion
high-resalution images in the ImageNet LSVROC2000 contest into the 1000 dit
ferent clusses. On the st duti, we aehieved top-1 amd wop-5 error rutes ol 37 5%
and 17.0% which s considerably betier than the previous state-of-the-art. ‘The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling lavers,
and three fully-connected layers with a inal TOway softmis, To make trin-
ing laster, we used non-saturating neurons and a very ellicient GPU implemen
tation of the convolution operation. To reduce overlitng 1 the Tully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective, We also entered a variant of this model in the
ILSVRC-2012 competition and dchieved a winning top-5 test error rute of 15.3%

compured o 26, 2% sehieved by the second-best entry

012
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AlphaGo

L AlphaGo seals 4-1victory over Go
grandmaster Lee Sedol

Mastering the game of Go with deep . =it . .
& & . I DeepMind’s artificial intelligence astonishes fans to defeat

neural networks and tree search human opponent and offers evidence computer software
d Sitver ™, ajs Huang, Chris 1 waddison, Aot Gust, Lasrent S, Gaorg iessen has mastered a major challenge

nik 2 nN Nal Kal renn v ot llicrap, M
Steven Borowiec

Tue 15 i 1002
Nafure 529, 484 483 (20 Jarcuary 2016)

dnl 1D, 10 18/ natare 196 et

Abstract

The game of Go has long heen viewed as the most challenging of classic

warnes for mrdficlal incelligence owing 1o s enormoeus

areh space
the difficulty of evaluating board positlons and moves. Here we
Introduce a new approach to computer Go that uses 'value networke' 1o
eviluwate Doard positions and ‘policy networks’ W select moves, These
deep neural networks are tralned by a novel combination of supervised
learning from human expert gomes, and reinfarcement learning from
games of well-play. Without any lookshesd search, the neurd netwaorks \w ,\1‘1'1\.:(’_-:1

play Go at the level of state-of-the-art Monte Carlo tree search B u

programs that simulate thousands of random games of self-play. We

also introduee a new wearch algorithon that combdnes Monke Carlo hitps://www.theguardlan com
simulation with value and policy networks. Using this search algorithm,
sur program AlphaCio achieved o G8.8% winning rate against other G
programa, und defeated the human Europesn Go champlon by 5 gum

to 0. This Is the first time that o computer program has defeated o
human professional player in the full - sized game of Go, 4 feat previously 2016 P E RI METE R
Uiowyhit to be al least @ decade away. IN s TITUTE
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AlphaGo Zero

| nature

Arlicle Published: 18 October 2017

Mastering the game of Go
without human knowledge

P (] . .
david Silver ., Julian Schrittwieser, Karen Simonyan, loannis
/\n"::'\orj ou, Ala '|LJ-."TF_1, Arthur Guez, | homas |".Ihf"t, Lucas

Baker, Matthew

ai, Adrian Bolton, Yutian Chen, Timothy

Lillicrap, Fan Hui, Laurent Sifre, George van den Driessche,

Thore Graepel & Demis Hassabis

Nature 550, 354-359 (19 October 2017)

Abstract

Along-standing goal ol artificial intelligence is an algorithm that learns,
tabula rasa, superhuman proficiency in challenging domains. Recently,
AlphaGo became the first program to defeat aworld championin the
game ol Go. The tree search in AlphaGo evaluated positions and
selected moves using deep neural networks. These neural networks
were trained by supervised learning from human expert maves, and by
reinforcement learning from self-play. Here we introduce an algorithm
based solely on reinforcement learning, without human data, guidance
or domain knowledge beyond game rules. AlphaGo becomes ts own
teacher: a neural network is trained to predict AlphaGo's own move
selections and also the winner of AlphaGo’s games. This neural network
improves the strength of the tree search, resulting {n higher quality
move selection and stronger self-play in the next iteration. Starting
tabula rasa, our new program AlphaGo Zero achieved superhuman
performance, winning 100-0 against the previously published

champion-defeating AlphaGo.
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Self-driving cars

End to End Learning for Self-Dri

ng C
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Language translation

Google's Nenral Machine Translation System: Brideing the Gap

hetween Human and Machine Translation

Yonghui Wi, Mike Schister, Zhileng Chen. Quoce Vo Le, Molammad Noronzd
yonghui,gchuster,zhifengc,qvl , muorouzi@google. con
Wallgang Mocherey, M Kriloon, Yoo Cao, Qine Gaa, ISloes Macherey
Jall IKTingner, -\|m|\.| Shah, Melvin Johnson, NXiaobing Lin, Bakass Kaiser
Yoshikivo Ivato, Taka udo, Hideto Kazawa, Iseith Stevens
Inson Smith, Jason [ties

Stephan Ganw
George lourion, Nishont Patil, Wei Wang, CIIff Yonng
Alex Rudnick, Oriol Vinyals, CGrog Corrndo, Macdudl Hnghes, Jolfrey Dean

) Abstroct | II ‘|
y
ad Lo cane g approcch for automoted translotion . I- l

w0 bised tronslation sestenns

L i L lation

Lt NM welici Ll setaleis vopta
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I Lo th Frnanslint i syste i | l. L b il
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hot decenler network v W clemr that GNRT I e niee aen pan AL
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fure and nsas o coverage pennlty. which encoin wion ol A aurput tenee that is most
_ cover all the words in the source sonter optimiz, ranslation HLELD «
W ra s refining the models by wsing reinfio 1 learnl Lt w unel that the bmproveinont
. — i the BLELU seores diad ot pellect doc the b evoluation. On the W4 English-to-Fronel aml
. Euglishi-to- German bonchmorks, GRM'L aclicves competitive rosults to stote-ol-the-aee. Ualng o luman
e by-side evaluntion ou ooset of Listed sunplo seuteu i luces Lranslation creors | Ty
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Generating art

Robbie Barrat
https://robbiebarrat.github.io
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Cmputer—generated people

https://thispersondoesnotexist.com
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Medical diagnosis

CheXNet: Radiologist-Level Pnenmonia Detection on Chest. X-Rays
with Deep Learning

Pranay Rajpurkar ' Jeremy Trvin Kaylie Zlw' Deandon Yang ' Hershol Mehta

Touy Duan' Diisy Ding ' Auctd Bagol ' Hobya Lo Ball? Curtis Liogglotz ' Katie Shpanskiyin

Matthow I'. Lungren
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Preumonla Positive {B5%)

-

PERIMETER
INSTITUTE

Page 16/74



Machine Learning for Physics

nature
communications

ticle | Published; 02 July 2014

= I
o
- - - L3 - '; |
Searching for exotic particles in high- S
. i . ‘a
energy physics with deep learning s
-g s U AL .}
AN o hebival (AUC201)
P. Baldi ), P. Sadowski & D. Whiteson | 35 07
o
= . Rl
ture Commur 15 8, Article number: 4308 (2014) > o6 AiHes) (A
Q
@™ 05 )
Abstract m NN oevnl (ALC<0.79]
04
Collisions at high-energy particle colllders are a traditlonally fruicful
. . . " . 5 DN lo-lewel  |AUCS) B8
source ol exotic particle discoveries. Finding these rare particles 03
requires solving difficult signal-versus-background classification 0.2
problems, hence machine-learning approaches are often used DNl [ALIE=0 801
Standard approaches have relied on "shallow’ machine-learning models 0 D.‘Q 014 0.6 0 ‘8 9

that have a limited capacity to learn complex nonlinear functlons of the S'gnal effICIenCy
inputs, and rely on a painstaking search through manually constructed

nonlinear features. Progress on this problem has slowed, as a variety of

techniques have shown equivalent performance, Recent advances In the arXiv:1806.11484
ficld of deep learning make it possible to learn more complex functions

and hetter diseriminate between signal and background classes, Here,

using benchmark data sets, we show that deep-learning methods need

no manually constructed inputs and yet improve the classification

metric by as much as 8% over the best current approsches. This

demonstrates that deep-learning approaches can improve the power of

collider searches for exotic particles.

PERIMETER
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Machine Learning for

Physics

Ny

Accelerated search for materials with targeted

properties by adaptive design

Dezhen Xue'?, Prasanna V. Balachandran', John Hogden’, James Theller?, Deging Xue? & Turab Lockman'

4 has teacditionally been guided by im

Firding new materials with targeted prope

trial and error. With Increasing chemical complexity, the combinatorial pe

large for an Edisanian approach to be practical. Here we show w
strategy, tightly coupled with experiments, can accelerate the discovery process by
sequentially identilying the next experiments or calculations, to eflectively navigate
the complax search space. Our stratagy uses infaranca and global aptimization to balanca the
trade-off between exploitation and exploration of the search space. We demonstrate this
by finding very low thermal hysteresis (AT) NiTi-based shape memaory alloys, with
TisoaMisa 7Cuaafe; Py 3 possessing the smallest AT (1B4K) We synthesize and
characterize 36 predicted compositions (9 feedback loops) from a potertial space
ol ~B800,000 compositions, Of these, 14 had smaller AT than any of the 22 in the

orlginal data set,

Compositions
™ Fonlures Inferunce

TS
I

Aoy datnssl

2016

Unisplored alloys Dasign

8-

Exparimonts
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Machine Learning for Physics

" nature physics

Machine learning phases of matter

uan Carrasquilla M & Roger G. Melke

Nature Physics 13, 431-434 (2017)

Abstract

Condensed-matter physics is the study of the collective behaviour of
inlindtely complex assemblies of electrons, nueled, magnetic
moments, atoms or qubits’, This complexity is reflected in the size of
the state space, which grows exponentially with the number of
particles, reminiscent of the ‘curse of dimensionality’ commaonly
encountered in machine learning”. Desplte this curse, the machine
learning community has developed techniques with remarkable

abilities to recognize, classify, and characterize complex scts of data

|l lere, we show that modern machine learning architectures, such as
fully connected and convolutional neural networks?, can Identify 1.0 15 a0 orn a0 ar
phases and phase transitions In a varlety of condensed-matter Tem erature

Hamiltonlans. Readily programmable through modern software p

librarles™", neural networks can be trained to detect multiple types

of order parameter, as well as highly non-trivial states with no

conventional order, dircetly from raw state conligurations sumpled

with Monte Carlo™’.
PERIMETER
2016 INSTITUTE

Page 19/74



achine Learning for Physics

QuCUMBER

e QuCumber: wavefunction reconstruction with neural

— networks

™ Matthew J. 8. Beach'?, [sane De Viugt?, Anna Golubevn'*, Patrick Huembell'
4 Bohdan Kulchytskyv'?, Xiuzhe Luc?, ltoger G. Melko! ", Ejaaz Merali?,

-y Ginevmo Torlai'%*

- 1 Perimeter Institute for Theoretical Physles, Waterloo, Ontario N2L 2Y45, Canada
Lt} 2 Departinend of Physies and Astronomy, Unlversity of Walerloo, Ontario N2L 301, Canada
3 ICFO-Tnstitul deo Cioncios Foloniquos, Barcolona Tnstitako of S
08RG0 Castelldefels (Barcelona), Spain

nee ud Tochnology

[ 4 Centor for Computational Quantum Physics, Flatiron Institute, 162 Sth Avenne, Now
York, NY 10010, USA
7] * rgmelkofiuwaterloo.ca
— Decambor 27, 2018
- Abstract
',,[ Ar we ontor a new ora of quantum technology, 1t s I wingly lmportant to

dovelop methods to aid in the aceurate proparation of quantum statos for o vari-

[1¥9]

oty of matorials, matter, and devicos. Computational techniques can be used to
~] reconstruct n stato from data, howover the growing numbaor of qubits domands

ongoing algorithmic advances in order to keep pace with experimonts. In this

g paper, we present an open-source software package called QuCumber that uses
. machine learning to reconstruct a quantum state consistont with a set of projoc-
- tlve measurements, QuCumber uses a restricted Doltzmann machine to efficlently
’/ ropresont tho quantum wavefunction for a large number of qubits, Now moasuro-

ments cnn be generated from the machine to obtain physical observables not
- easlly nccessible from the original data.

PERIMETER
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Mahine Learning for Physics:

Resources

+ Michael Nielsen, “Neural networks and deep learning”, neuralnetworksanddeeplearning.com
+ Goodfellow, Bengio and Courville, “Deep learning”, MIT Press (2016), deeplearningbook.org

+ Liu, Li and Wang, “Lecture note on deep learning and quantum many-body computation”,
http://wangleiphy.github.io/lectures/DL.pdf

+ Mehta, Bukov, Wang, Day, Richardson, Fisher, and Schwab,
“A high-bias, low-variance introduction to machine learning for physicists”, arXiv:1803.08823

+ Carleo, Cirac, Cranmer, Daudet, Schuld, Tishby, Vogt-Maranto, and Zdeborova,
“Machine learning and the physical sciences”, arXiv:1903.10563

+ Guest, Cranmer, and Whiteson, “Deep learning and its application to LHC physics”,
arXiv:1806.11484

+ Torlai and Melko, “Machine learning quantum states in the NISQ era”, arXiv:1905.04312

+ physicsml.github.io

.
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Machine Learning (ML)

Training computers to detect and characterize features from data

1. Supervised learning (SL)

— —_—
Given a dataset &) = {T, T} of data points X and labels YV,
- — _— i
fit a function f( X)) to V.

2. Unsupervised learning (UL)

3. Reinforcement learning (RL)

o
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Machine Learning (ML)

Training computers to detect and characterize features from data

1. Supervised learning (SL)

—_— — P
Given a dataset & = { X, T} of data points X and labels YV,

- — _— i
fit a function f( X)) to V.

2. Unsupervised learning (UL)
Given an unlabelled dataset S,:ZJ = { T} , efficiently represent the

data’s underlying probability distribution [)( T) .
3. Reinforcement learning (RL)

o
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Machine Learning (ML)

Training computers to detect and characterize features from data

1. Supervised learning (SL)
—_ — — —
Given a dataset &) = { X,V } of data points X and labels Vv,
L — _— i
fit a function f( X) to y.

2. Unsupervised learning (UL)
Given an unlabelled dataset S,:ZJ = { T} , efficiently represent the

data’s underlying probability distribution p( T) .

3. Reinforcement learning (RL)

Given an environment, take an action such that the resulting

.

reward will be maximized. PERIMETER
INSTITUTE
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Machine Learning (ML)

Training computers to detect and characterize features from data

| 1. Supervised learning (SL)
] — c— — —
Given a dataset & = { X', V' } ofdatapoints X andlabels y, |
- — _— i
fit a function f( X)) to V.

.
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Suervised Learning Example:
1D Regression

The data points X and labels y are both 1D coordinates. The goal is to find
a function f(x) (such as the blue curve) that describes the data.

.

PERIMETER
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Suervised Learning Example:

Classifying handwritten digits

-
e
|

=l
A Lo M

P[ PERIMETER
Data points taken from the MNIST database INSTITUTE
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[N
Artificial neural networks

oy, N

/& '
@o C‘ = Q@ 0
0/‘;"/ 0T

.
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b
Feedforward neural networks
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N
Feedforward neural networks

.
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[N
Feedforward neural networks
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[N
Feedforward neural networks

Input layer | J Output layer

Hidden layer(s)

.
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Neuron output

Let’s zoom in on the j " neuron in layer # > ()

o

o
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Neuron output

Let’s zoom in on the j " neuron in layer # > ()

al(ff'—l)

(¢=1)
a’?

a(ﬁ'-l)

L2

o
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Neuron output

Hy_)
£y _ £—1) it ¢
=g\ 2aWi + b
i=1

.

PERIMETER
INSTITUTE

Pirsa: 19100089 Page 35/74



Neuron output

My o
(£) — (—1) Wit £
o =gl D" + B
i=1

o
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Neuron output

— ()
_JC,J.
'S N
My o
(£) — (=1 Wit £
=gl 2" WG + B
i=1

o
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Neuron output

70
%
‘- i)

Ry

0 _ -t . e
o =ga| 2 "Wy + b

I
i=1

The weights and biases are adjusted as the network learns.

.
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Activation functions

We can choose various non-linear activation functions £¢, such as:

Perceptron Sigmoid Tanh

0 0
O(z) tanh(z)
-1 -1
-5 0 5 -5 0 5
Rel U
6 6
4 max(0, =) 4
2 2
0 0
5 0 5 | -5 0 5
P[ PERIMETER
arXiv:1803.08823 INSTITUTE
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Cost functions

Our goal is to ind weights and biases such that when X isthe input,
the network’s output @ “(X") = f(X") is close to the label .

We use a to measure how well the neural network is
approximating the labels.

e

PERIMETER
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Cost functions

Our goal is to ind weights and biases such that when X isthe input,
the network’s output @ “(X") = f(X") is close to the label y.

We use a, to measure how well the neural network is

approximating the labels.
Possible cost functions include:

1 iy 2
+ Mean-squared error: (g = 2091 z Z ‘a}“(’?) —,_vf(?)]
=1

XeD i

| n
+ Cross entropy: C.r= - Z [,\-,-(T)Iog a®(F) + (1 = y(T)log(1 - a}“(?))]
=]

2] ===
XEW 1

.
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Cost functions

We would like to minimize the cost function over all possible weights
and biases in each layer such that

j
oC
oW\
/ *>- Forall i, ], ¢
oC
HO
J J

.
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Learning algorithms

+ Gradient descent:

WO WO _ oC
] i oW
i
hlO) 5 plo) n oC
/ / ob)

e
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Learning algorithms

+ Gradient descent:

W;," ) > Wf’.’ ) - d( y
l { dwgf )
iy oC
b(”—> bi((.‘) ” -
¥ ab( )

e
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Learning algorithms

+ Gradient descent:

WO wo_ @ 9
ij ij dwéi{‘)
b(”—>b(ﬂ n aC

J J ab(/")

+ Stochastic gradient descent
+ RMSProp

+ Adam optimizer

.

: PERIMETER
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> N = V-

Feedforward Neural Networks

in TensorFlow
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~ Feedforward neural networks in TensorFlow

Perimeter Institute Computational Tutorial Series
October 29, 2019

Lauren Hayward

I'he objective of this tutarial is to become comfortable with using the software library TensorFlow to create and train a simple feedforward

neural network for supervised learning.

Let us start by generating a random dataset of two-dimensional points with K branches. For each datapoint X = (x, x»), the label is the
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Feedforward neural networks in TensorFlow

Perimeter Institute Computational Tutorial Series
October 29, 2019

Lauren Hayward

The objective of this tutorial is to become comfortable with using the software library TensorFlow to create and train a simple feedforward
neural network for supervised learning.

Let us start by generating a random dataset of twe-dimensional points with K branches. For each datapoint X = (x, x»), the label Is the
branch Index such that y = 0, 1, ... K — 2 or K — 1. Our goal Is to Implement a neural network capable of classifying the branches.

rL matplotlib.pyplot as plt

numpy as np

GHBRREPFRRFIFEH P R HBREREFRGI SRR G TR

" THE DATA SET #

i ddddadadaasalry]

Lrain = K*K # tota wmber of | 1+ in the training se
train = np.zeros((N train,2)) # matrix containing the
Lrain np.zaros (N _train, diype
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- Feedforward neural networks in TensorFlow

Perimeter Institute Computational Tutorial Series
October 29, 2019

Lauren Hayward

The objective of this tutorial Is to become comfortable with using the software library TensorFlow to create and train a simple feedforward
neural network for supervised learning.

Let us start by generating a random dataset of two-dimensional points with K branches. For each datapoint X = (x, x2), the label is the
branch index suchthaty = 0, 1, ... K — 2 or K — 1. Our goal is to implement a neural network capable of classifying the branches.

port matplotlib.pyplot as
L numpy as np

train = N*K # Lotal number of pointa in the Lraining
Lrain = np.zeros((N train,Z)) # atrix c taining the 2
train = np.zeros(N train, dtype='uintd') # labels (not

mag nolise = 0O,
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- Feedforward neural networks in TensorFlow

Perimeter Institute Computational Tutorial Series
October 29, 2019

Lauren Hayward

The objective of this tutorial Is to become comfortable with using the software library TensorFlow to create and train a simple feedforward
neural network for supervised learning.

Let us start by generating a random dataset of two-dimensional points with K branches. For each datapoint X = (x, x2), the label is the
branch index suchthaty = 0, 1, ... K — 2 or K — 1. Our goal is to implement a neural network capable of classifying the branches.

fmport matplotlib.pyplot as plt
port numpy as np
rIrIrr. # FENGHP AAREEFAT Y EOGEEII GBI BIRE AN 0B

FFEV L L = E I LOT THE DATA SET ¥ daa gl addy

et S Rt ALy

train = N*K # Lotal n yar of points in the Lrainin
train = np.zeros((N train,2)) # matrix containing the
train = np.zeros(N train, dtype='uinté') # labels (nc

mag nolise = 0O,
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neural network for supervised learning.

Let us start by generating a random dataset of two-dimensional points with K branches. For each datapoint X = (x, x1), the label is the

branch index such that y = 0, 1, ... K — 2 or K = 1. Our goal is to implement a neural network capable of classifying the branches.

rt matplotlib.pyplot an plt
rL numpy as np

train N*K # total numbe:
train np.zeros( (N train,2)) #
train np.seros(N_train, dtype='uintl

mag noise =

dTheta -

eneration:
3 ir ange(K)i

iz = range(N*j,N*(j+1))
= np.linspace( )1,1,N) # ra
= np.linspace(j*(2*np.pi)/K,j*(2*np.pi)/K + dTheta,N) + np.random.randn(N)*mag_noise # theta
train[ix] = np.c_[r*np.cos(t), r*np.sin(t))

train{ix] = j§
#44 Plot the ot

fig = plt.figure(l, figaize=(5,5))

plt.scatter(x trainfs, ], x trainf, ], o=y train, s=d0)#
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iy Husew -
° dTheta -

#é# Dat jenesa
j in range(K):s
ix = ige (N*3,N*(1+1))
r = np.linspace(0.01,1,N) # rad
t = ap.linapace( ) (2 np.pl)/K,j*(2*np.pi)/K + dTheta,N) + np.random.randn(N)*mag noise # thete
X _train[ix] = np.c [r*np.cos(t), r*np.sin(t)]

y train[ix] = j

plot the
= plt.figure(l, figaize=(5,59))

.mcatter(x_train(:, ], x train[:, ]+ €=y train, a=d0)#
wlim([ «11)

ylim([(-1,1])

xlabel(r'6x 1§')

ylabel(r'6x 28")

show( )
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t = np.linspace(I*(L*Np.PL)/K,J*(£*np.p1)/K + aTheta,N) + np.random.ranan(i)*mag noise ¥ tneta
° ¥ train[ix] = np.c [r*np.cos(t), r*np.sin(t)]
y train|ix] = j

#4 Plot the data t1 s
fig = plt.figure(l, figaize=(5,5))

plt.scatter(x train|[:, 0], x vrain|:, 1], c=y train, a
pli.xlim([-1,1])

plt.ylim(| «11)

pli.xlabel(r éx 157}

plt.ylabel(r sx 2§}

plt.show()

100

This network will compare its output with labels in the so-called one-hot encoding. For a given label y = k, the corresponding one-hot encoding
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Exercise #1: Run the code below, which first defines the structure of the neural network and then uses the dataset to train this network. Look at
how this code attempts to classify the two-dimensional space. You should find that the resulting classifier separates the two-dimensional
space using lines, and thus does a poor job of representing the data

@ Wmatplotlib inline

IPython | display
rt tensorf low tf

rt time

iput actual va N
.placeholder(tf.floatd2, [N«
.placeholder(tf.int32, [None])

I'TT]
Variable( tf.random_normal([2, K], mean=0.0, stddev= , detype=tf.floatd2) )
Variable( tf.zerca([K]) )

-matmul(x, Wl) + bl

.nn.sigmoid( 31 )

y_onahot = tf.one_hot(y,depth=K) #
eps=0.00( 1001 # to prever € gs from divery

cross_entropy = tf.reduce_mean(-tf.reduce_sum( y onehot * tf.log(aL+eps) (1.0-y_onehot )*tf.log( -aL +eps) , reduction_indices=[1]))

0.//1030.14.191 1199 &

Pirsa: 19100089 Page 57/74



‘ FeedforwardNeuralNetworks x FeedforwardNeuralNetworks x Copy of FeedforwardNeuralNe X -+

6 @ https://colab.research.google.com/drive : 21Q3y )9bN# ; ] ) EEIFI W 14 @ 0 O

: Apps M Gmail © Okta [ arXiv @ PSIWiki [ Other Bookmarks

t. Copy of FeedforwardNeuralNetworks_TensorFlow.ipynb 8 comment 24 Shae A 9

File Edit View Insert Runtime Tools Help

+ Text
fig = plt.figure(2,figsize=(10,5))
fig.subplots adjust(hspace=.],wspace=.])
plt.clf()
updatellot()
display.display(plt.gof())
display.clear_ocutput(wait=True)

frime.aleep(0.1) Mincomment this line Lf

Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE . On paper, draw the neural network

corresponding to the one in the code for the case of K branches. Pay particular attention to the number of neurons in each layer.

Exercise #3: Add in a hidden layer with 4 neurons and study how this hidden layer changes the output. On paper, draw the neural network in this

case.
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Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE . On paper, draw the neural network
corresponding to the one In the code for the case of K branches. Pay particular attention to the number of neurons in each layer.

Exercise #3: Add in a hidden layer with 4 neurons and study how this hidden layer changes the output. On paper, draw the neural network in this
case,

Exercise #4: Replace the sigmoid activation function on the first layer with a rectified linear unit (ReLU), and study how the cholice of activation
function changes the output

Exercise #5: Change the cost function so that it is computed using the mean-squared error (MSE) instead of the cross-entropy, and study how

the choice of cosl function changes the output.

Exercise #6: Study the effects of Increasing and decreasing the learning rate hyperparameter. Examine these effects using both the cross-
entropy and mean-squared error cost functions,

Exercise #7: Explain why the K-dimensional one-hot encoding is useful. What do you think would happen if you used a one-dimensional label
(suchthaty = 0,1, ..., K — 1 or K) instead?

Exercise #8: Study how the neural network's accurary. changes as a function of:

+ the number of neurons in the hidden layer
* mag_nocise (the magnitude of noise in the data)
+ the number of different labels k
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I Generate coordinates covering the whole plane: ###

padding =

spacing =

%] min, %1 max ¥ _train(:, 0).min() - padding, x train[:, 0).max() + padding
%2 min, x2 max = x train|:, l).min() = padding, x train[:, 1).max() + padding
%]l grid, x2 grid = np.meshgrid(np.arange(xl min, x1 max, spacing),
np.arange(x2 min, x2 max, spacing))

HN output = mess.run(alL,feed dict={xinp.c [x]1 grid.ravel(), x2 grid.ravel()]})

predicted class = np.argmax (NN output, axis=1)

### Plot the class 1 dd
plt.subplot(l21)

plt.contourf(x]l grid, %2 grid, predicted class.reahape(xl grid.shape), K, alpha=0.8)
plt.soatter(x trainf:, 0], x train[:, 1], o=y train, s=40)

plt.xlim(x]l grid.min(), x1 grid.max())

plt.ylim(%x2 grid.min(), X2 grid.max())

plt.xlabel(r'sx 1§')

plt.ylabel(r's$x 25')

### PloL the tion during training: ###
plt.subplot(222)

plt.plot(epoch list,comt training, o-')
plt.xlabel( 'Epoch')

plt.ylabel( 'Training cost')

### Plot the training
plt.subplot(2z4)

plt.plot{epoch list,acc training, 'o-')
plt.xlabel( 'Epoch')

plt.ylabel( 'Training accuracy’)

FEFEIREEINIE End of plotting function #ddEésddEisd
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epocn list,appena{epoch)
° cost training.append(cost)
ace _training.append(accuracy)

##¥ Update the plot of the resulting classifie
fig = plt.figure(2,figeize=(10,5))
fig.aubplots adjust(hspace=.3, wspace=.J3)
plt.olf()

updatePlot()

display.display(plt.gef())

display.clear output(wait=True)

ftime.sleep(0.1) #Uncomment this line if you ¢ to plow down the rate of plot

Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE.On paper, draw the neural network
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Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE. On paper, draw the neural network
corresponding to the one in the code for the case of K branches. Pay particular attention to the number of neurons in each layer.

Exercise #3: Add In a hidden layer with 4 neurons and study how this hidden layer changes the output. On paper, draw the neural network in this
case,

Exercise #4: Replace the sigmoid activation function on the first layer with a rectified linear unit (ReLU), and study how the cholice of activation
function changes the output.

Exercise #5: Change the cost function so that it s computed using the mean-squared error (MSE) Instead of the cross-entropy, and study how
the choice of cost function changes the output.
Exercise #6: Study the effects of increasing and decreasing the learning rate hyperparameter. Examine these effects using both the cross-
entropy and mean-squared error cost functions.

Exercise #7: Explain why the K -dimensional one-hot encoding is useful. What do you think would happen if you used a one-dimensional label
(suchthaty = 0. 1,.... K = | or K)instead?
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F#F (we'll 3 wctual values low to run an actual computation later)

x = tf.placeholder(tf.float32, [Hone, 2])
y = tf.placeholder(tf.intl2, |[None])

##¥ Laye 11 @i

WL = tf.variable( tf.random normal([Z, K], mean=0.0, stddev=0.01, dtype=tf.floatld2) )
bl tf.variable( vf.zeron((K])) )

zl = tf.matmul(x, Wl)} + bl

al = tf.nn.sigmoid( zl )

ri output: #id

ures how far off o m " s from the labels) ###

y onehot = tf.one hot(y.depth=K) # I # are converted to one-hot repre

epa=0.0000000001 # to prevent the logas from diverging

oross entropy = Lf.reduce mean(-tf.reduce sum( y onehot * tf.log(aL+eps) =y onehot )*tf.log(l.0-aL +eps) , reduction indices=[1]))
cost func = cross entropy

### Use backpropagation to minimize sing the gradient descent a
learning rate = 1.0 # hyperparameter

train step = tf.train.GradientDescentOptimizer(learning rate).minimize(coat fune)
N epoche = o imes to run gradient descen

P T N Tl d gt i T T
FROERR A AAR R R IR R O AR E TRAINING #Resdiagaddd o v o by sd wwpp s sl ppddwpps
WEBHAFRATA G R P R H BRRRTERPERR BRI AHARREDRARRE PR IE RPN I

seas = Lf.Seassion()
sess.run(tf.global variables initializer())
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° from IPython imj display
import tensorflow as Lf

ort time

I Li L]
TECTURE # Saad

AR AR AR AN AR R AR PAES

laceholders for the inpu ata and labels ###
out actual values when we ask ansorflow to u an ac & \u;'l[wll.nt lor
tf.placesholder(tf.float32, (None, 2]) # input data

tf.placeholder(tf.intl2, None|) ¢ labels

tf.variable( vf.random nermal([2, K], mean=0. =0.01, diype=Lf.float32) )
tf.variable( tf.zeros([K]) )

tf,matmul(x, Wiy + bl

tf.nn.eigmoid( 21 )

P Net

aL a

### Cost

P (maasures how Tar off our model

y onehot = tf,one hot(y,depth=K) # label re Conv t yne=hot representation

eps=0.0000000001 # to prevent the loge from diverg

cross entropy tf.reduce mean(-tf.reduce sum( y onehot * tlf.log(al+veps) + (1.0-y onshot )*tf.leg(l.0-al teps)
cost fune = cross entropy

. reduction indices=[1]))

### Upe backpropagati #ing the gradien

learning rate Bt
train step = tf.train.GradientDescentOptimizer(learning rate).minimize(cost funo)

N @pochs = 0 # number
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x = tf.placeholder(tf.floatl2,

y o= £ mlesakaldasied (ni39 fue
TFModuleWrapper: tf.nn(wrapped, module name, public apls=None,

deprecation=True, has lite=False)
tensorflow.python.util.module wrapper.TFModuleWrapper instance

3 +click text to go to definition

tf.nn/sigmoid( =21 )

(1T,
y _onehot = tf.one hot(y,depth=K)

eps=0.00( 10

cross_entropy = tf,.reduce_mean(-tf.reduce_mum( y_ onehot =

codt_func = cross_entropy

learning rate = 1.0 # hypae:

Copy of FeedforwardNeuralNe X -+

GE e ® o

[ Other Bookmarks

O comment - Share A 9

oatl?) )

.0-y_onshot )*tf.log(!.0-aL +eps) , reduction_indices=[1]))

train step = tf.train.GradientDescentOptimizer(learning rate).minimize(cost func)

N _epochs =

REGRAPERP AR RORR IR Y I e T 2T,
ING #é# VAAARORERRER RO
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sess = tf.Sesslon()

weas.run(tf.global variables initializer())
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Ehe
# (wve'll input actual values when we 1ow run an actual computation

x = tf.placeholder(tf.floatl2, [None, 2]

¥ tf.placeholder(tf.intd2, |None))

#id Layer 11 #iv

Wl = tf.variable( tf.random normal([2, K], mean=0.0, stddev=0.01, dtype=tf.floatid) )
bl = tf.variable( cf.zeros(([K]) )

zl = tf.matmul(x, Wl) + bl

al = tf.nn.sigmoid({ 31 )

L ures w far off our n ie is from the abe

y onehot Lf.one hot(y,depLh=K)

eps=0.0000000001 # to prevent the logs from dive

cross entropy = tf.reduce mean(-tf.reduce sum( y onshot * tf.log(aL+veps) *+ (1.0-y onehot )*tf.log(l.0-aL +eps) , reduction indices=[1]))

coat fune erons entropy

se backpropagation to minimize the cost functio sing the gradien
learning rate .0 # hyparparamstar

train step = tf.train.GradientDescentOptimizer(learning rate).minimize(coat func)

N_epochs = 20000 # nunber

N IR
FE B A IR EE SRR PR EFIER I TRAININ PEAED
FRREREE DB ETR P PERTREEREREEERRIERR I GERB TSRS

sess = Lf.Bession()

pess, run(t ﬁ:nhnl variables initial ]

//1030.14191 1199 &

Pirsa: 19100089 Page 69/74



Pirsa: 19100089 Page 70/74




. FeedforwardNeuralNetworks X FeedlforwardNeuralNetworks B Copy of FeedforwardNeuralNe X +

c # https://colab.research.google.com/drive QVIL VRS_48-By21Q3vGax7LCpBbN GSDIISEVE 1 m 14 @ 9 [+ ]

i Apps M Omail © Okta [ arXiv @ PSIWiki [ Other Bookmarks

& Copy of FeedforwardNeuralNetworks_TensorFlow.ipynb a:c s shae A 9
Lommen - ONAre
Flle Edit View Insert Runtime Tools Help All changes saved

+ Code + Text 2 Editing

5000 10000

Epock

10000

Epoct

Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE.On paper, draw the neural network
corresponding to the one in the code for the case of K branches. Pay particular attention to the number of neurons in each layer.

Exercise #3: Add in a hidden layer with 4 neurons and study how this hidden layer changes the output. On paper, draw the neural network in this

Exercise #4: Replace the sigmold activation function on the first layer with a rectified linear unit (ReLU), and study how the choice of activation

function changes the output.

Exercise #5: Change the cost function so that it is computed using the mean-squared error (MSL) instead of the cross-entropy, and study how

the cholce of cost function changes the output

Exercise #6: Study the effects of increasing and decreasing the learning rate hyperparameter. Examine these effects using both the cross
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Text
IPython | rt display
rt tensorflow as tf

time

wa'll nput actua values when we asnk
= tf.placeholder(tf.floatl2, (None, 2]) #
= tf.placeholder(tf.int32, [Hone]) «-

e
Variable( tf.random_normal([Z, K], mean= ), stddev= , dtype=tf.floatli2) )
Variable( tf.zeres([K]) )

.matmul(x, Wl) + bl

nn.eigmoid( =zl )

y onehot = tf.ane hot(y,depth=K)
epa=0.00C (L ¥ to prevent the 1
cross_entropy = tf.reduce mean(-tf.reduce sum( y onehot * tf.log(aL+eps) 0-y_onehot )*tf.log( aL +eps) , reduction_indices=[1]))

cost_func = cross_entropy

backpropagat
learning rate = 0 # hype

train atep = tf.train.CGradientDescentOptimizer(learning rate).minimize(cost func)
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epoch_list.append(epoch)
cost_tralning.append(cost)

acc_training.append(accuracy)

#é4 Update the plot of the resultir

fig = plt.figure(2,figaize=(10,5))
fig.subplots adjust(hspace=.1,wspace=.])
plt.clf()

updaterlot()

display.display(plt.gof())
display.clear output(wait=True)

#time.sleep(0.1) #Uncomment this 14

L ]
L]
L
Tereservssssrerennse
2000 4000 8000 10000 12000
Epoch
.".0000000009000000.

.
[

Exercise #2: Look through the section of code marked DEFINE THE NETWORK ARCHITECTURE . On paper, draw the neural network
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1t #iw
tf.Variable( tf.random normal([2Z, nH], mean=i ; stddev=
tf.variable( tf.zeros([nll]) )
tf.matmulix, Wl) + bl
tf.nn.sigmoid( zl )

2: i
« tf.variable( tf.random normal(|ni, K], mean=0.0, stddev=0
tf.variable( tf.zeros([[K]) )
tf.matmul{al, W2) + b2
tf.nn.eigmoid( 22 )

#EF Com inetion: dée

##¥ (measurea how far off our model ia from the labela) ##¥

Copy of FeedforwardNeuralN

dtype=tf.float32) )

drype=tf.float32) )

y onehot = tf.one hot(y,depth=K) # labels are converted to one-hol representation

eps=0.0000000001 # to prevent the loge from diverging

Croas antropy tf.reduce mean(-Lf.reduce sum{ y onehor * tf.log(aL+eps) + (1.0=y onehot )*cf.log(

cost func = Cross entropy

### Use backpropagation to minimize the co function uming the

learning rate = 1.0 # hyperparamete:

jradien

train step = tf.train.GradientDescentOptimizer(learning rate).minimize(cost func)

N epochs = I ) # number of run gra ) lesce
Iy FAARR I

RSN RSN FAPAEIF TRAININC FHRE AR

FEPPRAERPGII IR FR AN B F

R R R AR S AT T

mens = tf.Seasion()
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