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Al & Machine Learning in Physics

Teaching Materials:

https://quantummc.xyz/hku-phys3151-machine-learning-in-physics-2023/

Slides / Reading materials
Python notebooks
Assignments

Assessment Methods and Weighting

e Assignments 30%
* Presentation 20%
* Project report 20%
e Exam. 30%
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Content

0. Introduction

1. Regression
1.1 Multivariate Linear Regression (curve fitting)
1.2 Regularization (Lagrange multiplier)

1.3 Logistic Regression (Fermi-Dirac distribution)
1.4 Support Vector Machine (high-school geometry)

2. Dimensionality Reduction/feature extraction
2.1 Principal Component Analysis (order parameters)
2.2 Recommender Systems
2.3 Clustering (phase transition)



Content

3. Neural Networks
3.1 Biological neural networks
3.2 Mathematical representation
3.3 Factoring biological ingredient
3.4 Feed-forward neural networks
3.5 Learning algorithm
3.6 Universal Approximation Theorem



Multivariate Linear Regression

e Ethem Alpaydin, Introduction to Machine Learning, Third Edition, MIT Press 2014

Chap. 4. Parametric Methods

4.6 Regression

4.7 Bias/Variance Dilemma
Chap. 5. Multivariate Methods

5.1 Multivariate data

5.8 Multivariate Regression

e Linear algebra books:

Gilbert Strang, Linear Algebra and its Applications, 1988
David Harville, Matrix Algebra from a Statistician’s Perspective, 1997, Springer

e Most important

https://guantummc.xyz/hku-phys3151-machine-learning-in-physics-2023/
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Multivariate Linear Regression

Regression: y = hg(x) =0 - x
Statistics Machine Learning | Notation Remarks
independent variable feature :z:? j=1,---,N
dependent variable outcome y
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Multivariate Linear Regression

Basic assumption: examples are independent and identically distributed (i.i.d.).
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Multivariate Linear Regression

Feature Scaling: ' R s 1 (i)
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Ensure all the features 9]- lie in the same range
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Multivariate Linear Regression

Structure of Q — %XTX
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Symmetric and positive semi-definite



Multivariate Linear Regression

Positive semi-definite fUTQv — oI XT Xy = (X’U)T(X’U) — uly > ()
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Multivariate Linear Regression

Gradient descent method

Algorithm:
©Q Set a precision ¢, learning rate «, and set the initial guess 6
Q Let b1 :=0;—aVyJ(b))
© Calculate J(0;41)

o If 0,41 —0;] <e¢ stop and return 6,44
e Else, return to step 2

The algorithm is based on the Taylor expansion

J(0511) = J(0;— aVeJ(8;) = J(6;) — a(VyJ(6)))" + O(a?)




Multivariate Linear Regression

e Deterministic method
 Normal equation, computational complexity and instability issues
e Stochastic method

e Gradient Descent

e Steepest Descent

HKU

LUCKILY,I'™M AN

ARE I AM TRAINED
YOU TO ONLY SLEEP
TIRED? DURING
NATIONAL
HOLIDAYS.

* Conjugate Gradient | Frosect wanacer
NO ONE HAS RETURNED

MY CALLS OR RESPOND-
ED TO MY E-MAILS.

GRADUATE, MENTALLY
SUPERIOR TO MOST
PEOPLE ON EARTH,50 1
FINISHED THE PROJECT
MYSELF.

© 2003 United Feature Syndicate, Inc.

Good reference:

www.dilbert.com scottadams®@aol.com

9-15-03

Jonathan Richard Shewchuk “| am trained to only sleep during national holidays.”

An Introduction to Conjugate Gradient Method Without the Agonizing Pain

http://www.cs.cmu.edu/~gquake-papers/painless-conjugate-gradient.pdf
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Paraboloid and positive-definite
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(a) positive-definite, symmetric
(b) negative-definite
(c) singular, a set of solution

(d) saddle point




Steepest Descent

L x [ T gradient

A e VA search line,
f(x) is minimised where the gradient is
orthogonal to the search line

—— Steepest descert

| 46 " The search direction is orthogonal, but this is not
SO\ sufficient,
The searching direction needs to be A-orthogonal
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Each gradient is orthogonal to the previous gradient



Let’s eigen do it

1
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Eigenvalues and eigenvectors:

If r_{(i)} is the eigenvector, only one step to converge to the exact solution

D Ary = Argy a=1/A

NN T ey = Al +arg)
A N — I Ve =b— Az — adrg

“Eigenvectors are useful tools, and not just bizarre torture devices inflicted on you by your professors for the
pleasure of watching you suffer (although the latter is a nice fringe benefit)”



Paraboloid is spherical, no matter

Paraboloid is ellipsoidal, only if r are what point we start, always find the
eigenvectors, can one find the minimal minimal

N\ &’//

CG is to find the orthogonal directions in a stretched (scaled) space.



Conjugate Gradient Method
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Pairs of vectors that are A-orthogonal, conjugate



Many steps to find the solution Only takes N-steps to find the solution
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a set of n mutually conjugate vectors (with respect to A)

n
One can express the solution oF = Z o
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Ty and 741y are orthogonal

Py and P44y are A conjugate

N step converge
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Content

0. Introduction

1. Regression
1.1 Multivariate Linear Regression (curve fitting)
1.2 Regularization (Lagrange multiplier)

1.3 Logistic Regression (Fermi-Dirac distribution)
1.4 Support Vector Machine (high-school geometry)

2. Dimensionality Reduction/feature extraction
2.1 Principal Component Analysis (order parameters)
2.2 Recommender Systems
2.3 Clustering (phase transition)



The quality of fitting

Underfitting (high bias) Overfitting (high variance)
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Polynomial regression

Forecastability h‘[gd] (;1;) =0y + 017 + 92;1;2 i I Od:z:d =0Tz

Train Validation Test
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Learning Curves and Regularization

Train Validation Test

, /‘\ /k ( }\

Forecastability h[ed] () = 0p + 01z + HQ:BQ + -+ le‘d — 0Tz Polynomial regression

Jcv (cross
validation error)

Error

Model Selection

Jerain (training error)

Degree of polynomial d



Learning Curves and Regularization

Train Validation Test

\ \ \
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Learning curves
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Regularization
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