
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)
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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
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AI & Machine Learning Basics
Supervised Learning: Classification & Regression 

Input —> machine/model —> Output

Correct outputs are provided by the supervisor

Unsupervised Learning: only have input data 

Find regularities from the input

Clustering: 
customer segmentation, customer relationship management, 
outlier detection; image compression

bioinformatics: DNA, RNA, amino acids, Motif, Proteins, 
sequence alignments 

Good references from towards data science

 a-one-stop-shop-for-principal-component-analysis  

https://setosa.io/ev/principal-component-analysis/

Understanding Principal Component Analysis

https://www.svm-tutorial.com/
https://www.svm-tutorial.com/
https://towardsdatascience.com/a-one-stop-shop-for-principal-component-analysis-5582fb7e0a9c
https://towardsdatascience.com/a-one-stop-shop-for-principal-component-analysis-5582fb7e0a9c
https://www.svm-tutorial.com/
https://www.svm-tutorial.com/
https://towardsdatascience.com/a-one-stop-shop-for-principal-component-analysis-5582fb7e0a9c
https://towardsdatascience.com/a-one-stop-shop-for-principal-component-analysis-5582fb7e0a9c
https://setosa.io/ev/principal-component-analysis/
https://setosa.io/ev/principal-component-analysis/
https://medium.com/@aptrishu/understanding-principle-component-analysis-e32be0253ef0
https://medium.com/@aptrishu/understanding-principle-component-analysis-e32be0253ef0


Dimension Reduction and Feature Extraction

Reduce the dimensionality of the problem, decrease the complexity;


Simpler models are more robust;


Knowledge extraction

Feature Selection/Elimination:

• Advantage: find k out of N dimension dataset and discard the other N-k features

• Disadvantage: gain no information from those variables dropped

Feature Extraction: 
• Find new set of k-dimensions that are combinations of the original N-dimension

Principal Component Analysis (PCA) is a technique for feature extraction.

• Advantage: each of the new variables after PCA are all independent of one another



Principal Component Analysis

Find linearly independent k dimensions which can represent the N dimension data

More important = more variance / more spread out data

Those newly found k dimensions should allow us to predict/reconstruct the original dimensions,  
 with minimal projection/reconstruction error

Which direction is more important ? Then, let’s move to that direction

By projection,  we reduce the dimensionality of feature space



Principal Component Analysis

Covariance matrix
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Principal Component Analysis

Understand the eigenvalue decomposition
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⌃ = PDPT = PDP�1

P matrix of eigenvector, eigenvectors are orthogonal and linear independent 

D matrix of eigenvalues

Sort eigenvalues from large to small, sort the eigenvector accordingly
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P⇤

Rotate data to the principle components
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Z⇤ = Z⇥P⇤

Determine how many features to keep

That’s it, PCA.



A cat, just to get your attention. :)
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RM⇥k

• Find new set of k-dimensions that are combinations of the original N-dimension, 

• Dimension reduction

“In fact, every principal component will ALWAYS 
be orthogonal (a.k.a. official math term for 
perpendicular) to every other principal 
component. (Don’t believe me? Try to break the 
applet!)"

https://en.wikipedia.org/wiki/Orthogonality#Statistics.2C_econometrics.2C_and_economics
http://setosa.io/ev/principal-component-analysis/
http://setosa.io/ev/principal-component-analysis/
https://en.wikipedia.org/wiki/Orthogonality#Statistics.2C_econometrics.2C_and_economics
http://setosa.io/ev/principal-component-analysis/
http://setosa.io/ev/principal-component-analysis/


Principal Component Analysis

Thus, PCA is a method that brings together:

1. A measure of how each variable is associated with one another. (Covariance matrix.)

2. The directions in which our data are dispersed. (Eigenvectors.)

3. The relative importance of these different directions. (Eigenvalues.)

 how many features to keep versus how many to drop

1. select by hand

2. calculate the proportion of variance explained





https://mattbierbaum.github.io/ising.js/Ising model, continuous phase transition 

workhorse for statistical physics
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Sz
i = ±1

<latexit sha1_base64="PaYcYvaeuPNnKaGDj2CdQncnvLM=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0mqoBeh6MVjRfsBbQyb7aZdupuE3Y3Qhv4SLx4U8epP8ea/cdvmoK0PBh7vzTAzL0g4U9pxvq2V1bX1jc3CVnF7Z3evZO8fNFWcSkIbJOaxbAdYUc4i2tBMc9pOJMUi4LQVDG+mfuuJSsXi6EGPEuoJ3I9YyAjWRvLt0v1jNp74GZtcdROBXN8uOxVnBrRM3JyUIUfdt7+6vZikgkaacKxUx3US7WVYakY4nRS7qaIJJkPcpx1DIyyo8rLZ4RN0YpQeCmNpKtJopv6eyLBQaiQC0ymwHqhFbyr+53VSHV56GYuSVNOIzBeFKUc6RtMUUI9JSjQfGYKJZOZWRAZYYqJNVkUTgrv48jJpVivuWaV6d16uXedxFOAIjuEUXLiAGtxCHRpAIIVneIU3a2y9WO/Wx7x1xcpnDuEPrM8fb/KS7w==</latexit>

Configuration space: 2N
<latexit sha1_base64="wnR0kVZ0O5oDvQevSysYKky2XRY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04kkqmLbQxrLZbtulm03YnQgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dlZW19Y3Ngtbxe2d3b390sFhw8SpZtxnsYx1K6SGS6G4jwIlbyWa0yiUvBmObqZ+84lrI2L1gOOEBxEdKNEXjKKV/OpjdjfplspuxZ2BLBMvJ2XIUe+Wvjq9mKURV8gkNabtuQkGGdUomOSTYic1PKFsRAe8bamiETdBNjt2Qk6t0iP9WNtSSGbq74mMRsaMo9B2RhSHZtGbiv957RT7V0EmVJIiV2y+qJ9KgjGZfk56QnOGcmwJZVrYWwkbUk0Z2nyKNgRv8eVl0qhWvPNK9f6iXLvO4yjAMZzAGXhwCTW4hTr4wEDAM7zCm6OcF+fd+Zi3rjj5zBH8gfP5A5DujoY=</latexit>

https://en.wikipedia.org/wiki/Ising_model#/media/File:Ising_quench_b10.gif

m =
1

N
|

NX

i=1

Sz
i |

<latexit sha1_base64="nfIgTl6SI9bWxnRkkr6aG98qxeI=">AAACEHicbVC7TsMwFHV4lvIKMLJYVAimKilIsFSqYGFCRdCH1KSR4zqtVTuJbAeppPkEFn6FhQGEWBnZ+BvcxwAtR7J07jn36voeP2ZUKsv6NhYWl5ZXVnNr+fWNza1tc2e3LqNEYFLDEYtE00eSMBqSmqKKkWYsCOI+Iw2/fznyG/dESBqFd2oQE5ejbkgDipHSkmce8bITCIRTO0uvs6EjE+6ltGxnbV3C23b6kOk6G3pmwSpaY8B5Yk9JAUxR9cwvpxPhhJNQYYakbNlWrNwUCUUxI1neSSSJEe6jLmlpGiJOpJuOD8rgoVY6MIiEfqGCY/X3RIq4lAPu606OVE/OeiPxP6+VqODcTWkYJ4qEeLIoSBhUERylAztUEKzYQBOEBdV/hbiHdD5KZ5jXIdizJ8+TeqlonxRLN6eFysU0jhzYBwfgGNjgDFTAFaiCGsDgETyDV/BmPBkvxrvxMWldMKYze+APjM8f5ASdxA==</latexit>

m(T ) = |T � Tc|� with � = 1/8 in 2D
<latexit sha1_base64="4NDS/gEL7F1mc7Jwll38sh/HNBs="></latexit>

https://mattbierbaum.github.io/ising.js/
https://mattbierbaum.github.io/ising.js/
https://en.wikipedia.org/wiki/Ising_model#/media/File:Ising_quench_b10.gif
https://en.wikipedia.org/wiki/Ising_model#/media/File:Ising_quench_b10.gif

