CPSC 340:
Machine Learning and Data Mining



Admin

 A2/Midterm:

— Grades/solutions posted.
— Midterms can be viewed during office hours.

* Assignment 4:
— Due Monday.

e Extra office hours:
— Thursdays from 4:30-5:30 in ICICS X836.
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Last Week: Principal Component Analysis (PCA)

* PCA is a linear model for unsupervised learning.
* Represents features as linear combination of latent factors:
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Last Week: Principal Component Analysis (PCA)

* PCA is a linear model for unsupervised learning.

* Represents features as linear combination of latent factors:

T _ T
Xiy = W X"-WZ,-

* Uses: dimensionality reduction, visualization, factor discovery.

French
Sposlal SURE N B Trait | Description
b v PIRL 0

Being curious, original, intellectual, creative, and open to

Openness >
B new ideas.

Being organized, systematic, punctual, achievement-

Conscientiousness oriented, and dependable.

Component 2 (0.08% variance)

Being outgoing, talkative, sociable, and enjoying

Extraversion social situations.

Being affable, tolerant, sensitive, trusting, kind,
and warm.

Agreeableness

Component 1 (0.21% variance)

Neuroticism Being anxious, irritable, temperamental, and moody.




Last Week: Principal Component Analysis (PCA)

* PCA is a linear model for unsupervised learning.
* Represents features as linear combination of latent factors:

LT _ T
Xiy = W Z, X"—\/l/z,-

* Uses: dimensionality reduction, visualization, factor discovery.
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Maximizing Variance vs. Minimizing Error

e Our “synthesis” view that PCA minimizes approximation error.

— Makes connection to k-means and our tricks for linear regression.
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* Classic “analysis” view: PCA maximizes variance in z; space.
— You pick ‘W’ to explain as much variance in the data as possible.



Choosing Number of Latent Factors

e Common approach to choosing ‘k’: remgmbes Thet

— Compute error with k=0: H ' “F2 = n¥ V“"(X,&) (C'(, lumns  haye
mean of zero

— Compare to error with non-zero ‘k’:

1Z W - XI¢
|| X N2

— Gives a number between 0 and 1, giving how much “variance remains”.
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* If you want to explain 90% of variance, choose smallest ‘k” where ratio is < 0.10.



PCA Computation

* The PCA objective with general ‘d” and ‘k’:

f(W2)= 22 (=5 = llzw-xi
11§
* 3 common ways to solve this problem:
— Singular value decomposition (SVD) classic non-iterative approach.

— Alternating between updating ‘W’ and updating Z".
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— Stochastic gradient: gradient descent based on random ‘i’ and ‘§’

e (Or just plain gradient descent).
 Not convey, all these methods work with random initialization.



PCA Computation

* The PCA objective with general ‘d” and ‘k’:
Jf(\/\/Z) ff(w 2i T Xy) = [lzZw-X|)?
A
— Where we’ve subtracted mean p; from each feature.

* At test time, to find optimal ‘Z" given ‘W’ for new data:
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PCA Non-Unigueness

 We have the scaling problem:

Wc 6(}— Sam¢ \"\(VV)Z> 'l‘(‘ YO\/\ rfrla[c /W‘ Ly O(W
OMJ /ZI Ly (Z'JZ 1C0f QL/l}/ <70

= Z)(o(lxv) =2W

A si}““‘lari {l_’(. re(]V\i’f That ”VVc” :, jT\CJf all ‘Fo\(,‘for_s Ic,\,
(-Vr:i)_\_'v ,c,‘ o‘r /W\



Orﬁ‘bjor\mlb}y when 1:2
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— You can still “rotate” the factors and also have label switching.
* Afixis to fit the PCs sequentially (can be done with SVD approach):
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Basis, Orthogonality, Sequential Fitting
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Basis, Orthogonality, Sequential Fitting
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Basis, Orthogonality, Sequential Fitting
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Basis, Orthogonality, Sequential Fitting
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Colour Opponency in the Human Eye

* Classic model of the eye is with 4 photoreceptors:
— Rods (more sensitive to brightness).

Merve fibres
e

Light Section Ea

— L-Cones (most sensitive to red).

.?‘ T"“.’

— M-Cones (most sensitive to green).

— S-Cones (most sensitive to blue).

* Two problems with this system:

— Correlation between receptors (not orthogonal).
 Particularly between red/green.

— We have 4 receptors for 3 colours.

Mormalized cone response (linear energy)
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Colour Opponency in the Human Eye

* Bipolar and ganglion cells seem to code using “opponent colors”:

— 3-variable orthogonal basis:
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7 Color Perception

(< Absolute Quantity: E
i| 1. Brightness (Strength of A) |:
2. Hue (Ratio of C, to C,-Cs) |i
3. Colorfulness |

(Strength of C, and C,-C.)
i | * Relative Quantity:
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* This is similar to PCA (d =4, k = 3). ""
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Colour Opponency Representation
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Application: Face Detection

* Consider problem of face detection:
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[ .
* Classic methods use “eigenfaces” as basis:
— PCA applied to images of faces.



Eigenfaces

Collect a bunch of images of faces under different conditions:
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Eigenfaces

Comqmle mean i, of each colum, Each vow of X will ke pirck in one imee
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Eigenfaces
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Eigenfaces
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Eigenfaces
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Eigenfaces
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Eigenfaces
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Eigenfaces
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Xi
But how should we represent faces?
* K-means:
— ‘Grandmother cell’: one neuron = one face. HESENEY T 4E+H )
— Almost certainly not true: too few neurons. gy *’E”"*, .q i
* PCA: %.: R
— “Distributed representation”. A s e s A R
B s o 0
* Coded by pattern of group of neurons. CEAET & Bt
* Can represent more concepts. P"‘",f“""""r'l""rrr
— But PCA uses positive/negative cancelling parts. h“"d_}‘*“:*
* Non-negative matrix factorization (NMF): WY
— Latent-factor where W and Z are non-negative. HUWNIRN
— Example of “sparse coding”: WP RS il
* Coded by small number of neurons in group. "71._11:

— NMF makes object out of of ‘parts’.




Representing Faces

 Why sparse coding?
— ‘Parts’ are intuitive, and brains seem to use sparse representation.
— Energy efficiency if using sparse code.
— Increase number of concepts you can memorize?

* Some evidence in fruit fly olfactory system. Sparse "c/.'d;o,,\dryn
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Summary

Analysis view of PCA is that it maximizes variance.
— We can choose ‘k’ to explain x% of the variance in the data.

Orthogonal basis and sequential fitting of PCs:
— Leads to non-redundant PCs with unique directions.

Biological motivation for orthogonal and/or sparse latent factors.
Non-negative matrix factorization leads to sparse LFM.

Next time: modifying PCA so it splits faces into ‘eyes’, ‘mouths’, etc.



