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Reminders

* Homework 8: Graphical Models
— Release: Mon, Apr. 17
— Due: Mon, Apr. 24 at 11:59pm

 Homework 9: Applications of ML

— Release: Mon, Apr. 24
— Due: Wed, May 3 at 11:59pm




Outline

* Recommender Systems
— Content Filtering
— Collaborative Filtering (CF)
— CF: Neighborhood Methods
— CF: Latent Factor Methods

* Matrix Factorization
— Background: Low-rank Factorizations
— Residual matrix

— Unconstrained Matrix Factorization
¢ Optimization problem
* Gradient Descent, SGD, Alternating Least Squares
* User/item bias terms (matrix trick)

— Singular Value Decomposition (SVD)
— Non-negative Matrix Factorization
e Extra: Matrix Multiplication in ML
— Matrix Factorization
— Linear Regression
— PCA
— (Autoencoders)
— K-means



RECOMMENDER SYSTEMS



Recommender Systems

A Common Challenge:

— Assume you’re a company
selling items of some sort:
movies, songs, products,
etc.

— Company collects millions
of ratings from users of
their items

— To maximize profit [ user
happiness, you want to
recommend items that
users are likely to want



Recommender Systems
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Recommender Systems
NETFLIX

Netflix Prize

Home Rules Leaderboard Update

Congratulations!

The Netflix Prize sought to substantially
improve the accuracy of predictions about
how much someone is going to enjoy a
movie based on their movie preferences.

On September 21, 2009 we awarded the
$1M Grand Prize to team "BellKor's
Pragmatic Chaos™. Read about their
algorithm, checkout team scores on the
Leaderboard, and join the discussions on
the Forum.

We applaud all the contributors to this
quest, which improves our ability to
connect people to the movies they love.

FAQ | Forum | Netflix Home
© 1997-2009 Netfiix, Inc. All rights reserved.




Recommender Systems
NETFLIX
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Netflix Priz N
Congratulations!

The Netflix Prize sought to substantially
improve the accuracy of predictions about
how much someone is going to enjoy a
movie based on their movie preferences.

On September 21, 2009 we awarded the
$1M Grand Prize to team "BellKor's
Pragmatic Chaos”. Read about their
algorithm, checkout team scores on the
Leaderboard, and join the discussions on
the Forum.

We applaud all the contributors to this
quest, which improves our ability to
connect people to the movies they love.

FAQ | Forum 12
© 1897-2009 Netflix, It




Recommender Systems

tflix Prize

Home Rules Leaderboard Update

BiaChaos i . i . + 2009-04-07 12:33:59
Opera Solutions . . 2009-07-24 00:34:07
BellKor . . 2009-07-26 17:19:11




Recommender Systems

Netflix Pr

Home Rules Leaderboard Update

Leaderboard

Showing Test Score. Click here to show quiz score

Rank Team Name Best Test Score % Improvement Best Submit Time

BellKor's Pragmatic Chaos 0.8567 10.06 2009-07-26 18:18:28
The Ensemble 0.8567 10.06 2009-07-26 18:38:22
Grand Prize Team 0.8582 9.90 2009-07-10 21:24:40
Opera Solutions and Vandelay United 0.8588 9.84 2009-07-10 01:12:31
Vandelay Industries ! 0.8591 9.81 2009-07-10 00:32:20
PragmaticTheory 0.8594 9.77 2009-06-24 12:06:56
BellKor in BigChaos 0.8601 9.70 2009-05-13 08:14:09
Dace _ 0.8612 9.59 2009-07-24 17:18:43
Feeds2 0.8622 9.48 2008-07-12 13:11:51
BigChaos 0.8623 9.47 2009-04-07 12:33:59
Opera Solutions 0.8623 9.47 2009-07-24 00:34.07
BellKor 0.8624 9.46 2009-07-26 17:19:11




Recommender Systems

* Setup:

— ltems:
movies, songs, products, etc.
(often many thousands)

— Users:
watchers, listeners, purchasers, etc.
(often many millions)

— Feedback:
5-star ratings, not-clicking ‘next’,
purchases, etc.
* Key Assumptions:
— Canrepresent ratings numerically
as a user/item matrix

— Users only rate a small number of
items (the matrix is sparse)

Alice |1
Bob 3
Charlie | 3
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Recommender Systems

NETFLIX

Ne

lIxX  Prize

CONPLETE)

Home Rules

Leaderboard Update

Leaderboard

Showing Test Score. Click here to show quiz score

Rank

O O ~NO O & W N =g
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Team Name

BellKor's Pragmatic Chaos

The Ensemble

Grand Prize Team

Opera Solutions and Vandelay United
Vandelay Industries !
PragmaticTheory

BellKor in BigChaos

Dace

Feeds2

BigChaos

Opera Solutions
BellKor

Best Test Score % Improvement Best Submit Time

0.8567
0.8567
0.8582
0.8588
0.8591
0.8594
0.8601
0.8612
0.8622
0.8623
0.8623
0.8624

10.06
10.06
9.90
9.84
9.81
9.77
9.70
9.59
9.48
9.47
9.47
9.46

2009-07-26 18:18:28
2009-07-26 18:38:22
2009-07-10 21:24:40
2009-07-10 01:12:31
2009-07-10 00:32:20
2009-06-24 12:06:56
2009-05-13 08:14:09
2009-07-24 17:18:43
2009-07-12 13:11:51
2009-04-07 12:33:59
2009-07-24 00:34:07
2009-07-26 17:19: 11
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Two Types of Recommender Systems

Content Filtering Collaborative Filtering

* Example: Pandora.com * Example: Netflix movie
music recommendations recommendations
(Music Genome Project) * Pro: Does not assume

* Con: Assumes access to access to

about about items (e.g. does not

items (e.g. properties of a need to know about movie
song) genres)

* Pro: Gotanewitemto * Con: Does not work on
add? No problem, just be new items that have no
sure to include the side ratings

information



COLLABORATIVE FILTERING



Collaborative Filtering

* Everyday Examples of Collaborative Filtering...
— Bestseller lists
— Top 40 music lists
— The “recent returns” shelf at the library
— Unmarked but well-used paths thru the woods
— The printer room at work
— “Read any good books lately?”

* Common insight: personal tastes are correlated

— If Alice and Bob both like X and Alice likes Y then
Bob is more likely to like Y

— especially (perhaps) if Bob knows Alice

Slide from William Cohen



Two Types of Collaborative Filtering

1. Neighborhood Methods 2. Latent Factor Methods

Serious

Amadeus

The Color Purple &
@ Lethal Weapon
Sense and
Geared Sensibility | Ocearts 11] ”~y Geared
towal’d — \ -~ > mrd
4 females males
i -~
Joe — i
The Lion King Dumb and
a1 Dumber
The Princess Independence| |- @===¢"
Diaries Day =4

Gus

Escapist
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Figures from Koren et al. (2009)



Two Types of Collaborative Filtering
1. Neighborhood Methods

In the figure, assume that
a green line indicates the
movie was watched

Algorithm:

1. Find neighbors based
on similarity of movie
preferences

2. Recommend movies
that those neighbors
watched

22
Figures from Koren et al. (2009)



Two Types of Collaborative Filtering

2. Latent Factor Methods

 Assume that both
movies and users
live in some low-
dimensional
space describing
their properties

e Recommend a
movie based on
its proximity to
the userin the
latent space

Figures from Koren et al. (2009)
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MATRIX FACTORIZATION



Matrix Factorization

* Many different ways of factorizing a matrix
* We’ll consider three:

1. Unconstrained Matrix Factorization
2. Singular Value Decomposition
3. Non-negative Matrix Factorization

* MF is just another example of a common
recipe:
1. define a model

2. define an objective function
3. optimize with SGD



Matrix Factorization

Whiteboard

— Background: Low-rank Factorizations
— Residual matrix



MF for Netflix Problem

Example
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Figures from Aggarwal (2016)



Regression vs. Collaborative Filtering

[ ] [ ] [ ] [ ]
Regression Collaborative Filtering
A A
TRAINING
ROWS
NO
DEMARCATION
BETWEEN
TRAINING AND
TEST ROWS
TEST
ROWS
v v
< > < >
INDEPENDENT DEPENDENT NO DEMARCATION BETWEEN DEPENDENT
VARIABLES VARIABLE AND INDEPENDENT VARIABLES

Figures from Aggarwal (2016)
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UNCONSTRAINED MATRIX
FACTORIZATION



Unconstrained Matrix Factorization

Whiteboard
— Optimization problem
— SGD
— SGD with Regularization
— Alternating Least Squares
— User/item bias terms (matrix trick)



Unconstrained Matrix Factorization

In-Class Exercise

Derive a block coordinate descent algorithm
for the Unconstrained Matrix Factorization
problem.

* User vectors: * Set of non-missing entries
w, € R" Z = {(u,1) : vy; is observed}
* |tem vectors: * Objective:
T
h; € R argmin Z (Vs — W5h¢)2
wh ez

* Rating prediction:

—
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Matrix Factorization

(with matrices)

e User vectors:

(Wy )t € R

* |tem vectors:

H,, € R"
* Rating prediction:

Vuz’

W H|;

Figures from Koren et al. (2009)

H

H.,

V

Figures from Gemulla et al. (2011)33



Matrix Factorization
(with vectors)

e User vectors:
w, € R"

Figures from Koren et al. (2009)

e |tem vectors:

h, e R"
* Rating prediction:
T
VUui = Wy, hz

34



Matrix Factorization
(with vectors)
* Set of non-missing entries:

Z = {(u,1) : vy; is observed}

* Objective:

35



Matrix Factorization
(with vectors)
* Regularized Objective:

argmin Z (Vi — W2 Th;)?
w.,h

(u,i) ez Figures from Koren et al. (2009)

+ A(Z [will? + ) Iha|f*)
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Matrix Factorization
(with vectors)
* Regularized Objective:

argmin g (Vi — Wih;)? - 4
w,h

(u,i)EZ Figures from Koren et al. (2009)
FAQ Wil 2+ ) lIha]]?)
() (7

* SGD update for random (u,i):

|Independence| o=y
Day =

Cui < VUyi — Wghz
Wy, — Wy, + v(ewh; — Awy,)
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Matrix Factorization

(with matrices)

e User vectors:

(Wy )t € R

* |tem vectors:

H,, € R"
* Rating prediction:

Vuz’

W H|;

Figures from Koren et al. (2009)

H

H.,

V

Figures from Gemulla et al. (2011%8



Matrix Factorization
(with matrices)
e SGD

require that the loss can be written as

L= Y U(Vi,Wi, H.;)
(,7)€Z

Algorithm 1 SGD for Matrix Factorization

Require: A training set Z, initial values W and H
while not converged do {step}

Select a training point (z j) € Z uniformly at random.

W;;* +— W, — enN l(VU, Wz*,H,.,J)
H,; + H,; — anaH,..J l(Vw, Wz,,,,H*J)
W.,;* — W,’L*

end while step size

Figure from Gemulla et al. (2011)
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Matrix Factorization
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Figure 3. The first two vectors from a matrix decomposition of the Netflix Prize
data. Selected movies are placed at the appropriate spot based on their factor

vectors in two dimensions. The plot reveals distinct genres, including clusters of
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Figure from Koren et al. (2009)




Matrix Factorization
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SVD FOR COLLABORATIVE
FILTERING



Singular Value Decomposition

for Collaborative Filtering
Whiteboard
— Optimization problem

— Equivalence to Unconstrained Matrix
Factorization (fully specified, no regularization)



NON-NEGATIVE MATRIX
FACTORIZATION



Implicit Feedback Datasets

* What information does a five-star rating contain?
1. 8.8 8 &

* Implicit Feedback Datasets:
— In many settings, users don’t have a way of expressing dislike for an
item (e.g. can’t provide negative ratings)
— The only mechanism for feedback is to “like” something
* Examples:
— Facebook has a “Like” button, but no “Dislike” button
— Google’s “+1” button
— Pinterest pins

— Purchasing an item on Amazon indicates a preference for it, but
there are many reasons you might not purchase an item (besides
dislike)

— Search engines collect click data but don’t have a clear mechanism
for observing dislike of a webpage

Examples from Aggarwal (2016)



Non-negative Matrix Factorization

Whiteboard

— Optimization problem
— Multiplicative updates



Summary

* Recommender systems solve many real-
world (*large-scale) problems

* Collaborative filtering by Matrix
Factorization (MF) is an efficient and
effective approach

* MF is just another example of a common
recipe:
1. define a model

2. define an objective function
3. optimize with SGD



