Recommender Systems

CS6780 — Advanced Machine Learning
Spring 2019

Thorsten Joachims
Cornell University

Reading:

Y. Koren, R. Bell, C. Volinsky, Matrix Factorization Techniques
for Recommender Systems, IEEE Computer, 42:8, 2009. (link)


http://vp5qw4uf5x.scholar.serialssolutions.com/?sid=google&auinit=Y&aulast=Koren&atitle=Matrix+factorization+techniques+for+recommender+systems&id=doi:10.1109/MC.2009.263

Movie
Recommender

Recommendation

Movie to watch

Horror  Zombles  Postspokalypse  Action  Serle

o
UMBRELLA
ACADEMY

I!llﬂll -’?k - TR
%‘”—'ﬁL 2

L .. W O—

Mit dem Profil von Thorsten weiterschauen



N eWS 2 Apps (N Currency Conve... X DUS Wiki X UGrad PhDAdmit ®) IT Help [ Thermostat » (J Other bookma
SECTIONS Q SEARCH

Recommendation Amtrak Crash R TR

Hlluminates . e\ In Egypt, Deplorable Death
Sentences About

Obstacles to 4 g - Taking

Portfolio of newsarticles Ratsely .. B AN » iE=

ugm

Countries
- Bullet Did } trike z 7 s E have borders.
Windshield of Amtrak Train, ca c Stories.don’t.

Inve:

Mayor to Announce
Plan to Revamp New
York Public Housing

Critics Hear E.P.A.’s  Jon Hamm on the ‘Mad Men’ Series Finale




Voice Assistant

Recommendation for
“Alexa, play music”

Playlist




Recommender Systems

Examples Problem
— Netflix: Movies — There are far more
— Amazon: Products “items” than an
— Spotify: Music individual user could
e browse.
— YouTube: Videos |
— Xbox Live: Goa
Games/Players — Narrow down the

choices to the items that
are likely of interest to
user.

— Facebook: News



The Long Tail

(Chris Anderson, 2004)
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When do Recommender Systems
work?

e Main Ildeas

— Past user preferences are predictive of future user

preferences.
 Example: If user u enjoyed action movies with Arnold

Schwarzenegger in the past, recommend more action
movies with Arnold Schwarzenegger.

— There is a small number of user types.

* Example: Users 14 and u, both like the Red Hot Chilli
Peppers. If u, also likes Linkin Park, then recommend
Linkin Park to u,.



Setup

e Set of users: U Observed Rating Matrix Y
e Setof items: V - 405 e ,
 RatingsY: UXV - %R &giz ,
— Explicit Feedback & Z 3 .
. St.ar' rating [1-5] , 5 g :
— Implicit Feedback |1 4 4]

* Watched/skipped [0,1]
* Visited web pages [1]



Content-Based Recommendation

e |dea: Observed Rating Matrix Y
[tems V
Supervised learning for 405
4 3 2
each row or column 3 4
21 4 4 2
h,:X, >Y g 5 3
hy: Xy, =Y > 5 3
2
1 3 3
* Challenge: : P

Need to come up with
features for users and/or
items.



Collaborative Recommendation

° |dea: Observed Rating Matrix Y
ltems V
Find users with similar ‘4 4 g ,
ratings and fill in 5 4 4
. a 4 4 2
unobserved ratings. 2 5 3
3 4 4
Find items with similar , 5 g 3
ratings and fill in |1 4 4

unobserved ratings.



Matrix Completion Model

Observed Rating Matrix ¥

ltems V k
4 _ N
4 3 2 X k
5 4 4
2 4 4 2
v
3 4 4
5 3
2 3 3
1 4 4]

* Low rank assumption: rank k
* For each user y; and item v;

Yij = w v

* Learn feature vectors u; and v; for each user/item



Matrix Completion Training

Observed Rating Matrix ¥

ltems V k
-4 = _ ) _
4 3 2 X k
5 4 4
> 4 4 2
s
3 4 4
5 3
2 3 3
| 1 4 n

Given: Sample S of observed entries of R
Training: Solve for U and V with k rows/cols respectively

) ~ 2
min z (Vi —wivy)

Prediction: Fill in entries notin S with Y;; = u; v;



Movie Recommendation

‘True R!ng Mat@x Y* Observed Rating Matrix Y
vies Movies

5

RN

Partially revealid
i
N A 5 3
Predict Y D
— 5

3
2 3 3
11 4 4]

- Missing Not At Random (MNAR) Problem
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MNAR and Evaluation
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— Severly biased performance estimates!



Why is the Data MINAR?
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User Induced MNAR



Why is the Data MINAR?

1997 ({) 1 Std. 46 Min
Een ex-maffiabaas ontvoeren blijkt niet zo'n slim idee,
zeker niet als die een expert is in psychologische
spelletjes.
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e System Induced MNAR



