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Collaborative Filtering
= JEE
m Goal: Find movies of interest to a user based on
movies watched by the user and others

m Methods: matrix factorization, GraphLab
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Women on the Verge of a
Nervous Breakdown

The Celebration

City of God

Wild Strawberries

La Dolce Vita
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Cold-Start Problem
= JEEE
m Challenge: Cold-start problem (new movie or user)
m Methods: use features of movie/user
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Netflix Prize
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= Given 100 million ratings on a scale of 1
0 5, predict 3 million ratings to highest
accuracy
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Matrix Completion Problem
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Interpreting Low-Rank Matrix Completion
(aka Matrix Factorization)
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|dentifiability of Factors
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Matrix Completion via Rank Minimization
=

= Given observed values: ( w,v, v) € X Some = !
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Approximate Matrix Completion
" S

m  Minimize squared error:
[ (Other loss functions are possible)
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Coordinate Descent for Matrix Factorization
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Minimizing Over User Factors
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m For each user u: i . — 2
min Z (Ly - Ry — Tuw)
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= In matrix form:
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