Note to other teachers and users of these slides: We would be delighted if you found this our
material useful in giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site:
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The Netflix Prize
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The Netflix Utility Matrix R

480,000 users

Matrix R

17,700
movies




Utility Matrix R: Evaluation

480,000 users

Matrix R

17,700
movies
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Modeling Local & Global Effects
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Global average: 1.1296

User average: 1.0651
Movie average: 1.0533

Netflix; 0.9514

Basic Collaborative filtering: 0.94

CF+Biases+learned weights: 0.91
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P,Q training
L\

J 1\ J

error ulengthn

Il Il ,... user set regularization parameters

Note: We do not care about the “raw” value of the objective function,
but we care in P,Q that achieve the minimum of the objective
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P.Q training
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element independently!
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GD improves the value
of the objective function
at every step.

SGD improves the value
but in a “noisy” way.

GD takes fewer steps to
converge but each step
takes much longer to
compute.

In practice, SGD is
much faster!
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Koren, Bell, Volinksy, IEEE Computer, 2009
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user bias

movie bias

user-movie interaction
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Global average: 1.1296

User average: 1.0651
Movie average: 1.0533

Netflix; 0.9514

Basic Collaborative filtering: 0.94

Collaborative filtering++: 0.91
Latent factors: 0.90

Latent factors+Biases: 0.89
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Y. Koren, Collaborative filtering with
temporal dynamics, KDD '09
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Global average: 1.1296

User average: 1.0651
Movie average: 1.0533

Netflix; 0.9514

Basic Collaborative filtering: 0.94

Collaborative filtering++: 0.91
Latent factors: 0.90

Latent factors+Biases: 0.89

Latent factors+Biases+Time: 0.876
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June 26 submission triggers 30-day “last call”
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