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Matrix Factorization for Collaborative Prediction

Å Collaborative prediction
Filling missing entries of the user-item rating matrix

Å Matrix factorization
Predicting an unknown rating by 
product of user factor vector and item factor vector
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Regularized Matrix Factorization

ÅMinimize the regularized squared error loss
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Alternating Least Squares (ALS)

Time complexity
O(2|ʍ|K 2+ (I+J )K3)

Parallelization
Easy 

Tuning parameter
ʃ(regularization)



Regularized Matrix Factorization

ÅMinimize the regularized squared error loss
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Stochastic Gradient Descent (SGD)

Time complexity
O(2|ʍ|K )

Parallelization
Possible, but not easy 

Tuning parameter
ʃ(regularization)

(learning rate)–



Problem of parameter tuning
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Regularization parameter chosen by cross-validation on various 
datasets and rank K (Kim & Choi, IEEE SPL 2013)

ÅThe value of optimal regularization parameter depend 
on the dataset and rank K .



Problem of parameter tuning
ÅSGD require tuning of regularization parameter,

learningrate andeventhe numberof epochs.
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ʂ
ʇ

0.005 0.007 0.010 0.015 0.020

0.005 0.9601/13 0.9079/15 0.9117/ 19 0.9168/ 28 0.9168/ 44

0.007 0.9056/ 10 0.9074/ 11 0.9112/ 13 0.9168/ 19 0.9169/31

0.010 0.9064/ 7 0.9077/ 8 0.9113/ 10 0.9174/ 13 0.9186/ 21

0.015 0.9099/ 5 0.9011/ 6 0.9152/ 6 0.9257/ 7 0.9390/ 7

0.020 0.9166/4 0.9175/4 0.9217/ 4 0.9314/ 4 0.9431/ 3

Netflixprobe10RMSE/optimalnumberof epohcsof the BRSIMFfor
variousʂandʇvalues(K=40). (Tákacset al., JMLR2009)



Bayesian Matrix Factorization
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Prior
P(U), P(V)

Likelihood
P(X |U,V)

Posterior
P(U,V |X)

MCMC on Netflix

Approximate the posterior by
M̯CMC (Salakhutdinov& Mnih, NIPS 2008)

V̯ariational method(Lim & Teh, KDDcup2007)

ᶿ

̤dNo parameter tuning
̤dNo overfitting
̤dHigh accuracy
̦dHuge computational cost

O(2|ʍ|K 2+(I+J)K 3)



Scalable Variational Bayesian Matrix Factorization

ÅNo parameter tuning

ÅLinear space complexity: O(2(I+J)K)

ÅLinear time complexity: O(6|ʍ|K )

ÅEasily parallelized on multi-core systems

ÅOptimize 
element-wisely factorized variational distribution

with coordinate descent method.
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Variational Bayesian Matrix Factorization
ÅLikelihood is given by

ÅGaussian priors on factor matrices U and V :

ÅApproximate posterior by variational distribution by 
maximizing the variational lower bound, 
or equivalently minimizing the KL-divergence
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VBMF-BCD (Lim & The KDDcup2007)

ÅMatrix-wisely factorized variational distribution
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VBMF-BCD

Space complexity
O((I+J)(K+K 2))

Time complexity
O(2|ʍ|K 2+(I+J)K 3)

Parallelization
Easy 



Scalable VBMF: linear space complexity
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Element-wisely factorized variational distribution

K =100 O((I+J )(K+K 2)) O(2(I+J )K )

Netflix
I = 480,189
J =  17,770

4.4GB 0.8 GB

Yahoo-music
I = 1,000,990
J =    624,961

131 GB 2.6 GB



Scalable VBMF: quadratic time complexity
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Updating rules for q(uki)

Updating all variational parameters



Scalable VBMF: linear time complexity
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Let Rij denote the residual on ( i, j ) observation:

With Rij updating rule can be rewritten as



When ό is changed to  ό ,   Ὑ can be easily 

updated to

Scalable VBMF: linear time complexity
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Scalable VBMF: parallelization
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K

I

Å Each column of variational parameters can be updated
independentlyfrom the updatesof other columns.

Å Parallelization can be easily done in a column-by-column
manner.

Å Easyimplementation with the OpenMPlibrary on multi-core
system.



Related work  (Pilásyet al., ReSys2010)

ÅSimilar idea is used to reduce the cubic time 
complexity of ALS to linear one.
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With smallextra effort,
more accurate model
is obtainable without
tuning of regularization
parameter

RMF

Scalable VBMF



Related Work  (Raikoet al., ECML 2007)

ÅConsider element-wisely factorized variational 
distribution

ÅUpdate U and V by scaled gradient descent method

ÅRequire tuning of learning rate

ÅLearning speed is slower than our algorithm
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Numerical Experiments

ÅCompare VBMF-CD, VBMF-BCD (Lim & The KDDcup2007), 

VBMF-GD (Raikoet al., ECML 2007)

ÅExperimental environment
ïQuad-ŎƻǊŜ LƴǘŜƭϯ ŎƻǊŜϰ ƛт-3820 @ 3.6GHz

ï64 GB memory

ï Implemented in Matlab2011a, where main computational 
modules are implemented in C++ as mexfiles

ïParallelized with the OpenMPlibrary

ÅDatasets
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MovieLens10M Netflix Yahoo-music

# of user 69,878 480,189 1,000,990

# of item 10,677 17,770 624,961

# of rating 10,000,054 100,480,507 262,810,275



Numerical Experiments: K = 20
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RMSE versus computation time on a quad-core system for each dataset: 
(a) MovieLens10M, (b) Netflix, (c) Yahoo-music

MovieLens10M Netflix Yahoo-music

VBMF-CD 0.8589 0.9065 22.3425

VBMF-BCD 0.8671 0.9070 22.3671

VBMF-GD 0.8591 0.9167 22.5883


