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Probabilistic Matrix Factorization (PMF)
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PMF Graphical Model
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MAP versus Regularized Least-Squares

_ for Matrix Comﬁletion

m  MAP under Gaussian Model:
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Posterior Computations
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Bayesian PMF Example
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Bayesian PMF Results
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m Netflix data with:
Training-set= 100,480,507 ratings from 480,189 users on 17,770 movie titles

Validation set = 1,408,395 ratings.

Test set = 2,817,131 user/movie pairs with the ratings withheld.

Bayesian PMF
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2 2, pangl. Performance of SVD, PMF, logistic PMF, and Bayesian PMF using 30D feature vectors, on the
i . The y-axis displays RMSE (root mean squared error), and the x-axis shows the number of epochs,
QL or passes, through the entire training set. Right panel: RMSE for the Bayesian PMF models on the validation set as a
function of the number of samples generated. The two curves are for the models with 30D and 60D feature vectors.
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From Salakhutdinov
and Mnih, ICML 2008

Bayesian PMF Results
" S

m Bayesian model better controls for overfitting by
averaging over possible parameters (instead of
committing to one)

D Valid. RMSE % Test RMSE %
PMF BPMF  Inc. PMF BPMF  Inc.
¢ 30 0.9154 0.8994 1.74 | 0.9188 0.9029 1.73 B"ﬁi‘

é’” L 40 0.9135 0.8968 1.83 | 0.9170 0.9002 1.83 m )
' 5“""ls 60 0.9150 0.8954 2.14 | 0.9185 0.8989 2.13 ;MPI’N‘
v e,.(.“ 150 | 0.9178 0.8931 2.69 | 0.9211 0.8965 2.67

300 | 0.9231 0.8920 3.37 | 0.9265 0.8954 3.36

Table 1. Performance of Bayesian PMF (BPMF) and lin-

ear PMF on Netflix validation and test sets.
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What you need to know...
" JE
m |dea of full posterior inference vs. MAP
estimation

m Gibbs sampling as an MCMC approach

m Example of inference in Bayesian probabilistic
matrix factorization model

©Emily Fox 2014

Case Study 4: Collaborative Filtering

Matrix Factorization and

Probabilistic LFMs for
Network Modeling

Machine Learning for Big Data
CSES547/STAT548, University of Washington

Emily Fox
February 20, 2014

©Emily Fox 2014 12




Network Data
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Properties of Data Source
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m Similarities to Netflix data:
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Matrix Factorization for Network Data
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m Vanilla matrix factorization approach:
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Probabilistic Latent Space Models
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Probabilistic Latent Space Models
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m Probability of link:
log OddS p(ruv — 1 | Lu; Lvaxuvaﬂ) - 60 + 6Txuv - |Lu - Lv|
. of ihmﬁ h
?’0" Forll,u :lou’“’ by

log 0dds p(ryy = 1| Lu, Ly, Ty, 8) = Bo + 87 @y + |LL Ly |

7\
con modify as fL&/’ YML‘ of liak is

) Iyl "\Ic)l. W ﬁ
m Bayesian approach: b Lu 4 Lv iS
Place prior on user factors and regression coefficients Smatl

Place hyperprior on user factor hyperparameters

m Many other options and extensions (e.g., can use GMM for L, >
clustering of users in the latent space)
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What you need to know...
" JEE

m Representation of network data as a matrix
Adjacency matrix

m Similarities and differences between adjacency

matrices and general matrix-valued data

m Matrix factorization approaches for network data
Just use standard MF and threshold output
Introduce link functions to constrain predicted values

m Probabilistic latent space models

Model link probabilities using distance between latent
factors
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