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Introduction

dMatrix approximation based collaborative filtering

* Better recommendation accuracy
* High computation complexity: O(rMN) per iteration
* Effectively estimate overall structures

* Poorly detect strong local associations
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Introduction

dChallenge
* How to utilize both global and local information
dIntuition
a) Standard low-rank model ignoring local associations
b) Clustering-based model ignoring global structure

c) Proposed MPMA model automatically fuse global and local information
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MPMA Design — Problem Formulation

JMixture Model

(JLoss Function
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MPMA Design — Problem Formulation

JTransformation and Variants
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i-MPMA: only local item features
are applied

u-MPMA: only local user features
are applied

MPMA: both local item and user
features are applied

Minimizing the overall error, while
guaranteeing the performance in
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MPMA Design — Efficient Pipeline-based Learning Algorithm

dChallenge

* High computational overheads
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For 100 items, the running time

is reduced from 2007 to 101T

dPipeline-based Learning Algorithm (,¢ry closed to SVD’s 100T)
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MPMA Design — Recommendation Prediction

JProblem
Given global and local features U, V, U@, ..., U@, v@® vy

estimate (7, ,, m3) to produce prediction by
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(JEM-based Estimation Method
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Empirical Analysis — Experimental Setup

MovieLens 1M | MovieLens 10M Netflix
Husers 6,040 69,878 480,189
Hitems 3,706 10,677 17,770
#ratings 10° 107 108

Benchmark datasets

1 Sensitivity analysis

1. Effect of the latent factor

2. Effect of the clustering

(J Comparison to state-of-the-art methods

1. Recommendation accuracy
2. Computation efficiency
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Sensitivity Analysis —Latent Factor
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Both local user features and local item features
contribute to performance improvement.

In contrast to RSVD, MPMA'’s recommendation
accuracy increases as rank increases, even
when rank is quite large.
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RMSE

Sensitivity Analysis — Clustering

MovielLens (1M) MovieLens (10M)
0.8480 I BaC —B— BrC ~®- KmP--¥- | "BaC —— BrC_ ~®— KmP —¥—-
o| omop T T T T T o
S N L e .................. >
08460 e ] 07816 T e ]
o -
w o712t . Lol ]
0.8440 | 12 @
X 07808 | ¥ 1
0.8420 + . 0.7804 | i
0.7800 t E — .
0.8400 ' . . . .
2x2 3x2 3x3 2x2 3x2 42 3x3
#RowCluster x #Colum #RowCluster x #ColumnCluster
MPMA with Balance Clustering(Bac) outperforms
the one with Bregman Co-clustering(BrC) and
with K-mean Plus(KmP).
The recommendation accuracy decreases as The recommendation accuracy is maintained

the clustering size increases. as the clustering size increases.




Performance Comparison(1)
— Recommendation Accuracy

MovieLens 10M

Netflix

NMF

0.8832 £+ 0.0007

0.9396 + 0.0002

RSVD

0.8253 £+ 0.0009

0.8534 + 0.0001

BPMF

0.8195 + 0.0006

0.8420 £ 0.0003

APG

0.8098 + 0.0005

0.8476 + 0.0028

GSMF

0.8012 + 0.0011

0.8420 £ 0.0006

MPMA

0.7712 + 0.0002

0.8139 £ 0.0003




Performance Comparison (2)

— Computation Efficiency
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Conclusion

J MPMA - Mixture Probabilistic Matrix Approximation

* Mixture probabilistic model
* Efficient pipeline-based learning algorithm
 EM-based recommendation prediction

J Empirical analysis on three benchmark datasets
e Sensitivity analysis
* Improvement in accuracy with good efficiency



