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Goal

Identify patterns by Collaborative Filtering in a user-item
explicit rating matrix.

ltems

Users O . . .
Main application
uﬂ
Recommendation of new items

to a user after seeing is previous

0 Ratings ratings.

Rating scale
[1 =poor, 2 =..., 5 = excellent]

v Aspect Model

Assumptions:

* There must be a set of rating profiles each characterizing
an aspect of the rating procedure (e.g. an aspect for the
movie database could stand for the quality of action
scenes).

* Users have their own rating procedure represented by a
mixture of the different aspects.

Probabilistic modeling:

» K aspects (fixed a priori) ya ™.

« For each user u,
corresponds ,, the aspect
proportions.
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* An aspect is defined by a /\E/\__J ) }
distribution of rating for N |

each items y,,. For example, NxM
a binomial distribution
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Proposed solution

* Reduce the flexibility by adding a constraint on the
rating distributions.

* Model the activity (frequency of observed ratings) of an
item for an aspect.

Idea:

For each aspect, the satisfaction of a movie expressed by
higher rating should be correlated with the activity

Observed correlation in
movieLens database

Adjusted model parameters

Mean rating
mean rating

10° 10°
number of rating
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z treated as hidden variable,
{z, f} adjusted by an EM algorithm

3
rating

Problem

Typically, number of items > 10? and rating matrix 95%
sparse =¥ Model too flexible, overfitting.

Aspects are difficult to interpret because they cover the
entire item set.

Experiment
Ilustration on the movieLens dataset:
* Adjust the constrained model for 5 aspects.

» For each aspect, the 10 highest rated movies are given
below (the first line qualifies the set of movies).

Romance Action — Sci-fi

Day (ID4) (1996)

Blockbuster

eon: The Professiona) (1994)

Clearly, aspects in the model are interpretable entities !

Note also that they are discovered by an unsupervised procedure
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