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Abstract 5. accurate within reason: the schemes should be compet-

Rating-based collaborative filtering is the process of predict- itive with the most accurate schemes, but a minor gain
ing how a user would rate a given item from other user inaccuracy is not always worth a major sacrifice in sim-

ratings. We propose three related slope one schemes with Plicity or scalability.

predictors of the forn¥ (x) = x +b, which precompute the oy goal in this paper is not to compare the accuracy
average difference between the ratings of one item and g ide range of CF algorithms but rather to demonstrate
other for users who rated both. Slope one algorithms &g the Slope One schemes simultaneously fulfill all five

easy to implement, efficient to query, reasonably accurgigqis. |n spite of the fact that our schemes are simple,
and they support both online queries and dynamic updatgSyateable, computationally efficient, and scalable, they are

which makes them good candidates for real-world systeragmparaple in accuracy to schemes that forego some of the
The basicsLOPE ONEscheme is suggested as a new refinor advantages.

erence scheme for collaborative filtering. By factoring in o, Slope One algorithms work on the intuitive prin-
items that a user liked separately from items that a user ig5ie of a “popularity differential” between items for users.
liked, we achieve results competitive with slower memorys 5 pairwise fashion, we determine how much better one
based schemes over the standard benchmark EachMoviejgif is jiked than another. One way to measure this differen-
Movielens data sets while better fulfilling the desiderata gf 5 simply to subtract the average rating of the twotems.
CF applications. . In turn, this difference can be used to predict anotheruser’s
Keywords: Collaborative Filtering, Recommender, €zaiing of one of those items, given their rating of the other.
Commerce, Data Mining, Knowledge Discovery Consider two users andB, two itemsl andJ and Fig. 1.
. UserA gave iteml a rating of 1, whereas us& gave it a
1 Introduction rating of 2, while useA gave itemJ a rating of 15. We ob-
An online rating-based Collaborative Filtering CF querserve that itend is rated more than iternby 15—-1=05
consists of an array of (item, rating) pairs from a single usebints, thus we could predict that usemill give item J a
The response to that query is an array of predicted (iterating of 2+0.5= 2.5. We call useB the predictee user and
rating) pairs for those items the user has not yet rated. Wém J the predictee item. Many such differentials exist in a
aim to provide robust CF schemes that are: training set for each unknown rating and we take an average
of these differentials. The family of slope one schemes pre-
1. easy to implement and maintain: all aggregated dagnted here arise from the three ways we select the relevant
should be easily interpreted by the average engineer aifterentials to arrive at a single prediction.
algorithms should be easy to implement and test; The main contribution of this paper is to present slope
one CF predictors and demonstrate that they are competitive
2. updateable on the fly: the addition of a new ratingith memory-based schemes having almost identical accu-
should change all predictions instantaneously; racy, while being more amenable to the CF task.

3. efficient at query time: queries should be fast, possily Related Work

atthe expense of storage; 2.1 Memory-Based and Modei-Basgudl —5chemes

. . o . . Memory-based collaborative filtering uses a similarity
4. expect little from first visitors: a user with few ratings ; . -
should receive valid recommendations: measure between pairs of users to build a prediction,

’ typically through a weighted average [2, 12, 13, 18]. The

chosen similarity measure determines the accuracy of the

~Université du Québec prediction and numerous alternatives have been studied [8].
Tidilia Inc. Some potential drawbacks of memory-based CF include
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