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Introduction Relevance Modelling for Recommendation

We decompose the rating prediction task 7(u, i) = C' ), ¢ n, (o) SIM(u, v)7(v, i) (¥) as:

e Neighbourhood identification in
memory-based CF algorithms is based
on selecting those users who are most
similar to the active user according to a
certain similarity metric.

1. We compute a relevance model for each user in order to capture how relevant any other
user would be as a potential neighbour.
Probability of a neighbour v under the relevance model R, for a given user u:

p(wlR,) =Y  plpli) 1] p(ili) (1)

e Hypothesis: neighbour-based CF tech- i€ PRS(u) jel(u)
niques may be improved by using Rele-
vance Models (RM) from Information Re-
trieval (IR) to identify such neighbour-
hoods (and also to weight them).

where p(¢) is the probability of the item ¢ in the collection, p(v|i) is the probability of
the neighbour v given the item ¢, and p(2|7) is the conditional probability of item 7 given
another item j. I(u) corresponds to the set of items rated by user u, and PRS(u) C I(u)
is the subset of items rated by u above some specific threshold.

e Experiments: a relevance-based lan- |2, Then we replace the rating prediction by weighted average in CF with the negative cross

guage model has been introduced into entropy (from IR) to incorporate the information learnt from the RM:

a neighbour-based CF algorithm which -

outperforms other standard techniques in Fu,) = H(p(:|Ru); p(+[2)| Np(w Z p(v|tu) log p(vli) 2)
terms of ranking precision. Further im- vE N (u)

provements are achieved when we use a

complete probabilistic representation of Notation: | RMUB: Egs. (1) + (*) |and | RMCE: Egs. (1) + (2)

the problem.

Experiments and Results

Evaluation methodology: Testltems [1] (for each user a ranking is generated by predicting a score for every item in the test set).

Baselines: UB (user-based CF with Pearson’s correlation as similarity measure), NC+P (Normalised Cut (NC) with Pearson similarity [2])
(better performing than a matrix factorization algorithm), UIR (relevance model for log-based CF [6]), URM (rating-based probability
estimations [7]).
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