The 28th Annual Conference of the Japanese Society for Artificial Intelligence, 201/

2M3-1in

Jobooooobouobogoogon

Non-linear Matrix Factorization for Group Recommendation

oo oot
Yuya Yoshikawa

“00000000oooon
NAIST

OO0 oo+

Tomoharu Iwata

oo o*

Hiroshi Sawada

“NTTOOODOOOOODOOOOoOOooo

NTT Communication Science Laboratories

“NTTOOOOOOOOO0ODODO0O0OO0OO0O

NTT Service Evolution Laboratories

The group recommendation is a task to recommend items to groups such as households and communities. In this
paper, we propose a non-linear matrix factorization method, which can be applied to the group recommendation.
The proposed method assumes that each member in groups has its own latent vector, and the behavior of each
group is determined by the probability distribution of the members’ latent vectors. Recommending the items are
performed by using non-linear functions mapping the distributions of the groups into the scores for the items.
The functions are generated from a Gaussian process, which is defined by the similarities between the groups. To
measure the similarities, the method first represent each distribution (group) as an element in a reproducing kernel
Hilbert space (RKHS). Then, the similarities are calculated by using kernels in the RKHS. In the experiments, we
demonstrate the effectiveness of the method using two synthetic datasets in two prediction tasks.
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