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Models Considering an Account Shared by
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We propose a probabilistic topic model for enhancing
recommender systems to handle multiple users that share
a single account. In several web services, since multiple
individuals may share one account (e.g. a family), user
preferences cannot be estimated from a simple perusal of
the purchase history of the account, thus it is difficult to
accurately recommend items to those who share an
account. We tackle this problem by assuming latent users
sharing an account and establish a model by extending
Probabilistic Latent Semantic Analysis (PLSA).
Experiments on real log datasets from online movie
services and artificial datasets created from these real
datasets by combining the purchase histories of two
accounts demonstrate high prediction accuracy of users
and higher recommendation accuracy than conventional
methods.
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Table 1 Notation.

Symbol Description

U number of accounts
N number of unique items
7 number of topics

number of latent users per an account

V
M number of items purchased by the uth account

i mth item purchased by the uth account

ton time-of-day of mth purchase by the uth account

z,. topic of the mth purchase by the uth account

Vo user of the mth purchase by the uth account
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1. For each topic z=1,...,7"
(a) Draw item probability ¢_~ Dirichlet(/)
2. For each account y =1,...,U":
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(a) Draw user proportions y ~ Dirichlet(y)
() For eachuser v=1,...,V:
i. Draw topic proportions @ -~ Dirichlet(x)

() For each purchase m=1,....M :

u

i. Draw user y -~ Multinomial(y,)

ii. Draw time-of-day ¢ ~Normal(r,, ,o. )
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ii. Draw topic z ~ Multinomial(d,, )
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lv. Draw item ; ~ Multinomial(p, )
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Fig.1 Graphical representation of the proposed model.
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Table 2 Datasets.

# of accounts # of items # of purchases
EachMovie 7,077 1,249 569,171
MovieLens 471 1,152 88,826
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