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ABSTRACT

We proposed the context based user profile which is aware of its user’s situation and based on user’s
situation it recommends personalized services. The user profile which consists of {context, service} pair can be
acquired by the context and the service usage of a user; it then can be used to recommend personalized services
for the user. In this paper, we show how they can be evolved without previously known user information so
that not to violate privacy during the learning phase; in the result our user profile can be applied to any new
environment without any modification to model only except context profiles. Using context-awareness based user
profile, the service usage pattern of a user can be leamed by the union of contexts and the preferred services
can be recommended by the current environments. Finally, we evaluate the precision of proposed approach using
simulation with data sets of UCI depository and Weka tool-kit.
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Action Classes={acy, ... acm}, 1< m
Reward R={Selection-r,,Positive Feedback -1,
Negative Feedback-r, }
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- States = Location, Activity, Time

- Action Class = Watch TV, Listen Music,
Listen News, Play Game

- Attributes(Location) =
Bed Room, Kitchen

- Attributes(Activity) = Wakeup, Sleeping,
Showing, Cooking, Working

- Attributes(Time) = 1, 24

-Reward R = { 1.0, -1.0, +1.0 }

Outdoor, Living Room,
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Step 1 If C-TBL for ci(cx & States) doesn’t
exist, create C-TBL for context ci using context
profiles. The context profile is required to
register attribute values which each context has.
Refer context profile information in the Table 1.

Step 2 is initialization phase for new context
cx. Initialize new C-TBL for ci, set O to
C-TBL[aki][acj], for each ay; & Attributes(cy),
acjEAction Classes. Initialize value of R for
R € {r, 1), m}.

Step 3 repeats the following steps.

Step 3-1: Input current situation s(t), s(t) is
consisted of sum of ay(t), where axit) €
Attributes(cy) and k € {1, .., n}. The
relationship among state, current state and
current situation is as follows:

Ve, ok € Current States = ¢ EStates

Situation(s(t), x) & Vx, x & Atribute (cy),
and cx& Current States

Step 3-2: if ai(t) is continuous value, min-max
normalization performs a linear transformation
on the original data. Suppose that min, and
max, are the minimum and the maximum values
of ax,(t).

, a;,; —min,

a'y; = ——————(new_max, -new_min,) +
’ max, —Imin,

new_min,

Step3-3: Input an current action ac(t) by user
selection. Determine R(t) according to user
behavior information. Update the C-TBL as
following rules:

for each cx in C-TBL[axi(t)][ac(t)] do
C-TBL[ay][ac(t)]< C-TBL[ai(t)][ac(D]+aR(t),
where a is the discount factor and cx& States.
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