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Abstract At recent, people can easily access to information by Internet to be rapidly evolving.
And also, the amount is rapidly increasing. So the techniques, to automatically extract the required
information are very important to reduce the time and the effort for retrieving information.

In this paper, we describe a collaborative filtering system for automatically recommending
high-quality information to users with similar interests on arbitrarily narrow information domains. It
asks a user to rate a gauge set of items. It then evaluates the user’s rates and suggests a
recommendation set of items. We interpret the process of evaluation as an inference mechanism that
maps a gauge set to a recommendation set. We accomplish the mapping with FAM (Fuzzy Associative
Memory). We implemented the suggested system in a Web server and tested its performance in the
domain of retrieval of technical papers, especially in the field of information technologies. The
experimental results show that it may provide reliable recommendations.

Key words : Collaborative Recommendation, Fuzzy Associative Memory, Information Retrieval
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(9)% 2L OMAE(Overall Mean Absolute Error) 3
7HE =g AMERITHAL
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Py ¢ prediction for how user [ will rate item j

rij - actual rate given by user i for item j

M number of items user { has rated

N : total number of users involved in the test

2 99X MAE(E jAA FHFE dista] A
AMRALE S HAELAE WERI, OMAELT EE€ 3
GET BE AMEAS g BFAE UEITh

E 1dMe B =EdA At HHE H-8=d o
& HATE AR A ARESA g gl o
S F71e 2%E K Rolth ¥ 19 482 &
£TE AMEE AU 3T 0073%9 A& OMAES
T A& Y F Uk

E 1 279 recommendation item2] OMAE

Recommendation OMAE without OMAE with Recom-mendation OMAE without OMAE with
item usefulness usefulness item usefulness usefulness
measure measure measure measure

Paper01 0.234 0.215 Paperl1 0.154 0.142
Paper(2 0.164 0.156 Paperl12 0.189 0.185
Paper03 0.209 0.201 Paperl3 0.220 0215
Paper04 0.186 0.178 Paper14 0.237 0.231
Paper(05 0.160 0.149 Paperl5 0.205 0.196
Paper06 0.207 0.203 Paperl6 0.156 0.154
Paper(7 0.242 0234 Paperl7 0.151 0.147
Paper08 0.219 0.216 Paper18 0.214 0.206
Paper(9 0.182 0.179 Paperl9 0.178 0.171
Paperl0 0.170 0.168 Paper20 0.203 0.194
Total 3.88 3.74
Average 0.194 0.187
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System OMAE

Our system with Th = 0.0 0.187
Our system with Th = 0.1 0.192
Our system with Th = 0.2 0.245
POP[12] 0.302
Eigentaste[9] 0.284
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