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Tab.2 Comparison of migration time for 20 G image

file cross clusters with four OSD nodes
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A method of knowledge item recommendation based on Skill-LFM

FANG Jiansheng', XU Yanwu', CAI Ruichu®, QIN Yan®
(1. Research » CVTE , Guangzhou 5100003 2. DMIR , GDUT , Guangzhou 510000 ;
3. Guangdong branch » China Telecom , Guangzhou 510000)

Abstract: At present, the users of knowledge base mainly get the required knowledge items through
search, which relies on the search engine to solve the information overload problem. It is inefficient for
real-time online services, and has no integrity and continuity of offline knowledge learning. Therefore, it is
proposed that knowledge items should be actively recommended to users by the knowledge base system
according to their level of skills, to improve the efficiency of decision making, and also to help users
establish a complete knowledge learning system. A collaborative filtering recommendation method is
proposed to predict every users preference on knowledge items, based on the historical behavior of a user
on the knowledge items, and the knowledge learning ability of this user. This method combines latent
factor model with skill, named Skill-LFM, where the difficulties of knowledge items are taken as potential
factors, and users” ability level is considered to give personalized recommendations. Tested on the data

from a call center knowledge base, the proposed Skill-LFM outperforms the baseline latent factor model in

R B 2018-05-28; fEEHHH: 2018-09-18
TEEE Y. FEAGEIREE) B .1982 44 i+, WFoE 7\ . N T3 B8 L8P 12 8. E-mail: fangjiansheng(@cvte.com
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terms of lower RMSE. Considering the characteristics of the application domain and the historical behavior

data of the knowledge base, this paper demonstrates the possibility of further improving knowledge item

recommendation through integrating user and knowledge item context information.

Key words: collaborative filtering; latent factor model; knowledge base; decision support; recommender

system; context-aware
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Fig.1 Comparison of LFM and Skill-LFM on RMSE
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