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Pseudo Relevance Feedback Based on Maximal Marginal Relevance

YAN Rong GAO Guang-lai
(College of Computer Science, Inner Mongolia University, Hohhot 010021, China)

Abstract The performance of PRF(Pseudo-relevance feedback) is heavily dependent upon the quality of ¢ pseudo-rele-
vant’ documents. In order to improve PRF robustness, this paper proposed a novel approach named RMMR (Reorder
Maximal Marginal Relevance). Its aim is to make the minimum similarity between the two documents and the maximum
number of relevant with the query for the top-k ranked documents by means of reordering the first-pass retrieval result.
At last, query clarity was used to filter the set of expanded queries for the second-pass. Evaluation of this proposal
shows important improvements in terms of PRF robustness.
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XAHRNERE BT REERRELSTHBA - RIS
HA5 BFK (Information Need) AR 3C#. SAT , XF T B AT
ERMBETRBRANBRITR, AP LAEIMERRNE
WRRFEFERTR. B, APFSHEERRRBEY
MEREARUIN, RERA BEMEN. 550 EAEGHRR
FAXERBHE. XEREBEMRESERPEREEE
SRPERATRAERE, R E T R R
XA R ACHLATHGEL . XMIRERFIERMYE
ME RS R AN ERIESE AN AR AT A, %
AP ERERZSN R, T ERERERR BN E
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2.1 BMXHEEXHE

B AL LR Carbonell" 54 H i), 2 —FhL
BXAREM T, 8K E B i R E WSRO AL
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d;€S

MMR BRI T .
A DUHESREE D AR 4 R SO , 29 Ranko,
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Stepd #F D; AHZ,do:
(DB maxMMR(Q, D, , Rank1) #30H d;;
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TR E B AR A SO 815 5 R AU A9 0 % B KL (Kull-
back-Leibler) % , & R AL B B & 78 2 AT B b XS 7 30 2
T P85 BT R, FR A 2 308 5 8 A 36 S X 43 T 3k
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