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Research Status and Future Trends of Recommender Systems for Implicit Feedback

LU Yi CAO Jian
(Department of Computer Science and Engineering, Shanghai Jiac Tong University, Shanghai 200240, China)

Abstract As an effective approach addressing information overloading problem, recommender system has been a hot-
spot in both industry and academia, which infers users’ potential requirements and interests by utilizing their explicit/
implicit feedbacks,and then recommends them with preferable information or products. The recommendation methods
based on explicit feedbacks are the mainstream approaches in this area, however, because of the prevalence of implicit
feedbacks, the recommendation methods for implicit feedbacks can be more widely applied. Because the implicit feed-
backs cannot reflect users’ preferences directly,to recommend products relying on implicit feedbacks is a more challen-
ging task. The characteristics of implicit feedback, necessity and problems of recommendation for implicit feedbacks
were illustrated firstly. Then a systematic taxonomy for various recommendation methods on implicit feedback was pro-
posed. On this basis, the strength/weakness of these approaches and evaluation metrics for implicit feedback oriented

recommendation were analyzed. Lastly, the possible directions of implicit feedback oriented recommendation in the fu-
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ture were discussed.

Keywords Recommendation algorithms, Implicit feedback, Recommendation evaluation metrics
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Fang™* i i THIBIRARE B RB X T HAETHM,
u RO c 5L EFDS b FREXHNRX N =15
W s =—1, EEELE T HEHE L5 (Probabilistic La-
tent Semantic Indexing, pLSDP I BAR, Bl AR S % = 3k
R P W TE A4S 1E (group feature) , HILF=H T HEER
KALBUR AR

Pt Levings® = B (£CerD = f (1))
Kb, fo ATERHE v BRI @ AUE, A XA F
WE. XHEZERIT T —RIEUEEGRHR, B@d EM
(Expectation-Maximization) B i G B ESH 1., BEX
i o AR B FWIF4
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BRI R SETHE T AR Y SAEREZE
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4.1 Precision/Recall

HEBZE (Precision) #1 4 [A1 & (Recal D REER KL T B H
R AEEr . ERERSA P REEY SRR
B, WREEHAHE—KERN N(TopN) T F, BE
HEE RN R ST 6 N EESHP,



FLMH B RFARET R, R E B FRY Precision@N ,

X — P REMTHD R HEREE 4 BN R
G H AP B (True Positive, TP) , RERZBER A AE
K (False Positive, FP) , & 8t & #7218 i F? B W (False Nega-
tive, FN), BA R R Gi KR #E ¥ H A P A B 3K (True Negative,
TN), B4EWHBBETX 4 FHFRL, P Np 45K T
ZEBRARNYHEE, R ERH N=Np + N, B=Np +
N, BERNAP ELZERNY R

#4 HTRWERBY 4 FFRL

REE% RERE LALA#HE
% Nrp Nen
FEK Nrp NTN
ETERALKYHEWNER AEBIANTEAHIN

Presion@N HIFE X+ Pu (N) =g REBTA FL P e

ERTHEHEA REMHERERE: POD =1, ZP. (N,
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FEBCRAE, T RRFFAE A P R BB S B K s T T
TEL IR » Nop BORUE AT LUE 3 SE A ARG T8 2] X R 3K
ERRM P AL RS EEE RS R IERRR.
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?“ﬁﬁ#—f LA 4 PRBER IR E SR (N =

m—' MERR LB FRETEMERFEEENY W R
TR AP BN, BRI R A TERFE. R, R
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PR R R AR B R AR AN, B ZFHK
BT HEEFIROKAN, — BRI, EEFRE K ERELST
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SEEMNER AFEENTF ME F =
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EREGET , AEE R ERRNE BREARMGME, B
R BT EM MKW F UEEXF =
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4.3 AUC

EHRESTEHREAHEWELT, LRIIREEE,
e AR AUC IEin R S BERE AR, HiFk
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#iRFe R ROCH® (Receiver Operator Curve) £ T #Y il 7
(Area Under Curve) , BB - MERERERBESZ KEE
AP ERESRERG R R SH k. E% ROC fiZ& U

FPR(False Positive Rate, {Bfrd 3, EPN——‘—)j‘Jﬁ% » BA

—) A IR

%ﬂ~1§@4’%7l—1@E(ED%?WEB‘J%%%E##RLQZ
NI (FPR, TPR &R BI7E ROC Bl B M T &%
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i ROC B£8R B, 8 W 6 ALE U7 3531 AUC: SR i
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JEE A 14 ARG, AN 0.5 43, AN I S BRAE 2 R, B
B Y L. YO 0. 5 4%, MY WT LATE BE Bl K3k AUC=
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AR T XL LB IR .
4.4 MAP

M FHEFHEFER RS, T ERHF R SR
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4.5 HLU

FEWIRUH A A5 (Half-Life Utility) 1 276 F P 3 W4 &
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LSS RERANZER. AP o BBHABEE XA R~
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PEER M4 TR ) » PR HE LA SO TE — A2 B 5 e 41, D SR AE SR A
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4.6 DCG

#r#0 & 1F] 38 (Discounted Cumulative Gain, DCG)™4 3=
ERERAPERNY S EHS I ERNE LR E 2 E X2
B LIERAFP &R, EHEEPHE » (L6 DOG & XA DOG, =
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. 13 o



W) » R ] LA R AR A FEGLAR B 4 S B9 gain B MR T AR
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AREBR TAEF X i AR EE, FEATE K
Hg R EELE.

HT 4 HEE A B X B LRI R T S
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