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Time-aware Cross-type Entity Recommendation in Heterogeneous Information Spaces
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Abstract With entity search has become a new trend of information retrieval, entity recommendation has also become
one of the hottest research problems in industry and academia. Due to heterogeneous entities with rich associations in
heterogeneous information spaces, so cross-type entity recommendation is vital. Moreover heterogeneous entities have
time information and evolve over time in heterogeneous information spaces, users want to get the most time relevant en-
tity recommendation. In this paper, a time-aware cross-type entity recommendation framework T-ERe was proposed,
which leverages rich associations among different entity types and query log to realize cross-type entity recommenda-

tion. T-ERe considers temporal information of entities and recommends the most time-relevant various types of entities

to users, Experimental results on two real data sets demonstrate the feasibility and effectiveness of T-ERe.
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Two-phases time-aware cross-type entity recom-

relevance score;
//BE 2
3. foreach entity type et; in E;T do
4. compute Relgenerai (€563
5. compute Reliemporat (1€,
6. compute REL(e,e.);

7. E;<-sorted recommended entities according to relevance scores;
8. end for
9. return E;

4 XB5IEM

PR AB N KIESE DBLP. A B S BN BIES
IMDB fE R B8, BRI R WA BRI E 1 55, #/A
top-10 W-3HER BB (MRR) /8 P EMT B B, IR A BiR,
B, | E| Fn iR kg AN e, 2R EE (ground truth) 32
i srank(e.) BN e £ Top-10 EEAERTHHF, Wi e
AFE Top-10 HEFELER B, A rank (e, ) HIEN 0, MRR #)
ERE A, YL

#1 PHERHGIHES

Data Set entities 3 Associations  Time span
DBLP 2345 4456 1989-2012
IMDB 1356 6577 1990-2013
MRR=- 5 — L1 __ 13
|E| & rank(e,)

T-ERe B91ERE : 3250 th 3 T-ERe, Baselinel , Baseline2 75
B HERE, R % 2 5.

R2 REHEERIBER

Data Set Method MRR
T-ERe 0. 45

DBLP Baselinel 0.31
Baseline2 0.32

T-ERe 0. 46

IMDB Baselinel 0. 36
Baseline2 0.37

WM& 2 FATLUR e $E 8 - T-ERe A BIF T
HAbBIRN Baseline ¥k, BN T-ERe BE% 18 T B5 2R AHEFE X
FRT LR,

1) Baselinel : #EFE 2 1A 9 #H 36 B R 35 p S 4 A Bt 250 36
JE, B} REL(e,e,) =Relgmeras o

2)Baseline2 : LB K RIS AHERE , B) RIS A& L4
GiE=:liokwr

T-ERe f 7] 16 45 1% . $038 59 K/ M 10MB 2 4 5
60MB 3 T-ERe W4T E H), L H 45 R o 3 fiam. M 3
HETLUE L, EER R R L, BEE BUR BRI K, AT R E]
LA sub-linear 7R IN, X9 T-ERe BA B4 1 1] {d:
GatE.

» 15
» 15 @ 10 ("‘.
3 10 o=* | |3 /
£ ° Y E s
- 5 R -
1] 0
0 10 20 30 40 50 60 0 10 20 30 40 50 60
data size/MB data size/MB
(a)DBLP (b IMDB

B 3 T-ERe B7] bt

BRIE EXRME R R A B E S R
BSAR IR, A SCHR o () SRR G 0 B S R SR PR M T AE 4R
T-ERelA R f8t45 I = R ALY | B 18] b B 56 ) SE A R 25
R, EELBEE X BRERENAT T-ERe BT
AR

2 % X W

[1] ADOMAVICIUS G, TUZHILIN A. Toward the next generation
of recommender systems: A survey of the state-of-the-art and
possible extensions[ ] ]. IEEE Trans. on Knowledge and Data
Engineering, 2005, 17(6) ; 734-749.

[2] WANG L C,MENG X W,ZHANG Y J. Context-Aware Recom-
mender Systems[ ] ], Journal of Software,2012,23(1);1-20, (in
Chinese)

E, BN RER DTFORSEERLGEL ] 4E®,
2012,23(1):1-20,

(3] BURKE R. Hybrid Web Recommender Systems{ M7 // The A-
daptive Web. Springer, Berlin, Heidelberg, 2007 : 377-408.

[4] GORLA J,LATHI N,ROBERSTON S. Probabilistic Group Re-
commendation via Information Matching[ C] // Proc. of WWW.
2013.

[5] RAKESH V,WANG C L, CHANDAN K. Reddy. Probabilistic
Group Recommendation Model for Crowdfunding Domains[ C //
Proc. of WSDM, 2016,

[6] YANG X,STECK H,LIU Y. Circle-based recommendation in
online social networks[ C] // Proc. of KDD, 2012.

[7] KHODAEI A, ALONSO O. Temporally-aware signals for social
search[C]// SIRIR 2012 Workshop on Time-aware Information
Access, 2012,

[8] CHEEKULA S K,KAPANIPATHI P,DORAN D, Entity Re-
commendations Using Hierarchical Knowledge Bases[C] // Ex-
tended Semantic Web Conference 2015, 2015.

[9] MILIARAKI I, BLANCO R, LALMAS M. From Selena Gomez
to Marlon Brando; understanding explorative Entity search[C] //
Proc. of WWW, 2015.

CF#% 205 7



5 53

YT , 5 - SR U HOMRE 52 o L BE 2 ) 205

LHIRM T E 2 B BOR RS R R BE Ay R,
K BB DR A, WL U515 R R B AR R
BEEMBER, AT AR/ ERESRERFAEER LT
HIRLBEA IR, BARBEHREAR 5FHE BN ES R ARG
FIRFEIBRIRRE ST . TEA LB B R AP EAR M S B 1
BT ARMEBRBER T, Wi sl 2.3 5 3 A1 &R 5 BT
BT B BRI AR, T3 A8 1 3 4 IR AT L2 W
MR PR T w1 FOBEAR 2 TP AERE MR 2 AU
R A BTSSR T R R BB AR .

GRIE  AUEZK SR U RO RS A B 2R b
BE— AT T SRR 23 A1 7E AR YL AR W A SR T O R
BRAXR, R UETRREFEENER/ MR AFERE
RERIE PR, I BE T IR T 50 20 B s FORURE 5248
BANARIL AL S RO RS SRR, T AR E TET o
TS AR BORLBE £ 18 Bk L B SE IR E T BB A A
Y. BERF SR BE R ORGSR B BE L 3R R I BT 5L 0 B
FURESE T k7 8 D S B H) XU RSy R SR (e R B2 43 77 357 0 S e A
Ttk . ESRERAOBBER P KRR UL Bt — B B Sy
WA RGBT R TAEREN.

2 * X W

[1] PAWLAK Z. Rough Set[]]. International Journal of Computer
and Information Science,1982,11:341-356,

[2] PAWLAK Z,Skowron A. Rudiments of rough sets[]]. Informa-
tion Sciences, 2007,177;3-27.

[3] BH b, FEE. FRRETHAREE SHIRFERIM], JLx.
Bl ARAL, 20054267,

[4] ZIARKO W. Variable precision rough set model[ J]. Journal of
Computer System Sciences, 1993,46(1);39-59.

[5] SLEZAK D,ZIARKO W. The investigation of the Bayesian
rough set model[ J]. International Journal of Approximate Rea-
soning, 2005,40:81-91.

[6] YAOY Y,WONG S K M. A decision theoretic framework for
approximating concepts [ ] 1. International Journal of Man-ma-
chine Studies, 1992,37;793-809.

{7] YAO Y Y. Three-way decision with probabilistic rough sets[J].
Information Sciences,2010,180,;341-353,

[8] LIN T Y. Granular computing on binary relations Il : Rough set
representations and belief functions [ M ] // Rough Sets an

Knowledge Discovery. 1998:122-140,

[9] YAO Y Y,SHE Y H. Rough set models in multigranulation
spaces[ J]. Information Sciences,2016,327 ; 40-56.

[10] QIAN Y H,LIANG J Y,YAO Y Y,et al. MGRS; a multi-gra-
nulation rough set[ J7. Information Sciences, 2010,180;949-970.

[11] QIAN Y H,LI S Y,LIANG J Y, et al. Pessimistic rough set
based decisions: A multigranulation fusion strategy[ J]. Informa-
tion Sciences, 2014,264(20):196-210.

[12] QIAN Y H,ZHANG H,SANG Y L,et al. Multigranulation de-
cision-theoretic rough sets[ J . International Journal Approxi-
mate Reason, 2014,55;225-237,

[13] SANG Y L,QIAN Y H. A Granular Space Reduction Approach
to Pessimistic Multi—Granulation Rough Sets[J]. Pattern Re-
cognition and Artificial Intelligence, 2012, 25 (3); 361-366. (in
Chinese)

RO, RFE. —FENSREAREPOREEATER]
BRPH 5 A TH R, 2012,25(3) . 361-366.

[14] ZHANG M, TANG Z M, XU W Y,et al. Variable Multi-granu-
lation Rough Set Model[J]. Pattern Recognition and Artificial
Intelligence, 2012, 25(4) : 709-720. (in Chinese)

TKEH, R, IR, . W AR N DRSS, MRS
5 A\ T588,2012,25(4) 1 709-720.

[15] MENG H L,MA Y Y, XU J C. Granularity Reduction of Varia-
ble Precision Pessimistic Multi-granulation Rough Set Based on
Granularity Entropy of Lower Approximate Distribution[]J].
Computer Science,2016,43(2);83-86. (in Chinese)

TEW, DERE, AR EF TR R EER R BN
SR EERERE AR THEHLRE, 2016, 43(2) :83-86.

[16] YANG X B, QI Y, YU H L, et al. Updating multigranulation
rough approximations with increasing of granular structures
[7]. Knowledge-Based Systems,2014,64:59-69

[17] ZHAI Y J,ZHANG H. Reduction of Variable Precision Multi-
granulation Rough Sets[]]. Journal of Jinling Institute of Tech-
nology, 2013,29(4) :1-8, (in Chinese)

BKE, KR BRE SN ERHBRENARPELI] &R E%
BEapHRt, 2013,29(4):1-8,

[18] ZHANG W X,MI J S, WU W Z. Knowledge Reductions in In-
consistent Information Systems[J]. Chinese Journal of Compu-
ters, 2003,26(1);12-18. (in Chinese)

ool REBE, REE. AHAERERRENFIRATI]
AL, 2003,26(1):12-18. : :

(ER8% 192 7O

[10] MILCHEVSKI D. Entity recommendation based on Wikipedia
[D]. University of Saarland,Germany,2013.

[11] BLANCO R,CAMBAZOGLU B B,MIKA P,et al. Entity Re-
commendations in Web Search{ C] // Proc. of ISWC, 2013 33-
48,

[12] YU X,REN X,SUN Y Z, et al. Personalized Entity recommen-
dation: a heterogeneous information network approach[[C] /
Proc. of WSDM. 2014.

[13] MILCHEVSKI D, BERBERICH K. X-REC; Cross-category en-
tity recommendation[ C] // Proc. of IIiX. 2014.

[14] ALTHOFF K,DONG X L,MURPHY K. TimeMachine: Time-

line generation for Knowledge-base entities[ C]// Proc. of KDD,
2015.

[15] BORDINO I,MEJOVA Y,LALMAS M. Penguins in Sweaters,
or Serendipitous Entity Search on user-generated Content[C] //
Proc, of CIKM, 2013,

[16] METZGER S,SCHENKEL R,SYDOW M. QBEES:query by
entity examples[ C]//Proc. of CIKM. 2013.

[17] YU X,MA H,HSU B]J,et al. On Building Entity Recommender
Systems Using User Click Log and Freebase Knowledge[ C] /
Proc. of WSDM, 2014,

(18] BI P,MA H,HSU B]. Learning to Recommend Related Entities
to Search Users[C]// Proc. of WSDM, 2015,



