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isbn

“Berners-Lee”

1 FRERERG) (SHMERAMERR, FHEREMIERTR)

Figure 1 An example of knowledge graph (ovals and rectangles represent entities/classes and literals, respectively)

‘ “0-06-251586-1” ‘ ‘

SR SRR P P RN S IR AT = e AL ) R S RO IZ SR ) SR lan, 1] 1 BRI
E@yﬁﬁiﬁg%ﬂiﬂgijE%fﬁU%, SE4K Tim Berners-Lee FISZARIAES 10 /I\Eﬁzﬂ, DARRTHS
Weaving the Web Fll London S&SEARZ M0 R, DL — SR RIFTH &5 .

SRR PRI T B0 — 288 I FH K SR 5 A RIR SR AR 2 T B 5. AR R AR A R P o, iR — s
M—‘E‘]Efﬁ?ﬂﬁﬁiiﬁ%, Bl DBpedia F1 {524 Tim Berners-Leel). w‘ﬁﬁ, — LR Fr iRt R R
A BR, %41 Google Search #or 3 45 F U (1 SR Jv; K AR LR i 6 (¥ K S8 BLER b4 H 7,
S PSR BEAE B RHMERE, WP B s R . PRI, R SR R IR ) — ANl iR T
AR AR Bt FL . FETFIBOA% A0 B R b, N ) 43 1 77 sCAR e AR I HL Bk =2 3
P, DRI L ) R, Bt SRR Y B AR TR O I T AT R Y ] AL

SEAARSH EE ) H 2 B SR A A R H RS SRS S A4 DU SE B R S AR R . AR i
5 B 2 [E]I, e s F A 2 H - 1015 B R K. S B nT B T4 Bh PSS e e 5%, — 2
A AR 0T ) 4 28 AT 55 9 S B2 5 02, 9, 45 RS 2R v 3 T A ) ) ST A A 2 DS, i v S 4
BEHATE 55 R T SRS P9 25 (R SR 2 11 DR T 3L 98 AR AR 55 1 S AR 22 1B 28 5188 TAEANR,
ARICFEIE A 5N B SR ), BRI SR A R0 iR B B & iR, B3 BT Z T 2
T AR I FH P S A 22

H AT CA —SemF 58 TAE 6100 S 738 A 5 T RS 205725, AR SCHEH — o 0 sS4 205
5, K SEARSE B RN IS LR, B IR T S ond AR A i B B MBI £
EITCRASCATUAR 3 AN A = JeHZ AR TURTE. BEAN, 25 58 20 0 R P Py 2 R0 T [ 82 H B 22 B,
SRS AT REAFAEBON T AR T A 5 T P BRI A4S (140 DBpedia " & ocle FHICHI =TT
4, 5 LinkedMDB ] filmid), N 4G7EH A B B 7 LU 38, vk, ASCIR 3T N JeifiEm)
FAIENEEARER, A SCATE B B = Ju BT B, 78 S A4 S A e A2 Thoe IS AT S PR ) = e 2 7 B
A, a5 8 = oA M E B, AR A A TU AR, AR SORE S A 47 S ] R AR D — R A )
TR, ASCHEWASATFEFELE Entity Summarization BenchMark (ESBM) Al FACES Evaluation
Dataset (FED) _EHEAT 1 S5, XJ ok B AN [F) R B % 10 SEAR A il 22, 95 6 MR SR 277 105804 T
XFHE, T S SRR B A SR 3 AR B 0 SR BT VAR & SE e h SAIA B 1 AT KR

AR LN 5 2 9 5ugs R0 TR R R S A4 ) R AR OO . 56 3 T AR
P2 T A A AR ) SRR 2777 ESSTER. 28 4 TWHIRSLIGHCE, /- Hrseitsh B 28 5 5t
WHIKRTAE &5, 2 6 TR REARKTAE.

1) http://dbpedia.org/resource/Tim_Berners-Lee.
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2 [E)REfEA

SRS R A RDF His A5 AR iR 90 St S eb i . RDF H I BRAL 5 AR IR AT (internation-
alized resource identifier, IRT) ARICHLSEH ISR, FF SEARM OGRS SE ROy ( 1R, 1, 5iE ) 1
=u#IE3. RDF Fdl v R i bric A M B, = o EiE A =B o B B s A, s i
TENLEIFRIC. X T —DRREE G, W E NI SRR S, C Sk B iE, L vy ek,
P oAEMESE. WEHRERE T =l iES T RSN T CExPx (EUCUL). Hrh, BIEE P X
RN A EARSER) 3 36 R Fon sk 5K RIK SR (W 1 &M author), TYPE H T REKSE A
kg ik (k1 hJEtE type), A T RERSHA S P E (W& 1 R name 1 num of
pages). BRIL = oS T NA[HRRAN

TCExRxE)U(E x {TYPE} x C)U (E x A x L).

F—AN=JuH t € T WFIE, 181, ZiE, 2 BFRICA subj(t), pred(t), obj(t). SEART] H LR £ 5B =
ERINLE. X F D E R BARSEAR e € B, K5 EESRBN = Jol Frid B S RO 2 SR
SEARFEIR desc(e), HP

desc(e) = {t € T : subj(t) = e or obj(t) = e}. (1)

B, B 1 84K Tim Berners-Lee FISLARHHIA TGS 10 =702, INHFRSARIIMEE, SRR F 1
—M=J0H t € desc(e) Fan T BARSAE e KB prop(t) PLAGZIB MM EUE val(t), FoN <@t - 8
X7, B (prop(), val(r)):
prop(t) = {pred(t), if subj(t) =e, val(t) = {obj(t), if subj(t) = e, @)
pred(t)—, if obj(t) =, subj(t), if obj(t) =e,

Horb pred(t)~ FoniE 1 pred(t) BIIaE X, BI=J0H (e1,p,e2) 5 (e2,p7, e1) FIEH A K F L.
I, =JC ¢ € desc(e) FTH—S N (e, prop(t), value(t)). HT HARSARAAFE, SLihHid N = o 2 [A]
(1 L3R AR A A S B Jeg 14 — R [8) Y LK.

SR L 1] A, BN H AR SR IR SRR Hhoide tH— AN R B B IR HI T4 S 1EARE, LUR IR
RS B R. 7R DV AR 6910 oh 25 R 50 e O 2L S T & = e AN, 18R k.
e XHEEE S RV A score(S), T SEAARSH EE A #l i) 378N

find argmax score(S) s.t. |S| < k. (3)
SCdesc(e)

SR T o] () G 2 5 U score BREL. ASCIN R —ANE R O BN B4 3 B mE M. &
A RIT A
3 ESSTER 753

AT VEA A A SCHR A S 2 77 105 ESSTER. 6 A SEAAH BAT 45 rpotf v 58 20k | o v sk
AURTCAR MK 3 PR 1 ZER 5 A ST o R i, AR 20 T30 3 Rk i 48 H AR L ) A0 T 3, dv i
A A AR ZR 61X =35 AR TSR
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3.1 R

SR E 7% ESSTER FOVCTH T A R % i BB Ly T ME MR TR PR O 2. A/ N5 0)
X3 A S BRI R A

SEEM. HEAMENS = THA S S HEZNEL. B/ - EERREE B E S e
NZJCH TSR BB — R, Ay — MR — (B e i S fa i b, e — B iR it
M5 SR 2, A B T IX 7 H AR Sei 5 Hoft sz, SR, AR &R B & SR i E i = e 3R
BURRFAEAN ], = Je 2 0 B A P A A [R] R BT A 22 3. Db, AR ST ) Je P AT 23 31
e, AT AR AR AR 0 B A A P R AR B o A FIELR I i, I8 I 21 & I S AN R f 4 LI 12
AFFR SR BUE AT LR 25, e ik riE .

AR, SR BN 2 — R AR Ik gh e P B sz, AR P B E AR S AR AN
THORYE I A AR 10 P A B S v L, PR Se i 2 A P, T RR B AE RGN D 1 IE AN R
B R, 205 %K 800, S TRFCHEAAE G N KR ERmMG . AT5E8E. =iEmn
WEPZR AT RESR B 5 TR RN A, DRI, SR 2775 8% R e (R T e = Je L i g
BUA SR B AR MR SR B — 1) AR SCHR A B SCATE R L B = e W mT Bk, IR HAE Jaxt
= e R IR, F TR mt = o e 2.

RTTARME. BIVE Gy B2 A A 1) = e LA R I e A\ F78 22, DUASEZE B A 30 2240 7 B BR A P e
RATREZ FERI A BRRTCAR K SCBEAE T T 2kt — e AR B R R, LB TUR A
[Fi) 72 AR . AT BB 5 T ) 0 R 40 SR e 3 B 24 A R R A BRI T A R . A S R
B, BUE BRSO B A = Te 2l 2 18] [ TUARFEBEST 73, K3 T 70 A1 il 225 B P4 1 48 41 T3
KREFRIUAR, VLRGN A F A 5 26 AF T i) = o4k %

3.2 HHEEM

FEBUA SRS E AT, BT = e AR KR RS 450 T 0 Ge it 4 R R = n A M A O 2
SEBL, Ferh R T =0 AR BT SO L 108100ty Tk SRR i — (B e 4 R RS i Th B >
W =T08, B S5 A AT BE B 91t T SR IUE RO H LI = e 2. 151X 28 B — Rl 5o
R AN [ 1 St B 1) 3 L 0 B A SO A ) 7 VR [ N =% 18 = 0 4 ) J ek R AR 4 = R ) 38 PR 2
R RIRFAE, XA [FREAE IR DA DX 23, 20 03X LR AR 1R AN [R] i 207 LU A [3] 0 1R F R E

5, TR PEAE RS R P S5 R T BT R S i 1 HE I, AAREI 1 R TR vt 5 R ) B
B8 X, 1t DBpedia H @M 1abel, type, LinkedMDB H ] genre, language, N1% 7% FE %t N\ 2.
X T B SR MR = o, A LU AR O R L, U LR 24 i s 4455 R R L o A SEAAREAT X
55, BT (type, Thing). TIAHXHEAAT FE AT BRI BB AAR I 1 FiF SR (P MURE 1, 51140 (type, Scientist).
2 PPOPgional () € [0,1] N=J ¢ K& PEAERIR B T A2 /AT, vpop(t) € [0, 1] AHBUE R
ITRE, W AKX KT B RN N

ch(t) = ppopgiobai(t) - (1 — vpop(t)). (4)

BEAh, Z AR PRI AEAE T fe T B0 = e H I HEFP gl A7 S — B e = e E T (B30 DBpedia
(') type, subject, influenced %5 J& M fE — N IARFEIR LU 1K), MBS SR 40 2N 25 2 FE 1k
(R Ff P25 B8, AR SORRAE Ja VA2 Jo B R 23540 PR KD RAT BE X 0 AR E, JF 40 T @ 641, fEUb2EAt B, Oy
T NS TR BRI = e 4L (i 1 @ L PD, isbn), X EUEIRAT B R HUE T LA R, 4
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PPOPgcar(t) € [0, 1] N=TCHL ¢ HYJR PELE SRR Ffrxoh 17 ) 348 Pl 45 4 Hh UL AT BE, T T 2R
div(t) = (1 — ppopygeal (1)) - vPOP(). (5)
SINSEL € [0, 1] KA [ B ST X PRI R A AS R r, ) —A> = e 4L B2 ST 70
Wetrues (t) = - ch(t) + (1 — @) - div(t). (6)

TESEHL A, Xt ppopglobal(t)7 PPOPocal (1), vPODP(t) B TH AR T i 1 AR AR J0 1 P 1 ] & 4 v 1) 1
BUARRE, B =T ¢ BOBYE prop(r) 78501 EIHE HF HH BLEE AN [R) SEAR IR IO UK plredgopa (1), B TE
prop(t) 1F FFFSAR B SLARRIE desc(e) T HBLIIREL plreaygen (1), WU val() 75 KIA T E HT AT =
TEALP I vireq(t). H5 IKESHBE (A — 1L 3] [0, 1) [X 18], BV AT 3440 L HOEAT BEE, BD

log (pfreqgiopa () + 1)
pfreq t) = |{e' € E: 3t' € desc(e’), prop(t') = prop(t)}|, OPglobal (f) = i ,
global( ) |{€ (6) p( ) p( )}| pp pgl b. l( ) 10 (H]EH 1)

log(pfreqy, .. (t) + 1)
_ , . N . oca
pfreqioea (t) = [{t' € desc(e) : prop(t’) = prop(t)}|, PPOPiocal () = log(||desc(e)|| +1) ’

vireq(t) = |{t' € T : val(t') = val(t)}], vpop(t) = W~

(7)

ARV HE, EENMREAF IR AFES T A A FE. £ —SRpE i, EEEREET

BEE 5 LN SRR SRR, A SO SRS 75 T B SEi 2, I A BUE AR R BT X

G, PRI Oy = e AL AE SRR B 2 A o B 2 . R T R R R i A ) A R TR 2 RN [

573, A RS BB S EAL I AER G T = e AR RIR B 4 R A R o B 54 v 11
R, M RESRTE FZANE AR A8 AR, FFIE R AN R R B A S5 P

3.3 SCATEM

Bl 1 $RHE T 54K Tim Berners-Lee )&% PND (U5 E.. i%JE 14 4 AHHETE Personennamendatei HI4H
5, FCHUE 7 8 1 8 P T A AT B 10— AR iR N4 5. SR, BRARAE B AN AR BRI, i
PP HE AR PND 2 5 55 E BN PR IR RSk, HE AN T D JE EAS B (15 L AHLEZ T, author
M birth place & [H W JRVENEE 5y PR, X U6 WIS = o 4L B 7 S5 BUAS [RIRE BE A 18 AR, JELe
JEYERT e R A (1 an B A B SR REXT pND AR TR, A 5 T AR ZOM — R g
fi. PRI, A28 I3 55 b 8l - AR e 2, 75 295 RS = o A T

N T AN [F) = Je AR F P B SR b bk 22 57, AR SO RO AT SRk AT Ak, 2T & % prop(t)
I SCASSKT S = Je 2 AT 3 Q(¢). IEAN Lol B R I AR, R ARAN 5] Ja 1 75 AN [RDRE B2 1 AR i %
DN, BV R B P B PR R SCAS RO P i R, DRI TR 2 A AR S AT T8
SCAERMEALL A P B, BB RS B NSO (T, 4R, o b(t) RonJE T prop(t)
() SCARAEAZTE B I SCRS L, m () FIRIX b(¢) AN SCRS P SOWEE B SO . W = JoH i m)
BME Q(t) &KT m(t) MEREL, & UH

Q(t) = familiarity (m(t)), (8)
Horr familiarity JHGT m(t) BIAEEREER AL, BUELE [0,1] IXTE]L. FHRZMEREUE X familiarity 9
_log(m(t) +1)

familiarity (m(t)) = Tog(B 1) (9)
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FESEBRSLBL R, 38 s LRI P ) m(t) 8, BFISEBOATHE familiarity (m(t) X BTH m(t) 7]
REMELAUIIERAE. B, & M OFiZifkth P i s o fos, #a (8) 5N

min(b(t),M) (b t)) . (be(t))
Qt) = Z - BM_m

- familiarity (m). 10
2 (%) amiliarity (m) (10)

NEITHE, # M NE R, WAEASEOHET R EURE eI AR EERGE. Mk, W EIRAXAE
RO TB) AT B RS, G R ) SCAC AT e MORAEIE R B, AT 2 b(¢) = 0, #ETT Q(¢) = 0.
it e tH VMR R 0, SREBCT I 5EmE, 7RI R I Ay SO TR 2O B & BT B PR SO, |
3 (10) WY B H b(t) (33 1, AR Q(t) > 0.

ASCAEEIU T Google Books Neran (ENHERL. M EHES B8 BLSCR 955 1R
JRAESCRY, 125 n-gram ETERL L SCRIECE, Hoh n-gram BUKCRE n £ [1,5] TEEN. XS
BT BA KSR ENE, B HSCAKE T n (R KME 5, WIREERMSRAIL o) E. Ak, BEE
SCARA PR R, X R ) n-gram Eds SR g, RIHCSR I EFRIEAL b(t) BB, 2 ne N—FEEK
FE, B SURN) np-gram SRitHEZ B BEME, & ANBEXAE S o M (w > np), MEH
(w—ng + 1) A np-gram. XFFHAFFIEEA np-gram, WEEHRAE ST 20E Th 3R B BB SCRY 2 &
TFEUSAE ) e AIMEAE AR b(f) B, i/ MERD Y b(f) FELSEER) EFE. ARSI ny = 2.

FESERRME A, Q(t) PIYE N =J024T 70 BOSHBIACE. Dyt % Q(¢) HUE 3 A 3 B AR s Sk i i
FERET, SR FH TR Hon) AR AT %, R, e SUAR T S AL E

Wiext (t) = log(Q(#) +1). (11)

AR A, BRI R e E R AR A AE XL B GF, (H 3 I ESRIFA TP IE. B, M
FHINH AL, X =JCH A R B AEPTAAS FEPASE T o (gt it 3225 18 K2 = Je4lEH
PRI R B 250 R R, DRV T = e AL A& O AR PRI v fR) A AR P (A L RO AR 2 38 P A T T
PRI+ SCATE R R GE it (B, PRI = e SCAAE P 118 5 A T R O RE P b b, BRI
AN Al I AR AIBUEL, T2 5 08 1 Je VEATUELAE 2R A Ja 3 B P i 2 3R B X v mT B PR A 25 8 2
X e B B 1) — Bl b SR, AE BB AR R 1 = o2 2 18], SR S R TR T BRI SUARAE
N E A 2.

3.4 THE

?’f 1 ‘:P, ;ﬁi Tim Berners-Lee E"] name, surname 5Fl] given name E@Xﬂ'mﬁﬁffﬁéﬂﬁ/‘ﬂjﬂﬁ
FHEREER. METEENAFEEE N =J04H (HaFf surname Fl given name ] = LA E#
A birth place, author W=7 o), X ASELEEEMN = cHEMBREMWEHGEEE . Tin
Berners-Lee [] type J&MXT NI =JC2H 70 Al A 71X JE T Scientist FEHUH Person KA,
1M Scientist 5 Person Z[AAFAE L NAZR R, i xh N = o4 i) A A AT B Al # HE AR 32, B —A
KB T Scientist NI MRS T Person, K AP E N BAAEEE. J:J?Efﬁ%\?éﬁﬂ, =t
ZIAAEEENE, WREEIUR. EARKERT, MU ZHENNE, AR =TTHA R B
AR e . A5 RER A = Ju L AT 73, IR Le A AU = e 4520 L m] REBONARIE, AR AT
RERIESLIE N rp . Oy 1 SR A7 AE TUAR I = T 2 0 (R INF ade N0 22, 75 250 = o4 1) ) TU AR BE AT &
1, CALE AR B A G R PR A e 5 DU s A TR B AN /] = e A B i 4

2) https://books.google.com/ngrams.
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A SCOKs SEAAR A B LA BE A S B AR BT & = e AR 2 R U R FE L T EERA=
T, LEEH BB IIAR BEICR . SCARIUR 3 M ERIUREE. tHHE M = oA m iR E
ovlp(t;, t;) HITE B FE WAEE 1.

H3% 1 Redundancy
Input: t;,t; € desc(e);
Output: ovlp(t;,t;);
1: if prop(t;) = rdf:type and prop(t;) = rdf:type and (subClass0f(val(t;), val(¢;)) or subClass0f (val(t;), val(t;))) then

2: ovlp(ts,t;) < 15

3: else if val(t;) = val(t;) and (subProperty0f(prop(t;), prop(t;)) or subProperty0f (prop(t;), prop(t;))) then
4: ovlp(ts,tj) < 1;

5: else

6:  simp(t;,t;) = ISub(prop(t;), prop(t;));

7:  if isNumber(val(t;)) and isNumber(val(t;)) then
8: if val(t;) = val(t;) then

9: simy (¢4, ) < 1;

10: else if val(t;) - val(t;) < 0 then

11: simy (t4,t5) <= —1;

12: else

13: simo (b1, £5) = Dot T

14: end if

15: else

16: simy, (¢4, ) <= ISub(val(t;), val(t;));

17: end if

18:  ovlp(ts, t;) < max{simy(t;,t;),simy(t;,t5),0};
19: end if

%6, FIHAEFIRRAIBIZ B IR, AMEARAE B [AI) E R ALER (subClassOf,
subProperty0f). SRR, JBIEA rdf:type M =JuH A 7 LARKRA R E, &M =Jod
PR ) SR SRR AE B R AL SC AR, W — ]l 53— MRS, PR m] ) s X A = e L A AAAE
B|IUAR. KR, HA = oA BUEAE ], TR RAAE B R ALC R, RPN L AR 4T
A BIENE 1P 14 4T

X T HARAE S, 73 A =T R M ) HUE TR ARCLRE SR FE 2 L TURALE. 2%, iR A
= e EPEZ R simy, (t;,t;) € [—1,1]. ASCEE BN rdfs:label {5 S IRHUR 1 1A
T, FRA TR R AU R x ISub 12 TS @M ORI R ARLRE . RIETE 1 P 2g 6 47, S5, iHEE
PIAN = TG U 2 B RIS simy, (¢5,¢5) € [—1,1]. 5FF P = oA BUE R EUE 5L, AR4E 2UE
(RN 3 I D W g = RO ARBA:, RIAREVE 1 w8l 7~14 47, AEBUEFFAERDNBE B LR, PIA=
TCALHUE 2 18] PR AR ALLE y HESCAR 45 o () RO AR ALLRE . A BB R SR B A, G I 1Z B 1Y) rdfs: label
B RSRFIUE R SCATE X 45 BUE Dy 1 &, W HSCARTE R B & WA KA BUE val(t;) M val(t;)
[ SCATE AN T2 5, SR 775 B MAULEE AR b 1Sub (21 HHEEpT 3 BOARBURE, BRARY: 1 s 16 47 45
G I M5 HUE I ARACLRE,, B s KB DU TU AR BT @ 1% — B X A — B o AEAE AR BURR. anBiik 1 v
%18 47, BISRAFHE T SCAMEE T B TURE.

B2, ATARA = e 2 M TCREE ovip(ts,t;), FLHUELE [0, 1] DX [a], B8R K U 2% BH 9 3 776 B
RREEETUAR. SEAAH I TUR BN FL P & = T 2 [ iR TUAR FEE 2 A
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3.5 HAEMHER

I FIARTHE, XA E B L SCARTT AR AR AR TR A O T A R OR A
1oy P BEVE AR TUAR P (0 SE A 22, WK SRR 2L S IR BT 70 3 SON

score(S) = (1 —9) - Z (Wtruet () + Weext (t)] + 9 - Z —ovlp(t;, t;), (12)
tes ti,t;€S
Horr 6 € [0,1] RS E, T AR 200 TUR S B, S @R RG] &, Pl b Bk
Jig AT 53 AR A B AR () S 4 4 B jn) @ AT @ AR Y IR A A @ (quadratic  knapsack  problem,
QKP) 18] SzRHEiA desc(e) A =0T A B @ — M08, #F descle) W& =T
HRIRG TN t1, ta T)|desc(e)||s GINTERAE 2; (1 =1,...,|desc(e)|), AFER=J0A t; ~EBHIEN
L WA AT T A
ldesc(e) || [|desc(e) |l
maximize Z Z profit, ; - ; - x5,

i=1 j=i
13
desc(e)] (13)
s.t. Z x; <k, x;€{0,1}, fori=1,...,|desc(e)l,
i=1

b profit, ; AW EFFRINENL @ M j DY) dba kil 280 (12) W ERERIT 2, N
profit; ; Al E XN

1_é"VVsruc ti) + Wiext (t: s f:7
proﬁtij:{( )+ Witruct (£4) text (8)], if 0= "

- (—ovlp(ts, tj)), otherwise.

TR LR N B SRS i R T NP- SE Azl A, H T AESE T Al A LRI O 2 3 2 (R 55
M2 R R AURE. ARSI SR T Yang 45 M) 52 H AR e a5k

4 SKBSRH

AR VP AR SRR B . SERAE A AT R R B AR 6 MELA
AR ETTEBAT LU, FE o3 1 J5E B 3 b BE R SRR EAE 55 5.

4.1 WARE
4.1.1 SCIRHEUE

AR S8 SR FH S AT BT A R I A B 4R ESBMP AT FEDY), 8% A BRI & = 5.

ESBM v1.1 ¥#EEE. JvH A S/ ZATE AT A T 3R B MU i oK i #cde £R, FLA0 3 1) sk B
PR 1R B DBpedia® 1 LinkedMDB®). DBpedia A RN 1R B3, HLseiicfilid i 2k
TRAGEEIITELL B B Wikipedia?, 5 SRR A Z 4. LinkedMDB W e 5@ S ¥ 1R 1%, £
LU A 1 i SR S PSR AR I SEAR SR | SR VR A AT BOR ZE 5, 4 SRR 2T

3) https://w3id.org/esbm.

4) http://wiki.knoesis.org/index.php/FACES.

5) http://dbpedia.org.

6) http://linkedmdb.org.
7) https://www.wikipedia.org.
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A ORAN I R, B o RS8P RO SR B 73, BEAZOGH S PR SR P ) S P A e Al o
FISEARAEZE. ESBM v1.1 8 175 MSEAR AN TARET 1050 DL k= 5 A EFRE]H SRR 2, Hrd 125
NSEASK A DBpedia 2015-10 (it ESBM-D), 50 MK A LinkedMDB (i3 ESBM-L). AN AKX B
H1 6 AR 7 i (1 2R AR S A4 22

FED ##E%. 11 Gunaratna %5 mlﬁi, ZEHEELE 50 1kHE DBpedia 3.9 E’]%{ZIX, HSARHE
W SR EIESRS ESBM-D A BT AN, FAUE S HlIR PYSE AR 56 R ) =l s R a4 sk
H 6 % 8 N ARERAR SRR 2, AT R RIS k=5 T 373 D SCiRH 2.

i G SRR R KB R, A SCRAT 5 A8 SURRAE I T7 SRR S 01 Ge i 45 R /DA% a4k
SR N EAKIAER 5 55458, HAUK 5 T EIZRAIINRLE, S IR A A 6 5 ) Seph
By 41, EVIZREE EXSTTE S, Kl gRek BRI S HOR RIS b, FHL e b rvrfliss
R, 5 PR ERFIEAE N TR K 828155

4.1.2  THIEIR

G AN SEARIE L, LR PPOOR B T SRR H AR S A ) & BRI 2L B AU IR ESBM
v1.1 HIf8%, RA] F-measure SRR Z AR, BUBGE S AFRPPOMHEL, S* y— A BARSHZ, T
1S5 0S|
151

% S 1 F-measure NI 5 HARSEAR S EEAER Z 0 5 THE F-measure SFIE. — ML E RS
(1) 5 £ D) A HL AR & SR A B 2 F-measure F-F351H.

ns* 2 - Precision - Recall
IS NSl Formeasture — recision - Reca (15)

|
Recall = .
’ eea S|~ Precision + Recall

Precision =

4.1.3 XttbAE

ARSEEK ESSTER 5 6 FhELA SEAA ZE 7 vk A7 0] L, FLsE SR E 7 AR,

RELIN (6] & f B8 H 1) SR i B2 07702 —, SR AL PageRank #5584, £ AH R T = e A G
B = e 2 MM, BT HEAHFIF Google search APT AN e B 2 1L 57 3r, A SCHE SEEHOK
HIFEAET Google K2 IIAH IR FE & & 745 B AR FR A% 1Sub (12,

DIVERSUM 7] #i2 Hi 3568 J& M 1) 5 240 SROAA) 3 2L 46 2 AR ME R SR i 22, JL wiitness count FEFRTEA
SCHTAE FH BB 4 b JCR RN, TR FE AR S B Hh I AR 25 L.

FACES Bl 2y J5ik FACES-E O 3% = Je 4l 3 A il B4 Z FEME IR 2. b FACES-E
s ESBM v1.1 AMRHITFINZE R ESBM-L FRIVERAER 75, A SIS R A AR AL 3RS 1R 50D A1
Bl E. BT FACES-E %) UMBC SimService ANFHRHEAR S, 2 1Sub 12 #4X.

CD [0 2 ESBM vi1.1 FRCREBAEMTIEZ —, S8 5 R = e AR 5 = oA 2 B T A
fE. ARG CD MISEBLRH T MRS b 3R A3 (1 ARRE.

LinkSUM M S&3E F A BRHUE A SR ) = Je 4. AR IE = e HBUE R PageRank F1 backlink &
BT BB ST 20 HE s, PR BUE A R ) = el i@ PE. XK H LinkedMDB FISERR, ASCilid H Y
DBpedia S [A] 0 B¢ R IREL backlink £ .

ESSTER BIACSCEEH [ 5v8, ACseagrh e (10) i M {ER 40, Tk (6) FHISEL o A
X (14) FRISE 6 WATE 5- Fril o S IrNgRsE LA [0,1] XTE P EL 0.01 PR HZ. 75 RSk
Borp, 3 3 AR I R R B DOWLER LN L5 R Re ), M BRo6S BE0 43 i 1 5 VR A e
ESSTER-S, ESSTER-T I ESSTER-R.
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#z1 BILWESEM F-measure 53R

Table 1 F-measure of entity summarizers®

ESBM-D ESBM-L FED

RELIN 0.242 (0.120) 0.203 (0.125) 0.127 (0.085)

DIVERSUM 0.249 (0.136) 0.207 (0.127) 0.112 (0.078)

FACES 0.270 (0.144) 0.169 (0.085) 0.145 (0.089)

FACES-E 0.280 (0.142) 0.313 (0.116) 0.145 (0.089)

CD 0.283 (0.134) 0.217 (0.101) 0.136 (0.076)

LinkSUM 0.287 (0.132) 0.140 (0.101) 0.239 (0.121)
ESSTER 0.305 (0.132) a4anoo 0.347 (0.077) Asacaa 0.229 (0.118) s4a4ao

a) Significant improvements of ESSTER over each baseline are indicated by A (p < 0.01) and A (p < 0.05). Insignificant

differences are indicated by o.

< 2 HEESZIEAY F-measure 5%
Table 2 F-measure of ablation study

ESBM-D ESBM-L FED
Mean diff P Mean diff P Mean diff p
ESSTER 0.305 - - 0.347 - - 0.229 - -
ESSTER-S 0.264 —0.041 0.000 0.247 —0.101 0.000 0.140 —0.089 0.000
ESSTER-T 0.298 —0.007 0.489 0.305 —0.042 0.001 0.218 —0.011 0.167
ESSTER-R 0.222 —0.083 0.000 0.325 —0.022 0.025 0.211 —0.019 0.042

FiI3t, RELIN, CD Al LinkSUM $4) 7 22Xt 8 7337 70 (AL B S HUS0R T, 11 245 R 2 321 25
— AR TSN, ] ESBM vi.1 Wk BRI EE R S AT E B R BAA AT B, A3
KM ESSTER [FIFEH) 5 #rkil o BT HX LT REHHT IS NN, JRRZ 4 R S RSB .

4.2 SEIREER

F 1A T RIS EIEE ELE R P-measure PE SHRAER, I RAXGL B REA ¢ 1656 L
¥ ESSTER S5 & X Wik R R 2. 5 D SUAR E 77540 Lk, ESSTER fEFR FED 4MO T AL
B R ETIA TR SRERCR. /£ ESBM-D I, ESSTER Lbxt b 5 i M SRR $2 T 0.018; M 7E
ESBM-L 8 & b de A xd Lh k38 7+ T 0.034, B3 & T AT xF ik (p > 0.05). £ FED L, K34
X EE TR BRI T 0.15, XA IR ) ESSTER 5 LinkSUM (] F-measure {58 0.2, HE#
(2 R IEA R, T LinkSUM 7E i8R FBCRETF, F22 T FED B 8 10 SLAR R IR (6 2
TR SR 5 SRR 2 R 1 = J04, LinkSUM I BETH IE X1 2 =, A2 R8s BB A 7 T &
= JCALI AR, (R, 2555 e AN A 2R = SO f SR RE R, DA RTE S5 H0d 45 i B UR,
ESSTER #Bi& 2] 1 % =K F.

AT ESSTER A 3 Rl RE R A 2, X 3 FhE RTINS, /£5¢% ESSTER /4
At By 3 R B, BN AT 0 BT, R 2 VI TiZm g R, 4 Ml A 5 %
511 ESSTER 45 WA 2 (A2 5 (diff) FIXCGAECXTFEA ¢ 301 p- HEER. WTUUE T, MERS
93 5 AR L) F-measure SEISA P T B, (HAEA R 4R RIS AR, /£ ESBM-D Ml FED
e, MIBRE A E B (S) FTUREE (R) WHHE R B o 2%, /e ESBM-L I, 3 ML A
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1.00
ESBM-D
o 0.754 —— ESBM-L
—— FED

T T
-1.0 =05 0.0 0.5 1.0
PCC

(b)
2 (MERFE) T ARSEBITH 2 BR/RBFRERXARN RIS

Figure 2 (Color online) Cumulative distribution of Pearson correlation coefficient between weights and ideal importance
scores. (a) Wstruct; (b) Wiext

Pi RACR IV T (p < 0.05). ARSCEE N RT3 3 FhEEZAH ORIV

4.2.1 EEMHEM

FESEES B b, = e Bl i N BRARE 0 IR B0 TN Z5 A 2 A F P B0 = o i BRAR ST 4y, A4
BT P =0 B BE . RN SR, TR SRR % = S BT 0 Wiaee 5
FH P ERARFT 43 2 8] ) B IR MR FE A ¢ R 20 (Pearson correlation coefficient, PCC). & 2(a) 23 T %%
PR %Sk PCC ERI RTH0 0. PCC BIBUEYEHE D [—1,1), FHT B E W BEALAS & [A] 22 B A O
P, PCC BB 1 RPN B AL AR 5 [7) TEAH DG o, BBEIT —1 MR IALEAE SiAR O, B2l o I
KPP ENJLP AL, — AN EE T 5 Ni% -5 P BARST 2 2 1IEA e, B
ZHSE b PCC S5 A% 1 lF. B 2(a) FI— A (2,y) Rox PCC < o SR EE 2R &
N y. 78 ESBM-D, ESBM-L, FED 3 Ml4E b, PCC (A N IEMISEARAT &5 Ll 7378 87%, 100%
A 96%, H ESBM-L ' 36% KIsLk PCC KT 0.5, (RBLH BRI IEF ISP, AT LU Hi &5 44 B 244
195 Watrner 165 BHESE _EHLE R0 S2 0k LRI 5 F P BARST 2 I IEMIOGE, BB 3T 0 5 5
FA P o4 B = e 4L B R BN — 5

4.2.2 AEMHRIRG

F 3 R T 5K E ESBM-D, ESBM-L Al FED [#))@ 1, A 5Lt 150 fe s AR AR A BT 10 M@
PE. T DA SR 2 ] 1M e 1 S8 138 O L SRR A R, HOR 2 HUEL S 1 A A, KT
Btk R o WA S A SRR PE (40 IMDB id, INSEE code) LA AL A 817 (@ M (41 pasistwo),
AT DR FH AT S PR A S A BT Ik i e X S i ) = .

TR ARG EAT S5 b, 25 @M AN 5 HL T E = o AH e N FRAELRG S h OB TRV PCC,
ZAE A AR L B A 2(b) AR, 7E ESBM-D L, 82% sk I PCC ENIE, FED
PCC {H N IERI SR ML E] 96%, 17 ESBM-L WIFERTA Sk | PCC A NIE, HTE 14% MsEfk F 2
B B IEASSME (PCC > 0.5). [RIEAT PUE H = Je 4L i aT i o b i Lk FE P 33 2 0 sz A B2 m e 3] 1
THIAE .

4.2.3 TTRMRIRNG

NPT SR R TR TE R, THE SRR « BRARR 2L, DL % SRR 275 92 4
SEARTURIZ, RIEEE IS e AR TR M. S HafE ERISR L 4.
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* 3 BHWELXATEMRESMHEAE 10 NMEM

Table 3 Top-10 properties with highest or lowest readability in each dataset

ESBM-D ESBM-L FED
Highest Lowest Highest Lowest Highest Lowest
time draft year made link source other population blank1 title
long debut team subject filmid before timezone DST
order IMDB id country story contributor after computing media
number type of tennis surface date film story contributor years demonym
course siler medalist language music contributor order sovereignty type
name UTC offset type director directorid name languages2 type
subject NRHP reference number page director name state cctld
added route type abbreviation title director nytimes id parts location country
result serving railway line writer actor name ground panstwo
position bionomial authority performance actor Netflix id country flaglink

® 4 LR, BERERSHESRERNHBENTRE

Table 4 Redundancy of entity description, ideal entity summary and summaries generated by entity summarizers

ESBM-D ESBM-L FED

Desc 203.69 431.99 140.78
Ideal 1.04 1.84 0.89
RELIN 3.04 3.45 2.22
DIVERSUM 0.39 1.29 1.64
FACES 0.75 0.30 1.05
FACES-E 1.29 0.76 1.05
CD 0.02 0.00 0.00
LinkSUM 2.45 4.72 1.47
ESSTER 0.02 1.17 1.69

MK 4 Ha] L SEAR A WAFAE R ETUAR IR, HOUREIZ & T HH 2. FED $da 4 A SeyR i 22
FITUAR B /N, T ESBM-L SRR TCRZIE E] ESBM-D SEARHG I A%, S 40 21K TOAR B2 R/
TSEARAR B TUARFE, AR T SR B LG ST I B DG AT PR . A e SR B AR R U AR T
BONHER, HAEHRAE 2 DL,

SR E 7, RELIN K% 822 70 4%, LinkSUM X 70 4% 105 sk th A8 A fa] B, 5 3 A i sz
T TOR FE AR a1 oAt 7. At LN 1& T IR 7L, A2 U EE ) TU R FE AR B .
7f ESBM-D 34K |, CD, ESSTER Al DIVERSUM M TURE AL, M7E ESBM-L 1 FED L& CD,
FACES # FACES-E 315 S IRTUARE. 3B IX B4 £ 77 %0 TUAR FE R 3915 2 T B R B 2GR, B
T 58 T PR AR N TUAR FER R, R, I T8 SRAK T A 2 52 e 4 2 %) FAt kR 1%, 491201 DIVERSUM,
FACES, FACES-E #1 LinkSUM X TUARFE L R 22 S EOICIEIRHE & A= T84, TN S8 4 1) = 2
PRSI T 72 A2 52 . ESSTER SR A &S U 77 R TT R, — e R LG E 7 Lk ) L.
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RELIN: (F-measure = 0.233)
based on ~: Fired Wife

label: “Hagar Wilde”

IMDB id: “0928444”

name: “Wilde, Hagar”

name: “Hagar Wilde”

DIVERSUM: (F-measure = 0.100)
Description: American writer
writer : The Unseen (1945 film)
Subject: Place of birth missing
name: “Hagar Wilde”

type: Thing

FACES: (F-measure = 0.083)
based on ": Fired Wife

writer : Bringing Up Baby
Subject: 1971 deaths

FACES-E: (F-measure = 0.133)
writer : Bringing Up Baby
Subject: 1971 deaths

type: American Screenwriters

type: American Short Story Writers
type: screenwriter

CD: (F-measure = 0.233)

based on ~: Fired Wife

TMDB id: “0928444”

writer : The Unseen (1945 film)
death date: “1971-09-25

name: “Hagar Wilde”

LinkSUM: (F-measure = 0.067)
writer : Bringing Up Baby

writer : I Was a Male War Bride
writer : The Unseen (1945 film)
Subject: Place of birth missing
Subject: 20th-century women writers

ESSTER: (F-measure = 0.300)
birth date: “1905-07-07"

label: “Hagar Wilde”
Description: “American writer”
Subject: 1971 deaths

type: Women Television Writers

3 FBFHEAL Hagar Wilde ERRMTEZELIRIERA F-measure 5457

Figure 3 Summaries generated by entity summarizers for entity Hagar Wilde, along with their F-measure scores.

4.3 Sl

AN 7 BT SR LU S B R R . B 3 BRI T BB SR Hagar Wilde A
FCHIRE JR45 1 AHMEY F-measure 1577, & = e R PE — AEXT BN, Hid, B4Ry
I 1] R S R 3, B pred(t) .

MBI Z5 576 K, RELIN BT8R Z 0 TURIIE IS, AMAHHZE A 3 =704l (X RiJEIE 1abel
A name) Z (AN AESE. i T Hok B 15 B S B EVE M Sk Z 0 ATtk 25 78, RIE+% 1 1MDB
id KPP HUEBCN MR E AT SRR A JE 4. DIVERSUM Jd#id s ) Ok B B A AR @ P = o, (H
= 0 B E B )RS, LR IR T type: Thing X FR7E 1R Bk ok 157 0k A7 7 1 R = [X 43 B
1=, MLET ESSTER £ type:Women Television Writers, DIVERSUM &I ML1I115
SR, FACES (U ACERHUE Ay S i = Jo 4, I HEK[F— R b & A A i = Je AN AT RN
XML R PRI E Rk 7 3 =, Ky JRITE FACES-E $n 7 X&)y TYPE ABUE A 1
B =JeH R AR, (H T R ORI J7 T Re ik R s PR = e 4R T AR S8 2., BRIt 4 A4 B
WEPHI T 3 NETEFEY TYPE HAH T Z 88 XAAE - E HR I =Jc4l. CD HJE 7 £IUR, ik
BRI A A RN, (Bl TR B AT EE, i\ 78ISy IMDB id A =JC4. LinkSUM ¥ 5k
FEIUEAH R B =J0 A, TR R PERI K TUAR, &M RS TRE writer Ml Subject X fil
JRYERIE R, FENRWZHMEGR. A2 R, ESSTER A MM ZILTUR, WHEZHE, HA T 4
Fo) B LRI AT S, BUASY) F-measure 1547328 i T HAth 75 B A2 BRI 4 22

5 HEXI{E
BAE A EAT 5518 % 0 A BRI G U 2. J 8 A3 H b b gt B 28R g 2, i

857



HUPREZEE: — e AT AR T A% S M 47 1) A )7 i

A RSP A7 U XA 4 2 N R MR B EKCS DA SR BT T R U G, R SEA A
A FRAS =TT R A sl B2, A SCIRRE S fil Bl 22

5.1 SEIAEE

SRS B AT SRR TE B T 32 W A ROR, 5 e 2 PPt FUAT 55 AN S 3% 5t A4 s s i) =
P L G e s A0 [15: 161 I [ ey (171 45 JLAF 500 GORREE A 10 0 R B SRk T 1) 4 e AT 45 1
SEARFEEL A0 T SRS T AR I SEAR BT vk 03D+P B, B TSR BE R S ) COMB W &8 HAR R
B T 24 B P 58 O AT 5. bR SCHE ORI SR 22, an LAY ) 1B sloscppy 25 1181y R
3, MENRMIEI T ERES F N SCAESCE. 105 2 1 SEARSE BT 70 O s A 3, RUARE
SRR BB 5 B0 A FIRRME, S AR RROAT TV A T 2 R AT AN R F 1R SE AR . AR SC IR SR
T8 3 50T SR, s X — A .

Cheng %5 01 2 RELIN HiALEA % = Jud i B 5 BEM = ol [RIA M, #0385
PageRank 8% = e 414743 HEF. DIVERSUM 7 W jf) Tk 88 45 45 s 30U E (0 = Jodl, FF4R ARk
HAAZFEME IR E, ZREAMEN =t AA B ER B, FACES B 3 S8 (10 A LB
X = eI, AR = e M B S BRI EUE AT BT T 0 HE T, A NIRRT REZ I R iR L
143 0 = e DI B 2 FF N AR IO 2L, o B U772 FACES-E ) 78 s a3 0 7 % BUE A =
&R = CH AT, SUMMARUM 19 1 LinkSUM (M8 56y BUE Y SeAR B = e 20, FEAR ¥ B A
PageRank ] 7% = JLHHEF, LinkSUM X = J0H 4T 431875 & T BUE 5 B ArSEARIA 1) backlink, Ff
Xof Ja P DATRE S 328 B EL A AR R U A = J04H. CD [0 K sl BBy — /RIS A I BsR R, DA
Fridk = o S B2 R i B = Jo i A B TR FE R AL B A,

ATCLE Y, DA S I 2 07 vk 236 2 X = e 4 1 S VAT SR IS R 5K 978 282 114 o4 U 4% SR T ) k.
TE = JCAFT 7 5ns I, DIVERSUM = Z3 B 4%, RELIN M CD ¥HEE =t A G E,
FACES 1 FACES-E f£ Al B2 /8 7 BUE AT BE, T LinkSUM JIHEUE A& % 50 4T 7. A
SO T ES SE R =T Tk, RS DA77 N5 A R T 8 M AN UL /E 0 P 4
Je R 8 P 6t R (R R B, DA SHE IR S P 2 (38 P M S R . 7ERE TUAR SRS I, DIVERSUM K2
TIEMEREL R, LinkSUM N2 & e BUE )T, #Rn] e REUHE N AEA L k4~ FACES 1 FACES-E
KA G540 20 3R, i WAS[R] R S e B = e 4 ABRIR TU4x. ASSCHR H A 5 9255 = e 4L pi i 2 11
TURBERITH R R T SO BUEAZ R 3 AN J7H, FFE A B AR BT I, LS RAS [F 2%
B IR E A DR, X —fk5 CD ST R AR T s, SRA T CD, A SR
TN = o2 B AN SRS, AR T DA TR T3k, AR CH RS T = o st

5.2 HitbfAXHE

A 2 T AE o v 3 B0 SORS B AR 20 b OO R AT S A A SR ik
HUE) TR A . A G SRS 2207 iR T R s T AU ) 7 He e 121 G 4R A TR S 27 ST A
SCAARBRAE S5 AP AR S OR, SO 2L KB TAR R T HIREOR, XA 7 AR FE
FRAUBRIE I, 455 seq2seq S5 M2 8 LAY SR AR (22). AN [R] T SCRY R ZETH N 3 1 RSO, SR 2L 4
BRI OR B RIR S (25 M AR, = JudL 2 [ G, B> = Je AU X SOR ) 3 Bl i SO S
H=Ju 2% o e B A7 WA A €. A L T SORSHR 53R OQTE 298 SCAS 7 51 o (8 3, SR 22
JTE N R] CALA S = e 48 oA R TR BB 5 R R BORFAIE. b ob, 9 6 25 i 220 H AR AT B AN [A].
368 P70 S SRS 2 5 B 5 AR ORI 2 T A% L A, T S48 P2 ) 2 SR ok L DX - A S
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PRS2 A8 SORSH 225 SER M AT 1 2 AR, T (0 — SR 8 7 T A SCTAR— €/
JA R, BB AR LA TUAR 231, DAL B e 0 A vy e 24, A St 7 AR s BT 5K

SR EE AT — PR R ) PRI 22— R PR AT 55 B A B R ik 25, AT A3 2000
BA BRI N BRI o, A, Sl P 2205 10038 i 1 B A AR A 79 o i ok i 47
LT AR BT 0 A O R P B B AR AL, A SO SRV R SR 2 )RR R Bk 2 b AE
T, AR R AV DY AR E R (R EARSEAR) R AR G 07 & T AR A P e 2
EAMPOWIRES s NI e NETR

6 REERZE

ARSCHE T A 5T SR S R ET T ESSTER. A = 2H A A8 AR B o il 251
R, B 2T P AT U 7 e JR R Jo 0 VR el (A T P P B = e L I S A B . Dl D i 2
ITUARILER, WIBEETUAR . BUETUARFISCARTUAR 3 ANJ5TH B & = Jul 2 M TR . JAh, % &3
eIl XA A = Te2H N AN [ BEAR AR SEE , AR SCHRE R i B SCAS TR RS B = Je L T s PR 5. A,
LREIX 3 AT BE &, K SR A 55 A Dy O 0 I U R AR . A SCAE AN A T HiHie 46 4
WINES 6 FIVE SERM B NERHT TS, SERR Y] BESSTER 5 &/ 3 &7 2 545 RE i 251
AR IRTE, HER G IS B T US55 b7 125 8 25 S AR B 4 (45

I 75T B4 BT 55 1 32 B AR A K P IR SR AR AR SR b, 75 255 R
A FE I R, AR SCHR BT 08 A A 5 SRR A T R R RIAEZE, fldn, mld s 2 ek
profit HO % AL, BEUA [ P AN R A 75— L8R5 g e, mTRE BT T ) 4 45 R AT 1
NI, TTAEAE R 9 B R IR B R, AR N 75 0T 7E £ B A 5 Tl 45 A HAR R R, Al - &, B
ERSCEESE BRAN, O TR A A S PR BT TR )RR PR ATIE A, I8 R B R 5 NS LR IR
PP S5, R4 6 SRR N B A - B R K. IR EIR AT TR A S 45 S 3 2 ST F i A
IR B, IR, Ak, TSR R B e, DA S A AR R
SR FH AR FEE A 228 19X 2% S8 v S PR Dy, AR R SR K A3 W] 5 R Ay 3 R AR v 4k 4 A
SCRFR I 22 5], Bt TR SRR 237 55 o B BT A% 2 2] 4507 U BA 78 70 M A PR AR £
PERIE A,
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Entity summarization with high readability and low redundancy
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Abstract The development of the World Wide Web has triggered substantial growth of knowledge graphs (KG).
Research into using KGs for intelligent applications has increased significantly. A KG describes facts about entities
using RDF triples, and an entity description may contain a large number of triples. In applications where entity
information is presented directly, entity summarization is required to prevent user information overload and to
fit the presentation capacity. Here, the task is to select the most representative subset of triples from the rich
entity description. In this paper, we propose an innovative entity summarization method, which we refer to as
ESSTER, to generate summaries with both high readability and low redundancy. The proposed method combines
structural and textual features. The importance of a triple is measured based on its structural features in the KG.
The text readability of a triple is measured based on n-grams in a text corpus, and redundancy in a set of triples
is measured by logical reasoning, numeric comparison, and text similarity. Entity summations is modeled and by
combining these three measures and solved as a combinatorial optimization problem. We conducted experiments
and compared the proposed method to six existing methods on two publicly available datasets of manually labeled
summaries. Experimental results demonstrate that the proposed method achieves state of the art results.

Keywords knowledge graph, entity summarization, redundancy, readability, combinatorial optimization
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