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handle high-dimensional data, we develop two determinis-
tic algorithms that approximate the covariance matrices. ”
H)g-Hp, Ollie 25 T H U AE IR B th S8 4% 0 3l 1] © devel -
op” B SE 4K & & (we; develop; two deterministic algo-
rithms) o R FA L & SORFE , BHIFAir 45 52 A 3 =
TCH )2k SR 7522 2 “ developed A to handle B” W BLHJF
g LR A B By ¢ &, B (two deterministic algo-
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Ab TR YW SR THIER I 5

(3) LA“SBAR” ( WA AR IAFS) .7 & “CC” (F

109



AR R

ol EIIH 2020568

GVESRR AT T ) S50 5 W RHIE R R, AT 1A A 70
w4

(4) BT SAO 4ty , Xf f 7y Hl 4 R AT RAE S &
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4N A] F “ Then, two models of damping in a tall
building, the artificial neural network ( ANN) model and
the auto-regressive ( AR) model, are established by em-
ploying ANN and AR methods, and used to predict the
damping values at high amplitude level, which are difficult
to obtain form field measurements. ” (3 [ & 344 K

“Damping in buildings: its neural network model and AR

Root

nsubjpass

el nmod:in-
nummod-, / mark— N
¥ ¥ v ¥

auxpass—.}

model” B B ) HeFASC BT, WG 3 BN 8 B,
WUEE IS, 450 R 3 By, A Al —E R “ and used to pre-
dict the damping values at high amplitude level” ,
2.3 IRFRIEFIES TR SRR B X Rl EL

R 4E Standford TypedDependency K #i 5 £ R4, ¥
T SAO g TS SO Beatb A7 115, 4R A0 A K
SR SR BB . DL EIRGIA R AT
BRG], X R 44 SEROC R AIBOR AR EA T AR, 2
BLAE SRR SR 5 RPN ARAF )L R AE 3 b 55
T, T L AORE  Ar B A T L T AR T R 48 A
K2 IR

conj:an xcomp— dobj—
d\/ ngu’k\\ 5 V/det aTod\

||.and used to predict the damping values ...
I-VP B-TOB-VP B-NP I-NP  [-NP
CCVBNTO VB DI JI NNS
dobj—__
advel- " compound—y<compound
4 mark\i\J/ Y conj:and,/ N\
v 5"

.- two models of damping ... building ..., are established by employing ANN and AR methods

B-NP I-NP I-NP I-NP I-NP
CD NNS IN VBG NN

B-VP I-VP
VBP VBN

B-PP B-VP  B-NP I-NP I-NP I-NP
PP VBG NNP CC NNP NNS

2 ETF Standford nlp T B A FIRE 47 BT IR AR TE L R R

2.3.1 E{RHHEX

AR A ) 1A A T 45 SRR R il ) 2 ] 498 10 ) R L i
PRSI, 5 52 B S A h i, S8l AR 2 A5
A O FIRIE AL TR (Tregex) ™ il i 44
NP | < < NP7 R/ NP BRib A7 iU o fEiH
LR R/ NE) NP B (noun phrase , 7§ R 2) |, #IA
JEit AL PR Fe /N BT, Ak BLE
damping in a tall building” “ ANN and AR methods” “ the
damping values” & NP He 4 43 il 24 VE — A 1h 37 (g e
QFI LI “ A established by B”, JCEL Al S AR 5
A F B 5 — A 1R SO Beib e e = ST 45 RO (two
models of damping in a tall building; be established by ;
ANN and AR methods ) , 2442 5143 51 24 “ question” Fll
“method” ; FI IR “ A used to B, VCHLHl ISR XT
ZAF B, IR SR Bei i ik = SuH A RN : (two
models of damping in a tall building; be used to; the
damping values) , [fij SEARZE 43 51 24 method” 1 ques-
tion” ,,
2.3.2 EEXFRIR7

SR AR IR, SR SRR G 2 [ 1) e
R VEHR L RR O R AT B AR SCAE S

. “two models of

e 2 b 2 R SCR PR DL S A G R 2 A U 44, A
WordNet ™ T Hxf 32 32 ¢ 2 2 g HA R IE 2 1K
W ShiE (I3 SEAT b SE T i 55 BBk R
A5, 7 SVOA HER 2 A s i By 3] (“ 0™ “for”™ “ with ™
“as” “in” A5 ) A R A IBCUE U], $2 TR 44 S
1B EE 7, U s use Method for Question %,
2.3.3 ETREKRBFESTEBEIRR

BRI BRI, 58 NG O B SE R0 S il e
AR AR B ISR TR A A SCOR] A AR
AR ZR AT 5 R R AT SR . NI 2 ]
LIFE H, “used- > established- > models” [ 4K 48 ¢ &
Bl A R BN “ (1 | = object > conj: and
{lemma:used} = { | ) > nsubjpass {| = subject”, i i<
FEADEACHRF “ used” Y ICIR AR RXT R A 2 two models
of damping in a tall building” , [F] 3 , £ F 4K i 5 F 4%
I3 Ml ] LA D SN R s UM TR SOM 54K,
LSRR LG I

7 —AMEAFEE R R E R/ NP HE I e
DEFC TR i, A4 21 A SE Ao 16 = J02H Hh S A 3R T E
A& A SR 300 T A I A 0 B AR A 2 A
S5 R AR XN S B SR OC FR o F1A0: * Feed-For-
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ward Back-Propagation Artificial Neural Network ( FFBP-
ANN) trained with Levenberg-Marquardt algorithm is used
for estimation of different performance parameters of CM-
PA. ”a] T H1, 41 X} “ estimation of different performance
parameters of CMPA” [5] &5 , ] 4l U3 1) %5 17 1) 7 5 5
A “ Feed-Forward Back-Propagation Artificial Neural
Network (FFBP-ANN) trained with Levenberg-Marquardt
algorithm” | {H “ Feed-Forward Back-Propagation Artificial
Neural Network ( FFBP-ANN) trained with Levenberg-
Marquardt algorithm” £ & T P > 52 /& “ Feed-Forward
Back-Propagation Artificial Neural Network” F1 “ Leven-
berg-Marquardt algorithm” , ¥R #& {K 17 ¢ £ 5 , T & W) J7
SR N & “ Feed-Forward Back-Propagation Artificial
Neural Network ” Jfij A & “ Levenberg-Marquardt algo-
rithm” o HARAF R BRI r 45 RANE [ -+, nsubj-
pass ( used-14, Network-5 ), appos ( Network-5, FFBP-
ANN-7), acl ( Network-5, trained-9 ), ---, nmod; with
(trained-9, algorithm-12 ), auxpass (used-14, is-13),
root( ROOT-0, used-14) -1, B, il 3 4R A7 43 b 45 Fv]
PAFE H, “root (ROOT-0, used-14) " 13 B ) 1~ il 4% 0> 1)
Sk “used” ; “nsubjpass (used-14, Network-5) " i B “ Net-
work” J&* used” 5 nsubjpass” bR 1 XA B
#1715 ) ; “nmod ; with (trained-9 , algorithm-12) ” {5, B
“algorithm” 5 “ trained ” 3@ 1 “ with” 20 i & & 44 17
(“nmod” FRiR & SCH & #AME ) 5 “ acl (Network-5,
trained-9) " LW 52 15 24 1l (B i Network” o O 1 {5 2
FA S A B Ok R RO A vp A TR AN A 4 2R AR SO
“Network” Il “ used ” K 77 56 Z 5 E XN “ner. dep_
nsubjpass_identifier( )" o [, A4 G540 18 17 5 5l
Bl Z 18] Hedis i Z [A] B4R AF G 25 , D b IARAF ¢ &
SRR TE IR G AR BE R A, S B 10 52 A
XMl 42 SEAA RS TE U o

3 SCIERAR

3.1 WGBSR

AR SR 2 A B8 P v 4R B Arificial Intelli-
gence W T1) 2016 47 % [ 51 I Topl0 A3 SCHY SC
4, /E RS2 8 B4, i B Ollie-app-latest. jar, Reverb-
latest. jar, Stanford-corenlp-3. 9. 2. jar Stanford-tregex-3.
9.2.jar N EEIF & T H,IDKL. 8 NIF L ¥RES, FfHA)
VERR TR S ZRBE AT , A6 36 BT il 44 SRl IO
DR FIAR A OC ZAGERY, X RHIF SCAS v i) H 2R 1 M
HRRMAT I FNE 7S o SR 30 8 A SO U0 53

¥4I Ollie ™', Reverb " 83 Jo N T hR T (9 45 S A7 %
O3 AT, TR BH SOAHR H 1 SR TE R I i 44 S 0K S LG
FUUN PR A R SR R E R T LT
[E

(1) AR B A AR TR & AL BT H, B HRHIF A
24 SR BT , U 4 8 B L V) ) AR AR AR A G
FARY KA SRR iy 44 SER U R R 4 5

(2) 3 3 N AR T S 56 H0HE v it B SR B | SE A
JeH I FR AR b ) v B8 5

(3) %% Ollie .Reverb Jit{= B 4H EL ( Information Ex-
traction : 1E) T HAF R RHI Ay 45 SR P50 B 0T HE 312,
AT PN EE R
3.2 AMEEHI(IE) TR

Reverb” 55 Ollie" ™ it p 56 [ 4 B i K 4t 1
TERUE BAICE R Sl PO A F i Sk e &R,
SEMER B R FE I, Reverh JZ I i, %
FHIBCEE Tl i SEPR OG 2, B SAO Zh g i it A Sk
RIS A1 O, Ollie j2& Reverb (TR AS , 7652 R 5
BRI BT SO B B R 3 55 Dy T AT T BOR Mk,
HETTHE AT —AUE BT A

12K R PUN A TT I, Ollie N T LA 4438 JE 25
1) Ry S I A BT 9 O Z& K S =L, A Microsoft co-
founder Bill Gates spoke at...” 1% i Bt %5 3R >4 ( Bill
Gates ; be co-founder of ; Microsoft) , H.H“ co-founder” B[
VSR ARVSPS S N:EEE bl I ol N = RSE B
S5 18, Ollie i J J& P4 Fl -1 ) B M5 4 45 05 0, $2 5 il
Wi, 4. “Early astronomers believed that the earth is
the center of the universe. ” [ 1 BL 45 5 & ( (the earth;
be the center of; the universe ), AttributedTo believe;
Early astronomers ) , J& {5 BB I 45185 1 Sl B 15
BB, Q0. “If he wins five key states, Romney
will be elected President. ” ] il Bt 5 5 24 ( ( Romney;
will be elected; President) ClausalModifier if; he wins
five key states) , THIEMIFHEME T HZHIER
3.3 XBWERSH

F IR S50 20 BRI HIAS SCHR 380 W N AR TE
Reverb | Ollie 533273 I % SC S 548 £ 47 40 B2, 573 Wi
AT 3 XF S I A5 R BEAT 3BT« — S X R AR LB R 47 4y
M, IR S G R S S BT T
3.3.1 EBEFELBERSF

FE AR SCHE R B TR 45 S RN T 3 1 35 v 4
i F Ollie/Reverb 5032 31| 1) 45 SR 7 470G B D I AT
AVERC KB DT BC2 TS 1 3 AL B AT — X — 1

111



AR R

ol EIIH 2020568

VEPC . STALVCHC At 46 i T SCAH G I T, A 5
FEMEECHE T ) S AT S i B AR I Y ARV S At T DL
BV IERTUNZ R, B, £ 2 o, N CARTE BEE S
Py learming algorithms” | 415 50 55 1 0 051 5 5
“ Conventional online learning algorithms” , TN 7 2 1E #ff
P
TEPURN G5 RV 8 b i e 45 I, A SOR AT HER %
I ] A4 Sy SR e O RN BOR PPN 545, 1
RS RSN EE /N W i o
Precision =R, NR,/R, A1)
Recall=R,NR,/R, n3i(2)
Horp Pewxiaion Sy HER 4G HR , Recall 13 [0 %45
B, R, ST 5 Bl IO S AR 4R 5 v i) SE AR B R,
TN DA B B B 5 B SRR R, 0
R, FRRHH S e 5 N A5 45 50T AT e Y 52 R4
o XHHIRIME T PR
#1 Ollie,Reverb B A iR A& ik 4L R 3ttt
P 5 i

SR e NI e
Ollie Reverb  AUH%:

A LbRiE e ERICEE 71.1%  57.8%  76.6%
Kk WRUCE  56.7%  48.2%  66.2%
PEN TS FEMITH  74.2%  51.6%  63.4%
WL 59.1%  43.0%  54.8%
NTARER iR PERIVLE 58.7%  38.7%  78.0%
FIRA WRUCE  50.8%  32.3%  70.0%
FEJmES ERICE 71.2%  46.2%  75.0%

AT 61.5% 38.5% 67.3%

LT OSSR A SR B R T TE SR
S| 5 T ) A (] AR = A, FE S AU 8 i Aff 36 S AR
KR BUNMHER 2 FF 1113 | | LE Ollie F1 Reverb 4147
P, 3 ABA DS FC 14 S A4 R VR 3255 3] 76. 6% , T {bA
DETE A 5 A 56 28 U0 HE B 3235 B 78% , 4 [l 8 3k |
75% o AJERHE IO R 03 B 5 HERETE i 44 S 1A
SRR B R B T OCERE T

SCENRM iy 45 S AU A1 o A SE AR TR Tl
ARG, AT T 5307 OA SCR B SR A T
R T U SR T I T AT R R D) 1
e L THD0] Y R —— 5 AN AT RE XS A A R U 44 7
%5 ;@O0Mie T H 4 & 36 F glin] 4 10 B 2510 by 5%
R A J5T 195G 22 001 55 U3, 7E SR U o it vh 2 SRR
HARXT D BT LA, 238 we” “ paper” “ result” S5 3% 4 5
PR 8 SCHY 3 Bl 9 SIS, ity BB 149 A 2 SR X6) -, A X A
%, FECH MR R A SCRER I T RS R

IR HTREER, RS- T A B2 B0 TR I 7 — s R B RAR
THMEE,
3.3.2 BEXHEGISHT

ARSI, TE— AR FAER] T AR SO Y
SRR . T T SRR P BLR B BRSO 52
BIREAT 5387, 35 Ollie Reverb T B HU 5l &4 R k47 %
P, 2D UE BA SCRR RO A RO . 5256 52 il B
“One-pass AUC optimization” f¢ 3CH# £ , 5543 12 1) 4%
RWFE2,

FH%L Ollie \Reverb B0k , A SCRIL AL A AU -

(1) BT 3lrin] 5 48 B i) 20 5 7 1Y) 56 R P8R
-, iR A] : “ To efficiently handle high-dimensional da-
ta, we develop two deterministic algorithms that approxi-
mate the covariance matrices. ” Ollie/Reverb jH jjij& % H
AETFUI 2 T 5l 1] © develop” B 52K ¢ & (we; develop;
two deterministic algorithms) , < 303y 38 A] LLH 51 HY
FETF“develop to” ZH G (1Y SE44K 5 & (two determinis-
tic algorithms; be developed to; high-dimensional data) ,
A FA B 5 ORF, BRI SCHR A SR S HL G & 4k
WS B r, B 75 B2 )& “ developed A to handle B”
AR 44 SR A F B 32 2 R LR

Y P L4 BRI, 40 Their friendship devel-
oped through their shared interest in the Arts.” , Ax L&
Pt A A AR A O R B A AY 531 through™ 1 in” Al
A H LT ] developed ” UIKAF G 2, PRIIE U
e

(2) 5T SAO 45k By 52 PR Ul i 72 v, 48 o 1 e
FALRE, A RARTE TIRBIREE . Ollie \Reverb Sl T
HAFEURR AR, 3 2 3T Ollie SIE AL R
T B >0.5 BSR . 7RI R, 5 Con-
ventional online learning algorithms ---” H 5] 75 0.436 .
( Conventional online; be going only once through; train-
ing data) | 2 AF0, 304 i) leaming F 4 IH %
A AL FE T, 5 3044 15 20 “ Conventional online learning
algorithms” #43#

(3) BT Blyia) Z AP Y I 5 14 ¢ 28 U SCR L
I, i R A) . “ We present a multilingual Named Entity
Recognition approach based on a robust and general set of
features across languages and datasets. ” 7~ L L 5 Ol-
lie 5535 #R AT DAL T “ based ™ (i 25 73 1) fHUE 1 18 1
“approach” ) , {H H| i 5& £& (a multilingual Named Entity
Recognition approach; be based on; a robust and general

set of features) . AN SCF NN T IAESyia) . 13 FE431H]
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GAO W, WANG L, JIN R, et al. One-pass AUC optimization[ J]. Artificial intelligence, 2016, 236:1 —29.

EE S iiEaN KRB (S; A; 0)[abbr],

HTF Ollie T.H
M ZER
VSRR

defined over pairs of instances from different classes |
911: (AUC; is measured by; a sum of losses)
831: (losses; be defined over; pairs of instances)

741: (we; focus on; one-pass AUC optimization)

706 (losses; be defined from; different classes)

0.936: (learning algorithms ; cannot be applied directly to; one-pass AUC optimization ) [ enabler = because AUC is measured by a sum of losses

818: (AUC; is; an important performance measure that has been used in diverse tasks, such as---, etc)

756; (We; develop; a regression-based algorithm which only needs to maintain --- training data)

739. (we; develop; two deterministic algorithms) [ enabler = this work, we focus on --- To efficiently handle high-dimensional data ]

H£F Reverb T B
(LSS
PN R 1938: (AUC; is; an important performance measure )

1415 (AUC; is measured by; a sum of losses)

0713 (we; focus on; one-pass AUC optimization)

0544; (We; develop; a regression-based algorithm)

0176 (we; develop; two deterministic algorithms)

3818 (an important performance measure; has been used in; diverse tasks)

5853 (algorithms; cannot be applied directly to; one-pass AUC optimization)

0989 (one-pass AUC optimization; requires going through; training data)

0573 (a regression-based algorithm; only needs to maintain; the first and second-order statistics of training data)

ARSI,
S AU

%

847826 . (AUC; be measured by; a sum of losses)

484375. (AUC; be; an important performance measure )

0: (We; develop; a regression-based algorithm )

SPoocogsoo|sooo o000 o200 00

0. (we; develop; two deterministic algorithms)

855556 (an important performance measure; be used in; diverse tasks)

619565 ;. (two deterministic algorithms; be developed to; high-dimensional data)
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A Research Entity Recognition Algorithm Based on Dependency Parsing
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Abstract : [ Purpose/significance | To explore the recognition and extraction of research entities and their rela-

tionships, improve their recognition effect in complex situations such as long sentences, and provide reference for fur-

ther application. | Method/process | Based on the analysis of dependency syntactic features, a method for recogniz-

ing and extracting research entity relations was proposed, which includes: POS tagging of the target text using Stand-

ford Tagger tool; based on annotation results, the target text was divided into semantic segments of structure specifi-

cation around the core predicate and SAO structure ; through dependency parsing, we can find out the subject and ob-

ject related to the core predicate and form a triple of entities, relationships and entities. [ Result/conclusion | This

method is compared with Ollie and Reverb mainstream algorithm. Experiments show that this method can effectively

improve the accuracy of scientific entity recognition.

Keywords : dependency parsing research entity

entity recognition

relation extraction

115



