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AR VEE XA FRFESE B O S T I,
BTN ISR SR BT V247 1 38 R B0 544 DA K
B EE SR AR TR T et . 1X— 45 R R B
BT LA S AL FR AT B3 IR A 2.

342 FETHLES S IR AR I S R AT

FESETHLAS 2 ST SR SR B s U VA,

TETHARERERER T, RS EARMRIEAS,
MIF1F160 6625 CbniE Bk AT, BENLILEFE60 000
AN AR, HH 2N SR AE S LI BE AL I 43 9104
L EREE, LR 1R N IR S IR, I
ZiCRF. Bi-LSTM. Bi-LSTM-CRF. Bi-LSTM-CNN-
CRF 4R, FEPEMRALE AT 5025k E AT
TR XIGUE , FFAH 10838 XIGE 1)~ FYIHER 2 | F
P43 1Bl AP F UEAE N PP FE b, BITAS 25 SR
RAFTTR.

ATLAEH, X TR—AMERTE, SAMEFAAE AR
R 25 AR L, A 1A 1 AR A T 2R (R 1 R T AR
KIGFETE, FUEISIE R T8% A AT 1K/ NS REE I3

R4 REFHE THIEELAHBUR B B RS R

%
) CRF Bi-LSTM Bi-LSTM-CRF Bi-LSTM-CNN-CRF
" P R F1 P R F1 P R F1 P R F1
B A 7660 | 82.27 | 7929 | 8415 | 8445 | 84.28 | 8410 | 8528 | 84.68 | 84.42 | 8480 | 84.60
RN 7662 | 82.03 | 79.19 | 83.66 | 8491 | 84.26 | 8466 | 84.83 | 8472 | 84.27 | 8498 | 84.60
i A 88.26 | 87.10 | 87.64 | 9382 | 9299 | 9340 | 93.87 | 9321 | 93.53 | 9405 | 93.01 | 93.52
NG | 8843 | 9122 | 89.80 | 9348 | 93.60 | 9352 | 9434 | 9417 | 9424 | 9432 | 9400 | 94.15
8 20224 S35 (REE21459)
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15 A A () R, AEL A [R] Aol PR 9 PR AR AE 5 KN 5 R
IER, BAIPERERE OSSR TH RIS DL, N FUE TR =
T10% iAo X290 25 SRR X ACHIE 58 BT I 5 1) 4
— AN, A RN PR S KNS RHIE 2 5
BT e f

Ak, 84 CRF. Bi-LSTM. Bi-LSTM-CRF. Bi-
LSTM-CNN-CRF 4/ MER AL TSR, Lia 1k
RE B I A NBi-LSTM-CREFAE Y, HA-Jr 28 WS fr 15
(724 PAE S P RAE LA I F UE A Bl &, FLIE
$194.24%, BT 400 TCNNJE M HE 775 B AE
f)Bi-LSTM-CNN-CRFHE R RUR . X —se e 45 L 3%
B 950 R S04 SO B 4R 1 SRR S AR B 3 R0
f£%5 1, Bi-LSTM-CRF#E UG [ i IF IR Rt
AW FEBI-LSTM-CRF A BUAE Ny 5 88 R A vE 8 R
A BRI SEAR R R AR AL, [R] I ik FH B e A
KNG T PE3FPRFAE .

4 ARbrEETER SRS BB

AR PEAE MR 13RI e U ROR A 2 5 R AiE
A, B A B A PR AR AE S KN S R E K Bi-LSTM-

ACL 4= HBiER!

A ERAR T R

ACLARFREFE

CREBEMAE Dy SR SCAAR I E s iU . ASSCHE ACL
SRR RN SR b, SRR AR EERL, R R R TR L
BEAT SR SRR E Sl O T TR, ASSOR A Bk
TAREETERF R AR TR 4 N ACLARFRTETE R

4.1 Bk Ash i

ACL AR AR vEE R b1 505 S0k B 3l 4 B A
FEUE LT 7R T 5, DM A 0025901 DT e V5 i 4916 42 3
60 66225 AR iEIERHME N IIZREE, & F Ria A 5. K
5 EMEIF IR AL A, YIZRBi-LSTM-CRF AR, 3
W, WA T ACLA S B4 S (34 64158
O SIS FRIETERL, 15 EACLAFRIETER 625 445%];
TR, SHTSCAHEE AR, SFACLAR bR EAR 4
AN F AT TR AR R R R DA,
TR IR (9 Bi-LSTM-CR FAS A k47 52002 524 1) 1
AL 55, HREB A S MBS R PR R 2 S
SR, DRI T B S A U 1 4 SR AT N TR S %
XF, S BRAR RS PR A U S, RSN
TR E TR A S SR AT LU R S G SN TR B,
I A BIACLA I L S g L

ACL4 I
ERTRSSN

,,,,,,,,,,,,,

Bi-LSTM-CRF
2t B 2

N II
SRSk

El1 ACLAKIREER LR EETEB MBI 2

42 kSR A g g
4.2.1 G R AR

23t ER P IRIE, A FNIZRABI-LSTM-
CR A 7Y 5 2% i U SEAA 7] 51 8844, 2% L& BB Y it B 45
RAFAEME T, HME B AR AEAE T30 1 B2 ) SE A4 1]
H, BRI A 7T e A SR AT R 3, AR o S SR
UREE R ATHIE SR e it

T, VIR G, AT IAMELRIS1 884
SRR A28 015FpSAA, HASCR T2 1) 586 H

2 8117k, 25 RE B AN 1882 1) SE AR 3]y M 45 ST
REVERCR, HARIGS A R SR 0] A 5870 3 5L, PRk
TR 1 B2 P S AR TR B3 S ok, A0 DR T2 0 8
TR AT R B 5 5347
FLK, BE— X RO T2 I SR BEAT N LA i

TR B 8 T B SR I S A ] . S PR AR SR S A 1] o X —
R 14 B AT NLPAIIR T ST A A1 44 BATNLP
FRE SR A SR I A NLP SR % e
19 B B Jm 25 A o FRANT 8 3 ) W el B ) S A 3] 2 15 R TR
FFPEA R E TR AR EE R BT IR ik, NSk iy
“Monte Carlo Algorithm” (ZFF-REEIR) , & HIHr

20224 5340 (REE21449) 9



STEERICID

2RIy — M EAT R E LB A FR “Monte Carlo” (5
%, PRI e 1 A2 P e\ 8 A SRR S A I IR B
SANSEARTE N “Word Alignment Algorithm” (%} 5%
F2D , Gz SR T R SRR AT S5 ) —
KL, ARARERIRAIR, R % R P A
TE RNAEBESAR M G R 2%, it N Tk 55 31A
RE AR 2784 BT i J5 R AE G AY f 7R T 45 45
RS HEA T 10 FESHA, TSR,

R®5 AN LTERHEELEBNHIER
(SR HE B RT102451)

BN HH A SR 5] 3R
1 Viterbi Algorithm (4EH5LEE) 125
2 Markov Model (Fy/RA[RAEY) 87
3 Hidden Markov Model (f& T /K] FA A1) 76
4 Conditional Random Fields (Z%fFFfiH13%) 71
5 Bayesian Network (JIH-$7kx12%) 70
6 Brown Clusters (i B %) 64
7 Beam-search (2 H## %) 46
8 Monte Carlo Algorithm (FE4ERZH L) 44
9 Vector Apace Model (i 7% [H] #5571 35
10 Bag-of-words GRIZSAETY) 27

ATLLE H, RS N LI J5 45 3, B Sksk
PIA DA A TN LI AR S5 A, 1 “Hidden
Markov Model” “Conditional Random Fields” %, 1X—
g5 BRI IE AR FREE R/ B OAAAE T A THiX
SE R R R SR B . SRR AT REAE T AniEiE R
T8 3o B ] UG PV P R S 1 5 1 AR 3] DG FC 2 0t iR
I 56 TP R A 5 M SR B, R B B AT e AR AE AR
DEH N EERRELE I, S ELHCR I, IS HbR
EER D BRI, RSB ECFLE
TN Al B A SR e 1 B SR R e o T A ST P A
{13 T Bi-LSTM-CRF 1 50V S B 2 il UL AL R 0% 1l
FRCHH P 2 i 1) R0V ), AT e B R N Tt s SR
CUAFAE [ SR SR, IR B H 20 4l BURSE 3 (10 5 4k B
S5 RBONPTEE, Be % TRAN Tl 4 R b SRR S AR Y
A ik K

B CAFE TN A G SRrp i Sk sk 4, IR
SHIE R LLE B, 8 S ] B R SR S AR Bl R AE
N THE g Rep E A7 AR, (HERETER 5N T HE
gE BRI AR, 0 “Viterbi Algorithm” “Brown
Clusters” &, 73l J& TN THIHUZE R ViterbiZE Al

10 20224 5340 (REE21448)

Brown Cluster?t, (H£ 1 M5 K I ViterbiZE M Brown
ClusterZ2 N3¢ “Viterbi Algorithm” 1 “Brown
Clusters” X PR IE LN IX—45 LKW N THiE
SR SR 25 SR tp AP AE [F] — P BLVE SR T R IE TR A
TERE G L, TX AT BE A Dy B2 SEAACA B 1) 2k T U Ak
%z, HEAEFAHEHR SO AR 77 A, B2
B ) AH QBB M DL A Fb BE SR I BT A Rk TE X
S FRRIN o TIA A4 3 5 T Bi-LSTM-CRF R S%
SR B 2y 4tk EURSE 2R B 68 i I X st s ) B S AR R
KA, WS CA LR, UEZE 3 H R A 2
SIRE TR, Re Mg AbE [F A SLIESEAA S AR Rk B U
ANAz, AT SR Al A 2 R AT 56 3

WAL, RSPR LSRR FEAE TR E
VRS AR B 3 A AT — Tl BRI A SR B SR SE AR,
“Markov Model” “Bayesian Network” “Monte Carlo
Algorithm” &5, iX SEHl U 1) L SR AN N Tl X
gilrh, WIFEN THIEIUE R SR RN A R IXTE L, 2
SE AR RS . IX— S5 RAER: 75N AU
VESEARI I R, ATREAELE BTN AR 1 320 5
DRI B B2 S AR I8 I 1 0 o 1T A4S 8 P ) 2 1 225 1 B -
LSTM-CRF 5254 E 2l il U A 5E % s N T
A RE AL (107 SRR S A, DT 0T B30k s A il i 45 2R
BEATY 78, LA R A R B 4T .

gk b, FATAA: e N THh U B S 45 5
o, AR/ B O BRI . [F) R SRR SRR SR
FEAR TG AANTE 4 LA SR 5 SR 10 1) 1) R, 177 AR S
PR 2 1125 T Bi-LSTM-CR F ¥ 592 5L 4R H By 4l HiSE 7
RE B8 S 0] 1 b i a8, AT Xof B9 &5 SR AT 5¢
LN 78, VA SCHT R FH I SR SR 1) B S O %
CIEPNESE @

4.2.2 R ESR PR RIS

HI AT SCRIRN, 2T B 34l BT 13 (K SR S ik 4h
A3 N33R N LA R O I SE LR R TA
A H S SR EA AR R AE R AA T A [ I S S
P AE T TR EE R AP R ALk BATRA T
i 32 Je B E Sl B 5N Tl B R AT B, K
LR 2 N L0 38 5 1278/ R E Sk, BAFET
N T AU R RS AR A 474, 29005 Fr i B )
A BRI %; JE TN T R P A ks
PR B R TETE A F I SR LR 274, 2005 il X
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A R SR R10%; A& T A TahE s R
GFT SR SEAR 2040, 25 BT S B0 R SR ]
173%, & Hh B 3P R SR R R B e 2 1) —
it X5 SRR BORAHIT T TR A 1) S8 54k 1 3
oty EDORSE 2R ik L ) M B 2, 3 B0 B il R v R
A, AHZA B BE A E 2, Geis i A 2 1
AR EE SR, TRANN R s, AR R Sk
)it S 4T

FH T 587 B2 S A i B S P R S B R, HL
X FRATT R B2 S A il BRI 7 i L i S, DRI AR gk —
o0} T SR SR AT o3 M. S ACER N T OIS Sk
SR 7 AR A, 12 X 2044 H SR SR AT 2R
GIf. X—1ES H14 B A NLPAIAE sl 14 5
B FEHIA NLPAUS HR o 1%, £ 20l i A — A
A L SR BRI s DA R 5 H A B SR R AH AL
T R AEAT, il 21 4 5 1) W) 25 6 B0 S AR Pl A R0V
AN KT HIWT. 41 “Dependency Tree-LSTMs” 5
“Dependency TreeLSTM” AL BEAR 5y, (XAFEAERT
UL RE R R HOE A R, RIAESE A& IF i 12 g
HWr A FIFI Y, & NDependency TreeLSTMZK. fx
2, PR EIE AR 149 Pk T 0 BR 1 E A 8 R
BRCHE AT 100 & I F G BT A SRS IR, In3kefrR.

56 BHEHIMEELEER (R HEZRT10465])

HEEEA 8 OR
1 Markov Model (Fy/RAIRAEY ) 181
2 Binary Tree (XM 5% 78
3 Bayesian Network (DU 4% ) 70
4 Cosine Distance (5% 255 65
5 Monte Carlo Algorithm (GGEHFRZ %) 48
6 Adaptor Grammar (AdaptoriZyZ) 47
7 Latent Variable Model (&8 4571 41
8 Reinforcement Learning (SR> 501E) 40
9 Binary Search (il & 520 29
10 IBM Word Alignment (IBMi| % 55535 19

&6 R &, 75 SBT3 103 Fik sk,
BRI = A “Markov Model” , 1F 8 —FiiE R 451t
R, KR TS & R0 & 7RSS 5
TALHINE “Binary Tree” , 2R A& —Fh 3L Al ) 5
s T BT RN ORI SR b HEAE S = A
515 & “Bayesian Network”, HAEH BT 5 A 15
1A 4R PRI Bayesian Model. 4¢ A A 3 M B vk sk

PRI BAR SR B DA S BEAR S RORE, BATRBLAN T
IR X S SR I SR DN A TN DO
EH E TN AR AR, XN LPATUES A LA
TR ANERGIR, A AR TSR SR iR I Wy AR
SRS AR o 3Kt A T Jse i Y, A1 B A6 P ) 22 B
LSTM-CRF 555 E Sl b USSR B AT L7 1027 2]
E /7, RE % AT T2 UL DR 3R 34 Rl PR B0 925 S A el B 3t
ERNITP RSYES ) VE2TE i R i

4.2.3 ISR PIENR T

FE XL B B4 BT VR0 AR E TR R AT SRS
PSS R A e, ATV R Bk A R A R
RIR SRS B . O TIRFUE IR G R B AR TR,
ARk — DR TR R WG S %, A EERET
St S AR i 8 1) 5 LSRR TR X B R il B R
BEATIRA T

FERT ST, RPARCOR T2 0 il B 4 R 34T TN L
e, SRR T ARSIESLAR o 5 R8BIl U = R R TR 5K
AR ER B AR 2 B 1R A S T, A O N S0 B ) AR B0
SCARGE R, T3 A HEAS BT 10 AR A SetA, sk
THE7R o X e 1R S A R AT b, S E5 A5 B R
RAIEAT LUT3 R0

R7 FRIRMENEERRIUR (UK HEZRT10461])

HIRIMEER 8k
1 Brown (fii 739
2 art (ERFE 30 461
3 a grammar (JEAFIE 7 30) 291
4 dependency trees (RAFH 268
5 word alignment (il %§55) 258
6 adjuncts CGHRFE &30 201
7 the decoding L4 E & 30 197
8 the program CCHFE & S0 181
9 TV EHEE S 30 168
10 dependency tree KAFH) 142

(D KANEREFE R NRTATLLEH, 1E
BBl B s R, SR A R SE AR R D “Brown”, 1A
739K, W6 T H AR S A . G WLEE “Brown” T {E
5] F R P “Brown” IR 48 K344
NG S “ATBA” o 25Bhn i TE R L R AR B 5T i i
FIRFIE, ARBFFIAN “Brown” #f 4l B >k (1) 32 22 5
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KT “Brown” K E FEEN KRS, N EARE LA
1E “Brown cluster” “Brown clustering” &5 534N
AR B S, 3 SO RS 1% [RUFE, HEAE BB 944 1)
“TV” 52 BT R AUM R BRI e 24/ SRV s A A b
(2) EFXHERFHIIE R A5 5244 1 SEAA R
J& “art”, LT H TR R AT R IR S
LRz —R: HETERE WRI4 “state of art” (FF3C
AN CHRONIEREFE” ) £ SRS BN E .
YER—A AR 5 B A% 0 i 584500380, NLPHIK
73BT 98 B AN T B8 DL S BAR S 06 o Wi7E NILP AU )
W, fEF it E O AL S A TR
SRR LA, 1Rk B T 4 i 45 SR N s 2 AR SO
“state of art” RAZMIHCMFIL, KL “state of art”
JE I 2 B “algorithm” “model” &5 i, [ #H,

13 » o«

“a grammar” “word alignment” “adjuncts” “the
program” X4/ SEAR AR 2 R & BN e 2 H
“algorithm” “model” “grammar” &5 I SEAR 5
ZEMA ALY R A H o
(3) B B AR BB 1R BRAb, IE R IHRAE

AR “dependency trees” 51042 “dependency
tree” T AL, ANAEAE “trees” 1X— Huial () B AT H 2%
5t AT R K FEZE & IE IR NR S, AN Sk ] B
NI — SR o A A iR A B SR L, FRAT T
FHARIEIE R AR “ decission tree” (PRIEMHIE)
k. “dependency tree” 5 “decission tree” #iiH H
A5 48, Bl 0 AHAEL, {H “dependency tree”
WA RAIAER, AENLP AR ) —F &5 i IR
RS

T A R R il X A5 SR AT 0 M, el 4l AR R SE
BB R, JE AR R A — 2
KANFRE, HTIRZEESEEZ2E FEER S 84
KEREER, T ISR B8 R0 RN S R AE a2+ 55
RA, 38 A D T RER S B4 K5 I R S SR 45
R =R B SCHRER, TR 2 A SR R S 4
Y18 “algorithm” “model” “grammar” &5, AT illZRIT
LR F 5 SCRFAE (8% -+ 3 BBURR, G AN D R 2R
“algorithm” “model” “grammar” [f]3F &% STARHE
WRAHID; =R MR R 3R, 0T — R B SR () R R S 4
un “tree” , FTUIZR AR AY [F) A A1 2 27 2 B3R — 44 1] F
AIE AN A FF AT S AR 1] 18 ) 3 1) S A ] i i BB R
Ak, BT RIESRA S TE L AR, A ] 5E 1R RS
X HAERSCR R I To v 8, £ — e E b
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5 — e Bk SRR SO AR K R AR A, DR
JIT IR R ASE TR A 5 3o A R 10 ST A 24 AR B2 S Ay
Bk . 6T DL R iR B S A b, ASCNA, T8
SR SR E B A T, Bl TSR SR A B R R
XA F TR VE J2 TR AE 25 2 7l SR A 22 Wi A5 s T
X[, A5 2 R NN SRR SR AR 5 DL K T AR )
TN SCHIE SOZ HRFAE A TR ALk, B2 B AL F
%, LA BBl 25 2R

e, AW AN T E ) Sk sk 5 B 34
B BE SR, XA S TN TR 5IF,
15 B 5 M ACL A SR SR T 198F,

5 ghigHRYE

A SCUANLP SIS A ], F Je B0 S A 1) 4l B
Jo AW HF CRF. Bi-LSTM. Bi-LSTM-CRFLL & Bi-
LSTM-CNN-CRF 4558, HEAT S5 SEAR 1) E 340X
SEIGH AT PERE R L ERE, S5 SRIE IRTE RISk 1 Bl L
{E55 1, RILIF 172 2T Bi-LSTM-CRF {1 H 2h#ili X
B, BT o g Y, AR SCHE R AR AR VR R AT
S SR E B, foe 2 B B SR 221
e, WAL S N Tk, BEA THIS As)
U B 7 i T A SR SR g R, A 1S FIACL
A SRR LL 198F0 . ARWFF R, A THEUIE
(128 SR Ae % v B Sl B2 A — e O AR T E R
BT UL VI ZR IR S50 S A4 B 3 3 U B R 08 A5 288t 4k Y
N T 99 o 3 R P B S A, (] A 3 R % il B L
O BIESAR 1 4 Rk TR 3, N T 45 SRk 4T
AT, A R A SRR ) A T

RS FORAFAE— AR Z Ak 58, AW AU
ACLF 21114 64U STVE AR 7L A, B SE8uh, B
N TS B B 78 A —$da 48 BT, Rk
HREY R FEVEE, 78S ZREE RN, H7E ACLE 2 LA
AMIBE SR S E A R, AW A S hE
SEHG A R AR B | AR KNS 3R R VR JE T
FRIERRAE, BT S P E R 2 e a5 51, AR mT
HE— 025 RIS S A B DA K e R) F B R S0
T SCZ TRFE BT BB ARAL, PRk BB EU S5 s B
J&, BT Z S ARiE, AR FULE ST B B B A5 S
0K 5N THEE R 45 R BAT XL, KRR HEA T
FRvER G AR TERHME R B e bR e, 145 B3 AL
ST RS -
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Extraction Algorithmic Entity from Full Text of Academic Articles in Special Domain

DING RuiYi WANG YuZhuo ZHANG ChengZhi
( School of Economics & Management, Nanjing University of Science & Technology, Nanjing 210094, P. R. China )

Abstract: The research on algorithmic entities in academic papers can promote an in-depth understanding of the role of algorithmic in scientific research,
and extracting algorithmic entities from full-text of academic articles, which is regarded a special named entity extraction, is the basis of this research. Through
the method of manual recognition, this paper extracts 977 algorithmic entities from full-text content of 4 641 papers and obtains a dictionary of algorithmic
entity. Based on this, a labeled corpus is constructed and an automatic extraction model of algorithmic entities is trained. 221 new algorithmic entities are
extracted from the remaining corpus. Finally, the automatic and manual extracting results are integrated to obtain a total of 1 198 algorithmic entities. The results
show that the manual extraction method can build an annotated corpus for the automatic method, and the automatic model can extract the new algorithmic
entities which are missed in the manual method effectively. What’s more, the new expression form of the existing algorithmic entities are extracted, so as to
further expand and improve the manual extraction results.

Keywords: Full Text of Academic Articles; Algorithmic Entity; Entity Extraction; Academic Text Mining
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