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MELearn-Al, ZEIAEN TARELIREIIESM [, MPSIFRERIARE, M s RS 1 T L
FOCAFASCRHIE AR SIR A MELearn-Al FEASCH PN HESE “Paren-sen” _LAGH]T 958% (1Y
B 863% HYA R, M T HABMNAR FSERHUERATRAIH BRI A SRR E 5048 SR
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Study on Automatic Identification of Academic Abbreviations and their
Definitions based on Maximum Entropy Model

ZHANG Qiuzi, LU Wei, CHENG Qikai, HUANG Yong

( Center for the Studies of Information Resources of Wuhan University, Wuhan 430072, China )

Abstract:In order to effectively identify the abbreviations and their corresponding definitions from enormous
English academic texts, this paper proposes an automatic identification algorithm called MELearn-AlIn the
perspective of the sequence labelling, MELearn-Al utilizes a manually labelled dataset and adopts maximum
entropy algorithm to train a model, and then identify abbreviations in computer science academic texts based on
the model. This method achieves a 95.8% precision rate with a 86.3% recall rate in the "Paren-sen" evaluation
dataset created in this paper,it shows an obvious improvement compared to the other two algorithms.This paper
proposes a method to identify the abbreviations and their corresponding definitions.Tested in English academic
texts of computer science, the algorithm achieves satisfactory results, which is helpful to better understanding

and adopting the terminology of this field.

Keywords:Academic texts, abbreviations/acronyms, machine learning sequence ,labelling, information extraction
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1 5

it 5 o P AR S o Th — b i A7 A 1) A TR R
R, WEWRFE LR, ORI 4N
LA TR S | e ARBN G S5,
Ui'B—J7 IR TAT SOMRS IR, H5—J7
I P B AR Sk ok T — & Bifig o AERHITSC
ik, HET B SCEkYh, BE—NEES, W
SVM, Maxent, JIJJ /5% —E M st AR A RREE
R E 4R SN, 8 1 S B T P R A
KM, i B IRBIBCN T RMIT SR N A2 38—
ANHEREL

A SR AN T N SR i S N4 S
E X, 455 (abbreviation, or acronym ) 8 2k
R AWEIH SRR T, FHEEX
(abbreviation definition ) #8455 ITER 4 'S 2 |l
BRI HADN st b IE A 48 SR a4
GRS i 5 5 SRR BIPANSTSr 46 S
TR TR B SR HH 7 AR SO TR L 2 405 55 ],
455 78 TR BB R E A F Y 12245755 TR B
M4 S E S o 1A

5] 1: the methodis Support Vector Machine

I

(SVM)
WEAIHAN, 46502 SVM, 465 iE X e Support

Vector Machine,

—><Support Vector Machine, SVM>

5] 2 :such as the undrained shear strength (Su)
——><shear strength, Su> 1IN H], Su R IA
e 4E 51

455 B AR A RN A E . AR
TR AT A S 1 sl A
e I ZRIE 5 AR BRI T AR ) T B AL RS
o Bl AT DU T B s DL A 18 22 5 | e 3
P AR E LI ERE Y RN, 455 RIEAE
AR, AR, B BhnE SRR E R
AT A TN A

H BT Y AN T4 5 R I e b s rh T

G SR HE A0 P, SR
FFAAIR AT D AR TSR URE 45U i
SR R ", — 2 G R,
WL GURI 4 5 R 01 ISR HAT_E R ARSI
FEPERARN B o ASCER T — P S
A ( Maximum Entropy Model ) FOF# > 1751
J5 ik——MELearn—AIL LAIf# e vH 5 HTAT I 1) 45
5 H s B AL

AN EALTT . B HH T 45 R
B FRLRR s B8 =T ELS SHIGER, If
TFANIC IR MELearn—ATL 5EIE A BB PUH5
GRS FHR PPN SR AP AN Fabr, EATXNEE
SCEGTF W SR EE IR R EA AR ST AR
BCRANRIR, H4s Hit—2 TR 1A .

2 AR

i 5 H R AT 55 2 i 4 S 1 (shor
form, B} SF) S W4 5 € X (long form,
BILE) , HI4kHH < “short form” |
DRI AU . AT R R G w2k 28
—RRET NI L, BERRET RIS
771k

SR T R i IR DT i, A5
T B R A NME SRR TR
PR DRI R T HAE, B
FREG S B 7, 0 b SCARR D R 2 A A
oL 22, BRI E ks B Y B E . 46
5 XU LA Aoy i — it
— R A R PR VT B R R TR =
RS e A BN e A,
b S P AE LE R SE 2 [R) SR Bl DT JEE M
[ITBriR R 27y = G N =i Rl o Ty R
Sohn Fl Comeau 5 A" QTR T —Fh it
fRETE, AR R T — i SR A A SR
WA R R O 445 55 0 SCR AT AEE MR Sl e

“long form” >
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Fhags B AT S MR SR

T it 5 TEX Ay ik, —2
BN AR rh A S S ot B TR0,
R BB IR ST ]

MR F S B AT LGS RCHIR , 1 Zhou
S A 3 43 MEDLINE Hi AU h “LE(SE)”
RS s B AE otk 48R, b @1 Hisamitsa 1
Niwa'™ F AR EAS B KA SER; il
JETURA, PLU Okazaki 11 Ananiadou"® 445 1
A SCRH R IR U (TR, SRS T B X e 3]
TRURS A4 5 7 SCI T REME

Chang % A" ) A e B O BIL A 2% > 5 ik
WERAN4E S A1 LCS HE T A A AT
BEALR S5 IAE SO, e iR BT A7
AIRBPEEAT /0 25, I A ATTAE Medstract” 5030 5
rf A5 2 80% 1 HE A 3 F1 83% 1) 74191 3K, Nadeau
1 Turney!™ FIUREFI AT W B ML AR 2% > 5 ik
ATRIIN, EEAA T 1R T A SR R B A R 1
A, Dannells"™ WSR2 1209 2% > 5%
( Memory Based Learning, MBL ) .

TENASCHIS L 2 —, Liu 1 Friedman”
feth T — Pz /NS S NAMERCIE DU T k.
T A SR B 2 T — 38 e I HLami ot

1 Sanchez Isern

3 UL SR BB AN AT RE R s Bl AT IE H A
TARERIER PP Bk EA3E] T 96.3% FEH
21 88.5% K A A2, (EE AR Eds e
S — RIS E S

BRI b 552 Sanchez il Isern®™ #i2 HiFY)
WEB W Hsh4a SRR 5L, RIS 51tk
BIILERL, 4755 OB ZRIE SCH AR PP St
BEIDBEA T MATTEOR GRS E Sl R & 1 s
U -

Zi b, BE TR 5 R AR A g R
SRR 7 e PR UE R v I HE R 2R ERL Al
it s B AT 4 5 IR BB TR B s B 46 5
MEE BRI, X TFREBERIRDIEORE % ;
i il BOAL A 2 >R IR 4 73R 31 B A JiR ) SOAR
P Y PRSI B P, O B AN A I
45 SR A R R IR, E AT 2R 2800 Al 25
TR () A B

N T BRI o S TR, O
AR ER BB, ASCE B ES T E
EAIEZ A B ARG 5 AR RE FA5 32 Y
PR e R AE Dy 53 S Y, il ik A TARTE
07 AN ZRse, R4S IR I8 A Dy 1)

LR 2RI

ARy RN A

FImy 1 All acronym characters must appear in the definition

iy 2 Acronym characters must appear in the same order asin the definition

i 3 Definition must begin with the same letter as theacronym

I 4 Definition maximum length is n10, where n is thenumber of acronym characters
I 5 Definition must have at least one more character thanthe acronym

1 http://www.medstract.org/
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3 M5TTE

ARSI PRI ST S0 RS
GRS, e A G S ITE I, ik
SEHEPRH LIS K, BLR HAEIE, WA
B R =AITT T A

3.1 FEEHECE

(1) g5 HIEL

JEIE SCR T 45 S 1 2 B A N S
N #B, B definition(abbreviation) f] & =X, [
I PE BE /D %4 abbreviation (definition) B JE X,
Wren 75 SCHk HH AN TR 25 1 100 7 f 2, 75
M) 169 A4 5 1l U 4 DA RLUNE S TE
I, I B LUNE S B A H I 4 S #
J& definition(abbreviation) FJ 155 0 P [FIFEED, 2
# DA support vector machine (SVM) 4 4], i X
tH 2323 A A IS &5 45 “SVM” LA M support vector
machine/support vector machines/support—vector—
machine/support—vector—machines PO /a1 2 —
A, AN TREMITEIEN, HaRDE
THEOLE “SVM” AE/NESHHIL, il “for
Sk, £ Wren
M F UG, ASMH A MRt i
B SCE S — R BRI, SRR E X
—RHIL, I HAE SRR NES NS, HE AR
U/IMESTEHZAN

(2) g5k

A PA T AR 40U 1 45 S O
MR, XEHESHETUAREREXFE W T
FUAth 5088 O 4 5 1, Q280 e SR R H IR
infimum(*inf, B N A5 ) Fl supremum(*sup, HJ)

short” , “stand for ”

ISPV RS S Y, HAE ARSI 2
AT exempli gratia (e.g.) AN,
KITIATVIE &

KT GE B 5 =2 —2E T
BRGS0, B e an 2 Az Lol O B R A
B,z AR i S i o % i, W1 Support
Vector Machine (SVM ) 5 —J& #5434 40 uil,  BJ)
M EOR B AT N L, AL H b — B Rk ek
TR 1 P, 4 acknowledgements(ACKs),
electroencephalogram (EEG) %53 i Ji7 A& LA B[R A1
B AR SR, PR R B TR A pl
HOREBIE T, A1 three dimensional(3D),

3.2 rRAREY

TRV NE B AT TR T
FO MR, AR ATE BRI (5 B4
I KA ) B AR T BRI R 3 0T
A, TR A H R ZZHEBRAESN o KA
Fo IR RS U B AN BORIFIER S adhar,
NATR] AR E RN e 2553 2640 FHRRHIE
A T BUS R E 2 AT AR B 5200 o I ELZ A A Ay
IR E — AR B OB E 25 R, (8T R 8dE
PSRRI,

ASAEFZH U KB ZPRE, Rk x 21X
BCRFIER R A i, BIVRRAERHE, At y O
AR AN 2851, B “boundary” | “continue”
AR “other” o BEAURGIIZRAERE M TR HIEL
PR > FR =M RI A AE, AIfIAE IS
HIDXT HY iR =2k

AR <inner> bR HE4E 5, FF H IR
JiSOREN NI S E S, B2 K465 E X
B—A bRl A “boundary” , 455w pAE

[organizations such as| Integrating]|The Healthcare ¥inner> </inner>

other

boundary continue abb

1

1
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| of the lake deposits : (1) Buried ‘

<inner> </inner>

abb
‘ stromatolite constructions | other
2 2
HIHIFabRIC N “continue” , %A HHAGHAD fix y)—{l' if (o, y) TR SRS
S e 750

WbRC R “other” , WA 1 R,

QUIRAE <inner> i J5 SUARHHAE] <inner>
FRESHG 5 45 5 D B I E S, R 5 e AT B
WbRC R “other” , W& 2 fFiR.

BRI EOR p(y | x) 7ETH R — & HI LA S
PN, WAZUET T S A IS f KA

H(p) = = Xxyr(yIx)logp(ylx) (1D,

i=1, 2, 3, .., n (2

3.3 YIGRRFIE

IS PA support vector machine (SVM) Jy 11,
N TAE R 2323 4+, 5% 2 IHANH
BINURHA USSR P 4 SRR, SR 2 AT RL
GH, GEBRT S ERERE, ma TR

XHEFTEGINZRFIERY] x 5 y A 550
KR, —RAC MRt

FRAIEET G5 B 5 SO TR R AT DR

&zt

41

BFB451s, =aEIUEC

support vector machine (SVM)

support-vector-machine (SVM)

f

SUE) | IRAETE) + L

least-square support vector machine (LS-SVM)

1-norm support vector machine

proximal support vector machine

FRutna + for( aNFEIE )

hybrid robust support vector machine for gression (HRSVMR)

friE) + with (2005 %, &iEF)

support vector machine with automatic confidence (SVMAC)

support vector machine with binary tree architecture (SVM-BTA)

H b & %/ 75 ik + with + support
vector machine

genetic algorithm with support vector machine (GA-SVM)

ZMESE—IE

Knowledge based proximal support vector machine
s (KBPSVMs), KBSVM1 (KBSVM with L1-norm of
w),KBSVM2 (KBSVM with L2-norm of w)

FiE—+and + 5iEZ hybrid support vectormachines for regression and Gaussian
process for regression (SVMR-GPR)
BE= R Cross-validation error of conventional (SLS-SVM) and

improved (ISLS-SVM) sparse least-squares support vector
machines
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AT Hlas 7 T 2 P TR

7 2 SRR 2641

MR 2, GEERRHIE AT N =AJ5 18 T LA
B W SORE /NS HRer B NG O TS
SCRE s FIAE AT D5 AT SRS AT REIRAT 5
HITH DL

R 3 RN SO B o) S TRFAE
R BT

ffl: <START> this paper proposed an accurate
method based onAsymptotic Sampling ( AS)
<END> X T &AM+, 405 AR5 BN
“<START>" fll “<END>" DL )T ih
MEEHR, 104853 (BP abb ) FUKJE K len, XT
FEATAE A — RFVEFIE, DA EBIR “Asymptotic”
FBHAT I

3

L= 2R (LL Asymptotic 91 )
abb 52 AEFH TRUE
(ZAEFRBIGESHNER +1) / FRBIFES1E abb F# 212 =1
EEREE, (ZEERFRFIAFEES +1) / FRBIFESIE abb F# 2/2=1
ZIEFEEERE TRUE
MiziEEEELEEREE, RIRELTEFEREEARE TRUE
ZiARELELEFEEEZ01 abb FEENFE, TEEXNE 0
%}ﬁ%ﬁéﬁiﬁi[é?—@%%&'%\'—i abb FFEBREF——XMNFE, FEE | O
XEREE, ZIEFEEES abb BFE81HE TRUE
FEBEE, RIATLTEES abb WEZNASFEHER || 18R abb WFEX | TRUE
5FE, RBRE " FEEE
MG, ZAREE=MIZER abb PE=MAS=HBEME || 1L abb | TRUE
NEASTE, EERE=2EEE | MR len NF=, \NED
ZARE len MALEFEEEMHE abb FHES TRUE
ZiA R EEEEFEEMRRIFTERRE abb RREIES ( X/ NE8UK) 0
ZiAREEEEFEERNFRE abb MREIES ( X/NSAEUK) 0
EEREE, ZAREETEFBEMNIFRERE abb FRIEIES ( K/N\S8E) | 0
gygéﬁﬁﬁ’ ZiEA R AR B F BEMNF R ERE abb WREIES ( XK/NEX | 0
Zia ke EFEERNFH RS R EREEZE R LI EFEEMRNFH | 1

EBRY jaccard HEIUE ( KNSAEUE )

<STRAT> % abb ZERIFIE RIBREEBHF/S (ANERT 72 HEFR | FALSE
5, tkgn: =7, %7, <7 &)
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4 SEIS S 4EB NG A, SRR SE RN I 200 5678 R0,
\—\l — _n

41 FIEEWE

ASCAE IR S 3AE H ScienceDirect 24
JFE R 2000 4 2 2013 4F 128 A o LR A ]
TR 291315 FHiE XA, FRCHEIRE: BN S
AGATHTFYI5y, HARE] 11870225 W& A /IMES
MTEEA) 15 Ki/MES IR RITZEARX, B
FUW] . SIS T & I 7670445 504884
TAENEIIHR S, 10fE “Paren—sen” Tafis

AKSCM “Paren—sen” £ 5 H B AL I EX 1500
AT AT A TR, S 1300 A ISR,
A 200 &AM .

4.2 LB ITT

SR MELearn—AT 55 3L FOR0UR, A0 Y
TR E TR R R G FLH I S A S v
S (baseline ) PEF AL 925G

(1) XI5k

S5 — AN EE SR I H T Lin and Friedman 1
2003 442 H I F2 4 A P = 2 AU R ) B R
45 5 BN 5 ™ 4% Liu and Friedman J5U46
BRI, MEHE R K “Paren—sen” ff
HRAHEUH i 46 S5 T2 AR A SRt g A4
T, MORSOR E R4S 20s D 10000 2%,
M BT 200 2% FAFE A TIEM,

5 A EE L David Sanchez 1 2011 4
PEH PN WEB TURIAINGE S 5HE ™Y, A0
BN WEB T 4L i 48— “Paren—sen”

(2) PEN Tk

ARS8 S R R I DA & 5
i, ARESEE R 2 A A DY, S I AR
ST A, Ak PUCHMBUERIISH,
BEATIHEERERUTIE N, A0 IO
H o HURIITFITERR S A=

@ AR, IS R IERII 4 S E S
H SRR 4 S SUNE . AP

. correctabb — definitionpairs
Precision = —— . 5)
totalabb — definitionpairs

@ TR, IO R T IEMNSES © X
H SR B AR T a 455 & X HE . 2
FRV /(I

correct abb — definition pairas

Recall =
eca testset abb — definition pairs

@ F . BMERGELRMLZE AR P

2 X Precision X Recall
F — Measure = — 7)
Precision + Recall

4.3 R

X Eb S A IR AN 4 i

YT Liu and Friedman M5, 235 M 10000
AN P45 8 SCHRREPLZE I T 200 4554797
Mo TR LT BRI G HE BAER
AR, W LEEEE 200 4% 45 RICTER R H
HIF AR ISR &, WOTE L0 i vl o 4 2%,
Frb Ui, 200 £ 45 R #4156 4%, B
AN 78%, FHEES BRI 5 00 2 B4y A2t

4
FEBIR Precision (%) Recall (%) F-Measure (%)
Liu and Friedman 78.0 - -=
David Sanchez 86.5 86.1 86.3
MELearn-Al 95.8 86.3 90.8
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M. —RZE5EXZH T 5 8iEr s, b
a1 MMSE R il 45 S “estimate minimum mean
square error” ZH [ ] “estimate” 3 TE4HS
TESCRTERE, H i MSVD RIS S “singular
valudecomposit”

X1 David Sanchez 57k, FEAUAIENT 200 4%
PRI LRt B 4R S RO 173 2%, W ik
N 173/200=86.5%. Il 200 5% 45 5 K T 335
Fh+ (A% ShAIESS ) , HhEa%5
1) 201 4%, FIEAT N 173/201=86.1%.

X T MELearn—Al 5 75, £ 200 2% M1t %
L, SHSEE XA E 1314, SR
I 118 K4 BHIEMIN A 113 4, & dEZRh
113/118=95.8%, FI4%0 113/131=86.3%. €
FF 1300 KNG N T, KIS AL EX
HIA)F 600 >, AEHE S E XK 700 4, I
HANE 4 5 0 SO A1 SRR, AT
5. oA S EXNFRE AR, Maxd
BFRA—ENEN, HEERR AN ik
XN ZRE IR HOri e, W IA Rl 1, 1
SERIMEBON R RSl DA N ZRER AT i — 20 5
M MELearn—AI FUPERESETF. 52, MELearn—Al
NG A RN T O LR~ T H
AT H A SRR B A8k, IF H MELearn—AI 1)
IR A 23 R | — e R U Rl 57

5 4515

455 BRI 5 BB C AR — A E A
JEESY S H R DR R SCA 44 5 ] b H
I RE SCRHIBCGR T R A S LR 7% |
BTGk 57 07 e ASCR4E S R )8
P ogpLaR s > H A W B A3 2P, A 8O 1
e pspesasl - SEnlip WU IAcy B S pea S UNINES
T3 FOH RO B R R A TR RE

SRR AU g5 5 N H 2, IR B

AU AR SR R 45 ] R HO R P45 5 02 XA
Bl B4 b 38 e I M) T ATUR G . AN SCHREH Y
MELearn—Al R BB AE % 1 7 S AR ) AR,
W N AR B 7 AN, RSl
TERFLR e 17 T 28RHIE, e Bk
TR 2t oy et MW EEELSE, ATLAE
MELearn—AL SR T 5 ASLEAMBGSCR B A,
TR AR PR T RER S, Em T3
TR B BB R EH £3 RI 2 A S2 PR

FEATBAA B ZSE, 5 NP 1
SERGL—TZ SO R 46 S5 I 8L, FF AR
fit B A T LA ) 4 S i, LR AR
SRR R 5 AT FeAth AUk 1
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