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Mining pros and cons of technique in computer

science papers”

Hono Shirai

Abstract

In recent years, the number of scholarly papers published has increased rapidly,
and there is a limit to collect information from the papers by hand. In this paper,
we propose automatic extraction of the technique and its pros and cons described
in the papers of computer science. We report on the annotated corpus we con-
structed and the automatic extraction experiment to verify the task properties
by using the baseline model. Specifically, we define the annotation scheme of
pros and cons to the papers and report on the result of the manual annotation
experiment. In order to verify the difficulty of an automatic extraction task, we
construct an automatic extraction model of pros and cons using data constructed
in annotation experiments and report the experiment results. We create data
that is given annotation label about 100 paper. The automatic extraction ex-
periment results show that our task is difficult and a better solution may require

domain-specific knowledge and inference.
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1 ELC®HIC - TFRE=S

A, GRS D MR EH L TWE. STMao@mEic ks e, FRET
300 2 A DX N T WD, FaMEHE L, 25 UKl sk
DD S BEE T E O N & EUNZHEEER L, HiET L ZEPFEAHL <o T
ETW5.

ZDE DR ZFTH I R, Filn X o AN RZ2 BB T 57200
PRZ IRRFEDR A AT DN T WS, HIZIE, DEITRIE L Wit e LT, Teuful
S (1)1, ZiEaX D&% ERIZET 5Edd ) ST BET 550d ] 2 &1
FET 5 Argumentative Zoning &\ D R AZIZHDMHATWS. £72, ST D
SIHBIFRIZEENT, XEROBEEE R, HliD ~ L2 R &2 HERIZ T3 2 I
D #HlA (Citation Network Analysis) HEAIZITHNTWS [2]. SciencelE [3] T
&, W, MERE, EHREBRYE NS E LT, 7L — X0 RIERE - AL
RGBSR L DA TN T WA, B HFEHlMM: AT (Citation Sentiment
Analysis) O TIX, XEAATHIH L TW 2 SCERIZXT S 2 235 O RRIE M % fif
W3 2MEVEAITDNT WS [4].

—7, FEITHKFT 258 L LT, BioNLP [5] Tl&, AWEF 535 O STk % xf
RELUT, RUNIEEOEMMHGEORME X2, AEBHROBEERY, WE
& T DREIER & &9 2 BGHIT & 27 ORI TON TN 5.

ZDED7%, mXhroARGERE BE TRt T 2E00 A, ST idmA
IZfTHONTEH D, Semantic Scholar [6] X Dr. Inventor [7] D& D787 77—
YaryY =)l UTHEMEINT WS, AWIETIE, SHRBERIED 5 O FAlrEmsic
X3 % H BT OBFZEIZHLD FlE.

b H, FEERTOMXIE, HIHME(XA2Z)ITHT 5T OMR T
LZHEAE Z DR - ReSZWLE, HLUWHMOREZITS> XETH S, HIRIL,
RDES =X WX AN Do LT 5.

(1) The results indicate that the whole-sentence-based classifier performs the

best.

'https://wuw.stm-assoc.org/2018_10_04_STM_Report_2018.pdf
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il (1) TlX, the whole-sentence-based classifier £\ AKX U T,  performs
the best, $72pH MEREL WS BIR] I2BWT, TRV W5 FHliA 7 ST
Wb, ZD& S LEMOR R - REDOHRIE, FHEERIZEOWIEE D L WEdl
ERFET D ET, RTEINSHRTHS. LoT, WXV T LT, %
AT 572002, BEMOR R - REDOEHEZ HE)THET 5 Y —IULAEEh
LEFEADL. £z, fH%DFRUZE T D HEMER D 7= D DEA & £ DR 5L - KA
ZHBEERRL, TOMEEZENT S LE, SBHEROEM O Z F 5 < JFH
TELLDITRBEHFTE S.

ULaL, EdBRDEX D%, X aEHo ETmMaETiE, Sifie 2O - RED
fiitidfT b TR, BRI, FNRO Citation Network X BioNLP 1&5] FIBE£#
PILYT AT 4D EITo TWADAT, FIA - Relldhitioxg e UTfko
TWRW, £/, BASELHEDO I T, T & 5 paiioal M, i
43471 (Sentiment Analysis), F7z13E R~ => 2 (Opinion Mining) & LT,
KOO ENTE 8. LALANS, T5 UMz iliEmXo R A A
VICHAT 2R AR INETIZRL, XA OEKNRERE S (] % A 5
EARIRTH, MEBREARTNGRY), I—N"AEOFHEERS BTN TV
/ANPAN

AL TIEEA & 2 DR RO HEHlH 2544 5. FIA - R e zilis e
LU T %353 Hr (Sentiment Analysis) % &3 TN 51 TW S EANT X U T
HI %, BHTLOIZ, i 2O - REIZOWTT /) T—Ya vy AFx—
LEED, EBRIZT /) T—YarvEizwy, —BEEZFHELL 3H). £/, REE
LT/ T7—=2avT—R&EHWT, RAZOHL I ZWGEET 5728, R—Z 7
1 VET ML B HEHEREZITV, $ERIIN U Tofze s> 72 (44i). Bk
2, MELZT /) T—YavTF—ReR=ATA VET VO THKEREFH VR
RA VR T 2 — ADIEFIZ D WTHRARS (5 ).



2 FEER
AREITIE, AKUF5E L BE# 9 B4 Td 5 i ST & 3RH M2 DO W TERAT 5.

2.1 SRIXHRMT

A S (9] DFFEIE, EWAIER SO B BT 2 HRER 0BG E LT 5720
DRAITFIFAF =2 BEL TS, TR XHIZIFET 2 HFET XTI L
TEWZ 7 A%ME U, HEMCEERDZ I A %2592 Z L THRXNEDHE
EbEiT5 22 HRE L TWS,

72, AREBUHELE ORI — 2 > 3v 7 SemEval Tl, #iX KA1
TOMWEHRIHE X A7 DBREINT WS, SemEval-2017 OFAfi X A 2 T#H % Scien-
celE [3] IZWHLF, MEIRVE, SHRBERIZOMN S 7 L — X L BRI 2475
RATTH5B. 7L — Xl Task, Process, Material D 3 2D 2 Z 2123t LT W
L., JV—RADI T ARNETHRAY, 7V —XELH1EEE - NiEoME
ZRAD XA DPIREINT WS, SemEval-2018 Task 7 [10] i& ACL Anthology
Corpus [11] @ Abstract IZ2WT, TV T4 T+« WA LOMBRELFETERA I %
RELTWS., TUT 471432 RAT24FNLHEINTED, LK -
FERZZED S DORREHH - 7T EIXA T TH 5.

FEIDATHIRI, MOFEME - TV T 4 T 1 HALOBRIZDOWTIR ST
bb. Ei, BEMOIMIZ OWTHES b TV,

2.2 IO

FEH73H7 (Sentiment Analysis) 133 - SCEHEDENMMEZ TS L TH L. BR
FIZi, ML E =Y =Yy VAT TORMERY T4 7 - 2 AHT147 -
Za—bFINDOVTNPOMEIC TS Z e 2 HNE LT WS, M WKET
ML 2 JE X 2588 LT, L a—XXED N A A IZE T DB S
P HT (Aspect-Based Sentiment Analysis) 237N TW5. H#il 21X, SemEval-
2015 Task 12 [8] 1%, FT AP LA N T ¥ ORI — 2 DB R E DE



2 U 7B (Aspect) IZEEDWTEFHEI T 2475 R A7 TH B, £z, FEDT
T4 T 4 2B BFHI M 24T 5 Targeted Sentiment Analysis [12] 17T W
%. Targeted Sentiment Analysis (Z A% - 2E#H - B R E DL (Target) A
XHIZEENDLIENWT, NRITHT 252 HET S, HReT5IFEIC
Twitter DY A4 — h TdH 5 HY, Student Comment Z XN HIZ U 72758 HFET
% [13].

LAL, BADAIBIY, XX B A A 2BV TIBRIZEED W 75 43471
T TR,



3 TYBR

FHAERERL IR U B 1T D EAN ORI A - RSOl 2 4 2 B Tiseid i~ @
MBI w7z, BEHHETIVORE - FHliD 72D T — XIIFIEL 2.
LDk, T/T—YavA¥x—L&@#itliz. £/, T—X&MEL, 3%
EMGEST 572012, NFILLBT /) T7—YavEitol. &, 7 /57— av
AFX—LeT ) F—Ya vERIIOWTHET 5.

3.1 7/T7T—YarvA¥—»L

Fiffie 2 DR - RS2 ZNZNHB T 572012, Fifff TERM T X)L & Effiid
ZEAfi Sentiment IRV ZEHR L2, TNFND T X)IVDEFRIZDWTHHT 5.

3.1.1 TERM

MBI O EA - FHRICBET 550827 /) T —> 3 v 3572012, TERM &\»
5T NVEEAT S, BRI, TV 7IVTY XL &0z A - 1
ADRFOBEHE - (AN EMET 2 FiEE R T HFA %2 TERM & LTHET 5.

21X, #l(2) Ti&, recursive neural network & AdaRNN \FZFNZFH=2—
TNEY FT =2 L VWSETINEZD-FETH S0, TERM 7NV a2 (5T 5.

(2) We employ a novel adaptive multi-compositionality layer in recursive neural

network, which is named as AdaRNN (Dong et al., 2014).

£, MXDXFZRANSNTNDETORA - REIZDOWTHIES 5720,
IR O A HT721T T2 <, REFAZ SLEMICOWTS TERM & L THRS.
BARIIZIE, H#l (3a) D Such approaches , il (3b) @ they 1¥ZNZ4 TERM D
7RV EENS.

(3) a. Such approaches have a number of disadvantages.

b. First, they require additional resources, such as lists of polarity shifters

or discourse connectives which signal specific relations.

b}



3.1.2 Sentiment

TERM Z NV D35 X 7= BT g 2 5F-Ali % $2 2 5 72812 Sentiment &\ 5
FNNVEEATS.

AR DISEATIRSE [14] 120, R REERY T4 7 - 2 H T4 7T TRELL,
kDR nN=a— 1 F )& &7 POSITIVE, NEGATIVE, NEUTRAL O 3 ff¥i%
Sentiment £ 9 5. 7z272L, Sentiment (X TERMIZXT B@MEEL U THET 5.

Sentiment (ZXNTOHE — ALk TH D, TERM D& £ 5 XA T Senti-
ment Z¥IWr 9 5. HIZIX, #i(4) I2BWTTERM TH 5 the whole-sentence-based
classifier 1%, performs the best £ \N D RY T 1 TRFHAAINTWSE. LoT,
Z® TERM 121X POSITIVE F X)LV %53 5.

(4) The results indicate that the whole-sentence-based classifier performs the

best.

72, #l(2) D TERM(recursive neural network, AdaRNN) O X 512, HIZ
B ORI, MEZBNTVWSEEE NEUTRAL 7NV 25 5.

DA%, POSITIVE, NEGATIVE, NEUTRAL M} 5- 2 1172 TERM % Z N Z L TERM-
POSITIVE, TERM-NEGATIVE, TERM-NEUTRAL & X3l d 5.

TERM (Z Sentiment M5 XN B FHHNZDWT, DF H TERM-POSITIVE, TERM-
NEGATIVE DHHNZDNT, (1) KA A VIEEIFREHI L (2) N A 1 M7 72 5T
KEPPIZEEN TR ZEREZSND.

R A A VIEEAZ Bl UTEA T OHGINH 5.

(5) ... our system can generate high-quality labeled data.

B (5) 1% our system {Z TERM-POSITIVE ® 7 RV G EINTWS. T can
X° high-quality labeled data £ \N>7z, RAA VIFMRIFTHRY T4 TR HENE T
NTW5.

—HT, RAAURERHIE UTUATNOHGINH 5.

(6) This approach requires no manually-specified information about the meaning

of the connectors, just the connectors themselves

6



# (6) 1% This approach » TERM-POSITIVE @ T NV E I N T W5, This
approach (2B 2 FHIREL requires no manually-specified information (ZI1XH Y
T4 TREENEENTORWE, [RAT 2T 5 ETHEL T HERIDR
W EWSBRIZBWT TERMIZE o TRY T« T TH D LHERTE 5.

ZD &S TERMITHT 2R L U TEZX S NS BI0IE (1) YERE, (2) AT
RN, 3)BEN D L. BN Hl %5247 5.

#1 (7) 1£ TERM-POSITIVE Td 5 it 1Zxf U THREICEE S 2 iHliRIAA G X 1
TWBHHITH S. a strong and robust performer &\ FHMZFRBL T MEREIZES L
TRYT 1 TRl ZRIFLTW5.

(7) ... it is a strong and robust performer

7z, BIRDOH(6) 1238 1F B MR requires no manually-specified information
\& TERM 238I{E S 5 72D DRiR SR IZBE T 7RI TH 5.

BRI, B (8) IIFEREICRI 4 IR Z BEOHEHTH 5. ZDHEHE The model
#* TERM-POSITIVE T®H %. TERM (2B 5 5HMlI&EL can capture 13 TERM DFf
DHHE L WO Bl 2 X, complex semantic information &\ 5 U W
AL, LRMAT LI THRENRY T+ 7 THLLFEL TWS.

(8) The model can also avoid overfitting to features derived from neutral or

objective sentences.

PAED X 51z, Sentiment DHIWr I 5L - RAUZ D72 BFHHIRILIZ K > TIT .
ZD7=®, YPNFFHERHIDO 7LV —ZXEHT7 /7= a v L TH65 T E2REL
72H3, Flpl - REUETERM OFAIZEER SN TWE D, 7/ T7—avT s
ERLN I U7z, Ko T, RIETIEAA - REOFHIERBLZT / 7 — 3
vE9, TERMIZKHLTT /T—=arv330AE LTV,

3.2 5T—%

BIHICER LT /) T—YavAF—LE2EHT 2T —RIZDOWTiRRS. 7
JT—=Yar e 3 501E ACL anthology DX CTH b. 7272, #XEIRT

7



37, A bpX Iy avOHiOARKES. T, A burX oY aviE—K
PIZBREFIE - REFRIIOVTRRSNT VWD 72D TH 5.

AKWFETlE coreference resolution 23X 4 MV EZIIAUZEEFNT WD %
T/ T—varvebimXe UTEAT. coreference resolution (LS HEENT) IZH R
SEENEH O NBIZB W TREMENRIZR > TWET, [EWERTH A 2B
DIREINTVWE72OTHS. Google DA AR LFEEE VT, 92 KDL % %
U7z, B U 725w 3CE 1999 4D & 2017 FFEICHR S 725w XX TH D, workshop
DX HEATNS.

3.3 7/)5F—3avEER

31HIDT ) F—a v AF—LIZEDSWT, TXWEDLZDDOT ) T— 3
VT — R EEET 5.

HEHE DT — X 2T 5720, NFTT7/T—Yaviz{iolz. AF¥—A
MAMNIZE o CHETE, EREICT /) T—a Vv TEL02HEET 5720, K
ANTT /) 57—=2ave$bleT, ZTO—HEIZODWTHEL.

3.3.1 ERAZAR

3.2 Hi T X7z ACL anthology D#w X% 7 /T —Y3a v 5.

Q2 ARKDXEIZDOWT, BRASENLMZEM L T 5HFLEDFE3 NI —
YarvlLTH oot

T/ 7= arvO—HRIIDODVWTHET S0, 1 D0 DE2ANT/
T—=2ave AL B YT, T/ T = aryy—)UiZidbrat [15] ZHWT
T/)T—=avA VR Tz—ARER L. EBOT ) T—YarvA v R 7 z—
A%M 1IZ3RY.

3.3.2 R -EZR

T)T—avORREERIZIOVWTHRET 5.



(TERM POSITIVE]

Such systems can take advantage of entity-level information, i.e., features between clusters of mentions instead of between just two mentions.

As an example for why this is useful, it is clear that the clusters {Bill Clinton} and{Clinton, she} are not referring to the same entity,but it is ambiguous whether
the pair of mentions Bill Clinton and Clinton are coreferent.

Previous work has incorporated entity-level information through features that capture hard constraints like having gender or number agreement between clusters
(Raghunathan et al., 2010; Dur-rett et al., 2013).

In this work, we instead train a deep neural network to build distributed representations of pairs of coreference clusters.

This captures entity-level information with a large number of learned, continuous features instead of a small number of hand-crafted categorical ones.

Using the cluster-pair representations, our network learns when combining two coreference clusters is desirable.
At test time it builds up coreference clusters incrementally, starting with each mention in its own cluster and then merging a pair of clusters each step.

It makes these decisions with a novel easy-first cluster-ranking procedure that combines the strengths of cluster-ranking (Rahman and Ng, 2011) and easy-first
(Stoyanov and Eisner, 2012) coreference algorithms.
[TERM NEGATIVE] N
Training incremental coreference systems is challenging because the coreference decisions facing a model depend on previous decisions it has already made.
(TERM) (TERF)
We address this by using a learning-to-search algorithm inspired by SEARN(Daumé III et al., 2009) to train our neural network.

This approach allows the model to learn which action (a cluster merge) available from the current state (a partially completed coreference clustering) will
eventually lead to a high-scoring coreference partition.

1: brat i2&s7 /57— av

TERM DY /57— a3 IZ2WTC, 5Be—8KIE24.0%, Mo —Hza8—H
RIF3B2NTH o

—HRPMEVHIRE R o Tz, A—BOFEH 2Ll 5, /DT /
T =X —MNTERM % {1 5- U722 DWT, $5 /D7 T—X—=2WF5L7%
oz RINL ALz, THiE, XERITEENDHEED TERM &5 24
Wi L Do 7272 e B2 ob. HlZIE, joint inference X° a learned cluster
ranker MW—FHDADT ) T—a e L THALNT.

TERM D3 —BLTWB 7T ) T —a IZDOWTIE, &ilaTc7 /) 5— 3
VEREMIA, ELLS T/ T—YavanTwWiarol, ZHiE, 7/ T —v s
VAX— ADMEEE IERIED o TR 5 - Z e DN E LTEZSNSD.
HAKIZIL, the ® a R EDHIFNELNEERVWMNTT / T— a3 v OHPHN
A—E U TWBEE T BRI o TWb. £72, a simplified semantic role
labeling (SRL) framework @ & 5 aEfizE %2 &L TERM 7/ 7 — 2 > OHi[H
DA—HBPR SNz,

IZ, TERMD5E2—B U777/ 7= 3 IZDWT, Sentiment DIEFTTH] &
77— X —HO—E (k HalR) 2% 1 1ITRT. 3 D2DOREFTINIEIADT
J)5F—R—% A B CLLEM, &7 /)F—2—07 ) F—vavLizXEty




# 1. XFEE Y b T2 D Sentiment DIEFTTF

AB | Pos | Neu | Neg A,C | Pos | Neu | Neg B,C | Pos | Neu | Neg

Pos 7 2 0 Pos 10 5 1 Pos 4 2 0

Neu 3 78 10 Neu 1| 100 9 Neu 2 72 13

Neg 0 31 25 Neg 0 41 23 Neg 0 6 13

(a) k : 0.7031 (b) k : 0.7044 (c) k: 0.4903

~ OHEBEIIN T HFERZ ZENENRL T WS,

Sentiment (22T, TERM 23582 —3 L TW A5G IE—EENEHD 572, Sen-
timent A —E LR WEHK & UT, RAA VEERPBELREFVGFET LI LD
mo Tz, BARBNZIE, H#1(9) D a graph representation 5 NEUTRAL & POSITIVE
TT /7= avhEiniz. a more adequate clusterization phase %53 5 Z
EWREBRDMNE S, RAAL VHERPBERZOEEZONS.

(9) We arqgue that a more adequate clusterization phase for coreference resolu-

tion can be obtained by using a graph representation.

£/, FHER XD XETIEREERN 232 A5 Z &%, Sentiment O¥Wr A
HUWHEKNE LTEZ NS, —BIIZ, PR TR T2
M2 Z i3l onszo, HERMNZEHMERBIZHWS. #(10) Tl the cas-
cades approach 7 TERM-NEGATIVE & TERM-NEUTRAL T7 / 57— a v H3E|
N7z, only when the first level decision-making is done &\ GfliA3 the cascades
approach ZWEIZ A H T 4 T IWZFHE L CWA LR TE 5728, —HDT /) 57—
X —7 TERM-NEGATIVE D I X)LV &2 fE L7 E X 5.

(10) Importantly, our pruning and scoring functions operate sequentially ateach

greedy search step, whereas in the cascades approach, the second level func-

tion makes its prediction only when the first level decision-making is done

7T = a VERERIZDOWTOEFRIILITIZETS. £3, TERMO7T /
T—=avOHLINHDB. T/ T—varo—HEKE L5701, T/ T—

10



Va v AF—LOMPVERICET SFHAPBEL LE A S, BARRIZIZEE Z
GO, BMFEE & A AR O ZINS M EDNENEZ 5N S, Sentiment
DT /T = a VZEHXD MY 2T BB BETH D b hrot.
F 7z, MmO EIIEERN LG Z W5 Z & 3%\ 20, Sentiment DT J T —
VavIilENEBIAZ N o T,

11



4 BEhHHEER

HEHIHE XA U TEDREE#HEL W1 EZRIET H728H, R—AT5314 kb
ETIIVEMELUEREZIT- 7.

4.1 YRIVBTE

AWFETIE1I X2 A2 ULTE X, TERMDAE L Sentiment 2 3571 —
TR A7 L UTERT 5. dHliiEEiE, FHZ XOVHIEMT X)LV EAE - T
RNV HIZ—HU-RDAEME U, FAETIHES 5.

4.2 T—4

331 HiOEBRCIER LT —RE2HWS. 2720, 2ADT ) F— a v ik
GUET—2%2{HTE. T—XOHKiEIE, TEERHEL <D TERM &ZDF]
R+ RA(POSITIVE, NEGATIVE) 28019 % Jitkz w7z, BARRIZIE, TERM
IZOWT, LAY/ T—=Ya YU TWHUETERM & L, #49—HL TW554
IZDOWTIE, #HiPHAAWG%Z TERM & UCTEA L=, £72, Sentiment 23 A—3
DIGE1E, POSITIVE:- NEGATIVE D5 XL EEHEL, 2 ADIZENF N POSITIVE -
NEGATIVE 27/ 57— a > LT W54 13 NEUTRAL 5 XL 2ERA L 7=,

¥z, XEDOIZV—=v Tk, 75— arvDBEEATFTIT>ZT—4X%
L7z, ZhiE, 7/ 7—2av7 =R UTHWETFAND - BEED h—
I ML T Wb TH D, BARNIZIE, 2 XBER > TWE R E XYY
DE > TWBEE, MMl EEL ELL RSN TWRWESIZOWT, IE
LWREID &2 K5EBIELZ. 7/ 77— a YOEEDWTIE, TERM OH#iFH
WG DOEIHATH 5 & S ITBIERITo 2. BARRIZIE, BREHFD TERMIZE £
NTWRWIN)L, TERMDT /57— a VEHBREFEAATRW T NV EEL W
HPIZIBEIEL -, DI, ZOBEFBD2ODOF—Z1y M FNF N noisy T —
R o-cleanT—RETD. T—ROBE - TRLDEIIEX2DEBHTHS.

12



K2 TI)TF—aryr—ROEM

TERM
7 —2& sentence POSITIVE NEUTRAL NEGATIVE
noisy 1,872 254 1,102 116
clean 2,058 255 1,100 116

4.3 ERETE

X T LA - B - TA N E SLLICHEIL, 10 DEIRERIEE T o 72,
F7, HLVEXUINLUT, @EOMXT — X TEMNIGTEDNRAET 2720,
BFETH B 201THEL 2017 F L VAIOEDT —R2ZhENT AN, Jlffe 3
BHETEERET 72, FHEEETH 5 F HIX 10 2E 5 24 0E O F-¥ME TR
T, 2L, TANT —XOFHEIZHRET — XD FEPRDEL RofzTKy &
BT BRERERT.

4.4 ETI

R=AFA4YDETINE LT, NERtagger?Z HH\ /2. ZDE T V% Lample &
DIRFEU Tz, RHEP ST T ICEARBM 217 5 BILSTM-CRF €7
)V [16) TH 5. HEEHDIAANRZ ML E LT, ACL Anthology Corpus [17] T
B AD word2vec ZfH L7z, ZDE T IV % Baseline €TV &9 5.

%7z, Baseline E7VIZANZ, 1 Billion Word Benchmark THIH AD ELMo [18]
R NVEMHAT 5ET IV (ELMo €7 IL3) & FEERIZH W=,

4.5 ERER - ER

FEEERAH 3 1I0RT. BERERIZOWT, W1 asy yONEIEMRE %
FHIRK 5 % TIr o7z, clean T —XIZD\WT, Baseline, ELMo D\W§IWDE T I

Zhttps://github.com/UKPLab/emn1p2017-bilstm-cnn-crf
3https://github.com/UKPLab/elmo-bilstm-cnn-crf
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#* 3. HEhH RO R

F—X EFI)  devFl testFl1

noisy  Baseline 44.48 43.69
ELMo 47.79 48.60

clean Baseline 50.70 49.79
ELMo 54.23 52.35

T¥H noisy 7— X IR LU THEIZEREA DS LRI N, £z, ELMo €7
JUIZD\WT, noisy. clean W3 DT — X TH Baseline € 7L & IR U THEIC
BEENRH D LRI NT-.

BRHETH 5 2017 £ L D FTD clean T — X 12D\ T ELMo € TV TRl L 7=
FER, TART—XTH 2 20I7THET— XD FHEIX42.69% TH - 7-.
ETNDFRFERNS, RATDHL JIZODWTERT S, DU, mHHEDN
H W ELMo ET)VO FHIKERZHWTIRRS, 72720, FlIXizsnwT, THiok
NEXFEIEMT N, FEXFEFHET L E UTERLT 5.

ISR A FER A ENT VA HEAITET AV FHITETWS. #i(11) T,
This approach \ZXf U T suitable & \5 FHliz L C\W5728, €7 /L) TERM-
POSITIVE 7 X)L FHITE 2L E R 5.

(11) This approach ;Eg%:gggﬁ_—;vg to feature engineering is suitable not only

for knowledge-rich but also for knowledge-poor datasets .

L2 U, $dfi - FiEz2ERT 2 HEEZ G 204G, TERM O FRIZH L Wi
B, BREEDIRD BT TWS. #i (12) TlX, concept maps & TERM-POSITIVE
DIEfRZ NV THZD, ETNTIEFHITE TV, 2L, concept maps 12
(XHRIIC TERM 2 R HEEDRE ENTVWRWIZDHEEZ 515,

TERM-POSITIVE

(12) Sewveral studies report successful applications of concept maps

in this direction...

[FIBRIC TERM D PRIV L WEE L LT, ESZRPBELRGENEAZO5N5.

Y
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#i(13) T, they ® TERM-NEGATIVE % E TV FHITE TWRWV. ETIVIFEE
SZBEEEL TWB720 they X TERM D E S DOYERTE LWL EZ 5.

(13) Second , they TERM-NEGATIVE }, e limitations in their expressiveness :
the information extracted from the two mentions alone may not be sufficient

for making an informed coreference decision , *+**

F7-, BEERIUZREHETZ U T\ 554614 Sentiment O FHIAEE L W28, T )L
NG5O BEL TN S,

# ( 14) TIX, This model i TERM-NEGATIVE D’ IEf# T NV TH B D, €TV
IX TERM-NEUTRAL Z FHIL TW3. EFEMEIZITTRIIESHEEXY 7112
HT&E2 2 \WSFHiA POSITIVE TH B & FHITERWZDEEZ D,

Sentiment D FHNE 33 HiD T / F— a VEERIZE T S Sentiment DA —F &
FRRDMEFID A SNz, DX D, FHEAHR TR WEGE, X1 BT 2 RES
PHERDBIBERIGEIZETLE FHINPHE L VWEEZ SND.

(14) Thismodel ;Eg%:ﬁgg’-ﬁ{%ﬁ 15 not specifically tailored to gesture-speech

integration, and may also be applicable to other non-verbal modalities .

RIZ, BHETHL201TFET AT —&XEL, 2017THE XD FHIOFEDT — X
THH U FERBEEIIDOWTERT 5. FH 42.69 %3 AR O LR E O F {H &
DEHERESHEN Doz, FHINE LT, T —XITHELELUBRWVERRGEN T A
FNTF=RIZEEFNTWZZEREITONS.

#l (15) Tl memory network 78 TERM TH B0, ET VI FHITEZ TLZRL,
memory network 13H U K EG L HEMTH 5720, FEHT — XIZIFFEHEL RV
TERM TH 2. Lo TETLOFHIFHELWNEEZ 5.

(15)  We compare the prediction accuracy of memory network with an existing

state-of-the-art coreference resolution system -

7z, Hil(16) D the WD classifier & the CD classifier 7 TERM Td 5B ET
IWIRFRITE TV, WD & CD \&FE Ui T within a document (WD) and

15



across multiple documents (CD) L EFRLU TWHHEETH D, FHT — XITIIF
FEVIRWHEETH B,

(16)  Specifically, the WD classifier uses features based on event mentions and

their arguments while the CD classifier relies on -

HEHHEERIZ K 5T, KRERZATDBRRA A TS BRI - HEFmA B EIR & X
ITHBIENpirote. £z, HBRPOKRAFEITHIGUET IV EMEST 5 Z
L RAT S TDIIBETHLLEEZOND.
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5 MBEAVYITT—R

Ronbun_search

Predicate data search : Istm term result : 36

Term phrase: lstm

11 Hits
P17-1116
+ [ETMEare excellent at processing language

why we use this architecture .

P17-1132

in BILSTME that allows flexibility in deciding
whether to attend to background knowledge or
nat .

over its counterpart BILSTM-Fea-CRF .

BILSTM-Fea-CRF in all the settings and that
incorporating both KEs leads to the best
performance .

« Interestingly , we find that using BILSTM-CRF

sequances | Hochreiter and Schmid-huber , 1987
: Sak et al. , 2014 ; Graves et al., 2013 ), which ks

* Furtharmore , we introduce a sentinel compoanent

« Dur KBLSTM-CRF medel significantly improves

« We find that the KBLSTM-CRF cutperforms the

Positive TERM Results Negative TERM Results

& Hits

P17-1132

= They achieve significant improvement on both
entity and event extraction compared to
tragitional feature-based methods and [HEEN
[FEENEERE  hat disregard knowledge in KBs ,
resulting in new state-of-the-art results for entity
extraction and event extraction on the widely
used ACE2006 dataset .

« BidirecienallSTE | Graves etal., 2005 (|
BILSTMs ) are essentially a combination of two
LSTMs in two directions : one operatles inthe
forward direction and the other operates in the
backward direction .

P17-1103

+ [Eare one of the most well-established
metheods for dealing with the vanishing gradient
problem in recurment networks | Hochreiter , 1991

without any KB information already gives sirong ; Bengio etal, 1994 ),

X 2: A V&R T = — AHH

SHITHERUZT —X, KO4AHTETADRTFHULZT—XZRAL, BEEA
VR T =A% U (X 2).

SHEICTER LT —&I%, 428 THERLZZ Y —=V TFAT —X (clean T —
)RV, ETVOFRL T — R, AHOEBRIZE W TROMEELE -
7ETNEMWT 01T DGR FHIL R E T -2 LTHO TV ..

MERA >R 72— ATlX, Term phrase (ZMFBEUZWTERM Z AJ19 5L, £
filiz TERM-POSITIVE, #fliZ TERM-NEGATIVE »*—&ETHRRIN 5. 2 &
LSTM 7 TERM OMERFEREZFRL T2, FIZIE, X2 D POSITIVE DR
FEH & U T Furthermore , we introduce a sentinel component in BiLSTMs that
allows flexibility in deciding whether to attend to background knowledge or not
CDIRIREINTWAB., ZOXD S BiLSTMs 1% a sentinel component ¥ allows
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flexibility in deciding whether to attend to background knowledge or not & \»5 A
IZBVWTENTWS LW IEREFSZENTES. ZOLSIT, MERERER
HLUT, »5EAOM R - REZINITT 5 Z LA BETH 5.
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6 5w

AWZE T, FHEBRIF R CBIT S, B - RmD7 /) 7—Yave
EEIEE R

T/ T—YavAF—LEBERL, BENZLET /T arvERET o
$re, T/ T =Y a VEBRTHELLT—XEMWT, R=ZAJ71VETIVZE
% HEh R SRR 2 1T 5 72

SHOPEL LT, £, T—ROKRBBILETONE. ZDDIZ, 7/
T—Ya VEEOR - EHEELEE NG, /2, SEEHRLZT TV =
VAF—LFERSENEOH SN B VT HRHAETH L. TD=8, Bk
MBI BWT T /) T =Y a vy T — X 2ER L, EEHHE AT REMRGE & 1T
ST ENEZONG. HBRIZ, MHEEDM EDZ®IZ, FAA VHFROBEL
Fl - H U WD SUI G U7z BBl E TV ORI b Z e EZ S
ns.
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B

AR E D BH12H7-0, 2L OERD W), THESZ2WEEZEE LA D
L OEHHBAL ETET.

VMR R IZ 1L, IR EEERTA S, R - FcB T a4 THRE - &
BEx2WEEE Lz SAREMRRICZE, RUSHFRIZDOWTEL DO ZFEE%:
W2 EFE U7, HEEEHBHLU BT Y. e AERHRCEECELELT, B
BEOZTHREZ W EE U EEREBUCL L D EEEB L BT ET. 72,
KX DBEEZBZIT LTV E F UIbN E X8R R OOR T8 B8R I %<
R U EIFET.

BRBZIZIRD F LD, MEEEEZ XA T EE 5720 - AR ED AR Y 7
DERRZII LD, 2EMDRZEFRETKEZ LZ TS 27T RTOHIZE L
HL ETET.
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