Event Argument Extraction and Linking:
Discovering and Characterizing
Emerging Events (DISCERN)

Archna Bhatia, Adam Dalton, Bonnie Dorr,* Greg Dubbin,
Kristy Hollingshead, Suriya Kandaswamy, and lan Perera

Florida Institute for Human and Machine Cognition

11/17/2015
NIST TAC Workshop

% ihmc



Main Take-Away’s

 Symbolic (rule-based) and machine-learned
approaches exhibit complementary advantages.

 Detection of nominal nuggets and merging nominals
with support verbs improves recall.

 Automatic annotation of semantic role labels
improves event argument extraction.

 Challenges of expanding rule-based systems are
addressed through an interface for rapid iteration
and immediate verification of rule changes.
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The Tasks

e Event Nugget Detection (EN)

 Event Argument Extraction and Linking (EAL)

% ihmc



The Tasks

e Event Nugget Detection (EN)

The attack by insurgents occurred on Saturday.
Kennedy was shot dead by Oswald.
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The Tasks

e Event Nugget Detection (EN)

The attack by insurgents occurred on Saturday.

Kennedy was shot dead by Oswald.

 [Event Argument Extraction and Linking (EAL)

ATTACKER TIME
The attack by insurgents occurred on Saturday.

Kenthot dead by Oswald —*
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Discovering and Characterizing
Emerging Events (DISCERN)

Two Pipelines:
e Development time
e Evaluation time
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DISCERN: Development time

4 Preprocessing \
training/development
data

Automatic annotations

Support verb & event

\ nominal Merger /

/Rule Creation/learning\ & Implementation \
& development H Detect event trigger

Hand crafting/ ML for rules Assign Realis

Web-based front-end used for Detect arguments

further development of hand-

\ crafted rules / Qanonical Argument String resolutioy
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DISCERN: Evaluation time
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DISCERN Preprocessing
(both pipelines)

documents )

Stripping XML off
Splitting sentences

POS tagging, lemmatization, NER

/ Stanford CoreNLP \

tagging, Coreference,
\ Dependency tree /

processed

datg <
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(Support-verb & Event nomina

merger

New dependency tree generated with

support verbs and nominals merged into a

single unit
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‘ Word-POS pairs
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CatVar

A database for categorial variations of English
lexemes (Habash & Dorr, 2003)

e Connects derivationally-related words with different
POS tags =» can help in identifying more trigger
words (e. g., capturing non-verbal triggers)

/ Business.Merge-Org \ ( Business.Merge-Org \
(before CatVar) (after CatVar)
Consolidate [V] Consolidate [V], Consolidation [N], Consolidated [AJ],
Merge [V] M_erge [V], Merger [_N]
Combine [V] Combine [V], Combination [N]
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Support-verb and Nominal Merger

e Support-verbs contain little semantic information
but take the semantic arguments of the nominal
as its own syntactic dependents.

Support Verbs

Light Verbs: Other:
Do, Give, Make, Have Declare, Conduct, Stage

e Support verb and nominal are merged

Detroit declared bankruptcy on July 18, 2013.
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Support-verb and Nominal Merger

e Support-verbs contain little semantic information
but take the semantic arguments of the nominal
as its own syntactic dependents.

Support Verbs

Light Verbs:
Do, Give, Make, Have

Declare, Conduct, Stage

Other:

e Support verb and nominal are merged

Detroit |dec/ared

bankruptcy

on July 18, 2013.

Ia\_/_f
nmod:on

nsubj
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DISCERN: Development time
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How are rules created for DISCERN?

e Manually created linguistically-informed rules
(DISCERN-R)

e Machine learned rules (DISCERN-ML)

e A combination of the manually created rules and
the machine learned rules (DISCERN-C)

Three variants of DISCERN submitted by IHMC
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DISCERN-R:

* DISCERN-R uses handcrafted rules for determining nuggets and arguments
e Event sub-types are assigned representative lemmas

Event Sub-type ustice.Arrest-Jal

Lemmas arrest, capture, jalil, imprison

e m A
FEEIIIEE “
Values Agent

-
d [ |
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DISCERN-R:

* Rules map roles for each event sub-type to semantic and syntactic features

e Lexical resources inform rules: OntoNotes, Thesaurus, CatVar, VerbNet,
Senna/PropBank (SRL)

Event Sub-type ustice.Arrest-Jal
Lemmas arrest, capture, jail, Imprison
I
Roles m Sl
values .
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DISCERN-ML

e Decision trees trained using ID3

. T =”d b'”?
algorithm >

yes 0

* Every event sub-type has a binary
decision tree | |

e Every word is classified by that

decision tree. Dependent

A word that is labeled as a yes is n

trigger of that sub-type yels [ |

e Each role belonging to an event sub-type ~
has a binary decision tree

Dependent

Entity NER=“null”?

* This example classifies the Entity role
Contact.Meet

 Tested against dependents of YES O

Contact.Meet triggers in dependency tree N

Entity Not Entity
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DISCERN-C

e Combines DISCERN-R with DISCERN-ML, where
DISCERN-R rules act like a set of decision trees

e DISCERN-R rules are compared to DISCERN-ML
rules and considered five times as strong
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Web-based Front-End for Rule
Development

=] True Postives | False Positives | FP Wrong Basefiller | FP Wrong Event Type | FP Wrong Event Role | FP Wrong Realis | False Negatives | Precision | Recall | F-Score
2 130.0 895.0 s37 175 139 35 18300 0.1267 0.0663 | 0.0871
4 80.0 410.0 250 85 59 7 18800 0.1633 0.0408 | 0.0653
S 103.0 s81.0 391 135 117 28 1857.0 0.1314 0.0526 | 0.0751
& 519.0 291 105 o5 18 18820 0.1588 0.0500 | 0.076"1
7 895.0 537 175 139 35 1830.0 0.1267 0.0663 | 0.0871
8 s23.0 408 138 107 22 18350 0.1537 0.0633 | 0.0896
= S520.0 337 118 L0 35 188940 0.1006 0.0337 | 0.0505
42 835.0 S22 12 4 1917.0 0.0661 0.0229 | 0.0341
13 24750 1980 108 30 1745.0 0.0810 0.1111 | 0.0936
44 3051.0 2418 108 38 1742.0 0.0675 0.1126 | 0.0844
45 7150.0 5776 142 35 1741.0 0.0301 0.1131 | 0.0476
16 21190 1618 7o 4.0 17380 0.0960 0.104S
a7 1127.0 874 143 45 1798.0 0.1277 O.1014
48 11430 80 141 35 1809.0 0.1187 0.078S | 0.0945
49 820.0 ss52 a5 29 1845.0 o.1171 0.0601 | 0.0794
SO 11850 701 154 38 1800.0 0.1209 0.0830 | 0.0985
54 251.0 128 38 3 1247.0 0.0528 0.0071 | 0.0126
SS 1148.0 857 131 31 1821.0 0.1115 0.0733 | 0.0884
58 11610 823 279 135 42 18170 o. 117 0.0781 | 0.0937
57 954.0 528 230 o7 40 18310 0.1236 0.0691 | 0.0887
58 11840 ar2 177 &4 10 18910 0.0613 0.0386 | 0.0474
59 17270 1158 317 105 32 17990 0.0949 0.0914 | 0.0931
7O 1350.0 801 313 82 S0 1805.0 0.1095 0.0842 | 0.0952
a -~ 7\
——— f AN
& =N |
¢ \ |
o _ T

\F-score
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True Postives | False Positives | False Negatives | Precision | Recall | F-Score

154.0 1161.0 1817.0 0.12 0.08 0.054

Details

Show 10 § |entries Search:

Event True O False
Type Role Positives ¥ Negatives Basefiller Type Role Realis Other

Life.De Victim 12 112 1 0 0 3 S
Contact. Meet Entity 1" 95 6 1 0 1 1
Justce. Arrest- Person 9 54 1 0 0 0 1
Ja
Justce.Charge- Crime 9 46 2 0 0 0 3
Incict
Conflict. Attack Attacker 8 44 1 5 6 1 2
Justce.Charge- Defendant 7 69 1 2 0 1 1
Incict
Conflict.Attack Target 6 64 8 5 0 3 1
Justice.Convict Defendant 6 68 1 0 1 0 3
Life.De Place S 47 1 1 4 0 2
Life.Dwvorce Person 5 26 0 0 0 0 1

Showing 110 10 of 155 entries

i Previous - 2 3 4 5 16 Next
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ses
Kill%2:30:08::
stamp_out%2:30200::

kill9%2-30:02::

“show all arguments®

It happened at 4:42 a.m. at Broacway and West 95th Street

Poice say 26-year oid Samantha Lee was initaly clipped by the driver ‘s side mirror of a passing ambulance .
Sre fell face cown onto the eastbounc lane of West 96ih Street . and was then struck by a Dodge Charger sedan .
nitp//abciocal.go.comiwabcistory Psection=news/local/new_york&amp d=0308844

Gold

Values

Life.Dwe Place tne eastbound lane of West 96tn Street  Actual C C W ! Actual
Life.De Place Upper West Side of Manhattan Actual C C ' (=3 Actual
Conflict. Atack Target 26-year old Samantna Lee Actual C C ' C Actual
Conflict. Attack Place Upper West Side of Manhattan Actual C C ' ' Actual
Life De Time Actwal C C C C Actual
Life.De Time 2014-01-19 Actual C C C C Actual
Conflict Attack Place tne eastbound lane of West 96tn Street  Actual C c c c Actual
Life.lnjure Victim 26-year old Samantra Lee Actual C C 1 C Actual
Life.Dwe Time mornng Actual C C w ' Actual
Life.Dwe Place the Upper West Side of Manhattan Acwal C C ' C Actual
Life.De Place News NEW YORK Actual C Cc I i Actual
Conflict. Attack Place Street Actual C [ ' 1 Actual
Conflict. Attack Place West 96tn Street Actual C C C C Actual
Life.OCe Place Mannrattan Actual C C C C Actual
Life.inure Victim Samantha Lee Acwual C C C C Actual
Life.De Place of Mannattan Actual C C ' ' Actual
Life.inure instrument a Dodge Charger sedan Actual C C C [& Actual
Conflict. Attack Instrument a Dodge Charger sedan Acwal C C C C Actual

A 1hmc

Eyewness News NEW YORK -LRB- WABC -RAB- -- NGRS~ as k ec in an accident Sunday morning on the Upper West Side of Manhatan .

Submission

Confict Attack
Lite.Die
ConficlAntack
Confict. Attack

Lfe Die

Conflict Attack

LUfe Die

Life.Die

Confiict. Demonstrate
Conficl Attack

Confiict. Demonstrate
Life.injure

Life.injure

Confict Attack
Confict Attack

Life.injure

Place
Place
Place
Time
Time
Target
Place
Victim
Entity
Atntacker
Time
Victm
Time
Target
Time
Agent

n an accident Sunday morm

on the Upper West Side of Manhattan
on the Upper West Side of Manhatan

n an accident Sunday morn

9

n an accident Sunday morning

A pedestrian

n an accdent Sunday morn
A pedestrian

by a Doccge Charger secan
by a Docge Charger secan
then

26-year old Samantha Lee
then

26-year oid Samantha Lee
then

by a Dodge Charger sedan

ng

ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL
ACTUAL

191
221
221

191

191
167

191

167
514
S14
s02
3zc

330
s02
514

219
255
2s5s
219
219
178
219
178
537
537
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Anchor 1 remove Back to Rule Incex

1 /sent '_tree /dep(((((8type="nsubjpass’) or (Btype='dobj') or (ftype="prep of’)))

2 and governor((word[following-sibling::catvar]/vnelass/@class='judgment-33' and (@lemma='attack’ or Scores

3 #lemma='assault’)) or (word[following-sibling::catvar]/vnclass/éclass='meet-36.3-2" and (#lemma='battle’ or

[ #lemma="fight'))]) or ((((#type='nsubj') or (#type='amed') or (ftype='nsubj') or (E#type='agent’) or (f@type='poss’)

5 or (#type='prep batween'))) and governor[(word[following-sibling::catvar]/vnclass/#class='judgment-33' and Ground Truth Events: 66
6 (#lezma="attack’ or @lemma="assault’)) or (word{following-sibling::catvar]/vnclass/@class='meet-36.3-2" and Anchor Hits: 18
7 (8lemma="battle’ or @lemma="fight'))]) or ((((&type="prep at’ and dependent/@XER= HE') or (@type="prep on' and Anchors Inside predica 15
B dependent/ENER='DATE") or (Etype='prep around’'))) and governor((word/vnclass/fclass='judgment-33" and Rule hi 18
9 (8lemma="attack' or Elemma='assault’)) or catvar/variation(fpos='V')/fword=’ ck' or

10 catvar/variation(#pos='v']/@word='assault’ or (word/vnclass/fclass='meet-36.3-2" and (flemma='battle’ or Correct: 3
11 Blemma="fight')) or catvar/variation[Bpos='V'|/@word='battle’ or catvar/variation[fpos='V']/Bword='fight']) or

12 ((((ftype="prep_at') or (@type=' prep. on') or (@type='prep_in') or (#type='prep around’) or (ftype='prep_through’)

13 or (Btype='prep over') or (&type= p:ep under'))) and governor|(word/vnclass/@class='judgment-33' and Down;oad

14 (8lexma="attack’ or Elemma='assault’)) or catvar/variation|fpos='V’]/Rword='attack’ or

15 catvar/variation[&pos="v']/@word='assault’ or (word/vnclass/#class='meet-36.3-2" and (@lemma='ba Aules

16 #lemma='fight')) or catvar/variation[Bpos='V'|/@word='battle’ or catvar/variation[&po:

17 ((({ftype="nsubj’ and not(dependent/@NER='PERSON')))) and governor[(word/vnclass/@class='judgment-33" and

18 (#lemma='attack’ or #lemmas'assault’)) or catvar/variation[@pos='V’)/#word='attack’ or

19 catvar/variation[fpos="V'|/#word="assault’ or (word/vnclass/#class='meet-36.3-2" and (#lemma='battle’ or

20 Rlemma="fight')) or catvar/variation[®pos='v']/@word='battle’ or

21 catvar/variation(#pos="V"|/#word="£fight'])]/governor
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AsdRue| Test = Save

Doc CAS Realis  Comtext GT Predicate GT Basefilier Rule Output
4798bc00166109380000120922106256  UpperWest  Actual  Eewitnessysz yag NEWS:a 1ar NEW g 151 YORK 52 106 LB 57 15 WABC 154 162 “RRBe1 0 15+ Eyewitnoss News NEW YORK -LRB- on Ine Upper West
Sideof 164 v28 v co PROBSITIAN 5 176 WAS g0 160 KOs 150 Mg 193 Ay 196 BCC0ONN 57,205 WABC RRB- -~ A podestnan was kiled S of
Manhattan SuNdaYag 212 MOMING213 220 ONz21 223 NO224 227 UPPBTazg 253 WESIzas 238 S108290 263 Olpus 204 In an accident Sunday morning on the Manhattanggy 2.y
Manhatansg; s 25057 Upper West Sice of Manhatian
4798bc00166103389300120922106258  thoeastbound  Actual  SN@uy; axs 1ellisa agg 10830 4a3 OOWN,cq aag ONOLag 45 Neusa 457 0ASDOUNG 55 457 1AN4gs 472 Sha foll face down onto the eastbound  the eastbound lane of
1ane of West Oz a7 WESLe g, g0 960y o SU0CLigg g5z 4o a33 ANCige g7 WaSaga sor BNgoy sop UKy 5rs  1ane O West 961N Street, andwas then  West 96Uh Streelisy iy,
961n Street DYsre516 @s17,518 DOOG419 526 CPAMGR0s 432 S00BNsxs s 538 539 struck by a Doage Charger sedan .
4798bC00 166109389300120922/06258  Street Actidl SN0asoexs 1llgse 43 1800e3g e GOWRgas 45 ONMO4as 453 MBesa 457 €ASIDOUNTsg ae7 AN0scg 72 Sne foll face down onto the 0astbound.  Streelusg e
Ol ars WSl 75 60 961Nagy 45 SUCLLag 4o 492 03 AN0ags 497 WBSaga 501 NOMNg2 505 SUUCKegy 513 lane of West 96th Street , and was then
BY514516 517,518 DOOGEs 19,520 ChArGerios 532 S00ANK s3p 508 539 struck by a Dodge Charger sedan .
4798bc0e 166/e83893b0120922106258  West 96th Actual SNB43; a3 10llass 438 18CR439 4c3 GOWNL2q 405 OMOLg a5y NBess 457 CASIOOUNG s 47 1ANOaga 472 West 96th Street, and was then struck West 96th Streetr; su:
Street Oz 75 WeSlazg sa0 96MNegy ey SIreClugs aaz 492 193 ANCane 47 WBS g 501 NNsgz 505 SUUCKsg7 513 by a Docge Charger sedan .

BYs1e 56 8517518 DOOQs 19 520 CNAIGET 00 532 SO0RN s s3g 530 539

9601723990104346/3e79022e0c0865a  Iraq Actual Tellaoy, vacs M@1acs 1208 -1ace 1e09 YOU 4101413 OUMD:aye 1avm ™" 1010 1423 S1a2 1428 11020, 1425 Tell me . you dumb **** 5 , is Irag more 1raQy 20 1432
181426 ve2n 11801426, 1435 MOM@1a3c 1458 1108 a9 1003 NOWsas a7 NANy4a 1252 DOIONG 453 1088 free now than before we nvaced ?
Wehagy 1as INVa0e0 aga 1am Pramran

2a003ea834a57bacBBeeeS207122118  Lahore ActUal  Myspave WaSas s 13KONs 0 32 OUMNGsos 431 e 05 AMACK36 545 Nags ses LANOMBagg 352 t was taken during the attack inLanore  Lanors.y s, Anchor:  altatke se
8GAINSl353 350 Mgy 358 Slhyas a8 LANKAN g 375 CACKELs75 365 TOAMygs 158 Mgy 20 FEDUAYsaz g0 AGAINSLINE S Lankan Cricke! Team In Argument:  Lahofeseg s
2009201 40 120m 208 MOWz07.410 568411 41 M1y 418 PICUTES 19 aa7 DOIOWa2g 433 53 294 18KENg5 200 February 2009
0Urigaa car Meaag a5) MUMDALss2 45 AUACKS 159 4 NOVEMDELI g7 ars 2008475 00 80281 NCeg2 ass
SAMB.y; 290 WO.01 a0 1BITONISIS s sox, WOIBscq 510 PROIDGFAPNOTs 1) szn Blsas sos DOMNs2r 83y
eventSy san lsan san

2a00302934a97bacs6Cees2071221118  Lahore AC@l  Myuzg0 WaSyys 318 18K8NS 16 126 OUMNGs2s 331 sz s AMACKsos 22 IMyes 305 LANOMeg 352 11 was taken dufing the attack inLanore  Lanofs.y sz Anchor:  allacky 10
GAINSTyss 350 Me3sr 26+ Slgs 35 LANKANs55 17s, CHCKE575303 TEAMgs 559 Nga 291 FEDIUANY592 ac0 against ne Sn Lankan Crcket Team in Argument:  Lanoressg s
200901 404 405,208 NOWzg7 410 $08a11 416 Meys 418 PICUTES 1y ao7 DOIOWi2g 433 33 04 1BKON3y sag February 2008 , now see the pictures
0uringear aar @asg 2y MUMBAlasy 4ng AMACKS 250 ps NOVEMDELag7 475 2008475 250 aan sz MBagoaas  EIOW , taken during the Mumbai attacks

SAMaug 190 WWOeay a0t 1ITOMSLS 05 s0s WEICyog 510 PROIOQLAPNOTs 1) 523 Blsas sos DOMNay 51 November 2008 , the same two terrorsts
VNS0 538 lsan 530 Wore pnotographod at both evonts |
2300302934a87bacE6Co852D71221118  February ACtUBl Mgy 00 WaSays 318 12K0Na1 124 OUMNGazs 131 s 306 BMACKsss 242 INasa ey LANOMRagg 352 1t was taken during the attack inLanore  February 2009 . now ANchor:  altaCay ez
2009, now see 8GaiNSlyss 30 Ness 3¢ Sriags a6 LaNKANsg 376 CrICKets7s 33 T@AMuga 00 INsgg 30y FEDIUANYa02 40 BGAINSL e Sri Lankan Cricket Teamin  see the pictures below Argument:  Lahorese s
the pictures 2008201 205 205,206 NOWsg7 410 S0Ca11 414 MCeys 41g PICIUILS g 47 DOIOWg 433 43 236 10KONL3s 20 February 2009 , now see the pictures  laken during the
Delow, taken QUG a7 Megs e MIMDALasg s AMACKS g e NOVEMDLS g ¢75 2008 en0 cpoear Mesgzcgs  DEIOW , aken ALring Ihe Mumbai allacks  Mumbal atacks
during the SaMBayg 450 WWOug1 404 1MTOMNSIS 05 505 WEMCs0p510 PNOIOGIAPNOTs1 ) 523 Alsaa ss DOMsay sy November 2008 , the same two terrorsts  November 20083249

Mumbal eVeNtSsp 30 lyan s were photographed at both events |
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DISCERN: Evaluation time

f Preprocessing \
unseen
data

Automatic annotations

Support verb & event

\ nominal Merger /
[ Implementation \

Detect event trigger

Assign Realis

Detect arguments

Qanonical Argument String resolutioy
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DISCERN Implementation

 Detect event triggers (nuggets)

 Assign Realis

 Detect arguments from trigger’s dependents
e Canonical Argument String (CAS) Resolution
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Detecting Triggers

 Each event subtype has a classifier to locate
triggers of that subtype

e Main features:

— Lemmas
— CatVar
— Part-of-Speech
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Assigning Realis

e Each event trigger is assigned Realis
e Series of straightforward linguistic rules
e Examples:

— Non-verbal trigger with no support verb or copula
-> ACTUAL

 “The AP reported an attack this morning.”

— Verbal trigger with “MD” dependent -> OTHER
e “The military may attack the city.”
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Argument Detection

e Determine arguments from among the
trigger’s dependents

e Support-verb collapsing includes dependents
of the support verb

 Experimented with three variants
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Event Nuggets Results

System Precision Recall F-Score

DISCERN-R

DISCERN-ML

DISCERN-C

% ihmce
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Event Argument Results

e

DISCERN-R 12.83%

DISCERN-ML I

DISCERN-C 8.18%

Median 30.65%

Human

= 9.19% 8.19%
15.02% 10.59%
11.66% 16.89%
73.62% 39.43% 51.35%

% ihmce
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Ablation Experiments

DISCERN-R with varying features
— Support verbs
— Semantic role labeling (SRL)
— Named entity recognition (NER)
— CatVar
— Dependency types
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Ablation Results Table

Precision 10.88%}10.89%|11.99%|11.00%(11.71%}§12.08%§10.93%

Recall 5.49% §5.39% (3.76% (3.76% |3.66% [3.66% J4.99%

F-Score 7.30% §7.21% |5.73% |5.61% |5.58% [}5.62% [}6.85%

CatVar and support verbs boosts recall but lowers precision.
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CatVar and Support-verbs Merging

e CatVar detects nominal triggers:

In Switzerland... the real estate owner... remained in detention.

/ Justice.Arrest-Jall \

Capture[V], Captive[N], Captive[A]]

Detain[V], Detention[N], Detained[A]]

Incarcerate[V], Incarceration[N],
Incarcerated[A]]

AT Y,
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CatVar/Support-verb improves recall

e Support verbs are located:

In Switzerland... the real estate owner... remained in detention.

R
prep:in nmod:in
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CatVar/Support-verb improves recall

e Support verb and nominal are merged:

In Switzerland... the real estate owner...

remained

in |detention.

L —————

% ihmc
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Where does CatVar hurt?

e “Catvariation” can be overly aggressive

Even within the confines of pure country’, Jones did not stand still...

—————
nmod:of

The case was transferred ... to the State Security prosecutor for
further investigation.

| I——

nmod:for

South African Leader cites progress’ in Mandela’s condition
f ' prog

nsubj
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Ablation Results Table

Precision
Recall

F-Score

% ihmce

10.88%]10.89%}§11.99%
5.49% [ 5.39% |3.76%
7.30% |7.21% |5.73%

SRL boosts recall, but lowers precision

11.00%

11.71%

12.08%

10.93%

3.76%

3.66%

3.66%

4.99%

5.61%

5.58%

5.62%

6.85%
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SRL improves recall

 Helps with general dependencyAtklpes:

the Iraqgi car bombing ... that killed 50 +
Xxcomp

* Helps with mislabelled dependencies:
Al

NEW YORK ... A pedestrian was killed ...
| SNSERY L

rcmod*
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Where does SRL hurt?

e Mislabeled semantic roles: AM-LOC

]
S4.6 million... to be distributed among the victims' relatives*.

—— |
nmod:among

 Heterogeneous semantic role labels:

1. The New York investor didn’t demand the company also pay a

A2

|
premium to other shareholders.

A2

|
2. He wouldn’t accept anything of value from those he was writing about.
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Where does SRL hurt?

 Overly general semantic roles:

AM-TMP
. I A
... the second Catholic ever* nominated...

TIME*

A2
... nominated for 3 MAMAs™ ...

POSITION*
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Future Work

* Implementation of semantic role constraints to
ensure each role assigned to at most argument
for potential precision improvement of 5%.

e Joint learning of event trigger and argument
extraction (e.g. Li et al, 2013) for improvements
in event/argument detection

* Improving semantic role labeller precision to
compensate for mislabeling and incorrect parses
— Adapting roles to individual domain
— Deep semantic parsing e.g. TRIPS (Allen, 2008)
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Conclusions

 Web-interface enables rapid iteration and improvement

e Support-verb merging in conjunction with CatVar
improves recall, surpassing median

 Semantic roles can help in cases where dependencies
fall short, but they must be used with care due to
inaccurate or overly general assignments.

e Combining linguistic knowledge with machine learning
methods can improve over either method alone
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