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What are Named Entities?

* Names of persons

» Names of companies or organizations

* Names of locations
o # %
» Date and time expressions
%&I &(')*++1_ *&' +l * /ny*
» Addresses
'01 12 - 3,845

* Names of proteins or genes or diseases,
ro-or 6--7 8"

» Measure expressions
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WY¥T19950403.0456 NEWS STORY
0470371998 21:02:00 BUOYANT CLINTON TAFES ON GOP SENATORS, BIG TOBACCO
WASHINGTON _ Eager to shift the spotlight from Peula Jones back to the
business of government, President Clinton lambasted the Republican
3enate budget proposal on Friday and warned tobacco companies to go
along with a proposed zectlement. Tired but buoyant in hisz first day
back at the Oval 0ffice after 12 days in Africa, Clinton immediately
azseubled his economic team in the White House Rose Garden this
wmorning and signaled an election-year showdown with congressional
Republicans over the budget for the 1999 fiscal year. Thile clearly
emholdened by a federal judge's dismissal on Wednesday of Mrs. Jones'
sexual misconduct lawsuit, the president wowed not to be distracted by
such matters, saying, "I am going on with my business.'' Instead,
Clinton castigated Senate Republicans for approving a $1.73 crillion
gpending plan on Thursday night that calls for modest tax cuts and
excludes wirtually all of the president's proposals for new spending.
ind he scolded members of the House for passing a six-year, §217
billion transportation bill packed with projects for almost every

congressional district. "°I am wery concerned that the budget plan now
working its way through the Senate will squeeze out critical
inwestments in education and children,'' Clinton said. "'I'm also
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Pasta — NER Examples

Staphylococcus aureus enterotoxin A ( SEA)
belongs to a subgroup of the staphylococcal
superantigens that utilizes Zn2+ in the high
affinity interaction with MHC class Il molecules.
A high affinity metal binding site was described
previously in SEA cocrystallized with Cd2+ in
which the metal ion was octahedrally co-
ordinated, involving the N-terminal serine .
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Named Entity
Recognition & Interpretation

Thalidomide was found to be
highly effective in managing the
cutaneous manifestations of
leprosy (
erythema nodosum leprosum ) and
even to be superior to aspirin
( acetylsalicyclic acid ) in

controlling

leprosy-associated fever

Named Entity
Recognition & Interpretation

<DRUG> Thalidomide </DRUG> was found to be
highly effective in managing the <TISSUE>
cutaneous </TISSUE> manifestations of
<DISEASE> leprosy </DISEASE> (<DISEASE>
erythema nodosum leprosum </DISEASE>) and
even to be superior to <DRUG> aspirin </DRUG>
(<DRUG> acetylsalicyclic acid </DRUG>) in
controlling <DISEASE> leprosy-associated fever
</DISEASE>
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Two Types of NER Methods

¢ rule based

» developed by experienced
language engineers

* based on human intuition

* requires only small amount of
plain training data

« development can be very time
consuming

« some changes may be hard to
accommodate

* use statistics or other machine

learning technique

« developers do (almost) not need

linguistic expertise

« fully automatic
* requires large amounts of

annotated training data

e annotators are cheap (but you

get what you pay for!)

+ some changes may require re-

annotation of the entire training
corpus
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Naive NER Method: List Look-up

» Recognize entities stored in given lists
e gazetteers, e.g., online phone directories, yellow
pages)
» Advantages:

* simple, fast, language independent, easy to retarget
(just create lists)

» Disadvantages:

» impossible to enumerate all names and name
variants, collection and maintenance of lists
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NER by Pattern Recognition

* Names often have internal structure - these
components can be either stored or
guessed, e.g., for "Location” we have
RegEXx-style constraints such as:

which yields: $ 9 " "2

which yields: % 1 0 82
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NER by Expressive Rules

e Context-sensitive rules of the kind:
A® B\C/D

— Als a set of attribute-value expressions and optional
score, the attributes refer to elements of the input
token feature vector

— B, C, D are sequences of attribute-value pairs and
regular expressions; variables are also supported

— B and D are left and right context, respectively, and
can be empty (hint: read backwards!)

Example: ®

I "#$ % &"#1%& ' (
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NER by Machine Learning

* NE task is frequently broken down in two parts:
— Recognizing the entity boundaries
— Classifying the entities in the NE categories
» Features are at least as important as the choice of the
ML method

— Simple pattern matching of orthographic features:
capitalization, punctuation marks, numerical symbols

— Windows for lexical features (e.g., “Mr.” for persons)

— Affix features (“-ase” for proteins, “"-ectomy” for medical
procedures, etc.”)

— POS info (and chunks)
* Major Approaches (ML is a study topic on its own!)
— Maximum Entropy
— Hidden Markov Models 15
— Support Vector Machines

Resources for NLP

» Empirical (Learning) Paradigm for NLP

» Types of Resources
— Language data (plain, annotated)

— Systems for acquiring and maintaining language
data

— Computational lexicons and ontologies
— NLP Core Engines
— NLP Application Systems
— Machine Learning Resources
» Methodological Issues of NLP Resources

16




Language Data

» Plain language data

— Just text or speech
« ASCII, pdf, HTML/SGML

« Annotated language data

— Enriched by linguistic meta-data
* Linguistic annotation languages (XML)
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Plain Language Data

» Mixed text collections
— British National Corpus (BNC)*
— Brown Corpus* / LOB Corpus*
» Newspaper collections
— Wall Street Journal
 The Web

* have POS annotations as well
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British National Corpus (BNC)

» 100M word collection (some 4,050 texts) of
20th century British English
» Written part (90%)
Regional and national newspapers
Specialist periodicals and journals (various genres)
Academic books and popular fiction
Letters, memoranda, school and university essays
* Spoken part (10%)
— Informal conversations (different ages, regions, social
classes)
— Formal business and government meetings
— Radio shows and phone-ins
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British National Corpus (BNC)

» Encoding based on ,Guidelines of the Text
Encoding Initiative* (TEI),
— using I1SO standard 8879 (SGML: Standard
Generalized Markup Language)
* Whole collection is POS-tagged

— using the CLAWS tagger for the C5 tag set (C7 is
much more elaborate)

— Error rate: 1.7%
— Tagging ambiguity for 4.7% of all tags

20




Brown Corpus

» 1M word collection (500 texts) of Standard
American English

» Written texts only
— Press (reportage, editorials, reviews)

— Religion, skills and hobbies, popular lore, belles
lettres

— Fiction (mystery, science, adventure, romance)
* Fully tagged version exists
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Lancaster-Oslo/Bergen Corpus

» 1M word collection (500 texts) of Standard
British English (counterpart of Brown)

» Written texts only
— Press (reportage, editorials, reviews)

— Religion, skills and hobbies, popular lore, belles
lettres

— Fiction (mystery, science, adventure, romance)
» Fully tagged version exists
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Language Data Repositories

* Linguistic Data Consortium
— ,Catalog” option

— ,LDC Online* provides you a guest
account

http://www.ldc.upenn.edu/
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Language Data Repositories

 Linguist List
— Open Language Archives Community

— ,Text & Computer Tools* button
» Texts and Corpora

— ,Language Resources" button
» Texts and Corpora

24




Language Data Repositories

» European Language Resources Association
(ELRA)
,R&D Catalog“ option
— Spoken LRs
» Telephone recordings
» Desktop/mircophone recordings
» Broadcast resources
» Speech related resources
Written LRs
» Corpora
* Mono- and multilingual lexicons
(Domain-specific) Terminological resources

Multimodal/multimedia LRs
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Language Data Repositories

» Natural Language Software Registry
— Annotation tools
— Evaluation tools
— Language Resources
— Multimedia
— Multimodality
— NLP Development Aid
— Spoken Language
— Written Language
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Annotated Language Data

* Levels of annotation
— Formal text structure processing
» Paragraphs, sentences, tokens
— Syntactic mark-up
 Parts of speech
« Shallow syntactic structures: chunks
 Deep syntactic structures: parses
— Semantic mark-up
* Named entities
» Propositions, predicate-argument structures
— Discourse mark-up
» Referential relations
» Rhetorical relations 2

Annotation Styles

e |In-line annotation

— Mark-ups appear as integral part of the
original text

» Stand-off annotation

— Mark-ups appear distinct from the original
text (e.g., in a different window)

28




General Language Corpora for
Syntactic Annotation

— language: English (general language)

— text genre: mostly newspaper articles (Wall Street Journal)
— size: 1,200,000 (annotated) tokens

— Syntactic tagging based on set of 45 tags

— Syntactic phrase structures (parse trees) based on
Government-Binding grammar

— No named entity annotation
— But propositional annotation:
http://www.cis.upenn.edu/~treebank/
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General Language Corpora for
Proposition Annotation

—language: English (general language)
— text genre: financial newspaper articles (Wall
Street Journal)
—size: 300,000 (annotated) tokens
— proposition format:
* [ subject - predicate - object ]
—“semantic” counterpart of Penn Treebank
http://www.cis.upenn.edu/~ace/
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General Language Corpora
for Discourse Analysis

— language: English
— size: 385 documents, i.e., 176,000 tokens;
21,789 elementary discourse units (EDUS)

— text genre: newspaper articles (Wall Street
Journal)

— Rhetorical Structure Theory (RST)
* 90 coherence relations

31

Penn TreeBank: Sizes and Genres

Table 4:
Penn Treebank
(as of 11/92)

Tagged for Shallow
Description Part-of-Speech  Parsing
(Tokens) (Tokens)

Dept. of Energy abstracts 231,404 231,404
Dow Jones Newswire stories 3,065,776 1,061,166
Dept. of Agriculture bulleting 78,555 78,555
Library of America texts 105,652 105,652
MUC-3 messages 111,828 111,828
IBM Manual sentences 89,121 89.121
WBUR radio transcripts 11,589 11,589
ATIS sentences 19,832 19,832
Brown Corpus, retagged 1,172,041 1,172,041

Total: 4,885,798 2,881,188 32




Penn TreeBank POS Tag Set

Table 2:

The Penn Treebank POS tagset
1 cc Coordinating conjunction 25, TO to
2 CD Cardinal number 26. UH Interjection
3. DT Determiner 27. VB Verb, base form
4, EX Existential there 28, VBD  Verb, past tense
5 FwW Foreign word 29. VBG  Verb, gerund/present participle
i3 IN Preposition/subord. conjunction 30. VBN Verb, past participle
7 17 Adjective 31. VBP  Verb, non-3rd ps. sing. present
8. JIR Adjective, comparative 32, VBZ  Verb, 3rd ps. sing. present
9. 1IS Adjective, superlative 33, WDT wh-determiner
10. 18 List item marker 34. WP wh-pronoun
11. MD Modal 35. WP$ Possessive wh-pronoun
12, NN Noun, singular or mass 36, WRB wh-adverb
13. NNS Noun, plural 37. # Pound sign
14. NNP  Proper noun, singular 38. § Dollar sign
15. NNPS Proper noun, plural 39. . Sentence-final punctuation
16. PDT  Predeterminer 40, Comma
17. POS  Possessive ending 41 @ Colon, semi-colon
18, PRP  Personal pronoun 42, ( Left bracket character
19. PP$ Possessive pronoun 43. ) Right bracket character
20. RB Adverb 44, " Straight double quote
21, RBR  Adverb, comparative 45, ¢ Left open single quote
22, RBS Adverb, superlative 46, « Left open double quote
23. RP Particle 47, Right close single quote
24, SYM  Symbol (mathematical or scientific) 48, 7 Right close double quote
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PTB POS Annotation Process

Four annotators: Grad students of linguistics
Comparison of two annotation styles on a 16,000 word
sample:
— ,Tagging“:

¢ completely manual annotation
— ,Correcting®:

¢ automatical POS tagging and subsequent manual correction
Inter-annotator disagreement:
— ,Tagging“: 7,2%
— ,Correcting®: 4,1%
Comparison of accuracy with benchmark version
(disagreement):
- ,Tagging“: 5,4%
— ,Correcting*: 4,0%

34

lllustration of the ,,Correcting“ Mode

Battle-tested /NNP*/JJ Japanese/NNP*/JJ industrial/JJ managers/NNS here/RB
always/RB buck/VB*/VBP up/IN*/RP nervous/JJ newcomers/NNS with/IN the/DT
tale/NN of/IN the/DT first/JJ of/IN their/PP$ countrymen/NNS to/TO visit/VB
Mexico/NNP ,/, a/DT boatload/NN of /IN samurai/NNS*/FW warriors /NNS blown/VBN

ashore/RB 375/CD years/NNS ago/RB ./.

» Training of annotators took 15h

* Annotation speed (after one month of training): >
3000 words/h

* Double as fast as ,,Tagging“ !

35

Syntactic Annotation of PTB

Correction of false automatic parser output as
provided by the Fidditch parser (Hindle 1989):
— Outputs only one analysis per sentence

— No attachments when parser is unsure about
attachment decision

— Alternative solution: decomposition of sentence
structure into sets of partial trees

partial sentence structure description
— Good lexicon and grammar coverage
Task of annotators is mainly to ,glue (i.e., to
attach) partial phrase structure trees

— Less time-consuming than re-bracketing the entire
parser output

36




Penn Treebank Phrasal Tag Set

1. ADJP
2. ADVP
3. NP
4. PP
5. 8
6. SBAR
7.  SBARQ
8. SINV
9. SQ
10. VP
11. WHADVP
12. WHNP
13. WHPP
14. X
Null elements
i, ~
2.0
3. T
4,  NIL

Adjective phrase

Adverb phrase

Noun phrase

Prepositional phrase

Simple declarative clause

Clause introduced by subordinating conjunction or 0 (see below)
Direct question introduced by wh-word or wh-phrase
Declarative sentence with subject-aux inversion
Subconstituent of SBARQ excluding wh-word or wh-phrase
Verb phrase

W h-adverb phrase

W h-noun phrase

W h-prepositional phrase

Constituent of unknown or uncertain category

“Understood” subject of infinitive or imperative
Zero variant of that in subordinate clauses
Trace—marks position where moved wh-constituent is interpreted

Marks position where preposition is interpreted in pied-piping contexts

Partially
bracketed
output from
Fidditch

(s

(NP (NBAR (ADJP (ADJ “"Battle-tested/JJ")

(2
(&4

(ADJ “industrial/JJ"))
(NPL "managers/NNS")})
(ADV "here/RB")}
(ADV "always/RB")}

(AUX (TNS *))
(VP (VPRES "buck/VBP")))

(z

@

~
)

2
@

(&4
«

(PP (PREP "up/RP")
(NP (NBAR (ADJ “"nervous/JJ")}
(NPL "newcomers/NN5")))))
(PP (PREP "with/IN")
(NP (DART "the/DT"}
(NBAR (N "tale/NN")}
(PP of /PREP
(NP (DART "the/DT"}
(NBAR (ADJP
(&DJ "first/1I")}))))))

? (PP of /PREP

(NP (PROS "their/PP$")
(NBAR (NPL "countrymen/NNS"})))

7 (S (NP (PRO %))

(AUX to/TNS)
(VP (¥ "visit/VB")
(NP (PNP "Mexico/NNP"}))))
MIp ", /")
(NP (IART "a/DT")
(NBAR (N "boatload/NN")}
(PP of /PREP
(NP (NBAR
(NPL "warriors/NNS"))))
(VP (VPPRT "blown/VBN")
(7 (ADV "ashore/RB"))
(NP (NBAR (CARD "375/CD")
(NPL "years/NNS")})))})
(ADV "ago/RB"})
(FIN "./.™)))

Automatic
simplification of (PP ot
the output from

Fidditch

(NP (ADJP Battle-tested industrial)
managers)
(? here)
(7 always)
(VP buck))
(7 (PP up
(NP nervous newcomers)))
(7 (PP with
(NP the tale

(NP the
(ADJP first))))))

-

7 (PP of
(NP their countrymen)))
7 (5 (NP *)
to
(VP visit
(NP Mexica))}})

~
m

(2]
(7 (NP a boatload
(PP of
(NP warriors))
(VP blown
(? ashore}
(NP 375 years))))
(7 ago)
.n

wu

(s

(NP Battle-tested industrial managers

(

After
,correcting“ by
the annotators

here)
always
VP buck

up

(NP nervous newcomers)

(PP with

{NP the tale
(PP of

(NP

(NP the
(ADJP first
(PP of
(NP their countrymen)))
(S (NP #)
To
(VP visit
(NP Mexico))))

{NP (NP a boatload

(PP of
(NP (NP warriors)
(VP-1 blown
ashore
(ADVP (NP 375 years)
ago)))))

(VP-1 *pseudo-attach*))))))))




TiGer Corpus

TiGer Corpus

* TIGERGraphViewer
File Graph View Options Help

aeelamfile

I [=] 3

* 0,9M word collection (50K sentences) of i
German language newspaper articles (FR)
* http://www.ims.uni-stuttgart.de/projekte/ TIGER/TIGERCorpus
* morphological, POS, parse tree tagging I R )
« Treebank query tool TiGer Search iy ssgmeam Fency wa Fenco
Graphs: 200 € previous | 2| Next & Subgraph: N
Subgraphs: - ﬂl%":ﬁ Last ﬂ LI
4 & @ [ | Displaying the corpus (200 corus graphs). 2
TiGer Search (NP) STTS Tag Set for German (1/2)
# TIGERGraphViewer 9 [=] B

File Graph View Options Help

g¢ @ a~lie

e D
Der sozialdemokratische  Minister sagte dem Partei-Blatt  Doen
ART MDA (Y] WWEIN ART (i MNE $,
Masc Nom Sy Pos Masc.Nom.Sg  hascNom.Sg 3.5g.Pastind NeutDat.Sg NeutDatSg *MNom.Sg
der sozialdemokratisch Minister sagen das Partei-Blatt  Doen

€ Previous | 1 Next & | Subgraph: 101
First kwj):;cl i il LI

Graphs: 24

Subgraphs: 24

$26746: Der sozialdemokratische Minister sagte dem Partel-Blatt Doen |, 1989 einen Arzt gefragt zu haben , seine
unheilbar kranke , im Sterben liegende Mutter von inrem Leiden zu erldsen

& , [EEE| ID\spIaymg matches (24 matching corpus graphs, 24 matching subgraphs).

ADJA attributives Adjektiv [das] groRe [Haus]

ADJD adverbiales oder [er féhrt] schnell prédikatives Adjektiv [er ist] schnell

ADV Adverb schon, bald, doch

APPR Praposition; Zirkumposition links in [der Stadt], ohne [mich]

APPRART Praposition mit Artikel im [Haus], zur [Sache]

APPO Postposition [ihm] zufolge, [der Sache] wegen

APZR Zirkumposition rechts [von jetzt] an

ART bestimmter oder der, die, das, unbestimmter Artikel ein, eine, ...

CARD Kardinalzahl zwei [Manner], [im Jahre] 1994 (Ordinalzahlen sind als ADJA getaggt)
FM Fremdsprachliches Material [Er hat das mit *] A big fish [* Gbersetzt]

ITJ Interjektion mhm, ach, tja

KOUI unterordnende Konjunktion um [zu leben], mit “*zu" und Infinitiv anstatt [zu fragen]
KOUS unterordnende Konjunktion weil, daB, damit, mit Satz wenn, ob

KON nebenordnende Konjunktion und, oder, aber

KOKOM Vergleichskonjunktion als, wie

NN normales Nomen Tisch, Herr, [das] Reisen

NE Eigennamen Hans, Hamburg, HSV

PDS substituierendes Demonstrativ- dieser, jener pronomen

PDAT attribuierendes Demonstrativ- jener [Mensch] pronomen

PIS substituierendes Indefinit- keiner, viele, man, niemand pronomen

PIAT attribuierendes Indefinit- kein [Mensch], pronomen ohne Determiner irgendein [Glas]

PIDAT attribuierendes Indefinit- [ein] wenig [Wasser], pronomen mit Determiner [die] beiden [Brider]

PPER irreflexives Personalpronomen ich, er, ihm, mich, dir
PPOSS substituierendes Possessiv- meins, deiner pronomen
PPOSAT attribuierendes Possessivpronomen mein [Buch], deine [Mutter]

44




STTS Tag Set for German (2/2)

PRELS substituierendes Relativpronomen [der Hund ,] der

PRELAT attribuierendes Relativpronomen [der Mann ,] dessen [Hund]
PRF reflexives Personalpronomen sich, einander, dich, mir

PWS substituierendes wer, was Interrogativpronomen

PWAT attribuierendes welche [Farbe], Interrogativpronomen wessen [Hut]
PWAV adverbiales Interrogativ- warum, wo, wann, oder Relativpronomen woriuiber, wobei
PAV Pronominaladverb dafir, dabei, deswegen, trotzdem

PTKZU *“zu" vor Infinitiv zu [gehen]

PTKNEG Negationspartikel nicht

PTKVZ abgetrennter Verbzusatz [er kommt] an, [er fahrt] rad
PTKANT Antwortpartikel ja, nein, danke, bitte

PTKA Partikel bei Adjektiv am [schonsten], oder Adverb zu [schnell]
TRUNC Kompositions-Erstglied An- [und Abreise]

VVFIN finites Verb, voll [du] gehst, [wir] kommen [an]

VVIMP Imperativ, voll komm [!]

VVINF Infinitiv, voll gehen, ankommen

VVIZU Infinitiv mit ~“zu", voll anzukommen, loszulassen

VVPP Partizip Perfekt, voll gegangen, angekommen

VAFIN finites Verb, aux [du] bist, [wir] werden

VAIMP Imperativ, aux sei [ruhig !]

VAINF Infinitiv, aux werden, sein

VAPP Partizip Perfekt, aux gewesen

VMFIN finites Verb, modal dirfen

VMINF Infinitiv, modal wollen

VMPP Partizip Perfekt, modal gekonnt, [er hat gehen] kénnen

Penn Proposition (Prop) Bank (2000 —)

* Predicate/argument structure (PAS) along
syntactic subcategorization frames

» Focus on verbs (events) and their syntactic
arguments (participants)
— later phases: nominalizations, adjectives and

prepositions

* Linguistic heritage:

— Verb classes for the English language (Levin 1993)

— with focus on semantic considerations (semantic or
theta roles)

» Large coverage is a major goal

XY Nichtwort, Sonderzeichen 3:7, H20, enthaltend D2XW3 45 46
$, Komma , $. Satzbeendende Interpunktion . ? ! ; : $( sonstige Satzzeichen; satzintern - [,1()
(S (NP-SBJ Analysts )
(VP have
K (VP been
| Bush met Blair | batle s (VP expecting
| (NP (NP a GM-Jaguar pact )
. vyreste VP (SBAR (WHNP-1 that)
N join (S (NP-SBJ *T*-1)
debate have VP (£/VFI>3 would
- give
| Bush and Blair met | consult NP-SBJ been VP (NP the U.S. car maker )
Analyst: (NP (NP an eventual (ADJP 30 %) stake)
. . — - expecting (PP-LOC in (NP the British company ))))))))))))
| Bush met with Blair | >————>| Proposition: meet (Bush, Blair) | NP
« TseARr
Bush and Blair had a " « s
ush | meet(Somebody1, Somebody?2) | aGM-JaguaiyyNp.1 «— VP
meeting pact h
that NP-SBJ «— VP
/ *T*.1 would /\
When Bush met Blair on Thursday awe / PP-LOC
they discussed the stabilization of the Iraq. Analysts have been expecting a GM-Jaguar NP NP i
pact that would give the U.S. car maker arthe US car an eventual NP
meet(Bush, Blair)  discuss([Bush, Blair], stabi  lize(X, Iraq)) 47 eventual 30% stake in the British company. maker — 30% stake 1N the British - 48
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Penn PropBank Sentence

(S Arg0 (NP-SBJ Analysts )
(VP have
have been expecting (VP been
(VP expecting
Argl (NP (NP a GM-Jaguar pact )

Arg0 Argl (SBAR (WHNP-1 that)
(S Arg0 (NP-SBJ *T*-1)
(VP would
Analysts a GM-Jaguar (VP give
pacl Arg2 (NP the U.S. car maker )
4 Argl (NP (NP an eventual (ADJP 30 %) stake)
‘ \ (PP-LOC in (NP the British company )))))))))))

v AG0 that would give

— T
T*-1 Arg2 an eventual 30% stake in the
British company

the US car

maker expect( Analysts , GM-J pact)
give(GM-J pact, 30% stake, US car m%ker)
A P

PPB Annotation Principles

» Search for the most frequently used predicates (verbs) in
the PTB

» Survey of the ,usage” of a certain predicate
— Considering the number of evidences in the corpus
— Selection of roles which
 occur frequently
¢ are ,semantically“ necessary
— Indexing of roles (arguments) according to the (ArgO0 ... Arg5)
scheme yields distinct framesets for a verb
« Arg0: prototypical agent
« Argl: prototypical patient or theme
¢ Arg2-5: no systematic generalization applies
* Propositional annotation is based on a sentence‘'s PTB
parse structure and the availability of the framesets

» Additional annotation of verbs by temporal, aspectual and
voice information (ArgMs) 50

PPB Annotation Principles: Framesets

* Frames for more than 3,300
verbs exist

* 4,500 framesets exist
indicating an average polysemy
ALgL g AoRea rate of 1.36
Arg?: Instrument (defaults to foot)

Ex1: [amninis But] [argn two big New York banks,] seem [argn *trace*.] to have

P y ! Tr T " ar . . L .
Kicked {41 those chances] {aMpIR aWay, {agn.TMp Tor the moment], {age with ¢ Classical Z|pf|an distribution

the embarrassing failure of Citicorp and Chase Manhattan Corp. to deliver A
$7.2 billion in bank financing for a leveraged buy-out of United Airlines parent for framesets:

LAL Corp]. (ws[_1614) g ¢ g
EX2: [aggo Johny] tried [ag *traca;] to kick [ the football], but Mary pulled it -go ha‘S 20 F‘SS’ ,come’, ,get’,
away at the last moment. ,make y ,take y etc. more than a
Framesct edge.01 "move slightly” dozen

Argl: causer of motion  Arg3: start point
Argl: thing in motion  Arg4: end point 2,581 out of 3,342 verbs have a
Arg2: distance moved  Argd: direction i

Ex: [amo Revenue] edged |args up] [Asgzext 3.4%)] [Argt to $904 million] [args from Slngle one

$874 million] [argu-mvp in last vear s third quarter]. (wsj.1210)
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PPB Annotation Principles (cont.)

» Extraction of all sentences which contain a given
verb

e 1strun: automatic tagging
http://lwww.cis.upenn.edu/~josephr/TIDES/index.html#lexicon

e 2" run: “Double blind hand correction”

— Basically carried out by linguistics students
(undergraduates)

— Tagging tool highlights discrepancies
e 3"run: “Salomonization”
— Judge’s decision (by project leader?)
— approximately 5% of the verbs are concerned

52




PPB Inter-Annotator Agreement

P(A) probability of interannotator agreement

P(E) agreement expected by chance

ArgM a set of adjunct-like arguments every verb can
take in addition to semantic roles from its roleset

Different Meanings of a Verb

54

Semantically Related Verbs —
Meta Frames

55

PPB Annotation Statistics

Training time for PropBank annotators: +/- 3 days

— Less than for syntactic (bracketing) annotators
Semi-automatic pre-annotation by already existing
frames (VerbNet — a generalization of Levin classes)
Speed statistics

— 25 verb frames per week

— 50 (1?) predicates per person and hour

average inter-annotator agreement: < 80%

— Still, variance ranges between 60% and 100%

There exists an arbiter ,gold standard*

— Agreement between annotators and gold standard ranges
between 45% and 100%

The larger the potential number of arguments for a verb,
the higher the likelihood of disagreement

56




Sublanguage Corpora

* GENIA (U Tokyo)
— language: English (biomedical sublanguage)
— text genre: biology articles (Medline bibliographic
database)
— size: 2,000 annotated abstracts (18,500 sentences,
491,000 tokens)

« selected from a MeSH term search of “Human”, “Blood Cells”
and “Transcription Factors”
— POS tagging based on PTB tag set

— Syntactic phrase structures (beta version); PTB-style
treebank (200 abstracts only)

— Named entity annotation based on a subset of substances
(peptides, amino acids, DNA), biological locations
(organisms, tissues) involved in reactions of proteins
(GENIA ontology) — 100,000 bio annotations 57

Demo of Genia

Example:
L 1% Il $ &I/5 €<3=/) 0
>6&% "8 2 6() 3>6.,!
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POS Annotation in Genia

Preincubation/NN of/IN cells/NNS
with/IN 1,25-(OH)2D3/NN
augmented/VBD IL-1/NN beta/NN
MRNA/NN levels/NNS only/RB in/IN
U-937/NN and/CC HL-60/NN cells/INNS
A
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Syntactic Annotation in Genia

60




Named Entity Annotation in Genia

61

Medical Sublanguage vs. General Language

Medical language as a sublanguage
— (ad hoc) abbreviations and acronyms (0.B., V.a., COPD)
— (idiosyncratic) measure units (mmHg, mm Hg)
— variable forms of enumeration patterns (1.,2.,..., a),b)...)
— Latin-/Greek-based terminology (ulcus ventriculi)
» However: less complexity and variation than
general language

» Expect standard general-language-trained
off-the-shelf POS taggers to perform ‘ok’

» Statistically significant performance gain for
biomedical POS taggers when trained on
dedicated biomedical corpora (Wermter & Hahn,
2004)
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Infrastructure Requirements

» Definition of Description Languages for
— Tagging/NER: Tag Set (Syntactic, Semantic)
— Chunking/Parsing: Grammar Format

— Proposition Analysis: Proposition Format, Ontology
(Concept System, Relation Types)

— Discourse Analysis: Reference and rhetorical relations
« Manual Creation of Corpora

— Training Coders in Applying Description Languages

— Test of Coder Reliability
» Benefit:

— Solid Foundation for Supervised Learning
63




