Textual inference:
Methods, open source platform
and applications

Gunter Neumann, January, 2014

The following slides are based on a presentation by Dagan, Magnini, Neumann and Pado held at the
“Symposium on Semantic Text Processing - Industrial Outlook Bar-llan University, Department of Computer Science, NLP
Lab, Nov. 18-19 2014”, cf. http://u.cs.biu.ac.il/~nlp/workshop14/

They are accompanied with further additional material.
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What is applied textual inference?

“Match” different text fragments where:

One text has the same meaning One text implies the meaning
as the other of the other

paraphrasing

o _ : (directional) textual entailment
bi-directional entailment

pepper may trigger sneezing pepper may trigger sneezing

! J

pepper can cause sneezing allergies can be produced by hot spices
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Example Applications

Question Answering

Which foods are allergenic?

& ] D

allergies can be pepper may trigger Many people are allergic
produced by hot spices sneezing to peanuts

Information Extraction o
Search Summarization

Summarize documents

allergenic foods Extract pairs of foods about allergies

and symptoms



Novel Application: Text Exploration

sandwiches are too expensive ’ [ coffee in economy is awful ’ [ food on train is too expensive J
[ no refreshments ] [ not enough food selection ] [ provide veggie meals ] [ journey is too slow
they have horrible coffee 1 ( no clear information ] ‘ not happy with the catering ] ‘ coffee is awful
[ sandwiches are overpriced J ‘ not happy with the service J [ not happy with the staff ’
staff is unfriendly ’ t no vegetarian food ’ \ food quality is disappointing ’ ‘ expand meal options

bad food in premier J t disgusting coffee is served ( you charge too much for sandwiches J ‘ food is bad




Novel Application: Text Exploration

no vegetarian food
provide veggie meals { no refreshments }

/ { journey is too slow ]
{ coffee in economy is awful J
not enough food selection
expand meal options

coffee is awful
they have horrible coffee

no clear information}

not happy with the service

disgusting coffee is served not happy with the
caterlng
{ foodice tral.n is too food is bad { not happy with the staff }
expensive o .
food quality is disappointing

L /

sandwiches are too expensive bad food in premier
sandwiches are overpriced

you charge too much for sandwiches

{ staff is unfriendly }
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The EXCITEMENT Project

e Scientific goals
« Advance textual entailment research
* Provide a flexible open platform for textual inference (EOP)

* Industrial goals
e Advance customer interaction analytics, via
 textual inference technologies

EXCITEMENT:
EXploring Customer Interactions via TExtual entail MENT



Outline

* Entailment recognition algorithm
e Alignment based

* Entailment knowledge resources
* The EXCITEMENT Open Platform (EOP)

* Entailment graphs



Alignment-based
Entailment Recognition




Alignment-based Entailment

* Various algorithms proposed to recognize textual entailment
* Recent work in EXCITEMENT: Alignment-based entailment

* Intuition: The more material in the hypothesis can be “explained” /
“covered” by the premise, the more likely entailment is

P: Peter was Susan‘s husband P: Peter did not know Susan

H: Peter was married to Susan H: Peter was married to Susan



Alignment-based Entailment:
The Algorithmic Level

e Step 1: Automatic linguistic analysis (Optional)
 Normalize surface forms, detect structure

Part-of-speech tagger

_ NE V NE NN
Lemmatizer P: Peter was Susan’‘s husband

—)

Parser
H: Peter was married to Susan
NE V Vv P NE




Alignment-based Entailment:
The Algorithmic Level

* Step 2: Identify links between words or phrases across the two texts
* What words/phrases of P can explain words/phrases of H?

NE V NE NN

. P: Peter was Susan‘s husband
Lexical and N\ y

Paraphrase ‘

Resources
/ |\

H: Peter was married to Susan
NE V Vv P NE




Lexical and Paraphrase Alignment Resources

* Broad-coverage knowledge needed

to align words/phrases
* Align identical words Peter > Peter
 Align lexically related words:
use lexical resources
(WordNet, distributional similarity)
 Align equivalent/related phrases:
use paraphrase resources

dog 2 mammal
Paris 2 France

was = used to
husband 2 married to



Alignment-based Entailment:
The Algorithmic Level

* Step 3: Computation of features over alignment

* Formulate features that capture typical properties of valid entailments
P: Peter was not married to Susan

H: Peter was married to Susan



Concrete features

* Current implementation uses just four simple features

* Word coverage: What % of hypothesis words is covered?
* Content word coverage: What % of content words (N,V, A) covered?

* Verb coverage: What % of verbs is covered?
* Verbs express the relations

* Proper Noun coverage: What % of proper nouns is covered?
* Proper nouns express participants, typically require explicit mentions

* More features under development
e E.g compatibility of negations



Alignment-based Entailment:
The Algorithmic Level

* Step 3: Computation of features over alignment

NE V NE NN
P: Peter was Susan‘s husband

H: Peter was married to Susan
NE V V P NE

-

Word Coverage: 5/5 = 100%
Content Word Coverage: 4/4 =100%
Verb Coverage: 1/1=100%

Proper Noun Coverage: 2/2=100%



Alignment-based Entailment:
The Algorithmic Level

* Step 4: Classification (logistic regression, with training examples)

NE V NE NN
Yes / No P: Peter was Susan‘s husband

H: Peter was married to Susan
NE V V P NE

Word Coverage: 4/5 = 100%
Content Word Coverage: 4/4 =100%
Verb Coverage: 1/1=100%

Proper Noun Coverage: 2/2=100%

Classification Model



Why Alignment-based Entailment Recognition?

* Efficient
* (Almost completely) language-agnostic

* Robust: Can deal with noisy input data
» Shallow linguistic cues

* Adaptable to new domains
 Encode domain knowledge as alignment resource

* Extensible
* State of the art useful accuracy

 Will be included in EOP release in December 2014
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Why Alignment-based Entailment Recognition?

* Efficient
* (Almost completely) language-agnostic

* Robust: Can deal with noisy input data
» Shallow linguistic cues

* Adaptable to new domains
 Encode domain knowledge as alignment resource

* Extensible
* State of the art useful accuracy HAS BEEN

>< INCLUDED IN
* Will be included December 2014
EOP 1.2 |



Extensibility

Sentence Pair ]

V

A

Aligned Sentence
Pair

Aligner A

Aligner B

Scorer (feature extractor) A

Score function B
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Performance at state-of-the-art
Dataset: RTE-3]

Best Alignment-based EDA Best previous EOP result
settings
EN 67.0 66.8
(BIUTEE transformation)
IT 65.4 63.5%
(EDITS transformation)
DE 63.9 63.5

(TIE matching features)
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Performance at state-of-the-art
Dataset: RTE-3]

Best Alignment-based EDA Best previous EOP result
settings
EN 67.0 66.8
(BIUTEE transformation)
IT 65.4 63.5%
(EDITS transformation)
DE 63.9 63.5

(TIE matching features)

e Used for entailment graph construction on customer interactions data
* Results seem useful



Entailment Knowledge Resources



Various Resources Types

* Wordnet
e Derivational morphology

» Corpus-based distributional similarity
* As seen in tutorial
 Similar to word2vec type of output; limited correlation with entailment/equivalence
» Directional similarity, usually somewhat better

* Wikipedia derived
e Paraphrasing — bilingual based

Tools for constructing knowledge resources for domain corpora and languages



Extraction from Wikipedia

(Shnarch et al., 2009)

E.T. the Extra-Terrestrial

From Wlklpedla the free encyclopedia

*Be-complement

*Redirect
E.T. the Extra-Terrestrial is a 1982|science fiction|film e Parenthesis
co-produced and directed by Steven Spielberg, written Link
by Melissa Mathison and starring Henry Thomas, Robert m
MacNaughton, Drew Barrymore, Dee Wallace and Peter
Coyote. It tells the story of Elliott (played by Thomas), a
lonely boy who befriends a friendly|alien| dubbed "E.T."
who is stranded on Earth. Elliott and hif{Extraterrestrial life |




Bilingual-based Paraphrases

* Intuition: p and p’ are paraphrases if
both translate into same phrase t (a
“pivot”)

* Procedure:
1. Word- and phrase-align parallel
corpus (e.g. English-German)
2. Extract bilingual translation table
3. Hop from English to German and
back to obtain paraphrase table
(plus probability)

Bilingual Corpus

A

N

English 1

AN
A

German 1

Qword / phrase alignment

table lookup -> ..

table -> Tisch 0.4
table-> Tabelle 0.3

Tisch -> table 0.4
Tisch -> desk 0.3
Tabelle -> chart 0.5
Tisch und Bett -> ..

QPivot method

English-English
paraphrase table

table -> desk 0.12
table -> chart 0.15
table lookup -> ...




Transformation-based Approach



Recognizing Entailment via Sequences of
Transformations

* Sequence of transformations

* Tree-Edits
e Complete proofs
* Estimate confidence

* Knowledge based Entailment Rules
 Linguistically motivated
* Formalize many types of knowledge



Recognizing Entailment via Sequences of
Transformations

* Sequence of transformations

T=Ty—-T,-1T,—-...—->T1T =H

* Tree-Edits
e Complete proofs
* Estimate confidence

* Knowledge based Entailment Rules
 Linguistically motivated
* Formalize many types of knowledge



Example

Text: The boy was located by the police.
Hypothesis: Eventually, the police found the child.
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The police located the boy.

The police found the boy.

<

The police found the child.
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Hypothesis: Eventually, the police found the child.




Example

)

Thee oy was located by the police

Eventually, the police found the cluld.

et

= ST

The pohice located the boy

Flacate VED
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4the DT

The polce found the boy.

Ffimd VED
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@(ltN’N

let et

The police found the cluld.

2 police NN




Entailment Rules
Verb

. Verb
Generic s/er\o m—) j’/ | \z
Syntactic X Y ¢ ¥ mod
X
. | i
Lexical E;a{oe _ Sf/ln%
Syntactic X Y X Y

Lexical boy _ child

Bar-Haim et al. 2007. Semantic inference at the lexical-syntactic level.
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Example

Text: The boy was located by the police.
The police located the boy.
The police found the boy.
The police found the child.

Hypothesis: Eventually, the police found the child.
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Recognizing Textual Entailment (RTE) Challenge —
A Scientific Competition

- Since 2005 until today - RTE-1
to RTE-7

« Main motivation: Bring
together scientists from all
over the world, in order to
commonly push forward the
scientific field of ,,applied
semantics” (,open
collaboration®).

Informaoation Technology Laboratory

Anclysls C onference

Text

Past Data
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TAC 2011 Workshop
http://iwww.nist.gov/tac/2011/workshop/

November 14-15, 2011
National Institute of Standards and Technology
Gaithersburg, Maryland USA

Consucted by
us of s

NIST)

With support from:
ULW&M

The Text Acatyss Corderence (TAC) s & setes of ovaluations and workahops Oganized 1o nCoUrage research n Natural Langusge P
D0 tent COlection, COMMEN SVaLAtON SrOCHoduUE, And & forum for CrpaNiEIations 1O Share thelr resuts Yhmermo.mdmmmam
subprobiem of NLP. TAC yracks aim 10 improve performance on end-wser lasks, Dut aiso include Sagnostic and component evalUations Stuated within the contest of end-user Lasks.

Al are wied 10 DESSONs in the TAC 2011 worahop n Galhersburg, Marylasd, whare results of the TAC 2011 rack evalustons will De reponied and dacussed. TAC 2011 has Bree
g =2 N

1. Knowledge Base Populason
The goal of e KBP rack IS 10 DIOMOiS e Th N SUIOMASd SySlens that Sscower INformation About Aamed entities &l found In & lage Corpus ANd INCOPonEe this INformation
N a given knowlege base (namely, a KB derved from Wikipeda ). The KEBP frack comprises the following tasks.
© Entty-Linking Tasikc Given a name (of a Person, Organization, or Geopoliical Entity) and a dooument containing that name, determine the KB node for he named entity,
S3ANg 8 new oS 1or the entty ¥ £ & not alreacy In the K. Two varants of the entity-lnking task are offered: Englat-only, and cross-Anguasl (Both Englah ane Chinese
documents)
o Sict-Filing Tasic Given a named enity and a pre-gefined set of amributes (Tsiots™) for the entity type, augment a KB node for that entity Dy extracting all new leamadle siot
values for the entity as found In a arpe copus of documeants.
o Tomporal Siot-Filng Taskc: Semilar 10 the reguiar SI0t-Sllng task, but also spoclfy time Intervals 1or each extracied siot value. In 233O %0 & Il temporal siot-Slling task,
Sagnoatic trrporal sk s Ofiered, In Which Sysiems are rovided with docurments and Comect sict values and only have 10 specfy e temporal formason

2. Recogniong Textual Entadment
The goal of e RTE Track is 10 develop sysiems That recognae when one pece of taxt entals ancther. RTE-7 pursues the drection of recogriaing entaliment in arper contexts -
& whole document or set of cocumnents. RTE-T comprises The following tasis:
o Man and Novely-Detection Tasks: Determing whether & ghven sentencs — in the context of an entice docurment — antals & * Hypothasn
o Knowledge Base Populaton Vakdation Taskc Determine whether a given dooument entalls a given TAC KEBP selation (e.g.. "X is marred 1o ¥™)

3. Sumnarization
The goal of Te Summanzaton Track is 10 develop sysiems that produce coherent sunmares of fext The Summanzaton rack comprises e folowing tasks.
o Guided Semmanizaton Tasic Produce short, coherent summanes of news artides faling into predefined categores,
o Avtiomatcaly Evalusting Semmacies of Poers (ALSOR) Thak Automatically SCom & summary for 8 ghwen metric, Inciuding
and Cverall roacatdty
o Nultiling Piot: Develop and apply partially o fully language-independent SuMmmarnzation algosthms 1o multiple languages, incdluding Arabtic, Crech, English, French, Greek,
Hndl, and Hotrew

The workshop will inciude presentason of results for each of the TAC 2011 tacks (ncluding falure analyses and Sysiom COMPDArsons), as woll as more lengtiyy Sysiom presentations
Cescribing technigues used, experiments run on he data, and other issues of interest 10 researchers in NLP.



Differences between RTE-1-5 and RTE-6-7

RTE1-5 vs. RTE6 Main Task (elct

RTE1-5 RTEG6

e RTE onisolated T-H pairs e RTE within a corpus

e T-H pairs drawn from e Summarization application
multiple applications setting

e T and H do not contain e Both T and H are to be
references to information interpreted within the
outside the pair itself context of the corpus

e The distribution of e Reflects the natural
entailment is determined distribution of entailment in
a priori a corpus

NIST - November 16. 2010 RTE-6@TAC2010

34



Data format for RTE-1-5

<pair id="1" entailment="YES" task="IE" length="short" >

<t>The sale was made to pay Yukos' US$ 27.5 billion tax bill, Yuganskneftegaz was originally sold for
US$ 9.4 billion to a little known company Baikalfinansgroup which was later bought by the Russian
state-owned oil company Rosneft .</t>

<h>Baikalfinansgroup was sold to Rosneft.</h> </pair>

<pair id="2" entailment="NO" task="IE" length="short" >

<t>The sale was made to pay Yukos' US$ 27.5 billion tax bill, Yuganskneftegaz was originally sold for
US$9.4 billion to a little known company Baikalfinansgroup which was later bought by the Russian
state-owned oil company Rosneft .</t>

<h>Yuganskneftegaz cost US$ 27.5 billion.</h> </pair>

<pair id="3" entailment="NO" task="IE" length="long" >

<t>Loraine besides participating in Broadway's Dreamgirls, also participated in the Off-Broadway
production of "Does A Tiger Have A Necktie". In 1999, Loraine went to London, United Kingdom. There
she participated in the production of "RENT" where she was cast as "Mimi" the understudy.</t>
<h>"Does A Tiger Have A Necktie" was produced in London.</h> </pair>

<pair id="4" entailment="YES" task="IE" length="1long" >

<t>"The Extra Girl" (1923) is a story of a small-town girl, Sue Graham (played by Mabel Normand) who
comes to Hollywood to be in the pictures. This Mabel Normand vehicle, produced by Mack Sennett,
followed earlier films about the film industry and also paved the way for later films about Hollywood,
such as King Vidor's '"Show People" (1928).</t>

<h>"The Extra Girl" was produced by Sennett.</h> </pair>



RTE-6 Example

RTE-6 Main Task Example

Topic 918: Betty Friedan

H380 :Betty Friedan is the author of "The Feminine Mystique."

Hs SET H391: "The Feminine Mystique" was published in 1963.

H401:In 1962, Judy Mott was laid off from her job with Sears.

Document 1
S1: Bemy Fredan, 2 Sounder of the moders Sons
sovernest = the Usited States, Sod beve Satadey of
compestve beart fadere. femazist leaders szsoenced

S5 She wm B5

S8 Friedan schieved proszaence = 1963 walh e
pebbcation of her bock “The Famzzane Mystique * whach
drtasled the Sves of Amencan wossen who were expecand
o ad S0 lknent Brough the schsevernents of Hew
bxshand: aad chaldoen

S8 The bock spadind » R of
wormes s 3ol | Amencan socwty and i condand wath
lying he Sxundanon of modern &

S4: She wat 3 Somnder of e N | O e
Woeen snd » leading advocate of the Equal Righey
Ammeadmert. 3 proposed denent 4o the US
OB N6 banieag sex Daiad &N TERIITO0. wOOes §
nghts actists sad

$6: “The movement St Frndaa's enevgy sparked
comtzzaes 90 pow. and n bagger todey than she could ever
bave &vamed

Document 2

$1: Bty Frindas, e Y. combarve foms

who kesnched 3 social sevoltion with ber

poovecative 196) book, “The Femzzume Mystique *
daed Sammday, whach was ber §56 borthday

$3: Froedan deed of congestive beart fakme a2 her
Dot 0 Waingron. D C | scconding o Essly
Bazelon. & cousia who was speal ing for e Donly

S3: She sasd Froodan had boen & fadkeg heakh for
some tzne

S4 Her bt sellng bood slentifnd “Ooe prodiers
Sat has 30 name.” the snbappeness of post. World
War T A an woswn safidled by sadtional
patsors of femmale e ry

e bock became the cornerstone of coe of the last

centary’s most profound eridung e
frst full Dowenng of Amencen femsnian sunce e
1500

Sé: & proe Friedan, an chacare subusben New York
Bousewife xad Sorlance writer, the masntle o

Document 3

$36: What i perbaps most naprsng. though, s sot
Gy & like Harsbonas believe b g 1
second clas dradgery, but that 1o mamy people stll
prt wockad up over the wsmse

$37: After ol femmmast Sunkers have been proclumsng
Tor meed %0 Dee womsen §omn e bomdage of
bowsework for & beg tone

S38: B is, a3 Hirbenas Seely acknowlodpes, procasely
what Fraedses arpeed iz “The Fezzsene Mystique * first
peblishad moce thas 40 year: ago

539 “The cnly kind of work whach pecssts an able
wosan 19 peakae bey abdkties fully © Fredan waote, "
D knd 0t was fordedden ¥y the Semunune wysque.
S bfekong comzmtment 10 X3 &1 o CMEce, B
poltics or profesnon *

30 Not b king not motherbood

$31: b an mtervew. Hinbesan saed that = the comme
of rewrastung 3 bock | Qe Segan 2 wonder whes

Semxzzises ywiched Som offerng o clens blueprest for
Eherston to choouag Som Cobaxm A sad Cobm B

NIST - November 16, 2010

RTE-6@TAC2010

elct



RTE-6 Example

RTE-6 Main Task Example (elei

Topic 918: Betty Friedan

L>9n ‘Rat+év Criadam ic +tha anithar af "Tha Caminimna Muctima !

’ H380: Betty Friedan is the author of "The Feminine Mystique"
H401:In 1962, Judy Mott was laid off from her job with Sears.

Document 1 Document 2 Document 3

S1: Betty Friedan, the
visionary, combative

' S3: Friedan achieved feminist who
. prominence in 1963 launched a social

luti th 1 S28: It 1s. as Hirshman
- with the publication of At

freely acknowledges,

- her book "The provocative 196?’ _ precisely what Friedan
Feminine Mystique." b°°k’, "Thf Fgmunne argued 1n her book

- which detailed the lives _lf’f?'s“‘l‘i‘?’ died . o "The Feminine
of American women ... Mystique." first

published...

NIST - November 16, 2010 RTE-6@TAC2010




Example system - DFKI-LITE - RTE-7

e Asingle machine learning engine (a linear SVM) is fed with features extracted from many
different sources and learns to select the best (Volokh & Neumann, 2011).
It also uses METEOR as text aligner!

MeteorAligner:

Named Entities exact, stem,
synonym

Learns

N
»

Machine Learning Engine

Yesl/No

\ 4

entails(T,H)

P

Applies




Main Task Evaluation @

13 participants (33 runs)

e Evaluation measures:
- Precision, Recall, F-measure (micro-averaged)

* |IR Baselines:

Precision Recall F1
Lucene § 37.00 37.84 37.41
Lucene 10 27.07 55.20 36.33
Lucene 15 21.15 64.65 31.85
Lucene 20 17.71 71.64 28.40
Lucene 100 5.83 100 11.02

NIST -« November 14, 2011 RTE-Z@TAC2011
43.41 micro-average F1-score
46.34 macro-average F1-score

— Above median, big improvement over the
last year

Very robust solution to an exremely large
amount of data

- >50% can be solved this way if account for
weaknesses

Problem-specific alternatives can still be
included for the rest of the data

Best Results lct
Team Precision Recall F-measure
| IKOMA1 46.96| 49&% 48.0
u_tokyo3 46.8 43.5 45.1
BUPTTeam1 45.02 44.95 44.9
CELI 41.88| 46.56 441
DFKI2 50.77] 37.92. 43.41|
BIU2 41.81 44.11 42.
FBK irst3 46.5 38.07 41.9
Baseline Lucenes 30.78 39.58 34.6
te iitb 20.67] 60.2 30.7
JU_CSE_TAC2 26.66| 35.5 30.47
ICL1 47.88 21.5 29.7
UAIC20112 30.21| 25.84 27.8
SJTU CIT3 17.92 33.3 23.31
SINAI3 47. 8.7 14.72!
Baseline LuceneAll 4.7 1oo.ool 9.03]

NIST - November 14, 2011

RTE-7@TAC2011

DFKI-LITE obtained highest precision

39



NOTE:
The next slides are optional and will not be
covered in the exam



Excitement Open Platform



Excitement Open Platform (EOP)

* Excitement Project: develop generic entailment platform
* Step 1: Decouple preprocessing and actual entailment computation
* Step 2: Decompose inference into components

Linguistic Entailment Decision

Raw D ™ r—— —> isi
aw Data Analysis Tools Algorithm (EDA) Decision
I:&ngll"s“,_'c Entailment
nalysis
) y Core
Pipeline

Dynamic and Static Components
(Algorithms and Knowledge)

EXCITEMENT Platform |

EXCITEMENT EU project: http://www.excitement-project.eu

Magnini et al.: The Excitement Open Platform, ACL demo 2014
Pado et al.: Journal Natural Language Engineering, 2014
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EOP Users

* Textual Entailment Researchers
e Evaluate algorithms to find out their strengths and weaknesses
* Implement algorithmic ideas
 Remove influence of resources, preprocessing, ...
» Extend existing system OR build new system from scratch

* Textual Entailment End Users
e Compare various TE algorithms for applications
e Does not want to touch code
 Clear interface (package):
* Flexible, usable & configurable system
* Fast prototype to setup simple TE system (Bulgarian)



EOP Distribution



http://hltfbk.github.io/Excitement-Open-Platform/
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The EXCITEMENT Open Platform (EOP) is a generic architecture and a comprehensive
implementation for textual inference in multiple languages. The platform includes state-

of-art aigorithms, a large number of knowledge resources, and facilities for expermentng
and testing innovative approaches.
Major changes of release 1.2.0 compared to the previous release 1.1.4
New Featwes:
« P1EDA (alignment-based EDA) - this EDA tries to align T with H, according to

different aspects of their representation: lexical, syntactic, etc. It eventually classifies
whether or not T entails H by considering the plausibiity of those alignments.

* LAP for Bulgarian language.
Bug Fixes:

* Wrong Ant build script and documentation for installing TreeTagger.
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Open Source Distribution of EOP

* Quick Code Integration
e Git, Github, Maven, Jenkins

 Quality Control

* Code quality tools (e.g. check style,
find bugs)

» Additional Highlights
» Archive for Experiments
« GitHub wiki pages (release-specific
documentation

 Two Distributions: APl and Command
Line Interface

» License: General Public License
(GPL) version 3



Open Source Distribution of EOP

Quick Code Integration EXPERIMENT: T5

e Git, Github, Maven, Jenkins
Configuration ID: MaxEntClassificationEDA_Base+WN+TP+TPPos+TS_EN

 Quality Control Data Set: RTE-3
* Code quality tools (e.g. check style,  anguage: EN
find bugs) Lexical Resources: WN, TP, TPPos, TS

Preprocessing: MaltParserEN

Addlthnal nghllghtS Results(Accuracy): 0.65250
» Archive for Experiments

» GitHub wiki pages (release-specific ~ Author name: Glnter Neumann
documentation Affiliation: Deutsche Forschungszentrum fir Klnstliche Intelligenz GmbH (DFKI)

 Two Distributions: APl and Command contact Information: neumann [@] dfki.de
Line Interface

License: General Public License Download the configuration file, model and results
(GPL) version 3



Overview — Release Management

* Keeping several code versions

(master branch, releases) T v

 Automatic methods for

]
* creating new releases and resource = O O

distributions
* maintenance of release-specific —

documentation
* Generating Web Page (EOP web site)

* Separate documentations for end .
users and developers



EOP in Numbers (08/09/2014)

* EOP GitHub repository:
* 52 Members (people who forked the EOP Repository)

* Mailing lists:
e developers: 21
e users: 24 (12 external users)

* EOPV1.1.3

* Downloads: 77

e Experiments Archive: 13 experiments
* 96 experiments in the current developers version EOP v1.1.5

 Download + Installation: 10 min by a shell script



Learn More

* EXCITEMENT project web site: http://www.excitement-project.org

* B. Magnini, R. Zanoli, I. Dagan, K. Eichler, G. Neumann, T.-Gil. Noh, S. Pado, A.
Stern, O. Levy: The Excitement Open Platform for Textual Inferences. In
proceedings of ACL demo session, June 2014.

* S. Pado, T.-G. Noh, A. Stern, R. Wang, R. Zanoli: Design and Realization of a
Modular Architecture for Textual Entailment. Natural Language Engineering.
Cambridge University Press, 2014.

* T.-G. Noh, S. Pado. Using UIMA to structure an Open Platform for Textual
Entailment. 2013. Proceedings of the UIMA@GSCL workshop.


http://www.excitement-project.org

Building Entailment Graphs




Customer Interactions Scenario

Int-448:

Efficient service. Quick through security and check in. Staff could have been a bit more friendly though and leg room in standard
class was quite poor.

Int-202:

Everything ran smoothly and well. Only complaint is lack of leg room with seating with tables. Very cramped when all seats are
taken.

Int-275:

The leg room in economy class is not enough | was constantly being kicked by opposite passenger | travel by train lots and this
compares badly to other trains

Int-303:

My only gripes, not enough leg room in standard and | think it would be chic to have refreshments served in carriages , either
trolley or trays like in theatres .




EXCITEMENT application scenario

Requirements

Need for customer interaction analytics
« Compact representation (show just relevant information)
* Informative representation: general categories (e.g. “food”, “internet”) are not enough

Need to manage streams of data

Multiple channels: e-mail, speech, social media

Noisy data: automatic transcriptions, social media style, etc.

Multiple languages
» Excitement: English, Italian, German

Challenge
e Core technology: entailment graphs based on the EOP platform

e Current experiments based on the Alignhement-based algorithm



Extracting Fragments from Interactions

TOPIC: Reasons for dissatisfaction in railway service

Int-448: Efficient service. Quick through security and check in. But leg room in standard class was quite
poor.

Int-202: Everything ran smoothly and well. Only complaint is lack of leg room with seating with tables.

Int-275: Seating is very cramped — my journey has been very uncomfortable with the person next to me
taking up most of the space we have.

Int-303: My only gripes r not enough leg room in standard and I think it would be chic to have
refreshments served in carriages, either trolley or trays like in theatres .



Building Fragment Graphs
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Building Fragment Graphs

Int-448

Leg room in
standard class was
quite poor

leg room in
standard class was
poor

leg room was quite
poor

Result: a DAG
- rooted in Fragment
- Base predicate (fragment without

all modifiers as only leaf)

leg room was poor



Merging Graphs with the EOP
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Merging Graphs with the EOP

Int-448

Leg room in
standard class was
quite poor

Entails ?
Int-303

Entails ?

leg room in
standard class was
pooT—

<
< Entails ?

Not enough leg
room in standard

leg room was quite
poor

Entails ?

Not enough leg
room

ils ?
Entails ; leg room was poor




Merging Graphs with the EOP
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Merging Graphs with the EOP

Int-202

F1 seating is very

cramped

lack of leg room
with seating with
tables

Int-202 F1_51.
lack of leg room

Int-275 F1_S1:
seating is cramped

Int-448 F2_S3:
leg room was poor

Int-303 F1_S1:
not enough leg room

lack of leg room
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Int-303 F1: Not enough leg room in
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Conclusion

« Textual Entailment provides a generic perspective for inference over textual
expressions

* Textual inference technology is still in early stages, with limited yet potentially
useful performance

 The EXCITEMENT Open Platform offers available technology for research
« Entailment Graphs have a potential for text exploration applications

 Datasets and baseline results for customer interactions are available for further
research



