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What we do

We use natural language to convey information about
situations: things that happen or stuff that is true.
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What we do

We use natural language to convey information about
situations: things that happen or stuff that is true.

How we do this

Systematic relationships between the way we
conceptualize situations and the way we describe them.
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What we do

We use natural language to convey information about
situations: things that happen or stuff that is true.

How we do this

Systematic relationships between the way we
conceptualize situations and the way we describe them.

What this allows us to do

Draw inferences that go beyond what one strictly says in
describing a situation.



I traveled from Rochester to Austin last year.
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| traveled from Rochester to Austin yesterday.
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Question

How do we design systems that capture the inferences
we draw about situations based on their descriptions?

Ontology-factored approach

Map situation description to symbolic situation ontology
and draw inferences using rules stated over that
ontology.



| traveled from Rochester to Austin

last year.
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Ipe — Loyt ot i
Ccx /er XC'XQ QVQ?\‘&\
/ / P‘\\\"’L YT~ |
process person region region | SEMANTICS:
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Aaron was in Rochester yesterday.
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https://doi.org/10.1007/s13218-021-00722-w
http://dx.doi.org/10.1162/0891201053630264
https://ezp.lib.rochester.edu/login?url=https://www.proquest.com/dissertations-theses/verbnet-broad-coverage-comprehensive-verb-lexicon/docview/305449413/

Challenge #1: Expense

Ontologies and annotated corpora are expensive to build
and maintain because they require highly trained experts.

Challenge #2: Brittleness

Ontologies do not easily capture the ways in which
context modulates the inferences that we draw.



An assassin in Colombia killed a The antibody then Kkills the cell. She was untrained and, in one

federal judge on a Medellin street. botched job, killed a client.
The assassin chose to be The antibody chose to be She chose to be involved in
involved in killing the judge. involved in killing the cell. killing the client.

ALIVE( e1, Patient)
DO( e2, ?Agent)

lent )

Definition:

Actor in an event who initiates and carries out the
event intentionally or consciously, and who exists
independently of the event.

Example:

THEY decided to go.

Reisinger et al. 2015



http://dx.doi.org/10.1162/tacl_a_00152

Question

How do we design systems that capture the inferences
we draw about situations based on their descriptions?

Ontology-factored approach

Map situation description to symbolic situation ontology
and draw inferences using rules stated over that
ontology.

Ontology-free approach

Map situation descriptions to natural language strings
expressing the inferences of interest.



QA-SRL/QAMR

UCD finished the 2006 championship as Dublin champions ,
by beating St Vincents in the final .

[Who finished something? - UCD )

What did someone finish? - the 2006 championship
finished\
What did someone finish something as? - Dublin champions

How did someone finish something? - by beating St Vincents in the final

Who beat someone? - UCD k
beating | | When did someone beat someone? - in the final
Who did someone beat? - St Vincents
. 9 J

He et al. 2015, Michael et al. 2018



http://dx.doi.org/10.18653/v1/D15-1076
http://dx.doi.org/10.18653/v1/N18-2089

Challenge: Lack of Abstraction

Not clear how to determine an interesting set of
iInferences with which to represent a situation.



Ontologies as Representational Scaffolding

1. Ontologies provide guidance about what the
iInteresting, more abstract inferences are.

2. These more abstract inferences are directly
associated with a text, as in ontology-free
approaches.



Challenge: Inferential Coverage

How do we ensure that we capture inferences at varying
levels of granularity?



More abstract
Broader coverage

(¥

Rochester to Austin yesterday.

Aaron was in Rochester yesterday.

Aaron was in Austin

Aaron was in Rochester before he was in Austin.

Aaron changed location over the course of the

More concrete
Narrower coverage

\
Aaron took a flight
Aaron traveled to the Rochester airport yesterday.
Aaron went through airport security at the Rochester airport
. yesterday. /




Part 1: Light Scaffolding

Highly abstract ontologies as light scaffolding for building
sets of broadly applicable inference templates.



An assassin in Colombia killed a The antibody then Kkills the cell. She was untrained and, in one
federal judge on a Medellin street. botched job, killed a client.

D D Participant
___|chose to be __|chose to be ose to be involved in
involved in involved in

ALIVE( e1, Patient)
DO( e2, ?2Agent )

lent )

Definition:

Actor in an event who initiates and carries out the
event intentionally or consciously, and who exists
independently of the event.

Example:

THEY decided to go.

Reisinger et al. 2015


http://dx.doi.org/10.1162/tacl_a_00152

Part 1: Light Scaffolding

Highly abstract ontologies as light scaffolding for building
sets of broadly applicable inference templates.

Part 2: Heavy Scaffolding

More concrete ontologies as heavy scaffolding for
building sets of more targeted inference templates.



[Employee [Empee] The person whom the takes on as an [Deole s, obligating them to perform some (1% in

order to receive

il was just FIYID yesterday'

Tl T T TWwrTrTrevwsriaDonRerecta ooy . . .
Tuansitive action Intentionally_ act
The person (or institution) that takes on an , giving them in return for the /
_> Semantic Type: Sentient performance of an assigned fEN.
Last month, m 121D, Mike Zisman to head up its storage software group. \

_> The label given to a particular type of employment.
I R LR HIREDas your waitress]

--._____...“‘;

Intentionally affect

P A— a

ask [Task] The action that the I3VYTES is taken on by the to do.
IRENHIREDJjust to empty the trash cansh

=

LA AV

Emp 10yme nt_ tart They fired our management, |14, him

own company.

— /
The is the payment that the B is set to receive for performing an assigned @

scenario

and gave him a free office to set up his

NS ,J'V_"""""""fi""I"
e bt " o

perspecii X NG
Employer|ity W Employee §u g the Bl a certain I:'mﬂchange for the performance of a job. The job

may be described|either in terms of :@ or a| B In some cases, the ? FE will also indicate the [J¥5ute (see fourth
example below).

was

IREDIto clean up the file systemi
IBMIHIREDJGatesfas chief janitor¥
IRZHRETAINED

[The A'S|SIGNED}a new third baseman

The same sentence (above) should also have the FE m on the second layer:

The A's SIENIDD) for $30M.

Employing Firing


http://dx.doi.org/10.3115/980845.980860

Disclaimer

| do not intend to make claims about human cognition
anywhere in this talk.

Goal

Laying out a program for how to build representations of
complex situations balancing expressivity and flexibility.



Light
Scaffolding



Goal

Find a set of inference templates that are both interesting
and broadly applicable across many situations.



Idea

Inferences relevant to mapping from concepts to
linguistic structure tend to be inferences humans really
care about.

Example #1: Linking Theory

PARTICIPANT, SUBJECT

SITUATION PARTICIPANT, PREDICATE OBJECT

PARTICIPANT, OBLIQUE

concept




Light
Scaffolding

Participant relations



MELTEE MELT-WITH

IRl MELTER

The chef melted the

The butter

‘ ,'i~“ e Il ‘I

The chef meIted the butter with a steady low

A stead'y Iow%eat meIted the"

\ \ R@Med the chef.

Fillmore 1970, Levin 1993


https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

Ul MELTER MELTEE MELT-WITH

AGENT PATIENT B INSTRUMENT

N

subject subjecth'ect object =2 igue

[ he £ The butter melted the chef. low
o - ~ '*.-"-. Y ” ‘ < ,va_“ .)
o ~. e B ' S bt 3 «..‘f S y \ e 3-3"'
Y g g,:‘.: % i ™ , ‘:hs‘ .’_<.A;:~;i~.. :
wey ni

/
«

Fillmore 1970, Levin 1993


https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

MELTEE MELT-WITH

U4 MELTER

AGENT PATIENT B INSTRUMENT

ME LTER IS volitional in MELT.

.}"

ME LTEE changes IN ME LT

“7", ‘_-. :
L ee

MELT-WITH is used to MELT.

\ 8 ™

Dowty 1991


https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg
https://doi.org/10.2307/415037

Dowty’s idea

Having more prototypically agentive properties compared
to other roles makes a role more likely to map to SUBJ.

Upshot

Inferences relevant to linking theory are probably ones
humans tend to care a lot about.



PARTICIPANT chose to be involved in STITUATION.
PARTICIPANT caused SITUATION to happen.
Protoagent {4 PARTICIPANT was aware of being involved in STTUATION.
PARTICIPANT changed location during SITUATION.
PARTICIPANT existed before SITUATION began.
PARTICIPANT existed during SITUATION.
PARTICIPANT existed after SITUATION stopped.
" PARTICIPANT changed possession during STTUATION.
PARTICIPANT was used in carrying out SITUATION.
PARTICIPANT was changed or somehow altered during or by the end of
§HUAH8N'happened for the benefit of PARTICIPANT.
The change in PARTICIPANT happened throughout the SITUATION.
_ Only a part or portion of PARTICIPANT was involved in STTUATION.

Protopatient -

Dowty 1991, Reisinger et al. 2015, White et al. 2016



https://doi.org/10.2307/415037
http://dx.doi.org/10.1162/tacl_a_00152
https://doi.org/10.18653/v1/D16-1177

Two steps
1. Find relevant SITUATION-PARTICIPANT pairs.



PARTICIPANT chose to be involved in SITUATION.

P Hiller chose to be involved in the asking. <

- Bush chose to be involved in the .|
asking.

| Hiller ||Bush| to name the leaders of Chechnya , Taiwan , India and Pakistan

White et al. 2016, 2020, Zhang et al. 2017



https://doi.org/10.18653/v1/D16-1177
https://aclanthology.org/2020.lrec-1.699/
https://aclanthology.org/W17-6944/

Two steps
1. Find relevant SITUATION-PARTICIPANT pairs.

Requirement

Very light scaffolding ontology including at least
SITUATION, PARTICIPANT, and RELATION.



relation

situatio partiqipant

v /ﬁ,,-;::fi:;z L

® L

Hiller asked Bush to name the leaders of Chechnya , Taiwan , India and Pakistan

—H» arg. edge I semantic head edge Q© predicate node @ argument node @ syntax node — - syntax edge— instance edge - --» nonhead edge

Similar to OpenlE ganko et al. 2007 White et al. 2016, 2020, Zhang et al. 2017



https://doi.org/10.18653/v1/D16-1177
https://aclanthology.org/2020.lrec-1.699/
https://aclanthology.org/W17-6944/
https://dl.acm.org/doi/10.5555/1625275.1625705

relation
event . participant

Hiller asked Bush to name the leaders of Chechnya , Taiwan , India and Pakistan

—H» arg. edge I semantic head edge Q© predicate node @ argument node @ syntax node — - syntax edge— instance edge - --» nonhead edge




White et al. 2016, Zhang et al. 2017

Ru Ie- based approac based on Rudinger and Van Durme 2014

A set of rules defined on top of Universal Dependencies
syntactic annotations.

Transductive parsing approach o zagera 2o

Encoder-decoder networks that take raw sentence and
produce semantic graph on the decoder side.


https://doi.org/10.18653/v1/D16-1177
https://aclanthology.org/W17-6944/
https://aclanthology.org/W14-2908/
http://dx.doi.org/10.18653/v1/2020.acl-main.746
http://dx.doi.org/10.1162/tacl_a_00396
http://dx.doi.org/10.18653/v1/P19-1009

Two steps

1. Find relevant SITUATION-PARTICIPANT pairs.
2. Figure out which inferences hold of which pairs.

Requirement

Very light scaffolding ontology including at least
SITUATION, PARTICIPANT, and RELATION.



PARTICIPANT chose to be involved in STITUATION.

+ Hiller chose to be involved in the asking.
Bl Bush chose to be involved in the asking.

Hiller asked Bush to name the leaders of Chechnya , Taiwan , India and Pakistan

White et al. 2016, 2020, Zhang et al. 2017



https://doi.org/10.18653/v1/D16-1177
https://aclanthology.org/2020.lrec-1.699/
https://aclanthology.org/W17-6944/

Hiller asked Bush to name the leaders of Chechnya,
Talwan, India, and Pakistan.

How likely is it that Hiller chose to be involved in the asking?

\

very unlikely somewnhat unlikely somewhat likely very likely

Reisinger et al. 2015, White et al. 2016, 2020, Zhang et al. 2017



http://dx.doi.org/10.1162/tacl_a_00152
https://doi.org/10.18653/v1/D16-1177
https://aclanthology.org/2020.lrec-1.699/
https://aclanthology.org/W17-6944/

Hiller asked Bush to name the leaders of Chechnya,
Talwan, India, and Pakistan.

How likely is it that Bush chose to be involved in the asking?

\

very unlikely somewnhat unlikely somewhat likely very likely



Data

~10k predicate-argument pairs from Penn TreeBank +
~6k predicate-argument pairs from Universal
Dependencies English Web Treebank.



Question

How well can we predict these inferences using models
trained on general natural language inference datasets?

Approach wieea o
Train model on SNLI v. our data and test on our data.


https://aclanthology.org/I17-1100/

Accuracy

80

»
e

I
Q

N)
C?

Train on SNLI

NLI Model

Train on SPR

White et al. 2017



https://aclanthology.org/I17-1100/

Upshot

We don’t get these properties for free from general
purpose models.



Challenge

Light scaffolding is currently sentence-bound, meaning
it’s hard to capture information about complex situations.

ApproaCh White et al. 2017

Augment light scaffolding with cross-sentential relations
and construct inference templates for those relations.


https://aclanthology.org/I17-1100/

Idea

Inferences relevant to mapping from concepts to
linguistic structure tend to be inferences humans really
care about.

Example #2: Event Structure

e

SUBSITUATION, CLAUSE,
PREDICATE

SITUATION SUBSITUATION, CLAUSE,

CONTAINER
SUBSITUATION, CLAUSE,

concept




Light
Scaffolding

Situation relations



The chef began|to make the

ROUX-MAKING
m

addln he flour she the butter.

= «4:’
Making the roux took some amount of time.

NS AE
Adding the flour was part of maklng the roux.
\ N

Meltmg the butter ended before addlng the flour



https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

Idea # 1 Vendler 1957

Situations fall into classes based on their temporal
progression.

Idea #2

These classes can be decomposed in terms of the
inferences they trigger about their temporal progression
and the relations among their subevents.

Kenny 1963, Lakoff 1965, Verkuyl 1972, Bennett and Partee 1978,
Mourelatos 1978, Dowty 1979, Jackendoff 1990, Pustejovsky 1995, i.a.



!
The chef began to make the roux. Before adding

the flour, she melted the butter. While she gently
stirred the mixture, one of her sous chefs
cracked an egg. The other stood and watched.

The meltlng took some amount of time.

s R

o

"~ The stirring took some amount of time.

B S

The cracking was mstantaneous

BaNg

The standing took some amount of time.
-\ |



https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

_
The chef began to make the roux. Before adding

the flour, she melted the butter. While she gently
stirred the mixture, one of her sous chefs
cracked an egg. The other stood and watched.

The meltiw _ad a natural endoint.



https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

_
The chef began to make the roux. Before adding

the flour, she melted the butter. While she gently
stirred the mixture, one of her sous chefs
cracked an egg. The other stood and watched.

The meltlng Was dynamlc

The stlrrlhg was dynamlc

The cracklng w'as dynamlc



https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg

SITUATION lasted TIME-UNIT.
SITUATION was dynamic.
Event
: 1 SITUATION had natural parts.
internal
Parts of SITUATION are similar to each other.
Parts of SITUATION lasted TIME-UNIT on average.
Event SITUATION1 was part of SITUATION?2.
mereology SITUATION2 was part of SITUATIONI.

SITUATION1 started before SITUATION2 started.
Temporal SITUATION1 ended before SITUATION?2 started.
relations 1 s1TuATIONT started before STTUATTON2 ended.
SITUATION1 ended before SITUATION2 ended.

Govindarajan et al. 2019, Vashishtha et al. 2019, 2020, Gantt et al. 2022
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Data

~32k predicates from UD-EWT for
~70k predicate-predicate pairs from UD-EWT



Question

How well can we predict these inferences using models
trained on general natural language inference datasets?

Approach essntaeta 200

Train model on MNLI v. our data and test on our data,
focusing specifically on temporal duration and relations.


http://dx.doi.org/10.18653/v1/2020.findings-emnlp.363

Accuracy
&)
o

N
&

Train on MNLI Train on UDS-Time
NLI Model
?;;;ence Duration Lelzg;i;:)?]ral

Vashishtha et al. 2020


http://dx.doi.org/10.18653/v1/2020.findings-emnlp.363

Upshot

We don’t get these properties for free from general
purpose models.

And again based on preliminary results from prompting
Llama2 and GPT, this remains true. You need fine-tuning.



Light
Scaffolding

Interim Discussion



Goal

Find a set of inference templates that are both interesting
and broadly applicable across many situations.



Challenge

Not all situation descriptions are anchored by a

predicate; yet, we can draw inferences about that
situation.





https://www.foodandwine.com/thmb/HuPD9g0AJ0n8vOoWf3PcQcPd4S4=/1500x0/filters:no_upscale():max_bytes(150000):strip_icc()/Five-Ways-to-Make-the-Most-of-Your-Butter-While-Baking-FT-BLOG1022-d3a902ca69334de7b7e24ba80d8aaddd.jpg
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Challenge

Not all situation descriptions are anchored by a
predicate; yet, we can draw inferences about that
situation.

Approach

Lift the requirement that a situation needs to be anchored
by a predicate.



Task

Generalized template extraction

Similar to

Event argument extraction, which extends semantic role
labeling from the sentence level to the document level.



'She melted the butter.IThen, she added the}

flour. And finally, she stirred the mixture

gently.

Template 1: MAKE -ROUX

MAKER: {“She”}

FAT: {“the butter”}
THICKENER: {“the flour”}
ROUX: {“the mixture”}
HEATING-SURFACE: NULL
HEATING-METHOD: NULL
STIRRING-IMPLEMENT: NULL

Template 2: MELT

MELTER: {“She”}
MELTEE: {“the butter”}
HEATING-SURFACE: NULL
HEATING-METHOD: NULL

Template 3: MIX

MIXER: {“She”}

MIXING-IMPLEMENT: NULL
INGREDIENTS: {“the butter”, “the flour”}
RESULT: {“the mixture”}




Heavy
Scaffolding



Goal

Develop more targeted inference templates using more
concrete ontologies.



[Employee [Empee] The person whom the takes on as an [Deole s, obligating them to perform some (1% in

order to receive

il was just FIYID yesterday'

Tl T T TWwrTrTrevwsriaDonRerecta ooy . . .
Tuansitive action Intentionally_ act
The person (or institution) that takes on an , giving them in return for the /
_> Semantic Type: Sentient performance of an assigned fEN.
Last month, m 121D, Mike Zisman to head up its storage software group. \

_> The label given to a particular type of employment.
I R LR HIREDas your waitress]

--._____...“‘;

Intentionally affect

P A— a

ask [Task] The action that the I3VYTES is taken on by the to do.
IRENHIREDJjust to empty the trash cansh

=

LA AV

Emp 10yme nt_ tart They fired our management, |14, him

own company.

— /
The is the payment that the B is set to receive for performing an assigned @

scenario

and gave him a free office to set up his

NS ,J'V_"""""""fi""I"
e bt " o

perspecii X NG
Employer|ity W Employee §u g the Bl a certain I:'mﬂchange for the performance of a job. The job

may be described|either in terms of :@ or a| B In some cases, the ? FE will also indicate the [J¥5ute (see fourth
example below).

was

IREDIto clean up the file systemi
IBMIHIREDJGatesfas chief janitor¥
IRZHRETAINED

[The A'S|SIGNED}a new third baseman

The same sentence (above) should also have the FE m on the second layer:

The A's SIENIDD) for $30M.

Employing Firing


http://dx.doi.org/10.3115/980845.980860

Goal

Develop more targeted inference templates using more
concrete ontologies.

ldea

Datasets annotated with broad-coverage ontologies
provide guidance about candidate inferences.



Challenge #1

We don’t quite have the perfect dataset for generating

these sorts of candidate inferences at scale.

1. Datasets annotated with broad-coverage ontologies™
tend to be annotated at the sentence level.

2. Datasets annotated at the document-level tend to be

annotated with narrow ontologies.

*that anchor to the text and have the sorts of rich glosses we need



MUC-4 Ontology

Template 1
Perpetratorindiv.
PrepetratorOrg.
PhysicalTarget
Weapon

Victim

Template 2
Perpetratorindiv.
PrepetratorOrg.
PhysicalTarget
Weapon

Victim

arson
attack
bombing
kidnapping
murder
robbery

Type: Arson
guerrillas Col. Isaacs said that the
- oguerrillas attacked the “La
facilities Eminencia” farm located near
- the “Santo Tomas” farm, where
- they burned the ofacilities and
stole food...
Type: Arson He also reported that the

guerrillas o——oguerrillas killed a peasant in the
- city of Flores, in the northern El

tank truck o Petén department, and burned
- aotank truck.

IARPA BETTER Granular Ontology

* incidents of corruption

* natural disasters

* human migration events
» disease outbreaks or epidemics
« protests or demonstrations

» acts of terrorism

Template 1 Type: Epidemic
NPI-Events lockdown
enter “wartime status”
Disease COVID-19
InfectedCount two people
OutbreakEvent pandemic
Where Ruili
at least eight prefectures
25 counties
Template 2 Type: Displacement
Origin Myanmar @
Destination China @
Ouctome sentenced to prison @
TotalDisplacedCount twenty people @
When -
OverTime TRUE

Ino early September, illegal border crossings
byetwo people infected with@ COVID-19,
triggered a week-long@ lockdown of another
Yunnan border city, @ Ruili, and prompted
eat least eight prefectures ando 25 counties to
oenter “wartime status.” Following the incident,
Yunnan vowed to strengthen border patrols.

oTwenty people have beene@sentenced to prison
in Southwest-China's Yunnan Province for

—crimes relating to illegal immigration from

oMyanmar to-eChina during the @COVID-19
epandemic, Yunnan's high people's court
reported on September 28.

Chen et al. 2023


https://doi.org/10.48550/arXiv.2310.13793
http://dx.doi.org/10.18653/v1/2023.eacl-main.136
https://doi.org/10.48550/arXiv.2310.13793
https://ir.nist.gov/better/

Challenge #2

Even for datasets annotated with highly constrained
ontologies, it is hard to predict templates.



Model (Encoder) SCIREX MUC-4

CEAF-REE4.f CEAF-RME CEAF-REE4¢f CEAF—REEimpl CEAF-RME

P R F; P R F,; P R F; P R F, P R F;
TEMPGEN (BARTp,..) | 8. - = 464 583 31.0 40.5
mwomanrres 15 THIS 1S @ hard task! 2 s »o os
GTT (BERT},) - 502 55.0 36.8 44.1
ITERX (BERTpyse) 16.2 7.6 104 162 174 16.8 413 279 333 523 51.1 51.7 472 45.0 46.1
ITERX (BAR ﬁg‘;e) 15.0 15.0 150 143 354 203 392 248 304 498 457 476 448 40.1 42.3
ITERX (TSC“C) 264 124 169 250 40.6 31.0 535 262 352 609 469 53.0 558 424 48.2

large

A

A

A

A

A

Chen et al. 2023


https://doi.org/10.48550/arXiv.2310.13793
http://dx.doi.org/10.18653/v1/2023.eacl-main.136
https://doi.org/10.48550/arXiv.2310.13793

Challenge #2

Even for datasets annotated with highly constrained
ontologies, it is hard to predict templates.

Upshot

We need to work on getting template extraction systems
working on broad-coverage ontologies before we start
using them to generate candidate inferences.



Subgoal #1

Develop a broad-coverage dataset for generalized
template extraction.

Subgoal #2
Provide some baseline models for predicting those data.



Heavy
Scaffolding

Event individuation



Challenge

Difficult for annotators to agree on how many instances
of a particular complex situation type are described by

text.



A bomb exploded today in a Lima restaurant, and a second device that had
been placed in the same establishment was deactivated by the Peruvian
National Police. There were no victims, and the explosion caused very little
damage to the restaurant...Guerrillas of the Tupac Amaru Revolutionary
Movement (MRTA) have claimed credit for the terrorist act....

Type: Bombing

Type: Bombing

Perpind: Guerrilas Perplind: Guerrilas

PerpOrg: Tupac Amaru
Revolutionary Movement,
MRTA

PerpOrg: Tupac Amaru
Revolutionary Movement,
MRTA

Target: restaurant Target: restaurant

Victim: Victim:

Weapon: bomb Weapon:

Gantt et al. 2023


https://doi.org/10.48550/arXiv.2212.09702
http://dx.doi.org/10.18653/v1/2023.eacl-main.136
https://doi.org/10.48550/arXiv.2310.13793

Approach

Have three experts reannotate portions of the MUC-4
and BETTER data for number of instances of a template.

Evaluation

Compare agreement among experts annotations and
with gold annotation.



1.001

0.75;

Agreement
o
(o))
o

0.25;
0.00
' S O Q& X '
@OQ e & & & S
\\0 @ \6 @ QK \\o
oS Q &R Q K@
BETTER Template

Experts only . Experts only + gold

Gantt et al. 2023
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Challenge

Difficult for annotators to agree on how many instances
of a particular complex situation type are described by
text.

Approach: Cross-document arg extraction*

Explicitly point to a complex situation description in one
document and fill a template for it in another.

*Related to but distinct from similar tasks like Event Linking (Nothman 2012), Cross-Document Event Coreference (Bagga and Baldwin 1999, Cybulska and Vossen 2014,
(Eirewetal.,2021,2022), and Predicate-Argument Alignment (Roth and Franke 2012, Wolfe et al. 2013, 2015).



Heavy
Scaffolding

Cross-document argument
extraction



Report

On 16 July 2007 the inquiry was adjourned until 4
September with a final deadline for the submission of
evidence of 14 August 2007 . On 11 September 2007 the
inquiry was again adjourned until 19 September to
allow the Highways Agency to review traffic

evidence , with further adjournments until 18
December .

Is the highlighted event in Report

mentioned in the Source?

Source ] _

e pubtic i Data available at:

Highways Agen
wrong . All t

| Cross Document Argument

Ion

we nuiry | NEPS://github.com/FACTSIab/FAMUS fouree

IJbliC inquiry into

The agency told the inquiry , at Stalybridge Civic
Hall , it had made a = significant error ' in its
estimation of how much traffic would use the road by
underestimating journey times on the A616 trunk

a7 o [SE—

Inspector John Watson , chairing the inquiry ,
adjourned the hearing ...and said the new evidence
should be heard and parties who have already given
evidence be allowed to return .

. « . - thé controversial
Activity the inquiry Mottram - Tintwistle
bypass”
Agent - “John Watson”
Place - “Stalybridge Civic Hall”
“when the Highways
Time “16 July 2007” | Agency admitted it had
got its figures wrong”

Vashishtha et al. 2023
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Base Corpus Barham et al. 2023

MegaWika: >71 million source-report pairs over 50
diverse languages

megawika T O like

™ Summarization  £9 QuestionAnswering >  Text Generation ® Afrikaans Arabic ® Azerbaijani 10M<n<100M 2307.07049
& cc-by-sa-4.0
Dataset card Files and versions Community Settings

Avalilable at
https://hugqgingface.co/datasets/hltcoe/megawik

_— _— —
a HuggingFace HuggingFace [Coming soon]
Mazia Rosa Lidal ds Malkiel thumb|right|270px|Lida Maria Rosa Lida de Malkiel i 15 g 'af-0000-0" ], "passage": [ { "text": [ "
(Buenos Aires, 7 November 1910-0Oakland, 25.. Lida Maria Rosa Lida de Malkiel ( Buenos Aires ,..

[Coming soon] Samuel Barham

Bernard Greenhouse (3 Januarie 1916 - 13 Mei 2011) § "id": [ "af-0000-1", "af-0000-2", "af-0000-3",
Bernard Greenhouse

was 'n Amerikaanse tjellis een een van die.. "af-0000-4", "af-0000-5", "af-0000-6", "af-0000-7".. 335GB
St b (e Isidore Cohen (16 Desember 1922, Brooklyn, New York { "id": [ "af-0000-13" ], "passage": [ { "text": [
- 23 Junie 2005, Bronx, New York) was 'n bekende.. " Cohen began studying the violin at the age of si..

131,092

duimnael|Die arena van Colonia Ulpia Traiana se
amfiteater is gerekonstrueer as deel van die..

o

"id": [ "af-0000-14" ], "passage": [ { "text": [

Colonia Ulp1aTraiang External links Archaeological Park Xanten - The..



https://doi.org/10.48550/arXiv.2307.07049
https://huggingface.co/datasets/hltcoe/megawika
https://huggingface.co/datasets/hltcoe/megawika

Agency and Tameside MBC".
L3 A T )

Longdendale Bypass % Add langusges ~ g

Article Talk Read Edit View history Tools v g

"N 19550

From Wikipedia, the free encyclopedia Coordinates: G 632

The Longdendale Bypass (also known as the AS7/A628 Mottram-in-Longdendale, Hollingworth & Tintwistle Bypass) is a long-planned road scheme
in England by the Highways Agency. The aim is to alleviate traffic congestion on the AS7 road/A628 0ad/A616 road routes that presently pass through the
vilages. There is both support and opposition for this long-planned scheme which will pass through the valley of Longdendale and part of the Peak District g
National Park.

m E m E m E m N N N N S N S N N N N N N N ®
After neary fity years, part of the road scheme — the Mottram Bypass and Glossop Spur — was approved by the Highways Agency on 2 December 2014

o w——

Background [edt)

The existing A28 trunk road connects the M67 from Manchester to the M in South Yorkshire. A single-

carriageway road through the villages of Mottram in Longdend: h and Tintwistie and through the
Peak District National Park, it is used by a relatively large number of heavy goods vehicles. Supporters of the

scheme say that the A628 is ane of the most congested A-road routes in the counitry, with high volumes of trafic
(inchuding HGVs) using a road which is totally unsuitable for the volume and nature of raffic it camies!") and that
there is no viable altenative to a bypass ¥/ A survey in 2010 found that the junction of the AS7 and M67 was the

le, Hollingwo

The AST in Moliram would have 5
been bypassed.

most congestad in Manchester. !

Concern has been raised that the scheme would not have improved safety on the Woodhead Pass, where the
majority of serious accidents occur."

Route [eat]

The scheme envisaged a new dual carriageway that woud have headed north-east from the eastern end of the
M67, passed under the AB018 Roe Cross Road, Old Road and Oid Hall Lane in a 170-metre (558 f) tunnel
approximately 120 metres (384 fi) north of the point where those roads converge. To the east of this area the route
would have continuad onto a roundabout which provides for a link foad down to the AS7 at Mottram Moor. To the
ast of the roundabout, the preferred route would have proceedd north-east through the Swallows Wood nature
reserve, then curved south-gast to join the existing A28 east of Tintwistie near Townhead Farm. Anather

proposed local authority road, the Glossop Spur', would have linked to the AS7 at Woolley Bridge

The rosd would have r heough &
Halybank Quarry, Tintwiste.

The Department for Transport published both a map of the immediate area®! and another showing routes across
the Peak District and the location of Fiouch,”| which were scheduled to have associated traffic works. An

indepandently produced overlay for Google maps is aiso available. >

History [ean)

See also: Road protest (UK) /
Since 1971 residents of Tameside have been working and lobbying, with local politcians, for a better soluton for | Amap showng the proposed route. &
the A57/A628 connection of Manchester and Sheffield to the M67 — passing through vilages of Mottram and

Holingworth, as wel as affecting those around it. The plans were restored in the Conservative govemment's

Roads for Prosperity white paper in 1989 following a public consultation process. A preferred route was selected in October 1993 but work was suspended
in 1996 foSlowing further government reviews of the national road-bulding programme work. In December 2014 the scheme was approved.

In July 1988 the incumbent Labour goverment published the resuits of its own review in the document A New Deal for Trunk Roads in England® and
inciuded the bypass as a scheme to be progressed through the preparatory stages. In November 2002, the Highways Agency submitted a report to the
regional planning bodies (North West, East Midiands, Yorkshire and the Humber). The scheme recaived support from the communities affected by the
bypass in the form of a pettion with 9,000 signatures that was deiivered to Downing Street in February 2003, In this submission, they formed the
conclusion that there were no realstic altematives to a bypass of the vilages 10 solve the problems that existed. In April 2003 the bypass entered the
Targeted Programme of recognising ‘along the route and including proposals to discourage road users
from switching from other cross-Pennine routes. !’

Under the Early Contra ent (ECI) initiative the Highways Agency appointad Mowlem to take the scheme forward. The ECI allows for detailed
planning work to be carried out while the scheme moves through statutory procedures.|"'/ On 31 January 2006 the Secratary of State for Transport
published formal proposals in the form of Draft Orders to construct the bypass, make good the older roads, and introduce 'foute restraint measures'. The
public and other interested organisations were allowed a period of 13 weeks until S May 2006 to express their opinions on the proposals.”"! In May 2006
the Highways Agency released information under the Freedom of Information Act of all properties they had purchased in connection with the scheme
during the previous 30 years.''?) and an updated copy was also released in August 2008.('

By the end of the consultation period 1,400 people had written letters expressing their objection to the scheme, with a further 1,000 in favour. Stephen
Ladyman, then Minister of State for Transport, stated that lfe for people in Motiram, Tintwistie and Hollingworth should be greatly improved by this bypass.
Getting traffic out of the villages wil make them a safer and healthier place to live".I"*/ Objections were also received from the Countryside Age

y and the National Trust.{'*l The North West Regional Assembly had presented advice to ministers in
ol

Nature, the Peak District National Park Aut
January 2006 and then in June 2006 provided a revised sequencing of priority schemes.

On 6 July 2006 the Secretary of State for Transport responded to these revised saquences and confitmed that funding provision could be made for the
Longdendale bypass beyond 2010/11.1°1301 72030 | December 2006 Rebecca Lush, a long-standing road protester and founder of Road Block, claimed
the scheme was “particularly inappropriate and damaging" "®! In January 2007 Stephen Ladyman stated that construction work was expected to start in

spring 2013

The change to the proposed timing and costs req
& February 2007. There followed a six-week consultation period during which the Peak District authority responded.I'*/ Having been estimated at
£90 million in 2003, the cost of the proposal was estimated to have risen to £240-£315m in 2008.%)

d a review of the environmental statement, which was duly republished with associated draft orders on

On 2 December 2014, the government announced that it will be investing £170m on the AS7, A628 and A28 trans-Pennine route, including a bypass for
the village of Motiram.““] The Chancellor of the Exchequer, George Osbome, has given the go-ahead for an initial scheme of at least £170 million to
resolve the traffic issue through Mottram and to bud a link road to Glossop. The government will also consult on whether to extend the proposed scheme
o relieve pressure on Tintwistle as well In addition to the works announced, there are aiso studies and proposals into the possibity of a tunnel under the
Poak District to link Manchester with Sheffield. with some of the proposed tunnel routes using the existing M67 route to link the M0 and M1
motorways.*1%

Plans for a dual-camageway bypass taking a different route were displayed in 2020. At that time, it was stated work wauld begin in 2023. The plans were
priced at £228 milion. =

" = = @ m E ®E N N N ®E E E N E N E N E N E N N ®E
Public inquiry |(es

Further information: Put

Detals of the public inquiry were announced in April 2007./%*) 1t was to be run by Persona Associates with John Watson as Inspector. An offcial pubic
inquiry websitel“ was launched offering news, franscripts and documentation for download.

The inquiry opened on 26 June 2007.%*) On 16 July 2007 the inquiry was adjourned until 4 September with a final deadline for the submission of evidence
of 14 August 2007.%*) On 11 September 2007 the inquiry was again adjourned until 19 September to allow the Highways Agency to review traffic

‘with further adjournments until 18 December.**1?

evidence,
On 4 Dacember 2007 the Highways Agency published Route Restraint Measures — Explanation of the Further Change in the Traffic Forecasts and

suggested that this data would not be available until Easter 2008.%*| The inquiry reviewed this new information on 18 December 2007 at which time it was W
adjourned to allow the Highways Agency to correct their traffic modelling. The inspector commented that it was the fifth teration of the traffic model since

the original announcement in Fabruary 2006". The inquiry was then *Adjourned Indefinitely Pending the Publication of Revised Evidence by The Highways B

u = = o= om u L]
On 3 March 2008 the Highways Agency responded to queries from the inspector indicating that it expected to have revised evidence available by October
20082
In September 2008 the Highways Agency indicated that the revised information would now be available for pubic consultation in May 2009 and that the
public inquiry could start again in Autumn 2009.%°)

In Fabruary 2009 the Campaign for Bstter Transport reportad that funding for the road scheme would not b available before 20161

nal Leaders' Forum, 4NW, to

In March 2009 the Highways Agency announced that it was pulling out of the pubic inguiry, Gting the decision of the Reg
delay the start of the scheme by at least four years. The lease stated that nded period of time betwaen the publication of
the draft proposals for the scheme in 2007 and the earliest date at which the Inquiry might be reconvened" was a further factor in the decision to

withdraw!

The inquiry opened on 26 June 2007.124] On 16 July 2007 the inquiry wa

of 14 Aug 007.1241 On 11 September 2007 the inquiry was again adjourned unti

ith further adjournments until 18 December.[241(27]

adjournedjuntil 4 September with a final deadline for the submission of evidence
19 September to allow the Highways Agency to review traffic

ews NEWS v IN YOURAREA MANUTD MAN CITY WHAT'SON v SPORT v MORE ~ ° ° . ’ o\

BUYAPAPER JOBS VOUCHER CODES ADVERTISEWITHUS DIRECTORY FUNERAL NOTICES MARKETPLACE DATING BOOKANAD PUBLIC NOTICES NEWSLETTER SIGNUP

. M News Greater Manchester News

Inquiry into bypass halted

THE public inquiry into the controversial Mottram-Tintwistle bypass was dramatically halted when the Highways Agency
admitted it had got its figures wrong. All the traffic evidence it has put before the inquiry, which has been running since June,
will now have to be reviewed.

Barham et al. 2023



https://doi.org/10.48550/arXiv.2307.07049

C 0 rp u S Barham et al. 2023

MegaWika: >71 million source-report pairs over 50
diverse languages

Ontology

FrameNet as the underlying event ontology for
broad-coverage of situation types (events, states,
processes).

*Related to but distinct from similar tasks like Event Linking (Nothman 2012), Cross-Document Event Coreference (Bagga and Baldwin 1999, Cybulska and Vossen 2014,
(Eirewetal.,2021,2022), and Predicate-Argument Alignment (Roth and Franke 2012, Wolfe et al. 2013, 2015).
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Select Event Type:

Preventing_or_letting H Abandonment

[
‘ None of the Event Type matches the highlighted span 1 So u rce Va I Id atl o n

Does the Source Text contain the exact same event highlighted in
the Passage Text?

- 3

Self_motion | Piracy ’

255 situation types from FrameNet

S - 5 positive source validation (SV) examples for each
- event type

Event Definition: . . .

The words in this frame describe situations in which a Perpetrator - 5 negatlve source Valldatlon (SV) examples for eaCh

carries off and holds the Victim against his or her will by force. " event ‘type

'Two men kidnapped a Millwall soccer club employee, police said

last night.'

Event Example: Two men | {s[iElsle=8 a Millwall soccer club

employee, police said last night.

Passage Text SIeli[(el-M[-)4

Description Following the events of the first Super Chinese
World game , the world has been saved and Rub -A-Doc
has invited the leaders of the world , including the Emperor
Chin of Chinaland to a galactic peace conference . However

the conference is disrupted when alien invaders capture all

members of the peace conference and declare themselves

rulers of the galaxy . To back up this claim , the invaders



Select Event Type:

Preventing_or_letting H Abandonment

Kidnapping

[ Self_motion

Piracy

Active Event Type:

Event Definition:

The words in this frame describe situations in which a Perpetrator carries off and holds the
Victim against his or her will by force. " 'Two men kidnapped a Millwall soccer club
employee, police said last night.'

Event Example: Two men [{:=]s)s=68 a Millwall soccer club employee, police said last
night.

Passage Text JES{elVl{e-MI-)4s

TIVID W Wil DUV st Wl i | Vs Th v I IV IAS M LI WM W W M VYW

PO ]

the Emperor Chin of Chinaland to a galactic peace conference . However the

conference is disrupted when alien invaders capture m members peace

and declare themselves rulers of the galaxy . To back up this claim ,
the invaders have assigned several champions as lieutenants . Hearing that things
are once again in trouble , ninja warriors Ryu and Jack quickly enlist the help of

the people of Futureland to build a spaceship and attack one of the champions .

Active Role: m LUSTCA ol members of the peace conference Add Role ~
3 -

Role Definition: The Victim is the person who is carried off and held against his/her will.

Roles:

Perpetrator | Place

{ previous role H next role ]

Cross-Document
Argument Extraction

For each positive source validation, annotate
roles in report and source.



Baselines: Source Validation

1. Lemma: target lemma is found in the source.
2. Longformer: document pair classifier
3. ChatGPT: prompt-based

Vashishtha et al. 2023
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Model Accuracy P R F1

Majority 50.00 - - -

Lemma 78.04 88.65 64.31 74.55
Longformer 12.35 66.38 90.59 76.62
ChatGPT 67.45 82.96 4392 57.44




Baselines: Source Validation

1. Lemma: target lemma is found in the source.
2. Longformer: document pair classifier
3. ChatGPT: prompt-based

Baselines: Cross-Doc Argument Extraction

1. Report: ignore the source and use spans from
report

2. IterX: structured prediction model

Longformer-QA: fine-tuned QA model

4. ChatGPT and Llama2: few-shot prompting models

W
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Report Source
CEAF—RME¢3 CEAF-RME,, CEAF—RME¢3 CEAF-RME,
Model P R Fq P R Fq P R F4 P R F4
Itengold 73.11 72.00 7255 73.56 72.44 io 70.46 69.16 6%80 70.58 69.28 6%92
Itengold+pred 40.57 29.38 3 42.24 30.59 8 25.07 10.82 1 29.85 12.88 0
b IterXpred 37.63 24.14 Zif 42.16 27.04 3X94 20.83 8.63 1X21 2763 1145 16019
Longformer-QA 43.56 40.14 41.78 56.01 51.61 53.72 25.53 22.21 23.75 38.85 33.80 36.15
Cha i} _ 39 3178
ur This task Is hard for all models. ¢ 7«
Rep... . __, e . ._  _..__ __.88 43.48
Itengold - - - - - - 60.38 7595 6728 64.12 80.65 71.45
Itengoldﬂ,red - - - = - - 2443 19.56 21.73 38.47 30.82 34.22
+rb IterXpred - - - - - - 2224 17.38 19.51 3742 29024 32.83
Longformer-QA - . = - o - 24.12 25.89 2497 3841 41.24 39.77
ChatGPT = - = = = = 15403 1795 1688 3499 3842 37.07
Llama-2-13b-chat - - - - - - * 8.52 x 20.24 *1 17.56




Conclusion



Question

How do we design systems that capture the inferences
we draw about situations based on their descriptions?

Ontology-factored approach

Map situation description to symbolic situation ontology
and draw inferences using rules stated over that
ontology.

Ontology-free approach

Map situation descriptions to natural language strings
expressing the inferences of interest.



Challenge #1: Expense

Ontologies and annotated corpora are expensive to build
and maintain because they require highly trained experts.

Challenge #2: Brittleness

Ontologies do not easily capture the ways in which
context modulates the inferences that we draw.



Challenge: Lack of Abstraction

Not clear how to determine an interesting set of
iInferences with which to represent a situation.



Ontologies as Representational Scaffolding

1. Ontologies provide guidance about what the
iInteresting, more abstract inferences are.

2. These more abstract inferences are directly
associated with a text, as in ontology-free
approaches.



Part 1: Light Scaffolding

Highly abstract ontologies as light scaffolding for building
sets of broadly applicable inference templates.

Part 2: Heavy Scaffolding

More concrete ontologies as heavy scaffolding for
building sets of more targeted inference templates.



Future Directions

Improve performance of cross-document argument
extraction systems as a means to guide targeted
iInference selection for downstream annotation.



Thanks!
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