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Overview

• What is status of data for linguistics?


• How to create data for analysing linguistic framing of 
situations and events



Language as Data
How empirical can we get?



Language Models
• Distributional Hypothesis (Harris 1954; Firth 1957; Lenci 2008, Wittgenstein 1953): word meaning is 

defined by the words it co-occurs with in language use.


• “The patient is treated [MASK] [MASK]” 


• Transformer models:


• neural networks that learn by “statistically reading” text with “self-attention” to predict context words.


• achieve near-human performance filling masked words in sentences or generate complete sentences


• but also generalise over words in context such that the vector representation of “penicillin” and 
“antibiotics” is very similar in the sentence “The patient is treated with [MASK]”.


• and “gazelle” gets very different representations in the next two sentences:


• I prefer my gazelle over my giant cycling in mountains


• The young gazelle barely escaped from the cheetah’s last jump.

[with] [penicillin, antibiotics, care, …]
[for] [cancer, fever, herpes, mental health problems, …]



https://peltarion.com/
knowledge-center/

documentation/modeling-
view/build-an-ai-model/
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https://
mccormickml.com/

2019/05/14/BERT-word-
embeddings-tutorial/

BERT— 
Bidirectional 

Encoder 
Representations 

from Transformers

https://arxiv.org/abs/1706.03762


BERT’s family of language models

Liu, Zhiyuan & Lin, Yankai & Sun, Maosong. (2020). Sentence Representation. 10.1007/978-981-15-5573-2_4. 

https://huggingface.co



Does size matter?

https://developer.nvidia.com/blog/
using-deepspeed-and-megatron-

to-train-megatron-turing-nlg-530b-
the-worlds-largest-and-most-

powerful-generative-language-
model/

105 layers

Wu Dao2.0 (1.75 trillion) 
(4.9 terabytes of images & texts (English/Chinese)) 
Beijing Academy of Artificial Intelligence 
https://research.aimultiple.com/wu-dao/

Microsoft, NVIDIA

86 billion neurons



Total of 339 billion tokens

Common-crawl snapshots
https://commoncrawl.org/the-

data/get-started/



Brown et al, 2020: https://arxiv.org/pdf/2005.14165.pdf 

GPT3 generated completions of 12 news articles (newer.com) with an average length of 215 words, 
where the title and subtitles is given to the system.

Turing-like test: human or machine written

https://arxiv.org/pdf/2005.14165.pdf


Common-sense reasoning 

• Semantic representations from language models are the basis 
for training system to succeed on common sense reasoning 
tasks such as the Winograde and Winogrande challenge


• Sakaguchi, Keisuke, Ronan Le Bras, Chandra Bhagavatula, 
and Yejin Choi. "Winogrande: An adversarial winograd 
schema challenge at scale." In Proceedings of the AAAI 
Conference on Artificial Intelligence, vol. 34, no. 05, pp. 
8732-8740. 2020.



But there is something 
missing in our data

Bender, Emily M., and Alexander Koller.  
"Climbing towards NLU: On meaning, form, and understanding in the age of data."  

In Proceedings of the 58th Annual Meeting of the Association for Computational 
Linguistics, pp. 5185-5198. 2020.

“One approach to providing grounding is to train distributional models on corpora 
augmented with perceptual data, such as photos (Hossain et al., 2019) or other 
modalities (Kiela and Clark, 2015; Kiela et al., 2015). Another is to look to 
interaction data, e.g. a dialogue corpus with success annotations”, p. 5190  



We study gazelles  
by looking at gazelles 

but what about  
the cheetah?



We study language  
by looking at language 

but what about  
the context of the signal?



Combining modalities

VISUAL 
VECTORS

AUDIO 
VECTORS

VISUAL 
TAGS

AUDIO 
TAGS

TEXT 
VECTORS

KNOWLEGDE 
VECTORS



Multimodal learning

Tangiuchi et al. 2019



Some issues
• Multimodal data is mostly static and aligned


• Lacks speech & conservation


• Grounded at the type level (cat) but not at the instance level 
(my cat and not your cat)


• Lacks causal/explanatory relations and narrative structure


• Lacks social, cognitive and cultural complexity



How to define context?



How to define context?
We need referential grounding 
• Semantics is overrated, it is all about reference and framing (the way we 

make reference)


• How to explain and resolve (referential) ambiguity and variation in language 
in relation to context



Language Understanding & Generation 
By Machines

form

world
agentagent

• Ambiguity

• Sense

• Reference

• Vagueness


• Variation

• Code switching

• Pragmatics

• Subjectivity

• Identity


• Reference


• Perspective



Signal

Symbol

Concept

president

bush

PERSONPLANT

Mentions

Instance

him

Sources

model of the world

The world
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UnderstandingVa
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n

A
m
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Referential ambiguity
• President Woodrow Wilson asked Ford[?] to run as a 

Democrat for the United States Senate from Michigan in 
1918. 

• Who is Ford? 

• Gerald Ford  

• Ford, the motor company 

• Henry Ford 

• How many people in history are named “Ford”



Referential ambiguity
President [6] Woodrow Wilson [10] asked [7] Ford [8] 

to run [41] as a Democrat [2] for the United States [4] 

Senate [2] from Michigan [3] in 1918. 

6*10*7*8*41*2*4*2*3= 6,612,480 combinations of 

word senses and entities



• President Woodrow Wilson asked Ford[?] to run as a Democrat for 
the United States Senate from Michigan in 1918. 

• Semantic knowledge: 

• meaning of to run as 

• World knowledge: 

• run as senator: +human, >18 years old, US citizen 

• Gerald Ford born in 1917, so 1 year old 

• Henry Ford the founder of Ford Motor Company, born in 1863, 
died in 1947, so 56 years old

Referential ambiguity



Investigate ambiguity & 
variation empirically

• Two approaches for referential grounding:


• Yielding referential communication in physical spaces and 
real time to study language interaction 


• capturing multimodal robot interaction —> 
makerobotstalk.nl


• Referential grounding of stories to real world events:


• data-to-text method in the Dutch FrameNet project —> 
dutchframenet.nl

http://makerobotstalk.nl
http://dutchframenet.nl


L: Nice to see you, Lenka
L: We are in Amstelveen, North-Holland, Netherlands
L: I saw two persons, one book and one potted-plant
L: Ah ha, so we are in Piek's office
L: We are in Piek's office
L: I tell you, Selene, last time I saw a potted-plant but I do not see it now 
and I saw a book but I do not see it now
L: Guess what, Selene, now I see an umbrella that was not there before

Distinguishing places and objects in contexts



How to scale  
referentially grounded 

language data?



9/11

September 
11 attacksFour coordinated  

terrorist attacks airline hijackings 
and suicide attacks

9/11/2001 9/11/2010 9/11/2020

9/11

9/11
9/11

9/11terrorist 
attacks

the 2001 attacks

We study language  
by looking at language 

but what about  
the context of the signal?



Referential data  
is very limited

• Entity and event linking & coreference


• President Woodrow Wilson asked Ford [8] to run as a 
Democrat for the United States Senate [?] from 
Michigan in 1918. After much speculation, Ford [8] 
formally announced his [?] campaign [?] on June 14. 
Democrats were behind him [?] from the start. 



Entity linking data sets

Ilievski, “Identity of Long-Tail Entities in Text,” PhD Thesis, 2019



Vossen, Ilievski, Postma and Segers, 2018

Event Coreference data

?



Entity 
Linking

Entity 
Classification

Event  
Coreference

Word Sense 
Disambiguation

Semantic 
Role Labeling

A=ambiguity

V=variation

D=dominance

MO=mean observed

E=entropy

Ambiguity & Variation

Ilievski, Postma and Vossen, 2016



Police Officer Says He Was Fired 
(1) for Not Shooting (2). .. The 
officer could have fired (2) a shot, 
but he didn’t. That officer, Stephen 
Mader, now 26, was dismissed (1) 
weeks later by the Weirton, W.Va., 
police department.

Police Officer, he, a white police 
officer, the officer, that officer, 
Mr. Mader, Stephen Mader

(1) fire dismiss 

the Weirton W.Va., 
police department

fn:Firing fn:Shoot_Projectiles 
fn:Hit_Target

not

a young black man, 
African-American man

News texts Event-Graph

reference (2) fire shoot,  
kill, use deadly 
force

fn:Target

fn:Agent

fn:Employer

fn:Employee

The Weirton Police Department 
terminated (1) Mr. Mader’s 
employment because he chose not 
to use deadly force to shoot (2) 
and kill (2) and African-American 
man, who was suicidal, and whom 
Mr. Mader reasonably believed 
did not pose a risk of death or 
serious bodily injury,

FROM-TEXT-TO-DATA: WHICH TEXTS ARE ABOUT THE SAME EVENT?



Language as data
• This traditional process can be described as text-to-data


• We propose a new method: data-to-text, which helps us to get 

from text-to-data


• We apply this method to learn the language of framing situations 
across different languages

Police Officer Says He Was Fired 
(1) for Not Shooting (2). .. The 
officer could have fired (2) a shot, 
but he didn’t. That officer, Stephen 
Mader, now 26, was dismissed (1) 
weeks later by the Weirton, W.Va., 
police department.

manual 
annotation



1. Sparql query for accidents

2. List of accidents

3. Structured data for accident

4. Link to Dutch Wikipedia

5. Dutch Wikipedia

6. Links to reference texts



https://web.archive.org/web/
20171012150057/https://

www.volkskrant.nl/archief/
geboren-voor-het-
ongeluk~a3307696/

https://
www.volkskrant.nl/

archief/geboren-voor-
het-ongeluk~a3307696/

7. Reference text original 8. Reference text in the wayback machine
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Dublin Core (dc):                                       meta data on sources 
FrameNet (fn):                                           conceptual situational schema 
Simple Event Model (sem):                       events, participants, time and location relations

Grounded Annotation FrameWork (gaf):   anchoring instances to mentions in sources

Others (rdfs, rdf, owl time)



9/11

September 
11 attacksFour coordinated  

terrorist attacks airline hijackings 
and suicide attacks

9/11/2001 9/11/2010 9/11/2020

9/11

9/11
9/11

9/11terrorist 
attacks

the 2001 attacks

Now we have texts that are 
referentially grounded (no ambiguity), 

how to understand  
referential variation?



• Jury convicts man in woman's death Saturday , 28 
September 2013 01 : 43. A jury in eastern 
Oklahoma has convicted a Spiro man of two 
counts of first - degree murder in the 2012 
shooting death of his pregnant girlfriend . The jury 
deliberated almost seven hours Thursday before 
convicting 27 - year - old Christopher Kenyon 
Simpson in the death of 20 - year - old Ka'loni Flynn 
, of Fort Smith , Ark . The jury recommended the 
maximum sentence of life in prison without parole.

A murder and conviction: what, who , when and where

A text tells a story



FrameNet

• Variation reflects framing


• Words evoke a situational Frame with 
encyclopaedic knowledge


• Situation dependent roles Perpetrator, Crime, 
Victim, Offense, Verdict, Sentence


• Baker, Collin F., Charles J. Fillmore, and John 
B. Lowe. "The berkeley framenet project." 
1998.

Do case roles define 
the predicate or does 
the predicate define 

the case roles?

Charles Filmore



• Jury convicts man in woman's death Saturday , 
28 September 2013 01 : 43.

A text tells a story 
what, who, where, when

Subject Verb AdjunctObject

Agent Predicate Patient

Judge Verdict ChargesDefendant FrameNet situation

Semantic roles

Syntactic function



FrameNet database
• Frame: Offense 

• Frame Elements: Perpetrator, Victim

• Lexical Units: arson.n, assault.n, battery.n, burglary.n, child 
abuse.n, conspiracy.n, copyright infringement.n, felony.n, 
fraud.n, hijacking.n, homicide.n, indecent assault.n, 
kidnapping.n, larceny.n, manslaughter.n, murder.n, negligence.n, 
possession.n, rape.n, robbery.n, sabotage.n, sexual assault.n, 
sexual harassment.n, statutory rape.n, theft.n, treason.n 

• Frame: Arson — inherits-from —> Offense 

• Lexical Units: arson.n, arsonist.n



FrameNet Status
• > 20 years of building


• 1,087 frames


• 10,542 frame elements


• 13,640 lexical units in English


• 202,232 annotations in English texts


• FrameNet in other languages: French, Swedish, Japanese, 
Portuguese, Chinese, German, Spanish, Korean


• Global fragment project: https://www.globalframenet.org

https://www.globalframenet.org


Framing situations  
in the Dutch Language

Piek Vossen, Marten Postma, Filip Ilievski, Antske Fokkens, VU University Amsterdam

Johan Bos, Malvina Nissim, Tommaso Caselli, Groningen University


http://dutchframenet.nl

from structured data to text 

and back from text to structured data on situations

http://dutchframenet.nl


Year 1

Pragmatic 
framing [PhD1]

Cross-lingual 
framing [PhD2]

Lexicon
FNLabellerReference texts

Microworlds

Meta data

Next cycle
increase variation 

add reference texts

Validate Annotate

Data acquisition Research Synthesis

Workshop

Lexicon

Next cycle
increase ambiguity 
add microworlds

analyse, 
hypothesize, 

test
integrate

Year 5
Year 
2,3,4

Ontology

Ontology

SRL

Dutch FN Overview



Project phases
1. Create large data sets with microwords and reference texts for various event types 


2. Pilot project to discover typical frames per event type


3. First annotation round


1. Pre-annotation: lexical and fine-tuned transformer


2. Analysing variation and pragmatic factors 

4. Second annotation round 

1. Pre-annotation: lexical and fine-tuned transformer 

2. Analysing variation and exploring pragmatic factors 

5. Third annotation round 

1. Automatic annotation: fine-tuned transformer 

6. Final lexicon, data and corpora



Annotation
• Structured data and (cross-lingual) texts referentially 

grounded to incidents for a specific type of events —> 
consistency across texts


• Typical frames for  event type —> consistency and relevance 
across incidents


• Annotation decisions:


1. Link mentions to structured data of an incident (entities 
and events)


2. Assign frames and frame elements for linked events —
> main narrative


3. Assign frames to mentions of subevents (included in 
the temporal & causal container of the main event, 
O’Gorman et al., 2016; Caselli and Vossen, 2017 )


4. Core elements outside sentence —> first mention or 
mark as unexpressed

split compounds 
group multiwords



http://frame.cltl.nl/annotation



http://frame.cltl.nl/annotation





Data release 1.1
• 4 annotators, 4 months, 8 hours a week


• Event types:


• mass shooting, aircraft shootdown 

• disease outbreak, riot, natural disaster, music festival


• reference texts: 172 Dutch, 42 English


• 18,960 mentions with 6,066 of 1,973 lexical units, covering 486 frames 
(avg. 12.5 mentions per frame)


• 393 multi-words, 812 compounds


• 5,068 links to the structured data (instance data)



Inter-annotator-agreement Out-of-sentence-relations

26.4% of frame elements outside the 
frame sentence. 

99.8% of frames at least one 
sentence-external frame element 
(avg. 1.58 frame element per frame). 

Classical annotation:

• select frame for main predicate: 

47% IAA. 

• select frame element given a main 

frame:  79%

Annotation results



Frame Lexicon



30 fn17-statement ['laten verstaan.V', 'verklaren.V', 'zeggen.V', 'melden.V', 'bekend worden.A', 'spreken.V', 
'uitroepen.V', 'bekendmaken.V', 'communiqué.N', 'verklaring.N', 'afkondigen.V', 'beweringen.X', 'te 
woord staan.X', 'aangeven.V', 'bekend maken.X', 'laten weten.X', 'aankondigen.V', 'twittert.V', 
'sprake.N', 'benoemen.V', 'uitspraak.N', 'rapport.N', 'bericht.N', 'suggereren.V', 'uiting.N', 
'statement.N', 'making.N', 'verwijzing.N', 'verontschuldiging.N', 'afkondig.V'] 

23 fn17-killing ['moord.N', 'dodelijk.A', 'bloed.A', 'slachtoffer vallen.N', 'nemen.V', 'murderous.A', 'zelfmoord 
plegen.V', 'om het leven brengen.V', 'bloedbad.N', 'schietpartij.N', 'zelfmoord.N', 'ombrengen.V', 
'wraak.N', 'moorden.V', 'doodmaken.V', 'doden.A', 'uit het leven wegrukken.X', 'liquidatie.N', 
'fataal.A', 'een kopje kleiner maken.X', 'suïcidaal.A', 'bloedig.A', 'doodschieten.V'] 

22 fn17-catastrophe ['ramp.N', 'beset.V', 'X.X', 'kampen.V', 'slachtoffer.N', 'incident.N', 'wrak.N', 'vallen.V', 
'tragedie.N', 'drama.N', 'crisis.A', 'victim.N', 'geleden.ADV', 'calamiteiten.A', 'tragisch.A', 
'dupe.N', 'noodsituatie.N', 'slachtoffers.N', 'lijden.V', 'overstroming.N', 'wateroverlast.N', 
'watersnood.N'] 

22 fn17-removing ['terugtrekken.V', 'in beslag nemen.X', 'verdrijven.V', 'afvoeren.V', 'intrekken.V', 'afhalen.V', 
'halen.V', 'wegtakelen.N', 'verlossen.V', 'verwijderen.V', 'wegrukken.V', 'wegmaken.V', 
'ontruiming.N', 'uithalen.V', 'wegdraaien.V', 'wegnemen.V', 'schrappen.V', 'evacueren.V', 
'evacuer.N', 'wegspoelen.V', 'afvaren.V', 'evacuatie.N'] 

19 fn17-causation ['pose.V', 'oorzaak.N', 'push.V', 'brengen.V', 'aanrichten.V', 'toedracht.N', 'aanleiding.N', 
'veroorzaken.V', 'aanleiding geven.X', 'maken.V', 'leiden.V', 'ervoor zorgen.X', 'teweegbrengen.V', 
'gevolg.X', 'uitslag.N', 'resultaat.N', 'resultaten.N', 'consequentie.N', 'opwekken.V'] 

19 fn17-emotion_directed ['afschuw.N', 'teleurstelling.N', 'deelneming.N', 'medeleven.N', 'rouw.N', 'hectiek.N', 
'consternatie.N', 'meeleven.V', 'verdriet.N', 'belang.N', 'leed.N', 'Condoleance.A', 
'condoleance.A', 'jolt.V', 'afgrijzen.V', 'subdue.V', 'blij.A', 'commotie.N', 'ergernis.N'] 

18 fn17-participation ['meedoen.V', 'deelnemen.V', 'deeldoen.V', 'partij.N', 'betrekken.V', 'betrokkenheid.N', 
'betrokkene.N', 'verschijnen.V', 'rol spelen.X', 'spelen.V', 'hand.N', 'de hand hebben.X', 'rol.N', 
'te maken hebben.X', 'aandeel.N', 'deelname.N', 'deelnemer.N', 'deelnemend.A'] 

16 fn17-arriving ['arriveren.V', 'komen.V', 'binnenkomen.V', 'aankomst.N', 'aankomen.V', 'komst.N', 'terugkeer.V', 
'benaderen.V', 'bereiken.V', 'terechtkomen.V', 'terugbrengen.N', 'aanrijden.V', 'binnengaan.N', 
'terugrijden.N', 'terugkeren.V', 'teruggaan.V'] 

15 fn17-impact ['geraken.V', 'neerstorten.V', 'storten.V', 'crash.N', 'invloed.N', 'treffen.V', 'inslag.N', 
'impact.N', 'crashen.V', 'naar beneden komen.X', 'neerkomen.V', 'schok.N', 'indruk.N', 'raken.V', 
'geslagen.V'] 

15 fn17-judgment ['waardering.N', 'schuld.N', 'aanrekenen.V', 'stellen.V', 'tekortkoming.N', 'wijten.V', 
'minachting.N', 'beschuldigen.V', 'op prijs stellen.X', 'accuse.V', 'respecteren.V', 
'beoordeling.N', 'eren.V', 'exonerate.V', 'convict.V'] 

15 fn17-event ['plaats vinden.V', 'situatie.N', 'voorkomen.V', 'plaatsvinden.V', 'houden.V', 'feest.N', 
'gebeurtenis.N', 'voordoen.V', 'moment.N', 'plaatshebben.V', 'evenement.N', 'ontwikkeling.N', 
'spektakel.N', 'verrijden.V', 'operaties.N']

Lexical variation for dominant frames



14 fn17-self_motion ['meelopen.V', 'opmars.N', 'gaan.V', 'dive.V', 'rijden.V', 'stappen.V', 'lopen.V', 
'springen.V', 'rennen.V', 'wandelen.V', 'wuiven.N', 'wegtrekken.V', 'overvlogen.V', 'omslaan.ADV'] 

14 fn17-performing_arts ['doorspelen.V', 'show.N', 'muzikaal.A', 'artiest.N', 'act.V', 'muziek.N', 'spektakel.N', 
'optreden.N', 'vertolking.N', 'liveshow.N', 'dans.N', 'zanger.N', 'shows.N', 'muzikant.N'] 

12 fn17-request ['beroep doen op.N', 'oproepen.V', 'eisen.V', 'pleiten.V', 'sommeren.V', 'oproep.N', 'roepen.V', 
'vragen.V', 'verzoeken.V', 'verzoek.N', 'opvragen.ADV', 'uitnodigen.V'] 

12 fn17-responsibility ['verantwoordelijk.A', 'verantwoordelijkheid.N', 'op hun geweten hebben.X', 'erachter 
zitten.X', 'aansprakelijk.A', 'schuldige.N', 'verantwoordelijkhouden.V', 'verantwoordelijke.N', 
'verantwoording.N', 'achter zitten.X', 'schuldig.A', 'achterzitten.V'] 

12 fn17-giving ['overdragen.V', 'doorspelen.ADV', 'donatie.N', 'verlener.N', 'geven.V', 'afgeven.V', 
'overhandigen.V', 'bijdragen.V', 'verlening.N', 'weggeven.V', 'gunnen.N', 'inzending.N'] 

12 fn17-scrutiny ['onderzoeken.V', 'toezicht houden.X', 'opsporing.N', 'toezicht.X', 'doorzoeken.V', 
'zoekingen.N', 'bekijken.V', 'zoeking.N', 'zoektocht.N', 'analyse.N', 'studie.N', 'verdiepen.V'] 

11 fn17-change_position_on_a_scale ['X.X', 'vallen.V', 'verlagen.V', 'schuiven.V', 'stijgen.V', 'bereiken.V', 
'omhoog.ADV', 'afschalen.V', 'opvaren.V', 'klein maken.X', 'steeg.N'] 

11 fn17-offenses ['feit.N', 'doodslag.N', 'diefstal.N', 'vernieling.N', 'bespug.N', 'verkrachting.N', 'delict.N', 
'rape.N', 'nalatigheid.N', 'overlast.N', 'overspel.N'] 

11 fn17-trial ['rechtszaak.N', 'zaak.N', 'rechtszitting.N', 'zitting.N', 'behandeling.N', 'strafzaak.N', 
'terechtstaan.V', 'berechting.N', 'vervolging.N', 'berechten.V', 'go to court.X'] 

10 fn17-use_firearm ['handwapen.N', 'doorlad.N', 'vuur openen.N', 'gebruiken.V', 'lossen.V', 'het vuur openen.X', 
'raketlancering.N', 'gebruik.N', 'open fire.X', 'vuur.N'] 

10 fn17-death ['dood.N', 'X.X', 'om het leven komen.V', 'overlijden.V', 'omkomen.V', 'het leven verliezen.X', 
'overleven.V', 'dode.N', 'het leven kosten.X', 'verongelukken.N'] 

10 fn17-intentionally_act ['actie.N', 'uitvoeren.V', 'vroeg.A', 'maatregel.N', 'handelen.V', 'doen.V', 
'activiteit.N', 'handeling.N', 'maatregel nemen.X', 'voeren.V'] 

10 fn17-shoot_projectiles ['afvuren.V', 'afschieten.N', 'onder de vuur genomen zijn.X', 'lanceren.V', 
'lancering.N', 'beschieting.N', 'inschieten.V', 'afvoer.V', 'Afvuur.V', 'afschiet.N'] 

10 fn17-criminal_investigation ['onderzoek.N', 'investigation.A', 'uitzoeken.ADV', 'vervolgen.V', 'Onderzoek.N', 
'onderzoeker.N', 'aanwijzingen.X', 'recherche.A', 'opsporingsonderzoek.N', 'onderzoekers.N'] 

10 fn17-suspicion ['verdachte.N', 'verdenken.V', 'hoofdverdacht.A', 'verdacht.N', 'verdachten.N', 
'medeverdachte.N', 'hoofdverdachte.N', 'verdachtes.A', 'suspicion.N', 'suspect.V'] 

Lexical variation for dominant frames



5 gaan.V ['fn17-departing', 'fn17-motion', 'fn17-transfer', 'fn17-
win_prize', 'fn17-self_motion'] 

3 opnemen.V ['fn17-recording', 'fn17-competition', 'fn17-
institutionalization'] 

3 vallen.V ['fn17-change_position_on_a_scale', 'fn17-coincidence', 
'fn17-catastrophe'] 

3 horen.V ['fn17-hearsay', 'fn17-perception_experience', 'fn17-
cause_to_perceive'] 

3 bereiken.V ['fn17-accomplishment', 'fn17-change_position_on_a_scale', 
'fn17-arriving'] 

3 spelen.V ['fn17-competition', 'fn17-participation', 'fn17-
performers_and_roles']

Most polysemous lexemes



Framing effects & 
pragmatic factors

• Granularity of descriptions of situations:


• Participants described at the level of individuals (people’s names), their 
roles (e.g. suspect or victim), their background (gender, position, race, 
profession), as members of a group, or simply left out


• Event as a long-term process, in terms of causes, motivations or 
intentions and consequences, or physically as sequences of actions.


• Foregrounding and backgrounding and implicit and explicit realisations of 
frame elements in the text, e.g. focusing on victims and when on suspects


• Historical distance exhibits shifts in perspectives (Cybulska & Vossen, 2010)


• Judgements, hopes and fears, emotions of participants and the expected 
positive or negative impact of events.



• One man died in a shooting 
early Thursday morning in 
southwest Houston.


• One of the four suspects 
wanted in last week’s murder 
of Keith Thompson was 
arrested Wednesday morning 
at a home in Springfield, 
according to the Jacksonville 
Sheriff’s Office.

Impact of Historical Distance 
on framing events

Gun violence incident

+1 day

+7 days

Gun violence corpus (James Ko. 2018): 
103,090 incidents 
123,659 reference texts 
Frame annotation using OpenSesame (Yongjie et al 2019)



Impact of Historical Distance 
on framing events



Conclusions
• Data-to-text PLATFORM to create massive data on situations and their framing 

across languages


• All code, annotations and lexicons available as open source:


• http://dutchframenet.nl


• Capture more variation and more representative data


• Enable supervised and unsupervised machine-learning on the data to create 
semantic role labellers 


• Challenges: 


• cover all types of incidents and situations


• speech-acts, cognitive events

http://dutchframenet.nl


Future plans

• Annotation of more event types


• Fine-tuning models for detection of entities, events, resolve 
coreference, annotate frames and frame elements, detect 
subevents


• Pre-annotation of text to be annotated


• Analysis of variation of framing of referentially grounded 
entities and events across texts in relation to pragmatic factors


