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Overview of thesis work

computational modeling
corpus creation / analysis of agreement

linguistic background / annotation scheme

generics lexical aspect habituals
reference to kinds state vs. event generalization
[Friedrich & Pinkal, ACL 2015] [Friedrich & Palmer, ACL 2014] over situations
e &6 el LA 2T [Friedrich & Pinkal, EMNLP 2015]

situation entity types [smith, 2003]

[Friedrich et al, ACL 2016], [Friedrich & Palmer, LAW 2014],
[Mavridou et al, LSDSem 2015], [Palmer & Friedrich, 2014]



Linguistic background Corpus annotation Computational modeling

Automatic classification of situation entity types

[Smith, 2003] [Palmer et al., 2007]

STATE Julie likes Cooper.
Julie did not kill the mouse.

EVENT Julie met Cooper two years ago.

REPORT .., said the zookeeper.

GENERIC SENTENCE  Owls are nocturnal animals.

GENERALIZING Julie often teases Cooper.
SENTENCE
IMPERATIVE Catch the mouse!

QUESTION Why are there owls on your slides?
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Conclusion

computational modeling

corpus creation / analysis of agreement

linguistic background / annotation scheme

generics lexical aspect habituals
reference to kinds state vs. event generalization
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situation entity types [smith, 2003]
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outperform prior approaches in each case;
implementation publicly available

=] =]
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reference to kinds state vs. event generalization
[Friedrich & Pinkal, ACL 2015] [Friedrich & Palmer, ACL 2014] over situations
A2t G5 elb, [0 A0kl [Friedrich & Pinkal, EMNLP 2015]

situation entity types [smith, 2003]
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- Situation entity types can be annotated with reasonable agreement
if broken down into related sub-tasks [Friedrich & Palmer, LAW 2014]

- crowdsource relevant annotations?
- Inventory of situation entity types cross-linguistically applicable,
but different implementation required [Mavridou et al, LSDSem 2015]
- English Perfect vs. German Perfekt
- lexical choice: she is startled (STATE) vs. sie erschrickt (EVENT)
- Semantic theory about generics [Krifka et al,, 1995] works well in some genres
(e.g., encyclopedic), less well in others (e.g., essays) [Friedrich et al., LAW 2015]

- isthere a way to annotate / model the “underspecified” cases?
Students at Saarland university eat at the mensa.

= modification of situation entity types inventory?
- current set possibly too coarse-grained for many NLP applications
- distinguish among the different types of STATES

- John is tall vs. John is hungry vs. John can swim ”
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Directions for future work

information
extraction
coreference
resolution
temporal / aspectual interpretation always
intertwined with world knowledge (causal
relations etc.)
— integrated modeling?

[Steedman, 2012]
temporal
relation
extraction identify
discourse

modes
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information
extraction
coreference
resolution
natural
machin
language achine
. translation
understanding
mpor : ) )
te p? 2L To what extent are situation entity types
relation
. transferable between languages?
extraction

[Mavridou et al., LSDSem 2015]
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Directions for future work

information
extraction
coreference
resolution
natural
machin
language achine
. translation
understanding
temporal . . .
. semi-/unsupervised acquisition
relation . .
. of aspectual information,
extraction

e.g., from multilingual parallel corpora?
[Friedrich and Gateva, 2017]

25



States, events, and generics:

computational modeling of situation entity types

computational modeling

corpus creation / analysis of agreement

linguistic background / annotation scheme

lexical aspect habituals generics
state vs. event generalization reference to kinds
[Friedrich & Palmer, ACL 2014] over situations [Friedrich & Pinkal, ACL 2015]
[Friedrich & Pinkal, EMNLP 2015]  LFriedrich et al, LAW 2015]

situation entity types [smith, 2003]
[Friedrich et al, ACL 2016], [Friedrich & Palmer, LAW 2014],
[Mavridou et al, LSDSem 2015], [Palmer & Friedrich, 2014]
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