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Computational modeling of argument structures has often focused on the concept of 

thematic fit, defined in the psycholinguistic literature as the degree of typicality of 

arguments for given verb roles (e.g. the typicality of cop as the agent of to arrest) (McRae et 

al., 1998; 2005). According to the theory of the Generalized Event Knowledge in sentence 

comprehension (McRae and Matsuki, 2009; 2013), the thematic fit plays an important role in 

language processing: human subjects have been shown to read faster sentences where the 

arguments have a high degree of thematic fit and are mutually typical; moreover, such 

sentences elicit smaller N400 components (Bicknell et al., 2010; Matsuki et al., 2011). In 

most cases, researchers in Natural Language Processing used distributional semantic models 

to build prototypical representations of the ideal fillers of verb roles, and then used those 

representations to generalize to new arguments via similarity comparisons (Baroni and 

Lenci, 2010; Lenci, 2011; Sayeed et al., 2016; Santus et al., 2017; Chersoni et al., 2019). 

In recent Natural Language Processing research, classical distributional models have 

gradually been replaced by Transformer-based language models such as BERT (Vaswani et 

al., 2017; Devlin et al., 2019), which led to improvements of the state-of-the-art 

performance in several tasks. However, to the best of our knowledge, such models have not 

been systematically tested yet in thematic fit modeling, nor it is known whether they encode 

(at least partially) Generalized Event Knowledge. 

In this talk, I will discuss some experiments comparing classical distributional models and 

Transformers on tasks related to the Generalized Event Knowledge, such as selectional 

preference induction (Metheniti et al., 2020), context-sensitive argument typicality 

prediction (Lenci, 2011; Chersoni et al., 2019) and logical metonymy interpretation (Rambelli 

et al., 2020). 
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