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Restrictions on Passives

Results

A Potential Explanation?

* Artificial neural networks can generalize productively to
novel contexts (e.g. Hupkes et al., 2020; Kim and Linzen,
2020; Lake and Baroni, 2018).

— Can they also learn exceptions to productive rules? 2
English passives are productive (Pinker et al., 1987, O
Brooks and Tomasello, 1999) but contain lexical f‘é
restrictions for which there is often no negative evidence E
in the linguistic input. é
(1) a. The dog ate four bones. regular
b. Four bones were eaten by the dog.
(2) a. The dog murfed four balloons. nonce ]
b. Four balloons were murfed by the dog. :
(3) a. The muffin cost four dollars. exceptional :
b. * Four dollars was/were cost by the muffin. L

'Does exposure to (human-scale) linguistic,

I
data provide sufficient indirect evidence :

I
| . . o .
. to learn exceptions to passivization?

Method and Materials

*We collected acceptability judgments on active and
passive sentences containing verbs in five test verb
classes and two control verb classes.

— If model judgments match human judgments in
gradience and exceptionality, then the model learned
human-like exceptions.

Mean passive drop (GPT-2)

*Human judgments: 84 Prolific participants (10 excluded)
rated sentence acceptability from 0-100.

*Model scores: sentence scores for each sentence were
obtained from 5 GPT-2 models trained on 100M words
of OpenWebText by summing the log probabilities of
each token in the sentence.

More passivizable

* English speakers robustly identify exceptions to passivization in acceptability judgments.

*
| o I

| % |
Advantage Estimation Price Duration Ooze Agent-Patient | Experiencer-Theme
100 strengthened . carried heard
helped er(yltged washed /Sawear
- mirrorec radiatec hit ”
e benefited matched earned emanatec dropped Qkkendew
resembled took discharged pushed remembered
profitec fetched required
approximated
25 cost
lasted
< < < < < < < % < < Z < < <
& 5 & 5 & 5 & 5 & 5 &5 & 5
<& <& <& <& < N <

GPT-2 models trained on 100 million words matched human
acceptability judgments on the passivizability of verbs (r_ = 0.709)

Less passivizable
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Less passivizable

*One potential source of evidence for exceptions:
entrenchment (Braine and Brooks, 1995) — a verb
cannot appear in a particular context if it appears in
many other contexts but not the context in question.

 Control verbs appear relatively frequently in the
passive, while test verbs vary in their relative frequency.
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A verb's relative frequency of occurrence (active/passive)
only weakly predicts a verb's exceptionality (r_ = 0.212).
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*Highly unpassivizable verbs like cost and last are less
passivizable than predicted; relative frequency alone
cannot explain the magnitude of their exceptionality.

Future Directions

Explore alternative explanations for exceptionality, e.g.
verbal semantics.

*Test the causal impact of a verb’s frequency in the
training corpus on its predicted passivizability.

Martin D S Braine and Patricia ] Brooks. 1995. Verb Argument Structure and the Problem of Avoiding an Overgeneral Grammar. In Michael Tomasello and William Edward Merriman, editors, Beyond Names for Things: Young Children’s Acquisition of Verbs. < Patricia J. Brooks and Michael Tomasello. 1999. Young children learn to produce
passives with nonce verbs. Developmental Psychology, 35(1):29. <« Dieuwke Hupkes, Verna Dankers, Mathijs Mul, and Elia Bruni. 2020. Compositionality Decomposed: How do Neural Networks Generalise? (Extended Abstract). In Proceedings of the Twenty-Ninth I/CAI. ¢+ Najoung Kim and Tal Linzen. 2020. COGS: A compositional
generalization challenge based on semantic interpretation. In Proceedings of the 2020 EMNLP. < Brenden M. Lake and Marco Baroni. 2018. Generalization without Systematicity: On the Compositional Skills of Sequence-to-Sequence Recurrent Networks. In Proceedings of the 35" ICML 2018. « Tal Linzen, Emmanuel Dupoux, and Yoav
Goldberg. 2016. Assessing the Ability of LSTMs to Learn Syntax-Sensitive Dependencies. TACL, 4:521- 535. « Steven Pinker, David S. Lebeaux, and Loren Ann Frost. 1987. Productivity and constraints in the acquisition of the passive. Cognition, 26(3):195-267.



