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Introduction
In conversation, every utterance performs a social action, known as its speech act (Austin, 1962;
Searle, 1969). Speech act recognition is not trivial given that there is not a one-to-one
correspondence between an utterance’s speech act and its grammatical sentence type (interrogative,
declarative, imperative) (Sadock & Zwicky, 1985). For example, “Can you pass the salt?” is
interrogative, but often functions as a request rather than a question.

When an utterance’s sentence type and function match, it is a direct speech act. According to the
Literal Force Hypothesis (Gazdar, 1981 via Levinson, 1983), declaratives function as statements,
interrogatives as questions, and imperatives as commands. When an utterance’s function does not
match its sentence type, it is an indirect speech act.

Two competing theories propose how we process indirect speech acts. In a traditional philosophical
view, indirect speech acts flout Grice’s maxim of manner (Grice, 1975). Such a model assesses the
sentence type and then determines whether the corresponding speech act makes sense in the
conversational context, an approach taken by e.g. Sarathy et al. (2020).  Yet, recent experimental
research shows we recognize speech acts early in a turn (Bögels et al., 2015; Gisladottir et al., 2012,
2015, 2018). Indirect speech acts are then recognized not by their sentence type, but in spite of their
sentence type.

These two theories predict different cognitive processes in speech act recognition. In the
philosophical (i.e. Gricean) view, indirect speech act recognition is reactive: we first extract a direct
speech act according to sentence type and then reinterpret the speech act given context. The
alternative model does not suggest reinterpretation. Here, we investigate the timing of natural
conversation for evidence of additional cognitive processing for indirect speech acts. We predict
that if indirect speech acts require extra cognitive processing, interlocutors take longer to respond to
indirect vs. direct speech acts.

We operationalize cognitive processing as the floor transfer offset (FTO) in conversation (Mertens
& de Ruiter, 2021). FTO is the time between the end of one speaker’s utterance and the start of their
interlocutor’s utterance (de Ruiter et al., 2006). This work builds on Roberts, Torreira, and Levinson
(2015) by operationalizing sentence type in addition to FTO and speech act. If indirect speech acts



are processed reactively, we expect them to be followed by larger FTOs compared to direct speech
acts.

Methods
Conversation data came from the Switchboard corpus (Godfrey & Holliman, 1993). We retrieved
timing information from the MSU transcription (Openslr.org) and turn construction unit (TCU)
segmentation and speech act tagging from the Stanford University transcriptions (Jurafsky et al.,
1997). We reduced this speech act set to a schema motivated by Gazdar (1981). We assigned
sentence-type probability for each TCU using fine-tuning of DistilBERT (Sanh et al., 2020). Our
first analysis used only TCUs assigned at least 50% chance of some sentence type — 1930 TCUs
and FTOs. Our second analysis included all 2465 available turn-end TCUs.

Results
We used R (R Core Team, 2021) with the rstanarm (Goodrich et al., 2020) and bridgesampling
(Gronau et al., 2020) packages to build several linear mixed effects models. We included random
intercepts for conversation ID in all models, and sentence type, speech act and the interaction
between the two as fixed effects to predict FTOs. We added fixed effects incrementally to a null
model, testing if the inclusion of the additional term was justified by comparing the marginal
likelihood of the data under each model. The final model under which the data were most likely
included speech acts as a fixed effect. The data were 522 times more likely under this model
compared to the null model and 71 times more likely under this model compared to a model that
included both sentence type and speech acts as fixed effects. The data under the speech act only
model were also 4270 times more likely compared to a model that included the interaction between
speech act and sentence type. This provides decisive evidence that speech acts predict FTOs and
that the interaction between sentence type and speech act does not. We also find very strong
evidence that sentence type does not predict FTOs in conversation (Wetzels, 2011).

We also analyzed the data with the probability of directness of the speech act as a continuous
predictor. The probability of directness is the probability associated with the direct sentence type of
the tagged speech act. We ran linear mixed effects regression models including directness
probability as a fixed factor and conversation ID as a random factor to predict FTOs. The data were
5.7 times more likely under the null model, which included only random intercepts for conversation
ID, than the model including the probability of directness. This constitutes moderate evidence in
favor of the null model, replicating the above findings that speech act directness does not predict
FTOs.

Table 1. The data in the first study involved 1930 utterances as broken down below.
Declarative Interrogative

Statement 1687 42
Question 43 158



Figure 1. The data were 4270 times more likely under the speech act model than one including
directness.

Figure 2. The data were maximally likely under a model accounting for only speech act.
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