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Fundamental claims

• There is no tension between exhaustification-based
theories and rational choice theories.

• Stronger: the two theories can explain more together.

• Perspectives:
É How do people reason about complex linguistic

representations?
É Rational choice theories facilitate experimental

evaluations of representational theories.
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Theoretical positioning

• Grice (1975): inspiring, but insufficiently precise.

• Rational choice models are inspired by Grice but
unencumbered:
É Full characterization of ‘cooperativity’
É No maxims
É More aligned with Bayesian cognitive science

• No devotion to rational choice theories per se; just want
to explain what people actually do with language!
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Beyond representations

• Pragmatic free variables – how are they valued?

• Scope-taking ambiguities – what factors shape actual
inferences?

• A range of implicatures is attested – but what actually
happens between speakers and listeners?

4 / 27



Overview Embedded scalars Scaling up and out Conclusions

Coordinating on a logical form in context

“Some of the players made some of their shots.”

1. Exh
�

Exh [some of the players] made Exh [some of their shots]
�

2. Exh
�

Exh [some of the players] made [some of their shots]
�

3. Exh
�

[some of the players] made Exh [some of their shots]
�

4. Exh
�

[some of the players] made [some of their shots]
�

5.
�

Exh [some of the players] made Exh [some of their shots]
�

6.
�

Exh [some of the players] made [some of their shots]
�

7.
�

[some of the players] made Exh [some of their shots]
�

8.
�

[some of the players] made [some of their shots]
�
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Embedded scalars
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Quick overview

Central observation
In the scope of a non-monotone quantifier, strengthening
some to only some does not strengthen the semantic
content of the sentence:

Exactly one student passed some of their exams.
6⇐

Exactly one student passed only some of their exams.

Predictions
• Grice (?): Doesn’t sound like quantity! (Maybe manner?)
• Standard RSA: only some construals should be

unavailable.
• Representational theories: there is a representation in

which some is interpreted as only some.
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A brief history

Central observation
In the scope of a non-monotone quantifier, strengthening
some to only some does not strengthen the semantic
content of the sentence.

1. Geurts and Pouscoulous (2009): made the central
observation and found low rates of only some construals.

2. Chemla and Spector (2011): modified experimental
design and higher rates of only some construals.

3. Potts et al. (2016): further simplified experimental
design; only some construals consistently observed.

4. Franke et al. (2016): prosodic effects and relative
preferences of different construals.

5. van Tiel et al. (2018): factors affecting only some
construals in these and many other cases.
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Scalar under universal quantifiers

Every player hit some of his shots.

a. Worlds: NN NS NA SN SS SA AN AS AA
b. Literal: SS SA AS AA ‘all hit at least some’
c. Implicature: NN NS NA SN SS SA AN AS ‘not all hit all’
d. Result: SS SA AS ‘all hit some; not all hit all’
e. Aux. premise: NN SS AA ‘uniform outcomes’
f. Communicated: SS ‘all hit only some’
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Scalar under non-monotone quantifier

Exactly one player hit some of his shots.

a. Worlds: NN NS NA SN SS SA AN AS AA
b. Literal: NS NA SN AN ‘exactly one hit at least some’
c. Local: NS SN SA AS ‘exactly one hit only some’
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Experiment display
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Experiment display

Figure 7: Embedded scalars
(screenshot from ongoing pilot
work using a Web-based paradigm
for collecting felicity judgments).
The literal reading of the target
sentence is false in this scenario,
since two players made shots. The
issue is whether there is a “locally
enriched” true reading equivalent
to Exactly one player made only
some of his shots.

situation in fig. 7. But such a judgment poses a non-trivial challenge to standard RSA, because the literal
content of the sentence (in which some does not exclude all) is false, not merely under-informative, in fig. 7:
two, not one, players hit some of their shots (both B and C).
3.6.1 Formal development: pragmatic composition through lexical uncertainty. The intuition shown
in fig. 7 suggests to some authors that pragmatic enrichment needs to be fully incorporated into the com-
positional semantics. Under this view, pragmatic enrichment can target an embedded phrase like some of
his shots and allow the enriched meaning to become part of the semantic computations (Chierchia et al.
2012; Sauerland 2010; Chemla and Spector 2011). While this conclusion might ultimately be warranted,
here we develop and test a distinct formal proposal. First, we assume that the set of messages and states
is closed under the kinds of appropriate compositional semantic operations needed to compute complex
meaning semantically. Second, we adopt the lexical uncertainty variant of RSA (Bergen et al. 2012, 2014).
In this model, discourse participants entertain multiple possible “lexica” of form–meaning mappings for
the atomic elements out of which complex utterances are composed, and maintain a probability distribution
over possible lexica. Uncertainty about the lexicon is taken into account in drawing inferences about global
utterance interpretation. This uncertainty is closed out at the n = 1 level by marginalizing over lexica:

L(t | m) µ P(t) Â
L2L

P(L )S1(m | t,L ) (6)

Bergen et al. (2012, 2014) show that this model captures a range of pragmatic enrichment phenomena
outside of the scope of the standard RSA model we described in sec. 2. Here we will apply it to challenging
cases of embedded implicature such as exactly one. . . some, determining whether and under what conditions
lexical uncertainty can account for these cases that escape explanation under standard RSA.
3.6.2 Empirical tests.

Experiment 16: rates of embedded implicature. There is continued debate in the literature about
the prevalence of embedded implicatures like the one described for fig. 7 (Geurts and Pouscoulous 2009;
Ippolito 2010; Clifton and Dube 2010; Sauerland 2010; Chemla and Spector 2011; Geurts and van Tiel
2013). Our first experiments will address this question using displays like the one in fig. 7, which have fewer
unnecessary details and points of variation than the displays that have been used to date. Participants make
felicity judgments about the performance of an “automated sportscasting system” in producing informative
sentences about the outcome of a basketball free-throw contest. The experiment will test a wide range of
quantificational sentences, and we will use its results as an empirical testbed against which to evaluate the
quantitative predictions of the lexical uncertainty model. We have already run a pilot version of this study
and have attested the kinds of response that seem to conflict with standard Gricean/RSA predictions.

12
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Other experiment details

• 800 participants recruited via Mechanical Turk (no
participants or responses excluded)

• Between-subjects design

• 3 training items; 23 fillers; 9 target sentences:






Every
Exactly one
No







player hit







all
none
some







of his shots.

• Worlds: {NNN,NNS,NNA,NSS,NSA,NAA,SSS,SSA,SAA,AAA}

• Average 80 responses per target–world pair

• Visual display of worlds and jersey colors randomized
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Selected results

Exactly one player hit







all
none
some







of his shots.
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Models evaluated

1. Literal semantics

2. Standard RSA

3. Unconstrained refinement: Lprag reasons about a
large, unstructured space of possible construals.

4. Neo-Gricean refinement: as in ‘Unconstrained
refinement’, but with just neo-Gricean constraints on
possible construals.

Are exhaustification-based theories included here?
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Overall results

Pearson Spearman MSE

Literal semantics .938 (.926 – .947) .762 (.754 – .770) .0065 (.0057 – .0075)

Standard RSA .924 (.911 – .932) .757 (.749 – .766) .0079 (.0072 – .0090)

Unconstrained uncertainty .945 (.936 – .950) .794 (.767 – .820) .0038 (.0035 – .0044)

Neo-Gricean uncertainty .959 (.950 – .962) .809 (.808 – .820) .0034 (.0031 – .0040)
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Selected results
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Only enrichedImplicature less likely than the best models predict
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Franke and Bergen (2020)

1.







None
Some
All







of the aliens drank







none
some
all







of their water.

2. Assume exhaustification theories.
3. Experiments for both production and comprehension.
4. Models:

a. Literal semantics
b. Standard RSA
c. Neo-Gricean refinement
d. Lexical intentions: Speakers communicate both

about the world and about their preferred lexicon.
e. Global intentions: Speakers communicate about

sentence–LF pairs.
5. Global intentions is the best model of speakers . . .
6. and it is the one that most tightly integrates

representational and rational choice theories.
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Main takeaways from the literature

• Representational theories cannot be assessed against
experimental data without explicit linking hypotheses.

• Rational choice theories provide a rich class of such
hypotheses and have independent interest.

• Combined evaluations of these theories reveals
sensitivity to alternatives.

• No single rational choice model is clearly superior.
Needed:
É New pragmatic models
É New representational theories
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Scaling up and out
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Central question

• Rational choice theories have already achieved a very
large impact in cognitive psychology and various parts of
artificial intelligence.

• How can we increase this impact by leveraging insights
from representational theories?
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Scalar implicatures in the wild

Scalar implicatures just aren’t that consistent or prominent in
real data:

• Degen (2013): in conversational data (Switchboard), the
rate of only some implicatures is not higher than 45%.

• Li (2021): similar study focused on disjunction, finding
high variability in scalar implicature.

• Jasbi (2018): in CHILDES, exclusive readings of or are
prominent but just one of at least six different prominent
construals.

• Hendriks et al. (2009): in a large-scale experiment in
Dutch, rates of only some implicatures were generally
above 80% but sensitive to many surface cues.

• van Tiel et al. (2016): ‘scalar diversity’ even where
alternatives are made salient.
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Pragmatics in the wild

• Vagueness “resolution” (Lassiter and Goodman 2013)

• Implicit comparison (Monroe et al. 2017)

• Answerhood conditions (Hawkins and Goodman 2019)

• Metaphor (Kao et al. 2014a)

• Hyperbole (Kao et al. 2014b)

• Politeness (Yoon et al. 2016, 2017)

• Irony (Cohn-Gordon and Bergen 2019)

• Social meaning (Burnett 2019; Qing and Cohn-Gordon 2019)

• Incremental pragmatic inference (Cohn-Gordon et al. 2019)

• Adaptation (Schuster and Degen 2019; Hawkins et al. 2019)
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Pragmatics in Artificial Intelligence

• Referential descriptions
(Andreas and Klein 2016; Monroe et al. 2017, 2018)

• Navigational instructions (Fried et al. 2018a)

• Question answering (Hawkins and Goodman 2020)

• Machine translation (Cohn-Gordon and Goodman 2019)

• Image description
(Mao et al. 2016; Vedantam et al. 2017; Cohn-Gordon et al. 2018)

• QUDs for controlled text generation (Nie et al. 2020)

• Collaborative problem solving (Tellex et al. 2014)

• Summarization (Fried et al. 2018b)

• Adaptive agents (Hawkins et al. 2019)
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Pragmatics in Artificial Intelligence

• Informativity in context

• Scalability
• Sensitivity to variation
• General mechanisms for pragmatic inference
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Conclusions

• An exciting moment for pragmatics

• Rational choices about complex linguistic representations

• What’s behind all these results?
É Interdisciplinarity
É Insights about representation and reasoning
É A lot of hard-won insights about language data

• Representations in NLP, and a call for help

Thanks!
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