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Informational privilege
Default theory 

Levinson 2000
Relevance theory 
Sperber & Wilson 1995;  
Carston 1998

Literal-first hypothesis 
Huang & Snedeker 2009

Constraint-based account 
Degen & Tanenhaus 2015

extreme 
informational 

privilege
extreme 

parallelism

certain information  
- processed earlier
- weighted more 

heavily in resulting 
interpretation

all information 
- processed in parallel
- weighted equally in 

resulting interpretation

Degen & Tanenhaus 2019
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The Rational Speech Act 
Framework
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Cost-based Quantity implicatures 
Degen et al., 2013; Rohde et al., 2012 
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Goodman & Stuhlmüller, 2013; Degen et al., 2015 
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Bergen et al., 2012 

Figurative meaning 
Kao et al., 2013; 2014; 2015; Cohn-Gordon & Bergen, 
under review 

Gradable adjectives 
Lassiter & Goodman, 2013; 2015; Qing & Franke, 
2014 
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- speech perception 
- syntactic adaptation 
- reading (surprisal theory)

language processing:

- reasoning 
- categorization 
- social reasoning 
- intuitive physics

higher-level cognition:

- visual perception 
- auditory perception 
- multi-modal integration

cognitive science more 
broadly:

Bayesian models in other areas
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II. “Underinformativeness” in production  

— how do we deal with it in comprehension?

corporamodels experiments



Part I 
— 

Production of referring 
expressions

Degen, Graf, Hawkins, & Goodman, under review



Which features of an object should/do 
speakers mention?

CONTENT SELECTION

Degen et al under review
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the green lightbulb

color sufficient

75-80%
the big lightbulb

size sufficient

8-10%the big green lightbulb

1. speakers produce overinformative referring expressions 
2. more overinformative color than size mentions

Overinformative referring expressions  
— color/size asymmetry

“OVERINFORMATIVENESS”
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Motivation for non-
deterministic semantics?

Modifiers differ: 

size adjectives are vague and context-dependent 
in a way that color adjectives are not 

color is intrinsically salient in a way that size is not 

size adjectives are judged to be more subjective 
than color adjectives  

Scontras, Degen, & Goodman 2017

Arts et al 2011; Gatt et al 2013

Kennedy & McNally 2005
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Two free cost parameters:
C(size) C(color)

Pragmatic speaker
PS1(u|o) / e�·(lnPL0 (o|u)�C(u))

If modifiers don’t “work perfectly”,  
adding modifiers adds information

color-size asymmetry!
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Koolen et al 2013, Davies & Katsos 2013

low variation high variation

more redundant color use in high-variation scenes

non-deterministic RSA predicts this result
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Model predictions

Prediction: increase in redundant adjective use with 
increasing scene variation for color but not size
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Interactive reference game 
experiment

• 58 pairs of participants on Mechanical Turk 
• random assignment to speaker/listener role 
• 72 trials (half targets, half fillers) 
• 36 object types 
• on all target trials, one of size or color was sufficient 
• scene variation manipulation: 

• total number of distractors (2, 3, 4) 
• number of distractors that shared the insufficient 

feature value with target
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Posteriors over parameters
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Interim summary
if modifiers are noisy, adding modifiers adds utility 

RSA with noisy truth functions captures this: 

overinformative referring expressions 

rationally redundant referring expressions
level of reference typicality effects

Graf et al 2016; Degen et al under review Degen et al under review
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• pragmatic factors: 
• world knowledge/prior beliefs Degen et al 2015; Javangula & Degen in 

prep 

• speaker knowledge Bergen & Grodner 2012; Goodman & Stuhlmüller 2013; 
Breheny et al 2013 

• utterance alternatives Degen & Tanenhaus 2015; 2016; Rees & Bott 2018; 
Bott & Chemla 2016 

• conversational goal / Question Under Discussion (QUD) 
Zondervan 2010; Degen 2013; Degen & Goodman 2014 

• syntactic/semantic factors: 
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The gumball paradigm 
You got some of the gumballs

360 participants on MTurk 
Independent variables: 
• set size in lower chamber: 0 - 13 
• quantifier: some, all, none, (one, two,…) 
• presence of number terms
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Processing alternatives online
Degen & Tanenhaus 2016

absent: some/all        present: some/all/two/three/four/five

implicatures are slower to process when number 
alternatives are contextually available

You got  some of the orange gumballs
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QUD effects on scalar implicature  
Degen & Goodman 2014

Does the QUD modulate scalar implicature strength?

Implicit QUD
all? Did the speaker find all of the marbles? 

I found all / some of the marbles.
any? Did the speaker find any of the marbles?

I found all / some of the marbles.

—> manipulated via cover stories
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Summary
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redundant referring expressions are rational when 
modifiers are noisy 

II. Underinformativeness in production  
listeners make efficient use of context in drawing scalar 
inferences

RSA as the most promising current framework
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RSA? 
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Challenges / limitations / 
future directions

• online processing 

• resource limitations 

• beyond one-shot utterances 

• more interesting structure 

• adaptation 

• linking functions

Hawkins et al 2015

Schuster & Degen 2019; in prep

Augurzky et al 2019; Qing et al 2018; 
Waldon & Degen in prep

Tessler & Levy 2019; Cohn-Gordon et al 
2019; Augurzky et al 2019

Franke & Degen 2016
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