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From sketch to detailed image (Levinson, 2000)

“So here is the miracle: from
a merest, sketchiest squiggle of
lines, you and I converge to
find adumbration of a coherent
scene.”
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From sketch to detailed image (Levinson, 2000)

“The problem of utterance interpretation is not dissimilar to this
visual miracle. An utterance is not, as it were, a veridical model or
“snapshot” of the scene it describes [. . . ]. Rather, an utterance is
just as sketchy as the Rembrandt drawing.”

Ling 130a/230a, Stanford (Potts) Pragmatics

v. Indexicals: What do I and you and here refer to? How do they get their referents (Kaplan
1999; Nunberg 1993; Kratzer 2009)?

vi. Belief reports: Is it false or misleading to say that Lois Lane believes Superman is a reporter?
Why or why not (Berg 1988)?

vii. Gradable adjectives: How can That mouse is tall be true and That elephant is tall be false in
a situation in which both the elephant and the mouse are 1 meter tall?

viii. Intrasentential anaphora: Why is it so hard to interpret he as coreferential with Eddie in He
believes that Eddie deserves a prize?

how big is the contextually restricted
domain of students?

what’s the additional contextual
restriction?

!
false for most students?

"
who’s the speaker?

Many students met with me yesterday.

what’s the time of utterance?
#

but perhaps many met with the
speaker at other times?

$

2 The Gricean maxims of conversation

Grice’s maxims are the backbone of his pragmatic theory. They are not scientific generalizations in
the usual sense. They are more like contractual obligations or laws of the land. If you break one,
you don’t falsify it. You just generate interesting consequences.

• The cooperative principle (a super-maxim) Make your contribution as is required, when
it is required, by the conversation in which you are engaged.

• Quality Contribute only what you know to be true. Do not say false things. Do not say
things for which you lack evidence.

• Quantity Make your contribution as informative as is required. Do not say more than is
required.

• Relation (Relevance) Make your contribution relevant.

• Manner (i) Avoid obscurity; (ii) avoid ambiguity; (iii) be brief; (iv) be orderly.

We don’t satisfy all these demands all of the time. Grice identified three ways in which this can
happen: we might just opt-out of one or more maxims, we might encounter a hopeless clash
between two or more maxims, or we might flout (“blatantly fail to fulfill”) one or more maxims.
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Gricean pragmatics

• The cooperative principle (a super-maxim): Make your
contribution as is required, when it is required, by the
conversation in which you are engaged.

• Quality: Contribute only what you know to be true. Do not say
false things. Do not say things for which you lack evidence.

• Quantity: Make your contribution as informative as is
required. Do not say more than is required.

• Relation (Relevance): Make your contribution relevant.

• Manner: (i) Avoid obscurity; (ii) avoid ambiguity; (iii) be brief;
(iv) be orderly.

• Politeness: Be polite, so be tactful, respectful, generous,
praising, modest, deferential, and sympathetic. (Leech)

3 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

Gricean pragmatics

• The cooperative principle (a super-maxim): Make your
contribution as is required, when it is required, by the
conversation in which you are engaged.

• Quality: Contribute only what you know to be true. Do not say
false things. Do not say things for which you lack evidence.

• Quantity: Make your contribution as informative as is
required. Do not say more than is required.

• Relation (Relevance): Make your contribution relevant.

• Manner: (i) Avoid obscurity; (ii) avoid ambiguity; (iii) be brief;
(iv) be orderly.

• Politeness: Be polite, so be tactful, respectful, generous,
praising, modest, deferential, and sympathetic. (Leech)

3 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

Conversational implicature
Definition
Speaker S saying U to listener L conversationally implicates q iff

1 S and L mutually, publicly presume that S is cooperative.

2 To maintain 1 given U, it must be supposed that S thinks q.

3 S thinks that both S and L mutually, publicly presume that L is
willing and able to work out that 2 holds.
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1 S and L mutually, publicly presume that S is cooperative.

2 To maintain 1 given U, it must be supposed that S thinks q.

3 S thinks that both S and L mutually, publicly presume that L is
willing and able to work out that 2 holds.

Example

Ann: What city does Paul live in?
Bob: Hmm . . . he lives in California.

(A) Assume Bob is cooperative.
(B) Bob supplied less information than was required, seemingly

contradicting (A).
(C) Assume Bob does not know which city Paul lives in.
(D) Then Bob’s answer is optimal given his evidence.
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1 S and L mutually, publicly presume that S is cooperative.

2 To maintain 1 given U, it must be supposed that S thinks q.

3 S thinks that both S and L mutually, publicly presume that L is
willing and able to work out that 2 holds.

Example

Prosecutor: Do you have a Swiss bank account?
Defendant: My company had one years ago.

(A) Defendant is cooperative and an expert about his accounts.
(B) He failed to address the question, seemingly contradicting (A).
(C) The more relevant statement “I have a Swiss bank account”

must be pragmatically inaccessible.
(D) By (A), falsity is the best explanation for its inaccessibility.
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r1 r2
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Conversational implicature
Definition
Speaker S saying U to listener L conversationally implicates q iff

1 S and L mutually, publicly presume that S is cooperative.

2 To maintain 1 given U, it must be supposed that S thinks q.

3 S thinks that both S and L mutually, publicly presume that L is
willing and able to work out that 2 holds.

Example

r1 r2

r1 r2

‘glasses’ T T
‘hat’ F T

(A) Assume the speaker is cooperative.
(B) ‘glasses’ is less informative that ‘hat’.
(C) To reconcile ‘glasses’ with (A), assume

the speaker lacks evidence for ‘hat’.
(D) By the nature of the game, the speaker

lacks evidence for ‘hat’ iff ‘hat’ is false.
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Conversational implicature
Definition
Speaker S saying U to listener L conversationally implicates q iff

1 S and L mutually, publicly presume that S is cooperative.

2 To maintain 1 given U, it must be supposed that S thinks q.

3 S thinks that both S and L mutually, publicly presume that L is
willing and able to work out that 2 holds.

Implicature as social, interactional
Implicatures are inferences that listeners make to reconcile the
speaker’s linguistic behavior with the assumption that the speaker
is cooperative.

Implicatures and cognitive complexity
The speaker must believe that the listener will infer that the
speaker believes the implicature.
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Language as a system of conventions
Convention (Lewis, 1969)
Regularity R in the behavior of members of population P is a
convention iff

1 almost everyone prefers to conform to R on condition that
almost everyone else does; and

2 almost everyone would just as happily defect to alternative
regularity R ′ if everyone else did.

Smith et al. (2013)
As a convention-based communication agent, I assume

1 there is a single set of linguistic conventions L

2 everyone knows L

3 everyone else believes that I know L

4 but (social anxiety!) I don’t really know L!
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Plan for today

1 The Rational Speech Acts (RSA) model

2 Training effective literal listeners

3 The joint inferences of deeply pragmatic listeners

4 The Cards task-oriented dialogue corpus

5 Language and action together
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The Rational Speech Acts model

1 The Rational Speech Acts (RSA) model
2 Training effective literal listeners
3 The joint inferences of deeply pragmatic listeners
4 The Cards task-oriented dialogue corpus
5 Language and action together

Mike Frank Noah Goodman
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The Rational Speech Acts model

Definition (Literal listener)

L0(world | msg,L) ∝
I(world ∈ L(msg))

|L(msg)|
P(world)

Definition (Pragmatic speaker)

S1(msg | world,L) ∝ exp λ (log L0(world | msg,L) − C(msg))

Definition (Pragmatic listener)

L1(world | msg,L) ∝ S1(msg | world,L)P(world)
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The origins of RSA

• Rosenberg & Cohen (1964): early Bayesian model of
production and comprehension in reference games.

• Lewis (1969): signaling systems (H. Clark 1996)

• Rabin (1990): recursive strategic signaling

• Camerer et al. (2004): cognitive hierarchy models for games
of conflict and coordination

• Franke (2008, 2009) and Jäger (2007, 2012): iterated best
response

• Golland et al. (2010): L1(S0) with semantic parsing

• Frank & Goodman (2012): L1(S1(L1(S0)))
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An ad hoc conversational implicature

r1 r2

Referents

r1 .5
r2 .5

Prior

r1 r2

‘glasses’ T T
‘hat’ F T

Messages

‘glasses’ 0
‘hat’ 0

Costs

Figure: Scenario

r1 r2

‘glasses’ .75 .25
‘hat’ 0 1

L1

‘glasses’ ‘hat’
r1 1 0
r2 .33 .67

S1

r1 r2

‘glasses’ .5 .5
‘hat’ 0 1

L0

Figure: Reasoning
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Experimental results

• Implicatures encourage mutual exclusivity, a.k.a., the
pidgeon-hole principle (E. Clark 1987; Frank et al. 2009). This
reasoning is pervasive in communication.

• Implicature reasoning in simple reference games is extremely
well-supported (Vogel et al., 2014; Degen & Franke, 2012).

• Eye-tracking studies have illuminated the time-course of
implicature reasoning during sentence processing (Grodner &
Sedivy, 2008; Huang & Snedeker, 2009; Grodner et al., 2010).

• For first-language acquisition, simple reference games
separate linguistic abilities from pragmatic abilities — and kids
turn out to be pretty good at pragmatics (Stiller et al., 2011).
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The role of context

r1 r2

Referents

r1 .5
r2 .5

Prior

r1 r2
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r1 r2

‘glasses’ .75 .25
‘hat’ 0 1

L1
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Bounded rationality
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(Vogel et al., 2014)
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Bounded rationality
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Self-trained discriminative RSA

r1 r2

‘glasses’ T T
‘hat’ F T

Weights: (1, 0)

(Vogel et al., 2014)
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Self-trained discriminative RSA

r1 r2

‘glasses’ T T
‘hat’ F T

Weights: (1, 0)

r1 r2 r3

‘glasses’ T F F
‘hat’ T F T

‘mustache’ F T T

Weights: . . .

(Vogel et al., 2014)
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Self-trained discriminative RSA

SelfTrain(Games G)

1 Initialize S = S0

2 Repeat:
3 L = TrainListener(G,S) # Train on S’s production prefs.

4 S = TrainSpeaker(G, L) # Train on L’s construal prefs.

5 Return (S, L)

(Vogel et al., 2014)
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Self-trained discriminative RSA
S
T
A
N
F
O
R
D

Learning to Reason Pragmatically with Cognitive Limitations
Adam Vogel, Andrés Goméz Emilsson, Michael C. Frank, Dan Jurafsky, Chris Potts

Stanford University

Discriminative Best ResponseIntroduction

Human

Previous approach, Recursive  
Bayesian models:
• Falsely assumes agents are 
optimal reasoners
• Computationally expensive
• Requires generative model of 
context

Our approach, Discriminative 
Best Response:
• No optimality assumptions
• Computationally efficient
• Learns to map directly from 
context to speaker intent

ANN Model

Reference Games

• Speaker produces expression to 
refer to target

• Listener infers intended referent
• Goal: correctly identify target

Problems require differing 
complexity of pragmatic 
reasoning

Goal: computational model of 
linguistic pragmatic reasoning

Recursive Bayes Model

Recursive Bayesian Models
Agents recursively reason about their 
interlocutor’s  communicative behavior

Experimental Results

• Learn to reason pragmatically using  supervised learning
• Map directly from contextual features to speaker intent
• Iteratively build training sets for speaker and listener 

glasses

(Vogel et al., 2014)
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Self-trained discriminative RSA
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1 The Rational Speech Acts (RSA) model

2 Training effective literal listeners

3 The joint inferences of deeply pragmatic listeners

4 The Cards task-oriented dialogue corpus

5 Language and action together

Angel Chang Will Monroe Sam Bowman Chris Manning
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Scene generation
Show me an original 3d scene of a home office . . .

Query Scene Functionally Similar Results

Figure 9: Retrieval of functionally similar scenes. The scenes on the right are the top four most similar scenes by action map profile to the
query scene on the left.

in a feature vector of dimension |A|, the number of predicted ac-
tion maps. Our intent is to show that such a simple approach can
still retrieve functionally similar scenes. We see potential for action
map-based scene similarity as another useful dimension of compar-
ison that can be leveraged for scene indexing and retrieval.

Figure 9 demonstrates an application of action descriptors to re-
trieve functionally similar scenes given query scenes. Scenes are
ranked according to their Euclidean distance from the query scene
in the space of the |A|-dimensional action descriptors. We use the
action map set described in Table 1, trained on all our training
recordings. The first row of retrieved results supports the “using
a desktop computer” action present in the query scene, except for
the last scene which supports “watching TV”. In the second row,
all scenes support either the “using a laptop computer” or “reading
a book” action exemplified in the query scene. The third row does
not contain many meaningful results; this is because our method
is not trained on many actions that are relevant to the kitchenette
query scene. Note that unlike many existing algorithms for com-
paring scene geometry, this method does not rely upon text labels
or categories assigned to the objects in the environment in any way.

9 Limitations

Many limitations of our approach are due to noisy input of current
RGB-D sensors. Partially scanned scenes and segmentation failures
can cause errors in the predicted action maps. The noise regulariza-
tion of volumetric depth map fusion partly mitigates some of these
issues; however, three categories of failures cases remain: geomet-
ric similarity failures, obstructions, and poor signal isolation.

Geometric similarity failures. The most common failure of our
algorithm occurs when an incorrect similarity is computed between
two objects or object parts. If two similar objects are not found
to be similar in our geometric feature space, then we will not cor-
rectly transfer actions from training scenes to test scenes. Likewise,

if two dissimilar objects are found to be similar, then spurious acti-
vations can occur. The bottom row of Figure 10 shows one example
where an open book is found to be geometrically similar to a lap-
top. Consequently, this region activates as “use a laptop computer”
even though no laptop is present. Geometric similarity failures can
occur for many reasons: our 3D scans are both incomplete and con-
tain inherent noise; there is natural variation in the shape and size
of objects; and our per-segment geometric features do not perfectly
characterize the shape and material of an object. With improved
scanning quality, incorporating more sophisticated geometric fea-
tures should become viable.

Obstructions. Many actions become difficult or impossible to
complete when obstructing objects are present. One example is
shown in the top row of Figure 10. Here, the presence of a key-
board makes the chair very uncomfortable for sitting, but our al-
gorithm still classifies this area with very high sitting activation.
This is because we do not explicitly construct negative examples to
train our classifiers. Instead, negative examples for an action are
drawn from any poses not explicitly labeled for that action. Creat-
ing explicit negative examples to exemplify scenarios which inhibit
actions should improve our ability to correctly account for the pres-
ence of interfering objects.

Poor signal isolation. For some types of actions, a large number
of segments may be activated by a pose performing this action. For
example, an agent using a desktop computer might be gazing at a
monitor and have joints near a keyboard, a mouse, a mousepad, a
desk, the floor plane, headphones, a mug, a speaker, and a notepad.
However, not all of these objects are required for using a desktop
computer. With insufficient training data, it is likely that our clas-
sifier will not correctly deduce which objects are most relevant to
an interaction, potentially resulting in both false positive and false
negative classifications. This problem is made more severe by the
fact that our skeleton part tracking is vulnerable to occlusions and
is not accurate to more than approximately 15cm.
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Figure 9: Retrieval of functionally similar scenes. The scenes on the right are the top four most similar scenes by action map profile to the
query scene on the left.

in a feature vector of dimension |A|, the number of predicted ac-
tion maps. Our intent is to show that such a simple approach can
still retrieve functionally similar scenes. We see potential for action
map-based scene similarity as another useful dimension of compar-
ison that can be leveraged for scene indexing and retrieval.

Figure 9 demonstrates an application of action descriptors to re-
trieve functionally similar scenes given query scenes. Scenes are
ranked according to their Euclidean distance from the query scene
in the space of the |A|-dimensional action descriptors. We use the
action map set described in Table 1, trained on all our training
recordings. The first row of retrieved results supports the “using
a desktop computer” action present in the query scene, except for
the last scene which supports “watching TV”. In the second row,
all scenes support either the “using a laptop computer” or “reading
a book” action exemplified in the query scene. The third row does
not contain many meaningful results; this is because our method
is not trained on many actions that are relevant to the kitchenette
query scene. Note that unlike many existing algorithms for com-
paring scene geometry, this method does not rely upon text labels
or categories assigned to the objects in the environment in any way.

9 Limitations

Many limitations of our approach are due to noisy input of current
RGB-D sensors. Partially scanned scenes and segmentation failures
can cause errors in the predicted action maps. The noise regulariza-
tion of volumetric depth map fusion partly mitigates some of these
issues; however, three categories of failures cases remain: geomet-
ric similarity failures, obstructions, and poor signal isolation.

Geometric similarity failures. The most common failure of our
algorithm occurs when an incorrect similarity is computed between
two objects or object parts. If two similar objects are not found
to be similar in our geometric feature space, then we will not cor-
rectly transfer actions from training scenes to test scenes. Likewise,

if two dissimilar objects are found to be similar, then spurious acti-
vations can occur. The bottom row of Figure 10 shows one example
where an open book is found to be geometrically similar to a lap-
top. Consequently, this region activates as “use a laptop computer”
even though no laptop is present. Geometric similarity failures can
occur for many reasons: our 3D scans are both incomplete and con-
tain inherent noise; there is natural variation in the shape and size
of objects; and our per-segment geometric features do not perfectly
characterize the shape and material of an object. With improved
scanning quality, incorporating more sophisticated geometric fea-
tures should become viable.

Obstructions. Many actions become difficult or impossible to
complete when obstructing objects are present. One example is
shown in the top row of Figure 10. Here, the presence of a key-
board makes the chair very uncomfortable for sitting, but our al-
gorithm still classifies this area with very high sitting activation.
This is because we do not explicitly construct negative examples to
train our classifiers. Instead, negative examples for an action are
drawn from any poses not explicitly labeled for that action. Creat-
ing explicit negative examples to exemplify scenarios which inhibit
actions should improve our ability to correctly account for the pres-
ence of interfering objects.

Poor signal isolation. For some types of actions, a large number
of segments may be activated by a pose performing this action. For
example, an agent using a desktop computer might be gazing at a
monitor and have joints near a keyboard, a mouse, a mousepad, a
desk, the floor plane, headphones, a mug, a speaker, and a notepad.
However, not all of these objects are required for using a desktop
computer. With insufficient training data, it is likely that our clas-
sifier will not correctly deduce which objects are most relevant to
an interaction, potentially resulting in both false positive and false
negative classifications. This problem is made more severe by the
fact that our skeleton part tracking is vulnerable to occlusions and
is not accurate to more than approximately 15cm.
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Scene as denotations

{

 'modelID': '7bdc0aac',

 'position': [118.545639,

              97.979499,

              3.098599],

 'scale': 0.087807,

 'rotation': -1.088704

}

What's in a 3D scene
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{

 'modelID': '7bdc0aac',

 'position': [118.545639,

              97.979499,

              3.098599],

 'scale': 0.087807,

 'rotation': -1.088704

}

Field Value

name ellington armchair

id 7bdc0aac

tags armchair, chair, 
ellington, haughton, 
sam, seating, 
woodmark

category Chair

wnlemmas armchair

unit 0.028974

up [0, 0, 1]

front [0, -1, 0]
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Scene generation corpus

There is a 

bed and 

there is a 

chair next 

to the bed.

Floor to ceiling windows on back wall. Green bed with two 

pillows and black blanket. Lights recessed into right side wall. 

Light wood flooring. A chair is in the upper right hand corner

There is a bed on the side of the room. There 

is a chair in the corner, next to the windows.

I see a bed and a chair.

The room has three windows on one wall. There 

is a red bed in the back of the room. Along side 

the bed is a side chair that is red and white.

This room has a bed with red bedding 

against the wall. Next to the bed is a chair.

there is a antique looking bed with red covers 

and pillows in a room. next to it is a recliner 

chair with red padding. also there are windows.

there is a bed with five pillows on it, and next to it is a chair

There is a bed in the room with two pillows 

and a small chair near to the right side of it.

There is a large grey bed in the bottom right corner 

of the room. Above the bed is a small black chair.
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Scene generation as semantic interpretation
Results (so far)

● Generated scenes

THE GOOD

There is a 3 person couch and 
table in the center of the room.

19 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

Scene generation as semantic interpretation

Results (so far)

● Generated scenes

THE BAD

An L shaped couch with a 
vase on the corner.

19 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

Scene generation as semantic interpretation
Results (so far)

● Generated scenes

THE UGLY

It is a square-shaped room with a wooden floor 
covered by a tan rug and an intricate wallpaper. 
There is a tall window in the corner with a small 
ceiling and desk-type object. In the middle of the 
room there is a gray-and-black carefully furnished 
bed with a simplistic gray cupboard and lamp on the 
opposite side of it in relation to the corner window.
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Recursive neural networks for natural logic
entails: 0.8
equals: 0.1

contradicts: 0.05
independent: 0.05



all reptiles walk vs. some turtles move

Softmax classifier

Comparison N(T)N layer

Composition
RN(T)N layers

Pre-trained or randomly initialized learned word vectors

all reptiles

all reptiles walk

all reptiles walk

some turtles

some turtles move

some turtles move
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Experiments

Simulated data
• Learning the natural logic relational algebra X

• Learning propositional logic theorem provers X

• Learning to reason with quantifiers and negation X

Naturalistic data
• WordNet relations 95% test training on 33% of the data

• The SICK textual entailment challenge 76.9% test

(Bowman et al., 2014a,b)
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A new natural language inference corpus

To date: entailment, contradiction, and independence sentences
for 15.5k ImageFlickr pictures/captions.

Image caption Entailment Contradiction Independent

Three people with
political signs.

People have
signs displaying
political themes.

Three people
have signs
promoting their
football team.

Men and women
are holding up
political placards
at a rally.

A person working
for the city begins
cutting down a
tree.

A city employee is
working outdoors.

The town sheriff
is sitting on a tree
swing.

A woman who
works for the city
is using a
chainsaw.
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1 The Rational Speech Acts (RSA) model

2 Training effective literal listeners

3 The joint inferences of deeply pragmatic listeners

4 The Cards task-oriented dialogue corpus

5 Language and action together
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Lexical uncertainty

1 It’s a sofa, not a couch.

2 synagogues and other churches

3 superb but not outstanding

4 L(world,L | msg) ∝ P(world)P(L)S1(msg | world,L)

5 L(world | msg) ∝ P(world)
∑
L∈L

P(L)S1(msg | world,L)

(Bergen et al., 2012, 2014; Potts et al., 2015)
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Anxious experts

1 oenophile means wine lover

2 the bow lute, such as the Bambara ndang, (Hearst, 1992)

3 wine lover or oenophile

4 synagogues and other churches

5 synagogues or churches

6 S2(msg | world,L) ∝
exp (α log (L1(world | msg,L)) − β log (L1(L | msg)) − C(msg))

(Levy & Potts, 2015)
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Contextual uncertainty

1 Chris has to miss class today.

2 A friend tweeting about bread-baking and soccer:
“Who could have predicted that?!”

3 Hand me the fork.

4 L(world, context | msg,L) ∝
P(context)S1(msg, | world, context,L)Pcontext(world)
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Joint emotional and informational goals

1 Hyperbole
a. I told you a thousand times already.
b. It took a million years to get the waiter to our table.
c. The watch cost $5000.

2 Sarcasm
a. Oh, that’s wonderful! (it’s terrible)
b. Yeah, delicious. (disgusting)
c. Sounds great. (sounds terrible)

3 Metaphor
a. Juliet is the sun.
b. I feel sick as a dog.
c. Our new boss is a shark.

(Kao et al., 2014a,b)
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The Cards corpus

1 The Rational Speech Acts (RSA) model

2 Training effective literal listeners

3 The joint inferences of deeply pragmatic listeners

4 The Cards task-oriented dialogue corpus

5 Language and action together
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The Cards world
You are on 2DYellow boxes mark cards 

in your line of sight.

Task description: Six 
consecutive cards of 

the same suit

TYPE HERE

The cards you are holding Move with the arrow keys or 
these buttons.

29 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

The Cards world

Gather six consecutive cards of a particular suit (decide
which suit together), or determine that this is impossible.
Each of you can hold only three cards at a time, so you’ll
have to coordinate your efforts. You can talk all you want,
but you can make only a limited number of moves.

What’s going on?
⇓

Which suit should we pursue?
⇓

Which sequence should we pursue?
⇓

Where is card X?
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By the numbers

• 1,266 transcripts

• Game length mean: 373.21 actions (median 305, sd 215.20)

• Actions:
I Card pickup: 19,157
I Card drop: 12,325
I Move: 371,811
I Utterance: 45,805

I Utt. length mean: 5.69 words (median 5, sd 4.74)
I Total word count: 260,788
I Total vocabulary: ≈4,000
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Task-oriented dialogue corpora

Corpus Task type Domain Task-orient. Docs. Format

Switchboard discussion open very loose 2,400 aud/txt
SCARE search 3d world tight 15 aud/vid/txt
TRAINS routes map tight 120 aud/txt
Map Task routes map tight 128 aud/vid/txt
Columbia Games games maps tight 12 aud/txt
Cards search 2d grid tight 1,266 txt in context

Chief selling points for Cards:

• Pretty large.

• Controlled enough that similar things happen often.

• Very highly structured — the only corpus whose release
version allows the user to replay all games with perfect fidelity.
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Grounded semantics (literal listeners)

“in the bottom you see the
opening on the bottom row”

⇓

BOARD(entrance & bottom); H : 5.48

“in the top right of the
middle part of the board”

⇓

middle(top & right); H : 5.27

“i’m in the center”
⇓

BOARD(middle); H : 7.37

Utterances as bags of words. No preprocessing for spelling
correction, lemmatization, etc. Assign semantic tags using
log-linear classifiers trained on the corpus data.
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Language and action, language as action

1 The Rational Speech Acts (RSA) model
2 Training effective literal listeners
3 The joint inferences of deeply pragmatic listeners
4 The Cards task-oriented dialogue corpus
5 Language and action together

Adam Vogel Max Bodoia Dan Jurafsky
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Simplified Cards scenario
Both players must find the ace of spades.

[DialogBot home movie]

34 / 49

http://web.stanford.edu/~cgpotts/talks/movies/middle-card1-edited.mp4
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Agent framework

We want our agent to:

• Make moves that are likely to lead it to the card.

• Change its behavior based on observations it receives.

• Respond to advice from the other player.

• Give advice to the other player.

Modeling the problem as a POMDP allows us to train agents that
have these properties.

(Vogel et al., 2013a,b)
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Approximate solutions take us only part of the way
• Even approximate solutions tractable only for < 10K states.

• Card loc. Agent loc. Partner loc. Partner’s card beliefs
231 × 231 × 231 × 231

≈ 50K ≈12M ≈3B

• Language as a representation for planning:
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Belief-state approximation

b̄t

b̄o1
t+1

o1

b̄o2
t+1

o2

b̄o1,o1
t+2

o1

b̄o1,o2
t+2

o2

b̄o2,o1
t+2

o1

b̄o2,o2
t+2

o2

(a) Exact multi-agent belief tracking

b̄t
o1

o2
o1

o2

b̄t+1
o1

o2
o1

o2

b̄t+2

(b) Approximate multi-agent belief tracking

Figure 4: Exact multi-agent belief tracking compared with our approximate approach. Each node represents
a belief state. In exact tracking (a), the agent tracks every possible history of observations that its partner
could have received, which grows exponentially in time. In approximate update (b), the agent considers each
possible observation and then averages the resulting belief states, weighted by the probability the other agent
received that observation, resulting in a single summary belief state b̄t+1. Under the QMDP approximation,
the agent considers what action the other agent would have taken if it completely believed the world was in
a certain state. Thus, there are four belief states resulting from b̄t , as opposed to two in the exact case.

1 �s̄� �= s̄. This approach to managing contradiction
is analogous to logical belief revision (Alchourronón
et al., 1985; Gärdenfors, 1988; Fermé and Hansson,
2011).

Speech Actions Speech actions are modeled by
how they change the beliefs of the other agent.
The effects of a speech actions are modeled in
T̄ (s̄�|s�,a,(s, s̄)), our model of how ListenerBot’s be-
liefs change. For a speech action a = say(�) with
� � �,

T̄ (s̄�|s�,a,(s, s̄)) =

�̄
o�O

�
�(ō|s̄�,a, �̄(s̄))Pr(� |s̄�)T (s̄�|a, �̄(s̄), s̄)

�s̄�� �(ō|s̄��,a, �̄(s̄))Pr(� |s̄��)T (s̄��|a, �̄(s̄), s̄)

��(ō|s�,a, �̄(s̄))
�

DialogBot is equipped with the five most
frequent speech actions: BOARD(middle),
BOARD(top), BOARD(bottom), BOARD(left),
and BOARD(right). It produces concrete utterances
by selecting a sentence from the training corpus
with the desired semantics.

Reward DialogBot receives a large reward when
both it and its partner are located on the card, and a
negative cost when moving or speaking:

R((p,c, p̄, c̄),a) =

�
R+ p = c� p̄ = c
R� p �= c� p̄ �= c

DialogBot’s reward is not dependent on the beliefs
of the other player, only the true underlying state of
the world.

6 Experimental Results

We now experimentally evaluate our semantic clas-
sifiers and the agents’ task performance.

6.1 Spatial Semantics Classifiers

We report the performance of our spatial seman-
tics classifiers, although their accuracy is not the fo-
cus of this paper. We use 10-fold cross validation
on a corpus of 577 annotated utterances. We used
simple bag-of-words features, so overfitting the data
with cross validation is not a pressing concern. Of
the 577 utterances, our classifiers perfectly labeled
325 (56.3% accuracy). The classifiers correctly pre-
dicted the domain � of 515 (89.3%) utterances. The

1078
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ListenerBot

• A POMDP agent that learns to navigate its world and interpret
language.

• Driven by its small negative reward for not having the card and
its large positive reward for finding it.

• No sensitivity to the other player.

• Literal listeners: each message msg denotes P(world | msg)

• Bayes rule to incorporate these as observations.

38 / 49



Overview The RSA model Literal listeners Pragmatic listeners The Cards corpus Language and action Looking ahead

ListenerBot example

“it’s on the left side”
⇓

board(left)
⇓

[ListenerBot home movie]
39 / 49

http://web.stanford.edu/~cgpotts/talks/movies/listener-corner.mp4
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DialogBot

DialogBot is a strict extension of Listener Bot:

• The set of states is now all combinations of
I both players’ positions
I the card’s region
I the region the other player believes the card to be in

• The set of actions now includes dialogue actions.

• (The player assumes that) a dialogue action U alters the other
player’s beliefs in the same way that U would impact his own.

• Same basic reward structure as for Listenerbot, except now
also sensitive to whether the other player has found the card.

• Approximate RSA is a special case.
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How the agents relate to each other

s s0

o o0a

R

(a) ListenerBot POMDP

s s0

o1 o01

o2 o02

a1

a2

R

(b) Full Dec-POMDP

s s0

o o0a

R

s̄ s̄0

(c) DialogBot POMDP

Figure 3: The decision diagram for the ListenerBot POMDP, the full Dec-POMDP, and the DialogBot ap-
proximation POMDP. The ListenerBot (a) only considers his own location p and the card location c. In the
full Dec-POMDP (b), both agents receive individual observations and choose actions independently. Opti-
mal decision making requires tracking all possible histories of beliefs of the other agent. In diagram (c), Di-
alogBot approximates the full Dec-POMDP as single-agent POMDP. At each time step, DialogBot marginal-
izes out the possible observations ō that ListenerBot received, yielding an expected belief state b̄.

Initial Belief State The initial belief state, b0 2
D(S), is a distribution over the state space S. Lis-
tenerBot begins each game with a known initial lo-
cation p0 but a uniform distribution over the location
of the card c:

b0(p,c) =

(
1

Nregions
p = p0

0 otherwise

Belief Update and Decision Making The key de-
cision making problem in POMDPs is the construc-
tion of a policy p : D(S)! A, a function from beliefs
to actions which dictates how the agent acts. Deci-
sion making in POMDPs proceeds as follows. The
world starts in a hidden state s0 ⇠ b0. The agent
executes action a0 = p(b0). The underlying hid-
den world state transitions to s1 ⇠ T (s0|a0,s0), the
world generates observation o0 ⇠ W(o|s1,a0), and
the agent receives reward R(s0,a0). Using the obser-
vation o0, the agent constructs a new belief b1 2D(S)
using Bayes’ rule:

bat ,ot
t+1 (s0) = Pr(s0|at ,ot ,bt)

=
Pr(ot |at ,s0,bt)Pr(s0|at ,bt)

Pr(ot |bt ,at)

=
W(ot |s0,at)Âs2S T (s0|at ,s)bt(s)

Âs00 W(ot |s00,at)Âs2S T (s00|at ,s)bt(s)
This process is referred to as belief update and is
analogous to the forward algorithm in HMMs. To in-
corporate communication into the standard POMDP

model, we consider observations (o,s) 2 O ⇥ S
which are a combination of a perceptual observation
o and a received message s . The semantics of the
message s is included in the belief update equation
using Pr(s|s), derived in Equation 1:

ba,o,s (s0) =

W(o|s0,a) Pr(s0|s)Pr(s)
Âs 02S Pr(s0|s 0)Pr(s 0) Âs2S T (s0|a,s)b(s)

Âs002S W(o|s00,a) Pr(s00|s)Pr(s)
Âs 02S Pr(s00|s 0)Pr(s 0) Âs2S T (s00|a,s)b(s)

Using this new belief state b1, the agent selects an
action a1 = p(b1), and the process continues. An
initial belief state b0 and a policy p together define
a Markov chain over pairs of states and actions.

For a given policy p , we define a value function
V p : D(S) ! R which represents the expected dis-
counted reward with respect to that Markov chain:

V p(b0) =
•

Â
t=0

g t E[R(bt ,at)|b0,p]

The goal of the agent is find a policy p⇤ which max-
imizes the value of the initial belief state:

p⇤ = argmax
p

V p(b0)

Exact computation of p⇤ is PSPACE-complete (Pa-
padimitriou and Tsitsiklis, 1987), making approx-
imation algorithms necessary for all but the sim-
plest problems. We use Perseus (Spaan and Vlassis,
2005), an anytime approximate point-based value it-
eration algorithm.
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DialogBot and ListenerBot play together

Dialogbot: “Top”

DialogBot beliefs ListenerBot beliefs

DialogBot beliefs:
ListenerBot’s position

DialogBot beliefs:
ListenerBot’s beliefs
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Emergent pragmatics

Quality
• The Gricean maxim of quality says roughly “Be truthful”.

• For DialogBot, this emerges from the decision problem: false
information is (typically) more costly.

• DialogBot would lie if he thought it would move them toward
the objective.

Quantity and Relevance
• The Gricean maxims of quantity and relevance for informative,

timely contributions.

• When DialogBot finds the card, he communicates the
information, not because he is hard-coded to do so, but rather
because it will help the other player find it.
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Grown-up DialogBots (a week of policy exploration)
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Baby DialogBots (a few hours of policy exploration)
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Experimental results

Agents % Success Average Moves

ListenerBot & ListenerBot 84.4% 19.8
ListenerBot & DialogBot 87.2% 17.5
DialogBot & DialogBot 90.6% 16.6

Table: 500 random initial states per agent combination.
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Literal interpretations in the Cards world
top right top left bottom right bottom left

top right left bottom middle
top left (5.75) top (6.68) top right (5.57)

left (6.81) middle (7.16) right (6.86)

bottom left (6.11) bottom (6.37) bottom right (5.42)
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Implicature in the Cards world
top left (5.82) top (5.74) top right (5.49)

left (6.15) middle (6.14) right (6.57)

bottom left (5.29) bottom (5.43) bottom right (5.44)

Figure: Human

top left (5.17) top (3.46) top right (5.04)

left (3.91) middle (2.35) right (3.58)

bottom left (4.81) bottom (3.70) bottom right (5.04)

Figure: DialogBot

1 Literal speaker S: finds the cards and utters the message with
the highest literal probability for his location.

2 Level-one listener L(S): interprets each message as the set
of beliefs that S must have to produce it.
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Looking ahead

Literal listeners
• Continued data collection of grounded interpretations.

• More compositionality, richer semantic representations.

Deep understanding of short-form communications
• Crowdsourced annotation for literal listeners.

• Joint inferences about context and construal.

CRF agents bringing language and action together
• A model-free approach to developing communication agents.

• So far: competitive listener bots in a fraction of the time.

Thanks!
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