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Bringing machine learning and pragmatics together

Bayesian pragmatic models

• Analytic insights

• Small problems

• Idealized agents

• Constrained by model
design

Machine learning

• Coverage

• Huge, unruly problems

• Fallible agents

• Constrained by
experiences in training

Goal: combine the best aspects of both to achieve broader
coverage and novel pragmatic insights
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Semantic parsing
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Semantic parsing

1 for w ∈Words
2 for X ∈ Categories
3 for d ∈ Domain
4 yield ‘X → w : d’

0 N → dog : dog
0 V → dog : dogv

0 N → dog : cat
0 N → cat : cat
0 N → cat : dog
0 V → jump : dog
0 V → jump : jump

N

dog : dog

N

dog : dog

V

dog : dogv

V

jump : jump

N

cat : cat

N

cat : cat

N

dog : dog
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Semantic parsing

Zettlemoyer & Collins 2005:

Rules Categories produced from logical form
Input Trigger Output Category arg max(�x.state(x) ^ borders(x, texas), �x.size(x))

constant c NP : c NP : texas
arity one predicate p1 N : �x.p1(x) N : �x.state(x)
arity one predicate p1 S\NP : �x.p1(x) S\NP : �x.state(x)
arity two predicate p2 (S\NP )/NP : �x.�y.p2(y, x) (S\NP )/NP : �x.�y.borders(y, x)
arity two predicate p2 (S\NP )/NP : �x.�y.p2(x, y) (S\NP )/NP : �x.�y.borders(x, y)
arity one predicate p1 N/N : �g.�x.p1(x) ^ g(x) N/N : �g.�x.state(x) ^ g(x)

literal with arity two predicate p2

and constant second argument c N/N : �g.�x.p2(x, c) ^ g(x) N/N : �g.�x.borders(x, texas) ^ g(x)

arity two predicate p2 (N\N)/NP : �x.�g.�y.p2(x, y) ^ g(x) (N\N)/NP : �g.�x.�y.borders(x, y) ^ g(x)
an arg max / min with second
argument arity one function f

NP/N : �g. arg max / min(g, �x.f(x)) NP/N : �g. arg max(g, �x.size(x))

an arity one
numeric-ranged function f

S/NP : �x.f(x) S/NP : �x.size(x)

Figure 3: The rules that define GENLEX. We use the term predicate to refer to a function that returns a truth value; function to refer
to all other functions; and constant to refer to constants of type e. Each row represents a rule. The first column lists the triggers that
identify some sub-structure within a logical form L, and then generate a category. The second column lists the category that is created.
The third column lists example categories that are created when the rule is applied to the logical form at the top of this column.

as triggers for creating a category N : �x.p(x). Given the
logical form �x.major(x) ^ city(x), which has the arity-
one predicates major and city, this rule would create the
categories N : �x.major(x) and N : �x.city(x).

Intuitively, each of the rules in Figure 3 corresponds to a
different linguistic sub-category such as noun, transitive
verb, adjective, and so on. For example, the rule in the first
row generates categories that are noun phrases, and the sec-
ond rule generates nouns. The end result is an efficient way
to generate a large set of linguistically plausible categories
C(L) that could be used to construct a logical form L.

3.2 The Learning Algorithm

Figure 4 shows the learning algorithm used within our ap-
proach. The output of the algorithm is a PCCG, defined by
a lexicon ⇤ and a parameter vector ✓̄. As input, the algo-
rithm takes a training set of sentences paired with logical
forms, together with an initial lexicon, ⇤0.

At all stages, the algorithm maintains a parameter vector
✓̄ which stores a real value associated with every possible
lexical item. The set of possible lexical items is

⇤⇤ = ⇤0 [
n[

i=1

GENLEX(Si, Li)

In our experiments, the parameters were initialized to be
0.1 for all lexical items in ⇤0, and 0.01 for all other lexical
items. These values were chosen through experiments on
the development data; they give a small initial bias towards
using lexical items from ⇤0 and favor parses that include
more lexical items.

The goal of the algorithm is to provide a relatively com-
pact lexicon, which is a small subset of the entire set of
possible lexical items. The algorithm achieves this by al-
ternating between two steps. The goal of step 1 is to search
for a relatively small number of lexical entries, which are
nevertheless sufficient to successfully parse all training ex-

amples. Step 2 is then used to re-estimate the parameters
of the lexical items that are selected in step 1.

In the t’th application of step 1, each sentence in turn
is parsed with the current parameters ✓̄t�1 and a spe-
cial, sentence–specific lexicon which is defined as ⇤0 [
GENLEX(Si, Li). This will result in one or more highest-
scoring parses that have the logical form Li.6 Lexical
items are extracted from these highest-scoring parses alone.
The result of this stage is to generate a small subset �i

of GENLEX(Si, Li) for each training example. The out-
put of step 1, at iteration t, is a subset of ⇤⇤, defined as
⇤t = ⇤0 [

Sn
i=1 �i.

Step 2 re-estimates the parameters of the members of ⇤t,
using stochastic gradient descent. The starting point for
gradient descent when estimating ✓̄t is ✓̄t�1, i.e., the pa-
rameter values at the previous iteration. For any lexical
item that is not a member of ⇤t, the associated parameter
in ✓̄t is set to be the same as the corresponding parameter in
✓̄t�1 (i.e., parameter values are simply copied across from
the previous iteration).

The motivation for cycling between steps 1 and 2 is as fol-
lows. In step 1, keeping only those lexical items that occur
in the highest scoring parse(s) leading to Li results in a
compact lexicon. This step is also guaranteed to produce
a lexicon ⇤t ⇢ ⇤⇤ such that the accuracy on the training
data when running the PCCG (⇤t, ✓̄

t�1) is at least as ac-
curate as applying the PCCG (⇤⇤, ✓̄t�1). In other words,
pruning the lexicon in this way cannot hurt parsing perfor-
mance on training data in comparison to using all possible
lexical entries.7

6Note that this set of highest-scoring parses is identical to the
set produced by parsing with ⇤⇤, rather than the sentence-specific
lexicon. This is because ⇤0 [ GENLEX(Si, Li) contains all lex-
ical items that can possibly be used to derive Li.

7To see this, note that restricting the lexicon in this way cannot
exclude any of the highest-scoring parses for Si that lead to Li. In
practice, it may exclude some parses that lead to logical forms for
Si that are incorrect. Because the highest-scoring correct parses
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possible lexical items. The algorithm achieves this by al-
ternating between two steps. The goal of step 1 is to search
for a relatively small number of lexical entries, which are
nevertheless sufficient to successfully parse all training ex-

amples. Step 2 is then used to re-estimate the parameters
of the lexical items that are selected in step 1.

In the t’th application of step 1, each sentence in turn
is parsed with the current parameters ✓̄t�1 and a spe-
cial, sentence–specific lexicon which is defined as ⇤0 [
GENLEX(Si, Li). This will result in one or more highest-
scoring parses that have the logical form Li.6 Lexical
items are extracted from these highest-scoring parses alone.
The result of this stage is to generate a small subset �i

of GENLEX(Si, Li) for each training example. The out-
put of step 1, at iteration t, is a subset of ⇤⇤, defined as
⇤t = ⇤0 [

Sn
i=1 �i.

Step 2 re-estimates the parameters of the members of ⇤t,
using stochastic gradient descent. The starting point for
gradient descent when estimating ✓̄t is ✓̄t�1, i.e., the pa-
rameter values at the previous iteration. For any lexical
item that is not a member of ⇤t, the associated parameter
in ✓̄t is set to be the same as the corresponding parameter in
✓̄t�1 (i.e., parameter values are simply copied across from
the previous iteration).

The motivation for cycling between steps 1 and 2 is as fol-
lows. In step 1, keeping only those lexical items that occur
in the highest scoring parse(s) leading to Li results in a
compact lexicon. This step is also guaranteed to produce
a lexicon ⇤t ⇢ ⇤⇤ such that the accuracy on the training
data when running the PCCG (⇤t, ✓̄

t�1) is at least as ac-
curate as applying the PCCG (⇤⇤, ✓̄t�1). In other words,
pruning the lexicon in this way cannot hurt parsing perfor-
mance on training data in comparison to using all possible
lexical entries.7

6Note that this set of highest-scoring parses is identical to the
set produced by parsing with ⇤⇤, rather than the sentence-specific
lexicon. This is because ⇤0 [ GENLEX(Si, Li) contains all lex-
ical items that can possibly be used to derive Li.

7To see this, note that restricting the lexicon in this way cannot
exclude any of the highest-scoring parses for Si that lead to Li. In
practice, it may exclude some parses that lead to logical forms for
Si that are incorrect. Because the highest-scoring correct parses
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Semantic parsing

Zettlemoyer & Collins 2005:

Rules Categories produced from logical form
Input Trigger Output Category arg max(�x.state(x) ^ borders(x, texas), �x.size(x))

constant c NP : c NP : texas
arity one predicate p1 N : �x.p1(x) N : �x.state(x)
arity one predicate p1 S\NP : �x.p1(x) S\NP : �x.state(x)
arity two predicate p2 (S\NP )/NP : �x.�y.p2(y, x) (S\NP )/NP : �x.�y.borders(y, x)
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literal with arity two predicate p2

and constant second argument c N/N : �g.�x.p2(x, c) ^ g(x) N/N : �g.�x.borders(x, texas) ^ g(x)

arity two predicate p2 (N\N)/NP : �x.�g.�y.p2(x, y) ^ g(x) (N\N)/NP : �g.�x.�y.borders(x, y) ^ g(x)
an arg max / min with second
argument arity one function f

NP/N : �g. arg max / min(g, �x.f(x)) NP/N : �g. arg max(g, �x.size(x))

an arity one
numeric-ranged function f

S/NP : �x.f(x) S/NP : �x.size(x)

Figure 3: The rules that define GENLEX. We use the term predicate to refer to a function that returns a truth value; function to refer
to all other functions; and constant to refer to constants of type e. Each row represents a rule. The first column lists the triggers that
identify some sub-structure within a logical form L, and then generate a category. The second column lists the category that is created.
The third column lists example categories that are created when the rule is applied to the logical form at the top of this column.

as triggers for creating a category N : �x.p(x). Given the
logical form �x.major(x) ^ city(x), which has the arity-
one predicates major and city, this rule would create the
categories N : �x.major(x) and N : �x.city(x).
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different linguistic sub-category such as noun, transitive
verb, adjective, and so on. For example, the rule in the first
row generates categories that are noun phrases, and the sec-
ond rule generates nouns. The end result is an efficient way
to generate a large set of linguistically plausible categories
C(L) that could be used to construct a logical form L.

3.2 The Learning Algorithm
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forms, together with an initial lexicon, ⇤0.
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✓̄ which stores a real value associated with every possible
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⇤⇤ = ⇤0 [
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i=1
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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.
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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 required; clash with (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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Definition (Literal listener)

l0(w | msg, Lex) ∝ Lex(msg,w)P(w)

9 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Pragmatic listeners

Definition (Pragmatic listener)

l1(w | msg, Lex) ∝ s1(msg | w, Lex)P(w)

Definition (Pragmatic speaker)

s1(msg | w, Lex) ∝ exp λ (log l0(w | msg, Lex) − C(msg))

Definition (Literal listener)

l0(w | msg, Lex) ∝ Lex(msg,w)P(w)

9 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Pragmatic listeners

Definition (Pragmatic listener)

l1(w | msg, Lex) = pragmatic speaker × state prior

Definition (Pragmatic speaker)

s1(msg | w, Lex) = literal listener −message costs

Definition (Literal listener)

l0(w | msg, Lex) = lexicon × state prior
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beard 1 0 0
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More Gricean terrain

• Lexical uncertainty and the division of pragmatic labor
Bergen, Levy, Goodman, ‘Pragmatic reasoning through semantic inference’

• Lexical uncertainty and embedded implicatures
Potts, Lassiter, Levy, Frank, ‘Embedded implicatures as pragmatic

inferences under compositional lexical uncertainty’

• Pragmatic free variables and non-literal language
Kao, Wu, Bergen, Goodman, ‘Nonliteral understanding of number words’

• Implicature blocking by higher-level agents
Potts & Levy, ‘Negotiating lexical uncertainty and speaker expertise with

disjunction’
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Pragmatic speakers

Definition (Pragmatic speaker)

s1(msg | w, Lex) = pragmatic listener −message costs

Definition (Pragmatic listener)

l1(w | msg, Lex) = literal speaker × state prior

Definition (Literal speaker)

s0(msg | w, Lex) = lexicon −message costs
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Furniture example
colour:green
orientation:left
size:small
type:fan

x-dimension:1
y-dimension:1

colour:green
orientation:left
size:small
type:sofa
x-dimension:1
y-dimension:2

colour:red
orientation:back
size:large
type:fan

x-dimension:1
y-dimension:3

colour:red
orientation:back
size:large
type:sofa
x-dimension:2
y-dimension:1

colour:blue
orientation:left
size:large
type:fan

x-dimension:2
y-dimension:2

colour:blue
orientation:left
size:large
type:sofa
x-dimension:3
y-dimension:1

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

Utterance: “blue fan small”
Utterance attributes: [colour:blue]; [size:small]; [type:fan]
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People example
age:old

hairColour:light
hasBeard:1
hasGlasses:0
hasHair:0
hasShirt:1
hasSuit:0
hasTie:0

orientation:left
type:person
x-dimension:1
y-dimension:1

age:young
hairColour:dark
hasBeard:0
hasGlasses:0
hasHair:1
hasShirt:1
hasSuit:0
hasTie:0

orientation:front
type:person
x-dimension:1
y-dimension:2

age:young
hairColour:dark
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hasGlasses:0
hasHair:1
hasShirt:1
hasSuit:0
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orientation:front
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x-dimension:2
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age:young
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type:person
x-dimension:3
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hairColour:dark
hasBeard:0
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hasHair:1
hasShirt:0
hasSuit:1
hasTie:1

orientation:front
type:person
x-dimension:3
y-dimension:3

Utterance: The bald man with a beard
[hasBeard:1]; [hasHair:0]; [type:person] 17 / 29
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Multiset Dice coefficient

Definition

2
∑

x∈D min
[
Za(msgi)

(x),Za(msgj)
(x)
]

|a(msgi)|+ |a(msgj)|

•
predicted: [a b c a]

actual: [a b c a]
= 1

•
predicted: [a b c a]

actual: [a b c ]
= .86

•
predicted: [a b c ]

actual: [a b c a]
= .86

•
predicted: [a ]

actual: [a b c a]
= .4
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Learned RSA

1 The Rational Speech Acts (RSA) model

2 TUNA

3 Learned RSA

4 Experiments
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Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color
type + color
color + ¬size
attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color
type + color
color + ¬size
attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color
type + color
color + ¬size
attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color

type + color
color + ¬size
attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color
type + color
color + ¬size

attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Feature representations

Target Utterance attributes Features

colour:blue
orientation:left
size:small
type:fan

x-dimension:3
y-dimension:3

[colour:blue]
[size:small]
[type:fan]

colour:blue ∧ [colour:blue]
colour:blue ∧ [size:small]
colour:blue ∧ [type:fan]

orientation:left ∧ [colour:blue]
orientation:left ∧ [size:small]
orientation:left ∧ [type:fan]

...

Generation features


color
type + color
color + ¬size
attribute-count = 3

type� color� size type� orientation� color� size

20 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Model definition

  

Learning through RSA

⊙
ϕ θ

“beard”

“guy with the beard”

“guy with glasses”

...

S0(m|t ,θ)∝exp [θT ϕ(t ,m)]

L1(t|m ,θ)∝S0(m|t ,θ)

S1(m|t ,θ)∝L1(t|m ,θ)

21 / 29
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Optimization

  

Learning through RSA

“guy with the beard”

⊙
ϕ θ

“beard”

“guy with the beard”

“guy with glasses”

...

∂
∂θ log S1(m|t ,θ)
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Addressing the drawbacks of RSA

Goal Features

Avoid hand-built lexicon Cross-product features
Learn quirks of production Features like color
Learn attribute hierarchies Attribute-pair features like color + ¬size
Learn message costs Length features and others

Cognitive and linguistic insights combined with learning
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Train

[person]
[glasses]

[person]
[beard]
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Example

∅

.08 .25 .03 .00 .10 .11

[person]

.08 .25 .22 .10 .16 .13

[glasses]

.17 .00 .03 .00 .11 .07

[beard]

.08 .25 .03 .04 .08 .17

[person];[glasses]

.17 .00 .22 .01 .18 .08

[person];[beard]

.08 .25 .22 .74 .12 .19

[glasses];[beard]

.17 .00 .03 .00 .10 .11

[all]

.17 .00 .22 .10 .16 .11

RSA Learned S0 Learned S1

24 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Example

∅ .08 .25

.03 .00 .10 .11

[person] .08 .25

.22 .10 .16 .13

[glasses] .17 .00

.03 .00 .11 .07

[beard] .08 .25

.03 .04 .08 .17

[person];[glasses] .17 .00

.22 .01 .18 .08

[person];[beard] .08 .25

.22 .74 .12 .19

[glasses];[beard] .17 .00

.03 .00 .10 .11

[all] .17 .00

.22 .10 .16 .11

RSA

Learned S0 Learned S1

24 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Example

∅ .08 .25 .03 .00

.10 .11
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.16 .13

[glasses] .17 .00 .03 .00
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.18 .08

[person];[beard] .08 .25 .22 .74

.12 .19

[glasses];[beard] .17 .00 .03 .00
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24 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Example

∅ .08 .25 .03 .00 .10 .11
[person] .08 .25 .22 .10 .16 .13
[glasses] .17 .00 .03 .00 .11 .07
[beard] .08 .25 .03 .04 .08 .17

[person];[glasses] .17 .00 .22 .01 .18 .08
[person];[beard] .08 .25 .22 .74 .12 .19
[glasses];[beard] .17 .00 .03 .00 .10 .11

[all] .17 .00 .22 .10 .16 .11
RSA Learned S0 Learned S1

24 / 29



Overview RSA TUNA Learned RSA Experiments Conclusion

Experiments

1 The Rational Speech Acts (RSA) model

2 TUNA

3 Learned RSA

4 Experiments
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Experimental set-up

• TUNA furniture: 420 trials, 176 distinct referents

• TUNA people: 360 trials, 228 distinct referents

• Five-fold cross-validation for all models

• RSA cross-validation sets λ and the cost function

• Learned RSA optimized via AdaGrad with `2 regularization
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Results
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Error analysis
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Summary and general lessons

• Best model of production: established insights about natural
language generation synthesized with RSA

• Cognitive and linguistic insights combined with learning

• Learning a lexicon, speaker preferences, and
context-dependent disambiguation in one process

• Next: learning in extended versions of RSA

• Next: increased scalability via variational inference

Thanks!
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