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A conversational implicature

glasses

mustache hat

“The guy with glasses”
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Interpreting complex descriptions

Stanford Colors in Context corpus
(Monroe et al. 2017)
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Discriminative image labeling

A little dog
jumping and
catching a
frisbee

A big dog
running

Mao et al. 2016
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Google Refexp Dataset

S: “A yellow and
black backpack”

Mao et al. 2016
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Vedantam et al. 2017; Cohn-Gordon et al. 2018
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Generating and following instructions

Behavior %
v w

(a) Spiaaskee,. walk forward four times

Rational go forward four segments to the
Speaker intersection with the bare concrete hall

walk along the blue carpet and you pass
two objects

(b) | ittt So—F——®,
Rati 1
Eflonei _%_ﬁ_;‘/ L

Fried et al. 2018

Instruction

12/57



NLP tasks RSA RSA+ML Modular neural RSA RSA learning objectives Frontiers References
0000000000800 000000 [e]o]e} 00000000 0000000000000 0000

Collaborative problem solving

Tellex et al. 2014
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Collaborative problem solving

Hand me the white
leg on the table

Tellex et al. 2014
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Continual adaptation

' Round 1: All right, the
‘ ‘ next one looks like a per-

4 son who's ice skating, ex-
} ‘A cept they’re sticking their
A arms out in front.

Round 2: Um, the next
one’s the person ice skating
that has arms out.

o v“h L]

Round 6: The ice skater.

Clark and Wilkes-Gibbs 1986; DeVault et al. 2005;
Paetzel et al. 2014; Hawkins et al. 2017
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Optical character recognition
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Origin story

Rosenberg and Cohen (1964): early Bayesian model of
production and comprehension

Lewis (1969): signaling systems
Rabin (1990): recursive strategic signaling

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

Franke (2009) and Jager (2007): iterated best response

Golland et al. (2010): pragmatic listeners and
probabilistic compositionality

Frank and Goodman (2012): very sophisticated
pragmatic agents and a new Bayesian foundation

References
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Pragmatic listeners

Literal listener

[msg, state]P(state)

Liit(state | msg) =
it | msg) 3 tate [Msg, state’]P(state’)

References
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Pragmatic listeners

Pragmatic speaker

S | stat exp (a(logLiji(state | msg)— C(msg)))
msg | state) =
prag(Msg ) 2msg’ €Xp (a(log Liic(state | msg’) — C(msg’)))

Literal listener

Lix(state | [msg, state]P(state)
it(state | msg) =
it 9) > tater [Msg, state’]P(state’)
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Pragmatic listeners

Sprag(msg | state)P(state)

- Zstate’ Sprag(msg | state’)P(state’)

Pragmatic speaker

< | stat. exp (a(logLjit(state | msg)— C(msg)))
msg | state) =
prag(Msg ) 2msg’ €Xp (a(log Liic(state | msg’) — C(msg’)))

Literal listener

msgqg, state]P(state
Liit(state | msg) = Imsg IP( )

Ystate [Msg, state’]P(state”)
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Pragmatic listeners

= pragmatic speaker x state prior

Pragmatic speaker

Sprag(msg | state) = literal listener — message costs

Literal listener
Liit(state | msg) = lexicon x state prior

18/57
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A simple example

beard 1 0 0 Lprag
glasses 1 1 0 Lyt

tie 0 1 1 [-]
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glasses .50 .50 0 Lit

tie 0 .50 .50 [']
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Pragmatic speakers

~ exp(a(logLprag(state | msg) — C(msg)))
Yimsg €xp (ar(log Lprag(state | msg’) — C(msg’)))

Pragmatic listener

Sit(msg | state)P(state)
Sstate’ Slit(Msg | state’)P(state’)

Literal speaker

exp (a (log[msg, state] — C(msg)))
Ymsg €Xp (a (log[msg’, state] — C(msg’)))

Siit(msg | state) =
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Pragmatic speakers

= pragmatic listener — message costs

Pragmatic listener

Lporag(state | msg) = literal speaker x state prior

Literal speaker
Siit(msg | state) = lexicon — message costs
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Major achievements in linguistics

M-implicatures (Bergen et al. 2016)

e Implicature blocking (Potts and Levy 2015)

e Implicatures and compositionality (Potts et al. 2016)
e Hyperbole (Kao et al. 2014b)

e Metaphor (Kao et al. 2014a)

e Irony (Cohn-Gordon and Bergen 2019)

o Politeness (Yoon et al. 2016, 2017)

e Social meaning (Burnett 2017; Qing and Cohn-Gordon
2019)

e Adaptation (Schuster and Degen 2019)
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Joint inference

Lorag(state, Context | msg)

Sprag(Msg | state, Context)
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Discriminative image
labeling

Image captioning
Summarization
Machine translation

Collaborative problem
solving

Interpreting complex
descriptions

Optical Character
Recognition

Modular neural RSA
00000000
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Scalability
Sensitivity to variation
Bounded rationality

New kinds of model
assessment

Impact

References
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A formative challenge

exp (o (log Liit(state | msg) — C(msg)))
[Smeg|xp (a(log Li(state | msg’) — C(msg")

Sprag(msg | state) =
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Notational conventions

Logical semantic agents
Sprag(Msg | state; Context, [-])

SE)‘;]ag(msg | state)

Learned agents
Sprag(mMsg | state; Context, 0)

Sgrag(msg | state)

References
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Papers employing these general techniques

e Cohn-Gordon and Goodman. 2019. Lost in machine
translation: a method to reduce meaning loss. NAACL.

e Cohn-Gordon, Goodman, Potts. 2018. Pragmatically
informative image captioning with character-level
inference. SCiL.

e Cohn-Gordon, Goodman, Potts. 2019. An incremental
iterated response model of pragmatics. SCiL.

e Andreas and Klein. 2016. Reasoning about pragmatics
with neural listeners and speakers. EMNLP.

e Fried, Andreas, Klein. 2018. Unified pragmatic models for
generating and following instructions. NAACL.

e Monroe, Hawkins, Goodman, Potts. Colors in context: A
pragmatic neural model for grounded language
understanding. TACL.

e Monroe, Hu, Jong, Potts. 2018. Generating bilingual
pragmatic color references. NAACL.
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Stanford English Colors in Context corpus

Utterance

blue

The darker blue one

dull pink not the super
bright one

Purple

0
o
S
=
bas
~

blue

Stanford Colors in Context corpus (Monroe et al. 2017).
Chinese version available as well (Monroe et al. 2018)!
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Literal neural speaker Sﬁt

f Encoder \ K Decoder \

o o [ | | we |

Monroe et al. 2017
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Neural literal listener Lg

-

Encoder

~

~

RSA learning objectives Frontiers References
0000000000000 0000
Decoder \
e o o

softmax(s,;, s,, s;)

W)

score(f) = /

~(f, — W)"E(f,— 1)

Fourier transform

\

Monroe et al. 2017
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The formative challenge again

exp (o (log Liit(state | msg) — C(msg)))
[Smeg|xp (a(log Li(state | msg’) — C(msg")

Sprag(msg | state) =
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Neural pragmatic agents
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Neural pragmatic agents

Speaker (Andreas and Klein 2016)

LS (state | msg)

Sgrag(msg | state) = > -
Yimsg'ex L (state | msg’)

with X a sample from Sﬁt(msg | state) such that msg € X.

References
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Neural pragmatic agents

Speaker (Andreas and Klein 2016)

LS (state | msg)

Sgrag(msg | state) = > -
Yimsg'ex L (state | msg’)

with X a sample from Sﬁt(msg | state) such that msg € X.
Listener

LI(state | msg) x S° _ (msg | state)

prag

References
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Neural pragmatic agents

Speaker (Andreas and Klein 2016)

LS (state | msg)
Y msgex g (state | msg’)

with X a sample from Sﬁt(msg | state) such that msg € X.

Sgrag(msg | state) =

Listener

LY(state | msg) « S’

prag(msg | state)

Blended neural pragmatic listener

Weighted combination of LS and LY.

References

33/57
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An incremental alternative

LXVORD(state | [words ... word,], word)

Cohn-Gordon et al. 2018, 2019; Cohn-Gordon and Goodman 2019
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An incremental alternative

Ly/OR(state | [word) ... wordy), word)

SWORD(word | [word] ... word,), state) =

Ly/ORD(state | [word] ... wordy], word)
| WORD

Sword'eV state | [word- ... wordp,], word")

Cohn-Gordon et al. 2018, 2019; Cohn-Gordon and Goodman 2019

34/57



NLP tasks RSA RSA+ML Modular neural RSA RSA learning objectives Frontiers References
0000000000000 000000 000 0000000 0000000000000 0000

Linguistic evidence for incremental pragmatics

_|_

H A

Sedivy et al. 1999; Sedivy 2007; Grodner and Sedivy 2008
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Linguistic evidence for incremental pragmatics

| O
Touch

the +

H A

Sedivy et al. 1999; Sedivy 2007; Grodner and Sedivy 2008
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Linguistic evidence for incremental pragmatics

\ O
Touch
the

red
B A

Sedivy et al. 1999; Sedivy 2007; Grodner and Sedivy 2008
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Utterance: “The bald man with a beard”
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TUNA people example

References

. age:old youn!
hairColour:light halr olour ark
hasBeard:
hasGlasses:0 hasGIasses 0
sHair:0 hasHair:1
hasShirt:1 hasshirt:1
hasSuit:0 hasSuit:0
hasTie:0 hasTie:0

type:person type:person

youn

youn
halr olour ark

halr%olour
hasBeard:1
hasGlasses:0
hasHair:1
hasShirt:
hasSuit:1
hasTie:1
type:person

hasGIasses 0

hasTie:1
type:person

youn

% :youn youn
halr olour ark hairColour: halr olour ark
hasBeard:1

hasGIasses 0

hasGlasses:0 hasGIasses 0
hasHair:1 hasHair:1 hasHair:1
3 hasShirt:0 hasShirt:1 hasShirt:0
hasSuit:1 hasSuit:0 hasSuit:1
hasTie:1 hasTie:0 hasTie:1
type:person

type:person type:person

Utterance: “The bald man with a beard”
Utterance attributes: [hasBeard:1]; [hasHair:0]; [type:person]

38/57
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Forward inference

S,(mlt,0)ec L, (tIm,0)

H
==I L,(tlm,0)cS,(mlt,0)

Ilb

HEE S, (mlt,0)cexp[0 ¢(t,m)]

HEC
“beard” T
'g,, guy with the beard”
"2 | "guy with glasses” " © 0

Monroe and Potts 2015
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Forward inference

C=\=%Sl(m|t,6)ocLl(t|m,6)

o [ ]
HEE— L, (tIm,0)cS,(m|t,0)
[ [

hasBeard:1 Cﬂ
\ T
SO

==5 (m|t,0)ocexp[08" @(t,m)]

Y “beard” T
{ ol “guy with the beard”
* o @l |"suy with glasses” 0 o o

hasGlasses:1 Monroe and Potts 2015

39/57
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Optimization

“guy with the beard”

hasBeard:1
Llog S, (mlt,0)

“beard” T
‘):‘(; “guy with the beard”
" o #l["suy with glasses” ¢ © 0

References

hasGlasses:1 Monroe and Potts 2015
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Optimization

“guy with the beard”

hasBeard:1
Llog S, (mlt,0)

“beard” T
‘):‘(; “guy with the beard”
" o #l["suy with glasses” ¢ © 0

References

hasGlasses:1 Monroe and Potts 2015
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Limitations

 Scalability b
e Sensitivity to variation W
e Bounded rationality D
* New kinds of model assessment W
e Impact A3
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Introspective speakers from Google

Generation and Comprehension of Unambiguous Object Descriptions

Junhua Mao®* Jonathan Huang' Alexander Toshev! Oana Camburu® Alan Yuille>* Kevin Murphy?
1Google Inc.  2University of California, Los Angeles 2University of Oxford “*Johns Hopkins University
{mjhustc@, yuille@stat. }ucla .edu, oana-maria.camburu@cs.ox.ac.uk
{jonathanhuang, toshev, kpmurphy}@google.com

Context-aware Captions from Context-agnostic Supervision

Ramakrishna Vedantam' ~ Samy Bengio>  Kevin Murphy?  Devi Parikh®  Gal Chechik®
'Virginia Tech  Georgia Institute of Technology  2Google
lyrama91@vt.edu S’parikh@gatech.edu ?{bengio, kpmurphy,gal}@google.com

Mao et al. 2016; Vedantam et al. 2017
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Google Refexp Dataset

S: “A yellow and
black backpack”

Listener

Mao et al. 2016
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Google Refexp Dataset examples

References

A boy brushing his hair
while looking at his
reflection.

Zebra looking towards
the camera.

A young male child in
pajamas shaking around a
hairbrush in the mirror.

A zebra third from the
left.

A bird that is close to

The woman in black the baby in a pink shirt.

dress.

A bird standing on the
shoulder of a person
with its tail touching her
face.

1A lady in a black dress
cuts a wedding cake
with her new husband.

Mao et al. 2016
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Maximum Mutual Information Training

Neural listener objective

Where an example is a message, a set of entities /, and a
entity ent e I:

N s

]/(9)=—Z|Og lit

6
n=1 Zent’eln S .(msgy | entn;ln)

(msg, | entn; 1)

the girl in pink  <eos>

Region CNN = LSTM
A"

&
<
<bos>  the girl in pink

Mao et al. 2016
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Maximum Mutual Information Training

Neural listener objective

Where an example is a message, a set of entities /, and a
entity ente I

N 6
Sm

n=1 Z:ent“’el,7 Sﬁt(mSQn | entn;ln)

(msg, | entn;In)

Max margin objective

To speed up training and make it more stable, they
approximate the abovean max-margin objective that
compares each target with a single randomly chosen
distractor.

Mao et al. 2016
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Introspective image captioners

Target Image: Distractor Image: Speaker:
An airplane is flying in
the sky.

Introspective Speaker:
A large passenger jet
flying through a blue
sky.

Vedantam et al. 2017
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Introspective speaker training

A(l, state, state’) =

argmaxmsg [)\ log Sﬁt(msg | state;ln) +

6

Siit
(L—A)log —;

Sﬁt(msg | state’;1n)

(msg | state; 1n)

Proportional to a standard RSA Lg’.

Vedantam et al. 2017
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Diagnosing the role of introspection

Target image and class

Rufous Hummingbird

Justifications vary with A

fully

discriminative

A =0.00

A =030

A =0.50

A =070

A =1.00

context blind

Distractor class

Ruby throated
Hummingbird

tarsals orange white brown wings
wings orange tail dark an primaries

This is a brown bird with a brown
wing and a long pointy beak.

This bird is brown with red on its
neck and has a long, pointy beak.

This is a bird with a white belly,
brown wing and a red throat.

A small sized bird that has a very
long and pointed bill.

Vedantam et al. 2017
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References

Diagnosing the role of introspection

Target image and class

Rufous Hummingbird

Justifications vary with A

Distractor class

Ruby throated
Hummingbird

tarsals orange white brown wings
wings orange tail dark an primaries

This is a brown bird with a brown
wing and a long pointy beak.

This bird is brown with red on its
neck and has a long, pointy beak.

This is a bird with a white belly,
brown wing and a red throat.

fully
discriminative
A =0.00
A =030
A =050
A =070
A =1.00

context blind

A small sized bird that has a very
long and pointed bill.

Vedantam et al. 2017
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context blind

This is a brown bird with a brown
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Diagnosing the role of introspection

Target image and class

Rufous Hummingbird

fully
discriminative

A =0.00

A =030

Justifications vary with A

Distractor class

Ruby throated
Hummingbird

tarsals orange white brown wings
wings orange tail dark an primaries

This is a brown bird with a brown
wing and a long pointy beak.

A =0.50

This bird is brown with red on its
neck and has a long, pointy beak.|

A =070

A =1.00

context blind

This is a bird with a white belly,
brown wing and a red throat.

A small sized bird that has a very
long and pointed bill. -

Vedantam et al. 2017
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End-to-end training in White et al. (2020)

Amortized speaker

The exact RSA pragmatic speaker as the end-to-end
objective, trained with a fixed, pretrained Lo:

Sgrag(msg | state) < exp (Iog Lg(state | msg)— C(msg))
Reinforcement learning speaker

The speaker interacts with a black-box listener, receiving
positive reward iff the listener correctly infers the speaker’s
intended referent.
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Continual adaptation

Round 1: All right, the
next one looks like a per-
son who's ice skating, ex-
cept they’re sticking their
arms out in front.

Round 2: Um, the next

one’s the person ice skating
that has arms out.

[...]

Round 6: The ice skater.

Clark and Wilkes-Gibbs 1986; DeVault et al. 2005;
Paetzel et al. 2014; Hawkins et al. 2017
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Continual adaptation

repeated reference game

(0,u)s, history

(O,U)Q

utterance
| black cat with a fluffy cat

context »
A
c

partner-specific adaptation

target object
o

triall © — 0:, tial2 g, — ¢, tian
[ 4 ya © [ 4
g g @ o & @ e
acatlyingin the two cats are .
sunlight on a bed playing ona log sunlight
6, likelihood
2. 13 fJetho .
partner i — 1 Ot J e gi partner i
© 0%~ fegularization
partner i+ 1 ® g

Hawkins et al. 2019
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Issue sensitivity

In an article about recent campaign events:

« “Politician Joe Biden speaking on stage”

u“

o politician Joe Biden speaking on
stage”
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Issue sensitivity

Issue Target Caption

(P mE ) m arese
{{ e } { . . } { }} | “A small square”
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Issue sensitivity

Uf(State' msg, C) = log ( Z 5[C(state):C(state’)]L1(State/ | mSQ))

state’eT
Uz2(msg, state, C) = H(L1(state’ | msg) - 5[c(state)=C(state’)])

s$H(msg | state, €)

exp (a ((1—pB)U1 + BUz) — cost(msg))
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Target Issues Partitions Issue-sensitive Caption Base Caption

What i the bill a small bird with a white breast

shape? and belly brown wings and tail this bird has a brown
and a pointed beak crown a white

What is the tail a small brown and white bird eyebrow and a brown

pattern? with a long beak and long tail and white breast
feathers

What is the this is a bird with a white belly
brown back and a brown head

belly color? this is a grey bird

. this is a reddish orange bird with a red head and
What s the ared beak

crown color?

with black and white wings and
ared crown
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Decision-theoretic agents

Both players must find the ace of spades. DialogBot:

Vogel et al. 2013a,b
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Decision-theoretic agents

Baby DialogBots (a few hours of policy exploration)

:

Vogel et al. 2013a,b
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Grown-up DialogBots (a week of policy exploration)

Vogel et al. 2013a,b
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capture a wide range of linguistic phenomena.
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1. Iterated response models of pragmatics successfully
capture a wide range of linguistic phenomena.

2. Many NLP tasks benefit from such models as well.

3. Informativity in context motivates refinements to the
NLP tasks themselves.

4. Next frontiers:

» More complex open domains
» Richer contextual representation
» Individualization and adaptation

>...

Thanks!
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