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Efficient Strategies of Language Production:
An Information-Theoretic Analysis 

✦ Three studies, with Raquel Fernández and Arabella Sinclair

✦ An information-theoretic model of language production

✦ A hypothesis: humans follow efficient strategies of information 
transmission, leading to near-optimal collaborative effort

✦ Utterance surprisal (information density) as a proxy of effort,  
estimated with an autoregressive transformer language model
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Collaborative effort in language production

PRODUCTION 
EFFORT

PROCESSING
EFFORT

perception, 
reading,  

sentence interpretation

phoneme duration, 
syntactic structures, 

turn taking 

Unpredictability
Surprisal

Jelinek et al., 1975; Clayards et al., 2008; Keller, 2004; Demberg and 
Keller, 2008; Levy et al., 2009; Levy, 2008; Gibson et al., 2013

Aylett and Turk, 2004, 2006; Bell et al., 2003; Demberg et al., 2012; Jaeger 
and Levy, 2007; Frank and Jaeger, 2008; Jaeger, 2010; Dethlefs et al., 2016  8
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Information Theory  
(Shannon, 1948)

Unpredictability
Surprisal

Information content

Information density
 9



Information-theoretic measures
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Information-theoretic measures

!H(S)

Amcore Financial Inc. said it agreed to acquire Central of Illinois Inc. in a stock swap.


Shareholders of Central, a bank holding company based in Sterling, will receive 
Amcore stock equal to 10 times Central's 1989 earnings, Amcore said.


For the first nine months of 1989, Central earned $2 million.  

Out-of-context surprisal

−log2 P(S)
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Information-theoretic measures

Amcore Financial Inc. said it agreed to acquire Central of Illinois Inc. in a stock swap.


Shareholders of Central, a bank holding company based in Sterling, will receive 
Amcore stock equal to 10 times Central's 1989 earnings, Amcore said.


For the first nine months of 1989, Central earned $2 million.  

!H(S|C)

−log2 P(S|C)

In-context surprisal
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Information-theoretic measures

Amcore Financial Inc. said it agreed to acquire Central of Illinois Inc. in a stock swap.


Shareholders of Central, a bank holding company based in Sterling, will receive 
Amcore stock equal to 10 times Central's 1989 earnings, Amcore said.


For the first nine months of 1989, Central earned $2 million.  

Context informativeness�I(S; C)

H(S) − H(S|C) = − log2 P(S) + log2 P(S|C)
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Collaborative effort in language production
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Strategies of language production
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SPEAKER ADDRESSEE

intent signal received 
signal

For any given degree of noise, it is possible to communicate nearly 
error-free up to a maximum rate through the channel.  

(Shannon, 1948)

Noise

interpretation

Strategies of language production
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Constancy Rate Principle 
 

(Genzel & Charniak, 2002)
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Study 1 

Does the Constancy Rate Principle hold  
in task-oriented dialogues?

Mario Giulianelli, Arabella Sinclair, Raquel Fernández - EMNLP 2021
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https://aclanthology.org/2021.emnlp-main.652/


Task-oriented dialogue corpora

PhotoBook
written cooperative 

reference game
(Haber et al., 2019)

MapTask
instruction giving

and following
(Anderson et al., 1991)
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Task-oriented dialogue corpora

MapTask
instruction giving

and following
(Anderson et al., 1991)

G okay
G go down
F down towards missionary camp
G aye
G just right down uh-huh
F right
F i'm i've stopped right above it
G then

G you've what
F i'm right above the missionary camp

G just go right down to round down to […]
F right
G okay
F so go round it
G uh-huh
G round to the left uh the left yeah
F keep going down
G uh-huh

G just stop where you when you reach […]

Transaction 2
Transaction 3
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Task-oriented dialogue corpora

PhotoBook
written cooperative 

reference game
(Haber et al., 2019)

B guy in black suit with 2 plaid blue umbrellas

A no

B lady in pink and guy with umbrella

A no
B statue/umbralla again

A no

B pink sweater woman and man w/umbrella

A yes

B statue man with umbrella

A y
B guy in black suit with 2 plaid blue umbrellas

A no

R
ou

nd
 3

R
ou

nd
 4
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Task-oriented dialogue corpora

PhotoBook
written cooperative 

reference game
(Haber et al., 2019)

A man eating slice of pizza

B last one for me is guy with pizza

A pizza eater

B pizza

B guy in black suit with 2 plaid blue umbrellas

A no

B lady in pink and guy with umbrella

A no
B statue/umbralla again

A no

B pink sweater woman and man w/umbrella

A yes

B statue man with umbrella

A y
B guy in black suit with 2 plaid blue umbrellas

A no

R
ou

nd
 3

R
ou

nd
 4

Reference chains

Reference chain dataset 
(Takmaz et al., 2020)
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Constancy Rate Principle
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(Genzel & Charniak, 2002)



!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Constancy Rate Principle

bi
ts

Assume: as discourse develops, context informativeness increases
Measure: whether out-of-context surprisal increases
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≡ −!H(S|C) !H(S) �I(S; C)

(Genzel & Charniak, 2002)
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We consider the Constancy Rate Principle to hold 
if   increases with dialogue turn  H(Si) i
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Constancy Rate Principle



Estimates of surprisal
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= − log2 P(S) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1)

   estimates obtained with GPT-2  
fine-tuned on 70% of each target corpus 

(30% held-out for analysis)

P(wi | . . . )

!H(S)
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Linear Mixed Effect Model

1 + log dialogue turn + (1 + log dialogue turn | dialogue_id)!H(S) ~

fixed effect random intercept and slope 
grouped by dyad
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�I(S; C)

} }

length-normalised 
(Xu & Reitter, 2018)
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Results: MapTask

dialogue turn  i transaction turn  i

 H
(S

i)

  does not increase  
over an entire dialogue and over a transaction 

H(S)
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Information transmission acts

MapTask
instruction giving

and following
(Anderson et al., 1991)

G okay
G go down
F down towards missionary camp
G aye
G just right down uh-huh
F right
F i'm i've stopped right above it
G then

G you've what
F i'm right above the missionary camp

G just go right down to round down to […]
F right
G okay
F so go round it
G uh-huh
G round to the left uh the left yeah
F keep going down
G uh-huh

G just stop where you when you reach […]

Transaction 2
Transaction 3
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MapTask
instruction giving

and following
(Anderson et al., 1991)

G okay
G go down
F down towards missionary camp
G aye
G just right down uh-huh
F right
F i'm i've stopped right above it
G then

G you've what
F i'm right above the missionary camp

G just go right down to round down to […]
F right
G okay
F so go round it
G uh-huh
G round to the left uh the left yeah
F keep going down
G uh-huh

G just stop where you when you reach […]

Transaction 2
Transaction 3

Information transmission acts
(no backchannels and grounding acts: okay, mmhmm) 
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Results: MapTask

transaction turn  i

 H
(S

i)

  increases  
in the information-transmission dialogue acts of transactions 

(no backchannels and grounding acts: okay, mmhmm) 

H(S)

transaction turn  i
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Results: PhotoBook
 H

(S
i)

  increases  
over an entire dialogue and over a reference chain 

H(S)

dialogue turn  i reference chain index  i
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Results: PhotoBook

 H
(S

i)
reference chain index  i

man eating slice of pizza 0.69

last one for me is guy with pizza 0.78

pizza eater 0.91

pizza 0.67

Reduction + information compression

 H(Si)
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Study 1 - Summary

The Constancy Rate Principle holds  
within more topically and referentially coherent 

contextual units of task-oriented dialogues:

MapTask information transmission acts in transactions  

PhotoBook dialogues and reference chains
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Strategies of information transmission

Constancy Rate Principle 
 

(Genzel & Charniak, 2002)
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Strategies of information transmission

 S1 S2 S3 S4 S5 S6 S7 S8 S…

Entropy Rate Constancy  
 

(Genzel & Charniak, 2002)
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Uniform  
Information Density 

 

(Aylett & Turk, 2004;  
Jaeger & Levy, 2007; 

Levy, 2010)
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Study 2 

Are surprisal patterns better described as 
constant (CRP) or as uniform (UID)?

Mario Giulianelli and Raquel Fernández - CoNLL 2021

 38

https://aclanthology.org/2021.conll-1.50/


Study 2 

Are surprisal patterns better described as 
constant (CRP) or as uniform (UID)?

Here, we measure surprisal as a function of discourse context.

Mario Giulianelli and Raquel Fernández - CoNLL 2021
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https://aclanthology.org/2021.conll-1.50/


Estimates of surprisal (revised)

!H(S) = − log2 P(S) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1)

 40



!H(S|C) = − log2 P(S|C) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1, C)

!H(S) = − log2 P(S) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1)

Estimates of surprisal (revised)
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�I(S; C) ≡ H(S) − H(S|C) = − log2 P(S) + log2 P(S|C)

!H(S|C) = − log2 P(S|C) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1, C)

!H(S) = − log2 P(S) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1)

Estimates of surprisal (revised)
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�I(S; C)

   estimates obtained with GPT-2  
fine-tuned on 70% of each target corpus 

(30% held-out for analysis)

P(wi | . . . )

!H(S|C) = − log2 P(S|C) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1, C)

!H(S) = − log2 P(S) = − 1
|S| ∑

wi∈S
log2 P(wi |w1, . . . , wi−1)

≡ H(S) − H(S|C) = − log2 P(S) + log2 P(S|C)

Estimates of surprisal (revised)
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Experimental data

Penn Treebank 
newspaper 

articles
(Mitchell et al. 1999)

PhotoBook
task-oriented  

written dialogues
(Haber et al., 2019)

Spoken BNC
open domain  

dialogues
(Love et al., 2017)
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Can surprisal be described as constant?

!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…
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!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

1 + log sentence position + log sentence length 

+ (1 + log sentence position + log sentence length | doc_id)

!H(S)

!H(S|C)

�I(S; C) ~

~

~

fixed effects

random intercept and slope 
grouped by text / dialogue

Can surprisal be described as constant?
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!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Can surprisal be described as constant?

PhotoBookPenn Treebank 

Spoken BNC
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H(S) H(S|C) I(S; C)

Effect of sentence position

!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Penn Treebank

PhotoBook

Spoken BNC

Can surprisal be described as constant?

PhotoBookPenn Treebank 

Spoken BNC
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H(S) H(S|C) I(S; C)

Effect of sentence position

!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Penn Treebank

PhotoBook

Spoken BNC

Can surprisal be described as constant?

PhotoBookPenn Treebank 

Spoken BNC
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H(S) H(S|C) I(S; C)

Effect of sentence position

!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Penn Treebank

PhotoBook

Spoken BNC

Can surprisal be described as constant?

PhotoBookPenn Treebank 

Spoken BNC

 50



H(S) H(S|C) I(S; C)

Effect of sentence position

!H(S)

!H(S|C)

�I(S; C)

 S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S…

Penn Treebank

PhotoBook

Spoken BNC

Can surprisal be described as constant?

PhotoBookPenn Treebank 

Spoken BNC
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Can surprisal be described as uniform?

 52



    number of sentences in the text / dialogue  

    average information content in the text / dialogue
N
μ

Criteria of uniformity (Collins, 2014)

Local predictability

Global centrality

− 1
N

N

∑
i= 2

(H (Si |Ci) − H (Si−1 |Ci−1))
2

− 1
N

N

∑
i= 1

(H (Si |Ci) − μ)
2

Can surprisal be described as uniform?
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Global centrality

− 1
N

N

∑
i= 1

(H (Si |Ci) − μ)
2

Can surprisal be described as uniform?
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Local predictability

− 1
N

N

∑
i= 2

(H (Si |Ci) − H (Si−1 |Ci−1))
2

Can surprisal be described as uniform?
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Study 2 - Summary

We have used Transformers language models to obtain surprisal 
estimates for sentences within their discourse context.

In newspaper articles surprisal remains stable, 
as predicted by the Constancy Rate Principle. 

Surprisal decreases in dialogues: 
spoken open domain and written task-oriented dialogues. 

Global uniformity is a more faithful criterion than local uniformity.
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In dialogues, surprisal is stable within  
topically and referentially coherent contextual units…

yet it decreases overall, throughout the entire dialogue
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Any other efficient  
production strategies at play?

In dialogues, surprisal is stable within  
topically and referentially coherent contextual units…

yet it decreases overall, throughout the entire dialogue
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Study 3 

Does construction repetition reduce surprisal?  
Is it an efficient strategy?

 60



Wrapping up

Information-theoretic model of communication to describe 
decision making in language production.

Surprisal-based measures of collaborative effort, estimated via 
an autoregressive neural language model.

Humans follow efficient strategies, leading to near-optimal 
collaborative effort:

̣ surprisal decreases throughout dialogues (unlike in written texts)
̣ topically and referentially coherent contextual units show stable 

(globally uniform) levels of surprisal
̣ repetitions of non-topical and non-referential expressions 

(constructions) reduces surprisal 

 68



What’s next?

Apply this analysis to machine-generated utterances, to 
evaluate adherence to human efficiency principles.
 
Engineer better training and decoding objectives for NLG 
systems, to bring their production strategies closer to 
those followed by humans.
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Open questions

How to transform information-theoretic measures into 
evaluation metrics?

How to incorporate them into the training and decoding 
objectives of NLG systems?

How to improve our model of communication?
• continual adaptation (without catastrophic forgetting)
• partner-specificity
• separate production and processing effort
• include other factors (lexical access, conversational goals, …)

Can we find evidence for efficiency principles in other languages?
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APPENDIX
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Strategies of language production

• Grice’s maxims and the cooperative principle

• Neo-Gricean principles (Horn and Ward, Levinson)

• Relevance theory (Sperber and Wilson)

• Conversation analysis (Sacks, Schegloff, Jefferson)

• Least collaborative effort (Clark)

• Rational Speech Act framework (Frank and Goodman)
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Amcore Financial Inc. said it agreed to acquire Central of Illinois Inc. in a stock swap.


Shareholders of Central, a bank holding company based in Sterling, will receive 
Amcore stock equal to 10 times Central's 1989 earnings, Amcore said.


For the first nine months of 1989, Central of Illinois Inc., a bank holding company 
based in Sterling, earned $2 million.

Collaborative effort in language production

PROCESSING
EFFORT
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Amcore Financial Inc. said it agreed to acquire Central of Illinois Inc. in a stock swap.


Shareholders of Central, a bank holding company based in Sterling, will receive 
Amcore stock equal to 10 times Central's 1989 earnings, Amcore said.


For the first nine months of 1989, Central earned $2 million.  

Collaborative effort in language production

PRODUCTION 
EFFORT
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Example 1: Syntax
Complementiser that-mentioning (e.g., Jaeger , 2010)

Uniform Information Density

 (Jaeger , 2010; Figure 1a)

2. Testing Uniform Information Density against syntactic reduction in spontaneous speech

UID predicts that speakers aim to transmit information uniformly close to, but not exceeding, the
channel capacity. Mentioning the complementizer that at the onset of a complement clause distributes
the same amount of information over one more word, thereby lowering information density. Hence,

seconds

In
fo

rm
at

io
n 

de
ns

ity
 in

 b
its

/w
or

d

2

3

4

5

6

My boss

confirmed
that
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crazy
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100.5 101.0 101.5 102.0 102.5 103.0 103.5 104.0
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My boss
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crazy

My boss

thinks

I

am

absolutely

crazy

100.5 101.0 101.5 102.0 102.5 103.0 103.5

(a)

(b)

Fig. 1. Illustration of the development of information density over time (here simply information per word) for two alternative
ways to encode the same message with a complement clause. Dashed lines indicate the variants without the complementizer
that. Dotted lines indicate the variants with the complementizer that. A purely hypothetical channel capacity is indicated by the
solid horizontal line (the value of 4 bits/word is arbitrarily chosen). (a) An example with high a priori information density at the
complement clause onset. (b) An example with low information density.

T. Florian Jaeger / Cognitive Psychology 61 (2010) 23–62 27
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Uniform Information Density

Example 2: Discourse  
Entropy rate constancy (Genzel & Charniak, 2002, 2003)

1 2 3 4 5 6 7 8 9 10
5.8

5.9

6.0

6.1

6.2

6.3

6.4

6.5

6.6

Sentence number

E
nt

ro
py

 (b
its

)
all sentences
paragraph−starting
non−paragraph−starting

Figure 1: Entropy vs. Sentence number

2.3 Results and Discussion

As outlined above, we have ten testing sets, one for
each sentence number; each set (except for the first)
is split into two subsets: sentences that start a para-
graph, and sentences that do not. The results for full
sets, paragraph-starting subsets, and non-paragraph-
starting subsets are presented in Figure 1.
First, we can see that the the entropy for full

sets (solid line) is generally increasing. This re-
sult corresponds to the previously discussed effect
of entropy increasing with the sentence number. We
also see that for all sentence numbers the paragraph-
starting sentences have lower entropy than the non-
paragraph-starting ones, which is what we intended
to demonstrate. In such a way, the paragraph-
starting sentences are similar to the first sentences,
which makes intuitive sense.
All the lines roughly show that entropy increases

with the sentence number, but the behavior at the
second and the third sentences is somewhat strange.
We do not yet have a good explanation of this phe-
nomenon, except to point out that paragraphs that
start at the second or third sentences are probably
not “normal” because they most likely do not indi-
cate a topic shift. Another possible explanation is
that this effect is an artifact of the corpus used.

We have also tried to group sentences based on
their sentence number within paragraph, but were
unable to observe a significant effect. This may be
due to the decrease of this effect in the later sen-
tences of large articles, or perhaps due to the relative
weakness of the effect3.

3 Different Genres and Languages

3.1 Experiments on Fiction
3.1.1 Introduction
All the work on this problem so far has focused

on the Wall Street Journal articles. The results are
thus naturally suspect; perhaps the observed effect
is simply an artifact of the journalistic writing style.
To address this criticism, we need to perform com-
parable experiments on another genre.
Wall Street Journal is a fairly prototypical exam-

ple of a news article, or, more generally, a writing
with a primarily informative purpose. One obvious
counterpart of such a genre is fiction4. Another al-
ternative might be to use transcripts of spoken dia-
logue.
Unfortunately, works of fiction, are either non-

homogeneous (collections of works) or relatively
short with relatively long subdivisions (chapters).
This is crucial, since in the sentence number experi-
ments we obtain one data point per article, therefore
it is impossible to use book chapters in place of arti-
cles.

3.1.2 Experimental Setup and Results
For our experiments we use War and Peace (Tol-

stoy, 1869), since it is rather large and publicly avail-
able. It contains only about 365 rather long chap-
ters5. Unlike WSJ articles, each chapter is not writ-
ten on a single topic, but usually has multiple topic
shifts. These shifts, however, are marked only as
paragraph breaks. We, therefore, have to assume
that each paragraph break represents a topic shift,

3We combine into one set very heterogeneous data: both 1st
and 51st sentence might be in the same set, if they both start
a paragraph. The experiment in Section 2.2 groups only the
paragraph-starting sentences with the same sentence number.

4We use prose rather than poetry, which presumably is
even less informative, because poetry often has superficial con-
straints (meter); also, it is hard to find a large homogeneous
poetry collection.

5For comparison, Penn Treebank contains over 2400 (much
shorter) WSJ articles.

 (Genzel & Charniak, 2003; Figure 1) 76



Control runs

Penn Treebank

Spoken BNCPhotoBook
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Context informativeness

Penn Treebank

Spoken BNCPhotoBook
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