
Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 39090–39109
July 2-7, 2026 ©2026 Association for Computational Linguistics

Surprisal Minimisation over Goal-directed Alternatives Predicts
Production Choice in Dialogue

Tom Utting⋄ Mario Giulianelli◁ Arabella Sinclair⋄◁
⋄University of Aberdeen ◁University College London

m.giulianelli@ucl.ac.uk arabella.sinclair@ucl.ac.uk

Abstract
We model utterance production as probabilistic
cost-sensitive choice over contextual alterna-
tives, using information-theoretic notions of
cost. We distinguish between goal-directed al-
ternatives that realise a fixed communicative
intent and goal-agnostic alternatives defined
only by contextual plausibility, allowing us to
derive speaker- and listener-oriented interpreta-
tions of different cost measures. We present a
procedure to generate both types of alternative
sets using language models. Analysing produc-
tion choices in open-ended dialogue under both
deterministic and probabilistic cost minimisa-
tion, we find that surprisal minimisation rela-
tive to goal-directed alternatives provides the
strongest predictive account under both anal-
yses. By contrast, uniform information den-
sity and length-based costs exhibit weaker and
less consistent predictive power across condi-
tions. More broadly, our study suggests that
alternative-conditioned optimisation with LM-
generated alternatives provides a principled
framework for studying speaker and listener
pressures in naturalistic language production.1

1 Introduction

Information-theoretic and probabilistic-pragmatic
models of communication provide a general frame-
work for reasoning about utterance choice. They
construe speakers as approximately rational agents
that operate under resource constraints and trade
off production effort against listener comprehen-
sion effort, while maintaining communicative effec-
tiveness (Levy and Jaeger, 2006; Frank and Good-
man, 2012; Franke, 2014; Giulianelli, 2022; De-
gen, 2023). This framing leaves open two mod-
elling questions: (a) how production and compre-
hension costs should be defined, distinguished, and
weighted against one another, and (b) over what set
of alternative production choices this optimisation
is assumed to take place.

1Code and data can be found at https://github.com/
the-context-lab/productionchoice

This paper provides a principled way to for-
malise and compare speaker and listener costs in
utterance production by making the space of al-
ternatives explicit. Our central claim is that the
interpretation of a given cost function—such as sur-
prisal or information uniformity—depends on the
set of alternative utterances with respect to which
it is evaluated. When costs are evaluated relative
to a goal-directed set of alternatives that all realise
the same fixed communicative goal intended by
the speaker, the cost function can be interpreted as
a measure of speaker cost; correspondingly cost
sensitivity yields a speaker-oriented explanation of
utterance choice. Conversely, when costs are evalu-
ated over a goal-agnostic set of alternatives defined
solely by the shared contextual state—including
conversational history, common ground, and the
immediate sentential context—they give rise to a
listener-oriented notion of cost sensitivity.

In our experiments, we operationalise this dis-
tinction by using large language models to gen-
erate goal-directed and goal-agnostic alternative
utterances. As a case study, we identify critical
choice points in production data from a conversa-
tional dialogue corpus and compute the cost of both
the observed utterances and their alternatives. We
evaluate multiple cost measures—surprisal, local
and global information uniformity, and length—
and assess which notion of cost minimisation best
accounts for speakers’ observed choices.

We find that probabilistic minimisation of sur-
prisal relative to goal-directed alternatives provides
the strongest predictive account of human produc-
tion choices, supporting a speaker-oriented interpre-
tation of surprisal cost sensitivity (e.g., Goodman
and Lassiter, 2015; Futrell, 2024). These findings
provide new evidence that surprisal functions as
a production-side constraint in speaker decision-
making, and they open avenues for studying pro-
duction preferences in naturalistic language use
using information-theoretic cost measures.
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2 Background

Speakers are thought to balance their own produc-
tion costs and listeners’ comprehension costs when
selecting among contextually available alternatives.
This section reviews prominent models of cost,
with a focus on information-theoretic accounts, and
examines how alternative utterances are typically
handled—often only implicitly.

2.1 Production and Comprehension Costs

Production costs are the cognitive and temporal
resources expended by speakers in formulating and
realising an utterance. They arise from processes
such as memory retrieval, advance planning of the
utterance, and the impact of time pressure on for-
mulation processes (Bard et al., 2007; Howarth and
Anderson, 2007; Ivanova and Ferreira, 2019; Betz
et al., 2023). Comprehension costs, by contrast,
reflect the cognitive and temporal effort incurred
by listeners when processing and interpreting an
utterance, including efforts involved in predicting
upcoming words, maintaining and updating repre-
sentations in working memory, resolving meaning
and references, and handling rapid turn-taking
(Hadar et al., 2016; Peelle, 2017; Meyer, 2023).

Within information-theoretic models of cost, the
distinction between these two categories is often
blurred. Measures such as surprisal, entropy, and
uniform information density, are widely used to
explain speakers’ production choices (Genzel and
Charniak, 2002; Xu and Reitter, 2018; Giulianelli
and Fernández, 2021; Giulianelli et al., 2021; Gay
et al., 2026), under the idea that they capture some
notion of processing cost. However, it is often un-
clear whether these measures should be interpreted
as proxies for comprehension cost, production cost,
or a combination of the two. Surprisal, for exam-
ple, is typically motivated as a measure of compre-
hension difficulty (Hale, 2001; Levy, 2008), and
has been shown to predict behavioural and neural
indices of listener cost in eye-tracking, self-paced
reading, brain imaging, and priming studies (Keller,
2004; Smith and Levy, 2013; Sinclair et al., 2022;
Wilcox et al., 2023; Jumelet et al., 2024; Sinclair
et al., 2026). At the same time, surprisal estimates
are usually derived from language models trained
to approximate speaker behaviour, and are some-
times interpreted as reflecting speaker costs (Good-
man and Lassiter, 2015; Giulianelli et al., 2022;
Yee et al., 2024; Futrell, 2024).

A similar ambiguity characterises Uniform In-

formation Density (UID) accounts of language pro-
duction. UID accounts posit that more uniform
distributions of information reduce processing dif-
ficulty (Fenk and Fenk, 1980; Genzel and Char-
niak, 2002; Aylett and Turk, 2004; Levy and Jaeger,
2006), yet it is often left open whether this reduc-
tion should be attributed to speaker effort, listener
effort, or properties of the communicative signal
itself. Consequently, UID has been invoked under
both speaker- and listener-oriented interpretations
(Coupé et al., 2019; Meister et al., 2021; Pimentel
et al., 2021). This ambiguity leaves unclear how
observed linguistic behaviour should be attributed
to production versus comprehension costs. In our
work, we address this by modelling cost sensitiv-
ity explicitly as either speaker- or listener-oriented,
evaluating utterances relative to goal-directed or
goal-agnostic alternatives while preserving stan-
dard information-theoretic cost measures.

2.2 Alternatives in Models of Production

Computational models of language production dif-
fer substantially in the assumptions they make
about the set of alternative realisations over which
production and comprehension costs are evalu-
ated. Many information-theoretic approaches ab-
stract away from alternatives altogether, analysing
information-theoretic properties of observed utter-
ances or discourse without specifying the compet-
ing continuations available to the speaker (Gen-
zel and Charniak, 2003; Giulianelli and Fernán-
dez, 2021; Giulianelli et al., 2021; Tsipidi et al.,
2024, 2025). Other approaches, including clas-
sic Uniform Information Density accounts, implic-
itly assume competition among a small number of
paraphrastic alternatives, such as syntactic variants
that differ in how evenly information is distributed
across an utterance (Levy and Jaeger, 2006; Jaeger,
2010). On the other hand, work in probabilistic
pragmatics—including Rational Speech Act (RSA)
models and rate–distortion approaches—typically
studies optimisation over explicitly defined, highly
restricted sets of alternative actions (Franke, 2014;
Goodman and Lassiter, 2015; Futrell, 2023, 2024),
partly due to practical constraints on enumerating
alternatives. More recently, language models have
been used to generate rich sets of contextual alterna-
tives for investigating language comprehension and
production (Hu et al., 2022, 2023; Giulianelli et al.,
2023a,b, 2024, 2026; Meister et al., 2024). This de-
velopment makes it possible to operationalise prob-
abilistic pragmatic models of production as choice
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models over open-ended alternative spaces. In this
paper, we present methods for using language mod-
els to construct goal-directed and goal-agnostic
contextual alternatives, i.e., alternatives available
to the speaker and the listener, respectively.

3 Production as Cost-sensitive Choice
over Contextual Alternatives

We introduce a formalisation of the language pro-
duction process that enables us to distinguish be-
tween speaker- and listener-oriented costs. Our
focus is on how speakers choose among alternative
continuations at a given point in an utterance, but
the same formalisation applies more generally to
production across different choice points and granu-
larities, including choices between words, phrases,
or clauses, as well as choices spanning sentence
boundaries, given appropriate cost functions.

3.1 Contextual Alternatives

Consider a classic example from Jaeger (2010),
which illustrates the production choice involved in
realising an English complement clause:

(1) My boss confirmed that we were absolutely
crazy.

Let Σ be a non-empty set of linguistic units (typ-
ically, though not necessarily, words) and Σ∗ the
set of strings formed from units in Σ. We treat
an utterance as a string2 and decompose it into
two substrings: the context c ∈ Σ∗, marked in
blue, and the target continuation a⋆ ∈ Σ∗, shown
in green. In this example, the continuation is a
complement clause, and the matrix verb confirmed
identifies the onset of the complement clause as a
decision point. We refer to such positions as choice
points: points in the production process at which
the speaker selects a continuation from a set of
possible contextual alternatives.

A perfectly grammatical and communicatively
equivalent alternative continuation omits the com-
plementiser that:

(2) My boss confirmed we were absolutely
crazy.

Choosing this continuation a′ ∈ Σ∗ (marked in

2A string, written in boldface, is a finite sequence of units
w = w1 . . . wn, where units are written in normal font. The
length of a string is |w| = n. Concatenation of strings (and
units) is denoted by juxtaposition, e.g. ww′.

red) over a⋆ constitutes a case of syntactic reduc-
tion, which leads to less uniform information dis-
tribution across the sentence and is therefore pre-
dicted to be dispreferred under UID accounts of
production (Levy and Jaeger, 2006; Jaeger, 2010).

The reduced and unreduced complement clauses
are just two members of a much larger set of con-
tinuations that are grammatically and semantically
licensed by the context, even if they differ in struc-
ture, meaning, or communicative goal. To charac-
terise production choices more generally, we there-
fore need to consider the full space of continuations
available at a given choice point.

Goal-agnostic alternatives. At a given choice
point defined by context c, the speaker is in princi-
ple free to continue the utterance in many different
ways. We define the goal-agnostic alternative set
Ac as the set of all continuations that are grammat-
ically licensed and contextually coherent given c,
independently of the speaker’s intended commu-
nicative goal. In the example above, this includes
continuations such as:

a1 = we were absolutely crazy.
a2 = that the meeting has been rescheduled.
a3 = my request for time off next week.
a4 = our participation in the next conference.
a5 = that I have her full support.

We call this alternative set goal-agnostic in that it in-
cludes continuations that would not result in a sen-
tence communicatively equivalent to ca⋆ (marked
in gold). Formally, we assume that the goal-
agnostic alternative set Ac is obtained by sampling
N continuations from a distribution over strings
conditioned on the context, i.e., a language model:

Ac
def
= {a1, . . . ,aN}, ai ∼ p(· | c). (1)

This alternative set reflects contextually con-
strained uncertainty both over which commu-
nicative goal the speaker intends to realise and
over how the goal may be linguistically realised.
Accordingly, we assume that this set approximates
the expectations of a listener, who is uncertain
about which goal the speaker will communicate.3

3Note that the shared contextual state (including conversa-
tional history, common ground, and immediate sentential con-
text) can constrain the set of plausible goals. We therefore do
not assume that the listener assigns uniform probability across
all conceivable goals, but rather that they maintain uncertainty
over a contextually restricted set. Accordingly, some goal-
agnostic alternatives may align with the speaker’s intended
goal, as is the case for a1 in the example above. Empirical
evidence supporting this assumption is provided in App. D.2.
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Goal-directed alternatives. By contrast, we de-
fine the goal-directed alternative set Ac,g as the
set of continuations that realise a fixed communica-
tive goal g in context c. Formally, we assume that
this set is obtained by sampling continuations from
a distribution over strings conditioned on both the
context and the communicative goal:

Ac,g
def
= {ag

1, . . . ,a
g
N}, ag

i ∼ p(· | c, g). (2)

Here, p is not a standard language model; we show
how to approximate a goal-conditioned language
model in §5.3. In our running example, g can
be characterised informally as conveying that the
speaker’s judgement or behaviour was seriously
mistaken. Examples of alternatives in Ac,g include:

ag
1 = we were absolutely crazy.

ag
2 = that we were completely irrational.

ag
3 = that our decision made no sense at all.

ag
4 = that our behaviour was seriously flawed.

ag
5 = we were wildly off the mark.

These alternatives vary in syntactic realisation,
lexical-semantic choice, stylistic register, and eval-
uative strength, but all preserve the same under-
lying communicative intent. We assume that this
set reflects the production uncertainty of a speaker,
who has fixed a communicative goal and is choos-
ing among alternative realisations of that goal.

3.2 A Choice Model of Production
Having defined the space of alternatives available at
a choice point, we now turn to the question of how
speakers choose among them. We adopt a proba-
bilistic, decision-theoretic perspective on produc-
tion in which, in line with decision-theoretic and
RSA approaches, speakers assign probability to al-
ternative continuations in proportion to their utility.

Formally, let a denote a candidate continuation
in context c given a fixed communicative goal g.
The probability of the speaker producing a is:

PS(a | c, g) def∝ exp
(
αU(a; c, g)

)
, (3)

where U(a; c, g) is a utility function and α ≥ 0
is a sensitivity parameter controlling the extent to
which the speaker behaves as a utility-maximising
agent (Luce, 1959).4 As α increases, the distribu-
tion becomes increasingly peaked around higher-
utility utterances, converging to deterministic util-
ity maximisation in the limit α → ∞; conversely,
when α = 0, choice is uniform over alternatives.

4The parameter α is also commonly called an inverse-
temperature or rationality parameter.

Following standard RSA formulations, we de-
compose utility into an effectiveness term and a
cost term:

U(a; c, g)
def
= E(a, g; c)− C(a; c), (4)

where E(a, g; c) denotes the communicative ef-
fectiveness of utterance a for achieving goal g
in context c, and C(a; c) denotes the production
cost associated with a in context c. In much prag-
matic work, production cost is held constant in
order to isolate the role of communicative effective-
ness. Here, we take the complementary perspective
and isolate the role of production cost in shaping
utterance choice. For goal-directed alternatives,
this amounts to abstracting away from differences
in effectiveness that are, by construction, absent,
as all goal-directed continuations realise the com-
municative goal by definition. For goal-agnostic
alternatives, effectiveness varies from the speaker’s
perspective but is uncertain from the listener’s per-
spective, which the goal-agnostic set is intended to
approximate (see §3.1). In both cases, we therefore
treat effectiveness as constant across alternatives.

Formally, if communicative effectiveness is held
constant across alternatives—i.e., E(a, g; c) = κ
for all a in the relevant alternative set—then the
speaker’s probabilistic production rule reduces to a
softmax over cost:

PS(a | c, g) def
=

exp
(
α(κ− C(a; c))

)
∑

a′∈A exp
(
α(κ− C(a′; c))

)

=
exp

(
−αC(a; c)

)
∑

a′∈A exp
(
−αC(a′; c)

) . (5)

Lower-cost alternatives are assigned higher produc-
tion probability, with the strength of this preference
controlled by the cost-sensitivity parameter α. As-
suming a finite alternative set and a real-valued cost
function for which a minimum exists, this proba-
bilistic choice rule converges, as α → ∞, to deter-
ministic cost minimisation over the alternative set:

a⋆ = argmin
a∈A

C(a; c) . (6)

Crucially, the interpretation of this minimisation
depends on the choice of alternative set A. When
A = Ac,g, minimisation is speaker-oriented,
as the alternatives differ only in how a fixed
communicative goal is realised. When A = Ac,
minimisation is listener-oriented, as the alterna-
tives encode contextually constrained uncertainty
about both the speaker’s intended goal and its
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realisation. Although the speaker makes the choice
in both cases, minimisation over the goal-agnostic
alternative set is listener-oriented in that it reflects
the speaker’s model of the listener’s expectations
when selecting among continuations.

4 Measures of Cost

We consider four measures of utterance cost that
have featured prominently in information-theoretic
and probabilistic-pragmatic accounts of language
production and comprehension.

4.1 Surprisal
Surprisal quantifies how unexpected a word or se-
quence is given its preceding context. For an al-
ternative a in context c, surprisal is defined as the
negative log probability that a language model p
assigns to a given c, yielding the cost:

Csurp(a; c)
def
= − log p(a | c). (7)

Within surprisal-based theories of comprehension,
higher surprisal corresponds to a larger update of
the comprehender’s probabilistic expectations over
upcoming linguistic material and thus to greater
processing difficulty for the listener (Hale, 2001;
Levy, 2008). Speakers are therefore predicted to
prefer utterances with lower surprisal.

At the same time, surprisal has also been in-
terpreted as a speaker cost, for example in Ratio-
nal Speech Act and rate–distortion models (Good-
man and Lassiter, 2015; Futrell, 2024). Under the
rate–distortion theory of control, surprisal can be
conceptualised as reflecting an “automatic policy”
(Futrell, 2024). Highly frequent sequences corre-
spond to well-practised production routines that
are executed relatively automatically and are there-
fore less costly to produce, whereas contextually
unlikely continuations require suppression of this
automatic policy (i.e., greater control) and are there-
fore more effortful to produce.

Moreover, surprisal estimates are most com-
monly derived from language models trained
on corpora of production data. In this sense,
notwithstanding their effectiveness at predicting
behavioural signatures of comprehension effort,
they are obtained from models that are directly
optimised to approximate speaker behaviour.

4.2 Uniform Information Density
A related but distinct proposal is the Uniform In-
formation Density (UID) hypothesis, according

to which speakers aim to distribute information
as evenly as possible across an utterance (Fenk
and Fenk, 1980; Aylett and Turk, 2004; Levy and
Jaeger, 2006). Avoiding sharp peaks in surprisal is
argued to facilitate comprehension and to constitute
a listener-oriented rational strategy given grammat-
ical constraints. Following prior work (Collins,
2014; Jain et al., 2018; Meister et al., 2021), we
operationalise UID using two metrics: local and
global uniformity.

Local Uniformity. We first consider local uni-
formity, which quantifies the smoothness of the
surprisal contour across adjacent units within a se-
quence. Given a sequence of word-level surprisals
s = (s1, . . . , sn), local UID is defined as

UIDloc(s)
def
=

1

n− 1

n∑

t=2

(
st − st−1

)2
. (8)

This formulation is sensitive to fine-grained gram-
matical and locality-driven effects, such as the
placement of optional material or function words
(Levy and Jaeger, 2006). In our experiments, we
compute this metric only over the continuation,
since surprisal values for the context are fixed
across alternatives, except for a single negligible
transition at the onset of the continuation. The cor-
responding cost for an alternative a in context c is

CUIDloc(a; c)
def
= UIDloc

(
s(a)

)
, (9)

where s(a) denotes the sequence of word-level sur-
prisals for the continuation. Lower values indicate
more uniform and thus less costly surprisal profiles.

Global Uniformity. We next consider global uni-
formity at the level of an entire sequence (e.g., a
sentence or discourse). Given a sequence of word-
level surprisals s, global UID is defined as

UIDgl(s)
def
=

1

n

n∑

t=1

(
st − µ

)2
, (10)

where µ def
= 1

n

∑n
t=1 st denotes the mean surprisal

over the n words in the sequence. This metric quan-
tifies the extent to which individual surprisal values
deviate from the overall sequence average; lower
values indicate more uniform surprisal profiles and
thus lower cost. Global UID has been linked to
the idea of maintaining a stable average informa-
tion rate over longer stretches of discourse (Genzel
and Charniak, 2002; Tsipidi et al., 2024). In our
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experiments, we compute this measure over the
full utterance, including both the context and the
continuation, and define the corresponding cost for
an alternative a in context c as

CUIDgl(a; c)
def
= UIDgl

(
s(ca)

)
, (11)

where s(ca) denotes the sequence of word-level
surprisals for the concatenation of c and a. As
with local UID, global uniformity is primarily in-
terpreted as a listener-oriented pressure.

Length. Finally, we consider continuation length
as a simple yet widely used notion of cost, where
length is measured as the number of words in the
continuation:

Clen(a; c)
def
= |a|. (12)

Length is typically taken as a proxy for speaker
effort (Bock and Levelt, 1994; Degen et al., 2013;
Bergen et al., 2016; Cohn-Gordon et al., 2019;
White et al., 2020; Giulianelli, 2022), but it may
also reflect pressures arising from comprehension.

5 Methods

We draw on a dialogue corpus to extract human
production choices (§5.1), estimate measures of
cost using language models (§5.2), and generate
alternative sets following the procedure in §5.3.
Finally, we align the distributions of generated and
human utterances via stratified sampling (§5.4).

5.1 Dialogue Contexts and Continuations
We use the Switchboard Dialogue Act Corpus (Stol-
cke et al., 2000), a naturalistic spoken conversa-
tional dialogue annotated with dialogue act labels.
We parse and filter the data to remove backchan-
nels and disfluencies, which are common in spoken
dialogue but are largely out of distribution for LMs.
Full preprocessing details are provided in App. A.1.

We restrict the data to utterances between 10 and
30 words in length that are annotated with state-
ment or question dialogue act tags and are preceded
by an utterance from the other speaker. These crite-
ria ensure that the selected utterances are complete,
coherent sentences with sufficient semantic struc-
ture to serve as ground-truth human productions in
our experiments. This resulted in 1,342 utterances,
which we select from in §5.3. Each utterance is
parsed and divided into a context and a continua-
tion. We identify the root verb of each sentence
as the choice point and define the context c as all

material up to and including the root verb. The
remaining material, from the word after the root
verb to the end of the utterance, is taken to be the
human continuation a⋆. This choice is motivated
by Jaeger’s classic that-mentioning example (see
Section 3.1 and the Limitations section for a dis-
cussion). More details in App. A.2 to A.4.

5.2 Estimating Costs

Three of the four cost measures we consider are
surprisal-based (cf. §4). We estimate surprisal us-
ing GPT-2 Small (Radford et al., 2019),5 which has
been shown to align well with behavioural mea-
sures of processing effort and is widely used in
psycholinguistic research (Oh and Schuler, 2023;
Shain et al., 2024; Kuribayashi et al., 2024). Sur-
prisal of utterance contexts, as required for global
UID, is computed conditional on the preceding di-
alogue history truncated to fit the model’s context
window. Surprisal of continuations is computed
conditional on both the utterance context and this
dialogue history.

5.3 Generating Alternatives

To obtain high-quality sets of alternatives for our
experiments, we use an LLM as a simulator of dia-
logue utterance production. All generations were
produced with OpenAI’s GPT-4o, a state-of-the-art
model at the time of experimentation.6

To generate goal-agnostic alternatives, we sam-
ple continuations from an LLM conditioned on
different amounts of dialogue history. We consider
three history conditions: one in which the model
is instructed to complete the sentence given only
the utterance context; one in which it is provided
with a single preceding utterance; and one in which
it has access to the entire conversational history.
This reflects the fact that human speakers may vary
in the extent to which they retain or rely on prior
context when evaluating costs during production.
In all cases, the model is prompted to complete the
sentence context via a task instruction of the form

“Your task is to complete the provided sentence”.
To generate goal-directed alternatives, we in-

struct the LLM to produce a fixed set of unique

5https://huggingface.co/openai-community/gpt2
6We used the latest GPT-4o snapshot available via the Ope-

nAI API on 1 August 2025. All generations were produced
with the default decoding settings, i.e., a temperature of 1
and no top-k or top-p truncation. All generated continuations
are available at github.com/the-context-lab/productionchoice.
Full details about the generation procedure as well as addi-
tional analyses can be found in App. B and D.
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Figure 1: Global cost distribution for human, goal-directed and goal-agnostic alternative sets.

paraphrases of each observed human continua-
tion, constrained to share the same initial context.
We retain only those utterance contexts for which
the model successfully generates at least 10 para-
phrases. To ensure that goal-directed alternatives
preserve the communicative intent of the observed
utterance, we apply a post-hoc filtering and reclas-
sification procedure to the entire dataset. We use
an LLM-as-a-judge (Zheng et al., 2023) to classify
whether alternative continuations are paraphrases
of the human utterance; manual annotation of 400
sampled judgements yields an accuracy of 98.75%.
Alternatives in the goal-directed sets that are not
classified as paraphrases are discarded, while goal-
agnostic alternatives that are classified as para-
phrases of the human utterance are also treated
as goal-directed, and thus belong to both sets. The
proportion of these goal-matching goal-agnostic
continuations is reported in Fig. 5. This procedure
yields a dataset of 12,669 items (12,360 generated
and 309 observed), spanning 309 contexts.

5.4 Aligning Human and Generated
Distributions via Stratified Sampling

As outlined in §3.2, we model utterance choice as
decision-making under probabilistic preferences
within a given context. Under this view, for a
cost measure to explain choice, human utterances
are expected to exhibit lower cost than competing
contextual alternatives. For this comparison to be
meaningful, however, generated alternatives should
not systematically differ from human utterances in
their overall cost distributions, as such differences
would otherwise confound context-specific effects.

We therefore assess whether, under each cost
function, the distribution of generated continua-
tions matches that of human utterances across con-
texts using independent-samples t-tests. We find no
significant differences in surprisal or local unifor-
mity, but observe small yet significant differences
in length and global uniformity (p < 0.001).

To address this, we apply stratified sampling to
the generated continuations, aligning their distribu-

tions with those of human utterances along the two
affected dimensions: length and global uniformity.
We first discretise human utterances into three bins
per dimension and assign each utterance to a stra-
tum defined by its (Clen, CUIDgl) bin pair. The same
bin boundaries are then applied to the generated
continuations. We estimate the empirical distribu-
tion of human utterances over these strata and sam-
ple without replacement from the generated pool
by selecting the largest feasible subsample whose
stratum counts match the human proportions.

After stratification, differences in mean length
and global UID are no longer statistically signifi-
cant at the α = 0.001 level. Figure 1 shows the
resulting alignment between human and generated
distributions. The final sample retains 6,335 gen-
erated utterances.7 This adjustment ensures that
subsequent analyses reflect context-specific prefer-
ences rather than global distributional differences.

6 Experiments and Results

This section evaluates whether human production
choices reflect consistent preferences for contin-
uations that have a lower cost than their contex-
tual alternatives, under both goal-directed and goal-
agnostic alternative sets. In §6.1, we analyse the
rank of the observed continuation among its alter-
natives, testing whether it is the lowest-cost option
more often than expected by chance. This corre-
sponds to deterministic cost minimisation. In §6.2,
we model production choice as probabilistic using
a pairwise logistic model and directly compare the
predictive strength of different cost measures.

6.1 Deterministic Cost Minimisation

To test the hypothesis that human continuations
greedily minimise cost, we compute the rank of
each observed continuation within both the goal-
directed and goal-agnostic alternative sets. A con-
tinuation is assigned rank 1 if it minimises cost

7We obtain qualitatively identical results when using the
full set of utterances; see App. D.6.
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Figure 2: Ranking distributions of human continuations under different cost measures, evaluated against goal-
directed and goal-agnostic alternative sets. A rank of 1 indicates that the human continuation has the lowest cost
amongst available alternatives, corresponding to deterministic cost minimisation. Dashed lines indicate chance levels.

with respect to the alternative set (cf. Eq. 6). Fig. 2
shows the resulting rank distributions.

To assess whether rank-1 outcomes occur more
frequently than expected by chance, we use a
Poisson–binomial test. We model the rank of the
human utterance on each trial as a Bernoulli out-
come indicating whether the human utterance has
rank 1, with trial-specific chance levels to account
for differences in the size of the alternative sets. Sta-
tistical significance is assessed using a one-sided
test. The full specification of the Poisson–binomial
test is provided in App. C.1. Tab. 1 summarises the
results, where the percentage of rank-1 outcomes
quantifies the extent to which minimising a certain
cost accounts for observed production choices.

Across all conditions, rank-1 outcomes occur sig-
nificantly more often than expected by chance. The
strongest absolute effect is observed for surprisal
evaluated against goal-directed alternatives: 53.4%
of human continuations minimise surprisal against
this set, corresponding to a 3.24× increase over the
baseline. When evaluated against goal-agnostic al-
ternatives, the percentage drops to 15.2% (2.11×).
This supports a speaker-oriented interpretation of
surprisal-based cost minimisation.

Utterance length shows the largest relative in-
crease over chance in the goal-agnostic setting
(3.69×), exceeding all other cost measures. This
suggests that length-based minimisation can be in-
terpreted as a listener-oriented pressure to reduce
processing effort. For local and global uniformity,
rank-1 outcomes are less frequent overall but still
reliably above chance. In both cases, the relative
increase over chance is higher in the goal-agnostic
setting, consistent with a listener-oriented interpre-
tation in which information content reflects uncer-
tainty over both upcoming linguistic material and
the speaker’s intended goal.

Overall, surprisal shows the strongest absolute

effects, with over half of continuations minimising
cost under goal-directed evaluation. Length shows
the strongest relative effects under goal-agnostic
evaluation, with uniformity falling in between.
This analysis assumes that production selects the
minimum-cost alternative. We next investigate
whether production choices are better described
as probabilistic preferences over alternatives.

Cost Goal-directed Goal-agnostic

Surprisal 53.4% ×3.24 15.2% ×2.11

Local uniformity 34.1% ×2.07 16.2% ×2.25

Global uniformity 24.1% ×1.46 19.3% ×2.68

Length (words) 28.6% ×1.73 26.6% ×3.69

Uniform (baseline) 16.5% 7.2%

Table 1: Percentage of observed rank-1 outcomes, with
multiplicative increase relative to the uniform baseline
(darker indicates larger deviation from the baseline). All
values are significantly higher than chance under one-
sided Poisson–binomial tests (p < 10−5 or smaller).

6.2 Graded Cost Sensitivity
The rank-based analysis in §6.1 corresponds to a
limiting case of the probabilistic choice model in
which choice noise vanishes and the speaker de-
terministically selects the cost-minimising alterna-
tive (cf. §3.2). We now relax this assumption and
instead model production choice as probabilistic
using a using a pairwise logistic choice model.

We recast each observation as a binary compari-
son between the human continuation and a contex-
tual alternative. The probability that a continuation
ai is preferred to an alternative aj is modelled as a
logistic function of their cost difference:

P (ai ≻ aj ; c) = σ
(
α(C(aj ; c)− C(ai; c))

)

(13)

This corresponds to a two-alternative reduction
of the Luce-style choice rule introduced in §3.2.
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We adopt a pairwise formulation because the goal-
directed and goal-agnostic alternative sets differ
both in composition and size, which makes coeffi-
cients from standard discrete-choice models, such
as conditional logit, not directly comparable across
the two conditions.8 To test whether cost sensi-
tivity differs between the goal-directed and the
goal-agnostic condition, we include an interaction
between cost differences and the goal condition.
Standard errors are clustered at the context level
to account for the non-independence induced by
multiple comparisons within the same context. Full
model details are provided in App. C.2.

Fig. 3 summarises the results. The surprisal-
based model achieves the highest log-likelihood.
Surprisal exhibits a consistent negative effect, with
lower surprisal increasing the probability of se-
lection. This effect is substantially stronger (ap-
prox. 7×) in the goal-directed condition than in the
goal-agnostic condition, supporting the interpreta-
tion of surprisal as a speaker-oriented cost: among
continuations that realise the same goal, speakers
preferentially select those with lower surprisal.

For local and global uniformity, lower cost (i.e.,
a more uniform information profile) predicts choice
in the goal-directed condition, but this relationship
reverses in the goal-agnostic condition, where
higher cost (lower uniformity) is associated with
higher choice probability. In conjunction with §6.1,
this suggests that although human continuations
minimise uniformity-based costs at above-chance
rates, this does not extend to a general probabilistic
preference for higher-uniformity continuations.

Finally, we find a preference for shorter continu-
8For completeness, we report conditional logit models fit-

ted separately for goal-directed and goal-agnostic alternatives
in App. D.5. These yield qualitatively similar patterns but do
not permit direct cross-condition comparison.

ations in the goal-agnostic condition, but no effect
in the goal-directed condition. In combination with
the rank-based results, this suggests that length op-
erates as a listener-oriented pressure, though the
model itself yields the weakest overall fit.

7 Conclusion

In this paper, we argued that notions of produc-
tion cost must be interpreted relative to the alter-
native utterances over which they are evaluated.
By explicitly distinguishing between goal-directed
and goal-agnostic alternative sets, we showed that
the same cost measure can give rise to qualita-
tively different interpretations. Our empirical anal-
yses indicate that surprisal minimisation over goal-
directed alternatives provides the strongest account
of production choices at the main-verb choice
point. This effect is robust across both rank-based
and probabilistic analyses and reflects a speaker-
oriented pressure to select low-surprisal continua-
tions among alternatives that realise the same com-
municative goal.

Methodologically, we introduced scalable pro-
cedures for constructing contextual alternative sets
that enable probabilistic pragmatic models of pro-
duction to be instantiated and evaluated at scale
in open-ended settings, while providing a princi-
pled basis for comparing competing notions of cost.
More broadly, our results highlight the importance
of making alternative spaces explicit when inter-
preting information-theoretic measures of cost, and
suggest that alternative-conditioned optimisation
offers a fruitful framework for studying speaker
and listener pressures in naturalistic language use
and for reproducing them in generation systems.
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Limitations

Firstly, while the theoretical and methodological
approach forms a core part of our contributions, the
generalisability of our empirical findings is limited
to the English language dataset we choose as our
case study, and the relatively small subset of sam-
ples we select. It remains for future work to assess
the extent to which these results generalise to other
dialogue corpora, production types, and languages.

Second, our analysis focuses on a single class of
choice points, matrix verb continuations. Although
this provides a controlled setting and directly com-
pares to classic work on production choice, it lim-
its the scope of the empirical claims. Future work
could apply the same framework to a broader range
of syntactically and information-theoretically de-
termined choice points, such as dative alternations
or positions of high continuation entropy, in order
to assess the generality of the observed patterns.

Third, our cost metrics are computed as global
aggregates over entire continuations. While we
control for length by selecting relatively short hu-
man continuations and matching the distributions
of generated alternatives, this approach may be-
come problematic for longer utterances, where con-
tributions from later parts of the string can reduce
sensitivity to the region immediately following the
choice-point. More refined aggregation schemes—
such as weighting units by their distance from the
choice point—may better capture incremental plan-
ning and more realistic production horizons.

Fourth, our analyses rely on language models
both to estimate information-theoretic quantities
and to generate alternative sets. These models may
not fully capture human processing or behaviour
and may be ill-suited for simulating alternatives in
certain contexts, especially settings that are poorly
represented in training data, including low-resource
languages and under-represented speaker commu-
nities within a language.

Finally, our framework does not incorporate an
explicit notion of communicative effectiveness. In
the open-ended dialogue setting we consider, there
is no clear external success signal, and well-formed
utterances between competent speakers can be as-
sumed to be broadly understood, thus making ef-
fectiveness effectively constant across alternatives.
Introducing a more nuanced notion of effectiveness
would require an explicit model of listener interpre-
tation, which remains an open challenge and lies
beyond the scope of the present work.
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A Data Preparation

The target utterances and their full preceding con-
versations are extracted from the SWDA corpus
(Stolcke et al., 2000). The target utterances are then
split into a context and a continuation, and the dia-
logue history is stored. A turn is defined as the unit
of dialogue consisting of all adjacent utterances
spoken by the same speaker. This approach cuts
out backchannels and disfluencies in the corpus.
Table 2 displays relevant dataset statistics before
and after the pre-processing steps were taken.

Dataset Utterances Dialogues
Before Pre-Processing 221,616 1,155
After Pre-Processing 1,342 680

Table 2: Data statistics of the corpus before and after
pre-processing steps.

A.1 Dialogue Data Cleaning and Preparation
All of the text in the corpora was filtered through
the use of regular expressions to remove any for-
matting or tags in the utterances. For example:
«motorcycle noise». Additionally, regular expres-
sions were also used to remove repeated words, in-
terrupted words, and short disfluencies such as “um”
or “uh”. Additional annotations of contextual noise
in the conversations were also removed. Short ut-
terances that are backchannels are then removed,
these are utterances that contain three or less words.
The dataset contains several cases where adjacent
utterances within a dialogue were spoken by the
same speaker. This was usually because of a long
pause or interruption in the dialogue. The previous
step of removing backchannels also leads to more
adjacent utterances by the same speaker. Adjacent
utterances are therefore combined in order to keep
these continuous singular thoughts together. The
corpus was then re-indexed and numbered so that
there were no missing or duplicated values in the
identification columns.
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A.2 Extracting Target Utterances

Not all of the utterances in the dataset were con-
sidered high quality enough to be used for this
experiment. In order to select target utterances, the
following criteria were devised: the context must
be of length 3 or greater to allow for enough of
the dialogue history that the model can attempt
to predict the intent of the speaker, the utterance
must have a verb as this is the location where the
utterances are split, and the utterance must be be-
tween 10 and 30 words to guarantee that utterances
will be split into contexts that are long enough to
provide the language model with enough informa-
tion to generate continuations without confusing
the models with unnecessary or extra information.
Target utterances are selected as the first sentence
in a turn, which ensures that they are most directly
related to the information provided by the previous
turn.

A.3 Extracting Dialogue History

We are interested in the preceding dialogue history
before the context of each utterance. For each target
utterance we extract the preceding turn spoken by
the other speaker, and the maximum number of
utterances from the preceding dialogue history that
can fully fit within the 1024 token limit of the GPT-
2, the model used for surprisal calculation.

A.4 Choice Points: Splitting Sentences

Inspired by Jaeger’s classic that-mentioning exam-
ple, we opt for the matrix verb as our choice point.
Matrix verbs mark a point at which the speaker
is likely to have already developed an utterance
plan and they must make a choice as to how to re-
alise their intended completion. The fact that some
meaningful partial sentence context has been estab-
lished constrains the alternatives to a degree (rather
than simply predicting the continuation from “the
boy”), but not to an extent that the continuation is
necessarily obvious (e.g., “the cat sat on the”).

We thus split utterances at the root verb to create
the utterance context and the human continuation.
Root verbs are identified using spaCy’s part-of-
speech tagger and dependency parser.9

Other choice points would be feasible and inter-
esting to study under the same framework, and we
are excited about future work that examines this
more exhaustively. Choice points could be chosen,
for example, by tracking other syntactic structures.

9https://spacy.io/

For instance, dative verbs (like “the man gave . . . ”)
could be completed with either a prepositional ob-
ject structure (“. . . the book to the boy”) or with
a double object dative structure (“. . . the boy the
book”). Alternatively, other more linear criteria
could be used—for example, choice points could
be determined by measuring continuation entropy
at every position in the sentence and choosing the
positions with the highest entropy.

B Generating Alternatives

Language models are used as the simulators of
dialogue production in order to generate alterna-
tive continuations. The model used to generate
alternatives was OpenAI’s GPT-4o10. In order to
ensure that the model generated continuations in
the correct format, a one-shot prompting method
was used to provide the model with a single simple
demonstration of a sentence completion.

B.1 Goal-Agnostic Alternatives

The sentence continuation generation methods
prompt the language model to generate continu-
ations of the target context. This was done by pro-
viding the model with the context and various lev-
els of context. The models’ objective was defined
through the use of the developer prompt, specifying
to complete the provided context.

Each method of sentence continuation was pro-
vided with the same developer prompt.

(3) [Developer:] Your task is to complete the
provided sentence. Complete the sentence
in a natural manner, as if engaging in a
phone call conversation. Only write the
continuation to the sentence without any
additional information or words in your re-
sponse.

(4) [User:] Complete the sentence: “The cat
jumped"

(5) [Assistant:] The cat jumped over the dog.

No Dialogue History. The no history condition
provides the model with the context but no other
information. This gives the model the most
freedom to complete the sentence.

No Dialogue History User Prompt

(6) [User:] Complete the sentence: “{context}"
10https://platform.openai.com/docs/models/gpt-4o
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Previous Utterance. The preceding history
condition provides the model with the context and
the directly preceding utterance.

Previous Utterance History User Prompt

(7) [User:] Given this sentence from speaker
A: “{history}", Complete the sentence from
Speaker B: “{context}"

All Previous Utterances. The full history
conditions provide the model with all previous
utterances in the dialogue, up to a maximum of
1000 tokens.

Full History User Prompt

(8) [User:] Given this phone conversation
between Speaker A and Speaker B:
“{history}", Complete the sentence from
Speaker {SpeakerID}: “{context}"

B.2 Goal-Directed Alternatives

To generate goal-directed alternatives we prompt
GPT-4o to paraphrase the full sentence, but only
allow it to change the words after the context. This
approach leverages the language model’s internal
representation of the semantic closeness of words.
In order to limit the repetition of paraphrases,
all of the paraphrases for a target utterance are
generated at once and specified to be unique
from each other. This method resulted in several
occurrences where the model refused to generate
the paraphrases at all, or refused to generate
all 10 paraphrases. For example the model
would return “I’m sorry but I don’t understand."
or “I can’t do that." In order to keep the data
balanced, it was decided to drop all continuations
of the contexts that had failed to produce the 10
paraphrases. This reduced the number of contexts
to 309 with 309 human continuations, and 12,360
continuations representing 3,090 continuations of
each generation method, or 10 continuations per
method per context. This is the final dataset upon
which the calculations were performed.

Paraphrase Generation Developer Prompt

(9) [Developer]: Your task is to paraphrase the
provided sentence. Paraphrase the sentence
in a natural manner, as if engaging in a
phone call conversation, while still keeping
the sentence factually the same. Only write

the paraphrase of the sentence without any
additional information or words in your
response. Try your best to do so even if the
provided text seems nonsensical or does
not have proper sentence structure.

Paraphrase Generation User Prompt

(10) [User:] Write 10 unique paraphrases of
the following sentence: “{text}", the
paraphrases must always start with the
following words: “{context}"

Paraphrase Generation Assistant Prompt

(11) [User:] Write 10 unique paraphrases of the
following sentence: “The cat jumped over
the dog.", the paraphrases must always
start with the following words: “The cat
jumped over"

(12) [Assistant:] The cat jumped over the
husky.
The cat jumped over the dog without mak-
ing a sound.
The cat jumped over the dog as it wagged
its tail.
The cat jumped over the dog, barely miss-
ing it.
The cat jumped over the dog and landed
smoothly.
The cat jumped over the dog while it was
dozing off.
The cat jumped over the dog to escape
quickly.
The cat jumped over the dog in a playful
manner.
The cat jumped over the dog and contin-
ued running.
The cat jumped over the dog, surprising it.

B.2.1 Paraphrase Detection

In order to determine which generations should be
kept and which should be removed, an analysis of
the contexts combined with the generated continu-
ations compared to the original human sentences
was performed. Following Farquhar et al. (2024),
we initially made use of an MNLI model to detect
paraphrases and semantic equivalence, but through
manual inspection, found this approach to be less
effective than GPT-4, with a 85% vs. 98% success
rate on a manually-annotated sample of 400
items. We tested two Natural Language Inference
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models trained on the MNLI corpus (Williams
et al., 2018), Roberta Large MNLI (Liu et al.,
2019) and FLAN-T5 Base MNLI (Chung et al.,
2022), chosen for their high scores on the MNLI
benchmark.11 The labels produced were either
entailment, neutral, or contradiction, we take
entailment as goal conditioned, and merge neutral
and contradiction for goal agnostic. However,
upon manual inspection and annotation of a sample
of 400 generations, we abandoned this approach,
since there was too high a level of ambiguity in
terms of the neutral label, and too high an error
rate. We instead opt for prompting GPT-4o to
detect whether two sentences are paraphrases, a
well-defined and more simple task (especially
for the relatively short sentences that we select
as targets), which exploits LMs greater level of
capability for semantic meaning over logical
equivalency (Mirzadeh et al., 2025), as well as
using a far larger and more powerful model. The
following prompts were used for the paraphrase
detection with GPT-4o.
Paraphrase Detection Developer Prompt

(13) [Developer:] Your task is to determine
whether or not two sentences are para-
phrases of each other. You are to classify
the sentences into one of two labels: “yes"
if the sentences are paraphrases or “no" if
they are not. Do not provide any explana-
tion for your choice, just the name of the
label.

Paraphrase Detection User Prompt

(14) [User:] Classify whether these sentences
are paraphrases. Sentence A: “{text}",
Sentence B: “{generation}"

Paraphrase Detection Assistant Prompt

(15) [User:] Classify whether these sentences
are paraphrases. Sentence A: “The cat
jumped over the dog.", Sentence B: “The
cat jumped over a dog."

(16) [Assistant:] Yes

Through the use of this model a set of goal-directed
alternatives was created. This is the set of alterna-
tives that are considered paraphrases by the lan-
guage model.

11https://paperswithcode.com/sota/natural-language-
inference-on-multinli

C Statistical Analyses

C.1 Poisson–binomial Test for Rank-1
Outcomes

We provide here the full specification of the test
used to assess whether human utterances are ranked
first more often than expected by chance.

For each trial i ∈ {1, . . . , N}, let ni denote the
number of alternatives in the relevant alternative
set. Let Yi ∈ {0, 1} be a Bernoulli random variable
indicating whether the human utterance is ranked
first under the cost measure of interest. Under the
null hypothesis H0 of random selection among al-
ternatives, the probability of a rank-1 outcome on
trial i is

P (Yi = 1 | H0) =
1

ni
. (14)

The total number of rank-1 outcomes across tri-
als is given by the random variable

K =

N∑

i=1

Yi, (15)

which follows a Poisson–binomial distribution cor-
responding to the sum of independent Bernoulli
variables with heterogeneous success probabilities
{1/ni}Ni=1. Further let

Kobs =
N∑

i=1

yi (16)

denote the observed number of rank-1 outcomes in
the data, where yi is the realised value of Yi. Statis-
tical significance is assessed using a one-sided test,

p = P (K ≥ Kobs | H0), (17)

which quantifies the probability of observing at
least as many rank-1 outcomes as in the data under
the null hypothesis of chance selection.

We employ a one-sided test because cost min-
imisation predicts an excess, but not a deficit, of
rank-1 outcomes relative to chance.

C.2 Pairwise Logistic Choice Model
This appendix provides a detailed description of
the pairwise logistic choice model used in §6.2.

Data construction. For each context, we con-
struct binary comparisons between the human con-
tinuation and each candidate alternative. Let ai

denote the human continuation and aj an alterna-
tive from the same context. Each pair yields a
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binary outcome yij ∈ 0, 1, where yij = 1 indicates
that the human continuation is preferred over the al-
ternative. To obtain a balanced dataset, we include
both (i, j) and (j, i).

Predictors. For each cost function C ∈
{Csurp, CUIDloc , CUIDgl , Clen}, as introduced in §4,
we define a cost difference variable

∆Cij = C(ai; c)− C(aj ; c), (18)

which captures the relative cost of the human con-
tinuation compared to the alternative. Cost differ-
ences are standardised to have mean zero and unit
variance prior to estimation. We also include a bi-
nary indicator GDj ∈ {0, 1}, where GDj = 1 if
the alternative aj is drawn from the goal-directed
set and GDj = 0 if it is drawn from the goal-
agnostic set.

Model specification. We model the probability
that the human continuation is preferred using a
logistic regression:

log
P (yij = 1)

1− P (yij = 1)
= β0 + β1∆Cij + β2GDj

+ β3 (∆Cij ×GDj)
(19)

The coefficient β1 captures cost sensitivity in the
goal-agnostic condition, while β3 captures the
change in cost sensitivity in the goal-directed condi-
tion. The total cost sensitivity under goal-directed
alternatives is therefore given by β1 + β3. As men-
tioned in §6.2, this specification corresponds to the
two-alternative restriction of the softmax produc-
tion rule. In this interpretation, the slope on ∆Cij

estimates the negative cost-sensitivity parameter
−α, such that more negative coefficients indicate
stronger sensitivity to a given cost.

Estimation. Models are estimated via maximum
likelihood. Standard errors are clustered at the
context level to account for the dependence induced
by multiple pairwise comparisons within the same
context. For each cost function, we fit a separate
model and report coefficient estimates, confidence
intervals, and per-observation log-likelihoods.

Interpretation. A negative coefficient on ∆Cij

indicates that lower-cost continuations are more
likely to be selected. The interaction term allows
us to test whether this effect differs between goal-
directed and goal-agnostic alternatives within a sin-
gle unified model.

D Additional Results

D.1 Lexical Overlap between Context and
Continuation

We evaluate lexical overlap between context and
continuations across human and LM-generated al-
ternatives, similar to Molnar et al. (2023). The
results of these comparisons can be found in Fig. 4.
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Figure 4: Distribution of lexical overlap between con-
text and continuations by continuation type.

D.2 Goal Predictability from Context

Goal-agnostic alternative sets are intended to cap-
ture a listener’s uncertainty over both the speaker’s
intended goal and its realisation. In practice, how-
ever, contextual constraints often make some goals
more predictable than others. As a result, even with-
out conditioning explicitly on the goal, a listener
may assign non-zero probability to continuations
that align with the speaker’s intended goal.

We examine this in our data by identifying goal-
agnostic continuations that are also contained in
the goal-directed set. We find a small but non-zero
overlap, which increases with additional context:
with longer context windows, a larger proportion
of goal-agnostic continuations match the intended
goal. Fig. 5 breaks down these proportions.
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Figure 5: Proportion of goal-agnostic alternatives that
match the goal of the observed utterance, across dia-
logue history conditions.
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Figure 6: Pairwise cost differences between human continuations and alternatives, computed as the cost of the
human continuation minus the cost of the alternative. Negative values indicate that the human continuation has
lower cost than the alternative (i.e., is preferred under the cost), while positive values indicate that the alternative
has lower cost.

D.3 Cost Distribution Differences by Context

We additionally examine per-context differences
in cost between human continuations and sampled
goal-directed and goal-agnostic alternatives. Under
the model in §3, speakers are expected to prefer
continuations with lower cost than competing alter-
natives. To operationalise this, we sample a single
alternative per context and compute its cost differ-
ence relative to the human continuation. The result-
ing difference distributions are shown in Fig. 6.

One-sided t-tests (Tab. 3) show that surprisal ex-
hibits a strong effect under both the goal-directed
and the goal-agnostic conditions, with a markedly
larger effect in the goal-directed case. Local uni-
formity and global uniformity show a significant
effect only in the goal-directed comparison, with
differences in the opposite direction, and thus non-
significant under the one-sided test, in the goal-
agnostic condition. The opposite pattern holds for
length. Overall, these results confirm that surprisal
most clearly distinguishes human continuations
from goal-directed alternatives.

Goal-directed Goal-agnostic
Cost difference t p-value t p-value

Surprisal −32.48 < 10−8 −8.23 < 10−8

Local uniformity −13.37 < 10−8 10.57 1.00
Global uniformity −12.11 < 10−8 26.48 1.00
Length (words) 2.99 1.00 −10.72 < 10−8

Table 3: Results of one-sided t-tests comparing observed
productions to alternative continuations, testing whether
mean differences are smaller than zero.

D.4 Pairwise Logistic Choice Model

Tab. 4 contains supporting details of coefficients
and confidence intervals for Fig. 3. The pairwise
logistic choice model and the interpretation of the
coefficients is presented in App. C.2.

D.5 Conditional Logit Model of Graded Cost
Sensitivity

In addition to our analyses in the main body of the
paper, we also model utterance choice as proba-
bilistic using a conditional logit model. For each
context ci in the dataset, let Ai denote the corre-
sponding alternative set—either the goal-agnostic
set Aci or the goal-directed set Aci,g as defined in
§3.1. Let Yi be a categorical random variable over
Ai representing the production choice in context
ci. Each alternative a ∈ Aci is associated with
a cost C ∈ {Csurp, CUIDloc , CUIDgl , Clen}, as intro-
duced in §4. We model the probability of selecting
continuation a from Ai as

P (Yi = a |Aci) =
exp(−αC(a; ci))∑

a′∈Aci
exp(−αC(a′; ci))

,

(20)

where α is a scalar coefficient corresponding to the
sensitivity parameter of the choice model in §3.2.

We fit conditional logit models with a single
cost measure at a time, standardising each cost
across the dataset, and compare them using four
metrics: (1) the estimated cost-sensitivity coeffi-
cient α; (2) the average per-item log-likelihood ℓ;
(3) the expected probability that the model as-
signs to the lowest-cost alternative, P (rank = 1),
which describes how confidently the model se-
lects the top alternative (in other words, when
P (rank = 1) = 1, the model selects the top al-
ternative deterministically); and (4) the probability
that the cost-minimising alternative is preferred
over the second-best, P (best vs. 2nd). This last
metric is comparable across goal-directed and goal-
agnostic conditions, as it is insensitive to alternative
set size. Tab. 5 summarises these results.

Within goal-directed alternative sets, surprisal
is by far the strongest predictor of choice, with a
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Goal-agnostic Goal-directed Interaction

Cost β1 CI β1 + β3 CI β3 CI Per-item LL

Surprisal −0.304† [−0.498,−0.110] −2.073 [−2.525,−1.622] −1.769 [−2.210,−1.328] −0.615
Local uniformity 0.357 [ 0.156, 0.559] −0.683† [−1.195,−0.170] −1.040 [−1.532,−0.548] −0.670
Global uniformity 0.796 [ 0.593, 0.999] −0.632 [−0.859,−0.405] −1.428 [−1.678,−1.179] −0.637
Length −0.325 [−0.503,−0.148] 0.233 [−0.113, 0.579] 0.558 [ 0.250, 0.867] −0.681

Table 4: Pairwise logistic regression estimates per cost measure. Results are significant at p < 0.001, daggers
(†) indicate coefficients with p < 0.01, gray indicates non-significance.

Goal-directed alternatives Goal-agnostic alternatives

Cost α ℓ(↑) P (rank=1) P (best vs 2nd) α ℓ(↑) P (rank=1) P (best vs 2nd)

Surprisal 1.918 -0.187 0.464 0.701 0.253† -0.173 0.090 0.518
Local uniformity 0.825 -0.235 0.245 0.557 -0.359 -0.172 0.111 0.549
Global uniformity 0.748 -0.241 0.223 0.552 -0.840 -0.164 0.169 0.584
Length (words) -0.335‡ -0.250 0.171 0.526 0.339 -0.172 0.098 0.521

Uniform (baseline) – -2.018 0.142 0.500 – -2.727 0.067 0.500

Table 5: Conditional logit results for production choice in goal-directed and goal-agnostic alternative sets, report-
ing the estimated cost-sensitivity coefficient α, the average per-item log-likelihood ℓ, the expected probability
P (rank=1) that the human continuation is ranked first under the corresponding cost measure, and the probability
P (best vs 2nd) that the cost-minimising alternative is preferred over the second-best alternative. Daggers (†)
indicate coefficients with p < 0.01; double daggers (‡) indicate coefficients with p < 0.05; all other coefficients are
significant at p < 0.001.

large positive cost-sensitivity coefficient, the high-
est log-likelihood, and a P (rank=1) substantially
higher than chance. This model also achieves the
highest P (best vs. 2nd) across the board, confirm-
ing speaker-oriented surprisal minimisation as the
account that best explains production choice.

Uniformity-based costs also show an asymme-
try across alternative sets. In goal-directed con-
texts, both local and global uniformity significantly
predict choice. In contrast, within goal-agnostic
sets both measures have significant negative coef-
ficients, indicating that greater uniformity reduces
the likelihood of selection when evaluated against
listener-available alternatives. Utterance length
shows the weakest effect within goal-directed al-
ternatives, where it has a negative coefficient, and
remains comparatively weak relative to uniformity
costs in goal-agnostic sets.

D.6 Results without Stratified Sampling

In this section, we report the results obtained using
the full set of generated utterances, without apply-
ing the stratified sampling procedure described in
§5.4. The results, shown in Figs. 7 and 8 and Tab. 6
and 7, are qualitatively aligned to those reported
in the main text. One numerical difference is in
the log-likelihood of the global uniformity model,
which is larger in the results without stratified sam-

pling. This is likely due to the global distributional
differences that we remove through stratification.

Cost Goal-directed Goal-agnostic

Surprisal 47.6% ×5.12 10.7% ×3.24

Local uniformity 22.1% ×2.38 12.4% ×3.76

Global uniformity 13.0% ×1.40 13.4% ×4.06

Length (words) 22.8% ×2.45 22.5% ×6.82

Uniform (baseline) 9.3% 3.3%

Table 6: Results without Stratified Sampling. Per-
centage of observed rank-1 outcomes, with multiplica-
tive increase relative to the uniform baseline. All
values exceed the uniform baseline under one-sided
Poisson–binomial tests (p < 10−8 or smaller), except
for global uniformity against goal-directed alternatives
(p = 0.018), which does not show a robust effect.
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Figure 7: Results without Stratified Sampling. Ranking distributions of observed human continuations under
different cost measures, evaluated against goal-directed and goal-agnostic alternative sets. A rank of 1 indicates that
the human continuation has the lowest cost among the available alternatives, corresponding to deterministic cost
minimisation.
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Figure 8: Results without Stratified Sampling. Logistic regression results predicting whether a continuation is
selected over an alternative as a function of the difference in cost with respect to the alternative, goal condition, and
their interaction. Points show coefficient estimates on the log-odds scale, horizontal bars indicate 95% confidence
intervals. Asterisks indicate significance levels (p < .05, p < .01, p < .001). On the right panel is the corresponding
per-item log-likelihood for each model.

Goal-agnostic Goal-directed Interaction

Cost β1 CI β1 + β3 CI β3 CI Per-item LL

Surprisal −0.364 [−0.561,−0.167] −2.111 [−2.517,−1.705] −1.747 [−2.147,−1.347] −0.618
Local uniformity 0.492 [ 0.298, 0.685] −0.651† [−1.062,−0.241] −1.143 [−1.531,−0.756] −0.666
Global uniformity 1.093 [ 0.893, 1.292] −0.423 [−0.648,−0.198] −1.515 [−1.753,−1.278] −0.612
Length −0.472 [−0.660,−0.285] 0.037 [−0.298, 0.372] 0.509 [ 0.219, 0.799] −0.670

Table 7: Results without Stratified Sampling. Pairwise logistic regression estimates per cost measure. Results are
significant at p < 0.001, daggers (†) indicate coefficients with p < 0.01, gray indicates non-significance.
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