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Abstract

Theories of the pragmatic use of language in the Gricean tradi-
tion, and related formalizations such as the Rational Speech
Act (RSA) modeling framework, have focused on informa-
tion exchange between cooperative interlocutors. More recent
work has emphasized the importance of other, potentially less-
cooperative functions of language, such as persuasion, argu-
mentation, and manipulation. In this work, we bridge these two
traditions by developing a model of argumentative utterance
choice in the RSA framework. We propose several formal-
izations of the argumentative strength of a signal. We then
measure how well they capture behaviour in a simple utterance
production task in which participants were assigned an explicit
argumentative goal. We show that the most popular formal-
ization of argumentative strength fails to capture some of the
participants’ utterance choices, and discuss some alternatives.
Our models constitute a substantial improvement over a baseline
model, and remaining unexplained patterns are discussed.

Keywords: pragmatic language use; argumentative framing;
argument strength; probabilistic modeling;

“Today in Timiryazevsky Park [two] world leaders par-
ticipated in a 100 meter foot race. Our Soviet Premier,
Nikita Khrushchev, finished a very respectable second
place. The poor American President, John F. Kennedy
finished a miserable next-to-last.”
— ascribed to Russian newspaper Pravda

Introduction
Decades of research have demonstrated that human language
use is often oriented towards providing useful information
for addressees (Grice, 1975). Consequently, formal models
of language use often model speakers as optimizing relevant
information exchange, relying on formal notions of informa-
tivity provided by e.g., formal logic or information theory
(e.g., Parikh, 1991; Blutner, 2000; Frank & Goodman, 2012).
Yet, some authors argue that the purpose of communication
may be much more about persuasion, argumentation, ma-
nipulation, and opinion-negotiation than about pure, objec-
tive information-sharing (e.g., Anscombre & Ducrot, 1983;
Mercier & Sperber, 2011; Enfield, 2024). To give an example
of selective truth-telling, or paltering (Rogers et al., 2017),
the outcome of an exam could be truthfully described using
different true formulations from the same domain, framing the
exam as easy (1a) or difficult (1b).

(1) a. All of the students got some questions right.

b. All of the students got some questions wrong.

While formal notions of informativity are ready at hand,
what is lacking are good formal descriptions of what makes
one utterance more suitable than another for a speaker with
an intent to argumentatively frame their contribution, as in
the above example. In this work, we therefore ask which kind
of utility function might underlie a speaker’s choice to prefer
one utterance over another in a persuasive or argumentative
context: how can we capture formally what makes one argu-
ment better than another? We address this question through
the notion of argumentative strength.

Some prior work (e.g., Merin, 1997; van Rooij, 2004;
Winterstein, 2012) suggests a formalization of argumenta-
tive strength in terms of log-likelihood ratios, based on early
work on observational evidence (Good, 1950); see the for-
malization below. However, so far there has been no stringent
empirical testing of this notion, nor a systematic comparison
against alternative formalizations in terms of their predictive
accuracy for experimental data. Providing such a comparison
is the main contribution of this work.

We focus on a setting of paltering. We study cases like
(1), which are similar to the real-life examples examined by
Cummins and Franke (2021), but consider a constrained ex-
perimental setting borrowed from Macuch Silva et al. (2024)
that allows statistical model comparison of bespoke proba-
bilistic models which differ only in the quantitative notion of
argumentative strength they assume underlies the speakers’
choice of expression. In the following, we formulate these
models in the tradition of the Rational Speech Act (RSA)
framework (Frank & Goodman, 2012; Franke & Jäger, 2016;
Degen, 2023). We then describe the experimental set-up, and
report on the statistical model comparisons, as well as our
results. Our main findings are that the log-likelihood ratio
model captures the data less well than other formalizations
of argumentative strength, and that there are patterns in the
data not captured by any of the models we considered. We
conclude with suggestions for future work.

Probabilistic models of argumentative language
Probabilistic models of pragmatic reasoning usually define a
speaker and listener policy. Here, we will focus exclusively
on the speaker’s policy. In line with the usual assumption of
Bayesian decision-makers, the speaker’s policy of choosing an
utterance 𝑢, when trying to communicate a state 𝑠 is defined in
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terms of a soft-max operation (Franke & Degen, 2023), with
parameter 𝛼 on the utility function 𝑈 (𝑢, 𝑠):

𝑃𝑆 (𝑢 | 𝑠) ∝ exp (𝛼𝑈 (𝑢, 𝑠)) . (1)
The utility function 𝑈 (𝑢, 𝑠) captures how good it is for the
speaker to choose 𝑢 when the true state, according to the
speaker, is 𝑠. We here follow the Rational Speech Act (RSA)
modeling framework (e.g., Frank & Goodman, 2012; Franke
& Jäger, 2016; Degen, 2023) which adopts the Gricean as-
sumptions that the speaker wants to speak truly, to maximize
the amount of information conveyed about the state 𝑠, and to
minimize their own speaking effort (Grice, 1975). To imple-
ment these assumptions, utilities are defined as a sum of the
negative information-theoretic surprisal of 𝑠 conditional on 𝑢

being true and the (negative) cost of 𝑢, which is a stand-in for
production effort or ease of accessibility:

𝑈 (𝑢, 𝑠) = log 𝑃(𝑠 | [[𝑢]]) − cost(𝑢) , (2)
where [[𝑢]] is the semantic denotation of 𝑢, formally repre-
sented as the set of world states in which 𝑢 is true. Under the
widespread assumption of a flat prior over 𝑠, the conditional
probability of 𝑠 given that 𝑢 is true can be written as:

𝑃(𝑠 | [[𝑢]]) =
{
| [[𝑢]] |−1 if 𝑠 ∈ [[𝑢]]
0 otherwise.

For a binary semantics (as assumed here), the utility function
factors into three well-known aspects of pragmatic language
generation, namely that the utterance be true, informative and
economical (Scontras et al., 2021):

𝑈 (𝑢, 𝑠) = log [𝑠 ∈ [[𝑢]]]︸           ︷︷           ︸
truth

+ log | [[𝑢]] |−1︸        ︷︷        ︸
informativity

− cost(𝑢)︸  ︷︷  ︸
economy

.

Here, [𝑠 ∈ [[𝑢]]] is an indicator term, so its logarithm is 0 if
𝑢 is true in 𝑠 and −∞ otherwise.

The speaker’s policy defined above in Equation (1), when
used with the standard utility function in Equation (2), has
been productively used to explain choices of utterances for dif-
ferent linguistic constructions of phenomena, e.g., for referen-
tial expressions (Frank & Goodman, 2012), generics (Tessler
& Goodman, 2019), conditionals (Grusdt et al., 2022), quan-
tifiers and implicature (Goodman & Stuhlmüller, 2013; van
Tiel et al., 2021), gradable adjectives (Lassiter & Goodman,
2017), or probability expressions (Herbstritt & Franke, 2019).
Yet, some phenomena seem to require more elaborate utility
functions. For example, models incorporating additional util-
ity components related to politeness (Yoon et al., 2020) or
opinion (Achimova et al., 2025) have been proposed. Here,
we add the goal of arguing in favor of a position or hypothesis
𝐻0, as opposed to the competing position or hypothesis 𝐻1,
and model the utility trade-off between truth and informativ-
ity, on the one hand, and the argumentative strength on the
other. The form of the utility functions we consider here is:
𝑈 (𝑢, 𝑠, 𝐻0, 𝐻1) = (3)
𝛽 log 𝑃𝐿0 (𝑠 | [[𝑢]])︸                   ︷︷                   ︸

truth & informativity

+ (1 − 𝛽) argstr(𝑢, 𝐻0, 𝐻1)︸                          ︷︷                          ︸
argumentative strength

− cost(𝑢)︸  ︷︷  ︸
economy

where 𝐿0, the literal listener, assigns equal probability to all
states semantically compatible with the utterance. Follow-
ing previous literature, the parameter 𝛽 models the degree to
which a speaker optimizes informativity of an utterance or
makes a strong argument for position 𝐻0 (relative to 𝐻1).

In the following, we will explore different models of the
speaker’s utterance choice. As discussed, the first two for-
malize proposals from previous literature, while the rest are
introduced here:
1. The vanilla RSA model provides the conservative base-

line. It contains no speaker objective for argumentative
speech. We can think of it as a model with 𝛽 = 1.

2. The likelihood-ratio model formalizes argumentative
strength in analogy to a common measure of observational
evidence, the log-likelihood ratio (based on literal interpre-
tation of the utterance). It quantifies how much more likely
an utterance is to be true given 𝐻0 as opposed to 𝐻1.

3. The pragmatic likelihood-ratio model is similar to
the likelihood-ratio model, but computes argumentative
strength via log-likelihood ratios based on a pragmatic en-
richment of the utterance. It quantifies how much more
likely an utterance is to be produced by a pragmatic speaker
given 𝐻0 as opposed to 𝐻1.

4. The maximin model provides a psychologically simple
definition of argumentative strength in terms of a form of
worst-case reasoning. It quantifies how strongly an utter-
ance supports 𝐻0, as opposed to 𝐻1, if the listener only
considers the single argumentatively weakest state that ver-
ifies the utterance.

5. The model-free model uses a situation-specific notion of
argumentative strength in terms of the posterior expectation
of true answers. This approach is “model-free” in the sense
that it does not commit to a strong theoretic position on
what argument strength is supposed to be.

We give the formal definitions of these argumentative-strength
functions for our experimental task in the Statistical Analysis
section, after introducing the experiment.

Experiment
To test whether and how speakers choose expressions for pur-
poses of argumentative framing, we used an experimental de-
sign which presents a perspicuous but complex state of affairs
(the results of a high-school exam) and allows participants to
choose flexibly from a large, but still constrained, set of al-
ternative expressions. The design used here is essentially the
same as that of Experiment 1 reported in Macuch Silva et al.
(2024), except that we here used a larger set of visual scenes
(different array sizes, see below). While the work reported
by Macuch Silva et al. (2024) also elicited and analyzed free
production data, we here focus on a more constrained forced-
choice task in order to harness the complexity of the data for
subsequent modeling. Participants could essentially choose
one of 32 sentences, but they did so by individual selection
of (i) an outer quantifier, (ii) an inner quantifier, and (iii) an
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Figure 1: Example of an experimental stimulus showing one
set of results for an exam with 12 questions and 5 students.

adjective, to complete the sentence frame in (2), where OQ
and IQ ∈ {none, some, most, all}, and ADJ ∈ {right, wrong}.

(2) OQ of the students got IQ of the questions ADJ

Participants. A total of 𝑁 = 201 adult participants with
English as their first language were recruited via Prolific and
were paid £1.5 (hourly wage approximately £9).

Materials. The results of fictitious high-school exams were
presented visually in the form of matrices, as shown in Fig-
ure 1. The rows of matrices corresponded to students (indi-
cated by names), the columns indicated questions. A check-
mark on green background in a cell represented that the student
got the question right. A cross on a red background repre-
sented an incorrect answer. The results were always arranged
to show students ordered in terms of performance (students
with more correct answers in higher rows). The names of
students were sampled at random for each trial from a list of
common English first names.

Four sizes of matrices were used, differing in the number of
students (5 or 11) and the number of questions in the exam (6
and 12). For each matrix size, there were 20 instances, each
one corresponding to one of the 20 situations which can be
logically distinguished based on sentences of the form in (2).1

Procedure. The experiment started with an explanation of
the displays and the task. As a within-subjects manipulation
(high vs. low framing condition), participants were asked to
truthfully describe the exam results as either favorable (high
framing: students did well, exam was easy) or unfavorable
(low framing: students did poorly, exam was hard). Each
participant saw each of the 20 instances of the same matrix
size in completely randomized order. Each participant saw 10
trials in the high and low framing condition each, randomly
assigned for each run.

1More concretely, the 20 situations are all the “possible world
states” that can be differentiated with a language that contains only
the sentences in (2) under their standard logical meaning, assuming
that some means at least one and most means more than half (see
Macuch Silva et al., 2024, for details).

Results. Following preregistered protocol, we excluded all
the data from a participant if the participant selected the same
response in all trials or if the participant gave more than four
responses which are literally false as a description of the re-
sults shown in the corresponding trial.2 This reduced the
original number of 𝑁 = 201 participants to 𝑁 = 186. We also
excluded any remaining responses that are literally false. This
resulted in another 113 individual responses being removed
from the data set.

Figure 2 shows the proportions of sentences which partic-
ipants generated as descriptions for the exam results, along-
side posterior predictive means from the best-fitting hierar-
chical model-free model. The plot differentiates the two
framing conditions (high vs. low, indicated by color), aver-
aging response proportions across the four different shapes of
the matrices that represented the exam results. The choice
distributions seem to differ slightly between results matrices
(𝜒2 ≈ 216.8, df = 168, 𝑝 < 0.006). More importantly, the
high vs. low framing induced significantly different distribu-
tions over descriptions (𝜒2 ≈ 2300.7, df = 103, 𝑝 < .001).
The latter result suggests that our manipulation worked and
that participants are indeed able to adapt their description
choices to the strategic argumentative framing the context de-
manded.

Statistical Analysis
We perform a Bayesian analysis of the data produced by the
experiment, using the RSA speaker defined in Eq. 1 as a
generative model of participants’ production behaviour. A full
implementation of argumentative strength (Eq. 3) requires the
specification of one hypothesis that the speaker argues for (𝐻0)
and one that they argue against (𝐻1), as well as a functional
form that measures how strongly a specific utterance supports
𝐻0 against 𝐻1.

Hypotheses for argumentative strength calculation
We model each hypothesis 𝐻 as saying that all students in
the class have a certain probability 𝛾𝐻 of getting each answer
correct, making the simplifying assumption that there is no
variation in skill across students and no variation in proba-
bility of getting different answers correct. The probability of
observing the full results from an exam is then proportional
to the product of the binomial probability of each student’s
results:

𝑃(𝑠 | 𝛾𝐻 ) ∝
∏
𝑘∈𝑠

(
𝑁

𝑘

)
𝛾𝑘
𝐻 (1 − 𝛾𝐻 )𝑁−𝑘 (4)

where the state 𝑠 is the exam result, represented as a list of
numbers of correct answers for each student, and 𝑁 is the
number of questions.

By experimental design, in the high framing condition the
speaker is choosing an utterance to support the hypothesis that
students had a high probability of answering correctly rather
than a low probability, and the opposite is true in the low

2Preregistration files are available at: https://osf.io/2juzy.
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most : most : right

some : all : right

some : most : right

most : all : right

some : some : right

all : most : right

all : some : right

all : all : right

most : some : right

none : none : wrong

none : all : wrong

none : most : right

none : none : right

some : none : wrong

most : none : wrong

none : some : right

most : most : wrong

some : all : wrong

some : most : wrong

most : all : wrong

some : some : wrong

all : some : wrong

all : most : wrong

most : some : wrong

all : all : wrong

none : all : right

some : none : right

most : none : right

all : none : wrong

none : some : wrong

none : most : wrong

all : none : right

More frequent in high−arg framing More frequent in low−arg framing

0% 5% 10% 15% 20% 0% 5% 10% 15% 20%

Mean proportion across arrays

Observed High−arg Low−arg Model predictions  (model−free) High−arg Low−arg

Figure 2: Mean proportion of sentences generated in Experiment 1, averaged across the four matrix sizes. Bars show observed
human response proportions; dots show posterior predictive means from the hierarchical model-free speaker model. Thin
intervals show 95% participant-bootstrap intervals for the observed data and 95% posterior predictive intervals for the model
predictions, computed after averaging proportions equally across matrix sizes; intervals are omitted for cells with point estimates
below 1% to reduce overplotting. Utterances are split by whether they were more frequent in high-arg or low-arg framing;
within each panel, utterances are ordered from larger to smaller observed framing difference.

framing condition. For practical purposes, we fixed values for
these hypotheses as follows:3

𝛾𝐻0 = 0.85 𝛾𝐻1 = 0.15 for high frame condition. (5)
𝛾𝐻0 = 0.15 𝛾𝐻1 = 0.85 for low frame condition.

Functional form of the argstrength component
Having defined the two hypotheses, we next turn to various
ways of specifying the functional form of the argumentative
strength of utterances.

Log likelihood ratio argstrength. The starting point is the
notion of weight of evidence, which has been introduced in
the previous literature as a formal notion of argumentative
strength (e.g., Merin, 1997; van Rooij, 2004; Winterstein,
2012). Concretely, we consider the degree to which the utter-
ance 𝑢 is more likely to be true (literally) under hypothesis 𝐻0
than under a competing (alternative) hypothesis 𝐻1:

lr-argstr(𝑢, 𝐻0, 𝐻1) = log
𝑃( [[𝑢]] | 𝐻0)
𝑃( [[𝑢]] | 𝐻1)

(6)

where 𝑃( [[𝑢]] | 𝐻) is the probability that utterance 𝑢 is true
(rather than, e.g., produced) given hypothesis 𝐻. 𝑃( [[𝑢]] | 𝐻)
can be calculated based on the literal semantics, with 𝑃(𝑠 |

3Treating values for the hypotheses as free variables leads to
issues of unidentifiability. Choosing different values largely led to
qualitatively similar results.

𝛾𝐻 ) defined in Eq. (4), as:
𝑃( [[𝑢]] | 𝐻) =

∑︁
𝑠∈[[𝑢]]

𝑃(𝑠 | 𝛾𝐻 ) (7)

Pragmatic argstrength. While the previous definition de-
fines argumentative strength in terms of the evidence ratio
for 𝑢 being literally true, it is also conceivable that an utter-
ance’s argumentative strength is intuitively assessed not based
on its literal meaning but based on its pragmatically enriched
meaning. We therefore also consider a notion of pragmatic
argumentative strength based on the pragmatic speaker func-
tion 𝑃𝑆 as defined above in Equations (1) and (2). We first
quantify the probability of observing 𝑢 under said pragmatic
speaker behavior if 𝐻 is true:

𝑃𝑆 (𝑢 | 𝐻) =
∑︁
𝑠∈𝑆

𝑃𝑆 (𝑢 | 𝑠) 𝑃(𝑠 | 𝛾𝐻 ) (8)

We then define pragmatic argumentative strength as:

prag-argstr(𝑢, 𝐻0, 𝐻1) = log
𝑃𝑆 (𝑢 | 𝐻0)
𝑃𝑆 (𝑢 | 𝐻1)

(9)

Maximin argstrength. The third type of argstrength cap-
tures the intuition that, rather than calculating argumentative
strength by marginalizing across all the states compatible with
the utterance 𝑢, participants only consider the argumentatively
weakest state compatible with 𝑢:

maximin-argstr(𝑢, 𝐻0, 𝐻1) = min
𝑠∈[[𝑢]]

log
𝑝(𝑠 | 𝛾𝐻0 )
𝑝(𝑠 | 𝛾𝐻1 )

(10)
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A speaker might use maximin-argstr when considering the
worst-case scenario for a listener who guesses a single one of
the states compatible with the utterance. Maximin-argstr can
also be seen as a cautious heuristic: it evaluates an utterance by
the single argumentatively weakest compatible state, without
assuming that speakers marginalize over all compatible states.

Model-free argstrength. Instead of assessing argumenta-
tive strength in terms of a precise probabilistic relation be-
tween hypotheses and utterance-compatible observations, par-
ticipants might use a heuristic higher-level feature of obser-
vations (a suitable test statistic). One such feature for our ex-
perimental setup is the mean number of right answers across
utterance-compatible observations:

Eright (𝑢) = | [[𝑢]] |−1
∑︁

𝑠∈[[𝑢]]

∑︁
𝑖∈𝑠

𝑖 (11)

The argumentative speaker might choose an utterance to max-
imise this (centered) quantity in the high frame condition, and
to minimize it in the low frame condition:

mf-argstrength(𝑢) =
{
Eright (𝑢) − 𝜇Eright in high frame
𝜇Eright − Eright (𝑢) in low frame

(12)
where 𝜇Eright is the average value of Eright (𝑢) across the pos-
sible utterances 𝑢. We do not model the process of finding
a heuristic given an argumentative goal, and therefore this
argstrength does not formally depend on the hypotheses de-
fined in Equation (5).

Statistical models
Here, 𝛼 controls soft-max choice sensitivity, and 𝛽 controls
the trade-off between truth/informativity and argumentative
strength. For each of the measures of argumentative strength
above, we implement and fit two models:
1. A population model with completely pooled 𝛼 and 𝛽.
2. A hierarchical model with by-participant 𝛼 and 𝛽.
The parameter encoding the cost for ‘none’ is always pooled,
as a compact way to capture an additional lexical production
or processing cost for this negative quantifier (see Dudschig et
al., 2021) without adding participant-level complexity. As we
discuss below, the data suggests that a more fine-grained anal-
ysis of overall preferences for some signals may improve the
model. For the pragmatic argstrength model, we use the same
value of𝛼 for the calculation of the argumentative strength and
for the participant’s utility computation. Parameter recovery
simulations on synthesis data for the pooled models and array
size 5 × 12 show that the 𝛼, 𝛽, and cost parameters can be
recovered accurately from <100 samples for all five models.

Results
Figure 3 shows the results of Pareto smoothed importance
sampling leave-one-out (PSIS-LOO) model comparison of all
models trained on the dataset (Vehtari et al., 2017). We can
roughly distinguish three levels. First, both the pooled and

vanilla RSA

likelihood ratio (pragmatic)

likelihood ratio (semantic)

maximin

model free

−8000 −7000 −6000

population hierarchical

Figure 3: Results of model comparison based on the full
data set. For each model, shapes indicate the expected log-
probability mass from leave-one-out cross validation, with
error bars showing the standard error of these estimates. The
𝑦-axis lists the different types of models, ordered by ascending
goodness-of-fit. The shapes and colors indicate the method
of model fitting: with or without hierarchical structure.

hierarchical vanilla RSA models have a comparatively poor
predictive accuracy. Second, the semantic and pragmatic lr-
argstrength models improve over the vanilla RSA model, and
perform similarly to each other both for the pooled and the
hierarchical cases. Third, the maximin and model-free models
offer the best predictive accuracy. By expected log-likelihood
under leave-one-out cross-validation, the best model is the
hierarchical non-parametric model. The posterior predictive
p-value of this model with loglikelihood as the test statistic is
0.407, meaning that the data does not exclude this as a possible
model. However, the second best model, the hierarchical
maximin model, is not significantly worse under a simple
𝑧-test (𝑝 ≈ 0.97), as suggested by Lambert (2018). The
most important high-level conclusion from these results is that
including some quantitative notion of argumentative strength
seems required; the vanilla RSA model is not enough—and
of the set of candidate notions investigated here all yield very
substantial improvements to predictive accuracy.

Fitting only on the data of each matrix-size condition in-
dependently and comparing the resulting models also reveals
numerically interesting differences. For instance, the max-
imin model is numerically better than the model-free one for
the 5×12 condition, while the opposite is true in the 11×6
and 5×6 conditions (the models are not credibly different in
the 11×12 condition). Since the measures of argumentative
strength should in principle be independent of the matrix size,
these differences in performance might reflect a failure of
some linking modeling assumption, e.g., the binomial likeli-
hood for student results.

The posterior predictive checks for each model also show
systematic patterns in how they correctly fit or depart from
the data, which suggests ways in which the corresponding
accounts of argumentative strength succeed or fail in this ex-
perimental setup. We briefly discuss these qualitative patterns
of success and failure for each model.
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Vanilla RSA Since this model does not take into account the
argumentative goal of participants, it predicts a higher-than-
observed frequency of informative but argumentatively weak
signals, such as ‘all:all:wrong’ in the high framing condition
(posterior predictive p-value ≈ 0). It also predicts a lower-
than-observed frequency for signals that can be exploited for
paltering, such as ‘some:some:right’ in the high condition
when most students got all answers wrong (ppp-value ≈ 0).

lr-argstrength The simple lr-argstrength and its pragmatic
variation make very similar predictions. They qualitatively
capture many patterns of utterance choice in the data relat-
ing to argumentativity, e.g., participants’ overall preference
for ‘some:most:right’ over ‘most:all:wrong’ in the high frame
condition when both utterances are true (ppp-value that former
is more frequent than the latter is≈ 1.0), though the preference
is even stronger in the data. However, in the two 12-questions
exam conditions, this argstrength predicts a much stronger
preference for ‘some:all:right’ over ‘most:most:right’ than we
find in the data (in the high frame condition, when both signals
are true, ppp-value ≈ 0.). This is significant for its overall pre-
dictive performance, because these were the most frequently
chosen utterances for those conditions.

Maximin argstrength Intuitively, what makes
‘most:most:right’ a better argument than ‘some:all:right’ in
the high frame condition is that the former excludes some
particularly bad cases, i.e., where one participant answered
all questions correctly and the others all incorrectly. This
is captured by the maximin argstrength (ppp-value ≈ 0.67),
which can fit this pattern in the data better than lr-argstrength.

Model-free argstrength In many cases, mf-argstrength
makes similar predictions as maximin-argstrength. One sys-
tematic way the two depart is that the mf-argstrength model
systematically retrodicts higher frequency than the maximin-
argstrength model for ‘all:some:right’ in the high condition
and ‘all:some:wrong’ in the low condition. Another is that
mf-argstrength systematically retrodicts lower frequency than
maximin-argstrength for ‘some:most:wrong’ in the low condi-
tion and ‘some:most:right’ in the high condition. Which of the
two models is more accurate depends on the matrix array size,
explaining some of the difference in performance between
models trained separately on the matrix array conditions.

Overall All models predict a lower-than-observed fre-
quency for ‘(some,most,all):(some,most):wrong’ in the low
condition and ‘(some,most,all):(some,most):right’ in the high
condition (in all cases, ppp-value ≈ 0). In these cases, models
distribute their predictions across a larger set of utterances
which uses adjective ‘right’ in the high framing condition and
‘wrong’ in the low framing condition. It is possible that par-
ticipants avoid adjectives that emphasize a polarity opposite
to the one for which they are arguing. However, all measures
of argumentative strengths we defined are truth-functional,

and therefore cannot capture the connotation of conveying the
same content in terms of ‘right’ or ‘wrong’.

One particularly striking observation is that participants of-
ten chose ‘most:most’ when ‘all:most’ would have been both
more informative and argumentatively stronger according to
all models. All models failed to capture this pattern, and in-
deed it is difficult to explain it as a rational strategic choice.
Future work could look into other possible explanations, such
as processing ease. Finally, participants chose ‘none:all:right’
more often than predicted by any model, for both frame con-
ditions (ppp-value < 0.05 in all cases). For example, in the
high frame condition, it is chosen for exam results where all
students got all answers wrong.

Discussion
In this paper, we proposed several different formalizations
of the notion of argumentative strength and evaluated them
with data from a simple utterance choice experimental setup.
We found that the traditional notion of log-likelihood ratio
argumentative strength captures the data better than a model
that completely ignored argumentative goals, but worse than
other notions. Strikingly, the models with the closest fit to
the data are simpler than the log-likelihood ratio model, in
that they consider fewer utterance-compatible states (max-
imin argstrength) or use a more context-specific approxima-
tion (model-free).

We explored a natural selection of models, but many other
options could be considered. For instance, full lr-argstrength
and maximin argstrength differ in how many states they con-
sider: all utterance-compatible ones and just a single one
respectively. The truth might lie in the middle. Participants
might consider some but not all of the observations for the
signal. This behaviour can be rationalized: if the speaker
is perfectly rational but reasons about an imperfect listener,
they might only focus on the few states that the listener is
likely to consider given a signal, guided e.g., by prototypi-
cality. Formally connecting the current approach to QUD-
augmented RSA (e.g., Kao et al., 2014), where argumentative
goals might be modeled as Questions Under Discussion, is
another interesting direction for future work.

Our data suggests that a full account of utterance choice
would need to go beyond the purely intensional definitions
of argumentative strength we have considered. Even in this
simple design, the data contained several patterns that could
not be captured by any of the models. These might be due
to the connotation of different terms (‘right’, ‘wrong’) or pro-
cessing complexity (‘all:most’). We leave a more systematic
exploration of these options to future work.
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