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Abstract
Bayesian models of argumentation predict that
a rational agent’s credence should increase
monotonically as new evidence supporting a
claim becomes available. This paper investi-
gates a competing prediction: in natural lan-
guage dialogues, listeners may instead become
suspicious when speakers justify their beliefs
with excess reasons. We analyze this phe-
nomenon as a rational social inference in the
tradition of Grice, whereby listeners may "ratio-
nalize" seemingly unnecessary argumentation
by inferring that the speaker expected a dis-
agreement. We introduce a pragmatic model of
argumentation, adapting the Rational Speech
Act framework, and report a behavioral study
that tests its predictions against a first-order
Bayesian model. We find that information-
theoretic expectations can modulate belief re-
vision when listeners evaluate evidence in a
dialogue setting, an effect which standard mod-
els of rationality fail to explain.

1 Introduction

Language is built upon a foundation of trust, and
there is a case to be made that this trust is rational:
our modern lives depend substantially on testimo-
nial knowledge (Levy, 2021; Mercier and Sperber,
2017), and communication would be of little use
if it were not generally reliable (McCready, 2015;
Sperber et al., 2010). However, listeners obviously
do not always accept assertions on the basis of
conversational norms (Sperber et al., 2010), and
speakers do not expect addressees to take implau-
sible testimony at face value (Oey et al., 2023).
Even when the Quality maxim (Grice, 1989) is pre-
sumably in effect, interlocutors might have access
to different bodies of information against which
they evaluate facts, or else might differ subjectively
on matters of taste or opinion (Stephenson, 2007).
This study concerns the use of reasons to negotiate
controversial beliefs.
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When some belief C is difficult to accept on the
basis of trust alone, a speaker may provide reasons
to make it available by inference instead (Mercier,
2020; van Eemeren et al., 2014):

(1) We should take the bus to New York today,
because the train is delayed by 2 hours.

A reason R is said to "count in favor" of C when
the truth of R raises the probability of C in the
context of an agent’s other beliefs. Conclusions
justified by many coherent reasons should then be
more credible– or at least, no less credible– than
conclusions justified by few or none. This sensible
analysis is predicted by standard Bayesian models
of argument strength (Oaksford and Hahn, 2004;
Godden and Zenker, 2018), but seems contra the
intuition that superfluous reasons are somehow sus-
picious (The lady doth protest too much!).

We propose that the latter intuition arises as an
effect of rational language use. Rational speak-
ers tend to be more redundant when expressing
surprising or low-probability content, and less re-
dundant when expressing predictable content; this
tendency helps maximize the amount of informa-
tion a speaker can convey while keeping production
cost to a minimum (Aylett and Turk, 2004; Levy
and Jaeger, 2007; Piantadosi et al., 2011, a.m.o.).
Following Grice (1989), recent experiments by
Kravtchenko and Demberg (2022a,b) suggest that
listeners expect this production preference, and can
"rationalize" assertions that seem redundant (or
trivially predictable) by inferring that the content
might actually be "surprising" in a given context:

(2) "Alice went to the grocery store, and paid
the cashier!" ; Alice doesn’t always pay.

We investigate whether interlocutors are simi-
larly economical when coordinating beliefs via ar-
gumentation. If so, a rational speaker should avoid
giving reasons when her1 interlocutor is likely to

1We refer to the speaker as "she" and the listener as "he".
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agree with her anyways. If listeners expect this
production preference, effortful argumentation for
a seemingly innocuous conclusion might signal to
a listener that there could be relevant grounds for
disagreement which he hadn’t considered before.

We develop a Rational Speech Act model (Frank
and Goodman, 2012) that predicts this inference,
taking reasons that justify actions as our case study.
A behavioral experiment confirms that seemingly
unnecessary reasons can signal to a listener that the
speaker expected a disagreement. The inference
seems to mitigate the effectiveness of the evidence,
too, though further experimentation is required for
a more conclusive result. We also discuss some
speaker-specific and sociolinguistic factors which
could modify or suppress the observed inference.
Ultimately, our contributions are twofold: (1) we
provide empirical support for our prediction that
verbal reasons are evaluated in light of a speaker’s
rational choice to provide them, and therefore (2)
we explain why an intuition that seems at odds with
Bayesian rationality might yet be rational after all.

2 Theoretical Background

Rational communication. Going back at least
to Zipf (1935), it has been of great interest to lin-
guists and psychologists whether language users
construct their utterances "rationally"– that is, by
maximizing information exchange while minimiz-
ing resource expenditure. Most modern psycholin-
guistic accounts treat informativity as a measure of
surprise: all linguistic units, from phonemes to full
utterances, are more informative when surprising,
and less informative when predictable (Aylett and
Turk, 2004; Levy, 2008; Levy and Jaeger, 2007).
Following Shannon (1948), the information content
(surprisal) of an utterance u is given as its negative
log-probability in context.

I(ui) = − logP (ui|u0...ui−1) (1)

On such accounts, rational communication is
modeled as an efficient flow of information through
a noisy channel with limited bandwidth. To maxi-
mize the amount of information that can be trans-
mitted through the channel, a constant rate of infor-
mation that approaches, but does not exceed, its ca-
pacity must be maintained. Thus, rational speakers
spread surprising content across longer signals, and
compress predictable content into shorter signals,
in order to maintain the optimal information rate
(Aylett and Turk, 2004; Levy and Jaeger, 2007).

Reduction in low-surprisal contexts. Natural lan-
guages are not maximally efficient, of course. How-
ever, over the past 20 years, numerous adaptations
of the noisy-channel model have captured patterns
of signal reduction in low-surprisal contexts across
all levels of linguistic structure. These include
phonetic reductions (Aylett and Turk, 2004; Bell
et al., 2003; Pluymaekers et al., 2005), contractions
(Piantadosi et al., 2011), lexical reductions (e.g.
chimp/chimpanzee; Mahowald et al., 2013), com-
plementizer omission (Jaeger, 2010), fragments
(Bergen and Goodman, 2015; Lemke et al., 2021),
and omission of discourse connectives (Torabi Asr
and Demberg, 2012). All of these phenomena oc-
cur more frequently when the reduced or omitted
content is contextually predictable.

Redundancy in high-surprisal contexts. Despite
these findings, rational theories (including the sub-
maxim of Quantity "Do not make your contribution
more informative than is required"; Grice, 1989)
have come under fire because of their apparent
inability to account for the logical redundancies
that abound in naturalistic communication (Engel-
hardt et al., 2006; Heller et al., 2012). For example,
speakers often provide logically stronger references
than strictly required to identify an object:

(3) [Context: the display has just one square.]
"Look at the blue square!"

However, more recent work suggests that speak-
ers are not simply redundant at random. Often
times, they "overspecify" to ensure successful com-
munication of high-surprisal content. For example,
optional modification occurs more frequently with
unpredictable attributes ("yellow strawberry" rather
than "yellow banana"; Degen et al., 2020), in com-
plex visual displays (Rubio-Fernandez, 2016), and
in learner-directed speech (Bergey et al., 2020).

Rationalizing apparent redundancies. If rational
speakers tend to be economical in this way, ratio-
nal listeners might then be expected to interpret
utterances under the assumption that they are suffi-
ciently informative or "mention-worthy". A grow-
ing body of literature suggests that this is often the
case (Hao et al., 2024; Rohde et al., 2021; Rohde
and Rubio-Fernandez, 2022; Reksnes et al., 2024).
Moreover, utterances that seem redundant at first
may generate inferences that change the listener’s
model of the context into a state where the content
would be informative after all. One such inference
is shown by Kravtchenko and Demberg (2022a,b):



participants in their studies rationalized assertions
of seemingly trivial script continuations by infer-
ring that the content was actually unpredictable in
the current context (repeated from (2)):

(4) "Alice went to the grocery store, and paid
the cashier!" ; Alice doesn’t always pay.

Beyond cooperativity. These works are situated
within the broader Gricean program, wherein listen-
ers are expected to update their beliefs to align with
a cooperative speaker’s intended meaning. There-
fore, redundancy inferences that reduce the contex-
tual predictability (or prior probability) of a claim
do not adversely impact the listener’s posterior be-
lief. Upon hearing (4), the listener is predicted to
accept that “Alice paid the cashier” is true, despite
also inferring that it was less contextually likely
than he thought. However, when listeners are not
expected to update their beliefs on the basis of trust
alone, redundancy inferences may also impact their
posteriors, we will show.

Learning from reasons. While the "cooperative in-
formation exchange" model is a highly theoretically
useful idealization, cooperative assertion (with cor-
responding pragmatic enrichment) is not the only
strategy available for changing another agent’s be-
liefs. Indeed, a "vigilant" listener will probably be
unmoved by a simple assertion of implausible con-
tent (Mercier, 2020; Sperber et al., 2010). However,
since new information is easier to accept when it
coheres well with the rest of one’s beliefs, a speaker
may guide a skeptical listener to accept a challeng-
ing conclusion nonetheless by increasing its con-
textual plausibility instead (Mercier, 2020; Sperber
et al., 2010; van Eemeren et al., 2014). The pur-
pose of argumentation is, therefore, to reduce or
eliminate the need for trust among interlocutors
by making the target content inferrable from other
propositions (reasons) which the listener either al-
ready believes, or will accept more easily.

As noted by Sperber et al. (2010), Grice himself
acknowledges a difference between belief changes
induced by trust vs. by reasons:

"Conclusion of argument: p, q, therefore r: While
U[tterer] intends that A[ddressee] should think
that r, he does not expect (and so intend) A to
reach a belief that r on the basis of U’s intention
that he should reach it. The premises, not trust in
U, are supposed to do the work" (Grice, 1989).

An arguer does not attempt to update the context
directly with a claim C (e.g. Stalnaker, 1978), or
else to set the probability of C to 1 regardless of

its predictability in the prior context. Instead, she
demonstrates that C must be so in light of some un-
controversial upstream premises R. In other words,
C is not simply true, but rather coherent with (and
so predictable from) the listener’s other beliefs.

Bayesian models of argument strength. Linguists
studying argumentation have endeavored to formal-
ize this sort of "evidential" meaning (particularly
those theorists who take it to be a primary compo-
nent of the semantics, e.g. Anscombre and Ducrot,
1983). Bayesian models have increasingly been
recruited for this purpose (Merin, 1999; Winter-
stein, 2018). Inspired by work in the psychology of
reasoning (Hahn and Oaksford, 2007; Godden and
Zenker, 2018; Oaksford and Hahn, 2004), Bayesian
models quantify the evidential contribution2 of a set
of reasons R as the extent to which the truth of R
raises the probability of C by application of Bayes’
Rule (or related measures, e.g. Good, 1950):

P (C|R) ∝ P (R|C)P (C) (2)

A tacit assumption of this model is that, to a
purely rational addressee, the most effective argu-
ment should be the one that maximizes the contex-
tual probability of the conclusion. Indeed, in explic-
itly adversarial contexts, listeners may assume that
any "better" reasons that the speaker has declined
to mention are either false or unknown (analogous
to a simple scalar implicature; Barnett et al., 2022;
Cummins and Franke, 2021). While these models
do predict “diminishing returns” when the listener’s
prior is already high, they do not predict that excess
reasons might actually count against the conclu-
sion. Divergent behavior may be attributed to a
reasoning error (Hahn and Oaksford, 2007).

Limitations of the standard model. In ordinary
conversation, though, it is unclear whether we ac-
tually stand to benefit from having the most con-
clusive evidence for all beliefs in all cases. Indeed,
as observed by Grice (1989) and numerous subse-
quent works (Barker and Taranto, 2003; Fishman
and Degen, 2023; Lai, 2012; Romero and Han,
2004; von Fintel and Gillies, 2010), affirming the
truth, certainty, evidential justification etc. of one’s
conversational contribution is always somewhat re-
dundant when Quality is guaranteed. From a prag-

2Note that a reason may be mentioned in order to eviden-
tially support a conclusion even if the reason itself is fully
redundant in the traditional sense (i.e. commonly believed
by all interlocutors), particularly when it may not be readily
accessible otherwise due to attention or memory limitations.
See Walker (1993) and Crone (2019) for related discussion.



matic perspective, then, the optimal argumentative
strategy for maximizing total information transmis-
sion would be to reserve resource intensive jus-
tifications for high-surprisal/low-probability con-
tent, where efficient methods (assertion, abstention)
would not suffice to secure agreement. Therefore,
rational speakers should provide reasons more of-
ten when the listener is predicted to disagree, and
omit their reasons more often when the listener
would probably believe the conclusion in any case.

Following Kravtchenko and Demberg (2022a,b),
we propose that rational listeners who expect this
production preference could interpret seemingly
excessive reasoning by revising their model of the
context, such that the prior probability of C would
be low enough to necessitate the argument. But un-
like the assertoric case described by Kravtchenko
and Demberg (2022a,b), in the argumentative case
we describe, the listener’s posterior belief is derived
by conditioning his prior on new evidence, not just
by agreeing with the speaker’s belief. Therefore,
any inference that reduces the contextual prior may
also adversely impact the listener’s posterior cre-
dence. In sum, when the speaker "protests too
much", the listener may infer that something is
amiss that warrants such protestations.

3 The Present Study

The objective of our study is to determine whether
listeners make inferences to rationalize evidentially
favorable but pragmatically unnecessary reasons.
We compare the predictions of two probabilistic
models: a first-order Bayesian Evidential Model,
and our novel Pragmatic Model, which embeds
a simple Bayesian inference within a higher-order
social inference about the speaker’s choice to pro-
vide evidence. We compare the models’ predictions
with respect to two research questions:

(Q1) Do listeners rationalize seemingly unneces-
sary reasons by inferring that the speaker expected
a disagreement (i.e. unfavorable prior)?

(Q2) If so, does the inference described in (Q1)
impact the listener’s posterior credence?

Reasons for action. Reasons are used in dialogue
to justify any type of conclusion on which inter-
locutors wish to coordinate: facts, preferences, ac-
tions, emotive attitudes, etc. (Mercier and Sper-
ber, 2017; Winterstein, 2018). We focus on a case
study wherein speakers provide reasons to justify
their actions ("I did A because R0...Rn"). In this
case, reasons constitute evidence for the action’s

normative goodness (deliberative or deontic status,
Alvarez and Way, 2024; Kearns and Star, 2009).
Thus, we will consider the reasons to be effective if
they cause the listener to believe that the action de-
fended by the speaker is better or more favorable3.

Notation. Let V : A × W → R be a decision-
theoretic value function, which accepts an action
a ∈ A and a possible world w ∈ W , and returns
a scalar value v ∈ V , representing how good or
favorable action a would be if the true state of the
world were w. The real numbers R comprise the
scale of values an action may take at any given
world, with the best actions approaching a value v
of ∞, and the worst actions approaching a value v
of −∞ (e.g. Jeffrey, 1983).

Let π be a probability density function represent-
ing an agent’s prior over v, the goodness of the
action described by the speaker. When π places
more probability density on low values of v, the
agent has an unfavorable opinion. He believes that
the actual world is most probably one in which V
assigns a low value v to the action a. Conversely,
when π places more probability density on high
values of v, the agent has a favorable opinion (Fig.
1). See also Achimova et al. (2025) for further
discussion on modeling opinion states in this way.

Figure 1: Some possible priors π, ranging from very unfavor-
able (red) to very favorable (purple).

Let θ be a minimum "goodness" threshold, above
which the action is considered "justified" in the
given context. The speaker produces an utterance
u aiming to convince the listener that v ≥ θ. Her
utterance u is either a non-empty set of reasons R,
or ∅ (when she forgoes the reasons entirely).

We now introduce the logic of each model from
a theoretical perspective; please refer to Appendix
A for more implementation details.

3Our basic logic is easily adapted to suit reasons for other
types of conclusion, but our experiment focuses on actions.



4 Evidential Model: "More is more"

We begin with the Evidential Model, which fol-
lows a standard Bayesian approach to argument
strength. An evidential listener updates his prior
over v (goodness of the action) in response to utter-
ance u (either a non-empty set of positive reasons
R, or ∅) via simple Bayesian conditionalization on
the available evidence. We use the notation Lπ

0 for
an evidential listener whose prior is π.

pLπ
0
(v|u) ∝ p(u|v)π(v) (3)

Since an evidential listener does not reason prag-
matically about why the speaker has chosen to pro-
vide or omit reasons, his model of the prior is unaf-
fected by her utterance choice (Q1). And as long as
the speaker’s reasons R raise the probability den-
sity function via Bayes’ theorem, the listener will
rate the action more favorably after hearing R (Q2).

Figure 2: The Evidential Model predicts that an utterance of
favorable reasons will not affect the listener’s model of the
prior, and will thus increase his posterior.

5 Pragmatic Model: "Less is more"

Our novel model predicts that reasons which evi-
dentially count in favor of a conclusion might still
pragmatically count against. We adapt the Ratio-
nal Speech Act framework (Frank and Goodman,
2012) to formalize the pragmatic reasoning.

The RSA framework. We will briefly introduce
the three main components of the RSA framework
before discussing how they can be adjusted to suit
our argumentative scenario. See Degen (2023) for
a detailed introduction.

The core intuition of the model is that pragmatic
speakers take into consideration the interpretive
process of a listener when selecting the optimal
utterance u to convey meaning m, and pragmatic
listeners likewise consider the production prefer-
ences of the speaker when inferring which meaning
m she intended by utterance u.

However, to prevent this "back-and-forth" rea-
soning between speaker and listener from running
unchecked, RSA models are grounded in a third

agent, a hypothetical "literal" listener L0, who per-
forms no pragmatic reasoning. When he hears an
utterance u, he simply eliminates all possibilities
that fail to satisfy the truth conditions of u (where
δm∈JuK = 0) and weighs all the remaining options
(where δm∈JuK = 1) according to his prior:

PL0
(m|u) ∝ δm∈JuK · PL0

(m) (4)

The pragmatic speaker S1 selects her utterance
u to minimize the literal listener’s surprisal at her
intended meaning m, while also minimizing her
production cost (i.e. conveying as much Shannon
information as possible with minimal resources, as
per section 2). The utility of an utterance, therefore,
is a tradeoff between its informativity and cost:

US1(u;m) = lnPL0(m|u)− cost(u) (5)

Rather than deterministically selecting the high-
est utility utterance every time, though, the prag-
matic speaker employs a softmax choice instead.
The temperature parameter α represents the extent
to which she maximizes her utility (if α = 0, she
chooses randomly, and as α → ∞, she always
chooses u with the highest utility).

PS1(u|m) = softmax(α · US1(u;m)) (6)

Ultimately, the pragmatic listener L1 infers
which m the speaker intended (out of a set of rel-
evant alternatives), taking into consideration both
his independent prior beliefs and the likelihood of
S1 selecting u to convey m to L0:

PL1(m|u) ∝ PS1(u|m) · PL1(m) (7)

We will now specify each of the three RSA
agents for our Pragmatic Model of argumentation.

Literal listener. First, we adjust the model to repre-
sent belief changes in response to evidence, rather
than truth-conditional meaning. Rather than up-
dating his prior with the literal semantics of the
speaker’s utterance, our literal listener should be-
have exactly like the Evidential Listener described
in (3), by simply conditioning on the proffered evi-
dence with no further pragmatic reasoning.

The posterior probability assigned by Lπ
0 to v ≥

θ (i.e. that the action is at least as good as some
threshold) can thus be computed as:

pLπ
0
(v ≥ θ|u) =

∫ ∞

θ

pLπ
0
(v|u) dv (8)

Pragmatic speaker. Following the usual RSA
setup, our pragmatic speaker S1 selects her utter-
ances according to the economy principle outlined



in section 2. She expends more resources on con-
tent that she thinks will be informative or unpre-
dictable to the listener, and less resources on con-
tent she thinks he will already believe. In our case,
the belief she aims to induce is is v ≥ θ.

If Lπ
0 ’s prior assigns low probability to v ≥ θ

as per (8), his belief in v ≥ θ can substantially
increase (his surprisal can substantially decrease)
after hearing the speaker’s reasoning. Thus, the
informativity of the reasons suffices to offset their
cost. However, if Lπ

0 is already confident that v ≥
θ, the speaker has little to gain from providing her
reasoning, and can conserve resources by omitting
it. The utility of u is given as:

US1
(u; θ, π) = ln pLπ

0
(v ≥ θ|u)− cost(u) (9)

Note that providing reasons will still have high
utility, even when the listener has a generally fa-
vorable prior opinion, if the relevant threshold θ
is also high (for example, an item must be highly
desirable to justify a large expense, but need only
be moderately desirable to justify a small expense).

S1 selects an utterance by soft-maximizing her
utility, given her desired threshold θ and the prior
belief π she expects the listener to have.

PS1
(u|θ, π) = softmax[α · US1

(u; θ, π)] (10)

Pragmatic listener. By assuming that the speaker
has chosen her utterance "rationally" (as per Eq.
10), a pragmatic listener L1 can infer which distri-
bution π she is treating as his prior. In other words,
he can infer whether the speaker expected him to
agree or disagree with her. Applying Bayes’ theo-
rem, L1 jointly infers π and θ based on his priors
over each of those, and the likelihood PS1(u|θ, π)
of S1 producing utterance u for a given π and θ.

pL1
(θ, π|u) ∝ PS1

(u|θ, π) p(θ) p(π) (11)

L1 can isolate the speaker’s model of his prior
by marginalizing over all possible thresholds θ:

pL1
(π|u) ∝

∫ ∞

−∞
pL1

(θ, π|u) dθ (12)

Since the speaker tends to give more reasons
when she expects Lπ

0 to have an unfavorable prior,
L1 tends to infer lower π’s upon hearing more rea-
sons. The speaker may have anticipated a disagree-
ment, he thinks, since she found it worthwhile to
defend herself despite the added cost (Q1).

Finally, L1 updates his posterior belief over v,
the goodness of the action, in response to the ev-
idence provided (or indeed, not provided) by the

Figure 3: The Pragmatic Model predicts that an utterance
of favorable reasons may reduce listener’s model of the prior,
and thus reduce his posterior too, depending on parameter
selection (cost, λ, etc). See Appendix A for further detail.

speaker. Here, he factors in his actual prior and the
prior he just inferred based on the speaker’s utter-
ance (i.e. π). Conditionalization from his original
prior is another simple Bayesian inference:

pLorig
1
(v|u) ∝ p(u|v) pL1(v) (13)

Conditionalization from the inferred prior is cal-
culated by applying Bayes’ theorem from each pos-
sible π , weighted by pL1(π|u), the probability the
listener assigns to that particular π (e.g. Eq. 12):

pLπ
1
(v|u) ∝

∫
π

p(u|v)π(v) · pL1
(π|u) dπ (14)

If the pragmatic listener makes a weighted tradeoff
between (13) and (14), his overall posterior is:

pL1(v|u, λ) ∝ (1− λ) p
L

orig
1

(v|u) + λ pLπ
1
(v|u) (15)

Here, the weight parameter λ determines how
much L1 weighs his original opinion vs. the opin-
ion he thinks the speaker expected him to have,
when evaluating the evidence. If the listener hears
a costly justification for an action he would oth-
erwise have found perfectly acceptable, as long
as he places enough consideration on the inferred
prior (which would be much lower than his original
prior), the evidential strength of the reasons may
not be enough to "recoup the loss." Or, in plain
terms: once the listener becomes aware that there
may be serious grounds for disagreement which
he hadn’t previously considered, the available evi-
dence may not be enough to convince him anymore.
In that case, a verbose justification may result in a
lower posterior judgment than no justification at all
(Q2, see Fig. 3).

6 Materials & Methods

Study design. We conducted a behavioral study to
adjudicate between the models. The experiment uti-
lized a 2x2 Latin square design, crossing utterance
type ∈ {NO-REASONS, REASONS} with stakes
∈ {LOW-STAKES, HIGH-STAKES}. We included



the stakes manipulation to test whether an infer-
ence arises primarily when the reasons seem un-
necessary. Utterance type was manipulated within
items; stakes was manipulated between items.

Materials. Target stimuli consisted of text message
conversations between two named characters, since
prior studies show that informativity inferences
arise more readily when the speaker is salient (Rek-
snes et al., 2024). For consistency, the speaker char-
acter’s name started with A, and the listener char-
acter’s name started with B. The speaker character
was always the "incoming"/grey-bubble character,
and the listener was the "outgoing"/blue-bubble
character, allowing the participant to assume the
perspective of the listener (Fig. 4).

In the NO-REASONS condition, the speaker sim-
ply mentions an action. In the REASONS condition,
she offers four different reasons. We opted for
these verbose justifications to ensure that their pro-
duction cost would be high enough to trigger an
inference. Each set of reasons was designed to be
internally consistent, and to strongly support the
action (to avoid a confound with the "weak evi-
dence effect", e.g. Barnett et al., 2022). Items were
approximately the same length overall, with minor
variability to maintain naturalism.

In the LOW-STAKES condition, the speaker dis-
cusses an innocuous or day-to-day action (e.g. or-
dering takeout), and provides the reasons out of the
blue. In the HIGH-STAKES condition, the action
involves a more complex or significant decision
(e.g. moving to a new apartment), where the req-
uisite threshold value θ to justify the action would
be comparatively higher, and the reasons are pro-
vided in response to indirect probing from character
B. Our goal was to distinguish between contexts
where multiple reasons feels excessive, and con-
texts where multiple reasons feels necessary.

On each of the 16 target trials, participants rated
the following on a 7-point Likert scale:

RATING1: A expected B to feel ["very unfavor-
ably" - "very favorably] about [action].

RATING2: Now, B will feel ["very unfavor-
ably" - "very favorably"] about [action].

The first rating probes Q1: do seemingly unnec-
essary reasons generate an inference that speaker
expected the listener to have an unfavorable prior?
The second rating probes Q2: does recognition of
that expectation undercut persuasiveness?

Participants also saw 4 attention checks, where
they were asked to responded to rating scale ques-

Figure 4: Sample dialogue in the REASONS condition, for
HIGH-STAKES (left) and LOW-STAKES (right) actions

tions about explicitly stated opinions. Refer to
Appendix B for sample trials and attention checks.

Participants. 60 native English speakers from the
US or UK were recruited on Prolific for the study.
All participants passed the attention checks, so they
were all included in the analysis. The survey took
a median of 17 minutes, 52 seconds to complete,
and participants were compensated £5.00.

Procedure. The survey was hosted online on
Qualtrics. Participants first read an information
sheet and consented to participation, and confirmed
their Prolific ID and native-speaker status. They
were then instructed to read each set of messages
closely and reason about the characters’ beliefs.

Participants were randomly assigned to one of
two stimulus lists, with 4 trials in each of the 4
conditions. Each item appeared only once per list.
With 4 attention checks, participants saw a total of
20 trials in random order. Each trial appeared on
a separate page, and participants were required to
complete both ratings before advancing. At the end
of the survey, participants were asked to provide
feedback and guess what the experiment was about.

7 Results

Model selection. Analysis for the Likert rating
questions was conducted with a Bayesian cumula-
tive logit model, as is best practice for ordinal data
(Bürkner and Vuorre, 2019). We used the R (R
Core Team, 2021) package brms (Bürkner, 2017)
with default priors. The fixed effects were utter-
ance type, stakes, and their interaction, treating
NO-REASONS and LOW-STAKES as the baselines,
with random effects for PARTICIPANT and ITEM.

Q1: Reduction of the prior. The first Likert rat-
ing (A expects B to feel...) targets Q1: whether
participants would rationalize the speaker’s choice



to provide detailed justification by inferring that
she expected the the listener to disapprove other-
wise. Responses are plotted in Figure 5. The model
identified a credible main effect of REASONS (β
= -0.77, 95% CI -1.09, -0.43), indicating that the
inferred prior was lower in the REASONS condition
for LOW-STAKES actions. A credible interaction of
REASONS with HIGH-STAKES (β = 0.83, 95% CI
0.35, 1.30) reversed the main effect entirely.

These results support the Pragmatic Model,
which predicts that a speaker’s production of seem-
ingly unnecessary reasons signals that she expected
the listener to have an unfavorable prior (i.e. he
would need to be convinced to share her opinion).
No inference is required when reasons are neces-
sary to obtain the relevant threshold. The Eviden-
tial Model instead predicts no effect for either type
of action, since the listener does not reason about
the speaker’s choice to justify in either case.
Q2: Reduction of the posterior. The second rat-
ing (Now, B will feel...) targets Q2: whether higher-
order inferences about why the speaker felt that
reasons were necessary would mitigate their effec-
tiveness in persuading the listener. Responses are
plotted in Figure 6. There was no credible effect
of REASONS for LOW-STAKES items. However,
there was a credible interaction between REASONS

and HIGH-STAKES (β = 0.75, 95% CI 0.28, 1.22),
meaning that the reasons improved the posterior
favorability ratings only for high-stakes items. Fur-
ther, there was no credible main effect of stakes,
indicating that LOW- and HIGH-STAKES items were
rated about the same when reasons were absent.

Listeners’ posterior favorability ratings were
never credibly lower in the presence of reasons.
Since there is no clear evidence that verbose argu-
mentation can be less persuasive than no argumen-
tation whatsoever (which only the Pragmatic Model
can predict qualitatively), we cannot conclusively
rule out the Evidential Model for Q2. Nevertheless,
the results seem amenable to a pragmatic analysis.
While HIGH and LOW-STAKES items received simi-
lar ratings with no reasons, only the HIGH-STAKES

decisions were judged more favorably with reasons.
Conversely, participants judged the LOW-STAKES

actions about the same when given multiple posi-
tive reasons, and when given no reasons at all.

Since no reduction of the prior was observed for
HIGH-STAKES items, the evidential strength of the
reasons yielded a net increase in the posterior. By
contrast, since a reduction of the prior was observed
for LOW-STAKES items, the evidential strength of

Figure 5: Responses to Q1. Prior favorability ratings reduced
when reasons were provided for low-stakes actions. The effect
was entirely reversed in the interaction with high-stakes.

Figure 6: Responses to Q2. Posterior favorability ratings were
unchanged when reasons were provided for low-stakes actions.
However, ratings credibly increased in the interaction with
high-stakes.

the reasons might have been sufficient to "recoup
the loss", but insufficient to further improve the pos-
terior. In other words, the evidential and pragmatic
reasoning may have effectively canceled out, result-
ing in no net gain to the posterior for LOW-STAKES

items. See Appendix C for detailed results.

8 Discussion
In this study, we set out to explain why unnecessary
argumentation sometimes seems suspicious. This
intuition seems contrary to basic principles of ratio-
nal belief revision, which predict that agents should
only become more confident of a conclusion, when
they have access to more evidence in favor of it.
We proposed that this effect might be produced
by social reasoning about the expected behavior
of an efficient communicator. Adapting the RSA
framework, we provided a pragmatic account of
the "protest too much" effect, and tested the predic-
tions of our model against a first-order Bayesian
model. The study confirmed our prediction that
seemingly unnecessary reasoning can signal to a
listener that the speaker expected a disagreement,
and suggests that this inference might diminish the



persuasiveness of the reasons as well.
However, the inference we observed from redun-

dant reasons was not strong enough to result in
a net reduction of the posterior, which our RSA
model predicts is possible under certain circum-
stances. Furthermore, there are surely many other
factors which could prevent a protest-too-much in-
ference from arising, and many other inferences
besides the one we investigated which might serve
to "rationalize" superfluous arguments. Here we
will outline some avenues for further study, which
could address these open issues.
Binary vs. scalar utterance choice. In this initial
study, we simplified the set of utterances a speaker
could provide to a binary choice (i.e. either an
argument, or no argument). This simplification
may have prevented us from observing a robust
"non-monotonicity" effect in the listener’s poste-
rior credence. As suggested by some participants
in the free-text response, it may be difficult to make
an explicit value judgment of an action in an ex-
perimental context with no additional information
(even if that action would not require justification
in a casual conversation). If the NO-REASONS con-
dition was actually perceived as underinformative,
the "optimal" number of reasons might be some-
where between 1 and 4, and not 0. A larger follow-
on study testing a range of argument lengths might
elicit the "non-monotonicity" effect that did not
conclusively arise in this smaller experiment.

Speaker-specific adaptations. The stakes manipu-
lation that we included in this experiment, which
suppressed the informativity inference as predicted,
is only one of many manipulations which might pre-
vent listeners from making an inference in response
to extensive reasoning from a speaker. Another pos-
sibility, of course, is that some people are just more
talkative than others. Listeners are frequently sen-
sitive to the production preferences of individual
speakers (Schuster and Degen, 2020), not just gen-
eral expectations for "rationality." In sentence com-
pletion tasks conducted by Reksnes et al. (2024),
participants anticipated "over-informative" continu-
ations more frequently from speakers whose overall
style was more redundant. So for a particularly lo-
quacious speaker, an inference may not be required
to make sense of a verbose justification.

In addition to the speaker’s individual attributes,
we expect that listeners may also be sensitive to
social factors. For example, Beltrama and Schwarz
(2025) have shown that sociolinguistic personae

such as "Nerdy" (associated with precise speech)
and "Chill" (associated with imprecise speech) can
affect pragmatic interpretation of round numbers; it
seems plausible that similar factors may be at play
when interpreting discourses with meticulously
granular reasoning. Future studies should also con-
sider the effects of testimonial injustice (Fricker,
2007), the systematic discounting of evidence pro-
duced by certain social groups. Indeed, McCready
and Winterstein (2019) show experimentally that
evidence produced by women may be perceived as
less reliable than evidence produced by men.

“Virtue-signaling” and other inferences. In their
responses to the free-text question, two participants
mentioned that the speaker sometimes seemed to be
"virtue-signaling”; these comments draw attention
to another inference which might serve to rational-
ize superfluous argumentation. The speaker might
have chosen to justify her action because she hopes
to be perceived as extraordinarily virtuous, dili-
gent, etc., and not (just) because she fears she may
be perceived as insufficiently reasonable otherwise.
There are surely many more inferences that might
arise in response to fluctuations in information rate,
which may be identified in future studies.

9 Conclusion

The cooperative principle has long been essential
to the study of pragmatics, but in recent years,
there has been a surge of interest in expanding
Grice’s insights to mixed-motive and noncooper-
ative communication (Cummins, 2025). Much of
this work investigates whether and why "classic"
inferences arise in low-trust contexts (where the
status of the cooperative principle is unclear; Asher
and Lascarides, 2013), and how speakers utilize
implicature, vagueness, presupposition, etc. to pur-
sue adversarial goals (Cummins and Franke, 2021;
Franke et al., 2020; Meibauer, 2014). Our work
contributes a new perspective to this growing liter-
ature, demonstrating how pragmatic models might
be harnessed to explain intuitive judgments that
cannot be accounted for by other theories of trust
and rationality.

Limitations

Our study faces a number of limitations in terms
of its theoretical claims, empirical methods, and
modeling choices. As discussed in section 8, the
inference we describe is surely defeasible by nu-
merous contextual factors, and our findings are sig-



nificantly constrained by the “verbose argument”
vs “no argument” experimental setup. A larger
study with additional conditions and participants
is required to support our hypothesis more conclu-
sively. Finally, a more robust quantitative fit of
our model to the empirical data will require further
norming studies to estimate, e.g., the likelihood
of each individual reason used in each stimulus,
and p(θ), the listener’s prior over the justification
threshold for each action.
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A Appendix: Model implementation

In section 5, we introduced the logic of our Rational
Speech Act model from a theoretical perspective.
Here, we will provide some further details on how
we generated the simulations.

Speaker utterance choice. While the basic logic
of our model places no restrictions on the set of rea-
sons the speaker might produce, we ran our simula-
tions to match the constraints of our experimental
setup, where only two utterances are possible: NO-
REASONS (u = ∅), and REASONS (u = R), where
R represents the set of four reasons. In realistic di-
alogues, intermediate arguments are also possible.
Our model is equipped to handle those cases too,
once we have the empirical data to match.
Priors. The literal listener’s prior π over v may,
conceivably, be any probability density function.
To make our simulations tractable, though, we re-
stricted the set of possible priors to Gaussian dis-
tributions over v, as parameterized by mean µ and
standard deviation σ, i.e. π(v) = N (v;µ, σ2).
Gaussian distributions can reasonably approximate
agents’ opinion states: the mean represents the ex-
pected value v assigned by the agent to an action
(i.e. his overall judgment), and the standard devia-
tion represents how confidently he holds that opin-
ion. Figure 1 shows some possible Gaussian priors,
representing a range of opinions from (approxi-
mately) "very unfavorable" to "very favorable". We
modeled the continuous and unbounded Gaussian
distributions using a grid approximation.
Likelihood. Since the purpose of our study is to
show that evidentially favorable reasons might still
backfire due to a pragmatic inference, we simulated
the Bayesian likelihood p(R|v) using an exponen-
tial function ev/2. This likelihood function always
raises the posterior from a Gaussian prior, thus rep-
resenting the effect of a "positive" or "favorable"
reason. While this approach delivers the correct
qualitative behavior, a norming study that empiri-
cally estimates the likelihood for each individual
reason is required for a true quantitative fit of our
model to the data.
Evidential/literal listener. Figure 2 shows a sim-
ple Bayesian update for a literal listener whose
prior is a Gaussian distribution with µ = 5 and
σ = 2. His opinion becomes more favorable af-
ter hearing the reasons, even though his prior was
already fairly favorable.
Pragmatic speaker. Figure 7 compares the speaker
utility US1 of each utterance, R and ∅. The util-
ity of each utterance depends crucially on what
the speaker takes to be the listener’s prior π(v) =
N (v;µ, σ2). When the listener presumably has an
unfavorable prior, R has high utility, since the rea-
sons’ high informativity offsets their cost. When
the listener presumably already has a favorable
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prior, the reasons are not informative enough to be
worth the added cost, and ∅ has higher utility.

Figure 7: Comparing the utility of R and ∅, for each possi-
ble prior the listener might have (with each π modeled as a
Gaussian parameterized by µ and σ). The reasons utterance
has a higher utility when the listener has a lower prior (blue).
The null utterance has a higher utility when the listener has a
higher prior (red).

Figure 7 plots the utilities given a threshold value
θ = 3, an utterance cost of 1.5 for the reasons
utterance, and a softmax rationality parameter α =
1. Bear in mind that u = R will "survive" at higher
priors when the cost is lower, or when the threshold
is higher. Likewise, u = ∅ will overtake the reasons
at lower priors when the cost is higher, or when the
threshold is lower.

Pragmatic listener. Here, the pragmatic listener
infers which prior π(v) = N (v;µ, σ2) the speaker
expected him to have. Figure 8 shows the proba-
bility assigned by the pragmatic listener to each
possible π, as computed by Eq. 11 and 12. For this
computation, we selected a uniform distribution for
p(θ), the prior over θ. We decomposed the hyper-
prior over π into p(µ) · p(σ). Since we used µ = 5
and σ = 2 for the listener’s "original" prior, we set
p(µ) = N (5, 102) and p(σ) = N (2, 22) for the
hyperprior p(π).

Figure 8: Assuming that the speaker has selected her utterance
"rationally", the pragmatic listener is more likely to infer a
lower π than a higher π upon hearing verbose reasoning. This
inference is constrained by his priors over θ and π.

Recall that the pragmatic listener may take into con-
sideration some combination of his original prior
and the pragmatically reduced prior when condi-

tioning on the evidence. In Figure 3, we chose
λ = 1, thus placing maximal weight on the in-
ferred prior. Thus, the reasons fail to recover from
the pragmatic inference. However, for lower values
of λ, the reasons may still be enough to recover the
original prior; indeed, when λ = 0, the Pragmatic
Model predicts the same posterior as the Evidential
Model.



B Additional materials

Figure 9: Sample Likert rating scale questions.

Figure 10: Sample LOW-STAKES context stimuli in NO-REASONS and REASONS conditions.



Figure 11: Sample HIGH-STAKES context stimuli in NO-REASONS and REASONS conditions.

Figure 12: Sample attention checks.



C Full results

Predictor Estimate Std. Error 95% CI Lower 95% CI Upper
REASONS -0.77 0.17 -1.09 -0.43
HIGHSTAKES 0.19 0.66 -1.12 1.52
REASONS:HIGHSTAKES 0.83 0.24 0.35 1.30

Table 1: Log-odds coefficients from the Bayesian ordinal model of Q1. A credible main effect of REASONS, moderated by a
credible interaction with HIGH-STAKES, is observed.

Predictor Estimate Std. Error 95% CI Lower 95% CI Upper
REASONS 0.15 0.17 -0.20 0.50
HIGHSTAKES 0.25 0.76 -1.25 1.79
REASONS:HIGHSTAKES 0.75 0.24 0.28 1.22

Table 2: Log-odds coefficients from the Bayesian ordinal model of Q2. A credible interaction of REASONS and HIGH-STAKES is
observed.
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