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Abstract

Bayesian models of argument strength predict
that a rational agent’s belief in a claim should
increase monotonically when more reasons are
provided in favor of it. This study investigates
a competing prediction: in natural language di-
alogues, arguments may feel weaker when too
many reasons are provided. Extensive prior ex-
perimental evidence shows that listeners expect
speakers to produce informative utterances, and
will make inferences to rationalize perceived re-
dundancies. We propose that pragmatic speak-
ers prefer to produce “informative" reasons that
significantly raise a literal listener’s credence
from a disbelieving prior. If this is so, a prag-
matic listener may interpret seemingly super-
fluous reasons by inferring that the speaker ex-
pected him to be skeptical. Using the Rational
Speech Act framework, we develop a pragmatic
model of argument strength that predicts the
latter inference, and present a behavioral exper-
iment which partially confirms its predictions.

1 Introduction

Trustworthiness and explainability are intuitively
related notions. The “explanation” relation holds
between a primary discourse segment, and a sec-
ondary segment from which it is inferrable (Kehler,
2002). In argumentative discourses, speakers use
explanations to negotiate the acceptance of contro-
versial propositions: the role of a “reason” in these
cases is to reduce or eliminate the need for trust
among interlocutors by making the target content
easier to infer from the listener’s accepted beliefs
(Mercier, 2020). It seems evident that listeners
are more likely to accept— and perhaps, are more
epistemically justified in accepting (Sperber et al.,
2010)- beliefs that are more thoroughly explained
(by a human or an LLM). This analysis is predicted
by a number of psychological models of argument
strength (Oaksford and Hahn, 2004) and forms the
conceptual core of “chain-of-thought” reasoning
(Wei et al., 2022).
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We present a behavioral study and a probabilis-
tic pragmatic model that may challenge the latter
assumption: explanations may actually be judged
as less trustworthy when they are redundant (“the
lady doth protest too much!”). We suggest that this
effect is predicted by rational theories of language
use (Frank and Goodman, 2012; Grice, 1989). In
order to maximize information exchange under cog-
nitive constraints, pragmatic speakers tend to avoid
mentioning predictable information. Listeners ex-
pect this production preference, and can adjust their
model of the context to “rationalize” perceived re-
dundancies (Kravtchenko and Demberg, 2022). For
example, “Alice went to the grocery store... she
paid the cashier!” can generate an inference that
Alice doesn’t reliably pay for groceries.

If speakers are similarly pragmatic when justify-
ing beliefs with reasons, a costly explanation would
only be worthwhile when the conclusion is particu-
larly improbable or difficult to reconcile with the
listener’s other beliefs. Then, if listeners rational-
ize excess reasons by assuming that the speaker
expected a disagreement, reasons that evidentially
count in favor of the conclusion could pragmati-
cally count against it.

2 Model

We develop a pragmatic model of over-explanation
using the Rational Speech Act framework (Frank
and Goodman, 2012). We focus our study on rea-
sons for actions, using stimuli in the form “I did
[action] because [reasons]".

2.1 Notation

We model the listener’s belief state as a beta distri-
bution on the interval O € [0; 1], parameterized by
mean 4 and fixed sample size. Lower values of O
are assigned to less favorable or preferable actions,
and higher values of O to more favorable or prefer-
able actions. Therefore, a distribution with higher



probability on lower values of O corresponds to an
unfavorable opinion, and a distribution with higher
probability on higher values of O corresponds to a
favorable opinion.

2.2 Literal Listener

The model is standardly grounded in a literal lis-
tener Ly who performs no pragmatic reasoning. He
updates his beliefs simply by conditionalizing on
the reasons R in a straightforward application of
Bayes’ theorem:

Py (O|R) x Pyy (RIO) - Py (O) ()

We use the notation Lg for a literal listener
whose prior has mean .

2.3 Pragmatic Speaker

A pragmatic speaker Si’s objective is to maxi-
mize the informativity of her utterance, while min-
imizing its cost (Eq. 3). The informativity is
given by the log probability (negative surprisal)
that the listener assigns to favorable opinions (i.e.
Ppe(O > 6), for some threshold 6).
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Since longer explanations have higher produc-
tion cost, the speaker prefers to provide many rea-
sons only when she assumes she is talking to a
literal listener with an unfavorable prior (low p).
The reasons would significantly increase the proba-
bility of obtaining the threshold in that case. If she
thinks the literal listener already has a favorable
prior, the informativity of the reasons is negligible,
so it is more economical for her to omit them.

The speaker selects an utterance by softmax-
optimizing her utility:

Ps, (R|0, u) = softmax(« - Ug, (R; 0, 1)) 4)

2.4 Pragmatic Listener

By assuming utility-maximizing behavior from Sy,
the pragmatic listener Lg can infer which distribu-
tion S7 must be treating as Lg’s prior. He performs
a joint inference (Eq. 5) on 6 and p: the opinion
S is trying to induce, and the opinion she expects
Ly to have, respectively. He marginalizes out 6 to
infer u (Eq. 6).

Pr, (0, u|R) < Ps, (R0, p) - P(0) - P(1) ©)
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Since 57 is more likely to produce a long ex-
planation when she expects an unfavorable prior
w, Ly tends to infer lower values of p when he
hears longer explanations. He performs the final
Bayesian update from an adjusted prior computed
as a weighted average over all possible p:

1
Pr,(O|R) < [ P(R|O)- Ppu(0)- Pr, (u|R) dp (7)
0 —_————

Conditionalization Prob. of prior

Since longer explanations induce lower values
of y, the evidential strength of the reasons may not
be sufficient to recover from the reduction of the
prior, resulting in the “backfire" effect.

3 Methods

60 participants were recruited for a behavioral
study to test the model’s predictions. Stimuli
consisted of text-message dialogues, in which the
speaker either explained (long-4R) or did not ex-
plain (null-OR) a typical or atypical action. For
the “atypical” items, the listener also prompted the
speaker to elaborate, creating a context where mul-
tiple reasons would be expected/informative. Us-
ing a 7-point Likert scale, participants responded
to two questions.

* RQ1: How favorably did the speaker expect
the listener to feel about the action? (i.e. )

* RQ2: How favorably will the listener actually
feel? (i.e. L1’s posterior P(O|R)).

In the four-reasons condition, participants were
also asked to complete a free-text response, asking
why the speaker chose to explain herself. Sample
trials can be found in the appendix.

4 Results
4.1 Model selection

Analysis for the Likert rating questions was con-
ducted using a Bayesian cumulative logit model
for ordinal data, using the R (R Core Team, 2021)
package brms (Biirkner, 2017) with default priors.
The fixed effects included REASONS (null-OR vs
long-4R), ACTIONTYPE (typical vs atypical), and
their interaction, treating null-OR and typical as the
baseline conditions. To account for participant and
item-level variability, random effects for PARTICI-
PANT and ITEM were also included.



4.2 RQI1: Reduction of the prior

The first Likert rating question targets RQI,
whether listeners rationalize over-explanation by
inferring that the speaker expected an unfavorable
prior. Responses are plotted in Figure 1.

The model identified a credible main effect of
REASONS (8 =-0.77, 95% CI -1.09, -0.43), indi-
cating less favorable expected priors when more
reasons were given. There was also a credible inter-
action of REASONS with ACTIONTYPE (/3 = 0.83,
95% CI 0.35, 1.30) reversing the main effect en-
tirely for atypical actions. There was also no credi-
ble effect of ACTIONTYPE, indicating that typical
actions were not consistently rated higher or lower
in favorability than atypical actions in the null-OR
condition. Results of the models are summarized
in Table 1.

These results are in keeping with the pragmatic
model. Participants rationalized the speaker’s de-
cision to provide superfluous reasons by inferring
that the speaker expected the listener to have an un-
favorable prior (i.e. he would need to be convinced
to share her opinion).

4.3 RQ2: Reduction of the posterior

The second Likert rating question targets RQ2:
whether higher-order inferences about why the
speaker felt an explanation was necessary would
mitigate its effectiveness is persuading the listener.
Responses are plotted in Figure 2.

There was no credible main effect of REASONS
for typical actions. However, there was a credible
interaction of REASONS with ACTIONTYPE (5 =
0.75, 95% CI 0.28, 1.22), meaning that the reasons
improved the posterior favorability ratings only for
atypical actions. There was still no credible main
effect of ACTIONTYPE, indicating both action types
were rated similarly in the null-OR condition. Re-
sults of the models are summarized in Table 2.

The listeners’ posterior favorability ratings were
never credibly lower in the long-4R condition than
in the null-OR condition. However, these results
still support a pragmatic analysis. While typical
and atypical actions received similar ratings with
no reasons, the reasons significantly increased the
rating of the atypical actions. Since no reduction of
the prior was observed for those items, the eviden-
tial strength of the reasons yielded a net improve-
ment in the posterior. By contrast, since a reduction
of the prior was observed for typical actions, the
evidential strength of the reasons was enough to
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Figure 1: Responses to Q1. Prior favorability ratings
reduced when reasons were produced for typical actions.
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Figure 2: Responses to Q2. Posterior favorability rat-
ings increased only when reasons were provided for
atypical actions.

recover the prior, but not enough to show a net
increase in the posterior.

5 Discussion

In this study, we set out to explain the intuition
that arguments sometimes seem weaker when more
reasons are provided. This intuition seems to con-
tradict basic principles of rational belief revision,
which predict that argument strength should in-
crease monotonically as additional favorable evi-
dence becomes available. We proposed that this
effect might be produced by social reasoning about
the expected behavior of an efficient communicator,
which we modeled using the RSA framework.

Our experiment confirmed that listeners do in-
deed make inferences about speakers’ motivations
for providing reasons, and that those inferences do
diminish the evidential effect of the reasons on lis-
teners’ posterior beliefs, compared to cases where
the inference is absent. However, the inference we
observed from redundant reasons was not strong
enough to result in a net reduction of the posterior,
which the RSA model had predicted.



Limitations

Although our results show that listeners rationalize
redundant reasons by inferring that the speaker ex-
pected a disagreement, and that this inference can
negatively impact argument strength, there is no
evidence for true “non-monotonicity” (i.e. the pos-
terior was not credibly lower in the four-reasons
condition than the zero-reasons condition). Fur-
ther, as with most RSA designs, the model’s abil-
ity to predict the data is highly dependent on the
choice of parameter values, in particular the utter-
ance cost and likelihood. Additional norming will
be required for empirically motivated parameter
selection.
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How's the apartment hunting going? Have

you decided on a place yet?

Hey Bill
" E—J
o L |just signed my lease yesterday!

< 0 o (h Tell me more! Which place did you end up

Adam choosing?

How's the apartment hunting going? Have | picked the one on Grove St
you decided on a place yet? T e e
know how we managed that deal
Hey Bill
And the location is great too, right by the
| just signed my lease yesterday! bus stop so my commute is easier

And also, I'll have a dishwasher and in-unit
Tell me more! Which place did you end up laundry for the first time in my life

choosing?

And it's got so much counter space too,

| picked the one on Grove St ot ng

Figure 3: Sample atypical stimuli in the null-OR and long-4R conditions.
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Hey Blake

nah I'm just staying home
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So do you have any fun plans for the

weekend?

X

Hey Blake
nah I'm just staying home

Because |'ve been so busy at work and
need the weekend to decompress

And |'ve barely been getting any sleep
lately so I'd prefer to catch up while | can

And I'd rather save money, going out is so
expensive in this city

And also, I'm hoping to get some cleaning
done, the mess has built up a bit too much

Figure 4: Sample typical stimuli in the null-OR and long-4R conditions.



First, before sending the texts, did ABBY expect BRITTANY to view her
decision unfavorably, or favorably?

Neither
Very Somewhat unfavorable Somewhat
unfavorable Unfavorable unfavorable nor favorable favorable Favorable
Abby expected Brittany to feel... O O O O O O

Now, will BRITTANY think ABBY made a good choice?

Neither
Very Somewhat unfavorable Somewhat
unfavorable Unfavorable unfavorable nor favorable favorable Favorable
Brittany will feel... O O O O O O

Figure 5: Sample trial.
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Predictor Estimate Std. Error 95% CI Lower 95% CI Upper

LONG4R -0.77 0.17 -1.09 -0.43
ATYPICAL 0.19 0.66 -1.12 1.52
LONG4R:ATYPICAL 0.83 0.24 0.35 1.30

Table 1: Log-odds coefficients from the Bayesian ordinal model of RQ1. A credible main effect of REASONS,
moderated by a credible interaction with ACTIONTYPE, is observed.

Predictor Estimate Std. Error 95% CI Lower 95% CI Upper
LONG4R 0.15 0.17 -0.20 0.50
ATYPICAL 0.25 0.76 -1.25 1.79
LONG4R:ATYPICAL 0.75 0.24 0.28 1.22

Table 2: Log-odds coefficients from the Bayesian ordinal model of RQ2. A credible interaction of REASONS and
ACTIONTYPE is observed.
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