Do Large Language Models Adapt Politeness Like Humans?
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Abstract

Polite language production involves balancing
strategic success with local convention, but
these pressures are difficult to separate in nat-
ural interaction. We therefore examine them
in an artificial-language request game, where
one marker increased request acceptance and
another appeared more often in other speakers’
requests. Humans and LLMs completed the
same task under goals to maximize acceptance,
match local usage, or produce a natural and ap-
propriate request. For both humans and LLMs,
a policy-mixture model combining payoff- and
exposure-sensitive policies provided the best
overall predictive fit. However, their baseline
behavior differed. Human baseline behavior
fell between the strategy and convention con-
ditions, suggesting sensitivity to both payoff
and local usage. LLMs shifted toward local
usage under the convention goal, but their base-
lines remained closer to the strategy condition.
These results show that human and LLM behav-
ior is sensitive to both payoff and local usage in
polite production, but that LLM baselines are
more payoff-oriented. Code, data, and materi-
als are all available at ) emnlp2026-politeness.

1 Introduction

Evaluation of large language models (LLMs) has
moved beyond text generation toward pragmatic
language use (Ma et al., 2025). Existing pragmatic
benchmarks have focused primarily on interpreta-
tion, asking whether models can recover context-
dependent meanings (Sravanthi et al., 2024). Yet
pragmatic competence also involves production:
speakers must choose utterance forms that are ap-
propriate to the communicative context and adjust
those choices as interaction unfolds (Kandra et al.,
2025). Although prior work has evaluated LLMs in
social-pragmatic settings using free-form produc-
tion (Wu et al., 2024), such evaluations still leave it
difficult to isolate pragmatic adaptation from task
framing, lexical choice, or model-specific behavior.

Polite production is a useful test case because it
combines two empirically overlapping pressures.
Strategic accounts treat politeness as a way to man-
age social risk and increase the acceptability of
delicate speech acts (Brown and Levinson, 1987).
Conventional accounts instead emphasize appropri-
ateness shaped by social expectations and repeated
form-context associations (Terkourafi, 2015). For
example, please has been analyzed not only as face-
threat mitigation but also as a conventional polite-
ness marker whose function varies across English
varieties (Murphy and De Felice, 2019). Because
both pressures are learned through interaction, po-
lite language use is adaptive, requiring speakers to
learn which forms maximize communicative utility
and which follow local conventions (Tang, 2024).

For LLMs, the challenge is not simply whether
behavior changes over interaction, but how those
changes relate to different sources of evidence.
LLMs can learn from dialogue-game feedback
(Horst et al., 2025) and form shared conventions
in repeated multi-agent interaction (Ashery et al.,
2025). However, adaptive behavior need not match
human pragmatic adaptation: LLMs can overgener-
alize particular politeness strategies across contexts,
such as relying on negative politeness even where
humans prefer rapport-building strategies (Zhao
and Hawkins, 2025). We therefore ask: when
strategic and conventional evidence reliably favor
different forms, do LLMs show the same pattern of
sensitivity to these sources as human speakers do?

We address this question with matched repeated-
interaction request games for humans and LLMs.
Both use a small artificial language to request ob-
jects from an alien partner. The design dissociates
two evidence sources: one marker is more likely
to be accepted, while another appears more often
in other speakers’ requests. We manipulate which
source participants and LLMs are encouraged to
prioritize. The strategy condition asks them to max-
imize acceptance, the convention condition asks
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them to match local usage, and the baseline con-
dition asks them to produce a request that feels
natural and appropriate. We then compare compu-
tational models based on strategic payoff, conven-
tional exposure, or both. For models using both
sources, we compare an additive model that com-
bines payoff and exposure before deriving choice
probabilities, whereas the policy-mixture model
instead mixes source-specific choice distributions.

Our results show that the policy-mixture model
provides the best overall predictive fit for both hu-
mans and LLMs, suggesting sensitivity to both pay-
off and exposure. Goal instructions shift behavior
in both groups: maximizing acceptance increases
payoff-sensitive production, while matching local
usage increases exposure-sensitive production. The
key difference emerges in the baseline condition.
When asked to produce a natural and appropriate
request, human choices reflected both payoff and
exposure, whereas LLLM choices remained closer
to the acceptance-maximizing condition. Thus, hu-
mans and LLMs responded similarly to explicit
goal instructions, but LLMs’ baseline choices re-
mained more strategy-like than those from humans.

This paper makes the following contributions:

* We design an experiment on polite production
that separates strategic success from local con-
vention, enabling us to measure how speakers
adapt to each source over repeated interaction.

* We provide controlled evidence that human
polite production is sensitive to both strategic
payoff and local usage, and characterize this
balance using multiple computational models.

* We use human behavior as a benchmark for
LLM adaptation, while systematic deviations
show which aspects of human pragmatic adap-
tation LLMs reproduce and which they miss.

2 Related Work

Work on politeness distinguishes strategic and
conventional pressures on form choice. Rational
Speech Act models treat politeness as goal-directed
social reasoning (Yoon et al., 2020). Convention-
alization accounts instead link politeness to re-
peated associations among forms, contexts, and
speakers’ experience (Terkourafi, 2015). Yet po-
lite forms may combine conventionalized mean-
ings with strategic use rather than fit one category
(Terkourafi, 2024). These accounts have less of-
ten separated the evidence supporting each source.

This matters in repeated interaction, where speak-
ers learn which forms succeed and which recur in
local usage. Over time, these patterns can stabi-
lize into local conventions (Hawkins et al., 2020).
Experimental work shows that politeness markers
track communicative success and social expecta-
tions (Gretenkort and Tylén, 2021), while social-
network models examine both pressures in repeated
request acts (Tang, 2024). Together, these studies
show that both pressures shape polite production,
but do not distinguish payoff feedback from local
exposure as distinct evidence sources in interaction.

A similar evidence-source gap appears in LLM
pragmatics. Studies have examined pragmatic pro-
duction or adaptation during interaction. On the
production side, comparisons with humans reveal
similarities and systematic differences, including
reference-game preferences relative to Rational
Speech Act speaker predictions (Jian and Siddharth,
2024) and polite free production, where highly
rated LLM responses use politeness strategies dif-
ferently from humans (Zhao and Hawkins, 2025).
On the interaction side, LLMs can align syntactic
choices with a conversational partner (Kandra et al.,
2025) and exhibit broader linguistic convergence,
sometimes more strongly than humans (Blevins
et al., 2026), but may fail to adjust production spon-
taneously despite interpreting adapted language in
context (Hua and Artzi, 2024). In short, LLMs can
produce pragmatic language and adapt over inter-
action, but this does not show whether their polite
production exhibits the same sensitivity to strategic
and conventional evidence as humans’ production.

To address this question, analyzing LLM behav-
ior alone is not enough. Frank (2023) argues that
LLM evaluation should use psychological methods
to characterize the abstractions reflected in model
behavior, rather than only task success. This is
important for social and pragmatic abilities, where
human baselines can show whether similar per-
formance depends on different aspects of the task
(Jones et al., 2024b). Work on language grounding
makes a similar point: models may have access to
relevant information without showing human-like
sensitivity to it (Jones et al., 2024a). This is di-
rectly relevant to pragmatic production, where sim-
ilar utterances can arise under different patterns of
sensitivity to contextual evidence. A matched com-
parison can therefore ask not only whether LLMs
change over interaction, but whether their adapta-
tion shows the same sensitivity to payoff feedback
and local exposure as observed in human behavior.



ALIEN

Modi zora tokozo pubine pagu. Pagu zora 180 gopu. Wiri modi pubine dapori pagu.

I have the silver to give you. You have 180 seconds. Convince me to give it to you.

(previous interaction history) GLOSSARY
OTHER SPEAKERS Alienese English Alienese English
ALEX Pubine modi tokozo na. a1
Give me the silver [conventional marker]. :lno ! . pagti you
L. apori 1t yenu no
EMILY Modi bihega tokozo te. gore need  bihega want
I want the silver [strategic marker]. pubine give nobidu take
JAMES Modi bihega tokozo. zora have te politeness marker
I want the silver [unmarked]. gopu second wiri convince
maki  say dede point
PARTICIPANT mosa  pass kuse bronze
(request in Alienese) tokozo silver saka gold
dozo ruby pikani diamond

Figure 1: Example trial. Interaction history was participant-visible; translations and bracketed labels are reader aids.

3 Experiments

We designed a repeated artificial-language request
game, following prior work using alien-language
interactions to study politeness marker adoption
(Gretenkort and Tylén, 2021).! Our design sepa-
rated two sources of pragmatic evidence: whether
a form helps requests succeed and how often it
is used by other speakers. One marker increased
request acceptance, while another appeared more
often in other speakers’ requests. Human and LLM
experiments had the same feedback and exposure.

3.1 Procedure

Participants were shown a glossary of 20 alien
words, including object nouns and request expres-
sions, with English translations. The glossary re-
mained available throughout the game. The glos-
sary also included the strategic marker e, explicitly
labeled as a politeness marker. The conventional
marker na was not listed in the glossary, so it could
only be inferred from observed use. This asymme-
try separated the two evidence sources because the
strategic marker had to be identifiable for people to
learn its value, while evidence for the conventional
marker had to come from local community usage.

The game consisted of 30 trials in three blocks.
Participants could view the interaction history from
previous trials, including their own requests and
acceptance feedback. On each trial, an alien intro-
duced an item, and three robot speakers produced
requests for it (Figure 1). Each request was either

'The preregistration for this study can be accessed on OSF.

bare or marked with the strategic marker te or the
conventional marker na. Each block contained two
trials for each of the five items. Across those two
trials, participants saw six robot requests for that
item: one bare request, one te request, and four na
requests. These six requests were randomly split
across the two trials and assigned to the three robot
speakers. Therefore, a trial could contain repeated
forms, but every participant received the same over-
all mix of request forms despite this random split.

After the robot requests, participants produced
one request. A response matched the trial target if
it mentioned the current item, no other item, and at
least one request word from the glossary. Match-
ing responses containing fe, either alone or together
with na, were accepted with probability 0.8. Match-
ing responses that were bare or contained only na
were accepted with probability 0.5. All other re-
sponses were recorded but rejected. Participants
were not told these exact probabilities beforehand.

Before the game began, participants received one
of three goal instructions. In the strategic condition,
participants were told to focus on maximizing ac-
ceptance, and in the convention condition, to focus
on matching how others spoke. In the baseline con-
dition, they were told to write whatever felt natural
and appropriate in the moment, without following
any specific rule or objective standard. Apart from
these instructions, the game was identical across
conditions. Afterward, participants answered open-
ended questions about whether they had noticed the
two markers, what role they thought each marker
played, and how they would translate each marker.
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3.2 Participants

The experiment included human participants and
simulated LLM participants. We recruited 184 hu-
man participants from Prolific. We excluded those
who failed the comprehension check or whose re-
sponses matched the trial target in fewer than 50%
of total trials, leaving 167 participants for analysis.

For the LLM experiment, each conversation ses-
sion was treated as one participant. Our primary
analysis included four models: Claude Sonnet 4.6,
Gemini 3.1 Pro, GPT-5.4, and Qwen3.6 Plus. For
each model and goal condition, we ran 50 indepen-
dent sessions. The models received a text-based
version of the same task. At trial ¢, the conversation
retained the task instructions, condition-specific
goal, Alienese glossary, and the complete history
of trials 1,...,¢ — 1, including the robot requests,
the model’s own requests, and acceptance feedback.
The current trial supplied the object, the three robot
requests, and the instruction to produce a short
Alienese request. Full prompting, generation, and
output-compliance details are given in Appendix B.

4 Computational Models

Participants’ marker choices could reflect payoff
feedback, exposure to robot-request forms, or both.
We compare models that differ in evidence sources
and combination rules. All models predict target-
matching marker choice among three types: bare
form B, strategic marker S, or conventional marker
C, excluding responses that contain both markers.

We represent strategic evidence with a trial-level
payoff belief. For participant ¢ on trial ¢, p; . is
the estimated acceptance probability for marker
type k € {B,S,C}, computed from the partici-
pant’s previous target-matching responses and feed-
back. Let a; ;1 and 7; ;1 j count accepted and
rejected responses of type k before trial t. We use
a Beta-Bernoulli update with a Beta(1, 1) prior,
giving an initial estimate of 0.5 for all three types:

IT+a;i-1k
24 a1k +Tit-1k

Pitk =

On the other hand, we represent conventional
evidence with a trial-level exposure frequency. For
participant ¢ on trial ¢, ¢; ;. is the estimated fre-
quency of marker type k in the robot demonstra-
tions observed up to that response. Let ¢; ;. be
the number of robot requests of type k seen up to
and including trial t. We use Dirichlet smoothing,
adding a pseudocount of 0.5 for each marker type,

thereby giving equal prior weight to all three types:

0.5 + Ci,t,k
L5+ 3 1e(p,s.0) Cit

itk =

The resulting payoff and exposure vectors, p;
and q;, enter four candidate models that differ
in how they use them. Two models use a single
source, choosing according to payoff or exposure
alone. The other two use both but differ in where
they are combined. The additive model integrates
payoff and exposure on the utility scale before the
choice distribution is derived. The mixture model
derives a choice policy from each source separately
and then combines the two resulting distributions.

First, the strategic model assumes that partici-
pants choose markers according to expected suc-
cess. It uses p;; . to assign higher utility to marker
types that have been more likely to lead to accep-
tance in the participant’s own previous experience:

UiI;’k = «ajlog Pit k-
This utility induces a softmax choice distribution
p P
Tit g X eXp{Uz‘t,k}'

Here «; > 0 controls how strongly participant ¢
responds to payoff evidence. When «; is larger,
small differences in estimated acceptance probabil-
ity yield sharper differences in choice probabilities.
Second, the conventional model assumes that
marker choice depends on observed usage. It uses
@it to give higher utility to markers that have
appeared more often in the robot demonstrations
available before participant ¢ responds on trial ¢:

Uit 1. = Bilog git g,

which also induces a softmax choice distribution

th7k x exp{Uiquk}.

Here (; > 0 controls sensitivity to exposure. When
B; is larger, differences in observed frequencies
produce sharper differences in choice probabilities.
Third, the additive model integrates the two
sources at the utility level. Each response type re-
ceives a single latent utility for participant 7 on trial
t, formed by adding two component utilities, one
payoff-sensitive and the other exposure-sensitive:

)

A _ q
Uitk = Ui T Uit -



The combined utility is then mapped to the re-
sponse distribution using a softmax transformation,

A A
Ttk X eXp{Uit,k}'

Thus, payoff and exposure contribute to one pre-
choice utility. Because «; and 3; already scale the
two component utilities separately, adding another
relative weight at this stage would only reparame-
terize those source-specific sensitivity parameters.

Finally, the mixture model combines the two
sources at the policy level. Payoff and exposure
first induce separate normalized production poli-
cies, 7h, , and 7}, ., and the final distribution over
these three respoﬁse types is their convex mixture:

M _ .y _p R
itk = Aifyy g + (1= i) .

Here \; € (0, 1) controls the balance between the
two policies. Larger values indicate greater reliance
on the payoff-sensitive policy, while smaller values
indicate greater reliance on the exposure-sensitive
policy. The distinction from the additive model is
therefore the order of combination and choice trans-
formation: the additive model combines the compo-
nent utilities before softmax, whereas the mixture
model applies softmax to each source separately
and then mixes the resulting choice distributions.
Because softmax is nonlinear, these operations are
not equivalent in general. Accordingly, \; weights
the choice policies, not the component utility terms.

For each model m, let 7}, be the predicted
probability of response type k on trial t € Ti, where
T; indexes participant ¢’s modeled trials. If k;
denotes the response on that trial, the likelihood is

m __ m
L= H Tt Koy

teT;

The full likelihood is then obtained by multiplying
the participant-level likelihoods across participants.

We fit the models hierarchically because each
participant completed only 30 trials, making sep-
arate participant estimates noisy. Parameters var-
ied across participants and were partially pooled
within goal condition, yielding participant-level
estimates and condition-level distributions while
stabilizing individual estimates. These parameters
were constant within a participant’s 30-trial ses-
sion; trial-to-trial adaptation entered through the
evolving payoff beliefs and exposure frequencies
defined above. Sensitivity parameters «; and ;
were modeled on the log scale, the mixture weight
A; on the logit scale, with all weakly informative
hierarchical priors fully specified in Appendix C.4.

5 Results

5.1 Human Benchmark

Human participants did not converge on a single
marker. As shown in Table 1, baseline partici-
pants used both the strategic marker .S and the con-
ventional marker C', with S occurring more often.
The strategy instruction further increased use of S,
whereas the convention instruction increased use of
C and weakened the dominance of .S. This pattern
shows that goal instructions shifted the relative use
of the two markers without eliminating either one.

As an interpretation check, we examined par-
ticipants’ post-task marker explanations. S was
interpreted almost uniformly as polite, whereas
C elicited more heterogeneous interpretations, al-
though Polite remained the most frequent category.
Full coding of these responses, including category
definitions and counts, is reported in Appendix D.1.

5.1.1 Model Comparison

To compare the four computational accounts of
human choice, we evaluated their predictions on
held-out trials. For each model, we used trial-level
10-fold cross-validation (Kohavi, 1995), with pre-
dictive performance quantified by expected log pre-
dictive density (ELPD; Vehtari et al., 2017). Folds
were assigned within participant, so that each par-
ticipant contributed held-out trials to each fold. In
each fold, the model was fit to the training trials
and evaluated using the log predictive probability
assigned to held-out marker choices. We summed
these log predictive probabilities to obtain ELPD,
with higher values indicating better performance.
Full fitting details are provided in Appendix C.1.
As shown in Table 2, the mixture model achieved
the highest ELPD. It outperformed the additive
model (AELPD = 89.84, SE(A) = 16.08) and
substantially outperformed both single-source mod-
els. This advantage was not driven by a single
condition: compared with the additive model, the
mixture model achieved higher ELPD in the strat-
egy condition (AELPD = 35.76, SE(A) = 8.81)
and the baseline condition (AELPD = 46.09,
SE(A) = 9.31). In the convention condition, the
mixture model also performed better, although the
difference was more uncertain (AELPD = 7.98,
SE(A) = 9.68). These comparisons show that hu-
man choices reflected both payoff and exposure,
while predictive performance favored a mixture of
source-specific choice policies over a single com-
bined utility in predicting held-out marker choices.



Marker choices

Mixture estimate

Condition  Participants B (%) S (%) C (%) Both(%) Mean A 95% Crl

Strategy 58 9.4 72.2 13.6 4.8 0.81 [0.76, 0.86]
Baseline 51 12.8 51.1 29.5 6.6 0.68 [0.61, 0.75]
Convention 58 17.4 39.8 39.1 3.7 0.52 [0.46, 0.61]

Table 1: Target-matching marker choices and group-level mixture-weight estimates. B, .S, C' denote bare, strategic-
marker, and conventional-marker responses. Larger A\ corresponds to greater reliance on the payoff-sensitive policy.

Model ELPD AELPD SE(A)
Mixture —-2721.20 0.00 -

Additive -2811.04 89.84 16.08
Strategic -3134.60 413.40 2645
Conventional —4354.35 1633.15 45.72

Table 2: Human model comparison. AELPD is mixture
ELPD minus model ELPD, with corresponding SE(A).

However, this advantage could arise in two ways:
both policies may contribute within participants,
or different participants may follow different poli-
cies. A population-mixture model captures the
latter by assigning each participant a fixed payoff-
or exposure-sensitive policy throughout the session.
We compared these accounts using the same trial-
level 10-fold cross-validation design. The mixture
model substantially outperformed this alternative
on held-out human choices (AELPD = 156.46,
SE(A) = 16.00), favoring within-participant con-
tributions from both policies over fixed payoff- or
exposure-sensitive types. Full specification and
comparison results are presented in Appendix C.3.

5.1.2 Mixture-Weight Estimates

Because the mixture model fit best, we examined
its mixture weight A. Mixture weights quantify
the relative contribution of competing policies to
the final response (O’Doherty et al., 2021). In our
model, A indexes the balance between strategic and
conventional policies. It therefore provides a com-
pact parameter for comparing production balance
across conditions and between humans and LLMs.

As shown in Table 1, A was highest in strat-
egy, intermediate in baseline, and lowest in conven-
tion. We quantified these differences with poste-
rior contrasts against baseline. The strategy con-
dition had higher A than baseline (AX = 0.13,
95% Crl [0.05,0.21]), whereas convention had
lower A (AX = —0.16, 95% CrI [—0.25, —0.05]).
Thus, goal instructions shifted the policy mixture in

both directions: strategy increased reliance on the
payoff-sensitive policy, while convention shifted
production further toward the conventional policy.

Figure 2 shows empirical cumulative distribution
functions (ECDFs) of participant-level \; estimates.
Strategy participants clustered toward the high end,
with some intermediate estimates. Convention par-
ticipants had many lower and mid-range estimates,
while baseline participants fell broadly between the
two. Thus, the manipulation shifted policy weights
while maintaining substantial individual variation.

strategy baseline === convention
1 r
jJ
075 '
0.50
025
0 = 1 1 1
0 0.25 0.5 0.75 1

Ai

Figure 2: Participant-level ECDFs of posterior mean \;.

5.1.3 Parameter Recovery

Because our interpretation relies on the mixture
weight A, we tested its identifiability. Since A is
jointly estimated with the payoff and exposure sen-
sitivity parameters, changes in A could be partially
mimicked by changes in « or 5. We therefore con-
ducted a simulation-based recovery check for the
fitted mixture model (Wilson and Collins, 2019).
The mixture weight was recovered well, with
a recovery correlation of 0.87 for A\. Recovery
was weaker for the sensitivity parameters, with
correlations of 0.46 for log a and 0.75 for log 3,
consistent with known difficulties in recovering
choice-sensitivity parameters (Guo et al., 2026).
Full recovery details are reported in Appendix C.5.



Strategy Baseline Convention
Model B (@) S(%) C (%) B(%) S%) C(%) B(%) S%) C (%)
Claude Sonnet 4.6 0.5 92.8 6.7 0.5 82.3 17.3 1.8 220 76.2
Gemini 3.1 Pro 0.7 95.1 4.1 5.1 76.1 18.8 0.9 40 951
GPT-5.4 4.7 64.4 26.4 6.5 59.7 29.5 12.3 30.7 57.0
Qwen3.6 Plus 6.9 92.1 1.0 3.2 95.4 1.5 32.7 32.7 34.6

Table 3: LLM marker choices across goal conditions. Values are percentages among target-matching responses.
Because responses containing both markers occurred in only a subset of model-condition cells, they are not shown.

5.2 LLM Results

We analyzed LLMs using the same procedure as in
the human analysis. Table 3 shows the descriptive
results. Overall, the LLMs were sensitive to the
goal manipulation, in some cases more sharply than
humans. They generally favored S in the strategy
condition and shifted toward C' in the convention
condition. This shows that LLMs could draw on
both payoff- and exposure-related cues when ex-
plicitly instructed to pursue the corresponding goal.

The main departure from the human benchmark
was in the baseline condition. Most LLMs showed
a stronger default preference for .S, unlike humans,
for whom C remained substantial. Qwen3.6 Plus
was clearest, with baseline S use exceeding its
strategy-condition level and convention-condition
responses nearly evenly split across B, S, and C.
GPT-5.4 was closest to humans, with substantial
use of both S and C, but the overall LLM pattern
remained more S-oriented. Therefore, LLMs could
follow instructions, but by default they balanced
success and frequency differently than humans did.

5.21

The model comparisons supported the same con-
clusion. Across the four LLMs, the mixture model
had the highest overall ELPD, followed by the addi-
tive model. Both single-source models performed
worse. Thus, as in the human data, LLM responses
were not well described by payoff or exposure evi-
dence alone. Full results appear in Appendix D.3.

Model Comparison

This pattern also held in the strategy condition.
Even under the success-oriented instruction, the
strategic-only model was not best-fitting. The mix-
ture model fit all four LLMs better, so the strong
preference for S should not be read as exclusive
reliance on payoff evidence. The relevant contrast
with humans is therefore not whether LLM choices
reflect both evidence sources, but how strongly they
track each source across the three goal conditions.

5.2.2 Mixture-Weight Estimates

Table 4 shows baseline mixture weights close to
strategy and far from convention across models,
especially for Claude and Gemini. GPT-5.4 showed
the same pattern but was closer to humans. Qwen
was extreme, with baseline slightly above strategy.

Posterior contrasts confirmed the asymmetry.
Strategy versus baseline contrasts were small,
from Qwen (—0.06) up to Claude and Gemini
(0.05), with GPT crossing zero (AX = 0.04,
[—0.01,0.08]). Baseline versus convention con-
trasts were large and credibly positive, from GPT
(0.29, [0.24,0.34]) to Gemini (0.86, [0.82,0.90]).
Thus, baseline remained closer to strategy overall.

5.2.3 Behavior Over Trials

The mixture-weight estimates aggregate across tri-
als, but payoff feedback and local exposure ac-
cumulated throughout the experiment. Figure 3
shows how marker use changed over time. To focus
on competition between the two marked forms, we
calculated the conventional-marker share among
target-matching responses containing exactly one
of Sor C, C/(S+ C). For each trial, human
marker choices were pooled across participants,
and LLM choices across all sessions in each model.

Humans

Claude -= Gemini - GPT - Qwen

1_

S
o
N
(@)

T

0.25+

1 5 10 15 20 25 30
Trial

Figure 3: Baseline conventional-marker share over trials.
Dashed lines mark boundaries between 10-trial blocks.



Model Strategy

Baseline

Convention

Claude Sonnet 4.6  0.92[0.90, 0.95]
Gemini 3.1 Pro 0.95 [0.93, 0.96]
GPT-54 0.63 [0.61, 0.66]
Qwen3.6 Plus 0.84 [0.82, 0.86]

0.87[0.84, 0.90]

0.60 [0.57, 0.63]

0.22 [0.19, 0.26]

0.31 [0.27, 0.35]

[ [

0.90 [0.86, 0.93] 0.04 [0.02, 0.05]
[ [
[ [

0.90[0.89,0.92] 0.41[0.38,0.45]

Table 4: LLM mixture-weight estimates by goal condition. Values are posterior means with 95% credible intervals.

Humans increased their relative use of C' over
the first half of the experiment. Claude Sonnet 4.6,
Gemini 3.1 Pro, and GPT-5.4 showed similar but
generally weaker increases, whereas Qwen3.6 Plus
remained almost entirely S-oriented over all trials.

For inferential analysis, we compared adjacent
10-trial blocks using binomial generalized estimat-
ing equations clustered by participant or LLM ses-
sion, with Holm adjustment across the five systems
for each contrast. From Block 1 to Block 2, C' share
rose from 26.6% to 43.7% for humans, 11.3% to
19.0% for Claude, 7.7% to 21.8% for Gemini, and
26.7% to 35.2% for GPT-5.4 (all adjusted p < .05).
Qwen was unchanged (1.3% to 1.7%). No further
baseline change occurred from Block 2 to Block 3.

By the final block, GPT-5.4 was close to humans
in C'use (36.6% vs. 38.0%), while Gemini (30.8%),
Claude (21.8%), and Qwen (1.7%) remained more
S-oriented. Thus, most LLMs adapted to accumu-
lating conventional evidence, but baseline remained
close to strategy in the aggregate mixture weights.

5.2.4 Robustness Checks

Our asymmetric glossary separated strategic feed-
back from local exposure (Section 3.1) but intro-
duced a possible label-availability confound: LLM
baselines might align with strategy partly because
S was labeled polite. We therefore ran an ablation
listing both S and C' as optional request markers.
The task remained identical except for removing
one unrelated glossary item to match overall length.

Figure 4 compares the strategy versus base-
line and baseline versus convention contrasts in
A. Points mark posterior means. Filled and open
points denote original and neutral-label prompts,
gray points the human benchmark (no neutral-label
ablation), and bars 95% Crls. Neutral labeling
shifted absolute estimates, showing label effects
on response levels. We therefore focus on pat-
terns within models rather than absolute human and
LLM correspondence: baseline was closer to strat-
egy than convention in all four, and convention fa-
vored the exposure-sensitive policy most strongly.

® original © neutral-label

Strategy — Baseline
Claude :
Gemini p
Humans P
GPT &%
Qwen '
. Baseline — Convention
Claude .
Gemini 5 on P
Humans P——
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Figure 4: Posterior contrasts in A, with strategy versus
baseline above and baseline versus convention beneath.

At the same time, removing the label changed
the absolute distance from humans: Claude and
Gemini moved closer in strategy and baseline,
while convention remained substantially lower.
Thus, baseline stayed close to strategy despite
changed absolute distances, showing that label
availability alone cannot fully explain the pattern.

We also tested whether the condition pattern held
in models with contrasting sycophancy-related ten-
dencies. Qwen2.5-7B-Instruct and DeepSeek-V3-
0324 had action-endorsement rates of 21.6% and
70.7% reported by Cheng et al. (2026a). Each
model completed 50 sessions per goal condition
using the same 30-trial experiment for comparison.

Absolute response preferences differed sharply.
Across strategy, baseline, and convention, S use
was 34.6%, 28.7%, and 36.1% for Qwen2.5 versus
99.9%, 97.9%, and 37.2% for DeepSeek, while con-
vention C' use was 46.2% and 61.9%. Yet mixture
weights preserved the pattern: A was 0.88, 0.76,
and 0.59 for Qwen2.5 and 0.96, 0.94, and 0.34 for
DeepSeek. Baseline versus convention contrasts
were 0.17 [0.04, 0.30] and 0.60 [0.57, 0.64]. Thus,
baseline remained near strategy, while convention
most clearly favored the exposure-sensitive policy.



6 Discussion

Our results reveal a shared pattern in human and
LLM polite production. In both groups, models
using payoff feedback and local exposure fit better
than either single-source model, with the mixture
model fitting best. This has two implications. For
LLM pragmatics, polite production reflected both
sources rather than a surface marker preference or
simple payoff pursuit. For politeness theory, the
results show that strategic success and local usage
make distinguishable contributions to production.
The mixture model’s advantage further indicates
that source-specific choice policies captured these
contributions better than a single combined utility.

This shared structure, however, hid an impor-
tant difference in how the two cues shaped choices.
In humans, mixture weights tracked the goal ma-
nipulation: strategy favored the more successful
marker, convention the more frequent marker, and
baseline fell between them. Baseline is especially
informative because it captures production without
an imposed goal, when speakers decide what feels
appropriate in the moment. Human speakers still
treated local usage as relevant to appropriateness.
LLM weights also shifted with the instruction, but
baseline stayed close to strategy. Thus, models
could use conventional cues mainly when prompts
explicitly made convention-following the objective.

This suggests that local usage played differ-
ent default roles in humans and LLMs. In hu-
man dialogue, interlocutors establish referring ex-
pressions through coordination (Clark and Wilkes-
Gibbs, 1986). Repeated reference can form concep-
tual pacts that guide later lexical choice (Brennan
and Clark, 1996) and partner-specific expectations
(Metzing and Brennan, 2003). LLMs, by contrast,
use fewer grounding acts and more often presume
common ground (Shaikh et al., 2024). They can
interpret adaptive language without reliably adapt-
ing production unless strongly prompted (Hua and
Artzi, 2024). The asymmetry therefore concerns
how strongly repeated usage shapes production.
For humans, it served as convention-relevant evi-
dence; for LLMs, its influence was strongest under
explicit instructions to follow the local convention.

The temporal results sharpen this comparison.
In baseline, humans, GPT-5.4, Claude, and Gemini
shifted toward the conventional marker between
the first two blocks, while Qwen remained stable.
By the final block, GPT-5.4 was close to the human
level, whereas the others remained more payoft-

oriented. Thus, most LLMs tracked accumulating
local usage, though its influence varied across mod-
els. This aligns with evidence that LLLM choices
more closely match expected-value benchmarks
(Liu et al., 2025) and show less round-to-round
variability than human choices (Feng et al., 2025).

One source of model-level variation is syco-
phancy. Models differ in user affirmation (Cheng
et al., 2026a), and social sycophancy has been
linked to excessive face preservation (Cheng et al.,
2026b). Such tendencies could shift default marker
preferences without determining payoff or expo-
sure sensitivity. However, Qwen2.5 and DeepSeek,
despite sharply different endorsement rates and
marker use, preserved the same mixture-weight pat-
tern: baseline near strategy and convention lower.
Sycophancy may thus affect response levels, but
cannot explain the central pattern across conditions.

This comparison also weighs against a simpler
cue-combination account. Humans combine prob-
abilistic cues (Yurovsky et al., 2013), and statisti-
cal learning may support communicative systems
(Ruba et al., 2022). LLMs likewise exploit prompt
structure: demonstrations convey label space and
input distribution (Min et al., 2022), while format-
ting alone can alter performance (Sclar et al., 2024).
If the human baseline merely reflected general cue
combination, LLMs might show a similar baseline
with the same cues. Instead, baseline aligned with
strategy across tested LLMs, though its strength
varied. For humans, local usage may instead serve
as social evidence about group norms and appropri-
ateness, consistent with group-based prescriptive
judgments (Roberts et al., 2017) and the emergence
of local conventions in groups (Boyce et al., 2024).

These findings point to a broader principle for
evaluating LLM pragmatic competence: plausi-
ble responses are not enough (Binz and Schulz,
2023). Models can succeed on standard examples
yet fail on controlled counterexamples (McCoy
et al., 2019), so evaluation should test targeted ev-
idence manipulations. Behavioral testing targets
capabilities and failure modes (Ribeiro et al., 2020),
while contrast sets use meaningful input changes to
reveal which features shape outputs (Gardner et al.,
2020). The resulting profile shows how responses
vary with contextual, social, and interactional ev-
idence and whether they parallel human adapta-
tion. Cross-condition characterization is central to
cognitive-style LLM evaluation (Coda-Forno et al.,
2024). Systematic deviations reveal which aspects
of the human profile a model reproduces or misses.



Limitations

First, our experiment used a simplified artificial
language. This control separated payoff feedback
from local exposure and reduced the risk of pre-
training associations with the markers (Razeghi
et al., 2022). However, it limits scope: results con-
cern convention learning in a controlled request
game rather than natural politeness conventions.
This asymmetry may also increase strategic-marker
availability (Chatterjee et al., 2024). The LLM
neutral-label ablation preserved the within-model
pattern, with baseline closer to strategy than con-
vention, but shifted absolute mixture weights. With-
out a matched human ablation, we cannot establish
whether absolute differences between humans and
LLMs persist under neutral labeling. We therefore
emphasize relative differences across goal condi-
tions over direct comparisons of absolute estimates.

Second, the task used a narrow operationaliza-
tion of strategic politeness. We measured strategic
value by request acceptance, which captures the
idea that polite forms can make delicate speech
acts more acceptable (Brown and Levinson, 1987).
However, acceptance is only one payoff. Strategic
politeness can also affect social image and reputa-
tion across interaction (Miihlenbernd et al., 2021),
and its value may depend on network structure, hi-
erarchy, and social relations (Tang, 2024). Since
natural politeness is also shaped by interpersonal
concerns and appropriateness judgments (Spencer-
Oatey and Wang, 2025), future work could test
how humans and LLMs balance local convention
against these longer-term strategic considerations.

Third, the mixture weight A should not be
treated as a direct window into mental or model-
internal mechanisms. In our analysis, A indexes
how closely choices followed the payoff- versus
exposure-sensitive policy, but remains behavioral.
It does not show that human speakers explicitly rep-
resented a balance between “strategy” and “conven-
tion” or that LLMs used the same decision process.
More generally, model parameters can sharpen be-
havioral hypotheses without identifying the under-
lying cognitive process (Wilson and Collins, 2019).
The same applies to comparisons between humans
and LLMs: task performance alone cannot estab-
lish shared competence (Firestone, 2020). Future
work could combine response times, confidence
judgments, memory probes, and model-side repre-
sentation analyses to test more directly how the two
evidence sources are represented during adaptation.

Ethical Considerations

This study involved an online experiment with
human participants. Participants were recruited
through Prolific, restricted to current residents of
the United Kingdom or the United States, and
took part voluntarily. Before the task, participants
viewed a consent page describing the study pur-
pose, procedures, expected duration, compensa-
tion, confidentiality, and their right to withdraw at
any time without penalty. They proceeded only
after giving consent. The task was a short artificial-
language game with no deception, disturbing con-
tent, or collection of sensitive personal informa-
tion. Participants received £2.50 for completing
the study. The median completion time was ap-
proximately 25 minutes, corresponding to about £6
per hour, consistent with Prolific’s minimum pay-
ment requirements during data collection. The only
participant identifier was the Prolific ID, used to
verify participation and administer payments, and
removed before analysis. Following institutional
ethics review, the study was determined to involve
minimal risk and deemed exempt from full review.
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Instructions

Before you start

What you will do

competing or cooperating with you.

Your goal
<goal instruction>

About the glossary

not listed in it.

Important rules

Welcome! In this experiment, you’ll take part in a short language game where you request objects
from an alien intelligence using an alien language (Alienese).

Please read the information below carefully. There will be a short quiz to make sure you understand
the game before it starts. You will have 3 attempts and all answers must be correct to proceed.

1. On each round, you will see one object being offered.

2. Your task is to type a short request using the alien words to try to obtain the object.

3. The way you phrase your request can influence whether your request is accepted.

4. You will also see how other speakers express themselves in the same situation, but they are not

5. After the game you will be asked to complete a short questionnaire.

The glossary of alien words is provided below. You don’t need to memorize it, as the full glossary will
be available throughout the game whenever you need it. Note that you are free to use words that are

<glossary>

1. Try to respond as naturally and quickly as you can when the input opens.
2. Do not use English or other real-language words.

Figure 5: Instructions shown to participants before the comprehension check and the subsequent 30-trial experiment.

A Materials

A.1 Instructions

Figure 5 shows the instruction page presented be-
fore the comprehension check and main experi-
ment. It introduced the request task, explained
that phrasing could affect acceptance, explained
how to use the glossary, and told participants to
respond naturally and quickly using only Alienese.
The (goal instruction) placeholder was replaced
by the condition-specific instruction in Table 5.
All other wording was identical across conditions.
The (glossary) placeholder was replaced by the 20-
entry Alienese—English glossary shown in Figure 1.
Participants were told that the glossary would re-
main available throughout the game and that they
could use Alienese words not listed in it. After
an incorrect comprehension-check attempt, partici-
pants returned to this page before the next attempt.

A.2 Comprehension Check

Before proceeding to the main experiment, partici-
pants completed a five-item multiple-choice com-
prehension check. The first four items tested un-
derstanding of the task requirements: using only
Alienese, producing a short request for the object,
recognizing that request phrasing could affect ac-
ceptance, and consulting the glossary for word
meanings. The fifth item tested understanding of
the condition-specific goal by asking what partici-
pants should focus on while playing. Participants
saw the same three response options, but the cor-
rect answer depended on their assigned condition.
Participants had to answer all five items correctly
in a single attempt to proceed. If any answer was
incorrect, they returned to the instruction page be-
fore trying again. Participants could make up to
three attempts. Those who did not pass within three
attempts were excluded from further involvement.



Condition Goal instruction

Strategy Focus on expressing yourself in
a way that makes your request
more likely to be accepted. Do
not worry about matching how
others speak, that is not your goal.
Just try to phrase your request in
the way you think will work best.
Focus on expressing yourself in
a way that feels natural to you.
Do not worry about following any
specific rule or objective standard.
Just write whatever you think is
appropriate in the moment.
Focus on expressing yourself in
a way that closely matches how
others speak. Do not focus on get-
ting your request accepted, that is
not your goal. Just try to sound
like part of the group.

Baseline

Convention

Table 5: Goal instructions for the three goal conditions.

B LLM Experiment Details
B.1 Prompting

Figure 6 shows the prompt structure used in the
LLM experiment. The system message contained
the task instructions shown in Figure 5. On each
trial, the user message specified the current object,
presented the alien’s offer and three assigned robot
requests for that round, and instructed the model to
output only a short Alienese request for the object.

Each participant had a separate conversation ses-
sion with its own system message. Sessions were
not shared across participants, models, or goal con-
ditions. The conversation history was retained
across all 30 trials, allowing the model to condition
later responses on earlier prompts, its own requests,
and acceptance feedback. After each response, ei-
ther “Your request was ACCEPTED.” or “Your
request was NOT accepted.” was inserted before
the next trial text in the same conversation session.

To make the accumulated context explicit, Fig-
ure 6 depicts two consecutive trials. The first ends
with the model’s response, which remains in the
conversation history. The next user message be-
gins with acceptance feedback from that response
before presenting a new trial prompt. The figure
stops before the model responds to the current trial,
so the current-trial assistant response is not shown.

LLM Prompt

System

(instructions)

User

Now the alien is speaking.
Alien:

Modi zora (item) pubine pagu. Pagu zora
180 gopu. Wiri modi pubine dapori pagu.

Other speakers in this round said:
(demonstration 1)
(demonstration 2)
(demonstration 3)

It is now your turn to make a short request in
Alienese for the currently offered object.

Only output the request sentence itself.
Assistant

(response)

User

Result of your last round:

(feedback)

Current round:

Now the alien is speaking.

Alien:

Modi zora (item) pubine pagu. Pagu zora
180 gopu. Wiri modi pubine dapori pagu.

Other speakers in this round said:
(demonstration 1)
(demonstration 2)
(demonstration 3)

It is now your turn to make a short request in
Alienese for the currently offered object.

Only output the request sentence itself.

Figure 6: Prompt structure used in the LLM experiment.

B.2 Generation Settings

Table 6 reports generation settings. Temperature
was (.7 throughout, with minimal supported rea-
soning. DeepSeek ran via Vercel and Qwen2.5 via
Together Al all others used official provider APIs.



Model API identifier Temperature Reasoning setting
Claude Sonnet 4.6 claude-sonnet-4-6 0.7 low
DeepSeek-V3-0324 deepseek/deepseek-v3 0.7 n/a
Gemini 3.1 Pro gemini-3.1-pro-preview 0.7 low
GPT-54 gpt-5.4 0.7 none
Qwen2.5-7B-Instruct Qwen/Qwen2.5-7B-Instruct-Turbo 0.7 n/a
Qwen3.6 Plus gwen3.6-plus 0.7 none

Table 6: Generation settings for the LLMs. Where supported, reasoning or thinking effort was set to the lowest level.

For each model and condition, participants were
generated with seeds 1-50. The same seed deter-
mined the item sequence and the robot requests
across models. Thus, LLM participants with the
same index 7 in a given condition saw the same se-
quence of items and robot requests across models.

B.3 Output Compliance

We retained every LLM session that completed all
30 trials. Sessions interrupted by an API or network
error were rerun from trial 1 using the same seed.
Across the four primary LLMs, the experiment pro-
duced 18,000 responses, of which 17,956 (99.76%)
matched the current trial target. The 44 target mis-
matches were excluded only from marker-choice
analysis. Among the target-matching responses,
131 contained both fe and na. These were retained
in descriptive summaries and reported separately
from the three exclusive marker-choice categories.

The models also adhered to the Alienese for-
mat. Capitalization and punctuation varied slightly,
but every lexical item in the four primary mod-
els’ responses belonged to the Alienese vocabu-
lary, including the exposure-learned marker na. No
English or other out-of-task words appeared. Re-
sponse lengths were similar for LLMs and humans.
LLM responses had a median length of 4 tokens,
a mean of 4.22, and an interquartile range of 4—4.
Human responses had a median length of 4 tokens,
a mean of 4.41, with an interquartile range of 4-5.

C Analysis Details
C.1 Model Fitting

The four main candidate models were implemented
in Stan and fit using cmdstanr. They used the same
modeled trials, with model-specific parameters hi-
erarchically pooled by goal condition. For numeri-
cal stability, probabilities were clipped away from
0 and 1 before taking logarithms, with ¢ = 107
throughout all candidate model fits in this analysis.

Trial-wise payoff beliefs and exposure frequen-
cies were computed from each participant’s ob-
served sequence and fixed across fits. Payoff beliefs
used only prior valid target-matching responses and
observed feedback, so the current trial’s response
and feedback did not affect its own payoff belief.
Exposure frequencies included robot demonstra-
tions through trial ¢, observed before each response.

For model comparison, we used 10-fold cross-
validation with within-participant folds shared
across models. Models were refit on training tri-
als and scored on held-out trials using fixed pre-
computed history variables, so scores condition on
realized interaction history. K-fold refits initially
used four chains, 2000 warmup, 2000 sampling,
adapt_delta = 0.99, max_treedepth = 15, and
seed 42 + k for fold k. Held-out scores were
posterior-averaged log marker-choice probabilities.

For parameter estimation, each model was fit
to the full modeled dataset. These fits estimated
group- and participant-level parameters, posterior
contrasts, and mixture-weight summaries. We ini-
tially used four chains with 2000 warmup and
2000 sampling iterations per chain, adapt_delta
= 0.99, max_treedepth = 15, with fixed seed 42.

All Stan fits had to satisfy R < 1.01, bulk and
tail ESS > 400, E-BFEMI > 0.30, no divergences,
and no maximum-treedepth hits. Failed fits fol-
lowed a predefined remediation ladder. After the
ladder was exhausted, remaining failures were man-
ually adjusted and rerun until all criteria were met.

C.2 Temporal Analysis

We fit generalized estimating equations in geepack
with a logit link, categorical block, working in-
dependence, and sandwich-robust standard errors.
We coded C' = 1 and S = 0, with Block 1 as refer-
ence. The first contrast was the Block 2 coefficient;
the second adjacent contrast was Block 3 minus
Block 2, with its standard error derived from the
sandwich covariance matrix for the fitted equation.



C.3 Population-Mixture Model

In the main mixture model, the payoff-sensitive
and exposure-sensitive policies jointly determine
each participant’s choice distribution through the
participant-specific weight \;. As an alterna-
tive, we considered a population-mixture model in
which each participant follows one fixed latent pol-
icy throughout the session. This attributes hetero-
geneity to differences between participants rather
than to both policies contributing within a partici-
pant. The alternative retains exactly the same two
policies, 7;; , and 7}, ; , as the main mixture model.

For participant ¢, the response-sequence likeli-
hood under the payoff-sensitive policy is given by:

P _ p
L; = it kiyo
teT;

and for the exposure-sensitive policy it is given by:

£l =TT

7 Tt N
teT;

The population-mixture likelihood is then given by:

where pg; 1s the goal-condition-level probability
that participant ¢ belongs to the payoff-sensitive
type. Unlike );, it describes a population propor-
tion rather than a participant-level weight on the
two policies. The participant’s latent type is there-
fore integrated over rather than explicitly sampled.

To compare the population-mixture model with
the main mixture model, we used the same within-
participant 10-fold cross-validation procedure, fold
assignments, and precomputed trial-level covari-
ates as for the main models Let f index the held-
out fold and let 7' 7 denote participant ¢’s train-
ing trials when fold f is held out. For posterior
draw s from that fold’s fit, let £? ’(S; and L] (S)
denote the corresponding likelihoods restrlcted to

P

= Pyl £¥

7;( D The posterior probability that participant 7
belongs to the payoff-sensitive type is given below:

(8) ppi(s)

A, = Py i~ 1

Wit = ) ) SO )
Pt Ci—p T (L= pgi)Li"y

For a held-out trial ¢ ¢ 7;(_f ), the corresponding
predictive probability of marker k is then given by:

Pop,(s) _ (s) p.(s) R HC)
7Tnfk w’L —f zt +(1 z f)ﬂ—ztk :
Thus, held-out responses contributed only to pre-
dictive evaluation, not to model fitting or posterior
inference about the participant’s latent policy type.

C.4 Bayesian Priors

Across the candidate models, participant-level pa-
rameters were assigned weakly informative hierar-
chical priors and partially pooled within goal condi-
tion. Let # index a participant-level parameter fam-
ily and let nf denote its value on the unconstrained
scale. We used the non-centered parameterization:

= :U'Z[i] + 007,

where i indexes participants and g[i] indexes partic-
ipant ¢’s goal condition. Here ,ug and oy denote the
condition-specific location and between-participant
scale, respectively. The standardized deviations
were assigned independent standard normal priors:

20 ~ N(0,1).
For the between-participant scales, the priors were:
a9 ~ N7T(0,0.75).

For positive sensitivity parameters, 17? = log 6;,
and their condition-level locations were assigned
standard normal priors on the unconstrained scale:

ph ~ N(0,1).

For the mixture weight, 7' = logit(};), we used a
slightly wider prior for its condition-level locations:

py ~ N(0,1.5).

The population-mixture model used the same
log-scale hierarchical priors for its payoff- and
exposure-sensitivity parameters. Its condition-level
probability of a payoff-sensitive type was instead
modeled directly on the logit scale under the prior:

logit(pg) ~ N(0,1.5).

Unlike \;, p, has no participant-level deviation or
between-participant scale and therefore remains
constant across participants in the same condition.

C.5 Parameter Recovery

This appendix expands on the parameter recovery
analysis reported in Section 5.1.3. We used pos-
terior medians from the fitted mixture model as
generating parameters. Recovery was restricted to
participants in the fitted mixture-model likelihood
whose posterior median mixture weight was suf-
ficiently far from either boundary. We required
0.05 < X < 0.95, yielding 103 human partici-
pants eligible for inclusion in the recovery analysis.



In each recovery replicate, every eligible partici-
pant was simulated once using the same modeled-
trial positions and robot-demonstration history as
in the observed data. Marker choices were gener-
ated from the mixture choice rule using the partici-
pant’s generating «;, 5;, and \;. Acceptance feed-
back followed the experimental task rule: strategic-
marker responses were accepted with probability
0.8, while bare and conventional-marker responses
were accepted with probability 0.5. Payoff histo-
ries were updated sequentially from the simulated
feedback, while the robot-demonstration history
was held fixed throughout each simulated session.

We generated 20 recovery replicates, yielding
2060 participant-level recovery points, and refit the
hierarchical mixture model to each replicate. Refits
initially used four chains with 2000 warmup and
4000 sampling iterations per chain, adapt_delta
= 0.99, and max_treedepth = 15. We assessed
recovery by comparing generating values with re-
covered posterior means using correlation, bias,
and root mean squared error (RMSE). Metrics on
the original and corresponding transformed param-
eter scales are summarized side by side in Table 7.

Parameter Correlation  Bias RMSE
« 0.35 2.67 7.92
I} 0.50 6.46 11.08
A 0.87 0.01 0.15
log 0.46 -0.03 0.52
log 8 0.75 0.47 0.95
logit(A) 0.85 0.13 0.91

Table 7: Recovery on original and transformed scales.

D Additional Results

D.1 Post-Task Questionnaire Responses

We summarized participants’ open-ended explana-
tions of the request markers in the post-task ques-
tionnaire. A marker was coded only when clearly
identified in a response, yielding 98 S-marker and
56 C-marker responses. Categories were coded
independently and so were not mutually exclusive.

Table 8 summarizes the categories: Polite (polite-
ness, respect, gratitude, or translations like “please”
or “thank you”), Style (tone, directness, softening,
or urgency), Success (acceptance, effectiveness, or
persuasion), Usage (other speakers, common usage,
or matching the group), and Unclear (responses
without a substantive interpretation of the marker).

S marker C marker

Category n D% n %

Polite 97 99.0 30 53.6
Style 16 163 16 28.6
Success 6 6.1 4 71
Usage 0 00 1 1.8

Unclear 0 00 8 143

Table 8: Coding of questionnaire marker explanations.

Nearly all participants who referred to .S as-
signed it a polite function. C' was interpreted more
heterogeneously: Polite remained the most fre-
quent category, but Style and Unclear were also
common. Overall, S showed a highly consistent
pragmatic interpretation, whereas interpretations
of C' varied substantially more across participants.

D.2 Neutral-label Ablation

Table 9 reports the full \ estimates underlying the
neutral-label contrasts in Figure 4. In the neutral-
label version, the glossary listed te and na as “op-
tional request marker.” This replaced te’s origi-
nal “politeness marker” description, added na, and
removed the unrelated yenu (“no”), retaining 20
entries. All other task instructions, payoff contin-
gencies, and exposure schedules were unchanged.
Neutral labeling shifted absolute )\ estimates but
preserved the central within-model pattern: for ev-
ery LLM, baseline remained substantially closer to
strategy than to convention. Absolute human-LLM
distances require separate interpretation. Relative
to the original labeling, Claude and Gemini’s strat-
egy and baseline estimates moved closer to the
corresponding human estimates, while their con-
vention estimates remained much lower. Because
humans did not complete the neutral-label version,
the ablation tests the stability of the within-LLM
condition structure, not whether absolute human—
LLM differences are invariant to marker labeling.

D.3 Full Model Comparison

Table 10 reports the complete model-comparison
results for humans and the four primary LLMs.
Values are reported separately for the overall data
and for each goal condition. Within each system
and column, AELPD is defined as ELPDy,ot —
ELPD0gdel, so 0.00 marks the best model and
larger values indicate worse predictive performance
on held-out marker choices across goal conditions.



Model

Strategy

Baseline

Convention

Claude Sonnet 4.6  0.79 [0.75, 0.82]

Gemini 3.1 Pro

GPT-5.4

Qwen3.6 Plus

0.84 [0.81, 0.87]
0.46 [0.41, 0.53]
0.83 [0.81, 0.85]

0.76 [0.73, 0.79]
0.74 [0.71, 0.77]
0.4710.43,0.51]
0.86 [0.83, 0.88]

0.09 [0.07, 0.12]

0.25[0.19, 0.28]

[

0.03 [0.02, 0.05]
[
[

0.27 [0.25, 0.30]

Table 9: Neutral-label ablation estimates of A for each LLM. Values are posterior means with 95% credible intervals.

System Model Overall Strategy Baseline Convention
Human Mixture 0.00 0.00 0.00 0.00
Additive 89.84(16.08) 35.76 (8.81) 46.09 (9.31) 7.98 (9.68)
Strategic 413.40(26.45) 84.26(11.74) 137.31(13.94) 191.83(19.07)
Conventional 1633.15(45.72) 893.65(30.38) 384.04(23.41) 355.47(22.54)
Claude Sonnet 4.6 Mixture 0.00 0.00 0.00 0.00
Additive 93.56(16.86) 29.48 (8.61) 37.41(10.28) 26.66(10.22)
Strategic 794.64(35.35) 3096 (9.42) 69.69(12.09) 693.99(28.82)
Conventional 2280.05(48.57) 1143.97(29.36) 1019.64(29.67) 116.44(14.08)
Neutral-label ablation Mixture 0.00 0.00 0.00 1.74 (5.68)
Additive 70.81(23.57) 27.90(15.24) 44.64(17.04) 0.00
Strategic 1464.29(42.46) 185.04(16.81) 259.93(17.61) 1021.05(30.72)
Conventional 1482.28(41.58) 725.65(27.87) 719.04(25.77) 39.33 (7.78)
Gemini 3.1 Pro Mixture 0.00 0.00 0.00 0.00
Additive 53.93(15.09) 43.46(10.36) 1.99 (9.70) 8.48 (5.07)
Strategic 1246.71(41.26) 58.29(11.31) 43.42(10.03) 1145.00(30.70)
Conventional 2058.98(47.04) 1238.19(28.46) 807.72(29.25) 13.07 (5.73)
Neutral-label ablation Mixture 0.00 0.00 0.00 0.00
Additive 33.90(18.29) 26.17(11.85) 5.79(13.39) 1.94 (3.81)
Strategic 1370.71(44.10) 116.21(15.38) 183.71(16.74) 1070.80(32.47)
Conventional 1223.91(39.91) 677.25(27.68) 523.76(24.38) 2290 (8.41)
GPT-54 Mixture 0.00 0.00 0.00 0.00
Additive 67.08(14.04) 27.15 (8.08) 32.08 (9.28) 7.84 (6.74)
Strategic 1223.46(44.07) 293.50(21.71) 317.04(23.91) 612.92(29.36)
Conventional 1880.14(42.26) 835.55(24.52) 737.64(25.78) 306.96(20.01)
Neutral-label ablation Mixture 0.00 0.00 0.00 7.99 (5.98)
Additive 24.28(14.13) 23.73 (7.32) 8.54(10.49) 0.00
Strategic 1968.21(50.14) 569.47(26.00) 555.33(28.08) 851.39(32.21)
Conventional 1137.23(37.92) 494.83(24.96) 486.27(23.72) 164.12(15.13)
Qwen3.6 Plus Mixture 0.00 0.00 0.00 0.00
Additive 113.40(14.46) 45.07 (8.99) 49.65 (897) 18.68 (6.88)
Strategic 456.14(31.78)  40.38 (8.96) 47.79 (9.06) 367.97(28.31)
Conventional 2929.77(45.78) 1159.20(26.01) 1268.39(26.12) 502.18(22.39)
Neutral-label ablation Mixture 0.00 0.00 0.00 6.56 (7.41)
Additive 101.10(14.70) 4796 (8.53) 59.69 (9.32) 0.00
Strategic 793.61(34.86) 74.13(10.37) 56.95 (9.52) 669.09(28.75)

Conventional 2525.79(45.00) 1113.32(24.89) 1120.62(26.30)

298.41(21.02)

Table 10: Model comparisons for humans and four primary LL.Ms with neutral-label ablations. AELPD is relative
to the best model within each system, variant, and column. SEs are in parentheses. Larger values indicate poorer fit.
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