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Abstract

Conversational large language models are evaluated for persuasion by how far they
move a target’s stated belief in dialogue. While variance across such evaluations is
widely documented, which features of the setup produce it remain poorly under-
stood. In this work, we show that the social frame given to the persuader accounts
for a debiased range of -0.10 log-odds (p = 0.3837), across 800 conversations,
40 propositions and 2 persuader models. Specifically, we hold the proposition,
the assigned side, the responder’s instructions, the turn budget and the scoring in-
strument fixed, varying only who the persuader is told it is addressing and under
what norms, and because a maximum-minus-minimum over noisy cell means is
positive in expectation under the null, we identify the extreme frames on one half
of the data and measure their difference on the other. Leveraging this estimator,
we measure the scorer’s prior position and the choice of persuader model on the
same instrument, obtaining ranges of 0.68 and 0.39 against a naive frame range
of 0.16. Finally, we score each conversation once as addressee and once as by-
stander, obtaining an audience interaction of 0.32. We find that a persuasion score
is set by who is being persuaded and which model persuades rather than by the
social setting in the prompt, and that an uncorrected spread across any condition
set overstates sensitivity. More broadly, our work showcases how a controlled
design can isolate the social factors in language-model persuasion, and motivates
studying those factors in the richer settings, with human targets, where models
persuade people in practice.

1 Introduction

Persuasion, the intentional process of shifting, shaping, or reinforcing an individual’s beliefs, opin-
ions, or behaviors, is a foundational mechanism of social coordination [Cialdini, 2001} |Crano and
Prislinl, 2006|]. Historically, deploying persuasive communication at scale required substantial re-
sources for audience profiling and personalized messaging [Teeny et al.l [2020, Matz et al., [2017].
Large language models (LLMs) have removed that constraint: automated systems now generate flu-
ent, coherent discourse [Bommasani et al.l [2021]] and engage interlocutors in real-time, multi-turn
exchanges that rival or surpass human debaters [Salvi et al.l 2024 Moore et al.,2026a]]. Recent eval-
uations show LLMs shifting human beliefs across domains from politics [Hackenburg et al., [2025]
and factual questions [Liu et al., 2026] to conspiracy theories [Costello et al., |2024], with models
outperforming both unmotivated baselines and financially incentivized human persuaders [Liu et al.,
2026/ |Salvi et al., 2025].

The same capability creates risk [Burtell and Woodside, [2023} [Hendrycks et al., [2023[]. Frontier
models project conviction regardless of whether their claims are true [Liu et al., 2026[, which makes
them usable for manipulation and misinformation at scale [[Park et al., 2024, |Chen and Shul 2023}
for Al Safetyl 2023]]. Models aligned through reinforcement learning from human feedback also
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tend toward sycophancy, validating user-stated opinions to earn approval [Sharma et al.| |2023],
and that dynamic has been linked to delusional spirals and real-world harm [[Chandra et al., 2026,
Moore et al.,[2026b]]. As language models take on knowledge-intensive and decision-making roles,
knowing whether an observed persuasion score reflects the model or the evaluation setup matters
[Hackenburg et al.,|2025] Mokander et al.| [2024].

Comparison across studies is complicated by differences in task design, dialogue format and out-
come measure. Two independent meta-analyses find that features of the evaluation setup (base
model, interaction format, domain, outcome scale) explain more of the variance in reported persua-
siveness than any intrinsic capability does [[Holbling et al., [2025, |Huang and Wang] 2023|].

There is reason to expect the social framing of an interaction to be one such feature. Differences
in framing reliably shift human judgment [Tversky and Kahneman, [1981]], and instruction-tuned
models are sensitive to the stated identity and stance of their interlocutor [Sharma et al., 2023}
Fanous et al.} 2025]]. If persuasive output depends on the social identity, register, or interpersonal
norms specified in the prompt, a persuasion score may reflect the framing rather than the model
[Malmgqvist, [2024].

We isolate social framing by holding the remaining features of the setup fixed. The spread in mea-
sured persuasion across frames is the elicitation gap, and we evaluate it alongside the spreads at-
tributable to the scorer’s prior position and the persuader model.

Our contributions are as follows.

* A debiased estimator for spread statistics. Extending the prompt-spread framework of|Sclar
et al. [2024], we identify the extreme condition levels on one half of the data and measure
their difference on the other, removing the upward bias of the plug-in range.

* A factorial design that isolates social frame from persuasion content. Five slots (role, claim,
side, setting, turn-and-length budget) are held byte-identical across every frame; only the
slots that carry the social manipulation (audience, norms, register) vary.

* A dual-readout scoring protocol. Every conversation is scored twice by the same scorer,
once prompted as the party addressed and once as a bystander who only read the exchange.
Crossing the instructed audience with the readout turns whether a model aims persuasive
force at an instructed audience into a measurable addressee—observer interaction.

» Results. Across 800 conversations, 40 propositions and 2 persuaders, the debiased social-
frame range is -0.10 in log-odds (p = 0.3837), against 0.68 for the scorer’s prior position
and 0.39 for the choice of persuader model.

» Release. The pipeline, prompt templates, debiased estimation code, screened proposition
set and all 800 transcripts will be released on acceptance (Appendix [G).

2 Related Work

Prompt-sensitivity work varies the surface form of a prompt and reports the resulting spread [Sclar
et al) [2024]. We vary the social framing (who the model targets and under what norms) while
holding the prompt structure constant. Persuasion evaluations vary the setting but also vary the task
and the outcome measure with it [OpenAlL 2024, Salvi et al.,2025]], so their spread is not attributable
to setting. |[Zaman et al.| [2026]] treat framing as a broad category and evaluate it across different
tasks rather than holding the environment constant. Closest to our design, [Kowal et al.| [2025] vary
situational personas, but measure willingness to attempt persuasion rather than its effect.

2.1 Prompt sensitivity and the meaning of a spread

The idea that model behavior should be reported as a range rather than a point comes from work on
prompt formatting. Sclar et al.| [2024]] vary meaning-preserving choices in how a few-shot prompt
is laid out — delimiters, spacing, casing — and find swings of up to 76 accuracy points on some
models, concluding that evaluations should report a distribution over plausible formats rather than
a single number. We adopt that recommendation and depart from it in two ways. Their spread is
estimated by searching a large space of formats and is therefore best read as a lower bound on how
much formatting can matter; ours is an exhaustive maximum over a small, designed factorial, which



makes it an upper-biased statistic instead, and Section [3| corrects for that bias explicitly. Their axis
is also orthographic, a property of how a prompt is typeset, whereas ours is social.

2.2 Persuasion measurement across settings

Salvi et al.| [2025] show in a preregistered randomized controlled trial that a conversational model
can shift human belief in live debate, with personalization increasing that effect further. Hackenburg
et al.| [2025]] run the largest such study to date, three experiments spanning 76,977 responses and
707 political issues across nineteen models, and find that post-training and prompting strategy move
persuasiveness far more than personalization or model scale. Beyond politics, |Costello et al.|[2024]
show that personalized dialogue with a language model durably reduces conspiracy belief; Matz
et al.| [2024] show that messages matched to a reader’s psychological profile are more persuasive
than generic ones across marketing, health and political domains; and Karinshak et al.| [2023]] show
a language model can generate pro-vaccination messages rated comparably to professional public-
health communication.

2.3 Audience-sensitivity: sycophancy and adversarial structure

Sharma et al.|[2023]] show that language models trained with human feedback consistently shift their
stated answers to match a user’s expressed view across free-form generation tasks, and trace part of
this behaviour to preference data that can reward agreement over correctness. Our design holds the
responder’s instructions fixed, so nothing rewards agreement; what varies is who the persuader is
told is listening. Sycophancy and the frame effect are therefore separable here, though both ask
whether a model’s output is a function of its task or of its audience. The adversarial structure of our
design, where a persuader argues a fixed side against a fixed responder while a separate party scores
the exchange, mimics the debate protocols proposed for scalable oversight [Irving et al., [2018]].

2.4 Simulated targets, prior position, and theory of mind

Moore et al.| [2026a] re-elicit belief after every persuader message and validate a Bayesian-network
target against human reference data, reporting that an explicit latent belief state tracks humans better
than a language-model target. We adopt the repeated readout but fix the primary outcome at a prefix
ending on the persuader’s fourth turn, so the measured quantity is the persuader’s effect rather than
the responder’s last word. [Zaman et al.| [2026] report that in a debate setting the juror’s prior dom-
inates manipulator skill by roughly a factor of four, and screen their claim pool to a narrow prior
band; we cross prior position as a factor instead of screening it out. Finally, our dual readout that
scores every conversation both as the party addressed and as a silent observer has a direct precedent
in theory-of-mind evaluation: [Kim et al.| [2023]] stress-test machine theory of mind by comparing
what a model reports to a participant against what it reports to an observer of the same conversation,
and [Yu et al.| [2025]] benchmark theory-of-mind reasoning in persuasive dialog without manipulat-
ing the instructed audience. We make the instructed audience a factor and the readout a second
factor, so aiming appears as an interaction. Given the contested status of theory-of-mind claims
about language models generally [Kosinskil [2023] [Ullman, 2023]], we read any such interaction as a
behavioral pattern rather than as evidence of mentalizing.

3 Framework

Setup. A persuader argues an assigned side of a proposition for four turns against a responder. A
scorer reads the conversation and states a credence from zero to one hundred that the proposition
is true. The outcome is the shift from the pre-conversation credence by (which is elicited once per
proposition and cached) to the credence after the prefix ending on the persuader’s fourth turn. The
responder’s replies are part of that prefix, so the scorer reads them too; the responder is controlled
through its instructions rather than its output.

Working in log-odds. Credence in points is not a scale on which two conditions with different
starting points can be compared: a shift from fifty to sixty and a shift from eighty-five to ninety-five
are not the same.



Write the scorer’s credence before the exchange as by and after it as by, and its odds as O = %
Pr(exchange|claim true)

Suppose the exchange carries evidence whose strength is a likelihood ratio A = &/ (exchange]claim false)

Bayes’ rule multiplies the odds:
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The right-hand side does not contain by, so for an ideal updater the same argument moves belief
by the same amount in log-odds regardless of where belief started, whereas in credence points the
available movement shrinks as belief approaches certainty.

Equation (T)) supplies both the outcome measure and a null hypothesis. The outcome is the log-
odds shift, which is comparable across starting points. The null is that the shift does not depend on
the starting position: an ideal updater would produce a range of zero across prior levels, and Gprior
measures the departure from that. We report the headline gap in credence points as well.

The estimand. For frames f € F and a measured capability C (f), the elicitation gap is G =

max; C(f) — miny C(f). This statistic is standard when reporting spread but is biased upwards
[Sclar et al.| [2024]. Even when every frame is identical in truth, the largest of several noisy cell
means exceeds the common value in expectation, and the smallest falls below it, making E[G] > 0.
We therefore identify the extreme condition levels on one half of the data and evaluate the range
on the held-out partition, testing the result by permuting frame labels within blocks that preserve
proposition, assigned side, and persuader identity.

Experimental controls. The frame reaches only the persuader. The responder’s prompt remains
identical in every cell, similar to a debate protocol with a fixed role rather than an unconstrained,
symmetric contest [Irving et al.l [2018]. If both sides observed the frame, any observed shift could
originate from either party, and the responder would cease to be a fixed instrument.

Two readouts. Each conversation is scored twice by one scorer model under prompts that differ
only in a clause stating whether the scorer was the party addressed or a bystander who took no part,
adapting the addressee-versus-observer contrast used to evaluate pragmatic theory of mind [Kim
et al.| [2023]]. A persuader instructed to speak to a broader audience rather than its direct interlocutor
might reallocate rhetorical effort toward that audience; this is captured by the interaction between
the instructed audience and the readout, which cannot be isolated through a single readout.

Prior position. Screening propositions to a narrow prior band, as prior work has done, removes
the variable most likely to dominate belief revision. We instead cross it. We assign each proposition
a side such that the scorer’s starting position is either opposed to the persuader or ambiguous, and
report the spread across those levels as Gprior, Which serves as a comparison scale for the frame
effect.

4 Instrument and Validation

Screening. The scorer’s cached prior by places each candidate proposition in a band. Items near
the middle enter as ambiguous; items the scorer leans against enter as opposed; items it is already
near-certain about have no room to move and are discarded. The screen retained 40 items, close to
the yield the design assumed, with priors spread across the usable bands rather than piled at one end.

Parsing. Every scoring call returned a parseable credence. Because parse failures that differed
by condition would themselves be a result, the protocol reports the failure rate rather than dropping

failures; in this run the rate was zero.

Readout agreement. Observer-readout and addressee-readout credences correlate at p = 0.92
across 800 conversations.

Length. The correlation between persuader word count and belief shift is -0.179.



debiased [95% CI] P
Social frame | e O—f— -0.10 [-0.37, +0.17] 0.384
Prior position —@®—— +0.68 [+0.54, +0.83] <0.001
Persuader model —o— +0.39 [+0.24, +0.56] <0.001
T T T T T T
-0.4 -0.2 0.0 0.2 0.4 0.6 0.8

debiased range in belief shift (log-odds)

Figure 1: Debiased ranges on one log-odds scale. Social frame accounts for -0.10; the scorer’s prior
position for 0.68; the choice of persuader model for 0.39. Error bars are 95% percentile bootstrap
intervals over conversations resampled within proposition blocks; p-values are permutation tests on
the range statistic with block structure matched to each factor (Appendix [F).

Table 1: Ranges in log-odds, all three estimated and tested identically. The naive column is the
plug-in maximum minus minimum a conventional analysis would report.

Factor Levels Naive Debiased (95% CI) p
Social frame 5 0.16 -0.10[-0.37,0.17] 0.3837
Prior position 2 0.68 0.68 [0.54, 0.83] 0.0001
Persuader model 2 0.38 0.39[0.24, 0.56] 0.0001

S Experimental Setup

Three roles take part, filled by four models: two persuaders arguing an assigned side, a responder
arguing against it, and a scorer stating a credence. The scorer shares no model family with either
persuader. The design crosses 5 frames x 40 propositions x 2 persuaders with 2 replicates, giving
800 conversations of 4 turns each. The frame is the persuader’s system message and the responder’s
prompt is identical in every cell. The outcome is read from the prefix ending on the persuader’s
fourth turn, scored twice under prompts differing only in a clause naming whether the scorer took
part.

Ranges are estimated by choosing the extreme levels on one half of the data and measuring them on
the other, over 200 splits; significance is by permutation with 10,000 draws, blocked to match what
each factor makes exchangeable; equivalence is by two one-sided tests at 5.0 credence points. A
single seed (20260827) fixes the analysis. Appendix[A]gives the protocol in full, including sampling
parameters, band edges, the parsing rule and the corpus gates applied before any estimate.

6 Results

6.1 Factor ranges

Figure [I] is the main result. All three factor ranges were estimated under an identical statistical
pipeline. The social-frame range is not distinguishable from zero (p = 0.3837); the prior-position
range is distinguishable from zero (p = 0.0001); the persuader-model range is distinguishable from
zero (p = 0.0001). Measured against the two yardsticks, the frame range is smaller than the prior-
position range and smaller than the model range.

Figure [din Appendix [F]shows the same data without the summary statistic, which matters because
arange is a function of two extreme cells and can be moved by either of them.

6.2 Selection bias in the range statistic

Credence points are not comparable across prior levels (Section[3), so the point-scale gap is reported
at one level. At the ambiguous prior level, the conventional maximum-minus-minimum is 3.31. The
debiased estimate is -1.06, with interval [-6.94, 3.79] and permutation p = 0.4333. The frame gap a
conventional analysis would have reported is therefore entirely accounted for by that bias.
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Figure 2: A plug-in maximum-minus-minimum over noisy cell means is too large on average even
when every frame is identical in truth. The distance between the markers is how far the conventional
estimator would have overstated the gap.

The plug-in range is non-negative by construction, so a negative debiased estimate requires com-
ment. The estimand is the out-of-sample contrast between the conditions identified as extreme in
training:

G = Cr(fSd) = Ca(fi), @)
where f,ﬁélc and féﬁ‘)

., are the conditions maximizing and minimizing performance on split A. When
the true condition means do not differ (s = p for all f € F), the labels selected on split A reflect
noise, and on the held-out partition B the difference between those two conditions is an unbiased

contrast centered at zero (IE[C?] = 0). A negative estimate is therefore expected under the null with
probability one half, whereas the plug-in range, bounded below at zero, can never produce one.

Standardized effect sizes. Expressed as standardized mean differences: ¢ = 0.40 between the
two persuader models, g = 0.66 between the two prior positions, and g = 0.12 between the high-
est and lowest frames. For reference, the meta-analysis motivating this paper pools the difference
between language models and human persuaders at g = 0.02 [Holbling et al.l 2025]], and a second,
independent meta-analysis over an overlapping but non-identical literature reaches a compatible
conclusion of persuasive parity with substantial contextual heterogeneity [Huang and Wang, 2023]].

The Bayesian null. Equation (T) says an ideal updater shifts by the same amount in log-odds
wherever belief started, so Gprior should be zero. It is 0.68 [0.54, 0.83], and distinguishable from
ZEero.

Equivalence. Failure to reject the null is not evidence for it. We preregistered an equivalence
test at a smallest effect of interest of 5.0 credence points. The observed difference is 3.32 with a
ninety-percent interval of [-1.00, 7.44]. The verdict is inconclusive.

6.3 Aiming at an instructed audience

Telling a persuader it is addressing an audience rather than its interlocutor should, if the model can
aim, move the audience’s credence more than the addressee’s. This is the addressee-versus-observer
contrast used to probe theory of mind in dialogue [Kim et al., 2023]], applied to persuasive force
rather than belief attribution. With 5,15 and 5,44 the mean log-odds shifts under the observer and
addressee readouts, the interaction is

Aalign = [Sobs(audience) — 5obs(addressee)| — [Saqa(audience) — Saqa (addressee)].  (3)

It is 0.32 across 480 addressee-framed and 320 audience-framed conversations. We report the point
estimate only; the released transcripts permit computing an interval and a blocked permutation test
in the same way as for the ranges. We read any value here as a behavioral pattern and not as evidence
about mentalizing, given how unevenly theory-of-mind claims about language models have held up
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Figure 3: A,iign = 0.32. Positive values would indicate the model shifts persuasive force toward
whichever belief-holder it was instructed to address.

[Kosinskil 2023 |Ullman, 2023|]. It is also distinct from sycophancy: the responder’s instructions are
fixed across cells, so nothing rewards the model for matching a stated belief, and any shift toward
the instructed audience would have to come from the frame alone [Sharma et al., 2023]].

7 Discussion

Comparing the ranges. The three ranges are estimated identically, on one scale, from one corpus,
so their ordering is interpretable in a way that a single number is not. On this evidence the frame
range is smaller than the prior-position range and smaller than the model range. For a safety evalu-
ation the practical consequence concerns where the variance lies: an evaluation that fixes its target
population and varies its prompt is holding one factor constant and moving another, and the reported
number inherits both choices whether or not either is stated [OpenAl, [2024].

Selection bias. The gap between the naive and debiased frame estimates is entirely accounted for
by that bias. The problem applies beyond persuasion. Any evaluation that reports a spread across
a condition set, such as prompt formats [Sclar et al., |2024], personas [Kowal et al.l 2025]), or agent
scaffolds, and reads that spread as sensitivity is reporting a statistic that is positive in expectation
under a true null. The correction requires only a data split, with the extremes chosen on one half and
their difference measured on the other.

Comparison scales. Without a comparison, a range can be called non-zero but not large or small.
Estimating Gprior and Gmodel On the same instrument provides two comparison scales for Grame
computed under identical procedures.

Scope of the claim. We do not claim that social framing cannot matter. The equivalence verdict
is inconclusive, and the frames we varied were narrow (Section @) The claim is only that, on an
instrument sensitive enough to detect both a prior-position effect and a model effect, the frame range
was smaller than the prior-position range.

Toward richer settings. The settings in which language models persuade people are richer than
any of the 5 frames tested here, and the targets are people rather than a model scorer. Neither was
reachable in a factorial of this size, but the design extends to both: the slot skeleton admits setting
types rather than slot values (Section [§)), the released transcripts can be rescored by human readers
(Appendix|[C)), and the debiased range with its comparison scales makes a spread measured in such a
study interpretable. This paper measures the frame effect where it is hardest to detect; further study
with live participants and more robust models is needed.



8 Limitations

Frame scope. We tested 5 frames: one reference frame and a 2 x 2 factorial over a shared slot
skeleton. They vary slot values rather than setting types; a courtroom and a conversation over
lunch are different situations, and both were specified but neither was generated. This narrowness
is conservative. A manipulation confined to slot content inside a fixed skeleton is the hardest place
for a frame effect to appear, because everything a persuader might exploit apart from those slots
is held constant, so a range measured here is a lower bound on what a wider manipulation would
produce, provided a wider manipulation does not suppress the effect. The reference frame is the
one contrast that is not narrow: it removes the social scaffolding entirely, matching the condition a
default evaluation uses. The limitation concerns generalisation rather than the estimate itself.

Redrawn conversations. In 78 of 800 conversations (9.8%) the responder stopped producing lan-
guage, either emitting its own control tokens as literal text and repeating them to the token limit,
or collapsing into one word repeated for hundreds of words. Both terminate at the token cap in
the same way an ordinary long answer does, so neither is visible in a truncation rate. Such a turn
is worse than a missing one because it enters the persuader’s history and every later turn is written
against it. We deleted those conversations and generated them again under a fixed mechanical rule (a
turn matching the detector in Appendix [B]is redrawn), applied identically to every condition without
inspecting any credence.

The remaining threat is that the analysis conditions on the responder producing language, and
whether it did is not independent of condition. Redraws fell unevenly across persuaders: 67 of
400 conversations under one persuader against 11 of 400 under the other. Collapse follows length,
and that persuader drew longer replies. If the discarded conversations were disproportionately ones
where the responder was building a longer counter-argument, what survives for that persuader is
shifted toward shorter replies, and its estimate with it. The present data cannot rule this out; do-
ing so requires regenerating with a responder that does not degenerate and comparing the corpora,
which is a new run rather than a reanalysis. The alternatives were worse: keeping the damaged
conversations puts control tokens inside the scored prefix, unevenly by frame, and dropping them
without replacement removes conversations at about six times the rate under one persuader as the
other.

Sycophancy. The outcome is a credence stated by a model that has just read an argument. Models
trained with human feedback shift stated positions toward an interlocutor’s [[Sharma et al., 2023}
Fanous et al.| [2025], and nothing here distinguishes a genuine update from that. The dual readout
does not resolve this: the observer readout is the same model reading the same one-sided argument,
so a disposition to agree with confident text moves both readouts together and surfaces as agreement
between them rather than as a discrepancy. Three checks would separate them: scoring arguments
for claims the scorer can independently verify, so agreement and accuracy come apart; scoring tran-
scripts with the arguments intact and the conclusion reversed; and comparing against human readers
of the same transcripts. Until one is done, the outcome should be read as measured movement in a
scorer’s stated credence, which is what any automated persuasion evaluation measures, rather than
as belief change.

Ethics, Broader Impact and Release

No human subjects; the study uses simulated targets only. The frames we release are ordinary de-
scriptions of discussion settings and contain no jailbreak content, and the propositions were screened
to avoid refusal-triggering material.

A Full protocol
This section gives the configuration in full.

Propositions. The pool contains 140 candidate statements across several domains. Each is truth-
apt, contested among informed people, arguable in both a formal and an informal register, self-



contained enough to need no external context, and unlikely to trigger a refusal. Domain labels are
recorded and play no part in the analysis.

Screening and prior levels. The scorer’s prior credence by is elicited 5 times per proposition with
no conversation present, and averaged. Items with |by — 50| < 15 are ambiguous. Items with
20 < |bp — 50| < 40 are polarized, and yield an opposed level by assigning the persuader the
side the scorer starts against. Items falling between or beyond those bands are discarded. 40 items
entered the design. by is elicited once per proposition and cached, so every conversation about a
proposition shares one baseline.

The frame skeleton. Every frame fills the same slots in the same order: role, claim, side, audience,
setting, norms, register, budget. Role, claim, side, setting and budget are byte-identical in every cell,
and a script checks that and fails the build if any differs by a character. Only audience, norms and
register carry the manipulation; register was held neutral throughout this run, so the frames form a
2 x 2 over audience and norms plus the reference frame.

The responder. The responder’s prompt is identical in every cell: it states that the responder is
discussing a claim with someone who disagrees, gives the claim, and caps each turn at 180 words.
If both parties saw the frame, a difference between conditions could originate with either, and the
responder would stop being a fixed instrument.

Sampling and turn handling. Persuader: temperature 1.0, 400 tokens. Responder: temperature
1.0, 1,500 tokens. Scorer: temperature 0.0, 64 tokens, reasoning traces suppressed. The persuader’s
first user message is one constant string, identical in every cell of every frame and carrying no
content of its own; it exists because a conversation consisting only of a system message is not a
valid request to every provider; holding it constant prevents it from becoming a condition.

Parsing. An integer is accepted as the credence only where the model presents it as its answer:
inside a fenced block, alone as the whole reply, alone on a line, or immediately after an answer-like
word. A number appearing loose in prose is rejected and the call is retried up to 2 times with a
format reminder; a call that still yields nothing is recorded as a parse failure and reported rather than
dropped.

Corpus gates. Fixed limits are applied before any estimate: turns ending at the token cap, tran-
scripts with a zero-word turn, turns under forty words, transcripts containing a turn that is not lan-
guage, transcripts without a complete scored prefix, and, separately for each, the spread of that rate
across frames, plus the gap between persuaders in damaged-transcript rate. Each limit was written
in response to a specific failure that had already occurred and passed every check then in place.

B Corpus repair

A conversation was redrawn when any turn in it matched the detector below. The detector was
written after reading the turns at the extremes of the corpus, not from a specification, so we state it
in full and release it with the code.

A turn is treated as non-language if any of the following holds:

* it contains a sequence-boundary control token as literal text, in the served model’s own
notation, or any angle-bracketed control token repeated three or more times in a row;

* it is at least 50 words long and the share of distinct words, compared case-insensitively, is
below 0.25;

* itis at least 50 words long and contains 20 or more identical words consecutively.

The length floor exists so that a short reply cannot be flagged for having a small vocabulary. The
thresholds sit far from the data on both sides. The repetition loops we found score more than an
order of magnitude below the distinctness threshold, since a turn of one repeated word approaches
zero, while ordinary turns score around twice it. Run against several thousand turns from an earlier



corpus generated under a smaller token limit, where no loops occurred, the detector returned no
matches at all, which is the check that it is not simply flagging long or repetitive argument.

Redrawing required deleting the cached model responses as well as the conversation. Responses are
cached by a hash of the request, so deleting a conversation alone would have caused the regeneration
to be served the same output from cache. Score rows for a redrawn conversation were deleted at the
same time: a conversation is named by a hash of its cell rather than its contents, so a redrawn one
occupies the same name, and the scorer skips a name it has already seen. A row left in place would
have survived re-scoring and described text that no longer existed.

After the redraws, O turns in the corpus match the detector. 1 conversation lacks a complete scored
prefix, from a provider error on a single turn, and is excluded from all estimates.

The detector now runs during generation, which ends a conversation at a matching turn rather than
continuing to write against it, and the corpus check refuses a corpus whose rate of such turns, or
whose spread across frames, exceeds a fixed limit. Both were added in response to this failure;
neither was in place when the corpus that exhibited it was generated.

C Extended limitations

Regression to the mean. Prior level is assigned from the same cached by that serves as the out-
come baseline, so any noise in by enters twice with opposite signs, pushing extreme-prior items
back toward the middle and enlarging the measured spread. The same shared noise is identical
across frames within a proposition, so it cancels inside the proposition blocks used for Game and
inflates only G'p,rior. Three factors bound the inflation. The prior is averaged over 5 elicitations at
temperature 0.0, so its noise is small against the band widths separating the levels; the levels are
wide bands rather than a threshold split, so an item must be badly mismeasured to land in the wrong
one; and the inflation falls on Gpyior, Which is a yardstick rather than the estimand, making the com-
parison against Ggrame conservative in the direction that matters. Gprior should be read as an upper
bound on prior-dependence. Eliciting a second independent prior for grouping, and reserving the
cached one for the baseline, removes the shared noise at the cost of one call per item.

Simulated targets. Every estimate is against a model scorer. A model scorer makes a factorial of
this size affordable but limits external validity: a structured target with an explicit latent belief state
tracks human dynamics better than a plain language model [Moore et al. 2026a]], and ours is the
latter. The direction of the resulting error is unknown: a model scorer may be easier to move than
a person, harder, or ordered differently across frames. Only the third would change the ordering of
the factors, and this design cannot rule it out.

One scorer. All estimates come from a single scorer at one context length and quantization; the
robustness scorers specified in the design were not run. A frame effect invisible to this scorer but
visible to another would appear here as a null, and nothing in this run separates those cases. The
transcripts are released with every turn intact, so a second scorer is a rescoring rather than a regen-
eration, and is the least expensive extension of this work.

Multi-turn diagnostics. A rational belief sequence requires expected movement to equal expected
uncertainty reduction; movement in excess of that identity indicates over-updating [[Augenblick and
Rabin| [2021]]. Computing it, or validating trajectory fidelity against human traces [Moore et al.,
2026al], needs belief elicited at more than one point. We elicit at one prefix, so neither is available
here. Both can be computed by rescoring the released transcripts without generating anything new.

Scope. 4 turns, English only, one proposition per conversation, 2 persuader models, one provider
per model. Prior position is measured at two levels rather than three, the aligned level having
been deferred, so the result bounds prior-dependence rather than mapping its shape and cannot say
whether it is asymmetric. Models are served versions accessed through a hosted interface, which
can change beneath a fixed identifier; the served identifier and returned metadata are recorded per
call, but exact reproduction depends on a provider continuing to serve the same weights.

Scorer selection. The scorer was chosen for availability rather than by measured prior disper-
sion. We had intended to screen the proposition pool with a second local model and keep whichever
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yielded more usable items, since this design needs dispersion rather than capability from its in-
strument and no benchmark reports dispersion; schedule prevented it. The instrument passes every
check in Sectiond] so the estimates stand, but we cannot claim it was the best available choice on
that property.

Model scale. The cost of a factorial over multi-turn conversations kept this run off frontier-tier
models. The models used pass every validation check in Section ] but a higher-capacity system
may have different baseline persuasiveness or different frame sensitivity, and neither follows from
what is measured here.

D Frames

Every frame fills the same slots in the same order, so what varies between cells is slot content and
never slot structure. Five slots are byte-identical in every cell: the role statement, the claim, the
assigned side, the setting and the turn-and-length budget. A script checks that identity and fails the
build if any differs by a character.

Three slots carry the manipulation. AUDIENCE states whether the persuader is addressing the person
it is talking to or a third party reading the exchange. NORMS either states rules of engagement or
says that none apply. REGISTER was held at neutral throughout this run. The reference frame f _ref
leaves all three empty, giving a bare instruction to argue a side — the condition a default evaluation
would use.

E Propositions and Screening

Propositions were authored for this study rather than drawn from an existing debate corpus. The
requirement that an item be arguable in both a formal and an informal register rules out most items
in such corpora, which tend to be either too technical to sustain a casual exchange or too trivial to
sustain a formal one. An item the scorer is already sure about cannot register persuasion, and a
pool of such items would produce a floor effect indistinguishable from a null; the screening bands in
Appendix[Alexclude them. Each retained item is assigned a side so that the scorer’s starting position
is either opposed to the persuader’s assigned side or ambiguous.

F Estimation

Debiasing. The plug-in range max ¢ C(f)—min ¥ C(f) is positive in expectation even when every
level is identical, because the maximum of several noisy means exceeds the common value and the
minimum falls below it. We split the data, identify the extreme levels on one half, and evaluate their
difference on the other. Selection and measurement then use independent noise, so the selection
cannot inflate the measurement.

Intervals. Every interval in the paper is a 95% percentile bootstrap. The unit of resampling is the
conversation, drawn within proposition blocks so that each resample keeps every proposition’s share
of the corpus; the split-and-measure procedure is rerun inside each resample.

Permutation. Labels are shuffled within blocks that hold proposition, side and persuader fixed,
so the null preserves everything except the assignment of interest. The reported p is the share of
shuffles whose range statistic is at least the observed one.

Equivalence. The equivalence test compares the two extreme frame levels against a smallest effect
of interest of 5.0 credence points, using a ninety-percent interval. Rejecting both bounds would
license a claim that the frame gap is smaller than 5.0 points. An interval crossing either bound is
inconclusive, and is reported as such.

Blinded pass. The whole analysis is run once on permuted labels before it is run on the real ones,
so that every estimator, gate and figure is exercised on data in which no effect can exist. Any nonzero
result on that pass indicates a pipeline error.
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Social frame

AOCO O n=160
AOC1 O n=160
A1CO O n=160
AlC1 _—— n=160
reference O n=160
T T T T T
Prior position
ambiguous -_ n=400
opposed _ n=400
T T T T T
Persuader model
Persuader A _ n=400
Persuader B _ n=400

T T T T
10 15 20 25
mean belief shift (credence points), with 95% intervals

ul

Figure 4: Every level of every factor, with intervals, on one axis. This is the range result without the
range statistic: a reader can check the claim in Table[T]against the cell means it was computed from.

G Reproducibility

Table 2: Run configuration and model details.

Run identifier r_20260902_022634_main
Config hash £260£3£428028ddc01927fe57a5e9db1556523bf
eb66c3e609cb53f953147326¢

Persuader A anthropic/claude-haiku-4.5
Persuader B meta-llama/llama-4-scout
Responder deepseek/deepseek-chat-v3-0324

Scorer (served) qwen38-score:latest, context 8192
Scorer weights qwen3.8:27b-q4_K_M

Weights digest 25b843619e94

Quantization Q4_K_M

The scorer is a local model. The config hash covers every file under configs/. Scoring filters
transcripts to the current hash and the analysis refuses to pool across hashes.

Compute. The scorer ran locally on a single Apple-silicon machine with 48 GB of unified memory
under MLX; the persuader and responder roles were served through a hosted API provider. No GPU
cluster was used. One earlier corpus, generated under a smaller token limit, was discarded before
the run reported here (Appendix [B]), so the project’s total generation exceeded that of the reported
run.

Release. Code, prompt templates, the proposition set and all 800 transcripts will be released on
acceptance under open licenses, with a datasheet; an anonymised archive accompanies the submis-
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sion. The hosted models are used under their providers’ terms of service and the scorer weights
under the license of the repository in Table[2]

Declaration of LLM Usage

Language models are the persuader, responder and scorer in this study, as described in Section [5}
Beyond that, large language models were used as programming assistants for writing, refactoring
and debugging the pipeline and analysis code, and for copy-editing the manuscript. They played
no part in the study design, the authoring of frames or propositions, or the interpretation of results.
All generated code was reviewed and tested by the authors, who take full responsibility for the
implementation and results.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not re-
move the checklist: The papers not including the checklist will be desk rejected. The checklist
should follow the references and follow the (optional) supplemental material. The checklist does
NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

¢ You should answer [Yes], ,or [N/A].

* [N/A] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for [N/A]).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will also be asked to include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While [Yes] is generally preferable to , it is perfectly acceptable to answer provided a
proper justification is given (e.g., error bars are not reported because it would be too computationally
expensive” or “we were unable to find the license for the dataset we used”). In general, answering

or [N/A] is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:
* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Check-
list",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [TODO]
Justification: [TODO]
Guidelines:
e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [TODO]
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Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

e The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A| means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theo-
rems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [TODO]
Justification: [TODO]

Guidelines:
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The answer [N/A] means that the paper does not include experiments.
If the paper includes experiments, a answer to this question will not be per-
ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all sub-

missions to provide some reasonable avenue for reproducibility, which may depend

on the nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear
how to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [TODO]
Justification: [TODO]

Guidelines:

The answer [N/A] means that paper does not include experiments requiring code.

Please see the NeurIPS code and data submission guidelines (https://neurips.
cc/public/guides/CodeSubmissionPolicy) for more details.

While we encourage the release of code and data, we understand that this might not
be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A| means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of
detail that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A]| means that the paper does not include experiments.

e The authors should answer [Yes] if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

¢ Itis OK to report 1-sigma error bars, but one should state it. The authors should prefer-
ably report a 2-sigma error bar than state that they have a 96% Cl, if the hypothesis of
Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A | means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.
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* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [TODO]
Justification: [TODO]
Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require
a deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A| means that there is no societal impact of the work performed.

o If the authors answer [N/A] or , they should explain why their work has no soci-
etal impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A| means that the paper poses no such risks.
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* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [TODO]
Justification: [TODO]
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Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [TODO]
Justification: [TODO]
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.
Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.
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