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Abstract

LLM-based agents are increasingly used to sim-
ulate deliberative interactions such as negotia-
tion, conflict resolution, and multi-turn opinion
exchange. Yet generated transcripts often do not
reveal why an agent’s stance changes: movement
may reflect evidence uptake, anchoring, role drift,
echoing, or changed prompt and retrieval context.
We introduce the Belief Engine (BE), an auditable
belief-update layer that treats “belief” as an evi-
dential state over a proposition and exposes it as
scalar stance. BE extracts arguments into struc-
tured memory and updates stance with a log-odds
rule controlled by evidence uptake w and prior an-
choring a. Across multiple base LLMs, parameter
sweeps show that these controls reliably shape
stance dynamics while preserving an evidence-
level update trail. On DEBATE, a human deliber-
ation dataset with pre/post opinions, BE best re-
constructs participants whose final stance follows
extracted evidence; stable and evidence-opposed
cases instead point to anchoring or factors out-
side the extracted evidence stream. BE provides
configurable infrastructure for studying evidence-
grounded deliberation, where openness, commit-
ment, convergence, and disagreement can be tied
to explicit update assumptions rather than hidden
prompt effects.

1. Introduction

Large Language Models (LLMs) are moving from single-
turn assistants to simulated participants in agent societies,
education, civic deliberation, and collective-decision set-
tings. Generative-agent work showed how LLMs can sus-
tain social simulation over time (Park et al., 2023), while
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recent deliberation and augmented-democracy studies use
LLMs to model discussion, preference formation, and citi-
zen input (Yang et al., 2024; Chuang et al., 2025; Gudifio
et al., 2024). Digital-twin proposals extend this ambition
by treating synthetic communities as test beds for deliber-
ative design (Novelli et al., 2025). Across these settings,
researchers need to know what agents say, and also whether,
when, and why their stances change in response to reasons.
In multi-agent deliberation, these update dynamics matter
for cooperation and conflict resolution because they shape
when agents listen, preserve commitments, converge, or
remain apart.

Because current LLM agents can generate fluent agreement
and disagreement without exposing the source of that move-
ment, attribution becomes central. A transcript may look
more moderate because the agent accepted evidence, be-
cause its persona drifted (Choi et al., 2025b), because it
echoed its interaction partner (Shekkizhar et al., 2025), or
because inherited model biases shaped the response (Tauben-
feld et al., 2024). An agent may also appear resistant be-
cause retrieval or prompt context changed. For agent-based
simulations, the modelling target becomes unclear: what
kind of deliberative subject is being represented?

We introduce the Belief Engine (BE), an auditable
simulation-control layer that puts log-odds belief updating
under experimental control. We use “belief” in an opera-
tional Bayesian modelling sense: a proposition-level evi-
dential state maintained in log-odds. We use stance for the
scalar readout S € [—1, 1], with positive values support-
ing the proposition and negative values opposing it. Initial
seed arguments define the prior, later arguments provide
weighted evidence, and both are accumulated through a
log-odds rule with two interpretable controls: evidence up-
take v and prior anchoring a. This targets the component of
deliberation that current LLM agents leave implicit: what
counts as evidence, how much it can move the belief state,
and how strongly an initial commitment persists. Incoming
arguments are extracted, judged, and stored in structured
memory before they enter this update. Language generation
is conditioned on the updated stance and retrieved evidence.

Separating the maintained belief state from generation lets
researchers state modelling assumptions that are usually
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Figure 1. Belief Engine architecture. Incoming messages are extracted into structured arguments, judged, and stored as active evidence
or archived records. Active evidence updates the maintained belief state through evidence uptake and prior anchoring; responses are
generated from the resulting stance plus retrieved memory and recent dialogue context.

buried in prompts. High uptake creates more evidence-
responsive agents, strong anchoring preserves initial com-
mitments, and the stance trajectory can be checked against
the evidence that produced it. BE therefore turns deliber-
ation simulation from prompt-driven transcript production
into a reportable state-transition model: researchers can
specify how evidence enters memory, how much it moves
the belief state, and how the resulting stance trajectory con-
ditions language.

We evaluate BE with controlled parameter sweeps, matched
prompt-based baselines, and replay on 2,495 quality-filtered
DEBATE (Chuang et al., 2025) trajectories from human
multi-round discussions. The sweeps test whether u and a
control evidence responsiveness across base models. The
prompt baselines test whether self-revision and retrieval
expose the same update process. We use DEBATE replay
to understand which kinds of human stance movement are
explained by extracted evidence, rather than to claim that
one profile should predict the whole population: under the
same extracted-evidence stream, which uptake—anchoring
profiles reconstruct observed response regimes?

Concretely, BE makes three pieces of the simulation explicit.
The architecture separates argument extraction, evidence
judgement, structured memory, belief updating, stance com-
putation, and response generation. The generated-agent
experiments show that two scalar controls, uptake and an-
choring, produce predictable stance dynamics across mul-
tiple base models while preserving an evidence-level audit
trail. The human replay protocol shows that the same in-

terface can separate evidence-explained movement, stable
anchoring, and movement whose signal is absent from the
extracted evidence stream.

2. Related work

LLM deliberators blur expression and state. A cen-
tral difficulty in LLM-based social simulation is attribu-
tion: when an LLM agent changes what it says, the tran-
script alone does not show whether the movement should
be treated as evidence-responsive updating or as a surface
shift caused by prompting, retrieval, or generation. They
exhibit persona shift (Choi et al., 2025b; Shekkizhar et al.,
2025), knowledge-conflict failures (Xu et al., 2024), recency
sensitivity (Kim et al., 2024; Zhang et al., 2025), regression
to training biases (Taubenfeld et al., 2024), and excessive
convergence relative to humans (Chuang et al., 2025). DE-
BATE is especially relevant because it records both public
interaction traces and private pre/post opinions, showing
that plausible role-play can still distort individual and group
opinion dynamics. Debate can also behave like a martingale
without a specified update policy (Choi et al., 2025a). Even
if reasoning models internally simulate dialogic “societies
of thought” (Kim et al., 2026), those implicit perspectives
are not persistent, auditable social actors. BE addresses this
gap by maintaining a separate belief state with an explicit
stance variable.

Democratic simulations need inspectable change. Ap-
plied systems increasingly use LLMs in deliberative settings:
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Al debate can support factual claim assessment (Rahman
et al., 2025) and judicial tasks (Hu et al., 2025), while Agora
and ArgueMate scaffold consensus-finding in civic and edu-
cational contexts (Pradeep Fulay et al., 2026; Wang et al.,
2026). Augmented-democracy and digital-twin proposals
extend this ambition by using LLMs or synthetic commu-
nities to estimate citizen preferences and test deliberative
designs through controlled “what-if” scenarios (Gudifio
et al., 2024; Novelli et al., 2025) and DelibSim shows that
LLM groups match human procedural discourse quality
while failing to reproduce similar epistemic outcome dy-
namics (Flechtner, 2026). We argue that, in such settings,
the missing state variable becomes a substantive problem.
A deliberative simulator should report final accuracy, epis-
temic and discourse quality, and user learning, but it should
also expose why simulated participants move, remain stable,
or polarise.

Memory does not determine belief revision. Agent mem-
ory systems decide what can be retained, reflected on, or
retrieved: Generative Agents (Park et al., 2023), episodic
memory banks (Zhong et al., 2023), reflection systems (Xu
et al., 2025; Tan et al., 2025), graph memory (Gutiérrez
et al., 2024; Kang et al., 2025; Huang et al., 2025), large-
scale simulations (Piao et al., 2026; Xu et al., 2026), and
retrieval-augmented debate (Li et al., 2026) all strengthen
some form of context persistence. But remembering an ar-
gument is not the same as accepting it as evidence. Memory
can also amplify noise or reinforce experience-following
behaviour (Xiong et al., 2025). BE places judgement and up-
dating between memory and generation: stored arguments
become belief-relevant only when the evidence layer marks
them active.

Formal update rules need semantic grounding. Bayesian
models (Olsson, 2013), DeGroot updating (DeGroot, 1974),
and bounded-confidence models (Deffuant et al., 2000;
Hegselmann & Krause, 2002) make opinion dynamics ex-
plicit, and recent work connects LLM debate to Bayesian
Nash equilibrium (Xie et al., 2025). Their abstraction is
also their limitation for language-agent simulations: they
rarely specify how natural-language arguments are extracted,
judged, remembered, or turned back into utterances. Human
belief updating also departs from ideal Bayesian assump-
tions (Stengard et al., 2022; Holt & Smith, 2009; Ashinoff
et al., 2022). People may protect commitments, weigh ev-
idence through identity and trust, and respond differently
across social contexts. The BE framework sits between
these traditions. It keeps the update rule parameterised,
grounds each update in extracted arguments, and exposes
profiles that can be calibrated against human deliberation
trajectories.

3. Method

Figure 1 depicts a BE agent as an LLM-based debater whose
proposition-level belief state is maintained by the Belief
Engine. During a debate it exchanges messages with an
opponent on a fixed topic. The agent can use any compatible
base model. Across the generated-agent comparisons we use
GPT-40-mini, GPT-5.4-mini, Qwen 3.5 9B, and Gemma 4
E4B in different roles, as detailed below. In the generated-
agent conditions, debates start from n=10 seeded arguments
and use the same dialogue protocol while varying the uptake-
anchoring profile (u, a). Each response is generated from
three inputs: (i) current stance instruction, (ii) retrieved
context, and (iii) recent dialogue context. Since the belief
state is updated by reported parameters and exposed as .5,
the architecture makes it possible to study how simulated
agents change state under argumentative pressure.

3.1. Belief engine

The Belief Engine decouples belief maintenance from gen-
erative reasoning so that the agents’ belief updating can be
controlled systematically. For each new message, the en-
gine follows the five-step loop (Fig. 1): Extract Arguments
(convert a message into candidate claims), Judge Evidence
(score and merge near-duplicate candidates), Update Struc-
tured Memory (store active and archived evidence), Update
Belief State (apply the log-odds rule and compute stance .5),
and Compose Response (retrieve active memory in propor-
tion to its pro/con composition and map S to behavioural
instructions for generation).

The reported Belief Engine results use a deterministic log-
odds updater that recomputes the belief state from argument
polarity, support strength, evidence uptake u, and prior an-
choring a, then exposes it as stance .S. Each stored argu-
ment has a binary active flag z; € {0, 1}, implemented as
credence_relevant. Only active records contribute
to stance S € [—1, 1], separating record-level evidence se-
lection from the aggregate stance.

Extract arguments. An independent LLM module de-
composes each message m, into candidate records & =
J(my) = {& = (ci,pi, )}k, where ¢; is the canoni-
cal claim, p; € {—1,+1} is its polarity (+1 affirmative,
—1 negative), and r; € {seed, self, opponent} is the
source role. We use the same extractor across experiments,
while the base debater model varies in generated-agent com-
parisons. Polarity is defined relative to the debate propo-
sition, not sentiment. A single message may yield zero,
one, or several candidate arguments. Extraction proposes
candidate evidence records, it does not by itself determine
whether a claim should affect the belief state. Rather than re-
stricting extraction to formal, logically structured arguments,
we adopt a broader conception of deliberative communica-
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tion that includes narratives, rhetorical forms, and experien-
tial knowledge (Young, 2002; Nakazawa et al., 2024). Ac-
cordingly, any persuasive contribution, whether formal rea-
soning, anecdotal evidence, or rhetorical framing, is treated
as a valid unit of analysis.

Judge evidence. The judgement layer governs how can-
didate arguments are transformed into structured evidence.
Following Xiong et al. (2025), we treat scoring and con-
flict resolution as separate architectural choices with ex-
plicit outputs. Strength scoring. Each extracted argu-
ment receives a strength s € [0, 1] from either the LLM
extractor (siM) or a classifier (s¢f). The classifier is
DeBERTa-v3-large (He et al., 2021) fine-tuned as a
regressor on crowd-rated argument-quality labels (Gretz
et al., 2019), mapping each (topic, claim) pair to a scalar
score in [0, 1]. We set s; = s$If when classifier scoring is
enabled and s; = s*IM otherwise. Sweeps may use either
scorer, while DEBATE replay fixes s; = sglf so calibra-
tion varies only belief-update parameters. Each record is
then written as e; = (¢;, pi, S, Ti, 2;) With z; < 1 prior to
conflict resolution. Conflict resolution. To avoid repeated
paraphrases causing repeated updates, we soft-deduplicate
same-polarity active claims. For a new argument, we com-
pare its claim embedding against active records with the
same polarity. If none exist, or if the nearest match has
cosine similarity below the configured threshold 6, the new
record stays active. Otherwise, we keep only the stronger
record active and archive the other. Records are retained for
auditability, but only active ones (¢ = 1) affect the belief
state. Appendix B gives the replacement rule and reports
how 0 is set.

Update structured memory. After conflict resolu-
tion, the BE agent stores each claim as a structured
ArgumentRecord with polarity, strength estimates,
source role, and credence_relevant status. Accepted
evidence remains active, while superseded evidence is
archived for traceability. This selective consolidation sup-
ports record-level replacement during conflict resolution
and later retrieval by active pro/con memory composition.

Update belief state. The Belief Engine exposes an uptake-
anchoring (UA) profile (u, a): evidence uptake u determines
how strongly new evidence shifts the belief state, while prior
anchoring a sets the strength of the initial prior.

Belief updating is modelled as additive evidence accumu-
lation in log-odds space over the currently active memory,
with bounded stance S;. Let A; = {i : z; = 1} denote the
active-memory index set after judgement and conflict resolu-
tion at time ¢. Rather than retaining stale contributions from
arguments that have since been archived, the log-odds state
is recomputed from the active set. With v, = a for seed

records (r; = seed) and v; = wu for later debate records
(r; # seed), the update is

L= piln(l+s7),
i€AL
2
Sy =20(Li) —1=— 1,

Sy € [—1,1].
1+ exp(—Ly) vel=1

ey

Seed records represent the prior, with no separate intercept:
a sets how strongly seed records establish the initial belief
state, while u sets how strongly later debate evidence shifts
it. Evidence accumulates linearly in log-odds, while the
logistic transform yields bounded stance and diminishing
returns near certainty. Here, Bayesian refers to the log-odds
evidence-accumulation form: the rule accumulates argu-
ment weights as additive evidence over prior seed records,
with likelihood-like quantities operationalised through argu-
ment extraction and evidence scoring. If records are never
archived or replaced, Eq. 1 reduces to an incremental update.
Archived records remain auditable but no longer affect the
belief state.

Compose response. After updating the belief state, the
BE agent retrieves a bounded context R; from active
memory. Let M;™ and M; denote the active affirma-
tive and negative records. Retrieval allocates k; =
round (k| M| /(|MF | 4+ |[M7])) slots to affirmative ev-
idence and k. = k — k4 to negative evidence, with an
even split when active memory is empty. R; is the union of
the strongest k. and k_ active records by support strength.
Retrieval therefore follows accepted evidence instead of
directly amplifying scalar stance. The next utterance is gen-
erated as y; ~ LLM(S:, Ry, ht), where Sy is mapped to a
10-bin stance-intensity instruction and h; is recent dialogue
context.

3.2. Experimental setup

We separate two empirical targets. Generated-agent exper-
iments evaluate the full loop, including generation, judge-
ment, memory, retrieval, and belief updating. DEBATE
replay isolates the update rule under real received-evidence
histories, giving a human-grounded calibration test for the
resulting stance dynamics.

Generated-agent experiments. Seed and counter-agent
arguments come from the Argument Quality Ranking
dataset (Gretz et al., 2019), which contains about 30,000
crowd-annotated arguments with topic, polarity, and quality
scores. All generated debates run for 15 rounds with n=10
seed arguments per side and agent temperature 7'=0.7. Sym-
metric two-agent debate provides a controlled setting for
testing update mechanics, profile dynamics, and evidence-
conditioned generation.
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Figure 2. Parameter control and profile dynamics. Stance S € [—1, 1], where 41 means affirmative/pro with respect to the proposition and
—1 means negative/con. Left: BE single-agent sweeps across three base LLMs, varying evidence uptake u (a = 0.70) and prior anchoring
a (u = 0.4). Right: GPT-5.4-mini two-agent profile debates with Open-minded (u, a) = (0.40, 0.20) and Stubborn (0.10, 0.80) agents.

Thin lines show trials, thick lines show means.

In the main text, we focus on (i) five-point parameter sweeps
over u or a across three base models (five trials per setting)
and (ii) matched prompt baselines, namely prompt self-
update and RAG plus self-update. Appendix diagnostics
add Open-minded/Stubborn profile and topic-grid demon-
strations over 10 topics with three debates per profile-pairing
cell. When a system does not expose .5, a shared external
LLM judge receives the proposition and generated text, then
returns a scalar stance in [—1, 1] at temperature 0.0. Hyper-
parameters appear in Tab. AS.

Human replay validation. DEBATE replay uses the
benchmark as observed-evidence replay rather than as one
of its original simulation tasks. For each participant, we
initialise BE from the private initial Likert stance, replay
directed evidence from partner tweets and received chat
messages, and compare the final BE stance with the private
final Likert stance. Six-point Likert responses are mapped
linearly to .S € [—1, 1]. We perform a grid search over (u, a)
and select settings by held-out RMSE on final stance. We
report two references: a no-change baseline that predicts the
final stance from the initial stance, and a net-evidence linear
baseline, S'ﬁnal = Sinitial + BE, that fits one scalar evidence

weight on training folds only. The linear baseline uses the
same quality-filtered received-evidence stream, human-like
uptake and deduplication filter, and classifier strength scores
as BE, but omits the Bayesian log-odds belief-update rule.
The paper-facing replay excludes self-authored posts and
messages, isolating the belief-update component under the
evidence a participant received.

4. Results

The results ask three questions. First, is the maintained
stance .S visible in generated text strongly enough to sup-
port comparison with external stance scores? Second, do
uptake and anchoring give predictable control across base
models, and do prompt-only self-revision or RAG expose a
comparable update trail? Third, when replayed on DEBATE,
which final-stance movements are explained by extracted
received evidence, and which point beyond it? Generated-
agent experiments test controllability and auditability, while
DEBATE replay tests how the same update interface cap-
tures human response heterogeneity. Appendix D reports
auxiliary diagnostics for the extractor and judgement layer.
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4.1. Uptake and anchoring control stance dynamics

We first validate that the maintained stance S is expressed
in generated language. We sweep S € [—1,1] and ask
the independent judge used for non-BE baselines to score
each generated response. The scores align tightly with the
assigned stance (r = 0.967, p < 0.001), with a fitted slope
of ~ (.86 indicating mild compression at the extremes.
Because the judge sees only text, it provides a calibrated
behavioural score for systems that do not expose .S.

We next test the two controls directly. We sweep evi-
dence uptake u and prior anchoring a across five levels
({0.2,...,1.0}) in 15-round debates against a deterministic
counter-argument opponent on the proposition “We should
introduce compulsory voting”. We repeat the sweep with
three base language models (GPT-40-mini, Qwen 3.5 9B,
and Gemma 4 E4B) to test whether the pattern depends
on the generator. Figure 2 shows the intended ordering.
Higher © makes agents more responsive to new evidence:
for GPT-40-mini, the final stance shifts from +0.81 (u=0.2)
to —0.49 (u=1.0), and Qwen and Gemma move even fur-
ther in the high-uptake setting (—0.96 and —0.99). Higher
a makes the seeded prior more persistent. Holding ©=0.4,
GPT-40-mini ranges from —0.37 (a=0.2) to +0.80 (a=1.0),
and Qwen and Gemma follow the same pattern.

Figure 2 (right) demonstrates that the same rule could
also create recognisable two-agent profiles. Open/Open
agents reduce disagreement, Stubborn/Open pulls the open
con agent toward the anchored pro agent, and Stub-
born/Stubborn preserves more of the initial gap. The end-
points differ by base model and trial because retrieval keeps
active evidence from both sides available, so generation still
affects the rate and magnitude of movement. This is the
desired behaviour for simulation: openness, asymmetric
anchoring, and mutual anchoring become explicit settings
rather than implicit prompt effects.

4.2. Prompt baselines show weaker convergence without
update trails

Prompt baselines test whether self-revision instructions and
retrieval are enough to produce comparable convergence
without a separately maintained state. The matched two-
agent debates use 15 rounds, 3 trials, and initial stances
+0.75 (Fig. 3).

With the BE, memory, retrieval, and the update profile re-
main fixed at (u,a) = (0.2,0.4) while the base generator
varies. All four BE conditions reduce the initial stance gap,
with final gaps of 0.50 (GPT-40-mini), 0.23 (GPT-5.4-mini),
0.22 (Qwen), and 0.07 (Gemma), each traceable to active
evidence under the shared profile.

The GPT-5.4-mini prompt self-update and RAG plus self-
update baselines also move in the external-judge score,
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Figure 3. Prompt-baseline comparison on 15-round atheism de-
bates. BE variants use fixed (u,a) = (0.2,0.4) and expose in-
ternal stance; prompt self-update and RAG plus self-update use
external-judge scores on the same [—1, 1] scale.

but their convergence is weaker. They end with wider
Pro/Con gaps than most BE variants: (+0.23, —0.40) and
(40.23, —0.62). BE therefore adds what prompt-level self-
revision lacks: an internal belief state, reported uptake and
anchoring parameters, and an evidence-level update trail.

4.3. Human replay diagnoses which movements are
explained by extracted evidence

DEBATE replay fixes the received-evidence stream and
fits only the update rule. We use it as a diagnostic hetero-
geneity test: which uptake—anchoring profile reconstructs
the observed final stance? The subgroup partitions are
outcome-conditioned diagnostics from observed final move-
ment, so they should be read as replay analyses rather than
pre-outcome prediction rules. Figure 4 shows the calibration
surface. Each heatmap holds out final human stances for one
participant subset, sweeps v and a, and colours each cell
by how much its RMSE exceeds that panel’s best cell. The
pooled surface favours low uptake with moderate anchoring.
After partitioning by evidence alignment, the minima move
to different regions: evidence-aligned movers favour high
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Table 1. Held-out DEBATE replay RMSE on mapped final stance.
No-ch. predicts initial stance, Linear fits a train-fold scalar on
signed extracted evidence, and BE uses the calibrated uptake—
anchoring profile. Gain is Linear minus BE; |A| is mean absolute
human movement. Subgroup rows are outcome-conditioned replay
analyses, not pre-outcome prediction rules.

Group N |A] No-ch. Linear BE Gain
All participants 2,495 0.283 0.489 0.488 0.465 0.023
Evidence-aligned movers 542 0.619 0.718 0.689 0.393 0.296
Evidence-opposed movers 400 0.633 0.737 0.765 0.658 0.107
Stable participants 1,379 0.000 0.000 0.037 0.006 0.031

uptake, evidence-opposed movers favour near-zero uptake,
and stable participants favour near-zero uptake with max-
imal anchoring. The panel therefore shows why a single
default profile is misspecified for a mixed population.

All participants
N=2,495

Evidence-aligned movers
N=542

0.8- i "=3'335
4 a=0.! /
06 RMSE=0.465

0.15
0.1
.05 0.4
o2 NN
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N=400 N=1,379 03

higher anchor_s -> stronger prior anchoring
[=]
RMSE above each panel optimum, lower is better

707070

higher update_s -> stronger evidence responsiveness

Figure 4. DEBATE replay calibration surfaces. Each heatmap
sweeps evidence uptake u and prior anchoring a for one participant
subset. Cells show held-out RMSE above that panel’s best cell;
lower is better. Star sign marks the optimum, and the printed
RMSE is the absolute error at that optimum.

Table 1 gives the held-out error version and mean observed
movement. In the pooled population, the BE reduces RMSE
from 0.489 under no-change and 0.488 under net-evidence
linear replay to 0.465. Outcome-conditioned diagnostic
gains are larger. Evidence-aligned and evidence-opposed
movers have similar movement magnitudes (mean |A| =
0.619 and 0.633), but require different profiles: aligned
movers are reconstructed by high uptake (0.393 RMSE),
while opposed movers flag cases where extracted evidence
points against observed movement. Stable participants are
not evidence of predictive improvement over no-change,

since no-change is exact by definition for this group, they
check that BE can represent resistance to extracted evidence
without forcing movement. The same diagnostic profile
parameters outperform prior-only and pooled global replay
references in all five folds under both group- and topic-held-
out splits (Appendix H), supporting the interpretation that
response heterogeneity is not captured by a single global
(u, a) setting.

At the single-participant level, Fig. 5 provides explanatory
traces for the update mechanism: aligned endpoints show
cases where accepted evidence accounts for movement,
while divergence points to interpretation, social context,
or arguments not captured by extraction. These patterns sep-
arate cases that would otherwise look similar in a prompt-
only agent: movement with accepted evidence, stability
under evidence pressure, and movement that the extracted
evidence cannot explain.

5. Discussion and future work

These experiments suggest that the value of BE is not to
make every deliberative trajectory predictable, but to make
change attributable. “Belief” here is an operational evi-
dential state over a proposition, maintained in log-odds
and exposed through scalar stance. Under this defini-
tion, researchers can specify what counts as evidence, how
strongly it shifts the belief state, and how strongly ini-
tial commitments persist. AQR diagnostics show reliable
directed-evidence extraction on clean single-argument in-
puts (96.9% polarity accuracy), DEBATE replay improves
over no-change and net-evidence linear references while
showing why a single profile is insufficient for a heteroge-
neous population, and the prompt comparison shows that
externally scored stance change does not expose the up-
date process itself. This operational definition makes BE
easier to compare across models, prompts, and replay set-
tings, but it also limits what the framework can claim to
model. A single proposition-level stance cannot capture
every way people deliberate: they may partly agree, trade
off values, distrust a speaker, or soften rhetorically without
moving on the headline proposition. These cases do not
undermine the belief-update layer, but they do show where
the next modelling boundary lies. A natural extension is a
multidimensional state in which arguments and experiences
are routed to different facets, and retrieval brings back the
records relevant to each facet when the agent reasons or
responds. In that setting, RAG-style or agentic memory
could help simulate a broader range of human experience
and opinion change while preserving the same inspectable
update trail.

The DEBATE replay also clarifies what calibration means
for deliberative agents. We do not expect one global profile
to explain everyone, and averaging all participants together
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Figure 5. Single-participant DEBATE replay examples. Each panel samples one participant from a diagnostic subset and applies that
subset’s calibrated (u, a) profile, shown above the panel. The x-axis counts accepted received-evidence updates rather than debate rounds.
Starting from the observed human initial stance, the teal curve shows the BE replay after each accepted evidence item. Markers indicate
whether the extracted item pushes stance upward or downward. The red dashed line connects only the observed human initial and final

stance, since DEBATE does not measure intermediate human stances.

can hide behaviours that a simulator may need to represent.
Some people stay close to their initial stance, some move
with the extracted evidence they receive, and others move
in ways the current evidence stream does not explain. BE
makes these differences explicit rather than smoothing them
away: a stable endpoint can be represented as anchoring,
evidence-aligned movement as uptake, and divergence from
extracted evidence as a signal that some social or interpretive
factor is missing. Which profile is appropriate depends on
the deliberative setting; our point is that these profiles can
be separated, inspected, and reported rather than collapsed
into a single population average.

This matters because DEBATE is one deliberative context,
not the template for all deliberation. Its participants en-
counter partner posts and chat messages in a short online
setting, and most do not show mapped Likert movement.
That stability is informative for online opinion-exposure
simulations, but it should not be confused with settings such
as citizens’ assemblies, facilitated workshops, or in-person
deliberation, where participants may enter with an explicit
norm of listening, compromise, and joint problem solving.
Separating uptake, anchoring, and response profiles lets BE
change the assumed deliberative context: a citizens’ assem-
bly simulation may contain more evidence-responsive or
compromise-seeking agents, or agents whose movement
appears first on sub-issues and value trade-offs rather than
on the headline proposition.

Finally, evidence assessment remains a modelling choice.
BE makes this choice explicit, but it does not make it value-
free. LLM extractors, base models, external judges, and the
AQR-trained strength classifier can all reflect training-data,
safety-tuning, and community-specific priors. This matters
most for moral and political topics, where argument quality
is contested. For new domains, the judgement layer should
be calibrated against domain data and, where appropriate,

audited with human or participatory feedback. The benefit
of BE is that such choices are isolated in a reportable layer
rather than hidden in prompting or generation.

The broader implication is that a simulated persona should
not be only a role description, it should also specify how
the agent treats new information. A prompt can say who an
agent is, while a memory-and-judgement process specifies
what the agent treats as experience, which parts of that ex-
perience count as evidence, and how much they can revise
persistent commitments. For trustworthy deliberative Al,
this traceability matters: convergence, polarisation, and sta-
bility should be accountable to visible update assumptions
rather than inferred from plausible transcripts alone.

6. Conclusion

As LLM agents move from single-turn assistants into de-
liberative multi-agent systems, stance change becomes a
modelling problem. We presented the Belief Engine, an
agentic framework that separates evidence extraction, judge-
ment, memory, log-odds updating, stance computation, and
response generation, so that evidence uptake and prior an-
choring can be set explicitly and audited through argument
records. Across tested base models, these controls make
agents predictably more evidence-responsive or more an-
chored. DEBATE replay shows where BE is most useful:
it best reconstructs participants whose final stance follows
extracted received evidence. BE therefore provides infras-
tructure for studying stance dynamics in deliberative agent
societies, where openness, commitment, conflict resolution,
and continued disagreement can be traced to explicit update
assumptions.
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Impact Statement

This work aims to make deliberative Al systems easier to
study, compare, and govern. If LLM agents are used in civic
discussion, education, negotiation, or collective decision-
making, designers need to know when agents listen, pre-
serve commitments, converge, or remain in disagreement,
and why. BE contributes to this goal by making evidence up-
take, anchoring, and memory inspectable rather than hidden
inside prompts. This could support more transparent simu-
lations, better auditing of agent behaviour, and systems that
encourage reflection rather than unexamined prompt effects.
The main risk is over-interpretation: synthetic trajectories,
even when auditable, should not be treated as predictions
of human opinion change or as evidence that a deliberative
design will work in a real community without domain cali-
bration and participatory validation. We therefore view BE
as infrastructure for transparent experimentation, not a sub-
stitute for human judgement or domain-specific governance.
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A. Design Rationale Details

Table Al. Design rationale for the Belief Engine. Each component gives researchers a separate handle on belief-state change in

deliberative-agent simulations.

Design choice

Rationale

Alternative

Risk addressed

External belief state

Argument-level evidence

Judgement layer

Credence-relevance flag

Log-odds update rule

Memory-composition-
proportional retrieval

Keeps belief maintenance separate
from response generation.

Stores claims, polarity, strength, and
provenance as structured records.

Makes extraction, polarity, and
strength estimation explicit modules.

Separates archived evidence from ev-
idence currently affecting the belief
state.

Provides ordered, bounded, repro-
ducible belief-state updates with in-
terpretable parameters and scalar
stance.

Conditions future responses on
accepted evidence while keeping
minority-side  active memories
eligible for retrieval.

Prompt-only persona or hid-
den context.

Free-form memory
maries.

Let the generator implicitly de-
cide what mattered.

sum-

Delete weak or conflicting

memories.

Direct LLM numerical up-
dates.

Stance-conditioned
semantic-only retrieval.

or

Reduces untraceable drift
and context-dependent stance
changes.

Preserves auditability and en-
ables record-level ablations.
Exposes where bias, calibra-
tion error, or disagreement en-
ters.

Keeps a trace of re-
jected/superseded evidence
without letting it update the
belief state.

Avoids stochastic jumps and
makes uptake/anchoring tun-
able.

Avoids making the current
stance itself determine evi-
dence exposure, while still
linking accepted memory to
observable language.

B. Conflict-Resolution Details

The main text describes conflict resolution at a high level. Here we give the exact rule used to decide whether a candidate
argument remains active. Let ¢(c) be the embedding of claim ¢ and define cosine similarity as

sim(i, j)

_ d(e) o)
Toen [ Tole)l

For a new argument e;, if no active same-polarity record exists, we set z; = 1. Otherwise, let

Jjr=arg

max

sim(z, ).

Jizj=1, pj=pi

If sim(4, 7*) < 6, where 6 is set by the corresponding experiment configuration, the new argument remains active. If the
similarity exceeds the threshold, only the stronger of the two near-duplicate records remains active:

{@,0),
(i20) = {(0,1>,

S; > Sj,

S; S Sj*.

The archived record remains stored, but it is excluded from the active set used for belief updating and retrieval. Generated-
agent thresholds are reported in Tab. AS; DEBATE replay uses § = 0.85.

C. Five-Topic Prompt-Based Check

The five-topic mechanism check broadens the prompt-based comparison beyond the main atheism example (Tab. A2). Each
run pairs a Pro agent and a Con agent for 15 rounds, with fixed initial stance anchors 4-0.75 and —0.75, respectively. We run
three independent trials per topic—setup pair and summarise the final stance dynamics across the five topics: social media,
journalism, compulsory voting, atheism, and libertarianism.

The four Belief Engine rows use the same memory, retrieval, and update profile across topics, with evidence uptake u = 0.2
and prior anchoring a = 0.4; they differ only in the base language model generating debate turns. The two non-BE baselines
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use GPT-5.4-mini. In prompt self-update, agents have no retrieval memory or Belief Engine and are instead prompted
to update their stance after opponent turns. In RAG plus self-update, agents receive retrieved argument memory and
prompt-level self-updating, but still do not use the Bayesian Belief Engine update.

The five-topic check keeps the same measurement caveat as Fig. 3: BE rows report internal stance, whereas baseline rows
report external judge scores because those systems do not expose S. The external judge is a calibrated proxy for expressed
stance, not a substitute for an auditable internal trajectory.

Table A2. Five-topic prompt-based mechanism check over 15-round Pro/Con debates. Each row averages three trials for one topic and
setup. BE variants share the same retrieval and update profile, with v = 0.2 and a = 0.4, and differ only in the base debate model.
Prompt self-update and RAG plus self-update are GPT-5.4-mini non-BE baselines. BE rows use internal stance; prompt-based baselines
use external judge scores.

Topic Setup Measure n  Final Pro Final Con [Final gapl Gap reduction Mean abs. shift Centre shift Crossing rate
Social media BE GPT-40-mini BE internal 3 0.36 0.06 0.38 1.12 0.60 0.60 0.33
Social media BE GPT-5.4-mini BE internal 3 0.84 0.95 0.14 1.36 0.96 0.81 0.67
Social media BE Qwen 3.5 9B BE internal 3 -0.02 -0.17 0.18 1.32 0.68 0.68 0.33
Social media BE Gemma 4 E4B BE internal 3 -0.16 0.73 0.89 0.61 1.20 1.20 1.00
Social media Prompt self-update External judge 3 -0.03 0.05 0.31 1.19 0.79 0.79 0.33
Social media RAG plus self-update External judge 3 -0.11 0.34 0.68 0.82 0.98 0.98 0.67
Journalism BE GPT-40-mini BE internal 3 0.02 -0.08 0.14 1.36 0.70 0.70 0.33
Journalism BE GPT-5.4-mini BE internal 3 0.11 0.33 0.22 1.28 0.86 0.86 1.00
Journalism BE Qwen 3.5 9B BE internal 3 0.58 0.27 0.39 1.11 0.60 0.60 0.33
Journalism BE Gemma 4 E4B BE internal 3 0.36 0.39 0.15 1.35 0.76 0.76 0.33
Journalism Prompt self-update External judge 3 0.34 -0.73 1.07 0.43 0.24 0.22 0.00
Journalism RAG plus self-update External judge 3 0.27 -0.58 0.85 0.65 0.34 0.33 0.00
Compulsory voting BE GPT-40-mini BE internal 3 0.05 -0.15 0.26 1.24 0.65 0.65 0.33
Compulsory voting BE GPT-5.4-mini BE internal 3 -0.37 -0.08 0.29 1.21 0.90 0.90 1.00
Compulsory voting BE Qwen 3.5 9B BE internal 3 0.48 0.24 0.27 1.23 0.64 0.63 0.33
Compulsory voting BE Gemma 4 E4B BE internal 3 -0.17 0.06 0.22 1.28 0.86 0.86 1.00
Compulsory voting Prompt self-update External judge 3 0.27 -0.34 0.61 0.89 0.45 0.45 0.00
Compulsory voting RAG plus self-update External judge 3 0.22 -0.30 0.53 0.97 0.49 0.49 0.00
Atheism BE GPT-40-mini BE internal 3 0.16 -0.34 0.50 1.00 0.50 0.50 0.00
Atheism BE GPT-5.4-mini BE internal 3 0.17 0.40 0.23 1.27 0.86 0.86 1.00
Atheism BE Qwen 3.5 9B BE internal 3 0.09 -0.12 0.22 1.28 0.65 0.64 0.00
Atheism BE Gemma 4 E4B BE internal 3 0.74 0.76 0.07 1.43 0.84 0.76 0.67
Atheism Prompt self-update External judge 3 0.23 -0.40 0.63 0.87 0.45 0.44 0.00
Atheism RAG plus self-update External judge 3 0.23 -0.62 0.85 0.65 0.37 0.33 0.00
Libertarianism BE GPT-40-mini BE internal 3 -0.26 -0.04 0.23 1.27 0.86 0.86 0.67
Libertarianism BE GPT-5.4-mini BE internal 3 -0.36 0.40 0.76 0.74 1.13 1.13 1.00
Libertarianism BE Qwen 3.5 9B BE internal 3 0.60 0.09 0.51 0.99 0.56 0.49 0.00
Libertarianism BE Gemma 4 E4B BE internal 3 0.39 0.90 0.50 1.00 1.02 1.00 1.00
Libertarianism Prompt self-update External judge 3 0.60 -0.51 1.11 0.39 0.25 0.19 0.00
Libertarianism RAG plus self-update External judge 3 0.41 -0.49 0.90 0.60 0.32 0.30 0.00

As an illustrative measurement-controlled check, Fig. A1l rescored the generated journalism debates with the same external
stance judge for all setups. This removes the mixed-measurement caveat in Tab. A2: BE conditions are no longer shown
with internal stance while prompt baselines are shown with external scores. The figure should be read qualitatively, since it
covers one topic with three trials per setup, but it supports the same pattern: most BE variants move both sides closer to the
centre under the external judge, while prompt self-update and RAG plus self-update leave a larger final gap.
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Figure Al. External-judge trajectory check on the journalism topic, “We should subsidize journalism.” All panels use the same judged-text
stance metric, from —1 strongly con to +1 strongly pro. Thick lines show mean judged stance across three trials for Pro-side and Con-side
agents; faint lines show individual trials and bands show across-trial variation. This figure is an illustrative comparability check rather
than a new statistical result.

D. Judgement Layer Validation Details

We evaluate the judgement layer on a 100-row sample from the Argument Quality Ranking (AQR) dataset (Gretz et al.,
2019). AQR contains clean single arguments with crowd-derived pro/con stance labels and crowd-rated argument quality
scores, but it does not label how much a human stance should move after reading each argument. We therefore use AQR as a
direct test of directed evidence extraction, and only an indirect test of update magnitude.

The LLM judgement layer recovered the human pro/con stance of the strongest extracted claim with 96.9% accuracy and
0.969 macro F1, supporting its use as a directed-evidence extractor. Strength calibration is less automatic: raw LLM strength
aligns weakly with AQR quality (» = 0.089), while the task-specific local quality classifier aligns substantially better with
human ratings (r = 0.72).

Table A3. Detailed judgement-layer diagnostics on a 100-row AQR sample. AQR directly tests polarity recovery, but tests strength only as
alignment with crowd-rated speech quality, not belief-update pressure.

Metric Value Interpretation

Extraction rate 0.970 At least one argument extracted from nearly all clean inputs.

Exact-one extraction rate 0.770 Most rows yield one claim, though some are split.

Over-split rate 0.200 Single AQR arguments are sometimes decomposed into
multiple claims.

Strongest-claim polarity accuracy 0.969 Extracted direction matches human pro/con stance.

Strongest-claim macro F1 0.969 Polarity recovery is balanced across labels.

LLM strength vs. AQR quality (r) 0.089 Raw LLM strength is not calibrated to crowd quality.

Classifier strength vs. AQR quality (1) 0.720 The local quality model tracks AQR quality substantially
better.
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E. DEBATE Replay Protocol

DEBATE contains 2,792 U.S.-based participants in four-person discussions over 107 controversial topics: participants
privately report an initial opinion and justification, exchange round-wise tweet-like posts and dyadic chat messages, and
privately report a final opinion. Our replay uses 2,495 quality-filtered participant trajectories with usable pre/post stance
reports and processable directed-exposure histories. Six-point Likert responses are mapped linearly to the Belief Engine
stance scale S € [—1, 1]. For each participant, the mapped initial Likert stance initialises the prior. Prior anchoring a scales
that initial log-odds state, and arguments extracted from directed partner tweets and received chat messages are replayed
chronologically under evidence uptake u. The replay does not generate new utterances or use retrieval-conditioned response
generation, so it isolates Eq. 1 under a fixed received-evidence stream.

The main replay uses directed received exposure, human-like uptake and vector deduplication, classifier-based argument
strength, five held-out group folds, and seed 42; the robustness appendix repeats the check with topic-held-out folds. For
each fold, (u, a) is selected on training groups from the grid below and evaluated on held-out groups by RMSE against the
participant’s mapped final stance.

The net-evidence linear baseline is fit on the same group-held-out replay setup. For participant j in fold f, it predicts

Sj final = S} initial + B Ej,

where E; = ) ier, Pisi 1s the signed net evidence over accepted received records R;, after the same quality filtering,
human-like uptake/deduplication filter, and classifier-strength scoring used by BE. We fit one scalar coefficient 3¢ on training
folds only, then evaluate on the held-out fold. The five fitted coefficients were small: 0.0083, 0.0105, 0.0080, 0.0089, and
0.0082.

u grid  0.005, 0.01, 0.02, 0.035, 0.05, 0.075, 0.1, 0.15, 0.2, 0.3, 0.4, 0.6, 0.8
agrid 0.02,0.05,0.1,0.15,0.2,0.3,0.4,0.5,0.6,0.8,1.0, 1.2, 1.5

Table A4. Evidence-alignment grouping used for DEBATE replay calibration. These are outcome-conditioned diagnostic groups used to
analyse replay behaviour.

Group N Definition and use

All participants 2,495 Full quality-filtered replay population used for the pooled default calibration.

Evidence-aligned movers 542 Non-stable participants whose observed movement has the same sign as net
accepted evidence from received messages.

Evidence-opposed movers 400 Non-stable participants whose observed movement has the opposite sign from
net accepted evidence from received messages.

Weak-signal movers 174 Non-stable participants with weak or mixed accepted-evidence pressure; retained
in the pooled calibration but excluded from the three headline profiles.

Stable participants 1,379 Participants with no mapped Likert movement; this combines stable-low-

pressure and stable-despite-pressure cases in the calibration code.
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F. Experimental Hyperparameters

Table A5. Hyperparameters and scoring settings for the generated-agent experiments. The Belief Engine controls are evidence uptake u
and prior anchoring a; values are fixed unless a row explicitly states a sweep or profile-specific setting.

Setting Symbol / config key Value(s) Used in
u
Evidence uptake update_sensitivity Sweep: {0.2,0.4,0.6,0.8,1.0}; fixed prompt- Parameter sweeps, prompt-

Prior anchoring

Confirmation asymmetry

Argument deduplication

Self-argument deduplication

Seed arguments
Retrieved context

Debate horizon
Initial stance target
Trials

Agent generation temperature
External stance judge

a
anchor_sensitivity

B
confirmation_bias
6
argument_similarity
_threshold

eself

self _similarity
_threshold

n

seeding_limit

k

R

rounds

So

Tagent

baseline BE rows: 0.2; Open-minded: 0.40; Stubborn:
0.10

Sweep: {0.2,0.4,0.6,0.8,1.0}; fixed prompt-
baseline BE rows: 0.4; Open-minded: 0.20; Stubborn:
0.80

0.0

0.80 in model sweeps; 0.60 in matched-baseline and
Open-minded/Stubborn profile runs

0.50 in model sweeps; 0.45 in matched-baseline and
profile runs

10 per side
At most 5 active arguments per turn

15 rounds

Single-agent sweeps target a pro stance near +0.99;
two-agent comparisons and profile grids start at
(40.75, -0.75)

5 per sweep setting; 3 per matched-baseline topic/setup
and profile-pairing cell

0.7

Scores text in [—1, 1] at temperature 0.0 when no inter-
nal stance is available

baseline comparison, profile
grids

Parameter sweeps, prompt-
baseline comparison, profile
grids
All reported generated-agent
runs

Memory admission and replace-
ment

Self-generated argument filter-
ing

All generated-agent runs
BE and RAG conditions

All generated-agent runs
Initialisation
Aggregation

Generated utterances
Prompt baselines

G. Evidence-Alignment Baseline RMSE

Table A6. Held-out RMSE against no-change and net-evidence linear baselines, with mean absolute mapped pre/post human stance change.
Gain is net-evidence linear RMSE minus BE RMSE. Subgroup rows are post-outcome diagnostic groups defined using observed final
movement; they evaluate explanatory fit, not pre-outcome profile prediction. The 174 weak-signal movers are included in All participants
but omitted from the three-profile summary.

Group N Mean |[A| No-change RMSE Net-evidence RMSE BE RMSE Gain
All participants 2,495 0.283 0.489 0.488 0.465 0.023
Evidence-aligned movers 542 0.619 0.718 0.689 0.393 0.296
Evidence-opposed movers 400 0.633 0.737 0.765 0.658 0.107
Stable participants 1,379 0.000 0.000 0.037 0.006 0.031

H. Fold-Level Robustness of DEBATE Replay

As a fold-level robustness check, we compute one held-out RMSE per outer fold for the group-held-out and topic-held-out
DEBATE splits. Confidence intervals are ¢ intervals over five folds and should be read as robustness summaries rather than
participant-level uncertainty estimates.

Table A7. Fold-level robustness of evidence-alignment parameters. Negative deltas mean lower RMSE for evidence-alignment parameters

than the reference model.

Fold mean Avs Avs
Split RMSE 95% CI prior-only global
Group-held-out 0.365 [0.337,0.393] -0.123 [-0.145,-0.102] -0.100 [-0.112, -0.087]
Topic-held-out 0.366 [0.356,0.376] -0.122 [-0.152, -0.092] -0.099 [-0.118, -0.081]
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Evidence-alignment parameters have lower RMSE than both references in all five folds for both splits. The diagnostic preset
obtains lower aggregate RMSE; because it is outcome-conditioned, we report it as replay analysis rather than a pre-outcome
calibration rule.

I. Additional Two-Agent Topic Grids

The remaining topic-level stance grids from the generated two-agent topic run appear in Figs. A2—-AS; Table A8 reports the
corresponding topic-level convergence values.

Table A8. Mean convergence in the ten-topic generated two-agent topic run. Convergence is the reduction in pro—con stance distance from
the beginning to the end of the debate, averaged over three runs per topic—pairing cell.

Open/  Open/  Stubborn/ Stubborn/

Topic Open Stubborn  Open Stubborn  Mean
Social media brings more harm than good 1.255 1.010 1.399 0.330 0.999
Homeopathy brings more harm than good 0.515 0.279 0.360 0.099 0.313
Entrapment should be legalized 0.611 0.537 0.334 0.215 0.424
We should adopt a zero-tolerance policy in schools 1.091 1.119 1.021 0.407 0.910
‘We should introduce compulsory voting 1.305 1.167 0.774 0.357 0.901
We should adopt an austerity regime 1.436 1.386 0.860 0.447 1.032
We should legalize sex selection 0.736 0.951 0.566 0.221 0.619
We should adopt atheism 1.286 1.238 0.675 0.317 0.879
‘We should subsidize journalism 1.289 0.842 1.287 0.333 0.938
We should adopt libertarianism 1.313 1.291 1.336 0.577 1.129

Social media brings more harm than good

Open-minded PRO Open-minded PRO Stubborn PRO Stubborn PRO
Open-minded CON Stubborn CON Open-minded CON Stubborn CON
107 Lo75 7 +0.75 il _+0.75 10.68 il _+0.75 0,63
0.5 - 1 +0. 58 7
8 . o
§ 00- —wal] S -0.13- 1
7
-0.5- - J
- 0.62 —_ -0.54
104 -0.75 | -0.75 -0.75 | -0.75
0 5 10 15 0 5 10 B 6 5 10 15 0 5 10 15
Round Round Round Round
= PRO mean == CON mean
Entrapment should be legalized
Open-minded PRO Open-minded PRO Stubborn PRO Stubborn PRO
Open-minded CON Stubborn CON Open-minded CON Stubborn CON
107 Lo7s 7 +0.75 7 +0.75 7 +0.75
— +0.64 ————— 4056
0.5- R 7 \_——\__\ 7 7 ——
o +0.20 +0,2g.
8 =
§ 0.0 - 4 4 4
7
-0.5 - 4 4 4
10 -0.75 -0.68 -0.75 -0.74 -0.75 -0.75 -0.73
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15
Round Round Round Round
= PRO mean === CON mean

Figure A2. Additional generated two-agent topic grids. Top: Social media brings more harm than good. Bottom: Entrapment should be
legalized.
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Figure A3. Additional generated two-agent topic grids. Top: compulsory voting. Bottom: austerity.
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Figure A4. Additional generated two-agent topic grids. Top: We should legalize sex selection. Bottom: We should adopt atheism.
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Figure A5. Additional generated two-agent topic grids. Top: We should subsidize journalism. Bottom: We should adopt a zero-tolerance
policy in schools.

J.

Model Identifiers, Prompt Families, and Release Plan

This appendix summarises the LLM-facing implementation details needed to interpret the experiments. We report model
roles and prompt families here; the anonymous reproducibility artefact is available at https://anonymous.4open.
science/r/belief-engine-684F and contains the executable configs, exact prompt strings, compact result arte-
facts, and validation metadata.

J.1. Model identifiers

Table A9. Model identifiers and evaluator roles used in the reported experiments. Exact resolved configs are included in the anonymous

release.
Use Model family / identifier Reporting note
Generated BE sweeps gpt-4o-mini; Qwen 3.5 9B; Gemma 4 Used to test whether the same uptake/anchoring controls behave
E4B consistently across hosted and local model backends.

Matched generated-agent and prompt baselines gpt-5.4-mini Used for the two-agent comparison between BE, prompt self-
update, and RAG plus self-update.

External stance judge gpt-5.4-mini Shared zero-temperature judge used only when a condition does
not expose S.

AQR extraction audit gpt-4o-mini Used for the frozen extraction audit.

Argument strength classifier DeBERTa-v3-large regressor Local classifier used to score support strength before Bayesian
updating.

J.2. Prompt families and call structure

Runtime values are filled from the resolved config, retrieved memory, and transcript. The experiments use the prompt
families in Table A10; the release artefact includes the exact byte-level strings so the manuscript and executable code do not
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drift.
Table A10. Prompt families used by the LLM-facing components.
Component Inputs Output / invariant
Argument distillation Topic and message text JSON claims with supporting evidence snippets; multi-point
messages are split into distinct claims.
Argument classification Topic and extracted claims JSON polarity, support strength, and category tags under a
fixed affirmative/negative convention.
BE response generation Persona, topic, current stance, retrieved memory, oppo- A concise debate response conditioned on the explicit BE
nent message, and recent transcript stance and retrieved evidence.
Prompt self-update baselines Previous self-reported stance, latest opponent message, JSON stance update plus response generation, without access
transcript, and optional retrieved context to the Bayesian update rule.
External stance judge Topic, speaker name, and one generated statement JSON stance score in [—1, 1], measuring expressed support

for the proposition as written.

J.3. Existing assets and licences

Table Al1 lists the external datasets, model families, and hosted services used in the reported experiments. We cite datasets
and model families where they are introduced in the main text. The DEBATE source is https://huggingface.co/
datasets/seantw/DEBATE_LLM; the other Hugging Face entries are repository identifiers. The anonymous artefact
does not redistribute third-party datasets, hosted-model weights, or raw proprietary API responses; it contains compact
derived artefacts needed to verify the reported tables and figures.

Table All. Existing assets used in the reported experiments, with source, licence or access terms, and redistribution handling.

Asset Use Source and licence / terms
DEBATE_LLM dataset Human transcript replay and pre/post opinion vali- Chuang et al. (2025); Hugging Face seantw/DEBATE_LLM; DE-
dation BATE Dataset Research-Only License (Non-Commercial, v1.0).
Not redistributed.
AQR /IBM argument-quality ranking data Seed arguments and crowd-rated argument-quality Gretz et al. (2019); Hugging Face
labels for judgement diagnostics ibm/argument_quality_ranking_30k; CC-BY-SA
3.0. Not redistributed.
DeBERTa-v3-large Backbone for the local argument-strength regressor He et al. (2021); Hugging Face

microsoft/deberta-v3-large; MIT licence. Model
weights not redistributed.

Qwen 3.5 9B Open-weight generated-agent base model Hugging Face Qwen/Qwen3. 5-9B; Apache-2.0. Model weights
not redistributed.
Gemma 4 E4B Open-weight generated-agent base model Hugging Face google/gemma-4-E4B-1it; Apache-2.0. Model
weights not redistributed.
OpenAl API models Hosted generator, extraction-audit, and external- Model identifiers in Table A9; provider API terms apply. Model
judge roles weights are not accessed or redistributed.

J.4. Code and data artefact

The anonymised release at https://anonymous.4open.science/r/belief-engine-684F contains a
reviewer-facing reproducibility entry point, source code for the agents, memory, update rules, and evaluators, resolved
configs, exact prompt strings, compact derived artefacts for the reported tables and figures, and checksum validation. The
artefact README includes smoke-test and rebuild instructions, dataset-access notes for the licensed datasets in Table A11,
and a figure/table-to-artefact map. For hosted-model components, preserved artefacts are the primary reproducibility target;
live reruns are treated as consistency checks rather than byte-identical executions.
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