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ABSTRACT

Opinion aggregation on social media and web platforms increasingly determines
how real-world resources are allocated. Yet current aggregation methods rely on
easily amplified indicators such as vote-based engagement or capital-weighted
commitments. These signals reflect visibility rather than reliability, making col-
lective judgments vulnerable to early surges, strategic manipulation, and uneven
evidence, especially when truth signals are weak, noisy, or delayed. To address
this issue, we propose Credibility Governance (CG), a mechanism that reallocates
influence based on how well agents track evolving signals rather than on vot-
ing or capital levels alone. CG assigns each opinion and each agent a dynamic
influence score (credibility) that reflects how trustworthy they appear under ob-
served signals. It updates opinion influence through weighted endorsements from
reliable agents, and reciprocally updates agent influence based on the long-term
performance of the opinions they support, rewarding early insights and consistent
alignment with emerging evidence. This enables the system to distinguish persis-
tent trends from short-lived noise. We evaluate CG in POLIS, a socio-physical
simulation environment that models the co-evolution of social beliefs and phys-
ical feedback under uncertainty. Under weak signals, noisy observations, and
initial majority misalignment, CG surpasses vote-based, capital-weighted, and
no-governance baselines by enabling (i) earlier and more stable recovery of the
true state, (ii) stronger resilience to misinformation shocks, and (iii) sustained
support for correct minority viewpoints. By growing influence through demon-
strated correctness rather than surface-level signals, CG contributes a governance
mechanism that improves collective epistemic quality and supports more trust-
worthy, equitable, and socially beneficial online ecosystems. Code is available at
https://github.com/Wanying-He/Credibility_Governance.

1 INTRODUCTION

Imagine you are a young researcher exploring a cross-disciplinary idea with quiet promise. You
share a short working paper with tentative but intriguing pilot results, and discussion begins in an
online forum where your field increasingly exchanges ideas. The signals are slow, noisy, and hard
to interpret, yet the direction feels meaningful.

Over time, however, the conversation drifts. A competing line of work, promoted by a tightly con-
nected group, produces a rapid stream of polished claims and frequent updates. Members highlight
one another’s progress and repost summaries, and their coordinated activity shapes the platform met-
rics that funders and committees increasingly monitor. Although the underlying evidence remains
thin, the visible volume of support grows quickly; aggregated signals begin to guide invitations,
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collaborations, and resource allocation. Your more careful line of inquiry becomes harder to detect,
and later scholars inherit a distorted picture of what the field believes.

This scenario reflects a broader limitation of modern web-based platforms: rapid, reinforcing social
signals can drown out slower but more reliable evidenceMuchnik et al.|(2013); Bakshy et al.|(2015).
Collective evaluations may track visibility rather than support, leading communities to converge
prematurely on fragile directions [Lorenz et al.|(2011)). In such environments, even well-intentioned
participants can be pulled toward self-reinforcing consensus because the governance layer privileges
what is quickly amplified over what is gradually validated.

The resulting challenge is institutional: when truth is weakly observable, influence rules can am-
plify capital, popularity, or early noise faster than evidence. Robust governance therefore requires
influence updates that reward sustained signal tracking rather than short-lived momentum.

We ask whether a collective can self-correct under these weak-truth conditions. We propose Cred-
ibility Governance (CG), a mechanism that reallocates influence based on how well agents track
evolving signals over time rather than on raw popularity or capital (Golub & Jackson! (2010). CG is
designed to make influence dynamic and evidence-sensitive: agents gain influence when their sup-
port aligns with persistent, quality-weighted signal improvement, and lose influence when alignment
is inconsistent or opportunistic.

Our contributions are: (i) a dual-component simulation environment linking a Physical World of
topic progress with an Opinion World of agent deliberation; (ii) a formalization of CG and controlled
comparisons to staking-, vote-, and no-governance baselines|Sunstein| (2006); and (iii) evidence that
CG supports collective self-correction across noisy, delayed, and misleading environments, includ-
ing boundary analyses of when it degrades |[Kleinberg & Easley|(2022).

More broadly, we argue that governance quality depends not only on who is currently influential, but
on how influence is updated through time under uncertainty. In weak-signal settings, this temporal
design choice can determine whether a community drifts with momentum or progressively recovers
toward epistemic accuracy.

2 RELATED WORK

2.1 TRUTH AGGREGATION MECHANISMS

Systems for aggregating dispersed judgments underpin web platforms and digital governance. Prior
approaches broadly map to our baselines: capital-linked aggregation (staking), popularity-linked
aggregation (voting/engagement), and no explicit influence governance.

Staking-based mechanisms emerged from decentralized coordination and blockchain governance
frameworks |Buterin| (2014)); Daian et al.| (2020). Participants commit resources behind claims
and are rewarded when supported outcomes perform well, echoing prediction-market logic [Han-
son| (2006). While these designs can create incentives for accuracy, they do not guarantee epistemic
quality: resource asymmetries can systematically bias visibility, coalition power, and outcome in-
fluence [Frye| (2021).

Vote-based and engagement-driven systems, common in social media and content-ranking ecosys-
tems [Leskovec et al.| (2010), broaden participation but are vulnerable to momentum effects. Early
surges can produce cascades where popularity itself becomes evidence. Reputation-weighted vari-
ants partially address this issue by incorporating historical reliability Resnick & Zeckhauser| (2000);
Squires et al.|(2021), yet they often lag regime changes and can preserve stale authority after condi-
tions shift.

No-governance settings form a third class: agents observe signals and update beliefs without an
explicit influence-allocation mechanism. These systems are simple and transparent, but typically
remain sensitive to noise and path dependence [Salganik et al.| (2006). Prior work thus motivates
governance mechanisms that can preserve responsiveness while reducing early amplification bias.
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2.2 COLLECTIVE MISINFORMATION DYNAMICS

Research in collective epistemology shows that groups can misaggregate information when early
evidence is ambiguous and socially reinforced. Herding and cascade dynamics arise when individ-
uals infer quality from others’ actions rather than independent evidence Bikhchandani et al.| (1992).
Under partial observability, these cascades can persist even when many participants are locally com-
petent.

Parallel work on misinformation diffusion finds that visibility, repetition, and coordinated amplifica-
tion can help weakly supported claims spread faster than slower, better-grounded evidence [Vosoughi
et al.| (2018); Pennycook & Rand| (2021)). Platform ranking and recommendation loops can further
entrench these trajectories, producing echo-like structures and fragile consensus Del Vicario et al.
(2016).

These findings suggest robustness requires governance rules that update source influence as evidence
evolves, consistent with social-epistemic arguments about reliability-sensitive trust|Goldman(1999).

2.3 LLM-BASED SOCIAL SIMULATION

Agent-based models have long been used to study how local interactions generate macro-level social
outcomes [Epstein & Axtell (1996). Traditional models often rely on fixed heuristics; recent LLM-
based agents expand this paradigm with language-mediated reasoning, richer contextual adaptation,
and value-conditioned behavior (He et al., [2025} [L1 et al., |2025; [Kang et al., [2020; [Zhang et al.,
2026} Ziheng et al., [2026; |Kang et al., [2025)).

These capabilities have enabled open-ended simulations of social and political interaction, including
deliberation, coalition formation, and emergent norm dynamics (Ziheng et al.l [2025; [Smith et al.,
2025; |[Zhang et al.l [2025; [Mao et al., [2025} [Park et al., 2023 |Argyle et al., 2023). Recent studies
further use LLLM populations to probe coordination and diffusion phenomena at scale |Bratton et al.
(2023)); IChen et al.| (2024); Schramowski et al.| (2023)).

We build on this line by using LLM-based social simulation as an evaluation environment for gov-
ernance itself. Rather than treating aggregation as a static post-processing step, we model it as
a dynamic mechanism that co-evolves with social signals, allowing us to test whether credibility-
sensitive influence updates improve collective correction under weak and noisy truth signals.

3 METHODOLOGY
3.1 THE POLIS SIMULATION FRAMEWORK

3.1.1 Platform Capabilities

POLIS is a modular simulation platform for studying coupled social-physical dynamics with LLM-
driven agent populations. It provides:

* Scalable agent orchestration and logging: persistent identities/memory and full trace capture
of actions and state.

¢ Parametric Physical World: flexible resource-to-progress mappings for topic trajectories.

* Pluggable governance modules: interchangeable Opinion World aggregation and state-update
rules.

3.1.2 Dual-World Structure and Interaction

POLIS couples a Physical World (topic progress) with an Opinion World (social states and aggrega-
tion) over shared topics k:

« Topic state: physical progress 7}, and social signal ©.

t t

» Agent state: beliefs/confidence «j, choice a,

mechanism-specific).

and influence w! (from credibility/stake,

¢ Observations: agents observe @Z_l and a noisy physical signal %,f -1
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Figure 1: Comparison of the four governance mechanisms. (1) NG: Agents observe physical signals
7k, (2) SM: NG + social signal © in observation. (3) WS: SM + agent influence w} updated by
Arl. (4) CG: WS + agent influence w! updated by ©%.

« Coupling: votes a} are aggregated into allocations r’, which update progress 7},; the mecha-
nism updates O (and agent attributes), closing the feedback loop.

3.1.3 Round-Level Walkthrough

A simulation round evolves the Physical and Opinion Worlds from ¢ — 1 to ¢ in a strictly causal
loop. (1) Agents observe the previous round’s public signals @fjl and ﬁ,ﬁfl. (2) They update be-
liefs/confidence !, select a topic af, and the governance mechanism aggregates votes using weights
w!™! to produce allocations r*. (3) The Physical World updates progress 7, from r?, while the
mechanism updates social state variables (e.g., agent influence and topic signal) to yield ©%. The

next round’s noisy physical observation is then constructed as:
=+ pOL+ &
3.2 OPINION WORLD (GOVERNANCE MECHANISMS)
All mechanisms instantiate the same generic opinion-world protocol (Sec. 3.1.3), and only differ in

(i) influence weights wj;, (ii) how the social signal ©y, is updated, and (iii) whether any agent-level
state is updated.

Generic mechanism template. At round ¢, each agent ¢ observes signals and forms an intended
choice af € {1, ..., K} with confidence ! (Sec. 3.1.3). The governance rule then applies:

(1) Weighting.

wi™t = g(ad, 27, (1)

where xﬁ‘l is the mechanism-specific agent state (e.g., credibility c;, balance bal;, or empty).
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(2) Aggregation.
p 2 wi 1l = K]
o= /szAwt.—l ; ke{l,...,K}. (2)
3
(3) Topic-level update (optional).
el = F(@};_l, ., 7’2_1, aux};), 3)

where aux}, denotes any mechanism-specific auxiliary terms.

(4) Agent-level update (optional).
zl = U(mfl, al, ©, 0, ', A, “4)

79

where Ar! is the topic progress increment in the physical world, and absent state variables are
simply omitted.

Mechanism deltas (CG, WS, SM, NG). Credibility Governance (CG).

CG instantiates x; = ¢; (credibility) and uses credibility-adjusted aggregation, a momentum-based
© update with supporter-quality and anti-bubble correction, and a credibility update driven by A©
with an early-mover factor.

wf_l =al exp(/\cf_l), 5)

Of = (1 A)O™ + A [(rk — i) @} — 7B, ©)

b=l 4 (Ol - Ol e, 9

g = Zi:aﬁ:k C§_17 @)
Disat=k 1

By = o(a(ry, —r,7") (1 - ). ©)

Web3-style Staking (WS).

WS instantiates x; = bal; (stake balance), sets influence proportional to stake, sets (97,5g to stake-
weighted popularity, and updates stake by physical progress Arr.

wi™t = albal! 7!, (10)
0;, =}, (11)
bal} = bal! ™' + v, wi™ Arl,. (12)

Social Media Upvote (SM).
SM uses uniform influence, sets O to raw popularity, and maintains no agent-level state.

wi™t =1, (13)
1 N
t __ t __
rk—ﬁzgl{aﬁk], (14)
ol =rt. (15)

No Governance (NG).

NG maintains no social signal and no agent-level state. For convenience, one may still define the
same uniform aggregation r, as in SM, but © is identically zero and no updates are applied.

wil =1, (16)
1 N

rt = NZua; =k, (17)
=1

0L =0. (18)
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3.3 PHYSICAL WORLD SETUPS

In this work, we instantiate the Physical World as an academic setting with two scientific theories
competing for collective resources. Their physical progress models how real-world scientific efforts
unfold under different governance mechanisms.

3.3.1 Topic Initialization

We consider two future-oriented scientific topics, quantum physics (true Topic A) and neuromor-
phic physics (false Topic B), to avoid LLM omniscience, as current evidence supports both sides
and it is inconclusive which is more valid. Truth is assigned arbitrarily to avoid pre-existing LLM
biases. The initial physical progress for both topics is set to 0.

3.3.2 Topic Progress Dynamics

Topic progress follows a nonlinear development trajectory. Let 7}, denote the cumulative progress
of topic k at round ¢ and r{, the resource share allocated to topic k in that round. The increment A7},
is given by:

el W,t;l < my,
t—1
At — d (ve +77}) 1— Tk +e, m<mil<m
T = k Mk: k> —= "k ’
1
: i—1
~'rt (1 — ]\"@) + €t T > .

This models an initial exploration stage, an acceleration stage, and a saturation stage. Here, vy, is the
intrinsic baseline velocity of topic k, v and +' control how resources accelerate progress in different
growth phases, Mj, is the saturation limit, and €}, ~ A/(0, o2) captures environmental shocks.

3.3.3 Agent Population and Initial Conditions

We initialize N = 100 agents with the following belief and epistemic profiles. The 7:2:1 split allows
us to test whether the population can self-correct from a skewed initial state and to observe whether
high-quality agents can rise in influence over time.

» Misaligned Majority (70 agents): Start with a belief in the false Topic B and have mod-
erate epistemic stability.

* Truth-Aligned Minority (20 agents): Start with a belief in the true Topic A and remain
moderately influenceable.

» High-Conviction Core (10 agents): Start with a belief in the true Topic A and have very
high epistemic stability, anchoring the system around ground truth.

Unless otherwise specified, agent- and topic-level states are initialized as:

* Credibility (CG): ¢! = 1 for all agents.
e Stake (WS): bal? = 1 for all agents.
* Social signal (CG): ©9 = 0 for both topics.
« Confidence: o = 0.5 for all agents.
These initial conditions ensure that all mechanisms start from a symmetric, low-information state:

no topic has accumulated progress, no agent has privileged influence, the social signal has not yet
formed, and all agents start with a moderately strong initial confidence level.

3.3.4 Simulation Parameters

The specific parameter values used in our experiments are summarized in Table 2 in Appendix. We
group them by scope (global, perception-related, and mechanism-specific).

4 RESULTS

We compare CG, WS, SM, and NG over 30 rounds and 10 trials per setting (mean with confidence
bands), with robustness analyses in the Appendix.
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Figure 2: System-level convergence. (a) From false-majority initialization. (b) Recovery after a
misinformation shock.

To make comparisons interpretable, we keep the same initialization, physical dynamics, and obser-
vation noise across mechanisms, changing only governance rules. This isolates how each mecha-
nism transforms the same evidence stream into collective trajectories.

We report trends over rounds rather than single-round endpoints because governance quality is in-
trinsically temporal: practical systems must not only converge eventually, but also avoid costly
detours during intermediate rounds when decisions are already consequential. Accordingly, we an-
alyze both final alignment and trajectory shape (overshoot, volatility, and recovery lag).

4.1 SYSTEM-LEVEL DYNAMICS

Figure 2] evaluates convergence from a false-majority start and recovery after a temporary misinfor-
mation shock.

4.1.1 Speed of Convergence

CG is the only mechanism that reliably overturns the initial 70% false majority. WS and SM rein-
force early imbalances through reward-by-progress and popularity feedback, respectively, while NG
improves more slowly through independent deliberation.

This difference is not only about final accuracy but also about transient path quality. In CG, support
for the true topic rises with fewer oscillations, indicating that credibility updates act as a stabilizer
when observations are noisy. By contrast, WS and SM exhibit stronger early lock-in: once the false
topic receives initial reinforcement, the same mechanism that is intended to aggregate information
instead amplifies its own prior bias.

From a governance perspective, this highlights a practical design criterion: fast adaptation is use-
ful only when the update signal is quality-sensitive. Mechanisms that react quickly to unfiltered
momentum can be confidently wrong, whereas CG’s slower-but-filtered reallocation improves both
direction and stability.

A second criterion is reversibility. In many online systems, temporary ranking errors create down-
stream lock-in (visibility, funding, participation). CG’s trajectory suggests lower lock-in risk: be-
cause influence is continuously re-evaluated, early errors are less likely to become permanent struc-
tural advantages.

4.1.2 Misinformation Resistance

Under a 5-round parameter swap, all methods dip. CG recovers fastest because credibility accu-
mulates over quality-weighted momentum and anti-bubble terms limit overreaction. WS and SM
remain misled after shock amplification, and NG partially rebounds but lacks coordinated correc-
tion.

The key asymmetry is memory structure. CG retains information about prior source reliability,
so temporary shocks perturb but do not reset influence assignment. WS and SM are more myopic:
short-run performance or popularity spikes are rapidly capitalized into future influence, which makes
rollback difficult once the shock ends.
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(a) Share of Influence by Truth-Aligned Agents (w;) (b) Social Signal of True Topic (©_true)

(a) Influence share of truth support- (b) Social signal of true topic (c) Physical progress of true topic
ers

Figure 3: Mechanism-level behavior.

This behavior matters for real platforms, where adversarial or exogenous shocks are inevitable.
A robust mechanism should degrade gracefully under manipulation windows and recover without
external intervention. In our setting, only CG consistently satisfies both requirements.

Notably, the recovery pattern is asymmetric: deterioration during the shock is steeper than post-
shock repair for WS/SM, while CG keeps these two slopes closer. This slope symmetry is desirable
in practice because it bounds worst-case downtime after misinformation events.

Another useful reading is counterfactual exposure time: the number of rounds in which a mechanism
allocates dominant support to the wrong topic. Even when eventual convergence is possible, long
error windows can impose large opportunity costs in funding, attention, and experimentation. CG
reduces this error-window duration by combining resistance (smaller drawdown during shocks) with
faster rebound after shocks.

4.2 MECHANISM-LEVEL BEHAVIOR

Figure [3|explains these outcomes: CG shifts influence toward consistently reliable agents, improves
the social signal for the true topic, and sustains true-topic physical progress.

Panel (a) indicates that influence concentration in CG is selective rather than purely accumulative:
agents gain influence when their judgments align with improving topic quality, not merely when
they are aligned with the current majority. Panel (b) shows that this produces a cleaner social signal
trajectory, with fewer abrupt reversals. Panel (c) connects these social dynamics to material out-
comes: once resources are reallocated toward truth-supporting agents, the physical progress of the
true topic accelerates and remains dominant.

Together, the three panels provide a mechanism-level explanation for system-level recovery. CG
does not rely on a single correction event; instead it creates a repeated feedback cycle in which
better signal quality improves allocation, and better allocation further improves signal quality.

This also clarifies why no-governance can occasionally outperform weak governance: absent a
distortion-amplifying feedback loop, random error may wash out over time. Weak governance,
by contrast, can transform transient noise into persistent structural bias.

4.3 ABLATION STUDIES

Figure [ shows that CG depends on four components: dynamic credibility updates, anti-bubble
penalties, early-mover bonus, and using AO (not Ar) as reward basis.

The ablations also clarify functional roles. Credibility updates provide the primary long-horizon
correction channel; removing them collapses most gains. Anti-bubble terms mainly protect the
early and mid phases by preventing low-quality cascades from compounding. The early-mover
bonus improves time-to-recovery rather than end-state accuracy. Finally, replacing A© with raw
A reintroduces susceptibility to short-run distortions, reproducing the WS failure mode.

These patterns suggest CG’s effectiveness comes from component complementarity: each term ad-
dresses a different failure mode, and dropping any one term increases vulnerability along a distinct
axis (speed, stability, or robustness).



Published as a conference paper at ICLR 2026

(a) No Credibility Updates (b) No Anti-Bubble Penalty
1.0 1.0
—e— FullCG —e— FullCG
CG wlo Cred. Updates CG w/o Anti-Bubble

o o
2 o8 208
e ©
@ @
2 2
= =
S o6 S o6
g g
Qo Q
a o
> >
@ %
5 04 5 04
: PN < /.,-\y
£ r £
S S
a 2
5] S
& 02 £ 02

0.0 0.0

0 5 10 15 20 25 30 0 5 10 15 20 25 30
Simulation Round Simulation Round
(c) No Early-Mover Bonus (d) Reward Base: A® - ATt
10 10
—e— FullCG —e— FullCG
CG wio Early-Mover CG w/ A - ATt Rewards

o o
g o8 £ o8
8 8
® o
2 =
= =
S o6 S o6
] =
S S
a 2
=N =N
b= 5
[ 2
5 04 5 04
c c
=] 2
S S
<% a
o o
a 02 a 02

00 5 10 15 20 25 30 00 5 10 15 20 25 30

Simulation Round Simulation Round

Figure 4: Ablations of Credibility Governance. (a) No credibility updates. (b) No anti-bubble
penalty. (c¢) No early-mover bonus. (d) Reward swaps from AQj, to Ar.

For deployment, this implies that partial adoption is risky. Keeping only selected components for
simplicity may preserve nominal functionality while removing the very safeguards that create ro-
bustness under adversarial or high-noise conditions.

The ablation trends also suggest a practical tuning strategy. If a deployment context expects frequent
adversarial bursts, preserving anti-bubble strength is priority. If the environment is relatively benign
but highly dynamic, emphasizing early-mover responsiveness may improve adaptation speed. In
both cases, removing credibility updates remains the most damaging simplification, as it eliminates
the mechanism’s primary channel for long-horizon correction.

5 DISCUSSION AND CONCLUSION

CG improves collective self-correction by making influence updates quality-sensitive over time,
rather than tying influence to static popularity or capital. In our experiments, this design reduces
lock-in from early amplification and improves recovery after temporary misinformation shocks.

The mechanism nevertheless has clear limits. It can still be stressed by coordinated gaming, and
performance depends on environmental structure (signal quality, topic separability, and noise). Fu-
ture work should test multi-topic settings, richer communication dynamics, and heterogeneous agent
populations to better characterize robustness boundaries.

Overall, we show that collective accuracy under weak truth signals depends critically on temporal
influence design. By reallocating influence through credibility rather than visibility or capital, CG
improves stability, correction speed, and resilience in socio-physical simulations. More broadly,
this work illustrates how language-mediated agent simulations can serve as practical testbeds for
evaluating governance mechanisms when evidence is sparse and deliberation matters.
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A KEY PARAMETERS
B PARAMETER SENSITIVITY ANALYSIS

B.1 SENSITIVITY TO POPULATION SIZE (N)

Figure [5] shows how population size (N) affects CG’s convergence. Larger populations (N=300)
converge faster and more smoothly than N=100 and especially N=50. With more agents, the so-
cial signal produced by the LLM-based population becomes more stable: individual stochasticity
in model generations is averaged out, and credibility updates reflect consistent patterns rather than
noise. This stronger aggregate signal enables CG to identify reliable agents more quickly and re-
inforce the correct topic. Smaller populations, by contrast, are more exposed to randomness from
individual LLM outputs, making the social signal less stable and slowing convergence.

11



Published as a conference paper at ICLR 2026

Impact on Truth Convergence
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Figure 5: Sensitivity to Population Size. Comparison of CG’s convergence for N=50, N=100 (Main
Experiment), and N=300.
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Figure 6: Sensitivity to Initial Opinion Distribution. Comparison of CG’s convergence for 30%,
50%, and 70% initial truth-aligned agents.
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Table 1: Key simulation parameters.

Parameter Symbol Value Scope / Description

Physical Progress Dynamics

ek, it <,
a1
k t—1
i (1) v e <
7712_1 t—1
y'ry, (1— A ) + €k, m, > .
Environmental noise o 0.1 Std. dev. of €,
Baseline velocities Virues Vratse 1.0, 0.8 Intrinsic growth rates
Acceleration factor v 0.8  Mid-stage resource impact
Saturation limits Mige, Megse 10,8 Maximum progress
Late-stage factor 5 0.4  Late-stage resource impact
Stage thresholds Ty, o 2.0,5.0 Phase transition points
Agent Perception Model
~ t—1 t—1 ¢
T =7, +pOL  +&
Social contamination p 0.2 Strength of social shaping
Observation noise &t 0.05  Std. dev. of perception noise

Credibility Governance (CG) Specific

Influence concentration A 2.0  Exponential influence scaling
O} = (1= X)05 " + A [(rk — i) 7} — VB
Social-signal smoothing As 0.4  Smoothing of social signal update

K2

t
t t—1 t t—1\ KTt
¢ =¢; +77(@a; -0, )e a
K3 i

Credibility learning rate n 0.1  Rate of credibility change
Early-mover advantage K 0.5 Early-mover bonus factor
Zi:a =k Ci ! _
= - Bl =ofatrh ) (- )
Zz at=k 1
Inconsistency penalty B8 0.3  Penalty for switching

Web3 Staking (WS) Specific
wffl =a! balffl, bal! = baulif1 + %wf*l Awfl,;

Staking reward rate Vs 0.1 Proportion of progress paid as stake reward

B.2 SENSITIVITY TO INITIAL OPINION DISTRIBUTION

Figure[6] shows how the initial opinion distribution affects CG’s convergence. As the share of truth-
aligned agents increases (30%, 50%, 70%), convergence becomes faster and more stable. When
truth begins as the majority, CG reinforces it almost immediately. This is because the true topic pro-
duces more consistent improvement signals in the early rounds, giving truth-aligned agents slightly
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Figure 7: Sensitivity to Baseline Velocity Gap. Comparison of CG’s convergence for smaller, origi-
nal, and larger intrinsic growth differentials.

positive credibility updates from the start. As these small advantages accumulate, the average cred-
ibility of truth supporters rises within the first few rounds. Once their mean credibility exceeds that
of false supporters, the anti-bubble term for the true topic becomes negligible, since it scales with
(1 — @t,). Thus, a truth-majority receives an increase rather than a penalty. Overall, CG not only
overcomes unfavorable initial conditions but also consolidates already truth-aligned populations.

B.3 SENSITIVITY TO BASELINE VELOCITY GAP

Figure [7]illustrates Credibility Governance’s (CG) sensitivity to the intrinsic quality difference be-
tween the true and false topics, quantified by the baseline velocity gap (Ve - Vraise)- A larger velocity
gap leads to significantly faster and more robust convergence. This is because a more pronounced
intrinsic advantage for the true topic means its underlying quality is clearer, allowing CG’s mech-
anisms to more effectively detect and amplify this signal, thereby empowering its supporters more
efficiently. Conversely, a smaller velocity gap results in slower, more volatile convergence, poten-
tially reaching a lower final truth support. This occurs because a subtle quality difference makes
the true topic’s advantage harder for CG to discern, as it is more easily masked by noise, the initial
resource advantage of the false topic, and individual agent stochasticity. This highlights that while
CG is effective, the inherent distinguishability of truth still fundamentally influences its convergence
dynamics.
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