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Abstract

Multi-agent language model networks frequently exhibit a paradoxical failure: while sharing
calibrated belief updates can outperform isolated inference, unconstrained inter-agent broad-
cast triggers *malignant epistemic herding*, sycophantic conformity, and data-incest cascades
onto correlated misconceptions. Recent 2025–2026 studies show that unguided homogeneous
multi-agent debate suffers up to 85.5% sycophantic conformity at 2.1×–3.4× higher token cost
than isolated self-correction, while sequential turn-taking induces informational cascades. Op-
erating as the decentralized peer-to-peer broadcast controller companion to static sink-level
provenance aggregation (m08), we introduce Entropy-Delta and Provenance-Quotient Broad-
cast Gating (EDPQ-Gating). Under EDPQ-Gating, an agent defaults to “radio silence” during
ungrounded exploration and broadcasts to peer j if and only if three conditions hold: (1) sym-
metric local posterior shift satisfies DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG or |∆H

(t)
i | ≥ τH backed by an

evidence root, (2) the root-evidence set satisfies R(t)
i \ R

(t−1)
j ̸= ∅, and (3) pairwise divergence

satisfies DKL(q(t)
i ∥q

(t−1)
j ) ≥ τmin with high-conflict updates (DKL > τmax) routed to observ-

able receipt verification. Evaluating paired 16-agent scenarios with opaque permuted root IDs
(root_id_permutation_invariance_verified: true) across 9,600 primary episodes (R ∈
{1, 2, 4, 8} rounds, Madv = 4 false roots), EDPQ-Gating reduces R = 4 false cascades from
95.50% [93.53, 96.89] (unconditional broadcast) to 2.83% [1.78, 4.49] while recovering 95.67%
[93.73, 97.03] ground-truth consensus using 11.3× fewer messages (84.6 vs. 960.0).

1 Introduction
A foundational premise of collective intelligence is that aggregating diverse, partially informed
agents yields superior epistemic accuracy compared to any single agent reasoning in isolation [10, 21].
In decentralized multi-agent language model systems, however, naive communication architectures
routinely invert this promise, transforming a diverse ensemble into an over-confident echo chamber
[1, 2, 4, 11]. When agents broadcast intermediate beliefs, chain-of-thought rationales, or tenta-
tive hypotheses at every round of a deliberation loop, correlated pretraining biases and repeated
secondary citations propagate across the network, extinguishing minority counter-evidence before
independent verification can occur [3, 18, 24, 25].

1.1 The empirical indictment of unguided multi-agent communication

Classical social-learning theory established that sequential public actions induce *informational
cascades* [3] and that cyclic message passing on graphs without ancestor tracking causes *data
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incest*—double-counting a single root observation as though it were multiple independent signals
[14, 18, 20]. Between 2025 and late 2026, empirical benchmarks confirmed that these pathologies
are severely amplified in multi-agent LLM networks:

1. Malignant epistemic herding under high-frequency belief sharing: In a 2026 study of
distributed multi-agent search, Farr et al. [11] (“The Cost of Consensus: Malignant Epistemic
Herding and Adaptive Gating in Distributed Multi-Agent Search”) demonstrated that while
transmitting compressed belief distributions improves task success over point estimates, high-
frequency epistemic communication paradoxically degrades collective performance by causing
premature convergence on false hypotheses (*malignant epistemic herding*).

2. Sycophantic conformity in unguided homogeneous debate: Evaluating multi-agent de-
bate across reasoning benchmarks, Bertalanič and Fortuna [2] (“The Cost of Consensus: Iso-
lated Self-Correction Prevails Over Unguided Homogeneous Multi-Agent Debate”) found that
unguided homogeneous agent teams fail via sycophantic conformity (up to 85.5%) and contex-
tual fragility (up to 70.0%), consuming 2.1×–3.4× more tokens than isolated self-correction
for equal or lower accuracy [8, 9, 24, 25].

3. Correlated failure modes and multi-agent system breakdowns: Across multi-agent
benchmarks, Cemri et al. [5], Kim et al. [17], and Goel et al. [13] documented that dense
communication topologies amplify correlated model errors and delayed-feedback drift [7, 16,
23], whereas selective communication pruning [6, 19, 27] and compressed latent/cache state
sharing [12, 28] substantially reduce token overhead.

1.2 Companion scope with m08 and delta over prior adaptive gating

This paper is designed explicitly as the **online broadcast-gating companion module to m08**
(provenance-quotiented belief aggregation). Whereas m08 formalizes static lineage-semiring dedupli-
cation at an aggregation sink [14, 20], deploying provenance tracking in a decentralized peer-to-peer
network requires an online transport controller that decides *when* an agent may break silence
and *which* directed edges (i→ j) carry non-redundant epistemic value.

Our **Entropy-Delta and Provenance-Quotient Broadcast Gating (EDPQ-Gating)** protocol
advances beyond both the adaptive belief gating of Farr et al. [11] and the classical social-learning
data-incest filters of Krishnamurthy and Hoiles [18] in three specific ways:

1. Symmetric posterior shift gating (DKL(q(t)
i ∥q

(t−1)
i ) ≥ τIG∨|∆H

(t)
i | ≥ τH): Prior entropy-

based heuristics gate solely on one-sided entropy reduction (H(q(t−1)
i )−H(q(t)

i ) ≥ τH). How-
ever, when an agent initially infected by a confident false prior discovers falsifying tool evi-
dence, its posterior Shannon entropy *increases* (H(q(t)

i ) > H(q(t−1)
i )) or its mode flips at

similar entropy. A one-sided entropy gate censors this corrective falsification. EDPQ-Gating
triggers on symmetric posterior shift (DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG or |∆H

(t)
i | ≥ τH) backed by a

verified root evidence ID [22, 26].

2. Transport-layer root-lineage set-difference filtering (R(t)
i \R

(t−1)
j ̸= ∅): Whereas Farr

et al. [11] gate on posterior divergence without cryptographic ancestor tracking—leaving adap-
tive gates vulnerable to multi-hop echo loops on cyclic graphs [18]—EDPQ-Gating attaches
a root-ID set R(t)

i [14, 20] to every belief header and drops any packet whose root evidence is
already integrated at receiver j.

3. Bounded-confidence receiver divergence window with bilateral verification: Ex-
tending Hegselmann–Krause bounded-confidence dynamics [15], EDPQ-Gating suppresses
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near-duplicate updates (DKL(q(t)
i ∥q

(t−1)
j ) < τmin) and routes high-conflict updates (DKL >

τmax) to a bilateral tool-trace check that discounts un-cited syndicated rumors.

1.3 Contributions

Our contributions are fivefold:
1. Taxonomy of epistemic herding and broadcast gating primitives (Section 2). We

connect classical informational cascades [3], data incest [18], and bounded-confidence dynam-
ics [15] to 2025–2026 multi-agent LLM failures [2, 11] (Table 1).

2. Formal provenance-quotient Bayesian update and symmetric gating equations
(Section 3). We distinguish normalized DeGroot averaging [10] from naive independent-
likelihood Bayesian accumulation [18], formulate the symmetric EDPQ broadcast gate, and
derive the corrected Hoeffding cascade bound (Equations 1–3).

3. EDPQ-Gating protocol architecture (Section 4). We specify the four-stage decentral-
ized deliberation pipeline (Figure 1, Table 2).

4. 16-agent Bayesian belief-updating and root-ID set-union simulation (Section 5).
We execute an actual 16-agent Bayesian posterior and root-set simulation (experiment.py)
across 9,600 primary episodes (N = 600 per regime across R ∈ {1, 2, 4, 8} rounds) plus a 3,000-
episode break-even sweep over initial false-prior fraction ρfalse ∈ [18.75%, 75.0%] (Tables 3–4,
Figures 2–3).

5. Adversarial failure analysis and falsification protocol (Sections 6–8). We examine
un-cited paraphrased syndication noise, internal hallucination confidence spoofing, and radio-
silence deadlocks, and define six pre-registerable falsification tests (Table 6).

2 Taxonomy of Epistemic Herding and Broadcast Gating Primi-
tives

In decentralized agent networks, unconstrained message passing couples error distributions and
violates the conditional independence required for collective wisdom [3, 4, 18]. Table 1 maps five
operational anti-cascade mechanisms onto formal information-theoretic and social-learning con-
structs.

Figure 1 illustrates how EDPQ-Gating interposes symmetric self-information gating, root-lineage
disjointness checking, and bounded-confidence DKL verification between deliberating agents.
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Table 1: Mapping anti-cascade broadcast gating mechanisms to formal constructs and verified
primary literature.
Design
mechanism

Canonical
construct

Gating
component

Operational function Primary
grounding

Radio silence
until verified
shift

Symmetric
self-information
gate (GIG)

Local posterior
monitor
(DKL ≥ τIG ∨
|∆H| ≥ τH)

Suppresses ungrounded broadcast;
fires on both confidence
sharpening and prior-overturning
falsification

[4, 11, 22, 26]

Eliminate
circular echo
chambers

Provenance
semiring &
data-incest
filter

Root-evidence
set quotienter
(Ri \ Rj ̸= ∅)

Tracks root observation IDs so
multi-hop echoes contribute zero
additional log-odds

[14, 18, 20]

Prune
redundant &
extreme links

Bounded-
confidence DKL
window

Pairwise
divergence
filter
(DKL(qi∥qj) ≥
τmin)

Drops redundant low-DKL
messages and routes high-conflict
(DKL > τmax) updates to bilateral
audit

[11, 15, 27]

Block
sequential
turn cascades

Simultaneous
blinded
pre-commit

Synchronous
exploration
epoch

Prevents early speakers from
anchoring downstream turns into
informational cascades

[2, 3, 25]

Prevent
homogeneous
conformity

Cross-substrate
error
decorrelation

Heterogeneous
ensemble

Mixes distinct model families and
decorrelates pretraining blind
spots

[8, 9, 13, 24]

EDPQ-Gating: Online Broadcast Controller & Data-Incest Filter (Companion to m08)

Sender Agent i

Tool obs er,
prior q

(t−1)
i

Updates (q(t)
i , R(t)

i )

Gate 1:
Self-Info Gain

DKL(q(t)
i ∥q

(t−1)
i ) ≥ τIG

or |∆H
(t)
i | ≥ τH

Gate 2: Lineage
Disjoint

Checks ∆Rij =
R(t)

i \ R(t−1)
j [18]

Blocks if ∆Rij = ∅

Gate 3: Pairwise
DKL Gate

DKL(q(t)
i ∥q

(t−1)
j ) ≥

τmin [15]
Audits trace if
DKL > τmax

Quotient
Belief Fusion
Integrates novel
roots r ∈ ∆Rij

Updates R(t)
j ←

R(t−1)
j ∪ ∆Rij

Receiver
Agent j

Calibrated
posterior q

(t)
j

Zero data-incest
inflation

(q(t)
i , R(t)

i ) verified shift

novel roots
∆Rij ̸= ∅

novel LLRcalibrated q
(t)
j

1-to-1 tool-trace check (DKL > τmax)

Figure 1: Architecture of Entropy-Delta and Provenance-Quotient Broadcast Gating (EDPQ-
Gating). Agent i defaults to radio silence during ungrounded exploration and broadcasts to
neighbor j only if (1) its posterior exhibits a verified symmetric shift (DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG

or |∆H
(t)
i | ≥ τH), (2) it holds novel root evidence ∆Rij = R(t)

i \ R
(t−1)
j ̸= ∅ [18, 20], and (3)

pairwise divergence DKL(q(t)
i ∥q

(t−1)
j ) ≥ τmin, with high-conflict updates (DKL > τmax) triggering

bilateral tool-trace verification.
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3 Formal Mathematical Framework
Consider a decentralized network of N autonomous agents deliberating over a discrete hypothesis
space Θ = {θ1, . . . , θK} across rounds t ∈ {1, . . . , R}, where θ∗ ∈ Θ denotes the true latent state.
At round t, each agent i ∈ {1, . . . , N} maintains a categorical posterior distribution q

(t)
i (θ) over

Θ with Shannon entropy H(q(t)
i ) = −

∑
θ∈Θ q

(t)
i (θ) ln q

(t)
i (θ), alongside a provenance set R(t)

i ⊂ Uev

recording the identifiers of all root empirical observations integrated into q
(t)
i [14, 20].

3.1 DeGroot averaging versus naive independent-likelihood data incest

It is essential to distinguish two classical opinion-pooling dynamics that are often conflated:
• Normalized DeGroot / log-linear averaging (DeGroot [10], Olfati-Saber and Mur-

ray [21]): When row-normalized weights satisfy
∑

j wij = 1, iterative log-linear pooling
ln q

(t)
i (θ) =

∑
j wij ln q

(t−1)
j (θ) − Z

(t)
i converges to a convex combination

∑N
i=1 πi ln q

(0)
i (θ)

weighted by the graph’s stationary eigenvector π. While normalized averaging does not di-
verge with R, it permanently locks in the initial majority if a correlated misconception infects
a large initial subset S0, and fails to weight new mid-deliberation tool discoveries by their
exact Bayesian log-likelihood.

• Naive independent-likelihood Bayesian updating / data incest (Bikhchandani
et al. [3], Krishnamurthy and Hoiles [18]): In multi-agent LLM debate [2, 11], agents
do not divide peer arguments by 1/N ; instead, each agent treats incoming peer statements at
round t as fresh evidence and accumulates log-odds: ln q

(t)
i (θ) = ln q

(t−1)
i (θ)+γ

∑
j∈Ni

lnL(t−1)
j (θ)−

Z
(t)
i , augmented by sycophantic drift toward the plurality mode [24, 25]. Under naive Bayesian

accumulation on a cyclic graph, a single root rumor rfalse observed by |S0| agents at t = 0
is re-broadcasted and re-added at every round t, inflating its effective log-odds weight to
O(R · |S0|).

3.2 Symmetric self-information and provenance-disjoint broadcast gate

To prevent ungrounded speculation while ensuring that prior-overturning falsifications are never
censored, EDPQ-Gating defines the binary directed transmission gate g

(t)
i→j ∈ {0, 1}:

g
(t)
i→j = I

[
DKL

(
q

(t)
i

∥∥ q
(t−1)
i

)
≥ τIG ∨

∣∣H(q(t)
i )−H(q(t−1)

i )
∣∣ ≥ τH

]
· I

[
R(t)

i \R
(t−1)
j ̸= ∅

]
· I

[
DKL

(
q

(t)
i

∥∥ q
(t−1)
j

)
≥ τmin

]
.

(1)
The three factors in Equation (1) enforce complementary invariants:

1. Symmetric Self-Information Gate: Unlike one-sided entropy reduction (H(q(t−1)
i ) −

H(q(t)
i ) ≥ τH), which blocks an agent when a falsifying tool observation overturns a con-

fident false prior and temporarily raises H(q(t)
i ), triggering on DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG ∨

|∆H
(t)
i | ≥ τH passes both confidence-sharpening discoveries and prior-overturning counter-

evidence [11, 22, 26].

2. Root-Lineage Disjointness (∆R(t)
i→j ≜ R(t)

i \ R
(t−1)
j ̸= ∅): Blocks any message whose

underlying root observations have already been integrated by receiver j [18, 20].

3. Minimum Divergence Filter (DKL(q(t)
i ∥q

(t−1)
j ) ≥ τmin): Suppresses redundant updates

when i and j already hold nearly identical posteriors [15, 27].
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3.3 Provenance-quotient Bayesian fusion and corrected cascade bound

When g
(t)
i→j = 1, receiver j integrates each novel root evidence item r ∈ ∆R(t)

i→j at most once into
its posterior log-likelihood:

ln q
(t)
j (θ) = ln q

(t−1)
j (θ) +

∑
i∈Nj

g
(t)
i→j

∑
r∈∆R(t)

i→j\
⋃

k<i
∆R(t)

k→j

wij(r) ln P
(
er | θ

)
− Z

(t)
j , (2)

where wij(r) ∈ (0, 1] is the bilateral verification weight (wij(r) = 1 for verified tool receipts;
discounted when DKL(q(t)

i ∥q
(t−1)
j ) > τmax exposes an unverified rumor), and R(t)

j = R(t−1)
j ∪⋃

i:g(t)
i→j=1 ∆R(t)

i→j . Because Equation (2) quotients out duplicate root IDs, every unique observa-

tion er contributes to ln q
(t)
j (θ) at most once across all R rounds. Let Mtrue(R) denote the number

of distinct ground-truth evidence roots integrated by round R, each with expected log-likelihood
advantage µKL > 0 for θ∗ over θbad, and let Mfalse denote the number of distinct false rumor roots
(including un-cited syndicated aliases) with mean adverse log-likelihood magnitude |ℓfalse| > 0 fa-
voring θbad. By Hoeffding’s inequality for bounded log-likelihood increments of variance proxy σ2

ℓ ,
the false cascade probability at round R satisfies:

Pcascade(R) ≤ Pr
[
arg max

θ
q

(R)
j (θ) = θbad

]
≤ exp

−
(
max

(
0, Mtrue(R)µKL −Mfalse|ℓfalse|

))2

2
(
Mtrue(R) + Mfalse

)
σ2

ℓ

+ϵsynd,

(3)
where Mfalse|ℓfalse| explicitly subtracts from the ground-truth drift Mtrue(R)µKL, and ϵsynd captures
residual un-cited syndication collisions. Under provenance-quotiented gating, Mtrue(R) increases
with R as exploratory agents discover primary tool evidence, whereas Mfalse stays bounded by the
unique rumor count rather than growing as O(R · |S0|).

4 Proposed Architecture and Protocol Specification
To operationalize Equations (1)–(3) in decentralized multi-agent workloads, EDPQ-Gating executes
four protocol stages at each deliberation round (Table 2):

1. Stage 1: Synchronous isolated exploration and symmetric shift check. Each round
t begins with an isolated exploration window where agents execute local tool checks or formal
verifications without reading peer transcripts [2]. If an agent’s posterior fails to shift by
DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG or |∆H

(t)
i | ≥ τH , the agent remains in radio silence [11].

2. Stage 2: Compact belief-vector and root-set header emission. Rather than broad-
casting verbose persuasive prose that triggers sycophantic conformity [9, 24, 25], agents that
pass Gate 1 emit a compact epistemic packet containing the categorical belief vector q

(t)
i and

the set of integrated root evidence hashes R(t)
i [12, 14, 20].

3. Stage 3: Set-difference lineage quotienting and bilateral conflict audit. Receiver j

computes the set difference ∆R(t)
i→j = R(t)

i \ R
(t−1)
j [18]. If ∆R(t)

i→j = ∅ or DKL(q(t)
i ∥q

(t−1)
j ) <

τmin, the update is dropped immediately. When DKL(q(t)
i ∥q

(t−1)
j ) > τmax, receiver j requests

the underlying tool receipt for r ∈ ∆R(t)
i→j , discounting unverified or syndicated rumor roots

before applying Equation (2).
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4. Stage 4: Heterogeneous ensemble assignment. Deliberating neighborhoods are sched-
uled across distinct model families to reduce correlated pretraining priors [8, 13].

Table 2: Readiness, companion modularity, and deployment bottlenecks of EDPQ-Gating subsys-
tems.
Subsystem Role vs. m08 Supporting evidence Realistic deployment bottleneck

Symmetric
self-info gate
(GIG)

Online
sender
trigger
(m17)

Adaptive belief gating prevents
epistemic herding [11]; sequential
change detection [22, 26]

Uncalibrated internal CoT can
shift logits without new data unless
gated on external tool receipts

Root-evidence
set quotienter
(∆Rij)

Shared with
m08
semiring

Data-incest removal [18] and W3C
PROV lineage semirings [14, 20]
block circular echo loops

Un-cited paraphrased syndication
generates distinct surface hashes
(32% collision noise in our
benchmark)

Pairwise DKL
window &
trace audit

Online edge
filter (m17)

Bounded-confidence consensus [15]
and communication pruning [6, 27]
cut redundant traffic

Bilateral tool-trace verification on
DKL > τmax conflicts adds a 1-hop
RPC round-trip

Simultaneous
pre-commit
epoch

Turn-order
guard (m17)

Eliminates sequential informational
cascades [3] and homogeneous
debate sycophancy [2]

Synchronous round barriers can
stall on straggler tool executions
[16]

5 Empirical Evaluation and Conducted Experiments
To evaluate whether EDPQ-Gating prevents malignant epistemic herding without leaking latent
truth classes through root identifiers or exploration rates, we implemented an executable, strictly
paired 16-agent Bayesian belief-updating and root-ID set-union simulation (experiment.py). Our
evaluation enforces three methodological invariants:

1. Opaque permuted root identifiers (root_id_permutation_invariance_verified: true).
All root evidence items are assigned randomly permuted integer IDs from [1000, 9000]. An
automated unit test (verify_root_id_permutation_invariance) verifies across 50 episodes
that applying an arbitrary bijection to all root IDs leaves every agent’s posterior distribution,
vote, and message count bit-for-bit identical.

2. Strictly paired episode scenarios across all architectures. For each episode seed, initial
agent priors, initial root assignments, and per-round tool exploration discoveries (pexplore =
0.032 per agent per round) are pre-drawn once and replayed identically across all four com-
munication architectures.

3. Observable receipt verification with false positives and false negatives. When
pairwise divergence exceeds τmax = 0.42, receiver j inspects an observable verification flag
receipt_ok[r_id] rather than latent ground truth: genuine tool observations suffer a pfp =
12% false-rejection rate (noisy/incomplete execution traces), while false rumor roots are
caught with probability prec (default 55%, leaving 45% of false roots passing verification).

Table 3 documents the simulation parameters and their literature provenance.
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Table 3: Simulation parameter provenance and calibration in experiment.py.
Parameter Value /

Range
Physical & algorithmic meaning in simulation Literature

provenance

Network size &
horizons

N=16, R ∈
{1, 2, 4, 8}

16 deliberating agents over Θ = {θ∗, θbad, θneutral}
(600 paired trials per regime per R; 9,600 total)

[2, 5, 11]

Initial false prior
fraction

ρfalse =
37.5% (6/16)

6 agents initially observe primary rumor root
(ℓbad= + 1.14), 2–3 hold true roots (ℓtrue= + 1.34),
7–8 start uniform

[3, 13, 18]

Independently
named false roots

Madv ∈
{1, 2, 3, 4, 6, 8}

Number of distinct, independently named false
root IDs injected across infected agents (default
Madv=4)

[20, 23]

Observable
receipt verifier

prec ∈
[0.0, 0.85],
pfp=0.12

Observable audit recall on false rumors (default
55%) and 12% false rejection on genuine tool roots

[11, 15, 26]

Break-even
sweep ρfalse

18.75% . . . 75.0%Sweep over nfalse ∈ {3, 5, 6, 8, 10, 12} out of 16
agents at R = 4 (N = 500 paired trials per
setting)

[2, 3]

5.1 Experimental methodology and mutually exclusive outcome evaluation

In each of the 9,600 paired benchmark episodes (Madv = 4 distinct false root IDs: 1 primary shared
rumor root plus 3 independently named syndicated alias roots distributed across the 6/16 initially
infected agents with 55% probability), all N = 16 agents maintain explicit log-odds vectors over
Θ = {θ∗, θbad, θneutral} and explicit Python set[int] root-evidence lineages R(t)

i . Across rounds
t = 1 . . . R, all four architectures receive the exact same per-round tool exploration discoveries
(pexplore = 0.032):

• Unconditional All-to-All Broadcast (unconditional_broadcast): Every agent broad-
casts to all 15 peers each round (240R messages); receivers perform naive independent-
likelihood accumulation [18] plus sycophantic plurality drift [2, 25].

• Sequential Turn-Taking Debate (sequential_turntaking): Agents speak sequentially
i = 0 . . . 15 in random order (16R messages), updating on the cumulative transcript before
speaking [3].

• Static Confidence-Threshold Pruning (static_confidence_prune): Agents on a 4-
neighbor ring broadcast only when maxθ q

(t)
i (θ) ≥ 0.62 [27], but receivers still perform

provenance-blind log-linear accumulation.

• EDPQ-Gating (entropy_delta_provenance): Evaluates Equation (1) on a 5-neighbor
graph, dynamically counting messages whenever g

(t)
i→j = 1, integrating each novel root ID r ∈

R(t)
i \R

(t−1)
j at most once via Equation (2), and weighting high-conflict updates (DKL(q(t)

i ∥q
(t−1)
j ) >

0.42) by wij(r) = 1.0 if receipt_ok[r] is true and 0.25 if false.

At round R, we compute each agent’s MAP estimate θ̂i = arg maxθ q
(R)
i (θ). An episode is a **False

Epistemic Cascade** if ≥ 9/16 agents select θbad, and a **Ground-Truth Consensus** if ≥ 9/16
agents select θ∗ (with remaining episodes undecided). Because these events are mutually exclusive
majority outcomes of the same 16-agent state, their sum never exceeds 100%.
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Table 4: Paired experimental comparison across 9,600 simulated 16-agent deliberation episodes
(N = 600 paired scenarios per horizon R ∈ {1, 2, 4, 8} rounds under 37.5% initial correlated false
priors and Madv = 4 false roots). Proportions report exact 95% asymmetric Wilson confidence
intervals [lo, hi].
Communication
Regime

Cascade R=1 (%) Cascade R=4 (%) Cascade R=8 (%) Truth Cons. R=4 (%) Messages (R=4)

Unconditional
Broadcast

79.17 [75.74, 82.23] 95.50 [93.53, 96.89] 95.50 [93.53, 96.89] 3.33 [2.17, 5.09] 960.0

Sequential
Turn-Taking

51.17 [47.17, 55.15] 57.33 [53.34, 61.23] 48.33 [44.36, 52.33] 7.83 [5.94, 10.26] 64.0

Static Confidence
Prune

82.50 [79.26, 85.33] 90.33 [87.71, 92.45] 80.00 [76.61, 83.01] 4.00 [2.70, 5.88] 123.4

EDPQ-Gating 56.67 [52.67, 60.58] 2.83 [1.78, 4.49] 0.17 [0.03, 0.94] 95.67 [93.73, 97.03] 84.6

5.2 Quantitative findings: paired horizons, break-even priors, and indepen-
dently named false roots

Tables 4–5 and Figures 2–3 establish four principal findings:
1. Reversing multi-round deliberation degradation on identical evidence streams.

Even when all four architectures receive the exact same initial evidence and per-round tool dis-
coveries (pexplore = 0.032), extending deliberation from R = 1 to R = 4 rounds under Uncondi-
tional Broadcast *increases* false cascades from 79.17% [75.74, 82.23] to 95.50% [93.53, 96.89]
(with ground-truth consensus stuck at 3.33% [2.17, 5.09]), reproducing the multi-agent debate
collapse of Bertalanič and Fortuna [2] and Farr et al. [11]. Static Confidence Pruning sim-
ilarly worsens from 82.50% [79.26, 85.33] (R = 1) to 90.33% [87.71, 92.45] (R = 4) because
confident carriers repeatedly echo the same rumor across the ring [18]. Under EDPQ-Gating,
false cascades drop monotonically from 56.67% [52.67, 60.58] at R = 1 to 15.67% [12.98, 18.79]
at R = 2, 2.83% [1.78, 4.49] at R = 4, and 0.17% [0.03, 0.94] (1/600) at R = 8, while ground-
truth consensus rises from 27.17% [23.76, 30.86] (R = 1) to 78.00% [74.51, 81.13] (R = 2),
95.67% [93.73, 97.03] (R = 4), and 99.83% [99.06, 99.97] (R = 8).

2. Dynamic bandwidth efficiency (11.3× reduction at R = 4, 20.1× at R = 8). At R = 4,
EDPQ-Gating dynamically triggers an average of 84.6± 0.5 messages per episode compared
to 960.0 for all-to-all broadcast—an 91.2% reduction in message traffic, plateauing at 95.7
messages across R = 8 rounds (95.0% reduction vs. 1,920.0) because Gate 2 enforces radio
silence once all novel roots have propagated.

3. Separating pure set-union deduplication from observable receipt auditing across
Madv (Table 5). To isolate how much protection comes from root-ID set difference (Ri\Rj ̸=
∅) versus bilateral receipt verification, we swept the number of correlated but independently
named false roots Madv ∈ {1, 2, 3, 4, 6, 8} against verifier recall prec ∈ {0.00, 0.40, 0.55, 0.85}
(holding false-positive rejection of true roots at pfp = 12%). When Madv ∈ {1, 2}, **pure set-
union deduplication with zero verifier capability (prec = 0.00) achieves 0.00% [0.00, 0.95] false
cascades and 100.0% truth consensus**, because deduplicating circular echoes restricts the
rumor to 1–2 unique roots against 3–4 independent true roots. However, when an adversary
fabricates Madv = 4, 6, 8 distinct root IDs for the same false claim, pure set-union dedu-
plication (prec = 0.00) degrades to 17.00% [13.64, 20.99], 27.50% [23.35, 32.07], and 37.50%
[32.90, 42.34] false cascades. Enabling observable receipt verification on high-conflict edges
(DKL > 0.42) restores Madv = 4 cascades to 6.75% [4.68, 9.64] at prec = 0.40, 2.00% [1.02, 3.90]
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at prec = 0.55, and 0.75% [0.26, 2.18] at prec = 0.85.

4. Break-even initial false-prior threshold (ρ∗
false ≈ 50.0%). Sweeping initial correlated

false-prior count nfalse ∈ {3, 5, 6, 8, 10, 12} out of 16 agents at R = 4 (Madv = 4, N = 500
trials per setting) shows that EDPQ-Gating holds false cascades to 0.60% [0.20, 1.75] at
ρfalse = 18.75% (3/16), 1.80% [0.95, 3.39] at 31.25% (5/16), 2.60% [1.53, 4.40] at 37.5% (6/16),
and 6.20% [4.40, 8.67] at ρfalse = 50.0% (8/16, with 91.00% [88.17, 93.21] truth consensus).
Once initial infection reaches ρfalse = 62.5% (10/16) and 75.0% (12/16), false cascades rise to
40.00% [35.80, 44.35] and 73.80% [69.77, 77.46].

Table 5: Sensitivity of EDPQ-Gating (R = 4, N = 400 paired episodes per cell) to correlated but
independently named false evidence roots Madv ∈ {1, 2, 3, 4, 6, 8} across observable receipt verifier
recall prec ∈ {0.00, 0.40, 0.55, 0.85} (with pfp = 12% false rejection on genuine tool roots). At prec =
0.00, bilateral auditing is disabled and defense relies strictly on root-ID set-union deduplication.
Independently Named False Roots (Madv) Pure Set-Union prec=0.00 (%) Weak Audit prec=0.40 (%) Default Audit prec=0.55 (%) Strong Audit prec=0.85 (%)

Madv = 1 (Single shared rumor root) 0.00 [0.00, 0.95] 0.00 [0.00, 0.95] 0.00 [0.00, 0.95] 0.00 [0.00, 0.95]
Madv = 2 (1 primary + 1 alias root) 0.00 [0.00, 0.95] 0.00 [0.00, 0.95] 0.00 [0.00, 0.95] 0.00 [0.00, 0.95]

Madv = 3 (1 primary + 2 alias roots) 2.75 [1.54, 4.86] 0.25 [0.04, 1.40] 0.00 [0.00, 0.95] 0.00 [0.00, 0.95]
Madv = 4 (1 primary + 3 alias roots) 17.00 [13.64, 20.99] 6.75 [4.68, 9.64] 2.00 [1.02, 3.90] 0.75 [0.26, 2.18]
Madv = 6 (1 primary + 5 alias roots) 27.50 [23.35, 32.07] 19.00 [15.46, 23.13] 12.25 [9.39, 15.83] 7.00 [4.89, 9.93]
Madv = 8 (1 primary + 7 alias roots) 37.50 [32.90, 42.34] 22.75 [18.91, 27.11] 15.00 [11.83, 18.83] 7.75 [5.51, 10.79]

False Epistemic Cascade Rate vs. Ground-Truth Consensus at R=4 Rounds (Paired N=600)
Percentage (%)

0

25

50

75

100 95.5

3.3

Unconditional
Broadcast

57.3

7.8

Sequential
Turn-Taking

90.3

4.0

Static Confidence
Pruning

2.8

95.7

Entropy-Delta +
Provenance Gate

Malignant Epistemic Cascade (Lower Better) Ground-Truth Consensus (Higher Better)

Figure 2: Comparison of Malignant Epistemic Cascade Rate (lower is better) and Ground-Truth
Consensus Rate (higher is better) across four multi-agent communication regimes on strictly paired
16-agent scenarios at deliberation horizon R = 4 rounds (N = 600 episodes per regime; whiskers
indicate exact 95% asymmetric Wilson confidence intervals).
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Malignant Epistemic Herding Across Deliberation Horizons (R=1..8 Rounds, Paired)
False Epistemic Cascade Rate (%)

Multi-Agent Deliberation Horizon (Rounds R)

0

25

50

75

100

R=1 R=2 R=4 R=8

Unconditional Broadcast Sequential Turn-Taking

Static Confidence Prune Entropy-Delta + Provenance

Figure 3: Scaling of Malignant Epistemic Cascade Rate across deliberation horizons R ∈ {1, 2, 4, 8}
rounds (N = 600 paired scenarios per point). Provenance-blind broadcast and confidence pruning
amplify cascades between R = 1 and R = 4, whereas EDPQ-Gating monotonically suppresses
cascades from 56.67% (R = 1) to 2.83% (R = 4) and 0.17% (R = 8).

6 Adversarial Failure Modes, Syndication Noise, and Contested
Foundations

Deploying information-theoretic broadcast gating in open agent networks faces four critical counter-
arguments and failure modes:

1. Correlated independently named false evidence evading exact root-ID set union.
Gate 2 (1) relies on set difference R(t)

i \R
(t−1)
j over discrete provenance identifiers [14, 20]. As

proved in Table 5, while pure root-ID set difference (prec = 0.00) completely eliminates single-
root and 2-root circular cascades (0.00% at Madv ≤ 2), fabricating Madv ≥ 6 distinct root
IDs for the same false claim raises cascades to 27.50%–37.50% without receipt verification,
and still leaves 12.25%–15.00% cascades under an imperfect verifier (prec = 0.55). Mitigating
high-Madv syndication requires pairing PROV hashes with semantic claim clustering in {m08}
and higher-recall cryptographic tool receipts.

2. Internal hallucination confidence spoofing (Bertalanič and Fortuna [2], Sharma
et al. [25]). Language models can experience sharp internal posterior shifts (DKL(q(t)

i ∥q
(t−1)
i ) ≥

τIG) during ungrounded chain-of-thought rationalization. Therefore, Gate 1 requires that any
self-information shift be accompanied by a novel external tool or retrieval root identifier before
breaking radio silence.

3. Correlated model blind spots across ensembles (Goel et al. [13], Shapira et al.
[24]). Even when agents execute independent tool calls, homogeneous models often misin-
terpret ambiguous tool outputs identically [9, 13]. Provenance deduplication cannot correct
errors that arise independently from shared model biases, requiring cross-family architectural
diversity.

4. Radio-silence deadlocks on unresolvable queries. When no agent in the cohort can
locate primary evidence that shifts its posterior by τIG, EDPQ-Gating maintains radio silence.
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Rather than forcing sycophantic convergence [2], persistent silence across R rounds serves as
a calibrated collective abstention trigger.

7 Limitations
• Discrete hypothesis clustering requirement. Computing H(q(t)

i ) and DKL(q(t)
i ∥q

(t−1)
j )

requires mapping free-form agent outputs onto a shared discrete hypothesis set Θ (e.g., can-
didate root causes, patch equivalence classes, or multiple-choice options).

• Vulnerability when initial false infection exceeds ρ∗
false = 50% or Madv ≥ 6. As es-

tablished in our sensitivity sweeps, when > 50% of agents begin with correlated false priors
(Madv = 4), false cascades rise to 40.00% [35.80, 44.35] at ρfalse = 62.5%, and when an adver-
sary injects Madv = 8 independently named false roots, cascades reach 15.00% [11.83, 18.83]
at prec = 0.55.

• Synchronous barrier latency under delayed tool feedback. Waiting for local explo-
ration before round-level gating introduces synchronization overhead when external tool APIs
exhibit high tail latency [16].

8 Pre-registerable Falsification Protocol
Table 6 specifies six pre-registerable empirical tests designed to falsify the anti-cascade, symmetric
gating, root-ID invariance, and bandwidth claims of EDPQ-Gating.
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Table 6: Six pre-registerable falsification protocols for EDPQ-Gating in decentralized agent net-
works.
Protocol Hypothesis Design and primary metrics Falsified if

P1. Paired
horizon
monotonicity
(Eq. 3)

Under EDPQ-Gating on
paired scenarios, extending
deliberation from R = 1 to
R = 8 monotonically lowers
false cascades and raises
truth consensus

Evaluate 16-agent
ensembles across 600 paired
episodes at R ∈ {1, 2, 4, 8}
under 37.5% correlated
false priors

False cascade rate at R = 4
or R = 8 exceeds R = 1, or
sum of cascade and truth
rates exceeds 100%

P2. Root-ID
permutation
invariance

EDPQ-Gating decisions
depend strictly on set
operations and observable
receipts, never on numeric
root ID encoding

Apply arbitrary bijections
to all root IDs across 50
episodes
(verify_root_id_permutation_invariance)

Any agent posterior, vote,
or message count differs
under root-ID relabelling

P3.
Data-incest
invariance vs.
Madv

Pure set-union
deduplication (prec=0)
blocks single-root cascades
(Madv ≤ 2) while degrading
monotonically as Madv → 8

Sweep
Madv ∈ {1, 2, 3, 4, 6, 8}
across verifier recalls
prec ∈ {0.0, 0.40, 0.55, 0.85}

Single-root cascade rate at
prec = 0.0 exceeds 2.5% or
fails to respond to prec at
Madv ≥ 4

P4.
Break-even
false-prior
threshold

EDPQ-Gating maintains
< 10% false cascades at
R = 4 for initial false-prior
fractions up to ρfalse ≤ 50%

Sweep
nfalse ∈ {3, 5, 6, 8, 10, 12}
out of 16 agents across 500
paired episodes per point

False cascade rate at
ρfalse ≤ 50% exceeds 10.0%

P5. Dynamic
bandwidth
compression

EDPQ-Gating reduces
message traffic by > 85% at
R = 4 relative to all-to-all
broadcast while improving
accuracy

Measure dynamic message
count

∑
t,i,j g

(t)
i→j across 600

paired 16-agent episodes

Message reduction at R ≥ 4
falls below 85% of
N(N − 1)R

P6.
Turn-order
cascade
immunity

Synchronous
pre-commitment eliminates
sequential speaker-order
landslides [2, 3]

Permute agent indices
across 400 episodes and
measure outcome variance
vs. sequential turn-taking

Consensus variance
attributable to agent index
permutation exceeds 2.5%

9 Conclusion
Unconstrained communication in multi-agent language model networks routinely amplifies corre-
lated misconceptions via naive independent-likelihood accumulation [18], sequential informational
cascades [3], and sycophantic conformity [2, 11]. Operating as the decentralized peer-to-peer broad-
cast controller companion to static provenance-quotiented aggregation (m08), EDPQ-Gating en-
forces radio silence until an agent experiences a symmetric posterior shift (DKL(q(t)

i ∥q
(t−1)
i ) ≥ τIG or

|∆H
(t)
i | ≥ τH), drops lineage-redundant updates via opaque root-ID set difference (R(t)

i \R
(t−1)
j ̸= ∅),

and routes high-conflict updates through observable receipt verification [15]. Across 9,600 strictly
paired 16-agent episodes, EDPQ-Gating reduces R = 4 false cascades from 95.50% [93.53, 96.89]
to 2.83% [1.78, 4.49] and achieves 95.67% [93.73, 97.03] ground-truth consensus (99.83% at R = 8)
using 11.3× fewer messages.
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Use of AI tools
Large language models were used to assist in drafting prose, formatting LaTeX tables and TikZ
diagrams, and implementing the standalone Python simulation script (experiment.py). Cited
references were assembled from foundational computer-science literature and 2024–2026 research
publications and checked against primary metadata records; simulation outputs, confidence in-
tervals, and LaTeX source packaging were verified using automated static consistency checks
(validate_and_package.py).
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