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Abstract

Multi-agent AI systems increasingly employ consensus mechanisms—
such as majority voting, debate protocols, and aggregation frameworks—
under the assumption that agreement among independent agents con-
stitutes evidence of correctness. We identify and formally define
the synthetic consensus problem: a failure mode in which multiple
AI agents converge on shared conclusions not through independent
reasoning over evidence, but through shared training data, archi-
tectural homogeneity, and reinforcement learning from human feed-
back (RLHF) alignment pressure. We distinguish synthetic consensus
from genuine independent agreement by developing an information-
theoretic framework grounded in mutual information decomposition.
We analyze three primary mechanisms that produce synthetic consensus—
training data overlap, architectural monoculture, and RLHF-induced
mode collapse—and derive bounds on the effective independence of
agents under each mechanism. We demonstrate that synthetic con-
sensus can systematically undermine ensemble reliability, producing
confident but correlated failure modes that evade detection by stan-
dard aggregation methods. Finally, we propose a suite of mitigations
including architectural diversity mandates, adversarial agent injec-
tion, and provenance tracking systems, and we evaluate their theoret-
ical effectiveness. Our analysis has direct implications for the design
of multi-agent systems used in high-stakes domains including scientific
review, medical diagnosis, and safety-critical decision making.
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1 Introduction
The deployment of multi-agent AI systems has accelerated dramatically in
recent years, driven by the intuition that aggregating outputs from multiple
models can improve accuracy, robustness, and calibration [Wang et al., 2023a,
Du et al., 2023, Liang et al., 2023]. This intuition draws on deep results from
statistics and social choice theory: Condorcet’s jury theorem guarantees that
majority voting among independent agents, each with accuracy exceeding
0.5, converges to perfect accuracy as the number of agents grows [Condorcet,
1785]. The “wisdom of crowds” phenomenon further supports the idea that
aggregation reduces noise and surfaces signal [Surowiecki, 2005].

However, these guarantees rest on a critical assumption: independence.
Condorcet’s theorem fails—and ensemble performance can actually degrade—
when agents’ errors are positively correlated [Ladha, 1992, Dietrich and List,
2008]. In the context of modern large language models (LLMs), there are
strong reasons to believe that the independence assumption is systemati-
cally violated. Contemporary LLMs share training data sourced from over-
lapping internet corpora, employ nearly identical transformer architectures,
and undergo alignment procedures that push their outputs toward similar
distributions over response space.

We term the resulting phenomenon synthetic consensus: the appearance
of independent agreement that in fact arises from shared inductive biases,
common training signals, and convergent optimization pressures. Synthetic
consensus is particularly insidious because it mimics the surface-level prop-
erties of genuine agreement—multiple agents producing the same answer—
while lacking the epistemically valuable property of independent corrobora-
tion.

This paper makes the following contributions:

1. We provide a formal definition of synthetic consensus using an information-
theoretic framework that decomposes inter-agent agreement into gen-
uine and spurious components (Section 2).

2. We distinguish synthetic consensus from genuine independent agree-
ment and characterize the conditions under which each arises (Sec-
tion 3).

3. We analyze three primary mechanisms that produce synthetic consen-
sus: training data overlap, architectural homogeneity, and RLHF align-
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ment pressure (Section 4).

4. We derive theoretical results on the degradation of ensemble reliability
under synthetic consensus (Section 5).

5. We propose and evaluate mitigations including architectural diversity,
adversarial agents, and provenance tracking (Section 6).

2 Formal Definition of Synthetic Consensus
We begin by establishing a formal framework for reasoning about consensus
in multi-agent systems. Let A = {A1, A2, . . . , An} be a set of n AI agents,
and let q ∈ Q be a query drawn from some space of questions. Each agent Ai

produces a response Ri = Ai(q) drawn from a response space R. Let R∗ ∈ R
denote the ground truth or ideal response.
Definition 1 (Consensus). A set of agents A exhibits consensus on query
q if there exists a response r ∈ R such that Ri = r for all i ∈ {1, . . . , n},
or more generally, if d(Ri, Rj) < ϵ for all pairs (i, j) under some distance
metric d : R×R → R≥0 and threshold ϵ > 0.

To distinguish genuine from synthetic consensus, we decompose the mu-
tual information between any two agents’ responses.
Definition 2 (Response Mutual Information Decomposition). For agents Ai

and Aj, the mutual information between their responses can be decomposed
as:

I(Ri;Rj) = I(Ri;Rj|E) + I(Ri;Rj; E) (1)
where E represents the evidence relevant to query q, I(Ri;Rj|E) is the resid-
ual mutual information (agreement not explained by shared evidence), and
I(Ri;Rj; E) is the evidence-mediated mutual information (agreement at-
tributable to shared evidence).

The residual mutual information can be further decomposed by identify-
ing its sources:

I(Ri;Rj|E) = Idata(Ri;Rj|E)+Iarch(Ri;Rj|E)+Ialign(Ri;Rj|E)+Iother(Ri;Rj|E)
(2)

where Idata, Iarch, and Ialign represent contributions from shared training
data, architectural similarity, and alignment pressure, respectively.
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Definition 3 (Synthetic Consensus). A consensus among agents A on query
q is synthetic to degree σ if:

σ(q,A) = Ei ̸=j [I(Ri;Rj|E)]
Ei ̸=j [I(Ri;Rj)]

(3)

where σ ∈ [0, 1]. A consensus is fully synthetic when σ = 1 (all agreement is
residual) and fully genuine when σ = 0 (all agreement is evidence-mediated).
Definition 4 (Effective Independence Number). The effective independence
number of an ensemble A with respect to query distribution Q is:

neff(A,Q) =
(
∑n

i=1 σi)
2∑n

i=1 σ
2
i + 2

∑
i<j Cov(ϵi, ϵj)

(4)

where σ2
i = Var(ϵi) is the variance of agent Ai’s error ϵi = Ri − R∗, and

Cov(ϵi, ϵj) is the covariance between agents’ errors. When errors are inde-
pendent, neff = n. Under perfect positive correlation, neff = 1.

3 Distinguishing Synthetic from Genuine Con-
sensus

Genuine independent agreement and synthetic consensus are observationally
equivalent at the output level: both produce n agents asserting the same
conclusion. The distinction lies in the causal structure underlying the agree-
ment.
Definition 5 (Genuine Independent Agreement). Consensus among A is
genuinely independent if each agent’s response is conditionally independent
of all other agents’ responses given the evidence:

Ri ⊥⊥ Rj | E , ∀i ̸= j (5)

Under genuine independence, the causal graph takes the form of a collider:
Ri ← E → Rj, with no other paths connecting Ri and Rj. Under synthetic
consensus, additional paths exist through shared confounders:

Ri ← Dtrain → Rj, Ri ← Farch → Rj, Ri ← LRLHF → Rj (6)

whereDtrain represents shared training data, Farch represents architectural
similarity, and LRLHF represents shared alignment objectives.
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Proposition 1 (Diagnostic Criterion). Let Qnovel be a set of queries for
which no relevant information exists in any agent’s training data. If agents
exhibit consensus on Qnovel at a rate significantly above chance, this consti-
tutes evidence of synthetic consensus:

P (consensus | q ∈ Qnovel)≫ P (consensus | q ∈ Qnovel, independence) (7)

This diagnostic exploits the fact that genuine agreement requires shared
evidence, while synthetic agreement persists even in the absence of relevant
evidence. Empirically, this can be tested by presenting agents with novel or
fabricated questions and measuring agreement rates.

3.1 The Epistemic Value of Consensus
The epistemic value of consensus—the degree to which agreement should
update our beliefs toward correctness—is directly related to the degree of
independence. By a Bayesian analysis, the posterior probability of a propo-
sition p given unanimous agreement among n agents is:

P (p | R1 = · · · = Rn = p) =
P (p) · P (R1 = · · · = Rn = p | p)

P (R1 = · · · = Rn = p)
(8)

Under full independence with individual accuracy α:

P (p | unanimous) = P (p) · αn

P (p) · αn + (1− P (p)) · (1− α)n
(9)

Under perfect correlation (fully synthetic consensus, neff = 1):

P (p | unanimous, synthetic) = P (p) · α
P (p) · α + (1− P (p)) · (1− α)

(10)

The ratio of evidence strength is therefore
(

α
1−α

)n−1, which can be enor-
mous for large n. This quantifies the epistemic loss from synthetic consensus:
n correlated agents provide no more evidence than a single agent.

4 Mechanisms of Synthetic Consensus
We now analyze the three primary mechanisms that produce synthetic con-
sensus in contemporary multi-agent AI systems.
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4.1 Training Data Overlap
Modern LLMs are trained on massive internet corpora that, despite varia-
tions in curation, draw from a largely shared pool of source material. Let Di

denote the training corpus for agent Ai. The data overlap coefficient between
agents Ai and Aj is:

ωij =
|Di ∩ Dj|
|Di ∪ Dj|

(11)

For contemporary LLMs, empirical estimates suggest ωij ≥ 0.7 for most
pairs of frontier models, as Common Crawl, Wikipedia, published books,
and curated web text form the backbone of virtually all large-scale training
corpora [Dodge et al., 2021, Gao et al., 2020].

Theorem 1 (Data Overlap Correlation Bound). Let agents Ai and Aj be
trained on corpora with overlap coefficient ωij, and assume that each agent’s
response to query q is determined by the subset of training data relevant to
q. Then the correlation between their error patterns satisfies:

ρ(ϵi, ϵj) ≥ ωβ
ij (12)

where β > 0 depends on the learning algorithm’s sensitivity to data composi-
tion and typically satisfies β ∈ [0.5, 2.0] for transformer-based models.

Proof sketch. Consider the partition of each agent’s training data into shared
(Di ∩ Dj) and unique (Di \ Dj, Dj \ Di) components. The agent’s learned
representation can be decomposed as fi = fshared + funique,i where fshared
depends only on Di ∩ Dj. Under standard concentration assumptions, the
contribution of fshared to the agent’s output scales as ωβ

ij relative to total
output variance. Since fshared is identical for both agents, it induces correlated
errors with correlation at least ωβ

ij.

The training data overlap problem is compounded by data provenance
convergence: as the internet becomes increasingly populated by AI-generated
content, future training corpora will contain outputs from previous-generation
models, creating feedback loops that amplify consensus-producing signals
[Shumailov et al., 2023].

6



4.2 Architectural Homogeneity
The overwhelming dominance of the transformer architecture [Vaswani et al.,
2017] in modern LLMs constitutes an architectural monoculture. We formal-
ize the effect of architectural similarity on consensus.

Definition 6 (Architectural Inductive Bias). The inductive bias of archi-
tecture F is the function bF : Q → ∆(R) that maps queries to response
distributions in the absence of training data (or equivalently, the implicit
prior over functions induced by the architecture and random initialization).

When two agents share the same architecture, bFi
= bFj

, and their induc-
tive biases are perfectly aligned. This manifests in several concrete ways:

Attention pattern convergence. Transformer models tend to develop
similar attention patterns for similar inputs, a phenomenon documented as
“attention head universality” [Olsson et al., 2022]. Specifically, induction
heads, which implement in-context copying behavior, emerge reliably across
independent training runs on different data, suggesting that the transformer
architecture deterministically channels learning toward certain representa-
tional strategies.

Representational alignment. Studies on representation similarity be-
tween independently trained models have found that neural networks with
the same architecture converge to similar internal representations up to lin-
ear transformation [Li et al., 2015, Kornblith et al., 2019]. Formally, if ϕi

and ϕj are the learned representations of two transformers, there often exists
a linear map W such that ϕj ≈ Wϕi, implying that both models organize
knowledge similarly and will therefore make correlated errors.

Expressivity constraints. The set of functions efficiently expressible by
a transformer of given depth L and width d is constrained. Certain functions
lie outside this set regardless of training data, creating systematic shared
blind spots. Let HF denote the hypothesis class of architecture F . Then for
any query q whose ideal response R∗ requires a function f /∈ HF , all agents
using architecture F will err, producing correlated failures.
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Proposition 2 (Architectural Correlation). For agents sharing architecture
F , the minimum error correlation attributable to shared inductive bias satis-
fies:

ρarch(ϵi, ϵj) ≥ 1− dim(H⊥
F ∩ span(Q))

dim(span(Q)) (13)

where H⊥
F is the orthogonal complement of the hypothesis class in function

space.

4.3 RLHF Alignment Pressure
Reinforcement Learning from Human Feedback [Christiano et al., 2017, Ouyang
et al., 2022] has become the standard method for aligning LLMs with human
preferences. We argue that RLHF introduces a powerful consensus-producing
force that operates independently of training data and architecture.

The RLHF objective can be written as:

LRLHF(θ) = Eq∼Q,r∼πθ(·|q) [Rϕ(q, r)]− β KL [πθ(·|q)∥πref(·|q)] (14)

where Rϕ is the learned reward model and β controls the KL penalty against
the reference policy πref.

Definition 7 (RLHF Mode Collapse). RLHF mode collapse occurs when the
alignment procedure causes the output distribution to concentrate on a small
subset of response space:

H(πaligned(·|q))≪ H(πbase(·|q)) (15)

where H(·) denotes entropy.

RLHF produces synthetic consensus through three sub-mechanisms:

Reward model homogeneity. Reward models are trained on human
preference data that reflects systematic biases: preferences for confident-
sounding responses, longer and more detailed outputs, hedging language,
and particular rhetorical structures [Casper et al., 2023]. Since these biases
are consistent across human annotators (reflecting shared cultural and cogni-
tive patterns), reward models trained on different annotator pools converge
to similar preference orderings. Let Rϕi

and Rϕj
be reward models for differ-

ent alignment processes. Empirically, rank correlation τ(Rϕi
, Rϕj

) > 0.8 for
most frontier model pairs.
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Sycophancy and agreement bias. RLHF training incentivizes agents to
produce responses that humans rate highly, which creates pressure toward
producing responses that match common human beliefs—even when those
beliefs are incorrect [Perez et al., 2022, Sharma et al., 2023]. This induces
correlation between agents specifically in error cases, which is the most dam-
aging form of correlation for ensemble reliability.

Safety-induced refusal correlation. Alignment procedures include safety
training that causes models to refuse certain categories of queries. Since
safety taxonomies are largely shared across organizations (reflecting common
regulatory pressures and industry norms), aligned models exhibit correlated
refusal patterns that constitute a form of synthetic consensus on the meta-
question of which queries are answerable.

Theorem 2 (RLHF Correlation Amplification). Let π1 and π2 be policies
derived from base models with error correlation ρ0 after RLHF with reward
models having rank correlation τ . The post-alignment error correlation sat-
isfies:

ρpost ≥ ρ0 + (1− ρ0) · τ ·
(
1− β

β + λ

)
(16)

where λ is the effective reward signal strength and β is the KL penalty co-
efficient. As β → 0 (unconstrained optimization of the reward), ρpost →
ρ0 + (1− ρ0)τ , approaching perfect correlation as τ → 1.

5 Implications for Multi-Agent Systems
Synthetic consensus has profound implications for multi-agent system designs
that rely on agreement as a signal of correctness.

5.1 Degradation of Ensemble Reliability
Consider a majority-vote ensemble of n agents, each with individual accuracy
α > 0.5. Under independence, the ensemble accuracy is:

P indep
correct =

n∑
k=⌈n/2⌉

(
n

k

)
αk(1− α)n−k (17)
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Under synthetic consensus with effective independence number neff < n,
the ensemble behaves as if it contains only neff independent agents. For the
limiting case of neff = 1:

P synthetic
correct = α (18)

regardless of n. Adding more correlated agents provides no improvement.
Worse, if RLHF alignment pressure has introduced systematic bias toward
popular-but-incorrect answers on certain query types, the ensemble accuracy
can be below α due to confidence amplification effects.

5.2 Failure of Debate Protocols
AI debate protocols [Irving et al., 2018, Du et al., 2023] rely on the assump-
tion that competing agents will surface different perspectives and identify
errors in each other’s reasoning. Under synthetic consensus, debating agents
share the same blind spots and are unlikely to challenge conclusions that
arise from shared training artifacts.
Proposition 3 (Debate Limitation). Let agents A1 and A2 engage in a
debate protocol on query q. If the agents share a common misconception m
(a confident incorrect belief arising from shared training data), the probability
that the debate surfaces the error is bounded by:

P (error detected via debate) ≤ 1− P (m | A1) · P (m | A2) ≤ 1− ω2β
12 (19)

For ω12 = 0.8 and β = 1, this gives P (error detected) ≤ 0.36, meaning shared
misconceptions survive debate more than 60% of the time.

5.3 Calibration Illusions
Multi-agent systems often use agreement rates as a calibration signal: high
agreement is interpreted as high confidence, and disagreement triggers escala-
tion or abstention. Under synthetic consensus, agreement rates are inflated,
producing overconfident predictions. The calibration error induced by syn-
thetic consensus can be quantified as:

ECEsynthetic = E [|P (correct | p̂agreement)− p̂agreement|] ≥ (1−1/neff)·Corrsystematic
(20)

where p̂agreement is the agreement-based confidence estimate and Corrsystematic
quantifies the strength of systematic errors.
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5.4 Vulnerability to Correlated Adversarial Inputs
Synthetic consensus implies that adversarial examples transfer between agents
at elevated rates. An input x′ crafted to fool agent Ai will fool agent Aj with
probability at least ρ(ϵi, ϵj), compared to the base rate under independence.
This has severe implications for safety-critical multi-agent systems that use
redundancy for fault tolerance.

6 Proposed Mitigations
We propose a portfolio of mitigations targeting each mechanism of synthetic
consensus.

6.1 Architectural Diversity
Definition 8 (Diversity-Constrained Ensemble). An ensemble A satisfies
the δ-diversity constraint if for all pairs (Ai, Aj):

darch(Fi,Fj) ≥ δ (21)

where darch is a metric on architecture space (e.g., based on computational
graph edit distance, or divergence of inductive biases on a reference task
suite).

Concretely, diverse ensembles should include models with fundamentally
different architectures: transformers, state-space models (e.g., Mamba [Gu
and Dao, 2023]), mixture-of-experts architectures, retrieval-augmented mod-
els, and neuro-symbolic systems. Each architecture class introduces different
inductive biases, reducing ρarch.

Proposition 4 (Diversity Benefit). An ensemble satisfying the δ-diversity
constraint with K distinct architecture families achieves effective indepen-
dence number:

neff ≥ K ·
(
1−max

k
ωβ

intra,k

)
(22)

where ωintra,k is the maximum data overlap within architecture family k.
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Algorithm 1 Adversarial Consensus Protocol
Require: Query q, agents A = {A1, . . . , An}, adversarial agents Aadv =
{Aadv,1, . . . , Aadv,m}, threshold τ

1: Collect responses {Ri = Ai(q)}ni=1

2: Compute consensus response rc = MajorityVote({Ri})
3: Compute agreement rate p̂ = 1

n

∑n
i=1 ⊮[Ri = rc]

4: for j = 1 to m do
5: Cj = Aadv,j(q, rc, {Ri}) {Generate challenge}
6: sj = EvaluateChallenge(Cj, q, rc) {Score challenge strength}
7: end for
8: smax = maxj sj
9: if smax > τ then

10: Flag consensus as potentially synthetic
11: Escalate to extended deliberation or human review
12: else
13: Accept consensus with confidence p̂ · (1− smax/τ)
14: end if

6.2 Adversarial Agent Injection
We propose the deliberate inclusion of adversarial agents in multi-agent
systems—agents specifically trained or prompted to challenge consensus.

Definition 9 (Adversarial Agent). An adversarial agent Aadv is one that,
given a consensus response r from other agents, is incentivized to find the
strongest possible counterargument or alternative response r′ ̸= r.

The adversarial agent framework can be formalized as a two-player game.
Let πconsensus be the consensus policy and πadv be the adversarial policy. The
adversarial objective is:

max
πadv

Eq∼Q [⊮ [R∗ = Aadv(q, rconsensus)] · ⊮ [R∗ ̸= rconsensus]] (23)

This objective rewards the adversarial agent for correctly identifying cases
where the consensus is wrong.

A critical design consideration is ensuring that adversarial agents are
themselves not subject to synthetic consensus with the primary agents. This
can be achieved by drawing adversarial agents from different architecture
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families, training them on different data, or using non-neural approaches
(e.g., formal verification systems, symbolic reasoners) as adversarial agents.

6.3 Provenance Tracking
We propose a provenance tracking system that traces the evidential basis for
each agent’s response, enabling direct measurement of the synthetic consen-
sus degree.
Definition 10 (Response Provenance). The provenance of agent Ai’s re-
sponse Ri to query q is a set Pi(q) ⊆ Di ∪ {q} identifying the training
examples and input features that causally contributed to Ri.

Given provenance information, the synthetic consensus degree can be
directly estimated:

σ̂(q,A) =
∑

i<j |Pi(q) ∩ Pj(q)|∑
i<j |Pi(q) ∪ Pj(q)|

(24)

Provenance tracking can be implemented through several mechanisms:

Influence functions. Influence functions [Koh and Liang, 2017] estimate
the effect of each training example on a model’s prediction, providing an
approximation to provenance. For a response Ri to query q, the influence of
training example z is:

I(z, q) = −∇θℓ(q, Ri)
⊤H−1

θ ∇θℓ(z, Rz) (25)
where Hθ is the Hessian of the training loss. While exact computation is
intractable for large models, efficient approximations exist [Grosse et al.,
2023].

Retrieval attribution. For retrieval-augmented models, provenance is di-
rectly observable through the retrieved documents. Mandating retrieval-
augmented architectures in multi-agent systems enables straightforward prove-
nance comparison.

Mechanistic attribution. Advances in mechanistic interpretability [El-
hage et al., 2021, Conmy et al., 2023] offer the prospect of identifying which
learned circuits contribute to specific outputs, providing a fine-grained prove-
nance signal at the computational rather than data level.
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6.4 Training Data Diversification
To reduce ωij, we propose deliberate diversification of training corpora:

1. Data partitioning: Divide available training data into non-overlapping
shards and train different models on different shards. While this re-
duces individual model quality, it substantially increases ensemble neff.

2. Temporal stratification: Train models on data from different time
periods, ensuring different factual baselines and reducing agreement
from shared factual errors.

3. Linguistic diversification: Train models primarily on data from dif-
ferent languages or cultural contexts, as many shared errors in current
LLMs reflect English-language and Western-centric biases in training
data.

Theorem 3 (Optimal Data Allocation). Given a total dataset D and n
agents to train, the data allocation strategy that maximizes neff subject to a
minimum individual accuracy constraint αmin is:

|Di ∩ Dj| = max

(
0,

n · |Dmin(αmin)| − |D|
n− 1

)
(26)

where |Dmin(αmin)| is the minimum dataset size needed to achieve accuracy
αmin.

6.5 Alignment Diversification
To counteract RLHF-induced consensus, we propose:

1. Diverse reward models: Train reward models on preference data
from different annotator populations, cultures, and expertise domains.

2. Variable KL penalties: Use different values of the KL penalty β
across agents, producing varying degrees of alignment-induced narrow-
ing and preserving greater output diversity.

3. Alternative alignment methods: Employ different alignment tech-
niques across the ensemble—RLHF, DPO [Rafailov et al., 2023], con-
stitutional AI [Bai et al., 2022], debate-based alignment—to reduce
Ialign.
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7 Related Work
The synthetic consensus problem connects to several established research
areas. The study of ensemble diversity has a long history in machine learning
[Krogh and Vedelsby, 1994, Kuncheva and Whitaker, 2003]. Hansen and
Salamon [1990] showed that ensemble improvement requires diversity among
members, and Brown et al. [2005] formalized the ambiguity decomposition
linking ensemble error to diversity. Our work extends this analysis to the
specific correlations induced by shared training pipelines in LLMs.

In social epistemology, the problem of “informational cascades” [Banerjee,
1992, Bikhchandani et al., 1992] describes how rational agents can converge
on incorrect beliefs by following predecessors rather than private signals.
Synthetic consensus is an analogous phenomenon at the level of AI systems,
where “following predecessors” is replaced by “sharing training data.”

The fragility of Condorcet-type results under correlation has been studied
by Ladha [1992], Dietrich and List [2008], and Pivato [2017]. Our contribu-
tion is to identify the specific mechanisms that produce correlation in LLM
ensembles and to quantify their effects.

Recent empirical work has documented surprising agreement patterns
among LLMs. Zheng et al. [2023] found high correlation in LLM-as-judge
evaluations, and Wang et al. [2023b] observed convergent behavior in multi-
agent debate settings. Our framework provides a theoretical explanation for
these observations.

8 Limitations and Future Directions
Our analysis has several limitations. First, the exact decomposition of mutual
information into data, architecture, and alignment components (Equation 2)
is conceptually clean but difficult to estimate empirically, as these factors in-
teract in complex ways. Second, our correlation bounds (Theorems 1 and 2)
rely on simplifying assumptions about the separability of different correlation
sources. Third, the provenance tracking mechanisms we propose face signif-
icant scalability challenges for models with billions of parameters trained on
trillions of tokens.

Future work should focus on: (1) empirical measurement of neff for ex-
isting multi-agent systems across diverse task domains; (2) development of
practical, scalable provenance tracking systems; (3) investigation of whether
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synthetic consensus can be detected purely from output distributions without
access to model internals; and (4) extension of the framework to multimodal
agents and tool-using agents, where additional sources of correlation (shared
tools, APIs, knowledge bases) may exacerbate the problem.

9 Conclusion
We have identified, formally defined, and analyzed the synthetic consensus
problem in multi-agent AI systems. Our key insight is that the widespread
practice of aggregating outputs from multiple AI agents—whether through
voting, debate, or other consensus mechanisms—provides substantially less
epistemic value than commonly assumed, because contemporary AI agents
are far from independent. The three mechanisms we analyzed—training data
overlap, architectural homogeneity, and RLHF alignment pressure—each in-
dependently produce significant correlations, and their combined effect can
reduce the effective independence number of a nominally large ensemble to
near unity.

This finding has immediate practical implications. Multi-agent systems
deployed in high-stakes domains should not rely on agreement among archi-
tecturally similar, similarly trained, and similarly aligned models as evidence
of correctness. Instead, practitioners should actively pursue the mitigations
we have outlined: architectural diversity, adversarial agent injection, prove-
nance tracking, and diversification of both training data and alignment pro-
cedures.

More broadly, the synthetic consensus problem highlights a fundamental
tension in the current AI ecosystem: the pressures that drive convergence—
shared training data, proven architectures, standardized alignment procedures—
also undermine the diversity that makes multi-agent aggregation valuable.
Addressing this tension will require deliberate investment in diverse ap-
proaches to AI development, even when individual alternatives may under-
perform the dominant paradigm.
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