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Abstract

Multi-agent reasoning and metacognitive strate-
gies are widely used to improve large language
model (LLM) performance, yet the functional role
of metacognition remains unclear. Prior methods
often treat metacognition as a mechanism for gen-
erating better or more diverse reasoning. In this
work, we argue that metacognition primarily func-
tions as an information routing and compression
mechanism rather than a generator of new reason-
ing content. We introduce MC-MAS, an inference-
time framework that separates problem solving
from metacognitive arbitration, where indepen-
dent solvers propose candidate answers and an
arbiter critiques and consolidates their outputs. Us-
ing routing-centric metrics: semantic novelty, en-
tropy reduction, and overconfident errors across
four reasoning benchmarks and multiple model
settings, we show that MC-MAS introduces lim-
ited novelty but consistently reduces uncertainty
and overconfidence, with accuracy gains that are
modest and dataset-dependent. These results indi-
cate that reliable improvements arise from struc-
tured arbitration rather than reflection or increased
sampling alone.

1 INTRODUCTION

Large language models (LLMs) are increasingly relying
on multi-step inference strategies, such as self-consistency
[Wan et al., 2025 Mitchell et al., 2022]], majority vot-
ing [[Chen et al.|[2024a], and multi-agent ensembles [Chowd{
hury et al.,|2025]], to improve their robustness on reasoning
tasks. While these approaches often yield accuracy gains,
they implicitly assume that performance improvements arise
from generating better reasoning traces or from sampling
more diverse answers [Wei et al., 2022, [Yao et al., 2022,

/hou et al.| 2022} 'Wang et al.,|2022]]. As a result, it remains
unclear what role metacognition actually plays in multi-
agent systems: does it create new information, or does it
primarily organize, filter, and route existing reasoning sig-
nals?
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Figure 1: Conceptual comparison of agentic inference. Prior
approaches collapse solver variability into a single estimate,
whereas uncertainty-aware routing aggregates samples to
compress answer entropy and reduce decision uncertainty.
The star indicates the final point estimate selected from the
solver samples.

Despite the growing use of metacognitive and multi-agent
reasoning strategies, their functional role remains poorly un-
derstood. Many methods report performance gains without
disentangling whether these arise from improved reasoning,
answer aggregation, or implicit uncertainty filtering [Da
et al., 2025} Jin et al.|2025]). This ambiguity obscures when
metacognition is necessary, how it should be designed, and
whether its computational cost is justified—particularly in
settings where reliability and calibration are as important as
accuracy.

In this work, we argue that metacognition in LLMs is best
understood as an information routing mechanism rather than
a generator of new reasoning content. To test this hypothe-
sis, we introduce MC-MAS (Metacognitive Multi-Agent
System), a lightweight inference-time framework that sepa-
rates problem solving from metacognitive arbitration. MC-
MAS consists of two independent solvers that propose can-
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didate solutions, followed by a metacognitive stage that
critiques, compares, and arbitrates among these proposals.
Crucially, the arbiter does not introduce new task-specific
knowledge or external supervision; instead, it primarily re-
structures and consolidates information already present in
solver outputs, without reliably increasing semantic novelty.

Unlike prior ensemble or self-consistency methods [Chowd
hury et al., 2025, Wan et al.| 2025, Mitchell et al., |2022],
MC-MAS is explicitly designed to expose and measure
information flow across reasoning stages. We develop a
set of routing-centric metrics, including semantic novelty,
redundancy, entropy reduction, compression ratio, and over-
confidence errors, to quantify how information evolves from
solvers to the final decision. This facilitates analysis beyond
accuracy-only evaluations and allows us to directly assess
whether metacognition synthesizes new evidence or merely
redistributes existing signals. Our results indicate that a sub-
stantial portion of previously reported “reasoning gain" in
multi-agent LLM systems may be explained by uncertainty
compression through structured aggregation, rather than
enhanced reasoning capability.

Across four diverse reasoning benchmarks: BoolQ [Clark
et all [2019], ARC-Easy [Clark et al., 2018], Strate-
gyQA [Geva et al. 2021], and GSM8K [Cobbe et al.|
2021]—and multiple model configurations (Mistral-7B-
Instruct-v0.3 and LLaMA-3.1-8B-Instruct, both full-
precision and 4-bit), we observe a consistent pattern: MC-
MAS rarely increases semantic novelty, but reliably re-
duces answer entropy and improves confidence calibration.
In many cases, accuracy improvements are modest or ab-
sent, yet entropy decreases and overconfidence errors are
reduced, indicating improved decision reliability even when
raw performance remains unchanged. Importantly, these
trends persist under aggressive quantization, demonstrating
that metacognitive routing remains effective even when gen-
erative capacity is constrained. Overall, this work makes
three key contributions:

* Conceptual: We reframe metacognition in LLMs as
an information routing and compression mechanism
rather than a source of new reasoning.

* Methodological: We introduce MC-MAS, a simple
yet interpretable multi-agent framework that cleanly
separates solving, reflection, and arbitration.

* Empirical: Through detailed routing-level analysis,
we demonstrate that metacognitive systems primarily
improve confidence calibration, stability, and reliabil-
ity, with accuracy gains emerging only when solver
disagreement is meaningful.

By shifting the focus from how many answers are sam-
pled to how information is structured and consolidated, this
work provides a principled foundation for analyzing and
designing future metacognitive and multi-agent reasoning
systems.

2 RELATED WORKS

Multi-Agent and Self-Consistency Reasoning. Recent
work has shown that aggregating multiple reasoning tra-
jectories can improve LLM performance on complex tasks
[Ge et al} 2023} [Yuan et al.,[2024, |Yang et al.| 2025| Wang
et al., 2025c]. Techniques such as self-consistency [Wan
et al.,[2025] Tan et al., [2024], majority voting [Chen et al.}
2024b, [Zhuge et al.| 2024], and multi-sample ensembling
[Chowdhury et al.| [2025]] leverage stochastic decoding to
lower variance and mitigate individual reasoning errors. Ex-
tensions include debate-based systems [Ozaki et al.| [2025]],
multi-agent collaboration [Zhang et al., 2025b]], and role-
based prompting [Louatouate and Zeriouh, 2025], where
agents critique or refine one another’s outputs [[Yu et al.
2025| Wang et al., [2025d]. While these methods often yield
accuracy gains, they are typically evaluated only in terms of
final performance and rely on implicit assumptions that im-
provements arise from better reasoning traces or increased
diversity [Wei et al., |2022, |Yao et al., 2022| Zhou et al.|
2022, |Wang et al., 2022]. In contrast, they offer limited in-
sight into how information evolves across reasoning stages
or whether additional components genuinely contribute new
task-relevant information.

Metacognition, Reflection, and Calibration in LLM.
A parallel line of work explores reflection [Zhang et al.,
2025c]], critique [Lan et al.,|2024], and self-evaluation [Qu
et al.,|2024, |Wang et al., |2025b, [Mehandru et al., [2024] as
mechanisms for improving reasoning quality and robust-
ness. Prior studies show that reflective prompts can increase
factual consistency [Laban et al.,|2023|], surface errors, or
enhance calibration [Tyen et al., 2024} Song et al., [2025]]
under certain settings. However, reflection is often conflated
with improved reasoning [Jiang et al., 2025]], and its effects
are inconsistently linked to accuracy or reliability. Moreover,
most techniques treat metacognition as an auxiliary reason-
ing step rather than an analyzable process [Fan et al.|[2025]
Qian et al.,[2025]]. Our work differs by explicitly modeling
metacognition as an information routing and compression
layer and by introducing routing-centric metrics to directly
measure its functional role. This allows us to disentangle
novelty generation from uncertainty reduction and to show
that reliable gains emerge primarily from structured arbitra-
tion rather than reflection alone.

Lastly, recent multi-agent reasoning frameworks have
demonstrated that collaboration among LLMs can improve
reasoning accuracy through interaction. For instance, Multi-
Agent Debate (MAD) [Du et al.,|2023|] uses iterative discus-
sions among multiple agents to refine responses and resolve
disagreements, while MARS [Wang et al., [2025a] adopts a
review-based workflow in which reviewer agents critique
an author’s solution and a meta-reviewer synthesizes the
feedback to guide further refinement. Although these strate-
gies improve reasoning quality, their gains are tightly cou-
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pled with iterative communication and repeated solution
revision. Thus, it is difficult to distinguish the benefits of
collaboration from the additional computation incurred. In
contrast, our proposed MC-MAS explicitly separates gener-
ation from metacognitive arbitration. Rather than revising
or debating candidate solutions, MC-MAS consolidates in-
dependently generated solver outputs through a lightweight
arbitration stage that selects the final answer based on struc-
tured metacognitive signals. This design enables us to isolate
the impact of metacognitive decision-making while main-
taining a fixed computational budget. Furthermore, unlike
prior debate- or review-based methods, MC-MAS intro-
duces routing-oriented analyses based on entropy, novelty,
and redundancy to characterize how information is aggre-
gated during arbitration.

3 MULTI-AGENT METACOGNITIVE
FRAMEWORK: MC-MAS

Problem Setup. Let = denote an input instance (e.g., a
question or problem description) drawn from a dataset D,
and let y € )Y be the corresponding ground-truth answer.
Given a pretrained large language model (LLM) fy, our
goal is to improve decision reliability at inference time
without modifying model parameters or introducing external
supervision.

We consider the setting where multiple reasoning trajec-
tories can be sampled from fy due to stochastic decoding.
Existing approaches such as self-consistency or majority
voting aggregate these samples directly, implicitly assuming
that performance gains arise from generating better rea-
soning traces. In contrast, we explicitly separate problem
solving from metacognitive arbitration and study how infor-
mation flows between these stages.

3.1 OVERVIEW OF MC-MAS

The Metacognitive Multi-Agent System (MC-MAS) con-
sists of three stages: (i) independent solver generation, (ii)
reflective critique, and (iii) metacognitive arbitration. A
schematic overview is shown in Figure 2] Two independent
solver agents generate multiple sampled reasoning paths,
forming an empirical answer distribution. Critic agents then
reflect on solver outputs to identify errors and highlight
supporting evidence, without directly selecting an answer.
A metacognitive arbiter performs multi-sample arbitration
over solver outputs and critiques, consolidating informa-
tion to produce a final consensus decision. This process
primarily enables entropy reduction, confidence calibration,
and consensus formation through structured information
routing rather than generating new task-specific reasoning.
Fundamentally, all components share the same underlying
LLM fy; MC-MAS introduces no additional task-specific
knowledge and operates purely at inference time.
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Figure 2: Overview of MC-MAS, illustrating how sampled
solver outputs are routed through critique and arbitration
stages to transform an empirical answer distribution into a
calibrated consensus decision.

Solver Generation. Given input x, we instantiate two
independent solver agents that generate sets of stochastic
reasoning trajectories S; from fy:

Si={s" s Cpe(2), ie{1,2}, (D)

where K is the number of solver samples per agent.

Each solver sample produces both a textual reasoning trace
and a final answer az(.k) € V. The union of all solver answers

induces an empirical answer distribution:

e

_ 1 ) _
psolver(y | :E) TKS Zl ‘ I - y] (2)

>
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This distribution captures the initial uncertainty and dis-
agreement among solvers.

Reflection and Critique. For each solver, we generate
a reflective critique that evaluates the solver’s reasoning
without modifying its answer. Let §; denote a representative
solver trace (e.g., the first sample) from solver ¢. A reflection
is generated as:

Tiné)(' |x7§i)) (3)

where the reflection prompt instructs the model to identify
errors, gaps, or alternative interpretations.

Reflections are treated as auxiliary semantic signals. Impor-
tantly, they do not directly determine the final answer and
are not required to agree with the solver. Their role is to ex-
pose latent inconsistencies and highlight relevant evidence
for downstream arbitration.

Metacognitive Arbitration. The arbitration stage inte-
grates solver outputs and reflections to produce a final deci-
sion. We sample K, arbitration responses:

a(m

~pg(-|x,81,82,1m1,72), m=1,...,K,. (4

Here, a(™ € ) denotes the discrete final answer extracted
from the m-th arbitration response.
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These samples define the arbitration-induced answer distri-
bution:

Ka

=3l =) 5)

G.

parb Yy | .13

m=1
The final MC-MAS prediction is obtained by majority vote:
UMC-MAS = arg Max Pan (Y | ). (6)

yey

We also analyze the computational implications of increas-
ing K, along with scaling behavior and test-time complex-

ity, in Appendix [A.4Jand Appendix [A.5]

Uncertainty and Information Measures. To analyze in-
formation flow, we compute entropy before and after arbi-
tration:

HQOIVCF(I’) - Zpsolver(y | $) logpsolver(y | I)7 (7)
Yy
Hyp(x) = = pan(y | ) log pun(y | ). ®)
y
Entropy reduction,
AH(z) = Hyower(z) — Han (), 9

quantifies uncertainty compression induced by metacogni-
tive arbitration. We additionally measure semantic novelty
and redundancy by embedding solver and arbiter claims
and computing pairwise cosine similarity. These metrics al-
low us to distinguish between information generation (high
novelty) and information consolidation (entropy reduction
with low novelty). All information routing and calibration
metrics are discussed in the Appendix

Relation to Majority Voting and Self-Consistency. Al-
though MC-MAS ultimately produces a consensus predic-
tion, it differs fundamentally from majority voting and self-
consistency. Majority voting aggregates solver outputs di-
rectly by treating all samples as equally informative and
lacking an explicit mechanism for uncertainty regulation
[Yang et al., 2024]. In contrast, MC-MAS performs arbitra-
tion over both solver outputs and reflective critiques, allow-
ing selective consolidation based on semantic consistency
and confidence. As a result, MC-MAS can reduce entropy
and overconfidence even when the majority answer is incor-
rect, as shown in Table ] This distinction highlights that
MC-MAS operates as an information routing mechanism
rather than a simple aggregation strategy.

Experimental Configuration. All experiments are con-
ducted in a zero-shot setting: models receive only task in-
structions and inputs, without any in-context examples, fine-
tuning, or external supervision. We evaluate publicly avail-
able instruction-tuned language models, including Mistral-
7B-Instruct-v0.3 and LLaMA-3.1-8B-Instruct, under both

full-precision and 4-bit quantized inference using NF4 quan-
tization. Inference is performed locally using HuggingFace
Transformers with deterministic decoding seeds fixed across
3 runs. For each input, two independent solver instances of
the same backbone model generate 5 stochastic samples
each using temperature 0.6, without sharing intermediate
states or information. Reflection stages use temperature 0.2,
while metacognitive arbitration uses temperature 0.4 with
50 arbitration samples unless otherwise specified. All solver,
reflection, and arbitration agents share the same underly-
ing backbone language model. Experiments are conducted
on BoolQ, ARC-Easy, StrategyQA, and GSMS8K, with 500
randomly selected validation examples per dataset. See Ap-
pendix [A.3] for dataset and task details. All experiments
were conducted on a single NVIDIA A800 GPU with 80GB
of memory, enabling local inference for both full-precision
and 4-bit quantized models without requiring distributed
execution. See the prompt templates and pseudocode in

Appendix [A.T]

4 RESULTS ANALYSIS

Comparison with the Strongest Individual Solver. Ta-
ble[I]compares MC-MAS against the strongest individual
solver across multiple model families, precision settings,
and reasoning benchmarks. On simpler tasks such as BoolQ
and ARC-Easy, MC-MAS closely matches the best solver,
with performance differences typically within £0.1 percent-
age points and well inside run-to-run variance. This suggests
that metacognitive arbitration does not degrade performance
when solver agreement is already high and the decision
boundary is clear. In contrast, on more reasoning-intensive
benchmarks, StrategyQA and GSM8K, MC-MAS consis-
tently yields measurable improvements of approximately
+1.7 to +1.9 points over the best solver. These gains are
observed under 4-bit quantization and remain stable across
independent runs, indicating that MC-MAS effectively con-
solidates solver disagreement without relying on increased
model capacity or higher-precision representations. Notably,
the absence of improvements on simpler datasets, com-
bined with consistent gains on harder benchmarks, sug-
gests that MC-MAS does not function as a generic accuracy
booster. Instead, its benefits emerge specifically in regimes
where solver uncertainty and disagreement are substantial.
All these results support the interpretation that MC-MAS
primarily improves decision consolidation and reliability,
while preserving strong baseline performance under both
full-precision and quantized inference settings.

Information Routing and Compression Analysis. To
understand how metacognitive arbitration transforms solver
outputs beyond accuracy, we analyze routing-level infor-
mation metrics. Table 2] reports these metrics for the same
MC-MAS framework instantiated with different backbone
language models and precision settings. Across all con-
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Base Model Prec. Dataset Best Solver(%) MC-MAS(%) A
Mistral-7B 4-bit BoolQ 90.1+0.4 90.2+0.3 +0.1
Mistral-7B Full BoolQ 86.2+0.5 86.1+04 —0.1
Mistral-7B 4-bit ARC-Easy 84.3+0.6 84.44+05 +0.1
Mistral-7B Full ARC-Easy 80.4+0.7 82.1+06 +1.7
LLaMA-3.1-8B 4-bit BoolQ 88.2+0.4 88.3+03 +0.1
LLaMA-3.1-8B 4-bit ARC-Easy 87.9+0.6 88.0+05 +0.1
LLaMA-3.1-8B 4-bit StrategyQA 66.1+0.8 68.0+0.7 +1.9
LLaMA-3.1-8B 4-bit GSM8K 78.3+0.7 80.2+06 +1.9

Table 1: Comparison between the strongest individual solver and MC-MAS across base models, precisions, and datasets.
MC-MAS consistently matches the best solver on simpler tasks (BoolQ, ARC-Easy), while yielding consistent improvements
on reasoning-intensive benchmarks (StrategyQA, GSM8K), without degrading performance under 4-bit quantization.

figurations, MC-MAS introduces modest semantic novelty
while consistently reducing redundancy. Entropy reduction,
measured as AH = Hgpyer — Haw, is generally positive, in-
dicating effective consolidation of solver disagreement, par-
ticularly on ARC-Easy with Mistral-7B. In a few cases, AH
is near zero or slightly negative, reflecting low-uncertainty
regimes or finite-sample estimation effects where further
compression is neither necessary nor beneficial. Overall,
these trends support the view that MC-MAS functions pri-
marily as an information routing and compression mecha-
nism rather than a generator of new reasoning content.

Semantic vs. Symbolic Information Routing. We next
examine the relative contribution of semantic and sym-
bolic information routing within MC-MAS across reason-
ing benchmarks. Table 3| shows that GSM8K shows a bal-
anced reliance on semantic and symbolic signals across both
Mistral-7B and LLaMA-3.1-8B, indicating that metacog-
nitive arbitration integrates both numerical structure and
contextual reasoning when consolidating solver outputs. In
contrast, StrategyQA is overwhelmingly dominated by se-
mantic routing, with negligible symbolic contribution, re-
flecting the open-ended and knowledge-driven nature of the
task. These results suggest that MC-MAS adapts its routing
behavior to the structure of the underlying problem, priori-
tizing symbolic consistency when explicit formal structure
is present (GSMS8K), and favoring semantic coherence when
reasoning is primarily contextual (StrategyQA). Importantly,
MC-MAS does not impose a fixed reasoning bias, but in-
stead flexibly reallocates information flow based on task
demands.

Overconfidence Analysis. Finally, we report the num-
ber of overconfident errors, defined as incorrect predictions
made with high confidence (Tabled)). Across all evaluated
datasets, MC-MAS consistently reduces or maintains the
number of such errors relative to the strongest individual
solver. The reduction is particularly evident on BoolQ and
StrategyQA, suggesting that metacognitive arbitration helps
suppress confidently incorrect decisions by consolidating
conflicting solver evidence. Even in cases where accuracy
gains are modest, the lower overconfidence counts suggest

improved calibration and decision reliability. These results
indicate that MC-MAS enhances robustness not by inflating
confidence, but by selectively filtering uncertain or mislead-
ing reasoning signals.

4.1 ABLATION

The Role of Metacognitive Components. Table|5|ana-
lyzes how individual metacognitive components influence
accuracy and uncertainty regulation. Majority voting pro-
vides a strong baseline but, by construction, introduces no
semantic novelty and offers no mechanism for uncertainty
compression. Adding reflections substantially increases nov-
elty, confirming that critique stages introduce additional
semantic signals; however, these signals remain weakly cou-
pled to final decision-making and therefore do not improve
accuracy or entropy. Introducing a single-shot arbiter en-
ables entropy estimation but results in degraded accuracy
and higher uncertainty, indicating that one-sample arbitra-
tion is insufficient to reliably resolve solver disagreement.
In contrast, full MC-MAS achieves the highest accuracy
while yielding the lowest entropy, demonstrating effective
uncertainty compression through multi-sample consensus
formation. Notably, novelty decreases from the reflection-
only variant to full MC-MAS, indicating that performance
gains arise from structured information consolidation rather
than from generating additional reasoning content. Overall,
this ablation confirms that MC-MAS improvements stem
from principled information routing and aggregation across
agents, rather than from isolated reflection or increased sam-
pling alone.

Arbitration Sample Size. Table [6] shows that increas-
ing the arbitration sample size K, improves accuracy up
to moderate values (K, ~ 25), while entropy decreases
and reaches its minimum at this regime, indicating more
stable consensus formation. Larger arbitration sizes provide
marginal accuracy gains but introduce additional variance
in entropy estimates, suggesting diminishing returns. Over-
confident errors remain broadly comparable across larger
K ,, implying that increased sampling does not induce sys-
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Base Model Dataset  Novelty(%) 1 Redundancy(%) | Entropy Reduction T Compression
Mistral-7B (4-bit) BoolQ 9.710.6 44741 2 0.04610.018 0.27140.031
Mistral-7B (Full) BoolQ 20.040.9 43.6+1.0 0.01710.021 0.4774+0.042
Mistral-7B (4-bit) ARC-Easy 49.141 3 43. 7411 0.2274+0.032 0.54840.038
Mistral-7B (Full) ARC-Easy  51.241 5 42.211 —0.007%0 gs 0.575-0.041
LLaMA-3.1-8B (4-bit) BoolQ 2.040.4 38.240.9 0.036+0.019 0.027+0.014
LLaMA-3.1-8B (4-bit) ARC-Easy  12.8.¢3g 39.641.1 —0.06510_034 0.187+0.026

Table 2: Information routing and compression metrics for MC-MAS. Entropy reduction is defined as AH = Hgpyer(z) —
H,w(x); positive values indicate uncertainty compression. Negative values () correspond to low-uncertainty regimes or

finite-sample estimation noise.

Base Model Dataset Sem (%) Sym (%) Variant Acc. (%) Novelty  Entropy |
Mistral-7B (4-bit) GSMSK 6.5406 9.6407 Majority Vote 88.110.6 0.0 -
Mistral-7B (Full) GSMSK 11.2408 10.4405 + Reflections 883105 18.1419 -
LLaMA-3.1-8B (4-bit) GSM8K 6.540.5 6.340.6 + Single Arbiter  86.2197  15.3x10  0.05110.006
LLaMA-3.1-8B (4-bit) StrategyQA 69.8414 0.4195 Full MC-MAS 900104 138409 0.015.0.004

Table 3: Semantic (Sem) versus symbolic (Sym) contri-
bution of MC-MAS across reasoning benchmarks. Values
denote the % of routed claims attributed to semantic or
symbolic information. GSMS8K exhibits a balanced reliance
on semantic and symbolic reasoning, while StrategyQA is
dominated by semantic information routing, with minimal
symbolic structure exploited by the models.

Base Model Dataset Solver | MC-MAS |
Mistral-7B (4-bit) BoolQ 6.2108 B5.1i06
Mistral-7B (4-bit) ARC-Easy 8.1i109 794009
LLaMA-3.1-8B (4-bit) GSM8K 2.3105 dioa
LLaMA-3.1-8B (4-bit) StrategyQA 154173 14.91711

Table 4: Overconfident error counts (lower is better), mea-
sured as incorrect predictions made with high confidence.
MC-MAS consistently reduces or maintains overconfidence
relative to individual solvers, indicating improved calibra-
tion without sacrificing accuracy.

tematic overconfidence. Overall, moderate arbitration sizes
(K, =~ 25) offer the best trade-off between uncertainty
compression and computational cost.

Sensitivity Analysis of Routing Metrics To evalu-
ate the robustness of the proposed routing metrics, we
conducted a sensitivity analysis on StrategyQA using
three semantic encoders (MiniLM-L6, paraphrase-MiniLM,
and MPNet) across multiple similarity thresholds (7 €
{0.70,0.80,0.85}). As shown in Table the absolute nov-
elty scores vary with the choice of encoder and threshold, as
expected, while the overall trends remain consistent. In con-
trast, redundancy remains stable (approximately 41-43%),
and entropy exhibits negligible variation across all settings.
These results indicate that the proposed metrics are robust to
reasonable implementation choices and consistently capture
the intended information aggregation behavior.

Table 5: The contribution of metacognitive components.

K, #LLM Acc. (%) Entropy | OverConf |

1 13 82.0105 0.06210.006 3
5 17 86.2507 0.03610005 7
25 23 87.1503 0.02610005 6
50 62 88.3106 0.04910 007 7

Table 6: Effect of arbiter sample size (K,) on MC-MAS
performance and uncertainty. #LLM denotes the number
of LLM forward calls; multiple arbitration samples may be
drawn from a single invocation when batching is possible.

Matched-Compute Analysis To further isolate the ef-
fect of metacognitive arbitration from computational budget,
we conducted a matched-compute experiment (64 forward
passes per instance) comparing MC-MAS with majority
voting and self-consistency on a 100-sample subset of Strat-
egyQA (Mistral-7B, full precision). Under the same com-
pute budget (see Table[§)), MC-MAS matches the best accu-
racy while achieving substantially lower entropy and fewer
overconfident errors, suggesting that its gains arise from
structured arbitration rather than increased computation.

S5 A CONCEPTUAL THEORY OF
AGENTIC IMPROVEMENT

We present a conceptual framework for interpreting perfor-
mance gains in agentic and multi-agent language model
systems. Rather than proposing a formal model or theoret-
ical guarantees, our aim is to provide an explanatory lens
grounded in the empirical behavior observed in Section 4]
In this study, we argue that improvements commonly at-
tributed to “better reasoning” in agentic systems can be
understood as arising from two distinct and often conflated
mechanisms: semantic novelty generation and uncertainty
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Encoder T Novelty (%) Redundancy (%) Entropy

MiniLM-L6 0.70  58.2+£0.6 41.5+0.8 0.034 £ 0.002
MiniLM-L6 0.80  62.7£0.7 41.8+0.7 0.033 £ 0.002
MiniLM-L6 0.85 66.1£0.8 42.0£0.7 0.033 £ 0.001
paraphrase-MiniLM  0.70  55.9 + 0.7 42.3+0.9 0.032 £ 0.002
paraphrase-MiniLM  0.80 61.8£0.8 42.6 £0.8 0.031 + 0.002
paraphrase-MiniLM  0.85 65.4£0.9 42.9+0.8 0.031 +£0.001
MPNet 0.70  56.5+0.6 42.8+0.7 0.030 £ 0.003
MPNet 0.80 63.2+0.7 43.1+£0.7 0.029 £ 0.002
MPNet 0.85 67.0+£0.8 43.4+0.6 0.029 £ 0.003

Table 7: Sensitivity analysis of routing metrics on a 50-sample subset of StrategyQA (mean = std over two runs).

Method Acc. (%) Entropy|! OverConf|
Majority Voting 64.0 0.041 7
Self-Consistency 62.0 0.036 6
MC-MAS 64.0 0.026 5

Table 8: Matched-compute comparison (64 forward passes
per instance) on a 100-sample subset of StrategyQA. Lower
entropy and fewer overconfident errors indicate better cali-
bration.

compression. This perspective clarifies why many agentic
methods improve reliability and calibration without consis-
tently increasing semantic novelty or task accuracy.

Agentic Inference as Distribution Transformation. Let
x denote an input instance and y € ) the task output. Due
to stochastic decoding, a base language model generates an
empirical distribution over answers,

psolver(y | 517)7 (10)

obtained by sampling multiple solver trajectories as de-
scribed in Section [3| This distribution reflects epistemic
uncertainty arising from inconsistent or ambiguous solver
outputs.

An agentic inference procedure, such as self-consistency,
reflection, debate, or metacognitive arbitration operates at
test time by transforming this solver-induced distribution
into a new distribution,

pagent(y ‘ l‘), (11)

without modifying model parameters or introducing external
supervision. From this perspective, agentic methods act as
distributional transformers: they restructure, reweight, or
consolidate existing solver evidence rather than necessarily
expanding the underlying hypothesis space.

Two Axes of Agentic Improvement. We analyze agentic
improvements along two complementary axes:

1. Semantic Novelty: Semantic novelty refers to the intro-
duction of new task-relevant semantic content that was not
present in the original solver outputs, such as new claims, al-
ternative reasoning paths, or explicit corrections. Reflection-
and debate-based methods are often designed to increase
semantic novelty by encouraging critique, counterfactual
reasoning, or alternative interpretations.

2. Uncertainty Compression: Uncertainty compression
refers to the consolidation of existing solver evidence into a
more concentrated decision distribution. It can be quantified
by the reduction in entropy between the solver-induced and
agent-induced answer distributions,

AH(z) = H(psowver (- | ) — H (pagent(- | 7)) -

Crucially, uncertainty compression does not require the in-
troduction of new semantic content; it can arise purely from
selective aggregation, filtering, and reweighting of existing
solver outputs.

(12)

These two axes are conceptually distinct. An agentic method
may improve semantic novelty without compressing uncer-
tainty, compress uncertainty without introducing novelty, or
exhibit a combination of both effects.

Interpreting Empirical Results Through This Lens.
Our empirical results indicate that the primary contribution
of MC-MAS is uncertainty compression rather than seman-
tic novelty generation. As shown in Tables[2]and[5] reflection
stages increase semantic novelty but do not reliably improve
accuracy or reduce entropy. In contrast, metacognitive arbi-
tration consistently reduces answer entropy and overconfi-
dent errors, even when accuracy gains are modest or absent.
This pattern suggests that reliability improvements arise pri-
marily from structured consolidation of solver disagreement
rather than from generating additional reasoning content.

This framework also explains the observed failure regimes.
When solver entropy is already low, there is little uncertainty
to compress, and additional agentic processing provides lim-
ited benefit. Conversely, when solver disagreement reflects
meaningful epistemic uncertainty, metacognitive arbitration
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stabilizes the decision distribution, leading to improved cali-
bration and reduced overconfidence.

Implications. By separating semantic novelty generation
from uncertainty compression, this conceptual theory clari-
fies why many agentic systems improve reliability, calibra-
tion, and decision stability without consistently improving
task accuracy. From this perspective, the primary value of
metacognition lies in its ability to structure, filter, and con-
solidate existing solver evidence rather than to generate new
reasoning content. This lens provides a principled theoreti-
cal grounding for analyzing and designing agentic inference
procedures that prioritize reliability and interpretability over
uncontrolled reasoning expansion.

6 DISCUSSION

While earlier work often attributes performance gains to
richer reasoning traces or increased sampling diversity, our
results point to a more constrained and mechanistic ex-
planation. As shown in Table [, MC-MAS yields modest
and dataset-dependent accuracy gains, frequently match-
ing rather than exceeding the strongest individual solver
on simpler tasks. In contrast, MC-MAS consistently im-
proves reliability-related metrics, including reduced answer
entropy (Table[2) and fewer overconfident errors (Table ).
These findings suggest that metacognition primarily reorga-
nizes and consolidates existing solver outputs rather than
generating substantial new task-specific knowledge.

Although reflection stages increase semantic novelty (Ta-
ble[2)), this novelty does not reliably translate into improved
accuracy or entropy reduction, as confirmed by the ablation
results in Table [5] In the full MC-MAS pipeline, novelty
is retained only when it contributes to decision reliability,
resulting in limited net novelty at the system level.

Entropy and compression analyses further support a routing-
based interpretation of metacognition. MC-MAS generally
reduces answer entropy and redundancy—especially on
ARC-Easy with Mistral-7B—indicating effective consol-
idation of solver disagreement. In low-uncertainty regimes,
entropy changes are near zero or slightly negative, suggest-
ing that the arbiter refrains from unnecessary intervention
when solvers already agree. This behavior contrasts with
majority voting, which lacks explicit uncertainty regulation
and can propagate overconfident errors (Table [4).

Importantly, these trends persist under aggressive quantiza-
tion. As shown in Table[I] 4-bit models maintain accuracy
comparable to full-precision counterparts, while routing, en-
tropy, and calibration metrics remain largely unchanged (Ta-
bles 2] @). This robustness indicates that metacognitive rout-
ing relies more on structured aggregation than high-fidelity
generation, making MC-MAS well suited for resource-
constrained deployment. Overall, our results reinforce that

metacognition in LLM systems functions primarily as an in-
formation routing and compression mechanism rather than a
generator of new reasoning content. This conclusion aligns
with the toy information-theoretic view in Appendix [A.2]
which models arbitration as an information bottleneck that
preserves task-relevant signals while compressing solver
uncertainty.

Design Principle: Metacognitive Routing

MC-MAS is most effective when solver disagreement
reflects meaningful epistemic uncertainty rather than
random noise or shared bias. When solver entropy is
high and disagreement is structured, metacognitive ar-
bitration compresses uncertainty and improves confi-
dence calibration, as measured by reduced overconfi-
dent errors. When solver entropy is already low or dis-
agreement is uninformative, arbitration yields limited
benefit. This principle motivates adaptive arbitration
strategies conditioned on observed solver uncertainty.

Broader Implications for Existing Agentic Methods.
Although our analysis centers on MC-MAS, the routing-
based interpretation of metacognition extends naturally to
a broad class of agentic and multi-sample reasoning tech-
niques. Methods such as self-consistency [Wan et al., 2025|
Tan et al., 2024} Mitchell et al., [2022] and majority vot-
ing [Zhuge et al.| [2024] |Chen et al., [2024a] primarily act
as implicit entropy reducers through aggregation, but lack
mechanisms to distinguish structured disagreement from
noise, which can propagate overconfident errors under cor-
related biases. In contrast, debate-based [Zhang et al.,[2025a,
Hu et al.| [2025]] and reflection-driven [Ge et al.,[2025] meth-
ods increase semantic novelty by introducing critiques or
alternative reasoning paths; however, without principled
consolidation, this novelty does not reliably improve cal-
ibration or decision stability. From this perspective, the
key distinction across agentic methods is not whether they
generate additional reasoning, but whether they perform
uncertainty-aware routing—selectively filtering, weighting,
and consolidating signals into a calibrated consensus. This
lens reframes many reported “reasoning improvements” as
varying trade-offs between entropy compression and novelty
expansion.

We now formalize a sufficient condition under which
metacognitive arbitration induces entropy compression.

Theorem 1 (Entropy Compression under Convex Consis-
tency Weighting). Let pver(- | ) be a non-degenerate
distribution over a finite label space ). Define the
consistency-weighted arbitration operator

psolver(y | .’E) g(psolver(y | (E))

y'eY psolver(y/ ‘ .%‘) g(psolver(y/ | .%‘))’
(13)
where g : (0,1] — (0, 0c0) is strictly increasing and convex.

p;rb(y ‘ ZL’) = Z
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Then the induced population arbitration distribution satisfies

H(pa (- | z)) < H(psower(- | 7)), (14)

with strict inequality whenever pgopve; (- | ) is not determin-
istic.

Here p}; denotes the idealized reweighted (population) dis-
tribution defined by the operator in Equation (T3).

Assume solver outputs are i.i.d. draws from pgoyer(- | )
and arbiter outputs are i.i.d. draws from p*, (- | z). Let
Dsolver and Dyp denote the empirical answer distributions
formed from 2K solver samples and K, arbiter samples,
as defined in Equations (2) and (3)), and define the plug-in
entropy estimates

~

Hsolver(x) = H(ﬁsolver(' | 33)) ) ﬁarb(x) = H(ﬁarb(' | x))

For finite ), the empirical entropy difference converges in
probability to the population difference:

P .
m} H(pa(- | 2))

- H(psolver(' | LE)) S 0. (15)

ﬁarb(x) - ﬁsolver(x)

Thus, small apparent entropy increases may occur at finite
sample sizes due to sampling variability and plug-in esti-
mation noise, but vanish asymptotically. The full proof is
provided in Appendix[C]

6.1 FAILURE MODES: WHEN METACOGNITIVE
ROUTING FAILS

We characterize regimes where metacognitive routing pro-
vides limited benefit, reflecting principled constraints rather
than implementation flaws.

High-Agreement Regime. When solvers already agree,
the empirical distribution poiver(y | ) has low entropy. In
this case, the potential entropy reduction

AH(I) = Hsolver(m) - Hﬁl’b(m)

is necessarily small, leaving little room for arbitration
to improve accuracy or calibration. Empirically, on low-
ambiguity datasets such as BoolQ, MC-MAS closely
matches the strongest solver without substantial gains. This
indicates that routing avoids degrading confident decisions
but cannot improve already stable consensus.

Shared Systematic Bias. As MC-MAS consolidates exist-
ing solver outputs, it cannot correct errors when all solvers
share the same systematic bias. In such cases, arbitration
reinforces a biased consensus rather than uncovering new ev-
idence. This highlights the distinction between uncertainty
compression and true error correction.

Noisy Reflection Signals. Reflection stages may intro-
duce novel semantic content, but novelty alone does not
ensure reliability. When critiques contain speculative or
low-quality signals, arbitration may propagate noise. This
explains why reflection-only variants increase novelty with-
out consistent accuracy or entropy improvements.

Miscalibrated Arbiter. Effective routing depends on ar-
biter calibration. A poorly calibrated arbiter may overweight
spurious critiques, leading to unstable consensus. Thus,
metacognitive routing improves reliability only when the
arbitration mechanism itself is well-behaved.

We also discuss the broader impacts of this work and its
limitations in Appendix [B.1]

7 CONCLUSION

This work reframes metacognition in multi-agent LLM sys-
tems as a mechanism for information routing and compres-
sion rather than as a source of new reasoning. Through
MC-MAS, we demonstrate that separating solution gener-
ation from metacognitive arbitration enables reliable con-
solidation of solver outputs, leading to reduced uncertainty
and improved calibration across diverse reasoning tasks.
In summary, our findings suggest that the primary value
of metacognition lies in structuring and filtering existing
information, rather than expanding reasoning traces, offer-
ing a principled direction for designing robust multi-agent
inference systems. Future work will explore adaptive arbi-
tration strategies, scalability to larger agent ensembles, and
extensions to longer-horizon and more complex reasoning
tasks.
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A APPENDIX

A.1 PROMPT TEMPLATES AND PSEUDOCODE

This section documents all prompt templates used in MC-MAS. Prompts are task-specific, instruction-only, and fixed across
all experimental runs. No external tools, retrieval mechanisms, or auxiliary supervision are employed beyond the task input.
All outputs are constrained to explicit answer formats to enable deterministic extraction and reliable uncertainty analysis.

A.1.1 Solver, Reflection, and Arbitration Prompts

All evaluations are conducted in a zero-shot, instruction-only setting: no in-context exemplars are provided. The arbiter and
critics only condition on the current instance (input) and the solvers’ intermediate outputs for that same instance.

MC-MAS Prompt Templates

Solver Prompt — BoolQ (Yes/No Reading Comprehension)
Read the passage carefully and answer the question.

Passage and Question:

[Passage text]

[Question]

Evaluate the evidence carefully, then conclude with:

Final Answer: true OR Final Answer: false

Solver Prompt — ARC-Easy (Multiple-Choice Science QA)
Answer the following science question by selecting the best option.
Question:

[Question text]

Choices:

* A. [Option A]
* B. [Option B]
* C. [Option C]
* D. [Option D]

Analyze each option carefully, then conclude with:
Final Answer: A, B, C, or D

Reflection (Critique) Prompt
Review the proposed solution critically. Identify any reasoning errors, missing evidence, or alternative interpretations.
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Question:

[Question text]

Proposed Solution:

[Solver reasoning output]

Provide a concise critique describing the strengths and weaknesses of the reasoning.

Metacognitive Arbitration Prompt — BoolQ

Two solver agents produced different answers, each accompanied by a critique.
Question:

[Question text]

Solution 1:

[Solver I output]

Answer 1: [true/false]

Review 1: [Critique 1]

Solution 2:

[Solver 2 output]

Answer 2: [true/false]

Review 2: [Critique 2]

Based on the solutions and reviews, re-evaluate carefully and conclude with:
Final Answer: true OR Final Answer: false

Metacognitive Arbitration Prompt — ARC-Easy

Two solver agents produced different answers, each accompanied by a critique.
Question:

[Question text]

Solution 1:

[Solver I output]

Answer 1: [A/B/C/D]

Review 1: [Critique 1]

Solution 2:

[Solver 2 output]

Answer 2: [A/B/C/D]

Review 2: [Critique 2]

Based on the solutions and reviews, re-analyze carefully and conclude with:
Final Answer: A, B, C,or D

Metacognitive Arbitration Prompt —- GSM8K

Two solver agents produced different numerical solutions, each accompanied by a critique.
Question:

[Question text]

Solution 1:

[Solver I output]

Answer 1: [number]

Review 1: [Critique 1]

Solution 2:

[Solver 2 output]

Answer 2: [number]

Review 2: [Critique 2]

Recompute the solution independently. Do not rely blindly on prior answers. Then output exactly one line:
Final Answer: < numericalvalue >

Metacognitive Arbitration Prompt — StrategyQA

Two solver agents produced different answers, each accompanied by a critique.
Question:

[Question text]
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Solution 1:

[Solver I output]

Answer 1: [yes/no]

Review 1: [Critique 1]

Solution 2:

[Solver 2 output]

Answer 2: [yes/no]

Review 2: [Critique 2]

Re-evaluate carefully, then output exactly one word:
Final Answer: yes OR Final Answer: no

MC-MAS Pseudocode. The MC-MAS inference process begins by sampling multiple reasoning trajectories from two
independent solver agents using the same base model fy. Each solver produces a set of candidate answers, inducing
an empirical solver distribution pgver(y | ) that captures initial uncertainty and disagreement (see Algorithm . A
representative solver trace 3, is then selected for each solver and used to generate reflective critiques r;, which expose
potential errors and supporting evidence without directly determining the final answer. In the arbitration stage, multiple
arbitration responses are sampled conditioned on the input, representative solver traces, and critiques, yielding an arbitration-
induced distribution p,,(y | 2). The final prediction gyc.mas is obtained by majority vote over arbitration samples.
Throughout this process, uncertainty is quantified via entropy before and after arbitration, and information routing behavior
is characterized using semantic novelty and redundancy metrics computed from solver, reflection, and arbitration claims. This
approach operationalizes metacognitive arbitration as a mechanism for selectively consolidating existing solver information
rather than generating new reasoning content.

A2 A TOY INFORMATION-THEORETIC VIEW OF METACOGNITIVE ROUTING

We provide a minimal theoretical interpretation of MC-MAS to clarify why metacognitive arbitration improves decision
reliability without necessarily increasing semantic novelty or task accuracy. Our goal is not to offer a full formal analysis, but
to ground the observed empirical behavior in an information-theoretic perspective that is consistent with our methodology
and measurements.

Solvers as High-Entropy Information Sources. Let x denote an input instance and let y € ) denote the task label. Due
to stochastic decoding, independent solvers induce an empirical solver distribution psover(y | ), as defined in Section 3.
When solvers disagree, this distribution exhibits high entropy,

Hsolver(x) = — Zpsolver(y | SL’) 1ngsolver(y | $>7 (16)
yey

reflecting epistemic uncertainty arising from inconsistent solver outputs rather than a lack of underlying model knowledge.
Majority voting aggregates solver predictions directly and reduces variance only implicitly, without an explicit mechanism
to regulate or analyze this uncertainty.

Metacognitive Arbitration as an Information Bottleneck. Let S = {agk) |ie{1,2}, k=1,...,Ks} denote the
multiset of solver outputs produced across agents and samples. MC-MAS introduces a metacognitive arbitration stage
that integrates solver outputs and reflective critiques before producing a final decision. From an information bottleneck
perspective, arbitration can be viewed as constructing an intermediate representation Z (corresponding to the arbiter’s internal
decision state) that selectively consolidates solver information while suppressing redundancy and conflict. Conceptually, this
process trades off compression of solver signals against preservation of task-relevant information,

mZin I(Z;S) st I(Z;y) > B, W)

where S denotes solver outputs and 3 controls task fidelity. Importantly, this formulation is interpretive rather than
prescriptive and explains why arbitration can reduce entropy and redundancy without introducing substantial new semantic
content.
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Consensus Formation as Entropy Compression. Through multi-sample arbitration, MC-MAS induces an arbitration
distribution p,(y | ) and corresponding entropy

Harb(x) = - Zparb(y | I) logparb(y | I) (18)
yey

Empirically, we generally observe entropy compression, i.e.,

AH(.%‘) = solver(x)_Harb(x) >0 (19)

in most settings. Small negative values may occur in low-uncertainty regimes or due to finite-sample plug-in estimation
noise, as discussed in Appendix [B]

Implications. This toy information-theoretic view predicts three behaviors that align with our empirical findings: (i)
semantic novelty may decrease after arbitration due to consolidation of solver information, (ii) entropy reduction is the
primary benefit of metacognition, and (iii) multi-sample arbitration is necessary to reliably approximate a low-entropy con-
sensus state. Together, these observations support the interpretation of MC-MAS as an information routing and compression
mechanism rather than a generator of new reasoning content.

A.3 DATASETS AND TASKS

We test MC-MAS on four diverse reasoning benchmarks that span different forms of linguistic and cognitive reason-
ing: BoolQ, ARC-Easy, StrategyQA, and GSM8K. These datasets are commonly used to evaluate reasoning robustness,
uncertainty, and calibration in LLMs, making them suitable for studying metacognitive arbitration behavior.

1. BoolQ. BoolQ is a binary (yes/no) question answering dataset constructed from naturally occurring user queries paired
with short passages from Wikipedia. Each question requires determining whether the passage entails the queried statement.
BoolQ mainly tests reading comprehension and local logical reasoning with limited compositional depth. Due to its relatively
low ambiguity, it acts as a useful setting for analyzing calibration and overconfidence behavior when solver agreement is
high.

2. ARC-Easy. ARC-Easy is a subset of the AI2 Reasoning Challenge focused on elementary-level science questions.
Questions are multiple-choice and often require combining factual knowledge with simple reasoning or elimination strategies.
Compared to BoolQ, ARC-Easy exhibits higher ambiguity and solver disagreement, making it well-suited for analyzing
entropy reduction and consensus formation under metacognitive arbitration.

3. StrategyQA. StrategyQA is a challenging yes/no question answering benchmark designed to require implicit multi-hop
reasoning and background knowledge. Questions are intentionally constructed such that surface-level pattern matching is
insufficient, and correct answers depend on combining multiple facts or commonsense assumptions. This dataset underscores
the importance of semantic reasoning over explicit symbolic structure and provides a setting in which reflection often
introduces novel but unreliable intermediate content.

4. GSM8K. GSMBSK consists of grade-school-level math word problems that require multi-step numerical reasoning.
Answers are numerical and typically require explicit symbolic manipulation, arithmetic operations, and intermediate
calculations. Unlike the other benchmarks, GSM8K strongly emphasizes symbolic reasoning structure, allowing us to
analyze how metacognitive arbitration interacts with solver disagreement in settings where reasoning traces are more
explicit.

Task Characteristics: Across these datasets, we cover a range of task properties, including binary versus multi-class outputs,
semantic versus symbolic reasoning demands, and low- versus high-uncertainty regimes. This variety allows us to examine
whether metacognitive arbitration consistently improves decision reliability across different reasoning styles, rather than
being tailored to a specific task format or dataset.

A4 SCALING BEHAVIOR OF METACOGNITIVE ROUTING.

Our results in Table[6]show that the benefits of metacognitive routing exhibit a clear saturation effect with respect to test-time
compute. As the arbitration sample size K, increases, both accuracy and entropy reduction improve initially but plateau
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beyond moderate values (), ~ 25), indicating diminishing returns from additional arbitration. This behavior is consistent
across benchmarks and persists under aggressive quantization, suggesting that metacognitive routing depends primarily on
structured aggregation of solver outputs rather than increased model capacity.

From a formal perspective, this saturation can be understood by examining the entropy reduction

AH(KG,J?) == Hsolver(x) - H(Ka)(m)D

where H (Ka)

ab - () represents the arbitration-induced entropy obtained using K, arbitration samples. As K|, increases, the
empirical arbitration distribution p,(y | ) converges toward a stable consensus, causing AH (K, ; x) to increase initially
but approach a finite limit. Beyond this regime, additional arbitration primarily reduces sampling variance rather than

altering the underlying decision distribution, yielding diminishing marginal gains in both entropy reduction and accuracy.

These observations indicate that metacognitive routing exhibits diminishing returns with additional test-time compute,
reinforcing its interpretation as an uncertainty compression mechanism rather than a source of unbounded performance
gains.

A.5 TEST-TIME COMPLEXITY ANALYSIS

We explore the test-time computational complexity of MC-MAS in terms of LLM forward passes and arbitration sampling.
Since MC-MAS operates purely at inference time without parameter updates or external supervision, its cost is dominated
by the number of model invocations required to generate solver, reflection, and arbitration outputs.

LLM Invocation Count. For each input instance x, MC-MAS performs:

* 2K solver forward passes, corresponding to K; stochastic samples from each of two independent solver agents;
* 2 reflection forward passes, one per solver, conditioned on representative solver traces; and

* K, arbitration forward passes, conditioned on the input, solver traces, and reflective critiques.
The total number of LLM forward passes per instance is therefore

Costmemas = 2K, +2+ K. (20)

Asymptotic Inference Cost. Let C\ denote the cost of a single LLM forward pass for a fixed input length. The overall
inference cost of MC-MAS scales linearly as

O((2Ks + Ka) - Cuim) , 21

with constant overhead from reflection stages. This linear scaling contrasts with approaches that increase model size or
context length, and highlights that MC-MAS trades additional test-time sampling for improved uncertainty regulation.

Saturation and Cost-Benefit Boundary. Empirically, our arbitration ablation (Table[6) shows that both accuracy and
entropy reduction improve with increasing K, only up to moderate values, after which gains saturate. Formally, the marginal
benefit of additional arbitration satisfies

OE[AH (z)]

oK., — 0 as K, — o0, (22)

while computational cost continues to grow linearly. This defines a practical cost—benefit boundary, beyond which additional
arbitration yields diminishing returns without commensurate reliability improvements.

Practical Considerations. In practice, multiple arbitration samples can be efficiently batched within a single LLM
invocation when supported by the inference framework, partially amortizing the cost of large K ,. Moreover, since MC-MAS
relies on structured aggregation rather than high-fidelity generation, its routing behavior remains effective under aggressive
quantization, as demonstrated in our 4-bit experiments. These properties make MC-MAS suitable for deployment in
resource-constrained or latency-sensitive settings, provided that arbitration is applied selectively when solver uncertainty is
high.
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B INFORMATION ROUTING, CALIBRATION METRICS AND SENSITIVITY

Although semantic novelty, redundancy, and entropy are not conventional task-level metrics, they are principled information-
theoretic quantities used to analyze distributions and uncertainty in probabilistic and neural models [Guo et al., 2017,
Farquhar et al.| 2024]]. We use them not as substitutes for accuracy, but to expose how information flows, compresses, and
stabilizes across multi-agent reasoning stages—phenomena that accuracy alone cannot capture.

Answer Entropy. Answer entropy calculates the uncertainty of a model’s decision based on the empirical distribution of

sampled answers. Given a set of answers {y1, ..., yn } produced by solvers or by the arbiter, we define
== p(c)logp(c) (23)
ceC

where p(c) is the fraction of samples predicting class c¢. Lower entropy indicates higher consensus and confidence. In
MC-MAS, entropy reduction reflects effective consolidation of solver disagreement rather than increased sampling.

Entropy Reduction. To quantify uncertainty compression across stages, we compute the entropy decrease between solver
outputs and the arbiter decision:
AH = Hyoyer — Harb- (24)

Positive A H indicates successful uncertainty compression, while values near zero imply that arbitration does not alter an
already confident decision. Negative values correspond to low-uncertainty regimes where further compression is unnecessary.

Semantic Novelty. Semantic novelty measures how much new semantic content is introduced by a metacognitive stage
relative to solver outputs. We extract sentence-level claims from model outputs and compute their embedding similarity
using a pretrained sentence encoder. Given final-stage claims F and solver claims S, novelty is defined as

Novelty = Z {max sim(f,s) <7, (25)

gy

where 7 is a similarity threshold. High novelty indicates the introduction of new semantic signals, while low novelty suggests
information reuse or reorganization.

Redundancy. Redundancy captures semantic overlap within the combined set of claims produced during inference. It is
computed as the average pairwise cosine similarity among all extracted claims. Lower redundancy indicates more diverse
information, while higher redundancy reflects repetition or agreement among reasoning paths.

Compression Ratio. We define a compression ratio to summarize the degree of uncertainty consolidation:

H arb
H solver

Compression = 1 — (26)

Higher values correspond to stronger information compression achieved by metacognitive arbitration.

Overconfident Errors. Overconfident errors measure calibration failures where incorrect predictions are made with high
confidence. An error is counted as overconfident if the predicted class probability exceeds a fixed threshold (0.7 in our
experiments) while being incorrect. Lower counts indicate improved confidence calibration and reliability.

B.1 LIMITATIONS AND BROADER IMPACT

Limitations. Beyond the principled failure regimes discussed in Section this study has several practical and empirical
limitations. First, MC-MAS is evaluated on a small set of reasoning benchmarks and medium-scale instruction-tuned models,
and the observed routing behavior may not directly generalize to larger frontier models or tasks requiring long-horizon
planning. Second, the metacognitive arbiter introduces additional inference cost due to repeated arbitration, which may limit
practicality in latency-sensitive settings. Additionally, MC-MAS relies on the quality and calibration of the metacognitive
arbiter itself; failures or biases in the arbiter may propagate or amplify errors rather than mitigate them. Finally, while we
show that metacognition improves confidence calibration—as measured by reduced overconfident errors—we do not claim
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that MC-MAS universally improves accuracy, nor that it replaces task-specific reasoning enhancements. Future work should
explore adaptive arbitration strategies, lower-cost routing mechanisms, and extensions to more complex multi-agent and
long-context settings.

Broader Impact. This work contributes to the development of more reliable and trustworthy agentic Al systems by clarify-
ing the functional role of metacognition in multi-agent language models. By showing that metacognitive arbitration primarily
enhances confidence calibration and reduces overconfident errors—rather than generating new reasoning content—our
findings support safer deployment of agents in open and uncertain environments where incorrect high-confidence decisions
can be costly. The routing-based perspective facilitates system designs that selectively intervene based on uncertainty,
potentially reducing unnecessary computation and mitigating failure modes associated with correlated agent biases. Besides
this, our work underscores the importance of understanding when metacognitive mechanisms provide limited benefit, helping
practitioners avoid unnecessary computational overhead or false assurances of reliability. Lastly, while our framework is
evaluated in controlled benchmark settings, the principles uncovered here are broadly applicable to real-world agentic
systems that must balance accuracy, reliability, and efficiency under resource constraints.

C THEOREM 1 PROOF SKETCH

Proof Sketch. Let p(y) = psolver(v | ) and define

Since ¢ is strictly increasing and convex, the mapping p — p g(p) amplifies larger probabilities more than smaller ones. For
any y1, y» such that p(y1) > p(y2),

After normalization,

. _ )
parb(y ‘ x) = Zy’ ﬁ(y’)’

which preserves ordering and increases concentration of probability mass toward higher-probability components.
Thus p}, (- | ) is more peaked than psover(- | z); this concentration effect can be formalized via a majorization argument.

Since Shannon entropy is Schur-concave,

H(pyo (- [ 7)) < H(psowver (- | ),

with strict inequality whenever pgorver(+ | ) is not deterministic.

Interpretation. Theorem [6| formalizes a sufficient condition under which consistency-weighted arbitration acts as an
entropy-compressing operator at the population level. In practice, our tables report plug-in entropy estimates computed
from finite numbers of solver and arbitration samples. Therefore, small negative A H values can occasionally appear due to
finite-sample plug-in estimation noise, especially when the true population entropy reduction is near zero. As sample sizes
increase, the empirical estimates converge to the entropy-reducing population operator.
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Algorithm 1 MC-MAS with Information Routing and Uncertainty Compression

Require: Input z, base LLM fy, dataset D

1: Number of solver samples K, solver temperature 7
Number of arbitration samples K, arbitration temperature T,
Initialize solver answer multiset A, < ()
Initialize arbitration answer multiset A, <
Stage 1: Independent Solver Generation
for: =1to2do

for k = 1to K, do

Sample solver reasoning trace s(k)

~po(-| )
Extract solver answer a( ) EXTRACTANSWER($ (k))

if a{*) is valid then

A, AU {aMy

end if
end for
Select representative solver trace §; < sgl)
: end for
: Compute solver-induced distribution psoiver(y | ) from A,
: Compute solver entropy Hyopyer()
: Stage 2: Reflection and Critique
: fori=1to2do
Sample reflection r; ~ py(- | z, 3;)
Extract critique claims CI*f <~ EXTRACTCLAIMS(7;)
: end for
: Stage 3: Metacognitive Arbitration
: form =1to K, do
Sample arbitration response

R A A o

S

[ NI NS T NC Y NG Y NG YR NG Y Gy U G G G GO
AR el 2 AR U ol > e

a(m) NPG( | x7§17§27r17r2)

26: if a(™) is valid then

27: Ay — Ay U{a™}
28: end if
29: end for

30: Compute arbitration-induced distribution p,(y | ) from A,

31: Compute arbitration entropy Hy(x)

32: Final prediction §vc.mas <— arg maxy pan(y | )

33: Information Routing Metrics

34: Extract solver claims C7, Cy < EXTRACTCLAIMS(31), EXTRACTCLAIMS(S2)
35: Extract arbitration claims Cfpy < EXTRACTCLAIMS(A,)

36: Compute novelty

|Cﬁnal \ (Cl U 02)‘

| C(ﬁnal |

N

37: Compute redundancy
R < AVGSEMANTICOVERLAP(CY, Co, T, C5F| Chinar)

38: return ?QMC—MAS7 {N> R, Hsolver($>7 Harb(x)}
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