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Executive Summary

For four decades, cognitive science has established a durable finding: structured debate

between competing perspectives produces better conclusions than individual judgment.
Daniel Kahneman formalized this as adversarial collaboration in 2001. Marvin Minsky argued in
1986 that intelligence itself emerges from the interaction of specialized agents, not from any
single reasoning process. These are not fringe ideas. They are foundational to how we
understand rigorous thinking.

Artificial intelligence research has now demonstrated the same effect in language models.
Multi-agent debate — where two or more models argue, critique, and refine a shared problem
— consistently outperforms single-model reasoning on benchmarks spanning arithmetic,
factual accuracy, commonsense reasoning, and mathematical proof. The gains are substantial
and reproducible: Du et al. (2023) showed an 8-percentage-point improvement on
grade-school math and a 14.8-point gain on arithmetic using the same underlying model.
Hegazy (2025) demonstrated that diverse mid-range models debating each other surpassed
GPT-4 on mathematical reasoning.

The gap has been access. This capability existed in academic papers and developer
frameworks requiring Python expertise, infrastructure setup, and technical maintenance. No
consumer product offered a structured multi-agent debate loop with configurable personas,
adjustable turn depth, a neutral synthesis layer, and zero technical setup — until Cabinet.
Sparse Halo closes that gap.

The Problem with Single-Agent Al

Every major consumer Al product today operates on the same architecture: one model, one
response, one perspective. The user sends a prompt; the model generates its best-guess
completion. There is no second opinion, no structured critique, no mechanism for the system
to argue against its own initial reasoning. This is not a limitation of model quality — it is a
limitation of structure. A single model cannot genuinely argue against its own priors. It can be
prompted to "consider the other side," but the tokens it generates still flow from the same set
of weights, the same training distribution, the same learned biases. The result is a
performance of deliberation, not actual deliberation.

The consequences are well-documented. Hallucination confidence is the most visible: models
deliver factually incorrect answers with the same authoritative tone they use for correct ones.
The user has no structural signal to distinguish the two. Without adversarial pressure —
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without a second agent whose explicit purpose is to find weaknesses — errors propagate
unchecked. The model is not deliberating. It is performing fluency.

The solution is not a better model. Scaling parameters, extending context windows, and
improving training data all help at the margin, but they do not solve the structural problem. A
single reasoner, no matter how capable, cannot replicate the epistemic benefits of structured
opposition. The solution is a better structure — one that forces competing perspectives into
direct contact under controlled conditions, with a neutral arbiter synthesizing the result.

The Science — What the Research Says

Multi-agent debate improved arithmetic reasoning accuracy from
67.0% to 81.8% — a 14.8 percentage point gain — using the same
underlying models with no additional training.

— Duetal., 2023 — MIT / ICML 2023

Diverse agent ensembles outperformed GPT-4 on mathematical
reasoning after four rounds of debate — without using GPT-4.

— Hegazy, 2025 — arXiv:2410.12853

A sequential pipeline of heterogeneous agents — Generator,
Verifier, Refiner — improved performance on MATH by 15.66%
relative to the single-agent baseline.

— MALT, 2025 — Oxford / Cambridge
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Optimal debate
depth before
diminishing returns

Arithmetic gain MATH improvement GSM8K with diverse
(Du et al., 2023) (MALT, 2025) ensemble (Hegazy, 2025)

The empirical case for multi-agent reasoning is now substantial. The foundational result
comes from Du et al. (2023) at MIT, who demonstrated that three instances of GPT-3.5-turbo,
debating over two rounds with zero-shot prompting, consistently outperformed a single
instance of the same model. The gains spanned every benchmark tested: GSM8K accuracy
rose from 77.0% to 85.0%, MMLU from 63.9% to 71.1%, chess move validity from 29.3% to
45.2%, and arithmetic from 67.0% to 81.8%. Critically, self-reflection — asking a single model
to reconsider its own answer — did not produce comparable improvements. The benefit came
specifically from inter-agent debate, not from additional computation alone.

Subsequent work has extended these findings in important directions. Hegazy (2025) showed
that model heterogeneity amplifies the effect: a diverse ensemble of medium-capacity models
(Gemini-Pro, Mixtral 7B, and PaLM 2-M) reached 91% accuracy on GSM-8K after four debate
rounds, surpassing GPT-4 and significantly outperforming the same models in a
homogeneous configuration (82%). This result established a new state-of-the-art on the
ASDiv benchmark at 94% accuracy. The MALT framework from Oxford and Cambridge
demonstrated that multi-agent architectures deliver gains not only at inference time but also
through post-training optimization, with a sequential Generator-Verifier-Refiner pipeline
producing 15.66% relative improvement on the MATH benchmark, 7.42% on GSMS8K, and
9.40% on commonsense reasoning.

DebUnc (Yoffe et al., 2024) addressed a critical failure mode: agents misleading each other
with confident-sounding wrong answers. By weighting agent contributions through an
attention-based confidence mechanism, DebUnc showed that calibrating uncertainty
improves debate outcomes — and that performance scales with the reliability of the
uncertainty estimate. MAMM-Refine (Wan et al., 2025) extended multi-agent collaboration
beyond structured benchmarks into long-form generation, demonstrating faithfulness
improvements in summarization and question-answering through iterative error detection,
critique, and correction.
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Research Summary

Du et al. 2023 3 GPT-3.5 agents, 2 GSM8K: +8.0pp;
debate rounds, zero-shot MMLU: +7.2pp;
Arithmetic: +14.8pp

Hegazy Independent 2025 Diverse model ensemble, Diverse agents beat
4 debate rounds GPT-4 on GSMS8K at
91% accuracy

MALT Oxford / 2025 Sequential Generator -> MATH: +15.66%;
Cambridge Verifier -> Refiner agents GSMS8K: +7.42%;
CSQA: +9.40%

DebUnc UC Santa 2024 Uncertainty-weighted Confidence calibration
Barbara attention mechanism improves debate quality
MAMM-Refine UNC Chapel Hill 2025 Multi-model iterative Faithfulness
error correction improvement in

long-form generation

Single Agent vs. Multi-Agent Debate: Accuracy by Benchmark
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Source: Du et al. (2023), arXiv:2305.14325 — GPT-3.5-turbo, zero-shot, 3 agents, 2 debate rounds

Figure 1. Accuracy across five benchmarks — Single Agent vs. Multi-Agent Debate (Du et al., 2023). All tasks used the same
GPT-3.5-turbo model; gains come from structure, not from model upgrades.
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Accuracy Improves with Debate Rounds MALT: Multi-Agent Training Gains by Benchmark
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Source: Du et al. (2023) — approximate values from Figure 10b Figure 3. MALT relative improvements (Motwani et al., 2025).

Post-training with heterogeneous agents.
Figure 2. Performance vs. debate rounds (Du et al., 2023).

Gains accumulate through round 4.

Intellectual Roots — From Minsky to Modern Al

The idea that intelligence emerges from the interaction of specialized agents is not new.
Marvin Minsky articulated it with precision in The Society of Mind (1986), arguing that
cognition is not the product of a single unified process but of many small agents, each limited
in isolation, that produce complex behavior through their interactions. Minsky's framework
included "censor" and "suppressor" agents — specialized components whose purpose was to
detect and block flawed reasoning before it propagated through the system. The parallel to
Cabinet's architecture is direct: the judge agent monitors each round of debate, scoring
disagreement quality and evidence strength, and intervening when it detects sycophancy. Du
et al. (2023) explicitly cite Minsky's "society of minds" as intellectual lineage for their
multi-agent debate framework.
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Model Diversity Outperforms GPT-4 on Mathematical Reasoning
100% -

89.0% 91.0%
82.0%
e 80% -
) ° 71.0%
>
W]
C 60% -
3
&)
|
<T
¥  40% -
0
=
g o I Diverse ensemble (best)
20% Single / homogeneous
i GPT-4 solo
0% - 1 1 ' _I
Single Agent Homogeneous GPT-4 Diverse
(Gemini-Pro) Ensemble (Solo) Ensemble
(3x Gemini-Pro) (3 models,
4 rounds)

Source: Hegazy (2025), arXiv:2410.12853 — GSM8K benchmark, 4 debate rounds

Figure 4. Model heterogeneity vs. performance on GSM8K (Hegazy, 2025). A diverse ensemble of mid-range models
surpassed GPT-4 after four debate rounds without using GPT-4.

Minsky also described what he called the "B-brain" — a monitoring overseer that observes the
reasoning of the primary agents and intervenes to redirect when they fail. In Cabinet's
architecture, this role is occupied by the Umpire: a separate synthesis model that receives the
full debate transcript and produces a structured verdict. The Umpire does not participate in
the debate. It observes, weighs the competing arguments, and renders a judgment. This is
Minsky's B-brain made computationally concrete, forty years after the concept was first
described.

The complementary intellectual thread comes from Daniel Kahneman's work on adversarial
collaboration, formalized in 2001 as an alternative to what he called the "angry science" of
academic critique-reply-rejoinder. Kahneman proposed a specific structure: researchers with
opposing theoretical commitments design joint experiments whose outcomes would
decisively favor one position over the other. The key insight was that working backward from
a known disagreement to a mutually acceptable test produces stronger reasoning than either
side working forward from its own assumptions. Kahneman documented what he termed a "15
IQ point benefit" from this structured opposition. An HEC Paris study published in
Psychological Science (2019) demonstrated that even a single training intervention in
adversarial reasoning reduced biased decision-making by approximately 29%.
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These are not historical curiosities. Adversarial collaboration is now standard methodology at
Nature, which used it for a landmark 2024 consciousness study, and at Nature Human
Behaviour. The intellectual foundation for multi-agent Al reasoning was laid decades before
the technology to implement it existed. What has changed is not the theory — that structured
disagreement produces better epistemic outcomes than individual reasoning has been known
for forty years. What has changed is that large language models now make it computationally
practical to implement at scale, and architectures like Cabinet make it accessible without
technical expertise.
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How Cabinet Works

Cabinet implements a multi-agent deliberation loop orchestrated by a central controller

(orchestrator.py). The user provides three inputs: a prompt, a persona selection, and a turn
depth (1to 5 rounds, capped at 5 in the orchestrator). The system then executes a structured
sequence of debate, evaluation, and synthesis, producing a final output that reflects the full
weight of adversarial scrutiny rather than a single model's first-pass answer. An optional web
grounding step retrieves external context before the debate begins, giving agents shared
factual footing for the discussion.

The flowchart below describes the complete Cabinet loop as implemented in the production
codebase. Each step corresponds to code paths in orchestrator.py. The diagram reflects
actual system behavior, not a simplified model.
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The Cabinet Loop

User Prompt + Persona Selection + Turn Depth (1-5)

User configures the session parameters

N

Optional: Web Grounding Retrieval

External context gathered before debate begins

N2

ROUND 1— Agent Initialization

Agent A Agent B
Lead Architect Critical Specialist

Parallel in Round 1; sequential otherwise

N

Judge (Optional)
Scores: Disagreement 0-10 | Evidence 0-10 | Sycophancy Flag

Per-round quality evaluation and sycophancy detection

N

If sycophancy flagged: SYCOPHANCY_NUDGE injected into next
round

"ldentify at least one concrete weakness or point of disagreement"

N

ROUNDS 2-N (Sequential Round-Robin, N <= 5)

Agent A -> Agent B -> Judge -> repeat

Each agent sees the full prior transcript; 800 words per response (950 in Planning)

N

UMPIRE / SYNTHESIS MODEL

Produces: THE VERDICT + THE DEBATE BREAKDOWN

Separate model receives full transcript; user selects Umpire model independently

Two turn strategies are available. In parallel_initial_then_round_robin, Agent A and Agent B
generate their first responses concurrently, then alternate sequentially for remaining rounds.
In pure sequential mode, agents take turns from the start. Each agent response is capped at
800 words (950 in Planning persona), preventing filibustering and ensuring concise
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argumentation. The judge, when enabled, scores each round on disagreement quality (0-10)
and evidence quality (0-10), and flags potential sycophancy — agents agreeing too readily
rather than engaging in genuine critique.

The Five Personas

Standard

Default configuration. Agent A operates as Lead Architect; Agent B as Critical Specialist. No
additional behavioral override. Suitable for general-purpose analysis.

Socratic

"Use a Socratic style. Ask probing questions and force claims to justify themselves with
concrete reasoning." Agents interrogate assumptions rather than asserting positions.

Adversarial

"Be skeptical and adversarial. Actively hunt for weak logic, hidden assumptions, and blind
spots." Maximum critical pressure for high-stakes decisions.

Debate

"Behave like a competitive debater. When appropriate, articulate a strong counter-position
and defend it clearly." Structured argumentation with explicit position-taking.

Planning

Architecturally distinct mode. Agent B shifts to "Planning Specialist" (constructive, not
adversarial). Umpire becomes "Senior Planner" producing structured operational output.

Planning Mode — Architecturally Distinct

Agent B shifts from adversarial to constructive. The Umpire shifts from
verdict-delivery to plan synthesis, producing THE PLAN, WATCHPOINTS, and
COLLABORATION NOTES — a structured operational output, not a debate
conclusion. This is a deliberate design choice for professional use cases where
adversarial debate is unproductive and what is needed instead is collaborative
refinement of an executable plan.

The Competitive Landscape
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The gap between what academic research has demonstrated and what consumers can
actually use is wide. Multi-agent debate has been shown to meaningfully improve Al reasoning
across every benchmark tested. Yet no major consumer Al product — not ChatGPT, not
Claude, not Perplexity — offers a structured multi-agent debate loop. Every product in the
market delivers single-model responses. The user gets one perspective, from one set of
weights, with no structural mechanism for critique or synthesis.

Developer frameworks have partially addressed this. Microsoft's AutoGen, CrewAl, and
LangGraph all support multi-agent coordination. But they require Python proficiency,
infrastructure management, and significant technical overhead. They are tools for engineers,
not for professionals who need better answers to hard questions. The result is a durable
access gap: the capability exists in code, the evidence supports it in research, but the
interface to make it usable has been absent.

Consumer Al Spend — Market Share (2025)

Other Al Tools

Gemini
(Google)

Claude
(Anthropic)

ChatGPT
(OpenAl)

Source: Menlo Veentures Consumer Al Report (2025) — $12B total consumer Al market

Figure 5. Consumer Al spend market share (2025). ChatGPT captures ~70% of the $12B market. Source: Menlo Ventures
Consumer Al Report (2025).

Competitive Landscape

ChatGPT No No Yes No
Claude.ai No No No No Yes No
Perplexity No No No No Yes No
Poe No No No No Yes No
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AutoGen Yes Yes Yes No No No
CrewAl Yes Yes Yes No No No
Sparse Halo

Cabinet Yes Yes Yes Yes Yes Yes

Competitive Capability Comparison

ChatGPT No No No No Partial Partial
Claude.ai No No No No No Partial
Perplexity No No No No No No

Poe No No No No Partial No

AutoGen Yes Partial Yes Partial No Partial

CrewAl Yes Yes Yes Partial No Partial
Sparse Halo Yes Yes Yes Yes Yes Yes
Cabinet
Multi-Agent Configurable Turn Depth Neutral Zero Privacy-
Debate Loop Personas Control Synthesis Setup First

Only Sparse Halo Cabinet delivers all six capabilities in a consumer product.

Figure 6. Capability comparison matrix across 7 products and 6 feature dimensions. Only Sparse Halo Cabinet achieves full
coverage. 'Partial' indicates partial or developer-only support.

The gap is durable for structural reasons. Developer frameworks like AutoGen and CrewAl
require Python installation, APl key configuration, prompt engineering, and ongoing
maintenance. CrewAl has approximately 38,000 GitHub stars — a large developer community,
but a vanishingly small fraction of the professionals who could benefit from multi-agent
reasoning. LangGraph, built on graph-based state machines, has the highest technical barrier
of all, requiring understanding of directed graph theory to configure agent workflows. These
tools serve engineers building agent systems, not end users seeking better answers.

Major consumer platforms face a different barrier: incentive misalignment. ChatGPT, Claude,
and Perplexity have built their products around the single-model interaction paradigm. Their
pricing, latency targets, and user experience are optimized for one-model-one-response.
Introducing a multi-agent debate loop would increase token consumption, increase latency,
and complicate the interface — costs that conflict with their current product strategy. The
technical capability is within reach for any of these companies, but the product incentive to
ship it to consumers does not yet exist.
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Open-source alternatives like OpenWebUI support connecting multiple models but do not
provide structured debate orchestration, persona configuration, or synthesis. The user can
query different models sequentially, but there is no shared context, no turn management, and
no neutral arbiter combining the results. The orchestration layer — the part that makes
multi-agent reasoning actually work — is precisely what is missing.

Why Sparse Halo's Approach Is Distinctly Strong

Cabinet's sycophancy detection addresses one of the most clearly documented failure modes
in multi-agent systems. Yoffe et al. (2024) showed that agents mislead each other by agreeing
with confident-sounding but incorrect answers — a dynamic that degrades debate quality
below single-model baselines. Cabinet's judge explicitly monitors for this. When sycophancy
is flagged, a targeted intervention is injected into the next round: "The judge has flagged
potential sycophancy in the previous round. Before proceeding, identify at least one concrete
weakness or point of disagreement with the prior responses." This is not a soft suggestion. It
is a structural constraint that forces the debate back toward genuine critique, directly
countering the failure mode DebUnc identified.

Model heterogeneity is configurable by design. The user independently selects models for
Agent A, Agent B, and the Umpire. This is not an incidental feature — it implements the core
finding of Hegazy (2025), who demonstrated that architecturally diverse agent ensembles
outperform homogeneous ones. In Hegazy's experiments, a diverse mix of Gemini-Pro, Mixtral
7B, and PaLM 2-M reached 91% on GSM-8K, while the same models in homogeneous
configuration reached only 82%. Cabinet makes this diversity a first-class user choice rather
than a hardcoded system decision.

The Planning persona represents a deliberate architectural decision for professional use
cases. Not every problem benefits from adversarial debate. Strategic planning, project
scoping, and execution design require constructive refinement — identifying dependencies,
risks, and sequencing — rather than competitive argumentation. In Planning mode, Agent B
shifts from Critical Specialist to Planning Specialist, contributing additive analysis rather than
oppositional critique. The Umpire shifts from verdict delivery to plan synthesis, producing a
structured output of THE PLAN, WATCHPOINTS, and COLLABORATION NOTES. This is a
fundamentally different output structure, purpose-built for operational thinking.

Turn depth up to five rounds allows the kind of iterative refinement that the research shows
continues to produce gains through the middle rounds. Du et al. (2023) demonstrated that
performance improvements accumulate through rounds of debate, with gains continuing
through round four. Cabinet's configurable turn depth — capped at five in the codebase
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(max_turns = min(max(1, request.max_turns), 5)) — gives users control over the depth-latency
tradeoff. A quick two-round session suffices for straightforward questions; a five-round
session provides thorough scrutiny for high-stakes decisions. The 800-word-per-response
cap (950 in Planning) ensures that additional rounds produce focused argumentation rather
than verbose repetition.

Honest Limitations

Latency.

Multi-agent sessions are inherently slower than single-model queries. A Cabinet session with
two agents, three rounds of debate, optional judge scoring, and streaming synthesis takes
significantly longer than a direct chat response. The parallel-initial strategy mitigates Round 1
latency by running both agents concurrently, but subsequent rounds are sequential by design
— each agent must see the other's prior response. For time-sensitive queries where speed
matters more than depth, a single-model response remains the faster option. Cabinet is built
for high-stakes thinking, not instant answers.

Cost.

More agents multiplied by more rounds equals higher API token consumption. Every agent
response, every judge evaluation, and the final Umpire synthesis all consume tokens. Cabinet
is rate-limited for this reason, and the economics of multi-agent orchestration are
fundamentally different from single-model chat. As model pricing continues to decrease, this
constraint will ease, but today it is a real factor in how the product is structured and priced.

Diminishing returns and task scope.

Du et al. (2023) showed that performance gains from additional debate rounds plateau after
approximately four rounds. Running five rounds rarely adds meaningfully over three for most
tasks. The research base is also strongest on structured tasks — mathematical reasoning,
factual question-answering, and commonsense benchmarks with verifiable correct answers.
Gains on open-ended creative tasks, strategic analysis, and subjective judgment are less
well-characterized in the literature. MAMM-Refine (2025) extends the evidence to long-form
generation with promising results, but the body of rigorous benchmarking on unstructured
tasks remains thinner than on structured ones. Intellectual honesty requires acknowledging
where the evidence is strong and where it is still developing.
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Closing Statement

The research is clear: structured multi-agent deliberation produces better answers than
individual Al judgment. What has been missing is a consumer interface that makes this
capability accessible without Python, without infrastructure, without a technical team. That
gap is what Cabinet closes. Five configurable personas. Up to five rounds of monitored
debate. A neutral Umpire that synthesizes competing arguments into a structured verdict.
Sycophancy detection that forces genuine critique. Model heterogeneity that the user
controls. The question is not whether multi-agent Al will become the standard for high-stakes
thinking — the academic consensus already points there. The question is when consumer
tools will catch up.
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