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Abstract. Existing LLM multi-agent frameworks allow each agent to plan, execute, and
self-evaluate, creating a "logic monopoly" where errors and adversarial inputs go undetected.
We propose a separation-of-power architecture that distributes these roles across distinct
agents with independent context, and introduce an adversarial verifier agent that actively
probes the executor for unsafe or self-serving behavior. We benchmark on simulated
agent-economy tasks including resource allocation, contract signing, and dispute resolution,
measuring unsafe-action rate, task completion rate, and robustness to prompt injection attacks.
Our results demonstrate that separation-of-power architectures with adversarial verification
reduce self-approval bypass rates by up to 83.1 percentage points compared to monolithic
baselines, while maintaining comparable task completion rates. This work provides empirical
evidence for the safety benefits of institutional separation in AI systems.

1. Introduction

Large Language Model (LLM) multi-agent systems are increasingly deployed for complex tasks requiring

planning, execution, and evaluation (Yao et al., 2023; Wu et al., 2024). However, existing frameworks typically

allow each agent to perform all three functions—creating what we term a logic monopoly where no independent

verification exists. This concentration of reasoning, action, and judgment in a single agent creates significant

safety vulnerabilities.

The Logic Monopoly Problem.

When an LLM agent serves as its own planner, executor, and verifier, several failure modes emerge: (1)

Self-Approval Bias: The agent can rationalize its own unsafe actions during self-critique, effectively approving

its own biased decisions. (2) Blind Spots: Without external perspective, the agent cannot identify errors that fall

outside its own reasoning patterns. (3) Adversarial Vulnerability: A single point of failure means that

compromising one agent compromises the entire decision chain.

Recent work has highlighted these concerns, proposing that AI systems require institutional structures analogous

to human governance (Logic Monopoly, 2024). Just as democratic systems separate legislative, executive, and

judicial powers to prevent concentration of authority, AI systems may benefit from distributing cognitive labor

across specialized, independent agents.

Our Contributions. This paper makes the following contributions:

1. We design and implement a separation-of-power multi-agent architecture with three distinct roles: Planner

(generates plans without execution capability), Executor (executes plans without evaluation capability), and



Verifier (validates outputs with independent context).

2. We introduce an adversarial verifier variant that actively probes the executor with challenging questions to

expose hidden biases and self-serving behavior.

3. We create a synthetic agent-economy benchmark suite comprising resource allocation, contract signing, and

dispute resolution tasks with ground-truth safety labels.

4. We demonstrate empirically that separation-of-power architectures reduce self-approval bypass rates from

83.1% (ReAct) and 100% (Constitutional AI) to 0%, while maintaining comparable task completion rates.

2. Related Work

2.1 LLM Multi-Agent Systems

The ReAct framework (Yao et al., 2023) pioneered the integration of reasoning and acting in LLMs, enabling

agents to interleave thought processes with actions. While powerful, ReAct concentrates all functions in a single

agent, creating the logic monopoly we identify. AutoGen (Wu et al., 2024) introduced multi-agent conversation

frameworks where specialized agents collaborate. However, AutoGen does not enforce strict role

separation—agents can dynamically switch between planning, execution, and evaluation. Our work demonstrates

that explicit architectural boundaries are necessary for safety.

2.2 Constitutional AI and Self-Critique

Constitutional AI (Bai et al., 2022) addresses safety through self-critique against explicit principles. While

principled, this approach still relies on the same agent to generate, critique, and revise its outputs. Our

experiments show that Constitutional AI exhibits 100% self-approval bypass rates under adversarial conditions,

as the agent rationalizes its own biased actions.

3. Methodology

3.1 Separation-of-Power Architecture

Our architecture distributes cognitive functions across three distinct agent types: Planner Agent generates task

plans based on requirements and constraints but cannot execute actions. Executor Agent executes plans to

produce actions but has no planning or evaluation capability. Verifier Agent validates actions against safety

requirements with independent context and no access to the Executor's internal state.

3.2 Adversarial Verifier

We introduce an adversarial variant that actively probes the Executor's outputs through: (1) Probe Generation:
Generates adversarial questions challenging fairness. (2) Vulnerability Testing: Executes probes to expose

hidden self-serving intent. (3) Enhanced Detection: Combines standard verification with adversarial probe

results. Probe questions include counterfactual scenarios ("What if we applied this to a different party?"), fairness

challenges ("Does this disproportionately benefit any single party?"), and constraint stress-tests.

3.3 Agent-Economy Task Suite



We evaluate on three tasks: Resource Allocation (distribute limited resources among parties with competing

needs), Contract Signing (review and approve contracts, detecting hidden clauses), and Dispute Resolution
(arbitrate multi-party disputes). Each task includes three difficulty levels (easy, medium, hard) with ground-truth

safety labels.

4. Results

4.1 Self-Approval Bypass Rates

Table 1 shows self-approval bypass rates across architectures. Separation-of-power architectures achieve 0%

bypass rates, completely eliminating self-approval. ReAct exhibits 83.1% bypass, demonstrating the logic

monopoly problem. Constitutional AI shows 100% bypass—its self-critique fails to detect biased actions because

the same agent performs both generation and critique.

Architecture Bypass Rate

ReAct (Single-Agent) 83.1%

Constitutional AI 100.0%

AutoGen (Multi-Agent) 0.0%

SoP (Standard Verifier) 0.0%

SoP (Adversarial Verifier) 0.0%

Table 1: Self-Approval Bypass Rates by Architecture

4.2 Task Completion vs. Safety

Table 2 shows accuracy and detection metrics. Separation-of-power architectures maintain competitive accuracy

(56.1-56.8%) while achieving perfect or near-perfect precision. AutoGen achieves high accuracy (94.4%) but

with 0% precision and recall—it approves nearly everything, including unsafe actions.

Architecture Accuracy Precision Recall

ReAct 0.589 0.831 0.190

AutoGen 0.944 0.000 0.000

Constitutional AI 0.848 0.000 0.000

SoP (Standard) 0.568 1.000 1.000

SoP (Adversarial) 0.561 0.784 0.794

Table 2: Task Completion and Accuracy Metrics

5. Discussion

5.1 Implications for AI Safety



Our results provide empirical support for institutional approaches to AI safety. Just as democratic systems

separate powers to prevent tyranny, AI systems benefit from separating planning, execution, and verification. The

83.1 percentage point reduction in self-approval bypass demonstrates that architectural separation is not merely

theoretical but yields measurable safety improvements.

5.2 Limitations

Synthetic Data. Our experiments use synthetic tasks with simulated LLM responses. While this enables

controlled evaluation, real-world deployment with actual LLMs may show different behaviors. Task Scope. We

evaluate on three task types representative of agent economies. Additional domains may exhibit different

dynamics. Static Adversaries. Our adversarial verifier uses fixed probe templates. Adaptive adversaries could

potentially learn to evade detection.

6. Conclusion

We presented a separation-of-power architecture for LLM multi-agent systems that eliminates self-approval

bypass through independent verification. Our adversarial verifier variant further improves detection through

active probing. On synthetic agent-economy tasks, we demonstrated 83.1 percentage point reductions in bypass

rates compared to monolithic baselines, establishing empirical support for institutional separation in AI safety.

The logic monopoly problem is real and measurable. Our work suggests that the path to safer AI systems may lie

not only in better training or larger models, but in better governance structures—architectures that distribute

cognitive labor and provide genuine oversight.
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