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Agentic AI Has a Trust Problem. 
Systemic Governance Is the 

Missing Layer. 

A comprehensive guide to why orchestration frameworks can't solve the reliability 
problem—and what enterprises need instead. 

Executive Summary 
Agentic AI—autonomous systems that chain multiple LLM calls, invoke tools, and 
make decisions without human intervention—represents the next frontier of 
enterprise automation. Frameworks like LangChain, AutoGPT, CrewAI, and 
Microsoft AutoGen have made it remarkably easy to build sophisticated AI 
workflows. 

But there's a fundamental problem: these architectures amplify the trust and 
reliability issues inherent in LLMs rather than solving them. 

Every chained call compounds variance. Every autonomous decision adds opacity. 
Every tool invocation introduces new failure modes. The result is systems that work 
impressively in demos but behave unpredictably in production—and that cannot be 
audited, reproduced, or defended when something goes wrong. 

This isn't a guardrails problem. It's an architecture problem. And the solution isn't 
better content filtering—it's systemic governance: deterministic validation built 
into the execution path, not wrapped around it. 

This article explains why the current approach to agentic AI governance is 
fundamentally inadequate, what regulated industries actually need, and how to 
evaluate solutions that can make autonomous AI deployable where it matters. 

The Rise of Agentic AI 

What Are Agentic Architectures? 
Agentic AI refers to systems where large language models operate autonomously 
across multiple steps, making decisions, invoking tools, and chaining outputs to 
inputs without continuous human oversight. Unlike simple chatbots that respond to 
single prompts, agents can: 

• Plan and execute multi-step tasks: Research a topic, synthesize findings, 
draft a report, and send it to stakeholders 

• Use external tools: Search the web, execute code, query databases, call 
APIs 

• Make autonomous decisions: Choose which tools to use, determine when 
a task is complete, handle errors and retry 
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• Coordinate with other agents: Delegate subtasks, aggregate results, 
resolve conflicts 

Framework Description Primary Use Case 
LangChain / 
LangGraph 

Most popular orchestration framework General-purpose agents 

AutoGPT / BabyAGI Fully autonomous agents that set own 
goals 

Open-ended task 
completion 

CrewAI Multi-agent collaboration with defined 
roles 

Team-based workflows 

Microsoft AutoGen Enterprise multi-agent framework Enterprise automation 
OpenAI Assistants 
API 

Managed agent runtime with tools Rapid prototyping 

 

Why Enterprises Are Excited 
The appeal is obvious. Agentic AI promises to automate complex cognitive workflows 
that previously required human judgment at every step. A legal research agent can 
analyze case law, identify relevant precedents, and draft preliminary arguments. A 
financial analysis agent can gather market data, run models, and generate 
investment recommendations. 

The productivity implications are enormous. Early adopters report 10x 
improvements in throughput for certain workflows. The demos are genuinely 
impressive—watching an agent autonomously complete a complex task feels like a 
glimpse of the future. 

But demos aren't deployments. And for regulated industries—healthcare, finance, 
legal, government—the gap between "impressive demo" and "production-ready 
system" is vast. 
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The Fundamental Problem: Compounding Variance 

The Math of Unreliability 
Every LLM call introduces variance. This isn't a bug—it's how these models work. 
Temperature settings, sampling methods, the stochastic nature of token generation. 
Even with temperature set to zero, you cannot guarantee identical outputs across 
runs due to floating-point non-determinism, batching effects, and model versioning. 

For a single LLM call, this variance is often acceptable. The problem emerges 
when you chain multiple calls together. 

Consider a simple 5-step agent workflow where each LLM call has a 95% probability 
of producing the "expected" output: 

5 steps: P = 0.95⁵ = 77% 
10 steps: P = 0.95¹⁰ = 60% 
20 steps: P = 0.95²⁰ = 36% 

The more capable you make the agent, the less reliable it becomes. 
Variance compounds multiplicatively, not additively. And these calculations assume 
independence between steps—an optimistic assumption. 

The Five Trust Failures 

1. Hallucination Propagation 
In a single-turn chatbot, a hallucination is contained. In an agentic system, a 
hallucination in step 2 becomes an input to step 3. The agent builds on it as if it were 
true. By step 5, you have a coherent, confident output constructed on a fabricated 
foundation. 

2. Reasoning Opacity 
Agents make decisions: which tool to use, what query to run, how to interpret 
ambiguous results. Logs can capture what prompts were sent, but they cannot 
explain why the agent chose path A over path B. 

3. Non-Reproducibility 
Run the same input through an agentic system twice. Get different outputs. Different 
tool calls. Possibly different conclusions. For a system making medical 
recommendations or financial decisions, this is disqualifying. 

4. Guardrail Bypass 
Guardrails are typically implemented as additional LLM calls. You're using a non-
deterministic system to verify another non-deterministic system. Worse, 
sophisticated agents can inadvertently rephrase outputs to evade filters. 

5. Audit Trail Inadequacy 
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Logs show what happened. But logs cannot prove what was verified. They cannot 
demonstrate that specific safety checks were applied and passed. They cannot 
provide cryptographic evidence that the audit trail itself hasn't been modified. 
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The Guardrails Fallacy 

Why "Just Add Guardrails" Doesn't Work 
The instinctive response to these problems is to add more guardrails. More filters. 
More checks. This approach has three fundamental flaws: 

First, guardrails add latency and cost. Every additional LLM-based check 
increases response time and API spend. Teams end up choosing between safety and 
performance. 
Second, guardrails don't solve non-determinism. A guardrail that passes 
today might fail tomorrow on identical input. You haven't eliminated variance; 
you've added another layer of it. 
Third, guardrails produce verdicts, not proof. A guardrail can flag or pass an 
output. It cannot produce cryptographic evidence of what was checked, when, and 
why. 

What You Usually Don't Have 
Even with comprehensive guardrails, organizations typically lack: 

• Proof of what was actually checked—not just that a check was configured 
• Evidence that the check was applied correctly 
• Reproducibility —the ability to run the exact same input and get the exact 

same verification 
• Cryptographic verification —tamper-proof evidence an auditor can trust 

When a regulator asks "prove this system didn't hallucinate on March 15th," 
guardrails give you a log file. That's not proof. That's hope with timestamps. 

Bolt-On Governance vs. Systemic Governance 

The Core Distinction 
In agentic systems today, governance is ornamental, not architectural. It's bolted on 
after the system is built. It's content filtering wrapped around generation. The agent 
does its thing, and then we check whether the output seems okay. 

What regulated industries need is systemic governance—governance that lives 
inside the execution path, not around it. Built in, not bolted on. 

What Systemic Governance Means 
Systemic, deterministic governance has four defining characteristics: 

1. Built Into the Execution Path: Every output passes through validation 
before it can propagate. The validation is part of the architecture, not an add-
on. 

2. Mechanical Verification: Validation uses deterministic methods: pinned 
model versions, controlled inference parameters, reproducible evaluation. 
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3. Cryptographic Proof: Every validated output produces a Proof-Carrying 
Decision (PCD)—signed, timestamped, tamper-evident. 

4. Reproducibility by Design: Any decision can be replayed. Same inputs, 
same policy, same result with same proof. 
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Orchestration vs. Governance: The Complete 
Architecture 

Two Problems, Two Solutions 
Agentic frameworks solve the orchestration problem brilliantly. What they don't 
solve is the trust problem. A complete agentic architecture needs both: 

Orchestration (LangChain, etc.) Systemic Governance 
Chain LLM calls together Validate each step before propagation 
Invoke tools and APIs Prove what was checked and when 
Manage conversation state Ensure reproducibility on replay 
Coordinate multiple agents Produce tamper-proof audit evidence 

 

Completes, Not Competes 
Systemic governance completes agentic architectures—it doesn't 
compete with them. You can build your agent with LangChain, CrewAI, or any 
framework you choose. Systemic governance wraps around your agent to provide the 
trust layer that orchestration frameworks don't offer. 

Think of it like building codes for construction. You can use any architectural style, 
any materials, any contractor. But if you want the building to be occupiable, it needs 
to pass inspection. The inspection doesn't replace the architecture—it validates that 
the architecture meets safety requirements. 

Industry-Specific Implications 

Healthcare 
The Stakes: AI systems making clinical recommendations can cause direct patient 
harm if they hallucinate. What Systemic Governance Provides: Every clinical 
recommendation carries cryptographic proof that it was validated against relevant 
guidelines. 

Financial Services 
The Stakes: AI systems operate under strict fiduciary duty and regulatory 
oversight. What Systemic Governance Provides: Every recommendation 
includes proof of what factors were considered and that the output complies with 
regulations. 

Legal 
The Stakes: Lawyers remain responsible for AI-assisted work product. "The AI 
hallucinated" is not a defense to malpractice. What Systemic Governance 
Provides: Proof of what sources were consulted and what verification was 
performed. 



FERZ — Systemic AI Governance 

Page 8 of 10 

Government 
The Stakes: Administrative law requires that decisions be explainable and subject 
to review. What Systemic Governance Provides: Complete audit trail with 
cryptographic proof that citizens can request. 
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The Regulatory Wave 
The regulatory forcing functions for AI governance are not hypothetical—they're here 
now: 

• EU AI Act begins taking effect in 2025, with high-risk obligations phasing in 
over 2-3 years. Article 14 requires human oversight; Article 17 mandates 
quality management systems. 

• FDA guidance on AI/ML in medical devices emphasizes documented 
validation, ongoing monitoring, and the ability to explain and reproduce AI 
outputs. 

• SEC and FINRA have issued guidance on AI use in trading and advisory 
services. Firms must be able to explain and defend AI-generated 
recommendations. 

• State Attorneys General have opened investigations into AI harms. "We 
had guardrails" is not proving to be an effective defense. 

Enterprises building agentic AI today will face these requirements within 12-24 
months. The organizations that treat governance as architectural will be ready. The 
ones who bolted it on as an afterthought will be scrambling to retrofit. 

Evaluating Solutions: What to Look For 
When evaluating governance solutions for agentic AI, look for: 

1. Deterministic Validation: The governance layer must be deterministic. 
Same input = same validation result, every time. 

2. Cryptographic Proof: Validation results captured in tamper-evident 
artifacts that can be independently verified. 

3. Reproducibility: Any decision can be replayed given the same inputs and 
configuration. 

4. Integration Architecture: Must integrate with existing frameworks 
without requiring complete rebuilds. 

5. Policy Flexibility: Different industries and use cases require different 
governance policies. 

6. Audit Trail Completeness: Everything an auditor needs: inputs, outputs, 
validation results, policy versions, timestamps. 

The Path Forward 
The AI industry needs to stop conflating orchestration and governance. They solve 
different problems. Both are necessary. Neither is sufficient alone. 

Orchestration is how you build autonomous AI. Systemic governance is how 
you deploy it. 

Without systemic governance, agentic AI remains impressive but undeployable in 
any environment where mistakes have consequences. Healthcare systems can't use 
agents that might hallucinate. Financial institutions can't deploy agents that can't be 
audited. 
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The companies and organizations that solve this problem—that complete the agentic 
architecture with systemic governance—will unlock massive value. They'll be able to 
deploy autonomous AI in contexts that are currently off-limits. 

That's what's missing. And that's what we're building. 

 

About FERZ 
FERZ is building deterministic AI governance infrastructure for regulated 
industries—runtime validation, cryptographic proof, and reproducible AI decisions. 
Founded by Edward Meyman, with 20+ years of federal IT and automation 
leadership experience. Multiple patents pending in AI governance methodology. 
Learn more: https://ferz.ai/ 
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