Decision memos are the backbone of high-stakes workflows—from legal due diligence and investing to complex
research analysis. These documents synthesize data into actionable insights, often under tight timelines, making
accuracy and reliability paramount. In recent years, large language models (LLMs) have become indispensable
tools for accelerating memo drafting. But relying on a single model introduces risks that are often underestimated.
This post explores the biggest downside of depending on one model for a decision memo, dissecting the black
box problem, the threat of hallucinations, and inherent biases. We'll reference cutting-edge tools like Im-
evaluation-harness and Auditfyy, and consider multi-model workflows powered by fact-checkers like Adjudicator,

alongside context management innovations such as Context Fabric and Knowledge Graphs.

The Promise and Peril of Large Language Models in Decision Memos

Large language models have revolutionized how we gather and synthesize information. By fine-tuning and
prompting LLMs, research teams can draft sections of memos that previously required hours of manual labor.
However, these models remain black boxes: opaque systems whose reasoning pathways aren't easily interpretable.

This presents a critical challenge in workflows where decisions carry significant legal, financial, or reputational risk.

The black box problem refers to the fact that the internal decision processes of LLMs aren't transparent to

users. You get the output (text) without a clear explanation of how or why the model generated it. This opacity

masks potential errors and biases.

Hallucinations — A Persistent Threat

One of the most problematic aspects of single-model reliance is the prevalence of hallucinations. These are
instances where the model generates confidently wrong or fabricated information. In a decision memo—say,
assessing regulatory risks of an investment—an unchallenged hallucination can mislead stakeholders and have

catastrophic outcomes.

For example, an LLM might fabricate a legal precedent or misattribute a quotation. Because the user sees the

output as polished prose, they might inadvertently track the hallucinated data into executive decisions.

Inherent Biases Amplify Risk



Another critical downside is inheriting the inherent biases baked into any single model. Every LLM is trained on a
snapshot of internet and curated datasets, containing cultural, ideological, and topical biases. These biases can

skew recommendations or emphasize certain perspectives unfairly.

This is particularly dangerous when the memo needs to be objective and balanced—Ilike in due diligence or

compliance assessments. Over-reliance on one model propagates its blind spots without checks and balances.

Why the Multi-Model Debate Matters

Scholars and practitioners increasingly advocate for a multi-model approach to mitigate hallucinations, biases, and
black box risks. Tools like the Im-evaluation-harness enable evaluation across numerous LLMs, benchmarking
strengths and failure modes. This harness helps organizations compare models not just on accuracy but also on

hallucination rates and types of errors.

Running multiple models in parallel—often called an ensemble—forces outputs to be cross-checked. Discrepancies

become flags that prompt further human or automated review. For example:
® Cross-verifying factual claims: If one model hallucinates a legal case but others don't mention it, the claim
is suspect.
¢ Diversity of perspectives: Different training data lead models to highlight different risks or opportunities.
* Robustness: Multi-model setups are less brittle and less prone to repeated mistakes based on a single

training bias.

However, integrating multiple LLMs into a workflow poses challenges—cost, speed, and complexity increase. That's

where tools like Auditfyy come into play.

Auditfyy: Automated Multi-Model Fact Checking and Auditing

Auditfyy is designed to address decision-critical workflows by automating fact checking across models and
sources. It can run an “adjudicator pass” that compares outputs from multiple LLMs, flagging divergent or

unsupported assertions. Below is an example workflow pattern:

1. Boardroom Pass: Generate a preliminary memo draft using standard prompts on a primary LLM.

2. Adjudicator Pass: Run the same prompts across several models via Auditfyy, then compare key factual

claims.

3. Flagging & Review: Automatically flag hallucinations or unsupported claims, providing references or notes.

This kind of system significantly reduces the risk of unvetted hallucinations slipping into final memos, protecting

high-stakes decisions.

Persistent Context: The Role of Context Fabric and Knowledge Graphs

Another major limitation of single-model reliance is fragmented or ephemeral context. Models process tokens in
limited windows—they don’t have persistent memory of the entire project or past deliberations. This increases the

risk of inconsistent, contradictory, or diluted information over memo iterations.

Emerging tools like Context Fabric enable persistent, structured context across sessions, integrating prior
decisions, references, and annotations. When combined with Knowledge Graphs, which organize facts and

relationships for rapid querying, the memo drafting process becomes more robust and auditable.



For example, by linking entities (companies, people, regulations) in a knowledge graph, LLMs can be prompted
with current and historical context—such as known biases, prior flagged hallucinations, or unresolved utilo

disputes. This reduces the risk that a single model will hallucinate or reproduce contradictory claims.

Summary Table: Single Model vs. Multi-Model in Decision Memo
Workflows

Aspect Single Model Multi-Model (with Auditfyy/Adjudicator) Black Box Opacity High — no cross-check Reduced
— discrepancies highlighted Hallucination Risk High — unchecked fabrications Lower — flagged via adjudication
Bias Amplification High — no diversity of perspectives Lower — impacts diluted through ensemble Cost &
Complexity Lower — single LLM Higher — multiple models & orchestration Context Management Limited by
token window Enhanced by Context Fabric & Knowledge Graphs Auditability Poor — single source of truth lacking

explanation Good — verifiable claims & provenance

What Would | Paste Into a Decision Memo?

From the perspective of a 12-year research ops lead turned product analyst, the key takeaways to embed into a

decision memo on this topic are:

* Relying solely on one LLM entails significant risk of inaccurate or biased outputs due to the black

box nature and hallucinations.

¢ Multi-model approaches, facilitated by evaluation tools like Im-evaluation-harness and audit

platforms like Auditfyy, reduce these risks through cross-validation and adjudication.

* High-stakes workflows such as legal due diligence and investing demand robust fact-checking

mechanisms—tools like Adjudicator provide automated verification layers.

* Persistent, structured context via Context Fabric and Knowledge Graphs provisions continuity,

reducing inconsistency and enabling traceability of decisions over time.

Adopting these practices leads to more reliable, auditable decision memos that stand up to critical scrutiny.

Final Thoughts


https://utilo.io/tools/zck6rjuuo8g9yypd1944zo68

The biggest downside of relying on a single model for decision memos is the compounded risk of unexposed
errors—hallucinations and biases hidden behind a black box. Given the high stakes, organizations should resist the

allure of a simplistic, single-LLM workflow. Instead, embracing multi-model auditability and persistent context
management provides a more rigorous foundation.

As Al tools mature, expect more seamless integrations that minimize complexity while maximizing trustworthiness.
For now, combining human expertise with multi-model adjudication and context scaffolding is the most reliable

path to decision memos that decision-makers can confidently rely on.



