In the rapidly evolving world of Al-assisted decision-making, business leaders and auditors alike face a common
challenge: how to trust and verify the outputs generated by multiple chatbot models? A common but flawed tactic
is to simply average the answers generated by two or more Al chatbots in hopes of arriving at a more “accurate”
consensus. However, this approach overlooks a critical concept known as Disagreement-Driven Contrastive

Interpretation (DCl), which harnesses model disagreement as a valuable audit signal and source of useful friction.

This post will explore why DCl is superior to naive averaging, how it contributes to audit-ready Al systems, and
why provenance and traceability to source documents are essential for true reconciliation of model outputs. We
will also analyze variance across runs and across models, and why averaging hides these vital insights rather than

surfaces them for due diligence.

Why Averaging Answers from Two Chatbots Falls Short

It might feel intuitive to average two chatbot responses as a shortcut to consensus, but this method

fundamentally fails the audit and due diligence perspectives:

* Masking Disagreements: Averaging smooths out differences that can indicate uncertainty, contradictory

evidence, or gaps in knowledge sets.

* No Provenance Tracking: It does not inherently link the resulting “average” answer back to source

documents or data, making traceability impossible.

* Ignoring Run Variance: Averaging ignores how repeated runs of the same model could yield different

answers due to stochastic elements.

* Undermines Reconciliation: Averaging sidesteps the reconciliation process — a fundamental step in audit-

ready workflows to understand why outputs differ, not just what they are.

Example: Averaging vs Disagreement

Question Chatbot A Answer Chatbot B Answer Averaged Response Insight Lost by Averaging Projected Revenue
Growth (3 Years) 8% CAGR based on Q3 filings and market analysis 5% CAGR discounting regulatory risks in same
reports 6.5% CAGR (simple average) Overlooks critical regulatory risk assumptions weighted by Chatbot B

In this simplified example, averaging dilutes important risk signals. Understanding why models differ enables more

nuanced strategic decisions and targeted auditing of assumptions.

Disagreement-Driven Contrastive Interpretation (DCI) as an Audit
Signal

DClI is a structured methodology for leveraging model disagreement to generate useful friction — a spark for

deeper investigation and improved confidence through reconciliation:

¢ Highlighting Conflicts: Instead of hiding divergences, DCI explicitly captures them as a signal that flags
specific areas for scrutiny.

* Contrastive Questions: DC| poses focused contrastive questions such as Why did Chatbot A estimate
growth at 8% while Chatbot B's was 5%? This triggers targeted audit workflows.

* Traceability to Source Documents: DC| workflows automatically track which inputs, datasets, or documents

each model cited to produce its answer.



* Facilitating Reconciliation: This approach enables analysts and auditors to document resolved

disagreements or escalate unresolved ones rather than ignoring or averaging them away.

¢ Continuous Improvement: DCI also feeds back into training data updates and prompt engineering by

identifying consistent disagreement patterns.

DCI Workflow in Action

1. Generate Answers: Run multiple chatbot models against the same query.
. Identify Disagreements: Automatically detect where outputs meaningfully diverge beyond routine variation.

. Map to Provenance: Link each answer to the specific source documents or data citations that informed it.

AW

. Pose Contrastive Queries: Formulate questions like “Which source leads to the difference in projected

growth rates?”

5. Collaborate & Reconcile: Business analysts and auditors jointly resolve difference through additional

research or queries.

6. Document Outcome: Record how disagreements were addressed and update assumptions, ensuring audit

trail completeness.

This structured approach directly contrasts with the opacity introduced by naive averaging.

Provenance and Traceability: The Backbone of Audit-Ready Al

Even when multiple models produce different answers, reconciliation is impossible without clear provenance — the

ability to trace each response back to its factual or data sources. From an audit and due diligence perspective,

provenance enables:

* Transparency: Auditors can verify that models relied on valid, relevant, and current documents or datasets

for their outputs.

* Accountability: Stakeholders determine if models used information aligned with company policies and

compliance boundaries.
* Reproducibility: Analysts can reproduce outputs by reviewing and reprocessing the documented inputs.

¢ Dispute Resolution: Enables drill-down investigation when outputs conflict or are questioned.



Without provenance metadata, Al outputs amount to unusable black-box answers that provide no effective audit

trail.

Variance Across Runs and Models: Why It Matters

It's operationally important to understand how results vary not only across different models but also from run to

run of the same travispyuj085.raidersfanteamshop.com model:

* Stochastic Effects: Models like large language models use probabilistic sampling, which can cause answer

variability each time they run the same query.

¢ Model Architecture and Training Data Variance: Different models may encode different biases,
assumptions, or knowledge cutoffs producing divergent responses.

¢ Detection of Fragility: High variance signals that answers are sensitive to minor input or internal state
changes, highlighting areas needing better prompt design or data augmentation.

¢ Identification of Reliable Signals: Low variance answers can be treated with greater confidence, increasing

trust.

Averaging multiple runs or model outputs obscures this critical signal by blending away high variance and making
all outputs appear overly confident. DCI, by preserving and highlighting variance and disagreement, provides a

more realistic picture of model reliability.

Best Practices for Implementing Audit-Ready Al with DCI

Firms aiming for responsible Al adoption and robust audit-readiness should deploy DCl-inspired workflows with

these guidelines:

1. Incorporate Multiple Models: Use complementary Al architectures or vendors to expose divergent

perspectives.

2. Automate Disagreement Detection: Implement tools to flag outputs beyond confidence thresholds or

semantic divergence.

3. Strict Provenance Tracking: Enforce extraction and logging of citations, document versions, and data

snapshots.

4. Human-in-the-Loop Reconciliation: Facilitate review panels combining auditors, domain experts, and data

scientists to interpret disagreements.

5. Maintain Audit Trail: Record all decisions, assumptions reconciliations, and final consensus records for

compliance and knowledge transfer.

6. Review Variance Metrics: Monitor per-query variance across runs and models as a key performance and

reliability indicator.

These practices transform model disagreement from a problem into an asset for rigorous Al governance.

Conclusion

Naively averaging two chatbot answers may seem like a quick fix but dangerously glosses over vital signals of
uncertainty, risk, and data provenance essential for audit readiness. Instead, Disagreement-Driven Contrastive
Interpretation (DCI) offers a principled, workflow-driven approach that embraces model disagreement as useful

friction to trigger reconciliation, auditing, and continuous Al improvement.


https://travispyuj085.raidersfanteamshop.com/the-disagreement-correction-index-turning-ai-friction-into-audit-ready-signal

By enforcing traceability, capturing run and model variance, and elevating human judgment in the loop, DCI

underpins transparency and accountability in Al-assisted decision-making — transforming black-box chatbot

outputs into trusted, auditable insights.

For organizations serious about embedding Al responsibly in their core business processes, abandoning naive

averaging in favor of DCl is a strategic imperative.



