
In today’s increasingly automated customer service landscape, voice agents handle more complex verification tasks
than ever before. Whether it’s confirming flight changes for Air Canada passengers or managing policy inquiries
for insurance claims, the success of these systems hinges on robust risk tiering strategies. Leading companies like
Suprmind leverage advanced AI technologies—including OpenAI’s frameworks and tools such as retrieval-
augmented generation (RAG), speech-to-text, and text-to-speech pipelines—to create layered defense
mechanisms that minimize errors and protect both customers and organizations.

This blog post breaks down effective risk tiers for voice agent verification, highlighting critical failure points and the
importance of hygiene in knowledge bases. We’ll also discuss real-time tools as sources of truth for customer-
specific facts, and the necessity of high-precision entity confirmation and readback. Our focus keywords
throughout are low, medium, high claims, policy vs balances, and commitments and dates—core themes for
meaningful voice verification.

Understanding the Seven Failure Points in Voice Agent Verification
When designing suprmind.ai voice agents, it’s crucial to acknowledge common failure points where verification can
falter. Suprmind’s work in voice agent deployments highlights these seven areas:

1. Speech Recognition Errors: Misinterpretation of spoken words due to noise, accents, or poorly trained
speech-to-text models.

2. Entity Extraction Failures: Incorrectly identifying key data like policy numbers, claim IDs, or dates.

3. Knowledge Base Staleness: Using outdated or incomplete information sets, causing mismatches in
responses.

4. RAG Limitations: Retrieval-augmented generation models may hallucinate or produce confident but false
answers if their knowledge retrieval is imperfect.

5. Context Switching Issues: Mishandling multi-turn dialogues, resulting in dropped or misconstrued user
intent.

6. Live Customer Data Integration Failures: Problems syncing real-time account balances, commitments, or
policy changes.

7. Confirmation and Readback Errors: Poorly designed confirmation prompts that fail to detect or correct
mistakes.

Each failure point requires distinct mitigation strategies, best grouped by risk tier.

The Role of RAG and Knowledge Base Hygiene
Retrieval-augmented generation (RAG) has revolutionized voice agents by enabling them to access large, dynamic
knowledge bases. However, as OpenAI research confirms, the effectiveness of RAG depends heavily on how well
the knowledge base is maintained.

Limitations of RAG: Despite leveraging vast data, RAG models can still produce “hallucinated” information—
outputs not grounded in the knowledge base.

Knowledge Base Hygiene: Regular updates, pruning obsolete data, and adding new documents ensure
factual retrieval. Without this, verification accuracy plummets.

Integration with Live Data: Static knowledge can’t capture real-time status changes relevant to customer
accounts, such as payments made or balance adjustments.

https://suprmind.ai/hub/insights/voice-ai-hallucinations/


By combining RAG with live data systems, voice agents can better verify critical facts—moving beyond scripted
responses and brittle FAQs.

Live Tools as a Source of Truth for Customer-Specific Facts
Real-time data is the ultimate "source of truth" for personalized verification. Consider Air Canada’s voice agent,
which must confirm flight status, ticket changes, and refunds accurately:

Account Integrations: Live CRM and booking systems feed up-to-date info into the voice pipeline.

Dynamic Confirmation: Voice agents use speech-to-text to capture info, cross-check with back-end systems
via APIs, then revoice it for user confirmation using text-to-speech.

Handling High-Risk Claims: For claims involving large balances or critical commitments, the system requires
multi-factor confirmation and escalation protocols.

This layered approach drastically reduces errors in policy vs balances disputes or commitments and dates
verification.

High-Precision Entity Confirmation and Readback
One surefire way to minimize verification risks is through rigorous entity confirmation—and closely related,
readback mechanisms. Here’s how to design these for each risk tier:

Risk Tier Verification Strategy Examples (Claims Focus) Readback Protocol Low Single entity confirmation, standard
speech-to-text confidence checks Low-dollar claims, simple policy queries (e.g., deductible amounts) Agent reads
back key info once, waits for user confirmation (“Is that correct?”) Medium Multi-entity confirmation, cross-check
with live databases Mid-value claims, disputes about policy dates or coverage limits Agent repeats info twice with
minor rephrasings, asks for verbal confirmation, recognizes negative or ambiguous responses for escalation High
Multi-factor verification including PINs or security Q&A, integration of text-to-speech with forced-choice
confirmations High-value claims, changes to payment commitments, balance transfers Agent performs readback
plus forced numeric input (e.g., “Please say 'yes' or enter your PIN”), escalates if data mismatch detected

At Suprmind, the use of real telephony audio snippets to create evaluation suites ensures voice agents handle
these readbacks naturally and effectively, reducing the risk of misconfirmation.

Designing Risk Tiers: Low, Medium, and High Claims
Voice agent verification works best when claims and interactions are segmented based on inherent risk, each tier
demanding different confirmation rigor. Below is a concise breakdown:

Low Risk Claims: Routine balances or policy clarifications. Verification involves quick checks and
confirmations, leveraging speech-to-text pipelines with fallback prompts.

Medium Risk Claims: Requires multi-entity validation, such as confirming claim dates against policy effective
periods or reconciling partial payments. RAG tools assist here but must be supplemented with live database
queries.

High Risk Claims: Large payout claims, changes in policy commitments, or date-sensitive adjustments. These
demands high-precision confirmation, multi-factor authentication, and clearly designed voice-agent handoffs
to human agents.

Balancing Policy Versus Balances and Commitments and Dates



While policy rules define allowable claims and entitlements, balances and commitments are dynamic account facts.
Voice agents must treat these differently to reduce verification risk:

Policy-Based Questions: Usually low to medium risk, as these relate to standardized rules. RAG models
thrive here if knowledge bases are fresh.

Balances and Commitments: High-risk territory since these fluctuate. Only live tools can reliably confirm
current amounts or payment due dates.

Dates and Time-Sensitive Commitments: Especially challenging, given potential timezone, date format
differences, and conversational ambiguities. Robust date-parsing and confirmation are essential.

Air Canada’s voice system, for instance, must distinguish between ticket change policies and real-time seat
availability, requiring these tailored verification pathways.

Conclusion
Effective voice agent verification is not one-size-fits-all. Companies like Suprmind and Air Canada demonstrate
that defining low, medium, and high risk tiers aligned with claims value and query complexity is essential.
Employing RAG-powered knowledge bases combined with live data pipelines ensures agents can truthfully verify
customer facts without over-relying on fragile prompts. High-precision entity confirmation and readback protocols
cap off a rigorous verification framework.

By thoughtfully balancing policy vs balances, and commitments and dates, voice agents can reduce error rates and
improve customer trust—transforming automated verification from a liability into a strategic asset.

What is the source of truth for your voice agent’s verification model today? Understanding this should be your
first step towards building dependable, tiered risk verification.
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