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1. Purpose and Scope

This framework describes how | evaluate, monitor, and govern Al models in enterprise
products, with a focus on large language models and retrieval augmented generation
systems. It is aligned with current standards and guidance, including the NIST Al Risk
Management Framework and its generative Al profile, which emphasize test, evaluation,
verification, and validation throughout the lifecycle, and ongoing measurement of
trustworthiness characteristics such as validity, reliability, safety, security, privacy, and
fairness.

It is also consistent with ISO/IEC 42001, the emerging international standard for Al
management systems that calls for structured governance, risk management, and
continuous improvement across the Al lifecycle. For organizations operating in or serving
Europe, this approach anticipates requirements from the EU Al Act, which imposes
obligations on providers and deployers of high risk and systemic risk Al systems,
including model evaluation, logging, monitoring, adversarial testing, and incident
reporting.

The goal is simple. Turn Al from an opaque capability into a system whose behavior is
measured, governed, and continuously improved, in a way that regulators, auditors,
engineers, and users can understand.

2. Guiding Principles

1. Evaluation is not a one time event. It is a continuous process that spans design,
development, deployment, and operations.

2. Every model is considered unreliable until proven otherwise on realistic, domain
specific tasks.
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3. Offline and online evaluation must reflect real risk and value, not only benchmark
performance.

4. Monitoring is part of product design, not an afterthought. You design the telemetry,
alerts, and playbooks along with the user experience.

5. Responsible Al is operational. It lives in datasets, metrics, thresholds, guardrails,
and governance decisions, not only in principles documents.

3. Lifecycle View

| use a three layer lifecycle for model behavior:

1. Evaluation, before and during deployment.
2. Monitoring, once the model is interacting with real users and data.

3. Responsible Al governance, which wraps the full lifecycle with processes, roles,
and documentation.

Each layer has concrete practices and artifacts that can be inspected and audited.

4. Evaluation Framework

41 Define Evaluation Objectives and Risks
For each model and product, | begin by defining:

e Intended use and users, including risk tolerance by context.

e Harm scenarios, such as harmful content, privacy leakage, biased outputs,
incorrect advice in high stakes domains, and systemic failure under adversarial
use.

e Business objectives, such as accuracy, task completion, efficiency, or revenue

uplift.

Evaluation then aims to answer three questions.

1. Does the model solve the task at an acceptable level of performance.
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2. Does it stay within acceptable safety, fairness, and compliance boundaries.

3. Does it behave consistently across time, segments, and changes.

4.2 Evaluation Dataset Creation

| create several complementary evaluation datasets instead of a single static test set.

1.

Golden sets. Curated, high quality examples with authoritative labels or reference
answers, often assembled with help from domain experts.

Representative sets. Samples that mirror real traffic patterns, user segments,
languages, and edge cases.

Stress and adversarial sets. Examples that are likely to trigger failure modes, such
as ambiguous prompts, prompt injection attempts, or sensitive topics. NIST,
industry guidance, and red teaming programs for LLMs all reinforce the importance
of adversarial testing at scale.

Synthetic evaluation sets. Where labeled data are scarce, | use controlled
generation with strong baselines or human review to create synthetic eval data.
This is especially useful for rare events, long tail questions, or safety scenarios.
Recent work and vendor guidance show that synthetic eval sets, when validated,
can scale model testing significantly.

For some domains, such as healthcare or legal, | include expert annotated sets that
explicitly tag hallucinations, omissions, or unsafe recommendations, following recent
research that uses clinician or domain expert in the loop evaluation frameworks.

4.3 Scoring Methods and Metrics

I mix classical metrics with domain specific and human centric measures. Different tasks
call for different metrics.

Classification and detection tasks. Accuracy, precision, recall, F1, ROC AUC,
confusion matrices by segment.

Ranking and retrieval tasks. Recall at K, mean reciprocal rank, normalized
discounted cumulative gain, and coverage. These are essential for RAG pipelines,
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where retrieved context quality drives downstream generation quality.

3. Generative quality metrics. BLEU, ROUGE, METEOR, BERTScore, and task specific
scores measure overlap with references, although in 2025 most practitioners treat
them as weak proxies that must be complemented with human or learned
preference judgments.

4. Safety and policy metrics. Rates of policy violating outputs by category, such as
harmful content, privacy violations, or regulatory breaches, including severity
weighted scores.

5. Hallucination metrics. Hallucination rate, severity, and type, tied to a taxonomy for
that domain. For RAG systems this includes the proportion of content that is
unsupported or contradicted by the retrieved context.

6. Human preference and task success. Where possible, | use human rating
frameworks or bandit style experiments that compare models or configurations on
pairwise preferences and task success.

The key is to define a small set of primary metrics that align with risk and value, then track
them consistently across experimentation, pre launch evaluation, and post launch
monitoring.

4.4 Hallucination Taxonomy

For generative models, especially RAG, | use a simple but explicit hallucination taxonomy
so that failures can be measured and addressed.

Typical categories include:

e Fabricated facts. Statements with no support in context or authoritative sources.

e Misleading or partially incorrect content. Assertions that are technically related but
materially wrong or incomplete.

e Unsupported speculation. Guesses presented as facts without appropriate
hedging.

e Omission errors. Missing critical elements that would change user action or
decision, which some recent work highlights as equally important to overt
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hallucinations.

e Retrieval related hallucinations. Content that contradicts or ignores retrieved
documents.

Each category has severity levels that reflect business and user impact, which then tie
back to risk mitigation patterns and guardrails.

4.5 Regression Testing for LLMs

LLMs and prompt or retrieval configurations change frequently. In 2025, best practice is
to treat them like continuously evolving software and maintain regression test suites and
evaluation harnesses that can run at scale.

My approach includes:

e A version controlled evaluation harness that runs the full suite of tests and metrics
for any new model, prompt, RAG configuration, or guardrail policy.

e Gated releases where changes must meet or exceed defined thresholds for core
metrics and must not breach safety or fairness constraints.

e Canary or shadow deployments that compare current and candidate models on
live traffic with low risk, before full rollover.

This allows teams to iterate rapidly while maintaining a defensible record of evaluation
and release decisions.

5. Monitoring Framework

Once models are in production, monitoring is as important as pre launch evaluation. NIST
Al RMF highlights the need for ongoing measurement and monitoring of trustworthiness
properties, and ISO 42001 frames monitoring as part of a management system that
supports continuous improvement and incident response.

5.1 Observability and Logging

| treat Al observability as a first class concern. A typical observability stack captures:
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e Inputs, including user prompts and upstream system signals, with appropriate
privacy protections.

e Retrieved context for RAG, including document identifiers and similarity scores.

e Model outputs, structured so that policies, scores, and explanations can be
attached.

e Evaluation signals, such as user feedback, human ratings, automatic checks, and
downstream corrections.

e System events, such as model or configuration versions, fallback activations, and
guardrail triggers.

For high risk or regulated use cases, this log data supports internal monitoring and EU Al
Act style obligations to keep logs, perform audits, and reconstruct decisions if needed.

5.2 Online Metrics and Dashboards
| monitor three broad classes of metrics.

1. Quality and safety. Online estimates of accuracy, hallucination rates, policy
violations, and user task success, using a combination of automated checks and
sampled human review.

2. User and product metrics. Adoption, engagement, task completion, user
satisfaction, and abandonment.

3. Operational and cost metrics. Latency, error rates, throughput, token consumption,
and cost per unit of value.

These metrics are surfaced in shared dashboards that product, data, and engineering
leaders can review regularly.

5.3 Alerting, On Call, and Incident Response
High impact models should have explicit alert thresholds and on call playbooks.

e Thresholds define when a model must be throttled, rolled back, or switched to a
safer fallback.

e Alerts route to a rotation that includes at least one engineer and one product or
domain owner for context.
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e Incident playbooks specify steps such as disabling certain features, enabling
stricter guardrails, notifying stakeholders, and recording the incident for
governance review.

This operationalizes Responsible Al principles into concrete actions.

6. Guardrails and Risk Mitigation Design Patterns

Guardrails are mechanisms that keep model behavior inside acceptable boundaries. In
2025, safety and hallucination control guidance stresses that guardrails should be
layered, not singular.

Common patterns | use include:

1. Input validation and constraint. Restricting input types, formats, and ranges. For
example, structured forms, validated entity lists, or limited free text fields in high
risk workflows.

2. Retrieval constrained generation. Using RAG with strict constraints that require the
model to answer only from provided documents, with explicit refusal when context
is inadequate.

3. Policy aware system prompts. System instructions that encode safety, compliance,
and style requirements, including explicit refusal conditions.

4. Output filtering and classification. Secondary models that detect toxic content,
personal data, or policy violations, and either block, redact, or escalate outputs.

5. Human in the loop workflows. Requiring human review for high impact decisions,
or for outputs above a certain risk score or below a confidence threshold, as
recommended in many high risk guidance documents.

6. Safe defaults and fallbacks. Using deterministic rules, templates, or simpler models
as a fallback when the primary model is uncertain or guardrails are triggered.

Risk mitigation patterns are selected based on the severity and likelihood of harms
identified in the initial risk analysis and hallucination taxonomy.

7. Responsible Al Governance

Evaluation and monitoring live inside a broader governance structure.



Ben Sweet

7.1 Alignment with NIST Al RMF and ISO 42001

| align governance practices with the Govern and Measure functions in NIST Al RMF,
which emphasize clearly defined roles, risk policies, documentation, and continuous
monitoring of trustworthiness characteristics.

ISO 42001 provides a management system view. It expects organizations to establish Al
policies, risk management processes, internal audits, corrective actions, and continual
improvement cycles that span the full lifecycle.

My framework fits inside that structure.
7.2 Model Governance Review Steps
For significant models and features, | define a governance flow with clear checkpoints.

1. Initial risk assessment and classification of the Al system.

2. Design review that covers data sources, evaluation plans, guardrails, and
monitoring approach.

3. Pre launch model review, including offline evaluation results, stress and adversarial
testing, and documented signoffs from data, engineering, legal, and risk teams.

4. Post launch review window, where monitoring data are used to validate that the
model behaves as expected and that any incidents are captured and addressed.

5. Periodic re certification, especially for high risk systems, or whenever the model,
data, or use case changes significantly.

Documentation from these steps creates an audit trail that can support regulators, internal
risk committees, or external standards like ISO 42001.

7.3 Integration with Regulatory Regimes

For organizations affected by the EU Al Act, this framework supports obligations for both
providers and deployers of high risk and systemic risk Al systems, including:

e documented risk management and testing,
e logging and monitoring,

e human oversight and transparency,
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e incident reporting and corrective actions.

Similar mappings can be made to sectoral guidance in finance, healthcare, and other
regulated domains.

8. Practical Implementation Checklist

To make this concrete, | use a simple checklist for each new Al feature.

1. Have we defined evaluation objectives, risks, and metrics that matter for this use
case.

2. Do we have realistic and stress focused evaluation datasets, including, where
appropriate, synthetic and adversarial examples.

3. Have we selected scoring methods and thresholds, including hallucination and
safety metrics, that align with business risk.

4. Do we have an evaluation harness and regression test suite for any change to
model, prompt, retrieval, or guardrails.

5. Is there a monitoring plan with dashboards, alerts, and on call playbooks.
6. Are layered guardrails and risk mitigation patterns designed and implemented.

7. Has the model gone through a documented governance review with appropriate
signoffs.

8. Do we have a plan for periodic re evaluation, retraining or retuning, and regulatory
change.

If any of these are missing, the product is not ready for production in a serious enterprise
environment.

9. Glossary of Selected Terms

Adversarial testing
Evaluation that uses inputs designed to trigger failure modes or vulnerabilities.

BLEU, ROUGE, METEOR, BERTScore
Families of metrics that compare generated text against reference text, typically by
measuring n gram overlap or semantic similarity.
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EU Al Act
European Union regulatory framework for artificial intelligence that defines risk
categories, obligations for providers and deployers, and penalties for non compliance.

Hallucination
Model output that is factually incorrect, unsupported, or misleading relative to context or
authoritative sources, often categorized by type and severity.

ISO/IEC 42001
International standard for Al management systems that provides requirements and
guidance for responsible and governed Al across the lifecycle.

NIST Al RMF

United States National Institute of Standards and Technology Al Risk Management
Framework, which provides functions and guidance for trustworthy Al, including testing
and evaluation throughout the lifecycle.

RAG, retrieval augmented generation

Architecture where a generative model is combined with retrieval from a knowledge base
or vector store, often with constraints that the model should use only retrieved
information.

Regression testing for LLMs
Re-running a consistent suite of tests on new model versions or configurations to ensure
that behavior has not regressed on key metrics or safety dimensions.

Synthetic evaluation set
Artificially constructed dataset used for evaluation, often created using models or
templates, then validated, to scale testing when labeled data are scarce.

10. Closing Perspective

Model evaluation, monitoring, and Responsible Al are not side concerns for Al products.
They are core product capabilities.

This framework is how | turn that belief into concrete practice. It connects modern
techniques such as RAG, LLM regression testing, hallucination taxonomies, and synthetic
evaluation sets with established risk frameworks like NIST Al RMF, ISO 42001, and the EU
Al Act. The result is an Al product discipline that can move fast, learn continuously, and
still stand up to scrutiny from regulators, auditors, and, most importantly, the people who
depend on the system.
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