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Executive Summary
AI and machine learning systems can create value quickly, but they also introduce risks that do not look
like traditional software risks. A model can leak sensitive data, behave unpredictably under stress, or
create unfair outcomes that harm users. Customers and regulators increasingly expect AI teams to
explain how these risks are identified, measured, and managed.

The NIST AI Risk Management Framework, often called the AI RMF, provides a practical way to build
that discipline. It does not prescribe a single set of controls. It offers outcomes and a shared language
that product, engineering, legal, and security teams can use together. This guide explains how AI and
machine learning organizations can apply the AI RMF to real projects, with a focus on governance,
testing, documentation, and ongoing monitoring.

What the NIST AI RMF is and why it is useful
The AI RMF is designed to help organizations manage AI risks across the lifecycle. It covers planning,
data sourcing, model development, deployment, monitoring, and retirement. The framework is flexible by
design, which is both a benefit and a challenge. Flexibility means you can tailor it to your product. It also
means you need to decide what outcomes matter most for your use case.

For AI companies, the most immediate benefit is clarity. What are the risks you are responsible for. What
evidence should you keep. How do you decide whether a model change is safe enough to deploy. When
customers ask about AI governance, a RMF based program gives you a structured answer.

Questions the AI RMF helps you answer
• Intended use: What is the model designed to do, and what is it not designed to do.

• Harm scenarios: What could go wrong for users, customers, and third parties.

• Measurement: How do you test for accuracy, robustness, privacy, and fairness.

• Accountability: Who can approve releases, exceptions, and risk acceptance.

• Monitoring: How do you detect drift, misuse, and emerging failure modes after launch.

The AI RMF core functions
The AI RMF organizes work into four core functions. Each function includes categories and
subcategories that describe outcomes. The functions are meant to work together. If you only measure,
but you do not govern, you will collect metrics without making decisions. If you govern but do not
measure, you will have policies with no proof.

Govern
Govern is about culture, roles, policies, and oversight. It covers risk management strategy,
accountability, and how AI work aligns to organizational values and legal obligations.

Map
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Map is about understanding context. What problem are you solving. Who is affected. What data is used.
What assumptions does the model make. Mapping creates the baseline for risk decisions.

Measure
Measure covers evaluation. It includes performance testing, robustness testing, privacy checks, and bias
analysis. Measurement should be repeatable and tied to acceptance criteria.

Manage
Manage is about acting on the results. It includes mitigation plans, release gates, incident response, and
continuous improvement. If a risk is found, what do you do next.

How to implement the AI RMF in an AI or ML organization
Implementation works best when it is treated like an operating model, not a document project. You do
not need a large committee. You need clear ownership, lightweight processes, and artifacts that
engineering teams can produce without stopping delivery.

Step 1: Build an AI system inventory
You cannot manage what you cannot name. Create an inventory of models, agents, and AI enabled
features. Include where they run, what data they use, and which teams own them. If you use third party
models, include those too. Ask a practical question. If a customer asked you to list every AI component
that touches their data, could you do it.

Step 2: Define governance roles and decision rights
Choose a small set of roles. Who owns AI risk overall. Who approves a model release. Who can accept
risk exceptions. Who responds to AI incidents. Write the answers down and make them real through
meeting cadence and release checks.

• Executive sponsor: Sets risk appetite and ensures resources exist.

• AI product owner: Defines intended use and acceptable behavior.

• Engineering owner: Implements controls, testing, and monitoring.

• Security and compliance: Advises on data handling, threat modeling, and evidence needs.

Step 3: Map context and risks for each system
For each AI system, document context. What decisions does it influence. Who might be harmed by
errors. What are known limitations. What input conditions cause failure. The output can be short, but it
should be honest. A one page system card is often enough to start.

Risk mapping should include technical risks and business risks.

• Data risks: Sensitive data exposure, retention problems, and improper access.

• Model risks: Drift, brittleness, hallucinated outputs, and unsafe recommendations.

• Security risks: Prompt injection, model extraction, training data poisoning, and misuse of tools.
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• Human risks: Overreliance, lack of oversight, and unclear escalation paths.

Step 4: Define what you will measure and how
Measurement is where AI governance becomes real. Pick metrics that fit the use case. A fraud model is
different from a content generator. A medical classifier is different from a code assistant. What should be
true for the model to be considered acceptable.

Useful measurement areas include:

• Performance: Accuracy, precision, recall, or other relevant metrics for the task.

• Robustness: Behavior under noisy inputs, out of distribution data, or adversarial prompts.

• Privacy: Exposure of personal data through outputs, logs, or embedding stores.

• Fairness: Differences in outcomes across groups when group analysis is relevant and appropriate.

• Security: Resistance to common abuse patterns and unauthorized access.

Decide how often tests run and what triggers re testing. A model change should trigger evaluation. A
data source change should trigger evaluation. A new customer use case may trigger evaluation too.

Step 5: Manage risks through release gates and monitoring
Managing risk requires action. Define release gates that prevent deployment if key metrics are not met.
Define monitoring that alerts you when a system drifts or is being misused. What happens when the
model fails in production. Who is notified. What is the rollback plan.

Operational monitoring for AI systems often includes:

• Data drift checks: Input distributions and feature statistics.

• Output monitoring: Unusual spikes, safety filter triggers, and error rates.

• Abuse signals: Prompt injection attempts, suspicious tool calls, and scraping patterns.

• Human feedback: User reports, appeal channels, and support escalation.

Artifacts and evidence that make AI RMF operational
The AI RMF becomes easier to adopt when you standardize a small set of artifacts. Each artifact should
answer a question an auditor, customer, or internal reviewer would ask. Can you show what the model is
for. Can you show you tested it. Can you show you monitor it.

• AI system card: Intended use, limitations, owners, data sources, and deployment context.

• Data documentation: Source, licensing, sensitive fields, and retention rules.

• Evaluation report: Metrics, test sets, fairness analysis if applicable, and acceptance criteria.

• Model release record: Version, approvals, change summary, and rollback plan.
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• Monitoring runbook: Alerts, escalation paths, and incident response steps.

Do these documents need to be perfect. No. They need to exist, be current, and be used.

Applying the AI RMF to common AI product patterns
AI teams do not build the same kind of system every time. The governance questions change depending
on how the model is delivered and who controls the environment. The AI RMF is flexible enough to
handle these differences if you are deliberate about scope and ownership.

AI as an API or hosted service
If customers call your API, you control the runtime and much of the security posture. You also control
what is logged and what is retained. That makes monitoring and response easier, but it increases your
responsibility for confidentiality, availability, and abuse prevention. Ask yourself what you will do when a
customer uses the service in an unintended way. Do you have detection signals. Do you have clear
terms of service and enforcement steps.

AI embedded in customer environments
If you ship a model to run in a customer environment, you may have limited visibility. In that case, the
governance program should be explicit about customer responsibilities and assumptions. Your
measurement strategy may rely more on pre deployment evaluation and signed configuration baselines.
You may also need a process for receiving incident reports from customers and issuing patches or
model updates.

Using third party foundation models
Many products rely on third party models for core capabilities. The AI RMF can still apply, but vendor
governance becomes central. How do you evaluate the model provider. What is the provider allowed to
do with prompts and outputs. What does the contract say about retention and incident notification. If you
cannot answer those questions, your risk management story will not hold up in a customer review.

Fine tuning and retrieval augmented generation
Fine tuning and retrieval augmented generation introduce data governance challenges. Fine tuning
changes the model itself. Retrieval systems change what context is supplied at inference time. Both can
create sensitive data leakage risks. A good program treats data selection, access control, and retention
as first class AI RMF concerns.

Integrating AI RMF into engineering workflows
AI governance fails when it sits outside delivery. It succeeds when it is attached to existing workflows.
You already have pull requests, tickets, releases, on call rotations, and post incident reviews. The AI
RMF can ride on top of those systems.

Link governance to the model lifecycle
• Data intake: Add a lightweight checklist for dataset provenance, licensing, sensitive fields, and

retention rules.



NIST AI RMF Guide

© 2026 Jacobian Engineering
Page 6

• Training and evaluation: Require a repeatable evaluation run, recorded metrics, and sign off before
a model can be promoted.

• Deployment: Treat model releases like software releases, with change records and rollback plans.

• Monitoring: Define what signals matter and who reviews them. Use runbooks, not tribal knowledge.

• Retirement: Decide when and how models are decommissioned, including how artifacts are archived
or deleted.

Make risk decisions visible
When you accept risk, record it. When you waive a test, record why. When you deploy with a known
limitation, record what user guidance exists. These decision logs are not paperwork for its own sake.
They are a way to make sure the organization can explain itself later.

Common AI RMF gaps and how to avoid them
Teams often adopt the language of responsible AI before they have the mechanics. A few gaps show up
repeatedly.

• No inventory: Teams cannot list all AI features in production, especially when AI is embedded in
products quietly.

• Testing without criteria: Metrics exist but there is no threshold that decides release readiness.

• Monitoring without ownership: Dashboards exist but nobody reviews them or acts on alerts.

• Vendor assumptions: The organization assumes a model provider is safe without reviewing
contracts, retention rules, or security posture.

• Documentation drift: System cards and model notes exist, but they are not updated when models
change.

What is the simplest fix. Assign owners, choose a small set of artifacts, and connect them to release
gates. If a program has no enforcement point, it will not last.

Implementation methodology

Phase 1: Establish governance and inventory
Assign owners, define decision rights, and create an initial AI inventory. Choose a standard format for
system cards and risk notes.

Phase 2: Map risks and define measurement
Run structured risk mapping on the highest impact systems first. Define evaluation metrics and create
repeatable tests. Build a simple release checklist that includes AI specific checks.

Phase 3: Deploy monitoring and response practices
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Implement monitoring for drift and misuse. Create an AI incident response process that connects to your
broader security response plan. Practice the process with tabletop exercises.

Phase 4: Continuous improvement
Review incidents and near misses, update tests, and improve documentation. Reassess vendors and
data sources. Make sure the program scales as new AI features are added.

Business benefits of a RMF based AI governance program
AI governance is often framed as a compliance burden. It can also reduce engineering rework. Clear
acceptance criteria reduce debates about whether a model is ready. Monitoring reduces surprise
customer escalations. Good documentation shortens due diligence cycles. If you ever need to explain a
decision to a regulator, a customer, or a board, you will be glad you kept a record.

How Jacobian Engineering supports AI RMF adoption
Jacobian Engineering helps organizations turn AI RMF outcomes into practical work. That can include
building AI governance playbooks, creating model and data documentation templates, designing
monitoring and alerting, and running AI risk workshops. The team also performs AI red teaming and
penetration testing to validate security claims and to identify failure modes before customers find them.

Conclusion
The NIST AI RMF gives AI and machine learning teams a shared language for responsible development
and deployment. It will not solve every problem by itself. It can help you make risk decisions explicit,
repeatable, and defensible. If you build a small set of artifacts, run consistent evaluations, and monitor
systems in production, you will be far ahead of most teams.

If you want help setting up an AI RMF program that fits your product and your delivery pace, Jacobian
Engineering can help you design governance, build testing routines, and operationalize monitoring.


