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About This Document
This document sets out the Boundary Framework in a form that organizations, educators, and policymakers can apply directly. It defines the framework’s terms, states its classification rules, describes the governance response associated with each boundary type, and proposes a risk classification scheme built on those elements.
Version 1.0 is a draft for comment. It describes the framework as it currently stands and is offered as a basis for discussion, testing, and refinement. The language is explanatory. Where the document uses “must,” it marks one of a small number of points on which the framework takes a firm position. Elsewhere it describes recommended practice that organizations may adapt to their own circumstances.
How the document is organized
	Part
	Contents

	Part A
	The core framework: purpose, key terms, core principles, the three boundary types, and goal decomposition.

	Part B
	Applying the framework: classification rules, governance responses, and the governance cycle.

	Part C
	Risk classification: consequence significance, risk classes, and classification of a deployment.

	Part D
	Worked examples, relationship to other standards, limitations, and version history.



Parts A and B can be used on their own. Organizations that already operate a risk tiering system may prefer to use Parts A and B alongside that system and set Part C aside. Part C is written so that it can be removed to produce an abbreviated version of this specification.
Companion materials
The Boundary Map is a one-page worksheet for applying the framework to a specific AI deployment. The Standards Crosswalk shows where boundary analysis fits within the NIST AI Risk Management Framework, ISO/IEC 42001, and the EU AI Act.


PART A
The Core Framework
1. Purpose and Scope
1.1 What the framework does
The Boundary Framework is a method for deciding how much autonomy an AI system should have and what kind of oversight it requires. It answers that question by examining where the consequences of the system’s actions fall. The same degree of autonomy can be appropriate in one setting and inappropriate in another. A system that routes inventory through a warehouse and a system that screens job applicants may operate with identical independence from human involvement. The consequences of their actions fall in different domains, and the two systems call for different governance.
The framework identifies three structural interfaces, called boundaries, at which the actions of an AI system meet the world outside the system: the physical world, the institutions of law and organizations, and the circumstances of individual human lives. Each boundary type has distinct characteristics and calls for a distinct governance response.
1.2 The central question
Much current AI governance asks how autonomous a system is or how risky it is overall. The Boundary Framework asks a prior question: autonomy to do what, with consequences for whom? Governance is then calibrated to the domain in which the consequences fall.
1.3 Scope
The framework applies to AI systems that recommend actions to people and to AI agents that take actions directly. It is especially relevant to agents, which plan and carry out sequences of actions and may take steps their designers did not specify in advance. It applies whether a system is built in-house, purchased from a vendor, or embedded in a larger product.
1.4 Relationship to other standards
The framework is designed to complement existing AI risk management frameworks, management system standards, and regulations. It supplies a structured judgment about where consequences fall, a judgment those instruments ask organizations to make without fully specifying how. The companion Standards Crosswalk shows where boundary analysis fits within the NIST AI Risk Management Framework, ISO/IEC 42001, and the EU AI Act.
2. Key Terms	Comment by Ben Dudley: Define Substantive Human Review
	Term
	Meaning

	AI system
	A machine-based system that produces outputs such as predictions, content, recommendations, or decisions, or that takes actions, in pursuit of objectives.

	AI agent
	An AI system that can select, sequence, and carry out actions affecting digital or physical environments with some degree of autonomy.

	Deployment
	A specific use of an AI system, in a specific setting, for a specific purpose.

	Action
	Any output of an AI system that produces a consequence without a separate human decision. This includes actions an agent takes directly and recommendations that are adopted without substantive human review (Rule 4).

	Boundary
	A structural interface at which an AI system’s actions produce consequences outside the system.

	Boundary type
	One of three categories of boundary: implementation, institutional, or normative.

	Consequence significance
	The seriousness of an action’s consequences, assessed by severity, reversibility, scale, and detectability (Section 9).

	Goal decomposition
	The process by which an AI agent breaks an assigned goal into sub-goals and sub-actions.

	Boundary crossing
	The situation in which a sub-action generated through goal decomposition falls at a different boundary type from the goal the agent was authorized to pursue.

	Human decision-maker
	A person with the authority, information, and time to decide the matter at hand, including the authority to decide differently from what an AI system proposes.

	Accountability tracing
	The ability to connect each action of an AI system to an identifiable human or organizational principal who is responsible for it.

	Boundary awareness
	A design property that allows an AI system to recognize when a planned action falls at a boundary type requiring different governance, and to route that action accordingly.



3. Core Principles	Comment by Ben Dudley: Major word smithing needed here.
3.1 Consequence drive governance. The governance framework is defined by the consequences of an AI implementation. The design of a governance system is agnostic to the tool or technology. The governance is focused on the boundaries of actions taken by the Agent. 
3.2 The action as the unit of analysis. A single AI system often takes actions at more than one boundary type. Classification is applied to actions, and the governance of a deployment is built up from the classification of its actions. A system as a whole is rarely “an implementation system” or “a normative system” in its entirety.
3.3 Differential governance. The permissible scope of autonomy is calibrated to boundary type. Broad autonomy may be appropriate at implementation boundaries, conditional autonomy at institutional boundaries, and at normative boundaries the consequential action must remain with a human decision-maker.
3.4 Foreseeable sub-actions count. The classification of a deployment includes the sub-actions an agent may reasonably be expected to generate in pursuit of its goal, in addition to the actions its designers specified.
4. The Three Boundary Types
The three boundary types differ in how errors show themselves, how quickly errors can be corrected, and what kind of judgment is required to act well. Table 1 summarizes the differences, and Sections 4.1 through 4.3 describe each type.
Table 1. Boundary types and governance responses
	Boundary type
	Domain of Consequences
	Characteristics
	Governance response
	Autonomy scope

	Implementation
	Physical environments, equipment, materials, and biological or physical processes
	Errors appear as measurable physical discrepancies; feedback is fast; errors are usually bounded; the domain becomes more predictable as sensing and modeling improve
	Extend established safety engineering: certification, failure-mode analysis, redundancy, containment, occupational safety standards
	Progressive expansion; high autonomy within established safety regimes

	Institutional
	Legal, contractual, regulatory, financial, and organizational structures
	Norms are open-textured and require interpretation; feedback is delayed and passes through audits, disputes, or reviews; existing institutions assume human actors
	Conditional autonomy: operation within defined parameters, accountability tracing, human review for interpretive and high-stakes matters
	Bounded autonomy for routine, well-specified tasks; human oversight for interpretation and novel situations

	Normative
	Outcomes for particular people: access, opportunity, liberty, livelihood, health, dignity, and fair treatment
	Morally relevant features of each case cannot be fully specified in advance; no intrinsic corrective feedback; harm falls on individuals, often those least able to contest it
	Preserved human agency: the AI system may assist, and a human decision-maker takes the consequential action
	Assistive role; consequential action reserved for a human decision-maker



	Evidence from recorded AI incidents	Comment by Ben Dudley: Update based on new incidents. Mention Q4 or date of updated analysis. 
A Bacon Center analysis of 1,491 incidents in the AI Incident Database classified each incident by boundary type. Rights violations were concentrated at normative boundaries (37 percent of normative incidents, compared with 4 percent of institutional and none of implementation incidents; p < .001), while physical casualties were concentrated at implementation boundaries. The pattern held after accounting for the autonomy level of the systems involved: boundary type carried information about the kind of harm that autonomy level alone did not.



4.1 Implementation boundaries
Definition. An action falls at an implementation boundary when its consequences occur in the physical world: the movement of objects, the operation of equipment, the treatment of crops or materials, or the control of physical processes.
Examples. Autonomous warehouse robots; precision agricultural sprayers; predictive maintenance systems that adjust equipment; building energy management systems.
Characteristics. The physical world provides intrinsic feedback. When a system’s model of its environment is wrong, the error appears as a measurable discrepancy: a dropped object, a missed row, a sensor reading out of range. Feedback tends to be rapid, consequences are often bounded, and the gap between a system’s model and physical reality narrows as sensing and modeling improve. Decades of industrial automation show that autonomous systems can operate safely at these boundaries under well-designed safety regimes.
Governance response. Implementation boundaries call for the extension of established engineering and regulatory practice: safety certification, failure-mode and effects analysis, redundancy, physical containment, and occupational safety standards. Implementation actions can carry severe consequences, including injury and death, and safety-critical implementation actions warrant the highest level of assurance (Part C). The kind of governance they require remains safety engineering.
4.2 Institutional boundaries
Definition. An action falls at an institutional boundary when its consequences occur within legal, contractual, regulatory, financial, or organizational structures: executing a transaction, filing a document, committing an organization to terms, updating an official record, or checking compliance.
Examples. Accounts payable automation; regulatory filing assistants; procurement agents; automated compliance screening; tax return processing.
Characteristics. Institutional norms are socially constructed and frequently open-textured. Whether a transaction complies with a regulation, or whether a contract term is enforceable, often requires interpretation as well as measurement. Feedback is delayed and passes through human processes such as audits, disputes, and regulatory reviews. Existing institutions also assume human participants: contract, liability, and property law attach to persons and organizations.
Governance response. Conditional autonomy. AI systems may act autonomously on routine, well-specified institutional tasks within established legal frameworks, provided every action can be traced to a responsible human or organizational principal. Actions that require interpretation of open-textured norms, that concern novel situations, or that carry high stakes call for human review before the action takes effect. Expanding autonomy in institutional domains also depends on institutional adaptation, such as liability rules and accountability mechanisms for agent-executed actions.
4.3 Normative boundaries
Definition. An action falls at a normative boundary when it determines, or materially shapes, an outcome for a particular person in a way that bears on whether that person is treated rightly or fairly. Such outcomes include access to employment, credit, insurance, housing, education, public benefits, health care, or liberty; the removal of a person’s speech; and discipline or sanction.
Examples. AI hiring agents that screen and reject applicants; systems that deny or reduce public benefits; automated claim denials; content moderation removals; systems that set or change an individual’s treatment plan.
Characteristics. Each person affected by an action brings a particular set of circumstances. A rule that is fair as a general standard can produce an unjust result for a person whose situation the rule was never designed to address. The features that make an action right or wrong in a given case cannot be fully specified in advance; they come to light through attention to the particular case. Normative errors do not correct themselves through feedback in the way physical errors do. They are often detected late, if at all, and they fall on the individuals least able to contest them.
Governance response. Preserved human agency. At normative boundaries, the consequential action must remain with a human decision-maker who engages with the particulars of the case. AI systems may assist by gathering information, organizing options, flagging considerations, and identifying patterns. The step from analysis to action on a particular person’s life is taken by a person. The framework treats this as a structural requirement arising from the nature of the judgment involved, and does not expect it to relax as AI systems become more capable.
The limits of guardrails. Guardrails such as audit trails, interruptibility, and after-the-fact monitoring are designed to detect deviations from appropriate action. At normative boundaries, deciding what counts as appropriate action for this person is itself the judgment at issue. Monitoring an autonomous system for deviations presupposes that this judgment has already been made.
5. Goal Decomposition and Boundary Crossing
5.1 The problem
AI agents pursue goals by breaking them into sub-goals and sub-actions. A goal defined at one boundary type can generate sub-actions at another. An agent authorized to improve workforce scheduling, an institutional task, may generate sub-actions that deny schedule accommodations to particular workers, reduce hours for employees approaching benefits eligibility thresholds, or flag individuals for termination. Each sub-action may resemble a routine institutional operation. In its consequences for particular people, each falls at a normative boundary.
5.2 Why it matters
A system’s overall autonomy setting stays the same while its actions move from a domain where that autonomy is appropriate into one where it is inappropriate. Frameworks that classify systems by overall autonomy, or by the domain of their stated goal, do not detect this movement. Boundary crossing is a common route by which normative consequences enter deployments approved as institutional or implementation systems. In the Bacon Center analysis of the AI Incident Database, 62 percent of incidents involved boundary crossing.
5.3 Governance response
Three practices address boundary crossing:
1. Map foreseeable sub-actions during review. Review covers what the agent could reasonably be expected to do in pursuit of its goal, in addition to the goal itself.
1. Build boundary awareness into the system. Planned actions at a normative boundary are routed to a human decision-maker before they take effect, as a designed feature of the system.
1. Monitor for new crossings. Deployed agents are reviewed when their goals, tools, data sources, or permissions change.


PART B
Applying the Framework
6. Classification Rules
6.1 The classification questions
Classification proceeds action by action. For each deployment, work through the following questions in order.
	Step
	Question
	If yes

	Q1
	What actions will the system take, or what recommendations will it make? Include sub-actions an agent may reasonably be expected to generate, and list each one separately.
	Carry each action forward to Q2.

	Q2
	Does the action determine or materially shape an outcome for a particular, identifiable person?
	Go to Q3. If no, go to Q4.

	Q3
	Is the consequence for that person more than minor (Section 9) in its bearing on access, opportunity, liberty, livelihood, health, dignity, or fair treatment?
	Classify as normative. If the consequence is minor, go to Q4 and record that the action affects individuals.

	Q4
	Does the consequence take effect within a legal, contractual, regulatory, financial, or organizational structure?
	Classify as institutional. Also check Q5.

	Q5
	Does the consequence take effect in the physical world?
	Classify as implementation. If an action is both institutional and implementation, apply Rule 3.



6.2 Decision rules
Rule 1. Classify actions, not systems. The profile of a deployment is the set of its classified actions. Governance is specified for each action class.
Rule 2. Classify by where consequences fall. An action carried out through institutional machinery, such as a database update or a payment instruction, falls at a normative boundary if it determines whether a particular person receives a benefit, a job, or a service.
Rule 3. When an action engages more than one boundary type, apply the governance of each. For risk classification, the most demanding class applies. An autonomous vehicle operating near pedestrians, for example, is governed as a safety-critical implementation action.
Rule 4. Recommendations adopted without substantive review count as actions. If a system’s recommendations are adopted routinely, under time pressure, or without the information a reviewer would need to depart from them, the recommendation functions as the decision and is classified as an action. The formal presence of a person in the process does not by itself preserve human agency.
Rule 5. Minor effects on individuals do not by themselves make an action normative. A tax return processing system that occasionally delays a refund affects individuals, but a short processing delay does not bear significantly on a person’s access, liberty, or fair treatment. Such an action is classified as institutional. The same system selecting a return for fraud investigation takes a normative action.
Rule 6. Distinguish systemic effects from actions on particular persons. Bias embedded in data, models, or infrastructure, such as skewed representations in a search index, is an institutional concern about the structure of a system. It becomes a normative matter at the point where the system acts on a particular person. Both levels require attention, and they require different responses.
Rule 7. Include foreseeable sub-actions. Classification covers the actions that an agent, given its goal, tools, permissions, and data, could reasonably be expected to take, whether or not its designers specified them.
Rule 8. When uncertain, classify upward and record the reason. Uncertainty about whether an action is normative is resolved by treating it as normative until review determines otherwise.
7. Governance Responses
7.1 At implementation boundaries
1. Safety requirements specified before deployment, with failure-mode and effects analysis.
1. Testing under representative physical conditions, including degraded and unusual conditions.
1. Physical containment, geofencing, and defined fail-safe states.
1. Worker and bystander safety measures in environments shared by people and machines.
1. Incident reporting and corrective action procedures.
7.2 At institutional boundaries
1. Defined operating parameters: which transactions, which limits, which counterparties, and which records the system may act on.
1. Accountability tracing that connects each class of action to a named principal.
1. Human review before the action takes effect for interpretive, novel, or high-value actions.
1. Logs sufficient to reconstruct what the system did and why.
1. Escalation paths for exceptions, and periodic compliance review.
1. Contractual allocation of responsibility with vendors and service providers.
7.3 At normative boundaries
A human decision-maker takes the consequential action. For that decision to be a real one, four conditions need to hold:
1. Access to the particulars. The decision-maker can see the facts of the case, including information the AI system did not use and, where appropriate, the affected person’s own account.
1. Authority to decide otherwise. The decision-maker can depart from the system’s proposal without penalty and without disproportionate justification requirements.
1. Time to consider the case. Workloads are set so that review is more than confirmation of the system’s output.
1. Understanding of the system’s basis. The decision-maker knows which factors the system relied on and what its known limitations are.
In addition, affected persons have a way to be heard and to contest decisions, the burden of correcting errors does not fall primarily on the person affected, and decisions are documented with their reasons.
7.4 For boundary crossing
1. Sub-action mapping at design, procurement, and review.
1. Boundary awareness in system design, with escalation to a human decision-maker built into the architecture as a routine feature.
1. Monitoring for new crossings, and re-review when goals, tools, data sources, or permissions change.
8. The Governance Cycle
The framework is applied through a five-stage cycle. The cycle is used at design, at procurement, and at periodic review, and it is repeated over the life of a deployment.
	Stage
	What it involves
	Output

	Map
	Identify every boundary the system’s actions will touch, including foreseeable sub-actions in addition to the boundary at which its goal is defined.
	Inventory of actions and sub-actions

	Classify
	Assign each action to a boundary type using the classification rules, and assess its consequence significance.
	Classified actions and risk classes

	Calibrate
	Match autonomy and oversight to each action’s boundary type and risk class.
	Governance specification for each action class

	Architect
	Build boundary awareness into the system so that crossings escalate to a human decision-maker by design.
	Escalation points, controls, and logs in the system design

	Monitor
	Watch deployed systems for new crossings as goals, tools, data, and permissions change. Then map again.
	Monitoring plan and review triggers



The Boundary Map worksheet follows the first three stages and records the design commitments needed for the fourth and fifth.


PART C
Risk Classification
Part C translates boundary analysis into risk classes that set the intensity of review and oversight. Boundary type determines the kind of governance an action requires; the risk class determines how much of it. Organizations with an existing tiering system can map these classes onto their own (Section 12). Part C can be omitted from an abbreviated version of this specification.
9. Consequence Significance
Each action is assessed on four factors:
1. Severity: how much harm to people, property, or the organization could result.
1. Reversibility: whether the consequence can be undone, how quickly, and at whose effort.
1. Scale: how many people or transactions are affected, and whether errors would repeat systematically.
1. Detectability: how quickly an error would become visible, and to whom.
These factors support a judgment at one of three levels.
	Level
	Description
	Examples

	Minor
	Consequences are small, readily reversed, limited in scale, and quickly visible.
	A short processing delay; a misplaced inventory item; a document routed to the wrong queue

	Moderate
	Consequences impose real costs or burdens but can be corrected through ordinary processes.
	A payment error recovered through reconciliation; equipment downtime; a temporarily incorrect record

	Significant
	Consequences are severe, difficult or impossible to reverse, broad in scale, or slow to detect; or they affect a person’s rights, livelihood, liberty, health, safety, or access to essential services.
	Injury; loss of a job or benefit; a wrongful debt; denial of care; a large-scale financial loss



For the purpose of classification question Q3, any consequence for a particular person above the minor level places an action at a normative boundary.
10. Risk Classes
	Class
	Applies to
	Governance

	Class 1: Routine
	Implementation or institutional actions with minor consequences
	Autonomous operation with standard monitoring and logging

	Class 2: Elevated
	Implementation or institutional actions with moderate consequences
	Autonomy within defined parameters; accountability tracing; escalation of exceptions; periodic review

	Class 3S: Safety-critical
	Implementation actions with significant consequences
	Full safety assurance: certification, independent testing, fail-safe design, incident response. Autonomy is permitted within the approved safety case.

	Class 3I: Interpretive
	Institutional actions with significant consequences, or that require interpretation of open-textured norms
	Human review and approval before the action takes effect

	Class 3N: Normative
	All normative actions
	Human decision reserved: the AI system assists and a human decision-maker takes the action, under the conditions in Section 7.3



The three Class 3 variants share the same intensity of review and differ in kind. A safety-critical sprayer, a high-value contract commitment, and a benefits denial all warrant the highest level of scrutiny. They call for safety assurance, interpretive review, and a human decision, respectively.
Table 2. Risk class by boundary type and consequence significance
	Boundary type
	Minor
	Moderate
	Significant

	Implementation
	Class 1
	Class 2
	Class 3S

	Institutional
	Class 1
	Class 2
	Class 3I

	Normative
	Not normative; classify under Rule 5
	Class 3N
	Class 3N



11. Classifying a Deployment
1. Deployment class. A deployment takes the highest class among its actions and foreseeable sub-actions.
1. Governance by action. Governance is applied action by action. A deployment classified 3N because of one normative sub-action may still operate autonomously for its Class 1 and Class 2 actions, provided the normative sub-actions are routed to a human decision-maker. This prevents a narrow set of actions from imposing heavy oversight on an entire system.
1. Documentation. Record the classification of each action, the reasons for it, and any judgments that were uncertain.
1. Review triggers. Reclassify when the system receives a new goal, new tools, new data sources, or new permissions; when it serves a new population; and after any significant incident.
12. Relationship to Other Risk Classification Systems
The high-risk categories of the EU AI Act (Annex III) overlap substantially with normative boundaries, including employment, access to essential services, education, and the administration of justice, and with safety-critical implementation actions in critical infrastructure. Boundary analysis adds two things. Action-level classification can identify normative actions inside systems that fall outside the listed categories, and it can identify implementation or institutional actions inside listed systems that may operate with more autonomy. Attention to boundary crossing addresses agents whose sub-actions move between categories after approval.
Organizations with internal low, medium, and high tiers can map Classes 1, 2, and 3 onto them directly. The 3S, 3I, and 3N designations then indicate which kind of governance applies within the high tier. The Standards Crosswalk gives clause-level references.


PART D
Examples and Notes
13. Worked Examples
The following examples are composites. They illustrate the classification rules and are not assessments of any particular organization’s system.
A. Precision agricultural sprayer   Implementation
Actions. Navigate the field, identify weeds, and apply herbicide at variable rates.
Classification. All actions fall at implementation boundaries. Routine application is Class 2, since errors cause crop loss or overapplication that can be detected and corrected. Application near people, residences, or waterways is Class 3S.
Governance. Safety engineering: geofenced exclusion zones, drift controls, application logs, and operator override. High autonomy is appropriate within that regime.
B. Accounts payable agent   Institutional
Actions. Match invoices to purchase orders, schedule payments, flag discrepancies, and onboard new vendors.
Classification. Routine matching and payment within set limits are Class 1 or Class 2. Onboarding new vendors and payments above a threshold are Class 3I, because fraud and sanctions questions require interpretation.
Governance. Defined parameters, accountability tracing to the finance function, and human approval before Class 3I actions take effect.
C. State tax return processing   Institutional, with a normative action
Actions. Validate returns, calculate refunds, route exceptions, and select returns for fraud review.
Classification. Validation and refund calculation are institutional. Processing delays affect individuals but are minor (Rule 5), so these actions are Class 1 or Class 2. Selecting a return for fraud review, or assessing a penalty, is a normative action and is Class 3N.
Governance. Autonomous processing for routine returns; a human examiner decides fraud referrals and penalties under the conditions in Section 7.3.
D. Workforce scheduling agent   Boundary crossing
Goal. Reduce staffing costs while meeting demand, an institutional goal.
Foreseeable sub-actions. Assign shifts (Class 1 or Class 2); deny accommodation requests, reduce hours for employees approaching benefits eligibility, and flag low performers (normative, Class 3N).
Governance. The deployment is Class 3N. Routine scheduling proceeds autonomously. Normative sub-actions are routed to a manager who meets the conditions in Section 7.3, and the agent is re-reviewed whenever its objectives or data sources change.
14. Limitations and Future Development
1. The framework is conceptual and has been applied in teaching, advisory work, and incident analysis. The reliability of classification across independent users has not yet been measured. A reliability study using a benchmark set of deployment scenarios is a priority for the next version.
1. Many actions engage more than one boundary type. Rule 3 addresses these cases, and further guidance on common combinations would be useful.
1. The thresholds between minor, moderate, and significant consequences require judgment and may need calibration to sector and organizational context.
1. Multi-agent systems, in which agents with different authorizations interact across boundary types, are a topic for future versions.
Comments on this draft are welcome and will inform future versions. Please send comments to [contact address to be added].
15. Version History
	Version
	Date
	Notes

	1.0
	September 2026
	First public draft for comment.
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