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Abstract

Agentic AI systems do not just predict or recommend; they plan,

maintain state, and act in external environments with varying de-

grees of autonomy. This changes the requirements engineering

problem in a specific and under-addressed way: it introduces what

we call the delegated-autonomy boundary—the set of decisions about
what may be delegated to the system, under what graduated au-

thority, with what oversight, and how control is returned. Current

practices bury these decisions inside prompts, tool schemas, and

runtime policies, even though they are requirements-level com-

mitments. This paper proposes two complementary artifacts. First,

an Agency Justification Record (AJR) helps teams decide when an

agent is warranted over simpler alternatives. Second, an Agentic
Delegation Policy (ADP) captures what must be specified for safe

and effective development: purpose, authority, information, coordi-

nation, assurance, and evolution. Crucially, authority in the ADP

is modelled as graduated, i.e., a tiered structure. We illustrate the

framework with two contrasting examples: a safety-critical hospital

discharge coordination agent and an automated code review agent.
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1 Introduction

For most of software engineering (SE) history, specifying a system

meant specifying its behaviour : given this input, produce this out-

put, subject to these constraints. The rise of AI techniques—machine

learning, deep learning, and large language models (LLMs)— has

expanded RE to encompass data quality, model validation, fairness,

and uncertainty [2, 6, 24]. Yet the underlying assumption held:

the system responded; it did not act [7]. Agentic AI breaks this as-
sumption entirely. An agent invokes tools, modifies external state,

retains context across steps, and pursues goals through iterative,
self-directed sequences of autonomous decisions [3, 15]. We scope

this paper to such high-autonomy, multi-step agentic systems (with

cross-system action) and distinguish them from single-step LLM

inference embedded in a pipeline, which some practitioners also

label “agents” but that introduces a different, narrower RE problem.

Specifying an agentic system requires deciding not only what it

should produce but also what it may do, to what resources, under
whose authority, and when control returns to a human. We call the

specification of these decisions the delegated-autonomy boundary
and argue that it is the central missing object in current RE practice.

This gap arises for two recurring reasons. The first is unjusti-
fied agency: a system is built as an agent, even though a prompted

model, deterministic workflow, or conventional software design

would suffice. The second is under-specified agency: once an agentic

architecture is chosen, the system’s authority, memory scope, coor-

dination rules, escalation conditions, and success criteria remain

implicit—buried in prompts, tool schemas, or orchestration scripts.

Together, these failure modes reveal that RE for agentic AI must

address both when to use agents and what must be specified.

The urgency is real. Agents are already operating in healthcare

coordination, software development, legal document processing,

and enterprise automation [21, 26].While robust frameworks for NL

specification are emerging, overreliance on ad hoc prompt tinker-

ing in high-risk operational contexts poses long-term governability

challenges [9, 19, 20]. For safety-critical or heavily regulated de-

ployments, unstructured engineering compromises auditability and

makes regulatory compliance a moving target. The window for

establishing good practice is open now, during the formative pe-

riod of agentic deployment, and our paper presents a vision in that

direction. The AJR and ADP structures were developed in consulta-

tion with two senior practitioners: one with experience in agentic

enterprise systems, and one in healthcare, each with at least more

than ten years of industry experience. Their feedback shaped both

the criteria in Section 2 and the authority-tier structure in Section 3.

Contributions.We make the following contributions in this paper.

(1) A new RE problem formulation. The delegated-autonomy
boundary as a first-class RE concern, distinct from prior work

on adaptive systems, goal modelling, or AI-specific RE.

(2) The Agency Justification Record (AJR). A lightweight ar-

tifact that disciplines teams to justify agentic architectures

against simpler alternatives, operationalising the principle of

minimal justified autonomy.
(3) TheAgentic Delegation Policy (ADP).A structured specifica-

tion artifact covering purpose, graduated authority, information

and memory, coordination, assurance, and evolution.

(4) Aresearch agenda forRE for agenticAI. Four open problems—

notations, requirements-to-runtime compilation, requirements-

driven evaluation, and accountability—framed as tractable em-

pirical and design-science questions.

We do not claim that delegated autonomy exhausts the RE prob-

lem for agentic AI. Stakeholder goals, usability, ethics, and regula-

tory compliance remain essential and orthogonal concerns. In fact,

ADP is defined to complement the software requirements specifica-

tion (SRS). SRS captures stakeholder goals, functional requirements,

and quality attributes; the ADP specialises in authority, memory,

and coordination dimensions unique to agentic delegation. Hence,

our claim is narrower: agentic systems introduce a distinct RE prob-

lem regarding the scope, graduation, and governance of delegated

action that must now be addressed.
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Table 1: AJR record with running examples.

Criterion Discharge coord. agent Code review agent

C1: Task structure Cross-system, exception-heavy; steps and order cannot be predefined ✓ Largely enumerable; well-defined linting and diff parsing ✗

C2: Unstructured context Clinical notes, payer letters, ambiguous histories require NL reasoning ✓ Diffs are structured; rules are explicit; ambiguity is low ✗

C3: Action surface Orchestrator delegates actions across EHR, and payer systems to specialist

sub-agents; each sub-agent operates in a scoped boundary ✓

Source repository; read-only diff access only ✗

C4: Evaluable progress Medication reconciliation status, clinician sign-off, discharge complete-

ness are observable ✓

Comment accuracy & scope violations are observable ✓

C5: Bounded risk Clinician approval; no finalisation without sign-off; HIPAA audit log ✓ Developer check before posting; actions reversible ✓

C6: Advantage over base-

line

Discharge delay and medication reconciliation error rate vs clinical audit

baseline; threshold: ≥20% reduction over 90 patient episodes ✓

Comment turnaround vs existing pipeline >90 days; thresh-

old but little projected gain to justify agentic overhead ✗

Verdict Agentic approach justified Rejected: C1–C3 + C6 fail; prompted model

Running examples.We ground the paper in two contrasting exam-

ples. The first is a hospital discharge coordination system: a multi-

agent system designed to manage patient preparation for discharge

from an acute care ward. A coordinating orchestrator decomposes

the task across three specialist sub-agents: a medication agent that

reads and reconciles data from an Electronic Health Record (EHR)

and pharmacy records; a payer and scheduling agent that inter-

faces with insurance authorisation portals and outpatient booking

systems; and a discharge agent that drafts patient-facing discharge

instructions. The orchestrator detects unresolved conflicts between

sub-agent outputs, triggers escalation, and hands off to clinical staff.

The system operates in a regulated environment (e.g., HIPAA [1]),

involves clinicians and patients as primary stakeholders, and carries

direct patient-safety consequences if any sub-agent acts beyond its

sanctioned scope. The second is an automated code review agent: a

system proposed to analyse pull requests (PRs) in a software repos-

itory, apply configurable style rules, and post inline comments for

developers. It operates in an internal development environment

and carries no direct safety consequences.

2 When to Use Agents: the AJR

Not every AI-enabled feature should be implemented as an agent.

RE has long recognised the principle of minimal adequate specifica-
tion: a system should not be given more complexity or autonomy

than its requirements demand [23]. Applied to agentic AI, this

becomes a gate: before committing to an agentic architecture, a

team must justify why simpler alternatives are insufficient. We

operationalise this gate as the Agency Justification Record (AJR)—

completed before architecture is chosen and retained as a living

design rationale document, analogous to an Architecture Decision

Record [12] but focused on the decision to delegate autonomy. Prac-

titioner guidance from both OpenAI and Anthropic independently

reaches the same conclusion: start with the simplest solution and

reserve agents for genuinely open-ended tasks [3, 15]. The AJR

turns this intuition into an explicit, reviewable RE commitment.

2.1 Decision criteria

A task is a strong candidate for an agent when it meets most of the

following criteria.

(1) Open-ended task structure. The number or order of steps

cannot be reliably predefined; the agent must interpret context,

revise plans, or recover from unforeseen exceptions.

(2) Unstructured context. Success depends on reasoning over NL,

semi-structured artifacts, or ambiguous observations that make

rule-based approaches brittle. However, a team-level decision

might be necessary to allow an agentic approach if the context

is deemed neither entirely “unstructured” nor semi-structured.

(3) Cross-system actions. The task must inspect, update, or or-

chestrate external systems rather than only generate content.

(4) Evaluable progress. There are explicit success criteria or in-

termediate checks that allow the agent or a supervising human

to detect poor trajectories before harm occurs.

(5) Bounded risk.Harm can be constrained through sandboxes, re-

versible actions, rate limits, approval gates, or human takeover,

and the team can specify these constraints before deployment.

(6) Advantage over baselines. The team can specify, in advance,

a measurable threshold at which the added complexity of an

agent is justified and a plan to verify. For example: “the agent
must reduce discharge delays by at least 20% over the current
manual process, over 90 episodes”. Without such a pre-committed

threshold, the decision to use an agent cannot be falsified.

Criterion 6 cannot be verified before the agent is built, but AJR

requires the team to state how the advantage will be measured

and what threshold would justify the complexity. This forward

commitment prevents post-hoc rationalisation. The AJR must also

document anti-criteria that disqualify an agentic architecture re-

gardless of how many positive criteria hold: a fixed workflow al-

ready performs adequately; outcomes cannot be verified; actions

are irreversible or high-stakes; or multiple agents are proposed for

conceptual neatness rather than demonstrated gains.

AJR examples. Table 1 shows AJR records for both running exam-

ples. The discharge agent clears all six and proceeds to ADP specifi-

cation; the code review scenario fails at criteria 1–3 + 6, and the AJR

rejects the agent in favour of a simpler prompted-model pipeline.

The rejection path is as important as the acceptance path: a rejected

AJR records the rationale for a simpler architecture, preventing

the system from accruing unjustified agentic complexity. We note

that the rejection path does not mean “no AI”: a prompted-model

pipeline suffices and remains within the scope of conventional

RE for AI, even though some practitioners label such pipelines

“agents”, they fall outside the multi-step, cross-system planning that

warrants the delegated-autonomy machinery of an ADP.
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AJR + ADP: Requirements Engineering for Agentic AI
Design-time artifacts for justifying agency and specifying the delegated-autonomy boundary Agentic system under development
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ADP: What to Specify Once Agency Is Introduced
Specify the delegated-autonomy boundary across six policy dimensions.

1  Purpose Policy
• delegated goal
• stakeholders
• success criteria
• failure semantics
• stop conditions

2  Authority Policy
• autonomy tiers
• tool permissions
• write scope
• spending / time limits
• approvals & oversight
• rollback rights

3  Information & Memory
• trusted sources
• provenance rules
• memory scope
• retention policy
• secret handling

4  Coordination Policy
• clarification rules
• sub-agent / handoff
structure
• escalation paths
• conflict resolution

5  Assurance Policy
• safety, privacy, security
• transparency &
explanations
• logging & auditability
• runtime monitors & alerts

6  Evolution Policy
• model / tool versioning
• evaluation thresholds
• drift detection & handling
• incident response
• controlled updates

Open-ended task structure

Unstructured context

Cross-system actions

Evaluable progress

Bounded risk

Advantage over baselines

Compiled into development artifacts  (code-adjacent & runtime-enforceable)
Prompts /
System
Instructions

Tool Schemas /
API Permissions

Orchestration
Logic

Approval
Policies

Runtime
Monitors /
Guardrails

Evaluation Tests
/Assurance
Evidence

AJR: When to Use Agents

Figure 1: RE for Agentic AI Overview

3 What Must Be Specified: the ADP

If AJR justifies an agent, we extend conventional RE artifacts with

anAgentic Delegation Policy (ADP).We favour “policy” over contract
because requirements alone cannot enforce mutual obligations; a

policy defines delegation terms while keeping accountability an

organisational concern. The ADP is distributed across prompts,

schemas, policy engines, and monitors (Figure 1 & Table 2). Al-

though populated in Table 2 for illustration in second example, a

rejected AJR would not, in practice, proceed to an ADP. Crucially,

ADP adheres to the ‘minimal adequate specification’ principle by

scaling with risk: safety-critical domains (e.g., healthcare) demand

rigorous assurance, whereas low-risk settings (e.g., developer tool-

ing) require only basic operational boundaries.

1. Purpose policy. The specification must define the delegated goal

in operational terms: intended stakeholder(s), task scope, required

outputs, success criteria, and failure semantics. Critically, it must in-

clude explicit stop conditions: max. attempts, uncertainty thresholds,

deadlines, and conditions that force the system to relinquish control.

In agentic systems, “keep trying” is itself a requirements decision,

and its omission is a common source of runaway behaviour.

2. Authority policy and graduated autonomy.ADP further must

specify what the agent is permitted to do and, critically, at what level
of oversight. We model it in three-tiers that align with OpenAI’s

guidance that agent risk depends on write access, irreversibility,

permissions, and monetary impact [15].

(A) Autonomous tier. Actions the agent may execute without

human review, e.g., read-only ops and low-cost computations.

(B) Advisory tier. Actions the agent may propose but not execute

until a human approves, e.g., orders with discrepancies flagged.

(C) Prohibited tier. Actions the agent may never take regardless

of instructions, e.g., irreversible high-stakes modifications, and

actions outside the delegated domain.

3. Information andmemory policy. Agents mix retrieved context,

intermediate notes, and persistent memory, so the teams must spec-

ify trusted sources, source precedence, retention duration, deletion

rules, and confidential information handling. Session memory must

be distinguished from durable memory, with requirements stating

what may be remembered, for whom, and for how long. In first

example, the agent is forbidden from retaining patient-identifiable

information beyond the episode of care unless authorised. In second

example, the agent may retain anonymised patterns to improve

suggestions but not developer-identifiable commit histories.

4. Coordination policy. Requirements must define (often based on

business processes) when an agent must ask clarifying questions,

hand off execution, resolve contradictory outputs, or escalate to a

human. This is vital for multi-agent designs, where decomposition

introduces coordination overhead and novel failure modes [3, 26].

In the discharge system, the orchestrator must reconcile conflicting

outputs from themedication and payer sub-agents; the coordination

policy mandates that such conflicts be escalated to a clinician rather

than resolved autonomously, and forbids sub-agents from initiating

out-of-scope inter-agent communication. Furthermore, the coordi-

nation policy must govern dynamic, emergent tool-chaining. Rather

than restricting individual tools, it forbids conflicting tool combina-

tions and enforces mandatory human or deterministic verification

gates before downstream, state-changing actions.

5. Assurance policy.Trustworthy-agent guidance emphasisesmean-

ingful human control, security, transparency, and privacy [4, 10].

NIST frames these as validity, safety, security, explainability, and

accountability [13, 14]. For agentic systems, these concerns must be

mapped to monitors, logs and explanation duties, including prompt-

injection resilience for tool-using agents [16]. In practice, however

the assurance remains largely implicit, as 25/30 deployed agents dis-

close no internal safety evaluations and 23/30 have no third-party

testing [19]. The ADP assurance policy makes this explicit by enu-

merating runtime checks, red-team scenarios, and audit obligations

that operationalise the assurance claims. Also, it requires that these

be stated before deployment rather than after an incident.

6. Evolution policy. An agentic system is not stable if its model,

tools, prompts, or policies change underneath the specification. The

ADP must define versioning rules, acceptance thresholds, regres-

sion tests, rollback strategies, and incident response. Part of the

requirements is specifying how the requirements remain valid over
time. In both examples, model upgrades require regression across

tier boundaries and escalation conditions, not just accuracy metrics.
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Table 2: Illustrative ADP specification across all six dimensions for both running examples.

DimensionTier Discharge coordination agent Code review agent

Purpose

Success All medication discrepancies resolved or escalated; discharge complete;

clinician signed off.

Draft comments generated for ≥90% of flagged lines; review

turnaround reduced vs. baseline

Stop Missing chart data unresolved in ≥ 2h; system unavailable; clinician override. PR closed or merged; developer dismisses all suggestions.

Authority

Auto. Read patient chart; compare medication lists; retrieve scheduling. Read diffs; run static analysis; retrieve style guide.

Advise. Medicinal sub-agent flags discrepancy to orchestrator, which drafts consoli-

dated discharge instructions for clinician;

Post draft inline comments pending developer acknowledg-

ment

Prohib. Sign discharge orders; transmit instructions to patient; modify standing

medication orders

Merge pull requests; modify protected branches; alter CI/CD

configuration

Memory

Session Full episode context including chart, notes; deleted at episode close Diff context for current PR; cleared after merge or close

Durable Anonymised discharge-pathway patterns (no PII); authorised and logged Anonymised code-pattern library across repositories; no

developer-identifiable commit history

Coord.

Escalate Orchestrator escalates to clinicianwith unresolved conflicts after𝑁 attempts;

Handoff Orchestrator transfers context to on-call clinician if time limit exceeded; No sub-agent handoff; single-agent pipeline only

Assurance

Monitor HIPAA audit log on every data access; escalation trigger loggedwith evidence

bundle

All comment drafts logged with line reference and rule ID;

developer action (accept/dismiss) recorded

Red-

team

Prompt injection via adversarial discharge notes; privilege escalation via

tool chaining

Out-of-scope branch modification; duplicate comment injec-

tion; rule-conflict resolution bypass

Evolution Govern. Model upgrade requires regression over all tier-boundary and escalation

tests; clinical sign-off

Model upgrade requires re-validation of comment accuracy

and scope-boundary tests over 30-day sample

4 Research Directions

R1: Notations and tools for graduated delegated autonomy.

Existing goal models (i* [28], KAOS [22]) and uncertainty-aware

languages (RELAX [27]) lack constructs for tiered permissions,

memory scope, approvals, handoffs, and reversibility. The Agen-

tic Problem Frames framework [17] structures agent boundaries

but omits graduated authority and memory governance. Extend-

ing these notations to represent autonomy tiers and delegation

boundaries is a crucial next step; matching tool support can then

be empirically evaluated to see if it improves specification quality

and defect detection in controlled inspection studies.

R2: Requirements-to-runtime compilation. We intend to

develop methods that transform AJR/ADP artifacts into executable

harnesses (tool constraints, monitors and evaluation plans). Current

orchestration infrastructure [3, 15] can directly encode some ADP

components (tool permission lists, memory retention windows, ap-

proval gate triggers); security-oriented work on design patterns for

prompt-injection resilience [5] shows that some agent constraints

are already partially compilable, though purpose semantics and

provenance obligations require richer notation yet to be developed.

R3: Requirements-driven evaluation and testing. System-

level testing must be guided by requirements [25]; accordingly,

agent evaluation should be systematically derived from the ADP

rather than improvised post-hoc. This formalisation directly ad-

dresses a significant transparency gap highlighted by the 2025

AI Agent Index [19], which found that most deployed frontier

agents lack publicly disclosed safety evaluations. Rather than im-

plying a complete absence of internal testing, this widespread lack

of disclosure underscores an industry-wide absence of verifiable,

requirements-level safety commitments. For our running exam-

ples, ADP-derived test scenarios provide this missing verifiability

by targeting critical constraints: tier-boundary violations, missing

provenance, and escalation pathways for medical discharge, as well

as out-of-scope modifications and rule-conflict bypasses for code

review. Automatically translating these ADP fields directly into

concrete test oracles remains an open design-science challenge.

R4: Human agency, trust, and accountability. Delegating

autonomy changes who decides, who approves, and who is respon-

sible. Ronanki [18] and Holzinger et al. [8] highlight that human

oversight in autonomous systems is often superficial (present in

design but absent in deployed behaviour) and that accountability

erodes as autonomy increases. Emerging regulatory frameworks

compound this urgency [11]. RE should make socio-technical com-

mitments explicit: specifying not only what the agent may do, but

the oversight role each stakeholder plays and the recourse available

when the agent errs. Empirical work on how developers, clinicians,

and auditors engage with ADP specifications, e.g., Do they update

them after incidents? is needed to assess practical governability.

Limitations. The AJR and ADP are RE artifacts grounded in prac-

titioner consultation and contrasting worked examples; we present

them as a starting point for the community and practitioners to eval-

uate, refine, and build upon, with empirical validation on real-world

agentic systems as the immediate next step.

5 Conclusion

Agentic AI is not simply “AI with tools”; it is software to which

humans delegate bounded, graduated autonomy. That delegation

boundary (what may be done, level of oversight, governance level)

is the missing object in current RE practice. We have proposed the

AJR to discipline teams to justify agent adoption against simpler

alternatives, and the ADP to specify the terms of delegation as

a graduated policy. We have illustrated both artifacts with two

contrasting examples spanning safety-critical regulated systems

and lower-stakes development tooling. Making delegated autonomy

explicit, reviewable, and testable is the central RE challenge of the

agentic AI era; this paper establishes the vocabulary and artifacts

that make that challenge tractable.
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