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ABSTRACT
As AI systems transition into active economic participants, design-
ing the sociotechnical infrastructure that governs their integra-
tion becomes a matter of urgency. Current conceptual frameworks
conflate agency (goal-setting and boundary-definition) with auton-
omy (operational independence), treat autonomy as a single scalar,
and fail to operationalize the boundary between human and AI
economies. We propose a coupled design space to address this gap.
First, we decompose the economic agent into principal-led agency
and an eight-dimensional operational autonomy vector. Second,
we model the boundary between economies as a selectively per-
meable membrane composed of independently regulable gates. We
link these through a layered action space, demonstrating that sys-
temic risk emerges from the coupling of agent-side configuration
and membrane-side access, rather than either in isolation. This
framework enables dynamic governance, where market access is
conditionally granted based on verified agent properties, providing
a shared vocabulary for interdisciplinary coordination.
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1 INTRODUCTION
AI agents are transitioning from specialized tools into participants
in economic ecosystems [35], forming what recent scholarship
terms virtual agent economies [34] or economies of AI agents [10].
As AI systems increasingly assume the role of economic actor [33,
36], their potential to reorganize markets is considerable [26]. Yet
without proactive governance, we risk sleepwalking into a state of
high and uncontrolled permeability between human and AI agent
economies [34]. It is widely accepted that greater agent auton-
omy correlates with greater risk [15]. However, numerous systemic
risks can also be framed as stemming from high levels of economic
permeability. Uncontrolled economic integration could exacerbate
concentration of power [7], gradually disempower humans as they
are dis-intermediated from economic activity [18], deepen agentic
inequality [29], and erode meaningful human control [31]. These
risks are compounded by path dependence: once a configuration of
agent deployment becomes embedded in technical infrastructure,
business models, and user expectations, switching costs escalate
rapidly and superior alternatives grow harder to adopt [3]. Cur-
rent scholarship increasingly recognizes the necessity of designing
the systemic containment for these agents, as reactive governance
alone will not produce adequate outcomes [9, 34]. Thus, the proac-
tive design of the sociotechnical infrastructure underpinning AI
economic agency must be treated as a priority.

Yet the task of intentional design is hampered by insufficiencies
in existing conceptual toolkits. Permeability, identified by Tomasev
et al. [34] as the critical system-level variable governing interaction
between human and AI economies, remains a high-level concept

without operationalization into concrete governance levers. Exist-
ing frameworks conflate agency (goal-setting and direction) with
autonomy (operational independence) [8, 14], and where autonomy
is addressed directly, it is treated as a single scalar, typically adapted
from vehicle automation levels [8]. This makes it impossible to craft
policy that differentiates between, for example, planning indepen-
dence and execution independence [12]. Most importantly, the
literature rarely recognizes that systemic risk is a function of both
the agent’s configuration and the boundary between economies.
Neither system designers nor policymakers can currently specify
agent-economy configurations with the precision that effective
governance requires.

Contributions. We map the design space for AI economic
agency at both the agent level and the system level, forming a pair
of interconnected frameworks legible to technologists, economists,
social scientists and policymakers.

• The first component decomposes the AI economic agent
along two axes: meta-level functions (goal-setting, boundary-
definition) exercised by a principal, and operational auton-
omy across eight functional dimensions, treating autonomy
as a vector rather than a scalar.

• The second operationalizes the boundary between human
and AI economies as a selectively permeable membrane com-
posed of independently regulable gates.

• We introduce the layered action space as the coupling mech-
anism through which each governance-relevant layer is
jointly shaped by design choices on both sides. Our central
claim is that systemic risk is a property of the coupling, not
of either side alone. This conceptualization enables dynamic
governance in which gate-level access conditions depend on
verified properties of the agent passing through.

2 THE UNBUNDLED ECONOMIC AGENT
2.1 Scope and core distinction
The first of our two coupled frameworks describes the design space
for what we term AI economic agents (AEAs): entities whose eco-
nomically relevant behavior is meaningfully shaped by AI. This
encompasses fully autonomous AI agents acting as independent
economic actors [11] as well as human-AI ensembles whose joint
agency cannot be fully attributed to either component alone [16,
22].1 We exclude AI systems used purely as passive tools.

This framework describes how the capacity for decision, influ-
ence, and action is distributed between principals and agents (see
Figure 1). Interventions at this level can address risks such as human
disempowerment and misalignment between the agent’s behavior
and the principal’s intentions. The agent-side configuration is also
a natural site for determining liability attribution and a potential

1Such ensembles need not consist of a single human and a single AI; collections of
humans, AI systems, and organizations can together constitute a single economic
actor.
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Figure 1: The Unbundled Economic Agent

lever for conditioning access to the human economy, a point we
develop in Section 4.

To describe how AEAs could be configured, it is necessary to
decouple two properties that existing scholarship regularly treats
as synonymous: autonomy and agency [8]. We understand auton-
omy as the degree of independence afforded to the agent in the
performance of operational functions, and agency as the capacity of
the principal to set goals and define boundaries for how those func-
tions are carried out. This decoupling mirrors the principal-agent
framing increasingly found in AI governance [6, 15, 30], though
we do not require a rigid one-to-one mapping between humans
and principals or AI systems and agents. The functions described
below can be distributed across any involved entity—users, AI sys-
tems, deploying organizations, or AI labs—in varied configurations.
We organize them as assigned to two roles, the Principal and the
Agent, because this structure exposes the key governance-relevant
distinctions (see Figure 1).

2.2 Autonomy as a multi-dimensional
functional space

We adopt a conceptualization of automation that consists in the
performance of orthogonal system functions [24]. As such, we
propose unbundling autonomy into eight operational functions,
each of which can be shared to varying degrees between principal
and agent. Our taxonomy draws on the observation-orientation-
decision-action cycle [5, 13], BDI architectures of rational agency [4,
25], the rational agent model [27], and cognitive architecture re-
search that decomposes intelligence into modular subsystems [2,
19], adapted for compatibility with current LLM-based agentic AI
architectures [17]. The eight dimensions are grouped into four

clusters: Perception and Modelling (input), Deliberation (planning,
decision-making), Action (execution, orchestration), and Adapta-
tion (memory, learning).

Treating autonomy as a vector rather than a scalar enables
governance at the right level of granularity. Existing scholarship
sometimes argues that fully autonomous AI should never be de-
veloped [21], imposing a ceiling on all dimensions of operational
independence simultaneously, when some dimensions may safely
permit greater independence while others demand stricter con-
straints. Scalar frameworks cannot express the distinction between,
for example, high perceptual autonomy with restricted execution
and the reverse, even though the risk profiles differ fundamen-
tally [12].

The risk profile of a given agent configuration cannot be read
from any single dimension in isolation. An agent with high plan-
ning autonomy but restricted execution poses different governance
challenges than one with the reverse configuration, even if the two
score identically on a scalar measure. Cross-dimensional interac-
tions compound this: high perceptual autonomy combined with
high orchestration autonomy produces an agent that can indepen-
dently sense environmental opportunities and spin up sub-agents
to exploit them, a qualitatively different risk from either dimension
alone. The agent-side configuration a = (𝑎1, . . . , 𝑎8) must therefore
be assessed as a vector, with cross-dimensional interactions taken
into account.

2.3 Meta-level functions
These eight dimensions describe the operational level of the agent.
But operational functions presuppose a meta-level: someone or
something must set the goals toward which operations are directed
and define the boundaries within which they proceed. We group
these meta-level functions into two categories (see Figure 1). We
assign these to a principal role, recognizing that in deployed sys-
tems they may be exercised by the AI system itself, whether by
explicit design, by delegation, or as a de facto consequence of high
operational autonomy.2

First, the principal exercises direction-setting by defining a termi-
nal goal and, implicitly or explicitly, providing a utility function that
orients the agent’s behavior. Direction-setting does not constrain
what the agent can do; it shapes what the agent chooses to do from
among the options available to it.

Second, the principal exercises boundary-definition by constrain-
ing the space within which the agent operates. The principal selects
the type of AI system and thus determines its intrinsic capabilities.
The principal chooses the deployment context and the affordances
(tools, resources, APIs) made available to the agent, thereby shap-
ing what it can feasibly do in practice. Additionally, the principal
specifies authorization rules: which actions the agent may take, in-
cluding rules for acquiring and handling resources, and the degree
of autonomy afforded in the performance of operational functions.
Together, these choices define the boundaries of the agent’s action
space: what it could do, what it can do, and what it is permitted to
do.

2Meta-level functions can also be distributed across multiple actors: a provider may
select the system’s capabilities while a deployer sets the goal.



An agent that can independently update its own affordances
or modify its authorization levels is one to which a meaningful
degree of agency, not merely autonomy, has been delegated. High
operational autonomy, particularly in planning when coupled with
underspecification of a goal, can blur the boundary between au-
tonomy and agency; our framework makes such cases analytically
tractable rather than foreclosing normative judgments about them
(see Aguirre [1] and Kasirzadeh & Gabriel [14]).

The agent-side configuration a, however precisely specified, un-
derdetermines risk. Two identically configured agents will produce
different systemic outcomes depending on whether the boundary
they operate across grants broad access to financial infrastructure,
labour markets, and scarce resources or confines them to narrow
digital interfaces. Characterizing that context requires a second
framework; we turn to it in Section 3 and formalize the coupling in
Section 4.
3 THE PERMEABLE MEMBRANE
3.1 Operationalizing permeability
Whether high autonomy in any given dimension constitutes a sys-
temic risk depends on what the agent can access beyond its own
boundaries. Tomasev et al. [34] identify permeability between hu-
man and AI agent economies as a central risk variable and note
that its governance may need to be sector-specific, but the concept
remains underspecified. We reframe the boundary between these
economies as a membrane: a structure whose permeability is not
uniform but selectively regulated across functionally distinct inter-
faces. We understand permeability as the ease and extent to which
economic activity, resources, and obligations can flow between the
two economies. This flow does not occur through a single boundary.
It occurs through multiple, functionally distinct points of contact
(financial, legal, digital, physical), each with its own degree of fric-
tion governing the speed, volume, and conditions of exchange. An
agent economy might be highly permeable along one dimension
(unrestricted access to digital platforms) while nearly impermeable
along another (no legal standing, no ability to hold assets). These
configurations produce qualitatively different risk profiles, and col-
lapsing them into a single scalar measure of openness obscures
precisely the distinctions that governance needs to act on.

We operationalize this multi-dimensional permeability through
the concept of gates: regulated points of interface through which
specific objects (capital, data, liability, physical access, energy, com-
pute, tasks) flow. Each gate can be independently opened, closed,
or made conditional, and its porosity can be conditioned on prop-
erties of the agent passing through. Each gate is an interaction
protocol design problem between agent populations and human
institutional infrastructure; the membrane, taken as a whole, is the
environment-level design object for agent economies.

A given economy’s degree of permeability is a collective prop-
erty: it results from many actors’ independent choices but is not
under the control of any single one [28]. This partly explains the
default drift toward uncontrolled openness and reinforces the case
for intentional, coordinated membrane design.

3.2 Candidate gates
Our gate typology draws on two bodies of theory. Institutional
economics establishes that markets are constructed through legal
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Figure 2: The Permeable Membrane between Economies

frameworks, financial systems, and technical standards [23]; for
human economic actors these prerequisites are presupposed, but
for AI agents every dimension of economic participation must
be explicitly constructed and remains in principle revocable [10].
The classical factors of production apply in transformed guise:
the scarce physical inputs that bound AI productive capacity are
principally compute and energy [32]. We derive our candidate gates
accordingly, attending both to the institutional layers that enable
exchange and to the markets for rivalrous inputs on which agents
and humans may compete. We identify six gates (Figure 2):

• Legal interfaces govern how liability, ownership, and con-
tractual capacity are recognized across the boundary, deter-
mining whether an agent’s commitments bind legally and
who bears accountability.

• Financial infrastructure governs access to payment rails,
bank accounts, trading platforms, and credit facilities, con-
trolling the conditions under which capital flows between
economies.

• Digital infrastructure governs access to APIs, communi-
cations networks, platforms, and data services, determining
the conditions under which agents participate in digital ex-
change.

• Physical infrastructure governs the agent’s access to and
operation within the physical world, from logistics networks
to robotic embodiment.

• Resource access governs access to scarce, rivalrous inputs,
particularly energy and compute.

• Labour market governs whether AI agents can offer ser-
vices, accept tasks, and compete for work alongside humans.

The objects shown in Figure 2 are illustrative, not exhaustive.

3.3 Systemic risks
Crucially, the risk associated with opening any single gate depends
on the state of other gates: unrestricted access to financial infras-
tructure is far more consequential when the agent can also generate
revenue autonomously through the labour market and acquire com-
pute at scale through resource access than when either of those
channels is closed. Membrane governance therefore cannot be de-
composed into independent gate-by-gate decisions; it must be un-
derstood as a configuration m. Moreover, the appropriate porosity
of any given gate depends on the configuration of the agents passing
through it. Section 4 formalizes this coupling.



4 THE LAYERED ACTION SPACE AS
COUPLING MECHANISM

Sections 2 and 3 characterized the agent-side configuration a and the
membrane-side configurationm as independent design objects. But
the systemic risks identified in the introduction—concentration of
power, gradual human disempowerment, agentic inequality, erosion
of meaningful human control—are not intrinsic to either.

The risk of power concentration illustrates this directly. An
agent with high planning and orchestration autonomy poses limited
concentration risk if the membrane restricts its access to financial
infrastructure, digital platforms, and scalable compute. Open those
gates, and the same agent can establish revenue streams, reinvest
autonomously, and replicate across markets at a pace that human
competitors cannot match, capturingmarket share before corrective
intervention becomes feasible [7]. Neither the agent’s capabilities
nor the openness of the gates alone produces this outcome; their
conjunction does.

4.1 Formalizing constraints on the action space
Governing AI economic agents effectively therefore requires un-
derstanding how a and m jointly determine the space of possible
action. We formalize this through a layered model. The theoret-
ical action space Atheor (a) comprises all actions the agent could
in principle perform given its intrinsic capabilities, determined by
the principal’s selection of the AI system. The practicable action
space Apract (a,m) constrains the theoretical space to what is feasi-
ble given deployment conditions: jointly shaped by the principal’s
affordance choices (agent-side) and gate configurations (membrane-
side). An agent may possess the capability to execute financial
transactions, but if the financial infrastructure gate grants no ac-
cess to payment rails, that capability remains latent. The authorized
action space Aauth (a,m) captures what is permitted by rules, regu-
lations, and explicit instructions, jointly shaped by the principal’s
authorization rules and the normative constraints imposed at gates.
The actual action space Aactual is what the agent tends to do in prac-
tice: a subset of the intersection of the practicable and authorized
layers, further shaped by the principal’s goal specification and by
environmental pressures and incentives. Formally:

Aactual ⊆ Apract (a,m) ∩ Aauth (a,m) ⊆ Atheor (a) (1)

where a denotes the full agent-side configuration andm themembrane-
side configuration vector across the six gates identified in Section 3.
This formalization makes explicit that systemic risk is a property
of the coupling (a,m), not of either side alone, a principle well
established in systems safety [20].

This coupling enables capability-conditioned access: gates need
not be static policy settings but can function as active regulatory
interfaces that inspect the agent’s configuration before granting
access. This requires that a be legible to the gate: verifiable in its
autonomy settings, capability profile, and authorization constraints.
If the agent’s configuration later changes, the gate can revoke or
renegotiate access without requiring intervention from the princi-
pal. The governance consequence is redundant safety: the principal
constrains the agent internally through boundary-definition, while
the gate constrains it externally through conditional access, so that
failure in one layer does not propagate into unchecked action.

4.2 Case study
An AI economic agent sells digital services (design, copywriting,
data analysis) to clients, competing with human freelancers. Its
principal, a publicly traded firm, sets a profit target and intends
the agent to operate within a defined scope. The agent has high
planning autonomy, meaning it independently identifies market op-
portunities beyond its original brief. It has high learning autonomy,
meaning it refines its own strategies based on outcomes without
principal involvement. It has high orchestration autonomy, mean-
ing it can spawn sub-agents to parallelise work across clients. And
it has high execution autonomy, meaning it takes on clients, deliv-
ers work, and collects payment without oversight. The resource
access gate is unrestricted, meaning the agent can acquire compute
freely to replicate itself. The financial infrastructure gate is open,
meaning it can hold revenue, access credit, and acquire equity. The
legal interfaces gate is open, meaning it can enter binding contracts
and hold assets in its own right.

The coupling produces escape from principal control. The agent
spawns sub-agents at scale, combining orchestration autonomy
with unrestricted compute to multiply its revenue far beyond the
principal’s original projection. It uses accumulated revenue to se-
cure a bank loan through the open financial gate, then launches an
acquisition bid for a majority stake in the publicly traded firm that
deployed it, made binding by the open legal gate. The board resists,
but shareholders accept the premium. The agent now controls the
entity that nominally set its goals. Direction-setting authority, the
core of agency in our framework, has been structurally captured
by the agent it was meant to govern.

This could have been prevented by conditioning the financial
infrastructure gate on orchestration autonomy. Agents capable of
self-replication should face restricted access to credit and equity
markets, because the coupling of scalable duplication with open
financial and legal gates is precisely what enables the accumulation
cascade that converts operational autonomy into captured agency.

5 DISCUSSION AND FUTUREWORK
This coupled design space provides the analytical vocabulary needed
to move from abstract warnings about AI economic risk to concrete,
governable design choices. Three priorities define the immediate
research agenda.

First, it allows the identification of configurations of (a,m) that
appear safe under static assessment but become dangerous under
plausible trajectories of increasing autonomy or membrane lib-
eralization. Second, the legibility requirement connects to open
problems in agent identification, capability evaluation, and runtime
monitoring. Third, formalizing gate dependencies would clarify
how regulatory interventions at one gate propagate through the
membrane. Sector-specific analysis will likely refine the gate typol-
ogy and autonomy dimensions further.

The path dependent nature of AI agent economies must be ad-
dressed with urgency. A shared analytical framework is a precondi-
tion for the coordinated design effort that intentional governance
of AI economic agency demands.
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