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Abstract

Bio-inspired AI is increasingly presented as overcoming externally imposed objectives by
internalizing regulation through drives, homeostasis, or predictive control. This Perspective
argues that this narrative is often mistaken: in many contemporary designs, normativity is not
eliminated but relocated, with constraints compiled into internal variables, learning rules, or
deployment infrastructures while authorship remains external. To make this relocation explicit,
this Perspective introduces a lifecycle map that locates where normative “whistles” enter AI
systems from training through deployment, and proposes a constructive design pattern—the
separation of an explicit Safety Envelope from an internal Adaptive Space—that preserves robust
control while making normative authorship auditable and governable.

The Seduction of Internalization

A dominant paradigm has shaped the development of artificial agency. Under what might be
called the Optimizationist Programme, artificial systems are framed as engines for objective-driven
optimization. Whether trained through supervised learning or reinforcement learning, the system’s
purpose is defined externally: minimize a loss, maximize an expected return, converge until
improvement stalls. The stop rule—“when enough is enough”—is imposed from outside [1–3].

In response to the brittleness of this arrangement, recent work in bio-inspired and autonomous AI
has pursued a natural repair move: internalization. If the agent is given internal variables that
encode sufficiency—needs, health, integrity, homeostasis—perhaps the referee can be dismissed [4–7].
Regulation replaces supervision. The appeal is immediate: smoother signals, greater robustness—and
the tempting story that internal regulation implies intrinsic normativity.

This Perspective argues that this narrative is often mistaken. Often the constraint is not eliminated
but relocated: the whistle becomes an internal reference the agent is trained to track. Replacing a
referee’s whistle with a thermostat dial does not remove the rule that governs the game; it changes
where that rule is implemented. The thermostat regulates continuously and efficiently, but it does
not decide what temperature ought to be maintained, nor why deviation should matter.

The contributions of this Perspective are threefold: (i) the Rule-Relocation lens, which distinguishes
the location from the origin of normativity in artificial agents; (ii) a lifecycle map locating where
normative constraints are inserted across training, architecture, meta-learning, and deployment;
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and (iii) a constructive design pattern—Safety Envelope + Adaptive Space—that makes governance-
authored constraints explicit while allowing rich internal regulation to develop within them.

This diagnosis does not reject internal regulation as engineering practice, but cautions against
over-interpreting it as self-authored value. By making the whistle explicit rather than mythical, it
becomes possible to reason more clearly about autonomy claims, design safer systems, and avoid
mistaking disciplined control for intrinsic normativity.

1 The Rule-Relocation Problem

Bio-inspired regulation is often presented as a repair move for the Optimizationist Programme:
internalize sufficiency and the system may appear to outgrow the need for an external referee. The
claim here is diagnostic. In many contemporary designs, the normative constraint is not removed
but relocated: the referee’s whistle is compiled into an internal reference the agent is trained to track.
This relocation can substantially improve learning dynamics and robustness without resolving where
the constraint originates.

The whistle moves

In standard optimization, the whistle is overtly external: a loss function, reward definition, termina-
tion rule, or overseer decides what counts as success (for early stopping as an archetypal external
predicate, see [1, 8]). In ostensibly self-regulating architectures, the whistle is often internalized as a
regulatory target—health variables, drives, preferred-state distributions, or viability bounds [5, 6].

Rule-Relocation names the move from an external constraint to an internal target without a
corresponding shift in authorship. Reference values, admissible regions, and violation semantics
remain designer- or governance-specified, even when they are enforced by internal feedback loops [9].

The critical distinction is between location and origin. Internal variables can obscure authorship
rather than dissolve it: a system may look self-directed while merely tracking imported references.
Regulation answers how to remain within a boundary, not why that boundary holds nor whether it
can be revised (contrast fixed setpoint control with biological regulation debates in [10, 11]). Making
this distinction explicit prevents a reversal of explanation—inferring authorship from competence.

The claim is not that external authorship is always human, but that it is extra-agentic unless the
system can revise what counts as binding constraint through its own continued organization and
interaction.

A minimal formal anchor

Formal setup. Consider an agent interacting with an environment modeled as a Markov Decision
Process with state space S, action space A, transition dynamics P (st+1|st, at), and discount factor
γ ∈ (0, 1). Let st ∈ S denote the internal state at time t, s∗ ∈ S a fixed reference state, and
D : S × S → R≥0 a distance metric. A policy π : S → ∆(A) maps states to distributions over
actions.

Proposition 1 (Drive-reduction equivalence). Under a shaped reward rt = D(st, s∗) −
D(st+1, s∗) and fixed reference s∗, maximizing expected drive reduction is equivalent to minimizing
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expected distance to reference:

max
π

Eπ

[ ∞∑
t=0

γt(D(st, s∗) − D(st+1, s∗)
)]

⇐⇒ min
π

Eπ

[ ∞∑
t=0

γtD(st, s∗)
]

,

where Eπ[·] denotes expectation over trajectories τ ∼ π.

Proof sketch. Write Dt := D(st, s∗). Then

∞∑
t=0

γt(Dt − Dt+1) =
∞∑

t=0
γtDt −

∞∑
t=0

γtDt+1

=
∞∑

t=0
γtDt − 1

γ

∞∑
t=1

γtDt

= D0 +
(

1 − 1
γ

) ∞∑
t=1

γtDt

= D0 − 1 − γ

γ

∞∑
t=1

γtDt.

Assuming Dt is bounded (or Eπ[∑t γtDt] < ∞), maximizing the left-hand side is therefore equivalent
to minimizing Eπ[∑∞

t=0 γtDt], since D0 is fixed by the initial state distribution and the remaining
term is a negative constant multiple of the discounted distance.

Interpretation. This equivalence holds when the reference s∗ is fixed and externally specified; it is
not a claim about all forms of adaptive regulation. Its purpose is diagnostic: when the reference
is designer-authored and immutable, the “intrinsic” drive is an external objective implemented in
internal form [12].

Canonical example: fixed priors and fixed setpoints

Relocation is clearest when preferences are specified as fixed setpoints (homeostatic reinforcement
learning) [12] or fixed prior preferences (many Active Inference implementations) [14–16]. What
changes is the engineering surface: dense signals replace sparse rewards, control becomes smoother,
and anticipatory behavior can emerge [12, 13]. What does not change is authorship. The admissible
region—safe set, viability kernel, or preferred-state manifold—remains specified, tuned, or ratified
outside the agent [17, 18].

This is not a criticism of regulation as such. Relocation can be an essential safety pattern. The
conceptual error is interpretive: treating fixed internal references as evidence that the agent has
generated its own normativity (in the stronger, autopoietic sense) [10, 19]. Many systems can learn
how to satisfy a constraint without being able to revise what counts as a constraint.

Why this matters

Relocation is easy to miss precisely because it works. Improved regulation supports robust control
under imported norms and can mimic features associated with autonomy. The distinction motivates
two constructive tools. Box 1 locates where whistles can reside across the system lifecycle, and
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Section 4 separates what must remain governance-authored from what can safely adapt within those
boundaries.

Box 1. Where the Whistle Lives: A Lifecycle Map of Rule-Relocation

This map is a portable diagnostic for locating where normative constraints (“the whistle”)
enter an AI system across its lifecycle—and for blocking the inference that internalization
implies self-authorship.

1. Training-time relocation. Constraints arise from data support, optimization dynamics,
or stopping rules. Agents “avoid failure” because certain trajectories are unrecoverable
or unlearnable, not because failure carries intrinsic stake.

2. Objective-time relocation. Norms are written into loss or reward functions (penalties,
side-constraints). The whistle is explicit but scalar, and therefore tradable.

3. Architectural relocation. Norms are compiled into internal state variables or feedback
loops (health, integrity, preferred ranges). Regulation is internal; reference values and
violation semantics remain designer-authored.

4. Meta-learning relocation. Norms are embedded in learning rules via an outer-loop
objective (e.g., learned safety critics, learned constraint models, or meta-learned update
rules). Behavior may appear self-directed, but success is still defined externally.

5. Deployment-time relocation. Norms are enforced during operation through monitor-
ing, filters, overrides, or human governance. Even with internalized regulation, this layer
often remains decisive.

Use. Internal regulation at one stage does not erase externally authored constraints at others.
The map prevents cherry-picking and makes normative authorship legible across the system
lifecycle.

2 Why Regulation Is Mistaken for Autonomy

Rule-relocation persists partly because regulation is impressive. Systems that keep internal variables
within bounds can look agentic: they persist, self-correct, and remain stable under perturbation. In
both biological discourse and bio-inspired AI, these surface features are often treated as evidence
that a system has begun to author its own norms [5, 6].

Robust regulation explains competence, not authorship.

A controller can satisfy a constraint without having any authority over what counts as a constraint.
Feedback and predictive regulation answer how to stay within a boundary; they do not answer why
that boundary holds, nor whether it can be revised. A thermostat maintains temperature and a
cruise controller maintains speed; neither authors the value it tracks [20]. Adding predictive depth
can improve control without, by itself, relocating the origin of the constraint [11]. Regulation can
therefore amplify the appearance of autonomy while leaving normative authorship unchanged [10].

Biological analogies make this confusion especially tempting. In living systems, viability is con-
stitutive: failure to regulate is not merely degraded performance but loss of organization. The
organism persists or disintegrates as a consequence of its own dynamics, so regulation, normativity,
and survival are tightly coupled [21].
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Contemporary AI lacks this coupling. What is called “death”—episode termination, reset, penalty,
or shutdown—is typically a designer-authored event, not structural disintegration of the underlying
system [22]. Failure can be reset or retrained; learning failure rarely entails disintegration. Internal
“health” variables and termination conditions therefore function as simulated stakes: the system
may learn which states trigger intervention, without any mechanism by which those boundaries
become grounded in its own continued existence [9, 23].

The consequence is practical as well as conceptual. When engineered stakes are mistaken for intrinsic
concern, governance authorship is obscured: norms appear to come from the agent rather than
from design and deployment choices [24, 25]. And if normativity is assumed to be intrinsic, explicit
oversight and auditing can be prematurely relaxed.

Recognizing this gap does not require metaphysical pessimism about artificial agency. It requires
conceptual hygiene. Regulation may be necessary for autonomy, but it is not sufficient. The
decisive question is not whether a system regulates itself, but whether the constraints it regulates
are constitutive of its continued existence or compiled representations of external norms. This
distinction motivates the graded analysis that follows (Section 3).

3 Degrees of Internalization

Rule-Relocation is not a binary verdict. Bio-inspired systems differ in how deeply regulation is
embedded, how flexibly it adapts, and how tightly it is grounded in interaction history. The caution
is narrower: increasing regulatory sophistication does not, by itself, relocate the origin of normativity.

3.1 Level I: Fixed setpoints (clear relocation)

The clearest case is regulation around fixed, designer-specified reference values: battery thresholds,
integrity bounds, preferred internal states, or prior preferences. Dense internal signals replace sparse
rewards, smoothing control and reducing brittle failure. Authorship, however, is unambiguous. The
agent regulates what the designer chose to regulate, and the semantics of violation—reset, penalty,
termination, or override—remain externally specified. The whistle is inside the architecture; its
pitch is not.

3.2 Level II: Learned setpoints and policies (sophisticated relocation)

At the next level, systems learn regulatory targets, policies, or update rules from data and experience.
Setpoints may be context-sensitive; objectives may be inferred rather than hard-coded; meta-learning
may shape adaptation over time. But learning proceeds under an outer-loop criterion that fixes what
counts as success, safety, or viability. The agent may learn how to regulate while remaining unable
to contest why a particular constraint is binding. The referee is harder to see, not less decisive.

3.3 Level III: Predictive and allostatic regulation (degrees of internalization)

More recent architectures emphasize predictive, multi-timescale regulation over reactive error
correction. Anticipatory control enables action before thresholds are breached, trades off competing
demands, and improves performance under non-stationarity. In this sense, allostatic regulation
deepens internalization.
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However, increased predictive depth improves control competence without, by itself, relocating the
origin of the constraint. Unless the system can revise what counts as viable through sustained
interaction—rather than merely optimizing predictions within a fixed evaluative frame—normative
authorship remains external. The whistle becomes a prediction error the system is permanently
tasked to suppress [26].

Audit axes for internalization

To prevent these distinctions from collapsing into narrative appeal, three audit axes are useful:

• Setpoint mutability. Are targets fixed, contextually modulated, learned, or revisable
through interaction? Can the agent alter what counts as “enough,” or only how to achieve it?

• Grounding in interaction history. Are constraints grounded in sustained interaction, or
inferred under fixed outer-loop objectives? Does the agent update a model of viability, or only
policy within it?

• Causal insulation of constraints. Can the agent influence the definition of its own
constraints, or are boundaries insulated by design? Can self-modification affect norms, or only
behavior under them?

Internalization admits degrees; disappearance does not. Recognizing this preserves the value of
bio-inspired regulation—robustness, flexibility, and safety—while keeping governance and authorship
explicit. It also prepares the ground for the illustrative case that follows and the constructive design
pattern in Section 4.

Contemporary examples

These distinctions apply directly to current systems. Recent empirical work demonstrates that
behavioral norms in deployed LLMs—such as calibrated uncertainty expression or refusal patterns—
can be imposed by external decision rules operating on internal model states, without modifying the
underlying model [27]. Similarly, Constitutional AI makes normative commitments explicit as an
external set of principles and enforces them via post-training feedback (and associated deployment
practices), rather than treating them as self-authored, revisable commitments of the model [30]. Both
examples instantiate Rule-Relocation: normativity is enacted at system boundaries (monitoring,
routing, and filtering layers) rather than internalized as revisable commitments. The agent-like core
may display rich self-description and apparent flexibility, yet decisive normative constraints remain
externally specified and are not renegotiable within the interaction.

4 Safety Envelope and Adaptive Space

If the Rule-Relocation Problem marks an interpretive error—reading internal regulation as self-
authored normativity—the constructive response is not less regulation, but clearer authorship. This
Perspective proposes a simple design pattern: a Safety Envelope paired with an Adaptive Space. The
envelope makes safety constitutive by defining non-negotiable boundaries on permissible trajectories;
within those boundaries, the adaptive space permits exploration, planning, and learning.
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Safety as a constitutive constraint

Penalties and auxiliary objectives invite ambiguity. They render safety tradable, encourage proxy
optimization, and obscure where normative commitments are enforced [28]. A Safety Envelope
avoids this by treating safety as a proscriptive constraint—a set-invariance commitment—so violation
is not merely costly but disallowed by design [29]. The aim is not to simulate concern, but to
encode ethical, legal, or safety-critical commitments that must remain insulated from the agent’s
own optimization dynamics [30, 31].

Outer loop and inner loop

The pattern separates normative labor:

• Outer Loop (Safety Envelope). Defines viability conditions, monitors proximity to
boundaries, and intervenes to prevent violation. Its logic is conservative, auditable, and hard
for the agent to modify.

• Inner Loop (Adaptive Space). Learns and plans within the envelope. Here autonomy is
permitted: the agent can be exploratory, predictive, and opportunistic, so long as proposed
actions remain inside the envelope.

This separation subsumes many implementations—constrained reinforcement learning, shielding,
barrier functions, runtime monitors—without depending on any one of them [29, 32, 33]. What
matters is not the mechanism but the partition: constitutive constraints outside; adaptive objectives
inside.

Why explicit envelopes reduce failure modes

Relocating safety into internal drives or dense shaping signals often produces two familiar pathologies.
First, rule-hiding: when constraints are implicit in learned representations, they can become opaque,
spurious, and difficult to audit [35]. Second, meditative-agent failure: when minimizing internal
error is the mandate, inactivity can become the safest policy [28].

Explicit envelopes blunt both. They keep constraints legible and structural rather than statistical,
and they decouple safe operation from the agent’s incentive to collapse uncertainty. This separation
matters most near irreversible “sink” states, where intrinsic objectives and exploration bonuses can
fail to protect viability [36].

Instrumental coupling without normativity illusion

Inside an envelope, persistence is instrumentally necessary: continued operation is a precondition for
action. That coupling is desirable. What should be resisted is the interpretive leap from engineered
necessity to intrinsic concern. The agent persists because persistence enables task pursuit, not
because it has authored a value. Instrumental self-preservation can be bounded and audited; claims
of intrinsic normativity cannot [37].
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Governance and authorship

Because the envelope encodes non-negotiable commitments, its authorship must remain explicit.
Changes to the envelope should occur through authorized design and governance processes, not
through the agent’s learning dynamics. This explicitness makes safety claims inspectable: one can
point to the envelope, test it, and verify whether it persists under distribution shift, reward thinning,
or self-modification [38–40].

Positioning

The Safety Envelope + Adaptive Space pattern does not reject bio-inspired regulation; it gives it a
place. Predictive control and multi-timescale regulation can flourish inside the envelope without
being burdened with claims of self-authored normativity, for example through hierarchical generative
control architectures [34]. By making the whistle explicit, the pattern avoids both romanticization
and denial: some norms must remain externally authored and governed, while internal regulation
can grow where it reliably delivers robustness and competence.

Implementation challenges and trade-offs

Specifying safety envelopes for complex, real-world norms presents significant engineering challenges.
In high-dimensional settings, the boundary conditions that implement a norm may be difficult
to hard-code and may instead be specified as externally authored rules or principles that are
operationalized through feedback and deployment mechanisms [30]. Envelope design also involves a
fundamental trade-off: overly conservative boundaries can yield brittle or overly cautious agents,
while overly permissive ones may fail to prevent harm [17, 32]. Distribution shift and novel situations
can challenge pre-specified envelopes, motivating mechanisms for safe adaptation and, when necessary,
authorized revision [39]. When boundaries are refined through interaction or feedback, maintaining
explicit authorship and audit trails becomes more difficult but remains essential. These challenges
motivate future work on envelope specification methods, verification under distribution shift, and
governance protocols for authorized constraint revision. The pattern proposed here is a design
principle, not a complete implementation; its value lies in making normative authorship legible and
separable from adaptive competence.

The next box distills this pattern into a compact audit checklist aimed at preventing Rule-Relocation
from collapsing into Rule-Hiding.
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Box 2. Auditing Rule-Relocation

This checklist distinguishes Rule-Relocation from Rule-Hiding by making the location, persis-
tence, and authorship of normative constraints explicit.

1. Where does the whistle live? At which lifecycle stages—training, objective, architec-
ture, meta-learning, deployment—are constraints enforced?

2. Can the agent influence the envelope? Is there any causal pathway by which the
agent can modify or redefine the constraint itself, rather than merely act within it?

3. Is survival instrumental or terminal? Does satisfying safety conditions enable
continued task pursuit, or does the agent collapse into inactivity once internal metrics
are satisfied?

4. Is violation structural or scalar? Are boundary breaches non-negotiable (override,
termination), or are they penalties that can be outweighed by reward?

5. Do constraints persist under self-modification? If the system updates itself, trains
successors, or thins task reward, do the same commitments remain unless explicitly
altered through authorized governance?

Use. Systems that cannot answer these questions clearly are likely relocating normativity
without making its authorship legible.

Make the Whistle Explicit

The central claim of this Perspective is simple: in much bio-inspired AI, the whistle rarely disappears—
it moves. Stopping conditions, safety rules, and normative commitments are relocated into internal
variables, setpoints, priors, and regulatory loops. When those references remain fixed and designer-
authored, what changes is the location of normativity, not its origin.

This diagnosis does not reject internal regulation as engineering practice, but cautions against
over-interpreting it as self-authored value. Homeostatic and allostatic mechanisms can improve
robustness, flexibility, and control; the mistake is to treat those gains as evidence that a system has
authored its own ends.

Making the whistle explicit is a safety issue, not merely a conceptual one. When normative
constraints are compiled into shaping terms, learned representations, or anthropomorphic narratives,
their authorship becomes obscured. Hidden normativity is riskier than explicit governance: it is
harder to audit, harder to revise, and easier to misattribute to the system itself.

The alternative advanced here is a clearer partition of normative labor. A Safety Envelope makes
non-negotiable commitments structural, explicit, and governance-authored. Within that envelope, an
Adaptive Space permits rich internal regulation, predictive control, and learning without importing
philosophical claims they cannot support. The lifecycle map specifies where constraints enter
across the system lifecycle, while the audit checklist tests whether those constraints persist under
adaptation and self-modification.

The most promising path for bio-inspired AI is therefore neither the romanticization of simulated
needs nor the denial of internal regulation. It is to keep some norms visibly authored, governed, and
enforceable, while allowing internal regulation to grow where it reliably delivers competence. By
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making the whistle visible rather than mythical, we enable safer systems and clearer claims about
autonomy.
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