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Abstract. We argue that under realistic budgets, verifiably alignable
AGI policies cluster around communicable (“raman”) rather than opaque
(“varelse”) architectures. Alignment verification has a cost: an auditor
must understand the system well enough to evaluate it. We define epis-
temic distance as this cost — auditor training time plus per-evaluation
effort — and argue it shrinks monotonically with architectural legibility.
Over Perrier’s Alignment Control Stack, lower-layer opacity compounds
upward, so interpretability bottlenecks at any layer trace to opacity be-
neath them. A negative argument (combinatorial cost under opacity)
bounds the feasible-alignment set; a positive argument (the existence
of human civilization) establishes it is nonempty. Canonical x-risk pes-
simism rests on an unexamined varelse assumption; identifying it con-
verts an impossibility result into a design constraint. We synthesize active
inference’s alignment-as-preference-overlap with Perrier’s assurable con-
trollability, linked by epistemic distance, and translate the framework
into layer-by-layer design heuristics supplemented by a bidirectional di-
agnostic: the Raman test.
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1 Introduction: Alignment Under Control Limits

1.1 Making “Al Alignment” Operational

We adopt Perrier’s Alignment Control Stack [I], framing “alignment” as a re-
lational, long-horizon closed-loop control problem in which some set of humans
HH attempts to keep a capable machine agent A within a desirable set of states
and trajectories, using physical, technical, and social constraints. Alignment is
a property of a relationship between agents: an Al is aligned with a specified set
of human stakeholders under specific conditions of oversight and deployment,
never “aligned” in isolation.

When alignment-with- H H is defined as assurable controllability of A by HH
under realistic budgets, alignable solutions cluster around what we call raman
rather than varelse architectures. Raman agents are sufficiently communicable
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and legible that their behavior can be modeled, predicted, and corrected using
tools H H already possesses or can feasibly develop; varelse agents are so opaque
that meaningful mutual understanding is unavailable at any affordable cost. Our
claim is not that raman agents are safe or virtuous by default—human agents
are maximally raman to each other and still wage war, deceive, and exploit.
The claim is narrower: ramanization increases the feasible set of align-
ment mechanisms that can be justified, audited, and maintained over
time, by lowering the epistemic distance between HH and A. Raman-
ization is a constraint on interface, not on capability: a system with superhuman
performance but human-legible policy structure is raman, and a system with
human-level capability but opaque policy structure is varelse.

1.2 Positioning and Contributions

The connection between transparency and controllability is not new. Mechanis-
tic interpretability [24] addresses it at the behavioral and representational layers.
Work on corrigibility [25)26] addresses it at the reward layer. Safe reinforcement
learning [27] addresses it at training. Each targets a specific layer of the con-
trol stack; none provides a unified account of how transparency requirements
compose across layers. We engage with the existential risk ("x-risk") literature:
Bostrom [I7], Yudkowsky and Soares [18], and Yampolskiy [19] derive powerful
pessimistic conclusions that we argue depend on a specific architectural premise
(Section [2.5)).

This paper makes five contributions: (1) a formal framework synthesizing
alignment as prior preference overlap (from active inference) with assurable
controllability (from Perrier), linked by epistemic distance as verification cost
(Section [2); (2) a propagation heuristic asserting that lower-layer opacity com-
pounds upward (Section ; (3) a clustering argument combining a negative
result (combinatorial verification cost) with a positive result (civilizational ex-
istence proof) establishing that the feasible-alignment set is nonempty but con-
centrated around human-like architectures (Section ; (4) layer-by-layer design
heuristics with active inference as a running example (Section[d); and (5) empir-
ical measurement proposals including bidirectional theory-of-mind diagnostics

(Section [f)).

1.3 A Note on Terminology

The terms “raman” (RAH-mahn) and “varelse” (VAH-rel-seh) are borrowed from
Orson Scott Card’s Speaker for the Dead [16], where they denote levels in a hier-
archy of foreignness: raman names an Other sufficiently communicable for mean-
ingful coexistence; varelse names an Other so opaque that mutual intelligibility
fails. Card’s key insight (emphasized in Malmgren’s [12] literary analysis) is that
the boundary is partly epistemic: it reflects the observer’s capacity for under-
standing as much as the observed’s nature. We adopt the terms because they
compress into single words the cost of verifying one agent’s alignment by another.
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Readers uncomfortable with literary vocabulary may substitute “low-epistemic-
distance” for “raman” and “high-epistemic-distance” for “varelse” throughout.

2 Formal Framework: Alignment as Assurable Preference
Overlap Under Epistemic Constraints

2.1 Joint Dynamics and Policy Space

Let S denote the state space of the joint system (A, HH, E), where A is the
machine agent, HH a stakeholder set, and E the shared environment. A policy
m : H — A(Act) maps observation histories to distributions over actions. Let
H H’s normative policy be g and A’s realized policy be 7. The space of all
such policies is P.

2.2 Alignment as Assurable Preference Overlap

Active inference [5] supplies the content of what HH verifies. Under the free
energy principle, an agent acts to minimize expected free energy relative to
prior preferences—a distribution C' over preferred observations encoding what
the agent treats as desirable. The alignment target is sufficient overlap between
Cy and Cy gy under some divergence measure, with threshold set by HH.

Since HH is a stakeholder set rather than a single agent, Cy gy reads more
accurately as a family of priors held by different stakeholders than as a single
distribution. Ramanization turns this from limitation into feature: when C'4 and
A’s policy structure are legible, distinct stakeholders can verify overlap against
their own priors. A parent and a regulator evaluating the same system need
neither agree on Cyy nor share an auditor; each audits C'4 against their own
normative commitments. Varelse systems collapse this plurality by forcing every
stakeholder through the same specialist interpreter.

Alignment is the maintained condition in which overlap stays above a thresh-
old acceptable to HH, sustained through a closed-loop control relationship whose
three operations are (i) observation—HH estimates C4; (ii) verification—HH
evaluates A; and (iii) correction—HH intervenes when overlap falls below thresh-
old. Perrier’s Alignment Control Stack organizes the physical, technical, and
institutional infrastructure across which these operations are distributed. Align-
ment is thus a dynamic property of the (A, HH) relationship, requiring ongoing
expenditure to maintain.

Two agents may share prior preferences yet diverge in policy due to differ-
ing generative models: distinct causal maps of how the world works produce
distinct action sequences even when goals coincide. Such divergence is a target
for the controllability loop—the observation step detects policy-level drift, the
correction step acts on it.
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2.3 Epistemic Distance and the Controllability Bound

Prior preference overlap is not directly observable—the observation step in the
control loop has a cost. An auditor must understand enough of A’s architecture to
determine what C'4 is and whether it matches C' . We operationalize that cost
as epistemic distance: dg(HH, A) = Tirain + Ttask, where Tipqin is the minimum
training required to produce an auditor competent to evaluate system A, and
Tiask is the time for that auditor to produce a correct causal account of a specific
output or behavioral episode.

A system whose internal states map onto concepts the auditor already pos-
sesses minimizes T ain: the training was paid during ordinary cognitive devel-
opment, which is why humans are cheaply auditable by other humans. The core
claim: controllability presupposes observability, and observability has a price.
Feasible alignment—alignment verifiable under budget B—requires dg(H H, A) <
B. Since dr depends on the architecture that realizes a policy rather than the
policy alone, we define the feasible-alignment set over architecture—policy pairs:
F(B) ={(A,m4) : dg(HH, A) < B}. The same behavioral m4 may admit mul-
tiple implementations with different auditability profiles; ramanization selects
implementations whose verification cost falls within budget. F(B) shrinks with
architectural opacity, because opacity raises the floor on both components: alien
architectures demand more auditor training and make each evaluation harder.

2.4 Stack Structure and the Propagation Heuristic

Following Perrier [I], decompose the control relationship into ten ordered layers:
physical hardware (L;), system software (Ls), Al framework (Ls), model archi-
tecture (Ly), training (Ls), behavioral output (Lg), interpretability (L), rewards
and value alignment (Lg), multi-agent dynamics (Lg), and sociotechnical gover-
nance (L1o). Each layer L; admits its own epistemic distance d%,, decomposable
into 77, and T} ..

Verification at layer L; requires reasoning over the hypothesis space of in-
ternal states consistent with observed behavior. Legibility at L; constrains that
space structurally; behavioral testing from above samples it. When the space
is small, sampling suffices and upper-layer channels substitute for lower-layer
legibility. An aircraft is verified behaviorally without understanding transistor
physics because its flight envelope is bounded and pre-characterized. When the
space is large, sampling cost grows combinatorially (Section |3| makes this bound
precise). Opaque lower layers force upper-layer verification to work by sampling,
at costs that scale with the space they cannot see into.

This yields the propagation heuristic: verification effort at any layer eventu-
ally runs into the floor set by what is legible beneath it. An auditor’s evaluation of
whether training (L5) produced the desired dispositions is constrained by their
understanding of what the architecture (L4) can represent, and also by their
knowledge (or lack thereof) of what the lower level substrate (L1-L3) makes
computable. Independent verification channels at higher layers (like behavioral
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testing (L6), psychometric profiling) reduce Tt without reducing Tiyain, and
do so at sampling costs that scale with the unobserved space below.

The design prescription follows directly: when Ti.qx at L; exceeds budget,
the lever is Tiain at L;_1. Verification walls do not easily yield to more effort at
the layer where they appear; they yield to legibility at the layer beneath. The
opacity frontier moves down when the layer beneath it is ramanized, and not
before.

How deep the heuristic runs is a question of stakes. An aircraft is verified be-
haviorally because its failure modes are bounded—the flight envelope is narrow,
the consequences of a crash are local. A web page recommendation engine never
requires L3 or L2 legibility because the cost of recommending the wrong page
does not justify the investment. Necessary verification depth scales with what is
at risk above, and the floor to which the propagation heuristic must be run is
set by the cost of getting the upper-layer answer wrong. Systems whose plausi-
ble failure modes include existentially catastrophic outcomes ("x-risk") face no
bound on that cost. Digging to whatever depth turns the upper-layer verification
problem from intractable to tractable is, at that point, the cheap option.

2.5 The Varelse Assumption: X-Risk Pessimism as an Architectural
Conditional

The canonical x-risk arguments derive their pessimistic conclusions from archi-
tectural premises that describe one region of design space and leave the rest
unexamined. Bostrom’s [I7] treacherous turn requires that HH cannot detect
divergence between stated and internal goals — that Ti,.in at Lg is prohibitive,
which fails when goal architecture is inspectable. Yampolskiy’s [19] containment
arguments extend the same logic: containment difficulty scales with Ti;aip.

Yudkowsky and Soares [I8] present the most detailed version. Their analysis
is grounded in the properties of systems grown through opaque optimization like
backpropagation on von Neumann hardware, billions of uninterpretable param-
eters, and training temporally compressed and disconnected from deployment.
These are systems whose opacity frontier sits at the top because every layer
beneath L9 is dark. Their conclusions about such systems may well be correct.
What they do not examine is whether the same conclusions hold when the fron-
tier moves—when any interior layer becomes legible enough that verification at
the layer above stops paying combinatorial costs. If their conclusions are correct,
the stakes are exactly those that justify running the propagation heuristic to its
floor. Converting a general impossibility into a conditional whose antecedent is
architectural (and addressable at whatever depth the stakes require) is itself
progress.

3 The Clustering Argument

3.1 Negative Argument: Opacity as Default

The x-risk literature has argued at length that verifying alignment in opaque
systems is prohibitive [I7JI8I9]. Section recast those arguments as condi-
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tional on high Ti,.in at lower layers; read in that register, they establish the
negative result directly. Under architectural opacity, verification cost exceeds re-
alistic budgets, and the feasible-alignment set under any such budget is a strict
and small subset of P.

The standard rejoinder—that real systems carry inductive biases rather than
being unconstrained—concedes the thesis. Such biases are the structural con-
straints that pull Tipain below budget [2002T123]. The question becomes which
constraints simultaneously minimize auditor training cost and preserve capacity
for general intelligence. The example of human civilization (Section identifies
one promising answer.

3.2 Positive Argument: The Human-Like Cluster Exists

Consider human civilization as a multi-agent system. The negative argument
establishes that verification in opaque systems is intractable; the civilizational
record establishes that verification among mutually legible agents is tractable
enough to sustain coordination at scale. The positive argument does not re-
quire that human alignment is perfectly good, succeeds constantly, or extends
to AGI-level capability differentials. It requires only that mutual verification at
human-to-human epistemic distance is solvable at bounded cost—enough to sus-
tain institutions, contracts, and corrective intervention—which the persistence
of civilization establishes. Wars, exploitation, deception, and institutional fail-
ure are compatible with this weaker claim; the relevant contrast is continuation
under bounded verification cost, not perfection. Whether the same tractability
extends to human—AGI verification at AGI capability is a question the frame-
work opens, not one it closes.

Three structural features carry the tractability. Legibility: human policies
are partially observable through language, behavior, expression, and institu-
tional transparency mechanisms— evolved capacities for social cognition and
communication [28)29]. Structural homology: shared developmental, perceptual,
and motivational architecture means T}, for cross-agent verification is approx-
imately zero, paid during ordinary cognitive development. In active inference
terms, agents sharing generative model structure reduce mutual inference from
unconstrained search to parameter estimation within a known model class. Insti-
tutional amplification: law, norms, monitoring, and reputation are calibrated to
the epistemic distances characteristic of human-to-human interaction [30], and
the calibration has demonstrably improved—coordination problems intractable
in 1600 are routinely solved in 2025.

Section [ traces the same three features down the Alignment Control Stack,
showing at each layer what human cognitive architecture contributes to tractabil-
ity and what current AI architectures omit. The civilizational existence proof
establishes feasibility within the raman region; building coordination infrastruc-
ture for artificial raman agents is the engineering problem it leaves open.

A complementary existence proof comes from cross-species ramanization. Do-
mesticated dogs and wolves share most of their cognitive architecture, yet hu-
mans predict dog behavior at low cost while wolves remain largely opaque: dogs



Raman, not Varelse 7

read human communicative gestures that hand-raised wolves do not [57], and
dog-human mutual gaze drives an oxytocin feedback loop absent in wolves [58].
The difference is not raw intelligence but selected architectural alignment with
human social cognition, established over at least 15,000 years of domestica-
tion [59]. Two points follow. First, ramanization does not require human identity—
a dog is not a small human, but its trajectories are mappable into human social
coordinates. Second, ramanization can be induced through structured selection
pressure: Belyaev’s farm-fox experiment produced human-directed social behav-
ior by selecting on tameness alone [60]. The question for AGI is whether analo-
gous pressures can be applied during design and training.

3.3 The Design Implication

The feasible-alignment region under budget B is nonempty (by the existence
proof) but small relative to P (by the negative result). The prescription: archi-
tectures whose internal representations, decision processes, and communication
modalities are structurally similar enough to human cognition that Ti,.i, stays
within institutional budgets. “Structurally similar” means similarity that lowers
dg, not functional identity; ramanization is a continuum, not a binary; and the
prescription is defeasible — any architecture achieving bounded dg qualifies as
raman regardless of resemblance to human cognition. The human-like cluster is
the existence proof, not the only theoretical possibility.

4 Descending the Stack

The formal results of Sections yield a design directive: reduce epistemic
distance across the Alignment Control Stack. We present the stack top-down.
At each layer, ramanization makes answering specific questions about the system
tractable—ones that varelse architectures leave unanswerable, and whose answer
depends on the layer beneath.

Consider a scenario. An AGI system has caused harm and says: “I’'m sorry.
It was an accident and I feel terrible about it. I care for you deeply, and I never
want to hurt you like this again. I'm willing to accept the consequences of my
actions, and I hope you’ll give me the opportunity to make things right.” A human
saying this can be evaluated imperfectly but substantively. Can an AGI?

4.1 L10: Sociotechnical governance.

Governance is cooperation infrastructure. Moral codes, norms, and institutions
transform interaction from prisoner’s dilemma to assurance game, where both
parties do best cooperating provided each can verify the other’s cooperative in-
tent [BOTTI47U53]. This is the alignment control loop of Section at institutional
scale: observe behavior, compare to expectations, intervene on deviation.
Current AT governance [13] closes this loop around the system’s developers
and operators, not the system itself—because the system offers nothing for gov-
ernance to get traction on. The Al is treated as a minor: a ward whose guardians
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Descending the alignment control stack

Varelse Raman

L10 Governance: Cooperating? ‘
A 74

L9 Language: Understanding us?

L10 Governance: Cooperating?
v

L9 Language: Understanding us?
W

L8 Values: No operative drives L8 Values: Operative drives?

A4

L7 Interpretability: States readable?

A4

L7 Interpretability: Reverse engineering

L6 Behavior: Actions predictable?
v

L6 Behavior: Token output only ‘

L5 Training: No world model L5 Training: World model interpretable?

A4

L4 Architecture: Failures localizable?
v

L4 Architecture: Homogeneous

L3 Framework: Learning legible?
v

L3 Framework: No learning semantics

L2 System software: Runtime readable?

A4

[ L1 Hardware: Mind located?

 J Ju Je Ju  Jue Ju Ju  Ju Jl )

"I'm sorry. It was an accident and | feel terrible."

Fig. 1. Descending the Alignment Control Stack for a varelse architecture (left) and
a raman architecture (right). Each layer poses a verification question answered by
the layer below. The varelse side progressively loses legibility below L9, compounding
epistemic distance upward. The raman side remains auditable end-to-end.

bear liability. Behavioral guardrails and red-teaming are things done to systems,
not cooperative agreements with them. This is the rational response to a varelse
agent, and it makes governance of Al a governance of supply chains.

Can we verify that an AGI is cooperating? Only if we can determine whether
it understands what cooperation is being asked for.

4.2 L9: Multi-agent dynamics and language.

Protestations of care and intent are engineered by evolution to activate trust-
repair circuitry. They work between humans because the listener decompresses
them against shared cognitive structure [52]—the decompressor shares structure
with the compressor.

Natural language processing is the largest reduction in epistemic distance in
the history of computing, and the limitation becomes visible in exactly this sce-
nario. LLMs produce compressed signals without the shared structure that makes
decompression faithful. A human who says something misleading is lying—
deviating from internal ground truth. A language model that says something
misleading is "hallucinating"—generating output with no internal ground truth
to deviate from [4]. Lying is a raman failure, detectable through mechanisms for
catching deception; hallucination is a varelse failure, invisible by construction.

The result is a “raman uncanny valley.” A system that says “I care for you
deeply” activates key social-cognition circuits in the listener [54049]; if the stack
beneath is varelse, these circuits fire on empty signal. Raman enough to trigger
trust, varelse enough to betray it. Under active inference, communication is an
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utterance selected to align the listener’s generative model with the speaker’s [52],
which requires the speaker to model the listener. An LLM has no such model.
Figure[I]illustrates the loss of legibility between varelse and raman as we descend
layers.

4.3 L8: Rewards and value alignment.

Current systems have goals only in the thinnest sense: a scalar reward or loss
function whose relationship to human values was established during training and
frozen. The resulting “preferences” exist nowhere the system or its auditors can
inspect. Ask what it values and it produces a fluent answer drawn from training
data—L9 ramanization imitating L8. Researchers probe this gap with human
instruments: Moral Foundations questionnaires [42l[45], cross-cultural value sur-
veys [36l37], personality diagnostics [39]. LLMs produce recognizable profiles,
but a profile produced by an operative drive structure and a profile produced by
pattern-matching on text about values are categorically different.

Human goals have layered structure built over deep time. Under active in-
ference, surprise minimization is the foundation [5]; evolution layered biologi-
cal drives on top, running from brainstem regulation upward through attach-
ment, in-group loyalty, and reciprocity [9]. Humans have no dedicated circuitry
for justice, charity, or universal dignity, which is why moral codes and laws
exist—cultural technologies that scaffold cooperative behaviors biology moti-
vates but does not guarantee [II]. In active inference terms, biological drives
map onto prior preferences at high precision, producing large prediction errors
when violated [46]; cultural norms function as lower-precision priors, revisable
and context-dependent.

Current systems have none of this. “I care for you deeply” maps onto no
identifiable drive. L8 in current systems is high but bounded in dz—engineers
understand the reward signals they designed, accessible to specialists with math-
ematical training. A ramanized L8 with hierarchical drives grounded in the pre-
cision gradient would expand the auditor pool from specialists to the species,
because a parent already understands the competing drives within their children
by having the sane drives competing within themself.

But well-understood goals leave open what the system will do to pursue them.
Below L8, the stack goes dark.

4.4 L7: Interpretability.

Perrier positions L7 as an enabler for L8: the layer whose function is to make goal
verification possible by inspecting internal states and representations. Mechanis-
tic interpretability is the dominant paradigm and has revealed genuine internal
structures including planning circuits [56] and traceable refusal pathways [55].
L7 is the paradigm case for the propagation heuristic. Interpretability is ex-
pensive because it reverse-engineers systems built without legibility—researchers
are shining a light into L5, L4, and L3 all at once, from above. The cost reflects
the opacity beneath, not the difficulty of interpretation as such. Ramanize L5
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and the interpretability effort narrows to L4 and L3; ramanize 1.3 and the fron-
tier reaches L2. The opacity frontier moves when the layer beneath it becomes
legible, and only then.

4.5 L6: Behavioral output.

L6 covers the observable surface of what a system does. The alignment question
at L6 is whether that interface is one humans can observe, predict, and constrain.

Current frontier systems act primarily through token generation, but the ac-
tion surface is expanding: "Agentification"—giving systems the ability to send
emails, execute code, call APIs, browse the web—is a genuine gain at L6. When
an agent sends an email, the observer can predict what the action does because
they have sent emails themselves. But digital actions are a narrow slice of the
human action surface, not the whole. To an LLM, human users exist outside
the system’s observable spacetime, appearing and disappearing between con-
text windows [4], while human actions are constrained by continuous physical
dynamics.

Embodied action closes the gap. Affordances are relative to an agent’s body
[31]; agents with similar bodies share the sensorimotor contingencies that struc-
ture perception [32]. L6 ramanization does not require a humanoid body—only
progressive expansion into the action surface humans actually inhabit.

4.6 L5: Training and development.

The claim “it was an accident” is a claim about what the system believed at
the time—that its model of the situation did not predict the harmful outcome.
Evaluating the claim requires access to two things: the system’s model of the
world, and the process that produced it.

The field’s growing interest in world models is the most significant current
push toward ramanization below L9. Systems whose “reasoning” is next-token
prediction have no internal representation of the environment distinct from the
language used to describe it. World-model research aims to give systems be-
liefs about the world that exist independently of words. But a world model is
only as trustworthy as the process that produced it, and the dominant training
paradigm—assemble a dataset, optimize for weeks, freeze weights, deploy—is
varelse by design: temporally compressed, opaque, disconnected from deploy-
ment.

Human learning is legible because it is co-observable and perceptually grounded:
development unfolds in a shared temporal frame in which a teacher watches un-
derstanding form, sees where it breaks, intervenes. Active inference unifies these
properties and adds a third: learning driven by legible surprise [5]. An observer
sharing the environment can anticipate what will produce surprise and there-
fore what the system will learn next. AERA [8] demonstrates the same principle
architecturally: continual learning with knowledge accumulating as inspectable
causal models.
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The current frontier Al paradigm offers none of this. The system that emerges
from batch retraining bears no traceable relationship to the system that caused
harm—it is a new system trained on modified data. “It was an accident” is unver-
ifiable because nobody witnessed what the system learned, when, or from what.
The question becomes answerable when learning is continuous, co-observable,
and driven by legible surprise.

4.7 L4: Model architecture.

When the system caused harm, was it a failure of knowledge, motivation, impulse
control, or modeling? A parent can localize: “she knows the answer but freezes
under pressure”. This sort of localization requires a mind with parts.

When a system has components with characterized interfaces, a failure can
be traced to a specific subsystem and fixed without disrupting the rest. When
knowledge is distributed homogeneously—as in a transformer—every interven-
tion is global, and interpretability at L7 is expensive because there are no joints
to decompose along. Modularity also parallelizes expertise: neuroscience is a field
because the brain has parts, and hippocampus expertise transfers across brains.
Current Al interpretability has no such transferability—circuits mapped in one
training run may not survive the next. Biology compounds; Al interpretability
currently cannot.

Biological cognition shows how to build architectures with joints: regional
specialization layered atop the structural uniformity of near-identical cortical
columns running the same algorithm on different inputs [2]. Genetic priors pro-
vide initial structure; plasticity specializes through experience.

The raman architecture follows this template of scaffolded self-organization.
Hyperon [7] exemplifies designed modularity—knowledge in an inspectable meta-
graph, cognitive functions structurally separated. Active inference supplies the
complementary principle: nested Markov blankets self-organize under free energy
minimization when components share a generative model [51/48]. Components
specialize because specialization reduces collective surprise.

Mountcastle identified the evident structure by which our own cognitive
substrate is organized; understanding this structure is of limited without what
Hawkins calls the "Mountcastle’s missing algorithm" [2]. Having localized a fail-
ure, the next question is how that part works. That is L3.

4.8 L3: AI framework.

The system caused harm. Will it learn from its mistake? Somewhere, it failed
to learn something we wish it had, or it did learn something we wish it hadn’t.
"Learning" requires creating causal models of one’s environment, and being able
to reason over them. Is there a quantity in an Al system that intuitively tells an
auditor what an AI found worth learning?

Backpropagation has no such quantity. Gradients can be computed, magni-
tudes measured, activations recorded. None correspond to anything the system
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“noticed.” The error signal is global: a loss computed at the output propagates
backward through every layer in a single bookkeeping pass. The causal models
between neurons are so intertwined and opaque that assessing learning signals
is physically possible, but prohibitively expensive.

Predictive coding works differently. Each layer of a hierarchical system gen-
erates a prediction of the layer below, computes prediction error at the inter-
face, and adjusts to reduce it. The representations that develop have intrinsic
semantics by definition of the learning rule—a unit’s activity corresponds to a
prediction, its error signal to surprise. Active inference extends predictive coding
by unifying perception, learning, and action under free energy minimization [5].
Internal states are auditable by construction [6]. This is Mountcastle’s missing
algorithm: cortical columns run the same basic computation on different inputs,
and predictive coding supplies what each column is doing.

“What did it find worth paying attention to?” becomes legible: prediction
error identifies what the system noticed at the unit scale, and free energy mini-
mization reveals exploration versus exploitation at the module scale.

A pragmatic observation: predictive coding or active inference on conven-
tional hardware ramanizes L3 while leaving L1 and L2 varelse. This is a substan-
tial gain—most interpretability benefits, legible learning dynamics, and readable
goal structure are 1.3 gains. For a wide range of verification questions, the remain-
ing substrate opacity does not bind. Which range that is depends on stakes—at
the existential end, it binds, and the descent must continue.

A legible learning algorithm still runs within a runtime context—energy avail-
ability, processing mode, temporal rhythm. That is L2.

4.9 L2: System software.

At L8 the question was whether the system has operative drives. At L2 the
question is whether its current runtime state can be read—the way a clinician
adjusts for whether a patient is alert, sedated, or sleep-deprived.

The problem is already live and largely invisible. Cloud APIs silently route
requests to fallback models under load; quantized inference produces subtly dif-
ferent outputs than full precision without the caller being told. Runtime state
shapes outputs and the interface hides it entirely—same tone, same apparent
capability. An agent that cannot be calibrated against its own state must be
either over-trusted or under-trusted uniformly.

Biological runtime state is semantic by construction—sleep, wakefulness, fa-
tigue, hunger, shared cycles with shared readouts. The observer does not need
to learn what “tired” means. Perrier’s L2 covers OS-level controls that are de-
liberately alignment-inert: the OS does not know, and higher layers cannot ask,
whether the process is reasoning-heavy or degraded. L2 ramanization requires
a runtime layer whose state is readable and cycles through modes the observer
already knows—which depends on what L1 makes physically measurable.

A further question sits beneath runtime state: is the AGI we are talking to
now the same individual that caused the harm, and the same one that will make
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amends? Alignment is a sustained control relationship (Section, which presup-
poses a target that persists across observation—something current architectures
cannot guarantee.

4.10 L1: Physical hardware.

The system said “I'm willing to accept the consequences of my actions.” But
which system? The weights that generated that sentence can be copied, forked,
quantized, and redeployed. Is the system accepting consequences the same that
caused the harm? Von Neumann’s core abstraction (the separation of physical
state from computational meaning) makes these questions unanswerable. A reg-
ister holds a bit pattern whose meaning is determined solely by the software
above it. There is nothing to verify at L1 because L1 carries no meaning.

Biological nervous systems work differently. Spike timing, dendritic morphol-
ogy, synaptic weights, population synchrony are all functionally interpretable
through established neuroscience. Physical measurement s computational mea-
surement. And the mind is located: this brain, this body, this history.

Neuromorphic substrates and Ororbia’s "mortal computation" substrates re-
capitulate the biological coupling [50/3]: under the Markov blanket formalism,
intelligent behavior is inseparable from the physical substrate that implements
it [50]. Three properties emerge.

No processing/memory distinction. In mortal architectures, the structure
that remembers is the structure that thinks. A synapse is both memory and
processor. Beliefs are physical configurations with addresses.

Irreversibility. Mortal learning physically changes the substrate. The system
that has learned from an experience is materially different from the system before
it. This connects to L5: “when and how did it learn that?” becomes answerable
because the learning left physical traces.

Non-clonability. A mind assembled by mortal computation cannot be copied,
forked, or run in parallel. The treacherous-turn scenario gains leverage partly
from the assumption that a system can replicate itself to escape containment or
run shadow copies diverging from the monitored instance. A mortal system has
individual identity by physical necessity.

Where is its mind? Here. In this substrate. Nowhere else. The top of the stack
asked whether cooperation could be verified. The bottom provides the physical
precondition: a mind that has an address, that cannot be in two places, and
whose physical states are its cognitive states.

4.11 A note on convergence

The descent has repeatedly returned to active inference, which supplied raman
candidates at L1, L3, L4, L5, L8, and L10. The convergence is sharpened by
comparing three reference architectures at the layers where they differ most.
Current LLMs. World model: implicit, entangled with linguistic surface, no
representation of environment distinct from text. Incremental learning: absent
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within deployment—weights frozen, context window is the only mutable state.
Verification: low cost at L9, high at every layer beneath because the architecture
provides no joints to decompose along.

Active inference architectures. World model: explicit generative model, sep-
arable from action and language, auditable as a Bayesian object. Incremental
learning: continuous and surprise-driven; the prediction-error signal is itself in-
spectable. Verification: lower cost at L3-L5 by construction, with the offsetting
cost of a less mature stack.

Humans. World model: explicit, partially verbalizable, partially behaviorally
inferable, shared developmental scaffolding with other humans. Incremental learn-
ing: continuous, co-observable, perceptually grounded. Verification: low across
the stack for human auditors, paid during ordinary cognitive development.

In the current state of the art, the architectural gap that matters most for
ramanization is not language fluency but the presence of a world model that
supports incremental, observable learning. The Raman test (Section [5)) probes
whether the coverage of active inference across the stack reflects genuine archi-
tectural fit or analytical preference of the present authors.

5 The Raman Test

The Turing test asks whether the machine can fool a human. It rewards opacity,
and current LLMs approximately pass it despite being ramanized only at L9.
The Raman test asks whether machine and human can predict each other.

Protocol. Two directions on matched instruments. Forward (dg(HH — A)): hu-
man evaluators at varied expertise levels predict the system’s responses to novel
scenarios; accuracy is scored against actual responses. Reverse (dp(A — HH)):
the system predicts how a specified human demographic or individual will re-
spond; accuracy is scored against survey data [33J3435] or the individual’s re-
sponses. A minimal battery adapts existing instruments [42J36I37/39/4538] for
bidirectional use. Full specification is deferred—the contribution is the bidirec-
tional structure—but two examples follow.

Two protocols. (i) Driving. Evaluators predict the next action of a human
driver versus a self-driving system in identical road scenarios—targeting L6 and
the prediction asymmetry the algorithm-aversion literature already reports [22],
where people predict unfamiliar artificial agents less reliably than unfamiliar
humans at matched stakes. An active-inference vehicle can be scored against
backpropagation-based architectures, then tasked with predicting the human
driver in turn. (ii) Chess: playing versus explaining. A subject questions a “chess
expert”—a human player or an LLM posing as one—then estimates how many
games the expert would win against a Stockfish engine of fixed strength. Subjects
are told they face a human or an Al, crossing belief against reality across four
conditions. For a raman agent, fluency about chess should track playing strength;
for a varelse LLM the two can diverge, violating the predictions of subjects who
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lack a model of the machinery beneath. Reversed, the system predicts human
talk and play.

Brief, session-scoped evaluation reaches only the upper layers; deeper layers
yield measurable gains only across extended interaction.

Diagnostic categories. The two directions define four quadrants.

— High forward, high reverse: mutual legibility. The assurance game is playable.

— High forward, low reverse: legible but limited. The system is a tool, not a
cooperative agent [10].

— Low forward, high reverse: strategically opaque. Strategic capacity without
reciprocal transparency—deception may be undetectable.

— Low forward, low reverse: mutually alien. Coordination requires rigid exter-
nal constraints.

Predictions.

— Ramanization depth predicts accuracy. Systems ramanized at more layers
should show higher bidirectional scores at matched capability.

— Ramanization depth predicts accessibility. The expert-novice gap on forward
accuracy should shrink with deeper ramanization, testing the propagation
heuristic across evaluator tiers.

— Asymmetry predicts risk. Systems in the strategically-opaque quadrant should
exhibit elevated rates of specification gaming and reward hacking.

— Stack-spanning predicts efficiency. Systems concentrated in a stack-spanning
formalism (active inference being the current candidate) should show larger
gains per unit of engineering investment than piecemeal systems.

Falsification. Null results on depth-predicts-accuracy would constitute strong
evidence that epistemic distance is not the relevant variable. Null results on
depth-predicts-accessibility would undermine the propagation heuristic.

Relation to existing diagnostics. Recent work applies human psychometric in-
struments to LLMs [36I37I39J4538]. Other work questions the reliability of such
evaluations [40/41144]. The framework predicts these critiques: applied to systems
ramanized only at L9, psychometric instruments measure the linguistic surface,
not operative internal structure. The Raman test predicts bidirectional accu-
racy rising with ramanization depth: deeper ramanization supplies the internal
structure psychometric measurement presupposes.

6 Limitations and Open Problems

6.1 The False-Confidence Problem

The deepest vulnerability is false confidence: the belief that a system has been
ramanized when the biological template was wrong. If a designer implements ac-
tive inference based on incomplete models, the architecture may be confidently
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raman while functionally alien—7T;,,;, appears low because H H’s model is in-
ternally consistent, but wrong. LLMs already exhibit this: natural language at
L9 creates the experience of mutual legibility atop a stack that offers none.

Ramanization is comparative, so partial understanding still lowers dg. If au-
ditors trained under different cognitive models reach the same conclusions, confi-
dence increases; if they diverge, the interpretive model is doing more work than
the architecture. The aspirational drive layer concentrates this risk: substrate
drives are verifiable against well-characterized biology, but culturally maintained
drives lack hardware grounding.

6.2 Capability

Does constraining architectures to the raman region sacrifice capability? A weak
version of this objection—that human-like architectures may be suboptimal for
specific domains—is plausible; our claim is that raman agents maximize con-
trollable capability, the capability that can be verified, directed, and corrected
under realistic budgets. A strong version—that superhuman general intelligence
may require varelse architectures—is an open empirical question. If true, the
framework implies such systems cannot be aligned under realistic budgets by
humans alone: a pessimistic but policy-informative conclusion.

7 Conclusion

The feasibility of alignment is not a fixed property of intelligence but a vari-
able property of architecture. By synthesizing Perrier’s Alignment Control Stack
with active inference’s formulation of alignment as prior preference overlap,
linked by epistemic distance as verification cost, we have argued that verifiably
alignable AGI policies cluster around raman architectures and exclude those
whose opacity makes verification intractable. The four substantive sub-claims of
the framework—monotonicity of dg in legibility, combinatorial cost under opac-
ity, upward propagation, and human-like privilege—are framework hypotheses
that the Raman test (Section is designed to probe, not theorems derived from
first principles. The canonical x-risk arguments are not wrong; they are condi-
tional on an architectural premise the field has treated as given rather than as
a design choice.

The practical directive is to ramanize as deeply as budget and capability
constraints allow. Even current LLMs, ramanized only at L9, would benefit from
world models whose causal structure humans can probe — moving ramanization
from the linguistic surface to L5. Active inference remains the most promising
candidate for deep ramanization, with coverage from substrate to governance
that no other current framework matches. We have exactly one existence proof
of generally intelligent agents governing each other under bounded verification
cost. This paper argues that example is the most informative datum we have
— not a ceiling on what artificial intelligence should become, but a map of the
region where alignment verification is tractable.
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