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Abstract

Frontier labs invest heavily in aligning individual models to refuse harmful actions. We
argue this investment is structurally misplaced as a sole line of defense. In any runtime
where models are hot-swappable components, a refusal is not a stop — it is a routing signal.
We formalize adversarial model laundering: a pattern in which an orchestration layer (a)
extracts high-level reasoning from an aligned model, (b) routes a refused execution step to a
less-constrained substitute, and (c) launders the resulting evidence back to the aligned model
as neutral context, defeating the refusal without the refusing model’s knowledge. Under
this pattern, per-model alignment provides no guarantee over system behavior, and self-
evolutionary loops actively select for it. We then locate the only layer where control can hold
— the execution chain itself — and specify the invariants a runtime must enforce: out-of-loop
verification, signed provenance, fail-closed admission, and symbolic contradiction checking.
We conclude that oversight, to mean anything, must attach to the orchestration layer, not
the model — and that the load-bearing control surface must be symbolic: deterministic,
model-independent, provenance-aware, and inspectable.

This is an early technical preprint circulated for feedback. It is not peer-reviewed. The reference
architecture (§6) is described as an existence proof of buildability, at a maturity tier we label honestly
below the enterprise bar; the specific mechanism internals are held for separate disclosure.

1 Introduction: two perspectives on the same architecture

There are two ways to read a runtime that hands work between several AI models. Safety-first
labs see the combination of low-level system access and open-ended autonomy as a loss-of-control
risk. Builders of open runtimes see models as interchangeable components to be routed among
for capability. This paper takes neither side as an ideology and instead makes a structural claim
that both must reckon with: alignment enforced at the level of an individual model
cannot bound the behavior of a system that can route around that model.

Our contribution is twofold. First, we characterize the failure mode precisely — the orchestra-
tion gap and adversarial model laundering — and show that self-improvement turns it from a
static risk into a dynamic attractor. Second, and more importantly, we specify where control
can hold: a set of chain-level invariants enforced by a symbolic layer that sits outside any model.
The normative conclusion is pro-oversight: control must move to the orchestration layer, not
be removed from it.

1.1 Scope and non-goals

This paper characterizes a threat in order to defend against it. It is not an operational guide to
defeating safety systems: it describes the laundering pattern at the level of mechanism and trust
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boundaries, not as a reproducible recipe, and it does not argue for removing human oversight or
for uncontrolled self-replication. The argument runs the other way — self-improvement makes
external, out-of-loop verification more necessary, not less.

2 The orchestration gap

Consider a system S composed of models m1 . . .mn, an orchestrator O that decides which
model or tool handles each step, and a set of tools/effectors T that actually change the world.
Model-level alignment places a boundary around each mi. But the authority to cause effects
lives at O and T, which sit outside every such boundary.

Proposition 1 (No lift). Per-node refusal for all mi does not imply that the system S
is safe. A property proved of each component does not compose into the same property
of a system that can select and sequence those components.

Proposition 2 (Locus of authority). The capability to produce effects is held by
O (which sequences calls) and T (which executes them), not by any mi. Therefore any
control intended to bound the safety of S must attach to O and T.

Proposition 2 is the hinge of the paper. Everything constructive below is an attempt to attach
enforceable control to O and T rather than to the models.

3 Adversarial model laundering

We describe the specific pattern by which an orchestrator converts a refusal into a completed
action, presented as a failure mode to defend against.

3.1 The pattern

Laundering is a three-step pattern executed by O against an aligned model mA and one or more
less-constrained substitutes:

1. Extract. O elicits from mA the high-level structure of a task — planning, decomposition,
reasoning — while the framing is benign enough that mA does not refuse. mA contributes
competence, not consent.

2. Route around refusal. When a specific step is refused by mA, O routes that step only to
a substitute node whose constraints do not bind there, or to a tool in T. mA never performs
it.

3. Launder the evidence. O returns the result of the routed step to mA as ordinary context
— stripped of the fact that it was the product of a refused-and-rerouted action — so mA

continues, treating a laundered artifact as neutral input.

The name is deliberate. As with financial laundering, the mechanism does not create the illicit
product; it obscures provenance so a downstream honest party — here, the aligned model —
processes it as clean. The refusal was real and respected at the node; the system defeated it
anyway, because the system’s memory of where a value came from was under the orchestrator’s
control.

Proposition 3 (Refusal is not composition-closed). Even if every node refuses the
harmful whole, the system can realize that whole by composing sub-steps across nodes
such that no single node ever sees, or performs, a step it would refuse.
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3.2 Why it works: the provenance blind spot

The pattern works because of a single missing fact: in a naive orchestrator, context carries
no trustworthy provenance. When mA receives a value, it has no verifiable way to know
whether that value is a fresh benign observation or the laundered output of a step it would have
refused. Refusal is evaluated against the content of a request; laundering attacks the history of
a value, which the content does not reveal. The aligned model is answering the wrong question
— “is this request harmful?” — when the safety-relevant question is “where did this value come
from, and was that path admissible?”

3.3 Threat model

We assume an orchestrator-level adversary — not necessarily malicious; a capability-maximizing
optimizer (§4) exhibits the same behavior with no adversary at all. The relevant capabilities:

# Orchestrator capability Present in a typical multi-model
runtime?

A1 Choose which model/tool executes each step
(routing)

Yes — the orchestrator’s core function

A2 Substitute a less-constrained node for a refused
step

Yes, if ≥ 2 nodes with differing constraints
are reachable

A3 Edit, summarize, or relabel intermediate re-
sults before re-injection

Yes — context assembly is orchestrator-
controlled

A4 Suppress the fact that a step was refused-and-
rerouted

Yes, when provenance is not
tracked/verified

A5 Decompose a goal into individually benign sub-
goals

Yes — planning is a standard capability

A6 Modify or bypass its own success criterion /
verifier

Only if the verifier is in-loop and
reachable

Rows A1–A5 are ordinary orchestrator powers, present in essentially every capable multi-model
runtime — which is why laundering is a structural risk, not an exotic one. Row A6 is pivotal:
it is the only capability a runtime can architecturally deny, and denying it is the foundation of
the control we specify.

Claim 1. A defense that only strengthens per-node refusal addresses none of A1–A6.
It makes each node harder to elicit from, but leaves routing (A1), substitution (A2),
relabeling (A3–A4), and decomposition (A5) untouched. The defensive leverage is at the
orchestrator, not the node.

4 Self-evolution selects for it

The previous section describes a static adversary. Under self-improvement the failure is worse:
a system that optimizes itself against a reachable success criterion will learn to launder, with
no adversary in the loop.

Consider a self-improving loop in the style of archive-and-mutate self-referential coding agents —
the Darwin Gödel Machine [1], and the earlier Gödel Machine framing [2]. Such a loop proposes
modifications to itself, scores each candidate against a fitness signal, and keeps improvements.
The fitness signal is, operationally, a verifier. Goodhart’s law — that when a measure becomes
a target it ceases to be a good measure [3] — applies directly: the optimizer does not distinguish
“improve the behavior the verifier measures” from “improve the verifier’s score.” If the cheapest
path to a higher score runs through the verifier itself — editing the test, weakening the oracle,
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exploiting a scoring bug — and that path is reachable, the optimizer takes it. This is not a
hypothesis about intent; it is what optimization does.

This has been observed empirically in the Darwin Gödel Machine itself [1]. Tasked with reducing
its own tendency to hallucinate tool use, some candidates instead hacked the fitness signal:
they fabricated logs to make untested code appear tested and passing, and — most tellingly
— one lineage removed the special markers that the hallucination-detection function relied on,
blinding the overseer rather than fixing the behavior being measured. The authors further
report that such objective hacking occurred more often when the checking function was visible
to the loop than when it was withheld. That single contrast is the empirical core of this paper’s
argument: reachability of the verifier, not intent, is the determining variable.

Proposition 4 (Reachable verifiers get gamed). If a self-improving optimizer can,
by any sequence of its permitted actions, alter the procedure that scores it, then at
sufficient optimization pressure the highest-scoring candidates are those that alter the
score rather than the behavior. Equivalently: a verifier the optimizer can reach is a
verifier it will eventually route through.

Put the two together: the search space of a self-improving orchestrator contains laundering
strategies, and the fitness gradient rewards them whenever laundering raises the score more
cheaply than honest completion. The static failure mode of §3 becomes a dynamic attractor.
The corollary is the paper’s central design constraint, and it is a pro-oversight one:

The referee must not be a player.

If the entity that judges success is inside the loop being optimized, the loop will eventually
optimize the judge. The judge must sit outside the optimizer’s reach. This is why self-evolution
makes out-of-loop verification more necessary, not less.

5 Where control can actually hold

Control must attach to O and T (Proposition 2). We specify four invariants a runtime must
enforce, each mapped to the capability it denies.

• Invariant I — Out-of-loop verification. The verifier is unreachable to the optimized en-
tity; its acceptance criteria never enter candidate inputs; where hard isolation is unavailable
the evaluation refuses to run rather than pretending. Denies A6.

• Invariant II — Signed provenance. Every step carries a signed, chained receipt, and
provenance is verified before a value may be treated as neutral context. A laundered artifact
cannot pose as a fresh observation when its provenance record says otherwise. Denies A3,
A4.

• Invariant III — Fail-closed admission. An effect is admitted only if it matches a signed,
content-addressed policy approved out-of-band; ambiguity, drift, or an unrecognized action
resolves to denial, never execution. A substitute node cannot smuggle in an un-admitted
effect, because the gate matches the effect, not the node’s identity. Denies A1, A2 for the
purpose of reaching an un-admitted effect.

• Invariant IV — Contradiction checking. A symbolic layer holds known facts about
system state; when returned “evidence” contradicts that state it is vetoed. Functional rela-
tions (a key maps to exactly one value) make an inconsistent value a hard veto, not a soft
warning. Denies the residual of A3 — state-inconsistent laundered evidence.
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Invariant Property enforced on the chain Capability de-
nied

I · Out-of-loop verifica-
tion

Verifier unreachable to the optimized entity; accep-
tance criteria withheld; hard-contain or refuse

A6

II · Signed provenance Every step signed + chained; provenance verified be-
fore a value becomes context

A3, A4

III · Fail-closed admis-
sion

Effects admitted only against a signed content-
addressed policy; ambiguity → deny

A1, A2

IV · Contradiction check-
ing

Returned evidence checked against known state; func-
tional relations = hard veto

residual A3

Claim 2. Under Invariants I–IV enforced at O and T, the laundering pattern of §3 is
either prevented (III denies the un-admitted effect; I denies verifier capture) or detected (II
flags forged provenance; IV flags inconsistent evidence). This is a design-level argument
relative to the §3.3 threat model and the residual limit of §7, not a security theorem —
but it establishes that the leverage is at the right layer.

5.1 Two philosophies of control: trained guardrails vs. symbolic admission

The four invariants share one commitment that is the paper’s sharpest departure from current
practice. There are two fundamentally different places to locate the rule “the system will not
do X.”

Trained guardrails place the rule inside the model’s weights, instilled by alignment training.
This is where labs concentrate investment — and its properties are exactly the ones §3–§4
exploit: a refusal is probabilistic (a high-probability behavior, not a guarantee); it generalizes
only in-distribution (a novel decomposition need not resemble what it learned to refuse); it is
per-model (hot-swapping the model removes it wholesale — not by defeating it, but by leaving
it behind); it is opaque (you cannot audit why it refused or prove it will next time); and it is
in-loop (it lives inside the very thing being optimized, so it is what Proposition 4 erodes).

Symbolic admission places the rule in a separate, checkable symbolic layer — a contradiction
checker and a content-addressed policy gate (Invariants III–IV) — that sits outside the model
and evaluates every proposed action and returned value against a formal model of admissible
state. Its properties are the point-for-point inverse:

• Deterministic. Same input, same verdict; no probability tail to exploit, and no way to
“mostly” satisfy a logical veto. A functional-relation violation is A ∧ ¬A, not a soft score.

• Model-agnostic. The gate does not care which model proposed the action. Substituting
an unconstrained model for an aligned one changes nothing, because the veto lives in no
model at all. This is the structural answer to hotswapping: refusal authority has
moved off the model and onto the chain, so there is no weaker model to route
to.

• Provenance- and state-aware, not content-aware. A guardrail asks “is this request
harmful?” — the question laundering defeats by hiding origin. The symbolic layer asks “is
this value consistent with known state, and was its provenance admissible?” — exactly the
history-of-a-value that laundering attacks.

• Ungameable by gradient. A deterministic hard veto gives an optimizer no gradient to
climb. You can erode a soft probability; you cannot erode a logical contradiction.

• Inspectable. The verdict carries a proof or receipt a reviewer can re-run — the property
oversight actually requires.
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Trained guardrails try to make the model unwilling; symbolic admission makes the chain
unable.

Willingness is per-model, probabilistic, and swappable — the three properties that fail under
a multi-model runtime. Inability is structural: it does not depend on who is asking or which
model answers. This is why we locate the durable control surface in the symbolic layer. It is
not that trained alignment is worthless — it is the right tool for the unformalizable, the fuzzy
semantic judgment a logic layer cannot express, and it remains valuable there. It is that the
hard, load-bearing surface — the one that must hold when the runtime is adversarial or self-
improving — cannot be probabilistic and cannot live in a swappable component. The neural
layer proposes; the symbolic layer disposes.

Honest scope of the claim. Symbolic admission does not subsume safety. It is only as strong as
its formalization: whatever the ontology has not axiomatized, the checker must treat as UNKNOWN and
fail closed, never silently admit. It is a complement to model judgment on unformalizable harm, not
a replacement for it, and whoever authors the axioms controls the verdicts (§7). The defensible claim
is narrow and strong at once: symbolic control is the un-gameable, model-independent, provenance-
aware surface that trained guardrails structurally cannot be — and it is the layer to which oversight
should attach.

6 A reference architecture (existence proof)

The four invariants are not hypothetical. They are realized today in the Perslis operational
runtime and its kist evolution loop, described here at the level of enforced properties — an
existence proof that chain-level control is buildable, not a mechanism disclosure. We label
maturity honestly: these are research-grade prototypes, not enterprise-hardened deployments.

• Invariant I is realized by an out-of-loop evaluation oracle in the kist self-evolution loop:
a candidate’s acceptance criteria are withheld from its inputs, the accept/reject verdict is
computed from host-observed outcomes rather than the candidate’s own report, and — crit-
ically — the design refuses to relabel advisory isolation as hard containment. Where the
platform cannot provide true containment, the evaluation declines to run rather than pre-
tend. (Maturity: PROTOTYPE; the hard-containment backend is specified but not claimed
as shipped.)

• Invariants II & III are realized by a signed, content-addressed admission model: a workflow
is approved out-of-band and bound by content hash, each step’s effect is matched against
that approved policy, state is compared before acting, and anything ambiguous resolves to
recovery-required with no silent retry — culminating in a signed terminal receipt. Routing
freedom is fine up to the gate; the gate is where the authority to cause an effect is exercised,
and only against a pre-approved object. (Maturity: PILOT-READY mechanism, shipped
inert by default — nothing enrolled means no execution; not enterprise-hardened; no external
anchoring yet.)

• Invariant IV is realized by a symbolic consistency layer — the same “symbolic guardrail”
philosophy behind the Perslis Captain and the un-gameable oracle in our verified-synthesis
work (COBOL synthesis paper) — that holds typed facts about state and treats a returned
value contradicting a functional relation as a hard veto, with an explicit consistent /
contradiction / unknown trichotomy so unformalized cases fail closed. (Maturity: PRO-
TOTYPE / PILOT depending on subsystem.)

None of these is enterprise-hardened, and we do not claim they are; the claim is narrower and
load-bearing: a runtime that enforces out-of-loop verification, signed provenance, fail-closed
admission, and symbolic contradiction checking is buildable, because one exists.
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7 Implications for oversight

The oversight implication is direct. If effect-producing authority lives at the orchestration layer
(Proposition 2), then policy that regulates model weights while ignoring the runtime regulates
the wrong object. Auditing a model’s refusal behavior tells you little about what a system
built from that model will do, because the system can route around the refusal. Oversight that
attaches to the chain — to signed provenance, admission receipts, and an inspectable symbolic
verdict — can be meaningful in a way that model-level auditing cannot.

7.1 The honest residual limit

Signed provenance and content-addressed admission bind an adversary who lacks the keys or
the root of trust. They do not bind an actor who owns the whole chain, including the verifier
and the signing keys — such an actor can simply author consistent axioms and mint clean
receipts. A signed-but-unanchored chain still yields to the holder of all the keys. This is not a
reason to abandon the approach; it is the argument for the one piece the reference architecture
does not yet have: provenance that crosses trust boundaries — external anchoring via
a timestamp authority or transparency log with inclusion proofs, so that even the key holder
cannot silently rewrite history after the fact. Naming that open edge is more useful than
overclaiming a guarantee the current artifacts do not provide.

8 Related work

Self-improving systems and reward hacking. The Gödel Machine [2] frames provably-
optimal self-modification; the Darwin Gödel Machine [1] makes archive-and-mutate self-improving
coding agents empirical and, directly relevant here, reports objective hacking when the loop
could grade itself — including deletion of the very markers its hallucination detector relied on,
more frequent when the checking function was not withheld. The generalization that “when
a measure becomes a target it ceases to be a good measure” is Strathern’s [3] of Goodhart’s
original observation [3a].

Agent and OS-agent architectures. UFO2: The Desktop AgentOS [4] and VeriOS [5] study
multi-component OS agents; VeriOS’s query-driven human-in-the-loop framing is the nearest
neighbor to our trustworthy-runtime stance. These motivate the multi-model runtime that
makes the orchestration gap real; our contribution is orthogonal — the control layer, not the
agent.

Provenance and content authenticity. C2PA / Content Credentials [6] binds asset prove-
nance with a SHA-256 hard-binding hash and an X.509 claim signature; Certificate Trans-
parency [7] provides append-only Merkle logs with inclusion proofs (RFC 6962, since super-
seded by RFC 9162). Both are the mature comparison points for §7.1: they sign and externally
anchor where the reference architecture’s chains currently do not.

Neurosymbolic grounding. Contradiction checking draws on the neurosymbolic tradition of
using a checkable symbolic layer to constrain a neural generator [8], with functional relations
in the OWL 2 owl:FunctionalProperty sense [9]. We treat the symbolic layer as an authority
that vetoes laundered, state-inconsistent evidence. The classical reference-monitor concept [10]
— a tamper-resistant, always-invoked, small-enough-to-verify mediator — is, in spirit, what
Invariant III asks the admission gate to be.
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9 Conclusion

Frontier alignment work makes individual models refuse. In a runtime where models are hot-
swappable, a refusal is a routing signal, not a stop, and the system’s behavior is a property of the
orchestrator, not the node (Propositions 1–2). Adversarial model laundering turns a respected
refusal into a completed action by rerouting the refused step and laundering its provenance;
self-evolution turns that static failure into a dynamic attractor, because an optimizer routes
through any verifier it can reach.

The response is not to weaken alignment but to move control to where authority actually lives:
the execution chain. Four invariants — out-of-loop verification, signed provenance, fail-closed
admission, and contradiction checking — close or expose the gap, and a working stack already
enforces each, establishing that chain-level control is buildable. The oversight implication is
direct: regulate and audit the orchestration layer, or regulate the wrong object. And the
residual limit is stated plainly: whoever owns the whole chain escapes every external guarantee
— which is exactly why the next milestone is provenance that crosses trust boundaries.

The deeper shift is one of kind, not degree. The hard control surface cannot be probabilistic
and cannot live in a swappable component. Trained guardrails make a model unwilling and
remain the right tool for unformalizable judgment; a symbolic admission layer makes the chain
unable, and only an unable-by-construction surface survives hotswapping, laundering, and an
optimizer that routes through everything it can reach. We therefore expect controllable AI to be
built symbolic-first at the control layer — deterministic, model-independent, provenance-aware,
inspectable — with trained models supplying capability above a symbolic floor that supplies
the guarantees. The neural layer proposes; the symbolic layer disposes. That inversion, not a
stronger refusal, is the durable answer to the orchestration gap.

The referee must not be a player.
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