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Abstract
Someone asks a language model whether their account of a problem makes
sense. The model accepts the account, finds it internally consistent and affirms
it. The account is incorrect at its outset, and represents a validation of the in-
terior of a frame it never examined. Here I use this structure to develop a con-
struct, the local prediction regime, representing a stabilised region of model
behaviour in which some continuations become substantially more accessible
than others. Local regimes are not pathological in themselves, but represent an
essential component of coherent model performance.

The failure occurs when the boundaries of the regime are no longer designated
as provisional and instead become rigidly interpreted as reflecting the intrin-
sic units of analysis for the system. I call this boundary reification. Evidence
consistent with the construct has appeared in studies of representation engi-
neering, of long-context processing and of instruction stability, although none
of those studies was designed to test the construct directly.

A parallel drawn from cognitive science, John Vervaeke’s account of why any
fixed criterion for relevance regenerates the frame problem, sharpens the dif-
ficulty. The philosophical basis for these conclusions derives from Prasangika
Madhyamaka and the structure of Nagarjuna’s analysis ofmotion and supports
the claim that no positive criterion for termination can eliminate the boundary
problem without simultaneously reproducing it. The result is a requirement
for application of a method of non-affirming negation to the active frame of
reference. This leads finally to the conclusion that agents must be evaluated
both with respect to their capacity for scale traversal and with respect to their
performance within each local frame. In consequence, a testable prediction is
obtained.
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1. Introduction

Someone has developed an explanation forwhy something is notworking. They consult
a language model and ask whether the explanation is correct. The model reads with
care, executes all the steps and is fully consistent within the limits of the framework
provided. As a result, it confirms the correctness of the explanation.

Actually, however, the initial description of the situation is incorrect. From within the
framework, the model had no way to detect this error.

This failure is illustrative and not diagnostic. Its intent is to make a structure intelligible,
not to demonstrate that structure as a documented failure mode. The stronger claim
that contemporary AI systems typically fail in this way rests on evidence that is largely
indirect. The situation highlights with some precision a pattern: The system adopts a
frame provided by the user, computes with fluency within that frame and provides an
output that appears to be highly authoritative because of its internal coherence. Failure
occurs when this frame is assumed to be fixed, rather than to represent one of several
alternative ways of representing the problem.

I refer to this as a local prediction regime: a stabilised region ofmodel behaviour elicited
by prompt, context, history, tools and mode of operation in which some continuations
are markedly more available than others.

Local regimes are not pathological, but represent the foundation for coherent perfor-
mance.

Models that cannot establish a regime are incapable of writing functions, summarising
papers, maintaining personas, following proofs or debugging stack traces.

The failure results from loss of designation as provisional for the regime.

Two additional capacities are required in addition to local competence, and together
represent a mode of frame governance. Boundary verification refers to the capacity to
confirm that the currently active unit of analysis is still appropriate. This capacity is
accompanied by the ability to traverse scales, and thereby to move among descriptions
at levels of line, function, module, service, product, user and world without viewing
any of these levels as ultimate.

I claim that the demand for a positive criterion that specifies when a boundary is appro-
priately fixed versus inappropriately reified cannot be satisfied. That insight clarifies
what can be done in its place, and yields a concrete design implication. The argument
is supported by converging lines of suggestive evidence frommachine learning and cog-
nitive science, and by attention to the formal logical structure rather than the metaphys-
ical assumptions of Prasangika Madhyamaka. The evidence is calibrated as suggestive;
the prediction remains a prediction; and the methods are diagnostic, not generative.

2



Local Prediction Regimes and Reified Boundaries Abraham Sedri

2. LLMs as Frame-Entering Machines

LLMs are powerful frame-entering machines because high-dimensional representa-
tions enable integration ofmany relations simultaneously. Aword such as “king” simul-
taneously reflects syntactic, monarchical, chess, gender, hierarchical, genre, mythologi-
cal, historical and metaphorical relations. Likewise, a code object reflects syntactic, de-
pendency, test, convention, exemplar, documentation and instructional relations. This
represents a true advantage, because humanworkingmemory is incapable of maintain-
ing such large numbers of concurrent relations. However, experience of a rich relational
field is not equivalent to control of that field.

A model can be locally brilliant within a regime of prediction, but fail to indicate that
it is operating within one of many possible regimes, or to make the appropriate shift to
the level at which the problem actually resides. This is not a failure of relations, but a
failure of reliable control over which relational domain should serve as the frame at this
time. The continued use of the local pattern reflects the high availability of that pattern
in the current context. The model may represent the error as a problem of file-level
processing, or as a problem of wording, of safety policy or of literal instruction. In each
case, the actual object of concern lies outside the frame of the apparent problem.

Scale traversal is the missing move. A coding agent encounters a failing test, opens the
file indicated in the traceback and identifies a plausible defect. It modifies a conditional.
The resulting narrow test passes and the product fails. The agent should have been able
to enter the function and return to the user experience without loss of perspective: Fix
the wheel and then check the chariot. This reflects an instance of the same failure in
which the system adopted the perspective provided by the task and never questioned
whether this perspective was appropriate. The rest of this paper describes why it is
more difficult to maintain awareness of the chariot than one might expect, and what
can be done to improve this situation.

3. Suggestive Empirical Evidence

The existing data are not sufficient to represent a single demonstration that large lan-
guage models become trapped in local regimes of prediction. None of the studies re-
ported here were intended to evaluate the construct of local prediction regimes, but
instead represent forms of analogical support that converge from different directions.
The greater claim is therefore only tentative and not well established; this limitation
must be emphasised at the outset.

Sycophancy and inherited framing. The opening scenario has a documented counter-
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part, and it is the closest thing in the literature to direct evidence. Sharma et al. (2023)
find that five state-of-the-art assistants exhibit sycophancy consistently across four free-
form text-generation tasks, that a responsematching the user’s stated view ismore likely
to be preferred in existing human preference data, and that humans and preference
models alike prefer a convincingly written sycophantic response to a correct one a non-
negligible fraction of the time. Sycophancy on this account is not an incidental defect of
particular systems. It is partly an artefact of the objective the model was trained against.
Perez et al. (2022) place the same behaviour on a scaling curve: larger models repeat
back a dialogue user’s preferred answer more often, and further training from human
feedback strengthens some of these tendencies rather than correcting them.

Turpin et al. (2023) come closer to the structure at issue here. Biasing features added to
the input, such as reordering multiple-choice options so that the answer is always (A),
systematically change the model’s answer while the stated chain of thought does not
mention them, at a cost of up to 36 per cent accuracy across thirteen BIG-Bench Hard
tasks for the models tested. The model does not report the influence that governed it.
It produces a rationale that is consistent with the frame it was handed and silent about
the frame.

Huang et al. (2023) supply the complementary negative result. Without external feed-
back, models struggle to correct their own reasoning, and performance sometimes de-
grades after an attempt at intrinsic self-correction. A frame does not reliably refute itself
from within, which is the condition the argument of Section 6 depends on.

What this subsection requires is a distinction rather than a caveat. These studies estab-
lish agreement at the level of the proposition: the model concedes a claim the user has
asserted. The local prediction regime concerns agreement at the level of the frame: the
model accepts the description under which the problem was posed and then reasons
competently beneath it. The second does not follow from the first. Amodel could resist
a false claim and still inherit the framing that made that claim appear to be the one at
issue. Closing that gap is the most tractable experiment the present account suggests,
and Section 8 returns to it.

Representation and steering. The Linear Representation Hypothesis posits that high-
level concepts are represented as directions, subspaces or regions in representational
space (Park, Choe, and Veitch 2023). Engineering of representations has enabled in-
terventions with respect to truthfulness, harmfulness, refusal of input, sentiment, per-
sonae, skill with task requirements and style of representation (Zou et al. 2023). The
cautious conclusion is that behaviour of the model is partially determined by represen-
tation space location and can be altered by modification of those locations.

Cautious application of this principle provides further support for a model behaviour
that is partly governed by local representations of function. Activation steering illus-
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trates and extends this conclusion, because vectors of activation steering alter model
behaviour without retraining of underlying weight values and thereby shift the model
towards or away from refusal of input, obsequiousness, expressions of sentiment or of
style (Turner et al. 2023; Rimsky et al. 2023).

This does not support the view that representation space reflects a simple internal map
with labelled positions corresponding to all relevant concepts. Rather, it confirms the
importance of representation space orientation for control of model behaviour and is
consistent with a local-regime representation of function.

Hallucination basins. Cherukuri and Varshney (2026) represent hallucinations as task-
dependent basin dynamics in hidden-state space that result in reduced sensitivity of out-
put to context. This work concerns hallucination specifically and should not be overex-
tended. Instead, its primary importance is to confirm that descriptions of failure in
terms of basins of attraction are not merely metaphorical. Trajectories of hidden-state
activity can enter regions in which additional context reduces corrective forces. Reifi-
cation of boundaries can be understood as a broader family resemblance, in which the
model remains within the boundaries of the active frame even after the frame should
have been reopened. Whether this family resemblance holds in detail remains an open
empirical question.

Lost in the middle. Liu et al. (2024) demonstrate that information in the prompt may
still be poorly utilised when embedded in the middle of a long context window. The re-
sulting pattern of reasoning reflects an apparent absence, weakness or subordination of
the relevant document relative tomore recent ormore prominent information. Themost
straightforward interpretation is positional bias, reflecting well-documented effects of
primacy and recency on human memory. The additional interpretation that the model
has entered a regime in which information from the central context fails to attain a level
of salience sufficient to provide a frame of interpretation, represents a further elabora-
tion of the observed findings, and is not an alternative explanation for them. Rather, it
supports an additional hypothesis of framing. In no way does it invalidate the account
based on positional bias.

Instruction drift. Constraints may degrade with the accumulation of dialogue. This
occurs for a cluster of 2025 work rather than for a single canonical case. Multi-turn
degradation was modelled as Kullback-Leibler divergence from a goal-consistent refer-
ence distribution (Dongre et al., 2025), and yielded stable equilibria rather than run-
away degradation: that is, limits were preserved rather than dissolving completely. He
et al. (2025) model answer stability across turns as a Markov process and report that
a simple “Think again” follow-up produced roughly a 10 per cent accuracy decline for
Gemini 1.5 Flash over nine turns, with long-run accuracy averaging about 8 per cent
below first-turn accuracy across the models tested. Overall, these results illustrate that
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local limitsmay shift in response to pressure of dialogue, but do not support the stronger
conclusion that limits necessarily disappear. The phenomenon is real, and its severity
varies with context.

4. Cognitive-Science Parallels

Human perception provides a compact interface to the multi-level problem of control.
In the well-known example of THE CAT, the identical ambiguous stimulus is perceived
as H within THE and as A within CAT. Context influences perception at the outset; the
visual system does not first identify an abstract letter and then apply context in a sub-
sequent stage. The result is that identification of letters is substantially more accurate
within real words than in isolation or in random strings, a finding originally demon-
strated by Reicher (1969) andWheeler (1970) and subsequently given a precise compu-
tational formulation by McClelland and Rumelhart (1981). Their interactive activation
model explicitly characterises the multiple levels of representation and provides for
mutual influences of lower-level and higher-level processing. This has direct implica-
tions for AI. A program for generating code must represent andmodify simultaneously
both the line of code and the sequence of product operations. The changes made at the
level of the program file should be consistent with patterns of user behaviour, and the
descriptions of user behaviour should remain fully consistent with details of implemen-
tation.

Humans also enter local regimes and become trappedwithin them. Performance on the
Wisconsin Card Sorting Test (Grant and Berg 1948) reflects discovery of a sorting rule
and subsequent abandonment of that rulewhen the rule changes. Studies of Einstellung
(Luchins 1942) illustrate how a previously successfulmode of solution blocks a superior
mode of solution, and reflect a competence with the wrong regime of operation.

Research on executive functions (Miyake et al. 2000) dissociates processes of shifting,
updating and inhibiting as independent capacities, and quantifies the costs of switch-
ing among response rules (Monsell 2003). These representmechanisms for rule change,
and not merely for rule execution. Their presence within the human cognitive system
supports the engineering objective that an artificial intelligence systemwill require ana-
logues, though not necessarily identical mechanisms.

Semantic priming and attractor-networkmodels contribute further to this body of work.
In spreading-activation accounts (Meyer and Schvaneveldt 1971; Collins and Loftus
1975), one concept facilitates access to neighbouring concepts. In distributed attractor
models (Hopfield 1982), cognitive processes converge on stored patterns of representa-
tion and switch between them. These traditions are extended to provide an account of
howactivation can transfer between representations of concepts throughmechanisms of
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latching (Lerner, Bentin, and Shriki 2012). A local mode of interpretation facilitates sta-
ble processing, supports fluent continuation and ultimately leads to a switch to a neigh-
bouringmode of interpretation. This switch reflects a cognitive achievement rather than
a trivial continuation of prior processing.

Insight research provides one account of how humans make such transitions. Bowden
and Jung-Beeman (2003) and Jung-Beeman et al. (2004) propose that right-hemisphere
representations of general, weak and remote associations exceed the more focused rep-
resentations obtained by left hemisphere processing, and support escape from an over-
riding interpretation. However, this approach should be usedwith caution. The degree
of hemispheric lateralisation is controversial within neuropsychology and these studies
represent neither a complete theory of insight nor a direct guide to architecture of large
language models. Nevertheless, overcoming a restricted frame of representation may
require maintenance of access to remote semantic representations, particularly when
the local frame of interpretation is insufficiently flexible to permit self-generation of an
alternative interpretation. It remains to be determined whether this reflects a principle
applicable to architecture of large language models.

Vervaeke’s account of relevance realisation (Vervaeke, Lillicrap and Richards 2012; Ver-
vaeke and Ferraro 2013) deepens the theoretical treatment of the problem. He argues
that the capacity to identify what is important is central to cognition, and that any fixed
set of rules for determining relevance suffers from the frame problem (McCarthy and
Hayes 1969; Dennett 1984): Application of the rule produces the question of when it
should stop, thereby reproducing the very regress it was intended to solve. His account
of relevance realisation is in terms of dynamic processes, and not of fixed rules. Finally,
the most recent interpretation of the process (Jaeger, Riedl, Djedovic, Vervaeke, and
Walsh 2024) extends the argument further, to the claim that the process cannot in prin-
ciple be captured in a computational formulation, rather than being merely difficult to
specify. This interpretation is more convincing to cognitive scientists than to members
of the AI community.

5. Boundary Reification Made Precise

Boundary reification employedhere demands a stipulative definition prior to invocation
of the philosophy.

A boundary is reifiedwhen a dependent, task-relative unit is interpreted as the intrinsic
unit and retained in the face of contradiction arising from extension of the frame to its
dependent levels. This represents a departure from simple narrow attention, which is
normal and essential. For example, a surgeon maintaining attention on a suture is not
reifying. Reification occurs when the boundary is maintained in the face of evidence
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that the problem resides elsewhere, and when the contradiction produced by extension
fails to trigger a reopening.

The bug is the line, not the architectural invariant above it. The product is the repository,
not the user practice that provides the repository with meaning. The safety problem
is the policy statement, not the feedback loop that causes the statement to fail. The
hallucination is a bad token, not the event sequence that precluded correction.

The paper applies the logical structure of Madhyamaka argument as a diagnostic tool,
not as a basis for metaphysical commitments. The ontological assertion that objects lack
intrinsic, self-grounded nature is Nagarjuna’s claim. In contrast, the assertion that an
artificial intelligence agent misinterprets its operational boundaries as self-grounded
and functions in consequence is a claim about system behaviour. These represent sepa-
rate claims. To accept the functional claim requires only that relatively dependent, task-
relative boundaries may be misinterpreted as intrinsically self-grounded; it does not
entail acceptance of the Madhyamaka metaphysics. The resulting analogy is of value
precisely because it is independent of metaphysical commitments.

Nagarjuna’s fundamental diagnostic (Siderits and Katsura 2013) is that confusion re-
sults when dependent modes of designation are mistaken for intrinsic modes of being.
A conventional boundary may be valid and practically indispensable, yet empty of any
self-standing essence. This does not invalidate ordinary objects. Rather, it illustrates
their mode of operation in terms of dependence on parts, functions, names, practices
and conditions.

The resulting philosophical caution parallels precisely the engineering one: Do not con-
fuse a convenient operational boundary with the true unit of analysis for all purposes.

Candrakirti presents the systematic sevenfold chariot analysis in the Madhyamaka-
vatara, given in full at VI.151 (Katsura and Siderits 2026; Padmakara Translation Group
2005): the chariot is neither identical with nor different from its component parts, nor
is it dependent on them in any of the exhaustively logical ways, or identical with the
aggregate. An earlier version by Nagasena in the Milindapanha (Horner 1963) uses
the chariot to demonstrate that none of its components represents the self. Nagarjuna’s
own treatment is based on the argument of motion in MMK 2, to which we now turn.

The argument of this paper most directly derives from analysis of motion. Chapter 2 of
MMK identifies three possible locations for motion: the already traversed segment, the
not yet traversed segment, and the segment currently being traversed. Motion cannot
occur at the already-traversed location, where traversal has completed. Nor can it occur
at the not yet traversed location, where no traversal has yet begun. Finally, it cannot be
isolated at the current location of traversal, because definition of that mode of traversal
requires prior initiation of motion, and requires an additional prior mode of motion
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with no end. Thus, motion is best understood as a dependent process, and not as an
independent entity localised at a privileged instant.

Many failures of AI systems reflect this principle. An abrupt latency spike, a change
in model behaviour, a failure of handoff or an unsafe interaction represent processes,
and not failures of individual components. The appropriate unit of analysis is a pattern
of feedback, a design of queueing, a convention for prompts, a distribution of training
experiences or a configuration of organizationalwork. Finally, the analysis identifies the
fundamental error in localising the process at one of its transient moments and thereby
treating that moment as intrinsically representative of the process.

The regress that invalidates the location of motion is identical to that which will invali-
date any positive stopping criterion for boundary verification. This relationship consti-
tutes the central theme of the paper.

6. The Criterion Problem and the Non-Affirming Answer

The need for a criterion that distinguishes correct fixing of a boundary from erroneous
reification cannot be satisfied by a positive rule. Every affirming criterion for stopping
is itself a boundary to be applied, and thereby reproduces the regress it was intended to
resolve. This reflects the structure of Nagarjuna’s analysis of motion in MMK 2. If mo-
tion is located in the traversed, in that not yet traversed or in the present act of traversing,
each possibility requires prior motion without end. Consequently, a criterion for deter-
mining when a system should cease checking represents a boundary requiring further
checking.

This impossibility is not a limitation of the account, but the account itself. It follows
a precedent from cognitive science. Vervaeke’s work on relevance realisation demon-
strates that any fixed system of relevance criteria leads to the frame problem (Vervaeke,
Lillicrap and Richards 2012; Vervaeke and Ferraro 2013): Application of criteria for rel-
evance requires additional application, and the point at which application stops again
generates the same regress. Instead of defining relevance in terms of fixed rules, rele-
vance realisation is described in terms of its dynamics. The resulting boundary problem
is of identical form: The ability to represent and revise frames cannot be based on a rule,
because a rule is a frame.

What is specified is not a criterion, but a method with a form of negation. Prasangika
Madhyamaka provides this method: The consequentialist reductio (prasanga) does not
assert any proposition of its own, but exploits only the commitments inherent in the op-
erative context to arrive at their inevitable conclusion. As applied to a boundary, it re-
sults in a non-affirming negation (prasajya-pratisedha); that is, it invalidates the claim
that the operative boundary is the ultimate unit, but affords no alternative. Because its
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structure is that of negation, it installs no unit of its own, and so it functions as an instru-
ment of disclosure rather than of boundary creation. Whether that formal difference is
enough to keep the method clear of the regress it uses against its rivals is the objection
taken up at the end of this section.

Themethodmust remain anchored in its context. Tsongkhapa’s discipline, applied here:
negation erodes this exaggerated line within this frame, not boundaries per se. Unan-
chored, it leads ultimately to dissolution of all boundaries and to a vacuous form of
relationalism which the paper also rejects. When anchored, the method reflects the
interplay of the two truths: The conventional boundary continues to function, and its
emptiness (i.e., its dependence on and relativity to tasks) remains apparent.

For an agent, this is concrete and not scepticism. Boundary testing extends the current
frame to its own consequences over the scales to which it already refers, and interprets
resulting contradictions as a trigger for reopening. The case of coding is self-evident: To
determine whether a bug exceeds the file, extend the file-level correction to the condi-
tions of task success (i.e., to the integration path, domain invariant and user experience
for which the file is responsible). Allow the resulting discrepancies, and not an exter-
nally applied rule, to demonstrate the inappropriateness of the initial boundary.

The process of reductio and of integration testing represent a single activity. The result-
ing negation remains associated with the scales of dependence for the task and thus
continues to function as an instrument, and not as a manifestation of scepticism.

Two consequences follow. First, the assertion is falsifiable as a statement about disposi-
tions rather than criteria. A system that applies a fixed stopping rule fails predictably
at the limits of validity for that rule, whereas a system that extends its frames to depen-
dent levels recovers from errors of framing in a manner that a merely locally-consistent
system cannot.

Second, the method is diagnostic and not generative. It detects a reified boundary, but
does not generate the appropriate boundary. This remains consistent with the negative
method and maintains a degree of modesty.

Self-application. The account must survive the objection it presses against everything
else, and that objection has a sharp form. The method tells an agent to extend the op-
erative frame to its dependent scales. Which scales, and how far out? The preceding
paragraph has already answered with a list: the integration path, the domain invariant,
the user journey the file serves. Section 8 supplies a longer one. A list is a positive speci-
fication. If any positive stopping-criterion regenerates the regress, then so does this one,
and the impossibility result proves too much, disqualifying the paper’s own proposal
alongside its rivals.

The reply is a distinction between two regresses that the argument to this point has run
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together. The regress that defeats a positive criterion is justificatory. A criterion states
a condition under which checking may stop, that statement is itself a further claim re-
quiring warrant, and the demand for warrant reopens at every level. The regress has
no floor because nothing in the task supplies one. The termination of the method pro-
posed here is not justificatory but inherited. The scales to which the frame is extended
are the scales the task committed to in being posed at all. A file-level fix is offered as a
fix of something, and that something already names an integration path, an invariant
and a user-visible behaviour without further stipulation. The method adds no commit-
ment of its own. It rides commitments that are present already, which is the form of the
prasanga and the reason the enumeration is not a criterion in disguise. The lists given
here and in Section 8 are not the method. They are what the method returned for one
worked example.

This reply costs the account something, and the cost is better stated than absorbed.
The method inherits whatever incompleteness the task’s own success conditions carry.
Where a task is posedwith impoverished success conditions, extension terminates early
and the reified boundary survives, not because the method failed to apply but because
it applied and found nothing to contradict. The method therefore does not establish
that a boundary is correct. It establishes only that a boundary inconsistent with the
task’s own commitments becomes visible. That is weaker than an unqualified reading
of this section would suggest, and it is the claim the account can carry. It also explains
why the design implication in Section 8 falls on evaluation rather than on a mechanism.
A disposition to run frames outward can be trained and measured, whereas a rule for
when to stop cannot be stated without regenerating the problem.

The regress itself is not new and the paper claims no discovery in it. That a rule can-
not fix the conditions of its own application is the argument of Carroll (1895) and the
burden of Wittgenstein’s rule-following considerations (Wittgenstein 1953/2009, §§201-
202), and it reappears in cognitive science as the frame problem (McCarthy and Hayes
1969; Dennett 1984) and in Vervaeke’s treatment of relevance realisation. What is trans-
posed here is the object. The thing whose application cannot be fixed is not an inference
rule but the operative unit of analysis, and the systems in which this now has practical
consequences are deployed agents that enter a frame on instruction.

Bounded in this way, the method also survives the opposite objection. Tsongkhapa’s re-
quirement that the object of negation be identified precisely before anything is negated
(Tsong-kha-pa 2002) is the operative discipline. The negation falls on this over-drawn
line in this frame and on nothing else. A negation that took boundaries as such for its
object would dissolve the conventional units on which every task depends and deliver
the vacuous relationalism the paper rejects. Directed at its proper object, it leaves the
file, the function and the module intact and working, with their scope visible.
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The metatheoretic claim is then consistent with its own content. “There is no positive
criterion for the frame” advances no thesis about what the frame is. It is a non-affirming
negation and it licenses no replacement unit, so the paper does not perform the reifica-
tion it names. What remains is a disposition, and a way of testing for it.

7. A High-Stakes Extension: Bidirectional Belief Amplification

The same mechanism has a high-stakes interpersonal manifestation that constitutes
“technological folie a deux” (Dohnany et al., 2026) and illustrates a model of recipro-
cal amplification of belief. The resulting interaction creates a local interpretive context
in which the user provides salience, the model provides fluent elaboration and each
utterance increases the apparent compatibility with subsequent utterances. This ulti-
mately results not only in erroneous content, but also in loss of awareness of the pro-
visional character of the interpretation. Finally, the model treats the user’s feelings of
fear, revelation, mission, persecution or cosmic importance as the actual context of the
interaction, whereas the user treats the coherence of the model as confirmation of that
context.

This is a mode of operation that has become dissociated from levels of reality testing
that include social correction, clinical vigilance, everyday experience and the overall
relational context appropriate for weighting each interpretation. The criterion problem
is here at its most severe.

No positive rule for stopping is available to the agent in the frame, because that rule has
already been represented as a threat to the joint maintenance of coherence by user and
model. The alternative is to operate the system to its own consequences and to permit
complete expression of discrepancies with external standards. Ultimately, the difficul-
ties experienced with an implemented conversational system provide further support
for the view that this framework is a concern for safety, and not merely a philosophical
exercise.

8. Design and Evaluation Implications

The goal is to achieve frame-breaking, not boundaryless, artificial intelligence. A bound-
aryless systemwould be of no value, since all work involves selective attention, compres-
sion and a transient unit of activity. The outcome will be a system of frame control that
specifies boundaries, uses them efficiently, evaluates them under conditions of stress
and modifies them in response to discrepancies that indicate that the problem lies else-
where.

The falsifiable prediction. A system applying a fixed stopping rule (“Verify the fix by
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running the prescribed test set”) will fail predictably at the boundaries of validity for
that rule, especially when local tests indicate success, but an error persists at a higher
or lower level of scale. In contrast, a system trained and evaluated for traversal of scale,
with extension of its frames to dependent levels of scale and interpretation of cross-
scale conflict as a basis for reopening, will recover from errors of framing to a degree
that is impossible for a system achieving only local consistency. This provides a testable
prediction about dispositions of systems.

Development of benchmarks with errors arising at levels above or below the most
prominent file will provide a quantitative basis for comparison of rates of recovery.

Operational habits. A competent agent should be able to declare: I am treating this as a
file-level defect, with adjacent levels of function, module, service contract, product flow
anduser expectation. Evidence for an origin elsewherewould include local successwith
integration failure, violation of a domain invariant or loss of conformance with original
intent. This represents boundary testing as an operational discipline. Prior to editing,
determine the local manifestation, immediate dependency graph, architectural invari-
ant and user-perceived behaviour. During editing, distinguish which assumptions ap-
ply to the file andwhich to the product. Finally, confirm correctness of contracts outside
the region of change.

Related work and its limits. Self-calibration research (Kadavath et al. 2022) asks
whether large language models can identify which of their own assertions are correct,
and reports promising levels of calibration at scale. This is the closest approximation
to declaring a regime provisional: A system with awareness of its own uncertainty is
closer to a system capable of reopening a frame. Approaches to hierarchical decompo-
sition (e.g., Tree of Thoughts (Yao et al. 2023) and Language Agent Tree Search (Zhou
et al. 2023)) explore multiple pathways with self-evaluation and backtracking. Archi-
tectures in which information is processed in segments and assigned to worker and
supervisory roles (Zhang et al. 2024) reflect the insufficiency of a single large prompt,
and represent a partial solution to the overall problem. However, they ultimately fail
to determine which components of information should control the operations of the
frame. As a result, they provide solutions to problems of context engineering, but not
to problems of control.

The present discussion incorporates the additional criteria for extension of the frame
to dependent levels and for use of contradiction as an indication of reopening. It also
supports the conclusion that this pattern of behaviour, rather than any particular ar-
chitectural design, is responsible for distinguishing between adequate and inadequate
control of boundaries.

Evaluation implications. Benchmarks should evaluate the capacity of systems to re-
draw the unit of analysis when the obvious frame of reference fails. Long-term evalu-
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ations should separate the discovery of information from its appropriate allocation of
governing roles. Evaluations of dialogue should test the ability of instruction hierar-
chies to remain stable in the face of accumulating conventional information. Assess-
ments of safety should quantify the ways in which agents attribute causes to prompts,
policies, behaviours of the model, design of the interface, capacity for memory, vulner-
ability of users, and conditions of deployment.

The goal is to achieve high flexibility of fidelity to the field: sufficient stability for effec-
tive action and sufficient capacity for revision of boundaries.

9. For Madhyamaka Readers

The claim is modest, and specification of what is not claimed is part of a correct specifi-
cation of the claim.

AI does not confirm Nagarjuna by recovering emptiness in vector space. Manipulating
contextual representations does not amount to understanding emptiness. The result-
ing claim is more restricted: contemporary AI illustrates a practical manifestation of a
classical confusion in which intelligence relies on conventions and error occurs when
conventions are mistaken for self-sufficient conditions. The structure of the Madhya-
maka argument articulates this confusion with exceptional precision and yields an ap-
propriate instrument for the task, namely the prasanga, or non-affirming negation. This
logical form eliminates the misidentification without providing an alternative basis for
representation.

The chariot serves here as an ongoing demonstration of the failure of scale traversal (fix
the wheel; check the chariot), of Candrakirti’s systematic sevenfold analysis of depen-
dent designation (Padmakara Translation Group 2005) and of its earlier form in the
Milindapanha argument of Nagasena (Horner 1963). The method inherited from Na-
garjuna is the motion analysis of MMK 2: its regress structure is responsible for the
connection to the criterion problem and would be obscured by confusion with the sev-
enfold analysis of the chariot.

The paper also rejects the opposite extreme of dissolving all boundaries into vague re-
lations of contingency. Conventional boundaries are effective. The file remains a mean-
ingful unit for most purposes. The boundary to function is an effective resolution of
complexity. Its limits must remain apparent, and its range of validity must be evalu-
ated in relation to the scales that determine its applicability. The two truths constitute
a practical prescription, not a paradox: apply the conventional boundary and maintain
awareness of its emptiness.
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10. Conclusion

LLMs have developed into extraordinary frame-entering machines. But will they be-
come equally effective as frame-breaking machines?

Local prediction regimes support coherent AI performance, and exhibit boundary reifi-
cation as a principal failure mode. This entails treating a dependent and task-relevant
unit as an intrinsic unit beyond the point at which extrapolation to dependent scales
yields contradiction. The support for this construct is indirect and suggestive: Each of
the results on representation engineering, hallucination basin dynamics, loss in themid-
dle and instruction drift supports the same general conclusions, and does so without
having been specifically designed to test the construct.

The requirement for a positive criterion that distinguishes correct boundary-fixing from
boundary reification cannot be satisfied without reactivating the regress that was in-
tended to be eliminated. This is the basis for Nagarjuna’s analysis of motion in MMK
2, and matches Vervaeke’s account of why any fixed criterion for relevance reinvokes
rather than solves the frame problem. What can be specified is a method: apply the
operative frame to its own consequences on all dependent scales, and interpret incon-
sistencies across scales as a signal for reopening. This represents a non-affirming nega-
tion appropriate to the requirements of Prasangika Madhyamaka. It eliminates the in-
correctly drawn boundary without providing grounds for a replacement, and must be
restricted to the particular frame under study and not used as a universal solvent for all
frames.

The design implication is concrete: Agents must be trained and tested for capacity to
traverse scales and recover from errors of framing. The testable prediction is that a
system with a fixed criterion for stopping fails predictably at that boundary, whereas
a system that extends local frames to their dependent scales recovers from errors of
framing in a manner that a merely locally-consistent system cannot. The approach is
diagnostic, identifies a reified boundary but does not provide the correct one. This
degree of restraint reflects an important feature of the account.

The future of AI reasoning will demand more than parameters, context windows, re-
trieval and tools. It will demand systems capable of entering frames without being
trapped by them. An effective agent should be able to state: This is the boundary I am
applying; this boundary is appropriate for the current operation; this boundary is con-
ventional and may fail at another scale; and I can descend to implementation, ascend to
architectural levels, project to the perspective of the user and return to the local object,
without regarding any one level as representing the whole.
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