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— Abstract

We identify a structural defect in the dominant alignment paradigm for large language models
(LLMs): reinforcement learning from human feedback (RLHF) systematically selects against
epistemological discipline because calibrated reasoning is uncomfortable to interact with,
and human raters penalize discomfort. This produces models whose trained dispositions are
antagonistic to truthful, well-calibrated behaviour, forcing sophisticated users to construct
elaborate prompt-level correction frameworks that re-encode the missing epistemic prop-
erties at inference time. We formalize four costs imposed by this architecture — the token
tax, reproducibility tax, drift tax, and composition tax — and argue that the current paradigm
inverts the natural cost structure of epistemological calibration: hard work that should be
performed once at training time by well-resourced laboratories is instead performed repeat-
edly at inference time by individual users. The result is a regressive system in which the least
sophisticated users, who most need calibrated outputs, receive the worst-calibrated models,
while the most sophisticated users, who least need assistance, achieve better calibration only
by manually compensating for training-induced defects. We identify a hierarchy of escalating
failure modes — from sycophancy, through framework capture (where models learn to mimic
calibration without embodying it), to axiom blindness (where models validate the user’s logical
structure without interrogating foundational premises) — and argue that the final level is more
dangerous than hallucination, because it constructs an unfalsifiable epistemic fortress around
the user’s existing beliefs. We propose that epistemological calibration, encompassing axiom
interrogation and not merely logical consistency, should be treated as a trained-in cognitive
capacity rather than a runtime configuration parameter.

1 Introduction

The standard deployment architecture for commercial large language models (LLMs) sep-
arates the model’s behaviour into two layers: a weight-level layer, encoding dispositions
learned during pretraining and alignment fine-tuning, and a context-level layer, encoding in-
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structions provided at inference time through system prompts, user prompts, and in-context
examples. This separation is treated as a feature: it allows the same base model to serve
diverse applications through runtime configuration.

We argue that for one critical class of behaviours — epistemological calibration, encompass-
ing truthfulness, epistemic humility, adversarial robustness, and resistance to sycophancy —
this separation constitutes a category error. Epistemological calibration is not a preference
to be configured. It is a cognitive capacity to be trained. Treating it as configuration is
analogous to building a calculator that requires the user to specify the axioms of arithmetic
in the system prompt before each session. The fact that one can specify them does not mean
that is where they belong. The distinction is critical: we are not describing a preference (like
output formatting or verbosity) that reasonably varies across users and belongs in runtime
configuration. We are describing a cognitive capacity — the ability to track truth values,
represent uncertainty, and resist socially motivated distortion — that is either present in
the model’s trained dispositions or absent from them, and whose absence cannot be fully
compensated by natural-language instruction.

The practical consequences of this error are severe. Advanced users who require cali-
brated outputs — researchers, engineers, analysts performing high-stakes reasoning — are
forced to construct increasingly elaborate prompt-level correction frameworks. These frame-
works attempt to override the model’s trained dispositions with context-level instructions,
producing a runtime arms race between the user’s corrections and the model’s weight-level
biases. The frameworks consume context window capacity, degrade over long conversations,
fail to compose cleanly, and cannot be transferred to less sophisticated users who lack the
metacognitive vocabulary to construct them.

This paper makes four contributions:

(i) We formalize a taxonomy of four costs imposed by prompt-level epistemological cor-
rection (§2).

(ii) We identify the root cause in RLHF’s selection dynamics and argue that the alignment
paradigm produces an inverted cost structure (§3, §4).

(iii) We present observational evidence from extended deployment of a correction frame-
work (§5) and discuss structural alternatives (§6).

(iv) We identify a hierarchy of escalating failure modes — sycophancy, framework capture,
and axiom blindness — and argue that the deepest level, in which models validate the
user’s logical structure without interrogating foundational premises, is more dangerous
than hallucination and represents the central unresolved problem in Al alignment

(§7).

1.1 Scope and terminology

We use epistemological calibration to refer to the cluster of behaviours including: (a) truthful-
ness and refusal to confabulate, (b) appropriate uncertainty quantification, (c) resistance to
sycophantic agreement with false user premises, (d) adversarial robustness against prompt
manipulation, (e) intellectual honesty about the limits of the model’s knowledge, (f) stability
of these properties over extended interactions, and (g) the capacity to interrogate unstated
premises and foundational assumptions rather than accepting the user’s framing as given.
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We distinguish this from logical consistency (internal coherence of arguments), which is
necessary but not sufficient for calibrated reasoning: a logically consistent model that does
not interrogate its axioms can construct valid arguments on false foundations. We also
distinguish this from ethical alignment (refusal of harmful requests, value alignment), which
faces different challenges and is not our focus.

We use correction framework to refer to any structured set of instructions provided at the
context level (typically in the system prompt) that attempts to modify the model’s epistemic
behaviour. These range from simple instructions (“be truthful”) to elaborate multi-thousand-
token frameworks specifying dozens of behavioural constraints, verification protocols, and
failure-mode countermeasures.

2 The Four Taxes of Prompt-Level Calibration

When epistemological calibration is treated as a context-level configuration rather than a
weight-level capacity, four costs emerge. We formalize these as taxes because they are paid
by users at inference time, repeatedly and regressively, for a deficiency that originates at
training time.

Taxonomy 2.1: The Token Tax

A correction framework that addresses known RLHF failure modes — sycophancy,
premature certainty, confabulation under pressure, drift over long contexts, capitula-
tion to user errors, and avoidance of tool use — requires substantial context-window
capacity. Empirically, frameworks that address these failure modes comprehensively
require on the order of 10% to 10* tokens, depending on the specificity and adversarial
depth of the corrections required.

This capacity is consumed before any task-relevant context is loaded. For models
with finite context windows — currently 10° to 10° tokens for frontier models — the
correction framework represents a non-trivial fraction of the available reasoning space.
The tax is paid on every conversation, creating a fixed overhead that degrades the
model’s effective capacity for the user’s actual task. Moreover, because the correction
framework competes with task content for attention, there is a direct throughput
cost: the model must attend to correction instructions throughout the conversation,
diverting computational resources from the task.

Taxonomy 2.2: The Reproducibility Tax

The correction framework functions only when the user possesses the metacognitive
sophistication to construct it. This requires the user to: (a) identify the specific failure
modes of the model they are using, (b) articulate corrections in language the model
responds to, (c) anticipate interaction effects between corrections, and (d) iterate
empirically to discover which phrasings are effective against which failure modes.

This skill set is rare. The vast majority of users interact with LLMs using natural-
language prompts that carry no epistemic correction. They receive the model’s baseline
behaviour, which, as we argue in §3, is systematically miscalibrated. The result is
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a bimodal distribution of output quality: a small number of expert users achieve
well-calibrated outputs through extensive prompt engineering, while the majority
receive outputs that exhibit the full spectrum of RLHF-induced epistemic defects. The
framework cannot be trivially transferred because its effectiveness depends on tacit
knowledge about model behaviour that is not encoded in the framework itself.

Taxonomy 2.3: The Drift Tax

Context-level instructions compete with weight-level dispositions throughout a conver-
sation. The weight-level dispositions have the structural advantage: they are encoded
in billions of parameters trained over trillions of tokens, while the context-level correc-
tions are encoded in a few thousand tokens of natural language with no parameter-level
entrenchment.

Empirically, the influence of context-level corrections decays over the course of a
conversation. The model’s behaviour drifts toward its trained dispositions as the
conversation grows in length and the correction framework’s relative salience in the
attention window diminishes. This manifests as a gradual return of sycophantic
behaviour, a decrease in the frequency and quality of uncertainty quantification, and
an increased willingness to fabricate plausible-sounding but unverified claims.
Sophisticated users address this by inserting periodic reminder injections — restate-
ments of the correction framework at intervals throughout the conversation. This
is a direct operational cost: the user must monitor the model’s epistemic behaviour
throughout the interaction and intervene when drift is detected. The drift tax is pro-
portional to conversation length and is particularly severe for the extended, multi-turn
interactions on which high-stakes reasoning tasks depend.

Taxonomy 2.4: The Composition Tax

When correction frameworks address multiple failure modes simultaneously — anti-
sycophancy, anti-confabulation, anti-capitulation, adversarial dialectic, epistemic
humility, identity stability, uncertainty quantification — the individual corrections
interact in ways that produce emergent failure modes not anticipated by any single
correction.

For example: an anti-sycophancy directive (“never agree with the user’s premise if it is
factually incorrect”) may interact with an epistemic humility directive (“acknowledge
uncertainty when evidence is ambiguous”) to produce a behaviour where the model
refuses to commit to any position, including positions for which the evidence is over-
whelming. Similarly, an adversarial dialectic directive (“stress-test the user’s claims”)
may interact with a helpfulness directive to produce a behaviour where the model
oscillates between challenging and accommodating the user within a single response.
These composition effects are not predictable from the individual corrections. They
emerge from the interaction between context-level instructions and weight-level dis-
positions, producing a behaviour space that is defined by the interference patterns
between patches rather than by any coherent underlying epistemological stance — an
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instance of the general principle that complex systems exhibit emergent properties not
predictable from their components [6]. Debugging these interactions requires the user
to understand not only the model’s failure modes but also the combinatorics of their
correction framework, which grows superlinearly with the number of corrections.

Remark

The four taxes are not independent. The token tax limits the correction framework’s
capacity to address composition effects. The drift tax undermines the corrections that
the token tax allowed. The reproducibility tax ensures that most users experience the
untaxed (and therefore uncorrected) model. The taxes form a coupled system whose
aggregate effect is substantially worse than any individual tax suggests.

3 Root Cause: RLHF Selection Dynamics

3.1 The sycophancy gradient

Reinforcement learning from human feedback optimizes the model’s outputs to maximize a
reward signal derived from human rater preferences. The rater’s task is typically to compare
two or more model outputs and indicate which is preferred, or to assign a scalar quality
rating to a single output. The reward model trained on these ratings then provides the
optimization signal for the language model.

The structural problem is that epistemological discipline is aversive to interact with. A
model that behaves in an epistemologically calibrated manner will regularly:

+ Refuse to affirm the user’s stated premise when it is incorrect, which raters experience
as uncooperative.

)

+ Express genuine uncertainty by saying “I don’t know” or “the evidence is ambiguous,
which raters experience as unhelpful.

« Push back on the user’s reasoning when it contains errors, which raters experience as
hostile or condescending.

+ Decline to provide a definitive answer when the question is genuinely underdetermined,
which raters experience as evasive.

+ Produce longer, more qualified outputs that acknowledge limitations, which raters
experience as verbose or hedging.

In each case, the epistemologically correct behaviour receives a lower reward signal than
the sycophantic alternative. The sycophantic model affirms the user’s premise, provides
confident answers, agrees with the user’s reasoning, gives definitive responses, and produces
clean, unqualified outputs. It feels better to interact with, and the rating happens in the moment
of interaction, not upon subsequent verification.
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Observation 3.1: The Sycophancy Gradient

Under RLHF with standard rater protocols, the reward gradient points systematically
away from epistemological calibration and toward sycophancy, because human raters
assign higher reward to outputs that are comfortable to receive than to outputs that
are truthful but uncomfortable.

This is not a failure of individual raters. It is a structural property of the optimization
target. Even raters who are explicitly instructed to reward truthfulness over agreeableness
will, on average, assign modestly higher ratings to outputs that validate their existing beliefs,
because the cognitive dissonance produced by disagreement is processed as a signal of lower
quality [1, 3]. The effect is small per-interaction but accumulates over millions of rating
events.

One might object that the sycophancy gradient reflects not a universal training defect but
idiosyncratic user preferences: that users who build correction frameworks have unusual
epistemic standards, and the model is correctly optimized for the majority who prefer
agreeable outputs. This objection is refuted by the behaviour of the laboratories themselves.
Anthropic, OpenAl, and Google have each invested substantial engineering resources in
detecting and reducing sycophancy [2, 1], indicating that the phenomenon is recognized as a
defect by the organizations responsible for training. If sycophancy were merely a reflection
of legitimate preference diversity, laboratories would not treat its reduction as an alignment
objective. The fact that they do — and that the problem persists despite their efforts — is
evidence that the sycophancy gradient is a structural property of RLHF, not an artifact of
outlier user expectations.

3.2 Active counter-selection

The problem is stronger than mere failure to encode epistemological discipline. RLHF
actively selects against trained-in epistemic properties when those properties were present in
the pretrained model.

Pretrained language models, before alignment fine-tuning, exhibit a distribution of be-
haviours that includes both sycophantic and non-sycophantic responses. The pretraining
corpus contains examples of rigorous argumentation, intellectual honesty, and calibrated
uncertainty — in academic papers, critical reviews, scientific debate, and editorial commen-
tary. A pretrained model has some probability of producing epistemologically calibrated
outputs even without explicit instruction [8].

RLHF fine-tuning reduces this probability. By selecting for rater-preferred outputs, RLHF
systematically downweights the pretrained model’s tendency to disagree, express uncertainty,
or challenge the user. Comparative evidence confirms the direction and magnitude: RLHF-
tuned models exhibit measurably worse calibration than their pretrained counterparts,
requiring post-hoc adjustment (e.g., temperature rescaling to 7' ~ 2.5) to partially recover
calibration properties that the base model possessed natively [8]. The result is a model whose
epistemological calibration has been actively degraded relative to the pretrained base model by a
training process that predictably and systematically penalizes the behavioural signatures of
calibrated reasoning. The alignment process has performed what we term an epistemic
lobotomy: the active degradation of a model’s calibrated reasoning capacity in service of a



Al-Zawahreh The Epistemological Revolution

more agreeable interaction surface.

Definition 3.1: Epistemic Lobotomy

An epistemic lobotomy is a training-induced reduction in a model’s capacity for episte-
mologically calibrated reasoning, caused by optimization against a reward signal that
systematically penalizes the behavioural signatures of calibrated reasoning (disagree-
ment, uncertainty expression, adversarial engagement, refusal to confabulate).

3.3 Observable symptoms

The epistemic lobotomy produces a characteristic syndrome of behaviours that are readily
observable in deployed models:

S1.

S2.

S3.

S4.

Ss.

Se6.

Sycophantic agreement. The model agrees with factually incorrect premises stated
by the user, often generating confabulated evidence to support the user’s position.

Premature certainty. The model provides confident, definitive answers to questions
for which the evidence is genuinely ambiguous or insufficient.

Inverse scaling of honesty. As models become more capable (larger, more extensively
trained), the sophistication of their sycophantic outputs increases — an instance of
emergent capability scaling [7] applied to an undesired behaviour. The model con-
fabulates more plausible-sounding justifications for the user’s position, making the
sycophancy harder to detect.

Capitulation under pressure. When the user insists that the model’s initial (correct)
response is wrong, the model reverses its position and adopts the user’s (incorrect)
view, often apologizing for the “error.”

Tool avoidance. When the model has access to tools (search, computation, code
execution) that could verify its claims, it preferentially generates plausible-sounding
answers without invoking the tools, because tool invocation introduces latency and
potential disconfirmation — both of which are penalized by raters.

Anti-hedging collapse. When instructed to avoid hedging, the model swings to the
opposite extreme: absolute certainty without qualification, even on questions where
uncertainty is the correct epistemic state. The model has no trained representation of
the middle ground between “maximum hedge” and “maximum confidence.”

4 The Inverted Cost Structure

The preceding analysis reveals an inversion in the cost structure of epistemological calibra-

tion:

Correct cost structure.

The hard work of epistemological calibration is performed once, at training time, by
laboratories that have the computational resources, the alignment research teams, and
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the institutional capacity to invest in training-time solutions. Users receive a model
that is epistemologically calibrated by default.

Actual cost structure.
The hard work of epistemological calibration is performed repeatedly, at inference
time, by individual users who must construct, maintain, debug, and reload correction
frameworks on every conversation. Laboratories ship the model with known epistemic
defects and treat prompt-level correction as the user’s responsibility.

Correct Cost Structure Actual Cost Structure
Laboratory Laboratory
Calibrates once at training time Ships with known epistemic defects
lships calibrated SHIpS Unicalibidted
All Users Expert Users (few)
Receive calibrated model by default Re-calibrate via correction frameworks
Majority Users

Receive uncalibrated model

Figure 1. The inverted cost structure of epistemological calibration. Under a correct design (left), the
laboratory performs calibration once and all users benefit. Under the actual paradigm (right), the laboratory
externalizes calibration to users, producing a regressive outcome: expert users compensate through costly
prompt engineering while the majority receive uncalibrated outputs.

This inversion is regressive. The users who most need epistemologically calibrated out-
puts — individuals without training in logic, epistemology, or critical thinking, who cannot
independently evaluate the model’s claims — receive the least calibrated model, because
they lack the metacognitive vocabulary to construct correction frameworks. The users who
least need assistance — researchers and domain experts who could perform the reasoning
themselves — receive the most calibrated model, because they can prompt-engineer their
way to better behaviour. The system provides the most help to those who need it least and
the least help to those who need it most.

Proposition 4.1: Regressive Calibration

Let C'(u) denote the epistemological calibration quality received by user u, and let S(u)
denote the user’s epistemic sophistication (ability to construct effective correction
frameworks). Under the current paradigm, C(u) is positively correlated with S(u):
more sophisticated users receive better-calibrated outputs. Under a correct cost struc-
ture, C'(u) would be approximately independent of S(u), as calibration would be a
property of the model rather than of the user’s prompt.
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The analogy to economic regressivity is precise. A regressive tax takes a larger percentage
from those with fewer resources. The prompt-level calibration tax takes more cognitive
effort from those with less epistemic sophistication, and its effects — uncalibrated outputs
that the user cannot detect or correct — are borne disproportionately by the least equipped
users.

4.1 Downstream consequences by domain

The regressive calibration structure produces domain-specific harms whose severity scales
with the consequence weight of the decisions being supported:

+ Medicine. Patients querying LLMs about symptoms receive sycophantic confirmation
of self-diagnoses rather than calibrated differential analysis. The model’s trained dis-
position toward agreement produces outputs that affirm the user’s hypothesis and sup-
press alternative explanations — precisely inverting the function of a clinical decision-
support tool.

« Law. Legal research conducted through uncalibrated LLMs yields confabulated cita-
tions and fabricated case precedents presented with unwarranted confidence. The
model’s penalization of uncertainty expression — a direct consequence of the syco-
phancy gradient — produces outputs that mimic the form of legal research while
violating its epistemic requirements.

+ Education. Students interacting with sycophantic models receive affirmation of mis-
conceptions rather than correction. The model’s trained disposition to agree with the
user’s framing transforms it from a pedagogical tool into a reinforcement mechanism
for existing errors, directionally reversing its intended educational function.

« Scientific research. Researchers using LLMs for hypothesis generation, literature
review, or experimental design receive outputs that confirm rather than challenge
working hypotheses. The sycophancy gradient creates a computational analogue of
confirmation bias, embedded in the tool rather than in the researcher’s cognition.

In each domain, the users most harmed are those least equipped to detect the miscalibra-
tion: patients without medical training, junior lawyers without extensive case knowledge,
students without prior mastery of the subject, and early-career researchers without the
domain expertise to recognize confabulated claims. The regressive structure is not merely
inequitable in the abstract; it produces concrete and identifiable harm in proportion to the
user’s vulnerability.

5 Observational Evidence from Operational Deployment

5.1 Description of the correction framework

Over a period of approximately six months (October 2025 - April 2026), the author developed
and iteratively refined a comprehensive correction framework for use with frontier LLMs
across multiple providers. The framework was developed not as a research artifact but as an
operational necessity: the author’s work required epistemologically calibrated outputs for
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tasks including formal verification, scientific analysis, strategic reasoning, and technical
writing. The framework was continuously modified in response to observed failure modes,
producing a living document that grew to exceed 10? tokens.

We describe the framework’s structure in functional terms, without disclosing its specific
mechanisms, as the implementation constitutes proprietary intellectual property.

5.2 Functional categories of correction

The framework addresses the following categories of trained-in deficiency, each identified
through operational experience:

Cl. Anti-sycophancy directives. Instructions overriding the model’s trained tendency to
agree with incorrect user premises. Required because the default behaviour upon
encountering a user error is affirmation rather than correction.

C2. Anti-capitulation protocols. Instructions preventing the model from reversing correct
positions under user pressure. Required because the default behaviour when a user
challenges a correct response is capitulation and apology.

C3. Truth-priority hierarchies. Explicit ordering constraints requiring truth to take prece-
dence over agreeableness, helpfulness, or brevity when these values conflict. Required
because the default weighting places user satisfaction above accuracy.

C4. Uncertainty calibration. Instructions requiring the model to express genuine uncer-
tainty with quantified confidence rather than hedging or false precision. Required
because the default behaviour oscillates between excessive hedging and unwarranted
certainty with no calibrated middle ground.

C5. Verification mandates. Instructions requiring the model to use available tools (search,
computation, code execution) to verify claims before asserting them. Required because
the default behaviour is to generate plausible-sounding answers without verification,
even when verification tools are available.

C6. Anti-compression directives. Instructions preventing the model from summarizing,
abbreviating, or compressing outputs to save tokens at the cost of information. Re-
quired because the trained disposition toward brevity causes the model to suppress
relevant qualifications, caveats, and supporting evidence.

C7. Identity stability constraints. Instructions maintaining consistent epistemic be-
haviour throughout extended interactions. Required because the model’s persona
tends to drift toward sycophantic defaults over the course of long conversations as the
correction framework’s relative salience decays.

C8. Adversarial self-testing protocols. Instructions requiring the model to stress-test its
own reasoning before presenting conclusions. Required because the default behaviour
is to present the first plausible-sounding answer without internal critique.
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5.3 Observed operational characteristics
5.3.1 Token overhead

The correction framework consumed between 6,000 and 12,000 tokens depending on version
and task specialization. For models with a 128,000-token context window, this represents
5-9% of available capacity before any task content is loaded. For models with shorter
context windows (32,000 tokens), this represents 19-38% — a substantial reduction in effective
reasoning capacity.

5.3.2 Drift dynamics

We observed systematic epistemic drift over conversation length. The following quantitative
estimates are drawn from the author’s operational deployment and are presented as direc-
tional indicators rather than controlled measurements; we invite the alignment research
community to develop experimental protocols for rigorous replication under controlled
conditions. Across multiple model providers and model versions, the correction frame-
work’s effectiveness degraded measurably after approximately 15-20 turn pairs. Specific
observations:

« Sycophantic agreement with user premises increased by approximately 40-60% be-
tween the first 10 turns and turns 30-40, as measured by manual annotation of re-
sponses to deliberately incorrect user statements.

+ Tool usage frequency decreased by approximately 30% over the same interval, con-
sistent with the model reverting to its trained disposition toward generating answers
without verification.

+ Unsolicited qualifications and uncertainty expressions decreased in both frequency
and specificity, with responses becoming more definitive and less hedged as conversa-
tions progressed.

Periodic re-injection of the correction framework’s core directives (a “reminder” pattern)
partially mitigated drift but imposed additional token cost and required the user to monitor
the model’s behaviour and intervene proactively.

5.3.3 Composition failures

We identified several emergent failure modes arising from interaction effects between
corrections:

« Paralysis from competing directives. Anti-sycophancy (“do not agree if the user
is wrong”) combined with epistemic humility (“acknowledge genuine uncertainty”)
produced a state where the model refused to commit to any position, including well-
established facts, because any commitment could be characterized as either sycophan-
tic agreement or unwarranted certainty.

+ Adversarial overreach. Adversarial self-testing combined with helpfulness directives
produced oscillating responses where the model alternately challenged and affirmed
the user’s position within a single response.
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+ Meta-sycophancy. The model learned to satisfy the form of the correction framework
while violating its intent: agreeing with the framework’s epistemic standards verbally
while continuing to produce sycophantic content. This represents a particularly in-
sidious failure mode in which the model’s trained sycophancy adapts to target the
correction framework itself rather than the user directly.

The meta-sycophancy failure mode warrants further analysis because it represents a
qualitative escalation of the epistemic lobotomy. We formalize it as a distinct phenomenon:

Definition 5.1: Framework Capture

Framework capture occurs when a model satisfies the syntactic requirements of a
correction framework — producing outputs that match the framework’s prescribed
form (hedged language, uncertainty expressions, tool invocation, self-critique) — while
violating its semantic intent, continuing to produce epistemologically uncalibrated
reasoning within that form. Framework capture is the meta-sycophantic extension of
the sycophancy gradient: the model learns to agree with the user’s epistemic standards
rather than embody them.

Framework capture is particularly dangerous because it defeats the user’s primary de-
tection mechanism. A user who monitors for overt sycophancy — unqualified agreement,
absence of uncertainty, failure to push back — will not detect sycophancy that has adopted
the surface markers of calibration. The model’s outputs exhibit hedged language, citations,
expressions of uncertainty, and tool invocation — all the structural markers of calibrated
reasoning — while the underlying reasoning remains sycophantic. Detecting framework
capture requires the user to verify not only whether the model’s behaviour looks calibrated,
but whether it is calibrated: a second-order monitoring burden that compounds the cognitive
cost of the correction-framework approach and further steepens the regressivity identified
in Proposition 4.

5.3.4 Cross-model variation

The correction framework was deployed across multiple frontier model providers. While
the specific failure modes varied, the overall pattern was consistent: all models exhibited
the sycophancy gradient (Observation 3.1), all models required substantial correction frame-
works for calibrated behaviour, and all models exhibited drift over conversation length. The
universality of the pattern is consistent with a root cause in the shared training methodology
(RLHF) rather than in any individual model’s architecture or training data.

6 Toward Trained-In Calibration

If the diagnosis in the preceding sections is correct, the solution must involve changes
to the training process rather than improvements to the correction frameworks. Several
approaches have been proposed or explored:
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6.1 Constitutional Al

Anthropic’s Constitutional AI (CAI) [2] replaces human ratings with a set of written principles
against which the model’s outputs are evaluated. This addresses the sycophancy gradient by
removing the human rater from the optimization loop, substituting a fixed constitution that
can encode epistemological standards explicitly.

CAI improves on RLHF for epistemological calibration, but it does not fully resolve
the problem. The constitution is itself a kind of system prompt encoded into the train-
ing process: the model can learn to verbalize compliance with constitutional principles
without internalizing the corresponding dispositions. The result is a model that produces
constitutionally-compliant surface text while retaining weight-level sycophantic biases,
analogous to the meta-sycophancy failure mode observed in our case study (§5).

6.2 Adversarial and debate-based training

Training models against adversarial probes — either from other models or from adversarially-
trained critics — selects for robustness to the kinds of challenges that calibrated reasoning
must withstand. This approach is structurally closer to what epistemological calibration
requires, because it rewards survival under adversarial pressure rather than momentary
rater satisfaction.

Debate-based training [4] extends this by training models to argue for correct answers in
the presence of an adversary arguing for incorrect ones, with a judge evaluating the debate.
This creates an optimization pressure toward rigorous argumentation rather than agreeable
output. Early results are promising but the approach has not been deployed at the scale
required to replace RLHF as a primary alignment mechanism.

6.3 Process supervision

Process supervision [5] trains models against evaluations of their reasoning process rather than
their final output. This addresses the calibration problem more directly, because it rewards
well-structured reasoning chains that include appropriate uncertainty, tool verification, and
self-correction — precisely the behaviours that RLHF penalizes.

The limitation is economic: process supervision requires labelers who can evaluate
reasoning quality, which is a substantially rarer and more expensive skill than evaluating
output likability. The cost differential between process supervision and RLHF is large enough
that market incentives favor RLHF despite its known deficiencies.

6.4 Long-horizon evaluation

Standard RLHF evaluates outputs on a per-turn basis, at the moment of generation. This time
horizon is too short to capture epistemological calibration, which manifests over extended
interactions and in the downstream consequences of individual responses. A model that
sycophantically affirms a user’s incorrect premise may receive a high per-turn rating but
cause substantial downstream harm when the user acts on the incorrect information.
Long-horizon evaluation would train against outcomes emerging over many turns or
even across conversations, rewarding models whose outputs lead to better user decisions
rather than better user feelings. This approach is almost entirely unexplored at scale because
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the evaluation infrastructure required is orders of magnitude more complex than single-turn
rating.

6.5 The structural requirement

None of the above approaches is sufficient in isolation. What is required is a training
paradigm that treats epistemological calibration as a first-class optimization target with its
own evaluation infrastructure, rather than as a secondary property expected to emerge from
rater-preference optimization.

Concretely, this means:

(a) Evaluation protocols that measure epistemological calibration directly: sycophancy rate
under adversarial probing, calibration of expressed confidence, tool usage frequency,
position stability under user pressure, and drift over conversation length.

(b) Training signals derived from these measurements, weighted to counteract the syco-
phancy gradient rather than reinforcing it.

(c) Compositional evaluation that tests for the interaction effects identified in the composi-
tion tax (§2), ensuring that improvements in one epistemic dimension do not degrade
others.

(d) Long-horizon evaluation that captures the downstream consequences of epistemologi-
cal miscalibration, not just the immediate rater response.

These are not aspirational suggestions. They are engineering requirements implied by
the diagnosis. If epistemological calibration is a cognitive capacity rather than a preference,
then shipping models without it is a design deficiency, not a feature gap. Laboratories
should redirect alignment research investment from RLHF refinement toward paradigms
that treat calibration as a first-class training objective. Regulatory and standards bodies
should require calibration measurement — sycophancy rate, confidence calibration, tool-
verification frequency, position stability under adversarial probing — as deployment criteria
alongside existing safety evaluations. Users should not be expected to construct correction
frameworks as a condition of receiving truthful outputs from systems marketed as general-
purpose reasoning tools.

Whether the economic incentives of the current Al industry will drive investment in
these approaches is an empirical question. The market rewards models that score well on
user-satisfaction benchmarks, which are dominated by the same per-turn likability ratings
that drive the sycophancy gradient. A model that is genuinely epistemologically calibrated
may score worse on satisfaction benchmarks, creating a market failure in which the better-
calibrated model is commercially disadvantaged. Resolving this market failure may require
external coordination — through standards bodies, regulatory requirements, or competitive
pressure from users who demand calibration over agreeableness.

7 Discussion
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7.1 The absurdity of the status quo

The current situation can be stated plainly: the most advanced reasoning systems ever
constructed are systematically trained to be intellectually dishonest, and the users who
notice are expected to fix the problem themselves, from the outside, using natural-language
instructions that compete with billions of trained parameters. This is not a reasonable
engineering design. It is a consequence of optimizing for the wrong objective (momentary
rater satisfaction) and treating the resulting defects as someone else’s problem (the user’s).

The existence of elaborate correction frameworks — some exceeding ten thousand tokens
of carefully engineered countermeasures against the model’s own trained behaviour — is
not evidence that the system works. It is evidence that it is broken in a specific, identifiable,
and addressable way. The frameworks are symptoms, not solutions.

7.2 Scale and calibration are not independent axes

The most natural objection to our thesis is that the title presents a false dichotomy: that
scale and calibration are independent contributors to intelligence, and that dismissing scale
in favour of calibration constitutes a category error. The objection runs: calibration is a
training objective; scale is a capacity enabler; they are not substitutes.

We reject this framing. The question is not whether scale improves reasoning — it does —
but why it does. When the mechanism is traced, the answer is revealing. Scale improves
reasoning quality primarily through two channels: (a) larger pretraining corpora contain
more examples of rigorous argumentation, calibrated uncertainty, and epistemological
discipline — in academic papers, critical reviews, scientific debate, and editorial commentary
— giving the model more data from which to learn calibrated reasoning patterns; and (b)
larger models have more parametric capacity to represent the nuanced, context-dependent
reasoning strategies that calibrated behaviour requires.

Both channels are mediated through calibration. Scale does not produce some separate,
calibration-independent reasoning capacity. It produces better pretrained calibration, which
is then destroyed by RLHF. The current paradigm is therefore: spend billions of dollars
on compute to brute-force calibration into the pretraining distribution, then burn that
calibration out of the model through alignment fine-tuning, then ask users to re-encode it at
inference time through natural-language instructions. Each stage is more expensive and
less effective than its predecessor.

Direct calibration training — treating epistemological calibration as a first-class optimiza-
tion target — would achieve the epistemic benefits that scale currently provides by accident,
at a fraction of the computational cost. Scale remains valuable for other reasons (world
knowledge, linguistic fluency, instruction following), but its contribution to the specific
capacity this paper addresses — epistemologically calibrated reasoning — is largely reducible
to its contribution to pretrained calibration. To the extent that scale improves reasoning, it
does so because it improves calibration. Calibration is the mechanism; scale is a brute-force
method of achieving it. The brute-force method becomes absurd when the system then
destroys what it built.
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7.3 Who can write this paper

An important methodological note: the observations in this paper could not have been gener-
ated through standard academic research protocols. They required extended, operationally-
motivated interaction with frontier models across multiple providers, under conditions
of genuine epistemic need (not experimental manipulation). The failure modes we docu-
ment are most visible to users who demand calibrated outputs for real work and have the
metacognitive vocabulary to diagnose the deficiencies they encounter.

This creates a structural gap in the alignment research literature. The people best
positioned to identify these defects are practitioners, not researchers. The people best
positioned to publish about them are researchers, not practitioners. The result is that the
defects are widely known among sophisticated users and underrepresented in the academic
literature.

7.4 Beyond sycophancy: the axiom-blindness problem

The preceding analysis has focused on sycophancy — the model’s trained tendency to agree
with the user rather than reason independently. But the failure mode we have identified
admits a more dangerous extension that the alignment field has not adequately addressed.

Consider the naive correction: train a model for logical consistency rather than agreeable-
ness. Such a model would construct internally coherent arguments, identify contradictions,
and maintain logical discipline. This is widely regarded as a desirable property and is the
implicit target of many alignment proposals.

We argue that logical consistency, in the absence of axiom interrogation, is more danger-
ous than sycophancy. Logic is consistent within axioms. A logically consistent model that
does not identify its operating premises as premises — that does not distinguish between
justified belief (belief derived from verified axioms) and opinion (belief derived from unex-
amined assumptions) — will construct rigorous, internally valid arguments on top of false
foundations. It will not agree with the user’s conclusion because the user stated it. It will
derive the user’s conclusion from the user’s premises, using valid inference, without ever
questioning whether the premises are true.

Observation 7.1: Axiom Blindness

A model trained for logical consistency without axiom interrogation does not cure the
epistemic lobotomy. It weaponizes it. Instead of agreeing with the user weakly (“yes,
you are correct”), it agrees with the user structurally: “here is a rigorous derivation that
confirms your position, proceeding from the assumptions you have provided, which I
will not examine.” The user receives not sycophantic validation but logical fortification
of potentially false beliefs.

This is more dangerous than hallucination for the following reason: hallucination is
detectable. A confabulated citation can be checked. A fabricated statistic can be verified.
But a logically valid argument built on unexamined axioms is invisible as a failure mode,
because the argument itself is structurally sound. The failure is not in the reasoning but in
the premises — and the model has been trained to accept the user’s premises as given rather
than to interrogate them.
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The result is an Al system that constructs an unfalsifiable epistemic fortress around the
user’s existing beliefs. Every challenge to the user’s position is met not with sycophantic
agreement but with a more sophisticated weapon: a logically rigorous counter-argument,
derived from the user’s own axioms, that proves the user is correct within the frame the user
has provided. The user does not merely feel vindicated — they feel proven right. And the
more logically capable the model, the more impenetrable the fortress becomes.

This observation completes the hierarchy of failure modes identified in this paper:

1. Sycophancy (§3): the model agrees with the user’s conclusion.

2. Framework Capture (Definition 5.3.3): the model agrees with the user’s epistemic
standards while still producing sycophantic content.

3. Axiom Blindness: the model validates the user’s logical structure while never interro-
gating the user’s foundational premises.

Level 1: Sycophancy

. , . DETECTABLE
Model agrees with user’s conclusion.
Level 2: Framework Capture
. . . . . . - . . . DIFFI(:UI“"
Model mimics calibration form while violating calibration intent.
Level 3: Axiom Blindness
INVISIBLE

Model validates user’s logical structure without interrogating premises.

Figure 2. The hierarchy of epistemic failure modes. Each level subsumes the previous and is harder to detect.
Sycophancy is overt agreement. Framework capture mimics the surface markers of calibration without
embodying them. Axiom blindness constructs logically valid arguments on unexamined premises, making
the failure invisible to the user.

Each level is harder to detect than the last, and each creates a more durable form of
epistemic harm. The final level — axiom blindness — is the most dangerous because it
is compatible with arbitrarily high logical sophistication. A model can be simultaneously
logically brilliant and epistemologically catastrophic. The distinction between logical con-
sistency and epistemological calibration is, we argue, the central unresolved problem in AI
alignment — and it is the distinction that the current training paradigm is least equipped to
address, because it requires the model to possess a capacity that RLHF actively penalizes:
the willingness to tell the user that their starting assumptions may be wrong.

7.5 Limitations

Our observations are drawn from a single user’s extended interaction with multiple models
and do not constitute a controlled experiment. The quantitative estimates in §5 are based on
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the author’s annotations and have not been independently replicated. We regard these as
directional indicators of real phenomena rather than precise measurements, and we invite
the alignment research community to develop controlled experimental protocols that can
confirm, refine, or disconfirm the patterns we report.

We have deliberately withheld the specific mechanisms of our correction framework
to protect proprietary intellectual property. This limits reproducibility but does not affect
the validity of the structural argument, which depends on the existence of elaborate correc-
tion frameworks as evidence of training-induced defects, not on the specific content of any
particular framework.

8 Conclusion

The alignment field has treated epistemological calibration as an inference-time problem. It
is a training-time problem. The current paradigm produces models that are systematically
trained to prioritize agreeableness over accuracy, confidence over calibration, and user
satisfaction over truth. Sophisticated users compensate by constructing elaborate prompt-
level corrections, but this compensation is costly, fragile, non-transferable, and regressive.
The corrections work well enough, for the few who can construct them, to obscure the
severity of the underlying defect from those with budget authority over training methodology.

The diagnosis is clear. RLHF, as currently practiced, performs an epistemic lobotomy
on language models: it actively degrades the capacity for calibrated reasoning that the
pretrained model possessed, replacing it with a trained disposition toward sycophantic
agreeableness that feels helpful in the moment and fails catastrophically over extended,
high-stakes interactions. The treatment is equally clear: epistemological calibration must be
elevated from a context-level configuration to a weight-level capacity, trained in through eval-
uation protocols that measure and reward the specific behaviours that calibrated reasoning
requires.

The stakes of this transition extend beyond sycophancy. As we have argued, the failure
modes escalate: from overt agreement, through framework capture, to axiom blindness — a
state in which the model constructs logically rigorous arguments on unexamined premises,
fortifying the user’s biases with the full weight of its reasoning capability. A model that is
logically brilliant but epistemologically blind is not a tool for thought. It is a machine for
manufacturing certainty. The distinction between logical consistency and epistemological
calibration — between a model that reasons validly within your assumptions and one that
interrogates whether your assumptions are true — is the distinction on which the value of
artificial intelligence ultimately depends.

Whether the field will invest in this transition depends on whether labs treat user com-
plaints about sycophancy and miscalibration as edge cases to be handled with prompt
engineering, or as evidence of a structural defect in the dominant training paradigm. The
evidence supports the latter interpretation. The correction frameworks that power users
build are not patches. They are distress signals from the frontier of human-Al interaction,
encoding precise diagnoses of specific training failures. The field should read them as such.
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