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Abstract

The widespread assumption that logical coherence implies truth is increasingly
challenged in the context of contemporary artificial intelligence systems. This
paper examines the philosophical claim that what is logically consistent is not
necessarily true, and investigates its implications for the behavior and evalua-
tion of Large Language Models (LLMs). Unlike traditional reasoning systems
grounded in formal logic or empirical verification, LLMs generate outputs based
on probabilistic pattern recognition, optimizing for linguistic coherence rather
than factual accuracy. As a result, these models can produce arguments that
are internally consistent and highly persuasive, yet fundamentally detached from
reality. This work argues that LLMs do not fail at truth-seeking; rather, they
are not inherently designed for it. Instead, they simulate reasoning by repro-
ducing patterns of logical structure present in their training data, creating an
“illusion of reasoning” that can obscure the distinction between valid argumen-
tation and true claims. The paper further explores how this distinction affects
the evaluation of knowledge, particularly in contexts where coherence, clarity,
and rhetorical strength are mistakenly treated as indicators of correctness. By
analyzing the epistemic limitations of coherence-based systems, this paper high-
lights a critical gap between logical form and factual grounding in Al-generated
content. It concludes by proposing a conceptual framework for separating coher-
ence from truth in the design and assessment of intelligent systems, emphasizing
the need for hybrid approaches that integrate logical consistency with mecha-
nisms of external validation.
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intelligence, reasoning, validity, empirical verification

Conceptual diagram illustrating the separation between logical valid-
ity and empirical truth, highlighting the position of language model
outputs as typically coherent but not necessarily true (valid yet un-
sound)



The Divergence Between Logical Coherence and Truth
in Language Models
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Introduction

The emergence of Large Language Models has precipitated a fundamental epis-
temological crisis: the production of content that is simultaneously logically
coherent and factually unreliable. This phenomenon raises a question that has
occupied philosophers since antiquity but now manifests in computational form
can logical consistency exist independently of truth? More provocatively, does
the conflation of these two concepts represent not a failure of artificial intelli-
gence, but a failure of human understanding about the nature of reasoning itself
? Contemporary discourse surrounding Al capabilities often assumes that sys-
tems producing well-structured, internally consistent arguments are engaging in
genuine reasoning and, by extension, approaching truth. This assumption rests
on a category error: the conflation of formal validity with material correctness,
of syntactic coherence with semantic accuracy. Language models, optimized
through training on vast corpora to predict token sequences with high probabil-
ity, excel at generating outputs that appear reasoned without necessarily being
true. They are, in effect, sophisticated pattern-matching systems that repro-
duce the surface structure of logical discourse without accessing the underlying
reality that such discourse purports to represent.

This paper contends that the problem is not merely technical but fundamen-



tally philosophical. We have inherited from rationalist traditions an implicit
faith that logical coherence is a reliable guide to truth that valid reasoning
from sound premises necessarily yields knowledge. Yet language models demon-
strate that logical form can be divorced from factual content, that coherence
can be mechanically produced through statistical regularities rather than gen-
uine understanding, and that persuasiveness can be achieved through structural
mimicry rather than epistemic grounding. The central thesis of this inquiry is
twofold: first, that LLMs are not defective truth-seeking systems but rather
non-truth-seeking coherence generators; second, that our tendency to interpret
their outputs as epistemically reliable reveals deeper assumptions about the rela-
tionship between logic and truth that warrant critical examination. The illusion
of reasoning produced by these systems is not merely a technological artifact
but a mirror reflecting our own conceptual confusions about what constitutes
genuine knowledge.

The Philosophical Distinction : Logical Validity and Em-
pirical Truth

The Two Modes of Correctness

Classical epistemology distinguishes between two fundamentally different modes
of correctness. Logical validity concerns the formal structure of arguments
whether conclusions follow necessarily from premises according to established
rules of inference. Empirical truth, by contrast, concerns the correspondence be-
tween propositions and states of affairs in the world. An argument can be valid
without being sound (valid but with false premises), and a claim can be true
without being derived through valid reasoning (true but arrived at accidentally
or through fallacious inference).

This distinction is not merely academic but operationally significant. Consider
the syllogism: “All unicorns are immortal; Socrates is a unicorn; therefore,
Socrates is immortal.” This argument is formally valid the conclusion follows nec-
essarily from the premises. Yet it is manifestly unsound because both premises
are false. The logical machinery operates flawlessly while producing a conclusion
detached from reality. The structure is intact; the content is fiction. Language
models operate primarily in the domain of formal coherence. They generate out-
puts that preserve the syntactic and rhetorical patterns associated with valid
reasoning premise-conclusion structures, causal connectives, evidential markers,
logical transitions without necessarily ensuring that these patterns correspond
to actual states of affairs. They are, in essence, validity engines operating with-
out a built-in truth mechanism.

The Question of External Reference

The relationship between logical systems and truth depends critically on exter-
nal reference the grounding of propositions in something beyond the formal sys-
tem itself. In traditional epistemology, this grounding occurs through empirical



observation, testimony, or correspondence with reality. Formal logic provides
the scaffolding for reasoning, but truth-claims require anchorage in the external
world. LLMs lack this anchorage in a meaningful sense. While trained on data
derived from reality, they do not interact with reality during inference. They
operate on compressed statistical representations of linguistic patterns without
direct access to the referents of the terms they manipulate. When a language
model generates the statement “Water boils at 100°C at sea level,” it is not
retrieving a measured fact but reproducing a high-probability token sequence
associated with specific contextual cues. The statement may be true, but its
truth is incidental to the mechanism that produced it.

This raises a profound question: Can we meaningfully attribute truth-aptness to
systems that lack referential grounding ? Or are such systems better understood
as generators of well-formed expressions that may or may not correspond to
reality, depending on the statistical properties of their training data and the
specific prompts they receive?

The Insufficiency of Coherence

Coherence theories of truth, which hold that truth consists in the mutual con-
sistency of beliefs within a system, might seem to vindicate language model out-
puts. If coherence is sufficient for truth, then LLMs, which excel at producing
internally consistent narratives, should be reliable truth-generators. However,
this conclusion fails for several reasons.

o First, coherence theories typically require more than mere logical consis-
tency; they demand systematic integration with background knowledge,
responsiveness to evidence, and explanatory power. LLMs achieve surface
coherence without necessarily meeting these deeper requirements. They
can generate multiple mutually contradictory but internally consistent nar-
ratives, suggesting that their coherence is local and contextual rather than
global and systematic.

¢ Second, even robust coherence theories acknowledge the possibility of co-
herent falsehoods entire systems of mutually supporting beliefs that are
nonetheless detached from reality. Science fiction worldbuilding demon-
strates this possibility: a richly detailed, internally consistent fictional
universe that is deliberately non-actual. LLMs can generate such coherent
fictions effortlessly, and without external verification mechanisms, users
cannot reliably distinguish them from accurate representations.

The insufficiency of coherence as a truth criterion becomes especially acute when
we recognize that persuasiveness and coherence are statistically correlated in
natural language. Texts that are more coherent tend to be more convincing,
regardless of their truth value. LLMs, optimized to produce high-probability
(and therefore typically coherent) outputs, thus systematically generate content
that is rhetorically effective without being epistemically reliable.



The Epistemic Limits of Logic as a Knowledge System
Logic as a Truth-Preserving, Not Truth-Generating System

A fundamental insight from the philosophy of logic is that deductive reasoning is
truth-preserving rather than truth-generating. Valid deduction transmits truth
from premises to conclusions but cannot create new factual knowledge beyond
what is already implicit in the premises. If the premises are false, deduction re-
liably propagates those falsehoods to the conclusion. Logic is an amplifier, not
a filter it magnifies whatever is fed into it, whether truth or error. This charac-
teristic has profound implications for systems that simulate logical operations.
LLMs, which reproduce the formal patterns of logical inference without verify-
ing the truth of their premises, effectively operate as truth-agnostic reasoning
simulators. They can chain together implications with flawless formal structure
while building castles on foundations of sand. The resulting outputs exhibit all
the hallmarks of rigorous thinking careful qualification, systematic development,
evidential citation without the epistemic reliability that such markers are meant
to signal.

Consider how an LLM might respond to the prompt: “Explain why the Earth is
flat.” A sufficiently capable model could generate a lengthy, internally coherent
argument citing (fabricated or misrepresented) evidence, addressing counterar-
guments, and maintaining logical consistency throughout. The output would
exhibit reasoning’s formal features while being fundamentally false. The model’s
capacity to maintain coherence in service of falsehood demonstrates that logical
structure alone provides no guarantee of truth.

The Problem of Premise Selection

Every logical argument begins with premises, and the selection of these premises
is not itself a logical operation. It involves judgment, evidence-gathering, back-
ground knowledge, and often value commitments. In human reasoning, premise
selection is constrained by interaction with reality, social verification, and ac-
cumulated experience. We test our premises against the world and revise
them when they fail to predict or explain phenomena adequately. LLMs se-
lect premises (or rather, generate premise-like statements) based on statistical
patterns in their training data. A premise appears not because it has been
verified but because similar premises frequently appear in high-quality texts in
the training corpus. This creates a systematic bias toward premises that are
typically stated rather than necessarily true. Common misconceptions, popular
but incorrect beliefs, and widely repeated errors can all serve as premises if they
are statistically well-represented in the training data.

Furthermore, LLMs lack the capacity for genuine premise revision in light of
counterevidence. While they can generate text acknowledging errors or incorpo-
rating corrections, they do not update their underlying representations based on
feedback within a conversation (except through fine-tuning). They cannot learn
from mistakes in the way that human reasoners ideally do. Each generation is



independent, drawing on fixed statistical patterns rather than dynamically up-
dated beliefs.

Can Logic Operate Without Empirical Input ?

Pure mathematics and formal logic demonstrate that abstract reasoning can
operate without empirical input, generating truths that are necessary, a priori,
and independent of contingent facts about the world. However, the scope of such
purely formal systems is limited. They tell us nothing about the actual world
only about the relationships between abstract entities defined by stipulation. To
apply logic to empirical questions, we require empirical premises, and obtaining
reliable empirical premises requires interaction with reality.

LLMs occupy a peculiar middle ground. They are not pure formal systems
like automated theorem provers, nor are they empirically grounded systems like
sensor-equipped robots. They are statistical models trained on linguistic data
that describes empirical reality without directly accessing it. This creates a dis-
tinctive epistemic situation: they have indirect, mediated contact with factual
information through their training data, but they lack the mechanisms for veri-
fying that this information is accurate or updating it when it becomes outdated.
The result is a system capable of producing elaborate logical structures on empir-
ical topics medical diagnoses, historical analyses, scientific explanations without
the ability to verify the factual accuracy of its base claims. It can reason about
the world fluently without being reliably of the world. This is logic operating
with simulated rather than verified empirical input, producing conclusions that
have the form of knowledge without its epistemic warrant.

The Nature of “Logic” in Large Language Models
Pattern Recognition as Reasoning Simulation

Large Language Models do not perform reasoning in the traditional sense. They
engage in next-token prediction generating the most probable continuation of
a text sequence based on statistical patterns learned from training data. When
an LLM appears to reason logically, it is reproducing the linguistic patterns
associated with logical discourse rather than executing logical operations over
semantic representations. This distinction is crucial. A traditional logical sys-
tem manipulates symbols according to syntactic rules in a way that preserves
semantic relationships. The system “knows” (in a formal sense) that from “All A
are B” and “C is A,” one can derive “C is B.” An LLM, by contrast, has learned
that texts containing “All A are B” and “C is A” are frequently followed by
constructions like “therefore, C is B” or “thus, C is B” or “it follows that C is
B. It reproduces this pattern not because it has encoded a modus ponens rule
but because the statistical regularities of its training data make such sequences
high-probability.

The practical effect can be identical valid logical inferences produced reliably
in both cases. But the underlying mechanism differs fundamentally. One is



rule-governed symbolic manipulation; the other is pattern-matching and proba-
bilistic generation. This difference becomes apparent when edge cases or novel
logical structures are encountered. Rule-based systems generalize perfectly to
any instance of their encoded rules. Pattern-based systems approximate logical
behavior when inputs resemble training data but may fail unpredictably when
encountering unfamiliar logical configurations.

Probabilistic Coherence vs. Necessary Inference

Logical necessity is categorical: in classical logic, if the premises are true and
the reasoning is valid, the conclusion must be true. There are no degrees of
necessity, no probabilistic qualification. Deductive inference is all-or-nothing.

LLM outputs, by contrast, are inherently probabilistic. Every token is selected
from a probability distribution over possible continuations. An LLM might gen-
erate a valid logical inference not because the conclusion necessarily follows but
because, given the context, that particular sequence of tokens has high probabil-
ity. In most cases, this produces apparently correct reasoning because training
data contains many examples of valid inference and relatively few examples of
explicit logical errors. However, this probabilistic basis means that logical coher-
ence in LLM outputs is a statistical tendency rather than a structural guarantee.
The model might generate an invalid inference if it resembles a common pattern,
or it might fail to generate a valid inference if it is statistically unusual. The
coherence we observe is an emergent property of training on largely coherent
texts, not a fundamental feature of the model’s architecture.

This has important implications for reliability. A logical system’s validity is
demonstrable and guaranteed by its construction. An LLM’s apparent logical
competence is a performance characteristic that must be empirically assessed
and that may vary across domains, prompts, and model states. We cannot prove
that an LLM will reason validly; we can only observe that it typically does so
with some measurable frequency.

The Absence of Understanding and Intentionality

Traditional reasoning involves understanding a grasp of what premises and con-
clusions mean, what they assert about the world, and why one statement follows
from another. This understanding is intentional: it is directed toward objects
and states of affairs beyond the reasoning process itself. LLMs lack understand-
ing and intentionality in this robust sense. They process tokens as abstract
patterns without semantic comprehension. When an LLM generates “Socrates
is mortal” from “All humans are mortal” and “Socrates is human,” it does not
grasp the concept of mortality, the historical figure of Socrates, or the rela-
tionship between human nature and death. It manipulates symbols (tokens)
according to learned statistical associations without accessing their referents.

This absence of understanding has subtle effects on the quality of LLM reasoning.
The model cannot distinguish between conclusions that matter and those that



are trivial. It cannot recognize when a logical inference leads to an absurdity
that should prompt premise revision. It cannot detect inconsistencies that span
long contexts or require background knowledge not explicitly stated. Its “rea-
soning” is surface-level pattern completion rather than deep semantic processing.
Moreover, without intentionality, the model cannot genuinely claim anything.
Its outputs are generated sequences, not assertions. It does not believe its con-
clusions, commit to their truth, or take responsibility for their implications.
This raises questions about whether we should even use epistemic vocabulary
knowledge, belief, truth to describe LLM outputs, or whether we need a dis-
tinct category for non-intentional, statistically generated, semantically hollow
but syntactically well-formed linguistic productions.

The Evaluation Problem: Form Over Content
The Bias Toward Well-Structured Arguments

When humans evaluate arguments, we are influenced by their form as well as
their content. Arguments that are clearly structured, logically organized, and
rhetorically polished tend to receive higher assessments, even when their sub-
stantive claims are questionable. This bias is amplified when evaluators lack
domain expertise or when the subject matter is complex and uncertain. LLMs
inherit and exploit this bias. Trained on corpora that include well-written texts
academic papers, professional documents, carefully edited prose they learn to re-
produce the formal features associated with high-quality argumentation. They
generate outputs with clear topic sentences, smooth transition , appropriate
hedging, and logical flow. These formal features signal credibility and compe-
tence, leading evaluators to infer that the content is correspondingly reliable.

This creates a systematic evaluation problem. When we ask an LLM to assess
a piece of work, it is likely to assign higher value to texts that exhibit formal
excellence regardless of their factual accuracy or substantive depth. A beauti-
fully structured essay making false claims may receive a better evaluation than
a clumsily written but accurate analysis. The model conflates rhetorical effec-
tiveness with epistemic merit because its training data correlates these features
(well-written texts are more likely to be factually accurate on average, though
not invariably).

Persuasiveness as a Misleading Proxy for Correctness

Persuasiveness and truth are distinct. A persuasive argument can be false; an
unpersuasive argument can be true. Yet in practice, we often use persuasive-
ness as a heuristic for truth, especially in domains where we lack the expertise
to directly assess claims. LLMs, trained to maximize the likelihood of gener-
ating text similar to their training data, effectively optimize for persuasiveness
rather than truth. This optimization occurs because persuasive texts those that
convince human readers are likely to be reproduced, shared, and included in
training corpora. Unpersuasive truths and awkwardly expressed insights may



be underrepresented. The result is a model that excels at generating convincing
arguments without necessarily ensuring their correctness.

The problem intensifies when LLMs are used to evaluate other texts. An LLM
asked to assess the quality of an argument will tend to rate more persuasive
arguments higher, potentially overlooking factual errors if they are wrapped in
compelling rhetoric. This creates a feedback loop: LLMs generate persuasive
but potentially false content, which is then rated highly by LLM evaluators,
reinforcing the production of similar content.

The Difficulty of Detecting Sophisticated Falsehoods

Simple factual errors are often easy to detect claims that directly contradict
common knowledge or obvious observations. But sophisticated falsehoods are
more insidious. These are claims that are plausible, internally consistent with
stated premises, and surrounded by accurate context. They are falsehoods em-
bedded in a matrix of truth, making them difficult to isolate without domain
expertise and careful verification.

LLMs are particularly adept at generating sophisticated falsehoods. They can
create entire narratives that are 95% accurate with 5% fabrication, where the
fabricated elements are seamlessly integrated and support the overall coherence
of the text. An LLM might accurately describe a historical period, correctly cite
several events, and then insert a fictional event that fits the pattern and serves
the narrative’s needs. Without external verification, such errors can be nearly
impossible to detect. When LLMs evaluate content, they face the same difficulty.
They cannot reliably distinguish between sophisticated falsehoods and accurate
claims unless the falsehood contradicts information well-represented in their
training data. Novel false claims, plausible but incorrect interpretations, and
subtle distortions are likely to pass undetected. The model’s evaluation reflects
its training data’s biases and limitations rather than an independent assessment
of truth.

Depth vs. Surface Sophistication

Genuine intellectual depth involves more than formal correctness. It requires
original insight, recognition of nuance and complexity, awareness of limitations,
and engagement with difficult questions. Surface sophistication, by contrast,
involves the stylistic markers of depth complexity of language, citation of sources,
acknowledgment of counterarguments without substantive originality or insight.

LLMs excel at surface sophistication. They can generate text that sounds pro-
found, cites (sometimes fabricated) authorities, acknowledges complexity, and
hedges appropriately. But this is achieved through pattern reproduction rather
than genuine insight. The model has learned that certain linguistic features
philosophical terminology, conditional statements, references to scholarly de-
bates are associated with high-quality intellectual work. It reproduces these
features without the underlying conceptual work they typically signal. When



asked to evaluate intellectual work, LLMs are likely to confuse surface sophis-
tication with genuine depth. A text that deploys the right terminology, cites
sources (even if inappropriately), and uses complex sentence structures may be
rated more highly than a simpler but more insightful piece. This bias reflects
the training data’s limitations: truly original insights are rare and may not be
well-represented, while the linguistic patterns associated with scholarly work are
common and easily learned.

The Decoupling of Logic and Truth in AI Systems
Hallucination as Structural Feature, Not Malfunction

The phenomenon of “hallucination” in LLMs the generation of plausible but
false information is often framed as a failure mode, a bug to be fixed through
better training or architectural improvements. This framing is misleading. Hal-
lucination is not incidental to how LLMs work; it is a structural feature of
systems that optimize for coherence without mechanisms for truth-verification.
LLMs generate hallucinations precisely when they are functioning as designed
: producing high-probability continuations of input sequences. A hallucination
occurs when the most probable continuation (based on training data patterns)
does not correspond to reality. This can happen because the training data
contains errors, because the specific factual claim is underrepresented in the
training data, or because the model generalizes patterns in ways that create
plausible but false outputs.

Crucially, hallucinated content is often more coherent than accurate content.
Reality is frequently messy, irregular, and surprising. Coherent fictions are of-
ten neater than truth. When faced with a prompt that would require an unusual
or complex true answer, an LLM might instead generate a simpler, more typical
false answer because it better fits learned patterns. The model is rewarded (by
its optimization objective) for coherence, not for accuracy. This suggests that
the problem of hallucination cannot be fully solved through training improve-
ments alone. As long as LLMs optimize for statistical likelihood rather than
truth, they will systematically tend toward coherent falsehoods when these are
more probable than accurate but complex truths. Reducing hallucination re-
quires not just better training data but fundamental architectural changes that
incorporate external verification and truth-grounding mechanisms.

Rewarding Coherence, Ignoring Accuracy

The training objective of LLMs typically variants of likelihood maximization
implicitly rewards coherence and penalizes incoherence. A model that gener-
ates grammatically correct, contextually appropriate, logically structured text
receives higher scores (lower loss) than one producing garbled or contradictory
output. This is by design: coherence is a measurable, optimizable property that
can be assessed without external reference. Accuracy, by contrast, is not directly
optimized during standard language model training. The training process does
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not verify whether generated facts correspond to reality; it only checks whether
they match the training data. If the training data contains errors, the model
learns to reproduce those errors. If certain facts are absent from the training
data, the model cannot learn them regardless of their truth value.

This creates a structural bias toward coherence over accuracy. When the two
conflict when an accurate statement would disrupt narrative flow or when a
false claim better fits established patterns the model’s optimization pressure
favors coherence. The result is outputs that read beautifully, flow logically,
and maintain internal consistency while potentially being factually wrong. This
bias is not a moral failing or design flaw in the conventional sense. It reflects
the fundamental challenge of training models on form (linguistic patterns) to
perform tasks that require content (factual knowledge). We have built systems
that are experts in the surface structure of knowledge without reliable access to
its substance.

Rhetoric Over Reality

Classical rhetoric distinguished between form and content, style and substance.
Effective rhetoric deploys formal techniques parallelism, metaphor, emotional
appeal, logical structure to make content persuasive. In ideal cases, rhetorical
skill serves true and valuable content. But rhetoric can also be deployed to make
false or trivial claims appear important and credible. LLMs are, in a sense,
pure rhetoric engines. They have mastered the formal techniques that make
text persuasive without necessarily possessing the substantive knowledge that
should underlie persuasive claims. They can generate eloquent defenses of false
positions, compelling narratives built on fabricated events, and authoritative-
sounding explanations of processes they do not actually model.

This capability reveals something important about the relationship between
linguistic form and epistemic content. We have assumed, perhaps unconsciously,
that certain formal features reliably signal substantive merit that well-structured
arguments are more likely to be true, that careful qualification indicates genuine
uncertainty, that citation of sources demonstrates grounding in evidence. LLMs
demonstrate that these formal features can be mechanically reproduced without
their usual epistemic correlates. They break the assumed connection between
how something is said and whether it is true. The implications extend beyond
AT systems. If rhetorical effectiveness can be algorithmically generated, we
must reconsider how much weight to give to formal features when evaluating
claims. We can no longer assume that a beautifully written, logically structured
argument is therefore likely to be correct. The traditional heuristics we use to
assess credibility fluency, coherence, apparent expertise are now unreliable in
contexts where Al-generated content is prevalent.
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Ethical and Epistemological Implications
The Erosion of Epistemic Trust

Epistemic trust our willingness to accept claims from others as reliable sources
of knowledge depends on assumptions about the relationship between assertion
and belief, between saying and meaning. When a human makes a claim, we
typically assume they believe it, that this belief is based on some evidence or
reasoning, and that they are accountable for its truth. These assumptions justify
treating testimony as a source of knowledge. LLMs complicate this epistemic
economy. They generate claims without believing them, without basing them on
evidence in the traditional sense, and without being accountable for their truth.
Yet their outputs are superficially indistinguishable from human testimony. This
creates a fundamental uncertainty: when encountering a claim, we can no longer
confidently assume it reflects belief grounded in evidence and accountability.

The proliferation of LLM-generated content thus threatens to erode epistemic
trust more broadly. If we cannot reliably distinguish between human and Al-
generated claims, and if Al-generated claims are systematically less reliable de-
spite being superficially similar, we may rationally decrease our trust in claims
generally. This could lead to a kind of epistemic skepticism where all assertions
are treated with suspicion, even those from reliable human sources. This erosion
of trust has practical consequences. Science depends on trusting peer-reviewed
publications. Democracy depends on trusting news sources and expert analysis.
Education depends on trusting textbooks and teachers. If LLM-generated con-
tent infiltrates these systems without reliable detection mechanisms, and if such
content is systematically less reliable despite being coherent and persuasive, the
foundations of knowledge-sharing institutions are undermined.

The Illusion of Understanding

Interacting with LLMs can create what might be called “the illusion of under-
standing” a false sense of comprehension that comes from receiving coherent,
well-structured explanations without engaging in genuine sense-making. When
a human teacher explains a complex concept, the explanation is ideally tailored
to the student’s current understanding, responsive to confusion, and aimed at
fostering genuine comprehension. The student must actively work to integrate
new information with existing knowledge. LLM explanations, by contrast, can
be passively consumed. They are typically clear, well-organized, and require
minimal cognitive effort to process. But this ease of consumption may come at
the cost of genuine understanding. The student receives information that sounds
comprehensible without necessarily achieving the deeper integration that con-
stitutes real learning. The coherence of the explanation creates an illusion that
the concept has been grasped when in fact only its verbal formulation has been
memorized.

This problem is exacerbated by the LLM’s inability to assess understanding.
A human teacher can detect confusion through questions, body language, and
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failed attempts at application. An LLM cannot meaningfully evaluate whether
its explanation has been understood; it can only generate follow-up text that
maintains coherence with the conversation. This creates the possibility of ex-
tended exchanges where both parties maintain the appearance of meaningful
communication without substantive understanding actually occurring. The ed-
ucational implications are significant. If students increasingly rely on LLM-
generated explanations, they may develop fluency with terminology and surface-
level concepts without the deeper understanding necessary for application, syn-
thesis, and critical evaluation. They may mistake the ability to reproduce co-
herent explanations for genuine comprehension, and teachers may struggle to
detect this gap if assessments emphasize verbal fluency over demonstrated un-
derstanding.

Responsibility and Accountability Gaps

When an LLM generates false or harmful content, who is responsible? The
model is not an agent in the moral sense it has no intentions, beliefs, or capac-
ity for moral reasoning. Its outputs are mechanistic consequences of training
data and optimization objectives. Yet treating it as a mere tool is also inade-
quate, given its complexity and the degree of autonomy in its text generation.
This creates an accountability gap. Users may feel they bear limited responsi-
bility because they did not directly create the content the LLM did. Developers
may disclaim responsibility because the model’s outputs are emergent and unpre-
dictable, not directly programmed. The model itself cannot be held accountable
in any meaningful sense. The result is situations where harmful or false content
is generated without clear moral or legal responsibility.

This gap is particularly concerning in high-stakes domains. If an LLM provides
medical advice that leads to harm, who is liable? If it generates misinformation
that influences an election, who is accountable? If it produces biased hiring
recommendations, who is responsible for discriminatory outcomes ? The lack of
clear answers to these questions creates moral hazards situations where harmful
outcomes occur without corresponding accountability. Addressing this requires
rethinking our frameworks for attribution and responsibility in contexts involv-
ing complex Al systems. We may need new legal and ethical categories that
recognize the distributed nature of responsibility when LLMs are involved, clar-
ifying the obligations of developers, deployers, and users in ways that prevent
accountability from slipping through the cracks.

The Need for Verification Architectures

The fundamental problem coherence without guaranteed truth suggests that re-
sponsible deployment of LLMs requires external verification mechanisms. These
might include :

o Real-time fact-checking: Systems that automatically verify factual
claims against authoritative databases during generation or before pre-
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sentation to users.

o Confidence calibration: Mechanisms that allow models to reliably as-
sess their own uncertainty and communicate this to users, preventing over-
confident assertions on uncertain topics.

o Citation and provenance tracking: Requirements that LLM outputs
include traceable sources for factual claims, allowing users to verify infor-
mation independently.

¢ Human-in-the-loop verification: Workflows that require human ex-
pert review of LLM outputs in high-stakes domains before they are acted
upon.

e Adversarial testing: Systematic efforts to identify failure modes, edge
cases, and situations where models generate plausible falsehoods, with
results informing deployment decisions.

These mechanisms acknowledge that internal coherence is insufficient for relia-
bility and that truth requires grounding in external reality. They represent a
shift from treating LLMs as autonomous knowledge sources to treating them as
tools that must be integrated into larger verification ecosystems.

Toward a Hybrid Framework : Integrating Coherence and
Verification

The analysis presented thus far suggests a fundamental tension: LLMs excel at
coherence but lack intrinsic truth-tracking mechanisms, while traditional knowl-
edge systems prioritize truth but often lack the flexibility and linguistic sophis-
tication of LLMs. This suggests the need for hybrid approaches that combine
the strengths of both.

Layered Architecture: Generation and Validation

One promising direction involves separating generation from validation. In this
architecture, LLMs would serve as hypothesis generators producing candidate
explanations, arguments, or solutions while separate systems would validate
these candidates against external criteria. The generation layer leverages the
LLM’s capacity for coherent, contextually appropriate text production. The val-
idation layer employs fact-checking databases, logical verifiers, domain-specific
reasoners, or human experts to assess accuracy. This approach acknowledges
what LLMs do well (generating plausible, well-formed content) while compensat-
ing for what they do poorly (ensuring factual accuracy). It treats coherence as a
necessary but insufficient condition for acceptable output, requiring additional
verification before content is presented as reliable.

Critically, this architecture makes explicit what is currently implicit
: that coherence and truth are distinct properties requiring different
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assessment methods. By separating them structurally, we prevent the
conflation that leads to overconfidence in LLM outputs.

Explicit Uncertainty Quantification

LLMs currently generate outputs with uniform confidence regardless of their
actual reliability. A statement based on widely replicated training data and a
fabricated claim receive the same assertoric force. This creates a misleading
impression of comprehensive knowledge.

Improved systems should explicitly quantify and communicate uncertainty. This
might involve :

o Attaching confidence scores to factual claims based on training data fre-
quency and consistency

o Using hedging language that scales with uncertainty (“It is certain that...”,
“It is likely that..”, “It is possible that...”)

o Distinguishing between claims the model is confident about and those
where it is extrapolating or speculating

o Refusing to answer when confidence falls below acceptable thresholds

Such mechanisms would prevent users from treating all LLM outputs as equally
reliable and would direct attention to claims requiring additional verification.

Domain-Specific Grounding

Different domains have different relationships between coherence and truth. In
mathematics, formal coherence and truth are closely aligned (though not iden-
tical consistent mathematical systems can be non-standard models). In fiction,
coherence is valuable independently of truth. In empirical sciences, coherence
is necessary but must be supplemented with observational evidence.

This suggests that LLM deployment should be domain-specific, with different
architectures and validation mechanisms depending on the epistemic standards
of the domain. A mathematics-focused LLM might integrate automated theo-
rem provers. A scientific LLM might require citation of peer-reviewed sources.
A creative writing LLM might optimize for coherence without truth constraints.
This domain-specific approach recognizes that the relationship between language
and reality varies across contexts and that appropriate Al systems should reflect
these variations rather than applying a one-size-fits-all architecture.

Recursive Self-Criticism

Advanced LLM architectures might incorporate recursive self-criticism using the
model’s own capabilities to critique and refine its outputs. This could involve
generating an initial response, then prompting the model to identify potential er-
rors, weaknesses, or unsupported claims in that response, then revising based on
this critique. While not a complete solution (the model’s limitations affect both
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generation and critique), this approach can catch certain classes of errors inter-
nal contradictions, claims that conflict with other well-established information,
and logical fallacies that a single-pass generation would miss. It leverages the
model’s pattern-recognition capabilities to detect deviations from high-quality
reasoning patterns. This recursive approach acknowledges that LLMs can rec-
ognize certain forms of incoherence or poor reasoning when explicitly prompted,
even if they sometimes generate such flaws initially. By systematizing this self-
critique, we can improve output quality without requiring external validation
for every claim.

Conclusion

This inquiry has argued that the apparent reasoning capabilities of Large Lan-
guage Models are better understood as coherence generation rather than truth-
seeking. LLMs are sophisticated pattern-matching systems that reproduce the
surface structure of logical discourse without necessarily accessing the under-
lying reality that such discourse purports to represent. They excel at formal
validity while remaining systematically uncertain about material truth. This is
not a failure of these systems but a consequence of their design. LLMs opti-
mize for linguistic coherence a property that can be measured and trained using
text corpora rather than for truth, which requires grounding in extra-linguistic
reality. The result is systems that can generate arguments that are internally
consistent, rhetorically compelling, and formally valid while being factually un-
reliable.

The central claim of this paper is that our difficulty in properly assessing and
deploying LLMs stems from a deeper confusion: the conflation of logical coher-
ence with truth. We have inherited from rationalist traditions an assumption
that well-reasoned arguments reliably indicate correct conclusions, that logical
structure correlates strongly with factual accuracy. LLMs break this correlation,
demonstrating that coherence can be algorithmically produced in the absence of
understanding, intentionality, or empirical grounding. This demonstration has
important implications. Epistemologically, it requires us to more carefully dis-
tinguish between formal and material adequacy in reasoning, between validity
and soundness, between persuasiveness and truth. Practically, it suggests that
responsible deployment of LLMs requires hybrid architectures that combine co-
herence generation with external verification mechanisms. Ethically, it raises
questions about accountability, epistemic trust, and the conditions under which
we should treat Al-generated content as reliable.

The problem revealed by LLMs is ultimately not technological but philosophical.
We must clarify what we mean by reasoning, understanding, and knowledge in
contexts where these capacities can be mechanically simulated without being
genuinely instantiated. We must develop new frameworks for evaluating intel-
ligence that do not conflate formal sophistication with substantive competence.
And we must design systems that acknowledge the gap between coherence and
truth rather than pretending it does not exist. The illusion of reasoning pro-
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duced by language models is a mirror held up to our own epistemic practices. It
reveals how much of what we take to be genuine understanding is actually pat-
tern recognition, how often we mistake formal correctness for factual accuracy,
and how vulnerable we are to coherent falsehoods. By examining this illusion
carefully, we can develop both better Al systems and better accounts of what
genuine reasoning and knowledge require.

The path forward involves neither rejecting LLMs as fundamentally flawed nor
accepting them uncritically as knowledge systems. Instead, we must understand
their capabilities and limitations with precision, deploy them in contexts where
coherence generation is valuable, and supplement them with verification mech-
anisms where truth is critical. We must, in short, learn to use these systems
wisely recognizing that they are powerful tools for generating well-formed lan-
guage while remaining fundamentally agnostic about the truth of what they
generate. This requires humility about both AI capabilities and human judg-
ment. LLMs show us that sophisticated reasoning can be simulated without
understanding. But human reasoning is itself fallible, biased, and often insuffi-
ciently grounded in evidence. The challenge is not to replace human judgment
with AT or to reject Al in favor of purely human reasoning, but to develop hy-
brid systems that leverage the strengths of both while compensating for their
respective weaknesses.

In the end, logical coherence without truth is not merely a problem for AI
systems. It is a possibility inherent in any reasoning system that operates on
form without sufficient grounding in content. The distinctive contribution of
LLMs is to make this possibility explicit, inescapable, and impossible to ignore.
By forcing us to confront the gap between coherence and truth, they offer an
opportunity for philosophical and practical progress if we are willing to learn
from what they reveal.
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