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Abstract—While recent advances in Large Language Models’
reasoning capabilities have improved their performance across
many tasks, the fundamental challenge of hallucination, a form of
unexpected generation, persists. Researchers are already attempt-
ing to develop methods to detect and mitigate hallucination, even
though the term itself lacks a unified definition and is applied
inconsistently across the literature. This incongruity underscores
the need for a clear and conceptually grounded definition,
which is the prerequisite for pursuing effective solutions. We
reviewed 76 definitions of hallucination from AI-related literature
published between 2023 and 2025. Our analysis revealed sub-
stantial overlaps and ambiguities in the definitional boundaries
between hallucination and other related concepts, leading to
inconsistent usage across the literature. The current definitional
vocabulary also remains largely focused on observable properties,
such as factuality and faithfulness, rather than the underlying
mechanisms that give rise to these outputs. To address these
limitations, we propose a Lifecycle-Based, Mechanism-Aligned,
and Phenomenon-Consistent definition of hallucination that in-
tegrates both the generative mechanisms and their observable
manifestations across the stages of data collection, processing,
and quality assurance, through model development, to deploy-
ment. This reframed definition provides a conceptually coherent
foundation for hallucination evaluation and mitigation, offering
future guidance for developing benchmarks, designing diagnostic
tools, and implementing mitigation strategies.

Keywords—hallucination, large language models, AI ethics,
natural language processing, machine learning.
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I. INTRODUCTION

In the latest wave of generative artificial intelligence (AI)
advancement from leading labs, hallucination is moving to the
center of product narratives. In OpenAI’s debut of ChatGPT5,
visibly lower hallucination rates are marketed to emphasize its
generation ability compared to its previous models [1].

The term hallucination entered mainstream AI discourse
notably in July 2021, when Meta publicly used hallucination
to acknowledge that their early large language models (LLMs)
could “confidently state information that isn’t correct [2].”
During these years, the term has also gradually entered popular
discourse. Cambridge Dictionary selected “hallucinate” as its
2023 Word of the Year [3] and added a dedicated definition
for hallucination as “false information that is produced by an
artificial intelligence [4].”

Evidence from high-stakes domains, including healthcare
and law, shows that AI hallucinations can lead to serious
consequences. In healthcare, AI transcription tools have been
found to produce concerning hallucinations. Whisper, utilized
by over 30,000 clinicians across 40 health systems, was
found to produce hallucinated content in approximately 1%
of transcriptions, with 38% of these hallucinations containing
explicitly harmful misinformation [5]. The legal system faces
similar risks. A recent Stanford study reveals that leading
commercial legal AI systems provide misleading information
in approximately 17% of queries [6]. Courts have witnessed
multiple instances of citing bogus cases generated by AI
tools and sanctioned lawyers for contempt of court [7], [8].
In response to these incidents, the industry has increased its
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commitment and efforts towards developing and implementing
hallucination management strategies [9].

However, even among leading AI developers, the crite-
ria used to define hallucination remain inconsistent. Public
documents from major developers adopt different wordings
and scopes. For example, OpenAI describes hallucination as
factual errors unsupported by reality that misinform users [10].
Meta researchers, by contrast, define hallucinations as errors
and irrelevant responses that are especially problematic be-
cause they appear correct [11]. While the former definition is
restricted to focusing on output factuality, the latter considers
faithfulness with user input and confines itself to plausible
outcomes. This inconsistency is not merely semantic. It breaks
comparability across benchmarks, misguides mitigation, and
confuses deployment where risk tolerances differ by domain.

To address this gap, we address the following research
questions in this study:

• RQ1: What definitions of hallucination are currently
employed in the field of AI, and what conceptual and
practical challenges hinder the development of a unified
definition?

• RQ2: How can we formulate a conceptually coherent
definition of hallucination that bridges existing gaps and
provides an actionable basis for hallucination manage-
ment?

Our contributions are:
• We catalog and analyze 76 definitions of hallucination

from AI-related literature published between 2023 and
2025 and highlight the inconsistent and even conflicting
vocabulary choices and scopes

• We explain why it is challenging to establish a unified and
consistent definition of hallucination, focusing on three
factors: (i) the term “hallucination” itself is conceptually
misleading, (ii) evaluation baselines for hallucination vary
across tasks, modalities, and domains, and (iii) existing
definitions lack grounding in underlying mechanisms

• From a mechanistic perspective, we analyze how hal-
lucination was generated across the lifecycle of large
language models (LLMs) and propose a lifecycle-based,
mechanism-aligned, and phenomenon-consistent defini-
tion of hallucination that provides actionable guidance
for future hallucation evaluation and mitigation

II. ABSENCE OF A UNIFIED DEFINITION

As AI hallucination attracts increasing concerns, the re-
search community has already entered a stage focusing on
hallucination detection and mitigation. Paradoxically, the field
still lacks a standardized definition of the term itself. The
absence of a standardized definition for this prominent topic
hinders both research progress and public understanding. This
section reviews existing definitions of hallucination across
literature, reveals underlying inconsistencies among these def-
initions, and outlines the growing criticisms of the term
“hallucination.”

Recent studies have begun to highlight the concerning
lack of conceptual clarity regarding “hallucination” in AI. A

recent systematic review by Maleki et al. [12] underscores the
inconsistency in the characterization of hallucination within
the context of text generation across fourteen databases. Mean-
while, other researchers have emphasized the overlaps and
ambiguities in definitional boundaries between hallucination
and other related concepts. Ioste et al. [13] point out that some
definitions overgeneralize hallucination as discrepancies from
user expectations, a broader category. In some cases, halluci-
nation is further conflated directly with these omissions [14],
reflecting a hierarchical concept conflation in which distinct
phenomena are improperly treated as equivalent.

To answer RQ1 and investigate this definitional inconsis-
tency more systematically, we collected 76 definitions from
AI hallucination-related publications between 2023 and 2025.
Fig. 1 exhibits a three-level hierarchy of the existing vocabu-
lary used in hallucination definition based on collected sources.
At Level-1, the depiction of Manifestation Defect dominates
with 80.0% of term instances, followed by Manifestation
Premise with around 15%, and Mechanism-related with only
3.9%. Within the description of manifestation defects, the
factuality-related words account for approximately half of the
labels, as shown in Fig. 2, and exhibit substantial fragmenta-
tion of synonyms at Level-3 of the hierarchy. Faithfulness is
the second largest cluster with 22% in defect description. For
the wording of the hallucination premise, plausibility accounts
for 76% of the terms, as shown in Fig. 3.

Analysis of our collected definitions reveals major de-
scriptive diversity and wording differences. Many sources
oversimplify hallucination by equating it as any incorrect
generation [15]–[17]. Existing definitions also differ in scope
and coverage. Guided by distinct objectives, different authors
emphasize different aspects. Some definitions center only
on factual accuracy [10]. Others, especially studies in the
field of natural language processing [18], [19], emphasize the
faithfulness to input context. These different emphases lead to
divergent labels for the same phenomena.

Moreover, these definitions even appear to contradict and
disagree on what qualities a hallucinated output must have.
Some definitions stipulate, as a premise, that hallucinated
responses must be plausible and fluent [20]–[26]. In contrast,
other definitions also encompass outputs that are, obviously
unreasonable [27], obviously nonsensical [20], [22], [28]–
[30] or logically inconsistent [13], [31], [32], revealing a
fundamental contradiction in the assumed characteristics of
hallucinated outputs. This inconsistency is further reflected
in how some sources restrict hallucination to instruction-
compliant outputs [33], while others extend the term to include
outputs that deviate from the user’s request [31], [34].

Such definitional confusion confounds efforts to benchmark
models or develop standardized evaluation: divergent labeling
practices, for example, treating a missing detail as a “hal-
lucination” in one study but not in another, will result in
incompatible criteria for success.

Overall, our collected definitions of hallucination share two
notable characteristics:

First, Fig. 4 shows that manifestation-centric terminology



Fig. 1. Existing Definition Schema

dominates while mechanism-oriented labels are scarce. Most
key terms in current definitions, such as fabricated, untruth-
ful, inaccurate, ungrounded, and their variants, refer only to
models’ externally observable behavior. They describe what
the model says, not how or why it produces the statement,
remaining at the level of manifestation.

Second, despite the term variety, these words can almost
always be reduced to two underlying concerns, factuality and
faithfulness, which are also the two notable term choices of
the collected definition as shown in Fig. 2. This consolidation
echoes Ji et al.’s [35] manifestation–level taxonomy: Factual-
ity, concerning whether the output contradicts ground truth;
Faithfulness, concerning whether the output is inconsistent
with user-provided context [26], [31], [35].

In summary, the current definitional vocabulary still focuses
on observable properties, mainly factuality and faithfulness,
rather than the underlying mechanisms that generate the out-
puts.

III. CHALLENGES IN REACHING A UNIFIED DEFINITION

As shown in the previous section, the community’s use of
hallucination remains anything but consistent. Definitions clus-
ter around loose keywords, vary across application domains,
and remain focused at the phenomenal level. This section
discusses three reasons why a unified and consistent definition
has yet to be established: (i) the “hallucination” label itself is
misleading, (ii) hallucination evaluation baselines vary across
tasks, modalities, and domains, and (iii) current definitions are
not grounded in underlying mechanisms.

A. “Hallucination” as a Misleading Label

While “hallucination” has become a predominant label for
describing certain unexpected outputs from generative AI,
many researchers and practitioners argue that the term itself
is misleading or counterproductive.

Two primary critiques dominate the discourse: (i) “Hallu-
cination” carries anthropomorphic baggage that overstates the
model’s cognitive nature, and (ii) “Hallucination” frames the



Fig. 2. Defect Description

phenomenon purely as a defect, overlooking its potential to
foster innovations.

Anthropomorphic Baggage
Originating from psychiatry, hallucination describes a con-

scious agent perceiving stimuli that do not exist [36]. Applied
to LLMs, the word itself inherently carries anthropomorphic
meanings, unwittingly implying a form of perception, imag-
ination, and subjective experience—capabilities they do not
possess.

As Fayyad notes, the wording conveys an over-expectation
towards models, and risks confusing users about how the
system actually works [37]. Unlike human beings, LLMs,
however, live in a world of mathematical foundations, from
which they sample a learned distribution and assign probabil-
ities to tokens given prior context, without any understanding
or concept of correctness.

Anthropomorphizing language may also lull users into over-
trusting [37] and overlooking the structural inevitability of
hallucination.

Gundogmusler et al. trace apparent hallucinations to the
transformer’s probabilistic foundations that any token with
non-zero probability can eventually be emitted, even when
it contradicts ground truth [38]. And using a diagonalization
argument, Xu et al. show that for any computably enumerable
models, there exists a computable ground-truth function on
which each will hallucinate [39].

Therefore, labeling every deviation from the expected output

as a hallucination can make unavoidable outcomes seem trivial
and obscure the core problem.

Overlooking Creativity
The word “hallucination” inherently carries a negative fram-

ing. Yet an increasing number of researchers and practitioners
are challenging this narrow view and criticizing that “halluci-
nation” is a misnomer that obscures the models’ underlying
creative potential.

Recent work has introduced the concept of “valuable hal-
lucinations” to characterize outputs that, while factually in-
correct, equip important cognitive and creative functions [40],
[41]. Sui et al. [41] show that such outputs frequently display
heightened narrativity and semantic coherence, properties that
contribute to their creative utility. Altman, OpenAI’s CEO, has
also described hallucination as “more feature than bug” [42],
arguing that LLMs outpace their adoption for routine tasks
precisely because they recombine learned data into novel
perspectives.

Extending beyond corporate branding, empirical studies
further confirm that hallucination and creativity frequently co-
occur [43]–[45], and deeper theoretical analyses reveal they
share the same generative mechanism and even mathematical
foundation [38], [46]. For example, in Lee et al.’s verifica-
tion, any attempt to drive hallucination probability arbitrarily
close to zero simultaneously pushes a paired “creativity term”
toward zero [44].

Consequently, labeling all such outputs under the pejorative



Fig. 3. Premise Constraints

Fig. 4. Distribution of Definition Schema

term “hallucination” flattens a multifaceted phenomenon into
a single flaw, erasing its innovative aspects and constraining
opportunities for future nuanced evaluation and mitigation.

Emergence of Alternative Terms
Given all these reasons, it is unsurprising that some re-

searchers have begun eschewing the term “hallucination.”
Alternatives such as “confabulation” or “fabrication” [41], and
“delusion” [12] have been proposed. While none has achieved
consensus, the competing terms reflect a growing discomfort
with hallucination as the descriptor. The use of this term then
becomes further confused and diversified.

B. One Evaluation Baseline Does Not Fit All

Beyond the controversy over the label itself, definitional
divergence also stems from various baselines for determining

what outputs are considered unacceptable. In practice, these
baselines differ by tasks, models, and application domains.
Therefore, achieving a universal judging criterion across mul-
tiple settings is difficult with a single phenomenological defi-
nition.

1) Task-Dependent Benchmark: Outputs’ truth conditions
are task-relative, and so are the current ways benchmarks
operationalize “hallucination.” Each benchmark caters to a
specific task or limited tasks and develops metrics suited to
its own purpose.

Tasks such as question answering (QA), text summarization,
translation, and dialogue have relatively clear baselines, which
require outputs to match known facts and established true
reference answers.

• QA is a fundamental task in natural language processing.



TruthfulQA [47] and FACTOR [48] are two of the most
widely used QA benchmarks, which set answer truthful-
ness and factual accuracy as metrics, assessing models’
ability to understand textual information and generate
accurate answers.

• For text summarization tasks, benchmarks such as Gi-
gaword [49] and Multi-News [50] focus on semantic
consistency and faithfulness between generated content
and source information.

• Dialogue benchmark, such as KdConv [51], includes out-
puts’ fluency and coherence to the context and knowledge
information.

In open-ended tasks, generations lack fixed ground truths
because the evaluation metric depends on references or verifi-
able facts, and such tasks do not have stable references. Here,
hallucination becomes subjective. Outputs may be factually
false yet still coherent, persuasive, or useful for the task.

Recent work notes that most benchmarks overlook halluci-
nations in such free-form settings [52]. Even when open-ended
tasks are included, as in TruthQA, metrics often extend to
contain more subjective criteria such as informativeness [47].
From a modeling perspective, Andriopoulos et al. [53] point
out that a finite-context parametric model can only approxi-
mate the open-ended distribution.

Therefore, under the existing definition of “hallucination,”
benchmark design can only target task-specific manifestations.

2) Modality-Dependent Expectation: The definition of hal-
lucination also shifts when moving from purely text-based
LLMs to multimodal systems such as large vision–language
models (LVLMs). For LLMs, hallucination typically centers
on text generation quality and factual consistency for a purely
textual ground truth. In LVLMs, however, evaluation must also
account for the accuracy of visual perception, visual–textual
alignment, and cross-modal reasoning.

Compared with text-only settings, benchmarks for multi-
modal hallucination capture non-existent objects, inaccurate
object attributes, or incorrect object relationships. Benchmarks
in image captioning, such as POPE [54], are designed to detect
object hallucinations.

Because these risks are modality-specific, applying a single,
text-centric definition of hallucination to LVLMs risks over-
looking modality-driven failure modes.

3) Domain-Dependent Risk Baseline: Risk tolerance for
hallucination varies across domains. In high-stakes contexts,
such as clinical records, legal analysis, and financial advising,
even a small probability of factual error can be unacceptable.
By contrast, in creative or exploratory settings, factual devia-
tion is often tolerated and may even be encouraged.

Early “factual but wooden” chatbots were criticized for
sounding mechanical and uninspiring. Models such as Chat-
GPT rose in popularity in part because they produced imagi-
native, emotionally rich responses. Many users treat generative
AIs not only as information utilities but also as conversational
partners. For example, some even steer the dialogue toward
practices like online divination [55].

Such outputs have no ground-truth reference, fitting any
given definition of hallucination, yet they deliver clear user
experiential value.

Commercial roadmaps confirm this demand. Both OpenAI
and Google DeepMind market “creative writing” power as
headline features. OpenAI highlights cases where authors co-
develop story ideas and narratives with the model’s imagina-
tive suggestions [56]. A study with fifteen theatre and film
professionals reported productivity gains and innovative plot
twists under the assistance of DeepMind’s Dramatron [57]. In
scientific discovery, controlled “hallucinatory” exploration has
even been found to aid molecular innovation [58].

Eliminating this capacity entirely could degrade usability
in domains such as marketing, game design, and storytelling.
A universal, rigidly factuality-based definition of hallucination
would therefore over-penalize systems in these domains.

C. Phenomenon-Based Labels Without Mechanistic Ground-
ing

As discussed in the previous section, most current defini-
tions of hallucination focus on outward manifestations. The
labels are essentially black-box depictions, with which the
phenomena are named, but their mechanisms remain opaque.

Furthermore, mechanistic studies show that hallucination
exhibits a many-to-many mapping between causes and ap-
pearances. One single symptom may have multiple triggers
across a model’s lifecycle. For example, Yu et al. [59] in-
vestigate non-factual hallucinations that misalign with world
knowledge, tracing them to two distinct underlying causes and
designing targeted remedies for each. Similarly, Zhang et al.
[60] examine the phenomenon of knowledge overshadowing-
when querying knowledge with multiple conditions-certain
conditions dominate others, leading to hallucinated outputs. By
pinpointing its mechanism, they propose detection strategies
based on early warning signals observed inside the model.

Without being anchored in underlying mechanisms, mitiga-
tion remains non-targeted, and evaluation risks measuring sur-
face behavior rather than root causes. The phenomenon-level
definition, therefore, lacks effective guidance for mitigation
and evaluation measures.

Taken together, these factors explain why the field still lacks
a unified and consistent definition of hallucination.

IV. FROM DATA, THROUGH MODEL DEVELOPMENT, TO
DEPLOYMENT - MECHANISMS OF HALLUCINATION

ACROSS THE LLM LIFECYCLE

Recognizing that purely phenomenological labels of hallu-
cination fail to generalize across tasks, modalities, and their
underlying causes, we shift the lens inward from phenomeno-
logical to mechanistic analysis. To make definitions actionable
guidance for hallucination management, we must tie observed
symptoms to the mechanisms that generate them. This section
dissects the entire LLM lifecycle to map the inherent failure
points.



A. Hallucination Begins with the Data
The data used to train LLMs lay the foundation for both

their capabilities and their limitations. Hallucination risks often
originate here, long before model development or deployment
decisions are made.

1) Data collection and Knowledge boundary: LLMs inherit
all of their factual knowledge base from the corpora on which
they are pre-trained [61]. The scope of those corpora thus de-
fines an implicit knowledge boundary [62]. Materials that fall
outside this boundary include content that is absent, outdated,
or sparsely represented in the training corpora. Such gaps form
knowledge blind spots, which force the model to select tokens
based on non-existent or misunderstood regulations during
decoding [11], resulting in hallucinations.

One major coverage gap of knowledge boundary formation
is temporal staleness: the model’s knowledge is frozen at the
time of pre-training without outdated information and fails to
keep up with the rapidly evolving world [26], [39]. Moreover,
copyright laws and privacy restrictions exclude many high-
quality sources from large-scale scraping [11], [63].

The limited parameter budget of current LLMs still falls
short of encoding long-tail details of human knowledge [61].
When the decoder later encounters a query that sits outside
this encoded subset, it assembles tokens that carry model
probability but high epistemic uncertainty, yielding fluent yet
incorrect answers [59], [64].

2) Data processing and Quality: Whereas data collection
sets the boundary of potential knowledge, hallucination can
also stem from suboptimal preprocessing practices and poor
data quality, including data accuracy, frequency, and diversity.

During data processing, annotation choices and insufficient
data cleaning play key roles. Irrelevant annotations will lead
to mismatches in token-level relationships [65], [66]. In su-
pervised settings, the use of hard labels—where only one
“correct” token is reinforced—limits the model’s flexibility to
handle ambiguity [67]. This practice, though computationally
efficient, encourages brittle decision-making and can result in
confident but incorrect outputs when multiple valid comple-
tions exist [67]. As for data cleaning, a key concern is the
inadequate cleaning of incorrect knowledge [68]. Moreover,
when encoded with multiple contradictory pieces of informa-
tion about the same topic, the model shows a higher tendency
to generate inconsistent outputs depending on the specific
context or query formulation [69].

Even with optimal processing, hallucinations can arise from
flaws inherent in the source data quality itself.

Data Accuracy. The collected data can include both struc-
tured and unstructured data [11]. Much of the training corpus
consists of unstructured web data, which is easy to collect
at scale but often contains errors, misinformation, biases, and
outdated information [70]. Secondly, when LLMs encounter
misinformation, contradictory facts, or systematically biased
content during training, these elements become integrated into
the model’s parametric knowledge base [26], [39]. In addition
to content-level noise, data compression during pretraining
data storage introduces further information loss and distortion.

As Yin et al. show, higher compression ratios observably
reduce downstream model performance [71].

Term Frequency Imbalance. Hallucinations frequently
result from statistical imbalances in training data, particularly
when popular conditions dominate rare frequency tokens [60],
[72]. When the model sees certain entities disproportionately
during training, it may overemphasize those entities [72].
Zhang et al. show that such high imbalance ratios can lead
to knowledge overshadow, where statistically dominant to-
kens tend to suppress others and dominate the generation
process when the model encounters queries with multiple
constraints [60].

Insufficient Diversity. A well-documented failure mode
of LLMs involves tasks requiring negation or counterfactual
reasoning [66], [72], [73]. Several top models have been
shown to hallucinate frequently on negation-heavy prompts,
due in part to the scarcity of negative instruction data in their
training sets [73]. Furthermore, most standard training corpora
do not represent counterfactual statements, which creates a
conflict between pretraining and downstream tasks [66]. Kim
et al. demonstrate that implanting counterfactual thinking
into model training can significantly reduce hallucination
rates [72], offering empirical validation for the claim that
a lack of contextual diversity contributes to hallucination
generation.

In multimodal domains, diversity limitations are even more
pronounced. For image and video tasks, the available datasets
are often repetitive and lack sufficient variety in object repre-
sentations [74], due to the high cost of collecting high-quality
data pairs [75].

B. Hallucination continues during Pretraining

Pretraining, the stage in which LLMs learn to predict the
next token from vast text corpora, embeds not only factual
knowledge but also statistical patterns and implicit preferences,
making it a foundational source of hallucination in model out-
puts. This influence manifests through multiple mechanisms,
which are outlined in the following discussion.

1) Memorization and Statistical Bias: During LLMs’ next-
token learning, the training data frequency and the model’s
memory rules, which determine how statistics are stored and
retrieved, jointly influence how the model weighs different
pieces of information during generation. The resulting fre-
quency bias and attestation bias are the main ways through
which those biases later leak into hallucination [76].

Frequency Bias. One major source of hallucination is
the model’s weighted memorization of corpus-level token
frequencies, as McKenna et al. reveal [76]. LLMs internalize
relative frequency priors and skew generation toward high-
probability patterns seen in pretraining [77]. For example, in
textual entailment tasks, statistically common entities are more
easily retrievable in memory, while low-frequency information
may be effectively suppressed even when it is more relevant to
the current context. This frequency-driven memorization also
explains why less frequent long-tail knowledge is especially



fragile. The hallucination rate increases when the model en-
counters long-tail knowledge requirements [26], [78], where it
may fill in the output with plausible but incorrect information.

Attestation Bias. During pre-training, the model learns to
use named entities as “indices” into its propositional mem-
ory [76]. Once the “indices” have been attested anywhere in
the corpus, the model tends to affirm the statement, regardless
of the new context or contradictory premise [76]. Teacher-
forcing training amplifies the effect, leading to stochastic
parroting, from which the model only learns to parrot and
imitate previously seen continuations rather than reason about
entailment [34], [79].

The memorization mechanism explains why models often
struggle with specialized knowledge, minority perspectives, or
edge cases that were underrepresented in training data.

2) Attention Pathologies: Hallucinations in LLMs can
emerge from intrinsic limitations in the self-attention mech-
anism—the foundational architecture of transformers [80],
which serves as the backbone of most modern LLMs. Since
attention governs how input tokens are weighted and contex-
tualized [81], its failure directly impacts factual fidelity. Two
primary failure modes are frequently observed: unexpected
attention to outlier tokens [59], [82]–[84] and inadequate
attention to relevant content [85], [86].

Unexpected Attention Distribution. Self-attention mecha-
nisms occasionally assign disproportionately high weights to
irrelevant or outlier tokens. These tokens may act as noise or
redundant information, distract the model from key context, or
even dominate the output semantics despite lacking informa-
tive value [82]. Yu et al. [59] demonstrate that some multi-head
attention modules hallucinate due to the failure of choosing
the correct object attribute in upper transformer layers, where
false-premise attention heads override other accurate retrievals,
resulting in the factually incorrect selections and distorting
output accuracy [83], [84].

Lost Attention. Transformers also have trouble dealing with
long context. As input length grows, attention becomes diluted
and drifted [87], making it increasingly difficult to maintain
focus on semantically important tokens. This limitation stems
from the computational bounds of self-attention, which lacks
sufficient capacity to model hierarchical or periodic finite-state
structures, as Hahn demonstrates [85]. Similarly, Chiang et
al. illustrate that self-attention mechanisms struggle to capture
both long-range dependencies, degrading contextual fidelity in
extended sequences [86].

A salient manifestation of this limitation is the “lost in the
middle” effect. Studies reveal that LLMs often neglect the
middle portion of long input sequences, attending primarily to
the beginning and end [88], [89].

3) Cross-Modal Biases: As LVLMs extend LLMs to handle
multimodal inputs, they inherit and compound hallucination
risks from both visual and textual modalities. LVLMs are
typically composed of pre-trained encoders for vision and
language, and an alignment module. Each introduces modality-
specific failure modes that, when combined, lead to distinct
cross-modal hallucinations [90], [91].

Vision Encoder Limitations. The inability of vision en-
coders to accurately ground images stems from their tendency
to capture low-resolution and poor visual granularity [92], with
an overemphasis on visually salient objects while neglecting
fine-grained relationships or background context [93].

Language Priors. The vision encoder limitations then
increase reliance on language priors. This overreliance leads
models to hallucinate based on frequently co-occurring ob-
ject patterns learned during pretraining [94]–[96], rather than
grounding predictions in the visual input. When the visual
evidence conflicts with these learned associations, the result is
cognitive dissonance or expectancy violation [97]. Therefore,
LVLMs often exhibit an overconfidence in their linguistic
knowledge [75]

Alignment Module Bottlenecks. To connect vision and lan-
guage components, LVLMs use lightweight alignment archi-
tectures such as linear projection or Q-Former modules [90].
However, these projections also act as bottlenecks, limiting
the effective token bandwidth between modalities. Therefore,
as only general information is available [98], the detailed
semantic alignment signals between image and text vectors are
insufficient and weak [91], leading to erroneous cross-modal
associations and hallucinated object references.

C. Hallucination Extends Through Training

Beyond data and pretraining, hallucination continues to
accumulate during subsequent training stages, particularly
through misaligned uncertainty generation and limitations in
task-specific fine-tuning.

1) Inadequate Handling of Uncertainty and Output Over-
confidence: A common source of hallucination arises when
there is a deeper misalignment between the model’s internal
uncertainty and its tendency to produce overconfident outputs
despite lacking sufficient information to provide reliable an-
swers [99].

The root cause of such misalignment can be attributed to the
limitations in LLMs’ ability to handle uncertainty. Most LLMs
are not properly trained to acknowledge knowledge boundaries
or express indetermination, as Tupsakhare et al. claim [24].
This deficiency manifests in the following two key aspects:

Inability to Reject. Rather than declining to answer am-
biguous or unanswerable questions, models frequently make
unreliable guesses, generating plausible but unsupported com-
pletions [100]. This creates a systematic bias toward over-
production—a tendency to fill informational gaps with fluent
speculation, even when abstaining would better serve fac-
tual accuracy. Encouraging models to explicitly say “I don’t
know” [101], as seen in OpenAI’s recent efforts on ChatGPT
5 development [1], or tuning for higher abstention rates [102]
has been shown to mitigate hallucinations.

Consistency over Accuracy. Models are also trained to
prioritize fluency and coherence during generation, even when
doing so at the expense of truthfulness [70], [103]. This
fluency bias is a product of the reward models embedded
in the training objective [104], where coherent outputs are
positively reinforced regardless of factual accuracy. Over time,



this creates weight configurations that strongly associate fluent
generation with positive outcomes, even when fluency comes
at the expense of accuracy. This mechanism underlies a
typical phenomenon: hallucination snowballing, once an early
invented fact is emitted, subsequent tokens tend to maintain
narrative self-consistency, even when doing so compounds
earlier errors [103].

The culmination of these failures is the generation of
overconfident output [26]. Rather than indicating when it
lacks sufficient information to provide a reliable answer, the
model often generates outputs even when the probability of
the predicted token is low.

2) Fine-tuning Alignment: Fine-tuning alignment is often
applied to reduce hallucinations and tailor LLMs to specific
downstream tasks [105]. However, this stage can introduce
new sources of hallucination, particularly under domain shift,
where the input distribution diverges from the pretraining
regime [106].

One key factor is exposure bias, which arises from the
discrepancy between training with teacher-forced inputs and
inference generation [107]. This mismatch leads to incremental
distortion in test-time outputs, increasing the risk of halluci-
nation [106].

As models are exposed to facts not grounded in their
pre-training distribution, they become more prone to gener-
ating unsupported assertions. Gekhman et al. [108] clarify
that LLMs actually struggle to learn new knowledge during
the fine-tuning stage, and any unknown knowledge they are
exposed to will instead become a trigger of hallucination,
appearing as a form of training overfitting to novel data.

Additionally, learning new knowledge during fine-tuning
can degrade or overwrite previously acquired informa-
tion [109]. Fine-tuning may induce catastrophic forget-
ting [110], where alignment objectives suppress the capabil-
ities gained during pre-training. The quality and coverage of
alignment data also introduce additional complications [111].
New information that contradicts pre-training data can exac-
erbate knowledge conflicts, thereby creating hallucinations in
domains where the model previously performed well.

D. Hallucination Persists Throughout Inference and Deploy-
ment

Even with flawless pretraining, careful training alignment,
and high-quality data, hallucinations can still emerge during
inference and deployment. These inference-stage hallucina-
tions can be broadly categorized into two types: failures in how
content is internally represented and encoded, and failures in
how that content is decoded and expressed during generation.

1) Content Encoding: Rather than achieving a truly logical
and semantic understanding of inputs, LLMs rely on shallow
linguistic and object co-occurrence statistics learned during the
training process [83], [95].

Vulnerability to Prompt Variation. However, real-world
downstream tasks often desire model behaviors that diverge
from training objectives, creating model encoding disso-
nance [97]. This statistical approach to language process-

ing then leads to failure in handling unexpected inputs and
nuanced user needs, for example, the requirement of gen-
erating counterfactual reasoning [66] and handling chit-chat
dialogue [112].

Fragility of Contextual Comprehension. Furthermore,
recent studies show that even semantically equivalent para-
phrases can elicit divergent factual outputs [64], highlighting
the fragility of LLMs’ contextual comprehension.

• Deficits in contextual awareness also contribute to
this failure mode. LLMs often struggle with maintaining
consistent attention over long contexts, leading to con-
textual misinterpretation [24]. Response strategies such
as context-aware decoding [113] has been proposed to
address these weaknesses and successfully demonstrated
empirical reductions in hallucination rates.

• Context length introduces further risk and is challenging
to manage. While models with small context windows
are limited in reasoning capability [53], excessively long
contexts can induce semantic phase transitions, cause
semantic drift from the intended meaning, and increase
hallucination risk [46].

2) Decoding Traps: The decoding process of how LLMs
select the next token plays a crucial role in hallucination
emergence.

Likelihood Trap in Deterministic Decoding. Tradition-
ally, decoding strategies such as greedy decoding and beam
search [114] aim to maximize likelihood by selecting the most
probable tokens at each step. While these strategies yield fluent
outputs, as Zhang et al. [115] note, they sometimes fall into
the so-called likelihood trap, where high-probability sequences
often fail to align with human quality judgments, despite
surface-level fluency. This results in outputs that diverge from
human-like language patterns [116] and generate confident but
unfounded assertions [117].

Sampling Randomness in Stochastic Decoding. In re-
sponse to the likelihood trap, most modern LLMs adopt
stochastic sampling methods such as top-k or top-p sam-
pling [118] to inject diversity into the output, rather than
always selecting the highest-scoring token [70]. However, this
flexibility comes with its own trade-off: increased genera-
tion uncertainty. Sampling randomness introduces volatility
in the next token selection of the output sequence, resulting
in outputs with high uncertainty and increased hallucination
rates [26], [39].

V. TOWARD A PHENOMENON-AND-MECHANISM
CONSISTENT DEFINITION

A. Phenomenon Classes

Evidence from the literature suggests that external halluci-
nations cluster into several high-level classes. Factual halluci-
nations include factual incorrectness and inconsistency [26];
entity- and relation-error hallucinations [16]; numeric or tem-
poral mistakes (e.g., misdated events, incorrect ages) [39];
acronym ambiguity [39]; geographic errata [39]; and time-
warp scenarios [39]. Unverifiability and fabrication cover



responses that cannot be substantiated or are out of date [26].
Instruction and context inconsistency refers to the model’s
failures to follow user instructions, mismatches with provided
context, content hallucination, misinterpretation, and needle-
in-a-haystack retrieval misses [31], [39]. Logical inconsistency
captures internal contradictions and semantic distortions [31],
[39]. Narrative elaboration includes intrinsic and extrinsic
additions, including “factual mirage” and “silver-lining” phe-
nomena, in which the model adds imaginative but irrelevant
details [39]. Finally, incompleteness covers truncated or par-
tially missing responses [16].

B. Mechanism Categories

As shown in Fig. 5, hallucination originates from mechanis-
tic errors introduced at different stages of the LLM lifecycle,
including:

• Data collection and processing – narrow or outdated
knowledge boundaries, insufficient cleaning and annota-
tion, term frequency imbalances, and lack of diversity
lead to missing or distorted facts.

• Pretraining – memorization and statistical biases (fre-
quency and attestation), attention pathologies (unexpected
attention, false premise heads, lost attention), and cross-
modal biases (vision encoder limitations, language priors,
projection bottlenecks) introduce structural preferences
that later leak into generation.

• Training – inadequate handling of uncertainty and over-
confidence, exposure bias, domain shift, and catastrophic
forgetting misalign the model’s confidence with its
knowledge.

• Inference and Deployment – failures in content en-
coding (prompt variation, fragile contextual comprehen-
sion) and decoding traps (likelihood trap in deterministic
decoding, sampling randomness) cause late-stage distor-
tions.

These mechanisms do not act in isolation: there is a
compounding effect of stage-to-stage transmission, where hal-
lucinations introduced earlier can be amplified or reshaped
downstream in the LLM lifecycle. A missing fact in the corpus
can be reinforced by memorization bias and then misallocated
by attention pathologies, culminating in a wrongly asserted
entity. Conversely, even accurate internal representations can
be compromised by poor decoding strategies. Moreover, we
identify a feedback loop in which hallucinated outputs, when
incorporated into subsequent data collection, could contami-
nate future training sets, thereby perpetuating and potentially
worsening hallucinations in later model iterations.

C. Mapping Mechanisms to Phenomena

Table I summarizes the principal connections between phe-
nomenon classes and mechanistic causes.

The table shows that certain mechanisms recur across multi-
ple phenomena. For instance, attention pathologies contribute
to factual hallucinations, instruction-related inconsistencies,
and logical breakdowns: when attention is misallocated, the
model may distort factual retrieval, misinterpret user intent, or

lose semantic coherence. Similarly, memorization bias drives
factual errors and narrative elaboration, as the model may over-
rely on high-frequency patterns or memorize training artifacts,
producing plausible but incorrect details.

Fine-tuning misalignment and exposure bias explain why
unverifiable or fabricated statements appear: models are op-
timized to produce fluent, confident responses, even when
their underlying knowledge is uncertain or outdated. At the
inference stage, content encoding errors and decoding traps
often lead to instruction inconsistency or incompleteness—for
example, skipping contextual cues, truncating lists, or gener-
ating fragmented outputs. Finally, the feedback loop shows
how hallucinated outputs, if incorporated back into training
corpora, can contaminate future datasets and amplify factual
or fabricated errors over time.

D. Reframed definition

Drawing together the phenomenon categories and mechanis-
tic causes, we propose a reframed definition of hallucination:

Hallucination in a large language model is not a single
failure but the external manifestation of internal errors in-
troduced and propagated through the model’s lifecycle. These
internal errors include data collection, processing, and quality
issues, memorization bias, attention pathologies, cross-modal
biases, exposure bias, fine-tuning misalignment, and failures
in content encoding or decoding. When these mechanisms
interact, they produce observable phenomena, such as factual
inaccuracies, unverifiable assertions, instruction or context
inconsistencies, logical contradictions, narrative embellish-
ments, and incomplete outputs. As multiple mechanisms may
contribute to a single hallucination, while early errors can
be amplified downstream, effective mitigation requires under-
standing and addressing the specific mechanisms involved.

This definition explicitly ties external manifestations to
internal causes. It emphasizes the many-to-many mapping
between mechanisms and phenomena and underscores the
importance of lifecycle-aware evaluation and mitigation. By
connecting “symptoms” to “root causes,” researchers and
practitioners can then develop targeted benchmarks, diagnostic
evaluation methods, and mechanism-specific mitigation strate-
gies.

VI. IMPLICATION

This mechanism-informed definition provides several impli-
cations for future research and practice targeting AI halluci-
nation management.

A. Informing Hallucination Evaluation and Mitigation

First, a lifecycle-aware definition provides an organizing
axis for mitigating hallucinations. Most current approaches
treat hallucination as a black-box problem [59]. Techniques,
for example, contradictive learning [32], [119], focus on
symptom-level in the output, without systematically examining
the internal mechanisms that generate them. This lack of
mechanistic grounding significantly limits both the effective-
ness and generalization of existing mitigation strategies.



Fig. 5. Mechanistic View of Hallucination

TABLE I. MAPPING BETWEEN MECHANISMS AND OBSERVABLE HALLUCINATION PHENOMENA

Mechanism Stage Specific Mechanisms Mapped Phenomena (Observable Hallucination Types)
Data Collection errors, Processing flaws, Quality is-

sues
Factual hallucination (wrong entities, dates, numeric/time errors,
geographic/time mix-ups)

Pre-training Memorization bias, Attention pathologies,
Cross-modal biases

Factual hallucination (knowledge boundary errors) Narrative elab-
oration (intrinsic/extrinsic embellishment, factual mirage) Instruc-
tion/context inconsistency (context ignored due to poor attention)

Training Fine-tuning misalignment, Exposure bias Unverifiability / Fabrication (overclaims, unverifiable statements,
outdated facts) Logical inconsistency (internal contradictions, se-
mantic distortions)

Inference & Deploy-
ment

Content encoding errors, Decoding traps, Long
context limitations

Instruction & context inconsistency (prompt violations, ignored
context, misinterpretation) Incompleteness (truncated lists, missing
details) Logical inconsistency (reasoning limitations, semantic break-
downs)

Feedback Loop Contaminated future training data Amplified factual errors / fabrication (propagation of prior halluci-
nations into future model behavior)

By systematically mapping hallucination sources to different
stages of the LLM lifecycle, our framework provides the basis
for stage-specific and mechanism-sensitive mitigation. Such
mapping avoids the pitfalls of black-box treatment and offers
an interpretable foundation for mitigation design.

Second, our review highlights the importance of devel-
oping detection and evaluation methods that move beyond
the phenomenal level of output, which only captures ob-
servable manifestations. Most existing methods rely on post-
hoc judgments of generated text [17], [120], constraining

detection to manifestations that are already visible. Therefore,
a mechanism-informed definition opens the way for detecting
internal signals of hallucination before outputs are finalized.

For instance, Zhang et al. [60] forecast hallucinations by
identifying their internal triggering conditions, while Jiang et
al. [64] design a classifier built on logit lens representations
that reflects internal state variations and achieves a predictive
detection rate with 88% accuracy. These studies illustrate
how dynamic internal mechanisms can serve as early warning
signals. Building on this understanding, a mechanism-level



definition can further guide the development of proactive
detection methods and more generalizable benchmarks.

Finally, this framework reiterates the urgent need for a
unified definition of hallucination. Current definitional frag-
mentation reflects the absence of a common reference point,
hindering research efforts by introducing inconsistent ter-
minology and evaluation standards. A mechanism-informed
definition could work as the necessary reference point, harmo-
nizing diverse perspectives under a single organizing schema.
Future work should therefore focus on operationalizing this
unified definition, developing shared benchmarks and metrics
grounded in lifecycle mechanisms to ensure consistency across
domains and applications.

B. Hallucination from the Perspective of Universal Village

Universal Village (UV) is a new proposed concept exem-
plifying an ideal future society that pursues harmony between
humans and nature through the wise use of technologies. The
framework of UV contains UV Elements, UV Design Process,
and UV Connectivity at different levels [121]. In this frame-
work, the UV Elements include four basic elements and eight
system components. The four basic elements (Development
of new energy source, Development of new material, Devel-
opment of effective microbial technology and environmental
protection technologies, UV Lifestyle enabled by Information
technology) provide the conceptual foundation [121], while
the eight subsystems (Smart Home and Community, Smart
Medicine and Healthcare, ITS, Urban Planning and Crowd
Management, Smart Energy Management, Smart City Infras-
tructure, Smart Response System for City Emergency, Smart
Environmental Protection, Smart Humanity) translate them
into practice across critical domains. Unlike current smart city
solutions, which often remain fragmented and rely merely on
data collection without embedding closed feedback control
loops, these subsystems are incorporated as UV Elements to
function as active and feedback-driven units. Their integration
highlights that they are not peripheral add-ons but essen-
tial components of a unified ecosystem, ensuring robustness,
safety, and adaptability through a closed feedback control loop,
including data acquisition, communication, decision-making,
and action [121]. Moreover, these subsystems not only have
close interactions with each other but also are affected by
four major impacting factors of smart cities: information flow,
material cycle, lifestyle, and community.

Within this context, hallucination can be conceptualized as
a data flaw originating from information flow, one of the
four factors that impact subsystems. At the subsystem level,
hallucination could disrupt the closed feedback loop, leading
to erroneous data acquisition, distorted communication, com-
promised decision-making, and misguided action, which may
in turn reinforce the errors. At the system level, these flaws
could further spread through mutual interactions, while affect-
ing material cycles, lifestyle, and community, transforming
hallucination from an isolated malfunction into a structural
vulnerability of the UV ecosystem.

VII. CONCLUSION

Hallucination remains one of the most persistent challenges
in the deployment of generative AI systems. Even if halluci-
nation starts to receive growing attention in public discourse
and industry narratives, our analysis demonstrates that the field
continues to rely on fragmented and inconsistent definitions
that hinder both evaluation and mitigation. By systematically
reviewing 76 definitions of hallucination across AI-related
literature, we reveal the conceptual ambiguities and practi-
cal shortcomings that arise from vocabulary inconsistencies,
shifting evaluation baselines, and insufficient grounding in
mechanisms. To address these gaps, we introduce a Lifecycle-
Based, Mechanism-Aligned, and Phenomenon-Consistent def-
inition of hallucination. This reframed perspective captures
not only the observable manifestations of hallucination, such
as factuality and faithfulness errors, but also the underlying
generative processes across the stages of data collection, model
development, and deployment. Our definition also provides
a conceptually coherent and practically actionable foundation
for subsequent evaluation, diagnosis, and mitigation of hallu-
cination.
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