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GRAPHICAL ABSTRACT

PUBLIC SUMMARY

■   Large language model (LLM) hallucinations can be errors in factual tasks but may aid openended ideation.

■   Creative value arises only after hallucination-derived candidates pass tests of novelty, usefulness, and task fit.

■   Divergent methods expand the candidate space, while convergent methods filter risks and select useful outputs.

■   This review maps methods, evaluation criteria, application domains, and responsible-use boundaries.
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Hallucinations in large language models (LLMs) are always seen as limita-
tions.  However,  could  they  also  be  a  source  of  creativity?  This  survey
explores  this  possibility,  suggesting  that  hallucinations  may  contribute  to
LLM  application  by  fostering  creativity.  Hallucinations  are  not  treated  as
creativity perse; rather, they are considered candidate materials that require
novelty, usefulness, task alignment, semantic structure, safety boundaries,
and  explicit  verification  before  they  can  contribute  to  creative  outcomes.
This  survey  begins  with  a  review  of  the  taxonomy  of  hallucinations  and
their  negative  impact  on  LLM  reliability  in  critical  applications.  Then,
through  historical  examples  and  recent  relevant  theories,  the  survey
explores the potential creative benefits of hallucinations in LLMs. To eluci-
date the value and evaluation criteria of this connection, we delve into the
definitions and  assessment  methods  of  creativity.  Following  the  frame-
work of  divergent  and  convergent  thinking  phases,  the  survey  systemati-
cally  reviews the  literature  on transforming and harnessing hallucinations
for creativity  in  LLMs.  Finally,  the  survey  discusses future  research direc-
tions, emphasizing the need to further explore and refine the application of
hallucinations in creative processes within LLMs.

 INTRODUCTION
Recent  advancements  in  artificial  intelligence  have  propelled  large

language models (LLMs) into the spotlight, marking a significant leap in their
ability to comprehend and generate natural language. This surge in progress
has sparked a global  wave of  research and practical  applications,  highlight-
ing  the  transformative  impact  of  LLMs  across  various  domains.  Among
these  advancements,  the  phenomenon  of  hallucination  within  LLMs  has
emerged  as  a  focal  point  of  investigation.  Characterized  by  the  models'
tendency to produce unfounded or misleading information without solid data
backing,  hallucination poses a challenge to the reliability  and applicability of
LLMs.1 Despite the increasing volume of research, the comprehensive under-
standing of hallucination for LLMs remains to be explored.

This  study  begins  by  outlining  the  taxonomies  of  hallucinations  in  LLMs,
setting  the  stage  for  an  in-depth  review  of  key  research  efforts  aimed  at
identifying and reducing these occurrences.  It  highlights how existing litera-
ture  predominantly  views  hallucinations  as  detrimental,  advocating  for
strategies  to  minimize  their  presence,  particularly  in  serious  application
scenarios like legal and financial.

However, a key question raises and provokes deep reflection: “Is hallucina-
tion in LLMs always harmful, or does creativity hide in hallucinations?” Differ-
ent  from previous surveys or  studies  about  hallucination,  this  paper  revisits
the  phenomenon  from  a  positive  perspective.  In  addition  to  the  negative
impacts  of  hallucination  on  the  reliability  of  LLMs,  this  paper  recognizes  a
trend  in  research  on  the  creativity  of  LLMs  and  explores  the  interplay

between hallucination and creativity,  as well  as how to unearth the value of
LLM hallucination from the perspective of creativity.

In  our  exploration  of  the  interplay  between  LLMs'  hallucinations  and
creativity,  we  scrutinize  notable  historical  examples  where  hallucinations
have  catalyzed  creative  breakthroughs.  By  examining  these  instances,  we
aim to uncover the complex dynamics between human creativity and halluci-
nation,  drawing  insights  from  cognitive  science  underpinned  by  pertinent
scholarly work. Furthermore, this paper reviews recent studies that focus on
this specific  interplay  in  the  realm  of  LLMs,  underscoring  this  critical  inter-
play.  This  analysis  lays  the  groundwork  for  a  deeper  comprehension  of  the
symbiotic relationship between hallucination and creativity.

Recognizing this interplay, this paper delves into evaluating its significance
and  value.  We  begin  by  examining  the  concept  and  evaluation  of  creativity
through  the  lens  of  cognitive  science,  followed  by  a  thorough  review of  the
studies  on  LLM  creativity,  to  understand  its  critical  role  and  potential.  This
discussion  leads  to  the  assertion:  "While  minimizing  hallucination  risks,  it's
vital  to  assess  and  harness  its  creative  potential,  maximizing  the  value  of
LLM hallucinations."

To make this position explicit, this review separates three related but non-
equivalent notions. A factual error denotes an output that conflicts with verifi-
able knowledge and should be suppressed in factual or high-stakes settings.
A productive hallucination denotes a model deviation that can provide narra-
tive, associative, or exploratory value under suitable task constraints, consis-
tent  with  recent  arguments  that  some  confabulations  may  function  as
resources rather than merely failures.2 A creative hallucination is narrower: it
refers  only  to  a  hallucination-derived  candidate  that  survives  a  convergent
evaluation  process  and demonstrates  both  novelty  and usefulness,  the  two
core  criteria  in  the  standard  definition  of  creativity.3 Accordingly,  factuality
and faithfulness describe what a hallucination conflicts with, whereas diver-
gent and convergent phases describe how candidate outputs are generated
and filtered.

To  achieve  the  transformation  from  hallucination  to  creativity,  this  paper
follows the divergent and convergent phases of cognitive science to system-
atically review the literature on harnessing hallucination in LLMs for creativ-
ity.  Specifically,  we  thoroughly  explore  the  divergent  phase,  focusing  on  the
methods and research that enhance LLMs' ability to generate creative hallu-
cinations. Subsequently, we delve into the convergent phase, examining how
these  hallucinations  can  be  critically  assessed  and  refined  into  valuable
creative outputs.  Through this  bifocal  approach,  the study highlights  practi-
cal implications  and potential  future  directions  in  leveraging  LLM hallucina-
tions for creative endeavors.

In  conclusion,  this  paper  casts  an  eye  toward  the  horizon  of  future
research, contemplating strategies to broaden and deepen the exploration of
the interplay between hallucination and creativity within LLMs.
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The rest of this paper is organized as shown in Figure 1. Hallucinations in
the Era of LLMs reviews existing research on LLM hallucination. The Creativ-
ity Hidden in Hallucinations questions the prevailing negative view of halluci-
nations  and  explores  their  interplay  with  creativity.  The  Creativity  of  LLMs
addresses  the  definition  and  assessment  of  creativity  in  LLMs.  Harnessing
LLM  Hallucinations  for  Creativity  investigates  how  to  leverage  the  interplay
between  hallucination  and  creativity.  Finally,  Conclusion  and  Future  Work
outlines future directions for this field.

 HALLUCINATIONS IN THE ERA OF LARGE LANGUAGE MODELS
The advent  of  LLMs  like  ChatGPT  and  LLaMA  marks  a  significant  mile-

stone in the field of AI.4 These models, trained on vast datasets, have demon-
strated remarkable proficiency in generating coherent text and opening new
frontiers  in  AI-assisted  writing,  conversation,  and  content  creation.  Their
versatility  and  efficiency  have  made  them  indispensable  in  both  academic
research  and  commercial  applications.  However,  the  ascendancy  of  LLMs
brings with it a complex challenge: the phenomenon of 'hallucination', where
models  confidently  generate  incorrect  or  irrelevant  information.  This  often
stems from issues like erroneous information in the training data or the prob-
lematic  alignment  process.5 As  LLMs  are  increasingly  applied  in  various
aspects of our lives, comprehensively understanding, detecting, and mitigat-
ing  hallucinations  has  become  crucial,  serving  not  only  as  a  focal  point  in
academic research but also as a key prerequisite for the reliable deployment
of these powerful AI systems.

 Hallucination taxonomy
In dissecting the phenomenon of hallucinations within LLMs, it is crucial to

categorize  these  instances  for  targeted  and  effective  resolutions.  A  widely
accepted  classification  method  identifies  two  main  types  of  hallucinations:
factuality hallucinations and faithfulness hallucinations.1 Factuality hallucina-
tions encompass instances where  the  content  generated by  LLMs diverges
from  verifiable  real-world  facts.  This  category  manifests  in  two  primary
forms. The first is factual inconsistency, in which the model's output contra-
dicts known real-world information. The second form is factual fabrication, in
which the model generates content that has no basis in reality and cannot be
substantiated with  factual  data.  The second main  type,  faithfulness halluci-
nation,  occurs when the content  produced by LLMs does not  align with the
user's instructions or the context they have previously generated. This cate-
gory  includes  three  distinct  phenomena.  Instruction  inconsistency  is
observed when the model's output strays from the user's specific directives.
Context  inconsistency  arises  when  the  output,  although  possibly  factually
correct, is irrelevant or inappropriate for the given situation. Logical inconsis-
tency  refers  to  flaws  in  the  model's  reasoning  processes  or  a  mismatch
between  the  reasoning  and  the  final  output.  Using  a  different  classification
criterion, prior work categorizes hallucinations as intrinsic or extrinsic.6,7 Other
work  classifies  hallucinations  according  to  the  source  of  conflict:  input-
conflicting,  where  responses  go  against  user  inputs;  context-conflicting,
involving  contradictions  within  the  generated  context;  and  fact-conflicting,
where outputs clash with established factual knowledge.5

The  above  taxonomy  should  not  be  conflated  with  the  divergent-conver-
gent framework used later in this review. Factuality and faithfulness classify
hallucinations  by  their  object  of  conflict:  external  world  knowledge,  user
instructions, local  context,  or  reasoning  consistency.  Divergent  and  conver-
gent phases classify the creative process: the former expands the candidate
space, while the latter filters, validates, and selects usable outputs. These two
lenses intersect. For example, a fact-conflicting output can sometimes serve
as a speculative prompt in a low-risk ideation task, but it remains unaccept-
able  in  medical,  legal,  financial,  or  scientific  reporting  unless  independently
verified. Conversely, a faithful response can still be creatively weak if it lacks
novelty or usefulness. Table 1 summarizes this distinction. Its conflict-based
categories  are  drawn  from  hallucination  taxonomies  in  LLM  and  NLG
surveys,1,5,6,8 while  its  process-based  categories  are  drawn  from  divergent-
convergent creativity theory.9,10 We set up the table this way to avoid mixing
two different classification criteria: what the output conflicts with and how a
candidate is generated or filtered.

Furthermore, several studies have categorized hallucinations across differ-
ent applications involving LLMs. One study provides a summary of represen-
tative hallucinations in numerous downstream tasks, such as machine trans-
lation,  question  and  answer,  dialog  systems,  and  summarization  systems,
among  others.1 Another study  provides  a  structured  summary  and  discus-
sion,  categorizing  and  addressing  hallucinations  specifically  within  LLMs,
multilingual LLMs, and domain-specific LLMs.14 These classifications provide
a  clear  framework  for  understanding  the  hallucinations  that  occur  in  LLMs
during content generation and reveal the challenges and limitations faced by
LLMs in various tasks.

 Hallucination detection
Catering  to  the  phenomenon  of  hallucination,  existing  studies  have

proposed various detection and evaluation strategies.  The following studies
organize  these  strategies  using  different  criteria.  Reflecting  the  proposed
classification of  hallucinations,  one  survey  has  also  summarized  the  corre-
sponding detection methods for each category.8 For factuality hallucinations,
they recommend strategies  that  involve  retrieving  external  facts  and imple-
menting  uncertainty  estimation.  As  for  faithfulness  hallucinations,  they  also
delineate  several  approaches,  including  classifier-based,  QA-based,  and
prompting-based  metrics,  to  sidestep  the  potential  pitfalls  of  contradictory
outputs. Another survey categorizes the approaches into two types: genera-
tion  and  discrimination.5 Generation  methods  consider  hallucination  as  a
generation characteristic, and evaluate the generated texts from LLMs, while
discrimination  approaches  assess  LLMs'  capability  to  distinguish  between
truthful and hallucinated statements. Using concrete detection techniques as
its organizing criterion, another study proposes methods like reasoning clas-
sifiers,  uncertainty  measures,  and self-assessment for  identifying hallucina-
tions.1

Furthermore, some research efforts focus on creating benchmarks specifi-
cally  designed  for  various  application  scenarios  of  LLMs  in  hallucination
detection.  HaluEval  presents  a  large  collection  of  generated  and  human-
annotated hallucinated samples for assessing LLMs' hallucination detection
capabilities,  revealing  that  incorporating  external  knowledge  or  adding
reasoning steps can improve recognition accuracy.15 TruthfulQA extends its
assessment  to  38  domains  including  law,  finance,  and  politics,  employing
both  manual  methods  and  automated  fine-tuning  of  LLMs  for  evaluation.16

Considering the serious consequences in healthcare applications, Med-HALT
proposes  a  two-tiered  approach,  encompassing  Reasoning  Hallucination
Tests (RHTs) and Memory Hallucination Tests (MHTs), to evaluate the pres-
ence  of  hallucinations.17 In  the  scenarios  mentioned,  such  as  law,  finance,
and  healthcare,  hallucinations  are  typically  detrimental.  However,  it's  worth
contemplating whether,  in  certain  domains,  hallucinations might  not  always
need to be viewed as problematic.

 Hallucination reduction
Drawing  from  the  detailed  analysis  of  hallucination  types  and  detection

methods  in  LLMs  outlined  in  the  preceding  sections,  some  research  has
focused  on  developing  targeted  strategies  to  reduce  these  hallucinations.
The following surveys organize mitigation approaches using different criteria.
One  survey  classifies  approaches  to  mitigate  hallucinations  in  LLMs  based

 

Figure 1.  General framework of the survey.
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on  the  timing  of  their  application  within  the  LLM  life  cycle.  For  instance,
during  the  reinforcement  learning  from  human  feedback  (RLHF)  stage,  a
specific  reward  score  targeting  hallucinations  can  be  designed  and  directly
optimized  through  reinforcement  learning.  In  the  model  inference  stage,
decoding strategies and the retrieval of external knowledge can be employed
for retrieval-based enhancement.5 Using mitigation method as its organizing
criterion, another survey summarizes five methods for addressing hallucina-
tions, including parameter adaptation and leveraging external knowledge, and
applies these approaches across various downstream tasks.1 Using several
parameters  rather  than  life-cycle  stage  or  method  type,  another  survey
presents an elaborate taxonomy based on dataset utilization, common tasks,
feedback mechanisms,  and types of  retrievers.18 This systematic  classifica-
tion  effectively  differentiates  between  the  various  specialized  approaches
developed  for  mitigating  hallucination  issues  in  LLMs.  It  also  provides  a
detailed  summary  of  various  strategies  based  on  prompt  engineering  for
reducing hallucinations, including retrieval augmented generation (RAG), and
self-refinement.

Particularly,  some  research  has  focused  on  exploring  how  knowledge
graphs (KGs) can aid LLMs in reducing hallucinations.19–21 One study argues
that  KG-augmented  retrieval  techniques  effectively  address  hallucination
issues  by  expanding  the  model's  knowledge  with  non-parametric  factual
knowledge.19 These studies not only enhance our understanding of the oper-
ational mechanisms of LLMs but also provide critical guidance for improving
the accuracy and reliability of models in practical applications.

 THE CREATIVITY HIDDEN IN HALLUCINATIONS
While existing studies have predominantly focused on identifying and miti-

gating hallucinations in LLMs, often perceiving these as drawbacks, a crucial
question arises: Is hallucina‘tion in LLMs always harmful, or can some hallu-
cination-like  deviations  become  useful  in  creative  workflows? This  paper
explores  this  question  by  reviewing  historical  analogies,  cognitive  science
literature,  and  recent  LLM  studies.  Importantly,  this  review  does  not  claim
that hallucination itself is creative. Instead, it argues that some hallucinations
can  act  as  exploratory  candidates  during  divergent  thinking,  provided  that
convergent  evaluation  later  tests  their  novelty,  usefulness,  coherence,  and
factual  or  contextual  acceptability.  Recent  research  has  introduced  related
notions such as productive hallucination and confabulation, emphasizing that
some  deviations  may  supply  value  in  open-ended  tasks  when  they  are
appropriately constrained and verified.2

Terminological scope. In this review, hallucination refers to a fluent output
that  is  unsupported,  unfaithful,  inconsistent,  or  otherwise  in  conflict  with
facts, instructions, context, or reasoning constraints. Productive hallucination
refers to a hallucination or confabulation that supplies associative, narrative,
or exploratory value in an open-ended task, without implying that it is already
correct or creative. Creative hallucination is reserved for hallucination-derived
material  that  has  passed  convergent  screening  and  satisfies  the  creativity
criteria  of  novelty,  usefulness,  and  task  appropriateness  emphasized  in
recent LLM creativity studies.3 This terminology prevents productive halluci-
nation from being used as a blanket justification for factual error.

Historical examples are useful as analogies, but they should be interpreted
cautiously. Figure 2 is therefore used only as an illustrative map of possible
relations between hallucination-like deviation and later creative value, not as
evidence that factual errors are creative by themselves. Cases such as helio-
centrism  or  penicillin  show  a  narrower  point:  deviations  from  prevailing

assumptions,  accidents,  or  initially  implausible  candidates  can  sometimes
trigger  exploration  when  a  community  subsequently  subjects  them  to
evidence, interpretation, and validation. This distinction is essential for LLMs.
In open-ended ideation, a model deviation may help users search a broader
possibility space; in high-risk factual settings such as law, medicine, finance,
and safety-critical  science,  the  same kind of  deviation  should  be  treated as
an error and suppressed or verified before use.22,23

Expanding upon these historical insights, the clue of the interplay between
hallucination and creativity can also be explored in cognitive science studies.
The hallucinations experienced by humans are seen as crucial for simulating
creative thought processes. For example, research on human creativity indi-
cates that creative thinking involves both the activation of the left prefrontal
cortex, known for its role in imaginative thinking, and the engagement of the
right hippocampus, essential for memory processing.24 Such insights under-
score  the  idea  that  creativity  is  not  merely  about  retrieving  information  but
recombining  and  expanding  upon  existing  knowledge,  which  is  similar  to
hallucination.1 Furthermore,  neuroscience research on creativity,  exemplified
by  studies  of  improvisation  in  jazz  musicians,  parallels  this  concept.25 By
monitoring different brain regions, researchers have discovered that improvi-
sation activates the same areas as pseudo-random motor movements. This
similarity suggests a link between the spontaneity of pseudo-random move-
ments and creative processes, further implying an interplay between halluci-
nations and creativity. These cognitive science findings also provide valuable
insights  for  research  in  LLMs.  High  uncertainty  may  indicate  exploratory
divergence  from  the  most  likely  continuation,  but  it  should  not  be  taken  as
direct  evidence  of  semantic-level  logical  reconstruction.  Whether  a  high-
uncertainty  output  is  meaningful  must  be  assessed  with  additional  signals,
such  as  coherence,  task  utility,  grounding,  interpretability  evidence,  and
human  or  automated  validation.  This  qualification  is  consistent  with  recent
hallucination  surveys  emphasizing  that  diversity-oriented  generation  still
requires grounding and reliability constraints.8,22

p(xi+1)

i+1

In the realm of LLMs, there's an increasing focus on the interplay between
hallucinations  and  creativity.  As  Sam  Altman,  CEO  of  OpenAI,  elucidates,
there is a profound and often overlooked connection between the hallucina-
tory phenomena in LLMs and their creative output.26 Altman argues that LLM
hallucination  is  a  cornerstone  in  unleashing  the  creative  potential  of  AI.
Recent  studies  also  support  this  view.  The  research  provides  a  theoretical
reference  for  understanding  the  interconnectedness  of  hallucination  and
creativity in  LLMs,  substantiating  their  correlation  through  rigorous  mathe-
matical  analysis.27 This  mathematical  analysis  work  introduces  two  key
assumptions  regarding  hallucinations  in  GPT  models:  (1)in  ambiguous
contexts, the estimated probabilities  of GPT models exhibits relatively
small differences between the highest and subsequent probabilities; (2)hallu-
cination takes place when the GPT model generates a low-probability token
and  subsequently  this  token  is  employed  as  input  for  next  prediction.  This
work then use entropy to define the uncertainty of  the GPT model’s predic-
tion at position  as Equation 1:

H(xi+1|x1, . . . ,xi;Θ) =
− ∑

x′∈V
p(xi+1|x1, . . . ,xi;Θ) logp(xi+1|x1, . . . ,xi;Θ) (1)

Based  on  the  two  key  assumptions,  both  the  highest  and  subsequent
probabilities  are  relatively  low  when  hallucination  occurs,  and  according  to
Equation 1,  the uncertainty will  be high.  Therefore,  this  work concluded that

 

Table 1.  Relationship between hallucination taxonomies and the divergent-convergent creativity framework.

Lens Question answered Main categories Role in this review

Conflict-based
hallucination
taxonomy

What does the output
conflict with?

Factuality and faithfulness hallucinations; input-,
context-, and fact-conflicting hallucinations.1,5,6,8

Identifies risks and determines what must be checked
or suppressed

Divergent phase How are candidate ideas
expanded?

Prompting, sampling, layer steering, multi-agent
debate, human-agent interaction.9–11

Encourages diverse candidate outputs, including
controlled deviations from the most probable
response

Convergent phase
How are candidates
filtered into useful
outputs?

Grounding, verification, expert judgment, self-
checking, human review.9,10,12,13

Distinguishes harmful errors from potentially useful,
novel, and task-aligned candidates
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i+1
hallucination implies high uncertainty. Then this work defines the creativity in
GPT model's prediction at position  as Equation 2:

C(xi+1|x1, . . . ,xi;Θ) =
H(xi+1|x1, . . . ,xi;Θ)

Hmax(xi+1)
(2)

Hmax(xi+1) V

log |V|

Hmax(xi+1) = log |V|
C

where  is the maximum entropy achievable for given vocabulary ,
which occurs when all tokens have uniform probability and equals to .
Equation  2  should  therefore  be  interpreted  as  an  uncertainty  or  divergence
proxy rather  than a  standalone creativity  score.  High predictive  entropy is  a
necessary  but  not  sufficient  condition  for  creativity.  A  uniform  distribution
over the vocabulary maximizes entropy, but such a distribution can generate
unstructured  noise  with  no  semantic  coherence,  utility,  or  task  relevance.
Thus,  entropy  can  indicate  that  the  model  has  entered  a  broad  candidate
region, but convergent screening is required to determine whether any candi-
date  is  creatively  valuable.  The  normalization  term  also  limits  cross-model
interpretation.  Since  depends  on  vocabulary  size  and
tokenization  scheme,  the  absolute  value  of  is  comparable  only  when  the
tokenizer  and  vocabulary  are  fixed.  Subword  segmentation  choices  change
the units over which entropy is computed, so this metric is most appropriate
for within-model or controlled-tokenizer analysis, not as a direct benchmark
across  unrelated  LLM  families.28 Two  surveys  also  support  this  point:  one
suggests that this interplay is beneficial,29 while the other portrays hallucina-
tion  models  as  'collaborative  creative  partners'.14 Even  though  their  outputs
might deviate from factual or instruction, they serve as catalysts for innova-
tive  thought.  Meanwhile,  recent  interpretability  and  creativity-oriented stud-
ies have begun to examine how internal representations, decoding layers, and
associative  mechanisms  may  mediate  the  tension  between  memorization,
factuality, and creative divergence.3,30 These findings are promising, but they
should be treated as early evidence rather than proof that hallucination auto-
matically corresponds to semantic reconstruction or creative value.

Despite the emerging evidence linking hallucination and creativity in LLMs,
research  in  this  field  is  still  limited.  There  is  a  significant  need  for  further
research to both deepen our understanding of the value of the link between
hallucination and creativity in LLMs and to explore how this interplay can be
effectively harnessed for innovative applications.

 THE CREATIVITY OF LARGE LANGUAGE MODELS
Regarding  the  interplay  between  hallucinations  and  creativity  in  LLM,

establishing  a  definitive  concept  of  creativity  becomes  essential.  However,
creativity  has  long  been  a  challenging  concept  to  both  define  and  quantify
due  to  its  multifaceted  and  intricate  nature.  In  this  section,  we  will  explore
definitions  of  creativity  as  understood  in  cognitive  science,  examine  the
approaches employed to measure creativity, and highlight recent studies that
investigate LLM creativity.

 Definition of creativity
While one  study  presents  an  extensive  array  of  over  100  different  defini-

tions  of  creativity,  it  is  noteworthy  that  most  studies  in  this  field  typically
utilize only a select few of these definitions.31 In cognitive science, creativity is
often  conceptualized  from  four  distinct  perspectives:  cognitive  processes
associated  with  creativity  (later  in  this  paper  referred  to  as ‘process’),
personal characteristics of creative individuals (‘person’), creative products or
outcomes (‘product’) and the interaction between the creative individual and
the context or environment (‘press’).32 In this paper, we mainly introduce the
'process' and 'product', as they are particularly pertinent to understanding the
creativity  of  LLM, while  the 'person'  and 'press'  categories are more aligned
with human creativity.

Regarding the process perspective of creativity, one study defines it as the
process of  identifying  problems or  gaps  in  knowledge,  developing  hypothe-
ses or  propositions,  testing  and  validating  hypotheses,  and  ultimately  shar-
ing  the  findings.33 Similarly,  another  study  suggests  that  creativity  involves
combining  associative  elements  into  novel  configurations  that  fulfill  the
requirements of a given task.34 A further account views creativity as a type of
problem-solving and  differentiates  between  two  kinds  of  cognitive  opera-
tions: divergent and convergent production.9 Divergent production is charac-
terized by a wide-ranging search for multiple logical solutions or alternatives
to  open-ended  problems,  while  convergent  production  involves  a  narrow
search for a single, precise solution to a problem where one specific answer
is  needed.  They posit  that  divergent  production processes are  more closely
associated with effective creative thinking.

As  the  definition  of  creativity  towards  the  product,  one  study  defines
creativity as the construction or organization of ideas, thoughts, and feelings
into unusual and associative connections through the power of imagination.35

Another  account  posits  that  creative  individuals  possess  the  capacity  to
solve  problems,  fashion  products,  or  formulate  new  questions  in  ways  that
are novel yet acceptable within a specific cultural context.36 Creativity is also

 

Figure 2.  Cases of relations between hallucination and creativity.
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perceived as the ability to generate or conceive something original and adap-
tive to task constraints,  while also being of high quality,  useful,  aesthetically
pleasing, and novel.

Researchers often distinguish between two main types of creativity: every-
day creativity, or "little-C," common to nearly everyone, and eminent creativity,
or  "big-C,"  which  is  seen  in  significant  historical  figures.  Expanding  on  this,
the  Four  C  model  of  creativity  introduces "mini-c,"  representing the  creative
learning  process,  and  "Pro-c,"  indicating  professional-level  creative
expertise.37

Despite  the  varied  perspectives  in  defining  creativity,  a  consensus  exists
among  researchers  regarding  its  core  attributes.  It  is  widely  acknowledged
that creativity  is  characterized by the generation of  responses that are both
novel and useful. However, the precise interpretation of these terms remains
a subject of ongoing discourse.

This  consensus  is  important  for  interpreting  entropy-based  accounts  of
LLM  creativity.  High  predictive  entropy  can  enlarge  the  search  space  and
may indicate novelty or divergence from the most probable continuation, but
it  cannot  by  itself  establish  usefulness,  task  appropriateness,  semantic
coherence,  or  factual  acceptability.  Therefore,  high  predictive  entropy  is  a
necessary  but  not  sufficient  condition  for  creativity:  it  may  help  generate
candidate  ideas,  but  the  candidate  must  still  satisfy  the  product-oriented
criteria of usefulness and appropriateness through convergent evaluation.3,27

This point also prevents random high-entropy outputs from being misclassi-
fied as creative merely because they are unlikely.

 Approaches for measuring creativity
In the field of cognitive science, measuring creativity is proven to be a chal-

lenging  task.  These  challenges  stem  from  the  subjectivity  of  creativity  and
the  variety  of  environments  in  which  it  is  manifested.  Based on the  various
definitions of creativity, researchers have developed many different methods
to measure it.  These methods are divided into four  categories,  representing
the  four  main  dimensions  of  the  creativity  definition:  process,  product,
person, and press. Here, we focus on the widely adopted process and prod-
uct approaches.

The process approaches in  creativity  measurement  focus on the  specific
cognitive processes and structures that are conducive to creative production.
Divergent  thinking  tests  (DAT)  have  been  most  widely  used  for  measuring
creative  processes  or  creativity-relevant  skills.38 Examples  of  these  tests
include  the  Associative  chain  test  (ACT),39 the  Torrance  Tests  of  Creative
Thinking  (TTCT),33 the  Structure  of  the  Intellect  Divergent  Production  Tests
(SOI),9 Wallach-Kogan Creativity Tests and the Creativity Assessment Packet
(CAP). These tests, which are also known as measures of ideational fluency,
include open or ill-structured problems that require individuals to generate as
many  responses  as  possible,  which  are  then  scored  to  capture  fluency
(number  of  responses),  originality  (statistical  rarity),  flexibility  (number  of
different  categories)  and  elaboration  (amount  of  detail).  Hence,  the  focal
point  of  divergent  thinking  tests  is  not  only  to  consider  the  amount  of
responses but  also the quality  of  these responses.  Besides,  there are  some
convergence  thinking  tasks  that  consider  creative  ideas  are  achieved  by
forming mutually remote associative elements into new and useful combina-
tions, like Remote Associates Test (RAT),34 Bridge-the-Associative-Gap Task
(BAG).40 However, the fundamental psychometric assumptions and underly-
ing cognitive processes involved in them remain controversial.

The product approaches are supported by the rationale that a comprehen-
sive  assessment  of  an  individual’s  creative  capabilities  should  include  the
measurement  of  their  concrete  creations.  Central  to  this  method  is  the
Consensual  Assessment  Technique  (CAT),  which  is  widely  implemented  in
studies focusing on the products of creativity.41 Distinct from other methods
of assessment,  the  CAT  does  not  rely  on  predetermined  theoretical  frame-
works  of  creativity.  Instead,  it  utilizes  the  informed  judgment  of  experts  to
evaluate the creative outputs within their relevant fields. This unique charac-
teristic of the CAT allows it to incorporate a range of perspectives. While the
CAT for measuring creativity is known for its high inter-rater reliability, several
situational  variables  like  the  number  of  tasks  and  the  performance  domain
can  impact  this  reliability.  Furthermore,  the  practicality  of  implementing  the
CAT faces numerous challenges. The selection and expertise level of judges
are  subjects  of  ongoing  debate,  with  the  consensus  among  judges  notably

swayed  by  their  expertise.  Additionally,  judges  personalities  can  influence
creativity  ratings,  with  more  agreeable  judges  tending  towards  leniency.42

Cultural disparities among judges also play a role, as found in a comparison
of  American  and  Chinese  judges'  evaluations  of  artistic  creativity.43 Judges
may also display biases, particularly when evaluating their own work.

 Recent works on evaluating LLM's creativity
The  section  mentioned  above  delves  into  the  approaches  to  measure

human creativity from a cognitive science perspective. However, since there
are  differences  between  LLM  and  humans,  it  might  lead  to  irrelevant
responses or serious logical issues, requiring us to additionally assess these
approaches.  This  predicament  raises  a  question: how  can  we  adapt  these
measures  to  effectively  evaluate  the  creativity  of  LLM? In  light  of  LLM's
burgeoning  potential,  researchers  have  explored  various  approaches  to
measure  the  creativity  of  LLM.  Broadly,  these  approaches  fall  into  two
distinct types. The first type involves adapting existing creativity assessment
techniques from cognitive science for use with LLM. The second is to design
a new approach specifically for measuring creativity in LLM.

For the first type, some researchers think that creative problem-solving is a
crucial ability for LLM. For example, one study conducts a comparative anal-
ysis using the AUT, where both GPT-3 and human subjects were instructed
to generate novel and useful responses. The responses were rated on a scale
from  1  to  5  by  two  human  judges,  leading  to  the  conclusion  that  humans
outperformed  GPT-3  in  generating  creative  responses  within  the  AUT.44

Building upon this,  another study devised a series of prompts aimed at sift-
ing through the 690 alternative uses responses previously generated, isolat-
ing those that  were  both original  and practical.  These prompts required the
evaluation  of  the  pros  and  cons  associated  with  employing  the  objects  in
their  new,  unconventional  roles.  While  GPT-3  demonstrated  an  ability  to
generate responses that were “surprisingly good,” it notably failed to discern
and discard  impractical  alternative  uses.45 One  study  explores  the  creativity
of  LLM  by  using  the  DAT  task  on  GPT-4  and  GPT-3.5  compared  to  the
human norms.46 In contrast to these approaches, another study proposes an
innovative,  interactive  method  enabling  GPT-4  to  autonomously  refine  and
enhance  the  creativity  of  its  outputs.47 They  employ  the  AUT and the  TTCT
visual completion tasks to investigate the LLM's creativity. Similarly, another
study  also  uses  TTCT  to  evaluate  the  creative  abilities  of  GPT-4.48 Further-
more,  a  landmark  study  identifies  a  homogeneity  paradox  across  frontier
LLMs,  including  GPT-4,  Claude,  and  Gemini.  By  evaluating  population-level
response  diversity,  researchers  found  that  different  models  generate  highly
similar creative outputs compared to humans, warning that over-reliance on
LLMs  as  brainstorming  partners  may  collectively  narrow  human  creative
diversity.49

For  the  second  type,  one  study  proves  in  theory  that  LLM  can  be  as
creative  as  humans  under  the  condition  that  it  can  properly  fit  the  data
generated  by  human  creators.50 Additionally,  the  study  also  introduces  two
concepts  of  creativity  in  LLM:  relative  and  statistical  creativity.  Relative
creativity  deems  an  LLM  as  creative  as  a  hypothetical  yet  realistic  human
creator if an evaluator cannot distinguish the LLM's works from those of that
creator.  Statistical  creativity  is  a  means  for  understanding  whether  and  to
what  degree  LLM  achieves  creativity  by  comparing  it  with  existing  human
creators. Using a different mathematical perspective, another study derives a
mathematical  characterization  of  the  trade-off  between  hallucination  and
creativity  in  LLM  by  developing  a  rigorous  mathematical  framework  for
analyzing the hallucination phenomenon in LLMs.27

Although  researching  creativity  in  LLMs  become  a  trend,  there  is  still  a
need for more theoretical studies and comprehensive benchmarks to deepen
understanding of this area.

 HARNESSING  LARGE  LANGUAGE  MODEL  HALLUCINATIONS  FOR
CREATIVITY

Given  the  recognition  of  LLM  hallucinations  as  potential  catalysts  for
creativity,  a  pivotal  question arises: How can we effectively  harness halluci-
nations  for  creative  thought  while  also  mitigating  their  risks? The  aim  is  to
enhance  our  understanding  and  utilization  of  these  phenomena,  thereby
amplifying the  creative  potential  of  LLMs across  various  applications,  with-
out compromising on accuracy.  This requires methods that not only induce
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hallucinations but also critically evaluate them, transforming them into inno-
vative sources. In addressing this challenge, our research revolves around a
comprehensive consideration of two critical dimensions: the divergent phase
and the convergent phase.  These phases align with the framework outlined
in fundamental research, which posits creativity as an interplay of generative
and  evaluative  processes,  embracing  both  divergent  and  convergent
thinking.10 The divergent phase stimulates LLM hallucinations tailored to user
needs, fostering creative thought, while the convergent phase assesses these
to  transform  them  into  innovative,  applicable  ideas,  and  our  survey  will
systematically explore studies aligned with these phases.

Table 2 summarizes the basis for this two-phase organization. The classi-
fication  standard  follows  classical  divergent-convergent  creativity  theory;9,10

the  method categories  are  derived  from recent  LLM studies  on  multi-agent
divergent  generation,  retrieval  or  knowledge-graph  grounding,  verification,
self-checking,  and  factuality-oriented  decoding.11-13,19,21,51 We  organize  the
table  by  goal,  method,  risk,  and  verification  mechanism  because  these
dimensions  determine  whether  a  hallucination-derived  output  remains  an
unsafe error or becomes a candidate for creative use.

These examples also highlight a trade-off: methods that improve factuality,
such  as  retrieval-augmented  generation,  Chain-of-Verification, SelfCheck-
GPT,  and  layer-contrast  decoding,  can  serve  as  convergent  filters,  but  they
should be tuned carefully so that they do not collapse useful divergent candi-
dates into overly conservative outputs.12,13,19,21,51

 Divergent phase of LLM
In the divergent phase, the emphasis extends beyond the mere generation

of  relevant  hallucinations.  It  encompasses  fostering  the  LLM's  capacity  for
hallucination  with  creativity.  This  phase  benefits  significantly  from  insights
derived  from  existing  literature,  which  suggest  a  multi-faceted  approach  to
model optimization, as shown in Figure 3. The following discussion proceeds
through  model  training,  inference-time  steering,  prompt  engineering,  and
interaction.

For  the  hallucination  ability  enhancement  of  LLMs,  Pressing's  theory  of
improvisational  creativity  suggests  that  improvisation  is  an  acquired  skill,
requiring extensive  training  to  reach  professionals,  which  literature  under-
scores the importance of training.52 In concordance with the aforementioned
views,  recent  studies  have  proven  the  hallucination  gap  between  different
LLMs  through  extensive  experiments,  which  points  out  the  necessity  of
model training to improve the LLM's abilities of hallucination and creativity.3,53

For  instance,  research  demonstrates  how  specific  training  techniques  can
enhance  the  model's  ability  to  generate  creative  outputs.  This  research

proposes  that  the  cognitive  process  of  creativity,  especially  the  'insight'
phenomenon in problem-solving, aligns closely with the mechanisms of hier-
archical reinforcement learning (HRL) in artificial  systems. This work under-
scores the potential of HRL to mimic human-like creative processes, offering
a novel perspective on the capabilities of LLM in replicating complex cogni-
tive behaviors.54 At  the inference stage,  micro-level  architectural  modulation
offers  a  precise  mechanical  path  to  steer  creative  hallucinations.  For
instance, recent quantitative insights on decoding layers introduce the hallu-
cination and creativity across layers framework to analyze the intrinsic trade-
off  between hallucination and creativity,  revealing an optimal  layer  that  acts
as a lever to balance generation accuracy and diversity.30 Extending this layer-
wise modulation to multimodal models, the FlexAC framework unifies hallu-
cination and creativity as facets of associative reasoning, employing middle-
layer  steering  vectors  to  dynamically  tune  associative  intensity  without
retraining.55 For  prompt  engineering,  by  setting  specific  prompts  and
contexts, LLMs will continuously learn and adapt in contexts to enhance their
understanding  and  response  capabilities  for  hallucination  generation  and
complex creative tasks. This theory can be traced back to the classic litera-
ture of cognitive science. For example, giving a prompt like: "prompt: to come
up with something clever, humorous, original, compelling, or interesting" has
been  validated  as  effective  for  human  hallucination  in  research.56 In  the
prompt engineering research about  LLM,  it  is  also the most  widely  adopted
strategy  for  divergent  thinking,  enabling  LLMs  to  explore  and  respond  to
users' creative requirements more easily,  thereby exhibiting a higher level of
creativity in applications.57,58

The integration of interaction-based hallucination generation methods also
offers  a  promising  direction  to  enrich  the  divergent  phase.  This  concept
introduces  two  distinct  types  of  interactions:  multi-agent  interaction  and
human-agent  interaction.  For  the  interaction  among  multiple  agents,  a
dynamic  that  has  been  investigated  in  recent  studies  plays  a  crucial  role.11

These multi-agent interactions encourage diverse and creative outputs from
LLMs,  as agents with varying perspectives and knowledge bases engage in
collaborative  or  competitive  dialogues.  For  the  human-agent  interaction,  an
area receiving increasing attention provides invaluable insights.59,60 This form
of interaction allows for a more grounded and realistic feedback loop, where
human creativity can inspire and be inspired by the LLM's responses, leading
to more relatable and applicable hallucinations. In summary, these two types
of  interactions  underpin  the  diversification  of  hallucination  generation  in
LLMs,  each  contributing  to  a  more  dynamic,  context-aware,  and  creatively
stimulating phase.

As examined in prior  work,  the divergent thinking ability  of  LLM is still  far
from  human,  which  requires  the  improving  of  LLM  divergent  thinking
abilities.58

 Convergent phase of LLM
The convergent  phase,  in  stark  contrast  to  the  divergent  phase,  is  dedi-

cated  to  refining  hallucinations  into  valuable  creative  contributions.  This
phase is characterized by a meticulous process of evaluating hallucinations,
employing  a  systematic  approach  to  identify,  categorize,  and  select  those
that are most constructive and aligned with user needs.

Different  from  existing  hallucination  detection  and  reduction  methods  as
discussed  in  Hallucination  Reduction  and  Hallucination  Detectionn,  which
directly  identify  and  eliminate  hallucinations,  the  convergent  phase  involves
discerning whether hallucinations are needed based on the context, eliminat-
ing  harmful  hallucinations,  and  identifying  valuable  ones,  raising  higher
demands for LLM convergent thinking abilities, as shown in Figure 4.

To  determine  whether  hallucinations  are  necessary  for  applications,  it's
crucial  to  optimize  the  intent  recognition  capabilities  of  LLMs.  For  instance,

 

Table 2.  Comparison of divergent and convergent phases for harnessing LLM hallucinations.

Phase Goal Representative methods Main risk Verification mechanism

Divergent
phase

Expand the candidate space
and encourage non-obvious
associations

Prompting, controlled sampling, layer
steering, multi-agent debate, human-
agent co-creation.11,30

Unstructured noise, false
facts, prompt drift, unsafe
associations

Diversity and coherence checks; task-
intent recognition; user steering

Convergent
phase

Select candidates that are
useful, grounded, and
appropriate

Retrieval or KG grounding, Chain-of-
Verification, SelfCheckGPT, expert review,
human preference evaluation.12,13,19,21

Over-filtering creative ideas
or accepting plausible
falsehoods

Grounding, independent fact
checking, consistency sampling,
domain expert assessment

 

Figure 3.  The  divergent  phase  stimulates  the  hallucination  of  LLMs,  fostering
creative thought.
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the 4C creativity theory discussed in research explores four scenarios requir-
ing creativity, optimizing Little-C tasks for LLMs' creativity.53 Automating the
discrimination  of  these  task  scenarios  remains  an  area  of  urgent  research.
Moreover,  balancing  hallucination  and  faithfulness  in  LLMs  based  on  the
demand,  as  mentioned  in  research,  involves  fine-tuning  and  knowledge
fusion, but this area is still in its infancy, and lacking a systematic approach.61

To bypass  this  bottleneck,  recent  empirical  investigation  reveals  that  stan-
dard  mitigation  techniques  impose  highly  differentiated  side  effects  on
creative  expressions  across  various  model  scales.  Specifically,  while  the
chain of verification (CoVe) is proven to mitigate factual errors while surpris-
ingly reinforcing divergent thinking, approaches like decoding by contrasting
layers (DoLa) tend to heavily suppress the model's creative ideation.62

Table  3 extends  this  argument  to  application  domains.  Its  scenarios  are
selected from major use cases repeatedly discussed in LLM creativity, prob-
lem-solving, science communication, drug discovery, and responsible AI liter-
ature.3,22,23,53,63,64 The classification standard is practical risk tolerance: low-risk
ideation can treat hallucination-derived outputs as candidates, whereas high-
stakes factual tasks require strict grounding and expert validation.

To  discern  harmful  hallucinations,  a  detailed  and  nuanced  classification
system  for  hallucinations  is  crucial.  Existing  research,  as  extensively
discussed in Hallucination Detection, has developed a taxonomy for halluci-
nations  predominantly  under  the  assumption  that  they  are  detrimental  and
need to be mitigated. However, this approach overlooks the potential value of
certain  hallucinations.  The  current  classification  lacks  in  annotating  and
recognizing  beneficial  hallucinations,  thereby  limiting  the  LLMs'  ability  to
differentiate between harmful and potentially valuable hallucinations.

To  evaluate  the  creative  potential  hidden  within  the  sea  of  hallucinations
produced by  LLMs,  it's  crucial  to  establish  metrics  and design  methods for
effectively assessing LLMs' creative output. Evaluation metrics specify what
should  be  measured.  As  discussed  in  Recent  works  on  evaluating  LLM’s
creativity, the evaluation of creativity within these hallucinations can leverage
existing metrics from cognitive science and those specifically  developed for
LLMs. The choice of metrics should align with the specific applications. For
instance, artistic creation often emphasizes fluency, flexibility, originality, and
elaboration,65 whereas  scientific  innovation  is  more  focused  on  problem-
solving  abilities.53 To  extend  evaluation  into  science  communication,  the
StoryScore  framework  distinguishes  pedagogical  creativity  from  genuine
factual errors, preventing conventional metrics from mispenalizing construc-
tive  narrative  adaptations.63 A  prominent  empirical  case  is  found  in  early-
stage  drug  discovery,  where  seemingly  erroneous  hallucinated  molecular
descriptions  are  systematically  harnessed  as  speculative  counterfactual
reasoning clues to significantly boost the accuracy of downstream attribute
predictions.64 Evaluation methods specify how the assessment is performed
and  by  whom.  Those  mentioned  in  Recent  works  on  evaluating  LLM’s
creativity  for  assessing  creativity  are  still  applicable  to  hallucinations.
However, these studies often rely on manual assessment by data annotators

or  experts.  Automating  the  assessment  of  creativity  within  hallucinations  is
key  to  transitioning  from  theory  to  practical  applications.  For  model-based
evaluation, recent studies propose self-reflection for automatic content eval-
uation and correction but highly rely on the model's reasoning abilities, which
requires effective training methods or prompt strategies in future research.3,53

For multi-agent evaluation,  studies like ChatEval  attempt to use multi-agent
approaches  to  assess  whether  generated  content  meets  requirements.66

Research evaluates the creative value behind LLM actions from a simulation
perspective.67 For human-agent evaluation, research assessing user interac-
tions with LLM-generated content offers a way to evaluate creativity in hallu-
cinations,  moving  away  from  traditional  manual  annotation.60 The  latest
studies,  by  introducing  dynamic  reasoning  chains  and  self-evolving evalua-
tion frameworks, more accurately capture the breakthrough ideas generated
by models  at  the  edge of  extreme hallucination,  further  validating  the  auto-
mated potential of agent collaboration in the convergent phase.68,69

 Multimodal scenarios: Text-to-image and text-to-video
The  distinction  between  harmful  hallucination  and  creative  deviation

becomes more complex in multimodal generation. In text-to-image systems,
hallucination  may  appear  as  missing  objects,  incorrect  attributes,  wrong
counting, broken spatial relations, or weak prompt-image faithfulness. These
errors should not be treated as creative merely because the image is visually
novel.  Recent  benchmarks  and  analyses  such  as  TIFA,  I-HallA,  T2I-Comp-
Bench++,  and  VQAScore  evaluate  faithfulness  through  question  answering,
compositional  reasoning,  image-hallucination  patterns,  and  visual  question
answering  signals.70-73 Therefore,  a  text-to-image deviation  can  be  consid-
ered creatively useful  only when it  preserves task-relevant entities and rela-
tions or when the user explicitly requests reinterpretation rather than faithful
rendering.

Text-to-video generation adds temporal  constraints.  A visually  interesting
clip  can  still  fail  because  of  subject  identity  drift,  incorrect  action  binding,
unstable object interactions, temporal incoherence, poor motion smoothness,
or temporal flickering. Benchmarks such as EvalCrafter, VBench, VBench-2.0,
and  VideoGen-RewardBench  evaluate  these  dimensions  from  both  quality
and faithfulness  perspectives.74-77 For  creative  use,  these  metrics  suggest  a
convergent rule: multimodal hallucination-derived candidates should be eval-
uated  not  only  by  novelty,  but  also  by  cross-modal  alignment,  temporal
consistency, and user intent. This multimodal perspective also explains why
the same  deviation  can  be  acceptable  in  artistic  exploration  but  unaccept-
able in instruction-following image or video generation.

Responsible  use  boundaries. The  distinction  between  productive  and
creative  hallucination  must  be  visible  to  users.  Systems  should  make  clear
whether they are operating in a factual mode, where unsupported claims are
errors  to  be  minimized,  or  a  creative  mode,  where  outputs  are  exploratory
candidates.  Even  in  creative  mode,  hallucination-derived  outputs  should  be
labeled  as  candidates  rather  than  verified  facts.  They  should  not  be  used
directly  for  legal,  medical,  financial,  or  safety-critical  decisions  without
grounding, verification, and appropriate expert review.22,23

In conclusion, while many studies have explored this direction, research in
this field is still  in its early stages.  A more comprehensive evaluation metric
system,  richer  datasets,  and  stronger  models  and  framework  designs  are
urgently needed for further exploration.

 CONCLUSION AND FUTURE WORK
 Conclusion

This  paper  revisits  the  hallucinations in  LLMs,  advocating for  a  paradigm
shift  where  they  are  not  solely  viewed  as  negative  phenomena,  but  also  as
potential  catalysts  for  creativity.  It  establishes  what  hallucinations  entail
within LLMs and reviews research focused on their detection and reduction.
Challenging the  view of  hallucinations  as  entirely  negative,  the  study  delves
into their  potential  to spur creativity.  Examining historical  cases and current
research highlights the intricate interplay between hallucination and creativ-
ity in LLMs. The discussion follows the cognitive science framework of diver-
gent  and  convergent  thinking,  providing  a  comprehensive  review  of  studies
on harnessing creative hallucinations.  This  work not  only  aligns with cogni-
tive  science  principles  but  also  opens  avenues  for  applications  and  future
research in leveraging hallucinations for creative purposes in LLMs.

 

Figure 4.  The convergent phase refines hallucinations into valuable creative contri-
butions.
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 Future work
Future research in the field of hallucinations and creativity within LLMs can

be advanced through several concrete directions:
Deeper  Theoretical  Exploration: Future  work  should  ask  how  uncertainty,

semantic  coherence,  grounding,  and usefulness jointly  determine whether  a
hallucination-derived output can become creative. A key research question is
how to model the transition from high-entropy candidate generation to vali-
dated creative output without equating entropy with creativity.

Richer Datasets and Benchmarks: The field needs benchmarks that anno-
tate not  only whether an output is  hallucinated,  but  also whether it  is  novel,
useful,  harmful,  recoverable  through  verification,  or  valuable  only  as  an
ideation  prompt.  Such  benchmarks  should  separate  factual  error  detection
from  creative  value  assessment  and  should  report  whether  scores  remain
comparable across tokenizers, model families, and domains.

Optimization  of  Method  Designs: Future  systems  should  support  mode-
aware generation  and  evaluation.  One  research  direction  is  to  design  inter-
faces  and  system  prompts  that  explicitly  distinguish  factual  mode  from
creative  mode.  Another  is  to  combine  divergent  generation  methods  with
convergent filters  so that  creative  candidates are  explored without  weaken-
ing factual reliability.

Transformation  of  Hallucinations  to  Creativity  in  Multimodal  Scenarios:
Building on the multimodal benchmarks reviewed in Harnessing LLM Hallu-
cinations for Creativity, future work should ask how to separate creative rein-
terpretation  from  prompt-faithfulness  failure  in  text-to-image  and  text-to-
video generation. A further question is how user intent, temporal consistency,
and  cross-modal  alignment  should  be  jointly  modeled  when  deciding
whether a deviation is useful or erroneous.

Exploration of More Application Scenarios: Future studies should compare
domains  in  which  hallucination-derived  candidates  may  be  useful,  such  as
creative writing, design, education, scientific ideation, and early-stage discov-
ery,  against  domains  where  hallucinations  are  primarily  hazards.  For  each
domain, the central research question is not whether hallucination is good or
bad in general, but what constraints, disclosures, and validation mechanisms
are required before a hallucination-derived candidate can be used responsi-
bly.

Ultimately,  these  directions  for  future  research  endeavor  to  enrich  the
comprehension and application of hallucinations in LLMs, contributing inno-
vative theories and methodologies and paving the way for practical applica-
tions.
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