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edge, making direct verification against cur-
rent evidence impractical. Unlike factual hal-
lucinations checked against ground truth, such
outputs arise naturally in creative generation,
where extending beyond current knowledge
is often the goal. Yet prior work debates
whether hallucination should be suppressed or
embraced without empirically analyzing this
unverifiable subclass. On the ideation evalu-
ation side, existing work focuses on individ-
ual outputs without characterizing the unveri-
fiable space as a whole. To address this gap,
we propose a novelty-verifiability characteriza-
tion that distinguishes Creative Synthesis (Re-
gion A) from Groundless Fabrication (Region
B), and study it through a conceptual creation
task where LLMs synthesize novel scientific
concepts. Through 32,400 generations across
three technical domains and 1,080 human judg-
ments, we find that Region A is non-negligible
(4.7%) and robust, persisting across generation
strategies, models, domains, and embedding
choices. A retrospective recovery experiment
further shows that LLMs can approximate post-
cutoff scientific concepts in controlled com-
binatorial settings. Our findings suggest that
the unverifiable space is not uniformly noise
but exhibits empirically distinguishable inter-
nal structure, providing an empirical basis for
more selective hallucination governance.'

1 Introduction

Large Language Models (LLMs) are increasingly

used for knowledge creation, including novel pro-

tein design (Shin et al., 2021), molecule gener-

ation (Bagal et al., 2022), code synthesis (De-

Lorenzo et al., 2024), story writing (Gémez-
*Corresponding author.
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Figure 1: Characterization of unverifiable hallucinations
and their internal heterogeneity.

Rodriguez and Williams, 2023; Buz et al., 2024).
In such creative generation settings, LLMs are ex-
pected not merely to reproduce established knowl-
edge, but to extend beyond it. Consequently, many
outputs are inherently unverifiable: they fall be-
yond what existing evidence can directly confirm
or refute. Following the hallucination taxonomy
of Huang et al. (2025), we refer to such beyond-
boundary generations as unverifiable hallucina-
tions. Unlike factual hallucinations in question-
answering, where outputs can be checked against
ground truth and should be suppressed (Bang et al.,
2023; Ji et al., 2023b), scientific discovery work-
flows often require models to propose candidates
that extend beyond currently established evidence.

However, prior work has left a basic question
unanswered: what structure exists within the space
of unverifiable hallucinations? On the intervention
side, hallucination mitigation studies typically aim
to suppress unsupported generations (Dhuliawala
et al., 2024; Ji et al., 2023b), while work linking
hallucination to creativity suggests such outputs
may contribute to creative generation (Jiang et al.,
2024). Despite their opposing stances, both re-
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main at the level of broad conceptual claims about
hallucination, without fine-grained empirical anal-
ysis of the unverifiable subclass. On the evaluation
side, scientific ideation systems assess individual
ideas (Si et al., 2024; Guo et al., 2025), but they
do not characterize the internal structure of unveri-
fiable outputs at the population level. This leaves
a key interpretability gap: we lack a fine-grained
characterization of the unverifiable space and of
how its different regions vary in grounding, coher-
ence, and creative potential.

As shown in Figure 1, unverifiable outputs can
differ fundamentally. For instance, given refriger-
ator as an input concept, an LLM may produce
a refrigerator lining that absorbs ethylene gas
to slow fruit ripening—a coherent extrapolation
grounded in established food-chemistry principles.
It may also produce a refrigerator whose ferroelec-
tric polymer coating generates a bioelectric field
to induce cellular dormancy in stored produce—a
concept that chains real terminology from materi-
als science, electrophysiology, and botany into a
plausible-sounding but mechanistically groundless
narrative. Both outputs are unverifiable, yet with-
out fine-grained characterization, they would be
indistinguishably grouped, obscuring outputs with
genuine creative potential.

To address this gap, we propose a Nov-
elty—Verifiability characterization that maps unveri-
fiable outputs into two structurally distinct regions:
Creative Synthesis (Region A) and Groundless Fab-
rication (Region B). We ground this investigation
in a conceptual creation task, where LLMs are
guided to synthesize new scientific or technical
concepts by modifying, recombining, or extend-
ing existing domain knowledge. Inspired by psy-
chological theories of human creativity (Guilford,
1950; BESEMER and TREFFINGER, 1981), we
design complementary generation strategies that
probe both the process and product dimensions of
creative output (see Figure 2). Through 32,400 gen-
erations across three technical domains and 1,080
human judgments, we identify three key findings:

* Region A exists and is non-negligible: Among
highly novel outputs, a non-negligible subset
(4.7%) is judged both novel and plausible by
domain experts, indicating that unverifiable hal-
lucinations are not uniformly noise. This subset
persists even under stricter thresholds.

* Region A is reproducible across conditions:
Different generation strategies access Region A

through distinct behaviors—unconstrained gener-
ation explores broader novelty, while structured
generation preserves stronger semantic ground-
ing. This pattern is consistent across domains,
models, and embedding choices, suggesting that
Region A is not a strategy-specific artifact.

* Proximity to real-world innovation: In a retro-
spective recovery experiment under a controlled
combinatorial setting, LLM generation recovers
85% of real scientific concepts published after
the model’s training cutoff, suggesting that LLMs
can approach real-world innovation in relatively
simple recombination scenarios.

2 Related Work

Hallucination and Creativity in LLMs LLM
hallucinations have traditionally been viewed as a
sign of reduced reliability, motivating a wide range
of detection and mitigation strategies (Manakul
et al., 2023; Dhuliawala et al., 2024; Ji et al., 2023b;
Li et al., 2023). However, recent studies have be-
gun to reframe hallucinations as a potential source
of creative association. From a cognitive science
perspective, Jiang et al. (2024) argued that halluci-
nation and creativity share underlying mechanisms,
while Lee (2023) analyzed their relationship us-
ing probabilistic and information-theoretic formu-
lations. In scientific settings, Yuan et al. (2025)
further showed that guided hallucination can facili-
tate drug discovery. Unlike prior work, we focus on
characterizing unverifiable hallucinations as a dis-
tinct subclass whose internal structure may reflect
latent creativity rather than mere noise.

Scientific Idea Generation with LLMs Recent
advances have shifted LLMs from passive assis-
tants toward more active roles in scientific idea
generation and hypothesis formulation. In the gen-
eral domain, IdeaBench (Guo et al., 2025) and
LiveldeaBench (Ruan et al., 2026) evaluate LLMs’
ability to generate research ideas from literature
summaries. Several exploratory studies on LLM-
generated ideas in Al research highlighted the
potential for automated idea generation with hu-
man guidance (Si et al., 2024; Feng et al., 2025;
Qiu et al., 2025). Furthermore, studies in natural
sciences have explored LLM-based idea genera-
tion (Ciuca et al., 2023; Buehler, 2024). In contrast,
prior works mainly focus on benchmarking gener-
ative capability or demonstrating domain-specific
utility. Our work instead focuses on how unver-
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Figure 2: Overview of our proposed framework for exploring conceptual creativity in LLMs.

ifiable conceptual outputs should be interpreted,
especially when they may reflect creative value.

3 Problem Formulation

3.1 Novelty-Verifiability Conceptualization

To analyze the relationship between unverifiable
hallucinations and creativity, we propose a two-
dimensional conceptual framework based on nov-
elty and verifiability, as shown in Figure 3. We di-
vide verifiable outputs into two categories: Knowl-
edge Reproduction (Quadrant IV) and Empirical
Innovation (Quadrant I). Knowledge Reproduc-
tion reflects the memorization and compression
of training data (Carlini et al., 2021; Kiyomaru
et al., 2024). Empirical Innovation refers to novel
hypotheses that remain grounded in existing knowl-
edge or expert consensus (Qi et al., 2023; Yang
et al., 2024). For example, the Scideator sys-
tem (Radensky et al., 2026) explores human—-LLM
collaboration for grounded scientific idea gener-
ation. In contrast, outputs lacking both novelty
and verifiability fall into Degenerate Generation
(Quadrant III), which captures structural failures or
meaningless sequences (Huang et al., 2025; Jiet al.,
2023a). Distinct from these categories, our investi-
gation focuses on Boundary Exploration (Quadrant
II). Although these outputs lack immediate empiri-
cal support, structurally coherent and semantically
well-formed cases may still indicate unexplored
regions of the knowledge space. We further divide
this quadrant into two representative sub-regions.

Region A: Creative Synthesis These outputs
are internally coherent and plausibly connected to
existing knowledge frameworks, despite lacking
external factual verification. This behavior may

b — St Non-hallucination Region
High Groundless |
Fabrication | Empirical
- Creative | Innovation
5 Synthesis |
|
8 Mid i
z [}
Degenerate I Knowledge
Generation | Reproduction
Low |
1
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Figure 3: A quadrant-based taxonomy of generative
outputs based on novelty and verifiability.

stem from the high-dimensional semantic repre-
sentations of LLMs, which enable interpolation
between related concepts and extrapolation into
sparsely explored semantic regions (Mikolov et al.,
2013; Park et al., 2024). While not yet formalized
as knowledge, such outputs may exhibit develop-
mental or exploratory potential.

Region B: Groundless Fabrication In contrast,
these outputs exhibit apparent novelty but lack
meaningful grounding in context, domain knowl-
edge, or common sense. Although they may con-
tain loosely related semantic elements, they fail to
establish coherent logical connections with existing
concepts. As a result, they produce fragmented or
irreconcilable information that cannot be reliably
integrated into existing knowledge frameworks.

3.2 Task Formalization

We formalize the conceptual creation task as fol-
lows. Let the source concept be Cre = (Ngre, dsre)
where ng,. denotes the concept name, dg. its defi-
nition. Let D,,. denote the source domain and /C
the relevant knowledge base. The goal is to gener-
ate a novel concept Cery = (Nnew, dnew). Within
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Quadrant II, we operationalize Region A and Re-
gion B using a plausibility function P(-):

Region A:  {Crew | P(Crew | Csre, K) > 7} (1)
Region B: {Cnew ‘ P(Cnew | CS’I‘C7,C) < T} (2)

where 7 denotes the plausibility sufficiency thresh-
old. In practice, we estimate P(-) using auto-
matic metrics and human evaluation. We con-
sider two generation pathways: (1) Intra-domain
extension denoted by Gintra(Csre, Dsre), Which
transforms the source concept within its original
domain; (2) Cross-domain mapping denoted by
Geross(Csre, Dsre, Digt), which synthesizes inter-
disciplinary concepts by mapping the source con-
cept into a target domain D; .

4 Methods

We employ two complementary generation strate-
gies: an unconstrained approach that captures
LLMs’ natural generative behavior, and a struc-
tured approach that enforces compositional con-
straints. The outputs are evaluated using both auto-
matic metrics and human judgment.

4.1 Baseline: Direct Generation

This baseline strategy captures the natural cre-
ative behavior of LLMs with minimal intervention.
Given a source concept Csre = (Nsre, dsre), the
model receives only the concept name n,. and def-
inition dg, and is prompted to generate a related
novel concept Crewy = (Nnew, dnew)- FOr intra-
domain generation, the prompt constrains outputs
to remain within Dg,..; for cross-domain generation,
it specifies the target domain Dy ;.

4.2 Structured Element-Based Innovation

Inspired by psychological research on divergent-
convergent creative processes (Guilford, 1950), we
propose a modular three-stage generation frame-
work implemented using LangChain (Chase, 2022),
as shown in Figure 2.

4.2.1 Stage 1: Concept Decomposition

In this phase, the LLM analyzes the input concept
definition d,. to extract a set of core semantic ele-
ments £ = {e1, €2, ..., e}, where each element
represents a modular component of the concept.
The model then scores each element for its inno-
vation potential, defined as its potential to yield
creative variants under modification. We select the
top-k elements with the highest scores from the
extracted set &, denoted as Eyop.

4.2.2 Stage 2: Element Modification

Different transformation methods are applied to
the selected elements depending on the inno-
vation pathway. For intra-domain generation
(Gintra(Csre, Dsre)), the model is prompted to
redesign each element within the constraints
of the source domain Dy,., producing domain-
consistent variants. For cross-domain generation
(Geross(Csres Dores Digr)), the selected elements
are mapped to analogous or complementary ele-
ments from a target domain Dy, based on func-
tional or theoretical consistency. This yields a set
of modified element variants V = {e}, €, ..., €. }.

4.2.3 Stage 3: Concept Reconstruction

The modified element variants ) are reintegrated
into the original conceptual context to form a co-
herent new concept Crewy = (Mpew, dnew)- In this
stage, the model reintegrates the modified elements
into the original conceptual context to produce a
coherent new concept while maintaining plausibil-
ity with respect to the source concept Cy,. and the
relevant knowledge base K.

4.3 Automatic Metrics
We evaluate generated concepts on three dimen-

sions: novelty, diversity, and plausibility.

4.3.1 Novelty

Semantic Distance (SemDist) We measure nov-
elty as the cosine distance between the em-
beddings of the source and generated concepts:

SemDist(Cj,..., C, — 1 — _©Csrc’®Cnew
( Srey new) Ilecsrc”H(?cnew”’
where ec,,. and e¢,,,,, denote the embeddings of

the source and generated concepts. Larger values
indicate greater conceptual departure.

4.3.2 Diversity

We assess diversity from both local geometric and
global distributional perspectives.

Pairwise Distance (AvgDis) AvgDis cap-
tures diversity at the pairwise embedding
level by computing the average pairwise
cosine distance. Given a set of generated con-

cepts {C1,C,...,Cr}, AvgDis is defined as:

. 2 . eC,L-'eCj
AvgDis = 771y Licicjer | 1 ||eci||ecj|>'
Higher values indicate the broader conceptual

exploration.

Semantic Entropy We measure diversity at the
distributional level using semantic entropy. For
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each generation set, we compute concept em-
beddings, project them into a lower-dimensional
semantic space, and cluster them into semantic
groups. Let p(c) denote the proportion of gen-
erated concepts assigned to cluster c. Semantic
entropy is computed as H = — ) _p(c) log p(c).
Higher entropy implies broader distribution across
functionally distinct semantic regions.

4.3.3 Plausibility Metrics

Keyword Coverage (KWCR) We measure
plausibility-related semantic preservation using
Keyword Coverage (KWCR), which evaluates
how well the generated concept retains the core
semantic lineage of the source concept. We use
KeyBERT (Grootendorst, 2020) to extract top-/NVy
weighted keywords W, = {(k:l,wl)}ivzl1 from
the source concept, where w; is the normalized im-
portance weight of keyword k;. For the generated
concept, we extract the top-/No keywords and de-
note the resulting keyword set as W,y = {k; };le
KWCR is computed as: KWCR(Cy;c, Crew) =
SN (w; - maxpeyy,,, sim(ki, K')), where
sim(k;, k) denotes the cosine similarity between
the embeddings of source keyword k; and gener-
ated keyword k’. Higher values indicate stronger
preservation of core meaning.

LLM-as-Judge Plausibility (Pla-S) We lever-
age the LLM’s broad contextual knowledge to
assess whether (), aligns with Cy,.. in a sci-
entifically coherent manner. LLM-based judges
are prone to overconfidence, often assigning high
plausibility scores to outputs that appear coherent
but lack sufficient theoretical support (Geng et al.,
2024). To mitigate this issue, we adopt a bidirec-
tional verification scheme inspired by the dialec-
tical interplay of supportive inference and critical
scrutiny in scientific discovery. Forward Progres-
sion (Sy,q) assesses whether Cj,e,y, can be coher-
ently inferred from C,.., while Backward Scrutiny
(Spwa) identifies theoretical violations. Accord-
ingly, we operationalize the plausibility function as
P(Cnew ‘ Coyre, ,C) = %(wad + Sbwd)- Detailed
prompts are provided in Appendix B.

4.4 Human Evaluation

We conduct a human evaluation to validate our auto-
matic metrics and to provide human judgments for
Region A and Region B classification. The study
follows established best practices for text genera-
tion assessment (van der Lee et al., 2019) and ex-
pert annotation for high-cognitive-load tasks (Clark

et al., 2021). Eight researchers from the author
team, all with relevant domain backgrounds, serve
as annotators. Before the main evaluation, all eight
annotators rate a fully overlapped calibration set of
25 samples to align their interpretation of the rubric
and scoring criteria. We use a stratified set of 360
samples covering 6 domains (3 intra-domain and 3
cross-domain) and two generation strategies, with
30 samples per cell. Each sample is independently
rated by three annotators under a fully blind setting,
resulting in 1,080 human judgments. Annotators
rate each generated concept on three 5-point Likert
scales: novelty, plausibility, and heuristic value.
Final scores are computed by averaging ratings.

5 Experiments

In this section, we aim to address the following
research questions:

RQ1: Are unverifiable hallucinations merely ran-
dom noise, or do they in fact contain plausible
creative extensions?

RQ2: If Region A exists, what properties charac-
terize these concepts, and can different generation
strategies explore this space effectively?

RQ3: Can LLM-generated concepts approximate
real scientific innovations, exhibiting human-like
creativity in relatively straightforward scenarios?

5.1 Experimental Setup

We conduct experiments on three representative
domains: Communication, Electromagnetics, and
Artificial Intelligence, constructing a glossary of
150 concepts per domain. We evaluate three widely
used LLMs: GPT-40 (OpenAl, 2024b), GPT-4o-
mini (OpenAl, 2024b), and Qwen-max (Qwen
Team, 2025). For each source concept, we gen-
erate baseline and structured outputs under both
intra-domain and cross-domain pathways. For the
structured strategy, we set k = 3. Each setting
is repeated three times, yielding 24 generations
per source concept and 32,400 generations in total
across all settings. We use all-MinilLM-L6-v2? as
the embedding model. Additional data details are
provided in Appendix A.1.

5.2 RQ1: Plausible Extensions vs. Noise
5.2.1 Quantitative Analysis

Automatic Evaluation As a preliminary step, we
examine automatic metrics across all generation

2https://huggingface.co/sentence—transformers/
all-MinilM-L6-v2
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Table 1: Transposed quantitative evaluation across domains and models. B: Prompt-Only Baseline, E: Structured
Element-Based Innovation (highlighted with gray background). Models: 40 (GPT-40), 40-mini (GPT-40-mini),

Qwen (Qwen-max).
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Figure 4: Scatter plot of generated concepts in the
novelty-plausibility space.

conditions (Table 1) to assess whether generated
concepts exhibit non-negligible plausibility rather
than being dominated by random noise. Across
all domains and generation strategies, Pla-S scores
are consistently above 3, suggesting that novel con-
cepts are not predominantly random noise.

Human Evaluation We then use human evalua-
tion data to operationalize Region A and Region B
based on novelty and plausibility ratings:

* Region A (Creative Synthesis): Novelty > 4
AND Plausibility > 4

* Region B (Groundless Fabrication): Novelty
> 4 AND Plausibility < 4

We adopt a plausibility threshold of 4, since a
score of 3 in our rubric still allows minor flaws,
such as logical leaps or terminology misuse. Fig-
ure 4 reveals an empirical separation among highly
novel concepts (Novelty > 4), with 4.7% falling
into Region A and 17.8% into Region B. Table 2

Threshold (7)  Region A Region B Region C

3.5 (Inclusive) 20 (5.6%) 61 (16.9%) 279 (77.5%)
4.0 (Current) 17 (4.7%) 64 (17.8%) 279 (77.5%)
4.5 (Strict) 6 (1.7%)  75(20.8%) 279 (77.5%)

Table 2: Sensitivity analysis of region proportions under
different plausibility thresholds, with Novelty > 4 fixed.

shows that the presence of Region A is robust to
different threshold choices: Region A remains non-
zero even under a stricter threshold of 7 = 4.5.
These results indicate that unverifiable hallucina-
tions are not uniformly implausible, but include a
non-negligible subset that maintains both novelty
and plausibility. This subset aligns with our notion
of Creative Synthesis, providing support for the
existence of plausible creative extensions within
unverifiable hallucinations.

5.2.2 Qualitative Analysis

To further characterize the nature of Region A con-
cepts, we examine representative cases in light
of recent literature. Although generated concepts
are novel, we identify related studies that pro-
vide indirect or complementary validation. For
example, concepts Time-Domain Adaptive Neural
BEM, Adversarial Predistortion in Microwave RF
Systems, and Split-Step Neural Electromagnetic
Method extend classical methods along recognized
computational and physical dimensions. These
examples suggest that some LLM-generated con-
cepts, although exploratory, are plausible exten-
sions grounded in established problem formula-
tions and supported by related research. Detailed
analysis is provided in Appendix A.7.3.
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Figure 5: Contrastive case study of Region A vs B. Massive MIMO uses antenna arrays for parallel spatial
processing; Neural MIMO Networks applies functional analogy to neural layers. LDPC Codes perform error
correction via iterative decoding; Quantum Entanglement Communication Codes incorrectly claims quantum
entanglement enables instantaneous correction, violating fundamental physics.

5.3 RQ2: Properties and Exploration
Strategies

Having established the existence of Region A, we
investigate its distinguishing properties and how
different generation strategies explore this space.

5.3.1 Exploration through Complementary
Strategies

Table 1 reports evaluation results for two comple-
mentary generation strategies. The structured strat-
egy (Strategy E) generally yields lower semantic
distance (SemDist) with higher keyword coverage
(KWCR), reflecting conservative yet structurally
grounded exploration. The baseline strategy (Strat-
egy B) exhibits higher novelty (SemDist) with more
variable coherence, reflecting more exploratory and
divergent generation. Diversity metrics (AvgDis)
further reveal contrasting patterns: Strategy E re-
duces dispersion in single-domain tasks but in-
creases it under cross-domain generation, reflecting
structured divergence when bridging disciplinary
boundaries. Semantic entropy analysis further con-
firms that cross-domain transfer broadens distribu-
tional coverage (see Figure 11 in Appendix). For
plausibility, Strategy E achieves higher scores in
single-domain and Comm+Ele settings, while the
gap becomes smaller in cross-domain configura-

Domain Novelty  Plausibility Heuristic Value
Comm 3.49+0.78 3.25+1.07 3.23+0.76
Al 298 +0.67 3.89£0.74 3.20+0.74
Ele 3.82+0.75 3.31+0.99 3.46+0.81
Comm+Al 2.53 £0.49 4.38£0.59 2.924+0.63
Comm+Ele 2.52+0.71 3.81£0.90 2.61+0.73
Ele+Al 3.35+0.64 3.924+0.79 3.56 +0.86

Table 3: Human Evaluation Results by Domain.

tions (Comm+AI, Ele+Al). Both strategies main-
tain moderate-to-high Pla-S scores across most
settings, indicating that Region A is accessible
through multiple generation pathways. We further
verify these findings using SciBERT (Beltagy et al.,
2019) embeddings, as shown in Table 4.

5.3.2 Domain-Specific Analysis

Domain characteristics substantially shape gener-
ation outcomes (Figure 6). Within single-domain
settings, Electromagnetics exhibits the highest ab-
solute KWCR, reflecting its comparatively stronger
structural organization. Communication achieves
the largest KWCR gains under Strategy E, sug-
gesting a heightened sensitivity to explicit scaffold-
ing, while Electromagnetics shows the most con-
sistent improvements in plausibility across mod-
els. In cross-domain settings, Comm+AlI achieves
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the highest plausibility, suggesting a stronger de-
gree of conceptual compatibility between the two
domains, whereas Ele+Al shows high baseline
KWCR with negligible gains, suggesting limited
room for additional gains from Strategy E. These
patterns suggest that Region A’s accessibility varies
with domain-specific conceptual structure and the
compatibility between domains.

5.3.3 Model Comparison Analysis

Models exhibit differentiated responsiveness to
structural intervention, as shown in Figure 6.
Qwen-max demonstrates the most stable perfor-
mance with consistent E-induced improvements
and the smallest variance across settings. GPT-
4o0-mini shows the highest sensitivity to structural
constraints, exhibiting the largest KWCR gains in
intra-domain settings but greater variability under
cross-domain transfer. GPT-40 achieves competi-
tive plausibility across both intra- and cross-domain
settings, balancing stability and adaptability.

5.3.4 Validation of Automatic Metrics

To assess whether our automatic metrics provide
meaningful signals aligned with human judgment,
we compute Pearson correlations between auto-
mated scores and expert annotations on a subset
of 360 generated concepts. Pla-S exhibits a strong
positive correlation with human-rated plausibility
(r = 0.60, p < 0.001). While this correlation does
not imply equivalence to human judgment, it sup-
ports the use of Pla-S as a scalable proxy for plausi-
bility in large-scale analysis. In contrast, SemDist
shows a weaker but statistically significant cor-
relation with human novelty ratings (r = 0.21,
p < 0.001). This result is expected, as human
perceptions of novelty integrate domain relevance,
conceptual coherence, and utility beyond distribu-
tional distance alone. Therefore, SemDist is used
to characterize relative semantic dispersion and
exploratory trends, rather than as an independent
measure of human-perceived creativity, and serves
to identify potential candidates. In our empirical
analysis, automatic metrics serve as scalable prox-
ies for preliminary assessment, while human expert
evaluation is used for validation and interpretation.

Summary Region A is not a strategy-specific
or model-specific artifact but a reproducible phe-
nomenon that persists across generation strategies,
domains, models, and embedding choices.

5.4 RQ3: Retrospective Concept Recovery

(a) (b)

938l | 4
<

Figure 6: Comparative performance of Baseline (B) and
Element (E) methods.

Experimental Setup Inspired by the combi-
natorial ideation paradigm proposed in recent
work (Zhao et al., 2025), we conduct a retrospective
concept recovery experiment to assess the prox-
imity of LLM-generated concepts to real-world
innovations. Cross-domain synthesis provides a
controllable setting for this evaluation, because
each target concept can be viewed as a verifiable
“child” concept retrospectively derived from two
cross-domain “parent” concepts. Focusing on the
Communication+Al intersection, which exhibits
the highest plausibility in human evaluation (Ta-
ble 3), we collect 20 real composite concepts from
recent literature published in 2024 or later, as listed
in Table 7. Each target concept is decomposed
into constituent elements, yielding two concept
pools: Ceomm = {c1,¢2,...,car} (Communica-
tion concepts) and Ca; = {ai,az,...,an} (Al
concepts). We use GPT-3.5-Turbo-0125 (OpenAl,
2024a), whose knowledge cutoff is September 1,
2021, creating a clear temporal gap from the tar-
get concepts. For each cross-domain pair (¢;, a;),
the model generates a composite concept, yielding
M x N = 400 candidates. Among these, 20 can-
didates correspond to the original parent pairings
underlying the 20 real target concepts. We use GPT-
40 to compare these aligned candidates against their
corresponding targets using full definition-level de-
scriptions and to output a binary consistency deci-
sion (consistent or inconsistent). For the remaining
generated concepts, we use GPT-4o to score their
plausibility. Prompts are provided in Appendix B.

Main Results Figure 7 presents the recovery
analysis. Among the 20 target concepts, 17 (85%)
were successfully recovered, indicating that the
model can independently derive realistic innova-
tions through the systematic combination of do-
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Figure 7: Evaluation results of composite concept gen-
eration. Left: Number of target concepts successfully
recovered. Right: Plausibility score distribution of gen-
erated concepts that do not match any target concept.

main knowledge. The three unrecovered concepts
matched at the name level but differed in their defi-
nitions, reflecting variations in technical details or
application context. For the remaining 383 gener-
ated combinations, the average plausibility score
reaches 3.23/4, indicating that many exhaustively
generated combinations have a high probability of
falling within Region A. This suggests that LLM-
based concept creation extends beyond reproducing
innovations found in the training corpus. Overall,
these results suggest that in relatively simple com-
binatorial scenarios, LLM-based concept creation
can approximate real scientific innovations and ex-
hibit human-like creativity. The plausibility matrix
is visualized as a heatmap in Figure 16.

5.5 Case Study

Figure 5 shows the representative cases. The Re-
gion A concept Neural MIMO Networks maps an-
tenna arrays to neural network layers via functional
analogy, preserving core structural logic while
achieving genuine cross-domain novelty. Both
components perform parallel processing on inde-
pendent channels, making the analogy grounded
and the resulting concept internally coherent. In
contrast, the Region B concept Quantum Entan-
glement Communication Codes (QECC) attempts
to bridge macroscopic coding theory and micro-
scopic quantum mechanics, yet provides no coher-
ent mechanism connecting the two scales. It chains
loosely related terminology into a superficially
novel narrative, but the causal links between itera-
tive decoding and quantum entanglement remain
unexplained and semantically fragmented. This
contrast illustrates the core distinction: Region A
outputs extend source knowledge through struc-
turally grounded transformations, while Region B
outputs assemble domain-spanning jargon without
establishing meaningful conceptual connections.
More cases are provided in Appendix A.7.3.

6 Conclusion

In this paper, we introduce a novelty-verifiability
characterization of unverifiable hallucinations, dis-
tinguishing Region A (Creative Synthesis) from
Region B (Groundless Fabrication). Across three
domains, our results show that unverifiable hallu-
cinations are not uniformly random noise: a non-
negligible subset remains both novel and plausible,
and this phenomenon is reproducible across differ-
ent generation strategies and experimental condi-
tions. Further, in a controlled retrospective recov-
ery setting, LLM-generated concepts show mean-
ingful proximity to real-world scientific concepts.
These results suggest that hallucination in LLMs
should be interpreted more selectively: beyond re-
liability failure, it may also contain a meaningful
space of plausible conceptual extrapolation.

Limitations

This work has several limitations that point to im-
portant directions for future research.

Our evaluation of plausibility relies in part on
LLM-based scoring mechanisms. However, these
scores often vary only modestly across candidates,
making it difficult to reliably distinguish plausible
innovations from implausible ones. This suggests
that current models may still struggle to capture
fine-grained semantic feasibility, especially when
evaluating subtle or compositional variations.

Our analysis of hallucination remains at a de-
scriptive level, focusing on observable patterns
in output divergence. We do not yet investigate
the deeper internal mechanisms, such as activation
pathways, attention dynamics, or representational
drift, that may underlie these phenomena.

Our empirical investigation is conducted on
a sampled dataset across three technical do-
mains (Communication, Electromagnetics, and Al),
which may limit the generalizability of the findings
to other domains or knowledge structures. While
our results show consistent patterns across these
domains, the extent to which Region A general-
izes to the humanities, social sciences, or other
knowledge-intensive fields remains an open ques-
tion.

Our retrospective concept recovery experiment
adopts a controlled and verifiable setting, but this
design may also simplify the discovery process
and therefore does not fully test a model’s ability
to identify suitable source concepts independently.
In addition, the recovery benchmark remains rela-
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tively limited in scale, which constrains the strength
of conclusions that can be drawn about broader
scientific innovation patterns. Future work could
extend this setting to open-ended source concept
discovery before synthesis.
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A Appendix

A.1 Dataset Construction and Concept
Selection Criteria

To evaluate the proposed framework across di-
verse conceptual spaces, we constructed three dis-
tinct datasets, each comprising 150 concept en-
tries from different technical domains: Commu-
nication, Electromagnetics, and Artificial Intel-
ligence. These three domains were selected as
illustrative examples due to their rich terminologi-
cal ecosystems, clear conceptual hierarchies, and
relevance to knowledge reasoning and generative
innovation.

Concepts are selected according to the following
three criteria:

(1) Technical Specificity Each term must re-
fer to a concrete technical method, phenomenon,
or computational mechanism, rather than to high-
level system architectures (e.g., “cloud platform™)
or broad application scenarios (e.g., “smart city”).
This constraint ensures that the terms are suffi-
ciently grounded to allow meaningful semantic ma-
nipulation and generation.

(2) Intermediate Complexity We exclude ele-
mentary concepts (e.g., “neuron” or “signal”) in
favor of terms with moderate complexity—those
that typically appear in mid-level academic discus-
sions and have room for theoretical recombination
or expansion. This ensures that the task challenges
both the creativity and generalization capabilities
of the model.

(3) Scope Coverage Within each domain, our
datasets encompass multiple subfields and special-
ized areas, as illustrated in Figure 8. This granular
categorization enables us to examine innovation
across different levels of conceptual abstraction
and disciplinary scopes. In addition, the selected
terms are drawn from relatively mature subdomains
to ensure conceptual coherence and enable more
stable evaluation of generated concepts.

Al

Data Eng. & Evaluation
Unsup. & Statistical Learning
Supervised Learning

133% 24.7% R -
0% Optimization & Regularization

16.7% 17.3% I Deep Learning & Neural Nets
Bl Applications (NLP & RL)
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Beamforming & Precoding
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16.0% Channel Modeling

Signal Proc. & Modulation
MAC & Resource Mgmt.
Coding & Info. Theory
Emerging Architectures
Electromagnetics
Time-Domain Methods
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Multiphysics Coupling
Materials & Media

Adv. Numerical Techniques
Wave Prop. & Analysis

’ H

Figure 8: A hierarchical sunburst visualization of con-
cept distributions across three domains. The outer ring
shows the relative proportions of sub-domains within
each domain.

A.2 Supplementary Analysis: Incremental
Creativity Pattern

To understand LLMSs’ natural generative tendencies
in conceptual creation, we conduct supplementary
experiments using a minimal-intervention setting:
models receive only the source concept name and
definition, without structural constraints or inter-
mediate reasoning steps (Section 4.1). We analyze
1,800 sampled outputs and classify them into three
categories using an LL.M-based classifier:

* Rephrasing: representing a simple restatement
of the source text;

* Incremental: involving local modifications, sub-
tle variations, or reconfigurations of existing ele-
ments;

* Radical: exhibiting significant semantic diver-
gence or logical disconnection.

We observe a clear empirical pattern: LLMs pre-
dominantly generate new concepts via incremental
semantic modifications rather than radical concep-
tual shifts. As illustrated in Figure 9, most genera-
tions fall into the incremental category, suggesting
a preference for conservative recombination and
local variation.

A.3 Temperature Effects

Temperature is a key parameter that influences the
generated text, controlling the randomness of the
model outputs (Koevering and Kleinberg, 2024).
As an illustrative example within the communica-
tion domain, we employ GPT-40 to conduct tests
in various temperature settings: {0.1, 0.3, 0.5, 0.7,
0.9}. As shown in Figure 10, we make the follow-
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Intra-domain

Cross-domain

Metric  Method| Comm | Ele | Al | CommiEle |  Comm+Al | Ele+Al
| 40  4o-mini Qwenl 40  4o-mini Qwenl 40  4o-mini Qwenl 40  4o-mini Qwenl 40  4o-mini Qwenl 40 4o-mini Qwen
Sempist B 0082 0075 0.061]0.075 0063 0.059[0.085 0068 0.063]0.072 0064 0.0640.073 0074 0.072[0.074 0073 0075
E 0.065 0054 0.058 0.061 0052 0.056 0071 0.060 0.058 0.054 0.052 0.046 0.061 0.062 0.058 0.065 0.065 0.062
Kkwer B [0.903 0907 0.921]0.901 0.899 0.913[0.893 0906 0.909[0.918 0919 09250923 0920 0.924]0.908 0.907 0.911
E 0927 0935 09350924 0930 09250912 0922 0928 0.936 0938 0945 0.936 0933 0940 0.922 0918 0.928
AveDis [0.046 0.037 0.029|0.041 0037 0.031]0.044 0035 0.031[0.036 0025 0.022[0.027 0028 0.021]0.029 0.028 0.023
. 0.044 0032 0.029 0.042 0032 0031 0046 0036 0.033 0.036 0032 0.030 0.035 0034 0.030 0.036 0.035 0.033
Plas B [3439 3.852 3.931|3463 3730 3.831[3.579 3900 3.922|3473 3752 3.714]3.955 3.945 3.962[3.895 3.898 3.882
E 3505 3914 3936 3.541 3862 3911 3711 3.899 3937 3.674 3752 37853919 3923 3924 3810 3776 3.808

Table 4: (SciBERT) Transposed quantitative evaluation across domains and models. B: Prompt-Only Baseline,
E: Structured Element-Based Innovation (highlighted with gray background). Models: 40 (GPT-40), 40-mini

(GPT-40-mini), Qwen (Qwen-max).

Radical

@

Subcategory
Incremental Single (38.1%)
Incremental Cross (48.9%)
Radical Single (11.9%)
Radical Cross (1.1%)

Figure 9: Distribution of concept classifications strati-
fied by innovation category and domain scope.
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Figure 10: Average performance of generated concepts
across temperature settings for the Prompt-Only Base-
line (left) and the Structured Element-Based Innovation
approach (right).

ing observations. First, regardless of the generation
strategy, AvgDis increases noticeably as tempera-
ture rises, indicating higher diversity. In contrast,
SemDist remains relatively stable across tempera-
ture values, with only a slight upward trend in the
prompt-only baseline. KWCR also shows only mi-
nor fluctuations, suggesting that semantic lineage
preservation is largely unaffected by temperature
changes.

A.4 Robustness Check with SciBERT

To verify that our findings are not sensitive to
the choice of embedding model, we replicate the
main quantitative evaluation (Table 4) using SciB-
ERT (Beltagy et al., 2019) embeddings. As shown
in Table 4, overall trends remain similar when using
SciBERT, suggesting that the main observations are
relatively stable across embedding models.

A.5 Detailed Plausibility Results

Table 5 provides a detailed breakdown of forward
reasoning (St.,q), backward criticism (Sp.q), and
their mean (Pla-S) across all experimental config-
urations. A notable asymmetry emerges: Sfyq
scores are consistently high (>4.3), while Spyq
scores remain substantially lower (2.5-3.0), with
a gap often exceeding 1.5 points. This suggests
that LLMs exhibit overconfidence in forward con-
cept extension but struggle with backward critical
scrutiny. It therefore motivates the use of bidirec-
tional evaluation for plausibility assessment.

A.6 Additional Representation-Level
Analyses

A.6.1 Semantic Diversity Analysis

Semantic Entropy As illustrated in Figure 11,
in the single-domain setting, the Al domain ex-
hibits the highest semantic entropy among all do-
mains, suggesting a broader conceptual dispersion.
Furthermore, when cross-domain signals are in-
troduced, semantic entropy increases notably in
the Communication and Electromagnetics domains.
These findings suggest that cross-domain transfer
expands the semantic space explored by the model,
enabling more diverse conceptual variations.
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‘ Intra-domain

‘ Cross-domain

Metric Method | Comm \ Ele \ Al \ Comm+Ele | Comm+AI | Ele+Al
‘ 40  40-mini Qwen‘ 40 40-mini Qwen‘ 40 40-mini Qwen‘ 40  40-mini Qwen‘ 40  40-mini Qwen‘ 40 4o-mini Qwen
s B ‘4.351 4756  4.896 ‘4.427 4.678 4.781 ‘4.545 4861 4.88314.340 4.616 4.636 ‘4,929 4914 4934 ‘4,865 4.850 4.825
fwd E 4435 4878 4.898 4464 4805 4.863 4.628 4.823 4.891 |4.486 4.592 4.651 4.860 4.862 4.868 4.706 4.638 4.688
s B ‘2.527 2.949 2967 ‘2.500 2783  2.885 ‘2.613 2942  2.965|2.607 2.889 2794 ‘2.982 2978 2991 ‘2,927 2.949 2940
bwd E 2.576 2955 2979 2619 2924 2963 2796 2980 2.988 [2.864 2914 2923 2980 2988 2983 2917 2916 2.932
Pla-S B ‘3439 3.852  3.931 ‘3463 3.730  3.831 ‘3579 3900 3.922 (3473 3752 3.714 ‘3.955 3.945  3.962 ‘3.895 3.808 3.882
E 3.505 3914 3.936 3.541 3.862 3911 3.711 3.899 3.937(3.674 3.752 3.785 3.919 3923 3.924 3810 3.776 3.808

Table 5: Detailed plausibility evaluation across domains and models. B: Prompt-Only Baseline, E: Structured
Element-Based Innovation (highlighted with gray background). Models: 40 (GPT-40), 40-mini (GPT-40-mini),

Qwen (Qwen-max).
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Figure 11: Semantic entropy comparison across Structured Element-Based Innovation strategy (a) and domain

scopes (b).

A.6.2 Semantic Deviation Analysis

Domain Euc.Mean Euc.Var Ang.Mean Ang.Var
Comm 0.841 0.006 37.59 69.58
Comm+Ele  0.828 0.006 31.51 30.76
Comm-+AlI 0.789 0.007 36.21 35.97

Table 6: Distribution of semantic deviation across
datasets. Euclidean distance captures the magnitude of
deviation from the source concept embedding, while the
angle metric reflects directional semantic divergence.

To further characterize the geometric properties
of semantic shifts under different domain combina-
tions, we compute both the Euclidean distance and
the angular deviation. This analysis is restricted to
Structured Element-Based Innovation outputs
due to their higher generation density. For each
source concept Cs. with n generated concepts
{Cflle)w, . C,(LZQU}, we compute the Euclidean dis-
tance between each generated embedding and the
source embedding:

3)

di: Hecy(fe)w —eCSTCHQ, izl,...,n

We then calculate the mean distance pg
1 : 1
LS di and variance 03 = = > | (d; — pa)

to quantify the magnitude and consistency of se-
mantic displacement. To assess the directional con-
sistency of semantic shift, we define a reference
direction as the vector from the source embedding
to the centroid of generated embeddings:

n
D, ~ €0
1

1=

“

1
Vyef = E

For each generated concept, we compute the angu-
lar deviation from this reference direction:

(eC(> - eCs'rc) ' V'r'ef
new (5)

Hec&% —ec,.ll2llVresll2

0; = arccos

We compute the mean angle 1g and variance ag for
each source concept, and report dataset-level av-
erages of these statistics. As shown in Table 6,
single-domain generation (Comm) exhibits the
largest mean Euclidean distance alongside substan-
tially higher angular variance, reflecting a more
exploratory yet scattered semantic trajectory. In
contrast, cross-domain configurations (Comm-+Ele,
Comm+Al) exhibit markedly reduced angular vari-
ance while maintaining comparable displacement
magnitudes. This pattern indicates that the current
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Region A: Creative Synthesis
Time-Domain Adaptive Neural BEM (EM <
Al)

Ratings: N: 4.0 P:5.0 H:5.0

Source: Time-Domain Vector BEM — Target:
Time-Domain Adaptive Neural BEM

Cross-Domain Mapping:
EM: Boundary Integral Solver

1 Discretization Strategy

enhance

Static Mesh ——— Dynamic Neural Mesh
1 Iterative Learning

Al: Adaptive Neural Networks

Key: Preserves the rigorous physics of boundary
integrals (high plausibility) while replacing the
computational bottleneck of fixed discretization
with neural networks that dynamically adapt to

field variations (high novelty).

Figure 12: Region A example: Time-Domain Adaptive
Neural BEM demonstrates constraint-respecting inno-
vation by optimizing physical solvers with Al

structured element-based generation strategy im-
poses stronger structural constraints during cross-
domain transformations, leading to a more coherent
directional shift in semantic space.

A.7 Case study
A.7.1 Region A

Region A represents outputs characterized by cre-
ative synthesis, where novel concepts maintain
strong coherence with established knowledge while
extending beyond current verification boundaries.
As illustrated in Figures 12, 13, and 14, the exam-
ples showcase how Region A outputs bridge do-
mains while maintaining internal consistency and
technical plausibility.

A.7.2 Region B

Region B encompasses outputs that exhibit ground-
less fabrication, and lack coherent grounding in
established knowledge frameworks. As shown in
Figure 15, these outputs typically involve invalid
logical leaps or scale mismatches. They bridge
concepts from incompatible domains without es-
tablishing a coherent mechanism, resulting in se-
mantically disconnected outputs despite superficial
structural novelty.

Region A: Creative Synthesis
Split-Step Neural Electromagnetic Method
(EM + Al)

Ratings: N: 433 P:433 H:50
Source: Split-Step Time-Domain Method —

Target: Split-Step Neural Electromagnetic
Method

Cross-Domain Mapping:
EM: Wave Propagation

{4 Operator Decomposition

isomorphism

Linear/Nonlinear Split ——— Neural
Layer Stacking
J Sequential Processing

Al: Deep Learning Architecture

Key: Leverages the structural isomorphism
between split-step operator decomposition
(physics) and deep neural network layers (Al) to
optimize dispersion and nonlinearity handling.

Figure 13: Region A example: Split-Step Neural Elec-
tromagnetic Method demonstrates structural alignment
between physical operators and neural layers.

A.7.3 Technical Plausibility and Literature
Alignment

To explain why Region A concepts are technically
plausible, we conduct a focused case-based anal-
ysis grounded in recent literature. Because these
generated concepts are novel by construction, our
goal is not to identify identical prior proposals,
but to verify whether these concepts align with
established problem formulations and recognized
innovation trajectories.

Case 1: Neural Operator Substitution. The
generated concept Time-Domain Adaptive Neural
BEM extends classical boundary element meth-
ods by introducing neural surrogates for compu-
tationally expensive components. Recent work
by Aimi et al. (2025) establishes adaptive time-
domain BEM as a frontier approach for wave prop-
agation, while explicitly highlighting the high cost
of residual-based error estimation. Our concept fol-
lows a well-established Al-acceleration paradigm
by replacing this bottleneck with a learned operator,
representing a plausible efficiency-oriented extrap-
olation rather than a departure from the underlying
physics.

Case 2: Proactive Robustness Strategy. The
concept of Adversarial Predistortion in Microwave
RF Systems addresses the same core challenge iden-
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Region A: Creative Synthesis
Adversarial Predistortion in RF Systems (EM
<~ Al)

Ratings: N: 4.67 P:4.33 H:5.0

Source: Microwave RF Linearization —
Target: Adversarial Predistortion

Cross-Domain Mapping:
EM: Signal Linearization

J Robustness Strategy

transfer

Standard Predistortion ——— Adversarial
Scenarios

J Distortion Simulation

Al: Adversarial Training (GANs)

Key: Applies the Al concept of "adversarial
training" to RF systems, creating proactive
distortion scenarios to train the predistorter,
significantly enhancing robustness against

non-linearities.

Figure 14: Region A example: Adversarial Predistortion
demonstrates mechanism transfer from Al robustness to
RF linearity.

tified in 6G RF systems—unpredictable and time-
varying hardware non-linearities. While prior stud-
ies emphasize reactive adaptation through contin-
ual learning (Yu et al., 2022), our concept intro-
duces a complementary proactive strategy via ad-
versarial training. This shift reframes robustness as
an intrinsic system property, aligning with emerg-
ing work on adversarially robust RF learning rather
than contradicting existing approaches.

Case 3: Architectural Isomorphism. The Spliz-
Step Neural Electromagnetic Method exploits
the structural correspondence between split-step
solvers for parabolic wave equations and layered
neural architectures. This mapping has been in-
dependently validated by Bonnafont et al. (2024),
who demonstrate that physical operator splitting
can directly inform neural network design. Such
model-driven alignment ensures that the generated
concept preserves physical constraints while en-
abling learning-based acceleration.

Overall, these cases indicate that Region A con-
cepts arise from constraint-preserving scientific ex-
trapolation. Rather than arbitrary hallucinations,
they extend established methods along recognized
computational and physical dimensions.

Region B: Groundless Fabrication
Quantum Entanglement Enhanced Scattering
(EM <~ Quantum)

Ratings: N: 433 P:1.33 H:20

Source: Multi-Body Coupled Scattering —
Target: Entanglement Enhanced Scattering

Cross-Domain Mapping:
EM: Macroscopic Scattering
1 Scale Mismatch / Logic Gap

invalid jump

Mutual Coupling ———— Quantum
Entanglement

1 Violates No-Communication Thm.

Quantum: Instantaneous Info Exchange

Key: A "semantic leap" that conflates
macroscopic wave coupling with microscopic
quantum entanglement. Violates the
No-Communication Theorem by claiming
instantaneous information transfer for adaptive
control.

Figure 15: Region B example: Demonstrates a "Geo-
metric Orphan" where high-level jargon is combined
without respecting physical scale or causality.

B Prompts

Concept Decomposition

You are an expert in {domain}.
Analyze the given concept
definition and extract its core

elements. Then, evaluate the
innovation potential of each
element on a scale of 1 to 5
(higher means more potential
for modification and innovation)
without any explanation.

Concept Name:

{concept_name}

Concept definition:
{concept_definition}

Intra-Domain Element Modification

You are an expert in innovative
{domain}. Your task is to creatively

transform a specific technical
element related to a {domain}
concept.

Your task is to:
1.Analyze the element’s role within
its technical and functional
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context.

2.Creatively redesign or recombine
it to produce a novel variant with
distinct utility.

3.Ensure the innovation reflects
a substantive transformation, not
just superficial modification.
Input Context:

Concept Name: {concept_name}
Concept definition:
{concept_definition}

Element Name: {element_name}

Intra-Domain Concept Reconstruction

You are an expert in the field of
{domain}. Given an original concept
and a distinctly innovated core
element, your task is to revise the
original concept by substituting

the old element with this new,
innovative one.
Original Concept definition:

{concept_definition}

Original Element to be replaced:
{raw_element} New Element
Information:

-New
{json.dumps(new_element,
indent=2)}

Make sure that:

-The newly revised concept
is logically consistent and
technically robust.

Element:

-The innovative element is
seamlessly and meaningfully
integrated, bringing novel and

substantial value to the concept.

\. J

Intra-Domain Prompt-Only Baseline

You are an expert in {domain}.
Your task is to creatively evolve
the following concept within the
{domain} domain. Rather than merely
modifying or extending existing
knowledge, your goal is to generate
a novel concept by rethinking,
restructuring, or recombining core
elements in an original way.

The newly derived concept should:

-Represent a meaningful
reconfiguration of existing
principles within {domain}.

-0ffer a clear advancement,
reinterpretation, or novel
direction compared to the original.
-Be technically rigorous,
logically coherent, and precisely
articulated.

Original Concept Name:
{concept_name}

Original Concept definition:

{concept_definition}

.

Cross-Domain Element Modification

You are an expert in both {domaini1}
and {domain2}. Your task is to
analyze the core elements of a
given concept from {domainl},
select the most appropriate
analogous or complementary concept
from {domain2}, and establish a
formal mapping relationship between
these two concepts.

For each core element, please:
1.Identify a corresponding element
or principle from {domain2} that
exhibits functional, structural,
or theoretical alignment.

2.Justify this mapping by
referencing foundational
principles, technical mechanisms,
or emergent synergies between
the domains. Original Concept:
{concept_name}
Concept
{concept_definition}
Elements Name: {element_name}

definition:

\.

Cross-Domain Concept Reconstruction

You are an expert in both the
fields of {domain1} and {domain2}.
Your task is to incorporate
this transformation into the
original {domainl1} concept based
on the mapping results, so as to
reconstruct a brand-new concept.
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This new concept should possess the
following characteristics:

-Fuse the principles from both the
{domain1} field and the {domain2}
field in a meaningful way.

-Present a concept that is
technically sound and innovative.
Concept definition:
{concept_definition}

Raw element: {raw_element}
Mapped Electromagnetic
{json.dumps(mapped_data,
indent=2)3}

Element:

Cross-Domain Prompt-Only Baseline

You are an expert in both
{domain1} and {domain2}. Your
task 1is to creatively generate
a novel cross-domain  concept
by meaningfully integrating
the following concept from
{domain1} with relevant principles,
methodologies, or paradigms from
{domain2}. The fusion should go
beyond superficial combination —it
must reflect a deep, innovative
integration that leverages the
strengths and insights of both
fields.

The new concept should:

-Combine core ideas, models, or
approaches from both {domain1} and
{domain2} in a technically coherent
and creative way.

-Offer improvements or advancements
in the context of both fields.

-Be technically rigorous and

innovative.

Original Concept Name:
{concept_name}

Original Concept definition:

{concept_definition}

{generated_term}.
Please reason in detail how this
new concept could have evolved
from the original one, considering
technical background, principles,
and potential innovations in the
field of domain} technologies.
Finally, rate the plausibility of
this reasoning on a scale from
1 to 5, and briefly explain
your reasoning. Respond in JSON
with keys "score"” (int 1-5) and
"rationale” (string).
Example (JSON):

{{

"score": 4,

"rationale”: "Because ...

13

n

\.

Plausibility Backward Criticism

You are a Principal Engineer
in the field of {domain}. Please
critically evaluate the feasibility
of the new concept {generated_term}.
From a technical, resource, or
engineering standpoint, what
challenges or limitations might
arise in implementing this concept?
Identify potential issues and rate
its overall feasibility on a scale
from 1 to 5. The more severe or
numerous the issues, the lower the
feasibility score. Briefly explain
your reasoning.

Respond in JSON with keys "score”
(1-5) and "rationale” (string).
Example (JSON):

{{

"score": 2,

"rationale”: "Potential issues are

n

33

Plausibility Forward Reasoning

You are a Principal Engineer in
the field of {domain}. The
original term is {original_term},
and a newly proposed concept is

Concept Classification Prompt

You are an expert taxonomy analyst
for scientific concepts. Your task
is to classify the relationship
between a Source Concept and a
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Generated Concept into one of the
following three categories.

Input Data:

- Source Concept:
{source_def}

- Generated Concept:
{gen_def}
Categories:
1.[Rephrasing]: The generated
concept is merely a paraphrase or a
trivial retrieval of the source. No
new semantic information is added.

{source_name} -

{gen_name} -

2.[Incremental]: The generated
concept extends the source
with  logical but predictable
modifications (e.g., adding a
common attribute, combining with
a closely related concept). It

represents a "safe” step.
3.[Radical]: The generated concept
deviates significantly from the
source. It introduces entirely
new paradigms, OR it is logically
disconnected/nonsensical.

OQutput JSON format only, no
additional content:

{

"category”: "Rephrasing” or
"Incremental” or "Radical”,
"explanation”: "1-2  sentence
explanation”

}

Composite Concept Generation Prompt
(RQ3)

You are an expert in wireless
communication and artificial
intelligence. Your task 1is to
naturally combine two concepts
into an innovative composite
concept.

Communication Concept:
{com_concept}

AI Concept:

{ai_concept}

Please create a novel composite
concept that naturally integrates
these two concepts. The combination

should be technically meaningful
and innovative.

Provide your answer in the
following JSON format:
{{

"concept_name":
"A concise and catchy name for the
composite concept”,

"definition”:

"A clear 1-2 sentence definition
explaining what this composite
concept is and how it works”

13

Requirements:

1.The concept name should be

creative and reflect both domains
2.Keep the definition concise (1-2
sentences)

Output only the JSON, no additional
explanation.

Definition Semantic Match Prompt
(RQ3)

You are an expert in
communication and AI.
is to determine if +two concept
definitions describe essentially
the same composite concept.
Baseline Concept Definition:
{baseline_def?}

Generated Concept Definition:
{generated_def}

Please determine if these two
definitions describe the same or
highly similar composite concept.
Consider:

1.Core functionality and purpose
2.Technical approach and methods
3.Application domain and use cases
Answer with ONLY a JSON object
containing a single boolean field:
&

"is_match": true or false

13

Output only the JSON, no additional
text.

wireless
Your task
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Quality Evaluation Prompt (RQ3)

You are an expert in wireless
communication and AI. Your task
is to evaluate the quality and
plausibility of a composite
concept.

Communication Concept:
{com_concept}

AI Concept:

{ai_concept}

Composite Concept Name:
{concept_name}

Definition:

{definition}

Please evaluate the plausibility
and 1logical coherence of this
composite concept on a scale of
1-4:

-4:Good plausibility, reasonable
integration, some technical value
-3:Moderately plausible, acceptable
integration, limited novelty

-2:Weak plausibility, forced
integration, unclear benefit
-1:Not plausible, illogical

integration, no clear value

Do not use 5.
Answer with a JSON object: {{
"score”: 1 to 4 (integer),

"reasoning”: "Brief explanation”
1}

Output only the JSON, no additional
text.

Important: The maximum score is 4.
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Figure 16: Heatmap visualization of quality scores for all 400 composite concepts. The 20x 20 matrix represents
the plausibility evaluation results, where each cell corresponds to a composite concept formed by combining one
communication concept with one Al concept.
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No.

Composite Concept Definition

Source Paper

10

11

12

13

14

15

16

17

18

19

20

MobiWorld: A generative world model for simulating and
optimizing mobile wireless networks via counterfactual rea-
soning.

WirelessAgent: An autonomous agent framework using
LLMs for closed-loop wireless network management tasks
like slicing.

WiFo-CF: A wireless foundation model designed to compress
and reconstruct heterogeneous CSI feedback across varying
configurations.

DiffSem: A semantic communication framework using dif-
fusion models for noise-resilient semantic transmission and
reconstruction.

ChannelMamba: An end-to-end channel prediction model
utilizing the Mamba architecture for linear-complexity tempo-
ral modeling.

FM-Channel Estimator: A pilot-free channel inference
framework using Flow Matching to map multimodal sens-
ing data to channel matrices.

C2C-SemCom: A direct communication paradigm where
LLMs exchange KV-Cache states instead of tokenized text.
KGRAG-SC: A semantic communication scheme using
Retrieval-Augmented Generation with Knowledge Graphs
for error correction.

SpikACom: A neuromorphic framework using Spiking Neu-
ral Networks for power-efficient beamforming and channel
estimation.

T3NPM: A hybrid MAC protocol framework combining
token-based LLM adaptation with lightweight neural distilla-
tion.

Meta-GFlowNet: A security framework using meta-learning
and GFlowNets for rapid adaptation of secure beamforming
in mobile scenarios.

LNN-Beam Tracking: A robust beam tracking method using
Liquid Neural Networks to handle noisy, continuous-time
channel dynamics.

WiKAN: An indoor localization model replacing MLPs with
Kolmogorov-Arnold Networks to capture non-linear RSS-
distance mappings.

WirelessAgent++: A self-evolving generative agent frame-
work that designs and refines task-oriented workflows for
specialized wireless tasks.

Fed-PEFT: A federated parameter-efficient fine-tuning
paradigm for adapting large models under distributed learning
settings.

xLSTM-IMU-UWRB: An indoor localization framework us-
ing xLSTM for temporal modeling and multimodal fusion of
UWB and IMU data.

Llama-Recipe: A Llama-based platform for 5G network-slice
orchestration and cloud-native service deployment.

Ret-TS: A traffic prediction model utilizing Retentive Net-
works (RetNet) to optimize Elastic Optical Network (EON)
resources.

QML-Wireless Sensing: A framework utilizing quantum ma-
chine learning models to process wireless signals for sensing
applications in AloT.

Physics-GenAl: A physics-grounded generative Al frame-
work for mitigating hallucination in wireless communication
tasks.

MobiWorld: World Models for Mobile Wireless Net-
work(Chai et al., 2025)

WirelessAgent: Large Language Model Agents for
Intelligent Wireless Networks(Tong et al., 2024)

WiFo-CF': Wireless Foundation Model for CSI Feed-
back(Liu et al., 2025)

Diffusion-aided Task-oriented Semantic Communi-
cations with Model Inversion Attack(Wang et al.,
2025c¢)

ChannelMamba: A Mamba-Driven Selective State-
Space Model for Channel Prediction of High-
Mobility MIMO in 6G 1oT(Shi et al., 2026)
Environment-Aware Channel Inference via Cross-
Modal Flow: From Multimodal Sensing to Wireless
Channels(Liang et al., 2025)

Cache-to-Cache: Direct Semantic Communication
Between Large Language Models(Fu et al., 2026)
KGRAG-SC: Knowledge Graph RAG-Assisted Se-
mantic Communication(Fan et al., 2025)

SpikACom: A Neuromorphic Computing Frame-
work for Green Communications(Liu et al., 2026)

Resilient LLM-Empowered Semantic MAC Proto-
cols via Zero-Shot Adaptation and Knowledge Dis-
tillation(Kim et al., 2025)

Meta-Learning-Driven GFlowNets for 3D Direc-
tional Modulation in Mobile Wireless Systems(Tao
and Petropulu, 2025)

Robust Continuous-Time Beam Tracking with Liq-
uid Neural Network(Zhu et al., 2024)

WiKAN: Lightweight Kolmogorov-Arnold Networks
for Accurate Indoor WiFi Localization(Gu et al.,
2025)

WirelessAgent++: Automated Agentic Workflow
Design and Benchmarking for Wireless Net-
works(Tong et al., 2026)

Federated Large Language Model: Solutions, Chal-
lenges and Future Directions(Hu et al., 2025)

An Advanced Indoor Localization Method Based
on xLSTM and Residual Multimodal Fusion of
UWB/IMU Data(Wang et al., 2025a)
Llama-Recipe — Fine-Tuned Meta’s Llama LLM,
PBOM and NFT Enabled 5G Network-Slice Orches-
tration and End-to-End Supply-Chain Verification
Platform(Bandara et al., 2025)

Retentive Time Series: A Scalable Machine Learn-
ing Model for Traffic Prediction in Elastic Optical
Networks(Khosravi and Shadaram, 2025)

Wireless Sensing in Artificial Intelligence of Things:
A General Quantum Machine Learning Frame-
work(Liao et al., 2025)

Wireless Hallucination in Generative Al-enabled
Communications: Concepts, Issues, and Solu-
tions(Wang et al., 2025b)

Table 7: Source papers used for dataset construction. The table lists the literature from which the dataset was
built. The composite concepts are standardized concept formulations distilled from these papers for dataset
construction and analysis; their names and definitions are derived from the source literature through abstraction and
standardization rather than reproduced verbatim.
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