
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

SPARKING SCIENTIFIC CREATIVITY VIA
LLM-DRIVEN INTERDISCIPLINARY INSPIRATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Interdisciplinary research yields disproportionate scientific impact, yet most work
remains confined within disciplinary boundaries. Existing AI systems for scien-
tific discovery primarily focus on automating experiment design and execution,
often neglecting the exploratory reasoning processes that underlie cross-domain
innovation. We propose IDEA-CATALYST, a metacognition-driven framework
for interdisciplinary research ideation. Given a research problem, the frame-
work decomposes it into core research questions, identifies unresolved concep-
tual challenges through literature analysis, retrieves corresponding insights from
external disciplines, and converts them into candidate ideas ranked by interdis-
ciplinary potential. Across LLM-based and human evaluations, IDEA-CATALYST
produces ideas that are 21% more novel and 16% more insightful while remaining
grounded in the original research problem. These results demonstrate the value of
structured cross-domain synthesis for AI-assisted scientific creativity.

1 INTRODUCTION

CS Problem: Teaching agents to complete a task correctly.

Behavioral Psychology: 
Actions followed by reward become more likely.

Challenge: 
Not mathematically formalized & represented, nor scalable.

Control Theory: 
Formalizing the control of a system over time to optimize for a result.

Research Question: 
How can an agent identify earlier actions that caused an eventual reward?

Animal Learning Psychology: 
Secondary signals (e.g., bell) can mirror primary rewards (e.g., food).

Modern Reinforcement Learning: 
Developed across decades through interdisciplinary insights.

…

How do we identify 
which domains 

have the highest 
interdisciplinary 

potential?

interdisciplinary 
potential: 

resolving challenges 
in existing approaches 
& tackling unanswered 

research questions

Figure 1: Interdisciplinary process of formalizing
RL (Sutton et al., 1998).

Scientific breakthroughs rarely emerge from
isolated “eureka” moments. Instead, research
advances through the gradual accumulation
and recombination of partial ideas across do-
mains (Sosa, 2019; Gonçalves & Cash, 2021).
Early conceptual fragments seed interdisci-
plinary discussion, critique, and refinement,
eventually coalescing into mature research di-
rections. Reinforcement learning, for example,
arose from the convergence of behavioral psy-
chology, control theory, and animal learning re-
search rather than from a single field (Sutton
et al., 1998). Such boundary-spanning synthe-
sis has repeatedly driven scientific progress.

Empirical evidence shows that interdisciplinary
integration substantially increases long-term impact, with each additional discipline associated with
roughly 20% higher citation impact (Van Noorden, 2015; Okamura, 2019). Yet deeply integra-
tive cross-domain collaboration remains rare (Porter & Rafols, 2009; Raasch et al., 2013). A key
challenge is how to systematically foster interdisciplinary scientific creativity while avoiding the
constraints of disciplinary silos.

Recent work on AI-assisted scientific discovery explores “AI co-scientists” that support ideation,
experimentation, and critique (Gottweis et al., 2025; Goel et al., 2025; Si et al., 2026; Jansen et al.,
2025). However, prior studies reveal a trade-off (Si et al., 2024): human-generated ideas are typ-
ically well grounded but domain-constrained, whereas LLM-generated ideas more readily draw
cross-domain inspiration but often lack depth, feasibility, or conceptual grounding (Si et al., 2024;
2026; Gupta & Pruthi, 2025). Attempts to improve feasibility by tightly coupling ideation with
automatic experimentation further risk narrowing exploration to incremental refinements (Si et al.,
2026; Jansen et al., 2025). Premature evaluation can truncate creative exploration rather than ex-
pand it (Bose et al., 2013; Catmull & Wallace, 2023). To prioritize early-stage creative exploration,
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Problem: 
Effective & reliable human-AI 
collaboration.
Target Domain: 
Computer Science

How can models infer and adapt to user 
intent and context in real time?

What feedback mechanisms improve 
trust and reduce cognitive load 

in human–AI collaboration?

domain-specific challenge

adapting in real-time scenarios with 
high inter- and intra-user variability

Adapting to diverse collaborators 
& evolving goals/environments.

conceptual challenge

…

(a) Identify the core research questions needed to solve problem: (b) Explore target domain to discover what’s been solved & remaining challenges:

real-time intent inference

dynamic user modeling

adaptive task prediction

adaptive goal shifting

real-time behavioral adaptation

social role adaptation

group interaction variability

(c) Explore external domains to discover if the 
conceptual challenge has been solved:

Psychology

Sociology

(e) Recontextualize takeaways to the target domain
& rank insights based on interdisciplinary potential

Sociology 11/14 papers relevant

…
Takeaway 1/8:

Metacontrol State Model → dynamically balancing 
persistence (focusing on current goals) and flexibility 

(switching to new goals) can help adapt to unpredictable 
user behavior without being overly rigid or distractible.

Sociology + Computer Science
Maintain and update a latent, role-aware and socially sensitive 

interaction state, learned through feedback and perspective-taking.

1

2

Psychology 8/11 papers relevant

(d) Identify challenge-specific takeaways 
from papers of relevant domains

target domain queries

external domain queriesif NO relevant domains → decompose            into sub-questions 

Psychology + Computer Science
Explicitly learn/regulate a dynamic trade-off between persistence 

and flexibility, using prediction-error updates & anticipatory control.

Figure 2: IDEA-CATALYST: Critical & creative reasoning framework for interdisciplinary ideation.

we propose IDEA-CATALYST, a framework for generating interdisciplinary insights grounded in
unresolved conceptual challenges in a target domain’s research problem.

Rather than automating end-to-end research execution, IDEA-CATALYST structures exploratory
cross-domain synthesis to augment early-stage ideation: (a) analyzes the target domain by de-
composing the problem into core research questions and identifying unresolved conceptual chal-
lenges through literature-conditioned analysis, (b) explores external domains to retrieve concep-
tually analogous solutions studied under different assumptions or formalisms, and (c) recontextu-
alizes and prioritizes insights by translating cross-domain findings into candidate idea fragments
and ranking them by novelty and relevance. Our main contributions are: (i) we introduce IDEA-
CATALYST, a structured framework for interdisciplinary research ideation through problem decom-
position, cross-domain retrieval, and strategic prioritization, (ii) we construct a dataset and eval-
uation protocol for benchmarking interdisciplinary idea generation across novelty, insightfulness,
relevance, and usefulness, and (iii) based on automatic and human evaluations, IDEA-CATALYST
produces 21.38% more novel and 16.22% more insightful ideas.

2 METHODOLOGY

IDEA-CATALYST aims to augment early-stage scientific ideation by (a) decomposing research prob-
lems into core questions, (b) identifying unresolved conceptual challenges in the target domain, (c)
extracting insights from external source domains which address these challenges, and (d) integrating
them into an interdisciplinary idea fragment. The overall framework is illustrated in Figure 2.

2.1 PROBLEM FORMULATION

To support early-stage conceptual brainstorming, we assume as input only a short research problem
statement p (e.g., 1–2 sentences on effective and reliable human-AI collaboration) situated within
a target domain Dtarget (e.g., Natural Language Processing). Our objective is to generate a set of
interdisciplinary idea fragments F , where each fragment fi ∈ F is grounded in an external source
domain Dsi and comprised of a set of literature-derived insights t ∈ Tsi . Each fragment proposes
a candidate interdisciplinary idea T̂si by recontextualizing these insights to address p, thereby in-
tegrating concepts from Dsi into the target domain Dtarget. We define each of these key terms in
Appendix A.1, as well as how we retrieve scientific literature in Appendix A.2.1.

2.2 METACOGNITION-DRIVEN IDEATION

Scientific ideation requires balancing novelty and usefulness (Yanai & Lercher, 2019). We ground
IDEA-CATALYST in metacognition: the monitoring and regulation of reasoning during problem
solving (Flavell, 1979). Creative performance depends on accurately assessing what is known,
identifying gaps, selecting appropriate strategies, and evaluating progress (Urban & Urban, 2025;
Kargupta et al., 2025). Accordingly, our framework is grounded on five metacognitive functions:
(i) assessing progress and open challenges in the target domain (self-awareness), (ii) recognizing
domain assumptions and limits (context awareness), (iii) selecting suitable external disciplines for
exploration (strategy selection), (iv) decomposing and prioritizing research questions (goal manage-
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ment), and (v) evaluating whether generated insights meaningfully address unresolved challenges
(evaluation). Overall, ideation emerges from coordinating these functions during both critical rea-
soning (structured analysis of challenges and opportunities) and creative reasoning (cross-domain
ideation) (Johnson-Laird, 2010). IDEA-CATALYST balances both by grounding exploration in sys-
tematic target-domain analysis while preserving interdisciplinary expansion. We include all details
for our framework in Appendix A.2.2-A.2.5.

Critical Reasoning over the Target Domain. We begin with structured analysis of the target
domain Dtarget. Given a problem p, we decompose it into research questions qi ∈ Q and assess
how thoroughly each has been addressed through literature retrieval and analysis. Each question is
represented in two forms: a domain-specific formulation qDi (grounded in target-domain terminol-
ogy) and a domain-agnostic abstraction q′i that captures the underlying conceptual issue. This dual
representation enables both precise assessment of progress and cross-domain comparability. For
each qi, retrieved literature is analyzed to categorize the question as resolved, partially addressed,
or open. We further extract unresolved conceptual challenges that remain weakly addressed. These
challenges form the focal points for interdisciplinary exploration.

Creative Reasoning Across Source Domains. For questions or challenges that are open or par-
tially addressed, we transition to cross-domain exploration. Using the domain-agnostic formulation
q′, we identify external source domains that may contain analogous perspectives and concepts which
address q. For each candidate source domain Ds, we retrieve and analyze relevant literature. We
extract literature-grounded conceptual takeaways only when a majority of retrieved work meaning-
fully addresses the underlying challenge. This ensures that insights reflect domain-level perspectives
rather than isolated findings. These cross-domain takeaways expand the solution space by introduc-
ing mechanisms, abstractions, or theoretical principles absent from the target domain.

Target–Source Interdisciplinary Integration. We define an idea fragment as a structured inter-
mediate representation linking: (i) a target-domain challenge and its literature, (ii) source-domain
conceptual takeaways and supporting evidence, and (iii) a rationale describing how the takeaway
addresses the challenge. Idea fragments are intentionally incomplete, serving as catalysts for further
development rather than full solutions. For each eligible question–source-domain pair, we integrate
relevant takeaways with target-domain assumptions to produce candidate fragments. Integration
evaluates how cross-domain perspectives complement existing approaches and address unresolved
conceptual gaps. Because multiple fragments may be generated, we rank them by interdisciplinary
potential, reflecting depth of integration, expected innovation payoff, and balance between novelty
and grounding Porter & Rafols (2009). We perform pairwise comparisons among fragments to
obtain a relative ordering, prioritizing those most likely to yield impactful cross-domain advances.
Overall, IDEA-CATALYST structures interdisciplinary ideation through coordinated critical and cre-
ative reasoning while maintaining grounding in the target domain.

3 EXPERIMENTAL DESIGN

We use Qwen3-14B (Yang et al., 2025) as the primary model and gpt-oss-120b (Agarwal
et al., 2025) as the LLM judge. We provide all details of our experimental design in Appendix A.3
and baselines/ablations in Appendix A.3.1.

Dataset. We evaluate on CHIMERA (Sternlicht & Hope, 2025), a dataset of interdisciplinary
arXiv papers annotated with inspiration relations between source and target domains. We select 400
instances where source and target belong to distinct coarse-grained scientific fields and the problem
context (input p) does not reveal interdisciplinary insights. For evaluation, each instance is converted
into our idea-fragment format (Appendix A.6).

Evaluation Metrics. We evaluate early-stage ideation following pairwise preference protocols,
where generated outputs are compared against ground-truth interdisciplinary contributions and win
rates are reported (Dubois et al., 2024; Zheng et al., 2023; Si et al., 2024). We assess takeaways
based on interdisciplinary insightfulness and relevance, and integrated ideas based on interdisci-
plinary novelty and usefulness. We provide all metric and prompt details in Appendix A.4 & B.
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Table 1: Takeaway-level (top) and idea-level (bottom) average win rates at top-k (k ∈ {1, 2, 3}).
Bold: best; †: second-best.

Method (Takeaway) Insightfulness Relevance Overall

@1 @2 @3 @1 @2 @3 @1 @2 @3

Free-Form Source 18.25 23.06 27.35 47.75 51.45 51.57 44.25 48.06 50.14
Guided Dual 73.00 74.19 72.36 62.25 59.68 60.54 66.75 63.23 64.39
IDEA-CATALYST 85.50 85.16 84.47† 60.25 62.42 61.25 63.75 66.45† 65.67
× Decompose 84.00† 84.88† 83.80 60.75† 61.63 65.32 65.25† 66.82 70.13
× Potential Ranking 84.71 84.28 84.83 59.40 59.97 61.13 64.16 64.18 65.03
+ Conceptual Rewriting 82.00 83.71 83.19 59.75 61.94† 62.82† 66.25 67.10 66.95†

Method (Idea) Novelty Usefulness Overall

@1 @2 @3 @1 @2 @3 @1 @2 @3

Free-Form Source 13.50 17.26 19.80 35.50 39.84 40.31 30.50 34.52 35.19
Guided Dual 68.00 70.32 67.95 70.25 65.48† 64.39 72.25 68.39 66.10
IDEA-CATALYST 83.25 84.03 83.05 65.75† 66.13 66.38 71.25† 70.65 70.09
× Decompose 82.00† 81.94 78.48 61.00 63.43 65.06† 63.75 65.91 67.85†

× Potential Ranking 83.21† 83.31† 81.79† 62.41 65.15† 64.16 68.17 69.04† 67.92
+ Conceptual Rewriting 82.00 82.90 80.91 62.75 62.90 61.54 66.75 66.29 64.96

4 EXPERIMENTAL RESULTS

Overall Performance. IDEA-CATALYST consistently outperforms baselines on exploratory di-
mensions (Table 1). At the takeaway level, it improves insightfulness by 16.22% over Guided
Dual and 282.21% over Free-Form Source; at the idea level, it increases novelty by 21.38% and
407.65%, respectively. These gains indicate that metacognition-driven, target-grounded exploration
produces more novel and insightful outputs than retrieval-based approaches. We observe a trade-off:
ranking by interdisciplinary potential favors novelty and insightfulness, with relevance and useful-
ness increasing as k grows. As a whole, LLM judgments tend to weight relevance and usefulness
more heavily when assigning an overall winner.

Ablations. Removing target-domain decomposition reduces novelty and insightfulness, suggest-
ing that structured identification of conceptual gaps is critical. Replacing pairwise interdisciplinary-
potential ranking with simple relevance heuristics also lowers performance, highlighting the im-
portance of comparative evaluation. Although Conceptual Rewriting does not improve quantitative
metrics, it enhances clarity and interpretability in qualitative and human assessments.

Analyzing Source Distribution and Target–Source Pairings (Appendix A.5.1). Source-domain
distribution analysis shows that Free-Form Source collapses toward Computer Science (low diver-
sity), while IDEA-CATALYST achieves broad cross-domain exploration with balanced diversity and
stronger novelty/insightfulness, indicating that effective ideation requires selective, conceptually
grounded expansion rather than maximal spread. Target–source flow visualizations further reveal
intuitive but diverse inspiration patterns (e.g., AI drawing from Psychology and Linguistics), sug-
gesting structured rather than arbitrary interdisciplinarity.

Qualitative and Human Evaluation (Appendix A.5.2, A.5.3). Qualitative comparison shows
that, beyond identifying relevant domains, IDEA-CATALYST extracts more problem-aligned and
mechanism-specific insights than baselines. In a human study with six PhD researchers, partici-
pants rated the framework highly for early-stage ideation, with ideas judged more novel than useful,
highlighting both its creative strength and the typical ideation–execution gap.

5 CONCLUSION

We present IDEA-CATALYST, a metacognition-driven framework for interdisciplinary research
ideation that guides cross-domain exploration using structured target-domain analysis. The frame-
work generates ideas that are significantly more novel and insightful than baselines while remaining
grounded in the original problem. Our findings highlight the value of supporting the process of crit-
ical & creative reasoning for human–AI scientific collaboration. Future work includes personalized
summarization for researchers and collaborator recommendation based on interdisciplinary signals.
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A APPENDIX

A.1 PROBLEM FORMULATION DEFINITIONS

Definition A.1 (Target Domain). The target domain Dtarget denotes the primary scientific field in
which the research problem p is situated. It is characterized by its established literature, methodolo-
gies, problem formulations, and evaluation norms. The goal of our framework is to augment ideation
within Dtarget by introducing conceptually grounded insights originating outside the domain.

Definition A.2 (Source Domain). A source domain Ds is a scientific field distinct from the tar-
get domain Dtarget, characterized by its own literature, conceptual frameworks, and problem-solving
traditions. Source domains serve as potential reservoirs of transferable insights that, when appro-
priately recontextualized, may help address unresolved conceptual challenges in Dtarget. To promote
non-trivial interdisciplinary connections, we restrict source domains to fields that are sufficiently
distant from the target domain at a coarse-grained level of similarity (e.g., Computer Science and
Psychology), and exclude closely related subfields (e.g., Natural Language Processing and Machine
Learning).

Definition A.3 (Interdisciplinary Insight). An interdisciplinary insight t ∈ Tsi is a literature-
grounded conceptual takeaway extracted from the source domain Dsi . Such insights typically de-
scribe mechanisms, principles, or abstractions that are not natively expressed in the target domain
Dtarget but may become relevant when mapped onto the research problem p.

Definition A.4 (Interdisciplinary Potential). Interdisciplinary potential denotes the expected value
of an idea fragment fi ∈ F for advancing the research problem p through cross-domain integration.
It reflects a fragment’s ability to (i) address unresolved conceptual challenges in Dtarget, (ii) introduce
non-trivial perspectives from Dsi , and (iii) plausibly inspire novel research directions when recon-
textualized within the target domain. Idea fragments in F are ranked according to this potential.

A.2 METHODOLOGY DETAILS

A.2.1 SCIENTIFIC LITERATURE SNIPPET RETRIEVAL

To ground interdisciplinary ideation in existing scientific knowledge, we retrieve literature snippets
using the Semantic Scholar Snippets API1. Given a natural-language query and a coarse-grained
scientific domain (chosen from the options below), the Snippets API returns short, relevance-ranked
text passages extracted from papers, along with their associated metadata. Given that Semantic
Scholar performs the underlying document parsing, indexing, and query-snippet relevance matching
internally, this allows us to treat snippet retrieval as a black-box operation and focus on structuring

1https://api.semanticscholar.org/api-docs/snippets
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the research ideation process rather than optimizing retrieval models. For each query, we retrieve the
top-k papers within a specified domain and aggregate multiple snippets per paper when available.
When snippet text is unavailable or degenerate (e.g., identical to the paper title), we fall back to
retrieving the paper abstract to ensure minimal contextual grounding. Retrieved snippets are used as
lightweight, fine-grained evidence for downstream analysis, enabling the identification of unresolved
challenges and transferable conceptual insights across domains while maintaining scalability across
diverse scientific fields.

Domains Supported by Semantic Scholar for Retrieval. Our literature retrieval pipeline relies
on the Semantic Scholar Snippets API, which supports search queries over a fixed set of coarse-
grained scientific domains. Specifically, Semantic Scholar indexes papers under the following fields
of study: Computer Science, Medicine, Chemistry, Biology, Materials Science, Physics, Geology,
Psychology, Art, History, Geography, Sociology, Business, Political Science, Economics, Philoso-
phy, Mathematics, Engineering, Environmental Science, Agricultural and Food Sciences, Education,
Law, and Linguistics.

To ensure compatibility with this constraint, all fine-grained target-domain subfields provided as
input to IDEA-CATALYST (e.g., Natural Language Processing, Reinforcement Learning, Cognitive
Science) are mapped to their corresponding coarse-grained Semantic Scholar domains (e.g., Com-
puter Science, Psychology) prior to retrieval. This mapping is used solely for literature retrieval
and filtering and does not affect the conceptual formulation of research questions, domain-agnostic
abstractions, or subsequent interdisciplinary reasoning stages.

A.2.2 METACOGNITION-DRIVEN IDEATION

Scientific research ideation is inherently creative, requiring ideas to be both novel and useful (Yanai
& Lercher, 2019). A central component of this process is metacognition: the ability to moni-
tor, evaluate, and regulate one’s own reasoning during problem solving Flavell (1979); Yeung &
Summerfield (2012); Kitchner (1983). Prior work shows that creative performance depends on the
metacognitive awareness of which strategies are appropriate, when to apply them, and how to assess
progress. Inaccurate metacognitive monitoring can disrupt how individuals guide and adjust their
creative reasoning, whereas stronger metacognition is consistently associated with more effective
creative problem solving (Urban & Urban, 2025). Thus, we align our framework to the following
metacognitive behaviors (Kargupta et al., 2025):

• Self-awareness: Assessing what is known, what remains uncertain, and which aspects of a re-
search problem are both challenging and actionable. In our framework, this corresponds to eval-
uating how thoroughly different facets of problem p have been addressed in the target-domain
literature.

• Context awareness: Recognizing the assumptions, constraints, and norms that shape a problem.
For our task, this includes recognizing target-domain limitations and identifying external source
domains that may offer complementary perspectives.

• Strategy selection: Choosing reasoning strategies aligned with the nature of the problem. In
practice, this involves selectively exploring disciplines that are well suited to particular chal-
lenges and open research questions of p (e.g., control theory for formalization, psychology for
learning behavior).

• Goal management: Maintaining and adapting intermediate objectives. This manifests as de-
composing p into research questions, prioritizing those with the greatest potential for conceptual
advancement, and assessing progress made, post-ideation.

• Evaluation: Monitoring the quality & promise of the reasoning process. Rather than prema-
turely enforcing feasibility, the ideation process should assess whether insights meaningfully
address unresolved conceptual challenges.

Under this view, creative ideation emerges from the coordination of two complementary reason-
ing modes (Johnson-Laird, 2010): critical reasoning, which emphasizes structured evaluation and
analytical rigor, and creative reasoning, which supports the generative synthesis of novel and valu-
able ideas (de Chantal & Markovits, 2022; Dwyer et al., 2025). Our framework balances these
modes by grounding ideation in a systematic analysis of the target domain while preserving space

8
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for exploratory, interdisciplinary reasoning that expands the solution space (Wechsler et al., 2018;
Halpern, 2007).

A.2.3 CRITICAL REASONING OVER THE TARGET DOMAIN

IDEA-CATALYST initiates the creative ideation process with a systematic analysis of Dtarget, ground-
ing the model’s self-awareness and context awareness in the current state of the literature (e.g., state-
of-the-art approaches, technical/conceptual limitations). This analysis enables a structured, critical
assessment of what has already been addressed, where progress is uneven, and which conceptual
challenges remain unresolved.

To steer ideation toward insights that are both novel and useful, we analyze Dtarget to identify aspects
of p that are weakly addressed and therefore offer the greatest potential for impact. We first decom-
pose p into a structured set of research questions qi ∈ Q, allowing us to examine the problem from
multiple complementary perspectives that may exhibit varying levels of maturity in the existing lit-
erature. Each question qi is represented in two forms: a domain-specific formulation qDi , expressed
in the language and assumptions of Dtarget, and a corresponding domain-agnostic formulation q′i
that abstracts away academic jargon and implementation details. This dual representation enables
precise assessment of progress within Dtarget while facilitating conceptual cross-domain comparison.
For example, given the problem of “effective and reliable human–AI collaboration” (Figure 2), the
resulting research questions include:

Domain-Specific Question (qDi ) Domain-Agnostic Question (q′1)

How can models be trained to dynamically infer and adapt to user
intent and task context in real-time collaborative scenarios?

How can understanding of intent and context be updated through
continuous interaction?

How should a system decide when to take initiative vs. defer
to human to maintain well-calibrated autonomy & control across
contexts?

When should control be exercised versus withheld?

Table 2: Output examples of domain-specific & agnostic research question pairs for “human-AI
collaboration”.

For each research question qi, we generate a set of natural-language search queries that cap-
ture its domain-specific formulation qDi (e.g., real-time intent inference, dynamic user model-
ing). These queries are used to retrieve a set of relevant papers and associated literature snippets
{d1, . . . , dk} ⊂ Dtarget (Section A.2.1). Based on the retrieved papers, we assess their relevance
to qi and evaluate the extent to which the question has been addressed in the target domain (e.g.,
largely resolved: Qresolved ⊆ Q, partially addressed: Qpartial, or largely unexplored: Qopen).
Crucially, this analysis surfaces remaining critical, non-incremental challenges qij that are explicitly
stated or implicitly suggested by the literature and are not resolved by existing approaches. Each
remaining challenge qij inherits the same dual representation as its parent question qi, consisting of
both a domain-specific and a domain-agnostic formulation, as shown in Table 3.

Domain-Specific Challenge (q1,D1 ) Domain-Agnostic Challenge (q′11 )

How can a system adapt in real-time to high inter/intra-user vari-
ability?

How can behavior adapt to diverse collaborators & evolving
goals/environments?

Table 3: Outputted dual representation of a remaining challenge qij in addressing qi, derived from
analysis of Dtarget.

A.2.4 CREATIVE REASONING ACROSS SOURCE DOMAINS

Having identified weakly addressed research questions and unresolved conceptual challenges in the
target domain Dtarget, IDEA-CATALYST transitions from critical reasoning to creative exploration.
Rather than expanding the solution space indiscriminately, we use insights from the target-domain
analysis to strategically guide cross-domain exploration toward directions with the greatest potential
for non-incremental interdisciplinary insight. Specifically, we prioritize research questions qi ∈
Qopen that remain largely unexplored in Dtarget, as well as conceptual challenges qij ∈ Qpartial,
where alternative perspectives have the most potential to contribute.
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This exploration is driven by the domain-agnostic form of each selected question or challenge. By
abstracting away target-domain terminology and implementation details, these formulations isolate
the underlying conceptual gaps that remain unresolved (Table 3). Such abstractions are more likely
to correspond to theoretical constructs, explanatory frameworks, or empirical phenomena studied in
external fields, even when surface-level applications differ. Consequently, domain-agnostic ques-
tions form the basis for selecting candidate source domains and structuring cross-domain search.

Cross-Domain Retrieval. For each domain-agnostic question or challenge q′, we first identify a
small set of external source domains that are plausibly relevant through analogy (e.g., how groups
coordinate in Sociology vs. how teams coordinate in human–AI systems), shared mechanisms (e.g.,
adaptation through feedback in Psychology vs. Control Theory), or transferable principles (e.g.,
reasoning about uncertainty in Cognitive Science vs. machine learning), while explicitly excluding
domains that are overly proximal to Dtarget. This selection reflects the intuition that more distant
domains are likelier to contribute novel perspectives rather than incremental variations of existing
approaches. For each selected source domain Ds, we then generate a small set of search queries
which reflect the domain-specific vocabulary of Ds (e.g., specific terminologies, frameworks →
“cognitive load theory” or “social role adaptation” in Sociology).

Using these queries, we retrieve papers and their respective snippets (Section A.2.1) from each
source domain and analyze them to determine whether they provide meaningful conceptual insight
into the challenge. For each source domain, we assess the relevance of retrieved papers, where we
only extract literature-grounded conceptual takeaways ti ∈ T q′

si from domains where the majority
of retrieved papers are relevant to conceptual question/challenge q′. This ensures that the overall
insight ti of the source domain has sufficient grounding in its literature and is not an isolated finding.
Table 4 showcases a real example of an insight from Psychology on the “human-AI collaboration
problem. Each insight is structured into a set of takeaways, where each contains the specific source
domain concept and its underlying logic/perspective in understanding the question/challenge q′

i
j .

Source Domain Concept How Does it Work?

Metacontrol State Model: Goal-directed behavior reflects a bal-
ance between persistence (maintaining current goals) and flexibil-
ity (switching goals when conditions change).

Dynamic regulation between persistence and flexibility allows
adaptive behavior that remains focused while responding effi-
ciently to changing goals and environments Castro et al. (2021).

Cognitive Control: Control processes should be prospectively
adjusted based on the expected frequency of goal switches.

Anticipatory adjustment of cognitive control reduces the cost of
goal switching, enabling smoother transitions and lower cognitive
load under frequent change Grahek et al. (2023).

Dynamic Goal Pursuit: Goal pursuit can be supported through
just-in-time adaptive interventions that monitor behavior and pro-
vide context-sensitive support.

Real-time monitoring and adaptive feedback help sustain goal
pursuit under variability by aligning support with evolving goals
and situational demands O’Driscoll et al. (2024).

Table 4: Summarized conceptual takeaways t1, t2 ∈ Tpsychology for challenge q′11 in Table 3 and their
top identified paper.

By grounding source domain exploration in domain-agnostic challenges and emphasizing concep-
tual relevance over methodological similarity, IDEA-CATALYST enables the systematic discovery
of interdisciplinary perspectives that meaningfully expand the ideation space. The resulting con-
ceptual takeaways form the foundation for the subsequent recontextualization and integration stage,
where insights from multiple source domains are mapped back into Dtarget to generate candidate
interdisciplinary idea fragments.

A.2.5 TARGET–SOURCE INTERDISCIPLINARY INTEGRATION

While interdisciplinary insights from source domains may already inspire researchers to explore
new perspectives or refine existing ideas, we further examine whether such insights can be mean-
ingfully integrated with the target domain Dtarget. This integration step allows us to assess which
insights extend beyond inspiration to support concrete, cross-domain synthesis, and thus exhibit
strong interdisciplinary potential.

Idea Fragments. We define an idea fragment as a structured, intermediate representation captur-
ing a conceptual mechanism, principle, or strategy extracted from a source domain and recontextual-
ized for the target domain. Formally, an idea fragment links: (i) a target-domain research challenge
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with its relevant retrieved papers, (ii) source-domain conceptual takeaways & corresponding liter-
ature, and (iii) a rationale describing how the takeaway could address the target-domain challenge.
Idea fragments are intentionally incomplete: they are designed to support creative ideation rather
than prescribe full solutions, aiming to capture promising directions for synthesis by articulating
how concepts from Ds could be combined with existing approaches in Dtarget.

Generating Integrated Fragments. For each eligible question–source-domain pair (qi,Ds), we
integrate the most relevant source-domain takeaways and their corresponding papers with the rele-
vant literature retrieved from Dtarget. Integration is guided by three considerations: (i) how target-
domain methods and assumptions can be complemented by source-domain perspectives, (ii) how
the combined view addresses the specific challenge underlying qi, and (iii) how limitations of ei-
ther domain are mitigated through synthesis. The outcome is an idea fragment fi that proposes a
concrete pathway for interdisciplinary integration.

Ranking Interdisciplinary Potential. Because multiple idea fragments F = {fi} may be gen-
erated for a given research problem p (from different qi and Ds, we introduce the notion of inter-
disciplinary potential to prioritize fragments that are most likely to yield impactful cross-domain
advances. Interdisciplinary potential reflects a fragment’s expected value along dimensions such as
depth of integration, degree of multi-stage disciplinary engagement, innovation payoff, and balance
between novelty and feasibility Okamura (2019); Porter & Rafols (2009).

Rather than assigning absolute scores, we conduct pairwise comparisons between idea fragments.
Given two fragments fa, fb ∈ F , we assess which fragment exhibits stronger interdisciplinary po-
tential based on the above criteria. Aggregating preferences across all pairwise comparisons yields
a ranked ordering of F , from strongest to weakest interdisciplinary potential. This relative eval-
uation avoids the need for a single scalar metric, while still prioritizing the most promising inte-
grated ideas. By structuring interdisciplinary exploration through a metacognition-driven frame-
work, IDEA-CATALYST supports early-stage research ideation while preserving both novelty and
rigor.

A.3 EXPERIMENTAL DESIGN

We choose Qwen3-14B (Yang et al., 2025) as our primary model for experiments (no-thinking
for efficiency, temperature = 0.7), and gpt-oss-120b (temperature = 0.7) (Agarwal et al., 2025) for
our LLM judge. We retrieve a maximum of 20 papers per round of retrieval and prune source
domains where the majority (50%) of papers are irrelevant to the research problem.

A.3.1 BASELINES

We compare IDEA-CATALYST against two baseline methods that reflect common LLM-driven ap-
proaches to interdisciplinary ideation with increasing degrees of retrieval structure:

• Free-Form Source Retrieval Zheng et al. (2024) prompts the model to directly identify
potentially relevant source domains (with no restriction on distance to the target domain) for
a given research problem, generate search queries, retrieve papers from those domains, and
synthesize research ideas, without explicit analysis of the target domain or decomposition
of the problem. This baseline captures an intuition-driven approach that relies primarily on
the model’s parametric knowledge of the target domain rather than systematic reasoning
about research gaps.

• Guided Dual-Retrieval introduces additional structure by first retrieving representative lit-
erature from the target domain, then conditioning cross-domain exploration and ideation
on this retrieved context. While this baseline incorporates retrieval from both target and
source domains, it does not explicitly identify unresolved conceptual challenges, construct
domain-agnostic abstractions, or strategically guide source-domain selection, effectively
serving as a retrieve-then-ideate pipeline without metacognitive control.

Ablations We conduct the following ablation studies to isolate the contributions of key compo-
nents of IDEA-CATALYST:
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• No Decomposition removes the target-domain decomposition stage, relying instead on the
model’s parametric knowledge to assess which aspects of the research problem have been
addressed and which challenges remain, without explicitly decomposing the problem into
research questions or retrieving target-domain literature conditioned on them. This evalu-
ates the importance of structured, retrieval-grounded self- and context-awareness for iden-
tifying meaningful research gaps.

• No Interdisciplinary Ranking removes the interdisciplinary potential-based ranking stage,
replacing pairwise LLM-based comparisons with a heuristic ranking based solely on the
proportion of retrieved source-domain papers deemed relevant to the target challenge. This
tests whether explicit comparative evaluation is necessary to surface high-impact interdis-
ciplinary ideas beyond relevance alone.

• Conceptual Rewriting retains the full pipeline but replaces the final idea fragment with a
rewritten version that improves conceptual clarity and accessibility while preserving struc-
ture, technical content, and domain grounding. This assesses whether observed gains stem
from deeper interdisciplinary integration rather than improved articulation or presentation.

A.3.2 DATASET

We evaluate IDEA-CATALYST using the CHIMERA dataset (Sternlicht & Hope, 2025), a collection
of interdisciplinary research papers drawn from arXiv with annotated inspiration relations between
source and target domains. Each instance links a target-domain contribution (target text) to
a distinct source-domain inspiration (source text), making it well suited for studying cross-
domain knowledge transfer and interdisciplinary ideation. We select 400 instances where the source
and target domains belong to different coarse-grained scientific fields, the annotated relation is in-
spiration, both domains are explicitly specified, and the annotated problem context (which serves as
our input p) does not leak the source insights. We further prevent knowledge leakage by restricting
retrieval (Section A.2.1) to papers published strictly before the arXiv posting year of each instance.

To enable direct comparison between generated idea fragments and ground-truth interdisciplinary
contributions, we pre-process each sample into a structured representation aligned with our frame-
work’s output format (Appendix A.6) using Qwen3-14B (no-thinking, temperature=
0). The model is strictly constrained to extract and reorganize information already present in the
abstract and its annotated context, and ignoring any experimental results, thereby preserving the
original interdisciplinary intent while enabling fair, structure-aligned evaluation. For the human
study, we ask each participant to provide a brief (1–2 sentence) description of a research problem
they are currently working on or have worked on previously, along with the corresponding target
domain.

A.4 EVALUATION METRICS

Although evaluation for creative ideation in scientific discovery is inherently subjective and requires
high levels of domain expertise (Si et al., 2025), LLMs have shown strong capabilities in evaluating
along various dimensions, while aligning with human judgements and capturing nuanced feedback
signals (Lee et al., 2023; Madaan et al., 2023; Mehri et al., 2025; Mehri & Shwartz, 2023). In
particular, LLM judges have proven effective in evaluating creativity, demonstrating alignment with
human judgments across diverse creativity dimensions and research ideation tasks (Si et al., 2024;
Hou et al., 2025; Zhao et al., 2025).

We follow established practices in preference-based evaluation (Dubois et al., 2024; Zheng et al.,
2023) and conduct a comparative evaluation against the ground truth. For each sample, we present
both the generated output and the ground truth to an LLM judge, which determines which output
better satisfies the evaluation criteria. We report the overall win rate against the ground truth across
all samples, where a win indicates that the generated output is preferred over the ground truth.

We evaluate each sample along two dimensions:

(1) Takeaways. We assess the quality of source-domain insights extracted by our approach.
Specifically, we evaluate takeaways based on (1) interdisciplinary insightfulness, which measures
whether the takeaways introduce specific, non-obvious concepts or frameworks from the source do-
main that are intellectually interesting to researchers in the target domain, and (2) interdisciplinary
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relevance, which assesses whether the takeaways have strong potential to inspire new approaches or
address gaps in the target domain.

(2) Idea. We assess the quality of the final generated idea that integrates interdisciplinary source-
domain insights for the target domain. Each idea is evaluated based on (1) interdisciplinary novelty,
which measures whether the novelty of the idea, and (2) interdisciplinary usefulness, which mea-
sures which idea has greater potential for addressing the research problem in the target domain.

The complete evaluation prompts are provided in Appendix B. This evaluation approach allows us
to assess the practical utility of IDEA-CATALYST for supporting early-stage research ideation and
provides a methodology that can be adopted for evaluating creativity in idea generation in future
work.

1 10 100 1000

Chemistry
Geology

Philosophy
Materials Science

Medicine
Economics
Education
Sociology

Environmental Science
Mathematics

Linguistics
Physics

Engineering
Biology

Psychology
Computer Science

Distribution of Source Domains

Idea-Catalyst Guided Dual Free-Form

Figure 3: Source-domain distributions (log-scale) for each method’s top three ideas.

A.5 SUPPLEMENTAL ANALYSIS

A.5.1 SOURCE DOMAIN DISTRIBUTION ANALYSIS

We analyze the distribution of source domains selected by each method by aggregating the top-
3 ideas per problem and filtering out domains with fewer than 10 occurrences (Figure 3). The
Free-Form Source Retrieval baseline exhibits a severe skew toward Computer Science (947 occur-
rences), resulting in very low domain diversity (normalized entropy Hnorm = 0.326), indicating that
unconstrained LLM-driven ideation tends to remain within the target domain’s immediate concep-
tual neighborhood even when encouraged to explore externally. In contrast, Guided Dual-Retrieval
achieves the highest overall spread across domains such as Psychology, Engineering, Mathematics,
Linguistics, and Physics (Hnorm = 0.812), although it also favors closer domains, such as Computer
Science and Engineering (19.67% of its source domains vs. IDEA-CATALYST’s 10.75%). IDEA-
CATALYST exhibits broad cross-domain exploration spanning Psychology, Biology, Physics, Lin-
guistics, Engineering, and additional scientific fields (Hnorm = 0.682), while consistently achieving
competitive or higher relevance/usefulness alongside substantially stronger novelty/insightfulness
(Table 1). Overall, this suggests that effective interdisciplinary ideation depends not only on increas-
ing domain diversity, but on critically selecting source domains which yield meaningful conceptual
insights.
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Target–Source Flow of Inspiration. Figure 4 visualizes the flow of interdisciplinary inspiration
between target subfields and source domains, restricted to target–source pairs occurring at least 10
times (top-10 sources per target) to highlight stable patterns. Psychology emerges as the most preva-
lent source across many AI-related targets, reflecting its foundational role in cognition, decision-
making, and human–AI interaction. We also observe intuitive alignments, such as Neural and Evo-
lutionary Computing drawing from Biology, and Artificial Intelligence sourcing from both Psychol-
ogy and Linguistics. Overall, the diagram shows that IDEA-CATALYST surfaces diverse yet intuitive
cross-domain influences, with different Computer Science subfields drawing from complementary
external disciplines rather than a single dominant source.

Artificial IntelligenceArtificial IntelligenceArtificial IntelligenceArtificial IntelligenceArtificial Intelligence

Cognitive ScienceCognitive ScienceCognitive ScienceCognitive ScienceCognitive Science

Computation and LanguageComputation and LanguageComputation and LanguageComputation and LanguageComputation and Language

Computer Vision and Pattern RecognitionComputer Vision and Pattern RecognitionComputer Vision and Pattern RecognitionComputer Vision and Pattern RecognitionComputer Vision and Pattern Recognition

Image and Video ProcessingImage and Video ProcessingImage and Video ProcessingImage and Video ProcessingImage and Video Processing

Machine LearningMachine LearningMachine LearningMachine LearningMachine Learning

Neural and Evolutionary ComputingNeural and Evolutionary ComputingNeural and Evolutionary ComputingNeural and Evolutionary ComputingNeural and Evolutionary Computing

RoboticsRoboticsRoboticsRoboticsRobotics

BiologyBiologyBiologyBiologyBiology

Computer ScienceComputer ScienceComputer ScienceComputer ScienceComputer Science

EducationEducationEducationEducationEducation
EngineeringEngineeringEngineeringEngineeringEngineering

GeologyGeologyGeologyGeologyGeology

LinguisticsLinguisticsLinguisticsLinguisticsLinguistics

PhysicsPhysicsPhysicsPhysicsPhysics

PsychologyPsychologyPsychologyPsychologyPsychology

SociologySociologySociologySociologySociology

Target Subfield → Source Domain Inspiration Flow

Figure 4: Target-source flow of interdisciplinary inspiration.

Table 5: Qualitative Comparison of Source-Domain Takeaways. Exact source-domain formula-
tions and mechanism explanations for Guided Dual and IDEA-CATALYST.

Method Source-Domain Formulation Mechanism Explanation

Guided Dual Theory of Mind (ToM) and its role in predicting oth-
ers’ mental states

By equipping AI with ToM capabilities, the system can better un-
derstand and predict user intentions, leading to more natural and
effective collaboration. This reduces cognitive load by aligning AI
behaviors with user expectations and improving task efficiency.

IDEA-
CATALYST

Reciprocal information flow and role distribution en-
hance joint action coordination by allowing individu-
als to dynamically assign and shift roles based on task
demands and the predictability of others’ actions.

When individuals engage in reciprocal information flow, they can
dynamically assign roles (e.g., leader–follower) and adjust their
strategies in real time based on the actions and predictability of
their partner. This enables them to adapt to complex and undefined
tasks without predefined boundaries.

A.5.2 QUALITATIVE COMPARISON OF TAKEAWAYS

Table 5 presents a qualitative comparison of the top-ranked source-domain takeaways selected by
Guided Dual and IDEA-CATALYST for the problem of human–AI collaboration in open-ended tasks.
While both methods identify Psychology as the most relevant source domain, the nature of the ex-
tracted takeaways differs substantially. Guided Dual selects a broadly applicable Theory of Mind
formulation that reflects well-established, high-level psychological concepts, but remains relatively
generic and loosely tied to the specific challenges of open-ended, co-creative collaboration. In con-
trast, IDEA-CATALYST surfaces a more targeted and problem-aligned takeaway centered on recipro-
cal information flow and dynamic role distribution, directly addressing coordination, role adaptation,
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Table 6: Participant backgrounds and research problems used in the human study. All participants
are PhD researchers ranging from 3 to 5 years of research experience.

Primary Research Area Target Domain Research Problem Description

Natural Language Processing Multilingual NLP Are there tasks where LLM performance varies
systematically across languages, particularly
for culture-specific queries, and how can such
performance disparities be mitigated?

Electrical Engineering In-Memory Computing How can the accuracy of in-memory comput-
ing systems be improved while preserving high
energy efficiency, especially for Edge-AI appli-
cations?

Natural Language Processing Multilingual Semantics Why do language models change their answers
across languages for the same query, even in
high-resource settings, and does this reflect
knowledge or semantic misalignment?

Natural Language Processing Persuasion and Safety How can we characterize and mitigate the sus-
ceptibility of LLMs to persuasion, including
harmful or adversarial influence, while preserv-
ing beneficial adaptability?

Machine Learning Model Interpretability How can influence functions be made dynamic,
such that the importance of data points adapts
across models and training contexts rather than
remaining static?

Natural Language Processing User Simulation How can LLM-based user simulators better
maintain consistent personas, reflect diverse
user behaviors, and be evaluated for realism in
multi-turn interactions?

and learning dynamics central to the research problem. This contrast suggests that beyond identi-
fying relevant source domains, IDEA-CATALYST’s metacognitive guidance enables more precise
extraction of interdisciplinary insights meaningful for the target domain.

A.5.3 HUMAN STUDY & PARTICIPANT BACKGROUNDS

We conducted a human study with six PhD researchers working in Machine Learning, Natural Lan-
guage Processing, and Electrical Engineering, each of whom provided a real research problem drawn
from their own work. Overall, participants found IDEA-CATALYST to be a useful ideation aid, par-
ticularly in identifying meaningful research questions and surfacing interdisciplinary perspectives.
On average, researchers rated the relevance of the generated research questions highly (4.00/5), indi-
cating that the system effectively captured core challenges in their problem formulations. Retrieved
papers were also rated favorably (3.50/5), suggesting that retrieval was generally aligned with the
researchers’ interests and problem context.

At the level of source-domain reasoning, takeaways were rated as moderately relevant (3.13/5) and
insightful (3.16/5), with especially positive feedback from researchers working on problems that are
naturally interdisciplinary (e.g., persuasion susceptibility of LLMs). Several participants reported
that the takeaways introduced concepts they were motivated to further explore independently. Inter-
pretability received an intermediate score (2.78/5), indicating that rationales were generally clear or
mostly clear, with only minor ambiguity on average. Despite this, post-study interviews revealed that
participants still perceived the takeaways and ideas as verbose, even after one round of conceptual
rewriting. This highlights a central challenge in interdisciplinary ideation: balancing accessibil-
ity and brevity with the need to preserve critical technical and conceptual detail when translating
ideas across domains. Future work could explore personalization strategies that adapt the level of
abstraction and explanation to a user’s background and target domain.

Finally, participants rated generated ideas as more novel (3.22/5) than useful (3.00/5), echoing prior
findings in Si et al. (2025), namely that creative research ideas do not always translate directly into
immediately actionable solutions. Taken together, these results suggest that IDEA-CATALYST is
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Figure 5: Screenshot of evaluation interface (reviewing questions/challenges).
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effective at supporting early-stage exploratory thinking and conceptual reframing, while also reveal-
ing opportunities to further improve conciseness, grounding, and user-adaptive explanation in future
iterations.

We note that the study was declared exempt after being reviewed by our Institutional Review Board
(IRB). We provide screenshots of our evaluation interface in Figure 5.

A.6 IDEA FRAGMENT OUTPUT FORMAT

We represent each idea as an idea fragment with the following schema:

Idea Fragment Format

"idea_fragment": {
"title": "Brief, descriptive title (max 15 words)",
"core_insight": "2{3 sentence summary of the integration",
"integration_mechanism": {
"target_domain_elements": [
"Target-domain concept or method",
"Another target-domain concept or method"

],
"selected_takeaways": [
{
"takeaway_id": "t1",
"source_domain_formulation":
"Conceptual insight using source-domain framing",

"mechanism_explanation":
"Explanation of the underlying conceptual logic",

"selection_rationale":
"Why this takeaway is relevant for integration"

}
],
"synthesis_approach":
"Description of how elements are combined"

},
"challenge_resolution": {
"addresses_target_challenge":
"How the integration addresses the challenge",

"addresses_source_limitations":
"How integration mitigates limitations of the insight",

"addresses_research_problem":
"How this contributes to the overall research problem"

},
"concrete_realization": {
"proposed_approach":
"Specific algorithm, or technical realization",

"key_innovations": [
"Novel aspect enabled by integration",
"Additional emergent innovation"

]
}

}
}

B EVALUATION PROMPTS

Takeaway Evaluation Prompt

You are an expert evaluator assessing the quality of cross-domain
research takeaways.↪→

Your task is to compare takeaways from two different methods that
attempt to address the↪→
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same research problem by drawing insights from domains outside the
target domain.↪→

--------------------------------------------------
RESEARCH PROBLEM
{research_problem}

TARGET DOMAIN
{target_domain}

--------------------------------------------------
METHOD 1 TAKEAWAYS
{method_1_text}

--------------------------------------------------
METHOD 2 TAKEAWAYS
{method_2_text}

--------------------------------------------------
EVALUATION CRITERIA

When evaluating Method 1 and Method 2, explicitly ground your
judgment in the relevant↪→

fields of each takeaway, as described below.

### 1. INTERDISCIPLINARY INSIGHTFULNESS
Assess whether the method's takeaways provide insightful perspectives

on the research↪→
problem.
- Perspectives should introduce specific concepts/frameworks from

their respective↪→
source domain

- Insightful perspectives should be intellectually interesting,
non- obvious, and↪→

thought-provoking to researchers in the target domain
({target_domain})↪→

- Non-obvious perspectives typically come from source domains
that are meaningfully↪→

distinct from the target domain ({target_domain})

### 2. INTERDISCIPLINARY RELEVANCE
Assess whether the method's takeaways are relevant to the research

problem and have↪→
strong potential for integration in the target domain

({target_domain}).↪→
- Ideal takeaways should:
- Inspire new approaches/solutions to the research problem in the

target domain↪→
({target_domain})
- Address a gap/challenge for the research problem in the target

domain↪→
({target_domain})

- The complexity, simplicity, or practicality of the takeaway
should not factor into↪→

your decision (e.g., a "clear, immediately applicable" solution
does not mean more↪→

relevant). Relevance is defined based on the potential impact of
the source domain↪→

being introduced to the target domain for the research problem.
- Keep in mind that if the distance between the source and target

domain is larger↪→
(e.g., Computer Science & Engineering are closer than Computer

Science & Philosophy),↪→

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

the idea may inherently be less practical. This does not mean that
it is less relevant.↪→

Focus on the degree of the potential impact to the research problem
instead.↪→

IGNORE:
- Length of explanations
- Narrative polish
- Missing implementation details

CONSIDER:
- **Consistency**: Are the method’s takeaways consistently
meaningful, or uneven?
- **Groundedness**: Are claims supported by real conceptual
alignment?
- **Scope appropriateness**: Are takeaways neither trivial
nor wildly speculative?

--------------------------------------------------
OUTPUT FORMAT

Return a JSON object:

{{
"takeaway_comparison": {{
"interdisciplinary_insightfulness": {{
"preferred_method": 1 | 2,
"reasoning": "12 sentences explaining your reasoning for the

preferred method"↪→
}},
"interdisciplinary_relevance": {{
"preferred_method": 1 | 2,
"reasoning": "12 sentences explaining your reasoning for the

preferred method based↪→
on the evaluation criteria"

}},
}},
"overall_assessment": {{
"preferred_method": 1 | 2,
"summary": "23 sentences explaining which methods takeaways are

higher quality in↪→
terms of interdisciplinary insightfulness and interdisciplinary

relevance"↪→
}}

}}

Idea Evaluation Prompt

You are an expert evaluator assessing the quality of cross-domain
RESEARCH IDEAS.↪→

Your task is to compare two proposed ideas that integrate insights
from an external domain↪→

to address the same research problem.

--------------------------------------------------
RESEARCH PROBLEM
{research_problem}

TARGET DOMAIN
{target_domain}

--------------------------------------------------
METHOD 1 IDEA
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Source Domain:
{method_1_idea.get("source_domain", "N/A")}

Proposed Approach:
{method_1_idea.get("idea", {}).get("proposed_approach", "N/A")}

Key Innovations:
{method_1_idea.get("idea", {}).get("key_innovations", [])}

Supporting Takeaways:
{method_1_text}

--------------------------------------------------
METHOD 2 IDEA

Source Domain:
{method_2_idea.get("source_domain", "N/A")}

Proposed Approach:
{method_2_idea.get("idea", {}).get("proposed_approach", "N/A")}

Key Innovations:
{method_2_idea.get("idea", {}).get("key_innovations", [])}

Supporting Takeaways:
{method_2_text}

--------------------------------------------------
EVALUATION CRITERIA

### 1.INTERDISCIPLINARY NOVELTY
Which idea is more novel?

- The **source domain** chosen and its conceptual distance from the
target domain↪→

- The **proposed_approach**: Is the idea non-obvious to
target-domain experts?↪→

- The **key_innovations**: Do they reflect insights unlikely to
arise within the↪→

target domain alone?
- Whether the supporting takeaways draw on **less common or

underexplored external↪→
insights**

Higher novelty means:
- The idea is surprising but still credible
- The cross-domain move feels inventive rather than expected

### 2.INTERDISCIPLINARY USEFULNESS
Which idea has greater interdisciplinary potential for addressing the

research problem in↪→
the target domain ({target_domain})?
- Ideas with greater interdisciplinary potential should:
- Present new approaches/solutions to the research problem in the

target domain↪→
({target_domain})
- Address a gap/challenge for the research problem in the target

domain↪→
({target_domain})
- The idea integrates the concepts from both the target domain

and source domain↪→
into a well-formed idea that addresses the research problem

- The complexity, simplicity, or practicality of the proposed idea
should not factor↪→
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into your decision (e.g., a more "clear, immediately
applicable"/"direct"/"concrete"↪→

solution does not make it more useful).Usefulness is defined based
on the potential↪→

impact of the source domain being introduced to the target domain.
Specifically, a more↪→

useful interdisciplinary idea integrates the source and target
domains in a way that↪→

allows for a more significant problem/challenge to be solved or a
significant gap in↪→

existing ideas to be addressed.
- Keep in mind that if the distance between the source and target

domain is larger↪→
(e.g., Computer Science & Engineering are closer than Computer

Science & Philosophy),↪→
the idea may inherently be less practical. This does not mean that

it is less useful.↪→
Focus on the degree of the potential impact instead.

--------------------------------------------------
OUTPUT FORMAT

Return a JSON object:

{{
"idea_comparison": {{
"interdisciplinary_novelty": {{
"preferred_method": 1 | 2,
"reasoning": "1-2 sentences explaining which idea is more

novel"↪→
}},
"interdisciplinary_usefulness": {{
"preferred_method": 1 | 2,
"reasoning": "1-2 sentences explaining why the preferred idea

is more useful than↪→
the other idea for the research problem based on the evaluation

criteria"↪→
}}

}},
"overall_assessment": {{
"preferred_method": 1 | 2,
"summary": "2-3 sentences summarizing which idea is overall more

interdisciplinary↪→
novel, interdisciplinary useful, and integrates the two domains

better"↪→
}}

}}
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