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Abstract001

Large language models (LLMs) have shown002
promise for automated scientific hypothesis003
generation, yet most existing approaches for-004
mulate hypothesis generation at the text level,005
without explicitly modeling the structured rea-006
soning processes underlying scientific discov-007
ery. As a result, hypothesis generation and008
refinement are often weakly grounded in scien-009
tific logic and misaligned with expert reason-010
ing.011

We propose a structure-centric framework that012
models scientific hypotheses as hierarchical013
reasoning chains. To support structure-aware014
modeling and evaluation, we introduce HSRC-015
5000, a large-scale materials science dataset016
constructed by decomposing scientific papers017
into explicit reasoning components. Build-018
ing on this representation, we construct the019
Hierarchical Scientific Reasoning Graph and020
propose Structure-Aware Hypothesis Evolu-021
tion (SAHE), a dimension-aware evolutionary022
framework that enables controlled and causally023
consistent hypothesis generation.024

Experiments show that explicitly modeling025
scientific reasoning structure consistently im-026
proves hypothesis generation quality, yielding027
an average absolute improvement of about one028
point in overall score over strong retrieval- and029
evaluation-based baselines, with particularly030
pronounced gains in logical coherence and031
multi-dimensional novelty. Qualitative anal-032
yses further indicate close alignment between033
the generated reasoning chains and human ex-034
pert scientific logic. The code and dataset will035
be publicly released.1036

1 Introduction037

Scientific discovery hinges on posing meaningful038

questions, formulating plausible hypotheses, and039

validating them through systematic investigation.040

1The project repository will be available at
https://anonymous.4open.science/r/HSRC/.

Traditionally, transformative hypotheses emerge 041

through the accumulation of domain expertise and 042

specialized cognitive processes. Recent advances 043

in Large Language Models (LLMs) have positioned 044

AI-driven scientific discovery as an emerging re- 045

search frontier, leveraging LLMs’ capabilities in 046

abstraction, reasoning, and generative inference. 047

LLMs have shown growing promise in scien- 048

tific idea and hypothesis generation. For exam- 049

ple, SI et al. (Si et al., 2025) demonstrated that 050

model-generated research ideas can achieve nov- 051

elty levels comparable to those proposed by hu- 052

man researchers. Related studies have explored 053

LLM-driven hypothesis generation across diverse 054

domains, including the social sciences (Zhou et al., 055

2024), nanobody design (Swanson et al., 2025), 056

algorithm optimization (Novikov et al., 2025), and 057

automated research workflows (Weng et al., 2025). 058

Despite recent progress, current approaches to 059

scientific hypothesis generation exhibit fundamen- 060

tal limitations. Most methods treat hypothesis gen- 061

eration as a conventional text generation problem, 062

even when combined with retrieval or evolution- 063

ary refinement, operating primarily over surface- 064

level natural language rather than explicitly mod- 065

eling the underlying scientific reasoning relation- 066

ships. Such approaches are particularly inadequate 067

in domains such as chemistry and materials science, 068

where valid hypotheses depend on coherent causal 069

chains, theoretical justification, and experimental 070

constraints. In scientific practice, hypotheses arise 071

from interconnected reasoning processes that link 072

problem formulation, methodological choices, and 073

expected outcomes. 074

However, existing methods largely ignore these 075

reasoning relationships, relying instead on coarse- 076

grained text-level operations such as mutation and 077

crossover, which can easily disrupt causal con- 078

sistency and lead to logically fragile hypotheses. 079

Moreover, most available datasets emphasize titles 080

and abstracts, providing limited access to experi- 081
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mental design and reasoning context, further con-082

straining models’ ability to generate hypotheses083

grounded in scientific logic.084

To address these challenges, we propose a struc-085

tured, multi-dimensional framework for scientific086

hypothesis generation. We introduce the Hierar-087

chical Scientific Reasoning Chain (HSRC), which088

formalizes scientific reasoning into five interdepen-089

dent components: Target, Strategy, Method, Result,090

and Heuristic. Together, these dimensions capture091

the logical structure underlying scientific discovery,092

from research objectives to generalizable insights.093

Based on this framework, we make three primary094

contributions:095

First, we introduce HSRC-5000, the first large-096

scale dataset designed to support structure-aware097

scientific hypothesis generation in materials sci-098

ence. By decomposing over 5,000 research articles099

into explicit reasoning components, HSRC-5000100

fills a critical gap in existing materials datasets,101

which typically lack fine-grained representations of102

experimental reasoning, procedural decisions, and103

result interpretation.104

Second, we construct the Hierarchical Scien-105

tific Reasoning Graph (HSRC-Graph), a hetero-106

geneous knowledge graph that integrates HSRC107

reasoning chains through shared scientific entities.108

This representation enables hypothesis generation109

as structured reasoning over both intra-paper causal110

relations and inter-paper entity connections.111

Third, we propose Structure-Aware Hypothe-112

sis Evolution (SAHE), the first dimension-aware113

hypothesis generation framework that explicitly op-114

erates over individual reasoning dimensions. By115

applying constrained variation operators within116

each dimension, SAHE preserves causal consis-117

tency while enabling controlled exploration of the118

hypothesis space, supporting the generation of di-119

verse hypotheses evaluated along validity, novelty,120

feasibility, and potential impact.121

Empirically, extensive experiments on the122

HSRC-5000 benchmark demonstrate that explicitly123

modeling scientific reasoning structure yields sub-124

stantial improvements in overall hypothesis qual-125

ity, outperforming strong retrieval- and evaluation-126

based baselines as well as the state-of-the-art127

chemistry-domain method MOOSE-CHEM.128

By framing hypothesis generation as a struc-129

tured, multi-dimensional reasoning problem, our130

work emphasizes the central role of explicit rea-131

soning structure in AI-driven scientific discovery 132

and provides a foundation for more reliable and 133

interpretable hypothesis generation. 134

2 Related Work 135

Recent advances in Large Language Models 136

(LLMs) have enabled a common pipeline for au- 137

tomated scientific hypothesis generation, typically 138

involving external knowledge retrieval, hypothe- 139

sis generation with iterative refinement, and LLM- 140

based evaluation or ranking (Zhou et al., 2024; Si 141

et al., 2025). While task-specific designs vary, most 142

existing systems operate primarily at the level of 143

natural language text, with limited explicit model- 144

ing of the underlying scientific reasoning structure. 145

We review representative approaches below. 146

2.1 Knowledge Retrieval Mechanisms 147

Access to relevant domain knowledge is a prereq- 148

uisite for effective hypothesis generation. Most 149

existing approaches rely on document- or text- 150

level retrieval. For example, MOOSE-Chem (Yang 151

et al., 2025) adopts a sliding-window strategy with 152

multi-round filtering to retrieve chemistry litera- 153

ture, while SI et al. (Si et al., 2025) employ a 154

Retrieval-Augmented Generation (RAG) frame- 155

work with iterative re-ranking. Systems such as 156

AlphaEvolve (Novikov et al., 2025) and CycleRe- 157

searcher (Weng et al., 2025) further integrate re- 158

trieval to expand candidate solution spaces. 159

Beyond text retrieval, several works explore 160

structured representations to improve knowledge 161

access. KG-CoI (Xiong et al., 2024) incorporates 162

knowledge-grounded modeling to capture relation- 163

ships among scientific concepts, while multi-agent 164

systems such as Virtual Lab (Swanson et al., 2025) 165

and physics reasoning agents (Xu et al., 2025) lever- 166

age entity-level structures for coordination and in- 167

formation sharing. However, in these approaches, 168

structured representations are primarily used to fa- 169

cilitate retrieval or agent interaction, rather than to 170

explicitly model the internal reasoning components 171

that constitute a scientific hypothesis. 172

As a result, existing retrieval mechanisms gen- 173

erally lack fine-grained, dimension-aware access 174

to reasoning elements such as research objectives, 175

strategies, methods, and experimental outcomes, 176

which are central to expert scientific reasoning. 177

2.2 Hypothesis Generation and Iteration 178

For hypothesis generation and iteration, evo- 179

lutionary and sampling-based strategies are 180
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widely adopted. MOOSE-Chem and AlphaE-181

volve (Novikov et al., 2025) employ genetic al-182

gorithms or MAP-Elites-style methods, iteratively183

modifying hypotheses via mutation and crossover.184

These operators, however, are typically applied di-185

rectly to unstructured text, without explicit aware-186

ness of dependencies among different reasoning187

components, making it difficult to preserve causal188

consistency.189

Alternative approaches emphasize large-scale190

sampling and filtering. SI et al. (Si et al., 2025)191

generate extensive candidate sets followed by se-192

mantic deduplication and ranking, while Zhou et193

al. (Zhou et al., 2024) treat hypothesis generation as194

a text generation task guided by LLM-based eval-195

uation. Although effective for broad exploration,196

these methods remain largely quantity-driven and197

do not explicitly optimize individual reasoning198

components.199

More structured efforts, including knowledge-200

grounded modeling and chain-based reasoning, at-201

tempt to incorporate specific reasoning patterns,202

and multi-agent systems (Swanson et al., 2025; Xu203

et al., 2025) further enhance task decomposition.204

Nevertheless, hypothesis generation in these ap-205

proaches is still predominantly realized through206

holistic text production, limiting interpretability207

and control at the level of scientific reasoning struc-208

ture.209

Overall, existing methods either emphasize ex-210

ploration over structure or rely on implicit repre-211

sentations of reasoning, highlighting the need for212

explicit, dimension-aware modeling of scientific213

reasoning to support more reliable and interpretable214

hypothesis generation.215

3 Dataset Construction216

To address the lack of publicly available and fine-217

grained datasets for scientific hypothesis generation218

in materials science, we construct HSRC-5000, a219

full-document-level corpus derived from complete220

research articles. Existing benchmarks in this do-221

main are either abstract-level or limited to flattened222

textual representations, which makes it difficult to223

capture the internal organization of scientific rea-224

soning across a full study.225

HSRC-5000 is designed to preserve the struc-226

tural signals of scientific problem formulation, ex-227

perimental design, and empirical findings within228

full papers. While the dataset itself does not assume229

a specific reasoning formalism, it is organized in230

a way that enables downstream models to analyze 231

and generate hypotheses with explicit reasoning 232

structure. The Hierarchical Scientific Reasoning 233

Chain (HSRC) serves as a conceptual framework 234

for organizing and interpreting these structures, and 235

will be formally introduced in the next section. 236

3.1 Data Acquisition and Preprocessing 237

We collected 10,213 materials science papers pub- 238

lished between 1991 and 2025 from authoritative 239

academic databases. To ensure data quality and do- 240

main relevance, we applied a multi-stage filtering 241

process: 242

Quality Control. We retained only papers pub- 243

lished in JCR Q1 or Q2 journals, excluding low- 244

quality or potentially predatory venues. 245

Domain Validation. A large language 246

model–based classifier was used to assess seman- 247

tic relevance from abstracts, removing papers only 248

marginally related to materials science. 249

Metadata Normalization. Bibliographic meta- 250

data were completed via DOI-based queries to the 251

Crossref API, and author, affiliation, and citation 252

fields were standardized. 253

After filtering, the final dataset contains 5,128 254

high-quality papers from 469 journals, with 36.8 255

3.2 Structured Reasoning Chain Extraction 256

As scientific articles are distributed primarily in 257

PDF format, we first converted all papers into 258

high-fidelity Markdown using MinerU (Wang et al., 259

2024), followed by denoising of experimental sec- 260

tions to remove citation markers and non-textual 261

artifacts. 262

We then extracted structured information corre- 263

sponding to the five HSRC dimensions—Target, 264

Strategy, Method, Result, and Heuristic—from the 265

full text under strict definition constraints. To 266

reduce hallucination, we introduced an explicit 267

missing-information mechanism that allows the 268

model to output Insufficient Information 269

when a dimension cannot be reliably inferred, 270

rather than forcing speculative completion. As a 271

result, more than 90 272

3.3 Dataset Splitting and Statistics 273

To emulate a realistic scientific discovery set- 274

ting—leveraging historical knowledge to address 275

emerging research problems—we partitioned the 276

dataset strictly along the temporal axis: 277

• Retrieval Corpus: 5,003 papers published 278
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prior to 2023, used as the knowledge base for279

retrieval and reasoning pattern learning.280

• Test Set: 125 papers published in or after281

2023, designed to evaluate hypothesis genera-282

tion for frontier research questions.283

This time-aware split prevents data leakage and284

provides a realistic assessment of generalization285

in scientific frontier exploration. Detailed dataset286

statistics are reported in Figure 5 in the appendix.287

4 Methodology288

4.1 Theoretical Foundation: From Cognitive289

Inquiry to HSRC290

Classical cognitive theories model scientific291

problem-solving as a cyclical process involving292

problem perception, hypothesis formation, reason-293

ing analysis, and empirical validation. Dewey’s294

reflective thinking emphasizes the dynamic pro-295

gression from problem to hypothesis to validation,296

while Polya’s four-step framework elaborates the297

process through problem understanding, plan for-298

mulation, execution, and reflection. Both highlight299

the pivotal role of transferable heuristic knowledge300

in scientific progress.301

Based on these insights, we abstract these302

steps into a hierarchical scientific reasoning chain303

(HSRC), capturing the internal logic of scientific304

inquiry. We formalize a scientific hypothesis H as305

a tuple defined on a structured logical manifold:306

H = ⟨T ,S,M,R,H⟩ (1)307

Each component addresses a distinct scientific308

question:309

• Target (T ): What is the research objective?310

Corresponding to Polya’s "understand the311

problem," it defines the motivation, perfor-312

mance metrics, and application context.313

• Strategy (S): What principles guide the314

study? Corresponding to "devise a plan," it315

represents high-level scientific intuition or de-316

sign philosophy (e.g., interface engineering,317

band-gap tuning).318

• Method (M): How is the plan executed?319

Corresponding to "execute the plan," it in-320

cludes experimental parameters, synthesis pro-321

cedures, and characterization techniques.322
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Figure 1: Structure of the Hierarchical Scientific Rea-
soning Graph (HSRG).

• Result (R): What outcomes are obtained? 323

Corresponding to Dewey’s "empirical valida- 324

tion," it provides quantitative feedback and 325

mechanistic explanations. 326

• Heuristic (H): What transferable insights 327

emerge? Corresponding to Polya’s "reflec- 328

tion," it captures generalizable heuristics and 329

design principles. 330

This formalization transforms hypothesis gen- 331

eration from holistic text production into struc- 332

tured reasoning over explicit components, enabling 333

search, comparison, and evolution. 334

4.2 Hierarchical Scientific Reasoning Graph 335

(HSRG) 336

Scientific breakthroughs often arise from integrat- 337

ing knowledge across multiple studies. To capture 338

this, we construct a Hierarchical Scientific Reason- 339

ing Graph (HSRG) that unifies reasoning chains 340

into a heterogeneous knowledge graph. 341

4.2.1 Chain-Entity Dual-Layer Architecture 342

Standard scientific knowledge graphs typically fo- 343

cus on static entity relationships and overlook pro- 344

cessual reasoning. HSRG decouples reasoning 345

chains from semantic entities: 346

Reasoning Chain Layer: Each paper corre- 347

sponds to a directed HSRC chain T → S → M → 348

R → H, capturing causal and temporal dependen- 349

cies. 350

Semantic Entity Layer: Entities such as ma- 351

terials, methods, and heuristics are shared across 352

papers and anchored to reasoning stages, enabling 353

fine-grained alignment. 354

Figure 1 illustrates the structure of the HSRG. 355
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4.2.2 Graph Construction356

Entity Grounding. A few-shot LLM-based extrac-357

tor identifies domain-specific entities from HSRC358

text segments. Extracted entities are unified via359

dictionary-based normalization and string similar-360

ity clustering to reduce lexical variance.361

Reasoning Chain Alignment. Each HSRC362

node is encoded using MatSciBERT. Semantic sim-363

ilarity edges are induced by cosine similarity be-364

tween nodes of the same reasoning dimension, en-365

suring that alignment is performed among semanti-366

cally comparable reasoning components and result-367

ing in a sparse yet coherent graph.368

The HSRG provides a unified knowledge space369

for structured hypothesis evolution.370

4.3 Structure-Aware Hypothesis Evolution371

(SAHE)372

We model scientific hypothesis generation as a con-373

strained multi-objective optimization problem over374

the HSRC-induced space SHSRC. A hypothesis is375

represented as a structured reasoning tuple376

H = ⟨T, S,M,R,H⟩, (2)377

where H encodes transferable heuristic knowledge378

that modulates the evolution of the remaining rea-379

soning components.380

The optimization objective is defined over the381

instantiated reasoning chain I = {T → S →382

M → R}, subject to heuristic consistency:383

max
I∈SHSRC

f(I) =
(
ϕlogic, ϕnovelty, ϕfeasibility, ϕimpact

)
,

s.t. C(I,H) = true.
(3)384

4.3.1 Initialization385

Given a research question q, we retrieve K highly386

relevant seed papers from the HSRG. Each paper is387

parsed into its HSRC representation, which serves388

as a structured reasoning template. The LLM then389

generates multiple candidate hypotheses, and a log-390

ical consistency scoring function filters out inco-391

herent candidates, yielding the initial hypothesis392

population.393

4.3.2 Structure-Aware Evolutionary394

Operators395

Unlike traditional evolutionary methods that treat396

hypotheses as unstructured text, SAHE operates397

on the structured HSRC representation, applying398

operators to individual reasoning dimensions while399

maintaining causal consistency.400

Target Mutation Refines or expands the re- 401

search objective based on information from the 402

T -path, ensuring downstream stability by keeping 403

(S,M,R) unchanged. 404

Strategy Transplant Introduces alternative 405

strategies from the S-path, using a compatibility 406

function to verify feasibility under the current 407

target. 408

Method Recombination Explores the method 409

subspace using papers from the M -path, allowing 410

either full replacement or partial fusion of experi- 411

mental procedures. 412

Material-Specific Inspiration For hypotheses 413

involving the same material, this operator incor- 414

porates alternative processing or experimental per- 415

spectives from related studies, without altering the 416

material itself. 417

4.3.3 Dimension-Constrained Crossover and 418

Heuristic Fusion 419

Dimension-Constrained Crossover: To avoid vi- 420

olating causal dependencies, crossover between 421

parent hypotheses Ia and Ib is strictly limited to 422

whole-dimension exchanges (e.g., Sa ↔ Sb). 423

Heuristic-Guided Fusion: Beyond simple ex- 424

change, SAHE leverages the heuristic dimension 425

H as a high-order control signal. Rather than be- 426

ing rewritten independently, H constrains the joint 427

evolution of T, S,M,R. This mechanism allows 428

cross-dimensional evolution to be modulated by 429

transferable scientific paradigms, significantly im- 430

proving creativity while maintaining global causal 431

consistency. 432

4.3.4 Evaluation and Selection 433

In each generation, an LLM evaluates hypotheses 434

on the multi-objective criteria defined above and 435

provides refinement suggestions. We employ an 436

elitist strategy (retaining top 10% Pareto-optimal 437

candidates) and semantic deduplication to maintain 438

diversity. The final set is produced via tournament 439

selection after T iterations. 440

5 Experiments 441

5.1 Experimental Setup 442

We systematically evaluate the proposed method on 443

the automated scientific hypothesis generation task 444

in materials science. Given a research question q, 445

the model is tasked with generating hypotheses that 446
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Figure 2: Overview of the Structure-Aware Hypothesis Evolution (SAHE) framework. Hypotheses are initialized
from structure-aware retrieval over HSRG, evolved through dimension-specific operators and constrained crossover,
and iteratively refined via evaluation-driven selection.

demonstrate novelty, logical consistency, feasibility,447

and potential scientific impact.448

Dataset. HSRC-5000 Test Set.449

Model and Implementation Details. All meth-450

ods use the same backbone LLM (GPT-5.1) to en-451

sure fair comparison. For retrieval-based baselines,452

the literature corpus, encoder, and number of re-453

trieved documents K are fixed. For evolutionary454

methods, population size and iteration number are455

identical. Scores are aggregated at the question456

level; reported mean and standard deviation are457

computed across all test questions.458

Baselines and Variants. We consider the follow-459

ing baselines and ablation variants:460

• Zero-shot: Direct LLM generation without461

retrieval or evaluation.462

• RAG-only: Vector-based retrieval augmenta-463

tion without structured reasoning or evolution.464

• HSRG + Eval (No SAHE): Structured465

hypothesis representation with iterative466

evaluation–refinement cycles matched in467

number to SAHE iterations, but without468

population-based evolutionary operators.469

• HSRG + SAHE, w/o H: Full evolutionary470

framework without the heuristic dimension.471

• MOOSE-CHEM (ICLR 2025): A chemical-472

domain hypothesis generation method.473

• HSRG + SAHE: Full method with hierarchi- 474

cal representation and heuristic-guided evolu- 475

tion. 476

Evaluation Metrics. Generated hypotheses are 477

evaluated on logical consistency (Logic), novelty 478

across dimensions (Nov-T/S/M/R), experimental 479

and engineering feasibility (Feasibility), and poten- 480

tial scientific impact (Impact). Metrics are scored 481

by an evaluation model under standardized crite- 482

ria. It is important to note that for a given re- 483

search question q, multiple valid solutions may 484

exist. Consequently, hypothesis quality cannot be 485

determined solely by comparison with future publi- 486

cations or a single reference outcome. Our multi- 487

dimensional evaluation considers both structural 488

reasoning alignment and internal consistency, en- 489

suring that creative yet valid hypotheses are not 490

misjudged as incorrect. 491

5.2 Main Results and Ablation Analysis 492

Table 1 summarizes the main and ablation experi- 493

ment results on the HSRC-5000 Test Set. 494

Overall Performance. Our full method (HSRG 495

+ SAHE) achieves the best or tied-best scores 496

across all metrics, particularly excelling in logi- 497

cal consistency, novelty, and overall performance. 498

This confirms that structured collaboration between 499

retrieval, evaluation, and evolutionary modules is 500

key to high-quality hypothesis generation. 501

Comparison with MOOSE-CHEM. We com- 502

pare our method with MOOSE-CHEM, a recent hy- 503

pothesis generation approach originally proposed 504
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for the chemical domain. While chemistry and ma-505

terials science share similar scientific paradigms,506

MOOSE-CHEM treats hypothesis generation pri-507

marily as a text-level generation problem. In con-508

trast, our method performs dimension-aware hy-509

pothesis generation, explicitly modeling and evolv-510

ing hypotheses along multiple scientific dimen-511

sions. MOOSE-CHEM achieves competitive re-512

sults, but our method consistently performs bet-513

ter in logical consistency, novelty, and overall514

score, highlighting the advantage of structured,515

dimension-aware reasoning.516

Impact of Retrieval and Structured Representa-517

tion. Comparison between Zero-shot and RAG-518

only indicates that retrieval alone does not consis-519

tently improve performance. Without structured520

modeling and controllable reorganization, addi-521

tional context may not be effectively used and can522

even interfere with reasoning. This highlights the523

limitations of naive RAG in complex scientific rea-524

soning.525

Evaluation Mechanism versus Evolution.526

HSRG + Eval (No SAHE) shows improved per-527

formance relative to pure retrieval, as it performs528

repeated evaluation-and-improvement iterations529

equivalent to SAHE, but lacks evolutionary530

operators. The performance gap between this531

baseline and the full model demonstrates that532

evolutionary search provides global exploration533

and diversity beyond local evaluation corrections.534

Role of the Heuristic Dimension. Removing the535

heuristic dimension (HSRG + SAHE, w/o H) re-536

duces novelty and overall score, while logical con-537

sistency remains largely unchanged. This confirms538

that the heuristic dimension functions as a high-539

order control signal guiding creative exploration540

rather than directly ensuring causal correctness.541

Summary. Scientific hypothesis generation is542

fundamentally a structure-constrained search prob-543

lem, not mere text generation. Structured sci-544

entific representation offers actionable reasoning545

units, evaluation provides directional feedback, and546

heuristic-guided evolutionary search enables effi-547

cient exploration. The synergy of these compo-548

nents balances novelty, logical consistency, and549

feasibility.550

5.3 Evolutionary Dynamics Analysis551

We recorded population dynamics across genera-552

tions to validate convergence and diversity. Fig-553
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Generation

6.0

6.5

7.0
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Logic Consistency
Novelty
Feasibility
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Figure 3: Evolution of evaluation metrics across genera-
tions.

Initial Hypotheses
Intermediate Generation
Final Hypotheses

Figure 4: t-SNE visualization of hypothesis population,
with stars indicating centroids.

ure 3 shows steady improvement across all met- 554

rics, with the largest gains in the final generation, 555

demonstrating the effectiveness of crossover and 556

mutation in integrating advantageous features. 557

Figure 4 visualizes the population in seman- 558

tic space via t-SNE. Final hypotheses (deep blue) 559

maintain broad coverage, while centroids (stars) 560

move progressively. This indicates a balance be- 561

tween exploration and exploitation, preserving di- 562

versity while improving scores. 563

5.4 Structural Alignment with Human Expert 564

Reasoning 565

Case Analysis. This example demonstrates that 566

the generated hypothesis aligns with human expert 567

reasoning not only superficially but structurally 568

across the HSRC dimensions. 569

• Target dimension: Both the human study 570
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Table 1: HSRC-5000 Test Set: Performance Comparison of Hypothesis Generation Methods

Method Logic Nov-T Nov-S Nov-M Nov-R Feasibility Impact Overall
Zero-shot 7.16 ± 1.15 6.12 ± 1.35 6.62 ± 1.19 5.89 ± 1.17 6.88 ± 1.20 5.58 ± 1.17 7.25 ± 1.25 6.38 ± 1.09
RAG-only 6.77 ± 2.87 5.89 ± 2.56 6.50 ± 2.79 5.95 ± 2.58 6.36 ± 2.73 5.08 ± 2.22 6.58 ± 2.82 6.17 ± 2.63
HSRG + Eval (No SAHE) 5.48 ± 4.08 4.46 ± 3.37 5.57 ± 4.16 5.13 ± 3.84 4.93 ± 3.68 4.22 ± 3.16 5.13 ± 3.82 5.02 ± 3.74
MOOSE-CHEM (ICLR 2025) 6.85 ± 1.18 6.25 ± 1.28 6.45 ± 1.35 6.20 ± 1.38 6.30 ± 1.25 5.45 ± 1.10 6.65 ± 1.20 6.40 ± 1.18
HSRG + SAHE, w/o H 7.68 ± 1.24 6.40 ± 1.33 7.29 ± 1.36 6.57 ± 1.32 6.91 ± 1.32 5.66 ± 1.06 7.10 ± 1.36 6.79 ± 1.25
HSRG + SAHE 8.10 ± 0.32 7.07 ± 0.67 7.87 ± 0.44 7.13 ± 0.60 7.67 ± 0.49 6.34 ± 0.54 7.90 ± 0.46 7.43 ± 0.37

Table 2: Alignment between human expert reasoning and model-generated hypothesis under the HSRC framework
for cryogenic SPDT of PMMA.

Dimension Human Expert (Published Study) Ours (Generated Hypothesis)
Target Improve surface form accuracy and surface rough-

ness of PMMA in ultra-precision SPDT for optical
components

Improve surface form accuracy and surface rough-
ness of PMMA in ultra-precision SPDT, extended
to high-precision polymer components with ex-
plicit consideration of process robustness

Strategy Apply cryogenic cooling to suppress viscoelastic
effects and enhance material rigidity during cutting

Apply controlled cooling to suppress viscoelastic
relaxation and stabilize cutting, enabling system-
atic exploration of temperature–mechanics interac-
tions

Method Perform cryogenic SPDT at 0 ◦C; optimize cut-
ting parameters via Taguchi design; characterize
temperature-dependent mechanics using nanoin-
dentation and DMA

Preserve the underlying experimental rationale re-
vealed by mechanical characterization, but refor-
mulate it as a descriptor-centered design that nor-
malizes material response across temperatures and
cutting conditions

Result Cryogenic cutting yields lower surface roughness
and form error than room temperature machining,
with increased hardness and modulus

Cryogenic conditions consistently improve surface
quality and form accuracy, with results organized
into generalizable machinability regimes beyond
specific parameter settings

and the model focus on improving PMMA571

surface quality, with the model extending the572

scope to additional polymer applications and573

robustness considerations.574

• Strategy dimension: The core idea of cryo-575

genic cooling to suppress viscoelastic effects576

is preserved, with the model additionally en-577

abling systematic exploration of parameter in-578

teractions, showing a deeper abstraction of579

scientific strategy.580

• Method dimension: While the human study581

specifies concrete experimental parameters,582

the model abstracts these into a descriptor-583

centered design that captures the mechanical584

response across varying conditions, maintain-585

ing the experimental logic.586

• Result dimension: Both approaches report587

improvement in surface quality, and the588

model further organizes results into predictive589

regimes, demonstrating its ability to general-590

ize beyond individual parameter sets.591

These observations indicate that the proposed592

framework can reconstruct human expert-level rea-593

soning chains under fully automated conditions. By594

generating multiple sets of hypotheses consistent 595

with real-world results, the system demonstrates 596

both structural fidelity and creative generalization, 597

rather than merely producing superficially plausi- 598

ble text. The complete evolutionary trajectory and 599

analysis of the cryogenic SPDT case are presented 600

in Appendix B. Further detailed examples are pro- 601

vided in Appendix C. 602

6 Conclusion 603

We formulate scientific hypothesis generation as 604

a structured search problem over explicitly mod- 605

eled reasoning spaces rather than unconstrained 606

text generation. To this end, we propose the 607

Hierarchical Scientific Reasoning Graph (HSRC- 608

Graph) and Structure-Aware Hypothesis Evolution 609

(SAHE), which jointly enable structure-preserving, 610

evaluation-driven hypothesis evolution. Experi- 611

ments on a large-scale materials science benchmark 612

show that our approach produces hypotheses that 613

are more logical, novel, feasible, and impactful 614

than strong retrieval- and evaluation-based base- 615

lines. These results suggest that explicit reasoning 616

structures and evolutionary search are key ingredi- 617

ents for controllable and interpretable automated 618

scientific discovery. 619
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Limitations620

Despite the encouraging results, this work has sev-621

eral limitations that merit discussion.622

First, the evaluation of generated hypotheses re-623

lies on an automated evaluation model with stan-624

dardized criteria. While this enables scalable and625

consistent assessment across multiple dimensions,626

it cannot fully replace expert judgment, particularly627

for long-term scientific impact or domain-specific628

experimental feasibility. Future work could incor-629

porate expert-in-the-loop evaluation or downstream630

experimental validation to further strengthen the631

assessment.632

Second, due to the lack of mature and widely633

adopted baseline methods for automated scientific634

hypothesis generation in materials science, direct635

comparison with existing approaches remains in-636

herently limited. Although we have implemented637

and evaluated MOOSE-CHEM, such methods were638

originally developed for the chemical domain. Ad-639

ditionally, rather than relying solely on potentially640

misleading direct comparisons, we place greater641

emphasis on controlled ablation studies, evolution-642

ary trajectory analysis, and empirical experiments643

to isolate the contribution of each core component644

and to validate the effectiveness of structured repre-645

sentation and structure-aware evolutionary search.646

Finally, the population-based evolutionary647

search introduces additional computational over-648

head compared to single-pass generation methods.649

Although this cost is justified by the observed gains650

in hypothesis quality and diversity, improving com-651

putational efficiency remains an important direc-652

tion for future work.653
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A Appendix 705

A.1 Dataset Statistics and Distribution 706

Figure 5 presents an overview of the HSRC-5000 707

dataset, including the temporal distribution of pub- 708

lication years as well as the distribution of ma- 709

terials science subfields covered by the collected 710

papers.The statistic in Figure B exceeding 100% is 711

due to each paper being associated with multiple 712

topics. 713

B Evolutionary Analysis of Idea 714

Generation 715

B.1 Case Study: Cryogenic SPDT of PMMA 716

B.1.1 Original Paper Information 717

Paper Title: Machinability and Surface Properties 718

of Cryogenic Poly(methyl methacrylate) Machined 719

via Single-Point Diamond Turning 720
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Figure 5: Overview of the HSRC-5000 dataset. (a) Temporal distribution of publication years and dataset splitting.
(b) Distribution of materials science subfields covered by the papers.

Journal Information: Materials (Q2 Partition),721

Volume 17, Issue 4, Article 866, 2024722

DOI: 10.3390/ma17040866723

Paper Summary. Poly(methyl methacrylate)724

(PMMA), a representative optical polymer with725

a glass transition temperature exceeding 100 ◦C, is726

widely used in optical and precision engineering727

applications. Conventional single-point diamond728

turning (SPDT) of PMMA is typically conducted729

at ambient temperature, with research efforts pri-730

marily focusing on parameter optimization rather731

than deliberate modification of material properties.732

The reference work explored the use of cryo-733

genic cooling during SPDT of PMMA, demon-734

strating that lowering the machining temperature735

to 0 ◦C significantly enhances surface quality.736

Nanoindentation revealed increases of 37% in hard-737

ness and 22% in Young’s modulus compared to738

room temperature. Taguchi optimization identi-739

fied improved combinations of spindle speed, feed740

rate, and cutting depth under cryogenic conditions,741

yielding substantial reductions in surface rough-742

ness (Ra reduced from 11 nm to 6 nm) and pro-743

file height (Pt reduced from 291 nm to 124 nm).744

The study further established a mechanistic link745

between temperature, viscoelastic relaxation, me-746

chanical properties, and surface formation through747

DMA data and a supporting theoretical model.748

B.1.2 Evolutionary Trajectory Analysis 749

Idea Overview. Idea ID: eef8a904 750

Consistency Score: 8/10 751

Research Target. Develop and validate a 752

temperature- and rate-normalized mechanical- 753

intensity framework for cryogenic SPDT of 754

PMMA. In its core form, the framework relies 755

on a minimal descriptor set—mechanical intensity 756

Ip, effective Deborah number Deeff, surface rough- 757

ness/PSD, and simple birefringence or scattering 758

metrics—to construct machinability and optical- 759

safety maps. A higher-risk extension optionally in- 760

corporates spectroscopic descriptors (Raman, ellip- 761

sometry) aggregated into a single optical-disorder 762

variable. 763

Positioning. This case study does not aim to 764

reproduce or extend the original experiments di- 765

rectly. Instead, it serves as an illustrative example 766

of how the proposed evolutionary idea-generation 767

algorithm reconstructs, transforms, and refines a 768

research concept when provided only with a high- 769

level problem statement and heterogeneous seed 770

knowledge. 771

B.1.3 Evolutionary Steps 772

Step 1: Initial Generation from a Cross- 773

Domain Seed Source Paper: Physical and me- 774

chanical properties of Si:C:N films produced by 775

remote microwave hydrogen plasma chemical va- 776
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por deposition (Applied Surface Science, 2007)777

DOI: 10.1016/j.apsusc.2007.03.027778

Seed Contribution. The seed study systemati-779

cally investigated how substrate temperature (30–780

400 ◦C) governs the composition, structure, and781

mechanical properties of Si:C:N thin films. Quanti-782

tative correlations were established between tem-783

perature, bonding configurations (Si–N, Si–C), and784

mechanical metrics such as hardness and modulus.785

Mutation and Abstraction.786

• Temperature as a Primary Control Vari-787

able: The explicit treatment of temperature788

as an independent tuning parameter inspired789

the elevation of workpiece temperature from790

a boundary condition to a first-class control791

variable in cryogenic SPDT.792

• Property–Process Mapping: The793

compositional–mechanical mapping in794

thin films was abstracted into an analogous re-795

lationship between temperature, viscoelastic796

state, and machinability in PMMA.797

• Characterization Logic Transfer: Multi-798

modal characterization (XPS, FTIR) moti-799

vated the inclusion of polymer-specific struc-800

tural probes (FTIR/Raman) to track chain con-801

formation, physical aging, and surface chem-802

istry changes induced by cryogenic condition-803

ing.804

Step 2: Method Recombination via a Dual-805

Control Analogy Source Paper: Dual dc-rf806

plasma deposited CNx:H films with high elastic807

recovery (Journal of Applied Physics, 2007)808

DOI: 10.1063/1.2402477809

Recombination Strategy.810

• Dual-Control Mapping: The separation of811

ion current density and ion energy in PECVD812

was reinterpreted as an orthogonal control of813

temperature (structural state) and mechanical814

intensity (loading rate and stress state) in ma-815

chining.816

• Elastic Recovery as a Candidate De-817

scriptor: The prominence of elastic re-818

covery in CNx:H films motivated its ele-819

vation—alongside H/E and plasticity in-820

dices—as a candidate descriptor for balanc-821

ing reversible and irreversible deformation in822

PMMA under high-rate contact.823

• Adapted Characterization Stack: Tech- 824

niques originally used for thin films (FTIR, 825

Raman, XPS, profilometry, TEM) were se- 826

lectively adapted to the polymer-machining 827

context to interrogate near-surface structural 828

evolution and subsurface damage. 829

• Thin-Film Analogue Concept: The notion 830

of using PMMA films on rigid substrates as 831

controlled analogues of the SPDT-affected sur- 832

face layer emerged as a means to decouple 833

thermal aging from cutting-induced deforma- 834

tion. 835

Step 3: Evaluation-Driven Refinement Sys- 836

tematic evaluation of the recombined idea ex- 837

posed several weaknesses, triggering targeted re- 838

finements: 839

1. Scope Compression and Phasing. An ini- 840

tially over-extended instrumentation plan was 841

restructured into phased stages, with a mini- 842

mal must-succeed characterization set (DMA, 843

nanoindentation, profilometry, force measure- 844

ment) and advanced techniques reserved for 845

confirmatory studies. 846

2. Descriptor Validation. Elastic recovery was 847

reframed from an assumed governing param- 848

eter to a testable hypothesis. Rigorous inden- 849

tation protocols and time–temperature super- 850

position were introduced to align indentation 851

timescales with SPDT contact mechanics. 852

3. Controlled Use of Analogues. Thin-film ex- 853

periments were limited to isolating thermal 854

densification and physical aging trends, with 855

only qualitative validation against machined 856

surfaces. 857

4. Thermal Fidelity. Nominal workpiece tem- 858

perature was replaced by an effective cutting 859

temperature metric, supported by thermal cali- 860

bration, modeling, and environmental control. 861

5. Statistical Rigor. Formal design-of- 862

experiments and replication were incorpo- 863

rated to ensure parameter efficiency and 864

uncertainty quantification. 865

6. Dimensional Stability. Long-term form sta- 866

bility and residual stresses were explicitly in- 867

cluded as evaluation criteria to prevent short- 868

term surface gains from compromising optical 869

performance. 870
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B.1.4 Evolutionary Insights871

Cross-Domain Knowledge Transfer. This tra-872

jectory illustrates how concepts from thin-film873

deposition—temperature-driven structural control,874

dual-parameter process spaces, and deformation875

descriptors—can be meaningfully transplanted into876

polymer machining.877

Iterative Refinement. Evaluation acted as a se-878

lective pressure, pruning infeasible branches while879

preserving the core hypothesis structure, thereby880

transforming an exploratory concept into a disci-881

plined, testable framework.882

Innovation–Feasibility Balance. The final struc-883

ture explicitly distinguishes between a conservative884

core path and higher-risk extensions, ensuring ro-885

bustness without suppressing exploratory potential.886

B.1.5 Final Research Framework887

Core Path (Must-Succeed).888

1. Define normalized mechanical-intensity de-889

scriptors (Ip, optionally IW ) and Deeff us-890

ing DMA and indentation-derived relaxation891

times.892

2. Calibrate critical thresholds via scratch and893

orthogonal-cutting experiments with in-situ894

force measurement.895

3. Construct machinability and optical-safety896

maps in Ip–Deeff–Teff space using regularized897

statistical models.898

4. Validate predictive capability on optical com-899

ponents using form, roughness, birefringence,900

and scatter measurements.901

Optional Spectroscopic Branch. Spectroscopic902

descriptors are retained only if early-stage pi-903

lots demonstrate clear, monotonic correlations and904

measurable predictive gain over the mechanical-905

intensity baseline.906

B.1.6 Expected Outcomes907

The refined framework is expected to deliver:908

1. Transferable procedures for estimating Deeff909

and normalized intensity descriptors.910

2. Descriptor-centered machinability and optical-911

safety maps with quantified uncertainty.912

3. Cross-validated predictive models linking me-913

chanical history to optical performance.914

4. Generalizable design rules extensible to other 915

optical polymers and precision machining pro- 916

cesses. 917

B.1.7 Conclusions 918

This evolutionary case study demonstrates how 919

cross-domain inspiration, when coupled with struc- 920

tured evaluation and refinement, yields research 921

hypotheses that are both novel and implementable. 922

The trajectory from thin-film deposition physics 923

to cryogenic polymer machining exemplifies the 924

intended behavior of the proposed idea-generation 925

framework: reconstructing latent scientific logic, 926

pruning infeasible paths, and converging toward 927

robust, application-ready research programs. 928

C Detailed Case Analysis 929

C.1 Case Study 1: Plasmonic Sensor 930

Optimization for Energy-Constrained 931

Applications 932

C.1.1 Original Paper Information 933

Paper Title: Balancing detectivity and sensitivity 934

of plasmonic sensors with surface lattice resonance 935

Journal Information: Nanophotonics (Q1 Parti- 936

tion), Volume 12, Issue 19, Pages 3721-3727, 2023 937

DOI: 10.1515/nanoph-2023-0225 938

Abstract: Resonators are at the core of opti- 939

cal sensors enhancing light–analyte interaction and 940

leading to higher sensitivities. Maximizing the 941

sensitivity is an obvious objective function for the 942

resonator design. However, high sensitivity does 943

not guarantee sufficient detectivity. When the opti- 944

cal energy budget is limited, as in sensors on mo- 945

bile platforms, a higher sensitivity usually leads 946

to lower detectivity for nanophotonic sensors. In 947

such scenarios, resonator design requires balancing 948

the trade-off between the sensitivity and detectivity 949

of the resonant sensor. Here, we show the direct 950

dependence of detectivity on the Q-factor and the 951

trade-off between the Q-factor and sensitivity. We 952

study this trade-off in an array of plasmonic res- 953

onators. We choose plasmonic resonators because 954

of their high sensitivity arising from large local 955

field enhancements. Then, we show that the de- 956

tectivity of this sensor may be boosted for limited 957

energy budget applications by making an array of 958

resonators supporting a surface lattice resonance 959

(SLR). We experimentally demonstrate sensing and 960

detection of anti-mouse IgG protein in a gold nan- 961

odisk array–based SLR sensor for various energy 962

budgets. 963
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C.1.2 Generated Idea Analysis964

Idea ID: a48d544f965

Consistency Score: 9/10966

Research Target Refine the project around ex-967

plicitly defined, experimentally tractable, energy-968

and stability-normalized metrics, with a tightly969

scoped two-stage architecture.970

Stage 1 (Primary, CMOS-compatible Objec-971

tive): On a SiN/TiO2 + Au SLR/Fano lattice plat-972

form interrogated by a low-power LED (less 50973

µW at the chip), optimize three coupled metrics974

under mobile-relevant constraints:975

1. LOD_per_photon: Minimum detectable anti-976

mouse IgG concentration at fixed LED power977

and fixed integration time, normalized by the978

number of photons arriving at the chip.979

2. LOD_per_joule: Same LOD normalized by980

total energy consumed (LED power × time +981

detector bias power × time).982

3. Drift-/Response-Time-Normalized LOD:983

Achievable repeatable LOD in a fixed window984

(e.g., 30 seconds), accounting for temperature985

drift and low-frequency noise.986

Research Strategy Adopt an energy- and987

stability-centric co-design strategy that tightly cou-988

ples optical, surface, packaging, detector, and elec-989

tronic design:990

1. Metrics-First with System-Level En-991

ergy Budget: Make LOD_per_photon,992

LOD_per_joule, and drift-/response-time-993

normalized LOD the organizing principle.994

2. Focused Stage-1 Process Space: Constrain995

Stage-1 fabrication to a small, pre-justified set996

of variants.997

3. Integrated Noise and Packaging Strategy:998

Explicitly treat surface/trap noise, packaging-999

induced drift.1000

4. Stability-Aware Optical Design: In Stage 1,1001

co-opt intrinsic-loss engineering.1002

5. Minimal but Informative Stage-2 Explo-1003

ration: Constrain Stage 2 to a small number1004

of diamond resonator designs.1005

6. Explicit Stage-1/Stage-2 Linkage: Use the1006

Stage-2 reference map to frame the Stage-11007

results.1008

7. Mobile-Like Validation and Electronics Co- 1009

Optimization: Include at least one measure- 1010

ment campaign. 1011

Research Method Augment and refine the exist- 1012

ing seven-step method so that metrics, noise mod- 1013

eling, fabrication splits, and biosensing assays are 1014

explicitly tied to energy-normalized performance: 1015

1. Metrics, LOD Definition, and Hypotheses: 1016

Define LOD as the lowest anti-mouse IgG con- 1017

centration detectable with SNR ≥ 3; define 1018

LOD_per_photon = LOD / N_photons; define 1019

LOD_per_joule = LOD / E_total; quantify 1020

drift using Allan deviation and low-frequency 1021

noise PSD. 1022

2. Coupled-Mode, Noise, and System Mod- 1023

eling: Extend coupled-mode models of 1024

SLR/Fano resonances; construct a hierarchi- 1025

cal noise model (shot noise, thermal noise, 1026

surface/trap noise, environmental noise); vali- 1027

date model components experimentally. 1028

3. Stage-1 Fabrication Splits and Sample 1029

Strategy: Fabricate a single, well-optimized 1030

SiN/TiO2 + Au lattice geometry; implement 1031

three core process splits: A) baseline (no ad- 1032

ditional passivation beyond standard clean- 1033

ing); B) one thin, conformal dielectric cap- 1034

ping layer; C) one organosilane-based surface 1035

modification. 1036

4. Stability-Aware Optical Design: In Stage 1, 1037

co-opt intrinsic-loss engineering to increase 1038

Q while maintaining reasonable sensitivity. 1039

5. Mobile-Oriented Interrogation and Elec- 1040

tronics Energy Budgeting: Use low-power 1041

LED (≈ 50 µW); use low-bias silicon photodi- 1042

ode; explicitly measure total electrical energy 1043

consumption. 1044

6. Biosensing Chemistry and Microfluidics: 1045

Use anti-mouse IgG as a model analyte; im- 1046

plement standard surface chemistry; include 1047

microfluidics to control sample delivery. 1048

7. Stage-2 Diamond + Detector Prototypes 1049

(Bounded Upper-Bound Study): Fabricate 1050

a small number of diamond resonators; in- 1051

tegrate detectors; measure LOD_per_photon 1052

and LOD_per_joule; create reference curves. 1053

13



Expected Results With explicit metric defini-1054

tions, a narrowed experimental design, and a uni-1055

fied noise and energy model, the revised project is1056

positioned to deliver both quantitative performance1057

gains and clear design rules for low-power, mobile-1058

relevant biosensing.1059

Stage-1 Expectations (SiN/TiO2 + Au, Aque-1060

ous):1061

• Q-Factor: An increase in aqueous Q for the1062

SiN/TiO2 + Au SLR/Fano lattice from ≈ 60–1063

80 to ≈ 120–200 remains realistic.1064

• Drift and Low-Frequency Noise: A ≥2×1065

reduction in low-frequency noise PSD, with1066

corresponding improvement in Allan devia-1067

tion at relevant integration times (10–100 s).1068

• LOD Improvements: Under fixed1069

LED power, a 2–3× reduction in both1070

LOD_per_photon and LOD_per_joule.1071

• System-Level Energy: By explicitly measur-1072

ing total electrical energy consumption (LED1073

+ detector), verify that the total energy budget1074

is indeed within mobile-relevant limits (e.g.,1075

< 10 mJ per measurement).1076

• Design Rules: The combination of modeling1077

and controlled process splits will yield explicit1078

design rules, e.g., optimal dielectric capping1079

thickness, surface modification chemistry, and1080

packaging strategy.1081

Stage-2 Expectations (Diamond + Detectors,1082

Upper Bound):1083

• Demonstration that ultra-high intrinsic Q1084

(e.g., >106 in air) can translate to ultra-low1085

LOD_per_photon under mobile-relevant en-1086

ergy budgets.1087

• Explicit reference curves relating (Q, detector1088

bias, LED power) to LOD_per_photon and1089

LOD_per_joule.1090

• Evidence that, when realistic aqueous biosens-1091

ing and packaging constraints are considered,1092

the Stage-1 SiN/TiO2 + Au platform remains1093

superior to the Stage-2 diamond platform in1094

mobile-relevant scenarios.1095

Overall, the refined project should deliver1096

not only measurable 2–3× reductions in1097

LOD_per_photon and LOD_per_joule, but also1098

clear design rules and benchmarks for low-power,1099

mobile-relevant biosensing.1100

C.1.3 Consistency Analysis 1101

This generated idea demonstrates high consistency 1102

with the original paper in the following aspects: 1103

• Research Problem: Both focus on balanc- 1104

ing sensitivity and detectivity in sensors un- 1105

der limited energy budgets, particularly for 1106

mobile platform applications. The origi- 1107

nal paper emphasizes optimizing the trade- 1108

off between these two factors, which aligns 1109

with the generated idea’s focus on energy- 1110

normalized metrics, such as LOD_per_photon 1111

and LOD_per_joule. 1112

• Technical Approach: Both employ surface 1113

lattice resonance (SLR) technology to en- 1114

hance sensor performance under low-energy 1115

conditions. The original paper demonstrates 1116

the ability of SLR to balance sensitivity and 1117

detectivity, while the generated idea incorpo- 1118

rates a similar strategy, with a more detailed 1119

focus on energy optimization, noise modeling, 1120

and multi-stage design. 1121

• Target Materials: Both use gold nanodisk 1122

arrays as the base structure and explore 1123

optimization with dielectric materials like 1124

SiN/TiO2. The material choice and inte- 1125

gration with SLR technology are consistent 1126

across both the original paper and the gener- 1127

ated idea, emphasizing the role of plasmonic 1128

resonators in achieving high sensitivity. 1129

• Solutions: Both improve sensor performance 1130

by optimizing Q-factors and energy- 1131

normalized metrics (LOD_per_photon, 1132

LOD_per_joule). While the original paper 1133

focuses on optimizing the Q-factor to enhance 1134

detectivity, the generated idea goes a step 1135

further by incorporating energy normalization 1136

metrics and a two-stage experimental archi- 1137

tecture, which further refines the performance 1138

improvement process. 1139

Summary: The generated idea exhibits strong 1140

consistency with the original paper, retaining the 1141

core concept of balancing sensitivity and detec- 1142

tivity in plasmonic sensors under limited energy 1143

conditions. However, the generated idea intro- 1144

duces more detailed experimental metrics (such as 1145

LOD_per_photon and LOD_per_joule) and offers 1146

a multi-stage architecture for refining the sensor’s 1147

energy efficiency. The new idea not only echoes 1148
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the original research’s focus on SLR technology1149

but also innovates by providing a clearer path for1150

practical, energy-efficient sensor design in mobile1151

applications.1152

C.2 Case Study 2: Nano-Cellular Topography1153

for Enhanced Wear Resistance1154

C.2.1 Original Paper Information1155

Paper Title: Improving the Wear-Resistance of1156

BT22 Titanium Alloy by Forming Nano-Cellular1157

Topography via Laser-Thermochemical Processing1158

Journal Information: Materials (Q2 Partition),1159

Volume 16, Issue 11, Page 3900, 20231160

DOI: 10.3390/ma161139001161

Abstract: This paper studies the microstruc-1162

ture, phase composition and tribological response1163

of BT22 bimodal titanium alloy samples, which1164

were selectively laser-processed before nitriding.1165

Laser power was selected to obtain a maximum1166

temperature just a little above the α ↔ β transus1167

point. This allows for the formation of a nano-fine1168

cell-type microstructure. The average grain size of1169

the nitrided layer obtained in this study was 300–1170

400 nm, and 30–100 nm for some smaller cells.1171

The width of the “microchannels” between some1172

of them was 2–5 nm. This microstructure was de-1173

tected on both the intact surface and the wear track.1174

XRD tests proved the prevailing formation of Ti2N.1175

The thickness of the nitride layer was 15–20 µm1176

between the laser spots, and 50 µm below them,1177

with a maximum surface hardness of 1190 HV0.01.1178

Microstructure analyses revealed nitrogen diffu-1179

sion along the grain boundaries. Tribological stud-1180

ies were performed using a PoD tribometer in dry1181

sliding conditions, with a counterpart fabricated1182

from untreated titanium alloy BT22. The com-1183

parative wear test indicates the superiority of the1184

laser+nitrided alloy over the one that was only ni-1185

trided: the weight loss was 28% lower, with a 16%1186

decrease in the coefficient of friction. The predom-1187

inant wear mechanism of the nitrided sample was1188

determined to be micro-abrasive wear accompanied1189

by delamination, while that of the laser+nitrided1190

sample was micro-abrasive wear. The cellular mi-1191

crostructure of the nitrided layer obtained after the1192

combined laser-thermochemical processing helps1193

to withstand substrate deformations and provide1194

better wear-resistance.1195

C.2.2 Generated Idea Analysis1196

Idea ID: 6b776e231197

Consistency Score: 8/101198

Research Target Develop a practically scalable 1199

duplex surface-engineering framework for BT22 1200

in which (i) near-transus processing plus compact 1201

plasma nitriding generate a nitrogen-rich nano- 1202

cellular diffusion zone with tunable boundary net- 1203

works, and (ii) a low-complexity, modulus-graded 1204

Ti1−xAlxN-based coating overlays this substrate. 1205

Grain and column boundaries in both substrate 1206

and coating are treated as an explicitly engineered, 1207

nitrogen-enriched phase whose density, width, and 1208

chemistry can be adjusted within a bounded pro- 1209

cess window. The primary objective is to demon- 1210

strate, with minimal but well-contrasted conditions, 1211

that simple boundary-network descriptors (bound- 1212

ary area fraction, width, and connectivity prox- 1213

ies) can be linked to nitrogen transport, stress ac- 1214

commodation, and tribofilm stability, and used to 1215

design duplex architectures that sustain dry slid- 1216

ing and cyclic impact without delamination, exces- 1217

sive micro-abrasive wear, or friction-driven thermal 1218

damage, while preserving acceptable bulk mechan- 1219

ical and environmental performance of BT22. 1220

Research Strategy Retain the duplex concept of 1221

a near-transus-processed and nitrided BT22 sub- 1222

strate plus a modulus-graded Ti1−xAlxN-based 1223

coating, but reshape the programme around staged, 1224

down-scoped exploration and simple, model- 1225

friendly boundary metrics. First, use a minimal 1226

factorial design with a few sharply contrasted ni- 1227

triding and coating conditions to test whether en- 1228

gineered boundary regimes measurably influence 1229

tribology; only if clear trends emerge are additional 1230

conditions explored. Second, quantify boundary 1231

networks using a small, practical set of descrip- 1232

tors (boundary area fraction, mean boundary width, 1233

simple connectivity indicators from skeletonised 1234

images) and treat connectivity as a continuous pa- 1235

rameter with uncertainty bands, rather than invok- 1236

ing strict percolation thresholds. These descriptors 1237

feed into a calibrated 1D lattice-plus-boundary dif- 1238

fusion model and simplified thermo-mechanical FE 1239

models that treat the boundary network as a softer, 1240

diffusion-enhancing phase, used to derive semi- 1241

quantitative design envelopes rather than exact pre- 1242

dictions. Third, structure coating development 1243

in tiers: initially optimise Y-free TiN/Ti1−xAlxN 1244

coatings and boundary states via process condi- 1245

tions alone, then introduce a single, carefully cho- 1246

sen Y level only after baseline behaviour is un- 1247

derstood, using advanced characterisation on a 1248

small subset to verify where Y and nitrogen reside. 1249
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Throughout, introduce early, low-cost tribological1250

screening gates before committing to deep STEM-1251

EELS/ELNES/XANES or micro-mechanics, and1252

embed simple checks on bulk mechanical integrity1253

and high-temperature/oxidative response so that1254

the boundary-centric design rules remain anchored1255

to application-relevant performance.1256

Research Method1257

1. Application Envelope and Decision Crite-1258

ria: Define representative dry sliding and1259

cyclic-impact conditions (load, speed, tem-1260

perature range, cycle count) and quantitative1261

success metrics for friction stability, wear rate,1262

and absence of cracking/delamination. Add1263

boundary-centric targets expressed in simple1264

metrics: minimum nitrogen-rich boundary1265

area fraction or connectivity index in the dif-1266

fusion zone and coating, and maximum al-1267

lowable boundary width or hardness drop rel-1268

ative to grain interiors. Establish decision1269

rules that prioritise the simplest viable archi-1270

tectures (nitrided BT22 plus a single-layer1271

Ti1−xAlxN-based coating) whenever tribolog-1272

ical and boundary metrics are met, reserving1273

graded stacks or Y additions only to close1274

clearly identified performance gaps.1275

2. Near-Transus Processing and Baseline In-1276

tegrity Checks: Process BT22 near the1277

alpha-beta transus to obtain an ultrafine al-1278

pha+beta microstructure and generate two sur-1279

face states: as-ground and one down-selected1280

water-confined LSP condition. Characterise1281

near-surface grain size and boundary density1282

via EBSD, and for one representative condi-1283

tion, confirm boundary width and morphology1284

via TEM. Perform baseline mechanical and1285

environmental checks (e.g. hardness, small-1286

scale bend/fatigue indicators, and simple oxi-1287

dation or high-temperature exposure tests) to1288

ensure that near-transus processing and LSP1289

do not unacceptably degrade bulk properties1290

relative to application requirements.1291

3. Minimal Nitriding DOE and Early Tribol-1292

ogy Gate: Conduct a compact plasma ni-1293

triding DOE on the two substrate states, lim-1294

ited initially to 2–3 well-separated conditions1295

(e.g. low and high temperature plus one inter-1296

mediate or one bias change) chosen to gen-1297

erate distinct nitrogen profiles and bound-1298

ary architectures. For all conditions, mea- 1299

sure nitrogen depth profiles (e.g. GDOES or 1300

SIMS), hardness/modulus gradients (nanoin- 1301

dentation), and residual stress (XRD). On only 1302

2–3 contrasting conditions (e.g. shallow vs 1303

deep diffusion, low vs high boundary density), 1304

run early tribological screening tests (short- 1305

duration dry sliding and simple cyclic-impact) 1306

to identify promising regimes before commit- 1307

ting to full characterization. 1308

4. Focused Coating Development and 1309

Boundary-State Mapping: Deposit 1310

TiN/Ti1−xAlxN coatings (initially Y-free) 1311

on selected nitrided substrates using a small, 1312

structured matrix of deposition parameters 1313

(Al content, bias, temperature) chosen to 1314

span a range of modulus and residual stress. 1315

Characterise coating microstructure (grain 1316

size, column width, texture) and boundary 1317

chemistry (via EDS, TEM on a subset). 1318

For a few key coating conditions, measure 1319

nitrogen diffusion through the coating into 1320

the substrate (SIMS depth profiling) and 1321

correlate with coating boundary descriptors. 1322

Introduce a single, carefully chosen Y level 1323

only after baseline TiN/TiAlN behaviour is 1324

understood, using advanced characterisation 1325

(STEM-EELS, APT) on a small subset to 1326

verify where Y and nitrogen reside. 1327

5. Integrated Modeling and Design Envelope 1328

Derivation: Develop a calibrated 1D lattice- 1329

plus-boundary diffusion model for nitrogen in 1330

BT22 (and in representative coated stacks) 1331

that uses experimentally derived boundary 1332

metrics as inputs. Run simplified thermo- 1333

mechanical FE models of contact under dry 1334

sliding to explore how modulus gradients, 1335

residual stress, and thermal conductivity (in- 1336

fluenced by boundary networks) affect inter- 1337

facial stresses and temperature rise. Combine 1338

modeling results with experimental tribolog- 1339

ical data to derive semi-quantitative design 1340

envelopes for acceptable ranges of elastic- 1341

modulus mismatch, residual stress magnitude 1342

and gradient, coating thickness, and boundary- 1343

network intensity. 1344

6. Validation and Design-Rule Consolidation: 1345

Perform full tribological validation (extended 1346

dry sliding, cyclic impact, and thermal cy- 1347

cling) on a small number of carefully selected 1348
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architectures that span the design envelopes.1349

Use post-mortem analysis (cross-sectional1350

SEM/TEM, EBSD, Raman) to identify fail-1351

ure modes (cracking, delamination, micro-1352

abrasive wear) and correlate with boundary1353

metrics and model predictions. Consoli-1354

date findings into explicit design rules link-1355

ing boundary-network descriptors to nitro-1356

gen transport, stress accommodation, and tri-1357

bofilm stability, with uncertainty bands and1358

clear go/no-go criteria for different applica-1359

tion scenarios.1360

Expected Results1361

1. A boundary-centric, yet practical, design1362

framework for duplex BT22 architectures1363

that specifies acceptable ranges of elastic-1364

modulus mismatch, residual stress magnitude1365

and gradient, coating thickness, and boundary-1366

network intensity (expressed via boundary1367

area fraction, mean boundary width, and sim-1368

ple connectivity indices), together with ex-1369

plicit uncertainty bands. These envelopes will1370

be grounded in a combination of experiments1371

and simplified models and validated against1372

observed cracking, micro-abrasive wear, and1373

delamination paths under dry sliding and1374

cyclic impact.1375

2. A mechanistic comparison of a small num-1376

ber of carefully contrasted substrate/diffusion1377

architectures, showing how grain size, grain-1378

boundary density, nitrogen penetration depth,1379

and nano-cellular/boundary-network descrip-1380

tors influence crack initiation, subsurface dam-1381

age evolution, adhesion, and the stability of1382

nitrogen-rich networks once part of the coat-1383

ing is worn. This comparison will explicitly1384

include checks that bulk mechanical indica-1385

tors (e.g. simple fatigue surrogates) and ox-1386

idation behaviour remain within acceptable1387

bounds.1388

3. A compact process–composition–1389

microstructure map for TiN/Ti1−xAlxN1390

(and, where beneficial, a single low Y level)1391

that links Al content, Y addition, deposition1392

temperature, and bias to hardness/modulus,1393

residual stress, and a small set of boundary1394

descriptors (boundary density, width, and seg-1395

regation tendency). The map will highlight a1396

narrow, practically accessible window where1397

coatings offer robust mechanical properties 1398

while exhibiting boundary states that support 1399

nitrogen retention/transport and tribofilm 1400

stabilisation, without excessive softening or 1401

loss of adhesion. 1402

4. A calibrated 1D lattice-plus-boundary diffu- 1403

sion model for nitrogen in BT22 (and in rep- 1404

resentative coated stacks) that uses experi- 1405

mentally derived boundary metrics as inputs. 1406

While not attempting to fully capture 3D per- 1407

colation, the model will clarify how much ad- 1408

ditional nitrogen penetration depth is realisti- 1409

cally achievable through engineered boundary 1410

networks, and will provide a tool for extrap- 1411

olating from the limited experimental condi- 1412

tions to broader process windows. 1413

5. Demonstrated tribological performance im- 1414

provements (e.g., ≥20% reduction in wear 1415

rate, ≥10% reduction in friction coefficient, 1416

and elimination of delamination) for at least 1417

one duplex architecture relative to single- 1418

stage nitriding, with clear links to boundary- 1419

network engineering and model-predicted de- 1420

sign envelopes. 1421

C.2.3 Consistency Analysis 1422

The generated idea demonstrates strong consis- 1423

tency with the original paper in the following as- 1424

pects: 1425

• Research Problem: Both address the chal- 1426

lenge of improving wear resistance of BT22 1427

titanium alloy through surface modification 1428

techniques. The original paper uses laser- 1429

thermochemical processing to enhance wear 1430

resistance by forming nano-cellular topogra- 1431

phy, which is directly mirrored in the gen- 1432

erated idea’s approach of using near-transus 1433

processing and nitriding. 1434

• Technical Approach: Both employ near- 1435

transus laser processing combined with ni- 1436

triding to create nano-cellular microstructures. 1437

While the original paper focuses on the for- 1438

mation of a nano-cellular structure for wear 1439

resistance, the generated idea expands on this 1440

by adding a duplex coating strategy, with a 1441

focus on modulating the boundary network to 1442

further improve performance. 1443

• Target Materials: Both focus on BT22 tita- 1444

nium alloy and nitrogen-based surface treat- 1445

ments. The original paper emphasizes the role 1446
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of Ti2N formation and nitrogen diffusion in1447

enhancing the microstructure, while the gen-1448

erated idea builds on this by introducing a1449

Ti1−xAlxN-based coating, offering an addi-1450

tional layer of wear resistance.1451

• Solutions: Both aim to create nano-cellular1452

topography with enhanced nitrogen diffusion1453

to improve tribological performance. While1454

the original paper demonstrates the effective-1455

ness of laser+nitrided BT22, the generated1456

idea innovates by engineering the boundary1457

networks and developing a more sophisticated1458

coating strategy that explicitly addresses tri-1459

bological challenges.1460

Summary: The generated idea is highly consis-1461

tent with the original paper in addressing the same1462

research problem and applying similar technical1463

approaches, such as laser-thermochemical process-1464

ing and nitriding for wear resistance. However,1465

the generated idea extends the original concept by1466

introducing a duplex coating strategy and a more in-1467

depth focus on boundary engineering, which aims1468

to further enhance wear resistance and tribological1469

performance. While the original research is limited1470

to laser processing and nitriding, the generated idea1471

adds a new layer of innovation by combining these1472

treatments with advanced coating development and1473

detailed modeling to optimize performance.1474

C.3 General Summary and Analysis of1475

Differences and Similarities1476

In both case studies, the generated ideas demon-1477

strate strong consistency with the original papers,1478

reflecting a deep understanding of the core research1479

concepts and approaches. Both generated ideas1480

build on the foundation laid by the original studies,1481

maintaining the same objectives and using similar1482

materials or technologies. However, they introduce1483

significant improvements and novel additions, in-1484

cluding the introduction of more precise metrics,1485

multi-stage experimental designs, and advanced1486

modeling techniques.1487

Key differences between the generated ideas and1488

the original research include:1489

• Level of Detail: The generated ideas incorpo-1490

rate more detailed experimental frameworks,1491

including new energy normalization metrics1492

(e.g., LOD_per_photon, LOD_per_joule) and1493

multi-stage architectures, providing a clearer1494

path for optimizing the performance of the 1495

sensors and wear-resistant materials. 1496

• Novelty in Solutions: While the original pa- 1497

pers focus on specific treatments or materials 1498

(e.g., SLR or laser processing), the generated 1499

ideas innovate by integrating additional ele- 1500

ments such as boundary network engineering 1501

and duplex coatings, enhancing the overall 1502

functionality and performance. 1503

• Modeling and Simulation: The generated 1504

ideas place a stronger emphasis on model- 1505

ing and simulation to predict performance 1506

outcomes, such as using a 1D lattice-plus- 1507

boundary diffusion model in the wear resis- 1508

tance case or employing energy- and stability- 1509

centric co-design in the plasmonic sensor 1510

case. 1511

Summary: In summary, the generated ideas are 1512

closely aligned with the original papers, but they ex- 1513

tend the research by incorporating additional layers 1514

of complexity, optimization, and predictive model- 1515

ing, resulting in a more comprehensive approach 1516

to addressing the challenges posed in both fields. 1517

C.4 Case Study 3: Active Optical Lenses for 1518

Arc Flash Detection 1519

C.4.1 Original Paper Information 1520

Paper Title: Development of an Active Optical 1521

Lens for Arc Flashing Detection 1522

Journal Information: Sensors (Q2 Partition), 1523

Volume 23, Issue 5, Page 2629, 2023 1524

DOI: 10.3390/s23052629 1525

Abstract: This paper contains the design of ac- 1526

tive optical lenses used for the detection of arc flash- 1527

ing emissions. The phenomenon of an arc flashing 1528

emission and its characteristics were contemplated. 1529

Methods of preventing these emissions in electric 1530

power systems were discussed as well. The article 1531

also includes a comparison of commercially avail- 1532

able detectors. An analysis of the material proper- 1533

ties of fluorescent optical fiber UV-VIS-detecting 1534

sensors constitutes a major part of the paper. The 1535

main purpose of the work was to make an active 1536

lens using photoluminescent materials, which can 1537

convert ultraviolet radiation into visible light. As 1538

part of the work, active lenses with materials such 1539

as Poly(methyl 2-methylpropenoate) (PMMA) and 1540

phosphate glass doped with lanthanides, such as 1541

terbium (Tb3+) and europium (Eu3+) ions, were 1542

analyzed. These lenses were used to make optical 1543
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sensors, which were supported by commercially1544

available sensors in their construction.1545

C.4.2 Generated Idea Analysis1546

Idea ID: 2f9204151547

Consistency Score: 8/101548

Research Target Develop strain- and codoping-1549

engineered Ce3+ (later Pr3+)-activated Gd2Zr2O71550

and Gd2Hf2O7 ceramics that act as UV-to-visible1551

converting lenses or coatings for fast, robust arc-1552

flash detection. Material specifications (bandgap,1553

PL spectrum, decay time, afterglow, transparency)1554

are derived from measured arc spectra and device-1555

level modeling, and the project delivers transfer-1556

able design rules for A2B2O7 oxides linking codop-1557

ing, oxygen-defect chemistry, strain, microstruc-1558

ture, and optical performance.1559

Research Strategy Use a tightly scoped,1560

application-driven, staged program: (1) charac-1561

terize real arc-flash UV spectra and temporal1562

profiles and model simple detector modules to1563

back-calculate material targets; (2) select a single1564

primary host (Gd2Zr2O7) and a small number of1565

codopant pairs, guided by modest DFT calculations1566

and design-of-experiments planning; (3) build1567

a focused defect–strain–microstructure–optical1568

map using a prioritized core characterization set,1569

with advanced probes applied only to a few key1570

compositions; (4) in parallel, develop both bulk1571

semi-transparent ceramics and thin-plate or coating1572

embodiments to de-risk the transparent-lens1573

requirement; and (5) integrate the best materials1574

into prototype arc-flash sensor modules and1575

benchmark against commercial devices, iteratively1576

refining the design rules and extending them to1577

Gd2Hf2O7 and Pr3+ only after clear trends are1578

established.1579

Research Method1580

1. Phase 0A – Application and Benchmarking1581

Specification: Measure or compile realistic1582

arc-flash spectra (spectral power from roughly1583

200–400 nm, pulse duration, repetition char-1584

acteristics, distance dependence) and typical1585

ambient backgrounds in relevant switchgear1586

environments. Model simple lens or coating1587

plus photodiode or CMOS detector stacks to1588

back-calculate material targets: required UV1589

absorption band and cross section, PL emis-1590

sion band matched to detector responsivity1591

and optical filters, maximum acceptable PL1592

decay time and slow-tail fraction, acceptable 1593

afterglow and radiation-induced darkening, 1594

and minimum transmission at key UV and 1595

visible wavelengths for different thicknesses. 1596

Benchmark commercial arc-flash UV detec- 1597

tors and standard phosphor or lens materials 1598

(e.g. representative aluminates, silicates, flu- 1599

orides, or commercially used UV converters) 1600

on the same testbed to quantify the perfor- 1601

mance gap and justify focusing on Gd2Zr2O7- 1602

type hosts. 1603

2. Phase 0B – Host Justification and Scope Re- 1604

duction: Based on literature and initial screen- 1605

ing, select Gd2Zr2O7 as the primary host for 1606

detailed study, with Gd2Hf2O7 reserved for 1607

a later validation or extension phase. Use 1608

simple comparative tests or literature meta- 1609

analysis to confirm that Gd2Zr2O7 offers a 1610

credible combination of radiation tolerance, 1611

UV transparency, and compatibility with Ce3+ 1612

or Pr3+ activators relative to simpler hosts. 1613

Define Ce3+ as the primary activator for fast 1614

4f–5d emission, with Pr3+ introduced only if 1615

needed for further lifetime optimization once 1616

the codoping and strain strategy is validated. 1617

3. Phase 1 – Modeling-Guided Dopant Selec- 1618

tion and DOE Plan: Use modest-scale DFT 1619

or hybrid-DFT calculations on Gd2Zr2O7 to 1620

evaluate formation energies and preferred 1621

sites for Ce3+ on the Gd sublattice and for 1622

a small set of aliovalent dopants such as 1623

Ca2+ or Sr2+ (A-site) and Nb5+ or Ta5+ 1624

(B-site). Compute, at least qualitatively, as- 1625

sociated oxygen-vacancy formation tenden- 1626

cies, local lattice strain, and bandgap mod- 1627

ifications. Use these results to guide a fo- 1628

cused experimental DOE that systematically 1629

varies codopant type and concentration, Ce3+ 1630

content, and processing conditions (sintering 1631

temperature, atmosphere) to map out defect– 1632

strain–microstructure space. 1633

4. Phase 2 – Core Characterization and 1634

Defect–Strain–Microstructure–Optical 1635

Mapping: For the DOE samples, prioritize 1636

a core characterization set: XRD for phase 1637

identification and lattice parameters (strain 1638

proxy), Raman for local disorder and de- 1639

fect signatures, UV–Vis for bandgap and 1640

color-center absorption, steady-state and 1641

time-resolved PL for efficiency and decay 1642
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kinetics, and SEM for microstructure. Apply1643

advanced probes (TEM/STEM-EELS, XPS,1644

thermogravimetric redox cycling) only to a1645

few key compositions that represent extremes1646

or promising regimes. Build a focused map1647

linking codopant choice, oxygen-defect1648

proxies, lattice strain, and microstructure to1649

bandgap position, defect absorption tails, PL1650

efficiency, time response, thermal robustness,1651

and scattering.1652

5. Phase 3 – Transparency and Coating De-1653

velopment: In parallel, develop processing1654

routes for both bulk semi-transparent ceramics1655

(e.g., high-temperature sintering with atmo-1656

sphere control, possibly HIP) and thin-plate1657

or coating embodiments (e.g., screen print-1658

ing, sol-gel, or pulsed laser deposition) to de-1659

risk the transparent-lens requirement. Define1660

quantitative transparency targets (e.g., trans-1661

mission at key UV/visible wavelengths and1662

acceptable scattering losses) and include early1663

go/no-go criteria if transparency proves too1664

difficult. Document trade-offs among trans-1665

parency, defect stability, residual strain, mi-1666

crostructure, and manufacturability.1667

6. Phase 4 – Device Integration and Bench-1668

marking: Integrate the best-performing mate-1669

rials into prototype arc-flash sensor modules,1670

incorporating appropriate optical filters and1671

photodetectors. Benchmark against commer-1672

cial arc-flash UV detectors under realistic test1673

conditions (arc-flash-like UV pulses, ambient1674

backgrounds, temperature cycling, mechani-1675

cal stress). Measure key performance metrics:1676

minimum detectable UV dose, temporal reso-1677

lution, false-trigger rate, and sensitivity drift1678

after accelerated aging. Use these results to1679

iteratively refine the design rules and material1680

targets.1681

7. Phase 5 – Extension to Gd2Hf2O7 and1682

Pr3+: Only after clear trends are established1683

in Gd2Zr2O7 with Ce3+, extend the validated1684

design rules to Gd2Hf2O7 and introduce Pr3+1685

as an alternative activator if needed for further1686

lifetime optimization. Perform a focused vali-1687

dation set of experiments to confirm that the1688

design rules transfer and identify any host- or1689

activator-specific adjustments needed.1690

Expected Results The project is expected to de-1691

liver:1692

1. An application-calibrated set of material spec- 1693

ifications for arc-flash UV-to-visible convert- 1694

ers, including targeted absorption and emis- 1695

sion bands, PL decay and afterglow limits, 1696

transparency targets, and acceptable stability 1697

windows derived directly from measured arc 1698

spectra and device modeling; 1699

2. A focused, experimentally and computa- 1700

tionally informed map for Ce3+-activated 1701

Gd2Zr2O7 that connects codopant choice, 1702

oxygen-defect proxies, lattice strain, and mi- 1703

crostructure to bandgap position, defect ab- 1704

sorption tails, PL efficiency, time response, 1705

thermal robustness, and scattering, with prac- 1706

tical proxies based on XRD, Raman, UV–Vis, 1707

SEM, and simple thermogravimetric and XPS 1708

measurements; 1709

3. Identification of a narrow combined oxygen- 1710

defect, codoping, and processing window, 1711

in a defect-fluorite-leaning structural regime, 1712

where UV transparency is high enough for the 1713

chosen device format, strain-tuned bandgaps 1714

avoid mid-gap color centers, and Ce3+ (and 1715

later, selected Pr3+) emission shows fast 1716

decay (with most emission within tens of 1717

nanoseconds and minimal slow tail) and lim- 1718

ited thermal quenching over the operating tem- 1719

perature range; 1720

4. Robust processing and atmosphere-control 1721

recipes for both bulk semi-transparent ceram- 1722

ics and thin-plate or coating embodiments that 1723

reproducibly preserve the desired codoping 1724

and strain state through densification, with 1725

clearly documented trade-offs among trans- 1726

parency, defect stability, residual strain, mi- 1727

crostructure, and manufacturability; 1728

5. Device-level evidence, obtained under realis- 1729

tic arc-flash-like conditions, that codoped and 1730

strain-engineered Gd2Zr2O7-based modules 1731

can meet or exceed key performance metrics 1732

of commercial arc-flash UV sensors, includ- 1733

ing lower minimum detectable UV dose at 1734

a fixed false-trigger rate, improved temporal 1735

resolution, and reduced sensitivity drift after 1736

accelerated aging; 1737

6. General, application-grounded design rules 1738

for A2B2O7 oxides linking codoping, oxygen- 1739

defect chemistry, strain, microstructure, and 1740

optical performance that can be extended to 1741
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other UV-to-visible conversion applications1742

beyond arc-flash detection.1743

C.4.3 Consistency Analysis1744

This generated idea demonstrates strong consis-1745

tency with the original paper in the following as-1746

pects:1747

• Research Problem: Both address the chal-1748

lenge of developing active optical elements1749

for arc flash detection through UV-to-visible1750

conversion.1751

• Technical Approach: Both employ photolu-1752

minescent materials doped with lanthanides1753

to convert UV radiation to visible light.1754

• Target Materials: Both focus on rare-earth-1755

doped materials (Ce3+, Pr3+, Tb3+, Eu3+)1756

for UV-to-visible conversion.1757

• Solutions: Both aim to create efficient, fast-1758

responding active lenses that can be integrated1759

into optical sensor systems.1760

Summary: The idea extends the original re-1761

search by introducing more sophisticated material1762

systems (A2B2O7 pyrochlores), comprehensive de-1763

fect and strain engineering, and detailed device-1764

level validation, demonstrating innovative develop-1765

ment of the original active optical lens concept.1766
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