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Abstract001

Large language models have been widely used002
in invention workflows, but effective sup-003
port requires more than open-ended generative004
ideation. TRIZ offers a structured framework005
that can guide LLMs in inventive problem rea-006
soning. However, evaluations in prior work007
are small-scale and rarely grounded in patent008
text. We introduce TRIZBENCH, a dataset and009
benchmark for TRIZ reasoning grounded in010
open technical sources and U.S. patents. Fur-011
thermore, we design three tasks covering core012
TRIZ workflow stages, including contradic-013
tion prediction, inventive principle prediction,014
and grounded TRIZ reasoning. Experiments015
with multiple LLM baselines show that de-016
tecting contradictions is easier than recover-017
ing correct trade-off pairs, and principle pre-018
diction benefits from TRIZ structured reason-019
ing. Our findings also underscore the impor-020
tance of grounding: semantic retrieval enables021
evidence-based justifications and helps explain022
why LLMs fail. Dataset and codes are available023
here: https://anonymous.4open.science/024
r/trizbench-E519.025

1 Introduction026

Large language models (LLMs) are increasingly027

used as assistants in invention workflows (Ma et al.,028

2023; Guo et al., 2025a), supporting tasks such029

as summarizing prior art (Sharma et al., 2019;030

Wang et al., 2024b), reframing problem statements031

(Einarsson et al., 2024), and proposing ideas or so-032

lutions (Noy and Zhang, 2023; Hou et al., 2024;033

Chen et al., 2024). However, effective invention034

support requires more than generating plausible035

text (Siddharth and Luo, 2024). It depends on cor-036

rectly identifying the underlying trade-off in a tech-037

nical system and producing reasoning that can be038

referred to the problem–solution narratives.039

TRIZ (Theory of Inventive Problem Solving)040

(Altshuller, 1999) provides a structured reasoning041

framework for this setting: it represents problems042

as contradictions and organizes common resolu- 043

tion patterns as inventive principles. For instance, 044

US9683836 (Sandhawalia et al., 2017) involves a 045

trade-off between deploying laser scanners in sen- 046

sitive locations and limitations in efficiency. The 047

resolution then is to enrich the feature representa- 048

tion used by the classifier, which aligns with TRIZ 049

principle 35 (Parameter Changes) (Li et al., 2022). 050

Patents are a natural corpus for TRIZ reason- 051

ing because they contain problem–solution nar- 052

ratives at scale (Wang et al., 2016; Chang et al., 053

2017). However, patent language makes TRIZ 054

structure difficult to recover automatically. For 055

example, trade-offs in patent text are often implicit, 056

dispersed across sections (e.g., background, limi- 057

tations, claims), and expressed in domain-specific 058

phrasing that does not align well with TRIZ descrip- 059

tions (Guarino et al., 2020, 2022; Ali et al., 2024). 060

As a result, it remains unclear whether LLMs can 061

reliably apply TRIZ reasoning to patents while pro- 062

viding accurate predictions with text-based justifi- 063

cations. 064

Recent TRIZ related LLMs work, such as 065

AutoTRIZ (Jiang and Luo, 2024) and TRIZ- 066

GPT (Chen et al., 2024), demonstrate promis- 067

ing pipelines for contradiction identification and 068

principle-guided ideation. However, their evalu- 069

ations largely rely on small case collections and 070

domain-specific design scenarios (Xie and Liu, 071

2023; Guo et al., 2025b). More broadly, the field 072

lacks a large-scale benchmark that (i) covers the 073

key steps of the TRIZ workflow, (ii) supports eval- 074

uation under patent domain shift, and (iii) enables 075

evidence-based verification of model reasoning. 076

In this work, we introduce TRIZBENCH, 077

a dataset and benchmark for TRIZ reasoning 078

grounded in technical/research papers and patents. 079

TRIZBENCH includes 1,354 TRIZ cases collected 080

from domain-expert sources across diverse techni- 081

cal areas. Each case is represented with a structured 082

schema covering system context, improve–worsen 083
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trade-offs, solutions and principles, and supporting084

evidence spans. To evaluate transfer to real inven-085

tion documents, we additionally provide a patent086

benchmark of 429 US patents, including a subset087

with human-labeled TRIZ parameters and princi-088

ples. This case–patent design supports learning089

both contradiction structure and principle selection090

from cases, then transferring to patent text, where091

labels are sparse and trade-offs are rarely expressed092

explicitly.093

We define three benchmark tasks that capture094

core stages of the TRIZ workflow and progres-095

sively increase difficulty. Task 1 (Contradiction096

prediction) evaluates whether models can recover097

the improve–worsen pair from technical descrip-098

tions. Task 2 (Inventive principle prediction)099

evaluates inventor-associated principle prediction100

for a given contradiction and quantifies the extent101

to which methods exploit TRIZ structure. Task 3102

(Grounded TRIZ reasoning) requires sentence-103

level evidence from patent text to justify predicted104

parameters/principles, enabling grounded outputs105

for downstream patent workflows.106

Our Contributions. We provide:107

• TRIZBENCH: a large, source-grounded cor-108

pus of 1,354 TRIZ cases and 429 patents, in-109

cluding a human-labeled patent subset with110

TRIZ parameters and principles.111

• Benchmarks: three tasks spanning contradic-112

tion pair prediction, inventor-associated prin-113

ciple prediction, and grounded TRIZ reason-114

ing with sentence-level evidence.115

• Findings: a comprehensive comparison of116

prompting, fine-tuning, and retrieval baselines117

across multiple models, highlighting failure118

modes under patent domain shift and the value119

of grounding-based evaluation beyond accu-120

racy.121

2 Related work122

LLMs for ideation and invention. Recent work123

has demonstrated LLMs as general-purpose assis-124

tants for ideation and invention across many do-125

mains, including creative concept exploration in126

specialized domains (Hou et al., 2024), language-127

driven generation of design concepts (Zhu and128

Luo, 2022; Filippi, 2023), and grounded scientific129

ideation from research papers (Radensky et al.,130

2024). Moreover, patent-focused LLMs aim to 131

support IP workflows by generating or structuring 132

patent content and concepts, which shows growing 133

interest in applying LLMs to legal and technical 134

documents (Ren et al., 2025; Bai et al., 2024; Wang 135

et al., 2024a; Guo et al., 2025a). However, open- 136

ended ideas are hard to validate without domain 137

experts. Thus, it remains unclear how LLMs gen- 138

erate ideas and solve problems. TRIZ-inspired ap- 139

proaches address this by using contradictions and 140

guiding principle-based ideation, including end-to- 141

end TRIZ pipelines and interactive TRIZ assistants, 142

as well as TRIZ-augmented ideation tools with 143

LLMs (Jiang and Luo, 2024; Chen et al., 2024; Lee 144

et al., 2024; Guo et al., 2025b). Despite these ad- 145

vances, evaluation remains largely system-driven 146

and case-study based. Existing TRIZ-LLM papers 147

typically report qualitative analyses or small case 148

sets in specific domains rather than evaluating on a 149

large-scale benchmark with evidence supervision 150

for measuring contradiction detection, principle 151

attribution, and patent-domain grounding. 152

TRIZ for patent mining. Prior work has ex- 153

plored extracting TRIZ structure from patent text. 154

Early systems typically combined rule-based or 155

pattern-driven processing with TRIZ resources 156

to locate contradictions and principles in patents 157

(Cascini and Russo, 2007; Souili and Cavallucci, 158

2012; Souili et al., 2015; Wang et al., 2016; Chang 159

et al., 2017). More recent work introduces deep 160

learning methods that explicitly separate where 161

the contradiction is stated from patent sentences 162

(Guarino et al., 2020, 2022; Trapp and Warschat, 163

2024). Furthermore, patent-focused TRIZ applica- 164

tions have also explored evolution trends to iden- 165

tify promising patents for technology transfer (Park 166

et al., 2013; Yun et al., 2022). However, evaluation 167

is typically conducted on individual components 168

in TRIZ in these works. Thus, it does not yield a 169

comprehensive benchmark that jointly verify con- 170

tradiction detection, inventor principle prediction, 171

and sentence-level grounding on patent language 172

with LLMs. 173

3 TRIZBENCH Dataset 174

We introduce TRIZBENCH, a dataset and bench- 175

mark for TRIZ reasoning and inventive problem 176

solving. TRIZBENCH consists of structured cases 177

from open scholarly and technical sources. Each 178

case records (i) system context, (ii) a contradic- 179

tion framed as an improve–worsen trade-off pair, 180

2



(a) TRIZBENCH construction pipeline

(b) Overview of benchmark tasks with TRIZBENCH

Figure 1: Overall framework of TRIZBENCH. The construction pipeline of TRIZBENCH are three stages, including
seed human annotation, automatic extraction with LLMs and human evaluation. The benchmark tasks include three
tasks on case and patent corpus separately. We evaluate multiple LLM baselines across all tasks.

(iii) a solution mechanism and associated inventive181

principles, and (iv) supporting evidence spans that182

ground these fields in the source text.183

Design goals. TRIZBENCH is designed to: (1)184

support evidence-supported contradiction identifi-185

cation from natural language; (2) provide paired186

contradiction–resolution representations for down-187

stream retrieval and generation; (3) enable both188

prompting-based evaluation and supervised learn-189

ing from structured annotations; and (4) connect190

case-based TRIZ reasoning to patent-focused ap-191

plications, including interpretable patent analytics192

and drafting assistance.193

3.1 Data collection and preprocessing194

Data sources. We collect TRIZ-relevant docu-195

ments from two open-access sources: (1) peer-196

reviewed papers available as public PDFs and (2)197

TRIZ-focused web publications (HTML), includ-198

ing The TRIZ Journal1 and TRIZ community pro-199

ceedings2. For papers, we query open indexing200

services (e.g., Semantic Scholar and OpenAlex)201

with TRIZ-related keywords (e.g., TRIZ, technical/-202

physical contradiction, inventive principles, ARIZ)203

1https://the-trizjournal.com
2https://trizfest.org

from 2000 to 2025. 204

Preprocessing. We retain documents that are En- 205

glish, contain substantive technical content which 206

are beyond introductions and surveys, and are 207

parsable by our pipeline. We remove duplicates 208

and non-technical pages. Then, we convert PDFs 209

into structured markdown using marker3 with 210

Gemini-2.5-flash (Comanici et al., 2025) as the 211

backend, preserving layout structure especially for 212

tables/figures. We apply lightweight normalization 213

and maintain approximate source-location point- 214

ers for evidence checking. Finally, we segment 215

each document into coherent units (sections/sub- 216

sections when available; otherwise paragraphs) to 217

reduce context length and improve extraction sta- 218

bility. HTML sources are converted to the same 219

markdown format and processed with identical nor- 220

malization and segmentation. 221

3.2 TRIZ Case Extraction Pipeline 222

We extract benchmark TRIZ cases from hetero- 223

geneous technical documents using a three-stage 224

pipeline: (i) define a fixed, evidence-grounded 225

schema via human-annotated seed annotation; (ii) 226

classify segments with a lightweight case detector; 227

3https://github.com/datalab-to/marker
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and (iii) perform structured extraction with auto-228

matic validation and normalization.229

Stage I: Seed annotation. We (two human ex-230

perts) manually annotate a small seed set, includ-231

ing 10 documents, 64 segments, and 17 cases, to232

operationalize what constitutes a TRIZ case in nat-233

ural technical writing and to refine a fixed output234

schema. A segment qualifies as a case if it describes235

a concrete system, a contradiction (technical or236

physical), and an explicit or implied resolution. We237

normalize all cases into an improve–worsen pair238

(improving_text, worsening_text) and require239

evidence spans for the contradiction and the resolu-240

tion to support downstream benchmarking.241

Stage II: Segment-level detection. To reduce242

cost and false positives, we first predict whether243

each segment contains at least one extractable244

case. We implement this step by prompting245

Gemini-2.5-pro with seed exemplars to produce246

a binary label (case vs. no_case). Only case seg-247

ments proceed to structured extraction. no_case248

segments are retained for analyzing false positives249

in case detection.250

Stage III: Structured extraction. For each can-251

didate segment, we prompt Gemini-2.5-pro to252

output one or more case objects in the defined253

schema in Stage I. The extractor is instructed to254

(i) fill required fields, (ii) adhere to the source text,255

(iii) attach evidence spans for major fields, and (iv)256

abstain when key components are missing. When257

explicitly stated, we also extract auxiliary metadata258

such as referenced patent IDs and TRIZ parame-259

ter/principle identifiers.260

Validation and normalization. We automati-261

cally validate all extracted objects with schema262

checks and evidence-grounding checks. Invalid263

outputs are discarded; minor omissions are filled264

with null defaults. We further normalize vocab-265

ularies (e.g., contradiction types) and deduplicate266

near-duplicate cases within a document.267

Outputs. The pipeline produces three outputs, in-268

cluding a validated case corpus, a segment manifest269

with detection labels for reproducibility, and logs270

summarizing validation failures.271

3.3 Patent Corpus Construction272

We augment TRIZBENCH with a patent corpus to273

evaluate TRIZ reasoning under domain shift. We274

include two sources of patents: (i) patents explic- 275

itly referenced in extracted TRIZ cases, and (ii) 276

an auxiliary set of 234 U.S. patents with TRIZ an- 277

notations referring to TRIZ-focused sources. For 278

each patent, we normalize the patent identifier and 279

query PatentsView to retrieve a set of fields, such 280

as title, abstract, background/summary when avail- 281

able, claims, CPC codes, grant date. We restrict the 282

release to U.S. patents in the current version. 283

This paired case–patent design supports evalua- 284

tion and transfer: models can learn contradiction 285

structure and principle usage from case narratives 286

and then apply it to patent language, where su- 287

pervision is sparse and trade-offs are often stated 288

indirectly. 289

3.4 Human Evaluation 290

Automatic validation (Stage III) enforces schema 291

and evidence constraints at scale, but it cannot fully 292

assess semantic correctness. Therefore, we con- 293

duct human evaluation to estimate the quality of 294

both extracted TRIZ cases and patent corpus. Two 295

human experts with experience reading technical 296

papers and patents annotated the extracted cases 297

and patents following a detailed guideline. Addi- 298

tionally, they conducted two rounds of discussion 299

to resolve disagreements and reached consensus 300

decisions (approve/reject). 301

Case quality. We sample (N=200) extracted 302

cases and evaluate: (1) trustworthiness as whether 303

each extracted field is supported by the cited ev- 304

idence; (2) contradiction correctness as whether 305

improving_text and worsening_text accurately 306

reflect the trade-off described in the source; (3) 307

completeness as whether required fields are present 308

and non-empty; and (4) resolution correctness as 309

whether solution_text captures the stated mech- 310

anism without introducing unsupported claims. 311

Each case is assigned one of three outcomes: 312

approve, edit, or reject. Overall, nearly all 313

cases are approved as-is. The few interventions 314

are minor edits aimed at improving clarity. We 315

evaluate the validity of patent linkage separately 316

below, since patent identifiers may be mentioned 317

without constituting a patent-centered analysis. 318

Patent quality. Because patents can be men- 319

tioned without substantive analysis, we also evalu- 320

ate the cases with non-empty patent_ids. Annota- 321

tors verify whether the cited patents are supported 322

by the source evidence, and whether the patent is 323

used to analyze the contradiction or the solution 324
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TRIZ case corpus Patent corpus

Statistic Number Statistic Number

Source documents 590 Patent-linked cases 148 (10.9%)
Cases 1,354 Unique case-linked patents 223
Contradictions (total) 1,679 Auxiliary labeled patents 234
Solutions (total) 2,630 Unique patents (total) 429
Contradictions w/ Triz parameters† 491 (29.2%) Patents w/ parameters 257 (56.2%)
Cases w/ TRIZ principles 734 (54.2%) Patent w/ principles 304 (66.5%)
Major domains 10 CPC codes (3-digit) 83

Case text length (tokens)‡ 278 (avg.) Patents per patent-linked case 1.96 (avg.)
Contradiction evidence (tokens) 53 (avg.) Patent abstract (tokens) 187 (avg.)
Principle evidence (tokens) 41 (avg.) Patent first claims (tokens) 216 (avg.)

Table 1: Overall dataset statistics for TRIZBENCH. †Counts contradictions where both improving and worsening
TRIZ parameter IDs are present. ‡Case text length is computed over {system_description, problem_statement,
solution_text} when present.

rather than a toy example. We additionally record325

error categories such as false links and ambiguous326

patent mentions. In total, we review 148 patent-link327

cases which contain non-empty patent_ids. Of328

these, 4/148 are flagged as non-substantive, which329

means patents mentioned but not used as a patent330

case and then excluded from patent benchmarks.331

3.5 Dataset statistics332

Table 1 summarizes TRIZBENCH: 1,354 cases333

with 1,679 contradiction entries; 491 contradic-334

tions (29.2%) include improving–worsening TRIZ335

parameter pairs and 734 cases (54.2%) include336

TRIZ principles (2,630 total possible solutions/prin-337

ciples). Figure 2 shows that the most principles338

mentioned in cases are “Segmentation”, and the339

contradiction in patent is (“Extend of automation”,340

“Device complexity”). The case narrative length av-341

erages 278 tokens, while evidence spans are shorter.342

We map fine-grained domain tags into 10 major343

domains , including Management, Mechanical/-344

Manufacturing, Computer/Electronics, Biomedi-345

cal/Pharma and so on (Appendix A.2.1). The patent346

corpus contains 429 unique patents which span 83347

CPC 3-digit classes, such as A61 (Medical), G06348

(Computing) and H01 (Electric). Detailed statistics349

information of patents are in Appendix A.2.2.350

4 Experiments351

We evaluate models on three tasks that probe352

TRIZ inventive reasoning from both case narratives353

and patent language: (1) Contradiction prediction,354

which extracts an improve–worsen trade-off and355

(when available) maps it to classical TRIZ parame-356

ters; (2) Inventive principle prediction, whether357

models can recover the inventors TRIZ princi-358

(a) Top 10 principles in cases (b) Top 10 pairs in patents

Figure 2: Top Contradiction pairs and principles distri-
butions in TRIZBENCH.

ples used in the source case or patent; and (3) 359

Grounded TRIZ reasoning, which additionally re- 360

quires sentence-level evidence citations from patent 361

text to justify predicted principles and mechanisms. 362

In all experiment settings, we use an 80/20 train/- 363

validation split for both the case corpus and the 364

patent corpus, with splits performed at the case/- 365

patent level. All open-source model (Qwen3 (Yang 366

et al., 2025) and LLaMA3 (Dubey et al., 2024)) ex- 367

periments are run on a cluster with 4×A100 GPUs, 368

while Gemini (Comanici et al., 2025) results are 369

obtained via the Google Gemini API under the 370

same task prompts and evaluation protocols. More 371

experiments details are in Appendix. 372

4.1 Contradiction prediction 373

Goal. This task evaluates whether a model can 374

predict the two aspects of a TRIZ contradiction 375

from technical descriptions: the improving (t+/p+; 376

what we want to improve) and the worsening 377

(t−/p−; what deteriorates as a trade-off). We 378

emphasize pair-level correctness because further 379

TRIZ reasoning, such as retrieving inventive princi- 380

ples or generating a resolution, depends on jointly 381

identifying the improving and worsening aspects. 382
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Model Method Case Patent

HasF1 PairF1 Hit@3

Qwen3-7B ZS 0.84 0.31 0.13
Qwen3-7B FS 0.87 0.30 0.15
Qwen3-32B ZS 0.76 0.29 0.21
Qwen3-32B FS 0.75 0.34 0.19

LLaMA3.1-8B ZS 0.77 0.29 0.14
LLaMA3.1-8B FS 0.83 0.32 0.14
LLaMA3.1-70B ZS 0.80 0.33 0.16
LLaMA3.1-70B FS 0.76 0.36 0.19

Gemini-2.5-Pro ZS 0.77 0.42 0.24
Gemini-2.5-Pro FS 0.82 0.45 0.26

PatentSBERTa Retrieval – – 0.23
BGE Retrieval – – 0.17

Qwen3-7B LoRA 0.90 0.43 0.28
LLaMA3.1-8B LoRA 0.88 0.38 0.26

Table 2: Main results on contradiction prediction.
HasF1 is F1 for contradiction detection (case-level).
PairF1 is semantic matching F1 for improve–worsen
contradiction pairs at threshold τ = 0.65 (case-level).
Hit@3 reports whether a gold pair appears among the
model’s top-3 ranked predicted pairs (patent-level).

We evaluate (1) extraction of the improving/wors-383

ening text and (2) when labels are available, predic-384

tion of the corresponding TRIZ parameter IDs in385

the classical 39-parameter space.386

4.1.1 Case-level prediction387

Data. Each case provides system_description388

and problem_statement, and includes one389

or more annotated contradictions with gold390

improving_text and worsening_text. Input.391

The input x concatenates the case narrative: x =392

[system_description; problem_statement],393

Output. Models output a set of candidate pairs394

(t̂+, t̂−).395

4.1.2 Patent-level prediction396

Data. We construct a parallel benchmark over397

patents. Each patent is annotated with one improv-398

ing parameter ID and one worsening parameter ID.399

Input. For each patent, we build x by concatenat-400

ing text from available sections, including abstract,401

background, summary, and the first independent402

claim. Output. Models predict (p̂+, p̂−) in the403

39-parameter ID space. This setting probes domain404

transfer: patent documents are claim-centered and405

more formal, but trade-offs often stated implicitly.406

4.1.3 Methods407

We benchmark three approach families. (1) LLM408

prompting: zero-shot (ZS) and few-shot (FS),409

where FS prepends k labeled exemplars sampled 410

randomly from the train set. Prompts enforce struc- 411

tured outputs and instruct models to abstain when a 412

contradiction cannot be grounded. (2) LoRA fine- 413

tuning: LoRA adapters trained under the same 414

output schema on the case and patent train splits. 415

We evaluate case-LoRA, patent-LoRA, and transfer 416

(case-LoRA applied to patents) to measure domain 417

shift. (3) Retrieval baselines: for patent-level pa- 418

rameter prediction, we rank TRIZ parameters by 419

embedding similarity between the patent text and 420

each parameter’s name and description using sen- 421

tence encoders (Bekamiri et al., 2024; Chen et al., 422

2025). 423

4.1.4 Evaluation 424

We evaluate contradiction detection and improve– 425

worsen pair quality, with pair-level correctness as 426

the primary metric. 427

Contradiction detection. We predict whether an 428

input contains a contradiction and report F1, cap- 429

turing abstention on non-contradiction inputs and 430

avoiding hallucinated structures. 431

Improve–worsen pair matching (case). We 432

align predicted (t̂+, t̂−) to gold (t+, t−) us- 433

ing embedding-based semantic matching with 434

Qwen3-Embedding-8B. Pair similarity is the aver- 435

age of cosine similarities on the improving and 436

worsening aspects. Note that, we allow swapping 437

and take the maximum under swapped alignment. 438

We perform one-to-one matching under threshold 439

τ to compute pair-level precision/recall/F1, and 440

report F1 at τ=0.65 (additional results in A.3.2). 441

Parameter prediction (patent). Models output 442

TRIZ parameter IDs (p̂+, p̂−) in the 39-parameter 443

space. We report PairHit@K requiring both aspects 444

correct within top-K (K=3) (additional results are 445

in Appendix A.3.2). 446

Results. Table 2 shows contradiction detection is 447

easier than recovering the correct improve–worsen 448

pair. Gemini-2.5-Pro achieves the best ZS/FS 449

PairF1 on cases (0.42–0.45) and competitive Hit@3 450

on patents (0.24–0.26), while LoRA further im- 451

proves detection and pair retrieval (best detection 452

F1: 0.90; best patent Hit@3: 0.28), suggesting 453

structured learning helps under semantic evalu- 454

ation. Retrieval is also competitive on patents 455

(PatentSBERTa Hit@3=0.23), indicating that map- 456

ping patent phrasing to contradiction aspects is a 457
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key challenge. Few-shot gains are small and some-458

times inconsistent, likely due to exemplar sensitiv-459

ity. We highlight directions including dependency-460

aware pair extraction, hybrid retrieve and loRA461

pipelines for domain transfer to patent, and end-462

to-end grounded training to downstream principle463

reasoning (Sections 4.2, 4.3).464

4.2 Inventive principle prediction465

Goal. This task evaluates whether a model can466

predict the inventive principles used in the source to467

address a contradiction. Given a technical context468

and a single contradiction with an improve–worsen469

pair, the model outputs a ranked list of TRIZ prin-470

ciples (IDs 1–40) in the classical set. Because471

sources may cite multiple principles for the same472

contradiction, we treat the task as ranked multi-473

label prediction.474

4.2.1 Case principle prediction475

Data. We include a TRIZ case when it contains476

at least one contradiction and at least one labeled477

inventive principle. Since many cases include mul-478

tiple contradictions, we use a single-contradiction479

protocol by selecting one contradiction per case,480

yielding one instance (x,G), where G is the gold481

principle set. Input. x follows a structured482

template concatenating system_description,483

problem_statement, and the selected contradic-484

tion improve_text/worsen_text. Output. Mod-485

els return a ranked list ẑ of principle IDs in [1, 40],486

truncated to top-K (K = 1, 3, 5).487

4.2.2 Patent principle prediction488

Data. We construct an similar benchmark over489

patents using our classical TRIZ labeled patent set:490

given patent text x, models output a ranked list of491

principle IDs in the same 40-principle space.492

4.2.3 Methods493

We benchmark five approach families: (1) classi-494

cal matrix lookup from the TRIZ contradiction495

matrix; (2) text retrieval ranking principles by sim-496

ilarity to principle names/descriptions; (3) LLM497

prompting in zero-shot (ZS) and few-shot (FS)498

settings (FS prepends in-context examples); (4) re-499

trieval reranking that reranks matrix candidates500

with an LLM; and (5) end-to-end pipelines that501

first perform contradiction prediction (Section 4.1)502

and then aggregate matrix recommendations over503

predicted (p+, p−) pairs to produce a reranked prin-504

ciple list.505

Model Method Case Patent

Hit@3 Recall@3 Hit@3 Recall@3

Non-LLM baselines

– Matrix 0.67 0.26 0.48 0.39
– TF-IDF 0.69 0.35 0.56 0.42

LLM baselines

Qwen3-7B ZS 0.39 0.12 0.27 0.18
Qwen3-7B FS 0.51 0.19 0.25 0.15
Gemini-2.5-Pro ZS 0.45 0.23 0.31 0.26
Gemini-2.5-Pro FS 0.52 0.21 0.35 0.27

Retrieval reranking

Qwen3-7B M-Rerank 0.71 0.29 0.59 0.47
LLaMA3.1-8B M-Rerank 0.68 0.24 0.55 0.36

End-to-end pipelines

Qwen3-7B ZS-Rerank 0.59 0.17 0.46 0.40
Qwen3-7B LoRA-Rerank 0.65 0.26 0.52 0.44

Table 3: Main results on inventive principle prediction.
We report Hit@3 and Recall@3 for both case and patent
benchmarks. M-rerank denotes Matrix-Rerank which
prompts an LLM to rerank matrix candidates.

4.2.4 Evaluation 506

Metrics. Since gold labels are multi-principle, we 507

report ranking metrics: Hit@K, whether any gold 508

principle appears in the top-K, and Recall@K, the 509

fraction of gold principles recovered in the top-K. 510

Results. Table 3 shows that principle prediction 511

is largely driven by whether a method exploits 512

TRIZ structure. Matrix lookup performs well be- 513

cause, given an improve–worsen parameter pair, 514

the contradiction matrix narrows candidates to a 515

small set prescribed by TRIZ practice (Hit@3: 0.67 516

on cases; 0.48 on patents). TF-IDF retrieval is also 517

competitive, suggesting that many principles have 518

distinctive names/descriptions and lexical overlap 519

is often sufficient under Hit@3. 520

Direct LLM prompting underperforms across 521

domains, indicating that unconstrained generation 522

often yields plausible but weakly anchored prin- 523

ciples rather than the source-associated set. In 524

contrast, Matrix-Rerank achieves the best over- 525

all results (Hit@3 up to 0.71 case / 0.59 patent), 526

suggesting LLMs are most effective as selectors 527

over matrix-consistent candidates. End-to-end 528

pipelines further show that principle accuracy im- 529

proves with stronger upstream parameter predic- 530

tions (Section 4.1), motivating better pair consis- 531

tency and grounded constraints (Section 4.3), espe- 532

cially when patent principle labels are sparse. 533

4.3 Grounded TRIZ reasoning 534

Goal. Grounded TRIZ reasoning (GTR) evalu- 535

ates TRIZ contradiction and principle reasoning 536

grounded in patent text. Because patents rarely 537
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provide explicit TRIZ principle labels and often ex-538

press trade-offs implicitly, we use richly annotated539

TRIZ cases as supervision and require sentence-540

level attributions (evidence citations to patent sen-541

tences) so that predicted parameters/principles are542

auditable and usable for downstream patent work-543

flows, such as drafting problem–solution narratives544

and interpretable analytics.545

Data. Each datapoint links a TRIZ case to one546

referenced US patent, since these cases include547

TRIZ specific patent analysis. We retrieve patent548

text via PatentsView, split it into sentences {si}Mi=1,549

and provide the case contradiction as free text:550

improving aspect aimp and worsening aspect awor.551

Models predict: (1) TRIZ parameters (pimp, pwor)552

(IDs or normalized names), (2) a ranked list of553

principle IDs π1:K (1–40), and (3) evidence sen-554

tence indices Eimp, Ewor, Esol ⊂ {1, . . . ,M} sup-555

porting the improving aspect, worsening aspect,556

and solution mechanism, respectively. We con-557

struct evidence sets via retrieval over patent sen-558

tences using anchors from case fields (details in559

Appendix A.3.4).560

4.3.1 Methods and evaluation561

We include (1) a retrieval baseline that retrieves562

evidence using anchors and outputs case-provided563

TRIZ labels, and (2) a grounded attribution base-564

line that maps aspects to parameters via nearest-565

neighbor matching to a parameter description,566

ranks candidate principles by matching principle567

descriptions to patent sentences, and outputs evi-568

dence sentence indices for each component. Em-569

bedding models include MiniLM (Wang et al.,570

2020), MPNet (Song et al., 2020), and PatentS-571

BERTa (Bekamiri et al., 2024). We evaluate with572

evidence F1 against retrieved evidence sets and573

principle Hit@3 conditioned on whether the pa-574

rameter pair is correct.575

Results. In this task, we evaluate whether a576

model can justify predicted principles by citing577

patent sentences that describe the underlying mech-578

anism. Figure 3a shows that evidence quality im-579

proves as the number of sentence increases, but de-580

pends strongly on the retriever: TF-IDF yields only581

modest gains, suggesting lexical matching is of-582

ten insufficient for locating mechanism sentences,583

while grounded attribution baselines are consis-584

tently stronger and PatentSBERTa achieves the best585

alignment improving 0.14 at F1. Figure 3b shows586

a positive relationship between solution grounding587

(a) Number of sentences (b) Grounding vs Accuracy

Figure 3: Grounding and its link to principle predic-
tion. (a) Solution evidence F1 improves with more evi-
dence sentences. (b) Improved grounding is associated
with higher Principle Hit@3, indicating that evidence-
supported solution mechanism retrieval contributes to
more reliable TRIZ principle prediction.

(evidence F1) and principle prediction (Hit@3), 588

indicating that reliable principle selection relies 589

on retrieving semantically relevant mechanism de- 590

scriptions. Moreover, qualitative examples show 591

only labeled TRIZ accuracy can be misleading. For 592

example, the model predicts the parameter pair 593

right and Hit@3=1 yet misses evidence for the im- 594

proving aspect in an athletic-glove case, while a 595

vibrating-alarm timepiece case perfectly grounds 596

the improvement mechanism (F1=1.0) despite an 597

incorrect parameter pair. These results motivate 598

GTR as a robust evaluation that tests whether pre- 599

dicted principles are actually supported by patent 600

mechanisms. 601

5 Conclusion and Future Work 602

We introduced TRIZBENCH, a dataset and bench- 603

mark for TRIZ reasoning grounded in research pa- 604

pers and U.S. patents, with three tasks including 605

trade-off contradiction prediction, inventive princi- 606

ple prediction, and grounded TRIZ reasoning with 607

sentence-level evidence. Across multiple LLMs 608

baselines, we find that it is difficult to extract cor- 609

rect trade-off pairs from patent text. We also ob- 610

serve that principle prediction is most reliable when 611

methods exploit TRIZ structure, and grounding 612

quality depends critically on semantic retrieval over 613

patent sentences. Future work includes end-to-end 614

training objectives that combine contradiction pre- 615

diction with downstream principle selection, and 616

integrating grounding as a important supervision 617

signal for robust and trusty prediction. Indeed, 618

these directions can further support downstream 619

patent workflows such as claim drafting/rewriting 620

and interpretable trend analysis. 621
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Limitations622

Our benchmark has several limitations. First, the623

TRIZ case corpus is extracted from open technical624

sources and is therefore subject to coverage and625

selection bias like domains, so extraction errors626

may persist despite validation and expert review.627

Moreover, the patent corpus is currently limited628

in size and scope to only U.S. patents. Since the629

available TRIZ labels are sparse, it may constrain630

how broadly we can assess principle prediction631

on patents. In addition, we focus on the classical632

TRIZ parameter/principle due to copyright issues633

of updated version of TRIZ matrix.634
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A Appendix821

A.1 More Extraction Details822

A.1.1 Schema823

Each TRIZ case is stored as a JSON object824

with required fields for (i) system context, (ii)825

problem statement, (iii) contradiction structure,826

and (iv) resolution. Contradictions are normal-827

ized to an improve–worsen pair (improving_text,828

worsening_text) for both technical and physical829

contradictions. Each major field includes evidence830

spans that point back to the source segment text.831

We additionally support optional metadata fields,832

including patent_ids and TRIZ parameter/princi-833

ple identifiers when explicitly present in the source.834

A.1.2 Prompts835

We summarize our prompts to extract cases for836

short as follows:837

Segment detection prompt. Given a document838

segment, the detector predicts whether it con-839

tains at least one extractable TRIZ case (case vs.840

no_case). We provide the seed exemplars as in-841

context examples to calibrate the boundary.842

Structured extraction prompt. For candidate843

segments, the extractor is instructed to output a844

JSON object (or list) that conforms to the schema,845

attach evidence spans for each contradiction and846

resolution, and abstain when key components (sys-847

tem, contradiction, resolution) are missing.848

A.1.3 Validation and Deduplication849

We apply two classes of automatic checks.850

Schema validation. We verify JSON parseabil-851

ity; required keys and types; and controlled-852

vocabulary fields (e.g., contradiction type). Outputs853

that violate required fields are discarded.854

Evidence grounding. We verify that evidence855

spans correspond to text in the processed segment856

(or a small local window, when used). Outputs857

missing evidence for contradiction or resolution858

are discarded.859

Deduplication. We merge near-duplicate cases860

within the same document using similarity between861

normalized contradiction texts and resolution snip-862

pets, retaining the most complete object and merg-863

ing complementary metadata when applicable.864

A.1.4 Patent Corpus Details 865

Patent ID normalization We normalize patent 866

identifiers into a consistent U.S. grant format (digits 867

only) and deduplicate repeated records. 868

PatentsView retrieval For each normalized 869

patent ID, we query PatentsView for a standard- 870

ized set of fields (e.g., title, abstract, background/- 871

summary when available, claims, CPC codes, grant 872

date). Missing fields are recorded explicitly. We 873

restrict the dataset to U.S. patents supported by 874

PatentsView and discard non-U.S. references. 875

A.1.5 Human evaluation guidelines 876

We provide a annotation tool to the human experts 877

and a detailed list on what to check in the cases as 878

shown in Figure 4. 879

A.2 Additional dataset statistics 880

We release TRIZBENCH as a JSONL file 881

(triz_cases.jsonl) containing one TRIZ case 882

per line. Each case is represented by a fixed schema 883

(Table 4) with four evidence-grounded components: 884

system context, problem setting, contradiction 885

structure, and resolution. Contradictions are stored 886

as a list of conflict objects (Table 5) that include 887

free-text fields describing the improving and wors- 888

ening requirements (improving_aspect_text, 889

worsening_aspect_text), an optional con- 890

tradiction type label (contradiction_type), 891

and optional mappings to TRIZ engi- 892

neering parameters when available (e.g., 893

triz_improving_parameter_id/name, 894

triz_worsening_parameter_id/name). So- 895

lutions are recorded as free text (solution_text) 896

and, when explicitly stated in the source, as a list 897

of TRIZ inventive principles (triz_principles. 898

To support grounded evaluation, each contradiction 899

and principle entry includes an evidence_text 900

field containing the supporting snippet from the 901

source; when offset tracking is available, we addi- 902

tionally provide optional global evidence_spans 903

that link extracted fields to approximate document 904

locations. We use controlled vocabularies for fields 905

such as contradiction_type to ensure consistent 906

labeling across the corpus, while keeping the core 907

descriptions in free text to preserve the original 908

technical framing. 909

3In our current pipeline, evidence is primarily stored at
the contradiction/principle level via evidence_text. Global
evidence_spans are optionally populated when offset track-
ing is available.
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Figure 4: The annotation tool for cases evaluation.

Field Type Req. Description / Example
case_id string Y Unique case identifier.
source_doc_id string Y Source document identifier.
source_type string Y Source category (e.g., journal_article, triz_journal_html).
title string Y Document title.
year int Y Publication year.
language string Y Language code (e.g., en).
application_domain list[string] N Domain tags (e.g., Mechanical Engineering; Pharmacy Automation).
system_description string Y System context and background (free text).
problem_statement string Y Problem narrative motivating the contradiction(s).
contradictions list[dict] Y List of extracted contradiction objects (Table 5).
solution_text string N Solution mechanism described in the source (free text).
triz_principles list[dict] N List of TRIZ inventive principles linked to the solution.
patent_ids list[string] N Referenced patent identifiers if available.
evidence_spans list[dict] N evidence spans (segment/page offsets when available).
has_problem bool Y Presence indicator for problem statement.
has_contradictions bool Y Presence indicator for contradiction list.
has_solution bool Y Presence indicator for solution text.
has_principles bool Y Presence indicator for TRIZ principles list.

Table 4: Top-level JSON schema for a TRIZ case in TRIZBENCH. “Req.” denotes required fields.

Field Type Req. Notes

conflict_id string Y Unique ID within a case.
contradiction_type string Y {technical, physical}.
improving_text string Y Text span describing the desired im-

provement.
worsening_text string Y Text span describing the trade-

off/worsening.
triz_improving_parameter_id int N Optional TRIZ engineering parameter

ID.
triz_improving_parameter_name string N Optional parameter name.
triz_worsening_parameter_id int N Optional TRIZ engineering parameter

ID.
triz_worsening_parameter_name string N Optional parameter name.
evidence_text string Y Evidence snippet supporting this con-

tradiction.
confidence float N Model confidence when available.

Table 5: Schema for contradiction objects in contradictions.
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Major domain # cases

TRIZ/Innovation/Management 218
Mechanical/Manufacturing 189
Computer/Communication 176

Table 6: Top 3 Major domain case counts.

CPC 3-digit class # patents

A61 173
G06 85
Y10 83
H01 72
G01 66

Table 7: Top CPC 3-digit classes in the patent corpus.

A.2.1 Major domain mapping and coverage910

The raw application_domain field contains911

fine-grained tags originating from heterogeneous912

sources. For presentation and analysis, we map913

these tags into 10 major domains using a determin-914

istic keyword-based mapping: Mechanical/Manu-915

facturing, Electrical/Electronics, Computer/Com-916

munication, Transportation/Aerospace, Chemical/-917

Materials, Biomedical/Pharma, Energy/Environ-918

ment, Civil/Construction, Product/Consumer, and919

TRIZ/Innovation/Management. A case may map to920

multiple macro domains when tags indicate cross-921

domain systems. Table 6 reports top 3 major do-922

main frequencies.923

A.2.2 Patent corpus and CPC coverage924

The patent corpus consists of (i) 223 unique patents925

referenced by 148 cases in the extracted corpus,926

and (ii) an auxiliary set of 234 author-curated927

patents with TRIZ parameter/principle labels col-928

lected from TRIZ-focused resources, for a total929

of 429 unique patents. Across the union set, 257930

patents (56.2%) include TRIZ parameter labels and931

304 patents (66.5%) include at least one TRIZ prin-932

ciple label. We retrieve patent metadata and CPC933

assignments via PatentsView and observe coverage934

of 83 distinct 3-digit CPC classes (e.g., G06, H04,935

A61). Table 7 lists the most frequent CPC classes.936

Patent text lengths. To contextualize input937

length for patent-centric benchmarks, the mean938

patent abstract length is 187 tokens and the mean939

first independent claim length is 216 tokens under940

our retrieval pipeline (token counts estimated from941

character length for model-agnostic reporting).942

A.3 More Experiments Details 943

We include the prompts we used in contradiction 944

prediction and principle prediction, and evidence 945

constriction in grounded TRIZ reasoning. In ad- 946

dition, we also show more detailed results of con- 947

tradiction prediction in Table 8. Note that, all ex- 948

periments are reported as average results of three 949

runs. 950

A.3.1 Contradiction prediction 951

In LoRA settings, we run 2 epochs with learning 952

rate of 2e − 4, batch size as 1 and max sequence 953

length as 4096 for all models. 954

For all experiments with prompts, we use the 955

following prompt: 956

Prompt (Contradiction prediction)

SYSTEM:
You are an expert TRIZ analyst.
Extract contradictions and
output ONLY a valid JSON object.

USER:
Task: Identify and structure TRIZ contradictions
from the text.

Return ONLY a JSON object matching this schema
(keys must match; use null if unknown):

Rules:
1) Output MUST be valid JSON. No markdown.
No extra text.
2) If no contradiction is explicitly supported
by the text, set has_contradictions=false
and contradictions=[].
3) Output AT MOST 2 contradictions.
If multiple exist, choose the 2 most central and
explicitly stated.
4) improving_text and worsening_text MUST
be short phrases.
5) evidence_text MUST be a short quote from the
INPUT TEXT that supports the contradiction

(not an explanation).
6) Parameter IDs are optional;
set to null unless the text explicitly
supports the mapping.

INPUT TEXT:
{input_text}

957

A.3.2 More results 958

Table 8 reports more results on different seman- 959

tic matching thresholds on case predictions and 960

also expanded patent-level ranking metrics. As ex- 961

pected, PairF1 decreases as the semantic threshold 962

increases from τ=0.7 to τ=0.75 across all models, 963

which means that exact contradiction phrasing is 964

a major source of error even when predictions are 965

semantically close. On patents, Hit@1 remains 966
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low overall, but Hit@5 increases substantially, sug-967

gesting that many correct pairs appear in the can-968

didate set but are poorly ranked. Notably, retrieval969

baselines are competitive at Hit@5 (PatentSBERTa970

0.38), and LoRA achieves the best ranking perfor-971

mance (up to 0.48), reinforcing the value of seman-972

tic matching plus learned ranking under domain973

shift.974

A.3.3 Principle Prediction975

For all experiments with prompts, we use the fol-976

lowing prompt:977

Prompt (Principle Prediction)

SYSTEM:
You are an expert TRIZ analyst.
Given a problem and contradiction,
predict the most relevant TRIZ
inventive principles.
Return ONLY valid JSON.

USER:
Task: Predict the most relevant TRIZ inventive
principles (IDs 1..40) to resolve the
contradiction.
Return ONLY a JSON object with this schema:
{
"principle_ids": [int, ...]

}

Rules:
1) Output must be valid JSON only.
2) principle_ids must be integers
in [1..40], unique, ranked best-first.
3) Output EXACTLY K IDs (no fewer).

TRIZ PRINCIPLES (1..40):
1. ...
2. ...
...
40. ...

INPUT:
{input_text}

978

A.3.4 GTR evidence construction979

We construct evidence sets via retrieval over980

patent sentences. For each component c ∈981

{imp,wor, sol}, we define anchors Ac from case982

fields, including aimp for improving, awor for wors-983

ening, and case solution/principle evidence text984

for solution. We score each sentence by its max-985

imum similarity to the anchors and take top-K:986

Êc = TopK
(
maxα∈Ac sim(si, α)

)
, where sim is987

PatentSBERTa embedding cosine similarity.988
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Model Method Case Patent

PairF1 @ 0.7 PairF1 @ 0.75 Hit@1 Hit@5

Qwen3-7B ZS 0.28 0.24 0.08 0.19
Qwen3-7B FS 0.30 0.27 0.08 0.24
Qwen3-32B ZS 0.27 0.26 0.10 0.28
Qwen3-32B FS 0.32 0.27 0.11 0.32

LLaMA3.1-8B ZS 0.25 0.22 0.04 0.21
LLaMA3.1-8B FS 0.28 0.24 0.10 0.22
LLaMA3.1-70B ZS 0.29 0.27 0.12 0.26
LLaMA3.1-70B FS 0.31 0.26 0.14 0.31

Gemini-2.5-Pro ZS 0.30 0.28 0.11 0.30
Gemini-2.5-Pro FS 0.35 0.30 0.13 0.33

PatentSBERTa Retrieval – – 0.19 0.38
BGE Retrieval – – 0.15 0.35

Qwen3-7B LoRA 0.42 0.38 0.22 0.48
LLaMA3.1-8B LoRA 0.38 0.36 0.20 0.42

Table 8: Additional results on contradiction prediction. PairF1 is semantic matching F1 for improve–worsen
contradiction pairs at threshold τ = 0.7, 0.75 (case-level). Hit@k reports whether a gold pair appears among the
model’s top-1,5 ranked predicted pairs (patent-level).
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