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Abstract

Large language models are increasingly used
in inventive problem-solving, but effective sup-
port requires more than open-ended idea gener-
ation. Inventive problem-solving requires im-
proving one aspect of a technical system with-
out unintentionally worsening another. TRIZ
(Theory of Inventive Problem Solving) pro-
vides a unique and structured framework for
this setting by representing engineering trade-
offs as contradictions and linking them to stan-
dardized inventive principles. However, prior
TRIZ-LLM evaluations are typically small-
scale, case studies in focused areas of technol-
ogy, and rarely grounded in patent text, which
makes it difficult to assess structured reason-
ing at scale. We introduce TRIZBENCH, a
dataset and benchmark for TRIZ reasoning
grounded in open technical sources and U.S.
patents. TRIZBENCH evaluates the core TRIZ
workflow through three tasks: contradiction
prediction, inventive principle prediction, and
grounded TRIZ reasoning. Experiments with
multiple LLM baselines show that detecting
contradictions is easier than recovering cor-
rect trade-off pairs, while principle prediction
benefits from explicitly exploiting TRIZ struc-
ture. Our findings further underscore the im-
portance of grounding. We show that semantic
retrieval enables evidence-based justifications
and helps explain why LLMs fail. Dataset and
code are available at https://github.com/
ellenzhuwang/trizbench.

1 Introduction

Large language models (LLMs) are increasingly
used as assistants in invention workflows (Ma et al.,
2023; Guo et al., 2025a), supporting tasks such
as summarizing prior art (Sharma et al., 2019;
Wang et al., 2024b), reframing problem statements
(Einarsson et al., 2024), and proposing ideas or so-
lutions (Noy and Zhang, 2023; Hou et al., 2024;
Chen et al., 2024). However, effective invention

support requires more than generating plausible so-
lutions (Siddharth and Luo, 2024). It requires iden-
tifying the underlying technical trade-off in a sys-
tem and producing reasoning that can be grounded
in the problem—solution narrative.

TRIZ (Theory of Inventive Problem Solving)
(Altshuller, 1999) provides a structured framework
for this setting by representing problems as con-
tradictions and organizing common resolution pat-
terns as inventive principles. Consider a portable
baby stroller. Making the stroller lighter and more
compact improves portability, but smaller wheels
can make the ride rougher and less effective on
uneven sidewalks (Guarino et al., 2022). Enlarging
the wheels improves ride quality and maneuverabil-
ity, yet also makes the stroller heavier and harder
to fold and transport (Guarino et al., 2020; Trapp
and Warschat, 2024). TRIZ formalizes this kind of
engineering trade-off as a technical contradiction,
where improving one aspect of a system worsens
another (Ilevbare et al., 2013). In classical TRIZ
reasoning, the contradiction is first identified, then
abstracted into standardized parameters, which are
used to retrieve candidate inventive principles for
solution design (Michael, 2006).

Patents are a natural corpus for TRIZ reasoning
because they contain problem—solution narratives
at scale (Wang et al., 2016; Chang et al., 2017).
However, patent language makes TRIZ structure
difficult to recover automatically. Trade-offs in
patent text are often implicit, dispersed across sec-
tions such as the background, limitations, claims,
and expressed in domain-specific language that
does not align well with TRIZ descriptions (Guar-
ino et al., 2020, 2022; Ali et al., 2024; Shomee
etal., 2025). As a result, it remains unclear whether
LLMs can reliably apply TRIZ reasoning to patents
while also producing accurate predictions with text-
based justifications.

Recent TRIZ-related LLMs work, such as Au-
toTRIZ (Jiang and Luo, 2024) and TRIZ-GPT

36084

Findings of the Association for Computational Linguistics: ACL 2026, pages 36084-36101
July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/ellenzhuwang/trizbench
https://github.com/ellenzhuwang/trizbench

(Chen et al., 2024), has demonstrated promis-
ing pipelines for contradiction identification and
principle-guided ideation. However, their evalu-
ations largely rely on small case collections and
domain-specific design scenarios (Xie and Liu,
2023; Guo et al., 2025b). Broadly, the field still
lacks a large-scale benchmark that (i) covers the
key steps of the TRIZ workflow, (ii) supports eval-
uation under patent domain shift, and (iii) enables
evidence-based verification of model reasoning.

In this work, we introduce TRIZBENCH,
a dataset and benchmark for TRIZ reasoning
grounded in technical and research papers as well
as patents. TRIZBENCH includes 1,354 TRIZ cases
collected from domain-expert sources across di-
verse technical areas. Each case is represented
using a structured schema covering system context,
improve—worsen trade-offs, solutions and princi-
ples, and supporting evidence spans. To evalu-
ate transfer to real invention documents, we addi-
tionally provide a patent benchmark of 429 U.S.
patents, including a subset with human-labeled
TRIZ parameters and principles. This case-to-
patent design supports learning contradiction struc-
ture and principle selection from cases, then trans-
ferring to patent text, where labels are sparse and
trade-offs are rarely expressed explicitly.

TRIZBENCH mirrors the classical TRIZ
contradiction-analysis workflow through modular
tasks, enabling fine-grained and auditable evalu-
ation of structured reasoning. Task 1 (Contra-
diction prediction) evaluates whether models can
recover the improve—worsen pair from technical
descriptions. Task 2 (Inventive principle predic-
tion) evaluates principle prediction for a given con-
tradiction and quantifies the extent to which meth-
ods exploit TRIZ structure. Task 3 (Grounded
TRIZ reasoning) requires sentence-level evidence
from patent text to justify predicted parameters and
principles, enabling grounded outputs for down-
stream patent workflows. Together, these tasks
test whether models reason from the provided text
rather than relying on memorized patterns or prior
knowledge.

Implications. TRIZBENCH supports patent-
related workflows by enabling structured extraction
of contradictions, parameter mappings, and inven-
tive principles from technical documents. These
representations can support patent drafting, inter-
pretable analytics of innovation strategies, and
evaluation of LLM-assisted patent systems. More
broadly, the benchmark evaluates structured con-

tradiction abstraction, multi-stage reasoning, and
evidence-grounded justification, which are also rel-
evant to scientific and engineering reasoning tasks.

Our Contributions. We make three main contri-

butions:

* TRIZBENCH: We introduce a large, source-
grounded corpus of 1,354 TRIZ cases and
429 patents, including a human-labeled patent
subset with TRIZ parameters and principles.

* Benchmarks: We define three tasks spanning
contradiction pair prediction, inventive princi-
ple prediction, and grounded TRIZ reasoning
with sentence-level evidence.

* Findings: We provide a comprehensive com-
parison of prompting, fine-tuning, and re-
trieval baselines across multiple models, high-
lighting failure modes under patent domain
shift and the value of grounding-based evalua-
tion beyond raw accuracy.

2 TRIZBENCH Dataset

We introduce TRIZBENCH, a dataset and bench-
mark for TRIZ reasoning and inventive problem
solving. TRIZBENCH consists of structured cases
from open scholarly and technical sources. Each
case records (i) system context, (ii) a contradic-
tion framed as an improve—worsen trade-off pair,
(iii) a solution mechanism and associated inventive
principles, and (iv) supporting evidence spans that
ground these fields in the source text.

Design goals. TRIZBENCH is designed to: (1)
support evidence-supported contradiction identifi-
cation from natural language; (2) provide paired
contradiction—resolution representations for down-
stream retrieval and generation; (3) enable both
prompting-based evaluation and supervised learn-
ing from structured annotations; and (4) connect
case-based TRIZ reasoning to patent-focused ap-
plications, including interpretable patent analytics
and drafting assistance.

2.1 Data collection and preprocessing

Data sources. We collect TRIZ-relevant docu-
ments from two open-access sources: (1) peer-
reviewed papers available as public PDFs and (2)
TRIZ-focused web publications (HTML), includ-
ing The TRIZ Journal! and TRIZ community pro-

"https://the-trizjournal.com
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Figure 1: Overview of TRIZBENCH. (a): benchmark construction pipeline, including seed human annotation,
segment-level detection, LLM-based structured extraction, and human validation. (b): TRIZ workflow-aligned
benchmark tasks. Task 1 evaluates contradiction identification and parameter abstraction; Task 2 evaluates inventive-
principle prediction conditioned on a contradiction; Task 3 evaluates grounded TRIZ reasoning by requiring
evidence-supported predictions from patent text. This modular design enables fine-grained analysis of structured

TRIZ reasoning under patent domain shift.

ceedings”. For papers, we query open indexing
services (e.g., Semantic Scholar and OpenAlex)
with TRIZ-related keywords (e.g., TRIZ, technical/-
physical contradiction, inventive principles, ARIZ)
from 2000 to 2025.

Preprocessing. We retain documents that are En-
glish, contain substantive technical content which
are beyond introductions and surveys, and are
parsable by our pipeline. We remove duplicates
and non-technical pages. Then, we convert PDFs
into structured markdown using marker? with
Gemini-2.5-flash (Comanici et al., 2025) as the
backend, preserving layout structure especially for
tables/figures. We apply lightweight normalization
and maintain approximate source-location point-
ers for evidence checking. Finally, we segment
each document into coherent units (sections/sub-
sections when available; otherwise paragraphs) to
reduce context length and improve extraction sta-
bility. HTML sources are converted to the same
markdown format and processed with identical nor-
malization and segmentation.

*https://trizfest.org
3https://github.com/datalab-to/marker

2.2 TRIZ Case Extraction Pipeline

We extract benchmark TRIZ cases from hetero-
geneous technical documents using a three-stage
pipeline: (i) define a fixed, evidence-grounded
schema via human-annotated seed annotation; (ii)
classify segments with a lightweight case detector;
and (iii) perform structured extraction with auto-
matic validation and normalization.

Stage I: Seed annotation. We (two human ex-
perts) manually annotate a small seed set, includ-
ing 10 documents, 64 segments, and 17 cases, to
operationalize what constitutes a TRIZ case in nat-
ural technical document and to refine a fixed output
schema. A segment qualifies as a case if it describes
a concrete system, a contradiction (technical or
physical), and an explicit or implied resolution. We
normalize all cases into an improve—worsen pair
(improving_text, worsening_text) and require
evidence spans for the contradiction and the resolu-
tion to support downstream benchmarking.

Stage II: Segment-level detection. To reduce
cost and false positives, we first predict whether
each segment contains at least one extractable
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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 parametersf 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. TCounts 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.

case. We implement this step by prompting
Gemini-2.5-pro with seed exemplars to produce
a binary label (case vs. no_case). Only case seg-
ments proceed to structured extraction. no_case
segments are retained for analyzing false positives

in case detection.

Stage III: Structured extraction. For each can-
didate segment, we prompt Gemini-2.5-pro to
output one or more case objects in the defined
schema in Stage I. The extractor is instructed to
(1) fill required fields, (ii) adhere to the source text,
(iii) attach evidence spans for major fields, and (iv)
abstain when key components are missing. When
explicitly stated, we also extract auxiliary metadata
such as referenced patent IDs and TRIZ parame-
ter/principle identifiers.

Validation and normalization. We automati-
cally validate all extracted objects with schema
checks and evidence-grounding checks. Invalid
outputs are discarded; minor omissions are filled
with null defaults. We further normalize vocab-
ularies (e.g., contradiction types) and deduplicate
near-duplicate cases within a document.

Outputs. The pipeline produces three outputs, in-
cluding a validated case corpus, a segment manifest
with detection labels for reproducibility, and logs
summarizing validation failures.

2.3 Patent Corpus Construction

We augment TRIZBENCH with a patent corpus to
evaluate TRIZ reasoning under domain shift. We
include two sources of patents: (i) patents explic-
itly referenced in extracted TRIZ cases, and (ii)
an auxiliary set of 234 U.S. patents with TRIZ an-
notations referring to TRIZ-focused sources. For

1 35 10 3 2 15 28 17
Principle number

(a) Top 10 principles in cases
Contradiction Pair heatma

+32

Improve parameter

+25

DD 0D DD
Worsen parameter

(b) Top 10 pairs in patents

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

each patent, we normalize the patent identifier and
query PatentsView “ to retrieve a set of fields, such
as title, abstract, background/summary when avail-
able, claims, CPC codes, grant date. We restrict the
release to U.S. patents in the current version.

This paired case—patent design supports evalua-
tion and transfer: models can learn contradiction
structure and principle usage from case narratives
and then apply it to patent language, where su-
pervision is sparse and trade-offs are often stated
indirectly.

*https://www.patentsview.org
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2.4 Human Evaluation

Automatic validation (Stage III) enforces schema
and evidence constraints at scale, but it cannot fully
assess semantic correctness. Therefore, we con-
duct human evaluation to estimate the quality of
both extracted TRIZ cases and patent corpus. Two
human experts with experience reading technical
papers and patents annotated the extracted cases
and patents following a detailed guideline. Addi-
tionally, they conducted two rounds of discussion
to resolve disagreements and reached consensus
decisions (approve/reject).

Case quality. We manually audited (N=200) ex-
tracted cases and evaluate: (1) trustworthiness as
whether each extracted field is supported by the
cited evidence; (2) contradiction correctness as
whether improving_text and worsening_text
accurately reflect the trade-off described in the
source; (3) completeness as whether required fields
are present and non-empty; and (4) resolution cor-
rectness as whether solution_text captures the
stated mechanism without introducing unsupported
claims. Each case was independently reviewed by
two domain experts. For the 200 audited cases, Ex-
pert A marked 163 as approved, 33 as edited, and
4 as rejected; Expert B marked 154 as approved,
44 as edited, and 2 as rejected, where edited
includes cases judged broadly valid but requiring
field-level corrections. Initial raw inter-annotator
agreement before adjudication was 74.0 %. Dis-
agreements were resolved through discussion, and
cases determined to be invalid (e.g., non-technical
cases or ambiguous problem framing) were ex-
cluded from the final dataset. We provide represen-
tative edited and rejected examples with field-level
explanations in the Appendix A.1.6.

Patent quality. Because patents can be men-
tioned without substantive analysis, we also evalu-
ate the cases with non-empty patent_ids. Annota-
tors verify whether the cited patents are supported
by the source evidence, and whether the patent is
used to analyze the contradiction or the solution
rather than a toy example. We additionally record
error categories such as false links and ambiguous
patent mentions. In total, we review 148 patent-link
cases which contain non-empty patent_ids. Of
these, 4/148 are flagged as non-substantive, which
means patents mentioned but not used as a patent
case and then excluded from patent benchmarks.

2.5 Dataset statistics

Table 1 summarizes TRIZBENCH: 1,354 cases
with 1,679 contradiction entries; 491 contradic-
tions (29.2%) include improving—worsening TRIZ
parameter pairs and 734 cases (54.2%) include
TRIZ principles (2,630 total possible solutions/prin-
ciples). Figure 2 shows that the most principles
mentioned in cases are “Segmentation”, and the
contradiction in patent is (“Extend of automation”,
“Device complexity”). The case narrative length av-
erages 278 tokens, while evidence spans are shorter.
We map fine-grained domain tags into 10 major
domains , including Management, Mechanical/-
Manufacturing, Computer/Electronics, Biomedi-
cal/Pharma and so on (Appendix A.2.1). The patent
corpus contains 429 unique patents which span 83
CPC 3-digit classes, such as A61 (Medical), GO6
(Computing) and HO1 (Electric). Detailed statistics
information of patents are in Appendix A.2.2.

3 Experiments

We evaluate models on three tasks that probe
TRIZ inventive reasoning from both case narratives
and patent language: (1) Contradiction prediction,
which extracts an improve—worsen trade-off and
(when available) maps it to classical TRIZ parame-
ters; (2) Inventive principle prediction, whether
models can recover the inventors TRIZ princi-
ples used in the source case or patent; and (3)
Grounded TRIZ reasoning, which additionally re-
quires sentence-level evidence citations from patent
text to justify predicted principles and mechanisms.
In all experiment settings, we use an 80/20 train/-
validation split for both the case corpus and the
patent corpus, with splits performed at the case/-
patent level.

All open-source models are official public check-
points from HuggingFace, including Qwen3 (Yang
et al., 2025) and LLaMA3 (Dubey et al., 2024)
PatentSBERTa (Bekamiri et al., 2024), and BGE
(Xiao et al., 2023). Experiments are run on a clus-
ter with 4 x A100 GPUs, while Gemini (Comanici
et al., 2025) results are obtained via the Google
Gemini API under the same task prompts and eval-
uation protocols. All zero-shot runs use determinis-
tic greedy decoding. Few-shot runs use two exem-
plars sampled from a curated pool. Model outputs
are validated against a strict JSON schema, with
an optional single deterministic repair pass. Then
the outputs that remain invalid are excluded from
scoring. On the contradiction-prediction validation
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Model Method Case Patent
HasF1 PairF1 Hit@3
Qwen3-8B ZS 0.84 0.31 0.13
Qwen3-8B 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
Qwen3-8B 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 7 = 0.65 (case-level).
Hit@3 reports whether a gold pair appears among the
model’s top-3 ranked predicted pairs (patent-level).

set, final exclusion rates after repair were below 1%
for all reported open-source models. Full prompt
templates, decoding configurations, and failure-rate
breakdowns are provided in Appendix A.3.1.

3.1 Contradiction prediction

Goal. This task evaluates whether a model can
predict the two aspects of a TRIZ contradiction
from technical descriptions: the improving (t* /p™;
what we want to improve) and the worsening
(t~/p~; what deteriorates as a trade-off). We
emphasize pair-level correctness because further
TRIZ reasoning, such as retrieving inventive princi-
ples or generating a resolution, depends on jointly
identifying the improving and worsening aspects.
We evaluate (1) extraction of the improving/wors-
ening fext and (2) when labels are available, predic-
tion of the corresponding TRIZ parameter IDs in
the classical 39-parameter space.

3.1.1 Case-level prediction

Data. Each case provides system_description
and problem_statement, and includes one
or more annotated contradictions with gold
improving_text and worsening_text. Input.
The input = concatenates the case narrative: x =
[system_description;  problem_statement],
Output. Models output a set of candidate pairs
. 0).

3.1.2 Patent-level prediction

Data. We construct a parallel benchmark over
patents. Each patent is annotated with one improv-
ing parameter ID and one worsening parameter ID.
Input. For each patent, we build x by concatenat-
ing text from available sections, including abstract,
background, summary, and the first independent
claim. Output. Models predict (p*,p~) in the
39-parameter ID space. This setting probes domain
transfer: patent documents are claim-centered and
more formal, but trade-offs often stated implicitly.

3.1.3 Methods

We benchmark three approach families. (1) LLM
prompting: zero-shot (ZS) and few-shot (FS),
where FS prepends k labeled exemplars sampled
randomly from the train set. Prompts enforce struc-
tured outputs and instruct models to abstain when a
contradiction cannot be grounded. (2) LoRA fine-
tuning: LoRA adapters trained under the same
output schema on the case and patent train splits.
We evaluate case-LoRA, patent-LoRA, and transfer
(case-LoRA applied to patents) to measure domain
shift. (3) Retrieval baselines: for patent-level pa-
rameter prediction, we rank TRIZ parameters by
embedding similarity between the patent text and
each parameter’s name and description using sen-
tence encoders (Bekamiri et al., 2024; Chen et al.,
2025).

3.1.4 Evaluation

We evaluate contradiction detection and improve—
worsen pair quality, with pair-level correctness as
the primary metric.

Contradiction detection. We predict whether an
input contains a contradiction and report F1, cap-
turing abstention on non-contradiction inputs and
reducing hallucinated structures.

Improve-worsen pair matching (case). We
align predicted (£7,£7) to gold (t*,t7) us-
ing embedding-based semantic matching with
Qwen3-Embedding-8B. Because contradiction ex-
pressions are often paraphrased or implicit in TRIZ
cases and patents, exact string matching would un-
derestimate semantically correct predictions. To
assess the reliability of the embedding-based align-
ment, we manually inspected a random sample of
20 predicted—gold pairs with similarity > 0.65 and
found that 95% were judged semantically valid by
a human annotator familiar with patents and TRIZ.
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Pair similarity is computed as the average co-
sine similarity over the improving and worsening
aspects. We allow swapped alignment and take
the maximum similarity under the swapped assign-
ment. We then perform one-to-one matching under
threshold 7 to compute pair-level precision, recall,
and F1, and report F1 at 7=0.65 (additional results
in Appendix A.3.4).

Parameter prediction (patent). Models output
TRIZ parameter IDs (p*, p~) in the 39-parameter
space. We report PairHit@K requiring both aspects
correct within top- K (K =3) (additional results are
in Appendix A.3.4).

Results. Table 2 shows contradiction detection is
easier than recovering the correct improve—worsen
pair. Gemini-2.5-Pro achieves the best ZS/FS
PairF1 on cases (0.42-0.45) and competitive Hit@3
on patents (0.24-0.26), while LoRA further im-
proves detection and pair retrieval (best detection
F1: 0.90; best patent Hit@3: 0.28), suggesting
structured learning helps under semantic evalu-
ation. Retrieval is also competitive on patents
(PatentSBERTa Hit@3=0.23), indicating that map-
ping patent phrasing to contradiction aspects is a
key challenge. Few-shot gains are small and some-
times inconsistent, likely due to exemplar sensitiv-
ity. We highlight directions including dependency-
aware pair extraction, hybrid retrieve and loRA
pipelines for domain transfer to patent, and end-
to-end grounded training to downstream principle
reasoning (Sections 3.2, 3.3).

We also conducted a small qualitative calibra-
tion study on 5 representative cases with 6 human
participants across three background levels and sev-
eral frontier models. The results were consistent
with the main benchmark pattern, such as contra-
diction detection was relatively easier than improv-
ing—worsening parameter mapping, even for partic-
ipants familiar with TRIZ. Full details are provided
in Appendix A.3.3.

3.2 Inventive principle prediction

Goal. This task evaluates whether a model can
predict the inventive principles used in the source to
address a contradiction. Given a technical context
and a single contradiction with an improve—worsen
pair, the model outputs a ranked list of TRIZ prin-
ciples (IDs 1-40) in the classical set. Because
sources may cite multiple principles for the same
contradiction, we treat the task as ranked multi-
label prediction.

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

Qwen3-8B A 0.39 0.12 0.27 0.18

Qwen3-8B ES 0.51 0.19 0.25 0.15

Gemini-2.5-Pro A 0.45 0.23 0.31 0.26

Gemini-2.5-Pro ES 0.52 0.21 0.35 0.27

Retrieval reranking

Qwen3-8B 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

Qwen3-8B ZS-Rerank 0.59 0.17 0.46 0.40

Qwen3-8B 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.

3.2.1 Case principle prediction

Data. We include a TRIZ case when it contains
at least one contradiction and at least one labeled
inventive principle. Since many cases include mul-
tiple contradictions, we use a single-contradiction
protocol by selecting one contradiction per case,
yielding one instance (x,G), where G is the gold
principle set. Input. 2z follows a structured
template concatenating system_description,
problem_statement, and the selected contradic-
tion improve_text/worsen_text. Output. Mod-
els return a ranked list z of principle IDs in [1, 40],
truncated to top-K (K =1, 3, 5).

3.2.2 Patent principle prediction

Data. We construct an similar benchmark over
patents using our classical TRIZ labeled patent set:
given patent text x, models output a ranked list of
principle IDs in the same 40-principle space.

3.2.3 Methods

We benchmark five approach families: (1) classi-
cal matrix lookup from the TRIZ contradiction
matrix; (2) text retrieval ranking principles by sim-
ilarity to principle names/descriptions; (3) LLM
prompting in zero-shot (ZS) and few-shot (FS)
settings (FS prepends in-context examples); (4) re-
trieval reranking that reranks matrix candidates
with an LLM; and (5) end-to-end pipelines that
first perform contradiction prediction (Section 3.1)
and then aggregate matrix recommendations over
predicted (p™, p~) pairs to produce a reranked prin-
ciple list.
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3.2.4 Evaluation

Metrics. Since gold labels are multi-principle, we
report ranking metrics: Hit@K, whether any gold
principle appears in the top-K, and Recall @K, the
fraction of gold principles recovered in the top- K.

Results. Table 3 shows that principle prediction
is largely driven by whether a method exploits
TRIZ structure. Matrix lookup performs well be-
cause, given an improve—worsen parameter pair,
the contradiction matrix narrows candidates to a
small set prescribed by TRIZ practice (Hit@3: 0.67
on cases; 0.48 on patents). TF-IDF retrieval is also
competitive, suggesting that many principles have
distinctive names/descriptions and lexical overlap
is often sufficient under Hit@3.

Direct LLM prompting underperforms across
domains, indicating that unconstrained generation
often yields plausible but weakly anchored prin-
ciples rather than the source-associated set. In
contrast, Matrix-Rerank achieves the best over-
all results (Hit@3 up to 0.71 case / 0.59 patent),
suggesting LLLMs are most effective as selectors
over matrix-consistent candidates. End-to-end
pipelines further show that principle accuracy im-
proves with stronger upstream parameter predic-
tions (Section 3.1), motivating better pair consis-
tency and grounded constraints (Section 3.3), espe-
cially when patent principle labels are sparse.

3.3 Grounded TRIZ reasoning

Goal. Grounded TRIZ reasoning (GTR) evalu-
ates TRIZ contradiction and principle reasoning
grounded in patent text. Because patents rarely
provide explicit TRIZ principle labels and often ex-
press trade-offs implicitly, we use richly annotated
TRIZ cases as supervision and require sentence-
level attributions (evidence citations to patent sen-
tences) so that predicted parameters/principles are
auditable and usable for downstream patent work-
flows, such as drafting problem—solution narratives
and interpretable analytics.

Data. Each datapoint links a TRIZ case to one
referenced US patent, since these cases include
TRIZ specific patent analysis. We retrieve patent
text via PatentsView, split it into sentences {s; }},,
and provide the case contradiction as free text:
improving aspect o™ and worsening aspect a™°".
Models predict: (1) TRIZ parameters (p'™, p™°")
(IDs or normalized names), (2) a ranked list of
principle IDs 1.5 (1-40), and (3) evidence sen-
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(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.

tence indices E'™P, EVor 5Ol © {1,..., M} sup-
porting the improving aspect, worsening aspect,
and solution mechanism, respectively. We con-
struct evidence sets via retrieval over patent sen-
tences using anchors from case fields (details in
Appendix A.3.6).

3.3.1 Methods and evaluation

We include (1) a retrieval baseline that retrieves
evidence using anchors and outputs case-provided
TRIZ labels, and (2) a grounded attribution base-
line that maps aspects to parameters via nearest-
neighbor matching to a parameter description,
ranks candidate principles by matching principle
descriptions to patent sentences, and outputs evi-
dence sentence indices for each component. Em-
bedding models include MiniLM (Wang et al.,
2020), MPNet (Song et al., 2020), and PatentS-
BERTa (Bekamiri et al., 2024). We evaluate with
evidence F1 against retrieved evidence sets and
principle Hit@3 conditioned on whether the pa-
rameter pair is correct.
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Results. In this task, we evaluate whether a
model can justify predicted principles by citing
patent sentences that describe the underlying mech-
anism. Figure 3a shows that evidence quality im-
proves as the number of sentence increases, but de-
pends strongly on the retriever: TF-IDF yields only
modest gains, suggesting lexical matching is of-
ten insufficient for locating mechanism sentences,
while grounded attribution baselines are consis-
tently stronger and PatentSBERTa achieves the best
alignment improving 0.14 at F1. Figure 3b shows
a positive relationship between solution grounding
(evidence F1) and principle prediction (Hit@3),
indicating that reliable principle selection relies
on retrieving semantically relevant mechanism de-
scriptions. Moreover, qualitative examples show
only labeled TRIZ accuracy can be misleading. For
example, the model predicts the parameter pair
right and Hit@3=1 yet misses evidence for the im-
proving aspect in an athletic-glove case, while a
vibrating-alarm timepiece case perfectly grounds
the improvement mechanism (F1=1.0) despite an
incorrect parameter pair. These results motivate
GTR as a robust evaluation that tests whether pre-
dicted principles are actually supported by patent
mechanisms.

4 Related work

LLMs for ideation and invention. Recent work
has demonstrated LLMs as general-purpose assis-
tants for ideation and invention across many do-
mains, including creative concept exploration in
specialized domains (Hou et al., 2024), language-
driven generation of design concepts (Zhu and
Luo, 2022; Filippi, 2023), and grounded scientific
ideation from research papers (Radensky et al.,
2024). Moreover, patent-focused LLMs aim to
support IP workflows by generating or structuring
patent content and concepts, which shows growing
interest in applying LLMs to legal and technical
documents (Ren et al., 2025; Bai et al., 2024; Wang
et al., 2024a; Guo et al., 2025a). However, open-
ended ideas are hard to validate without domain
experts. Thus, it remains unclear how LLMs gen-
erate ideas and solve problems. TRIZ-inspired ap-
proaches address this by using contradictions and
guiding principle-based ideation, including end-to-
end TRIZ pipelines and interactive TRIZ assistants,
as well as TRIZ-augmented ideation tools with
LLMs (Jiang and Luo, 2024; Chen et al., 2024; Lee
et al., 2024; Guo et al., 2025b). Despite these ad-

vances, evaluation remains largely system-driven
and case-study based. Existing TRIZ-LLM papers
typically report qualitative analyses or small case
sets in specific domains rather than evaluating on a
large-scale benchmark with evidence supervision
for measuring contradiction detection, principle
attribution, and patent-domain grounding.

TRIZ for patent mining. Prior work has ex-
plored extracting TRIZ structure from patent text.
Early systems typically combined rule-based or
pattern-driven processing with TRIZ resources
to locate contradictions and principles in patents
(Cascini and Russo, 2007; Souili and Cavallucci,
2012; Souili et al., 2015; Wang et al., 2016; Chang
et al., 2017). More recent work introduces deep
learning methods that explicitly separate where
the contradiction is stated from patent sentences
(Guarino et al., 2020, 2022; Trapp and Warschat,
2024). Furthermore, patent-focused TRIZ applica-
tions have also explored evolution trends to iden-
tify promising patents for technology transfer (Park
et al., 2013; Yun et al., 2022). However, evaluation
is typically conducted on individual components
in TRIZ in these works. Thus, it does not yield a
comprehensive benchmark that jointly verify con-
tradiction detection, inventor principle prediction,
and sentence-level grounding on patent language
with LLMs.

5 Conclusion and Future Work

We introduced TRIZBENCH, a dataset and bench-
mark for TRIZ reasoning grounded in research pa-
pers and U.S. patents, with three tasks including
trade-off contradiction prediction, inventive princi-
ple prediction, and grounded TRIZ reasoning with
sentence-level evidence. Across multiple LLMs
baselines, we find that it is difficult to extract cor-
rect trade-off pairs from patent text. We also ob-
serve that principle prediction is most reliable when
methods exploit TRIZ structure, and grounding
quality depends critically on semantic retrieval over
patent sentences. Future work includes end-to-end
training objectives that combine contradiction pre-
diction with downstream principle selection, and
integrating grounding as a important supervision
signal for robust and trusty prediction. Indeed,
these directions can further support downstream
patent workflows such as claim drafting/rewriting
and interpretable trend analysis.
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Limitations

Our benchmark has several limitations. First, the
TRIZ case corpus is extracted from open technical
sources and is therefore subject to coverage and
selection bias like domains, so extraction errors
may persist despite validation and expert review.
Moreover, the patent corpus is currently limited
in size and scope to only U.S. patents. Since the
available TRIZ labels are sparse, it may constrain
how broadly we can assess principle prediction
on patents. In addition, we focus on the classical
TRIZ parameter/principle due to copyright issues
of updated version of TRIZ matrix.
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A Appendix

A.1 More Extraction Details

A.1.1 Schema

Each TRIZ case is stored as a JSON object
with required fields for (i) system context, (ii)
problem statement, (iii) contradiction structure,
and (iv) resolution. Contradictions are normal-
ized to an improve—worsen pair (improving_text,
worsening_text) for both technical and physical
contradictions. Each major field includes evidence
spans that point back to the source segment text.
We additionally support optional metadata fields,
including patent_ids and TRIZ parameter/princi-
ple identifiers when explicitly present in the source.

A.1.2 Prompts

We summarize our prompts to extract cases for
short as follows:

Segment detection prompt. Given a document
segment, the detector predicts whether it con-
tains at least one extractable TRIZ case (case vs.
no_case). We provide the seed exemplars as in-
context examples to calibrate the boundary.

Structured extraction prompt. For candidate
segments, the extractor is instructed to output a
JSON object (or list) that conforms to the schema,
attach evidence spans for each contradiction and
resolution, and abstain when key components (sys-
tem, contradiction, resolution) are missing.

A.1.3 Validation and Deduplication

We apply two classes of automatic checks.

Schema validation. We verify JSON parseabil-
ity; required keys and types; and controlled-
vocabulary fields (e.g., contradiction type). Outputs
that violate required fields are discarded.

Evidence grounding. We verify that evidence
spans correspond to text in the processed segment
(or a small local window, when used). Outputs
missing evidence for contradiction or resolution
are discarded.

Deduplication. We merge near-duplicate cases
within the same document using similarity between
normalized contradiction texts and resolution snip-
pets, retaining the most complete object and merg-
ing complementary metadata when applicable.

A.14 Patent Corpus Details

Patent ID normalization We normalize patent
identifiers into a consistent U.S. grant format (digits
only) and deduplicate repeated records.

PatentsView retrieval For each normalized
patent ID, we query PatentsView for a standard-
ized set of fields (e.g., title, abstract, background/-
summary when available, claims, CPC codes, grant
date). Missing fields are recorded explicitly. We
restrict the dataset to U.S. patents supported by
PatentsView and discard non-U.S. references.

A.1.5 Human evaluation guidelines

We provide a annotation tool to the human experts
and a detailed list on what to check in the cases as
shown in Figure 4.

A.1.6 Human evaluation examples

We provide representative edited and rejected ex-
amples from the human evaluation.

* case_wind_turbine_noise_1
Edited fields: contradictions, triz_principles.
Issue: The assigned TRIZ principles did not
align with the identified contradiction in the
source.
Fix: The principle—contradiction mapping was
revised for conceptual consistency.

case_automotive_rearview_mirror_1
Edited fields: solution_text, patent_ids.
Issue: The solution summary and patent link-
age required correction to better match the
source document.

* case_anemometer_icing 1
Status: Rejected.
Issue: Invalid patent linkage; the example did
not constitute a patent-centered case and was
excluded from the patent benchmark.

A.2 Additional dataset statistics

We release TRIZBENCH as a JSONL file
(triz_cases. jsonl) containing one TRIZ case
per line. Each case is represented by a fixed schema
(Table 4) with four evidence-grounded components:
system context, problem setting, contradiction
structure, and resolution. Contradictions are stored
as a list of conflict objects (Table 5) that include
free-text fields describing the improving and wors-
ening requirements (improving_aspect_text,
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Title approved B

Application Domain (comma-separated) approved B

SynCRF: Syntax-Based Conditional Random Field for TRIZ Parameter Minings

Mechanical Engineering, Product Design

System Description  approved B

Problem Statement  approved &

stroller 1

Contradictions (each JSON object)

Contradiction #1

i R . d
(conflict_stroller_1_wheel_diameter_vs_push_ability) approved €

{
"conflict_id": "conflict_stroller_1_wheel_diameter_vs_push_ability",
"contradiction_type": "technical",
"improving_aspect_text": "diameter of the wheels",
"worsening_aspect_text": "ability to push the stroller",
“triz_improving_parameter_id": null,
"triz_improving_parameter_nal "Comfort",
"triz_worsening_parameter_id": null,
"triz_worsening_parameter_name": "ability to push",

+ Add contradiction

Solution Text  approved B

When the stroller 1 moves over a lawn or uneven road surfaces, it is
necessary for the stroller wheels to have a large diameter so as to
ensure the comfort of the baby. However, if each of the front wheel
assemblies 11 has two large-diameter front wheels 13, the total volume

/| land_weiaht of the stroller 1 will increase sianificantlv so that it is /|

TRIZ Principles (each JSON object)
+ Add principle

Patent IDs (comma-separated) approved B

US693830082

Figure 4: The annotation tool for cases evaluation.

worsening_aspect_text), an optional con-
tradiction type label (contradiction_type),

and optional mappings to TRIZ engi-
neering parameters when available (e.g.,
triz_improving_parameter_id/name,

triz_worsening_parameter_id/name). So-

lutions are recorded as free text (solution_text)
and, when explicitly stated in the source, as a list
of TRIZ inventive principles (triz_principles.
To support grounded evaluation, each contradiction
and principle entry includes an evidence_text
field containing the supporting snippet from the
source; when offset tracking is available, we addi-
tionally provide optional global evidence_spans
that link extracted fields to approximate document
locations. We use controlled vocabularies for fields
such as contradiction_type to ensure consistent
labeling across the corpus, while keeping the core
descriptions in free text to preserve the original
technical framing.

A2.1

The raw application_domain field contains
fine-grained tags originating from heterogeneous
sources. For presentation and analysis, we map
these tags into 10 major domains using a determin-
istic keyword-based mapping: Mechanical/Manu-
facturing, Electrical/Electronics, Computer/Com-

Major domain mapping and coverage

*In 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.

munication, Transportation/Aerospace, Chemical/-
Materials, Biomedical/Pharma, Energy/Environ-
ment, Civil/Construction, Product/Consumer, and
TRIZ/Innovation/Management. A case may map to
multiple macro domains when tags indicate cross-
domain systems. Table 6 reports top 3 major do-
main frequencies.

A.2.2 Patent corpus and CPC coverage

The patent corpus consists of (i) 223 unique patents
referenced by 148 cases in the extracted corpus,
and (ii) an auxiliary set of 234 author-curated
patents with TRIZ parameter/principle labels col-
lected from TRIZ-focused resources, for a total
of 429 unique patents. Across the union set, 257
patents (56.2 %) include TRIZ parameter labels and
304 patents (66.5%) include at least one TRIZ prin-
ciple label. We retrieve patent metadata and CPC
assignments via PatentsView and observe coverage
of 83 distinct 3-digit CPC classes (e.g., G06, HO4,
A61). Table 7 lists the most frequent CPC classes.

Patent text lengths. To contextualize input
length for patent-centric benchmarks, the mean
patent abstract length is 187 tokens and the mean
first independent claim length is 216 tokens under
our retrieval pipeline (token counts estimated from
character length for model-agnostic reporting).

A.3 More Experiments Details

We include the prompts we used in contradiction
prediction and principle prediction, and evidence
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Field Type
case_id string
source_doc_id string
source_type string
title string
year int
language string
application_domain list[string]
system_description string
problem_statement string
contradictions list[dict]
solution_text string
triz_principles list[dict]
patent_ids list[string]
evidence_spans list[dict]
has_problem bool
has_contradictions bool
has_solution bool
has_principles bool

eq.

HMHRHKRKZZZZRKRKZHR AR KK R

Description / Example

Unique case identifier.

Source document identifier.

Source category (e.g., journal_article, triz_journal_html).
Document title.

Publication year.

Language code (e.g., en).

Domain tags (e.g., Mechanical Engineering; Pharmacy Automation).
System context and background (free text).

Problem narrative motivating the contradiction(s).

List of extracted contradiction objects (Table 5).

Solution mechanism described in the source (free text).

List of TRIZ inventive principles linked to the solution.
Referenced patent identifiers if available.

evidence spans (segment/page offsets when available).

Presence indicator for problem statement.

Presence indicator for contradiction list.

Presence indicator for solution text.

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
HO1 72
GO1 66

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

constriction in grounded TRIZ reasoning. In ad-
dition, we also show more detailed results of con-
tradiction prediction in Table 10. Note that, all
experiments are reported as average results of three
runs.

A.3.1 Reproducibility details and inference
configuration

We provide additional implementation details to
improve reproducibility of the reported results. All
open-source models used in this work are official
public HuggingFace checkpoints. In particular, the
models are Qwen/Qwen3-8B, Qwen/Qwen3-32B,
meta-1llama/Llama-3.1-8B-Instruct,
meta-llama/Llama-3.1-7@0B-Instruct,
AI-Growth-Lab/PatentSBERTa,
BAAI/bge-base-en-v1.5.

and

Prompt format. For generation-based tasks, we
use a structured chat format consisting of a fixed
system prompt and a task-specific user instruction.
The system prompt specifies the model role (e.g.,
“You are an expert TRIZ analyst™). The user in-
struction defines the task, required JSON schema,
and output constraints. For contradiction predic-
tion, the instruction requires the model to return
at most two contradictions together with evidence
quoted from the input text. Other tasks use the
same overall inference framework, differing only
in the task-specific schema and field definitions.

Decoding settings. All zero-shot runs use deter-
ministic greedy decoding with temperature=0.0
and do_sample=False. We do not use beam
search. The maximum input length is capped at
6000 tokens. The maximum generation length is
700 new tokens for 8B models and 900 new tokens
for 32B/70B models. EOS and PAD tokens are

Model Repair Rate  Final Exclusion Rate
Qwen3-8B 0.00% 0.00%
Qwen3-32B 0.00% 0.82%
LLaMA-3.1-8B 0.00% 0.00%
LLaMA-3.1-70B 0.00% 0.82%

Table 8: Repair and final exclusion rates on the
contradiction-prediction validation set after strict JSON
validation.

taken from the corresponding tokenizer configura-
tion.

Few-shot configuration. Few-shot runs use two
in-context examples sampled from a curated train-
ing pool with random seed 42. Apart from the
inserted exemplars, few-shot runs use the same
prompt structure and decoding configuration as
zero-shot runs.

Schema validation and repair. Model out-
puts are validated against a strict JSON schema.
When enabled, we apply a single determinis-
tic repair pass to reformat invalid outputs into
valid JSON without introducing new task infor-
mation. The repair pass uses temperature=0.0
and max_new_tokens=400. Outputs that remain
invalid after repair are excluded from scoring.

Failure-rate reporting. On the contradiction-
prediction validation set, the repair mechanism was
rarely triggered, and the final exclusion rate after
repair was below 1% for all open-source models.
Detailed rates are shown in Table 8.

A.3.2 Contradiction prediction

In LoRA settings, we run 2 epochs with learning
rate of 2e — 4, batch size as 1 and max sequence
length as 4096 for all models.

For all experiments with prompts, we use the
following prompt:

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:
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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}

A.3.3 Qualitative results with humans and
models

To qualitatively calibrate the difficulty of contradic-
tion prediction, we conducted a small pilot study
on 5 representative cases, including 3 cases con-
taining contradictions and 2 cases without contra-
dictions. We recruited 6 human participants across
three background levels: (1) no formal experience
with patents or TRIZ, (2) familiarity with patents
but not TRIZ, and (3) familiarity with TRIZ con-
cepts and contradiction analysis (2 participants per
group).

For each case, participants were asked to (1)
determine whether a technical contradiction was
present and (2), if so, select one improving—
worsening parameter pair from five candidate op-
tions. In parallel, we evaluated additional frontier
models under the same instructions using official
API access. Given the small size of this subset,
we report contradiction-detection F1 (HasF1) and
micro-F1 for parameter-pair prediction as qualita-
tive calibration only.

System / Group HasF1  Pair Micro-F1
TRIZ-familiar humans 1.00 0.60
Patent-familiar humans 0.67 0.40
No-experience humans 0.67 0.60
Gemini-3-Pro 0.50 0.40
Sonnet-4.6 1.00 0.60
GPT-5.2 0.80 0.60

Table 9: Qualitative calibration on a 5-case contradiction
subset. These results are intended only to contextualize
task difficulty and are not statistically robust benchmark
comparisons.

These results are consistent with the main bench-
mark findings in Table 2: contradiction detec-

tion is relatively easier than structured parameter-
pair prediction. Notably, even participants famil-
iar with TRIZ did not achieve perfect parameter-
pair performance on this subset. We emphasize
that TRIZBench gold annotations are derived from
expert-authored TRIZ analyses, which serve as the
canonical reference labels; the human pilot partici-
pants were independent annotators rather than the
original case authors.

A34

Table 10 reports more results on different seman-
tic matching thresholds on case predictions and
also expanded patent-level ranking metrics. As ex-
pected, PairF1 decreases as the semantic threshold
increases from 7=0.7 to 7=0.75 across all models,
which means that exact contradiction phrasing is
a major source of error even when predictions are
semantically close. On patents, Hit@1 remains
low overall, but Hit@35 increases substantially, sug-
gesting that many correct pairs appear in the can-
didate set but are poorly ranked. Notably, retrieval
baselines are competitive at Hit@5 (PatentSBERTa
0.38), and LoRA achieves the best ranking perfor-
mance (up to 0.48), reinforcing the value of seman-
tic matching plus learned ranking under domain
shift.

More results

A.3.5 Principle Prediction

For all experiments with prompts, we use the fol-
lowing prompt:

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. ...
2o
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40. ...
INPUT:
{input_text}

A.3.6 GTR evidence construction

We construct evidence sets via retrieval over
patent sentences. For each component ¢ €
{imp, wor, sol}, we define anchors A¢ from case
fields, including '™ for improving, a™°" for wors-
ening, and case solution/principle evidence text
for solution. We score each sentence by its max-
imum similarity to the anchors and take top-K:
E¢ = TopK( maxae Ac sim(s;, ) |, where sim is
PatentSBERTa embedding cosine similarity.
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Model Method Case Patent
PairF1 @ 0.7 PairF1 @ 0.75 Hit@1l Hit@5

Qwen3-8B 7S 0.28 0.24 0.08 0.19
Qwen3-8B FS 0.30 0.27 0.08 0.24
Qwen3-32B 7S 0.27 0.26 0.10 0.28
Qwen3-32B FS 0.32 0.27 0.11 0.32
LLaMA3.1-8B 7S 0.25 0.22 0.04 0.21
LLaMA3.1-8B FS 0.28 0.24 0.10 0.22
LLaMA3.1-70B 7S 0.29 0.27 0.12 0.26
LLaMA3.1-70B FS 0.31 0.26 0.14 0.31
Gemini-2.5-Pro 7S 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
Qwen3-8B LoRA 0.42 0.38 0.22 0.48
LLaMA3.1-8B LoRA 0.38 0.36 0.20 0.42

Table 10: Additional results on contradiction prediction. PairF1 is semantic matching F1 for improve—worsen
contradiction pairs at threshold 7 = 0.7,0.75 (case-level). Hit@Kk reports whether a gold pair appears among the
model’s top-1,5 ranked predicted pairs (patent-level).
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