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A B S T R A C T

Patent intelligence is increasingly constrained by the volume, technical density, and linguistic variability of 
patent documents, which limit the feasibility of producing high-granularity, analyst-facing outputs, such as 
matrices, trajectories, and comparative maps, using conventional keyword- or bibliometric-based methods. This 
study addresses this feasibility gap by proposing an Artificial Intelligence (AI)-based framework designed to 
stabilize patent content for scalable strategic analysis. Methodologically, the framework transforms patent 
documents into structured semantic summaries optimized for large language model processing and uses these 
representations to support AI-driven clustering and multidimensional classification. A retrieval-augmented 
generation (RAG) architecture ensures that summaries and classifications remain grounded in the underlying 
patent corpus, enhancing reliability and transparency. The framework is demonstrated through a large-scale 
robotics case study focusing on Siemens, Toshiba, and Mitsubishi. Results show improved recall and precision 
compared with keyword-based searches for semantically ambiguous categories, illustrated through a legged- 
robot benchmark. The approach enables the systematic construction of technology–application matrices that 
reveal competitive positioning, white spaces, and cross-domain innovation patterns. It further supports cell-level 
deep dives via grounded clustering and evolutionary timelines, as well as technology-acceleration analysis and 
normalized portfolio benchmarking. An additional application to European funded-project data highlights 
misalignments between corporate patenting trajectories and public R&D investment priorities. Overall, the study 
demonstrates that AI-based semantic stabilization provides a robust and scalable foundation for advanced patent 
intelligence in complex technological domains.

1. Introduction

Contemporary patent analysis necessitates increasingly sophisticated 
methodologies to navigate the vast volume of information, demanding a 
balance between efficiency and accuracy. Beyond issues of accuracy, a 
central and often overlooked challenge concerns analytical feasibility. 
Many forms of patent intelligence routinely invoked in strategic con
texts, such as high-granularity technology–application matrices, evolu
tionary trajectories, or multi-dimensional competitive maps, are 
theoretically desirable but practically unattainable at scale using con
ventional methods.

Although traditional bibliometric approaches, such as the study of 
trends or litigation counts, offer a broad overview, the identification of 
specific technological innovations or the assessment of market niches 
requires an in-depth examination of patent content. However, standard 

tools such as the Cooperative Patent Classification (CPC) and Interna
tional Patent Classification (IPC) systems also exhibit inherent limita
tions. When used in isolation, these systems can result in missed 
identifications or erroneous classifications of technological content 
(Fung et al., 2023; [1,2]).

Recent contributions demonstrate that semantic search, transformer- 
based models, and large language models substantially improve patent 
retrieval and document-level classification compared with keyword- or 
classification-based approaches [3–5]. However, these methods still 
operate primarily on raw patent texts or vectorized representations, and 
their analytical outputs remain largely confined to retrieved document 
sets or flat labels. As a result, limited attention is devoted not only to 
how patent content is retrieved or labeled, but to whether artificial in
telligence (AI)-based approaches demonstrably enable the systematic 
production of complex, analyst-facing representations, such as matrices, 
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comparative maps, or technological trajectories, across large patent 
corpora.

Concurrently, manual analysis, while capable of high accuracy, re
mains economically and temporally unsustainable for large-scale patent 
intelligence, given the need for highly specialized expertise combining 
patent-specific language and domain knowledge [6]. While similar 
analytical outcomes may be conceivable through exhaustive manual 
review, such approaches do not scale across multiple dimensions and 
large patent corpora, effectively limiting their use to narrow or illus
trative cases.

Large Language Models (LLMs) enable new forms of automated 
patent analysis, but their direct application to full patent texts is con
strained by document length, linguistic variability, and legal-technical 
complexity. Prior work shows that these limitations arise not from 
model capability, but from the lack of intermediate representations 
capable of stabilizing patent content for scalable and reliable down
stream analysis [7].

The core novelty lies not merely in the use of LLMs, but in the design 
of structured semantic summaries as compact, inspectable, and 
representation-agnostic artifacts that make it feasible to generate, at 
scale and with reliability, a wide spectrum of high-granularity analytical 
outputs. These summaries constitute an explicit intermediate represen
tation layer between raw patent texts and downstream strategic 
analyses.

It is important to clarify the nature of the contribution proposed in 
this study in relation to existing AI-based patent analysis approaches. 
While a growing body of literature applies semantic search, embeddings, 
or large language models to improve patent retrieval or document-level 
classification, the present work does not primarily address performance 
gains in these isolated tasks. Instead, its contribution lies in demon
strating how structured semantic representations of patent content 
enable the systematic and scalable production of complex, analyst- 
facing analytical outputs, such as technology–application matrices, 
evolutionary trajectories, and comparative positioning maps, that are 
often discussed in strategic contexts but rarely achievable in practice at 
scale. In this sense, the study advances a methodological framework 
rather than an incremental optimization of existing retrieval or classi
fication techniques.

Accordingly, the contributions of this study are threefold: (i) the 
introduction of structured semantic patent summaries as a reusable in
termediate representation optimized for LLM-based analysis; (ii) the 
demonstration of how this representation enables scalable, high- 
granularity clustering and multidimensional classification; and (iii) the 
illustration of its analytical value through technology–application 
matrices, evolutionary trajectories, and comparative corporate and 
public R&D analyses. Rather than benchmarking isolated tasks or error 
rates, the study demonstrates the breadth and depth of analytical rep
resentations that become practically achievable when patent data are 
semantically stabilized through AI.

The limitations observed in the direct analysis of patent documents 
motivated the exploration of alternative approaches to maximize the 
efficacy of LLMs in patent intelligence. Accordingly, this study proposes 
an AI-based method centered on the generation of structured semantic 
summaries, designed as compact and semantically rich representations 
of patent content. By providing a more stable and manageable input for 
LLMs, this approach mitigates issues related to document length and 
linguistic complexity, enabling more scalable and reliable patent 
analysis.

Rather than focusing on benchmark-oriented validation or isolated 
performance metrics, this study adopts a workflow-level, demonstrative 
perspective. The objective is not to show that alternative approaches 
fail, but to make explicit what becomes practically achievable today 
through AI-based patent analysis in terms of scale, granularity, and 
reliability of analytical outputs.

To illustrate and stress-test the proposed framework, we present a 
case study on legged robots, a domain characterized by high semantic 

ambiguity and significant classification noise. This case study is not 
intended as a narrow validation task, but as a means to demonstrate the 
breadth and depth of analytical representations that can be systemati
cally generated when patent content is semantically stabilized through 
AI.

2. Literature background

This section reviews academic literature on AI-based patent analysis 
with the objective of identifying methodological limitations that 
constrain the feasibility of large-scale, high-granularity analytical out
puts for strategic patent intelligence. Patent documents and commercial 
systems are discussed only insofar as they illustrate prevailing applica
tion trends, rather than serving as methodological references.

Recent survey work has provided a comprehensive overview of how 
machine learning and deep learning techniques have been applied to 
patent analysis tasks. In particular, Krestel et al. [8] organize the liter
ature around datasets, text representations, and neural architectures, 
identifying classification and retrieval as the most mature and exten
sively evaluated applications. While this task-centric perspective has 
been instrumental in consolidating methodological practices and high
lighting technical challenges in patent NLP, it primarily frames progress 
in terms of model performance on well-defined tasks, leaving open the 
question of how such models can be systematically integrated into 
end-to-end analytical workflows that generate analyst-facing represen
tations for strategic patent intelligence.

Within the evolution of patent information retrieval, three distinct 
levels of sophistication in the application of AI can be identified.

2.1. Keyword-based search

The traditional paradigm of patent searching has relied primarily on 
keyword-based methods, often supplemented by Boolean and proximity 
operators. Despite their widespread adoption, such approaches exhibit 
well-known limitations when applied to the linguistic complexity and 
scale of patent literature.

A fundamental issue arises from the lexical gap and polysemy: 
identical technological concepts may be expressed through diverse for
mulations, while identical terms may carry different meanings 
depending on context. As a result, keyword-based searches systemati
cally generate distorted result sets, affected by both overestimation 
(false positives) and underestimation (false negatives).

Similar distortions are introduced by standard classification systems 
such as IPC and CPC, whose coarse granularity often produces inflated 
and weakly specific patent sets [9,10]. Attempts to mitigate noise 
through restrictive queries or narrow classification codes frequently 
exacerbate underestimation, excluding relevant documents whose 
innovative content is expressed implicitly or outside predefined termi
nological boundaries.

More fundamentally, keyword-based approaches presuppose prior 
knowledge of the relevant terminology and lack the capacity to infer 
implicit technical meaning or integrate domain-specific contextual 
knowledge, limiting their effectiveness in complex patent analysis tasks 
[11]. While useful for preliminary filtering, these methods fail to pro
duce stable semantic representations of patent content, thereby pre
venting the systematic construction of high-level analytical artifacts 
required for strategic patent intelligence.

2.2. Semantic-based search

Several recent studies focus on improving patent search and portfolio 
construction through semantic search and AI-assisted filtering. 
Sequential workflows combining semantic search with automated 
analysis have been proposed to support the identification of relevant 
state-of-the-art documents, particularly in contexts characterized by 
heterogeneous terminology [3]. Similarly, transformer-based models 

G. Giuntelli et al.                                                                                                                                                                                                                                World Patent Information 85 (2026) 102454 

2 



trained on patent corpora have been shown to outperform Boolean 
search strategies in recall- and precision-critical retrieval tasks involving 
long and complex patent texts [4,5].

These advances build on semantic-based search approaches that 
move beyond lexical matching to capture the underlying meaning of 
patent texts (Bergeaud et al., 2017), enabled by Natural Language Pro
cessing and Deep Learning techniques [12]. Recent methodologies 
leverage AI and big data techniques for prior art searching, including 
vector databases, semantic similarity analysis, and neural network 
models, with NLP and LLMs supporting synonym extraction, interpre
tation of user search intent, and advanced document classification 
(KR10-2025-0079348; CN118170872; WO2023/195769; 
IN202521040236; Zhang et al., 2023).

A parallel research stream applies AI to the assessment of patent
ability and the identification of innovative features, either by comparing 
applications against deep learning models trained on specific patent 
classes (TR202502698) or by detecting points of innovation through 
large models (CN119886105). Academic studies further investigate the 
determinants of AI innovation and the use of machine learning to 
identify AI-related patents at scale [13,14], as well as applications in 
specific technological domains such as climate-related inventions [15] 
and energy systems [16].

AI-based techniques are also employed in adjacent patent-related 
activities, including proactive monitoring of patent infringement 
through the analysis of litigation data and product or service content (e. 
g., WO2025156057 A1), as well as the automation of patent prosecution 
and management processes using LLM-based frameworks trained on 
procedural patent knowledge ([17]; WO2020209498).

Collectively, these semantic methodologies enable increasingly 
granular technological classification. By processing full patent texts into 
embeddings and leveraging deep learning models, particularly Trans
former architectures trained on large technical-scientific corpora, it 
becomes possible to assign highly specific labels that capture techno
logical micro-niches and application contexts (e.g., distinguishing be
tween Solid-State Batteries with Ceramic Electrolytes and Redox Flow 
Batteries).

However, optimizing these approaches to achieve stable, scalable, 
and reusable representations for strategic patent intelligence remains an 
open challenge. While semantic-based methods substantially improve 
precision and scalability by overcoming synonymy and polysemy, their 
automated application for high-granularity patent analysis remains 
limited, particularly with respect to the definition of granular category 
vocabularies and the reuse of results across multiple analytical 
dimensions.

Recent work explores the use of generative AI to automate specific 
analytical artifacts derived from patent data [18,19]. While these studies 
demonstrate the feasibility of producing individual outputs, they are 
typically output-specific. In contrast, the present study introduces a 
representation-agnostic intermediate layer designed to support multiple 
analytical views within a unified workflow.

Recent work emphasizes that reproducibility and transparency can 
be more limiting than raw model performance in AI-assisted patent 
analytics, particularly when workflows rely on partially disclosed pro
cedures or proprietary tools [3,20]. Accordingly, this study frames 
reliability in operational terms, as the ability to generate inspectable and 
repeatable analytical outputs grounded in the patent corpus.

Despite improvements in retrieval accuracy and classification pre
cision, semantic and embedding-based approaches largely remain 
document-centric. Patent content is rarely transformed into compact, 
reusable representations that directly support matrices, maps, or 
evolutionary analyses, leaving higher-level synthesis dependent on 
manual interpretation.

2.3. Reasoning-based search

Reasoning-based retrieval represents an important future direction 

for query-time inference in information retrieval [21]. Nevertheless, it 
primarily addresses how relevance is inferred during search, rather than 
how patent content is transformed into stable representations for 
downstream strategic analysis, which remains the focus of the present 
work.

The central challenge at this level lies in enabling systems to reason 
about a query by connecting concepts through logical or common-sense 
chains. For instance, in response to a query such as “What solutions 
prevent damage to plant roots caused by reusing water from the plant 
saucer?“, a reasoning-based system would infer that saucer water con
tains dissolved salts which, when accumulated over time, can harm 
plant roots. Consequently, documents addressing topics such as soil salt 
accumulation, root health, or irrigation techniques involving leaching 
would be considered relevant, even in the absence of an explicit refer
ence to saucer water reuse. In this context, relevance is not directly 
retrieved but inferred through reasoning.

Systems operating at this level require the integration of structured 
knowledge bases (e.g., knowledge graphs), common-sense reasoning 
capabilities, and further advances in LLM, as discussed in work on 
retrieval-augmented reasoning and neural reasoning architectures [22].

Taken together, prior work improves retrieval and classification 
performance but leaves largely unaddressed the problem of represen
tation stability: how to transform patent texts into compact, inspectable, 
and reusable semantic artifacts that directly support analyst-facing 
analytical outputs.

2.4. Workflow-level and representation-oriented AI approaches in patent 
analytics

Beyond improvements in retrieval and document-level classification, 
recent research has increasingly applied contextual transformer archi
tectures to patent corpora. Fine-tuning large pre-trained language 
models such as BERT for patent classification tasks has demonstrated 
improved semantic capture compared with traditional vector-space 
representations [23], building on foundational transformer architec
tures for contextual language understanding [24]. Comparative analyses 
further highlight the advantages of embedding-based feature represen
tations over bag-of-words models in patent classification settings [25].

These advances have significantly enhanced the ability of AI systems 
to classify and retrieve patents based on semantic similarity. However, 
most embedding-based approaches produce latent vector encodings 
optimized for prediction accuracy rather than inspectable and reusable 
semantic artifacts. As a result, they remain largely document-centric and 
task-specific, focusing on improving classification or retrieval perfor
mance without explicitly addressing how patent content can be stabi
lized for systematic downstream analytical recombination.

Given the considerable length and technical density of patent doc
uments, specialized long-document transformer architectures have also 
been proposed to address context limitations [26]. While extended 
context windows improve the processing of lengthy texts, they do not 
inherently resolve the challenge of generating structured and persistent 
intermediate representations suitable for multidimensional strategic 
analysis.

More broadly, the phenomenon of hallucination in large language 
models has been extensively documented [27], reinforcing the impor
tance of grounding mechanisms in high-stakes domains such as patent 
intelligence. Retrieval-augmented approaches mitigate this risk by 
constraining generative outputs to retrieved source documents, thereby 
enhancing traceability and reliability. Nevertheless, grounding alone 
does not define how patent content should be structurally transformed 
to enable reusable analytical views.

In parallel, the technology intelligence and tech mining literature has 
long emphasized the importance of structured workflows for converting 
large-scale textual data into strategic insights [28]. Yet, the integration 
of large language models into end-to-end analytical pipelines remains an 
emerging area of research, particularly with respect to the design of 
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stable intermediate representation layers.
Overall, limited attention has been devoted to transforming patent 

texts into structured semantic representations that function as persistent 
and reusable intermediate layers between raw documents and down
stream strategic analyses. The present study addresses this gap by 
introducing structured semantic summaries as compact, inspectable, 
and representation-agnostic analytical units, enabling the scalable 
construction of technology–application matrices, evolutionary trajec
tories, and multidimensional competitive maps within a unified AI- 
driven workflow.

3. Material and methods

This study introduces an AI-based workflow for patent intelligence 
designed to address the feasibility limitations identified in prior sec
tions, namely the difficulty of systematically producing high- 
granularity, analyst-facing analytical outputs from large patent 
corpora. The proposed method is founded on the automated trans
formation of patent documents into structured semantic representations, 
conceived as an explicit intermediate layer between raw patent texts and 
downstream strategic analyses.

These representations provide a stable and reusable foundation for 
multiple analytical outputs, including multi-dimensional classifications, 
technology–application matrices, evolutionary trajectories, and 
comparative visualizations. Rather than focusing on isolated tasks such 
as retrieval or document-level labeling, the workflow enables the 
consistent generation of diverse analytical views within a unified 
process.

Operationally, the workflow comprises a sequence of inter
connected, AI-orchestrated steps. Patent documents relevant to a given 
analytical objective are collected at scale and processed to generate 
synthetic, semantically enriched representations that condense the most 
technically and strategically relevant content, with particular emphasis 
on the inventive core expressed in the claims. These structured sum
maries are subsequently used as input for AI-based classification and 
clustering, supporting both predefined and emergent taxonomies.

This study adopts a demonstrative and positioning-oriented evalua
tion strategy rather than an exhaustive benchmark-based validation. 
The objective is not to optimize or compare individual AI components, 
but to make explicit which types of high-granularity patent intelligence 
analyses become practically feasible when patent content is stabilized 
through structured semantic representations.

The resulting labeled corpus supports single-label and multi-label 
classifications and can be reconfigured to generate diverse analytical 
artifacts and visualizations. The workflow operates end-to-end in a fully 
automated manner, leveraging patent database APIs and AI models to 
ensure reproducibility and analytical consistency across large patent 
datasets.

To enhance clarity and provide a synthetic overview of the proposed 
methodology, Fig. 1 illustrates the end-to-end AI-based patent intelli
gence workflow. The diagram highlights the sequential stages of the 
framework and their logical interconnections, from patent collection to 

the generation of multidimensional analytical outputs.

3.1. AI-based patent collection and selection

In the initial collection phase, AI models support the formulation of 
semantically enriched search strategies. Language models are used to 
expand the query space beyond fixed terminology by identifying alter
native expressions and related technical concepts, thereby reducing the 
risk of lexical underestimation. In parallel, the analytical objective is 
decomposed into its core conceptual dimensions, enabling the formu
lation of queries at different levels of abstraction, from broad recall- 
oriented searches to more focused queries targeting specific aspects of 
the technology.

Once the initial patent pool has been collected, a screening phase is 
applied to isolate the documents that are genuinely relevant to the 
analytical scope. Screening is performed in a structured and sequential 
manner by applying a set of independent eligibility criteria, each cor
responding to a specific conceptual requirement.

In this phase, AI systems perform a targeted reading of patent content 
to identify the information required to evaluate each criterion. For every 
document and for each criterion, a binary decision (YES/NO) is pro
duced, allowing patents to be progressively filtered as the criteria are 
applied.

For instance, when the objective is to identify patents related to 
Quadrupedal Robots with Autonomous Navigation, three checks are 
applied in sequence: verification that the patent claims a robot, assess
ment of the presence of an autonomous navigation mode, and identifi
cation of a quadrupedal structural configuration. Only patents satisfying 
all criteria are retained, while others are excluded at earlier stages of the 
screening process.

Patent data were retrieved using Orbit Intelligence (Questel), which 
provides automated patent family consolidation during data extraction. 
The initial dataset was exported at the family level, retaining one 
representative publication per patent family as defined within the 
platform. This procedure prevents multiple counting of equivalent fil
ings across jurisdictions and avoids duplication of related documents 
belonging to the same family.

By consolidating data at the family level prior to AI-based processing, 
the analysis ensures consistency in portfolio-level metrics and reduces 
potential distortions arising from jurisdictional replication of the same 
invention.

3.2. AI-based patent summary

To address the limitations of direct analysis of full patent texts, the 
proposed workflow introduces an intermediate representation layer 
based on structured semantic summaries. Each patent document is 
transformed into a compact, semantically stabilized representation 
designed to preserve the inventive core while reducing linguistic and 
contextual noise.

The generation of these summaries is based on a targeted reading of 
patent content guided by the analytical objective. Rather than process
ing the entire document indiscriminately, AI models selectively extract 
information from sections that are most relevant for downstream anal
ysis. In particular, patent claims are treated as a primary source, as they 
formally define the scope and novelty of the invention through a stan
dardized legal structure.

Following the approach introduced by Giuntelli et al. [7], claims are 
analyzed by decomposing their internal structure into conceptual com
ponents, enabling the isolation of inventive elements from ancillary or 
contextual information. The same principle is applied, when required, to 
other parts of the patent text, such as sections describing materials, 
parameters, or application domains, to ensure that only analytically 
relevant content is retained.

The resulting output is a synthetic text organized into structured 
paragraphs corresponding to predefined informational dimensions. 

Fig. 1. Overview of the AI-driven patent intelligence workflow, showing the 
transformation of raw patent data into structured semantic representations and 
strategic analytical outputs.
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These summaries provide a stable, semantically rich input for clustering, 
classification, and cross-sectional analyses.

The specific structure adopted to organize these summaries and 
capture the inventive core is detailed in Table 1.

To mitigate generation errors, summaries are subject to automated 
consistency checks, including verification of structural completeness 
and alignment with claim-level content. Outputs that do not meet pre
defined structural or semantic criteria are flagged for regeneration or 
excluded from subsequent analysis.

As with any generative process, some variability in wording may 
arise across repeated summary generation runs. However, because 
downstream analyses operate on constrained informational dimensions 
rather than surface-level phrasing, moderate linguistic variation does 
not materially affect clustering outcomes or high-level analytical 
representations.

Patent documents in the dataset originate from multiple jurisdictions 
and are therefore available in different original languages. In the present 
implementation, all structured semantic summaries are generated from 
the English versions of the patent texts obtained through the machine 
translation system integrated into the patent database platform used for 
retrieval. Summarization prompts, clustering operations, and classifi
cation tasks are consistently performed in English to ensure linguistic 
uniformity across the corpus. No third-party abstracts are used; sum
maries are generated directly from the translated full text, with partic
ular emphasis on the claims section. Because all documents are 
processed in a single target language, no additional cross-lingual ter
minology normalization is applied prior to clustering or classification. 
The extension of the framework to fully multilingual processing pipe
lines constitutes a potential direction for future methodological 
investigation.

3.3. AI-based patent clustering

Clustering is used in the proposed workflow as an inductive mech
anism to identify latent thematic structures and emerging technological 
groupings within large patent corpora. However, the direct application 
of clustering techniques to full patent texts is constrained by the length, 
linguistic complexity, and computational cost associated with process
ing complete documents.

To address these constraints, clustering is performed on the struc
tured semantic summaries described in Section 3.2, rather than on raw 
patent texts. These summaries provide compact yet semantically rich 
representations that concentrate analytically relevant information while 
substantially reducing input size.

Using structured summaries as input enables the simultaneous 
analysis of larger document sets and allows clustering to be explicitly 
grounded in predefined informational dimensions (e.g., inventive solu
tion, innovated component, system composition). This shifts clustering 
from surface-level term co-occurrence toward the identification of 
technological and functional affinities across patents.

The resulting clusters constitute an initial, data-driven taxonomy 
that can be reviewed and refined by a domain expert. Expert interven
tion may include merging closely related clusters, subdividing overly 
broad groupings, or adjusting cluster labels to improve interpretability 
and alignment with the analytical objectives.

3.4. AI-based patent classification

Whereas clustering supports the inductive identification of latent 
thematic structures within the patent corpus, classification represents 
the subsequent step aimed at formalizing these structures into consistent 
and reusable analytical frameworks. In the proposed workflow, classi
fication translates emergent clusters into structured labels that can be 
systematically applied across the corpus and recombined along multiple 
analytical dimensions. Accordingly, a multidimensional classification 
approach is adopted, encompassing several strategic axes: 

• Technological domain and industry sector: patents are organized 
based on their core technology (e.g., AI, biotechnology, renewable 
energy, semiconductors, telecommunications, industrial automa
tion). This perspective helps identify areas of concentration and 
pinpoints where an enterprise or research center holds a competitive 
advantage.

• Functionality and practical application: patents are categorized 
according to their function or the problem addressed (e.g., energy 
efficiency improvement, diagnostic methods, advanced user in
terfaces, innovative payment systems). This classification mode 
clarifies how the technology is intended for practical use and what 
market opportunities it opens.

• Development stage or technological maturity: the advancement 
of an invention is assessed across different levels, from conceptual or 
theoretical stages to prototyping, commercialization, and market 
consolidation. Positioning a patent along this trajectory provides 
insights into growth potential, investment return horizons, and 
technological risk.

• Nature of innovation: a distinction is made between incremental 
innovations, which refine existing technologies, and radical or 
disruptive innovations, which can transform markets or create new 
ones. Identifying this distinction is relevant for assessing the origi
nality and long-term competitive sustainability of a portfolio.

• Strategic and legal perspective: the motivations behind patent 
filing are analyzed (e.g., legal defense, licensing, blocking competi
tors, revenue generation, role in technology standards), and the 
validity and strength of the intellectual property right are evaluated. 
This includes tracking disputes, litigation, licensing agreements, and 
identifying standard-essential patents.

• Competitive and external context: patents filed by key competitors 
are monitored for benchmarking and identifying strategic trajec
tories. Analyzing patents that reflect emerging market trends helps 
capture early signals of transformation. The geographical dimension, 
based on filing jurisdictions, reveals international expansion 
strategies.

• Internal portfolio management: patents are classified as active or 
expired, and those to be maintained, abandoned, or licensed are 
identified, assessing the alignment of the intellectual property 
strategy with organizational goals.

The proposed methodology supports the systematic assignment of 
granular classification labels across large patent corpora. Classification 
is implemented as an iterative and multi-level process, closely integrated 
with clustering, allowing identified groupings to be formalized, refined, 
or further subdivided as the analytical scope evolves.

Through this interaction between clustering and classification, the 
patent corpus is progressively structured into a hierarchically labeled 
representation that can be reconfigured across multiple analytical di
mensions. Such a representation provides the methodological basis for 
constructing complex analytical views from patent data, as illustrated in 
Table 2.

4. Case study, results and discussion

To validate the proposed methodology in a realistic and 

Table 1 
Definition and content of the AI generated structured paragraphs.

Summary Structure Definition

Innovation: Describe the innovative solution proposed.
Innovated 

component:
Specifies the component, element or method that 
incorporates or is acted upon by the innovation.

System: List all components of the system described in the claims.
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heterogeneous industrial setting, the patent analysis focused on com
panies that primarily employ robotics as an operational and enabling 
technology within broader industrial processes, rather than on special
ized robot manufacturers. On this basis, three multinational corpora
tions were selected: Siemens, Toshiba, and Mitsubishi.

The robotics domain was selected as the empirical case study for 
methodological and contextual reasons. Robotics represents a techno
logically heterogeneous and semantically complex field, integrating 
hardware, software, sensing systems, control architectures, and 
application-specific adaptations across multiple industrial sectors. Such 
heterogeneity generates significant classification ambiguity and termi
nological variability, making it particularly suitable for stress-testing 
structured semantic representations and multidimensional analytical 
frameworks.

In addition, robotics is currently characterized by accelerated inno
vation dynamics and growing strategic relevance across industrial eco
systems, driven by advances in artificial intelligence, autonomous 
systems, and smart manufacturing. Its rapid technological convergence 
and cross-sector deployment make it an especially appropriate domain 
for evaluating the robustness, scalability, and discriminative capacity of 
the proposed intermediate representation layer under realistic and 
industrially relevant analytical conditions.

A preliminary exploration of more than 800,000 robotics-related 
patent documents published since 2015 and filtered at the claims level 
was conducted. This analysis showed that the largest patent volumes are 
concentrated in two main groups: academic institutions, particularly 
Chinese universities such as Beijing University of Technology, Harbin 
Institute of Technology, and Zhejiang University; and companies with a 
highly specialized technological focus, such as State Grid Corporation of 

China in the drone sector or DJI in aerial platforms. While these actors 
exhibit substantial patenting activity, their portfolios are typically 
concentrated on a single robot type or a narrow application domain, 
limiting their suitability for validating a methodology intended to sup
port multi-dimensional and cross-domain analysis.

In contrast, Siemens, Toshiba, and Mitsubishi present more balanced 
and representative patent portfolios. Although they are not the largest 
patent holders in absolute terms (with 1,020, 475, and 1238 patents, 
respectively), they operate as advanced users, and in part developers, of 
robotic technologies across a wide range of industrial sectors. Their 
portfolios span multiple robot categories, including mobile robots, 
drones, manipulators, autonomous vehicles, and underwater robots, 
resulting in a high degree of technological heterogeneity. This diversity 
makes them particularly suitable for assessing the ability of the proposed 
framework to capture and structure complex innovation patterns in real- 
world industrial contexts. To support the analysis, this heterogeneity 
was formalized through an internal classification map of robot types, 
which served as the reference structure for defining analytical categories 
throughout the case study.

To implement the proposed methodology at scale and support the 
empirical positioning analysis, the study relied on a combination of AI- 
based tools. A general-purpose large language model was used to sup
port prompt formulation and the initial expansion of search strategies 
during the patent collection phase.

The core methodological steps, namely structured semantic sum
marization, multidimensional classification, and the recombination of 
analytical dimensions into positioning matrices and evolutionary tra
jectories, are independent of any specific software environment. In the 
present study, these steps were operationalized using Omnia, a software 

Table 2 
Overview of the strategic analysis modules and visualizations enabled by the AI-driven methodology.

Analysis type Description Critical challenges AI contribution Suggested 
visualization

Technology- 
application 
matrix

Cross-references classification data to 
understand the end-uses of developed 
technologies and their integration into 
application systems, highlighting the 
role of foundational technologies.

A poor assignment of categories 
(technology or application) can distort the 
view of linkages, compromising the 
understanding of technical content or the 
estimation of served markets.

AI models enable consistent and scalable 
dual classification, automating the 
categorization process for both 
technologies and applications, thus 
improving analytical precision.

Fractal matrix 
(heatmap)

Technology- 
application 
timeline

Reconstructs the technological 
development over time for a specific 
technology/application combination, 
identifying key players and trajectories.

Selecting irrelevant or out-of-scope 
patents can distort historical analysis and 
provide a skewed view of technological 
development.

AI assists in the accurate selection of 
relevant patents through retrieval- 
augmented systems and supports in- 
depth analysis of the technologies 
employed, ensuring more accurate and 
strategically useful results.

Cell drill-down: 
timeline

Technology 
positioning 
matrix

Identifies emerging, established, or 
promising technologies, allowing for 
observation of the investment focus of a 
company (or comparison across 
companies).

Incorrect technological classification can 
lead to misplacement on the chart, 
altering the perception of potential or 
maturity and compromising strategic 
decisions.

AI correctly classifies technologies and 
enables their accurate positioning on the 
chart. The use of advanced language 
models and semantic analysis reinforces 
the consistency and precision of the 
classification process.

XY scatter plot

Competitive 
technology 
benchmarking

Shows which technology categories each 
company is investing in for comparative 
analysis and evaluation of IP policy.

Errors in patent classification can distort 
comparative analyses and strategic 
decisions, leading to incorrect conclusions 
about competitor strengths.

AI enables scalable and consistent 
comparison of competitors by 
automatically normalizing patent 
classifications, clustering technologies 
across heterogeneous portfolios, and 
reducing bias introduced by manual 
categorization.

Comparative 
technology analysis: 
AI for competitor 
intelligence

Future trends 
mind map

Offers a strategic vision of future 
technological evolutions in a given field, 
useful for technological forecasting and 
R&D planning.

Overestimating the weight of a trend or 
misplacing it chronologically can lead to 
flawed strategies, excessive investment in 
uncertain directions, or unfounded 
expectations.

AI supports this process through web 
crawling, automated content extraction, 
and semantic analysis, allowing for the 
identification and filtering of the most 
relevant and reliable sources for a more 
robust and objective overview.

Future trends mind 
map

EU project 
investment 
clustering

Understands how companies allocate 
funds in EU projects, identifying the 
technologies on which efforts and 
financial commitments are 
concentrated.

A discrepancy between the stated project 
goal and the technology actually 
developed can distort the interpretation of 
investments, producing a misleading 
representation.

AI analyzes project texts and classifies 
projects based on the actual technologies 
involved, not just the stated objectives. 
The use of NLP and semantic 
classification ensures a more precise 
association between projects and 
technologies.

European project 
investment 
clustering
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platform developed by Tinexta Innovation Hub in collaboration with the 
University of Bergamo, which provides an integrated implementation of 
a retrieval-augmented generation (RAG) architecture [29].

In this implementation, RAG is used to ensure that all classifications 
and summaries remain grounded in the underlying patent corpus. 
Following the RAG paradigm introduced by Lewis et al. [30], each 
analytical query is supported by the retrieval of relevant patent docu
ments, which act as an explicit contextual constraint for the generative 
component.

The role of Omnia in this study is therefore illustrative and opera
tional rather than methodological: it enables the scalable execution of 
the proposed framework but does not define its analytical logic or 
determine its validity. Equivalent workflows could be instantiated using 
alternative retrieval-augmented pipelines, combining open-source lan
guage models, vector databases, and standard clustering algorithms, 
provided that document grounding and structured prompting are 
preserved.

A key operational characteristic of this architecture is its strict 
dependence on retrieved patent content for query-specific responses. 
When information relevant to a given query is absent from the patent 
corpus, the system is designed to explicitly indicate this absence rather 
than generating speculative or unsupported content. This behavior 
substantially reduces the risk of hallucinations, a known limitation of 
general-purpose LLMs, and enhances the reliability of the analytical 
outputs in a patent intelligence context.

Fig. 2 provides an operational view of the Omnia interface, illus
trating the interaction between user prompting, document retrieval, and 
grounded response generation.

The integration of these components is implemented as a fully 
automated, end-to-end workflow. Patents are retrieved through patent 
database APIs and processed using large language models, including 
Gemini, to generate the structured semantic summaries described in 
Section 3. These summaries are subsequently provided as input to a 
proprietary AI-based classification engine, which assigns labels to pat
ents based on structured classification prompts.

Classification is performed with respect to predefined conceptual 
classes derived through knowledge engineering. In parallel, an addi
tional AI module based on unsupervised and generative techniques is 
applied to large sets of summaries to perform clustering. This module 
supports the identification of latent thematic groupings and the emer
gence of new conceptual classes directly from the data, enabling the 
taxonomy to be iteratively refined.

The resulting corpus is consistently labeled and supports both single- 
label and multi-label classification schemes. In the latter case, multiple 

classes may be associated with the same patent, optionally accompanied 
by relevance scores reflecting their relative importance. The level of 
granularity achieved through this process exceeds that obtainable 
through conventional keyword-based searches or CPC-based classifica
tion alone, as illustrated in the following analyses.

4.1. AI-based patent search and selection

Regarding data acquisition, the absence of direct AI integration 
within patent database query interfaces required the initial collection 
phase to rely on keyword-based search. This stage was explicitly 
designed to maximize recall rather than precision. Accordingly, the 
query was intentionally broad, yielding a large and heterogeneous initial 
document set intended to function as a pre-filter for subsequent AI-based 
content analysis.

Using this strategy, an initial pool of 2726 patent documents was 
retrieved with the following query:

(SIEMENS OR TOSHIBA OR MITSUBISHI)/PA/FPAN AND EPRD ≥
2015 AND (ROBOTIC + OR ROBOT? OR ((AUTONOMOUS OR 
UN_MANN + OR OPERATOR_LESS) 2D (ROVER OR ROVERS OR 
VEHICL + OR AERIAL + OR FLY + OR AUTOMOBIL+)) OR 
(REMOT+_CONTROL+ 2D (VEHICL + OR AERIAL + OR FLY+)) OR 
DRONE? OR AUTO+_GUID+_VEHICL+)/ETI/EAB/OBJ/ECLM.

The query did not include CPC classifications because, in the specific 
case under analysis, their inclusion would not have provided a signifi
cant advantage. An analysis of the most frequent CPC classes in the 
retrieved patent pool showed that the only highly specific class (B25J- 
009/16, related to program-controlled manipulators) was already 
covered by the keywords used in the query. In contrast, other frequent 
CPC classes (e.g., G05D-001/02 and G05D-001/00) refer to general 
control systems applicable to many technologies beyond robotics, while 
subclasses related to vision-controlled systems also span multiple non- 
robotic applications. Therefore, including these CPC codes would 
likely have increased noise without significantly improving recall.

Keyword-based and classification-based searches remain essential, 
auditable components of professional patent analysis. The present 
framework is designed to augment, not replace, these methods by 
applying AI-driven semantic stabilization downstream of conventional 
Boolean and classification-based retrieval, thereby enhancing analytical 
depth while maintaining traceability.

Once the initial corpus was established, a cleaning phase was applied 
to isolate patents genuinely relevant to the analytical scope. Keyword- 
based filtering, while suitable for preliminary delimitation, proved 
insufficient due to well-known semantic limitations related to 

Fig. 2. Screenshot of the Omnia RAG-based platform, illustrating the user prompt, the generated summary, and the retrieved source patents used for grounding 
the response.
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contextual ambiguity, synonymy, and the presence of misleading ter
minology within patent texts.

To address these limitations, an AI-driven, concept-based classifica
tion system was applied to the entire initial document set. The system 
performed a content-level analysis of each patent, enabling relevance 
assessment beyond surface terminology.

To validate the robustness of the AI-based classification across the 
dataset, a comparative benchmark was conducted using the Legged 
Robot category as an illustrative test case. This category was selected to 
highlight the performance gap between the proposed framework and 
traditional keyword-based strategies. A precise conceptual definition of 
Legged Robot was provided within the classification prompt to guide the 
AI model.

From the initial pool, the AI identified 66 patents as relevant to this 
category. These documents were subsequently reviewed manually to 
establish a ground truth. Table 3 compares the results obtained through 
AI-based classification with those produced by different keyword-based 
approaches, including variations in query breadth, search fields (full text 
versus title and claims), and the use of CPC codes, reporting the corre
sponding recall and precision metrics.

As shown in Table 3, the most accurate keyword-based strategy 
corresponds to search 5 conducted on the full text. Nevertheless, this 
approach achieves a recall only slightly above 50% and remains affected 
by relatively low precision. To clarify the causes of this suboptimal 
performance and to illustrate the sources of the performance gap rela
tive to the AI-based approach, representative examples of false negatives 
and false positives are discussed below.

Several relevant documents are missed by keyword-based searches 
and therefore constitute false negatives. For example, patent EP4495423 
(Siemens Gamesa, 2023) is not retrieved by queries 1, 2, or 3 reported in 
Table 3, as the concept of a legged robot is expressed through indirect 
formulations such as “one or more legs” or “legged driven,” rather than 
through explicit terminology. The absence of a standardized label 

prevents keyword queries from identifying the document as relevant. A 
second type of false negative is illustrated by WO2018/074101 (Mit
subishi Electric, 2017), which describes a humanoid robot using exclu
sively anatomical terminology without explicitly referring to legged 
locomotion. In this case, the implicit nature of the locomotion system 
renders the document invisible to conventional keyword-based searches 
unless additional terms such as humanoid or bipedal robot are included 
a priori.

Keyword-based approaches also generate numerous false positives. 
For instance, patent US20250162147 (Mitsubishi, 2023) is incorrectly 
retrieved as a legged robot because references to wheeled robots appear 
in the background section, even though the claimed invention exclu
sively concerns a legged robotic system. Another false positive is 
WO2022/097256 (Mitsubishi, 2020), in which the term “legs” refers to 
mechanical anchoring or connecting elements rather than to locomo
tion. Similar semantic ambiguity is observed in WO2023/084280 
(Siemens, 2021), where the proximity of expressions such as “robot arm” 
and “table leg” leads even refined or proximity-based queries to infer a 
spurious conceptual relationship.

Taken together, these examples show that query refinement alone is 
insufficient to resolve semantic ambiguity in patent texts. This confirms 
that keyword-based approaches cannot reliably discriminate relevant 
documents in complex technological domains without deeper, content- 
level semantic analysis.

4.2. AI-based patent summary

Once the relevant patent set was established, structured semantic 
summaries were generated to support subsequent analyses. Depending 
on the analytical objective, different summary formats were produced 
via AI, each tailored to extract specific types of information.

Table 4 provides an example of this summary format, illustrating 
how the novelty of patent JP2024097565 is synthesized into structured 
components.

4.3. AI-based patent clustering

Based on the structured summaries, a clustering analysis was per
formed, resulting in the identification of four primary criteria, defined as 
follows: 

• Robot type: describes the physical form and architecture of the 
robot, including the locomotion system (e.g., wheels, tracks, legs), 
manipulation capabilities (e.g., articulated arms, grippers, end- 
effectors), and overall configuration (e.g., humanoid, vehicular, 
mobile platform). Hybrid systems combining multiple modalities are 
also identified.

Table 3 
Comparison between keyword-based search queries and AI concept search.

Query Where 
was it 
searched

Patents 
found

Cross-reference with the 66 
identified by AI and manually 
verified

​ ​ ​ ​ Found 
equal

Recall Precision

1 (legged 1d robot+) Full text 10 7 7/66 7/10
Title +
claims

3 2 2/66 2/3

2 B62D-057/032 CPC 7 7 7/66 7/7
3 ((LEGG+ 1D 

ROBOT+) or 
quadrupedal + or 
(dog 2w robot+) or 
(four_leg? 2d 
robot+) or 4_leg? 
_robot + or 
hexapod+)

Full text 10 7 7/66 7/10
Title +
claims

3 2 2/66 2/3

4 (ROBOT? S 
(MULTI_LEGG +
OR FOUR_LEG +
OR 4_LEG + OR 
QUADRUPEDAL +
OR LEGS)) 
*The S operator 
identifies a search 
for terms in the 
same sentence

Full text 45 25 25/ 
66

25/45

Title +
claims

13 8 8/66 8/13

5 (ROBOT? and 
(MULTI_LEGG +
OR FOUR_LEG +
OR 4_LEG + OR 
QUADRUPEDAL +
OR LEGS))/ETI/ 
ECLM/DESC

Full text 97 36 36/ 
66

36/97

Title +
claims

16 9 9/66 9/16

Table 4 
Example of a structured synthetic summary.

Summary Structure Example (Summary of Patent JP2024097565)

Innovation The innovation lies in an operation management system 
designed to handle a mixed fleet of unmanned guided vehicles 
(AGVs) that use different methods for position acquisition. 
[…]

Innovated 
component

The innovated component is the operation management 
system itself, specifically the setting unit within the 
management device that assigns the right of passage. This 
setting unit considers factors such as the order of arrival at a 
pre-set approach standby position, the route of the AGV, its 
positional relationship with other AGVs, the type of AGV, and 
the type of article it carries.

System The system comprises the following components: 
• A management device.
• First unmanned guided vehicles (AGVs) that estimate their 

position indirectly. […]
• A notification unit.
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• Function: identifies the task performed by the robot, including the 
activity type, the target of the activity (e.g., inspection of wind tur
bine blades), and the operational mode (autonomous, collaborative, 
or remote-controlled).

• Operational field: defines the intended environment and industrial 
sector of use, specifying both the application domain (e.g., auto
motive, logistics, aerospace, healthcare) and the physical charac
teristics of the operating context (e.g., structured or unstructured, 
hazardous, remote, public).

• Sensors: identifies the sensing technologies integrated in the system, 
specifying the sensor types (e.g., cameras, LiDAR, IMU, GPS, force or 
tactile sensors) and their functional role in perception or state 
estimation.

A key feature of the proposed framework is its recursive application. 
Once a macro-cluster is identified, the corresponding subset of patents 
can be re-processed to explore finer-grained technological distinctions. 
To illustrate this capability, a second-level clustering was applied to the 
Legged Robot category.

This analysis enabled the identification of specific robot sub- 
architectures beyond generic classification labels, distinguishing be
tween humanoids, bipeds, quadrupeds, hexapods, and octopods, as well 
as more specialized configurations such as one-legged robots, adaptive 
suspension vehicles, and hybrid systems combining legs with wheels or 
tracks. The resulting hierarchical organization, structured along robot 
type, function, and sensor dimensions, is shown in Fig. 3.

4.4. AI-based patent classification

Once the taxonomy was defined, the entire patent corpus was sys
tematically classified. In this stage, the AI system operated as a classifier 
rather than as a discovery tool, assigning to each structured summary 
the most appropriate labels based on the established criteria.

This automated labeling process transformed the patent corpus into a 
structured, high-dimensional dataset indexed according to the dynamic 
taxonomy. The resulting representation provides the basis for the cross- 
referencing and quantitative analyses presented in the following 
sections.

4.4.1. Technological Intersection Analysis
Technological intersection analysis examines how technologies are 

distributed and combined across application domains by jointly 
considering the technological content of patents and their intended 
application context. In this study, each patent is classified along two 
primary dimensions: robot type and functional application.

Systematic cross-referencing of these dimensions produces a tech
nology–application matrix that highlights patterns of technological 
convergence and diffusion across end-use domains. This representation 
supports the identification of cross-cutting enabling technologies as well 
as application areas characterized by higher concentrations of patenting 
activity.

Constructing a matrix of this granularity through manual analysis 
would require extensive document-by-document review and substantial 
domain expertise, making it impractical for large patent corpora. The 
use of AI-generated structured summaries enables the consistent con
struction of such matrices even for numerically significant datasets.

Fig. 4 presents the resulting Technological Intersection Matrix for 
Siemens, Toshiba, and Mitsubishi. The matrix is visualized as a high- 
density heatmap obtained by cross-referencing Robot Type (columns) 
and Functional Application (rows), providing a comparative view of the 
companies’ technological positioning across these dimensions.

As shown in Fig. 3, the Technological Intersection Matrix reveals 
distinct competitive profiles that are not readily captured by aggregate 
bibliometric indicators. The matrix highlights a convergence in the 
Handling and Manipulation domain, while simultaneously exposing 
divergent technological strategies. Siemens shows a strong 

concentration in Robot Arms, consistent with a focus on industrial 
automation, whereas Toshiba and Mitsubishi display a more distributed 
presence involving Mobile Robots and Drones.

In addition, Fig. 3 enables the identification of white spaces and 
niche overlaps across technology–application intersections. One 
example is the use of Legged Robots for Inspection tasks, a specific 
intersection that suggests an emerging area of R&D activity shared by 
the analyzed companies.

To illustrate the scalability and multidimensional flexibility of the 
proposed framework, the intersection analysis was subsequently 
extended beyond functional tasks to two additional strategic axes: In
dustrial Application Fields and Sensor Technologies. This reconfigura
tion was performed without manual re-indexing, relying solely on the 
recombination of AI-generated classification labels, and provides com
plementary views of the competitive landscape.

Fig. 5 maps Robot Type against Industrial Sector, revealing distinct 
market footprints across the analyzed companies.

The heatmap shown in Fig. 4 highlights a clear strategic differenti
ation: Siemens shows a dual concentration in Industrial Manufacturing 
and Hospital/Medical sectors, primarily driven by extensive use of ro
botic arms. In contrast, Mitsubishi exhibits a strong presence in Ware
house/Logistics and the Automotive sector, supported by a broad 
deployment of mobile, wheeled, and aerial robotic platforms. This 
analysis illustrates how the intersection framework differentiates be
tween robotic functionality and operational deployment contexts, 
enabling a more nuanced interpretation of companies’ technological 
positioning.

Fig. 6 correlates Robot Type with Sensor Type, highlighting the 
hardware configurations that enable different forms of autonomy.

The analysis shown in Fig. 5 reveals consistent technological patterns 
across companies. Siemens' emphasis on manipulation is associated with 
a high concentration of Force/Torque Sensors, which are critical for 
precise physical interaction. In contrast, Mitsubishi's portfolio shows a 
strong integration of LiDAR and GPS technologies, reflecting its strategic 
focus on autonomous mobility and outdoor navigation.

This functional and structural decomposition provides a granular 
view of how sensing technologies support different robotic capabilities. 
By examining intersections at this level of detail, it becomes possible to 
identify enabling technologies and structural dependencies that are 
difficult to capture through aggregate or document-level analysis. At the 
level of individual matrix cells, smaller and semantically coherent sub
sets of patents emerge, characterized by high internal similarity. These 
focused document pools can be further analyzed using RAG-based tools 
to automatically extract and synthesize their technical content, enabling 
targeted deep-dive analyses.

For Fig. 7, a specific matrix cell corresponding to Siemens patents 
related to wheeled robot handling applications was selected for further 
analysis. This subset of patents was queried in Omnia using the question: 
“How many patents does Siemens have related to wheeled robot 
handling applications?“. The system returned a set of automatically 
clustered documents, which were subsequently visualized using an 
evolutionary timeline. This representation supports expert-level patent 
analysis by enabling a detailed reconstruction of technological de
velopments within a narrowly defined technology–application 
intersection.

The timeline shown in Fig. 6 reveals a coherent innovation trajectory 
within the Siemens patent portfolio, showing how an initially broad 
functional focus progressively evolves into more specialized applica
tions. The sequence highlights a strategic oscillation in R&D activities, 
moving from early Medical Procedure Assistance systems to Industrial 
Mobile Platforms and Robotic Packing solutions, before reapplying these 
matured mobility technologies to advanced medical intervention robots 
in 2024.

This longitudinal reconstruction makes it possible to trace specific 
threads of technological development within a narrowly defined tech
nology–application intersection, which would be difficult to identify 
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Fig. 3. Visual taxonomy of the robotics categories and functional criteria identified through the AI clustering process.
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through aggregate portfolio-level analyses.
This level of analysis makes it possible to isolate patenting activity 

within a narrowly defined technology–application intersection and to 
track the emergence of early solutions as well as subsequent phases of 
technological refinement. Such reconstructions are difficult to obtain 
through conventional keyword-based searches, which are often affected 
by the inclusion of contextually irrelevant documents or by imprecise 
temporal attribution. In the present framework, these limitations are 
mitigated through the use of a retrieval-augmented architecture that 
grounds clustering and interpretation in the underlying patent corpus. 
By constraining analysis to semantically coherent document sets and 
preserving their chronological context, the approach supports a more 
accurate reconstruction of technological development trajectories.

Analyses of this kind, both at the level of the overall matrix and at the 
level of individual cells, are difficult to perform at scale without 

automated support. Manual approaches typically rely on keyword 
searches, which are effective for direct and unambiguous functions (e.g., 
welding or fire extinguishing) but are less suitable for abstract or cross- 
cutting categories such as inspection and maintenance, which can be 
expressed through heterogeneous terminology and applied in diverse 
contexts.

In other cases, such as distinguishing between a wheeled robot and 
an autonomous vehicle, the technological function can only be deter
mined through detailed content-level analysis of the patent. Combined 
with the volume of documents involved, these requirements make 
exhaustive manual classification impractical for constructing complete 
and statistically robust matrices.

By leveraging semantic representations and clustering mechanisms, 
the proposed framework supports the identification of functional re
lationships that are not captured by simple term co-occurrence. This 

Fig. 4. Technological intersection analysis between the robot type (columns) and the functional application (rows).
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enables a more systematic exploration of technological intersections, 
facilitating the analysis of convergence patterns and the identification of 
emerging application areas.

4.4.2. Technology acceleration analysis
The dynamic analysis of technological trajectories combines infor

mation on patent volumes with temporal patterns of patenting activity, 
enabling the joint assessment of technology diffusion and innovation 
momentum. Rather than relying on static patent counts alone, this 
perspective incorporates the acceleration of filings over time, providing 
a more informative view of technological and strategic interest. Based 
on this approach, technologies can be distinguished into consolidated 
technologies (high patent volumes with stable growth), emerging 
technologies (limited patent bases with high acceleration), mature-in- 

growth technologies (large portfolios with sustained innovation activ
ity), and marginal or declining technologies (low patent volumes and 
weak growth).

This classification supports the interpretation of corporate strategies 
in terms of investment focus and technological positioning. Approaches 
based solely on keyword frequency or term co-occurrence are prone to 
distortion, as they do not reliably capture firms’ engagement with spe
cific technologies. By contrast, semantic classification enables a more 
consistent attribution of patents to technological categories, improving 
the robustness of trajectory-based analyses.

Fig. 8 presents the technology acceleration matrix for Mitsubishi. 
The analysis reveals a clear differentiation across robot categories. 
Consolidated technologies such as manipulator robots, mobile robots, 
and drones exhibit stable or slightly declining patenting activity, 

Fig. 5. Technological intersection analysis by the Robot Type (columns) and the Industrial Sector (lines).
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indicating signs of maturation. In contrast, categories including legged, 
muscular, underwater, and climbing robots display limited patent vol
umes but high acceleration rates, positioning them as emerging tech
nologies with increasing strategic relevance. To ensure a clear and 
consistent allocation of each class across the four areas, a relative 
comparison criterion was adopted. Specifically, for each company and 
for each individual class, a ratio was computed between the average 
observed over the last three years and the overall average of the entire 
pool. This metric enabled a coherent positioning of each class within its 
respective area, thereby providing a more structured and comparable 
representation of the data. The choice of a three-year window reflects 
two methodological considerations: first, it allows sufficient time for 
patent applications to overcome the typical confidentiality period and 
become publicly available; second, it provides a balanced temporal 

horizon for capturing acceleration dynamics, avoiding both excessive 
short-term volatility and the dilution of recent trends associated with 
longer time spans.

4.4.3. Competitive intelligence analysis
Comparative analysis of patenting strategies examines how com

panies distribute their patenting activity across different technological 
domains. Absolute patent counts, however, are not directly comparable 
across firms with different sizes and R&D capacities. To address this 
limitation, patent counts are normalized by expressing each category as 
a percentage of the company's total patent portfolio. This normalization 
provides a relative benchmark that highlights not only the volume of 
patenting activity, but more importantly the technological areas in 
which each company concentrates its innovation efforts.

Fig. 6. Technological intersection analysis by the Robot Type (columns) and Sensor Type (lines).
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This perspective enables the identification of priority technological 
domains for each company, highlights areas of specialization, and sup
ports the assessment of the internal coherence of their strategic posi
tioning. Firms with substantially different patent volumes may exhibit 
similar relative investment patterns, while others may follow clearly 
divergent technological trajectories.

The drone category illustrates this effect. Although Mitsubishi holds 
nearly three times as many drone-related patents in absolute terms (296) 
as Toshiba (96) and Siemens (87), the relative weight of this technology 
within its overall portfolio is comparable to that of Toshiba. A similar 
pattern is observed for wheeled robots: Mitsubishi owns more than twice 
the number of patents (333) held by Toshiba (152) and Siemens (172), 
yet these account for a smaller share of its portfolio (16%) than Toshiba 
(19%) and only slightly more than Siemens (11%). These results indicate 
that absolute patent counts alone may obscure meaningful similarities or 
differences in companies’ strategic allocation of innovation efforts.

This type of analysis depends on the accurate classification of patents 

into predefined technological categories and on the subsequent 
normalization of patent counts. Classification errors may distort relative 
benchmarks and affect the interpretation of results, particularly when 
comparing heterogeneous patent portfolios. The use of AI-based se
mantic classification supports a more consistent and scalable attribution 
of patents to technological categories, reducing such distortions when 
applied to large document sets.

Fig. 9 compares the normalized distribution of patent portfolios 
across the identified categories.

The analysis of Fig. 8 shows that all three companies concentrate a 
substantial share of their patenting activity in a common set of robot 
categories, including wheeled robots, drones, mobile robots, and robot 
arms. Within this shared focus, distinct strategic differences emerge.

Siemens exhibits a stronger relative concentration in robotic arms 
and static robots compared with the other companies, reflecting its 
emphasis on industrial automation. Mitsubishi displays a generally 
balanced distribution across categories, with localized peaks in auton
omous vehicles and hybrid robots. Toshiba, by contrast, shows greater 
versatility, allocating its patenting activity more evenly between 
autonomous vehicles and mobile robots. Overall, the analysis indicates 
that, despite these differences, all three companies primarily concen
trate their innovation efforts on robotic technologies traditionally 
associated with logistics and manufacturing applications.

4.4.4. Future trends analysis
The early identification of emerging technological trends requires a 

forward-looking analysis of industrial innovation dynamics. Patents 
constitute a particularly suitable data source for this purpose, as they 
provide legally grounded and systematically structured representations 
of technological development that often anticipate future innovation 
directions.

In this study, future trend analysis was conducted using a RAG 
framework to ensure that semantic interpretation and temporal com
parisons remained grounded in patent source data. Omnia was used to 
retrieve and aggregate a comprehensive corpus of patents relevant to a 
given technological domain or sector, which served as the explicit 
knowledge base for subsequent analysis.

The patent corpus was then segmented into discrete time windows 
(e.g., yearly intervals), enabling longitudinal comparison of patenting 
activity rather than a static snapshot. Within each time window, AI- 
based clustering was applied to the retrieved patents to identify tech
nological macro-categories based on semantic similarity. The use of RAG 
allowed clustering and interpretation to remain anchored to the content 
of the retrieved patent documents, mitigating distortions arising from 

Fig. 7. Deep-dive timeline for the Siemens intersection, Wheeled Robot and Handling and Manipulation.

Fig. 8. Technology acceleration matrix for Mitsubishi in Robot Types.
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heterogeneous or evolving terminology.
Semantic clusters identified in the most recent time window (e.g., 

2024) were subsequently compared with those from earlier periods (e. 
g., 2023) through an iterative temporal analysis. This process supports 
the identification of newly emerging technological clusters as well as the 
evolution and refinement of previously established ones.

The analysis aimed to identify three complementary phenomena: the 
emergence of new patent clusters corresponding to previously unob
served technological themes; the introduction of novel elements within 
established clusters, reflecting the evolution of consolidated technolo
gies; and significant changes in the relative relevance of existing clusters 
over time.

To this end, novelty detection focused on identifying clusters char
acterized by accelerating patenting activity, which may indicate 
increasing R&D intensity and potential future impact. The use of patents 
as the primary data source strengthens the robustness of this analysis, as 
patent filings are directly linked to strategic and economic investment 
decisions and are less volatile than alternative information sources such 
as general-audience reports or online commentary.

By combining retrieval-augmented search, semantic clustering, and 
temporal comparison, the proposed pipeline supports a systematic and 
reproducible analysis of technological evolution across different time 
horizons, while reducing the subjectivity inherent in large-scale manual 
assessments.

Fig. 10 summarizes the emerging technological clusters identified 
through the temporal semantic analysis of patent data.

As illustrated in Fig. 10, analysis of the patent landscape over the last 
three years indicates a shift in strategic focus across major technological 
areas. Patent activity is increasingly concentrated in Nano Robotics and 
Smart Materials, which together account for approximately 7000 patent 
documents, compared with about 4000 patents collectively associated 
with Autonomous Robots, Human–Robot Interaction, and Swarm 
Robotics.

This distribution suggests that while the latter fields remain active, 
they exhibit characteristics of technological maturity and commercial
ization, with a comparatively lower rate of radical innovation. In 
contrast, the growing patenting intensity in nanotechnology and 
advanced materials points to a strategic reorientation toward founda
tional hardware technologies that may underpin future generations of 

robotic systems.
The framework also supports fine-grained exploration within indi

vidual clusters. As illustrated by the Smart Materials breakout in Fig. 9, 
clusters can be expanded to reveal specific technological directions, 
including self-healing polymers and bio-hybrid materials, providing a 
detailed view of the solution spaces driving these emerging domains.

More broadly, this analysis highlights the importance of semantic 
disambiguation in longitudinal technology assessment. In domains 
where technological evolution is not accompanied by stable or updated 
terminology, advanced AI-based methods enable consistent classifica
tion of patents over time by distinguishing between genuinely novel 
concepts, incremental refinements of existing solutions, and references 
to obsolete or contextually unrelated technologies.

The importance of semantic disambiguation can be illustrated by 
considering the concept of an autonomous robot and its evolution over 
time. A comprehensive trend analysis requires not only tracking the 
distribution of solutions across time (temporal trends), but also assessing 
whether and how the underlying technological concept itself has 
changed (technological trends).

Searches based on simple keywords or coarse classification schemes 
can retrieve very large patent sets, for example, more than 43,500 
documents using the full-text keyword “autonomous robot”. However, 
closer inspection reveals that while the term has remained largely un
changed, the notion of autonomy has undergone substantial trans
formation over the past decade. This persistence of terminology despite 
conceptual change introduces significant ambiguity and renders tradi
tional classification approaches increasingly inadequate.

Given the scale of patent data involved, manual analysis of such 
conceptual shifts is impractical. Addressing this challenge requires AI- 
based methods that move beyond surface-level relevance checks and 
explicitly model the interaction between the operating environment, 
enabling technologies, and the target concept, allowing technological 
meaning to be interpreted consistently over time.

A retrospective analysis highlights substantial conceptual heteroge
neity associated with the term “autonomy” over time. Earlier in
terpretations of reactive autonomy typically referred to systems 
constrained to pre-programmed paths and rule-based behavior within 
structured environments. In contrast, contemporary notions of adaptive 
and intelligent autonomy describe AI-driven systems capable of dynamic 

Fig. 9. Comparative analysis of how Siemens, Mitsubishi and Toshiba distribute their own patent portfolios (in %) across different types of robots.
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Fig. 10. Snapshot of emerging technological trends in robotics.
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planning, multimodal perception, and real-time decision-making in 
connected and unstructured contexts.

This conceptual evolution is clearly reflected in patent literature. 
Earlier filings, such as US20150185027, characterize autonomy pri
marily as rigid waypoint navigation, whereas more recent documents, 
including JP2020116669, describe advanced capabilities such as multi- 
robot coordination and autonomous task identification. As a result, 
identical terminology may mask substantial functional differences, 

limiting the effectiveness of keyword-based analysis and underscoring 
the need for AI-based approaches that interpret patent content at a se
mantic level to accurately trace technological development.

4.4.5. Analysis of financial data from European project fundings portal
The AI-based methodology previously illustrated for patent analysis 

can be extended to other relevant documentary sources. One notable 
application concerns the analysis of European project funding, which 

Fig. 11. Distribution of 2024–2025 European project funding (206 projects) across the identified robotics sub-sectors.
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provides a complementary perspective to patent-based evaluations by 
enabling the investigation of investment trends and strategic priorities 
at the European level. Despite their apparent geographical focus, Eu
ropean projects attract participation from companies and organizations 
worldwide, reflecting global interest in the funded technologies.

Although distinct from patent data, this information complements 
the preceding analyses by enabling a comparison between emerging 
technological macro-categories and areas receiving European funding. 
Such comparisons support the assessment of alignment or divergence 
between corporate innovation strategies and public funding priorities. 
The application of the same NLP and semantic clustering techniques 
allows structured analysis of funded projects, contributing to a strategic 
overview of investment flows within the European innovation 
landscape.

Historically, a key limitation in the analysis of funded research 
projects has been the potential mismatch between stated project ob
jectives and the technologies actually developed. Classifications based 
solely on project calls or administrative categories are often too coarse to 
accurately reflect technological content, which can lead to distorted 
interpretations of funding priorities. Applying AI-based NLP and se
mantic classification techniques to full project documentation enables a 
more precise association between projects and reference technologies, 
thereby reducing classification errors.

Using this approach, 1735 European projects involving robotic sys
tems were identified to provide insight into public investment patterns 
in this domain. For analytical clarity, the discussion focuses on a subset 
of 206 projects funded in the 2024–2025 period, which were classified 
according to their technological context to identify emerging innovation 
clusters. Fig. 11 presents a visual overview of the resulting distribution 
of European project funding across the identified robotics sub-sectors.

As shown in Fig. 10, the distribution of European research funding 
exhibits a distinct strategic orientation, with the largest share of finan
cial resources allocated to AI fundamentals and industrial robotics. A 
cross-analysis with the patent trends reported in Fig. 7 reveals a diver
gence between corporate R&D trajectories and public investment 
priorities.

While private patenting activity has increasingly shifted toward 
emerging physical technologies, European funding remains largely 
concentrated on areas such as autonomous robotics, human-robot 
interaction, and swarm robotics, which patent-based evidence suggests 
are relatively mature technological domains. Targeted investments are 
also observed in soft and bio-inspired robotics, corresponding to de
velopments in smart materials, and in healthcare robotics, which relates 
to advances in nano robotics; however, these areas account for a 
comparatively smaller share of total funding.

Overall, this comparison indicates that private-sector R&D is 
currently oriented toward the development of next-generation enabling 
technologies, whereas public funding continues to prioritize the appli
cation, deployment, and integration of established robotic solutions 
within industrial and societal contexts.

4.5. Overall discussion and limitations

The high degree of heterogeneity observed across classification di
mensions would render large-scale manual patent analysis extremely 
complex, requiring the involvement of experts from multiple disci
plinary backgrounds to adequately cover each analytical axis. By 
contrast, the AI-based framework enables the use of a unified and 
specialized prompting strategy to generate diverse classifications in a 
coherent and scalable manner, while preserving methodological con
sistency and reducing the coordination burden associated with multi- 
expert analysis.

A further limitation of this study concerns the scope of quantitative 
validation. The proposed framework is not evaluated through an 
exhaustive, benchmark-oriented comparison across multiple techno
logical domains. Such an evaluation would require the definition of 

domain-specific ground truths and extensive manual annotation, which 
would shift the focus of the study toward performance optimization 
rather than methodological positioning. Instead, the present work 
adopts a demonstrative perspective, using a limited quantitative 
benchmark to illustrate typical failure modes of conventional ap
proaches and to support the broader objective of showing which types of 
patent intelligence analyses become practically feasible through AI- 
based semantic stabilization.

Despite these advantages, the proposed AI-based approach is subject 
to several limitations that require careful consideration. A primary 
concern is the risk of classification errors, particularly those arising from 
hallucinations in language models. In highly specialized patent contexts, 
such errors can be subtle and difficult to detect, as they may produce 
outputs that appear plausible while remaining semantically incorrect.

Unlike classification in stable knowledge domains, where categories 
are well defined and universally recognized (e.g., distinguishing be
tween animal species), patent analysis presents a higher degree of con
ceptual complexity. Technological taxonomies, particularly in emerging 
fields, are dynamic and continuously evolving, and the terminology used 
to describe innovations is often weakly standardized, qualitative, or 
metaphorical.

As a result, AI systems are more likely to encounter ambiguity when 
distinguishing between closely related and informally defined concepts, 
such as “snake robots” and “crawling robots”, whose descriptions may 
be discursive and context-dependent, than when classifying mature 
technologies such as a two-stroke engine, which are characterized by a 
consolidated and objective technical vocabulary. This semantic fluidity 
increases the level of contextual reasoning required and, consequently, 
the risk of generating plausible but inaccurate inferences.

For these reasons, domain-expert supervision constitutes an essential 
component of the proposed framework. Expert involvement serves a 
dual role. Upstream, domain experts contribute to the definition of 
taxonomies and to prompt design, ensuring alignment between auto
mated classifications and the intended analytical and strategic objec
tives. Downstream, domain experts are responsible for the critical 
validation of results.

This validation does not require exhaustive review of individual data 
points. Instead, experts focus on evaluating aggregated patterns, inves
tigating anomalies, and interpreting outcomes in light of domain- 
specific knowledge, particularly when results appear counter-intuitive. 
Within this collaborative model, AI systems provide the computational 
capacity required to analyze patent data at scale, while human experts 
contribute contextual understanding, critical judgment, and strategic 
interpretation. The objective of the framework is therefore not to replace 
human analysts, but to augment their capabilities by transforming large 
volumes of patent data into actionable strategic intelligence.

The large-scale deployment of AI-based patent analysis workflows is 
subject to economic and computational constraints. Access to high- 
quality patent databases involves non-trivial costs: free services such 
as Espacenet are not designed for high-volume automated retrieval, 
whereas commercial databases provide reliable APIs at subscription 
costs that increase with data-intensive usage. These constraints become 
particularly relevant when analyses require full-text access and iterative 
processing.

A further limitation concerns the computational cost associated with 
the use of advanced language models. Open-source systems, e.g., LLaMA 
and Mistral, may not consistently provide the reliability required to 
interpret complex patent language, making commercial models prefer
able despite their higher associated costs. Given the length and technical 
density of patent documents, token consumption increases rapidly, 
constraining the economic feasibility of large-scale processing.

In addition, the development of an operational AI-based patent 
analysis workflow requires substantial software engineering expertise. 
Access to a conversational interface alone (e.g., GPT Pro) is insufficient, 
as automated analysis depends on the orchestration of multiple com
ponents, including data retrieval, segmentation, prompting, 
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classification, and quality control. This requirement introduces addi
tional technical complexity and operational costs.

Furthermore, current LLM architectures lack persistent memory and 
remain susceptible to hallucinations, both of which affect the reliability 
of automated patent summaries and classifications. The repeated 
reconstruction of context increases computational overhead, while 
hallucinated outputs may distort the interpretation of claims or intro
duce subtle inaccuracies, requiring additional validation steps.

Prompt engineering therefore plays a critical role in achieving 
adequate precision, particularly in domains characterized by closely 
related technical terminology, such as LNG and hydrogen technologies. 
Careful prompt design and, where necessary, domain-specific adapta
tion can reduce ambiguity and steer model outputs toward evidence- 
based reasoning grounded in patent claims, albeit at the cost of addi
tional expertise and resources.

Finally, large-scale analytical pipelines require careful optimization 
to control computational costs. Complex, multi-step workflows may 
generate redundant iterations or unproductive processing cycles, which 
scale poorly when applied to thousands of patents. Even minor in
efficiencies can therefore result in disproportionate cost increases, 
highlighting the importance of lean pipeline design, continuous moni
toring, and iterative optimization to achieve practical scalability.

5. Conclusions

This study has introduced and validated an innovative framework for 
patent intelligence. Through the application of advanced AI methodol
ogies, this framework transforms patent documents into synthetic, 
structured representations, thereby enabling granular classifications and 
strategic analyses of a depth that would otherwise be unachievable.

The findings of this study carry fundamental implications for the 
practice of patent intelligence in the era of AI, which can be summarized 
as follows: 

• In-depth analysis and classification of a patent corpus require the 
individual examination of each document. Reliable strategic out
comes cannot be achieved without a granular reading of the single 
patent.

• The complexity and length of patent documents present a significant 
hurdle even for advanced AI models. The generation of structured 
summaries emerges as an indispensable intermediate step to enable 
scalable and effective analysis.

• The quality of the results is critically dependent on prompt engi
neering. The ability to formulate structured and conceptually com
plex instructions is essential to guide AI in extracting specific 
information and executing accurate classifications.

• Despite efficiency gains, processing costs and times remain a signif
icant consideration. The pursuit of more precise and granular clas
sifications entails increased computational complexity and, 
consequently, higher costs associated with the use of APIs and 
advanced models.

Alongside these implications, it is important to acknowledge the 
inherent limitations of the proposed framework. AI-based patent anal
ysis systems entail significant economic and operational constraints, 
including the cost of reliable data sources, the computational demands 
of advanced language models, and the complexity of orchestrating 
multi-step analytical workflows at scale. Additional limitations arise 
from current language model architectures, such as the lack of persistent 
memory and the risk of hallucinated outputs, which require careful 
system design and validation strategies. These limitations delineate 
clear directions for future research, aimed at increasing the autonomy 
and efficiency of AI-driven patent intelligence systems. In particular, 
addressing the static and memory-less nature of current language 
models represents a key challenge for the evolution of the proposed 
framework.

In this context, a promising direction for future development lies in 
the evolution toward autonomous agent–based systems. Such systems 
are designed to plan and execute multi-step analytical workflows while 
maintaining state across different phases, thereby addressing key limi
tations of current memory-less language models. Agent-based architec
tures also offer opportunities for improved cost and time efficiency, 
enabling adaptive strategies that allocate computational resources 
selectively across different stages of the analysis. Ultimately, this evo
lution would support a paradigm in which human analysts define high- 
level strategic objectives, while autonomous agents plan and execute the 
most efficient sequence of actions to achieve them.

The proposed approach proves particularly effective for the sys
tematic identification of so-called white space opportunities. As 
demonstrated in the case study, a funneling approach can be adopted: 
starting from a macroscopic perspective, using acceleration graphs to 
identify the fastest-evolving robotic systems (e.g., drones), the data are 
then cross-referenced with emerging technology curves, which highlight 
the most recent and promising innovations, such as advanced materials 
or swarm robotics.

The analysis of the “robot type vs. application domain” matrix ulti
mately enables the identification of specific market niches, such as fire 
extinguishing, that are highly relevant yet characterized by low patent 
coverage or a disproportionate concentration of patents in favor of a 
single player. This indicates a clear competitive vulnerability or an un
explored strategic space.

The preliminary semantic processing of each individual patent 
(through the extraction of abstracts, claims, and the assignment of 
specific tags) enables immediate drill-down capabilities for the analyst, 
which are essential for accurately mapping the state of the art and the 
boundaries of novelty already claimed by competitors. In the case 
examined, the analysis revealed that current innovations are limited to 
drones used as advanced sensing platforms (for image acquisition and 
oxygen level monitoring) or as mechanical carriers designed to deploy 
static fire-retardant blankets to contain flames and transport extin
guishing agents through dedicated channels.

The final and decisive step consists of leveraging this deep analytical 
granularity to trigger targeted technology transfer actions and New 
Concept Generation, with the aim of producing novel patentable ideas. 
By understanding the precise limitations of the current state of the art (i. 
e., static and logistically heavy solutions), it becomes possible to 
implement advanced problem-solving processes, potentially supported 
by generative AI, to apply emerging technologies (such as swarm sys
tems and advanced materials) to highly complex scenarios, such as fires 
in the Oil & Gas sector.

For instance: by surrounding the facility, a swarm of drones creates a 
real-time thermodynamic and chemical Digital Twin. By instanta
neously cross-referencing environmental parameters (local wind con
ditions, O2 concentration, and fuel type), onboard intelligence can 
mathematically predict the evolution of the fire in real time. Repre
senting a radical technological leap beyond the use of physical blankets, 
the drones act fluidodynamically: they generate a downward ‘cyclonic 
air curtain’ that prevents the lateral dispersion of toxic fumes, reduces 
oxygen supply at the base of the fire, and confines the blaze within a 
vertical column, thereby significantly facilitating ground-based extin
guishing operations.
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