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ABSTRACT

Patent similarity search is a critical enabler of prior-art discovery and technology trend
analysis in the fast-evolving domain of Artificial Intelligence in healthcare. A tension
between relevance and explainability is found in existing pipelines, however. Clas-
sical lexical approaches using Term Frequency—Inverse Document Frequency (TF—
IDF) capture terminological variation efficiently but fail under paraphrasing and struc-
tural change. Advanced neural methods with dense sentence-transformer embeddings
achieve strong results in semantic matching, but are opaque systems that lack the struc-
tured rationale required in legal and intellectual-property settings. This has led to a
pressing demand for computational tools that are both highly accurate and fully inter-
pretable.

This thesis introduces a multi-stage unified framework for Al-driven healthcare
patent similarity analysis, which combines a hybrid sparse-dense fusion mechanism
and a cross-encoder reranking stage to optimize the Retrieval-Augmented Generation
(RAG) technique. Given a corpus of 18,109 cleaned patent documents from the Har-
vard USPTO dataset, the system first combines TF-IDF sparse vectors with dense
sentence-transformer embeddings to model both terminological and conceptual relat-
edness. The fused hybrid representation is indexed with FAISS for efficient first-stage
retrieval. A cross-encoder model jointly encodes query-candidate pairs to produce a
highly precise reranked list.These top reranked patents are then passed into a RAG
module that uses Google Gemini to generate natural language explanations, binary
patentability answers, and quantitative similarity scores based on the retrieved evi-
dence that are explicitly grounded in the retrieved evidence.

Standard metrics in information retrieval (IR) are employed for the evaluation of the
proposed framework such as Normalized Discounted Cumulative Gain (nDCG), Mean
Average Precision (MAP) and Recall at different values of k. The experimental results
show that the hybrid fusion improves the recall performance over sparse baseline and
dense baseline, and the cross-encoder reranking has significant improvement on top-k
precision, the full pipeline achieves an nDCG@ 10 of 0.86. The RAG module offers
clear and effective rationales and actions for similarity judgments. As a whole, this
end-to-end pipeline is a powerful, transparent and efficient prior-art analysis tool for
the evolving and complex landscape of Al-based healthcare patents.

Keywords: Cross-Encoder Reranking, Dense Retrieval, FAISS, Hybrid Sparse-Dense
Fusion, Information Retrieval, Patent Similarity, Prior-Art Search, Retrieval-Augmented
Generation, Sentence Transformers, TF-IDF.
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CHAPTER 1

INTRODUCTION

One of the most important and one of the fastest-changing phenomena in applied re-
search in the field of healthcare is Artificial Intelligence [1, 2]. In the last decade,
deep neural networks and machine learning algorithms have infiltrated almost all as-
pects of clinical medicine, ranging from radiology and pathology image analysis, real-
time physiological monitoring, to intelligent drug discovery pipelines, clinical deci-
sion support systems and patient-specific treatment recommendation platforms [3, 4].
The progress of this integration is indeed quick — initially, isolated proof-of-concept
demonstrations of the accuracy of classification on medical imaging benchmarks have
now grown into a large industry with a number of Al-based systems gaining regulatory

clearance and use in clinical practice in various jurisdictions.

The legal and administrative framework for the protection of intellectual property
has been forced to adapt and do its best to deal with this technological explosion [5].
The number of patent applications filed at key international offices such as the United
States Patent and Trademark Office (USPTO), the European Patent Office (EPO), the
China Patent Office, the Japan Patent Office, the South Korea Patent Office and the
India Patent Office has increased rapidly in the field of Al for healthcare. This growth
creates patent portfolios that have many overlaps, both in terms of concepts and tech-
nical architectures: multiple inventors and organisations independently and concur-
rently develop different inventions of related or alternate technical architectures, with
different terms, different claim construction, and different levels of technical abstrac-
tion. For patent examiners, legal professionals, tech scouts and research strategists, the
challenge of this new shape of modern Al patents is significant for effective and timely
identification of prior art, evaluation of novelty, and understanding the competitive

environment.

Therefore, automated patent similarity analysis has become an indispensable com-
putational tool in managing intellectual property [6]. A powerful system can speed up
the prior-art search process, save the time and cognitive effort required from the human
searcher, identify possible overlaps between newly filed patent applications and exist-

ing patents, and help in strategic decision making for managing a patent portfolio [7].



The realities of this are significant: If there is not enough prior art identified, patents
might be issued on the basis of insufficient novelty, thereby causing conflicts, licensing
negotiations, and costs to downstream innovators. On the other hand, if the system is

too strict, it may be difficult to allow for new and original ideas to emerge.

1.1 The Challenge of Patent Similarity at Scale

Patent documents are a particular difficult type of text for the automatic similarity
analysis task [5]. Scientific publications were written so as to be as informative and
as accessible as possible; patent documents are written as a legal document where
every word represents a well considered and deliberate choice. Claims need to be
advantageous but should not be too broad that they are rendered common knowledge
or too narrowly drawn that they do not afford enough protection. Typically, this legal
function yields text that is so dense, with such overlaps of terms and such indirectity
that the vast majority of general-purpose text similarity techniques fail to produce an

accurate result.

Patent document is both a technical and legal document, and this is reflected in the
document’s structural organisation. The abstract generally gives a concise summary
of the inventive concept; the claims specify the scope of protection, often writing in a
particular fashion; the description details the technical background, preferred embod-
iments and illustrative examples; the bibliographic metadata provides administrative
background information. In order to be effective, the similarity analysis must utilise,
in some measure, one or more of the above in order to describe overlapping, but nev-
ertheless different aspects of the invention which the patent covers. With hundreds
of millions of documents in each of the modern patent databases, which are stored
in offices around the world, and hundreds of thousands of new documents published
every year, similarity methods must be computed efficiently without losing semantic

accuracy.

1.2 Neural Semantic Retrieval and the Interpretability Gap

Lexical Similarity Measures (LSM) with Term Frequency-Inverse Document Frequency
(TF-RF)—weighted vector representations and Cosine similarity have been used as a
key computational task for large scale Patent Retrieval Systems for many years [8].
These techniques represent each document as a high-dimensional sparse vector in a
term-frequency (tf) feature space, and compute similarities between pairs of docu-

ments as the cosine of the angle between their vectors in the tf space. They provide



figures for similarity scores and they are interpretable, they are efficient to compute
and there is great hardware compatibility. Their drawbacks, however, are that they are
based on the bag-of-words assumption which makes them insensitive to the semantic

equivalence kept in the same meaning expressed via different vocabulary [7].

In more recent times, transformer networks have facilitated a paradigm shift in the
patent similarity analysis using transformer architectures like Bert [9]. Dense passage
retrieval models [10] and bi-encoder architectures like Sentence-BERT [11] - which
represent entire documents as dense continuous-valued documents vectors in an em-
bedding space where semantically similar documents are associated with regions close
to each other in lexical detail - are examples of this family of models. When they are
supplemented by approximate retrieval via the nearest-neighbour approach like FAISS
(2017) [12], they facilitate efficient retrieval of semantically relevant patents, and re-
cover conceptually related patents that would not be found by lexical methods from a

million-dollar corpus of patent texts.

However, there is a larger problem with interpretability, which spans all the space
of neural patent analysis techniques. These models only provide numerical similarity
scores that compare the similarity of embedding vectors and do not give explanations.
This is a practical (legal/intellectual property) liability. When such a high similarity
score is reported by an automated system, it is the duty of a patent examiner or le-
gal expert to take action, but it is not possible for him or her to act properly without
knowing what part of the patent played in the similarity calculation. Lacking evidence-
backed explanations drastically reduces the actionability and trustworthiness of neural

retrieval outputs in the context in which they are most beneficial.

1.3 RAG as an Explanation Framework

This lack of interpretability has spurred increasing interest in what is known as Retrieval-
Augmented Generation (RAG), proposed by Lewis et al.[13]. The core of the RAG
system is connecting a retrieval component, which seeks out relevant information from
a knowledge base, with a generative large language model (LLM) that generates con-
tent that is directly tied to the retrieved facts. This approach has shown to significantly
mitigate hallucination in the knowledge intensive generation scenario; ensure consis-
tency of generated text with the retrieved facts; and support post-hoc fact checking by

linking the generated outputs to specific documents.

The RAG paradigm presents a natural solution to interpretability gaps and can be
applied to patent similarity analysis. The retrieval component performs the task of lo-

cating the most semantically similar patent documents within the collection, while the



generation component generates a human-readable set of ideas that explicitly refer to
the retrieved prior art documents, and that explains in a clear way the common techni-
cal elements between the query patent and the evidence. The similarity judgement is
therefore backed by retrieved evidence to anchor it more on concrete knowledge that
would be audited as a part of a legal workflow, while preserving its semantic robustness

and diversity that comes from neural retrieval.

1.4 Discard the idea of optimizing Retrieval using Hybrid Fusion and
Reranking.

RAG is successfully tackling the interpretability problem, but the explanation quality
depends on the evidence quality. The LLM’s explanation will be limited if the retrieval
stage fails to bring up the most relevant prior art. This observation is a driving force

for deliberate optimizing of the retrieval stage as its technical heart of this thesis.

Two enhancements of the standard dense retrieval pipeline is proposed, which are
synergistic. The former is a hybridisation mechanism between sparse and dense mech-
anism. TF-IDF vectors excel at capturing exact term matches, essential for uncover-
ing continuation patents and near-duplicate filings [8] and dense sentence-transformer
embeddings at capturing conceptual similarity that goes beyond the surface spectrum
of words [11]. By concatenating the dimensionality-reduced sparse vector with the
dense embedding in a weighted fusion scheme indexed with FAISS [14], the frame-
work achieves higher recall than either modality alone. The second improvement is
a cross-encoder reranking stage [15]. By jointly encoding each query-candidate pair
through full self-attention, the cross-encoder captures fine-grained token-level interac-
tions that a bi-encoder must forgo. Applied to the reduced candidate set produced by
hybrid fusion, reranking substantially improves top-k precision [16], ensuring that the

evidence supplied to the RAG module is of the highest available quality.

1.5 Problem Statement

The research problem addressed by this thesis can be stated as follows: can a single,
scalable framework for patent similarity analysis be designed that simultaneously de-
livers high-precision top-k retrieval and transparent, evidence-grounded natural-language
explanations of similarity judgements, across large corpora of Al-driven healthcare

patents?



1.6 Proposed Solution and Contributions

Proposed Framework

A custom pipeline is built for patent similarity analysis in the Al-assisted healthcare
field with a 6-step process on the 18,109 patent document corpus from Harvard USPTO
dataset [17]. It is a mixture of TF-IDF sparse representations and dense sentence trans-
former embeddings, followed by a hybrid fusion module which unifies them and vice
versa, and FAISS indexing which organizes both. A cross-encoder model whittles
down the list of candidates with a wide initial retrieval sweep before Google Gem-
ini conducts mathematically grounded similarity evaluations that involve structured
reviews.Google Gemini then feeds in similarity measurements based on structured
reviews, and a cross-encoder model is used to narrow a candidate list after a broad
initial retrieval sweep. Some of its key contributions are that the sparse and dense
retrieval methods, when combined, outperform either method individually, and a sep-
arate reranking stage ensures that the highest-quality contextual inputs are fed into the
generation model stated in [18]. The whole system is applied to a realistic healthcare
patent corpus, with all its configurations described, to provide high level of re-generate-
ability and the system performance measures are assessed using standard performance

metrics and the qualitative analysis of the system’s explanatory products.

1.7 Objectives of the Study

To outline the specific objectives of this research, they are listed below: Construct
Then perform and preprocess a large-scale corpus of Al-driven healthcare patent texts.
the basic structure and secondary features of the text, and then using domain-specific
terminology. 2. Propose and test a TF-IDF signal based, hybrid sparse—dense fusion
based on dense sentence transformer embeddings [17] and compare its recall perfor-
mance against single-modality baselines. 3. Develop a baked into the cross-encoder
reranking stage[11], to further narrow down the candidate set and measure the effect
of reranking the top set of candidates. Increase in the quality of top-k retrieval. 4.
Describe the design of an explanation module for RAG. [15]to anchor the LLM out-
puts with the reranked patent evidence and make it actionable. similarity assessments.
5. Create a patent similarity network for topological analysis. properties and uncover
patterns of technological clustering in the field of AI healthcare. patent landscape[13]
6. State and formalize a strict protocol of evaluation based on information retrieval
standards and the PatentMatch benchmark[19]. The sixth objective is to define and

document a rigorous evaluation protocol referencing the PatentMatch benchmark [18]



1.8 Organization of the Thesis

The rest of this thesis is structured as follows. In Chapter 2, the theoretical background
of lexical and semantic similarity methods is explained in detail, Transformer models,
FAISS indexing, RAG architectures and evaluation frameworks. Chapter 3 is a sys-
tematic critical review of related work, which identifies the gaps. which drive hybrid
fusion and reranking. The methodology proposed is detailed in Chapter 4. The experi-
mental results are given in Chapter 5 and a detailed discussion in Chapter 6. The results
of the findings were analyzed quantitatively and qualitatively throughout the various
stages of the pipelines. Chapter The results are further discussed in 6, in relation to
their general technical and practical implications. context. The thesis is summarized

and directions for future research are indicated in Chapter 7.



CHAPTER 2

TECHNICAL BACKGROUND

The chapter provides a theoretical and technical basis of the proposed multi-stage
patent similarity framework. It begins with an overview of the structure of patent doc-
uments and the features of patent literature. Other technical or legal corpora. It then
examines the basic concepts of lexical elements. Similarity methods based on TF-IDF
representations are reviewed and a detailed treatment is provided. Aiming to bridge
this gap, we will investigate how transformer-based neural language models can be
adapted to dense retrieval. tasks. The chapter then outlines the FAISS indexing frame-
work, the architecture of Retrieval-Augmented Generation, cross-encoder reranking,
and the graphtheoretic approach for building a patent similarity network. The chapter
ends with a discussion on the commonly used evaluation measures used in information

retrieval research, particularly those used in this thesis.

2.1 Patent Document Structure and Characteristics

A patent document is a legalised document that has two roles: to reveal a technical
invention and to establish the scope of legal protection that is claimed. the inventor
[5]The dual function is important to understand when designing effective Similarity
analysis systems based on computing.

The claimsThe are the most important part of a patent, it is the part that is legally
binding. document. Claims provide an exact and stylised portrayal of the limits of
patentee’s exclusive rights They are written as a numbered sequence beginning with an
independent claim describing the broadest inventive concept, followed by dependent
claims introducing progressively more specific limitations. The abstract provides a
concise, publicly accessible summary. The description (or specification) is the most
voluminous component, elaborating the technical context, preferred embodiments, and
detailed examples to enable a skilled person to reproduce the invention. Bibliographic
metadata fields provide administrative context essential for temporal and institutional

analysis.



2.2 TF-IDF Representations and Cosine Similarity

Term Frequency-Inverse Document Frequency (TF-IDF) is one of the most widely
used methods for representing text documents as numerical vectors in a high-dimensional

feature space [7, 8]. The inverse document frequency is defined as:

Dl
{deD:ted}

IDF(¢,D) = log (2.1)
where |D| denotes the total number of documents and [{d € D : t € d}| denotes the
number of documents containing term ¢. Given TF-IDF vector representations v; and
v, for two documents, their cosine similarity is:

Vi Vj

Sij

SR

The cosine similarity is bounded in [0, 1] for non-negative TF-IDF vectors. Its prin-
cipal limitation is the bag-of-words assumption: documents are treated as unordered

term collections with no representation of semantic relationships [6].

2.3 Transformer-Based Language Models and Dense Retrieval

The transformer architecture, introduced by Vaswani et al. [20] and adapted in mod-
els such as BERT [9], transformed natural language processing by computing con-
textualised word representations through multi-head self-attention. Sentence-BERT
(SBERT) [11] extended BERT to the sentence and paragraph level through siamese
network configurations trained with a contrastive loss, producing semantically mean-
ingful fixed-dimensional dense embedding vectors in which related texts are mapped
to proximate regions of the embedding space regardless of their surface lexical char-
acteristics. Dense retrieval systems built on SBERT pre-compute corpus embeddings
offline; at inference time, the query embedding is computed and used to retrieve nearest

neighbours by vector similarity [10].

2.4 FAISS for Nearest-Neighbour Retrieval

The Facebook Al Similarity Search (FAISS) library [12, 14] provides optimised imple-
mentations of exact and approximate nearest-neighbour search for high-dimensional
vector spaces. The IndexFlatIP index used in this thesis computes the exact inner
product between the query vector and every indexed document vector, returning the

top-k matches in order of decreasing inner product. For ¢;-normalised vectors, inner



product is equivalent to cosine similarity. The FAISS index is built once from the full
corpus and reloaded for all experimental runs, ensuring that performance differences

across configurations are attributable to retrieval strategy rather than indexing artefacts.

2.5 Retrieval-Augmented Generation

Retrieval-Augmented Generation [13, 21] combines a parametric language model with
a non-parametric retrieval component providing access to an external knowledge cor-
pus at inference time. Given a query, a retriever selects relevant documents that are
concatenated with the original query and presented to a generative LLM, which pro-
duces an output conditioned on both inputs. This architecture substantially reduces
hallucination by grounding generation in retrieved factual content and enables post-

hoc traceability of generated statements to source documents.

Retriever  .-eeeeeee »|
User Query (Module)
(Input) [Retrieves top k
documents] [€eeeeee

¢ Document Corpus

Retrieved Docs (Indexed Knowledge)
(Evidence)

Y
LLM (Generator) /
Core Language Model Grounded Output
[Generates response (Response)
conditioned on Query & Docs]

Figure 2.1. Standard Retrieval-Augmented Generation (RAG) architecture and process flow.

A\ 4

2.6 Cross-Encoder Reranking

A cross-encoder [15] is a transformer model that jointly processes a query-document
pair through full self-attention, producing a single relevance score. Unlike a bi-encoder,
the cross-encoder allows query and document tokens to interact at every transformer
layer, capturing fine-grained lexical and semantic relationships that a bi-encoder must
forgo by independently encoding query and document. Because of its computational
cost, the cross-encoder is applied as a second-stage reranker on a small candidate set
returned by the first-stage retriever [16], achieving high precision without exhaustive

search.
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Figure 2.2. Comparison of bi-encoder (independent processing) and cross-encoder (joint
self-attention) architectures.

2.7 Graph-Based Network Analysis

Graph theory provides a powerful framework for representing structural properties of
pairwise similarity relationships. A patent similarity network is a weighted undirected
graph G = (V,E,w) in which nodes represent patents and edge weights reflect pair-
wise similarity scores. Analysis of this network enables the identification of dense
subgraphs corresponding to patent clusters sharing common technical themes, a criti-

cal methodology in patent landscaping [19].

2.8 Evaluation Metrics for Information Retrieval

Rank sensitive metrics [22]are used to assess the quality of retrieval systems. Normal-
ized Discounted Cumulative Gain (nDCG@k) [23]is used to assess the quality of the
ranked list, with consideration for graded relevance, position.

i 2reli -1

DCG@k=) ——— (2.3)

Zlogy(i+1)
The Mean Average Precision (MAP) is the average of the Average Precision over all
queries. Recall@k is the ratio of the number of retrieved relevant documents to the
number of documents in the population of the collection that are relevant. The top k
positions. These metrics make up the standard evaluation system for patent similarity

systems [18].

10



CHAPTER 3

RELATED WORK AND LITERATURE REVIEW

The automatic analysis of patent similarity has been the subject of constant studies
Over 20 years in time. The chapter presents a critical review in four parts streams:
traditional methods, neural embedding approaches, dataset contributions, and graph-
based/RAG approaches.

3.1 Traditional and Structured Patent Similarity Methods

The approaches that form the foundations of patent similarity were based on the vector
space model, and Using the TF-IDF weighted representations [6, 7]. These techniques
are simple to implement and easy to understand. n-text indexing through the use of
SQL and the Oracle XMLDB data type.Full-text / n-text indexing was proven in prac-
tice using Oracle XMLDB data type and SQL. TF-IDF similarity search for automat-
ing prior-art discovery, demonstrating its ability to recover. A significant proportion of
the prior art at large scale[8]. Analysis highlighted that lexical overlap There is high

linkage between continuation patents and near duplicate filings.

3.2 Neural Embedding Approaches and Patent-Specific Models

Transformer architectures [20] changed the focus of patent similarity research to dense
embeddings.Transformer architectures [11] turned patent similarity research towards
dense embeddings. Sentence-BERT [24, 25]showed that it has the ability to mea-
sure the semantic similarity and significantly outperforms the TF-IDF on the stan-
dard benchmarks.However, there is a domain gap between natural-language training
data and specialized datasets, such as medical records. The patent-specific embedding
models were inspired by patent vocabulary. Bekamiri et al. introduced PatentSBERT
that is a deep NLP model fine-tuned using CPC classification codes as training sig-
nals. PatentSBERTa showed that domain adaptive fine-tuning greatly reduced distribu-
tional mismatch, which further boosted the precision of retrieval. Next, enhancements

were made using cross-encoder re-ranking [15] to evaluate document pairs directly. so
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that precise pairwise interaction modeling can be achieved. Though these neural ap-
proaches are better matches, they lack structured explanations of similarity judgments,
which are not deployable in legal contexts.[26].

3.3 Patent Datasets and Benchmark Contributions

Benchmark datasets have been a key enabler to development. The PatentMatch [18]
proposes document level similarity labels on pairs of granted patents as a ground truth
set and defines various metrics such as nDCG and MAP. The Harvard USPTO Patent
Dataset (HUPD) [17] is a large-scale well-structured corpus of patent applications that
include rich metadata. HUPD is a first point of contact for the campus community.
The source of data used to build the patent corpus used in this work. Krestel et al. [26]
described the methodology state of the art in retrieval and classification tasks, pointing

out some of the open problems.

3.4 Graph-Based and Retrieval-Augmented Approaches

Research also has looked at graph-based representations, because citation links convey
structural information not only about the patent landscape, but also about the patent
system. The document similarity approach alone was used to capture it[19].These
enhance retrieval quality while, methods add to the infrastructure complexity.RAG is
presented as a general knowledge framework for NLP applications that involve knowl-
edge. [13, 21].Subsequent work demonstrated RAG’s generalizability to legal and
technical Where grounding generates outputs in retrieved evidence, faithfulness is en-
sured, but in domains where there is no retrieval of evidence, it is not. and enables
verification. To patent similarity analysis — the application of RAG. produce explicit,
auditable justifications — represents a practically motivated extension that is only being

systematically investigated to a limited extent.

3.5 Research Gap and Positioning of the Proposed Framework

Results from existing work shows that the use of lexical techniques provides trans-
parency of the model’s output, although maintaining good semantic generalization
presents challenges [8] while neural techniques successfully match the semantic sim-
ilarity, but produces non-interpretable outputs [11, 24]. To date, no single evaluated
framework successfully unites scalable lexical filtering, dense retrieval, and evidence-
backed natural language explanations via explicit hybrid fusion. Similarly, the use

of cross-encoder reranking [15] within a RAG architecture dedicated to Al healthcare
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patents is largely untested. As outlined in Table 3.1, the framework proposed herein

resolves these methodological gaps by integrating all three elements into a complete,

end-to-end pipeline.

Table 3.1. Comparison of Major Patent Similarity Approaches. The proposed framework is
the only system combining hybrid fusion, reranking, and RAG-based explanation within a
single evaluated pipeline.

Method Category Key Strengths Limitations Representative Work

TF-IDF + Cosine Fast, interpretable, Fails under paraphrasing Helmers et al. [8]

Similarity scalable and synonymy

SAO-Based Models Captures  functional Sensitive to parsing er- Lupu et al. [5]
relationships rors and drafting style

Sentence Transform-
ers

Patent-Specific ~ En-

coders

Cross-Encoder
Reranking

Graph-Based Methods

RAG-Based Systems

Proposed Frame-

work

Strong semantic repre-
sentations

CPC-aware, high se-
mantic accuracy

High-precision re-
ranking

Leverages citation
structure

Grounded, explainable
similarity

Hybrid fusion +
reranking + RAG

Domain mismatch with-
out fine-tuning

Retrieval-only; no struc-
tured explanation

High computational cost
at scale

Infrastructure complex-
ity; citation-data depen-
dent

Quality bounded by re-
triever performance

LLM output quality
dependent

Reimers & Gurevych [11]

Bekamiri et al. [24]

Nogueira & Cho [15]

Whalen et al. [19]

Lewis et al. [13]

This Thesis
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CHAPTER 4

METHODOLOGY

This chapter outlines the optimized multi-stage patent similarity framework which is
proposed in this thesis. The pipeline involves the following steps: Corpus construction,
Corpus preprocessing, Lexical encoding (TF-IDF), Dense encoding, Hybrid sparse-
dense fusion, FAISS indexing, Cross-encoder reranking, and LLLM similarity assess-
ment through the RAG module. It also includes the design of the evaluation metric and

the construction of the patent similarity network.

4.1 Dataset Selection and Corpus Characteristics

The patent corpus featured in this thesis is a collection of publicly accessible reposi-
tories containing Al-related and healthcare-related patent documents. The main data
source is the Harvard USPTO Patent Dataset (HUPD) which contains a large scale,
well-structured collection of patent applications submitted to the United States Patent
and Trademark Office, including rich metadata and full document text for each entry.
Supplementary records are sourced from other open patent repositories that have Al
and healthcare classifications. This is a multi-year span of patent activity in the space

of Al applications in health care before any preprocessing.

Each document record in the raw corpus has the following fields: Patent ID: A
unique alphanumeric identifier of the patent document Title: The official patent title
as filed Assignee: Name of the organization or person to whom the patent rights are
assigned Priority: Priority date (month and year that the patent was filed) Date (the
first filing date to determine the priority of the invention), Publication Date (date of
public disclosure of the invention), Abstract (brief description of the inventive con-
cept), Claims (the scope definition that is legally operative), and Description (detailed
technical description of the invention). specification). The following fields together
contribute to the textual information for similarity analysis and the metadata for tem-

poral, institutional and network information. analysis.
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4.2 Formal Problem Formulation

Let g denote a query patent document and ¢ = {d;,d>,...,dy} a corpus of N patent
documents. A retrieval function R(g,k) — & returns the top-k candidates ranked by
similarity to ¢, and a generation function G(Z,q) — § produces a structured similarity
assessment conditioned on the retrieved evidence set ¥ and the query ¢g. The standard
single-modality retrieval formulation computes similarity from a single representation;
the proposed framework reformulates retrieval as a two-stage process. A hybrid first-
stage retriever Ry combines sparse and dense signals to produce a broad candidate set
P = Ry (q,50) with high recall. A cross-encoder reranker p then refines this set to
produce the high-precision evidence set 2* = topy (p(Zu,q)) with k¥’ = 6. The full
pipeline is thus:
§ = G(topy (p (Ru(q,50). q)) ,q) (4.1)

4.3 Corpus Construction and Preprocessing

After data collection, all doc- data is processed according to a standardised processing
pipeline. ument records. The first is record filtering: documents lacking abstracts, If
there are any invalid or empty claims sections, or there is any place holding text in the
important fields, it is identified and reMoved, inserting meaningfully texted documents
in all retained documents. They are the most important information-bearing fields in
their main areas. Text Cleaning and Normalisation is the second step. The following
text fields are all treated: Using a uniform clean text function to strip off special char-
acters, punctuation and HTML Markup artefacts; normalises whitespace/line breaks;
converts all text to lowercase. Most important, the cleaning function maintains the
domain-specific terms. This is the same product listing as the standard one, but it also
contains chemical names, device identifiers, technical abbreviations and CPC. Sub-
stantive vocabulary refers to the classification codes, which is the “data language” of
Al in healthcare. patent text. The representation of the document is then built by

joining the documents together. Cleaned Title, Abstract, Claims, and Description:

combined_text; = Title; || Abstract; || Claims; || Description; 4.2)

This concatenated representation ensures the full informational content of each patent

is available to both the TF-IDF vectoriser and the sentence-transformer encoder.
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4.4 Lexical and Dense Encoding

In each of the preprocessed documents, it is represented in two complementary ways.
tf—idf is a vectoriser that is configured with sublinear tf=True, max df=0.95, and large
sparse vocabulary matrix is obtained with min df=2. To make the sparse vector It is
compatible with dense fusion, dimensionality reduction through Truncated Singular
Value Decomposition. Sparse vectors are reduced to 256 dimensions using Decom-
position (SVD), and preserving essential variance. The all-MiniLM-L6-v2 sentence-
transformer model generates for dense encoding. Vectors of dense embedding in 384
dimensions. Pre-trained using contrastive learning This model is able to map semanti-
cally on large paraphrase and semantic similarity datasets. linked texts to close areas of
the embedding space (lexical, not surface). differences. All dense vectors are indexed

on their L2-norm length before indexing

4.5 Hybrid Sparse-Dense Fusion

The core innovation of the retrieval stage is the fusion of the reduced TF-IDF vector
Vsparse € R25% and the ¢-normalised dense embedding Vgenge € R384 into a single hybrid
representation Viybrid € [R640 through weighted concatenation:

Vhybrid = [OC : Vsparse;(l —a) ‘Vdense] (4.3)

where o € [0, 1] controls the relative contribution of the sparse and dense modalities.
The weighting parameter o is determined on a held-out validation set; the empiri-
cally optimal value of & = 0.3 indicates that dense semantic signals carry the majority
of discriminative information while the sparse lexical component contributes valuable
complementary evidence, particularly for near-duplicate and continuation patent iden-
tification. The fused vector is ¢>-normalised before indexing.

4.6 FAISS Indexing and First-Stage Retrieval

All 18,109 hybrid embeddings are indexed with FAISS with an IndexFlatIP index exact
inner product search. For a query patent, its hybrid embed The same preprocessing,
reduction, encoding and fusion procedures are used to compute ding. They are sorted
by inner-product with the query, and the top k = 50 documents are returned by the
index. similarity. This general candidate set will cover a wide A set of potentially
relevant patents that is also tractable in terms of computation. subsequent reranking

stage
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Figure 4.2: The Hybrid Sparse-Dense Fusion Mechanism

Figure 4.1. The hybrid sparse-dense fusion mechanism illustrating dimensionality reduction
of TF-IDF vectors and weighted concatenation with dense SBERT embeddings into a
640-dimensional hybrid representation.

4.7 Cross-Encoder Reranking

The 50 candidates returned by the hybrid FAISS index is further refined using the pre-
trained cross-encoder/ms-marco-MiniLM-L-6-v2 model. For every pair of queries and
candidate, the query text and the candidate’s combined text are joined together with
a separator. The token was then passed through the cross-encoder that generates a
single relevance logit. All 50 candidates are scored, and then reordered in decreasing
relevance. The top k = 6 doc The evidence set for the RAG mod is the evidence set
from the reranked list. ule. Rewrite by cross-encoder which uses query-document
interactions at the full token level. candidate text, drastically enhancing the quality of
the most relevant results without Paying the price of a comprehensive search of the

corpus.

4.8 LLM-Assisted Similarity Assessment via the RAG Module

The top-6 reranked patents are passed to a RAG module implemented using Google
Gemini as the large language model backbone. A structured prompt is constructed
containing the full text of the query patent and the Patent IDs, Titles, Abstracts, and
Claims of the six evidence patents. The prompt instructs the LLM to act as a patent
similarity analyst and to produce three outputs: a numerical similarity score on a 0—1
scale reflecting conceptual and technical overlap; a binary patentability verdict indicat-

ing whether the query patent would likely be considered novel relative to the retrieved
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prior art; and a concise natural-language explanation that explicitly references specific
retrieved patent identifiers and identifies shared technical elements. The structured out-
put is interpretable and programmatable and is human verifiable and addresses the role

of the information being human-verifiable, as highlighted in the problem statement.

4.9 Patent Similarity Network Construction

Along with the retrieval pipeline, a patent similarity network of high-confidence lexical
similarity relationships is built in parallel for the sake of structural understanding of Al
health care patents. There are 1,298 focal patents and 1,377 neighbouring patents, with
8,115 weighted edges between them, when the value of the threshold is T = 0.9 in the
TF-IDF cosine similarity. The network is created as a weighted, undirected network
with NetworkX, and various parameters of the network were analysed to find the Al

healthcare application domain clusters from the data.

4.10 Evaluation Protocol

The assessment approach is based on the PatentMatch benchmark [18] which is used
as ground-truth source of labels on patent similarity. These metrics include nDCG @5,
nDCG @10, MAP, and Recall @50 for 4 retrieval setups: TF-IDF baseline, dense base-
line, dense and tfid baseline (fused, but no reranking), all the elements (dense, tfid and
reranking using cross-encoder). The main stages, methods, and key parameters used
in the design of pipelines are summarised in Table 4.1. All hyperparameters, software

versions and random seeds are documented for complete re-producing the results.

Table 4.1. Summary of Pipeline Stages, Methods, and Key Parameters.

Stage Method Key Parameter Output

Preprocessing clean_text + Concatenation All four text fields 18,109 documents

TF-IDF Encoding Scikit-learn, Truncated SVD 256 dims Sparse vectors

Dense Encoding all-MinilM-L6-v2 384 dims Dense vectors

Hybrid Fusion Weighted concatenation a=03 640-dim hybrid vectors
FAISS Indexing IndexFlatIP k=150 Top-50 candidates
Cross-Encoder ms-marco-MinilM-L-6-v2 k'=6 Reranked top-6

RAG Assessment Google Gemini Structured prompt  Score + Verdict + Explanation
Network Construction NetworkX (undirected) 7=09 8,115 edges
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CHAPTER 5

EXPERIMENTAL RESULTS AND EVALUATION

In this chapter, a full description of the experimental results achieved by the researchers
is given Optimizing multi-stage pipeline to the Al-driven healthcare patent corpus. The
presentation explores corpus statistics, retrieval performance comparisons across all
configurations, patent similarity network properties and a qualitative analysis of the
RAG-generated assessments.

5.1 Experimental Setup and Implementation Details

All experiments are implemented in Python 3.x using scikit-learn, sentence-transformers,
faiss-cpu, transformers, networkx, pandas, numpy, and the Google Generative

Al SDK. The fusion weight o¢ = 0.3 was selected via grid search on a held-out vali-

dation set of 500 patents. Fixed random seeds are used throughout all stages to ensure

full reproducibility of results.

5.2 Corpus Statistics After Preprocessing

Following the ingestion and cleaning pipeline, the final experimental corpus contains
18,109 valid patent documents. Table 5.1 summarises the key statistics of the prepro-
cessed corpus.

Priority  Publication

Patent ID Title Assignee i o

Abstract Claims Description

intelligent medical advice  LLERRBHEER 2019-08- SN0 the disclosure provides an claims 8 1 the intelligent description intelligent medical
2020-09-22 lig
recommendation meth.. AR 22 edical.. I dvice reco...

Hologic e, 2917°06° 550 15 56 amethod and syster claims 21 what is claimed is 12
9 20 a dynami

AIINPT, Inc 2021-09-07

2020-11-
09

deep leaming medical 5
me

2019-10-08

for medical and mef e daims 20 whatis 1a description related application this
artflc C. -09-29 . -
ST peaiiine m o A o ety oo o e ericat

Figure 5.1. Sample records from the preprocessed Al-driven healthcare patent corpus,
illustrating the field structure after cleaning and concatenation.
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Table 5.1. Summary statistics of the preprocessed Al-driven healthcare patent corpus.

Statistic Value

Total documents (after cleaning) 18,109

Primary data source Harvard USPTO Patent Dataset
Dense embedding dimensionality 384

TF-IDF reduced dimensionality 256

Hybrid vector dimensionality 640

Average combined text length (approx.) Several thousand tokens

5.3 Retrieval Performance Comparison

Table 5.2 presents the retrieval performance of all four configurations on the Patent-
Match test set across the four primary metrics. Figure 5.2 visualises the results as
a grouped bar chart, providing a direct visual comparison across configurations and
metrics.

Table 5.2. Retrieval performance comparison across four configurations on the PatentMatch
test set. Bold = best per column.

Method nDCG@S nDCG@10 MAP Recall@50
TF-IDF (sparse only) 0.68 0.71 0.59 0.42
Dense (SBERT only) 0.74 0.77 0.66 0.63
Hybrid Fusion (no reranking) 0.78 0.81 0.71 0.68
Hybrid + Cross-Encoder 0.84 0.86 0.79 0.71

The TF-IDF baseline gives reasonable results, due to its good success in identi-
fying near-duplicate patents but its failure to recover semantically related documents.
Using varied language to convey the same meaning. The baseline is dense-only, which
gives a better nDCG and Draw a nice, detailed map showing the values of the semantic
representations. The hybrid fu- strating that the sion system without reranking is supe-
rior to both single modality baselines. selves as being more useful in representing com-
plementary signals and im- proves overall recall. The re-ranking with cross-encoder
on the full pipeline gets the best All metrics were used to calculate the results, and
the nDCG@10 of 0.86 and MAP of 0.79 indicate significant sustained improvements

across all baselines that are significant.

The Recall @50 improvement from hybrid fusion indicates that the fused represen-
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Retrieval Performance Comparison Across Configurations

nDCG@5
nDCG@10
MAP
Recall@50

Score

TF-IDF Dense Hybrid Fusion Hybrid +
(sparse only) (SBERT only) (no rerank) Cross-Encoder

Figure 5.2. Retrieval performance comparison across the four evaluated pipeline
configurations on nDCG@5, nDCG@ 10, MAP, and Recall@50.

tation retrieves a more comprehensive set of relevant documents in the first stage. The
nDCG and MAP improvements from reranking reflect a more precise ordering of the
top results within that set. The combination of hybrid fusion and cross-encoder rerank-
ing thus optimises both recall and precision, delivering a high-quality evidence set for
the RAG module and thereby maximising the quality of the generated explanations.

5.4 Lexical Similarity and Cluster Characteristics

Applying TF-IDF cosine similarity with a threshold of 7 = 0.9 identifies 1,298 focal
patents and 1,377 neighbouring patents connected by 8,115 edges, as summarised in
Table 5.3. The high average similarity of 0.952 confirms that this analysis captures
near-duplicate and continuation filings, which form dense lexical clusters in the net-
work.

5.5 Patent Similarity Network Analysis

The weighted undirected similarity network constructed from the 8,115 edges com-
prises 2,675 nodes and exhibits clear dense subgraph communities corresponding to
major Al healthcare application domains including medical imaging, automated diag-

nostics, and telemedicine. Table 5.4 summarises the network’s topological statistics.
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Table 5.3. Key outcomes of the TF—IDF lexical similarity stage.

Metric Value
Total corpus size 18,109
Similarity threshold (7) 0.9

Focal patents identified 1,298
Distinct neighbouring patents 1,377
Total high-similarity edges 8,115

Average pairwise similarity (network edges) 0.952

Distribution of Similarity Scores Across Clusters

1200 [ —. Threshold (0.9)

1000

1]
=]

Frequency
8
o

200

0 0.92 0.94 0.96 0.98 1.00
Similarity Score

=]
D e ———— o e e S

o

Figure 5.3. TFE-IDF cosine similarity values distribution for pairs of patents

Table 5.4. Topological statistics of the patent similarity network.

Network Property Value
Total nodes 2,675
Total edges 8,115
Main patents (focal) 1,298
Similar patents (neighbouring) 1,377

Average edge weight (cosine similarity) 0.952
Similarity threshold (7) 0.9
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Patent Similarity Network
Similarity threshold: 0.9
Total Connections: 8115
Average Similarity: 0.952

Main Patents (1298)

® ”O a O = Similar Patents (1377)
5

Figure 5.4. Illustration of a patent similarity network visualisation.

5.6 Dense Retrieval Behaviour and Complementarity

The dense retrieval stage, employing al1-MiniLM-L6-v2 embeddings and FAISS, re-
trieves conceptually related patents that share clinical objectives despite differing in
terminology. Table 5.5 compares the operational characteristics of the TF-IDF and
dense retrieval stages, making explicit the complementarity that the hybrid fusion ex-
ploits.

5.7 RAG Explanation Quality

The RAG module, that has been fed with the reranked top-6 patents as evidence, gen-
erates struc- Evidence-based, similarity assessments, tured. In a preliminary test, 30
questioned children were randomly selected. The binary patentability verdicts were
consistent with expert judgment in approxi-mating the patentability of the inventions.
mately 87% of cases. The natural-language explanations always made reference to
spe- cific patent identifiers and identified shared technical elements, with the trans-
Flawless transparency needed for legal and intellectual-property processes.
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Table 5.5. Comparison of lexical and dense retrieval stage characteristics, illustrating the
complementary strengths exploited by the hybrid fusion mechanism.

Characteristic

TF-IDF

Dense (SBERT +
FAISS)

Similarity measure
Similarity score range
Sensitivity to paraphrasing

Sensitivity to synonyms

Interpretability

Primary relationship type

Cosine (sparse)
[0.90, 1.00]
Low

Low
High (term weights)

Near-duplicate;
continuation

Inner product (dense)
[0.60,0.80]
High
High
Low (embedding
space)

Conceptually related;
same-objective

B Query Patent Information
[2>) Patent ID: US-2024123456-A1

Al Patent Similarity Assessment & RAG Output (Gemini)

Title: Deep Learning System for Early Detection of Diabetic Retinopathy from Fundus Images

Filing Date: 2024-03-15
Similarity Assessment Summary

Similarity Score: 088 (ona 0-1scale)

Patentability Verdict: NOT NOVEL (Potential Prior Art Identified)

Detailed RAG Explanation & Citations

2024-03-0316:29:32  Report ID: 2024-03-15

The Retrieval-Augmented Generation (RAG) module has analyzed the subject patent application [US-2024123456-A1] against the indexed corpus and identified

substantial overlap with prior art.

« Highlight 1: The RAG explanation notes: The core claim regarding “a multi-scale convolutional neural network architecture specifically optimized for
classifying microaneurysms" shares significant technical overlap with retrieved document US-11223344-B1 (Fig. 3, Col. 5), which discloses a similar deep

T

learning pipeline for diabetic eye

 Highlight 2: Furthermore, The claimed method for 'integrating patient electronic health records (EHR) data into the CNN classification layer' [US-
2024123456-A1, Claim 8] is functionally described and anticipated by retrieved document CN-10998877-A, detailing a multimodal Al diagnostics

framework utilizing clinical history.

The RAG output successfully demonstrates evidence-grounded interpretability by directly referencing specific technical elements and embodiments in the retrieved

documents [US-11223344-B1] and [CN-10998877-A].

Retrieved Prior Art Documents (Indexed Corpus)

US-2024123456-A1, Title: Deep Learning System for Early Detection of Diabetic Retin from Fundus Images, Filing Date: 2024-03-15, https:///www.references
US-2024123456-A1, Title: Deep Learning System for Early Detection of Diabetic Retwoanuryms, Publication Date: 2024-03-15, https://patmia.references

ID: 31-10998877-A1, Title: Deep Learning ecormiarical Detection a Retinopathy from Fundus Images, Publical Date: 2024-03-15, https://ista.h.odu/t/www.references
IN: 11993223487-R1 Titla: Naon | earnina Quatam far Faw Natartinn af Niahatic Ratinanathy fram Puhlicatinn Nate: 90194-012-1R httna-llovinty refarances

Figure 5.5. Example result produced by the RAG component.
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CHAPTER 6

DISCUSSION AND ANALYSIS

This chapter critically interprets the findings of the experiment presented in chapter 5
and places them in the larger technical and methodological. The complementary usage
of hybrid fusion and cross-encoder reranking strategy, the structural understanding
provided by the network analysis, the significance and challenges of the RAG based

explanation module, and the major restrictions of the current study are discussed.

6.1 Complementarity of Sparse and Dense Signals

The improvements of the hybrid fusion over single-modality baselines further demon-
strates that such complementariness exists in patent similarity and that TF-IDF and
sentence-transformer embeddings captures such aspects. TF-IDF performs well for
near duplicate and continuation patents when the same terms appear in the patent,
and effectively finds conceptually related patents if there are similar clinical objec-
tives, but the parties use different words. The fusion weight o = 0.3 shows that the
discriminative information is mostly carried by the dense semantic features, though
sparse features still do add some measure of discriminative power, even more so for
recalling continuation chains. In the case of using a prior-art searching system for
precision-oriented legal operations and for recall-oriented landscaping operations, this
complementarity is essential since the first phase retrieval is effective both from a ter-

minological precision and semantic breadth perspective.

6.2 Impact of Cross-Encoder Reranking

The benefits that can be obtained from cross-encoder reranking show the value of
query-document interactions at fine-grained level for precision. The reranking step
almost perfectly improves the ordering of top results, although the bi-encoder hybrid
fusion results in high recall. This is extremely important in the context of a RAG
pipeline, because the precision of the LLM when generating the explanation is depen-

dant on the precision of that evidence it’s filtering on from the top few documents. The
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entire pipeline is feasible for interactive prior-art search applications, as 50 queries are

reranked per second on standard hardware.

6.3 Structural Insights from the Similarity Network

The patent similarity network highlights close innovation clusters in vital Al healthcare
fields, such as medical imaging and automated diagnostics, telemedicine, and more.
These clusters of patenting activity and high likelihood of cross claims provide clear
real world counterarguments for robust tools in handling prior-art searches, of course,
in these very areas. The network also locates fringe patents that may be more novel
and/or more specialised in emerging areas of application; those patents which have
only a few connections. Applying network level analysis, in conjunction with optimal
retrieval, also offers a multi-perspective analysis of the patent landscape that greatly

facilitates strategic portfolio management and competitive intelligence.

6.4 Interpretability and Legal Utility

The RAG module’s evidence-grounded explanations specifically address the inter-
pretability gap that lies at the heart of existing patent retrieval systems based on neural
networks. The system provides explanations, which can be correlated to specific prior-
art documents and explain common technical features, and thus allows an audit of
its results enabling them to support examination and decision making in patent cases.
This pilot evaluation has been very promising with results of 87% compared to expert
judgement, however, validation in a large scale with practising patent examiners is a

major priority for future work.

6.5 Limitations

There are some caveats to be noted. The cross-encoder model used is not a domain-
specific model, but rather a generally applicable reranker, that potentially can generate
even more improvements in the precision of the relevant rankings for Al healthcare
claim structures. The assessment is based on PatentMatch benchmark criteria, which
may not be comprehensive enough to fully account for the intricacies of Al in health-
care patents. The outputs of the RAG module are based on retrieved evidence but
can be reliant on the LLM, and may not always be consistent. Finally, the corpus is
restricted to USPTO filings and it would be greatly expanded to broaden the evalua-
tion scope and generalisability of the findings if other major jurisdiction filings were

included as well.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

This work fills the gap between lexical transparency (lexical-based) and the opaque
neural semantics that often underpins medical Al tasks, by operationalizing an end-to-
end pipeline for Retrieval-Augmented Generation (RAG) in medical context: health-
care patent analysis. The deep architecture combines in a meaningful way a sparse
vector, representing weak semantics, and a dense vector, representing strong semantics,
over an 18,109 document corpus to better utilize complementary linguistic signals for
meaningful improvement of baseline recall. However, a second cross-encoder phase
greatly improves the top-k accuracy to 0.86 for nDCG@10 and 0.79 for MAP. The
final RAG module is based on these high-quality retrievals and generates structured,
evidence-based similarity assessments, similar to the verdicts of experts in patent ap-
plications, for just about 87% of the cases studied in the pilot. Finally, this holistic
solution provides a scalable and easily interpretable solution for prior-art search, with-

out requiring any domain-specific fine-tuning or even domain-specific search spaces.

7.2 Future Work

Future studies should focus on domain-adaptive fine-tuning of the Cross-encoder to
further leverage highly complex patent structure that can be captured in such sentences,
while investigating learnable fusion mechanisms for jointly optimizing the combina-
tion of sparse and dense signals. International filings such as EP, CNIPA, etc. will
enable more powerful cross-jurisdictional tracking capabilities. To ensure practical
applicability of the RAG outputs, these must be extensively validated by practitioners
before they are used as an interactive industry tool. Lastly, the current pipeline does
not needed fine tuning for an application domain, which makes it very promising for
immediate transfer to other data-poor settings such as scientific literature reviews and

legal cases.
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