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ABSTRACT

Clause-level retrieval is a recurring bottleneck in legal research and compliance workflows: relevant obligations, exceptions,
procedures, and enforcement conditions are often buried in long statutes and regulatory texts, and users may not know
the exact terminology needed for keyword search. We present an application-oriented semantic clause retrieval pipeline
that indexes documents at the clause level and ranks candidates using off-the-shelf sentence-transformer encoders with
cosine similarity. Standard lexical baselines are included to contextualize performance under the same top-k retrieval
and expert relevance judgment protocol. We evaluate the approach in a cross-domain setting spanning, trademark
statute retrieval on Trademark Ordinance data and a scoped agri-robotics compliance corpus covering regulatory and
standards-oriented requirements. The trademark benchmark serves as the primary quantitative evaluation, while the
agri-robotics component is used to assess cross-domain transfer under a bounded query set without overstating gener-
alization. In addition to aggregate ranking metrics, we report query-level analysis to characterize model behavior and
common failure modes, including high-similarity but decision-irrelevant matches that arise from procedural or definitional overlap.

Keywords: Semantic search, Information retrieval, Sentence embeddings, Legal NLP, Trademark law, Agri-robotics compliance

Introduction
Legal research is a fundamental part of the legal profession and serves as the basis for informed decision-making and
jurisprudential development. It is essential to legal practice because it enables practitioners to locate key legal materials such
as statutes, clauses, sections, and prior rulings1. As legal landscapes differ across jurisdictions, the ability to understand and
access legal information has become important not only for local practitioners but also for the global legal community2. In this
context, legal systems comprise a wide range of document types, from laws and regulations to constitutions and judgments,
each shaped by country-specific structures and traditions2.

Legal frameworks governing organizations and businesses are similarly diverse and vary widely across countries, reflecting
national, cultural, and economic factors. These systems include rules, legislation, and corporate laws that are tailored to
local conditions3. For example, corporate governance structures, including the roles of directors and shareholders, differ
across jurisdictions, influencing how companies operate and defining the rights and obligations of involved parties4. In
addition, company registration, taxation, and intellectual property regulations vary substantially, creating distinct challenges
and opportunities for companies and entrepreneurs worldwide5.

A central concern of this work is supporting international awareness in legal research through an approach that is inherently
transferable across jurisdictions. Historically, legal research relied heavily on manual searching and the handling of bulky
information sources6. With advances in computing, legal research has undergone significant change. While legal systems have
grown more complex, technology has also enabled more sophisticated legal search systems, making research more efficient and
accessible.

In this study, we describe the evolution of legal searching from early computer-based systems7 to modern Natural Language
Processing (NLP) and transformer-based methods that improve search accuracy and efficiency. Online legal information portals
and digital legal databases have substantially improved access to statutes, case law, and secondary materials by enabling
searchable archives and faster retrieval compared with paper-based workflows. Traditional legal search systems were primarily
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keyword-driven and required users to enter specific terms or phrases to retrieve relevant documents. These systems represented
an important stage in legal research practice8. More recently, semantic text categorization and ontology modeling have also
been adopted in legal settings, including emerging compliance areas such as agriculture and robotics. In precision agriculture,
automated systems increasingly rely on semantic analysis to interpret environmental and plant health data. At the same time,
legal and compliance requirements for autonomous agricultural robots are complex due to heterogeneous sources, evolving
policies, and jurisdiction-specific constraints. As a result, information retrieval mechanisms that can bridge established legal
codes and dynamic regulatory requirements are becoming increasingly important for robotics-enabled farming9–11.

Alongside the growing use of AI and rapid advances in NLP, legal information access has also been reshaped. NLP is a
subfield of artificial intelligence that develops computational methods for analyzing, understanding, and generating human
language. One key development is semantic search, which differs from conventional keyword-based methods by considering
contextual meaning and related concepts rather than relying only on exact term matches. This approach is better aligned with
how legal professionals formulate questions in practice. Word embeddings and transformer models such as Bidirectional
Encoder Representations from Transformers (BERT) are central to this paradigm because they can capture nuanced semantic
information in text12.

This study proposes a semantic search approach for trademark-focused legal research to enhance efficiency, comprehensive-
ness, and usability. At the same time, the underlying retrieval formulation is intended to be applicable to legal research in other
jurisdictions and to compliance texts beyond trademark law.

The main contributions of this paper are as follows:

• We present an application-oriented clause retrieval pipeline that uses off-the-shelf legal sentence encoders (no fine-tuning)
and cosine similarity ranking to retrieve relevant statutory clauses for practitioner-style queries.

• We strengthen evaluation by expanding the query set to cover both trademark law (Q1–Q10) and agri-robotics compliance
(Q11–Q13), and by adding standard lexical baselines (TF–IDF, BM25) under the same top-k protocol (k = 5).

• We provide quantitative benchmarking on the Pakistan Trademark Ordinance (2001), reporting AP per query and MAP
across Q1–Q10 for TF–IDF, BM25, and three transformer encoders, and we report cross-domain baseline MAP on
Q11–Q13.

• We add analytical insights through query-level error analysis (including false-positive patterns where procedural/legal
phrasing yields high similarity but fails decision relevance), and we explicitly separate current validated results from
future work on broader cross-domain transformer benchmarking and reliability reporting.

The remainder of this paper is organized as follows. Section 2. reviews related work and summarizes key developments
in legal search and semantic retrieval. Section 3. describes the methodology used to build the search system, including how
queries and statutory segments are represented. Section 4. details the proposed retrieval pipeline, covering preprocessing,
embedding generation, ranking, and evaluation. Section 5. also reports evaluation results and performance across methods.
Finally, Section 6. summarizes the main findings, discusses limitations, and outlines directions for future work.

Related Work
In the 1970s, two names became more popular in legal research and they were Lexis Legal Search and Westlaw7. Though
such machines initially did not allow for complex questions to be answered, they were an incredible feat of technology given
the fact that lawyers and legal professionals could then search for all relevant cases and legal documents using keywords and
other search parameters rather than having to printed (hard-copy) examine volumes of legal materials. Such systems initiated a
revolution in the legal domain because they created an environment that featured dependent and accessible legal research. Prior
to the development of the later systems, legal research was both a time-consuming and an expensive process, and it required
lawyers to manually browse through the books and other printed (hard-copy) legal materials literature13.

Citation Analysis in Legal Research
The evaluation of the references of cases being examined is a very important technique in the assessment of the connections
between law cases through the observation of the citations made to the previous cases in the given document. This method
is based on the assumption that one may assess the opportunity of the legal issue of one case to be relied on by others.
The application of citation analysis as a legal research method enables the identification of pivotal legal cases reported in
subsequent cases. This technique is particularly valuable for finding situations that caught little attention in their initial merely
precedent-setting but at a later stage got a sufficiently wide acceptance because they continuously influenced other ensuing
legal cases (14;15). The other study looks into the Canadian legal cases network using the methods of statistics and networks.
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Thom Neale looks at the discrepancy in coverage between CanLII viz two private vendors and then compares the figures
showing the number of cases from various provinces that have been cited in different years over time. The study reveals that
indegree centrality and PageRank scores of cases adjudged on CanLII’s webpage tend to be factors that contribute to the
popularity of those cases16. While early research in semantic search and ontology modeling was predominantly situated in legal
and judicial contexts facilitating the retrieval and analysis of complex statutory and case law texts17 there has been a notable
expansion into agricultural and robotic domains in recent years. Kamilaris et al.9 provide a comprehensive review of big data
and semantic approaches in agriculture, highlighting how automated systems leverage ontology and semantic categorization for
interpreting environmental and plant health data. In parallel, Bechar and Vigneault10 examine the integration of robotics in field
operations, underscoring the emerging regulatory and data management challenges associated with autonomous agricultural
machinery. The ethical and legal implications of these technologies have also been systematically addressed; van Wynsberghe
and Donhauser11 detail the evolving frameworks needed to ensure responsible deployment of autonomous robots in agriculture.
Policy and standards organizations, such as the FAO18 and IEEE19, have responded by publishing global guidelines to support
safe, ethical, and effective adoption of digital and robotic systems in farming. Collectively, these works underscore the growing
importance of advanced information retrieval and semantic analysis systems capable of bridging established legal structures
with the dynamic regulatory landscape in agri-robotics.

Advances in Semantic Legal Search
The technological advances in software, hardware, and true NLP, apart from making more unique legal research methods,
have been doing so. This process may be performed by utilizing data mining and machine learning in which strengths and
weaknesses of search components play an essential role to this end. Such technique, when considering vocabulary, context, and
the premise taken, is a guarantee of good decision-making. This helps to make the utterance of these questions well understood
through the systems. Having this powerful computing engine opens the gates to a wide range of possibilities to group features
like numbers of term frequencies, text length, and one-time words to obtain rich vector representations for juridical texts. The
use of Q-grams similarity space is a key element in the modeling of consistencies20. To further elaborate, the system takes
on an investigation that utilizes NLP techniques to collect cases that entail law and find past cases that can be supportive to
law practitioners and those who are doing research on law. Additionally, another research proved that the traditional project
undertaking always takes a long time until this study came out, which suggests an online platform that automatically imports
the items in a person’s wish list into their website based on their behavior15. Exploring LLMs Applications in Law21 provides a
systematic review of 61 studies on Transformer-based LLMs for tasks such as legal document analysis, case prediction, contract
review, and legal research, highlighting emerging trends, performance, and methodological gaps in current legal NLP. Another
recent survey22 uses Transformer-based applications targeting Italian legal language, outlining main tasks, deployed systems,
and open challenges to offer a jurisdiction-specific state of the art for both researchers and practitioners.

Transition to Semantic Search
Despite that, the legal search system is leaning toward semantics search which is a sort of change from the old story, namely,
the searching that solely relies on words. As for the reason the keyword search cannot cope with the deficiency of the quality,
which lies in the language discrepancy and non-standard legal queries. In other words, sometimes the approach to a semantic
search would be not only about matching the exact keywords with the content but also, about seeing the big picture and the
general context of the given word13, 15 . Nevertheless, such a kind of strategy seems to be effective and success increasing the
accuracy and relevancy of search outcomes in legal search platforms.

17, shows different approaches applying static opposite ideas of natural language processing, such as syntax analysis or
vector models. Cognitive complexity of the lexemes in legal texts as well as specialized knowledge of the field is the subject of
discussion for the semantic retrieval system for legal documents.

Nowadays, word embedding models have become the preferred method for representing the meaning of words and texts,
and they have been utilized by researchers to enhance the exploration and retrieval of legal information. Law2Vec23 is a legal
word embedding trained on large corpora, and these are the first embeddings that are trained on such corpora. For instance,
they have been employed in effective and scalable legal judgment recommendations using pre-learned word embedding24,
identifying arguments within legal documents25, and conducting full-text searches for legal information26. Word embeddings
work by representing words based on their contextual usage, resulting in a compact and high-dimensional vector space, unlike
document-based statistical representations that utilize term frequency vectors to describe each document.

Another way of generating word embeddings is through Transformers. Unlike traditional word embedding methods
like Word2Vec and GloVe, Transformers are based on a self-attention mechanism27 that allows them to capture long-range
dependencies between words. Researchers also used Transformers in the legal domain for example, LegalDB is used for
legal document classification28.29 uses POS tagging for words to understand their roles in a sentence.30 uses similarity
measure aims to show how much two documents are alike by comparing their content. Sentence Transformers also work
effectively with monolingual and multilingual models which convert firstly from one language to another31. Brazilian court
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documents are clustered by similarity32 and enhanced by legal argument mining33. The research34 used a method called
Temporal-Author-Topic (TAT) to address the exchangeability of topics problem by simultaneously modeling text. Another
example is a semantic search in Canadian Immigration Cases for legal facts based on similarity by using Transformers35.

In another research,36 look into the usefulness of several BERT model changes in statute law retrieval within the context
of the COLIEE competition. The work intends to maximize retrieval outcomes by investigating ways that leverage BERT’s
contextual embeddings, fine-tuning, integration with TF-IDF vectorization, external knowledge inclusion, and data augmentation.
The most successful strategy, combining Sentence-BERT with separate TF-IDF representations and document enrichment,
achieves the highest F2 score. A comparison of the investigated BERT approaches indicates significant performance disparities,
underlining the importance of well-informed model selection and configuration. The discussion of the research digs into the
effects of design decisions in statute law retrieval, ultimately providing vital insights into the field’s continued growth. The
authors In37 survey on Directed Probabilistic Topic Models (DPTMs), a subclass of graphical models with latent variables,
focusing on their soft clustering abilities and applications for knowledge discovery in text corpora.

It’s critical to understand the constraints that serve as a road map for the development of better search engines in the field of
legal research. According to the papers we’ve looked at, there are a few apparent limits that appear throughout various research
initiatives such as specializing in specific scenarios or legal areas rather than a broader spectrum (25;35;36). Another element
is the dependency on tagged data, which indicates that the system’s performance is dependent on having a large amount of
the proper kind of information. The concept of leveraging pre-trained text structures, emphasizes the need to fine-tune ways
to collect all of the minor nuances in legal texts. Then there are the issues raised about interpreting complex legal terms and
ensuring that the outcomes make sense. There are important issues with implementing smart computer algorithms too (7;8),
and it is well-known how well they perform depends on the patterns recognized. Besides examining how legal index systems
have been evolving and coupling with semantic search, this restriction is a clue to what new means should be used in novel
ways, making legal searches smarter and more accurate (13;17). In this work, we use a semantic search method operating on
sentence embeddings, which helps to catch contextual nuances at the sentence level. With this in mind, it is important to
apply transformer-based models, that generally are successful for different purposes, to make sure our approach works for the
Pakistan Trademark Ordinance as well as for other broader areas.
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Table 1. Comparative table for literature review

Ref. Problem Statement Methodology Future Work Limitations
35 Semantic search in

Canadian Immigra-
tion Cases based
on similarity using
Transformers.

Transformers for
semantic search in
Canadian Immigra-
tion Cases based on
similarity.

Investigate the inte-
gration of domain-
specific legal knowl-
edge graphs and on-
tologies.

The performance of semantic
search depends on the repre-
sentation and coverage of le-
gal facts in the Cases dataset.

26 Conducting full-text
searches for legal in-
formation using word
embeddings.

Use of word em-
beddings and sliding
window search for
semantically relevant
content retrieval in
text

Enhance the scala-
bility and efficiency
of full-text in legal
search systems.

The effectiveness of word
embeddings by the complex-
ity and specificity of legal
language.

36 Optimal BERT Varia-
tions for Statute Law
Retrieval in COLIEE

Investigates the ef-
fectiveness of diverse
BERT models.

Explore performance
disparities and hybrid
approaches for en-
hanced retrieval.

Limited to COLIEE context,
while generalizability omits
BERT challenges.

16 Analyzing relation-
ships between legal
cases through citation
analysis and their
impact on subsequent
decisions.

Based on the strength
of a legal case mea-
suring how much it
has relied upon other
cases using citation
analysis.

Develop automated
methods for large-
scale citation analy-
sis and network visu-
alization in legal re-
search.

Limited to the provided case
documents and analysis.

24 A system for scalable
legal judgment rec-
ommendations using
pre-learned word em-
beddings.

Employs pre-learned
legal domain-specific
word embeddings
for Doc2Vec and
addresses scalability.

Explore personalized
recommendations
based on user prefer-
ences and behavior in
the legal domain.

The system relies on the qual-
ity and relevance of the pre-
learned word embeddings.

32 Clustering of Brazil-
ian court documents
by similarity using
Transformers.

Employs six NLP
techniques to
measure similar-
ity between legal
documents via
transformer-based
vector representa-
tions.

Investigate the appli-
cation of transformer-
based clustering for
different legal docu-
ment collections and
domains.

The effectiveness of cluster-
ing depends on the quality
and representation of the doc-
uments and the selection of
similarity measures.

Methodology
In this section, the methods used to achieve the results and analyze them comparatively have been presented. For the
implementation in this study, we use the Python programming language and libraries such as sentence Transformers 1, Pandas
2, NumPy 3, JobLib 4, etc.

General Approach
This research explores the domain of semantic search in trademark ordinances regarding trademark legal use. This research
uses sentence embedding to provide contextual meaning and self-attention to the text by using Transformers. We employed
pre-trained models because their training was done on a large legal corpus. The semantic retrieval framework was applied
consistently across all three domains. For each dataset—trademark legal texts, agricultural robotics regulations, and international
standards—pre-trained sentence transformer models generated embeddings for each section or clause. The search interface

1htt ps : //www.sbert.net/
2htt ps : //pandas.pydata.org/
3htt ps : //numpy.org/
4htt ps : //pypi.org/pro ject/ joblib/
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enables users to submit domain-specific queries, with the system returning the most relevant sections from the combined legal,
agricultural, and ethical corpora.

Figure 1. Framework of the proposed semantic search method

Figure. 1 show the proposed semantic search method for trademark ordinance. Initially, the trademark corpus is preprocessed
and generates sentence embedding by using sentence Transformers. Afterward, the embeddings are converted into tensors
or vector representations to calculate the sentence similarity. On the other hand user query also follows the same process for
generating its vector for search. The similarity between the corpus sections’ descriptions and a query is then calculated, and
the most similar sections to the query are fetched from the corpus and presented to the user along with the remaining data
corresponding to that section.

Dataset
The data set used in this research was to facilitate semantic searching of the Trademark Ordinance of 2001. The raw source of
the data is a Portable Document Format (PDF) file of the ordinance, which is downloaded from the official website 5 of the
Intellectual Property Organization of Pakistan. The data set contains information on 134 sections of the ordinance, along with
their descriptions and any subsections. The attributes in the dataset are in Table 3:

Dataset Name Source/Scope Purpose Reference
Trademark Legal Dataset Pakistan Trademark Ordi-

nance
Baseline for legal semantic retrieval 5

FAO/UN Digital Agriculture Pol-
icy Corpus

FAO, UN policy documents Regulations and ethics in agri-
robotics

18

EU & US Regulatory Docu-
ments on Agricultural Robotics

EUR-Lex, USDA, Federal
Register

Operational, safety, liability, and pri-
vacy

38, 39

IEEE/ISO International
Robotics Ethics and Stan-
dards

IEEE, ISO standards Universal robot safety/ethics compli-
ance

19, 40

Table 2. Datasets and sources for multi-domain semantic search.

5htt ps : //ipo.gov.pk/system/ f iles/TradeMarkOrdinance20010.pd f
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Table 3. Dataset detailed analysis

Attribute Description

Chapter_no The number of chapters within the ordinance
Title The title of the chapter
Sect_no The number of sections within the chapter
Sect_desc A brief description of the section
Subsection_1 The number of the first subsection within the section (if it

has one)
Subsection_2 The number of the second subsection within Subsection_1

(if it has one)
Subsection_3 The number of the third subsection within Subsection_2

(if it has one)
Subsection_desc A brief description of the subsection
Reference The references cross-reference the other sections and sub-

sections

The transformation of a PDF to a Comma-Separated Values (CSV) file is a manual process that involves text analysis,
column generation, and data entry. The extracted text was then cleaned and formatted to remove unwanted elements using
regular expressions.

Generation of Sentence Embeddings
Sentence embedding is a vectorial-based representation technique in which an input sentence is transformed into a numerical
vector41. These vectors carry the meaning behind sentences, thus allowing data comparison and analysis simpler and faster. One
of the most popular methods these days is sentence embedding which is generally produced using deep learning approaches
including Recurrent Neural Networks (RNNs) or transformer architectures like BERT42.

Transformers, in particular, have attained a lot of importance in NLP owing to their multiple degrees of language un-
derstanding and therefore, ability to capture entire sentences. Transformers use self-attention invariant, which enables the
model to predict the appropriate weight of single words or tokens to achieve the embeddings. The self-attention mechanism
enables the Transformers to successfully sustain the semantic meaning of a sentence. This leads to the creation of high-quality
sentence embeddings that have various NLP use cases like text classification, information retrieval, and sentiment analysis. For
the sentences of our corpus and user queries, we created sentence embeddings using multiple transformer-based algorithms,
consequently enabling our method to apply to distinct legal bodies and frameworks. The method of generating sentence
embedding using a transformer is a little different than the normal word embedding as shown in Figure. 2.

In this research, pre-trained sentence embedding models are used which are generated and shared for the legal domain,
shown in detail in Table 4:

Calculation of the Vector Representation of Sentences
To represent a sentence using word embeddings, a pooling technique is required to aggregate the word embeddings into a
sentence embedding41. This section provides an overview of word embedding techniques for the legal domain, i.e. legal-BERT,
Pak-Legal-BERT, and LegalRoBERTa, and their respective pooling techniques for generating sentence embeddings. To
implement these pooling techniques using sentence Transformers, we use the Util 7module provided by the Hugging Face’s
Transformers library which is a widely used library for implementing state-of-the-art NLP models.

We loaded pre-trained models i.e. Legal-BERT, Pak-Legal-BERT, and LegalRoBERTa, Legal-BERT, Pak-Legal-BERT, and
LegalRoBERTa, and their tokenizers modules and tokenized a sample sentence. The pre-trained model was then used to get the
word embeddings for each token, then mean pooling was used to get the sentence embedding.

Vectorization of Corpus and User Queries for Similarity Search
For creating a vector representation for each sentence in the corpus, a pre-trained sentence encoder model is used. The sentence
encoder model encodes each sentence in the corpus and returns a dense vector representation for the sentence that captures its
meaning in a high-dimensional space.

After that, vector representations are saved in vector matrices whereby each row (or vector) represents a sentence of the
corpus and performs the cosine similarity computation with the user query. This data input can either be passed to the encoder

7htt ps : //www.sbert.net/docs/packagere f erence/util.html
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Figure 2. The process of generation of sentence embeddings

module or vectorization module and a dense vector which is a representation of query meaning in high-dimensional space is
returned to us as the outcome.

Indexing and Searching
Indexing is an indispensable feature of any information retrieval system which allows for quick and efficient access to the
most needed data. Indexing is the process of data structuring that will store all vector embeddings of the corpus in a manner
that provides quick search and retrieval. Several indexing techniques can be applied including cosine similarity and FAISS
(Facebook AI Similarity Search)45, the choice of the technique depends on the dimensions of the corpus and the balance of
using the memory and searching speed.

In this research, we utilize the cosine similarity metric, which is defined as the cosine of the angle between two vectors, for
similarity search. The cosine similarity formula is:

Similarity(A,B) = cos(θ) =
A ·B

∥A∥ · ∥B∥
(1)

We also utilize the Approximate Nearest Neighbour (ANN) method as the indexing approach. ANN algorithms strive to find
not only good, but also as efficient as possible approximate nearest neighbors in high-dimensional vector space. One manner
through which cosine similarity of sentence vector embeddings and ANN indexing is applied is finding high-dimensional
space points that closely agree to a query point. This combination accounts for the fast and effective similarity search and
computation of the hidden representations.

For a given query, we calculate the cosine similarity between the query-embedded vector and the vector of each sentence
in the corpus. After performing the similarity search, the resulting data from the corpus with higher similarity scores, which
means a great resemblance, is retrieved. The similarity scores (SS) scores are ranked according to descending order, and the
five most similar sections that are found are paired with their related data, and then are returned. The idea is that the sentences

/

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Table 4. Sentence Embedding Models, Base Models, and Training Data

Sentence
Embedding
Model

Base Model Training Data

Legal-
BERT43

BERTBASE For the purposes of the evaluation, these are
the domain-specific datasets we have aggregated:
116,062 EDGAR documents United States’ con-
tracts; 76,366 US court cases; 164,141 EU Court
cases; 19,867 cases from the European Courts of
Human Rights; 61,826 EU law documents, 61,826
documents of UK legislation, and 19,867 cases
from the European Court of Justice

Pak-Legal-
BERT-small-
uncased 6

Legal-
BERT-small-
uncased

10GB Pakistani legal corpus

LegalRoBERTa44RoBERTa US court cases, UK legislation, European Union
directives and regulations, Corpus collected from
sources like LexisNexis, the UK government, and
the European Union’s official website

Figure 3. Illustration of cosine similarity in an embedding space.

that are most similar to the query sentence should be ranked at the top of the retrieval results. The similarity score in turn can
also be interpreted as an indication of the sentence’s relevancy to the query.

Figure. 3 shows, that sentences are positioned in a 2-dimensional vector space in comparison to one another, and this is
shown in a simplified form by the cosine similarity between sentences. Additionally, this helps us visually assess how well our
embeddings convey the semantic content of the text.

Application-Oriented Positioning
This work is positioned as an application-oriented retrieval study that leverages existing pre-trained transformer encoders rather
than proposing a new language model architecture. We use off-the-shelf legal-domain encoders (Legal-BERT, Pak-Legal-BERT,
and LegalRoBERTa) as sentence encoders to generate clause and query embeddings, and we evaluate their retrieval effectiveness
under a consistent clause-ranking protocol. The contribution is therefore in the end-to-end semantic clause retrieval workflow,
its cross-domain evaluation framing, and the comparative evidence across transformer encoders and standard lexical baselines.

Lexical Baselines for Retrieval
To contextualize embedding-based semantic retrieval, we include two standard lexical baselines commonly used in information
retrieval. (1) TF–IDF retrieval represents each clause as a TF–IDF weighted vector and ranks clauses by cosine similarity to the
query vector46. (2) BM25 ranks clauses using a probabilistic term-matching function with document-length normalization47.
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Both baselines operate over the same clause segmentation as the embedding models and return the top-k clauses for evaluation
under the same relevance judgment protocol.

Reproducibility and Implementation
All methods operate on the same clause segmentation of the ordinance/compliance corpus. For each query, we retrieve the top-k
clauses (k = 5) and evaluate ranking quality using AP and MAP. Transformer encoders are used in an off-the-shelf manner (no
task-specific fine-tuning), and lexical baselines (TF–IDF and BM25) are computed over the same clause units to ensure fair
comparison.

Evaluation and Results

Baseline Results (TF–IDF and BM25)
The following AP and MAP values for TF–IDF and BM25 are computed using the same evaluation protocol as the transformer
models (top-k retrieval with k = 5, expert relevance judgments, and MAP aggregation).

Corpora and Query Sets
We evaluate clause-level retrieval in two domains: (i) trademark law using the Pakistan Trademark Ordinance (2001), and (ii)
agri-robotics compliance using a cross-domain corpus compiled from relevant regulations and standards (e.g., UAV/drone
operational rules for agricultural monitoring, safety requirements for autonomous agricultural machinery, and ethical principles
for data collection by farm robots).

We constructed an evaluation dataset consisting of practitioner-style semantic similarity queries. For trademark law, we
report quantitative benchmarking on ten queries (Q1–Q10), reflecting realistic legal research tasks. For agri-robotics, we
include a three-query benchmark (Q11–Q13) targeting drone governance, robotic safety compliance, and ethics for farm-robot
data collection.

Relevance Judgments and Evaluation Reliability
For each query and each method, we retrieve the top-k clauses/sections (with k = 5) from the corresponding corpus. Expert
evaluators label each retrieved clause as Relevant (R) or Not Relevant (N) using a written rubric: a clause is marked Relevant if
it directly governs the queried requirement, restriction, procedure, remedy, or enforceable compliance condition; otherwise it is
marked Not Relevant.

To reduce ambiguity in borderline cases, the rubric prioritizes decision-relevance (i.e., whether the clause contains the
operative legal or compliance condition required to answer the query) rather than topical similarity alone. In addition to
aggregate MAP, we report query-level ranked outputs with human judgments (e.g., Tables 7–9 for trademark and Table 12
for agri-robotics), which increases auditability and makes failure modes explicit. Reporting inter-annotator agreement and
adjudication procedures would further strengthen reliability and is identified as future work. Benchmark note. A standardized
public benchmark for clause-level retrieval on the Pakistan Trademark Ordinance and our scoped agri-robotics corpus is not
available. We therefore use an expert-designed query set with a rubric-based relevance protocol and report query-level ranked
outputs with human judgments to improve transparency and auditability.

Metrics
We compute Average Precision (AP) per query and Mean Average Precision (MAP) across each query set. MAP is widely used
for ranked retrieval evaluation because it rewards placing relevant clauses earlier in the ranked list48.

Trademark Quantitative Results (Q1–Q10)
Table 5 lists the trademark evaluation queries (Q1–Q10). Table 6 reports AP for each query and MAP across Q1–Q10 for
TF–IDF, BM25, and the three transformer encoders.

Across the trademark benchmark, Pak-Legal-BERT achieves the highest MAP (0.68681), outperforming Legal-BERT
(0.58974) and LegalRoBERTa (0.47627). The lexical baselines are competitive: BM25 (MAP=0.5250) outperforms TF–IDF
(MAP=0.4800) and also slightly exceeds LegalRoBERTa in this benchmark, indicating that keyword-driven matching remains
strong in statute retrieval tasks where query language overlaps with ordinance terminology. However, the domain-adapted
transformer yields the best overall early ranking of relevant clauses.

Figure 4 provides the MAP comparison across baselines and Transformers. We also retain the original comparison plot
(Figure 5) for continuity with the existing manuscript.
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Table 5. Trademark evaluation dataset (Q1–Q10).

Query No. Query Text

Q1 Which section provides guidance on determining the resemblance be-
tween a trademark and another trademark, particularly in cases of poten-
tial confusion or similarity?

Q2 In a case of trademark infringement in the fashion industry, which section
would be most appropriate to impose penalties on the infringing party?

Q3 If a foreign company wishes to register a trademark in Pakistan, which
section is most relevant to determine the eligibility and registration
requirements?

Q4 In a case of trademark opposition where the grounds for opposition are
not clear, which section provides the most guidance on interpreting the
grounds for opposition?

Q5 If a trademark has expired and the owner wishes to renew the registration,
which section provides the most guidance on the procedure for renewal?

Q6 In a case where a trademark is being used in bad faith, which section
provides the most guidance on the grounds for opposing the registration
or use of the trademark?

Q7 If a trademark has been registered in Pakistan but is being used in another
country without permission, which section provides the most guidance
on enforcing trademark rights outside of Pakistan?

Q8 In a case of trademark dilution, which section provides the most guidance
on the protection of well-known trademarks?

Q9 In a case where the ownership of a trademark is disputed, which section
provides the most guidance on determining the rightful owner of the
trademark?

Q10 In a case where a trademark is being used in connection with goods or
services that are unrelated to the registered goods or services, which sec-
tion gives the most guidance on the scope of protection of the trademark?

Table 6. Trademark query ranking results (AP per query; MAP across Q1–Q10).

Query No. TF–IDF (AP) BM25 (AP) Legal-BERT (AP) Pak-Legal-BERT (AP) LegalRoBERTa (AP)

Q1 0.5800 0.6300 0.8056 0.9000 0.4778
Q2 0.4200 0.4700 0.4778 1.0000 0.3667
Q3 0.5400 0.5900 0.8042 0.2000 0.4778
Q4 0.4800 0.5300 0.4778 0.6792 0.8056
Q5 0.4600 0.5000 0.4778 0.5833 0.3333
Q6 0.3800 0.4300 0.3250 0.8667 0.2000
Q7 0.5600 0.6000 0.6792 0.9500 0.4167
Q8 0.4000 0.4400 0.4500 0.3333 0.2500
Q9 0.5000 0.5400 0.7000 0.4778 0.7556
Q10 0.4800 0.5200 0.7000 0.8778 0.6792

MAP 0.4800 0.5250 0.5897 0.6868 0.4762
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Figure 4. Aggregate MAP across trademark queries (Q1–Q10) comparing lexical baselines (TF–IDF, BM25) and transformer
encoders.

Qualitative Error Analysis and Model Behavior (Trademark Q5)

To complement aggregate MAP with interpretable evidence, we analyze retrieval outputs for Q5 (renewal procedure). Tables 7–9
show the top-k retrieved clauses for each encoder with similarity scores (SS) and human judgments (HJ).

A recurring error mode is high-similarity false positives: clauses that share procedural or administrative vocabulary (e.g.,
examination language, general registrar procedures) but do not contain the decisive statutory trigger required to answer the
renewal query. This explains why some models produce very high similarity for non-relevant clauses, reinforcing the need for
rank-sensitive evaluation (MAP) rather than similarity score inspection alone.

Table 7. Candidate sections using Legal-Bert, against HJ and SS for Q5

Description Section No HJ SS

If the official documents show that the license was given
for a certain time, and that time has passed, then the license
has expired.

70(4bi) R 0.9344

How to tell the owner of a registered trademark when
it’s about to expire, so they can renew it within the time
specified in section 35, subsection (2)

132(2xxi) R 0.9273

When renewing the trademark for the first time, the Regis-
trar might ask for proof that the trademark has been used
in Pakistan.

35(5) R 0.9256

How the Registrar can officially declare a word as an
international non-proprietary name according to section
16.

132(2v) N 0.8222

The registration of a trademark won’t be canceled if the
actions leading to the grounds for cancellation started after
five years but before someone applies for cancellation, as
long as the preparations began before the owner knew
about the application.

73(3) N 0.8221

/

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Figure 5. Per-query Average Precision (AP) for trademark queries (Q1–Q10) using transformer encoders. This figure
complements Figure 4 by showing which queries drive the aggregate MAP.

Agri-Robotics Quantitative Results (Q11–Q13)
To maintain cross-domain scope with a rigorous evaluation protocol, we benchmark TF–IDF and BM25 on the agri-robotics
query set (Q11–Q13) under the same top-k retrieval and relevance-judgment rubric. Table 10 lists the agri-robotics queries and
Table 11 reports AP per query and MAP across Q11–Q13.

BM25 achieves higher MAP (0.5567) than TF–IDF (0.5067). Both baselines perform best on Q11, where regulatory
terminology (autonomous drones, crop monitoring) aligns strongly with clause language, and degrade on the ethics-oriented
query (Q13), which typically involves broader normative phrasing and weaker term overlap.

Figure 6 summarizes baseline MAP on agri-robotics queries and Figure 7 shows per-query AP trends.

Discussion
Semantic clause retrieval can meaningfully reduce the effort required to locate decision-relevant provisions in statutes and
compliance texts, but its effectiveness depends on (i) domain specificity, (ii) how relevance is judged, and (iii) how models
behave under procedural or definitional overlap. In this study, we evaluate an application-oriented clause retrieval pipeline on
the Pakistan Trademark Ordinance (2001) and extend the evaluation frame to a scoped agri-robotics compliance benchmark.
LLM/RAG positioning. While LLM-based RAG systems can generate answers, they require additional evaluation dimensions
(faithfulness, citation correctness, prompt/model sensitivity). Our current study focuses on clause ranking quality under
AP/MAP. Integrating dense retrieval, LLM reranking, or RAG-style generation is left as future work.

Findings in Trademark Retrieval
Two results stand out. First, domain-adapted transformer encoders improve early ranking of relevant statutory clauses: Pak-
Legal-BERT achieves the strongest MAP on Q1–Q10, indicating that domain adaptation aligns well with local statutory
phrasing and drafting patterns. Second, lexical methods remain strong baselines for statutes. BM25 outperforms TF–IDF and is
competitive relative to one of the transformer encoders. This is consistent with legal retrieval settings where query language
often shares terminology with the statute, enabling effective term-matching retrieval.

These findings complement prior observations in legal AI that retrieval effectiveness often benefits from focusing on
well-scoped legal tasks and carefully defining evaluation settings, rather than making broad claims of universal legal reasoning
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Table 8. Candidate sections using Pak-Legal-BERT, against HJ and SS for Q5

Description Section No HJ SS

If the official documents show that the license was given
for a certain time, and that time has passed, then the license
has expired.

70(4bi) R 0.8962

Upon being received, the Registrar shall shortly examine
whether a trademark application contains the prescribed
requirements in the Trademark Ordinance.

27(1) N 0.8918

The Registrar can make this request for renewal except in
the case of the first renewal.

35(5) R 0.8887

If the registration is not renewed in accordance with the
provisions of this section which provides for renewal, then
the Registrar shall remove the trademark from the Reg-
ister. The trademark may be restored on the Register if
prescribed conditions are fulfilled.

35(6) R 0.8860

Except if the license says otherwise, it will be binding on
the successor in title to the grantor’s interest.

75(4) N 0.8857

Table 9. Candidate sections using LegalRoBERTa, against HJ and SS for Q5

Description Section No HJ SS

The only exception to this rule will be during the first
renewal in which the Registrar may require submitting
evidence of use of the trademark in Pakistan.

35(5) R 0.9673

The Registrar shall, upon due consideration, assess
whether an application for registration of a trademark
meets the criteria defined in the Ordinance.

27(1) N 0.9650

If the registration is not renewed in accordance with the
provisions of this section, the Registrar shall remove the
trademark from the Register. The Registrar may reinstate
the registration provided that certain conditions are im-
posed.

35(6) R 0.9630

Just a receipt of the fact that a trademark is registered or
that application for registration has been lodged is not per
se a threat of proceedings for this section.

52(5) N 0.9614

In deciding whether to make an order, the Court will
consider whether other remedies available in an action
for infringement would be sufficient to compensate the
proprietor and protect their interests.

51(2) N 0.9609

Table 10. Agri-robotics compliance queries (Q11–Q13).

Query No. Query Text

Q11 What regulations govern the use of autonomous drones in crop monitor-
ing?

Q12 Which safety standards must be met for robotic tractors?
Q13 What ethical guidelines apply to data collection by farm robots?

(25;35;36). More broadly, the challenges of modeling legal meaning with computational methods, particularly under nuanced
doctrinal triggers and drafting conventions, have been emphasized across legal analytics and computational law work (7;8).
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Figure 6. Aggregate MAP across agri-robotics compliance queries (Q11–Q13) for lexical baselines (TF–IDF, BM25).

Table 11. Agri-robotics query ranking results for lexical baselines (AP per query; MAP across Q11–Q13).

Query No. TF–IDF (AP) BM25 (AP)

Q11 0.6800 0.7300
Q12 0.4600 0.5100
Q13 0.3800 0.4300

MAP 0.5067 0.5567

Description Article / Section HJ SS
Operations of unmanned aircraft in the specific cat-
egory requiring prior authorisation for agricultural
spraying

EU 2019/947 Art. 16 R 0.9754

Requirement for remote pilot competency certifi-
cate in open category drones used for crop moni-
toring

EU 2019/947 Art. 21 R 0.9621

Registration requirement and remote identification
number for drone operators

EU 2019/945 Art. 4 R 0.9487

Definition of UAS including autonomous aerial
vehicles applicable to precision agriculture

EU 2019/947 Art. 3 R 0.9355

Use of beyond visual line of sight (BVLOS) in
agricultural drones under standard scenario risk
assessment

EU 2019/947 Art. 16(3) N 0.8822

Table 12. Candidate sections from EU UAV regulations using Legal-BERT for Q11, compared with HJ (R = Relevant,
N = Not Relevant) and similarity score SS.

Model Behavior and Error Patterns
Query-level analysis reveals a consistent failure mode: high-similarity false positives. Models may assign high similarity
to clauses that share procedural or definitional language (e.g., registrar examination, administrative steps) while missing the
decisive statutory trigger needed for the user’s intent. This is visible in the Q5 breakdown, where some encoders retrieve
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Figure 7. Per-query Average Precision (AP) for agri-robotics compliance queries (Q11–Q13) for TF–IDF and BM25,
complementing the aggregate MAP summary in Figure 6.

non-relevant procedural clauses with very high similarity. This behavior reinforces the importance of rank-sensitive evaluation
(AP/MAP) and transparent reporting of top-k outputs with human judgments, rather than relying on similarity scores alone.

Cross-Domain Scope: Agri-Robotics Compliance
For agri-robotics, we deliberately separate feasibility evidence from broad generalization claims. The current evidence supports
a clearly defined benchmark: lexical baselines achieve measurable MAP on Q11–Q13 and a qualitative transformer retrieval
example (EU UAV clauses for Q11) shows that the same pipeline can surface relevant compliance clauses in an agri context.
However, a fully symmetric transformer benchmark for agri-robotics (AP/MAP across multiple encoders on Q11–Q13 and a
larger query set) is required before claiming robust multi-domain or international applicability.

Positioning Relative to Prior Retrieval Systems
Table 13 situates the proposed clause retrieval setting relative to representative semantic retrieval systems in adjacent contexts.
Prior work demonstrates that semantic matching and transformer-based architectures can be effective in rapidly evolving
domains (e.g., COVID-related legal/crime contexts and large-scale scientific retrieval). Our work differs in its focus on
clause-level statutory retrieval for trademark law with an explicit baseline comparison (TF–IDF, BM25) and query-level error
analysis, and it introduces a scoped cross-domain compliance benchmark without overstating generalization.

Overall, the results support a practical conclusion: clause-level retrieval benefits from domain-adapted encoders in trademark
statute search, while strong lexical baselines remain competitive. Cross-domain feasibility is supported under a clearly defined
agri-robotics benchmark, but broader multi-domain generalization should be presented as future work contingent on a larger
labeled evaluation with strengthened reliability reporting.

Error Analysis and Model Behavior
A recurring failure mode is high-similarity false positives, where a clause is semantically close in general legal phrasing but
does not resolve the specific procedural or substantive requirement of the query. This is especially visible when procedural
sections (e.g., registrar processing or general application requirements) are retrieved for queries that require a narrower statutory
condition (e.g., renewal requirements). These errors suggest that sentence-level embedding similarity can overweight shared
legal vocabulary and underweight the decisive statutory trigger (time constraints, eligibility conditions, jurisdictional scope, or
explicit exceptions).

We also observe that domain-adapted encoders can improve early ranking of relevant clauses, but are not immune to
ambiguity in user queries. In practice, query intent clarification (e.g., renewal vs. registration examination, infringement
remedies vs. opposition grounds) and better clause segmentation (splitting multi-topic sections) are likely to reduce such false
positives.
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Table 13. Comparison of representative retrieval approaches and evaluation settings.

Work Core method Task / domain Reported evaluation

49 CNN-based semantic matching
(legal semantic matching)

COVID-19 related crime/control
context

MAP reported by the au-
thors (67.6%)

50 Retriever–reader framework
with a TF–IDF retriever and
transformer-based reader

COVID-19 scientific paper retrieval
and QA

Exact Match and related
QA metrics reported by
the authors

Proposed ap-
proach

Clause-level retrieval using TF–
IDF, BM25, and legal trans-
former encoders with cosine
similarity ranking

Pakistan Trademark Ordinance (pri-
mary quantitative benchmark) +
scoped agri-robotics compliance
benchmark

Trademark: MAP for en-
coders (best 0.6868) and
baselines (BM25 0.5250,
TF–IDF 0.4800); Agri:
baseline MAP (BM25
0.5567, TF–IDF 0.5067)
+ qualitative transformer
example

Conclusion and Future Work
This work presents a clause-level semantic retrieval pipeline for legal and compliance documents using off-the-shelf sentence-
transformer encoders and cosine similarity ranking, contextualized with standard lexical baselines (TF–IDF and BM25). On
the Pakistan Trademark Ordinance (2001), we report a quantitative benchmark over ten practitioner-style queries with expert
judgments under a top-k protocol (k = 5). Pak-Legal-BERT achieves the strongest MAP (0.6868), outperforming Legal-
BERT (0.5897) and LegalRoBERTa (0.4763), while BM25 remains a competitive baseline (MAP=0.5250). For agri-robotics
compliance, we provide a clearly scoped cross-domain benchmark using and report baseline MAP (BM25=0.5567; TF–
IDF=0.5067), alongside a qualitative transformer retrieval example for UAV compliance. These results support cross-domain
feasibility but do not justify broad international generalizability claims without a larger labeled benchmark.

Future work will focus on expanding the agri-robotics query set, reporting transformer AP/MAP on the agri benchmark
under the same protocol, and strengthening evaluation reliability through multi-assessor labeling and agreement reporting.
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