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Breslin, C.; Barczentewicz, M.; Walker,

S. Employing AI for Better Access to

Justice: An Automatic Text-to-Video

Linking Tool for UK Supreme Court

Hearings. Appl. Sci. 2025, 15, 9205.

https://doi.org/10.3390/

app15169205

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Employing AI for Better Access to Justice: An Automatic
Text-to-Video Linking Tool for UK Supreme Court Hearings
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Abstract

The increasing adoption of artificial intelligence across domains presents new opportunities
to enhance access to justice. In this paper, we introduce a human-centric AI tool that utilises
advances in Automatic Speech Recognition (ASR) and Large Language Models (LLMs) to
facilitate semantic linking between written UK Supreme Court (SC) judgements and their
corresponding hearing videos. The motivation stems from the critical role UK SC hearings
play in shaping landmark legal decisions, which often span several hours and remain diffi-
cult to navigate manually. Our approach involves two key components: (1) a customised
ASR system fine-tuned on 139 h of manually edited SC hearing transcripts and legal docu-
ments and (2) a semantic linking module powered by GPT-based text embeddings adapted
to the legal domain. The ASR system addresses domain-specific transcription challenges
by incorporating a custom language model and legal phrase extraction techniques. The
semantic linking module uses fine-tuned embeddings to match judgement paragraphs
with relevant spans in the hearing transcripts. Quantitative evaluation shows that our
customised ASR system improves transcription accuracy by 9% compared to generic ASR
baselines. Furthermore, our adapted GPT embeddings achieve an F1 score of 0.85 in clas-
sifying relevant links between judgement text and hearing transcript segments. These
results demonstrate the effectiveness of our system in streamlining access to critical legal
information and supporting legal professionals in interpreting complex judicial decisions.

Keywords: automatic speech recognition; legal transcription; UK Supreme Court;
legal information retrieval; embedding customisation

1. Introduction
Despite the growing interest in applying Natural Language Processing (NLP) tech-

niques to legal texts, spoken court proceedings, particularly those of the UK Supreme Court
(SC), remain under-explored. These hearings are rich in legal reasoning and play a pivotal
role in shaping landmark judgements, yet they often span several hours of audio content,
making manual navigation and comprehension time-consuming and inefficient for legal
professionals and the public alike. Currently, the transcription of such hearings is largely
performed by human transcribers, a process that is costly, labour-intensive, and unable to
scale to meet the demand of over 449,000 cases annually across UK tribunals [1]. While
generic Automatic Speech Recognition (ASR) systems offer a potential solution, they are
typically trained on general-domain data and fail to capture the specialised vocabulary and
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discourse patterns of legal proceedings, which results in suboptimal transcription quality.
Moreover, there are no existing automated systems that semantically link segments of hear-
ing transcripts to the corresponding paragraphs in written judgements, which are essential
for understanding the rationale behind judicial decisions. This lack of semantic alignment
between spoken and written legal content creates a barrier to efficient legal analysis, train-
ing, and public accessibility. To address these challenges, we propose a domain-adapted
ASR and semantic linking system that automatically transcribes UK SC hearings and con-
nects them to relevant sections of the final judgement text. This system aims to enhance
legal transparency, reduce manual effort, and support informed legal interpretation.

In this paper, we summarise our combined research–industry project for building an
automated tool designed for linking segments in UK SC text judgements to semantically
relevant timespans in the videos of their relevant hearings [2–4]. The project involved
two stages: (1) building a customised Automatic Speech Recognition (ASR) system that
is specifically tailored for SC court hearings to ensure accurate transcription of the court
hearings and (2) deploying the customised ASR system to transcribe a large dataset of
UK SC hearing videos and using it to build an Information Retrieval system that links
paragraphs in the text of a case judgement to their relevant spans in the court hearing video.
The main objective of this tool is to provide legal professionals, as well as the general public,
with an automatic navigation tool that pins down the arguments and legal precedents
presented in the long hearing sessions and identifies those that are of particular importance
in how the judges made their decision on the case. Although the system presented in this
paper was developed in the context of linking court hearings with the case judgement,
the methodology described can be adapted to other scenarios which require linking of
spoken data with textual information.

Figure 1 shows a screenshot of the user interface created in the project. On the left side
of the screen, the paragraphs of the written judgement are displayed. The user can then
scroll down to choose a specific paragraph in the judgement. On the right side, the timespan
in the court hearing video that is semantically relevant to the legal point mentioned in the
selected judgement paragraph is displayed along with temporal metadata (session number,
day and time). The user can play the particular timespan and go back and forth around it,
as well as read our tool’s transcription of the speech.

Figure 1. User interface for linking judgement to bookmarks in video court sessions [3].

When we started the project, we realised that there is an increasing interest in employ-
ing NLP techniques to aid the textual processing of the legal domain [5–8]; in contrast, the
processing of spoken court hearings has not received the same level of attention. In the UK
legal system, the court hearing sessions have a unique tradition of verbal argument that is
used to clarify arguments, challenge assumptions, and explore the broader implications
of each case. Moreover, UK Supreme Court hearings crucially aid in new case prepara-
tion, provide guidance for court appeals, help in legal training, and even guide future
policies. However, as mentioned above, the length of the audio materials and the fact that
transcription is usually manual limit the access to the information
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Although there are numerous speech-to-text (STT) technology providers that could
be used to transcribe this data automatically, most of these systems are trained on general
domain data, which may result in domain-specific transcription errors if applied to a
specialised domain. One way to address this problem is for end-users to train their own
ASR engines using their in-domain data. However, in most cases the amount of data
available is too low to enable them to train a system from scratch that can compete with
well-known cloud-based ASR systems that are trained on much larger datasets. At the
same time, in commercial scenarios, using generic cloud-based ASR systems to transcribe a
specialised domain may result in suboptimal quality transcriptions for clients who require
this service.

This also holds true when transcribing the UK SC proceedings. When applying a
generic cloud-based ASR system (in our case Amazon Transcribe) on SC hearings, the Word
Error Rate (WER) remains relatively high due to the challenges presented by the presence
of several speakers, complex speech patterns, and more crucially, unique pronunciations
and domain-specific vocabulary. The examples in Table 1 show some common problems
that we faced when transcribing UK court hearings using off-the-shelf ASR systems such as
Amazon Web Services (AWS) Transcribe (https://aws.amazon.com/transcribe/, accessed
on 12 August 2025). The references in the table are taken from human-generated ground-
truth transcripts of real UK SC hearings (https://www.supremecourt.uk/decided-cases/
index.html, 19 June 2024) created by the legal editors in our project’s team. The first error
is due to the special pronunciation of the phrase “my lady” in British courtrooms, as it is
pronounced “mee-lady” when barristers address a female judge. Similarly, in the second
example, the error relates to the linguistic etiquette of UK court hearings which the ASR
system consistently fails to recognise. The error in the third example, on the other hand, is
related to legal terminology critical to the specific transcribed case. Errors similar to the
third example are numerous in our dataset and also affect named entities such as numbers
and names that are vital in understanding the legal argument in the transcribed cases.
These errors can lead to serious information loss and cause confusion.

Table 1. Examples of errors produced by Amazon Transcribe in legal hearings. The references were
produced by editors with legal background. The errors and their correct forms are in bold.

Model Transcript

Reference So my lady um it is difficult to...
AWS ASR So melody um it is difficult to...

Reference All rise ...
AWS ASR All right ...

Reference it makes further financial order
AWS ASR it makes further five natural

The first stage of the project described in this paper and presented in Section 3.1 focused
on domain adaptation of a generic ASR system to mitigate the errors in the automated UK
court transcription services. We address this by fine-tuning off-the-shelf ASR systems with a
custom language model (CLM) trained on legal documents as well as 139 h of human-edited
transcriptions of UK SC hearings. We also employ NLP techniques to automatically build a
custom vocabulary of common multi-word expressions and word n-gram collocations that
are critical in court hearings. We infuse our custom vocabulary in the CLM at transcription
time. In this study, we evaluate the benefits of our proposed domain adaptation methods
by comparing the word error rate of the CLM output with two off-the-shelf ASR systems:
AWS Transcribe (commercial) and the OpenAI Whisper model (open source) [9]. We
also compare the general improvement in the ASR system’s ability to correctly transcribe

https://aws.amazon.com/transcribe/
https://www.supremecourt.uk/decided-cases/index.html
https://www.supremecourt.uk/decided-cases/index.html
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legal entities with and without adopting our proposed methods. In addition, we discuss
the transcription time with different ASR settings since transcription time is critical for the
commercial pipeline implemented by the industrial partner of the project.

In Section 3.2, we present the second stage of the project where we use the SC audio
material transcribed by our customised ASR system to construct an integrated system for
the automatic navigation of segments in the media data of UK SC hearings based on their
semantic relevance to particular paragraph(s) in the text of the judgement issued following
the hearing. Based on the timing metadata of the court hearing transcription segments,
we assign bookmarks on the video sessions and link them to their semantically relevant
paragraphs in the judgement text.

Thus, the major contributions of our research can be summarised as follows:

1. Customised ASR System for Legal Domain
We developed and fine-tuned an ASR system specifically for UK SC hearings. This
involved training a custom language model using legal documents and human-
edited transcripts and integrating domain-specific vocabulary to enhance transcription
accuracy and efficiency.

2. Semantic Linking Between Judgement Text and Hearing Video
We designed an automated information retrieval system that links paragraphs in
written judgements to semantically relevant segments in hearing videos, enabling
precise navigation and contextual understanding of legal arguments.

3. Integrated User Interface for Legal Professionals and Public Use
We created a user-friendly interface that synchronises textual and audiovisual data
and allows users to select judgement paragraphs and view corresponding video
segments with playback and transcript functionality.

4. General Framework for Audio-Text Alignment in Specialised Domains
We proposed a scalable and adaptable methodology for linking audiovisual content
with textual information, applicable to other specialised domains such as education,
healthcare, and policy analysis.

The rest of the paper is structured as follows: in Section 2, we briefly summarise the
more relevant research in ASR as well as recent information retrieval systems used within
the legal domain. In Section 3, we illustrate our pipeline used to build the text-to-video
linking tool. Section 4 presents the results of the two stages of our project: customising the
ASR model and building the IR system which act as the back-end of our tool. In Section 5,
we illustrate both an error analysis of the experiment as well as the feedback we attained
from our stakeholders. Finally, in Section 6, we discuss our conclusions of the overall
experiment as well as the benefits of our AI tool in providing a better access to justice.

2. Related Work
In this section, we provide a review of the relevant literature. We start with a brief

overview of research carried out in the field of Automatic Speech Recognition in Section 2.1,
followed by a discussion about Information Retrieval methods used in the legal domain in
Section 2.2.

2.1. Automatic Speech Recognition

Automatic Speech Recognition (ASR) models convert audio input to text, and they
have optimal performance when used to transcribe data similar to the data on which
they were trained. However, performance degrades when there is a mismatch between
the data used for training and that which is being transcribed. Additionally, some types
of audio material are intrinsically harder for speech recognition systems to transcribe.
In practice, this means that Automatic Speech Recognition system performance degrades
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when, for example, there is background noise [10], non-native accents [11,12], young or
elderly speakers [11], or a shift in domain [13].

Performance degradation is typically mitigated by adapting or fine-tuning ASR mod-
els towards the domain of the targeted data by using a domain-specific dataset [14–16].
Some methods for domain adaptation adopt NLP techniques such as using machine trans-
lation models to learn a mapping from out-of-domain ASR errors to in-domain terms [17].
An alternative approach is to build a large ASR model with a substantially varied training
set so that the model is more robust to data shifts. An example of this latter approach is
the recently released OpenAI Whisper model, which is trained on 680k hours of diverse
domain data to effectively generalise a range of unseen datasets without the need for
explicit adaptation [9].

ASR models are usually evaluated using Word Error Rate (WER), which treats each in-
correct word equally. However, ASR models do not perform equally on different categories
of words. Performance is worse for categories like names of people and organisations as
compared to categories like numbers or dates [18]. For this reason, there is ASR research
targeted specifically for improving specific errors such as errors related to entities using
NLP techniques [19,20]. Correct recognition of entities is particularly important for our
purpose as the entities can serve as important anchor points between the paragraphs in the
court judgement and video timestamps.

To solve the challenges in transcribing the special domain of UK SC hearings, we adopt
simple techniques to improve the effect of the domain mismatch between a generic ASR
model and the specialised domain of British courtroom hearings. Our proposed method
improves both the system’s WER rate as well as its ability to capture case-specific terms and
entities. In Section 3.1, we present the setup of our experiments and the evaluation results.

2.2. Information Retrieval for Legal Domain

Our literature survey has shown that there has recently been an increased interest in
employing NLP techniques to aid the textual processing in the legal domain [5–8]. The main
focus has been on legal document summarisation [21,22], predicting judgements [23,24],
and contract preprocessing and generation [25,26]. Moreover, NLP methods for Information
Extraction and Textual Entailment have been extensively used in NLP legal to either find
an answer to a legal query in legal documents [27] or to connect textual data [28].

Chalkidis et al. [29] experimented with different IR models to extract relevant EU and
UK legislative acts that are important for organisations’ regulatory compliance, which they
need to ensure compliance with the relevant laws. Their experiments show that fine-tuning
a BERT model on an in-domain classification task is the best pre-fetcher for their dataset.
Similarly, Kiyavitskaya et al. [30] use textual semantic annotation to extract government
regulations in different countries which companies and software developers are required to
comply with. They show that AI-based IR tools are effective in reducing the human effort
to derive requirements from regulations.

Although there has recently been a significant increase in legal IR research, the pro-
cessing and deployment of spoken court hearings for legal IR has not received the same
attention as understanding and extracting information from textual legal data. The next
section shows how we employed ASR technology to build an IR tool which automatically
connects judgements and videos of court hearings.

3. Models and Methods
This section describes the two stages of our system. In the first stage, we build a

custom language model (CLM) by fine-tuning the base AWS ASR system using two types
of training data: (1) textual data from the legal domain and (2) a corpus of human-generated
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legal transcriptions. Second, we use NLP techniques to extract domain-specific phrases
and legal entities from the in-domain data to create a vocabulary list. We use both the CLM
and the vocabulary list for transcribing legal proceedings. The objective of this stage is to
obtain a high-quality transcript for our automatic retrieval model in the second stage. This
approach is described in Section 3.1.

The second stage consists of building an IR system capable of extracting the best n-links
between a paragraph(s) of the judgement text and the timespans of the transcribed video
sessions of that particular case. The links are then translated into timestamp bookmarks in
the long videos of each case to be used in constructing our UI.

3.1. Stage One: A Customised ASR Model

In this section, we explain how we customised the AWS Transcribe base model for
the legal domain. Figure 2 illustrates the pipeline used for customising of an ASR system
tailored for the UK SC hearings. The pipeline begins by feeding two types of in-domain
data into a generic language model: (1) legal texts from Supreme Court judgements and
(2) manually edited transcripts of Supreme Court hearings. This data serves a dual purpose.
First, it is used to train a customised language model (CLM) that captures the linguistic
nuances and domain-specific terminology of UK legal discourse. Second, it is processed by
a phrase extraction model to identify and extract key legal phrases prevalent in the textual
data. The resulting CLM and the extracted in-domain phrases are then integrated into the
ASR system to transcribe Supreme Court hearing audio. This enriched transcription process
ensures higher accuracy and contextual relevance, forming the basis for evaluating the
performance of the adapted ASR system. We compare the performance of our CLM model
with the accuracy of AWS Transcribe base ASR system and OpenAI Whisper open-source
ASR system when transcribing ≈ 12 h of UK Supreme Court hearings.

Figure 2. Pipeline for improving ASR output for legal specific errors [2].

3.1.1. Dataset Compilation

For our experiments, we compiled two open-source datasets from the UK legal domain.
The first is a dataset of 43 Supreme Court written judgements with over 3.26 million tokens
scraped from the official site of the UK Supreme Court (https://www.supremecourt.
uk/cases/, accessed on 12 August 2025). The second dataset consists of ≈139 h for 10
SC hearings sessions downloaded from the British National Archive (https://discovery.
nationalarchives.gov.uk/, accessed on 19 June 2024). To ensure representativeness, we
selected cases spanning diverse legal domains including commercial disputes, criminal
appeals, and custody challenges. The audio sessions were transcribed using the Amazon
Transcribe service. This transcription was then post-edited by a team of legal professionals
using a specially designed post-editing tool which enables them to compare the ASR output
to the audio files of the SC hearing sessions.

We applied word-level Levenshtein distance [31] between the ASR output and the
edited transcripts of a sample of the transcribed cases in our dataset in order to high-
light differences between them and identify challenges that cause error in the automatic
transcription. The main challenges can be summarised as follows:

https://www.supremecourt.uk/cases/
https://www.supremecourt.uk/cases/
https://discovery.nationalarchives.gov.uk/
https://discovery.nationalarchives.gov.uk/
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• Overlapping speech and background noise due to the logistics of the court hearings’ settings,
as the barristers frequently ask the court to turn to specific pages in the case file.

• UK legal jargon was consistently mistranscribed due to special pronunciation of some
phrases in the English court as is the case in the first example in Table 1. Also,
repeated forms of address that have a special pronunciation lead to transcription
errors. For example, a barrister addressing a colleague as “My learned friend” is
pronounced as “my learn’id friend” with a stress on the second syllable of “learned”.

• Legal entities such as case names with non-English names (e.g., Agbaje (Respondent)
v Akinnoye-Agbaje (FC) (Appellant)), provisions (e.g., Section 84 1 ), and cardinals
crucial to the discussed case were frequently mistranscribed.

• Legal terms specific to the deliberated case were often mistaken by the ASR system to
phrases with similar pronunciation. For example, the legal term “inherent vice” was
consistently mistranscribed as “in your advice”. This most likely relates to the fact that
the ASR system opts for the most acoustically similar phrase provided by its language
model, which is trained on non-domain data.

The first challenge requires processing of the audio signal in order to remove the back-
ground noise and can be performed to a certain extent with the latest advances in AI. While
this would improve the overall accuracy of ASR, it would not help much with the recognition
of domain-specific terminology and jargon. The next sections present how we customised the
ASR engine for the legal domain to address the last three challenges identified.

3.1.2. Customising the ASR System

The architecture used by AWS Transcribe relies on a recurrent neural network trans-
ducer (RNN-T) [32]. This is an end-to-end model for automatic speech recognition (ASR)
which has gained popularity in recent years as it folds the separate components of the
ASR system (i.e., acoustic, pronunciation and language models) into a single neural net-
work [33]. The RNN-T speech recognition architecture involves determining the most likely
word sequence, W = w1, ..., wn, given an acoustic input sequence, x = x1, ..., xT , where T
represents the number of frames in the utterance:

W∗ = argmax
W

P(W|x), (1)

which is typically decomposed into three separate models as follows:

W∗ = argmax
W

∑
ϕ

P(x, ϕ|W)P(W) (2)

≈ argmax
W,ϕ

p(x|ϕ)P(ϕ|W)P(W) (3)

where the acoustic model, p(x|ϕ), predicts the likelihood of the acoustic input speech
utterance given a phoneme sequence, ϕ [34].

The AWS Transcribe platform allows the fine-tuning of this architecture via building
custom language models to improve transcription accuracy for domain-specific speech.
In contrast to other approaches that require the fine-tuning of audio files and their tran-
scriptions, the custom language model (CLM) for AWS Transcribe is created by infusing a
significant amount of text data on top of the base model without the need of audio files.
The text data must contain domain-specific vocabulary that would normally appear in
the audio files. For training our CLM, we used the two datasets from the legal domain
introduced in the previous section.
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3.1.3. Phrase Extraction Model

The second component we use in customising the base ASR model is a legal-specific
vocabulary list that is infused at the fine-tuning time. The list is extracted from the gold-
standard transcriptions of SC hearings along with the SC textual judgements dataset
used for training the CLM. To create the vocabulary list, we implemented two methods.
First, we used the Gensim library (https://radimrehurek.com/gensim/models/phrases.
html, accessed on 12 December 2024) to train a phrase detection model to automatically
detect common phrases—aka multi-word expressions—from the stream of sentences in our
dataset. We trained the model to extract bigram collocations based on Pointwise Mutual
Information (PMI) scores [35]. PMI is a measure of association between words; it compares
the probability of two words occurring together to what this probability would be if the
two words were independent. Words that normally occur together in a domain will have
higher PMI scores than the rest of words. We train the collocation model using the Gensim
4.3.3 Python library with a minimum score threshold for a bigram to be taken into account
set to 1 and PMI as the probability scoring method [36]. The collocation model is trained on
the textual data of the SC transcriptions and the SC judgements. The model is then frozen
and used to extract a list of most common bigrams in the whole dataset.

The second method we employed to create a list of custom vocabulary is the
identification of named entities in our dataset. For this purpose, we used Blackstone
(https://research.iclr.co.uk/blackstone, accessed on 15 June 2024), an NLP library built
on top of spaCy (https://spacy.io/, accessed on 15 June 2024) capable of identifying legal
entities. The list of legal entities includes Case Name, Court Name, Provision (i.e., a clause
in a legal instrument), Instrument (i.e., a legal term of art), and Judge. We concatenated
this Blackstone entity list with the list of non-legal entities that spaCy library normally
identifies such as Cardinals, Persons and Dates.

Figure 3 shows an example of the type of common phrases extracted by our collocation
model along with their frequencies. As can be seen from the figure, the extracted phrases
include frequent legal terms (highlighted in blue) as well as named entities such as names of
institutions and persons (highlighted in yellow) which are specific to the SC cases included
in the training corpus. Thus, our vocabulary list comprised the main error categories which
were identified in the output of the base ASR system. We use our vocabulary lists in two
ways: (1) as part of the CLM training data and (2) as a custom vocabulary list infused
at transcription time. The results of applying our domain-adaptation methods for the
transcription of Supreme Court case hearings are explained in the Section 4.

Figure 3. Example of common collocations extracted by the phrase extraction model [2].

3.2. Stage Two: Text-to-Video IR System

In this section, we present the method we proposed to link paragraphs from court
judgements with timestamps from videos. For the sake of simplicity, we will refer to
the former as paragraphs and the latter as timestamps. In Section 3.2.1, we describe how

https://radimrehurek.com/gensim/models/phrases.html
https://radimrehurek.com/gensim/models/phrases.html
https://research.iclr.co.uk/blackstone
https://spacy.io/
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we prepared the data for our experiments. Given the lack of training data to train a
classifier which determines whether there is a link between a paragraph and a timestamp,
we first experiment with existing retrieval methods to determine which one is the most
appropriate for our purpose. These experiments are presented in Section 3.2.2. Armed with
this information, we annotate a dataset in Section 3.2.3. However, this annotation is still
time-consuming. For this reason, we propose an automatic method to augment our dataset
in Section 3.2.4. A number of classifiers which are able to determine whether there is a link
between a paragraph and a timestamp are proposed in Section 3.2.5.

3.2.1. Data Processing and Preparation

We treat the linking of a judgement paragraph(s) to the relevant timespan transcripts
of a video session as a semantic search task. We first transcribe the video sessions using our
custom speech-to-text language model and then segment the judgement into paragraphs.
The paragraphs are treated as a query and the transcript of the case is the corpus in which
we search for an answer to that query. More formally, given a judgement segment q and a
set of candidate timespan transcripts C = {c1, c2, ..., cn}, the task is to find the timespans
in the video transcripts T = {t1, t2, ..., tn | ti ∈ C ∧ (ti, q)} where (ti, q) denotes a semantic
link between the information presented in the timespan transcript and the argument put
forward in the judgement segment.

The main challenge in preprocessing the dataset was segmentation of the judgement
text into semantically cohesive sections that would be treated as queries in our IR method.
We noticed that typically a Supreme Court judgement is structured manually into sections
such as: “Introduction”, “The context”, “Facts of the Case”, “The Outcome of the Case”,
etc. However, after we carefully scrutinised the dataset, we found that the naming of
sections is not consistent and therefore building an automatic segmentation method around
these labels would be difficult. On the other hand, the judgement texts are consistently
divided into enumerated paragraphs (typically a digit(s) followed by a dot). We opted,
therefore, for segmenting the judgement text into windows of enumerated paragraphs.
After experimenting with different window sizes, the optimum window size consisted
of three enumerated paragraphs. The average length of this window was 389 tokens
per segment.

The preprocessing of the transcription consisted mainly of excluding very short times-
pans since they were mostly either interjections (e.g., “Yes, sorry, I’m not following”, “I beg
your pardon”, etc.) or reference to logistics of the hearing (e.g., “This is your paper, isn’t
it?”, “Please turn to the next page ”, etc.). We chose to exclude transcription spans less than
50 tokens as an empirical threshold for semantically significant conversation units. For both
the judgement and transcript data, we cleaned empty lines and extra spaces but kept
punctuation intact, especially in judgement segments as it is essential in identifying names
of cases and legal provisions (the UK legal system has a unique punctuation style for case
names such as “R v Chief Constable of South Wales [2020] EWCA Civ 1058”, which are
crucial in understanding legal precedents).

3.2.2. Zero-Shot Information Retrieval

The ability of an IR system to retrieve the top-N most relevant results is usually as-
sessed by comparing its performance with human-generated similarity labels on a sentence-
to-sentence or query-to-document similarity dataset(s) (e.g., [37–39]). In order to create a
human-validated evaluation dataset, we needed human annotators to manually check the
correct links between judgement segments and the timespans of video hearing transcripts
for each of our chosen cases. However, in our use case, this is not feasible since to anno-
tate one SC case with, for example, 50 judgement segments and 300 timespans of video
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transcript, as the annotators will need to read and compare 50 × 300 judgement–timespan
pairs, which means they need to decide on 15,000 links per case.

To overcome this problem, we adopted a zero-shot IR approach. Accordingly, we
embedded all judgement and transcript segments in our corpus into the same vector space
and used the cosine similarity as our semantic distance metric to extract the top closest
20 transcript timespans per judgement segment in the vector space. We first experimented
with different ways to encode the judgement segments and transcription timespans as
numeric vectors for a single case in our dataset. Then, we assigned a human annotator,
a post-graduate law student, to evaluate for each segment from the judgement the first
20 links produced by the model. For the case above, this reduced the number of judge-
ments to 50 × 20 = 1000, which is a more manageable task. The annotator compared each
judgement segment against each timespan to choose either “Yes” there is a semantic link
or “No” there is not. This was performed using a specially designed interface that also
allowed them to play the corresponding video timespan if necessary. The IR models used
for our experiments are the following:

A. Frequency-based Methods (keyword search)

Okapi BM25 [40]: BM25 is a traditional keyword search based on a bag-of-words
scoring function estimating the relevance of a document d to a query q, based on the query
terms appearing in d. It is a modified version of the tf-idf function where the ranking scores
change based on the length of the document d in words, and the average d length in the
corpus from which documents are drawn.

B. Embedding-based Methods

Document Similarity with Pooling: We experimented with different pooling methods
of the GloVe [41] pretrained word embeddings. The GloVe vector embeddings were trained
using an unsupervised method on a general domain dataset [42]. We create vectors for
the judgement segments and the transcripts’ timespans from the mean, minimum, and
maximum values of the GloVe embeddings.

Entailment Search: We used embeddings from a pretrained model for textual entail-
ment that is trained to detect sentence pair relations, i.e., one sentence entails or contradicts
the other. We employed the Microsoft MiniLM model [43] which is trained on the Mi-
crosoft dataset MiniLM-L6-H384-uncased and fine-tuned on a 1B sentence pairs dataset.
The potential link in this case is whether the judgement paragraph(s) entails the particular
segment of the video transcript.

Legal BERT: Our dataset comes from the legal domain, which has distinct charac-
teristics such as specialised vocabulary, particularly formal syntax, and semantics based
on extensive domain-specific knowledge [44,45]. For this reason, we employed the Legal
BERT [46] which is a family of BERT models for the legal domain pre-trained on 12 GB of
diverse English legal text from several fields (e.g., legislation, court cases, and contracts).
The judgement text and the video transcript data were converted into the Legal BERT
pretrained word embeddings.

Asymmetric Semantic Search: Asymmetric similarity search refers to finding sim-
ilarity between unequal spans of text, which may be particularly applicable to our case
where the judgement text may be shorter than the span of the video transcript. For this
purpose, we created the embeddings using the MS MARCO model [47] which is trained on
a large-scale IR corpus of 500k Bing query examples.

GPT Question–answer linking: In this setting, a question–answer linking approach
is adopted where the selected judgement text portion is treated as a question and the
segments of the video transcript as potential answers. We use pretrained embeddings
obtained from OpenAI’s latest text-embedding-ada-002 GPT model, which outperforms the
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previous most capable GPT model, Davinci, at most tasks (https://openai.com/blog/new-
and-improved-embedding-model, accessed on 19 June 2024). The context length of the
ada-002 model is increased by a factor of four, from 2048 to 8192, making it more convenient
for the long documents in our dataset. We use the model’s contextual representations of
our corpus to find answers in video timespans for each segment in the judgement which is
treated as a prompt query.

3.2.3. Results of Pre-Fetching

To assess the performance of each model in comparison to the human judgement, we
calculated the mean average precision (MAP) which is the de facto IR metric:

MAP =
1
Q

Q

∑
q=1

AP(q) (4)

where Q is the total number of queries, in our case the judgement segments, and AP(q)
is the average precision of a single query q. AP(q) evaluates whether all of the timespans
assigned as relevant by the annotator are ranked the highest by the model. We calculated
MAP for the first 5, 10, and 15 judgement–timespan pairs. We report the values for the
MAP metric in Table 2. For completion, we also report the Recall@k score calculated with
respect to the 20 links annotated in the gold standard:

Recall@k =
|Relevantk|

|Total Relevant| (5)

where

• |Relevantk| is the number of relevant links retrieved among the top k candidates.
• |Total Relevant| is the total number of relevant links that exist for a given query.

Table 2. Results of unsupervised IR for linking judgements to video transcripts in one case. Bold
indicates the best scores.

Model MAP@5 Recall@5 MAP@10 Recall@10 MAP@15 Recall@15

GPT 0.96 0.33 0.89 0.57 0.85 0.77

Entailment 0.87 0.32 0.85 0.55 0.82 0.79

Glove 0.81 0.27 0.77 0.53 0.61 0.78

BM25 0.87 0.29 0.81 0.53 0.78 0.77

Asymmetric 0.94 0.32 0.88 0.54 0.83 0.77

We report Recall@5, Recall@10, and Recall@15 to assess the system’s ability to retrieve
correct links when various number of links are considered. A high Recall@5 indicates that
most relevant links are retrieved within the top 5 results, which is particularly valuable in
legal contexts where precision and interpretability are critical. This metric provides insight
into the system’s effectiveness in surfacing semantically meaningful connections between
judgement text and spoken court hearing segments and hence supports legal professionals
in navigating lengthy hearing sessions.

As can be seen from Table 2, the GPT model demonstrated the best performance in
comparison to the other models when evaluated on one case. Thus, to create a dataset
for annotation for the rest of the cases, we extracted the top 15 links for each judgement–
transcript segment according to the cosine similarity scores of the GPT embedding model.
We also extracted 5 links with the lower ranks (50 to 55) to avoid bias to the GPT model
and randomly shuffled the 20 links for each judgement–transcript segments. After this

https://openai.com/blog/new-and-improved-embedding-model
https://openai.com/blog/new-and-improved-embedding-model
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processing, the dataset constructed for manual annotation consisted of 3620 judgement-to-
transcript documents. Human annotators were again asked to judge whether the extracted
timespan transcripts were semantically linked or not linked to the judgement paragraph(s).

To assess the relevance of legal information presented in multimedia content, anno-
tators were instructed to follow a structured evaluation protocol. Each annotator was
required to (1) listen to the video segment, (2) read the corresponding transcript, and (3) ex-
amine the associated judgement paragraph. Based on this multimodal input, annotators
determined whether the legal information conveyed in the video span was relevant to the
judgement text. The annotators consisted of five undergraduate and postgraduate law stu-
dents, who were encouraged to apply their domain knowledge and legal reasoning skills to
make informed decisions. This protocol was designed to simulate realistic legal assessment
scenarios where contextual understanding and interpretive judgment are essential.

The agreement between annotators was evaluated using Cohen’s kappa as a statistical
measure. The Cohen’s kappa score between the annotators was 0.43, indicating a moderate
level of agreement. The joint probability of agreement was 0.73, suggesting that annotators
concurred on 73% of the cases, although this metric does not adjust for chance agreement.
These results suggest that while annotators were reasonably aligned in their assessments,
the task involved a degree of subjectivity, likely influenced by individual interpretations
and varying levels of legal expertise. The relatively lower kappa score can also be attributed
to the inherent complexity of the legal relevance task and the large number of annotators
involved, which increases variability in judgment. The human annotations were compared
to the results of all the embedding models mentioned above.

Table 3 demonstrates that the GPT text embedding model is again superior to the
other models. This is the case when we evaluate the models with the first 5, 10, and 15 hits.
It should be pointed out that our use case is different from a typical IR task where the
efficacy of the model is normally evaluated by its ability to obtain the best links in the
very first few hits (optimally hits 1 to 5). The reason is that the output of the model is
used to bookmark the long video sessions at the parts most relevant to the legal argument
stated in the judgement segment. The end-users of our tool can watch or draw the cursor
around the bookmarks to obtain more information. Accordingly, our system’s priority is
to extract as many relevant bookmarks as possible from all the true relevant links in the
long video sessions. Recall@15 and MAP@15, therefore, are of the highest importance in
our retrieval results.

Table 3. Results of unsupervised IR for linking judgements to video transcripts for all cases. Bold
indicates the best scores.

Model MAP@5 Recall@5 MAP@10 Recall@10 MAP@15 Recall@15

GPT 0.691 0.391 0.622 0.657 0.711 0.914

Entailment 0.615 0.348 0.568 0.611 0.66 0.885

Glove 0.526 0.316 0.506 0.602 0.607 0.884

BM25 0.655 0.377 0.612 0.659 0.698 0.902

Asymmetric 0.602 0.347 0.553 0.619 0.664 0.908

LegalBert 0.557 0.326 0.531 0.613 0.632 0.896

After annotation, we compiled a dataset of 3620 judgement-to-transcript documents
annotated with gold-standard linking labels. The dataset we compiled is relatively small
in comparison with the datasets usually used to train classifiers. For this reason, the next
section describes our method for augmenting this dataset.
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3.2.4. Data Augmentation

The task of annotating our dataset is both expensive and time-consuming for two rea-
sons: (1) it requires annotators with legal knowledge and (2) it involves the reading and
understanding of the case particulars by the expert annotator in order to understand the
latent semantic relevancy that can be used to extract more relevant links. For this reason,
we decided to employ AI generative technology to augment our gold-standard dataset by
generating more relevant judgement–transcript segment pairs. The augmented dataset was
used along with the gold-standard for training the relevancy model.

Recently, several research studies have managed to successfully use GPT-3.5 and GPT-
4 prompt engineering as an aiding tool for several NLP tasks (e.g., Qin et al. [48], Wang et al.
[49], Törnberg [50]). One successful use of prompt engineering was to substitute crowd-
sourced paraphrasing with a GPT chat model. Research has shown that ChatGPT-generated
paraphrases are lexically and syntactically more diverse than human-generated ones [51].
Accordingly, we used the InstructGPT API (GPT 3.5) set role prompt strategy to extract para-
phrases for the transcript side of the positive instances in our dataset [52]. The following
prompt was used to create paraphrases of the transcript segments:

I want you to act like a British lawyer. Paraphrase the following text:
{original text}

The paraphrases were created by the text-davinci-002 model, which was the latest
model at the time when we run the experiment, and we set the parameters of max_tokens to
1400 tokens and the temperature to 0.7 to balance the degree of randomness for the models
output. A sanity check was conducted on a randomly selected sample of the AI-generated
paraphrases by a senior academic legal expert in our research team to make sure the
paraphrased transcript has the same meaning as the original. While synthetic augmentation
enhances query diversity, it also introduces a risk of overfitting for the positive links, as the
model may learn to overly rely on the stylistic patterns or phrasing conventions introduced
by the paraphrasing algorithm rather than generalising to our original transcription data.
Thus, in order to avoid overfitting we generated negative samples to be used in training the
relevancy model. For creating the negative samples, we adopted two approaches. The first
was random shuffling of judgement–hearing segments from different cases. To reduce the
effect of randomness, we chose the judgement–hearing segment pairs with the highest
cosine similarity scores between their GPT-3 text embeddings. The second technique was
the in-batch negative sampling during training which will be explained in the next section.

The augmented dataset amounted to 7248 judgement–hearing links with ≈42 M tokens.
We used both the gold-standard and the augmented datasets to build a judgement–hearing
relevancy model. The methods explored to determine whether there is a link between a
paragraph and a timestamp are presented in the next section and evaluated in Section 4.

3.2.5. Paragraph-Timestamp Link Classifiers

The end-product of our project is a UI that bookmarks important timespans in the
UKSC court hearing videos and links them to the judgement segments. Accordingly,
we aim to use the compiled dataset to build a model that is capable of extracting as
many transcript segments as possible per each judgement segment for the UKSC cases
in the dataset. In the following sections, we describe our experiments where we trained
several classification models on both the non-augmented and the augmented gold-standard
dataset of judgement–hearing segment pairs. We split each of the augmented and the
non-augmented datasets into an 80% training and a 20% testing set, ensuring the split was
performed using random sampling for unbiased selection.

Baseline Model:
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For our baseline, we train a logistic regression model with the GPT-3 embedding
representations of the original data with and without the augmentation. We conduct
the two experiments with two settings: (1) we use the concatenated vectors of each
judgement–segment pair as the input features, and (2) we add the cosine-similarity
score between each judgement–segment pair as an additional scalar feature.

Cross-encoder:

Recently, one of the most accurate methods of sentence comparison in IR tasks is cross-
encoding. In a cross-encoder, two sequences are concatenated and sent in one pass to
the sentence pair model, which is built on top of a Transformer-based language model.
The attention heads of a Transformer can directly model which elements of one sequence
correlate with which elements of the other, enabling the computation of an accurate
relevance score [53]. We trained a cross-encoder built on top of the distilled version
of the RoBERTa-base model [54] from the Huggingface library (https://huggingface.
co/distilroberta-base, accessed on 19 June 2024). The hyperparameters we used for
training are: batch size 16, num_epochs 4, warmup_step 10% of the training data, and a
binary classification evaluator every 1000 steps. We trained the cross-encoder on both the
augmented and non-augmented dataset.

Cross Tension with In-batch Negative Sampling:

To minimise the effect of random negative sampling in the augmented dataset, we
experiment with an unsupervised learning approach with in-batch negative sam-
pling. Adopting the contrasting learning (CT) from Carlsson et al. [55], we train two
independent encoders on judgement–hearing segment pairs initialised with identical
weights, where for each randomly selected segment s, K irrelevant segments are
sampled along with one relevant segment to create a K + 1 batch as a training sample.
The CT objective of the two independent encoders is to maximise the dot product be-
tween sentence representations of irrelevant segments and minimise the dot product
between relevant ones. We hypothesise that using in-batch negative sampling gives a
stronger training signal than the random shuffling of judgement–hearing segments
in creating semantic representations. We initialise our two encoder models with
distil-bert-base-uncased pretrained embeddings [54] from the Huggingface library
(https://huggingface.co/distilroberta-base, accessed on 19 June 2024). We train the
encoders for four epochs with a batch size of 16 segments with 300 max size tokens
and a learning rate of 5 × 10 −5.

GPT-3 Embedding Customisation

To optimise the performance of our best-performing IR model, we customised GPT
embeddings to better reflect the semantic characteristics of our legal dataset. The base
GPT embedding model (text-embedding-ada-002) used is trained on diverse corpora
including text search, text similarity, and code search tasks. To adapt it to the legal do-
main, we followed the embedding customisation approach proposed by OpenAI [56]
and extended it with a transparent workflow tailored to our annotated legal data.

Workflow Overview:

1. We start with a set of human-annotated transcript–judgement pairs, labelled as
either relevant (positive) or non-relevant (negative).

2. For each pair, we compute the cosine similarity between their original
GPT embeddings.

3. We perform a threshold sweep over cosine similarity values x ∈ {−1,−0.99, . . . , 1}
in increments of 0.01.

https://huggingface.co/distilroberta-base
https://huggingface.co/distilroberta-base
https://huggingface.co/distilroberta-base
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4. At each threshold x, we compute the standard error of the mean (SE) for the
similarity scores of the positive and negative classes.

5. We identify the threshold x∗ that minimises the standard error:

SEmin = min{SE(x) | x ∈ [−1, 1]} (6)

6. Using the optimal threshold x∗, we train a linear transformation matrix M that
maximises the separation between positive and negative pairs in the embed-
ding space.

7. The customised embedding v′ for each segment is computed as

v′ = Mv (7)

where v is the original GPT embedding and M is the learned transformation matrix.

To assess generalisability, we applied the customised embeddings to our training and
held-out datasets of UK SC cases. The customised embeddings were used to train a
regression model on both augmented and non-augmented datasets. Additionally, we
experimented with incorporating the transformed cosine similarity scores as scalar
features. Results of experiments with customised embeddings are explained in the
following section.

4. Results
This section presents the evaluation results of our methods.

4.1. Results for Stage One

We evaluated our customised ASR model on two court cases with over 12 h of audio
recording. We used the Word Error Rate (WER) which is a standard metric used to evaluate
the performance of ASR systems. It quantifies the difference between a system-generated
transcript and a reference (ground-truth) transcript. WER is defined as

WER =
S + D + I

N
(8)

where

• S = Number of substitutions (incorrect words);
• D = Number of deletions (missing words);
• I = Number of insertions (extra words);
• N = Total number of words in the reference transcript.

The numerator represents the total number of errors, and the denominator nor-
malizes this with the length of the reference transcript. A lower WER indicates better
transcription accuracy.

Table 4 shows the WER scores and WER average scores for the two transcribed cases
with different CLM system settings as well as the two baseline systems: AWS Transcribe
(AWS base) and Whisper. The different CLM settings are as follows:

1. CLM1 is trained on only the texts of the Supreme Court judgements.
2. CLM2 is trained on both the judgements and the gold-standard transcripts.
3. CLM2 + Vocab uses CLM2 for transcription plus the global vocabulary list extracted

by our phrase detection model.
4. CLM2 + Vocab2 uses CLM2 for transcription plus the legal entities vocabulary list

extracted by Blackstone and spaCy v3.4 library.
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Table 4. Average WER and Transcription Time. Bold indicates the best scores.

Model WER
Case1

WER
Case2

WER
Average

Transcription Time

AWS base 8.7 16.2 12.3 85 min

CLM1 8.5 16.5 12.4 77 min

CLM2 7.9 15.5 11.6 77 min

CLM2 + Vocab 7.9 15.6 11.6 132 min

CLM2 + Vocab2 8.0 15.6 11.7 112 min

Whisper 9.6 15.3 12.4 191 min

As can be seen in Table 4, the ASR performance is consistently better with the CLM
models than with the generic ASR systems for the two transcribed cases. CLM2 model,
trained on textual data (i.e., the written judgements) and gold-standard court hearing
transcriptions, outperforms AWS base and Whisper with 9% and 8% WER improvements,
respectively. Moreover, we observe around a 9% improvement in average WER score over
the two generic models when concatenating the list of legal phrases that is extracted by
our phrase detection model with the CLM2 system. While ASR error correction indicates
an improved transcription quality with our proposed domain adaptation methods, we
also evaluated the ASR systems performance with specific errors such as legal entities
and terms.

Table 5 shows the average ratio of correctly transcribed legal entities in the two studied
courtroom hearings. We compare the performance of CLM2 infused with the legal terms
list (CLM2 + Vocab) to the two generic ASR systems. The ratios in Table 5 indicate that
CLM2 + Vocab is generally more capable of transcribing legal-specific terms than the other
two models. It is also better at transcribing critical legal entities such as Provisions. A
Provision, a statement within an agreement or a law, typically consists of alphanumeric
utterances in British court hearings (e.g., “section 25(2)(a)–(h)” or “rule 3.17”). Such legal
terminology needs to be accurately transcribed. Our CLM2 model with legal vocabulary
demonstrates better reliability in transcribing these terms.

Table 5. Ratio of correctly captured legal entities by the ASR systems.

Entity AWS BASE Whisper CLM2 + Vocab

Judge 0.66 0.77 0.84

CASE NAME 0.69 0.85 0.71

Court 0.98 1 0.93

Provision 0.88 0.95 0.97

Cardinal 1 0.97 1

A similar trend is evident with the legal entity Judge, which refers to the forms of
address used in British courtrooms (e.g., “Lord Phillips”, “Lady Hale”). This entity is
typically repeated in court hearings whenever a barrister or solicitor addresses the court.
We see that both the generic ASR systems perform badly on this category with ratios of
0.66 and 0.69, respectively. On the other hand, we observe a significant improvement in
correctly transcribing this type of entities by the CLM2 + Vocab with a ration of 0.84 correct
transcriptions. Appendix A shows an example of the output of the AWS base ASR model
without our domain-adaptation methods compared to the output of the CLM correcting
the mistakes. The transcription errors (highlighted yellow) in the base output includes
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legal jargon, legal terms and named entities. The errors are corrected by our CLM model
(corrections are highlighted in blue).

In addition to evaluating the output of the ASR engines, we also recorded the time
required to produce the transcription. The models based on AWS were run in the cloud
using the Amazon infrastructure. Whisper was run on a Linux desktop with an NVIDIA
GeForce RTX 2070 GPU with 8G VRAM. For all the experiments, the medium English-only
model was used. As expected, the fastest running time is obtained using the AWS base
model. Running the best-performing model increases the time by 155%, whilst Whisper
more than doubles it. The trade-off between running time and the level of domain-specific
accuracy is a variable parameter that can be determined based on the transcription purpose
and the end-user needs defined by our project’s commercial partner.

4.2. Results for Stage Two

Table 6 shows the results of the different models on the test set extracted from the gold-
standard dataset. As can be seen from the table, the concatenation of the GPT-3 customised
embeddings (GPT-3 Customised(+)) for both the judgement and the hearing segments with
their cosine similarity scores produce the best overall scores. Although the performance
of a cross-encoder trained with the non-augmented dataset is best in extracting relevant
judgement pairs with a recall of 0.93, its precision is much lower than the GPT-3 embed-
dings with and without data augmentation (GPT-3 Customised(+), GPT-3(-), respectively) .
Similarly, the recall of the Cross Tension (CT) bi-encoder with in-batch negatives is around
6% higher than the GPT-3 customised model, however, its precision is significantly lower.
We have also conducted a bootstrap significance test to compare two binary classification
models: GPT-3 with and without customised embeddings. The results yielded a p-value
below 0.05 for both the F1 score and accuracy, indicating that the performance difference be-
tween the models is statistically significant. This suggests that customising the embeddings
in GPT-3 leads to a meaningful improvement in classification performance, reinforcing the
value of domain-specific adaptation in enhancing predictive accuracy and robustness.

Table 6. Results of classification models on augmented (+) and non-augmented (-) data. Bold indicates
the best scores.

Model Accuracy Precision Recall F1

GPT-3(-) 0.69 0.84 0.64 0.73

GPT-3(+) 0.78 0.85 0.75 0.80

GPT-3(+) + cos_sim 0.83 0.91 0.79 0.85

GPT-3 Customised(+) 0.83 0.84 0.83 0.83

GPT-3 Customised(+) + cos_sim 0.85 0.85 0.84 0.85

Cross-encoder(-) 0.69 0.61 0.93 0.74

Cross-encoder(+) 0.81 0.79 0.84 0.81

CT with in-batch negatives 0.69 0.63 0.90 0.74

Moreover, generally speaking, the models’ performance improves by augmenting
the seed dataset with AI-generated samples. Since our aim is to extract as many rele-
vant judgement–hearing links as possible from our UKSC cases, the GPT-3 customised
embeddings with their similarity scores renders the best model for our use case.
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5. Error Analysis and User Feedback
During the evaluation of our best retrieval system’s performance on linking judgement

paragraphs to corresponding court hearing transcript timestamps, our manual analysis of
misclassified instances revealed four predominant error types. First, alphanumeric mis-
matches emerged when the system incorrectly deemed references as relevant due to super-
ficial similarity. For instance, the transcript may cite “Section 193(1)” while the judgement
refers to “Section 193(5)”. According to our legal expert annotators, the two alphanumeric
terms relate to entirely separate statutory provisions. Second, lexical repetition led to
false positives where high-frequency terms in either the transcript or judgement skewed
relevance predictions. For example, in a case concerned with an appeal of a tenant against
his evacuation by the London Borough Council (Austin (FC) (Appellant) v Mayor and
Burgesses of the London https://www.supremecourt.uk/cases/uksc-2009-0037.html, ac-
cessed on 19 June 2024), the lawyer in the transcript segment repeatedly refers to “arrears of
rent”. The relevancy model classified this segment as relevant to the introduction paragraph
of the judgement whereas our expert annotator decided it was irrelevant as the lawyer is
talking about a similar case and not the one brought before the court. We hypothesise that
due to the frequency in the judgement segment of the phrase “arrears of rent” and other
words from the same field (e.g., “tenancy of the premises”, “paying rent”, “Housing Act”,
etc.), the algorithm gave it a high semantic relevancy score. A commonly repeated word,
even if contextually insignificant, was often over-weighted by the system.

Third, named entity sparsity posed challenges, particularly when critical entities
appeared infrequently in the transcript. For example, “Mr. Ncqvi”, a senior director
in a corporate group and a central figure in the case, was mentioned only once in
the timestamp, resulting in a misclassification despite his legal significance. Lastly,
transcription span length discrepancies contributed to errors; when the timestamp was
considerably shorter than the corresponding judgement paragraph, the system struggled
to establish relevance, often misclassifying the pair due to insufficient contextual overlap.
Figure 4 shows the distribution of the error types in the analysed sample. Transcript
length errors are the most frequent (50%), followed by alphanumeric (30%), lexical (20%),
and named entity (10%) errors. These findings underscore the need for more nuanced
handling of legal references, term weighting, entity salience, and span alignment in
future iterations of the retrieval model.

Figure 4. Distribution of misclassification error categories.

In addition to this error analysis, we have also assessed the retrieval tool in collabora-
tion with legal stakeholders to better understand its practical utility and alignment with
user expectations. Evaluation of the system with real users showed that their productivity
is dramatically increased when using the UI. In a preliminary study where we wanted to
better understand the process of linking paragraphs to timestamps, a legal expert needed

https://www.supremecourt.uk/cases/uksc-2009-0037.html
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15 h to identify 10 links without the help of any tool. When using our UI, the legal expert
was able to validate 220 links in 3 h.

We have also tested our automatic linking system as a real-life tool by presenting the
UI we created to a number of legal institutions in the UK. We chose entities who would
potentially use the tool for a better access to justice. Accordingly, we conducted demos
of the UI platform to the UK National Archives, the UK Supreme Court, and a number
of industrial stakeholders in the field of legal AI. The tool and the objective behind its
construction received positive feedback as well as interest in adopting it in a pipeline of a
legal transcription software.

6. Discussion
The most direct benefit of linking of transcribed hearings and Supreme Court judge-

ments is that it assists in understanding those judgements [7]. Written versions of the
arguments (submissions) made by the advocates before the Supreme Court are not nor-
mally publicly available. Moreover, when judgements refer to arguments made by the
parties, they do so in a selective, abbreviated, and editorialised form [24]. Thus, hearing
recordings are the main source allowing external observers to learn the details of the argu-
ments of the parties. In addition, the recordings of court hearings contain the questions
and comments made by the judges, which may shed light on the contents of the judge-
ment [23]. Given the systemic importance of Supreme Court decisions, such additional
information about Supreme Court cases is likely to be helpful to academic researchers,
practising lawyers, and even other judges aiming to understand the broader consequences
of the case in question.

In this study, we illustrated the two stages of our system pipeline, which utilises
generative AI to automatically connect written judgments from cases in the UK Supreme
Court with their corresponding video recordings of their hearings. We employed NLP
techniques to customise an ASR model specific of the Supreme Court acoustic tradition.
The high-quality transcriptions of the court hearing sessions were used in building the
Information Retrieval system that links important video bookmarks to the paragraphs in
the final judgement text. Our IR system aids users in extracting relevant arguments and
data to enhance their comprehension of the specific cases under examination.

While our system does not explicitly provide answers to legal professionals’ inquiries
regarding legal precedents, the UI developed in the project facilitates navigation and
filtering of lengthy court hearing videos, allowing users to efficiently search through
numerous timestamps. Subsequently, it offers a curated selection of essential bookmarks,
crucial for grasping the judgment rendered in each case.

Beyond its utility for legal practitioners and scholars, this tool has broader implica-
tions, enhancing public access to court proceedings and fostering a deeper understanding
of justice. Moreover, it opens avenues for new research inquiries, such as investigating cor-
relations between courtroom proceedings and judicial decisions. Such analyses could shed
light on the relationship between judges’ statements during hearings and their ultimate
rulings, as well as identifying effective advocacy strategies in influencing judicial outcomes.

7. Patents
Our UI is currently in the application process to be published as an innovative patent

by the UK Intellectual Property Office (https://www.gov.uk/government/organisations/
intellectual-property-office, accessed on 19 June 2024).
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Appendix A
Examples of ASR output with and without domain-adaptation. Transcription errors

are highlighted in yellow. Blue letters indicate the correct transcription.
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Appendix B
An Example of the Automatic Linking of Judgement Segment and Transcription

Segments by GPT Embeddings

Appendix C
Example of Original and Paraphrased Transcript
Original Transcript (Transcript excerpt taken from Austin v Southwark London Borough

Council, UK Supreme Court. Available at: https://vlex.co.uk/vid/austin-v-southwark-
london-841087421).

“My Lords. My Lady, In this matter, I appear with Mr Desmond Rutledge for the
Appellant Mr Barry Austin, the Respondent, Southwark London Borough Council is
represented by my learned friends Mr Drabble, Queen’s Counsel, and Mr Shaw Kelly.

https://vlex.co.uk/vid/austin-v-southwark-london-841087421
https://vlex.co.uk/vid/austin-v-southwark-london-841087421
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My Lords and and My Lady will have seen that we have identified five issues on which
we would invite the attention of this court and I propose to deal with them in the sequence
set out in the agreed statement of facts and issues starting with issue one, which might
probably be described as the tolerated trespass question. The question posed for this court
by issue one is whether the possession order made against him ended the late Mr Allen
Austin’s tenancy or whether, in the alternative, he was at the date of his death, still the
tenant of the council. That’s the issue to which the first of the matters on this appeal goes.”

AI-Generated Paraphrasing

“My Lords and My Lady, I appear before you with Mr Desmond Rutledge to represent
the Appellant, Mr Barry Austin. The Respondent, Southwark London Borough Council,
is represented by my learned friends Mr Drabble, Queen’s Counsel, and Mr Shaw Kelly.
We have identified five issues that we would like the court to address, and we will deal
with them in the sequence set out in the agreed statement of facts and issues. The first
issue is whether the possession order made against the late Mr Allen Austin ended his
tenancy or whether, in the alternative, he was still the tenant of the council at the time of
his death. This is the first matter on the appeal.”
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