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A B S T R A C T

The optimisation of Automated Compliance Checking (ACC) in Architecture, Engineering, and Construction
(AEC) necessitates the interpretation of building codes into machine-processable formats. As these codes
primarily exist in textual form, Information Extraction (IE) became integral to decoding this data, encouraging
various IE techniques spanning manual, rule-based, and machine-learning methodologies. Recent research has
shown promise in adopting deep learning; however, as far as we know, within AEC, the transformers/language
models’ potential remains untapped/unexplored, yet they hold state-of-the-art performance across various text-
based tasks. To address this gap, we propose an approach based on Synthetic Natural language Oversampling
With Transformer-based information ExtraCtion (SNOWTEC), designed to extract entities and relations from
regulatory text to convert them into machine-processable knowledge graphs. We involve transformer-based
architectures and introduce an innovative data oversampling/augmentation approach addressing data scarcity,
which impedes model performance. Our experiments across multiple sub-domains highlight the transformers’
strength in identifying relations but also reveal challenges in recognising entities within the AEC domain,
providing insights for future research. Data oversampling played a crucial role in improving relation extraction,
resulting in a notable 26% average F1 increase.
1. Introduction

Compliance checking is integral within the Architecture, Engineer-
ing, and Construction (AEC) sector to ensure the safety, stability,
reliability and usability of building designs. However, manual check-
ing approaches are labour-intensive, time-consuming, expensive and
error-prone (Fuchs & Amor, 2021). Therefore, Automated Compliance
Checking (ACC) has been extensively studied over the past 50 years to
improve the accuracy and productivity of the compliance checking pro-
cesses (Zhang et al., 2023). ACC mainly focused on the interpretation
of regulations or building codes into computer-processable/machine-
readable formats to facilitate the checks via an intelligent design (Zheng
et al., 2024). At present, the building codes are written in textual
documents for humans to read. Natural languages are hard to process
automatically by computers due to their unstructured nature and in-
herent complexities, which arose from human-centred design (Manning
et al., 2008). These challenges are further amplified in the regulatory
texts by their complex structures, ambiguities and domain-specific
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characteristics. Thus, in enabling ACC, the extraction of information
from text emerged as a pivotal and complex phase (Costa et al., 2024;
Zhou et al., 2022).

Information Extraction (IE) is a sub-domain of Natural Language
Processing (NLP) which aims at retrieving factual information de-
scribed in free text (Piskorski & Yangarber, 2013). There are two main
types of information found in the text: (1) entities (also known as
named entities) and (2) relations, which are crucial for understanding
the ideas expressed in natural language (Jurafsky & Martin, 2009).
An entity is a concept or a specific piece of information that can be
categorised, or simply, anything that can be identified by using a proper
name (Jurafsky & Martin, 2009). For instance, given the sentence ‘The
gradient should not exceed five per cent.’, ‘gradient’ and ‘five per cent’
represent its entities. A relation is a semantic connection/association
among entities in the text (Jurafsky & Martin, 2009). For example, the
sentence mentioned above illustrates a ‘less equal’ relation between the
https://doi.org/10.1016/j.mlwa.2026.100911
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Machine Learning with Applications 24 (2026) 100911 
entities ‘gradient’ and ‘five per cent’. Collectively, these entities and their
relations capture the rule(s) expressed in natural language.

Previous research has proposed various approaches to extract in-
formation from text, aiming to enhance the effectiveness of ACC. In
early work, manual methods were popularly used for IE due to text
omplexities and domain-specific demands (Beach et al., 2015; Hjelseth
 Nisbet, 2011). However, the labour-intensive nature of manual ap-
roaches and their limitations in efficiently supporting ACC prompted

a shift towards automating IE utilising NLP and Machine Learning (ML)
techniques. This shift mainly introduced rule-based approaches for
IE (Zhang & El-Gohary, 2016, 2017; Zhou & El-Gohary, 2017). Despite
heir performance, rule-based methods inherently lacked adaptability
nd flexibility, being heavily reliant on domain-specific characteris-
ics (Zhang & El-Gohary, 2021). Their accuracy highly depended on

manually crafted rules, requiring extensive domain expertise. These
limitations have encouraged a transition within regulatory IE methods
towards ML techniques, leveraging predictive models to capture textual
information rather than relying on laborious handcrafted rules.

According to recent ML-based research, adopting deep-learning
echniques has emerged as a promising avenue for regulatory IE.
idirectional Long Short-Term Memory (Bi-LSTM) and Convolutional
eural Network (CNN) architectures have been commonly used in
xtracting entities and relations from regulatory text due to their
roficiency in learning long-term dependencies and contextual fea-
ures (Wang & El-Gohary, 2021, 2023). However, the approaches

proposed within the AEC sector for IE exhibit notable gaps, partic-
ularly in light of recent advancements in the NLP domain. In NLP,
ransformer-based architectures have gained significant recognition,
howcasing state-of-the-art performance across various tasks, including
E, covering entity and relation extraction (Plum et al., 2022; Shen,
an et al., 2023; Shen et al., 2022; Yang, Choi et al., 2023). Overall,
ransformer models (also known as language models) represent a signif-

icant advancement in text processing with their sophisticated ability to
apture text’s contextual details and transfer pre-trained knowledge to
ownstream tasks (Devlin et al., 2019; Vaswani et al., 2017). Yet their
nd-to-end application to regulatory IE in the AEC sector, particularly
argeting both entity and relation extraction as a unified pipeline,
emains largely unexplored.

Our research addresses this gap by formulating regulatory IE in
AEC as a transformer-based, end-to-end extraction problem that jointly
supports entity and relation modelling under low-resource conditions.
Beyond adopting transformer architectures, the contribution lies in
systematically adapting, benchmarking, and evaluating these models
within a domain characterised by complex sentence structures, domain-
specific terminology, and limited annotated data. To mitigate the criti-
cal bottleneck of data scarcity, data augmentation has recently emerged
as a popular solution in the NLP domain. It includes methods to
oversample training data by generating synthetic data from existing
samples (Feng et al., 2021). However, there is a notable absence of data
augmentation applications within the AEC sector focusing on textual
data. Addressing this limitation, we also propose a novel domain-
aware data augmentation strategy specifically designed for relation
xtraction in regulatory text. Unlike generic augmentation approaches,
ur method leverages structural properties of regulatory sentences to
enerate consistent synthetic training samples, which enables improved
odel robustness.

Furthermore, we introduce a comprehensive IE pipeline that con-
erts regulatory sentences into structured knowledge graphs (KGs) of
ntities and relations to support automated compliance checking (ACC).
hile existing ACC approaches often focus on translating regulatory

ext directly into executable rule languages such as SPARQL (Fuchs
t al., 2022; Zheng, Zhou et al., 2022), our work proposes an interme-

diate, yet descriptive representation that is both machine-processable
and human-interpretable. This intermediate KG layer serves two im-
ortant purposes: (1) it enables modular integration with downstream
ompliance engines, and (2) it facilitates human-in-the-loop validation,
2 
which is essential in high-stakes regulatory contexts. By prioritising
interpretability, extensibility, and domain adaptation, our approach
contributes not only an application of standard architectures but a
structured framework for trustworthy regulatory IE in the AEC sector.

Through our experimental study, we compare the performance
of several recent transformer models, including Bidirectional Encoder
Representations from Transformers (BERT) (Devlin et al., 2019), Ro-
bustly optimised BERT approach (RoBERTa) (Liu et al., 2019) and A
Lite BERT (ALBERT) (Lan et al., 2020), employing diverse learning
techniques for IE. Also, we utilise data from multiple domains such as
accessibility, fire safety, structural integrity, energy efficiency and more
o emphasise the general applicability of the proposed methodology. In
ummary, the main contributions of this paper are as follows.

1. We propose a novel information extraction pipeline named
Synthetic Natural language Oversampling With Transformer-
based information ExtraCtion (SNOWTEC) utilising state-of-the-
art transformer/language models to automatically extract in-
formation from the regulatory text in a domain-independent
manner.

2. We introduce a novel data oversampling/augmentation method
designed to address data scarcity concerns that impede the
predictive capabilities of language models.

3. We reformulate the process of information extraction from the
regulatory text as a knowledge graph generation task, introduc-
ing a new direction to facilitate effective ACC.

4. We release our implementation as an open-source project1 to
support future research and applications within ACC.

The rest of this paper is organised as follows. Section 2 discusses the
rior work, mainly spanning information extraction from building reg-
latory text and recent trends in natural language processing. Section 3

introduces the proposed approach SNOWTEC, the transformer-based
information extraction pipeline powered by synthetic natural language
oversampling. Section 4 describes the experimental setup covering
ata, transformer models, hyper-parameters and evaluation metrics.

Following this, Section 5 comprehensively reports the conducted exper-
iments, obtained results and error analyses together with an end-to-end
SNOWTEC demonstration. Finally, Section 6 concludes the paper with
a discussion and possible future directions.

2. Related work

2.1. Information extraction from building regulatory text

In the AEC sector, regulatory information is mainly conveyed
hrough natural language. Thus, to enable ACC, it becomes pivotal to

either extract information from text or convert textual content into
machine-readable formats. One of the early methods introduced for
this purpose is the Requirement, Applicability, Selection, and Exception
(RASE) methodology (Hjelseth & Nisbet, 2011). RASE operates on a
semantic basis to transform normative documents into structured rules
using boolean logic. It requires manual tagging of textual phrases
in documents or independent text blocks into distinct categories and
manual extraction of metadata relying on both textual information
and domain expertise, to generate rules (Beach et al., 2015). How-
ver, recognising the human resource demand associated with manual

methods, recent research has shifted its focus towards automating
information extraction through NLP techniques to streamline ACC
rocesses effectively (Ding et al., 2022).

Entities and relations are the two fundamental types of information
ound in the text, which are essential for understanding the ideas

1 Our implementation is available on https://github.com/Accord-Project/
accord-nlp.

https://github.com/Accord-Project/accord-nlp
https://github.com/Accord-Project/accord-nlp
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Machine Learning with Applications 24 (2026) 100911 
expressed in natural language (Jurafsky & Martin, 2009). Thus, prior
research showcased two sub-areas under automatic information extrac-
tion focusing on entity extraction and relation extraction (Zhang &
El-Gohary, 2017; Zhou et al., 2022). Early research within both of these
reas predominantly aimed at rule-based methodologies which tend

to yield high performance (Zhang & El-Gohary, 2016). However, the
development of rules necessitates extensive manual efforts. Thus, recent
research indicates a tendency towards machine learning, particularly
favouring supervised learning-based approaches, as described below.

2.1.1. Entity extraction
Rule-based approaches were widely used to extract entities from

regulatory text within the AEC sector. Specifically, rules that rely
on pattern matching were commonly used to identify textual enti-
ties (Zhang & El-Gohary, 2016, 2017). These rules were mainly written
sing syntactic features such as part-of-speech (PoS) tags, phrasal tags
generated by phase structure grammar rules) and gazetteer tags, and
emantic features captured using domain-specific ontologies. Zhou and
l-Gohary (2017) proposed further enhancements to such rules by
efining dependency-based and cascaded patterns considering the com-

plex structures in the regulatory text. Xue and Zhang (2022) also
proposed a similar pattern-matching approach to extract entities, but
they only used PoS tags as syntactic features. All these approaches were
experimented on selected domains such as energy conservation or par-
icular chapters of the International Building Code (IBC), emphasising

the domain dependence of rule-based approaches and their limited ex-
pandability. Since almost all rule-based extraction methods rely on PoS
ags, Xue and Zhang (2020) introduced error-driven transformational
ules to improve the existing PoS taggers. Later, they also improved

their PoS tagger tailored to building codes using deep learning tech-
niques (Xue & Zhang, 2021). However, writing rules require intensive
manual efforts which are time-consuming and error-prone. Also, rule-
based approaches exhibit less generalisability across different domains
as most of the rules are domain-dependent.

Considering the limitations associated with rule-based entity extrac-
tion methods, recent research focused more on supervised learning-
based approaches, aiming to reduce manual intervention. The adoption
of deep learning techniques has emerged as a promising avenue for
ntity extraction from regulatory text. This trend also aligns with
he evolution seen in various machine learning applications, where
eep learning approaches have consistently outperformed traditional
ethodologies. Among different neural network architectures avail-

ble, the Bidirectional Long Short-Term Memory (Bi-LSTM) model was
opularly used for entity extraction within the AEC sector. LSTMs
re more capable of learning long-term dependencies utilising their
emory cells than vanilla Recurrent Neural Networks (RNN), and

heir bidirectional architecture captures both past and future states of
he sequence which are important for entity recognition (Hassan &

Mahmood, 2018). For instance, Moon et al. (2021) proposed a model
utilising Word2Vec embeddings and Bi-LSTM architecture to identify
ntities in specifications for road construction projects. Zhang and El-

Gohary (2021) enhanced this architecture by adding a Conditional
Random Field (CRF) layer. Similarly, another research proposed a
hybrid model of Bi-LSTM and Convolutional Neural Network (CNN) to
recognise entities in fall protection (Wang & El-Gohary, 2021). Deviat-
ng from this common trend, transformer-based architectures (i.e. Bidi-

rectional Encoder Representations from Transformers (BERT) (Devlin
et al., 2019)) were also developed to extract entities, following the
recent advances in NLP (Schönfelder & König, 2021; Zheng, Lu et al.,
2022; Zhou et al., 2022).

2.1.2. Relation extraction
The majority of the available approaches for extracting semantic

relations from the regulatory text primarily rely on rule-based method-
ologies. Similar to the early trends in entity extraction, semantic rules
were popularly used to identify relations from building codes (Zhang
3 
& El-Gohary, 2016, 2017; Zhou & El-Gohary, 2017). These rules were
ased on both syntactic (e.g. PoS tags, gazetteer tags, etc.) and semantic
e.g. building ontology concepts and their interconnections) features

extracted using various NLP techniques. However, these approaches
ere mainly limited to capturing quantitative and comparative rela-

ions in selected domains such as energy conservation or particular
hapters of the IBC due to the high domain dependence of rules.

Another prevalent method involved was syntactic parsing to analyse
the structure of sentences labelled with entities, aiming to extract
underlying relations (Zheng, Zhou et al., 2022; Zhou et al., 2022). This
approach also requires tailored context-free grammars (CFGs) that rely
heavily on domain-specific characteristics or textual patterns, limiting
its expandability. This fact is further emphasised by the closed-domain
(i.e. fire protection) experiments reported in previous work.

Considering the domain-specific constraints and intricacies inherent
in rule-based methods demanding significant manual labour, there is
a tendency to aim at supervised learning-based approaches to extract
relations from regulatory text, following the same trend seen with
entity extraction. However, the limited applications found in the lit-
erature indicate that this trend is still in its early stages within the
AEC sector. Wang and El-Gohary (2023) proposed two deep neural net-
work architectures: Attention-based CNN and Entity-aware Attention

i-LSTM to recognise relations between entities. They used Word2Vec
and GloVe embeddings to encode text, and their findings indicate
that the CNN-based model performed best emphasising the importance
f contextual features in identifying relations. Also, they experiment
ith multiple relation types such as part-of, located-at and not-over,
nlike the rule-based approaches, indicating the expandability of the
roposed approach. Yet, these experiments are limited to fall protection
equirements.

2.2. Recent trends in natural language processing

Within the NLP domain, there is a clear shift from rule-based
ethodologies to supervised learning across various applications. The

mproved text encoding utilising the advanced embedding techniques
apable of automatically capturing underlying linguistics stands as a
ajor driving force behind this transformation. Word2Vec (Mikolov

et al., 2013) is one of the first prediction-based embedding modelling
echniques, which attracted wide attention from the NLP community.
ransformer models (also known as language models) were introduced

ately with the capability to capture the contextual impact on a word’s
eaning overcoming some of the major limitations associated with

lassic word embeddings such as Word2Vec. Transformers are deep
eural networks which utilise attention mechanism to capture text’s
ontextual details and long-range dependencies (Vaswani et al., 2017).
ollowing transformers, different model variants such as BERT (Devlin
t al., 2019), Robustly optimised BERT approach (RoBERTa) (Liu et al.,

2019) and Cross-lingual Language Model-RoBERTa (XLM-R) (Conneau
et al., 2020) were proposed with the ability to generate contextual
text representations and fine-tune for downstream tasks by transferring
the pre-trained knowledge. These capabilities allowed the transformer-
based architectures to achieve state-of-the-art results in many complex
NLP tasks such as machine translation (Ranasinghe et al., 2020), offen-
sive language detection (Zampieri et al., 2023) and question answer-
ing (Nassiri & Akhloufi, 2023).

The entity and relation extraction tasks also exhibit the same trend
in utilising transformer-based models within the NLP domain, consider-
ing their superior performance. For instance, BERT-based architectures
were popularly used to identify common entities in newswire text such
as location, organisation and person (Shen, Song et al., 2023; Shen
et al., 2022). Shen, Tan et al. (2023) proposed a RoBERTa-based archi-
tecture to extract such common entities. BioBERT and PubMedBERT-
based architectures were also developed targeting entities in biomedi-
al text (Luo et al., 2022; Shen et al., 2022). Moreover, a recent study

explored the performance of different transformer models (e.g. BERT,
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Machine Learning with Applications 24 (2026) 100911 
XLM-R, etc.) in identifying entities in event-described text, following
their cutting-edge performance (Hettiarachchi et al., 2023). Within
relation extraction, Plum et al. (2022) proposed a BERT-based archi-
ecture to identify biographical relations in text. SpanBERT, a modified
ersion of BERT, was also involved in extracting commonly appeared
elations in newswire and web text, recently (Joshi et al., 2020). Luo
t al. (2022) proposed using BioBERT and PubMedBERT models to

identify relations in biomedical text. This trend is also extended to
historical relations by utilising the multilingual BERT model and setting
the state-of-the-art performance (Yang, Choi et al., 2023).

2.3. Summary

As detailed in Section 2.1, previous literature reveals the utilisa-
tion of diverse NLP techniques to extract information from regulatory
texts within the AEC sector. However, these approaches exhibit gaps,
articularly in light of recent advancements in the NLP domain. Al-
hough transformer-based architectures have been employed for entity
dentification in building codes recently, existing experiments have

predominantly relied on the BERT model, limiting exploration (Zheng,
u et al., 2022; Zhou et al., 2022). Also, to the best of our knowledge,

transformer-based methodologies have not been involved in regulatory
relation extraction within the AEC sector, despite their state-of-the-
art performance in NLP. Our primary objective is to address these
gaps by integrating transformer-based architectures for both entity and
relation extraction from regulatory texts in the construction domain.
Additionally, we aim to assess the performance of various transformer
models employing diverse learning techniques, expanding beyond the
application of the BERT model.

The need for large amounts of annotated data to train large-scale
eural networks can be mentioned as one of the main reasons that

impede the involvement of recent advancements in NLP within the
AEC sector. Even though pre-trained transformer models provide initial
linguistic knowledge, they also require substantial data to get fine-
tuned for downstream tasks successfully. Following this requirement,
data augmentation has recently emerged as a popular technique in the
NLP domain to address data scarcity issues (Feng et al., 2021). Com-

on text augmentation techniques include back translation, synonym
eplacement and paraphrasing (Feng et al., 2021; Obadinma et al.,

2023; Shanbhogue et al., 2023). However, these methods are primarily
uited for general NLP tasks as they may alter domain-specific keywords
rucial for tasks like information extraction from the regulatory text.
ooking into the AEC sector, there are recent studies which utilised im-
ge data augmentations (Yang, del Rey Castillo et al., 2023; Zhai et al.,

2022); however, no approaches that utilise text data augmentation are
found. In this work, we propose a novel data augmentation method
tailored for domain-specific textual data, such as regulatory text and
investigate its impact on transformer model performance, aligning with
our primary objective to bridge these gaps.

Moreover, our focus extends to developing an information extrac-
ion pipeline integrating supervised machine learning models for both

entity and relation extraction, which was absent in prior research.
his approach aims to streamline information extraction while reducing
anual effort and domain-specific requirements, which hinder the

expandability. Additionally, unlike most of the existing experimental
studies that concentrate on specific chapters or domains, our objective
involves analysing the performance of proposed methods across mul-
tiple sub domains within the AEC sector. Such an assessment will be
pivotal to ascertain the methods’ generalisability, which is critical for
their real-world applicability.

3. SNOWTEC

Synthetic Natural language Oversampling With Transformer-based
nformation ExtraCtion (SNOWTEC), the information extraction
ipeline introduced in this paper comprises four integral components:
4 
(1) entity classifier, (2) entity pairer, (3) relation classifier and (4)
raph builder. As illustrated in Fig. 1, the architecture follows a sequen-

tial processing scheme in which the output of each module serves as
the input to the subsequent stage, enabling a structured transformation
from unstructured text to a machine-processable knowledge graph.

The pipeline begins with the entity classifier, a transformer-based
model that identifies and categorises entities within a raw sentence. Its
predictions define the nodes of the resulting graph. The entity pairer
then constructs all candidate entity pairs from the detected entities,
reformulating the entity classifier output into the structured input
required by the relation classifier. Following this step, the relation
classifier, also based on a state-of-the-art transformer architecture,
determines the semantic relationship between each candidate pair. This
stage effectively filters and labels entity interactions, distinguishing
meaningful relations from non-relations. Finally, the graph builder inte-
grates the valid entity–relation predictions into a structured graph rep-
resentation, where entities correspond to nodes and predicted relations
to edges.

Together, these modules form a comprehensive IE pipeline in which
classification components (entity and relation classifiers) perform se-
mantic extraction, while transformation or connecting components (en-
tity pairer and graph builder) ensure architectural consistency and
data flow compatibility. The classification components are further de-
scribed in Sections 3.2 and 3.3, following an introduction to general
transformer architecture in 3.1. The complete workflow is presented
in Fig. 1, including an example input, intermediate representations,
and the final graph output, to clarify the interaction between modules.
Additionally, Algorithm 1 provides an algorithmic overview to the
entire process, and Section 3.4 discusses its computational complexity.

Overall, when provided with a regulatory sentence as input,
NOWTEC produces a machine-readable output (i.e. an entity-relation
raph) that encapsulates the information expressed in natural language.
his graph can be readily processed to automate compliance checks.

Also, SNOWTEC relies on supervised machine learning models, de-
manding fewer human resources compared to methods that depend
on domain-specific rules for capturing semantic relationships. Apart
from automating relation extraction in a domain-independent manner,
we also propose a novel data augmentation method to synthetically
generate data to train language models effectively (Section 3.3.1).

oreover, as far as we are aware, this is the first effort to convert a
egulatory sentence into a knowledge graph to facilitate ACC.

3.1. Transformer architecture for text encoding

SNOWTEC involves transformer-based architectures to conduct en-
tity and relation extraction from free text, focusing on their effec-
tiveness in many NLP applications (Devlin et al., 2019; Hettiarachchi
et al., 2021; Ranasinghe et al., 2020). Even though transformers are
ot widely used targeting ACC within the AEC sector, they form state-
f-the-art entity and relation extraction methods within the NLP do-
ain (Ma et al., 2023; Shen, Tan et al., 2023). Most transformer
odels such as Bidirectional Encoder Representations from Transform-

rs (BERT) (Devlin et al., 2019) and Robustly optimised BERT approach
(RoBERTa) (Liu et al., 2019) provide stronger results than models
based on Recurrent Neural Network (RNN) architectures while pro-
viding language models pre-trained on large text corpora facilitating
he successful fine-tuning of downstream tasks. Also, transformers con-
ist of multi-layer bidirectional encoders that utilise the self-attention
echanism (Vaswani et al., 2017) to produce language representations

which capture underlying linguistics and the context. A transformer
encoder processes a sequence of text (e.g. sentence) and outputs rep-
resentations/embeddings that correspond to the entire sequence and
its tokens, which can be used for the learning of downstream tasks
while conserving the original text’s linguistic features. Fig. 2 represents
a general overview of the transformer encoder architecture.
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Fig. 1. Overview of the proposed method – SNOWTEC.
Fig. 2. Conceptual overview of the transformer encoder architecture. The internal layers are abstracted for clarity; each layer corresponds to a standard
transformer encoder composed of multi-head self-attention and feed-forward sublayers with residual connections (Vaswani et al., 2017).
Transformer input format:. The transformer encoder takes a text se-
quence or a text sequence pair as its input, enabling it to handle diverse
downstream tasks. It uses special tokens, including [CLS] and [SEP],
to organise the input text. [CLS] is the initial token, which indicates
the beginning of the sequence. [SEP] is the separator to be placed in
between if the input has two sequences. After this raw text formatting, a
tokeniser converts the sequence into a token embedding. In addition to
the token embedding, a segment and a position embedding are required
to format the input. The sum of these three embeddings constitutes the
transformer’s input. The segment embedding contains boolean values
(i.e. 0 and 1) indicating the separation of sequences/segments. The
position embedding contains sequential numbers starting from 0, which
specify each token’s position within the sequence.

Transformer output format:. The transformer encoder generates rep-
resentations/embeddings per token in the input sequence. The output
of the initial token ([CLS]) is an embedding representing the complete
input sequence. It can be used for sequence-based predictions/classifi-
cations or as a contextual sequence embedding. Similarly, other outputs
are token embeddings corresponding to each input token, which form
contextual word/token embeddings that can be used with token-based
5 
predictions/classifications. The transformer architecture needs to be
modified by including an additional layer, like a classification head
suitable for the targeted task, on top of the output layer to fine-tune
the model for a downstream task.

3.1.1. Learning methods
Transformers undergo two training steps according to their design:

(1) pre-training/language modelling and (2) fine-tuning.

Pre-training/language modelling:. In the pre-training phase, a lan-
guage model is built by training the transformer architecture on unla-
belled textual data or free text. Therefore, pre-training is also known
as language modelling. There are two commonly used pre-training ap-
proaches: (1) masked language modelling (MLM) and (2) next sentence
prediction (NSP) (Devlin et al., 2019). The MLM approach masks a por-
tion (e.g. 15%) of the input tokens randomly and then trains the model
to predict the masked tokens. This task helps to learn bidirectional
representations by training the model to predict masked tokens in a
multi-layered context while focusing on both directions. NSP is a binary
prediction task that focuses on recognising whether a sentence pair
appears consecutively in a monolingual corpus. This task mainly helps
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Algorithm 1 Information Extraction Pipeline
Input: 𝑆 // a regulatory sentence
Output: 𝐺 = (𝑉 , 𝐸) // a labelled graph

// Step 1: Entity Classification
1: 𝐸raw ← EntityClassifier(𝑆) // Returns {(𝑒𝑖, 𝜏𝑖) ∣ 𝑒𝑖 ⊆ 𝑆 , 𝜏𝑖 ∈

𝐸 𝑛𝑡𝑖𝑡𝑦𝑇 𝑦𝑝𝑒𝑠}
2: 𝑉 ← 𝐸raw // Add graph nodes (entity spans with labels)

// Step 2: Entity Pairing
3: 𝑃 ← ∅
4: for each (𝑒𝑖, _) ∈ 𝐸raw do
5: for each (𝑒𝑗 , _) ∈ 𝐸raw, 𝑗 > 𝑖 do
6: 𝑝𝑖𝑗 ← (𝑒𝑖, 𝑒𝑗 )
7: 𝑃 ← 𝑃 ∪ {𝑝𝑖𝑗}
8: end for
9: end for

// Step 3: Relation Classification
0: 𝐸 ← ∅
1: for each 𝑝𝑖𝑗 ∈ 𝑃 do
2: 𝑟𝑖𝑗 ← RelationClassifier(𝑆 , 𝑝𝑖𝑗 ) // Returns 𝑟𝑖𝑗 ∈ 𝑅𝑒𝑙 𝑎𝑡𝑖𝑜𝑛𝑇 𝑦𝑝𝑒𝑠
3: if 𝑟𝑖𝑗 ≠ 𝑛𝑜𝑛𝑒 then
4: 𝐸 ← 𝐸 ∪ {(𝑒𝑖, 𝑟𝑖𝑗 , 𝑒𝑗 )} // Add valid graph edge
5: end if
6: end for

// Step 4: Graph Construction
7: 𝐺 ← BuildGraph(𝑉 , 𝐸)
8: return 𝐺

the model to understand the relationships/interconnections between
sentences. Among these two techniques, MLM is commonly used by
various transformer architectures such as RoBERTa (Liu et al., 2019)
nd ALBERT (Lan et al., 2020), as it was found to be competitive. Thus,

we also involve MLM for language modelling within this research.

Fine-tuning:. Fine-tuning is normally conducted by targeting a down-
stream task. To train a transformer for a downstream task, an appro-
priate layer(s), such as a classification head, needs to be added to
the top of the transformer’s output layer, depending on the targeted
task. During this process, the model initialises using its pre-trained
parameters and then gets fine-tuned for the targeted task utilising
the task-specific labelled data. The initialisation with pre-trained pa-
rameters commences the learning process with the model’s original
knowledge and facilitates the effective learning of the downstream task.
Fine-tuning can be applied to all model parameters (i.e. parameters
of the transformer and its additional layers) or only to the additional
layers. According to previous research, fine-tuning the transformer
together with its newly-added layers obtained the best results for
downstream tasks, as this approach adjusts the weights in the en-
tire architecture, including the generic language model focusing on
 particular task or domain-specific data rather than only fine-tuning
he task-specific layers (Merchant et al., 2020). Thus, our approach
lso follows the entire fine-tuning process. More details about the
odifications we made to the transformer architecture to support entity

and relation classification are described in the below sections.

3.2. Entity classifier

We formulate entity classification as a sequence labelling problem,
s all the input tokens can be associated with entity labels. We use the

BIO (Beginning, Inside, Outside) format, regarded as the standard for
information extraction tasks (Ramshaw & Marcus, 1995), to arrange
6 
entity labels to use with the model. Since an entity can span over
multiple words/tokens, B marks the beginning word, and I marks the
other words which belong to the entity. All the remaining words which
do not represent any entity will be marked by O. Following this format,
we provide a label for each word in the text sequence, converting the
entity recognition task into a sequence labelling problem. A sentence
together with its BIO-tagged entities is shown in Fig. 3.

We modify the general transformer architecture shown in Fig. 2
with softmax layers for each output token as illustrated in Fig. 4,
following the sequence labelling architecture commonly used with
transformers with remarkable results (Devlin et al., 2019; Hettiarachchi
et al., 2023). Since the model requires predicting entities in a single
sentence per instance, we only use the [CLS] token for input format-
ing without including the [SEP] token. A softmax layer consists of 𝑘
umber of neurons equal to the class/category count aimed at by the

classifier (i.e. entity types). Each neuron adopts the softmax activation
function following Eq. (1), which returns 𝑃𝑖, the probability per class
𝑖. The input and output vectors are represented by 𝑧𝑖 and 𝑧𝑗 . Once all
robabilities are calculated, the class with the highest probability is
dentified as the final prediction.

𝑃𝑖 =
𝑒𝑧𝑖

∑𝑘
𝑗=1 𝑒

𝑧𝑗
(1)

3.3. Relation classifier

For relation extraction, we adapt the transformer-based architecture
hown in Fig. 5, which was proposed by recent studies in the NLP

domain Baldini Soares et al. (2019), Plum et al. (2022). Since the
aim is to identify the semantic connection between an entity pair, we
involved four additional special tokens: <e1>, </e1>, <e2> and </e2>
to format the model’s input. <e1> and </e1> denote the start and end
of the first entity that appeared in the text sequence from the selected
ntity pair. Similarly, <e2> and </e2> denote the start and end of the
econd entity as shown below:

The <e1>gradient</e1> of the <e2>passageway</e2>
should not exceed five per cent.

Among the transformer’s special tokens, we only use [CLS] with
he relation classifier, as it requires processing a single sentence per
nstance, similar to the entity classifier. From the output layer, we
ake the embeddings corresponding to <e1> and <e2> as linguistical
epresentations for the given entities. Then, their concatenation is
onsidered the final output representation, which is fed into a softmax
ayer to predict the associated relationship. As described in Section 3.2,

a softmax layer calculates the probability per class (i.e. relation types),
following Eq. (1). We pick the relation type with the highest predicted
probability as the final prediction.

Additionally, we propose a novel data augmentation approach for
relation data, involving entity data in Section 3.3.1. Deep neural net-
works typically benefit from improved performance when trained on
large datasets, enabling them to learn more effectively.

3.3.1. Data augmentation
Data augmentation is the process that constructs synthetic data from

an available dataset. Such a process proves advantageous in scenarios
with limited or unbalanced data, mitigating the risk of overfitting in
model training (Feng et al., 2021). Even though data augmentation
has been widely used with image data, its utilisation in NLP is still at
an early stage (Shorten et al., 2021). One of the primary challenges
in augmenting textual data lies in preserving the intricate linguistic
structure available in original data with synthetic data.

Back-translation and random synonym replacement are the two
popularly used data augmentation techniques within NLP, considering
their ability to generate data without losing underlying linguistics
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Fig. 3. Entity-labelled sentence in BIO format. This sample was acquired from the CODE-ACCORD dataset, which if further described in Section 4.1.
Fig. 4. Entity classification architecture.
Fig. 5. Relation classification architecture.
(Jin et al., 2020; Longpre et al., 2020). Back-translation translates text
in one language to another and then, back to the original language.
However, this approach cannot be automatically used when the original
data includes token-level labels as back-translated samples could have
a different number of tokens with no direct mapping with the original
tokens. The other approach replaces one or more words in the original
text with corresponding synonyms. Even though it is generally applica-
ble for token-labelled data, it is not applicable for the regulatory data
targeted by this research. The majority of the entities in regulatory data
appear as multi-word instances (e.g. ‘fire door’, ‘cross-section area’,
7 
etc.) and replacing some words with their synonym could result in text
phrases which are unknown to the domain or no longer entities.

After carefully analysing the limitations in available data augmen-
tation techniques, we propose a novel method to synthetically generate
relation-annotated data utilising domain-specific entities. Each relation-
annotated instance includes an entity pair marked in a sentence or
textual context with corresponding entity categories and an associated
relation, as can be seen in Table 1 (columns Original Sample, e1, e2 and
Relation). In such a setting, we can create more samples by replacing
one or both entities with other entities of the same category. Table 1
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Table 1
Original sentence samples and their corresponding synthetic samples. Columns e1 and e2 represent the categories of each entity. A colour scheme
representing categories is involved to highlight the entities in original and synthetic samples.

Original sample e1 e2 Relation Synthetic samples

Between the locking points for the
mortice lock and surface-mounted rim
lock, the ⟨e1⟩ distance ⟨/e1⟩ should be

⟨e2⟩ 400–600 mm ⟨/e2⟩.

Property Value Equal Between the locking points for the mortice lock and
surface-mounted rim lock, the
⟨e1⟩ cross-sectional area ⟨/e1⟩ should be

⟨e2⟩ 1m3/ ⟨/e2⟩.
Between the locking points for the mortice lock and
surface-mounted rim lock, the
⟨e1⟩ emission rate ⟨/e1⟩ should be

⟨e2⟩ 25W/m2 ⟨/e2⟩.
Between the locking points for the mortice lock and
surface-mounted rim lock, the
⟨e1⟩ power input from controls ⟨/e1⟩ should be

⟨e2⟩ 50 ⟨/e2⟩.

⟨e1⟩ Extinguishing routes ⟨/e1⟩ of
basement storeys must not be
connected to fire and smoke-proof
⟨e2⟩ exits ⟨/e2⟩.

Object Object Not-part-of ⟨e1⟩ dwelling units ⟨/e1⟩ of basement storeys must
not be connected to fire and smoke-proof
⟨e2⟩ space heating or airconditioning system ⟨/e2⟩.

⟨e1⟩ room thermostat ⟨/e1⟩ of basement storeys
must not be connected to fire and smoke-proof
⟨e2⟩ tears ⟨/e2⟩.
⟨e1⟩ kitchens ⟨/e1⟩ of basement storeys must not be
connected to fire and smoke-proof ⟨e2⟩ motor ⟨/e2⟩.
o
s
l
s

(

p

b
o

contains three augmented samples per original sample to illustrate the
idea further. On some occasions, the generated samples could hold
alse information. For instance, the first synthetic sample in Table 1

states an area (i.e. cross-sectional area) should be equal to a volume
measure (i.e. 1 m3). However, it illustrates the text pattern and se-
mantic relationship between two such entities within the given context
accurately, allowing a model to learn associations among entities given
a textual context. This fact is also reinforced by the results reported in
Section 5. Also, even though we used samples from the CODE-ACCORD
dataset detailed in Section 4.1 to describe the proposed approach, it
s widely applicable to any entity-relation dataset as there are no any

data-specific constraints.

3.4. Computational complexity

Finally, we analyse the computational complexity of the SNOWTEC
ipeline for information extraction. Following the algorithmic descrip-

tion in Algorithm 1, let 𝑛 denote the number of tokens in sentence 𝑆
and 𝑚 = |𝐸raw| denote the number of entities detected by the entity
classifier. Each classifier for entity and relation extraction consists of 𝐿
layers and 𝑑 hidden dimensions. We unfold the complexities associated
with each component below.

Step 1: Entity classification. The entity classifier is a transformer
encoder with a sequence labelling head (Section 3.2). As shown in
Vaswani et al. (2017), the self-attention mechanism incurs (𝑛2⋅𝑑) com-
utational complexity per layer, resulting in (𝑛2 ⋅ 𝑑 ⋅ 𝐿) for the entire

transformer encoder. The token classification head with softmax layers
adds (𝑛 ⋅ 𝑘𝑒) complexity, where 𝑘𝑒 = |𝐸 𝑛𝑡𝑖𝑡𝑦𝑇 𝑦𝑝𝑒𝑠|, the number of
entity categories. Since the complexity is dominated by the transformer
encoder, the overall complexity of this step is (𝑛2 ⋅ 𝑑 ⋅ 𝐿).

Step 2: Entity pairing. The entity pairing step enumerates unordered,
unique entity pairs, resulting in a total of 𝑚(𝑚−1)

2 candidate pairs. This
numeration runs in (𝑚2) complexity.

Step 3: Relation classification. For each candidate entity pair, the
elation classifier processes the full sentence 𝑆, through a transformer
ncoder (Section 3.3). This step results (𝑛2 ⋅ 𝑑 ⋅𝐿) complexity, similar
o the encoder block in the entity classifier. The entity embeddings
re then concatenated and passed through a softmax layer, adding
(𝑘 ) complexity per pair (𝑘 = |𝑅𝑒𝑙 𝑎𝑡𝑖𝑜𝑛𝑇 𝑦𝑝𝑒𝑠|, the number of relation
𝑟 𝑟

8 
categories), which is negligible compared to the transformer encoder,
and therefore can be asymptotically ignored. As a result, the total
complexity of this step is (𝑚2 ⋅ 𝑛2 ⋅ 𝑑 ⋅ 𝐿).

Step 4: Graph construction. The final step assembles the graph from
𝑚 entity nodes and at most 𝑚(𝑚−1)

2 relation edges, contributing (𝑚2)
complexity.

Overall, the pipeline is dominated by the repeated transformer
inference in step 3 for relation classification, returning a complexity
f (𝑚2 ⋅ 𝑛2 ⋅ 𝑑 ⋅ 𝐿). In practice, 𝑚 ≪ 𝑛 for typical regulatory sentences,
ince the number of detected entities is small relative to the sentence
ength. Under this assumption, the quadratic factor 𝑚2 remains modest,
implifying the overall cost to (𝑛2 ⋅ 𝑑 ⋅ 𝐿).

4. Experimental setup

In our experiments, we utilised the CODE-ACCORD dataset
Hettiarachchi et al., 2025) and a regulatory text corpus extracted

from England’s approved document collection (Section 4.1). Further
details regarding the pre-trained transformer/language models em-
loyed in conjunction with our proposed architectures can be found

in Section 4.2, along with their respective hyper-parameter settings.
Section 4.3 outlines the metrics involved in the performance evaluation
of models. Our implementations were conducted in Python, leveraging
PyTorch (Paszke et al., 2019) and Huggingface (Wolf et al., 2020) li-
raries to build machine learning models. For the visualisation of graph
utputs, we used Graphviz library.2 All experiments were performed

using an Intel Xeon Gold 6240 GPU.

4.1. Data

4.1.1. Annotated data
We use the CODE-ACCORD dataset (Hettiarachchi et al., 2025) to

evaluate the proposed transformer-based models. It comprises regu-
latory sentences extracted from the building regulations of England
and Finland across 18 and 8 sub-domains, respectively, including ac-
cessibility, fire safety, structural integrity and energy efficiency. All

2 The documentation of Graphviz is available on https://graphviz.readthed
ocs.io/en/stable/.
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Fig. 6. Sequence length distribution of annotated sentences in the CODE-
ACCORD dataset.

Fig. 7. Distribution of entity categories in the CODE-ACCORD dataset.

the sentences are in English, as the English translation of the Finnish
regulations is used.

Each sentence is annotated with entities, representing regulatory
components (e.g. window, smoke detectors, etc.) and relations, captur-
ing the semantic associations between the entities. Together, the anno-
tations form a sentence-level knowledge graph that structurally repre-
sents the regulatory requirement expressed in natural language. Impor-
tantly, the annotation schema is designed to be domain-general rather
than tied to a specific regulatory chapter or requirement type, enabling
broader applicability across heterogeneous regulatory contexts within
the AEC sector.

As of now, to the best of our knowledge, CODE-ACCORD stands as
the sole publicly available dataset offering comprehensive entity and
relation annotations specifically designed for building regulatory data.
Its multi-country and multi-subdomain coverage enables systematic
evaluation of model generalisability, distinguishing it from earlier data
designs that are restricted to narrow regulatory scopes (Zhang & El-
Gohary, 2017; Zhou et al., 2022). More details about the entity and
relation categories used in CODE-ACCORD are available in Appendix.

Within CODE-ACCORD, there are 862 annotated regulatory sen-
tences. Fig. 6 illustrates the sequence length distribution of these
sentences, revealing that a majority consist of fewer than 40 tokens.
The dataset comprises a total of 4297 entity annotations across four cat-
egories (Fig. 7). Covering relations, there are 4329 annotations across
9 
Table 2
Statistics of original and augmented relation-annotated training data.

Category Original data Synthetic data Total

Equal 59 708 767
Greater 44 528 572
Greater-equal 86 800 886
Less 7 84 91
Less-equal 56 672 728
Necessity 822 – 822
None 800 – 800
Not-part-of 10 120 130
Part-of 650 – 650
Selection 929 – 929

Training data 3463 2912 6375

10 categories (Fig. 8). For both proposed classifiers, we considered 80%
of the samples as training data and the remaining 20% as testing data.
However, this results in a different number of samples per model as the
entity classifier treats each sentence as an independent sample, while
the relation classifier treats individual relations as separate samples.

Data augmentation:. Considering the high imbalance nature within
relation distribution, primarily characterised by underrepresented cate-
gories, we applied the augmentation technique outlined in Section 3.3.1
for relation-annotated data. We only focused on generating synthetic
data for categories: ‘equal’, ‘greater’, ‘greater-equal’, ‘less’, ‘less-equal’
and ‘not-part-of’, which exhibited a scarcity in representation. Impor-
tantly, the test set remained unaltered while we exclusively augmented
the training data. For each sample in the training set, we generated 12
synthetic samples, considering the overall categorical distribution. Alto-
gether, data augmentation increased the original training dataset with
3463 samples by 2912 samples, as summarised in Table 2. Moreover,
Fig. 9(b) illustrates the distribution of final training dataset, following
the original distribution in Fig. 9(a).

4.1.2. Regulatory text corpus
For language modelling, we developed a text corpus using England’s

approved document collection which provides guidance to meet build-
ing regulations.3 Initially, we transformed the PDF files into text format
using the PDFMiner library.4 Subsequently, we conducted a series of
data-cleaning procedures. This involved the rectification of formatting
inconsistencies that occurred during the conversion process and the
elimination of non-semantic elements such as pointers (e.g., G1, 1.2,
a., etc.). Additionally, we filtered out section headings, incomplete text
segments and those containing fewer than three words, exclusively
retaining complete sentences and bullet-pointed text for the refined
corpus. The final dataset comprised 14,336 text segments totalling
302,469 tokens. Fig. 10 illustrates the sequence length distribution
within this refined corpus. We split the data using 80%–20% split to
have training and testing data.

4.2. Transformers and hyper-parameters

We involved four transformer models: (1) bert-large (bert-large-
cased) (Devlin et al., 2019), (2) roberta-large (roberta-large) (Liu et al.,
2019), (3) albert-large (albert-large-v2) (Lan et al., 2020), and (4)
electra-large (electra-large-discriminator) (Clark et al., 2020), pre-
trained on English text for our experiments. These models have gained
significant popularity in recent research due to their outstanding per-
formance (Han et al., 2021; Hettiarachchi & Ranasinghe, 2023). Also,
these models were pre-trained in different settings. roberta is a bert

3 England’s approved document collection is available on https://www.gov.
uk/government/collections/approved-documents.

4 PDFMiner documentation is available on https://pypi.org/project/pdfmin
er/.
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Fig. 8. Distribution of relation categories in the CODE-ACCORD dataset.
(a) Original data (b) Augmented data

Fig. 9. Distribution of the relation categories in original and augmented relation-annotated training data.
Fig. 10. Sequence length distribution of text elements in the raw text corpus.

variant, which is trained on more data with longer training sentences.
albert is a lite version of bert with parameter reduction to speed
up the training process. electra follows a token discrimination-based
pre-training process to facilitate more efficient training. All these
pre-trained transformers were obtained from HuggingFace’s model
repository (Wolf et al., 2020) to conduct the experiments.

Our experiments used a common hyper-parameter setup to gener-
ate comparable results while maintaining consistency among different
architectures. Also, we believe these parameters will provide a basis
10 
for future experiments. For all entity and relation classifier models,
we set the maximum sequence length to 128, following the sequence
length distribution of targeted text data (Fig. 6). The batch size of 16,
the learning rate of 1𝑒−5 with Adam optimiser and five epochs with
early stopping patience of 10 were used considering the computational
complexities of transformers. Depending on the training data availabil-
ity, we set the evaluation steps to eight for the entity classifier and 16
for the relation classifier, allowing five and 15 evaluations per epoch,
respectively. These evaluations were conducted on a validation split,
which is 10% from training data, while using the remaining 90% for
training.

We applied two model optimisation techniques: (1) hyper-parameter
tuning and (2) language modelling, during our experiments. During
hyper-parameter tuning, we particularly focused on optimising the
model’s learning rate. Our initial experiments revealed that adjusting
this parameter yielded a more noticeable impact on the final results
compared to others. More details about our approach are discussed in
Section 5 together with each classifier’s results. For language modelling,
we used the maximum sequence length of 128 following the distribu-
tion in Fig. 10. We set the batch size to 16 and the learning rate to 3𝑒−5

with Adam optimiser, following our initial experiments. We allowed
the model to train on 25 epochs with an early stopping patience of 10,
considering the sensitivity of this task.

4.3. Evaluation metrics

To evaluate the model’s performance, we used precision (P), recall
(R) and F1 scores following Eqs. (2)–(4). In these equations, TP, FP and
FN refer to the true positive, false positive and false negative counts,
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respectively. Precision measures the accuracy of the predictions made
y the model, while recall measures the portion of actual instances that
ere correctly predicted by the model. F1 is the weighted harmonic
ean of precision and recall, combining their properties.

𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑃 (2)

𝑅𝑒𝑐 𝑎𝑙 𝑙 = 𝑇 𝑃
𝑇 𝑃 + 𝐹 𝑁 (3)

𝐹1 = 2 × 𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐 𝑎𝑙 𝑙
𝑃 𝑟𝑒𝑐 𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐 𝑎𝑙 𝑙 (4)

For entity evaluation, we employed two approaches: (1) strict span-
nd-type matching and (2) token-level matching. For strict evalua-

tion, we used the Seqeval framework with strict mode on BIO for-
mat Nakayama (2018). This approach compares the text span, entity
type, and BIO label to compute TP, FP and FN values, and considers a
span correct (TP) only if all elements exactly match the ground truth.
While this method captures the ideal scenario, it can be overly strict for
multi-token entities, as even a single token offset can result in the entire
prediction being marked incorrect, potentially exaggerating semantic
failures. To address this, we also incorporated token-level matching,
which is more flexible. In this setup, each token is evaluated inde-
pendently, and a prediction is considered correct (TP) if the predicted
entity category matches the true category, regardless of BIO tagging or
full-span alignment.

For relation evaluation, TP, FP, and FN values were computed solely
by comparing predicted and actual categories. A prediction is marked
correct (TP) only if it perfectly matches the ground truth category.

Given the equal importance of multiple categories in both entity
nd relation classification, we employed the macro-averaging method
o derive the final metrics. This involved initially computing P, R and F1

values individually for each category. Subsequently, we computed their
unweighted mean to obtain the final metrics, following Equation (5).
In this equation, 𝑋 represents a metric (i.e. P, R or F1), 𝑛 represents the
otal number of categories, and 𝑋𝑖 represents a per-class metric value.

𝑀 𝑎𝑐 𝑟𝑜 𝑋 =
∑𝑛

𝑖=1 𝑋𝑖

𝑛
(5)

5. Results and discussion

We present the performance evaluations of the machine learning
odels developed in this research: entity classifier and relation classi-

ier, in Sections 5.1 and 5.2. These assessments include in-depth error
nalyses aimed at understanding models’ behaviour. Subsequently, in
ection 5.3, we offer a demonstration of the complete functionality

of the proposed SNOWTEC pipeline. This demonstration utilises real-
orld regulatory sentences, showcasing the practical application and

ffectiveness of our approach.

5.1. Entity classifier

For entity classification, we evaluated the performance of the pro-
posed architecture (Fig. 4) using four pre-trained transformers de-
scribed in Section 4.2. The results obtained on validation and test
datasets are summarised in Table 3. As the model is fine-tuned based on
the results of validation data, which comprises a smaller subset (10%
of the training data) compared to the test data, the validation scores
are expected to be slightly higher than those on the test set. This trend
is observed across most models. To provide a more comprehensive
evaluation, we additionally report token-level metrics on the test data.
As expected, token-level evaluation yields higher scores than strict
(entity-level) evaluation due to its less restrictive matching criteria.
This discrepancy suggests that, although entity boundaries of predic-
tions may occasionally deviate from the gold standard, the models are
generally effective at identifying the correct entity tokens.
 t
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Among the transformer models, roberta-large achieves the best over-
ll performance. It outperforms the other models by an average margin
f 4.2% in validation F1 score, 8.3% in strict-mode test F1 score, and
.2% in token-level test F1 score. These results also suggest that if the
anguage model is pre-trained on a large corpus, it can be fine-tuned
or a downstream task effectively.

Although the roberta-large model achieves the best F1 score along
ith recall, it does not consistently achieve the highest precision. All

he other models exhibit higher precision than recall, occasionally even
urpassing the precision of roberta-large. This performance asymme-
ry can be directly traceable to the distinct pre-training objectives of
ach transformer model. bert, electra, and albert were pretrained with
econdary objectives (e.g., inter-sentence or token anomaly detection
bjectives) alongside masked language modelling (Clark et al., 2020;

Devlin et al., 2019; Lan et al., 2020). The combined objectives tend
o make these models more conservative, leading to stricter entity
rediction, resulting in high precision with comparatively low recall.
n contrast, roberta model is pre-trained solely using dynamic mask-
ng (Liu et al., 2019). This design optimises the model entirely on

contextual token prediction, potentially enabling broader contextual
generalisation. When fine-tuned for entity recognition, as suggested
by the results, this design appears to allow the model to identify a
wider range of true positives at the cost of occasionally over-predicting
entities, thereby reducing precision. In the context of regulatory infor-
mation extraction, this trade-off is operationally preferable, as missing
true instances has a greater downstream cost than predicting false
positives, which can be filtered at later stages.

We further optimised our best-performing entity classifier, and our
indings are summarised in Table 4. As described in Section 4.2, within
yper-parameter tuning, our primary focus was centred on optimising
he learning rate. We experimented with additional rates (1𝑒−3, 1𝑒−4,
nd 1𝑒−6) following the initial setup of 1𝑒−5. The corresponding training
nd validation curves are visualised in Fig. 11. Notably, a learning rate

of 1𝑒−4 performed on par with 1𝑒−5 but showcased better convergence.
Fine-tuning the learning rate resulted in substantial performance gains,
 9.1% increase in validation F1 score and an 8.2% improvement in

strict-mode test F1 score. Additionally, the token-level test F1 score has
improved by 2.6%.

Furthermore, we applied language modelling to the roberta-large
model using the regulatory text corpus described in Section 4.1.2. As
shown in Table 4, this step contributed to an additional improvement
of 0.6% in validation F1 score (strict mode) and a 1.5% increase in
token-level test F1 score. However, this resulted in a slight 0.9% drop
in the strict-mode test F1 score. Overall, these modest and partially
inconsistent gains suggest that the size of the domain-specific corpus
may limit the effectiveness of continued pre-training. Leveraging a
larger regulatory corpus could lead to more substantial enhancements,
aligning with other recent studies (Gururangan et al., 2020; Ranasinghe
et al., 2025).

When comparing optimisation strategies applied to roberta-large,
language modelling achieves the best overall F1 score, although its
precision on both validation and test sets is slightly lower than that
btained with hyper-parameter tuning. Hyper-parameter tuning fo-
uses on optimising decision boundaries to produce a more controlled,

accurate prediction distribution. In contrast, language modelling on
in-domain text (domain-adaptive pre-training) encourages the model
o learn domain-specific lexical and syntactic patterns, increasing its
ikelihood of recognising entities it would otherwise miss in a general
etting. This introduces the same precision–recall tradeoff, which we
bserved in the general roberta-large model compared to other pre-
rained transformers. As the model becomes more entity-aware, it
ppears to be more prone to borderline cases, modestly reducing pre-
ision while increasing recall. Nonetheless, our findings indicate that
mparting domain knowledge to language models helps in enhancing
ntity classification performance. We further discuss the performance of
he best entity classifier in Section 5.1.1, providing an in-depth analysis.
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Table 3
Performance evaluation of the entity classifier across validation and test datasets using various transformer models. The best F1

score is marked in bold.
Transformer Validation (Strict) Test (Strict) Test (Token-level)

P R F1 P R F1 P R F1

bert-large 0.6182 0.5448 0.5686 0.6288 0.5446 0.5694 0.8277 0.7046 0.7514
electra-large 0.6838 0.5486 0.5964 0.5633 0.4468 0.4740 0.7312 0.5747 0.6157
albert-large 0.6708 0.5841 0.6219 0.6270 0.5354 0.5703 0.8088 0.7174 0.7547
roberta-large 0.6352 0.6427 0.6379 0.6281 0.6197 0.6212 0.8090 0.7593 0.7790
Table 4
Impact on best-performed entity classifier’s (roberta-large) results by different optimisation techniques. The best F1 score is marked
in bold.

Optimisation Technique Validation (Strict) Test (Strict) Test (Token-level)

P R F1 P R F1 P R F1

– 0.6352 0.6427 0.6379 0.6281 0.6197 0.6212 0.8090 0.7593 0.7790
Hyper-parameter tuning 0.7674 0.6956 0.7287 0.7708 0.6550 0.7028 0.8689 0.7642 0.8054
Language modelling 0.7655 0.7100 0.7351 0.7244 0.6678 0.6940 0.8607 0.7884 0.8207
(a) Training loss (b) Evaluation loss

Fig. 11. Training and validation learning curves of entity classifiers built using roberta-large model on different learning rates.
5.1.1. Error analysis
We further analysed the best-performed entity classifier (i.e. roberta-

large with language modelling) results to identify the causes of its
performance limitations. Our analysis revealed two major factors: (1)
unique attributes of entity categories and (2) contextual complexities,
that directly affect the model performance, as elaborated below.

Impact by unique attributes of entity categories:. In entity classifi-
cation, we aim to identify four categories (i.e. object, property, quality
and value) defined in the CODE-ACCORD dataset (Section 4.1.1), which
hold their unique characteristics. For instance, objects and values were
mostly formed by one or two tokens/words. Additionally, a high pro-
portion of values have numbers mostly coupled with units. In contrast,
properties and qualities have a composition of short and long text se-
quences. Overall, qualities have more lengthy text spans than all other
categories. We showcase a few randomly selected entities from each
category in Table 5 to further emphasise their distinctive attributes.

Table 6 presents the outcomes of our analysis regarding the model’s
predictive performance for each entity category, evaluated under both
strict and token-level matching criteria. Strict matching requires an
exact span boundary match, while token-level matching awards partial
credit for overlapping predictions, offering a more flexible assessment
of near-correct extractions. Under strict matching, objects and val-
ues, the entity categories characterised by more definitive structures
with shorter sequences, demonstrated comparatively higher F1 scores
(0.7136 and 0.8261, respectively, on the test set). Since values have the
fewest annotated samples (Fig. 7), these results suggest the integrity of
12 
the entity structure has more influence on the model’s learning than
the sample count. This fact is further confirmed by the results obtained
in quality. Even though quality has more annotated samples (×6 than
value samples), it resulted in the lowest F1 score (0.5732 on the test
set) due to its complex structure.

The token-level results reveal an additional and informative pattern.
Quality shows the largest improvement between evaluation modes,
rising from 0.5732 under strict matching to 0.8735 under token-level
matching on the test set. This suggests that while the model frequently
captures the correct tokens belonging to quality entities, it struggles
with precise boundary detection, which is a natural consequence of
quality spans being longer and more structurally variable. In contrast,
value and object categories show comparatively smaller gains between
the two modes, consistent with their shorter, more bounded nature,
where strict and token-level assessments tend to converge.

Overall, our findings suggest that the inherent nature or structure
of an entity category significantly influences the learning process of a
transformer-based entity classifier, often surpassing the impact of the
sample count within the training data. The model requires more data
from complex entity categories to learn them better, while a smaller
amount of data is sufficient to learn the simple (or more structured)
entities.

Impact by the contextual complexities:. In natural language, the or-
ganisational structure of textual elements within a context significantly
influences entity identification. To measure contextual complexity in
our experiments, we used the entity count within a sentence, where
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Table 5
Entity categories with a few samples.

Object Property Quality Value

Building Height Mechanical One
Doors Width Insulated 900 mm
Parking spaces U-values Wheelchair-accessible 500 millimetres
Windows Target primary energy rate For entering a dwelling 0.7 metres
Ventilation systems Floor area Insulated at ceiling level 0.15 m/s
Table 6
Results of the best-performed entity classifier (roberta-large) on validation and test datasets across different entity categories. Strict
matching requires exact span boundary agreement, whereas token-level matching assigns partial credit for overlapping tokens,
leading to higher support counts as tokens (not complete entity spans) are evaluated.

Category Validation Test

Support P R F1 Support P R F1

Strict Matching

Object 146 0.7955 0.7192 0.7554 317 0.7240 0.7035 0.7136
Property 48 0.6154 0.6667 0.6400 98 0.7375 0.6020 0.6629
Quality 139 0.7281 0.5971 0.6561 317 0.5723 0.5741 0.5732
Value 28 0.9231 0.8571 0.8889 48 0.8636 0.7917 0.8261

Macro average 361 0.7655 0.7100 0.7351 780 0.7244 0.6678 0.6940

Token-level Matching

Object 254 0.9104 0.7598 0.8283 506 0.8351 0.7905 0.8122
Property 100 0.7596 0.7900 0.7745 189 0.8114 0.7513 0.7802
Quality 607 0.8292 0.9275 0.8756 1923 0.8607 0.8866 0.8735
Value 56 0.9804 0.8929 0.9346 80 0.9355 0.7250 0.8169

Macro average 1017 0.8699 0.8426 0.8532 2698 0.8607 0.7884 0.8207
p

t
s
v
l

a higher count denotes a more detailed and intricate context. Table 7
summarises the entity classifier’s performance variations across com-
plexity levels, evaluated under both strict and token-level matching
criteria.

Under strict matching, the results indicate a more complex pattern
hat cannot be explained by a straightforward complexity–performance
rade-off. Sentences with higher entity counts (> 5) obtain the highest
acro F1 (0.7354), followed by the moderate-complexity group (sen-

ences with 3–5 entities), with the low-complexity group (sentences
ith entities ≤ 3) achieving the lowest macro F1 (0.6361). This sug-
ests that while very simple sentences may lack sufficient contextual
ignal for precise boundary detection, moderately and highly complex
entences provide richer context that the model can exploit. Token-
evel matching scores are consistently high across all complexity groups
macro F1 ranging from 0.7855 to 0.8535), indicating that the model
eliably identifies the correct tokens regardless of sentence complexity,
ith boundary detection being the primary source of strict matching
rrors.

Overall, these findings suggest that contextual richness, rather than
implicity alone, can support entity classification. The model may
enefit from additional exposure to complex sentence structures to
mprove boundary detection of entity categories.

5.2. Relation classifier

For relation classification, we evaluated the performance of the
proposed architecture (Fig. 5) using three pre-trained transformers
described in Section 4.2. Considering the limited performance observed
uring entity classification experiments, the electra-large model was
xcluded from relation classification. The summary of results obtained

from both validation and test datasets is presented in Table 8. Similar
o the trends observed in the entity classifier results (Table 3), the

validation set reflects more accurate predictions compared to the test
set. The standard practices of model fine-tuning based on validation
outcomes and the smaller size of the validation set compared to the
test set mainly result in such trends.

Overall, Table 8 demonstrates a significant enhancement in the per-
ormance of the relation classifier achieved through data augmentation.
 t
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On average, all models experienced a noteworthy 26% increase in F1
scores after integrating augmented data. Similar to observations in the
entity classifier scenario, among the transformer models, roberta-large
exhibited superior performance. Initially, using the original dataset,
roberta-large showcased an average increase of 5.4% in validation F1
scores and 3.4% in test F1 scores compared to other models. Even
after incorporating augmented data, roberta-large maintained its lead,
exhibiting an average increase of 2.9% in validation F1 scores and
2.3% in test F1 scores. These outcomes reinforce the notion that pre-
training a language model on a substantial corpus enables effective
fine-tuning for downstream tasks, consistent with our observations in
entity classifiers. Additionally, the performance of the bert-large model
approached that of roberta-large following data augmentation. This
highlights that an increased volume of data for a downstream task
(i.e. relation classification) facilitates the model in learning task-specific
details, minimising reliance on the original knowledge of the language
model.

Moreover, the precision–recall asymmetry observed across the trans-
former models in relation classification is consistent with the pattern
observed in the entity classifiers’ results. As discussed in Section 5.1, the
roberta model’s sole reliance on masked language modelling, without
an additional pre-training objective, produces richer token-level rep-
resentations. In relation classification, this influences how the model
encodes entity pairs and their surrounding context, enabling it to
recognise a broader range of relations, resulting in higher recall at the
cost of slightly lower precision than other models.

We further optimised our best-performing relation classifier using
the same techniques we used with the entity classifiers (i.e. hyper-
arameter tuning and language modelling). Table 9 provides an

overview of the obtained results. Under hyper-parameter tuning, we
explored the model’s performance by experimenting with three addi-
ional learning rates (1𝑒−3, 1𝑒−4, and 1𝑒−6) subsequent to the initial
etup of 1𝑒−5. However, upon reviewing the corresponding training and
alidation curves depicted in Fig. 12, 1𝑒−5 turned out as the optimal
earning rate.

In language modelling, we employed the same roberta-large model
rained on the regulatory text corpus detailed in Section 4.1.2, utilised
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Table 7
Results of the best-performed entity classifier (roberta-large) on test datasets depending on the entity count per sentence.

Entity count Category Strict matching Token-level matching

Support P R F1 Support P R F1

≤3

Object 70 0.6667 0.7429 0.7027 125 0.8095 0.8160 0.8127
Property 17 0.7143 0.5882 0.6452 35 0.7000 0.8000 0.7467
Quality 87 0.5652 0.5977 0.5810 721 0.943 0.9071 0.9250
Value 7 0.6667 0.5714 0.6154 12 0.8182 0.7500 0.7826

Macro average 181 0.6532 0.6251 0.6361 893 0.8179 0.8183 0.8168

>3 and ≤5

Object 100 0.7100 0.7100 0.7100 155 0.8101 0.8258 0.8179
Property 44 0.6944 0.5682 0.6250 72 0.7727 0.7083 0.7391
Quality 103 0.5556 0.6311 0.5909 651 0.8375 0.8786 0.8576
Value 19 0.7778 0.7368 0.7568 40 0.9231 0.6000 0.7273

Macro average 266 0.6844 0.6615 0.6707 918 0.8359 0.7532 0.7855

>5

Object 147 0.7692 0.6803 0.7220 226 0.8718 0.7522 0.8076
Property 37 0.8000 0.6486 0.7164 82 0.9130 0.7683 0.8344
Quality 127 0.5963 0.5118 0.5508 551 0.7917 0.8693 0.8287
Value 22 1.0000 0.9091 0.9524 28 1.0000 0.8929 0.9434

Macro average 333 0.7914 0.6875 0.7354 887 0.8941 0.8207 0.8535
Table 8
Performance evaluation of the relation classifier across validation and test datasets using various transformer
models, with and without the integration of data augmentation. The best F1 score is marked in bold. The
improvement in F1 score on the test data after applying data augmentation is indicated within brackets.

Transformer Validation Test

P R F1 P R F1

bert-large 0.6129 0.4887 0.5144 0.5714 0.5029 0.5243
albert-large 0.6332 0.5393 0.5590 0.5592 0.4978 0.5122
roberta-large 0.6099 0.5895 0.5903 0.5577 0.5481 0.5498

Data Augmentation

bert-large 0.9215 0.9239 0.9207 0.8280 0.8161 0.8009 (+28%)
albert-large 0.9098 0.9128 0.9109 0.8060 0.7511 0.7556 (+24%)
roberta-large 0.9448 0.9459 0.9450 0.7997 0.8352 0.8011 (+25%)
o
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Table 9
Impact on best-performed relation classifier’s (roberta-large) results by differ-
ent optimisation techniques. The best F1 score is marked in bold.

Optimisation technique Validation Test

P R F1 P R F1

– 0.9448 0.9459 0.9450 0.7997 0.8352 0.8011
Hyper-parameter tuning 0.9448 0.9459 0.9450 0.7997 0.8352 0.8011
Language modelling 0.9441 0.9461 0.9447 0.8507 0.7722 0.7922

for the entity classification experiments. Surprisingly, unlike the en-
ity classification results, the relation classification outcomes exhibited
 slight decrease following language modelling. This suggests a po-
ential risk of confusion when applying language modelling using a
imited domain-specific corpus alongside a rich training dataset for the

downstream task. Overall, the application of optimisation techniques
id not improve the relation classifier’s performance. Nonetheless, we

conducted an in-depth analysis of the best relation classifier, and our
indings are discussed in Section 5.2.1.

5.2.1. Error analysis
We further analysed the best-performed relation classifier (i.e.

oberta-largewith data augmentation) results to identify the factors that
inder its performance. The overall assessment displayed consistent

performance across all relation categories, with a validation F1 score
exceeding 80%, as depicted in Table 10. Although there were slight
eclines in the greater-equal and less-equal categories in the test set,
iven their association with a relatively small sample count, these drops

can be deemed negligible. Altogether, these findings suggest that there
is no notable impact from the relation category on the model’s final
performance.
 l
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Secondly, we explored the misclassifications to identify potential
confusion between relation categories. This in-depth analysis revealed
that complex textual structures influence the model’s performance,
leading to misclassification. Details of these findings are outlined be-
low.

Impact by complex textual structures:. The confusion matrix of the
best-performed relation classifier on the test dataset is illustrated in
Fig. 13. This matrix exhibits clear patterns, confirming the model’s
verall strong performance. Diagonal dominance signifies a majority of
ccurate predictions, accompanied by low off-diagonal values, which
ndicate minimal misclassification. However, we further investigated
he misclassifications (particularly, the off-diagonal values above 10)
o understand the factors contributing to the model’s confusion. Our
nalysis pinpointed that most of these instances of confusion arose
rom complexities within the textual structure. To explain this finding,
e summarise the frequently identified various textual complexities in

Table 11 together with relevant data samples.

5.3. SNOWTEC demonstration

Finally, we demonstrate the complete functionality of the SNOWTEC
pipeline (Fig. 1) leveraging the best-performing entity and relation
classifiers detailed in Sections 5.1 and 5.2, respectively. SNOWTEC
automatically identifies entities and their relations within regulatory
sentences to generate knowledge graphs that encapsulate the conveyed
nformation.

Table 12 presents a selection of tested samples processed through
the finalised pipeline, each accompanied by its generated graph. As
can be seen, these graphs comprehensively capture the ideas expressed
in the original sentences in a structured manner. Also, these graphs
erve as a machine-processable output, capturing and processing the
inguistic complexities inherent in regulatory sentences. The accuracy
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(a) Training loss (b) Evaluation loss

Fig. 12. Training and validation learning curves of relation classifiers built using roberta-large model on different learning rates.
Table 10
Results of the best-performed relation classifier (roberta-large) on validation and test datasets across different relation categories.

Category Validation Test

Support P R F1 Support P R F1

Equal 77 0.9625 1.0000 0.9809 15 0.7143 1.0000 0.8333
Greater 57 1.0000 1.0000 1.0000 11 0.8182 0.8182 0.8182
Greater-equal 89 0.9889 1.0000 0.9944 21 0.7273 0.7619 0.7442
Less 9 1.0000 1.0000 1.0000 2 1.0000 1.0000 1.0000
Less-equal 73 0.9865 1.0000 0.9932 14 0.6842 0.9286 0.7879
Necessity 82 0.8902 0.8902 0.8902 206 0.9167 0.8544 0.8844
None 80 0.8592 0.7625 0.8079 200 0.8289 0.7750 0.8010
Not-part-of 13 1.0000 1.0000 1.0000 2 0.6667 1.0000 0.8000
Part-of 65 0.8657 0.8923 0.8788 162 0.7910 0.8642 0.8260
Selection 93 0.8947 0.9140 0.9043 233 0.8498 0.8498 0.8498

Macro average 638 0.9448 0.9459 0.9450 866 0.7997 0.8352 0.8011
Table 11
Frequently misclassified relations with identified causes and samples.
True label Predicted

label
Sample Reason

Necessity None Any ⟨e1⟩walls⟨/e1⟩, doors and windows should be
insulated and ⟨e2⟩draught-proofed⟨/e2⟩ to at least the
same extent as in the existing building.

Multiple necessities

Ground arrays including ⟨e1⟩header pipes⟨/e1⟩ and
manifolds should be ⟨e2⟩flushed as one system to remove
all debris and purged to remove all air⟨/e2⟩.

None Part-of The ⟨e1⟩roof structures⟨/e1⟩ and ⟨e2⟩joints⟨/e2⟩ must be
properly inclined and sealed for water drainage.

Conjoined elements

The natural or mechanical ⟨e1⟩ventilation system⟨/e1⟩ of
a building shall be strong and its ⟨e2⟩air-tightness⟨/e2⟩
shall be at least class B.

coreferences

None Selection There shall be ⟨e1⟩adequate means⟨/e1⟩ of ventilation
⟨e2⟩provided for people in the building⟨/e2⟩. Hierarchical relationships

The air extract rate should be 20 litres per second per
⟨e1⟩machine⟨/e1⟩ ⟨e2⟩during use⟨/e2⟩.

Selection None In an existing building, for the principal or ⟨e1⟩main
staff⟨/e1⟩ entrance or ⟨e2⟩entrances⟨/e2⟩ to be accessible,
an alternative accessible entrance should be provided.

Multiple selections

A building must be provided with a fire wall if
⟨e1⟩it⟨/e1⟩ is situated adjacent to a neighbouring building
or ⟨e2⟩so close to a neighbouring building that the spread
of fire is evident⟨/e2⟩.

Selection Part-of ⟨e1⟩Requirements⟨/e1⟩ for ⟨e2⟩accessibility⟨/e2⟩ should
be balanced against preserving historic buildings or
environments.

Confusing text patterns

The ⟨e1⟩impact⟨/e1⟩ of the ⟨e2⟩ground⟨/e2⟩ and crawl
space on heat loss shall be taken into account in heat
loss calculations.
15 
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Table 12
Knowledge graphs generated by SNOWTEC for a set of sample sentences. In. and Out. denotes the input to and output from the pipeline.
In. The gradient of the passageway should not exceed 5%. Any damage, such as tears, should be repaired before boarding.

Out.

In. Perimeter insulation should be continuous and have a minimum
thickness of 25mm.

In a mechanical system, there shall be a clearly labelled stop switch,
which shall be located in an easily accessible place.

Out.
limitations exhibited in current machine learning models might neg-
atively impact the conversion of sentences with complex structures,
requiring models that are enhanced in light of the findings of this work.
However, we believe this framework is a strong starting point for con-
verting regulatory text into machine-processable formats utilising the
recent NLP techniques. Also, the descriptive nature of entity-relation
graphs supports human-in-the-loop validation, which helps mitigate
possible errors and encourages more reliable and transparent conver-
sions. Ultimately, SNOWTEC will facilitate effective ACC by converting
complex regulatory data into a more simple format.

6. Conclusions and future work

This paper proposed SNOWTEC, an innovative information extrac-
tion pipeline powered by a synthetic natural language oversampling
approach designed to extract regulatory information from text for
ACC within the AEC sector. Given a regulatory sentence, it gener-
ates a machine-readable output, a knowledge graph detailing enti-
ties and their relationships extracted from natural language capturing
the underlying idea(s), which can be readily processed to automate
compliance checks. Aligning with recent trends in NLP, SNOWTEC
employs two machine learning models based on transformer/language
model architectures to extract entities and relations from text. Our
experimentation involved diverse pre-trained transformers, involving
16 
different learning techniques such as fine-tuning and language mod-
elling to comprehensively evaluate the models’ performance in varied
settings. We also introduced a data augmentation method for relation-
annotated data, leveraging domain-specific entities to address data
scarcity concerns that often limit the prediction capabilities of language
models.

We used the CODE-ACCORD dataset, which contains data spanning
across multiple sub-domains within AEC, including accessibility, fire
safety, structural integrity, energy efficiency and more, to evaluate
the proposed models’ performance, covering their general applica-
bility, which is crucial for real-world applications. Among the four
pre-trained transformer models tested (i.e. BERT, RoBERTa, ALBERT
and ELECTRA), the RoBERTa model showcased superior performance
in both entity and relation extraction. Considering the complexities
associated with the targeted tasks due to the unstructured nature of
natural language, compounded by structural complexities, ambigui-
ties and domain-specific characteristics in the regulatory text, which
varies across sub-domains (e.g. structural integrity, fire safety, etc.),
we believe the developed models achieved promising results. Compar-
atively, the entity classifier exhibited a lower performance than the
relation classifier’s performance. A detailed analysis unveiled that the
complexities within entities, due to their unique attributes and con-
textual influences, mainly contributed to the entity extraction’s limited
performance. Additionally, limited training data impacted the model’s
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Fig. 13. Confusion matrix of the best-performed relation classifier (roberta-
large) on test dataset.

accuracy, notably evidenced by the relation classifier, where data aug-
mentation significantly improved performance by an average increase
of 26% in F1. Employing a language modelling approach, enriching
the pre-trained language model with domain-specific knowledge from
textual data, enhanced the entity classifier’s results, being beneficial in
scenarios with scarce annotated training data. However, this approach
did not yield improvements for the relation classifier, which already
had a rich training corpus following the data augmentation. This ob-
served behaviour highlights potential risks of model confusion when
employing language modelling using a limited domain-specific corpus
alongside a rich training dataset for the downstream task, which will
be helpful for future studies in this area.

Overall, we believe our work represents a significant step forward
in IE for ACC, as it is solely based on state-of-the-art transformers/lan-
guage models without requiring any domain-dependent rules. Also, our
approach reformulates the IE task as a knowledge graph generation
task, further establishing the generalisability across diverse domains.
Moreover, knowledge graphs represent information in formats readable
by both humans and machines. This enhances the human-in-the-loop
reviewing processes, ensuring the accuracy and trustworthiness of AI-
generated outputs, which are crucial to ACC. Following our path, in
future, we aim to explore the potential of large language models such as
Generative Pre-Trained Transformers (GPT) (OpenAI, 2023) and Large
Language Model Meta AI (LLaMA) (Touvron et al., 2023) to extract
information from regulatory text more effectively. Also, we plan to
expand our research to support IE in multiple languages as regulatory
documents are written in different languages and translating them
into English typically requires substantial manual effort and domain
expertise. Additionally, we seek to capture the information expressed
by the clausal structure of regulatory documents and interconnec-
tions between regulatory sentences, which is crucial for comprehensive
rule generation. Furthermore, we hope to align the extracted infor-
mation with the concepts in a building compliance ontology such as
Architecture Engineering and Construction Compliance Checking and
Permitting Ontology (AEC3PO)5 and develop a predictive approach to
transform the information into rule languages such as Semantic Web

5 AEC3PO ontology documentation is available on https://accordproject.
eu/building-compliance-ontology-released/.
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Table A.13
Entity categories of the CODE-ACCORD dataset.

Entity Description

Object An ontological concept which represents a thing that is
subject to a particular requirement (e.g. window, fire door)

Property Property of an object (e.g., width, height)
Quality Quality or uncountable characteristic of an object/property

(e.g. horizontal, self-closing)
Value A standard or a numerical value that defines a quantity (e.g.

1500 millimetres, five per cent)

Rule Language (SWRL)6 and SHApes Constraint Language (SHACL)7

to facilitate the complete flow of ACC, providing a comprehensive
framework.
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Appendix. Entity and relation categories in CODE-ACCORD dataset

Entity and relation categories available in the CODE-ACCORD datase
(Hettiarachchi et al., 2025) are summarised in Tables A.13 and A.14,
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Table A.14
Relation categories of the CODE-ACCORD dataset.

Relation Description

Selection A limit to the scope of an object/property based on another
object or a quality

Necessity A qualitative/subjective/existential Necessity of an
object/property (e.g., should, should have, shall be, etc.)

Part-of Being a part of an object/property
Not-part-of Not being a part of an object/property
Greater A value that should be greater than to
Greater-equal A value that should be greater than or equal to
Equal A value that should be equal to
Less-equal A value that should be less than or equal to
Less A value that should be less than to
None No relation
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