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Keywords: The digitalisation of the regulatory compliance process has been an active area of research for several decades.
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incident of Grenfell fire in 2017 has been a major catalyst for this as a result of the Hackitt report’s recom-
mendations pointing a lot of the blame on the broken regulatory regime in the country. The Hackitt report
emphasises the need to overhaul the building regulations, but the approach to do so remains an open research
question. Existing work in this space tends to overlook the processing of actual regulatory documents, or limits
their scope to solving a relatively small subtask. This paper presents a new comprehensive platform approach to
the digitalisation of the regulatory compliance processing. We present i-ReC (intelligent Regulatory Compliance),
a platform approach to digitalisation of regulatory compliance that takes into consideration the enormous di-
versity of all the stakeholders’ activities. A historical perspective on research in this area is first presented to put
things in perspective which identifies the challenges in such an endeavour and identifies the gaps in state-of-the-
art. After enumerating all the challenges in implementing a platform-based approach to digitalising the regu-
latory compliance process, the implementation of some parts of the platform is described. Our research dem-
onstrates that the identification and extraction of all relevant requirements from the corpus of several hundred
regulatory documents is a key part of the whole process which underlies the entire process from authoring to
eventually compliance checking of designs. Some of the issues that need addressing in this endeavour include
ambiguous language, inconsistent use of terms, contradicting requirements and handling multi-word expressions.
The implementation of these tools is driven by NLP, ML and Semantic Web technologies. A semantic search
engine was developed and validated against other popular and comparable engines with a corpus of 420 (out of
about 800) documents used in the UK for compliance checking of building designs. In every search scenario, our
search engine performed better on all objective criteria. Limitations of the approach are discussed which includes
the challenges around licensing for all the documents in the corpus. Further work includes improving the per-
formance of SPaR.txt (the tool created to identify multi-word expressions) as well as the information retrieval
engine by increasing the dataset and providing the model with examples from more diverse formats of regula-
tions. There is also a need to develop and align strategies to collect a comprehensive set of domain vocabularies
to be combined in a Knowledge Graph.

1. Introduction future, Dame Hackitt [36] clearly recommends that the building regu-
lations and associated guidance, including the Approved Documents,
The well-publicised Hackitt Review [36] into the Grenfell Tower need to be authored, applied and enforced in a fundamentally different
disaster points to some of the main reasons behind the ill-fated fire in the way — also see Table 1:
London blocks of flats in 2017. In order to avert similar disasters in the
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Table 1
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Summary of challenges in the current system, as identified in [36] and the broader literature.

Ambiguity, confusion and the ability to ‘game the system’.

The package of regulations and guidance (in the form of Approved Documents) is ambiguous and inconsistent;

“There can be differences of interpretation between different building control bodies and also between different individuals within the same building control body™;

There is widespread confusion about what constitutes the regulations and what is guidance;

Many of the Approved Documents have not been comprehensively updated for some time (despite their pivotal role);

“The suite of guidance is very slow to adapt and update as new technologies and techniques become available” [...]“this creates significant scope for gaming the system in a variety of

ways”.
Regulatory overload and unintended use.

“The cumulative impact of the Approved Documents changes an outcome-based system of regulation to one that is often inferred by users to be prescriptive”;
In the UK, there are some 485 standards, 85 other government guidance, 176 industry guidance and 79 other government legislation documents, most of which are to be complied

with whilst others are guidance documents

Those designing or constructing buildings are often focused on simply meeting the minimum requirements set out in Approved Document B (Fire Safety) rather than focusing on the

performance- based requirements set out in the regulations;

Most building control organisations (county councils and approved inspectors) will typically have standard workflows to be used in the checking process. However, due to the large

amount of manual labour involved these processes are slow and prone to errors.
Difficulty of the compliance checking process and life-cycles of assets.

The processes that drive compliance with building safety requirements are weak and complex with poor record keeping and change control;

There are around 75 performance-based requirements, relying on sophisticated judgements for their interpretation. This places increased reliance on the competence of those
undertaking the design and construction of buildings and the skills and rigour of the regulators verifying the quality of the work that is done;

The relationship between performance regulation and the life cycle of a building should be explored in greater depth. Whereas many buildings undergo a change of use over their life
span (sometimes several times), one should question how tightly coupled the performance requirements should be to the original intended use of the building (and who monitors and

pays for later changes).

“[...] the current regulatory system for ensuring fire safety in high-rise
and complex buildings is not fit for purpose.”

Few studies investigate regulatory enforcement regimes themselves
[92]. And there is currently no consensus on how to implement the
required fundamental changes. As an example, user research indicates a
desire for prescriptive regulations, at least for certain topics [69]. But
the UK government, as noted by Dame Hackitt [36], wants to move
towards an outcome-based approach where guidance would be devel-
oped and maintained by industry and validated by a “Building Safety
Regulator”. For some regulatory topics, the prescriptive approach makes
little sense, e.g., sustainability. Prescriptive guidance on building per-
formance with respect to climate impact, considering buildings are
responsible for over 40% of carbon emissions, is difficult to maintain,
especially in light of advancing technologies and changes in overall
objectives. Further concerns with prescriptive regulations include that
they may stifle creativity and innovation, and the guidance documents
may be treated as ‘de facto’ proof of compliance.

Despite a lack of consensus on how to overhaul the building regu-
lations regime, it is clear that digitalisation will play a large role [70].
There has been a push towards digitalising the Architecture, Engineering
and Construction (AEC) sector, with strong support from both policy
makers and national governments.' As an example, in the UK digital-
isation is a crucial component of the £600 billion construction sector
deal.” This translates directly into the availability of research funding to
rely on digital technologies with the aim of tackling challenges and
transforming the industry to improve efficiency, sustainability, pro-
ductivity and longevity.®> UK and international examples of large-scale
research initiatives include:

D-COM Network®: “Drive forward the adoption of the digitization of
regulations, requirements and compliance checking systems in the built
environment”
The ACCORD Project” “Digital building permit and compliance
verification”

1 https://ec.europa.eu/docsroom/documents/45547/attachments/1/trans-
lations/en/renditions/native.

2 https://www.gov.uk/government/publications/construction-sector-deal/
construction-sector-deal.

3 https://www.ukri.org/what-we-do/our-main-funds-and-areas-of-support/
browse-our-areas-of-investment-and-support/transforming-construction/.

* https://www.dcom.org.uk/.

5 https://accordproject.eu/.

DigiChecks®: “A new Digital Framework to manage permits and
compliance checks in the construction industry”

CHEK’: “Change toolkit for digital building permit... an innovative
toolkit supporting the digitalization of building permit issuing and
automated compliance checks”

Overhauling the building regulations regime is not necessarily part
and parcel of any plan to digitalise the building permit issuing process.
Yet regulations are central to the overall permit issuing process, and
digitalisation of the regulations is thought to improve consistency and
structure of regulatory documents[52]. Therefore, we believe that
strategies to digitalise the building permit process should take into
consideration the need to overhaulthe regulations regime. In devising
such a strategy, it is worth noting that large-scale initiatives, that include
a broad selection of stakeholders, have an advantage over smaller
studies.

Devising a strategy for digitalising the building permit process is not
straightforward. On the one hand, a major issue is the extremely wide
scope of such a strategy: the breadth of involved sectors, the range of
processes and responsibilities, the diversity of topics covered, the
number of regulatory and guidance documents, complexities in the
structure of documents, as well as the variety of organisations respon-
sible for authoring and maintaining the documents. For example, in
2020 the Building Regulations for England were supported by statutory
guidance in 16 Approved documents, which referenced nearly 500
Standards, 85 other Government guidance documents and 176 industry
guidance documents [62]. Since then, two further Approved Documents
have been released. The myriad of potentially conflicting requirements
make it impractical to come up with a detailed all-encompassing strat-
egy. Yet, to some extent, an all-encompassing strategy is required to
ensure that research towards solving sub-tasks can be aligned - this
alignment is required both for the various studies on a specific sub-task,
as well as between the bodies of research that exist for each sub-task. As
an example, it is not possible to synthesise the current body of work on
converting regulations to computer-processable rules — one reason being
that there is no standard approach to formatting these rules [10,103].

Devising a strategy for digitalising the building permit process re-
quires either a helicopter view of all sub-tasks and their requirements, or
a set of solutions that are flexible enough to be adapted in further
studies. In this paper, we investigate the latter, and describe the

6 https://digichecks.eu/.
7 https://chekdbp.eu/.
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development of several resources and tools that can be integrated easily
with adjacent and complimentary solutions. The scope of the research
reported in this paper is limited to processing the texts found in the full
corpus of building regulations and guidance documents, after proposing
a platform-based approach that aims to support development of solu-
tions for all the sub-processes in the compliance process. The processing
of texts in the corpus of regulatory documents is central to development
of the proposed platform, and hence our focus on it as a priority. We
believe the other sub-processes (such as conversion of retrieved re-
quirements to computer-processable rules) become more ‘tractable’
once all requirements have been retrieved and challenges of ambiguity
and interpretation found in the corpus addressed. Documents are pro-
cessed in their current form, but the tools are not restricted to PDF input.
Their end-use may cover wide variety of project stages, project scales, as
well as a broad range of potential users; such as guidance authors, de-
signers and building inspectors.

Section 2 describes the envisaged platform strategy to digitalisation
of building regulations process and the scope of this research. Section 3
introduces related work that motivates our general approach. Section 4
describes our approach to the development of meta- and domain-specific
resources and findings to date. Section 5 discusses work supporting
development of user-facing tools and section 6 presents conclusions and
further research opportunities.

We show that a semi-automated approach to semantic enrichment of
building regulations is possible, and can already help improve the ability
to identify documents and sections that deal with a specific topic.

2. Scope and aims
2.1. A platform strategy for digitalisation of regulatory compliance

The overall building permit issuing process may be broken down into
many sub-processes that, themselves, are complex and multi-
disciplinary [12]. Not all of these sub-processes may be automated
easily, nor should they in our opinion. With regards to overhauling the
building regulations, one could consider the potential benefits of
developing a dedicated regulatory document authoring and processing
environment. Table 2 exemplifies further tools that may be developed in
light of digitalising the authoring, use and checking of regulations.

Tools such as those listed in Table 2 may be developed in isolation.
But in a platform approach, a range of tools can benefit from shared
standards and resources, reducing development time and complexity
[66]. A schematic of the proposed “Intelligent Regulatory Compliance”
platform, i-ReC, is shown in Fig. 1. This visualizes how such a platform
strategy distinguishes between (1) a layer of user-facing tools that rely
on (2) a shared meta-layer of standards and resources. The aim of pro-
posing a platform approach is the development of semantically rich,
stakeholder-focused and unambiguous tools. The corpus of regulations
includes the current and previous versions of building regulations,
related building and health and safety legislation and the guidance set
out in the Approved Documents and referenced second tier documents,
such as standards and codes of practice. Identification of documents for
inclusion within the corpus and managing new, withdrawn and revised
documents will be facilitated by a set of corpus document manager tools.
These tools will need to support processes such as maintaining an audit
trail of changes, identifying and managing the impact of changes on
other regulations within the corpus, identification of new concepts and
updating the knowledge graph and providing change and impact in-
formation to user-facing tools and ongoing projects.

User-facing tools may support a range of disciplines including au-
thors, designers and building inspectors, at all scales and project stages.
The primary aim of such tools is to improve the usability of building
regulations and building data [48] — which in turn promotes a safer and
more sustainable built environment. To ensure that these user-facing
tools can interact with each other, there is a need for shared standards
and resources. An example would be to enable the sharing of
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Table 2
Overview of the types of computational tools the authors envision in support of
authoring, use and checking of building regulations.

Authoring Use Checking

identifying related
sections and
regulations to compare
and align

Identifying relevant
standards and other
documents that could
be invoked

suggesting appropriate
templates to capture
the regulation as
computer-processable
rules

user-interfaces that
provide a
comprehensive
overview of relevant
regulations, guidance or
previously accepted
solutions

easing the access to
closely related
regulations

semantic enrichment of
texts to improve
understanding of
structure and
terminology

e track and understand
historical decisions
through an audit trail

identify regulations
that require human
intervention, e.g.,
ambiguous
requirements
improve the
transparency of both
manual and
automated rule-
checking (white-box

validation)

aligning inspections
with known failures or
issues

linking regulations to
relevant best practices

suggesting and linking
terminology to ensure
consistency
automatically labelling
how easy it is to
interpret parts of the
regulatory text.

information between systems that use slightly different terminology. For
Building Information Models (BIM) such interoperability is currently
provided through domain ontologies, such as the Building Topology
Ontology (BOT) [77]. But these domain ontologies are not compre-
hensive enough and their classification schemes do not align with the
terminology found in all the building regulations [49]. Both these issues
limit the re-usability of such domain ontologies for an application like
Automated Compliance Checking (ACC). Development of the proposed
Knowledge Graph as a shared resource could address this as well as
supporting other user-facing tools such as those shown in Table 2. Se-
mantic enrichment of the regulations could facilitate improved infor-
mation retrieval, both in the form of search, and through structured
information requests created from user tools (e.g. BIM models) that
retrieve only context-sensitive, relevant information from the entire
corpus of regulations and guidance.

The central idea behind this model is to provide all stakeholders with
an open access facility with an intelligent semantic search facility as well
as a reasoning engine to identify inconsistent, conflicting and ambiguous
terms. Such a platform will enable various stakeholders to retrieve
relevant requirements from the corpus of regulatory documents whilst
also being able to integrate their own tools to accomplish their objec-
tives as required. The proposed approach is indeed an ambitious one but
it promises to address many challenges outlined before in a unified way
and work as a one-stop-shop for the various stakeholders ranging from
the authors, designers, design checkers, constructors to end clients.

2.2. Natural Language Processing approach

There is a need to investigate the sub-processes around digital per-
mits in sufficient detail, and a need to integrate the tools that are being
developed to support these sub-processes[12]. In this study, we
decouple the tools from the specific sub-processes. Our aim is to explore
the development of Natural Language Processing (NLP) tools and re-
sources that support a wide range of user-facing tools. The reason is that
building regulations are currently captured primarily in text, alongside
tables and diagrams. As such, NLP tools can play a central role in sup-
porting and achieving the necessary overhaul of building regulations
and is central to the proposed platform approach.
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Fig. 1. Schematic overview of architecture of i-ReC, the envisioned platform strategy. Many user-facing tools would benefit from shared open standards and re-
sources, e.g., datasets, shared vocabularies, guidelines, conversion algorithms and so on. In this paper we focus on NLP tools to process regulations, both from the
perspective of meta- and domain-specific resources as well as the perspective of user-facing tools.

Developing a platform that encompasses meta- and domain-specific
resources and user-facing tools, such as those listed in Table 2, can be
relevant whenever text is encountered in the wider AEC domain. Ex-
amples include processing design briefs, change requests, accident re-
ports, building product information sheets, contracts in the AEC domain,
and so on. Our short-term goal is to improve the usability of building
regulations, which we believe is fundamental to overhauling the regu-
lations regime. The ‘moonshot goal’ is to achieve full-fledged ACC —
which we believe to be an unsolvable problem as explained in the sub-
sequent section.

3. Related work
3.1. Automating compliance checking

Automating the compliance checking process has been researched
for half a century [21,67,10,4]. Initial efforts towards ACC, most notably
by Fenves [29] and his team, devised a regulatory provision represen-
tation scheme in the form of decision tables. The compliance process is
facilitated by navigating through several of these linked decision tables,
which encapsulated the logic enshrined in the regulatory documents.
Subsequently, during the ’80s and ‘90s, the effort moved towards
applying Artificial Intelligence (AI) based tools and techniques. Rule-
based compliance checking [33,78,51]acquired the centre- stage for a
considerable period of time as it lent itself almost naturally to repre-
senting regulatory provisions, which were largely a collection of pre-
scriptive rules at the time.

Also, in more recent years there is a plethora of research conducted
in the realm of ACC and related sub-tasks [11,35,107,24], such as se-
mantic annotation of regulations in support of converting text to rules
[41,99,56]. With the emergence of new computational techniques and
methods, novel approaches have been tried and tested. In recent de-
velopments, compliance checking has seen a move from rule-based ap-
proaches to Machine Learning (ML) based approaches
[98,100,105,94,32], and Semantic web technologies have also been
applied to compliance checking [13]. The premise of automating
Compliance Checking (CC) includes the potential increase in efficiency

and cost-effective labour, reductions in the number of errors and in-
consistencies that are associated to manual checking, as well as im-
provements in the productivity and ease of customisation and
innovation [26,21,68,4]. But much of the research towards ACC is only
loosely connected to the overall permit issuing process, and does not
take into account the practical integration with building permitting
[12]. It may come as no surprise then that, despite considerable progress
in the field of ACC, gaps remain in [67,10,4,70]: modelling building
information, standardised approaches to modelling and aggregating
rules, quality assurance and control of represented knowledge, the
coverage of conceptualisations, changing the mindset of public officers,
the assignment of legal responsibility for compliance, transparency of
compliance assessments, standardised data and criteria for assessments
on social, environmental and economic impact, and so on.

3.2. Natural Language processing applications in building regulations
processing

ACC clearly remains an open research problem. One of the under-
lying challenges is the conversion of regulations to computer-
processable rules [48]. The complexity of this conversion is com-
pounded by the structure of regulations, as well as the way requirements
are authored [103]. If regulations were authored in a computer-
processable format, the role of NLP in ACC might be insignificant. But
because building regulations are primarily presented as text, alongside
tables and figures, NLP promises an essential part of proposed solution
routes towards ACC. A few studies focus on developing a complete end-
to-end ACC system that converts text to rules and applies the rules to
building information models, examples include [98,104]. But the ma-
jority of solutions try to solve a smaller part of the ACC puzzle limiting
the scope to a single document or indeed a small part of a document,
with Information Extraction (IE) often being a central component [30].

3.2.1. Information extraction from regulatory documents

In a broader sense, IE revolves around extracting structured infor-
mation from unstructured sources, such as text [82]. The type of
extracted information may be limited to Named Entity Recognition
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(NER) - note that strictly speaking domain terminology differs from
Named Entities [46]° — or could include the extraction of relations be-
tween informative words and phrases, attributes, constraints, and so on.
IE over building regulations can be a goal by itself, e.g., a vocabulary of
extracted domain terms may be used to support Information Retrieval
(IR) [53,17]. Another aim may be semantic markup, e.g., denote the
presence of specific domain terms, quantities, properties, and so on, in
order to support down-stream labelling and parsing tasks [101].
Extracted information may be used to emphasise the salient parts and
terms in a regulation, e.g., to determine the similarity between sections
[52]. But grouping of related sections may also be based on external
vocabularies, such as classifying regulations into a predefined set of
classes, e.g., the classes found in a specific domain vocabulary [106].
Similarly, one could map extracted entities and other types of infor-
mation to the classes in some domain vocabulary, e.g., in support of
converting regulations to a set of rules that facilitates ACC [107].
Finally, IE may constitute the entire task of extracting a machine-
understandable representation of the regulations described in text
which is called semantic parsing.

3.2.2. Semantic parsing

Converting text to rules, or some other computer-executable logic
form, is called semantic parsing in the field of NLP [65,5]. In this section,
we will consider and exemplify the two paradigms that one might
consider to be approaching semantic parsing[18],

e The traditional rationalist paradigm would be to prepare determin-
istic rules for converting text to code.

e The empiricist paradigm relies on statistical methods in the hope of
learning reusable conversion patterns from examples.

A rule-based approach might consider the syntax of a text and the
presence of certain keywords [45]. In a rule-based approach, a series of
predefined transformations (conversion rules) are used so that text can
be converted to some computer-processable format (compliance rules).
But the manual programming of such conversion rules is a tedious task
and, therefore, rule-based approaches are hard to scale. The identifica-
tion and validation of conversion rules may be alleviated by relying on
existing syntactic parsers and lexical resources, such as WordNet [108\,
PropBank [43,109], VerbNet [83], FrameNet [80,7] and so on. A major
obstacle is that parsers and lexical resources are of (extremely) limited
use beyond the domain they were prepared for, and few-to-none were
prepared with ACC in mind. This is particularly problematic because
rule-based systems do not handle ill-formed or incomplete input well.
The lack of domain resources for building regulations also impedes
research towards speeding up the identification of potential syntactic
patterns of interest through semi-supervised approaches, such as boot-
strapping [14,1,95], or automated approaches based on simplifying
assumptions, such as distant supervision [6,86].

A recent strong example of a rule-based approach to ACCis [79]. The
authors rely on a meta-linguistic annotation framework called 4lang
[44], which is language- and domain-independent. In earlier work they
wrote a parser’ for this framework that produces semantic graphs from
which compliance rules are derived. The system’s design is motivated
by, and based on a deep knowledge of linguistic theory — which is
decidedly uncommon in the domain of ACC. Despite the relative
robustness of the approach, only a small and relatively simple set of
regulations is processed. As a consequence, the authors claim that they
can leave out-of-scope the handling of nested deontic operators and

8 Named Entities are, strictly speaking, real-world ‘named" objects, such as a
person, location, organization etc. Domain terminology will need to encompass
a broader set of labels, including e.g., “ventilation strategy" or a “a place free from
danger of fire'.

9 https://github.com/adaamko/wikt2def.
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more complex deontic logic, such as exceptions [54]. In the domain of
ACC it is not uncommon to see rule-based approaches that are restricted
to very small datasets and specific problems [64].

The empiricist paradigm avoids meta-linguistic modelling, the pre-
sumption is that all necessary information for the analysis of text can be
gleaned from text itself [42]. This paradigm includes Machine Learning
(ML) approaches, which are more robust for ill-formed and incomplete
inputs. But, usually the ML models are trained in a supervised fashion,
which requires a substantial number of training examples before their
performance is close to being acceptable. Due to the complexity of se-
mantic parsing, it is difficult and costly to collect training data for su-
pervised systems [16,40].

A recent example is [31]. This study uses a dataset of 718 samples
that were carefully selected [32] from 10K rules represented in Legal-
RuleML [23]. These 10K rules were manually converted from a selection
of regulations, the conversion effort took a team of 6 experts in relevant
domains 6 months [22]. The ML model relies on a pre-trained general
purpose Large Language Model — T5 [75] — and the authors explore
improving results by easing the training process in several ways. While
the model achieves relatively good results on the dataset, the authors
note that the outputs are initial conversions that can be improved by
experts. The model may not generalise well beyond regulations seen
during training, e.g., documents that deal with different topics or use
different wording. Notable findings include that results improve greatly
(18.4%) through manual simplification of the legal clauses. Another
significant (4.6%) improvement can be achieved by helping the model
focus on extracting entities correctly — the authors suggest using external
resources like dictionaries.

In conclusion, the scope of semantic parsing for ACC remains limited
— regardless of both paradigm (rationalist, empiricist or combination)
and state-of-the-art techniques used. But the primary obstacle is that
building regulations, in their current PDF-based form, are simply too
complicated to process. Sources of complexity include processing PDFs
in the first place; handling Multi-Word Expressions (MWE), lists, figures,
tables; references to other sections and documents and so on.

3.2.3. Is end-to-end ACC desirable?

Some requirements may simply not be amenable to be captured as a
computer-processable rule. And a shift towards performance-based
regulations is likely to increase the proportion of such rules. As an
example, Malsane et al. [57] consider the following sentence from the
Approved Documents (England):

“The window or door should enable the person escaping to reach a
place free from danger from fire.”

Determining whether a place is ‘free from danger of fire’ requires more
than extracting information and re-formulating a sentence to computer-
processable format. Rather, capturing what it means to be ‘free from
danger of fire’ requires at least some understanding of the mentioned
concepts, context and relevant variables. The presence of such hidden
ambiguities, assumptions, dependencies, and exceptions increases the
complexity of implementing regulations as rules [88].

Processing of regulations becomes more complex when considering
that sentences are inter-related through references, paragraphs, sections
and documents, as well as tables and diagrams — also see section 4.1. It is
because of this complexity that we believe that: fully converting all
building regulations, in their current form, to computer-processable
rules requires Natural Language Understanding (NLU). NLU is an Al-
hard problem [97], meaning that to solve this problem is akin to solv-
ing the problem of general artificial intelligence. This roughly means
that complete semantic parsing of building regulations is impossible.
However, if the parsing and checking of simpler rules is automated,
experts may focus their valuable time on more complex issues [88]. It
can, thus, be helpful to develop semantic parsing solutions, and their
effectiveness may be supported through NLP solutions that (1) identify
regulations that may be processed and (2) break down slightly more
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complex regulations so that they may be parsed, e.g.,[100].

A fundamental requirement of rules derived from regulations is that
they remain human-interpretable — sometimes referred to as ‘white-box’
within the context of CC [74]. The authors point out that fully auto-
mating the digital permit issuing process may not make sense at all. The
reason is that the application and enforcement of regulations requires
that responsibility can be appointed to someone — a computer cannot be
held responsible for wrongly implementing a rule that was derived from
a regulation.

4. Work towards meta- and domain-specific resources

This sections describes thoughts on and work towards meta- and
domain-specific resources. The aim is to support digitalisation of the
building regulations and user-facing tools that interface with building
regulations, including tools for ACC. First, we outline what we believe
are the main sources of complexity when processing regulations. Sec-
ond, we focus on the complexity of compiling a domain lexicon - the set
of defined classes and relations that, e.g., an ACC system relies on when
composing rules. Third, we describe our work towards assembling such
a lexicon and some of our findings.

4.1. Complexity of computer-processability of regulations

Most of the studies related to ACC often focus on single sentences
that were manually selected from a small selection of chapters or sec-
tions within a narrow regulatory sub-domain. As an example, Zhang and
El-Gohary [99] limit their scope to 3 chapters from the International
Building Code and only extract requirements that include and demand
measurable quantity or the presence of some building element. Reasons
for reducing the scope may include the prevalence and complexity of
certain types of requirements, as well as the research simply focusing
only on a specific sub-domain [106]. In this section, we consider some
notions of complexity from the perspective of NLP in relation to regu-
lations. To exemplify what a simple quantitative regulation might look
like, consider the following fictional example:

Simple example: “The minimum distance of the door to the sink must
be 120 cm.”

A non-fictional example that is slightly more complex [102]:

More complex example: “In areas where the average daily temper-
ature in January is 25F or less or where there is a possibility of ice
forming along the eaves causing a backup of water, an ice barrier that
consists of at least two layers of underlayment cemented together or
of a self-adhering polymer-modified bitumen sheet shall extend from
the lowest edges of all roof surfaces to a point at least 24 in. inside the
exterior wall line of the building.”

Based on these two examples, Table 3 lists several properties of
sentences that influence how easy (or indeed difficult) it is to convert
them to a computer-processable format. Note that the two example
sentences do not contain references to other bits of information that can
be found in the corpus of building regulations. In a sense they are self-
contained, apart from the common-sense knowledge that may be
required to interpret and process them. Many sentences in regulations
are not self-contained and, instead, refer to tables, figures, lists of sen-
tences, other sections or even entire documents. And, as noted in section
3.2.3 performance regulations, which are open to interpretation, are
hard to capture as computer-processable rules. Besides, building regu-
lations are constantly amended, so any rules derived from text will
require frequent updates and checks.

The ease of processing a sentence may be gleaned from features that
might be quantified, such as: the sentence length, the number of prep-
ositions and domain-specific terms, the number of co-references within
the sentence as well as references towards other sections, tables and
figures. Other features that are harder to quantify include the number of
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ambiguous statements, e.g., see [103]forinsights into the different ways
that ambiguity pervades building regulations. Examples of studies that
investigate the ability to convert regulations to rules include:

e Uhm et al. [91] investigate 27 Request for Proposal documents and
find that many of the requirements are hard to translate to computer-
processable rules. The type of project, e.g., healthcare facility or
courthouse, seems directly related to variation in the number of
processable requirements — between 2 % to 55 %. They also inves-
tigate the types of nouns and verbs that occur, and mappings to
domain vocabularies and types of functions required to validate
compliance.
Macit Ilal and Giinaydin [56] manually select 297 building-related
clauses from a municipal regulatory document. In these clauses
they identify 258 rules of which, following manual classification, 58
% are self-contained and can be converted to logical statements.
Soliman-Junior et al. [89] manually identify 820 clauses in a Bra-
zilian regulatory document on healthcare facilities. In these clauses
they identify 1284 requirements, of which 54 % is classified as
qualitative and 34 % quantitative. 63 % of the requirements are
thought to be re-presentable as logical statements, but they also find
that many of the concepts that occur in the requirements cannot be
mapped to a domain lexicon.

Soliman-Junior et al. [90] manually identify more than 3800 re-

quirements from 5 UK healthcare design regulations and guidance

documents, comprising Health Building Notes, Health Technical

Memoranda and Building Regulations.. Following a variety of

manual classification approaches they find:

— 63% are qualitative and 35% are quantitative.

- ~50% are subjective, necessitating human interpretation. The
ambiguities also make it difficult to map these requirements to
logical statements.

— 47% of the requirements can be mapped to logical statements, and
99% of these exhibit low complexity (class 1 and 2 following [88].

— More than 10% of manually selected requirements contain refer-
ences to diagrams, tables, sections and documents. The number of
references is thought to rely on the overall structure of regulations,
and the level of detail that a document deals with — general design
guidance tends to contain more references.

— For one of the five documents, 28% of the requirements can be
translated by a commercial text-to-rule conversion system. This
equates to only 53% of the requirements that were thought to be
easily converted to a logical statement.

A better understanding of the types and potential contents of regu-
lations can help clarify and organise regulations [89]. Table 4 presents a
high-level classification scheme for the complexity of regulations,
loosely inspired by the above-mentioned studies and Solihin and East-
man [88]. The classification distinguishes between: the complexity of
validating the requirements, the complexity of processing the various
structures in which regulations are presented, and the complexity of
capturing the concepts and classes that occur in regulations. Based on
such a classification scheme one can gain insights into the overall
complexity of regulations. Furthermore, one may consider training a
classifier to aid the identification of regulations that might need editing.

If one randomly picks a section in one of the UK building regulations,
it is easy to see that only a fraction of the texts are easily processable by a
computer. To confirm this, we randomly select 10 sections of ~100
words from 420 British regulatory documents. Among these documents
are codes of practice and guidance documents. Two domain experts
manually categorise these 10 texts following Table 4. We find that:

e It is uncommon to find self-contained simple sentences that express
single word terms and a requirement that is easy to validate. Even
when a section is relatively simple to process considering one
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Table 3

Example properties that affect the ease of converting a sentence to a computer-processable rule.
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lengthGenerally the complexity of processing a sentence increases linearly with the
length of the sentence.
structureThe complexity of processing a sentence is compounded by the presence of prepositions and prepositional phrases.
ambiguitiesComplexity increases terminology and information is ambiguous, e.g., “areas with an average daily temperature in month X  may be different each year. Some classes of
objects that should comply to a regulation are merely hinted at and may be defined by a number of variables and specific interactions.

uncommon terms Processing uncommon terminology, such as domain terms, may require adaptation of rule-based approaches. With regards to ML-based approaches, terms that are
not (often) seen during the training of general domain Large Language Models the embeddings of domain-specific terms can be expected to be poor.

MWEsMulti-Word Expressions (MWE) are terms that consist of multiple words that, together, express a single unit of information, also see section 4.2. There are currently no reliable
strategies to represent long MWEs accurately — usually the average of constituent embeddings is used to represent the entire string. As a result long MWE:s of, e.g., more than 5 words,
receive a weak representation that is relatively similar to the representation of any string of comparable length.

Table 4

Classifications scheme for the complexity of processing building regulations. We divide the complexity into 3 categories; the lexicon is the explicitly defined vocabulary
of classes that are available when composing computer-processable rules, the data validation refers to the amount of validation required to prove that the building or
product data aligns with the requirements of the regulation, the text complexity refers to the structure and arity of interrelated requirements.

Level Lexicon Data validation Text complexity

1 All terminology consists of single words that can be The regulation applies to data that is explicitly Simple regulations, e.g., a self- contained sentence with
mapped directly to known classes, e.g., ‘door’ is available in BIMs, e.g., ‘wall height’ is likely to be precisely defined terms and few to no prepositional
mapped to ‘IFCdoor’. captured in a BIM. phrases.

2 Some terminology consists of multiple words, and some  Need for simple arithmetic operations to derive the A single sentence that is hard to process, e.g., a long
terms require that new classes are added to the domain  required data from BIMs, e.g., the straight line sentence that contains prepositions and prepositional
lexicon. Determining the correct semantics of words distance be- tween two points. phrases. The sentence may express conditional
may require disambiguation, e.g., the ‘head’ of a door. statements and exceptions.

3 Some terminology consists of multiple words. When Need for complex computations to derive the required ~ Structurally complex regulations that contain, e.g., lists
adding the terms to the domain lex- icon, an explicit data from BIM, potentially in combination with or multiple closely related sentences. Besides the need
definition of some terms requires a combi- nation of external knowledge. Examples include the for co-reference resolution, a hierarchy of statements
classes, e.g., ‘door in series’ may be defined using a computation of abstract concepts, such as ‘line of across sentences may need to be con- structed.
combination of classes and conditions — ‘door’, ‘swing’,  sight’, or implicit relationships, such as ‘close to’.

‘space’, ‘distance’, and so on.
4 Adding some of the classes to the lexicon is Performance based requirements, as well as some of Regulations spread over multiple sections or

complicated, e.g., determining a suitable label for
events and other classes that involve many variables
and interactions (time, location, temperature, and so
on). An example is an area ‘where there is a possibility
of ice forming along the eaves causing a backup of

the unintentional ambiguous regulations, necessitate
manual checking. Manual CC may be supported
through knowledge-based tools and various simple
and complex computations over the data that is
present in a BIM

documents necessitate defeasible logic, where
conclusions can be defeated on the basis of sub-
sequent information [73]. The references introduce
additional parameters, combinations and interactions
that are hard-to- manage — bringing processing closer

water’. Another complication occurs when new
technologies can require the re-definition of existing
classes.

to reading comprehension (NLU).

category (at best we find level 2), complexities arise when consid-
ering the other two categories.

e When we consider the sections as a whole, rather than cherry-picking
requirements that are easy to process, 9 out of 10 sections fall into
level 4 for at least one of the categories. The remaining section falls
into level 3 on each of the categories.

e We encounter multiple sentences that are longer than 50 words. A
normal length for a sentence may be 15 to 20 words. 4 of our sections
contain enumerations or lists of sentences. 6 of our sections refer to
other sections or documents.

4.2. Towards a lexicon to map domain terminology

As well as dealing with the complexities of processing the sentences
within regulations, it is fundamental to the platform-based approach to
develop a lexicon of domain terminology. For example, a critical factor
for ACC is the ability to determine, for every requirement, which parts of
a BIM (building model) are being checked [90]. This requires that the
vocabulary of terms used in building regulations can be automatically
mapped to BIM objects, attributes, and so on. Beyond ACC, the ability to
map BIM objects to domain terms can support a variety of user-facing
tools, such as asset specification and management [3], Alani et al. [2].

A major obstacle is that the range of labels found in BIMs is currently
too limited to represent all the terminology found in regulations [48].
This is because neither the BIM systems’ native data structures nor the

IFC interoperable exchange standard map directly and entirely on to the
terms and objects found in the corpus of regulatory documents.

The building regulations are expressed using a large number and
variety of domain terms [49]. Among the standards and codes of prac-
tice documents are a number of non-comprehensive vocabulary docu-
ments. Many regulatory documents also contain a section with terms
and definitions, as well as an index of terms. It is relatively straight-
forward to extract these explicit lists of terms and definitions from most
documents, but licensing restrictions limit sharing and re-using them.

We find over 8K unique defined terms in just 9 vocabulary docu-
ments with a total of 640 pages, e.g., a ‘drop apron’' is defined as a
‘flashing (01) fixed vertically at the eaves (01) NOTE Found mainly on flat
roofs (01)’. On the other hand, in the 1,274 pages of the open-access
Approved Documents (England) we only find ~ 300 unique defined
terms — and some terms have different definitions across approved
documents, such as ‘wet room’:

e ‘WC or bathroom compartment with tanking and drainage laid to fall
to a connected gulley capable of draining the floor area when used as
a shower.” (Approved Document M — Access to and use of buildings,
Volume 1, 2015 edition.)

10 Term 06 32,221 in BS 6100-6 2008.
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‘A room used for domestic activities (such as cooking, clothes
washing and bathing) that produce significant amounts of airborne
moisture, e.g. a kitchen, utility room or bathroom. For the purposes
of Part F of the Building Regulations, sanitary accommodation is also
regarded as a wet room.” (Approved Document F — Ventilation,
Volume 1, 2021 edition.)

If the intended use-case for a lexicon is computational reasoning over
the classes, this requires explicit and formal definitions of these classes.
Comprising a single, all-encompassing ontology necessitates the reso-
lution of any terminological and conceptual incompatibilities [87], such
as the two definitions of ‘wet room’ found in the Approved Documents
(England). The need for case-by-case resolution can be reduced by
providing an upper-level ontology, which prescribes the canonical en-
tities to which sub-classes must be aligned. In the AEC domain the
Building Topology Ontology (BOT) provides such an upper-level
ontology. The purpose of BOT is to support BIM Maturity Level 3,
which envisions seamless information exchange that is interoperable,
distributed, web-based and interdisciplinary [77]. But in many cases a
mapping between regulatory text and objects in a BIM does not require
computational reasoning.

4.2.1. An informal lexicon

Informal approaches to capturing domain terms can be as simple as a
finite list of domain terms, also known as a controlled vocabulary. The
semantics of such a term-list may be enriched with definitions, e.g., in a
glossary, as well as by adding some relations like synonymy, e.g., in a
thesaurus. A taxonomy adds a class hierarchy, through informal or
formal ‘is-a’ and sometimes ‘instance-of’ relations. In some cases, one
might argue that a taxonomy is an ontology, but usually an ontology
captures additional semantics, e.g., value restrictions, disjunctions,
cardinality constraints, part-of relations, and inverse relationships. The
formal semantic architecture of an ontology enables computational
reasoning over the defined data structure and knowledge captured
within [28], which allows checking for logical contradictions and im-
plicit sub-and super-class relations, as well as classifying and retrieving
instances[72].

An ontology-based approach to a comprehensive lexicon is compli-
cated by a variety of characteristics that apply to the AEC domain; large
size and/or low stability of a corpus, large range of domains and ter-
minology covered, ill-defined terminology, some key users lack exper-
tise in one or more domains covered, the need for curators with
authoritative judgement [84]. Therefore, we argue in [48] that formally
and comprehensively defining all AEC domain terms, properties and
rules is a Herculean task that is never-ending as regulations are
constantly amended. On the other hand, informal labels on BIM ele-
ments may suffice for a mapping to building regulations when an exact
match of the label is present. And in many cases, simply adding syn-
onymy relations may resolve terminological mismatches.

4.2.2. Linked data and semantics

Considering potential downstream applications, and their re-
quirements with regards to a lexicon, it makes sense to capture the
terminology as Linked Data [48]. Linking terminology to existing re-
sources eases the reuse of knowledge captured in, e.g., an informal
taxonomy like Uniclass [34] and ontologies like BOT. From the
perspective of labelling BIM elements, these links may support choosing
relevant labels, e.g., a user-facing tool may suggest an overview of
prevalent terms found in the building regulations. From the perspective
of validation, one can expect that some terminology benefits from more
formal semantics like ‘is-a’ and exact matches. This can help when a
requirement applies to all sub-classes of some term. Similarly, a frame-
based approach [80,7] may be required to capture the multitude of se-
mantic relations expressed by more complex terms — the level 3 and 4
classes in the lexicon category of Table 4. Examples include events and
classes that inherently rely on the interactions between variables, such
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as ‘area where the average temp is lower than X * mentioned in section 4.1.
We conclude that such semantics should be captured following a Linked
Data approach, e.g., relying on SHACL'! or SHEX'? to capture com-
pound classes that require relationships between building elements,
simple calculations, and/or conditional statements [48,71].

4.2.3. Named entity Recognition

Rather than collecting a comprehensive controlled vocabulary from
scratch, one might consider extending a large existing classification
system like Uniclass [34]. Uniclass is already used to label some types of
building information [3], so for these instances of labels the identifica-
tion of text occurrences equates to mapping between text and labelled
data. However, from the 15K classes found in Uniclass only 598 (4%)
terms occur verbatim in the Approved Documents (England) [49]. The
rest of the terms found in the Approved Documents (England) can be
divided into three groups:

o A first group of terms is expressed in a slightly different surface form
from their corresponding Uniclass label. A classifier may be trained
to map these texts to their respective labels, but such a dataset re-
quires examples. And collecting examples for all 15K classes — either
manually or semi-automated — is comparable in terms of effort as
linking each of the classes to corresponding text-based occurrences.

e A second group of terms are semantically similar to one or more
labels found in Uniclass, but the mapping requires a bit of shoe-
horning. An example is the class ‘hot finished hollow section member’
(Requirement 4.3.2 on unprotected members in BS 5950-8 (1990).)
for which the closest Uniclass equivalent is ‘Carbon steel hot-finished
hollow sections’ (Pr_20_76_52_16).

e A third group of terms simply does not have an equivalent label in
Uniclass, such as ‘party wall’ [48].

It is not known how many labels need to be added to Uniclass to
cover the terms in the second and third groups. Assuming that they make
up a considerable number of terms with varying complexities, we follow
the rationale of [25] and argue that existing vocabularies are not suited
for semi-supervised NER approaches over the building regulations.

4.2.4. Discovering domain terms

It is possible to extract concepts in an unsupervised fashion, e.g.,
based on syntax and collocation[19,27][25]. Beyond phrase chunking, a
highly relevant task to building a domain lexicon of technical terms is
discovering Multi-Word Expressions (MWEs), i.e terms that consist of
multiple words that, together, express a single unit of information [46]
[20]. The identification of domain terminology is both broader in scope
than MWE discovery — single words could be domain terms — and nar-
rower, as non-technical MWEs are irrelevant [8,93]. Handling MWEs is a
key issue for NLP systems [85,81,76] and has been a source of decreased
performance in ACC studies. Examples that explicitly indicate the need
for better handling of MWEs include automatically breaking down
complex regulations [100], as well as automating semantic enrichment
of building regulations [101]. To stress the importance of handling
MWEs, consider that:

e ~80 % of the defined terms in the Approved Documents (England)
consist of multiple words.

e ~94 % of the 15K Uniclass labels consist of multiple words.

4.3. Domain lexicon development: Methods and findings
In Kruiper et al. [49] we present an automated approach to auto-

matically identify (1) which parts of a sentence may correspond to

11 https://www.w3.org/TR/shacl/.
12 https://github.com/shexSpec/shex/wiki/ShEx.
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Table 5

Statistics for the Scottish Building Regulations corpus. The number of defined
terms, word-level tokens and sentences found in the domestic and non-domestic
regulations.

Domestic  Non- Total
Domestic
Terms defined in definitions section 128 127 128
Defined terms in text after lemmatisation 233 247 292
and lower-casing
Number of terms linking to definitions 4,687 5,368 10,055
section
Number of tokens 131,666 151,499 283,165
Vocabulary 8,282 8,925 9,837
Number of sentences 6,313 7,293 13,606
Mean sentence (word-level token) length, 20.86 20.77 20.81
excluding punctuation
Standard deviation 11.96 12.32 12.16

terms, and (2) which of these candidate terms belong to the AEC
domain. The approach relies on our earlier work where we developed a
shallow parser for the Scottish building regulations (see Table 5), SPaR.
txt [46]. SPaR.txt is trained to determine which words in a sentence
belong to the same unit of meaning, and is evaluated on identifying
multi-word entities or concepts. An advantage over strictly unsupervised
approaches, such as phrase chunking, is that SPaR.txt can handle dis-
contiguous MWEs — such as multi-word concepts in the previous sentence
or the example in Fig. 2.

We distinguish domain-relevance by comparing how often terms
occur in the Approved Documents (England), and how often they occur
in a background corpus [49,60]. The output is an automatically gener-
ated Knowledge Graph (KG) of candidate domain terms, where we
automatically link the extracted terms to the concepts found in existing
vocabularies like Uniclass. Fig. 3 shows an extract from the KG, visual-
izing terms relating to ‘ventilation’, created in the GraphDB software.
Colours of nodes: (red) spans, such as ‘vent’ and a subclass ‘air vent’,
(purple) concepts, such as the Uniclass term ‘Trickle vents’
(Pr_30.59.94.90), (blue) primary source nodes, such as the SPaR.txt
paper ‘http://dx.https://doi.org/10.18653/v1/2021.nllp-1.14".

Both our SPaR.txt and the Text-to-KG tools fall in the category of
meta- and domain-specific resources. The code, data and instructions for
these working prototypes are freely available online,'® so that the wider
community may use them and expand upon them. The purpose of these
tools is to support the study and development of user-facing tools, in
order to better support users of building regulations [48].

4.3.1. Supporting manual composition of a lexicon

We initially explore the manual collection of terms for a KG. The
manual approach provides us with a baseline, workflow and insight in
the requirements of the KG. Our aim is to develop an informal taxonomy
for three small sub-domains, where the class hierarchy supports orga-
nisation of terms rather than formally defining sub-class relations.
Specifically, we rely on the Simple Knowledge Organisation System
(SKOS) vocabulary [61] to capture hierarchy with skos:broader and
skos:narrower. Domain experts developed each sub-domain taxonomy
through evaluation of terminology within relevant industry standards,
guidance, dictionaries, classification systems and product information,
to extract terms and definitions. We find that the manual work is tedious
and slow. Per hour, annotators add ~ 6 concepts and ~ 4 links to
external resources to the KG. Issues include that annotators aren’t sure
whether terminology actually occurs in regulations, which means the
KG terms may not provide a mapping to text. They also note the diffi-
culty of gauging whether the collected terms comprehensively capture a
sub-domain. And that determining the relevance of terms is easier when

13 SpaR.txt: https://github.com/rubenkruiper/SPaR.txt Text-to-KG: https://
github.com/rubenkruiper/irec.
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definitions are present, and when the source of terms is known to be
reliable [49].

We conduct a small qualitative comparison, where manual KG
curation is supported by our automatically generated KG [49]. Through
visualisation of linked term candidates and searching in the graph, the
speed of adding terms to the KG was increased 15-fold - a strong indi-
cator that a user-facing tool for KG curation can greatly speed up this
type of work by domain experts. Annotators find that it is helpful that
the source and provenance of terms can be tracked in the KG, and that it
is easy to identify related terms. Especially when definitions are present,
even if such definitions are derived from a less reliable source like
WikiData. Importantly, the approach to generate the KG is scalable for
the most part. Only certain node-node metrics are harder to compute
with an increasing number of nodes in the KG.

4.3.2. Identifying terms and relations

With regards to our approach to MWE discovery, we expect that
general domain embeddings may perform equally or even better than
embeddings derived from domain-specific texts. The reason is that SPaR.
txt is a sequence tagger that relies more on latent syntactic properties.
However, we find that general domain embeddings perform poorly on
semantically oriented tasks, such as clustering and computing semantic
similarity. Some terms may not occur often in general domain text, e.g.,
‘rybat’ or ‘grout’, which reduces the ability to differentiate their repre-
sentations from morphologically similar terms. However, we also find
that many MWEs in the AEC domain are comprised of words that,
individually, are commonly found in general domain texts. Examples
include ‘mortar snot’ and ‘cloaked verge tile’. An issue is that embeddings
of sequences of tokens, such as any MWE, are usually composed of a
weighted sum over constituent tokens [63]. This means that many of the
very long domain terms, such as ‘target primary energy rate’, receive a
relatively weak representation that complicates matters, e.g., clustering
or computing semantic similarities. Moreover, the compositional
meaning of a term like ‘green roof* has little to do with the colour ‘green’.
We find that having access to domain definitions provides additional
information that can greatly improve representations,'* improving the
ability to suggest candidate relations for a KG [49].

Beyond suggesting relations based on similarity, it may be possible to
extract relations between concepts from text, e.g., through (Semi-)Open
IE [9,50]. However, during initial tests with Semantic Role Labelling
(SRL) we find that the results are relatively poor due to the complexity of
many sentences and noise stemming from PDF- extraction. Challenges in
this area include the approach to align SRL arguments and KG concepts,
the filtering of relations of interest, as well as validating that relations
capture the expected semantics. As an example, a phrase like ‘a dwelling
that is part of a mixed-use building’ does not imply that a ‘dwelling’ is al-
ways part of a ‘mixed-use building’ - yet, when focusing only on the se-
mantic roles for the verb ‘is’ in this phrase, that is the implication.

All this points to the need for linked data that can facilitate the re-use
of a large variety of existing resources, thus, enabling new ways of
analysing building regulations and support the digitalsation of regula-
tions processing in other ways.

The foregoing discussions establishes the need for linked data, which
should enable the re-use of a large variety of existing resources, and
facilitate new ways of analysing building regulations. This will also
support the digitisation of regulations in other ways including the focus
on supporting the domain experts and this should align with the re-
quirements of FAIR (findability, accessibility, interoperability and
reusability) data.

14 For relevant code and linking domain terms, also see https://github.com/
rubenkruiper/LDAC_BSDD_hackathon
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~ Obj

BRAT annotation
tokens fire fighting should be from
tags TH-oBJ 1H-oBJ BH-AcT BD-acT BH-pIs

The fire-fighting lift should only be entered from:

Fig. 2. Example of an annotated sentence. The determiner at the start of the OBJECT span is taken to be part of the span. A discontiguous ACTION span is interjected
by a FUNCTIONAL span that modifies the Verb-Phrase. During training the sentence is tokenized and the aim is to predict the correct tags for each token.

, RDF rank:

rdfs:label
chimney *"

https:/schema.irec.org/#domain
" AEC domain *"

https:/schema.irec.org/#wikiDefinition

structure that provides ventilation for exhausting the
hot or toxic flue gases, Is and kes produced
by a boiler, stove, furnace or fireplace inside a building to
the outside atmosphere ®"

Fig. 3. KG extract visualizing terms relating to ‘ventilation’.

4.4. Knowledge formalisation

Our work is fundamentally about processing engineering knowledge
in the form of regulatory requirements. Our approach is driven by the
failure of earlier approaches to represent this kind of knowledge
formally as rules and other formalisms [29,33,78,51]. Those knowledge
representation formalisms were found to be quite restrictive due to the
nature of the knowledge being represented and processed, particularly
since the adoption of a performance-based approach to authoring the
regulatory requirements. In terms of crafting a rule-based processing of
regulatory requirements, there is a huge amount of manual effort
required to convert the content of the regulatory documents into rules
due to the complexity of the semantics encapsulated because of ambi-
guities, use of synonyms and sometimes conflicting requirements among
other things. This research presents an alternative approach for regu-
latory knowledge representation by utilising established computational
methods (i.e. NLP/ML and Semantic Web) to extract and process the
regulatory knowledge directly from regulatory documents. We have
found this to be a more effective approach in the various evaluations of
our work. In any case, NLP is associated with human intelligence and the
basic theory of NLP is also highly related to the various knowledge-
related theories. Ever since the earliest days of Artificial Intelligence

10

[59], knowledge representation has played a significant role in the
development history of NLP, mainly focusing on exploring symbolic
knowledge representations and using symbolic systems to enable ma-
chines to understand and reason languages [38]. In addition to NLP,
knowledge graphs have been used in this research to formally capture
and represent regulatory knowledge to enable symbolic reasoning and
processing of regulatory requirements. It is well established that
knowledge graphs arose out of research in knowledge representation
and reasoning, among other things [37].

5. Work towards user-facing tools

NLP plays a fundamental role in improving the usability of building
regulations [48]. As described in section 3.2.2, some parts of the regu-
latory documents simply cannot be converted to a computer- process-
able formats. Therefore, one can reasonably expect that there will
always be parts of the regulations captured as text, diagrams and tables.

5.1. Information retrieval

In this section we briefly describe our work on an IR system to
improve search for building regulations [47]. Despite the importance of
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access to relevant regulations, support for retrieval is inadequate
[15,58,55]. One issue is that IR researchers in the AEC domain generally
do not make their code or data publicly available. This makes it
impossible to reuse their approach or compare results. Therefore, a
crucial component of a general strategy towards ACC is the adaptation of
the FAIR principles to ensure Findability, Accessibility, Interoperability
and Reusability [110].

In our study, through two rounds of interviews we investigated how
domain practitioners search for relevant regulations and what types of
queries they use [47]. Practitioners note that they work with manually
devised checklists and rely on the Approved Documents to navigate the
large body of documents. In line with literature, we found that con-
struction professionals have difficulties finding relevant documents
[15]. One issue is that the retrieval solutions they employ simply do not
provide enough insights into the relevance of results. Often the infor-
mation need is both navigational, e.g., searching for a specific docu-
ment, as well as informational, e.g., searching for the information
content regardless of source [39]. For these reasons, we developed a
passage-retrieval system that divides documents into 100-word passages
that are indexed and retrieved separately.

The automatically generated KG (described earlier) makes it possible
to quickly identify groups of related candidate terms, which enables
query and document expansion.

As part of the study, we investigated the use of the KG to expand user
queries, with the aim of improving the search results when similar ter-
minology is used. Based on the interviews we developed a dataset of 42
queries and corresponding narratives that describe the desired infor-
mation need. We found that the queries formulated by participants are
often significantly longer than the average ~ 2 words of web-queries'®
[96]. With an average query length of ~ 6 words, the information need
is often captured relatively well and we find that query expansion does
not necessarily improve retrieval results. On the other hand, we found
that document expansion can improve the recall significantly [47]. As
such we recommend semantic enrichment of documents for effective
semantic search.

Due to the way documents are indexed in the British Standards On-
line (BSOL) portal, this system often does not return results. It actually is
unable to retrieve any documents for our 42 queries. Our prototype
system is able to retrieve a relevant top-3 result for 35 of our 42 queries.
Our user interface ranks document-level results based on the number of
retrieved relevant passages in a document which showed that a user
retrieved text passages with greatly improved ability to determine the
relevance of retrieved results.

5.2. General remarks for user-facing tools

A balance has to be found between the needs and requirements of
both authors and users of regulations. Checking the compliance with
regulations sometimes requires information that isn’t always captured
in BIM [88].

This raises the question as to whether to place the burden of addi-
tional work on (1) those who create the 3D BIMs, or (2) those who
develop processing of building data, in order to derive further infor-
mation necessary for checking. In some cases, the additional information
may be derived from information that is present in a BIM.

6. Conclusion

A platform-based approach for digitalising regulatory requirements
processing spanning authoring, designing and compliance checking was
presented. The proposed strategy allows collecting an overview of
crucial requirements for isolated applications, that affect the

15 https://www.statista.com/statistics/269740/number-of-search-terms-in-
internet-research-in-the-us/ [Accessed April 2023].
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development of related tools and resources. The proposed approach
comprises of several tools integrated together as required with the
processor of corpus of regulatory documents underlying the whole
platform accessed by all the various tools. The paper also provided brief
descriptions of the proof-of-concept implementation of some of the tools
and associated approaches using NLP, ML and semantic web technolo-
gies that could form parts of the platform approach. These are SPaR.txt
which identifies MWEs in the documents, which is utilised in an infor-
mation extraction semantic search engine validated over a corpus of 420
used in the UK for regulatory compliance of designs. The automatic
generation of knowledge graphs used by the search engines was also
described as well as the query and document expansion techniques used
by it.
Some of the areas that could be developed further include:

e The performance of SPaR.txt could be improved by increasing the
dataset and providing the model with examples from more diverse
formats of regulations. With the help of a curated set of concept
candidates, one would want to focus on entity linking, that is the
identification and disambiguation of concepts in text, and mapping
them to a class in the KG automatically. Other tasks of interest are co-
reference resolution and relation extraction, including relations that
occur across sentence boundaries. Considering the many references
to other regulations, sections and documents, it is important to
extract and model document structure in a meaningful way as well.

There is a need to develop and align strategies to collect a compre-

hensive set of domain vocabularies, which we imagine to be com-

bined in a KG.

o Such work would be project-based and may include terminology
captured at different levels of formality. And so it would be
important to have protocols in place to make sure information
from different projects can be aligned easily. One example
approach that may be of interest is bioschemas, (https://bio-
schemas.org/.) which aims to ease the markup of texts by defining
(1) types and properties, and (2) shapes over these types and
properties to enable validating their correct use.

o There is also the opportunity and requirement to develop tools that
support the integration of new terminology into the KG, e.g.,
compare which (equivalent, related or similar) terms already are
present and which are missing, as well as compare how terms are
defined. One example of work in this area is to build some tools to
ease the alignment of a project-vocabulary’s terminology with the
existing in vocabularies in bSDD. (https://github.com/rubenk-
ruiper/LDAC_BSDD_hackathon)

e Future work towards Information Retrieval should aim to increase
the size of the dataset. While our data suggests that semantic markup
of regulations greatly benefits search, other approaches to document
expansion should be developed and tested.

e In general, more time should be spent on cleaning the processed
regulatory texts to improve results.

7. Limitations of the research

Many regulations are only accessible as PDF files, and correctly
extracting the text from PDF documents is not straightforward. The di-
versity of formatting found throughout regulations further complicates
this issue. In a selection of ~ 400 British Standards we find single col-
umn, two-column and three-column formats, and a large variety of
positioning and formatting approaches for text, figures and tables. On
top of this, licensing restrictions on most regulations prohibit sharing of
data that either includes or is derived from their contents. For some
tasks, such as ACC, licensing restriction also impede processing open-
access guidance documents due to the many references to licensed
documents.
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