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Abstract: The  first  major  digital
transformation of the architecture and

construction industry is the transition from a
manual drafting process to an extremely
complex environment of building models that
contain lots of building data — Building
Information Modeling (BIM). But keeping
these complex and detailed digital models
accurate and sound to meet strict regulation
requirements is still extremely manual, with an
increased risk of project delays, human error,
and expensive delays. This paper proposes to
create an Al-powered BIM Compliance
Ecosystem that can link these two areas
together. The proposed architecture combines
the different functionality of cognitive
computing, natural language processing
(NLP), the knowledge graph and the open data
standards (such as IFC) to convert the building
codes, which are highly unstructured, to
machine-readable semantic logic. It is a
comparative study and places in parallel
varying levels of maturity and artificial
intelligence and of regulatory complexity —
deterministic codes, prescriptive codes, open-
ended  performance  based  standards.
Furthermore, it addresses critical problems
like  data interoperability, professional
liability, and the need for Explainable Al (XAI)
in order to make Al transparent in design. The
results of this study ultimately offer a roadmap
- based on empirical data - to inform and
support future prototyping and simulation
testing, as well as the rollout of self-governing
architectural compliance frameworks across
the industry.
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1.0 Introduction

The architectural and construction industry has
been undergoing an extraordinary digital
transformation over the past few years, where
the use of 3D modelling software such as BIM
(Building Information Modelling) has replaced
the traditional manual drawing, turning a
highly data-centric space (Aydin & Yaman,
2020). This paradigm shift is a transition from
the 2D representation of images to
multidimensional digital prototypes with a
large amount of geometric, material and
semantic information (Lee et al, 2021). In
today's architectural technology, BIM is a
common source of information, in which the
stakeholders can visualize, simulate and
analyse how the building will perform
throughout its life (Amor & Dimyadi, 2021).
But, as digital models become ever more
sophisticated, so have the methods for
validating such designs against regulatory
requirements (Ding et al., 2022).

Even with all the capabilities of modern BIM
platforms, compliance checking still heavily
relies on traditional and manual workflows that
are a significant constraint in the project
lifecycle (Amor & Dimyadi, 2021). A lot of
time and resources are spent by architects and
project managers manually wading through the
mountains of information contained in
complex building codes, zoning bylaws and
life-safety regulations (Aydin & Yaman,
2020). This manual verification is inherently
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labour intensive, highly susceptible to human
errors and may result in costly redesigns, major
project delays and lengthy regulatory approval
cycles (Amor & Dimyadi, 2021). Building
codes, however, are sometimes not clear-cut
and can be complex and frequently change,
which is too slow for today's changing design
(Ding et al., 2022).

This is where the Al imperative comes in, as
the capabilities of machine learning, natural
language processing (NLP), and computer
vision (CV) are increasingly adopted into BIM
processes, resulting in a pressing demand for
Al solutions to overcome these inefficiencies
(Ekanayake ef al., 2021). The first generation
of automated rule checking tools attempted to
digitise compliance, but suffered from
inflexible compliance rules that were
hardcoded and did not have the capability to
comprehend nuanced rules, performance-based
rules and the like (Solihin ef al., 2020). The use
of state-of-the-art artificial intelligence enables
systems to interpret unstructured regulatory
text, capture intricate semantic relationships,
and automatically cross-reference spatial
models with the legal requirements (Zhong et
al., 2020). This is further improved by machine
learning models and computer vision
algorithms, which can break down 3D design
components and detect spatial clashes,
accessibility issues, and structural non-
conformities (Hu et al., 2023).

Era 1: Manual Blueprint Review
(Late 20th Century)

Era 2: Static Rule Engines
(Early 21st Century)
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This conceptual paper further expands on this
technological convergence, challenging to
develop a complete theoretical model of an Al
enabled BIM compliance ecosystem. Topics
discussed include aspects of structural
translation of textual building regulations to
machine readable logic (Wu et al, 2021),
integration of cognitive computing and open
BIM data standards like Industry Foundation
Classes (IFC) (Lee et al., 2021), and real-time
design feedback loops (Peng & Liu, 2023). The
paper addresses the current deficiency of
research on how cognitive agents and semantic
databases interact in an automated regulatory
governance framework while systematically
analyzing the architecture of the interaction. In
addition, the paper explores nuanced
differences  between  prescriptive  and
performance-based regulatory codes and their
links to the maturity of Al (Amor & Dimyadi,
2021). It explores an ambiguous spatial
constraint problem that is not easily solved by
traditional rule engines, and looks at how to
solve the problem using deep learning
architectures and knowledge graphs (Hu et al.,
2023). This is a focused evaluation in which the
discussion encompasses both  technical
capacity and the entire range of operation of
autonomous validation systems in professional
architectural activity.

Era 3: Cognitive Al Agents
(Present Day & Future)

Y
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Fig. 1: Evolutionary Timeline of Compliance Checking (Zhang & El-Gohary, 2022)

Finally, the study tackles the key issues,
challenges and ethics in moving towards a
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cognitive compliance setting. It
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interoperability (Lee et al, 2021), legal
liability for using an Al-validated model when
the model is incorrect in on-site inspections,
and the critical need for Explainable Al (XAI)
to ensure transparency of the design (Love et
al., 2023). The paper brings these elements
together to present an empirical research
roadmap to spur future prototyping, simulation
testing, and industry adoption of automated
compliance frameworks (Shrestha, 2021).

2.0 Theoretical Foundations and Literature
Synthesis

The principle change for modern architectural
technology is an underlying shift from older
computer-aided design (CAD) systems to an
integrated, intelligent digital environment
(Deng et al., 2021). The first generation of
digital tools mostly mimicked the way people
manually drafted two dimensions, with limited
data connectivity — just lines and text
comments. Today, however, contemporary
architectural practice is almost exclusively
based on Building Information Modeling
(BIM), where digital artifacts are conceived as
smart, object-oriented, rich with spatial,
material and temporal attributes (Yang et al.,
2021). This paradigm shift allows multi-
disciplinary collaboration, lifecycle tracking,
and deep simulation capabilities that are
transforming how architectural projects are
conceptualized and delivered (Deng et al,
2021).

One of the key features of these modern
information modeling frameworks is the ability
to represent semantic data structures. BIM
environments is a novel way of modeling that
differs from traditional geometric models by
linking physical building elements, including

walls, structural columns, HVAC,
fenestrations, etc., to functional attributes,
performance  parameters and relational

hierarchies (Bloch & Sacks, 2020). This object
intelligence inherently propagates changes
throughout the project repository from one
view or object. Therefore, architectural
technology serves as a single source of truth,

g

1234

reducing difference between design intent and
spatial coordination (Ren & Zhang, 2021).
While all the benefits of individual BIM
platforms exist, the intelligent design trend is
greatly dependent on the universal
interoperability standards, which includes
Industry Foundation Classes (IFC) (Ren &
Zhang, 2021). IFC is an open, neutral data
format, which allows the exchange of
architectural information without proprietary
restrictions  between  different  software
applications (Fan et al,, 2019). IFC offers a
standardized framework for encoding building
elements and their semantic relations, making
it the backbone for sophisticated automated
analysis, cross-platform data transfer, and
mass-scale regulatory verification (Ren &
Zhang, 2021).

On top of this digital landscape, a methodology
called Automated Rule-Checking (ARC) has
significantly proved to be essential to validate
BIM models with building codes, safety
standards, and zoning regulations (Fan et al,,
2019). Early commercial systems and
Academic prototypes used to evaluate
geometric and spatial features by hardcoded
algorithmic rules with respect to prescriptive
legal criteria (Fan et al., 2019). These first
generation systems have been successful in
proving that corridor widths, fire exit distances,
stair dimensions and other routine compliance
checks could be calculated much faster than by
hand (Fan et al., 2019).

Despite their initial achievements, legacy
Automated Rule-Checking systems have
significant structural restrictions, especially
when faced with unstructured and performance
based regulations (Zhang & El-Gohary, 2021).
Traditional ARC engines are used to work with
parameters that are well-defined, and they're
simply not the type of engine that can be used
to interpret ambiguous legal text, qualitative
safety requirements, or jurisdiction-specific
nuances (Guo et al., 2021). Hardcoded rule sets
are hard to maintain when the building code
changes or is revised since they should be
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manually re-written and re-validated, thereby
affecting design agility and preventing the
scalability of the automated compliance
method (Zhang & El-Gohary, 2021).

The Architecture, Engineering, and
Construction (AEC) sector is exploring beyond
traditional rule checking engines to Artificial
Intelligence to be the powerful catalyst for
change (Bloch & Sacks, 2020). Al-based
approaches provide cognitive flexibility to
digital processes and enable systems to learn
from past compliance data, to infer spatial
relationships, and to process more complex
geometric interactions, which are much harder
to solve with fixed approaches (Buiten, 2019).
This kind of integration transforms the mode of
passively  storing information on the
architectural design to an active and intelligent
governance mode for architectural design,
which can change with the complex regulatory
conditions (Abioye et al., 2021).

Cognitive computing and Natural Language
Processing (NLP) are crucial components to
this Al integration, serving a vital role in
converting human language to machine action.
Building regulations are typically written in a
way that is similar to normal legal language,
with many conditional clauses, exceptions and
qualitative standards (Zhou et al., 2022). These
regulatory documents can be interpreted by
advanced NLP architectures, which can also
automatically convert static legal prose into
dynamic compliance rules, by extracting the
essential constraints of the law (Zhang & El-
Gohary, 2021).

Knowledge graphs, in conjunction with NLP,
have an irreplaceable role in architectural
compliance in drawing a map of the
complicated dependency that exists in
architectural compliance (Guo et al, 2021).
Multifaceted relationships between multiple
spatial layouts, structural loads, environmental
controls, and municipal codes are found in
building projects (Fang et al., 2020). This
information is made into nodes and edges
connected to form the vast network, which
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enables the Al models to contextually reason
about the design configuration over knowledge
graph. This fusion of cognitive computing and
NLP, with knowledge graphs, forms the
theoretical foundation for the realization of
truly autonomous, adaptive BIM compliance
ecosystems in the present day.

3.0 Proposed Conceptual Framework
and Core Propositions

This conceptual framework offers a holistic
blueprint to change compliance verification
and make this melding of architecture tech and
Al areality. The proposed architecture exceeds
the current state of the art automated checking
tools and establishes an agent-driven
environment, which continuously interacts
with the digital model of the building. This
approach differs from traditional way of
creating architecture drawings in a static
manner and introduces intelligence to the
process of creating a digital design, enabling
compliance evaluation to happen along with
the design process.

The technical mechanism to enable the
interactions between the autonomous Al agents
and the semantic BIM databases is the heart of
this ecosystem. These agents are not capable of
geometric query but using a rich object-
oriented repository, the geometric query with
the standardized open data formats (e.g.,
Industry Foundation Classes (IFC)) is carried
out (Ghannad et al., 2019). They rely on fine-
grained metadata, such as  material
specifications, spatial adjacencies, structural
hierarchies and other design elements,
retrieved from specific application
programming interfaces (APIs) developed by
specialists to match them with the relevant
parts of the regulations and to understand them
contextually in the operation environment of
the agents.

Based on this structural interaction, the
framework proposes three general theoretical
statements as guidelines for future empirical
studies and future system designs. The first is
the legal information and text conversion to
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structured, machine-readable semantic rules,
for which Natural Language Processing (NLP)
could be used successfully. Clauses,
conditional restrictions, and jurisdictional
exceptions can be systematically extracted
(Guo et al., 2021).
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from human language in a legal text and
converted to executable logical predicates as
the foundation for automatic assessments of
compliance (Zheng et al., 2022).

Table 1: Comparative Matrix of Compliance Paradigms

Compliance Speed Adaptability Cost
Paradigm
Traditional Slow (Weeks to High (Human High (Labor-
Manual Review months) judgment) intensive)
Subject to  human Easily adapts to Requires large teams
bottlenecks and ambiguous rules, of experts and repeated
backlogs. nuances, and context. billable hours.
First- Moderate (Hours to Low (Rigid algorithms) Moderate (Upfront
Generation days) investment)
Rule-Based Automates geometric Breaks down when High initial software
BIM checks but struggles faced with non-standard and setup costs, with
with complex queries.  designs or subjective lower ongoing labor.
codes.
Al-Enabled Real-time /" Very High (Continuous Optimized / Scalable
Dynamic Instantaneous learning) (Lower long-term)
Compliance (Seconds to minutes)
Processes massive Adapts dynamically to High initial R&D
datasets and models code updates, localized replaced by massive

concurrently.

variances, and
cases.

edge efficiency gains and

risk reduction.

Comparative Matrix of Compliance Paradigms (Ismail ez al., 2023)

The second main claim is about diagnostic
accuracy: that machine learning algorithms
greatly diminish false-positive clashes and
compliance errors compared to traditional
static rule engines (Hu & Castro-Lacouture,
2019). Many of these automated rule-checking
systems are based on classical approaches
which may lead to false non-conformities due
to the rigorous nature of the geometric
tolerances involved and the lack of support
from the classical systems to spatial intent or
contextual exception rules. The proposed
framework can be used to learn from past
architectural  corrections, including the
capacity to differentiate between actual risk
issues and acceptable design variations (Bloch

& Sacks, 2020), which can be performed using
probabilistic machine learning models and
pattern recognition utilizing computer vision
techniques.

The third proposition is about operational
agility, where the time between the Al
inference model and architectural design
software can be shortened by real-time
feedback loops to reduce the iteration cycle
time. Compliance checking is currently
performed reactively and at a number of major
milestone design reviews, as well as at the end
of design, resulting in costly design iterations.
There is also continuous background auditing,
where Al agents can automatically detect non-
compliant changes in the modeling space and
provide real-time visual alerts and remediation



Communication in Physical Sciences, 2023, 9(4): 1232-1246

recommendations to architects (Sydora &
Stroulia, 2020).

Last, the framework proposed in this paper
unifies agent-driven interaction, semantic data
structures and cognitive intelligence into one
theoretical framework. These mechanisms can
be codified in explicit propositions concerning
the natural language translations, error
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reductions and real-time feedback and provide
a strong foundation for architectural
conformance in the next generation. This
conceptual blueprint is designed to help resolve
current technological challenges, as well as to
establish the foundations for adaptive and self-
governing architectural design ecosystems.
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Fig. 2: AI-Enabled BIM Compliance System Architecture (Peng & Liu, 2023)

4.0 Regulatory Complexity and Al

Capability Mapping

Architectural compliance territory is a place of
complexities and variations. Building codes are
formulated in many different ways, have
different legal intentions, and are assessed
using different criteria (Beach et al, 2020;
Nawari, 2019). Not all building regulations are
equal: some lay down absolute physical
dimensions and types of materials, other
building regulations  prescribe  general
functional requirements for designers to meet
(Amor & Dimyadi, 2021). Therefore,
regulatory complexity must be correlated with
Al capabilities to build strong and flexible
compliance verification systems (Sacks et al.,
2020). This section delves into the structural
duality of building codes and assesses the
different levels of Al maturity to meet different
levels of regulatory oversight (Pan & Zhang,
2021).

Prescriptive codes are the simplest domain in
which automated verification is possible within
regulatory frameworks, because they are based
on explicit, deterministic parameters (Ghannad
etal., 2019). Prescriptive codes specify definite

numerical values, such as a required 1,500-
millimetre (mm) corridor width, a certain
distance to be travelled to a fire exit or a
particular Fire Resistance (FR) level for steel
columns (Kodur et al, 2019). These
requirements are absolute and binary and thus
are very well suited for traditional rule-based
engines and early automated checking tools
(Xu & Cai, 2021). Prescriptive compliance can
be evaluated by simple relational, geometric,
and numerical queries over BIM databases that
result in high degrees of computational
confidence and little interpretive ambiguity
(Bloch & Sacks, 2020).

On the contrary, more and more modern
architectural practice is moving in the direction
of performance-based codes that concentrate
on the desired results of the building, not
physical prescriptions (Van Coile et al., 2019).
Performance-based requirements specify a
qualitative safety requirement, environmental
requirement, or structural requirement, such as
safe occupant evacuation under complex
smoke dispersion conditions or optimization of
the thermal comfort of the occupants inside
without detailing the use of materials
(Lovreglio et al., 2020). These codes demand
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extensive contextual analysis, multi-variable
trade-off analysis, and knowledge of the
phenomena of physical simulation (Naser,
2021). In this area, traditional rule engines are
hopeless, unable to interpret open-ended
qualitative intent, exceptional conditions in
context, or dynamically changing spatial
performance metrics (Zheng et al., 2022).

The architectural technology ecosystem needs
to harmoniously resonate between Al maturity
and regulatory depth to meet the demands of
performance-based standards (Abioye et al.,
2021). Inherent constraints of early generations
of digital checkers and static logic models are
that they can only execute deterministic rules,
so it is not possible to parse any subjective or
ambiguous safety parameters (Zhou et al,
2022). To overcome this capability gap,
progress towards cognitive Al architectures
with multi-layered reasoning, probabilistic
inference, and advanced semantic
understanding is needed (Baduge ef al., 2022).
When matched with the proper level of Al, the

Ontology &
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Explainable compliance decisions

Semantic definitions of “Common Uss
Dynamic oceupancy

Semantic Reasoning

Understanding code semantics and intent,
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building regulation serves as a proper layer of
Al to prevent system failure and to make it
possible to use automated tools in the real
world for design intricacies (Wu et al., 2022).
Ambiguous spatial and safety requirements are
supported by the 'cognitive mechanics' of
advanced deep learning models, knowledge
graphs and neural-symbolic  integration
(Garcez & Lamb, 2023; Sarker et al., 2021).
Deep learning systems can assess intricate
spatial arrangements based on abstract safety
standards, by analysing historical building
designs, simulation outputs of structures, and
expert engineering annotations (Hodges ef al.,
2019; Zhang et al., 2022). Moreover, computer
vision and geometric deep learning allow
models to understand complex spatial
relationships between elements of 3D BIM that
go beyond mere numerical boundaries and
enable the system to intelligently reason about
complex egress behaviors, accessibility flows,
emergency structural resilience, and more (Koo
etal., 2021; Wang et al., 2022).
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Fig. 3: Regulatory Complexity vs. Al Maturity Graph (Zhang & El-Gohary, 2022)

5.0 Challenges, and Ethical
Considerations

Building regulations can be categorised and
mapped to the Al maturity levels and thus be
structured in a systematic way for intelligent
compliance-checking  purposes  (Nawari,
2019). It conveys the notion that there does not
exist a common algorithmic procedure to
achieve automation in architecture and that a
hybrid  architecture = that  implements
deterministic rule engines for prescriptive
checks and cognitive machine learning agents

Barriers,

for performance-based checks is needed
(Zhang & El-Gohary, 2021). This alignment
makes sure that the conceptual framework is
used to seamlessly connect to rigorous
statutory requirements and advanced digital
design workflows (Xue & Zhang, 2021).

The technical, legal and operational challenges
involved in the transition from conceptual BIM
compliance wusing Al to industry-wide
actualization is a complex matrix (Darko et al.,
2020). While the benefits of cognitive
computing and automated rule engines can



Communication in Physical Sciences, 2023, 9(4): 1232-1246

deliver unprecedented efficiencies, there are
structural challenges and embedded industry
practices encountered in the Architecture,
Engineering, and Construction (AEC) industry
(Delgado et al., 2019). The solutions to these
problems will be essential to ensuring the
reliability of the system and the development of
trust for autonomous governance models on the
part of stakeholders (Glikson & Woolley,
2020).

One of the most immediate technical issues is
still data interoperability, which is affected by
proprietary software formats and procedures
that belong to the vendors (Ozturk, 2020).
Spatial data and semantic attributes are often
represented in non-standardized, diverse, and
closed-ecosystems modeling platforms that are
widely used by architectural design offices
(Shirowzhan et al., 2020). These diverse
documents often have structural discrepancies
and information loss when trying to be
automatically read by compliance agents,
which compromises the integrity of evaluation
(Wu & Zhang, 2019; Zhu et al., 2019). To
realize seamless Al integration, there needs to
be a decisive industry-wide shift towards open
standards and data democratization (Turk,
2020).

The Industry Foundation Classes (IFC) are the
main  technical solution  to  these
interoperability "bottlenecks" (even if the
fidelity of the data is still a challenge) (Jiang et
al., 2019). IFC offers a neutral schema for
transferring BIM data, but its inconsistencies
are prone to corrupt object hierarchies or losing
material properties when implemented across
different software vendors (Noardo et al,
2021). To make Al-powered compliance
systems effective, consistent extensions and
strict schema validity rules need to be in place
so that the cognitive agents can tap into clean,
uncontroversial semantic information,
unaffected by the authoring software employed
(Kincelova et al., 2020).

In addition to the technical interoperability
issues, integration of autonomous compliance
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systems poses fundamental issues of legal
responsibility and professional liability
(Nawari & Ravindran, 2019). In the past, it was
the licensed architect of record who was solely
responsible for making sure a building design
met local code, zoning and safety requirements
(Li et al, 2019). The introduction of Al
validation layers introduces these blurred lines
of responsibility, leading to complicated legal
issues if an Al-validated BIM model does not
meet physical inspections or if there are
structural failures on site (Mokander et al.,
2021). The need for new legislation that
clarifies who is liable when companies use Al
software is an immediate necessity for
commercial rollout, involving software
vendors, Al developers, and human
practitioners (Buiten, 2019; Smuha, 2021).

Compliance systems need to address the "black
box" challenge and incorporate the use of
Explainable Al (XAI) to alleviate legal fears
and professional opposition (Arrieta et al.,
2020; Rudin, 2019). Architects shouldn't be
asked to change big design decisions, based on
black-and-white results they've been receiving

from hard-to-explain machine learning
algorithms (Shin, 2021). Explainable Al
architectures  deliver clear, explainable

rationales for each compliance assessment,
clearly stating which geometric parameters,
spatial requirements or regulatory clauses
caused a flag (Samek et al, 2021). This
transparency allows the architect to gain insight
into the rationale of the system, check its
correctness, and be creative in adapting the
system into the design (Miller, 2019).

Finally, these challenges are multifaceted and
should be tackled jointly and
multidisciplinarily, including aspects of the
architectural practice as well as software
engineering and legal jurisprudence (Regona et
al., 2022). For the industry, it is important to
use automation safely, which can be done by
solving the data interoperability problems by
utilizing universal open standards, establishing
transparent  liability = mechanisms  and
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incorporating Explainable Al (XAI) into the
verification process (Mokander et al., 2021).
Solutions to address these challenges involve
evolving Al-compliance tools into a more
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collaborative and reliable partner, enhancing
the quality and standards of architectural
design and management (Glikson & Woolley,
2020).

Table 2: Risk and Mitigation Matrix

Risk Identified Risk Potential Impact Proposed Mitigation Strategy
Category
Technical Model Hallucination / False =~ High: Approving Implement a human-in-the-loop
Positives: Al misinterprets non-compliant (HITL) validation framework
complex building codes or designs, leading to for critical life-safety checks and
spatial geometry. structural failures or  continuously benchmark Al
costly redesigns. outputs against ground-truth
datasets.
Legal Liability Ambiguity: Unclear Critical: Severe legal Establish clear contractual
accountability when an Al- liabilities, lawsuits, disclaimers, maintain
cleared design violates and loss of comprehensive audit trails of Al
statutory regulations. professional decisions, and require certified
licensing for firms. professional sign-off for all final
submittals.
Operational Data Silos and Legacy Moderate: Workflow  Adopt open standards (e.g., [FC

Format Incompatibility:
Difficulty integrating Al
pipelines with proprietary or
outdated CAD/BIM tools.

friction, integration
delays, and
fragmented team
adoption.

— Industry Foundation Classes)
and build modular API layers to
bridge legacy systems with
modern cloud-based Al engines.

Risk and Mitigation Matrix (Villaschi, Carvalho & Braganca, 2022)
6.0 Conclusion

automate

a process,

while maintaining

In this conceptual paper, principles and goals
have been defined related to legacy, static rule
checking systems and towards cognitive and Al
driven Building Information Modeling (BIM)
compliance ecosystems. The synergy of
combining architectural technology, natural
language processing and semantic data
structures 1s systematically analyzed and
investigated in the study and the study is used
to investigate agility of intelligent agents to
interpret complex regulatory frameworks. The
proposed framework not only seeks to
reconcile the self-evident limitations of the
traditional prescriptive codes and the fluidity of
the performance codes — an effort to overcome
the difficulty of applying computation to

professional practice of architecture; but also
seeks to balance the rigidity of the traditional
prescriptive codes and the fluidity of the
performance codes.

Therefore, there is a strong need for a high-
quality research program in the future based
upon these theoretical assertions, that is
designed to test, validate and improve the
proposed compliance architecture through
empirical research. The first step towards this
roadmap should be to create the full software
prototypes which enable full integration of the
open Industry Foundation Classes (IFC) data
schemas and to support a transformer-based
NLP  pipeline. = Through  multi-storey
architectural datasets, scientists will perform
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controlled simulation tests that will allow them
to assess the ability of the system to provide
accurate  identification  of  conflicting
architectural rules, false positive clash
detection and real-time feedback into working
modeling environments.

A step from stand alone simulation in the
laboratory to real pilot projects conducted by
practicing architects and at the level of
regulatory authorities is desirable in future
empirical research. Moreover, case studies will
be important for quantifying how well users
trust Al systems and the success of Explainable
Al (XAI) interfaces, and to design and manage
complex legal issues surrounding Al validation
failures. Finally, this huge research program
will contribute to developing a system of
homogeneous and autonomous architectural
technologies which will ease the project life
cycle and ensure the greatest safety and
compliance standards.
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