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The architecture, engineering, and construction (AEC) sector has achieved substantial digitalization through building 
information models, common data environments, digital twins, platforms, and large language model-based assistants. 
Yet project knowledge remains fragmented across data structures, software systems, organizations, and lifecycle 
stages, limiting its reuse, governance, and translation into coordinated action. This paper argues that the next 
bottleneck in AEC is not the lack of digital tools but the lack of an infrastructure capable of transforming fragmented 
project artifacts into governed and executable knowledge assets. Drawing on a critical synthesis of research on AEC 
fragmentation, digitalization, knowledge governance, and autonomous agents, the paper introduces the concept of 
agent-native infrastructure in AEC. It defines such infrastructure as a governable socio-technical architecture that 
couples semantic knowledge organization, intelligence mediation, tool interaction, and policy-constrained workflow 
execution. The paper reframes AEC digitalization as an infrastructure problem centered on knowledge executability, 
explains why existing pathways focused on connection, representation, and visibility have not yet produced governable 
execution at scale, and outlines a research agenda on technical development, human-AI collaborative systems, 
organizational knowledge management, and knowledge co-production between research and practice. 

 

 
1. Introduction 
The architecture, engineering, and construction (AEC) sector 
has undergone a sustained wave of digitization through 
building information modeling (BIM), common data 
environments (CDE), digital twins, cloud collaboration 
platforms, and, more recently, large language model (LLM)-
based conversational assistants. Yet the industry continues to 
struggle with a fundamental problem of knowledge 
fragmentation across projects, organizations, software 
environments, and lifecycle stages. This condition is not 
incidental. It is rooted in the project-based and loosely 
coupled character of construction, where temporary 
coalitions, specialized interfaces, and recurrent boundary 
crossings complicate the continuity of information, 
responsibility, and learning [1, 2]. As a result, even when 
project information becomes more visible, it often does not 
become more reusable, governable, or executable. 

 This difficulty is both informational and socio-technical, 
intertwined with synthesizing information into reusable 
knowledge, integrating and managing information systems, 
as well as applying emerging technologies. Information does 
not become useful knowledge simply by being digitized, 
stored, or exchanged. Translating it into knowledge, which is 
distributed and embedded in interaction and local practice, 
depends on context and execution rather than on 
representation alone [3]. The AEC sector is characterized as 
knowledge-intensive yet difficult to manage because of its 
complex and dynamic nature and the uneven integration of 
information systems [4]. Digitalization has undoubtedly 
strengthened representation and interoperability, yet 
representative studies still point to lifecycle information 
discontinuities, codification problems, fragmented system 
environments, and unsettled governance arrangements that 
limit the organizational value of digital artifacts [5]. The 
central problem, therefore, is not merely how to connect more 
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information but how to convert fragmented project artifacts 
into knowledge practice.  
 In this sense, AEC knowledge practices include the 
following: knowledge execution concerns the translation of 
validated knowledge into situated workflows, decisions, and 
interventions; knowledge management concerns the capture, 
organization, updating, and retention; and knowledge 
governance concerns the rules, rights, and responsibilities 
through which knowledge is validated, authorized, and made 
available for use. Taken together, these are best understood as 
socio-technical systems in which project action is shaped not 
by technical artifacts alone, nor by human actors alone, but by 
their joint configuration through documents, information 
systems, participants, and professional routines. 
 Recent developments in LLM agents further reshape these 
problems. The emerging agent literature conceptualizes such 
systems as modular architectures that combine reasoning, 
memory, planning, action, and evaluation rather than as 
standalone conversational interfaces [6]. Foundational studies 
have shown how retrieval can complement parametric model 
knowledge with explicit and updatable external memory [7], 
how reasoning can be interleaved with action in dynamic task 
environments [8], and how models can learn to invoke 
external tools through APIs in a structured way [9]. These 
developments shift the LLM function from conversational 
generation alone to workflow execution under context, state, 
and tool constraints, creating the technical conditions for 
linking knowledge execution, task decomposition, and 
system interaction within a unified logic. 
 For AEC, however, the relevance of this shift lies less in 
generic automation than in the possibility of governed 
execution. Across recent reviews and early domain 
applications, the practical value of advanced AI in 
construction is increasingly associated with its ability to 
operate on structured domain knowledge and to support 
reviewable, semantically organized, workflow-embedded 
action under organizational constraints, rather than with 
generation alone [6, 10, 11]. Such results indicate that the 
future role of AI in AEC is unlikely to be exhausted by 
copilot-style assistance. A more consequential trajectory is 
the development of agentic digital infrastructure that treats 
knowledge as an executable organizational asset in structured, 
role-bounded, tool-mediated, and reviewable organizational 
workflows. 
 Against this background, this paper introduces the concept 
of agent-native infrastructure in AEC. It is defined here as a 
layered and governable socio-technical infrastructure that 
integrates agentic execution, human–AI collaboration, and 
organizational knowledge management within a common 
knowledge-governance architecture. The remainder of the 
paper is organized as follows. Section 2 reviews knowledge 
fragmentation in AEC and the limits of existing digitalization 
pathways. Section 3 develops the concept of knowledge 
executability and explains its connection to recent advances 
in agentic AI. Section 4 proposes a knowledge-governance 

architecture for agent-native AEC infrastructure. Section 5 
discusses design, deployment, operational, and research 
implications according to the conceptual framework, as well 
as a research agenda. The paper concludes in Section 6. 
 
2. Critical Review: Knowledge Fragmentation in 

AEC 
Methodologically, this study adopts a critical conceptual 
synthesis. The analysis is organized around intersecting 
knowledge domains that shape the digital transformation of 
the AEC sector. Literature was selected purposively to 
capture influential and representative contributions, with 
priority given to recent review studies, foundational 
conceptual work, AEC-specific digitalization applications, 
and key research on agent-based and AI-enabled systems. The 
objective is not to provide an exhaustive catalogue of 
technologies, but to identify a persistent explanatory gap in 
the literature: why advances in connection, representation, 
and visibility have improved information availability yet have 
not consistently translated into governed execution and 
coordinated action across fragmented project environments. 
This analytical focus provides the basis for the subsequent 
discussion of agentic AI as a potential governance-oriented 
development pathway. 

2.1. Understanding knowledge fragmentation 
In the AEC literature, fragmentation is often treated as a 
structural property of the industry before it is recognized as a 
knowledge problem. Construction has long been 
characterized as a loosely coupled system in which projects 
are assembled through temporary constellations of firms, 
roles, and contractual interfaces rather than through stable 
organizational continuity [1]. From this perspective, 
fragmentation is not simply a matter of technical 
incompatibility or market dispersion. It is a condition in 
which coordination, learning, and innovation are repeatedly 
interrupted by shifting project boundaries, decentralized 
decision making, and limited cross-project continuity. Later 
work on organizational interfaces reached a similar 
conclusion. What appears operationally as fragmentation is 
sustained by multiple interfaces across professions, firms, and 
project stages, each carrying its own rules, priorities, and 
information practices [2]. Read together, this stream of 
research suggests that fragmentation in AEC should be 
understood not merely as industrial complexity, but as a 
recurrent obstacle to the formation, circulation, and retention 
of knowledge. 
 Seen from a management perspective, the concept of 
knowledge fragmentation becomes useful precisely because 
it reframes these discontinuities in epistemic terms. The issue 
is not only that information is distributed, but that project-
relevant knowledge is dispersed across heterogeneous 
artifacts, systems, actors, and evaluative settings in ways that 
make it difficult to accumulate, recombine, and govern. This 
understanding resonates with project studies that emphasize 
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the distributed and embedded character of knowledge in 
interorganizational projects. Bosch-Sijtsema and Henriksson 
[3] show that project knowledge is often situated in 
interaction, local practice, and boundary-crossing work rather 
than stored in stable repositories. In such settings, knowledge 
does not travel automatically even when information is 
exchanged. It remains tied to context, role, and use. For AEC, 
this means that fragmentation should be discussed not only as 
a coordination problem, but also as a problem of knowledge 
continuity. 
 The first level is data and representation. AEC projects 
generate large volumes of digital information, yet those data 
are seldom born interoperable, semantically stable, or 
lifecycle-ready. Reviews of BIM for existing buildings and 
BIM-GIS integration show that project information is 
frequently distributed across multiple formats, levels of 
detail, and semantic schemes, with significant losses 
occurring when data are transferred across stages or domains 
[12-14]. What emerges is not simply a technical gap between 
databases or models, but a deeper difficulty in maintaining 
object consistency and interpretive continuity across design, 
construction, and operation. Recent research on smart BIM 
objects shows that data-rich components can support 
information continuity and decision-making across lifecycle 
stages, while inconsistent definitions, limited standardization, 
and phase-specific implementation continue to constrain their 
broader value [15]. In management terms, data fragmentation 
matters because it prevents project records from becoming 
durable knowledge assets. Information may exist in 
abundance, yet remain weakly reusable because it cannot be 
reliably aligned, compared, or mobilized beyond its 
immediate local use. 
 A second expression lies in the fragmentation of 
information systems and digital workflows. The diffusion of 
BIM, common data environments, document platforms, and 
other digital tools has certainly improved visibility and 
exchange, but it has not eliminated discontinuities in how 
project knowledge is structured and moved. Soman and 
Whyte [16] argue that the rise of data science in construction 
is constrained by codification challenges, including poor 
interoperability, file-based exchange, unstructured 
communication, and workarounds that reduce machine 
readability and traceability. This evidence shows that 
fragmented knowledge is not reducible to the absence of data. 
Rather, it reflects the limited capacity of existing systems to 
convert project artifacts into codified, queryable, and 
governable forms. In this sense, system fragmentation is not 
only about software multiplicity. It is about the persistence of 
broken informational chains between documents, models, 
logs, decisions, and responsibilities. 
 A third dimension is organizational. AEC knowledge is 
fragmented because the industry relies on project-based and 
temporary forms of organizing in which expertise is 
mobilized intensely but retained unevenly. Research on 
construction project-based organizations demonstrates that 

coordination and knowledge sharing are closely related, yet 
neither can be assumed as a stable organizational capability 
[17]. Knowledge remains vulnerable to project closure, staff 
turnover, contractual separation, and interfirm boundaries. 
The literature on lessons learned and organizational learning 
makes the same point from another angle. Eken et al. [18] 
show that construction firms often struggle not because they 
lack experience, but because they lack structured mechanisms 
for categorizing, approving, retrieving, and reusing it across 
projects. This is why organizational knowledge fragmentation 
should not be equated with incomplete documentation alone. 
It concerns the weak institutionalization of project memory 
and the absence of routines through which experience 
becomes available for future action. 
 A fourth dimension concerns the relationship between 
research and practice. The fragmentation problem in AEC is 
compounded by the fact that scholarly knowledge and 
practical knowledge are often produced under different logics 
of relevance, evidence, and evaluation. Koskela's [19] 
critique of irrelevance in construction management research 
is useful here because it identifies a broader tension between 
academic rigor and practical usability. More recent work on 
academia-industry collaboration suggests that translating 
research into operational value requires dedicated 
mechanisms of interaction, expectation alignment, and joint 
problem framing rather than one-way dissemination [20]. 
This matters for the present argument because it indicates that 
knowledge fragmentation is not confined to projects or 
organizations. It also affects the way the field itself produces 
and validates knowledge. When research is organized around 
isolated techniques while practice struggles with cross-stage, 
cross-system, and cross-organizational continuity, 
fragmentation reappears at the level of knowledge production. 
 Taken together, knowledge fragmentation in AEC is 
visible in heterogeneous data structures, discontinuous digital 
systems, weakly retained organizational learning, and 
persistent research-practice gaps. The common thread is that 
AEC knowledge is repeatedly generated, moved, and 
interpreted without being sufficiently stabilized as a governed 
asset. This interpretation is consistent with recent reviews of 
knowledge management in construction, which show both the 
evolution of digital support from ontology and semantic web 
to knowledge graph approaches and the continuing imbalance 
between technological development and evaluative, 
organizational, and practical integration [4]. For the argument 
of this article, the significance of knowledge fragmentation is 
therefore analytical as well as substantive. It names the central 
condition that prevents digitalization from becoming 
cumulative knowledge capability. That condition must be 
clarified before one can meaningfully assess why existing 
digitalization pathways have improved connection, 
representation, and visibility, yet have still fallen short of 
governed knowledge execution. 
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2.2. Digitalization pathways and limits 
How has the AEC literature understood digitalization as a 
response to that knowledge fragmentation? A useful starting 
point is that recent review work presents a broad and 
expanding field of digital interventions whose internal 
structure remains uneven. In the most comprehensive recent 
scoping review, Brozovsky et al. [21] analyze 3,950 
technology-related abstracts and show that AEC 
digitalization is still dominated by BIM, while other 
technologies such as IoT and AI remain more unevenly 
distributed across the literature. The importance of this review 
for the present argument lies less in the frequency counts 
themselves than in its implication that the field is organized 
as an assemblage of digital technologies with different levels 
of maturity, visibility, and diffusion rather than as a coherent 
knowledge infrastructure. In that sense, the literature remains 
too technology-centered to provide a stable account of how 
digital artifacts become cumulative organizational capability. 
 A related but analytically distinct strand shifts attention 
from technologies to transformation stages. Perera et al. [22] 
argue that digital transformation in design and construction 
has often been chaotic and ad hoc, and respond by proposing 
a strategic framework built around early, transition, and 
mature stages of digital maturity. This contribution is 
important because it moves beyond the language of isolated 
tools and asks how digitalization unfolds as an industry 
trajectory. At the same time, its framing also reveals a 
conceptual limit that matters for this article. A maturity 
perspective can clarify progression, sequencing, and 
readiness, but it does not in itself explain what kind of 
knowledge is being stabilized, transferred, or governed as 
organizations move across those stages. In other words, the 
maturity literature usefully periodizes digitalization, yet it 
tends to remain oriented toward capability development and 
implementation status rather than toward the epistemic 
quality of what digital systems are actually producing and 
retaining across the project lifecycle. 
 This limitation becomes clearer when one turns to reviews 
that explicitly address the semantic and knowledge 
dimensions of AEC digitalization. Shen et al. [23] show that 
semantic web technologies in the AEC sector are typically 
justified by the need to improve interoperability and data 
exchange, but they also conclude that practical achievements 
remain less convincing than the conceptual promise. Their 
review is especially valuable because it makes visible a 
boundary that broader digitalization reviews often leave 
implicit. Much of AEC digitalization has advanced by 
improving representation, exchange, and access. Far less 
progress has been made in ensuring that digital artifacts are 
semantically stable enough to support reliable coordination, 
reuse, and inference across heterogeneous systems and 
lifecycle stages. This suggests that the problem is no longer 
adequately described as one of digitizing information alone. 
It is increasingly a question of whether digitalization has 

created a sufficient semantic substrate for knowledge 
continuity. 
 A similar argument emerges from the recent digital twin 
literature, although in a different vocabulary. In their 
systematic review, Miraj et al. [24] argue that the missing 
links in digital twin research in the built environment concern 
use and user perspectives. That observation matters because 
digital twin discourse is often positioned as an advanced 
phase of AEC digitalization, one that promises real-time 
feedback, lifecycle integration, and improved decision 
support. Yet the review suggests that the field still struggles 
to articulate how these technical capabilities are embedded in 
organizational practice, how they are used, and by whom. A 
recent systematic review of digital twins in construction 
likewise reports uneven adoption across lifecycle stages and 
identifies technical, economic, institutional, and social 
barriers to fuller integration [25]. The implication is not that 
digital twins lack value, but that even one of the most 
ambitious digitalization paradigms remains incompletely 
theorized as an organizational and knowledge problem. The 
same pattern is visible in the broader review by Olanipekun 
and Sutrisna [26], which treats digital transformation in 
construction as a process in which digital technologies 
generate transformation effects that must be enabled 
strategically and supported organizationally. Here again, the 
literature moves beyond tools, but it still tends to frame the 
problem through enablers, barriers, and transformation 
effects rather than through the governance of knowledge 
assets across fragmented project settings. 
 Table 1 synthesizes this literature by comparing 
representative digitalization pathways in terms of their 
principal contributions and their limits across four analytical 
dimensions: technical, system-level, organizational, and 
research–practice. Seen together, this suggests that the main 
routes of AEC digitalization have converged on three broad 
contributions. They improve connection by linking dispersed 
actors, documents, and interfaces through shared 
environments and platforms; they strengthen representation 
by modeling objects, states, and relations through BIM, 
digital twins, and semantic structures; and they increase 
visibility by making project conditions more searchable, 
monitorable, and legible to human actors and, increasingly, to 
AI systems [21, 22, 26]. 
 These gains are substantial and should not be understated. 
They have expanded the informational capacity of the sector, 
widened the scope of digital coordination, and created the 
technical preconditions for more data-intensive forms of 
management and decision support. Yet the pattern that 
emerges across the reviewed pathways is equally clear: 
improvement in digital capability has not translated 
automatically into improvement in governed knowledge 
continuity.  
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Table 1. Digitalization pathways in AEC and their limits for governed knowledge execution 

Digitalization 
pathway 

What it has primarily improved 
in AEC 

Technical critique System-level critique Organizational critique Research–practice critique 

BIM Object representation, 
visualization, clash 
coordination, and model-based 
collaboration; increasingly 
linked to broader project 
management and lifecycle 
integration agendas [21, 28, 29] 

Interoperability remains uneven, 
semantic consistency across 
domains is limited, and lifecycle 
continuity is still weaker than the 
representational maturity of BIM 
would suggest [23, 29] 

BIM often improves model 
visibility without fully resolving 
cross-system workflow continuity, 
approval logic, or stable 
downstream reuse across design, 
construction, and operation [22, 
29] 

Adoption remains uneven 
across firms and project 
settings, and organizational 
embedding still depends on 
capabilities, incentives, and 
post-adoption routines rather 
than technical availability alone 
[26, 28] 

BIM research remains strong on 
adoption, implementation, and 
capability discourse, but provides 
less explicit treatment of how BIM 
outputs are stabilized as governed 
knowledge assets across 
fragmented project environments 
[21, 28] 

CDE / 
document 
environments 

Shared access, document 
circulation, version 
management, and the ideal of a 
common information 
environment or single source of 
truth [27] 

Data reliability, transparency, and 
consistency are weakened when 
multiple environments coexist or 
when information remains only 
partially machine-readable and 
weakly structured [27] 

CDEs frequently improve 
information visibility but do not 
automatically provide robust 
workflow orchestration, object-
level traceability, or executable 
governance across systems and 
stages [27] 

Their practical value is highly 
contingent on project 
complexity, implementation 
choices, and the information 
practices of participating 
organizations [27] 

The gap between the normative 
promise of CDEs and their 
practical implementation remains 
substantial, suggesting that 
“common environment” should not 
be conflated with resolved 
knowledge fragmentation [27] 

Cloud / 
collaborative 
/ digital 
platforms 

Multi-party connectivity, 
distributed access, cloud-
enabled collaboration, and 
broader platform-based 
coordination across project 
teams and supply-chain 
interfaces [26, 30] 

Platform connectivity does not by 
itself resolve semantic 
heterogeneity, data quality 
requirements, or broader 
integration difficulties across 
platformized project environments 
[23] 

Platforms improve coordination 
and distributed access, yet the 
literature continues to frame 
integration itself as a challenge, 
suggesting that workflow 
continuity across systems remains 
only partially resolved [26, 30] 

Platform value depends not only 
on deployment but also on 
organizational embedding, 
including new roles and 
responsibilities, learning 
arrangements, and cross-
organizational willingness to 
reorganize work practices [31] 

Platform research in AEC remains 
fragmented, which limits 
cumulative understanding of how 
digital platforms generate 
productivity and value creation in 
practice [30] 

Digital twin Real-time monitoring, state 
awareness, feedback loops, and 
stronger support for asset 
performance and lifecycle-
oriented decision making [21, 
24] 

Digital twin implementation 
remains constrained by demanding 
data integration, architectural 
complexity, and unresolved 
interoperability across 
heterogeneous sources and model 
layers [32] 

Digital twins strengthen visibility 
and feedback, but their application 
remains concentrated in limited 
lifecycle phases and does not by 
itself establish stable cross-
lifecycle execution and reuse 
mechanisms [24, 33] 

Use and user perspectives 
remain underdeveloped, and 
organizational embedding is 
still much less theorized than 
technical capability [24] 

The literature has emphasized 
technical opportunities and 
challenges more than 
organizational use, managerial 
uptake, and user-oriented 
implementation, leaving an 
important practice gap [24] 

Semantic web 
/ ontology / 
knowledge 
graph 

Semantic alignment, 
interoperability support, 
queryability, inference, and 
richer coordination of 
heterogeneous data and 
document environments [23] 

Although introduced to address 
interoperability and data exchange, 
practical achievements remain less 
convincing than the conceptual 
promise, and semantic stability is 
still difficult to institutionalize 
across the sector [23] 

Semantic enrichment improves 
data-level coherence, but does not 
automatically create workflow-
level execution, policy 
enforcement, or cross-system 
governance [23] 

These approaches often require 
capabilities, maintenance effort, 
and governance commitment 
that are difficult to sustain in 
fragmented project ecologies 
[23] 

The literature demonstrates clear 
conceptual relevance, but practical 
use and scalable organizational 
uptake remain limited, which 
makes this pathway analytically 
central but still operationally 
incomplete [23] 
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Table 1. Cont’d 

Machine 
learning 
(ML) 
analytics 

Prediction, detection, 
classification, knowledge 
extraction, and partial decision 
support across planning, 
construction, safety, and asset-
related tasks in increasingly 
data-rich project environments 
[21, 34, 37] 

ML deployment remains 
constrained by fragmented data 
acquisition and retention, as well 
as by the challenges of applying 
models to heterogeneous project- 
and BIM-generated data in real 
settings [35, 36] 

ML applications are largely 
organized around bounded 
prediction, classification, and 
monitoring tasks, with limited 
evidence of integration into cross-
system workflows and durable 
project knowledge infrastructures 
[36, 37] 

Organizational value of ML 
depends on market acceptance, 
AI-related competencies, and 
the capacity of practitioners to 
understand, apply, and evaluate 
intelligent systems in use [35, 
38] 

The literature remains dispersed 
across lifecycle phases, model 
classes, and use cases, which limits 
cumulative understanding of how 
ML analytics can be embedded 
beyond isolated applications and 
translated into long-horizon 
knowledge capability [21, 34] 

Generative 
AI assistants 

Information access, drafting, 
summarization, document 
understanding, multimodal 
reasoning, and emerging 
support for safety, legal, 
compliance, and planning tasks 
[10] 

Technical, ethical, and regulatory 
issues remain significant, while 
reliable domain performance often 
depends on external knowledge 
support rather than on general-
purpose model capability alone 
[10] 

These systems often improve 
information access and reasoning 
support, but their integration into 
construction workflows, 
evaluation protocols, and 
governance-by-design remains 
limited [10] 

Organizational embedding is 
still immature, especially where 
roles, authority, liability, and 
verification requirements are 
strong [10] 

Current research is expanding 
rapidly, but standardized 
evaluation, governance-by-design, 
and stable practice integration 
remain underdeveloped relative to 
the pace of experimentation [10] 

Complementa
ry and 
emerging 
technologies 
(IoT, sensing, 
scanning, 
XR, robotics, 
3D printing, 
blockchain) 

Data capture, visualization 
enhancement, automation 
support, traceability, 
industrialized execution, and 
tighter links between physical 
and digital operations [21, 26] 

Technically promising but uneven 
in maturity, interoperability, and 
standardization across use cases, 
with implementation still 
constrained by integration barriers, 
uneven technical readiness, and a 
lack of standardized practices and 
data management protocols [39, 
40] 

They are more deployed as 
enabling components within 
broader digital transformation or 
Construction 4.0 configurations 
than as self-sufficient solutions to 
lifecycle fragmentation, so their 
value depends on how they are 
integrated with existing platforms, 
workflows, and data environments 
[26, 39] 

Their implementation 
frequently requires new skill 
sets, organizational adaptation, 
and changes in routines, 
leadership support, and training, 
which constrains sector-wide 
diffusion [21, 26, 39] 

The literature remains uneven in 
cumulative evidence, with 
persistent gaps between 
technological promise and 
practical implementation, and with 
limited understanding of long-term 
organizational implications, 
governance conditions, and 
broader socio-technical impacts 
[21, 39, 41] 
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Across BIM, CDE, digital twin, semantic web, and AI-
assisted systems, the literature repeatedly reports a similar 
gap between what technologies make visible and what 
organizations can reliably stabilize, reuse, validate, and 
execute under real project conditions. 
 This is why the central boundary of existing digitalization 
should be stated more precisely. The unresolved issue is not 
whether AEC has become more digital, but whether digital 
artifacts have become governable knowledge assets. Current 
pathways have generally been designed to improve access, 
exchange, modeling, monitoring, and local decision support. 
They have been much less effective in securing cross-stage 
knowledge retention, cross-system callability, and role-
bounded execution under explicit conditions of approval, 
traceability, and responsibility. In this sense, the problem is 
not a lack of digital tools per se, but a weaker capacity to 
convert heterogeneous project artifacts into codified, 
queryable, and operationally accountable forms of knowledge 
[4, 16, 18]. The boundary of current AEC digitalization is 
therefore best understood as a boundary between digital 
presence and knowledge executability. 
 Why, then, has the progression from connection, 
representation, and visibility to governable knowledge 
execution remained incomplete? A first reason is that the 
dominant architecture of AEC digitization has remained 
largely informational rather than executable. Digital 
pathways are typically evaluated by whether they improve 
modeling fidelity, communication efficiency, monitoring 
capacity, or coordination visibility. However, they do not by 
themselves establish the conditions under which knowledge 
can enter action as a governed organizational resource. To 
become executable, knowledge must not only be stored or 
displayed; it must be rendered callable in context, linked to 
specific tasks and decision points, bounded by role and 
authority, and embedded in auditable process chains. This 
stronger requirement is precisely where the existing literature 
identifies persistent weakness: lifecycle information gaps 
remain substantial in BIM environments, multiple CDEs 
generate accountability and reliability problems, semantic 
web approaches have not yet translated conceptual relevance 
into stable practical uptake, and digital twins still lack 
sufficient articulation of use, user, and organizational 
embedding [5, 23, 24, 27]. What has been built is often a 
better informational environment rather than an executable 
knowledge infrastructure. 
 A second reason is that current digitalization routes 
remain constrained by the project-based and weakly 
institutionalized character of AEC knowledge itself. Even 
when information becomes more connected and visible, it 
continues to move across temporary coalitions, contractual 
boundaries, heterogeneous systems, and uneven 
organizational routines. Under these conditions, digital 
artifacts do not automatically become durable knowledge 
assets. They remain vulnerable to the same discontinuities 
that structure the industry more broadly: project closeout, 

fragmented responsibility, uneven codification, local 
workarounds, and weak cross-project learning [1, 2, 16, 17]. 
Thus, digitalization often improves the circulation of 
information without resolving the governance of knowledge. 
 Construction knowledge may be generated in abundance, 
yet still fail to become available to the right actor, in the right 
form, at the right moment, and under rules that make its use 
reviewable and accountable [4, 42]. From this perspective, the 
boundary of existing AEC digitalization is not simply 
technical. It is socio-technical and managerial. The sector has 
made considerable progress in digitizing project artifacts, but 
it has not yet established a sufficiently robust infrastructure 
for governing how those artifacts are translated into reusable 
judgment, coordinated action, and accountable execution. 
That unresolved boundary is exactly what motivates the shift 
from digitalization as an end in itself toward digital 
infrastructure as a problem of knowledge governance. 
 
3. Knowledge Executability Enabled by Agentic AI 

3.1. From visibility to knowledge executability 
Over the past decades, AEC digitalization has substantially 
improved connectivity across actors. Yet these advances have 
not produced a corresponding ability to keep knowledge 
continuously actionable across project phases, organizational 
boundaries, and operational decisions. Recent reviews show 
that digital platforms in AEC have indeed expanded 
coordination and information exchange, while BIM-related 
semantic enrichment and CDE research continue to frame 
interoperability, lifecycle information gaps, and 
implementation challenges as unresolved problems [5, 27, 
30]. Meanwhile, empirical work on data science in 
construction demonstrates that machine-readable information 
remains difficult to sustain in practice because information 
still circulates through heterogeneous software, file-based 
exchanges, non-structured communication, and workarounds 
that weaken accessibility, provenance, and codifiability [16]. 
In other words, existing digitization has improved the 
exposure of information more than the organizational 
usability of knowledge. 
 The reason is not simply that current technologies are 
insufficiently advanced. It is that most digitalization 
trajectories in AEC have been designed around information 
presence rather than knowledge enactment. BIM improves 
object representation, but semantically uneven models still 
produce losses when information moves across software, 
lifecycle stages, and downstream uses [5]. CDEs aim to 
provide a single source of truth, yet practical implementation 
often involves multiple environments, ambiguous system 
boundaries, and accountability, transparency, and reliability 
issues that weaken continuity of use [27]. Platformization 
enlarges data access and coordination, but even recent 
syntheses still identify fragmented data sources, 
interoperability problems, and governance gaps as persistent 
obstacles to value realization [30]. What remains missing is 
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the intermediate layer that turns heterogeneous artifacts into 
workflow-relevant knowledge units that can be interpreted in 
context, linked to role responsibilities, routed across systems, 
and embedded in controlled sequences of action. Without that 
layer, none of connection, representation or visibility 
guarantees that knowledge can be repeatedly mobilized when 
decisions must be made or tasks must be executed. 
 This limitation is amplified by the organizational 
conditions of AEC. Construction remains a project-based and 
knowledge-intensive field in which coordination and 
knowledge sharing are strongly shaped by temporary 
coalitions, distributed expertise, and unstable learning 
channels across projects. Empirical evidence shows that 
coordination enables knowledge sharing in construction 
project-based organizations, which indicates that knowledge 
does not circulate automatically once it has been digitized; it 
depends on the organization of action [17]. Related research 
on large-scale infrastructure projects further shows that inter-
project learning often remains tacit and weakly 
institutionalized, so that project experience is transferred 
more through individuals than through durable organizational 
knowledge structures [43]. Even where knowledge 
integration is explicitly addressed, project planning and 
governance mechanisms matter because they shape whether 
dispersed expertise can be assembled into operationally 
useful decisions [42]. Reviews of ICT-enabled knowledge 
management in AEC reach a similar conclusion: the 
technological trajectory has moved from ontology to semantic 
web to knowledge graph, but cognitive barriers, industry–
academia imbalance, and the lack of evaluation standards 
continue to constrain whether such tools become embedded 
in practice [4]. The central difficulty, then, is not information 
shortage. It is the absence of a stable way for knowledge to 
enter organizational action. 
 Knowledge executability is defined here as the capacity of 
organizational knowledge to be transformed from stored or 
represented content into a role-bounded, tool-mediated, 
policy-constrained, and auditable chain of action. It 
represents a central objective in the management and 
governance of fragmented AEC knowledge. It does not ask 
only whether knowledge can be retrieved, visualized, or 
queried. It asks whether knowledge can be persistently 
invoked, interpreted in context, linked to specific actors and 
permissions, translated into workflow steps, and subjected to 
verification and traceability as it moves into execution. 
Framed in this way, the unresolved problem of digitalized 
AEC is no longer best described as a deficit of data or 
interfaces. It is a deficit in the conditions under which 
knowledge becomes actionable. 
 To make this construct assessable in subsequent empirical 
work, knowledge executability can be specified through six 
constitutive dimensions. These dimensions do not replace 
established concerns such as interoperability, usability, or 
information quality. Rather, they extend them toward a 

stronger governance-and-execution requirement. 
Interoperability concerns whether information can be 
exchanged or semantically aligned across systems; usability 
concerns whether users can interact with a system effectively 
and efficiently. Knowledge executability, by contrast, 
concerns whether project knowledge can enter organizational 
action under the joint conditions of context, role, policy, 
system interaction, traceability, and reversibility. This 
distinction is important because the preceding literature 
shows that AEC digitalization may improve information 
exchange and visibility while still failing to produce 
accountable execution across project stages, systems, and 
organizational boundaries [5, 16, 27]. Table 2 summarizes 
these dimensions, their operational meaning, possible 
empirical indicators, and illustrative AEC examples.  
 These dimensions should be read as analytical dimensions 
rather than fixed universal metrics. Their indicators may be 
adapted to different empirical settings, such as RFI 
management, contract review, non-conformance resolution, 
design coordination, safety inspection, or asset operation. 
What is common across these settings is that knowledge 
executability requires more than retrieval accuracy or 
interface convenience. A knowledge asset becomes 
executable only when it can be called in context, assigned to 
responsible roles, bounded by applicable rules, connected to 
project systems, recorded as an auditable action chain, and 
reversed or escalated when execution conditions are not 
satisfied. This is the point at which the discussion must shift 
from digital capability in general to the technical logic of 
agent-native systems, because agent-native architecture 
matters precisely insofar as it offers mechanisms for 
converting fragmented, phase-bound, and weakly governed 
knowledge environments into executable organizational 
workflows. 

3.2. Technical logic of agents for AEC 
AI agents, especially in the LLM era, represent a systems shift 
from isolated model outputs to architectures in which 
reasoning, memory, tool use, coordination, and evaluation are 
organized as persistent operational capabilities [6]. In 
conventional digital systems, tasks are still assumed to be 
completed by humans, while digital tools primarily provide 
representation, storage, communication, and decision 
support. Even when such systems are highly advanced, their 
architectural center remains human execution. By contrast, 
agentic AI systems begin to redistribute that burden by 
treating autonomous agents as bounded execution units [44]. 
 However, in fragmented project environments of AEC, 
knowledge rarely becomes actionable through a single act of 
human interpretation or agent execution. Organizational work 
can be distributed across humans, agents, tools, and rule 
structures. Under this logic, some sub-tasks remain human-
led, some are jointly accomplished by humans and agents, and 
others can be delegated to agents under bounded conditions.  
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Table 2. Constitutive dimensions of knowledge executability 

Dimension Operational meaning Possible empirical indicators Illustrative AEC example 

Context-
callability 

The extent to which a knowledge asset can 
be invoked for a specific project object, 
lifecycle stage, task state, or decision 
situation. 

Retrieval precision; contextual 
relevance score; task-trigger accuracy; 
completeness of task-specific 
evidence. 

A design clarification request 
retrieves the relevant drawing 
version, prior RFIs, model object, 
and related specification clauses. 

Role-binding The extent to which knowledge is linked to 
responsible actors, authority boundaries, and 
decision rights. 

Role assignment completeness; 
approval-role match rate; 
unauthorized access or action rate; 
responsibility-chain completeness. 

A design issue is routed to the 
responsible designer, contractor, 
reviewer, and approver rather than 
being treated as a generic 
information request. 

Policy-
boundedness 

The extent to which knowledge use and 
execution are constrained by contractual, 
regulatory, organizational, or project-
specific rules. 

Policy compliance rate; blocked 
unsafe or unauthorized actions; 
exception frequency; approval-path 
correctness. 

A contract-related response cannot 
be issued until required notices, 
time limits, review permissions, 
and approval conditions are 
checked. 

Tool-
actionability 

The extent to which knowledge can trigger, 
support, or update actions in external project 
systems rather than remaining a textual 
recommendation. 

Valid tool-call rate; successful write-
back rate; workflow completion rate; 
failed or corrected tool invocation 
rate. 

An approved instruction creates or 
updates an issue record in the CDE, 
links to the BIM object, and records 
the status change in the project 
management system. 

Traceability The extent to which the knowledge-to-action 
chain can be reconstructed, including 
sources, reasoning steps, tool calls, 
approvals, and outputs. 

Audit-trail completeness; evidence-
link coverage; provenance 
completeness; version-link coverage; 
explainability of action records. 

A compliance decision records the 
code clauses used, model version 
checked, reviewer identity, 
approval time, and final response. 

Reversibility The extent to which actions can be stopped, 
escalated, corrected, or rolled back when 
errors, uncertainty, or boundary violations 
are detected. 

Rollback success rate; human 
override rate; escalation frequency; 
incident recovery time; reversibility 
of system changes. 

A mistakenly issued instruction can 
be suspended, reopened for human 
review, and restored to the previous 
CDE or workflow status. 

 
On this basis, we use agent-native as an analytical shorthand 
for infrastructures designed from the outset to support agents, 
tools, memory, policies, and humans as co-constitutive 
elements of task execution rather than as peripheral add-ons. 
 Under this reading, the core meaning of agent-native is 
architectural rather than algorithmic. A system becomes 
agent-native when it is built to sustain state across 
interactions, decompose goals into executable sub-tasks, 
invoke heterogeneous tools and external systems, route work 
across specialized components, and keep execution within 
observable and governable boundaries. What matters, then, is 
not simply higher model capability, but the conversion of 
inference into organized action. This is why recent work on 
agent workflows treats orchestration as central to scalability, 
controllability, and security, rather than as a convenience 
layer appended after deployment [6, 44, 45]. In this article, 
that architectural shift is precisely what makes the transition 
from knowledge to organizational action a problem that can 
be addressed architecturally. Once memory, planning, tool 
invocation, policy enforcement, and traceability become 
explicit design dimensions, knowledge becomes something 
that can be conditionally activated, routed, executed, checked, 
and recorded within a workflow. 
 This point is especially consequential for AEC because 
the sector suffers the absence of a durable mechanism that 
transforms fragmented artifacts into action-ready knowledge. 
The practical significance of agent-native logic is already 
visible in emerging AEC studies. In LLM-driven multi-agent 

design coordination, for example, agents have been used not 
only to answer questions but to reason over BIM tasks, 
generate executable code, interact directly with BIM 
software, and automatically document procedural knowledge 
for later reuse [46]. This signals a movement beyond 
informational assistance toward operational mediation. The 
relevant question is no longer whether AI can interpret project 
knowledge, but whether it can place that knowledge into a 
bounded execution chain. From this standpoint, the technical 
problem of agent-native systems and the managerial problem 
of knowledge executability become analytically inseparable. 
 To make this relationship explicit, this article argues that 
five mechanisms are particularly important for addressing 
knowledge fragmentation in AEC and for rendering 
knowledge executable rather than merely visible: 
 Memory and contextual continuity. The first is the 
extension of short-lived interaction history into persistent, 
updateable, and retrievable memory. In agent literature, 
memory is no longer treated as a passive store, but as an active 
control layer that decides what should be retained, abstracted, 
and recalled for future action [6]. Architectures such as 
generative agents and MemGPT show that long-horizon 
performance depends on recording experience, synthesizing 
reflections, and retrieving prior states at the moment of 
planning [47, 48]. For AEC, this function directly addresses 
cross-project knowledge loss. Procedural logs, lessons 
learned, prior decisions, and model revisions can become 
organizational memory rather than project residue. In other 
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words, persistent memory turns scattered experience into 
callable project knowledge, which is a precondition for 
knowledge executability in environments where learning is 
otherwise repeatedly lost with project closure and personnel 
turnover. 
 Task decomposition and routing. The second is the 
conversion of undifferentiated user goals into structured 
sequences of sub-tasks and handoffs. The central advance 
here is that agent systems do not only produce answers; they 
plan, decompose, route, and re-plan when conditions change 
or execution fails [6, 44, 49]. Research on decomposition-
based agent planning shows that dynamic sub-task generation 
substantially improves performance in complex environments 
because it adapts execution depth to task difficulty and system 
capability [49, 50]. In AEC, this mechanism is essential 
because knowledge rarely enters action in one step. Contract 
interpretation, design coordination, compliance review, site 
issue resolution, and operations diagnosis all require staged 
translation from text or model representation into role-
specific workflow steps. Task decomposition therefore 
provides the missing middle layer between knowing and 
doing. It is what allows knowledge to become executable as a 
chain of bounded actions rather than a static recommendation. 
 Tool and system interaction. The third is the ability of 
agents to act through structured interfaces rather than remain 
confined to text generation. In the broader literature, tool use 
is now a defining capability of advanced agent systems: 
models learn when to call tools, which tool to call, what 
arguments to generate, and how to integrate tool outputs into 
subsequent reasoning [6, 9, 51]. For instance, Toolformer and 
Gorilla are important because they show that API invocation 
is not merely an engineering wrapper around the model, but a 
learnable and evaluable competence [9, 51]. For AEC, this 
mechanism is foundational. Knowledge cannot become 
organizationally effective if it remains inside a conversational 
interface. It must be able to query document repositories, 
trigger issue management systems, interact with BIM tools, 
use energy simulators, retrieve asset histories, and write back 
validated outputs into enterprise systems. Tool interaction 
thus transforms knowledge from interpretive content into 
system-effective action, which is indispensable in a sector 
where fragmentation is materially reproduced through 
disconnected software ecosystems. 
 Policy-aware orchestration. The fourth is the explicit 
embedding of rules, permissions, approval logic, and 
normative constraints into execution. This is where agent-
native systems differ most sharply from generic workflow 
automation. Recent alignment and security literature shows 
that once models interact with external content and external 
tools, execution becomes vulnerable to unsafe side effects, 
instruction contamination, and boundary violations unless 
policies are operationalized at runtime [45, 52, 53]. 
Constitutional AI demonstrates one path for turning explicit 
principles into behavioral constraints [52]. Work on indirect 
prompt injection goes further by showing that LLMs are 

systematically vulnerable when externally retrieved content is 
allowed to alter internal control logic, which makes runtime 
boundary enforcement a systems requirement rather than a 
discretionary safety feature [53]. In AEC, where knowledge 
is embedded in contracts, codes, approval protocols, and 
liability structures, policy-aware orchestration is 
indispensable. Knowledge becomes executable only when it 
enters action under the right authority, at the right stage, with 
the right approvals and prohibitions already encoded into the 
workflow. 
 Traceability and auditability. The fifth is the preservation 
of reviewability, reversibility, and traceability throughout 
execution. Agent systems capable of acting across tools and 
time horizons necessarily increase the need for structured 
evaluation, logging, and accountability [6, 54, 55]. Evaluation 
work on LLM-as-a-judge has already shown both the promise 
and the bias risks of scalable model-based assessment, which 
implies that judgment itself must be designed rather than 
assumed [54]. More recent work on audit trails treats 
accountability as a sociotechnical layer that links model 
provenance, configuration changes, approvals, waivers, and 
lifecycle events into a reviewable ledger [55]. This 
mechanism is especially important in AEC because execution 
often bears direct consequences for safety, cost, schedule, 
compliance, and sustainability. In such settings, a knowledge-
to-action system is not credible unless actors can reconstruct 
what was used, why a step was taken, which rule applied, and 
who authorized the outcome. Human oversight and 
auditability therefore do not sit outside knowledge 
executability; they are internal conditions of it. Knowledge 
that cannot be reviewed, challenged, or traced is not 
executable in a governance-relevant sense. 
 Taken together, these five mechanisms explain why 
agent-native systems are analytically relevant to AEC 
knowledge execution. They provide a coherent technical basis 
for transforming fragmented knowledge environments into 
governed execution structures. Persistent memory addresses 
continuity, decomposition addresses workflow formation, 
tool interaction addresses cross-system actuation, policy-
aware orchestration addresses bounded execution, and 
oversight with auditability addresses organizational trust. The 
significance of agent-native infrastructure therefore lies not in 
the novelty of agents as such, but in its capacity to render the 
transition from knowledge representation to organizational 
action a designable system problem. This provides the 
conceptual bridge to the knowledge-governance architecture 
developed in the next section. 
 
4. Toward a Knowledge-Governance Architecture 

for Agent-Native AEC Infrastructure 

4.1. From fragmented knowledge to governed 
execution 

The preceding analysis has shown that the central difficulty 
in AEC digitalization lies less in the absence of digital 
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artifacts than in the weak continuity of knowledge. This 
condition is rooted in a sector that remains structurally 
fragmented and only partially integrated. Dubois and Gadde 
[1] describe construction as a loosely coupled system in 
which local adaptation supports short-term coordination but 
constrains learning and innovation at the industry level. 
Recent AEC studies reach a similar diagnosis from the digital 
side. Soman and Whyte [16] show that fragmented 
codification practices, non-machine-readable exchanges, and 
workarounds limit the downstream usability of project 
information for data-driven decision-making. Jaskula et al. 
[27] further find that even the CDE, which is often presented 
as a single source of truth, is frequently implemented through 
multiple parallel platforms, thereby generating 
accountability, transparency, and reliability problems. In this 
setting, the accumulation of digital tools does not by itself 
produce a stable knowledge base for coordinated action. 
 If project artifacts remain difficult to align and reuse 
across tasks, then the key problem is no longer adequately 
captured by a generic knowledge management vocabulary 
centered on storage or sharing. Instead, the diagnosis 
indicates the importance of knowledge execution, which 
depends on the capacity of project knowledge to be mobilized 
in a role-bounded, tool-mediated, policy-constrained, and 
auditable manner. As shown in the knowledge-based view of 
the firm, Grant [56] argues that the primary organizational 
challenge is the integration of specialized knowledge, while 
Nickerson and Zenger [57] recast the firm as a problem-
solving arrangement whose effectiveness depends on how 
knowledge is structured and coordinated. Once the analytical 
focus shifts from knowledge possession to knowledge 
mobilization, execution becomes inseparable from 
governance. 
 Grandori [58] defines knowledge-governance 
mechanisms as organizational arrangements that shape how 
distributed knowledge is coordinated beyond simple appeals 
to hierarchy or identity. Foss [59] develops this argument 
further by treating governance mechanisms as determinants 
of knowledge processes such as sharing, retention, and 
creation. Evidence from project-based settings supports this 
view. In construction, Yang et al. [42] show that project 
planning can serve as a knowledge governance mechanism 
that improves knowledge integration, and Biersteker and van 
Marrewijk [60] demonstrate that formal and informal 
governance mechanisms jointly condition the integration of 
specialized knowledge in infrastructure projects. Knowledge 
governance matters because execution in AEC is inseparable 
from authorization, sequencing, responsibility, and review. 
Knowledge does not move into practice as an undifferentiated 
resource. It is filtered through formal procedures, informal 
coordination, approval structures, and domain-specific 
judgment. Building on this literature, governance here refers 
to the institutional and procedural conditions under which 
fragmented knowledge can become operationally reliable. 

 The practical viability of knowledge governance in AEC 
depends on whether project knowledge can be rendered into 
forms that are machine-readable, semantically organized, 
procedurally routable, and traceable across systems. This is 
where novel digital infrastructure becomes necessary. The 
recent AEC literature on ICT-assisted knowledge 
management already points in this direction. Deng et al. [4] 
show that the industry’s knowledge challenges are tied to 
temporary organizational forms, unstructured data, and weak 
cross-project dissemination, while also documenting the 
growing role of ontologies, semantic networks, and 
knowledge graphs in organizing engineering knowledge. Yet 
these developments remain unevenly connected to execution. 
Also, ICT applications and knowledge management are often 
studied separately, which leaves a gap between knowledge 
representation and knowledge use. Infrastructure, as used 
here, indicates the socio-technical arrangement that closes 
this gap by coupling knowledge assets, coordination rules, 
digital tools, and control mechanisms within a common 
execution environment. 
 This is the point at which an agent-native formulation 
becomes analytically useful. The argument is not that agents 
simply add another intelligent layer to existing platforms. The 
stronger claim is that they make it possible to organize 
existing digital resources as an execution architecture. When 
semantically structured knowledge assets can be assembled 
contextually, routed through task-specific tools, checked 
against procedural constraints, and recorded through 
auditable traces, the infrastructure begins to support governed 
execution rather than passive access. An agent-native AEC 
infrastructure can therefore be defined as a governable socio-
technical architecture that converts fragmented project 
artifacts into workflow-relevant knowledge assets and 
connects them to executable action through intelligence 
mediation, tool interaction, and control mechanisms. The 
following section develops this architecture explicitly. 

4.2. The conceptual architecture 
Fig. 1 presents the proposed architecture that connects 
fragmented project artifacts to knowledge processes and 
execution, thereby clarifying how dispersed digital outputs 
can be reorganized into an executable and sustainable 
knowledge system. The figure is structured around a central 
process chain and three enabling layers, including 
organizational knowledge management, human-AI 
collaboration, and technical foundation, to explain how 
knowledge moves from formalization to mediation and then 
to execution. 
 The architecture is motivated by a fragmented knowledge 
environment where heterogeneous artifacts often coexist 
without stable alignment among documents, information 
systems, and participants. Existing digitalization technologies 
have improved representation, connectivity, and visibility, 
but these advances do not automatically render knowledge 
executable or translate it into governed action. 
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Fig. 1. Conceptual architecture of agent-native AEC infrastructure 
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This locates current digitalization as an important but 
incomplete condition. It enlarges the informational base on 
which action may draw, yet it does not fundamentally resolve 
the problem of governed knowledge execution. 
 The architecture specifies a knowledge-governance 
process for agentic execution, supported by organizational 
knowledge management and human–AI collaboration. The 
first step is knowledge formalization, which refers to the 
structuring of fragmented artifacts into governed knowledge 
assets that can be identified, interpreted, and reused in a stable 
manner. This involves semantic organization, the 
construction of taxonomies or ontologies where appropriate, 
the establishment of object identity, and the recording of 
provenance and version history. The objective is not only to 
make information machine-readable but also to make 
knowledge governable. Once knowledge assets acquire stable 
references, traceable lineage, and explicit relations to project 
objects, actors, and decisions, they become capable of 
supporting downstream coordination. In this sense, 
formalization provides the architecture with a durable 
substrate. It creates the minimum order required for 
knowledge to persist across organizational boundaries and 
project cycles. 
 Formalization alone does not generate action. Knowledge 
must still be assembled and interpreted in relation to specific 
tasks. The second step, knowledge activation and mediation, 
addresses this requirement. Activation refers to the selective 
mobilization of relevant knowledge assets for a situated 
problem, decision, or workflow state. Mediation refers to the 
interpretive and routing functions that connect those assets to 
the right task context, the right actor, and the right tool 
pathway. Together, they can assemble, interpret, and route 
knowledge for situated tasks. In practical terms, this layer 
assembles distributed evidence, retrieves task-relevant 
materials, and aligns them with the conditions of execution. 
Moreover, it also carries the function of filtering so that not 
every available artifact is able to enter the action space with 
equal force. Task specificity, role requirements, and 
validation needs shape what is activated, how it is framed, and 
how strongly it should guide action. This layer therefore links 
the stability of knowledge assets with the situated demands of 
project work. 
 The third step is governed agentic execution. At this point, 
activated knowledge enters a bounded action environment in 
which tasks can be decomposed, routed, and carried out 
through tool interaction, role assignment, and approval 
mechanisms. Execution is governed because organizational 
action in AEC is inseparable from responsibility, 
authorization, and review. Knowledge does not move directly 
from interpretation to intervention. It is translated into role-
bounded tasks, passed through designated checkpoints, and 
recorded through auditable traces. This layer gives the 
architecture its operational character. It is where knowledge 
becomes actionable through decomposition, tool calling, 
sequencing, and coordination. At the same time, it retains 

organizational control by embedding execution within 
responsibility chains and evidence chains. The result is a 
bounded form of agentic action designed for environments 
where compliance, accountability, and cross-party 
coordination remain central. 
 The process yields governed project outcomes. Beyond 
completed tasks, these outcomes also include auditable action 
records, coordinated cross-system interventions, compliance-
aware decisions, and knowledge traces that can be 
reintroduced into future work. This is why the architecture 
incorporates lifecycle feedback as a constitutive element. 
Every execution process produces new evidence, exceptions, 
corrections, and experiential insights. These outputs can be 
reincorporated into the governance process through memory 
updating, refinement of knowledge assets, and cross-project 
learning. Lifecycle feedback makes the architecture 
cumulative and adaptive, enabling the infrastructure to 
support organizational learning and knowledge-based 
development over time. 
 The architecture identifies three enabling layers that 
support and stabilize the process. The first is organizational 
knowledge management, which concerns knowledge 
formalization and lifecycle feedback. Its role is to ensure that 
knowledge can persist across organizational boundaries and 
project cycles as a shared and accumulative resource. This 
layer recognizes that knowledge in AEC is distributed across 
people, artifacts, routines, and institutional arrangements. 
Persistence therefore depends on more than storage. It 
requires mechanisms for curation, updating, ownership 
clarification, and long-term accessibility. In the architecture, 
knowledge management underpins both formalization and 
feedback and provides the organizational conditions through 
which fragmented artifacts can be transformed into durable 
knowledge assets and through which execution-generated 
learning can be retained beyond the life of a single project. 
 The layer of human-AI collaboration, which concerns 
knowledge activation and mediation as well as governed 
project outcomes, determines how roles are configured 
between human actors and computational agents under 
varying conditions of task risk, complexity, and 
accountability. The architecture does not assume a fixed 
division of labor because some tasks may benefit from 
intensive human judgment, others from agent-supported 
mediation, and still others from bounded automated execution 
subject to review. The relevant question is not whether 
humans or agents dominate a process but how their respective 
roles are allocated in a way that preserves decision quality and 
institutional responsibility. Within the architecture, human-
AI collaboration supports activation, mediation, and 
execution by calibrating when interpretation should remain 
human-led, when routing can be delegated, and where 
approvals or overrides must be retained. 
 The third enabling layer is the technical foundation of 
agent-native infrastructure. This foundation comprises the 
capabilities that make governed knowledge execution 
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technically feasible: memory and contextual continuity allow 
knowledge to persist across interactions; task decomposition 
and routing make complex coordination tractable; tool and 
system interaction connect interpretation to external action 
environments; policy-aware orchestration embeds constraints 
into execution; and traceability and auditability secure 
observability and accountability. These capabilities function 
as infrastructural enablers that support the entire process 
chain and provide the technical basis on which formalized 
knowledge can be activated and translated into governed 
intervention. Taken together, the architecture specifies how 
fragmented project artifacts can be converted into workflow-
relevant knowledge assets and translated into governed 
execution through a linked sequence of formalization, 
mediation, intervention, and feedback. 

4.3. Constitutive elements of an agent-native AEC 
infrastructure 

Building on the formalization–mediation–execution chain 
developed above, an agent-native AEC infrastructure can be 
further specified through five constitutive elements. These 
elements give technical and organizational substance to the 
architecture by defining how workflow-relevant knowledge 
assets are packaged, retrieved, localized, executed, and 
controlled in situated project settings. Recent agent research 
is useful here because it increasingly treats memory, planning, 
tool use, and evaluation as system capabilities rather than 
isolated model functions [6]. 
 A first element is an agent library that exposes reusable 
agent roles, skills, model bindings, and memory or tool 
wrappers as configurable components. The point is not only 
modularity in a software sense, but the ability to instantiate 
bounded execution units for recurrent organizational 
functions such as retrieval, checking, coordination, review, 
and reporting. Recent agent frameworks already move in this 
direction. AUTOGEN STUDIO represents agents through 
declarative specifications and reusable components, while 
MetaGPT encodes standardized operating procedures into 
role-specialized collaboration patterns [61, 62]. For AEC, this 
means that specialist agents can be defined once, governed 
centrally, and recomposed across workflows instead of being 
rebuilt as isolated applications. 
 A second element is a shared retrievable knowledge 
substrate that stores formalized project knowledge in 
queryable, updateable, and provenance-aware forms across 
lifecycle stages. Technically, this substrate may combine 
document indices, vector stores, knowledge graphs, object 
identities, and versioned rule repositories. The underlying 
logic is well established in retrieval-augmented generation, 
which couples parametric reasoning with explicit external 
memory [7]. More recent work on domain knowledge 
injection further distinguishes dynamic retrieval, static 
knowledge embedding, modular adapters, and prompt 
optimization as complementary means of grounding model 
behavior in specialized knowledge [63]. Emerging AEC 

studies already illustrate this pattern: CEM-EKB combines an 
updatable external knowledge base with fine-tuned models 
for construction engineering management question 
answering, while GraphRAG-based contract review links 
LLM reasoning to a nested contract knowledge graph for 
more interpretable retrieval and risk identification [11, 64]. 
 A third element is a tool- and system-connected execution 
layer that links agents to BIM tools, CDEs, PMIS, document 
repositories, simulators, and enterprise systems through 
structured interfaces. This layer gives the infrastructure 
operational reach. Tool use research shows that deciding 
when to call a tool, how to generate arguments, and how to 
integrate tool outputs are learnable competencies rather than 
peripheral wrappers [9, 51]. At the same time, reasoning-
action integration and workflow research show that execution 
can be organized as evolving sequences of retrieval, action, 
verification, and re-routing, while routing methods allow 
requests to be allocated across models or specialist 
components under cost and quality constraints [8, 65]. In 
AEC, the AI BIM coordinator provides an early domain 
example by translating natural-language requests into BIM 
interactions, clash checking, and procedural knowledge 
capture through an LLM-driven multi-agent system [46]. 
 A fourth element is project-scoped adaptation, through 
which a common infrastructure is localized to the contractual, 
semantic, and operational conditions of a specific project. 
This adaptation need not rely on full retraining. Technically, 
it may be realized through scoped retrieval corpora, project-
specific ontology slices, adapter or fine-tuning modules, 
prompt and workflow template configuration, and the 
initialization of project memory with approved rules, 
precedents, and role mappings. The survey by Song et al. [63] 
is especially useful here because it frames domain adaptation 
as a combination of dynamic knowledge injection, modular 
adaptation, and prompt optimization rather than as a single 
technique. AEC evidence points to the same direction. CEM-
EKB integrates a domain corpus with fine-tuned general-
purpose models, while GraphRAG contract review binds 
reasoning to a task-specific contract knowledge structure 
instead of leaving the workflow to generic generation [11, 
64]. Project scope therefore enters the infrastructure as a 
technical configuration problem, not merely as contextual 
background. 
 A fifth element is uncertainty control for evaluative, 
quantitative, and decision-oriented outputs. When LLMs are 
used as judges, scorers, or decision aids, the central technical 
issue is not only capability but also rating instability [66]. For 
AEC, this implies that single-pass scores should be treated as 
provisional signals rather than final judgments. A more robust 
design is to use constrained comparative formats where 
appropriate, aggregate repeated or distributional judgment, 
estimate confidence jointly with the score, and escalate low-
confidence cases to stronger models or human reviewers [67-
69]. By design, the infrastructure does not presuppose 
intrinsic stability of LLM outputs; it exposes and technically 
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mitigates output instability before scores flow into corporate 
decision processes. Lifecycle-oriented studies confirm digital 
integration delivers value only when tools are tailored to 
stage-based tasks, decision roles and production workflows, 
rather than implemented in isolation [70]. 

4.4. Illustrative application: An RFI-based design 
clarification workflow 

The proposed architecture can be illustrated through an RFI 
workflow. RFIs are a useful example because they sit at the 
intersection of documents, models, contractual 
responsibilities, design authority, construction sequencing, 
and approval records. They are also sufficiently common in 
AEC practice to show how agent-native infrastructure may 
operate without assuming fully autonomous decision-making. 
In the scenario considered here, a contractor or subcontractor 
identifies a discrepancy between a construction drawing, a 
BIM object, a specification clause, and site conditions. A 
formal RFI is submitted through a common data environment 
to request clarification from the responsible designer, 
engineer, or client representative. The objective of the agent-
native infrastructure is not to answer the RFI autonomously. 
Rather, it is to convert the RFI from an isolated document 
transaction into a governed knowledge execution chain. 
 The workflow begins with formalization. The submitted 
RFI is parsed as a workflow-relevant knowledge asset rather 
than treated as an unstructured text item. Relevant metadata 
are identified, including the project object, discipline, 
drawing number, model element, specification section, 
responsible package, contractual response period, submitter, 
and required approver. The infrastructure then links the RFI 
to prior RFIs, similar issues, relevant drawings, model 
versions, meeting records, and contract or specification 
clauses. This step turns a fragmented project artifact into a 
context-callable knowledge object. It also establishes the 
basis for project memory: the RFI is no longer only a question 
waiting for an answer, but an event in a broader knowledge 
chain that can be retrieved, compared, and reused. 
 The second step is mediation. Once the RFI has been 
formalized, agentic mediation assembles the relevant context 
and decomposes the workflow into manageable sub-tasks. 
These may include identifying the nature of the issue, 
retrieving the latest approved design information, comparing 
the RFI against previous clarifications, determining the 
responsible discipline, checking whether the issue affects cost 
or schedule, and routing the matter to the appropriate 
reviewer. Mediation is therefore not merely retrieval. It 
connects a formalized knowledge asset to the right task 
context, actor, and tool pathway. In a conventional digital 
environment, the RFI may be visible to project participants, 
but its relationship to prior decisions, role responsibilities, and 
approval conditions may remain weakly structured. In an 
agent-native environment, those relationships become 
explicit components of the workflow. 

 The third step is governed execution. After the issue has 
been decomposed and routed, the infrastructure supports 
bounded actions through connected tools and policy-aware 
orchestration. It may create or update an issue record in the 
CDE, open the linked model view, retrieve the current 
drawing revision, notify the responsible engineer, and prepare 
an evidence bundle for review. However, the system should 
not issue a binding design instruction unless the relevant 
authority and approval conditions are satisfied. For example, 
if the clarification may alter the design intent, cost, 
programme, or contractual responsibility, the workflow must 
escalate the item to human approval. If the answer requires 
designer confirmation, the system may draft a response with 
linked evidence, but the response remains pending until the 
authorized professional approves it. In this sense, execution is 
bounded by role, policy, and liability conditions. 
 Table 3 maps the RFI workflow to the five technical 
mechanisms developed in the preceding section. The table 
shows how the formalization–mediation–execution chain 
operates as a governed process rather than as a linear 
automation script. 
 This illustration clarifies the practical meaning of 
knowledge executability. In a conventional workflow, the 
RFI may circulate as a document, email, or platform item 
whose resolution depends heavily on manual search, informal 
knowledge, and local coordination. In the agent-native 
workflow, by contrast, the RFI is formalized as a governed 
knowledge object, mediated through task-specific retrieval 
and routing, and executed through bounded tool interaction 
and approval logic. The knowledge involved in the RFI 
becomes executable only because it is made callable in 
context, assigned to responsible roles, constrained by project 
rules, connected to operational systems, and preserved as an 
auditable record. 
 The example also clarifies the boundary of agent-native 
execution. The infrastructure does not remove professional 
responsibility, contractual authority, or human judgment. It 
reorganizes them. Human actors remain responsible for 
validating design intent, accepting liability-sensitive 
decisions, and authorizing final responses. The agent-native 
layer contributes by assembling evidence, routing tasks, 
enforcing policy conditions, recording decisions, and feeding 
the resolved RFI back into project memory. Thus, the RFI 
workflow demonstrates how the proposed architecture can 
move AEC digitalization beyond connection, representation, 
and visibility toward governed knowledge execution. 
 
5. Discussion 

5.1. Theoretical implications of agent-native 
infrastructure 

The significance of the proposed architecture lies less in 
adding another intelligent layer to existing systems than in 
redefining AEC digitalization as a problem of governed 
knowledge execution.  
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Table 3. Illustrative RFI workflow through the five agent-native mechanisms 
Stage in the 
chain 

Technical 
mechanism 

Operation in an RFI-based design clarification workflow Governance output 

Formalization Memory and 
contextual 
continuity 

The RFI is linked to prior RFIs, related drawing revisions, model 
objects, specification clauses, site records, and previous design 
decisions. The issue is thereby converted from an isolated 
document into a context-rich knowledge object. 

Project memory; prior 
decision record; context-
callable knowledge asset. 

Mediation Task 
decomposition 
and routing 

The infrastructure decomposes the RFI into sub-tasks such as issue 
classification, evidence retrieval, discipline identification, 
contractual screening, reviewer assignment, and approval routing. 

Role-bound task chain; 
responsibility mapping; 
structured handoff. 

Mediation and 
execution 

Tool and system 
interaction 

Agents interact with the CDE, BIM viewer, document repository, 
issue tracker, schedule system, or contract database to retrieve 
evidence, open model views, create issue records, and update 
workflow states. 

Cross-system actuation; 
evidence bundle; controlled 
system update. 

Governed 
execution 

Policy-aware 
orchestration 

The workflow checks applicable contractual response periods, 
approval authority, design responsibility, access rights, and 
escalation conditions before allowing a response or instruction to 
proceed. 

Bounded execution; 
approval checkpoint; 
compliance-aware routing. 

Feedback and 
accountability 

Traceability and 
auditability 

The infrastructure records the submitted question, retrieved 
evidence, tool calls, model and document versions, reviewer 
actions, approval decisions, final response, and any subsequent 
change or override. 

Auditable RFI resolution; 
accountability record; 
reusable lesson for future 
projects. 

 
Rather than treating digital progress primarily in terms of 
information visibility, model fidelity, or system connectivity, 
the framework repositions digital infrastructure as the socio-
technical arrangement through which fragmented project 
knowledge can enter organizational action under bounded, 
reviewable, and accountable conditions. In this sense, agent-
native infrastructure is not simply a new class of AI-enabled 
platform. It represents a shift in analytical focus: from the 
presence of digital information to the conditions under which 
knowledge becomes executable across tasks, actors, and 
systems. 
 This shift also clarifies why agent-native infrastructure 
should be understood as an infrastructural logic rather than a 
collection of discrete technical functions. Its contribution 
does not lie in the isolated presence of memory, planning, tool 
use, or audit mechanisms, but in the way these capabilities are 
integrated through a common governance logic. Persistent 
memory preserves continuity across interactions and project 
episodes; task decomposition and routing translate broad 
objectives into bounded action units; tool and system 
interaction connects interpretation to external operational 
environments; policy-aware orchestration embeds authority, 
approval, and procedural constraints into execution; and 
traceability and auditability make interventions observable, 
reviewable, and contestable. Their significance is therefore 
relational rather than additive. Memory without routing 
cannot sustain organized action, routing without tool 
interaction cannot alter external project conditions, and tool 
interaction without policy awareness produces execution 
without adequate control. 
 Under this interpretation, the conceptual contribution of 
the framework lies in specifying how knowledge execution 
becomes a designable system problem in AEC. Once project 

knowledge is treated as workflow-relevant, contextually 
activatable, and governance-bounded, the central question is 
no longer whether digital systems can store or expose more 
information. It becomes whether they can support a stable 
linkage among knowledge persistence, role allocation, 
workflow control, and accountable intervention. Agent-native 
infrastructure becomes coherent only when these dimensions 
are aligned. Its value, therefore, does not lie in automation 
alone, but in enabling project knowledge to be translated into 
executable organizational action while preserving role 
boundaries, reviewability, and institutional responsibility. 

5.2. Boundary conditions for design and deployment 
At the same time, the concept has clear boundaries. Agent-
native infrastructure does not imply unrestricted autonomy, 
nor does it presume that all project tasks should be translated 
into agentic workflows. AEC environments remain 
constrained by incomplete formalization, context-dependent 
knowledge, unstable data quality, institutional diversity, and 
requirements for professional judgment. These conditions 
create knowledge boundaries that cannot be fully resolved 
through technical means alone. Some knowledge remains 
tacit, contested, or too context-dependent to be encoded into 
reusable assets with sufficient fidelity. In such cases, agents 
can support retrieval, synthesis, or coordination, yet the 
decisive interpretation still needs to remain with human 
actors. The infrastructure must therefore accommodate 
varying degrees of formalization and varying levels of 
automation. 
 A second boundary concerns governance intensity. Not all 
tasks carry the same risk profile. Some involve relatively low-
stakes coordination and can tolerate higher degrees of 
automated routing or execution. Others affect compliance, 
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safety, contractual liability, or irreversible project outcomes. 
These tasks require stronger controls, more explicit review 
points, and narrower execution permissions. The 
effectiveness of an infrastructure also depends on robust data 
governance. Agent execution relies on the quality, 
provenance, version control, access permissions, and 
maintenance of organizational knowledge assets. Where 
ownership, curation rules, or cross-organizational sharing 
mechanisms are unclear, agents may propagate outdated or 
inaccurate information, creating forms of unverified and 
difficult-to-audit knowledge. The significance of agent-native 
infrastructure lies partly in its ability to differentiate among 
these conditions. It allows the architecture of intervention to 
vary with task complexity, uncertainty, and accountability 
requirements. In this sense, governance is not a uniform 
overlay. It should be a adaptive design principle that 
calibrates the relationship between agents, humans, and tools 
across the project environment. 
 A third boundary is organizational. Even where 
knowledge is formalized and technical capabilities are 
available, the infrastructure may still fail if role structures, 
incentives, and operating routines remain misaligned. Project 
environments rely on distributed actors with different 
responsibilities, decision rights, and temporal horizons. 
Project participants may be reluctant to expose knowledge 
assets, approval processes, and execution records due to 
existing role structures, authority boundaries, incentive 
mechanisms, and established work practices. Recent evidence 
also shows that digital transformation outcomes depend on 
leadership, stakeholder collaboration, adaptability, and the 
effective use of digital platforms, reinforcing the socio-
technical nature of implementation [71]. Implementation 
therefore requires more than system integration. It requires 
organizational design choices concerning who owns 
knowledge assets, who curates memory, who authorizes tool 
actions, who reviews exceptions, and how accountability is 
distributed across project participants. As a result, agent-
native infrastructure should be understood not merely as a 
technological deployment but as a reconfiguration of 
responsibility allocation, workflow coordination, and 
knowledge governance. Without these decisions, the 
infrastructure cannot move beyond technical potential. The 
organizational setting determines whether agentic capability 
becomes a durable operating arrangement or remains an 
isolated pilot. 
 Fourthly, legal and professional accountability remains an 
important boundary condition. In high-stakes activities such 
as contract administration, design review, quality 
management, and safety-related decision-making, agents 
should operate within clearly defined execution boundaries. 
Human approval, audit trails, escalation mechanisms, and 
responsibility attribution remain necessary to ensure that 
agent-supported processes are transparent, traceable, and 
accountable. Accordingly, agent-native infrastructure should 

be viewed as augmenting rather than replacing professional 
judgment. 
 These boundaries matter because they shape how such 
infrastructure should be invested in and developed. An 
effective investment logic should begin with governance-
critical bottlenecks rather than with the most advanced model 
capability available. This implies prioritizing tasks where 
fragmentation is consequential, where the benefits of 
knowledge continuity are clear, and where formalization can 
meaningfully improve coordination or control. Early 
investments are likely to be most productive when directed 
toward knowledge substrate development, cross-system 
connectors, traceability mechanisms, and bounded workflow 
templates. Such investments create durable infrastructural 
assets. They also lower the marginal cost of extending agentic 
capability to additional workflows over time. 
 Design choices should follow the same logic. The central 
design question is how to define workflow-relevant 
knowledge assets and connect them to situated action while 
preserving governance requirements. This involves 
specifying semantic structures, object identity rules, access 
controls, escalation pathways, and feedback channels. It also 
requires choices about granularity. Knowledge assets that are 
too coarse remain difficult to route and reuse. Assets that are 
too fine create excessive complexity and maintenance burden. 
Similar tensions arise in workflow design. Overly rigid 
workflows may fail to accommodate the variability of project 
work, while overly loose workflows may undermine 
reliability and traceability. Design therefore requires 
balancing interpretive flexibility with procedural discipline. 
 This governance-oriented view also clarifies how the 
proposed architecture relates to established AEC governance 
arrangements. Agent-native infrastructure should not be 
interpreted as an alternative to information management 
standards, contract forms, lifecycle frameworks, or emerging 
AI regulation. Its role is more limited and more operational: 
it provides an execution-oriented layer through which 
existing rules, responsibilities, approval requirements, and 
evidence obligations can become more callable, enforceable, 
and auditable within digital workflows. In this sense, the 
architecture complements rather than displaces current 
institutional and procedural frameworks. Table 4 summarizes 
how the proposed infrastructure complements these 
established information-management, contractual, lifecycle, 
and regulatory arrangements, while also clarifying the 
boundary conditions of such alignment. 
 The implication is that agent-native infrastructure should 
be designed as a governance carrier rather than a governance 
substitute. ISO-oriented information status, contract-based 
notice and approval rules, lifecycle stage requirements, and 
AI-risk controls can all be represented as workflow 
constraints, but their authority remains external to the agentic 
system.  
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Table 4. How agent-native infrastructure complements established AEC governance arrangements 
Governance 
arrangement 

Existing governance role Agent-native complement Boundary condition 

ISO 19650 and 
CDE-based 
information 
management 

Defines structured information 
management, common data 
environments, information containers, 
status control, revision, and approval 
logic. 

Converts information status, permissions, 
provenance, revision links, and approval 
checkpoints into machine-actionable 
workflow conditions. 

Supports 
implementation; does not 
redefine the standard. 

FIDIC and NEC 
contract provisions 

Define contractual duties, notices, 
claims, early warnings, compensation 
events, time limits, determinations, and 
dispute-related procedures. 

Supports contract-aware retrieval, deadline 
tracking, evidence assembly, responsibility 
routing, approval logging, and escalation of 
liability-sensitive items. 

Assists contract 
administration; does not 
replace legal or 
professional judgment. 

RIBA and AIA 
lifecycle structures 

Organize project work into stages, 
deliverables, responsibilities, reviews, 
and handover requirements. 

Links knowledge assets to lifecycle stage-
gates, deliverable requirements, review 
tasks, role assignments, and feedback loops 
across design, construction, and operation. 

Enhances stage-based 
coordination; does not 
prescribe project delivery 
strategy. 

EU AI Act and 
emerging AI 
governance 
regimes 

Emphasize risk management, 
transparency, human oversight, logging, 
accuracy, robustness, and cybersecurity 
for regulated AI applications. 

Embeds risk classification, human approval, 
trace logging, model-use records, rollback, 
and auditability into agent-mediated project 
workflows. 

Provides governance-by-
design; does not ensure 
regulatory compliance by 
itself. 

 
The system may retrieve, route, check, log, and escalate; it 
should not unilaterally reinterpret contractual obligations, 
professional responsibilities, or regulatory requirements. This 
distinction is central to the paper's argument: governed 
execution depends on embedding existing governance 
arrangements into executable workflows while preserving 
human accountability and institutional authority. 
 Development should proceed in modular terms. The 
architecture is unlikely to be implementable as a single end-
to-end system from the outset. More feasible pathways begin 
with bounded tasks and controlled integration points. These 
may include document-grounded review processes, issue 
coordination loops, compliance checks, or memory-enabled 
retrieval for repetitive decision contexts. Such modular 
development has two advantages. It allows technical 
validation under realistic governance conditions, and it 
permits organizational learning before broader deployment. 
Development in this sense is not simply software 
construction. It is the progressive stabilization of 
relationships among knowledge assets, task logic, tool 
interaction, and human oversight. 

5.3. Operationalizing agent-native infrastructure in 
AEC 

Once agent-native infrastructure enters project use, the 
question is no longer whether it can perform a task in 
principle, but whether it can remain reliable under changing 
project conditions. Its operation depends on continuous 
attention to how execution unfolds in practice: where 
approvals concentrate, where exceptions recur, how users 
intervene, and whether external tools remain dependable in 
use. For this reason, operational governance cannot be treated 
as a secondary layer added after deployment. Review, 
override, rollback, and incident recording need to be built into 
everyday use, because performance in AEC is shaped as much 

by organizational conditions as by technical design. The same 
applies to drift. Knowledge assets may lose relevance, 
workflow assumptions may cease to fit the situation, and 
system behavior may shift as project circumstances evolve. 
Sustained operation therefore requires an infrastructure that 
can make its own conduct visible enough for ongoing 
scrutiny. If actors cannot see how outputs are being produced, 
what the system is relying on, or where breakdowns are 
occurring, trust will remain fragile. 
 For the same reason, implementation is unlikely to 
succeed if it begins with broad claims of autonomy. In most 
AEC settings, a more credible path is to begin with narrower 
forms of deployment in which tasks are sufficiently bounded 
for responsibility, review, and intervention to remain clear. 
This is especially important in environments where work is 
distributed across multiple organizations, tools, and approval 
structures. Early operationalization is therefore less about 
maximizing automation than about establishing conditions 
under which execution can be observed, contested, and 
corrected. Bounded workflows make it possible to learn 
where the infrastructure is genuinely useful, where human 
judgment still carries the task, and where formalization 
remains too weak for dependable execution. 
 The longer-term value of such an infrastructure depends 
on whether it can evolve without losing accountability. 
Lifecycle feedback is important here, but feedback by itself is 
not enough. Exceptions, corrections, and outcomes have to be 
absorbed in a disciplined way through revision of knowledge 
assets, adjustment of workflow logic, and periodic 
reconsideration of how work is divided between human actors 
and agents. Cross-project reuse makes this even more 
demanding, because what is learned in one setting cannot 
simply be transferred unchanged into another. Useful 
generalization requires selection, abstraction, and restraint. In 
this sense, agent-native infrastructure should be understood 
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not as a one-time technical application but as a long-horizon 
project capability. Its value lies in making knowledge 
available for repeated organizational use while keeping that 
use open to review, revision, and control. That ambition 
remains bounded, particularly in tasks marked by ambiguity, 
liability, and weak formalization, but those limits do not 
weaken the concept. They define the conditions under which 
it can become credible in AEC practice. 

5.4. Research agenda 
The preceding discussion suggests that future research should 
move beyond asking whether agent-native infrastructure is 
technically possible and examine the conditions under which 
it becomes empirically valid, organizationally adoptable, and 
operationally governable in AEC settings. Because this paper 
is conceptual, its propositions should be treated as starting 
points for subsequent empirical testing rather than as 
established causal claims. Table 5 translates the proposed 
framework into testable propositions and corresponding 
validation pathways. 
 These propositions also indicate how the framework may 
be operationalized. Design science research can develop 
bounded prototypes, such as an RFI clarification workflow, a 
contract review workflow, or a non-conformance resolution 
workflow, and evaluate whether the proposed mechanisms 
can be implemented as working artifacts. Multiple-case 
studies can compare how different project organizations 
formalize knowledge assets, assign responsibility, configure 
access rights, and preserve execution records. Field pilots or 
quasi-experiments can examine whether agent-mediated 
workflows reduce response time, improve approval 
traceability, increase knowledge reuse, or lower rework and 

coordination costs. Log-based evaluation can use agent 
traces, tool calls, retrieval records, human overrides, 
escalation events, and rollback actions as behavioral evidence 
of knowledge executability. Expert Delphi studies or 
structured workshops can further validate whether the 
proposed dimensions of context-callability, role-binding, 
policy-boundedness, tool-actionability, traceability, and 
reversibility are complete, measurable, and meaningful for 
different AEC task types. 
 This agenda reframes agent-native infrastructure as a 
long-horizon research program rather than a single technical 
application. Its central empirical question is not whether 
agents can automate isolated tasks, but whether governed 
agentic workflows can convert fragmented project artifacts 
into reusable knowledge assets and accountable 
organizational action. Future studies should therefore 
evaluate both performance outcomes, such as efficiency and 
accuracy, and governance outcomes, such as responsibility 
clarity, approval integrity, auditability, reversibility, and 
cross-project learning. In this way, the proposed framework 
can be tested, refined, and bounded through empirical 
evidence while preserving its central claim: the next stage of 
AEC digitalization depends on making knowledge not only 
visible, but executable under governance. 
 
6. Conclusions 
This paper has argued that the next bottleneck in AEC is not 
simply insufficient digitization, but the absence of an 
infrastructure capable of turning fragmented project artifacts 
into governed, reusable, and executable knowledge assets. 

 
Table 5. Research propositions and empirical validation pathways 

No. Proposition Possible empirical pathway Illustrative measures 

P1 The greater the context-callability of project knowledge 
assets, the more likely they are to be reused across 
workflow states and project phases. 

Case studies; log-based 
evaluation; retrieval 
experiments. 

Context relevance; retrieval 
precision; reuse frequency; 
evidence-link coverage. 

P2 Role-binding and policy-boundedness increase trust and 
adoption in high-liability AEC tasks by clarifying 
responsibility, authority, and approval conditions. 

Field pilots; expert workshops; 
survey-based adoption studies. 

Perceived trust; approval-role 
match; policy compliance rate; 
unauthorized action rate. 

P3 Traceability and reversibility reduce perceived liability 
risk in agent-mediated workflows by making decisions 
reviewable, auditable, and correctable. 

Quasi-experiments; process 
mining; audit-log analysis. 

Audit-trail completeness; human 
override rate; rollback success 
rate; incident recovery time. 

P4 Modular deployment through bounded workflows 
produces more credible organizational learning than 
broad autonomy-oriented deployment. 

Design science research; 
longitudinal pilots; comparative 
case studies. 

Workflow completion rate; 
exception frequency; user 
acceptance; refinement of 
workflow templates. 

P5 Lifecycle feedback mechanisms strengthen cross-project 
memory by converting execution traces, approvals, 
exceptions, and outcomes into reusable knowledge assets. 

Multiple-case studies; 
longitudinal knowledge-base 
analysis; project memory 
evaluation. 

Knowledge update rate; cross-
project reuse; lesson retrieval 
accuracy; recurrence of similar 
issues. 
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By introducing agent-native infrastructure as a layered socio-
technical architecture, it makes three contributions: it 
reframes AEC digitalization as an infrastructure problem 
centered on knowledge executability; it explains why existing 
advances in connection, representation, and visibility have 
not yet produced governable execution at scale; and it 
develops a conceptual basis for understanding how 
semantically organized knowledge, intelligence mediation, 
tool interaction, and policy-constrained workflows can 
support project memory, cross-system coordination, and 
accountable human–AI collaboration. 
 At the same time, the argument remains bounded. This 
study is conceptual and does not yet provide empirical 
validation across different project settings, task types, and 

organizational arrangements. Nor does agent-native 
infrastructure eliminate the limits imposed by incomplete 
formalization, unstable data quality, tacit and contested 
knowledge, or the continuing need for professional judgment 
in high-liability contexts. Future research should therefore 
examine how fragmented artifacts can be converted into 
workflow-relevant knowledge assets, how governance 
intensity and human oversight should vary across risk 
profiles, how lifecycle feedback can be institutionalized 
through memory updating and workflow refinement, and how 
research and practice may be coupled more closely through 
shared validation protocols and cumulative knowledge 
production. 
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