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ABSTRACT: 
This paper presents a novel framework for generating synthetic Building Collaboration Format (BCF) data through Large Language Model (LLM)-driven Multi-Agent Systems (MAS). Addressing data scarcity in BIM-related issue tracking, the approach simulates realistic stakeholder communication based on role-specific agents and enriched prompts. The workflow combines semi-automated issue extraction, dynamic agent orchestration, and structured evaluation. Results demonstrate that MAS can emulate authentic construction discourse, though limitations in realism and context integration persist. The study outlines pathways for enhancing tool integration, memory structures, and agent behavior, paving the way for future simulations of issue impact, knowledge management, and risk mitigation in construction projects.
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1. INTRODUCTION
Efficient stakeholder communication and collaboration are essential for effective construction management. Within Building Information Modeling (BIM) workflows, the Building Collaboration Format (BCF) is widely used for structured issue tracking, facilitating the exchange of targeted project-related issues like design clashes, construction errors, or necessary modifications. As a lightweight, vendor-neutral format, BCF significantly enhances interdisciplinary collaboration by enabling precise communication among stakeholders using various BIM tools without altering core BIM models (buildingSMART, 2023).
BCF’s application extends beyond the design phase, supporting construction site coordination, quality management during project execution, and even the operations and maintenance phases. Field teams utilize BCF to document installation deviations or site errors directly linked to the digital BIM model. At the same time, facility managers can track maintenance and upgrade issues through model-referenced communication (buildingSMART, 2023).
Despite these advantages, researchers face critical limitations in accessing real-world BCF data due to confidentiality concerns and intellectual property rights. Project-specific BCF files frequently contain sensitive coordination issues and design flaws, making organizations reluctant to share openly. This leads to a significant scarcity of publicly available BCF datasets, hindering research efforts to improve issue management processes (Mezzoteam, 2025).
To address this critical data gap, this research proposes an innovative methodology utilizing Large Language Model (LLM)-driven multi-agent simulations. The primary objective of this framework is to generate synthetic, yet realistic, BCF datasets, focusing specifically on the automated creation of issues and their associated documentation in the BCF style. The core idea revolves around simulating human-like stakeholder interactions by configuring autonomous LLM-based agents representing different roles (e.g., architects, engineers, contractors, project managers) within construction projects. Each agent will be equipped with specific objectives, communication styles, and behavioral traits based on real-world professionals, enabling authentic, simulated, role-based dialogues and negotiations. Agents will collaboratively resolve typical construction issues, generating synthetic but realistic BCF data suitable for detailed analysis without confidentiality constraints. Figure 1 illustrates this high-level overview.
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[bookmark: _Ref194950580]Figure 1: High-level overview of the proposed multi-agent simulation framework for BCF data generation
The research utilizes a combination of synthetically generated scenarios and manually curated example data for the initial setup and scenario definitions within the simulations. Limited publicly accessible real-world examples, such as those provided by platforms like BIMcollab (BIMcollab, 2024), are occasionally leveraged as foundational references. However, these available datasets remain sparse and insufficiently diverse for extensive research. Thus, the proposed synthetic data generation methodology overcomes these limitations and sets a foundation for future studies into more complex interactions and more robust AI-driven analytical tools.
This paper will describe the methodological framework, detail the multi-agent system setup, present results from preliminary simulations, and outline evaluation strategies and potential areas for future development.

2. LITERATURE REVIEW
2.1 BCF 
The Building Collaboration Format (BCF) is an open XML-based standard developed to streamline issue management within BIM workflows (buildingSMART, 2023a). BCF supports interdisciplinary communication, ensuring effective collaboration among architects, engineers, contractors, and facility managers across various project phases (buildingSMART, 2023).
BCF structures information into "topics," which encapsulate metadata including issue title, priority, status, assigned stakeholders, dates, and descriptive labels. Each topic can incorporate visual data through "viewpoints," linking textual descriptions to visual BIM model representations. These viewpoints include camera configurations, component visibility, clipping planes, and snapshots, significantly enhancing clarity during issue resolution (buildingSMART, 2023a; Mezzoteam, 2025). Figure 2 shows a simplified BCF schema.

{"topic_guid": "your-guid-here",
"title": "Clash Detection",
"priority": "High",
"status": "Open",
"labels": ["Structural", "HVAC"],
"description": "Duct clashes with beam above room 101.",
"creation_author": "author-name-here",
"assigned_to": "assignee-name-here",
"viewpoints": [{
"guid": "viewpoint-guid-here",
"snapshot": "snapshot.png"}],
"comments": [{
"author": "comment-author-here",
"date": "comment-date-here",
"comment": "Please resolve."}]}

[bookmark: _Ref194950633]Figure 2: Example BCF topic structure
A critical BCF component is the "comments" feature for detailed communication. Each comment includes the author, timestamp, and text. Comments can reference specific viewpoints and be structured in threaded conversations, creating clear dialogue trails for efficient resolution (buildingSMART, 2023a).
In practice, a stakeholder identifies an issue, describes it, and creates a viewpoint. This topic is assigned via a BCF system, .bcfzip files, or web APIs. Recipients review, comment, add viewpoints, or attach documents collaboratively. This iterative process continues until resolution, with documented interactions ensuring transparency (buildingSMART, 2023a).
Beyond design coordination, BCF is used during construction for quality control, tracking deviations, or documenting non-conformance linked to the BIM model. Its utility extends into facility management for documenting maintenance, operational challenges, or upgrade needs tied to the digital model context (buildingSMART, 2023).
Despite clear advantages, research faces limitations like data scarcity (due to confidentiality) and software implementation variability. These challenges restrict analyses needed to enhance BCF workflows. Emerging research focuses on semantic web technologies like bcfOWL (Schulz, O., et al., 2021) for interoperability and AI-driven classification for automated issue analytics (Kandler et al., 2025).

2.2 LLM-driven multi-agent systems
Integrating LLMs within Multi-Agent Systems (MAS) marks a significant step forward, improving interactions through natural language and better reasoning. Unlike traditional MAS relying on formal protocols, LLM-driven agents primarily use natural language for more intuitive, human-like collaboration (Guo, T., et al., 2024; Jimenez-Romero, C., et al., 2025).
Current developments yield various MAS architectures: centralized, decentralized, hierarchical, and team-based. centralized architectures offer more straightforward control but face potential scalability issues; decentralized approaches enhance robustness and parallelism but increase coordination complexity (Aratchige & Ilmini, 2025). Architecture choice depends on project scope and interaction complexity, with hierarchical or team-based setups often suiting structured workflows like issue resolution. 
Effective communication and coordination involve tools like Retrieval-Augmented Generation (RAG), vector databases for external knowledge, and prompt engineering. Tool-calling functionalities, enhanced through rule-based interactions or LLM capabilities, allow agents to dynamically invoke external APIs or knowledge sources, improving responsiveness (LangChain, 2025b; Aratchige & Ilmini, 2025). To mitigate hallucinations, some MAS employ “critic” or “validator” agents checking outputs against facts (Chen et al., 2023).
Through clearly defined roles and capabilities, agent specialization significantly improves system performance by enabling targeted issue-solving. Systems such as MetaGPT (Hong et al., 2024) explicitly define specialized roles (e.g., Product Manager, Architect, Engineer) using Standard Operating Procedures (SOPs), enhancing coordination and reducing task ambiguity. AutoGPT, initially introduced by Richards (2023), exemplifies autonomous sub-agent spawning to handle complex tasks, though careful oversight is crucial to avoid cascading logic loops. Meanwhile, Generative Agents highlight advanced social dynamics, equipping LLM agents with personalities and routines that simulate realistic, emergent behaviors. 
Frameworks like LangChain, LangGraph (LangChain, 2025a), OpenAI Swarm (OpenAI, 2024), and CrewAI (CrewAI, 2024) provide platforms for MAS development, orchestration, and workflow automation. LangChain offers memory management, toolkits, and prompt utilities. LangGraph adds graph-based orchestration for large-scale coordination (LangChain, 2025a; Wu et al., 2023). OpenAI Swarm focuses on "routines" and "handoffs," while others similarly streamline processes.
Communication and coordination strategies vary widely. Some MAS employ a shared blackboard mechanism where agents publish and subscribe to partial solutions, which is beneficial when multiple agents can build on each other’s findings. Others rely on consensus-based approaches (e.g., majority voting or structured debate) to converge on solutions, reducing single-agent biases. Supervisor agents can integrate or finalize these collective outputs, ensuring coherent alignment with system goals and preventing contradictory agent actions (Chen et al., 2023).
In parallel, prompt engineering remains vital for directing agent behaviors and preventing unwanted outputs. By carefully structuring inputs (e.g., role instructions, domain constraints), developers reduce hallucinations and ensure each agent remains within defined boundaries. Memory and state management are equally crucial: MAS often separates short-term conversation buffers from long-term references (via vector databases), balancing token usage and preserving global context across extended dialogues.
Nevertheless, significant challenges persist, including computational complexity, scalability, agent misalignment, and ensuring reliable, bias-free outputs (Richards, 2023). Decentralized MAS might need advanced negotiation algorithms; hierarchical systems face single points of failure. Future research aims to refine architectures, improve safety checks (validators), and develop better debugging/observability solutions, crucial for domains like BIM requiring data accuracy and confidentiality (Hong et al., 2024; Wu et al., 2023).

3. METHODOLOGY
3.1 Methodology of initial BCF generation
A core objective in this research is to standardize all “initial issues” in a single, minimal data structure. Whether the issue originates from existing BCF files or newly extracted literature-based content, each is ultimately represented by the same schema model, ensuring consistent downstream processing. This universal schema, as shown in Figure 3, defines essential fields such as the title (limited to ten words), a concise description, relevant labels, a building structure reference, and, optionally, a chapter or image attribute. By converging on this shared schema, subsequent tasks, whether further classification, automation, or multi-agent interactions, can readily consume these “initial” issues without accommodating multiple data formats.

{"Title": "Clash between Pipe and Beam",
"Description": "Mechanical pipe route conflicts with structural beam on Level 3.",
"Labels": ["Structural","Mechanical"],
"BuildingStructureAffected": "IfcBeam and IfcFlowSegment",
"Image": "snapshot_xyz.png"}

[bookmark: _Ref194955196]Figure 3: Initial issue schema
Scenario A: From existing BCF data
In Scenario A, the initial issue setup parses data from BCF files, varying the workflow by BCF version. Modern BCF (v3+) allows direct mapping of the <Title> and <Labels> tags to the universal model’s Title and Labels fields, while <Snapshot> (within <Viewpoints>) may provide an optional image path. However, older BCF versions often lack a dedicated description field, offering only comment threads. To generate a concise Description, LLM processes the aggregated comments. Building element references, like IfcColumn or IfcSlab, are extracted from viewpoint files and matched with the IFC model to determine the structural type, which populates the BuildingStructureAffected field. This enables consistent “initial issue” objects even from incomplete or outdated BCF data.

Scenario B: From literature-based PDFs
In Scenario B, the “initial issue” is derived from a separate pipeline where an LLM processes textual content from construction literature. After ranking chapters by relevance and chunking the text, the system uses carefully formulated prompts to identify major construction issues per segment. Each extracted issue is then mapped into the same universal schema by extracting relevant information using an LLM. A short Title, a single-sentence Description, a list of plausible Labels, and a general “BuildingStructureAffected” are extracted. Optionally, if images or references exist in the text, these can be assigned to the Image or Chapter fields of the model. Regardless of whether the issues originated in BCF data or construction documents, the result is a uniform “initial issue” format ready for subsequent analyses.

3.2 Multi-agent system for simulating stakeholder collaboration
Building upon the standardized "initial issue" data structure derived from either existing BCF files or construction literature (as detailed in Section 3.1), this research utilizes a structured MAS methodology driven by LLMs to simulate stakeholder interactions and generate synthetic BCF data realistically.
The MAS framework integrates autonomous agents representing typical construction stakeholders (e.g., architects, engineers, contractors, project managers). Each agent embodies realistic stakeholder attributes, behavioral patterns, and communication styles reflective of authentic professional interactions. At the core is role specialization, where agents possess distinct expertise ("hard traits") and nuanced personality/behavioral attributes ("soft traits"). This ensures authenticity and diversity in simulations. Agents are initialized using a factory pattern with predefined roles, domain knowledge, randomized personalities, and working styles. Example agent configurations are shown in Table 1.

[bookmark: _Ref194956381][bookmark: _Ref194964998]Table 1: Example Stakeholder Agent Configurations
	Role              
	Example Hard Traits (Expertise)        
	Example Soft Traits      
	Example Working Style           

	Architect         
	Design, Space Planning     
	Creative, Visual         
	Visionary                       

	Engineer          
	Statics, Building Physics 
	Analytical, Precise      
	Methodical                      

	Role              
	Example Hard Traits (Expertise)        
	Example Soft Traits      
	Example Working Style           



The methodological workflow proceeds through several distinct stages as displayed in Figure 4:
The standardized issue is loaded and analyzed to determine the relevant stakeholders required for its resolution. This initial analysis identifies the specific roles (e.g., architect, structural engineer, MEP engineer, contractor) most pertinent to the nature of the problem described in the issue data.
An AI-enhanced context enrichment step prepares the issue information for the agents. Missing essential BCF attributes (like issue type or priority) may be inferred by an LLM. For issues involving visual elements, AI image analysis generates descriptive keywords (e.g., "misaligned pipe," "concrete crack"). Relevant industry standards are retrieved from a vector database and linked via LLM contextualization. The relevant stakeholders are also determined here. 
Based on this determination, the relevant stakeholder agents are initialized, where each required agent instance is created with predefined parameters.
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[bookmark: _Ref194959046][bookmark: _Ref194959042]Figure 4: High-level MAS Workflow Diagram of communication sequence.
The initialized agents engage in iterative stakeholder interaction to collaboratively address the enriched issue. Communication is managed using a structured yet naturalistic dialogue mechanism, restricting overly formal or repetitive phrases and fostering realistic, concise responses appropriate to each agent's role and persona. Agents generate issue-specific contributions informed by their assigned roles and expertise. Communication guidelines, integrated into agent prompting, maintain realistic interaction flows and consistency.
Conversation orchestration is handled by a specialized routing agent. This meta-agent employs a hybrid approach, primarily using an LLM prompted with conversation history and context to suggest the next speaker. If the LLM suggestion is invalid or ambiguous, heuristic fallback logic selects a less active agent, ensuring balanced participation and preventing conversational dominance. This structured yet flexible routing ensures dynamic dialogues involving all necessary stakeholders. The cycle of discussion and routing continues until the routing agent classifies the issue as resolved or a predefined interaction limit is reached.
Once the discussion concludes, a distinct Evaluator agent performs a critical analysis of the interaction history. Guided by structured prompts, it assesses the dialogue's logical consistency, technical correctness, information completeness, proposed solution quality, and overall collaborative effectiveness, providing structured feedback. 
Finally, the interaction history and evaluation results are synthesized and formatted into synthetic BCF data output.
Realism throughout this process is underpinned by the detailed agent persona simulation (combining role, expertise, personality, and working style) and structured prompt engineering. Prompts carefully define the LLM's assigned persona and task for each agent, integrate constraints, and incorporate dynamic context (issue details, conversation history). This deliberate strategy manages agent behaviors, differentiates roles, controls conversational flow, and ensures overall simulation coherence, aiming for authentic interactions rather than solely task-completion-focused dialogues.
In synthesis, this methodology combines issue-specific agent initialization, multi-agent cooperation, stateful workflow management, AI-driven contextual enrichment, realistic persona simulation, structured prompting, hybrid conversation orchestration, and critical evaluation. By capturing nuanced stakeholder behaviors and interactions within a controlled simulation environment, this approach generates rich, contextually grounded, and behaviorally plausible synthetic BCF data, addressing critical data scarcity limitations in BCF research and facilitating future studies into complex stakeholder dynamics and advanced automated issue-resolution processes.

4. IMPLEMENTATION
4.1 Implementation of initial BCF generation
This section details the technical implementation for generating the standardized "initial issues" described in the methodology (Section 3.1). The objective is to produce consistent input data conforming to a universal Initial-Issue-Schema, regardless of the source, either existing BCF files (Scenario A) or construction literature PDFs (Scenario B).
Scenario A: Generating initial issues from BCF data
The implementation for Scenario A adapts BCF parsing and analysis techniques, notably those presented for classification and information extraction in Kandler et al. (2025), to produce the minimal Initial-Issue-Schema. While the core procedures for parsing BCF data, utilizing LLMs to synthesize descriptions from comment threads when necessary, and linking issues to building elements via IFC GUIDs found in viewpoint files largely follow the methods detailed in Kandler et al. (2025), specific adjustments were made for this research.
The primary modification involves selective data mapping and explicit exclusion. Instead of extracting the full spectrum of BCF information, this implementation focuses solely on populating the fields defined in the minimal Initial-Issue-Schema: Title, Description, Labels, BuildingStructure-Affected, and optionally Image. The Title and Labels are directly mapped from corresponding BCF tags where available. The Description is either mapped directly or generated by an LLM summarizing aggregated comments, consistent with the prior work. Similarly, BuildingStructureAffected is derived by resolving IFC GUIDs from viewpoint data against the model.
Crucially, during the final construction of the Initial-Issue-Schema object, all other standard BCF attributes, such as Status, Priority, DueDate, AssignedTo, the complete comment history, and detailed viewpoint parameters, are intentionally omitted. This filtering step ensures the creation of a lean, standardized initial issue object tailored specifically as input for the subsequent multi-agent simulation phase. An example of such an output object adhering to the Initial-Issue-Schema is presented in Figure 5.

{"Title": "Clash between Pipe and Beam",
"Description": "Mechanical pipe route conflicts with structural beam on Level 3.",
"Labels": ["Structural","Mechanical"],
"BuildingStructureAffected": "IfcBeam and IfcFlowSegment",
"Image": "snapshot_xyz.png"}

[bookmark: _Ref194961662]Figure 5: Example InitialIssueSchema Output from BCF
Scenario B: Generating issues from construction literature
The technical implementation for Scenario B generates Initial-Issue-Schema instances by processing construction literature (typically PDFs), leveraging LLMs. This approach evolved through an iterative process, beginning with an automated script and culminating in a refined, semi-automated workflow driven by evaluation results.
The initial automated implementation utilized a Python script (issue_extractor.py) leveraging the PyMuPDF (fitz) library for text and Table of Contents (TOC) parsing and LangChain to manage LLM interactions (via OpenAI API). Key steps included: assessing chapter relevance using an LLM based on TOC entries to focus processing, segmenting relevant text into chunks (approx. 2,500 tokens), applying an LLM with an "issue extraction" prompt to identify up to three potential issues per chunk in a structured JSON format fitting the Initial-Issue-Schema, while attempting to link issues to images via caption regex and proximity. Pydantic was used for data validation. However, manual evaluation revealed significant limitations in this automated approach. The extracted issues often lacked specific BCF-style information, presenting general construction principles rather than actionable defects. Furthermore, the automated linking of text references to document images proved unreliable, necessitating extensive manual verification. While enforcing basic structure, initial LLM prompts did not adequately capture the nuances required for generating high-quality, BCF-aligned content from diverse literature sources (e.g., texts concerning building refurbishment or site setup).
Consequently, the adopted implementation shifted to a semi-automated workflow using the ChatGPT web application interface. This allowed for deploying a significantly more detailed and carefully engineered prompt. This refined prompt explicitly defined the LLM's role (construction document specialist), mandated the strict Initial-Issue-Schema-JSON output, emphasized BCF content conventions, and imposed constraints like single-sentence descriptions. Applying this prompt manually yielded issues with greater contextual relevance and closer alignment to the target schema, as shown in Figure 6. While manual verification and extraction of referenced images remained necessary, the LLM's textual references were more reliable. Despite requiring manual intervention, this semi-automated process was chosen for its ability to produce higher-fidelity initial issues suitable for the subsequent simulation steps.

{"Title": "Cracks in Walls Due to Demolition of Non-Load-Bearing Walls",
"Description": "During modernization in an old building, non-load-bearing walls were removed to create larger kitchen and bathroom spaces, causing cracks in adjacent walls. A preemptive condition survey was conducted to document the existing state and prevent disputes.",
"Labels": ["Structural", "Renovation"],
"BuildingStructureAffected": "Interior walls",
"Image": "Abb_9_3",}

[bookmark: _Ref194963024]Figure 6: Example Initial-Issue-Schema Output from Literature
4.2 Multi-agent system for simulating stakeholder collaboration
This section details the technical implementation of the MAS, as methodologically introduced in Section 3.2. The MAS is implemented in Python, primarily utilizing LangGraph for workflow orchestration and LangChain for LLM interactions.
Workflow orchestration employs LangGraph's StateGraph, defining execution flow corresponding to the phases outlined in Section 3.2. Each methodological step (issue analysis, agent initialization, context enrichment, iterative discussion, and evaluation) is implemented as a distinct graph node. A centralized state object maintains the evolving conversation history and active agent set, transitioning sequentially between nodes. A decision node evaluates a resolution flag set by the routing agent, controlling the iterative discussion loop.
LLM interactions leverage LangChain's modular approach, supporting models like OpenAI's GPT ("gpt-4-turbo") and local variants (e.g., Ollama "llama3"). Model parameters such as low-temperature settings (around 0.2) ensure coherent agent interactions. Consistent formatting is managed through LangChain's prompt utilities (PromptTemplate, SystemMessage, Human-Message).
Data handling uses custom structures aligned explicitly with the BCF schema. The primary container, BcfTopic, encapsulates issue metadata and lists related objects (BcfComment, BcfViewpoint, etc.). Objects are instantiated during initial loading (Section 4.1) and incrementally enriched through agent interactions, forming a structured dialogue history.

{"agent_identity": ["name","role","expertise","personality_traits","working_style"],
"task_description": "Part of a multi-agent system resolving a construction project issue, analyze and propose solutions from this agent's role/expertise.",
"issue_details": ["title","description", "topic_type","stage","component_types"],
"visual_information": "List of image_keywords (if available).",
"communication_guidelines": [
"Short, precise, natural responses",
"Directly address other stakeholders",
"Avoid introductions referencing role",
"Use stage/component details",
"Be constructive and solution-oriented"],
"context_storage": "This full context is saved as 'Initial Context' for the agent's memory."}

[bookmark: _Ref194965070]Figure 7: Setup-Prompt Example
Agents derive from the BaseAgent class, instantiated via a factory method which assigns role-specific expertise, randomized personality traits, and working styles (Table 1). Each agent receives a structured initialization prompt specifying agent identity, tasks, and communication guidelines (Figure 7). Agents employ LangChain's ConversationBufferMemory to track dialogue history, ensuring coherent responses.
The stakeholder interaction loop is coordinated by the routing agent, which dynamically manages speaking order and issue resolution conditions using hybrid logic. Primarily relying on LLM suggestions incorporating conversational context, the routing mechanism includes heuristic fallback logic that balances agent participation (Figure 8).

FUNCTION next_stakeholder(topic, agents):
response = LLM_invoke(prompt(topic, agents))
IF response == "RESOLVED": RETURN None
IF response not in agent_roles: 
   RETURN fallback(topic, agents)
RETURN response

[bookmark: _Ref194965174]Figure 8: Pseudo-Code Routing Logic
Evaluation employs a dedicated Evaluator agent that assesses technical accuracy, logical consistency, clarity of information, solution quality, and collaborative effectiveness. Structured prompts request explicit evaluation aligned with predefined criteria (Figure 9).
The final structured dialogue and evaluation outputs are serialized into synthetic BCF JSON data using the BcfExporter class, facilitating integration into BIM platforms and further analyses.

{"issue_details": "Details of the issue",
"image_info": "Information derived from images",
"comment_history": "Relevant comments exchanged",
"evaluation_task": {
"technical_assessment": [
"Check technical correctness/compliance",
"Identify any overlooked technical aspects"],
"process_assessment": [
"Assess the sequence of stakeholder contributions",…],
"information_quality": [
"Identify vague or unclear information",
"List assumptions needing verification"],
"solution_quality": [
"Evaluate quality of proposed solution(s)",
"Suggest possible improvements"],
"overall_assessment": [
"Summarize overall discussion",
"Judge likelihood of a successful real-world outcome"]}}

[bookmark: _Ref194965389]Figure 9: Evaluation criteria 
5. EVALUATION
5.1 Evaluation of the extraction approach of the initial issues
Initially, a fully automated script was developed to parse PDFs, chunk the text, and automatically generate BCF-style issues. While this pipeline successfully produced JSON objects in the desired format, it frequently yielded broad “construction principles” rather than concise, actionable defects or planning errors. Several factors contributed to these shortcomings: insufficiently tailored prompts for BCF-specific conventions, the loss of context through text chunking, and inaccurate matching between textual references and figures. Spatial checks frequently linked irrelevant images (e.g., mislabeling a “Fig.” reference), requiring time-consuming manual corrections.
Despite these limitations, the core automated setup reliably handled data structures, and some issues, particularly those explicitly detailed in technical literature, were extracted with acceptable precision. However, context loss often resulted in incomplete issue descriptions, highlighting the need for better prompts and context handling.
To mitigate these issues, a semi-automated workflow using a carefully engineered ChatGPT prompt significantly improved results. Manual oversight ensured concise, single-sentence issue descriptions aligned with BCF standards, significantly reducing incorrect image-text matches. Although manual efforts increased, the resulting issue data was highly actionable and directly usable for subsequent MAS simulations. 
Future improvements should focus on stronger context-preservation strategies, targeted chunking, and further prompt optimization to make the automated approach using an agentic system a viable alternative to the semi-automated workflow. In this envisioned setup, the agentic pipeline could be fully integrated into the overall simulation framework, enabling seamless end-to-end generation, from initial issue extraction to stakeholder dialogue and final comment attachment.

5.2 Evaluation of the multi-agent system
The evaluation of the MAS primarily focused on the realism of simulated stakeholder interactions and the quality of generated issue documentation. Examples like the issue titled "Severe Concrete Corrosion due to Chloride Exposure", described as "Concrete reinforcement showing significant corrosion and pitting caused by chloride ingress" and associated with reinforced concrete elements, demonstrated realistic professional interactions. Stakeholders such as Engineers and Contractors engaged in coherent dialogues, addressing structural integrity and mitigation strategies (Figure 10 shows the related image with extracted keywords; Figure 11 illustrates the corresponding stakeholder interactions).
The Evaluator agent provided structured feedback, recognizing technical issues, logical consistency, and clarity. It effectively highlighted areas needing improvement, such as the absence of detailed structural assessments and proactive maintenance plans. However, relying solely on an LLM-driven Evaluator agent introduces inherent limitations in verifying practical applicability, suggesting the inclusion of human expert validation in future iterations.

[image: ]
[bookmark: _Ref194967707]Figure 10: Issue picture (Stahr, 2022, p. 232) and detected issues
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[bookmark: _Ref194966934]Figure 11: Stakeholder interactions
The routing agent demonstrated robust effectiveness through a hybrid approach, combining LLM-driven suggestions with heuristic fallbacks. It successfully maintained balanced participation among stakeholders, avoiding conversational dominance by any single agent, and facilitating inclusive discussions.
Although relevant external knowledge (DIN standards) was identified and linked, deeper integration into agents' reasoning processes was limited, presenting an area for future development.
While many simulations yielded realistic and contextually appropriate outcomes, one negative example highlights the importance of constraining agent reasoning within practical limits. In the issue titled "Corrosion and Spalling at Overflow Structures," described as "Significant corrosion and concrete spalling observed around emergency overflow areas", the resulting stakeholder dialogue, although technically sound, led to an excessively detailed resolution process. The proposed measures, including advanced cathodic protection systems and detailed assessments, significantly exceeded what would typically be applied in practice for such minor, surface-level damage. This example illustrates the risk of over-engineering when agents lack practical domain knowledge. 
Overall, the MAS framework successfully generates realistic synthetic BCF data, effectively meeting the research objectives. To strengthen future outcomes, refinements should include improved external knowledge embedding, rigorous human evaluations, and enhanced validation of visual data accuracy.

6. DISCUSSION AND CONCLUSION
While the presented approach successfully generates structured BCF-style data through LLM-based simulations, it is essential to acknowledge its synthetic nature. The current system simulates the formal structure and communication logic of issues but cannot yet infer frequency, relevance, or impact based on real-world occurrences. Without access to actual project data, key dimensions such as cost impact, frequency of issue types, or resolution success remain out of scope. Synthetic data is thus best viewed as a starting point for testing issue-analysis pipelines, not a substitute for validated datasets.
Nevertheless, the ability to simulate entire BCF lifecycles, from issue extraction to stakeholder discussion, offers significant potential. With access to real project data, the simulation framework could be fine-tuned or enhanced via LoRA-based adaptations to reflect actual stakeholder behavior and issue resolution patterns. Moreover, issues in this study were derived from general literature; future validation against diverse project phases and empirical sources is essential to ensure realism.
To assess the fidelity of synthetic issues, a dedicated validation tool could be developed that invites real planners to evaluate issue realism, potential impact, and cost implications. In parallel, data sources beyond BCF, such as best-practice documents or internal communication threads, should be explored to better understand construction issues' broader impact and downstream effects. These insights could inform predictive models that estimate delays, costs, or risk propagation based on issue type and location.
From a technical perspective, future enhancements include integrating advanced tool use, such as IFC query modules that allow agents to gather object-specific information from the model, agent-specific heuristic libraries that encode predetermined behavioral strategies, and cost/time estimation tools to support decision-making. Tool-calling capabilities could allow agents to dynamically select and invoke external services during interaction, enhancing their task autonomy and relevance.
Improved memory management should encompass not only short-term conversational history but also persistent, evolving project-wide knowledge. Such memory structures would update over time as new issues are raised and resolved, linking them to specific model elements and maintaining access to contextual project data, including schedules, budgets, and stakeholder roles. Embedding agents in structured project memory or connecting them to dynamic knowledge graphs would significantly deepen their reasoning capabilities.
Structured graph reasoning techniques like GraphRAG could relate issues temporally and thematically, helping agents understand interdependencies and component-level correlations across a project’s lifecycle. Introducing constraint-based agent behaviors, adversarial stakeholder dynamics (e.g., planner vs. contractor), and explicit, goal-driven interaction patterns would improve simulation realism. Using LoRA-fine-tuned models trained on civil engineering literature and enriched RAG pipelines capable of parsing not only standard titles but full standard bodies (e.g., DIN norms) would enhance both technical accuracy and contextual grounding in agent responses.
If synthetic issue generation becomes sufficiently reliable, it would open a vast space of downstream analytical and practical applications. For instance, the simulation of issue propagation within a project could allow for estimating ripple effects such as cascading delays, cost overruns, and scope adjustments. Stakeholder reactions to such scenarios could also be modeled, offering a testbed for early risk detection and strategic decision-making. Claim detection and prevention could be supported by connecting issue causes, discussions, and outcomes into traceable knowledge graphs linking agents, model components, timelines, and responsibilities. With persistent project memory and detailed planner behavior profiles, systems could simulate entire dummy projects with evolving states and stakeholder actions. In such scenarios, human-in-the-loop validation and structured impact evaluation could make simulations more accurate and trustworthy. Ultimately, this would support an advanced form of knowledge management where insights from simulated and real issues could be kept, generalized, and shared, helping planners learn from past failures and enabling tools to act preventively within BIM environments.
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- Engineer

We need to address this issue promptly to prevent further
structural integrity problems. Have we considered
implementing a protective coating or barrer to prevent
chloride ingress in the future?

Sabine - Specialist

Elias, that's a valid point. In addition to protective coatings,
we could also explore using corrosion inhibitors in the
‘concrete mix to mitigate chioride exposure.

Carsten - Contractor

‘Sabine, | agree with your suggestion of using corrosion
inhibitors in the concrete mix_ It could be a proactive
solution to prevent further chloride exposure and corrosion
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