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ABSTRACT
Construction project teams must assess embodied-carbon options alongside cost, programme and compliance, yet the supporting evidence is fragmented across BIM models, bills of quantities, schedules, contracts, specifications and environmental documentation. This conceptual paper develops a problem-driven, design-science-informed reference architecture for evidence-grounded, net-zero-aligned construction decision support. The proposed architecture comprises a project evidence and knowledge layer that preserves typed numerical data, semantic source retrieval, provenance and document currency; a supervisor-led multi-agent reasoning layer with specialist agents for cost, programme, embodied carbon and compliance; and an auditable decision-support output layer. Each specialist has a bounded objective, domain tools, task state and a structured output contract, while the supervisor requests targeted clarification, reconciles conflicts and withholds recommendations when evidence remains insufficient. Three human review gates govern evidence acceptance, analysis challenge and final decision authority. A retrieval-grounded single large language model configuration using the same evidence, tools, settings and task constraints is specified outside the operational pathway as an evaluation comparator. The contribution lies in the configured interaction of heterogeneous evidence handling, specialist decomposition, supervisor-controlled clarification and reconciliation, explicit refusal conditions, human decision authority and controlled comparison. An illustrative low-carbon concrete substitution demonstrates the intended information flow, targeted clarification, withholding of recommendations, and human escalation triggers, but does not constitute empirical validation. The paper does not report implemented system performance; instead, it specifies a reference architecture and evaluation protocol for future prototype evaluation to test formalised measures of source traceability, numerical precision, clarification precision and recall, dimension coverage, conflict detection, unsupported claims, usefulness, latency and inference cost.

1. INTRODUCTION 
The construction sector must reduce greenhouse gas emissions while fulfilling cost, programme, quality and regulatory obligations. Buildings and construction activities are responsible for approximately 32% of global energy consumption and 34% of global CO₂ emissions (UNEP and GlobalABC, 2025). Decisions taken during design coordination, procurement and execution significantly influence whether embodied-carbon reduction targets can be met without compromising project performance. The necessary evidence to inform these decisions is often dispersed across various sources, including BIM models, bills of quantities, schedules, cost plans, contracts, requests for information, specifications, environmental product declarations, and carbon reports. Prior work on BIM-based decision support, cost/schedule integration and embodied-carbon assessment similarly highlights the need to connect design, quantity, cost, schedule and environmental information for construction decision-making (Ma et al., 2014; Darko et al., 2021; Honic et al., 2019). A material substitution may decrease embodied carbon but could increase costs, require additional approval, or threaten the planned work sequence (Pomponi and Moncaster, 2016; Röck et al., 2020; Lützkendorf and Balouktsi, 2022; Infrastructure Australia, 2024). These implications are typically evaluated manually and sequentially, which complicates the tracing of assumptions and increases the likelihood of overlooking cross-dimensional conflicts.
Large language models (LLMs) can retrieve, interpret and summarise project information, while retrieval-augmented generation can ground outputs in project-specific evidence, but RAG systems still face retrieval and generation failures and require controls for source provenance, missing context, document currency and failure reporting(Lewis et al., 2020; Barnett et al., 2024; NIST, 2024; Corneli et al., 2026). Agentic systems extend this capability through task decomposition, tool use, state management and orchestration(Guo et al., 2024; Sapkota et al., 2026). In construction delivery, this means retrieval alone does not ensure that numerical values retain units and provenance, that missing decision parameters are clarified, that superseded documents are excluded, or that conflicting authoritative sources are surfaced rather than silently reconciled. Many construction applications also remain single-model or task-specific systems focused on document review, compliance checking, forecasting or carbon calculation. A fluent integrated answer therefore does not necessarily provide a transparent or controlled decision process when separate specialist analyses must be reconciled.
The research gap is therefore more specific than an absence of AI in construction. Construction multi-agent systems have addressed management, design compliance and safety, whereas language-model approaches have primarily supported embodied-carbon accounting and net-zero energy planning. Corneli et al. (2026) further demonstrate that a single agentic RAG system can route between semantic and structured-data tools, request targeted clarification and report retrieval failure in construction safety. Among the reviewed work, however, these operational controls have not been integrated into a supervisor-led architecture for construction-delivery decisions requiring evidence-based synthesis across cost, programme, embodied carbon and compliance, staged human decision authority and a same-evidence single-model comparison framework.
Accordingly, the guiding design question is: how should project evidence, specialist reasoning and human decision authority be organised in an agentic architecture for net-zero-aligned construction-delivery decisions? This paper answers that question through four configured elements: a shared evidence base that distinguishes typed numerical data from narrative retrieval and retains source, version, unit, functional-unit and boundary metadata; supervisor-led specialist analysis across cost, programme, embodied carbon and compliance, with targeted clarification, explicit failure reporting and recommendation withholding; staged human review with authority to challenge, override or escalate outputs; and a retrieval-grounded single large language model comparator using equivalent inputs and controls. The architecture is conceptual, so any advantage over the comparator is an evaluation hypothesis rather than a finding. Here, net-zero-aligned decision support refers to project-delivery decisions that materially affect embodied carbon and must be assessed alongside cost, programme and compliance; it does not encompass whole-building net-zero accounting or operational-energy optimisation.

2. RELATED WORK
2.1 Multi-agent LLM systems in construction
Guo et al. (2024) describe multi-agent large language model systems in terms of agent profiling, communication, collaboration and coordinated problem solving. Sapkota et al. (2026) further distinguish task-specific agents from agentic systems that combine tools, memory, planning and orchestration. These characteristics are relevant to construction because project decisions often require bounded specialist analyses followed by reconciliation of competing implications. Construction-specific studies show the emerging pattern. Rawat et al. (2025) propose a coordinator and specialist agents supported by knowledge graphs and vector retrieval for construction management. Chen and Bao (2025) implement a multi-agent framework for code-compliant reinforced-concrete design. Corneli et al. (2026) implement a single-agent agentic RAG assistant for construction safety that routes queries across semantic retrieval, document metadata and structured-data tools, requests targeted clarification when critical context is missing, and leaves conflicting evidence to the human operator. Their study demonstrates operational evidence grounding, numerical retrieval and ambiguity handling, but does not decompose a project decision across specialist delivery domains or evaluate supervisor-led synthesis. Gamage et al. (2024) demonstrate multi-agent retrieval for net-zero energy systems, but outside construction project delivery.
Recent work within the W78 and EC3 community also establishes relevant task-specific capability. Ying and Sacks (2024) use a large language model for autonomous building-compliance checking, Pal et al. (2024) infer delays from weekly progress reports, and Gatto et al. (2025) classify and extract cost information from tender documents. Together, these studies anchor compliance, programme and cost reasoning in construction informatics. They do not, however, provide a shared project-evidence architecture that reconciles these dimensions with embodied carbon and staged human decision authority.
2.2 AI for carbon and net-zero decisions 
Li et al. (2024) and Hua et al. (2025) review AI applications for building carbon assessment, prediction, optimisation and decision support. Closest to the present problem, Gu et al. (2025) extract embodied-carbon information from building documentation using a large language model, while Zou et al. (2025) extend document-grounded carbon calculation through retrieval-augmented generation. These studies show that language models can support the document-intensive carbon-accounting task, but they produce carbon estimates rather than option-level synthesis across delivery dimensions. The embodied-carbon literature explains why integration is necessary. Röck et al. (2020) identify embodied greenhouse-gas emissions as an increasingly important mitigation challenge as operational performance improves. Lützkendorf and Balouktsi (2022) stress that carbon results depend on life-cycle scope, functional equivalence and interpretation, while Pomponi and Moncaster (2016) show that mitigation spans design, material, policy and procurement choices. A lower-carbon option is therefore decision-ready only when its cost, programme, technical and compliance consequences are also visible.	
2.3 Human oversight and research positioning
Construction decisions carry professional, contractual, safety, financial and sustainability responsibilities. The NIST AI Risk Management Framework emphasises governance, mapping, measurement and management of AI risks (NIST, 2023). Article 14 of the European Union AI Act requires effective human oversight for high-risk systems, although a construction decision-support application will not always fall within that legal category (European Union, 2024). Holzinger et al. (2025) similarly argue that human oversight remains necessary but cannot eliminate all AI risks. Oversight is especially important in agentic systems because several agents may retrieve evidence, call tools and produce outputs that appear mutually reinforcing even when they share the same underlying model or incomplete evidence. Human review must therefore be tied to explicit decision rights, not represented as a generic feedback loop. In this paper, reviewers accept or reject evidence, challenge or override analyses, and approve, reject or escalate final outputs. 
Table 1 positions the proposed architecture against the closest comparators, selected because each addresses at least two of: construction delivery, agent orchestration, evidence-grounded language model use, carbon-related analysis, multi-dimensional decision support or explicit human oversight. Operational tool routing, targeted clarification and failure reporting have been demonstrated in single-agent construction safety support, but within the reviewed set no study was identified that combines those controls with a shared project-evidence base, supervisor-led reconciliation across cost, programme, embodied carbon and compliance, a same-evidence single language model comparator, and staged human decision authority. Entries describe explicitly reported system characteristics, and the final column distinguishes conceptual proposals from implemented systems.
Table 1: Positioning of the proposed architecture against the closest prior systems.
	Study
	Decision context
	AI and grounding
	Dimensions
	Human authority
	Evidence status

	Rawat et al. (2025)
	Construction management
	Coordinator, specialists, knowledge graph and vector retrieval
	Multiple management functions
	Human interaction described
	Conceptual framework

	Chen and Bao (2025)
	Reinforced-concrete design and compliance
	Multi-agent LLM grounded in codes and design data
	Structural design and compliance
	Professional review implied
	Implemented and evaluated

	Corneli et al. (2026)
	On-site construction safety guidance
	Single agentic RAG agent; semantic, metadata and structured-data tool routing; proactive clarification
	Safety procedures and operational context
	Worker-initiated interaction; conflicting evidence left to the human operator
	Implemented and evaluated

	Gu et al. (2025); Zou et al. (2025)
	Building embodied-carbon accounting
	LLM or RAG over building documents
	Embodied carbon
	Limited
	Implemented methods

	Gamage et al. (2024)
	Net-zero energy systems
	Multi-agent RAG
	Energy-system decisions
	Limited
	Implemented system

	This research
	Construction material and procurement decisions
	Supervisor and specialists over shared project evidence
	Cost, programme, embodied carbon and compliance
	Three review gates
	Conceptual reference architecture


Note: “Limited” indicates that human interaction is present, but decision authority or review gates are not specified.

3. THE CONCEPTUAL ARCHITECTURE
The architecture was developed through a four-step, design-science-informed synthesis (Hevner et al., 2004; Peffers et al., 2007). First, the problem was bounded to construction-delivery choices that materially affect embodied carbon. Second, a purposive review examined construction language-model and multi-agent systems, AI-enabled carbon assessment and human oversight. Third, recurring needs were translated into design and evaluation requirements. Fourth, architecture components were mapped to those requirements and examined through an illustrative material-substitution scenario. This is a conceptual design synthesis, not a systematic review or empirical validation. Five design and evaluation requirements guide the architecture. DR1: every reasoning pathway must use a common project-specific evidence base in which numerical values remain typed and unit-bearing, narrative evidence is semantically retrievable, and source, location, version, extraction method, functional unit and system boundary are preserved. DR2: cost, programme, embodied-carbon and compliance analyses must be decomposed while remaining comparable at option level. DR3: before synthesis, the supervisor must test whether the request and evidence are sufficiently specified, request targeted clarification where missing context can be repaired, expose retrieval failure and conflicting authoritative evidence, and withhold rather than fabricate or autonomously arbitrate where uncertainty remains. DR4: the proposed pathway must be evaluated against a retrieval-grounded single-model configuration using equivalent evidence and task conditions. DR5: human reviewers must retain authority at evidence acceptance, analysis challenge and final decision. The four specialist domains form a bounded minimum set for material-substitution and procurement decisions, not a universal decomposition of construction decision-making. Safety, constructability, quality or other domains can be added through the same orchestration pattern.
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Figure 1. Proposed architecture for evidence-grounded, net-zero-aligned construction decision support.

3.1 Layer 1: Project evidence and knowledge
Layer 1 converts fragmented project information into a common evidence foundation. Evidence handling is deliberately heterogeneous. Quantities, rates, dates, carbon factors and other numerical values remain queryable as typed data, while narrative sources such as specifications, contracts and EPD narratives use semantic retrieval. Each evidence item retains its source, page or section, version, extraction method, value and unit, functional unit, life-cycle boundary and evidence status. This prevents numerical project data from being reduced to undifferentiated text and supports later audit (Corneli et al., 2026). The architecture remains implementation-neutral and does not prescribe a database, BIM platform, vector store or workflow engine. It does, however, require document-currency controls: superseded or deleted records must be invalidated before reuse, and updated evidence must be reprocessed consistently. The same accepted evidence package is supplied to the external single-model comparator, enabling a fair evaluation of orchestration rather than a comparison confounded by different inputs (Corneli et al., 2026).
3.2 Layer 2: Supervisor-led multi-agent reasoning
The operational pathway uses a supervisor or orchestrator and four specialists. Before dispatch, the supervisor checks whether the decision request contains critical parameters and whether retrieval has produced relevant, current evidence. Missing context that can be repaired triggers a targeted clarification request. Retrieval failure, outdated evidence or conflicting authoritative sources are surfaced rather than fabricated or resolved autonomously. Each specialist is an agent rather than a prompt persona because it has a bounded objective, access to domain-specific retrieval or calculation tools, task state and a structured output contract containing findings, evidence references, assumptions, uncertainty and blocking conditions. The supervisor then decomposes the task, dispatches agents, checks completion, requests re-analysis when findings conflict, and either synthesises a conditional recommendation or withholds the recommendation for human action.
The Cost Agent examines quantity, rate, procurement and variation implications. The Programme Agent assesses lead time, sequencing, approval duration and critical-path exposure. The Embodied Carbon Agent evaluates quantity and boundary-consistent emission data, including product-specific environmental product declarations where available. The Compliance Agent checks specifications, standards, contractual requirements, sustainability commitments and approval conditions.
Constraint-aware synthesis means evidence-linked comparison and constraint checking, not automatic multi-criteria optimisation. Mandatory regulatory, structural, safety and specification requirements operate as gates. Cost, programme and embodied-carbon effects are reported with evidence, uncertainty and user-defined tolerances. Missing decision parameters trigger targeted clarification; unresolved ambiguity, retrieval failure, conflicting authoritative sources, absent provenance or numerical mismatch trigger recommendation withholding and referral to the relevant human gate. At minimum, an implementation should enforce retrieval before substantive reasoning, route numerical questions to typed data or calculation tools, prohibit unsupported completion, report retrieval failure explicitly, and surface conflicting authoritative evidence without autonomous arbitration. Table 2 summarises these controls.

Table 2: Minimum evidence-handling and execution controls for an operational implementation.
	Control
	Minimum implementation requirement
	System and human response

	Evidence routing
	Use typed data or calculation tools for quantities, rates, dates and carbon factors; use semantic retrieval for narrative sources
	Routing mismatch or ambiguity is returned to Gate 1 for correction or clarification

	Retrieval before reasoning
	Do not issue a substantive finding without retrieved or calculated project evidence
	Report retrieval failure explicitly and withhold the affected dimension

	Targeted clarification
	Test for missing critical decision parameters before specialist dispatch
	Ask a specific clarification question; unresolved ambiguity leads to recommendation withholding

	Provenance and currency
	Retain source, page or section, version, value, unit, functional unit and boundary; invalidate superseded evidence
	Gate 1 rejects or corrects stale evidence and triggers reprocessing

	Numerical integrity
	Use exact values and units from typed sources; prohibit inferred numerical completion
	Flag missing or inconsistent values rather than estimating them

	Conflict handling
	Surface conflicting authoritative evidence without autonomous arbitration
	Gate 2 or Gate 3 determines interpretation, evidence request or escalation

	Output control
	Return findings, evidence, assumptions, uncertainty and blocking conditions
	Issue a conditional recommendation or a recommendation-withheld state; Gate 3 retains final authority


The retrieval-grounded single large language model comparator sits outside the operational pathway and uses the same exact model and version, evidence package, retrieval settings, tools, temperature, context limits, output format and comparable token budget. It is not assumed to be inferior. The architecture yields three testable propositions: P1, supervisor-led orchestration is hypothesised to improve coverage of the four dimensions and detection of cross-dimensional conflicts; P2, structured specialist outputs and targeted clarification are hypothesised to improve source traceability, numerical precision and evidence attribution while reducing unsupported claims; and P3, these gains may increase latency, token use and inference cost.
3.3 Layer 3: Auditable decision-support outputs
Layer 3 converts the synthesis into an auditable decision package rather than a single answer. Outputs include side-by-side option implications, evidence provenance, assumptions, uncertainty, conflicts and blocking conditions. Before a final output state, the supervisor may issue a targeted clarification request where missing context can be repaired. The operational architecture then emits either a conditional recommendation with explicit conditions and supporting evidence, or a recommendation-withheld state that classifies the blocking condition as missing context, retrieval failure, outdated evidence, conflicting authoritative sources, numerical incompleteness or functional-unit or life-cycle-boundary incompatibility. Approval, rejection, requests for additional evidence and escalation remain Gate 3 human actions rather than autonomous system decisions. This layer preserves traceability from a decision-facing statement back to the evidence and specialist output that supports it. Each material finding should identify the source, page or section, version, value and unit, evidence status and any relevant life-cycle boundary. Conflicting authoritative sources are presented side by side for Gate 2 or Gate 3 resolution rather than collapsed into one answer. A recommendation-withheld notice should name the failure category and the evidence required to resume analysis.
3.4 Human decision authority and review
Human review is implemented through three gates aligned with the architecture. Gate 1 accepts, rejects or corrects project evidence and confirms whether critical decision parameters are present. Gate 2 challenges agent reasoning, retrieval and tool selection, clarification quality, assumptions or interpretation, and may request re-analysis or override a finding. Gate 3 approves, rejects, requests additional evidence or escalates the final output. Each gate records the reviewer, evidence considered, action and rationale, creating an auditable decision trail while retaining formal decision authority with qualified professionals. Gate 2 routes challenges back to the supervisor, while Gate 3 returns the reviewed decision and rationale to the project evidence layer. This feedback supports correction of outdated carbon factors, missing clauses, erroneous extractions and misclassified data. It does not guarantee safe use. Human reviewers may still exhibit automation bias, while clarification may fail through under-clarification, over-clarification or irrelevant questions. AI cannot assume responsibility for engineering judgement, contractual interpretation, procurement approval or sustainability reporting.

4. ILLUSTRATIVE DESIGN SCENARIO 
This scenario is illustrative and is used to show the intended information flow, control logic and human review points; it is not an empirical test of system performance. Consider a late-design proposal to replace a conventional reinforced-concrete floor-slab mix in a mid-rise commercial building with a supplementary cementitious material mix. The decision question is whether the project should adopt the alternative after considering cost, programme, embodied carbon and compliance. The evidence package includes concrete quantities and rates, the planned pour date, specification and durability requirements, supplier data, product-specific environmental product declarations, approval requirements and the project carbon target. Before specialist dispatch, Gate 1 checks whether the strength class, exposure classification, functional unit, EPD boundary, supplier identity and document currency are specified. If a critical parameter is missing, the supervisor requests targeted clarification rather than inferring it.
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Figure 2. Runtime decision and control sequence for the illustrative low-carbon concrete substitution. 

After Gate 1 and any required clarification, the supervisor dispatches the option to four specialists. The Cost Agent checks price and variation exposure; the Programme Agent tests prequalification, availability and sequencing; the Embodied Carbon Agent compares functionally equivalent A1-A3 data; and the Compliance Agent checks strength, durability, specification and approval. Gate 2 may challenge evidence, tool routing, clarification quality or assumptions before constraint-aware synthesis. The system then issues either a conditional recommendation or a recommendation-withheld state; Gate 3 retains approval, evidence-request and escalation authority.
Table 3 presents illustrative output states for the hypothetical low-carbon concrete substitution scenario.. It is not a system-generated result or empirical performance output. The values are hypothetical assumptions used only to illustrate how the proposed architecture would structure evidence, conditions and recommendation-withholding logic. Option B assumes a 25% A1-A3 reduction, a 6% package-cost premium and 7 to 10 working days for approval when prequalified; a project-specific trial may require a 28-day test cycle. Any conditional recommendation shown in the table remains dependent on functional equivalence, boundary-consistent EPD evidence, supplier availability and cost tolerance. A clarification-required state is shown where critical decision parameters are missing, and specialist analysis resumes only after those parameters are supplied. If retrieval fails or evidence remains outdated, conflicting or incompatible after clarification, the system withholds the recommendation for Gate 3 review. 

Table 3: Illustrative output states for a hypothetical low-carbon concrete substitution scenario.
	Decision state
	Cost
	Programme
	Embodied carbon
	Compliance and evidence
	Illustrative output state

	Option A: conventional mix
	Baseline concrete-package cost
	No additional delay
	Baseline A1-A3 result
	Specified and approved
	Lowest delivery risk, weakest carbon outcome

	Option B: low-carbon mix
	+6% concrete-package cost, illustrative supplier-quote assumption
	7-10 working days if prequalified; at least one 28-day trial cycle if project-specific
	About 25% A1-A3 reduction, assuming equal volume and equivalent performance
	Confirm strength, durability, exposure class, specification, EPD boundary and supplier evidence
	Prefer only if approval, supply, evidence and cost tolerance are confirmed

	Clarification required
	Not analysed
	Not analysed
	Not analysed
	Strength class, exposure class, functional unit, EPD boundary or supplier identity is missing
	Request targeted clarification; resume analysis only when critical parameters are supplied

	Evidence-insufficient state
	Not calculated
	Decision paused pending evidence
	Not calculated
	Retrieval failure, outdated evidence, conflicting sources, numerical incompleteness or boundary incompatibility remain after clarification
	Recommendation withheld; Gate 3 determines whether to request evidence, reject or escalate



5. DISCUSSION AND EVALUATION PROTOCOL 
Recent construction agentic RAG research has already demonstrated adaptive tool routing, proactive clarification, source-grounded retrieval and explicit failure reporting in safety decision support (Corneli et al., 2026). The contribution of the present paper is not those mechanisms individually. It is their problem-driven configuration within supervisor-led specialist reasoning across cost, programme, embodied carbon and compliance, heterogeneous project-evidence handling, staged human decision rights, explicit refusal conditions and a same-evidence comparator that makes the orchestration claim testable. Within the reviewed systems, no study was identified that combines this complete configuration. The architecture also introduces risks beyond those of a single model. Specialists may share the same model and evidence base, so their errors can be correlated rather than independent. The supervisor may propagate or conceal those errors, while additional agents increase coordination complexity, latency and inference cost. Evidence routing may misclassify numerical and narrative sources, document updates may fail to invalidate stale data, and clarification may be too weak, too generic or unnecessary. Human review does not automatically prevent automation bias or superficial approval. The proposed controls are therefore design intentions that require implementation and evaluation.
Validation should use a gold-standard project corpus annotated for the expected source, page or section, value, unit, functional unit or life-cycle boundary, decision dimension, evidence conflict and required clarification. Three conditions should be compared: a retrieval-grounded single-LLM comparator, specialist agents without supervisor synthesis, and the complete supervisor-led architecture. All conditions should use the same model version, evidence package, retrieval settings, tools, temperature, context limits and output constraints, with repeated runs to assess variability. Outputs from the three conditions should be assessed using a common rubric so that the same criteria are applied consistently across configurations. Each criterion can be scored on a three-point scale: 0 = absent or incorrect, 1 = partially addressed, and 2 = complete, accurate and supported by evidence. Each scenario should include fully specified and deliberately under-specified variants to test whether the system requests necessary clarification rather than completing missing context. P1 should be tested through decision-dimension coverage and cross-dimensional conflict detection. P2 should be tested through source-traceability accuracy, exact numerical precision, evidence completeness, unsupported-claim rate, clarification precision and recall, and post-clarification correctness. P3 should be tested through latency, token use and inference cost. Quantity surveyors, planners, sustainability specialists, engineers and project managers should then assess usefulness, traceability, confidence calibration and the adequacy of escalation. Later case studies can test performance with real project documents and commercial constraints.

6. CONCLUSION AND FUTURE WORK
This paper contributes a conceptual reference architecture for evidence-grounded, net-zero-aligned construction decisions. Its distinctive proposition is the coordinated combination of heterogeneous project-evidence handling, supervisor-led specialist analysis across cost, programme, embodied carbon and compliance, targeted clarification and explicit refusal conditions, staged human decision authority, and a same-evidence single-model comparator for controlled evaluation. The concrete walkthrough illustrates information flow, clarification, conditional synthesis and recommendation withholding, but does not provide empirical evidence of performance. Future work will test the proposed architecture as a prototype and apply the evaluation protocol outlined. This would allow the supervisor-led configuration to be compared with a retrieval-grounded single-LLM baseline and a specialist-agent configuration without supervisor synthesis, using equivalent project evidence, model settings and decision scenarios. 
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