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Abstract 

 
This paper examines how large language models can be embedded in governable agentic workflows for defence decision 

support. It argues that reliability and accountability in such systems depend on workflow architecture, not only on model 

capability. Building on the author’s earlier I→E→R model, the paper proposes an audit-first governance framework with 

three layers: explicit task decomposition, evidence grounding with provenance, and bounded control with logging and 

authorization gates. The framework is specified through five inspectable roles, four design variables, and bounded autonomy 

as the guiding design principle. The contribution is conceptual: it defines conditions under which agentic analytical processes 

can remain transparent, traceable, reconstructable, and auditable, and prepares the framework for later case-study or proof-

of-concept evaluation. 
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1. Introduction 

 

 Large Language Models (LLMs) are increasingly used as the reasoning engine of agentic workflows: multi-step 

pipelines in which a model coordinates planning, retrieval, tool use, and iterative refinement with partial autonomy over 

sequencing [1, p. 3; 2, p. 2, 18]. In defence decision support, this creates a procedural problem. Analytical outputs used under 

uncertainty and command responsibility must remain inspectable, attributable, and open to intervention, yet agentic workflows 

distribute error across planning, evidence selection, tool calls, synthesis, and review. 

 Model-level risks are already familiar: LLMs can generate unsupported or overconfident claims [3, p. 5; 4, p. 7]. Agentic 

workflows add workflow-level risks, including cumulative uncertainty, tool-mediated failures, and broader attack surfaces [5, p. 

2; 6, p. 3]. Human oversight is not a complete answer unless the process exposes errors in a form that operators can detect and 

contest [7, p. 8–9, p. 3]. For defence organizations, this makes workflow design a governance issue, because review, 

responsibility, and timely intervention depend on records of how an output was produced [10, p. 3; 11, p. 39]. 

 This paper addresses that governance gap. It builds on the author’s I→E→R model [12], which linked Integration, 

externalization, and Process Rigour in agentic analytical work, but did not specify a defence-oriented governance architecture. 

The contribution here is an audit-first framework that translates externalization into three layers, five inspectable roles, four 

design variables, and a bounded-autonomy principle. 

 The risk landscape motivating the framework is summarized in Figure 1. Section 2 positions the argument in the relevant 

literature. Section 3 explains the constructive synthesis method. Section 4 presents the framework and an illustrative workflow. 

Section 5 evaluates the framework, draws implications, and states limitations. 
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Fig. 1. Risk landscape for agentic workflows. The figure maps workflow capabilities to failure modes and to the control layers 

proposed in this paper. Source: Author. 

 

2. Background 

 

 The analytical starting point is the I→E→R model [12]. In that model, Integration denotes the embedding of agentic 

components into analytical procedure, externalization the capture of intermediate reasoning artefacts, and Process Rigour the 

discipline of the final product. The model explains why externalization matters; this paper specifies how it can be operationalized 

for defence workflows. 

 Three literature streams inform the framework. Work on agentic architecture supplies the vocabulary of planning, 

retrieval, tool use, memory, and coordination [1; 2; 13, p. 2]. Retrieval-grounded reasoning and provenance literature motivate 

explicit evidence binding and caution that provenance alone does not guarantee evidential adequacy [14, p. 2–16, p. 2]. 

Governance and assurance literature defines the institutional constraints of risk management, oversight, traceability, and 

lifecycle control [10, p. 3; 11, p. 39; 17, p. 5; 18, p. 4]. 

 

3. Methods 

 

 This paper uses constructive conceptual synthesis. The procedure is not a systematic literature review; it draws 

requirements and component vocabularies from existing work and integrates them into a governance specification. The resulting 

claim is conceptual: the framework identi-fies conditions for governable defence-oriented workflows but does not show 

empirically that compliant systems produce better outputs. 
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 The synthesis proceeds in four steps. First, it defines the defence decision-support problem in terms of workflow-level 

failure modes and governance requirements. Second, it derives design requirements from the three literature streams identified 

above. Third, it translates those requirements into the audit-first framework, mapping each requirement to a layer, role, or design 

variable. Fourth, it evaluates the result against three criteria. 

 Coherence asks whether the layers, roles, and variables form a consistent whole. Completeness asks whether the 

framework covers the derived requirements, with gaps noted where coverage is partial. Plausibility asks whether the control 

logic fits documented governance structures, especially NATO AI principles [10, p. 3], the EU AI Act requirements for high-

risk systems [18, p. 4], and UK defence AI assurance guidance [11, p. 39]. 

 The evaluation does not involve workflow execution, comparative case analysis, or expert elicitation. It is intended to 

make later empirical testing more precise. 

 

 

Fig. 2. Constructive synthesis procedure. The figure summarizes how the I→E→R model and three literature streams 

are translated into design requirements, evaluation criteria, and the audit-first framework. 

 

4. Results 

 This section presents the audit-first framework and an illustrative workflow. Both are conceptual outputs of the synthesis 

procedure; neither is an empirically validated system. 

 

4.1 Audit-First Framework 

 

The framework translates the externalization emphasis of the I→E→R model [12] into a three-layer governance 

architecture. Figure 2 presents the layers, roles, design variables, and authorization logic; Figure 3 later shows an end-to-

end instantiation. 
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Fig. 3. Three-layer audit-first framework for governable agentic workflows. The figure shows the three control 

layers, five roles, four design variables, and authorization gate. 

 

 The framework has three dependent layers. Layer 1, explicit task decomposition, turns a broad request into a task graph 

of sub-problems, required outputs, and role assignments. Layer 2, evidence grounding with provenance, requires generated 

claims to be linked to retrieved documents, tool outputs, or other inspectable artefacts. Layer 3, bounded control and logging, 

records sequencing, escalation, authorization, and release decisions. Layer 1 fixes the scope for Layer 2; Layer 2 produces the 

provenance records that Layer 3 logs and gates. 

 Reasoning is distributed across five inspectable roles. The Planner frames the task and produces the task graph. The 

Retriever gathers evidence for specified sub-questions. The Verifier marks claim as supported, contested, or unsupported. The 

Synthesizer drafts the analytical product from verified artefacts. The Reviewer checks the draft against the task graph, evidence 

coverage, and unresolved uncertainty before authorization. This separation makes failures easier to localize than in a monolithic 

pipeline. 

 Reasoning is distributed across five inspectable roles. The Planner frames the task and produces the task graph. The 

Retriever gathers evidence for specified sub-questions. The Verifier marks claim as supported, contested, or unsupported. The 

Synthesizer drafts the analytical product from verified artefacts. The Reviewer checks the draft against the task graph, evidence 

coverage, and unresolved uncertainty before authorization. This separation makes failures easier to localize than in a monolithic 

pipeline. 

  

 Four design variables govern strictness. Planning depth controls decomposition granularity. Retrieval scope controls 

the breadth and type of admissible sources. Verification strictness sets the evidential threshold for accepting or contesting claims. 

Control constraints define iteration limits, escalation rules, artefact requirements, and authorization checkpoints. Numeric 

thresholds are deployment-specific; the framework fixes the control logic. 
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 The framework uses four related criteria from [12]. Transparency means that a reader can follow the reasoning in the 

output. Traceability means that each assertion can be linked to a source or evidence item. Reconstructability means that the 

inference chain can be assembled later from stored artefacts. Auditability is the institutional form of reconstructability: an 

authorized reviewer can reconstruct a workflow execution under defined retention, provenance, and access rules [19; 20, p. 8]. 

Auditability is the binding constraint; the other three properties are necessary conditions. 

 Bounded autonomy is the principle that agentic automation should be limited to the minimum needed for analytical 

reach while keeping the process reconstructable and under meaningful human control. It is operationalized through maximum 

iteration counts, mandatory authorization checkpoints, required artefact generation, provenance coverage thresholds, and 

escalation thresholds. In Figure 2, the AUTH decision diamond represents the final release gate. 

 The evidence layer treats provenance as necessary but insufficient. A provenance record links a generated claim to the 

source or tool output from which it was derived. In line with W3C PROV, such records support later assessment of quality, 

reliability, and trustworthiness [19, p. 1]. However, retrieval-grounded systems may still miss relevant evidence or rely on 

outdated material [15, p. 1; 16, p. 2]. Reviewers should therefore treat provenance as a condition of accountability, not as proof 

that the evidence base is complete or unbiased. 

 As an illustration, consider a request asking whether political developments indicate a shift in a country’s alignment 

toward a rival bloc. The Planner separates events, official positions, and independent assessments. The Retriever logs 

government statements, news reports, and policy commentary. The Verifier marks a reported public statement as supported but 

marks a formal policy shift as contested because no policy document is available. The Synthesizer carries forward the supported 

claim and uncertainty; release occurs only after review and authorization. The point is not the scenario itself, but the prevention 

of a plausible unsupported inference from silently entering the product. 

 

1.1 Illustrative Workflow 

 

 Figure 4 expands the framework into an end-to-end workflow from task intake to released brief. It is an illustrative design, 

not a universal reference model or existing system. The lanes separate Human Authority, Agentic Workflow, Tools, and 

Storage/DB; solid arrows show process flow and dashed arrows show artefact storage¨ 

 The workflow proceeds in six stages: task intake, planning and scope approval, retrieval and provenance capture, 

verification and escalation, synthesis and review, and release authorization. Each stage produces a named artefact, such as a 

session log, task graph, source log, claim table, draft artefact, review record, or authorization record. These artefacts persist 

independently of the execution and can be assembled into an audit trail. 

 The influence of structured analytical tradecraft is limited to three analogues: explicit task framing, evidence testing 

before synthesis, and independent review at consequential transition points [21, p. 311; 22, p. 18]. The workflow adapts these 

principles to an agentic computational setting by making intermediate artefacts and human authorization points persistent. 
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Fig. 4. Analyst-to-brief workflow. The figure shows how roles, artefacts, storage, and authorization gates can be arranged in an 

inspectable analytical process. 
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5. Discussion 

 

 This section evaluates the framework conceptually, draws implications for practice and research, and states limitations. 

 

5.1. Framework Evaluation 

 

 The framework is coherent because its layers address distinct governance functions: scope, evidence, and control. The 

five roles have separable functions and artefact outputs, while the four variables map to the layers without redundancy. The 

dependency relation is also consistent: evidence handling presupposes a task graph, and controlling logging presupposes 

provenance records. 

 It is complete with respect to the derived requirements. Agentic architecture concerns are covered by role 

decomposition and planning depth. Retrieval and provenance concerns are covered by the evidence layer and verification 

strictness. Governance concerns are covered by bounded control, logging, and authorization. One partial gap remains: the 

framework requires provenance coverage thresholds but does not define a method for calculating them. It is plausible against 

the institutional reference standard. Human authorization and traceability fit NATO AI principles [10, p. 3]. Bounded autonomy 

and logging align with EU AI Act requirements for high-risk systems [18, p. 4]. Role separation and artefact retention are 

consistent with UK defence AI assurance guidance on review chains and audit evidence [11, p. 39]. No structural incompatibility 

was identified, although local deployment would require adaptation. 

 

5.2. Implications for Practice and Research 

 

 The first implication is practical: reliability should be assessed as an architectural property. Recent evaluation work 

suggests that error rates and uncertainty depend on how a workflow is structured, observed, and constrained [6, p. 3; 23, p. 9]. 

Planning depth reduces scope ambiguity, provenance exposes support relations, and control constraints limit unchecked 

propagation of earlier mistakes. The assessment question therefore shifts from how capable the model is to how is the workflow 

designed. 

 The second implication is organizational: role separation supports fault localization and mean-ingful human control. A 

logged distinction between planning, retrieval, verification, synthesis, and review makes it possible to identify where a failure 

entered the pipeline [2; 13, p. 2]. Effective oversight also requires intelligible artefacts, intervention points, and authority to 

interrupt or redirect the process [9, p. 3; 11, p. 39; 18, p. 4; 24, p. 6]. This creates a governance-throughput trade-off. Manual 

review maximizes control but limits speed, while maximal automation increases throughput but weakens institutional 

defensibility. The target state is therefore bounded autonomy: enough orchestration to support analysis, with architecturally 

enforced gates at scope approval, synthesis, and release. The third implication is methodological: auditability cannot be added 

after output generation. Audit literature emphasizes process evidence, documentation, and independence over persuasive 

narrative alone [20, p. 8]. In this framework, auditability arises from the joint presence of task graphs, provenance records, logs, 

and authorization events. If those artefacts are not captured during execution, they cannot be reconstructed reliably later. 

 For research, benchmark performance is only one input into assessment. A governable workflow must be evaluated for 

output quality and for reconstructable process evidence, including the set-tings of planning depth, retrieval scope, verification 

strictness, and control constraints. Existing LLM and agent evaluations remain fragmented [23, p. 9; 25, p. 2], while defence 

deployment also requires fit with review chains, doctrine, and command-authority structures [10, p. 3; 11, p. 39]. 

 

5.3. Limitations 

 

 This study does not empirically validate the framework. It specifies governance conditions for agentic defence 

workflows, but does not establish that compliant systems produce more accurate assessments or better decisions. The next step 

is a case study or proof-of-concept evaluation comparing workflows with and without the three layers instantiated, measuring 

both output quality and audit trail completeness. The framework also abstracts from implementation constraints. Context-

window limits, model-specific provenance handling, retention rules, and classification constraints may reduce the feasibility of 

persistent artefact capture or full audit logging. Any deployment would require local gap analysis before compliance conditions 

can be treated as achievable. Construct validity is a further limitation. Bounded autonomy and the transparency–traceability–

reconstructability–auditability distinction need to be tested against practitioner understanding and operational doctrine. Future 

work should examine whether analysts, system designers, and auditors interpret these constructs consistently. 

 Adversarial risks are summarized but not resolved. Tool-using and retrieval-dependent systems remain exposed to 

prompt injection, poisoned evidence pools, and provenance manipulation [26, p. 1–30, p. 1]. The framework addresses 

governance under normal operating conditions; adversarial assurance remains a separate research task. 

 

6. Conclusion 

 

 This paper argued that reliability and accountability in agentic analytical workflows are archi-tectural properties. For 

defence decision support, the relevant governance question is not only what an LLM can generate, but how the workflow plans, 

retrieves, verifies, synthesizes, logs, and authorizes its outputs. 
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 The contribution is an audit-first governance framework that operationalizes the I→E→R model’s externalization 

insight through explicit task decomposition, evidence grounding with provenance, and bounded control with logging and 

authorization. Five roles, four design vari-ables, and bounded autonomy make the process inspectable and constrain where 

unsupported claims can enter. The conceptual evaluation found the framework coherent, complete with respect to the derived 

requirements, and plausible against NATO, EU AI Act, and UK defence assurance guidance. It does not prove empirical 

superiority. It specifies the conditions under which agentic analytical workflows can remain institutionally defensible and 

prepares the design for proof-of-concept testing. 
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