
 

 

INTRODUCTION 

Retrieval-augmented generation (RAG) conditions language-model inference on externally 

retrieved evidence and thereby mitigates documented limitations of purely parametric knowledge, 

including temporal staleness, incomplete coverage of long-tail facts, and limited provenance (Kandpal 

et al., 2023; Mallen et al., 2023). Its technical foundations include end-to-end trained retriever-generator 

formulations (Lewis et al., 2020; Guu et al., 2020; Izacard & Grave, 2021) and in-context retrieval over 

frozen models (Ram et al., 2023). Empirical evidence further indicates that retrieval augmentation can 

reduce hallucination relative to closed-book generation (Shuster et al., 2021). Collectively, these 

developments establish RAG as a mechanism for extending model access to externally verifiable 

information. 

RAG encompasses several architectural families rather than a single implementation pattern. The 

retrieve-then-read formulation (D. Chen et al., 2017) has developed into jointly trained retriever-

generator models (Lewis et al., 2020; Guu et al., 2020; Izacard & Grave, 2021; Borgeaud et al., 2022), 

in-context retrieval over frozen models (Ram et al., 2023; W. Shi et al., 2023), iterative and active 

retrieval interleaved with reasoning (Trivedi et al., 2023; Jiang et al., 2023), agentic systems in which 

a planning model determines retrieval actions (Singh et al., 2025), and graph-based approaches that 

retrieve over entity and community structures (Edge et al., 2024). Contemporary surveys distinguish 

naive, advanced, and modular configurations (Y. Gao et al., 2024a), with modular RAG extending this 

classification through reconfigurable operator graphs (Y. Gao et al., 2024b). The underlying retrieval 

technologies include lexical ranking (Robertson & Zaragoza, 2009), dense passage retrieval (Karpukhin 

et al., 2020), late interaction (Khattab & Zaharia, 2020), cross-encoder reranking (Nogueira & Cho, 
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Abstract 
Organizations increasingly employ language models for the analysis of contracts, regulatory 

filings, technical manuals, and clinical guidance, where unsupported or misattributed statements 

create material reliability risks. Retrieval-augmented generation (RAG) mitigates some limitations 

of parametric models by conditioning generation on external evidence, but existing architectures 

vary substantially in retrieval, control, attribution, and verification mechanisms. Many 

implementations do not preserve sentence-level provenance or provide stage-level diagnostics for 

unsupported outputs. This study develops a conceptual RAG architecture using a design-oriented 

research method and a structured narrative synthesis of literature on retrieval, failure modes, 

mitigation, measurement, and governance. The synthesis yields eight requirements for grounded 

document analysis and informs a modular architecture comprising structure-aware segmentation, 

hybrid indexing, query planning, retrieval, reranking, provenance-preserving evidence assembly, 

citation-mandatory generation, and claim-level verification. The architecture specifies evidence-

sufficiency and claim-verification gates, bounded repair, and single-pass, iterative, and abstaining 

execution policies. Its principal contribution is an explicit system specification that integrates span-

level attribution, structural preservation, conflict transparency, calibrated abstention, and stage-

level telemetry. Because no implementation or empirical benchmark is reported, the proposed 

mechanisms are treated as design propositions. Seven testable hypotheses and a four-phase 

evaluation protocol are specified for subsequent empirical assessment. 
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2019), and large-scale vector indexing (Johnson et al., 2021; Malkov & Yashunin, 2020). Cross-domain 

benchmarks nevertheless show that retrieval quality remains domain-dependent (Thakur et al., 2021). 

The present study therefore focuses on a modular architecture compatible with both in-context and 

iterative execution. 

Retrieval access alone does not establish evidentiary fidelity. Engineering studies of deployed 

systems document failures involving missing content, ranking errors, context consolidation, incorrect 

specificity, and specification drift between pipeline stages (Barnett et al., 2024). Behavioral benchmarks 

likewise show reduced reliability in the presence of noisy, absent, or conflicting evidence (J. Chen et 

al., 2024; Longpre et al., 2021; Xie et al., 2024), while long-context studies identify positional underuse 

of relevant evidence and degradation caused by irrelevant material (Liu et al., 2024; F. Shi et al., 2023). 

Attribution studies further demonstrate that generated citations may fail to support the associated claims 

(T. Gao et al., 2023; Rashkin et al., 2023). These observations are consistent with broader analyses of 

hallucination (Ji et al., 2023; Huang et al., 2025) and temporal degradation of parametric knowledge 

(Lazaridou et al., 2021). In legal, regulatory, technical, and clinical settings, such failures directly affect 

reliability, traceability, and auditability. Empirical studies in law and medicine illustrate the resulting 

risk profile (Dahl et al., 2024; Singhal et al., 2023), while regulated deployment additionally requires 

reconstruction of the evidence and system configuration underlying released outputs (Ominyi et al., 

2026; Nwakamma et al., 2024a). 

Mitigation methods are distributed across distinct stages of the RAG pipeline. Query 

decomposition, planning, and rewriting improve evidence acquisition (Press et al., 2023; Trivedi et al., 

2023; Ma et al., 2023), as do active retrieval (Jiang et al., 2023) and methods designed to reduce 

sensitivity to irrelevant context (Yoran et al., 2024). Self-reflective and corrective approaches address 

grounding during generation (Asai et al., 2024; Yan et al., 2024), whereas post-hoc verification and 

revision target unsupported generated content (Dhuliawala et al., 2024; Gou et al., 2024; Peng et al., 

2023; Madaan et al., 2023; L. Gao et al., 2023). Uncertainty estimation provides additional signals for 

gating and abstention (Manakul et al., 2023; Kuhn et al., 2023; Farquhar et al., 2024; Kadavath et al., 

2022), subject to calibration constraints (Guo et al., 2017). Measurement methods have developed in 

parallel through claim-level factuality scoring (Min et al., 2023), attribution and citation-quality metrics 

(Rashkin et al., 2023; T. Gao et al., 2023), factual consistency classifiers (Kryscinski et al., 2020; Laban 

et al., 2022; Honovich et al., 2022), and composed-system evaluation suites (Es et al., 2024; Saad-

Falcon et al., 2024). These methods provide substantial stage-specific coverage but do not, individually, 

define system-level release conditions. 

A complementary literature addresses governance requirements for AI systems operating in 

regulated or high-accountability environments. Research on responsible AI governance, organizational 

readiness for the European Union's Artificial Intelligence Act, and enterprise AI governance emphasizes 

traceable evidence, reviewability, and institutional accountability (Ominyi & Anichukwueze, 2024; 

Ominyi et al., 2024b; Ominyi et al., 2026). Related studies address algorithmic accountability and 

model risk management in financial services (Ominyi & Anichukwueze, 2023), privilege and 

confidentiality in enterprise language-model deployment (Ominyi et al., 2025c), data integrity in 

regulated life sciences (Aneke et al., 2023), evidence chains in cross-border financial auditing (Agu et 

al., 2023), and accountability structures for AI-driven health management (Afrihyia et al., 2024). Data-

governance research contributes sensitivity classification, regulatory traceability, compliance-oriented 

lakehouse governance, and legal and ethical risk modeling (Aliliele et al., 2024; Aliliele et al., 2025b; 

Mbonu et al., 2018). Assurance research contributes continuous auditing, compliance analytics, 

analytics-supported audit quality, and control automation (Aliliele et al., 2025a; Akomolafe et al., 2025; 

Ozowara et al., 2025; Mbonu, Aliliele, et al., 2022). Research on model-based judging and human-in-

the-loop evaluation further identifies calibration bias and expert disagreement as measurable 

governance concerns (Nwakamma et al., 2024a; Ladapo et al., 2022; Ladapo et al., 2026). These 

findings support explicit requirements for traceability, controlled release, and post hoc review in a 

grounded RAG architecture. 

Existing integrative frameworks address these requirements only partially. Modular RAG 

represents pipelines as reconfigurable operators and flows (Y. Gao et al., 2024b), but does not define 

attribution, verification, or abstention as mandatory release conditions. Self-reflective generation 

internalizes support judgments within the generator (Asai et al., 2024), which limits their independence 

as externally auditable controls. Corrective retrieval evaluates and repairs retrieved evidence (Yan et 



  Scripta Technica: Journal of Engineering and Applied Technology 

Vol 2 No 2 December 2026 

 

 

al., 2024) without requiring claim-level verification of the final output. Agentic designs provide flexible 

control flow (Singh et al., 2025), although their grounding behavior depends on agent decisions and 

may therefore be more difficult to audit consistently. The resulting gap concerns the absence of an 

integrated specification that combines provenance, verification, conflict handling, abstention, and stage-

level observability as enforceable architectural properties. 

The unresolved research problem is the absence of a system-level RAG architecture that 

composes retrieval, grounding, and verification mechanisms under explicit release constraints. Such an 

architecture requires (a) binding each released claim to an immutable and auditable document span, (b) 

conditioning release on evidence-sufficiency and claim-verification criteria, and (c) attributing failures 

to specific pipeline stages through standardized telemetry. Explicit module contracts and release gates 

are therefore required to operationalize grounding as a verifiable system property rather than an implicit 

behavior of the generative model. 

Accordingly, the study addresses four research questions. RQ1: Which requirements must a RAG 

architecture satisfy to support grounded analysis of high-stakes documents, and which documented 

failure evidence motivates each requirement? RQ2: To what extent do representative existing RAG 

architectures satisfy these requirements as enforceable architectural properties rather than optional 

behaviors? RQ3: What modular architecture, expressed through module contracts, typed interfaces, 

release gates, and execution policies, can operationalize these requirements? RQ4: Which hypotheses 

and evaluation procedures are required to make the architecture's central claims empirically falsifiable? 

The study contributes an architecture-level synthesis in four respects. It derives eight 

requirements for grounded document analysis from documented failure modes and deployment 

constraints; comparatively evaluates seven representative RAG architectures against those 

requirements; specifies a modular reference architecture with typed interfaces, immutable span identity, 

explicit release gates, a verification-verdict taxonomy, and bounded repair; and formulates seven 

testable hypotheses with a four-phase empirical evaluation protocol. The contribution is intentionally 

limited to architectural specification and analytical evaluation rather than demonstrated performance 

improvement. 

The scope of inference is therefore restricted to the internal coherence, traceability, and testability 

of the proposed design. Claims concerning realized improvements in attribution accuracy, hallucination 

reduction, latency, cost, or operational robustness require implementation and empirical validation. 

 

RESEARCH METHOD 

Research Design 

A conceptual, design-oriented research design was employed. The study follows the model-

oriented form of conceptual research, which develops a framework that specifies relationships among 

constructs rather than reporting primary observations (Jaakkola, 2020), and adopts the design-science 

view that an architecture specification constitutes a research artifact whose utility requires subsequent 

evaluation (Hevner et al., 2004; Peffers et al., 2007). Consistent with the distinction between ex ante 

and ex post evaluation in design science (Venable et al., 2016), the present analysis evaluates the 

internal coherence and requirement coverage of the architecture ex ante, while empirical effectiveness 

is reserved for a separately specified validation protocol. This design is appropriate because the research 

questions concern architectural requirements and their formal composition rather than observed system 

performance. 

 

Literature Identification 

Literature was identified through structured searches of the ACL Anthology, arXiv (cs.CL and 

cs.IR categories), the ACM Digital Library, IEEE Xplore, and Google Scholar. Search strings combined 

a RAG term ("retrieval-augmented generation", "retrieval augmented", "open-domain question 

answering") with one of four strand terms: failure ("hallucination", "faithfulness", "knowledge 

conflict", "failure"), mitigation ("verification", "self-reflection", "query decomposition", "reranking", 

"abstention", "uncertainty"), measurement ("attribution", "citation", "factual consistency", 

"evaluation"), or architecture ("modular", "agentic", "pipeline", "framework"). The core search window 

was 2017 to 2025, beginning with the retrieve-then-read formulation (D. Chen et al., 2017). Seminal 

earlier works, such as probabilistic relevance ranking and calibration studies, entered through backward 

and forward snowballing from included papers (Wohlin, 2014). The governance strand was identified 
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by targeted searches combining AI governance, audit, traceability, and regulatory compliance terms 

with the document domains the framework targets. 

 

Selection Criteria 

Machine-learning sources were included if they (a) proposed, analyzed, or evaluated a RAG 

stage, a failure mode of evidence-conditioned generation, a mitigation, or a measurement instrument 

for attribution or faithfulness; (b) were published in a peer-reviewed venue or were widely cited 

preprints; and (c) described their mechanism in sufficient technical detail to determine the stage at which 

it operates. Governance sources were included if they articulated requirements for traceability, 

auditability, review, or release decisions in regulated or high-accountability settings. Sources were 

excluded if they addressed open-ended conversational generation without an evidence component, 

provided no mechanism-level detail, or duplicated a more complete version of the same work. 

 

Synthesis Procedure 

The literature was synthesized using the narrative-synthesis procedure described by Popay et al. 

(2006). The first operation coded each source according to pipeline stage, documented or addressed 

failure mode, mechanism, evidence type (benchmark, field measurement, or design argument), and 

emitted signal. The second mapped failure modes to their stage of origin and linked mitigation methods 

to the failures they address, thereby identifying stage-specific concentrations of mitigation techniques. 

The third translated this mapping into architectural requirements through a traceability rule under which 

a requirement was retained only when supported by at least one documented failure mode and one 

deployment constraint. The fourth examined the robustness of the resulting requirements against 

counter-evidence and through comparative assessment of representative existing frameworks. 

 

From Requirements to Architecture 

Translation of the requirements into architecture followed three design rules. Stage alignment 

places a module boundary at each point where the failure literature identifies a distinct failure mode, 

thereby assigning detection responsibility to a defined component. Contract allocation maps every 

requirement to at least one module contract and one telemetry signal. Falsifiability links every 

requirement to an evaluation phase and a testable hypothesis. Table 1 summarizes the resulting 

traceability from motivating evidence to architectural mechanism and empirical test. 

 

Methodological Limitations 

The synthesis is narrative rather than systematic. It did not employ a pre-registered protocol, 

duplicate independent screening, or PRISMA-style study counts; consequently, the literature coverage 

is indicative rather than exhaustive. Coding and requirement derivation also involved author judgment. 

The governance literature includes work from the authors' research network, which may introduce 

selection bias and should be considered when interpreting the synthesis. Ex ante analytical evaluation 

can establish internal consistency and specification completeness but cannot establish empirical 

effectiveness. The latter remains dependent on implementation and controlled evaluation. 

 

RESULT AND DISCUSSION 

The design-oriented synthesis produced four categories of analytical output: requirements for 

grounded document analysis, a comparative assessment of representative RAG frameworks, a modular 

reference architecture, and a set of falsifiable hypotheses with an associated evaluation protocol. The 

results are therefore conceptual and analytical rather than measurements of implemented system 

performance. Interpretation focuses on whether the proposed mechanisms form a coherent architecture 

for preserving provenance, constraining release, localizing failure, and supporting subsequent empirical 

validation. 

 

Requirements for Grounded Document Analysis 

Eight requirements were derived for grounded document analysis. R1, evidentiary fidelity, 

requires every released claim to be supported by cited corpus spans at claim granularity, with support 

verified rather than assumed (Rashkin et al., 2023; Min et al., 2023). R2, attribution auditability, 

requires citations to resolve to exact document spans with stable identifiers, enabling direct review of 
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the evidentiary basis for each claim; this function is analogous to chain-of-custody and audit-trail 

mechanisms in regulated distribution and configuration management (Aneke & Adesemoye, 2019; 

Oshoba et al., 2020). R3, structural preservation, requires segmentation and retrieval to retain document 

structures such as clauses, sections, tables, and definitions, because structure contributes materially to 

meaning in analytical documents (Barnett et al., 2024). R4, conflict transparency, requires contradictory 

evidence to be represented explicitly with attribution to the relevant sources rather than resolved 

implicitly by the generator (Longpre et al., 2021; Xie et al., 2024; J. Chen et al., 2024). 

R5, calibrated abstention, requires absent or insufficient evidence to produce a controlled non-

answer or partial answer supported by the retrieval record and calibrated uncertainty signals (Farquhar 

et al., 2024; Kadavath et al., 2022). R6, stage observability, requires each module to emit scores and 

telemetry sufficient to localize failures to pipeline stages (Barnett et al., 2024; Saad-Falcon et al., 2024; 

Mbonu et al., 2019). R7, modularity, requires components to remain replaceable behind typed interfaces 

without cross-stage rewiring (Y. Gao et al., 2024a). R8, configuration traceability, requires the model 

versions, index snapshots, gate thresholds, and other configuration elements associated with a released 

answer to be recorded and reviewable (Ominyi et al., 2026; Ominyi et al., 2024b). 

Table 1 records, for each requirement, the documented failure evidence that motivates it, the 

modules and mechanisms that realize it, and the evaluation phase and hypothesis that would test it. 

 

Table 1. Requirement Traceability: From Failure Evidence To Mechanism And Test 

 

Requirement Motivating failure 

evidence 

Realizing modules and 

mechanisms 

Evaluation phase 

and hypothesis 

R1 Evidentiary 

fidelity 

Citations that do not 

support their claims (T. 

Gao et al., 2023; Rashkin et 

al., 2023) 

Citation-mandatory 

generation (M7); claim-

verification gate (M8); repair 

policy 

Phases 2 and 3; 

H2, H5 

R2 Attribution 

auditability 

Absent provenance in 

parametric and monolithic 

systems (Kandpal et al., 

2023; Barnett et al., 2024) 

Span identity and hashing 

(M1); span-typed interfaces; 

provenance formatting (M6) 

Phases 1 and 2; H1 

R3 Structural 

preservation 

Context-severing 

chunking (Barnett et al., 

2024) 

Canonical document model, 

structure-aware spans, 

reference edges (M1); 

structural metadata (M2) 

Phase 1; H1 

R4 Conflict 

transparency 

Knowledge-conflict 

behavior (Longpre et al., 

2021; Xie et al., 2024) 

Conflict detection (M6); 

attributed disagreement (M7) 

Phase 2 

R5 Calibrated 

abstention 

Fluent answers from 

absent evidence (J. Chen et 

al., 2024) 

Sufficiency gate (M6); verdict 

taxonomy (M8); abstention 

schema 

Phase 2; H3 

R6 Stage 

observability 

Stage-specific failure 

points (Barnett et al., 2024) 

Required telemetry for every 

module (Table 3) 

Phase 4; H6 

R7 Modularity Rapid component turnover 

(Y. Gao et al., 2024a) 

Typed interfaces; format 

adapters; module registry 

Phase 4; H7 

R8 

Configuration 

traceability 

Defensibility requirements 

in regulated settings 

(Ominyi et al., 2026) 

Module registry; 

configuration versioning; 

gate-decision logs 

Phase 4; H4 

Note. M1 to M8 denote the modules summarized in Table 3; H1 to H7 denote the hypotheses 

specified in the evaluation protocol. 

 

Comparison with Existing Modular and Agentic Frameworks 

Seven representative architectures were assessed against the derived requirements. The selected 

systems represent major architectural families and mitigation strategies identified in the literature. 

Ratings were assigned from each framework's published specification rather than reported empirical 

performance. A rating of "Yes" indicates an explicitly specified and externally checkable mechanism; 
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"Partial" indicates a mechanism that is internal to a model, optional, or not coupled to release; "No" 

indicates that no relevant mechanism is specified; and "Varies" indicates implementation-dependent 

behavior. 

 

Table 2. Comparison of Representative RAG Architectures Against The Requirements For 

Grounded Document Analysis 

 

Framework 

(family) 

Claim-

level 

verificati

on at 

release 

Span-

level 

attributi

on 

Structur

al spans 

Conflict 

surfacin

g 

Calibrat

ed 

abstenti

on 

Telemetr

y and 

provena

nce 

Typed 

modular

ity 

Naive and 

advanced RAG 

(Y. Gao et al., 

2024a) 

No No Partial No No No No 

Modular RAG 

(Y. Gao et al., 

2024b) 

No No Partial No No No Yes 

Self-RAG 

(Asai et al., 

2024) 

Partial Partial No No No Partial No 

Corrective 

RAG (Yan et 

al., 2024) 

No No Partial No No Partial Partial 

Iterative and 

active retrieval 

(Trivedi et al., 

2023; Jiang et 

al., 2023) 

No No No No No Partial No 

Post-hoc 

verification and 

revision (L. 

Gao et al., 

2023; 

Dhuliawala et 

al., 2024) 

Partial Partial No No No Partial Partial 

Agentic RAG 

(Singh et al., 

2025) 

Varies Varies Varies Varies Varies Varies Partial 

Proposed 

framework 

(this paper) 

Specified Specified Specified Specified Specified Specified Specified 

Note. Ratings reflect each framework's published specification, not empirical performance. 

"Specified" for the proposed framework denotes an architectural specification whose effectiveness has 

not yet been tested. "Telemetry and provenance" covers stage observability (R6) and configuration 

provenance (R8). 

 

The comparative assessment in Table 2 indicates that none of the reviewed frameworks jointly 

specifies claim-level verification at release, span-level attribution, explicit conflict handling, and 

calibrated abstention. Self-reflective generation includes verification-related behavior but locates the 

support judgment within the generator. Post-hoc revision evaluates generated claims against evidence 

snippets but does not require stable span identity or a structural document model. Modular RAG 

provides a flexible composition mechanism while leaving grounding semantics to the implementation. 
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The comparative result therefore supports the need for an architecture in which these mechanisms are 

defined as interoperable and enforceable contracts. 

 

Architecture Overview 

The framework decomposes the pipeline into eight modules on two planes, coordinated by an 

orchestration layer. The document plane runs ahead of queries: ingestion and segmentation convert 

source files into a structure-preserving span store, and indexing builds lexical and dense representations 

over the spans with metadata. The query plane runs per request: query planning interprets and 

decomposes the request; retrieval executes hybrid search per planned sub-query; reranking refines 

candidate sets; evidence assembly constructs the provenance-preserving context; grounded generation 

produces claim-cited output; and verification checks each claim against its citations before release. 

The orchestration layer sequences modules under declared execution policies: single-pass 

processing for simple lookups, iterative processing when planning or verification requires additional 

evidence (Trivedi et al., 2023; Jiang et al., 2023), and abstention when release criteria are not satisfied. 

Interfaces are typed by span identity; after segmentation, each index entry, candidate, context element, 

citation, and verification verdict references an immutable span identifier. This interface discipline is 

intended to preserve attribution auditability across the pipeline. Related platform-engineering practices 

demonstrate how API governance, infrastructure-as-code, and portable component models can support 

reviewable configuration and component substitution (Aliliele et al., 2023; Mbonu et al., 2020; Ojukwu 

et al., 2025). Table 3 summarizes the eight modules, their contracts, and required telemetry. 

 

Table 3. Module Specification: Contract and Required Telemetry 

 

Module Contract Required telemetry 

1. Ingestion and 

segmentation 

Emit spans aligned to document 

structure, each with source, location, 

version, and hash 

Parse coverage, structure-

preservation flags, span size 

distribution 

2. Indexing Build lexical and dense 

representations over spans with 

structural and governance metadata 

Index snapshot version, coverage 

gaps, embedding model identifier 

3. Query planning Convert a request into a logged, 

inspectable retrieval program of 

scoped sub-queries 

Plan shape, request class, 

decomposition depth, applied scopes 

4. Retrieval Execute hybrid search per sub-query 

with score fusion under plan scopes 

Hit distributions, fused relevance 

mass, calibrated scores 

5. Reranking Refine fused candidates by cross-

encoder scoring 

Rerank deltas, score calibration, 

latency per candidate set 

6. Evidence assembly Deduplicate, detect conflict, order 

by position findings, format with 

visible provenance 

Conflict flags, context composition, 

sufficiency-gate decision 

7. Grounded 

generation 

Emit claims bound to span 

identifiers; render conflict as 

attributed disagreement 

Claim count, citation density, 

uncited-claim rate 

8. Verification Adjudicate every claim-citation pair 

before release; repair or remove 

failures 

Per-claim verdicts, repair outcomes, 

abstention rate, judge calibration 

 

Document Plane: Segmentation and Indexing 

Canonical document model and supported formats 

Because PDF documents, scanned images, HTML, word-processing files, spreadsheets, and 

regulatory databases encode structure differently, the architecture does not assume a single parser. 

Instead, format-specific parsing adapters, each behind the ingestion interface, map sources into one 

canonical document model: a tree of typed nodes (section, clause, list item, definition, table, table cell, 

footnote, appendix or schedule, figure caption) in which every node retains a pointer to its source object. 

Table 4 specifies the parsing route, structural signals, and principal risks for each supported format. 
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Downstream modules see only the canonical model, so supporting a new format means adding an 

adapter rather than changing any other module. 

 

Table 4. Supported Source Formats and Parsing Adapters 

 

Format Parsing route Structural signals used Principal risks and 

handling 

Born-digital 

PDF 

Layout analysis: 

reading order, block and 

heading detection, table 

detection 

Font size and weight, 

numbering patterns, page 

and bounding-box 

coordinates 

Multi-column reading-

order errors, running 

headers and footers; source 

pointer is page plus 

bounding box 

Scanned PDF 

and images 

OCR combined with a 

layout model 

As for born-digital PDF, 

plus token-level OCR 

confidence 

Recognition errors; low-

legibility flags, stricter 

numeric thresholds, and 

retention of the page image 

for verification 

Word-

processing files 

(DOCX) 

Native XML parsing Paragraph styles, list 

numbering, native tables, 

footnote parts 

Manual formatting used 

instead of styles; fallback to 

layout heuristics 

HTML and 

XML 

DOM parsing; schema-

aware parsing of 

legislative or regulatory 

markup where available 

Heading and sectioning 

elements, semantic 

markup, anchors and 

links 

Navigation and boilerplate 

content removed; source 

pointer is element path 

Spreadsheets Cell-grid parsing Sheets, header rows, 

named ranges, merged 

cells, number formats 

and units 

Implicit headers and 

formulas; values stored 

typed, formulas recorded; 

pointer is sheet and cell 

range 

Regulatory 

databases and 

structured 

feeds 

Native record schema 

through an API or 

export 

Record fields, 

consolidation status, 

effective and repeal dates 

Drift between consolidated 

and original texts; 

addressed through 

effective-date metadata and 

explicit versioning 

Note. All adapters emit the same canonical document model, so downstream modules are 

format-independent. 

 

Structure-aware segmentation 

Segmentation emits spans aligned to the canonical model: clause-level units for contractual and 

regulatory text, row-level units with headers for tables, and definition units linked to their defined terms. 

The path of headings above each span is stored as metadata rather than flattened into the text. Span size 

adapts to structure rather than to a fixed token count; units longer than the embedding model's effective 

input are subdivided at sentence boundaries, and overlapping windows are used only within structural 

units, never across their boundaries. 

Restricting overlap to structural units is a design proposition rather than an established empirical 

result. Structural and semantic boundaries may diverge when clauses continue across page breaks, 

sections contain multiple topics, or a provision depends on an exception stated elsewhere. The 

architecture therefore combines structure-aware segmentation with explicit reference edges and parent-

context expansion, allowing evidence assembly to include an enclosing section when several related 

spans are retrieved. H1 evaluates whether this combination improves evidence recall and attribution 

precision relative to fixed-size and semantic chunking. 

 

OCR Errors, Tables, Cross-References, Footnotes, and Appendices 

OCR errors. For scanned sources, the OCR adapter records token-level confidence, and each span 

stores its minimum and mean confidence together with the page image region from which it was read. 
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Spans below a calibrated confidence threshold are flagged as low-legibility. They remain retrievable, 

but the verifier treats claims that rest solely on them as uncheckable unless corroborated by another 

span, and numeric tokens, where a single misread digit changes meaning, are held to a stricter threshold. 

Low-legibility rates are reported per document as ingestion telemetry. 

Tables. A table is represented as a table node with its header hierarchy, merged cells expanded, 

units, and footnote markers. Segmentation emits one span per row, serialized with its full header path 

(for example, "Fee schedule > Tier 2 > Annual fee: 4,500"), plus a whole-table span for small tables. 

Numeric cell values are also stored in typed form, so that the verifier can check numeric claims 

deterministically rather than by textual entailment. 

Cross-references. Internal references to related clauses, definitions, schedules, annexes, or other 

document components are resolved during ingestion as directed edges between the corresponding spans. 

Defined terms are linked to the spans containing their formal definitions, while unresolved references 

are recorded as parsing exceptions. During evidence assembly, directly referenced spans may be 

incorporated within a one-hop expansion limit to preserve the dependency structure of the source 

document and reduce the risk of interpreting a provision without its associated qualification, exception, 

or definition. 

Footnotes and appendices. Footnotes are emitted as separate spans linked to their anchor span, 

so that they can be retrieved independently and are also visible as context of the anchor. Appendices, 

schedules, and annexes are top-level nodes with a type label, and documents incorporated by reference 

are linked by document-level edges when they are present in the corpus. 

 

Span Identity, Versioning, and Hashing 

Each span has a logical identifier composed of a document identifier, a structural path, and an 

ordinal, plus a version identifier. Two hashes are computed using a standard cryptographic hash 

function such as SHA-256. A source-object hash is computed over the raw bytes of the ingested file 

and supports chain-of-custody verification. A span content hash is computed over normalized span text 

(Unicode normalization, whitespace collapse, and removal of line-break hyphenation, with case, 

punctuation, and numerals preserved) and supports identity and change detection. Hashing raw text 

alone would make identity brittle to re-parsing, and hashing only the source object could not localize 

changes within a document. 

When a new version of a document is ingested, spans are aligned to the previous version by 

structural path and content similarity. A span whose content hash is unchanged keeps its logical 

identifier and receives the new version pointer; a changed span receives a new version linked to its 

predecessor by a "supersedes" edge; a removed span is retained as a tombstone. Earlier versions are 

never overwritten, so a citation issued against a prior version continues to resolve to the exact text that 

was cited, and effective-date metadata allows queries to be scoped to the version in force on a given 

date. 

 

Curation and Indexing 

Corpus curation is enforced during ingestion because the span store defines the universe of 

evidence that may subsequently be cited. Context-aware curation governs admission to the corpus, 

while sensitivity classification attaches handling constraints that remain associated with each span 

(Oyesiji et al., 2024; Aliliele et al., 2024). 

Indexing combines lexical and dense representations with structural and governance metadata. 

Lexical indexing supports exact matching for defined terms, section numbers, and names (Robertson & 

Zaragoza, 2009), whereas dense indexing supports semantic recall across paraphrases (Karpukhin et al., 

2020). Late-interaction retrieval can be used when token-level matching justifies its computational cost 

(Khattab & Zaharia, 2020), using established vector-search infrastructure (Johnson et al., 2021; Malkov 

& Yashunin, 2020). Structural metadata (document type, section path, table flags, and effective dates) 

and governance metadata (access constraints, retention rules, and sensitivity labels) are indexed with 

content so that retrieval can be scoped and handling constraints can be enforced (Aliliele et al., 2025b; 

Badmus et al., 2024). Embedding models remain replaceable under the indexing interface, subject to 

in-domain evaluation because retrieval quality varies across domains (Thakur et al., 2021). Parameter-

efficient adaptation provides an additional option for multilingual or domain-distant corpora without 

altering the index contract (Oyesiji et al., 2023). 
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Query Plane: Planning, Retrieval, and Assembly 

Query planning converts each request into an explicit retrieval program. The planner classifies 

the request as lookup, comparison, aggregation, or cross-document analysis; decomposes compound 

questions into dependent sub-queries (Press et al., 2023); rewrites sub-queries into corpus-effective 

forms (Ma et al., 2023); and attaches structural scopes such as document sets, sections, and date ranges. 

The resulting plan is stored as an inspectable intermediate artifact that can be revised during subsequent 

iterations, supporting diagnosis of multi-hop retrieval behavior (Trivedi et al., 2023). It also separates 

analytical intent from the retrieval operations used to satisfy that intent (Adelanwa et al., 2024) and 

enables compliance-oriented constraints, including restriction to instruments effective on a specified 

date (Ominyi et al., 2024a). 

Retrieval executes each sub-query through hybrid search with score fusion under the structural 

and governance scopes defined by the plan. Reranking then applies cross-encoder refinement to the 

fused candidate set (Nogueira & Cho, 2019), with both stages emitting calibrated relevance scores as 

telemetry. Because reranking can contribute substantially to inference latency and computational cost, 

model compression and efficient deployment techniques provide relevant mechanisms for meeting 

operational latency constraints (Oyesiji et al., 2025; Nwakamma et al., 2025). 

Evidence assembly constructs the generation context under explicit policy. The procedure 

deduplicates candidates by span identity; detects disagreement among spans addressing the same query 

point so that conflicting evidence is represented explicitly (J. Chen et al., 2024; Xie et al., 2024); 

preserves provenance by retaining span identifiers and structural paths; expands relevant reference 

edges by one hop; and orders evidence with attention to positional effects while excluding low-

relevance content shown to impair generation (Liu et al., 2024; F. Shi et al., 2023). Evidence assembly 

also applies the first release gate. When fused relevance mass falls below the calibrated threshold for 

the request class, control is returned for additional retrieval or the request is terminated through 

abstention rather than passed directly to generation. 

 

Generation and Verification 

Citation-Mandatory Generation 

Grounded generation operates under a citation-mandatory contract in which each generated claim 

is bound to one or more span identifiers from the assembled evidence. Decoding is configured to 

prioritize evidentiary fidelity, and conflicting evidence is represented as attributed disagreement. The 

interface accommodates different grounding mechanisms, including instructed frozen models and self-

reflective generators (Asai et al., 2024). Multi-agent designs that distribute drafting and verification 

across specialized roles can be integrated through the same generation interface (Ominyi et al., 2025a). 

 

Claim decomposition 

Because verification operates at claim granularity, the architecture specifies how output is 

atomized. Generation emits a claim-first structure in which each claim is intended to express one 

proposition with its citations. A decomposition step then checks atomicity, following the atomic-fact 

approach of Min et al. (2023): conjunctions of independent facts, embedded relative clauses that assert 

facts, and comparisons are split into separate propositions. For example, "The agreement is governed 

by New York law and expires on 31 December 2027" becomes two claims, each verified against its 

own citation. Qualifiers, however, are not split away from the proposition they qualify. Conditions, 

exceptions, temporal scope, and modality (for example, "shall" versus "may") remain attached, because 

a legal or technical statement stripped of its qualifier can be verifiable and yet misleading. Each atomic 

claim inherits its parent's citations and must be supported by at least one of them. Decomposition is 

logged, and because it is itself an error source on discursive output, its accuracy is measured separately 

in Phase 1 of the evaluation. 

 

Verification Verdicts and Verifier Limits 

Verification is the second release gate. Each claim-citation pair receives one of four verdicts: 

supported, unsupported, contradicted, or uncheckable. The architecture does not assume that a single 

entailment model can adjudicate every pair reliably. Existing factual-consistency and natural language 

inference (NLI) systems are known to degrade on technical, legal, numerical, and temporal content 
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(Honovich et al., 2022; Laban et al., 2022). The verifier is therefore routed by claim type. Quotation 

claims are checked by exact match against normalized span text; numeric and quantity claims by 

extracting, unit-normalizing, and comparing values against typed span or table values; temporal claims 

additionally against effective-date metadata; and paraphrase claims by an entailment verifier from the 

faithfulness lineage (Kryscinski et al., 2020; Laban et al., 2022; Honovich et al., 2022) with per-claim-

type thresholds calibrated on held-out in-domain data. 

The verdict "uncheckable" is retained as an explicit verification outcome. It applies when 

calibrated verifier confidence lies between acceptance and rejection thresholds, when a claim depends 

exclusively on low-legibility spans, or when no validated verifier is available for the relevant claim type 

in the deployment domain. Depending on the policy for the request class, such claims are removed, 

released with an explicit unverified designation, or referred for human review. Reporting verifier 

accuracy separately by claim type permits the reliability of the verification gate to be measured rather 

than assumed. 

Additional consistency and uncertainty signals are used when verifier confidence is low, 

including sampling-based stability (Manakul et al., 2023), semantic-entropy screening (Kuhn et al., 

2023; Farquhar et al., 2024), and calibrated self-assessment as a low-cost prior (Kadavath et al., 2022; 

Guo et al., 2017). When the verifier is itself a language model, known biases in model-based judging, 

including position and verbosity effects, require fixed rubrics, held-out calibration sets, and periodic 

human adjudication (Nwakamma et al., 2024a; Ladapo, Jooda, et al., 2024). Disagreement among 

adjudicators is retained as a diagnostic measure of claim ambiguity and potential verifier drift rather 

than being eliminated through forced consensus (Ladapo et al., 2026). 

 

Repair Policy 

Unsupported, contradicted, and miscited claims trigger differentiated repair actions because 

regeneration, re-retrieval, citation reassignment, and removal address different failure causes. The 

repair policy therefore selects an intervention from the diagnosed condition rather than applying 

undifferentiated resampling. This approach is consistent with corrective-action principles in quality 

management (Aneke et al., 2022) and with revision methods developed for language-model outputs 

(Peng et al., 2023; Dhuliawala et al., 2024; Gou et al., 2024; Madaan et al., 2023; L. Gao et al., 2023). 

Table 5 specifies the resulting decision policy. 

 

Table 5. Repair Decision Policy By Diagnosed Cause 

 

Diagnosed condition Repair action Bound Terminal outcome if 

repair fails 

Unsupported: cited 

span relevant, but the 

claim overstates it or 

adds detail 

Constrained regeneration of 

the claim against the same 

cited spans, biased toward 

extractive restatement 

One 

attempt 

Claim removed; gap stated 

Unsupported: cited 

spans irrelevant or 

insufficient 

Targeted re-retrieval using the 

claim as query within the plan 

scopes, then one constrained 

regeneration 

One 

retrieval 

round 

Claim removed; gap stated 

Miscited: claim 

supported by a different 

span in the assembled 

context 

Citation reassignment 

followed by re-verification 

One 

attempt 

Claim removed 

Contradicted by the 

cited span 

No regeneration of the same 

assertion; replaced by 

extractive restatement of the 

span, or rendered as attributed 

conflict where spans disagree 

One 

attempt 

Claim removed; 

contradiction reported 

Uncheckable No automatic repair None Removed, marked 

"unverified", or routed to 
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human review, per request-

class policy 

Share of removed 

claims above policy 

threshold 

Response-level conversion None Partial answer with stated 

gaps, or abstention 

Note. Repaired claims re-enter verification; a claim that fails verification a second time is 

removed. 

 

Six constraints limit repair and reduce the risk of circular or cascading errors. Each response has 

a global repair budget, and each claim may undergo no more than one repair cycle; a repaired claim that 

fails a second verification is removed. Repair is monotone, meaning that it may remove content or 

replace it only with content whose support has been verified, and it may not introduce propositions 

outside the scope of the claim being repaired. Re-retrieval remains within the scopes defined by the 

original query plan. The orchestrator records a fingerprint of each claim and cited span set and 

terminates repair when a state recurs. When the proportion of removed claims exceeds a policy 

threshold, the response is converted to a partial answer with explicit gaps or to abstention rather than 

being released after substantial evidentiary loss. Every repair action is logged with its diagnosed cause 

and outcome, and each released claim retains its citations and verification verdict. 

 

Orchestration and Observability 

The orchestration layer executes declared policies over the module graph. Policies define 

iteration budgets, conditions under which verification failures or evidence-sufficiency failures trigger 

re-planning or abstention, and request-class-specific gate thresholds; active retrieval remains an 

optional policy mechanism rather than a mandatory loop (Jiang et al., 2023). Policy design therefore 

formalizes the trade-off among latency, cost, and evidentiary sufficiency, consistent with risk-based 

approval models and security-orchestration practices (Eze et al., 2024; Dosunmu & Ogundele, 2025b; 

Oteri & Edivri, 2026). Abstention is represented as an explicit terminal outcome with a defined response 

schema that records the requested information, retrieved evidence, and reason the evidence failed the 

release criterion (J. Chen et al., 2024). 

Observability is implemented through structured telemetry aligned with documented pipeline 

failure modes. Each module records plan characteristics, hit distributions, fused relevance scores, 

reranking deltas, conflict flags, context composition, claim-level verdicts, repair outcomes, and gate 

decisions keyed by request and span identifiers. These signals permit missing-content failures, ranking 

errors, and grounding failures to be associated with the stages at which they occur (Barnett et al., 2024). 

The telemetry design is consistent with enterprise log analytics and security-operations practice (Mbonu 

et al., 2019; Ogbole et al., 2025; Ladapo, Dosunmu, et al., 2024). The same records support longitudinal 

evaluation of faithfulness, relevance, and attribution (Es et al., 2024; Saad-Falcon et al., 2024) and 

aggregate reporting through governed indicators with assigned owners and thresholds (Aliliele et al., 

2025a; Dosunmu & Ogundele, 2025a; Edivri & Oteri, 2024; Tonoyan et al., 2024). Versioned module 

registries record model checkpoints, indexes, and thresholds so that released outputs can be 

reconstructed under the configuration that produced them (Mbonu et al., 2020; Oshoba et al., 2020; 

Ladapo et al., 2023). 

 

Positioning and Novelty 

The proposed architecture combines established components in a configuration defined by five 

system-level properties not jointly specified by the comparative frameworks in Table 2. First, 

immutable span identity is carried through typed interfaces from segmentation to released claims and 

across document versions. Second, release is conditioned on two explicit gates: evidence sufficiency 

before generation and claim verification after generation. Third, verification uses a claim-type-specific 

verdict taxonomy that includes an explicit uncheckable outcome rather than assuming a universal 

entailment verifier. Fourth, repair is bounded, monotone, and selected according to diagnosed failure 

cause. Fifth, telemetry is defined as a structured schema linked to documented failure modes, while 

configuration versioning supports reproducibility of released outputs. These properties constitute the 

principal architectural contribution; their operational effectiveness remains an empirical question. 
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Testable Hypotheses 

The architecture gives rise to seven hypotheses for empirical evaluation. H1 (segmentation): on 

clause- and table-heavy corpora, structure-aware segmentation with reference edges yields higher 

evidence recall and attribution precision than fixed-size and semantic chunking at comparable index 

size. H2 (verification efficacy): the claim-verification gate reduces the rate of unsupported and 

contradicted claims in released output relative to the same pipeline without the gate. H3 (abstention 

trade-off): gate thresholds can be identified at which the reduction specified in H2 is achieved while 

over-abstention, defined as refusal or claim removal for questions answerable from the corpus, remains 

below a pre-registered tolerance. H4 (latency and cost): the gated pipeline's 95th-percentile latency and 

per-request cost remain within pre-registered budgets for each request class. H5 (repair): bounded repair 

recovers a meaningful proportion of initially failed claims without increasing the contradicted-claim 

rate. H6 (failure localization): stage telemetry attributes seeded faults to the correct module at a rate 

substantially above a naive baseline. H7 (modularity): replacement of a module under a fixed interface 

requires no changes outside that module and preserves contract-level test results. H2, H3, and H4 jointly 

evaluate whether improved release fidelity can be achieved without unacceptable abstention, latency, 

or cost. 

 

Evaluation Protocol 

Evaluation proceeds in four phases. Phase 1 evaluates modules independently against their 

specified contracts: segmentation against structure-preservation criteria on document suites containing 

tables, clause hierarchies, cross-references, footnotes, and scanned pages (H1); retrieval and reranking 

on in-domain relevance sets, with the hybrid configuration compared against lexical-only and dense-

only baselines (Thakur et al., 2021; Robertson & Zaragoza, 2009; Karpukhin et al., 2020); claim 

decomposition against human atomization; and verifier accuracy by claim type on labeled claim-

evidence pairs, including adversarial near-support cases (Honovich et al., 2022; Laban et al., 2022). 

Annotation procedures report inter-annotator disagreement because measured verifier performance is 

constrained by human agreement (Ladapo, Jooda, et al., 2024; Ladapo et al., 2026). Module test suites 

are retained as regression assets to detect contract violations after component replacement (Mbonu et 

al., 2021; Borah et al., 2022). 

Phase 2 evaluates the composed system on grounded document tasks, including question 

answering and analytical summarization over document collections with reference answers and 

reference evidence, using task structures derived from knowledge-intensive evaluation (Petroni et al., 

2021; Kwiatkowski et al., 2019; Thorne et al., 2018). Reported measures include answer quality, claim-

level attribution precision and recall (T. Gao et al., 2023; Rashkin et al., 2023; Min et al., 2023), 

behavior under noisy, absent, and conflicting evidence (J. Chen et al., 2024), latency and cost by request 

class (H4), and abstention operating characteristics across gate thresholds (H3). Evaluation tasks are 

drawn from the targeted document classes, including regulated-document review and operational 

decision support (Ominyi et al., 2025a; Adelanwa et al., 2024). 

Phase 3 evaluates verification and repair efficacy (H2 and H5). Unsupported claims, miscitations, 

and subtle contradictions are introduced at controlled rates, after which detection, repair success, and 

residual leakage are measured. This design permits direct estimation of verification performance under 

deliberately adverse conditions and is consistent with adversarial validation approaches used in security 

assurance (Dosunmu & Ogundele, 2024a; Dosunmu & Ogundele, 2024b). 

Phase 4 evaluates modularity and observability (H6 and H7). Module-replacement studies using 

alternative embedding models, rerankers, generators, and verifiers measure integration effort and 

quality change under fixed interfaces. Failure-localization experiments introduce controlled faults, 

including index gaps, degraded rerankers, and incorrectly configured gates, and assess whether 

telemetry identifies the responsible module (Barnett et al., 2024; Saad-Falcon et al., 2024). Each 

injected fault is tracked from detection through remediation verification (Adegbite et al., 2024; Aneke 

et al., 2022). 

 

Anticipated Applications 

Potential applications are concentrated in settings where evidentiary fidelity, provenance, and 

reviewability are primary requirements. Legal and contract analysis can use clause-level attribution and 
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explicit conflict representation in a domain where hallucination has been empirically documented as 

consequential (Dahl et al., 2024), subject to established constraints concerning privilege and 

confidentiality, algorithmic accountability and trade secrets, authorship of machine-generated text, 

cross-border privacy, and platform governance (Ominyi et al., 2025c; Annan, 2024; Annan, 2023; 

Annan, 2022; Ominyi & Anichukwueze, 2022a; Ominyi et al., 2025b). Regulatory and compliance 

analysis can use structural scoping, effective-date metadata, and cross-document conflict detection for 

obligations mapping, extending AI-assisted compliance monitoring with span-level attribution (Ominyi 

et al., 2024a). Relevant regulatory settings include readiness assessment for the European Union's 

Artificial Intelligence Act, anti-money-laundering and anti-bribery regimes, environmental disclosure 

obligations, and trade compliance (Ominyi et al., 2024b; Ominyi & Anichukwueze, 2021; Ominyi & 

Anichukwueze, 2022b; Jones & Ominyi, 2023; Jones & Ominyi, 2024; Jones & Ominyi, 2025). 

Audit and financial reporting constitute another relevant application domain because their 

evidentiary requirements depend on traceable support for assertions (Akomolafe & Agu, 2018; 

Akomolafe et al., 2025; Ozowara et al., 2025; Agu et al., 2023; Mbonu, Aliliele, et al., 2022; Oyeleye 

et al., 2025), with corrective action planning as a related downstream process (Ebhojie et al., 2023). 

Life-science and clinical applications provide a further rationale for calibrated abstention and 

verification (Singhal et al., 2023), particularly in relation to data integrity, regulatory harmonization, 

risk-based approval, pharmaceutical traceability, digital health governance, privacy compliance, and 

operational planning (Aneke et al., 2023; Aneke et al., 2024; Eze et al., 2024; Aneke & Adesemoye, 

2019; Afrihyia et al., 2024; Afrihyia et al., 2025; Ekechi et al., 2026; Orise & Niniola, 2025; Akintola 

et al., 2025; Adelanwa et al., 2024). Technical documentation and governed enterprise assistance are 

additional candidate domains (Badmus et al., 2025; Shah et al., 2025). Uniform typed interfaces and 

telemetry also permit component-level research to be conducted within a fixed end-to-end system, 

supporting more precise attribution of performance changes to individual modules (Y. Gao et al., 2024a; 

Es et al., 2024). 

 

Limitations 

The proposed guarantees are conditional on verifier accuracy, corpus quality, parsing reliability, 

and calibrated release thresholds. For paraphrase claims, verification depends on model-based 

judgment; verifier errors may therefore admit unsupported claims or reject valid ones, and adversarial 

evaluation can estimate but not eliminate residual risk (Honovich et al., 2022; Saad-Falcon et al., 2024). 

Correlated errors remain possible when one language model evaluates another, so periodic human 

adjudication is a mitigation rather than a complete solution (Nwakamma et al., 2024a; Ladapo et al., 

2026). Attribution establishes consistency with the corpus but does not establish the factual correctness 

of the source documents, making corpus curation a continuing governance requirement (Oyesiji et al., 

2024). Structural parsing also remains dependent on source format and document quality. Hybrid 

retrieval, reranking, claim-level verification, and repair increase inference cost and latency (Oyesiji et 

al., 2025; Nwakamma et al., 2025), and conservative release thresholds may increase over-abstention; 

these trade-offs are explicitly evaluated by H3 and H4. Claim decomposition also remains an 

independent source of error in discursive output (Min et al., 2023). 

The architecture constrains the evidence-handling pipeline but does not directly eliminate 

vulnerabilities in the underlying models or surrounding execution environment. Prompt-borne 

adversarial content, tool poisoning, memory manipulation, and excessive agency remain outside the 

scope of the verification gate (Nwakamma et al., 2024b); complementary controls include adversarial 

machine learning, secure software engineering, generative-AI pipeline security, and zero-trust 

architectures (Adebayo et al., 2022; Odejobi et al., 2025; Adegbite et al., 2026; Ahmed et al., 2021). 

Data-protection obligations apply to the corpus and telemetry as well as to generated outputs (Mbonu, 

Iwuanyanwu, et al., 2022; Mbonu et al., 2018), and the proposed architecture does not itself discharge 

legal duties concerning automated decision-making, privilege, or institutional governance (Annan, 

2025; Ominyi et al., 2025c; Ominyi et al., 2026). Regulated deployments also retain domain-specific 

human-review obligations (Dahl et al., 2024; Huang et al., 2025; Ladapo et al., 2022). The study is 

conceptual, its evidence base is a narrative rather than systematic synthesis, and the proposed 

mechanisms have not yet been implemented or empirically evaluated. 
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CONCLUSION 

The study specifies a conceptual RAG architecture in which grounding is defined through 

system-level controls rather than prompt-dependent behavior. The resulting contribution comprises 

eight requirements derived from documented failure evidence, a comparative assessment of 

representative modular, self-reflective, corrective, iterative, and agentic RAG approaches, and a 

reference architecture based on immutable span identity, evidence-sufficiency gating, claim-level 

verification, claim-type-specific verdicts, bounded repair, and stage-level telemetry. The architecture 

also defines seven hypotheses and a four-phase evaluation protocol, thereby converting its principal 

design claims into empirically testable propositions. 

The conclusions are limited to architectural specification and analytical coherence. No 

implementation or empirical performance results are reported, so the effectiveness of span-level 

attribution, conflict transparency, calibrated abstention, repair, and stage-level telemetry remains 

unverified. The evidentiary base is a narrative synthesis whose coverage is indicative rather than 

exhaustive, and the comparative assessment reflects the mechanisms documented in the selected 

framework specifications. 

Subsequent research should implement the reference architecture and evaluate it on legal, 

regulatory, audit, clinical, and technical-document corpora. Priority tests concern whether verification 

gates reduce unsupported and contradicted claims (H2) without excessive over-abstention (H3) or 

unacceptable latency and cost (H4), whether structure-aware segmentation improves attribution relative 

to conventional chunking (H1), whether bounded repair recovers failed claims without increasing 

contradiction rates (H5), and whether stage telemetry correctly localizes controlled faults (H6). 

Empirical results from these tests are required before claims of production-level grounding reliability 

can be sustained. 
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