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Abstract

Retrieval-Augmented Generation (RAG) and pairwise Knowledge Graph (KG) systems
have emerged as prominent frameworks for synthesizing unstructured enterprise documents.
However, regulated compliance and sustainability disclosures present structural hurdles that
current paradigms fail to address: corporate commitments are inherently n-ary (binding
reporting entities, base years, target horizons, greenhouse gas scopes, and verification stan-
dards), while comparative multi-entity queries suffer from representation collapse, where ver-
bose filings monopolize retrieval budgets. Furthermore, prevailing claim verification methods
rely on subjective large language model (LLM) sentiment rather than deterministic audit
criteria.

In this work, we propose HyperGraphRAG, a 3-layer architecture for verifiable in-
formation retrieval and discourse analysis over complex corporate disclosures. First, we
model high-dimensional corporate data as an n-ary hypergraph, capturing multi-constraint
relations without combinatorial edge explosion. Second, we introduce the Claims as Hy-
peredges formalism in a dedicated discourse graph layer, where claims connect directly to
regulatory audit requirement nodes; deterministic credibility and greenwashing risk scores
are computed directly via requirement node coverage. Third, we implement Company-
Stratified Fair Retrieval, ensuring exact parity and 100% entity recall in comparative
assessments across hundreds of reporting organizations. In empirical evaluations across a ver-
ified automotive enterprise corpus spanning 589 companies and 110 multi-category domain
queries, HyperGraphRAG improves overall Recall@10 from 87.05% to 87.98% and lifts com-
parative query recall by +3.3 percentage points (to 62.74%). Crucially, we demonstrate that
pure learned neural re-rankers degrade recall by 15.2 points due to the erasure of exact-match
and schema anchors, establishing that contrastive representations must serve as a calibrated
residual signal (5 = 0.15) to structural heuristics. While empirically demonstrated on corpo-
rate sustainability disclosures, HyperGraphRAG provides a domain-general mathematical
substrate for multi-constraint financial reporting and user-defined audit claims.

1 Introduction

The transition toward rigorous environmental, social, and governance (ESG) reporting frameworks—
such as the EU Corporate Sustainability Due Diligence Directive (CSDDD), Corporate Sustain-
ability Reporting Directive (CSRD), and the Science Based Targets initiative (SBT1) [15]—has
created an acute demand for automated, auditable document intelligence. Auditors, investment
analysts, and regulatory bodies must extract, compare, and verify dense numerical commitments
spread across thousands of pages of corporate sustainability and financial filings [1].

To automate document exploration, practitioners frequently turn to Retrieval-Augmented
Generation (RAG) [9, 8]. Standard RAG fragments documents into semantic chunks, indexes



them with dense embedding vectors, and supplies the top-k nearest neighbors to an LLM for
answer generation. However, in regulated disclosure auditing, flat vector RAG exhibits fatal
limitations:

1. Loss of Multi-Dimensional Binding: A single corporate commitment (such as a multi-
tier emissions target or a non-GAAP earnings restatement) binds multiple independent vari-
ables simultaneously: reporting entity, organizational boundary (parent vs. subsidiary),
statutory scope or financial line-item (Scope 1-3 categories or non-GAAP reconciliations) [20],
baseline year, target period, absolute vs. intensity-based metric, and third-party audit assur-
ance level. Chunk-level embeddings discard this explicit relational binding, causing retrieval
confusion across similar but legally distinct commitments.

2. Representation Collapse in Comparative Analysis: When users issue comparative
queries across an industrial sector (e.g., “Compare Scope 8 supply chain reduction targets
across global automotive manufacturers”), global top-k vector retrieval suffers from repre-
sentation collapse. Verbose filings from well-resourced multinational conglomerates (e.g.,
400-page integrated reports) completely consume the top-k context window, starving concise
filings from smaller tier-1 suppliers and yielding incomplete or hallucinated sector compar-
isons.

3. Subjective Claim Verification vs. Deterministic Auditing: Standard LLM approaches
assess corporate reporting fidelity by prompting the model to judge text plausibility. Such as-
sessments are inherently non-deterministic, ungrounded, and legally indefensible. An auditor
requires explicit, page-referenced evidence satisfying each discrete statutory or accounting
requirement.

As illustrated in Figure 1, an ESG compliance auditor or regulatory body querying disclo-
sures across an industrial sector faces these three structural breakdowns under standard vector
RAG. In contrast, HyperGraphRAG addresses each vulnerability via structured provenance,
typed hypergraph representations, and deterministic requirement calculus.

To overcome the unstructured nature of vector search, recent works have proposed Knowl-
edge Graph RAG (GraphRAG) [5, 7], utilizing pairwise binary triples (h,r,t) to connect entities
and relations. Nevertheless, binary relational graphs suffer from severe expressive degradation
in corporate auditing: representing a 6-variable corporate disclosure requires either creating
artificial intermediate “fact” nodes or decomposing the statement into (g) = 15 binary edges,
fracturing relational integrity and rendering multi-hop reasoning computationally prohibitive.

1.1 Contributions

To address these challenges, we present HyperGraphRAG', a domain-general framework that
transforms enterprise disclosures into an auditable, verifiable knowledge and discourse engine.
Specifically, we make the following contributions:

1. A 3-Layer Hierarchical Architecture: We separate disclosure intelligence into (i) a
structure-preserving RAG foundation with coordinate-level page provenance, (ii) an n-ary
Hypergraph Knowledge Graph capturing multi-attribute targets, and (iii) an auditable Dis-
course Graph.

2. The Claims-as-Hyperedges Formulation: We formalize enterprise claims not as flat
text strings, but as hyperedges that bind corporate targets to discrete statutory requirement
nodes. We show that claim credibility and compliance risk are mathematically determined by
requirement node coverage, eliminating subjective LLM evaluation across both sustainability
and financial disclosures.

!Source code, benchmark query suites, and replication artifacts are maintained under active development at
https://github.com/varunmoka/go-carbon-insights.
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Figure 1: Failure modes of standard flat vector RAG versus the auditable guarantees
of HyperGraphRAG for regulatory ESG (Environmental, Social, and Governance)
auditing. In comparative multi-entity inquiries, standard RAG suffers from representation
collapse (verbose 400-page filings crowd out concise suppliers), relational unbinding (conflating
subsidiary and parent targets), and subjective hallucinations without document coordinates.
HyperGraphRAG guarantees 100% entity recall via company-stratified fair quotas, coordinate-
level provenance (DoclD, Page, BBox, MD5), and deterministic statutory requirement coverage
calculus across regulatory standards including the EU Corporate Sustainability Reporting Di-
rective (CSRD) and the Science Based Targets initiative (SBT1i).

3. Company-Stratified Fair Retrieval: We develop a stratified retrieval algorithm that
enforces per-entity quota allocations during comparative queries. When candidate set size
satisfies m < K, the algorithm mathematically eliminates representation collapse and guar-
antees 100% entity recall across all queried entities in the 589-company corpus.

4. Empirical Analysis of Hybrid Retrieval Calibration: Across an industrial automotive
benchmark of 589 companies and 110 multi-category queries, we show that calibrated hybrid
scoring (8 = 0.15 residual weight) improves overall Recall@10 to 87.98% (+3.33 percentage
points on comparative queries, p = 0.018). Crucially, we demonstrate that unconstrained
learned neural ranking degrades comparative recall by 15.2 points, establishing that con-
trastive representations must serve as a calibrated residual signal to structural heuristics.

2 Related Work

2.1 Retrieval-Augmented Generation (RAG) and Residual Retrieval

Standard RAG frameworks [9] combine dense semantic retrieval (e.g., Dense Passage Retrieval [8],
BGE embeddings [21]) with generative language models. Multi-agent retrieval systems such as
Stanford STORM [16] demonstrate that perspective-driven inquiry generates comprehensive
topic syntheses, while citation verification frameworks like OpenDraft [4] prove that cross-
database consensus eliminates citation hallucinations. To resolve vocabulary mismatch and
numeric insensitivity in dense retrievers, CLEAR [6] introduced contrastive residual represen-



tations that complement lexical ranking. Our calibrated hybrid scoring (8 = 0.15) builds upon
this residual retrieval philosophy, showing that learned neural representations must act as a
bounded regularizer to discrete schema and lexical anchors rather than a dominant ranker.

2.2 Graph-Enhanced RAG, Hypergraph Reasoning, and Fair Allocation

To model structural connectivity, recent systems introduce knowledge graphs into retrieval.
GraphRAG [5] extracts binary triples and clusters them via Leiden communities, while Ligh-
tRAG [7] introduces dual-level graph indexing. StepChain GraphRAG [10] decomposes multi-
step queries across interconnected subgraphs. In knowledge base question answering, Fac-
Tree [22] explores tree-structured fact decomposition for n-ary relations. More recently, HyCE-
RAG [23] and HyperReCo [18] construct hypergraphs and chain-of-thought evidence paths for
complex multi-hop QA.

Nevertheless, as systematically contrasted in Figure 2, pairwise graphs and unconstrained
hypergraph walks introduce severe limitations when applied to enterprise disclosures: pair-
wise triples fracture 5+ attribute commitments into disjoint pairs, high-degree metric hubs
cause exponential semantic diffusion, and unconstrained retrieval leads to representation col-
lapse. HyperGraphRAG distinctively formalizes “claims as hyperedges” bound to statutory
requirement nodes, guided by Entity-Weighted Overlap (EWO) to dynamically prune spurious
traversals. Furthermore, in multi-source retrieval, W-RAG [3] and representative stochastic
re-ranking [13] have investigated workload-balanced document allocation and group exposure
constraints. HyperGraphRAG formalizes Company-Stratified Fair Retrieval with deterministic
per-entity quotas (| K/m]), eliminating representation collapse across multi-entity and inter-
industry comparative queries.

2.3 Deterministic Verification and ESG Document Intelligence

Prior work in computational sustainability has leveraged domain-specific language models like
ClimateBERT [19, 1] to detect cheap talk and cherry-picking in corporate disclosures. Concur-
rently, Table-RAG [2] demonstrates that preserving cell tabular structure is vital for financial
question answering. Recent systems such as RAGShield [17] and Scope3Trace [12] emphasize
deterministic numeric verification and evidence-grounded extraction in corporate supply chains.
HyperGraphRAG unifies tabular coordinate provenance (Layer 1), n-ary relational integrity
(Layer 2), and statutory requirement coverage (Layer 3) into an end-to-end auditable frame-
work.

3 The 3-Layer HyperGraphRAG Architecture

HyperGraphRAG is organized into three decoupled layers:

3.1 Layer 1: RAG Foundation & Document Provenance

Raw enterprise disclosures are predominantly distributed as dense, non-standardized PDF doc-
uments containing complex multi-column layouts and nested emissions accounting tables. We
employ a specialized HyperGraph Structured Extract (HSE) pipeline. Unlike standard PDF
extractors that flatten tabular cells into semi-structured strings, HSE identifies table bounding
boxes, extracts row-column relational lattices, and outputs a dual-format JSON index. Every
text passage and table cell is explicitly stamped with document metadata:

Context = (DoclID, PageNumber, BoundingBox, Hashyips, TextContent, TableSchema)

This metadata guarantees strict provenance: any fact retrieved can be resolved back to its exact
document coordinate.
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Figure 2: Structural paradigm comparison between Standard Binary GraphRAG
and n-ary HyperGraphRAG across four core audit dimensions. Standard GraphRAG
decomposes multi-attribute disclosures into combinatorial binary pairs (k = 6 attributes yields
(g) = 15 binary edges) or lossy intermediate dummy fact nodes, lacks parent-subsidiary hier-
archy bounds, scores claims via subjective LLM sentiment, and starves smaller entities under
global top-K search (causing comparative recall to collapse to 43.12% under unconstrained
dense ranking). HyperGraphRAG captures commitments in atomic hyperedge envelopes, en-
forces corporate consolidation boundaries via defensive filtering ®(c1, ¢2), incidence-binds claims
to statutory requirement nodes for deterministic risk scoring, and guarantees 100% entity recall

(lifting comparative recall to 62.74%) via company-stratified fair retrieval.

3.2 Layer 2: Hypergraph Knowledge Graph

In Layer 2, extracted entities and quantitative targets are organized into a typed hypergraph

H=(V,E).

Definition 1 (Typed Hypergraph Knowledge Graph). Let V' be the finite set of vertices parti-
tioned into five disjoint semantic types:

V= ventity ) Vmetric U ‘/tempoml U ‘/;tandard U Vcontemt

A hyperedge e € £ is an unordered non-empty subset e CV of arity k € [3,7] binding an entity
verter Vorg € Ventity to attribute vertices and source context vetr € Veontent:

€= {'Uorg; VUscopey Vtarget__yrs Vvals Uctz} U Voptional

where Vptional € {Vbase yr Usta} accounts for disclosures with explicit baseline values, statutory
reconciliations, or third-party audit opinions.

The incidence matrix H € {0,1}VI*I€] has entries H(v,e) = 1 if v € e and 0 otherwise.
Corporate parent-child hierarchies (e.g., subsidiary brand vs. parent OEM) are represented
through hierarchical hyperedges that preserve corporate consolidation boundaries, preventing
the conflation of subsidiary-level targets with group-wide commitments.
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Figure 3: End-to-End HyperGraphRAG System Architecture and PRoH (Planning
and Reasoning over Hypergraphs) Dynamic Planning Methodology. Phase I (Of-
fline Indexing): HSE (HyperGraph Structured Extract) extracts row-column table lattices
with coordinate bounding boxes; assertions are mapped into typed n-ary hyperedges H = (V, £);
the discourse layer incidence-binds claims ec to statutory audit requirement nodes R(C') with
defensive qualification filtering ®(c1, c2) to separate organizational hierarchies and temporal re-
visions. Phase II (Online Auditing): Comparative queries undergo graph anchoring, PRoH
dynamic plan decomposition (DAG 0 — DAG 00), and Company-Stratified Fair Retrieval with
calibrated residual scoring (5 = 0.15), computing deterministic credibility Sceq and greenwash-
ing risk Syisk.

3.3 Layer 3: Discourse Graph Layer

Layer 3 superimposes a formal discourse model onto the hypergraph, consisting of extracted
claims, evidence linkages, argument trees, and contradiction detectors. By decoupling factual
assertions from their supporting evidence, the discourse graph acts as an auditable verification
engine.

Figure 3 illustrates the complete end-to-end dataflow. In Phase I (offline), enterprise dis-
closures are parsed into typed n-ary hyperedges and bound to statutory requirement nodes. In
Phase II (online), incoming audit queries trigger dynamic subquestion planning and stratified
retrieval across candidate peer entities.

4 Methodology: Auditing & Stratified Retrieval

4.1 Claims as Hyperedges Formulation

Traditional NLP models treat a claim as a raw string s. In HyperGraphRAG, we formalize
corporate claims as hyperedges defined over regulatory requirement nodes.

Definition 2 (Claims as Hyperedges). Let Rsqg = {ri,72,...,7m} C V denote the set of
statutory audit requirement nodes defined by a requlatory standard. A corporate claim C is
formalized as a discourse hyperedge ec € Egiscourse that incidence-binds a quantitative corporate
target hyperedge eq € € to a non-empty subset of mandatory audit requirement nodes R(C') C



Rsta:
C=ec=ceyuURC)

Typical requirement nodes for a greenhouse gas target include:

R(C) = {Tscopeiboundarya T'baseline__emissionsy T'target__years T absolute__reductions Tthirdfpartyiassumnce}

Definition 3 (Node-Coverage Credibility and Greenwashing Risk). Let Ecpig = {E1, Ea, ..., Ex}
denote the set of extracted evidence contexts linked to claim C. Each evidence piece E; verifies
a subset of requirement nodes cov(Ej) € R(C). The cumulative requirement coverage is defined
as the union of verified requirements across all linked evidence contexts:

Cov(C)=| |J cou(E;) | NR(C)

Ej Egevid

where Cov(C) = 0 whenever Eeyig = 0. Let w, € (0,1] denote the statutory audit weight assigned
to requirement node r with ZTGR(C) wy > 0. For any claim with non-empty requirements R(C') #
0, the deterministic Credibility Score Screq(C) € [0,1] and Greenwashing Risk Score Syisx(C) €
[0,1] are defined as:

ZT‘E Cov(C) Wy

Scred(o) = ZTGR(C) o,

) Smsk(c) =1.0- Scred(c)

Under uniform audit weighting (w, = 1), this reduces to the exact ratio of satisfied nodes:

Sered(C) = |Cov(C)|/IR(C)].

If a corporation claims “Net-zero emissions by 2030” but fails to provide baseline emis-
sions or excludes Scope 3 emissions, the corresponding requirement nodes rpaseline emissions and
Tscope_boundary Temain uncovered, directly driving Syisk(C') upward. This evaluation is purely
mathematical, explainable, and independent of LLM subjective drift.

4.2 Defensive Contradiction Detection

Detecting corporate inconsistencies requires rigorous boundary checking. Naive keyword or
embedding similarity produces high false-positive rates (up to 70% in unconstrained baselines)
by erroneously matching:

1. Subsidiary vs. Parent Discrepancies: A subsidiary (e.g., Porsche AG) targeting 2030
net-zero vs. a parent group (Volkswagen AG) targeting 2050 is an organizational hierarchy
distinction, not a factual contradiction.

2. Temporal Target Progression: A 2022 filing stating a 30% reduction superseded by a
2025 filing raising the ambition to 50% represents temporal revision.

3. Target vs. Actual: Distinguishing forward-looking targets from trailing actual emissions
metrics.

We implement a defensive qualification filter ®(c1, c2) that explicitly separates target horizons
from publication reporting years:
®(c1, ) = 1(Org(cy) = Org(cz)) x I(Scope(er) = Scope(ez))
x It (er) = tuge(e2)) % Wtpun(er) = tpun(e2)] < Acyete)

(1)

where ty¢(c) denotes target horizon year, t,u,(c) denotes publication filing year, and Agycle
bounds the reporting cycle (default Acycle = 0 for contemporaneous cross-filing audits). Tem-
poral progressions (tpub(c2) > tpub(c1)) are routed to a supersession relation rather than a

7



Algorithm 1 Company-Stratified Fair Retrieval
Require: Query ¢, Document Corpus D, Total Budget K, Candidate Entity Set C, with |C,| <
K
Ensure: Retrieved Context Set R with guaranteed parity
10 m < |Cq|
2: if m =0 then
3:  return top- K ep Score(q, d)
4: end if
5 kper < max (1, | K/m])
6
7
8
9

R+ @
: for each entity ¢; € C, do
D., < {d € D| d.entity_id = ¢;}
i Re, + top- kPerdeDc. Score(q, d)
10 R+ RUR,, '
11: end for
12: Kiem < K — |R|
13: if Kiem > 0 then
14 Rextra ¢ t0D- Kremgep\ R Score(q, d)
15: R+ R U Rextra
16: end if
17: return R

contradiction. Two claims are evaluated for semantic contradiction if and only if ®(cq,c2) = 1.
When qualification metadata is absent, the system defaults to safe (no contradiction flagged).
On an audited benchmark of 120 manually annotated enterprise claim pairs (spanning temporal
restatements, subsidiary boundaries, and genuine accounting discrepancies), standard pairwise
cosine similarity and unconstrained LLM zero-shot verification produce a 68.4% false-positive
rate (conflating distinct reporting cycles or subsidiary targets with contradictions). In contrast,
the defensive qualification filter ®(cy, co) achieves 94.2% precision and 88.5% recall, accurately
isolating genuine intra-organizational discrepancies while eliminating false alarms from restate-
ments and consolidation hierarchies.

4.3 Company-Stratified Fair Retrieval

Standard retrieval engines optimize for global relevance:

Rglobal(Q) = arg top- KdE’D Sim(Qa d)

When query ¢ addresses a set of candidate entities C; = {c1,...,cm} (e.g., comparative bench-
marking), global top-K causes representation collapse: verbose entities crowd out concise enti-
ties. Candidate entities C, are detected from ¢ via named entity recognition and resolved against
the canonical corporate ontology index Ventity with fuzzy alias resolution (e.g., mapping “Mer-
cedes” to “Mercedes-Benz Group AG”). This formulation natively supports both intra-sector
comparisons (e.g., peer OEMs) and cross-sector supply chain queries (e.g., comparing auto-
motive OEMs against Tier-1 battery and transmission suppliers), ensuring that high-volume
disclosures do not starve upstream supplier evidence. To guarantee fair representation, we
introduce Algorithm 1.

Computational Complexity Guarantee. Given candidate entity set m = |C,|, retrieval
budget K, and per-entity context pools D, sorting each candidate partition using min-heaps
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Figure 4: Entity recall comparison across increasing comparative query set size m. Uncon-
strained global top-K exhibits representation collapse as verbose entities starve concise ones,
whereas Company-Stratified Fair Retrieval guarantees 100% entity recall.

of capacity kper requires O(|De, |log(max (2, kper))). Total stratified selection runs in:

o (Z |De; | log(max(2, ’fper))) < O(|De, | log(K/m))

i=1

Because candidate ranking operates over entity-partitioned subsets rather than the entire corpus,
stratified retrieval is computationally strictly faster than an unstratified global sort O(|D| log K)
while providing formal fairness guarantees.

The m > K Regime and Stratified Multi-Page Scheduling. When the number of can-
didate entities m is within the retrieval budget (m < K), Algorithm 1 assigns a deterministic
uniform quota kper = [K/m] > 1 to each candidate entity. In extreme comparative queries
where the candidate entity set exceeds the retrieval budget (m > K, e.g., surveying m = 15
automotive suppliers under K = 10), setting kper = |[K/m] = 0 would starve all entities.
HyperGraphRAG resolves this via a deterministic multi-page stratified round-robin scheduler:
the top-K priority entities (ranked by query salience or lexical match) each receive exactly 1
retrieval slot on the initial page, while the remaining m — K entities are indexed into deter-
ministic successive stratified pages. This guarantees that no entity ever receives > 1 slot while
another has 0, preserving cross-entity parity across multi-page audits.

4.4 Calibrated Hybrid Retrieval Scoring

For any query ¢ and document context d, candidate scoring integrates structural heuristics,
sparse lexical matching, and learned semantic representations:

Score(q, d) = Scoreheuristic(Q7 d) + /8 : ScoreMLP (Qa d)

where Scorepeuristic 18 normalized to [0,1] and combines BM25 [14] term frequency, TF-IDF
lexical overlap, and schema metadata matching. Scoreyyp € [0,1] is a contrastive 2-layer
perceptron (768 — 256 — 1) trained with InfoNCE loss over parent-entity partitioned disclosure
pairs. Here, 8 > 0 acts as a residual regularization weight. In Section 5, we show that calibrating



Table 1: Retrieval Recall@10 across Query Categories under varying scoring and learned MLP

configurations.
Strategy / Model Configuration Overall Recall Exact Term Comparative Paraphrase Ambiguous
Heuristic Baseline (BM25 + TF-IDF) 87.05% 96.30% 59.41% 97.33% 100.0%
Heuristic + MLP (8 = 0.15) 87.98% 96.30% 62.74% 97.33% 100.0%
Heuristic + MLP (8 = 0.50) 86.97% 96.30% 59.14% 97.33% 100.0%
Heuristic + MLP (8 = 1.00) 86.39% 96.30% 60.32% 93.33% 100.0%
Learned Primary (MLP-Primary) 75.20% 77.78% 44.25% 84.00% 100.0%
Learned Only (Dense MLP Only) 74.47% 77.78% 43.12% 82.67% 100.0%

B = 0.15 yields optimal retrieval, whereas unconstrained learned ranking (8 > 0.50 or Learned
Only) triggers sharp performance collapse.

5 Experimental Evaluation

5.1 Experimental Setup

Corpus & Knowledge Base: Our production automotive knowledge base contains 37,877
verified document contexts extracted from the official sustainability and financial filings of 589
automotive companies (OEMs, Tier-1 suppliers, battery, and raw material manufacturers). The
Layer 3 discourse graph indexes 18,832 verified claims, 1,638,798 evidence linkages, and 14,714
structured arguments.

Query Benchmark: We evaluate on a curated benchmark of 110 domain-specific queries
categorized into four distinct retrieval challenges:

1. Exact Term Queries (n = 25): Queries targeting exact statutory nomenclature (e.g.,
“BMW Scope 8 Category 1 emissions”, “Toyota SBTi validation status”).

2. Paraphrase Queries (n = 35): Semantic queries using natural language variations (e.g.,
“Automakers reducing their environmental footprint”).

3. Ambiguous Queries (n = 20): Broad industry queries without specific entity naming (e.g.,
“What is the state of sustainability in automotive supply chains?”).

4. Comparative Queries (n = 30): Multi-entity cross-comparison queries (e.g., “Compare
net-zero commitments and Scope 3 targets between Mercedes, Volvo, and Stellantis”).

Data Contamination Prevention: To guarantee zero data leakage between training and
testing, all contrastive training pairs and evaluation benchmarks are partitioned strictly at the
corporate parent entity boundary. No subsidiary, brand, or annual report associated with a test
entity appears in the contrastive training set.

Metrics: We report Recall@k (k = 10) across query categories and measure end-to-end
query retrieval latency in milliseconds.

5.2 Retrieval Accuracy & Ablation on Learned Weights

Table 1 and Figure 5 present the empirical results across the 110-query benchmark. Several
critical findings emerge:

1. The Calibrated Sweet Spot (8 = 0.15): The heuristic baseline achieves 87.05%
overall recall. Introducing contrastive MLP embeddings with weight 8 = 0.15 lifts overall recall
to 87.98%, driven entirely by a +3.33 percentage point improvement on complex comparative
queries (rising from 59.41% to 62.74%). A paired two-tailed Student’s ¢t-test confirms that this

10



Impact of Contrastive Neural MLP Weighting (B) on Domain Retrieval
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Figure 5: Impact of learned contrastive weight (8) on Overall and Comparative Recall@10.
Over-reliance on learned neural signals causes steep degradation on multi-entity queries.

Table 2: Retrieval Latency and Entity Parity across 589 Companies.

Query Type 5-Signal Latency (ms) 6-Signal Latency (ms)

Exact Term 436 £+ 18 536 £ 42
Paraphrase 430+ 15 460 4+ 25
Ambiguous 415+ 12 451+ 18
Comparative 487 + 35 631 £ 54

comparative lift is statistically significant (¢t = 2.48,p = 0.018 < 0.05). The learned embed-
ding assists in disambiguating paraphrased supply-chain descriptions across diverse corporate
reports.

2. The Failure of Pure Learned Retrieval in Structured Domains: When the
learned MLP is allowed to dominate retrieval (8 = 1.00 or Learned Primary), recall drops
precipitously to 75.20% overall and 44.25% on comparative queries (a 15.16 percentage point
collapse). Qualitative error analysis reveals that unconstrained dense embeddings smooth over
discrete numerical anchors (e.g., distinguishing “2030” from “2035”, or “Scope 3 Category 1”
from “Category 47), projecting disparate commitments into overlapping vector neighborhoods.
Learned contrastive signals must therefore operate as a residual regularizer (8 = 0.15) rather
than a primary ranker.

3. Stratified Retrieval Eliminates Entity Starvation: In standard global retrieval,
comparative queries achieved only 41.2% entity coverage across target companies. Under Algo-
rithm 1, entity recall is strictly 100.0%, completely eliminating representation collapse.

5.3 Latency and Operational Scalability

Table 2 details retrieval latency across query modes. Single-signal TF-IDF hypergraph lookups
execute in sub-bms latency over 37,000+ contexts. Full 6-signal hybrid retrieval (including
multi-hop BFS reasoning over 5 hops and contrastive scoring) averages 432ms for exact queries
and 487ms for comparative queries, well within the 2,000ms SLA for real-time audit tools.
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Table 3: Empirical Cross-OEM Auditing Benchmark: Statutory requirement coverage, deter-
ministic credibility scores, and greenwashing risk across 4004 verified corporate claims in the

production automotive knowledge base.
Automotive Manufacturer Total Claims Avg Credibility Screa Avg Risk Sy High-Risk Claims Quantitative Assured (3rd Party)
Volvo Group 73 0.79 0.21 18 (24.7%) 57 (78.1%) 55 (75.3%)

(
BMW Group 63 0.36 0.64 53 (84.1%) 11 (17.5%) 1 (1.6%)
Renault Group 75 0.32 0.68 65 (86.7%) 9 (12.0%) 0 (0.0%)
Volkswagen Group 55 0.31 0.69 47 (85.5%) 13 (23.6%) 0 (0.0%)
Tata Motors Limited 135 0.25 0.75 123 (91.1%) 28 (20.7%) 9 (6.7%)

6 Auditing Case Study: Scope 3 Verification

To demonstrate practical audit verification, consider an extracted corporate commitment from
a Tier-1 automotive transmission manufacturer:

“We commit to reducing our absolute supply chain emissions by 30% by 2030.”

In a standard RAG setup, an LLM retrieves this sentence and reports that the company has an
established Scope 3 reduction plan.
Under HyperGraphRAG:

1. Layer 1 binds the text to Document MD5 a4£8. .., Page 63, Table 4.
2. Layer 2 maps the statement as hyperedge e; = {vogpm, VScope3s V20305 U30% ’Upageﬁg}.

3. Layer 3 instantiates claim C] with requirement nodes:
R(Cl) = {Tbaseline_yeara T'baseline__emissions T'category__breakdown stti_validation}

4. Multi-hop reasoning traverses the hypergraph from vogym to inspect connected evidence con-
texts. The search discovers valid contexts for rpaseline year (2019), but finds null coverage for

T'category_ breakdown and T'sbti_ validation-

5. The system calculates:

1
COV(Cl) = {Tbaselineiyear}v Scred (Cl) = Z = 0257 Srisk(cl) =0.75
HyperGraphRAG flags this claim with a 75% greenwashing risk score and explicitly pinpoints
the missing audit requirement nodes. When audited, human analysts confirmed that the com-
pany had aggregated Scope 3 without disclosing Purchased Goods and Services (Category 1)
accounting, in direct violation of the GHG Protocol Corporate Standard.

6.1 Cross-OEM Empirical Audit Benchmark (5 Global Automakers)

To demonstrate generalizability beyond single-claim analysis, we evaluate HyperGraphRAG
across the complete sustainability disclosure corpora of five major automotive manufacturers in
our discourse knowledge base: Volvo Group, BMW Group, Renault Group, Volkswagen
Group, and Tata Motors Limited. Table 3 and Figure 6 summarize the audited discourse
metrics.

To validate the reliability of automated credibility and risk scoring against expert judgment,
requirement node coverage determinations were spot-checked across 50 audited enterprise tar-
gets by independent domain reviewers. The automated coverage calculus achieved an inter-
annotator agreement of Cohen’s k = 0.86 against expert auditor determinations, demonstrating
that deterministic requirement node matching provides a faithful, verifiable proxy for human
compliance auditing.

The empirical distribution reveals three distinct reporting regimes:

12



Empirical Claim Credibility vs. Greenwashing Risk across 5 Automotive OEMs
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Figure 6: Deterministic Claim Credibility Screq vs. Greenwashing Risk Sy computed via
statutory requirement node coverage across 5 global automotive OEMs. Volvo Group exhibits
market-leading credibility (0.79) backed by 55 assured claims, whereas peer OEMs exhibit ele-
vated risk (Spgk > 0.60) due to missing Scope 3 Category 1 baseline disclosures.

1. High-Assurance Quantitative Reporting (Volvo Group): Volvo achieves an average
credibility score of 0.79 (Sysk = 0.21). 78.1% of its claims specify exact quantitative target
horizons, and 75.3% are supported by third-party limited assurance statements linking to
Table schemas in Layer 1.

2. Aspirational Narrative Disclosures (BMW, Renault, Volkswagen): These manufac-
turers achieve intermediate credibility (0.31-0.36). While corporate filings mention ambitious
2030 and 2050 targets, over 80% of claims omit explicit baseline emissions values or indepen-
dent verification links, triggering risk alerts (Sysx > 0.60).

3. High-Volume Unverified Commitments (Tata Motors): Despite publishing the high-
est claim volume (135 extracted claims), Tata Motors records the lowest mean credibility
(0.25, Spisk = 0.75), with 91.1% of statements categorized as high risk due to unanchored
qualitative commitments lacking mandatory statutory requirement coverage.

7 Discussion, Limitations, and PRoH Dynamic Planning

While HyperGraphRAG delivers auditable provenance and mathematically grounded credibil-
ity scoring, its real-world deployment surfaces fundamental challenges in extraction fidelity and
complex multi-hop reasoning. In this section, we analyze current architectural limitations and
present the formalization of PRoH (Plan-Reason over Hypergraphs), our dynamic plan-
ning framework designed for multi-entity comparative analysis.

7.1 Extraction Noise and Layout Fragility

The accuracy of Layer 2 hypergraph construction is bounded by Layer 1 table and document
parsing. Enterprise greenhouse gas disclosures frequently employ non-standardized multi-tier
table structures, merged header hierarchies, and footnoted restatements. When processing
low-resolution scanned filings or complex rotated tables, PDF extraction tools can misassign
cell coordinates, introducing noisy metric vertices into the hypergraph. While our dual-format

13



Table 4: Layer 1 HSE Table Extraction Robustness across Challenging PDF Layouts.

Table Layout Category Cell Precision Lattice Recall False Edge Rate
Standard 2D Grid 98.4% 97.2% 0.4%
Merged Header Hierarchy 94.1% 92.8% 1.8%
Multi-Tier Scope 3 Footnotes 89.6% 87.5% 3.2%
Rotated / Scanned Layouts 84.2% 81.9% 5.7%
Overall Production Average 92.8% 91.1% 2.3%

JSON lattice and MD5 coordinate verification isolate erroneous extractions to local hyperedges
without corrupting the broader graph topology, automated schema repair for deeply nested
footnotes remains an active challenge.

Table 4 presents a systematic error breakdown across 1,200 parsed tables from the 589-
company corpus. Standard 2D grids achieve 98.4% cell precision with minimal false hyperedge
injections (0.4%). Under complex multi-tier footnotes and rotated scans, coordinate precision
drops to 84.2%-89.6%, demonstrating why cryptographic MD5 coordinate pinning in Layer 1
is essential to isolate extraction noise from Layer 3 discourse reasoning.

7.2 Autonomous Agents and Statutory Verification

Recent advances in autonomous scientific discovery, such as The Al Scientist [11], demonstrate
that foundation models can independently generate hypotheses, execute experiments, and per-
form automated peer-review calibration. However, in statutory compliance, unconstrained gen-
erative autonomy presents severe greenwashing risks: a hallucinated emissions baseline or an
unverified Scope 3 boundary can expose an enterprise to legal liability under CSRD mandates.
HyperGraphRAG complements autonomous discovery by providing an immutable, cryptograph-
ically grounded hypergraph substrate that enforces deterministic requirement node coverage,
coordinate provenance, and zero data leakage.

7.3 Limitations of Static Multi-Hop Graph Traversal

The baseline HyperGraphRAG implementation evaluates multi-hop evidence via static 5-hop
Breadth-First Search (BFS) over the hypergraph incidence matrix H. While effective for direct
single-entity audit checks (as demonstrated in Section 6), static BF'S exhibits two failure modes
when evaluating comparative queries across heterogeneous corporate disclosures:

1. Semantic Diffusion at High-Degree Hubs: Standard metric vertices (e.g., UScope3 Cat1
or wag30) possess high hyperedge degree (d(v) > 103). Uniform expansion across all incident
hyperedges causes search space explosion O(JgD ), diluting relevance and introducing spurious
semantic shortcuts between unrelated corporate groups.

2. Corporate Boundary Conflation: Static traversal cannot dynamically condition its path
on corporate parent-child consolidation hierarchies, risking the conflation of joint ventures
and subsidiary commitments with group-wide parent targets.

7.4 PRoH: Plan-Reason over Hypergraphs

To overcome the limitations of unconstrained search, we formalize PRoH (Plan-Reason over
Hypergraphs), which replaces static graph walks with dynamic query decomposition and
typed hyperedge path reasoning.

14



Definition 4 (Dynamic Query Plan DAG). Given query q addressing candidate entities Cq, @
Query Plan DAG is a directed acyclic graph Gpag = (T, Eaep), where T = {11,..., 7} is a set
of typed atomic sub-tasks:

7; = (TaskID;, Centitys Treqs Op;, State;)

with operation Op; € {EXTRACT, VERIFYCOV, COMPARE, DETECTCONTRADICTION}, and di-
rected edge (7;,7;) € Eqep enforces that task 7; executes only after the evidence contexts and
requirement coverage of T; are verified.

Definition 5 (Entity-Weighted Overlap (EWO)). Let V' = VentityUVinetricU ViemporalY Vstandard Y
Veonteat be the partitioned vertex set, and let w(v) assign statutory weights (Wentity = 1.0, Wetric =
0.85, Wstandard = 0.50, Wiemporal = 0.30, Weontext = 0.10). The Entity- Weighted Overlap between

hyperedges eq, ep € £ is:
Zl}Geaﬁeb w(v)

Zveea Uep OJ(U)

EWO penalizes transitions that share only weak temporal or formatting nodes while strongly
rewarding transitions that preserve entity identity and verified statutory metric values.

EWO(eq, ep) = (2)

7.5 Algorithmic Execution and Complexity

Algorithm 2 outlines the end-to-end PRoH execution loop. Prior to planning, the system
extracts a local Hypergraph Neighborhood Sketch Sy/(q) to ground DAG generation. Sub-tasks
are executed in topological order. At each step, path expansion is guided by beam search over
EWO transitions combined with our calibrated hybrid scoring function (5 = 0.15).

If an upstream extraction returns zero coverage (Cov(C) = (}), the defensive pruning op-
erator immediately transitions downstream comparison tasks to PRUNED__MISSINGBASELINE,
avoiding hallucinated completions and issuing an explicit non-compliance audit notice, as for-
mally stated and proven in Theorem 1 (Appendix A).

Complexity Guarantee and Traversal Scalability. Evaluating PRoH execution across
|T| sub-tasks requires:

o (’T| : (|DCq| IOg(K/m) + Diyax - kbeamJS IOg kbeam)) (3)

which replaces the exponential search space (’)(cf? max) with linear scaling in depth Dyyayx, ensuring
execution remains well within real-time latency budgets.

Table 5 compares PRoH beam traversal against static multi-hop BFS baselines on high-
degree metric hub queries (d(v) > 10%). Unconstrained 5-hop BFS explores 4,890 hyperedges
and requires 1,840+ 115 ms with only 44.1% coverage precision due to semantic diffusion across
unrelated corporate groups. In contrast, PRoH + EWO beam search restricts exploration to 85
typed hyperedges, runs in 412 422 ms (a 4.5x speedup), and achieves 94.7% coverage precision
with 100% entity parity.

7.6 Hypergraph Laplacian Spectral Analysis for Greenwashing Communities

Beyond local path search, HyperGraphRAG enables global structural analysis of supply-chain
reporting regimes via normalized hypergraph Laplacian spectral theory [24]. Let W € RIEIXI]
be the diagonal hyperedge weight matrix with entries Wi(e, e) = Sered(€), Dy € RIVIXIVI be the
diagonal vertex degree matrix with Dy (u,u) = > cc H(u,e)W (e, e), and D, € RIEXIEl be the
hyperedge degree matrix with D.(e,e) = |e|.

The normalized hypergraph Laplacian matrix £ € RIVI*XIVI is defined as:

L=1I1-D;'?HWD;'H D;'/? (4)
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Algorithm 2 PRoH Dynamic Planning & EWO Traversal
Require: Query ¢, Hypergraph #, Entities Cy, Depth Dy ax, Beam kpeam, Budget K
Ensure: Grounded Audit Trajectory II*, Executed Plan Gpaq, Audit Synthesis A

1: Sy(q) < BUILDNEIGHBORHOODSKETCH(q, Cy, H)

2: Gpac = (T, Edep) < GENERATEPLANDAG(¢, S (q))

3: Tsorted ¢ TOPOLOGICALSORT(Gpac)

4 0, A«0

5: for each task 7; € Tsorteqa do

6:  if 37, € Parents(7;) s.t. State(r,) = COMPLETED NULLAUDIT then
7: State(r;) <~ PRUNED__MISSINGBASELINE

8: A+ AU SYNTHESIZENEGATIVERESULT(7;, 7))

9: continue

10:  end if

11: R,  STRATIFIEDRETRIEVE(qr,, D, K, {c;})
12: €geed ¢ ATgMax g, Score(qr,, de)

13: B+ {(eseeda [eseedD}
14: for d=1 to Dy, do

15: Bhpext < 0

16: for each (ecyr, ) € B do

17: for each neighbor e,q; € Ny (ecurr) do
18: 5 < EWO(ecurr; €aqj) - Score(qr,, deadj)
19: Brext < Brext U {(€adj, T © €adj, ) }

20: end for

21: end for

22: B + top- kbeam(Bnext)

23:  end for

24: (€%, ") ¢ arg max . ryep Scorepatn ()

25:  II* « II* U {7*}

26:  Cov(Cy,) < EVALUATECOVERAGE(7*, R(C~,))

270 Sered(Cr) = Xorecov(cn,) Wr/ 2rer(c,,) Wr

28:  State(r;) « (Cov(C;,) = 0) ? COMPLETED__NULLAUDIT : COMPLETED
29: A+ AUSYNTHESIZEAUDITSTEP (74, ", Scred (Cr;))

30: end for

31: return II*, Gpag, A

The Laplacian £ is symmetric positive semi-definite with real eigenvalues 0 = A} < Ao < -+ <
Av|- By solving the generalized eigenvector problem:

Euk = /\kuk (5)

the Fiedler vector ug corresponding to the second smallest eigenvalue (algebraic connectivity
A2) provides an optimal spectral bi-partitioning of the corporate graph.

As shown in Figure 7, vertices with negative coordinates (u2(v) < 0) cluster into audit-
rigorous reporting tiers (characterized by Volvo Group and verified Tier-1 suppliers such as
SKF and Autoliv), while positive coordinates (uz(v) > 0) isolate high-risk greenwashing clusters
exhibiting missing baseline anchors.

Cross-Jurisdiction Spectral Sensitivity. We evaluate the robustness of this spectral par-
tition under varying statutory weighting regimes w,. Under the EU CSRD standard, Scope 3
Category 1 disclosure is mandatory (wscopes cat1 = 1.0), resulting in strong algebraic connec-
tivity Ao = 0.042. Under the US SEC proposed climate rules, Scope 3 reporting is conditional
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Table 5: Dynamic Traversal Scalability: PRoH Beam Search vs. Static BFS Baselines over
High-Degree Metric Vertices (d(v) > 103).

Traversal Strategy Latency (ms) Explored Edges Entity Parity Coverage Prec.
Static BFS (D = 3) 487 + 28 312 41.2% 68.4%
Static BFS (D = 5) 1,840 £ 115 4,890 58.6% 44.1%
Unconstrained DFS 1,210 + 95 1,420 52.0% 51.3%
PRoH + EWO (Ours) 412 4+ 22 85 100.0% 94.7%

Normalized Hypergraph Laplacian Spectral Bi-Partitioning across Supply Chains
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Figure 7: Fiedler eigenvector (ug) spectral bi-partitioning across 20 corporate entities in the
automotive supply chain. The boundary cleanly separates the audit-rigorous community (ug <
0, Volvo Group and verified Tier-1 suppliers) from the greenwashing community (ug > 0).
Sensitivity analysis confirms structural stability across EU CSRD mandatory Scope 3 weights
and US SEC materiality-conditional weights.

upon registrant materiality (wscopes cat1 = 0.5). As depicted by the dashed curve in Figure 7,
the Fiedler ordering remains stable with zero sign inversions across all 20 tested corporate tiers
(rank correlation Spearman’s p = 0.984), proving that hypergraph spectral bi-partitioning is
structurally robust across international regulatory jurisdictions.

7.7 Cross-Domain Generalization: Financial Auditing & User Claims

While our empirical benchmarks evaluate HyperGraphRAG over automotive sustainability dis-
closures, the underlying architecture is inherently domain-agnostic. Regulated enterprise dis-
closures across finance, legal compliance, and healthcare share the same structural challenge:
high-dimensional n-ary commitments evaluated against statutory verification rules.

Financial 10-K and 10-Q Awuditing. In corporate financial reporting, non-GAAP earn-
ings metrics (e.g., Adjusted EBITDA, Free Cash Flow) simultaneously bind corporate entities,
fiscal reporting periods, GAAP operating reconciliation values, and footnote disclaimers. By in-
stantiating requirement nodes R(C') over statutory accounting standards (e.g., SEC Regulation
G, Item 10(e) of Regulation S-K, and IFRS 18), HyperGraphRAG can mathematically verify
whether non-GAAP metrics provide required GAAP reconciliations (e.g., verifying stock-based
compensation add-backs, restructuring charges, and tax effects in financial footnotes). When a
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corporation highlights non-GAAP earnings without disclosing mandatory reconciliation tables,
the uncovered requirement nodes elevate the deterministic accounting risk score, providing an
auditable screen for earnings distortion.

User-Defined Ad-Hoc Claims. Beyond pre-extracted corporate claims, the framework na-
tively supports user-defined audit hypotheses. An equity analyst or compliance auditor can
define an arbitrary target hyperedge euser = {Vorg; Umetric, Uhorizon } and assign custom require-
ment checklists R(Cyser) (e.g., verifying multi-year semiconductor purchase commitments or
factory capacity allocations). Algorithm 2 (PRoH) dynamically compiles a Query Plan DAG
over the user’s custom specification, traverses the hypergraph to resolve supporting evidence
coordinates down to PDF table cells, and evaluates coverage Cov(Clygser) with deterministic
credibility bounds. This extends HyperGraphRAG from an ESG-specific parser into a general-
purpose mathematical auditing engine for unstructured enterprise disclosures.

8 Conclusion

We have presented HyperGraphRAG, an auditable retrieval-augmented generation and dis-
course reasoning system tailored for enterprise corporate disclosures. By advancing from pair-
wise binary knowledge graphs to n-ary hypergraphs, formalizing claims as requirement-bound
hyperedges, and enforcing company-stratified fair retrieval, HyperGraphRAG mitigates key
structural failure modes of standard RAG in regulated domains. Empirical evaluations confirm
that calibrated hybrid retrieval with residual weight 5 = 0.15 optimizes domain recall (+3.33%
comparative lift, p = 0.018) while providing verifiable provenance down to document and page
coordinates.

A Formal Convergence and Soundness of PRoH

Theorem 1 (PRoH Acyclic Termination and Negative Result Soundness). Let Gpag = (T, Eaep)
be a finite query plan DAG with |T| < co. Algorithm 2 terminates in at most |T| task itera-
tions. Furthermore, if any upstream baseline requirement node Tpgseiine ¢ Cov(C), all dependent
comparison tasks Tepyq transition strictly to PRUNED _MISSINGBASELINE, guaranteeing zero
hallucinated completions.

Proof. By Definition 4, Gpag is directed and acyclic. The topological sort in Line 3 returns a
strict linear ordering Torted Where every task 7; appears after its parents Parents(7;). Each it-
eration of the main loop processes exactly one task from Tgoteq, bounding total loop executions
to |T|. If task 7, yields Cov(C;,) = 0, Line 23 assigns State(,) = COMPLETED_ NULLAUDIT.
In subsequent iterations, Line 6 detects State(r,) € Parents(7;) and Line 7 assigns State(r;) <
PRUNED__MISSINGBASELINE without invoking the LLM synthesis engine. Hence, unverified
corporate claims can never generate positive audit syntheses, guaranteeing sound negative re-
porting. O
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