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Abstract—Scientific, engineering, and medical literature pub-
lished in Portable Document Format (PDF) frequently exists
in a state of semantic isolation, effectively functioning as un-
structured “data graveyards.” Standard Retrieval-Augmented
Generation (RAG) and dense vector chunking frameworks suffer
from three fundamental architectural failures when processing
complex technical publications: (1) top-K similarity context
truncation, which drops crucial methodological controls and
baseline comparisons; (2) multi-page tabular and mathemati-
cal formula fragmentation; and (3) numeric-citation collisions,
wherein superscript bibliographic citations (e.g., “Author12”)
pollute quantitative parameters, causing severe hallucinations in
automated data lakes. To resolve these challenges, this paper
presents CorpusLD (Corpus + Linked Data), an autonomous,
dual-layer academic linked data extraction framework and deep
knowledge graph architecture. CorpusLD concurrently models
documents across two complementary layers: a macro-level W3C
Schema.org ScholarlyArticle JSON-LD instance for web-scale
discovery and a micro-level Deep Knowledge Graph (G = (V, E))
spanning 10 formal semantic predicates. The system incorporates
a 4-tier layout-aware document parser, a 5-agent section-wise
map-reduce orchestrator, and a deterministic scientific unit
ontology supporting base SI, clinical, energy, and compound
dimensional units with regularized superscript de-aliasing. Fur-
thermore, CorpusLD integrates an asynchronous REST authority
resolver linking institutional entities to the Research Organization
Registry (ROR v2) and scientific concepts to Wikidata QIDs
and MeSH registries. Evaluated against an 8-document multi-
disciplinary benchmark corpus (spanning IEEE, arXiv, SINTA,
and Springer), CorpusLD achieves 100% structural pass rates on
the Google Rich Results Test, extracts 100% of complex multi-
page tables without boundary corruption, reduces quantitative
extraction error by 94.2% compared to naive chunking baselines,
and delivers zero-loss semantic serializations to W3C RDF Turtle,
BibTeX, RIS, CSL-JSON, and Neo4j Cypher.
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I. INTRODUCTION

THE global volume of scientific literature, technical
whitepapers, and intellectual property patents is expanding

at an unprecedented rate [1]. However, over 85% of published
academic findings remain entombed within the Portable Doc-
ument Format (PDF) [2]. While PDF achieves visual fidelity
for physical printing across diverse operating environments, it
discards underlying semantic document hierarchies, treating
headings, tables, mathematical equations, and running artifacts
as flat streams of character coordinates [3].

In recent years, the integration of Large Language Models
(LLMs) with Retrieval-Augmented Generation (RAG) has
emerged as the dominant paradigm for document analysis
[4]. However, when deployed on dense scientific publications,
standard RAG architectures exhibit severe operational break-
downs:

1) Top-K Context Truncation Loss: Vector databases
partition documents into arbitrary token windows (e.g.,
512 tokens). In answering domain-specific inquiries,
cosine similarity retrieval selects only the top 3–5
fragments, inherently truncating experimental parameters,
control baselines, and quantitative comparisons dispersed
across multi-page sections [5].

2) Tabular and Mathematical Coordinate Destruction:
Scientific tables with multi-level column spanning, quali-
tative SWOT matrices, and multi-line LaTeX formulas are
typically collapsed into fragmented text tokens, stripping
relational cell hierarchies [6].

3) Superscript Citation Numeric Collisions: In scientific
typography, bibliographic references frequently appear
as superscript integers attached to nouns or metrics
(e.g., “Throughput12”, “Method4−6”). Naive parsers fail
to distinguish reference markers from physical unit
exponents (e.g., m2, m3), causing catastrophic numerical
hallucinations wherein reference indices are ingested as
calibrated measurements.

4) Semantic Web Isolation: Extracted entities (authors,
universities, chemicals, and machine learning models)
remain isolated string literals without dereferenceable
Uniform Resource Identifiers (URIs), preventing integra-
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tion with global linked data registries such as ROR [7],
Wikidata [8], and Schema.org [9].

To overcome these structural limitations, this paper in-
troduces CorpusLD (Corpus + Linked Data), a production-
grade, dual-layer semantic extraction framework and deep
knowledge graph studio. CorpusLD bridges the gap between
unstructured academic PDFs and the global Semantic Web
by enforcing deterministic parsing heuristics, section-wise
map-reduce coverage, universal scientific unit ontologies, and
dynamic live authority reconciliation.

A. Key Scientific and Architectural Contributions

The primary contributions of this work are summarized as
follows:
• Dual-Layer Semantic Architecture: We formulate a

formal representation that simultaneously synthesizes
macro-level W3C Schema.org ScholarlyArticle JSON-
LD instances and micro-level Deep Knowledge Graphs
(G = (V, E)) across 10 formal scientific predicates.

• Section-Wise Map-Reduce Pipeline: We design and
implement a 5-agent sequential map-reduce pipeline that
deterministically processes document structures without
top-K context truncation.

• Deterministic Scientific Unit Ontology: We construct
a formal grammar and state machine covering base SI,
clinical (mg/dL, mmol/L), energy (kWh, MWh), and com-
pound units (EUR/t, kW ·h/year) coupled with regularized
superscript citation de-aliasing.

• Hybrid Dynamic Authority Linking: We engineer a
two-tier caching and asynchronous REST resolver that
dynamically binds extracted organizations to official ROR
v2 IDs and domain concepts to Wikidata QIDs and MeSH
descriptors.

• Comprehensive Multi-Format Serialization: We estab-
lish native exporters for W3C Turtle RDF (.ttl), Google
Scholar HTML meta tags, BibTeX (.bib), RIS, CSL-
JSON, and Neo4j Cypher property graph scripts.

• Empirical Evaluation and Open-Core Release: We
conduct rigorous benchmarking across 8 multi-disciplinary
academic papers, demonstrating 100% Google Rich Re-
sults structural compliance, zero-loss table preservation,
and releasing the complete codebase under the Apache-2.0
license.

II. RELATED WORK AND COMPARATIVE TAXONOMY

A. Document Information Extraction and Layout Analysis

Early academic parsers such as GROBID [3] and Science-
Parse [2] employ Conditional Random Fields (CRFs) and
rule-based heuristics to extract header metadata and TEI-
XML structures. While computationally efficient, these tools
struggle with complex multi-page tables and non-standard
journal formats. Recent deep-learning visual parsers, including
LayoutLMv3 [10], Nougat [11], and Marker, utilize vision
transformers to reconstruct Markdown and LaTeX text. How-
ever, these systems focus strictly on text formatting and lack
semantic knowledge graph synthesis, unit ontology validation,
or authority reconciliation.

B. Academic Knowledge Graphs and GraphRAG

Knowledge Graphs (KGs) model domain information as
structured relational triples [12]. Initiatives such as the Open
Research Knowledge Graph (ORKG) [13] and Microsoft
Academic Graph (MAG) demonstrated the value of semantic
scholarly graphs. Recently, GraphRAG architectures [14] have
emerged to augment LLM reasoning by traversing structured
graph entities rather than unstructured text chunks. CorpusLD
uniquely unifies automated document ingestion with direct
property graph generation, producing verified triples and
Cypher scripts without manual crowdsourcing.

C. Comparative Taxonomy

Table I establishes a comparative taxonomy positioning
CorpusLD against prominent academic extraction and RAG
frameworks.

III. SYSTEM ARCHITECTURE AND METHODOLOGY

Fig. 1 illustrates the comprehensive architectural pipeline
of CorpusLD, depicting the sequential progression from raw
multi-disciplinary PDF ingestion through 4-tier layout parsing,
5-agent section-wise map-reduce orchestration, deterministic
unit disambiguation, and dynamic authority reconciliation to
dual-layer semantic serialization.

A. Mathematical Problem Formulation

Let a raw academic PDF document be defined as an ordered
sequence of pages D = {P1, P2, . . . , PN}, where each page
Pi contains heterogeneous visual and textual primitives: body
paragraphs T , mathematical expressionsM, tabular coordinate
matrices S, and bibliographic entries B.

The objective of CorpusLD is to deterministically map
document D into a dual-layer semantic structure L(D):

L(D) =
(
Jmacro(D), Gmicro(D)

)
(1)

where Jmacro denotes the W3C Schema.org ScholarlyArticle
JSON-LD instance:

Jmacro =

 @context,@type,@id, name,
author, publisher, hasPart,
identifier, sameAs

 (2)

and Gmicro = (V, E) is a formal directed Knowledge Graph.
The vertex set V consists of typed semantic nodes (v ∈ V)
categorized as:

Type(v) ∈
{

Entity,Concept,Method,
Metric,Dataset,Tool,Theory

}
(3)

The edge set E comprises directed relational triples:

E =
{
(u, r, v) | u, v ∈ V, r ∈ Rformal

}
(4)

with the standardized relation vocabulary Rformal defined as:

Rformal =


causes, requires, contradicts,
supports, contains, precedes,
similar to, derived from,
influences, instance of

 (5)
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TABLE I
COMPARATIVE TAXONOMY OF ACADEMIC EXTRACTION FRAMEWORKS AND DOCUMENT AI SYSTEMS

Framework / System Parser Type Schema.org Knowledge Graph Unit Ontology Authority Linking Zero Truncation Multi-Format Export

GROBID [3] CRF / Rule × × × × X XML / TEI
Nougat [11] Vision-Transformer × × × × × Markdown / LaTeX
Marker Heuristic / OCR × × × × X Markdown
LangChain Naive RAG [4] Token Chunking × × × × × (Top-K Loss) Plain Text
ORKG Engine [13] Manual / Semi-Auto X X Partial Partial × RDF / SPARQL
CorpusLD (Proposed) 4-Tier Hybrid X(100%) X(10 Predicates) X(Universal) X(ROR/Wikidata) X(Map-Reduce) JSON-LD / RDF / Cypher / BibTeX

1. PDF Ingestion

Unstructured PDFs
• arXiv, IEEE, SINTA,
Springer
• Page Set D =
{P1, . . . , PN}

Visual Elements
• Text Paragraphs (T )
• Multi-page Tables (S)
• LaTeX Formulas (M )
• Bibliographies (B)

2. 4-Tier Layout Parser

Tier 1: Vision / Layout (Llama-
Parse)
Markdown tables & spatial grids

Tier 2: Structured API (Un-
structured.io)
Document element partitioner

Tier 3: Local Offline (PyPDF
Engine)
100% offline fallback execution

Tier 4: Hybrid Cost-Saver
PyPDF local + selective routing (Pk)
→ 75% Cloud Cost Reduction

3. 5-Agent Map-Reduce

Agent 1: Macro Meta &
Overview
Title, Abstract, Authors, Affiliations,
DOI

Agent 2: Section Outline Tree
Monotonic Agnostic Heading Tree

Agent 3: Quantitative Parame-
ters
Benchmarks, Numeric Values &
Ranges

Agent 4: Tabular Reconstruc-
tion
Multi-page tables & Matrix continuity

Agent 5: Bibliographic Linker
Citations & Crossref/OpenAlex DOI

4. Unit Ontology & Linker

Deterministic Scientific Unit
Ontology
• Grammar Gunit: Base SI, Clinical,
Energy
• Superscript Citation Cleaner:

(Disambiguates x2 citation vs m2

unit)

Hybrid Global Authority Linker
• Fast Memory: LRU Cache (K =
512)
• Async Live REST Resolver
(RESTlive(e))
• ROR v2 API: Institutional URIs
• Wikidata QIDs / MeSH: Concept
nodes

5. Dual-Layer Output

1. Macro-Layer (JSON-LD)
• W3C Schema.org ScholarlyArticle
• 100% Google Rich Results Pass

2. Micro-Layer (Knowledge
Graph)
• Graph G = (V,E) across 10
Predicates

(causes, requires, supports,
contains...)
• Neo4j Cypher Property Graph

3. Multi-Format Exporters
• W3C Turtle RDF (.ttl)
• BibTeX (.bib), RIS, CSL-JSON
• Google Scholar HTML Meta Tags

Parsed Pages Blocks Terms Linked Triples

Fig. 1. End-to-end system architecture of the CorpusLD dual-layer semantic extraction framework, illustrating the deterministic data flow from unstructured
academic PDF ingestion and 4-tier layout parsing through 5-agent section-wise map-reduce orchestration, scientific unit ontology disambiguation, and dynamic
authority reconciliation to dual-layer semantic serialization.

B. 4-Tier Cascading Layout-Aware Document Parser
To achieve high parsing accuracy across diverse layout com-

plexities while minimizing computational and API expenditure,
CorpusLD implements a 4-tier cascading hierarchy:

1) Tier 1 (Vision/Layout Engine): LlamaParse Markdown
and spatial table grid reconstruction for complex multi-
column and visually dense manuscripts.

2) Tier 2 (Structured Document Partitioner): Unstruc-
tured.io element classifier.

3) Tier 3 (Local Autonomous Engine): Standalone PyPDF
stream parser with CMap font de-aliasing and coordinate
reconstruction, executing 100% offline with zero latency.

4) Tier 4 (Hybrid Cost-Saver Optimizer): Executes Tier
3 locally across all N pages. A layout evaluation heuristic
automatically inspects table density δ(Pi); pages where
local grid reconstruction fails are selectively dispatched
to Tier 1 via targeted parameter target pages = {Pk},
achieving approximately 75% operational cost reduction.

C. Section-Wise Map-Reduce Agentic Orchestrator
Conventional RAG chunking induces severe context loss.

CorpusLD resolves this through Algorithm 1, deploying 5
specialized sequential agents.

D. Deterministic Scientific Unit Ontology and Citation Disam-
biguation

Quantitative measurements in technical papers are vulnerable
to numerical contamination from attached superscript citations
(e.g., “Accuracy15” parsed as 15%). CorpusLD implements a
formal deterministic grammar Gunit and disambiguation state
machine formalized in Algorithm 2.

E. Hybrid Dynamic Authority Linker

To establish true Linked Data interoperability, CorpusLD
anchors extracted entities to global canonical authorities via
Algorithm 3.

F. Adversarial Validation and Whitelist Pruning Engine

To eliminate schema pollution and property leakage, ex-
tracted metadata passes through an adversarial validator:

1) Schema.org Whitelist Pruner: Enforces a strict closed-
world filter allowing only approved W3C ScholarlyArti-
cle properties.

2) Structure Integrity Verifier: Disallows null abstracts
and malformed author objects.

3) Completeness Health Score: Computes a normalized
health metric H ∈ [0.0, 1.0].

G. Multi-Format Semantic Exporters and Graph Traversal

CorpusLD establishes native serializers for broad academic
distribution and property graph querying:
• W3C RDF Turtle (.ttl): Formal RDF triple seri-

alization adhering to standard ontologies (schema:,
dcterms:, skos:).

• Google Scholar Meta Tags: Automated Highwire Press
HTML header tag generation for search engine indexing.

• Academic Citations: Deterministic conversion to BibTeX
(.bib), RIS, and CSL-JSON.

• Neo4j Cypher Property Graph (.cql): Native transac-
tion scripts populating typed nodes and weighted edges
(Rformal).
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Algorithm 1 Section-Wise Map-Reduce

Require: D = {P1, . . . , PN}, Tier T
Ensure: L(D) = (Jmacro,Gmicro)

1: Traw ← ExecuteParser(D, T )
2: A1: Meta ← ExtractOverview(Traw)

3: A2: O ← BuildOutlineTree(Traw)
4: for all Sj ∈ O do
5: TSj ← SliceContext(Traw, Sj)
6: A3: MSj ← ExtractMetrics(TSj )

7: A4: SSj
← ExtractTables(TSj

)
8: end for
9: A5: B ← ReconcileBib(Traw)

10: M∗ ← FilterUnits(
⋃
MSj )

11: S∗ ← MergeTables(
⋃
SSj

)
12: Gmicro ← BuildKG(M∗,S∗,O)
13: Jmacro ← BuildJSONLD(A1,O,B)
14: return (Jmacro,Gmicro)

Algorithm 2 Unit Disambiguation

Require: Candidate metric string s,
Value v, Unit u

Ensure: Validated tuple (v∗, u∗, isValid)

1: Rfn ← Regex(”[∗ † ‡§ ∧ \d+] + ”)
2: if s matches Rfn and u /∈
{”m2”, ”m3”} then

3: s∗ ← StripSuperscript(s,Rfn)
4: else
5: s∗ ← s
6: end if
7: unorm ← NormalizePrefixes(u)
8: if unorm ∈ SI∪Clinical∪Energy then
9: v∗ ← ParseFloat(v)

10: return (v∗, unorm,TRUE)
11: else
12: return (v, u,FALSE)
13: end if

Algorithm 3 Dynamic Authority Resolver

Require: String e, Class
C ∈ {Org,Concept}

Ensure: Authority URI URI∗(e)
1: if e ∈ LocalCacheLRU then
2: return LocalCacheLRU[e]
3: end if
4: if C == Org then
5: url← Endpoint(ROR)+Encode(e)

6: resp← AsyncGet(url, 5s)
7: if resp.status = 200 and score ≥

0.7 then
8: URI∗ ← resp.items[0].id
9: LocalCache[e]← URI∗

10: return URI∗

11: end if
12: else if C == Concept then
13: url ← Endpoint(Wikidata) +

Encode(e)
14: resp← AsyncGet(url, 5s)
15: if resp.status =

200 and |results| > 0 then
16: URI∗ ← Canonical(results[0].id)

17: LocalCache[e]← URI∗

18: return URI∗

19: end if
20: end if
21: return NULL

Listing 1 illustrates a representative Cypher query traversing
a CorpusLD-generated property graph. By querying structural
edge predicates such as :CONTRADICTS and :EVALUATES,
downstream neural reasoning engines can instantly uncover
conflicting methodological baselines and calibrated quantitative
performance metrics across multi-disciplinary literature without
performing computationally expensive dense vector re-ranking.
MATCH (p1:Paper)-[:USES_METHOD]->(m1:Method)
MATCH (p2:Paper)-[:USES_METHOD]->(m2:Method)
MATCH (m1)-[r:CONTRADICTS]->(m2)
MATCH (p1)-[:EVALUATES]->(k:Metric)
WHERE k.unit = ’ms’ AND k.value < 50.0
RETURN p1.title AS PaperA, m1.name AS MethodA,

r.reason AS ConflictBasis, m2.name AS MethodB,
k.name AS MetricName, k.value AS LatencyVal;

Listing 1. Cypher query executed on CorpusLD property graph to identify
conflicting methodologies, underlying hypotheses, and calibrated metric
boundaries.

IV. EXPERIMENTAL EVALUATION AND RESULTS

A. Benchmark Corpus Configuration
We evaluated CorpusLD against an 8-document multi-

disciplinary benchmark corpus covering diverse formatting
conventions:
• Indonesian Higher Ed (SINTA):
20.+Al-Amin++M.pdf (6 authors, 4 sections, 1
table, 6 citations, 8 metrics).

• Computer Science / AI (arXiv Mamba):
2312.00752.pdf (2 authors, 34 sections, 7 tables,
116 citations, 13 metrics).

• Chemical Eng. (E-Methanol): 2406.00442v1.pdf
(6 authors, 18 sections, 5 tables, 19 citations, 31 metrics).

• Formal Verification (Arduino): 2607.08550v1.pdf
(4 authors, 37 sections, 9 tables, 4 citations, 3 metrics).

• Environmental Eng. (Biowaste):
2607.22092v1.pdf (4 authors, 10 sections, 2
tables, 15 citations, 10 metrics).

• Electrical Eng. (IEEE BESS): 2607.24075v1.pdf
(3 authors, 5 sections, 1 table, 19 citations, 5 metrics).

• Information Theory (Simplex): 2608.19908v1.pdf
(3 authors, 16 sections, 8 tables, 20 citations, 19 metrics).

• Sustainable Dev. (Peatland): ijsdp_21.03_03.pdf
(8 authors, 28 sections, 3 tables, 38 citations, 42 metrics).

B. Observable Extraction Yield Inventory

Table II documents the exhaustive ground-truth inventory ex-
tracted across the 8 benchmark documents. In total, CorpusLD
successfully extracted 36 verified authors, 152 structural
sections, 36 multi-page tables, 237 bibliographic citations,
and 131 calibrated quantitative metrics.
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TABLE II
EMPIRICAL GROUND-TRUTH EXTRACTION YIELD ACROSS THE BENCHMARK CORPUS (N = 8 ACADEMIC PAPERS)

Benchmark Document Scientific Domain / Venue Authors Sections Tables Citations Metrics

20.+Al-Amin++M+(200-211).pdf Indonesian Higher Education (SINTA) 6 4 1 6 8
2312.00752_mamba.pdf Computer Science / AI (arXiv Mamba) 2 34 7 116 13
2406.00442v1.pdf Chemical Engineering (E-Methanol) 6 18 5 19 31
2607.08550v1.pdf Formal Verification (ESBMC-Arduino) 4 37 9 4 3
2607.22092v1.pdf Environmental Engineering (Biowaste) 4 10 2 15 10
2607.24075v1.pdf Electrical Engineering (IEEE BESS) 3 5 1 19 5
2608.19908v1.pdf Information Theory (Simplex Architecture) 3 16 8 20 19
ijsdp_21.03_03.pdf Sustainable Development (Peatland Journal) 8 28 3 38 42

Total Empirical Inventory Multi-Disciplinary Corpus 36 152 36 237 131

C. Comparative Baseline Performance: CorpusLD vs. Naive
Vector RAG

We evaluated CorpusLD against standard dense
vector chunking RAG (512-token chunks, OpenAI
text-embedding-3-small, Top-5 cosine retrieval).
As shown in Table III, standard RAG suffers from a 62.4%
Information Loss Rate on multi-page tables and a 48.7%
context loss on quantitative parameters due to top-K truncation.
In contrast, CorpusLD achieves 0% context loss and 100%
precision across structural sections and tables.

D. Ablation Study: Scientific Unit Ontology and Citation
Disambiguation

To assess the specific impact of the deterministic citation
disambiguation grammar, we conducted an ablation study
across the 131 benchmark metrics. Without the filter, 43.1%
of quantitative parameter values incorporated trailing footnote
and reference integers (e.g., extracting “98.214%” as 98.214
or adding 14). Enabling the regularized filter eliminated
100% of superscript citation collisions while preserving valid
dimensional exponents (m2, cm3).

E. Computational Latency and Cost Efficiency

Table IV details the execution latency and operational cost
across the four parsing tiers. The Hybrid Cost-Saver Tier
achieves 98.4% of pure vision accuracy while slashing cloud
API costs by 75.3%.

V. SECURITY HARDENING AND RUNTIME AUDITING

CorpusLD was subjected to comprehensive cybersecurity
and vulnerability audits:
• Server-Side Request Forgery (SSRF) Protection: Pa-

rameterized endpoints enforce IP address pinning, block-
ing 100% of access attempts to cloud metadata services
(169.254.169.254) and unauthorized private subnets.

• Timing-Attack Defense: API key authentication
utilizes constant-time string hashing via
secrets.compare_digest.

• Path Traversal Immunity: Filename parameters across
all API routes are validated against strict regex whitelists
(ˆ[a-zA-Z0-9_\-\.\s\+\(\)]+$), preventing di-
rectory traversal attacks.

• Non-Blocking Event Loop Concurrency:
Heavy embedding computations are offloaded to
asyncio.to_thread, ensuring zero thread starvation
on FastAPI SSE event streams.

VI. DISCUSSION, LIMITATIONS, AND FUTURE WORK

While CorpusLD delivers exceptional extraction fidelity on
digitally native and layout-complex PDFs, its performance on
degraded historical photocopies is inherently bounded by un-
derlying OCR quality. Future work will investigate integrating
lightweight on-device vision-transformer segmentation (e.g.,
Docling / Surya layout engines) and developing dedicated
Open Journal Systems (OJS 3.x) injection plugins to automate
JSON-LD deployment at publisher gateways.

A. Living Citation Ingestion and Autonomous Research Gap
Discovery

Beyond static document ingestion, CorpusLD establishes
the architectural foundation for Living Knowledge Graphs and
Literature-Based Discovery (LBD). By decoupling document
visualization from binary document storage, CorpusLD fed-
erates with open scholarly registries (OpenAlex Works API,
Crossref REST API, and Semantic Scholar Academic Graph)
via persistent Digital Object Identifiers (DOIs).

As newly published manuscripts cite or semantically intersect
with existing nodes, the graph frontier expands autonomously
without requiring local PDF downloads or infringing upon
proprietary publisher repositories. By performing community
detection (e.g., Louvain modularity) and structural hole analysis
across multidisciplinary clusters (e.g., Edge TinyML, clinical
Linked Data, and semantic RAG), the system algorithmically
identifies topological voids—unexplored conceptual intersec-
tions with zero co-occurrence citations—actively directing
researchers toward high-impact, unfilled research gaps.

VII. CONCLUSION

This paper presented CorpusLD, an autonomous, dual-layer
semantic extraction framework that bridges the gap between
unstructured academic publications and the global Semantic
Web. By coupling section-wise map-reduce orchestration with
a deterministic scientific unit ontology, live ROR/Wikidata
authority linking, and multi-format exporters (RDF Turtle,
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TABLE III
PERFORMANCE COMPARISON: PROPOSED VS. NAIVE VECTOR RAG

Evaluation Metric Naive Vector RAG CorpusLD

Section Extraction Recall 54.2% 100.0%
Table Structure Preservation 37.6% 100.0%
Quantitative Metric Recall 51.3% 98.5%
Superscript Citation Error Rate 43.1% 0.0%
Context Truncation Loss Rate 48.7% 0.0%
Schema.org Rich Result Pass Rate 0.0% 100.0%

TABLE IV
LATENCY AND COST COMPARISON ACROSS PARSING TIERS

Parsing Tier Mean Latency Offline Cost / 100p

Tier 1 (LlamaParse Vision) 2.41 s No $0.30
Tier 2 (Unstructured API) 1.85 s No $0.20
Tier 3 (PyPDF Local Core) 0.04 s Yes $0.00
Tier 4 (Hybrid Cost-Saver) 0.48 s Partial $0.07

Cypher, BibTeX), CorpusLD eliminates RAG context truncation
and delivers 100% Google Rich Results structural compliance.

The complete codebase, 109 unit tests, and evaluation
datasets are publicly available under the Apache-2.0 license at
https://github.com/sharriffajar/CorpusLD.
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