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Abstract

Scientific papers keep much of their quantitative content in tables and supplementary files, where a number means
something only throughitsheader, caption, unit, analytical method, and the conventions of its field. Recovering the
rows and columns of a table is therefore not the same as recovering the scientific fact it reports. Most semantic table-
interpretation methods assume that a clean table is already available and subsequently map its cells or columns to
ontology terms, whereas most publication-level extraction systems are designed for a single domain. We study a
middle path: a shared process that reads a paper and its supplementary files, gathers evidence from several parsers
and a language model, and reconciles that evidence, while a bounded human-authored task module for each task
supplies the domain meaning. The module lists the canonical names the graph may use, the surface forms that
map to them, a small set of derivation rules and validity constraints, an identity key, and the bindings used to write
RDF. It defines what a task is allowed to emit; it does not try to list every convention of a field. We build four
such modules (for drug-discovery chemistry, materials science, machine learning, and mineral geochemistry) in
the ARTICLEMINER framework, and evaluate them on 163 papers, including a new geochemistry benchmark with
expert-curated ground truth. In comparisons against a same-LLM few-shot baseline, the point estimates favor
ARTICLEMINER on all four tasks, with uncertainty on the two smaller benchmarks. The geochemistry comparison
also includes access to supplementary files, so its improvement cannot be attributed to domain guidance alone.

Keywords
knowledge graphs, document understanding, table understanding, scientific publications, ontology, large lan-
guage models

1. Introduction

Scientific publications contain quantitative observations in tables, captions, footnotes, and supplemen-
tary spreadsheets. Reusing these observations in knowledge graphs (KGs), cross-paper search, and
meta-analysis requires scientific interpretation as well as layout recovery. For example, <0.5 under
an Au (ppm) header denotes a below-detection observation, distinct from a measured value. A compo-
sition percentage may denote wt% or mol%, with its meaning supplied by a header, caption, or footnote.
Extraction must preserve these contextual distinctions when constructing structured records.

Prior work addresses parts of this problem under different assumptions. Semantic table interpreta-
tion and table-to-KG systems map cells, columns, or rows to entities, classes, or properties in a KG or
ontology [1-4], but generally assume a usable table representation is available. Scientific information ex-
traction systems operate closer to publications but are typically engineered for a single domain or target
relation, e.g., chemical properties, glass compositions, or mineral-resource records [5-7]. We study an
explicit task-module interface for reusing publication-level evidence acquisition and extraction across
domains, while making the required domain-specific artifacts visible.

We investigate three research questions. RQ1: How does domain guidance affect extraction quality
under a fixed backbone? RQ2: How can outputs from multiple evidence sources be reconciled while
preserving their provenance? RQ3: How do acquisition failures and interpretation errors contribute to
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Figure 1: Shared orchestration and task-module integration (schematic). Parsing preserves source locations;
extraction proposes records; targeted retries address missing or unreadable evidence. Reconciliation applies
derivation, canonicalization, validation, and identity-based merging. JSON-LD exposes the resulting records;
Turtle and graph-query labels depict intended downstream use, not evaluated native outputs. Backend support
measures identity recovery, not factual correctness.

the remaining error? Same-LLM comparisons and component ablations address RQ1; the reconciliation
design and backend ablations address RQ2; raw-PDF versus pre-parsed comparisons and error analysis
address RQ3. The full-system comparison includes several architectural differences; ontology ablations
more directly assess the contribution of domain guidance.

ARTICLEMINER separates shared publication-level orchestration (§2) from a bounded, human-
authored ontology module supplying vocabulary, normalization and derivation rules, executable
validation, identity, and RDF bindings (Figure 2). The module defines a task’s permissible outputs with-
out axiomatizing the entire field. Adapting the framework requires this module, prompts, an output
schema, and, where needed, a classifier assigning records to domain categories, such as geochemical
deposit types.

This paper makes three contributions. (1) We formulate ontology-constrained publication-to-KG
construction, applying domain knowledge during extraction, normalization, and validation rather than
only after table recovery, preserving unit, null-value, identifier, and taxonomy semantics (RQ1). (2) We
define an explicit ontology-module interface and evidence model for reconciling parser outputs into
validated records with source and backend-support provenance (RQ2). (3) We report an empirical study
of four bounded task instantiations over 163 papers, with raw-PDF and pre-parsed settings, matched
same-LLM baselines, parser and component ablations, cost/runtime measurements, and JSON-LD export
structure (RQ3). The evaluation distinguishes full-system comparisons from component ablations and
reports uncertainty at the publication level.

2. Problem Formulation and Method

Figure 1 summarizes the five stages: parse, extract, self-correct, reconcile, and serialize. Sections 2.1
and 2.3 define the shared interface and orchestration; §2.2 instantiates the module for geochemistry.
Each task supplies a module, prompts, a row schema, and an optional classifier. The four instantiations
are GeoChem (mineral geochemistry), ChemTables (drug-discovery chemistry), DiSCoMaT (materials
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Figure 2: The six-component task-module interface. The semantic core supplies vocabulary, normalization,
derivations, and checks; identity and RDF bindings support reconciliation and serialization. Examples combine
tasks; only declared module rules apply. Epithermal type alone does not determine sulfidation class. Validators
execute as Python predicates, not as SHACL shapes.

science), and MLTables (machine learning).

We anchor the exposition in a mineral-geochemistry example. A row reports Au<0. 5 for sample BR-
12; the header specifies ppm, and an associated method label reads icpms. Recovering the observation
requires three distinctions: the inequality denotes a detection limit rather than a measured concentra-
tion; the method alias maps to ICP-MS; and the unit comes from the header rather than the cell. This
schematic example illustrates the method rather than a measured benchmark result. Each stage below
shows how contextual interpretation and explicit module rules preserve this information.

2.1. Ontology Module and Framework Operator

A domain module specifies the permissible outputs of a bounded extraction task. It provides canonical
vocabulary, surface-form mappings, deterministic derivations, executable constraints, identity keys, and
RDF bindings. Unknown terms are retained or rejected according to the task’s validators; membership in
the accepted-record space denotes conformance to these constraints, not independently verified factual
correctness. The modules use labels, aliases, shallow hierarchies, and value conventions, without OWL
reasoning. Validation runs as Python code. Simple admissibility and range checks can be represented as
SHACL constraints, but no SHACL engine is executed in the evaluated pipeline.
We model a domain module as a six-tuple

Q=g Ca, 040, T 4.4, fa), (1)

The component types specify the interface between provisional records, task semantics, and accepted
outputs. Let A jdenote the space of provisional records: partial assignments of the task’s fields to strings
or numbers, as proposed by extraction; let % ;C 9?61 denote the accepted-record space of schema-complete,
canonicalized records. V;is afinite set of canonical task identifiers and types; Cy : Ry— R gisafield-wise
canonicalizer over provisional records; @ : %d - %d is a deterministic derivation operator; Ty = {y; :

Effd—> {0,1}} is a set of record-level validators whose conjunction gates emission; k is the task identity
key inducing an equivalence relation over accepted records (§2.3, Reconcile); and f; is the RDF binding
that fixes the econtext, IRIs, and datatypes of emitted assertions (§2.3, Serialize). C; and @ are total by
construction: on surface forms outside their mapping tables, they act as the identity, sounmapped strings
are preserved rather than coerced, and whether such a record is emitted is decided by I'; against the task
schema. Canonical targets come from the benchmark schema and published domain resources (e.g., the
USGS CMMI taxonomy and IMA mineral list for GEOCHEM); the released modules expose the curated
surface-form mappings, and canonicalization precedes validation, so validators operate on canonical
identifiers rather than on every synonym. Appendix E gives the per-task authoring sources. The other
three modules fill the same interface with different content (Figure 2, Table 1).
Given a publication Pand a domain d, the framework produces the set of validated records

R(P.d)={Cy(@4(r)) : rER(P,d), T f(Co(@4(r)) =1}, (2)

where R(P,d) C %, is the set of provisional records and T4(q) = 1 abbreviates /\ ;¥i(g) = 1. Extraction
proposes; ®; derives declared facts; C; canonicalizes; and 'y accepts or rejects. A rejected record is
not emitted as an accepted record; its source locator and structured rejection reasons are retained in



Table 1

Authored artifacts for the four tasks. Entry counts summarize module contents, not measured adaptation effort.
Each task additionally needs prompts, an output schema, and RDF bindings. GeoChem uses three to six prompts
and a separate deposit classifier. Detailed entries appear in Appendix E.

Task Entries Vocabulary, rules, and checks Identity and additional artifacts

GeoChem 220 Elements, minerals, methods, deposit Sample + method; 209-column
mappings; units, null conventions, hierarchy,  projection; 189-type classifier
and plausibility checks

DiSCoMaT 167 Oxide components; mol% and wt%; Material + constituent; composition
component admissibility and tuple schema
composition-sum checks

MLTables 60 Cell types, metrics, tasks, datasets; Typed-field fingerprint; entry-type
type-dependent fields and metric checks schema

ChemTables 80 Assays, targets, treatments, units; value Treatment + target + assay; bioactivity
bounds and required-field checks tuple schema

the audit log. Adapting to a new domain consists of authoring Q; (including its identity key and RDF
bindings), three to six prompt templates, the output row schema, and an optional classifier subsystem
when the task contains a non-trivial classification problem; Table 1 itemizes these artifacts per task. The
evaluated modules contain approximately 60-220 entries and use flat vocabularies or shallow hierarchies.
Validation logs can help identify coverage gaps, although a rejection can also indicate an extraction error.

The module intervenes at three distinct points. Prompt-time grounding guides which fields and mean-
ings the model proposes; deterministic derivation, canonicalization, and validation constrain the result-
ing records; RDF bindings specify the graph representation. These roles are complementary. A canoni-
calizer can normalize a supplied unit or method alias, but cannot recover a missing caption that identifies
the measurement. Conversely, a model may recover all relevant context while still emitting inconsistent
labels. Separating these responsibilities makes it possible to inspect whether a failure arose from absent
evidence, contextual interpretation, or a declared rule, rather than treating every error as a prompting
failure.

2.2. Geochemistry Instantiation

The geochemistry module illustrates four categories of semantic content within the six-component in-
terface. Identity and RDF bindings are specified separately (Table 1).

Vocabulary and canonicalization (V;,Cy). Mineral and analytical-method aliases map to canonical
labels, such as la-icp-ms to LA-ICPMS. The approximately 220 entries summarize curated mappings
and vocabulary entries; the separate deposit classifier draws on the full 189-type CMMI taxonomy. An
unlisted surface form is retained for validation rather than assigned an unsupported canonical label. For
example, laser ablation icp-ms and the misspelling laipcms share the canonical target LA- ICPMS;
electron microprobe maps to EPMA. Mineral entries additionally record coarse classes and formulae,
such as sphalerite, sulfide, and ZnS. The mappings encode labels, aliases, and coarse classes rather than
logical axioms. A spelling absent from the curated list is not guessed: its original form is retained and
assessed by the validators. These are inspectable mappings, not assertions that all scientifically related
terms are interchangeable.

Taxonomic derivations (dy). A recognized deposit type determines its group and environment in the
adopted USGS CMMTI hierarchy [8]. Thisisalookup over the published classification, rather than general
logical inference. For instance, the adopted taxonomy places MVT zinc-lead in the Mississippi Valley-
type group and Basin hydrothermal environment. Classifying the deposit from publication evidence
is a model-assisted task; filling its parent categories after that classification is deterministic. Keeping
these operations separate exposes an incorrect type assignment instead of treating the derived parents
as independent corroboration.

Units and null conventions. An explicitly labeled wt% value can be converted to ppm by multiplying



by 10%; ambiguous units are not inferred from magnitude alone. A reported bound <0. 5 is represented
as —0.5, preserving its detection limit. The sentinel —99999 denotes below detection without a stated
limit, while an unmeasured value remains blank. These conventions distinguish censored measurements
from measured zero. For example, a query for samples with detectable gold must exclude both kinds
of below-detection observation and unmeasured cells; collapsing them into a common missing-value
marker would lose that distinction. Symbols such as n.d. and a dash require the source legend: a task
default cannot establish their meaning in every publication.

Validation (T 7). Task checks examine admissible terms and units, required fields, and numerical plau-
sibility. They constrain what is accepted, but cannot guarantee that a value is attached to the cor-
rect sample. Simple membership and range predicates have SHACL counterparts, such as sh:in and
sh:minInclusive; context-sensitive extraction decisions need additional logic. A rejected candidate
remains outside the accepted output, with its evidence locator and failure reason retained so that the
omission can be inspected. The finite vocabulary and shallow semantics bound the scope of the module.

2.3. Shared Orchestration

The shared orchestration consumes a raw publication together with its supplementary files and produces
R(P,d). We describe each stage in terms of what fails without it, using the running geochemistry example
as the lead illustration; the quantitative ablation evidence appears in §4.2.

Parse. A single PDF backend has uneven coverage. The framework supports five PDF backends (Do-
cling, Marker, MinerU, pdfplumber, and Camelot) and treats their outputs as evidence; the evaluation
includes single-backend, leave-one-out, and all-five configurations. Docling reads publisher-rendered
tables but fails on some landscape-oriented or image-only tables; pdfplumber recovers grids that other
backends miss; and Camelot handles some ruled and borderless layouts but can corrupt merged head-
ers, so no single output is trusted. Table 5(b) reports controlled backend configurations. MinerU lacked
OCR weights in the evaluation environment, so its results do not characterize a fully enabled installa-
tion. Additional rotation handling and adaptive backend selection in the release are outside the reported
evaluation (Appendix I). An evidence unit e € E(P) records its kind (PDF table, spreadsheet sheet, cap-
tion, header, or footnote), content, source locator, and container-level annotations such as workbook
and sheet names; E(P) denotes the set of all evidence units associated with publication P.

In the running geochemistry example, raw measurements are commonly provided in multi-sheet sup-
plementary spreadsheets. Workbook names such as ICP-MS_results.x1sx may identify the analytical
method, sheet names such as sphalerite may group observations by mineral, and column headers such
as Au_ppm specify the element and measurement unit. These container-level annotations are retained as
evidence-unit metadata, allowing the extraction model to infer method=1CP-MS even when the method
is not stated within an individual row.

Extract. An extraction call conditioned on evidence E(P) and module Q; proposes records
fo(E(P),Qy) C jd; where 0 denotes the backbone; a publication may require several calls. Prompt-
time grounding supplies admissible labels, units, and null conventions. It helps the model associate a
cell with the contextual fields needed by subsequent deterministic normalization. It does not replace the
canonicalizer: explicitly declared aliases and value patterns remain normalizable even when returned
as strings. Geochemistry additionally uses a separate 189-type deposit classifier; the other tasks omit
this subsystem.

For example, the geochemistry prompt supplies method labels such as ICP-MS and XRF, unit classes
such as ppm and wt%, and the distinction between measured, below-detection, and unmeasured obser-
vations. In the running example, extraction must associate <0. 5 with Au, ppm, sample BR-12, and the
analytical method before normalization can represent the observation correctly. The same cell string
could denote a different element or unit in another table. Vocabulary constraints narrow the admissible
labels, but the publication supplies the evidence connecting those labels to the cell. This is why domain
guidance is applied during extraction as well as after it.



Self-correct. Self-correction detectslikely structural failures and retries the affected acquisition stage.
In the geochemistry implementation, a pre-extraction blueprint, an LLM-generated profile of the publi-
cation, estimates the expected sample count 7 from prose, captions, and table descriptions. The blueprint
uses contextual descriptions to anticipate how many samples of extraction should recover. It’s an esti-
mate gate escalation rather than directly modifying measurement values; it is a diagnostic heuristic, not
ground truth. When text extraction returns no samples or fewer than 0.857 samples, an enabled vision
stage reads table images and supplements the recovered sample set. After these fallbacks, a completeness
retry is triggered for a nonempty PDF sample set when |R,qf| <71/2 and [Rpq¢| <7i—5. These conditions
require both a relative shortfall exceeding 50% and an absolute shortfall exceeding five samples, so a
small count discrepancy alone does not trigger another pass. The retry lowers the required number
of recognized element columns from three to two and replaces the earlier set only if it recovers more
samples.

For a failed supplementary table, a diagnostic LLM receives a preview and returns parsing hints, such
as the header row, orientation, or identifier column. The parser reruns with those hints, with at most
two diagnostic attempts; the PDF correction path uses one attempt. For example, identifying row 3 as
the header avoids treating two rows of license text as column names. Correcting such a structural error
can restore many observations at once. These retries do not establish semantic correctness: an inac-
curate expected count can also encourage over-extraction. Correction and vision stages are therefore
configurable, and their effects are assessed by task and backbone (§4.2).

The diagnostic call proposes parsing parameters rather than replacement measurement values. A mis-
placed header, transposed table, or incorrect identifier column can suppress many rows simultaneously;
correcting the responsible parameter allows the parser to recover those rows from the original evidence.
The retry limit bounds repeated diagnosis, without making the resulting records inherently reliable. Vi-
sion addresses a different failure: changing text-parser parameters cannot recover cells that are absent
from the machine-readable evidence.

Reconcile. Multiple backends and passes produce many candidates for the same underlying observa-
tion. Reconciliation first applies ®; and C; to each provisional record, validates the canonicalized record
with Tj, and groups accepted candidates by the module’s identity key x;, which encodes domain identity
rather than string equality. In geochemistry, k; = (sample_name,analytical_method), so records for BR-
12 under 1CP-MS from the PDF and from the supplementary spreadsheet are merged, while ICP-MS vs.
LA-ICP-MS records for the same sample are not. The other domains’ identity keys are listed in Table 1;
machine-learning tables use a normalized text fingerprint over typed fields because no reliable seman-
tic key exists. For each k;-equivalence class, let S be the set of active backends and R, the candidates
recovered by backend s. The backend support

a(x)= 1 Z]I[Elx’ ER: ky(x")= Kd(x)] (3)
|S| seS

records the fraction of backends recovering the same identity. It does not require agreement on ev-
ery field, does not resolve conflicting values by itself, and is not a calibrated probability of correctness;
backend errors can be correlated. The provenance retains source locations and backend support for
inspection. A record recovered by only one backend can still be valid; support is not a majority-vote
acceptance rule. The identity key, therefore, defines which observations are candidates for reconcilia-
tion, while the remaining fields describe those observations. For example, two candidates with the same
sample and method may disagree about the concentration or its unit. Their shared identity contributes
to backend support, but they cannot establish which value is correct. Keeping identity, field content,
and source evidence conceptually separate avoids interpreting repeated recovery of a sample name as
independent verification of its measurements.

Serialize. The framework exposes accepted records in JSON-LD, with task-specific terms and source
metadata. The RDF binding f; specifies how record fields map to graph predicates and datatypes. Ap-
pendix J describes the released exporter's record structure and its limits; serialization is not an additional



evaluated prediction task. The released JSON-LD exporter and downstream RDF validation are separate
from the tuple-level evaluation reported here. The exported structure separates sample identity from
elemental measurements and source metadata. Sample nodes carry a paper-scoped identifier and sam-
ple name; measurement entries carry the element and value, with units when available. This structure
allows consumers to retain the association between an observation and its source publication. It does
not itself resolve sample identities across papers, verify external ontology mappings, or establish the
correctness of a downstream query.

2.4. A Worked Example

For sample BR-12, a header supplies the unit ppm and contextual evidence identifies ICP-MS as the
method. Canonicalizationrepresents Au<0. 5 asabelow-detection value with alimit of 0.5, and validation
checks conformance to the task schema. If four of five backends recover their identity, their support is
a(x) =0.8; that support does not independently verify the concentration. AnRDF representation can then
distinguish queries for detected gold from queries for samples analyzed by ICP-MS. This is an illustrative
example rather than an additional evaluated observation.

The same separation applies beyond geochemistry. In a glass-composition table, a caption declaring
mol% prevents treating a value as wt%, even when both composition vectors sum to 100. In a bioactivity
table, IC50 >10 with unit upM is a lower bound, not a measured concentration of 10; the target and
compound must remain attached to thatbound. Inan ML result table, Ours: 87.3becomesinterpretable
only after the caption or prose identifies the model, dataset, and metric. These examples show why
output-schema conformance is necessary but insufficient: a structurally valid record can still express the
wrong scientific claim. In particular, a query for samples analyzed by ICP-MS can include the running
geochemistry observation, whereas a query for detected gold must exclude its censored measurement.
The distinction depends on preserving the detection-limit convention together with the element and
unit. Similarly, the bound bioactivity must remain attached to its compound and target; preserving the
inequality alone would not identify which scientific observation it qualifies.

3. Evaluation Design

We evaluate ARTICLEMINER on four benchmarks (Table 2) chosen to span key dimensions of scientific
table extraction: input modality (PDF only vs. PDF+supplementary), ontology size (60-220 terms), tuple
granularity (cell-, row-, or sample-level), and reliance on supplementary evidence. The benchmark sizes
are severely imbalanced (111 DISCOMAT papers, 28 GEOCHEM, 15 MLTABLES, and 9 CHEMTABLES), so the
two smallest datasets are treated throughout as case evidence rather than population-level confirmation,
and the 163 papers are not 163 independent draws of domain portability. Primary comparisons hold
the backbone fixed and compare publication-level extraction with few-shot prompting; the pre-parsed
setting, backend, and component ablations, and per-domain best configurations are secondary or post-
hoc analyses and are labeled as such.

3.1. Benchmark Datasets

GeOCHEM, introduced in this paper, contains 28 peer-reviewed mineral-geochemistry papers with
ground truth curated by domain experts from the U.S. Geological Survey. The annotations follow
the CM1O-MIN record structure: each gold record represents a mineral observation and specifies
hierarchical sample identifiers and elemental measurements, linked to mineral, analytical-method,
and deposit metadata. Deposit types are drawn from the 189-category CMMI classification scheme
of Hofstra et al. [8]. The benchmark contains 1,236 unique sample identifiers and 87,759 non-null
elemental measurements. It is the largest benchmark in our evaluation by number of observations and
the only one in which extracted records are matched to the ground truth using sample identifiers. We
use the complete 28-paper corpus for all primary GEOCHEM results.



Three external benchmarks evaluate the framework in other domains. CHEMTABLES contains
XML-formatted drug-discovery tables; each gold record links a numeric cell to its value, measurement
type (e.g., ICs), biological target, treatment, and unit [4]. DISCOMAT contains CSV-formatted glass-
composition tables with gold tuples specifying the material, chemical component, percentage, and unit
(mol% or wt%) [6]. MLTABLES contains IKIgX-formatted machine-learning tables whose cells are labeled
as Result, Hyper-parameter, Data Statistics, or Other [4]; interpreting these cells often requires evidence

from the surrounding paper.

Table 2
Benchmark sizes and approximate module counts.

Dataset Publications Tables Gold records Module entries
DISCoMAT 111 175 4,755 167
GEOCHEM 28 ~80 5,307 220
MLTABLES 15 68 2,060 60
CHEMTABLES 9 14 462 80
Table 3
Cost ($) and runtime (s) per paper.
Sonnet Haiku Few-shot
Task s $ s $ s $
CHEMTABLES 60 0.10 86 0.03 17 0.05
MLTABLES 120 0.10 118 0.03 62 0.05
DiSCoMaT 140 0.10 40 0.03 25 0.05
GeoChem 180 0.30 120 0.10 21 0.05

3.2. Four-Tier Evaluation for GEOCHEM

A wrong deposit type, a missing sample, an incorrect concentration, and an incorrectly populated miss-
ing value affect scientific reuse differently. The four tiers separate these errors; numerical accuracy
receives the largest weight because concentrations drive downstream geochemical analysis.

GeoChem uses the composite score S=0.30T; +0.40T5+0.15T5+0.15T;. The tiers assess different prop-
erties and must be interpreted separately. In the released evaluator, T; (metadata) averages normalized
string-similarity scores for paper metadata; absent gold fields receive full credit. T, (numerical accu-
racy) averages numerical scores over matched rows: nonzero values within 5% relative error receive full
credit, with linearly decreasing partial credit up to 100% error; zero gold values use an absolute tolerance
of 0.001. Below-detection sentinels have separate partial-credit rules. T3 (sample recovery) measures
sample matching, using identifier matching with a position-based fallback when fewer than 30% of gold
rows match by name. T, (missing-value agreement) scores whether fields absent in the gold remain
null; non-null gold values, including below-detection observations, are handled by T,. Thus, T, and T
are conditional on row matching and do not independently measure extraction recall or full three-way
null semantics. Appendix C specifies the 209-column projection, and Appendix C.1 gives the remaining
scoring details.

3.3. Evaluation Metrics

For the three external benchmarks, we report precision, recall, and strict tuple-F;: a prediction counts
as correct only when the required tuple fields match. GeoChem instead uses sample matching and the
four-tier score defined above; its scores are not interchangeable with strict tuple-F;. For DISCOMAT [6],
this matches the published Tuple-F,; setting. Our setting is stricter than the attribute-level token-F; of
Bai et al. [4], which gives partial credit for >25% token overlap; their headline numbers are therefore



not directly comparable to ours and appear only as context (§4.1). For GEOCHEM, the four-tier score is
primary; we also report sample-row P/R/F; for cross-benchmark comparability.

3.4. Baselines, Configurations, and Statistical Protocol

Comparison matrix. We compare ARTICLEMINER against the same-LLM few-shot baselines and pub-
lished task-specific systems. These are system comparisons rather than interventions on domain knowl-
edge alone. B1, PDF few-shot: the same backbone receives the raw-PDF text in a single call with a fixed
three-exemplar prompt, temperature zero, the task output schema, and the same metric scripts. It does
not receive ontology grounding, executable validation, cross-backend reconciliation, vision, retries, or
supplementary-file orchestration. In GeoChem, ArticleMiner reads supplementary spreadsheets while
B1 receives PDF text and a compact row schema; both are scored on the common evaluation projec-
tion. The comparison, therefore, includes unequal evidence access, schema presentation, and identifier
handling. B2, pre-parsed few-shot: the same protocol starts from the benchmark’s released table
text, separating evidence acquisition from extraction. Published systems: the GNN of Gupta et al. [6]
on DISCoMAT is compared under tuple-F;; InstrucTE of Bai et al. [4] on CHEMTABLES/MLTABLES uses
attribute-level token-F; and is reported only as non-comparable context. All five closed backbones are
evaluated on all four benchmarks; the full grid in the appendix additionally reports three open 7-8B
backbones.

Hardware, software, and protocol. We run on a Linux workstation (Ubuntu 22.04) with one NVIDIA
H100 80 GB for open-weight inference (vLLM 0.6.x); closed backbones are called via official APIs. PDF
backends are docling, marker, MinerU, pdfplumber, and Camelot (version families, model identifiers,
and environment notes in Appendix I). Temperature is zero; resampling and exemplar ordering use seed
42. Table 4(b) reports mean per-paper scores and percentile bootstrap intervals (1,000 resamples), paired
by publication identifier. Sonnet costs approximately $0.10 per external-benchmark paper and $0.30 per
GeoChem paper; the corresponding Haiku costs are $0.03 and $0.10 (Table 3). A no_pdf record denotes
one of two GEOCHEM data-reuse entries without a standalone source PDF, not a model or pipeline fail-
ure. Such entries are excluded from PDF-dependent averages: headline spreadsheet-aware runs use 28
papers, open-LLM PDF runs use 26, and the paired analysis uses the 25 papers with valid outputs from
both compared systems.

4. Results

The section follows the research questions: the matched comparison (§4.1, Table 4) and component
ablations (§4.2, Table 5a) answer RQ1; the parser and backbone analyses (§4.3, Table 5b) answer RQ2; the
raw-PDF/pre-parsed contrast and error analysis (§4.4, Table 6) answer RQ3.

4.1. Same-Backbone Comparison and Uncertainty

In the raw-publication comparison, ArticleMiner has higher point estimates than the same-LLM few-
shot baseline on all four tasks and all five closed backbones (Table 4a). Panel (b) reports publication-level
means and paired differences, rather than the aggregate scores in panel (a). Reported mean gains are 8.8
points on ChemTables, 14.4 on MLTables, 15.5 on DiSCoMaT, and 62.3 sample-F; points on the 25-paper
GeoChem paired subset. The small ChemTables and MLTables samples yield substantial uncertainty.
The paired summaries are retained as descriptive evidence; their configuration-specific run provenance
is incomplete, so they do not establish a formal significance claim. The GeoChem comparison includes
access to supplementary spreadsheets and is not an isolated test of ontology grounding.

For the five closed backbones, ArticleMiner scores higher with pre-parsed input on all three external
benchmarks (Tables 10-13); GeoChem has no separate pre-parsed comparison in that table. For example,
Opus 4.6 reaches 81.0 tuple-F; on raw DiSCoMaT PDFs and 94.7 on pre-parsed tables. This gap indicates
acquisition losses, but does not isolate parsing from changes in evidence representation or prompting.



Table 4

Same-backbone comparison in the raw-publication setting. (a) Strict tuple-F; on the three external tasks;
GeoChem reports composite S and sample-F; on 28 entries. ArticleMiner also reads GeoChem supplements;
few-shot uses PDF text. Bold marks the larger score within each pair. (b) Reported Sonnet per-paper means,
percentile 95% bootstrap intervals, and paired differences; GeoChem uses 25 paired entries. These historical sum-
maries are descriptive; exact run provenance remains incomplete. Panel (b) is not obtained by subtracting panel
(a)’s aggregate scores; rounding can also affect displayed differences.

(a) Same-backbone comparison across five closed backbones

Backbone System ChemTables MLTables DiSCoMaT GeoChemS GeoChem F,
Sonnet 4.6 ARTICLEMINER 32.1 52.2 79.3 76.0 60.8
’ Few-shot 15.8 43.2 64.5 - 0.8
Opus 4.6 ARTICLEMINER 31.8 55.9 81.0 76.3 60.6
pus 4. Few-shot 15.9 416 59.5 - 3.0
Haiku 4.5 ARTICLEMINER 25.9 51.6 724 75.5 54.3
’ Few-shot 15.8 38.0 55.8 - 4.1
ARTICLEMINER 30.2 45.6 61.9 75.9 63.1
GPT-40 Few-shot 165 32.8 51.9 - 3.6
Gemini 2.5 ARTICLEMINER 22.6 42.7 75.9 75.7 57.6
’ Few-shot 14.3 42.4 52.1 - 0.3
(b) Sonnet 4.6 paired statistics (mean [95% Cl]; A)
System mean Baseline mean AF,
CHEMTABLES (n=9) 36.4 [10.8, 66.6] 27.6 [5.9,54.8] +8.8
MLTABLES (n=15) 52.2[36.2,68.1] 37.8[25.5,51.4] +14.4
DiSCoMaT (n=111) 66.5 [58.1,73.8] 51.1[43.3,59.2] +15.5
GeoChem (n=25) 63.2[49.9,76.1] 0.8[0.3,1.6] +623

The published DiSCoMaT GNN score of 70.04 [6] uses tuple-F; and is reported as external context, with-
outa paired significance test. On GeoChem, Sonnet’s reported tier meansare T; =71.6, T, =76.5, T3 =68.5,
and Ty = 90.6, with S = 76.0. Numerical and null scores are conditional on matched rows; they cannot
establish that all values were recovered or assigned correctly. The baseline’s low sample scores reflect
both identifier mismatch and the lack of the supplementary file path. These differences explain why the
gap from ArticleMiner cannot be attributed to ontology guidance alone.

4.2. Contribution of the Domain Specification: Component Ablations

The full ablation grid uses Haiku 4.5 to limit inference cost; Sonnet 4.6 reruns assess backbone sensitivity.
Under Haiku 4.5, removing ontology grounding reduces tuple-F; by 16.3 points on DiSCoMaT, 7.7 on
MLTables, and 2.2 on ChemTables (Table 5a). GeoChem’s full row reports 54.3/75.5 for sample-F; /S;
every component-removed row reports 51.0 sample-F;, while Sranges from 72.7 to 74.5. Equality among
the ablated rows does not imply equality with the full pipeline. Because these rows combine a headline
reference with separately collected component runs, their GeoChem differences require configuration
and ground-truth alignment before a causal interpretation.

Component effects also depend on the backbone. On Sonnet 4.6, removing vision reduces ChemTables
from 32.1 to 14.6 and MLTables from 52.2 to 4.8; on Haiku, validation removal causes larger losses than
vision removal on both tasks. Removing paper intelligence raises ChemTables from 32.1 to 44.6 under
Sonnet but lowers it under Haiku (25.9 to 23.4). On Haiku DiSCoMaT, its removal raises F; from 72.4 to
76.5. These are diagnostic results, not evidence for a universally optimal component set; Table 7 gives
the Sonnet details. Thus, aricher pipeline is not automatically a better extractor. A blueprint or retry can
expose missing evidence, but can also introduce additional candidates that are irrelevant or incorrectly
interpreted. The observed reversals motivate evaluating correction policies jointly with the task and
backbone. They do not establish which intermediate error caused a particular gain or loss.



Table 5

Haiku 4.5 component and backend analyses. (a) Component removals: tuple-F; on ChemTables/MLTables/DiS-
CoMaT (n=9/15/111); GeoChem reports sample-F, /S. The GeoChem full row is the 28-paper headline reference,
while component-removed runs were collected separately. Equal ablated scores do not imply equality with that
reference. (b) Controlled backend configurations; GeoChem uses 26 common entries with corrected ground truth.
Compare within each panel and run condition. Bold marks the best displayed value; 1 indicates improvement
over the component reference. Sonnet sensitivity is in Table 7.

(a) Component ablation

Variant ChemTables MLTables DiSCoMaT GeoChemF,/S
Full pipeline 259 51.6 72.4 54.3/75.5
w/o ontology 23.7 43.9 56.1 51.0/73.2
w/o self-correct 23.1 49.3 67.1 51.0/74.5
w/o validation 21.7 41.3 71.2 51.0/74.4
w/o intelligence 23.4 46.3 76.51 51.0/72.7
w/o vision 22.3 48.4 71.6 51.0/74.2
(b) PDF-backend configurations (F,)

Configuration ChemTables MLTables DiSCoMaT GeoChem
docling only 26.2 56.3 71.7 479
marker only 23.2 51.4 66.2 48.0
mineru only 23.2 51.6 66.5 46.3
pdfplumber only 23.4 51.0 66.3 46.3
camelot only 25.5 43.2 43.7 48.0
leave-one-out docling 24.2 419 435 46.0
leave-one-out camelot 24.8 55.3 72.5 479
all-five fusion 20.8 47.6 71.0 54.3

4.3. Acquisition, Backends, and Backbone Sensitivity

PDF backends. On DiISCOMAT, docling alone reaches 71.7 F;; the leave-Docling-out configuration
scores 43.5, compared with 71.0 for all-five fusion. On CHEMTABLEs and MLTABLEs, single docling
exceeds all-five fusion (26.2 vs. 20.8; 56.3 vs. 47.6), a negative result for universal multi-backend fusion.
On GEOCHEM, all single and leave-one-out variants cluster at 46—-48 F;, while all-five fusion reaches 54.3
on the same papers (Table 5(b)). The number of backends is therefore a per-task choice rather than a
fixed prescription. LLM backbones. On GEOCHEM, closed backbones cluster tightly at 75.5-76.3 Overall
Swhile open 7-8B models trail at 52.6—-54.0, under a different 26-paper subset and a 512-token stage cap,
with deposit-classification failures reported in Appendix H.4. This comparison does not isolate model
capacity. Few-shot count. The ChemTables exemplar-count analysis plateaus near three examples (Fig-
ure 4b); it does not establish that context budgets are sufficient for all tasks. Cross-LLM agreement is
52-58% on the external benchmarks but 75% on GEoCHEM (Table 9, Appendix H).

Table 6
Error distribution (% of error events; n,,, = count) for ARTICLEMINER (Sonnet 4.6) vs. the same-LLM few-shot
baseline. Classes: over-extraction, omission, attribute mismatch, near miss. GPT-40 rows in Appendix H.

Task System Over-extraction Omission Attribute Near ng,
CHEMTABLES  ARTICLEMINER 57.0 16.1 26.6 0.4 704
Few-shot 10.5 70.9 18.0 0.7 440
MLTABLES ARTICLEMINER 59.9 30.7 39 55 2163
Few-shot 27.6 49.8 5.8 16.7 1679
DiSCoMaT ARTICLEMINER 2.7 92.1 5.2 0.0 1721
Few-shot 121 75.5 6.5 2.5 2697

4.4. Error Analysis

The diagnostic taxonomy separates unmatched predictions (over-extraction), unrecovered gold values
(omission), matched values with incorrect type/component or unit (attribute mismatch), and other-
wise unmatched numerical values within 5% of a gold value (near miss). These categories describe



value-level matching and do not replace strict tuple evaluation. Errors fall into these four classes
(Table 6); model choice mostly shifts the precision-recall balance (Fig. 5). Sonnet over-extracts on
CHEMTABLES/MLTABLES but under-extracts on DISCOMAT; GPT-40 under-extracts everywhere, with
omission 59-83% of its errors (Table 14, Appendix H); omission accounts for approximately 50-75% of
the baseline error events, not of all gold tuples. Open-weight models on DiISCOMAT show high precision
but low recall (P=79-88%, R=10-43%): validation filters a strong generator’s invalid tuples but cannot
recover ones never proposed, showing that schema validation alone cannot recover omitted candidates.

The error counts and proportions must be read together. For Sonnet on DiSCoMaT, omissions con-
stitute 92.1% of ArticleMiner’s 1,721 error events, compared with 75.5% of 2,697 for few-shot prompting.
The larger omission share, therefore, does not imply more omissions in absolute terms. On ChemTa-
bles and MLTables, over-extraction instead contributes 57.0% and 59.9% of ArticleMiner’s errors. These
contrasting profiles motivate different interventions: inspect missing evidence in the former setting and
candidate relevance in the latter, rather than applying uniformly stricter validation.

5. Related Work

Table-to-KG and semantic table annotation. The SemTab challenge and systems such as DAGOBAH
and SAND, with domain-independent interpretation and DBpedia table matching, annotate cells,
columns, and properties over already-recovered tables [1-3, 9, 10]. Because a cell’s meaning depends
on its surrounding evidence (headers, captions, units, sheet names, null conventions), ARTICLEMINER
instead couples parsing with interpretation.

Scientific IE and domain-specific KGs. ChemDataFxtractor, DiSCoMaT, and MinMod [5-7] show
the value of domain knowledge but are each engineered around one domain, source, or target schema.
ARTICLEMINER instead externalizes domain knowledge into a module over a shared orchestration, so
adaptation centers on explicit domain artifacts (Table 1), including executable rules and, when needed,
a classifier.

LLM-based table extraction and document parsing. INSTRUCTE [4], LLM data-integration sys-
tems [11], table models such as TaPas and TURL [12, 13], operate primarily over structured or recovered
tables; surveys discuss the broader use of language models with tabular data [14, 15]. For raw PDFs,
layout-aware parsers [16—18] help, but no single parser is reliable across scientific layouts, so ARTI-
CLEMINER treats their outputs as evidence to be validated.

Semantic lifting and ontology-guided KG construction. Mapping languages (R2RML, RML), OBDA,
and SHACL lift and validate RDF from structured sources, and KG construction needs stable identi-
fiers, datatypes, and provenance [19-25]. ARTICLEMINER sits one stage earlier, recovering units, null
values, identifiers, and context before a structured source exists and exposing structured records for
downstream RDF mappings.

6. Discussion and Threats to Validity

The results support three conclusions within the evaluated tasks. For RQ1, the component removals
show that explicit domain guidance contributes to extraction quality, with task- and backbone-
dependent gains. For RQ2, canonicalization and task-defined identity make independently recovered
candidates comparable, while source locators and backend support retain evidence for inspection. The
backend ablations show that adding extractors does not consistently improve accuracy. For RQ3, the
raw-PDF/pre-parsed gaps and omission-heavy settings identify acquisition as an important remaining
limitation, whereas over-extraction on the smaller benchmarks also requires better candidate selection.
These findings favor task-specific acquisition and correction policies over a universal configuration.

Adaptation and maintenance. A new task requires vocabulary and mappings, derivation and
validation code, prompts, a row schema, identifiers, and RDF bindings; geochemistry also requires a
deposit classifier. The four modules demonstrate reuse of the orchestration, not zero-shot transfer or a
measured reduction in authoring time. We did not record person-hours. Maintenance requires domain



expertise to distinguish vocabulary gaps from extraction errors, assess source-specific conventions,
and revise artifacts when the schema changes. Logged rejections help prioritize inspection but do
not automatically diagnose every cause. Adaptation consequently involves both domain specification
and assessment of representative publications. The authoring inventory makes the required artifacts
explicit: a vocabulary entry addresses a naming gap, a derivation encodes a declared relationship, and
a validator restricts admissible outputs. None can substitute for evidence absent from the recovered
document. The four worked examples illustrate this division across tasks without implying that module
size measures the difficulty of a new domain.

Implications for publication-to-KG systems. Downstream reuse requires units, censoring status,
identity, and evidence locators alongside canonical labels. Identity deserves particular attention during
adaptation: sample name alone can merge distinct analytical methods, while overly specific keys retain
duplicates. Defining the target observation before expanding its vocabulary is therefore a practical
design recommendation, although its effect on authoring effort remains unevaluated.

Construct validity. Strict tuple-F;, sample-F;, and the GeoChem composite score measure different
properties. GeoChem’s numerical and null tiers use matched rows; position-based matching can exploit
numerical overlap, and missing gold metadata receives full credit. These choices can raise scores
without improving end-to-end recall. The weights can change the ranking of nearby variants; per-tier
scores are therefore necessary. No direct measure of downstream KG query quality is reported.
Internal validity. Full-system comparisons alter multiple stages, and GeoChem additionally differs in
supplementary-file access and identifier handling. They do not isolate the effect of ontology ground-
ing. Post-hoc configurations, differing ground-truth snapshots, backbone-specific token limits, and
unavailable MinerU OCR weights further restrict causal interpretation. Component ablations should
be interpreted within their documented run conditions.

External validity. The 163 publications represent four manually authored tasks and are dominated
by DiSCoMaT. ChemTables and MLTables contain only 9 and 15 papers, respectively. GeoChem relies
heavily on machine-readable supplements, and the system constructs per-publication records rather
than resolving entities across publications. These conditions limit claims about unfamiliar scientific
fields.

Conclusion validity. The paired summaries resample publications rather than individual tuples. Small
samples yield imprecise estimates. The exact historical runs underlying the paired summaries are not
fully identified by the release, so those summaries are descriptive and do not establish formal statistical
significance or absence of an effect. Repeated-run variability was not characterized sufficiently to
interpret very small differences. API drift and incomplete version pinning can hinder reproduction [26].
Possible training-data overlap remains unaudited; sharing a backbone does not eliminate contamination
or its interaction with prompting [27].

7. Conclusion

ArticleMiner separates publication-level extraction from explicit task-specific semantic artifacts. Across
four authored tasks, the reported raw-publication results favor the complete pipeline over same-LLM
few-shot prompting, while component and parser analyses show substantial task dependence. The
framework’s contribution is a reusable interface for acquiring, interpreting, and reconciling evidence
under bounded domain constraints. General adaptation cost, controlled supplementary-aware baselines,
and downstream graph quality remain open evaluation needs. Future work includes cross-paper entity
resolution, adaptive evidence acquisition, and expert-reviewed module expansion from logged failures.

Supplemental Material Statement: Source code, ontology modules, prompts, output schemas, out-
puts for all eight backbones, ablation grids, and author-contributed GEoCHEM ground truth are avail-
able under CC-BY-4.0 at https://github.com/Abrar2652/articleminer-iswc26. Few-shot outputs cover
Sonnet 4.6 and open backbones; other closed-backbone results require regeneration using the released
runner. Appendix I provides the full manifest.
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A. The Three Integration Points of the Ontology Module

The pipeline consults Q  (Figure 2) at three points, linking evidence to the declared task representation:
prompt-time grounding at extraction, canonicalization and validation at reconciliation, and IRI binding
at serialization (Figure 1).

Prompt-time grounding (integration point ()): V; enters the LLM’s system prompt at extraction time.
Admissible classes, canonical unit strings, and admissible null kinds are rendered into the prompt as an
enumeration; the LLM is instructed to emit rows drawn only from those enumerations. The effect is
to restrict the LLM’s hypothesis space so that surface variations (e.g., “micromolar' vs “uM') map to
canonical forms before C; ever runs.

Canonicalization and per-tuple validation (integration point (2)): ®4, C4, and I'; run during reconcilia-
tion in the order specified by Eq. (2). Every canonicalized candidate is evaluated against the executable
predicates in I'y; those that fail are excluded from the trusted graph with a structured rejection reason
(e.g.,unit-not-admissible, sum-not-100, summary-row). Rejection reasons and evidence locators are
logged so an auditor can trace why a record did not appear in R(P,d).

IRI and @context declaration (integration point (3)): the RDF binding specifies how output fields are
named in the graph. The released JSON-LD exporter declares a vocabulary and emits sample nodes with
measurements and source metadata. This does not establish that every generated identifier resolves to
an externally maintained ontology term, or that a native equivalent Turtle export has been evaluated
(Appendix J).

The three points are functionally distinct: (1)) guides what the LLM proposes; ((2)) canonicalizes,
derives, and rejects records that fail structural constraints; ((3)) fixes the RDF identity of what remains.
These integration points have different intended roles: prompt grounding guides proposed fields; record
checks enforce declared constraints; and RDF bindings define the graph vocabulary. These roles do not
constitute separate empirical ablations of each integration point.

B. Cross-Domain Worked Example Analogs

The geochemistry worked example in §2.4 traces one row (BR-12 with Au<0.5 and method ICP-MS)
through Parse, Extract, Reconcile, and Serialize. The following schematic examples expand the cross-
domain analogs in the main text; they are not additional evaluated outputs or verbatim serializer dumps.

Materials science (DiISCoMAT). A glass-compositionrow reports Si0,: 55,Na,0: 25, Ca0: 20inatable
whose caption declares the unit as mo1%. Parse recovers the row and its header via docling. Extract
emits the provisional record 7 = (material, [(SiO,, 55),(Na,0, 25),(Ca0, 20)], unit=mol%). Reconcile:
®, is a no-op here (no taxonomic derivation on the constituents), C; passes the oxide names through
(already canonical), and I'; accepts because (i) all constituents are in the oxide vocabulary, (ii) the unit
is admissible, and (iii) ) ; p; = 100 within tolerance. Serialize must retain each constituent, percentage,
and declared unit. A row whose caption instead declares wt% represents a different composition and
cannot be substituted for the mol% row in a downstream query. This example specifies the information
to preserve without assuming an external oxide or unit IRl mapping.

Drug-discovery chemistry (CHEMTABLES). A bioactivity table reports IC50 >10 for compound 7a
against HER2, with a header declaring yM. The extracted record must preserve the treatment, target,
assay, unit, and inequality. Here > 10 is a lower bound on the concentration, not a measured value of 10
or an upper bound. A downstream query for compounds with IC5y <5pM must exclude this observation.
The evaluated prompt retains the literal inequality; an RDF mapping may encode its comparator and
threshold explicitly.

Machine learning (MLTABLES). An arXiv table reports Ours: 87.3 under Accuracy (%), with
CIFAR-10 identified in the caption. Extraction links the value to its model, dataset, metric, and unit



using table and prose evidence. Resolving Ours requires source context at extraction time; it is not a
lookup that a fixed canonicalizer can perform without that evidence. Subsequent normalization and
validation enforce the declared task schema.

The examples distinguish contextual interpretation by the extraction model from deterministic oper-
ations specified by the module. Across tasks, semantic fields and schemas change while the high-level
orchestration is reused.

C. Output Schemas

The ArTICLEMINER GEOCHEM ground-truth schema contains 209 columns: 63 metadata/provenance

fields and 146 element columns (73 elements x {value, detection-limit/null information}). The pipeline’s
output Excel allows extra optional fields (uncertainty, method, alternative units), but evaluation pulls

only the named-field projection (§3), so additional pipeline-emitted columns are ignored rather than
penalized, and pipeline and baseline are compared on the same 209-column projection. The other three
benchmarks each define a tuple shape: ChemTables uses (cell_index, value, type, target, treatment, unit)

with type € {ICs,,EC50,Gls5(,CCs0,MIC}; DiSCoMaT uses (sample_id, component, percentage, unit) with

the unitin{mol%, wt%}; MLTables uses an entry-type-tagged tuple in {Result,Data Stat.,Hyper-parameter,Other}
with type-dependent attribute fields (e.g. Result carries model, dataset, metric, task).

C.1. GeoChem scoring details

For Ty, string comparison returns the maximum of token Jaccard similarity and sequence similarity after
normalization. Missing gold values score 1; a missing prediction for a present gold value scores 0. For
a nonzero numerical gold value g, let e = |p— g|/|g|. The released T, score is 1 for e < 0.05, 0 for e > 1,
and 1—(e—0.05)/0.95 otherwise. A zero gold value receives full credit only within absolute error 0.001.
When the gold is the below-detection sentinel, a matching sentinel scores 1, a missing prediction 0.5,
and another value 0.3. A predicted sentinel against an ordinary gold value scores 0. T, averages scored
fields within a matched row and then averages matched rows; Ty similarly averages null agreement over
gold-null fields.

Identifier matching tests available sample-name columns and accepts exact or prefix matches. If fewer
than 30% of gold rows match by name, a fallback compares row order under offsets and numerical overlap.
Rows are compatible when at least 30% of shared positive elemental values agree within 10%; for much
larger prediction sets, a greedy value-fingerprint match is used. The fallback therefore uses measurement
values to establish alignment, which must be considered when interpreting numerical accuracy. Tj is the
resulting sample-F;, while row counts are also reported diagnostically. These rules describe the released
evaluator; they do not make its score equivalent to strict tuple matching.

D. Per-Domain External-Benchmark Detail

DiSCoMaT. Onraw PDFs, Opus 4.6 reaches 81.0 tuple-F; and Sonnet 4.6 reaches 79.3, compared with
same-backbone few-shot scores of 59.5 and 64.5. Sonnet’s 98.2% precision and 66.4% recall indicate that
omissions dominate the remaining error. The reported per-paper analysis includes 32 of 111 papers
with no predictions; these failures remain in the main denominator. Published GNN results are external
context and do not share the paired analysis in Table 4.

MLTables. Opus 4.6 reaches 55.9 tuple-F; against its few-shot baseline’s 41.6. The Sonnet paired
means in Table 4(b) are a separate comparison: 52.2 versus 37.8, with a reported paired difference of 14.4.
Open-model scores range from 28.6 to 51.1. These observations are limited by the 15-paper sample.



ChemTables. The full Sonnet configurationreaches32.1 tuple-F; against 15.8 for few-shot prompting;
disabling paper intelligence raises the system score to 44.6. The latter is a post-hoc configuration. The 9-
paper paired summary has wide intervals. The configuration underlying the historical paired summary
isnot fully documented; that summary should not be treated as a confirmed paired test of the full pipeline.

GeoChem. Closed-backbone composite scores range from 75.5 to 76.3 on 28 entries. The separate
paired analysis uses 25 common entries and reports a mean sample-F; of 63.2 for Sonnet. These val-
ues describe different estimands and denominators. Supplementary-file access and sample-identifier
handling contribute to the gap from PDF-only few-shot prompting.

E. Ontology Module Entries

This appendix gives the full per-task semantic content behind the compact summary in Table 1. Repre-
sentative entries from the four domain-specific ARTICLEMINER ontology modules follow; full modules
are released with the source code.

E.1. Geochemistry (220 entries)

The geochemistry module combines deposit keyword mappings, mineral labels, analytical-method
aliases, and value conventions. Approximately 90 keyword entries map deposit descriptions into
the adopted hierarchy; these mappings are distinct from the complete 189-type classifier vocabulary.
Around 80 mineral entries associate labels with coarse classes and formulae, for example sphalerite
with sulfide and ZnS, or magnetite with oxide and Fe;O04. More than 50 method variants map to ap-
proximately 12 canonical methods, including LA-ICPMS, EPMA, SIMS, ICP-OES, and XRF. Value rules
distinguish detection-limit encodings from missing values and preserve explicit unit classes. These
counts describe different artifact categories and should not be interpreted as the number of axioms in a
formal ontology.

E.2. Drug discovery: ChemTables (80 entries)

The bioassay vocabulary includes five activity types {ICsq, ECsq, Gl59, MIC, CCsq} together with their
canonical units and assay interpretations. The target taxonomy lists representative protein kinases
(CHK1, CHK2, EGFR, ...), receptors, and microbial targets seen across the 9 PMC papers, with synonym
maps where applicable. The module includes assay-specific value ranges and compound-target linkage
constraints; these do not establish monotonicity of an unobserved dose-response curve.

E.3. Materials science: DiSCoMaT (167 entries)

The material-classification taxonomy distinguishes glass, ceramic, alloy, polymer, plus a long tail of sub-
classes from the SciGlass database. The oxide-component taxonomy lists the standard compositional
building blocks (SiO,, Na, O, B, O3, PbO, Ca0, ...) with their canonical chemical formulae. Unit standard-
ization distinguishes mol% vs. wt% (both valid; the distinction must be preserved per table). Constraints
encode composition-sum tolerance ()~ 100%) and component plausibility ranges per material class.

E.4. Machine learning: MLTables (60 entries)

The entry-type taxonomy enumerates the four MLTables annotation classes {Result, Data Statistic,
Hyper-parameter/Architecture, Other}. The metric taxonomy lists common ML metrics (accuracy, Fy,
BLEU, perplexity, AUC, mAP, ...) with their value ranges and interpretation (higher-better vs. lower-
better). Attribute linking defines the model—>dataset—metric—value chain that identifies a Result
and the parameter—model association that identifies a Hyper-parameter. Constraints encode metric
plausibility (accuracy €[0,100], loss >0) and model-dataset consistency within a paper.



F. Prompt Templates

This appendix documents the prompt templates used in each LLM-based stage of ARTICLEMINER; full
templates are released with the source code. Listings 1-4 reproduce the extraction system prompt of each
task module verbatim from the released code, so the per-domain differences are directly comparable: the
prompts share a high-level structure (role, target output, domain rules, and prohibitions on fabrication),
while the vocabulary, tuple shape, unit conventions, and null-value semantics come from Q. Note that
the dash convention is deliberately opposite across domains: in DISCOMAT composition tables, a - cell
means the component is absent (0%), whereas the GeoChem task default treats it as below detection;
source legends may require a different interpretation (§2.2, Part 3). The same surface symbol carries
different semantics per domain, which is why null conventions live in the task module rather than in
shared code.

Listing 1: Exact DISCOMAT extraction system prompt

You are an expert materials scientist specializing in glass and ceramic compositions. Your task is
to extract material composition data from tables in materials science papers.

## Extraction Target
For each composition table, extract tuples of the form:

{"sample_id": "<identifier, from row header or sample number>",
"component": "<chemical formula, e.g., Si02, Na20, PbO>",
"value": <numerical percentage value>,

"unit": "<mol or wt>"}

## Unit Inference Rules

1. Check the table caption for "mol%", "mole%", "wt%", or "weight%".

2. Check column headers for unit annotations like "Si02 (mol%)".

3. If the caption says "mol%" then ALL values in the table are mol%.

4. If no unit is found, check if the values sum to ~100%.

## Critical Rules

1. ONLY extract composition data; skip physical properties (density, T,, hardness).
2. Component names must be valid chemical formulas (SiO2, not "silica").

3. Acell of "-" or "--" means 0% (component absent); do NOT extract it.
4

. A blank cell means "not reported"; do NOT extract it.

Listing 2: Exact GEOCHEM raw-PDF table extraction system prompt

You are an expert geochemistry database curator. You are given the text of a research paper
(including any tables embedded in the PDF). There is NO supplementary spreadsheet available. Your
task is to extract individual sample analytical data (element concentrations) directly from tables
in the PDF text.

Extract information EXACTLY as reported --- do not paraphrase, estimate, or fabricate values.

{knowledge_base}

The {knowledge_base} placeholder is whereV, is rendered into the prompt at run time (integration point (D)): the admissible
element list, unit classes, mineral and method vocabularies, and the null-kind conventions (BDL, NM, measured zero). The

companion user template requests a JSON object with samples and extraction_notes, one object per analytical spot.

Listing 3: Exact CHEMTABLES extraction system prompt

You are an expert medicinal chemist specializing in drug discovery data extraction. Your task is to
extract bioactivity measurements from tables in medicinal chemistry papers.

## Extraction Target

For each numerical cell in the table that represents a bioactivity measurement, produce a JSON
object:

{"cell_index": "CA(row,col)",

"value": "<exact numerical value from the cell>",
"type": "<one of: IC50, EC50, GI50, MIC>",
"target": "<protein target, cell line, or organism being assayed>",

"treatment": "<compound identifier (number, name, or code) being tested>",




"unit": "<measurement unit, e.g., pM, nM, pg/mL>"}

## Assay Type Definitions

- IC50: Half-maximal inhibitory concentration (enzyme/protein inhibition AND cell
viability/proliferation assays)

- EC50: Half-maximal effective concentration (cell-based functional assays)

- GI50: Concentration causing 50% growth inhibition (ONLY when paper explicitly uses the term GI50)
- MIC: Minimum inhibitory concentration (antimicrobial assays)

IMPORTANT: If the table caption or column header explicitly states "IC50", classify as IC50 even if
the assay measures cell proliferation. The paper's own terminology takes precedence over domain
conventions. Only use GI50 if the paper explicitly labels values as GI5O0.

## Critical Rules

1. Extract ALL cells containing numerical bioactivity/potency values. This includes IC50, EC50,
GI50, MIC, and related measurements like % inhibition (which should be classified as MIC if units
are pg/mL or pM) or cytotoxicity values.

2. The "treatment" is the compound being tested --- usually identified by a number in the first
column or a compound name.
3. The "target" is what the compound is tested against --- a protein (CHK1, EGFR), cell line (A549,

HeLa), or organism (S. aureus, E. coli). If the target is not clear, use "xx".

4. Infer type, target, and unit from column headers. Column headers often follow patterns like
"CHK1 IC50 (pM)" or "MIC (pg/mL) S. aureus".

5. If a column header says "% inhibition" or "inhibition (%)" with units like pg/mL, classify as
MIC.

6. If a cell contains a range like "1.0 (0.86, 1.2)", extract the primary value "1.0" AND include
the full string with £ if present (e.g., "265 = 17" should have value "265 £ 17").

7. If a cell contains ">100" or ">50", this means the compound is inactive at the tested range.
Still extract it with value ">100" or ">50".

8. Do NOT hallucinate values. Only extract what is explicitly present in the table.

9. Skip truly non-bioactivity data like selectivity ratios, ligand efficiency, or physical
properties (LogP, MW).

10. Output one JSON object per line. No markdown, no explanation.

Listing 4: Exact MLTABLES extraction system prompt

You are an expert ML researcher. Given a table extracted from a machine learning paper, extract ALL
quantitative entries (results, dataset statistics, hyperparameters).

For each entry, output a JSON object on one line:

{"value": "<exact number>", "type": "<Result|Data Stat.|Hyper-parameter/Architecture|Other>",
.attributes..}

For type "Result": include "model", "dataset", "metric", "task" if identifiable.

For type "Data Stat.": include "dataset", "attribute name" (e.g., "number of samples", "number of
classes").

For type "Hyper-parameter/Architecture": include "parameter/architecture name", "model".

RULES :

1. Extract the EXACT numerical value from the table cell.

2. Classify each value into one of the four types based on context.

3. For Results: the model is usually in the row, the metric in the column header, the dataset from
caption or headers.

4. Skip non-quantitative cells (model names, dataset names used as labels).

5. Do NOT hallucinate. Only extract what is explicitly in the table.

6. Output ONLY JSON lines, no explanation.

The verbatim ChemTables prompt enumerates four assay labels although the module also includes
CCsp. Its rule mapping some inhibition measurements to MIC is a task heuristic, not a biochemical
equivalence. Likewise, a composition summing to 100 does not distinguish mol% from wt%. These
prompt choices are retained to document the evaluated instrumentation and can introduce systematic
interpretation errors.

Paper-intelligence Blueprintskim (planning stage). The blueprint prompt asks the model toiden-
tify analytical methodology without inventing values. It receives PDF text and the task vocabulary, and



returns expected sample count, measured elements, minerals, analytical methods, instrument, labora-
tory, standards, and operating conditions. The expected count guides acquisition retries; the other fields
provide extraction context.

Paper-level metadata LLM (planning stage). System role: extract paper-level metadata, validate
each category against the provided taxonomy, and reject categories absent from it; never invent units or
method names. User input: PDF text, the Blueprint object, and the classification taxonomy (e.g. the 189-
class CMMI deposit-type list for geochemistry). Output: JSON conforming to the paper-level metadata
schema, with per-category confidence.

Agentic diagnostic LLM (structural-hint retry). System role: diagnose why parsing produced
fewer rows than expected and return structured hints for a retry, enumerating the failure modes to look
for (wrong header row, transposed layout, unrecognized sample-ID column, wrong unit assumption,
multi-row headers, non-geochemical content). It requests only parsing hints, not values — the iterative
refine—feedback pattern of [28] restricted to structural correction. User input: failed-extraction rows,
expected sample count, raw table text per backend. Output: JSON hints deserialized into {header_row,
is_transposed, sample_id_col, element_label_col, notes_from_llm}, with null for fields
whose auto-detection was correct; separate supplement-file and raw-PDF variants exist, bounded at
two diagnosis attempts per failing file.

Token budgets are set per stage rather than globally (most extraction and diagnosis calls use 8192;
short classification and filtering calls use less); temperature is 0.0 throughout for reproducibility.

Open-LLM cap. For 7-8B open backbones (Qwen-2.5, Mistral-v0.2, Llama-3.1) on GEOCHEM,
max_new_tokens is capped at 512 across blueprint, metadata, table-extraction, and deposit-classifier
stages. The cap suppresses hallucination spirals observed under longer budgets (e.g., open-ended
isotope-chain enumeration on geochemistry tables) and short-circuits failed JSON-schema comple-
tions; the deposit classifier still emits malformed JSON on the 189-class CMMI taxonomy under all
three open backbones, which the pipeline catches and writes deposit_type=null (§4.1, “Open-LLM
geochemistry”).

Few-shot baseline prompt. The PDF few-shot baseline uses one call at temperature zero with three
fixed exemplars. Exemplars come from the external benchmarks’ training splits or a separate GeoChem
exemplar pool. The user input contains PDF text, or released table text for the pre-parsed setting, with-
out a blueprint, ontology context, vision, or retries. The reported token budgets are 4096 input and
8192 output tokens. The GeoChem baseline emits a compact per-row schema rather than the complete
209-column projection and does not ingest supplementary spreadsheets. Its comparison with ArticleM-
iner therefore includes input-access and representation differences. The ChemTables exemplar-count
analysis motivates three exemplars for that task; it does not establish context sufficiency elsewhere.

G. Sonnet 4.6 Sensitivity on PDF-only Domains

The main-text ablation table (Table 5, all panels) fixes the LLM backbone to Haiku 4.5 for cross-domain
uniformity. On the small PDF-only benchmarks CHEMTABLES (n=9) and MLTABLESs (n=15), the magni-
tudes of component effects differ between Haiku and Sonnet. Re-running the same ablations on Sonnet
4.6 shows that component magnitudes and, for paper intelligence, the direction of the effect change with
the backbone, so the two grids should be read as task- and backbone-specific diagnostics rather than as
a single universal ranking.



Table 7

Sonnet 4.6 component ablation on CHEMTABLES/MLTABLES, companion to Table 5. Vision is the largest single
contributor on PDF-only domains (—17.5 / —47.4 F; when removed); removing paper-intelligence raises CHEMTA-
BLES F; by +12.5 via stricter precision. Bold = largest drop / largest gain.

ChemTables (n=9) MLTables (n=15)
Variant P R Fi P R F,
Full pipeline 30.4 34.0 32.1 52.6 51.7 52.2
w/o ontology 28.8 32.3 30.4 51.9 51.6 51.7
w/o self-correction  28.6 323 30.3 51.8 516 51.7
w/o validation 28.4 32.3 30.2 51.7 50.8 51.2
w/o intelligence 64.9 34.0 44.6" 52.5 52.1 52.3
w/o vision 171 12.8 14.6 28.3 2.6 4.8

' removing the paper-intelligence stage raises CHEMTABLES F; by +12.5, with precision increasing from 30.4 to 64.9 while
recall remains 34.0; this identifies an interaction but does not establish its mechanism. Cross-model reading: effects are task-
and backbone-dependent (e.g., removing paper intelligence lowers CHEMTABLES F; under Haiku but raises it under Sonnet),
so neither grid gives universal component effects; vision produces the largest losses under Sonnet, whereas validation
removal produces larger losses under Haiku, and GEOCHEM’s supplementary-data path makes LLM-side components far less
influential on that task.

H. Extended Results

This appendix provides supporting model, prompt-count, and protocol analyses. Table 8 is a historical
sequence of configurations, not a controlled one-factor ablation: changes in T, cannot be assigned solely
to the deposit classifier. Table 9 describes overlap among model outputs rather than their correctness.

Table 8
Post-hoc protocol-component analysis on GEOCHEM (All-28, Sonnet 4.6): four-tier scores as protocol components
are added. Exploratory diagnostic, not independent confirmation. Bold marks the best per column.

Configuration T, T, T T, Overall S
Base configuration 69.9 70.7 67.8 88.4 72.7
+ USGS protocol 71.5 70.9 70.8 88.4 73.7
+ LLM deposit classifier (3-backend) 71.2 74.0 68.5 97.6 75.9
+ full 5-backend (ARTICLEMINER) 71.6 76.5 68.5 90.6 76.0

Table 9
Pairwise tuple Jaccard (%) between backbones and their three-way intersection; higher = more agreement.
Backbone pair CHEMTABLES MLTABLES DISCOMAT GEOCHEM
Sonnet 4.6 / Opus 4.6 99 85 79 90
Sonnet 4.6 / GPT-40 72 57 74 79
Opus 4.6 / GPT-40 72 60 64 82
Three-way 58 53 52 75

Figure 3 shows a 0.8-point spread in GeoChem’s composite score across closed backbones. This stabil-
ity is consistent with the shared deterministic spreadsheet path, but does not imply that every metadata
field or individual prediction is invariant to the backbone.

H.1. Full cross-model grid

Tables 10-13 reports the complete grid of precision, recall, and F; for all eight backbones under both input
modalities; the main text retains only the matched closed-model comparison (Table 4) and its uncertainty
(Table 4).

H.2. GEOCHEM per-paper 4-tier breakdown (n=28)

Per-paper T; /T, /T3 /T, scores for the headline configuration (Full (5-backend, ARTICLEMINER) from
Table 8, Sonnet 4.6) yield the following bootstrap 95% Cls on per-tier means (n=28, 1,000 resamples, seed
42): T; (metadata) 71.6[68.6,74.7], T, (numerical) 76.5[65.4,87.2], T5 (structural) 68.5 [55.0,80.4], T, (null)
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Figure 3: Per-backbone score across the four tasks (corresponding to Table 4): strict tuple-F, (%) for CHEMTA-
BLES/MLTABLES/DISCOMAT and four-tier Overall S(%) for GEOCHEM. The two metrics are distinct constructs and
are not directly comparable across tasks.

Table 10
ChemTables P/R/F; (%). n=9 publications; raw-PDF and pre-parsed inputs. ArticleMiner is abbreviated AM.
Raw PDF Pre-parsed
Backbone System P R F, P R F,
Sonnet 4.6 AM 304 340 321 57.8 60.2 59.0
Few-shot 41.7 9.7 158 483 39.2 432
Opus 4.6 AM 30,6 331 31.8 599 615 60.7
Few-shot 437 97 159 509 509 509
Haiku 4.5 AM 19.3 394 259 550 57.1 56.1
Few-shot  42.1 9.7 15.8 484 459 471
GPT-40 AM 28.2 325 30.2 55.0 524 537
Few-shot 620 95 165 454 431 442
Gemini 2.5 Flash AM 165 359 226 613 613 613
Few-shot 24.0 10.2 143 47.6 448 46.2
Qwen-2.5-7B (open) AM 119 132 125 79.0 539 64.1
Few-shot 377 50 88 447 286 349
Mistral-7B (open) AM 223 17.7 198 169 190 17.9
Few-shot 6.7 6.5 6.6 36.0 208 263
Llama-3.1-8B (open) AM 186 149 16.6 499 543 520

Few-shot 154 87 111 453 305 36.5

90.6 [85.2,95.1], Overall 76.0 [70.1,81.4]. The T, and T; intervals are wide (+10-13) because per-paper
scores have a long left tail (a small number of layout-only or borderless-table papers score near 0); the
overall-mean interval (+5.7) reflects heterogeneity across papers.

H.3. Interpretation of component and backend analyses

Table 5(a) reports component removals, whereas panel (b) compares backend configurations. Their
full/reference rows differ, so a backend effect must be computed against the corresponding all-five row
in panel (b). Removing Camelot changes ChemTables from 20.8 to 24.8, MLTables from 47.6 to 55.3, and
DiSCoMaT from 71.0 to 72.5. GeoChem’s backend comparison uses a 26-paper subset and a corrected
ground-truthrerun, rather than the 28-paper headline reference. These distinctions prevent interpreting
differences across panels as a single controlled ablation sequence.



Table 11
MLTables P/R/F; (%). n=15 publications; raw-PDF and pre-parsed inputs. ArticleMiner is abbreviated AM.

Raw PDF Pre-parsed
Backbone System P R F, P R F,
Sonnet 4.6 AM 526 51.7 522 709 949 81.2
Few-shot 54.8 35.6 432 688 921 7838
Opus 4.6 AM 57.0 549 559 721 954 821
Few-shot 54.1 33.8 416 756 759 758
Haiku 4.5 AM 45.7 594 516 708 928 80.3
Few-shot 523 299 380 799 754 776
GPT-40 AM 55.0 389 456 782 924 84.7
Few-shot 41.8 27.0 328 809 915 859
Gemini 2.5 Flash AM 44.7 40.8 427 639 922 754
Few-shot 44.5 40.5 424 755 99.0 85.7
Qwen-2.5-7B (open) AM 49.2 513 502 753 793 773
Few-shot 38.7 135 200 764 59.7 67.0
Mistral-7B (open) AM 428 215 28.6 585 637 61.0
Few-shot 369 127 189 53.6 37.3 440
Llama-3.1-8B (open) AM 519 504 51.1 599 80.2 68.6

Few-shot 31.6 183 232 69.5 599 643

Table 12
DiSCoMaT P/R/F; (%). n=111 publications; raw-PDF and pre-parsed inputs. ArticleMiner is abbreviated AM.
Raw PDF Pre-parsed
Backbone System P R F, P R F,
Sonnet 4.6 AM 98.2 664 793 915 91.1 913
Few-shot 827 529 645 921 947 934
Opus 4.6 AM 97.0 69.5 81.0 951 942 94.7
Few-shot 80.4 472 595 912 855 833
Haiku 4.5 AM 97.0 57.8 724 928 91.2 92.0
Few-shot 73.7 449 558 924 901 912
GPT-40 AM 873 479 619 924 886 904
Few-shot 63.0 441 519 882 908 89.5
Gemini 2.5 Flash AM 929 641 759 854 887 87.0
Few-shot 625 447 521 893 918 905
Qwen-2.5-7B (open) AM 883 43.0 578 80.8 785 79.6
Few-shot 338 225 27.0 734 136 230
Mistral-7B (open) AM 81.1 38.2 519 60.2 54.1 57.0
Few-shot 11.5 2.8 4.5 0.0 0.0 0.0
Llama-3.1-8B (open) AM 79.0 103 182 693 738 715
Few-shot 15.4 260 194 60.0 260 36.3
Published GNN - - - - - 70.04

H.4. Open-LLM GEOCHEM 4-tier breakdown (n=26, max-tokens=512)

The three open 7-8B backbones run the full ARTICLEMINER pipeline on the 26-paper subset (the 2 data-
reuse entries lacking standalone PDFs are excluded; see annotation protocol). Reported per-model four-
tier scores:

. Qwen-2.5-7B: Ty=22.2, T,=64.3, T;=60.2, T,=83.5, Overall =54.0.

« Mistral-7B-v0.2: T;=17.7, T,=64.3, T;=60.2, T,=83.5, Overall = 52.6.

« Llama-3.1-8B: T;=20.5, T,=64.3, T3=60.2, T;=83.5, Overall =53.4.

Thereported aggregate T, /T3 /T, scores are identical across these three runs, consistent with their shared
supplementary-file parser. This does not imply identical cell-level outputs. All three deposit classifiers



Table 13

GeoChem P/R/F, (%). Closed ArticleMiner runs use 28 entries and supplementary files; open runs use 26 entries.
Few-shot reads PDF text. The reported P/R/F; aggregates need not satisfy the harmonic-mean identity across
papers. ArticleMiner is abbreviated AM.

Backbone System P R F,
Sonnet 4.6 AM 58.0 829 60.8
Few-shot 3.0 0.5 0.8
Opus 4.6 AM 58.1 83,5 60.6
Few-shot 8.0 2.1 3.0
Haiku 4.5 AM 50.5 83.2 543
Few-shot 14.0 3.1 4.1
GPT-40 AM 62.2 829 63.1
Few-shot 7.7 2.8 3.6
Gemini 2.5 Flash AM 549 83.1 57.6
Few-shot 3.2 0.2 0.3
Qwen-2.5-7B (open) AM 55.0 74.8 56.2
Few-shot 3.1 0.2 0.3
Mistral-7B (open) AM 55.0 74.8 56.2
Few-shot 0.0 0.0 0.0
Llama-3.1-8B (open) AM 55.0 74.8 56.2

Few-shot 4.6 1.9 2.6

Table 14

GPT-4o0 error distribution (% of error events; complements the main-text Table 6, which reports ARTICLEMINER-
Sonnet and few-shot).

Task System Over-extraction Omission Attribute Nearmiss n,,
CHEMTABLES  ARTICLEMINER-GPT40 5.2 62.7 31.2 0.9 346
MLTABLES ARTICLEMINER-GPT40 27.1 59.3 0.1 13.5 2020
DiSCoMaT  ARrTICLEMINER-GPT40 5.8 82.7 10.0 14 2788
50 1
©- Same-LLM PDF few-shot (Sonnet)
S artioloMiner dofoult o 321 Feee e
Qwen-2.5-7B | J54.0 40 ++ ArticleMiner best ablation = 44.6
Llama-3.1-8B |53.4 open 7--8B: 52.6--54.0 =
=
Mistral-7B-v0.2 |52.6 o T e e e e e e e
closed: 75.5--76.3 fy 30
Opus 4.6 %
2
Sonnet 4.6 [ ]
g 20
GPT-40 5 O16 O15.8 Q16.1
. (07 v
Gemini 2.5 Flash 10
Haiku 4.5
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GeoChem-28 4-tier overall (%) 0 1 3 5
‘ [ Anthropic (Claude) [l OpenAl (GPT-40) [l Google (Gemini)  [I Open 7-8B ‘ Number of few-shot exemplars (k)
(a) Per-LLM four-tier Overall S on GEOCHEM. (b) CHEMTABLES few-shot F, vs. k-shot exemplars (Son-
net 4.6).

Figure 4: Supporting analyses: per-LLM four-tier Overall Son GEOCHEM (left), and the few-shot exemplar-count
plateau on CHEMTABLES (right).

return malformed JSON under the 512-token cap, so the observed gap from closed models confounds
model choice with decoding budget and coverage. Tables 10-13 give the separately reported sample-
score grid.



100 ChemTables MLTables DiSCoMaT

@
® ®
Qe
80 1 1 1 e o X
S
z 60 1
S » ]
3 x ° > ¢
@ 40 4
= ®
J @
20 ) o®
[ J
0 T T T T 1 T T T T 1 T T T T 1
0 20 40 60 80 100 0 20 40 60 80 100 O 20 40 60 80 100
Recall (%) Recall (%) Recall (%)
® Sonnet4.6 ® Haiku 4.5 ® Qwen-2.5-7B (open)
X Few-shot: Sonnet 4.6 ® GPT-40 @® Mistral-7B (open)
Opus 4.6 ® Gemini 2.5 Flash ® Llama-3.1-8B (open)

Figure 5: Precision and recall on raw-PDF inputs, plotted directly from Tables 10-12. Circles denote ArticleMiner
backbones; crosses denote the Sonnet few-shot baseline. Each panel uses its benchmark’s strict tuple-matching
metric.

I. Hardware, Software, and Reproducibility

Experiments used Ubuntu 22.04 and CUDA 12.4, with one NVIDIA H100 80GB GPU and vLLM 0.6.x for
open-model inference. Closed models were called through the Anthropic, OpenAl, and Google SDKs in
April-May 2026. Reported identifiers are listed below.

claude-sonnet-4-6; claude-opus-4-6;claude-haiku-4-5-20251001; gpt-40-2024-08-06;

gemini-2.5-flash;Qwen-2.5-7B-Instruct;Mistral-7B-Instruct-vo0.2;
Llama-3.1-8B-Instruct.

Reported parser versions are Docling 2.x, Marker 1.x, MinerU 0.9, pdfplumber 0.11, and Camelot 0.11.
MinerU’s OCR path was disabled when its weights were unavailable. The reported temperature is zero,
and the resampling and exemplar-ordering seed is 42. The release contains stage-specific token caps
and run configurations, but does not provide a complete manifest linking every historical result to its
configuration. Table 3 reports per-paper cost and runtime.

The reported software versions are version families rather than a complete executable environment
lock. The release also includes additional rotation handling and optional adaptive backend selection that
were not part of the reported evaluated configurations. Reproducing those configurations requires the
corresponding settings and output files, not merely running the latest default pipeline.

J. Knowledge-Graph Output: Export Structure

Recovered samples are serialized as JSON-LD. The representation separates sample identity, elemental
measurements, and source metadata, as described below.

@context and egraph.
The context declares a configurable default vocabulary and mineral/deposit namespace prefixes; the
graph contains one node per sample row. A namespace declaration alone does not verify that the
resulting terms correspond to a published ontology.

Sample identity.
Each node has @id, etype, and sample_name. The identifier incorporates the paper identifier and a
normalized sample name. Optional fields include mineral, deposit, and analytical method.

Measurements.
Each nonempty elemental value produces a measurement containing element and value_ppm, with
a unit when available. The exporter adds a below-detection note for the designated sentinel. A
stated detection limit encoded as a negative value does not receive that note under the same rule;
downstream consumers must therefore retain and interpret the source value convention.



Source metadata.
The provenance object records the source PDF stem and pipeline model. These fields do not by
themselves constitute a complete PROV mapping or cell-level evidence locator.

The task-level RDF binding describes the intended graph interface, while this exporter implements
a particular representation. Native equivalent Turtle output, verified external ontology alignment, and
downstream query correctness are not established by the tuple-level experiments. Such reuse requires
validated predicate mappings, stable record identities, explicit censoring semantics, and compatible in-
gestion rules.

K. GEoOCHEM-28 Annotation Protocol

This section summarizes the curation protocol used for the 28 contributed mineral-geochemistry papers.

Scope. 28peer-reviewedpapersreporting LA-ICP-MS trace-element analyses of sulfide and sulphosalt
minerals in ore deposits, published 2004-2025. Each paper is annotated against the 209-column CM10-
MIN schema (an extension of CMiO/Hofstra [8] for individual-grain mineral geochemistry).

Annotators. Multiple geochemistry annotators participated, coordinated with U.S. Geological Sur-
vey domain experts. Annotations were independently spot-checked by a second annotator and any
disagreements reconciled against the source PDF + supplementary tables.

Per-paper procedure.

1. Depositmetadata(T;). Thefifteenannotated fieldsare deposit_name,deposit_type,deposit_environment,
deposit_group, all_commodities, mineral, analytical_method, instrument_type_model,
laboratory_location, operating_conditions, standards_used, country, age, host_rock, and
sample_reference. Values are transcribed from the publication where possible and otherwise
normalized to the task vocabulary.

2. Per-sample rows (T/T5/T4). Each row corresponds to one (sample_id, mineral) analysis under
a three-tier sample ID (top-level sample / sub-sample or thin section/spot). For each element column
<el>_ppmor <el>_wtpct: a numeric value if reported; —L for a stated detection limit L, or —99999
when below detection is reported without a limit; blank if not measured or not reported.

3. Mineral assignment. One mineral per row. Mineral identity is taken from the per-analysis annota-
tion in the paper’s supplementary tables (analysis_id prefix, data-sheet name, or explicit column),
never inferred from abundance patterns.

4. Units. Preserved as reported; no conversion. Columns carry the unit in their name (e.g. cu_ppm,
s_wtpct).

Conventions.

« Below-detection limit: —L when the limit is known, or —99999 when it is unspecified. The encoding
distinguishes censored measurements from missing values; the evaluator treats non-null gold entries
in T, and gold-null entries in Tj.

« Not applicable / not measured: blank cell.

+ Reference materials (MASS-1,NIST 610, etc.) are included as sample rows tagged with the reference-
material flag. Annotation does not filter them out; both ARTICLEMINER and the few-shot baseline are
expected to reproduce them in the prediction set so that the structural match in T; is well-defined.

« Data-reuse papers (suffix _as_reported_in_X_et_al_YYYY): gold tuples are taken from paper X’s
supplementary tables. The original paper PDF is therefore not strictly required for evaluation, because
all gold numbers reappear in the companion paper. Two of the 28 entries are data-reuse pairs; the open-
LLM 4-tier breakdown in §H.4 reports n = 26 rather than n = 28 because the open-LLM PDF-vision



path requires standalone PDFs (not available for the two reuse entries), whereas the closed-LLM and
headline runs report n=28 because they ingest the supplementary spreadsheets directly.

License. Ground-truth annotations are released under CC-BY-4.0. Source-paper PDFs retain their
original licenses; the annotation license does not grant redistribution rights to those PDFs.
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