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Abstract

Extracting structured data from documents
is a core task in finance, insurance, legal,
and healthcare, yet empirical studies com-
paring extraction approaches across domains
remain scarce. We assemble a corpus of
1,114 documents across 12 categories span-
ning 8 domains, with 7,197 fields annotated
with ground-truth values, and use it to study
how extraction accuracy varies across models,
pipeline architectures, and document sources.
We evaluate with a type-aware methodology
that scores every field as a correct extraction,
a miss, a hallucination, or a correct absence,
so that declining to extract is distinguished
from extracting wrongly. Our central finding is
that aggregate accuracy conceals critical diver-
gence along every axis: synthetic documents
overestimate accuracy by 38–45pp on insur-
ance certificates (n=18 real documents); three
models score within 1pp overall but diverge by
31pp per category; and two pipeline architec-
tures diverge by 26pp on contracts—with the
advantage not predicted by document length.
An independently built extraction system, run
under a protocol fixed in advance, agrees with
our ground truth on 82–87% of fields across
three models spanning two providers, provid-
ing evidence that the corpus is not calibrated
to a single implementation. The corpus and
evaluation tooling are released to enable repro-
ducible comparison.

1 Introduction

Commercial document-extraction products rou-
tinely advertise accuracy above 95%: 99% field-
level accuracy across 250+ document types (Doc-
sumo, 2026), accuracy rates of 99.5% (Hyper-
science, 2026), and invoice extraction accuracy up
to 99% (Doxis AI Solutions, 2026) are all current
product-page claims. None of the three publishes
the measurement protocol behind its figure. This
makes such claims difficult to compare or falsify:
a single “95%” may denote character accuracy,

field-level accuracy, or the share of documents ex-
tracted with zero errors—quantities that diverge
substantially on real documents. A customer can-
not determine which is meant, and practitioners
evaluating or building these systems lack empir-
ical evidence about how accuracy actually varies
across document types, models, and pipeline ar-
chitectures.

Existing evaluation resources are either small—
ExtractBench (Ferguson et al., 2026) covers 35
documents across 5 schemas and 4 domains—or
single-domain with synthetic ground truth, as with
VAREX (Barzelay et al., 2026) and its 1,777 gov-
ernment forms. Neither supports cross-domain
analysis. We therefore assemble a larger and more
diverse corpus and use it as an instrument: the cor-
pus is the means, and the object of study is how ex-
traction accuracy behaves across models, pipeline
architectures, and document sources.

We therefore ask four questions about schema-
driven document extraction, each concerning field-
level extraction accuracy:
1. Does a single aggregate accuracy figure ade-

quately summarize a system, or does accuracy
diverge across document categories?

2. How much does the choice of extraction model
affect accuracy, and is the most accurate model
the same across categories?

3. How much does pipeline architecture affect ac-
curacy, and what predicts which architecture
wins?

4. Do synthetic documents predict accuracy on
real documents of the same type?
Our contributions: (1) A cross-domain corpus

of 1,114 documents across 12 categories and 8 do-
mains, with 7,197 field-level annotations. (2) A
type-aware evaluation methodology that scores
every field as a correct extraction, a miss, a hal-
lucination, or a correct absence (§4), separating
failures to extract from correct abstention. (3)
Empirical findings from two pipelines across six
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models spanning five families: a 38–45pp real-
vs-synthetic gap, 31pp per-category model diver-
gence, and pipeline gains that reverse by category.

2 Related Work

Document understanding. DocVQA (Mathew
et al., 2021), FUNSD (Jaume et al., 2019), SROIE
(Huang et al., 2019), and DUDE (Van Landeghem
et al., 2023) evaluate document understanding but
do not target schema-driven extraction. Extract-
Bench (Ferguson et al., 2026) (35 docs, 5 schemas,
4 domains) is too small for per-domain analysis.
VAREX (Barzelay et al., 2026) (1,777 docs) is
single-domain with synthetic GT.

Document understanding models. LayoutLM
(Xu et al., 2020) and LayoutLMv2 (Xu et al.,
2021) pre-train on document layout for visual un-
derstanding (bounding box localization, form field
recognition). Our corpus targets a complemen-
tary axis: given parsed text and a typed schema,
how accurately can a system populate every field?
CORD (Park et al., 2019) provides 11K receipts
for post-OCR extraction; DocILE (Šimsa et al.,
2023) offers 6.7K business documents for key in-
formation localization. Both are single-domain;
our corpus spans 12 categories.

Extraction pipelines. Modern pipelines parti-
tion documents and route fields to relevant sec-
tions (Lewis et al., 2020; Sarthi et al., 2024). Self-
RAG (Asai et al., 2024) demonstrated that re-
trieval filtering improves generation by avoiding
irrelevant context. SLIDE (Singh et al., 2025)
uses sliding windows; DocAgent (Sun et al., 2025)
employs multi-agent querying; PARSE (Shrimal
et al., 2025) optimizes the schema itself. These
have been evaluated on task-specific datasets; our
corpus enables controlled cross-domain compari-
son.

Evaluation methodology. Field-level evalua-
tion has a long history (Tjong Kim Sang and
De Meulder, 2003). Our methodology extends
standard approaches with type-aware comparison
and a null-aware scoring rule that distinguishes ex-
traction failures from correct absence.

3 Corpus Design

The corpus contains 1,114 documents across 12
categories spanning 8 domains (Table 1); per-
category field counts and the pinned corpus ver-
sion are given in Appendix B.

Category Docs Real Synth Domain

SEC filings 288 288 0 Finance
Invoices 155 5 150 Retail
Ins. claims 152 22 130 Insurance
Contracts 100 100 0 Legal
Medical records 100 100 0 Healthcare
Ins. policies 97 17 80 Insurance
Legal filings 61 61 0 Legal
Ins. certificates 61 21 40 Insurance
Receipts 52 52 0 Retail
IRS forms 20 0 20 Tax
Adversarial 25 0 25 Adversarial
Multi-format 3 3 0 Multi-format

Total 1,114 669 445 8 domains

Table 1: Corpus composition. “Ins.” = Insurance.
Multi-format (n=3) is excluded from results tables due
to insufficient sample size. Three certificates listed here
as real are reclassified as synthetic by manifest prove-
nance (§5.3); the evaluable split is 18/43 for certificates
and 666/448 corpus-wide, and that is the split used in
all real-vs-synthetic analyses.

Real documents. The 669 real documents come
from six public sources. SEC filings (288) are
EDGAR 10-K, 10-Q, 8-K, DEF 14A, S-1, 20-
F and 6-K submissions, and contracts (100) are
material contracts filed as EDGAR 8-K Exhibit
10. Both are mandatory public disclosures; they
are authored by the filing registrant rather than
the SEC, so they are not U.S. Government works
and carry no explicit licence. Medical records
(100) are MTSamples clinical transcriptions span-
ning 15 specialties, shared under the source’s
educational-use terms (see Ethics Statement). Le-
gal filings (61) are court opinions from CourtLis-
tener and the Caselaw Access Project, receipts
(52) are SROIE scanned receipts under CC BY
4.0, and 60 insurance documents—certificates,
claims and policies—come from government and
state-agency sites. The remaining 8 are 5 invoices
and 3 multi-format documents from the same gov-
ernment sources. Retrieval URLs and per-source
licence terms are in Appendix A.

Document structure. Each document consists
of three components: (1) parsed content—pre-
parsed markdown text, isolating extraction accu-
racy from parsing accuracy (a deliberate design
choice: OCR quality affects SROIE receipts but is
not the variable under test); (2) schema—a YAML
file defining field names, types (string, number,
date, array, enum), descriptions, and optional ex-
traction hints (category labels, keyword patterns,
positional preferences); (3) expected output—
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JSON with ground-truth values for every anno-
tated field. Fields with unknown ground truth are
omitted rather than set to null, so the evaluation
does not penalize correct extractions that were not
annotated. This means the denominator for each
category reflects only fields with verified ground
truth, not the full schema width.

Synthetic documents. 445 synthetic documents
target failure modes that real documents do not
cover densely: array extraction edge cases (in-
voices), state-specific form variation (insurance
claims), multi-policy nested structures (insur-
ance certificates), and adversarial inputs (blank
documents, OCR noise, wrong-schema applica-
tion, prompt injection, non-English text, mixed-
language inputs).

Ground truth. For authoritative-index sources
(EDGAR, SROIE), GT derives from the source in-
dex. For other categories, GT is seeded by GPT-
4o-mini extraction and reviewed by a single an-
notator per category. Across the 1,100-document
subset for which the comparison was run (7,121
fields), 829 (11.6%) diverge between mini’s out-
put and reviewed GT; these comprise 349 anno-
tator enrichments (mini returned null, annotator
added value), 245 value disagreements, 152 hallu-
cination rejections, and 83 array mismatches. The
14 adversarial documents outside that subset are
not covered by it.

Independent validation. To assess GT reliabil-
ity, a second author built an independent extrac-
tion pipeline without access to our implementa-
tion, prompts, or results. After a blind 10% pi-
lot (n=110, 89.1% concordance), the same locked
protocol—fixed before the pilot—was run on the
1,100-document snapshot (7,121 fields), achiev-
ing 86.6% observed field agreement with GT using
GPT-4o-mini. Of the 13.4% disagreements: 7.5%
are value mismatches, 3.4% are hallucinations by
the independent system, and 2.4% are missing
fields—consistent with extraction difficulty rather
than GT error. Per-category concordance ranges
from 68.8% (contracts) to 100% (IRS forms,
multi-format). The lower contracts concordance
(68.8%) is consistent with our cross-pipeline find-
ing that full-document extraction scores 55.6% on
these long-form contracts (§5.5), reflecting extrac-
tion difficulty rather than GT unreliability. Two
further models score 82.1% (GPT-5.4-nano) and
86.1% (MiniMax M3) on the same snapshot—

three models spanning two providers, two with no
role in GT creation, converging at 82–87%. The
model both architecturally and organizationally
independent of the seed (MiniMax M3, 86.1%)
lands within 0.5pp of the seeding model (86.6%),
putting any shared-model advantage well under a
point. We report this as locked-protocol indepen-
dent extraction concordance, not human-human
IAA.

Blind second-annotator agreement. A second
annotator, blind to ground truth, re-annotated a
stratified sample of 60 real documents. Across
371 fields, agreement with GT is 81.9%, ordered
by schema ambiguity rather than document diffi-
culty (SEC filings 97.6% to legal filings 69.1%).
Counting correct absences as agreements inflates
this: 85 of the 304 agreements are cases where
both ground truth and annotator recorded an ab-
sence. On fields where either party asserted a
value, agreement is 76.6%. Cohen’s κ on enumer-
ated fields averages 0.59, but governing_law
scores 0.00. That figure is a canonicalisation arti-
fact, not disagreement: the annotator wrote “State
of X” where ground truth reads “X” in all twelve
cases, identifying the same jurisdiction every time.
The same surface mismatch inflates the extraction
failures §5.5 reports for that field. Appendix F
gives the per-category breakdown.

These probes are human verification of ground
truth, not two-annotator agreement measured from
scratch; corpus-scale multi-annotator IAA re-
mains future work. Adjudication and spot-check
detail is in Appendix F.

4 Evaluation Methodology

We measure field-level accuracy: correct fields
divided by total annotated fields, reported as both
micro-average (weighted by category size) and
macro-average (unweighted mean). Extracted val-
ues are compared with type-specific normaliza-
tion: dates to YYYY-MM-DD, numbers with tol-
erance 0.01, strings with optional Levenshtein
similarity (0.85 threshold), and arrays order-
independently.

Four-way null semantics. We score each field
into exactly one of four outcomes: correct extrac-
tion (a verified value, correctly extracted), miss-
ing (a verified value the system failed to return;
false negative), hallucinated (a value returned
where ground truth is absent; false positive), and
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correctly absent (ground truth is absent and the
system correctly abstained; true negative). Only
correct extractions and correct absences count as
accurate. We call this four-way null semantics.
The term denotes a null-aware taxonomy over ex-
traction outcomes; it should not be confused with
four-valued null logic in database theory (Codd,
1990), which distinguishes kinds of missing value
(applicable vs. inapplicable) rather than kinds of
extraction outcome.

Because correct absences count as accurate,
categories with many absent fields can score
higher than their extraction-of-present-values per-
formance alone would suggest. We therefore also
report present-fields-only accuracy, restricted to
fields with a non-null ground-truth value (Ap-
pendix D); the two metrics differ by 0.3pp corpus-
wide but by up to 7.3pp within a category.

As a robustness check, excluding the adver-
sarial category yields 88.3% micro-average (vs.
88.4% with it), indicating negligible inflation.
Across 3 runs (GPT-4o-mini, temperature 0), vari-
ance (half-range across 3 runs, not a confidence
interval) is ±0.05pp corpus-level and ≤0.55pp per
category.

5 Experiments

5.1 Extraction Pipeline

We evaluate a schema-driven pipeline: parse
→ route (score sections per-field using schema
hints—the schema’s keyword and positional anno-
tations, applied to section selection rather than to
the extraction prompt—and select the top-scoring
sections) → extract (LLM with routed sections) →
validate. We refer to this architecture as chunk-
route-extract: the parsed document is split into
sections (chunks), each schema field is routed to
the sections predicted to contain it, and extrac-
tion runs over only those routed sections rather
than the whole document. Its counterpart, the full-
document baseline (§5.5), sends the entire docu-
ment to the model in a single call. Full configura-
tion details are in Appendix H.

A worked example. sroie_000 is a scanned
receipt that parses into four sections (merchant,
receipt, items, totals). Its schema carries ground
truth for three fields. Routing selects the mer-
chant, receipt and totals sections; extraction over
those returns date=2018-12-25, matching
after normalisation from 25/12/2018, and

Category Docs Accuracy

IRS forms 20 100.0%
Ins. policies 97 97.9%
Adversarial 25 93.3%
Ins. certificates 61 90.8%
SEC filings 288 88.6%
Ins. claims 152 88.1%
Invoices 155 87.9%
Medical records 100 86.2%
Legal filings 61 85.5%
Contracts 100 81.6%
Receipts 52 57.8%

Micro / Macro 1,111 88.4% / 87.1%

Table 2: Baseline accuracy (GPT-4o-mini, no tech-
niques). 42-point spread from receipts to IRS forms.

total_amount=9.0, matching within toler-
ance. For merchant_name it returns null where
ground truth reads BOOK TA .K (TAMAN
DAYA) SDN BHD, a thermal-print header the
OCR renders inconsistently; under four-way null
semantics that is a miss, not a correct absence,
so the document scores 2/3. The trace shows
both behaviours the paper measures at scale:
normalisation absorbing format variation, and
abstention on a degraded field charged as an error.
Four techniques may be enabled on top of this
architecture—context chunks, extraction hints,
gap-fill retry and wave extraction—each defined
in Appendix H.

5.2 Single-Model Baseline

The 42-point spread reflects fundamental differ-
ences in extraction difficulty. IRS forms have
rigid structure and unambiguous field positions.
Scanned receipts contain thermal-print OCR ar-
tifacts, skewed layouts, and minimal structural
cues—accuracy is limited by source scan qual-
ity. The adversarial category (93.3%) scores coun-
terintuitively high because most adversarial doc-
uments test graceful null-return, which counts as
correct under four-way null semantics.

5.3 Real vs. Synthetic Gap

Insurance certificates show a −44.5pp gap: real
documents score 53.2% (±13.7, n=18 documents
/ 47 annotated values) vs. synthetic 97.7% (±2.0,
n=43 documents / 258 values). Table 1 lists 21
real certificates, but 3 are reclassified as synthetic
by manifest provenance, leaving 18 evaluable real
documents. Per-field analysis reveals two lay-
out failures: certificate_holder_name
(41.7% vs. 100%—real ACORD forms place the
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holder in an unlabeled bottom-corner box) and
policies array (44.4% vs. 88.4%—real forms
use merged-cell grid tables). The aggregate gap
across all evaluable documents is 6.7pp (not strat-
ified by category, so it partly reflects differing
category difficulty) (real 85.2% ±1.3 vs. syn-
thetic 91.9% ±1.2, non-overlapping 95% Wilson
CIs). The 95% Wilson interval on the real arm
is 39.2–66.7%. The 47 are not a uniform sam-
ple of the schema; standardising to the synthetic
field mix reduces the gap to 38.2pp (Limitations).
The two other categories holding both arms show
the same direction at smaller magnitude—policies
+17.5pp, claims +17.0pp (Appendix G); the gap
is large and directionally clear, but field-level Wil-
son intervals may overstate confidence because
fields within the same document are correlated.

The mechanism matters more than the mag-
nitude. Our synthetic certificates are generated
from schema-consistent templates, and both fail-
ing fields fail for the same reason: the templates
reproduce the content of an ACORD certificate
but not its layout variability—unlabeled positional
boxes and merged-cell grid tables that real forms
use and templates do not. The gap is therefore not
evidence that synthetic data is unusable, but that
synthetic generation which models content while
ignoring layout variation will overestimate real-
world accuracy. Any evaluation that relies on syn-
thetic documents should treat generation fidelity—
particularly layout fidelity—as a first-class exper-
imental variable and report it, rather than treating
synthetic documents as interchangeable with real
ones.

5.4 Multi-Model Comparison
The three cloud models span 1pp on micro-
average but diverge by up to 31pp per category:
Claude leads GPT-4o-mini by 31pp on receipts
and trails it by 21pp on medical records (Table 3).
Local models trail the cloud tier but remain usable:
Qwen3 8B reaches 83.3% micro—5.1pp below
GPT-4o-mini—while running fully offline, and it
leads GPT-4o-mini on receipts (60.5% vs. 57.8%).
Mistral 7B and Llama 3 8B fall to 70.0% and
65.6%. For deployments where documents can-
not leave the premises, the cost of staying local is
therefore closer to 5pp than to the 20pp the weak-
est local models suggest.

The medical records regression (mini 86.2%
vs. Claude 65.2%) is driven by over-abstention:
frontier models return null on 92–105 fields where

mini correctly extracts (Tables 4–5), accounting
for 83–97% of the gap. The affected fields have
values stated verbatim in the source text (e.g., “At-
tending: Dr. A”), making GT effectively determin-
istic and the finding robust to annotation quality
concerns.

5.5 Cross-Pipeline Comparison
We evaluate a full-document baseline (single-
pass function calling, no routing) using the same
model (GPT-4o-mini); Table 6 reports the compar-
ison. The routed arm runs with no configurable
techniques enabled (ablation step 0), routing on
schema hints alone. The baseline is an indepen-
dently built single-pass extractor, not a reconfig-
uration of our system, so the comparison reflects
implementation as well as architecture.

The routed pipeline gains most on contracts
(+26pp) and medical records (+23pp) and loses
on claims (−5.5pp) and receipts (−6.1pp). Doc-
ument length, as section count, does not explain
this: across the ten categories the median is uncor-
related with the gap (Spearman ρ = −0.05), and
medical records—the second-largest gain—are
single-section documents. Length matters within
categories, in opposite directions: across contract
length quartiles the gap widens from +17.6pp to
+35.2pp, while across insurance-claim quartiles it
reverses from +6.1pp to −28.1pp. The contracts
and legal filings results should be interpreted cau-
tiously: the GT spot-check (Appendix F) found
scope-boundary errors in 4/5 sampled contracts
and enum-mapping errors in 5/5 legal filings, so
absolute gaps may partially reflect GT noise. The
direction is robust across categories. The most-
failed contract fields are governing_law and
contract_type (24% and 23% failure rates).
Of the 92 contract field failures, 42 are wrong val-
ues, 38 are hallucinations on fields whose ground
truth is absent, and 12 are missing values—so the
dominant failure mode on long contracts is assert-
ing a value where none exists, not declining to
extract. The longest contracts (15–535 sections)
score 76% vs. 86% for the shortest.

5.6 Technique Ablation
Context chunks (+3.2pp; Table 7) dominate; hints
reduce accuracy by 1.5pp when added on top. The
per-category impact varies dramatically (Table 11,
Appendix C): receipts gain +21.8pp and invoices
+7.9pp, where header sections supply the entity
context that individual line items lack, whereas
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Model Type Micro Macro Rcpt. Med. Inv. Ctr.

4o-mini Cloud 88.4 87.1 57.8±8 86.2±3 87.9±2 81.6±3
4o Cloud 89.4 87.9 81.0±6 70.3±4 97.7±1 76.8±4
Claude Sonnet 4 Cloud 89.2 87.9 89.1±5 65.2±4 98.3±1 74.0±4

Qwen3 8B Local 83.3 81.1 60.5±8 69.5±4 88.7±2 69.2±4
Mistral 7B Local 70.0 69.7 44.2±8 60.5±4 75.4±3 44.0±4
Llama 3 8B Local 65.6 65.7 37.4±8 56.2±4 70.0±3 41.0±4

Table 3: Accuracy by model (%, 95% Wilson CIs) across 6 models and 5 families. Cloud models span 1pp overall
but diverge by up to 31pp per category. Local models run fully offline via Ollama.

Error type Mini 4o Claude

Missing (null, value exists) 23 130 146
Wrong value 44 34 51
Hallucinated 10 4 2
Format mismatch 6 10 10

Total failures 83 178 209

Table 4: Medical records errors (100 docs, 600 fields).
“Wrong value” and “format mismatch” subdivide the
non-null mismatches that §4’s four-way scoring counts
as incorrect. Frontier models fail by not extracting
(70–73%); mini by wrong values (53%). “Format mis-
match” is a semantically-correct value in a differing
format, scored as a failure.

Field 4o miss Claude miss Mini acc.

attending_physician 38 50 90%
medications_disch. 37 37 81%
procedures 8 6 70%
admission_date 4 8 92%
primary_diagnosis 3 2 89%
discharge_date 2 2 95%

Total 92 105

Table 5: Over-abstention by field (frontier null, mini
correct). MTSamples transcriptions use abbreviated
notation that frontier models refuse to extract.

IRS forms gain nothing—their fields are already
unambiguously positioned.

5.7 Routing Strategy Comparison
With context chunks enabled, we evaluate 8 rout-
ing conditions (Table 10, Appendix C; merge
strategies defined in Appendix H).

No routing strategy improves over heuristic-
only (88.9%); additive merge ties it exactly. With-
out context chunks enabled, additive merge gains
+2.3pp, but that gain is a confound: the LLM
map’s added sections happened to include docu-
ment headers, providing the same benefit as con-
text chunks. Once context chunks are controlled
for, the LLM routing contribution is zero. Replac-
ing heuristic with LLM-only routing loses 2.8pp.

Category Routed Full-doc ∆ Sig.

IRS forms 100.0±1 100.0±1 0.0 —
Ins. policies 97.9±1 88.2±2 +9.7 ✓
Ins. cert. 90.8±3 79.0±5 +11.8 ✓
SEC filings 88.6±1 86.6±2 +2.0 —
Ins. claims 88.1±2 93.6±2 −5.5 ✓†

Invoices 87.9±2 86.6±2 +1.3 —
Legal filings 85.5±3 73.3±4 +12.2 ✓
Med. records 86.2±3 63.3±4 +22.8 ✓
Contracts 81.6±3 55.6±4 +26.0 ✓
Receipts 57.8±8 63.9±8 −6.1 —

Micro / Macro 88.4 / 87.1 82.5 / 80.1 +5.9 ✓

Table 6: Cross-pipeline comparison (same model:
GPT-4o-mini) with 95% Wilson CIs. 6/10 cate-
gories significant, where significant means the two
95% Wilson intervals are disjoint—a stringent criterion
(roughly α ≈ 0.006 per comparison) that is conserva-
tive under Holm correction across the 10 categories; in-
tervals treat fields as independent and do not exploit the
pairing between conditions. †The baseline’s win con-
centrates on multi-section claims.

Upgrading the mapper to GPT-4o (−0.2pp, 6×
slower) does not help. Schema hints contribute
+1.8pp; LLM routing partially compensates when
hints are absent (+1.0pp), suggesting value only
when expert-authored hints are unavailable. In-
surance certificates show the largest per-category
sensitivity: heuristic 91.5% vs. additive 84.6%.

5.8 Per-Category Difficulty Analysis

Table 12 (Appendix C) gives per-category accu-
racy across routing conditions, revealing which
categories are configuration-invariant and which
are sensitive.

Under the heuristic-routing, context-chunks-
enabled configuration of Table 12—not the no-
techniques baseline of Table 2, against which
per-category figures differ by up to 22pp—three
difficulty tiers emerge. Easy (>96%): IRS
forms, policies, claims, invoices — rigid structure,
routing-invariant (spread <1pp). Medium (78–
92%): Certificates, SEC, legal, receipts, medi-
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Step Configuration Acc. ∆prev

0 Baseline 88.4% —
1 + Context chunks 91.5% +3.2
2 + Extraction hints 90.0% −1.5
3 + Gap-fill retry 90.2% +0.3∗

4 + Wave extraction 90.3% +0.1∗

Table 7: Cumulative ablation (GPT-4o-mini). ∗Below
±0.55pp run variance. Deltas are conditional on prior
techniques, not independent effects, and are computed
on unrounded values.

cal, adversarial — moderate sensitivity (spreads
1–10pp). Hard (<76%): Contracts — accuracy
drops to 55.6% without routing and to 69.6% with-
out hints.

6 Discussion

Pipeline architecture should be chosen per cat-
egory. The natural explanation for the cross-
pipeline gaps—that routing helps once a document
is too long to attend over—is not what the data
shows (§5.5). Median section count does not pre-
dict the gap across categories, and length mod-
ulates it within categories in opposite directions.
What predicts the winner is the category, not the
length, so architecture should be selected per doc-
ument type rather than by a length threshold.

Context chunks are sequentially the domi-
nant technique. The +3.2pp improvement costs
no additional LLM calls, whereas gap-fill retry
(+0.3pp for 33% more calls) and wave extraction
(+0.1pp for 46% more calls) fall within run-to-run
variance and are not cost-justified. With context
chunks enabled, LLM-assisted routing adds zero
value over schema-hint heuristics—LLM rout-
ing’s apparent gains are context chunks doing the
work.

Null semantics change the metric. Without the
four-way distinction, a system returning null ev-
erywhere scores well on categories with many
conditionally-absent fields. Our adversarial cate-
gory (93.3%) scores high precisely because most
of its documents test graceful null-return—the cor-
rect behavior.

Model selection is domain-dependent. The
multi-model comparison reveals that upgrading
to a frontier model is not uniformly beneficial.
Claude gains 31pp over GPT-4o-mini on receipts
(89.1% vs. 57.8%) but loses 21pp on medical
records (65.2% vs. 86.2%). The mechanism is

over-abstention, not capability: frontier models re-
turn null on fields where mini correctly extracts
verbatim values. For heterogeneous document
types, per-category model selection may therefore
outperform a single frontier model deployed uni-
formly.

Real documents are essential, and the gap has
an identifiable mechanism. The certificate gap
(38–45pp depending on field-mix standardisation)
shows that synthetic-only evaluation overesti-
mates production accuracy, and the mechanism—
template fidelity to layout rather than to content—
predicts where such gaps should appear. We can-
not test that broadly: only three categories hold
both real and synthetic documents in usable num-
bers, and invoices (5 real) and IRS forms (0 real)
admit no comparison at all. Evaluations should
report real-vs-synthetic accuracy separately rather
than assume the gap is uniform.

6.1 Practical Recommendations

For pipeline builders: start with context chunks
(+3.2pp at zero additional LLM cost); choose ar-
chitecture per category, not by document length—
the routed pipeline gains 12–26pp on contracts,
medical records and legal filings but costs 5–6pp
on claims and receipts, and section count does not
predict which (ρ = −0.05); use expert-authored
schema hints for routing (+1.8pp) rather than
LLM-assisted routing, which helps only when
hints are unavailable; test model upgrades per
category, since frontier models can regress 21pp
on specific domains; and include real documents,
since synthetic-only evaluation overestimated ac-
curacy by 38–45pp here.

7 Conclusion

We present an empirical study of schema-driven
document extraction across 1,114 documents, 12
categories, and 8 domains. Aggregate accuracy
conceals divergence along every axis: three mod-
els score within 1pp overall but diverge by 31pp
per category; two pipelines differ by 26pp on con-
tracts; and real documents score 38–45pp lower
than synthetic on insurance certificates. None of it
is visible in the one number a practitioner would
consult. The corpus and tooling are released as a
pinned, citable snapshot (Appendix B).
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Limitations

The 47 real certificate values are not a uni-
form sample of the schema: policies and
certificate_holder_name, the two failing
fields, are 64% of the real denominator but 33%
of the synthetic one, and producer_phone has
no real observations at all. Standardising to the
synthetic field mix reduces the gap from 44.5pp
to 38.2pp; every one of the five fields annotated
on both sides still shows a real-vs-synthetic deficit
(20.0–58.3pp), so the effect is robust but its pub-
lished magnitude is partly compositional.

The corpus is English-language business doc-
uments, weighted toward insurance (310/1,114).
We test two pipeline architectures but not vision
models or multi-agent systems. GT for non-index
sources was seeded by GPT-4o-mini and reviewed
by a single annotator; locked-protocol concor-
dance (§3) supports the claim that GT is not cali-
brated to one implementation, and a blind second
annotator agrees with GT on 81.9% of 371 fields
across 60 stratified real documents. That is hu-
man verification of GT rather than two-annotator
agreement established from scratch, and its weak-
est component—κ=0.00 on governing_law—
marks enum schema definitions, not extraction, as
the residual risk. The independent validation and
GT seeding share one model (GPT-4o-mini); con-
cordance from two additional non-seeding models
(GPT-5.4-nano 82.1%, MiniMax M3 86.1%) sub-
stantially mitigates shared-model-bias concerns.

GPT-4o-mini both seeded non-index GT and
serves as the baseline model, so its absolute
accuracy may be inflated by correlated errors;
comparisons among non-seeding models, and
all within-model pipeline comparisons, are unaf-
fected, and the source-grounding analysis (Ap-
pendix E) bounds fabricated values below 1% for
medical records.

Length is operationalised as section count.
Measured instead by document bytes the rank
correlation with the cross-pipeline gap is +0.65
(p=0.04), driven by the smaller categories; but
SEC filings, the longest category by bytes, still
show only a +2.0pp gap, so no length measure
predicts the winner in the sense the routing hy-
pothesis requires. The cross-pipeline comparison
and the routing null result both use a single extrac-
tion model, so whether either is model-invariant is
untested; models with larger context windows may
respond differently to context expansion.

The cumulative ablation (§5.6) reports condi-
tional effects in one ordering only; §5.6’s −1.5pp
measures hints injected into the extraction prompt
while §5.7’s +1.8pp measures hints used to route;
the two are distinct interventions on the same
schema annotations. Four-way null semantics can
inflate accuracy on categories with many absent
fields; excluding the adversarial category changes
the micro-average by 0.1pp (§4), indicating neg-
ligible impact. Run-to-run variance is ±0.05pp
corpus-level (§4).

Ethics Statement

The corpus contains documents from public, pub-
licly accessible, or openly licensed sources: SEC
EDGAR filings, which are mandatory public dis-
closures authored by the filing registrant and there-
fore not U.S. Government works; CourtListener
and Caselaw Access Project opinions, which are
uncopyrightable government edicts; SROIE un-
der CC BY 4.0; MTSamples under its site terms;
and forms published by federal, state and uni-
versity bodies. Some public documents contain
names and entities already present in the source
records. No private or confidential documents are
included. Synthetic documents are generated from
templates, not from private data.

MTSamples transcriptions are not CC0. A CC0
label attached to a third-party mirror of the dataset
does not originate from the rights holder and has
no chain of title; MTSamples’ own terms permit
sharing for educational purposes with credit. The
site’s terms state that the sample reports may be
printed, shared, or linked to for educational pur-
poses, so we redistribute the medical subset un-
der those terms with attribution to MTSamples as
the origin, rather than as an open licence. Names
and dates were altered by the source for confiden-
tiality; we additionally scanned all 100 clinical
notes for residual structured identifiers—social-
security, telephone, email, and record numbers—
and found none. Per-source licenses and redistri-
bution modes for every category are listed in Ap-
pendix A.
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A Corpus Sources, Licenses, and
Redistribution

Table 8 lists every corpus source with its origin, li-
cense basis, and how we redistribute it. Every cat-
egory ships in full except 35 insurance documents
whose ACORD or ISO form layouts are copy-
righted; those are distributed by reference (Ap-
pendix B). Where a source’s terms grant permis-
sion conditionally rather than under an open li-
cence, we redistribute under those terms and at-
tribute the origin.

B Per-Category Field Inventory

Corpus version. All results in this paper are
computed against a single pinned corpus snap-
shot totalling 7,197 annotated field values across
1,114 documents. Later corpus releases change
some annotations. We release this exact pinned
snapshot alongside the paper so that every re-
ported number is reproducible once the withheld
documents below are re-fetched, and we ver-
sion subsequent releases separately. It is de-
posited at doi.org/10.5281/zenodo.22135948, which is
the citable form of the snapshot and the version
these results were computed against. Thirty-five
documents—18 ACORD certificate-of-insurance
and 17 ISO policy-form samples, whose form lay-
outs are copyrighted—are withheld from the de-
posit and distributed by reference: their ground-
truth annotations and provenance manifests ship

with the archive, and each manifest records the
publishing body’s own retrieval URL. These are
all of the real insurance certificates and policies
in the corpus, so any result involving them—
including §5.3—requires re-fetching from the
recorded URLs. The scorer implementing the
methodology of §4—type-aware comparison and
the four-outcome null rule—is released separately
at github.com/fieldbench/fieldbench under an MIT li-
cence; note that its default corpus is the later Field-
Bench release rather than the snapshot used here,
so it must be pointed at the deposited snapshot to
reproduce these numbers. Readers should cite that
record rather than any later release: the successor
corpus, published separately as FieldBench, has
since diverged in both document membership and
annotations, and its numbers will not match those
reported here.

Table 9 reports, for each category, the number of
documents, the number of distinct schema fields
annotated, the total annotated field values, and
the mean number of scored fields per document.
Schemas define fields with explicit types—string,
number, date, array, and enum—together with a
natural-language description and optional extrac-
tion hints (category keywords, positional prefer-
ences). Field values whose ground truth is a cor-
rect absence are recorded as null and scored under
four-way null semantics (§4); fields whose ground
truth could not be established are omitted from the
schema instance entirely and are therefore never
scored.

C Per-Category Breakdowns

Table 11 reports the per-category effect of con-
text chunks, the single highest-impact technique
in the ablation (§5.6). Table 10 reports the full
routing-strategy comparison summarized in §5.7.
Table 12 reports per-category accuracy across the
three routing conditions that differ materially, sup-
porting the difficulty tiers in §5.8.

D Present-Fields-Only Accuracy

Table 13 reports accuracy restricted to fields with
a non-null ground-truth value, alongside the head-
line figure that also credits correct absences (§4).
Corpus-wide the two differ by only 0.3pp, so ag-
gregate accuracy is not materially inflated by cor-
rect abstention. Within categories the gap is larger
and runs in both directions: medical records,
where 42% of scored fields are absent, falls 7.3pp
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Category Source Retrieval URL License basis Redistribution

SEC filings, Contracts SEC EDGAR sec.gov/edgar No explicit licence; mandatory public disclosure Full
Legal filings CourtListener courtlistener.com Public domain opinions Full
Legal filings Caselaw Access Project case.law CC0 / public domain Full
Receipts SROIE (ICDAR 2019) rrc.cvc.uab.es/?ch=13 CC BY 4.0 (attribution) Full (attribution)
Medical records MTSamples mtsamples.com Site terms: educational use w/ credit Full (attribution)
Insurance (real) Govt. / state sites per-doc URL in manifest Published publicly; ACORD/ISO layouts copyrighted By reference
Insurance, Invoices, IRS (syn.) Generated by the authors — Authors’ own work Full
Adversarial (25) Generated by the authors — Authors’ own work Full
Multi-format (3) Govt. / state sites per-doc URL in manifest Publicly published documents Full

Table 8: Corpus sources, retrieval URLs, license basis, and redistribution mode, covering all twelve categories.
IRS forms are synthetic documents generated from public-domain federal form layouts, not retrieved filings; per-
document retrieval URLs for the government-sourced insurance and multi-format documents are recorded in the
corpus manifest.

Category Docs Fields Values /doc Field types

SEC filings 288 7 2,016 7.0 string, date, enum
Invoices 155 7 1,085 7.0 string, date, number, array
Insurance claims 152 9 1,020 6.7 string, date, number
Contracts 100 5 500 5.0 enum, date, array
Medical records 100 6 600 6.0 date, string, array
Insurance policies 97 9 763 7.9 string, number, date
Ins. certificates 61 6 305 5.0 string, date, array
Legal filings 61 7 427 7.0 string, date, enum
Receipts 52 3 147 2.8 string, date, number
Adversarial 25 11 136 5.4 string, date, enum
IRS forms 20 17 180 9.0 number, string
Multi-format 3 6 18 6.0 string, date, number

Table 9: Per-category field inventory. “Fields” is the number of distinct annotated schema fields; “Values” is the
total annotated field values scored in that category.

# Strategy Acc. ∆

1 Heuristic-only 88.9% —
2 LLM-map-only 86.1% −2.8
3 Additive merge 88.9% 0.0
4 Intersection merge 87.2% −1.7
5 Additive (GPT-4o map) 88.7% −0.2
6 Embedding (TF-IDF) 86.9% −2.0
7 Heuristic, no hints 87.1% −1.8
8 Additive, no hints 88.1% −0.8

Table 10: Routing comparison (GPT-4o-mini, context
chunks enabled). No LLM routing strategy improves
over heuristic-only.

under the present-only metric, whereas adversar-
ial documents rise, because their failures are hal-
lucinations on absent fields rather than misses on
present ones. The effect is therefore not mono-
tonic in absent-field share, which is why we report
both.

E Source Grounding of Seeded
Annotations

Because ground truth for non-index categories
is seeded by model extraction, a natural con-
cern is that annotations could encode the seed
model’s over-extraction rather than the docu-

Category Step 0 +Context ∆

Receipts 57.8% 79.6% +21.8
Invoices 87.9% 95.9% +7.9
Ins. claims 88.1% 95.0% +6.9
Adversarial 93.3% 98.3% +5.0
Legal filings 85.5% 86.9% +1.4
SEC filings 88.6% 89.4% +0.8
Contracts 81.6% 82.4% +0.8
IRS forms 100.0% 100.0% 0.0

Table 11: Per-category context chunk impact. Cat-
egories where headers provide entity disambiguation
benefit most; structured forms gain nothing.

ment’s contents—which would reward systems
that reproduce that behavior. We test this di-
rectly on medical records, the category where the
seeded-GT concern is sharpest because it shows
the largest model divergence (§5.4). Check-
ing every ground-truth value against its source
document—867 non-null values, counting array
elements individually rather than the 600 flat field
observations scored elsewhere—850 (98.0%) are
present in the source text. Manual inspection of
the 17 residual cases shows they are predomi-
nantly matching artifacts rather than fabrications:
nominalized procedure names (“Foley catheter
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Category Heur. Add. Add. n-h Spr.

IRS forms 100.0% 100.0% 100.0% 0.0
Ins. policies 98.8% 98.7% 98.2% 0.6
Ins. claims 97.5% 98.2% 98.5% 1.0
Invoices 96.3% 96.3% 96.2% 0.1
Ins. certificates 91.5% 84.6% 82.0% 9.5
Adversarial 87.5% 85.3% 86.0% 2.2
SEC filings 83.6% 85.0% 84.8% 1.4
Legal filings 82.9% 82.9% 82.2% 0.7
Receipts 80.3% 81.0% 75.5% 5.5
Med. records 78.7% 78.5% 77.0% 1.7
Contracts 75.4% 73.8% 69.6% 5.8

Overall 88.9% 88.9% 88.1% 0.8

Table 12: Per-category accuracy across routing condi-
tions, all with context chunks enabled—so these figures
differ from Table 2, which reports the no-techniques
baseline. They also differ from Table 7’s step 1, which
reports a separate run of the same nominal configu-
ration; absolute levels are not comparable across the
two, though within-table comparisons are. “Heur.” =
heuristic-only, “Add.” = additive merge, “Add. n-h” =
additive without hints. Spread = max − min across
conditions. Insurance certificates and contracts show
the largest configuration sensitivity.

placement” where the note reads “Foley catheter
was placed”), one medication spelling variant, and
date-format mismatches. True over-extraction is
therefore below 1%—far too small to account for
the 16–21pp model gap in this category. The fields
on which frontier models abstain are genuinely
present in the source, so that gap reflects extrac-
tion behavior (§5.4), not a ground-truth artifact.

F Blind Second-Annotator Agreement

A second annotator, blind to ground truth and
working from the corpus annotation guidelines,
re-annotated a stratified sample of 60 real docu-
ments (12 per category) drawn from the five real-
document categories large enough to stratify. Syn-
thetic documents are excluded: their ground truth
is correct by construction and carries no agreement
signal. Agreement is scored with the same type-
aware comparison used for extraction (§4), so date
and numeric normalisation apply equally to anno-
tator and system.

Table 14 reports per-category agreement. It
is ordered by schema ambiguity, not by docu-
ment difficulty: SEC filings, whose fields are
largely index-derived and unambiguous, reach
97.6%, while legal filings—where the annotator
must map a free-text caption onto an enumer-
ated filing_type—fall to 69.1%. Cohen’s
κ on the four enumerated fields is form_type

Category Headline Present-only Absent

Corpus 88.4% 88.1% 20%

Medical records 86.2% 78.9% 42%
Insurance claims 88.1% 86.9% 19%
SEC filings 88.6% 87.8% 37%
Insurance policies 97.9% 97.8% 4%
Ins. certificates 90.8% 90.9% 3%
Invoices 87.9% 87.9% 0%
Receipts 57.8% 57.8% 0%
IRS forms 100% 100% 0%
Legal filings 85.5% 88.0% 5%
Adversarial 93.3% 95.2% 65%
Contracts 81.6% 84.2% 32%

Table 13: Headline vs. present-fields-only accuracy
(GPT-4o-mini baseline). “Absent” is the share of
scored fields whose ground truth is null.

Category Agreement Partial

SEC filings 97.6% 97.6%
Receipts 85.9% 85.9%
Medical records 79.2% 80.9%
Contracts 76.7% 79.2%
Legal filings 69.1% 69.1%

Overall 81.9% 82.7%

Table 14: Blind second-annotator agreement with
ground truth, 60 documents / 371 fields. “Partial” al-
lows partial credit on array-valued fields. 67 disagree-
ments total. A further 13 template fields where ground
truth carries a value but the annotator left the field blank
are excluded by the harness rather than scored as dis-
agreements; counting them gives 79.2%.

1.00, contract_type 0.74, filing_type
0.63, governing_law 0.00, mean 0.59. The
governing_law figure is a canonicalisation ar-
tifact rather than disagreement: in all twelve cases
the annotator wrote “State of X” where ground
truth reads “X”, identifying the same jurisdiction
each time. Chance agreement is likewise zero be-
cause the two label sets are disjoint, which forces
κ to 0. The defect is that the field lacks a canon-
ical form, and the same surface mismatch inflates
its reported extraction failures.

Disagreement adjudication. Manual adjudica-
tion of 100 disagreements sampled from the
locked-protocol run (§3) found 51 extraction er-
rors, 42 GT-side issues, 5 normalization mis-
matches, and 2 source ambiguities. Because the
sample is conditional on disagreement, these per-
centages characterize disagreement modes, not
corpus-wide GT quality. GT-side issues clus-
ter into schema-scope patterns: enum ambiguity
(legal filings), field-scope boundaries (contracts),
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Category Real Synthetic Gap

Ins. certificates 53.2±14 97.7±2 +44.5
Ins. policies 81.4±11 98.9±1 +17.5
Ins. claims 72.0±12 89.0±2 +17.0

Table 15: Real vs. synthetic accuracy (%, 95% Wil-
son CIs) for the three categories holding both. Real
arms are 18, 17 and 22 documents (47, 43 and 50 an-
notated values); synthetic arms 43, 80 and 130 docu-
ments. The remaining nine categories are wholly real
or wholly synthetic and admit no comparison.

period-field applicability (SEC filings), and clini-
cal role distinctions (medical records).

Human GT spot-check. A stratified spot-check
of 50 documents (5 per category, 10 categories)
found 32 correct, 17 with at least one is-
sue, and 1 ambiguous. GT errors concentrated
in schema-ambiguous categories: legal filings
(5/5 incorrect—enum mapping), contracts (4/5—
scope boundaries), SEC filings (3/5—period-field
scope). Unambiguous categories showed zero er-
rors: invoices, IRS forms, insurance claims, and
policies (all 5/5 correct).

G Real vs. Synthetic by Category

Three categories hold both real and synthetic doc-
uments in numbers that support a comparison.
Table 15 reports all three. The direction is the
same in every case and the magnitude varies with
how far the generator reproduces the layout of
the real form: insurance certificates, whose real
documents are ACORD forms with unlabelled po-
sitional boxes and merged-cell grids, show the
largest gap; claims and policies, whose real doc-
uments are closer in structure to their templates,
show roughly 17pp each. Real arms are small—
18, 22 and 17 documents—so the intervals are
wide, and the certificate arm carries the field-mix
caveat of §5.3. The consistency of the direction
across three independent categories is the more ro-
bust observation.

H Experimental Setup

Techniques. Context chunks prepend the docu-
ment’s opening header sections to every extraction
group. Extraction hints inject the schema’s key-
word and positional annotations into the extrac-
tion prompt. Gap-fill retry re-queries fields left
null after the first pass. Wave extraction runs ex-
traction in successive passes, each conditioned on

the previous pass’s output. In the routing compar-
ison (§5.7), additive merge takes the union of the
heuristic and LLM section selections and intersec-
tion merge their overlap.

All model comparisons use identical prompts,
JSON structured output mode, temperature 0,
and a 120-second timeout with retry on
rate limits (exponential backoff: 2s, 4s, 8s).
Model IDs: gpt-4o-mini-2024-07-18,
gpt-4o-2024-08-06,
claude-sonnet-4-20250514. The inde-
pendent system uses gpt-4o-mini with func-
tion calling (single-pass, no routing); independent
validation additionally used gpt-5.4-nano
and minimax-m3-20260531 via OpenRouter.
Cost and latency are not reported as they vary by
provider pricing and infrastructure.
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