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Abstract

Enterprise workflows increasingly rely on agents for schema-guided extraction: given a document and a user-defined
schema, the agent faithfully follows the schema to produce the correct output with source evidence as grounding meta-
data. We present ExtractBench, a benchmark for schema-guided extraction, and, to our knowledge, conduct the first
evaluation to report value accuracy, record completeness at scale, grounding, and measured cost together. The evalua-
tion system contains 4,869 pages across 370 enterprise documents, 8 business domains, and 67 document types, with
clear tags differentiating their challenge scenarios. The scalable schema and ground-truth curation pipeline combines
independent-system agreement and adjudication for real documents, known values for synthetic lists, and human ver-
ification for forms. We report order-insensitive value F1 for value accuracy, plus two grounding metrics for source
traceability: word- and page-level F1. Commercial VLMs perform well on short documents but often truncate record
lists on long ones, while coding agents retain higher accuracy at much higher cost. LlamaExtract Agentic Plus ranks
first on all three metrics, with accuracy comparable to coding agents at a fraction of the cost. Dataset and evaluation

code are available on HuggingFace and GitHub.
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Figure 1: ExtractBench scores schema-guided extraction on real enterprise documents: given a document and its
schema, a system returns schema-valid JSON with evidence, and is measured on value accuracy, grounding, per-

challenge tags, and cost.

1 Introduction

Until recently, extracting structured data from business
documents was performed by humans: knowledge work-
ers read financial filings, insurance claims, purchase or-
ders, and government forms, then keyed the relevant val-
ues into a system of record for downstream workflows.
This work is usually highly manual and repetitive, and any
mistakes can be costly [5, 18]. With the recent develop-
ment of large language models and autonomous agents,
we see fast-growing demand from enterprises to deploy
agents to complete extraction-focused document work-

flows historically performed by humans.

Schema definition is at the center of the extraction
workflow. A schema defines one extraction task, shared
across all documents of the same type. For example,
one invoice schema covers invoices from every vendor re-
gardless of how different each invoice may look. Given
that enterprises write a new schema for almost every new
workflow, a system cannot be tuned to just one fixed tem-
plate. We define the extraction task as schema-guided ex-
traction (defined precisely in Section 2.1): given a docu-
ment and a user-defined schema as input, the agent faith-
fully follows the schema to produce the correct output


https://huggingface.co/datasets/llamaindex/ExtractBench
https://github.com/run-llama/ExtractBench
https://huggingface.co/datasets/llamaindex/ExtractBench
https://github.com/run-llama/ExtractBench
https://arxiv.org/abs/2607.29677v1

Benchmark Corpus  Schemas  Domains Real Long records Scans‘ / Grounding  Cost
docs handwriting
A SROIE [19] 1,000 fixed 1 v o o
22 DoclLE [39] 6,680 fixed 1 v ° v
= RealKIE [42] 1,867 fixed 5 v o o
Contextual EB [12] 35 5 5 v o
= Extend LongArray [9] 45 3 3 v
g8 Microl LongExtract-50 [26] 50 per-doc 7 v v
83  VAREX [4] 1,798 per-doc 1
ExtractBench (ours) 370 67 8 v v v v v

v/ =covered and scored o =partial or incidental coverage; blank means absent.

Table 1: Comparison of representative fixed-ontology document-IE benchmarks (upper block) and modern schema-
guided extraction benchmarks (lower block). ExtractBench is the only benchmark that jointly evaluates long-record
completeness, real scans and handwriting, word- and page-level grounding, and measured cost. The full capability

matrix appears in Table 7 (Section A.4).

along with source evidence as grounding metadata.

In real-world use cases faced by enterprises, there are
many sources of challenges and failure cases in an ex-
traction workflow, with common ones including missing
rows in long lists, selecting the wrong occurrence of a
sparse fact, overfilling dense forms, and confusing simi-
lar dates, identifiers, or amounts. There are also particular
challenges in accurately understanding the structure of the
document, which we call perception challenges: scan or
handwriting noise, hierarchical headers, cross-page con-
tinuation, and large or irregular tables. Length creates a
separate problem: a system can read local values correctly
but still truncate a long schedule.

Visual grounding and traceability are another critical el-
ement for making agent-powered extraction effective and
reliable at production scale for enterprises. Given that
there are always inevitable failures — such as when an
agent fails in reconciling fund holdings because a long
schedule is truncated and rows are missing from the out-
put — it requires a human in the loop to use visual ground-
ing signals to quickly identify and correct the issues. Ad-
ditionally, the cost of extraction per page also matters
at production volume [23]. In high-volume, document-
intensive enterprise workflows, a cost difference of one
cent per page may determine if an Al initiative is finan-
cially viable.

Although there have been attempts from multiple ex-
isting benchmarks to tackle this challenge, they all have
critical limitations (Table 1; Section 4 and Section A.4
give the detailed comparison). Classic information extrac-
tion filled fixed, hand-built templates with per-task sys-
tems [16]. Fixed KIE benchmarks, such as SROIE [19]
and DocILE [39], do not handle user-specified schemas.
More recent schema-guided benchmarks [4, 12] cover
only a narrow dimension of the problem. The three clos-
est benchmarks each cover one slice of these require-
ments: schema-conformant JSON against enterprise-scale

schemas [12], row completeness on synthetic rendered ar-
rays [9], and long statistical reports and filings [26]. None
of the three measures cost, scores grounding, or contains
a scanned or handwritten document. For example, Con-
textual Al’s ExtractBench [12]" does not cover any hand-
written documents, nor does it take visual grounding or
cost into consideration.

To bridge the gap, we introduce ExtractBench, a com-
prehensive benchmark for schema-guided enterprise doc-
ument extraction that carries broad task coverage, evalu-
ates traceability, and measures cost. ExtractBench con-
tains 370 documents (4,869 pages) across 8 business do-
mains and 67 document types. Each document type has
one schema shared across its documents. Each document
is tagged by task challenge, perception challenge, table
structure, domain, and length (Section 2.2). The bench-
mark is composed of real born-digital documents, syn-
thetic long lists based on real layouts, and real regulatory
and tax forms with schemas authored from blank tem-
plates. To establish high-quality ground truth at scale, we
design a scalable pipeline: independent-system proposals
are adjudicated for real documents, values are set before
rendering for synthetic lists, and humans verify both val-
ues and grounding on scanned forms (Section 2.3). We
evaluate accuracy with order-insensitive value F1 over the
values in the extracted JSON. To evaluate visual ground-
ing ability, we also score whether a correct value points to
its source for fields with human-verified boxes, so review-
ers can audit the answer without searching the document
(Section 2.4).

We evaluate 14 frontier methods spanning commercial
VLMs, open-source extraction, coding agents, and spe-
cialized APIs. We noticed significant performance vari-
ance in out-of-the-box frontier models across different
challenge dimensions. For example, Gemini 3.5 Flash ac-

IThe unrelated academic benchmark by Contextual Al shares the Ex-
tractBench name [12]; Section 4 details how the two differ in scope.



curacy dropped significantly from 87.9% on short docu-
ments to 27.9% on long ones (Section 3). LlamaExtract
Agentic Plus shows much more consistent performance,
with 96.6% on short and 94.4% on long documents. It
also outperforms Codex GPT-5.5 (95.6% versus 93.6%)
at a much lower cost (8.1 ¢/page versus 27.8 ¢/page). Ad-
ditionally, commercial VLMs and coding agents do not
return word-level boxes, so workflows that require source
evidence need specialized extraction APIs (Section 3.4).
Our contributions include:

* A challenge-tagged benchmark with broad cover-
age. 370 documents and 4,869 pages span 8 busi-
ness domains and 67 document types, with tags for
task challenge, perception challenge, table structure,
domain, and length that support per-challenge analy-
sis.

* A scalable pipeline for schema and ground-truth
curation. To produce high-quality, well-specified
schema—ground-truth pairs without labeling every field
by hand, we combine frontier-model ensembles for
real documents, programmatic generation for synthetic
long lists, and human verification for scanned forms.

* A broad evaluation of frontier extraction methods.
We compare 14 systems spanning commercial VLMs,
OSS pipelines, coding agents, and specialized APIs,
reporting accuracy, grounding, cost, and the quality—
cost tradeoff.

2 ExtractBench

This section defines schema-guided extraction precisely,
then describes how ExtractBench applies it to build a
challenge-tagged corpus.

2.1 Task Definition

Given a document and a schema, a system returns struc-
tured data with evidence (Figure 1):

f: (document, schema) — (structured data, evidence).

Input. The input is a full document, born-digital or
scanned, and a schema written by the user. The user
specifies the extraction task via a schema: it lists the
fields to extract, and each field has a name, a type, and
a natural-language description of what belongs in it. It
is expressed as a JSON Schema, the industry-standard
way to specify structured output, and may contain scalar
fields, nested objects, arrays of records, nullable fields,
and value constraints. A schema defines one extraction
task and guides all documents of the same type, even
though the documents can vary significantly in structure,

layout, and styling. For example, insurance claims from
different providers vary greatly in length and layout. A
document usually holds more than the schema asks for —
and sometimes less: any field the document leaves unan-
swered must come back as null.

Output. The output is a schema-valid JSON object,
with the source page and a bounding box for each value
as evidence. It must return correct, exhaustive values (in-
cluding repeated records), correctly use null for absent in-
formation, and ground each extracted value. Section 2.4
makes these expectations precise.

2.2 Taxonomy and Coverage

Existing benchmarks for document extraction often re-
port one aggregate score over a narrow set of document
types. An aggregate score does not show whether a sys-
tem missed a third of a list or got one label wrong, and it
cannot distinguish a hard extraction task from a bad scan.
ExtractBench instead tags each document along five in-
dependent axes: task challenge (what makes extraction
hard), perception challenge (how the page was captured),
table structure, length, and business domain. Because the
axes are independent, a low score can be traced to its ac-
tual cause. Figure 2 shows how the corpus distributes over
the five axes. The paragraphs below briefly explain each
axis; Table 4 in Section A.1 gives additional details and
representative document types for every tag.

Task challenges. A task challenge defines the nature of
the extraction task and what makes it difficult.

¢ T1: long-list completeness. Recover every record of
a repeated structure that can span many pages. Typi-
cal failures are truncation, duplicated or merged rows,
hallucinated records, and values attached to the wrong
record.

¢ T2: needle-in-haystack. Find a small number of re-
quested facts in a long document. T2 has few tar-
get records but many plausible mentions, only one of
which is canonical; failures are missed targets, wrong
occurrences, and unnormalized paraphrases. It is also
the only task challenge that asks for far less than the
document holds: a median of just 1.6 fields per page
(Section A.1.1).

* T3: dense documents. Fill many fields from a doc-
ument dense with labels, blanks, checkboxes, hand-
writing, and scan artifacts. The characteristic failure is
over-extraction, inventing a value for a field that is ac-
tually blank, compounded by missed checkboxes and
mislabeled fields. A dense document also repeats iden-
tifiers, dates, and amounts of the same format, so a
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Figure 2: ExtractBench coverage across the five tag axes. Each bar is the share of the 370 documents carrying the tag,
with its document count shown beside the bar. The task panel reports the three task challenges; a document tagged
with several of one challenge’s sub-tags counts once. Tags may overlap across panels; Table 4 (Section A.1) defines

every tag and sub-tag.

plausible value can end up in the wrong field. Dense
forms are the most common case (T3.a); receipts, in-
voices, and regulatory filings belong here too.

Perception challenges. A perception challenge records
how the page was captured. The tags are rotated or image-
only capture (P1), scanned page images (P2), and hand-
writing (P3) (Table 4). They are assigned independently
of the task challenge, so the same extraction task can ap-
pear under more than one perception challenge.

Table structure. Tables earn a dedicated axis for two
reasons. First, most of the values enterprises extract live
in tables, from holdings schedules to invoice line items.
Second, tables fail in a way no other page element does:
a complex table can be read correctly value by value and
still be assembled into the wrong structure, a failure that
the task and perception axes cannot isolate. The structure
tags mark the layouts where this happens: merged or hi-
erarchical headers (S1), a header that does not sit above
its data (S2), a table that continues across pages (S3), a
table beyond a thousand rows (S4), and a table packed in-
side a single cell (S5). Each layout has its own failure:
a merged header attaches values to the wrong column, a
pivoted header transposes the record, a cross-page table
loses its continuation, a very large table stops early, and a
packed cell comes back as one string instead of its fields.

Document length. Documents fall into three length
buckets: short (L1, up to 10 pages), medium (L2, 11 to
50), and long (L3, more than 50). Length gets its own
axis for the same reason the other axes are separate: the
same task challenge can appear at any length, and length

adds a failure of its own, since a system can read every
value on a page correctly and still stop before the end of a
long schedule.

Business domains. An enterprise extraction system
needs to work across domains, for two reasons: teams
want one system rather than a separate tool per docu-
ment type, and businesses often do not control what ar-
rives and must process whatever their customers, ven-
dors, and regulators send. ExtractBench therefore spans
8 domains and 67 document types (Table 4): finance and
fund holdings (D1), energy-sector regulatory forms (D2),
government procurement and customs (D3), auto valua-
tion (D4), supply-chain and other transactional documents
(D5), healthcare remittance (D6), legal and bankruptcy fil-
ings (D7), and real-estate closing disclosures (D8). Prior
benchmarks for structured extraction usually cover fewer
domains and a handful of real document types (Table 6).

2.3 Schema and Ground-Truth Construc-
tion

To properly evaluate a schema-guided extraction system,
the extraction task itself needs to be well specified: each
schema must be coherent with the documents it applies
to, and every field must have a clear expected value. If a
schema is poorly aligned with its document family, or its
instructions leave the extraction goal ambiguous, errors
can no longer be attributed and a low score may reflect a
defect in the benchmark rather than in the system being
tested.

Creating well-defined schemas and ground truth that
corresponds to them is labor-intensive, particularly when
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documents are long and the data is dense. Checking ev-
ery field by hand is prohibitive in time and cost at this
scale, and using a single extractor’s output as ground truth
would repeat its mistakes and bias the results toward that
extractor. This motivates a scalable pipeline that produces
high-quality schema and ground-truth pairs without fully
manual annotation.

To this end, we combine three sources of documents,
each annotated by the method that fits it: frontier-model
ensembles for real documents, programmatic generation
for synthetic long lists, and human labelers for scanned
forms (Figure 3). Real documents supply the layouts,
scan noise, and domain range we want to test, but draw-
ing a box on every one of their fields is prohibitively slow.
Synthetic long lists cover documents too large to label by
hand: thousands of similar records are slow to annotate
and easy to misread. Scanned forms are real documents
that need a person to decide each value, because hand-
writing is unclear and a mark can sit between two fields.
Documents from these sources are also re-captured as de-
graded scans, which needs no new annotation: the values
do not change, so the clean document’s ground truth car-
ries over. We use this methodology to build ExtractBench,
but it scales readily to much larger datasets. Section A.3
gives the full procedures.

Schemas. A document type is a family of documents
that carry the same kind of information — SEC 13F fil-
ings, utility bills, mortgage closing disclosures — how-
ever much their layouts differ. In ExtractBench, each doc-
ument type has exactly one schema, shared by all of its
documents. The schema takes the form a user writes in
production: field names, types, and a natural-language de-

scription for each field (Section 2.1). How each schema is
authored depends on its source and is described with each
pipeline below. Every field is written to have a determin-
istic expected value in the document, so the ground truth
is the same no matter which system is being scored.

Real documents. The schema is drafted from sample
documents, then several extraction systems from differ-
ent model and pipeline families run against this candidate
schema (Figure 3, top strip): no single extractor is reli-
able enough, and same-family systems share mistakes. A
value on which every system agrees, including null for
absent fields, becomes candidate ground truth. Disagree-
ments are classified by cause: if more than one reading
of the field is defensible, the schema is at fault, and we
tighten its description with aliases, format requirements,
location hints, and do-not-confuse guidance until reruns
converge; if only one reading is defensible, it is a model
failure, and a reviewer settles the contested cells against
the page.

Synthetic long lists. We build each synthetic document
backwards, data first and document second, so the ground
truth is born trusted and no human ever labels a value.
From a real filing (a fund schedule, holdings register,
or creditor matrix), we produce the records, parsed ver-
batim or generated in its style, and rendering code that
a coding agent writes after studying the layout’s fonts,
columns, and page chrome (Figure 3, middle strip); the
family keeps the real filing’s schema. That code ren-
ders the records into a PDF closely matching the real
one, with page breaks placed by measurement. Every
value is known before the PDF exists, and its page and



word-level box are read back from the render, so the
ground truth stays exact however long the list grows. Me-
chanical checks catch style mismatches and clipping, and
an extraction-system pool audits the finished document,
its disagreements exposing rendering-code bugs that are
fixed before the family ships.

Scanned forms. Scanned forms are the one source
where a person checks every field (Figure 3, bottom strip).
The schema is authored against the blank form template
and frozen before any document is labeled. An ensemble
of up to five systems votes on every schema leaf; con-
tested votes go to an adjudication agent that must inspect
the page before ruling. A designated pipeline proposes a
box per field, and a human annotator accepts, edits, nulls,
or redraws each one. This yields 169 human-verified doc-
uments, with 84% of verified fields carrying a human-
placed box; the rest are mostly blank fields, with nothing
on the page to box.

The three pipelines back their ground truth differently:
real-document values are confirmed by agreement across
independent systems, synthetic values and boxes are exact
by construction, and form values and boxes are checked
by a person. This determines which metrics each doc-
ument supports: values are scored everywhere, box-level
grounding only where the boxes are verified (Section 2.4).

2.4 Metrics

ExtractBench measures two things. Value accuracy asks
whether a system returned the right values, and is scored
with the unified value F1 on every document. Grounding
asks whether the system can show where each value came
from, and is scored only on documents whose box ground
truth is verified (Section 2.3).

Value accuracy. The unified value F1 scores whether
the extracted values match the expected output, under one
definition for scalar fields and arrays of records. Each
output is flattened into cells, one per scalar field and
per aligned record subfield, and a cell is correct when it
matches its expected counterpart after normalization. Pre-
cision, recall, and F1 are computed over these cells per
document, and slices report unweighted document means
(Section B gives the exact scoring rules).

¢ Array alignment. A repeated structure is compared as
an unordered set of records: records are paired by the
Hungarian algorithm to minimize mismatched cells,
following how prior extraction benchmarks align line
items and arrays [39]. Unmatched expected records
lower recall; extra predictions lower precision.

¢ Normalization. Values are normalized before compar-
ison: dates to ISO format, strings by collapsing whites-

pace; everything else requires exact equality, with no
numeric tolerance and no LLM judge. The few excep-
tions are listed in Section B.1.

* Missing values. An omitted key scores as an explicit
null, so every scalar field counts toward both preci-
sion and recall, and a correct null on a blank field
is credited (Table 9 lists every case). Only repeated
records move precision and recall apart, so a gap be-
tween them points to dropped or extra records rather
than wrong values (Section D.1 tabulates both per sys-
tem and length slice).

Grounding. For fields with a verified ground-truth box,
ExtractBench also reports word-level grounding preci-
sion, recall, and F1. A field counts as grounded only
when its value is correct and its predicted box overlaps
an accepted box for that field, at a fixed IoU threshold
of 0.5: a well-placed box around a wrong value earns no
credit. Page-level grounding F1 asks the weaker version
of the same question, requiring only the correct source
page rather than a box, which many systems satisfy even
when they return no boxes at all. Section B.4 gives the
details.

3 Experiments

3.1 Setup

We evaluate 14 extraction systems” across three high-level
approaches:

* VLMs treat extraction as direct multimodal gener-
ation: they receive the document and schema and
generate structured output in a single model call.
We evaluate GPT-5.4 Nano [29] and Google Gemini
3.5 Flash [13], called through constrained structured-
output APIs; and Lift 9B [7], NuExtract3 [27],
Qwen3.6 35B-A3B [34], and Gemma4 26B [14],
which are self-hosted.

¢ Coding agents extract through an iterative tool-use
loop: they can inspect the document, write and run
parsing code, validate results, and revise the final out-
put. We evaluate Claude Code Opus 4.8 [2] and Codex
GPT-5.5 [30], which receive the document and schema
with filesystem and tool access (tool configuration in
Section C.1).

Specialized APIs provide a managed document work-
flow that handles preprocessing, parsing, and schema-
guided extraction, sometimes with source grounding.
We evaluate Reducto Deep Extract [36], Extend Max

ZModels and prices reflect those available as of July 1, 2026.
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Context [10], Datalab Accurate Parse + Balanced Ex-
tract [6, 8], and three LlamaExtract tiers [24] (Cost-
Effective, Agentic, and Agentic Plus).

All systems receive the same document—schema pairs
and are evaluated without benchmark-specific tuning; all
runs took place in June—July 2026. We report unweighted
document-level means for value F1, word- and page-level
grounding F1, and cost, using the metrics defined in Sec-
tion 2.4. Per-page costs apply published provider rates to
actual token or credit consumption (Section C.2). Because
the four self-hosted VLMs have no directly comparable
API price, we omit them from cost comparisons.

3.2 Quality—Cost Frontier

Enterprise extraction workloads often span millions of
pages, making per-page cost differences substantial. At
one million pages, each cent per page adds $10,000. Fig-
ure 4 compares overall value F1 with measured per-page
cost.

The evaluated system families occupy distinct regions
of this tradeoff. The VLMs evaluated here occupy the
low-cost region of the quality—cost tradeoff (<1.0 ¢/page),
but neither exceeds 80% F1. Coding agents reach 87-94%
F1, but cost more than 15 ¢/page. Specialized APIs span a
much wider range. Within this group, LlamaExtract traces
the quality—cost frontier: Cost-Effective reaches 86.8%
F1 at 1.0 ¢/page, Agentic reaches 89.5% at 3.1 ¢/page,

and Agentic Plus reaches 95.6% at 8.1 ¢/page. Agen-
tic Plus outperforms both coding agents while costing no
more than half as much. These results show why extrac-
tion quality and cost must be evaluated jointly: greater
spending does not necessarily produce greater accuracy.
A broader comparison of commercial VLMs is provided
in Section D.3.

3.3 Results Across Dimensions

Overall FI makes it easy to compare systems, but a sin-
gle aggregate score cannot show which document char-
acteristics drive their successes and failures. To expose
these failure modes, we use ExtractBench’s challenge tags
to break down performance across five axes: document
length, task challenge, perception challenge, table struc-
ture, and business domain (Table 2).

Document length. Most systems perform well on short
documents, with more than half scoring above 90%, but
the spread widens as documents grow longer. On long
documents the commercial VLMs fall below 40%, while
Claude Code Opus 4.8 (88.1%) and Reducto Deep Extract
(92.0%) remain close to their short-document scores. Lla-
maExtract Agentic Plus is the strongest across all three
lengths and never drops below 90% (96.6/93.3/94.4). The
long-document failure is concentrated in recall: entire
records are dropped rather than misread (Section D.1 re-
ports precision and recall separately). We attribute this to
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L1 Short (<10 pp) 96.6 92.0 90.8 62.8 92.0 942 95.7 90.1 80.5 93.1 544 872 774 879
L2 Medium (11-50 pp) 93.3 854 80.1 73.8 78.8 80.5 91.2 79.2 40.5 84.8 39.3 62.6 76.4 69.8
L3 Long (>50 pp) 944 78.6 69.2 40.5 51.3 92.0 789 88.1 12.2 268 89 253 358 279
Task Challenge
T1 Long-list completeness  96.1 859 81.8 80.2 87.2 94.8 91.7 93.6 51.1 79.0 31.8 68.6 72.2 78.8
T2 Needle-in-haystack 93.6 88.3 823 739 90.3 92.5 91.7 89.1 63.0 853 25.2 78.0 74.0 879
T3 Dense documents 95.5 92.1 90.5 54.4 85.7 87.5 954 824 76.8 93.1 58.7 829 76.4 80.5
Perception Challenge
P1 Rotated / image-only 95.9 88.2 85.0 789 89.0 939 81.0 91.2 66.5 86.8 28.9 80.7 64.7 88.6
P2 Scanned 93.9 89.8 87.8 47.6 80.9 81.1 934 742 69.1 92.0 62.6 76.0 674 71.1
P3 Handwriting 93.8 909 87.6 472 93.8 923 93.6 747 73.9 923 75.8 86.0 67.7 74.2
Table Structure
S1 Merged headers 94.5 78.5 79.4 82.8 91.0 94.2 95.0 94.0 44.6 81.8 333 69.9 689 80.2
S2 Pivoted / header not at top 95.0 86.1 87.2 84.4 914 953 949 943 63.0 89.6 209 764 77.7 88.4
S3 Cross-page table 95.8 843 79.0 78.5 85.1 944 894 925 40.5 73.8 37.6 645 723 73.6
S4 Enormous table 95.9 78.1 67.8 327 248 953 789 878 00 13 37 12 72 15
S5 Table within a cell 97.2 87.3 782 7T1.7 759 954 86.8 939 37.1 56.6 50.1 51.3 67.3 534
Business Domain
D1 Finance 96.3 91.3 87.2 62.1 79.2 85.1 96.2 84.7 59.5 859 484 71.8 775 754
D2 Energy 95.0 90.7 88.5 49.0 94.5 93.7 94.1 829 78.7 924 76.6 87.9 73.0 78.9
D3 Government 934 834 83.0 779 86.5 925 92.7 91.0 58.1 83.7 18.0 71.5 743 81.4
D4 Automotive 97.9 950 952 85.0 919 973 952 98.0 83.9 96.6 14.8 859 79.3 98.0
D5 Supply Chain 97.9 932 92.0 82.5 96.8 96.1 959 99.0 874 954 31.6 93.5 83.7 98.2
D6 Healthcare 92.6 74.1 70.7 779 933 90.3 82.8 95.1 394 69.0 343 61.8 552 74.5
D7 Legal 96.7 81.5 69.1 66.6 56.1 92.8 62.0 743 17.9 58.8 56.0 42.2 51.7 58.3
D8 Real Estate 94.0 93.7 93.0 73.8 93.2 959 93.8 934 90.8 93.6 37.8 89.8 85.8 94.7

Table 2: Unified value F1 (%) by dimension and system. Models are columns, grouped by system type, and dimensions
are rows. Within each row, bold and underlined mark the highest and second-highest scores. Red shading marks drops
of more than 5/15/25 points from each system’s overall score (darker means larger). Overall aggregates each system’s
evaluated documents. Table 14 (Section D.2) reports every sub-tag.

context limits: most systems cannot work through a long
document in a single pass, and those without a strategy
for iterating over it stop early, truncating the remaining
records.

Task challenge. Long-list completeness (T1) and
needle-in-haystack (T2) mirror the document-length re-
sults: LlamaExtract Agentic Plus and Reducto Deep Ex-
tract are the top two systems on both challenges. Dense
documents (T3) reorder the ranking. This challenge con-
centrates many fields into a single large schema, and sys-

tems that handle such schemas poorly fall behind: Re-
ducto Deep Extract drops to 87.5%, Claude Code Opus
4.8 to 82.4%, and Datalab Accurate Parse + Balanced
Extract to 54.4%. LlamaExtract Agentic Plus (95.5%)
and Codex GPT-5.5 (95.4%) lead on this challenge. Sec-
tion D.2 reports every sub-tag separately.

Perception challenge. The perception axis exposes
system-specific blind spots. Codex GPT-5.5 handles ro-
tated or image-only capture (P1) poorly, dropping to about
80% from roughly 93% on the other perception chal-



Word-level grounding F1

Page-level grounding F1

System Overall Short Medium Long Overall Short Medium Long
LE Agentic Plus 46.4 43.7 54.0 54.7 84.9 89.7 72.2 87.1
LE Agentic 44.1 42.3 50.5 45.7 66.1 69.7 56.6 67.6
LE Cost-Eff. 404 40.2 423 36.7 64.2 68.9 53.7 56.5
Datalab A+B 2.0 2.7 0.2 0.0 48.5 56.9 38.6 0.0
Extend Max 25.1 339 0.2 0.0 48.9 61.7 27.7 0.0
Reducto Deep 433 42.8 45.6 41.1 71.7 72.6 70.4 67.3
All other systems 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Table 3: Grounding score (%). Word-level grounding F1 requires a correct value and word-level box at IoU 0.5;
page-level grounding F1 requires a correct value and the source page. The final row spans all systems not named
above. Bold marks each column’s best value, underlined the second best. LE Agentic and LE Cost-Effective return
word-level boxes only when the caller enables the granular bounding-box option; both are run with it on.

lenges. Reducto Deep Extract shows the complementary
weakness: it stays above 90% on rotated or image-only
capture and on handwriting (P3), but falls to about 81%
on scanned pages (P2). Qwen3.6 35B-A3B is stronger
on scanned pages and handwriting than the other VLMs,
scoring above 92% on both. LlamaExtract Agentic Plus
remains the strongest system across all three perception
challenges.

Table structure. Enormous tables (S4, beyond a thou-
sand rows) produce the sharpest separation in Table 2.
Most systems stop early and return only a small frac-
tion of the records: every VLM scores below 10% on
this slice, and Datalab Accurate Parse + Balanced Ex-
tract (32.7%) and Extend Max Context (24.8%) also fall
sharply. By contrast, LlamaExtract Agentic Plus (95.9%),
Reducto Deep Extract (95.3%), and Claude Code Opus
4.8 (87.8%) are the top three systems. Cross-page ta-
bles (S3) pose a milder version of the same failure, where
the difficulty is carrying the table structure across page
breaks. Pivoted layouts (S2) are the least discriminative
of the structure slices, because most leading systems han-
dle them well.

Business domains. Domain difficulty largely reflects
the mix of task challenges inside each domain (Table 2).
Finance (D1) and government (D3) carry the long-list
(T1) and needle-in-haystack (T2) tasks; energy (D2) is
dominated by scanned dense forms (T3); and legal (D7)
and healthcare (D6) hold long record lists, including cred-
itor matrices, sanctions lists, and clinical event logs. A
domain’s score is therefore mostly a reweighting of its
task-challenge results, and we read the domain axis as a
check on coverage rather than as an independent source of
difficulty.

3.4 The Grounding Gap

Grounding makes extraction auditable by letting a re-
viewer trace each predicted value back to its source. Ex-
tractBench measures this capability explicitly, whereas
existing schema-guided extraction benchmarks overlook
it (Table 1). We consider a field grounded only when both
the extracted value and its citation are correct, at the page-
or word-level. We highlight the grounding gap in Table 3.

¢ VLMs and coding agents do not return evidence by
default; they therefore score zero at both grounding
levels. Users who need auditable outputs must add a
separate evidence-localization component or use an
extraction API with grounding built in.

e Granularity challenge. Locating the exact word
is much more challenging than finding the correct
page. LlamaExtract Agentic Plus achieves 84.9%
page-level grounding F1 but only 46.4% word-level
F1. Datalab shows a larger gap, at 48.5% versus
2.0%. Page evidence narrows the search, but still
leaves reviewers to locate the value among similar
candidates.

* Robustness to length. Extend Max Context falls
from 61.7% page-level grounding F1 on short doc-
uments to 0.0% on long documents, and Datalab fol-
lows the same pattern. Reducto Deep Extract is more
stable, declining from 72.6% to 67.3%, while Lla-
maExtract Agentic Plus remains the strongest system
overall.

Even the best overall word-level grounding F1 remains
below 50%. Systems are increasingly capable of extract-
ing values and often identifying their source pages, but
reliably connecting each value to its exact supporting evi-
dence remains an open problem.



4 Related Work

4.1 Benchmarks for Document Extraction

Document extraction benchmarks cover two main set-
tings: fixed-ontology extraction, where fields are defined
in advance, and schema-guided extraction, where the user
supplies a schema defining the fields and output structure
at inference time. We briefly review both settings below.

Fixed-ontology document IE. Fixed-ontology bench-
marks ask how reliably a system can recover a known
set of fields as the documents become more challeng-
ing. They have progressively expanded document di-
versity from forms and receipts to multilingual layouts
and enterprise domains [19, 21, 33, 42, 44]. Other work
increases structural and contextual complexity through
line items, tables, long documents, and unfamiliar tem-
plates [17, 20, 39, 40, 43]. Some benchmarks additionally
annotate spatial positions or study localization [39, 41].
Across these settings, however, the target fields remain
fixed by the benchmark: they test robustness within a
known ontology rather than whether a system can follow
a new user-supplied schema.

Schema-guided extraction benchmarks. Recent doc-
ument extraction benchmarks have focused on the
schema-guided setting, where users specify the extrac-
tion task at inference time without retraining the sys-
tem [12, 22, 38]. Work in this setting has progressively
increased task scale and complexity, testing more com-
plex schemas, longer documents, and larger outputs. Con-
textual Al’s ExtractBench [12] stresses schema complex-
ity, with schemas containing up to 369 fields, but evalu-
ates only five shared schemas; LongExtractBench-50 [26]
and VAREX [4] use a different schema for every docu-
ment, so they do not test whether one extraction task trans-
fers across diverse document appearances. LongArray-
Extract [9] and LongExtractBench-50 [26] instead stress
completeness over long documents and repeated records,
though their public test sets contain only dozens of docu-
ments. Several benchmarks [4, 9, 22] use synthetic con-
struction to scale these evaluations, but generated docu-
ments do not capture the visual variability and perception
challenges found in real enterprise data. This fragmented
coverage makes it difficult to compare system families
comprehensively or diagnose why they fail.

To our knowledge, ExtractBench provides the broad-
est combined coverage of these dimensions, spanning
real document families and targeted synthetic stress tests
across 8 business domains (Table 1). ExtractBench is de-
signed around production requirements at scale, jointly
measuring value accuracy, source grounding, and per-
page cost to capture whether outputs are correct, trace-
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able, and economical to produce. We also stratify the
dataset with challenge tags to ensure coverage across task
and perception difficulties and diagnose where different
system families fail.

4.2 Methods for Document Extraction

Modern schema-guided extraction systems fall into three
broad families: general-purpose vision-language models
that generate outputs directly, coding agents that inspect
documents iteratively with tools, and specialized extrac-
tion systems designed around document processing work-
flows. These approaches make different tradeoffs in com-
pleteness, visual robustness, grounding, and cost.

Vision-language models. General-purpose vision-
language models are multimodal reasoners that accept
text and images and generate flexible outputs. Document
extraction can therefore be reformulated as multimodal
generation: document pages are rendered as images,
the schema is expressed as text instructions, and the
model returns extracted values either as prompted text
or as schema-compliant output enforced through a
structured-output API. Systems in this family include
closed general-purpose models [13, 29], general-purpose
open-weight models [14, 34], and models tuned specif-
ically for extraction [7, 27]. All three groups accept
new schemas without task-specific retraining.  This
direct, one-pass workflow is simple and efficient, but can
miss values in long repeated structures, and the systems
evaluated here do not return source evidence.

Coding agents. Coding agents such as Codex [28, 30]
and Claude Code [1, 2] approach extraction through an
iterative tool-use loop: given the document and schema
as files, they can inspect pages, write parsing code, run
checks, and revise the final JSON. This loop is more flex-
ible than one-pass generation and can help with long doc-
uments or repeated records, where the agent can revisit
the document rather than rely on a single model response.
The same flexibility creates cost and reliability risks: even
short documents may trigger many inspection, coding, de-
bugging, and validation steps, and unconstrained agents
can run for many steps before producing a small extrac-
tion. Coding agents also require an agent runtime with
filesystem access and validation, depend on how docu-
ments are rendered and which tools are available, and are
not designed around extraction-specific grounding meta-
data.

Specialized document extractors. Commercial plat-
forms [6, 10, 24, 36] expose extraction as a purpose-built
API rather than a raw model prompt or coding environ-
ment. As managed services, they let users upload files



directly and handle format support, preprocessing, doc-
ument parsing, and schema-guided extraction with little
configuration. They can also expose visual grounding and
other extraction metadata, such as source pages and, in
some cases, word-level boxes, making outputs easier to
audit than raw model responses. However, specialized
APIs still differ substantially in completeness, robustness,
grounding quality, and cost.

5 Conclusion

We introduced ExtractBench, a challenge-tagged bench-
mark that brings the core requirements of real schema-
guided extraction into one evaluation: correct and com-
plete outputs, source traceability, robustness across doc-
ument challenges, and cost at scale. By measuring these
dimensions together, ExtractBench shows not only which
systems perform well, but where and why they fail.

Direct VLM extraction is inexpensive but often trun-
cates long record lists; coding agents are more robust on
these workloads but substantially more expensive. Spe-
cialized APIs span the quality—cost frontier, with Lla-
maExtract Agentic Plus achieving the strongest over-
all performance at a lower cost than the coding agents.
Challenge-tagged results further show that systems de-
grade differently on long documents, dense schemas,
scans, handwriting, and enormous tables.

Grounding remains the clearest area for improvement.
The evaluated VLMs and coding agents do not return
source evidence by default, while word-level grounding
F1 remains below 50% even for specialized systems that
return boxes. Together, these results set a clear bar for
reliable extraction: complete outputs, traceable evidence,
and sustainable cost at scale.
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A Benchmark Details

A.1 Taxonomy and Coverage Reference

The consolidated taxonomy table defines every tag: what it stresses, representative document types, and tagged doc-
ument and page coverage. The tags are shared with the capability comparison (Table 7) and with every result slice in
Section 3; Figure 2 in the main text shows the challenge-level coverage as a distribution.

Task challenges Table structure Business domain

T1 Long-list completeness | : /151 merged headers  [Hll721 D1 Finance [ [EEE

S2 header notattop [M717

T2 Needle-in-haystack 1,109 D2 Ener 145
Y - S3 cross-page table [N : 081 9 I
T3 Dense documents oo S4 enormous table  [NEE1.106 D3 Government [ 328
0 30 60% S5 table within a cell |1 173 D4 Automotive [J377
0 30 60% )
Perception challenges D5 Supply Chain |54
P1 rotated / image-only  [Jj634 Document length D6 Healthcare [J421
L1 short (=10 615
P2 scanned -654 _( Pp) . D7 Legal .562
L2 medium (11-50pp) [N 2 438
P3 handwriting |72 L3 long (>50pp) 516 D8 Real Estate |26
0 30 60% 0 30 60% 0 30 60%

I pages, % of 4,869

Figure 5: ExtractBench coverage by page share. Each bar is the share of the 4,869 corpus pages carrying the tag, with
its page count shown beside the bar. Tags may overlap across panels; Table 4 defines every tag and sub-tag.

Task-challenge notes. Partial credit can hide F1 errors: a system can emit a well-formed array that is missing a third
of its rows. T1 covers a large share of the benchmark and holds records at large scale: a real SEC 13F table with 3,063
holdings rows, a bankruptcy creditor matrix with 8,624 address-block records, and an unclaimed-property list with
26,725 rows. T2 failures include selecting the canonical value of a KPI that recurs many times under paraphrase, or
a target field buried in procurement narrative. On T3 documents, field localization remains a major error source even
with dedicated tools [41]. The T3.d slice is 13 administratively reviewed W-14 filings, whose twin schema asks for
the original filer value and the later regulator annotation separately rather than merging the two.
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Tag What it stresses Representative document types Docs Pages

Task Challenges

T1.a single long table one homogeneous table spanning SEC 13F holdings, fund schedules, 99 (26.8%) 2681 (55.1%)
pages — array registers

T1.b cross-page continuation records continue past page breaks ~ GSA labor schedules, IRS Schedule I, 91 (24.6%) 3081 (63.3%)
under repeated headers clinical logs

T1l.c repeated complex region each record a multi-field block, not OFAC SSI list, service lists, bankruptcy 27 (7.3%) 492 (10.1%)
a table row E/F

T1.d pivoted / matrix entities down and values across auto valuations, census cross-tabs, 42 (11.4%) 717 (14.7%)
columns, with the header not at top election pivots

T1l.e packed / multi-row cell one record spans sub-rows, or one  FTX/iMedia creditor matrices, CBP 7501 30 (8.1%) 1173 (24.1%)
cell packs many fields

T2.a sparse in narrative few target fields buried in long DD1155, CLIN schedules, SF1449 15@4.1%) 617 (12.7%)
prose

T2.b paraphrased match pick the canonical occurrence of a  earnings decks, investor presentations 12 (3.2%) 356 (7.3%)
paraphrased value

T2.c dedup across modalities  reconcile base vs. modified copies  contract modification sets 5 (1.4%) 222 (4.6%)

T2.d cross-ref / reconciliation combine / check values across SEFA schedules, audit reconciliations 24 (6.5%) 492 (10.1%)
sections

T3.a dense form labeled cells, checkboxes, blanks RRC oil-and-gas forms, CBP 7501, 194 (52.4%) 798 (16.4%)
on a short form closing disclosures

T3.b receipt / invoice line-item business documents invoices, receipts, purchase orders 17 (4.6%) 46 (0.9%)

T3.c classify then extract route by document class before brokerage statement families 3(0.8%) 61 (1.3%)
extracting

T3.d filer-reviewer separation separate original filer entries from  administratively reviewed W-14 filings 13 (3.5%) 13 (0.3%)
later regulator annotations

Perception Challenges

P1 rotated / image-only rotated or skewed page image, no  scan-degraded re-captures 38 (10.3%) 634 (13.0%)
text layer

P2 scanned scanned page image scanned regulatory forms 134 (36.2%) 654 (13.4%)

P3 handwriting handwriting on the page hand-completed form fields 55 (14.9%) 71 (1.5%)

Table Structure

S1 merged headers

S2 header not at top / pivoted
S3 cross-page table

S4 enormous table

S5 table within a cell

Document Length
L1 short

L2 medium

L3 long

Business Domain
D1 Finance

D2 Energy

D3 Government
D4 Automotive
DS Supply Chain
D6 Healthcare
D7 Legal

D8 Real Estate

hierarchical headers
pivoted layout
continues across pages
very large table

nested table

up to 10 pages
11-50 pages
more than 50 pages

financial disclosures, holdings, and
tax records

regulatory forms and filer-reviewer
annotations

procurement, customs, and public
reporting

valuation reports and comparison
tables

transactional documents and
itemized records

remittance and clinical-event
records

filings, creditor matrices, and
entity lists

mortgage closing disclosures

banded financial statements

valuation and census matrices

long procurement schedules

13F holdings, unclaimed-property lists
creditor address blocks

receipts, single-page forms, short filings
multi-page statements, mid-size filings
registers, holdings, long schedules

13F / N-PORT, fund schedules, 1040,
W-2, K-1, 1099-B

Texas RRC W-1, W-2, W-14, 2A, P-4,
P-18, H-5

CBP 7501, GSA labor, IRS-990, SEFA,
CLIN / SF-1449

CCC / Mitchell total-loss valuations

invoices, receipts, rate cards, product
specs, utility bills

remittance advice, adverse-event /
deviation logs

bankruptcy schedules, creditor matrix,
sanctions list

TRID mortgage closing disclosure

35 (9.5%)
42 (11.4%)
91 (24.6%)

12 (3.2%)

30 (8.1%)

252 (68.1%)
98 (26.5%)
20 (5.4%)

145 (39.2%)
98 (26.5%)
49 (13.2%)

27 (7.3%)
20 (5.4%)
15 (4.1%)
10 2.7%)

6 (1.6%)

721 (14.8%)

717 (14.7%)
3081 (63.3%)
1106 (22.7%)
1173 (24.1%)

615 (12.6%)
2438 (50.1%)
1816 (37.3%)

1956 (40.2%)
145 (3.0%)
1328 (27.3%)
377 (7.7%)
54 (1.1%)
421 (8.6%)
562 (11.5%)

26 (0.5%)

Table 4: ExtractBench taxonomy and coverage. Each row gives a task challenge, perception challenge, table structure,
size, or business-domain slice, with representative documents and tagged document and page coverage. Percentages
are shares of the 370-document, 4,869-page benchmark. Tags may overlap.
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(a) pages vs. fields (b) fields per page

Tl Long-list completeness . =
100,000: o 8 .
] ° T2 Needle-in-haystack e—Ee—— - - -
bankruptcy creditor matriXe e °
114 pages — 86,242 fields T3 Dense documents . e
LY
L
10,000: * . Tl.a single long table e e———
3 1 T1l.b cross-page continuation ————
E Tl.c repeated complex region e
< T1.d pivoted / matrix C—
2 1,000: Tl.e packed / multi-row cell o
3 ig o .
= H T2.a sparse in narrative ————
o H . ® T2.b paraphrased match - -
e 100+ ; E T2.c dedup across modalities ——
E 2 2 . T2.d cross-ref / reconciliation e
§ o . -.
H . °. T3.a dense form ————
w % T3.b receipt/ invoice ———
10§ SF—14.49.50|ici;at\on T3.c classify then extract — —
] 31 pages - 6 fields T3.d filer-reviewer separation -
I T | R (O o1 L T TTo " 7100 T 1000
document pages fields per page
® T1 Long-list completeness ® T2 Needle-in-haystack ® T3 Dense documents | median == p25--p75 —— p10--p90

Figure 6: Document size against ground-truth size, by task challenge. A field is one cell of the unified value metric:
one per scalar field and per record subfield (Section 2.4). A document’s field count is therefore the number of cells
a system must return correctly for full recall on it. (a) One point per document, over the 332 pool documents that
are not scan-degraded re-captures; a document tagged with more than one task challenge appears once per challenge.
The diagonals mark a constant number of fields per page. (b) The same rate by task challenge, then by sub-tag in
code order beneath a dividing rule, with the p10—p90 range, the p25—p75 range, and the median; a document carrying
several sub-tags appears in each of its rows. Table 4 gives the document count behind every row. Document size is
counted in pages rather than in document text because most pages of the form and scan-degraded slices carry no text
layer. The 38 scan-degraded re-captures are omitted: a re-capture keeps its original’s schema, values, and page count,
so it lands on the same point.

Grounding tags. An extraction is auditable only if each value points back to where it came from, so a separate set
of tags records the required evidence: a box around each extracted value (G1) and a box on a checkbox together with
the boolean read from it (G4). G2 covers a field that expands into many records, and G3 covers deeply nested objects
and arrays. These tags constrain the output rather than the document; Table 5 gives the coverage of each. Section 3.4
scores grounding; to support these tags, the ground truth of Section 2.3 pairs every value with a location.

Grounding (G) What it requires Docs
G1 value-level box box at each extracted value 237 (64.1%)
G2 ©:N cardinality one field expands to many records 36 (9.7%)
G3 deep nesting deeply nested objects and arrays 8 (2.2%)
G4 checkbox / boolean box read and locate a checkbox 182 (49.2%)

Table 5: Grounding tags: what the output must carry besides the value—a box at each value, cardinality, nesting,
and checkbox handling. Document counts are shares of the benchmark and may overlap. Grounding is scored in
Section 3.4.

A.1.1 Document and Ground-Truth Size by Task Challenge

The task challenges are defined by what makes extraction hard (Section 2.2). They also separate quantitatively, by
how many fields a document yields per page (Figure 6). Across the pool that rate spans a factor of 7,021, from 0.19
fields per page to 1,359.
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T2 is the only task challenge that compresses. Needle-in-haystack documents yield a median of 1.6 fields per
page: a median of 25 pages read for 35 fields returned, so the system reads a long document and keeps almost none
of it. The extreme case is an SF-1449 solicitation whose schema asks for 6 fields across 31 pages. Both other task
challenges return more than an order of magnitude more fields per page.

T1 and T3 return dozens of fields per page. Long-list documents yield a median of 62.6 fields per page and dense
documents 50.0; the output re-encodes most of the document rather than summarizing it. 48 documents carry more
than 1,000 ground-truth fields and 12 more than 10,000, up to 86,242 fields in a 114-page bankruptcy creditor matrix.
A system that reads such a document correctly still has to return every one of them, which is the long-list completeness
failure of Section 3.3: precision stays high while recall falls.

The rate alone does not define the taxonomy. T1 and T3 overlap in Figure 6b and separate by scale instead: the
median T1 document is 17 pages against 1 for T3, so the same field density arrives either as one dense page or as
tens of pages of records. This is why the benchmark tags task challenge and document length on independent axes
(Section 2.2) rather than collapsing both into a single difficulty score.

A.2  Corpus Composition

This appendix details the corpus by document length. Every document carries exactly one length class, so the regu-
latory and tax forms, the automotive valuations, and the scan-degraded re-captures are described inside the class their
page count puts them in rather than as separate slices. Each re-capture pairs one-to-one with a clean original that also
appears in the benchmark, under the same schema and the same expected values (Section A.3.4).

Benchmark Domains Schemas/types Documents Max pages
Contextual AT EB [12] 5 5 35 218
Extend LongArray [9] 3 3 45 235
Microl LongExtract-50 [26] 7 50 50 11,622
VAREX [4] 1 1,7981 1,798 1
DocILE [39] 1 1 6,680 3
VRDU [43] 2 2 2,556 12
RealKIE [42] 5 5 1,867 198
Kleister [40] 2 2 3,318 368
CUAD [17] 1 1 510 154
Legacy KIE [19, 21, 33, 44] 2 4 3,565 1
ExtractBench 8 67 370 192

Table 6: Dataset scale and diversity. Document and page counts show scale. Domain and schema counts show breadth.
The schema figures are not directly comparable: T VAREX uses one schema per synthetic single-page form, Microl
uses a model-drafted schema per document, and ExtractBench reuses a document-type schema across documents.

A.2.1 Short Documents (<10 pages)

252 documents, 615 pages: 68 multi-domain business documents, 155 regulatory and tax forms, 6 automotive total-
loss valuations, and 23 scan-degraded re-captures.

Real families span finance, commodity business documents, government and customs forms, healthcare remittance
advice, mortgage closing disclosures, product spec sheets, and auto total-loss valuations. Examples include SEC 13F
and N-PORT holdings, invoices and receipts, CBP-7501 entry continuations, and census and budget cross-tabs with
header-not-at-top pivots. Synthetic re-renders add a bankruptcy Schedule E/F with contingent/unliquidated/disputed
booleans and election statement-of-votes pivots whose positional vote arrays align to per-contest candidate columns.
These short documents concentrate same-type identifiers and value—label disambiguation: electric-versus-gas meter
IDs on one bill, vendor versus customer versus account numbers on one invoice, and structurally identical money
fields whose meaning differs by section. The automotive reports are pivoted comparison documents: the vehicle under
appraisal runs down the page while comparable vehicles run across it, with the header beside the data rather than above
it. They are the densest concentration of the pivoted/matrix structure (S2) in the benchmark.
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The forms are Texas Railroad Commission energy filings (drilling permits, well completions, injection and disposal
permits, enhanced-oil-recovery designations, HoS certificates, pressure tests, plug records, transportation authorities,
and skim-oil reports) and federal tax documents (Form 1040 returns, W-2 wage statements, Schedule K-1, and 1099-
B pages). They span 594 pages, from 1950s typewritten-on-scan filings to current born-digital output, and carry 17
distinct frozen schemas across thirteen form families, because Form 1040 has a separate schema per tax year and
Schedule K-1 has separate partnership and S-corporation schemas. All but the longer Form 1040 bundles are ten
pages or fewer; the 14 that are not appear in Section A.2.2. What they stress is dense labelled cells, checkbox banks,
blanks that must come back null, handwriting and scan noise on the older filings, and identifiers of the same shape
whose meaning differs by section. Every document carries the whole filed form, nothing cropped. A human annotator
reviews every form field by field; the tax forms additionally pass through schema-first adjudication and an audit
against the rendered pages. Of the 16,534 human-verified evidence rules across these documents, 13,867 (~84%)
carry a human-placed value box. Most of the remainder are fields the form leaves blank, which have nothing on the
page to box.

All form documents are public records. The energy forms are regulatory filings served by the Texas Railroad
Commission’s public records. The tax forms come from public releases: 1040 returns released in full by public
officials, W-2 wage statements from a public utility district’s employer reference-copy register, and K-1 and 1099-B
schedule pages from publicly filed documents. Personal taxpayer identifiers were masked in those releases themselves
— employee and taxpayer SSNs appear on the page as masked strings (e.g., XXX-XX-XXXX), and the ground truth
expects the masked string — while the remaining identifiers, such as employer EINs, are business identifiers printed
on public filings.

A.2.2 Medium Documents (11-50 pages)

98 documents, 2,438 pages: 64 multi-domain reports, 14 Form 1040 bundles, 8 automotive valuations, and 12 scan-
degraded re-captures.

Real families include financial-KPI documents—earnings decks, annual-report extracts, and press releases—scored
against a master KPI schema that requires canonical-occurrence selection and GAAP/non-GAAP reconciliation. Other
examples are SEFA single-audit schedules with hierarchical headers, SEC N-PORT holdings with nested detail, IRS
Schedule I grant tables with multi-line addresses across pages, GSA labor-rate schedules with isolated pivots, merged
brokerage/1099 statements that require classification, and auto total-loss valuations with a bookout matrix and option
grid. Synthetic re-renders add clinical protocol-deviation logs with per-entry timestamped comment threads (deep
nesting) and county audit lists whose record blocks reconcile to multiple rollup levels. The Form 1040 bundles that
land here are the benchmark’s largest schemas, carrying optional schedules and absent sub-forms that must come back
null.

A.2.3 Long Documents (>50 pages)

20 documents, 1,816 pages: 17 multi-domain filings and registers, and 3 scan-degraded re-captures.

Real documents include an SEC 13F information table (3,063 holdings rows), a government CLIN schedule (62
pages, sparse fields in narrative plus base-versus-modification deduplication), an SF1449 solicitation (95 pages, line
items leaking across page breaks), and a DD1155 schedule continuation (56 pages, sparse fields plus handwritten
signatures). Synthetic re-renders include a bankruptcy creditor matrix (8,624 street-address blocks, packed cells at
scale), an unclaimed-property list (26,725 rows, the benchmark’s extreme truncation stress), and a rotated-landscape
clinical adverse-event listing (163 pages), all with exact page and word-level box evidence by construction.

A.3 Annotation Methodology in Detail

This appendix gives the complete procedures for the three ground-truth methods in Section 2.3.

Evidence lists. Ground truth records each field as an evidence list: the expected value, any alternate defensible
readings, and for each reading a source page and, where reviewed, a word-level box. Scoring accepts a prediction
matching any listed reading (OR-acceptance), and every expected record still counts against recall. A field’s evidence
list holds more than one entry in two cases: a value can be cited from several places (a drug name that appears in
the title, the indications paragraph, and a dosage table), or a genuinely ambiguous field has more than one defensible
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reading, each carrying its own box. The annotator ratifies the list, and OR-acceptance scores predictions against it
(Section 2.4).

A.3.1 Real Documents

Pipeline. For each document family the workflow is as follows. (1) Collect representative PDFs for the family
(invoices, remittance advice, KPI reports, ...) and confirm membership. (2) Draft or refine the schema. Every
field description carries aliases, format requirements, location hints, and do-not-confuse guidance. (3) Run multiple
extraction systems from different model and pipeline families against the same schema. A smaller cross-extract trio
drives the schema-discovery loop, and a broader ensemble drives verification. (4) Compare outputs cell by cell,
aligning repeated rows by a declared identity key (invoice line ID, claim number, VIN, check number) rather than by
list position. (5) Classify each disagreement as schema ambiguity, model failure, or unresolvable. (6) Build candidate
ground truth only from agreed or verified cells, blocking cells that remain schema-ambiguous. (7) Re-score cached
extraction outputs against the candidate ground truth before promoting it. (8) Human check and fix: An annotator
takes the cells the models disagreed on and the ones the coding agent could not settle from the page itself, checks each
against the PDF, and fixes the value before the family ships.

Two operating modes. The same machinery serves both: schema discovery creates a new family, and ground-truth
review audits an existing one by hunting cells where many pipelines fail against the current truth, verifying them
against the source PDF, and patching a copied dataset.

A.3.2 Synthetic Long Lists

Pipeline. (1) Choose a real long-list layout pattern (repeated rows, sectioned registers, continuation pages, totals,
nested records); the layout may be a fund schedule, a holdings register, or a creditor matrix sampled from real tem-
plates. (2) Build the full structured content first (records, fields, nulls, totals, hierarchy, normalization rules). (3) Ren-
der the content into a realistic PDF in that pattern. (4) Paginate by measurement: rendered blocks are measured and
packed into pages by actual size, so a long record takes more space, a heading stays attached to its item, and no page
stops early. Fixed rows-per-page pagination creates artificial page breaks and wrong source-page labels. (5) Derive
ground truth from the render: locate every record and field in the final PDF and assign source pages, quotes, and word-
level boxes from what is actually visible. (6) Validate consistency across PDF, expected JSON, schema, evidence,
page references, and boxes. (7) Audit semantically by running several extraction systems and inspecting aggregated
disagreements for schema or generation defects that mechanical checks cannot see.

A.3.3 Scanned Forms

Five stages. (0) Corpus: Select documents per form type. (1) Schema (agent-only): Draft from the blank form
template, check the fit against real scans, tighten over a small refinement loop, and freeze before any document is
labeled. A schema revision after aggregation begins requires a version bump and targeted re-review, never silent
reinterpretation of old votes. (2) Aggregate and adjudicate: An ensemble of up to five systems votes per schema
leaf and contested leaves go to adjudication against the rendered page. (3) Human review: An annotator reviews the
proposed value and box for each field, then accepts, edits, nulls, or redraws it. (4) Post-QA: The reviewed ground truth
is evaluated against the same systems again to identify remaining inconsistencies.

Value consensus. Because the schema is frozen, every pipeline answers the identical question per leaf. Omitting a
path is a null vote, not an abstention. Votes are normalized by the field’s comparator (case, whitespace, date, boolean)
before grouping, and array rows align across pipelines by declared identity key, never list position. Each leaf lands in
a tier: unanimous, majority, split (plurality proposal, queued for adjudication), or all-null. A null majority over a real
minority value is also queued, since the ensemble is built to catch silent field loss. The ensemble draws on models
from several independent families, so no one system decides a value on its own. Adjudication load scales with the size
of the schema: small forms converge with no adjudicated fields at all, while the largest need a handful per document.
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Adjudication rules. The adjudicator must inspect the rendered page before ruling. Checkboxes are two-state wher-
ever their page is in the filing: the verdict is true (a mark is present) or false (no mark, including when the box is
not printed on this copy), and a false verdict needs no supporting quote since there is nothing on the page to cite. A
checkbox on a page the filing does not include is null.

One-source boxes. Value votes benefit from redundancy, but agreement among predicted boxes does not verify the
cited location. Bounding boxes are never merged across systems. Each field’s box comes from a single citation-
emitting pipeline in the pool. A field with a nullish value needs no box, and a field with no valid citation is handed to
the annotator to draw.

A.3.4 Scan-Degraded Re-Captures

38 documents are degraded re-captures from the sources above. Their expected values stay the same, so the difference
between clean and degraded scores measures the effect of capture degradation. This slice is also what populates the
P1 rotated / image-only tag of Table 4: each document appears twice, clean and degraded, under the same schema and
the same expected values, so only the capture differs.

Pipeline. Each of the 38 documents (30 real and 8 synthetic) is rendered to page images, slightly rotated, given a
slight perspective shift, and passed through one scan recipe from a fixed library. The recipes include photocopier and
carbon-copy tone curves, fax thresholding, sensor and speckle noise, phone-camera capture, aging and bleed-through,
low-resolution resampling, dust, and shadowed copying. Each document’s recipe and seed are recorded, so it can be
regenerated byte-for-byte. Recipes that warp the page non-rigidly (creases, book curvature, elastic deformation) are
excluded, because their effect on a word box cannot be written down in closed form.

Ground truth. Values, schema, and tags are copied from the clean document unchanged. Boxes are stored normal-
ized to the page, which makes them invariant to every photometric effect and to uniform rescaling, so only the rotation
and perspective steps move them; those are applied to the box corners in closed form.

A.4 Full Capability Comparison

The capability summary of the introduction merges related taxonomy tags into single rows. The matrix below scores
every tag separately, using the tags defined in Section A.l1. Benchmark columns are grouped by task specification:
schema-guided extraction supplies the target schema at evaluation time, whereas fixed-ontology benchmarks predefine
the labels. A filled circle denotes covered and scored, a hollow circle partial or incidental coverage, and a blank
absence. Each mark is verified against the benchmark’s primary source. Legacy KIE combines FUNSD, SROIE,
CORD, and XFUND. Table 1 gives the main-text summary, including domain breadth and measured cost.
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Schema-guided Fixed ontology
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T1: long-list completeness
T1.a single long table . . . . o o
T1.b cross-page continuation ° o . . o
T1.c repeated complex region ° o o . .
T1.d pivoted / matrix ° o
T1.e packed / multi-row cell ° o o
T2: needle-in-haystack
T2.a sparse in narrative ° o o . . .
T2.b paraphrased match ° o . . °
T2.c dedup across modalities ° o
T2.d cross-ref / reconciliation ° o o o
T3: dense documents
T3.a dense form ° o ° o
T3.b receipt / invoice °
T3.c classify then extract ° o
T3.d filer-reviewer separation °
Perception challenges
P1 rotated / image-only ° o o o
P2 scanned o o
P3 handwriting ° o
Table structure
S1 merged headers ° o o o
S2 header not at top / pivoted ° o
S3 cross-page table ° . o o ° o o
S4 enormous table ° °
SS table within a cell ° .
Grounding & output trust
G1 value-level box ° . ) o
G2 1:N cardinality ° . . ° o .
G3 deep nesting ° o o
G4 checkbox / boolean box °

e =covered and scored o = partial or incidental

blank = absent.

Table 7: Full comparison of benchmark task specification and capability coverage.
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B Metric Details

This appendix gives the exact matching, normalization, and aggregation rules behind the unified value F1 of Sec-
tion 2.4. Scoring is fully deterministic: the same predictions and ground truth always produce the same score, with no
model in the loop.

B.1 Cell Matching and Normalization
Two cells are compared under the following rules, in order; the first rule that applies decides.

1. Date canonicalization. Before any comparison, every string on either side that matches one of eight common date
formats (2019-03-28,3/28/2019,3/28/19,3-28-2019,March 28, 2019, Thursday March 28
2019, 28 March 2019, and hyphenated variants) is rewritten to ISO YYYY-MM-DD. Guards keep non-dates
intact: candidates shorter than 4 or longer than 50 characters, all-digit strings, strings containing a run of ten or
more digits, and parses outside 1900-2100 pass through unchanged.

2. Long-list comparability. So that our long-list numbers can be read against Extend’s LongArray benchmark, we
adopt its public reference scorer verbatim, including the two free-text fields it compares by edit-distance ratio
rather than exactly [9]. No other field in the benchmark uses fuzzy matching.

3. Strings. Whitespace runs collapse to single spaces and outer whitespace is trimmed; the comparison is then exact
and case-sensitive. There is no punctuation stripping, unicode folding, or currency/thousands handling.

4. Everything else. Plain equality. Numbers carry no tolerance, and a number never equals its string rendering
("1,000"™ #£ 1000). A list of scalars inside a record compares as one opaque, order-sensitive value; order-
invariance applies to records, not to scalar lists.

Two acceptance layers apply after exact matching. Both are declared in the ground truth before scoring and applied
identically to every system. First, a scanned-form field can declare opt-in leniencies where the printed template makes
one strict reading unfair (Table 8). Second, by OR-acceptance over the evidence list (Section A.3), a prediction is
correct when it matches the expected value or any recorded alternate reading.

Leniency Rule

null_equals_false a blank checkbox may read as false or as null
case_insensitive casefolded comparison (typewriter and stamp case)
optional_terminal_punctuation one trailing . , ; : isignored on each side
punctuation_spacing whitespace around . , ; : is insignificant

phone_digits phone numbers compare by their last ten digits

lenient_date split preprinted years rejoin (“19 55”), two-digit years try both centuries

Table 8: Opt-in, per-field leniencies for scanned forms. Each is declared in the ground truth for specific fields and
applies only after the exact match misses, so a leniency can never turn a passing cell into a failure.

B.2 Missing-Value Semantics

Every scalar field of the schema enters both the precision and the recall denominator, and a key absent from the output
is scored identically to an explicit null. Table 9 lists every case. Two consequences follow: a hallucinated value on a
blank field costs both precision and recall (the cell sits in both denominators), and correctly returning null for a blank
field is credited, so a system cannot be hurt by faithful nulls.

22



Expected Predicted Outcome

value matching value correct (counts toward P and R)

value different value miss in both P and R

value null or key omitted miss in both P and R

null null or key omitted correct (counts toward P and R)

null value miss in both P and R (hallucination)
records fewer records each missing record’s cells miss in R only
records extra / duplicated records each extra record’s cells miss in P only
null or [] [] or null no cells contributed

Table 9: Scoring outcome for every (expected, predicted) state. Scalar cells are symmetric between precision and
recall; only repeated records move the two sides apart, which is what makes the precision—recall split of Section D.1
a truncation diagnostic.

B.3 Array Alignment

Records pair by a globally optimal one-to-one assignment (Linear_sum_assignment, the Hungarian family)
whose cost between an expected and a predicted record is the number of mismatched declared subfield cells; minimiz-
ing total cost is equivalent to maximizing total field agreement over the array. The assignment is not greedy, consults
no identity keys, and record order never affects the value score. Rows whose cells match exactly are pre-paired by a
hash join as a provably score-preserving fast path. Duplicated predictions pair at most once; the surplus copies count
only against precision. A record subfield that is itself a list of records recurses with an independent assignment per
matched pair.

B.4 Aggregation and Grounding

The per-document score is micro precision/recall/F1 over the document’s cell bag; slice and overall scores are un-
weighted means of per-document values, so a document with more fields does not weigh more, and a slice’s mean F1
is not the harmonic mean of its mean P and R. A document a system fails to return, whether it rejects the schema,
errors, or returns no JSON object, scores zero rather than being dropped, so every system is averaged over the same
document set and a refusal is penalized like any other miss.

Grounding metrics gate on value correctness: a cell is grounded-correct when its value is accepted and a predicted
citation box overlaps any evidence box for that field at IoU > 0.5 on the correct page. The grounding precision denom-
inator counts only gradeable claims (citations on cells aligned to box-bearing ground truth), the recall denominator
counts ground-truth cells that carry a verified box, and documents with no verified boxes emit no grounding score at
all rather than zero. Page-level evidence replaces the box test with page membership. For each document on which all
three metrics are defined, unified value F1 > page F1 > word-level grounding F1.
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C Evaluation Protocol

This section documents the prompts, configurations, and cost rules underlying the evaluation in the main text. Sec-
tion C.1 specifies how each system is run, while Section C.2 records the cost-accounting rules and provider rates.

C.1 System Configuration

This subsection records the exact prompts and consequential configurations underlying the evaluation setup in Sec-
tion 3.1. The accompanying benchmark release contains the complete integrations and provider-specific options.

VLM APIs. GPT-5.4 Nano and Gemini 3.5 Flash receive the document and the same benchmark prompts.

System prompt. “You are extracting structured data from a document according to the provided JSON schema. Return
only the JSON that matches the schema. Use null for fields not present in the document. When the schema includes a
list field, populate every relevant row visible in the document — do not return an empty list when rows are present.”

User prompt. “Extract every field from the attached document according to the schema. Return JSON only. Use null
for fields not present in the document. Whenever the schema declares a list field, enumerate every row visible in the
document — do not collapse rows or return an empty list when rows are present.”

GPT-5.4 Nano uses the OpenAl Responses API with the target schema supplied as text . format=json_schema
and strict=false. Gemini 3.5 Flash uses response_json_schema with temperature zero and low thinking.
For GPT, the harness recursively sets additionalProperties=false; for Gemini, it also promotes repeated-
record nodes into ordinary JSON-Schema properties. These mechanical transformations do not change the requested
fields or descriptions.

Self-hosted VLMs. Lift 9B passes the task schema through the official Lift SDK to vVLLM guided-JSON decoding.
Qwen3.6 35B-A3B uses VLLM’s json_schema response format with xgrammar-guided decoding. NuExtract3
receives a mechanical conversion of the task schema into its native extraction-template format rather than a generic
JSON-Schema constraint. Gemma4 26B receives the schema in the prompt and uses vVLLM’s json_object mode,
which enforces valid JSON but not the complete schema. Qwen3.6 35B-A3B and Gemma4 use the benchmark prompts
above; Lift and NuExtract3 use their model-native interfaces.

Coding agents. Claude Code Opus 4.8 and Codex GPT-5.5 run through their vendor CLIs in isolated working
directories containing the staged document and target schema. Both may use local computation, are instructed to rely
only on the provided materials, and have a 1,200-second per-document timeout. Codex uses low reasoning effort.

The shared task prompt below is quoted verbatim; [DOCUMENT] and [SCHEMA] mark the staged filename and
full task schema inserted for each example.

Shared Claude Code and Codex task prompt. “Extract structured data from the document file ‘./[DOCUMENT]’ in
the current directory.

Use only local file inspection and shell commands. Do not use web search, network calls, browser tools, or external
services. Temporary scratch files inside the current directory are OK.
Return a single JSON object conforming to this schema as your final answer:

[SCHEMA]

Rules:

- Use null for fields not present in the document.

- For list/array fields, enumerate every relevant row visible in the document; never collapse rows.

- For large regular tables, prefer writing and running a local script to parse/enumerate rows.

- For forms, prefer direct field extraction from the document content.

- Write the resulting JSON object to .Joutput.json and validate that it is valid JSON before stopping.

- Do not print the JSON to your assistant output.”
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Specialized extraction APIs. Specialized extraction systems receive the same document and schema without a
benchmark-specific prompt. LlamaExtract Cost-Effective and Agentic use their matching parse tiers, explicit parse-
first execution, source citations, and word-level bounding boxes; Agentic Plus uses per-document extraction with
source citations and confidence scores. Reducto Deep Extract runs with citations and deep extraction enabled. Ex-
tend Max Context uses the extraction_performance processor with citations, advanced figure parsing, and
large_array_max_context. Datalab uses Accurate Parse, Balanced Extract, and JSON output.

C.2 Cost Accounting and Pricing

This appendix records the list prices used to reconstruct commercial-system costs in Section 3.2. We apply the public
pay-as-you-go or standard-tier rates available as of July 1, 2026 to recorded or reconstructed token, credit, or page
usage. Volume, committed-use, and enterprise discounts are not included.

Open-weight pipelines that we self-host (Lift 9B [7], NuExtract3 [27], Qwen3.6 35B-A3B [34], and Gemma4
26B [14]) have no vendor API price and are omitted. The ¢/page figures in Section 3.2 are calculated from the token,
credit, or page consumption of the benchmark runs. Because provider pricing can depend on observed usage, these
measured costs may differ from a headline per-page rate.
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Token-metered systems.

for the same text [3].

Table 10 reports the token rates used for the VLM API and coding-agent runs. Codex
GPT-5.5 is priced at the GPT-5.5 rates and Claude Code Opus 4.8 at the Opus 4.8 rates. OpenAl applies a 2x input
and 1.5x output surcharge above 272K input tokens [31]. Anthropic’s Opus 4.7+ tokenizer emits ~30% more tokens

Model Input Cached Output
OpenAl [32]

GPT-5.4 Nano 0.20 0.02 1.25

GPT-5.5 5.00 0.50 30.00
Google [15]

Gemini 3.5 Flash 1.50 0.15 9.00
Anthropic [3]

Opus 4.8 5.00 0.50 25.00

Table 10: Token-metered list prices in USD per one million tokens, using the standard real-time tier. “Cached” denotes

cache-hit input.

Managed document extraction APIs.

These APIs typically separate document extraction into two stages: (1) pars-

ing (i.e. transcribing) the document into a machine-readable representation, and (2) extracting the target fields from
that representation. Table 11 reports the corresponding parse and extract charges.

. Parse Extract

System ¢leredit credits/page credits/page ¢/page
LlamaExtract [24, 25]

Cost-Effective 0.125 3 5 1

Agentic 0.125 10 15 3.1

Agentic Plus 0.125 10 50 7.5
Reducto 35, 37]

Deep Extract 1.5 1-2 max(30, 4p 4+ 0.1f) credits/document variable
Extend [11]

Max Context 1.25 2 6 10
Datalab [6, 8]

A+B 1 1.0 2.5 35

Table 11: Page- and credit-metered list prices. Here, p is the number of pages and f the number of returned fields.

The provider-specific pricing rules are:

» LlamaExtract Agentic Plus. For large schemas, Llamalndex applies a schema-size multiplier to the 50-credit extract

rate [25].

* Reducto Deep Extract. Reducto charges max(30, 4p + 0.1f) extract credits per document, plus 1-2 parse cred-
its/page. At the lower parse rate, a one-page document costs at least 31 credits, or 46.5 ¢.

» Extend Max Context. Extend’s published base rate is 3 extract credits/page plus 2 parse credits/page [11]. Its
large_array_max_context strategy makes multiple passes at approximately twice the extract credits [10];
accordingly, we double the extract component and leave the parse component unchanged.

* Datalab A+B. Datalab prices parse and extract directly in cents/page. To present both components in the same
columns, we treat 1 ¢ as one credit.
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D Detailed Results

Using the same document-level aggregation and cost accounting as the main text, this section extends the headline
results in three directions. Section D.1 examines quality, cost, precision, and recall across document lengths; Sec-
tion D.2 isolates fine-grained task failures; and Section D.3 compares quality—cost scaling within commercial model
families.

D.1 Document-Length Analysis

Quality and Cost. Figure 7 decomposes the overall quality—cost tradeoff of Section 3.2 by document length. Each
panel pairs unified value F1 with mean per-page cost over the documents in that length slice. Table 12 provides the
exact costs.

On short and medium documents, the same progression defines the frontier: GPT-5.4 Nano anchors the lowest-cost
end, followed by LlamaExtract Cost-Effective, Agentic, and Agentic Plus as quality and cost increase. Agentic Plus
remains the high-quality endpoint while costing less than the coding agents and the most expensive specialized APIs.

Long documents reshape the tradeoff. The token-metered VLMs and coding agents cost substantially less per page
on L3 than on L1, consistent with per-document overhead being spread across more pages. Their quality does not
scale uniformly, however: the one-shot VLMs degrade sharply, and Codex also loses ground. Claude preserves more
of its short-document quality and becomes a competitive intermediate point, while Agentic Plus continues to anchor
the high-quality end. Reducto also remains accurate on long documents, but at a substantially higher per-page cost.

Together, the panels separate two notions of scaling. A system can become cheaper per page as documents grow
while extracting a smaller fraction of the requested records; robust long-document extraction requires both favorable
cost scaling and stable quality.
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Figure 7: Unified value F1 versus measured per-page cost by document length (L1/L2/L3). Systems without a mea-
sured cost on a slice are omitted. The four OSS pipelines are open-weight and self-hosted.
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System Overall L1: short L2: medium L3: long
Specialized APIs

LlamaExtract Agentic Plus 8.1 8.3 7.7 7.5
LlamaExtract Agentic 3.1 3.1 3.1 3.1
LlamaExtract Cost-Effective 1.0 1.0 1.0 1.0
Datalab (Accurate + Balanced) 3.5 3.5 3.5 3.5
Extend (Max Context) 10.0 10.0 10.0 10.0
Reducto Deep Extract 344 38.0 23.1 50.6
Coding Agents
Codex 5.5 27.8 35.8 12.1 43
Claude Code (Opus 4.8) 16.2 21.4 8.2 34
Commercial VLM
GPT-5.4 Nano 0.21 0.25 0.12 0.05
Gemini 3.5 Flash 1.0 1.2 0.69 0.24

Table 12: Mean document-level cost per page (¢/page), overall and by document length. Each column pools the
documents in that slice; Overall pools all scored documents. Flat page-priced systems repeat their list price, while
token- and credit-metered systems use recorded or reconstructed consumption (Section C.2). The four self-hosted
OSS pipelines have no comparable vendor price and are omitted.

Precision and Recall. Precision and recall expose different failures hidden by F1: missing records lower recall,
while duplicated or hallucinated records lower precision. Table 13 reports both and the signed gap A = P — R by
document length. The large positive L3 gaps for the commercial VLMs show that returned values are often correct but
many requested records are missing.

Overall L1 L2 L3
System P R A P R A P R A P R A
Specialized APIs
LlamaExtract Agentic Plus 958 954 04 96.6 96.5 0.1 94.0 928 12 943 945 -0.2
LlamaExtract Agentic 904 89.7 0.7 914 928 -14 894 843 51 825 772 53

LlamaExtract Cost-Effective 892 86.1 3.1 912 9.6 06 855 792 63 80.7 634 173
Datalab (Accurate + Balanced) 64.7 64.5 0.2 63.1 629 02 739 73.6 03 405 405 0.0

Extend (Max Context) 86.0 86.8 -0.8 92.0 919 0.1 774 809 -35 512 515 -03

Reducto Deep Extract 90.5 90.5 0.0 94.1 944 -03 80.8 802 0.6 92.0 92.1 -0.1
Coding Agents

Codex 5.5 953 932 2.1 960 955 05 93.6 902 34 940 786 154

Claude Code (Opus 4.8) 874 87.1 03 902 902 0.0 798 789 09 894 875 1.9
oSS

Gemma4 26B 67.0 66.0 1.0 81.2 802 1.0 416 406 1.0 125 119 0.6

Qwen3.6 35B 889 872 1.7 932 933 -0.1 855 843 12 51.0 257 253

NuExtract3 642 450 19.2 66.5 51.0 155 61.2 374 238 50.1 5.8 443

Lift 9B 788 772 16 874 872 02 651 624 27 374 242 132
Commercial VLM

GPT-5.4 Nano 77.8 751 27 774 782 -0.8 803 755 4.8 712 337 375

Gemini 3.5 Flash 845 795 50 882 877 0.5 751 693 58 837 265 572

Table 13: Value precision (P), recall (R), and signed gap A = P — R (percentage points), overall and by document
length. Positive A means recall trails precision. Overall weights slices by scored-document count; L.1/L.2/L.3 denote
<10, 11-50, and >50 pages. Entries are per-document means, so mean F1 is not implied by mean P and R. Bold and
underline mark the top two P and R values; red shading marks gaps above 5/15/25 points (darker means larger).

D.2 Task-Challenge Analysis

Table 14 decomposes the three task-challenge families reported in Table 2 into their individual sub-tags. Because
these slices can overlap in documents, the rows should be interpreted individually rather than averaged. The shading
highlights where a system falls below its own overall score, making it possible to distinguish broad weaknesses from
failures concentrated in a particular subtype.
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Challenge sub-tag N~ NN RO DO O 2 &8 O O
Overall 95.6 89.5 86.8 64.5 86.3 90.4 93.6 87.1 662 873 479 773 749 79.8

T1: Long-list completeness

T1.a: single long table 97.5 874 83.8 78.0 85.6 92.4 95.1 475 74.8 359 66.7 72.6 744

96.0
T1.b: cross-page continuation 95.8 84.3 79.0 78.5 85.1 94.4 89.4 92.540.5 73.8 37.6 64.5 723 73.6
T1.c: repeated complex region 93.9 76.2 754 84.2 88.3 92.7 84.1 91.6 554 843 344 72.8 62.2 872
T1.d: pivoted / matrix 95.0 86.1 87.2 84.4 914 953 949 943 63.0 89.6 209 764 77.7 88.4
T1.e: packed / multi-row cell 97.2 87.3 782 71.7 759 954 86.8 93.9 37.1 56.6 50.1 51.3 67.3 53.4

T2: Needle-in-haystack

T2.a: sparse in narrative 95.9 929 88.8 79.5 937 935 94.6 90.2 67.0 92.5 18.1 87.5 83.5 89.9
T2.b: paraphrased match 90.3 87.7 80.7 51.1 84.2 90.8 86.6 85.0 62.7 86.2 44.8 789 79.5 93.0
T2.c: dedup across modalities 94.8 86.4 84.8 86.8 87.6 92.0 90.2 77.8 834 824 6.6 763 81.8 91.0
T2.d: cross-ref / reconciliation 92.2 85.5 78.2 70.3 88.2 91.8 89.9 88.5 60.5 80.8 29.6 72.1 68.0 86.6

T3: Dense documents
T3.a: dense form 95.4 92.1 90.3 53.1 84.6 86.5 95.1 81.1 76.0 93.2 59.0 82.3 75.8 78.8

T3.b: receipt / invoice 97.4 92.7 950 65.5 96.8 97.2 98.2 99.2 89.7 97.1 64.8 92.5 83.8 97.1
T3.c: classify then extract 96.5 90.8 749 75.0 93.4 955 97.5 76.7 523 662 54 688 72.7 97.2
T3.d: filer-reviewer separation 85.1 82.2 829 504 91.6 85.1 89.5 0.0 75.8 87.6 74.8 82.2 71.5| 0.0

Table 14: Unified value F1 (%) for every challenge sub-tag, with the same system columns as Table 2. Within each
row, bold and underlined mark the highest and second-highest scores. Red shading marks drops of more than 5/15/25
points from each system’s overall score (darker means larger). Sub-tag slices overlap in documents; the task-challenge
rows of Table 2 score each challenge’s document union instead of averaging these rows.

Long-list completeness. Long-list extraction produces the clearest sustained separation between systems. LlamaEx-
tract Agentic Plus and Reducto Deep Extract remain strong across both regular long tables and more difficult packed
or multi-row layouts, whereas several other systems degrade as the row structure becomes less regular. The contrast
across the T1 sub-tags suggests that the central difficulty is not simply locating individual values, but preserving record
boundaries and associating cells correctly across continuations, repeated regions, and compact layouts.

Needle-in-haystack. The T2 results are less uniform because the sub-tags test different retrieval behaviors. Sparse
narrative retrieval is broadly tractable for the strongest systems, while paraphrased matching, cross-modal dedupli-
cation, and reconciliation change the system ordering. In particular, Gemini leads on T2.b, whereas LlamaExtract
Agentic Plus and Reducto are strongest on T2.c and T2.d. The family-level score therefore conceals meaningful
differences between locating a mention, recognizing a paraphrase, and selecting a canonical value.

Dense documents. Dense-document performance likewise depends on the underlying structure. Receipt and invoice
extraction is strong across most systems, but classify-then-extract and filer-reviewer separation produce much wider
dispersion. These rows show that density alone is not the determining factor: the interaction between document
structure and the required extraction operation matters more than the number of visible values.

Pipeline failures on large schemas. The widest gaps in Table 14 are not gradual. On T3.d — the 13 reviewed W-14
filings, whose twin schema asks for the filer value and the reviewer annotation as separate fields — Claude Code Opus
4.8 and Gemini 3.5 Flash both score 0.0 while the other twelve systems all score above 50. The same two systems
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return nothing on the Form 1040 bundles, which carry the largest schemas in the benchmark. These are end-to-end
failures rather than graded perception or completeness errors: on these schemas the two pipelines return no output,
and a missing document scores zero as it does everywhere else in the benchmark. Because both cases also use large
schemas, a controlled sweep would be needed to determine whether schema size itself causes the failures.

D.3 Quality—Cost Scaling Within Model Families

We compare nine one-shot commercial VLM configurations: basic, medium, and flagship models from the GPT,
Gemini, and Claude families. Every configuration receives the same document and target schema, and overall unified
value F1 is pooled over the same 370-document benchmark. Figure 8 plots that quality against measured extraction
cost per page; within each family, the line connects the three model tiers in increasing order.

Failure rates. A failed or rejected document remains in the evaluation denominator and contributes zero F1, so
the comparison measures end-to-end robustness as well as the quality of successful outputs. GPT and Gemini have
scored entries for all 370 documents, whereas every Claude tier rejects the Automotive and K-1 schemas before
producing a model response. These 33 rejections (8.9% of the pool) score zero and, because no response is produced,
also contribute zero measured extraction cost. Rejection alone does not explain Claude’s gap: restricted to the 337
completed documents, Haiku 4.5, Sonnet 4.6, and Opus 4.8 still reach only 32.9, 34.6, and 33.0 F1, respectively.

Quality and cost scaling. Scaling behavior differs sharply by family. GPT is the only family with monotonic quality
gains: GPT-5.4 Nano, GPT-5.4 Mini, and GPT-5.5 score 74.9, 85.2, and 88.7 F1 at 0.21, 0.72, and 6.86 ¢ per page.
Most of the gain therefore comes from Nano to Mini; moving from Mini to GPT-5.5 costs nearly ten times as much for
another 3.5 F1 points. Gemini remains essentially flat as cost rises, moving from 79.6 F1 at 0.17 ¢ per page for Flash
Lite to 79.8 at 1.00 ¢ for Flash and 78.2 at 3.83 ¢ for Pro. Claude is similarly non-monotonic: Haiku, Sonnet, and Opus
score 29.9, 31.5, and 30.1 F1 as cost rises from 0.80 to 2.40 to 4.89 ¢ per page. Within these nine configurations, the
quality—cost frontier is therefore Gemini 3.1 Flash Lite, GPT-5.4 Mini, and GPT-5.5: model tier alone does not predict
extraction quality, and the best operating point depends on the desired cost—quality tradeoff.
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Figure 8: Within-family quality—cost scaling for basic, medium, and flagship models from GPT, Gemini, and Claude.

Lines connect the three tiers within each family. Quality is pooled over the full 370-document benchmark; rejected
documents score zero, while rejections that produce no model response contribute zero measured extraction cost.
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