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Abstract

Business PDFs can contain hundreds or thousands of target records, while most doc-
ument benchmarks emphasize short forms or modest tables. LongListBench measures
complete document-to-list extraction across 14 auditable layout, record-assembly, scale,
and OCR stressors. It contains 32 synthetic PDFs, 29,599 target records, JSON ground
truth, per-document stressor metadata, and OCR transcripts. Four repository-isolated
coding-agent configurations are evaluated on the same transcripts. GPT-5.6-Sol and
Claude Fable 5 recover 97.9% and 95.1% of records exactly, but reproduce only 8 and 9
of 32 complete document lists. Exact recall is 93.8% and 84.0% on structural challenges
versus 99.5% for both on scale controls; secondary field-pair F1 is 99.4% and 96.8%.
Heterogeneous policy records separate the systems most sharply, at 73.3% and 14.6%
exact recall. All visible content is synthetic; private documents informed structure
only.

1 Introduction
Long-list entity extraction recovers hundreds or thousands of repeated records from semi-
structured documents. It is common in insurance, finance, logistics, and procurement, but
remains difficult to measure. A system may extract the first page correctly while dropping
middle records, merging neighboring rows, or losing inherited context later in the document.

Established benchmarks such as FUNSD [1], SROIE [2], and CORD [3] emphasize key-
value fields or short forms. DocVQA [4] and MP-DocVQA [5] test multi-page reasoning,
but not exhaustive recovery of large repeated lists. DocILE [6] and VRDU [7] include
richer business documents, yet production extraction also encounters dense exports, repeated
headers, OCR artifacts, split records, and fields distributed across distant packet sections.
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LongListBench is designed to measure these failures. For each PDF, a system must re-
construct the entire target list under a declared output schema. The current release contains
32 single-PDF instances and 29,599 target records. It combines high-density scale controls
with cross-section joins, long-range evidence, distractors, and heterogeneous policy records.
All names, identifiers, values, and visible prose are synthetic; private documents were used
only to study recurring layout and packet structure.

The release makes three contributions:

• A public corpus organized by 14 per-document stressor labels.

• Auditable artifacts for every instance: PDF, HTML source, OCR transcript, JSON
ground truth, and per-document metadata.

• Strict record and document completeness metrics, secondary field diagnostics, report
regeneration, and reference extraction protocols.

LongListBench is designed as a benchmark for measuring extraction systems under realis-
tic long-list document conditions. Results should identify the input condition and extraction
protocol and report strict completeness by evaluation role, document family, and stressor
rather than relying on one partial-credit aggregate.

2 Related Work
Research on information extraction (IE) from visually rich documents has produced a broad
ecosystem of datasets and models. However, much of the public evaluation landscape em-
phasizes either short documents (e.g., forms) or key-value extraction, leaving long-list entity
extraction underexplored.

2.1 Document IE benchmarks
Early and widely used benchmarks such as FUNSD [1] focus on form understanding in noisy
scans. Receipt datasets such as SROIE [2] and CORD [3] emphasize OCR, key fields, and
relatively short item structures in narrow document types. These benchmarks are valuable,
but typically contain relatively short documents and do not directly stress long lists of
repeated entities.

DocILE [6] broadens the scope to business documents and includes line-item recognition,
which is closer in spirit to long-list extraction. Document question answering benchmarks
such as DocVQA [4] and MP-DocVQA [5] show that reasoning over document pages, espe-
cially multi-page documents, remains difficult; however, they evaluate question answering
rather than recovery of full repeated record sets. VRDU [7] further argues that hierarchi-
cal and repeated fields (e.g., invoice line items) remain difficult for LLM-based extraction.
More recent parsing-oriented benchmarks such as OmniDocBench [8] expand coverage across
diverse PDF document types and evaluation tasks, but their primary emphasis is broad doc-
ument parsing rather than repeated-entity extraction under long-list stressors.

Two concurrent industry benchmarks are especially close to our setting. LongArray-
Extract [9] releases 45 synthetic PDFs with 29,328 target rows across clinical, financial, and
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legal documents. It isolates complete extraction of one long array and measures output-scale
failures such as dropped or truncated rows. LongListBench provides per-document labels
for 14 cross-cutting stressors in insurance and trucking documents.

LongExtractionBench [10], commissioned by Reducto and published by micro1, evaluates
seven extraction systems on 225 long public documents and releases a 50-document inspection
subset. It emphasizes completion rate, recall, failure modes, and latency across direct models
and dedicated extraction platforms. LongListBench instead releases its full synthetic corpus,
ground truth, OCR condition, stressor metadata, saved baseline predictions, and scorer for
reproducible method development.

Our benchmark complements these efforts by making long-list failure conditions explicit,
auditable in rendered pages, and available as per-document evaluation slices.

2.2 Document understanding models
Layout-aware pretraining approaches such as LayoutLM [11] and LayoutLMv3 [12] jointly
model textual content, document structure, and visual signals, yielding strong performance
on a range of document understanding tasks. In parallel, OCR-free approaches such as
Donut [13] avoid explicit OCR by directly generating structured outputs from document
images, mitigating OCR error propagation at the cost of specialized training. More recent
layout-aware LLM and MLLM systems such as DocLLM [14] and DocLayLLM [15] push
document understanding toward instruction-following, generative extraction, and richer mul-
timodal reasoning.

In contrast, our work is model-agnostic: we provide rendered PDFs, OCR transcripts,
and ground truth, enabling evaluation of OCR-based pipelines, OCR-free models, and LLM-
based extraction. Our primary goal is to support reproducible measurement of long-list
extraction robustness under realistic layout artifacts and long-range evidence.

3 Benchmark Construction
LongListBench1 is a synthetic benchmark for long-list entity extraction in semi-structured
business documents. Each instance consists of (i) structured JSON ground truth, (ii) ren-
dered HTML and PDF artifacts, (iii) an OCR transcript in Markdown, and (iv) metadata
describing target counts, artifact paths, and evidence patterns.

3.1 Entity schemas
The released corpus contains three broad target families.

Claim incidents. Claim-oriented documents use a loss-run incident schema with claim
identifiers, policy metadata, claimant and driver fields, loss dates, coverage fields, status

1Code, data, and implementation details are available at https://github.com/kaydotai/longlistbe
nch.
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fields, and nested financial breakdowns. These records use strict normalized-record compar-
ison plus field diagnostics, including date normalization, claimant-list sorting, and monetary
rounding.

Policy records. Policy-oriented documents use heterogeneous records for locations, cov-
erages, forms, endorsements, exclusions, rating rows, and premium items. A policy packet
is the contract document issued by an insurer; it combines declarations, covered locations or
classifications, coverage limits and deductibles, rating or premium schedules, required forms,
and endorsements that modify the base policy. The released packets cover Businessowners
Policy (BOP), Workers Compensation (WC), and Commercial General Liability (CGL).

Operations records. The core operations documents contain dense repeated lists from
business operations workflows, including mileage rows, multi-section return rows, tax in-
quiry rows, driver records, vehicle schedule rows, and external loss-run rows. These records
use generic normalized-record comparison rather than being forced into the claim incident
schema.

3.2 Document design and complexity stressors
Private production PDFs were reviewed only to identify recurring structures such as por-
tal exports, spreadsheet schedules, loss-run tables, declarations, forms, endorsements, and
long packet organization. The released documents are production-inspired, not facsimiles of
source packets.
Figure 1 summarizes construction. Human corrections to production extraction surfaced
recurring failure patterns, which engineers translated into seeded generators, family-specific
templates, and the stressor taxonomy catalogued below. Generators write target records
first, render them through HTML templates to PDF, and transcribe page images with vision
OCR. Every visible name, identifier, value, and prose passage is generated. The release fixes
the resulting HTML, PDF, OCR, ground-truth, and metadata artifacts for reproducible
evaluation. The private template tooling used for the current production-like layouts is
intentionally not released, so we do not claim bit-for-bit public regeneration of every PDF.
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Figure 1: Dataset construction. Production failures inform structural templates; seeded
generators write ground truth first, then render synthetic PDFs and OCR transcripts. No
production values are released.

4



The released PDFs include dense tables, wrapped rows, form-like pages, and policy packet
sections rather than only clean spreadsheet exports. The stressors metadata tracks 14
canonical cross-cutting stressors, catalogued below with representative rendered pages. The
45 distinct tokens currently found in stressors also include finer domain and implemen-
tation tags for audit slices; they are not additional canonical categories. We do not print
benchmark labels inside the PDFs; that would make the documents less realistic and could
make extraction easier. Instead, the stressors are visible in the layout and content organiza-
tion, while the exact labels are recorded in sidecar metadata; Table 11 in the appendix maps
every canonical stressor to representative pages for visual audit. Red boxes and labels in the
figures below are annotations added for the paper; the released PDFs do not print them.
page_breaks. Target lists or supporting sections span page boundaries, often with repeated
headers or inherited context. This is pagination pressure rather than an item-level split, and
it is mostly a list-completeness stressor by itself. In Figure 2, a unit’s mileage rows stop
at a page boundary and resume on the next page under a repeated report header and a
“Continued” unit band, so a per-page reader can drop the continuation or emit the repeated
context as new records. The mileage exports apply this pressure at scale across dozens of
pages.

Figure 2: A unit’s jurisdiction rows interrupted by a page break in a mileage export; the
next page repeats the report header and marks the unit section as continued (boxed) before
the rows and the unit total resume.
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split_records. One logical target record has fields distributed across separate visual
blocks, sections, or pages, so the extractor must assemble the item rather than copy one
row. Figure 3 shows two row-level evidence blocks for one target in a multisection IFTA
return. Return headers supply reporting context, Schedule A supplies mileage and gallons,
and a later Jurisdictions table supplies tax fields. The sections order jurisdictions differently:
Alabama is row 01 in Schedule A but row 09 in the Jurisdictions detail, so the extractor
must join by return and jurisdiction rather than copy one row.

(a) The Schedule A distance-and-gallons table of a multisection IFTA return.

(b) The Jurisdictions tax-detail table from a later section of the same packet.

Figure 3: One target record split across sections of the same packet.

cross_section_join and repeated_keys. split_records is the general condition: a
record’s fields do not sit in one contiguous block. The multisection returns in Figure 3
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sharpen it twice. First, the pieces sit in separately labeled sections — the mileage and
gallons in Schedule A, the tax fields in the Jurisdictions section, the reporting period in the
return header — so the extractor must join all three to emit one row (cross_section_join).
Second, the natural join key is ambiguous: the packet contains several returns and every
return lists the same states, so “AL” alone matches many rows across the document, and
joining on the state code mixes values from different returns; the correct key is the pair of
return and jurisdiction (repeated_keys).
multi_row. One logical record includes wrapped notes, descriptions, clause prose, or con-
tinuation rows. In Figure 4, each incident’s description, continuation notes, and ledger lines
print below its main row. A one-row-one-record parser can fragment the target or attach
text to the wrong item. The driver packets show the same pattern as multi-line MVR detail
blocks.

Figure 4: Multi-row record details in an external loss run: the boxed description and con-
tinuation lines belong to the claim row above them.

merged_cells. Some cells span several columns instead of respecting the one-cell-per-
column grid, so a parser that assumes a regular grid misaligns everything after them. The
merges in this release are horizontal (colspan): in Figure 5, a subtotal cell spans the leading
columns of a mileage table and interrupts otherwise regular unit rows. The roll-up is context,
not a target record, so the extractor must skip it without ending the table or emitting it
as a data row. The loss-run tables use the same device for description and total cells that
stretch under several columns. Vertical merges, where one cell applies to several rows, do
not appear in the current corpus.

Figure 5: A merged subtotal row interrupts a mileage table.
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multiple_tables. A single page mixes the target table with other table-shaped content,
so the extractor must select the right table, not only the right rows. In Figure 6, one loss-run
page holds the target incident table, a policy-period total row whose dollar cells sit in the
same columns as claim financials, and a complete second policy section that is an empty
no-claims table with its own header. The totals and the empty section must be consumed
without emitting anything: the total is not a ninth claim, and the correct output for the
empty section is exactly zero records.

Figure 6: One loss-run page with three table-shaped regions: the target incident table, a
boxed policy-period total row, and a boxed empty no-claims section for a second policy.
Only incident rows are targets.

large_doc. Hundreds to thousands of targets, or enough pages to expose truncation and
list-completeness failures. This stressor is a scale property rather than a visible layout
feature: the longest released files reach 133 and 148 pages, and single files reach four-digit
target counts.

ocr_condition and ocr_layout_condition. The released text input is OCR output
from rendered page images rather than the PDF text layer or the HTML source (ocr_
condition), and the transcripts preserve visual spacing and reading order instead of con-
verting tables into clean CSV-style rows (ocr_layout_condition). These are input condi-
tions rather than layout features; Section 3.5 describes the OCR pipeline and how reported
results should state the input condition.
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duplicates. Duplicate handling cuts both ways. The output is scored as a multiset, so if
a document legitimately contained two identical records, both copies would be required; a
blanket “drop duplicates” rule is therefore not safe. The pressure in the current corpus comes
from the opposite direction: near-duplicate restatements that must not be emitted at all.
In Figure 7, summary cards restate claim rows whose detail tables appear later in the same
report, so each claim is one target record, not two, and the policy packets add prior-term
and archived sections with the same shape as current material. The current release contains
no true duplicate target records, so it stresses only the ignore side; pairing both directions
is future work (Section 6).

Figure 7: Summary cards in a loss run restate claim rows whose detail tables appear later
in the same report, creating near-duplicate distractors.

multi_column. Two-column and form-like layouts stress reading order. In Figure 8, a
material-provisions page places two independent clause streams side by side; the clauses are
target records in the policy packets, and naive left-to-right line order interleaves fields from
unrelated clauses.

Figure 8: Two-column policy provisions with independent clause streams.
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heterogeneous_record_list. A policy packet is scored as one output list, but its records
are not one kind of row: a location record carries address, building, and class fields; a coverage
record carries limits and deductibles; a form record carries form numbers and edition dates.
Figure 9 shows the three schedules from one packet — premises, coverage, and forms — each
printing records with a different shape. The stressor tests whether an extractor can emit
records of several schemas in a single pass over one document. A system that locks onto one
record layout for the whole document flattens or drops the families that do not fit it, which
is visible in the results as a large gap on the policy packets.

Figure 9: Three schedules of one policy packet (titles boxed): location records, coverage
records, and form records follow different schemas but land in the same output list.

The current release prioritizes fewer, larger, more realistic PDFs rather than many small
template variants. This choice reflects the intended use case: measuring list-completeness
failures at scale. Several PDFs contain more than 1,000 target records, and the full corpus
contains 29,599 target records across 32 PDFs.
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long_range_evidence. Required fields are separated by distant pages within the same
PDF. Figure 10 illustrates long-range evidence for one claim. The target begins on page 3;
three join keys recur in distant sections. These crops show only part of the full evidence
chain.

(a) Page 3: a claim card carries reference LR23-H8037 1⃝, policy L23A1955 2⃝, and unit 399841 3⃝.

(b) Page 28: the policy register resolves policy 2⃝ to the named insured.

(c) Page 26 matches unit 3⃝ to a driver; page 60 matches reference 1⃝ to financial fields.

Figure 10: Distant references for one target claim. The complete record uses six evidence
sections; unrelated rows are cropped out.
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The crops are illustrative, not complete provenance. The scored claim has 24 top-level
fields plus nested financials. Its metadata maps six evidence blocks: intake cards, driver
assignments, policy registers, cause narratives, claimant notices, and financial ledgers. The
first and last primary blocks are 57 pages apart, so extraction must preserve several join
keys across the packet.

3.3 Corpus inventory
The release favors fewer, larger PDFs: 26 operations documents contain 28,178 targets, three
claim packets contain 77, and three policy packets contain 1,344. Table 10 in the appendix
gives the complete technical family inventory.

3.4 Evaluation configurations
Each HF instance belongs to one of three release configurations (Table 1). The public column
complexity_regime identifies its document family, while stressors lists the cross-cutting
conditions catalogued in Section 3.2. In the source manifest, configuration membership is
hf_config and the stressor list is problems; export renames the latter to stressors. A
PDF can therefore be large, multi-table, OCR-conditioned, and long-range at the same time.

These configurations are not a difficulty ladder. Core operations includes both parser-
friendly scale controls and multisection joins. Claim and policy packets emphasize inherited
context, distant evidence, heterogeneous schemas, and distractors. Results should therefore
be sliced by evaluation role, family, and stressor rather than reduced to one ranking.

Table 1: Evaluation configurations in the current release.

Configuration PDFs Records Main contents

Core operations 26 28,178 High-density repeated records,
production-like tables and exports, OCR
preservation, cross-section joins, and
output completeness.

Claim multi-hop 3 77 Long-range joins from claim schedules to
policy registers, driver rosters, claimant
indexes, cause-code appendices, and
ledgers.

Policy packets 3 1,344 Heterogeneous policy records across
declarations, locations or classifications,
forms, material clauses, endorsements,
rating schedules, and premium
summaries.

Total 32 29,599
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3.5 OCR condition
Every released PDF has an OCR transcript generated from rendered page images. The re-
leased transcript condition was produced with Google Gemini 3.5 Flash vision OCR through
the direct Google/Vertex Gemini API path, after rasterizing PDF pages at 200 DPI. The
OCR transcript is the released text condition for this version; it is not the PDF text layer
or the HTML source text. We treat OCR as a controlled input condition: a system may
evaluate directly from the PDF, from the OCR transcript, or from its own OCR pipeline,
but reported results should state the input condition clearly.

3.6 Long-range evidence
LongListBench includes single-document multi-hop cases because many production tasks are
not contained in one adjacent table region. A target loss-run record may require joining a
front claim schedule against policy registers, driver rosters, cause-code appendices, claimant
indexes, and payment ledgers that appear dozens or hundreds of pages later. Policy packets
require similar joins across declarations, location schedules, forms, endorsements, rating
pages, and premium summaries.

This design is intended to stress extraction systems that can inspect long documents,
preserve join keys across distant sections, and verify record completeness. It is also intended
to make future agentic and retrieval-loop methods measurable without changing the public
data format: each sample remains one PDF with one ground-truth list.

4 Evaluation
For each PDF, the system must reconstruct the complete target list under a declared output
contract. Predictions use incidents for claim tasks and records for operations, external
loss-run, and policy tasks.

4.1 Input condition
Every PDF has a released OCR transcript. Experiments may instead use direct PDF input
or another OCR system, but must report the input condition, model, protocol, and included
samples.

4.2 Extraction protocols
The repository includes a raw full-context API adapter, an OpenAI Agents SDK sandbox
adapter, and repository-denied Codex and Claude Code CLI runners. Four full-corpus CLI
results use the same OCR-conditioned protocol.

Full-context one-shot extraction. The entire transcript is sent in one request. This is
a useful lower-bound calibration, but long outputs may truncate or time out.
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Agentic sandbox extraction. The runner creates a temporary workspace containing the
transcript, field contract, prompt, and output directory. A macOS sandbox profile denies
the benchmark repository, while the task prompt prohibits using files outside the workspace.
This is repository isolation, not a host-wide filesystem allowlist. The model may search,
parse, and verify the current document before writing JSON.

Claim runs receive the published JSON Schema. Generic-record runs receive sample-
specific field names and record groups derived from the ground-truth object structure before
workspace creation. This exposes the required output schema, not target values or counts.
Ground-truth files, generator code, target values, and target counts are not copied into the
workspace, and the repository path is denied.

Parser diagnostics. Template parsers are useful for structured scale-control families. A
frozen parser evaluated on unseen templates measures transfer robustness, while a per-
document agent may write code for the current input. These protocols answer different
questions and must be labeled separately.

Why use an agentic baseline. The largest targets contain thousands of rows, so a single
response can hit output or latency limits before returning a complete list. Fixed chunking
avoids that limit but introduces chunk size, overlap, boundary repair, and merge parameters
that can dominate the result. A per-document sandbox instead lets the extractor choose
how to inspect, segment, parse, and verify each new document under one output contract.
We use this as a reproducible full-corpus reference protocol, not as a raw measure of either
base model alone.

4.3 Configuration-aware reporting
Field-pair micro-F1 can hide incomplete records because it gives partial credit and large
scale-control families dominate field counts. Reports should lead with exact-record recall
and document completion. Secondary reporting includes field diagnostics, predicted counts,
configuration and family results, and stressor slices such as cross_section_join, long_
range_evidence, and heterogeneous_record_list. We classify four parser-friendly fami-
lies as scale controls and the remaining seven families as structural challenges using a fixed
family mapping.

4.4 Validation and report regeneration
Reports are stored as JSON and Markdown. The checker recomputes every metric from
saved predictions and ground truth without rerunning a model.

4.5 Strict completeness and field diagnostics
The primary metrics are exact-record recall and complete-document success. A predicted
record is exact only when every normalized target field equals one ground-truth record. We
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compute

ExactRecordRecall = |RG ∩ RP |
|RG|

, (1)

CompleteDocument = 1[RG = RP ], (2)

where RG and RP are the normalized ground-truth and predicted record multisets. The
intersection preserves duplicate multiplicity, and 1[RG = RP ] is one only when neither
records nor duplicates are missing or extra. Source order is not part of the released contract.

For claim incidents, records are keyed by normalized incident identifiers. String values are
whitespace-normalized and compared case-insensitively, dates are normalized to MM/DD/YYYY,
claimant lists are sorted, zero-valued default financial-breakdown cells are omitted from field
diagnostics, and non-zero monetary fields are rounded to cents. Generic records use the same
string normalization. Unambiguous labels are canonicalized: jurisdiction names to codes,
fuel descriptions to parenthetical codes, line-of-business names to acronyms, visible Applies
within wrappers to their core clause scope, visible Unit prefixes in vehicle identifiers, and
Quarter Return/Quarterly Return heading aliases. Extra heading context remains an
error. For field diagnostics, exact generic records are anchored first and remaining records
are matched deterministically by overlapping non-global field pairs. record_type, global
policy fields, and hidden row identifiers are excluded from field matching and field-pair
scoring. These field-level exclusions do not relax exact-record comparison, which uses the
full normalized public record.

For secondary partial-credit diagnostics we compute

found = |G ∩ P |, (3)

recall = found
|G|

, (4)

precision = found
|P |

, (5)

F1 = 2 precision recall
precision + recall , (6)

where G and P are the normalized ground-truth and predicted field-value multisets. Re-
ports also include exact-record precision/F1, predicted counts, missing and extra records,
document-macro field F1, and family, evaluation-role, and stressor summaries. Because
stressors co-occur, stressor slices describe associations rather than causal effects.

5 Results
This revision reports corpus validation and four OCR-conditioned agentic extraction base-
lines on the released corpus of 32 documents. Earlier prerelease experiments used a develop-
ment set of 80 documents with different templates, schemas, and scoring. We retain those
experiments as development history but do not mix their scores with the current release.
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5.1 Artifact completeness
Each manifest instance has one PDF, HTML source, JSON ground-truth file, metadata
file, and OCR transcript. The release contains 28,255 non-policy records and 1,344 policy
records, for 29,599 targets overall. Table 2 summarizes the release gates.

Table 2: Current release validation summary.

Check Value

Manifest instances 32
PDF, HTML, ground-truth, metadata, and OCR artifacts 32 each
Total target records 29,599
Released transcript condition OCR
Average identifier coverage 100.0%
Tracked identifier-field support 100.0%
Records with missing tracked OCR identifiers 0
Audited numeric OCR misses 56 of 76,968 (0.073%)

The largest scale family, mileage by vehicle, contributes 17,565 records across eight PDFs.
Structural families add sparse enrichment, split schedules, mixed row/detail blocks, hetero-
geneous records, and evidence distributed across sections. All 32 OCR transcripts pass the
95% identifier-coverage gate. A numeric audit records 56 genuine OCR misses among 76,968
checked ground-truth numeric fields with absolute value at least 10. The transcripts are not
hand-corrected, and the exact miss set is released. These checks bound the OCR condition;
they are not extraction scores.

5.2 Agentic OCR baselines
Each run received one OCR transcript and the public field contract in a temporary workspace.
A macOS sandbox denied the benchmark repository, and ground truth, target values and
counts, and generator code were absent. Agents could inspect the transcript, write tempo-
rary code, validate JSON, and return the complete list. These are protocol baselines, not
raw one-shot model measurements.

The initial full-corpus runs were produced on July 14, 2026 at xhigh effort using Codex
CLI 0.144.4 or Claude Code 2.1.209. After correcting the driver/MVR sparse-enrichment
contract, those three inputs were rerun on July 21 with Codex CLI 0.144.6 or Claude Code
2.1.216; the other 29 unchanged predictions were replayed. Claude Code safe mode disabled
project instructions, skills, plugins, hooks, and MCP servers. Per-sample metadata records
model routing, input fingerprints, and prediction hashes. All reports cover the same 29,599-
target manifest with zero execution errors, and saved predictions reproduce every score in
Table 3.

16



Table 3: Full-corpus agentic OCR baselines. Strict completeness is primary; field F1 is
secondary partial credit.

Agent and model Exact recall Complete docs Micro-F1 Macro-F1

Codex CLI, GPT-5.6-Sol (xhigh) 97.9% 8/32 (25.0%) 99.4% 99.4%
Claude Code, Fable 5 (xhigh) 95.1% 9/32 (28.1%) 96.8% 93.6%
Codex CLI, GPT-5.5 (xhigh) 94.5% 4/32 (12.5%) 98.8% 98.6%
Claude Code, Opus 4.8 (xhigh) 97.7% 7/32 (21.9%) 99.4% 99.3%

No configuration completes more than 9 of 32 documents. GPT-5.6-Sol has the highest
exact-record recall, Fable 5 completes the most documents, and Opus 4.8 has the highest
field micro-F1 by a narrow margin. The family results below are more informative than this
narrow aggregate ranking.

We preassign four parser-friendly families as scale controls and the other seven as struc-
tural challenges. Table 4 reports the latest models by role.

Table 4: Strict completeness by evaluation role for the latest models.

Role Docs Records Sol exact Fable exact Sol complete Fable complete

Structural challenges 19 8,414 93.8% 84.0% 4/19 (21.1%) 5/19 (26.3%)
Scale controls 13 21,185 99.5% 99.5% 4/13 (30.8%) 4/13 (30.8%)

Table 5 uses problem-first labels so the extraction challenge is visible without domain
knowledge. Labels map one-to-one to the public complexity_regime values.

Table 5: Latest-model exact-record recall by extraction problem. The divider separates
structural challenges from scale controls.

Extraction problem Docs Records GPT-5.6-Sol Fable 5

Sparse record enrichment (driver/MVR) 3 1,260 99.4% 100.0%
Long-range claim joins 3 77 98.7% 98.7%
Split return schedules 3 2,737 95.5% 95.5%
Mixed row/detail loss runs 3 900 97.3% 92.2%
Tax inquiry detail tables 2 1,300 99.9% 99.8%
Heterogeneous policy records 3 1,344 73.3% 14.6%
Cross-section return joins 2 796 99.6% 99.6%

Tax-summary scale controls 2 1,520 99.5% 99.5%
Driver-schedule scale control 1 500 99.8% 99.8%
Mileage-by-vehicle scale controls 8 17,565 99.4% 99.4%
Vehicle-schedule scale controls 2 1,600 100.0% 100.0%

The failures differ in kind. GPT-5.6-Sol matches 1,252 of 1,260 driver records and com-
pletes two packets; on the third it emits eight report summaries as separate partial rows
instead of merging them into the roster records. Fable 5 joins every sparse report correctly
and completes all three packets. Both systems match 2,614 of 2,737 split-schedule records
and 76 of 77 long-range claim records. Policy packets separate them: GPT-5.6-Sol matches
985 of 1,344 records with 95.8% field F1, while Fable 5 returns only 232 records, matches
196, and reaches 33.5% field F1. Scale controls remain near ceiling, yet only four of 13 are
completely correct for either system because a single missing, extra, or malformed record
fails document completion.
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Table 6 reports exact-record recall for all 14 canonical stressors. The largest observed
gap occurs in heterogeneous policy lists. The long-range and multi-column rows cover the
same six packets and are therefore not independent findings.

Table 6: Exact-record recall over documents carrying each canonical stressor tag. Tags are
document-level and overlap, so these are observational slices rather than isolated effects.

Stressor Docs Records GPT-5.6-Sol Fable 5

Record assembly and schema
Split records 15 9,797 94.9% 86.9%
Cross-section joins 2 796 99.6% 99.6%
Repeated keys 2 796 99.6% 99.6%
Long-range evidence 6 1,421 74.7% 19.1%
Heterogeneous record lists 3 1,344 73.3% 14.6%

Layout and distractors
Page-spanning content 32 29,599 97.9% 95.1%
Multi-row records 22 21,942 97.7% 94.0%
Merged cells (horizontal spans only) 4 3,043 96.7% 95.2%
Multiple tables 31 29,255 98.1% 96.0%
Multi-column pages 6 1,421 74.7% 19.1%
Near-duplicate distractors (no true target duplicates) 7 1,321 93.1% 73.4%

Scale and OCR input
Large documents 29 28,339 97.8% 94.9%
OCR input 32 29,599 97.9% 95.1%
OCR-preserved multi-section layout 2 796 99.6% 99.6%

Each row scores all targets in a tagged PDF, not only records printed on pages where
the condition is visible. The multi-column slice, for example, contains 1,344 policy records
and 77 claim records. Fable 5 matches 196 policy records and 76 claim records, so its 19.1%
aggregate reflects broad policy-list omissions rather than an isolated reading-order failure.
Page-spanning content and OCR input cover all 32 documents; cross-section joins, repeated
keys, and OCR-preserved multi-section layout cover the same two return packets.

Full-context one-shot extraction is not a practical full-corpus protocol here. Small claim
packets can return scoreable outputs, but larger outputs reach model limits or time out.
We therefore treat one-shot prompting as a lower-bound operational stress test and use the
per-document agentic protocol for full-corpus comparison.

6 Limitations and Intended Use
LongListBench is a measurement tool for long-list extraction under controlled synthetic
conditions. Table 7 summarizes the current scope.

The documents are synthetic. This is necessary for public release, but it means the bench-
mark cannot replace evaluation on a private production corpus. We used private documents
only as structural references for layout and packet organization; the released names, iden-
tifiers, values, and prose are generated. Some sections are intentionally composed to cover
benchmark stressors, so the corpus should be read as production-inspired measurement data
rather than exact replicas of source documents.
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Table 7: Scope of the current LongListBench release.

Covered Not covered / out of scope
High-density repeated lists, cross-section
joins, long-range evidence packets, and
mixed-schema output lists

Non-English documents, handwriting,
medical bills, invoices, purchase orders,
and many other document families

Production-like synthetic layouts based
on observed document structures

Full visual diversity of private production
corpora and carrier-specific edge cases

OCR transcripts for every released PDF,
including a limited scanned-image IFTA
condition

Multiple OCR engines, broad
scan-quality sweeps, bounding boxes, and
reading-order supervision

Strict normalized-record completeness
plus field diagnostics

Source-order scoring, semantic
equivalence, downstream task metrics,
and human adjudication of ambiguous
fields

Agentic sandbox support and four
full-corpus OCR baselines

Latency/cost-normalized comparisons
across broader agentic and retrieval-loop
protocols

The current release includes one OCR transcript condition. This supports reproducible
OCR-conditioned evaluation, but it does not isolate OCR penalty by itself. Measuring OCR
penalty requires adding another transcript or direct-PDF condition and running the same
extraction protocol across both.

The released output contract treats records as an unordered multiset. Exact-record and
complete-document metrics therefore test values and multiplicity, not source order. An
order-sensitive task should declare ordering in the contract and rerun extractors under that
requirement rather than retroactively penalizing the saved predictions.

The coding-agent runs denied access to the benchmark repository but did not use a
host-wide filesystem allowlist. Ground truth remained inside the denied repository. Future
comparisons should use an allowlisted container or virtual machine and retain tool traces;
the Claude result format did not include them.

OCR support should also be interpreted at the field level. A unique-identifier coverage
check can look strong while a missing section header affects many records that inherit that
header. The current validation reports unique identifier coverage, affected records for tracked
identifiers, and a numeric-fidelity gate over ground-truth numeric values with absolute value
at least 10. Richer future releases should extend this with row-local OCR checks and multiple
OCR engines.

Finally, the corpus now contains several operations record types whose public schema
is represented by the ground-truth examples and generic scorer rather than separate hand-
written JSON Schema files for every family. Adding explicit schemas for each operations
family would improve reproducibility for prompt-based and agentic extractors.

LongListBench is intended for configuration-, family-, and stressor-aware measurement
of record completeness, field alignment, OCR-conditioned extraction, and long-range evi-
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dence handling. Parser-friendly operations families are scale controls; claims about difficult
extraction should rely on packet and cross-section families as well as aggregate scores.

Complexity slices are observational. Tags overlap, and document families differ in length,
schema, and layout, so lower performance in a tagged slice does not identify one stressor as
the cause. Paired renderings that hold records constant while adding one stressor would be
required for causal attribution.

Two stressors are currently one-sided. Duplicate pressure comes only from near-duplicate
restatements that must be ignored; the corpus contains no true duplicate target records, so
a system cannot be tested on keeping legitimate repeats while dropping restatements, and
a blanket drop-duplicates rule is never punished. Merged-cell pressure comes only from
horizontal colspan structures; vertical merges, where one cell applies to several rows, do not
appear. Future releases should pair true-duplicate targets with restatement distractors in
the same documents and add vertically merged schedules.

The release is not a complete model leaderboard. It includes GPT-5.5, GPT-5.6-Sol,
Opus 4.8, and Fable 5 under one agentic protocol, but no latency- or cost-normalized com-
parison across broader models and protocols. Full-context one-shot runs are impractical
on the largest outputs, and synthetic public documents cannot replace private production
evaluation.

7 Conclusion
LongListBench measures complete long-list extraction from complex business PDFs. Its
32 synthetic documents contain 29,599 targets and 14 canonical stressors spanning layout,
record assembly, distractors, scale, and OCR input conditions. Every instance includes
PDF, HTML, OCR, ground truth, and metadata, with recomputable strict-completeness
and field-diagnostic scoring.

Across four agentic OCR baselines, GPT-5.6-Sol and Fable 5 recover 97.9% and 95.1% of
target records exactly but complete only 8 and 9 of 32 documents. Exact-record recall falls
to 93.8% and 84.0% on structural challenges while both reach 99.5% on scale controls. Near-
perfect field overlap therefore does not imply complete extraction, and tagged complexities do
not affect every system equally. Future comparisons should report strict completeness, input
condition, extraction protocol, problem and stressor slices, and saved predictions alongside
partial-credit field scores.
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Appendix A: Evaluation Schemas
A recurring challenge with existing document extraction benchmarks is incomplete or am-
biguous schema documentation. Without clear specifications, it can be difficult to under-
stand expected field formats, handling of optional values, or normalization rules. Researchers
attempting to reproduce results must often reverse-engineer these details from examples or
evaluation scripts, leading to inconsistent implementations and incomparable metrics.

To improve reproducibility, we provide explicit schemas for claim incidents and the main
heterogeneous row families that benefit most from a public field contract. Other operations
families are defined by their ground-truth field contracts and scored by the generic record-list
evaluator. The evaluation scripts normalize model outputs before scoring so format errors
are caught early rather than silently degrading metrics.

A.1 Financial Breakdown Schema
Each incident contains four financial breakdown objects (bi, pd, lae, ded) with the following
fields:

Field Type Default Description

reserve float 0.0 Amount reserved for potential payout
paid float 0.0 Amount already paid
recovered float 0.0 Amount recovered (e.g., deductible)
total_incurred float 0.0 Reserve + Paid - Recovered

A.2 Loss Run Incident Schema
The primary entity schema representing a single insurance claim incident:

Field Type Default Description

incident_number string required Incident number (e.g., #12345)
reference_
number

string required Reference ID (e.g., L240123)

company_name string required Trucking company name
division string General Company division
coverage_type string required Coverage type (Liability, Physical

Damage, Inland Marine, Cargo)
status string required Open or Closed
policy_number string required Policy identifier
policy_state string required Policy state abbreviation
cause_code optional

string
null Internal cause code

description string required Detailed incident description
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Field Type Default Description

handler string Claims
Adjuster

Claims handler

unit_number optional
string

null Vehicle/truck unit ID

date_of_loss string required Date incident occurred
loss_state string required State where loss occurred
date_reported string required Date reported to insurance
agency optional

string
null Insurance agency name

insured string required Insured party name
claimants list of

strings
[] List of claimants

driver_name optional
string

null Driver name at time of incident

bi financial
breakdown

{} Bodily Injury

pd financial
breakdown

{} Property Damage

lae financial
breakdown

{} Loss Adjustment Expense

ded financial
breakdown

{} Deductible

adjuster_notes optional
string

null Additional adjuster notes

A.3 Extraction Output Shape
Claim/loss-run tasks return incident records:

Field Type Default Description

incidents list of
LossRunIncident

required List of extracted incident records

Other long-list tasks return generic records:

Field Type Default Description

records list of objects required List of extracted target records
using the fields specified for that
document family

The repository publishes standalone JSON Schema files for loss_run_incident, loss_r
un_claim_row, ifta_multisection_jurisdiction_row, policy_schedule_record, and
policy_packet_item. The multisection IFTA schema requires each jurisdiction row to
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include return context (return_id, year, quarter, filing type), Schedule A mileage/gallon
fields, and Jurisdictions tax-detail fields.

A.4 Extraction Prompt Template
Prompt-based claim multi-hop incident extraction uses the core template shown below. The
evaluation code substitutes {schema_json} with the JSON schema for the extraction object
and {ocr_text} with the selected transcript.

Extract all incident records from the following document.

Requirements:
- Return ALL incidents you can find in the document.
- Each incident MUST include ALL fields in the schema.
- When a value is unknown:

- For required string fields, use "" (empty string), not null.
- For optional fields, use null.
- For list fields, use [].
- For numeric fields, use 0.0.

- Output MUST be valid JSON that conforms to the schema.

Schema (JSON Schema):
{schema_json}

Output JSON shape:
{

"incidents": [ ... ]
}

Document:
{ocr_text}

For generic operations and policy rows, the runner derives a sample-specific field contract
from the keys and record groups present in the ground-truth object structure. This is schema
disclosure: the contract contains field and group names but no target values, target counts,
or ground-truth files. The output shape is:

{
"records": [ ... ]

}

A.5 Agentic Sandbox Instructions
The released Codex and Claude Code runners use the same task prompt. The temporary
workspace contains only the OCR transcript, a field contract, the prompt, and an empty
output directory. A macOS profile denies access to the benchmark repository, and the prompt
prohibits using other host files. For claim tasks, the output path is output/incidents.json;
generic tasks use output/records.json.
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You are dispatched as a subagent for a specific extraction task; skip
superpowers skills.

Your workspace contains:
- document_ocr.md: OCR transcript of one benchmark PDF.
- field_contract.md: the target output shape and allowed fields.

The official ground truth is not present. Do not use files outside this
workspace.

Task:
Extract the complete target list from document_ocr.md according to
field_contract.md.
Write valid JSON to output/incidents.json.

You may inspect the document, write temporary scripts, and verify counts.
Before finishing:
- Confirm the JSON parses.
- Spot-check beginning, middle, and end records against the OCR.
- Ensure field names match field_contract.md exactly.
- Ensure every target row or target record type requested by the contract is

represented.

Do not include explanations in the JSON file.

The field contract contains the claim JSON Schema or the generic record groups and
allowed fields described in Appendix A.4. It contains no record values or target counts.

A.6 Field Scoring Rules
We compute strict normalized-record completeness first, then schema-conformant field pre-
cision/recall/F1 as partial-credit diagnostics.

Step 1: Canonicalize each incident (schema validation + normalization). Both
predictions and ground truth are parsed as full LossRunIncident objects and then normal-
ized:

• Incident identifier: common prefixes in incident_number (e.g., Incident #, #,
INC) are stripped; whitespace and case are normalized.

• String fields: all strings are trimmed and compared case-insensitively. For optional
string fields, the empty string is treated as null. Optional string fields are:

– cause_code

– unit_number

– agency
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– driver_name

– adjuster_notes

• Dates: supported date forms are normalized to MM/DD/YYYY.

• Claimants: coerced to a list; each entry is trimmed and case-normalized; empty
entries are dropped; the list is sorted.

• Financial breakdowns: for each breakdown object (bi, pd, lae, ded), we ensure it
is an object and normalize each numeric field by converting to float, rounding to two
decimals, and mapping negative zero to zero. Unparseable values are treated as 0.0.
Zero-valued default breakdown fields are not scored. Breakdown numeric fields are:

– reserve

– paid

– recovered

– total_incurred

Generic records are canonicalized recursively. Blank fields are omitted; strings are
whitespace-normalized and compared case-insensitively; dates, decimals, percentages, cur-
rency values, and accounting-parenthesis negatives are canonicalized; and list values are
order-normalized. State and jurisdiction names normalize to two-letter codes, fuel descrip-
tions to parenthetical codes, policy line-of-business names to BOP/WC/CGL acronyms,
and Applies within clause-scope wrappers to the core scope phrase. A visible Unit pre-
fix is removed from vehicle identifiers, and Quarter Return is treated as a heading alias
for Quarterly Return; extra heading context is retained and therefore remains an error.
For field diagnostics, exact records are anchored first and remaining records are matched
deterministically by overlapping non-global field pairs. The record_type field, hidden
row identifiers, and repeated document-level policy fields are excluded from field matching
and field-pair scoring. Strict exact-record comparison uses the complete normalized public
record.

Step 2: Compare complete normalized records. Let RG and RP be multisets of
normalized ground-truth and predicted records. Exact-record recall is |RG ∩ RP |/|RG|. A
document is complete only when RG = RP , so missing records, extra records, wrong fields,
and duplicate multiplicity all affect strict completeness. Record-list order is not scored in
this release.

Step 3: Flatten incidents into a multiset of field-value pairs. For each canonicalized
incident, we emit a list of triples (incident_id, field_path, value). Nested financial fields
are represented with dotted paths (e.g., bi.reserve).
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Step 4: Compute partial-credit field diagnostics. Let F(G) be the multiset of flat-
tened triples from the ground truth and F(P ) the multiset from predictions. We compute

found = |F(G) ∩ F(P )|, (7)

recall = found
|F(G)| , (8)

precision = found
|F(P )| , (9)

F1 = 2 precision recall
precision + recall . (10)

The multiset formulation means that if a document contains exact duplicate incidents (same
normalized incident_id), they are counted with multiplicity, and the score only credits
matches up to the minimum count in each multiset.

Additional diagnostics. We also report:

• Missing/extra incident IDs: computed from the set of normalized incident IDs
present in each list.

• Exact-record precision and F1: computed from the same normalized-record inter-
section when systems over-extract.

• Evaluation-role and stressor slices: aggregated from the public family and stressor
metadata.

A.7 Corpus Inventory and Stressor Map
Table 10 lists the technical document families used by the manifest. It is an inventory, not
a difficulty ordering.

Table 10: Current LongListBench corpus by technical family.

Document family PDFs Target records

ifta_mileage_by_vehicle 8 17,565
ifta_multisection_return_packet 2 796
ifta_return_schedule_details 3 2,737
ifta_tax_return_summary 2 1,520
driver_mvr_request_and_roster 3 1,260
loss_run_external 3 900
vehicle_schedule_spreadsheet_export 2 1,600
ifta_tax_return_inquiry_detail 2 1,300
driver_schedule_spreadsheet_export 1 500
claim_crosspage_multihop 3 77
policy_multihop_bop 1 344
policy_multihop_wc 1 438
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Document family PDFs Target records

policy_multihop_cgl 1 562

Total 32 29,599

Table 11: Representative pages for auditing canonical stressors. Page numbers refer to
released PDFs.

Stressor Example PDF pages Visible document evidence
page_breaks ifta_mileage_by_vehicle_

001, pages 2–3
A repeated list continues with in-
herited unit context; this is pagi-
nation pressure, not an item-level
split.

split_records ifta_multisection_return
_001, pages 2 and 4

One jurisdiction record combines
mileage and gallon fields with later
tax-detail fields.

multi_row loss_run_external_001,
pages 1–2; driver_mvr_pac
ket_001, page 10

Records include description rows
and driver or MVR detail blocks.

duplicates loss_run_external_001,
pages 1–2; multihop_bop_0
12_001, pages 45–68

Summary, archived, or prior-term
material creates near-duplicate dis-
tractors.

large_doc ifta_mileage_by_vehicle_
008; mixed_cgl_040_001

The files reach 76 and 133 pages.

multiple_tables ifta_tax_inquiry_001,
page 1; loss_run_externa
l_001, pages 1–2

Targets appear beside support ta-
bles, empty tables, summaries, and
totals.

multi_column mixed_cgl_040_001, pages
67–86; multihop_wc_025_00
1, pages 54–73

Policy provisions use two-column
form pages.

merged_cells loss_run_external_001,
page 1; ifta_mileage_by_
vehicle_002, page 2

Section-spanning rows interrupt
regular table structure.

ocr_condition Any PDF and matching file
under data/transcripts/o
cr_gemini/

Released text is OCR from page
images, not HTML source text.

ocr_layout_con
dition

ifta_multisection_return
_001, pages 2 and 4

OCR preserves two visually dis-
tinct tables rather than a clean
joined row.

long_range_evi
dence

multihop_012_001_crosspa
ge, pages 3, 26, 28, 46, 47, 60;
mixed_040_001_crosspage,
pages 3, 50, 54, 96, 97, 137

A front claim row joins to distant
driver, policy, cause, claimant, and
ledger sections.
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Stressor Example PDF pages Visible document evidence
cross_section_
join

ifta_multisection_return
_001, pages 1, 2, 4

A target combines return context,
mileage/gallons, and tax-detail val-
ues.

repeated_keys ifta_multisection_return
_001, pages 2, 4, 8, 10

Jurisdiction codes recur across re-
turns, so state alone is not a unique
key.

heterogeneous_
record_list

multihop_bop_012_001,
pages 2–17 and 39–90; mixe
d_cgl_040_001, pages 2–25
and 54–133

One list mixes locations, cover-
ages, forms, endorsements, premi-
ums, and clauses.
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