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Abstract

Corporate sustainability reports include a con-
tent index mapping each disclosure required by
a reporting framework (e.g. GRI) to its support-
ing pages — a resource that potentially benefits
nearly every downstream sustainability-NLP
task, yet no existing benchmark scores its recov-
ery as a framework-grounded, page-resolved
output. We formalize Content Index Detection
(CID) as three evaluable stages — index page
retrieval (S1), table extraction and disclosure
linking (S2), and page-label-to-index resolution
(S3) — and release esg_cid_plus: 37 GRI re-
ports and 7,294 rows stratified across three dif-
ficulty tiers, from unchanged real reports to an
adversarial tier of naturally hard documents and
synthetic perturbations. Our main benchmark
sweeps open-weight vision-language models
from sub-1B to 35B parameters (plus frontier-
API references) as S2 extractors under shared,
deterministic S1 and S3 stages: the best back-
ends reach S2-F1 of 0.89–0.92 on the easier
tiers, while standard OCR-benchmark scores
explain only a third of the variance in extrac-
tion quality. Composing extraction with the
deterministic resolver exposes S3 as the open
frontier: under label-scheme resolution alone,
where even best extraction caps end-to-end
F1 at 0.11 on the hardest tier. esg_cid_plus
will be released at https://huggingface.co/
datasets/ahmeshaf/esg_cid_plus.

1 Introduction

Corporate sustainability reports (CSRs) are the
primary public record of how organisations dis-
close their Environmental, Social, and Governance
(ESG) practices. They are long, narrative-heavy
PDFs whose structure is dictated by reporting
frameworks such as the Global Reporting Initia-
tive (GRI), the European Sustainability Reporting
Standards (ESRS), the Sustainability Accounting
Standards Board (SASB), or the recommendations
of the Task Force on Climate-Related Financial Dis-
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Figure 1: One canonical disclosure (GRI 305-1, “Di-
rect (Scope 1) GHG Emissions”) rendered three dif-
ferent ways across the three difficulty tiers (gri_easy,
gri_medium, gri_hard) must collapse to the same
canonical row ri = (si, ti, t̃i, ℓi, Pi). The footer sepa-
rates the printed page label ℓi from the resolved 0-based
PDF indices Pi; the dashed arrow on gri_hard marks
where text-only extraction fails and OCR is required.

closures (TCFD).1 Most CSRs also include, often
as an appendix, a content index: a table that maps
each required disclosure (e.g. GRI 302-3, “Energy
intensity”) to its corresponding pages.

This index, the report’s own disclosure-to-
evidence map, is a resource that potentially benefits
nearly every downstream sustainability-NLP ap-
plication: retrieval-augmented generation (Ahmed
et al., 2025; Ni et al., 2023), coverage assessment
(Usmanova et al., 2025; Polignano et al., 2022),
claim verification and grounded QA over CSRs
(Vaghefi et al., 2023; Diggelmann et al., 2020),
and longitudinal comparison of disclosure quality
(Schimanski et al., 2024b; Ong et al., 2025). Yet
the literature invests heavily in downstream disclo-

1See https://www.globalreporting.org/ (GRI);
https://www.efrag.org/ (ESRS); https://sasb.org/
(SASB); and https://www.fsb-tcfd.org/ (TCFD).
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sure analysis while assuming the content index can
already be recovered reliably.

We study Content Index Detection (CID): given
a CSR PDF D and a target framework F , identify
the pages PF containing F’s content index and
produce a schema-aligned table CIF (D) with one
row per framework disclosure (si, ti, t̃i, ℓi, Pi)—
the framework id and title, the title as it appears
in the report, the verbatim page-reference cell text,
and the resolved 0-based PDF page indices (Fig-
ure 1). We decompose CID into three stages: CI
page retrieval (S1), CI table extraction (S2, com-
prising raw row extraction S2.1 and disclosure link-
ing S2.2), and page reference resolution (S3) (Sec-
tion 3), enabling systems to be evaluated by failure
stage rather than only end-to-end.

Framed this way, CID is a composition of five
fundamental document extraction tasks, each with
its own literature and failure modes: (i) Search —
retrieving the few index pages within a long report
(S1); (ii) Parse — extracting table rows, including
OCR and multi-page stitching (S2.1); (iii) Bind —
disambiguating repeated management-of-material-
topics entries (e.g., “3-3”) by binding each to its
spanning section header; (iv) Fill — mapping the
parsed, disambiguated rows into the framework
template, one canonical slot per disclosure (S2.2);
and (v) Resolve — converting human-facing page
references to physical 0-based PDF indices (S3).
Prior work studies these tasks in isolation or, in
ESG-NLP, uses CID only to bootstrap retrieval su-
pervision (Ahmed et al., 2025); no benchmark eval-
uates them jointly on a page-resolved, framework-
grounded output, and Bind and Resolve remain
essentially unaddressed.

Two of these tasks make CID markedly harder
than generic table extraction (Mathew et al., 2021;
Saad-Falcon et al., 2023; Schimanski et al., 2026).
The index table is idiosyncratic across CSRs —
variable column layouts, multi-page two-column
spreads, and disclosure ids in many typographic
variants (“GRI 302-3”, “302–3”, “GRI 302:3”) —
and its page references are written for human read-
ers as printed page labels (“iv”, “A-12”, “2.7”) that
need not match 0-based PDF indices: numbering
schemes restart or switch styles, the same label
can recur across physical pages, and a reference
may even be a section name or an external citation
(“Annual Report 2023, p. 12”), so resolution must
model the report’s own label scheme — or cor-
rectly mark a reference unresolvable. These failure
modes are also not uniform: heuristics that work on

one report family break on another, so a benchmark
for CID must stratify reports by difficulty — from
unchanged real reports, through naturally adversar-
ial ones, to synthetically perturbed documents —
to expose where a single recipe fails and why.

Concretely, we make four contributions.

Task formalisation. We formalise CID as a
framework-grounded, page-resolved problem over
evaluable stages S1–S3 (Section 3).

Stratified benchmark. We release the dataset
esg_cid_plus: 37 GRI reports and 7,294 CID
rows across three tiers — gri_easy, gri_medium,
and an adversarial gri_hard (§4).

Baselines. We implement a deterministic base-
line for every stage — lexical S1 retrieval with
OCR fallback, Img2Table+RapidOCR S2 extrac-
tion and linking, and a label-scheme S3 resolver —
as fixed, swappable components (§5).

An S2 model sweep. We sweep open-weight
vision-language models from sub-1B to 35B pa-
rameters (plus frontier-API references) as S2.1 ex-
tractors under oracle S1, so that extraction quality
is isolated (§6): the best backends reach S2-F1 of
0.89–0.92 on the easier tiers but at most 0.79 on
gri_hard, and standard OCR-benchmark scores
explain only a third of the variance in extraction
quality (§7). An ablation separating standard from
topic-qualified identifiers isolates the cost of Bind
as standing headroom.

Our results indicate that page resolution (S3) is
the open frontier: under deterministic resolution,
even gold-quality extraction caps end-to-end F1 at
0.11 on gri_hard (§6) — the remaining headroom
sits in S3. esg_cid_plus thus lays the foundation
for future work that models Resolve directly rather
than treating page resolution as a deterministic post-
process.

2 Related Work

We position esg_cid_plus against three bodies of
work — table structure recognition, long-document
VQA and key-information extraction, and ESG-
NLP — and map each onto the five tasks CID com-
poses (§1), as summarised in Table 1.

Table structure recognition. FinTabNet (Zheng
et al., 2021) and PubTables-1M (Smock et al.,
2022b) provide large-scale training signal for
Parse, the latter with explicit spanning-cell classes,
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Document Extraction Tasks (§1)

Dataset / Pg. Retr. Table Understanding Pg. X-Ref.

Benchmark Search Parse Bind Fill Resolve

Table structure recognition
FinTabNet ✗ ✓ ▲ ✗ ✗

PubTables-1M ✗ ✓ ▲ ✗ ✗

HiTab ✗ ▲ ✓ ▲ ✗

TUTA ✗ ▲ ✓ ▲ ✗

Long-document VQA and KIE
DocVQA ▲ ▲ ✗ ✗ ✗

MP-DocVQA ✓ ▲ ✗ ✗ ✗

Kleister ▲ ✗ ✗ ✓ ✗

DocILE ✗ ✓ ✗ ✓ ✗

ESG / sustainability benchmarks
ESGDoc ✓ ▲ ✗ ✗ ▲

GRI Pipeline ▲ ▲ ✗ ▲ ✗

ReportGRI ▲ ✗ ✗ ✓ ✗

GRI-QA ▲ ✓ ✗ ✓ ✗

esg_cid ▲ ✓ ✗ ▲ ✗

ours ✓ ✓ ✓ ✓ ✓

Table 1: Coverage of the five document extraction tasks
CID composes (§1) across the three bodies of prior work
surveyed below — table structure recognition, long-
document VQA and key-information extraction, and
ESG / sustainability benchmarks. ✓ explicitly evaluated
with released gold; ▲ present in the data or method but
not scored; ✗ absent. Citations are given in the text.

and GriTS (Smock et al., 2022a) scores recov-
ered topology, content, and location; Nunes et al.
(2025), Soric et al. (2025), and Horn and Keuper
(2026) benchmark multimodal LLMs against OCR
pipelines on PDF tables, and OCRBench (Liu et al.,
2024) and OCRBench v2 (Fu et al., 2025) rank
VLMs on OCR-centric recognition, localisation,
and parsing — they guided our open-weight roster
selection but score isolated capabilities. Closest to
Bind, HiTab (Cheng et al., 2022) and TUTA (Wang
et al., 2021) formalise linking a data cell to its gov-
erning multi-level headers, but both assume the
table is already parsed, bind cells to in-table head-
ers rather than an external framework schema, and
never recover spans from a rendered PDF. GRI
content indices additionally span multiple phys-
ical pages as one logical table, so per-fragment
structural metrics are uninterpretable; we capture
location-text quality within S2.2 via fuzzy match-
ing instead.

Long-document VQA and key-information ex-
traction. DocVQA (Mathew et al., 2021) and
PDFTriage (Saad-Falcon et al., 2023) show that
modelling document structure beats flat-text re-

trieval, motivating our staged decomposition, and
MP-DocVQA (Tito et al., 2023) makes evidence-
page identification over multi-page documents ex-
plicit (Search) — but the located page is evidence
for an answer, not a resolved output key. On the ex-
traction side, Kleister (Stanisławek et al., 2021) ex-
tracts values for a fixed key schema from long PDFs
and DocILE (Šimsa et al., 2023) localises line items
on invoices (Fill); both fill flat key schemas, with-
out hierarchical-header binding or per-row page
resolution.

ESG and sustainability NLP. The field has
grown quickly — domain-adapted language mod-
els (Webersinke et al., 2022; Schimanski et al.,
2024b), retrieval-augmented report QA (Ni et al.,
2023; Vaghefi et al., 2023), and climate-claim ver-
ification (Diggelmann et al., 2020; Schimanski
et al., 2024a; Mankour et al., 2025) — but none
targets framework alignment or is benchmarked
page-resolved, though CID’s schema would read-
ily sharpen their claims. On framework alignment
specifically: Usmanova et al. (2025) automate GRI
alignment via zero-shot prompting (five reports, no
tables, no page grounding); Polignano et al. (2022)
apply an NLP pipeline to GRI indexes across 134
reports but release no gold; GRI-QA (Contalbo
et al., 2025) benchmarks table QA over disclosed
values once located — the natural downstream com-
plement to CID. ESGDoc (Wang et al., 2023) is the
closest structural predecessor, extracting a report’s
own chapter hierarchy rather than the compliance-
framework table, with no label-to-index pagination
— leaving Resolve without a dedicated benchmark
anywhere.

Positioning. esg_cid_plus is the only bench-
mark in Table 1 scoring all five tasks jointly, so
an end-to-end failure can be attributed to a stage:
pages missed (Search), rows lost (Parse), topics
unbound (Bind), slots mis-filled (Fill), or refer-
ences unresolved (Resolve). The closest prior work,
esg_cid (Ahmed et al., 2025), mines content in-
dices to bootstrap retrieval supervision and supplies
the PDFs for the bulk of our adapted subset, but
collapses duplicate topic-qualified rows into a flat
namespace and releases no page-resolved gold, so
neither Bind nor Resolve can be measured on it.

3 Content Index Extraction Task (CID)

Before turning to dataset construction (§4), we for-
malize CID.
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Figure 2: The three stages of CID extraction. Given a report D and a framework F : (S1) retrieves index pages
PF (Search); (S2) extracts raw candidate rows (S2.1, Parse) and fuzzy-joins them to the canonical schema (S2.2,
Bind ·Fill); (S3) resolves verbatim page-location text ℓi to physical page indices Pi via D’s printed-label scheme
(Resolve). Icons mark each stage as model-inferred ( ) or deterministic ( ). S2.1 is the only inferred stage and the
target of our main benchmark.

3.1 Task Formalization
Given a PDF report D (N pages) and a disclosure
framework F = {(si, ti)}Mi=1 — a canonical list
of standard ids (e.g. "2-1") paired with titles (e.g.
"Organizational details"), such as GRI 2021
(M=147) — CID requires producing two outputs.
PF ⊆ {0, . . . , N−1} is the set of PDF pages on
which F’s content index appears. CIF (D) is the
extracted, schema-aligned content index:

CIF (D) = {ri : i = 1, . . . ,M},

with exactly one row per disclosure:

ri = (si, ti, t̃i, ℓi, Pi).

t̃i is the title as printed in the report (may dif-
fer from canonical ti due to abbreviation, trans-
lation, or OCR noise); ℓi is the verbatim location-
reference cell (numeric labels, e.g. "62, 78"; sec-
tion names, e.g. "Governance chapter"; external
citations, e.g. "Annual Report 2023, p. 12";
or inline notes, e.g. "Not applicable"); Pi ⊆
{0, . . . , N−1} is the resolved set of physical page
indices. When a report provides no evidence for
si within D, Pi=∅. CIF (D) is M -complete: every
si ∈ F has a row in CIF (D).

3.2 Subtasks
The task decomposes into three stages illustrated
in Figure 2, with stage S2 further divided into two
sub-stages.

S1: CI Page Retrieval (Search). Given (D,F),
produce PF — the set of pages on which the con-
tent index appears. This is a focused retrieval
problem: the index shares surface vocabulary with
tables of contents, assurance statements, and ap-
pendix tables.

S2: CI Table Extraction. Given (D,F , PF ),
produce the M -complete linked table in two sub-
stages:

S2.1: Raw Row Extraction (Parse). Extract raw
candidate rows {(ŝk, t̃k, ℓk)}Kk=1 from the index
region, handling OCR, multi-page stitching, and
multi-column layouts.

S2.2: Disclosure Linking (Bind ·Fill). Fuzzy-
join candidates against F on ŝk → si: candidates
with no canonical match are dropped, duplicates
are merged, and schema entries with no candidate
become ε rows, yielding the M -complete table
{r′i} = {(si, ti, t̃i, ℓi)}.

S3: Page Cross Reference (Resolve). Given
each r′i and D, resolve ℓi → Pi by recovering
the report’s label-to-index function λ and resolving
each token by type: numeric labels via λ−1, sec-
tion references via GoTo links or heading lookup,
external citations to Pi=∅.

We now turn to how this formalism is annotated,
stratified, and evaluated in practice.
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4 Dataset Construction

esg_cid_plus is built from the 73 GRI PDFs
in airefinery/esg_cid (57 train, 6 dev,
10 test_gri), covering GRI Standards 2016
(M=238) and GRI Standards 2021 (M=147); the
11 ESRS documents are set aside as a separate fu-
ture task. We select 26 of the 73 reports for three
real-world splits, stratified by page-label scheme
complexity and index layout, and annotate ten addi-
tional reports for an adversarial hard tier. The full
per-report listing is in Appendix A.

Annotation protocol. The annotator starts from
the framework template F and, per PDF: (i) locates
the content index pages, recorded as the S1 ground
truth; (ii) for each si ∈ F , copies the location cell
text ℓi verbatim from the matching content-index
row (left empty if none exists); (iii) resolves each
populated ℓi to physical page indices Pi, following
section-name pointers where needed.

Row taxonomy. Every row of CIF (D) is first ab-
sent (ℓi=ε, count Mabs, inserted by step (ii) to en-
force M -completeness) or mentioned (ℓi ̸=ε, count
Mmen; gold target for S2), so M = Mabs+Mmen.
Mentioned rows further split into page-indexed
(Pi ̸=∅, count Mpg; gold target for S3 — numeric
spans and resolvable section pointers) and non-
page-indexed (Pi=∅, count Mpg; omission mark-
ers, external references, unresolvable section point-
ers), so Mmen = Mpg +Mpg. Per-split totals are
unpacked in Section A.3.

Standard vs. topic-qualified disclosures. Most
disclosures are standard (e.g. 2-1): one row, one
identity. Material-topic disclosures (103-1/2/3
under GRI 2016, 3-3 under GRI 2021) instead
recur once per material topic under an identical ID
and title — the same binding problem as a data
cell under a multi-level header (§2), except the
governing header sits in the surrounding section,
not the table. GRI 2016 crosses 96 such disclosures
against up to 32 topics; GRI 2021 has 32. We
evaluate baselines on the standard disclosures and
analyze topic-qualified rows separately.

Difficulty tiers. Tiers are defined by
construction-side signals observable before
any model is applied. We classify each PDF’s
label-to-index function λ as trivial (declared and
machine-readable), nontrivial (must be inferred
empirically, e.g. from sampled headers), or
complex (requires parsing document structure).

gri_easy (10 PDFs): trivial scheme, contiguous
well-labelled index. gri_medium (10 PDFs): a
nontrivial scheme (6/10), sidebar/multi-column
layout, or non-standard headers. gri_hard
(10 PDFs): six real-world adversarial reports
(section-based location text, double-page-spread
labeling, or a complex hierarchical scheme)
plus four synthetic _x perturbations (image-only
rendering or scrambled /PageLabels) applied to
easy/medium source reports; Table 4 (Appendix A)
lists all ten.

5 Experimental Setup

Of the four stages formalized in §3.2 (Figure 2),
only S2.1 is model-inferred ( ); S1, S2.2, and S3
are deterministic ( ) and shared by all backends,
so end-to-end differences reflect the S2.1 backend
alone.

5.1 Baselines

S1: CI Page Retrieval (Search). We index each
page with lunr (Diaz, 2018), a lightweight TF-IDF
lexical search engine, and query it using batched
disclosure ids and titles from F . We take the top-10
retrieved pages as seeds and expand each by a ±5-
page neighborhood. We then confirm candidate
pages using disclosure-id density: we normalize
framework-id regex matches by token count and
accept a page if its density exceeds 0.03 or, for
sparse pages, if it contains at least seven matches
regardless of density. We tuned the five retrieval
hyperparameters (seed count, neighborhood radius,
density threshold, match-count floor, and the OCR
fallback below) once on train_small (S1 P/R/F1
= .95/.98/.96) and kept them fixed across all evalua-
tion splits. Finally, we close confirmed pages under
contiguity by filling gaps between adjacent detec-
tions. When a page has an empty or sparse text
layer, we transparently substitute RapidOCR (Rap-
idAI, 2021) output before indexing and density
scoring, allowing the same retrieval pipeline to han-
dle rasterized reports without a separate code path.

S2: CI Table Extraction (Parse ·Bind ·Fill).
We render confirmed CI pages as images and parse
them with Img2Table (Canton, 2021)+RapidOCR
(S2.1). We scan each extracted row for a disclosure
id: an id match opens a new candidate row, while
subsequent rows without an id extend the current
candidate by appending their title and location-text
cells until the next id match. This recovers disclo-
sures whose title or location text spans multiple
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Model S2-F1 Model S2-F1 Model S2-F1

GPT-5.5 0.85 Qwen3.5-35B-A3B 0.65 Ministral-3-3B 0.48
GPT-5.4 0.80 Nemotron-Nano-v2-VL 0.65 Gemma-4-12B-it 0.45
GPT-5-mini 0.80 Ministral-3-8B 0.64 Nemotron-3-Nano-Omni 0.45
Qwen3.5-27B 0.79 Ovis2.5-9B 0.63 LLaVA-OneVision-2 0.42
Gemini-3.5-Flash 0.79 Claude Haiku 4.5 0.61 UI-TARS-1.5-7B 0.34
Gemini-3.1-Flash-Lite 0.78 GPT-5-nano 0.60 InternVL3.5-2B 0.31
Gemini-3-Flash 0.77 Qwen3.5-9B 0.59 Gemma-4-E4B-it 0.31
Qwen3.6-27B 0.77 MiniCPM-V-4.5 0.58 Qwen3.5-2B 0.28
Ovis2.6-30B-A3B 0.74 InternVL3.5-4B 0.56 Granite-Vision-4.1-4B 0.28
Qwen3.6-35B-A3B 0.74 InternVL3.5-8B 0.56 InternVL3.5-1B 0.27
Gemma-4-31B-it 0.71 Qwen3.5-4B 0.56 MiniCPM-V-4.6 0.23
Claude Sonnet 4.5 0.71 Baseline (Img2Table) 0.52 Ovis2.5-2B 0.21
GLM-4-6v-flash 0.69 Qianfan-OCR 0.52 Gemma-4-E2B-it 0.19
Gemma-4-26B-A4B-it 0.67 Step3-VL-10B 0.51 Qwen3.5-0-8B 0.16
olmOCR-2-7B-1025 0.66 InternVL3.5-14B 0.50 Ovis2-1B 0.13
Ministral-3-14B 0.66 InternVL3.5-30B-A3B 0.50 Granite-Vision-3.2-2B 0.06

Table 2: Mean S2-F1 across gri_easy, gri_med, and gri_hard (oracle S1). Closed-source models are indicated in
blue; the Baseline (§5.1) is indicated in red.

table rows. We then normalize candidate ids (re-
moving whitespace, dash variants, and framework
prefixes) and join them to F by exact id match
(S2.2). We discard candidates with no schema
match and emit ε rows for schema disclosures
with no matching candidate. Every S2.1 backend
shares this normalize-then-join stage, so it absorbs
backend-specific formatting noise identically be-
fore scoring.

S3: Page Cross Reference (Resolve). We read
the PDF’s /PageLabels catalog (numbering style,
prefix, and start page) and build a label→physical-
index map, defaulting to implicit arabic-from-zero
numbering when the catalog is absent. We then
mine each row’s location text for numeric ranges,
bare numbers, and roman or alphabetic labels af-
ter scrubbing disclosure ids (so, e.g., "2-1" is not
misread as a page range). Finally, we resolve each
mined label through the map to produce Pi, drop-
ping labels that do not appear in the map. This
explains why non-page-indexed mentioned rows
(§4) exist even when ℓi is populated.

5.2 Metrics

We report three canonical metrics, one per stage
boundary. S1-P/R/F1 is macro P/R/F1 over per-
report page tuples (D, p), p ∈ PF . S2-P/R/F1 is
scored at the end of S2.2: micro P/R/F1 over men-
tioned tuples (D, si, ℓi) (§4), where a true positive
requires both the correct disclosure identifier si
and the extracted verbatim location text ℓ̂i to fuzzy-
match the gold ℓi at θ ≥ 85 (rapidfuzz token-sort
ratio). S3-P/R/F1 is the end-to-end score after S3:
micro P/R/F1 over (D, si, p) tuples, one tuple per

resolved page index p ∈ Pi; a predicted tuple is a
true positive only if both si and that specific physi-
cal page index p exactly match a gold tuple.

Topic-qualified identifiers (Bind). Gold topic-
qualified rows (e.g. 3-3:Materials, §4) are in-
cluded in all reported scores. No evaluated system
attempts topic binding — the deterministic extrac-
tor merges recurring 3-3 rows into one candidate,
and the VLM prompt requests unqualified ids — so
these gold rows are unreachable for every backend
and uniformly bound recall. Scoring each configu-
ration with and without topic-qualified identifiers
therefore isolates the cost of Bind as a controlled
ablation.

5.3 S2 Model Sweep Setup

For the sweep, the same rendered CI page im-
ages are given directly to a vision-language model
prompted for the same (id, title, location-text)
triples — no table-parsing step. S2.1 is the only
stage swept across backends; every backend is com-
posed with oracle S1 and the shared S2.2/S3 stages
above (Table 2). The sweep evaluates 48 back-
ends under one shared harness: open-weight VLMs
are self-hosted on Kubernetes (AKS) with H100
GPU nodes, served via vLLM (Kwon et al., 2023);
closed models are queried through their provider
APIs behind the same gateway. Appendix B gives
further detail.

Roster curation. We used OCRBench (Liu et al.,
2024) — the OCR-centric benchmark most con-
sistently reported across candidate models’ techni-
cal reports and model cards — as a guide: back-
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S1 S2 S3

Split Gold P R F1 P R F1 P R F1

gri_easy
all .93 .97 .93 .64 .51 .56 .73 .56 .64
w/o topic (same) .64 .53 .58 .73 .67 .70

gri_med
all .93 .96 .92 .73 .57 .64 .69 .46 .55
w/o topic (same) .73 .59 .65 .69 .58 .63

gri_hard
all .92 .78 .79 .36 .29 .32 .26 .06 .10
w/o topic (same) .36 .30 .33 .26 .08 .12

Table 3: Deterministic baseline scored at each stage
boundary, with S2/S3 composed on the baseline’s own
detected S1. all scores against the full gold; w/o topic
excludes topic-qualified identifiers — the Bind ablation
(S1 is unaffected).

ends were selected to span its full published score
range, not just current leaderboard leaders, so the
sweep covers varying document-reading compe-
tence rather than only strong OCR readers. Twenty-
five of the evaluated open-weight models report a
comparable OCRBench number; the frontier APIs
and several families (e.g. the ministral-3 models
and most gemma-4 variants) do not publish one,
as do four models whose only available figure
comes from a third-party competitor table — all ex-
cluded from the OCRBench-conditioned analysis
of §7, which checks whether that guide actually pre-
dicted extraction quality. Per-backend references
are listed in Appendix B.3.

6 Results

6.1 Deterministic Baseline

Table 3 reports the fully deterministic pipeline (§5)
at each stage boundary on the three evaluation
splits. S1 detection is near solved on gri_easy; the
OCR fallback is what keeps gri_hard viable (with-
out it, hard-split S1-F1 drops from .79 to .60). The
S2 and S3 scores compose the baseline’s own de-
tected S1, so they inherit these S1 errors; gri_hard
collapses at S3 (.10) — the page-resolution patholo-
gies analysed below. The Bind ablation (§5.2) ex-
cludes topic-qualified identifiers from gold: S2-F1
moves by at most .02, but S3-F1 rises by .06/.08/.02
on the three splits — recall the baseline forfeits by
never attempting topic binding.

6.2 Selecting the S2.1 Backend: A VLM
Sweep

We sweep open-weight VLMs spanning sub-1B
to 35B parameters (plus frontier API references)
as S2.1 backends, all evaluated under oracle S1
with shared S2.2/S3 code. Unlike prior VLM-vs-
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Figure 3: Mean S2-F1 vs. self-reported OCRBench (Liu
et al., 2024), for the 25 open-weight backends with
a comparable score. Points are colored by parameter
count (total for mixture-of-experts); the dashed line is
the OLS fit with an approximate 95% band.

OCR table-extraction benchmarks (Nunes et al.,
2025; Soric et al., 2025; Horn and Keuper, 2026)
(§2), which compare models on isolated single-
page tables, GRI content indices routinely span
multiple physical pages as a single logical table, so
extraction quality here is measured by its effect on
a composed, framework-grounded output.

Table 2 ranks all evaluated models by mean S2-
F1 across the three splits, grouped by model fam-
ily and ordered by parameter count (mixture-of-
experts sizes shown as total/active).

7 Analysis

7.1 Relationship to Standard OCR
Benchmarks

Figure 3 tests whether OCRBench, used to guide
roster curation (§5.3), actually predicts S2 extrac-
tion quality, plotting mean S2-F1 against it for
the 25 open-weight backends with a comparable
score. The association is positive but loose: Pear-
son r = 0.58 (p = 0.002; Spearman ρ = 0.61), so
OCRBench accounts for only about a third of the
variance in S2-F1 (r2 = 0.34). Reading compe-
tence is thus necessary but far from sufficient for
content-index extraction.

The residuals are structured by model ca-
pacity: several sub-2B models (e.g. ovis2-1b,
qwen3-5-2b) post a competitive OCRBench (77–
89) yet collapse to S2-F1 below .25, and the signed
residual increases with parameter count (Spear-
man ρ = 0.60). We read this as a task mis-
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Figure 4: S2.1 location-extraction quality (S2-F1) by parameter bin, per split, for dense vs. mixture-of-experts
open-weight VLMs under oracle S1 (closed models excluded, no published size); dotted lines mark GPT-5.5
and the deterministic Baseline. Boxes show median and IQR; dots are individual models. Annotated outliers:
Ministral-3-3B, olmOCR-2-7B, and Qwen3.5-27B, the only open model to surpass GPT-5.5.

match, not noise: OCRBench rewards recogniz-
ing characters in single-region crops, already sat-
urated at this size, while S2 demands multi-page,
schema-faithful structured prediction and instruc-
tion following—these models can compose a table
(many emit HTML natively), but our task’s specific
structuring, a multi-page (id, title, location-text)
triple matched against F’s fixed schema, breaks
that flow. Other OCR-centric benchmarks we col-
lected show the same trend (DocVQA (Mathew
et al., 2021), r = 0.68; CharXiv (Wang et al.,
2024), r = 0.70), so the pattern is not specific to
OCRBench. Since these small models’ character-
recognition competence is already saturated, a nat-
ural line of future work is to repurpose them as
pure OCR engines feeding the deterministic S2.1
pipeline (§5.1) — in place of RapidOCR — rather
than asking them to also structure the output, and
compare against the Img2Table+RapidOCR base-
line directly.

7.2 S2 Extraction Quality

Figure 4 summarizes the S2.1 sweep (§6.2) as S2-
F1 distributions over parameter bins, separating
dense from mixture-of-experts models. Three pat-
terns are consistent across splits. First, closed fron-
tier models lead on the hard split (GPT-5.5 at .78
S2-F1 vs. .68 for the best open model), but the best
open models are competitive or better on gri_med
(Qwen3.5-27B at .92). Second, location-text fi-
delity scales with model capacity far more steeply
than disclosure identification does: sub-4B models
frequently extract the right rows but paraphrase or
truncate location text, collapsing S2-F1 below .40.

Third, split difficulty dominates model choice on
gri_hard: every backend degrades substantially,
consistent with the pagination and rasterization
pathologies described above.

8 Conclusion

We formalized Content Index Detection (CID)
as a composition of five document-extraction
tasks — Search, Parse, Bind, Fill, and Resolve
— spanning three evaluable stages, and released
esg_cid_plus: 37 GRI reports and 7,294 M -
complete rows stratified into gri_easy, gri_med,
and an adversarial gri_hard tier, each row carry-
ing both verbatim page-location text and resolved
physical page indices. Our deterministic base-
line and 35B-parameter VLM sweep converge on
the same finding from opposite directions: page-
location resolution (S3) is the binding bottleneck,
not table extraction (S2.1). Even oracle-quality
S2.1 rows only lift gri_hard S3-F1 to .11, and im-
provements in S2-F1 among strong backends stop
translating into S3-F1 gains once extraction quality
clears a moderate threshold — what predicts end-to-
end success past that point is whether a backend’s
page references resolve cleanly, not how closely
its location text matches the annotator’s phrasing.
This decomposition lets future work target Resolve
directly — e.g. modelling a report’s label scheme
jointly with extraction, rather than treating page res-
olution as a deterministic post-process — and the
stage-scored, page-resolved gold in esg_cid_plus
makes that progress measurable rather than inferred
from end-to-end scores alone.
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Limitations

esg_cid_plus covers 37 GRI reports (10/10/10
across gri_easy/gri_med/gri_hard, plus 7
dev), substantially smaller than table-structure-
recognition corpora such as PubTables-1M.
Annotating page-resolved content indices requires
a human to locate the index pages, transcribe
location text verbatim, and resolve it against
each report’s own page-label scheme — a slow,
per-report process that does not scale the way
automatically mined tables do. This is most
acute for gri_hard: ten reports is enough to
surface the label-scheme and rasterization failure
modes we report, but too few to estimate how
S3 performance varies across the long tail of
adversarial page-labeling conventions in the wild.

Ethics Statement

The corporate sustainability reports underlying
esg_cid_plus are publicly disclosed by the com-
panies themselves, contain no personal or sensitive
information, and are used here strictly for their
stated purpose: making ESG disclosures auditable.
Annotation was carried out by the authors; no exter-
nal crowd labor was used. We see this work as sup-
porting, not substituting for, sustainability account-
ability: automating content-index recovery low-
ers the cost of checking whether a report actually
discloses what a framework requires, which ben-
efits auditors, investors, NGOs, and regulators as-
sessing compliance at scale, and the stage-level er-
rors we surface (particularly the S3 page-resolution
bottleneck) are meant to caution against deploy-
ing automated disclosure-checking tools without
accounting for where they still fail. We do not
foresee a dual-use risk specific to this task: the
same extraction pipeline that helps a third party
verify a report’s disclosures could in principle help
a reporting company game a content index, but
the dataset and models here only recover disclo-
sure structure that a report already states, and do
not evaluate the truthfulness of underlying ESG
claims. esg_cid_plus will be released under the
same license as its source PDFs’ host repository,
airefinery/esg_cid, at https://huggingface.
co/datasets/ahmeshaf/esg_cid_plus.

Disclaimer

This content is provided for general information
purposes and is not intended to be used in place of
consultation with our professional advisors. This

document may refer to marks owned by third par-
ties. All such third-party marks are the property of
their respective owners. No sponsorship, endorse-
ment or approval of this content by the owners of
such marks is intended, expressed or implied.

Copyright © 2026 Accenture. CC BY-NC-ND.
All rights reserved. Accenture and its logo are
registered trademarks of Accenture.
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Ahmed Hamdi, Matěj Kocián, Matyáš Skalický, Jiří
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A Dataset Details

A.1 gri_hard Composition

Table 4 lists the ten gri_hard reports underlying
the difficulty tiers of §4.

A.2 Page-Label Schemes

Table 7 reports, for each of the 37 PDFs, the de-
clared /PageLabels scheme (trivial: no entry,

Report Category Mod.

HELLENIC_TELECOM_
2021

Section-based location text

OLYMPUS_2021 Section-based location text
PANASONIC_2022 Section-based location text
FUJITSU_2023 Complex label scheme text
ADANI_2022 Double-paged text
ADAPTEO_2022 Double-paged text

FUJITSU_2023_x Scrambled labels text
HYUNDAI_2020_x Image-only CI pages mixed
TOYOTA_2023_x Image-only image
TRAIN_187_x Scrambled labels text

Table 4: The ten gri_hard reports. _x suffix = synthetic
perturbation of a source report; the rest are real-world
adversarial documents. Mod.: mixed = only GRI index
pages rasterized; image = full document rasterized.
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Split PDFs Pages/PDF M M abs Mmen Mpg Mpg |PF |/D
median (Q1, Q3) mean

gri_easy 10 96 (74, 166) 1,936 1,105 831 790 41 5.8
gri_medium 10 128 (92, 148) 1,937 1,007 930 917 13 4.1
gri_hard 10 131 (62, 290) 2,028 1,169 859 823 36 8.2
train_small 7 125 (62, 166) 1,393 895 498 497 1 4.0

Table 5: Per-split statistics. M = total schema rows; M abs / Mmen = absent / mentioned rows; Mpg / Mpg =
page-indexed / non-page-indexed mentioned rows; |PF |/D = mean index pages per report (S1 scale).

implicit i = l − 1; nontrivial: missing or struc-
turally irregular; complex: non-numeric labels re-
quiring custom parsing — see §4 for the tier defi-
nitions these feed) and the resulting label-to-index
function i = f(l).

A.3 Descriptive Statistics

Table 5 summarises each split along the dimensions
that drive the four evaluation stages.

Three patterns stand out. First, absent rows dom-
inate: roughly 55–57% of schema slots are un-
populated across all splits, reflecting real variation
in what companies choose to disclose. Second,
gri_hard has the highest mean index-page count
(8.2 vs 4–6 elsewhere), a direct consequence of
selecting reports with complex or multi-part con-
tent indices. Third, non-page-indexed rows are rare
(91 of 3,118 mentioned rows, 2.9%) but must be
retained for S2 eval: they carry valid location or sta-
tus information even when no physical page index
can be produced.

Table 6 breaks down rows by disclosure kind.
Standard disclosures dominate in both count and
mention rate; the topic-qualified family is smaller
but carries a distinct difficulty — every mentioned
topic-qualified row is page-indexed (Mmen

top =
Mpg

top), so all non-page-indexed rows in the dataset
come from standard disclosures. Baselines are eval-
uated over standard disclosures only.

Standard Topic-qualified

Split Mstd Mmen
std Mpg

std Mtop Mmen
top Mpg

top

gri_easy 1,305 774 733 631 57 57
gri_medium 1,305 850 837 632 80 80
gri_hard 1,334 798 762 694 61 61
train_small 928 401 400 465 97 97

Table 6: Rows by disclosure kind. Mstd/Mtop = standard
/ topic-qualified total rows; superscripts men / pg =
mentioned / page-indexed subsets. Mmen

top = Mpg
top in all

splits: all topic-qualified rows are page-indexed.

A.4 Qualitative Analysis
The common case — a numeric label resolving
cleanly to a physical page — is well represented
across all splits (e.g. ℓi="62" → Pi={61}, or a
range "12-15" → {11, 12, 13, 14}). Three harder
cases illustrate why the benchmark is difficult.

Section-based location. In OLYMPUS_2021
(GRI 102-1), the content index gives
ℓi="Consolidated Company Outline" with no
page number. The verbatim cell is retained as ℓi for
auditability, but Pi=∅ — the row is mentioned but
non-page-indexed. This is the defining challenge
for the three section-based reports in gri_hard:
the location text is present and correct, but no
numeric index can be produced without resolving
the section pointer.

Topic-qualified disambiguation. In KERRY GRO-
UP_2023, the GRI 3-3 row recurs once per material
topic in the content index with no topic label —
the topic is given only by the surrounding section
header. The gold resolves each occurrence to its
qualified identifier (e.g. si=3-3:Biodiversity),
yielding thirteen distinct 3-3 disclosures that the
flat namespace in airefinery/esg_cid collapses
to a single row.

Image-only perturbation. In TOYOTA_2023_x,
all pages are rasterised and carry no text layer.
The gold annotation is intact (si=2-1, ℓi="3",
Pi={2}), but the disclosure is inaccessible to any
text-only system. The same row is trivially ex-
tractable from the unperturbed TOYOTA_2023 in
gri_medium, making the pair a controlled ablation
of what image-only rendering costs.

B Implementation Details

B.1 Evaluation Harness (model-iq)
We run the S2.1 backend sweep (§6.2, §5.3) on
model-iq, an internal Kubernetes-native control
plane for serving and governing both self-hosted
and API-based large language models as one fleet.

195



Report (Company) Ctry SASB Industry Year Layout |PF | G
label

scheme i = f(l)

gri_easy
GRI 2016 (M = 238)

TRAIN_170 (Coupa) US Software and IT Services 2021 single 6 76 trivial i = l − 1
TRAIN_20 (Pfizer) US Biotechnology and

Pharmaceuticals
2021 single 10 75 trivial i = l − 1

TRAIN_212 (Molson Coors
Beverage)

US Alcoholic Beverages 2022 single 3 61 trivial i = l − 1

TRAIN_225 (Green Plains) US Biofuels 2021 single 10 115 trivial i = l − 1
TRAIN_70 (TJX Companies) US Apparel Accessories and

Footwear
2022 single 5 76 trivial i = l − 1

GRI 2021 (M = 147)
AB SKF_2023 SE Industrial Machinery and

Goods
2023 single 5 84 trivial i = l − 1

KERRY GROUP_2023 IE Processed Foods 2023 single 5 115 trivial i = l − 1
KIA_2024 KR Automobiles 2024 single 3 102 trivial i = l − 1
KPN_2023 NL Telecommunications 2023 single 9 63 trivial i = l − 1
TRAIN_90 (SK Inc.) KR Asset Management and

Custody Activities
2023 single 2 86 trivial i = l − 1

gri_medium
GRI 2016 (M = 238)

TRAIN_143 (Kumbra Iron Ore) ZA Metals and Mining 2020 single 5 132 trivial i = l + 1
TRAIN_153 (NTT DOCOMO) JP Telecommunications 2020 single 4 148 trivial i = l
TRAIN_187 (Ferrexpo) CH Metals and Mining 2020 single 7 84 trivial i = l
TRAIN_194 (Banca
Transilvania)

RO Commercial Banks 2020 single 6 150 nontrivial i = l − 1

TRAIN_307 (Taishin Financial) TW Commercial Banks 2021 single 5 114 trivial i = l + 1
GRI 2021 (M = 147)

HYUNDAI_2023 KR Automobiles 2023 single 3 108 trivial i = l − 1
HYUNDAI_2024 KR Automobiles 2024 single 3 108 nontrivial i = l − 1
LACTALIS_2023 FR Meat, Poultry and Dairy 2023 single 3 57 trivial i = l + 1
TOYOTA_2023 JP Automobiles 2023 single 3 46 nontrivial i = l − 1
TRELLEBORG_2023 SE Industrial Machinery and

Goods
2023 single 2 83 nontrivial i = l + 1

gri_hard
GRI 2016 (M = 238/241)

ADANI_2022 IN Engineering and Construction
Services

2022 double 8 129 nontrivial i = ⌊l/2⌋

HELLENIC_2021 GR Telecommunications 2021 single 14 122 trivial i = l − 1
HYUNDAI_2020_x† KR Automobiles 2020 single 5 93 trivial i = l − 1
OLYMPUS_2021 JP Medical Equipment and

Supplies
2021 single 9 148 nontrivial i = l

PANASONIC_2022 JP Electrical and Electronic
Equipment

2022 single 5 137 trivial i = l

TRAIN_187_x† CH Metals and Mining 2020 single 7 84 complex —
GRI 2021 (M = 147/148)

ADAPTEO_2022 SE Real Estate Owners,
Developers and Investment
Trusts

2022 double 3 74 nontrivial i = ⌊l/2⌋

FUJITSU_2023 JP Software and IT Services 2023 single 14 117 complex —
FUJITSU_2023_x† (syn) JP Software and IT Services 2023 single 14 117 complex —
TOYOTA_2023_x† (syn) JP Automobiles 2023 single 3 46 trivial i = l − 1

Table 7: Per-report characteristics for all 37 PDFs. |PF | = number of content-index pages; G = true rows (ℓi ̸= ε);
/PageLabels scheme: trivial = no /PageLabels entry; nontrivial = missing or structurally irregular; complex
= non-numeric labels requiring custom parsing. i = f(l) is the 0-based page index as a function of the printed label
l. † = synthetic perturbation of the preceding real-world report.

This appendix details the parts of its architec-
ture relevant to reproducing the sweep; model-
iq’s broader scope (cost analytics, RBAC, budget-
scoped API keys) is out of scope here.

Unified serving. model-iq deploys open-weight
VLMs on GPU-backed infrastructure via KServe,
with the serving runtime pluggable per model (we
use vLLM (Kwon et al., 2023) and SGLang de-

pending on backend support); GPU scheduling
and autoscaling are handled by the GPU Opera-
tor and KEDA. API-based closed models (used
for the frontier-API references in Table 2) bypass
the serving layer entirely and are proxied through
the same gateway with provider credential injec-
tion. This means every backend — self-hosted or
API-based — is reachable through one OpenAI-
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compatible request path, so the extraction prompt,
image payload, and response parsing code in our
S2.1 harness is identical for all 48 backends; only
the routed endpoint differs.

Model cards. Each evaluated backend is regis-
tered as a model card: a versioned record of its
identity, weight source (Hugging Face repo id, or
provider/model id for closed models), and deploy-
ment configuration (serving runtime, GPU/replica
count, context-window and generation parameters).
Every reported score is tagged with the model-card
id and version that produced it, so a score can al-
ways be traced back to the exact serving configu-
ration used — important given that quantization,
context length, and runtime choice can all shift
VLM output quality independently of the underly-
ing checkpoint.

Request path and failure handling. The harness
issues one request per confirmed CI page image
(§5.3) through the model-iq gateway, which han-
dles auth, rate limiting, and per-backend routing;
multi-page CI regions are stitched at the application
layer after all page-level responses return. Back-
ends that time out, return malformed output, or ex-
ceed context are logged and excluded from that re-
port’s aggregate rather than imputed, so per-model
N can vary slightly across splits (Appendix A re-
ports per-report coverage).

Why a unified fleet, not per-provider scripts.
Prior VLM-vs-OCR benchmarks (§2) typically
compare a handful of models, often via each
provider’s own SDK or a single self-hosted run-
time. At 48 backends spanning sub-1B self-hosted
VLMs to frontier closed APIs, per-provider inte-
gration code would itself become a confound —
subtle differences in retry logic, image encoding,
or prompt formatting across scripts could shift
scores independently of model quality. Routing
every backend through one gateway and one model-
card schema removes that confound and is what
makes the sweep’s cross-backend comparisons at-
tributable to the model alone.

Decoding parameters. We do not pin sam-
pling parameters across the sweep: each self-
hosted backend reuses its own model fam-
ily’s recommended hyperparameters (tempera-
ture, top-p, etc., as specified in the check-
point’s generation_config.json), falling back
to vLLM/SGLang’s defaults (temperature = top-p

= 1.0) when a checkpoint specifies none. Closed-
model backends use their provider’s own default.

B.2 Extraction Prompt and Structured
Output

Every S2.1 backend is given the same system
prompt and constrained to the same structured-
output schema (a Pydantic LLMExtractedTable
of ExtractedCIRow objects), enforced via
response_format on every request regardless of
backend.

System Prompt
You are extracting a GRI Content Index table
from a sustainability report page.

For each row extract:
— standard_id: the GRI standard number,

e.g. "GRI 302-1", "2-1", "102-1"
— disclosure_text: the disclosure title

or description
— page_location_text: the page reference

verbatim, e.g. "42", "p.42–43", "N/A"
— note: any extra remark shown in the row,

e.g. "partially reported", "omitted"

Rules:
— Include all rows, even those with no

page reference.
— Do not invent standard IDs — only

extract what is explicitly present.
— Normalise standard_id to the form

"NNN-N" or "GRI NNN-N" as printed.
— If the page has multiple index tables

(e.g. side-by-side columns or separate
topic sections), collapse them into one
flat list of rows.

Expected Output
{

"rows": [
{

"standard_id": "305-1",
"disclosure_text": "Direct (Scope 1)

GHG Emissions",
"page_location_text": "44–45",
"note": ""

},
{

"standard_id": "2-1",
"disclosure_text": "Organizational

details",
"page_location_text": "12",
"note": "partially reported"

}
]

}

B.3 Roster Curation

Table 8 reports the same mean S2-F1 ranking as Ta-
ble 2 in the main text, with each backend’s provider
affiliation added as a field; those affiliations line
up with the family groupings below. The sweep’s
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Model Affiliation loc-F1 Model Affiliation loc-F1

GPT-5.5 OpenAI 0.85 InternVL3.5-4B Shanghai AI 0.56
GPT-5.4 OpenAI 0.80 InternVL3.5-8B Shanghai AI 0.56
GPT-5-mini OpenAI 0.80 Qwen3.5-4B Alibaba 0.56
Qwen3.5-27B Alibaba 0.79 Baseline Ours 0.52
Gemini-3.5-Flash Google 0.79 Qianfan-OCR Baidu 0.52
Gemini-3.1-Flash-Lite Google 0.78 Step3-VL-10B StepFun 0.51
Gemini-3-Flash Google 0.77 InternVL3.5-14B Shanghai AI 0.50
Qwen3.6-27B Alibaba 0.77 InternVL3.5-30B-A3B Shanghai AI 0.50
Ovis2.6-30B-A3B Alibaba 0.74 Ministral-3-3B Mistral AI 0.48
Qwen3.6-35B-A3B Alibaba 0.74 Gemma-4-12B-it Google 0.45
Gemma-4-31B-it Google 0.71 Nemotron-3-Nano-Omni NVIDIA 0.45
Claude Sonnet 4.5 Anthropic 0.71 LLaVA-OneVision-2 LLaVA Team 0.42
GLM-4-6v-flash Zhipu AI 0.69 UI-TARS-1.5-7B ByteDance 0.34
Gemma-4-26B-A4B-it Google 0.67 InternVL3.5-2B Shanghai AI 0.31
olmOCR-2-7B-1025 AI2 0.66 Gemma-4-E4B-it Google 0.31
Ministral-3-14B Mistral AI 0.66 Qwen3.5-2B Alibaba 0.28
Qwen3.5-35B-A3B Alibaba 0.65 Granite-Vision-4.1-4B IBM 0.28
Nemotron-Nano-v2-VL NVIDIA 0.65 InternVL3.5-1B Shanghai AI 0.27
Ministral-3-8B Mistral AI 0.64 MiniCPM-V-4.6 OpenBMB 0.23
Ovis2.5-9B Alibaba 0.63 Ovis2.5-2B Alibaba 0.21
Claude Haiku 4.5 Anthropic 0.61 Gemma-4-E2B-it Google 0.19
GPT-5-nano OpenAI 0.60 Qwen3.5-0-8B Alibaba 0.16
Qwen3.5-9B Alibaba 0.59 Ovis2-1B Alibaba 0.13
MiniCPM-V-4.5 OpenBMB 0.58 Granite-Vision-3.2-2B IBM 0.06

Table 8: Mean loc-F1 across gri_easy, gri_med, and gri_hard (oracle S1). Closed-source models are indicated
in blue; the Baseline (§5.1) is indicated in red.

48 backends are drawn from the following model
families:

• Claude: claude-haiku-4-5 and claude-sonnet-
4-5 (Anthropic, 2025a,b)

• Gemini: gemini-3-flash-preview (Google,
2025), gemini-3.1-flash-lite (Google Deep-
Mind, 2026a), and gemini-3.5-flash (Google
DeepMind, 2026b)

• Gemma: the gemma-4 family (gemma-4-e2b-
it, gemma-4-e4b-it, gemma-4-12b-it, gemma-
4-26b-a4b-it, and gemma-4-31b-it) (Gemma
Team, 2026)

• GLM: glm-4-6v-flash (Hong et al., 2025)
• GPT: gpt-5-mini and gpt-5-nano (Singh et al.,

2025), gpt-5-4-1 (OpenAI, 2026a), and gpt-5-
5 (OpenAI, 2026b)

• Granite Vision: granite-vision-3-2-2b (Gran-
ite Vision Team et al., 2025) and granite-
vision-4-1-4b (IBM Granite Vision Team,
2026)

• InternVL: the internvl3-5 family (internvl3-5-
1b, internvl3-5-2b, internvl3-5-4b, internvl3-
5-8b, internvl3-5-14b, and internvl3-5-30b-
a3b) (Wang et al., 2025)

• LLaVA: llava-onevision-2-8b-instruct (An
et al., 2026)

• MiniCPM-V: minicpm-v-4-5 (Yu et al.,
2026) and minicpm-v-4-6 (Yu et al., 2026;
OpenBMB, 2026)

• Ministral: the ministral-3 family (ministral-3-
3b, ministral-3-8b, and ministral-3-14b) (Liu
et al., 2026)

• Nemotron: nemotron-nano-v2-vl (Deshmukh
et al., 2025) and nemotron-3-nano-omni-
reasoning (Deshmukh et al., 2026)

• olmOCR: olmocr-2-7b-1025 (Poznanski
et al., 2025)

• Ovis: ovis2-1b (Lu et al., 2024), the ovis2-5
models (Lu et al., 2025), and ovis2-6-30b-
a3b (AIDC-AI Ovis Team, 2026; Lu et al.,
2025)

• Qianfan: qianfan-ocr (Dong et al., 2026)
• Qwen: the qwen3-5 family (qwen3-5-0-

8b, qwen3-5-2b, qwen3-5-4b, qwen3-5-9b,
qwen3-5-27b, and qwen3-5-35b-a3b) (Qwen
Team, 2026a) and the qwen3-6 mod-
els (qwen3-6-27b and qwen3-6-35b-a3b-
2) (Qwen Team, 2026b,c)

• Step3: step3-vl-10b (Huang et al., 2026)
• UI-TARS: ui-tars-1-5-7b (Qin et al., 2025)

Table 8 reports the same mean S2-F1 ranking as
Table 2 in a two-column layout with affiliation as
an added field. We print it in §B.3 rather than re-
peating it here, since the affiliation column pairs di-
rectly with the family-by-family roster listed there.
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