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Abstract

Document-Al pipelines increasingly begin by
converting a PDF to text with a parser—
classical extractors, OCR, layout models, or
vision-language models—before any retrieval
or reasoning. Overall-quality metrics (edit dis-
tance, TEDS) score these parsers as if all char-
acters mattered equally. They do not: a cor-
rupted number, date, identifier, or table cell
changes meaning while barely moving a simi-
larity score. We isolate this failure with a span-
typed diagnostic over six parsers, ten struc-
tured span types, and two conditions (digi-
tal and scanned), on a controlled corpus with
exact ground truth plus a real arXiv subset.
Three findings. (i) Preservation is highly parser-
and type-dependent: the best parser preserves
99.4% of spans while others fail specific types
catastrophically (Docling drops MARKUP to
6.0%; MarkItDown returns nothing on scanned
pages), so “which parser” is a per-span-type
risk decision, not a single score. (ii) Document-
level text similarity does not predict span loss
(Spearman p < 0.46 across all parsers and con-
ditions; ~ 0 for VLMs), so standard metrics are
blind to it. (iii) Downstream, corrupted spans
are dangerous precisely when the parse looks
successful: among questions whose evidence
span was corrupted but whose document still
returned text, 96.5% are answered with a confi-
dent wrong value rather than an abstention—an
undetectable error—whereas total parse fail-
ure is comparatively safe because it forces an
abstention. We release the resource behind
these numbers: 566,904 per-span verdicts over
660 documents and 7,560 parser outputs, under
CC-BY, with an independent verifier (49,720
checks) that re-derives every reported number.

1 Introduction

Retrieval-augmented and document-QA systems
rarely see a PDF directly. A parser first turns it
into text or Markdown—PyMuPDF, Tesseract, lay-
out models such as Docling, or a vision-language

model prompted to transcribe the page—and every-
thing downstream consumes that text. The parser
is therefore the point at which document evidence
either survives or is silently corrupted before any
model reasons over it.

The field evaluates parsers with document-level
fidelity metrics: normalized edit distance for text,
TEDS (Zhong et al., 2020) for tables. These
treat every character as equally important. But
in the documents that matter—financial, legal, sci-
entific, clinical—meaning is carried by structured
spans: numbers, dates, currency amounts, identi-
fiers, URLs, code, markup, quotations, and table
cells. Corrupting one of these (a transposed digit, a
dropped currency symbol, a mangled ID) changes
what the document says while barely denting an
edit-distance score, and no downstream component
flags it. Existing parser benchmarks (Ouyang et al.,
2025; Xu et al., 2026; Li et al., 2025) rank overall
quality; a growing line shows OCR quality does not
predict downstream RAG performance (Sun et al.,
2026). We complement these with a targeted, span-
typed audit of the specific failure mode—silent,
meaning-changing corruption—and release the per-
span verdicts so parsers can be audited on this axis.

Contributions. (i) A controlled, span-typed mea-
surement of structured-content preservation across
six parsers, ten span types, and digital/scanned
conditions, with exact ground truth (§3). (ii)
Evidence that document similarity does not pre-
dict span loss—metric blindness (§4). (i) A
downstream QA probe showing that the dangerous
regime is partial corruption behind a successful-
looking parse (96.5% confident-wrong), not total
failure (§5); plus a corruption taxonomy, an in-table
penalty, and honest OCR-resolution and real-PDF
controls (§6). (iv) A released CC-BY resource of
566,904 verdicts and a 49,720-check verifier.
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type prose prec. prose rec.

DATE 1.00 (5408/5408) 1.00 0.96
1D 1.00 (3473/3473) 0.91 1.00
CURRENCY 1.00(6912/6912) 1.00 1.00

inj. recall

Table 1: Detector validation for the added span types
(hand-audited). Recall on injected spans is exact; prose
precision/recall are on held-out human-labelled sam-
ples.

2 Setup

Corpus and ground truth. We render a con-
trolled corpus of 600 documents from text carrying
known structured spans, to digital PDF and to a ras-
terized “scanned” image PDF (so the OCR path is
exercised). Ground truth is the exact injected span
strings and their loci; frozen detectors (validated
below) recover them from parser output. A real
subset of 60 public arXiv PDFs provides ecolog-
ical validity, with spans taken from each paper’s
own text layer.

Parsers. Four local, free, CPU-only tools—
PyMuPDF4LLM (Artifex Software, 2024), Mark-
ItDown (Microsoft, 2024), Docling (Auer et al.,
2024), Tesseract (Smith, 2007)—and two vision-
language parsers, GPT-4.1 and GPT-4.1-mini
prompted to transcribe each page. Both VLMs
get one frozen prompt at temperature 0, and both
conditions are downscaled to a common pixel bud-
get so the conditions differ in image guality and
not in how many pixels the model is handed; the
prompt is reproduced verbatim in Appendix C. No
GPU was used; total API cost was ~$14.

Span types and matcher. Ten types: NUM-
BER, DATE, CURRENCY, ID, URL, EMAIL, CODE,
MARKUP, QUOTE, TABLE_CELL. A span is pre-
served iff it appears intact in the output under a
pinned normalization; we also report format-, digit-
, and delimiter-lenient levels (Table 3 uses strict).
The frozen detectors that recover spans from parser
output are hand-validated (Table 1): perfect re-
call on injected spans and 0.91-1.00 precision on
held-out prose, so a missed or spurious span can-
not masquerade as parser damage. Appendix A
gives the provenance, scoring criterion and leniency
sensitivity of all ten detectors—including why TA-
BLE_CELL needs no detector at all.

Discipline and cost. The design was pre-
registered (thresholds and decision rules fixed be-
fore results); deviations are logged. verify.py

parser cond. docs USD
GPT-4.1 digital 600 4.75
GPT-4.1 scanned 600 4.78
GPT-4.1-mini  digital 600 1.58
GPT-4.1-mini  scanned 600 1.59

VLM real-PDF subset (60 each) 120 1.42

Table 2: API cost. Local parsers (PyMuPDFALLM,
MarkItDown, Docling, Tesseract) are free; total VLM
spend ~$14.

Figure 1: Span preservation by parser x type x condi-
tion (all ten types). The best parser preserves 99.4%;
the damage concentrates in specific parser/type cells,
not uniformly.

re-derives every number in this paper from the raw
parser outputs and passes all 49,720 checks. The
four local parsers are free and CPU-only; the two
VLM parsers cost $14 in total (Table 2), so the
whole study is reproducible for the price of a few
API dollars and no GPU.

3 Preservation is parser- and
type-dependent (H1)

Table 3 and Figure 1 give the core result. Ag-
gregate preservation ranges from 99.4% (GPT-4.1-
mini, digital) to 0% (MarkItDown, scanned), but
the aggregate hides the point: each parser has spe-
cific span types it destroys. Docling, a strong lay-
out model on text and tables, drops MARKUP to
6.0% and QUOTE to 48.4%; MarkItDown silently
returns nothing on scanned input (it has no OCR
path); Tesseract is weakest on ID and CODE. The
VLM parsers are strongest overall and most uni-
form across types. Choosing a parser is thus a
decision about which span types you can afford
to lose, which an all-type quality number cannot
express. Damage persists under every matcher-
leniency level, each scored against its own denomi-
nator: pooled strict preservation is 85.7%; relaxing
digit formatting raises the digit-bearing spans to
89.5%; relaxing quotation delimiters raises QUOTE
from 71.9% to 78.5%. Leniency can only make a
span easier to count as preserved, so every rate here

274



cond.  parser NUM DATE CUR ID URL MAIL CODE MRK QT CELL ALL
PyMuPDFALLM 99.8 97.8 932 885 992 998 997 956 964 942 950
MarkItDown 99.8 979 93.6 88.7 99.2 998 99.6 949 96.7 945 952
digital Docling 99.7 999 995 89.1 98.7 998 821 6.0 484 982 939
Tesseract 96.4 847 74.0 747 915 981 688 90.6 859 73.6 782
GPT-4.1 99.2 995 957 972 979 987 978 934 90.1 98.1 97.6
GPT-4.1-mini 99.8 998 995 99.8 99.5 998 994 934 947 99.7 994
PyMuPDFALLM 92.8 948 89.2 863 975 992 924 835 462 923 90.6
MarkItDown 0.0 00 00 00 0.0 0.0 0.0 00 00 00 0.0
scanned Docling 91.1 949 966 856 964 993 723 43 415 964 90.6
) Tesseract 98.6 977 909 845 89.7 962 884 915 86.6 927 923
GPT-4.1 984 991 944 963 973 986 968 934 86.0 974 96.7
GPT-4.1-mini 99.7 997 994 99.7 993 99.6 98.6 928 90.7 99.6 99.1

Table 3: Strict span preservation (%) by parser X type X condition, controlled corpus (600 docs). Parsers fail
specific types catastrophically (bold): Docling on MARKUP/QUOTE; MarkItDown returns nothing on scanned pages
(no OCR path). The all-type mean (last column) hides this: choosing a parser is a decision about which span types

you can afford to lose.

is a lower bound on damage; the per-type ladder is
in Appendix A.

4 Similarity does not predict span loss
(H2)

Does a cheap document-level similarity score warn
you? We correlate per-document round-trip text
similarity with per-document span-preservation
rate. Pre-registered rule: |p| > 0.6 would make
similarity a usable predictor.

Within a parser and condition—the setting in
which a practitioner would actually use such
a check—it never comes close. The largest
|p| over all parser x condition cells is 0.46
(PyMuPDFALLM, scanned). For the VLM parsers
it is near zero, and worth stating precisely rather
than as “~ 0”: GPT-4.1 gives p = 0.07 (p = 0.11)
and p = 0.00 (p = 0.98), while GPT-4.1-mini
gives p = —0.12 in both conditions at p < 0.005—
small, and where statistically reliable, pointing
the wrong way. Pooled over the controlled cor-
pus, p = 0.39 for similarity and 0.57 for chrF2
(Popovié, 2015).

One configuration does cross the bar, and we
report it rather than bury it: pooling all six parsers
on the real arXiv subset gives p = 0.61. That is
an artifact of pooling a catastrophic parser with
working ones—MarkItDown contributes 60 docu-
ments at exactly (0, 0)—and deleting it drops the
real pooled figure to 0.33 and the controlled one
from 0.39 to 0.19. A correlation pooled across
parsers answers “can similarity tell a dead parser
from a live one”, which no one needs a metric for.
The guardrail question is within a parser, and there
the answer is no.

High  text  similarity coexists  with
heavy structured-span loss (Fig. 2). Edit-
distance/similarity-style metrics are therefore
blind to exactly the corruption that changes
meaning—consistent with, and mechanistic for,
the OCR-quality-vs-downstream gap reported by
Sun et al. (2026). The blindness is worst for the
VLM parsers, whose outputs are fluent Markdown
that scores high on text similarity whether or not
a digit was silently changed. A cheap similarity
check is not a usable guardrail: it will pass
corrupted documents.

5 The dangerous regime is partial
corruption (H3)

We attach a QA probe whose answer is a structured
span, and ask what happens when the parser cor-
rupted the evidence. When the span is preserved,
accuracy is 99.1% (3156/3185); when corrupted,
0.2% (1/415). That contrast is near-definitional
under exact match; the informative question is the
failure mode. Of 415 corrupted-span questions,
303 are abstentions (NOT__FOUND, detectable) and
111 are confident wrong values (undetectable). Cru-
cially, restricting to documents that did return text—
where the parse looked successful and the cor-
ruption is partial rather than total—111 of 115
(96.5%) come back as a confident wrong value.
Over the item pairs observed in both arms the con-
trast is paired-significant (McNemar with continu-
ity correction: 299 discordant pairs favouring pre-
served against 0 favouring corrupted, x? = 297.0,
p = 1.5 x 10796). Total parse failure is compara-
tively safe: an empty document forces an absten-
tion a pipeline can catch. Partial corruption behind
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Figure 2: Per-document round-trip text similarity vs. span-preservation rate, per parser and condition. High similarity
coexists with heavy span loss, and no parser x condition cell reaches the pre-registered |p| > 0.6 usability bar
(largest 0.46; both VLM parsers within 0.12 of zero, GPT-4.1-mini negative). MarkItDown has no OCR path, so its
scanned arm is a single point at the origin and its p is undefined.
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Figure 3: Downstream QA. When the evidence span is
preserved, accuracy is 99.1%; when corrupted, 0.2%.
The informative split is how it fails: on documents that
still returned text, 96.5% of corrupted-span questions
get a confident wrong answer rather than an abstention.

a successful-looking parse is the mode that silently
poisons downstream answers. The reader, prompt,
the exact definition of a confident wrong answer,
and why no retrieval step is involved are in Ap-
pendix B.

6 Taxonomy, tables, and honest controls

How spans break. Table 4 gives the failure tax-
onomy. Deletion dominates (64.3%), then trunca-
tion/split (15.1%); but a non-trivial slice is value-
changing—digit alteration (3.1%), delimiter sub-
stitution (2.3%), entity escaping (2.3%)—the kind

mode % mode %
deletion 64.3 digit alteration 3.1
truncation/split  15.1 delimiter subst. 23
other alteration 7.1 entity escaped 2.3
line-break split 5.3 repeat dropped 0.3

casing / cell-misalign 0.2

Table 4: Corruption taxonomy over all corrupted spans
(controlled, all parsers). Loss dominates, but ~8% is
value-changing.

that produces plausible wrong answers rather than
obvious gaps.

Tables cost extra. The same span type is pre-
served less well inside a table than in prose (Ta-
ble 5): ID —6.2, CURRENCY —3.4, DATE —2.1
points. Table row integrity—all cells of a row emit-
ted on one output line—varies sharply by parser
(Table 6), from 99.6% (GPT-4.1-mini) to 60.9%
(Tesseract, digital) and 0% (MarkItDown, scanned):
the parsers that preserve individual cells do not nec-
essarily preserve the row structure that makes them
interpretable.

OCR: resolution, not noise. Our two condi-
tions differ in two things at once—digital isa
clean 300 dpi render, scanned a degraded 200 dpi
one—so a Tesseract subsample fills in the miss-

276



NUM DATE

prose 89.7 903 885 862 90.7 78.1
table 884 882 851 80.1 90.7 884
A -13 -21 -34 -62 -0.1 4103

CUR ID MAIL CODE

Table 5: Preservation (%) of the same span type in prose
vs. inside a table. Identifiers suffer most inside tables.

parser digital scanned
PyMuPDFALLM  92.7 87.8
MarkItDown 759 0.0
Docling 95.5 90.9
Tesseract 60.9 80.0
GPT-4.1 95.5 94.5
GPT-4.1-mini 99.6 99.3

Table 6: Table row integrity (% of rows whose cells stay
on one output line).

ing cell of that 2x2, clean at 200dpi, and sep-
arates them (Table 7). The difference is almost
entirely resolution, and it runs in the unexpected
direction: moving 300 — 200 dpi raises CODE
by 20.5 and TABLE_CELL by 20.2 points, whereas
adding realistic scan degradation at fixed resolution
costs at most 1.8. Tesseract’s better showing on
the scanned condition in Table 3 is therefore a
rendering-resolution effect, not evidence that degra-
dation is harmless; we report the contrast as a dif-
ference in the imaging path as a whole and do not
call it “OCR corruption”.

Real PDFs, read carefully. On 60 arXiv papers
the parser ordering broadly reproduces (Table 8;
MarkItDown 0%, VLMs and PyMuPDF strong
on NUMBER). We flag one confound rather than
pool it: the DATE column is dominated by arXiv’s
submission stamp, printed rotated down the left
margin; Tesseract’s page segmentation recovers it
(95.5%) while layout/VLM parsers discard it (Do-
cling 0%, GPT-4.1-mini 12.1%)—a real behavioral
difference, but about rotated marginal text, not date
handling, so we report it separately and do not pool
it with the controlled corpus.

7 Discussion

The three findings compose into a single risk model.
Span loss is (i) type-specific—a parser that is
excellent overall can still destroy one structured
type—{(ii) invisible to similarity metrics, and (iii)
downstream-confident: when the parse looks suc-
cessful, the corrupted value is answered rather than
abstained on. A document pipeline built on an ag-
gregate fidelity score therefore has no signal for

type 300dpi  200dpi degr. 200 res. eff.
CURRENCY 71.6 91.1 89.9 +19.4
CODE 67.8 88.2 88.5 +20.5
TABLE_CELL 72.1 92.3 90.9 +20.2
DATE 85.3 98.4 97.6 +13.1
1D 71.9 81.3 79.8 +9.4

Table 7: Tesseract diagnostic (hardest five types).
The digital<+scanned difference is a resolution
effect—Ilarge, and favouring the lower resolution—not
a degradation effect (< 1.8 points, not shown).

parser NUM ID URL CODE QT
PyMuPDF4LLM 984 979 839 90.5 16.1
MarkItDown 00 00 00 0.0 0.0
Docling 935 93.6 437 714 129
Tesseract 964 91.5 770 619 855
GPT-4.1 947 894 632 857 774

GPT-4.1-mini 949 936 51.7 81.0 839

Table 8: Real arXiv subset (60 PDFs, scanned; DATE
excluded, see text). Small, uneven per-type n; ordering
reproduces the controlled corpus.

the errors that most change meaning, and its most
dangerous inputs are precisely the ones that pass a
superficial quality check.

Which parser for which task? The results give
concrete guidance. If the target evidence is markup
or quotation structure (e.g., parsing code documen-
tation, or preserving nested quotations in legal text),
Docling—strong on numbers and tables—is a poor
choice, dropping MARKUP to 6%. If inputs are
scanned, MarkItDown is disqualified outright (it
has no OCR path and returns nothing, silently). If
table structure matters, row integrity, not just cell
content, must be checked (Table 6): Tesseract pre-
serves many cells but loses 39% of rows on digital
input. The VLM parsers are the most uniform and
the strongest on the hard types, but they cost real
money (Table 2) and are still the weakest parsers
on MARKUP/QUOTE, so they are not a universal
answer.

Why the failure is silent. The corruption tax-
onomy (Table 4) explains the downstream result.
Most damage is deletion, which downstream shows
up as a missing value—recoverable as an absten-
tion. But the ~ 8% that is value-changing (digit
alteration, delimiter substitution, entity escaping)
produces a plausible wrong span, and a QA model
asked for that value returns it with confidence. The
pipeline never sees an error because, at every stage,
something was returned: the parser returned text,
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the retriever returned a chunk, the reader returned
an answer. Nothing is null, so nothing is flagged.

8 Recommendations

(1) Report span-typed preservation alongside
TEDS/edit distance; the aggregate hides which
structured content a parser destroys. (2) Choose
a parser by the span types your task depends
on, not by a single quality score. (3) Treat a
successful-looking parse as the higher-risk case:
add span-level validation (checksums on IDs, for-
mat checks on dates/currency) because partial cor-
ruption will not raise an error and will be answered
confidently.

9 Related Work

Document-parsing benchmarks score overall fi-
delity across parsers, layouts, and languages
(Ouyang et al., 2025; Xu et al., 2026; Li et al.,
2025); VLM and OCR parsers proliferate (Auer
et al., 2024; Poznanski et al., 2025; Smith, 2007).
Sun et al. (2026) show OCR quality does not pre-
dict downstream RAG performance. We are com-
plementary: rather than a fidelity leaderboard, we
isolate the silent, span-typed corruption these met-
rics miss, connect it to a downstream failure mode,
and release per-span verdicts. Our resource follows
datasheet norms (Gebru et al., 2021).

10 Conclusion

Document parsers do not fail uniformly; they
silently corrupt specific structured span types, in-
visibly to text-similarity metrics, and the damage is
most dangerous when the parse looks successful—
producing confident wrong answers rather than
catchable abstentions. Parser choice and evaluation
for high-stakes documents should be span-typed.
We release the verdicts and verifier so the commu-
nity can audit parsers on this axis.

Limitations

The controlled corpus is rendered from injected
spans, giving exact labels at some cost in realism;
the arXiv subset mitigates this but is one genre, at
60 documents, with small and uneven per-type de-
nominators and at least one layout confound we re-
port separately rather than pool. The results should
therefore be read as a diagnostic demonstration,
not as a settled real-world benchmark: the natu-
ral next step, which we have not taken, is the same
span-typed audit across the genres where structured

spans actually carry the risk—filings, contracts,
forms, invoices, and scientific tables.

We test six parsers, and the two VLM parsers at
a single frozen prompt and a single model version.
VLM transcription is known to be prompt-sensitive,
so the VLM rows should be read as one prompt’s
behaviour rather than a property of the model fam-
ily; we report the prompt (Appendix C) so it can
be varied, but we did not run a prompt-sensitivity
sweep, and a different prompt could plausibly move
the MARKUP and QUOTE columns in particular,
which is where both VLMs are weakest.

The QA probe is deliberately narrow: one reader,
exact-match scoring, and the whole parser output in
context with no retrieval step (Appendix B). Exact
match makes the preserved/corrupted accuracy gap
near-definitional—so we report the failure mode
split, which is not implied by the design—and the
no-retrieval setting is the most favourable one for
the reader, so the confident-wrong rate we measure
is if anything a floor for a full RAG stack, which
adds retrieval error on top. Ground-truth detectors
have high but not perfect precision (reported per
type, Appendix A).

Ethics Statement

This work improves the reliability of document
pipelines in high-stakes settings (finance, law,
health). It uses public documents and released
tools; the released resource contains parser out-
puts and per-span verdicts over public or synthet-
ically rendered documents under CC-BY, with a
datasheet.
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A Span detectors: provenance, validation,
and leniency sensitivity

Reviewers asked for detector validation beyond the
three types in Table 1. Table 9 gives all ten. Three
things separate them, and they are not validated the
same way.

Six inherited, three added, one constructed.
URL, EMAIL, NUMBER, CODE, MARKUP and
QUOTE are inherited unchanged from the prior
study this matcher comes from, and are frozen here
by hash (FREEZE . json) so the two studies’ num-
bers stay comparable; we did not re-adjudicate their
prose precision, and we do not claim new valida-
tion for them. DATE, ID and CURRENCY are added
by this study and hand-adjudicated here (Table 1):
recall on injected spans is computed, not sampled
— the generators record every structured record
they write, giving 5,408/5,408, 3,473/3,473 and
6,912/6,912 — and precision is adjudicated on
held-out natural prose at 1.00, 0.91 and 1.00. TA-
BLE_CELL is the exception that needs no detector:
cells are read from the authored table geometry, so
a cell is ground truth by construction and detec-
tor error cannot apply to it. It exists only in the
controlled subset for that reason.

Scoring criterion. Nine types are scored ver-
batim: a document parser is not licensed to re-
render anything, so a parser that turns March 5,
2026 into 2026-03-05 has changed the doc-
ument. QUOTE is scored on delimiter integrity
instead, inherited unchanged so the figure stays
comparable with the prior study.

Leniency sensitivity. The last two columns of
Table 9 give the digit-lenient rate beside the strict
one. Read them with their denominators: the
digit-lenient level is defined only over the digit-
bearing spans of each type, so for MARKUP and
QUOTE it is computed over a small and easier sub-
set (1,932 and 3,240 spans) and the apparent 4-20-
point gap is mostly subset selection, not leniency.
The one clean same-denominator comparison is
QUOTE under delimiter leniency, over all 14,364
spans: 71.9% strict against 78.5% lenient. Every
normalisation in the matcher can only make a span
easier to count as preserved, so all preservation
rates in this paper are lower bounds on damage.

B QA probe protocol

Reader and context. The reader
is meta-llama/Llama-3.3-70B~-
Instruct-Turbo at temperature 0, 64
max tokens, fixed seed. It is a text model and
never sees the page — only the parser’s output, so
nothing it answers can come from the image.

No retrieval. The entire parser output for the
document is placed in context (truncated at 24,000
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strict digit-lenient

type origin criterion n % n %
NUMBER inherited verbatim 33,720 89.6 33,696  90.3
DATE added verbatim 68,688  88.8 68,688  89.8
CURRENCY added verbatim 85,392 855 85,392 89.5
ID added verbatim 45,660 82.5 45,660 88.8
URL inherited verbatim 19,872  88.8 15,300 914
EMAIL inherited verbatim 11,820 90.7 312 91.0
CODE inherited verbatim 22,632  83.0 1,680 90.5
MARKUP inherited verbatim 12,996  69.9 1,932 90.2
QUOTE inherited delimiter 14,364 719 3,240 90.1
TABLE_CELL  constructed  verbatim 243,120 86.4 168,504 89.2

Table 9: All ten span detectors: where each comes from, how it is scored, and how sensitive its preservation rate is
to matcher leniency (controlled corpus, all parsers and conditions pooled). The digit-lenient columns carry their
own n because that level is defined only over digit-bearing spans.

characters, above our page sizes), with no chunk-
ing, embedding or ranking step. This is deliberate:
it isolates parser corruption from retrieval error,
and it is the most favourable setting for the reader,
because whenever a span survived the parse it is
guaranteed to be in context. A deployed RAG stack
adds retrieval error on top, so the confident-wrong
rate we report is a floor rather than an estimate for
such a stack.

System prompt (frozen, verbatim).

You answer questions about

a document using ONLY the
extracted

text provided. Reply with the
exact value copied from the
text,

and nothing else. If the value
is not present, reply exactly
NOT_FOUND.

Questions and ground truth. Each question
asks for a value that is a structured span, addressed
by the label printed in the document (e.g. “What
is the account IBAN?”). The labels and values are
authored by the corpus builder, so the gold answer
is ground truth by construction rather than model
output. 3,600 items in total.

What counts as a confident wrong answer. Ev-
ery corrupted-span item falls into exactly one of
three buckets: it abstained if the raw answer con-
tains NOT__FOUND; it recovered if the answer is
correct despite the span being damaged, which
measures whether the document carried enough
redundancy; otherwise the reader returned a value
and the value was wrong — a confident wrong
answer, the case a downstream pipeline cannot de-
tect. Pooled over all 415 corrupted-span items: 303

abstentions, 1 recovery, 111 confident wrong. Re-
stricted to documents where the parser returned
some text — where the parse looked successful
— the same splitis 3/1/ 111 of 115, i.e. 96.5%
confident wrong.

Paired test. Over the (document, question) pairs
observed in both the preserved and corrupted arms,
McNemar with continuity correction gives 299 dis-
cordant pairs favouring preserved against O favour-
ing corrupted, x? = 297.0, p = 1.5¢ — 66.

C VLM transcription prompt and image
normalisation

Both vision-language parsers receive one frozen
prompt, identical across models and conditions, at
temperature 0 with a 4096-token cap:

Transcribe this document page
into Markdown exactly as it
appears. Preserve every number,
date, identifier, currency
amount, URL and email address
character for character,
including

separators and formatting.
Reproduce tables as Markdown
tables

with one row per line.
only the transcription,
commentary.

Output
with no

Image normalisation. The rendered pages are
300dpi (digital) and 200 dpi (scanned). Both are
downscaled to the same pixel budget — longest
side 1800 px, JPEG quality 88 — before being sent,
so the two conditions differ in image qguality, which
is the manipulation, and not in how many pixels
the model is handed, which would be a confound.

What this does and does not establish. These
are one prompt’s results. We report the prompt
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S0 it can be varied, but we did not run a prompt-
sensitivity sweep, and the VLM rows of Table 3
should be read accordingly — as the behaviour
of these models under this instruction, not as a
property of the model family.

281



