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Abstract

Document Layout Analysis (DLA) pipelines
provide structured page representations
for retrieval-augmented generation, long-
document question answering, and related
applications. Yet their robustness evaluation
remains largely area-centric. We identify
this Footprint Bias and propose ProSA, a
lightweight output-level auditing framework
that decouples controlled probing, policy-
driven targeting, and structure-aware diagnosis.
ProSA combines Block-level Structural Loss
Rate (B-SLR), granularity-aware exposure
descriptors, and pathway attribution to ana-
lyze where structural identity is lost, at what
exposure granularity failures emerge, and
how failures propagate. Across MinerU and
PP-StructureV3 on 1,000 pages, affected
area weakly tracks perturbation-induced
OCR instability (R?=0.384/0.110), whereas
B-SLR aligns much more closely with it
(R?=0.727/0.916).  Exposure descriptors
further separate occlusion- and topology-
dominant pathways, while matched-footprint
structural probes cause much larger down-
stream QA/retrieval drops than area-matched
erasure. These results shift DLA robustness
evaluation from footprint-based measurement
toward structure-aware vulnerability auditing.

1 Introduction

Document Layout Analysis (DLA) converts visu-
ally organized pages into structured representations
of text, tables, figures, and other layout elements,
supporting document intelligence systems such as
retrieval-augmented generation over visually rich
documents (Ueda et al., 2026), financial document
reasoning (Zhao et al., 2024a), and medical record
understanding (Cottet et al., 2026). Errors at this
stage—including boundary corruption, spurious

Footprint Bias
(a) Large footprint (19.9%) (b) Small footprint (0.63%)

jon problems. it is applicable in other vision and non-vision problems.
on

itis applicable in other vision and
2. Related Work 2. Related Work

Residual Represen

Residual Representations. In im

Minor damage, structure preserved Severe damage, structure broken

Area ranking: (a) > (b), but actual damage: (b) > (a)
Figure 1: Footprint Bias: a large perturbation may
preserve structure, while a small structural probe can
drop a text line and cause greater parsing damage.

block merges, and misplaced outputs—can prop-
agate as corrupted context, misaligned evidence,
and unreliable downstream predictions.

Despite progress on clean benchmarks and re-
alistic evaluation settings, DL A robustness evalu-
ation remains largely area-centric. Existing pro-
tocols often parameterize perturbation severity by
global corruption magnitude or affected pixel foot-
print, and report aggregate degradation through
metrics such as Character Error Rate (CER) or de-
tection accuracy (Hendrycks and Dietterich, 2019;
Michaelis et al., 2020; Chen et al., 2024; Du et al.,
2025; Ouyang et al., 2025). Such evaluations tell
us whether performance declines, but reveal lit-
tle about how or why parsing fails structurally, es-
pecially when lightweight auditing is needed on
unlabeled document collections.

A central limitation is what we term the Foot-
print Bias: the tendency to infer perturbation sever-
ity from pixel footprint alone. As Figure 1 shows,
a broad erased region may corrupt local text while
leaving the main paragraph structure largely in-
tact. By contrast, a thin perturbation with a much
smaller footprint can intersect a sensitive line or
layout boundary, causing a missing-line failure in
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which the parser skips a line and connects non-
adjacent text fragments as if they were continuous.
The smaller perturbation can therefore be more
damaging: it removes document evidence and dis-
rupts the local reading flow despite occupying far
fewer pixels.

Such mismatches can propagate downstream:
a dropped line may remove answer-bearing ev-
idence or corrupt retrieval/QA context, while a
larger visible perturbation may leave block iden-
tity and reading order intact. They also expose
why area-centric evaluation can mis-rank structural
vulnerability. The key challenge is therefore not
simply to measure degradation, but to explain struc-
tural vulnerability through three questions: (Qq)
where structural identity is lost, (Q2) at what granu-
larity perturbation exposure becomes predictive of
failure, and (Q3) which pathway—direct physical
occlusion or topology-level disruption—drives the
degradation.

To address this diagnostic problem, we propose
ProSA (Probe-guided Structure-aware Auditing),
a lightweight output-level framework for auditing
structural vulnerability in DLA pipelines. ProSA
instantiates the audit as a tripartite decomposition
F = (8,11, D), where S defines a shared space
of controlled visual probes, II selects probes un-
der different targeting policies, and D diagnoses
the resulting clean—perturbed parsing divergence.
By decoupling the probe space, selection logic,
and diagnostic criteria, ProSA compares different
targeting policies under a common action space
without modifying the audited parser.

The diagnostic component is centered on B-SLR,
an output-level signal that measures structural loss
by comparing clean and perturbed parser outputs.
Unlike footprint-based severity or terminal-only
degradation scores, B-SLR checks whether each
clean block preserves a valid geometry—text coun-
terpart, capturing both missing geometry and lost
textual identity under a unified structural criterion.
Exposure descriptors and pathway attribution then
explain at which exposure granularity these losses
emerge and whether they arise from direct occlu-
sion or topology-dominant disruption. Because
the core diagnostics use the clean parse as struc-
tural reference, ProSA supports lightweight audit-
ing on unlabeled documents while still incorporat-
ing benchmark annotations when available. Exper-
iments show that these structural diagnostics better
track OCR instability and downstream QA/retrieval
drops than footprint-based severity.

In summary, our contributions are threefold:

(1) We identify the Footprint Bias in DLA ro-
bustness evaluation, showing that pixel footprint is
an unreliable proxy for structural damage and may
mis-rank parser vulnerability.

(2) We propose ProSA, a lightweight output-
level auditing framework that couples controlled
probes, policy-guided selection, and structure-
aware diagnosis.

(3) We instantiate ProSA with B-SLR, expo-
sure descriptors, and pathway attribution, enabling
annotation-light analysis that better tracks OCR
and QA/retrieval drops.

2 Related Work

Document parsing robustness and downstream
document intelligence. Robustness evaluation
has moved from generic corruption suites and de-
tection benchmarks (Hendrycks and Dietterich,
2019; Michaelis et al., 2020) to document-specific
parsing settings such as RoDLA, DocPTBench, and
OmniDocBench (Chen et al., 2024; Du et al., 2025;
Ouyang et al., 2025). Recent document intelligence
studies further show that OCR and layout quality
can affect retrieval-augmented generation, financial
reasoning, and medical document understanding
(Ueda et al., 2026; Zhao et al., 2024a; Cottet et al.,
2026; Zhang et al., 2025). However, these evalu-
ations mainly report corruption-level, benchmark-
level, or downstream degradation. They provide
limited diagnosis of which parser-level structural
changes, such as block loss, text-geometry mis-
match, or topology disruption, actually drive the ob-
served failures. Our work complements this line by
auditing structural failure patterns directly in DLA
outputs and relating them to downstream QA/re-
trieval behavior.

Perturbation footprint, placement, and black-
box diagnosis. Visual perturbations are often pa-
rameterized by magnitude, affected area, or patch
budget. Cutout and Random Erasing use erased
area as a key augmentation strength (DeVries and
Taylor, 2017; Zhong et al., 2020), while document
augmentation tools expose visual and spatial pertur-
bation parameters for document images (Groleau
et al., 2023). Patch-based robustness studies further
show that location and composition matter: adver-
sarial patches can remain effective under small spa-
tial budgets (Brown et al., 2017), and recent analy-
ses reveal placement hot-spots or jointly optimize
patch shape, location, number, and content (Kimhi



et al., 2026; Yang et al., 2025). Black-box expla-
nation methods similarly perturb inputs to identify
influential features or sensitive regions (Ribeiro
et al., 2016; Lundberg and Lee, 2017; Petsiuk et al.,
2018). Unlike these works, we audit structured
DLA outputs rather than scalar predictions: each
parsed element couples geometry, category, and
text. This requires element matching, geometry-
text preservation analysis, and occlusion/topology
pathway diagnosis, while still requiring no access
to parser internals.

3 Problem Setting

Let M denote a document layout analysis (DLA)
system that maps a document image [ to a struc-
tured parsing output

E=M() = {e;}}Y, ()

Each parsed element is a box—category—text tuple
e; = (bs, ¢i, 8;): b; is its bounding box, ¢; € Cs its
canonical label, and s; its recognized text. The five
categories are text, title, table, figure, and equation.
This grounded box—category—text tuple defines the
current ProSA audit contract: the parser must ex-
pose spatially grounded, text-bearing elements with
categories that can be mapped to a shared schema,
but ProSA does not require access to parser inter-
nals.

Given a probe configuration P, we obtain a coun-
terfactual page and its parser output:

I' = Perturb(I; P), Eagv = M(I). (2)

We formulate auditing as comparing the clean
and perturbed parsing outputs:

(A, R) = Audit(E, Eaqv; P, Y), 3)

where ) denotes optional benchmark references
when available. The terminal component A
records externally visible degradation, including
perturbation-induced OCR CER and detection-side
AmAP, while the structural component R diag-
noses where structural identity is lost, at what ex-
posure granularity failure becomes predictive, and
through which pathway it occurs. In our experi-
ments, CER is computed against the clean parser
output, and AmAP is the per-image mAP@0.5
drop from clean to perturbed outputs against layout
annotations.

This formulation extends conventional robust-
ness evaluation beyond reporting A: by introduc-
ing R, the audit shifts from aggregate degradation
measurement to structural perturbation diagnosis,

without parser retraining or access to parser inter-
nals.

4 Probe-guided Structure-aware Auditing

As illustrated in Figure 2, we propose ProSA
(Probe-guided Structure-aware Auditing), a
lightweight output-level framework for auditing
structural vulnerability in DLA pipelines. ProSA
organizes the audit into two coupled components: a
Policy-guided Prober, which constructs controlled
perturbations, and a Structure-aware Auditor,
which diagnoses the resulting clean—perturbed
output divergence. Formally, we instantiate ProSA
as

‘F = (87 H’ D)? (4)

where S is a shared probe space, 11 is a policy space
for selecting probes, and D is a diagnostic space
for auditing the resulting parsing changes. This
decomposition separates what perturbations can
be applied, how they are selected, and how their
effects are measured, enabling DLA parsers to be
audited without modifying the parser itself.

4.1 Component I: Policy-guided Prober

The Policy-guided Prober defines the controlled
perturbation side of ProSA. It contains two coupled
parts: a shared probe space S that defines admissi-
ble visual interventions, and a policy space II that
selects probes under different targeting assump-
tions. Because all policies draw from the same S,
differences in observed damage can be attributed
to selection logic rather than search-space changes.

Shared probe space. Each probe configuration
P € S is represented as
P:<H7V7Bv7—>7 (5)

where H denotes geometry, ) visual appearance,
B composition behavior, and 7 placement strat-
egy. This factorization keeps the perturbation space
modular: geometry controls the spatial support,
appearance controls the visible pattern, behavior
controls how the probe is composed with the page,
and placement controls where it interacts with lay-
out structure. Figure 5 in Appendix A.1 visual-
izes representative perturbation examples, while
detailed probe definitions and parameter ranges are
provided there.

Policy space. Given the shared probe space, a
policy 7 € II maps available document context to



2 ProSA: Probe-guided Structure-aware Auditing
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Figure 2: Overview of the proposed tripartite vulnerability auditing framework, linking controlled perturbation
generation, policy-space probe selection, and diagnostic auditing.

a selected probe:

m(context) = P € S. (6)

Different policies use different levels of context,
ranging from random and rule-based selection to
LLM- and VLM-guided targeting. All policies emit
the same probe schema, so their effects can be com-
pared under a common action space. After a policy
selects P, the perturbation operator applies it to the
clean page to obtain I’ = Perturb(/; P), and the
same parser is rerun to produce E,q, = M(I’).
The resulting clean—perturbed pair is then passed
to the Structure-aware Auditor. Implementation
details are deferred to Appendix A.3.

4.2 Component II: Structure-aware Auditor

Diagnostic space. The Structure-aware Auditor
instantiates the diagnostic space D by separating
judging from explaining. The terminal component
A records externally visible degradation signals,
while the structural component R diagnoses how
degradation arises inside the parsing process:

A= (Aocr; Adet)a
R = (Rfaﬂ, Rexposurea 7—\>/path) .

We instantiate Ay with OCR CER and A4 with
AmAP, the per-image mAP@0.5 drop against lay-
out annotations between the clean and perturbed
outputs, following the metric definitions in Ap-
pendix B.4. CER serves as the primary terminal
signal, while AmAP provides a supplementary
detection-side check. The three structural compo-

(7

nents correspond to the questions introduced in Sec-
tion 1: Ry, measures whether structural identity
is lost, Rexposure describes at what granularity per-
turbation exposure becomes predictive of failure,
and R pa¢n attributes failures to distinct propagation
pathways.

Structural failure measurement. We instanti-
ate Reay by checking whether each clean parsed
element preserves a valid geometry-text correspon-
dence after perturbation. For a clean element
e = (b,c,s) € E, we assign its candidate per-
turbed counterpart by best-IoU lookup:
m(e) = arg max IoU(e,¢), (8)
e'€E,qv

where ToU(e, ¢’) denotes box overlap.

Geometric overlap alone is insufficient, because
a perturbed prediction may still overlap the correct
region while losing textual identity. We therefore
define text consistency as

|LOS(s( ) (e’))\

max(| l, e’)|)’

where LCS denotes character-level longest com-
mon subsequence. We write e ~ ¢ when both
geometry and text are preserved:
(IOU(e, e) > Tiou)
A (TextSim(e, e) > Ttext),

TextSim(e, e’) = )

/
e~e =

(10)

with fixed diagnostic gates Tioy, = 0.1 and Tyext =
0.5, where IoU admits displaced counterparts and
TextSim checks textual identity; see Appendix B.5.



Using this criterion, Block-level Structural Loss
Rate (B-SLR) is defined as

[{e € E: ~(e ~m(e))}]
|E] '

Riail := B-SLR =
1D

Thus, B-SLR counts an element as structurally lost
not only when its box disappears, but also when
a nearby prediction remains while its textual iden-
tity is no longer preserved. Because both E and
F.qv are parser outputs, B-SLR does not require
manual element annotations and can be computed
on unlabeled documents using the clean parse as
the structural reference. Very short blocks form a
local TextSim sensitivity corner case, but disabling
the text gate for short blocks does not materially
change configuration-level B-SLR/CER alignment;
the full analysis is reported in Appendix B.6.

Granularity-aware exposure descriptors. To
explain what was exposed, we compare raw foot-
print with progressively more structure-aware de-
scriptors. Total Occlusion Ratio (TOR) measures
the fraction of page pixels affected; Area Cover-
age Ratio (ACR) measures affected area within
annotated layout regions; Boundary Pixel Overlap
(BPO) captures interaction with layout boundaries;
Block Overlap Count ratio (BOC) and Element
Interference Ratio (EIR) measure how many anno-
tated or parser-visible elements are touched. TOR
and EIR are output-derived, whereas ACR, BPO,
and BOC require benchmark annotations. Formal
definitions are provided in Appendix B.1.

Failure pathway attribution. We partition struc-
turally failed elements by whether the perturba-
tion substantially covers the clean element. Fail-
ures with at least 30% direct box coverage form
the direct-occlusion pathway, SLRiss; the remain-
ing failures form the topology-dominant pathway,
SLRopo. These two disjoint pathways partition
B-SLR, with formal definitions deferred to Ap-
pendix B.8. The topology-dominant pathway is
further decomposed into merge, misclassification,
and degradation subtypes; their formal definitions
and assignment priority are given in Appendix B.8.

4.3 Validation principle

We validate each diagnostic by its configuration-
level alignment and rank consistency with exter-
nally observable CER and detection degradation;
the six-layer verification design is summarized in
Appendix C.6.

S Experiments

5.1 Experimental Setup

We instantiate 7 = (S, 11, D) on a shared pool of
1,000 validation pages from PubLayNet (Zhong
et al., 2019) and DocLayNet (Pfitzmann et al.,
2022), after filtering pages with fewer than five
original spans; the simple/medium/complex split is
14.5%/46.4%/39.1%.

Audited pipelines. Primary evaluation. We
conduct the full audit on MinerU v2.7.6 (Wang
et al., 2024), based on DocLayout-YOLO (Zhao
et al., 2024b) with separate recognition modules,
and PP-StructureV3 (Cui et al., 2025), a cascaded
PaddleOCR pipeline using RT-DETR-H and Pad-
dleOCR 3.x. Both expose grounded box—category—
text elements and are evaluated over the shared
1,000-page pool through the complete Phase 1 and
Phase 2 protocols using the same B-SLR matching
thresholds (7,ou = 0.1, Tiext = 0.5).

Grounded-VLM scope extension. We addition-
ally audit PaddleOCR-VL-1.6 (Zhang et al., 2026)
on a frozen stratified subset of 80 pages contain-
ing 221 QA pairs. Its block_bbox, block_label,
and block_content fields are mapped to the same
audit contract without accessing model internals.
This supplementary matched-footprint experiment
tests interface compatibility; it is not part of the
1,000-page Phase 1/Phase 2 evaluation and does not
support comparisons of parser robustness. Annota-
tions are used only for sampling, detection metrics,
and annotation-dependent exposure descriptors.

Auditing protocols. The controlled probe cata-
log (Table 6) comprises real-world-inspired, factor-
isolating counterfactual interventions over geom-
etry, appearance, composition, and placement.
These probes are designed to isolate affected area
from parser-visible structural interaction; they do
not reproduce complete physical capture processes
or sample natural artifact distributions. We sepa-
rately test whether the resulting B-SLR—CER rela-
tionship transfers to four standard corruption fami-
lies (Appendix D.3). For the two primary parsers,
we use two complementary protocols. Phase 1 per-
forms fixed-configuration auditing by traversing 29
probe configurations in S, yielding 29,000 records
per pipeline. Phase 2 performs policy-driven au-
diting by comparing five policy families—random,
rule-based, LL.M-biased, LLM-neutral, and VLM
policy—over the same page pool and shared probe



space. Configuration identifiers and policy details
are provided in Appendices C.1 and A.3.

Statistical protocol. We report configuration-
level analyses in the main text. Appendix C.6 sum-
marizes complementary verification layers; Appen-
dices D.2 and D.4 present randomized-sweep and
dose-response results, respectively.

5.2 Results and Analysis

We first establish the mismatch between footprint
and structural damage, then examine its down-
stream consequences and practical value for bud-
geted triage. We next test whether the audit contract
transfers to a grounded VLM parser, before ana-
lyzing failure channels, exposure pathways, probe
sensitivity, and targeting policies.

5.2.1 Footprint Bias Quantification

==+ Area null O Other configs A NTO1-NTO7 [0 A08/A19 erasure ¥ Al0

TOR vs CER B-SLR vs CER

R?=10.384
0.6 A
0.5 o

matched TOR &
CER spread = 2

0.3 A
0.24 o °5
a8 0
oo © O A
o1 o g -0 -

Mean CER-MinerU
°
2

0.0

R2=0.916
0.6

0.51

0.31

0.21

Mean CER-PPV3

1 0% 65590_,——’/;’ r\_doﬁzﬂu
1072 1072 107t 1072 107!
TOR (affected area ratio) Mean B-SLR
Figure 3: Configuration-level means (n=29) show that
Block-level Structural Loss Rate (B-SLR) aligns with
perturbation-induced Character Error Rate (CER) sub-
stantially better than affected area in both primary
parsers; higher values indicate greater OCR instabil-

ity and structural loss.

Figure 3 tests whether affected area is a reli-
able severity proxy for perturbation-induced OCR
instability. It is not: TOR explains CER only
weakly on MinerU (R2=0.384) and almost not at
all on PP-StructureV3 (R?=0.110). Even within
the matched-TOR region, configurations with com-
parable footprint exhibit a CER spread of roughly
2.7x, showing that footprint alone cannot deter-
mine whether a perturbation is structurally harm-
ful.

By contrast, realized structural loss measured
by B-SLR is much more aligned with the termi-
nal OCR signal, with R?=0.727 on MinerU and
0.916 on PP-StructureV3. Configurations that ap-

pear anomalous under a footprint-only view return
to the fitted trend once structural loss is consid-
ered. Thus, the failure signal is not explained by
how much area is perturbed alone, but by whether
the perturbation breaks parser-visible structure. B-
SLR remains better aligned with CER than TOR
under all nine tested (Tioy, Ttext) cOmbinations; the
complete sensitivity analysis is reported in Ap-
pendix B.7. Beyond the controlled-probe cata-
log, B-SLR remains strongly aligned with CER
across 12 Gaussian-noise, Gaussian-blur, JPEG-
compression, and brightness-shift configurations
(Appendix D.3).

5.2.2 Downstream Impact

Parser Cond. TOR EMT Drop] Miss| BM25A@51 Dense A@57T

Clean 0.00 63.5 - 0.0 94.6 93.6

MinerU AM 0.10 63.1 0.4 1.1 93.8 92.8
Str. 0.11 56.2 73 137 81.0 80.4

LA 16.61 388 247 368 58.8 59.4

Clean 0.00 63.6 - 0.0 94.7 95.1

PP-V3 AM 0.10 63.1 0.5 2.3 92.9 93.4
= St 0.11 58.1 55 122 83.1 83.5

LA 16.61 384 252 39.6 579 58.7

Table 1: Downstream propagation. All values are
percentages. TOR: Total Occlusion Ratio; EM: exact
match; Miss: answer-missing rate; A@35: answer hit
at top 5; AM/Str./LA: area-matched erasure/structural
probe/large-area erasure. Bold marks the worse AM-Str.
result.

Table 1 tests whether footprint-matched struc-
tural damage propagates to downstream document
use. Rather than introducing a separate docu-
ment QA benchmark, we reuse the same 975
clean-derived QA pairs under four counterfac-
tual parser outputs, so that only the perturbation
condition changes. The primary QA results use
deepseek-chat; two additional answerers pre-
serve the positive area-matched-minus-structural
(AM—Str.) EM/F1 gaps (Appendix D.6). For re-
trieval, the corpus is restricted to chunks from the
same page and uses the same block-aware chunking
across all conditions; this isolates whether answer-
bearing evidence remains available after parsing.
The key contrast controls for visual footprint: area-
matched erasure (AM) and the structural probe
(Str.) perturb nearly the same page area, with TOR
around 0.10-0.11%.

Under this matched footprint, AM remains close
to clean, whereas Str. consistently damages an-
swering and retrieval. Across both primary parsers,
Str. raises EM drop to 5.5-7.3 points and Miss to
12-14%, while lowering BM25/Dense A@5 from
above 92% to 80-84%. LA degrades most but
uses about 150x more area. Thus, downstream



failure follows structural interaction rather than
footprint alone: a small structure-targeted probe
can disrupt answer-bearing evidence where an area-
matched erasure barely affects the task. Answerer-
independent BM25 and dense-retrieval results fur-
ther corroborate this trend; QA construction, fil-
tering, type distribution, and type-wise gaps are
detailed in Appendix D.6.

5.2.3 Budgeted Triage for Downstream Risk

ProSA audits rather than repairs. Under limited
QA or retrieval budgets, high-risk pages may be
inspected, re-OCRed, or routed to a fallback parser.
We test whether its signals prioritize downstream
harm by using each signal to rank 349 structural-
probe pages and selecting the top £ = 35.

Parser Outcome Random TOR EIR B-SLR
QA EM 104 .042 .099 352
MinerU BM25 ER@5 100 .042 126 137
Dense ER@5 100 .047 .126 137
QA EM 103 .037 .241 .648
PP-V3 BM25 ER@5 101 .023 .165 323
Dense ER@5 .100 .000 .165 331

Table 2: Fixed-budget downstream-risk triage. Frac-
tion of the clean-to-perturbed gap recovered by select-
ing 35 of 349 pages (10% budget); higher is better. For
selected pages, all associated QA and retrieval evalu-
ations use the clean parser output; unselected pages
retain the structural-probe output. Random is aver-
aged over 1,000 seeded selections. QA EM: question-
answering Exact Match; ER@5: Evidence Recall at 5;
TOR/EIR/B-SLR: Total Occlusion Ratio/Element Inter-
ference Ratio/Block-level Structural Loss Rate.

Table 2 evaluates external QA and retrieval
rather than a ProSA-derived target. For a rank-
ing signal s, let IC; denote its 35 highest-ranked
pages. We simulate restoration by replacing the
structural-probe parser output with its clean coun-
terpart for every page in K, while retaining the
structural-probe output for all remaining pages. All
QA instances and retrieval chunks associated with
a selected page are replaced together.

For a higher-is-better downstream metric M,
M 1ean 1S the aggregate score when every page
uses its clean parser output, Mt uctural 1S the score
when every page uses its structural-probe output,
and Miestored(S) is the score under the hybrid
clean/structural corpus induced by /C;. We define

Mrestored (3) -

Mstructural
Mclean -

Recovery(s; M) = i )
structura.

(12)

Thus, zero indicates no improvement over the
fully perturbed condition, whereas one indicates
recovery of the entire clean—structural performance
gap. The Random baseline averages this quantity
over 1,000 independently sampled 35-page subsets.

EIR outperforms the footprint baseline TOR
on all six outcomes, with the clearest gains on
PP-StructureV3 QA (.241 vs. .037) and retrieval
(.165/.165 vs. .023/.000). On MinerU, EIR im-
proves retrieval (.126/.126 vs. .042/.047), while
QA remains comparable to Random (.099 vs. .104).
B-SLR provides the strongest recovery, but because
it requires paired parser outputs, it serves post-
output auditing or regression testing rather than
earlier exposure-based triage.

5.2.4 Extension to a Grounded VLM Parser

To test whether ProSA is tied to the two primary
parsers or to their shared output interface, we
additionally audit PaddleOCR-VL-1.6, a recent
grounded VLM parser that exposes block boxes,
labels, and text. On the frozen 80-page subset
with 221 QA pairs, the matched-footprint compari-
son yields a B-SLR gap of .056 [.021, .100], whose
95% confidence interval excludes zero. This re-
sult shows that the same box—category—text audit
can detect greater structural damage from structure-
targeted perturbations than from area-matched era-
sure in this grounded VLM pipeline.

The downstream estimates point in the same di-
rection: the answer-missing, BM25, and dense-
retrieval gaps are .023, .014, and .009, respectively.
However, all three 95% confidence intervals in-
clude zero. We therefore treat the VLM experiment
as evidence that ProSA’s structural audit can be
instantiated on a grounded VLM parser satisfy-
ing the required output interface, while the down-
stream evidence on this subset remains inconclu-
sive. We do not use these results to claim sig-
nificant downstream replication or to rank robust-
ness across parsers. Full estimates and the 5,000-
resample paired-bootstrap protocol are reported in
Appendix D.5.

5.2.5 B-SLR Channels and Faithfulness

Returning to the parser-level diagnostic, Table 3 de-
composes composite B-SLR into an IoU-fail chan-
nel, where no valid geometric match survives, and
a text-fail-only channel, where geometry is retained
but textual identity is lost. Text-side failure is non-
redundant and dominant in both primary pipelines:
it exceeds the IoU channel on MinerU and more



Table 3: Configuration-level Block-level Structural
Loss Rate (B-SLR) channel decomposition (n=29):
mean channel losses and cross-channel coupling (p for
Intersection-over-Union (IoU)—text rank correlation; R?
columns are univariate Ordinary Least Squares (OLS)
channel-Character Error Rate (CER) fits).

(a) Channel partition (b) Cross-channel coupling

B-SLR IoU text ps Riy Ri
MinerU .071 .028 .043 MinerU .891 .927 .893
PP-V3 111 .026 .085 PP-V3 380 .186 .900

strongly on PP-V3, showing that many structural
failures preserve coarse geometry while losing rec-
ognized content.

The channel coupling differs sharply across ar-
chitectures. MinerU shows coherent geometry—
text variation (ps=.891), whereas PP-V3 is driven
mainly by the text channel (RZ, ,=.900 vs.
R? ,=.186).

Thus, B-SLR is not merely a text-only score. It
captures architecture-specific coupling between ge-
ometry and text failures while remaining aligned
with OCR instability. The resulting R? values
are .727/.916 for MinerU/PP-V3, with Spearman
p=.911/.973.

5.2.6 Exposure Descriptors Predict Failure

Pathways
garea gslrucl
Pipeline Pathway TOR ACR BPO BOC EIR
Minery  SLRumiss 927 907 964 071 044

SLR¢opo .004 005 .003 .610 .623

SLRmiss 916 .895 .960 .072 .073

PP-V3  SlRiope 009 008 .008 .708 702

Table 4: Configuration-level R? (n=29) from univariate
Ordinary Least Squares (OLS) fits between exposure
descriptors and pathway loss. = TOR/ACR/BPO:
Total Occlusion Ratio/Area Coverage Ratio/Boundary
Pixel Overlap; BOC/EIR: Block Overlap Count
ratio/Element Interference Ratio; SLR,,iss/SLRop0:
direct-occlusion/topology-dominant Structural Loss
Rate.

We next ask which exposure granularity predicts
each failure pathway. Table 4 regresses the two
pathway losses, SLRiss and SLR¢qp,, On the five
diagnostic descriptors, grouped into the area fam-
ily Garea = (TOR, ACR, BPO) and the structure
family Gguee = (BOC, EIR).

The specialization is consistent across both
pipelines. For SLRp s, BPO is the strongest
predictor (R2=0.964/0.960 on MinerU/PP-V3),
with TOR and ACR also high but weaker. For
SLRtopo, the pattern reverses: area-family descrip-

tors drop near zero, whereas BOC/EIR dominate
(R%*=0.610/0.623 on MinerU and 0.708/0.702 on
PP-V3). Thus, the two descriptor families are
not interchangeable severity measures: boundary-
sensitive area exposure predicts direct occlusion,
while element-level structural interference pre-
dicts topology-dominant loss. A complementary
fixed-budget analysis over 42,000 fixed-plus-sweep
records per parser recovers the same descriptor spe-
cialization at Precision@10% (Appendix D.1).

This addresses Qs: footprint becomes informa-
tive only after being refined by structural contact.
As exposure descriptors computed before termi-
nal scoring, BPO and EIR indicate different risks:
boundary overlap signals direct occlusion, while el-
ement interference signals topology-dominant dis-
ruption. The NT sweep in Section 5.2.7 exempli-
fies this regime, increasing structural interference
without a matched increase in TOR. A ranking-
consistency check against CER yields the same
family-level ordering, indicating that the special-
ization is not an artifact of B-SLR alone.

5.2.7 Sensitivity Across Probe Families

MinerU / standard MinerU / NT
504 Family sweeps Placement controls
® SLRmiss ™ SLRtopo
u
.25
- [ |
°
S
3
£ mm _ |
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Figure 4: Phase 1 pathway decomposition. Bars
decompose Block-level Structural Loss Rate (B-SLR)
into direct-occlusion SLR,,;ss and topology-dominant
SLRop0; higher bars indicate greater structural loss, and
configuration identifiers are decoded in Appendix C.1.

Figure 4 reports the Phase 1 fixed-configuration
audit, where the targeting rule is fixed and varia-
tion mainly reflects probe-level effects. Damage
is highly concentrated: the largest A-series spikes
appear at AO8 and A19 for both pipelines, indicat-
ing that severe erasure-style probes are dispropor-
tionately destructive, while most other configura-
tions remain much weaker. The dominant pathway
also varies by configuration: extreme erasure is
largely miss-driven, whereas many non-extreme
configurations are dominated by SLRp,, indicat-
ing topology-level disruption rather than direct ele-



Parser Policy Exposure / Budget Damage Failure Pathway Efficiency
TOR BPO BOC EIR CERT AmAPfT B-SLRT Miss Topo TopoShare Eff-Bt Eff-Ct

Random .035 .050 331 357 226 .043 .088 .018 .070 .82 10.9 24.5
Rule-based 005 015 292 352 245 .048 077 .000 .077 1.00 23.8 61.4

MinerU LLM-biased .006 .026 .157 .182  .177 .025 .068 .003  .065 94 16.0 35.7
LLM-neutral .008 .011 .125 .145 .209 .034 .058 .003  .055 91 12.2 40.2
VLM policy .003 .007 .099 .124 .176 014 .056 .000 .056 1.00 25.3 73.3
Random .035 .050 331 312 227 .026 .077 013 .064 .80 9.1 22.1
Rule-based 005 015 292 312 230 .037 077 .001  .076 98 17.6 33.3

PP-V3  LLM-biased .007 .027 .155 .125 .123 012 .049 .003  .046 .88 9.4 18.1
LLM-neutral .008 .012 .127 .129 .119 .024 .048 .004 .044 .83 10.7 20.5
VLM policy .003 .007 .104 .092 .081 .005 .034 .000 .033 98 15.9 30.5

Table 5: Phase 2 policy audit. Under the shared probe space and page pool, targeted policies reveal the expected
efficiency pattern. TOR/BPO/BOC/EIR: Total Occlusion Ratio/Boundary Pixel Overlap/Block Overlap Count
ratio/Element Interference Ratio; CER: Character Error Rate; AmAP: mean Average Precision drop; B-SLR:
Block-level Structural Loss Rate; LLM/VLM: Large Language Model/Vision-Language Model; Miss/Topo: direct-
occlusion/topology-dominant loss; TopoShare: topology-dominant loss share; Eff-B/Eff-C: B-SLR/CER per unit

TOR. Metric details are provided in Appendix B.9.

ment removal.

The NT sweep further reveals parser-dependent
sensitivity to sustained structural interference.
MinerU increases gradually as the target 7 in-
creases, whereas PP-StructureV3 shows a steeper
rise in topology-dominant loss at higher target lev-
els. Overall, Phase 1 shows that the probe space
contains qualitatively different failure regimes: se-
vere erasure produces miss-heavy spikes, while
structure-targeted interference increasingly induces
topology-dominant failure.

5.2.8 Targeting Efficiency Across Policies

Table 5 reports the Phase 2 policy audit, where
all policies share the same probe space and page
pool, so differences reflect targeting logic rather
than attack strength. Targeted policies consistently
trade footprint for structural contact: Rule-based
matches Random on PP-V3 B-SLR with about one
seventh of the TOR, and the VLM policy/Rule-
based policy achieve the highest per-footprint effi-
ciencies on MinerU/PP-V3. Their high TopoShare
and near-zero Miss indicate that this efficiency
mainly comes from topology-sensitive disruption
rather than direct physical occlusion. Thus, un-
der a shared S, vulnerability depends not only on
how much area a policy perturbs, but on whether
it places probes where layout structure is sensitive;
Appendix D.8 shows the same rank-consistency
trend.

6 Conclusion

We identify Footprint Bias and introduce ProSA,
an output-level framework for auditing parser-
visible structural loss. Across the two primary

parsers, B-SLR tracks OCR instability more faith-
fully than affected area, and structure-targeted
probes cause disproportionate downstream degra-
dation. The fixed-budget simulation further shows
that ProSA signals can support downstream-risk
triage, while the supplementary PaddleOCR-VL-
1.6 audit provides initial compatibility evidence
for a grounded VLM parser. These findings sup-
port structure-aware auditing without claiming au-
tomated repair, universal VLM coverage, or com-
parative parser robustness.

Limitations

ProSA is a diagnostic audit, not universal robust-
ness certification. First, the full audit covers
two DLA pipelines, and the grounded-VLM ex-
tension uses a smaller frozen subset; the results
show within-parser diagnostic behavior and inter-
face compatibility, not broad cross-parser rank-
ings. Second, B-SLR uses the clean parser out-
put as its reference, so it measures induced in-
stability but misses errors already in, or shared
with, the clean output. Third, ProSA requires
spatially grounded box—category—text elements;
serialization-only or weakly structured systems
need an alignment adapter. The reported pathways
are output-level attributions, not internal causal
claims.

Ethical Considerations

This work studies vulnerability auditing for defen-
sive robustness evaluation. We report attack-like
procedures solely to improve safety testing and
mitigation in document intelligence systems.
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A Implementation Details of Probe and
Policy Spaces

A.1 Probe Space and Probe Catalog

Each probe configuration is specified by four di-
mensions:

P=(H,V,B,T), (13)

where H denotes geometry, ) visual appearance,
B composition behavior, and 7 placement strat-
egy. This factorization keeps the perturbation space
modular: probe geometry, visual appearance, com-
position behavior, and placement can be controlled
or varied while all policies draw from the same
admissible space.

Table 6 summarizes the probe used in our au-
dit. The catalog covers line-like artifacts, area era-
sures, local overlays, point clusters, and irregular
patches, so that the shared probe space contains
both footprint-heavy and structure-sensitive pertur-
bations. Figure 5 visualizes representative exam-
ples of these probe families.

A.2 Probe Generation and Placement

This subsection specifies how the probe catalog in
Table 6 is rendered on a document page. We de-
note geometry masks by .y to distinguish probe
geometry from the diagnostic exposure families in
the main text. The geometry primitives are imple-
mented as binary masks:

Hline(97law) = {(£U7y) :
|zsinf — ycosd| < 7,
0<zcosf+ysinf <},

(14)

Hase(r) = {(z,y) :2® +y* <%}, (15)
Hrect(wryhr) = {(x,y) : ’«T‘ < wr/za

[yl < hy/2}, (16)
Hblob(rb» H) = {(Tv ¢) i< Tb(l + K

Perlin(gf)))}, (17)
Hpoint (n, T, U) = U Haisk (7"; Ci)7

=1

ci ~ N (p,0?I). (18)
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Probe Geom. Behavior Key parameters Placement 7
P1 (horiz. crease) line inject we(1,10], 1.€[0.5,1.0] alc/r

P2 (vert. crease) line inject well,10], I, €[0.5,1.0] alclr

P3 (circular overlay)  disk blend r€[30,90], a€[0.2,1.0] alclr

P4 (rect. modification) rect erase Garea € [3%, 25%)], B€10.2,1.0] c/b

P5 (thin horiz. line) line inject well, 5], 1,€[0.2,0.8] b/c/r

P6 (gradient band) line+grad  blend a€[0.05,0.4], we|2,10] a

P7 (dot cluster) points inject n€[10,100], re(l,4], o€[10,50] r

P8 (irregular patch) blob blend ry €[30,80], k€[0.1,0.5], «€[0.3,0.7] a

P9 (diag. crease) line inject 0€[20°,70°], well, 0] a

Table 6: Probe catalog and parameter ranges. Placement codes a/c/r/b denote anchor/content/random/bridge.

Original P1 (horiz. crease)

P2 (vert. crease)

P3 (circular overlay)

P6 (gradient band)

P5 (thin horiz. line)

P7 (dot cluster)

P8 (irregular patch) P9 (diag. crease)

Figure 5: Representative visual examples of the probe families used in the controlled perturbation space.

Appearance families include solid color, gradi-
ent, ring, and procedural texture. All probe actions
are unified by alpha blending:

I'(a,y) = (1 - az,y))I(z,y) + oz, y)q(z,y),

19)
where ¢(z,y) is the probe texture or background
target. The three composition behaviors in Ta-
ble 6 are instantiated as inject (o« = 1), blend
(a € (0,1)), and erase (blending toward the lo-
cal background color).

Placement strategies are defined over content
and boundary masks derived from the clean-layout
boxes. Let {b;} denote clean-layout boxes and 9b;
their boundaries. The anchor region is

. )
Manchor = Dll (U abl’ 5) \ Mcegzgeergt )7
A

where 0 = 5 px (Appendix B.5). We use four place-
ment strategies: anchor (a, on M, c10;), content
(c, inside M optent), random (r, uniformly over
the page), and bridge (b, at the midpoint between
two neighboring blocks). Across experiments, one
to three probes are placed per page under a global
area budget.

(20)

A.3 Policy Families

The policy space Il maps page context to a probe
configuration in the shared probe space of Table 6.
Formally, each policy is written as

m(context) = P = (H,V,B,T), (21

where the context features are extracted from the
current page, and P follows the same geometry—
appearance—behavior—placement schema as Sec-
tion A.1.

We use five non-iterative policy families under
the same probe space:

* Random (7;,,q): uniformly samples the
probe type, parameters, and placement strat-

cgy.

* Rule-based (m.,.): selects probes using
boundary density and inter-block gap heuris-
tics.

* LLM-biased (wf}fﬁ/‘fd): uses a language-
guided prompt with explicit structural hints.

 LLM-neutral (72¢3ral): uses a language-
guided prompt without explicit structural
hints.

* VLM strategy-only (7my1)\): predicts probe
type and placement strategy from the page
image without direct coordinate output.

All policies emit the same schema—probe type, pa-
rameters, and placement strategy—so differences
in observed damage can be attributed to targeting
logic rather than search-space mismatch.



A4 Controlled Prompt Design

The biased and neutral LLM prompts test whether
structural targeting arises from explicit hints or
page context. They differ in role, objective, strat-
egy labels, context rendering, and hint strength.
A boundary preference under the neutral prompt
therefore cannot be attributed solely to explicit
structural hints.

B Diagnostic Metrics, Matching, and Ter-
minal Evaluation

B.1 Exposure Descriptor Definitions

This subsection gives the operational definitions of
the five exposure descriptors used in Section 4.2.
Let A(P) denote the perturbation mask induced by
probe configuration P, and let (W, H) be the page
size. For annotated layout elements L, we define
the annotated layout support and boundary support
as

Q= U b(£),

lel

Mpy, = Dil(Uge £ 0b(€), 8) \ Q579 (22)
The five descriptors are computed as
_ AP
TOR(P) = W I
ACR(P,L) = JAP) N Q] QL‘,
€2
[A(P) N My |
BPO(P, L) = —————,
BOC(P.L) = {teL: b(e’)Lm‘A(P) # @}\’
EIR(P, E) — {e € E:b(e) N A(P) # @}y‘
E|
(23)

TOR and EIR are output-derived, whereas ACR,
BPO, and BOC are annotation-dependent bench-
mark diagnostics. For BOC and EIR, the inter-
section predicate is satisfied when at least one
pixel of the bounding box overlaps the probe mask
(overlap_px=1).

B.2 Output Matching and TextSim
Each clean element e € E is assigned a candidate

counterpart in the perturbed output by maximum-
IoU lookup:

m(e) = arg max IoU(e,¢). (24)

e’ €l dy

Ties are broken by adversarial-element index, and
no one-to-one Hungarian assignment is enforced.

This allows multiple clean elements to map to the
same perturbed element, which is necessary for
detecting merge-type topology failures.

A match is accepted only when both the geome-
try and text gates are satisfied:

IoU(e,m(€)) > Tiou,

25
TextSim(e, m(€)) > Tiext- @)

We use Tioy = 0.1 and Tiext = 0.5 in all experi-
ments; their rationale and sensitivity are discussed
in Appendix B.7.

Before computing text consistency, both strings
are stripped of leading/trailing whitespace and case-
folded to lowercase; internal whitespace is pre-
served, and no punctuation removal or tokeniza-
tion is applied. Let a and b denote the normalized
strings. We compute text consistency by character-
level longest common subsequence:

1, |C~L| = |b| =0,

|LCS(a,b)|
max(|al,b])’

TextSim(a, b) =
otherwise.

(26)
TextSim is used only as a matching criterion for
B-SLR, not as the CER computation itself.

B.3 Canonical Label Mapping

Table 7 reports the label normalization used for
detection evaluation and category-level diagnostics.
Raw dataset and parser labels are mapped to five
canonical layout categories: text, title, table, figure,
and equation. We denote this set by Cs; non-content
labels are ignored for mAP.

B.4 Terminal Metric Definitions

We instantiate the terminal component A through
OCR and detection degradation:

A= (Aocm Adet)v (27)

where A, is measured by CER and Ay by the
per-image mAP@(.5 drop.

For the OCR channel, we use character error rate
(CER) as the primary terminal judge. Because the
audit compares clean and perturbed parser outputs,
the clean parser text serves as the reference text
for each matched element. Using the maximum-
IoU correspondence defined in Appendix B.2, let
re = s(e) and he = s(m(e)). The element-wise
CER is

dLev (Teu he)
CERe(e) = |Te‘
1, otherwise,

, loU(e,m(e)) > 0,

(28)



Source family Raw label(s) Canonical target  Used in
mAP
PubLayNet GT Text; List text yes
PubLayNet GT Title title yes
PubLayNet GT Table table yes
PubLayNet GT Figure figure yes
DocLayNet GT Caption; Footnote; List-item text yes
DocLayNet GT Section-header title yes
DocLayNet GT Picture figure yes
DocLayNet GT Formula equation yes
Parser / MinerU output figure_caption; table_caption; reference; list; plain_text; ta- text yes
ble_footnote; formula_caption; index; normal_text

Parser / MinerU output image figure yes
Parser / MinerU output formula; isolate_formula; embedding; isolated equation yes
Canonical passthrough text; title; table; figure; equation identity yes
Non-content labels Page-header; Page-footer; header; footer; abandon; seal None no
Fallback rule Any unseen label text (default) yes

Table 7: Label normalization from raw dataset/parser labels to the five canonical layout categories used for detection

evaluation.

where the second case represents total text loss
when no perturbed element overlaps the clean el-
ement. Here di., denotes character-level Lev-
enshtein distance after stripping leading/trailing
whitespace and case-folding to lowercase.

Let

Eiext = {e € E| s(e) # €} (29)

denote the subset of clean elements with non-empty

text.  The page-level mean CER is
— 1
CER = CERc(e), (30)
|Etext| Z e( )

€€ Etext
with CER = 1 when | Eexs| = 0.

For the detection channel, we compute per-
image mean Average Precision at IoU threshold
0.5:

mAP = |cl\ > AP, (31)

ceC
where C C (s is the set of normalized layout
classes present in the page-level ground truth. The
raw mAP is a detection quality score, so we use its
clean-to-perturbed drop as the detection degrada-
tion signal:

Aget := AmAP
=mAP(Y, FE) — mAP(Y, F.qv)-

Positive AmAP indicates detection degradation,
while negative values indicate an incidental mAP
improvement after perturbation. CER remains the
primary terminal judge for OCR-oriented failure
propagation.
B.5 Operational Thresholds
Coverage ratio p. The coverage ratio

_|b(e) MA(P)|
PP =T

(32)

(33)

measures the fraction of an element box directly
covered by the perturbation mask. Using the fixed
threshold 7,.c = 0.3, a structurally failed ele-
ment with p(e, P) > 7occ is assigned to the direct-
occlusion subset Upiss; otherwise, it is assigned to
the topology-dominant subset U qpo.

Alignment threshold rationale. The IoU thresh-
old 7is, = 0.1 is intentionally permissive because
the IoU gate is used for diagnostic alignment rather
than detection-quality scoring. Unlike standard
detection evaluation, where IoU thresholds such
as 0.5 determine whether a detection is correct,
our matching stage only admits a candidate per-
turbed element for subsequent identity checking. A
strict IoU gate would prematurely mark spatially
displaced but still identifiable counterparts as lost,
thereby conflating geometric displacement with
structural disappearance. This follows the spirit of
text-aware detection evaluation, where geometric
matching can be relaxed when text-level consis-
tency provides the substantive quality signal (Lee
et al., 2019; Baek et al., 2020). The TextSim
threshold Tyt = 0.5 requires at least half of the
character-level LCS-normalized content to be pre-
served; below this value, textual identity is treated
as structurally lost. Both thresholds are fixed across
all parsers, probes, and policies.

B.6 Short-Block TextSim Stability

We analyze the short-text boundary directly. Let
n = |t| be the normalized clean-text length of a
nonempty block. After one substitution or dele-
tion that reduces the longest common subsequence
(LCS) by one character, the denominator in Eq. 9



(a) Corpus prevalence of short text blocks

Parser Clean blocks [t| =1 [t] <3 [t| <5 [t <10
MinerU 12,117 37 (0.31%) 79 (0.65%) 137 (1.13%) 693 (5.72%)
PP-StructureV3 16,383 213 (1.30%) 692 (4.22%) 923 (5.63%) 1,602 (9.78%)

(b) B-SLR-CER alignment under minimum-length gate ablation

Minimum TextSim-gate length k&

Parser max|A| TOR
1 2 3 5 10

MinerU 727 (911) 724 (911) 724 (.905) 722 (904) 715 (1904) .012 (.007) .384 (.482)

PP-StructureV3 916 (.973) 917 (.973) 916 (973) 916 (973) 916 (.973) .001 (.000) .110 (.459)

Table 8: Short-block prevalence and TextSim-gate stability. (a) Counts and corpus percentages by normalized
clean-text length over 1,000 pages; bold marks the one-character single-error corner case. (b) Each entry reports
configuration-level R? (Spearman p,) between Block-level Structural Loss Rate (B-SLR) and Character Error Rate
(CER) over 29 configuration means. The highlighted £ = 1 column marks the parameter used in all reported
experiments; max|A| is the largest absolute change from k = 1 across the sweep. Total Occlusion Ratio (TOR) is

threshold-invariant.

remains 7, and hence

TextSim = —— (34)
n

For n = 2, TextSim is exactly 0.5 and therefore
passes the stated TextSim > 7o gate. More
generally, after r LCS-reducing substitutions or
deletions,

n—r

<05 < n=1.

(35)

Thus, under Tiext = 0.5, there is no universal min-
imum reliable length independent of the number
of LCS-reducing errors; the concrete single-error
corner case is a one-character block.

Table 8(a) counts this case and broader length
ranges over the full 1,000-page clean corpus. Only
37 MinerU blocks and 213 PP-StructureV3 blocks
fall below the candidate single-substitution/deletion
boundary k£ = 2. We next vary only the minimum
length k£ € {1,2,3,5,10} at which the TextSim
gate is applied. Blocks with n < k remain in the B-
SLR denominator and retain every geometry-gate
failure; only their text gate is disabled. The main
experiments use £k = 1. The reconstruction ex-
actly matches the reported B-SLR on all 58,000
page—configuration rows before varying k.

As Table 8 shows, disabling the text gate only
for one-character blocks (k = 2) leaves ps un-
changed on both parsers and changes R? by
only —0.0037 on MinerU and +0.0001 on PP-
StructureV3. Even k = 10 changes (R?, p,) by
only (—0.0118,—0.0069) and (—0.0002,0), re-
spectively. One-character instances account for
2.82% and 0.77% of all automatically identified
text-gate triggers. Because no manual structural-
identity labels are assumed, these cases are reported
as text-gate triggers rather than verified false struc-

<05 <:>r>g.

tural losses. The analysis therefore supports a local
one-character caveat, but not a minimum-length
cutoff for aggregate B-SLR/CER alignment.

B.7 Matching-Threshold Sensitivity

We recompute B-SLR for all nine combinations
in a 3 x 3 Phase-1 threshold grid. The grid uses
Tiou € {0.05,0.1,0.3} and Tyext € {0.3,0.5,0.7}.
Following Figure 3, we average B-SLR and CER
over the same 1,000 pages within each of the
29 configurations and evaluate their configuration-
level alignment. Only the B-SLR matching thresh-
olds vary; the CER target and TOR baseline remain
fixed.

Table 9 shows that the main conclusion is invari-
ant throughout the sweep. Across all nine thresh-
old pairs, B-SLR achieves R? = .627-.790 and
ps = .859-.937 on MinerU, and R? = .889-.937
and p; = .969-.987 on PP-StructureV3. Even
the weakest B-SLR result exceeds the correspond-
ing TOR baseline by .243/.377 on MinerU and
.779/.510 on PP-StructureV3 in R?/p,, respec-
tively.

The alignment is particularly insensitive to Tioy:
at a fixed Tiex, changing 7i,, changes R? by at
most .012/.017 and ps by at most .038/.004 on
MinerU/PP-StructureV3. The absolute MinerU
alignment is more sensitive to the text-similarity
gate, but remains strong even at the least favor-
able setting. The adopted setting (0.1, 0.5) is re-
tained rather than selected retrospectively from this
sweep and exactly reproduces the Figure 3 results
(.727,.911) and (.916,.973).



(a) Configuration-level R>

MinerU: Tiext PP-StructureV3: Ticxt

Tiou

3 .5 7 3 .5 7
.05 627 724 788 .904 915 .934
.10 .639 727 790 .907 916 .935
.30 .632 721 .789 .889 918 .937

(b) Configuration-level Spearman p

- MinerU: Tiext PP-StructureV3: Tiext

3 .5 7 3 .5 7
.05 .859 .910 .928 .986 971 .969
.10 .864 911 937 .985 973 .969
.30 .896 917 927 987 973 973

Table 9: Matching-threshold sensitivity of B-SLR—CER alignment. Panels report configuration-level R?
and Spearman p, between Block-level Structural Loss Rate (B-SLR) and Character Error Rate (CER) over 29
configuration means, each averaged over 1,000 pages. Highlighted cells mark the adopted setting (Tiou, Ttext) =

(0.1,0.5). Total Occlusion Ratio (TOR) is threshold-invariant, with R? = .384/.110 and p; = .482/.459 on
MinerU/PP-StructureV3; B-SLR exceeds TOR under all nine threshold pairs.

B.8 B-SLR Decomposition Algorithm

Algorithm 1 gives the implementation-level pro-
cedure used to decompose B-SLR into direct-
occlusion and topology-dominant components.
The algorithm first identifies structurally failed el-
ements using the same loU-TextSim gates as the
main B-SLR definition. Failed elements are then
split into direct-occlusion and topology-dominant
subsets according to the coverage ratio p(e, P).
Within the topology-dominant subset U qp,, fail-
ures are further assigned to three mutually exclu-

Algorithm 1: Decomposed B-SLR classifi-
cation.
Input: E, E,q,, A(P)
Output: SLRniss, SLRtopo, per-category
counts

1 Compute
m(e) = argmaxecp,,, loU(e, e’) for
eacheec F

2 Count how many clean elements map to
each perturbed prediction

sive categories under a fixed priority order: MERGE, 3 foreach e € F do

MISCLASS, and DEGRADED. MERGE captures 4 é < mf(e)

multiple clean elements assigned to the same per- s iou < IoUl(e, €)

turbed prediction; MISCLASS captures retained spa- 6 § + TextSim(e, é)

tial correspondence with a changed canonical cat- 7 failed <— (iou < Tipy) V (8 < Ttext)
egory; and ]')EGRA.DED covers the remair%ing non- if not failed then

occlu.ded fallur.es, including text degradation with- 0 ‘ INTACT

out direct physical coverage. 10 else if p(e, P) > 7oce then

B.9 Policy-Audit Metric Shorthands u ‘ MISS

Table 5 uses compact metric names for readability. 12 else if multiple clean elements map to é
The exposure descriptors TOR, BPO, BOC, and then

EIR follow the definitions in Appendix B.1. CER 13 ‘ MERGE

and AmAP are the terminal OCR and detection- 14 else if iou > 7oy and c(e) # c(¢é) then
side degradation signals defined in Appendix B.4, 15 ‘ MISCLASS

and B-SLR is the structural loss rate defined in Sec- 16 else

tion 4.2. In the policy audit, Miss and Topo denote 17 ‘ DEGRADED

SLRumiss and SLRiopo, respectively. TopoShare 18 end

measures the fraction of structural loss explained 19 end

by topology-dominant failures:
SLI{topo
SLRmiss + SLRtopo ’

TopoShare = (36)

20 SLRpiss ¢ niss/ | E|
21 SLRtOpO <_

(nMERGE + Nmiscrass + nDEGRADED)/‘E|




Protocol Configs  Per config Goal Label Probe tuple label Key parameters Purpose
Phase 1 fixed 29 1,000 imgs probe effect A0l Pq-afwl] w=1, =W P1 lower bound
profiling A Paalull  wolIZH  b2ieeerbomd
H H _ 2-alw w=1, = OwWer boun
Phase 1 sweep 13 1,000 imgs randomtlzedh . A4 Py afws] weg I—H P2 upper bound
.. .. . parameter chec A05 P3-aa.3] r=60, a=0.3 stamp faint
Phase 2 policies 5 policies 1,000 imgs targetmg—pohcy A06  P3-afal] r=60, a=1.0 stamp opaque
comparison A07  Py-c[5%] Aarea =5%, S=0.3 erasure mild
K . A08 Py4-c[20% Aarea =20%, B=1.0 erasure severe
Table 10: Overview of auditing protocols and configura- A9 p; ~b%w1] ) w=1, |=0.5W separator thin
tion groups. Al0  Ps5-blw3] w=3, 1=0.5W separator thick
All Pg-afa.1] a=0.1, w=5 ghost imperceptible
Al2 Pg-ala.3] a=0.3, w=5 ghost visible

Eff-B and Eff-C denote per-footprint efficiency for
structural loss and OCR instability:
B-SLR CER

TorR® YT ToR”
These efficiency scores are used only as relative in-
dicators under comparable small-footprint regimes;
they should be interpreted together with absolute
damage and pathway composition.

Eff-B = (37)

C Experimental Protocol and Configura-
tion Details

C.1 Auditing Protocol Overview and Identifier
Convention

Table 10 summarizes the configuration groups used
in our experiments. We use A01-A22 for fixed stan-
dard configurations, NTO1-NTO7 for EIR-targeted
configurations, and SO1-S13 for randomized sweep
configurations. For compact reporting, each fixed
configuration is encoded as

Pr-t[¢], (38)

where P,, identifies the probe family in Table 6, ¢ €
{a, ¢, r,b} denotes placement, and £ records the
dominant varied parameter. Tables 11, 12, and 13
provide the full decoding.

C.2 Phase 1 Fixed Configurations

Table 11 decodes the 22 standard Phase 1 config-
urations. These configurations are used to profile
probe-level effects under controlled parameter and
placement choices.

C.3 EIR-Targeted NT Configurations

The NT series uses iterative multi-stamp placement
to reach target element-interference levels. The
target 7 specifies the intended fraction of clean
elements whose boxes overlap the probe mask at
injection time.

C.4 Randomized Sweep Configurations

In addition to the fixed Phase 1 matrix, we run ran-
domized sweeps to test whether structural-exposure
signals persist when probe parameters vary stochas-
tically. Table 13 lists the randomized configura-
tions. Paired configurations share sampled geom-

Placement control groups
(matched probe, varying T ):

Al13
Al4
AlS
Al6
Al17
Al18
Al19
A20
A21
A22

w=2, [=0.5W

Qarea = 20%, ﬁ =1.0

w=3, |=0.5W
r=60, «a=0.5
w=3, [=W

crease on text
crease random
stamp on text
stamp random
sep. on text
sep. random
erasure bridge
sep. extended
stamp anchor
crease anchor

Table 11: Phase 1 fixed configurations under the AQ1-
A22 identifier convention. Tuple labels decode probe
family, placement, and dominant parameter; W/H de-
note page width/height.

Label Probe tuple label Target 7 Method
NTO1 NTI.05] 0.05 targeted stamp
placement
NT02 NTI.10] 0.10  targeted stamp
placement
NTO03 NTI.20] 0.20  targeted stamp
placement
NT04 NTI.35] 0.35  targeted stamp
placement
NTO5 NT[.50] 0.50  targeted stamp
placement
NT06 NT[.70] 0.70  targeted stamp
placement
NTO07 NT[1.0] 1.00  targeted stamp
placement

Table 12: EIR-targeted configurations under the NTO1—
NTO7 identifier convention. The probe family and place-
ment mechanism are fixed; only the target 7 varies.

etry, appearance, and behavior parameters while
varying only placement.

C.5 Inference, Randomness, and Software

Randomness control.
All experiments use NumPy’s default_rng, ini-
tialized with the base seed 42. Paired randomized-
sweep configurations use deterministic per-image
seeds

(image_index + 1) x 10° + pair_id
so that H, V), and B are sampled identically across
paired placement strategies while only 7 varies.
LLM/VLM policies inherit stochasticity from API
sampling; all other components are deterministic
given the seed.



ID Probe Random parameters T Notes

S01 P1 w~U(1,10) anchor
S02 P2 w~U(1,10) anchor
S03 P3 r~U(30,90), a~U(0.2,1) anchor
S04 P4 Gavea~U(3%, 25%), B~U(0.2,1) content
S05 PS  w~U(1,5), l~U(0.2W,0.8W)  bridge
S06 P6  a~U(0.05,0.4), w~U(2,10)  anchor
S07 P7  n~U(10,100), r~U(1,4) random
S08 P8 1, ~U(30,80), k~U(0.1,0.5) anchor
S09 P9 6~U(20,70), w~U(1,6) anchor
S10 P1 w~U(1,10) content paired w/ SO1
S11 Pl w~U(1,10) random paired w/ SO1
S12 P3  r~U(30,90), a~U(0.2,1) content paired w/ S03
SI13 P3  r~U(30,90), a~U(0.2,1) random paired w/ SO3

Table 13: Randomized sweep configurations. Paired
configurations share sampled H, V, and B; only 7
varies.

Parameter LLM policies VLM policy
Backend DeepSeek-Chat Qwen-VL-Max
Temperature 0.7 0.7

Max tokens API default 1,024

Response format json_object free-form (parsed)
Max retries 3

Image long edge — 1,024 px

JPEG quality — 85

Table 14: LLM/VLM inference parameters.

Software versions.

The primary evaluation uses MinerU v2.7.6 with
DocLayout-YOLO, PP-StructureV3 with Pad-
dleOCR 3.4.1 and PaddlePaddle 3.3.1, Python 3.10,
NumPy 2.2.6, and OpenCV 4.x. The supplemen-
tary grounded-VLM audit uses PaddleOCR 3.7.0,
PaddlePaddle 3.2.1, and the PaddleOCR-VL
pipeline v1.6.

Hardware. GPU experiments used one NVIDIA
GeForce RTX 5090 with 32 GiB device memory.

C.6 Statistical Verification Layers

We use the six verification layers in Table 15 to
check that the main conclusions do not depend on a
single aggregation view. The main text emphasizes
configuration-level analyses, while the remaining
layers provide robustness checks against document
heterogeneity, nonlinearity, and attack-design con-
founds.

Layer Method Unit Threat checked

0 Raw OLS
1 Config-level OLS

baseline association
within-image noise

per-image record
29 config means

2 Image fixed effects de-meaned residuals  document
heterogeneity
3 Per-image Spearman  per-image p + win nonlinearity

rate

EIR quintile bins
within-config
quartiles

4 Dose-response bins
5 Quasi-natural

reverse causality
attack-design
confound

Table 15: Six-layer statistical verification framework.

garea gSlTUCt
Pipeline Channel TOR ACR BPO BOC EIR
composite .780 .760 .821 .336 .280
MinerU iou-only  .782 .755 .869 .194 .149
text-only  .629 .622 .613 477 424
composite .150 .149 .161 .856 .852
PP-V3  iou-only .704 .678 .781 .203 .205

text-only  .017 .018 .017 .738 .733

Table 16: Channel-by-exposure regression breakdown:
configuration-level R? from univariate OLS fits between
each diagnostic descriptor and each B-SLR channel.
Bold marks the strongest predictor per row.

D Additional Results
Checks

D.1 Channel-by-Exposure Breakdown

and Robustness

Table 16 expands the exposure analysis in Sec-
tion 5.2.6 by reporting configuration-level R? be-
tween each diagnostic descriptor and each B-SLR
channel. This breakdown complements Table 4 by
showing how the five exposure descriptors relate to
composite B-SLR and its IoU-fail and text-fail-only
subchannels.

Fixed-budget pathway triage. As a complemen-
tary ranking analysis, we pool the 29,000 fixed-
configuration and 13,000 randomized-sweep page—
configuration records for each parser (42,000 per
parser). For each target, positives are records in
its top decile, and Precision@ 10% evaluates the
top decile ranked by a candidate diagnostic. BPO
identifies high SLR,iss with precision .481/.486
on MinerU/PP-V3. For high SLR¢,p,, EIR and
BOC reach .271/.213 on MinerU and .524/.534
on PP-V3, compared with .052/.055 for TOR. For
high CER, B-SLR reaches .741/.828, compared
with .233/.207 for TOR. Thus, the regression-level
specialization also holds under a fixed inspection
budget and for a metric external to B-SLR.

D.2 Randomized Sweep Robustness

The randomized sweep configurations in Ap-
pendix C.4 test whether the structural-exposure sig-
nal persists when probe size and appearance vary
stochastically rather than being fixed by the Phase 1
matrix. At the configuration level, EIR remains
more predictive of B-SLR than footprint-style de-
scriptors: R?(EIR — B-SLR) = 0.613 on MinerU
and 0.530 on PP-V3, while TOR/ACR/BPO reach
at most 0.048 on MinerU and 0.020 on PP-V3.
BOC shows the same trend (B> = 0.591 on
MinerU and 0.532 on PP-V3). Thus, the domi-
nance of structure-count descriptors is not an arti-



fact of hand-selected fixed configurations.

D.3 Transfer to Standard Corruptions

We test whether the B-SLR—CER relationship is
confined to the controlled-probe catalog using
24,000 cached page—configuration records from
four standard corruption families: Gaussian noise,
Gaussian blur, JPEG compression, and brightness
shift. Each family is evaluated at three sever-
ity levels over the same 1,000 pages and both
primary parsers, yielding 12 complete configura-
tions and 12,000 records per parser. The three
severities use Gaussian-noise standard deviations
8/16/24, Gaussian-blur kernels 3/5/9, JPEG qual-
ities 70/45/25, and randomly signed brightness-
shift magnitudes 22/45/70.

For the primary configuration-level comparison,
we average B-SLR and perturbation-induced CER
over the 1,000 pages in each configuration and
compute Spearman correlation across the 12 result-
ing means. Table 17 also reports the pooled page—
configuration correlation as supporting descriptive
evidence.

Parser Configuration-level p;  Pooled ps
MinerU 979 .845
PP-StructureV3 937 .805

Table 17: Transfer to standard corruptions. Spear-
man correlation (p,) between Block-level Structural
Loss Rate (B-SLR) and perturbation-induced Character
Error Rate (CER) over 12 corruption—severity configu-
rations, with 1,000 pages per configuration. The pooled
column contains 12,000 page—configuration records per
parser.

The strong correlations show that B-SLR tracks
CER beyond the controlled-probe catalog. This ex-
periment provides out-of-catalog transfer evidence
for the diagnostic relationship; it is not a test of
whether the controlled probes reproduce complete
physical capture processes.

D.4 Dose-Response Monotonicity

We further check whether structural interference
produces a monotonic dose-response in B-SLR.
Binning observations by EIR, PP-V3 exhibits strict
monotonic growth: mean B-SLR increases from
0.018 in the lowest bin to 0.480 in the highest bin.
MinerU also increases monotonically, from 0.025
to 0.181, but with a shallower slope. Within fixed
configurations, partitioning images into EIR quar-
tiles yields monotonically increasing B-SLR from
Q1 to Q4 in the majority of configurations for both
pipelines. Together with the randomized sweep

A Answer-
Parser AB-SLR missing rate BM25 loss Dense loss
MinerU 116 127 131 122
PP-StructureV3 .100 118 127 118
PaddleOCR-VL-1.6 056 .023 .014 .009

Table 18: Matched-footprint grounded-parser audit
on 80 frozen pages and 221 QA pairs. The AB-SLR and
A Answer-missing rate columns report Structural —area-
matched differences; the BM25/Dense columns report
Answer Hit@5 loss using area-matched—Structural.
Positive values indicate greater structural-probe dam-
age. Bold marks the PaddleOCR-VL B-SLR gap whose
bootstrap interval excludes zero; B-SLR is interpreted
within parser only.

in Section D.2, this supports that the structural-
exposure effect is not an artifact of either specific
configuration choices or a single aggregation view.

D.5 Grounded VLM Scope Extension Details

We froze a stratified 80-page subset contain-
ing 221 existing QA pairs (seed 42) before
running PaddleOCR-VL-1.6. Its block_bbox,
block_label, and block_content outputs were
mapped to ProSA’s box—category—text schema.
The mean TORs were .0935% for area-matched
erasure and .0980% for the structural probe. All
240 clean, area-matched, and structural VLM runs
succeeded. Regenerated perturbed inputs matched
all 80 frozen SHA-256 hashes in each perturbation
condition and reproduced the frozen TOR records.
From a fresh pipeline initialization, 10/10 clean
reruns exactly reproduced the original serialization,
yielding clean-to-repeat B-SLR=0. Table 18 re-
ports point estimates; the significance statements
below use 95% confidence intervals from 5,000
stratified, page-clustered paired-bootstrap resam-
ples.

PaddleOCR-VL-1.6 shows a significant B-SLR
gap, while its answer-missing and retrieval inter-
vals include zero. This supports compatibility of
the grounded audit interface, but not downstream
replication or comparisons of parser robustness.
The prespecified 206-pair common-clean-answer
sensitivity analysis preserves these directions.

D.6 Downstream Propagation Details

The downstream propagation experiment tests
whether parser-level structural loss affects prac-
tical document use. We construct a frozen set of
975 clean-derived extractive QA pairs from 349
pages selected from a 500-page candidate subset,
with at most four pairs per page. Candidates are
generated with deepseek-chat (I = 0.2) from a
shared clean source comprising MinerU lines that



also occur in PP-StructureV3’s clean text. When
this shared source is too short, generation determin-
istically uses one parser’s full clean output, selected
by text length and malformed-character ratio. We
retain a candidate only if its 2—15-token gold an-
swer occurs verbatim in both parsers’ clean outputs,
maps to an evidence block, and preserves per-page
answer-type diversity. Each retained pair contains
a question, gold answer span, evidence text span,
answer type, and page identifier.

The final set contains 649 span, 183 title, 123
numeric, and 20 caption questions. It contains no
free-form or multi-step reasoning questions; the
experiment evaluates evidence preservation rather
than general reasoning robustness. Table 19 reports
the matched-footprint exact-match gap for each

type.

Answer type  Count MinerU PP-V3
Span 649 072 .059
Title 183 .060 .027
Numeric 123 .065 041
Caption 20 .050 .050

Table 19: QA type distribution and matched-

footprint EM gaps. Values are AM—Str.; positive
means lower EM under Str. Counts sum to 975. The
caption row (n = 20) warrants caution.

Perturbation conditions. We compare four con-
ditions: clean pages, area-matched erasure (AM),
structural probe (Str.), and large-area erasure (LA).
AM and Str. have nearly identical footprint, with
mean TORs of 0.10% and 0.11%, respectively. LA
serves as a large-footprint control with mean TOR
16.61%, roughly 150x larger than the matched-
footprint conditions.

Downstream QA. For each parser and condition,
the parsed page text is serialized as the context for
a fixed QA answerer. The answerer is instructed to
return the shortest extractive span using only the
provided parsed text; if the answer is absent, it re-
turns NOT_FOUND. We report exact-match accuracy
(EM), token-level F1, answer-missing rate, and the
EM drop from the clean condition. A QA instance
is counted as answer-missing when the gold answer
string is absent from the parsed page text. Empty
parser outputs are retained and counted as incorrect
and answer-missing when applicable.

The primary answerer uses the deepseek-chat
API alias (served identifier deepseek-v4-flash)
with temperature 0, top_p = 1, and a 1,024-token
limit. We evaluate two additional answerers using
the identical extractive prompt, scoring protocol,

and deterministic decoding setup.

All three answerers cover all 975 frozen QA
pairs under every condition. For the GLM-5.2 re-
run, batching by 349 pages, four conditions, and
two parsers yielded 349 x 4 x 2 = 2,792 page—
condition requests. All requests completed suc-
cessfully, with no API-level failures or missing re-
sponse records. The positive AM—Str. gaps persist
across all three answerers and both parsers, sug-
gesting that the observed downstream effect is not
specific to DeepSeek and is robust across the tested
QA answerers.

Answerer N MinerU PP-V3

DeepSeek (primary) 975 .069/.057 .050/.048
GLM-4-Plus 975 .061/.059 .046/.050
GLM-5.2 975 .075/.059 .065/.060

Table 20: QA-answerer sensitivity. DeepSeek denotes
the primary deepseek-chat answerer. Values are area-
matched-minus-structural (AM—Str.) EM/F1 gaps on
the same paired QA instances; positive values indicate
lower performance under the structural probe.

Page-internal retrieval. For retrieval, the cor-
pus is restricted to chunks from the QA’s own page
under the same parser and perturbation condition.
This page-internal setting aligns retrieval with the
single-page QA task and isolates whether the per-
turbed parser output still contains retrievable evi-
dence. We use block-aware chunking with a target
length of 400 characters, minimum length 80, max-
imum length 700, and overlap 80. Two retrieval
backends are evaluated: BM25 and the dense en-
coder all-MinilM-L6-v2. For each QA, we re-
trieve the top 10 chunks.

Retrieval metrics. We report two retrieval sig-
nals. Evidence Recall @k checks whether any top-
k chunk contains the evidence text, while Answer
Hit@Fk (abbreviated as AnsHit@¥k in tables) checks
whether any top-k chunk contains the gold answer.
The main text reports Answer Hit@35 because it
directly measures whether the answer-bearing con-
tent remains retrievable. We additionally report
evidence Recall@5 and evidence MRR@10 in Ta-
ble 21.

The full retrieval metrics are consistent with the
main-text Answer Hit@5 results. In the main-text
table, BM25 A@5 and Dense A@5 refer to An-
swer Hit@35, i.e., whether any top-5 retrieved chunk
contains the gold answer string. Under matched
footprint, the structural probe causes much larger
retrieval degradation than area-matched erasure
across both parsers and both retrieval backends.



Parser Condition BM25R@5.,;q BM25MRR@10.,;q BM25 AnsHit@5 Dense R@5.,;q Dense MRR@10.,iq Dense AnsHit@5
Clean 68.7 61.6 94.6 67.9 56.9 93.6
MinerU AM 66.7 59.6 93.8 65.7 55.2 92.8
Str. 49.2 433 81.0 484 412 80.4
LA 35.6 31.2 58.8 35.4 28.7 59.4
Clean 66.4 59.3 94.7 64.5 53.1 95.1
PP-V3 AM 63.9 56.9 92.9 62.2 51.2 93.4
Str. 52.7 46.8 83.1 51.5 41.5 83.5
LA 32.6 29.2 57.9 31.9 26.8 58.7

Table 21: Additional page-internal retrieval metrics for downstream propagation. All scores are percentages and
higher is better. R@5,,;q and MRR@10,,4 use evidence-text containment as the relevance signal, while AnsHit@5
checks whether a top-5 retrieved chunk contains the gold answer.
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Figure 6: Phase 2 pathway composition of mean per-image structural loss for each policy (n=1,000 pages). Stacks
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indicate greater structural loss.

For example, on MinerU, BM25 evidence R@5
drops from 66.7% under AM to 49.2% under Str.,
while Answer Hit@5 drops from 93.8% to 81.0%.
On PP-V3, the same pattern holds: BM25 evidence
R@5 drops from 63.9% to 52.7%, and Answer
Hit@5 drops from 92.9% to 83.1%. Thus, the
downstream effect is not specific to the QA an-
swerer or to a single retrieval backend.

D.7 Policy Pathway Composition

Figure 6 provides the fine-grained pathway com-
position behind the Phase 2 policy comparison in
Table 5. Across policies, topology-dominant com-
ponents account for most structural loss, while
direct-occlusion loss remains small for targeted
policies. This corroborates the main-text observa-
tion that efficient targeting exposes topology-level
vulnerability rather than simply increasing physical
coverage.

D.8 Policy-Level Rank Consistency

We further examine whether the policy-level order-
ing induced by structural damage is consistent with

terminal degradation signals. For each parser, we
rank the five Phase 2 policies by B-SLR, CER, and
AmAP, where rank 1 denotes the most severe degra-
dation. As a footprint-based baseline, we also rank
policies by TOR and compare the induced ordering
with the same terminal metrics. Figure 7 shows that
B-SLR yields a policy ordering that is more consis-
tent with CER and AmAP than TOR. The B-SLR-
based rank correlations are 0.80,/0.80 on MinerU
and 0.97/0.87 on PP-StructureV3 for CER/AmAP,
whereas the corresponding TOR-based correlations
drop to 0.40/0.40 and 0.30/0.40. This supports
the use of B-SLR as a policy-level structural diag-
nostic: it preserves the relative vulnerability pattern
reflected by terminal quality signals better than the
area-based footprint proxy.

E Prompts, Reproducibility, and Scope
E.1 Reproducibility Checklist

* Data: PubLayNet and DocLayNet validation
splits; pages with fewer than five original
spans are filtered; the final shared evaluation
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Figure 7: Policy-level rank consistency. Ranks are computed within each parser over the five Phase 2 policies,
where rank 1 denotes the highest degradation or largest footprint. Compared with TOR, B-SLR gives policy rankings
that align more closely with CER and AmAP.

pool contains 1,000 pages.

* Code: The official implementation is avail-
able at the following URL:
https://github.com/ef1026/ProSA
The repository includes a lightweight CPU-
only audit module with author-written syn-
thetic examples and unit tests, the main ex-
periment code, adapters for the two primary
parsers, frozen attack plans and policy-replay
files, an ID-only evaluation manifest, and the
downstream QA/retrieval pipelines. To re-
spect third-party licenses and terms, it does
not redistribute source page images or annota-
tions, extracted document text, cached parser
outputs, QA content, model weights, API re-
sponses, or generated reports. The core audit
can be run directly from the synthetic exam-
ple; paper-scale reproduction requires users to
obtain the corresponding datasets, parser envi-
ronments, model weights, and API services.

* Pipelines: The 1,000-page primary evalu-
ation uses MinerU v2.7.6 with DocLayout-
YOLO and PP-StructureV3 with RT-DETR-
H and PaddleOCR 3.4.1; the supplementary
80-page audit uses PaddleOCR-VL-1.6. Soft-
ware and hardware details are reported in Ap-
pendix C.5.

¢ Matching: maximum-IoU lookup with uni-
fied IoU and TextSim gates (Tioy =0.1, Ttext =
0.5); no one-to-one Hungarian assignment is
enforced.

* Probes: P1-P9 with bounded configuration
ranges, listed in Table 6.

* Configurations: AO1-A22 and NTO1-NTO07
for Phase 1 fixed auditing (Tables 11 and 12);
S01-S13 for randomized sweeps (Table 13);
five policy families for Phase 2.

Statistics: six-layer verification protocol, in-
cluding configuration-level OLS, image fixed
effects, per-image rank checks, dose-response
bins, and within-configuration quartile checks
(Table 15).

* Randomness: base seed 42 for deterministic
components; paired randomized-sweep con-
figurations use deterministic per-image seeds;
LLM/VLM policies inherit stochasticity from
API sampling.

Output fields: Paper-scale experiment out-
puts record image and configuration iden-
tifiers; TOR, ACR, BPO, BOC, and EIR;
composite and channel-wise B-SLR; matched
CER,; clean and perturbed mAP; AmAP; and
the original-span count. The lightweight audit
module separately exposes B-SLR, CER, and
the direct-occlusion/topology pathway split
for user-provided clean and perturbed outputs.
Metrics: CER is the primary terminal OCR
judge; per-image mAP@0.5 over the five
canonical layout classes defines the supple-
mentary detection-channel drop AmAP.


https://github.com/ef1026/ProSA

E.2 Prompt Templates

All three prompt-based policies emit a probe type,
bounded parameters, and a placement strategy.
The biased LLLM uses a structure-aware renderer,
whereas the neutral LLM uses a coordinate-only
renderer; both summarize visual, layout, and spa-
tial cues. The VLM instead receives the raw
page image. The neutral and VLM policies use
these internal strategy mappings: between maps to
bridge, edge to anchor, inside to content, and
anywhere to random. The controlled excerpts are
shown below.

LLM-biased prompt excerpt. Role: expert adversar-
ial tester for DLA. Goal: choose one visual probe and
placement to maximize parsing failure, including merge,
split, or missing-block errors. Probes: P1-P9; strategies:
bridge/anchor/content/random; output: valid JSON.

Context: structure-aware page description with block coor-
dinates, gap information, and candidate vulnerable regions.

LLM-neutral prompt excerpt. Role: quality-assurance an-
alyst for DLA robustness. Goal: select one realistic pertur-
bation probe and placement strategy to test model response.
Strategies: between/edge/inside/anywhere; output: valid
JSON.

Context: coordinate-only page description with block types
and bounding boxes, without explicit structural vulnerabil-
ity hints.

VLM strategy-only prompt excerpt. Input: raw page
image only. Goal: inspect visible text blocks, figures, tables,
and whitespace, then select a probe type and placement
strategy. Exact coordinates are determined automatically
from the chosen strategy; output: valid JSON.

Invalid strategies default to random, and invalid
probe types default to P5.
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