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Abstract

Intelligent education systems often collect
exam sheets as in-the-wild photos. These pho-
tos often suffer from distortions and noise
caused by handwriting and occlusions, col-
lectively referred to as Real-World Degraded
Exam Images (RDEI). Structure-preserving
reconstruction is key to converting RDEI
into structured assets for downstream edu-
cational applications. Existing Multimodal
Large Language Models (MLLMs) often fail
under RDEI, leading to disrupted structure
and evidence-unsupported hallucinations. To
tackle these challenges, we propose MessTo-
Clean, a backbone-agnostic, evidence-driven
pipeline that treats off-the-shelf MLLMs as
interchangeable components. By grounding
extraction in pixel-aligned evidence and en-
forcing post-hoc consistency auditing on recov-
ered structures, MessToClean mitigates unsup-
ported hallucinations and enhances both con-
trollability and structural fidelity in question-
level reconstruction. We curate RDEI-Exam
from our educational platforms and evaluate
across 12 state-of-the-art MLLM backbones.
Across these, MessToClean improves stem con-
sistency by 1.01-3.18%, figure consistency by
0.50-49.16%, and refusal F1 by 1.06-10.88%
across question types.

1 Introduction

Intelligent education platforms have accumulated
vast collections of exam sheet resources. However,
their utility for automated assessment and learning
diagnosis is limited by unstructured storage (Dinh
et al., 2024; Zhang et al., 2024b), as they are typi-
cally captured as in-the-wild photographs using mo-
bile devices rather than as scanned documents (Das
et al., 2021; Yu et al., 2026). Such images often
suffer from geometric distortions caused by shoot-
ing angles and are further degraded by significant
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noise from handwritten answers, grading marks,
and correction annotations (Zhang et al., 2024c).
We collectively refer to these inputs as Real-World
Degraded Exam Images (RDEI). Moreover, exam
papers inherently exhibit complex layouts, hierar-
chical multi-question structures, and strong cou-
pling between questions and figures, which makes
question-level structural recovery especially chal-
lenging in real-world settings (Aich et al., 2026).

Under these conditions, restoring the structural
integrity of the question, particularly its bound-
aries, reading order, and correspondence with the
diagram, becomes highly unstable and constitutes a
critical bottleneck in the scalable exam processing
pipeline (Aich et al., 2026; Zhang et al., 2024a;
Ramu et al., 2024; Wang et al., 2021). The most
straightforward approach is optical character recog-
nition (OCR), which typically follows a text de-
tection—text recognition pipeline to transcribe doc-
ument images into editable text (Li et al., 2023a;
Liao et al., 2020). However, when applied to RDEI,
the combination of degradations significantly exac-
erbates character-level errors, text line fragmenta-
tion, and missed detections. More importantly, this
paradigm lacks explicit mechanisms to recover es-
sential structural relations such as question bound-
aries, reading order, and question—figure correspon-
dence (Li et al., 2025; Xing et al., 2025).

Although multimodal large language models
(MLLMs) can generate structured text from docu-
ment images in an end-to-end manner (Hu et al.,
2025; Liao et al., 2025; Chen et al., 2023), they
still suffer from two systematic limitations when
processing RDEI, as illustrated in Figure 1. First,
handwritten annotations and severe noise often lead
MLLMs to over-rely on linguistic priors, result-
ing in hallucinated content that contradicts pixel-
level evidence (Xu et al., 2025a). Second, general-
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Figure 1: MLLMs Limitations and MessToClean in Action for Structure-Preserving Reconstruction in RDEI.

purpose MLLMs exhibit unstable region-level lo-
calization and alignment (Yin et al., 2025; Wang
et al., 2025; Xu et al., 2025b), making it difficult to
accurately identify question blocks and their asso-
ciated figures. These issues introduce latent struc-
tural errors that may silently corrupt downstream
question banks.

Motivated by these observations, we propose
MessToClean, an evidence-driven pipeline that
is decoupled from specific MLLM backbones.
MessToClean treats off-the-shelf MLLMs as
interchangeable components and suppresses
hallucinations through explicit pixel-aligned
evidence grounding and post-hoc consistency
auditing. Specifically, we first employ a two-
stage fine-tuned RF-DETR detector to robustly
localize question text blocks and figure blocks
under occlusion and large-scale noise, thereby
constructing a set of pixel-aligned evidence
bounding boxes. Based on these detections, we
reconstruct the hierarchical page structure and
infer a stable reading order as an integral part of
the recovered representation. Finally, cropped
question and figure regions are used as pixel-level
evidence to drive a Generator-Verifier-Patcher
pipeline, which performs consistency verification
and minimal corrective rewriting, and outputs
structured Markdown along with auditable JSONL
edit logs. In parallel, we curate RDEI-Exam, a real-
world benchmark collected from our intelligent
educational platforms across multiple regions and
schools, comprising 12,472 Real-World Degraded
Exam Images.

In summary, our contributions are as follows:

* We introduce and formalize structure-
preserving reconstruction for RDEI, which
aims to produce traceable and auditable
question-level structured representations.

* We propose MessToClean, an MLLM-

backbone-agnostic, evidence-driven pipeline.
MessToClean leverages pixel-aligned evi-
dence to recover question structure and
enforce globally consistent question-figure
pairing, and further applies an evidence-
constrained Generator-Verifier-Patcher loop
to audit and suppress hallucinations.

» Extensive experiments across a broad set of
mainstream MLLM backbones demonstrate
that MessToClean yields consistent improve-
ments, substantially enhancing stem consis-
tency, question-figure alignment, and refusal
reliability under challenging real-world degra-
dations, highlighting its practical potential.

2 Related Work

Structure-preserving reconstruction of exam im-
ages aims to recover complete question-centric
text structures for intelligent education systems
and LLM-based reasoning training, moving be-
yond fixed-schema field extraction. Early OCR-
based methods (Hegghammer, 2022) with layout
priors often fail under real-world degraded exam
images (RDEI), struggling to distinguish printed
text from handwriting. Later approaches intro-
duced RNN (Aggarwal et al., 2020), CNN (Denk
and Reisswig, 2019) and Transformer (Majumder
et al., 2020; Wang et al., 2023) models to jointly
predict layout and reading order, but remain vision-
centric and are prone to errors under handwritten
corrections or clutter. Recent methods serialize
OCR results into text for downstream text-only
LLMs (Wang et al., 2024; Do et al., 2025), enhanc-
ing semantics but losing layout cues and suffering
from OCR noise. The latest paradigm, multimodal
large language models (MLLMs) (Wu et al., 2023),
integrates vision and language to directly generate
structured outputs from document images, bridging
pixel-to-text gaps. Therefore, mainstream models
such as the Qwen3 series (Yang et al., 2025), GPT
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Figure 2: Overview of MessToClean Pipeline. ® Detect pixel-aligned text/figure boxes as visual evidence. @
Recover hierarchical layout and a stable global reading order from the box set, providing question-aligned, traceable
structure priors for MLLMs. ® Run an evidence-constrained Generator-Verifier-Patcher (GVP) loop to audit and
minimally patch local degradations, suppressing evidence-unsupported hallucinations.

series (Sanderson, 2023; OpenAl, 2024, 2025),
Gemini series (Comanici et al., 2025), and GLM-V
series (Team et al., 2026) serve as our core base-
lines. However, under handwriting and other visual
noise, prompt-driven generation often hallucinates
outputs (He et al., 2025; Li et al., 2023b), while
occlusions further exacerbate the unstable localiza-
tion capabilities of general-purpose MLLMs (Tong
et al., 2024), limiting effective layout grounding.
Fine-tuning MLLMs for explicit layout parsing or
font-specific recognition is prohibitively costly in
terms of annotation and computation. We therefore
incorporate dedicated object detectors to provide
pixel-aligned structural evidence.

Object detection aims to predict object loca-
tions and categories simultaneously, typically
outputting bounding boxes and class labels
(z1,y1, T2, Y2, ¢;). In the RDEI context, detectors
are used to localize question blocks—categorized
as Multiple-choice, Short-Answer, and Long-
Answer—as well as figure regions, forming the
structural backbone for downstream reading order
recovery, question—figure alignment, and layout re-
construction. Mainstream detection paradigms in-
clude one-stage dense predictors (e.g., YOLO (Red-
mon et al., 2016), RetinaNet (Lin et al., 2017)) and

set-based end-to-end models (e.g., DETR). The
former produces numerous overlapping candidates
and relies on heuristic post-processing, which de-
grades under handwriting noise, texture artifacts,
or dense layouts (Li et al., 2020; Bolya et al.,,
2020; Zhang et al., 2020). In contrast, DETR
frames detection as a set prediction problem with
Hungarian matching, inherently suppressing dupli-
cates (Robinson et al., 2025; Huang et al., 2025;
Zhao et al., 2024; Jia et al., 2023; Meng et al., 2021;
Carion et al., 2020), and reducing dependence on
fragile thresholds (Sun et al., 2021), thus yielding
more consistent structural inputs.

3 Proposed Methodology

In this section, we present MessToClean, an
evidence-driven structured reconstruction pipeline
that treats MLLMs as interchangeable compo-
nents, constrains their behavior using pixel-aligned
box evidence, and enhances structural consistency
through an auditable patching loop. Fig. 2 provides
an overview of the pipeline. Given a real-world
degraded exam image as input, the system first (D)
applies a two-stage fine-tuned RF-DETR to detect
pixel-aligned bounding boxes for text regions and
figure regions, effectively filtering out large-scale
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noise and occlusions while reducing localization
ambiguity. It then (@) recovers the page-level hi-
erarchy based on these boxes, and infers a stable
global reading order for question and text boxes. Fi-
nally (®), a Generator-Verifier-Patcher agent chain
operates under the constraint of the ordered box
evidence to further remove local degradations, pro-
ducing a structure-preserving file.

3.1 Two-Stage Fine-Tuning RF-DETR for
Evidence Extraction

The bounding-box set predicted by RF-DETR
serves as pixel-level evidence for downstream
Reading Order recovery and Question-Figure
Pairing. However, directly using the vanilla RF-
DETR, or training it with only a limited number
of heavily occluded samples, often leads to severe
fragmentation under common RDEI degradations
(e.g., large handwritten scribbles and sticker oc-
clusions), where a semantically complete region is
split into multiple part-level boxes. Such fragmen-
tation not only disrupts the semantic integrity of
originally complete question boxes, but also com-
promises the reliability of subsequent page-level
structure reconstruction.

Therefore, we carefully design a two-stage fine-
tuning strategy to improve full-box localization
under occlusion and to reduce noise propagation
caused by fragmented detections. In Stage-1, we
synthesize occlusions on a clean training subset
and define the target visibility ratio vis € [0, 1] as:

s Area(GT) — Area(U;(GT N 0CC;))
N Area(GT)

where OCC; denotes the ¢-th occlusion region. Us-
ing two thresholds low and high (Appendix C.2),
we define the visibility-based label mapping as fol-
lows: instance with vis < low is discarded and if
vis > high, we keep its base class (text or figure).
Otherwise, we assign it to partial to explicitly mark
partially visible hard cases.

A Kkey design in Stage-1 is to regress to full
GT boxes rather than visible parts. We retain
full-box supervision even under occlusion. This en-
courages the detector to infer the complete spatial
extent from partial observations, thereby suppress-
ing fragmentations. In Stage-2, we fine-tune the
detector on the full target-domain training set for ef-
fective synthetic-to-real adaptation. This enhances
robustness to real-world degradation while main-
taining localization consistency. In Exp. 4.3.3, we
compare multiple training variants and show that

the proposed two-stage fine-tuning yields a clear
improvement in detection reliability on RDEIL.

3.2 Hierarchical Layout and Read Order
Reconstruction

Externalizing layout grounding as ordered, pixel-
aligned evidence is key to enabling MLLMs to re-
liably exploit document structure, thereby shift-
ing localization uncertainty into an explicit, au-
ditable evidence layer rather than model’s im-
plicit guess. However, three factors make page-
level hierarchy recovery and stable reading-order
inference from box sets challenging. First, diverse
layouts such as multi-column, cross-column, and
nested structures violate simple top-to-bottom as-
sumptions, causing naive sorting to fail in recover-
ing the true relative order. Second, limited fields
of view often result in partial page captures rather
than complete pages. When only part of one side
of a double-column page is visible, the missing
regions distort global geometry and interfere with
positional ordering and column inference. Third,
large occlusions and heavy noise corrupt geomet-
ric cues, rendering proximity- or alignment-based
heuristics unreliable under severe degradation.
Therefore, we carefully design Stage @ to ex-
plicitly address these challenges by converting un-
ordered box set from @ into a coherent, layout-
aware representation with stable reading order.

Multi-column detection and gutter estimation.
We infer whether a page is single- or two-column
by estimating the gutter location split_x from a
1D z-axis coverage profile of the detected question
boxes. We partition the page width [0, W] into B
vertical bins and compute the normalized coverage
cov(b) € [0,1] as the fraction of eligible boxes
whose horizontal span intersects bin [,. For two-
column layouts, cov(b) exhibits a clear valley near
the gutter. We therefore search the minimum only
within a central interval S C [0, W] and apply a
relative-saliency test. If the valley is sufficiently
salient, we set split_x to the minimizer; otherwise
we treat the page as single-column.

Zone partition and column recovery. We split
the page into one or two sides using split_x.
Within each side, wide cross-column text blocks
are treated as span barriers that partition the verti-
cal space into zones. For a zone that may contain
multiple columns, we cluster the left-edge coor-
dinates X = {z;} with K-means and choose the
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column count via an elbow-style gain test:

— : (B2
SSE(k) = > min, (2 = p1;")

_ SSE(k — 1) — SSE(k)
Alk) = SSE(k — 1)

We increase k until A(k) < 7 and adopt the result-
ing k. We then order boxes within each zone by a
row-major (“Z”) scan and concatenate zones and
spans within a side to form an ordered sequence.
For two-page spreads, we concatenate sides left-to-
right to obtain Questions® e and assign each
question box a read_index.

Constrained Global Boxes Matching Nearest-
neighbor matching based on ypiq or center distance
can be brittle under complex layouts. We there-
fore perform candidate pruning, geometric scoring,
and global assignment. For each figure box f, we
define a local search window based on its page loca-
tion and collect candidate question boxes ¢, form-
ing candidate edges £ = {(q, f)}. For each candi-
date pair (g, f), let A; = Area(q), Ay = Area(f),
and An = Area(qg N f). We define normalized
overlaps

An An

ma IoQ(q, f) =

IoF(q, f) =

where € is a stability constant. Let (W, H) be the
page width/height, and let gap,(q, f), gap,(q, f)
be non-negative axis gaps (0 if projections overlap).
We compute

 8aPy(y) (a0, f)

2llcqg = crll2
Jely) max(1, W) =

VIV H?

where ¢, and ¢y are box centers, and define

inside(q, f) = I(c; € q)

We decompose the score into a reward for re-
liable evidence and a penalty for weak geometric
cues

s(g. f) =AM (q, /) —v"¢ (q, f)

where ¢1(q,f) = |[IoF,I0Q,inside] and
¢~ (¢, f) = |9z, 9y, ca] are normalized features.
A, > 0 are fixed constants. We set these weights
once on development set and keep them fixed for
all experiments. The matching is insensitive to
small perturbations within a reasonable range.

max(e, Ag)

Finally, we formulate question—figure associa-
tion as a capacity-constrained bipartite assignment.
Each question can be linked to at most K fig-
ures, and each figure has capacity caps;,. Using
S(q,f) as edge affinity, we solve for a page-level
globally consistent matching, producing reading-
order-consistent alignments and traceable evidence
bindings I} for downstream cropping and generate-
verify processing.

3.3 Evidence-Constrained GVP Loop

After @, we obtain question-level pixel-aligned ev-
idence bindings {I}, where each I denotes the
cropped visual evidence associated with question g;
(including its linked regions such as figures when
applicable). These bindings provide grounded con-
straints for this stage. While large-scale degrada-
tions are largely removed upstream, residual errors
are typically local and can be handled via evidence-
constrained auditing and conservative edits.

We thus introduce an Evidence-Constrained
GVP (Generator-Verifier-Patcher) Loop, which re-
stricts generation and correction to question-level
evidence bindings {I]} and forms an auditable
closed loop. Generator produces a page-level can-
didate Mp,ge. Verifier checks each question against
its cropped evidence I} and outputs a decision v.
Patcher is triggered only when needed to apply
minimal, whitelist-constrained fixes followed by
re-verification. Overall, the loop suppresses free-
form completion under insufficient evidence and
yields traceable, structure-consistent outputs.

4 Experimental Setup and Results

We systematically evaluate MessToClean on Real-
World Degraded Exam Images (RDEI) across 12
state-of-the-art MLLM backbones. Sec. 4.1 de-
tails evaluation setup and protocol, and Sec. 4.2
reports the main results. Sec. 4.3.1 shows the gains
are not attributable to extra model stacking or in-
creased numbers of model calls, Sec. 4.3.2 studies
the effect of capture angles, Sec. 4.3.3 compares
alternative detector training recipes against our two-
stage fine-tuned RF-DETR. The test set used in our
experiments is drawn from the newly curated RDEI
dataset, which was collected from our intelligent
education platform and contains a total of 12,472
user-uploaded math exam images.

4.1 Experimental Setup

During evaluation, we benchmark MessToClean on
12 mainstream MLLM backbones spanning diverse
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Model Similarity Hallucination
AHImgSim ) AHStemSim ) Allp ) AHR ) Allpy )
GPT-40-mini 7.25 28.29 2248 45091 30.19
GPT-40-mini w/ MessToClean  56.41(+49.16) 31.47(+3.18) 28.61 34.44 31.25(+1.06)
GPT-40 13.77 38.78 24.19 40.48 30.28
GPT-40 w/ MessToClean 57.85(+44.08) 41.52(+2.74) 30.37 35.13 32.52(+2.24)
GLM-4.6v-flashx 43.39 70.2 47.47 33.98 39.61
GLM-4.6v-flashx w/ MessToClean 61.48(+18.09) 72.45(+2.25) 55.34 34.61 42.59(+2.98)
Gemini-2.5-flash 51.59 81.16 47.03 39.42 42.89
Gemini-2.5-flash w/ MessToClean 62.26(+10.67) 83.59(+2.43) 49.26 41.77 45.21(+2.32)
GLM-4.6v-flash 46.97 76.88 53.99 31.01 39.39
GLM-4.6v-flash w/ MessToClean 62.38(+15.41) 79.85(+2.97) 58.37 33.93 42.92(+3.53)
Gemini-2.5-pro 53.87 83.65 51.94 53.6 52.76
Gemini-2.5-pro w/ MessToClean  62.49(+8.62) 86.57(+2.92) 59.15 48.46 53.27(+0.51)
GLM-4.5v 54.92 86.19 58.68 26.14 36.17
GLM-4.5v w/ MessToClean 62.98(+8.06) 88.39(+2.20) 63.16 30.8 41.41(+5.24)
Qwen3-VL-8B 51.75 83.9 51.09 24.13 32.78
Qwen3-VL-8B w/ MessToClean 63.02(+11.27) 86.48(+2.58) 59.09 32.02 41.53(+8.75)
Qwen3-VL-30B 60.78 86.05 58.05 19.64 29.35
Qwen3-VL-30B w/ MessToClean 64.30(+3.52) 88.13(+2.08) 61.97 29.79 40.23(+10.88)
GLM-4.6v 57.29 86.74 61.37 2541 35.94
GLM-4.6v w/ MessToClean 64.37(+7.08) 88.34(+1.60) 67.06 30.90 42.30(+6.36)
GPT-5 64.89 89.29 6293 21.19 31.7
GPT-5 w/ MessToClean 65.39(+0.50) 90.30(+1.01) 68.05 28.52 40.20(+8.50)
Qwen3-VL-235B 64.35 88.81 61.86 21.01 31.37
Qwen3-VL-235B w/ MessToClean 65.40(+1.05) 90.52(+1.71) 69.12 28.86 40.72(+9.35)

Table 1: Overall results on RDEI across 12 MLLM backbones. “All” denotes an equal-weight macro average
over MC/SA/LA; ImgSim/StemSim assess figure binding and question-statement fidelity, and P/R/F1 measure

question-level reconstruction accuracy.

scales and inference styles, including open-source
models (Qwen3-VL: 8B/30B/235B; GLM-V: Flash
9B, 4.5V/4.6V 106B) and closed-source systems
(GPT-5/40/40-mini; Gemini-2.5 Pro/Flash). We
use a unified protocol without backbone-specific
tuning or prompt customization. All experiments
run on a single server with 2x Xeon 8488C CPUs
and 8x A6000 GPUs.

4.1.1 Evaluation Metrics

Under a unified evaluation setup, we apply consis-
tent metrics and aggregation rules across all MLLM
backbones to quantify the quality of structure-
preserving reconstruction. Reconstruction perfor-
mance is assessed separately for each question
type t € {MC, SA, LA} (Multiple-choice, Short-
Answer, Long-Answer), and the overall average
metric (All) is reported. The evaluation covers
three dimensions to capture system capabilities:
Stem Consistency (StemSim) measures the
character-level similarity between the predicted

and ground-truth question stems. Let D; denote
the set of samples for question type ¢, with Sf’t and
SP red representing the ground-truth and predicted
stems of the i-th sample, respectively. Let ¢(-) be a
text normalization function, and LevRatio(-, -) de-
note the normalized Levenshtein similarity (higher
is better). The final StemSim; is computed as the

average over all samples of type ¢:

|7;t Z LevRatio ((b(Sf’t) ; qﬁ(SzPred)) € [0,1]

‘ 1€Dy

Image Consistency (ImgSim) measures the
alignment quality between predicted and ground-
truth figures, using the ground-truth figure se-
quence as reference. A similarity score s(-,-) €
[0, 1] is computed for each aligned pair, where s is
a perceptual similarity function. Missing predic-
tions are penalized with a score of 0. Questions
with no ground-truth figures are marked as N/A and
excluded from aggregation. Formally, if a question
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Model Setting  AlLstensin T Allg T
GLM-46v-flash 10 79.87‘52633.83) 42.922?193.53)
Quen3-VL-8B 0 86.4880(52.63) 41.53%%?184.65)
Qwen3-VL-30B WOllllcl)‘lse 88.1;%?9.53) 40.23?3(f6.83)

GLM-4.6v v&if 88.3?('3;.73) 42.33%;?170.23)

Table 2: Evidence Granularity Matters: Aligned Crops
vs. Whole-Page Inputs to ®.

has m ground-truth figures:

1 A
I im = — iy T1) ith _.7® =
mgSim - ;S(G G;), with s(G_i,2) =0

where GG; and G’Z denote the i-th ground-truth and
predicted figures, respectively.

Unrecognizable/Refusal Prediction (P/R/F1).
Refusals are treated as the positive class, with preci-
sion, recall, and F1 computed according to standard
definitions.

Details on text normalization ¢(-), refusal labeling,
and N/A handling in All are provided in Appendix
E.

4.2 Main Results

Table 1 reports the overall (All) results of 12
MLLM backbones (in %). Two key findings
emerge. First, consistent gains across backbones:
our method improves Allg; for every backbone,
increasing the average from 36.04% to 41.18%
with a maximum gain of 10.88%, and also boosts
Allstemsim by 2.31% on average. These improve-
ments are not tied to a specific model family,
indicating robustness across different inference
styles. The gains are mainly driven by a systematic
increase in precision (Allp +5.71% on average),
suggesting that structured evidence and consistency
constraints reduce unreliable free-form completion.
Fine-grained results are provided in Appendix A.1.
Second, enabling small models to outperform
larger ones: with MessToClean, the 8B Qwen3-
VL model surpasses the 30B variant, and is com-
petitive with the 106B GLM-4.6v in stem consis-
tency, figure consistency, and abstention/rejection
decisions. This indicates that the improvements
primarily stem from MessToClean rather than
backbone scale alone.

Fragile

- Moderate

270°

Angle sensitivity (worse 1)

-Robust
—— GLM-4.6V
—— GLM-4.6V-Flash
Qwen3-VL-8B
Qwen3-VL-30B

Figure 3: Polar plots of Allsiensin under different input
orientations. Lighter colors indicate higher Allstensin-

4.3 More Analyses

4.3.1 Block-Level Evidence Alignment Drives
Stable Gains

This experiment verifies that the gains of Ours
stem from question-level pixel evidence and the
evidence-constrained pipeline itself, rather than
from additional model calls or differences in
chain structure. To this end, we construct a
chain-matched WholePage baseline that differs
from Ours only in the granularity of visual evi-
dence: when processing each question, WholePage
reuses the same full-page image as evidence and
does not provide question-level crops or alignment.
We evaluate this setting on the full test set.

As shown in Table 2, even with the same
backbone and an identical agent chain, replacing
question-level evidence with full-page evidence
yields consistent degradation: WholePage reduces
Allstemsim by 5.63-9.53% (7.18% on average) and
Allg; by 6.83-14.65% (11.31% on average) rela-
tive to Ours. These results indicate that question-
level evidence alignment is critical for stable gains;
when evidence granularity is insufficient, the same
auditing-and-patching chain cannot reliably main-
tain stem consistency (StemSim) or overall quality
(F1) across backbones.

4.3.2 Effect of Rotation Angles in RDEI on
Model Performance

In our experiments, we find relying solely on
the geometric generalization of MLLM back-
bones is insufficient to stably recover ques-
tion structure and content under oblique cap-
tures. To quantify the impact of geometric degra-
dations in Real-World Degraded Exam Images
(RDEI), we apply controlled rotations to the in-
put while keeping all other settings identical: 6 €
{0°,45°,...,315°} with a 45° step, and report per-
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Exp Stagel Stage2  RDEItarget (%)
Train Set  Train Set mAPpase APpartial
A - Alltrain 7101 61
B Subtrain - 73.5 N/A
C SUbTrain AllTrain 79.1 60.7
D Subrrain+Syn - 73.7 38.1
E SubtraintSyn Allrrain  79.3 67.8

Table 3: Ablation of Training Recipes in Two-Stage
Occlusion-Aware Fine-tuning.

formance at each angle. Figure 3 shows the polar
profiles of Allstensim for four representative back-
bones. Note that, for fair comparison, we apply the
same rotation-normalization module to all back-
bones throughout our experiments, and this study
is solely intended to probe the effect of rotation-
induced geometric changes.

We observe angular anisotropy: models re-
main relatively stable under orthogonal rotations
(0°/90°/180°/270°) but degrade systematically
under oblique rotations (45°/135°/225°/315°).
Across backbones (Table A.4 ), StemSim averages
65.7% at orthogonal angles versus 26.6% at oblique
angles, with the worst case at 135° (11.3%). This
pattern is consistent for all backbones, indicating
a geometric sensitivity in the RDEI setting. As
rotation alters geometry without changing seman-
tics, the drop in Allgtepsin highlights limitations
of backbones in geometric alignment and reading-
order stability (see Appendix A.2 for details).

4.3.3 Effect of 2-Stage Fine-Tune

As stated in Sec. 3.1, we adopt a two-stage fine-
tuning scheme: Stage 1 trains the detector to re-
cover complete text boxes under occlusion, while
Stage 2 calibrates it on real-domain data. In Ta-
ble 3, we quantitatively analyze the effects of
this two-stage recipe and the Stage 1 Syn aug-
mentation on the occlusion class Partial, which
refers to regions that cannot be reliably classi-
fied as text or figures due to occlusion or de-
fects. Here, RDEI-Target (All) denotes the full
test set. We report two metrics: mAPp,5.@50:95
(COCO-style mean Average Precision computed
over the base classes, namely text and figure, av-
eraged across IoU thresholds from 0.50 to 0.95),
and APp,rtia1 @50:95 for the occlusion class. We
denote them as mAPp,se and APp,.¢ for brevity.
Table 3 yields three key findings. (1) Com-
pared to single-stage baseline trained on
Train All (Exp. A), the full two-stage recipe

(Exp. E) improves mAPbase@50:95 by 8.2%
and APpartia1@50:95 by 6.8% on RDEI-Target
(All), indicating notable gains under target-
domain degradations. (2) Adding Stage 1 Syn
(Exp. C to Exp. E) has negligible impact on base
detection (only 0.2-0.4% change in mAPp,s), yet
boosts APpartial @50:95 by 7.1%, suggesting the
gains primarily come from learning heavy-noise
or occlusion boxes rather than a general improve-
ment on base classes. (3) Performing Stage 1
without Stage 2 (Exp. D) results in markedly
lower APpartia1@50:95; introducing Stage 2
(Exp. D to Exp. E) increases APp,rti21@50:95 by
29.7%, while also improving mAPp,.@50:95 by
5.6%, empirically confirming the importance of
Stage 2 calibration for real-world noise.

5 Conclusion

We target Real-World Degraded Exam Images
(RDEI), which are pervasive in practical edu-
cational deployments, and formalize the task
of structure-preserving reconstruction.
To address text contamination and evidence-
unsupported hallucinations caused by unstable
localization in off-the-shelf MLLM systems on
RDEI, we propose MessToClean. MessToClean
uses a two-stage RF-DETR to provide pixel-
aligned evidence, jointly reconstructs hierarchi-
cal layout and reading order to enable page-
level consistent question-figure binding, and em-
ploys an evidence-constrained GVP auditing-and-
patching loop to perform minimal, interpretable
fixes, producing structured Markdown and au-
ditable JSONL logs. Extensive experiments show
that MessToClean significantly improves stem con-
sistency, figure consistency, and refusal reliability,
achieving state-of-the-art performance.
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7 Limitations

Since our data come from real-world user-uploaded
exam paper images, some raw samples may contain
sensitive information such as handwritten names
or student identifiers. However, our work does
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not aim to extract such information, and the re-
constructed outputs are not designed to preserve
identity-related content. As a result, privacy risk
is limited in our task setting, though appropriate
data protection measures are still important when
handling the raw images. Beyond these privacy
considerations, we acknowledge the limitations
of MessToClean to encourage further progress in
this direction. While our system achieves strong
structure-preserving reconstruction of degraded
exam sheets, it does not fully leverage the hand-
written solution traces in these images. Enabling re-
liable extraction and structuring of handwritten rea-
soning could support large-scale, automated con-
struction of step-by-step math datasets for LLMs.
We plan to pursue this direction by integrating ro-
bust handwriting understanding into the reconstruc-
tion pipeline.
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Appendices A-F provide detailed supplemen-
tary information for the experiments:

* Appendix A reports type-wise results across
question types (MC, SA, LA) and MLLM
backbones, including ImgSim, StemSim, Pre-
cision, Recall, and F1.

Appendix B summarizes datasets, splits, and
descriptive statistics, covering a clean 3-class
subset and synthetic noise augmentation.

* Appendix C documents the synthetic occlu-
sion procedure and the label-mapping strate-
gies for 3-class vs. 4-class training.

* Appendix D outlines the fine-tuning setup
and initialization details for the RF-DETR-
Medium detector.

» Appendix E explains the computation of eval-
uation metrics (e.g., StemSim and ImgSim),
with an emphasis on the precision/recall de-
composition and the overall macro-averaged
FI.

Appendix F provides implementation details
on spread detection, zone decomposition, geo-
metric terms, and the min-cost flow construc-
tion for figure—text alignment (For Sec. 3.2).

A Detailed Results
A.1 Type-wise results (MC/SA/LA)

This section reports type-wise results that comple-
ment the overall (All) scores in Table 1. We eval-
uate three question types: multiple-choice (MC),
short-answer (SA), and long-answer (LA). For each
MLLM backbone, we compare the Direct (one-
shot) baseline with MessToClean (ours), and report
type-specific metrics: ImgSim 1, StemSim 1, and
hallucination-related P 1, R 1, F'1 1. All numbers
are percentages (%). For ImgSim/StemSim/F'1,
we additionally report A in parentheses, defined
as MessToClean—Direct (pp); we omit A for P
and R. Detailed results for MC, SA, and LA are
provided in Tables A.1-A.3, respectively.

A.2 Rotation robustness under controlled
in-plane rotations

Rotation sensitivity is strongly angle-dependent:
oblique rotations (e.g., 135°/225°) cause
the largest degradation, whereas 90°/270°
are comparatively less harmful on average

(Table A.4). We rotate each test page by
{0°,45°,90°,135°, 180°, 225°,270°,315°} and
report per-backbone Allstemsim for each angle; the
last row shows the mean across backbones.

A.3 Precision/Recall decomposition for key
ablations

We report Allp and Alli alongside Allstemsim. Ta-
bles A.5—A.6 should be read by comparing Ours
against the ablated setting within each backbone.

A.3.1 No-Patcher: detailed breakdown

Table A.5 reports Ours vs. w/o Patcher for each
backbone.

A.3.2 WholePage (chain-matched) vs. Ours:
detailed breakdown

Table A.6 compares Ours with WholePage (chain-
matched). Across backbones, WholePage (chain-
matched) consistently reduces Allstemsim and
Allpy, typically accompanied by simultaneous
drops in Allp and Allg. This supports that
full-page evidence provides weaker region-level
grounding than question-level crops, leading to
both more mismatches and more missing content,
and thus lower overall reconstruction quality.

B Datasets, Splits, and Statistics

This appendix summarizes the datasets, split pro-
tocols, and descriptive statistics used in this work.
Unless otherwise stated, all random splits use a
fixed seed (seed=42) and the train/valid/test par-
titions are mutually exclusive. We report both
page-level counts (Pages) and instance-level counts
(Anns); all class ratios (e.g., MC%) are computed
over instance counts within each split.

B.1 Clean 3-Class Subset (No Occlusion)

To enable controlled ablations and avoid distribu-
tional confounding introduced by occlusions, we
derive an occlusion-free three-class subset from the
source-domain data, retaining only Multiple-choice
(MC), Short-answer (SA), and Long-answer (LA).
We additionally verify that Partial annotations are
absent in all three splits (Table B.1).

B.2 Synthetic Noise Augmentation (Syn)

To simulate severe interferences commonly ob-
served in real exam sheets—such as sticky-note
occlusions and heavy smearing—we apply Syn-
thetic Noise Augmentation (Syn) to the training set
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Model Similarity Hallucination
MCImgSim ) MCstemSim ) MCp ) MCr ) MCry T
GPT-40-mini 11.57 26.99 22.68 45.70 30.32
GPT-40-mini w/ MessToClean  56.00(+44.43) 29.55(+2.56) 30.47 33.31 31.83(+1.51)
GPT-40 11.23 37.64 19.52  36.23 25.37
GPT-40 w/ MessToClean 57.21(+45.98) 39.49(+1.85) 26.11 33.70 29.42(+4.05)
GLM-4.6v-flashx 42.17 72.02 43.15 35.15 38.74
GLM-4.6v-flashx w/ MessToClean 58.35(+16.18) 74.48(+2.46) 55.19 33.48 41.68(+2.94)
Gemini-2.5-flash 50.61 81.81 45.05 4093 42.89
Gemini-2.5-flash w/ MessToClean 59.70(+9.09) 83.00(+1.19) 49.73 43.11 46.18(+3.29)
GLM-4.6v-flash 46.02 76.99 52.13 28.13 36.54
GLM-4.6v-flash w/ MessToClean 58.81(+12.79) 80.73(+3.74) 55.53 33.83 42.05(+5.51)
Gemini-2.5-pro 51.87 83.98 5141 50.57 50.99
Gemini-2.5-pro w/ MessToClean  58.73(+6.86) 86.22(+2.24) 57.71 48.01 52.42(+1.43)
GLM-4.5v 50.35 85.80 56.29 21.74 31.37
GLM-4.5v w/ MessToClean 58.23(+7.88) 88.12(+2.32) 61.05 31.00 41.12(+9.75)
Qwen3-VL-8B 44.43 83.98 4947 23.41 31.78
Qwen3-VL-8B w/ MessToClean 58.09(+13.66) 86.06(+2.08) 55.92 33.67 42.03(+10.25)
Qwen3-VL-30B 58.52 85.83 55.59 19.76 29.16
Qwen3-VL-30B w/ MessToClean 59.53(+1.01) 88.99(+3.16) 60.28 31.07 41.00(+11.84)
GLM-4.6v 52.61 87.44 60.11 23.42 33.71
GLM-4.6v w/ MessToClean 59.92(+7.31) 88.41(+0.97) 65.16 30.77 41.80(+8.09)
GPT-5 59.44 90.22 62.37 2145 31.92
GPT-5 w/ MessToClean 60.88(+1.44) 91.50(+1.28) 68.41 30.32 42.02(+10.10)
Qwen3-VL-235B 59.03 90.62 60.80 22.96 33.33
Qwen3-VL-235B w/ MessToClean 60.79(+1.76) 91.81(+1.19) 68.63 32.23 43.86(+10.53)

Table A.1: MC results across 12 MLLM backbones (%).

only, following the protocol below to prevent data
leakage:

(i) Only training images and their VOC-format
annotations are used; the augmentation pro-
cess never accesses validation or test sets.

(i) Augmented variants are generated only for
training pages that contain at least three
ground-truth bounding boxes (bbox > 3).
Pages with bbox < 3 are skipped.

(iii) For each eligible page, we generate at most
one augmented full-page image. Keeping the
augmented image alongside its clean counter-
part depends on the training recipe (Sec. B.3).

Under the split with seed = 42, the training
set contains 5,572 eligible pages with bbox > 3,
among which 5,245 full-page augmented samples
are successfully generated (coverage: 94.1%). Re-
maining attempts are discarded due to missing valid
occluders satisfying sampling constraints.

B.3 Stage-1 training recipe statistics (Ablation
Control)

In the Stage-1 ablation on the clean three-class
subset (Sec. B.1), we vary only the training-data
recipe while keeping all other training settings un-
changed (e.g., model architecture, optimizer, maxi-
mum epochs, and early-stopping policy). Table B.2
summarizes the resulting training-set composition
under different recipes. The key differences across
recipes are:

(1) Whether the Syn variant is included as an ad-
ditional training sample alongside the original
clean page;

(i1) For pages with bbox > 3, whether both the
clean and Syn versions are retained, or only
the Syn version is kept.

B.4 RDEI-Target (All): 4-Class splits and
statistics

The target-domain dataset RDEI-Target (All)
adopts a unified 4-class taxonomy: MC, SA, LA,
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Model Similarity Hallucination
SAAImgSim ) SAstemsSim ) SAp ) SAR ) SAp; )
GPT-40-mini 5.40 24.53 18.78 51.30 27.49
GPT-40-mini w/ MessToClean  56.22(+50.82) 26.14(+1.61) 24.22 32.98 27.93(+0.44)
GPT-40 10.78 33.80 20.13 42.55 27.33
GPT-40 w/ MessToClean 57.36(+46.58) 35.55(+1.75) 26.10 31.73 28.64(+1.31)
Qwen3-VL-8B 49.61 82.65 45.11 20.27 27.97
Qwen3-VL-8B w/ MessToClean 61.01(+11.40) 84.91(+2.26) 51.26 28.56 36.68(+8.71)
GLM-4.5v 51.91 86.06 54.52 30.86 3941
GLM-4.5v w/ MessToClean 61.70(+9.79) 89.29(+3.23) 60.52 31.27 41.23(+1.82)
GLM-4.6v-flashx 44.57 71.64 44.10 32.00 37.09
GLM-4.6v-flashx w/ MessToClean 59.94(+15.37) 74.37(+2.73) 51.55 31.57 39.16(+2.07)
Gemini-2.5-pro 51.51 83.29 43.11 53.48 47.74
Gemini-2.5-pro w/ MessToClean  60.74(+9.23) 87.27(+3.98) 50.74 46.32 48.43(+0.69)
GLM-4.6v-flash 4591 78.21 50.41 30.73 38.18
GLM-4.6v-flash w/ MessToClean 60.89(+14.98) 81.71(+3.50) 56.16 31.11 40.04(+1.86)
Qwen3-VL-30B 55.92 84.42 50.77 15.76 24.05
Qwen3-VL-30B w/ MessToClean 62.23(+6.31) 86.09(+1.67) 54.25 26.56 35.66(+11.61)
Gemini-2.5-flash 48.03 78.89 32.65 29.36 30.92
Gemini-2.5-flash w/ MessToClean 59.77(+11.74) 82.19(+3.30) 32.65 32.21 32.43(+1.51)
GLM-4.6v 53.62 85.59 56.90 28.68 38.14
GLM-4.6v w/ MessToClean 62.11(+8.49) 88.07(+2.48) 62.35 31.04 41.45(+3.31)
Qwen3-VL-235B 61.51 87.09 53.92 1843 27.47
Qwen3-VL-235B w/ MessToClean 62.97(+1.46) 89.66(+2.57) 60.81 29.09 39.35(+11.88)
GPT-5 62.22 88.64 54.00 18.01 27.01
GPT-5 w/ MessToClean 62.70(+0.48) 89.25(+0.61) 60.04 29.14 39.24(+12.23)

Table A.2: SA results across 12 MLLM backbones (%).

and Partial (class ids = 0/1/2/3). This split is used
for training and main evaluation unless otherwise
specified (Table B.3).

B.S RDEI-Target (Partial+): a
hard-distribution test subset

To characterize performance on a harder distribu-
tion where Partial instances are present, we con-
struct Partial+ by filtering the test split of RDEI-
Target (All) to pages that contain at least one Par-
tial ground-truth box. Statistics of this filtered sub-
set are reported in Table B.4, which avoids diluting
the analysis when Partial instances are relatively
rare in the full test set. Importantly, Partial+ is
a filtered view of the same test split and is used
only for supplementary analysis; it is not used for
training, early stopping, or model selection.

C Augmentation Strategies and Label
Mapping

This appendix describes (i) the synthetic occlusion
procedure used to augment training pages and (ii)

the visibility-aware label mapping rules applied to
align supervision under 3-class vs. 4-class training.

C.1 Synthetic Occlusion

We synthesize occlusions to mimic strong local
corruption commonly observed in real exam sheets
(e.g., sticky notes and heavy smearing). The aug-
mentation protocol is as follows: Inputs. We
apply augmentation only to the training split, us-
ing training images and their VOC-format ground-
truth bounding boxes under the 3-class taxonomy
(MC/SA/LA). The pipeline never accesses the vali-
dation or test sets, preventing data leakage.
Outputs. For each eligible training page, we gener-
ate one occlusion-augmented page image. Whether
the augmented image is retained alongside the
clean page is determined by the Stage-1 training
recipe (Sec. B.3).

Number of occluders. The number of occlu-
sion blocks per augmented page is sampled as
num_occ € {1,2,3}.

Occlusion patterns. To approximate realistic cor-
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Model Similarity Hallucination
LAImgSim ) LAStemSim ) LAp ) LAR ) LAp; )
GPT-40-mini 4.78 33.35 2599 40.74 31.73
GPT-40-mini w/ MessToClean  57.00(+52.22) 38.71(+5.36) 31.13 37.02 33.82(+2.09)
GPT-40 19.29 4491 3292 42.67 37.17
GPT-40 w/ MessToClean 58.98(+39.69) 49.52(+4.61) 38.91 39.57 39.24(+2.07)
Gemini-2.5-flash 56.13 82.78 63.39 4797 54.61
Gemini-2.5-flash w/ MessToClean 67.30(+11.17) 85.59(+2.81) 65.39 50.00 56.67(+2.06)
Gemini-2.5-pro 58.22 83.67 61.31 56.76 58.95
Gemini-2.5-pro w/ MessToClean  68.00(+9.78) 86.21(+2.54) 68.99 51.04 58.67(-0.28)
GLM-4.6v 65.63 87.20 67.11 24.14 35.51
GLM-4.6v w/ MessToClean 71.09(+5.46) 88.55(+1.35) 73.68 30.88 43.52(+8.01)
GLM-4.6v-flashx 43.44 66.93 55.17 34.80 42.68
GLM-4.6v-flashx w/ MessToClean 66.16(+22.72) 68.50(+1.57) 59.29 38.79 46.90(+4.22)
GLM-4.6v-flash 48.99 75.44 59.42 34.17 43.39
GLM-4.6v-flash w/ MessToClean 67.45(+18.46) 77.10(+1.66) 63.41 36.86 46.62(+3.23)
GLM-4.5v 62.49 86.71 65.22 25.82 36.99
GLM-4.5v w/ MessToClean 69.00(+6.51) 87.77(+1.06) 67.91 30.13 41.74(+4.75)
Qwen3-VL-8B 61.22 85.07 58.69 28.72 38.57
Qwen3-VL-8B w/ MessToClean  69.95(+8.73) 88.47(+3.40) 70.10 33.82 45.63(+7.06)
Qwen3-VL-30B 67.90 87.91 67.79 23.39 34.78
Qwen3-VL-30B w/ MessToClean 71.14(+3.24) 89.30(+1.39) 71.38 31.73 43.93(+9.15)
Qwen3-VL-235B 72.51 88.72 70.87 21.65 33.17
Qwen3-VL-235B w/ MessToClean 72.45(-0.06) 90.09(+1.37) 77.93 25.26 38.15(+4.98)
GPT-5 73.01 89.01 7242 24.10 36.16
GPT-5 w/ MessToClean 72.58(-0.43) 90.14(+1.13) 75.70 26.11 38.83(+2.67)

Table A.3: LA results across 12 MLLM backbones (%).

ruption, we occlude a single question region in
most cases (90%), and additionally sample small
cross-question blocks (10%) to model incidental
spill-over occlusions.

Reproducibility. The augmentation pipeline is
deterministic given the fixed seed (seed=42).

C.2 Visibility-based Label Mapping

Let vis € [0, 1] denote the post-occlusion visi-
bility ratio of an instance. Using two thresholds
low = 0.2 and high = 0.8, we define label-
mapping rules for two training settings: 3-class
training (without Partial) and 4-class training
(with an explicit Partial class). In both cases, in-
stances with extremely low visibility are removed
to avoid unreliable supervision.

(1) 2S Mapping (3-class training).
o If vis < low, drop the annotation.

o If vis > low, keep the original base-
class label (id € {0, 1, 2}).

(ii) 3S Mapping (4-class training with Par-

tial).

o If vis > high, keep the original base-
class label (id € {0, 1, 2}).
o If vis < low, drop the annotation.

o If low < vis < high, map the instance
to the Partial class (id = 3).

D Implementation Details

This appendix provides the key implementation
details used in our experiments.

D.1 Fine-tuning Setup

We fine-tune an RF-DETR-Medium detector with
the following configuration:

¢ Batch size: 4

* Gradient accumulation: 4 steps (effective
batch size = 16)

* Learning rate: 1 x 1074

* Max epochs: 70
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Backbone 0° 45° 90° 135° 180° 225° 270° 315°
GLM-4.6v 89.2 38.3 683 7.8 503 82 722 355
GLM-4.6v-flash 825 11.7 342 2.1 133 19 302 224
Qwen3-VL-30B 90.2 59.8 75.7 25.7 73.0 339 73.2 59.5
Qwen3-VL-8B 847 427 772 9.8 66.9 19.6 699 46.6
Mean (over backbones) 86.6 38.1 639 11.3 50.9 159 614 41.0

Table A.4: Per-angle Allgiemsim (%) under in-plane rotations.

Backbone Setting  Allsiemsim T AllpT Allg?T Allpi 1

GLM-4.6v Ours 88.34 67.06 30.90 42.30

GLM-4.6v  w/o Patcher 80.30 32.35 48.88 38.93
GLM-4.6v-flash Ours 79.85 58.37 33.93 4292
GLM-4.6v-flash w/o Patcher 68.93 31.72 51.87 39.37
Qwen3-VL-8B Ours 86.48 59.09 32.02 41.53
Qwen3-VL-8B w/o Patcher 77.23 36.07 39.94 3791
Qwen3-VL-30B Ours 88.13 61.97 29.79 40.23
Qwen3-VL-30B w/o Patcher 79.56 30.08 43.28 35.49

Table A.5: No-Patcher ablation (%).

* Early stopping and checkpoint selection:
Early stopping is enabled based on validation
performance, and the best checkpoint on the val-
idation set is selected for final evaluation.

D.2 Initialization

We initialize the detector from the official RF-
DETR COCO-pretrained weights, which im-
proves convergence speed and training stability.

E Metric Computation Details

This appendix describes how we compute the met-
rics used to evaluate (i) structured extraction quality
and (ii) refusal reliability when visual evidence is
insufficient. Unless otherwise noted, we compute
all metrics per question type t € {MC, SA,LA}
and report All scores via equal-weight macro av-
eraging over the three types. For F1, we do not
average F'l; directly; instead, Allp; is computed
from macro-averaged precision/recall as described
in Sec. E4.

Similarity metrics (StemSim and ImgSim) are
computed in [0, 1] and reported as percentages by
multiplying by 100 in all tables.

E.1 StemSim Normalization ¢(-)

Before computing stem-text similarity (StemSim),
we apply a shared normalization function ¢(-) to
both the ground-truth (GT) stem and the predicted

stem, removing evaluation-irrelevant artifacts and
improving backbone comparability. The normal-
ization consists of:

(i) Audit-only removal. We remove markers
and metadata that are only used for audit-
ing/visualization and should not contribute
to stem matching (e.g., “hallucination fixed”
/“suspected hallucination” tags, or action
traces such as actions = ...).

(i) Canonicalization. We canonicalize casing,
punctuation, and whitespace. In particu-
lar, when computing Levenshtein similarity,
we ignore all whitespace characters so that
spaces and line breaks do not affect the score.
We also remove weakly semantic template
noise using deterministic rules, including:

o generic figure-referencing prompts ;
o choice-format hints;

o long underscore placeholders that do not
carry semantic content.
(iii) Penalty for missing alignment. If a predic-
tion cannot be aligned to its GT counterpart
or the aligned predicted stem is empty, we
set StemSim of that question to 0, explicitly
penalizing failed/missing extraction.
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Backbone Setting  Allstemsim T AllpT AllgT Allpr T
GLM-4.6v Ours 88.34 67.06 30.90 42.30
GLM-4.6v.  WholePage 82.61 58.01 22.16 32.07
GLM-4.6v-flash Ours 79.85 58.37 33.93 4292
GLM-4.6v-flash WholePage 72.02 52.15 20.46 29.39
Qwen3-VL-8B Ours 86.48 59.09 32.02 41.53
Qwen3-VL-8B WholePage 80.85 35.18 21.75 26.88
Qwen3-VL-30B Ours 88.13 61.97 29.79 40.23
Qwen3-VL-30B WholePage 78.60 49.97 25.08 33.40

Table A.6: Ours vs. WholePage (chain-matched) (%).

Split Pages MC SA LA Partial MC% SA% LA%
train 8256 21820 6384 11737 0 54.63 15.98 29.39
valid 1032 2683 815 1438 0 5436 16.51 29.13
test 1032 2694 815 1482 0 53.98 16.33 29.69

Table B.1: Split statistics of the clean 3-class subset (seed=42).

E.2 ImgSim via Pairwise Scoring s(-, -)

For any GT figure g and predicted figure p, we
define a pairwise similarity score:

s(g,p) € [0,1]

produced by a fixed visual similarity model, where
higher values indicate greater visual similarity.
To compute question-level ImgSim, we align

= 0.

We treat failed alignment as refusal-equivalent be-
cause it indicates the system did not produce verifi-
able, groundable content for the corresponding GT
instance under our protocol. Counts. For question

type t with sample set D;, we compute:

TP=Y 1(yi=1Agi=1),

i€Dy
predicted figures to the GT sequence (using GT or- o o L
der as reference) and take the average over aligned Fh= ,zD: Ly =0ngi=1), (E.1)
pairs. If a GT position has no matched prediction, f—
its score is set to 0 to explicitly penalize missed or FNy = Z L(yi = 1A gi = 0).
incorrect detection. Predicted figures not aligned €Dy
to any GT position are ignored. Metrics. We compute:
E.3 Refusal / Unrecognizable Binarization
and P/R/F1 p - A
. TP + FP
To evaluate whether the system refuses appropri- TP,
ately when evidence is insufficient (thereby avoid- R, = TP+ PN (E.2)
ing hallucinated or fabricated outputs), we treat 9 Pt R ¢
refusal/unrecognizable cases as the positive class Fl,= iz j_ ]; .
t t

and compute Precision/Recall/F1 under a binary
labeling scheme.

Ground-truth label. For question 7, we define: if
the GT segment contains any marker from a curated
list of unrecognizable patterns; otherwise y; = 0.

Prediction label. We define: §; = 1 if the system
explicitly rejects the question or fails to find a valid
alignment to the GT; otherwise ¢j; = 0. Concretely,
y; = lifis_rejected = 1 oralignment_found

Denominator-zero convention. If a denominator

is zero (e.g., TP, + FP, = 0, TP, + FN, = 0,
P; + Ry = 0), we set the corresponding metric to
0 by convention.

E.4 Overall Macro Averaging and Allp;

To avoid biases introduced by imbalanced question-
type distributions, we report overall metrics using
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Train Train Occ Clean Clean Clean Partial Partial

Exp Cls Pages Anns Pages Pages (< 3) (>3) Pages Anns
Train Sub 3 8256 39941 O 8256 2684 5572 0 0
Train Sub+Syn 3 13501 73426 5245 8256 2684 5572 0 0
Train Syn 3 7929 37683 5245 2684 2684 0 0 0
Train Sub+Syn 4 13501 73426 5245 8256 2684 5572 4205 5881

Table B.2: Stage-1 training recipe statistics (Ablation Control).

Split Pages

MC SA LA Partial MC%

SA% LAY% Partial%

train 9763 28097 8293 12995 1768 5493 16.21 2540 3.46
valid 1247 3608 1058 1617 232 55.38 16.24 2482  3.56
test 1462 4540 1354 1803 486 5547 16.54 22.03 594

Table B.3: Split statistics of RDEI-Target (All) under seed=42 (4 classes).

equal-weight macro averaging across MC/SA/LA.
For X € {ImgSim, StemSim, P, R}, we define:

_ Xye +Xsa+Xpa

Allx 3

(E.3)

Importantly, AllF; is not computed as the arith-
metic mean of F'1;.Instead, we first macro-average
precision and recall and then compute:

2-Allp - Allg

Allpy = =20 2R
L= "Allp + Allg

(E.4)

This ensures the reported overall F1 is consistent
with the reported macro P/R, avoiding inconsis-
tencies caused by the non-linearity of F'1 across
question types.

F Additional Implementation Notes for
Sec. 3.2

This appendix records auxiliary implementation
conventions omitted in Sec. 3.2.

F.1 Spread detection: B,;, and relative
saliency

The coverage profile is computed from an eligi-
ble set B.;;, consisting of layout-stable carriers.
We construct By;4 by category filtering and robust
scale filtering to suppress tiny fragments and ab-
normally large boxes that distort the gutter valley,
yielding Nejig = |Beiig|-

Valley search is restricted to a central horizon-
tal band (an interior range of the page height) to
avoid spurious minima caused by margins, bind-
ings, and partial-view artifacts, and cov(-) may be

lightly smoothed along the x-axis before locating
the minimum.

We accept split_x only when the minimum is suf-
ficiently low relative to a robust reference statistic
(e.g., median and MAD computed within the band);
otherwise, we revert to single-column. When N4
is below a minimal reliability threshold, we conser-
vatively disable spread detection.

If multiple minima satisfy the criterion, we select
the one closest to the band center, and fix the
page-level order as (sidey,, sideR).

F.2 Side-to-zone/column decomposition and
read_index writeback

Within each side, horizontally spanning ques-
tion/text carriers are treated as span barriers. Bar-
riers that exhibit substantial vertical overlap or neg-
ligible vertical separation are merged to prevent
empty or excessively thin zones. Zones are then de-
fined by the vertical intervals between consecutive
merged barrier groups, under a no-drop conven-
tion.

Elements are assigned to zones primarily by verti-
cal center. Boundary cases are resolved by max-
imum vertical overlap with candidate zones; re-
maining ties are broken deterministically by lexi-
cographic order on (y;, z1).

Intra-zone columns are estimated from the left-
boundary set X built from morphologically sta-
ble carriers, with a small cap k. and a single-
column fallback when | X| is insufficient; 1D k-
means uses deterministic initialization or a fixed
seed, and smaller k is preferred when gains are
marginal (e.g., small reduction in 1D within-cluster
SSE).
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Split

Pages MC SA LA Partial MC% SA% LA% Partial%

test (Partial+) 324

1372 397 229 486

55.23 1598 9.22  19.57

Table B.4: Statistics of the RDEI-Target (Partial+) test subset.

During writeback, elements are ordered within
each column by increasing top coordinate v,
with deterministic tie-breaks by = and then area.
Span/barrier nodes are placed strictly between their
adjacent zones to avoid cross-level interleaving.

F.3 Weak geometric terms: gap, gap, and
inside

Letq = (.%'(f, y%xg’ yg> and f = <m{,y{,x§,yg>,

with centers

<w§’+»’v% y?+y§>
cqg = ,

2 72
F.1
_ ${+$§ y{+y§ =D
cf = R .
2 2

We define non-negative axis separations as

gap,(q, f) = max<o,g;§1 g xg> 7

oo f

(F2)
gap,(q, f) = maX<0,y§ — Y3, Y1 — yg) :

We further define the indicator term as in-
side(q, f) = 1(cs € q). The normalized terms
Jz,9y and the center-distance term cy follow
Sec. 3.2.

F.4 Min-cost flow construction: idle capacity
and determinism

We construct a directed flow network from £ with
source s and sink ¢. Edges are defined as follows:
(i) s — f has capacity capy;q(f) and zero cost; (ii)
for each (q, f) € €, f — ¢ has unit capacity and
cost —scorepgse(q, f); and (iii) ¢ — ¢ has capacity
K and zero cost. We then solve a min-cost flow
that routes the total supply >, capyig(f) from s
to t. To avoid forcing unreliable matches, we allow
idle capacity by adding a skip edge f — ¢ with
capacity capyiq(f) and a small non-negative cost
when necessary, so that unused figure capacity can
be sent directly to ¢.

When discrete costs permit multiple optima, we
enforce determinism via a fixed tie-break aligned
to the recovered read order. Specifically, edges are

ranked by (figure read order, then question read
order), and we apply a tiny integer perturbation
to costs to impose lexicographic preference with-
out altering the primary objective. Finally, positive-
flow edges on f — ¢ are mapped back to P, and
the evidence binding I} is written for downstream
use.
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