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Abstract

We describe the GROUNDCORRECT system of
team xc- 7 Jj¥ for the Sentence-Level Track of
VisCGEC-v2.0 at Multi-LLL 2026. The sys-
tem combines frozen Qwen3-VL-4B-Instruct
global recognition, rank-8 LoRA verification
of full-line and local-crop evidence, and
YOLO11s character detection with determin-
istic edit grounding. According to the re-
tained team record, the official V3 competition
submission ranked second with score 0.5114.
This result belongs exclusively to the official
submission, not to the local reconstruction or
the post-submission V3+ extension. Our pri-
mary local adapter comparison holds inputs,
prompt, decoding, and grounding fixed: the de-
velopment proxy rises from 0.1254 to 0.2234.
Other configuration changes are reported as
system development. V3+ is an exploratory
case study that changes one development ex-
ample, with no internal-selection or grounded-
edit improvement. Local results are condi-
tional configuration analyses: selection images
also train the detector, and development data
overlap training at the essay-group level.

1 Introduction

Team xc- %7 participated in the Sentence-Level
Track of VisCGEC-v2.0 at the Multi-LLL 2026
Shared Task with GrounpCorrecT. VisCGEC
takes learner handwriting and requires corrected
Chinese text with spatially grounded edits (Wang
et al., 2025). Unlike text-only Chinese grammat-
ical error correction (CGEC), it couples recogni-
tion, correction, and localization: even a correct
sentence can have incorrect edit coordinates.

Three difficulties motivate our design. Global
resizing can obscure similar characters in long,
narrow images. A vision-language model (VLM)
can correct text yet generate unreliable coordi-
nates. Further correction can introduce unsup-
ported rewrites or inconsistent edit lists.
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Our pipeline (Figure 1) separates global under-
standing, local visual verification, and coordinate
assignment. A frozen pass proposes source and
target sentences; a format-matched LoRA inspects
retrieved regions with the full line. A separate
detector grounds text differences, and guarded fi-
nalization handles output risks. An optional post-
submission rank check is analyzed separately.

Competition submission and later analyses.
The retained team record identifies V3 as the Au-
gust 29 official submission: second place, score
0.5114. The September 11 local reconstruction is
not assumed byte-identical: original weights and
the complete August run directory were not pre-
served (Appendix D). V3+ is the September 12 ex-
ploratory extension without an official hidden-test
result. The rank and score belong only to the offi-
cial submission.
Our contributions are threefold:

* An evidence-guided correction pipeline that
combines a frozen global pass with format-
matched local verification.

* A deterministic grounding mechanism that
separates linguistic edits from coordinate gen-
eration through character detection and mono-
tonic alignment.

* A controlled local adapter comparison with
fixed inputs, prompt, and grounding, accom-
panied by explicit data-use and evaluation dis-
closures. System-development records and
the exploratory V3+ case study are reported
separately.

2 Related Work

Chinese GEC. NLPCC 2018 established a com-
mon Chinese GEC setting (Zhao et al., 2018);
FCGEC supplies fine-grained operations (Xu et al.,
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Figure 1: GrRouNDCoORRECT: frozen global recognition, shared Stage-2 LoRA verification, YOLO11s grounding,
and V3 candidate finalization. The rank-check block is optional post-submission V3+ work, not part of the official

V3 submission. Candidates undergo schema validation.

2022), and MuCGEC emphasizes multi-reference,
character-level evaluation (Zhang et al., 2022).
These resources contextualize VisCGEC’s image-
grounded setting; we do not add their data to train-
ing.

Local visual evidence. TrOCR combines pre-
trained image and text Transformers for recogni-
tion (Li et al., 2023). LLaVA-UHD handles high-
resolution, variable-aspect-ratio images through
slices (Guo et al., 2025). Our crops instead use
task hypotheses and coverage windows outside the
VLM. We adapt Qwen3-VL (Bai et al., 2025)
with LoRA (Hu et al., 2022) and use a separate
YOLO11 character detector (Jocher and Qiu, 2024)
for grounding.

Conservative correction and grounding.
Align-and-Predict decoding adjusts the precision—
recall trade-off in GEC (Sun and Wang, 2022), and
Alirector uses alignment to address overcorrection
in Chinese GEC (Yang and Quan, 2024). The
exploratory V3+ case study selects complete can-
didates after generation. Slicing-aided detection
(Akyon et al., 2022) offers a related motivation
for preserving small visual details, although our
sentence tiling is independently implemented.
TrOCR, LLaVA-UHD, APD, Alirector, and
slicing-aided detection are related work, not used
components or evaluated baselines.
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3 Method

3.1 Task and system overview

Given a sentence image I € RH*WX3_ the sys-
tem returns corrected text y and grounded edits
E= {(ok, tg, bk)}szl, where oy, t, and by, are an
operation, replacement text, and pixel-space box.
Internally, a candidate is ¢ = (z,y, E): retaining
the recognized source x makes its connection to
the edit list explicit. The output schema allows In-
SERT, DELETE, SUuBSTITUTE, and WoORDORDER; the
released sentence annotations contain only the first
three types.

Figure 1 summarizes three functional modules.
Evidence-guided correction produces a source—
target pair from the full line and local crops. De-
terministic grounding maps its text differences to
character boxes. V3 finalization selects or repairs
candidates before schema validation; the optional
V3+rank check is a later extension. Only the Stage-
2 adapter and the character detector are trained; the
base VLM and its visual encoder remain frozen.

3.2 [Evidence-guided correction

Global hypothesis generation. The first pass
uses frozen Qwen3-VL-4B-Instruct. A Chinese
prompt asks the model to recognize the handwrit-
ing and make only high-confidence grammatical
changes while preserving meaning. Its JSON out-
put contains the recognized source, provisional tar-
get, and provisional edits. Writing Gy for greedy



generation and pg for the global prompt, we retain
the text fields

(2, 4Oy = 7,,Go (I, po). (1)

The projection 7, , parses the JSON fields, rather
than taking the VLM’s provisional boxes as final
edits. This full-line view supplies global syntax
and identifies regions for closer inspection.

Contextual region retrieval. We form candidate
anchors from two test-time signals: localized dif-
ferences between the provisional source and target
(weight 1.0), and coordinates directly proposed by
the VLM (weight 0.55). Proposals merge when
their IoU is at least 0.15 or horizontal centers dif-
fer by at most 2.5% of image width. Deterministic
overlapping coverage windows supplement a short
candidate list. We retain at most four regions and
expand each to the full image height and at least
22% of its width, preserving neighboring text (Fig-
ure 2, left). Reference targets and gold edit boxes
are not used for test-time retrieval.

Format-matched verification. Stage 2 receives
the full image, up to four crops, a manifest of their
global coordinates, and the Stage-1 source and tar-
get. The prompt treats retrieved regions as evi-
dence, not guaranteed errors: local views resolve
ambiguous characters, while the full line supplies
grammatical context.

Let z = (I,C, 2,4 p,) denote this input,
including crop set C and the default or conser-
vative prompt ps. For each adapted linear map,
LoRA (Hu et al., 2022) parameterizes

W'=W+ZBA,  r=8 a=16 ()
with A € R™% and B € R%u«*"_ The base W is
frozen. This adds r(di, + doyt) parameters instead
of updating di,doy¢ entries per map. We adapt at-
tention and feed-forward projections, with dropout
0.05; the visual encoder remains frozen.

Training uses the default prompt and the in-
ference input format. The assistant answer is
text-only JSON containing source_text and
target_text. Let a;.p be the unmasked assis-
tant suffix, including the chat-template termina-
tor. With trainable adapter parameters ¢, the token-
average objective is

T
1
L(9) =~ D logppglar| z.a<). ()

t=1
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This follows the autoregressive factorization of the
supervised answer. Prompt labels are masked to
—100, so image and prompt tokens condition gen-
eration but receive no direct prediction loss. Ref-
erence text occurs only in the assistant answer;
there is no coordinate loss or joint backpropaga-
tion through retrieval and grounding. Stage 2 is
accepted only if parsing succeeds without an error
flag and both strings are nonempty. Otherwise, the
system uses the cached Stage-1 hypothesis and re-
builds its edits. A conservative prompt provides an
alternative candidate using the same adapter, not a
second trained model.

3.3 Deterministic edit grounding

Linguistic correctness and spatial correctness need
not coincide. We therefore discard the VLM’s pro-
visional edit semantics and coordinates when con-
structing grounded candidates. Instead, character-
level sequence alignment between source x and tar-
get §j determines INSERT, DELETE, and SUBSTITUTE
spans.

A single-class YOLO11s detector supplies m
boxes sorted by horizontal center. For n,m > 0,
let source-character width w; be 0.45 for whites-
pace, 0.60 for ASCII alphanumerics, and 1 other-
wise. Expected character centers and normalized
box centers are

G — Cmin

_Zk<z‘wk+wi/2 .
= ;= ——,
Cmax — Cmin

D b1 W
4

where ¢; is a box’s horizontal center and v; = 0.5
if all centers coincide. This compares relative po-
sitions without requiring a detector class for every
character identity.

Let D; ; be the minimum cost of consuming ¢
characters and j boxes. A monotonic alignment
ends in exactly one of three transitions: match
both, skip a character, or skip a box. Thus,

%

Di_1j-1+3(u; — vj)?,
DiJ = min Difl’j + 0.10,
Divjfl + 0.10.

&)

Initialize D070 = 0, Di,O = 0.10¢, and DOJ‘ =
0.105. DP uses O(nm) time and space; backtrack-
ing takes O(n + m). Without detections, charac-
ters map to null. Optimality concerns the geomet-
ric cost, not recognition (Appendix A.5).

A non-insertion edit receives the bounding
union of available boxes in its source span. An in-
sertion uses its source index, capped at the final
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Figure 2: Evidence retrieval and edit grounding (schematic). Left: narrow anchors expand into full-height contex-
tual crops. Right: a text difference identifies a source span, and monotonic character-box alignment maps it to a
box union. Symbols illustrate the mechanism, not benchmark examples.

character. If no required aligned box exists, the im-
plementation uses a single uniform-width source
cell over the full image height. Partially matched
spans use their available boxes without filling ev-
ery unmatched character. Text differences use de-
terministic sequence matching, not an optimiza-
tion of the downstream correction score. Figure 2
illustrates this separation of text differencing from
coordinate assignment.

3.4 Priority-based V3 finalization

The finalizer applies rules in a fixed, first-match or-
der. It first checks two narrow consistency repairs:
restoring a Stage-1 comma at a preserved if -clause
boundary, and completing an asymmetric compar-
ison from the activity stated on its other side. A
successful repair returns immediately with edits re-
built from the default source and cached detector
boxes.

Otherwise, it checks for an uppercase X newly
introduced relative to the Stage-1 target, followed
by target—source growth of at least three characters.
A flagged output selects the conservative candidate
if that candidate removes the specific trigger; oth-
erwise it selects the retained baseline. Unflagged
outputs retain the default candidate. These selec-
tion branches preserve their existing grounded edit
lists. Length growth is a risk signal, not proof of
hallucination.

We call the default matched-LoRA configura-
tion V1, the risk guard V2, and the finalizer with
both repairs V3. The optional V3+ post-check
leaves earlier repair and fallback routes unchanged.
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3.5 Exploratory post-submission rank check

V3+ was developed after submission to examine
a known same-length rank substitution that the
length and placeholder checks missed. It com-
pares rank expressions across existing predictions
and, under narrow parsing, agreement, and single-
change conditions, selects the complete conser-
vative candidate only on V3’s unchanged default
route. This keeps each selected sentence together
with its own source and grounded edits. The
observed evidence is one changed development
example, with unchanged internal-selection and
grounded-edit scores; it supports a targeted case
study rather than a general factual-preservation
claim. Section 4.5 reports its scope, and Ap-
pendix B contains the rule-level definitions and
equations.

4 Experiments

4.1 Experimental setup

Data and preparation. We use the released Vis-
CGEC sentence-level train, dev, and test splits
(Wang et al., 2025), summarized in Table 1.
Train/dev provide source transcriptions, target text,
edit types, and boxes; the shared-task test input pro-
vides identifiers and images, not labels. Official
train/dev character annotations are converted to a
single detection class. Tiling at a 12:1 aspect ratio
with 20% horizontal overlap produces 4,431 train-
ing tiles with 63,545 box instances and 573 dev
tiles with 8,269 instances. No public test targets
or hidden labels are used for training or scoring.



(a) Released annotations

Split  Images  Edits Ins. Del. Sub.
Train 1,960 3,533 1,079 761 1,693
Dev 245 435 134 89 212
Test 246 - - - -
(b) Component and selection uses

Subset  Images LoRA Detector Other use

LoRA fit 1,746 Fit Fit Training

Selection 214 - Fit Select/report
Dev 245 - Validate Select/report
Test 246 - Infer Official eval.

Table 1: Released data and component-specific uses.
The two train subsets sum to 1,960; both fit the detector.
Selection excludes LoRA fitting only; dev validates the
detector. Selection/dev also guide configurations and
local reporting. Test labels are unavailable. Neither
local split is an independent end-to-end generalization
test.

Training and inference. The local reconstruc-
tion uses one NVIDIA GeForce RTX 5090
(32GB). LoRA trains 16,515,072 parameters
(0.371%) for one epoch on 1,746 examples from
499 essay groups, reserving 214 examples from 55
groups. It uses learning rate 5 x 107>, batch 1,
accumulation 8, cosine decay, bfloatl6, and seed
20260829. Implementation uses PyTorch (Paszke
et al., 2019), Transformers (Wolf et al., 2020),
PEFT, and Ultralytics.

YOLOL11s is reconstructed from public weights
for 30 epochs using 1,280-pixel tiles, batch 16,
and seed 3407. Tiled FP16 inference uses 160 x
1280 inputs and global NMS IoU 0.50. VLM de-
coding is greedy, with 12,544-200,704 pixels per
view and token caps 384/256 for Stages 1/2. Ap-
pendix A records complete settings, software ver-
sions, and cache dependencies.

Evaluation measures. Because the private eval-
uator is unavailable, we implement an equal-
weight local proxy for text correction and grounded
edits:

g 1 N+ R ©)

proxy N 4 2 )
i=1

where Fy5 = 1.25PR/(0.25P + R). Both com-
ponent scores are computed per sentence and then
macro-averaged; the composite averages their per-
sentence mean, rather than pooling edit counts over
the corpus.

Text scoring. Reference and predicted edits are
extracted from the same released gold source tran-
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scription, source_ground_truth, to the refer-
ence and predicted targets respectively. Character-
level SequenceMatcher with autojunk=False
yields insertion, deletion, and substitution spans.
Matches require identical type, half-open source
span, and replacement string; multiset intersec-
tion limits repeated matches to reference multiplic-
ity. We use this local differencer, not ChERRANT
(Zhang et al., 2022) or ERRANT (Bryant et al.,
2017).

Grounded matching. Predictions are visited in
stored order and greedily matched to the highest-
IoU unused reference with identical type and re-
placement text, requiring IoU > 0.5. Equal-IoU
ties select the first eligible reference in annota-
tion order. Each side can match once; this is a
greedy, order-dependent assignment. Duplicate
predictions remain in the precision denominator,
including any copy without an eligible unused ref-
erence.

Empty sets and strings. For either component,
two empty edit sets receive precision, recall, and
Fys = 1; if only one is empty, all three are zero.
Punctuation and whitespace participate literally in
alignment and replacement matching. Text fields
are not trimmed or normalized for Unicode, case,
traditional/simplified characters, or punctuation.
Other edge conventions are in Appendix A.4. Pri-
vate evaluator conventions are unknown, so these
remain local proxies.

Text evaluation uses gold source, whereas in-
ference grounding uses each candidate’s predicted
source. Recognition can therefore hide a necessary
source edit despite a correct target (Section 4.7).

Split and operating-point scope. Table 1 sepa-
rates LoRA fitting, detector fitting/validation, and
selection/reporting uses. Essay groups are identi-
fier prefixes before the first underscore. Only 12
of the 245 dev sentences belong to essay groups
absent from the full released training split; the
other 233 belong to groups present there. The
214-example internal selection set excludes its 55
groups from LoRA training, but all its images oc-
cur in detector training, and it also guided model
and rule selection. Development images serve de-
tector validation and local configuration analysis.
Neither local split is an untouched, fully group-
disjoint end-to-end evaluation.

All  matched-LoRA crop manifests use
confidence-0.20 detections.  Final grounding



Configuration Text Ground Composite

Dev: 245 examples, grounding 0.50

Frozen Stage 2 2158 1125 1641
Matched LoRA (V1)  .2767  .1699 2233
Guarded V2/V3 2787 1699 .2243
V3+ (post-submission) .2805 .1699 2252
Selection holdout: 214, grounding 0.20
Stage 1 2135 0794 1464
Matched LoRA (V1)  .2654  .1416 .2035
Guarded V2 /V3 2723 1437 .2080
V3+ (post-submission) .2723  .1437 .2080

Table 2: Local system-development record, not isolated
component ablations or official scores. Dev’s frozen-
to-LoRA step changes both adapter and output prompt;
dev/selection grounding confidences are 0.50/0.20 and
guard fallbacks are frozen Stage 2/Stage 1. The selec-
tion set isolates LoRA training only. V3+ is exploratory
post-submission work.

in the cached progression uses 0.50 on dev but
0.20 on holdout. The holdout guard falls back
to Stage 1, whereas dev/test use the retained
frozen Stage-2 baseline. The fresh adapter control
instead fixes final grounding at 0.50 on both splits
and applies no guard. We keep these protocols
separate throughout.

4.2 Official competition outcome

According to the retained team record, the Au-
gust 29 V3 submission ranked second with of-
ficial score 0.5114. Official component scores
were unavailable. Hidden test labels and a private
evaluator separate this outcome from our labeled
dev/selection analyses. The reconstruction is not
assumed byte-identical, and V3+ has no official
score (Appendix D).

Our primary evidence for the adapter is the
fixed-configuration comparison in Table 3, dis-
cussed first below. Table 2 is retained as a system-
development record. Its rows can change prompts,
grounding operating points, or fallback behavior
and must not be read as isolated component abla-
tions.

4.3 Primary comparison: controlled adapter
effect

Table 3 is our primary evidence for the adapter’s
local effect. To separate it from the output-prompt
change, we freshly generate both arms with one
base model and the same preprocessed tensors
per example, toggling only the LoRA adapter.
Both use the default text-only prompt, identical
cached Stage-1 outputs and crops, greedy decoding
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Setting Text Ground Composite
Dev adapter OFF 2047 .0460 1254
Dev adapter ON 2770 .1699 2234
Holdout adapter OFF .2034  .0473 1253
Holdout adapter ON  .2661  .1585 2123

Table 3: Fresh paired adapter control. Both arms use
the same text-only prompt and final grounding confi-
dence 0.50, with no guard. The dev set contains 245
examples; the 214-example holdout isolates only LoRA
training and previously served for selection. Its confi-
dence differs from the original 0.20 holdout rows in Ta-
ble 2.

capped at 256 tokens, and confidence-0.50 ground-
ing, without V2/V3 post-processing. We disable
TF32 and record the runtime, input, and weight
hashes. This post-submission control does not
reuse either arm’s old predictions.

On dev, the adapter raises the composite by
0.0981 (Table 3); 59 examples improve, 16 worsen,
and 170 tie. Both arms parse all 245 responses
without fallback. A 10,000-replicate paired boot-
strap over 188 essay groups gives a 95% percentile
gain interval of [0.0621, 0.1337]. This estimates
the adapter’s effect under the text-only contract,
not a gain over the best frozen prompt. On the 214-
example holdout, the corresponding gain is 0.0870,
with 51 improvements, 20 regressions, and 143
ties. All responses parse without fallback. The
same bootstrap over its 55 groups gives [0.0456,
0.1327]. These results retain the split limitations
described above. This comparison holds inputs,
prompt, decoding, and grounding fixed; Table 2 in-
stead records system development with configura-
tion changes. The fresh dev ON output differs from
the old cache on four targets and scores 0.2234
rather than 0.2233; we therefore keep the runs sep-
arate. Both intervals are conditional on a single
trained adapter and fixed predictions, not training-
seed uncertainty or an official-score estimate.

4.4 System-development record

Table 2 documents cached local configurations
and their combined changes. On dev, the frozen
Stage-2 baseline scores 0.1641, matched LoRA
0.2233, and V3 0.2243; on the internal selection
set, matched LoRA scores 0.2035 and V3 0.2080.
V3’s two extra repair rules never trigger on either
labeled split, so V2 and V3 tie there. These obser-
vations do not establish a measured benefit from
the additional repairs.

The dev frozen-to-LoRA configuration differ-



ence is 0.0592 absolute (36.0% relative). A paired
bootstrap over 188 essay groups, with 10,000 repli-
cates, gives a 95% percentile difference interval of
[0.0243, 0.0940], positive in 99.96% of replicates.
This comparison changes both the adapter and the
output prompt, from full JSON to text-only JSON.
Its interval describes the combined configuration
change, not an isolated adapter effect or training-
seed uncertainty.

4.5 Exploratory post-submission V3+ case
study

The September 12 extension examines a known de-
velopment error after competition submission. The
rank-only and exploratory rank-plus-numbers vari-
ants route all 245 dev and 214 internal-selection
records before reference labels are loaded for scor-
ing; only predictions enter the selector, not IDs
or correctness scores. This prediction-only exe-
cution does not remove the experiment’s known-
error-driven selection bias.

V3+ changes only 1587_15, improving one dev
sample with no regressions and 244 ties. All 214
internal-selection records remain identical. Its dev
composite gain is 0.000907 absolute; grounded-
edit scores are unchanged. The numeric extension
produces exactly the same outputs, so it provides
no measured benefit over the rank-only variant.

These observations support a targeted case
study, not a general factual-preservation or end-
to-end generalization claim.  The unchanged
grounded-edit score is important: correcting the
rank in this case does not recover the missing nec-
essary edit. Section 4.7 examines the case; rule
definitions and replay checks are in Appendix B.
V3+ has no official competition score.

4.6 Component analysis

Evidence reinspection. Figure 5(a) compares
frozen Stage 1 with contextual crops plus a sec-
ond VLM pass, holding predicted YOLO11n boxes
fixed in a test-matched reconstruction. Text Fj 5
rises from 0.2076 to 0.2158, grounded-edit Fp 5
from 0.0944 to 0.0982, and the composite from
0.1510 to 0.1570 (0.0060 absolute; 4.0% relative).
This isolates the combined reinspection step, not
crops alone or the submitted detector choice.
Corpus OCR character error rate decreases from
0.0531 to 0.0524. Expanded crops cover the cen-
ters of 87.59% of gold edits, although only 13.79%
of raw anchors reach IoU 0.5. This distinction sup-
ports using recall-oriented crops for evidence and
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a separate detector for precise final grounding.

Risk guard and additional probes. Figure 5(b)
and Table 2 show that the V2 guard adds 0.0045 on
holdout and 0.0010 on dev. V3’s two extra repairs
affect two test inputs, but no labeled examples;
hidden test labels are unavailable, so we make no
score-based claim for those changes. Appendix C
separately records early auxiliary-context exper-
iments, a discarded direct-image LoRA, thresh-
old sweeps, and post-hoc detector-capacity probes.
They are not additional controlled ablations of the
final system.

4.7

Figure 3 illustrates cached predictions at ground-
ing confidence 0.50. The first two cases are un-
changed from V3 to V3+; the third shows the
patch’s only observed intervention. They are se-
lected examples, not an unbiased accuracy esti-
mate or isolated adapter effect.

Qualitative analysis

Text recovery versus localization. In 543_6,
V3 recovers the correct phrase about resting at
home, but also normalizes the erroneous character
in its predicted source. The source—target differ-
ence therefore emits no edit: the text is correct, but
the gold correction is not localized. In 1969_7, V3
instead inserts the missing character in “reason”
and matches both the reference text and insertion
location.

Exploratory rank correction without com-
plete grounding. In 1587_15, old V3 changes
“runner-up” to “champion.” Neither length nor
placeholder checks detect the substitution. The
five prediction views agree on “runner-up,” so V3+
selects the complete conservative record and re-
moves the erroneous rank-edit box. Text Fj 5 rises
from 0.5556 to 1, but edit F{ 5 remains zero: both
candidates already normalize a different erroneous
source character in “championship,” hiding that
necessary correction from differencing. The com-
posite therefore rises from 0.2778 to 0.5, not to
1. This one case illustrates the distinction between
restoring a rank value, faithfully recognizing the
source, and grounding all necessary edits. It does
not establish general factual-preservation behav-
ior.

5 Conclusion

Team xc-fZ J%’s GROUNDCORRECT separates
recognition, verification, and grounding for the



Sentence-Level Track of VisCGEC-v2.0. The re-
tained record reports second place and 0.5114 for
official V3. Fixed-configuration controls provide
the adapter evidence; other runs document system
development. Exploratory V3+ changes one dev
example, without selection-set or grounded-edit
improvement. Recognition can hide necessary
edits despite correct targets. Broader generaliza-
tion requires repeated training and fully separated
end-to-end evaluation.

Limitations

Recognition and retrieval errors remain possible;
the differencer does not explicitly recover Wor-
pORDER. The local scorer is not the private eval-
uator. Dev overlaps training essays; holdout ex-
cludes only LoRA training and informed selection.
Controls use one checkpoint, not repeated training
seeds. V3’s two repairs never fire on labeled splits.
The known-error-driven fact patch uses correlated
views and restricted expressions: one improvement
does not establish unseen-data safety. Missing
original weights and run records prevent claims of
byte-exact reproduction of the scored archive.

(a) OCR recovery: improved text, incomplete localization

Ethical Considerations

We use released learner handwriting and train/dev
annotations without personally identifying meta-
data. The archived run used no manual test correc-
tions. Later reconstruction audits inspected some
public test images, without test targets or hidden la-
bels. This system should assist teachers and learn-
ers, not make high-stakes judgments without re-
view.

Declaration on Generative Al

Al tools assisted writing, figures, and code. The
authors verified results against saved artifacts and
remain responsible for all claims, citations, and im-
plementation.
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(b) Missing-character insertion: correct text and localization

Input image _Hnlﬁ ’?‘g wﬂﬂjﬂﬁ‘ rﬁ ‘.'«"ﬁ I-FE i [@ "f? Iﬁ L
Reference R ERAARAE R ER AR BRE. FO.5: text / edit
Frozen S2 SRIFREIfRE IR N EREARE. 0.56 / 0.00
V3+ RRBRIPIBEERERBRE. 1.00 / 0.00
V3+ = V3: text matches the reference, but source normalization hides the gold edit.
1969 7

Input image *ﬂ_ ; ; L H -l
Reference FHLFNEBMAE /ﬁ%ﬂ‘ﬁfﬁﬂﬂﬁ {Eyo

Frozen S2 FHMEBMABEERNBRS .

V3+ FHMEBEMABEERAIEHEIRS.

(c) Rank protection: correct text, remaining localization failure

FO.5: text / edit
0.00 / 0.00
1.00 / 1.00

V3+ = V3: the missing character is inserted; the baseline deletes its neighbor.

1587 15

&

Input image %{ 4[&

Reference MRS T RS RARIRIRIER T ZE
old v3 MikTG 7 HREEAR BRI E .,
V3+ MRS T R EAREIREN L ZE,

AP R ES T eI EARAN

FO0.5: text / edit
0.56 / 0.00
1.00 / 0.00

V3+ restores runner-up via the whole conservative record; the gold edit remains unlocalized.

Figure 3: Selected dev cases with unretouched images and cached outputs. Ruled lines and marks are original;
amber marks baseline differences, green/red matching/nonmatching outputs. Scores are text/edit £ 5. Only the

third case changes under exploratory V3+.
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A Reproducibility Configuration

This appendix specifies the preserved local re-
construction and its evaluation inputs. The ac-
companying supplement contains complete UTF-
8 prompt templates, an anonymized machine-
readable configuration, split identifiers, artifact
checksums, command examples, and a result in-
dex. These materials document the available re-
construction; they do not establish byte identity
with the scored archive. They are supplied with the
paper, rather than described as an already-public
repository.

A.1 Verified training configuration

Table 4 combines the final training report, adapter
configuration, and the saved training arguments
at step 219. This distinction matters: the exe-
cuted run saved every 75 steps, whereas the cur-
rent command-line default is 100. Stage-1 training-
data preparation used an inference batch of eight;
the LoRA collator uses one example per device.

Preserved value

Frozen Qwen3-VL-4B
8/16

0.05 / none

q, k, v, o; gate, up, down
16,515,072 (0.371%)

Parameter

Base / visual encoder
LoRA rank / alpha
LoRA dropout / bias
Target projections
Trainable parameters

Device batch / accumula- 1/8

tion

Epochs / optimizer steps 1/219

Learning rate 5x107°
Schedule / warmup ratio Cosine / 0.05
Optimizer / weight decay ~ Fused AdamW /0
Adam betas / epsilon (0.9,0.999) /1078
Gradient clipping norm 1.0

Precision bfloat16; TF32 enabled
Checkpointing Enabled; non-reentrant
Training / data seed 20260829 / 20260829
Save / logging interval 75175 steps

Table 4: Verified local LoRA settings. The effective
batch size is eight on one device. Projection names de-
note the corresponding _proj modules.

The assistant target is a compact JSON object
containing only source_text and target_text.
The collator verifies that the tokenized prompt is an
exact prefix of the complete conversation and sets
all prompt-token labels to —100. Consequently,
image and user-prompt tokens receive no direct
language-model loss. The supervised suffix in-
cludes the assistant answer and its chat-template
terminator. The base parameters and visual en-
coder remain frozen.
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The local environment used Python 3.11, Py-
Torch 2.8.0 with CUDA 12.8, Transformers 4.57.3,
PEFT 0.18.1, Accelerate 1.10.1, Pillow 11.3.0, and
Ultralytics 8.4.118. The full base-model revision
is ebb281ec70b05090aa6165b016eac8ec08e
71b17. The adapter tensor SHA-256 is 20cee
cc9db7e62£d26a6003842d87b5a5586b9022¢
55ebc70d0abd32707££578. Hashes of the re-
constructed detector, fallback predictions, and fi-
nal output are supplied in the configuration.

A.2 Prompt and inference contract

Both passes use the same Chinese system instruc-
tion. Stage 1 receives the full image followed by
its user instruction. Stage 2 receives the full im-
age, up to four crops, and then a compact con-
text object containing crop coordinates, retrieval
scores and sources, and the Stage-1 source and tar-
get. The retained pegasus_target_text field
is an empty string in this path. No reference tar-
get is placed in this context. The default Stage-2
prompt is used during LoRA training; the conser-
vative prompt is an inference-only alternative using
the same adapter.

The reproduced inference settings use greedy de-
coding, bfloat16, scaled dot-product attention, and
per-image pixel bounds of 12,544-200,704. The
preserved scripts specify 384 generated tokens for
Stage 1 and 256 for text-only Stage 2. These to-
ken limits are made explicit in the supplied com-
mands, because the saved inference reports did
not serialize the complete original command line.
Invalid or empty Stage-2 responses fall back to
the cached Stage-1 hypothesis before deterministic
grounding.

Candidate retrieval uses cached YOLO11s de-
tections at confidence 0.20. The released-dev main
comparison re-grounds fixed predictions at confi-
dence 0.50; the recorded internal holdout instead
uses the confidence-0.20 detections stored in its
training manifest. Final test grounding uses a sepa-
rate confidence-0.50 cache. These operating points
should not be silently unified when comparing the
preserved scores.

A.3 Split scope and cached dependencies

Essay groups are the identifier prefix before the
first underscore. The training script sorts the 554
groups, shuffles them using seed 20260829, and
reserves 55 groups, yielding 1,746 LoR A-training
and 214 holdout examples. The supplement lists
the reserved groups and hashes the ordered exam-



ple IDs independently of machine-specific paths.
This isolation applies to LoRA training only: the
detector was trained using annotations from the
complete released training split, including these
holdout images. The same holdout also informed
guard selection; it is not an untouched end-to-end
test set.

V3 selects among the default LoRA output, the
conservative output, and a retained baseline sub-
mission at test time. For the labeled guard com-
parison, the holdout fallback is cached Stage 1,
whereas dev uses frozen Stage 2. The supple-
ment includes a CPU-only replay and per-example
routing records for both operating points. The
test baseline’s complete prediction records, includ-
ing boxes, are an input dependency. Only the
linguistic-repair branch recomputes edits with the
cached detector boxes. Exact output reproduction
therefore requires the cached Stage-1 outputs, crop
manifests, detector boxes, and baseline JSON, not
merely the adapter weights. The result index sepa-
rates available artifact evidence from command de-
faults and notes dependencies that are not bundled.
Fresh inference and retraining can test the proce-
dure but are not promised to reproduce all stored
bytes.

A.4 Local evaluation edge conventions

Text edits are compared as exact tuples of opera-
tion, half-open source span, and replacement text.
Text precision and recall use multiset intersection,
so repeated exact predictions match only up to gold
multiplicity. Grounded matching is greedy in pre-
diction order; equal-IoU ties retain the first unused
eligible reference in annotation order. Coordinate
IoU uses differences without an inclusive-endpoint
+1; a zero-union pair has IoU zero. An empty
dataset returns zero macro aggregates. These im-
plementation conventions do not claim identity
with the private evaluator.

JSON parsing trims its outer generated repre-
sentation and Markdown wrappers, not parsed
string values. Scoring retains literal punctua-
tion, whitespace, Unicode forms, case, and tra-
ditional/simplified characters. The source field
for text scoring is the released gold transcrip-
tion, whereas candidate grounding uses predicted
source; no gold source is introduced into test-time
grounding.
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A.5 Alignment optimality and complexity

For Equation 5, removing the last match/skip tran-
sition leaves an optimal consumed-prefix align-
ment: a cheaper prefix would otherwise lower the
full path cost. This gives the dynamic program’s
optimal substructure. The algorithm uses O(nm)
time and space, with O(n + m) backtracking. Its
optimum concerns the defined positional cost, not
the correctness of source recognition or detector
boxes.

B V3 Finalization and Exploratory V3+
Details

Figure 4 shows V3’s first-match routing followed
by V3+’s default-only fact check. Candidates d
and c use default and conservative prompts with
the same LoRA; b is the retained pre-LoRA base-
line.

B.1 Priority consistency repairs

V3 first checks two narrow repairs:

1. Restore a Stage-1 comma at a preserved if-
clause boundary.

Complete an asymmetric comparison’s miss-
ing activity from the opposite predicate, lim-
ited to five activities: calling, spending time
together, communicating, chatting, and meet-
ing.

A match returns the repaired default target, rebuild-
ing edits from the default source and cached detec-
tor boxes. Only this branch recomputes edits; all
other branches retain their grounded records.

B.2 Placeholder and length routing

Otherwise, the V2 guard first checks for uppercase
X in the default target but absent from the Stage-1
target. When triggered, it returns c if the conserva-
tive target has no X, and b otherwise.

Only without this trigger does it check default
length growth of at least three characters. Growth
is each candidate’s target length minus its own
source length. This branch returns c if its growth
is less than three, and b otherwise. Growth signals
risk, not proven hallucination. Without any trig-
ger, return d. Clearing a branch’s specific trigger
suffices; returning a conservative candidate after
the placeholder check does not require passing the
later length check. Both risk branches select com-
plete cached records rather than merging targets
with another candidate’s edits.



V3+ guarded finalization
d: default LoRA - c: conservative - b: baseline

yes | Repair d target
1 Repair matches? Re-ground; return
Reuse cached boxes
1 no

Znewxinar | Ko
I no
yes [ Ac < 3: return ¢ }
Otherwise: return b
I no

4 Default route d )

[
[3Ad>3"
(

V3+ rank -consensus post-check

Valid parses; ordered ranks agree in 5 predictions.
One rank value differs between d and c targets;
all other target characters remain identical.

No: retain d

Yes: return whole c
Preserve full record

source + target + edits

. J
Votes: S1 source/target, d source, c source/target.

New X: in d, absent from the Stage-1 target.

A: len(target) — len(source), for each candidate.
Post-check: no new grounding; votes are not proof.

Figure 4: V3+ selection. Original V3 repairs and fall-
backs are preserved; only the original default route
reaches the new rank check. A fact-triggered switch
copies the entire conservative candidate without recom-
puting edits.

B.3 Observed routing and scope

The unpatched V3 local test audit counts 232 de-
fault, two repaired, five conservative, and seven
baseline records. The original holdout proxy im-
proves from 0.2035 to 0.2080, using confidence-
0.20 grounding and Stage-1 fallback; dev/test
use frozen Stage-2 fallback. This holdout iso-
lates LoRA, not detector training, and served
model/guard selection. Neither V3 repair fires on
dev/holdout, so V2 and V3 tie there. The two test
interventions have no measured hidden-test score
improvement.

B.4 Prediction-only fact post-check

The post-check is exploratory work from Septem-
ber 12, after competition submission. The rule-
level definitions below are retained for repro-
ducibility, not as evidence of a general factual-
preservation capability.

The current V3+ configuration enables rank pro-
tection only. It canonicalizes the three named
podium ranks and supported positive ordinal-place
numerals. Specified compound suffixes such as
those denoting competitions or teams are excluded.

Mixed Arabic/Chinese or malformed ordinal ex-
pressions reject the entire decision rather than con-
tributing partial consensus.

The Stage-1 parse-success field must exist and
indicate no error. Both Stage-2 candidates must
have the expected generation provenance, directly
parseable raw JSON, and source/target strings
matching the preserved cache. Missing fields, ad-
ditional target rewrites, fact-count changes, or con-
flicting signatures preserve the V3 record. The
exploratory numeric extension covers only Arabic
quantities with enumerated units, treats the literal
sign/unit as part of the type, and rejects comma-
separated number fragments.

The dev audit changes one of 237 original de-
fault routes to the conservative candidate: final
provenance counts are 236 default, five conserva-
tive, and four baseline records. Holdout preserves
203 default, eight conservative, and three baseline
records. Neither variant changes any earlier repair
or fallback branch. Both variants’ full outputs,
sample scores, and routing audits are included in
the supplement. These counts do not describe a
new official test submission.

B.5 Formal post-check definition

Let g3 be V3’s selected complete record and ps
its recorded route. Let F'(s) contain the ordered
recognized fact types and normalized values in
string s; spans and literal surfaces are stored sep-
arately. For default and conservative records gz =
(€4, ya: Eq) and ge = (¢, ye, Ec). the support
views are

V= (x(O)ay(0)7xd7$07yc)- (7)

Consensus A requires F'(V;) to be nonempty and
equal to F'(v) for every v € V. These are corre-
lated predictions, not independent votes or a cali-
brated correctness probability.

Define M (s) as a literal text skeleton obtained
by replacing each recognized span with its fact
type. Condition B requires yq4,y. to contain
the same ordered fact types, exactly one differ-
ent value, exactly one different fact surface, and
M (yq) = M(y.). Punctuation, non-fact wording,
and all other fact surfaces must remain unchanged.
With P denoting verified parsing and valid inputs,
the post-check is

g, p3=d N P NAADB,
q4 = , @)
q3, otherwise.



(a) Crop verification

YOLO11n fixed - dev (n = 245)
Il Stage 1 M Stage 2 + crops

I 0.2076
Xt Fo s | 07158

it . . M 0.0944
Edit Fos — 0.0982
i+ N O.151
Composite e 01570
0.1 0.2 0.3
Local macro proxy

0.0

(b) Cached system progression
YOLO11s - conf. 0.50 - dev (n = 245)
V3+: one dev candidate switch
Frozen S2 NN 0.164134
V1 - LoRA I 0.223292
V2 - risk I 0.224264
v3 I 0.224264
V3+ - rank NN 0.225171
I Ojl 0j2 I
Local macro composite

0.0 0.3

V2 = V3 = V3+: LoRA holdout 0.208005 (conf .20, n = 214); no holdout changes.
Extra numeric guard: no additional changes or gain. These are local proxies, not official scores.

Figure 5: Two local dev comparisons with separate grounding setups. (a) Frozen Stage 1 versus evidence reinspec-
tion with fixed YOLO11n boxes. (b) Cached system progression through V3+ with YOLO11s confidence 0.50; the
frozen-to-LoRA step changes the output prompt as well as the adapter. The adapter-only control is Table 3. The

footer’s selection score uses grounding 0.20.

Here p3 = d means the original, unrepaired de-
fault route, not merely a text match. Parsing must
explicitly succeed at Stage 1; both Stage-2 outputs
must be non-fallback generations whose parsed
source/target fields equal the cache.

Equation 8 preserves every non-default V3 route
and ensures ¢+ € {g3,q.}. Selecting y. also se-
lects z. and E.; no candidate’s sentence is paired
with another candidate’s edits. These are structural
guarantees, not guarantees of semantic accuracy:
shared OCR errors and missing edits can survive
consensus. Output schema checks cover IDs, op-
eration types, nonempty text, integer coordinates,
and image bounds.

The replay verifies all original V3 per-sample
scores and aggregates with zero differences and
checks whole-record identity. The retained exper-
iment reports 31 passing synthetic boundary tests
covering parsing, invalid facts, extra rewrites, and
preservation of earlier routes. These implementa-
tion checks do not extend the empirical result be-
yond the single changed development example.

C Auxiliary Development Analyses

These development-only and post-submission di-
agnostics do not measure the scored archive.

C.1 Development-only textual context and
oracle boxes

An early configuration used public OCR disagree-
ment, a Pegasus target (Zhang et al., 2020) for pro-
posals and Stage-2 context, public source transcrip-
tion, and annotated character boxes. Neither tex-
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tual input was available to the submitted test run-
ner. Its proxy rose from 0.1561 at Stage 1 to 0.1637
after verification. These are auxiliary, not con-
trolled or main development results. Gold targets
and edit boxes are never used for test-time crop se-
lection.

C.2 Early direct-image adaptation

A one-epoch direct-image Qwen3-VL LoRA
trained 11.8M language-attention parameters
(0.265% of 4.45B), freezing the visual encoder
(Hu et al., 2022). On the same first 64 auxiliary-
dev examples, its evidence-pipeline proxy was
0.1586 versus frozen 0.1876. Training—inference
prompt mismatch is one possible explanation; the
adapter was discarded. The later adapter differs in
output prompt, trainable modules, and evaluation
setup, preventing attribution solely to format
matching.

C.3 Fixed-prediction confidence sweep

With fixed frozen-Qwen predictions and recon-
structed YOLO11s boxes, thresholds 0.45, 0.48,
0.50, and 0.52 all score 0.1641. Five-fold essay-
group selection chooses 0.50 throughout, with no
concatenated held-out gain. Retaining 0.50 does
not establish a threshold benefit for V3.

C.4 Detector-capacity probe

Post-submission YOLOI11n/s retrainings used
identical data and 30 epochs, yielding dev
mAP50.95 of 0.801/0.800. Frozen Qwen outputs
scored 0.1570/0.1641 with n/s localization. This



compares post-hoc retrainings, not an n-to-s
upgrade of the award system, which already used
s.

D Retained-Artifact Integrity Checks

The September 12 V3+ experiment preserves all
older archives and records hashes and predictions
for 245 dev and 214 holdout examples. Its official
hidden-test score is unknown; its local gain is not
attributed to older runs.

The retained August 29 candidate has 246
unique records, 245 edits, 85 empty edit lists,
nonempty targets, and valid in-image integer
boxes. Its timestamps predate upload, but
do not prove that its exact bytes were scored.
The September 11 reconstructed V3 archive
has 246 records and 252 edits with the same
schema checks. Both have one root member,
submission_sentence. json.

Hashes and the older frozen-pipeline audit are
in the companion supplement; that audit is not ev-
idence for V3+ accuracy.
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