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Abstract

Handwritten text by language learners cou-
ples recognition errors with grammatical er-
rors, which makes automatic correction of such
text harder than either subproblem alone. Vi-
sual Chinese grammatical error correction asks
a system to read a handwritten sentence im-
age and to emit both a fully corrected sentence
and a list of localized visual edits. We de-
scribe a training-free pipeline that makes one
call to a vision—language model (VLM) per im-
age and jointly requests a verbatim transcrip-
tion, a minimal-edit correction, and a typed
bounding-box edit list in a single JSON ob-
ject; a deterministic packer enforces schema
and coverage, and a second engine fills only the
test images for which the first produces no valid
record. A paired 19-image development com-
parison under a proxy of the official F{y 5 metric
finds that two VLMs obtain the same edit true-
positive count while one emits nearly twice as
many edits; the more conservative engine has
higher edit precision on this slice. The sys-
tem obtains an official score of 0.5905 on the
hidden sentence-level test set of the VisCGEC-
v2.0 shared task. The result suggests that a
single-pass training-free VLM pipeline is vi-
able for this task, and that edit precision is a
useful engine-selection signal on the measured
development slice.

1 Introduction

Grammatical error correction (GEC) is usually de-
fined over already-tokenized text (Ng et al., 2014),
and Chinese GEC has an established shared-task
lineage over learner text (Zhao et al., 2018; Rao
et al., 2020; Chang et al., 2023). Visual Chinese
GEC (Wang et al., 2025) additionally requires the
system to read a real handwritten image produced
by a learner of Chinese as a foreign language,
so recognition errors, malformed characters, and
grammatical errors are entangled. The VisCGEC-
v2.0 shared task of Multi-LLL 2026 (Multi-LLL
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Organizers, 2026) makes that setting operational:
the official input is the image; the public test
file contains only an identifier and a path; and
each prediction must contain a corrected string
predict_text together with a list of localized ed-
its.

Each edit is a pixel box, a corrected span, and
one of four operation types (Insert, Delete,
Substitute, WordOrder). The official score is
the mean of a per-sample combination of text-level
Fy 5 and edit-level Fj 5, so a fluent rewrite that
does not match the annotators’ boxes is not enough.

This paper describes the sentence-level system
we submitted, a real system that obtained an official
score of 0.5905 on the hidden test set (Section 5).
Our contributions are:

* a training-free, single-pass pipeline in which
one VLM call per image jointly produces
a transcription, a correction, and typed
bounding-box edits, backed by a deterministic
packer that hard-fails on any schema or cover-
age violation (Section 3);

an offline, self-validated proxy of the official
metric with explicit fidelity limits, used for en-
gine selection on the 245-image development
split (Section 5);

a paired development observation: two en-
gines tie on edit true positives while one emits
nearly twice as many edits, making edit preci-
sion a useful engine-selection signal on this
slice (Section 6).

We did not train or fine-tune any model. We release
the prompt template, the offline scorer and submis-
sion packer, and both submitted prediction files in
an anonymized repository. !

'https://anonymous.4open.science/r/
viscgec-sentence-pipeline-F466
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2 Data

Released splits. Sentence-level VisCGEC-v2.0
provides 1,960 training images, 245 development
images, and 246 hidden-test images. Training and
development records contain img_id, img_path,
a gold corrected string target_text, and a gold
edit_list. They do not contain the learner’s
original string. The test file contains only img_id
and img_path. Systems must therefore recognize
text from the image; they cannot assume an OCR
transcript.

Annotation shape. On the 1,960 training sen-
tences the gold edit_1list has mean length 1.80
(median 1, max 14); six sentences have an empty
list. Edit types occur in the ratio Substitute 1,693
: Insert 1,079 : Delete 761. WordOrder occurs
zero times in the released training annotations, and
also zero times in the 245 development annotations
(Substitute 212, Insert 134, Delete 89; mean 1.78
edits). Mean gold sentence length is 24.6 charac-
ters (development 25.5). Images are single-line
handwriting strips (training width p50 1,494 px,
height p50 85 px; test width pS0 1,531 px, height
p50 93 px).

Why we do not fine-tune. A text GEC trainer
wants pairs (source, target). The public files give
target and a list of corrected spans with boxes,
but not the original spans, so source cannot be
reconstructed from the JSON. Obtaining N train-
ing pairs would require first OCRing N training
images and then trusting that OCR. We did not
pay that cost, and we used the training split only
(a) to compute the edit-type and edit-count statis-
tics above and (b) as documentation for an optional
convention-aware prompt variant. The develop-
ment split is the only split with gold that we scored.

Scope. The shared task also defines a paragraph-
level track over the same schema; we did not sub-
mit to it, and the rest of this paper is sentence-level
only.

External resources. The only task data we used
are the official public packs. Inference uses closed
VLMs accessed through an API (Section 4); we did
not add an external GEC corpus.

3 Methodology

Figure 1 shows the primary decoding path and the
fallback condition. The pipeline operates as fol-
lows:
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Figure 1: The primary record is retained when
parseable. The fallback fills only missing records. The
packer refuses to emit a submission when coverage or
schema checks fail.

. Pass one handwritten PNG to a VLM as visual
input at original resolution. Invocation goes
through a CLI harness: the prompt names the
image file and its pixel dimensions, and the
harness reads the file and attaches it to the API
request.

Ask a VLM for a single JSON object with
three fields: source (verbatim transcription,
errors kept), corrected (minimal-edit fluent
Chinese), and edit_1list (the visual differ-
ence between the two).

. Parse the last JSON object in the response
that contains source and corrected. Drop
edits whose box is non-integer or degenerate,
whose type is outside the four-way inventory,
or whose correct_text isnotastring. Dele-
tion text must be the empty string.

. Set predict_text = corrected. Round
boxes to integers and clip them to the image.
Require exact coverage of the 246 test IDs (no
missing, extra, or duplicate IDs).

. If an image has no parseable record from the
first engine, fill it from a second engine; a
record that already parsed is never overwrit-
ten.
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(sample_submission. json),
as the platform requires.

packaged

Prompt. The production template used for both
submissions is a short instruction that (i) forbids
reading any annotation file, (ii) states the four
edit types, (iii) requires Insert boxes to cover
a full neighbouring character cell rather than a
zero-width line, and (iv) demands one JSON line
and nothing else. We also iterated on a longer
convention-aware variant of the same template,
which tells the model that the reference makes 1.8
edits per sentence, that WordOrder is unused in
training, and that style improvements and extra con-
nectives are not rewarded, and which quotes eight
gold corrected sentences. All 246 archived test
prompts instantiate the short template, so we make
no claims for the variant. The schema—joint tran-
scription, correction, and boxes—is the same in
both templates and is what the packer consumes.

Why joint decoding. Text-level Fps in the
Chinese setting is a comparison of character edits
source — gold against source — prediction, in the
style of ChHERRANT (Zhang et al., 2022), itself an
adaptation of ERRANT (Bryant et al., 2017). If a
system copied its own OCR into predict_text
and emitted an empty edit list, the text-level term
would be zero whenever the OCR differed from
the hidden source, and the edit-level term would
be zero by construction; the sample score would
then be at most 0.5 in the empty-edit case and typ-
ically near 0. The same VLM call therefore has to
both read and correct, and it has to emit boxes that
line up with the annotators.

Deterministic shell. All coverage and schema
checks run in a packer that refuses to write the sub-
mission file if any ID is missing or illegal. That
shell is the only component we treat as bit-stable
across engines.

4 Model

We do not train weights; all correction capabil-
ity comes from commercial vision—language mod-
els accessed through an API. A submission in this
task is a single file with one record per test im-
age, and the platform allows each team only a
small fixed number of scored submissions. We
submitted twice: a contrastive configuration built
first under time pressure, and a primary configura-
tion built after development measurement; the plat-
form keeps each team’s best-scoring submission.
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Three engines appear across the two submissions,
identified by the router names our access channel
recorded at inference time (these are channel iden-
tifiers, not necessarily the vendors’ public model
names; where a channel exposed two aliases, we
give both):

* Qwen (qwen3.8-max), the main engine of
the contrastive submission;

* GPT (gpt-5.6-s0l / gpt:sol-medium),
the fallback engine in both submissions;

* Claude (claude-opus-5 / claude:high),
the main engine of the primary submission.

A fourth engine (GLM 5.3) was probed on de-
velopment images and rejected: an 18-image pre-
view scored below the contrastive configuration,
and that engine sometimes returned a tool trace in-
stead of the required JSON.

Primary submission. 224 of the 246 records
come from Claude. The remaining 22 records are
the images for which Claude’s output was missing
(14), empty (4), or unparseable (4), and are filled
by GPT. This fallback is a reliability backfill, not a
learned router: arecord that already parsed is never
overwritten.

Contrastive submission. The earlier submis-
sion ran Qwen as the main engine over all 246 test
images and applied the same fallback rule, yielding
119 Qwen records and 127 GPT records. Section 5
compares the two configurations on development
measurements.

Implementation details that we can state.
Each call passes one image (attached by the har-
ness as visual input) and one prompt file; at least
one engine’s logs show an explicit image-analysis
step, so we do not claim to know how each engine
consumes the pixels internally. Batch inference
used a per-call timeout of 900 seconds and concur-
rency between 4 and 8. We did not record sampling
parameters or exact token limits, and we do not in-
vent them. There is no reranking, no second-pass
box refiner, and no lexical GEC model on top of
OCR.

5 Evaluation

Official metric. The task defines
[ 1.25 PR
05~ 025 P+ R’

sample = 0.5 text-Fy 5 + 0.5 edit-Fy 5,



and takes the mean over samples. An edit is a true
positive only if its box has IoU > 0.5 with a gold
box, its correct_text matches exactly, and its
edit_type matches. The task description names
ChERRANT as the text-level metric; its implemen-
tation, tokenization, and empty-gold convention
were not released.

Local proxy. We reimplemented the published
formulae as a standalone offline scorer, used only
at development time for engine selection and mix
control. Text-level Fy 5 compares character-level
Levenshtein edits rather than ChERRANT, so we
treat the number as a trend rather than a leader-
board forecast. The scorer is checked against hand-
computed cases and negative controls: gold-as-
prediction scores 1.0, an empty edit list caps the
sample score at 0.5, and shifting every box by 30 px
degrades edit Fp 5 to 0.25. Because we do not
have the hidden source string, we compute two text-
level branches on development images: an opti-
mistic branch that uses the model’s own source as
the ChERRANT source, and a pessimistic branch
that adds extra false positives for estimated OCR
errors, max (0, d(source, target) — g), where d
is the character edit distance between the model’s
transcription and the gold corrected text and g is
the number of characters the gold edit list changes.
Edit matching is greedy one-to-one, sorted by IoU;
empty gold and empty prediction score 1.0. TIER2
is the mean sample score using both terms; TIER1
zeroes the edit term and is not used for selection.

Official result. The primary submission obtains
an official overall score of 0.5905 on the hidden
test set under the metric above. The platform re-
ports only each team’s best-scoring submission, so
the contrastive submission has no separately visi-
ble official score, and itemized text-level and edit-
level sub-scores are not exposed for any team; the
remainder of this section therefore analyses the sys-
tem on the development split. The local proxy
numbers below are not directly comparable with
the official score: the proxy uses character-level
Levenshtein edits instead of ChERRANT, a differ-
ent split, and a source-side approximation.

Development engine faces. Table 1 reports
TIER2 on a 50-image development slice (Claude
n=49; one item timed out twice at 600s). All
development figures are single runs. Claude is
strongest; GPT is weakest; Qwen sits in between.
A 19-image paired slice that holds the image set
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Engine n  TIER2opt. TIER2 pess.
Qwen 50 0.230 0.204
GPT 50 0.171 0.160
Claude 49 0.268 0.242

Table 1: Development-set TIER2 by engine. Opti-
mistic/pessimistic refer to the source proxy for text-level
Fy 5. Not hidden-test scores.

TIER2 pess. edit Fo.5 pred. TP
Claude 0.213 0.232 31 6
Qwen 0.159 0.108 58 6

Table 2: Paired 19-image development slice (same gold,
29 gold edits). Equal edit true-positive counts accom-
pany different predicted edit counts and precision. Un-
matched edits may reflect correction, box, or type mis-
matches.

fixed (Table 2) shows a precision difference: both
Claude and Qwen obtain 6 edit true positives
against 29 gold edits, but Qwen emits 58 predicted
edits against Claude’s 31. The TIER2 gap is almost
entirely edit-level precision.

Mix-weighted control line. Applying the con-
trastive submission’s engine weights (119 Qwen
+127 GPT) to the 50-image faces gives a TIER2
0f 0.199/0.181. The primary submission’s weights
(224 Claude +22 GPT) give 0.259/0.235 on the
same faces (Table 3). All six recorded axes move
up, including edit Fy5 (0.145 — 0.184) and pre-
dicted character accuracy (0.773 — 0.869). A
pure-GPT replacement (0.171/0.160) is worse than
the contrastive mix and was not used. This arith-
metic is a development-face linear mix; it is not a
score of the 246 test predictions (the test gold is
hidden), nor a measured evaluation of either com-
plete fallback pipeline on the same development
images. Because fallback is used on specific fail-
ures of the primary engine, its average develop-
ment score need not describe those selected im-
ages.

6 Analysis

Edit precision as an engine-selection signal.
The paired comparison supports selecting an en-
gine by edit precision on the measured develop-
ment slice. It does not establish over-editing as
the dominant cause of failure: an unmatched edit
can also reflect a bounding-box or edit-type mis-
match. On a 20-image development sample, char-
acter disagreement between the model’s transcrip-



Contrastive  Primary A
TIER?2 opt. 0.199 0.259 +0.060
TIER?2 pess. 0.181 0.235 +0.053
text Fp.5 opt. 0.254 0.334 +0.080
text Fo.5 pess. 0.218 0.285 +0.067
edit Fo.5 0.145 0.184 +0.040
pred. char acc. 0.773 0.869 40.096

Table 3: Mix-weighted development faces. Contrastive
(119/246) Qwen +(127/246) GPT; Primary =
(224/246) Claude +(22/246) GPT. Development esti-
mates, not hidden-test scores.

tion and the gold corrected text, net of the gold
edits themselves, is around 3%. This is a source-
side proxy, not a manually measured transcription
error rate, and it cannot rule out recognition er-
rors as a major factor. One recorded example illus-
trates disagreement with the reference: on devel-
opment item 1974_1, the gold correction inserts
the connective “{H/Zfi% " at the start of the strip,
whereas the model inserts a sentence-final “ 1.
This example motivates checking unnecessary ed-
its, but it does not quantify their prevalence. Man-
ually checked transcriptions and an analysis of un-
matched edits would be needed to separate recog-
nition, correction, box, and type errors.

Optimization trajectory. The two submissions
are one measured iteration, not two systems. The
contrastive submission was assembled first, un-
der the platform’s fixed submission quota. The
paired development measurement favoured the en-
gine with higher edit precision—engines tied on
true positives yet differed nearly two-fold in emit-
ted edits—so the primary submission re-ran the
test set with the more conservative engine and
refilled only its 22 missing records. The corre-
sponding mix-weighted estimates are higher on
every recorded development axis (Table 3); they
do not establish the gain of the actual fallback
pipeline. Two cheaper levers were probed and
not used in the final calls: a convention-aware
prompt variant that encodes training-split statis-
tics (Section 3), and a fourth engine dropped after
an 18-image preview scored below the contrastive
configuration (Section 4). Outside the sentence
track, a pure-geometry feasibility check—in the
released paragraph-level training annotations, all
2,237 gold Insert boxes are identically 4 px wide,
against which full-cell boxes cannot reach IoU >
0.5—concentrated the entire submission budget on
the sentence track.
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Submitted edit inventories. On the 246 test pre-
dictions themselves (no gold) the contrastive sub-
mission contains 584 edits (mean 2.37 per sen-
tence) and the primary submission 435 (mean
1.77). The training mean is 1.80. Type counts:
contrastive Substitute 234 / Insert 155 / Delete 114
/ WordOrder 81; primary Substitute 208 / Insert
111/ Delete 89/ WordOrder 27. WordOrder is un-
used in the released training and development gold,
although it is permitted by the schema. The hidden-
test gold is unavailable, so these counts alone do
not establish that every such test prediction is incor-
rect. Reducing that count from 81 to 27 is a side-
effect of preferring Claude, not a dedicated type
filter—we did not post-hoc drop WordOrder. Five
test items in each submission have an empty edit
list (two IDs overlap).

Coverage mix versus fusion. The 22 GPT
records in the primary submission exist only be-
cause a valid submission must cover all 246 test
images. They are a reliability backfill, not an en-
semble vote. GPT’s average development TIER2
is the weakest of the three engines, but that
does not determine its performance on the images
where Claude produces no parseable record. The
recorded linear mix is above the contrastive line
on every local axis; the effect of fallback requires
measuring complete pipelines on the same devel-
opment images.

Boxes. Insert boxes on the sentence-level gold
are real character cells (width p5S0 52 px), which
is what the prompt asks for. We did not add a
geometric refiner: illegal and degenerate boxes
are dropped, and the primary submission dropped
none.

What we did not try. We did not OCR the 1,960
training images to build GEC pairs; we did not fine-
tune; we did not run a two-stage OCR-then-GEC
pipeline as a submitted system; we did not enter
the paragraph-level track.

7 Conclusion

We have described a training-free, single-pass
vision—language pipeline for sentence-level visual
Chinese grammatical error correction that obtains
an official score of 0.5905 on the hidden test set.
The design is minimal by choice: one model call
per image, a rigid output contract, and a determin-
istic packer. On the paired 19-image development
slice, the engine that emits fewer edits has the same



edit true-positive count and higher edit precision.
This makes edit precision a useful selection signal
for that comparison; it does not isolate recognition
errors or establish the benefit of the complete fall-
back pipeline.

Limitations

The local scorer is not ChERRANT and cannot be
claimed to match the official script. Development
faces have n=>50 (Claude n=49), and the mix ta-
ble linearly combines those faces; it does not eval-
uate the 246 test predictions against hidden gold.
We do not have official itemized scores. Decoding
hyperparameters were not logged. Closed VLMs
are opaque: we cannot report architecture, context
length actually used, or pretraining data. The sys-
tem is sentence-level only. API engines are a mov-
ing target; the identifiers above are those recorded
at submission time.

Declaration on Generative Al

The system described in this paper is a generative
Al system: each test image is corrected by a com-
mercial vision—language model (Section 4) under
a fixed prompt and a deterministic packer. No gen-
erative model was used to invent evaluation num-
bers; every figure in Section 5 is copied from run
logs or recomputed from the submitted JSON. This
manuscript was drafted with assistance from a cod-
ing agent that was instructed to quote only logged
facts and to mark gaps rather than fill them. The au-
thors take responsibility for the claims that remain.
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A Production prompt and output
contract

The production prompt instantiates the following
template once per image, with <PATH>, <W>, and
<H> filled by the image path and its pixel dimen-
sions:

Read the image file at <PATH> with your Read
tool. The image is exactly <W> pixels wide
and <H> pixels tall. It is a cropped strip of
handwritten Chinese, one sentence, written by
a Chinese-as-a-second-language learner. The
sentence contains grammatical errors (wrong
character, missing character, redundant charac-
ter, wrong word order). Produce three things:
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(1) source: verbatim transcription of what the
student wrote, keeping every error exactly as
written; (2) corrected: the same sentence
with all grammatical errors fixed into fluent stan-
dard Chinese, changing as little as possible;
(3) edit_list: the localized corrections, each
with bbox (integer pixel coordinates start_x,
start_y, end_x, end_y in this image’s orig-
inal coordinate system, covering the character
cell(s) involved; for an Insert the box covers
a full character-cell-sized region at the insertion
position, not a zero-width line), correct_text
(the corrected text for that spot; the empty string
for Delete), and edit_type (one of Insert,
Delete, Substitute, WordOrder). Hard con-
straints: do not search the filesystem for any
answer key, annotation file, dataset JSON, or
ground truth—the only permitted input is the im-
age itself; coordinates must be measured off this
image; output exactly one line of JSON and noth-
ing else.

The file-reading phrasing reflects the invocation
harness described in Section 4: it reads the named
file and attaches it to the API call as visual input.

The packer accepts the last JSON object
in the response that contains source and
corrected; drops edits with non-integer or
degenerate boxes, out-of-inventory types, or
non-string correct_text; requires an empty
correct_text for Delete; rounds and clips
boxes to the image; and refuses to emit the
submission file unless the 246 test IDs are covered
exactly once.
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