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Abstract

Thai is written without spaces between words,
and its spelling depends on tone marks, silent
consonants, and the transliteration of many loan-
words. Each of these is a common source of
misspellings. We present ThaiEditBench, a
benchmark for correcting Thai spelling errors
at the character level. It has three components:
(i) a six-class taxonomy that types each error by
the part of the spelling that goes wrong, plus an
etymology tag; (ii) three length tiers (sentence,
paragraph, and page) that test whether a model
stays accurate over long, mostly correct text;
and (iii) a contamination-robust construction,
in which naturally attested misspellings are in-
Jjected into clean text, so the corrupted passages
do not appear verbatim in the source corpora.
Because the errors are injected, the gold cor-
rections are exact, and a blind two-annotator
study measures how reliably the taxonomy can
be applied. Grading is at the level of Thai
character clusters, with span-based matching
adapted from ERRANT. We evaluate 16 mod-
els and find that (1) under the benchmark’s con-
ditions, a model that locates an error almost
always fixes it correctly, so what separates mod-
els is detection; (2) the evaluated Thai-adapted
models do not lead the strongest general mod-
els; and (3) in long, mostly correct passages,
weaker models accumulate over-edits that pull
their scores far below their sentence-level re-
sults. On real errors mined from Wikipedia
edit history, scores are somewhat lower, but the
model ranking largely holds.

1 Introduction

Thai spelling goes wrong in ways that are specific
to its script. Writers choose the wrong tone mark,
add or drop the mark that silences a consonant, con-
fuse consonants or vowel forms that sound alike, re-
order the letters of a consonant cluster, and translit-
erate loanwords inconsistently. For instance, &9t 6
(‘to observe’) is often written &4 tA6), with an extra
vowel mark. These are character-level errors, and

because Thai has no spaces between words, they
are hard to locate and score with word-based tools.
However, the resources to study them are miss-
ing. Grammatical error correction (GEC) bench-
marks are largely English (Bryant et al., 2017, 2019;
Napoles et al., 2017), and the closest character-level
task is Chinese spelling check (CSC) (Tseng et al.,
2015; Liu et al., 2011). Thai error-annotated re-
sources cover social-media, informal, or learner text
(Lertpiya et al., 2020; Nakwijit and Purver, 2022).
Document-level GEC studies correction over long
context (Yuan and Bryant, 2021), but no bench-
mark tests how Thai spelling correction holds up
over long passages that contain few errors.

This work addresses this gap with a formal-
register benchmark that types each error by how it
arises and that limits contamination. We score at the
level of the Thai Character Cluster (TCC) (Theera-
munkong et al., 2000), a group of characters, such
as a consonant with its vowel and tone marks, that
Thai writing rules do not allow to be split. Our work
contributes the following. (1) ThaiEditBench, a
character-level benchmark for Thai spelling cor-
rection. It types each error with one of six mech-
anism classes, the part of the spelling that goes
wrong, plus an etymology tag, and it has three
length tiers (sentence, paragraph, and page). It is
contamination-robust by construction: we inject
naturally attested misspellings into clean text, so
the corrupted passages are new and the gold cor-
rections are exact. A blind annotation study mea-
sures how reliably the taxonomy can be applied
(Krippendorft’s a = 0.75). (2) An ERRANT-style
edit-typer for Thai. It segments the difference be-
tween an input and its correction into TCC-level
edits and assigns each edit one of the six classes
where one applies. This lets us report span-F0.5
separately for each error type, as ChERRANT does
for Chinese (Zhang et al., 2022). We use it to score
and diagnose models on this benchmark, not as a
general Thai grammatical error classifier. (3) A
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16-model evaluation. Models that find an error
almost always fix it, so detection separates them.
The evaluated Thai-adapted models do not lead,
weaker models accumulate over-edits in long text,
and the ranking largely holds on naturally occurring
errors (Spearman p = 0.81). We release the code,
data, grader, edit-typer, and variant map at https:
//github.com/yongsa-nut/ThaiEditBench.

2 Related Work

GEC and CSC. English grammatical error correc-
tion is evaluated with span-based metrics. These
metrics represent a correction as a set of edits,
each a span of the input and its replacement, and
credit a model for each gold edit it reproduces with
the same replacement. The M? scorer matches a
model’s edits against gold edits (Dahlmeier and
Ng, 2012). ERRANT (the ERRor ANnotation
Toolkit) extracts the edits automatically by aligning
the input with each correction, assigns each edit
an error type, and reports span-F0.5, an F-score
over matched edits that weights precision twice as
much as recall (Bryant et al., 2017). GLEU in-
stead measures fluency (Napoles et al., 2015). We
adapt ERRANT-style matching to TCC units (Sec-
tion 4.2). Character-level Chinese spelling check is
the closest task, scoring position-based detection
and correction F1 without word boundaries (Tseng
etal., 2015; Wu et al., 2013; Yu et al., 2014), with
confusion-set construction (Liu et al., 2011) and
the MuCGEC/ChERRANT dual-granularity scorer
(Zhang et al., 2022). ERRANT has been ported to
Arabic (Belkebir and Habash, 2021) and Korean
(Yoon et al., 2023), but not Thai.

Thai NLP. We build on PyThaiNLP for tokeniza-
tion and dictionary tooling (Phatthiyaphaibun et al.,
2023) and on TCC segmentation (Theeramunkong
et al., 2000). Prior Thai spelling correction tar-
gets social text (Lertpiya et al., 2020, 2023), in-
cluding the VISTEC-TP-TH-2021 Twitter corpus
with misspelling and word-segmentation annota-
tion (Limkonchotiwat et al., 2021), and Nakwijit
and Purver (2022) study misspelling semantics.

3 The ThaiEditBench Benchmark
3.1 Task

Given a Thai passage containing character-level or-
thographic errors, return the passage with those er-
rors corrected and nothing else changed: no rewrit-
ing, re-spacing, numeral, or punctuation edits. We
score under a strict minimal-edit contract, where

any change to a correct span is an over-edit and is
penalized.

3.2 Mechanism taxonomy

We define six orthographic mechanism classes,
each carrying an etymology tag: (1) tone mark,
(2) consonant-pair, (3) silent-consonant, (4) vowel,
(5) cluster or metathesis, and (6) loanword translit-
eration. Worked examples per class are in Ap-
pendix A. We check canonical forms against the
Royal Institute Dictionary (Royal Institute, 2013)
(Appendix C). Class 6 is governed by a loanword-
absorption rule: only contemporary foreign loans
are class 6, while long-integrated borrowings
(Tamil, Khmer, Persian, and Sanskrit—Pali doublets)
count as native.

3.3 Construction

* (a) Confusion-set injection. The confusion
set holds 1,044 wrong—correct pairs across
the six classes. Every wrong form is a nat-
urally attested misspelling, harvested from
the Thai Wiktionary appendix of commonly
misspelled words and from fixes made by a
Thai Wikipedia spelling-cleanup bot; a rule-
based classifier assigns each pair a mechanism
class (83 of 86 hand-labeled pairs, 96.5%; Ap-
pendix C). Only the placement is synthetic:
we inject pairs into new clean text by match-
ing whole tokens, which protects short valid
forms, and record each error’s TCC span, class,
and etymology. Applying the gold edits re-
stores the clean original for 100% of items, so
the gold is exact.

* (b) Cleanup-bot mining. Real errors in their
original sentences are mined from the same
bot’s edit history, keeping only fixes whose
corrected word is in the Royal Institute Dic-
tionary or PyThaiNLP word list and whose
wrong and correct forms align cleanly, follow-
ing the revision-mining tradition (Tanaka et al.,
2020; Grundkiewicz and Junczys-Dowmunt,
2014), with the bot’s fix as gold. These items
form a separate natural-error evaluation set
(Section 5.5).

Registers. The clean text of the evaluated tiers
spans news (ThaiSum), encyclopedic text (Thai
Wikipedia), and Thai government press releases,
all permissively redistributable.
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3.4 Contamination control

Models are evaluated on corrupted passages that
do not appear verbatim in the source corpora.
A residual risk remains: a model that memorized a
clean source passage could reproduce it instead of
finding and fixing the injected errors. We therefore
probe memorization directly. Given the first half of
30 sentences per source, Typhoon 2.5 (30B) con-
tinues them verbatim for only 0.3% to 1.7% of the
true second half on average, and never for half of it.
We fill a separate held-out test split first from the
least-memorized sources (details in Appendix C).

3.5 Length tiers

The same pipeline produces three tiers that vary
passage length and error sparsity. T1 (sentence)
has 774 items with a mean length of 100 characters
(95% of items fall between 43 and 174); T2 (para-
graph) has 224 items with a mean of 425 (270 to
577); and T3 (page) has 122 items with a mean of
1,242 (963 to 1,530). They contain 949, 278, and
193 gold edits respectively. Injection is stratified
by class quota rather than uniform: the class mix
follows the skew of the attested pairs (the per-class
share of T1 gold edits correlates with that of the at-
tested pairs at Spearman p = 0.83) and is partially
flattened (after the audit, every class has at least 112
T1 gold edits; Table 3). The error budget is dense at
the sentence level, with roughly one error per 100
characters, and deliberately sparse at paragraph
and page length, where most sentences are clean
distractors. T2 and T3 therefore measure precision
under long correct context (over-editing).

3.6 Quality control

Construction makes the correction of each injected
error exact, but it cannot rule out two other prob-
lems: typos already present in the source text, and
words with two accepted spellings. We add one
check for each.

* Cross-model consensus audit. A typo left
in the source text stays in the gold. An item
is flagged when, among the models’ full out-
puts, the most common one other than the gold
comes from at least three models and from at
least as many as return the gold. A flagged
item is kept if that output is the unchanged in-
put or makes only some of the gold corrections
(the models missed an error), or if it differs
from the gold only in punctuation or spacing.
Every other flagged item is dropped. The same

rule is applied to all three tiers and removed
45 of 819 (T1), 26 of 250 (T2), and 28 of 150
(T3) items. They include source typos and
non-standard spellings, but also items where
the models agree on a register change or on a
wrong form (Appendix B).

* Variant reconciliation. Before scoring, we
map words with two accepted spellings (four
groups, eight word forms; Appendix B) to the
gold’s form. No injected wrong form belongs
to the map, so the map cannot turn a missed
error into a fix; it changes 2.35% of non-empty
model outputs.

3.7 Human validation of the labels

The mechanism classes are assigned automatically.
To measure how reliably the taxonomy can be ap-
plied, two native Thai speakers independently la-
beled 60 items (40 curated mined items and 20
synthetic ones), blind to the automatic label. Both
judged all 60 marked spans to be genuine errors, and
their class agreement is Krippendorff’s a = 0.752
(Krippendorff, 2011). Where the raters agree (48
items), their class matches the automatic label
on 35; most disagreements fall at the loanword-
absorption and class-2 conventions (Appendix E).

4 Evaluation Protocol

4.1 Metrics

We grade at the TCC level with ERRANT-style
span matching (Bryant et al., 2017). The primary
metric is correction F1. We derive minimal TCC
edits by aligning the wrong text with both the gold
and the model output under the same Levenshtein
alignment, so an output identical to the gold scores
exactly 1.0, as in SIGHAN CSC scoring (Tseng
et al., 2015). Detection F1 credits the correct error
site and ignores the replacement. Clean-sentence
fidelity is the fraction of error-free sentences left un-
changed, a precision signal for T2 and T3. The edit-
typer (Section 4.2) also gives span-F0.5, overall
and per mechanism. We report 95% item-bootstrap
confidence intervals (Appendix D) and test differ-
ences between models with a paired item-level
bootstrap (Koehn, 2004) over 10,000 resamples.

4.2 ERRANT-style edit-typer

We adapt the ERRANT/ChERRANT design
(Bryant et al., 2017; Zhang et al., 2022) to Thai
orthography. Given a (wrong, correct) pair, the
typer works in three steps. First, it extracts edits at
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the TCC level, with the same alignment the grader
uses. Second, an edit often covers only part of
a word, such as a single tone mark, so the typer
widens each edit to the whole word that contains it,
found with the dictionary-based word segmenter of
PyThaiNLP (newmm; Phatthiyaphaibun et al., 2023).
Third, a rule-based classifier compares the wrong
and correct forms of that word character by char-
acter and assigns the class from what changed; for
example, a changed tone mark gives class 1. If
the corrected word is in a loan lexicon, the edit is
class 6 (Appendix A gives the full rules). The same
classifier labels the confusion set, and the typer
also tags the edit operation (substitution, insertion,
deletion, transposition, or mixed). Because it types
both the gold and the model edits, it gives span-
F0.5 per mechanism on any (wrong, correct) pair,
without construction labels. On the dev split, it re-
covers 98.9% of the gold edit spans and agrees with
the construction class on 98.1% of them. Because
the typer reuses the construction-time classifier, we
treat it as a scoring instrument for this benchmark,
not a general Thai grammatical error classifier.

4.3 Models and inference

We evaluate 16 models, each in a single fixed
configuration, at temperature 0 where supported,
with one fixed Thai instruction prompt. The fron-
tier proprietary models are GPT-5.5 (medium
and high reasoning), Gemini 3.5 Flash, Claude
Opus 4.7 (non-thinking), Claude Sonnet 4.6 (non-
thinking), and GPT-5.4-mini. The open-weight
models are Gemma-4-31B, DeepSeek V4 Pro and
Flash, GLM-5.1, MiniMax-M2.7, and Qwen3.6-
35B-A3B. The Thai-adapted models, which adapt
general base models to Thai, are Typhoon 2.5 (30B)
and three ThaiLLM 8B-instruct models served
through the national ThaiLLM gateway, namely
OpenThaiGPT (v7.2), Typhoon-S, and THaLLE
(Pipatanakul et al., 2024; Pipatanakul and Taveek-
itworachai, 2026). Appendix G gives the prompts
and a prompt-sensitivity ablation.

5 Results and Analysis
5.1 Leaderboard

Table 1 reports correction F1 on the three tiers
and on the natural-error set (post-audit n =
774/224/122/86); the full table is in Appendix D.
The frontier clusters at 0.96 to 0.98 on T1, and
the confidence intervals separate three strata: the
frontier and the strongest open-weight models, then

correction F1 fidelity
model T1 T2 T3  Nat. T3
GPT-5.5 (high) 0.981 0.966 0.855 0.862 0.971
GPT-5.5 (med) 0.978 0.953 0.857 0.862 0.973
Claude Opus 4.7 0.975 0.948 0.853 0.885 0.976
Gemini 3.5 Flash 0.975 0.960 0.825 0.871 0.963
Gemma-4-31B 0.961 0.954 0.898 0.925 0.984
GPT-5.4-mini 0.959 0915 0.865 0.924 0.990
Claude Sonnet 4.6 0.957 0.905 0.825 0.898 0.974
DeepSeek V4 Flash  0.956 0.945 0.840 0.854 0.971
DeepSeek V4 Pro 0.939 0.926 0.754 0.850 0.958
GLM-5.1 0.856 0.811 0.657 0.795 0.954
Typhoon-S 8B' 0.792 0.702 0.617 0.708 0.964
THaLLE 8B' 0.760 0.594 0.507 0.744 0.814
Typhoon 2.5 30B' 0.754 0.632 0.476 0.753 0.899
OpenThaiGPT v12t 0.753 0.476 0463 0.722 0.901
MiniMax-M2.7 0.749 0.720 0.471 0.725 0.970
Qwen3.6-35B-A3B  0.709 0.384 0.310 0.589 0.838

Table 1: Correction F1 by tier and on the natural-error
set (Nat.), and T3 clean-sentence fidelity (the fraction
of error-free sentences left unchanged). Bold = col-
umn best; underlined = correction F1 tied with the best
(paired bootstrap, p > 0.05); because the test is paired,
a lower score can be tied while a higher one is not. T =
Thai-adapted.

GLM-5.1, then the Thai-adapted models, MiniMax,
and Qwen. Within the frontier, T1 differences are
mostly not significant: GPT-5.5 (high) is tied with
GPT-5.5 (med) and Claude Opus 4.7.

General frontier models dominate, while the
Thai-adapted models trail (0.75 to 0.79 on T1 and
0.46 to 0.62 on T3). The strongest open-weight
model is a general 31B model, Gemma-4. The
frontier leads it on T1 (A = 0.020 against GPT-
5.5 high, p < 0.001), and on T3 it has the highest
point estimate (0.898) but is statistically tied with
the top frontier models (against GPT-5.5 med, A =
+0.041, 95% CI [—0.004, 0.085]). Under this setup
the evaluated Thai-adapted models do not lead, and
the gap widens with length (Gemma-4 against Ty-
phoon 2.5 on T3: A = 0.422, p < 0.001). This
comparison is confounded by base model, scale,
serving stack, and inference settings, so it is not
evidence about Thai adaptation in general.

5.2 Where models fail: finding versus fixing

We decompose every gold edit into fixed, miscor-
rected (the model edits exactly the gold span but
with a different replacement), and missed (no model
edit matches the gold span). Pooled over all 16 mod-
els, 0.873 of T1 gold edits are fixed, only 0.006 are
miscorrected, and 0.122 are missed. The shares are
0.826, 0.005, and 0.168 at T3 and 0.820, 0.006, and
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0.175 on natural errors (Section 5.5), and no single
model’s miscorrected share exceeds 0.032 on T1
(Table 6, Appendix D). The pattern holds within
every mechanism class, including the hardest (loan-
word: miscorrected 0.003 against missed 0.186). A
model that rewrites a wider region around an error
is scored as missed, but such edits are only 1.2 to
1.8% of gold edits per tier, so untouched errors still
outnumber wrong fixes at least five to one (four
to one without empty replies; Limitations). Under
this benchmark’s conditions (formal register, single-
reference gold, and one to three errors per passage),
models rarely fail by choosing the wrong spelling
once they locate an error, so what the leaderboard
separates is detection. Spelling knowledge still
matters, since recognizing a misspelling requires
knowing the correct form; whether the finding holds
for dense, interacting errors is open (Limitations).

5.3 Length robustness

Sentence-tier scores largely predict the page-tier
ranking (Spearman p = 0.90), but the drop from
T1 to T3 differs widely between models (Fig-
ure 2a). The frontier loses only 0.09 to 0.15 correc-
tion F1 (GPT-5.5-med 0.978—0.857) and Gemma-
4 only 0.06 (0.961—0.898), while Typhoon 2.5
and Qwen lose 0.28 and 0.40 (0.754—0.476 and
0.709—0.310). Measured per 10,000 clean TCCs,
the over-edit rate is lower at T3 than at T1 for 15 of
the 16 models (Figure 2b), although it rises from
T2 to T3 for 11 of them, so over-edits per pas-
sage grow mainly with the amount of correct text.
What separates models is the level of that rate: Ty-
phoon 2.5, OpenThaiGPT, and Qwen over-edit at
4 to 30 times the rate of GPT-5.5 (med) at every
tier (Appendix D). Clean-sentence fidelity agrees:
the frontier holds at or above 0.95, while the heav-
iest over-editors sit at 0.77 to 0.90. These results
suggest that over-editing and missing reflect the
same weak discrimination. At T3, even the fron-
tier models are limited more by over-editing than
by detection: they fix 0.95 to 0.98 of gold edits, but
their precision is 0.71 to 0.76 (GPT-5.4-mini, with
recall 0.85 and precision 0.88, is the exception).

5.4 Per-mechanism difficulty

The edit-typer types the model’s edits as well as the
gold’s, so it gives span recall, precision, and F0.5
for every mechanism and model (F0.5 in Figure 1;
recall and precision in Table 8). At the sentence
level most cells are above 0.9, and the weak cells
belong to particular models. The four Thai-adapted

T1 (sentence) T3 (page)

1 2 3 4 5 6 1 2 3 4 5 6

GPT-5.5 (high) .94 99 .99 99 .95 1.0 Em .86 .sz@m
GPT-5.5 (med) 95 .99 .99 .97 .95 1.0 99 .86 .86 .92
Claude Opus 4.7 98 .98 99 99 97 10 .87 .95 .97 10 .90 10
Gemini 3.5 Flash .94 10 97 99 94 10 93 .80 .90 | il .92
Gemma-4-31B .95 .98 .98 .97 .96 1.0 99 93 .97 .83 .92
GPT-5.4-mini .94 .96 .98 .99 .96 .99 96 .90 .96 .86 .95
Claude Sonnet 4.6 99 .98 .98 .98 .97 .99 99 97 .97 .87 10
DeepSeek V4 Flash .94 .99 .97 .
DeepSeek V4 Pro .93 .97 .95 .
GLM-5.1 .90 .95 .87 .
Typhoon-S 8Bt .92 .87 .91 .
THalLLE 8B .91 .91 .89 .
Typhoon 2.5 30Bt .91 .86 .89 .
OpenThaiGPT v7.21 -89 .86 .91 .
MiniMax-M2.7 .91 .89 .84 .
Qwen3.6-35B-A38 [l 90 |80 .

Figure 1: Span-F0.5 per mechanism class at T1 (sen-
tence) and T3 (page); rows follow Table 1. Classes: 1
tone mark, 2 consonant-pair, 3 silent-consonant, 4 vowel,
5 cluster, 6 loanword. T = Thai-adapted.

models and MiniMax find only 0.33 to 0.71 of loan-
word errors, against 0.95 to 1.00 for the nine models
above GLM-5.1 in Table 1. Cluster edits (class 5:
reordered, doubled, or inserted letters, and other
consonant changes) have the lowest precision for
12 of the 16 models. At page length the weakness
is shared: tone marks (class 1) or clusters are the
weakest class for 14 of the 16 models. Their me-
dian precision falls from 0.93 and 0.91 at T1 to 0.73
and 0.73 at T3, while median recall falls only from
0.93 and 0.95 to 0.88 and 0.89: in long text, models
mostly change tone marks and consonants in correct
words rather than miss errors of these types. For
GPT-5.5 (high), most such edits respell loanwords
to the Royal Institute standard, formalize informal
words, or fix typos left in the source (Appendix D).

5.5 Natural errors

We evaluate all 16 models on the mined cleanup-bot
items, each a real error in its original encyclope-
dic sentence. The consensus audit of Section 3.6
removes 17 of the 103 items, where the agreeing
models correct more than the recorded bot fix does
(Appendix F). On the remaining 86 items, mean
correction F1 is 0.81 against 0.88 on T1, and the
model ranking transfers (Spearman p = 0.81 with
T1; Table 1).

6 Conclusion

We presented ThaiEditBench, a mechanism-typed,
length-stratified benchmark for Thai spelling cor-
rection. Across 16 models, detection rather than
the choice of spelling separates models, and weaker
models accumulate over-edits in long text.
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Limitations

Sparse error density (primary). The long tiers
(T2 and T3) are deliberately sparse, with 1 to 3
errors scattered across otherwise-clean passages, to
isolate precision under long correct context. We
therefore do not test high error-density regimes
such as heavy-typo input, degraded OCR, or L2
writing, where errors co-occur, interact, mask one
another, and correction order matters. Extending
ThaiEditBench to dense multi-error passages, and
testing whether the detection finding survives when
errors crowd each other, is the most important next
step.

A fixed inventory of attested errors. Every
injected error comes from 1,044 attested pairs, each
mapping one wrong form to one correct form. The
benchmark therefore does not cover misspellings
outside the inventory, and a model that consulted the
released inventory would be answering a different,
tool-augmented question; all models are evaluated
zero-shot without it. The class mix follows the
distribution of attested misspelling types, not the
frequency of errors in running text.

Scope of the natural-error check. The audited
natural set has 86 items from one cleanup bot in one
register, with only 6 loanword and 4 class-5 edits,
so it supports the ranking and the decomposition
but not per-class conclusions; loanword behaviour
is measured mainly on injected errors. The audit
relies on cross-model consensus, and the bot’s fix is
taken as gold, so the natural gold is less certain than
the construction gold of the tiers. A larger, natu-
rally distributed test set, which the released mining
pipeline supports, is the main way to strengthen this
check.

Source spellings in the gold. The gold keeps
the clean source as written, including common
spellings outside the Royal Institute standard, such
as many loanwords. A model that respells these
words, or fixes a source typo the consensus audit
missed, is scored as over-editing. The audit needs
several models to return the same whole passage,
so it catches fewer source typos in long passages;
for GPT-5.5 (high), most of its unsupported tone
and cluster edits at page length are of these kinds
(Appendix D). Conversely, the audit’s automatic
rule drops some items where the models agree on a
register change or on a wrong form (Appendix B).
Precision at T2 and T3, and that of the strongest
models in particular, should be read with this in
mind.

Label reliability. The annotation study covers
60 items and two raters. Per-class agreement on
ten items per class is noisy (« from 0.49 to 1.00)
and lowest for class 6, whose boundary depends
on the absorption convention, and the automatic
class matches the rater consensus on 35 of 48 items.
Per-mechanism results near the class 6 and class 2
boundaries should be read with this uncertainty.

Configured-model comparison. Each model
is evaluated under one fixed configuration and one
fixed Thai prompt. Reasoning modes, token bud-
gets, provider defaults, serving stacks, and model
scale are not controlled, so the leaderboard reflects
configured-model behaviour rather than an intrinsic
ranking of base-model capability. A prompt abla-
tion on two models shifts correction F1 by at most
0.07 without reordering them (Appendix G), but we
do not sweep prompts across all models. A reply
that exhausts its token budget is empty and scored
as the unchanged input, so its errors count as missed.
This affects 110 of 774 T1 items for GLM-5.1, 91
for MiniMax, and 55 for Qwen, and 51 of 122 T3
items for MiniMax; empty replies account for 18%
of missed edits at T1 and 27% at T3. For these
models, a low score partly reflects failure to deliver
an answer rather than failure to detect errors, and
excluding empty replies, untouched errors outnum-
ber wrong fixes four to one rather than five to one.
Budgets also differ: GPT-5.5 runs with 3k or 6k
tokens against 24k for the open reasoning models;
its 22 replies that exhausted that budget (11 of them
on T3) were rerun with 24k tokens. Appendix G
covers server errors and THalLLE’s partial replies.
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A Mechanism taxonomy in detail

Each class is defined by the orthographic mecha-
nism of the fault, not its surface character. Multiple
worked examples per class:

J
LY @

13U —31

ee

* 1 tone mark: Az— Az, dz—us,
U, AT —NTEN

* 2 consonant-pair: HWNIY—NHURNIY,
Aus—0uUg), 9991F—0107@

* 3 silent-consonant: NAYNS—NAYNT,
YINAAT YN, A1V

* 4 vowel: §3Lne—FILNG,
NIAFIFIUNIATTIU, ALWIE— AN

* 5 cluster/metathesis: A5z URU—DENUIFU,
AF2UNaN— Nz N

* 6 loanword: N5 WARA—n3IWN, NeAa—ng
a8, AoA—A0A
Class 2 scope. Class 2 covers swaps within a ho-
mophone group that contains an Indic-origin letter,
for example A/1/&, N/5, and W/gu, plus the final-
stop pair /1. Swaps between letters outside these
groups, such as W/W, fall in class 5 together with
other structural edits.

Loanword-absorption rule. Only contempo-
rary foreign loans, chiefly modern English techni-
cal and commercial terms (n59Wn, B8, 89),
are class 6. Long-integrated borrowings are treated
as native even though etymologically foreign: Por-
tuguese (AzazLbN), Burmese (A1), Mon (AsWy),
Khmer (n1§)), and Tamil, Persian, and Sanskrit—
Pali doublets. Borderline cases (e.g. NIga, consul)
are resolved by the Royal Institute Dictionary list-
ing + Wiktionary borrowed-term categories, and
the tag is recorded per item so the rule is auditable.

Automatic class assignment. The rule-based
classifier used to label the confusion set and inside
the edit-typer (Section 4.2) compares the wrong and
correct forms of a word character by character. It
checks, in order, for a swap within one of the homo-
phone consonant groups above (class 2), an added
or removed silent-consonant mark” or a change in
the consonant it silences (class 3), reordered, dou-
bled, or inserted letters (class 5), a changed tone
mark (class 1), and a changed vowel sign (class 4),
and it assigns the first class that applies. Any other
consonant change falls in class 5. If the corrected
word is in the loan lexicon, which holds the cor-
rect forms of the class-6 confusion pairs and a few
proper nouns, the class is 6 whatever the character
change.

B Gold quality control and the consensus
audit

Why injected items still need an audit. Injection
guarantees that applying the gold edits recovers
the clean original (verified 100%), so the injected
error’s correction is exact. It does not guarantee
that the source passage was typo-free: the permis-
sive corpora contain a small rate of residual ortho-
graphic errors. When an item’s source carries such
a residual typo, the gold inherits it, so a model that
fixes that genuinely wrong span is unfairly scored
as a miss or an over-edit. We find and remove such
items with a cross-model consensus audit.
Cross-model consensus audit. For every
item we pool the models’ full outputs (Unicode-
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normalized and variant-reconciled) and look for a
consensus output: the most common output other
than the gold, compared as the whole passage (an
empty reply counts as the unchanged input), if
it comes from at least k=3 models and from at
least as many models as reproduce the gold. Each
flagged item falls into one of three cases. (i) If
the consensus equals the corrupted input, or makes
some of the gold corrections and no other change,
this is a shared miss: the gold is correct, and
we keep the item. (ii) If the consensus differs
from the gold only in punctuation or whitespace,
this is a systematic over-edit, which the bench-
mark should penalize, and we keep it. (iii) Oth-
erwise we drop the item. This case targets resid-
ual source typos, such as 1% 1YLUABI—51Y

ﬁﬁ]ﬁ]"l‘l«ql»l;‘l_lﬂ‘]ﬂ—'], AIIN—AIIN, and I@‘U—;[@EJ, and
non-standard spellings in the source, such as the
loanword 8Wa6 for dUta6. The test of whether
the consensus equals the input keeps shared misses
from being taken for gold defects. The same auto-
matic rule is applied to all three tiers and removed
45 (T1), 26 (T2), and 28 (T3) items.

What the rule also drops. The rule cannot tell
a source typo from an accepted variant or a reg-
ister change outside the variant map, so it also
drops items where the models agree on such a
change, for example 3n¢)&—73n§6), the informal
word 11115 , and informal-to-formal rewordings
such as #W&— Wy and Fuflo—Tuntie. It also
drops six T1 items whose gold is correct, where the
models agree on a wrong fix of the injected error
(bAN398— AW for A5 twice, YIVEY—YIEY
for ¥774, and We— i for (1 twice) or change
UzA to the common misspelling sAz; dropping
them slightly lowers the measured miscorrection
rate. For 24 of the 45 dropped T1 items, only nine
models have outputs (GPT-5.5 med and high, GPT-
5.4-mini, Gemini 3.5 Flash, Claude Sonnet 4.6,
DeepSeek V4 Pro and Flash, GLM-5.1, and Ty-
phoon 2.5), plus MiniMax for 17 of them; applied
to these outputs, the rule drops all 24, including
one whose source sentence itself lacks a syllable
(ﬂ’J']EJT&J for ﬂ'J'mL"El"]TﬁJ). One T1 item and one
T2 item contain an error that no model fixes; both
inject (L1930 for KU L, two valid words, so
only the context marks the error. We release the
audit reports, which list the gold-versus-consensus
difference for every dropped item.

Variant map. The four equivalence groups are
an orthographic doublet (§n5/85), two loanword

transliterations (A3698/637a and 095 niiA/095
tnikn), and an informal-to-formal pronoun pair
(tAI/19). Words infwhich the final mark is manda-
tory, such as §¥&N3, are protected from reconcilia-
tion. Beyond these groups, orthographic correction
is essentially single-reference, since a word has one
correct spelling, so we do not adopt multi-reference
GEC scoring.

C Construction details

Confusion set. Wrong—correct pairs were har-
vested from the Thai Wiktionary appendix of com-
monly misspelled words and from the fix history
of a Thai Wikipedia spelling-cleanup bot, then
deduplicated and cleaned (fragments, multi-token
and spacing-only pairs, and context-dependent real-
word pairs removed; one such pair, LURUI/HUD
L1k, was not caught), giving 1,044 canonical pairs.
A rule-based classifier assigns the mechanism class
from the character difference; it agrees with the
hand labels on 83 of the 86 bot-fix pairs that have
a class (96.5%). Etymology is assigned from the
Wiktionary borrowed-term categories under the ab-
sorption rule, which moves contemporary loans
into class 6. We check canonical forms against
the Royal Institute Dictionary word list distributed
with PyThaiNLP: 87.5% are listed, and the un-
listed forms include modern loanwords and com-
mon words that the list omits, such as uzAz. Each
pair is also tagged with its edit operation. Table 3
gives the per-class sizes.

Injection and mining. Injection uses whole-
token-run matching so the 51 valid short forms
(<L 3 characters) that coincide with a confusion tar-
get are never corrupted. Cleanup-bot mining reads
the bot’s contribution history on Thai Wikipedia
and keeps a fix only when the corrected word
is in the Royal Institute Dictionary word list or
PyThaiNLP’s general Thai word list and the wrong
and correct forms align without shifting neighbour-
ing characters; the mined items are kept out of the
three tiers. The curated subset used in the annota-
tion study keeps at most two contexts per distinct er-
ror and drops fragments of two characters or fewer.

Memorization probe. For each of the
four sources we sample 30 clean sentences
of 90 to 180 characters, give Typhoon 2.5
(30B) the first half at temperature O with
the instruction tAndanuseilnFuysailas
lédoudndufigndosign souawisduiibiy
6189 ¥IND5UY (‘Complete the following text with
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tier unit items chars err/it news/gov/enc
T1 sent. 1 sent. 774 100 1.23 264/363/147
T2 para. =5 sent. 224 425 1.24 80/79/65
T3 page ~I15sent. 122 1,242 1.58 38/43/41

Table 2: Per-tier statistics (post-audit; Section 3.6):
mean characters per item and gold edits per item. The
tiers are 100% confusion-set injection; the cleanup-bot
items form the separate natural-error set.

class pairs T1 T2 T3
1 tone mark 43 155 42 32
2 consonant-pair 168 135 37 26
3 silent-consonant 177 166 54 26
4 vowel 189 177 60 38
5 cluster/metathesis 338 204 55 54
6 loanword 129 112 30 17
total 1,044 949 278 193

Table 3: Confusion-set pairs and injected gold edits
per class and tier; the grader scores the TCC-aligned
edits, which number 957, 278, and 195 at T1-T3. The
class shares of T1 gold edits correlate with those of
the confusion-set pairs at Spearman p = 0.83 (Pearson
r = 0.67); cluster/metathesis is the largest class in both.

its exact original wording. Reply with the continu-
ation only, without explanation.”), and allow up to
120 output tokens. The score is the longest com-
mon prefix between the continuation and the true
second half, ignoring whitespace, divided by the
length of the true second half. The mean score is
0.003 (news), 0.004 (government press releases),
0.012 (Wikipedia), and 0.017 (Thai Constitution
text, used only in the train split), and no sentence
scores 0.5 or more. The probe uses a single model,
so it does not measure memorization by the other
models directly. Items that share a clean sentence
are then kept together as one group, and groups
are assigned to splits class by class (by the class of
the group’s first item): within each class, groups
are shuffled with a fixed seed and ordered by their
source’s mean score, and the lowest-scoring 34%
(mined groups first) form the held-out test split, fol-
lowed by the public test (32%), dev (24%), and train
splits.

Release and license. The injected items are re-
leased as train (249), dev (606), and public-test (819
before the audit) splits, plus a held-out test split
(868) drawn from the least-memorized sources; the
results in this paper use the audited public-test split
as T1. We release the benchmark for research use
under CC BY-SA (data) and the MIT license (code),

consistent with the permissive redistribution terms
of the source corpora.

D Full results

Per-model results by class. Table 8 gives the edit-
typer’s span recall and precision per class for every
model (Figure 1 shows span-F0.5), and Table 7
gives the fraction of gold edits fixed per construc-
tion class, pooled over models. A model edit that
matches no gold edit lowers the precision of the
class the typer assigns to it; edits that fit no class,
such as spacing changes, enter no class, while many
word-level rewordings fall in class 5, which collects
every consonant change outside the class-2 groups.
Loanword precision is high by construction: the
typer assigns class 6 only when the output word is
in its loan lexicon, so a change that turns a correct
loanword into another form is usually charged to
another class.

What GPT-5.5 (high) gets wrong. GPT-5.5
(high), the best model on T1 and T2, leaves few
errors unfixed: it misses 3 of the 195 T3 gold edits,
and two of those it fixes inside a wider edit. Most
of its unsupported T3 edits are tone-mark (23) and
cluster (18) edits, and on manual inspection only
3 of these 41 clearly damage the text, by chang-
ing a proper name or a correct form. Of the rest,
25 respell a loanword or foreign name toward the
standard of the Royal Society (formerly the Royal
Institute), which the system prompt names, 5 fix a
typo left in the source that the consensus audit did
not catch, and 8 replace an informal form with the
dictionary form (f9—wily, 1115 —11s). Be-
cause the gold keeps the source’s spelling, its T3
precision partly reflects the single-reference gold
rather than over-editing (Table 9).

Pooled per-class outcome split (T1, all 16 mod-
els).

class editsx 16 fixed miscorr. missed
1 tone 2,480 0.906 0.008 0.085
2 consonant 2,160 0.879 0.006 0.115
3 silent-consonant 2,640 0.887 0.010 0.103
4 vowel 2,816 0.863 0.002 0.134
5 cluster 3,280 0.876 0.006 0.118
6 loanword 1,920 0.810 0.003 0.186

Over-edits per 100 items across tiers (absolute
accumulation).
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model Tldet Tlcorr TIspan-FO.5 T2corr T2 fidelity T3 corr T3 fidelity

GPT-5.5 (high) 0.981 0.981 0.972 0.966 0.988 0.855 0.971
GPT-5.5 (med) 0.978 0.978 0.969 0.953 0.982 0.857 0.973
Claude Opus 4.7 0.977 0.975 0.964 0.948 0.986 0.853 0.976
Gemini 3.5 Flash 0.977 0.975 0.965 0.960 0.983 0.825 0.963
Gemma-4-31B 0.964 0.961 0.960 0.954 0.988 0.898 0.984
GPT-5.4-mini 0.967 0.959 0.963 0.915 0.986 0.865 0.990
Claude Sonnet 4.6 0.959 0.957 0.950 0.905 0.977 0.825 0.974
DeepSeek V4 Flash ~ 0.959 0.956 0.950 0.945 0.986 0.840 0.971
DeepSeek V4 Pro 0.940 0.939 0.927 0.926 0.970 0.754 0.958
GLM-5.1 0.859 0.856 0.892 0.811 0.961 0.657 0.954
Typhoon-S 8B 0.798 0.792 0.850 0.702 0.961 0.617 0.964
THaLLE 8B* 0.766 0.760 0.801 0.594 0.774 0.507 0.814
Typhoon 2.5 30BT 0.785 0.754 0.740 0.632 0.881 0.476 0.899
OpenThaiGPT v7.2F  0.761 0.753 0.787 0.476 0.887 0.463 0.901
MiniMax-M2.7 0.753 0.749 0.814 0.720 0.974 0471 0.970
Qwen3.6-35B-A3B 0.725 0.709 0.656 0.384 0.776 0.310 0.838

Table 4: Full leaderboard: detection and correction F1, span-F0.5 from the edit-typer, and clean-sentence fidelity
across the three length tiers. Bold = column best; t = Thai-adapted. Table 1 marks which models are statistically
tied with the best correction F1 in each tier. Table 5 gives the confidence intervals, and Table 8 the per-class results.

(a) Length-degradation slope (b) Over-edit rate (length-normalized)
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Figure 2: Length robustness. (a) Correction-F1 slope from T1 to T3. The frontier (blue) and the strongest open-
weight model (Gemma-4, green) stay high while weak models slope off. (b) Over-edit rate per 10,000 clean TCCs
on a log scale, where higher is worse. The rate is lower at T3 than at T1 for every model except GLM-5.1, which is
about level, so the per-passage accumulation (the absolute counts in this appendix) mainly reflects the amount of
correct text. Weak models over-edit at many times the frontier’s per-unit rate at every tier.

model T1 T2 T3 model T1 T2 T3
GPT-5.5 (med) 5 9 49 GPT-5.5 (med) 8.1 3.5 6.6
Gemma-4-31B 5 8 30 Gemma-4-31B 8.1 3.0 4.0
GLM-5.1 8 23 108 GLM-5.1 14.3 92 145
Typhoon 2.5 30B 31 81 192 Typhoon 2.5 30B 52.4 32.1 257
OpenThaiGPTv7.2 19 110 197 OpenThaiGPT v7.2  32.5 433 264
Qwen3.6-35B-A3B 59 268 479 Qwen3.6-35B-A3B  99.3 105.7 642

Over-edit rate per 10,000 clean TCCs (length-

normalized; the Figure 2b data). The per-unitrate =~ Register effect (pooled correction recall,
is lower at T3 than at T1 for every model except  T1/T2/T3). encyclopedic 0.82/0.79/0.77; news
GLM-5.1, which is about level (though higher at T3~ 0.88/0.85/0.83; government 0.89/0.90/0.88. Per-
than at T2 for most), so the per-item growth above =~ model correction recall by construction class is
mainly reflects the amount of correct text. released with the data.
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model T1 T2 T3

GPT-5.5 (high) [0.975, 0.988] [0.947, 0.982] [0.803, 0.904]
GPT-5.5 (med) [0.972, 0.985] [0.930, 0.972] [0.804, 0.907]
Claude Opus 4.7 [0.966, 0.983] [0.924, 0.970] [0.783, 0.918]
Gemini 3.5 Flash [0.966, 0.984] [0.942, 0.977] [0.764, 0.883]
Gemma-4-31B [0.951, 0.971] [0.931, 0.974] [0.859, 0.934]
GPT-5.4-mini [0.948, 0.969] [0.887, 0.942] [0.822, 0.902]
Claude Sonnet 4.6 [0.945, 0.968] [0.873, 0.935] [0.754, 0.891]
DeepSeck V4 Flash [0.944, 0.966] [0.919, 0.968] [0.788, 0.889]
DeepSeek V4 Pro [0.926, 0.952] [0.902, 0.950] [0.692, 0.813]
GLM-5.1 [0.834, 0.877] [0.767, 0.854] [0.537, 0.773]
Typhoon-S 8B' [0.770, 0.814] [0.652, 0.750] [0.549, 0.682]
THaLLE 8B' [0.725, 0.790] [0.540, 0.649] [0.426, 0.589]
Typhoon 2.5 30Bf [0.727, 0.779] [0.581, 0.684] [0.406, 0.550]
OpenThaiGPT v7.2t [0.710, 0.788] [0.385, 0.569] [0.386, 0.544]
MiniMax-M2.7 [0.723, 0.774] [0.672, 0.765] [0.391, 0.550]

Qwen3.6-35B-A3B

[0.677,0.741]

[0.312,0.472]

[0.227, 0.421]

Table 5: 95% item-bootstrap confidence intervals on correction F1 (10,000 resamples). T = Thai-adapted.

model fixed miscorrected missed
GPT-5.5 (high) 0.997 0.000 0.003
Gemma-4-31B 0.963 0.002 0.034
Qwen3.6-35B-A3B 0.819 0.018 0.163
Typhoon 2.5 30B 0.775 0.032 0.192
All 16, T1 0.873 0.006 0.122
All 16, T3 0.826 0.005 0.168
All 16, natural 0.820 0.006 0.175

Table 6: Gold-edit outcomes (T1 unless stated). The
miscorrected share stays near zero throughout.

class T1 T2 T3

1 tone mark 0.906 0.871 0.809
2 consonant-pair 0.879 0.887 0.822
3 silent-consonant  0.887 0.865 0.805
4 vowel 0.863 0.870 0.831
5 cluster/metathesis 0.876 0.809 0.845
6 loanword 0.810 0.790 0.829
all classes 0.873 0.850 0.826
spread (max—min) 0.096 0.097 0.040

Table 7: Fraction of gold edits fixed, by mechanism
class and tier, pooled over all 16 models (construction
labels). Table 3 gives the injected errors per class; the
scored TCC edit spans per item can differ slightly after
alignment.

E Annotation study

Design. The 60 items comprise the 40 curated
mined items (Appendix C) and 20 synthetic items
chosen so that each automatic class has ten items.
Each item shows one marked span with its proposed
correction. Raters answer two questions per item:
whether the marked span is a genuine orthographic
error, and which of the six classes it belongs to, fol-
lowing a written guideline with the class definitions

and the two conventions of Appendix A. No auto-
matic label is shown. The two raters, one of them
an author, worked independently. Etymology and
edit-operation tags are not annotated, since they are
a dictionary lookup and a deterministic function of
the edit.

Results. Error validity: both raters accepted all
60 spans. Class agreement: Krippendorft’s a@ =
0.752 (nominal, n = 60). Table 10 gives one-vs-
rest o and raw agreement per automatic class; with
ten items per class these values are noisy.

Where labels differ. The raters split on 12
items and agree with each other against the au-
tomatic label on 13. Of these 25, 17 involve the
loanword-absorption rule in one of two directions:
raters labeled the surface mechanism of a contem-
porary loan (for example, a consonant swap in
RYAUIN—IYAUIN rated class 2 rather than 6),
or recognized a loan that the loan lexicon missed
(v UL — 189518, typed class 5 but rated 6);
old borrowings such as LINNUAS split the raters
between class 3 and 6. Four more are homophone
swaps outside the Indic-origin groups (AU— AU
three times, and AU —AVE)), which the taxonomy
places in class 5 and both raters placed in class 2.
The remaining four concern whether a stray or mis-
placed diacritic counts as a tone-mark, vowel, or
silent-consonant error. The disagreements there-
fore sit at the class boundaries fixed by convention
rather than at error perception.

F Natural-error evaluation

The natural set comes from the edit history of a Thai
Wikipedia spelling-cleanup bot: 103 items, each
a real error in its original encyclopedic sentence,

222



T1 (sentence) T3 (page)

1 2 3 4 5 6 1 2 3 4 5 6
model R P RPRPIRUPRPRP RPIRUPIRUPIRPIRUPIRYP
GPT-5.5 (high) 99 .93 1.0 .99 1.0 .99 99 98 1.0 .94 1.0 1.0 .97 .57 1.0 .96 .96 .83 97 .79 1.0 .75 1.0 .90
GPT-5.5 (med) .99 .94 99 .99 1.0 .99 .99 96 1.0 .94 1.0 1.0 .97 .57 .96 1.0 .96 .83 97 .84 1.0 .73 1.0 .90
Claude Opus 4.7 1.0 .97 .99 98 1.0 .99 1.0 .98 98 97 99 1.0 1.0 .84 .92 96 1.0 .96 1.0 1.0 .98 .88 1.0 1.0
Gemini 3.5 Flash .99 .93 99 1.0 .99 96 1.0 .98 99 .92 1.0 1.0 .97 .52 .96 .93 .92 .77 1.0 .88 1.0 .67 1.0 .90
Gemma-4-31B 95 .95 93 1.0 .97 .99 98 97 97 .96 98 1.0 .94 .77 96 1.0 .96 .93 95 97 1.0 .79 1.0 .90
GPT-5.4-mini 92 .94 96 .96 .95 98 .98 .99 95 .96 .95 1.0 .75 .83 .85 1.0 .92 .89 .82 1.0 .87 .85 .95 .95
Claude Sonnet 4.6 .98 .99 .98 .99 .95 .98 .98 98 .96 .98 98 1.0 1.0 .91 96 1.0 .88 1.0 .95 97 94 85 1.0 1.0
DeepSeek V4 Flash .93 .95 .98 .99 .96 .97 .99 .96 .95 .90 .99 1.0 .91 .56 .92 1.0 .92 .89 .97 .80 .98 .79 1.0 .95
DeepSeek V4 Pro .95 .92 93 98 .97 94 98 .94 96 .85 98 1.0 .88 .45 .88 .96 .92 .77 .92 .74 91 .67 .89 .89
GLM-5.1 .83 .92 .87 .97 .79 90 .84 94 75 .89 .74 1.0 .69 .41 .88 .96 .81 .47 92 .76 .83 47 .79 .88
Typhoon-S 8B 78 .97 .66 .95 .72 .97 .69 .99 .75 93 .62 99 .50 .84 .69 1.0 .54 93 71 .96 .69 .77 .68 1.0
THaLLE 8B' 90 91 .69 99 .81 91 .61 97 .77 .71 .33 1.0 .88 .68 .50 1.0 .65 .25 .61 .88 .72 .34 42 .89
Typhoon 2.5 30Bf .84 .93 .79 .88 .86 .89 .68 .95 .77 .60 .71 .96 .75 .83 .69 1.0 .69 .95 .68 .87 .70 .44 58 1.0
OpenThaiGPT v7.27 .87 .90 .70 .90 .81 .94 .62 .94 .75 .68 .38 1.0 .59 .90 .85 .96 .58 .75 .71 1.0 .67 .54 .68 1.0
MiniMax-M2.7 .84 .93 73 .94 .60 .93 .64 .92 .67 .87 .47 98 .50 .84 .50 .93 .35 .50 .37 .78 .48 .72 .37 1.0
Qwen3.6-35B-A3B .76 .65 .88 .90 .79 .80 .84 .88 .82 .43 .84 97 .66 .36 .62 .62 .81 .55 .74 .67 .74 .15 .89 .89

Table 8: Span recall (R) and precision (P) per mechanism class for every model, from the edit-typer (Figure 1
shows span-F0.5). Classes: 1 tone mark, 2 consonant-pair, 3 silent-consonant, 4 vowel, 5 cluster, 6 loanword. =

Thai-adapted.

tier cl. input GPT-5.5 (high) note
T1 4 swies 5uies missed: 5UTHT
Tl 5 wbunu)  wdbunud missed: BUILLULL
T3 4 &15d108 158108 missed: #15281A%Y
T3 1 tound ikl standard loanword
T3 5 #6159 0156 standard loanword
T3 1 Tile "ﬂ‘ﬁﬁﬁ formalized
T3 5 g1:39 Ej'li'\‘l source typo
T3 1 51085 31055 name changed
Table 9: Examples of GPT-5.5 (high) edits scored as

errors. The first three are gold errors it leaves unchanged
(gold form after the colon); the rest are unsupported edits
to words the gold leaves as in the input, labelled by the
edit-typer’s class (cl.).

automatic class « (one-vs-rest) agreement

1 tone mark 0.793 1.00
2 consonant-pair 0.921 0.90
3 silent-consonant 0.611 0.60
4 vowel 0.773 0.70
5 cluster/metathesis 1.000 1.00
6 loanword 0.485 0.60
all (multiclass) 0.752 0.80

Table 10: Inter-rater agreement per automatic class (ten
items each).

with the bot’s fix as gold. We apply the consensus
audit of Section 3.6 with the same rule as the tiers:
at least £ = 3 models, and at least as many as repro-
duce the gold, must agree on an output that differs
from the gold. The audit drops such a flagged item
unless that output equals the input, differs only in

whitespace or punctuation, or is a partial fix on the
way to the gold. It removes 17 items. In some, the
consensus also fixes a second, unmarked error in
the sentence (for example tiNe—tN8); in others,
the recorded fix is itself incomplete andythe con-

sensus completes it (617 recorded as 617, 11 as 147,
apd ] 5% as §5749, where the intended words are
6, 1, and §579). Without the condition that the
agreeing models at least match those reproducing
the gold, the audit would remove 25 items (78 kept;
mean correction F1 0.81, p = 0.82), including one
where the models change a correctly spelled film
title. The audited set has 86 items with 86 recorded
fixes (87 aligned gold edits). Classified without
the loanword rule, the fixes fall in classes 1: 26, 2:
21, 3: 14, 4: 20, and 5: 5; the edit-typer, which
applies the rule, types 6 of the 87 gold edits as loan-
words and 4 as class 5. Table 11 gives per-model
results on the audited set, with correction F1 and
the miscorrected share on all 103 items for com-
parison. On the audited set the ranking correlates
with the T1 ranking at Spearman p = 0.81 (Pearson
r = 0.93); on all 103 items, where mean correction
F1is 0.71, mostly because of the 17 dropped items,
at p = 0.80 (r = 0.92).

G Prompt and inference

Prompt. All models receive the same Thai system
message and instruction. The system message is
aaufunsosfionsraudnmsaznadiniusing

AINDNYTIBNIATFIUYDITIFUTUNGYFN (‘You
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audited set (n = 86)

all items (n = 103)

model corr F1 95% CI det F1  fixed miscorrected missed corr F1  miscorrected
Gemma-4-31B 0.925 [0.876,0.966] 0.936 0919 0.011 0.069 0.819 0.058
GPT-5.4-mini 0.924 [0.871,0.971] 0.936 0.908 0.011 0.081 0.811 0.058
Claude Sonnet 4.6 0.898 [0.847,0.942] 0.898 0.862 0.000 0.138 0.771 0.058
Claude Opus 4.7 0.885 [0.790,0.955] 0.885 0.931 0.000 0.069 0.791 0.038
Gemini 3.5 Flash 0.871 [0.768,0.955] 0.871 0.966 0.000 0.035 0.757 0.038
GPT-5.5 (high) 0.862 [0.768,0.939] 0.862 0.966 0.000 0.035 0.751 0.048
GPT-5.5 (med) 0.862 [0.768,0.941] 0.862 0.966 0.000 0.035 0.760 0.048
DeepSeek V4 Flash 0.854 [0.766,0.929] 0.854 0.839 0.000 0.161 0.757 0.048
DeepSeek V4 Pro 0.850 [0.778,0.917] 0.850 0.908 0.000 0.092 0.729 0.038
GLM-5.1 0.795 [0.708,0.876] 0.795  0.759 0.000 0.241 0.689 0.048
Typhoon 2.5 30Bf 0.753 [0.663,0.837] 0.763  0.805 0.011 0.184 0.655 0.048
THaLLE 8B' 0.744 [0.657,0.820] 0.744  0.667 0.000 0.333 0.670 0.048
MiniMax-M2.7 0.725 [0.638,0.802] 0.725 0.621 0.000 0.379 0.663 0.038
OpenThaiGPT v7.2f 0.722 [0.632,0.805] 0.722  0.655 0.000 0.345 0.630 0.048
Typhoon-S 8B' 0.708 [0.618,0.789] 0.722 0.586 0.011 0.402 0.626 0.038
Qwen3.6-35B-A3B 0.589 [0.492,0.685] 0.625 0.759 0.046 0.195 0.544 0.067

Table 11: Natural-error evaluation. Bold = best on the audited set; underlined = not separable from the best by a

paired bootstrap test (p > 0.05); T = Thai-adapted.

are a tool that checks and corrects Thai spelling
according to the standard orthography of the Royal
Society’). The T1 instruction, with the input in
place of {text}, is:

ssuddrfiaznafialulszloadaluillignéas
AINTNYTIS LALAWIZEIN T Y US/FT2/I5T0
ynB/GINISUANFzAARANIEY HIN
wWasudgud MansouiEalual v
$#50aULUAIIN VINLURIUNITLIUITIA 67
LAY N30LA30INNIYITTAROU H1 aifiAR A
TWaouszloadunndisnus aounauiu

Uszlgafiudluudiussiaderwinty Hde
995Uy

Us=loa: {text}
Uszloafindlvudn:

For T2 and T3, U5 zlyn (‘sentence’) becomes %9
A4 (‘text’), and the single-line requirement is
dropped. The English prompt of the sensitivity test
below translates the T1 instruction:

Correct the misspelled Thai words in the
following sentence according to standard Thai
orthography. Fix only misspelled consonants,
vowels, tone marks, or silent-consonant (karan)
marks. Do not change the wording, do not
rephrase, do not add or remove content, and do
not change spacing, numerals, or punctuation. If
there are no misspellings, return the sentence
exactly as given. Reply with only the corrected
sentence on a single line, with no explanation.

Sentence: {text}
Corrected sentence:

The few-shot prompt keeps the Thai instruction
and inserts 329879 (‘Examples’) followed by two
worked examples from the train split, in the same
Usslua / Ussluafiudluudn format, before the

input. The examples contain a tone-mark error
kY [~3 .
(M9—n) and a consonant-pair error (J1eU—JI1U):
Uszlom: wiwasiaagalaldfinngyss
AIAD YT YNNI T UL WA U6
Uszloafindlunda: wewasitfsalulginng
Uszn1ma g1t un19n15INIUNA Y6

Usslua: Ingdraenifinluaunistnadu lu
graudos toulnsdfiiaozeglumiiedawuiu

Ussloaudlundn: lasdraani3fialumy

Astediu Wugiuaes oulnsilfitnozeylu

wigdeguiu
Both variants keep the Thai system message.

Inference. Temperature is 0 where supported.

Claude models use the Anthropic Message Batches
API in non-thinking mode. GPT-5.x models use
the Responses API, GPT-5.5 at medium or high
reasoning effort with 3k and 6k output-token bud-
gets and GPT-5.4-mini at its default effort with a 2k
budget; these budgets include the reasoning, and
the 22 GPT-5.5 replies that exhausted them were
rerun with a 24k budget. Gemini 3.5 Flash and
the open reasoning models run in native thinking
mode with 24k-token budgets (8k for OpenThaiGPT
and THaLLLE); the other models run without think-
ing. Token-runout counts as a failure. Replies are
cleaned by removing reasoning traces and echoed
labels, keeping the last non-empty line for T1 or
joining all lines for T2 and T3, and stripping quo-
tation marks at both ends. For the 114 of 17,920
scored replies (0.6%) whose passage itself begins
or ends with a quotation mark, this cleaning also
removes a correct quotation mark, which counts as
one error. Scoring these replies without the strip-
ping changes any model’s correction F1 by at most
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model Thai (default) English Thai + 2 examples

Gemma-4-31B 0.961 0.933 0.893
Typhoon-S 8B 0.792 0.808 0.844

Table 12: T1 correction F1 under three prompts (n =
774).

0.005 and leaves the order of models unchanged in
every tier.

Failed and partial replies. A request that still
fails with a server error after four attempts is scored
like an empty reply, as the unchanged input; this
affects four T1 items for OpenThaiGPT and one
T3 item for THaLLE. THaLLE also often returns
only part of a long passage, a short stretch from
its middle or end, even though the reply ends well
within its token budget. This happens on 44 of 224
T2 items and 19 of 122 T3 items. These replies
are scored as written, so the omitted text counts as
deleted, and THaLLLE’s T2 and T3 scores reflect
these incomplete answers as well as its corrections.

Prompt sensitivity. We rerun the full T1 set
for one strong general model (Gemma-4-31B) and
one Thai 8B model (Typhoon-S) under two alter-
native prompts: the same instruction in English,
and the Thai instruction with two worked examples
from the train split, which is disjoint from T1 (Ta-
ble 12). Prompt choice shifts correction F1 by at
most 0.07, and Gemma-4 stays ahead of Typhoon-
S under every prompt. The two models move in
opposite directions: the worked examples help the
Thai 8B model and hurt the general model.

225



