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Abstract

Translations generated by Large Language
Models (LLMs) often exhibit unnatural stylis-
tic traces distinct from human-written transla-
tions, which we refer to as LLM translationese.
We propose MELT, a training-free post-editing
framework for mitigating LLM translationese
across five target languages (Korean, Chinese,
Japanese, German, and French) without weight
updates. MELT defines translationese patterns
based on faithfulness, voice, register, natural-
ness, and surface form, and combines a three-
stage verification gate with selective multi-
agent debate to preserve meaning and mitigate
self-bias. Experiments on FLORES-200 show
that verification contributes most to quality im-
provement and that MELT achieves the lowest
calibration error with respect to Oracle pref-
erence across the five languages. Our analy-
sis further shows that LLM translationese ex-
hibits language-specific realizations while shar-
ing a common mechanism of English-structure
mimicry.

1 Introduction

Large Language Models (LLMs) have been widely
adopted across natural language processing (NLP)
tasks, including machine translation, summariza-
tion, and multilingual text generation (Brown et al.,
2020; Minaee et al., 2025; Zhu et al., 2025; Qin
et al., 2025; Zhao et al., 2026). LLM-generated
translations often exhibit unnatural yet fluent stylis-
tic artifacts distinct from human translations, which
we refer to as LLM translationese. Despite their flu-
ency, LLM-generated texts often exhibit subtle but
measurable stylistic artifacts that distinguish them
from naturally authored human text (Li et al., 2025;
McGovern et al., 2025). We refer to this unnatu-
ral yet fluent style as translationese (Toral, 2019;
Gellerstam, 1986; Baker, 1993; Volansky et al.,

*Equal contributions.
Corresponding authors.

(a) French: grammatical anglicism

Source (En) Travellers are strongly advised to be aware
of any risk of severe weather affecting their

area. ..

LLM (Fr) Les voyageurs sont fortement conseillés de
se renseigner sur tout risque de conditions
météorologiques séveres affectant leur
région. ..

MELT (Fr) Il est recommandé aux voyageurs de se tenir

informés des risques de conditions
météorologiques séveres dans leur région. . .

(b) Korean: lexical calque

Source (En) Several million vials of encephalitis vaccine
have also been promised by the
government. . .

LLM (Ko)

MELT (Ko) A H
A

Table 1: LLM translationese examples. Each row pair:
a single LLLM call produces text whose surface looks
fluent but whose construction (red) is a direct calque
of English grammar / lexicon that the target language
does not natively use. MELT edits are shown in blue
and result in a more human-like sentence.

2015; Vanmassenhove et al., 2019). The existence
and detectability of translationese have been quan-
tified along multiple axes: including SFT-induced
translationese, multilingual lexical and structural
naturalness (Guo et al., 2025), PPL-curvature based
detection (Mitchell et al., 2023; Hans et al., 2024),
and lexical and morphosyntactic fingerprints that
persist across models in the same family (McGov-
ern et al., 2025).

Table 1 presents examples of LLM transla-
tionese. French (Fr) example, Les voyageurs
sont fortement conseillés ... appears fluent but
closely mirrors the English passive construction
“Travellers are strongly advised ...”. This use of
conseiller with the advised entity as the grammat-
ical subject is non-idiomatic in French, revealing
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Figure 1: Calibration error of LLM-as-judge evalua-
tion. Average |Ao| scores acorss five languages for each
method and judge (lower = closer to human reference).
Self-Refine (Madaan et al., 2023), LiL Polish (Li et al.,
2025); Naive Polish is a single-prompt baseline.

an English-structured calque. Similarly, the Korean
(Ko) phrase “of 2] W7t 7] 9] ] ¢f WAl H”, liter-
ally “several million encephalitis vaccine bottles,”
sounds unnatural in Korean because it mechani-
cally maps “vials” to “H” (“bottles”) and “several
million” to the non-idiomatic phrase “o] 2] Wik
Together, these examples demonstrate that surface-
level fluency does not necessarily indicate target-
native naturalness. Figure 1 reports the calibration
of translated outputs using LLM against the oracle
reference, showing that translationese introduces
substantial variation in judge calibration.

Prior studies on mitigating translationese can be
divided into two categories: translationese, which
refers to unnatural expressions caused by source-
language interference, and post-training distortion,
which refers to stylistic artifacts induced by post-
training processes such as RLHF or instruction
tuning. For translationese, Li et al. (2025) analyze
literal translation patterns in English-Chinese LLM
translation and propose an SFT-based polishing
model to reduce them. Guo et al. (2025) quan-
tify English-centric lexical and syntactic transfer in
multilingual LLM outputs for Chinese and French,
and mitigate this effect with DPO. These studies
show that LLMs can transfer English-centric ex-
pression patterns into non-English target languages,
weakening native patterns of expression in the tar-
get language. For post-training distortion, Mitchell
et al. (2023) and Hans et al. (2024) detect text gen-
erated by LLMs using PPL-curvature and zero-shot
likelihood comparison. McGovern et al. (2025) an-
alyze lexical and morphosyntactic fingerprints that
persist across models in the same family, showing
that each model family can exhibit distinguishable

stylistic patterns.

However, several important gaps remain in prior
studies. Existing studies have largely centered on
high-resource languages, leaving typologically dis-
tant languages, such as Korean and Japanese, com-
paratively underexplored. In addition, most mitiga-
tion approaches rely on training-time adaptation,
such as SFT or DPO, which requires additional
model training and limits practical deployability.
More broadly, the field lacks a unified framework
for examining cross-lingual manifestations of trans-
lationese under a shared taxonomy and consistent
evaluation protocol.

To address these challenges, we propose MELT
(Multilingual Editing for LLM-ese with Training-
free post-editing), and apply it consistently to
five target languages, such as Korean, Chinese,
Japanese, German, and French, with English as
the source language. Figure 2 illustrates the overall
architecture of MELT. To examine whether this de-
sign is effective for mitigating LLM translationese,
we begin by asking the following questions: 1) How
does LLM translationese manifest across differ-
ent target languages? 2) Can inference-time post-
editing mitigate translationese while preserving the
meaning of the source text? 3) Does an LLM judge
reward translationese removal as naturalness, or
does it misinterpret it through self-bias?

We detect translationese patterns across five cat-
egories: faithfulness, voice, register, naturalness,
and surface forms. MELT then performs condi-
tional editing on the detected spans exhibiting
translationese patterns, followed by verification
of semantic preservation and naturalness through
surface-level checks, bidirectional NLI, and LLM-
judge-based gating. For categories with a poten-
tial risk of self-bias, MELT further applies selec-
tive debate between a universal judge and a na-
tive judge. If any gate fails, the edited output is
safely rolled back to the original translation. This
detect-edit-verify process applies the same frame-
work to five languages in parallel without updating
model weights, enabling cross-lingual comparison,
inference-time mitigation, and evaluation reliability
analysis within a single pipeline.

Our contributions are summarized as follows:

* We define and analyze a multilingual taxon-

omy of LLM translationese across five lan-
guages using five categories.

* We propose MELT, a plug-and-play post-
editing framework, and show that training-
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Figure 2: MELT architecture. Given an input pair (zs, ym), the final output yg, is produced through detection,
editing, verification, and selective debate restricted to self-bias-prone categories.

free editing can mitigate translationese while
preserving meaning.

e MELT achieves the best calibration with hu-
man reference (Oracle) in terms of prefer-edit
rate across five target languages, and better
preserves stylometric distribution in recovery
scenarios.

2 The MELT Model

We propose MELT, a translationese post-editing
model that operates at inference time without up-
dating model weights. MELT (i) detects transla-
tionese accumulated in the initial LLM translation,
(i) performs span-conditioned editing based on the
translationese taxonomy (Section D), and (iii) veri-
fies meaning preservation and naturalness through
multi-stage verification gates. For categories with a
high risk of self-bias, MELT selectively invokes a
multi-agent debate between a universal judge and
a native judge to obtain judgments that are robust
to self-bias.

2.1 Preliminary

Given an input pair (zs,ym), the final output
Yfinal 18 produced through our framework. We de-
note the English source sentence as z, the initial
LLM translation in target language ¢ (Korean (Ko),
Chinese (Zh), Japanese (Ja), German (De), or
French (Fr)) as yme, and the final output of MELT
as Ysinal, defined as follows:

MELT : (zs, Ymt) — Yfinal (D

Translationese manifests in five patterns, namely
faithfulness, voice, register, naturalness, and sur-
face form. The meaning of each sentence must be
preserved via bidirectional NLI entailment, and nat-
uralness must be improved over the baseline .
Any candidate that fails to satisfy either constraint
is rolled back, and yyy is returned as the output.

2.2 Detecting Translationese Patterns

Translationese can be divided into deterministic sig-
nals from surface form (Wang et al., 2023), such as
comma overuse and em-dash frequency, and inde-
terministic signals from semantic and discourse cat-
egories, such as English-style introductory phrases
and meta-commentary. The MELT detector per-
forms two detection paths in parallel and integrates
the results. A contiguous segment suspected of
translationese within the initial translation y is
defined as a span s = (b, e, ¢). b and e denote char-
acter offsets in yme (0 < b < e < |yme|), ¢ denotes
one of the categories in the translationese taxonomy.
The detector produces a set of such spans, which
serve as conditioning signals specifying where and
by which category criterion to edit in the editing
stage, and spans belonging to categories with a
high risk of self-bias are subject to judgment by the
debate gate.

The deterministic detector P, measures devi-
ations of lexical markers relative to native corpus
statistics, such as comma z-score and em-dash fre-
quency, and extracts positions exceeding a thresh-
old as a span set Sgy, for the surface form and quan-
titative naturalness categories. Here, the z-score is
the standardized value of marker frequency against
the native corpus (z = (r—puar)/on, where r is the
marker frequency of the input and A denotes the
native corpus), and a value of z > 7, (default 2.0)
is flagged as over-use, following common practices
in stylometric authorship analysis (Patchala and
Bhatnagar, 2018). The prompt-conditioned LLM
detector @y, receives the translationese taxonomy
definition as a system prompt and outputs a span set
Sim for the faithfulness, voice, register, and natu-
ralness categories. The two results are deduplicated
using an Intersection over Union (IoU) threshold
of 1,uy=0.5, while spans with different categories
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are retained to enable multi-category diagnosis:
S = Squt U { S € Siim : Keep(s)}. 2)

Where Keep(s) denotes the case in which the IoU
with any span in Sgyf is below 7oy or the category
differs.

2.3 Span-Conditioned Editing

Based on the detected spans, MELT performs edit-
ing in two stages. First, a surface fixer T is ap-
plied to remove surface noise through meaning-
preserving deterministic transformations, including
Unicode NFC normalization, leading and trailing
whitespace removal, and half-width and full-width
unification for Zh, and the output is defined as
Yy = T(Yme)- Surface form corrections with po-
tential for meaning change, such as comma and
em-dash, are handled in the subsequent stage. The
LLM editor then performs span-conditioned gen-
eration by injecting the category labels of the de-
tected spans into the prompt:

Ye = E(LES, y/a S) (3)

The prompt is composed of native instructions in
the target language ¢ to mitigate prompt-level bias
from English-based reasoning, and is provided to-
gether with the list of detected spans per category,
such as “[naturalness] rewrite English-style passive
constructions into active voice”.

2.4 Verifying Edits

Directly applying the output of the LLM editor may
introduce meaning distortion or hallucination. To
prevent this, MELT reflects the edited result only
when the candidate g, satisfies all three comple-
mentary verification gates. First, the deterministic
gate Gyt checks that the change in the metric set
M, including comma z-score, em-dash frequency,
length variance, and epistemic-marker drift, does
not deteriorate beyond the allowed range:

Gsurf(ye) = 1[Vm e M,

4
() — () > —7aeg].

where 74,,=0.5 is a threshold set to alleviate ex-
cessive rejection observed on a pilot subset. To
verify meaning preservation, bidirectional NLI en-
tailment (Maynez et al., 2020) is applied. Forward
py and backward p;, entailment probabilities are
estimated using mDeBERTa-XNLI, and the gate

is passed only when the entailment scores in both
directions meet or exceed the threshold:

Gui(ye) = 1[min(ps.pp) > 701 (5)

Bidirectional verification simultaneously detects
omission (where only py is high) and hallucina-
tion (where only py is high), and the threshold is
calibrated per language. Finally, the LLM-based
universal judge 7, evaluates factual preservation
of the edited output y,:

Gjudge(ye) =Ju ($S7ymt, ye) €{0,1}. (6)

This stage additionally evaluates factual consis-
tency, register consistency, and discourse natural-
ness that are difficult to capture through determin-
istic metrics and NLI-based verification alone.

The edited result is reflected only when all
three verification gates return True; otherwise, the
original translation yn is retained. Here, G =
{Gurt; Ghlis Gjudge } 1s as follows:

(verify) _ } Ye if ngg g(ye) =1,
Yfinal - .
Ymt Otherwise.

(7

2.5 Debate on Self-bias-prone Categories

Relying solely on a universal judge is vulnerable
to the self-bias problem, in which an LLM tends to
regard its own pretraining distribution as natural
expression (Xu et al., 2024; Chen et al., 2025). This
problem does not manifest uniformly across all cat-
egories. While surface form errors and faithfulness
categories can be complemented by surface metrics
and NLI-based verification, categories related to
lexical naturalness and voice rely heavily on native-
level linguistic intuition, making stable judgment
difficult with a universal judge alone. Accordingly,
MELT applies an additional debate gate exclusively
to categories with a high risk of self-bias. Voice an-
chor refers to stylistic characteristics that should
be preserved to maintain the speaker’s characteris-
tic voice, such as distinctive lexical choices or sen-
tence patterns, whereas voice drift refers to changes
that move the output away from these characteris-
tics toward more generic or model-like expression.

Dl = { lexical naturalness,

, o (®)
voice anchor, voice drift }.
This limits additional inference costs by performing
debate only for the categories that require it.
The debate consists of two stages. First, the uni-

versal judge 7, and the native judge j,EK) each
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produce a verdict and a confidence score for the
same input. If the verdicts of the two judges agree
and the difference in confidence is small, the judg-
ment is finalized. If the two verdicts conflict, a
cross-examination stage is performed, in which
each judge re-evaluates by referring to the verdict
and reasoning of the other judge. Through this pro-
cess, the universal judge and the native judge mu-
tually compensate for each other’s blind spots.

For each category d € Dy, the confidences of
the two judges are combined using a native priority
weight wi® € [0,1]. The debate gate is passed
when the weighted sum of confidences favoring the
edit ¢4 meets or exceeds the threshold:

GEI(Zt))ate(ye) =1 [ Cd 2 Tdebate ] . )

Since lexical naturalness depends on native lexical
preference, and voice anchor and voice drift are
centered on author-specific register consistency, the
weight of the native judge is set relatively higher
for these categories.

2.6 Final Verification and Decision

The final output of MELT is determined by ap-
plying the verification gates (Section 2.4) and the
selective debate gates (Section 2.5):

Ye
Yfinal =
{ Ymt

The edited result y, is reflected only when all veri-
fication gates (Gurf, Ghiis Gjudge) and selective de-
bate gates (G((lzl)me, d € Dyq) return 1; otherwise,
the original translation yp,, is retained. Through this
process, MELT operates in four stages of detect,
edit, verify, and debate without additional model
training or weight updates, preventing edited re-
sults that fail verification from being reflected in

the final output.

if all gat ,
ifa gz‘l es pass (10)
otherwise.

3 Experiments

3.1 Setup

Datasets For the multilingual experiments,
we use translation tasks based on FLORES-
200 (NLLB Team et al., 2022), covering five lan-
guage pairs with English as the source language
and Korean (Ko), Chinese (Zh), Japanese (Ja), Ger-
man (De), and French (Fr) as target languages. For
the monolingual experiments, we evaluate texts
generated by back-translating texts written by au-
thors in each language through English using an
LLM. See Appendix B for details.

Models We use GPT-40-mini as the editor for
all methods. Claude-haiku 4.5 is used as the uni-
versal judge, while Gemini-2.5-Pro and GPT-5 are
included for cross-family robustness checks. Aver-
aging PE across judges from different model fam-
ilies mitigates model-specific preference effects
and yields a more stable evaluation signal, consis-
tent with recent findings on self-preference bias
and multi-judge evaluation in LLM-as-a-Judge sys-
tems (Wataoka et al., 2025; Verga et al., 2024). We
further use the PE gap between the same-family
judge (GPT) and cross-family judges (Claude /
Gemini) as a direct proxy for quantifying self-
bias. For the debate gate, we use EXAONE-4.0-
32B as the native judge for Korean and Qwen3-
32B for Chinese, Japanese, German, and French,
while reference-free metrics are computed with
Qwen2.5-7B for PPL and XLM-RoBERTa-large
for BERTScore and MAUVE. See Appendix F.

Baseline models. We compare against three rep-
resentative editing baselines. Naive Polish performs
a single polishing pass using a generic instruction
without any explicit detection or verification stage.
LiL Polish reproduces the polishing prompt pro-
posed in Lost in Literalism (Li et al., 2025), con-
sisting of a single polishing call that emphasizes
native-like phrasing and stylistic adaptation. Self-
Refine (Madaan et al., 2023) adopts an iterative
refinement framework that alternates between feed-
back generation and refinement, terminating when
no further improvement is suggested or after a max-
imum of three refinement iterations.

3.2 Evaluation Metrics

We evaluate performance from three perspectives:
preference, distribution matching, and lossless. See
Appendix C for details.

Preference We use pairwise LLM judgments to
compute the prefer-edit rate (PE) as the primary
evaluation metric. PE is defined as the proportion
of cases in which the judge considers the method
output y, more natural than the baseline output y,:

an

o

PE= > 1L - LY > 0.5],

where L) denotes the average Likert score over
the nine rubrics. To mitigate position bias, we con-
duct two evaluations by swapping the presentation
order of (y,, yp), and report their average. See Ap-
pendix C.2 for details.
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Distribution matching To measure distribu-
tional similarity between method outputs and hu-
man references, we use MAUVE (Pillutla et al.,
2021) and calibration error, defined as Ag =
PE —Oracle PE, where Oracle PE denotes the PE of
human references. As auxiliary metrics, we report
automatic indicators of translation naturalness, in-
cluding lexical density (Lex), length variance (Len),
and perplexity (PPL) (Li et al., 2025), along with
stylometric distance metrics such as BERTScore,
cosine similarity, lexical JSD, and comma and em-
dash frequency differences.

Lossless To evaluate semantic loss during edit-
ing, we measure the bidirectional NLI entailment

rate (Maynez et al., 2020). The threshold TIEI? is cal-
ibrated for each language using the 95th percentile

of the entailment score distribution.

3.3 Multilingual Main Results

Table 2 presents PE and MAUVE for three prior
baselines (Naive Polish, LiLL Polish, Self-Refine)
and three MELT variants: MELT-LLM, which uses
a single LLM for detect—edit—verify without rule-
based verification or multi-agent debate; MELT-
Hybrid, which additionally incorporates a rule-
based surface detection and verification layer; and
MELT-MAS, which further adds selective multi-
agent debate for self-bias-prone categories. The
initial LLM translation (raw MT) serves as the base-
line across five target languages on FLORES-200.
PE is averaged over three judges (Claude-Haiku
4.5, Gemini-2.5-Pro, and GPT-5), and |Ap| quan-
tifies calibration error as the average absolute dif-
ference between PE and Oracle PE across the five
languages, where lower values indicate closer cali-
bration to the human reference distribution.

The experimental results show that MELT simul-
taneously achieves calibration and meaning preser-
vation in multilingual translationese mitigation. 1)
MELT variants consistently maintain results closest
to Oracle preference, exhibiting more stable post-
editing characteristics compared to Naive Polish
or Self-Refine. In contrast, some baselines show
a tendency to substantially exceed Oracle prefer-
ence despite recording high PE, which we interpret
as the effect of self-preference bias, where LLM
judges favor LLM-style expressions closer to their
pretraining distribution over human-like natural-
ness. 2) Self-Refine shows lower preference than
the baseline across several languages, suggesting
that iterative rewriting can induce over-editing that

causes outputs to deviate from the original mean-
ing and stylistic distribution. MELT controls ed-
its with potential for meaning distortion through
its detect—edit—verify structure, verification gates,
and rollback mechanism, enabling stable editing
even in a training-free setting. In particular, MELT
variants show notably larger improvements in lan-
guages with wordy structures and register variation,
such as Japanese, indicating that translationese is
a language-universal phenomenon while exhibit-
ing different surface realizations across languages.
These results demonstrate that the unified training-
free framework combining typology-aware cate-
gory detection and selective verification can op-
erate as a consistent post-editing strategy across
language types.

Moreover, MELT-LLM achieves the lowest cal-
ibration error among all baselines (|Ap| = 3.9),
while requiring only 3.0 model calls per sample.
As shown in Table 10, MELT-LLM and MELT-
Hybrid add only one model call compared to the
single-pass baselines, resulting in an approximately
2-second increase in latency. In contrast, MELT-
MAS incurs substantially higher latency due to
native-judge inference. Compared with Self-Refine
(6.9 model calls per sample, [Ap| = 15.5), these
results suggest that the performance gains are not
simply due to increasing the number of model calls,
but primarily stem from the proposed detect—edit—
verify formulation itself.

3.4 Monolingual Main Results

Table 3 presents the main results in the monolingual
author-style recovery scenario. The experimental
setup involves translating pre-LLM-era authors’
original texts into English and then back-translating
them into the source language, a process that tends
to weaken the original author’s idiolect and register
and converge toward a more averaged LLM-style
expression. Each method takes the back-translated
output as input and attempts to recover the original
author’s style, and performance is measured using
pairwise preference-based PE and BERTScore F1
against the author’s original text.

The experimental results reveal different pat-
terns in the monolingual recovery setting compared
to the multilingual translation setting. LiL. Polish
records the highest PE in Korean, Chinese, German,
and French, while MELT variants show superior
performance in Japanese. Meanwhile, the PE gap
between Oracle and each method is relatively small
in Japanese, German, and French, which we in-
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Ko

Zh

Ja

De

Fr

Method

PEt MAUVE? PEt MAUVE? PEt MAUVE? PEt MAUVE PEt MAUVE? |Aoll

Baselines (prior work)

Naive Polish 23.8 .887 329 928 29.3 947 43.6 .966 45.7 986 6.8

LiL Polish (Li et al., 2025) 27.0 902 35.6 901 34.1 928 474 971 48.1 984 5.6
Self-Refine (Madaan et al., 2023) 20.8 903 17.1 906 29.2 946 304 967 23.0 979 15.5
Ours

MELT-LLM 29.8 937 36.5 .895 41.8 902 43.8 950 44.4 973 3.9
MELT-Hybrid 27.6 .908 21.5 930 42.6 932 41.8 962 40.7 978 6.4
MELT-MAS 259 933 20.4 908 423 929 41.6 973 41.1 979 6.6
Oracle (human reference) 27.7 — 41.5 — 43.0 — 42.8 — 40.1 — —

Table 2: Main results across five FLORES-200 target languages. The best PE per language is shown in bold, and the
value closest to Oracle is underlined. LiL. Polish is a training-free reproduction that applies only the prompt from Li

et al. (2025) to GPT-40-mini.

Ko Zh Ja De Fr
Method PET BStT PEt BStT PE1 BStT PEtT BStT PEfT BStT
Baselines (prior work)
Naive Polish 48 .892 146 903 11.0 .878 29.8 .960 32.3 .930
LiL Polish (Li et al., 2025) 11.6 .891 36.3 .903 253 .878 37.2 .960 36.7 .928
Self-Refine (Madaan et al., 2023) 2.4 .892 94 902 12.8 .877 11.8 958 14.8 .934
Ours
MELT-LLM 83 .891 84 902 24.0 .877 19.0 .957 27.1 .931
MELT-Hybrid 7.0 .891 59 902 285 .877 18.8 .958 27.8 .931
MELT-MAS 73 891 59 902 28.7 .877 15.8 .959 323 .932
Oracle (author original) 296 — 704 — 755 — 240 — 235 —

Table 3: Monolingual author-style recovery main results. Pipeline: pre-LLM-era author original — English forward
MT — target language back MT — recovery attempt by each method. PE denotes prefer-edit rate and BS denotes
BERTScore F1. Full metric set and per-judge breakdown are provided in Appendix Table 15.

terpret as the LLM judge favoring more generic
and standardized MT-style expressions over out-
puts that preserve pre-LLM-era writing styles. This
suggests that LLM judge evaluation alone is insuf-
ficient to fully reflect human stylistic authenticity,
confirming the necessity of calibration-aware evalu-
ation. BERTScore remains at nearly identical levels
across methods and languages, confirming that dis-
criminability appears along the stylistic preference
axis rather than semantic similarity. Full metric
sets and per-judge breakdowns are provided in Ap-
pendix Table 15.

4 Results and Analysis

We analyze whether the key design components
of MELT perform their intended roles in practice.
The analysis examines the effects of the verifica-
tion gate and selective debate on calibration and
meaning preservation, and compares self-bias pat-
terns across languages under different cross-family
judge configurations. Finally, through monolingual
author-style recovery and reference-free natural-
ness analysis, we evaluate whether MELT con-

tributes to stylistic authenticity and idiolect restora-
tion beyond fluency polishing.

4.1 Cross-family Judge Composition and
Self-bias

Table 4 and Figure 3 show that self-preference bias
in the LLM-as-a-judge setting varies substantially
depending on the judge family. Evaluating the same
GPT-40-mini editor output while varying only the
judge, Oracle PE is lowest for the same-family
judge GPT-5 and tends to increase sequentially for
cross-family judges Claude-haiku 4.5 and Gemini-
2.5-Pro. GPT-5 evaluates GPT-40-mini MT outputs
as more natural than human references in Korean,
Chinese, and Japanese, which can be interpreted as
self-preference bias where same-family judges fa-
vor expressions similar to their own generation dis-
tribution. Cross-family judges maintain relatively
stable preference for human reference, indicating
that cross-family calibration is necessary for multi-
lingual post-editing evaluation. Across languages,
Korean shows the lowest Oracle preference across
all judges, which we attribute to the conciseness
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Judge Ko Zh Ja De Fr Avg Nk

GPT-5 20.8 285 31.2 364 36.6 30.7 —0.09
Haiku 4.5 253 458 445 430 409 399 +0.01
Gemini 2.5 Pro 36.8 50.3 53.2 49.0 42.8 464 +0.09

Table 4: Judge self-bias, per family. Per-language perfor-
mance is a decomposition of Oracle PE from Table 2 by
LLM. Lower values indicate stronger self-bias, where
the judge prefers same-family MT output over human
references. Per-rubric Likert metrics and scores are in
Appendix C.1 and Appendix J.

Per-lang x per-judge Ao — Self-Refine deep in danger zone
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Figure 3: Per-language x per-judge signed Ag scatter.
Each method is represented by 15 points (5 languages x
judges), where % denotes the method mean. The negative
Ao region indicates a danger zone where the judge
rejects edits more than Oracle.

and implicature of professionally translated Korean
not fully aligning with the fluency prior of current
LLMs. In Figure 3, MELT variants are distributed
relatively stably near Oracle, demonstrating that
the calibration-aware detect-edit-verify structure is
more robust to changes in judge family.

Although LiL Polish achieves the highest raw
PE in German and French, these scores exhibit
larger deviations from the corresponding Oracle
preference, resulting in increased calibration error.
Moreover, the PE differences between LiLL Polish
and MELT are not statistically significant in either
language (Appendix H). In contrast, MELT con-
sistently remains closer to the Oracle preference
across all languages, indicating better calibration
to human-reference preferences.

4.2 Reference-free Naturalness

Separate from the LLM judge-based preference
and stylometric divergence analysis, we analyze
the output of each method using the reference-free
naturalness metrics, such as lexical (Lex), length
(Len), and PPL, proposed by Li et al. (2025) (Ap-
pendix C.4). These metrics measure how well out-
put texts align with the natural language distribu-

tion, but can simultaneously be interpreted as LM-
aligned fluency metrics that reflect similarity to the
training distribution of modern LLMs.

Table 5 shows that the PPL of pre-LLM-era
authors’ original texts (Original) is consistently
higher than that of all post-editing outputs. Human-
authored original texts are evaluated as unnatural
by PPL, as PPL measures alignment with the mod-
ern LM distribution rather than human-likeness
itself. In practice, most post-editing methods con-
verge toward fluent and averaged LM-style expres-
sions, with LiLL Polish recording the lowest PPL
and most stable length variance across several lan-
guages. This tendency is observed equally in the
FLORES translation experiments, indicating that
polishing-based instructions produce outputs most
closely aligned with the modern LLM prior.

In contrast, MELT variants show a tendency to
shift toward the author original distribution in the
Lex (content-word ratio) metric across multiple lan-
guages. This indicates that MELT does not perform
fluent rewriting, but operates in a way that bet-
ter preserves content-word distribution and stylis-
tic markers. This difference is pronounced in lan-
guages where discourse convention and register
variation have a strong influence, such as Korean
and Japanese. High performance on LiLL metrics
does not imply human-like stylistic authenticity
or author-style preservation, and we confirm that
MELT is closer to stylistic distribution recovery
than LM-style fluency optimization.

5 Conclusion

In this paper, we propose MELT, a training-free
method that mitigates translationese across five lan-
guages and brings generated text closer to native
naturalness. Our empirical analysis of MELT fo-
cuses on three aspects: 1) For Typology-aware de-
tection, we classify translationese patterns into five
categories for each target language and quantita-
tively measure their typology-conditioned realiza-
tions. 2) For Training-free pipeline, we show that
MELT can mitigate translationese without weight
updates while preserving meaning. The experi-
mental results on FLORES-200 show that MELT-
LLM achieves the lowest average calibration error
across the three judges among all baselines, with
|Ao| = 3.9 pp. MELT-Hybrid shows the closest
results to Oracle PE in four of the five languages.
Although LiL Polish attains the highest raw pref-
erence scores in German and French, MELT con-

476



Ko Zh

Ja De Fr

Len PPL| Lext

Len PPL| Lex{ Len PPL| Lex{ Len

Method Lex? Len PPL] Lext
MT round-trip 0.604 1.697 102 0.503 1.420
Naive Polish 0.605 1.695 102 0.505 1.411

LiL Polish (Li et al., 2025) 0.605 1.793 10.0
Self-Refine (Madaan et al., 2023) 0.606 1.675 10.2

30.3 0416 1417 159
29.7 0417 1413 158

0.490 1.029 12.7 0.412 1.063 13.3
0.488 1.033 124 0.415 1.060 12.6
0.487 1.043 123 0.413 1.071 122
0.489 1.021 12.6 0.414 1.059 129

MELT-LLM 0.608 1.681 10.3 0.507 1414 30.8 0.429 1365 16.7 0.493 1.039 124 0418 1.054 129
MELT-Hybrid 0.608 1.666 102 0.506 1.419 30.7 0430 1.378 169 0.492 1.030 124 0.418 1.054 12.6
MELT-MAS 0.607 1.688 10.2 0.506 1.431 303 0431 1375 169 0494 1.031 12.6 0.417 1.051 12.7
Original (pre-LLM author) 0.653 1.000 24.6 0.501 1.000 23.0 0.447 1.000 31.1 0.501 1.000 14.0 0.233 1.000 20.8

Table 5: LiL-style naturalness on the author-recovery experiment (monolingual setup). 5 languages x 7 methods X
approximately 200 paragraphs; each method output is compared against the author’s original text. Metric details are

in Appendix C.4.

sistently remains better calibrated to the Oracle
preference across languages. 3) for Idiolect restora-
tion, we confirm that, in a monolingual recovery
scenario involving 49 pre-LLM-era authors, MELT
better preserves BERTScore and stylometric distri-
butions in the direction of the original authors than
the baselines.

In future work, we plan to extend the five cate-
gory taxonomy proposed in this paper to a broader
range of linguistic patterns. We will also expand
native-speaker validation to cover more pattern
types and examine settings where translationese ac-
cumulates across multiple stages to further assess
the generalizability of MELT. Building on these ex-
tensions, we will explore the integration of MELT
as a post-editing component within broader agentic
translation workflows.
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Limitations

The five category taxonomy and detect-edit-
verify pipeline of MELT are designed to tar-
get LLM-specific unnaturalness, including trans-
lationese, post-training distortion, and English-
structure mimicry. General copy-editing errors,
such as spelling mistakes, subject-predicate agree-
ment, or clause-comma placement, are not primary
target. Surface errors may also be addressed during

category-conditioned editing by the LLM editor in
the edit gate. Cases that involve semantic distortion
are blocked by the bidirectional NLI gate in the
verify gate. However, we do not report quantitative
metrics such as “spelling accuracy” or “grammar
error rate”. MELT is not a replacement for a gram-
mar checker. For production use, we recommend
applying MELT followed by a separate spell or
grammar checker.

MELT modifies stylistic characteristics while
constraining changes to semantic content through
the NLI gate, but this capability could potentially
be misused to evade MT detection or authorship
analysis. We do not overstate the effectiveness of
existing defenses. Stylometric features alone may
not reliably distinguish human-written text from
machine-generated text, and MELT explicitly re-
duces the very signals targeted by such analyses.
Therefore, rather than claiming that our analysis
provides a countermeasure, we identify the reliable
detection of MT outputs edited by MELT as an
open challenge for future work. In addition, our
taxonomy and native-speaker judges implicitly as-
sume a language-specific notion of nativeness, al-
though perceived naturalness can vary across di-
alects, generations, and registers.

Ethical Considerations

All datasets and models used in this work are pub-
licly available, and pre-LLM-era literary texts used
in the monolingual author-style recovery experi-
ments are sourced from public domain repositories,
including Aozora Bunko, Wikisource, and Project
Gutenberg. We are not aware of any direct negative
societal impacts specific to this work beyond those
generally associated with the advancement of large
language models.
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A Related Work

Measuring and Mitigating Translationese
Translationese analysis has examined the unnat-
uralness of Neural Machine Translation(NMT)
from multiple perspectives since Volansky et al.
(2015) characterized translationese through auto-
matic classification based on statistical features.
Prior studies have measured various aspects of
translationese, including reduced lexical diver-
sity (Vanmassenhove et al., 2019), the acceleration
of post-editese (Toral, 2019), and the reassessment
of human-parity claims (Toral et al., 2018). These
studies have shown that translationese is not a mere
stylistic deviation, but a systematic phenomenon
observable across statistical features and syntactic
choices (Daems et al., 2018). Approaches for
distinguishing human and machine translation
based on information theory (Bizzoni et al., 2020)
and translationese aware multilingual NMT (Riley
et al., 2020) have also been proposed as methods
for measuring and mitigating translationese.
Translationese has been shown to affect not only
machine translation itself but also evaluation
sets, with test sets containing translationese
reported to distort system comparisons (Zhang
and Toral, 2019). Jalota et al. (2023) propose
a translation-based style transfer approach that
mitigates translationese without relying on parallel
data. As LLMs have become widely adopted,
Li et al. (2025) mitigate unnaturalness through
SFT data curation based on reference polishing
and unnatural-instance filtering, while Guo et al.
(2025) address multilingual unnaturalness using
corpus-level lexical JSD measurements and DPO
alignment. However, these mitigation approaches
rely on training-time methods such as SFT or DPO,
thereby incurring additional retraining costs.

Characterizing  Post-training  Distortion
Post-training distortion analysis addresses non-
translationese aspects of translationese. Singhal
et al. (2024a) show that reward improvements from
RLHF can be reduced to response length inflation,
while Hosking et al. (2024) analyze how a single
preference score can conflate factuality with
assertiveness. Sharma et al. (2024) demonstrate
that sycophancy originates from preference data.
From the perspective of output diversity, Kirk
et al. (2024) and Padmakumar and He (2024)
show that RLHF and writing with language
models can reduce output diversity. Liang et al.
(2024) and McGovern et al. (2025) quantify

lexical fingerprints characteristic of LLM outputs,
including words such as “delve” and “intricate”.

However, these studies mainly focus on diagno-
sis and characterization, and there has been no mul-
tilingual attempt to mitigate both translationese and
post-training distortion within a unified inference-
time framework. We integrate translationese and
post-training distortion under a five category tax-
onomy and propose a training-free post-editing ap-
proach for mitigating translationese.

LLM-as-a-Judge and Limitations LLM-as-a-
judge has been widely adopted as an efficient
means of replacing or assisting human judgment
in large-scale generation evaluation. Zheng et al.
(2023a) demonstrate that LLM judges can serve as
useful comparative evaluation tools on MT-Bench
and Chatbot Arena, and the potential of LLM
judges for translation quality evaluation has also
been reported (Kocmi and Federmann, 2023). How-
ever, several studies show that LLM judges are not
always neutral or stable. Xu et al. (2024) show
a tendency toward self-bias, while Wataoka et al.
(2025) and Chen et al. (2025) quantitatively ana-
lyze this bias as a potential structural characteristic
of judges, and Spiliopoulou et al. (2025) propose a
statistical method for measuring self-bias. Hosking
et al. (2024) analyze the limitations of single pref-
erence scores, and Singhal et al. (2024b) show that
length inflation following RLHF can lead to over-
estimation of fluent-but-long outputs. To mitigate
these issues, we propose an approach that combines
not only an LLM judge but also surface-based veri-
fication and bidirectional NLI.

B Datasets

Table 6 summarizes the sample size, average length,
and sources of the two corpora used in this paper.
We then describe the selection rationale and com-
position of each corpus in detail.

Multilingual setup: FLORES-200. We use
1,012 paired sentences from the devtest split of
NLLB Team et al. (2022), with English as the
source language and five target languages: Ko
kor_Hang, Ch Simplified zho_Hans, Ja jpn_Jpan,
De deu_Latn, Fr fra_Latn. For Ko, only 1,010
samples are valid (2 excluded due to NLI tokenizer
overflow), and Oracle (human reference) evalua-
tion for Fr is based on 1,008 samples (4 references
are empty). All samples are at the sentence level,
with average length ranging from 70 (Ko) to 150
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(a) FLORES-200 devtest: main evaluation

Lang Nge Nret chars words
En (source) 1012 — 1304 21.6
Ko 1012 1010 65.1 15.2
Zh 1012 1012 427 —
Ja 1012 1012 56.3 —
De 1012 1012 152.0 21.5
Fr 1012 1008 155.7 25.3

(b) Pre-LLM-era author corpus: Frame B (idiolect)

Lang Auth. Para. chars Source

Ko 10 200 351.9 Wikisource
Zh 8 135" 3543 Wikisource

Ja 10 200 362.1 Aozora Bunko
De 10 200 320.3 Wikisource

Fr 11 220 330.6 Gutenberg
Total 955

Table 6: Dataset statistics. (a) FLORES-200 (NLLB
Team et al., 2022) devtest split. N5, = paired source
sentences, Nys = valid human reference targets (Ko:
2 NLI-tokenizer overflows; Fr: 4 empty references).
chars = mean character length per sentence; words =
mean whitespace-split token count (omitted for Zh/Ja
which lack inter-word spaces). English source is iden-
tical across all 5 target conditions. (b) Pre-LLM-era
author corpus used for Frame B (idiolect preservation),
restricted to authors active before any LLM training
cutoff (pre-2018 publication) so the baseline is “LLM-
uncontaminated.” Per paragraph filtered to 80-400 char-
acters; multiple works per author are sampled to inject
within-author topic diversity. fZh: 17 paragraphs identi-
fied as chapter title lists / table-of-contents (rather than
prose) were excluded from author-recovery evaluation
(152 collected — 135 used).

(De) characters per language.

Monolingual setup: Pre-LLM-era authors cor-
pus. We collected 972 paragraphs from 49 au-
thors across five languages, targeting approxi-
mately 20 paragraphs per author. For Zh, some
samples corresponded to chapter-list TOC; after
removing 17 such samples, 955 paragraphs were
used for the author-recovery evaluation.

All authors were active prior to the LLM train-
ing cutoff (2018-2023), serving as an “LLM-
uncontaminated” baseline. Each paragraph is fil-
tered to the range of 80—400 characters, and sam-
ples are drawn from multiple works per author to
ensure within-author topic diversity. Sources and
author list:

e Ja (10 authors, 200 paragraphs), Aozora

Bunko!: Soseki Natsume (& H#41), Mori
Ogai (£&4}), Ryunosuke Akutagawa (71)1| 2
41, Osamu Dazai (K5£{E), Kenji Miyazawa
(F'ER), Izumi Kyoka (R $E{E), Higuchi
Ichiyo (111 —E), Sakaguchi Ango (3R 1142 &),
Yokomitsu Riichi (Jt:Fl]—), Nagai Kafu (7k -
17 JEL ).

Ko (10 authors, 200 paragraphs), Korean Wik-
isource?: Dongin Kim (7]%-¢1), Jingeon Hyeon
(@R 7), Sang Lee (©]4}), Hyoseok Lee (0] &
A1), Mansik Chae (H|7H24]), Gwangsu Lee (©]
%<7), Hun Sim (4&), Yujeong Kim (-778),
Seohae Choi (%] 4] 3f), Dohyang Na (W X=3F).

Zh (8 authors, 152—135 paragraphs after TOC
filtering), Chinese Wikisource® (Republican-era
Zk71): Yu Dafu (Af2£K), Zhu Ziging (4 H
), Qu Qiubai (#2FKF1), Hu Shi (#]3i&), Liang
Qichao (%#8), Lao She (324%), Zhou Zuoren
JAIfEN), Lu Xun (F38).

* De (10 authors, 200 paragraphs), German
Wikisource*: Johann Wolfgang von Goethe,
Friedrich Schiller, Thomas Mann, Rainer Maria
Rilke, Hugo von Hofmannsthal, Arthur Schnit-
zler, Theodor Storm, Theodor Fontane, Heinrich
von Kleist, Adalbert Stifter.

Fr (11 authors, 220 paragraphs), Project Guten-
berg’: George Sand, Victor Hugo, Gustave
Flaubert, Guy de Maupassant, Emile Zola, Hon-
oré de Balzac, Marcel Proust, Stendhal, Charles
Baudelaire, Alphonse Daudet, Paul Verlaine.

C Evaluation Metrics in Detail

C.1 Per-rubric Likert mean

We evaluate post-edited outputs using a 9-rubric
LLM judge. For each sample, the judge scores each
candidate output on a 1-5 Likert scale along nine
dimensions: faithfulness, adequacy, fluency, syn-
tax, lexicon, discourse, register, conciseness, and
human-likeness. The resulting per-rubric scores are
used both as auxiliary diagnostic metrics and as the
basis for pairwise preference evaluation.
Claude-haiku-4.5 is used as the default judge,
and the default judge is selected from a different
model family than the editor to mitigate self-bias.

1https://huggingface.co/datasets/
globis-university/aozorabunko-clean
2https://ko.wikisource.org/
3https://zh.wikisource.org/
4https://de.wikisource.org/
Shttps://www.gutenberg.org/
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To analyze judge-family dependence, evaluation
results using Gemini-2.5-Pro and GPT-5 are also
reported in the appendix. We report corpus-level
means for each of the nine rubrics. Results are
shown in Tables 21, 22, and 23.

C.2 Prefer-edit rate (PE)

LLM judge-based pairwise preference has been
studied in the context of human pairwise prefer-
ence in RLHF (Stiennon et al., 2020), and has been
extended to the LLM-as-a-judge framework (Zheng
et al.,, 2023b) and automated win-rate evalua-
tors (Dubois et al., 2023) as a representative evalu-
ation method for open-ended text generation. We
adapt this approach to the multilingual post-editing
setting, following a setup similar to edit-task pair-
wise evaluation (Dwivedi-Yu et al., 2022). Specifi-
cally, the LLM judge using nine rubrics compares
the method output yz(,z) and the baseline output
yéz) for sample 4, and produces 1-5 Likert scores
L;,i) and L for each candidate. To mitigate or-
dering bias, we perform position-swapped eval-
uation by exchanging the presentation order of
(Yo, Yp) (Zheng et al., 2023b).

Recent studies show that LLM judges exhibit
self-preference bias (Xu et al., 2024; Chen et al.,
2025), where they favor LLM-style outputs similar
to their pretraining distribution, as well as length
bias toward longer responses (Dubois et al., 2024).
Raw PE can simultaneously reflect both actual qual-
ity improvements and judge bias effects, and high
PE does not necessarily imply improved natural-
ness as perceived by humans.

To address this, we follow the calibration per-
spective of Chen et al. (2025) and use human refer-
ences as calibration anchors. In this setup, human
references are not directly provided in the judge
prompt; pairwise evaluation is performed using
only the source sentence and two candidate out-
puts. Human references are used exclusively in the
separate Oracle PE computation, serving as cali-
bration anchors. Oracle PE denotes the prefer-edit
rate obtained by the human reference under the
same judge and baseline conditions. Method out-
puts and human references are thus evaluated under
the same judge bias, and the difference between
the two values represents a relative preference that
partially cancels out the common bias of the judge.

A(Omvé) — PE(m,Z) _ PE(Oracle,é)’

m(m) _ |z| ; ’A(Om,é)’ )

A smaller |Ap| value indicates that the method
output is closer to the Oracle (human reference).
When Ap > 0 (over-shoot), the judge prefers the
method output over the human reference, and this
over-shoot phenomenon suggests that LLM-style
characteristics targeted for removal may have in-
stead been reinforced (Xu et al., 2024). We there-
fore use |Ag| as the primary calibration metric in
place of raw PE. [Ao| in the last column of Table 2
is averaged over five languages. Per-language Ao
values are provided in Appendix Table 13.

(12)

C.3 Auxiliary Metrics

Length-controlled PE (LC-PE). We apply the
length-controlled evaluation of Dubois et al. (2024)
to PE. For each language ¢, the linear relationship
between PE scores and output length is estimated
as follows.

PE = a + Blog(|yel/|ymr]) +€  (13)
|Ye|/|ymt| denotes the length ratio of the post-
edited output relative to the initial MT output,
which is subtracted from the PE score to define
length-controlled PE.

(0)

. (m,0)
LC_PE(WL,E) e PE(m,Z) _ /B(Z) log ( |Z/e |> '
Ymr

LC-PE is a PE score that mitigates length bias fa-
voring verbose outputs. Results are provided in
Appendix 13.

MAUVE. Following the distribution-matching
metric of Pillutla et al. (2021), we measure the
distributional difference between human reference
P and method output (). Both text sets are trans-
formed into a contextual embedding space, dis-
crete distributions are estimated through k-means
quantization, and the KL-divergence frontier is
computed with respect to the mixture distribution
My =P+ (1-)MQ.

C(P,Q) = (KL(Q||My),KL(P||M))  (15)
The final score is a normalized value of the area
under the frontier, ranging in [0, 1], where values
closer to 1 indicate better alignment of the output
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distribution with the human reference distribution.
Since MAUVE evaluates the distributional align-
ment of the entire output set rather than similarity at
the individual sentence level, both under-generation
with insufficient diversity relative to the reference
distribution and over-generation that deviates from
the reference distribution are reflected as lower
scores. Used in Tables 2 and 15.

C.4 LiL-style metrics (Lex/Len/PPL)

Following the automatic evaluation protocol of Li
et al. (2025), we report three LiL-style naturalness
metrics: lexical density (Lex), length variety (Len),
and perplexity (PPL). These metrics are designed
to capture surface-level signals of translationese
and target-language naturalness.

Lex. Lex measures lexical density, defined as the
ratio of content words to total tokens:

_ #{ADIJ, ADV, NOUN, PROPN, VERB}

L
o #{all tokens}

We obtain POS tags using Stanza.

Len. Len measures whether the method preserves
native-like length variation:

o (method lengths)
o (reference lengths)

Len =

Values closer to 1.0 indicate that the method better
matches the length variance of human references.

PPL. PPL denotes the mean per-text perplex-
ity of method outputs. While Li et al. (2025) use
Llama-3.1-8B, we use Qwen2.5-7B as a multilin-
gual open-weight alternative. Lower PPL is inter-
preted as more natural generation from the perspec-
tive of the language model. (Used in Table 5.)

Stylometric distance to reference. We analyze
how much each method output differs from the
human reference using BERTScore F1, sentence
embedding cosine similarity, LexJSD, and differ-
ences in length and punctuation usage. BERTScore
F1 measures semantic similarity with the reference
using XLM-RoBERTa-Large. Sentence embed-
ding cosine similarity is the cosine similarity
between the corpus-level mean embeddings of
method outputs and references, obtained using
paraphrase-multilingual-mpnet-base-v2.

LexJSD is the Jensen-Shannon divergence between
the token distributions of method outputs and
references, where lower values indicate greater

similarity to the lexical distribution of the ref-
erence. Alen denotes the relative difference in
output length compared to the reference, while
Acomma and Aem-dash represent how much
more or less frequently commas and em-dashes
are used relative to the reference, measured per
100 characters. Detailed results are provided in
Appendix Table 11.

Faithfulness and language-specific calibration.
Faithfulness is determined by bidirectional NLI to
assess whether meaning is preserved before and
after editing. We compute forward and backward
entailment probabilities using a multilingual NLI
classifier (based on XNLI / KorNLI / OCNLI),
and an edit is judged as faithful when both val-
ues meet or exceed the language-specific threshold
TISI? is selected for each language to satisfy 95%-
tile precision using paired human references from
the FLORES-200 dev split. Used in Equation 5 and
Table 9.

D Translationese Taxonomy in Details

The translationese taxonomy used in this work con-
sists of five top-level categories, namely faithful-
ness, voice, register, naturalness, and surface form,
along with their sub-components. Each category
specifies (i) the type of detectable signal, (ii) the
measurement method (surface / NLI/ LLM judge),
and (iii) the evaluation comparison baseline.

Faithfulness. Alignment with the meaning of the
source text. Sub-components include semantic en-
tailment (bidirectional NLI), numeric and named-
entity accuracy, and LLLM judge factual preserva-
tion. The primary measurement methods are bidi-
rectional NLI entailment (Maynez et al., 2020) and
LLM judge. This serves as a hard constraint for all
methods, with mandatory rollback upon failure.

Voice. Preservation of the speaker’s idiolect.
Sub-components include voice anchor (author an-
chor consistency, stylometric distance), voice drift
(change in idiolect distance before and after edit-
ing), and register-anchor consistency. Activated
only in Monolingual test set, and measured using
stylometric centroid distance combined with native
judge voice evaluation.

Register. Consistency of honorifics, keigo, and
formal/informal register. Sub-components include
intra-document register consistency, formality
alignment with source intent, and conformity to the
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native register distribution of the target language.
The primary measurement methods are phrase-
level lexicon (Ko ending classification, Zh /4
frequency, etc.) and LLM judge.

Naturalness. Multi-faceted naturalness. Sub-
components include lexical naturalness (JSD with
native distribution), word order naturalness, dis-
course marker appropriateness, hedge/emphasis
balance (post-training distortion detection), and
discourse structure naturalness. In terms of
measurement, lexical naturalness is evaluated
using LexJSD, hedge/emphasis balance using
epistemic-marker frequency, and the remaining sub-
components using an LL.M judge.

Surface form. Surface-level artifacts such as
punctuation, formatting, whitespace, and charac-
ter normalization are corrected. Sub-components
include comma over-use (z-score), dash overuse,
English-style colons, forced bullets, and NFC, full-
width, half-width, and whitespace normalization,
all of which are handled through deterministic sur-
face metrics and a rule-based fixer without affecting
meaning.

E Hyperparameters

We summarize the default hyperparameters of
MELT in Table 7.

F Model Cards

Table 8 summarizes all models used in this paper
according to their roles.

G Per-language Metric Breakdown

In addition to the prefer-edit rate reported in Ta-
ble 2 of §3.3, the method-level breakdown of NLI
entailment rate is provided in Table 9, while the
computational cost and efficiency are summarized
in Table 10.

From a cost-latency perspective, MELT-LLM
and MELT-Hybrid add only one additional model
call compared to the single-pass baseline, resulting
in an increase in latency of approximately 2 sec-
onds. MELT-MAS is designed for high-accuracy
operation and exhibits higher latency due to local
inference with a 32B native-judge model, while its
API cost remains only USD 1.80 for 1,012 sam-
ples. The debate gate is activated only for a sub-
set of samples rather than the entire dataset, and
overall, MELT-Hybrid provides a practical cost—
performance trade-off.

Stylometric divergence from human reference.
To quantify translationese, we measure how much
each method’s output differs from the FLORES
human reference along three dimensions, namely
semantic similarity, lexical distribution, and surface
markers (Table 11). BERTScore F1 remains within
a narrow range of 0.948—0.968 across all meth-
ods, indicating that differences between methods
arise primarily from surface distributional differ-
ences rather than meaning preservation. In terms of
length, comma frequency, and lexical distribution,
polishing-based methods produce longer outputs
and higher comma frequency than the reference
across several languages, suggesting that the “Pol-
ishing PE > Oracle PE” phenomenon observed in
§3.3 may be interpreted as LLM-typical stylistic
preference rather than genuine semantic quality
improvement. MELT variants show a general ten-
dency to suppress verbosity and comma overuse.
LexJSD does not decrease consistently across all
languages, and is therefore interpreted as an ef-
fect of correcting surface markers directly related
to translationese, such as length and punctuation,
rather than alignment of the overall lexical distri-
bution.

H Statistical Significance Analysis

Table 12 shows statistical significance analyses for
the main results in Table 2. Statistical significance
is assessed on the per-sample mean Likert differ-
ence, which is the continuous quantity underlying
the binary Prefer-Edit Rate (PE). We compute 95%
paired bootstrap confidence intervals using 2,000
paired bootstrap resamples and perform paired sign-
flip permutation tests. Each entry reports the mean
Likert difference (A, multiplied by 100) together
with its 95% confidence interval.

all MELT variants significantly outperform Self-
Refine across the five target languages. Compared
with LiLL Polish, statistically significant improve-
ments are consistently observed for Ko and Ja,
whereas differences in De and Fr are not statisti-
cally significant. Zh exhibits mixed behavior across
MELT variants, with MELT-LLM significantly out-
performing LiLL Polish, while MELT-Hybrid and
MELT-MAS significantly favor LiL Polish. These
results suggest that the apparent preference differ-
ences between MELT and LiL Polish in De and Fr
fall within the range of sampling variability rather
than reflecting consistent performance differences.
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Symbol Stage Value Description

T, Detect (surface) 2.0 comma over-use z-threshold

TioU Detect (merge) 0.5 hybrid merge IoU cutoff

Tdeg Verify (surface) 0.5 surface gate degradation tolerance

TH(f) Verify (NLI) [0.65, 0.75]  bidirectional NLI threshold (per language)
w'? Debate 0.6 native priority weight (d € Dsel)

Tdebate Debate 0.5 debate gate confidence threshold

dec Debate 0.3 round-1 consensus tolerance

Table 7: Default hyperparameter values for MELT. All values are determined on a 200-sentence pilot subset of

FLORES-Ko/Zh and applied directly to the remaining three languages. Only the per-language 7

language.

I Calibration Metrics

We report a per-language decomposition of the
|Aop| (average across the five languages) from Ta-
ble 2 in §3.3.

The Ap of MELT-MAS is most accurately cal-
ibrated to Oracle PE across four languages (Ko,
Ja, De, Fr) within |A| < 3, whereas LiL Polish
shows inconsistent calibration with over-shoot of
+6.9/4-9.3 in De/Fr and under-shoot in Ja/Zh. In
particular, Zh is an outlier with Ao values 1.5-2
times larger than other languages (Ko 25.3 vs. Zh
45.8), and all methods under-shoot in Zh due to a
Zh-specific reference distribution gap. In terms of
LC-PE, LiL Polish shows the highest performance,
suggesting that judge preference may be influenced
not only by verbosity but also by more general
stylistic bias. Table 13 reports the per-language
calibration metrics on FLORES.

Table 14 reports the results of an additional hu-
man evaluation conducted on 10% of the evalua-
tion data for each target language (101 samples per
language) to examine whether the proposed calibra-
tion metric is associated with human-perceived nat-
uralness. Native speakers of each target language
directly evaluate the naturalness of translations pro-
duced by LiL Polish and MELT, with the human
reference serving as the Oracle condition. MELT
achieves a mean calibration error of 4.0pp in the
human evaluation, which is 1.8pp lower than the
5.8pp of LiL Polish. This provides evidence that
MELT’s lower calibration error is not solely at-
tributable to LLM judge preferences, but also cor-
responds to a preference distribution closer to that
of the human reference under direct human judg-
ments of naturalness.

()

-5 1s calibrated per

J Per-rubric Mean Likert Score

Tables 21, 22, and 23 report the mean Likert scores
for each rubric assigned by the three LLM judges.

K Judge-Free Stylometric Analysis of
Translationese Recovery

To complement LLM-judge-based evaluation, we
additionally conduct a judge-free stylometric anal-
ysis using classical authorship attribution tech-
niques (Patchala and Bhatnagar, 2018).

K.1 Human-reference Style Recovery in the
Multilingual Translation Setting.

We apply the same stylometric probe to the FLO-
RES translation benchmark to analyze whether
MELT shifts raw MT toward the human-reference
translation style. Since FLORES does not contain
author labels, we reformulate the problem as a 2-
class style discrimination task that distinguishes
human references (H) from raw MT (M), replac-
ing the conventional authorship attribution setup.
We construct character trigram, POS trigram, and
function-word-based templates from Oracle refer-
ences and raw MT, and assign the stylometric sig-
nature of each output to the nearest template based
on KL divergence. We measure the proportion of
outputs classified as Oracle-reference style in Ta-
ble 16.

The experimental results show that only 36.4%
of raw MT outputs are classified as human-
reference style based on character trigrams,
whereas actual human translations record 60.0%,
confirming that distinguishable stylometric differ-
ences exist between human translations and MT
even in the direct MT setting of FLORES. All
editing methods shift raw MT toward the human-
reference style, with MELT-LLM showing the
largest improvement. This suggests that training-
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Role Display name

Provider / full ID

Editor (post-editing generation)
Editor (all GPT-40-mini
methods)

openai/gpt-4o0-mini

LLM judges (9-rubric pairwise, position-swap)
Default judge Claude-haiku 4.5

Cross-judge  Gemini-2.5-Pro

Cross-judge  GPT-5

anthropic/claude-haiku-4-5
google/gemini-2.5-pro
openai/gpt-5

Native judges (selective debate, Ko/Zh/Ja/De/Fr)

Ko native EXAONE-4.0-32B
judge

Zh/Ja/De/Fr  Qwen3-32B

native judge

LGAI-EXAONE/EXAONE-4.0-32B

Qwen/Qwen3-32B

Reference-free metric backbones

PPL (LiL Qwen2.5-7B
Lex/Len/PPL)

BERTScore + XLM-RoBERTa-large
MAUVE

cos similarity paraphrase-multilingual-MPNet

Qwen/Qwen2.5-7B
xlm-roberta-large

sentence-transformers/paraphrase-multilingual-mpnet-base-v2

Forward / back MT (monolingual setup)

Forward / GPT-40-mini
back MT

openai/gpt-4o-mini

Table 8: Model cards. All closed-source API calls are routed through OpenRouter and executed under identical
conditions of the prompt using nine rubrics, position swap, and temperature = 0.

NLI entailment rate (1)
Method Ko Zh Ja De Fr
MT only 987 885 1.00 1.00 1.00
LiL Polish (Li et al., 2025) .993 885 .999 .998 .999
MELT-Hybrid 992 894 993 997 .999
MELT-MAS 991 892 989 999 .999

Oracle (human reference) 1.00 1.00 1.00 1.00 1.00

Table 9: Auxiliary NLI metric reported alongside PE in
Table 2. NLI = bidirectional NLI entailment rate based

on multilingual XNLI / KorNLI / OCNLI; threshold

Tn(f) is calibrated to the per-language 95%-tile. Higher

values indicate better meaning preservation.

free editing can partially recover general human
translation style in the multilingual MT setting. In
particular, the human-reference ceiling itself was
as low as ~50% in De and Ko, suggesting that hu-
man translations and raw MT are stylometrically
relatively close in these languages.

K.2 Judge-free Validation: Authorship
Attribution and Recovery Ceiling.

As an additional analysis that excludes dependence
on LLM judges, we apply classical stylometric au-
thorship attribution (Patchala and Bhatnagar, 2018).
Specifically, we construct per-author relative fre-
quency templates based on character trigram, POS

trigram, and function-word features, and attribute
test texts to the author with the minimum KL diver-
gence. In the experiments, each author’s original
texts are split into template and test sets, and at-
tribution is performed among approximately 10
candidate authors (Table 17).

The original texts achieve a macro attribution
accuracy of 45.9%, reaching 49.8% when character
trigrams are used alone. However, after round-trip
MT, performance collapses to 20.2%, approaching
chance level (~10.3%). This analysis also reveals
a clear recovery ceiling for training-free editing.
All editing methods partially shift surface stylomet-
ric statistics toward the human-reference direction,
but none recover the author-specific idiolect fin-
gerprints lost during the MT process. In practice,
no method including MELT achieves authorship
recovery that meaningfully exceeds the MT base-
line (~20%). This is interpreted as editing methods
normalizing outputs toward a more general fluent
translation style rather than reconstructing the style
of a specific author. Sentence-level style cosine sim-
ilarity shows the same tendency (original: 0.284,
MT: 0.225, all methods: ~0.221). Taken together,
we confirm that training-free editing can recover
surface stylometric characteristics such as comma
usage, lexical regularity, and phrasing, but cannot
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Method Calls / sample (]) Generated tokens / sample (|) Latency / sample (s) () Cost /1,012 samples (USD) ()

Naive Polish 2.0 224 53 0.35
LiL Polish (Li et al., 2025) 2.0 237 53 0.36
Self-Refine 6.9 738 18.9 0.86
MELT-LLM 3.0 351 7.1 0.54
MELT-Hybrid 3.0 352 7.4 0.55
MELT-MAS 10.3 2,581 98.5 1.80

Table 10: Computational cost and efficiency across methods, averaged over the five target languages. Calls, generated
tokens, and end-to-end latency are reported per sample, while total API cost is reported for 1,012 samples. LLM
judge costs are excluded from the reported API cost.

Lang Method BERT-F11 cosT LexJSD] Alen Acomma Aem-dash

MT only 0.949 0957 03564 +0.018 +0.29 +0.001
Naive Polish 0.949 0.957 0.3581 +0.005  +0.31 +-0.000
LiL Polish 0.949 0957 03603 +0.017 +0.31 +0.000
Ko MELT-LLM 0.948 0957 03691 —0.046 40.22 +-0.001
MELT w/o 0.948 0957 03652 —0.039 +0.14 +0.000

MELT-MAS 0.948 0958 03661 —0.038 40.17 +0.001
Self-Refine 0.948 0957 03623 —0.009 +0.21 +0.000

MT only 0.951 0.927 0.0227 —-0.033 +40.11 +0.001
Naive Polish 0.952 0928 0.0223 —0.038 +40.21 +0.001
LiL Polish 0.951 0926 0.0230 —0.023 +40.20 +0.001
Zh MELT-LLM 0.950 0926 0.0233 —-0.126 +40.38 +0.001
MELT w/o 0.950 0929 0.0226 —0.080 40.03 +-0.000

MELT-MAS 0.950 0928 0.0222 —-0.077 40.05 +0.000
Self-Refine 0.950 0927 0.0218 —0.057 40.26 +0.001

MT only 0.952 0.892 0.0124 +0.041  +0.14 +0.001
Naive Polish 0.952 0.892 0.0113 +0.033  +0.14 +0.001
LiL Polish 0.951 0.890 0.0113 40.051 40.11 +0.001
Ja MELT-LLM 0.949 0.892 0.0147 —-0.106 +40.18 +0.001
MELT w/o 0.949 0.892 0.0149 —-0.103 +40.19 +0.001

MELT-MAS 0.950 0.892 0.0141 —-0.096 +0.18 +0.001
Self-Refine 0.949 0.891 0.0110 —0.015 +40.11 +0.001

MT only 0.963 0962 0.1156 —0.002 +40.18 +0.001
Naive Polish 0.962 0.961 0.1142 —0.001  40.12 +-0.001
LiL Polish 0.961 0960 0.1184 +0.019 +0.11 +0.001
De MELT-LLM 0.960 0961 0.1207 —-0.031 40.10 +-0.001
MELT w/o 0.960 0960 0.1188 —0.033 +0.07 +0.001

MELT-MAS 0.960 0.960 0.1211 —-0.034 +40.05 +-0.001
Self-Refine 0.959 0961 0.1207 —-0.022 +40.16 +0.002

MT only 0.968 0964 0.0623 +40.001 —0.02 —0.004
Naive Polish 0.967 0962 0.0644 —0.001 40.03 —0.006
LiL Polish 0.965 0960 0.0703 +0.016  +0.04 —0.005
Fr MELT-LLM 0.964 0959 0.0720 —0.047 40.00 —0.006
MELT w/o 0.964 0958 0.0704 —0.045 —0.05 —0.006
MELT-MAS 0.965 0960 0.0692 —0.041 —0.05 —0.006
Self-Refine 0.965 0959 0.0676 —0.020 —0.00 —0.004

Table 11: Stylometric divergence of each method’s output from the FLORES human reference (n=1,012 per
language).
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Comparison Ko Zh Ja De Fr

MELT-LLM — LiL Polish (Li et al., 2025) +4.2[2.0, 6.6] +45[1.8,74]  +8.6[5.5,11.6]  -1.0[-32,1.1]  +0.5[-1.6,2.6]
MELT-Hybrid — LiL Polish (Li et al., 2025) +26[02,50]  -4.6[72,20] +9.0[6.0,11.8] -1.9[-43,05]  -2.1[-4.2,0.0]
MELT-MAS — LiL Polish (Li et al., 2025) +32[08,55]  -4.1[-6.6,-1.7] +10.8[8.0,134] -05[-2.9,19]  -04[-2.5, 1.7]

L
MELT-LLM — Self-Refine (Madaan et al., 2023) +13.6 [10.5,16.7] +15.8[12.9, 18.9] +20.2[16.5,23.9] +20.1[16.8,23.3] +26.7 [23.8,29.8]

Table 12: Pairwise differences in Prefer-Edit Rate (PE) between MELT variants and baselines across languages.
Values denote absolute percentage-point differences with 95% bootstrap confidence intervals.

Ao (signed, pp)
Method Ko Zh Ja De Fr
MT only —25.3 —45.8 —44.5 —43.0

| LC-PE (length-controlled, %)
| Ko Zh Ja De Fr
—-40.9| 00 00 00 0.0 0.0

Naive Polish -1.3 —121 —-154 +23 +5.7 |21.2 332 275 455 463
LiL Polish (Li et al., 2025) -0.1 —-104 -125 +6.9 493 |249 36.8 334 523 529
Self-Refine (Madaan et al., 2023) —5.9 —18.5 —15.2 —-12.5 —-17.8|13.6 244 195 282 193
MELT-LLM (ours, ablation) +39 =59 419 428 +6.6 |146 27.7 200 42.1 387
MELT-Hybrid +24 -21.3 +1.7 405 +2.4 |149 185 204 399 348
MELT-MAS +09 -224 411 +1.2 430 |13.1 178 21.2 404 36.2

Table 13: Per-language calibration metrics on FLORES

Method Ko Zh Ja De

Fr | mean Ao |

LiL Polish 542 626 64.6 615 628 5.8
MELT 576 650 613 664 68.1 4.0
Oracle 57.1 707 687 714 669 —

Table 14: Human naturalness preference rates on 10%
of the evaluation data for each target language. The final
column reports the mean absolute deviation from the
Oracle preference distribution.

restore the fine-grained authorial identity removed
by MT.

Dual-track Evaluation Metrics. This dissocia-
tion supports the evaluation methodology recom-
mended in this paper. LLM judge PE remains a
valid user-facing quality proxy for production de-
ployment, as end users also tend to be LLM-style
friendly, but the effects of stylistic preservation
and translationese removal must be measured sep-
arately using stylometric distance metrics. Since
MELT’s verification gate maintains the stylometric
distribution in the direction of the reference with-
out inflating LLLM judge PE, the trade-off along
both axes is clearly separated and measured.

L Qualitative MELT post-editing
examples

Table 18 (phrase-level; Fr, De) and Table 19
(sentence-level; Zh, Ja, Ko) present representa-
tive examples showing how translationese pat-
terns in GPT-40-mini literal translations across five
target languages are corrected through MELT’s
detect —edit — verify pipeline. Red spans in-

dicate translationese traces identified by MELT’s
typology-aware detector, while blue spans indicate
portions rewritten by MELT into target-native ex-
pressions. All examples are preferred over the LLM
output by all three judges (Claude Haiku 4.5 / Gem-
ini 2.5 Pro / GPT-5) with an avg.avg. score > (.56;
PPL measured by Qwen2.5-7B also decreases in
all cases (—1.1 ~ —5.1).

Per-category Detection Statistics. Table 20
presents the aggregated results of translationese
detected by &Py, and Py on FLORES raw
MT, broken down by top-level taxonomy cate-
gory (n=1,012/lang). As these figures represent
detector-flagged span counts, they are used for rel-
ative cross-lingual trend analysis rather than as ab-
solute counts based on human-annotated gold la-
bels. Naturalness is detected at high frequency in
Korean, Chinese, and Japanese. Surface form is rel-
atively prominent in Chinese, showing a large gap
compared to other languages. Register is strongly
concentrated in Korean, and is rarely detected in
Chinese and French. This indicates that English-
structure mimicry is a language-universal core
characteristic of translationese. Faithfulness and
Voice show low overall frequency but are relatively
distributed across multiple languages. These re-
sults demonstrate that translationese exhibits both
universal characteristics and typology-conditioned
language-specific biases.

Per-category Post-editing Performance. Fig-
ure 4 presents a comparison of MELT’s post-
editing performance broken down by taxonomy
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Lang Method MAUVE? cosT BERT-F11 LexJSD| Alen Acomma PE H/G/G51
Ko

MT (round-trip) 0.010 0.851 0.892 0.5333 —0.084 +0.79 ——/—
Naive Polish 0.010 0.850 0.892 0.5336 —0.086  +0.77 5.6/5.1/3.6
LiL Polish (Li et al., 2025) 0.012 0.851 0.891 0.5346 —0.073  +0.78 9.2/16.8/ 8.7
Self-Refine (Madaan et al., 2023) 0.014 0.850 0.892 0.5333 —0.084 +0.75 1.5/3.6/2.0
MELT-LLM — 0.848 0.891 0.5367 —0.103 +0.67 6.6/12.8/ 5.6
MELT-Hybrid 0.013 0.848 0.891 0.5359 —0.102 +40.68 7.1/7.7/ 6.1
MELT-MAS 0.010 0.849 0.891 0.5361 —0.100 +40.67 8.2/8.2/5.6
Zh (TOC entries filtered; n=135)

MT (round-trip) 0.018 0.887 0.905 0.2626  4+0.030 —1.08 ——/—
Naive Polish 0.027 0.882 0.903 0.2650 —0.002 —1.05 11.9/17.0/14.8
LiL Polish (Li et al., 2025) 0.030 0.883 0.903 0.2658  40.007 —1.02  25.2/54.8/28.9

Self-Refine (Madaan et al., 2023) 0.015 0.880 0.902 02664 —0.011 —1.10 5.9/14.1/ 8.1

MELT-LLM — 0.880 0.902 0.2681 —0.029 —1.02 5.9/10.4/ 8.9
MELT-Hybrid 0.011 0.883 0.902 0.2654 —0.019 —1.07 2.2/9.6/5.9
MELT-MAS 0.011 0.883 0.902 0.2655 —0.018 —1.09 5.2/6.7/5.9
Ja
MT (round-trip) 0.032 0.834 0.879 0.0608 +0.010 +40.06 ——/—
Naive Polish 0.020 0.834 0.878 0.0609 +40.007  +0.07 8.5/11.5/13.0
LiL Polish (Li et al., 2025) 0.015 0.834 0.878 0.0605 40.020 +0.06  10.5/43.5/22.0
Self-Refine (Madaan et al., 2023) 0.020 0.829 0.877 0.0620 —0.017 —0.04 3.5/22.0/13.0
MELT-LLM — 0.826 0.877 0.0609 —0.089 —0.04 15.5/36.0/20.5
MELT-Hybrid 0.023 0.829 0.877 0.0609 —0.092 4+0.01  19.0/43.5/23.0
MELT-MAS 0.018 0.827 0.877 0.0608 —0.092 +0.01  18.0/44.0/24.0
De
MT (round-trip) 0.950 0.964 0.963 0.1456  40.027 —0.04 ——/—
Naive Polish 0.893 0.961 0.960 0.1487 40.029 +0.04  31.0/30.5/28.0
LiL Polish (Li et al., 2025) 0.967 0.962 0.960 0.1525 40.034 +0.05  37.5/44.5/29.5
Self-Refine (Madaan et al., 2023) 0.933 0.958 0.958 0.1516  4+0.029 —0.00 12.0/10.5/13.0
MELT-LLM — 0.959 0.957 0.1518  +0.020 +0.02  20.5/20.5/16.0
MELT-Hybrid 0.961 0.959 0.958 0.1507 +40.019 —0.04 16.5/21.0/19.0
MELT-MAS 0.939 0.961 0.958 0.1506  40.022 —0.02 17.0/17.0/13.5
Fr
MT (round-trip) 0.297 0.941 0.939 0.3561 40.020 —0.07 ——/—
Naive Polish 0.252 0.934 0.930 0.3661 40.019 —0.09 28.1/34.1/34.6
LiL Polish (Li et al., 2025) 0.290 0.931 0.928 0.3707 +0.038 —0.07 29.5/41.9/38.7
Self-Refine (Madaan et al., 2023) 0.266 0.935 0.934 0.3641 40.009 —0.09 14.7/13.3/16.5
MELT-LLM — 0.931 0.931 0.3710 —0.017 —0.09  23.9/29.4/28.0
MELT-Hybrid 0.264 0.932 0.931 0.3707 —0.015 —0.13  25.2/30.3/28.0
MELT-MAS 0.286 0.933 0.932 0.3704 —0.012 —0.12  29.4/36.2/31.2

Table 15: Author-style recovery experiment (Frame A + B combined): distributional alignment and LLM judge
preference comparison between the original texts of five languages x 49 pre-LLM-era authors / 972 paragraphs and
each method’s output. Pipeline: original — English (forward MT) — target language (back MT, “MT round-trip”
baseline; reference with strongly injected LLM-ese) — “editing by each method to attempt recovery of the original
author’s style” PE H/G/GS = 3-judge prefer-method rate (%, method output vs. round-trip baseline).
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Reference-style rate (% H, 5-lang macro-avg)

Condition char3 POS-tri func comb.
Human reference (H) 60.0 533 55.0 58.0
raw MT (M) 364 439 496 40.6
Naive Polish 395 436  50.6 423
LiL polish (Li et al., 2025) 39.8 45.0 509 43.0
Self-Refine (Madaan et al., 2023)  41.1 449 487 429
MELT-LLM 42.8 453 512 45.0
MELT-Hybrid 419 46.2 50.5 44.4
MELT-MAS 41.9 46.5 508 44.9
Chance (2-class) 50.0

Table 16: Judge-free FLORES style discrimination: 2-
class nearest-template classification (human reference
H vs raw MT M) over the same features as Table 17
(Patchala and Bhatnagar, 2018). Metric is the reference-
style rate (% classified as H), 5-lang macro-average. All
editors shift raw MT toward human-reference style and
MELT-LLM shifts it most.

Attribution acc. (%), 5-lang macro-avg)

Condition char3 POS-tri func comb.
Original (author) 49.8 28.7 226 45.9
MT round-trip 222 16.2 16.9 20.2
Naive Polish 223 16.3 16.9 194
LiL polish (Li et al., 2025) 20.9 17.4 15.6 20.6
Self-Refine (Madaan et al., 2023)  22.9 16.5 16.6 20.6
MELT-LLM 222 16.7 159 21.4
MELT-Hybrid 22.4 16.6 15.5 20.6
MELT-MAS 22.4 18.2 14.7 20.2
Chance ~10.3

Table 17: Judge-free authorship attribution accuracy
(Patchala and Bhatnagar, 2018; per-author KL template
matching over character trigrams / POS trigrams / func-
tion words / combined), 5-lang macro-average over ~10
candidate authors. MT Round-trip collapses author iden-
tifiability toward chance and no training-free editor re-
stores it above the MT floor.

category for translationese detected by Py, and
Dy (five languages pooled, 3-judge average PE).
All MELT variants show consistent improvements
over raw MT across all categories. In particular,
MELT-LLM records high PE in most categories,
with notably large improvements in naturalness and
surface form. This is consistent with the calibration
results in Table 2.

M Cross-family Editor Evaluation

Table 24 shows the results across three editor fami-
lies. GPT-40-mini, Claude Haiku 4.5, and Gemini
2.5 Flash are used as editors while keeping the
remaining MELT pipeline unchanged. All meth-
ods are evaluated using a single Claude Haiku 4.5
judge.

MELT exhibits stable performance across differ-
ent editor families. MELT-LLM or MELT-Hybrid
achieves higher PE than LiL Polish in 11 of the 15
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editor-language combinations. The MAUVE metric
also remains consistently high across all editor fam-
ilies, indicating stable distributional alignment with
human references regardless of the editor model. In
contrast, LiLL Polish shows substantial degradation
under the Claude Haiku 4.5 editor, where MAUVE
drops to 0.03 (Zh) and 0.31 (Ja). Inspection of the
generated outputs reveals that LiL. Polish frequently
returns the original MT without editing under this
editor (no-edit rates of 92%, 82%, and 57% for
Ko, De, and Ja, respectively), suggesting that its
behavior is more sensitive to the prompt—editor
combination. Calibration results show that MELT
achieves the smallest | A | under GPT-40-mini and
Claude Haiku 4.5, whereas all methods overshoot
the Oracle under Gemini 2.5 Flash. This suggests
that the calibration behavior is more dependent on
the editor family than the judge-free distributional
alignment measured by MAUVE.



Phrase-level LLM-ese: structural calque on a single clause

Source Travellers are strongly advised to be aware of any risk of severe weather affecting their
area. ..

LLM  Les voyageurs sont fortement conseillés de se renseigner sur tout risque de conditions
météorologiques séveres affectant leur région. .. (PPL: 7.4)

MELT 1l est recommandé aux voyageurs de se tenir informés des risques de conditions
météorologiques séveres dans leur région... (PPL: 5.6 )

DETECTOR: B1_voice_shift: French does not license a person-subject étre conseillé; MELT restores the impersonal 1/ est

recommandé a. Fr-877

Source No immediate reports of damage have been received by the United States Geological
Survey (USGS) and its National Earthquake Information Center.

LLM  Esliegen keine unmittelbaren Berichte iiber Schéden vor, die vom United States Geological
Survey (USGS) und seinem National Earthquake Information Center erhalten wurden.
(PPL: 14.4)

MELT Es wurden keine unmittelbaren Berichte iiber Schiden vom Geologischen Dienst der
Vereinigten Staaten und seinem Nationalen Erdbebeninformationszentrum erhalten. (PPL:
931))

DETECTOR: D1_phrasing_unnatural: English passive “reports have been received by” calqued; English institution names
left untranslated. MELT inverts to the German active-passive “Es wurden. . . erhalten” and translates the proper nouns.De-182

Table 18: Phrase-level MELT post-editing examples. Single-clause anglicisms (red) flagged by MELT’s typology-
aware detector and rewritten into target-native phrasing. PPL drops with the rewrite. See Table 19 for sentence-level
cases.

Per-category MELT performance vs raw MT (FLORES, 3-judge avg)

w
5]
1

s MELT-LLM mm MELT-Hybrid B MELT-MAS

Faithfulness Voice Register Naturalness Surface
form

Prefer-edit rate (PE, %)
un — N N w
o (9,1 o w1 o

w
1

0.

Figure 4: Per-category MELT performance on detector-flagged subsets from FLORES raw MT (pooled across the
five languages). Bars denote PE averaged across three judges (Claude Haiku 4.5, Gemini-Pro, GPT-5). All MELT
variants consistently improve over raw MT, while MELT-LLM achieves the strongest gains in most categories,
particularly naturalness and surface form.
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Sentence-level LLM-ese: clause-coordination and register mismatch

Source As NSA, he assisted Carter in diplomatically handling world affairs, such as the Camp
David Accords, 1978; normalizing US-China relations. . .

LLM (R4, (B AE A4 22 ERRIE S, Ban19784E AL ; 4519704 AR IE & (b e
S A A, B9T9ME I HEA A fEHL; . .. (PPL: 10.1)

MELT TR % 4], BV B4 55, G R 19784F 193 19704 e R I 1L 19794R 1y
P B S LA [ A fEML. .. (PPL: 5.5 )

DETECTOR: D1_phrasing_unnatural + D2_connective_overuse: light-verb “fF” + semicolon-separated English-style

clauses + over-formal “F”. MELT replaces with native “{T.... #f” and merges the list with « =/« H.5 7). Zh-019

Source Mass car ownership also leads to a higher incidence of accidents on the roads, which leads
to the invention of new techniques in healthcare. ..

LLM  KEo BHEAE EE EcofliontEz e 2nrf 5L 25 2EET
272H0H L BRIz >z ) £4 (PPL: 9.5)

MELT [ &) o S 3l co iz s v 8L 25 2805 2 5L w0 B
i227%»5% ‘(PPL: 8.4 )

DETECTOR: D1_phrasing_unnatural + D2_connective_overuse: literal “Xig o HEJE T4 + redundant pronoun-

bridge “ % nL#*” calques English “which leads to”. MELT uses native “H B 5 o % 7 + verb-chain coordination, removing

the bridge entirely. Ja-485

Source Blogs can also help improve student writing. While students often begin their blog expe-
rience with sloppy grammar and spelling, the presence of an audience generally changes
that.

LLM  ==27F sHE9 227 ok E=ol E & dFH S0l TF AT &
Wi A2z £200 e ARSI A Fol EASHH dHbA oz T d o] Hslet

ytt. (PPL: 10.1)
MELT 2271t s50] 2272 FAA 7 go] AUtk SHISL % AT 2
W E2R 2215 AESHARE ol et 19 ol gty (PPL: 5.9 )
DETECTOR: C1_honorific_mixing + D1_phrasing_unnatural: register over-formal for encyclopedic content + literal
‘;{%%83 AHE A2 + verbose “EA|5HH dutA o g2, A3l MELT compresses to “Q] ... g2t U},

Table 19: Sentence-level MELT post-editing examples. Multi-clause LLM-ese involving coordination calque (Zh/Ja)
or register/encyclopedic-tone mismatch (Ko). Every example is preferred over the LLM baseline by all three judges
with avg. score > 0.56; PPL drops accompany every rewrite.
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Category Ko Zh Ja  De Fr Al

Faithfulness 49 59 75 52 62 297
Voice 84 61 64 42 24 275
Register 177 0 13 2 0 192
Naturalness 1563 1630 1354 927 518 5992
Surface form 333 828 119 165 126 1571

Total 2206 2578 1625 1188 730 8327

Table 20: LLM-ese category distribution in raw MT
(FLORES devtest, n=1012/lang). Aggregated detector-
flagged span counts detected by Py, and Py (§2.2)
in raw GPT-40-mini translations yn,, broken down by
top-level taxonomy category. These are automatically
detected results, not human-annotated gold labels.
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Lang Method Faith. Adeq. Flu. Syn. Lex. Disc. Reg. Conc. Human \ Avg

MT only 4.78 480 439 416 421 411 448 372 3.89 4.28
LiL Polish 4.77 477 468 460 444 453 470 438 4.37 4.58
Ko Self-Refine 4.57 458 435 424 430 427 444 419 4.10 4.34
MELT-Hybrid 4.58 457 459 449 447 448 461 4.56 4.41 4.53
MELT-MAS 4.60 458 461 452 450 452 4.63 4.59 4.46 4.56
Oracle (human ref)  4.41 4.45 398 373 397 386 4.08 3.45 3.39 3.92
MT only 4.76 483 448 415 418 433 473 3.69 391 4.34
LiL Polish 4.79 4.85 479 468 451 474 489 442 4.46 4.68
7h Self-Refine 4.56 467 453 440 423 453 478 4.26 4.21 4.46
MELT-Hybrid 4.54 459 474 470 454 466 491 4.73 4.54 4.66
MELT-MAS 4.55 460 475 471 457 467 492 475 4.58 4.68
Oracle (human ref)  4.72 480 467 442 440 453 490 3.81 4.23 4.50
MT only 4.75 476 423 393 381 387 374 3.29 348 3.98
LiL Polish 4.72 4.73 463 450 429 442 453 4.13 4.28 4.47
Ja Self-Refine 4.39 438 424 413 401 408 4.19 3.99 3.95 4.15
MELT-Hybrid 4.47 4.45 450 449 438 431 427 4.66 4.33 4.43
MELT-MAS 4.47 4.44 452 450 440 434 431 4.65 4.40 4.45
Oracle (human ref) 4.58 4.59 438 423 406 396 3.81 3.47 3.81 4.10
MT only 4.69 483 453 429 421 444 474 3.87 3.88 4.39
LiL Polish 4.79 489 489 480 469 482 489 448 4.62 4.76
De Self-Refine 4.48 466 464 447 437 463 475 4.24 4.27 4.50
MELT-Hybrid 4.62 474 485 473 462 475 482 454 4.59 4.70
MELT-MAS 4.64 476 486 476 4.67 477 4.83 4.59 4.66 4.73
Oracle (human ref)  4.62 477 464 453 445 454 479 401 4.13 4.50
MT only 4.75 492 472 427 428 436 481 4.06 4.06 4.47
LiL Polish 4.68 490 494 484 466 476 495 4.57 4.66 4.77
Fr Self-Refine 4.42 469 473 448 430 449 485 4.42 4.26 4.52
MELT-Hybrid 4.48 469 493 484 467 464 491 4.77 4.67 4.73
MELT-MAS 4.52 472 496 489 472 470 492 479 4.75 4.77
Oracle (human ref)  4.53 477 479 447 435 439 485 4.03 422 4.49

Table 21: Per-rubric mean Likert score (1-5, 1) assigned by Claude Haiku 4.5 using nine rubrics. Each
cell represents the mean 1-5 Likert score assigned by the LLM judge to the output of the corresponding
method (Oracle = human reference). The final Avg column is the simple average across the nine rubrics.
Rubric definitions: Faith.=faithfulness, Adeq.=adequacy, Flu.=fluency, Syn.=syntax, Lex.=lexicon, Disc.=discourse,
Reg.=register/punctuation, Conc.=conciseness, Human=human-likeness. For the LLM judge prompt definition
using nine rubrics.Table 2 is computed based on the Likert scores in this table, while this table reports the mean
Likert scores themselves for each method.
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Lang Method Faith. Adeq. Flu. Syn. Lex. Disc. Reg. Conc. Human | Avg

MT only 4.66 481 442 431 441 482 492 440 4.26 4.56
LiL Polish 4.80 492 480 482 479 496 499 475 4.68 4.83
Ko Self-Refine 4.53 469 459 466 469 490 494 464 4.46 4.68
MELT-Hybrid 4.57 468 479 484 484 495 499 491 4.67 4.80
MELT-MAS 4.61 468 482 485 484 494 499 492 4.72 4.82
Oracle (human ref) 4.23 448 433 441 430 486 478 4.42 4.18 4.44
MT only 4.61 481 452 429 431 478 491 4.40 4.19 4.54
LiL Polish 4.77 492 490 481 474 498 499  4.68 4.74 4.84
7h Self-Refine 4.60 478 473 4.68 456 496 498 4.63 4.53 4.72
MELT-Hybrid 4.53 4.65 494 493 471 492 499 4091 4.78 4.82
MELT-MAS 4.56 467 494 489 474 494 500 492 4.79 4.83
Oracle (human ref)  4.54 477 480 471 456 494 492 454 4.61 4.71
MT only 4.67 480 420 422 417 488 492 426 4.05 4.46
LiL Polish 4.81 492 479 489 476 497 498 4.70 4.70 4.84
Ja Self-Refine 4.48 462 453 472 462 492 491 4.61 4.44 4.65
MELT-Hybrid 4.49 455 482 494 488 496 492 495 4.76 4.81
MELT-MAS 4.50 456 484 494 489 496 494 496 4.79 4.82
Oracle (human ref)  4.37 4.53 463 477 458 494 493 4.55 4.53 4.65
MT only 4.66 491 441 455 428 496 486 4.52 421 4.60
LiL Polish 4.80 498 492 497 481 499 495 4.78 4.84 4.89
De Self-Refine 4.52 479 460 475 452 499 493 4.64 4.48 4.69
MELT-Hybrid 4.64 487 490 495 477 499 496 4.85 4.81 4.86
MELT-MAS 4.66 487 491 496 479 499 496 4387 4.84 4.87
Oracle (human ref)  4.57 487 468 483 455 498 493 4.56 4.56 4.73
MT only 4.64 489 460 458 441 484 486 4.69 4.28 4.64
LiL Polish 4.73 496 496 496 481 499 495 4.74 4.87 4.89
Fr Self-Refine 4.43 479 466 474 449 496 493 4.66 4.43 4.68
MELT-Hybrid 4.51 479 495 495 478 497 499 491 4.83 4.85
MELT-MAS 4.56 479 497 498 482 497 499 4091 4.88 4.87
Oracle (human ref)  4.42 480 479 483 452 494 495 4.60 4.58 4.71

Table 22: Per-rubric mean Likert score (1-5, 1) assigned by Gemini 2.5 Pro using nine rubrics. All other settings
are identical to Table 21.
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Lang Method Faith. Adeq. Flu. Syn. Lex. Disc. Reg. Conc. Human | Avg

MT only 4.49 472 445 439 439 468 4.67 429 441 4.50
LiL Polish 4.61 482 474 467 467 491 493 453 471 4.73
Ko Self-Refine 443 465 456 452 454 480 483 450 4.54 4.60
MELT-Hybrid 4.46 4.65 474 470 474 490 493 477 4.74 4.74
MELT-MAS 4.48 4.64 477 473 476 490 493 479 4.76 4.75
Oracle (human ref)  3.90 423 401 400 397 440 430 398 3.99 4.09
MT only 4.44 4.66 457 453 438 4.64 470 447 4.48 4.54
LiL Polish 4.58 478 486 4.82 468 491 496 4.67 4.83 4.79
7h Self-Refine 4.36 459 470 465 444 479 489 463 4.65 4.63
MELT-Hybrid 4.36 451 488 485 4.69 489 497 492 4.86 4.77
MELT-MAS 4.40 454 488 485 473 490 497 491 4.86 4.78
Oracle (human ref)  4.21 446 460 458 431 467 468 443 4.54 4.50
MT only 4.50 4.69 443 444 425 466 482 424 4.37 4.49
LiL Polish 4.72 485 480 481 465 491 496 452 4.76 4.78
Ja Self-Refine 4.38 453 453 454 439 471 483 450 4.51 4.55
MELT-Hybrid 4.40 451 468 471 467 483 482 490 4.68 4.69
MELT-MAS 4.45 455 469 472 470 484 484 489 4.70 4.71
Oracle (human ref)  4.17 434 444 445 422 461 476 422 4.40 4.40
MT only 4.49 480 448 4.62 427 484 478 439 4.40 4.56
LiL Polish 4.70 491 488 494 473 498 491 4.68 4.85 4.84
De Self-Refine 4.34 467 460 472 437 491 485 454 4.55 4.62
MELT-Hybrid 4.56 480 486 492 469 498 492 478 4.83 4.82
MELT-MAS 4.57 4.81 487 492 472 498 490 4.8l 4.85 4.83
Oracle (human ref)  4.38 473 459 475 436 489 4381 4.46 4.54 4.61
MT only 4.53 490 456 450 437 469 472  4.60 4.50 4.60
LiL Polish 4.71 495 492 491 479 497 493 478 491 4.87
Fr Self-Refine 4.40 481 464 460 440 484 483 4.67 4.61 4.64
MELT-Hybrid 4.58 486 491 489 478 496 497 491 4.90 4.86
MELT-MAS 4.61 487 493 492 480 496 498 491 492 4.88
Oracle (human ref)  4.33 475 467 465 443 479 484 460 4.65 4.63

Table 23: Per-rubric mean Likert score (1-5, 1) assigned by GPT-5 using nine rubrics. All other settings are identical
to Table 21.
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Ko Zh Ja De Fr

Method PEt MAUVEtT PET MAUVE! PEf MAUVE?T PEt MAUVEtT PET MAUVE?D |Aol)
GPT-40-mini

LiL Polish (Li et al., 2025) 25.3 .90 35.4 .90 31.9 .93 49.9 97 50.2 .98 7.8

MELT-LLM 29.2 94 39.8 .90 46.3 .90 45.8 .95 474 97 4.2

MELT-Hybrid 27.8 91 24.4 93 46.1 93 43.5 .96 43.3 98 5.7
Claude Haiku 4.5

LiL Polish (Li et al., 2025) 5.8 .81 65.5 .03 29.6 31 11.6 12 11.9 .19 22.9

MELT-LLM 39.1 93 53.1 .90 66.4 .93 55.3 .96 48.9 97 12.7

MELT-Hybrid 344 93 32.5 .94 65.5 .92 53.8 .96 45.7 97 11.8
Gemini 2.5 Flash

LiL Polish (Li et al., 2025) 30.3 .89 63.3 72 57.9 .90 53.0 94 50.3 93 11.1

MELT-LLM 454 .94 62.6 92 73.7 95 65.8 .97 63.6 .97 22.3

MELT-Hybrid 39.7 92 30.2 92 73.7 .94 62.8 .98 53.5 97 18.3

Oracle (Haiku 4.5) 25.3 — 45.8 — 44.5 — 43.0 — 40.9 — —

Table 24: Editor generalization results across three LLM families.
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