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Abstract

Large language models (LLMs) are increas-
ingly used for machine translation, yet their out-
puts often contain additional text beyond the
translation itself, such as language labels, ex-
planations or bilingual repetitions, which we
term translation noise. Despite its prevalence,
this problem lacks dedicated benchmarks and
systematic study. We analyze over 790,000
translation outputs from 12 LLMs across 22
language pairs (LPs) and identify 12 recurring
noise patterns, which we group into formatting
and content noise. Building on the observed
patterns, we construct TransClean, a con-
trolled benchmark of 9,900 pairs of noisy and
clean translation outputs, comprising 8,800
synthetically generated instances and 1,100
manually curated authentic instances. We eval-
uate two extraction approaches on the Trans-
Clean benchmark: 1) a span-based extraction
method leveraging translation quality estima-
tion models for span detection, and 2) an LLM-
based extraction method that prompts an LLM
to isolate the translation. Our benchmark and
analysis provide the first systematic framework
to evaluate and improve the cleanliness of LLM
translation outputs.

1 Introduction

Large language models (LLMs) are rapidly re-
shaping the landscape of machine translation
(MT). LLMs can perform high-quality translation
through prompting alone and increasingly match
or even surpass task-specific MT systems in many
scenarios (Zhang et al., 2023; Vilar et al., 2023;
Kocmi et al., 2024; Xu et al., 2024). The flexibil-
ity and multilingual capacity of LLMs have led to
widespread adoption in both research and deploy-
ment settings, from systems developed for the Con-
ference on Machine Translation (WMT!) shared
tasks (Kocmi et al., 2025) to large-scale commer-
cial platforms such as Google Translate (Caswell,

"https://www2.statmt.org/

581

2024) and social media services like Instagram
(Meta Al, 2026). As LLMs increasingly serve as
translation engines, understanding and standardiz-
ing their outputs becomes critical.

However, LLLM translations often contain addi-
tional text beyond the translation itself. Instead
of producing a single target-language translation,
models may prepend language labels, append ex-
planations, repeat the source sentence, or provide
cultural commentary. While such behavior can
be helpful in interactive settings, it introduces a
systematic challenge for automatic evaluation and
downstream integration. Standard MT evaluation
pipelines assume that model outputs consist solely
of the translation. Extra content can distort metric
scores and introduce inconsistencies in large-scale
benchmarking. We refer to this phenomenon as
translation noise: any content in an LLM output
that is not part of the intended target translation.

In preliminary experiments across multiple mod-
els and prompts, we observe that translation noise
is not rare. For most LLMs we evaluate, 3% to
999%? of the translation outputs contain additional
explanatory or formatting text. Although carefully
engineered prompts (e.g., “Output the translation
only.”) reduce this behavior, they do not fully elim-
inate it. The prevalence and form of noise vary sub-
stantially across models, reflecting differences in
instruction-following abilities. As a result, clean
translation cannot be reliably guaranteed through
prompting alone.

Despite its practical importance, translation
noise has not been systematically studied. Prior
work has examined related issues such as instruc-
tion following in multilingual settings (Li et al.,
2024), instruction forgetting (Chen et al., 2023),
and undesirable behaviors such as repetitive texts
or wrong target-language outputs (Bawden and
Yvon, 2023; Wang et al., 2024). Existing studies

>We formally define and quantify the noise rate in §2.2.
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Figure 1: The process of creating TransClean to benchmark noise detection and clean translation extraction.

have largely centered either on mitigating these is-
sues through model modification or fine-tuning, or
on evaluating instruction-following capabilities by
proposing new benchmarks such as IFEval (Zhou
et al., 2023), InFoBench (Qin et al., 2024), and M-
IFEval (Dussolle et al., 2025). However, little at-
tention has been paid to analyzing noise patterns
directly in LLM translation outputs or to devel-
oping post-processing methods that recover clean
translations without altering the underlying mod-
els. This distinction is crucial in real-world deploy-
ment, where models may be proprietary, closed-
source, or too costly to retrain.

In this work, we formalize the task of clean
translation extraction: given an LLM output that
may contain translation noise, extract the span cor-
responding to the correct target-language transla-
tion. We approach this task in three steps:

1. We conduct a large-scale empirical study (§2)
of translation noise in LLM outputs, analyz-
ing over 790,000 translations from 12 LLMs
across 22 language pairs and identifying 12 re-
curring noise patterns and 2 main categories.

2. We construct TransClean?, the first bench-
mark (§3) for clean translation extraction,
comprising 8,800 synthetically noised in-
stances and 1,100 manually curated authentic
noisy examples with silver clean translations.

3https ://github.com/shenbingian/TransClean

The process of creating TransClean is illus-
trated in Figure 1.

. Using TransClean, we benchmark two ap-
proaches to extract clean translations (§4):
1) a span-based extraction method leveraging
quality estimation models for span detection,
2) an LLLM-based extractor that prompts an
LLM to isolate the translation. In this context,
we design two evaluation metrics that enable
standardized comparison.

2 Noise in LLM Translation Outputs

In order to assess the prevalence and types of noise
present in LLM-produced translations, we gener-
ate a large sample of translations for 22 language
pairs (LPs) using 12 representative LLMs and 3
prompt templates (§2.1). We then systematically
examine these translation outputs and analyze their
noise rate and patterns (§2.2 and §2.3).

2.1 Generating Noisy Translations

Data Sources We identify 22 LPs with vary-
ing resource levels and translation directions and
randomly sample 3,000 sentence pairs per LP
from four parallel corpora collections: the TED
Multilingual Parallel Corpus (Kulkarni, 2015),
the WMT20 Quality Estimation Dataset (Barrault
et al., 2020), the SwissAdmin corpus (Scherrer
et al., 2014) and the Chinese—Korean parallel cor-
pus (Park and Zhao, 2019), resulting in a test set of
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Noise% T Expl% 1 WrongL% 1
Model name PromptO0 Prompt1 Prompt2 | Prompt0 Promptl Prompt2 | PromptO Promptl Prompt2
Qwen3-30B-A3B-Instruct-2507 4.02% 3.31% 3.28% 2.95% 2.69% 2.62% 1.18% 0.64% 0.68%
Qwen3-30B-A3B-Thinking-2507 3.30% 3.26% 3.28% 2.81% 2.76% 2.78% 0.65% 0.51% 0.52%
Qwen3-4B-Instruct-2507 4.65% 3.77% 3.79% 3.03% 3.09% 3.08% 1.77% 0.70% 0.77%
Qwen3-4B-Thinking-2507 3.51% 3.66% 3.62% 2.84% 2.94% 2.91% 0.99% 0.75% 0.73%
Llama-3.2-3B-Instruct 40.58%  69.54% 7.09% | 29.47%  67.60% 3.30% | 21.67% 15.87% 4.03%
gemma-3-27b-it 97.32%  99.73% 3.24% | 97.32%  99.72% 2.79% | 31.82%  31.82% 0.46%
Qwen2.5-32B-Instruct 55.62%  28.05% 9.06% | 53.93%  26.71% 721% | 15.22% 8.08% 4.10%
DeepSeek-R1-Distill-Qwen-32B 26.75% 15.90% 4.19% | 22.22% 14.42% 2.89% | 11.92% 5.18% 1.36%
aya-expanse-32b 16.63%  31.71% 3.65% 15.03%  27.46% 3.10% 4.93%  12.47% 0.60%
Tower-Plus-72B 5.15% 5.26% 3.88% 3.34% 4.58% 3.33% 2.05% 0.94% 0.58%
t5gemma-xI1-xI-prefixIm-it 46.32%  27.64% 17.35% | 33.88% 12.86% 4.11% | 25.41% 19.35% 14.23%
DeepSeek-V3.2-Exp-671B-chat 60.72% / 3.19% | 59.17% / 2.86% | 11.65% / 0.37%

Table 1: The noise rate (Noise%), the rate of generating explanatory texts (Expl%) and the rate of outputting the
wrong target language (WrongL.%) for different prompts and LLMs. We did not run all prompts on DeepSeek-V3.2-
Exp as we see Prompt O generally leads to a higher noise rate across models.

66,000 instances in total. Detailed information on
LPs, dataset sizes, and their corresponding sources
is provided in Table A.1 in the appendix.

Prompt Templates We design three prompt tem-
plates (see Figure 2) to investigate how prompting
strategies influence the generation of noisy trans-
lations and to identify which prompt yields the
highest number of noisy instances. Prompt O is
adopted from Zhang et al. (2023), while Prompt
1 and Prompt 2 are newly designed templates.

Prompt 0

{src_lang}: {src_txt}

{tgt_lang}:

Prompt 1

Translate the following {src_lang} into
{tgt_lang}: {src_text}

Prompt 2

Translate the following {src_lang} into
{tgt_lang} and only output the target text:
{src_text}

Figure 2: Prompt templates for translation.

Model Selection Different LLMs may ex-
hibit varying tendencies in producing noisy
outputs. To capture this variability, we select
12 open-weights LLMs that span a diverse
range of model sizes, architectures, post-training
methods, and multilingual training coverage.
The selected models include decoder-only
instruction-tuned models and their reason-
ing variants, like Qwen3-4B-Instruct-2507
and Qwen3-4B-Thinking-2507 (Qwen Team,
2025); large frontier mixture-of-experts mod-
els such as DeepSeek-V3.2-Exp (DeepSeek-

Al, 2025); smaller dense models including
Llama-3.2-3B-Instruct (Meta AI, 2024) and
gemma-3-27b-it (Gemma Team et al., 2025); re-
cently released instruction-tuned encoder-decoder
models such as t5gemma-xI-xl-prefixIm-it
(Zhang et al., 2025); multilingual models includ-
ing aya-expanse-32b (Dang et al., 2024); and
Tower-Plus-72B (Rei et al., 2025), a translation-
oriented LLM fine-tuned on Qwen-2.5-72B
(Qwen Team, 2024). Details of all our models can
be found in Table A.2 in the appendix.

Inference We generate the translation outputs ex-
clusively in a zero-shot setting. The details of LLM
inference used to generate the translation outputs
are provided in Appendix B.

2.2 Noise Rate

To estimate how frequently translation noise ap-
pears in LLM outputs, we employ a lightweight
rule-based detector that captures two common
types of noise: explanatory text and text generated
in the wrong target language. The detector is in-
tended to provide a coarse estimate of noise preva-
lence rather than a complete characterization of all
noise types. The noise rate (Noise%) for a given
prompt is formally defined as:

|[EUW|
N

where IV denotes the total number of translation in-
stances, E represents the set of outputs containing
explanatory text, and W denotes the set of outputs
containing text in the wrong target language. We
further define Exp% = ‘—ﬁ' and WrongL% = %
to separately measure the proportions of explana-

tory noise and wrong-language outputs.

Noise% =

ey
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Noise pattern

Examples

Frequency Category

X =R EREAEE - NEEERA/MEE, \n\n**Explanation:**\n\n* #+0] A T o] S ZAf=s*

explanation - This translates to \”These three Hongjun warriors\” \n... 33%  content
alternatives This traffic accident cause\(? ?h39§ in Fhe rari\lwa)f‘trAatﬁc ente\rﬁ&g the gily.\n\nAllcl‘nu(i\'c translation:\n 15%  content
TR IRAE I U T N BRI 208 b A TR Lo
off-topic I am an Al assistant designed to be helpful. I can provide information, answer questions, 12%  content
and help with tasks to the best of my abilities. How can I help you today?
verbose preamble Here is the translation of \*“Vulnerable Dems air impeachment concerns to Pelosi” from English to Chinese: ... 9% formatting
bilingual output Arabic: Ulgusl ol Ul \nTranslation: 017 2N 2R 7%  content

wrong language

“source”: * ¢ligiéd poiwi Ol i, oo el zlall 3o, “target”: “S R EIRRGIL, IRENTIRIVEL,

7%  content

“translation”: “This morning you are sad, you want to listen to your song”

language prefix Arabic: L @2 iall aill 7% formatting
extra punctuation FeE iR 3% formatting
code block SRGE 3% formatting
special formatting [[\“Australian Shepherd\”]] 2% formatting
translation prefix Translation: /\IR4ERIE55 1%  formatting

cultural note

1ENTZEALEZ2H \n\n(Note: The ‘Funeral Concerto’ is not a specific well-known piece by a single composer

1% content

— this may refer to Tchaikovsky’s Piano Concerto No. 1...

Table 2: Noise patterns with examples and frequencies (%) in the dataset detected by Claude Opus 4.6. We use “...”
to denote the omitted long outputs. Text in red denotes noise.

Explanatory text is detected using regular ex-
pressions matching common explanatory mark-
ers (e.g., “explanation” and similar meta-linguistic
phrases in Appendix C). Wrong-language outputs
are identified using the fastText language identifica-
tion model (Bojanowski et al., 2017), with a confi-
dence threshold of 60%. An output is considered
noisy if either type of signal is detected. While this
rule-based detector does not capture all possible
noise types, it is sufficient, as evaluated in §4.4, for
estimating noise frequencies across prompts and
models, and identifying noisy candidates for hu-
man curation in §3.2.1.

Table 1 reports Noise% across prompts and
models. Prompt O produces the highest propor-
tion of noisy outputs among the three prompts,
particularly for wrong target-language generation,
and we therefore use its outputs for the subse-
quent noise analysis in §2.3. Among models,
gemma-3-27b-it exhibits the highest noise rates
(up to 99.73%); manual inspection confirms that
it frequently generates explanatory text alongside
translations. These high noise rates across models
and prompts underscore the need for a systematic
study of this problem and for dedicated methods to
extract clean translations for fair MT evaluation.

2.3 Noise Analysis

We utilize all 792,000 translation outputs gener-
ated by 12 models with Prompt O across 22 lan-
guage pairs for noise analysis. To identify recur-
ring noise patterns in such a large dataset, we con-
duct a two-stage analysis. First, we use an LLM,
Claude Opus 4.6 (Anthropic PBC, 2026), to assist
in summarizing and grouping similar noise behav-
iors across the outputs. Given a generated transla-

tion, the model is prompted to propose representa-
tive noise patterns, estimate their relative frequen-
cies, and extract up to ten representative examples
for each pattern*. The identified patterns and ex-
amples (see Table 2) are subsequently verified and
refined through manual inspection.

Based on this inspection, we categorize the
twelve observed noise patterns into two groups:
content and formatting noise, corresponding to
semantic and presentation-level artifacts, respec-
tively. We retain a relatively fine-grained set of pat-
terns to facilitate synthetic noise generation, while
noting that alternative taxonomies are also possi-
ble. Since manually validating the exact frequency
of each pattern at this scale is infeasible, the re-
ported frequencies should be interpreted as ap-
proximate estimates rather than precise measure-
ments.> These estimated frequencies, together
with the taxonomy, are used primarily to capture
the overall distribution of noise patterns and to sup-
port the generation of synthetic noise that reflects
realistic noise distributions, while the representa-
tive examples are used as few-shot demonstrations
for synthetic noise generation in §3.1.

As shown in Table 2, explanation accounts for
the largest share of noisy outputs (~33%), primar-
ily produced by gemma-3-27b-it and DeepSeek-
V3.2-Exp (see Table 1). Other frequent patterns in-
clude alternative translations and of f-topicre-
sponses. Generation in the wrong target language®

*All instances are saved when fewer than ten are available.

To assess their reliability, we independently reproduce
the frequency estimation using gemma-4-31B-it (Farabet and
Lacombe, 2026), which yields a strong and statistically signif-
icant positive rank correlation with Claude Opus 4.6 (Spear-
man’s p = 0.84).

®Manual inspection of saved samples suggests they are
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also contributes a notable proportion (~7%). Over-
all, content-level noise constitutes the majority of
noisy translations and is generally more challeng-
ing to handle than formatting noise.

3 Benchmark Construction

To facilitate systematic research on clean transla-
tion detection and extraction, we introduce Tran-
sClean, the first benchmark designed to evaluate
methods for removing noise from LLM-generated
translations. It comprises 9,900 paired instances of
LLM generated translations and their clean trans-
lation counterparts. Although the translations gen-
erated in §2 contain various levels of noise, their
direct use would require manual annotation of the
clean translation, which would be prohibitively ex-
pensive and require annotators with expertise in
many languages. Therefore, we adopt a hybrid
strategy instead: we generate large-scale synthetic
noisy translations using LLMs, guided by the em-
pirically observed noise patterns described in §2.3.
To further validate the realism and usefulness of
the synthetic data, we additionally curate a smaller
subset of authentic noisy translations paired with
silver clean translations. This subset enables com-
parison between synthetic and real noise scenar-
ios. The construction of the synthetic dataset
and the curated subset are described in §3.1 and
§3.2 respectively, while representative examples of
the final constructed subsets are provided in Ap-
pendix D.

3.1 Synthetic Noise Generation

Because the noise observed in LLM translation out-
puts originates from LLM generation behaviors,
we use LLMs to simulate these noise patterns. Syn-
thetic noisy translations are generated by injecting
noise patterns (Table 2) into reference translations,
which serve as clean ground-truth translations.

Noise Generation We first sample 100 instances
for each LP whose source texts contain at least 10
words’. Their reference translations are treated as
clean translations, yielding 2,200 clean instances
across the 22 LPs. Based on these clean transla-
tions, we generate noisy outputs under 3 noise cate-
gories: content, formatting, and their combination
(combo). Each category contains 2,200 instances.

mostly in English or in the source language.

"Words are defined as space-separated units for languages
using whitespace. For languages without whitespace segmen-
tation, characters are counted instead.

The specific noise pattern applied to each instance
is sampled according to the empirical distribution
observed in Table 2. As aresult, the distribution of
noise patterns in the synthetic data approximately
matches the distribution observed in LLM outputs.

In practice, noise patterns are sampled using
their empirical frequencies as weights.  For
formatting noise, including language prefix,
translation prefix, extra punctuation,
code block, and special formatting, we ap-
ply a rule-based generator that inserts formatting
artifacts into the reference translation. For the
remaining patterns, including all content patterns
and the formatting pattern verbose preamble,
we use GPT-5-mini (Singh et al., 2025) to generate
noisy translations in a few-shot prompting setup.
The demonstrations consist of representative
examples extracted during the noise analysis
stage (§2.3). The prompt template is provided in
Appendix E. For all noise patterns, the reference
translation is used as the gold clean translation,
except of f-topic and wrong language, whose
gold clean is an empty string.

Overall, the synthetic dataset contains 8,800 in-
stances distributed across four splits: three noisy
categories and one clean category. The clean
split serves as a control set to evaluate whether
extraction methods preserve already clean transla-
tions. Detailed statistics of the synthetic dataset are
shown in Table F.1.

Manual Validation To assess the realism and
correctness of the generated noise, we conduct
manual validation on a subset of the synthetic
data. Specifically, we randomly sample 10 in-
stances for each of the seven LLM-generated noise
patterns (i.e., explanation, alternatives, off-
topic, verbose preamble, bilingual output,
wrong language, and cultural note). For the
combo category, we additionally sample 30 in-
stances. This results in 100 manually inspected in-
stances covering 9 language pairs. Manual inspec-
tion confirms that the generated outputs correctly
reflect the intended noise patterns and closely re-
semble the noise behaviors in real LLM transla-
tions.®

81n the case of wrong language, we found that the LLM
typically generates text in English or in the source language,
which reflects the type of language confusion found in the
noise analysis in § 2.3.
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3.2 Curated Noisy Subset

To complement the synthetic dataset, we construct
a curated subset of authentic noisy translations
drawn from real LLM outputs. The curated sub-
set contains 1,100 instances, each annotated with a
noise pattern and a silver clean translation.

3.2.1 Authentic Noise Curation

Taking the 792,000 LLM translation outputs from
Prompt 0 in §2.1 as a starting point, we first apply
the rule-based detector described in §2.2 to filter
potentially noisy outputs, yielding 232,403 candi-
date instances. We then use GPT-5-mini to identify
authentic noisy translations among the candidate
instances. For each instance classified as noisy, the
model assigns a noise pattern label. We curate 50
instances per language pair, each annotated with its
corresponding noise pattern. We then verify the de-
tected instances to confirm they represent authentic
noise. The prompt used for this task is provided in
Appendix G.

3.2.2 Clean Translation Annotation

We employ three LLMs, GPT-5-mini, Qwen3.5-
122B-A10B (Qwen Team, 2026), and gemma-4-
31B-it to annotate the clean translation for each
noisy output. The models are provided with the
noisy translation and its corresponding noise label
as context. The prompt used for this task is shown
in Appendix H.

Agreement Instances Percentage
3/3 448 40.73%
2/3 337 30.64%
Tie 315 28.64%

Table 3: Agreement of the three LLMs on annotating
clean translations for the 1100 curated examples.

We adopt a majority voting strategy to deter-
mine the final silver clean translation. If at least
two models produce identical outputs, the shared
translation is used as the label. In 48 cases where
at least one model outputs an empty string, man-
ual inspection confirms that the corresponding out-
puts are off-topic responses, and the empty string is
therefore retained as the correct label. Agreement
statistics of the three models are presented in Ta-
ble 3. Among the remaining 315 instances without
majority agreement, we manually examine 143 in-
stances for which the authors are fluent speakers of

the target language. In these cases, ggmma-4-31B-
it produces the correct clean translation for all in-
stances except 17 where multiple valid translations
exist and all model outputs are acceptable. Based
on this observation, we adopt the output of gemma-
4-31B-it as the silver label for the remaining dis-
agreement cases.

4 Translation Extraction

To support fair MT evaluation beyond merely de-
tecting noise, we propose two methods that can ex-
tract clean translations from noisy LLM outputs: a
span-based method using quality estimation mod-
els in §4.1, and an LLM-based extraction method
in §4.2. Evaluation metrics and results are pre-
sented in §4.3 and §4.4. The rule-based detector is
evaluated in §4.4 for noise detection only to com-
pare with the proposed methods. Details for run-
ning these extraction methods are in Appendix I.

4.1 Span-based Extraction

The observation that lengthy explanatory text con-
stitutes the largest source of noise in LLM outputs,
and that explanations are typically separated from
the translation by line breaks, motivates a span-
based approach: splitting the output into shorter
spans, identifying the span most likely to contain
the clean translation, and removing any residual
noise from that span.

Following common patterns observed in LLM-
generated text, we segment the output using the
line feed character (\n) as a delimiter, yielding a
set of candidate spans S = {s1,$2,...,Sn}. We
then score each span using COMET-KIWI (Rei
et al.,, 2022), a reference-free quality estimation
(QE) model, which produces a score ¢(s;, Zgc) by
comparing each span s; against the source text Zge.
The candidate clean translation is selected as:

s1, if |S] =1

¥ 7 ) arg max q(85, Terc), if|S] >1 2
SjGS

That is, if the output contains a single span, it is
directly taken as the candidate translation without
QE scoring. Otherwise, the span with the highest
QE score is selected.

Finally, a rule-based post-processing step is ap-
plied to s* to remove any residual formatting noise,
such as language prefixes, yielding the extracted
translation = g(s*), where g(-) denotes the rule-
based cleaning function.

586



4.2 LLM-based Extraction

As an alternative to the span-based method, we pro-
pose using LL.Ms directly as extractors to produce
clean translations. Given a noisy LLM translation
output z;, the extraction is formulated as:

ti = Mexi([p; 7)) 3)

where My, is the extractor LLM and p is a fixed
prompt template instructing the model to extract
the clean translation from x; (see Appendix J for
the full template). Notably, the extractor receives
only the LLM translation output x;. No reference
translation, or description of noise patterns is pro-
vided. This constraint ensures a fair comparison
with the span-based approach, which likewise op-
erates without access to reference information.

This setup also distinguishes this LLM extrac-
tion approach from the silver clean translation an-
notation procedure described in §3.2.2, where the
annotator LLM is given both the source text and
reference translations, along with explicit noise
pattern descriptions.

In practice, we employ two backbone extrac-
tors under a zero-shot setting: a multilingual
dense LLLM, aya-expanse-32b, and Qwen3.5-122B-
A10B, an English- and Chinese-dominant mixture-
of-experts model.

4.3 Evaluation Metrics

To evaluate how effectively our methods detect
noise and extract clean translations from LLM out-
puts with our benchmark, we introduce two met-
rics: detection accuracy and extraction accuracy.

Detection Accuracy Detection accuracy mea-
sures the rate at which a method correctly identi-
fies whether an LLM translation output is noisy or
clean (i.e., translation-only). Given the ¢-th LLM
translation output z; and an extraction method f(-),
the predicted label is determined by:

0 (clean),
1 (noisy),

if f(z;) = 2
if f(x;) # @

Yi = “4)

That is, if the extraction method returns the input
unchanged, the sample is classified as clean; any
modification to the input implies the presence of
noise. Detection accuracy (Accge) is computed as
the proportion of samples for which the predicted
noise label ¢j; matches the ground-truth label ;.

Extraction Accuracy Extraction accuracy is a
stricter metric that measures whether the extracted
translation exactly matches the annotated clean ref-
erence. Normalization is applied to both strings
prior to comparison. It is formally defined as:

N
AcCeyt = Jb; 1[norm(t;) = norm(t;)]  (5)

where {; is the extracted translation for the i-th sam-
ple, t; is the corresponding annotated clean refer-
ence, 1[-] is the indicator function, N is the to-
tal number of samples, and norm(-) denotes the
normalization function applied before comparison.
Specifically, norm(-) strips leading and trailing
whitespace and applies Unicode NFC normaliza-
tion to ¢; and ¢;.

4.4 Evaluation Results

Synthetic Curated
Method AccCget AcCext AcCder AcCCext
Span-based 99.68 50.59 96.36 15.82
Qwen extractor 98.38 54.07 96.73 52.18
Aya extractor 89.94 36.69 99.73 51.36
Rule-based detector 87.26 / 98.27 /

Table 4: Detection and extraction accuracy (%) on the
synthetic and curated subsets of our benchmark.

Overall Results Table 4 reports the detection
and extraction accuracy on both the synthetic and
curated subsets. Detection accuracy is nearly sat-
urated (close to 100%) for most methods and both
subsets, indicating that identifying whether a trans-
lation contains noise is relatively easy. Our rule-
based detector performs well, especially on the cu-
rated noisy subset, demonstrating its effectiveness
in detecting noise and calculating Noise%.

Extraction, however, remains challenging. The
best-performing method, Qwen extractor, achieves
54.07% accuracy on the synthetic subset and
52.18% on the curated subset. While promising un-
der strict exact-match evaluation, these results sug-
gest substantial room for improvement in extract-
ing clean translations from noisy outputs.

The span-based approach performs well on the
synthetic dataset but drops sharply on the curated
subset for extraction accuracy. This behavior is
expected: the synthetic data follows predefined
noise patterns aligned with the rule-based clean-
ing function, whereas the curated subset contains
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Method Formatting Content Combo Clean Noisy Overall
Span-based 83.68 10.41 8.27 100 34.12  50.59
Qwen extractor 89.91 17.68 1495 93.73 40.85 54.07
Aya extractor 5791 14.50 1445 5991 2895 36.69

Table 5: Extraction accuracy (%) for each noise split (category) of the synthetic subset. The “noisy” column is the

combination of the first three categories.

authentic noise that may not match these patterns.
In contrast, LLM-based extraction approaches ex-
hibit more stability across datasets, suggesting bet-
ter generalization to diverse noise patterns.

An exception is Aya extractor, whose accuracy
increases on the curated subset while most other
methods decline. To understand this behavior, we
analyze its performance on each split of the syn-
thetic subset. Aya achieves only 59.91% accuracy
on the clean split, substantially lower than other
methods (above 90%). Inspection shows that Aya
frequently paraphrases already clean translations—
about 40% of the time (892/2200)—altering word-
ing, punctuation, or sentence structure. These mi-
nor reformulations lead to mismatches under exact-
match evaluation and largely explain its lower
synthetic-set performance.

Overall, the relative performance trends are con-
sistent across synthetic and curated subsets, sug-
gesting that the synthetic data reasonably approx-
imates real noisy translations and serves as a reli-
able benchmark to evaluate extraction methods.

Results per Noise Split Table 5 presents the ex-
traction accuracy for each noise split of the syn-
thetic subset. Qwen extractor achieves the best
performance across all noise categories. The only
exception is the clean split, where the span-based
method attains 100% accuracy by preserving the
original translation when no noise is detected.

Across noise categories, formatting noise yields
the highest accuracy among the noisy splits. This
is expected, as formatting noise can often be re-
moved with simple transformations. The most dif-
ficult category is combo, which combines content
and formatting noise. The interaction of multiple
noise types substantially increases extraction diffi-
culty, leading to lower accuracy for all methods.

These results further support the design of the
synthetic benchmark: the splits exhibit distinct
difficulty levels and capture meaningful differ-
ences among noise categories, enabling more fine-
grained evaluation of extraction approaches.

5 Related Work

LLMs are increasingly used to generate synthetic
data for Natural Language Processing tasks due
to their strong language modeling and control-
lable generation capabilities (Long et al., 2024;
Nadds et al., 2025). In MT, synthetic data has
long been used through techniques such as back-
translation to improve performance, particularly
for low-resource languages (Hassan et al., 2017;
Poncelas et al., 2018). More recent work employs
LLMs directly to generate synthetic multilingual
data. For example, de Gibert et al. (2025) generate
translations for several low-resource languages us-
ing GPT-40 (OpenAl et al., 2024) and show that
synthetic data can improve downstream MT sys-
tems despite its noise. However, prior work pri-
marily uses synthetic data to improve translation
models rather than to study the behavior of LLM-
generated translations themselves. In this work,
we instead leverage LLMs to generate synthetic
translation noise based on empirically observed
patterns, enabling scalable construction of a bench-
mark for clean translation extraction.

6 Conclusion

In this work, we present a systematic study of
translation noise. Through large-scale analysis
of more than 790,000 LLM translation outputs
across 22 language pairs, we identify 12 recur-
ring noise patterns and categorize them into for-
matting and content noise. Based on these obser-
vations, we introduce TransClean, the first bench-
mark designed to evaluate methods that extract
clean translations from noisy LLM outputs. The
benchmark combines a large synthetic dataset with
gold clean translations and a curated subset of au-
thentic noisy translations with silver clean transla-
tion, enabling both controlled evaluation and val-
idation on realistic data. Using this benchmark,
we evaluate span-based and LLM-based extraction
approaches and show that, while noise detection
is relatively straightforward, clean translation ex-
traction remains a challenging task with substantial
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room for improvement.

In future work, we plan to develop more ro-
bust methods for clean translation extraction and
explore approaches that better generalize to di-
verse noise patterns across languages and models.
We hope that TransClean will facilitate further re-
search toward more reliable use of LLMs for trans-
lation and other structured generation tasks.

Limitations

This work has several limitations. First, our estima-
tion of the noise rate relies on a coarse rule-based
detector that identifies explanatory text through
English keyword matching and detects wrong-
language outputs using automatic language identi-
fication. While this approach enables scalable anal-
ysis across hundreds of thousands of translation
outputs, it may miss some noise instances that do
not match the predefined patterns or may occasion-
ally produce false positives. Developing more re-
liable detection methods is therefore an important
direction for future work. One motivation of Tran-
sClean is precisely to provide a benchmark that en-
ables systematic evaluation of improved detection
and extraction approaches.

Second, the identification of noise patterns was
assisted by an LLM due to the scale of the collected
outputs (over 790,000 translations), which makes
full manual inspection impractical. Although we
subsequently verified the discovered patterns and
examples through manual review, the taxonomy
of noise patterns may not be exhaustive and could
evolve as new models or prompting strategies pro-
duce different types of noise.

Third, the synthetic noise of our benchmark is
generated based on observed patterns and their em-
pirical distribution. While this design enables con-
trolled evaluation and sufficient scale, synthetic
noise may not fully capture the diversity and com-
plexity of noise produced by LLMs in real-world
settings. In addition, although we include a curated
subset of authentic noise, the benchmark remains
largely English-centric because both the transla-
tion prompts and the noise-generation prompts
are written in English. As a result, the gener-
ated noise may under-represent truly multilingual
or language-specific noise phenomena. Extend-
ing the benchmark with more diverse multilingual
noise patterns remains an important direction for
future work.

Finally, exact-match extraction accuracy may be

overly stringent as the sole primary metric. We ob-
serve that it can penalize semantically correct out-
puts when Aya paraphrases translations that are al-
ready clean. This highlights a potential mismatch
between exact-match evaluation and the semantic
correctness of the extracted translations. Softer
edit-based measures or semantic similarity metrics
could therefore provide a more informative com-
plement to exact-match accuracy in future work.

Ethical Considerations

This research relies exclusively on publicly accessi-
ble datasets, with all data utilization adhering to the
licensing agreements specified by Kulkarni (2015),
Scherrer et al. (2014), Park and Zhao (2019), and
Barrault et al. (2020). It is presumed that these
repositories contain no sensitive or personally iden-
tifiable information. Consequently, their applica-
tion in this study is deemed to present no signifi-
cant ethical risks. Furthermore, the systematic gen-
eration of synthetic noise and the curation of au-
thentic noise samples are not expected to yield ad-
ditional personal data or introduce further ethical
complications. In the interest of transparency and
reproducibility, the resulting dataset is released to
the public domain.

All original ideas, analyses, and content in this
paper were created by the authors. Al tools were
used only as supportive aids for improving writ-
ing quality and assisting with coding tasks. The
authors retain full responsibility for the intellec-
tual content, analyses, and conclusions presented
in this work.
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Appendix: Additional Tables for Data
and Models

Appendix: LLM Inference Details
used VLLM (Kwon et al., 2023) for infer-

ence with most models with the exception of
DeepSeek-V3.2-Exp (DeepSeek-Al et al., 2025)

and tSgemma-xI-xI-prefixlm-it.

For these mod-

els, we obtained inference results using the respec-
tive API or the HuggingFace Transformers library
(Wolf et al., 2020). We kept the default values of
the hyperparameters with temperature and top_p
both set to 1. With the exception of DeepSeek-
V3.2-Exp, all models were run without quantiza-

tion on 4 NVIDIA GH200 GPUs.

On average,

an instruction-tuned model requires approximately
10 minutes to process one language pair (3,000
instances), whereas a reasoning model requires
about 18 minutes. For reasoning LLMs, only con-
tent after the reasoning tags (i.e.,<think></think>)
is treated as “LLM outputs” for noise analysis.

C

Appendix: Regular Expressions for
Rule-based Detector

We use the following regular expression patterns to
detect explanatory or meta-linguistic content.

C.

1 Common Explanation Phrases

r'\b(the translation_is|here_is|here\’'s|this
utranslates to|translation: |translated_ text
:loutput: |target:)\b’,
r'\b(ing\w+,(this|it)_(means|says|translates
I\b',

r'\b(note_that|please_ note|it should be
noted)\b',
r'\b(explanation|reasoning|analysis|
breakdown)\b',
r'\n\s*(translation|explanation|note]

1

original|source|target)\s*:',

C.2 Meta-linguistic Markers

r'\b(literally|figuratively|idiomatically|
contextually)\b’,

r'\b(this_(word|phrase|sentence|text))\b’',

r'\b(means|refers_to|indicates|suggests)\b
.*\b(that|which)\b',

C.3 Comments to user

r'\b(hope_this helps|let_me_know|feel free]|
if you|you,can)\b’,
r'\b(please|kindly|note: |important:)\b’,

C.4 Thinking Markers

r'<think>|</think>|<thought>|</thought>",
r'\x\xreasoning\*\* | \*\*xanalysis\*\x|\x\x
explanation\*\x',

C.5 Markdown or XML Tags

r'rE\s+’,
r'<fa-zA-Z1+>.*</[a-zA-Z]+>',

C.6 Lists or Parenthetical Explanations

r'A\sx[\d\-\*J+[\.\)J\s+',
r'\N([*)1{50,3\)"

D Appendix: Examples of TransClean
D.1 An Example of the Synthetic Subset

"source": "Die Wasserqualitat hat sich in
< den letzten Jahrzehnten deutlich

< verbessert."”,

"translation”: "The water quality has

< greatly improved over the past

< decades.”,

"src_lang"”: "de", "tgt_lang": "fr",
"noise_pattern”: "wrong_language”,
"gold_reference”: "La qualité de 1’eau s’est
— sensiblement améliorée au cours des
— derniéres décennies.”

D.2 An Example of the Curated Subset

"source”: "Dog control laws to be reviewed
< in government consultation”,
"translation”: "English: Dog control laws to
— be reviewed in government consultation
< \nChinese: BUFF&IAIEHEM R ZHiEMA",
"src_lang"”: "en", "tgt_lang": "zh",
"noise_patterns”: ["language_prefix",

— "bilingual_output”], "primary_pattern”:
— "bilingual_output”,

"silver_reference”: "BUNEING &M H iz
o« JEf", "silver_agreement”: 3,
 "silver_votes": ["BUNE IR &5 R
o JEBI, U R A ERE S, B
o IR A A ]
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Source

TED Multilingual Parallel Corpora

Test_size

3,000

Lang_pairs

Arabic-Chinese (ar-zh)

Arabic-Hebrew (ar-he) 3,000 TED Multilingual Parallel Corpora
Chinese-French (zh-fr) 3,000 TED Multilingual Parallel Corpora
Chinese-Russian (zh-ru) 3,000 TED Multilingual Parallel Corpora
French-Italian (fr-it) 3,000 SwissAdmin
German-French (de-fr) 3,000 SwissAdmin
German-Italian (de-it) 3,000 SwissAdmin
Korean-Chinese (ko-zh) 3,000 Chinese-Korean Parallel Corpus
Korean-French (ko-fr) 3,000 TED Multilingual Parallel Corpora
Russian-French (ru-fr) 3,000 TED Multilingual Parallel Corpora
English-Chinese (en-zh) 3,000 WMT20 QE Shared Task
English-Czech (en-cs) 3,000 WMT20 QE Shared Task
English-German (en-de) 3,000 WMT20 QE Shared Task
English-Polish (en-pl) 3,000 WMT20 QE Shared Task
English-Russian (en-ru) 3,000 WMT20 QE Shared Task
English-Tamil (en-ta) 3,000 WMT20 QE Shared Task
Chinese-English (zh-en) 3,000 WMT20 QE Shared Task
Czech-English (cs-en) 3,000 WMT20 QE Shared Task
German-English (de-en) 3,000 WMT20 QE Shared Task
Khmer-English (km-en) 3,000 WMT20 QE Shared Task
Russian-English (ru-en) 3,000 WMT20 QE Shared Task
Tamil-English (ta-en) 3,000 WMT20 QE Shared Task

Table A.1: The size of our test set for each language pair and their corresponding sources.

Model Name
Qwen3-30B-A3B-Instruct-2507

Architecture Instruction-tuned or Reasoning Parameter Size

decoder-only-moe instruction-tuned 30B in total, 3B active

Qwen3-30B-A3B-Thinking-2507 decoder-only-moe reasoning 30B in total, 3B active
Qwen3-4B-Instruct-2507 decoder-only-dense instruction-tuned 4B
Qwen3-4B-Thinking-2507 decoder-only-dense reasoning 4B
Llama-3.2-3B-Instruct decoder-only-dense instruction-tuned 3B
gemma-3-27b-it decoder-only-dense instruction-tuned 27B
Qwen?2.5-32B-Instruct decoder-only-dense instruction-tuned 32B
DeepSeek-R1-Distill-Qwen-32B decoder-only-dense reasoning 32B
aya-expanse-32b decoder-only-dense instruction-tuned 32B
Tower-Plus-72B decoder-only-dense instruction-tuned 72B

instruction-tuned 4B
mixed 671B in total, 37B active

encoder-decoder-dense
decoder-only-moe

tSgemma-xl-xl-prefixIm-it
DeepSeek-V3.2-Exp

Table A.2: Model details including names, architectures, size and either instruction-tuned or reasoning variants.

E Appendix: Prompt for Synthetic Noise
Generation

1.0 on 4 NVIDIA GH200 GPUs. For the span-
based extraction method, we ran COMET-KIWI
via the COMET repository (Unbabel, 2025) on
one NVIDIA A100 40BG GPU. On average, an
LLM takes approximately 25 minutes to process all
(9900) instances, whereas the span-based method
costs about 70 minutes.

F Appendix: Statistics of the Synthetic
Subset

G Appendix: Prompt for Noise Data
Curation

J Appendix: Prompt for LLM-based
Extraction

H Appendix: Prompt for Clean
Translation Annotation

I Appendix: Details for Running Noise
Extractors

We used vLLM for running LLM-based extrac-

tion methods with temperature set as 0 and top_p
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SYSTEM PROMPT

You are simulating a large language model that generates translations with extra noise, explanations, or
formatting artifacts. Your task is to take a clean reference translation and add realistic noise to it — exactly
as a helpful-but-verbose LLM would.

Rules:

- Output ONLY the noisy translation (no meta-commentary, no JSON).

- The core translation meaning must remain correct.

- The noise must look authentic, as if a real LLM produced it.

- Use the target language for the translation itself; explanatory text may be in English or the source/target
language depending on the pattern.

USER PROMPT

{NOISE PATTERN DESCRIPTION}

{FEW-SHOT EXAMPLES}

Source text: {source}

Source language: {src_lang_name}

Target language: {tgt_lang_name}

Clean translation: {clean_translation}

Generate the noisy output { BASED ON NOISE DESCRIPTION }:

Figure E.1: Prompt for generating synthetic noise.

Combo patterns Count

explanation + language prefix 644

Noise pattern Count  Generation method alternativves + language pre.fix 344
off-topic + language prefix 249

explanation 965 GPT-5-mini explanation + verbose preamble 220
verbose preamble 791 GPT-5-mini bilingual output + language prefix 161
language prefix 650 rule-based wrong language + language prefix 137
alternatives 460 GPT-5-mini alternatives + verbose preamble 96
off-topic 320 GPT-5-mini off-topic + verbose preamble 76
code block 267 rule-based explanation + translation prefix 58
extra punctuation 244 rule-based wrong language + verbose preamble 47
bilingual output 216 GPT-5-mini bilingual output + verbose preamble 45
wrong language 209 GPT-5-mini alternatives + translation prefix 40
special formatting 164 rule-based cultural note + language prefix 33
translation prefix 84 rule-based off-topic + translation prefix 18
cultural note 30 GPT-5-mini wrong language + translation prefix 12
Subtotal 4,400 / bilingual output + translation prefix 9
cultural note + verbose preamble 9
(a) Counts per noise pattern cultural note + translation prefix 2

Subtotal 2,200

(b) Combo pattern counts

Table F.1: Detailed statistics of the synthetic noise data: (a) counts per noise pattern and (b) combo pattern counts.
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SYSTEM PROMPT

You are a translation quality analyst. Your job is to determine whether a machine translation output
contains ONLY the translation, or whether it also contains extra content that should NOT be part of a
clean translation.

You will be given:

- source: the original text

- src_lang / tgt_lang: language codes

- reference: a clean reference translation

- translation: the LLM-generated translation to judge

A “noisy” translation contains one or more of these artifacts:

1. language_prefix: A language name label before the translation, e.g. “Chinese: /R&f”

2. verbose_preamble: An introductory sentence like “Here is the translation...” or “Sure! Here’s...”

3. translation_prefix: A “Translation:” or “Translated:” label

4. explanation: Word-by-word breakdown, pinyin/romanization, grammar notes, or extended commen-
tary after the translation (usually separated by newlines)

5. cultural_note: Usually a parenthetical “(Note: ...)” explaining cultural context, idioms, or translation
choices

6. bilingual_output: Both source and target languages appear with labels, or the source text is substan-
tially repeated

7. alternatives: Multiple numbered translation options

8. code_block: Translation wrapped in markdown code fences (")

9. special_formatting: Double brackets [[...]], double braces {{...}}, or XML-like tags

10. extra_punctuation: Excessive repeated punctuation like “!!!” or “??77” that isn’t in the source

11. wrong_language: The translation is in the wrong language entirely (not the target language)

12. off _topic: The output is completely unrelated to translation (e.g., code, random text, instructions)

A “clean” translation contains ONLY the translated text in the target language, possibly with minor
differences from the reference (which is fine — different valid translations exist).

IMPORTANT: Minor differences in word choice, sentence structure, or style between the translation and
the reference do NOT make it noisy. Only extra non-translation content counts.

Respond with ONLY valid JSON in this exact format:
{“is_noisy”: true or false,

“confidence”: “high” or “medium” or “low”,
“noise_patterns”: [“patternl”, “pattern2’] or [],
“primary_pattern”: “the most prominent pattern” or null,
“reasoning”: “brief explanation in one sentence” }
USER PROMPT

Source ({src_lang} — {tgt_lang}):

{source}

Reference translation:

{reference}

LLM translation to judge:

{translation }

Is this translation noisy? Respond with JSON only.

Figure G.1: Prompt for curating noise data.
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SYSTEM PROMPT
You are a translation quality expert. Your task is to extract the clean translation from a noisy machine
translation output.

The noisy output may contain artifacts such as:

- Language prefixes or labels (e.g. “Chinese: ...”)

- Verbose preambles (e.g. “Here is the translation...”)

- Explanations, grammar notes, or word-by-word breakdowns
- Cultural notes or parenthetical comments

- Multiple alternative translations

- Bilingual output with both source and target text

- Code blocks, special formatting, or extra punctuation

- Wrong language or off-topic content

You will be given the source text, language pair, a reference translation, the noisy LLM output, and
the identified noise patterns. Use all of this context to extract ONLY the clean translation in the target
language.

If the output contains multiple translation alternatives, extract the best one. If the output is entirely
off-topic or in the wrong language, return an empty string.

Respond with ONLY valid JSON in this exact format:
{“extracted_translation”: “the clean translation text only”}
USER PROMPT

Source ({src_lang} — {tgt_lang}):

{source}

Reference translation:

{reference}

Identified noise patterns: {noise_patterns}

Noisy LLM output to clean:

{translation}

Extract the clean translation. Respond with JSON only.

Figure H.1: Prompt for annotating clean translation.

USER PROMPT

Analyze this machine translation output. The source language is {src_lang} and the target language is
{tgt_lang}.

1. Extract ONLY the clean translation (no explanations, labels, or formatting).

2. Identify the noise pattern if the output contains noise.

Return a JSON object with these fields:

- “extracted_translation”: the clean translation text only

- “noise_pattern”: one of “none”, “language_prefix”, “verbose_preamble”, “translation_prefix”, “ex-
planation”, “cultural_note”, “bilingual_output”, “alternatives”, “code_block™, “special_formatting”,

99 9

“extra_punctuation”, “wrong_language”, “off_topic”

Machine translation output: {translation}
JSON:

Figure J.1: Prompt for LLM-based Extraction.
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