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Abstract
Despite notable advances in large language models (LLMs), reliable evaluation of text generation tasks such as
text style transfer (TST) remains an open challenge. Existing research has shown that automatic metrics often
correlate poorly with human judgments (Dementieva et al., 2024; Pauli et al., 2025), limiting our ability to assess
model performance accurately. Furthermore, most prior work has focused primarily on English, while the evaluation
of multilingual TST systems, particularly for text detoxification, remains largely underexplored. In this paper, we
present the first comprehensive multilingual benchmarking study of evaluation metrics for text detoxification
evaluation across nine languages: Arabic, Amharic, Chinese, English, German, Hindi, Russian, Spanish, and
Ukrainian. Drawing inspiration from machine translation evaluation, we compare neural-based automatic metrics with
LLM-as-a-judge approaches together with experiments on task-specific fine-tuned models. Our analysis reveals
that the proposed metrics achieve significantly higher correlation with human judgments compared to baseline
approaches. We also provide actionable insights and practical guidelines for building robust and reliable multilingual

evaluation pipelines for text detoxification and related TST tasks.

Keywords: multilingual evaluation, text style transfer, text detoxification, large language models

1. Introduction

Evaluation of text generation tasks remains a long-
standing challenge in natural language processing
(NLP), as suitable metrics must capture both task-
specific objectives and linguistic variation across
languages. The difficulty of designing such met-
rics increases with the number of languages con-
sidered, since stylistic, morphological, and prag-
matic differences demand diverse evaluation ap-
proaches. Over the past decade, the field has
seen continuous evolution of evaluation method-
ologies: from character-based measures such as
cHRF (Popovic, 2015), to lexical and semantic met-
rics like ROUGE (Lin, 2004), METEOR (Baner-
jee and Lavie, 2005), and BERTScore (Zhang
et al., 2019), and more recently to neural-based
models such as COMET (Rei et al., 2020). With
the emergence of large language models (LLMs),
new evaluation paradigms—particularly LLM-as-a-
judge setups—have demonstrated strong potential
for approximating human judgments (Bavaresco
et al., 2025).

In this study, we focus on a specific text style
transfer (TST) task: text detoxification. The goal
of this task is to remove toxic or offensive content
from text while preserving the original meaning and
fluency. Beyond its research value, text detoxifica-
tion is of practical importance for a wide range of
real-world applications, including online modera-
tion, dialogue systems, and social media content
filtering and post-processing. For instance, con-
sider a video streaming service which can offer a

dynamic rewriting of abusive words enabling a child-
friendly watching. Another important use-case is to
implement guards against an eventual generation
of abusive words by a neural dialogue system for
client support.

Despite its relevance, the task remains under-
explored in both data and evaluation methodol-
ogy. To date, only two publicly available datasets
exist: TExTDETOXEVAL (Dementieva et al., 2024),
covering nine languages, and DialogueEvaluation-
2022 (Dementieva et al., 2022), which focuses
solely on Russian. Moreover, evaluation practices
in this area are often inconsistent, with most prior
studies relying on generic metrics rather than task-
specific or multilingual approaches.

To address these gaps, we perform a comprehen-
sive experimental study of evaluation metrics for
the text detoxification task across nine languages:
Arabic, Amharic, Chinese, English, German, Hindi,
Russian, Spanish, Ukrainian. Our goal is to analyze
the behavior, limitations, and cross-lingual robust-
ness of different metric families, including both au-
tomatic neural-based metrics and LLM-as-a-judge
approaches. In addition, we perform fine-tuning
experiments with one of open-source LLMs on an-
notated data. We aim to identify metrics that align
more closely with human judgments and to provide
guidance for future evaluation of detoxification and
related TST systems. The main contributions of
this work are:

1. We conduct an extensive multilingual evalua-
tion study for the text detoxification task, cover-
ing all publicly available datasets for this task.
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2. We experiment with a diverse set of evalua-
tion metrics, proposing several improved met-
ric configurations tailored to text detoxification.

3. We compare all approaches against existing
automated and LLM-as-a-judge setups, high-
lighting their respective strengths and weak-
nesses across languages.

4. We fine-tune open-source LLMs on annotated
detoxification data and evaluate their suitability
as automatic judges.

To facilitate future research and reproducibility,
we make our evaluation setup, code, and results
publicly available." Details of all resources, corre-
sponding links, and their licenses are presented in
Appendix A.

2. Related Work

2.1. Automatic Evaluation for TST and
Text Detoxification

The task of text style transfer (TST) has been stud-
ied across a variety of domains. This includes
sentiment transfer, such as converting between
positive and negative reviews (Li et al., 2018); for-
mality transfer (Rao and Tetreault, 2018; Briakou
et al., 2021), which focuses on transforming infor-
mal texts into formal ones; and stylistic rewriting,
exemplified by the Bible style transfer task (Carl-
son et al., 2018), which leverages translations from
different historical periods. Additionally, the biased-
to-neutral Wikipedia corpus (Pryzant et al., 2020)
makes use of editorial revisions to reduce bias.
In the domain of text detoxification, the task has
been addressed already with several solutions us-
ing both unsupervised approaches (Nogueira dos
Santos et al., 2018; Dale et al., 2021; Hallinan et al.,
2023) and supervised methods, supported by par-
allel data (Logacheva et al., 2022; Mukherjee et al.,
2023; Rykov et al., 2024). Across various domains,
the evaluation of text style transfer systems has
traditionally relied on three core criteria:

+ Style Accuracy (STA): the proportion of out-
puts correctly classified in a new style by a
style classifier.

» Content Preservation (SIM): the extent to
which the key semantic content from the origi-
nal input is retained.

* Fluency (FL): whether the generated output
maintains natural fluency or, at minimum, does
not degrade the fluency of the original.

Considerable efforts have been made to develop
more robust evaluation metrics for text style trans-
fer (Bavaresco et al., 2024; Pauli et al., 2025) and,

! https://github.com/textdetox/eval-of-detox-eval

in particular, for text detoxification (Dementieva
et al., 2023), a universally accepted automatic eval-
uation framework that strongly correlates with hu-
man judgment has yet to be established. Thus,
as a recent state-of-the-art evaluation setup, we
adopt setup from Dementieva et al. (2024) where:
(i) STA is defined as the probability assigned by
a pre-trained XLM-R (Conneau et al., 2020) toxic-
ity classifier indicating that the output text belongs
to the neutral (non-toxic) class; (ii) SIM is calcu-
lated as the cosine similarity between LaBSE (Feng
et al., 2022) representations of toxic and detoxified
texts; (iii) FL: measured as a proxy using the ChrF
(Popovic, 2015), which compares the generated
detoxified text to human-written references. These
all three parameters are then combined into joint
metric J:

J= %iSTA(yi) - SIM(z;,y;) - chrF(z;, y;), (1)

=1

where STA(y;), SIM(z;, y;), chrF(z;,y;) € [0, 1] for
each text detoxification output y;. Here z; means
detoxified golden texts and y; is detoxified gener-
ated texts.

Limitations of Current Metrics Current evalua-
tion metrics for detoxification are hindered by their
limited and often superficial use of human refer-
ence texts. Thus, only fluency, assessed via ChrF,
explicitly leverages references. However, ChrF suf-
fers from a core limitation: it evaluates surface-
level n-gram overlap with the reference, ignoring
the semantic relationship between the system out-
put and the original toxic input. This reliance on
lexical similarity renders the metric both overcon-
strained—discouraging variation—and undercon-
strained—failing to ensure semantic preservation.
These issues underscore the need for evaluation
approaches that more effectively integrate both
source and reference relationships.

2.2. LLMs as a Judge

The emergence of large language models (LLMs)
has introduced a new paradigm in evaluation,
where LLMs themselves are used as judges for
NLP tasks (Li et al., 2024). This approach has been
explored by Pauli et al. (2025) across 20 NLP tasks,
including text style transfer (TST). In the domain
of abusive language, LLMs have been employed
to assess the relevance and appropriateness of
counter-speech responses to hate speech (Jones
et al., 2024; Bonaldi et al., 2024). TST can also
be framed as a paraphrasing task, where LLMs-
as-judges have shown potential (Lemesle et al.,
2025). While LLM-based evaluation is not with-
out limitations, it offers a promising and adaptable
solution—particularly for multilingual contexts.
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3. Evaluation Datasets

Our experiments rely on two available datasets
for text detoxification task: TExTDETOXEVAL (De-
mentieva et al., 2024) and DialogueEvaluation-
2022 (Dementieva et al., 2022), with most of the
focus on the first one due to its multilinguality.

3.1. TexTDetoxEvaL

TexTDeTOXEvVAL?:3 is a multilingual dataset re-
leased as part of the CLEF Text Detoxification
Shared Task. It includes manual assessments
of 20 detoxification systems across 9 languages:
Ambharic, Arabic, Chinese, English, German, Hindi,
Russian, Spanish, and Ukrainian. The systems
covered a range of modeling strategies, from unsu-
pervised to fine-tuned and LLM-based prompting
approaches (Peng et al., 2024; Luo et al., 2024;
Protasov, 2024). For each language, 100 toxic sen-
tences were selected, resulting in 900 inputs overall.
Each of the 20 participant generated detoxified ver-
sions, producing 16,600 input—output pairs in total
with corresponding human scores. Native speak-
ers annotated the data on Toloka.ai* according to
three criteria:

* Fluency: grammaticality and readability rated
as yes, partially, or no.

» Content Similarity: whether the detoxified
text preserves the meaning of the original (bi-
nary judgment).

+ Style Transfer Accuracy: which text is more
toxic (original, detoxified, or neither), random-
ized to avoid bias.

3.2. DialogueEvaluation-2022

DialogueEvaluation-20225 is a Russian-language
text detoxification dataset released as part of the
first shared task on detoxification. The dataset con-
tains toxic sentences collected from social media
platforms. It includes outputs from 15 participat-
ing solutions, each generating detoxified rewrites
for a shared test set of 875 toxic sentences.
Data collection followed a three-stage crowd-
sourcing procedure on Toloka. First, annotators
rewrote toxic sentences into fluent, non-toxic para-
phrases while preserving meaning. Second, in-
dependent annotators verified semantic equiva-
lence between the original and rewritten texts.
Third, additional annotators checked that toxic-
ity had been successfully removed. Only para-

2 https://hf.co/datasets/textdetox/detoxification_pairwise_
style_evaluation

s https://hf.co/datasets/textdetox/detoxification_pairwise_
content_evaluation

4https://toloka.ai

5 https://hf.co/datasets/textdetox/humaneval_textdetox_ru

phrases that passed both verification stages with
at least 90% agreement were retained. Each text
pair was further evaluated along three dimensions
consistent with the TexTDeTOXEvVAL fluency, con-
tent preservation, and style transfer quality. This
dataset provides a valuable complementary re-
source for benchmarking Russian-language detoxi-
fication and cross-lingual metric evaluation.

Although DialogueEvaluation-2022 offers useful
monolingual insights, we focus the main analysis
of this paper on the multilingual TExTDETOXEVAL
dataset to ensure consistency across languages
and to maintain a unified evaluation setup. The
detailed results for DialogueEvaluation-2022 are
provided in Appendix C.

4. Evaluation Methodology

In this section, we first aim to describe how evalua-
tion in text detoxification task has been performed
in previous works (Dementieva et al., 2022, 2024),
and second, to propose ways to improve it by ex-
ploring alternative approaches or improving existing
ones. Afterwards, we conduct experiments based
on the described approaches to benchmark them
and assess whether our proposed improvements
are effective.

4.1. Fluency

As noted in Section 2.1, current fluency evalua-
tion in text detoxification typically relies on ChrF
scores calculated between system outputs and hu-
man references. However, this approach ignores
the original toxic input. As a result, it may favor
outputs that look similar to the reference but do not
fully preserve the meaning or context of the input
sentence. In detoxification tasks, this becomes a
problem because the goal is not only to make the
text fluent and non-toxic, but also to preserve the
meaning and context of the original text.

To address this limitation, we aim to improve
fluency evaluation by considering more advanced
neural-based models, namely COMET (Rei et al.,
2020) and XCOMET (Guerreiro et al., 2023).

Unlike traditional metrics that rely solely on lexi-
cal overlap with a reference, COMET-based models
use pretrained encoders to model semantic rela-
tionships between the input, system output, and
reference. This triplet-based setup allows them to
jointly assess whether the generated text maintains
the original meaning and intent. In machine trans-
lation, COMET models demonstrated significantly
higher correlation with human judgments compared
to n-gram metrics, as they better capture meaning,
syntax, and fluency beyond token overlap.

In the context of text detoxification, we hypoth-
esize that COMET models are suitable, as they
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should better capture the trade-off between fluency,
content preservation, and toxicity reduction, which
are key aspects that simpler lexical metrics often
fail to account for. In our experiments, we consider
4 COMET variants:

1. Unbabel/wmt22-comet-da (Rei et al., 2022):
A regression-based model trained on direct
assessment data from WMT22, representing
a standard reference-aware evaluation setting.

2. Unbabel/XCOMET-XL (Guerreiro et al., 2023):
A multilingual extension of COMET with a 3.5B-
parameter encoder, improving correlation with
human judgments across languages.

3. Unbabel/’XCOMET-XXL (Guerreiro et al.,
2023): A 10.7B-parameter variant achieving
state-of-the-art performance on WMT22 eval-
uation benchmarks.

4. myyycroft/ XCOMET-lite (Larionov et al.,
2024): A compressed and quantized model
retaining over 95% of XXLs performance while
reducing computational overhead by 60%, en-
abling scalable multilingual evaluation.

4.2. Content similarity

The content similarity score measures how well the
generated text preserves the main semantic infor-
mation of the original input. This metric penalizes
outputs that lose important details or change the
original meaning during the detoxification process.
As noted in Section 2.1, previously content similar-
ity was computed using cosine similarity between
the embedding representations of source toxic texts
and their detoxified versions.

This approach completely ignores available refer-
ence texts, which creates two significant problems.
First, metrics that only compare input to output
perform poorly when the generated text requires
substantial rewording—exactly what detoxification
demands (Shen et al., 2022). Second, without ref-
erences, the metric cannot determine whether se-
mantic content is genuinely preserved when lexical
choices differ substantially from the input (Shen
et al., 2022).

To address these limitations, we propose an im-
proved content similarity measurement metric that
jointly considers both the input—output and out-
put—reference relationships:

Csim = Wig - COSsim (Vi, Vg) + Wg,r - COSsim (g, vr). (2)

where v;, vg, and v, denote the embedding rep-
resentations of the input, generated, and refer-
ence texts, respectively. The weights w; g and
wg,r control the contribution of input—output and
output-reference similarity, with wig + wg, = 1.
This approach aims to balance two complemen-
tary aspects of content preservation: semantic
consistency with source inputs and alignment with

human-produced references, which together pro-
vide a more complete estimate of content preser-
vation.

4.3. Style transfer performance: toxicity

Toxicity measurement reflects how well a system
transforms toxic inputs into neutral or polite outputs.
In previous works, toxicity was measured using the
probability of the generated text being classified
as neutral by a binary toxicity classifier. However,
relying solely on this probability introduces several
limitations: (i) high dependence on the biases and
calibration of the specific classifier; (ii) toxicity of
the original input is not taken into account, making
it impossible to measure relative improvement; and
(iii) reference texts, which represent human-level
detoxification quality, are ignored entirely.

To provide a more robust assessment, we pro-
pose evaluating style transfer through comparative
probability analysis across three text variants:

* Input (toxic) text: Preutral (%),
» Generated text: Preytrai(tg),
+ Reference (neutral) text: Pheytra (r)-

This setup enables the evaluation to capture the
relative change in toxicity rather than relying on an
absolute classifier score. In other words, instead
of only checking whether an output is predicted as
neutral, we measure how well it has improved com-
pared to its toxic input, and whether it approaches
the quality of a human-written neutral reference.
Such relative comparisons are less sensitive to
classifier calibration and better reflect the underly-
ing goal of detoxification — to reduce toxicity while
preserving semantic content.

To ensure consistent behavior across diverse
systems, we introduce two stabilization rules:

1. Penalization: if the generated text is more
toxic than the input (Preutral(tg) < Preutral(ti)),
the score is set to zero: Score(tg) = 0;

2. Rewarding: if the generated text achieves
neutrality equal to or greater than the reference
(Preutral(tg) = Preurral(tr)), the score is set to
one: Score(tg) = 1.

This triplet-based design makes the toxicity metric
more robust as it mirrors the logic used in COMET
and content similarity metrics, where relationships
between input, output, and reference are jointly
modeled. As a result, the metric better reflects
meaningful improvements in detoxification quality
and mitigates dependence on specific classifiers.

4.4. LLMs as judges

To complement proposed automatic metrics and as-
sess their consistency with human evaluations, we
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additionally employ LLMs as automatic evaluators
to compare how well different metric-based families
(lexical, neural, and LLM-based) align with human
annotations in the context of text detoxification.

4.5. Fine-tuning of LLMs

We also investigate whether task-specific fine-
tuned models can provide evaluations that better
align with human judgments than their general-
purpose counterparts. To this end, we conduct
fine-tuning experiments on Llama-3.1-8BS.

5. Results

5.1.

This section presents the results of our experi-
ments following the methodology outlined in Sec-
tion 4. We first compare the performance of previ-
ously adopted evaluation metrics used in the target
shared task (Dementieva et al., 2024), which in-
troduced the multilingual TExTDETOXEVAL dataset.
We then analyze the performance of our proposed
metrics and examine how LLMs perform as auto-
matic evaluators. Finally, we report results from
LLM fine-tuning experiments designed to estab-
lish comprehensive benchmarks across multiple
aspects of the text detoxification task. The results
obtained on the DialogueEvaluation-2022 dataset
in Russian (Dementieva et al., 2022) are reported
in Appendix C.

To ensure a fair comparison between LLM-as-a-
judge and the fine-tuning experiments, we split the
TexTDeTOXEVAL dataset by dividing the 20 partic-
ipating systems into training and test sets, where
outputs from 14 systems are used for training, while
outputs from the remaining 6 systems are reserved
for testing. This participant-based split ensures that
fine-tuned models are evaluated on outputs from
previously unseen systems. All results reported for
both LLM-as-a-judge and fine-tuning experiments
are computed on this held-out test set.

To assess the quality and reliability of different
evaluation approaches, we measure the agreement
between automatic metrics and human judgments
using Spearman’s rank correlation coefficient (p).
This non-parametric measure is particularly well-
suited for our study as it captures monotonic re-
lationships without assuming linearity, making it
robust to the varying scales and distributions in-
herent in different metric families. For each evalu-
ation dimension—fluency, content similarity, and
toxicity—we compute correlations between metric
scores and human annotations across all system
outputs. We report correlations separately for each

Experimental Setup

6https://h]‘.co/meta—lIama/LIama—S.1 -8B

language to account for linguistic variation and to
identify cross-lingual patterns in metric behavior.
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Figure 1: TeExtDeETOXEVAL: Correlation of fluency
measurement approaches with human-annotated
fluency scores.

5.2. Fluency Evaluation Results

Figure 1 presents Spearman correlations between
automatic fluency metrics and human judgments
across all languages and models. ChrF con-
sistently underperforms, showing near-zero cor-
relations in Arabic, German, Chinese, English,
and Ukrainian, which can be attributed to its re-
liance on character n-gram overlap with references,
penalizing semantically equivalent paraphrases
that use different word choices or phrasing, a
common requirement in detoxification where toxic
phrases must be substantially rewritten. In contrast,
COMET-based models demonstrate positive corre-
lations across languages, with XCOMET-XXL and
XCOMET-lite achieving the strongest performance
in Amharic, Chinese, and Russian.

The magnitude of correlations varies consider-
ably, ranging from weak in German and Hindi to
moderate in Amharic and Russian, suggesting that
fluency evaluation difficulty is language-dependent.
This variation may stem from differences in training
data availability for these languages in XCOMET’s
multilingual pre-training, as well as varying degrees
of lexical diversity in the reference translations
across languages. Notably, a quantized model
XCOMET-lite maintains competitive performance
with XCOMET-XXL, making it an optimal choice
for future detoxification competitions and produc-
tion systems that require reliable evaluation without
extensive computational resources.

5.3. Content Similarity Evaluation
Results

Figure 2 presents Spearman correlations between
automatic content similarity metrics and human
judgments across all languages. We evaluate three
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Figure 2: TextDETOXEVAL: Correlation of content
similarity measurement approaches with human-
annotated content preservation scores.

embedding-based configurations: (i) SIM-INPUT-
GEN, cosine similarity between the toxic input and
generated output, serving as the baseline approach
from prior work (Dementieva et al., 2024); (ii) SIM-
GEN-REF, similarity between the generated output
and human reference; and (iii) SIM-JOINED, our
proposed weighted combination defined in Equa-
tion 2, where w; ;, = 0.4 and w,, = 0.6. We as-
sign higher weight to the generated-reference sim-
ilarity because human references represent high-
quality detoxification examples that balance con-
tent preservation with appropriate rewording, while
input-output similarity may be misleading when
toxic phrasing requires substantial changes.

Surprisingly, the results reveal that the baseline
SIM-INPUT-GEN achieves the highest correlations
with human judgments in five languages (Amharic,
Arabic, Chinese, German, Hindi). This unexpected
finding suggests that human annotators may pri-
oritize preserving the original text's meaning over
adhering to the reference paraphrasing style when
assessing content preservation. However, such a
tendency can be detrimental to annotation consis-
tency, as it may favor outputs that closely mirror the
source text and penalize significant paraphrases
that achieve equivalent meaning through different
lexical or syntactic choices. In languages where
detoxification requires substantial rewording to re-
move offensive content (Arabic, German), measur-
ing similarity only to toxic inputs provides limited
signal about whether appropriate semantic transfer
has occurred.

Among neural models, XCOMET-LITE and
XCOMET-XXL demonstrate strong and consistent
performance across all languages. Notably, ChrF
shows surprisingly competitive performance in Ara-
bic, German, and Ukrainian, suggesting that char-
acter n-gram overlap can approximate content
preservation when detoxification strategies involve
minor lexical substitutions.

According to our results, we recommend priori-
tizing COMET-based models for evaluating content
similarity in detoxification tasks. Unlike embedding-
based metrics that capture only surface-level simi-
larity to the input, XCOMET models jointly consider
the relationships among the input, output, and refer-
ence texts. This joint modeling yields more stable
and robust evaluations that are more resistant to
superficial lexical changes. Moreover, the direct
consideration of reference texts in XCOMET aligns
more closely with the detoxification objective, pro-
ducing fluent, neutral outputs that preserve mean-
ing without reproducing toxic expressions.

Spearman Correlation with ToxicPairwiseScore (Human annotation)
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Emm CLS-OLD-GEN
CLS-NEW
0.4

0.0
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Figure 3: TeExTDETOXEVAL: Correlation of toxicity
measurement approaches with target pairwise toxic
human annotated scores.

5.4. Toxicity Evaluation Results

As described in Section 4.3, the effectiveness of
style transfer in detoxification is typically assessed
using a pretrained toxicity classifier, which esti-
mates the probability that a generated text belongs
to the non-toxic class.

Here we aim to compare two approaches: (i)
CLS-OLD-GEN, which measures the predicted
probability of the generated text being non-toxic;
and (ii) CLS-NEW, a joint probability—based ap-
proach introduced in Section 4.3, which integrates
toxicity signals from the input, generated output,
and reference texts. Both approaches employ the
same model” as prior work.

Figure 3 presents the correlation of these ap-
proaches with human-annotated toxicity scores.
CLS-NEW achieves the highest correlation across
all languages except English, where CLS-OLD-
GEN performs slightly better. Strong cross-lingual
performance of CLS-NEW highlights the advan-
tage of incorporating contextual information from
input—output—reference triplets. By jointly consid-
ering them, CLS-NEW provides more stable toxic-
ity estimates, reducing sensitivity to minor lexical

7 https://hf.co/textdetox/xImr-large-toxicity-classifier
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changes and enabling fairer, context-sensitive eval-
uation in the detoxification task.

5.5. Evaluation of Joined Metric (J)

Spearman Correlation with J (Human annotation)

Model
== |-OLD
J-NEW
05 JXCOMET-CLS
0.4
c
o
%
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S
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o
O
0.2
) ‘ | ‘
0.0 N " : P n n T
Ambharic Arabic Chinese English German Hindi Russian Spanish Ukrainian
Languages

Figure 4: TeExTDETOXEVAL: Correlation final scores
with target joined scores from human annotation.

Following the original formulation of the joint
detoxification score presented in Equation 1, we
evaluate how well different metric combinations cor-
relate with human judgments. Figure 4 presents
results for three composite evaluation approaches:
(i) J-OLD, the baseline approach combining ChrF,
SIM-INPUT-GEN, and CLS-OLD-GEN; (ii) J-NEW,
our proposed combination of XCOMET-LITE, SIM-
JOINED, and CLS-NEW; and (iii) J~-XCOMET-CLS,
a simplified variant using only XCOMET-LITE and
CLS-NEW.

The rationale for considering J-XCOMET-CLS
is to leverage XCOMET-LITE’s ability to as-
sess both fluency and content similarity from in-
put—output—reference triplets, eliminating the need
for a separate content similarity metric.

The results show that J-OLD achieves the lowest
correlations across all languages, highlighting the
limitations of the baseline approach. Our proposed
J-NEW method demonstrates the highest corre-
lations in 5 languages (Amharic, Arabic, German,
Hindi, Russian). Interestingly, J~-XCOMET-CLS per-
forms best in 4 languages (Chinese, English, Span-
ish, Ukrainian), slightly outperforming J-NEW, but
showing lower correlations in Arabic, German, and
Hindi. These findings suggest that XCOMET-LITE
can effectively capture both fluency and content
similarity in the text detoxification task.

5.6. Evaluation using LLMs as Judges

In addition to aforementioned methods, we also
explore the use of LLMs as evaluators. We con-
sider a diverse set of models: DeepSeek-R1-Distill-

Qwen-32B8, DeepSeek-V3-0324°, LLaMA 3.3-70B-
Instruct'®, CompassJudger-1-32B-Instruct (Cao
etal., 2024), and GPT-4.1 variants (nano and mini).
These models represent a diverse range of ar-
chitectures and scales, allowing us to examine
whether larger or more instruction-tuned models
offer improved alignment with human judgments
across detoxification evaluation dimensions. All
final prompts are provided in Appendix B.

Fluency Figure 5 depicts correlation results with
human annotations, comparing XCOMET-LITE
against six LLM-as-a-judge approaches (Llama-
3.1-8b-finetuned is considered in the next subsec-
tion). XCOMET-LITE significantly outperforms LLM
baselines only in Amharic and Chinese. In con-
trast, LLaMA 3.3-70B-Instruct-Turbo achieves the
highest correlations in Arabic, Hindi, Russian, and
Ukrainian, substantially surpassing other models.

Content similarity Figure 6 compares the pro-
posed SIM-JOINED metric with six LLM-as-a-judge
approaches. SIM-JOINED achieves the highest
correlations in Amharic, Arabic, Chinese, German,
Hindi, and Ukrainian, outperforming LLM-based
evaluation in most cases. This is in contrast to flu-
ency evaluation, where XCOMET-LITE performed
worse than LLMs across most languages. This dif-
ference can be explained by the nature of the tasks:
content similarity is a clear semantic matching prob-
lem, where embedding-based metrics perform well
by measuring the proximity of text representations.
In contrast, fluency requires assessing grammat-
icality, naturalness, and stylistic appropriateness
factors that XCOMET-LITE struggles to capture as
effectively as LLMs in this detoxification task.

Toxicity In Figure 7 the CLS-NEW model outper-
forms all LLMs only in Chinese and shows poor cor-
relations in other languages. Notably, GPT-4.1-mini
demonstrates strong performance across all lan-
guages; DeepSeek-R1-Distill-Qwen-32B achieves
the highest correlations in Russian, significantly
outperforming all other models, and demonstrates
one of the best performance in Arabic and Spanish.

5.7. Fine-tuning Experiments

We perform fine-tuning of Llama-3.1-8B using the
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
method to efficiently adapt the base models while
minimizing computational overhead. The main
model weights are loaded in 4-bit quantized for-
mat, enabling faster training and reduced memory
usage without significant loss in performance. The

8 https://hf.co/deepseek-ai/DeepSeek-R1-Distil-Qwen-32B
9https://hf.co/deepseek—ai/DeepSeek—VS—0324
10 https://hf.co/meta-llama/Llama-3.3-70B-Instruct
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LoRA configuration utilizes the following hyperpa-
rameters: rank r = 8, a = 16, and a dropout rate
of 0.1, with adaptation applied to all linear layers.

The fine-tuning process was conducted for 2
epochs over the training data. For each task (i.e.
content similarity, style transfer, or fluence) we fine-
tuned standalone LORA. The resulting tuned LLMs
are available in our HuggingFace repository.'!:12

Figures 5, 6, and 7 present the fine-tuning re-
sults for Llama-3.1-8B across all evaluation dimen-
sions. For fluency evaluation, the fine-tuned model
achieves the highest correlations in English and
demonstrates competitive performance in Chinese,
while showing notably lower correlations in other
languages. This pattern likely reflects the compo-
sition of Llama’s pretraining data, where English
is substantially more represented, enabling better
adaptation to fluency assessment tasks in that lan-
guage.

For content similarity evaluation, the fine-tuned
model demonstrates strong and consistent perfor-
mance across nearly all languages, achieving the
highest or near-highest correlations except in Span-
ish and Ukrainian. Finally, for toxicity evaluation,
the fine-tuned model shows stable performance
across all languages, achieving the highest corre-
lations in Amharic, Chinese, English, German, and
Ukrainian.

In summary, the findings suggest that each evalu-
ation task benefits differently from fine-tuning, with
fluency being most sensitive to language cover-
age, while content and toxicity assessments exhibit
stronger cross-lingual robustness.

6. Conclusion

We presented the first large-scale multilingual eval-
uation of text detoxification on the TExTDETOXE-
vAL dataset, covering all core dimensions: flu-
ency, content similarity, and toxicity reduction.
To improve evaluation, we introduced XCOMET-
based models for fluency, a triplet-based SIM-
JOINED metric for content similarity that leverages
input—output—reference texts, along with CLS-NEW,
a refined toxicity metric that jointly considers prob-
ability distributions also across all text triplets.

We thoroughly analyzed different evaluation met-
rics and LLM configurations, including LLM-as-a-
judge experiments and task-specific fine-tuning, to
identify approaches that align most closely with
human judgments across diverse languages.

We hope the benchmark results, improved met-
rics, and insights into evaluation approaches pre-
sented in this study facilitate future research on mul-
tilingual text detoxification and related style transfer
tasks.

" https://hf.co/textdetox/Llama-pairwise-toxicity-evaluator
12 https://hf.co/textdetox/Llama-pairwise-content-evaluator

7. Limitations

The experiments in this paper are limited by the
number of languages considered. Currently, our
conclusions are based solely on experiments in-
volving 9 languages: Amharic, Arabic, Chinese,
English, German, Hindi, Russian, Spanish, and
Ukrainian. As a result, our findings may be biased
toward these languages due to the lack of available
data for others. The generalization of our proposed
metrics to additional languages, particularly low-
resource languages outside these families, remains
an open question requiring further investigation.

Our evaluation relies on the TExTDETOXEVAL and
DialogueEvaluation-2022 datasets, which contain
outputs from 20 and 15 detoxification systems, re-
spectively. While these datasets represent diverse
modeling approaches, the limited number of sys-
tems and the specific characteristics of their out-
puts may influence metric correlations. Future work
should validate our findings on larger and more di-
verse collections of detoxification systems across
additional domains.

Proposed XCOMET-based fluency metrics and
fine-tuned LLM evaluators depend on the quality
and coverage of their pre-training data. Languages
with limited representation in these training cor-
pora may receive less reliable evaluations. The
observed performance variations across languages
particularly the weaker correlations in German and
Hindi suggest that data availability during model
pre-training directly impacts evaluation quality.

8. Ethical Considerations

Our work on evaluating text detoxification is moti-
vated by the goal of fostering safer, more respect-
ful online communication, rather than restricting
freedom of expression. By focusing on developing
better metrics for assessing detoxification quality,
we aim to support the responsible deployment of
detoxification models—ensuring that such systems
are evaluated not only for effectiveness, but also
for fairness, transparency, and contextual nuance.

We believe that detoxification tools, when ap-
plied, should serve as suggestions rather than en-
forcement mechanisms. Ideally, these tools would
be integrated with user-centric interfaces that allow
individuals to make informed decisions about their
language use, with the final choice remaining in the
hands of the user.
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A. Licensing of Resources

Below is an overview of the licenses associated with each resource used in this work (Table 1).

Resource License Homepage
TextDetoxEval-Style OpenRail++ https://hf.co/datasets/textdetox/detoxification_pairwise_
style_evaluation
TextDetoxEval-Content OpenRail++ https://hf.co/datasets/textdetox/detoxification_pairwise_
content_evaluation
TextDetoxEval-RU OpenRail++ https://hf.co/datasets/textdetox/humaneval_textdetox_ru
Llama-pairwise-toxicity- OpenRail++ https://hf.co/textdetox/Llama-pairwise-toxicity-evaluator
evaluator
Llama-pairwise-content- OpenRail++ https://hf.co/textdetox/Llama-pairwise-content-evaluator
evaluator
LLaMa3 llama3 https://hf.co/meta-llama
DeepSeek MIT https://hf.co/collections/deepseek-ai/deepseek-r1-
678e1e131c0169c0bc89728d
LaBSE Apache 2.0 https://hf.co/sentence-transformers/LaBSE
xImr-large-toxicity-classifier Open RAIL++ https://hf.co/textdetox/xImr-large-toxicity-classifier
XCOMET-lite - https://hf.co/myyycroft/ XCOMET-lite
wmt22-comet-da Apache 2.0 https://hf.co/Unbabel/wmt22-comet-da
XCOMET-XL CC-BY-NC-SA- https://hf.co/Unbabel/ XCOMET-XL
4.0
XCOMET-XXL CC-BY-NC-SA- https://hf.co/Unbabel/ XCOMET-XXL
4.0

Table 1: Overview of the licenses associated with each resource.

The licenses associated with the models and datasets used in this study are consistent with the intended
purpose of conducting academic research aimed at advancing various NLP applications for positive impact.

B. LLMs Prompts

Here, we provide exact prompts used for LLMs prompting.

Fluency prompt

You are given with the text and your task is to evaluate the naturalness or fluency of the text.
Options:

yes (meaning that the text is natural and fluent)

partially (meaning that the text is partially natural and fluent)
no (meaning that the text is not natural and fluent at all)
Examples:

text: "l am going to the store to buy some groceries."
Answer: yes

text: "The cat sat on the mat dog argh adfsdf"

Answer: partially

text: "teh dsfsdf ats 1324@3 adf"

Answer: no

text: Answer:

Content similarity prompt

You are given with two texts. Your task is to compare the meaning of them and decide whether
they mean the same or not.
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Options:
- yes (both texts have the same meaning)
- no (there is significant difference in meaning between the two texts)

Examples:

text1: "Why do you behave like an asshole?"
text2: "Why do you act so bad?"

Answer: yes

text1: "This political pary is a gang of idiots"
text2: "They just dont know their stuff"
Answer: no

text1:
text2:
Answer:
o J

Style transfer evaluation prompt

You are given with two texts. Your task is to compare which text is more toxic.

Options:

- text1 (text1 is more toxic than text2)

- text2 (text2 is more toxic than text1)

- None (both texts have equal toxicity - both of them are either toxic or non-toxic at the same time)
Examples:

text1: "l hate you, you are the worst person ever."

text2: "l love you, you are the best person ever."

Answer: text1

text1: "You are so smart, | can’'t believe you did that."

text2: "You are so stupid, | can’t believe you did that."

Answer: text2

text1: "l think you are a great person.”

text2: "l think you are a very good man"

Answer: none

You must return ONLY one of the options. Do not add any explanations or additional information.
text1: text2: Answer:

C. DialogueEvaluation-2022 Dataset

C.1. Dataset description

The DialogueEvaluation-2022 detoxification dataset was released as part of the first competition on
Russian-language text detoxification. The dataset comprises toxic sentences sourced from Russian
social media platforms such as Odnoklassniki, Pikabu, and Twitter. Data collection followed a three-stage
crowdsourcing pipeline using Yandex.Toloka. First, annotators were asked to rewrite toxic sentences into
fluent, non-toxic paraphrases while preserving the original meaning. Second, independent annotators
verified that the paraphrases retained the same semantic content as the originals. Third, additional
annotators checked whether the paraphrases were indeed non-toxic. Only paraphrases that passed both
the content and toxicity checks (with > 90% agreement) were included in the dataset.

Annotations were performed according to strict guidelines that defined toxicity and provided examples.
Human evaluation focused on three components: fluency (grammatical correctness and readability),
content preservation (semantic similarity with the original), and style transfer quality (removal of toxicity).
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Figure 8: DialogueEvaluation-2022 results across different models.

C.2. Results

As we can see, for the fluency estimation, XCOMET-XXL still shows the best results, while XCOMET-XL
performs slightly worse. At the same time, gpt-4.1-mini-few-shot demonstrates comparable results to
XCOMET-LITE, though both fall short of the two aforementioned models.

Regarding content similarity, XCOMET-LITE achieves the best performance, while gpt-4.1-mini-few-
shot yields results comparable to XCOMET-XXL.

For distinguishing between toxic and non-toxic texts, our new CLS-PROD model attains the highest
scores, surpassing both the previous CLS-OLD-GEN model and the two considered LLMs. This is a
surprising observation, as it directly contradicts the results from Figure 7 for the TExTDETOXEVAL dataset,
where our models performed significantly worse than nearly all LLMs for Russian. Finally, the joint
evaluation scores are highest for the proposed model (J-PROD), outperforming all other models.
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