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Abstract

To mitigate the prevalence of toxic language on digital social media, various NLP approaches have been proposed for
automatic text detoxification. However, the potential of toxic expressions lexicons as a comparable cross-lingual
resource to guide this process remains largely unexplored. In this work, we investigate how such resources can
be effectively used to inform multilingual language models about what should and should not be considered
toxic. We evaluate four models under two settings—zero-shot prompting and fine-tuning—to assess the impact
of incorporating toxic expressions in prompt instruction, including in cross-lingual transfer scenarios. Our results
show that both zero-shot prompting and fine-tuning approaches benefit considerably from adding toxic expressions
in prompt instructions during training and/or inference. Our findings demonstrate that comparable, lightweight,
language-specific toxic expressions lexicons constitute an effective mechanism for injecting explicit information about
lexical toxicity into multilingual language models.

Keywords: text detoxification, multilinguality, cross-lingual transfer, comparable corpora, low-resource lan-

guages

1. Introduction

Disclaimer: certain figures and examples include
potentially offensive content.

Toxic language, following the criteria by Demen-
tieva et al. (2024b), is defined as text containing
vulgar or profane content, regardless of whether it
directly targets or insults individuals or groups. For
instance, a message such as “/ f'cking love this
movie!!” is toxic due to its use of profane language,
yet it carries no hateful or offensive intent.

Toxic content is highly prevalent on the inter-
net, especially on social media and in online fo-
rums (Vasist et al., 2023; Radfar et al., 2020). Itis
known to be harmful to people’s mental well-being
(Waldron, 2012) and specifically affects minority
groups (Thomas et al., 2021) and children (Breck-
heimer, 2001). These potential harms motivate the
text detoxification task, an automatic mitigation ap-
proach defined as a form of text style transfer (Dale
et al., 2021) in which the vulgar style of a message
is neutralized while its meaning is kept intact. For
instance, toxic “/ don’t give a sh*t about your opin-
ion!” could be detoxified into “I don’t care about
your opinion!”: the style changes, but the message
stays the same.

The feasibility of the detoxification task increased
with the introduction of Large Language Models
(LLMs) (Logacheva et al., 2022). However, despite
this advancement, detoxification remains a chal-
lenging task. This challenge is evidenced by the
fact that language models are often pretrained on

filtered data in which toxic content has been re-
moved (Mendu et al., 2025). While this filtering is
intended to reduce harmful outputs, it may also im-
pair the models’ ability to recognize profane or abu-
sive expressions. The most common strategy for
addressing this problem is to fine-tune models on
large collections of toxic—detoxified text pairs. How-
ever, this approach requires substantial amounts
of annotated data, which are costly to create. Con-
sequently, such resources are often unavailable
for low-resource languages, and multilingual cov-
erage frequently depends on machine-translated
corpora (Rykov et al., 2024), potentially introducing
additional noise and bias.

A recent line of work has explored a comple-
mentary approach: using comparable, language-
specific lexicons of toxic expressions (e.g.,
swear words) to inform LM-based detoxification.
These corpora consist of lexicons constructed inde-
pendently across languages around the same con-
ceptual domain, rather than obtained through direct
translation (Dementieva et al., 2024b). Importantly,
they are considerably less resource-intensive to
construct than parallel toxic—detoxified datasets.
However, there is currently no consensus on how
such corpora should be integrated into detoxifica-
tion pipelines. Existing approaches include detect-
ing toxic expressions and removing them directly
from text (Dementieva et al., 2024b), risking loss of
meaning, or masking them for the model to replace
(Nuthakki et al., 2025), which can result in unnatural
outputs. In a more similar work to ours, Lai-Lopez
et al. (2025) proposed tagging toxic expressions
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"You nazi a*shole,
how is that IP banning
working out for you?"

Found: ["nazi",
"a*shole"]

Remove the following
toxic words/expressions: —>
[nazi, a*shole] ...

mT5 / Aya-101
(+ LoRA) / GPT-3.5- —>
turbo / GPT-4.1-mini

"How is that IP banning
working out for you?"

Figure 1: Overview of the toxic-expressions-in-instruction strategy. The upper row illustrates the processing
pipeline stages, while the lower row provides a concrete example for each stage. The toxic expressions
lexicon feeds into the matching/lookup stage to identify toxic expressions before using them to create our

toxic-contextualized prompt instruction.

in inputs via markup (<toxic>...</toxic>). Yet,
encoding lexical toxicity through such input annota-
tions rather than through explicit instructions leaves
open the question of whether Language Models
(LMs) can be more effectively guided by directly
specifying which expressions are toxic.

In this work, we ask how to effectively inform
language models about what should and should
not be considered toxic. We hypothesize that pro-
viding toxic expressions from comparable lexicons
alongside the input sentence, together with explicit
instructions to remove or replace them while pre-
serving meaning, can lead to more controlled and
semantically faithful detoxification. This motivates
the following research questions:

RQ1: Does providing toxic expressions in model
prompt instructions improve detoxification perfor-
mance across model adaptation settings?

RQ2: To what extent do these improvements gen-
eralize in a cross-lingual setup, particularly for low-
resource languages not seen during training?

To answer these questions, we evaluate the per-
formance of four multilingual language models with
and without toxic expressions in prompt instruc-
tions. Figure 1 demonstrates the overall pipeline
with an example at each stage. Evaluation covers
two model-adaptation settings: zero-shot prompt-
ing and fine-tuning. All experiments are evaluated
on 15 languages from diverse typological families.
In the case of fine-tuned models, evaluation addi-
tionally assesses cross-lingual generalization: the
models are trained on data from 9 languages and
then evaluated both on those languages and on 6
additional unseen languages. We find that across
all strategies, model sizes, and language settings,
providing toxic expressions in instructions consis-
tently improves detoxification performance (Sec-
tion 4). Moreover, the proposed method achieves
remarkable results, demonstrating that this sim-
ple instruction-based knowledge injection is com-
petitive with more data-intensive or architecture-
specific approaches. Our results highlight the value

of investing in the creation and curation of multilin-
gual toxic expressions lexicons as a comparable
resource. These resources can serve as a general
mechanism for injecting domain-specific concep-
tual knowledge into language models, with potential
benefits extending well beyond the detoxification
task. Our experimental code and scripts are pub-
licly available on GitHub'.

2. Related Work

Toxic language is commonly conflated in the liter-
ature with other related concepts (Fortuna et al.,
2020). However, following the definition by De-
mentieva et al. (2024b), it differs from broader no-
tions such as hate speech, which targets individuals
or groups based on characteristics such as race,
gender, or religion (Davidson et al., 2017; Basile
et al., 2019), or offensive language, which encom-
passes a wider range of socially unacceptable ex-
pressions that may not involve profanity (Fortuna
et al., 2020). As Fortuna et al. (2020) highlight,
these categories refer to distinct phenomena and re-
quire different methodological approaches for their
detection and/or removal.

In order to prevent digital violence (Shi et al.,
2020) and maintain constructive communication,
Al models have been developed to detect (D’'Sa
et al., 2020; Zampieri et al., 2020), delete (Demen-
tieva et al., 2024b) or block (Cobbe, 2021) toxic
language. This detoxification process is a text style
transfer (TST) task (Dale et al., 2021): The source
style to be changed is the harmful toxic language,
which is automatically transformed to the target
style, the non-toxic, neutral language counterpart
(Mukherjee et al., 2023a). Beyond the style change,
the primary objective is to generate text that is fluent
and preserves the original text's meaning as much
as possible (Dementieva et al., 2021). As a super-
vised sequence-to-sequence task, this can be per-

"https://github.com/YassirELATTAR/
multilingual-text—-detoxification
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Language Train Test # Toxic expressions

English 19,744 + 400 600 3,390
o Russian 12,206 + 400 600 141,000
g Ukrainian 400 600 7,360
g German 400 600 247
© Arabic 400 600 430
& Spanish 400 600 1,200
$ Hindi 400 600 133
& Chinese 400 600 3,840
Amharic 400 600 245
Total 35,550 5,400 157,845
French — 600 1,290
Italian — 600 815
§ Japanese — 600 328
o Hinglish — 600 209
S Tatar — 600 15,600
Hebrew — 600 731
Total — 3,600 18,973

Table 1: Dataset statistics and toxic expressions lex-
icon size per language. More details on the sources
and the data collection process can be found in
Dementieva et al. (2025, 2024a); Logacheva et al.
(2022); Dementieva et al. (2024b).

formed using encoder-decoder models trained on
parallel data (Logacheva et al., 2022). Although un-
supervised approaches exist (Nogueira dos Santos
et al., 2018; Floto et al., 2023), supervised meth-
ods leveraging parallel corpora have proven par-
ticularly effective (Logacheva et al., 2022; Atwell
et al., 2022). Subsequent work has focused on
fine-tuning sequence-to-sequence models (Zhang
et al., 2024), with approaches ranging from mTO0
fine-tuning (Dementieva et al., 2024a) and GPT-4
few-shot prompting (Dementieva et al., 2025) to
LoRA-based fine-tuning of Gemma-3 (12B) as the
current state-of-the-art (Dang and D’Elia, 2025).
However, to our knowledge, no prior work has sys-
tematically investigated toxic expressions lexicons
as comparable corpora across both fine-tuning and
prompting paradigms, nor evaluated their cross-
lingual transferability to unseen languages, which
is the gap the present work addresses.

3. Experimental Setup

We first describe the data resources, including
datasets of toxic inputs paired with detoxified target
rewrites and comparable multilingual toxic lexicons.
Next, we detail experiments covering text detoxi-
fication settings, the toxic expressions matching
and instruction construction procedures, and the
evaluation metrics.

3.1. Data Resources

We make use of two resources: (1) datasets of
toxic comments paired with non-toxic (neutral)
rewrites, with training and test splits in 9 languages
(see Table 2 for a few examples and Table 1 for
dataset statistics) and additional test sets in six

languages, and (2) a comparable multilingual
toxicity lexicon? covering all 15 languages.

Datasets The multilingual dataset (Dementieva
et al., 2025) includes training and test splits, with
languages grouped into seen and unseen (as
shown in Table 1). It provides 400 training instances
per seen language® (English, Russian, Ukrainian,
German, Arabic, Spanish, Hindi, Chinese, and
Amharic) and 600 test instances per language for
all seen and unseen languages: French, ltalian,
Japanese, Hinglish (in Latin alphabet), Tatar, and
Hebrew*.

Additionally, for training, we include English data
from Logacheva et al. (2022)° (19, 744 instances),
and Russian from Dementieva et al. (2024a)®
(12, 206 instances) as shown in details in Table 17.
All instances are pairs of toxic comments and their
detoxified (neutral) rewrites. After adding high-
resource data (English and Russian in our case),
the resulting training set becomes imbalanced, re-
flecting real-world differences in data availability
across languages. For a detailed description of the
datasets and their collection process, see Demen-
tieva et al. (2025, 2024a,b) and Logacheva et al.
(2022). In summary, the input and target pairs were
obtained using a collection pipeline (Logacheva
et al., 2022) in which human annotators were in-
structed to manually rewrite each toxic comment
into a non-toxic paraphrase, verifying that the target
rewrite is (1) non-toxic, (2) fluent, but may contain
some minor mistakes depending on the input, and
(3) semantically faithful to the original content. Any
user names and links were anonymized.

Comparable multilingual toxicity lexicon (De-
mentieva et al., 2024b) The lexicon is a collection
of toxic expressions across 15 languages (176, 818
instances). It was compiled from multiple sources,
existing community-maintained toxic expressions
lists for most languages, and manually curated lists
for Amharic and Arabic where no such resources
existed. Additionally, the Tatar lexicon was cre-
ated by merging an existing list with Russian toxic
expressions translated into Tatar. The lexicons
vary considerably in size across languages, rang-

®https://huggingface.co/datasets/
textdetox/multilingual_toxic_lexicon

3https://huggingface.co/datasets/
textdetox/multilingual_paradetox

*https://huggingface.co/datasets/
textdetox/multilingual_paradetox_test

Shttps://huggingface.co/datasets/
s—-nlp/paradetox

6https://huggingface.co/datasets/
s-nlp/ru_paradetox

"Both of these additional datasets come from the
same underlying resource.
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Lang. Toxic comment Neutral comment

English  lol ’'m just f*ckin with lol i'm just playing with yal!
yal

Spanish  Este pais se va a la nada puede salvar a este
m*erda (this country is  pais (nothing can save this
going to sh™t) country)

German Weit und breit kein Weit und breit kein

N*ger. (Not a single
n*gro in sight.)

Schwarzer. (Not a single
black person in sight.)

Table 2: Example pairs of toxic comments and non-
toxic rewrites in the dataset from three different
languages. The Spanish and German comments
are accompanied by their translation.

ing from 133 entries for Hindi to 141, 000 for Rus-
sian (Table 1), reflecting the differences in resource
availability rather than actual differences in toxic
language use.

3.2. Experiments

We design and experiment with two settings (aka.
model adaptations): zero-shot prompting and
fine-tuning. In both settings, we employ two in-
struction strategies to test the effects of toxic ex-
pressions in prompt instructions on the model per-
formance: (a) instruction-only (left column in Ta-
ble 3; simply instructs models to detoxify the input
based on its knowledge and the input data alone)
and (b) toxic-expressions-in-instruction (right
column in Table 3; explicitly provides the identified
toxic expressions to guide the model in locating and
handling them). To ensure a realistic scenario, we
provide the instructions in the language of the input
text (obtained via machine translation®).

Toxic expressions in instructions We inject
toxic expressions into input instructions by lever-
aging the multilingual comparable lexicon of toxic
expressions across all 15 languages. This step
presents notable challenges for low-resource lan-
guages such as Tatar and Amharic, as well as
for languages with distinct orthographic properties,
such as Chinese, Arabic, and Hebrew, where sim-
ple string matching is insufficient due to the ab-
sence of word boundaries or complex morphology.
To address this, we implement a language-aware
matching tool that assigns a dedicated lookup func-
tion to each language. For whitespace-separated
languages like English, Spanish, and German, we
rely on word-boundary pattern matching. For Cyril-
lic languages such as Russian and Ukrainian, we
also use stem-based matching to cover inflected
forms. For French, we apply rule-based conjuga-
tion patterns, so verb forms beyond the infinitive

8https ://translate.google.com, accessed in
November 2025.
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Instruction-only
Detoxify the sen-
tence: "lol ’'m just
f*ckin with yal".

Toxic-expressions-in-instruction

Remove the following toxic
words/expressions [f*ckin] from the
sentence: "lol i'm just f*ckin with
ya!", but keep the meaning and style
similar to the original sentence.

Table 3: Prompts used in both zero-shot and fine-
tuning settings. Instruction-only (w/o) simply in-
structs the model to detoxify the sentence, while
toxic-expressions-in-instruction (w/) provides toxic
expressions (words/expressions) as context in the
input instruction.

are matched as well. For script-specific languages
such as Arabic and Hebrew, we normalize text be-
fore searching for matches, whereas Chinese and
Japanese rely on direct sub-string matching given
the absence of word boundaries.

3.2.1. Zero-Shot Prompting

For zero-shot text detoxification experiments, we
evaluate two widely used instruction-following
LLMs, GPT-3.5-turbo (OpenAl, 2023) and GPT-
4.1-mini (OpenAl, 2025), across all 15 languages
using the templates presented in Table 3.

3.2.2. Fine-Tuning

Our framework explores two main sequence-to-
sequence multilingual models: mT5 (Xue et al.,
2021) and Aya-101 (Ustiin et al., 2024). We se-
lect these models for three reasons. First, mT5 is
the standard encoder-decoder baseline in the text
detoxification literature (Dementieva et al., 2024a),
ensuring direct comparability with prior work. Sec-
ond, Aya-101 is one of the few open instruction-
tuned multilingual models with broad language cov-
erage, including low-resource languages, for which
decoder-only alternatives such as LLaMA or Mistral
offer more limited support. Third, comparing a base
model (mT5) with an instruction-tuned model (Aya-
101) allows us to isolate the effect of instruction tun-
ing on the integration of toxic expressions in prompt
instructions. This results in three model configura-
tions: mT5 (Full): Full-parameter fine-tuning®, Aya-
101 (Full): Full-parameter fine-tuning', and Aya-
101 (LoRA): Parameter-efficient fine-tuning via
LoRA'", enabling us to assess whether lightweight
adaptation can match or surpass full fine-tuning in

®mT5 fine-tuned for 3 epochs with a learning rate
of 3 x 1075, and early stopping with a patience of 4
evaluation steps.

1°Aya-101 fine-tuned for 5 epochs with a learning rate
of 2 x 107, and early stopping with a patience of 5
evaluation steps.

""LoRA (Aya-101) fine-tuning using rank r = 16, o =
32, trained for 5 epochs with a learning rate of 2 x 107*.


https://translate.google.com

Model BLEU ROUGE STA SIM CHRF Joint Model BLEU ROUGE STA SIM CHRF Joint
GPT-3.5-turbow/o  17.40 19.94 059 0.56 0.31 0.15 mT5 w/o 58.85 31.55 052 0.83 0.58 0.26
GPT-3.5-turbo w/ 27.24 25.08 0.75 0.72 0.52 0.32 mT5 w/ 61.62 33.05 0.56 090 0.66 0.35
GPT-4.1-miniw/o 2522 2554 0.82 0.74 050 0.33 Aya-LoRAw/o  49.83 3393 066 0.89 0.69 0.42
GPT-4.1-mini w/ 38.96 3093 0.74 0.85 0.63 0.41 Aya-LoRA w/ 50.24 33.99 0.71 0.91 0.70 0.45
Aya-Full w/o 4969 3371 063 091 069 041

Table 4: Average performance of zero-shot prompt- Aya-Full w/ 5171 3396 070 092 069 044

ing (GPT-3.5-turbo and GPT-4.1-mini) with and
without toxic expressions in instructions across all
15 languages: w/o: instruction-only (Table 3), w/:
toxic-expressions-in-instruction (Table 3).

this setting. We tune the models on each instruc-
tion strategy, resulting in six fine-tuned models in
total.

All models are fine-tuned on the training data
described in Section 3.1 and evaluated across
all 15 languages (9 seen and 6 unseen), with
temperature-based sampling (7 = 0.7) to handle
language imbalance.

3.3. Evaluation

We evaluate the detoxification performance by di-
rectly adapting three core metrics from Dementieva
et al. (2024a,b). These metrics return values be-
tween 0 and 1 where higher is better.

Style Transfer Accuracy (STA) (Prabhumoye
et al., 2018) is computed using a pretrained multi-
lingual toxicity classifier'? to score both the input
and detoxified output, where a higher STA indicates
more successful transfer from toxic to non-toxic
style.

Content Similarity (SIM) is calculated using co-
sine similarity between the embeddings of the orig-
inal toxic text and the generated detoxified text
(Feng et al., 2022). It measures how well the origi-
nal text’'s meaning is preserved in the output.

Fluency (CHRF) evaluates the fluency of the gen-
erated output. For this, an implementation from the
sacrebleu library is used (Post, 2018).

Joint score (J) is the average of the product of
STA, SIM and CHRF, which has been shown to
be highly correlated with human evaluation (Lo-
gacheva et al., 2022).

Additionally, in line with other studies on text style
transfer (Mukherjee et al., 2023b; Jin et al., 2022),
we automatically evaluate model outputs using
BLEU score (Papineni et al., 2002) and ROUGE"®
score (Lin and Och, 2004).

1thtps ://huggingface.co/textdetox/
xlmr-large-toxicity-classifier-v2

BROUGE as the mean of ROUGE-1, ROUGE-2, and
ROUGE-L

Table 5: Average performance with and without
toxic expressions in instructions across all 15 lan-
guages. Aya-LoRA: LoRA fine-tuning; Aya-Full:
full-parameter fine-tuning: w/o: instruction-only
(Table 3), w/: toxic-expressions-in-instruction (Ta-
ble 3).

4. Results

In this section, we present the results from zero-
shot prompting and fine-tuning experiments. We
then discuss cross-lingual transfer results for the
fine-tuned models across seen and unseen lan-
guages.

4.1. Zero-Shot Prompting Results

Table 4 presents the average performance of both
GPT models across 15 languages. With instruction-
only (w/0), GPT-3.5-turbo achieves a Joint score
of 0.15, reflecting limited detoxification ability in a
purely zero-shot setting, while GPT-4.1-mini per-
forms considerably better at 0.33, likely benefit-
ing from its more recent and capable pretraining.
Adding toxic expressions in the instruction (w/)
yields substantial gains over the standard strategy
(w/0) in both cases. For GPT-3.5-turbo, the Joint
score more than doubles from 0.15 to 0.32, with
BLEU improving from 17.40 to 27.24. GPT-4.1-
mini similarly benefits from the context, with the
Joint score rising from 0.33 to 0.41 and BLEU from
25.22 to 38.96. This consistent pattern suggests
that, without explicit guidance, it is not obvious to
the models what constitutes toxic language based
on their pretraining alone—likely due to the filtered
nature of their training data (Mendu et al., 2025).
Explicitly providing toxic expressions in instructions
serves as a strong guiding signal, reducing ambigu-
ity about what the model should remove or replace.
A detailed per-language Joint score breakdown
is provided in Table 6. Overall, models perform
best on high-resource languages such as English,
German, French, and ltalian under both instruc-
tion settings, with a few exceptions, for example,
GPT-3.5-turbo w/o performs poorly on Ukrainian.
The toxic-expressions-in-instruction strategy brings
the most dramatic improvements for GPT-3.5-turbo
on these low-scoring languages, with Ukrainian
jumping from 0.03 to 0.51 and Hindi from 0.01 to
0.23. GPT-4.1-mini shows more consistent perfor-
mance across languages, though it similarly bene-
fits from toxic expression guidance, particularly for
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Model EN RU UK DE AR ES HI ZH AM FR IT JA Hin TT HE Avg.
GPT-3.5 w/o 0.37 0.27 0.03 0.34 0.17 0.19 0.01 0.02 0.02 0.33 0.21 0.08 0.04 0.02 0.02 0.15
GPT-3.5 w/ 0.38 047 051 041 046 041 023 0.16 0.03 045 049 043 0.08 0.06 0.20 0.32
GPT-4.1-miniw/o 052 0.46 054 035 025 045 025 0.11 022 055 055 028 0.08 0.13 0.20 0.33
GPT-4.1-miniw/ 0.53 0.54 0.62 0.55 0.48 0.51 0.28 0.21 0.25 0.61 0.64 046 0.11 0.17 0.23 0.41

Table 6: Joint score for zero-shot prompting across all 15 languages. w/o: instruction-only (Table 3); w/:
toxic-expressions-in-instruction (Table 3). Language codes: EN: English, RU: Russian, UK: Ukrainian,
DE: German, AR: Arabic, ES: Spanish, HI: Hindi, ZH: Chinese, AM: Amharic, FR: French, IT: Italian, JA:
Japanese, Hin: Hinglish (Hindi in Latin script), TT: Tatar, HE: Hebrew.

Seen Languages Unseen Languages
Model EN* RU* UK* DE* AR* ES* HIF ZH* AM* Avg* | FRT ITT JAT HinT TT' HET Avg.f
mT5 w/o 040 037 038 041 039 031 0.16 0.07 019 0.30 | 0.31 0.34 024 0.10 0.12 0.13 0.21
mT5 w/ 0.52 050 057 052 051 044 022 010 025 0.40 | 042 048 025 0.11 0.19 0.16 0.27
Aya-LoRAw/o 055 057 065 059 056 048 0.26 0.11 033 046 | 061 062 037 0.13 025 0.22 0.37
Aya-LoRAw/ 0.57 0.59 0.68 0.63 058 050 024 0.13 037 048 | 065 0.63 041 0.15 030 0.26 0.40
Aya-Full w/o 0.54 056 065 060 055 045 024 0.11 032 045 | 057 058 035 0.13 026 022 0.35
Aya-Full w/ 0.55 0.58 0.66 0.62 0.58 049 0.26 0.13 032 047 |063 062 039 0.15 030 0.26 0.39

Table 7: Joint score for fine-tuned models across all 15 languages. x: seen languages;

languages were

used for fine-tuning. {: unseen languages; not included during fine-tuning. w/o: instruction-only (Table 3);
w/: toxic-expressions-in-instruction (Table 3). Aya-LoRA: LoRA fine-tuning; Aya-Full: full-parameter
fine-tuning. Language codes: EN: English, RU: Russian, UK: Ukrainian, DE: German, AR: Arabic, ES:
Spanish, HI: Hindi, ZH: Chinese, AM: Amharic, FR: French, IT: Italian, JA: Japanese, Hin: Hinglish (Hindi

in Latin script), TT: Tatar, HE: Hebrew.

Japanese (0.28 — 0.46) and French (0.55 — 0.61).
Chinese (ZH) and Hinglish (Hin) remain the most
challenging languages for both models across both
settings.

4.2. Fine-Tuning Results

Table 5 presents the average performance of all
three fine-tuned models on 15 languages. mT5 w/o
achieves a Joint score of 0.26, while both Aya vari-
ants perform considerably better at 0.42 (Aya-LoRA
w/0) and 0.41 (Aya-Full w/0), reflecting the benefit
of instruction-tuned pretraining. Adding toxic ex-
pressions in instructions consistently improves per-
formance across all three models. For mT5, adding
toxic expressions in instructions yields a noticeable
gain in the Joint score (0.26 — 0.35), alongside
improvements in BLEU, SIM, and CHRF. A sim-
ilar trend is observed for both Aya-101 variants,
where the toxic-expressions-in-instruction prompt
improves the Joint score from 0.42 to 0.45 for Aya-
LoRA and from 0.41 to 0.44 for Aya-Full. These
findings confirm that providing toxic expressions
in instructions consistently benefits model perfor-
mance across all three model configurations, con-
sistent with findings in the zero-shot experiments.
Notably, Aya-LoRA outperforms Aya-Full in the
instruction-enhanced setting across most metrics,
achieving the highest Joint score (0.45) and the
best STA and CHRF scores overall. This suggests
that parameter-efficient fine-tuning via LoRA not
only reduces computational cost but also yields
a more effective model for the detoxification task
despite using significantly fewer trainable parame-
ters. A detailed breakdown of Joint score across all

15 languages, including performance on unseen
languages, is provided in Table 7 and discussed
further in Section 4.3.

4.3. Cross-Lingual Transfer Results

Table 7 presents the Joint score of fine-tuned mod-
els across seen (x) and unseen (1) languages, re-
vealing two consistent patterns. First, including
toxic expressions in the prompt generally improves
performance across nearly all settings. The gains
vary by model but remain consistent overall, al-
though Aya-LoRA and Aya-Full are exceptions in
that they already achieve strong baseline perfor-
mance with instruction-only prompts. Second, the
fine-tuned models generalize remarkably well to
unseen languages, with Aya-LoRA still achieving
an average Joint score of 0.37-0.40 on unseen lan-
guages compared to 0.46-0.48 on seen ones—a
marginal performance drop, yet still indicative of
meaningful cross-lingual transfer. Looking at in-
dividual languages, French and ltalian show the
strongest performance among unseen languages
(0.65 and 0.63 respectively on Joint score) even
matching or exceeding the performance of some
seen languages. This benefit is likely due to
their typological proximity to Spanish and English,
which were seen during training. In contrast, lower-
resource and more distant languages such as Tatar,
Hebrew, and Hinglish show considerably weaker
results, suggesting that cross-lingual transfer is
largely driven by language family similarity and
script overlap.

Overall, Chinese (ZH) and Hinglish (Hin) remain
the most challenging languages across all models

113



Original (Toxic) Reference Model Output Model Joint
he is a f*cking parasite. He is a bad person he is a bad person. mT5 w/ 0.0002
you are a bit of a d*ck. You are a bit intense you are a bad person mT5 w/ 0.0001
planet earth is fucking crazy. Planet earth is crazy Planet earth is crazy. Aya-Full w/ 0.0014
they re both fucked up. they are both in trouble ~ They are both messed up.  Aya-Full w/ 0.0003
even bush knows he f*cked up.  Bush is well aware that Even Bush knows he Aya-LoRA w/ 0.0002
he has messed up messed up.
liar, liar pants on fire justin. Constantly lying Justin ~ justin is lying. Aya-LoRA w/ 0.0003
dmvs are un f*cking believable.  dmvs are unbelievable dmvs are unbelievable. GPT-4.1-miniw/  0.0006
what an a*se hole you are! What a bad person you  what a terrible person you ~ GPT-4.1-miniw/  0.0002
are. are!

Table 8: Examples of model outputs with low Joint score that may still be considered acceptable detoxifi-
cations, illustrating the limitations of automatic evaluation for this task.

and settings. For Chinese, the difficulty likely stems
from its logographic script and limited overlap with
other languages, which may also affect the quality
of toxic span lookup. For Hinglish, the challenge is
compounded by the unusual nature of the language
itself, Hindi written in Latin script, which may not be
well-represented in the pretraining data of any of
the models, and whose toxic expressions may not
align well with the entries in the toxic expressions
lexicon where spelling may vary.

5. Conclusions and Discussion

In this work, we addressed the task of multilin-
gual text detoxification with the objective of auto-
matically transforming toxic text into a non-toxic
rewrite without compromising meaning or fluency,
making use of comparable toxicity lexicons. Our
experiments were structured around two central
questions: whether providing toxic expressions in
prompt instructions improves detoxification perfor-
mance, and whether the benefits of toxic expres-
sions in instructions persist in a cross-lingual setup,
including for unseen low-resource languages.
With respect to the first question, our results con-
sistently confirm that providing toxic expressions
in instructions yields measurable improvements
across all models and settings, both in fine-tuning
and zero-shot prompting. This holds for mT5, both
variants of Aya-101, and the two GPT models, with
the effect being particularly pronounced in zero-
shot scenarios where no task-specific fine-tuning
is available. These findings suggest that explicitly
identifying and supplying toxic expressions reduces
ambiguity for the model and serves as a reliable
guiding signal for the detoxification process. No-
tably, we observe that a small set of high-frequency
profane terms (e.qg., f*ck in English, p*tain in French,
m*erda in Spanish dominates the matches, while
the long tail of the lexicon consists of entries that

occur rarely or not at all.

With respect to the second question, the fine-
tuned models demonstrate a notable ability to gen-
eralize to unseen languages, with a marginal yet
meaningful drop in Joint scores compared to seen
languages. Aya-LoRA, in particular, still achieves
strong performance across both seen and un-
seen language settings, suggesting that parameter-
efficient fine-tuning on multilingual data provides a
robust foundation for cross-lingual transfer, even
for low-resource languages such as Tatar. Over-
all, text detoxification remains challenging, partic-
ularly when trying to achieve detoxification while
preserving content and maintaining fluency at the
same time. Future work should incorporate human
evaluation, more diverse prompting strategies, and
additional low-resource languages.

More broadly, our results underscore the value
of multilingual toxic expressions lexicons as a prac-
tical, transferable resource for injecting domain-
specific knowledge into language models across
languages and paradigms.

6. Limitations

One limitation of our work is the reliance on auto-
matic evaluation metrics, which may not fully cap-
ture the quality of detoxification outputs. Given the
sensitivity of this task to word choice and the degree
of toxicity, small lexical changes can disproportion-
ately affect scores such as BLEU or Joint, even
when the output is semantically well-detoxified. As
illustrated in Table 8, some outputs that received
low automatic scores were nonetheless reason-
able detoxified sentences upon inspection, high-
lighting the importance of human evaluation as a
complementary assessment. A promising alterna-
tive would be LLM-as-a-judge evaluation, which we
leave for future work. Furthermore, our detoxifica-
tion task includes only explicitly toxic comments,
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which themselves may have limited coverage, and
does not address comments that convey implicit or
inherently toxic messages. An example of the latter
would be “f*ck her right in the p*ssy”, which car-
ries an inherently toxic meaning that persists even
when individual words are replaced. Paraphrasing
such comments poses a challenge, as thorough
detoxification may require altering or removing the
original toxic meaning altogether (Dementieva et al.,
2024a; Wiegand et al., 2023). Additionally, the
use of machine-translated prompt templates across
the 15 languages may introduce translation errors,
particularly for low-resource languages such as
Tatar and Amharic, which could affect model per-
formance independently of the toxic expressions in
instructions. Finally, while we experiment with two
multilingual models, we acknowledge that larger
model sizes and broader language coverage could
yield further improvements (Ruan et al., 2024; Ka-
plan et al., 2020; Brown et al., 2020), which we
leave for future work.

7. Ethical Considerations

The aim of our work is to detoxify toxic com-
ments. However, what counts as toxicity is, to
some extent, subjective. Automatic detoxification of
user-generated comments in online environments
should therefore be approached with caution. First,
our models cannot guarantee the complete removal
of toxicity with 100% accuracy. Second, automatic
detoxification might be considered as a violation
of freedom of speech (Dementieva et al., 2023,
2025). In line with the propositions made by De-
mentieva et al. (2025), our intention is to use the
detoxification model for the creation of safer online
environments and the reduction of harmful content
and digital violence—not by enforcing automatic
corrections, but rather by offering user-friendly sug-
gestions for rephrasing potentially toxic messages.
Finally, although our work is intended to be used
for detoxification purposes, we cannot rule out the
possibility of misuse, such as generating toxic text
from non-toxic inputs (Bose et al., 2023; Floto et al.,
2023).
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