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Abstract

This paper describes MISP (Multilingual Id-
iomatic Sentence Paraphrasing), a system sub-
mitted to the PARSEME 2.0 Multilingual
Shared Task on Identification and Paraphras-
ing of Multiword Expressions (MWEs). We
participated in Subtask 2 on MWE para-
phrasing and developed our system based on
Qwen3-4B-Instruct fine-tuned on synthetic
Portuguese MWE paraphrases. We applied
MISP not only to Portuguese, but also to French
and Romanian, aiming to leverage cross-lingual
transfer within related languages, with ours be-
ing the only submission for Portuguese. Our
results indicate that MISP struggles to generate
paraphrases that both rephrase and preserve the
original meaning of the MWE. Additionally,
instruction fine-tuning does not appear to im-
prove performance. Overall, our findings high-
light the challenges of paraphrasing MWEs,
particularly in a cross-lingual setting.!

1 Introduction

Multiword expressions (MWESs) are a major area
of interest within the field of natural language pro-
cessing (NLP). Different definitions have been pro-
posed that emphasise either their formulaic na-
ture (Wray, 2002) or their treatment as units rather
than as sequences of individual words (Calzolari
et al., 2002; Sag et al., 2002). Other definitions
highlight the idiosyncratic nature of MWEs on dif-
ferent levels (Baldwin and Kim, 2010; Calzolari
et al., 2002). We adhere to the definition provided
by Baldwin and Kim (2010, p. 269), which is the
one adopted by the PARSEME 2.0 Multilingual
Shared Task on Identification and Paraphrasing of
Multiword Expressions. MWESs are described as
“lexical items that: (a) can be decomposed into mul-
tiple lexemes; and (b) display lexical, syntactic,
semantic, pragmatic and/or statistical idiomaticity”.

!The implementation and dataset of MISP are available at
https://github.com/TinfFoil/unibo-misp/.

This definition does not equal idiomaticity to non-
compositionality (as traditionally argued), but to
“markedness” or “deviation” from the features of
the MWE’s components.

MWE:s constitute a large part of language and
are estimated to be comparable in number to single
words in a speaker’s lexicon (Jackendoff, 1997).
They also come in different forms and exhibit a
high level of heterogeneity. MWEs can be placed
on an idiomaticity continuum, from highly id-
iomatic to more compositional expressions (Moon,
1998), as well as on a fixedness continuum, span-
ning from fixed expressions to flexible combina-
tions (Sag et al., 2002). Additionally, MWEs are
attested in a wide range of languages, in which they
are constructed differently (Baldwin et al., 2004).

The processing of MWE:s is central to the de-
velopment of more linguistically precise NLP sys-
tems. Efficiently handling MWEs can have great
utility for various downstream tasks, such as pars-
ing, machine translation, information extraction
and sentiment analysis (Mititelu et al., 2025).

The PARSEME 2.0 Shared Task? (Scholivet
et al., 2026), organised within the “Universality,
diversity and idiosyncrasy in language technology”
(UniDive) CA21167 COST Action?, focuses on the
identification (Subtask 1) and paraphrasing (Sub-
task 2) of MWEs. Both subtasks adopt a multilin-
gual perspective and involve 17 and 14 languages,
respectively.

We focused on Subtask 2 and developed MISP
(Multilingual Idiomatic Sentence Paraphrasing),
a system for MWE paraphrasing in French (fr),
Georgian (ka), Portuguese (pt), and Romanian (ro).
For this task, based on a sentence containing a
MWE, the system should generate a paraphrase
that (i) completely or partially removes the MWE,

2https://unidive.1isn.upsaclay.fr/doku.php?id=
other-events%3Aparseme-admire-st-call#call_for_
participation

Shttps://unidive.lisn.upsaclay.fr
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(ii) preserves the original meaning, and (iii) ex-
hibits linguistic diversity. In this paper, we de-
scribe our approach for three Romance languages
—French, Portuguese, and Romanian— based on
cross-lingual transfer. We selected languages from
the same language subgroup to assess whether
their linguistic kinship could be leveraged to ben-
efit cross-lingual transfer. We instruction-tuned
Qwen3-4B-Instruct-2507 (Qwen Team, 2025)*
on a dataset of synthetically generated paraphrases
in Portuguese created from the AStitchInLanguage-
Models dataset (Tayyar Madabushi et al., 2021).
The results, presented in Section 4, suggest that
MISP is not capable of generating paraphrases that
rephrase the MWE of the original sentence and
that retain its original meaning. Instruction fine-
tuning does not necessarily improve the model’s
performance, and the effects of cross-lingual trans-
fer appear limited or even negative.

The rest of the paper is distributed as follows.
Section 2 provides an overview of previous studies
and existing datasets for MWE paraphrasing. Sec-
tion 3 describes the experimental setup, from data
creation to fine-tuning. Then, Section 4 presents
the results and discussion of the experiments, while
Section 5 draws some conclusions and underscore
possible future developments.

2 Related Work

NLP applications have been focusing on two major
issues associated with MWEs: identification and
interpretation (Baldwin and Kim, 2010). These is-
sues are related to the idiomaticity or markedness
characterising MWESs, which calls for the need to
disentangle their intrinsic ambiguity, especially on
the semantic and the syntactic levels. Multilin-
guality adds another layer of complexity since lan-
guages license different ways of creating MWEs,
and the criteria to define them can vary based on
language (Villavicencio et al., 2004). As exempli-
fied by Baldwin et al. (2004), while in English only
expressions made of multiple whitespace-delimited
lexemes are considered, in German this criterion
is more flexible, since the language is rich in com-
pound nouns. While multilinguality introduces a
great degree of variability, it can also serve as an
aid for identifying MWEs by examining transla-
tions between languages (Melamed, 1997). For
instance, the lexemes balance and sheet are most

4https://huggingface.co/Qwen/
Qwen3-4B-Instruct-2507

often translated as équilibre and feuille in French,
while the expression balance sheet is translated as
bilan, which might indicate that balance sheet is
semantically idiomatic (Baldwin and Kim, 2010).

Since MWEs constitute a major interest in NLP,
various tasks have been explored. For example,
Zhou et al. (2021a) introduce the task of idiomatic
sentence paraphrasing (ISP), consisting in para-
phrasing a sentence containing an idiomatic expres-
sion by replacing them with their literal meaning.
As they point out, ISP aims to improve the read-
ability of an idiomatic sentence, possibly having
benefits on tasks such as machine translation. For
this purpose, they release the Parallel Idiomatic
Expression (PIE) dataset, which includes sentence-
level mappings between idiomatic sentences and
their paraphrases, and BIO tags to signal the MWE.
PIE is the first parallel dataset of idiomatic sen-
tence paraphrases and represents a significant con-
tribution to the study of MWEs in NLP. However,
datasets to address ISP remain relatively scarce,
even more so for other languages.

Tayyar Madabushi et al. (2021) release an an-
notated idiom-related dataset in English and Por-
tuguese, which is further extended with Galician
in the SemEval2022 Task 2 dataset (Tayyar Mad-
abushi et al., 2022). Given the scarcity of data,
studies have attempted to develop unsupervised or
weakly supervised systems, such as those by Zhou
et al. (2021b), who propose an unsupervised sys-
tem that leverages the meaning and the POS tags
of an idiomatic expression to generate an accurate
paraphrase of the whole sentence. Yet this system
is outperformed by their weakly supervised method
based on a high-quality parallel dataset and which
draws on back translation.

Considering the limited data for ISP, we devel-
oped a system based on the synthetic generation
of paraphrases from existing data in Portuguese,
and we attempted to exploit cross-lingual trans-
fer between Portuguese, French, and Romanian to
leverage their common genealogical root.

3 Experiments

3.1 Creation of Synthetic Data in Portuguese

To carry out the instruction fine-tuning, we first
needed paraphrases of sentences containing MWEs.
To this end, we used AStitchinLanguageMod-
els (Tayyar Madabushi et al., 2021), a dataset of nat-
urally occurring sentences containing potentially
idiomatic MWEs in both English and Portuguese.
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This dataset provides different annotations of the
MWEs, including whether their usage is literal
or idiomatic and a paraphrase for both meanings.
For example, the expression big fish is associ-
ated with the paraphrases “large fish” (literal) and
“important person” (idiomatic). We used the Por-
tuguese subset and extracted (7) the MWE:s, (ii) the
sentences with an idiomatic usage of MWEs, and
(iii) the corresponding paraphrases.

Based on these, we synthetically generated three
paraphrases of each sentence through prompts
entirely written in Portuguese, following exist-
ing findings suggesting that instructions in En-
glish do not necessarily yield better results (e.g.,
Enomoto et al., 2025; Phelps et al., 2024). We
used Apertus-8B-Instruct-2509 (Hernandez-
Cano et al., 2025)° for the generation. Appendix A
shows an example of the prompts and the para-
phrases generated by the model. The prompt is
designed to provide the model with the meaning of
the MWE extracted from the dataset: in the exam-
ple from Appendix A, the MWE mercado negro
(black market) is defined as mercado ilegal (ille-
gal market), which gives the model extra informa-
tion about the meaning of the MWE. Additionally,
the prompt comprises practical guidelines to gen-
erate a paraphrase to help the model better follow
the instruction. Since the model is asked to follow
a specific output format, we were able to extract
the paraphrase from the whole model’s response by
using regular expressions.

We also attempted to filter the data based on
the BERTScore (Zhang et al., 2019) between origi-
nal and the paraphrased sentence. Synthetic para-
phrases having a BERTScore lower than 0.7 were
filtered out. However, since the filtered dataset ex-
hibited a significant drop in terms of diversity, the
filtering stage was omitted.

Following this methodology, we created a
dataset of 3,537 synthetic paraphrases in Por-
tuguese, which we used in the fine-tuning.

3.2 Instruction Fine-Tuning

Based on these generated data, we conducted
the instruction fine-tuning on Qwen3-4B-Instruct.
We used QLoRA (Quantized Low-Rank Adapta-
tion) (Dettmers et al., 2023), which combines 4-
bit quantization with LoRA (Hu et al., 2021) to
save computational resources while maintaining
model performance. The training process runs for

5https://huggingface.co/swiss—ai/
Apertus-8B-Instruct-2509

5 epochs using a batch size of 4 and the 8-bit paged
AdamW optimizer.

4 Results and Discussion

After fine-tuning, we applied the model to the test
data in Portuguese, French and Romanian. The test
sets comprise 158 sentences in Portuguese, 95 in
French and 138 in Romanian. We used prompts
entirely written in the target language, consistently
with the approach adopted during fine-tuning.

4.1 Automatic Evaluation

We carried out the automatic evaluation of our sys-
tem following the shared task’s approach. First,
BERTScore is computed only for the predictions
completely or partially deleting the MWE. This
score is designed to assess the semantic similar-
ity between such predictions and two manually
crafted paraphrases: a “minimal” one, which is
closer to the source sentence, and a “creative” one,
which greatly differs. Out of these two scores,
the higher one is chosen as the final BERTScore.
BERTScore is not computed on the original sen-
tence, but on gold standard paraphrases, since it
might struggle to capture the original idiomatic,
non-compositional semantics and give inaccurate
scores. Besides semantic similarity, the linguistic
diversity of the system’s paraphrasing is assessed
through three metrics, namely richness, Shannon
evenness, and Shannon—Weaver entropy (Shannon,
1948). Richness measures how varied the system’s
linguistic choices are, indicating the diversity of its
vocabulary for expressing similar meanings, with-
out resorting to the same patterns. Shannon even-
ness captures how balanced these choices are in
the system’s output, ensuring that all are equally
opted for. Finally, Shannon—Weaver entropy is
computed to measure the unpredictability of the
system’s paraphrasing behaviour.

Table 1 shows the obtained results. Baseline re-
sults are generated with gpt-oss-1 20b° (OpenAl,
2025), a 117-billion parameter open-weight model
released by OpenAl in 2025. Qwen3-4B-Instruct
results reflect the performance of the model prior
to fine-tuning, whereas MISP indicates the perfor-
mance of the fine-tuned model. For comparison,
we include the scores obtained by the top partici-
pants of the shared task for French and Romanian
(ours is the only run submitted for Portuguese).

Shttps://huggingface.co/openai/gpt-oss-120b
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BERTScore Richness Evenness Entropy

French

gpt-oss-120b 77.55 326 0.92 5.33
Top PARSEME 93.90 236 0.83 4.54
Qwen3-4B-Instruct 48.31 630 091 5.88
MISP 49.53 564 0.93 5.89
Portuguese

gpt-o0ss-120b 80.21 619 0.92 593
Top PARSEME* — - — -
Qwen3-4B-Instruct 66.16 1,048 0.91 6.34
MISP 58.59 789 0.93 6.20
Romanian

gpt-o0ss-120b 74.74 742 0.93 6.14
Top PARSEME 89.25 235 0.98 5.36
Qwen3-4B-Instruct 67.68 1,148 091 6.42
MISP 57.01 1,096 0.91 6.36

* No other team submitted runs for Portuguese

Table 1: BERTScores, richness, evenness, and entropy for baseline, Qwen3-4B-Instruct, and MISP in French,
Portuguese, and Romanian. For comparison, the scores obtained by the top participant of the shared task are

included. Best values in bold.

As far as the BERTScore is concerned, MISP is
generally outperformed by the other models. Our
model fails to approximate the baseline across all
three languages. While for Portuguese and Ro-
manian the difference reaches approximately 20
points, for French the gap between baseline and
MISP is nearly 30 points. This gap widens when
considering the top participant’s scores for French
and Romanian: 93.90 and 89.25, respectively. This
suggests that these models are substantially more
capable of generating paraphrases that retain the
meaning of the original sentence. By contrast, MISP
appears to struggle to preserve the sense of the orig-
inal sentence across all three languages. Its highest
BERTScore is observed for Portuguese (58.59) but
is still relatively low.

Focusing on the effectiveness of instruction fine-
tuning, the findings show that for Portuguese and
Romanian fine-tuning does not lead to significant
improvements but instead results in poorer perfor-
mance, with BERTScores approximately 10 points
lower. This suggests that instruction fine-tuning not
only degraded performance in Romanian but also
in Portuguese, the language used for fine-tuning.
Further, the results might indicate that cross-lingual
transfer between these two languages did not oc-
cur or had a negative impact on the model’s per-
formance. For French, fine-tuning does not lead
to a deterioration in performance and yields a
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BERTScore that is approximately 1-point higher.
Although this improvement is modest, it may in-
dicate that fine-tuning on Portuguese had a small
beneficial effect on French data, suggesting that
cross-lingual transfer might have taken place at
some degree.

When interpreting these results, however, we
need to consider that gpt-oss-120b is much larger
in size than Qwen3-4B-Instruct, which might par-
tially explain the difference in performance. Ad-
ditionally, our fine-tuning approach presents two
notable limitations. First, it relies on synthetically
generated data, which might be noisy and of vari-
able quality. Second, the size of the training dataset
is relatively small.

As for linguistic diversity, the baseline is gen-
erally outperformed by both MISP and the other
models across all languages and metrics. The
most notable difference is observed for richness,
which reaches a value of 1,148 for Romanian
with Qwen3-4B-Instruct. Additionally, both
Qwen3-4B-Instruct and MISP outperform the top
participant’s models across all three metrics (with
the exception of “richness” for Romanian). The
results suggest that both Qwen3-4B-Instruct and
MISP employ a more diverse and balanced vocabu-
lary when generating paraphrases and avoid using
the same repetitive patterns. However, it should be
noted that BERTScores remain relatively modest,



and a manual evaluation would be necessary to de-
termine if the increased linguistic diversity reflects
correct and appropriate paraphrases. The findings
in Table 1 might indicate that striking a balance
between meaning preservation and diversity is a
true challenge.

4.2 Error Analysis on French

In addition, we conducted an error analysis of the
paraphrases generated by MISP for French. We fol-
lowed the scheme adopted by the shared task for the
manual evaluation of the submitted systems’ pre-
dictions. Five criteria are evaluated. (i) Elimination
indicates whether the MWE has been partially or
completely removed and replaced by a paraphrase.
(if) Meaning assesses whether the original mean-
ing is preserved. (iii) Grammaticality checks for
spelling or grammar errors. (iv) Grammatical close-
ness evaluates whether grammatical features such
as time, mood, and number are retained. (v) Other
includes additional aspects such as naturalness and
register. Criteria (if) to (v) are only assessed for
paraphrases where the MWE has been eliminated.

We compared 95 paraphrases in French against
the original sentences. The error analysis shows
that the model managed to completely or partially
remove the MWE in only 39 out of 95 cases.
Among these 39 cases, the meaning is preserved
in 21 sentences (54%), while in others the model
fails to retain it. As for grammaticality, correctness
is preserved in 37 paraphrases, and grammatical
closeness is retained in 35 cases. Finally, in 3 cases
the paraphrases are correct both in meaning and
grammar, but lack naturalness. Some examples of
each error type are provided in Table 2, while the
corresponding translations into English and some
statistics are reported in Appendix B.

The error analysis suggests that MISP struggles
to paraphrase the MWE contained in the original
sentence and retains it in the majority of cases.
Similarly, it often fails to generate paraphrases that
maintain the meaning of the original sentence. In
contrast, only minor issues emerge regarding lan-
guage quality.

5 Conclusions

In this paper, we described MISP, a multilingual sys-
tem for MWE paraphrasing submitted to Subtask
2 of the PARSEME 2.0 Shared Task. We reported
the findings related to three Romance languages:
French, Portuguese, and Romanian. Our analy-

Elimination — MWE not deleted

O Une déviation en voie rapide a été inaugurée en 1993.
P Une modification sur la voie rapide a été mise en place en
1993

Meaning — original meaning not preserved

O Effets négatifs de la rétention d’information
P Les effets néfastes de la conservation d’information

Grammaticality — contains a grammar error

O Apres quelques années passées a Ringerike, ils s’installent
dans le quartier Nordstrand d’Oslo, ou ils reprennent un
bed and breakfast.

P Apres quelques années de résidence a Ringerike, ils
s’installent dans le quartier Nordstrand d’Oslo, ou ils
reprendent une auberge de jeunesse

Grammatical Closeness — change in mood, time, number

O Nelson Downs n’a jamais pris de cours de magie, il était
autodidacte et trés jeune il développa une remarquable
habileté pour la manipulation de cartes et de pieces.

P Nelson Downs n’a jamais suivi de cours de magie, il était
autodidacte et, trés jeune, il a développé une remarquable
capacité a manipuler des cartes et des pieces

Other - issues with naturalness, register, other

O Entre 2005 et 2007, il joue pour I’ équipe réserve du Saturn
Ramenskoie en troisieme division.

P De 2005 a 2007, il participe a I’ équipe de réserve du Sat-
urn Ramenskoie, qui compétitionne en troisieme division

Table 2: Examples of Original and Paraphrase evalua-
tion errors in different categories. MWEs are shown in
italics, while errors are highlighted in bold.

sis suggests that the baseline from gpt-o0ss-120b
achieves significantly higher BERTScores across
all languages, whereas MISP often fails to preserve
the original meaning. Instruction fine-tuning on
Portuguese and Romanian did not yield improve-
ments, and in some cases it led to degraded per-
formance, suggesting limited or negative cross-
lingual transfer. However, MISP’s performance
on French appears slightly improved compared
to Qwen3-4B-Instruct, which may indicate that
fine-tuning was beneficial and that some degree
of cross-lingual transfer took place and helped
the model better perform on French data. On the
other hand, Qwen3-4B-Instruct and its fine-tuned
version, MISP, appear more able to generate para-
phrases that exhibit higher linguistic diversity.

Error analysis in French shows that MISP often
fails to rephrase MWEs and confirms that it strug-
gles to maintain meaning, although grammatical
correctness and closeness are generally preserved.
Overall, our findings highlight the intrinsic diffi-
culty of paraphrasing MWEs across languages and
underscore the need for task-specific multilingual
data.
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Limitations

Our study has limitations that might account for
the observed results. First, the fine-tuning dataset
is relatively small, which may not help the model
learn effective paraphrasing in a significant way.
Second, the dataset used for the fine-tuning is syn-
thetically generated, introducing potential noise
and variability that could have negatively affected
the model’s performance. As for the error analy-
sis for French, it was conducted by a non-native
speaker, which may have reduced the reliability of
some judgments.

Ethics Statement

In this paper, we deliberately employ two relatively
small language models (8B and 4B parameters).
This choice was partly driven by practical con-
straints, such as available hardware resources. Ad-
ditionally, the use of smaller models reflects an
ethical consideration regarding the more resource
efficiency of such models, with the aim of support-
ing more sustainable as well as reproducible NLP
practices.
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A Prompt for the Synthetic Data Generation of Data and Prompt for Instruction
Fine-tuning

Table 3 shows an example of the prompt used to synthetically generate paraphrases in Portuguese, while
Table 4 illustrates the prompt used for the instruction fine-tuning.

Prompt

### Instrucoes: Vocé € falante nativo de portugués brasileiro. A frase a seguir contém a ex-
pressdo composta "mercado negro”, que significa "mercado ilegal”. Elabore 3 reformulacdes
da frase seguindo os passos abaixo:

- Leia a frase atentamente e certifique-se de compreender todo o seu significado.

- Escreva a ideia principal da frase com suas préprias palavras: use sindnimos, altere a
estrutura da frase e a estrutura gramatical.

- Compare sua reformulag¢do com a frase original para garantir que o significado foi preser-
vado.

Formate sua resposta desta maneira:

As parafrases sdo:

)

2)

3)

### Frase: Os medicamentos estio sendo vendidos no mercado negro e os resultados dos
testes estdo demorando dias.

### Resposta:

Synthetically Generated Paraphrases

1) Os medicamentos estido sendo comercializados ilegalmente e os resultados dos exames
estdo levando dias para serem divulgados.

2) Medicamentos estdo sendo vendidos no mercado ilegal, e os resultados dos testes estdo
demorando dias para serem apresentados.

3) Os medicamentos estdo sendo vendidos no mercado clandestino e os resultados dos
exames estio levando dias para serem divulgados.

Table 3: Example of prompt in Portuguese and the three paraphrases generated by the model according to the
instructions.

Prompt

### Instrucoes:

Vocé € falante nativo de portugués brasileiro. A frase a seguir contém a expressao composta
"{idiom}". Elabore uma reformulacio da frase seguindo os passos abaixo:

- Leia a frase atentamente e certifique-se de compreender todo o seu significado.

- Escreva a ideia principal da frase com suas préprias palavras: use sindnimos, altere a
estrutura da frase e a estrutura gramatical.

- Compare sua reformulagcdo com a frase original para garantir que o significado foi preser-
vado.

Formate sua resposta desta maneira:

A paréfrase é:

1)

### Frase: {sentence}.

### Resposta:

1) {paraphrase}

Table 4: Prompt in Portuguese for the instruction fine-tuning.
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B Results of Error Analysis

Table 5 shows the English translations of the error examples reported in Section 4.2. Table 6 shows the
statistics related to the error types occurring in MISP generated paraphrases.

Elimination — the MWE was not deleted

O A deviation to the fast track was inaugurated in 1993.
P A change to the fast track was implemented in 1993
Meaning — the original meaning was not preserved

O Negative effects of information retention.

P The adverse effects of information conservation

Grammaticality — the paraphrase contains a grammar error

O After a few years in Ringerike, they moved to the Nordstrand district of Oslo,
where they took over a bed and breakfast.

P After living in Ringerike for a few years, they moved to the Nordstrand district
of Oslo, where they took over a youth hostel.

Grammatical Closeness — the paraphrase contains a change in mood, time or number

O Nelson Downs never took magic lessons; he was self-taught and, at a very
young age, developed remarkable skills in manipulating cards and coins.

P Nelson Downs never had magic lessons; he was self-taught and, at a very young
age, has developed remarkable skills in manipulating cards and coins.

Other — the paraphrase has issues regarding naturalness, register or other aspects

0] Between 2005 and 2007, he played for Saturn Ramenskoye’s reserve team in
the third division.

P From 2005 to 2007, he took part in Saturn Ramenskoye’s reserve team, which
competed in the third division.

Table 5: English translations of examples of Original and Paraphrase evaluation errors in different categories.
MWE:s are shown in italics, while errors are highlighted in bold.

Meaning Retained Not Retained
54% 46%

Grammaticality Correct Incorrect
95% 5%

Grammatical Closeness Retained Not Retained
90% 10%

Other No Issues Issues
95% 5%

Table 6: Percentages of paraphrases with retained meaning, correct grammaticality, and retained grammatical
closeness.
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