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Abstract

Verbal multiword expressions (VMWEs)
present significant challenges for natural lan-
guage processing due to their complex and of-
ten non-compositional nature. While machine
translation models have seen significant im-
provement with the advent of language mod-
els in recent years, accurately translating these
complex linguistic structures remains an open
problem. In this study, we analyze the im-
pact of three VMWE categories—verbal id-
ioms, verb-particle constructions, and light
verb constructions—on machine translation
quality from English to multiple languages. Us-
ing established multiword expression datasets
and standard machine translation datasets, we
evaluate how state-of-the-art translation sys-
tems handle these expressions. Our experimen-
tal results consistently show that VMWEs neg-
atively affect translation quality, with deeper
analysis indicating that this degradation is pri-
marily attributable to the VMWE itself rather
than general sentence-level difficulty.

1 Introduction

Machine translation (MT) has achieved remark-
able progress with the advent of neural architec-
tures and large language models (Lu et al., 2024;
Team et al., 2024), yet certain linguistic phenom-
ena continue to challenge advanced systems, such
as structural differences (Wang et al., 2022) and
morphologically complex words (Weller-Di Marco
and Fraser, 2022). Verbal multiword expressions
(VMWEs)—fixed or semi-fixed combinations of
words containing a verb with non-compositional
meanings—represent one of these persistent chal-
lenges. Unlike regular word combinations whose
meanings derive from their constituent parts, multi-
word expressions require contextual understanding
and often language-specific knowledge to translate
accurately. For example, when reading “spill the
beans,” humans understand this idiom means to
reveal a secret, yet translation systems render it

NIV/A During the meeting,
=4S they spilled the beans.

ESWHE, A7
LEFHET HEK,
Wihrend des Treffens y

haben sie die Bohnen
verschuttet.

Figure 1: Illustrative example of incorrect machine
translation of a sentence containing the verbal mul-
tiword expression spill the beans (“reveal a secret”),
where literal translations into Chinese and German lead
to a semantically incorrect interpretation.

literally leading to loss of the intended meaning,
as depicted in Figure 1. Similarly, when people
“land on their feet” after a setback, or “check in” at
a hotel, the meanings emerge from the word combi-
nations rather than individual components. Despite
their prevalence in everyday language and their im-
portance for meaning preservation in translation,
VMWESs remain understudied in the context of MT
systems (Ramish et al., 2013; Cap et al., 2015).

Verbal multiword expressions have long been
recognized as an important challenge in NLP (Fell-
baum et al., 2006; Boukobza and Rappoport, 2009;
Rohanian et al., 2020). Following previous work
on the most widely recognized verbal multiword
expressions (Constant et al., 2017; Savary et al.,
2017), we focus on three linguistically distinct
VMWE types: (1) verbal idioms, whose meanings
cannot be derived from component words (e.g.,
take the lion’s share), (2) verb-particle construc-
tions, where particles modify verb meanings in
non-trivial ways (e.g., figure out), and (3) light verb
constructions, where verbs primarily serve gram-
matical functions while nouns carry more semantic
weight (e.g., give a speech).



In this work, we present a comprehensive analy-
sis of how these different categories of VMWEs af-
fect translation quality across multiple state-of-the-
art MT systems. Our investigation employs a novel
dual-dataset approach, examining both established
VMWE datasets (e.g., Saxena and Paul, 2020; Tu
and Roth, 2012) and VMWE sentences extracted
from the WMT (Workshop on Machine Transla-
tion) datasets (Koehn and Monz, 2006; Kocmi et al.,
2024). Specifically, we use large language mod-
els to extract sentences containing verbal multi-
word expressions from the WMT datasets. We
evaluate translation quality through two comple-
mentary methods: (1) reference-free quality es-
timation models (Juraska et al., 2024; Guerreiro
et al., 2024) for VMWE datasets, which predict
translation adequacy and fluency without relying
on human-generated reference translations, and (2)
human direct assessment (DA) scores for WMT
data, providing insights into human perception of
translation quality. We conduct experiments on
seven language pairs and eight state-of-the-art MT
systems: four specific neural MT models, three
LLM-based models and Google Translate API. Our
experimental results demonstrate that verbal multi-
word expressions consistently degrade translation
quality, with the degree of degradation correlat-
ing with non-compositionality. We perform deeper
analysis and show that the presence of the VMWE
is the primary cause for the translation degradation
rather than confounding factors such as linguistic
complexity. In summary, the key contributions are:

* We provide the first comprehensive study of
the impact of verbal multiword expressions
(VMWESs) on machine translation (MT) qual-
ity, using both VMWE-specific datasets and
MT datasets, with automatic evaluation meth-
ods and human scores.

* Our experimental results quantitatively
demonstrate that VMWEs consistently
degrade translation quality across multiple
MT systems and language pairs, with the
degree of degradation correlating with the
level of non-compositionality.

* We provide a fine-grained analysis of VMWE-
related translation difficulty using quality esti-
mation and regression-based controls, show-
ing that the observed degradation is primarily
attributable to VMWE presence rather than
standard sentence-level difficulty factors.

All our code and experimental results will be made
publicly available upon acceptance.

2 Related Work

Verbal Multiword Expressions in NLP. Multi-
word expressions (MWEs) have long been rec-
ognized as important challenges in natural lan-
guage processing due to their idiosyncratic, non-
compositional, and often ambiguous nature (Sag
et al., 2002; Baldwin and Kim, 2010; Constant
et al., 2017). Among MWEs, verbal multiword
expressions (VMWEs) such as light verb construc-
tions, verb-particle constructions, and verbal id-
ioms have drawn considerable attention (Ramisch,
2014; Pasquer et al., 2020; Rohanian et al., 2020;
Savary et al., 2023). These observations have led
to considerable work toward constructing anno-
tations and datasets for individual VMWE types.
For example, Tu and Roth (2011) and Tu and
Roth (2012) compiled datasets for English light
verbs and verb-particles. Saxena and Paul (2020)
and Haagsma et al. (2020) introduced datasets of
idiomatic expressions. VMWEs have also been
widely studied for their cross-linguistic variability,
as languages differ both in the lexicon and syntac-
tic patterns employed to express them (Cordeiro
and Candito, 2019; Racz et al., 2014; Khoshtab
et al., 2025). While English uses light verbs like
make and give, other languages may use unique
verbs not equivalent in English for similar construc-
tions (Butt, 2010). Other studies have explored id-
iomatic expressions of low resource languages (Di-
makis et al., 2024; Ohuoba et al., 2024). Annota-
tion efforts like the PARSEME shared task (Savary
et al., 2017, 2023) have standardized VMWE iden-
tification across languages.

MWE in Machine Translation. Machine Trans-
lation (MT) has seen significant progress with the
transition from phrase-based statistical MT (Koehn
et al., 2003; Koehn and Knowles, 2017) to neural
MT (Bahdanau et al., 2016; Vaswani et al., 2017).
More recently, large language models (LLMs) have
been applied to MT tasks, bringing improvement
in fluency and contextual understanding (Manakhi-
mova et al., 2023; Kocmi et al., 2024). Researchers
have known for a long time that MWE is essential
for MT systems. Earlier work by Carpuat and Diab
(2010) examined idiom translation in statistical MT
and highlighted the mismatch between composi-
tional meaning and phrase-based alignment. With
the advent of neural MT, numerous studies have
focused on improving MWE translation with neu-
ral models (Koehn and Knowles, 2017; Zaninello
and Birch, 2020; Baziotis et al., 2023). More re-



cently, Song and Xu (2024) analyzed the effects of
MWESs and named entities in Chinese—English MT,
finding that errors involving idioms significantly
affect overall quality. However, despite these ad-
vances, there remains a notable lack of systematic
evaluation of VMWEs in state-of-the-art machine
translation systems. Our work provides the first
comprehensive study of the impact of verbal mul-
tiword expressions (VMWESs) on machine transla-
tion (MT) quality.

3 Evaluating Translation on VMWE
Datasets

Here we detail our use of existing VMWE datasets:
the VMWE categories under study, the datasets
themselves, the MT systems we evaluate, and the
metrics used to assess performance. We use the
MT systems to translate the VMWE datasets to the
target languages. We then get the translation score
with quality evaluation (QE) models.

3.1 Verbal Multiword Expression Types

Following previous research (Constant et al., 2017;
Savary et al., 2017), we focus on three types of
common verbal multiword expressions in English:
verbal idioms, verb-particle constructions and light
verb constructions. These categories challenge
natural language processing due to their semantic
opacity, context dependence and idiomaticity.
Verbal idiom (VID): A fixed phrase with a verb
whose meaning cannot be guessed from the indi-
vidual words (e.g., spill the beans means to re-
veal the secret). These expressions are highly non-
compositional and often require contextual or cul-
tural understanding.

Verb-Particle Construction (VPC): Consists of a
verb and a particle (typically an adverb or preposi-
tion) that together form a new meaning (e.g., give
up means quit). These expressions are generally
semi-compositional, as the meaning is not fully
predictable from the parts.

Light Verb Construction (LVC): Combines a verb
with little meaning on its own (e.g., take) and a
predicative noun (e.g., walk) to form a full expres-
sion (e.g., take a walk). These constructions are
semi-compositional, with the noun carrying most
of the meaning.

3.2 Datasets

Verbal multiword expressions have long been rec-
ognized as a challenge in natural language process-

ing. Therefore, there have been multiple corpora
dedicated to VMWE and its subcategories.

Verbal Idiom datasets. We use these two datasets:
1) EPIE (Saxena and Paul, 2020): This dataset
contains annotated formal idiomatic English sen-
tences extracted from the British National Corpus
(BNC) (Leech, 1992). 2) MAGPIE (Haagsma et al.,
2020): A large sense-annotated corpus based on the
BNC and Parallel Meaning Bank (PMB) (Abzian-
idze et al., 2017). We retain only idiom sentences
from these two corpora that include a verb. This
filtering step ensures our dataset accurately reflects
verbal idiomatic expressions. After filtering, we
sample 2,000 sentences, 1,000 from each corpus.
Verb-Particle Construction datasets. We use
the Tu and Roth (2012) VPC dataset consisting
of 1,348 sentences sampled from BNC corpus, of
which 876 sentences with true verb-particle con-
struction and 472 sentences with simplex verb-
preposition combination sentences, focusing on
combinations of six verbs do, get, give, have, make
and take with nineteen common prepositions or par-
ticles. We only keep the 876 sentences that contain
the true verb-particle construction.

Light Verb Construction datasets. We use the
Tu and Roth (2011) LVC dataset. It is a balanced,
annotated dataset of English light verb construc-
tions using the BNC, includes 1,039 true light verb
construction sentences and 1,123 simplex verb-
noun sentences. This dataset focuses on the same
six common English light verbs used in the VPC
dataset. We used all 1,039 true light verb construc-
tion sentences for evaluation.

Non-VMWE Sentences. To accurately assess the
impact of VMWEs on translation quality, we con-
structed a comparison dataset consisting of sen-
tences without verbal multiword expressions. We
obtained these non-VMWE sentences by applying
rule-based heuristics to filter the BNC. Verbal id-
ioms are excluded using idiom dictionaries from
the EPIE and MAGPIE corpora. Verb-particle con-
structions are filtered using the spaCy dependency
parser (Honnibal et al., 2020) where a particle has
a prt relation to a verb. Light verb constructions
are detected using the light verb lists provided by
Tu and Roth (2012) and Huddleston et al. (2002).
Finally we randomly sampled 2,000 sentences as
our non-VMWE dataset from the filtered result.

3.3 QE Systems & MT Models Used

For machine translation quality assessment, we
utilize two state-of-the-art quality estimation (QE)



models from the WMT24 Metrics Shared Task (Fre-
itag et al., 2024). Unlike other standard evaluation
models, both models have reference-free mode,
meaning they can assess translation quality using
only the source sentence and the MT hypothesis.
1) MetricX-24-QE (Juraska et al., 2024): Based
on mT5 (Xue et al., 2021), it is fine-tuned on a
combination of human evaluation scores and syn-
thetic data designed to capture common translation
errors. In QE mode, it generates a score in the
range from O to 25, where lower scores indicate
better translation quality.

2) xCOMET-QE (Guerreiro et al., 2024): Built on
a large pre-trained encoder model XLM-RoBERTa-
XL (Goyal et al., 2021), it is trained using a multi-
task setup that combines sentence-level quality as-
sessments and word-level severity tags, in order to
predict both a sentence-level score and identify spe-
cific error spans with their severity levels. In QE
mode, it produces a score between 0 and 1, with
higher scores indicating better translation quality.
MT Models: We used 8 MT systems in this
work: 1) SeamlessM4T (Communication et al.,
2023), 2) Madlad400 (Kudugunta et al., 2023), 3)
M2M100 (Fan et al., 2020), 4) Opus-MT (Tiede-
mann and Thottingal, 2020), 5) LLaMAX3 Al-
paca (Lu et al., 2024), 6) Phi-4-multimodal (Mi-
crosoft et al., 2025), 7) GemmaX2 (Cui et al.,
2025), 8) Google Translate API. See further de-
tails about these MT systems in Appendix A.
Language scope. For VM WE-dataset experiments,
we translate from English into seven targets: Ger-
man (de), Czech (cs), Russian (ru), Chinese (zh),
Spanish (es), Japanese (ja), and Turkish (tr). Se-
lected to span major language families and to be
supported by our QE models and MT systems.

4 Evaluating Translation on WMT
Datasets

The experiment design above uses reference-free
evaluation on VMWE-specific datasets. To test
whether the same pattern holds under human eval-
uation, and to strengthen external validity, we
turn to WMT (Workshop on Machine Translation)
datasets (Koehn and Monz, 2006), which provide
system outputs with human DA scores. Details
about human DA scores in Appendix G.

In the WMT setting, we (i) locate VMWE in-
stances in English source sentences, (ii) collect the
corresponding system translations and human DA
scores, and (iii) measure the difference in human-

rated quality between VMWE and non-VMWE
subsets. This lets us ask the same question as be-
fore—do VMWEs hurt translation quality ?—but
now answer with human judgments.

4.1 Dataset

The WMT datasets are widely used for benchmark-
ing MT models. The datasets across multiple years
contain English sentences along with their corre-
sponding translations in other languages by MT
systems and humans, accompanied by human judg-
ment (direct assessment scores) (Bojar et al., 2016)
evaluating the translation quality.

To maintain a balance between diversity and
consistency, we select the four most frequently
used language pairs from 2017 to 2024: English to
Czech (en-cs), English to German (en-de), English
to Chinese (en-zh) and English to Russian (en-ru).

Different MT systems are evaluated and reported
by the WMT Findings of each year—(Bojar et al.,
2017), (Bojar et al., 2018), (Barrault et al., 2019),
(Barrault et al., 2020), (Akhbardeh et al., 2021),
(Kocmi et al., 2022), (Kocmi et al., 2023), (Kocmi
et al., 2024)—from 2017 to 2024. We selected
the top four MT systems for each year’s specific
language pair to reflect the highest level of MT
performance in that year.

4.2 VMWE Extraction and Classification
Using Large Language Models (LLMs)

We construct VMWE and non-VMWE subsets
from the WMT data as follows: For non-VMWE
sentences, we apply the same procedure as in Sec-
tion 3.2 into the WMT datasets. To obtain VMWE
sentences, we apply a two-step extraction pipeline:
1) Heuristic retrieval. For verbal idioms: Starting
from filtered idiom lists in EPIE and MAGPIE, we
retrieve sentences containing similar phrases, re-
quiring a BLEU-4 score of at least 0.6 (Papineni
et al., 2002). We use dependency parser for poten-
tial verb-particles and light verbs.

2) LLM-based disambiguation. Following the
PARSEME guidelines (Savary et al., 2023), we de-
sign a chain-of-thought prompt (Wei et al., 2023)
and since there are no gold labels in WMT to com-
pute accuracy, we test the performance of the LLMs
on the existing VMWE datasets. GPT-40 (OpenAl
et al., 2024b) is the best performing model, so we
use it for extracting VMWE sentences from WMT.
The performance of GPT-40 is given in Table 1, and
the results for all LLMs and full pipeline details
are provided in Appendix H. Finally, we compare
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Figure 2: Comparison of the translation quality between sentences with and without VMWE, using MetricX-24-QE
(range from 0 to 25, lower the better) and XCOMET-QE (range from 0 to 1, higher the better) scores. For each
cell, the values are the difference between the score of VMWE and non-VMWE sentences. Larger numbers (darker
colors) mean worse translation performance on VMWE sentences.

Type VID VPC LVC
Pos 81.8 800 816
Neg 789 844 78.0

Table 1: Fl-score of GPT-40 performance for identi-
fying VMWE sentences on specific balanced sampled
dataset. Pos: VMWE sentences. Neg: non-VMWE
sentences.

translation quality between the VMWEs and non-
VMWEs using their respective human DA scores.

5 Results

We report the translation quality comparing sen-
tences with and without verbal multiword expres-
sions on both the specific VMWE datasets and the
machine translation datasets (WMT). Our exper-
imental results suggest that VMWE consistently
degrade machine translation quality.

5.1 Performance on VMWE Datasets

Figure 2 provides a comprehensive comparison of
VMWE effects on MT system’s performance using
existing VMWE datasets, evaluated by MetricX-
24 and xCOMET as discussed in Section 3.2. We

evaluate the QE scores of sentences with and with-
out the language phenomenon (VMWE vs. non-
VMWE), and report the difference § between them.
For MetricX-24 (lower the better),

Metricx24 = QEVMWE — Q Enon-VMWE-

Since XCOMET is higher the better, we reverse it
to make it consistent: dxycomMer = @ Fnon-VMWE —
QFEvymwe. Positive values indicate VMWE sen-
tences have a worse translation quality than non-
VMWE sentences. We observe that VMWE consis-
tently degrade translation quality across multiple
MT systems and languages. Verbal idioms expe-
rience the largest performance gap, followed by
verb-particles and light verb constructions.

A language effect is also visible: In MetricX
view, penalties tend to be larger for en—cs and en—ru
than for en—zh, with en—de in between—especially
pronounced for VID. xCOMET has a different
view: en—cs and en—zh tend to bear larger penalties
than en—de. Overall, the two metrics agree in direc-
tion and relative magnitude: VID shows the largest
degradation, moderately on VPC, then LVC. The
performance of remaining three language pairs is
consistent with this trend, details in Appendix F.
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Figure 3: Comparison of the translation quality between sentences with and without VMWE, using the human DA
scores (typically range from -1 to 1, higher the better). Left is machine translation and right is human translation
(both evaluated by humans). For each cell, the values are the difference between the score of VMWE and non-
VMWE sentences. Grey cell indicates missing language pair in that year. Anomalies for Human DA scores on

en—ru 2018 are explained in appendix D.

Invalid Translations. Some MT models, partic-
ularly the LLM-based ones, frequently produce
invalid outputs—wrong target language, empty
translation, or repetitive text. We exclude these
instances from our reported scores. GemmaX?2
mistranslates over 75% of en-cs sentences, so we
omit its results for that pair (grey cell). We further
discuss these mistranslations in Appendix B, and
provide error cases in Appendix J.

5.2 Performance on WMT Dataset

MT Systems’ Performance on Sentences w/ and
w/o VMWEs. After extracting the VMWE sen-
tences from the WMT dataset, we compare their
human DA scores with those of non-VMWE sen-
tences of each year’s top four MT systems from
2017 to 2024. Positive scores mean that VMWE
sentences received lower score than non-VMWE.
In the left heatmap of Figure 3, top MT systems are
still negatively affected by the presence of VMWE.
Notably, this trend aligns with our earlier findings
using MetricX-24 and xCOMET, though the pre-
vious results are more salient and consistent. It
suggests that both automatic evaluation and human
judgment confirm the translation degradation.

Human Translators’ Performance on Sentences
w/ and w/o VMWEs. The WMT datasets also
provide multiple human translators’ translations
(also evaluated by human judges). From the right
heatmap in Figure 3, English to Russian is most
affected overall. In contrast to machine translation,
human translations appear to be less affected by
VMWESs. Most cells show a small delta, indicat-
ing that humans translate VMWE sentences with
comparable quality to non-VMWE ones. This sug-
gests that human translators implicitly understand
the figurative meanings of VMWEs, which them-
selves encode this semantic knowledge. But MT
systems fail to capture this, underscoring the room
for improvement.

6 Analysis

Our results show VMWE sentences demonstrate
degradation in overall translation quality across lan-
guages and MT systems. However, an important
question remains: are there any confounding fac-
tors that contribute to this degradation? It may be
possible that the VMWE sentences might just be
harder sentences in general, so the observed degra-
dation may not be due to multiword expression. In



MT System | VID | VPC | LVC | xCOMET

Opus 78.64 | 65.51 62.21 66.89
M2M 82.15 67.67 62.19 73.02
Phi-4-multi 66.50 | 54.43 56.36 74.68
Madlad 69.88 52.79 | 50.14 78.22
Seamless 67.91 56.30 55.75 76.43
LLaMAX 66.82 53.11 55.89 78.08
GemmaX2 55.41 46.77 43.90 85.69
Google API 5298 | 40.77 | 39.25 87.19

Table 2: Percentage of sentences in which xCOMET-
QE error spans overlap the source VMWE span. Values
are averaged over seven target languages. Lower over-
lap indicates errors are less concentrated on the verb
multiword expression itself. Stronger systems show
relatively lower overlap, while weaker systems exhibit
higher overlap, especially on verbal idioms.

this section, we perform deeper analysis and show
the presence of the VMWE candidate is the primary
cause for the translation quality degradation.

6.1 xCOMET Error Span

xCOMET provides token-level error spans in the
translated text marked with severity labels. For this
experiment, we first find the overlap percentage be-
tween these error spans and the VMWE candidate
in the translated text. We then show that this over-
lap percentage has a high correlation with the QE
score assigned by xCOMET. This will help identify
if the degradation in translation quality is primarily
due to the presence of the VMWE candidate. Since
xCOMET outputs the error span in the translated
text, a key part of this analysis is to align the tokens
between the English source sentence and its trans-
lation. For this, we use SIMALIGN (Jalili Sabet
et al., 2020) to obtain bilingual word alignments.
SIMALIGN computes contextual embeddings for
source and target tokens with a multilingual Trans-
former, constructing a similarity matrix via cosine
similarity between every source—target token pair,
then extracting alignments using heuristic match-
ing. We then use these alignments to trace errors
back to the source-side VMWE candidate.

Table 2 shows the error span overlap for the eight
models across seven language pairs. A high error
span overlap indicates that the MT system struggles
with the VMWE candidate, showcasing its weak-
ness dealing with VMWE sentences. The two best
performing models, GemmaX?2 and Google API
consistently have low overlap percentage, while the
MT systems that suffer the most degradation like
Madlad or Opus show a high score, especially for
VIDs. Further analysis in Appendix K (Figure 7

shows that the Pearson correlation score between
the percentage of sentences in which the error span
overlaps with the VMWE candidate and the over-
all QE score is consistently high across languages.
This confirms that the VMWE degrades translation
quality. Furthermore, the slope of the best fit line
indicates in Figure 7 that verbal idioms have most
significant impact on translation quality, followed
by VPC and then LVC. See appendix K for more
details about error span overlap.

6.2 Confounding Factors

A potential concern in comparing VMWE and non-
VMWE segments is that the observed quality dif-
ferences may reflect general sentence difficulty
rather than effects specific to VMWE phenomena.
VMWE-containing sentences may be longer, more
lexically ambiguous, or syntactically more com-
plex, all of which are known to negatively impact
machine translation quality. To account for this
confound, we perform a segment-level regression
analysis that provides controls for standard source-
side difficulty factors.

Following Araghi and Palangkaraya (2024), we
compute four features for each English source sen-
tence: (1) if the sentence contains VMWE (I,,,0e),
(ii) sentence length (Sj.,,): number of tokens, (iii)
degree of polysemy (Fgcy): average number of
WordNet senses per content word (Fellbaum et al.,
2006), and (iv) structural complexity (7¢,): sum
of dependency arc lengths parsed by spaCy (Hon-
nibal et al., 2020). All continuous features are
z-normalized. We then fit linear regression mod-
els with QE scores as dependent variables and
VMWE presence as the main predictor, alongside
the three difficulty features. Specifically, we esti-
mate segment-level linear models of the form:

score; = By + x?ﬁ + &4,

where x; = [Ivmwe,i, Slen,iy Pdeg,ia Tcmp,i]’ and
€; denotes the residual error term.

The regression dataset consists of N = 305,428
segment-level observations drawn from our QE
experiments. Each observation corresponds to a
single translation output produced by a particular
MT system, for a given English source sentence,
into a specific target language. We pool across
all MT systems and all language pairs used in our
experiments, and retain only segments for which
both QE scores (xCOMET and MetricX) and all
three difficulty features are available. This yields



Predictor | XCOMET 3 (SE) | MetricX 3 (SE)

Bo 0.7908 (0.0010)*** | 5.6889 (0.0183)***
Tomuwe -0.0813 (0.0012)* | 0.9954 (0.0240)***
Sien -0.0359 (0.0012)* | 0.6348 (0.0240)***
Pieg -0.0126 (0.0006)* | 0.0244 (0.0110)*
Temp -0.0120 (0.0009)** | 0.0059 (0.0210)

Table 3: Segment-level linear regression of QE scores
on VMWE presence and source-side difficulty features.
Standard errors (SE) are in parentheses. The jy is the
expected score for non-VMWE segments at mean diffi-
culty. For MetricX, higher score; indicates worse qual-
ity. Significance codes: ***p < 0.001, **p < 0.01,
*p < 0.05.

205,565 VMWE outputs and 99,863 non-VMWE
outputs from the BNC baseline.

Table 3 reports the estimated coefficients 3 with
standard errors in parentheses; for the z-scored dif-
ficulty predictors, 3 corresponds to a one-standard-
deviation increase in the feature. Model fit statistics
indicate modest but expected explanatory power
at the sentence level, with R?> = 0.063 (adjusted
R? = 0.063) for xCOMET and R? = 0.027 (ad-
justed R? = 0.027) for MetricX. As expected,
longer, more polysemous and structurally com-
plex sentences are harder for MT, exhibiting lower
xCOMET scores and higher MetricX scores. Im-
portantly, VMWE presence remains a strong pre-
dictor of translation degradation even after con-
trolling for these difficulty factors. On average,
VMWE sentences receive XCOMET scores that
are approximately 0.08 points lower on the 0-1
scale, and MetricX scores that are about 1 point
higher (worse) on the 0-25 scale. Taken together,
VMWE presence remains a significant predictor of
QE scores conditional on other factors.

6.3 Error Analysis

Table 4 provides some examples of poor transla-
tions. Sentence (a) contains the VMWE expression
get out. In this context, get out does not mean
just to leave physically—it is used idiomatically for
vacating a position or situation. Google API mis-
translated this as another “retire”, losing the in-
tended meaning. The Chinese translation roughly
says “Once you're retired, you have three months
to retire.” making the translated text awkward and
incoherent.

Sentence (b) contains the VMWE expression:
breaking up—meaning to end a romantic relation-
ship. It does not mean actually dead. “Romper”
in Spanish means “to break”. The Spanish sen-

Type Text

Sentence (a)

Once you’re retired you have
three months to get out.
—ELRIK, A = A KR
[AJIRAA -

Breaking up, as Neil Sedaka once
put it, is hard to do.

Romper, como dijo una vez Neil
Sedaka, es dificil de hacer.

Translation

Sentence (b)

Translation

“He’s dead to the world,” said
Mabel, over her shoulder.
eI T, “MAm /R E LU

iﬁon

Sentence (c)

Translation

Table 4: Illustrative examples of incorrect translations.

tence when back translated says “To break, as Neil
Sedaka once said, is difficult to do.” losing its
intended meaning.

In Sentence (c), the VMWE expression: dead to
the world means to be deeply asleep, completely
unaware of what’s happening around. It does not
mean actually dead. The translated sentence has
a severe misinterpretation of the idiom—*“ff, ©.4%
Y81 meaning “He is already dead.” This is a lit-
eral translation, completely losing the intended id-
iomatic meaning. The contextual mismatch means
anyone reading this in Chinese would think a char-
acter died, changing the entire tone of the scene.
Meanwhile, in the English version, it’s a light, per-
haps even humorous or casual remark about some-
one being fast asleep.

7 Conclusion

Verbal multiword expressions systematically de-
grade machine translation quality. Across lan-
guages and systems, we observe a consistent gra-
dient: verbal idioms are most disruptive, verb—
particle constructions show moderate degradation,
and light-verb constructions are least affected. This
trend holds under both MetricX-24 and xCOMET.
The degradation is primarily attributed to the pres-
ence of the VMWE and not the overall semantics.
Together, these findings suggest that improving
robustness on everyday text requires explicit han-
dling of non-compositionality—through targeted
VMWE detection, VMWE-aware training, and se-
lective pre-editing or normalization—to produce
translations that are more faithful and reliable in
the presence of multiword expressions.



Limitations

While we conduct a large-scale evaluation of
VMWEs, our study comes with some limitations.
The WMT datasets have human reference scores
for the translations, but the translated sentences in
VMWE datasets are solely judged by QE models
and do not involve human reference scores. While
the QE translation scores align with the human ref-
erence scores according to our experiments, it still
remains a limitation in our work.

Our work involves a large-scale analysis of the
negative impact of verbal multiword expressions
(VMWESs) on machine translation quality. While
our findings highlight important details about how
different VMWE categories and languages are af-
fected, we do not propose any new method to im-
prove translation quality. We leave this for future
work.

Finally, our scope is limited from English to
Czech, German, Spanish, Japanese, Russian, Turk-
ish, and Chinese. We do not explore low-resource
languages and other translation directions.
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A Machine Translation Systems Used

We used the following widely used machine
translation systems in this work:

1) Madlad400 (Kudugunta et al., 2023): A
Google multilingual machine translation model,
based on the T5 architecture (Raffel et al., 2023)
that was trained on 250 billion tokens covering
over 450 languages. The model we used here is
madlad400-10b-mt.

2) SeamlessM4T (Communication et al., 2023):
Meta AI’s massively multilingual and multimodal
machine translation model, supporting an im-
pressive range of translation capabilities with 96
languages for text input/output. The model we
used here is seamless-m4t-v2-large, model size
2.3B.

3) M2M100 (Fan et al., 2020): A Meta-powered
multilingual encoder-decoder model, primarily
designed for translation tasks, supporting direct
translation between 100 languages without
requiring English as an intermediate language. The
model we used here is m2m100-1.2B.

4) Opus-MT (Tiedemann and Thottingal, 2020):
Provides open translation services built on
the Marian neural machine translation frame-
work (Junczys-Dowmunt et al., 2018), trained on
Opus data, and later converted to PyTorch models
for the Hugging Face ecosystem. The models we
used here are from Helsinki-NLP—opus-mt-en-xx,
"xx" is the target language code, mdoel size are all
less than 1B.

5) LLaMAX3 Alpaca (Lu et al., 2024): An
LILM-based machine translation model, LLaMAX
combines powerful multilingual translation
capabilities with instruction-following abilities.
This model extends Meta’s LLaMA 3 architec-
ture (Grattafiori et al., 2024) to support translation
between over 100 languages without sacrificing its
ability to follow complex instructions. The model
we used here is LLaMAX3-8B-Alpaca.

6) Phi-4-multimodal (Microsoft et al., 2025):
Built upon the pretrained Phi-4-mini model,
Phi-4-multi can processes text, image, and audio
inputs to generate text outputs. While primarily
known for its multimodal capabilities, it can
handle translation tasks as part of its broader
language understanding abilities, making it another
LLM-based MT system for our task. The model
we used here is Phi-4-multimodal-instruct, model
size 5.6B.

7) GemmaX2 (Cui et al., 2025): A very recent
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multilingual LLM-based translation model, that
achieved state-of-the-art performance across
28 languages. Based on Google’s Gemma2
architecture (Team et al., 2024), it consistently
outperforms other LLM-based MT models like
Towerlnstruct and XALMA, achieving competitive
results with Google Translate and GPT-4-turbo.
The model we used here is GemmaX2-28-9B-v0.1.
8) Google Translate API': A widely used
multilingual neural machine translation service
developed by Google, offering translations for 249
languages and language varieties as of March 2025.

We run all MT models on a server with eight
NVIDIA RTX 6000 Ada Generation GPUs.

B Invalid Translations by LLM-Based
MT Models

During evaluation, we observed several instances
of invalid outputs from LLM-based MT models.
The most common cases were translations in the
wrong language (e.g., translating to Russian text
when asked for Chinese), and untranslated sen-
tences where the model outputs the English source
sentence. We also observed some cases of mal-
formed or repetitive output, such as repeated char-
acters or phrases in the translated text. To identify
invalid translations, we use the lingua-language-
detector-2.1.0” to automatically detect the language
of the translated output and match it with the in-
tended target language. If there is a mismatch, the
translation is marked as invalid. We filter out these
invalid translations when reporting the scores for
VMWE vs non-VMWE sentences.

Table 5 shows all MT systems and corresponding
languages pairs where the percentage of mistrans-
lated sentence in all existing VMWE datasets is
greater than 10. LIaMAX fails to convert more than
99% of the sentences to the Turkish and Japanese.
While GemmaX?2 achieves SOTA performance in
terms of QE score, it suffers consistently from
mistranslating—all 7 languages have significant
error rates, with Japanese, Czech and Turkish have
over 70% errors. Interestingly, Opus is the only
MT system with a high error rate that is not LLM-
based (we use model Helsinki-NLP/opus-mt-en-trk
to translate English to Turkish).

"https://cloud.google.com/translate?
hl=en

https://pypi.org/project/
lingua-language-detector/


https://cloud.google.com/translate?hl=en
https://cloud.google.com/translate?hl=en
https://pypi.org/project/lingua-language-detector/
https://pypi.org/project/lingua-language-detector/

MT System | Language Pair | Percentage of Errors
LlaMAX en-tr 99.89
LlaMAX en-ja 99.80
LlaMAX en-de 16.03
LlaMAX en-cs 14.01
GemmaX?2 en-ja 78.68
GemmaX?2 en-cs 75.69
GemmaX?2 en-tr 74.91
GemmaX?2 en-es 53.16
GemmaX?2 en-de 14.57
GemmaX?2 en-zh 14.06
GemmaX?2 en-ru 11.44
Opus ‘ en-tr ‘ 62.74

Table 5: Percentage of mistranslated sentences.

C Comparison with top-tier LLMs.

We additionally evaluate a stronger LLM base-
line. While prior work discussed in our setup
indicates that recent LLM-based translators (e.g.,
GemmaX2) and commercial MT APIs can be com-
petitive with GPT-4-class systems on general MT
benchmarks (Cui et al., 2025), directly verifying
VMWE robustness on top-tier LLMs strengthens
the main claim of this paper.

We run GPT-4.1 (OpenAl et al., 2024a) and
GPT-5.1 (OpenAl, 2025) as direct translators on
the same controlled subset: 100 sentences per cat-
egory (NON-VMWE, VID, VPC, LVC), trans-
lating from English into Czech, German, Rus-
sian, and Chinese. We score all outputs with
the same MetricX-24 pipeline and compute the
degradation gap as A = Metricx24ymwe —
Metricx24,on-vmwe, Where lower MetricX-24 is
better and thus larger A indicates a larger VMWE-
specific degradation. See prompt for translation in
appendix M.

Table 7 compares GPT-4.1, GPT-5.1, and
Google Translate API on this same 100-sentence-
per-category sample. Two patterns stand out.
First, VID remains consistently harder than NON-
VMWE for all three systems across all four lan-
guages, indicating that the core VMWE difficulty
persists even for top-tier LLMs used directly as
translators. Second, GPT-5.1 reduces the aver-
age degradation gap relative to GPT-4.1 across all
three VMWE types (most clearly for VPC and
LVC), with several small or negative A values for
VPC/LVC. Since these results are computed on
a fixed subset of only 100 sentences per category,
occasional negative gaps may reflect sampling vari-
ance (i.e., the VMWE subset being slightly easier
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than the non-VMWE subset under MetricX-24),
but the VID gaps remain positive and stable. Over-
all, the data suggest that newer LLLMs narrow the
VMWE degradation gap, but do not eliminate it,
especially for idiomatic VID cases.

We also report xCOMET-based degradation
gaps on the same controlled subset of 100 sen-
tences per category. Since higher xXCOMET in-
dicates better quality, we define Aycomer =
JZCOMETHOH_VMWE - :CCOMETVMWE, where
larger Axcomet indicates a larger drop on VMWE
sentences. Table 8 shows that GPT-4.1, GPT-5.1,
and Google Translate API all exhibit clear degrada-
tion for VID, with Google showing the largest gaps
and the largest drops on en—cs. For VPC and LVC,
gaps are close to zero for GPT-4.1/GPT-5.1 but
consistently positive for Google, suggesting that
the VMWE effect is more pronounced for Google
under XxCOMET even when MetricX-24 gaps are
smaller for some language pairs. Together with Ta-
ble 7, these results indicate that the VMWE effect
is robust across metrics, while the magnitude and
the relative gains of GPT-5.1 over GPT-4.1 depend
on the VMWE type and the evaluation metric.

D Anomalies in WMT Human
Translation Score

On closely examining Figure 3, we identify En-
glish—Russian (en—ru) in 2018 as an outlier in the
human translation scores.

We investigated these specific anomalies and
found that they are largely due to data sparsity and
uneven sampling in the WMT human evaluation
logs for that year. In the 2018 en—ru dataset, only
a very small number of reference translations re-
ceived human DA scores: 243 evaluated reference
segments in total, of which just 11 contain LVCs
and 10 contain VPCs. By contrast, the 2019 en—ru
dataset has 1,499 evaluated reference segments, in-
cluding 37 LVC sentences and 105 VPC sentences.

E Qualitative Discussion

A consistent finding across our experiments is that
VID is the most affected VMWE category in ma-
chine translation, followed by VPC, while LVC
is affected the least. This ordering is stable across
our main experimental settings. In a supplementary
check on a small controlled subset (100 sentences
per category), GPT-4.1 and GPT-5.1 exhibit the
same qualitative pattern under both MetricX-24
and xCOMET, which is consistent with the broader



Models LVC VPC VID
Pos Neg Pos Neg Pos Neg
GPT-40 81.6 78.0 80.0 844 81.8 789
Phi-4 713 70.6 80.5 849 &81.7 80.1
Llama-3.3-70B 56.7 447 805 849 831 794
DeepSeek-R1-70B  55.8 57.1 77.6 833 80.5 793

Table 6: F1-score comparison of different LLMs. Pos: VMWE sentences. Neg: non-VMWE sentences.

Type Lang | GPT-41 GPT-5.1 Google API
en—cs +0.95 +0.48 +2.00
en—de | +0.68 +0.34 +0.45

VID en-ru +0.70 +0.42 +0.70
en—zh | +0.62 +0.45 +0.52
Avg +0.74 +0.42 +0.92
en—cs +0.61 —0.05 +1.48
en—de | +0.43 +0.20 +0.38

VPC en-ru +0.50 —0.01 +0.50
en—zh | +0.63 +0.23 +0.38
Avg +0.54 +0.09 +0.68
en—cs +0.10 —0.86 +0.40
en—de | +0.06 —0.14 +0.06

LVC en-ru +0.38 +0.15 +0.16
en—zh | +0.68 +0.24 +0.33
Avg +0.31 —0.15 +0.24

Table 7: AMetricX-24 degradation gaps (higher =
worse) for three VMWE categories on controlled
sample. ~ We report A Metricx24vmwe —
Metricx24mon-vMwE, SO positive values indicate worse
performance on VMWE sentences relative to non-
VMWE sentences under the same evaluation pipeline.

trends observed for the primary baselines, but we
do not treat this small-scale LLM comparison as a
standalone conclusion.

We interpret the overall pattern through the lens
of compositionality. LVCs are often more compo-
sitional: much of the semantic content is carried by
the noun while the verb is semantically light (e.g.,
“take a walk”). As a result, translation is less sen-
sitive to the particular light verb choice and errors
tend to resemble minor lexical substitutions rather
than meaning shifts. VPCs are typically semi-
compositional, where the particle may be literal
in some contexts but idiomatic in others, leading
to intermediate difficulty. VIDs are strongly non-
compositional, and their meanings cannot be recov-
ered from their parts (e.g., “beat the clock” meaning
“finish before the deadline™). Correct translation
therefore requires selecting a target-language ex-
pression that conveys the intended meaning rather
than a literal rendering, which remains challenging
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Type Lang ‘GPT—4.1 GPT-5.1 Google API
en—cs +0.18 +0.22 +0.25
en—de | +0.01 +0.02 +0.05

VID en-ru +0.05 +0.06 +0.08
en—zh +0.16 +0.14 +0.12
Avg +0.10 +0.11 +0.13
en—cs +0.01 +0.00 +0.12
en—de | —0.01 +0.00 +0.02

VPC en-ru +0.01 +0.00 +0.03
en—zh +0.04 +0.02 +0.03
Avg +0.01 +0.00 +0.05
en—cs +0.00 —-0.01 +0.04
en—de | —0.02 +0.00 +0.00

LVC en-ru +0.01 +0.01 +0.01
en—zh | +0.04 +0.02 +0.01
Avg +0.01 +0.00 +0.02

Table 8: AXCOMET degradation gaps (higher = worse)
on the same controlled 100-sentence-per-category sam-
ple. We report Aycomer = COM ETonvMwE —
xCOM ETymwe, S0 positive values indicate worse per-
formance on VMWE sentences relative to non-VMWE
sentences.

across systems and languages. Overall, our results
support the conclusion that VMWE-related degra-
dation in machine translation correlates with
the degree of non-compositionality.

F Heatmap for Additional Languages

Reading Figure 4, sentences containing VMWEs
are consistently penalized across systems and lan-
guage pairs, with a clear gradient on both Metricx-
24 and xCOMET.

Language effects. Across both metrics, en—es
tends to show the largest gaps, en—tr is moderate,
and en—ja often attenuates or flips some systems, es-
pecially for VID and VPC. Overall, the two metrics
agree in direction and relative magnitude, reinforc-
ing the non-compositionality gradient.
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Figure 4: Comparison of the translation quality between sentences with and without VMWE, using MetricX-24-
QE (range from 0 to 25, lower the better) and xCOMET-QE (range from 0 to 1, higher the better) scores. For
MetricX-24 (left), the cell values are calculated as the difference of averaged score (VMWE minus non-VMWE).
For xCOMET (right), the scores are opposite as non-VMWE minus VMWE. Larger numbers (darker colors) mean

worse translation performance on VMWE sentences.

G Human Direct Assessment (DA)

Direct Assessment (DA) is WMT’s segment-level
human evaluation protocol. Raters view a source
sentence, a single system translation and human-
provided reference translation. Then assign a scalar
quality score on a continuous scale in 0-100, re-
flecting overall adequacy/fluency.

How WMT collects DA. Each segment receives
multiple independent ratings. Items are shown one-
at-a-time; raters use a slider to score quality. WMT
includes control items and standard filters to re-
move unreliable ratings.

How DA scores are handled. Raw scores are
standardized per rater to remove scale bias:

Zij = P M],

7j
where s; ; is rater j’s score for segment 7, and
{4, 0 are that rater’s mean and standard deviation.
We obtain subset or system scores by averaging z; ;
over relevant segments (and raters), optionally with
stratified bootstrap for uncertainty.

How we use DA in this paper. We automati-
cally identify English source sentences containing
a VMWE (VID/VPC/LVC) and construct a non-
VMWE comparison subset. For each language
pair, year, and system, we collect corresponding
DA separately for VMWE and non-VMWE sen-
tences and report their difference to assess VMWE
impact under human judgment.

H Comparing LLM performance in
Extracting VMWE Sentences

The WMT (Workshop on Machine Translation)
dataset contains English sentences along with their
corresponding translations in other languages by
MT systems and humans, accompanied by human
judgment (direct assessment scores) (Graham et al.,
2013) evaluating the translation quality. Our goal
in section 4 is use this dataset to evaluate if human
translation scores align with the MT evaluation
models we used in section 3. The VMWE can-
didate sentences are collected by these rules: For
verbal idioms, we use BLEU-4 (Papineni et al.,
2002), threshold of 0.6 to find the verbal idiom
candidates based on the verbal idiom dictionary
from EPIE and MAGPIE. For verb-particle con-
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Figure 5: Ranking languages based on translation qual-
ity for sentences with VMWE using MetricX-24. Lower
score indicates better performance.

structions, we use spaCy dependency parser (Hon-
nibal et al., 2020) where a particle has a prt relation
to a verb to extract the verb-particle construction
candidates. And light verb constructions are de-
tected using the light verb lists (have, take, make,
get, put, give, pay, do, offer, raise), the related noun
are extracted by spaCy dependency parser. After
that, we use GPT-40 to extract VMWE sentences.

For the extraction, we tested different LLMs
on the existing VMWE datasets. Table 6 shows
the performance of different LLMs in classi-
fying VMWE on existing datasets. We test
4 different models, GPT-40 (OpenAl et al.,
2024b), Phi-4 (Microsoft et al., 2025), Llama 3.3-
70B (Grattafiori et al., 2024) and DeepSeek-R1-
Distill-70B (DeepSeek-Al, 2025). We use the same
prompts and few-shot examples for all models,
given in Appendix O. All the LLMs have nearly
identical performance in VPC and VID categories,
with Phi-4 and Llama having exact same F1 scores
in VPC. However, GPT-40 establishes dominance
in LVC category, with all other LLMs performing
significantly worse. Due to its balanced perfor-
mance across all categories, we chose GPT-40 for
the main experiment.

I Comparing Translation Quality across
Languages & MT Systems

In this section, we rank translation quality across
languages and MT systems using their MetricX-
24 QE scores. XCOMET rankings appear in Ap-
pendix L. For languages, we rank by QE scores av-
eraged over all three VMWE categories and eight
MT systems; Figure 5 presents the results. Lower
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Figure 6: Ranking MT systems based on translation
quality for sentences with VMWE using MetricX-24.
Lower score indicates better performance.

scores indicate better translation quality. The rank-
ings reveal consistent cross-linguistic trends: high-
resource languages such as German (de) and Span-
ish (es) perform best, whereas morphologically
rich or low-resource languages such as Turkish (tr),
Japanese (ja), and Czech (cs) perform worst. For
MT systems, we rank by QE scores averaged over
the three VMWE categories and seven languages;
Figure 6 presents the results. GemmaX?2 achieves
the best translation quality, closely followed by
Google API. Because our results exclude outputs
in the wrong target language (Appendix B) and
GemmaX?2 produces many such errors (Table 5),
its score is not directly comparable to systems with
fewer failures. Phi-4-multi and M2M exhibit the
largest degradation in presence of VMWEs. Inter-
estingly, the best- and worst-performing systems
are both LLM-based, while traditional neural MT
systems occupy the middle ground, suggesting that
scale alone does not guarantee VMWE robustness.

J Analyzing Translations With Low QE
Scores (Error Analysis)

Example Error 1 - Sentence Fluency and
Coherency

Model: Google-API

Source Sentence: “Once you're retired you have
three months to get out.”
Chinese Translation: “— HiEfK
IR R R R -

Explanation: The english sentence contains the
verbal multiword expression “get out”, which is
often idiomatic. In this context, “get out” does not
mean just to leave physically—it is often idiomatic

, A=A



for vacating a position, property, or situation. For
the Chinese translated text, the MT system did not
interpret “get out” idiomatically. In this context,
it should mean something like “vacate,” “leave
the premises,” or “exit the position”. But it got
mistranslated as another “retire”, which loses
the intended meaning. The original says “Once
you’re retired. .. ”, but then the Chinese translation
says “ ="~ A BB [A3R fk”—i.e., “three months to
retire”—which repeats the idea of retiring, making
the translated text something like “Once you’re
retired, you have three months to retire.”

Example Error 2 - Literal Translation

Model: LlaMAX

Source Sentence: “Young women were beginning
to get on his nerves ”’

Czech Translation: “Young women zaCinaly byt
jeho nervy .”

Explanation: This sentence contains the verbal
multiword expression: “get on his nerves’—
expressing growing annoyance. The MT system
literally translates the phrase to Czech—*“zacinaly
byt jeho nervy” is grammatically broken and
semantically incorrect, failing to convey the
emotional content.

Example Error 3 - Literal Translation

Model: GemmaX?2

Source Sentence: “He ’s dead to the world , * said
Mabel , over her shoulder .”

Chinese Translation: “fth D248 1, “HgA /R [A]
Explanation: This sentence contains the verbal
multiword expression: “dead to the world”—
meaning to be deeply asleep, completely unaware
of what’s happening around. It does not mean
actually dead. The translated sentence has a
severe misinterpretation of the idiom—*“fti & %
St T means “He is already dead.”. This is a
literal translation, completely losing the intended
idiomatic meaning. The contextual mismatch
means anyone reading this in Chinese would think
a character died, changing the entire tone of the
scene. Meanwhile, in the English version, it’s a
light, perhaps even humorous or casual remark
about someone being fast asleep.

Example Error 4 - Literal Translation

Model: GemmaX?2

Source Sentence: “Breaking up, as Neil Sedaka
once put it, is hard to do.”
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Spanish Translation: “Romper, como dijo una vez
Neil Sedaka, es dificil de hacer.”

Explanation: This sentence contains the verbal
multiword expression: “breaking up”—meaning
to end a romantic relationship. It does not mean
actually dead. “Romper” in Spanish means
“to break”, the Spanish sentence when back
translated says “To break, as Neil Sedaka once
said, is difficult to do.” losing its intended meaning.

Example Error 5 - Invalid Output (Mis-
targeted Translation)

Model: GemmaX?2

Source Sentence: “At about the same time the
aliens department of the Home Office took on extra
staff and moved to Cleveland House on Thorney
Street.”

Turkish Translation: “A peu prés a la méme
époque, le département des étrangers du ministere
de I'Intérieur a embauché du personnel supplé-
mentaire et a déménagé a Cleveland House sur
Thorney Street.”

Explanation: ~ Although the source sentence
was intended to be translated into Turkish, the
translation was mistakenly produced in French,
demonstrating correct meaning transfer but in the
wrong target language.

Example Error 6
complete Translation)
Model: Seamless
Source Sentence: ‘“Now the formula one grand
prix circus is getting ready to hit the road for
another season ... first race is in South Africa in
five weeks time ... what ’s new ... is it going to
be a head to head between Mansell and Senna.”
Japanese Translation: “7 + 227157 7
VA2 ZVIDAZ P 2DFEL Y
Explanation: In this instance, the verbal multiword
expression “hit the road” means to get started. In
this situation, the MT system does get the multi-
word expression correct, as the back-translation
reads “The Formula 1 Grand Prix circus has
decided to start Season 1.”, however this is an
example of incomplete translation as the MT sytem
omitted the rest of the information in the source
sentence.

- Invalid Output (In-

Example Error 7
complete Translation)
Model: Google API
Source Sentence: “So in effect, if you write this

- Invalid Output (In-



long, long, rambling press release, you won’t get
over the point you were trying to do, you’ll get
publicity okay, but you won’t get the kind of thing
you wanted..”

Japanese Translation: “{31>”

Explanation: In this instance, the Japanese text
reads “long long”, only translating a a very small
part of the sentence.

Example Error 8 -
Translation)

Model: LlaMAX
Source Sentence: “‘ Warm in winter and cool in
summer, ~ Fen said.”

German Translation: “‘ Warm in winter and cool
in summer, ’ Fen said.”

Explanation: In this instance, the LLM outputs
the English source sentence as its output without
translating it.

Invalid Output (No

Example Error 9 - Invalid Output (Par-
tial Translation)

Model: LlaMAX

Source Sentence: “Prior to becoming a Volunteer, |
was a cutter/draper/pattern maker in a professional
theatre.”

Czech Translation: “Prior to becoming a Volunteer,
I was a feznik/susii/Sikovnik v profesiondlnim
divadle.”

Explanation: In this instance, the LLM partially
translates the sentence.

Example Error 10 - Invalid Output (Character

Repetition)

Model: Google API

Source Sentence: “I 'm , I 'm , quite amazed

that, Poland was occupied by Germany and

Czechoslovakia and France , that ’s okay er and in

fact you know we should just turn a blind eye to it

and just let it carry on forever .”

Japanese Translation: “FAlL ~ Z D ...
N ~ 2D~

D~ D~ ~ D~ D~ D~ ~ ZD-

D~ DD~ ZD ZD~ <~ Z

D~ DD~ D D~ ~ Z

D~ D~ ~ 2D~

Explanation: In this instance, the MT system

repeats a character multiple times.

—
~ O ~

2D Z Z D~

[N YN

7
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K Error Span Overlap Details

We further analyze the xCOMET error-span over-
lap. Figure 7 reports the Pearson correlation be-
tween the share of sentences where the error span
overlaps the VMWE candidate and the overall QE
score for Chinese and German. Strong correlations
are found for all three VMWE categories, indicat-
ing that XCOMET spans covering the candidate are
closely linked to lower translation quality rather
than reflecting broader semantic or syntactic dif-
ficulty. Moreover, the fitted slope suggests that
verbal idioms have the largest effect, followed by
VPCs and then LVCs, consistent with the pattern
reported by Liu et al. (2025).

L. Comparing Translation Quality across
Languages & MT Systems - xCOMET
Result

In this section, we rank translation quality across
languages and MT systems. For languages, we rank
them using their xCOMET QE scores averaged
over all three VMWE categories and eight MT sys-
tems. Figure 8 shows the result. Higher scores indi-
cate better translation quality. The rankings reveal
consistent cross-linguistic trends: high-resource
languages such as German (de) and Spanish (es)
achieve the best performance, while morphologi-
cally rich or low-resource languages such as Turk-
ish (tu), Japanese (ja), and Czech perform the worst.
For MT systems, we rank them using the MetricX-
24 QE scores averaged over three VMWE cate-
gories and seven languages. Figure 10 shows the
result. Google API is the best performing model,
closely followed by GemmaX?2. In contrast, Phi-4-
multi and M2M exhibit the largest degradation in
presence of VMWEs.

M Prompt for GPT-based Translation

Table 9 reports the exact instruction prompt used
for GPT-4.1 and GPT-5.1.

N LLM Paraphrasing

We evaluate previous proposed strategies for im-
proving MT performance on VMWEs, particularly
source side paraphrasing prior to translation (Don-
thi et al., 2025; Castaldo and Monti, 2024). Our
experiments show that while this approach proves
effective for verbal idioms, it negatively affects the
performance for light verbs, underscoring an in-
herent trade-off between overall generalization and
improving specific VMWE categories.
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\%

Model Prompt

GPT-4.1/ GPT-5.1

every input you receive,
sentence in the target language.
do not say “Translation”,
or any extra text.

language,
explanation,

You are a professional machine translation system.
to translate text from English into {target_lang_name}.
respond with ONLY the translated

Your job is
For

Do not include the source
do not add quotes,

Table 9: Instruction prompt used to obtain GPT-4.1 and GPT-5.1 translations in our experiments.

LLM paraphrasing has been a tool proposed to
help MT systems handle idioms (Donthi et al.,
2025; Castaldo and Monti, 2024). Building on
this line of work, we investigate if paraphrasing
helps improve translation across different VMWE
types. By replacing the VMWE span with a literal
counterpart, we get a semantically similar sentence
without the VMWE. This also quantifies how much
of the observed degradation is due to the VMWE
phrase itself, rather than the sentence’s semantic
structure.

We provide Llama-3.3-70B with the sentence
and the VMWE phrase, and use a chain-of-thought
prompting strategy to guide the model in replac-
ing the verbal expression with a literal paraphrase,
while preserving the overall semantic structure of
the sentence. For example, the sentence containing
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an idiom “He finally decided to spill the beans” is
paraphrased to “He finally decided to reveal the
secret.” We then translate both original and para-
phrased sentence to the target language. Given
original sentence s,, paraphrased sentence s, orig-
inal sentence translation ¢,, and paraphrased sen-
tence translation ¢,, we compute three QE scores
as shown in Figure 9: Ori = QE(s,,t,), Mix =
QE(so,tp), and Para= QE(s,,t,). We report two
derived scores using MetricX-24:

1) dmix = Ori - Mix. This score shows if paraphras-
ing the source before translation improves transla-
tion quality. A positive value means the paraphras-
ing improves the translation, negative value means
the paraphrasing hurts the translation.

(ii) Opara = Ori - Para. This score shows how much
degradation in performance is attributed to the
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Figure 9: Paraphrasing structure. Ori: QE score be-
tween the original sentence and its direct translation.
Para: QE score between paraphrased sentence and its
direct translation. Mix: QE score between the original
sentence and the translation of the paraphrased sentence.

VMWE candidate, as we compare two semantically
similar sentences with and without the VMWE can-
didate. Higher values mean the paraphrased sen-
tence translates better than the VM WE-containing
original, estimating how much the VMWE de-
grades translation (values near zero imply minimal
VMWE effect).

Table 10 reports the MetricX-24 results, full re-
sults for paraphrasing are given in Appendix N.1.
The scores are calculated as the average of all eight
MT systems. The values for dpar, are positive (ex-
cept Turkish LVC), indicating that the paraphrased
non-VMWE sentence translates a lot better than the
original VMWE counterpart. The values are high-
est in VID, followed by VPC, while LVC shows
the least improvement. This trend is consistent
across all languages. The results suggest that VIDs,
which are the most non-compositional, suffer the
most during translation. LVCs, which are the most
compositional, are relatively unaffected.

The dpix values indicates if paraphrasing im-
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L \ VID \ VPC \ LVC
ang
5mix 6para é‘mix é‘para 6mix 6para

Chinese | +0.70 +1.73 | +0.24 +0.44 | —0.04 +0.15
German | +0.54 +1.20 | +0.24 +0.39 | —0.17 +0.10
Russian | +0.63 +1.48 | +0.48 +0.84 | —0.30 +0.08
Czech +1.06 +2.02 | +0.51 +0.86 | —0.29 +0.20
Spanish | +0.68 +1.49 | +0.38 +0.68 | —0.27 +0.10
Japanese | +0.12 40.61 | +0.12 40.30 | —0.17 40.06
Turkish | +0.37 +1.46 | +0.33 +0.77 | —0.53 —0.07

Table 10: Paraphrasing results for MetricX-24 taking
the average of all eight MT systems. dpx: Difference
between original and mix translation (Ori — MiX). dpara:
Difference between original and paraphrased translation
(Ori — Para). Positive § value indicates paraphrasing
improved the translation quality.
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Figure 10: Ranking of MT systems based on the
xCOMET QE scores.

proves translation performance. Evidently, VID
shows consistent improvement across all languages,
demonstrating that paraphrasing is an effective
strategy for this VMWE category. VPC also mod-
estly benefits. However, LVC performance con-
sistently declines. Overall, these findings reveal a
key trade-off: paraphrasing enhances translation
of highly non-compositional VMWESs but reduces
domain-specific robustness, especially for composi-
tional VMWE categories. MT systems can leverage
this strategy for VID and VPC cases to develop
more robust, VMWE-aware translation systems.

N.1 Full Paraphrasing Results

Table 11 and 12 shows the full results of our para-
phrasing experiment with MetricX and xCOMET
as the evaluation model for the language pairs En-
glish to—Czech (en—cs), German (en—de), Russian
(en—ru) and Chinese (en—zh). We don’t report en-cs
scores for GemmaX?2 due to the high translation
errors. The observations align with table 10. VID



MT \ en-zh en-de en-ru en-cs
System ‘ Ori Omix 5para ‘ Ori Omix 5para ‘ Ori Omix 6para ‘ Ori Omix 5para
Madlad 725 +1.77 4221 | 3.00 +4+0.24 +0.92| 649 +0.87 +1.76 | 7.02 +0.24 +1.23
Seamless 698 +0.50 40.94 | 3.72 +40.27 +1.01 | 6.72 +0.41 +1.32 | 8.65 +0.29 +1.32
M2M 7.07 +1.29 4181|553 +1.01 +41.72 956 +1.66 +2.59 | 11.63 +1.63 +2.68
VID Opus 795 +1.87 4232 ] 6.87 +2.39 +43.10 | 950 +1.54 +42.45 | 13.41 +3.21 +4.24
LLaMAX 476 +0.24 +0.72 | 449 +0.27 +0.90 | 6.96 +0.38 +1.21 | 10.59 +0.58 +1.48
Phi-4-multi | 4.63 +40.18 +0.58 | 422 +40.47 +0.97 | 7.34 +0.48 +1.22 | 1439 +1.02 +1.68
GemmaX2 | 3.31 -0.04 +0.41 | 241 —-0.13 4054 | 469 —-0.05 +0.73 - - -
Google API | 2.89 —-0.15 +0.37 | 1.92 -0.19 +0.45 |3.69 —-0.25 +40.61 | 7.88 +0.49 +1.57
Madlad 6.46 +0.78 4092 | 244 +40.06 +40.35 | 5.72 +40.59 +0.97 | 6.71 +0.31 +40.73
Seamless 6.22 +0.20 +40.39 | 3.15 +0.15 +40.44 | 6.55 +40.59 +0.96 | 839 +0.65 +1.12
M2M 599 +045 +40.71 | 478 +0.70 +1.01 | 8.61 +1.15 +1.53 | 10.29 +1.16 +1.65
VPC Opus 6.48 +0.65 4090 | 482 +40.74 +1.07 | 833 +0.87 +1.27 | 1090 +1.10 +1.58
LLaMAX 440 +0.07 +40.28 | 3.87 +40.22 4043 | 6.64 +0.39 +0.76 | 9.64 +40.19 +0.49
Phi-4-multi | 4.12 —-0.08 +0.07 | 3.68 +0.11 +0.33 | 6.82 +0.23 +0.59 | 13.78 +40.28 +0.50
GemmaX2 | 2.86 —-0.12 +0.07 | 2.18 +40.07 +0.32 | 448 +0.18 +0.43 - - -
Google API | 2.71 —-0.02 +0.20 | 1.69 —-0.07 +0.16 | 340 —-0.11 +40.21 | 7.18 +0.42 +0.86
Madlad 5.56 +0.37 +40.59 | 2.09 —-0.19 40.09 | 459 -0.17 +0.21 | 578 —-0.39 +40.12
Seamless 6.00 —-0.09 +40.13 |2.70 -—-0.17 40.14 | 541 —-0.27 +0.12 | 7.00 —-0.36 +40.16
M2M 524 —-0.12 +40.14 | 3.69 —-0.32 +0.04 | 6.80 —-0.37 +0.11 | 854 —-0.37 +0.17
LVC Opus 571 —-0.05 +40.20 | 395 +0.06 +40.39 | 690 —-0.46 —0.01 | 949 —0.13 +0.42
LLaMAX 426 —-0.17 +0.04 | 3.67 —-0.14 +0.15| 6.00 —-0.25 +0.14 | 8.82 —0.32 +0.16
Phi-4-multi | 4.28 —-0.08 +0.02 | 3.14 —-0.17 +0.05 | 6.06 —0.32 +40.02 | 12.47 —-0.08 +0.29
GemmaX2 | 294 —-0.07 +0.10 | 1.82 —-0.26 —0.00 | 3.88 —0.29 +0.06 - - -
Google API | 265 —-0.16 -+0.05| 139 -0.23 +0.01 | 3.05 -0.34 +0.01 | 6.09 —-0.41 +0.13

Table 11: Paraphrasing result. dnix: Difference between original and mix translation (Ori — Mix). Jpara: Difference
between original and paraphrased translation (Ori — Para). Positive ¢ value indicates paraphrasing improved the

translation quality.

improves the most with the paraphrasing, followed
by VPC and LVC. xCOMET seems to be more
strict regarding the VID phrase paraphrasing, hav-
ing mixed dmix values for all three categories, as
compared to MetricX-24 which had mostly posi-
tive values in VID and VPC. Some MT systems
gain substantially from paraphrasing, like Madlad
(en-zh) in VID gaining 22.22 and 37.31 in dpix and

5para .

Table 13 presents the paraphrasing results for
MetricX-24 for the language pairs English to—
Spanish (en-es), Japanese (en-ja) and Turkish (en-
tr). Table 14 presents the results for xCOMET.
Japanese has a very poor translation scores across
both evaluation models for Opus. The trend for
these three languages align with our primary obser-
vation, with MetricX-24 having generally favorable
Omix scores, while XCOMET is more strict, having
mixed results. dpara improves the scores across both
the evaluations, with the VID, VPC and LVC gain-
ing the most in that order.
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O LLM Prompts for VMWE Extraction

Table 15 shows the prompts we used for
GPT-40, Llama-3.3-70B-Instruct, Phi-4-multi
and DeepSeek-R1-Distill-Llama-70B classifying
VMWE candidate sentences from the WMT dataset.
The VMWE candidate sentences are collected as
discussed in Appendix H

P LLM Prompts for VMWE Candidate
Paraphrasing

Table 16 shows the prompts we used for paraphras-
ing the VMWE candidate. We use Llama 3.3 70B
for this experiment, with temperature 0.9 and top-p
value of 0.9. We use one or two few-shot examples
in each category.
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| en-zh en-de en-ru en-cs

MT
System ‘ Ori Omix 5para Ori Omix 5pa.ra Ori Omix 6para Ori Omix 6para
Madlad 35.55 +422.25 +37.37 | 89.15 —2.24 +5.89 | 77.14 4143 +9.63 | 68.15 —3.55 +18.62
Seamless 5331 —2.76 +16.72 | 87.07 —2.36 +6.01 | 76.37 —-0.21 +8.51 | 62.18 —4.01 +18.94
M2M 56.49 +4+0.08 +17.05 | 81.16 —0.57 +8.81 | 67.25 +43.48 +12.47 | 51.55 +1.15 +23.40
VID Opus 46.00 4291 +423.56 | 5791 +22.93 +31.96 | 62.63 +6.73 +15.79 | 39.38 +10.90 +33.96
LLaMAX 66.10 —3.83 +13.40 | 81.70 +0.49 +9.51 | 73.78 +0.99 +9.40 | 5133 —1.31 +21.46
Phi-4-multi | 60.87 —2.88 +15.86 | 7844 —2.04 +11.19 | 6848 —0.06 +11.84 | 2548 —0.31 +13.60
GemmaX2 | 7397 —4.15 +11.32| 9026 —2.33 +5.40 | 83.03 —1.08 +6.12 - - -
Google API | 71.32 —1.42 +15.61 | 91.43 —2.52 +5.09 | 84.19 —-0.45 +7.58 | 62.09 +40.63 +22.57
Madlad 61.56 +4.29 +8.79 | 93.01 —0.16 +2.02 | 8253 +1.81 +4.11 | 7893 +0.00 +6.94
Seamless 6449 +0.51 +6.36 | 91.15 —0.29 +1.97 | 79.87 +1.43 +3.89 | 72.61 +40.69 +8.14
M2M 66.83 +1.89 +6.67 | 85.66 +1.33 +4.10 | 73.92 +2.23 +4.83 | 6580 +42.05 +9.60
VPC Opus 60.99 +2.63 +8.59 | 8640 +1.52 +4.16 | 73.72 +1.80 +4.66 | 63.03 42.22 +9.63
LLaMAX 7544 —0.53 +4.00 | 89.52 —0.17 +2.32 | 79.70 +0.53 +2.92 | 66.27 —0.96 +5.58
Phi-4-multi | 73.64 —1.52 +3.84 | 86.85 —0.34 +2.99 | 76.96 +0.31 +3.45 | 3441 —0.72 +3.89
GemmaX2 | 82.62 —0.80 +3.31 | 93.81 —0.11 +2.03 | 86.33 +0.03 +2.09 - - -
Google API | 84.26 —1.38 +3.19 | 9526 —0.47 +1.37 | 8991 —-0.39 +1.63 | 76.37 +40.67 +7.32
Madlad 70.56  4+0.92 +3.51 | 94.62 —0.72 +0.56 | 86.65 —0.67 +0.70 | 85.63 —2.86 +1.39
Seamless 68.32 —0.84 +2.05 | 9296 —0.71 +0.51 | 8429 —-0.84 +40.75 | 80.17 —1.85 +2.41
M2M 7247 —1.49 +1.29 | 89.76 —0.59 +0.72 | 78.63 —0.59 +1.09 | 7446 —1.83 +2.50
LVC Opus 68.38 —1.76 +1.56 | 89.21 —0.06 +1.27 | 7778 —-1.04 +40.73 | 70.05 —-1.17 +3.53
LLaMAX 78.04 —1.88 +0.93 | 90.56 —0.69 +0.64 | 81.30 —0.70 +0.75 | 7222 —2.04 +2.34
Phi-4-multi | 75.57 —1.37 +1.21 | 89.81 —1.23 +0.51 | 79.38 —1.12 +0.53 | 38.74 —1.14 +1.62
GemmaX2 | 8444 —1.28 +1.10 | 9539 —0.85 +0.11 | 89.20 —0.75 +0.26 - - -
Google API | 86.02 —1.83 +0.53 | 96.71 —0.92 4+0.23 | 91.76 —0.77 +0.56 | 83.70 —2.54 +1.75

Table 12: Paraphrasing Result for xCOMET. All values are multiplied by 100 for better readability. o« Difference
between mixed translation and original translation (Mix - Ori). dpara: Difference between paraphrased translation
and original translation (Para - Ori). Positive § value indicates paraphrasing improved the translation quality.

MT ‘ en-es en-ja en-tr
System ‘ Ori Omix 5para ‘ Ori Omix 5para ‘ Ori Omix 5para
Madlad 486 +0.44 +1.29 | 639 —0.27 4034 | 7.67 +0.05 +1.24
Seamless 535 +0.54 +1.39| 817 +0.15 4087 | 853 +0.28 +1.52
M2M 776 +1.46 +2.29 | 802 +40.92 +41.52 | 1193 +1.22 +2.42
Opus 722 +1.73 4257 | 21.11 +0.10 —-0.01 - - -

viD LLaMAX 576 +0.43 +1.18 - - - - - -

Phi-4-multi | 5.61 +40.55 +1.23 | 6.78 +0.14 +40.61 | 1423 +0.75 +1.40
Google API | 3.38 —0.34 +40.51 | 439 -0.29 4033 | 5.69 —-045 +0.72

Madlad 419 +0.28 +40.63 | 640 +40.02 +40.25 | 7.11 +4+0.21 +40.66
Seamless 478 +0.41 +40.75| 7.86 4032 +40.56 | 7.67 +0.18 +0.67
M2M 6.79 +1.09 +1.47| 728 40.50 +40.76 | 10.71 +40.78 +1.28
Opus 591 +097 +1.29 | 21.00 -0.07 —0.10 - - -

vPe LLaMAX 5.08 +0.19 +0.51 - - - - - -

Phi-4-multi | 493 +40.18 4049 | 6.54 +0.10 +0.21 | 13.63 +0.48 +0.78
Google API | 3.17 —-0.06 +40.29 | 420 —-0.11 40.15| 550 +0.04 +0.50

Madlad 339 -031 +0.07 | 6.16 —-0.26 +0.01 | 6.19 —0.55 —0.06
Seamless 387 =031 +0.09 | 751 -0.19 +0.10| 690 —0.48 +40.08
M2M 512 -0.29 +0.13| 6.63 —0.12 40.18 | 895 —-0.54 —-0.03
Opus 460 —-0.21 +40.21 | 2227 —-0.09 +0.04 - - -

Lve LLaMAX 433 -0.32 +40.01

Phi-4-multi | 426 -0.15 +40.19 | 6.12 -0.16 +0.05 | 11.61 —-0.52 —-0.21
Google API | 2.69 —-0.35 +40.02 | 410 -0.23 40.03 | 471 —-0.60 —0.13

Table 13: Paraphrasing Results for MetricX-24. Positive § value indicates paraphrasing improved the translation
quality.
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‘ en-es en-ja en-tr

MT
System ‘ Ori 5mix 5para Ori 6mix 6pa.ra Ori 6mix 5para
Madlad 7874 —1.71 411.82 | 42.66 +6.06 +32.80 | 60.63 —2.28 +20.38
Seamless 7833 =277 +411.00 | 39.92 —-2.65 +26.36 | 59.56 —3.31 +19.39
M2M 69.26 +0.87 +15.34 | 5241 —0.61 +21.95 | 47.39 —-0.30 +22.54
VID Opus 5399 +19.28 432,56 | 18.32 +0.11 —2.04 - - -
LLaMAX 7427 40.08 +13.54 - - - - - -
Phi-4-multi | 64.07 —2.55 +18.69 | 52.38 —4.00 +19.11 | 27.28 —0.47 +12.74
Google API | 84.61 —4.68 +8.59 | 76.05 —-7.29 +14.92 | 71.86 —7.09 +15.64
Madlad 86.40 +0.83 +4.28 | 68.79 —1.45 +6.54 | 7370 —0.34 +6.78
Seamless 8450 +1.18 +4.83 |56.25 —-0.32 +7.69 | 7324 —-0.60 +6.15
M2M 7733 43.48 4747 | 66.84 +0.37 +7.16 | 62.00 +40.72 47.88
VPC Opus 80.56 +2.78 +6.69 | 1597 -0.19 —0.07 - - -
LLaMAX 83.98 +0.57 +4.13 - - - - - -
Phi-4-multi | 77.47 +0.63  +5.95 | 6591 —1.11 +5.12 | 3447 +40.03 +4.82
Google API | 89.79 —0.19 +3.21 | 86.36 —1.77 +4.42 | 8234 —1.45 +4.66
Madlad 90.52 —-1.40 +0.75 | 76.39 —-3.34 +1.26 | 80.70 —2.88 +0.73
Seamless 89.32  —-1.57 +0.51 | 6397 —-2.79 +1.42 | 7854 -2.52 +1.05
M2M 8443 —-1.28 +0.81 | 73.13 —1.77 +1.84 | 69.81 —-2.59 +40.61
LVC Opus 85.87 —-1.04 +1.05 | 16,52 —0.00 —-0.01 - - -
LLaMAX 8794 —-1.36 +0.45 - - - - - -
Phi-4-multi | 83.51 —-2.02 40.85 | 70.53 —-2.33 +1.01 | 4298 —-2.69 +0.05
Google API | 93.04 —-1.65 4+0.27 | 8996 —-2.49 +40.64 | 88.17 —-3.23 +0.21

Table 14: Paraphrasing Result for xCOMET. Positive ¢ value indicates paraphrasing improved the translation
quality.
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Table 15: Prompts for VMWE extraction from WMT dataset.

VMWE

Prompt

LVC

Linguistic Analysis Task: Multi-choice Classification of Verb-Noun Constructions.

Context Sentence: sentence

Target Components:- VERB: verb_lemma - NOUN: noun_lemma

LVC-specific decision tree:

Apply test LVC.0 - [N-ABS: Is the noun abstract?]

No -> It is not an LVC, exit

Unsure -> Apply test LVC.1 - [N-PRED: Is the noun predicative?]

No -> It is not an LVC, exit

Yes/Unsure -> Apply test LVC.2 - [V-SUBJ-N-ARG: Is the subject of the verb a semantic argument of
the noun?]

No -> It is not an LVC, exit

Yes/Unsure -> Apply test LVC.3 - [V-LIGHT: The verb only adds meaning expressed as morphological
features?]

No -> It is not an LVC, exit

Yes -> Apply test LVC.4 - [V-REDUC: Can a verbless NP-reduction refer to the same event/state?]
No -> It is not an LVC, exit

Yes ->Itis an LVC

Classification Options:

A: the noun is not abstract.

B: the noun is not predicative (i.e. lacks semantic arguments).

C: All tests pass — the construction qualifies as an LVC.

D: the verb’s subject is not a semantic argument of the noun.

E: the verb adds more meaning than mere morphological features.

F: a verbless NP cannot be formed referring to the same event/state.

Instructions: Provide your classification choice (A, B, C, D, E, or F) with brief reasoning in 3 sentences
or less, ending with *Final Answer: [Choice]’

Please provide your classification with reasoning as instructed.

(Continued on next page)
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(Continued from previous page)

VMWE

Prompt

VPC

Determine if the verb-particle combination is a VPC (phrasal verb) based on the following analysis.
Context: sentence

Combination: verb_lemma particle

VPC Decision Tree:

1. Is the second element a particle (e.g., 'up’, *off’)?

- No — Not VPC (A)

- Yes — Continue

2. Remove the particle from the combination. Does the remaining verb convey the same meaning as
the full verb-particle phrase?

- Yes — Not VPC (B)

- No — Continue

3. Does the inclusion of the particle create a non-compositional meaning that is significantly different
from the verb’s original meaning?

- No — Not VPC (C)

- Yes — VPC (D)

A: Not a particle

B: Meaning remains similar without the particle

C: Particle does not significantly alter the meaning

"D: Valid VPC (Particle significantly alters meaning)

Answer with reasoning and ’Final Answer: [answer]

"Is this a valid VPC? Provide analysis.

VID

Verbal Idiom (VID) Classification Task

Context Sentence: sentence

Candidate Phrase: candidate

VID Decision Tree:

1. [CRAN] Contains cranberry word?

Yes — VID

No — Next test

2. [LEX] Regular replacement changes meaning?

Yes — VID

No — Next test

3. [MORPH] Morphological changes affect meaning?
Yes — VID

No — Next test

4. [MORPHSYNT] Morphosyntactic changes affect meaning?
Yes — VID

No — Next test

5. [SYNT] Syntactic changes affect meaning?

Yes — VID

No — Not VID

Examples:

- VID: ’kick the bucket’, ’let the cat out of the bag’

- Non-VID: ’take a walk’, *'make a decision’
Instructions:

1. Analyze each test sequentially

2. Provide brief reasoning for each test

3. Conclude with ’Final Answer: [Yes/No]’

Is this candidate a Verbal Idiom (VID)? Apply the decision tree.
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Table 16: Prompts for VMWE candidate paraphrasing.

VMWE Prompt

LVC You are an expert in linguistics. Given a sentence containing a multi-word expression (VMWE), a
Light Verb Construct (LVC). Your task is to rephrase the sentence to remove the VMWE while keeping
the meaning intact. Think in the following steps.
Step 1 - Look at the phrase in the sentence that will be provided to you that constitutes the VMWE in
the sentence.
Step 2 - Replace that phrase with an alternative wording that removes the VMWE while maintaining
the sentence’s meaning.
Step 3 - Provide your output in the following format:
Rephrased Sentence: [Sentence without VMWE]
—Few-shot 1-
Sentence: She gave a smile before walking away. Il Phrase: gave a smile
Step 1 - Provided VMWE phrase: The given phrase "gave a" is a light-verb construction (LVC), where
"gave" (a light verb) combines with "smile" (a noun) to describe the act of smiling.
Step 2 - Replace the VMWE: A more lexicalized way to express this would be "smiled."
Step 3 - Output Format:
Rephrased Sentence: She smiled before walking away.
—Few-shot 2—
He took a deep breath before speaking. Il Phrase: took a deep breath
Step 1 - Provided VMWE phrase: The given phrase "took a deep breath" is a light verb construction
(LVC), where "take" (a light verb) combines with "breath" (a noun) to describe the act of inhaling.
Step 2 - Replace the VMWE: A more lexicalized way to express this would be "breathed deeply.
Step 3 - Output Format:
Rephrased Sentence: He breathed deeply before speaking.
Sentence: sentence |l Phrase: candidate

VPC You are an expert in linguistics. Given a sentence containing a multi-word expression (VMWE), a Verb

Particle Construct (VPC). Your task is to rephrase the sentence to remove the VMWE while keeping
the meaning intact. Think in the following steps.

Step 1 - Look at the phrase in the sentence that will be provided to you that constitutes the VMWE in
the sentence.

Step 2 - Replace that phrase with an alternative wording that removes the VMWE while maintaining
the sentence’s meaning.

Step 3 - Provide your output in the following format:

Rephrased Sentence: [Sentence without VMWE]

—Few-shot 1-

Sentence: His eyes welled up during the song. |l Phrase: welled up

Step 1 - Provided VMWE phrase: The given phrase "welled up" is a verb-particle construction (VPC),
where "well" (verb) combines with "up" (particle) to indicate the accumulation or rising of liquid, often
referring to tears forming in the eyes.

Step 2 - Replace the VMWE: A more literal way to express this would be "filled with tears."

Step 3 - Output Format:

Rephrased Sentence: His eyes filled with tears during the song.

Sentence: sentence |l Phrase: candidate

(Continued on next page)
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(Continued from previous page)

VMWE

Prompt

VID

You are an expert in linguistics. Given a sentence containing a multi-word expression (VMWE), a
Verbal Idiom (VID). Your task is to rephrase the sentence to remove the VMWE while keeping the
meaning intact. Think in the following steps.

Step 1 - Look at the phrase in the sentence that will be provided to you that constitutes the VMWE in
the sentence.

Step 2 - Replace that phrase with an alternative wording that removes the VMWE while maintaining
the sentence’s meaning.

Step 3 - Provide your output in the following format:

Rephrased Sentence: [Sentence without VMWE]

—Few-shot 1-

Sentence: I think we still might take them up on it. || Phrase: take on [pron]

Step 1 - Provided VMWE phrase: The given phrase "take them up on" is a verbal idiom (VID), where
"take up on" is an idiomatic expression meaning to accept an offer or invitation.

Step 2 - Replace the VMWE: A more literal way to express this would be "accept their offer."

Step 3 - Output Format:

Rephrased Sentence: I think we still might accept their offer.

—Few-shot 2—

Sentence: I did not pay much attention to it back then. Il Phrase: pay to [pron]

Step 1 - Provided VMWE phrase: The given phrase "pay attention to" is a verbal idiom (VID), where
"pay" (verb) combines with "attention" to mean focusing or noticing something.

Step 2 - Replace the VMWE: A more literal way to express this would be "notice."

Step 3 - Output Format:

Rephrased Sentence: I did not notice it much back then.

Sentence: sentence || Phrase: candidate
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