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Abstract

Multiword expressions (MWEs) are good ex-
amples of a phenomenon where identification
systems struggle with generalisation: MWE
present in the test set but absent in the training
set are rarely identified. This raises the question
of the diversity of the test set, relative to that of
the train set, and how this impacts performance.
We set out to measure how much diversity of
a train corpus increases when adding individ-
ual MWEs from the test corpus, and how this
increase impacts MWE identification perfor-
mance. We measure diversity across a three-
dimension framework and find mostly consis-
tent negative correlations with performance in
14 languages and 8 systems.

1 Introduction

Multiword expression (MWES), such as fo pay a
visit, to take off or to call it a day, have been an
object of interest and a major challenge in Natu-
ral Language Processing (NLP) for decades (Sag
etal., 2002; Shwartz and Dagan, 2019), notably due
to their prevalence in texts (Candito et al., 2021)
and their semantic non-compositionality (Nandaku-
mar et al., 2018; Cordeiro et al., 2019; Mileti¢ and
Schulte im Walde, 2025). MWE-related tasks de-
fined by the NLP community include MWE identi-
fication in running text (Constant et al., 2017).
This task has received attention in the past
decade, notably due to shared tasks such as DiM-
SUM for English (Schneider et al., 2016), and the
PARSEME shared task on automatic identification
of verbal MWEs (VMWESs) in up to 20 languages,
with its three editions: 1.0 (Savary et al., 2017),
1.1 (Ramisch et al., 2018), and 1.2 (Ramisch et al.,
2020). Edition 1.2, building on the findings from
edition 1.1, introduced a focus on unseen VMWEs.
A VMWE from the test corpus is considered seen
if another VMWE with the same multiset of lem-
mas is annotated at least once in the train or the
development corpus. Otherwise it is considered

unseen. Ramisch et al. (2020) showed that the per-
formances of VMWE identification systems more
strongly (inversely) correlate with the number of
unseen VMWESs than with the size of the train cor-
pus. Savary et al. (2019) argued that this is due to
the very nature of the MWE phenomenon and its
distributional properties.

The number of MWEs seen in the test but not
in the train can be interpreted as the lack of MWE
diversity in the train, relative to the test. But diver-
sity has many facets (Stirling, 1994, 2007; Rama-
ciotti Morales et al., 2021; Esteve et al., 2025) and
can refer not only to the number of categories (va-
riety) but also to the evenness of their distribution
(balance) and to their relative differences (dispar-
ity). Given that unseen data had such a predomi-
nant impact on system performance in PARSEME
1.2 shared task, we wish to examine how far these
observations can be generalised to more widely un-
derstood diversity aspects. We introduce the notion
of train/test diversity intake, or diversity intake for
short, to denote the diversity that the test corpus
adds to the train corpus.' In other words, we are
interested in relative rather than absolute diversity
quantification, as defined by Esteve et al. (2025).

We address two research questions:

RQ1 How to estimate the train/test diversity intake?
RQ2 Does this intake correlate with performance
in the MWE identification task?

To address RQ1, we take inspiration from inter-
disciplinary work on diversity, where this notion
has been thoroughly conceptualised. We select
three diversity indicators: richness delta, negated
Zipfian curvature delta, and minimum tree edit dis-
tance. To tackle RQ2, we use the PARSEME 1.2
shared task corpora and system predictions. For
the MWEs from a test corpus, we measure their

'For the sake of brevity, we consider that the development
corpus (if any) is part of the train corpus.
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individual share in the diversity intake. We then
calculate the correlation between this share and the
fact of being correctly or wrongly predicted by a
system. Our hypothesis is that diversity intake and
performance are inversely correlated.

Data, codes and results of our experiments are
openly available.?

2 PARSEME data

To examine how diversity intake correlates with
performance, we use the open source corpora and
system predictions from the PARSEME shared task
1.2.3 The corpora cover 14 languages: Basque
(EU), Chinese (ZH), French (FR), German (DE),
Greek (EL), Hebrew (HE), Hindi (HI), Irish (GA),
Italian (IT), Polish (PL), Brazilian Portuguese (PT),
Romanian (RO), Swedish (SV), and Turkish (TR).
Their sizes range from 35 thousand to over 1 mil-
lion tokens per language, with 1 thousand to 9
thousand manually-annotated VMWEs.* They also
include UD-style® morphosyntactic annotations.

We use the predictions of 8 out of 9 systems
participating in the shared task.® MTLB-STRUCT,
TRAVIS-multi and TRAVIS-mono were based on
BERT-finetuning; ERMI and MultiVitamin used
simpler neural networks; HMSid and Seen2Unseen
applied association measures; Seen2Seen and Fip-
sCo were rule-based.

3 Diversity measures

For diversity quantification, we use the concep-
tual framework defined by Stirling (1994, 2007)
to unify previous work in several scientific fields,
most prominently ecology (Ricotta and Szeidl,
2006; Leinster and Cobbold, 2012; Scheiner, 2012;
Chao et al., 2014; Chao and Ricotta, 2019). This
framework has been recently applied in NLP (Es-
teve et al., 2025), and to MWEs in particular (Lion-
Bouton et al., 2022). It assumes that diversity is a
property of sets whose elements can be aportioned
into categories. Like Lion-Bouton et al. (2022), we

2https ://gitlab.lisn.upsaclay.fr/deletombe/
repo

3https ://gitlab.com/parseme/sharedtask-data

“The annotation follows unified guidelines with a VMWE
taxonomy including verbal idioms (go bananas), light verb
constructions (pay a visit, grants rights), inherently reflexive
verbs (help oneself), verb-particle construction (do in), multi-
verb constructions (lef go) and inherently adpositional verbs
(rely on).

5https ://universaldependencies.org/format.html

8The 9th system, MultiVitaminBooster, had per-language
scores below 1% F-measure.

define categories as VMWE canonical forms repre-
sented by multisets of lemmas of their components.
For instance, for the MWE fo call a spade a spade,
the multiset of lemmas is {a, a, call, spade, spade}.
Elements are occurrences of these MWE canonical
forms.”

Given the category/element dychotomy, diver-
sity can be characterized along three dimensions
(Stirling, 2007): variety, balance, and disparity.
All other things being equal, the higher the variety
the higher the diversity of a set. The same holds
for balance and disparity.

Variety relates to the number of categories. A
simple and widely used variety measure is richness,
i.e. simply the number of categories, and we will
use it for estimating variety intake.

Balance relates to the evenness of the distribu-
tion of the elements in categories. Balance reaches
its optimum when the distribution is perfectly uni-
form. In fields like ecology, the distribution of
categories (e.g. species) is often hard to estimate
reliably, and then so-called non-parametric diver-
sity measures, like Shannon evenness (Smith and
Wilson, 1996), are used. But if a particular distri-
bution can be assumed, so-called parametric mea-
sures apply (Magurran, 2004). In NLP, Zipfian
distributions are frequently encountered and apply
to MWEs (Ryland Williams et al., 2015). A Zipfian
distribution is characterised by the probability mass

§ , where, in

function Z; ,, (i) = i~ ( s

ie1d” )
our case, n is the number of VMWE categories, 7 is
the rank of the i’s most frequent VMWE category,
and s is the exponent characterizing the curvature
of the distribution. When s = 0, the distribution is
uniform, and the higher s, the more curved (more
unbalanced) the distribution is. Therefore, the op-
posite of curvature, i.e. —s, can be considered a
measure of balance (Zhang et al., 2023).

Disparity reflects the extent to which categories
are different from each other, which calls for an
appropriate distance measure between categories.
Recently, various disparity measures using seman-
tic vector spaces have been used in NLP (Yang
et al., 2024; Yu et al., 2022; Puranik et al., 2023; E
et al., 2023; Kim et al., 2023; Cao and Wan, 2020)
but it was also shown that such measures strongly
correlate with variety, in particular when MWE
are concerned (Esteve et al., 2024). Therefore, in-

"Note that a non-idiomatic co-occurrence of a multiset of
lemmas does not count as an element, e.g. in she called this
thing a spade but a spade is something else.
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Figure 1: Syntactic trees of two French VMWEs: se
faire voir (lit. ‘make oneself see’) ‘show oneself in a
fancy place’ and faire partie (lit. ‘make part’) ‘belong’.

spired by Guo et al. (2024), we endorse interest in
syntactic (and partly semantic) diversity.

As the distance underlying our disparity mea-
sure, we use the tree edit distance by Zhang and
Shasha (1989) between two VMWEs seen as sim-
plified syntactic dependency subtrees, where only
the lemmas and the head-dependent relations are
represented, as in Figure 1. For such trees, we
consider three elementary edit operations, allowed
both for leaves and internal nodes, in any order:
(1) deletion of a node, (ii) insertion of a node, (iii)
replacement of the lemma of a node by another
lemma. Operations (i) and (ii) each cost 1. The
cost of (iii) is half of the cosine distance between
the vectors representing the original lemma and
the replacement lemma (i.e. its range is [0, 1]).
We use the Word2Vec-style (Mikolov et al., 2013)
vector spaces by Estéve et al. (2024),® trained on
the PARSEME corpus edition 1.3.° The tree edit
distance is the cost of a minimal sequence of ele-
mentary edit operations transforming one tree into
another. For instance, the edit distance between the
two trees in Figure 1 is 1.282: 1 for the deletion
of se ‘oneself” and 0.564/2 for the replacement of
voir ‘see’ by partie ‘part’.

4 Diversity intake

To address RQ1, we estimate diversity intake (DI),
for each VMWE individually, along the three di-
mensions of diversity. For each diversity dimen-
sion, the DI of the test corpus is represented by a
vector, comprising all individual DIs. For a given
language L, let TRAIN and TEST be its train and
test corpora. Let Epgp = (€1, ..., e,) be the list
of the VMWE categories from TEST. Consider the
toy example of TRAIN (1) and TEST (2) in French.
Here, E1gpgt =({faire ‘do’, partie ‘part’}, {faire
‘do’, se ‘oneself’, voir ‘see’}, {faire ‘do’, sembler
‘seem’ }).

8This semantic space represents both single words and
VMWESs. Here, we only use vectors for the former.

°Edition 1.3 contains consolidated versions of the VMWE-
annotated corpora from 3 shared task editions in 26 languages.

(1) 1l s’agissait de faire partie du show, donc il
en faisait partie.
It was about taking part in the show, so he
took part in it.

(2) Méme s’il n’en faisait pas partie, il s’y ferait
voir et ferait semblant.
Event if he didn’t take part in it, we would
show up and pretend.

We define the variety intake DI, (e;) to be 1 if
e; 1s absent from TRAIN (i.e. it adds to TRAIN’s
variety), and O otherwise. Then the DI for the
whole TEST is DI, = (DI,(e1),...,DI,(ep)).
In (2) we have DI, = (0,1, 1).

To calculate the balance intake D1Iy(e;), we add
e; to the set of VMWEs from TRAIN and recalcu-
late its Zipfian curvature s. The difference between
—s in TRAIN with and without e; is the value of
D1Iy(e;). In (2), adding e or e3 to TRAIN flattens
the curvature but adding e; increases the frequency
of the most frequent category. Therefore, the D1},
vector has positive values at positions 2 and 3 and
a negative one at position 1.

The disparity intake follows a slightly different
logic than variety and balance intake. The idea
is that a system might correctly identify e; on the
basis of a VMWE from TRAIN which is similar,
even if not identical, to e;. Therefore, DI,(e;)
is defined as the minimum edit distance between
e; and any VMWE in TRAIN. In (2), we have
DI; ~ (0.00,1.11,0.16) respectively for faire
partie / faire partie (identical means 0 distance),
s’agit / se faire voir (0 distance between se and
se, =~ 0.11 between agir and faire, 1 to add voir),
and faire partie / faire semblant (0 distance be-
tween faire and faire, ~ 0.16 between partie and
semblant).

To account for performance of system S on
expression e;, we define Perfg(e;) to be 1 if §
has correctly identified e; and O otherwise. Then
Perfs = (Perfs(e1),...,Perfs(ey)). In (2), if
only the first two expressions are true positives,
then Perfs = (1,1,0).

To address RQ2, in each language we calculate
the diversity intake vectors, DI,, DI, and DI,.
We then measure the Pearson correlation between
each of them and the performance vector Per fg,
for each system S. The results are described in the
following section.
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Table 1: Pearson correlation measurement between variety/balance/disparity intake and performance

DE EL EU FR GA HE HI T PL PT RO SV TR ZH
ERMI 046 —047 —047 —043 —050 -061 —048 —046 —051 -038 —0.60 —053 —043 —0.44

FipsCo 018 —0.28 —0.33

HMSid ~0.26
£ MTLB-STRUCT —0.53 —052 056 —054 —048 —0.74 —042 —061 —058 —047 —063 —052 —044 —0.39
-;1' Seen2Seen -0.89 -087 -08 -090 -0.74 -087 -0.75 —-088 —-094 -089 -065 —-085 -0.88 -0.89
Seen2Unseen 086 —0.82 -0.80 —078 —058 —0.87 —0.39 —084 —08) -08 —0.63 -081 —082 —0.89
TRAVIS-mono —0.41 —0.14 —0.49 —0.30 —-0.48 —0.54 —-0.52 —-045 -0.38 -0.31
TRAVIS-multi  —0.46 —0.54 —044 —055 —022 —0.67 —039 —053 —0.54 047 —049 —044 —0.40
ERMI 031 -031 -035 -034 -049 -056 032 -048 -039 035 019 —048 —-0.36 —0.32

FipsCo 0.16 —0.07 —031

. HMSid —0.21
% MTLB-STRUCT —0.21 -0.23 -0.28 -0.25 —-042 -043 -0.26 -0.35 —0.31 -0.29 -0.15 -0.40 -0.31 —0.23
S Seen2Seen 027 -031 -035 -031 -065 -051 -053 -034 -036 —036 —022 —048 -0.36 —0.33
A Seen2Unseen -0.27 -0.29 -0.32 -0.28 —-0.54 -0.50 -0.36 —-0.33 —-0.34 -0.34 -0.22 —-0.47 -0.34 -0.33
TRAVIS-mono —0.21 -0.44 —0.24 —0.50 —-0.34 —-0.28 -0.16 —-0.40 -0.29 -0.21
TRAVIS-multi  —0.23 —025 —031 —028 —034 —047 —033 —036 —0.32 022 -042 —029 -025
ERMI 033 -026 -033 -026 -019 -023 -038 -039 041 —-0.35 -026 -027 —027 -0.02

FipsCo 034 —0.13 ~0.32

. HMSid ~0.29
g MTLB-STRUCT -0.36 -0.23 -0.32 -0.22 -0.24 -0.27 -044 -0.39 -041 —-0.34 -0.29 -0.28 —-0.24 -0.09
2 Seen2Seen 036 -020 -021 —021 -0.11 -023 -030 —035 -035 -027 —-012 —025 -0.19 —0.09
& Seen2Unseen  —0.36 —0.22 -023 —024 —015 -024 —036 -036 -036 -029 —0.11 -025 -023 —0.08
TRAVIS-mono ~ —0.32  —0.02 —0.21 015 —037 —0.35 033 —025 -022 —0.05
TRAVIS-multi  —0.35 —021 -0.33 -023 —0.15 —030 —0.46 -036 —0.42 028 —032 —0.26 —0.06
5 Results partly due to the fact that unseen VMWESs, when

The results are shown in Table 1, with the strongest
correlation for each language highlighted in bold.
All results, except for TRAVIS-multi in ZH, ERMI
for the same langage and TRAVIS-mono for EL,
are statistically significant with threshold 0.05.
We observe mostly negative correlation (with
only three exceptions), which suggests that higher
train/test diversity intake is associated with weaker
system performance, and vice versa, which cor-
roborates our hypothesis. Negative correlation is
considered (i) strong, (ii) moderate and (iii) weak,
if the scores fall (i) below —0.7 or above 0.7, (i1)
from —0.7 to —0.3 or from 0.3 to 0.7 and (iii) from
—0.3t0 0.3.

Regarding variety, a strong negative correlation
with system performance is noticeable. Out of the
83 scores, the majority consists of moderate (53)
and strong (25) correlations. The Seen2Seen and
Seen2Unseen systems display the strongest neg-
ative correlation, reaching —0.94 for Seen2Seen
in PL and —0.89 for Seen2Unseen in ZH and PL.
This is expected, given that these systems focus on
the MWEs seen in train. Conversely, FipsCo relies
of external MWE lexicons, which is consistent with
its relatively weak correlation with variety intake.

For balance intake we observe a weaker but
still non-negligible negative correlation, with 52
moderate and 31 weak scores. The highest scores
are shown for Seen2Seen (reaching —0.65 in GA)
and ERMI (reaching —0.56 in HE). This might be

added to TRAIN systematically increase both its
variety and balance. This might strongly influence
the systems like Seen2Seen and ERMI which use
no external data (e.g. lexicons, pre-trained models).

As to disparity intake, a majority of correlations
(b0) are weak, which indicates that disparity in-
take has little or no impact on performance. This
might mean that systems hardly capture syntactic
and semantic similarities between VMWEs. There
are only 33 moderate correlations, notably for
TRAVIS-multi in HI and PL (—0.46 and —0.42),
ERMI in PL (—0.41), and MTLB-STRUCT in HI
and PL (—0.44 and —0.41).

6 Conclusions and future work

In this paper, we investigated the correlation be-
tween train/test diversity intake and the perfor-
mance of VMWE identification systems. We con-
firmed prior findings from the PARSEME shared
tasks showing a strong relationship between sys-
tem performance and the rate of unseen VMWESs,
which we re-interpreted as variety intake.

We extended previous findings to the two other
dimensions of diversity — balance and disparity
— by studying whether similar correlations could
be observed. Balance intake, quantified through
the curvature of the Zipfian distribution, was found
to exhibit a moderate correlation with system per-
formance. In contrast, disparity intake, modelled
using a novel approach based on tree edit distance,
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showed only weak correlation with system perfor-
mance in our experiments.

In the future, we intend to apply the methods pre-
sented here to the corpora and system predictions
from the latest edition 2.0 of the PARSEME shared
task (Scholivet et al., 2026). We also wish to study
alternative ways to measure diversity that may bet-
ter correlate with performance. Such measures
may help evaluate the systems but also improve
their training and contribute to the creation of more
balanced datasets.
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8 Limitations

This work uses vector spaces to quantify dissimi-
larity between words, which, as any vector space
trained on real-world data, cannot account for all
possible structures and variations. The quality of
the vector spaces, and subsequent experiments re-
lying on them, while reasonable, cannot be a com-
plete and perfect representation of these phenom-
ena at work.

Diversity quantification has a very rich bibliogra-
phy and many other diversity measures exist which
could be applied in our context. More thorough
criteria for selecting the most accurate measures
are needed.
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