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Abstract

The principle of compositionality, which con-
cerns the construction of meaning from con-
stituent parts, is a longstanding topic in var-
ious disciplines, most commonly associated
with formal semantics. In NLP, recent stud-
ies have focused on the compositional prop-
erties of text embedding models, particularly
regarding their sensitivity to idiomatic expres-
sion, as idioms have traditionally been seen as
non-compositional. In this paper, we argue that
it is unclear how previous work relates to for-
mal definitions of the principle. To address
this limitation, we take a theoretically moti-
vated approach based on definitions in formal
semantics. We present 𝜀-compositionality, a
continuous relaxation of compositionality de-
rived from these definitions. We measure 𝜀-
compositionality on a dataset containing both
idiomatic and non-idiomatic sentences, provid-
ing a theoretically motivated assessment of sen-
sitivity to idiomaticity. Our findings indicate
that most text embedding models differentiate
between idiomatic and non-idiomatic phrases,
although to varying degrees.

1 Introduction

This paper studies the principle of compositionality
of meaning and its relation to sentence representa-
tions produced by text embedding models. There
are numerous definitions of the principle, some of
which will be discussed in this work, but the prin-
ciple is most commonly associated with the idea
that the meaning of a compound expression is con-
structed from the meanings of its parts (Janssen,
1986).

Compositionality has been studied particularly
in relation to sentence meaning, most notably in the
field of formal semantics (Montague et al., 1970;
Janssen, 1986; Partee et al., 1995). Historically, id-
ioms have been seen as a counterexample to compo-

*Equal contribution.

sitional meaning construction, where the meaning
of an expression is predominately determined by
convention rather than composition (Baroni et al.,
2014; Nefdt and Potts, 2024). As an informal ex-
ample, the meaning of the phrase “couch potato”,1
is less compositional than the phrase “red wine”,
which is more directly composed of the two parts
of the expression.

Recent work in NLP has focused on how existing
sentence embedding models capture composition-
ality in the context of idiomatic language and how
they align with human compositionality judgments
(He et al., 2025; Fodor et al., 2025). There is also
recent work on how LLMs handle compositionality
in idiomatic nominal compounds in the text–visual
domain (Kurtyigit et al., 2025). Common to these
works is the treatment of compositionality as a gen-
eral guiding principle about meaning construction
in natural language. It is not clear, however, how the
formal definitions of the principle are implemented
in these works, and as such, there is a potential for
an improved theoretical underpinning of the empir-
ical measurements of compositionality.

To address this limitation, we take a theoreti-
cally motivated approach, starting with a precise
formalization of the principle based on traditional
definitions in formal semantics. We then introduce
a continuous relaxation of this formalization, which
we call 𝜀-compositionality. In practical terms, 𝜀-
compositionality provides a way of distinguishing
between compositional and non-compositional text
embeddings that is grounded in theoretical accounts
of compositionality. Intuitively, words are used in
a 𝜀-compositional context if their representations
are pushed together when they are contextualized,
whereas they are used in a non-𝜀-compositional
context when contextualizing them moves their rep-
resentation away. We measure 𝜀-compositionality

1 “couch potato”: an idler spending most of their time lying
down.
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for a range of different text embedding models on
the ncimp dataset by He et al. (2025); Garcia et al.
(2021), which consists of minimal sentence pairs
with both compositional and idiomatic multi-word
expressions (MWE). We use those compositional
MWEs to control for confounding variables: in-
stead of analyzing 𝜀-compositionality values in iso-
lation, we relate them to the 𝜀 of compositional
samples through a Wilcoxon signed-rank test. The
shift in distribution between those two 𝜀s is what
characterize non-compositionality.

Expressions in ncimp are labeled according to
how compositional they are on a three-level scale
(non-compositional, partially compositional, com-
positional). In our experiments, we evaluate a range
of techniques for constructing text embeddings: dif-
ferent types of aggregation of embeddings from
pre-trained encoder-based models, sentence em-
bedding models based on contrastive post-training,
and state-of-the-art embedding models based on
instruction-tuning. We find that most of the evalu-
ated models can differentiate between idiomatic and
non-idiomatic language, but to varying degrees.

In summary, our contributions are, following the
structure of the paper: i) We review and summarize
current approaches to compositionality in the NLP
and ML literature; ii) we introduce a theoretically
motivated measurement of compositionality that
we derive from existing definitions in formal se-
mantics, which we call 𝜀-compositionality; and iii)
we evaluate 𝜀-compositionality on a range of text
embedding models, with results indicating that our
measurement can distinguish between the sensitiv-
ity to compositionality displayed by said models.

2 Background

Compositionality is often regarded as a central chal-
lenge for current language models, driving both re-
search (Press et al., 2023; Dziri et al., 2023) and
commercially oriented benchmarking like the ARC-
AGI challenge (Chollet et al., 2025). In machine
learning, however, compositionality rarely aligns
with its traditional meaning in formal semantics,
philosophy of language, or mathematical logic. In-
stead, it often refers to the general decomposability
of a problem, or the composability of suboperations
in a machine learning system, with few theoretical
constraints. This ambiguity, despite its frequent
use in both machine learning and NLP (Sinha et al.,
2024; McCurdy et al., 2024), makes it challenging
to understand what the implications of the principle

are for a given problem setting.
Our work aims to connect formal semantic ac-

counts of compositionality of meaning in natural
languages with the evaluation of compositionality
in text embedding models in a principled manner.
By doing this, we hope to make clear what the im-
plication of compositionality is with respect to em-
bedding models, and how it relates to its theoretical
formalization.

2.1 Compositionality in Formal Semantics

The principle of compositionality is attractive pri-
marily because it allows for a finite method to inter-
pret the semantic content of an infinite number of
expressions (van Bethem et al., 1991). That is, in its
most basic form, the principle says something about
how the semantics of a specific language parallels
its syntax.

Compositionality has been of particular inter-
est in the field of formal semantics, where the ex-
act relationship between syntax and semantics has
been formalized primarily using two different ap-
proaches. In one approach (Montague et al., 1970;
Janssen, 1986), the interaction is defined using a
many-sorted algebra, where the syntactic opera-
tions are only specified for specific sorts of linguis-
tic constructions, such as nominal compounds, ad-
verbial phrases etc. The other approach, taken for
example by Hodges (2001); Pagin and Westerståhl
(2010), is to define a partial algebra, so that the
operation is undefined for sorts that do not match
the specification of the operation arguments.

Regardless of the approach, the principle of
compositionality is often presented in one of two
forms: the function version or the substitution ver-
sion. Following Pagin and Westerståhl (2010),
let 𝑬 = (𝐸, 𝐴, 𝛴) be a grammar consisting of
linguistic expressions 𝐸 generated from syntac-
tic operations (rules) in 𝛴 ⊂ (𝐸∗ → 𝐸) from
a set of linguistic atoms 𝐴 ⊂ 𝐸, and let 𝜇 be
a function that assigns a semantic interpretation
to an expression 𝑢 ∈ 𝐸. For example, 𝐴 can
be the set of English words, cat, cute,fluffy ∈ 𝐴,
and those words can be combined using grammar
rules such as attribute ∈ 𝛴 to form all En-
glish expressions attribute(fluffy, cat) ∈ 𝐸 and
attribute(cute, attribute(fluffy, cat)) ∈ 𝐸.

The function version of compositionality can
then be formulated as:

Definition 1 (Function version). For every rule
𝛼 ∈ 𝛴 there is a meaning operation 𝑟𝛼 such that
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if 𝛼(𝑢1, … , 𝑢𝑛) has meaning, 𝜇(𝛼(𝑢1, … , 𝑢𝑛)) =
𝑟𝛼(𝜇(𝑢1), … , 𝜇(𝑢𝑛)).

In other words, the meaning (𝜇(⋅)) of a
compound expression (𝛼(𝑢1, … , 𝑢𝑛)) can be
derived from the meaning of its components
(𝜇(𝑢1), … , 𝜇(𝑢𝑛)) and the way they are composed
(𝑟𝛼). Using the same notation, the substitution ver-
sion can be formulated as:

Definition 2 (Substitution version). If 𝑠[𝑢1, … ,
𝑢𝑛] and 𝑠 [𝑡1, … , 𝑡𝑛] are meaningful terms, and
𝜇(𝑢𝑖) = 𝜇(𝑡𝑖) for 1 ≤ 𝑖 ≤ 𝑛, then
𝜇(𝑠 [𝑢1, … , 𝑢𝑛]) = 𝜇(𝑠 [𝑡1, … , 𝑡𝑛]),

where the notation 𝑠 [𝑢1, … , 𝑢𝑛] indicates that
the expression 𝑠 ∈ 𝐸 contains subexpressions
𝑢1, … , 𝑢𝑛 ∈ 𝐸.

As noted by Pagin and Westerståhl (2010), the
substitution version is more general than the func-
tion version. If we assume that all subexpressions of
meaningful expressions are also meaningful, then
the two versions are strictly equivalent.

From these formalizations, we can derive some
immediate consequences. Firstly, that if 𝜇 is the
identity function, then the principle becomes triv-
ially true for all inputs. A related point is famously
made in Zadrozny (1994). This point is especially
relevant for how compositionality is treated in the
machine learning literature, which we will discuss
in the next section. Secondly, that the principle is
based on the premise that two expressions can be
equivalent under the interpretation function 𝜇. In
linguistic terms, this entails synonymy, and in the
context of embedding models, where the model is
𝜇, it is hard to see how one would have 𝜇(𝑎) = 𝜇(𝑏)
for two strings 𝑎, 𝑏 without also having 𝑎 = 𝑏, ques-
tioning the practical utility of the principle in the
context of NLP.We further discuss these limitations
in Section 3.

2.2 Compositionality in ML

In the machine learning literature, compositional-
ity is often defined as the ability to decompose a
function 𝜇 over simple components (𝑐1, … , 𝑐𝑛) ∈
𝑃1 × ⋯ × 𝑃𝑛 that entirely define the input 𝑥 =
(𝑐1, … , 𝑐𝑛). Crucially, this decomposition into sim-
ple components is problem-dependent. In Wiede-
mer et al. (2023) for example, a function 𝜇 is com-
positional if it decomposes into two functions:

• 𝜑𝑖 ∶ 𝑃𝑖 → 𝑀𝑖 mapping a component to its
meaning,

• 𝒞∶ 𝑀1 × ⋯ × 𝑀𝑛 → 𝑀 combining compo-
nent meanings into a meaning for the whole
sample.

The intuition behind this is that 𝒞 should be some-
what simple, but formally this is not enforced: If we
let 𝜑 be the identity function, we get a trivial compo-
sitional decomposition, which opens up the possi-
bility of a compositional interpretation of any func-
tion. To circumvent this, Wiedemer et al. (2023)
adapts the decomposition in a way that caters to
their specific problem (predicting simple geomet-
rical shapes on a grid), but the vacuousness of the
general decomposition strategy remains. Ram et al.
(2024) applies a similar approach but to natural lan-
guage, defining 𝒞 as a DAG over 𝛴 instead of the
text sequence, but this definition can still be made
vacuous using the identity as a component function
and letting 𝒞 be unrestricted.

Lippl and Stachenfeld (2025) constrains 𝜇 to be
definable in term of a kernel invariant to – problem-
specific – component-identity. This leads to a
model restricted to a class of problems they refer to
as conjunction-wise additive tasks. As they point
out, these do not include some tasks that appear
otherwise compositional such as transitive equiva-
lence2 and symbolic multiplication. Their kernel
constraint would be difficult to measure for mod-
ern language models and appear too restrictive to
capture the complexity of language.

These examples illustrate that an important as-
pect of the principle of compositionality relates to
what precisely constitutes a relevant part, i.e. which
parts of the input we compose. As pointed out by
Pelletier (1994), the formalization should specify
what constitutes a relevant part for a given prob-
lem to not be vacuous. On the other hand, if the
specification is too problem-specific, it might not
be generalizable to other problem settings.

2.3 Compositionality and Text Embeddings
Text embeddings models are language models
trained to capture the semantic properties of text.
As such, they parallel the 𝜇 operator in the for-
mal compositional framework introduced in Sec-
tion 2.1.3 A core challenge in semantics is explain-
ing how finite vocabularies generate meaning, and
in computational semantics, the question is whether

2Transitive equivalence: 𝑎 ≡ 𝑏 ∧ 𝑏 ≡ 𝑐 ⟹ 𝑎 ≡ 𝑐.
3Although text embeddings are rarely considered proper

meaning representations in formal semantics, the principle of
compositionality as specifically stated is agnostic to the choice
of semantics.
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these models mirror the compositional structure of
human language processing (Fodor et al., 2025).

Idioms have historically been understood as a
challenge to compositional theories of natural lan-
guage semantics, where the meaning is determined
more by convention than composition.4 Recently,
He et al. (2025) studied how well current embed-
ding models capture idiomaticity, and they find that
current models often rely on compositional strate-
gies, even when presented with idiomatic language.
As current models are predominately based on the
distributional hypothesis (Harris, 1954; Sahlgren,
2008), which is thought to be well-suited for repre-
senting contextual signal, this finding might seem
counter-intuitive. However, the observation that
Transformers in particular struggle to accurately
represent idiomatic language aligns with previous
work on compositionality in machine translation
(Dankers et al., 2022).

A shared thread in these works is their reliance
on the principle of compositionality to explain hu-
man language understanding. However, the exact
relationship between the principle and experimental
settings targeted at compositionality is often unspec-
ified. In He et al. (2025), for example, the principle
is invoked by a reference to works by Richard Mon-
tague and Gottlob Frege. The formal definitions
from these authors, however, are not explicitly in-
cluded in the empirical work, making it unclear
exactly how compositionality is supposed to be un-
derstood in that context. Fodor et al. (2025) refers to
the functional definition of compositionality from
Pelletier (2017), which is similar to Definitions 1
and 2, but it is unclear how the formalization is ap-
plied in their measurement of sentence similarity.

We argue that there is room for improvement with
respect to how the principle of compositionality is
used empirically in NLP. In the next section, we will
address this limitation by deriving a measurement
of compositionality from the formal framework pre-
sented in Section 2.1.

3 Operationalizing Compositionality

This section re-formalizes the principle of compo-
sitionality from formal semantics and examines its
relationship to existing definitions in the literature.
We then address the key challenges posed by current
definitions, both in formal semantics and machine

4A nice overview of how idioms and compositionality have
been understood historically can be found in Dankers et al.
(2022), together with references that approach broader linguis-
tic issues related to idioms, such as lexicalization.

learning, and propose a continuous relaxation of
the principle grounded in our formalization.

3.1 Re-formalization
Following the formalization of Pagin and Wester-
ståhl (2010), let 𝐴 be a set of words and 𝐸 a way
to compose those words into expressions 𝐸 ⊃ 𝐴
from grammar rules 𝛴 such as 𝛼∶ 𝐸∗ → 𝐸. Let
𝜇∶ 𝐸 → 𝑀 be a meaning assignment function,
where 𝑀 is the space of possible meanings.

Using this notation, the principle of composi-
tionality can be re-formulated as the inability to
distinguish between two elements in 𝐸 when com-
posed:

∀𝑎, 𝑏, 𝑐 ∈ 𝐸 ∶ ∀𝛼 ∈ 𝛴 ∶ 𝜇(𝑎) = 𝜇(𝑏)
⟹ 𝜇(𝛼(𝑎, 𝑐)) = 𝜇(𝛼(𝑏, 𝑐)). (1)

This is equivalent to the substitution version of
the principle of compositionality from Definition 2,
and if we assume that subterms of meaningful terms
are also meaningful (the domain principle), it is
also equivalent to Definition 1. Assuming a single
grammar rule 𝛴 = {⟨⋅, ⋅⟩}, it is also equivalent
to the definition of compositionality from Andreas
(2019).

As argued by Janssen (1986), any formalization
of the principlemust derive the conditions that deter-
mine whether the meaning function at hand aligns
with compositional semantics. In our case, this
means that our formalization should be able to sep-
arate a compositional 𝜇 from a non-compositional
𝜇. We argue that Equation 1 provides an intuitive
procedure for such a separation: if a meaning func-
tion 𝜇 assigns the same meaning to two expressions,
then it must also assign the same meaning to these
two expressions if they are composed with the same
context.

3.2 Relaxation
The problem with the strict definition of compo-
sitionality we present in 3.1 is that it presupposes
equality in the meaning space, which for natural
languages entails the existence of perfect synonymy.
This is common for all formal accounts of compo-
sitionality, as pointed out by Pagin and Westerståhl
(2010). Perfect synonymy is a contentious premise,
especially when evaluating embedding models, and
as such, it is unclear whether this can be used in
any practical sense given the equality constraint.

A solution to this issue is to do a continuous
relaxation of Equation 1 so that compositionality is
a matter of degree:
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Base ncimp Sample

My marriage had exploded in
midair, and all I could do was
search the rubble for some sign
of a probable cause, some telltale
black box.

dark
dim

bleak

pack
container

Idiomaticity-𝜺

𝑑 ⎛
⎝

My marriage…
some telltale
dark box. ,

My marriage…
some telltale
black box.

⎞
⎠

𝑑 ( dark , black)

dark

𝑑 ⎛
⎝

My marriage…
some telltale
dim box. ,

My marriage…
some telltale
black box.

⎞
⎠

𝑑 ( dim , black)

dim

Baseline-𝜺

𝑑 ⎛
⎝

My marriage…
some telltale
dark box. ,

My marriage…
some telltale
dim box.

⎞
⎠

𝑑 ( dark , dim )

dark dim

𝑑 ⎛
⎝

My marriage…
some telltale
dim box. ,

My marriage…
some telltale
bleak box.

⎞
⎠

𝑑 ( dim , bleak )

dim bleak

Figure 1: A dataset sample from ncimp (He et al., 2025) and how to compute 𝜀 from it. For readability, we removed
the 𝜇(⋅) operators and the −1 from Equation 3. Furthermore we only show our construction for synonyms of the
modifier (“black”), but a similar procedure is applied to the head (“box”).

Definition 3 (𝜀-compositionality). Given two
words 𝑎 and 𝑏 and some context 𝑐, an interpre-
tation function 𝜇 is 𝜀-compositional if it assigns
similarly distant meanings to 𝛼(𝑎, 𝑐) and 𝛼(𝑏, 𝑐),
within some error 𝜀:

𝑑(𝜇(𝛼(𝑎, 𝑐)), 𝜇(𝛼(𝑏, 𝑐))) ≤
(1 + 𝜀) × 𝑑(𝜇(𝑎), 𝜇(𝑏)). (2)

If 𝑀 is a vector space, 𝑑 could be any distance
measure. The intuition behind this relaxation is that
the distance in 𝑀 between two elements from 𝐸
should not increase if both components are com-
posed with the same context via 𝛼, within some
error 𝜀.

Definition 3 does not depend on there being a no-
tion of perfect synonymy in 𝑀, nor does it require
a problem-specific decomposition, while still main-
taining a close resemblance with the traditional def-
initions from formal semantics. Indeed, Equation 1
is implied by Equation 2: if 𝑎 and 𝑏 are perfectly syn-
onymous, both sides of the inequality in Equation 2
are 0, and 𝛼(𝑎, 𝑐) must be perfectly synonymous
with 𝛼(𝑏, 𝑐).

4 Experiments
By gradually relaxing the principle of composition-
ality, we can quantify the degree to which different
encoding functions (𝜇) exhibit compositionality, as
captured by the 𝜀 value. In the next section, we out-
line our experimental framework, demonstrating
how 𝜀-compositionality can differentiate between
embedding models. Our experiment specifically
evaluates how well these models handle idiomatic
multi-word expressions (MWEs), using 𝜀 as a met-
ric of their deviation from strict compositionality.

All code and data related to our experiments are
made publicly available online.5 We provide details
on reproducing our results in Appendix F.

4.1 Data
In our experiments, we use the ncimp dataset in-
troduced by He et al. (2025), which is an exten-
sion to work by Garcia et al. (2021). The dataset
consists of MWEs, each contextualized into three
natural sentences. These are categorized accord-
ing to human judgment into one of three classes:
compositional (e.g. “winter solstice” which has a
transparent meaning), partially compositional (e.g.
“face value” which is a value but does not immedi-
ately relate to faces), and non-compositional (e.g.
“hot potato” which is semantically opaque6 ). All
the MWEs are nominal compounds composed of
two words, and each word is annotated with syn-
onyms (e.g. “worth” and “price” are synonyms of
“value”). An example from the dataset can be seen
on the left of Figure 1, showing a sample for the
idiomatic nominal compound “black box”.

This dataset enables us to easily operationalize
our definition of 𝜀-compositionality. Specifically,
given 𝜇 as text embedding model, we take 𝑑 to be
the cosine distance in the embedding space pro-
duced by 𝜇. Note that despite not being a true dis-
tance, the cosine distance provides the best fit for 𝑑
as discussed in Appendix B. Data-wise, we take 𝑏
to be the original word (“black” in Figure 1), 𝑎 to
be a synonym (“dark”), and 𝑐 to be the context sen-
tence with the remaining compound word. From
the composition of ncimp as modifier–head com-

5https://github.com/ltgoslo/
epsilon-compositionality

6 “hot potato”: an unwanted problem which is awkward to
deal with.
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pounds, we know that a syntactic operator 𝛼 holds
between those, its exact nature being irrelevant to
the computation, we can safely ignore it. Thus, we
can check whether Definition 3 holds and for which
value of 𝜀. We compute 𝜀 as the lowest value that
would satisfy the inequality in Equation 2:

𝜀(𝑎, 𝑏, 𝑐) = 𝑑(𝜇(𝑎𝑐), 𝜇(𝑏𝑐))
𝑑(𝜇(𝑎), 𝜇(𝑏))

− 1, (3)

where 𝑎𝑐 (respectively 𝑏𝑐) denotes the infixing of 𝑎
(resp. 𝑏) in 𝑐. For each model 𝜇, we compute 𝜀 over
275 nominal compounds embedded in 825 total
sentences with 5.2 alternatives each on average.

4.2 Making Sense of 𝜺
Our formalization posits that for a compositional
encoding of semantics, two expressions that are
close in meaning space should not be more distant
in that same space when composed with the same
context. In other words, given the embeddings of a
set of phrases, inserting those phrases in the same
larger context should result in the embeddings get-
ting closer to each other. This should translate into
a negative 𝜀.

However, while the codomain of 𝜇 is voluntar-
ily under-specified in formal semantics, identifying
it with the embedding space of a language model
comes with some challenges. In particular, the con-
textualized distance in the numerator of Equation 3
is not on the same scale as the phrase distance in
the denominator. Indeed, the embedding of a full
sentence 𝜇(𝑎𝑐) is more dependent on the context 𝑐
than it is on a single word 𝑎. This is related to the
fact that all embeddings are normalized the same
way regardless of the complexity of the sentence.
We refer to this phenomenon as context-dominance:
𝑐 is a possible confounder that makes it difficult to
measure the influence of compositionality precisely.

To circumvent this problem, we always compare
values of idiomaticity-𝜀 with values of baseline-𝜀
built from the same context as a form of regulariza-
tion. He et al. (2025) approaches this by regulariz-
ing the similarities using randomly drawn samples
from the overall dataset. Instead, we build a set
of strong negatives from the set of synonyms in
the dataset. In practice, we compute the baseline-𝜀
by comparing synonyms between themselves in-
stead of comparing them to the compound expres-
sion. In particular, we align the computations of
our idiomaticity-𝜀 with the computations of the
baseline-𝜀 to have one phrase in common. This
is shown in Figure 1, in the top row, the right 𝜀

(“dark”–“dim”) is a strong negative for the left 𝜀
(“dark”–“black”).

This gives us pairs of dependent 𝜀-samples: one
idiomatic and one baseline. If the models do not
have a special treatment of MWEs, the samples
should be independent and have the same 𝜀 values,
on the contrary if models break compositionality
by assigning distant embeddings to MWEs, this
should result in an idiomaticity-𝜀 larger than the
baseline-𝜀. To test these hypotheses, we employ
a (paired) Wilcoxon signed-rank test with a one-
sided alternative: H1 ∶ idiomaticity-𝜀 > baseline-𝜀.
We report both the 𝑝-value and the effect size as
measured by the rank-biserial correlation. While
the 𝑝-value gives the probability of observing our
set of 𝜀 if we reject H1, the rank-biserial correlation
measures how often one group ranks higher than
the other.

4.3 Models

Our model selection is meant to represent differ-
ent approaches to distributional encoding of se-
mantics, while also being representative of models
actually being used in applications. All models
are loaded using either the transformers library
or the sentence-transformers library (Reimers
and Gurevych, 2019) for the sentence models. More
details about the models, and their licenses, can be
found in Appendices C and D.

4.3.1 Plain Encoders

We evaluate three pre-trained encoder-based lan-
guage models as baselines. To produce sentence
embeddings from thesemodels, we experiment with
three different approaches to constructing a single
representation for each text input. The most naive
approach simply consists of taking the representa-
tion of the special cls token. The second approach
consists of averaging the representations of the sub-
tokens using the four last layers, as done in He et al.
(2025). Lastly, we experiment with summing the
special cls and sep tokens.

bert As our simplest embedding model, we use
the original bert model from (Devlin et al., 2019),
resulting in text embeddings of size 768.

Modernbert We also use the updated encoder
model byWarner et al. (2024), which includes more
modern optimization techniques. The produced text
embeddings are of size 768.
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bert-cls
bert-cls+sep
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Figure 2: The distribution of idiomaticity-𝜀 (left, orange) and baseline-𝜀 (right, green) for all models (with a distance
correction of +0.05 for visualization purposes). The means and unbiased standard deviations are shown in solid and
dotted lines, respectively. This figure illustrates the need for the Wilcoxon signed-rank test as the two distributions
depend too much on the context 𝑐 and are not directly comparable without taking that confounder into account.

Deberta-v3 To include a model with a differ-
ent style of attention mechanism (disentangled at-
tention), we use the newest version of the model
introduced in He et al. (2021). The produced text
embeddings are of size 768.

4.3.2 Text Embedding Models
We also experiment with models fine-tuned specif-
ically for producing text embeddings. We exper-
iment with both encoder-based and autoregres-
sive backbones, monolingual and multilingual, and
instruction-tuned variants.

s-bert As a baseline for this category, we use
the original Sentence-BERT model from Reimers
and Gurevych (2019), an embedding model that is
wrapped around bert and fine-tuned on contrastive
sentence pairs. The embeddings are produced using
the mean of the token embeddings, with a size of
768.

s-gpt Similarly to s-bert, we also use a model
based on the same approach but with an autore-
gressive language model as the backbone (Muen-
nighoff, 2022). The embeddings are produced using
a position-weighted mean pooling on the tokens,
with embedding size 768.

e5 We also use the multilingual e5 model from
Wang et al. (2024), which extends the original En-
glish model from Wang et al. (2022). The embed-
dings are produced using mean pooling on the final
output layer. We use the instruction-tuned version,
following the official instructions for producing sen-
tence embeddings of size 1 024.

uae We use the angle-optimized model from Li
and Li (2024). The model is trained both with con-

trastive training and with a special objective that
minimizes the angle between the embeddings of
text pairs. The model uses bert as a backbone and
produces embeddings of size 1 024 by taking the
representation of the cls token.

qwen3 Finally, we use a state-of-the-art embed-
ding model based on the qwen3 family of large
language models (Zhang et al., 2025). This model
is multilingual and instruction-tuned, and the em-
beddings are produced using mean pooling on the
final output layer. We use the 600 million parameter
version with an embedding size of 1 024. The ratio-
nale for not using a larger version is that it needs to
be somewhat comparable to the simpler baselines,
which are not available in larger versions.

5 Results

The distributions of 𝜀 using the various models we
selected for 𝜇 are shown in Figure 2. The violin
plots show both the idiomaticity-𝜀 (in orange) and
baseline-𝜀 (in green). When comparing them side-
by-side, without taking into account the context 𝑐
confounder, it might appear that there are no sig-
nificant differences between the two distributions.
However, there are two cases we need to distinguish:
for the same 𝑎 and 𝑐, either the idiomaticity-𝜀 and
the baseline-𝜀 are randomly ordered, resulting in
similar looking-distributions, or the idiomaticity-𝜀
is always slightly larger than the baseline-𝜀, result-
ing in distributions that might look similar because
of large variance due to 𝑐, but are actually revealing
of an non-compositional interpretation.

To resolve this ambiguity, we report theWilcoxon
signed-rank test statistics in Table 1. A 𝑝-value
of 0 indicates that the observations are unlikely
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Model
𝒑-values Rank-biserial (%)

C PC NC C PC NC

bert
cls 0.323 0.000 0.005 50.7 56.8 54.0
cls + sep 0.789 0.022 0.137 48.8 53.1 51.7
mean 0.731 0.000 0.042 49.1 58.9 52.7

Modernbert
cls 1.000 1.000 1.000 43.1 43.9 41.1
cls + sep 0.999 1.000 1.000 45.4 40.7 39.9
mean 0.988 0.964 1.000 46.7 47.2 44.4

Deberta-v3
cls 0.000 0.000 0.000 55.6 69.7 75.2
cls + sep 0.000 0.000 0.000 56.8 71.2 76.2
mean 0.000 0.000 0.000 80.8 91.6 94.6

s-bert 1.000 1.000 0.850 34.6 43.2 48.4
s-gpt 0.100 0.000 0.000 51.9 56.3 56.2
e5 1.000 0.000 0.000 42.0 60.8 69.8
uae 1.000 0.000 0.000 44.4 60.8 61.3
qwen3 0.000 0.000 0.000 62.2 72.6 78.8

Table 1: Statistics for the Wilcoxon signed-rank test with the alternative hypothesis H1 ∶ idiomaticity-𝜀 > baseline-𝜀.
The results are reported for our three data classes: Compositional, Partially Compositional and Non-Compositional.

if H1 ∶ idiomaticity-𝜀 > baseline-𝜀 was false, in
other words, H1 is certainly true. By construction,
the rank-biserial is increasing when the 𝑝-value de-
creases. We report it to have interpretable results
even when the 𝑝-value saturates. Accordingly, a
high rank-biserial indicates that idiomaticity-𝜀 is
often larger than the baseline-𝜀.

As a sanity check, we can confirm that 𝑝-values
generally do not increase from compositional to
non-compositional compounds, which is to be ex-
pected. Based on these results, we can categorize
the models we studied into three categories.

Human-aligned models like e5, uae and to a
lesser extent bert. For thesemodels, compositional
compounds (C) are treated compositionally: a 𝑝-
value of 1 indicates that their 𝜀 is not significantly
larger than the baseline. And on the other hand, non-
compositional (NC) and partially compositional
(PC) compounds are treated non-compositionally:
their 𝜀 is significantly larger than the baseline, in-
dicating that the contextualized embeddings are
getting farther away from synonym-substituted con-
texts.

Compositionally-inclined models like Mod-
ernbert and s-bert. These models treat every
MWE in a compositional manner. This might be in-

dicative of poor performance on non-compositional
compounds.

Anti-compositional models like Deberta, s-gpt
and qwen. These models treat every MWE in
an non-compositional manner. This might be a
symptom of overfitting on frequent MWEs, build-
ing an ad-hoc representation for them even when
they could be derived through compositional means.
However, when examining the effect size as re-
ported by the rank-biserial, it is clear that these
models still distinguish between compositional and
non-compositionalMWEs, with larger 𝜀 differences
in the NC class.

In general, the rank-biserial is correctly aligned
C < PC < NC especially for more modern models.
This matches our intuitions: Models are more com-
positional on compositional samples and less so on
the non-compositional (meaning idiomatic) sam-
ples. The identification of PC, however, is not al-
ways so clear-cut. For additional insight on the mat-
ter, refer to Table 4 in the appendix, which contains
experiments where only the head or the modifier of
the noun compound is substituted for a synonym in
an attempt to better identify the PC class.

Finally, we can observe that the aggregation
methods for bert, Modernbert and Deberta-v3
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do not affect our results substantially. This is de-
spite the fact that the resulting embeddings have
widely different distributions (as shown in Table 3
in appendix). Variations in embedding magnitude
is a potential confounder, and indeed those varia-
tions are visible in Figure 2 when comparing the
mean aggregation with cls and cls + sep. This
confounder seem to be correctly handled by our sta-
tistical test as demonstrated by Table 1: the aggre-
gation methods change the scale of the embeddings
but do not significantly change the 𝑝-value reported
by the Wilcoxon signed-rank test.

6 Previous Work

𝜀-compositionality is related to other measurements
targeted at MWEs, such as the Similarity Score in
He et al. (2025). Existing work, such as He et al.
(2025) and Fodor et al. (2025) focus on comparing
model predictions to human ratings of composition-
ality, while we focus more on theoretical aspects. In
our work, we derive a measurement of composition-
ality from formal definitions that allows us to tell
whether a specific embedding model can differenti-
ate between idiomatic and non-idiomatic examples,
as opposed to measuring how these models align
with human annotations on the sample level. While
their work focuses on highlighting the current differ-
ences between human and artificial representations
of compositional meaning, our work focuses on con-
necting formal accounts of compositionality with
the evaluation of such models, which we hope can
motivate the development of models that have a
more aligned representational capacity.

Naturally, our work is also a continuation of an
established line of work in NLP centered on com-
positionality in relation to MWEs (Bannard et al.,
2003; Reddy et al., 2011; Salehi et al., 2015; Con-
stant et al., 2017). However, we also see our work
as related to adjacent research in compositionality
and machine translation (Dankers et al., 2022; Li
et al., 2021).

7 Conclusion

In summary, this paper examines the principle of
compositionality in relation to text embedding mod-
els. We introduce 𝜀-compositionality as a measure-
ment for how text embedding models differenti-
ate between idiomatic and non-idiomatic language,
grounding it in definitions from formal semantics.
By applying this framework to the ncimp dataset,
we find that most of the tested text embedding mod-

els are capable of distinguishing between different
levels of compositionality, though the degree of ef-
fectiveness varies. Our work highlights the need for
clearer integration between theoretical definitions
of compositionality and empirical measurements,
and we hope that our findings motivate future work
on how compositionality is to be understood not
only in the context of text embedding models but
in relation to neural language models in general.

Limitations

Use of models It can be argued that the fixed-
size encoding methods used for our plain encoders
may not be well-suited to the short sequences of the
MWEs in our experiments. On the other hand, the
goal of our work is not to provide any measurement
of sentence representations in general, but rather
to showcase how embedding models, as instances
of interpretation functions, fit into a compositional
framework. Consequently, we argue that our usage
of these models is justified, as it says something
about how sensitive these models are to semantic
shifts, in our case idiomaticity.

Dataset quality While selecting a good illustrat-
ing example, we found indications that the ncimp
dataset has some issues related to data quality. For
example, it contains ungrammatical substitutions
(e.g. “an acid test” becoming “an sour test”), and
synonymy is understood in a very broad sense (e.g.
“apple” and “pear”).

Implication 𝜀-compositionality can be used to
measure if text embedding models are able
to differentiate between compositional and non-
compositional language use. However, we do
not discuss whether this is an attractive property
for a model to have. In practice handling non-
compositional expressions in a compositional way
may also enable the model to understand unfrozen
MWEs (e.g. “it’s raining tigers and wolves” is an
unfrozen (emphatic) variant of “it’s raining cats and
dogs”).

Confounders Using a statistical test to compare
to baseline-𝜀 allows us to control for most con-
founders. However, it is difficult to identify all
potential ones, and some of the confounders we
identified can remain problematic. For example,
the idiomatic expressions tend to be more frequent
than the baseline ones, so if frequency is a covariate,
it is not compensated by the Wilcoxon signed-rank
test.
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Non-idiomatic non-compositional expressions
While our intention is to study compositionality,
the ncimp dataset focuses on idiomatic expres-
sions. Some non-idiomatic non-compositional ex-
pressions such as “come on” are therefore excluded
from our experiments. On the other hand, it could
be argued that idioms provide the maximum degree
of non-compositionality and are therefore a good
target for analysis.
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Our preprocessing of the data is fully automated
and documented in the software package bundled
with this publication.

Note on dataset selection A naive approach
to comparing idiomatic and non-idiomatic cases
might involve using separate datasets for each. How-
ever, this introduces a confounder to the evaluation,
as 𝑐 would differ between datasets, complicating
direct comparison. To address this, we ensure com-
parability by holding 𝑐 constant, using the same
sentence in both idiomatic and non-idiomatic con-
texts. This eliminates the need to normalize em-
beddings across datasets or adjust for variations
in the length or semantic density of 𝑐. While this
reduces the number of suitable datasets, we argue
that it strengthens methodological validity. In this
paper, our goal is to introduce 𝜀-compositionality
in a principled way.

B Distance Definition

We use a cosine-based measure for 𝑑 to follow
current established practices with transformer em-
beddings. As we want to extract a singular scalar
value to capture the degree of compositionality,
𝜀 can be naturally interpreted as the slope of the
line characterizing how much the distance between
two expressions 𝑎, 𝑏 ∈ 𝐸 contracts when they
are put in the same context 𝑐 ∈ 𝐸. If we ex-
pressed Equation 3 in term of cosine similarities
with −𝑑 = cos, this would force orthogonal ex-
pressions (cos(𝜇(𝑎), 𝜇(𝑏)) = 0, i.e. dissimilar ex-
pressions) to stay orthogonal once contextualized.
This does not follow from the unrelaxed principle
of Equation 1, which concerns itself with similar
(or identical) expressions, not dissimilar ones. In-
stead, following the unrelaxed principle, we would
expect that if two expressions have identical embed-
dings (implying cos(𝜇(𝑎), 𝜇(𝑏)) = 1), then so does
their contextualized embeddings. This is further
justified by the fact that for all practical purposes,
transformer models are injective:

𝜇(𝑎) = 𝜇(𝑏) ⟹ 𝑎 = 𝑏
⟹ 𝛼(𝑎, 𝑐) = 𝛼(𝑏, 𝑐)
⟹ 𝜇(𝛼(𝑎, 𝑐)) = 𝜇(𝛼(𝑏, 𝑐)).

As a result, instead of having the point at cos(⋅) = 0
be fixed, we would expect the point at cos(⋅) = 1
to be. This can be achieved by defining 𝑑(𝑎, 𝑏) =
1 − cos(𝑎, 𝑏). This function is commonly known
as the cosine distance in the literature. However, it

should be noted that this is a misnomer as the cosine
distance is not a true distance: it verifies neither the
Cauchy–Schwarz inequality nor the coincidence
axiom. As the principle of compositionality relies
solely on a notion of equality, only the later of which
could pose problem. However, modern embedding
spaces are normalized and in such a high dimension
that the following can be safely assumed for all
practical purposes:

cos(𝜇(𝑎), 𝜇(𝑏)) = 1 ⟹ 𝑎 = 𝑏

This in turn, implies the coincidence axiomwhich is
sufficient to capture the formal semantic definition
of compositionality.

C Models

Details about model keys, embedding sizes, and
parameter sizes can be found in Table 2.

Prompts for instruction-tuned models For the
e5 and qwen3 models, we followed the official
instructions for producing text embeddings, using
the following prompt as the system task: Given a
sentence, encode its semantic properties.

D Licenses

We release our code under the APGL-3.0 license:
https://github.com/ltgoslo/epsilon-

compositionality.
The ncimp dataset by He et al. (2025) does not

include a license statement bundled with the soft-
ware. Consequently, we assume that it follows the
licensing of the publisher, in this case, MIT Press
Direct, which is stated to be the Creative Commons
Attribution 3.0 or 4.0 License (CC BY).

All models were used in accordance with their in-
tended use, as specified in their respective licenses.
The licenses for each model can be found in Table 2.

E Use of AI assistants

An LLM-based service was used for minor
paragraph-level editing and as a code assistant for a
single file (models.py) for the experimental setup.
The parts of the code that are in some way based on
generation are clearly marked in the source code.
We, as authors of this document, take full responsi-
bility for the content of the paper and its results.

F Reproduction

All the materials needed to reproduce our
results can be found on https://github.
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Model Model key Emb.size Params. License

bert bert-base-uncased 768 ∼ 110 mill. Apache-2
Modernbert answerdotai/ModernBERT-base 768 ∼ 149 mill. Apache-2
deberta-v3 microsoft/deberta-v3-base 768 ∼ 86 mill. MIT
s-bert all-MiniLM-L6-v2 768 ∼ 22 mill. Apache-2
s-gpt Muennighoff/SGPT-125M-weightedmean-nli-bitfit 768 ∼ 125 mill. None
e5 intfloat/multilingual-e5-large-instruct 1024 ∼ 355 mill. MIT
uae𝑣1−𝑙𝑎𝑟𝑔𝑒 WhereIsAI/UAE-Large-V1 1024 ∼ 326 mill. MIT
qwen3 Qwen/Qwen3-Embedding-0.6B 1024 ∼ 600 mill. Apache-2

Table 2: Details about the models used in our experiments.

com/ltgoslo/epsilon-compositionality.
Our software package contains an
epsilon_compositionality Python mod-
ule that can be run to reproduce all the numbers
reported in this paper.

The experiments were conducted on a consumer-
level laptop using the built-in CPU. Reproducing
the results on a consumer-level CPU takes approxi-
mately 2 hours. Including failed experiments and
development, we estimate the total compute time
for the research to be around 50 CPU hours. As the
dataset is relatively small and we are only consider-
ing inference over short sequences, there is no need
for a GPU to reproduce our results.

G Supplemental results

Table 3 shows the distribution of distances in our
samples. We provide these statistics to give some
sense of the scale that each of the respective em-
bedding models operates on. As the distribution
varies greatly between models, reporting a value of
𝜀 without comparing to baseline would make little
sense.
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Model
Phrase 𝑑(𝑎, 𝑏) Context 𝑑(𝑎𝑐, 𝑏𝑐)

𝜇 𝜎 𝜇 𝜎

bert
cls 0.085 0.062 0.010 0.011
cls + sep 0.073 0.042 0.021 0.029
mean 0.259 0.108 0.015 0.014

Modernbert
cls 0.230 0.267 0.005 0.006
cls + sep 0.096 0.112 0.003 0.004
mean 0.029 0.028 0.002 0.006

Deberta-v3
cls 0.002 0.003 0.000 0.000
cls + sep 0.002 0.003 0.000 0.000
mean 0.100 0.076 0.008 0.009

s-bert 0.604 0.170 0.081 0.069
s-gpt 0.351 0.173 0.050 0.044
e5 0.104 0.037 0.012 0.009
uae 0.362 0.102 0.042 0.036
qwen3 0.211 0.093 0.021 0.021

Table 3: Distance distribution in the dataset.

Model
C PC NC

modifier head modifier head modifier head

bert
cls 50.2 51.1 58.5 55.2 52.3 55.4
cls + sep 49.1 48.6 54.3 52.0 50.9 52.4
mean 52.5 45.6 62.4 55.7 53.0 52.2

Modernbert
cls 43.3 43.0 43.9 44.0 44.3 38.3
cls + sep 46.7 44.2 42.1 39.4 45.4 35.0
mean 46.5 46.8 46.3 48.2 47.2 41.8

Deberta-v3
cls 54.5 56.6 67.4 71.7 76.8 73.7
cls + sep 54.5 58.9 70.6 71.6 77.7 74.7
mean 79.9 81.8 93.0 90.4 95.1 94.2

s-bert 34.4 35.0 43.8 42.5 54.5 41.7
s-gpt 54.4 49.3 58.8 53.9 57.3 55.1
e5 47.6 36.4 67.9 54.2 74.1 65.0
uae 44.8 43.8 63.4 58.3 65.8 56.1
qwen3 67.7 56.6 77.7 67.2 80.9 76.5

Table 4: Rank-biserial distinguishing modifier and head substitutions.
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