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Abstract

We present a new benchmark to evaluate the
lexical competence of large language models
(LLMs), built on a hierarchical classification
of lexical functions (LFs) within the Meaning-
Text Theory (MTT) framework. Based on a
dataset called French Lexical Network (LN-
fr), the benchmark employs contrastive tasks
to probe the models’ sensitivity to fine-grained
paradigmatic and syntagmatic distinctions. Our
results show that performance varies signifi-
cantly across different LFs and systematically
declines with increased distinction granularity,
highlighting current LLMs’ limitations in rela-
tional and structured lexical understanding.

1 Introduction

Large language models (LLMs) like GPT-4 (Ope-
nAl et al., 2024), Qwen (Bai et al., 2023), or
LLaMA (Touvron et al., 2023) do not merely gen-
erate coherent text. They can be prompted to solve
a wide range of linguistic and cognitive tasks, such
as question answering, information extraction, or
machine translation, with remarkable performance
(Zhao et al., 2025). As a result, works on LLMs’
evaluation have shifted focus away from grammati-
cality and coherence, towards reasoning capacities,
factual consistency, bias, or other extra-linguistic
properties (Chang et al., 2023).

Yet, there remain essential questions about the
nature and depth of linguistic knowledge captured
by these models and their ability to introspectively
access and share this knowledge. While LLMs ap-
pear to “use language” fluently, the amount of lin-
guistic structure they “understand” is not clearly cir-
cumscribed, nor is their ability to reason abstractly
about linguistic objects.

The lexicon is a case in point. A proper under-
standing of language necessarily entails a grasp of
its lexicon—not as a mere inventory of words and
their definitions, but as a structured system wherein
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lexical units are interconnected through a variety
of relations (like synonymy, antonymy, morpho-
logical derivations, intensification, and others) that
recur across most (if not all) languages. Leveraging
such relations to assess linguistic competence has
long been an attractive idea: they are, for instance,
at the heart of popular analogical benchmarks (Tur-
ney et al., 2004; Mikolov et al., 2013; Gladkova
et al., 2016, infer alia) which have become a staple
of the evaluation of distributional representations.
However, these analogical datasets arguably lack
both theoretical grounding and coverage in some
areas. For instance, the Bigger Analogy Test Set
(Gladkova et al., 2016), one of the most balanced,
diverse and challenging benchmarks, covers very
few syntagmatic (i.e. related to word combinations
rather than word substitutions) lexical relations and
leaves out many aspects related to meaning rather
than strict morphology (like the analogy between
the pairs continue:continuation::sell:sale).

We therefore wish to ground an evaluation bench-
mark on a well-established lexicographic theory:
the Meaning-Text Theory (MTT) (Mel’¢uk, 1973,
1996, 2016; Mel’¢uk and Polguere, 2021). MTT
places the lexicon and its combinatorial properties
at the core of linguistic modeling. To formally
model the structure of the lexicon, MTT uses a
system of Lexical Functions (LFs), which repre-
sent consistent and recurrent paradigmatic or syn-
tagmatic relations between lexical units—that is,
words taken in a specific sense. Each LF encodes
a specific semantic or syntactic relation between a
lexical unit (its keyword) and a set of lexical units
(its value). The following examples illustrate some
of the most common LFs! :

'In line with MTT’s notational conventions, we overload
the = symbol to denote set membership rather than equality.
Thus f(a) = b means in fact b € f(a), as an LF typically
associates a keyword with more than one value. One has for
instance Syn(film) = movie and Syn(film) = picture.
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* syn(film) = movie (synonym)
* Magn(awake) = wide [~] (intensifier)
* Opers(criticism) = (to) face [~] (support verb)?

The question we ask is how accurately LLMs can
be prompted to recognize whether a pair of French
words instantiates a given type of lexical relation.
To answer this question, we build on MTT and
define a set of target LFs of interest, capturing lexi-
cal knowledge at different levels of granularity.
For instance, at a coarse level, we test whether the
LLM can tell apart instances of adjectival deriva-
tions (of any kind) from instances of other type
of derivations (e.g. nominal, or verbal ones), and
at a finer level, whether it can discriminate rather
semantically neutral adjectival derivations (like de-
stroy—destructive) from those involving a stronger
meaning shift (like destroy—destructible). To this
aim, we associate each target LF with a set of con-
trastive LFs, so that each contrastive LF both share
a common property with the target (e.g. both cor-
respond to some kind of adjectival derivation) and
are distinguished by another property (e.g. they
correspond to different degrees or types of mean-
ing shifts), and ask LLMs to recognize the pairs
of words obtained from the target and reject those
obtained from its contrastive LFs. To automatically
obtain the pairs of words, we leverage a high qual-
ity French lexicographic resource, the French Lexi-
cal Network (Lux-Pogodalla and Polguere, 2011;
ATILF, 2024, henceforth, LN-fr), which offers ex-
tensive coverage and is closely aligned with the
theoretical framework adopted here. Although we
use French data, the lexical relations we target are
universal. We work from the assumption that if a
model performs well on French, it should perform
about as well on other languages similarly covered
by its pretraining material.

We thus contribute a hierarchy of LFs, wherein
each intermediate level corresponds to some coarse-
grained lexical relation (such as ‘verbal colloca-
tion’), and immediate descendants correspond to
distinct sub-relations of the former (such as ‘sup-
port verbs’ and ‘semantically loaded verbal colloca-
tions’). We propose a benchmark of polar questions
to test LLMs’ ability to specifically recognize these
contrasts, and assess several open-weights LLMs
on this benchmark, as well as the effect of different
prompting configurations. We also investigate the

ZSupport verbs serve to build a syntactically well-formed
structure without contributing additional meaning (Mel’¢uk
and Polguere, 2021; Ramos and Tutin, 1996).
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impact of surface cues on the LLM’s behavior.

2 Related work

The semantic abilities of computational models
have often been measured by their ability to recog-
nize or perform analogies. Analogical datasets such
as SAT (Turney et al., 2004), the Google analogy
test set (Mikolov et al., 2013), and BATS (Glad-
kova et al., 2016) have become popular bench-
mark of this capacity. They also have been ap-
plied to the evaluation of recent LLMs’ seman-
tic abilities: Ushio et al. (2021) evaluate LLMs
on well-established analogical benchmarks using
prompts and their completion probabilities, and
show, among many other things, that the lexical
analogies of BATS are more difficult for the models
than the morphological or encyclopedic ones. Yuan
et al. (2024) show that automatically extracting
analogies from a knowledge graph can be used to
enhance LL.Ms performance on analogical bench-
marks via fine-tuning or few-shot learning.

Some new benchmarks have also been devel-
oped: Wijesiriwardene et al. (2023) introduce a
benchmark of analogies between longer texts, tar-
geting concepts such as entailment or explanation,
and Chen et al. (2022) introduce a benchmark of
exam problems and associated analogical reason-
ing. While these resources are important tools
to assess higher level linguistic and reasoning ca-
pabilities, they also steer away from evaluating
the sheer lexical competence of language models.
Other approaches have taken inspiration from psy-
cholinguistic methods like cloze completion tasks.
Some of the tasks considered in (Ettinger, 2020)
directly concerns lexical knowledge. They find that
BERT (Devlin et al., 2019) is better at recognizing
hypernyms than distinguishing semantic roles.

While models’ mastery of paradigmatic rela-
tions such as synonymy or hyponymy is extensively
tested in the aforementioned works, the type of
knowledge underlying support or light verb con-
structions (like chance and take), or tied to the
argument structure (doctor and patient) is more of-
ten overlooked. Our work addresses this gap with a
benchmark exclusively centered around the lexicon,
allowing a systematic and granular exploration of
LLMs’ ability to recognize the whole range of lex-
ical functions formally defined by Meaning-Text
linguists. It is akin to the recent work of Petrov
et al. (2025), who have also leveraged instances of
LFs from LN-fr to diagnose lexical competence,



but supplements theirs in several respects. Petrov
et al. (2025) designed a challenging analogy-based
benchmark of 2,600 fine-grained lexical analogies
using 25 common LFs (21 paradigmatic and 4 syn-
tagmatic), and showed that moderately-sized LLMs
achieve particularly strong performance on deriva-
tional morphology but struggle more with syntag-
matic relations and distinguishing event-participant
roles. In contrast, we organize relations in a sys-
tem of hierarchical clusters, grouping specific rela-
tions into broader categories, and examine models’
ability to make distinctions with variable levels of
specificity. Rather than directly requesting models
to solve a given analogical equation (an open ques-
tion), we use closed yes/no questions with more
elaborate contexts. While this arguably makes the
task less challenging, it also circumvents important
shortcomings of bare analogical equations regard-
ing the amount of information provided to LLMs,
and makes it easier to avoid false negatives in the
evaluation. In particular, it enables us to include
information pertaining to word sense clarification
and/or semantic roles indices in the prompts, and
thereby study a wider and more balanced range of
lexical relations.

3 Evaluation Framework

This section outlines the evaluation framework de-
signed for our study, including our proposal of a
hierarchical organization of LFs, the lexical dataset,
and the construction of contrastive prompts.

3.1 Hierarchical structure of LF's

In the MTT framework and its associated resources,
the instances of LFs are highly specific. For ex-
ample, So(producey) refers to the abstract activ-
ity denoted by the verb itself, yielding the nomi-
nal form production, and thus represents a deriva-
tion without added semantic content. In contrast,
Si(producey) yields producer, designating the
agent of the activity—the first argument of the pred-
icate ‘producey’. Similarly, Sa(producey) yields
product, referring to the result of the activity—the
second argument of the predicate.

This illustrates two levels of semantic distinc-
tion: while S; and Sy are both argument-oriented
derivations and thus semantically close, they dif-
fer based on which argument role they instantiate.
Sg, on the other hand, is more distinct as its value
encodes the event itself without any further seman-
tic shift. In the present study, we are particularly

interested in whether LLMs are sensitive to distinc-
tions among LFs at varying levels of granularity.
To systematically assess their lexical competence
in this regard, a structured classification scheme is
required for explicitly modeling such fine-grained
distinctions.

Building on the theoretical foundations of LFs
in MTT (Mel’¢uk, 1996; Ramos and Tutin, 1996;
Jousse, 2010; Mel’¢uk and Polguere, 2021), we
first classify the full set of Simple Standard LF's ac-
cording to their semantic and syntactic properties.
At the top level, we distinguish between paradig-
matic LFs (encoding derivational or synonymic
relations) and syntagmatic LFs (encoding colloca-
tion patterns). Each group is further subdivided by
the part of speech (POS) of the keyword and the
value. Within these groups, finer-grained categories
are defined according to specific semantic proper-
ties. In particular, certain distinctions between LFs
arise from subtle syntactic differences in the real-
ization of the semantic arguments associated with
the keyword. These cases are categorized more
finely. For example, within the category of Nomi-
nal Derivation, Sy denotes purely syntactic deriva-
tion without any semantic enrichment, whereas S;
represents the noun that refers to typical semantic
arguments of the keyword. The S; category itself
can be further subdivided. In particular, S; returns
the name of the first semantic argument of the key-
word, e.g., Sy(sell) = seller, while So corresponds
to the second, e.g., Sa(sell) = merchandise. This
hierarchical classification of LFs, as illustrated in
Figure 1, is structured at multiple levels of granular-
ity and serves as the foundation for our evaluation
of lexical competence in LLMs.

3.2 Data

The MTT framework has given rise to a sub-
stantial body of lexicographic work, including
Mel’¢uk et al. (1995); Apresjan (2000); Mel’¢uk
et al. (1999); Mangeot (2000); Polguere (2014);
Alonso Ramos (2015); L’Homme et al. (2009);
Barrios Rodriguez (2024). Among them, the
French Lexical Network (LN-fr) (Lux-Pogodalla
and Polguere, 2011; ATILF, 2024) stands out as a
large-scale lexical network where nodes represent
French lexical units and edges encode syntagmatic
or paradigmatic LFs, as Figure 2 demonstrates. In
the present study, prompt generation for model eval-
uation relies on the lexicographic resource LN-fr
(Lux-Pogodalla and Polguere, 2011; ATILF, 2024).
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Figure 1: Hierarchical classification of Simple Standard LFs. LFs shown in grey are theoretically part of the
hierarchy but are excluded from the evaluation due to insufficient instances in the dataset. For details on definitions
of terminal-node LFs, see (Mel’¢uk and Polguere, 2021)
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‘to hate N’ ‘heart’

Figure 2: LN-fr example for lexical unit amour ‘love’
and its relations with other lexical units.

Built according to the methodological principles of
Explanatory Combinatorial Lexicology (Mel’¢uk
et al., 1995), it comprises ~30k lexical units cover-
ing ~19k lemmas in French. In addition to proposi-
tional forms and usage examples, LN-fr includes
over 66k annotated instances of LFs, forming a rich
network of paradigmatic and syntagmatic relations.

A node in our hierarchical structure corresponds
to a group of LF instances drawn from the LN-fr
dataset. We retained only instances with complete
information, including the LF identifier, the key-
word (input lexical unit), and the value (output lex-
ical unit). Any instance missing one of these fields
was excluded. The resulting filtered dataset served
as the sampling pool for prompt construction dur-
ing evaluation. To ensure sufficient coverage and
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statistical reliability, we further excluded all LF
nodes with fewer than 30 valid instances from
the final evaluation set, which are represented in
grey in Figure 1. The full hierarchical structure,
including both terminal and intermediate nodes, is
specified in a dedicated configuration file, follow-
ing the theoretical principles outlined in Mel’Cuk
et al. (1995); Mel’Cuk and Polguere (2021).

3.3 Contrastive Sampling and Prompting

Building on the Natural Instructions paradigm,
which enables model interaction through prompt-
based question answering enriched with few-shot
demonstrations and contrastive examples (Mishra
et al., 2022; Chang et al., 2023), we adopt a con-
trastive sampling strategy to evaluate LLMs’ abil-
ity to distinguish lexical relations. Grounded in
our hierarchical classification of LFs, each prompt
presents a balanced set of positive and negative
examples centered on a target LF category.

To generate negative examples, we sample con-
trasting instances from sibling nodes under the
same parent within the LF hierarchy, ensuring
functional but structurally proximate distinctions,
as shown in Figure 3. For example, if the node
Substitutive in our hierarchy (see Figure 1)
is selected as the target, all its sibling nodes (e.g.
Deriv_N, Deriv_Adj) are considered contrasts.

Prompt Our evaluation strategy follows the
paradigm of Prompt Engineering (Schulhoff et al.,



Target

®

Figure 3: Contrastive sampling: positives from the tar-
get LF (green); negatives from yellow nodes as con-
trasts.

2025), in particular the Natural Instructions frame-
work (Mishra et al., 2022), where models are
prompted with structured input-output examples in
natural language. For each target LF, we construct
multiple prompts, each of which encodes a distinct
contrastive setup based on instance sampling.

Oper_1 is a lexical function which, given a lexical
unit as a keyword, selects another one as a
collocate in order to form a lexical collocation...

Here are some positive examples of this function:
fatigue -> éprouver

Propositional form of the keyword:
$2

KWIC context of the keyword: ...
Answer: Yes

~de $1 causé par

Here are some negative examples of this function:
cheveu -> soigner

Propositional form of the keyword:
KWIC context of the keyword: ...

Answer: No

~de $1

QUESTION:

football -> jouer

Propositional form of the keyword:
KWIC context of the keyword: ...

~pratiqué par $1

Does the above word pair also constitute a valid
example of this class of lexical function?

As a linguist expert in the Meaning-Text Theory,
you will be given a definition of a lexical
function, along with a set of positive and negative
examples. Then, you will be presented with a new
pair of keyword and value, and your task is to
answer ‘Yes’ if the pair corresponds to the target
LF, or ‘No’ if it does not [...]

Listing 1: System Prompt

As illustrated in Listings 1 and 2, the System
prompt provides the overall task description and
specifies the expected output format. The User
prompt, in turn, introduces the target LF through a
formal definition, followed by a set of positive and
negative examples. For each example, we present
the surface forms of the keyword and its value,
along with the propositional form of the keyword.
Optionally, the prompt also includes a KWIC (key-
word in context) snippet for the keyword—a 13-
word window centered on the keyword—and the
propositional form of the value. The propositional
form is a minimal example phrase involving the
keyword and numbered placeholders, whose pur-
pose is to describe the conventional numbering of
semantic arguments and their correspondence with
syntactic positions in an example. For instance, the
propositional form for sale could be ~ carried out
by $1 to $2 for the amount $3 (where ~ links to
the keyword, sale). This propositional form would
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Listing 2: User Prompt

indicate that the seller is conventionally considered
the first semantic argument, the buyer the second,
and the amount of the transaction the third. Both
the KWIC and the propositional form are extracted
from LN-fr. Finally, the actual question is posed,
featuring a new keyword-value pair to be evaluated
by the model.

To ensure the reliability of the keyword-value
pairs used as query instances, we apply the follow-
ing sampling constraints when generating prompts:
(i) the keyword-value pairs used in the few-shot
examples do not appear in the target query; (ii) no
duplicate instances are included within the same
prompt.

3.4 Evaluation

We evaluated three competitive instruction-tuned
LLMs from Transformer (Wolf et al., 2020):
QWEN-14B-INSTRUCT-1M (hereafter QWEN),
LLAMA-3.1-8B-INSTRUCT (hereafter LLAMA),
and MISTRAL-7B-INSTRUCT-VO0.3 (hereafter
MISTRAL). A total of 81 valid LFs nodes were
selected from our classification hierarchy. For each
node, we generated 20 questions per contrastive
sampling—10 positive ones (based on examples
from the target LF) and 10 negative ones (from con-
trastive LFs)—ensuring a balanced dataset. Each
question was posed five times to each model using
distinct random seeds, ensuring both reproducibil-
ity and the observation of model variance.

In addition, our experimental setup takes into
account three parameters, as summarized in Table 1.




Param Description

k Number of examples per prompt (k € {2,6,10}).

kw-ctx  Whether the example’s keyword includes a KWIC
context (boolean, T for True and F for False).

v1l-pfm  Whether the example’s value includes its proposi-

tional form (boolean, T for True and F for False).

Table 1: Experimental parameters.

k=2 k=6 k=10
Acc F1 |Acc Fl |Acc Fl1

612 59.4|64.6 63.2]66.7 65.7
61.5 59.665.0 63.9|67.5 66.6
579 5321621 59.1|64.1 62.0
584 53.6|62.5 59.8|64.6 62.7

55.7 49.6|58.2 54.3]59.3 55.8
54.5 46.4|56.8 514|573 52.1
54.6 47.5|57.0 52.7|56.7 51.4
53.1 43.2|55.0 47.7|54.4 46.4

52.5 44.8|53.1 44.0|53.4 44.4
53.0 45.8(55.1 48.9|55.5 49.5
50.3 37.0]50.9 37.9|51.6 40.4
51.2 40.8|52.6 43.5|52.1 41.5

Model kw-ctx vl-pfm

QWEN

LLAMA

MISTRAL

I I T
I I L L

Table 2: Performance (accuracy and F1 score) of three
models under different configurations.

4 Results and discussion

4.1 Global Performance Across Models

General performance overview As shown in
Table 2, the overall performance of the three tested
models remains relatively modest. Both LLAMA
and MISTRAL achieve slightly above the expected
accuracy of random guessing in a binary classifica-
tion task. Even the best-performing model, QWEN,
falls short of the 70% threshold, indicating that the
lexical relationships involved in this task pose a
substantial challenge for these LL.Ms.

Response polarity bias Given that our evalua-
tion set is strictly balanced, with an equal number
of positive (‘Yes’) and negative (‘No’) gold labels,
any asymmetry in the distribution of predicted la-
bels may reveal a systematic bias in model out-
puts. As shown in Figure 4, LLAMA and QWEN
exhibit a marked preference for predicting ‘No’,
while MISTRAL tends to over-predict ‘Yes’. These
tendencies suggest distinct response heuristics or
inductive biases learned during training, which may
influence lexical decision-making in binary setups.
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Figure 4: Confusion matrices for the three evaluated
models. Rows indicate gold labels, columns show pre-
dicted labels. Differences in false positives and false
negatives highlight systematic response biases.

4.2 TImpact of Experimental Conditions

The three models evaluated in this study exhibit
both commonalities and divergences in their per-
formance across experimental conditions. QWEN
consistently outperforms the others, followed by
LLAMA, with MISTRAL showing comparatively
lower accuracy.

Impact of k-shot Table 2 shows that both QWEN
and LLAMA demonstrate clear sensitivity to the k-
shot instances of target LF provided in the prompt:
performance improves steadily as k increases. This
suggests that exposure to a greater number of exam-
ples enhances the model’s ability to recognize and
generalize the lexical relation encoded by the target
LFE. In contrast, MISTRAL’s performance remains
largely unaffected by changes in k-shot settings, in-
dicating that it may rely less on provided examples
into its predictions.

Impact of kw—ctx and vl-pfm As listed in
Table 1, these two parameters are introduced to
test their potential role as linguistic cues for dis-
ambiguation. However, we observe that none of
the three models tested appears to benefit from the
inclusion of kw—ctx; on the contrary, its presence
sometimes leads to even worse performance. On
the other hand, v1-pfm shows a modest positive
effect for both QWEN and MISTRAL, while hav-
ing little to no impact on LLAMA. It is important
to note that the lack of performance improvement
from certain prompt components, like kw-ctx,
does not imply that these types of information are
irrelevant to lexical relations. Rather, it indicates
that the models, in their current form, fail to effec-
tively leverage such information in making lexical
identification.

In the following sections, we focus our subse-
quent analysis on each model’s best-performing
configuration (bolded in Table 2), in order to mini-
mize confounding effects from multiple variables.
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Mistral) across selected LFs categories. The upper chart
shows performance on a representative set of paradig-
matic LFs, while the lower shows performance on syn-
tagmatic LFs.

4.3 Performance Across Lexical Functions

4.3.1 Disparities Among LFs

Since the LFs serve as the central testing material
in our task, we begin our analysis by abstracting
them away from the hierarchical organization, and
examining models performance at the individual
LF node. This flat perspective allows us to assess
whether the models demonstrate variant accuracy
across them.

As illustrated in Figure 5, models generally ex-
hibit accuracy disparities across different target
LFs.?> Some LFs appear easier for the models to
learn, particularly when the distinctions are limited
to part-of-speech (POS) differences. For instance,
Deriv_Adv refers to LFs that, given a lexical unit
as the keyword, return an adverbial lexical unit de-
rived from it while preserving the semantics, and
it is contrasted with other derivations (nominal, ad-
jectival, etc.) as counter examples. The results
suggests that, when prompted to decide whether a
pair such as (rapide ‘rapid’, rapidement ‘rapidly’)
fits this pattern, models often respond with high
accuracy, with QWEN even hitting perfect scores
on this LF with some configurations.

Conversely, some LFs are considerably more
challenging for the models, particularly when they

3Figure 5 illustrates a representative sample from the full
set of 81 targets.

involve semantic argument structures. For ex-
ample, Funcy is defined as an LF that, given a
non-verbal keyword, returns a support verb, al-
lowing to build a construction that functions as
a verb without altering the meaning of the key-
word, and in this structure, the keyword functions
as the subject of the verb, and its semantic argu-
ment 2 becomes the direct object of the verb. For
example, Funca(blowy) returns fally as seen in
the collocation the blow falls upon y. In our ex-
periments, Funcy is contrasted with Funcy (e.g.
Funcg(silencey) = reigny), which shares the same
syntactic and semantic properties but lacks an ad-
ditional argument serving as the verb’s object, and
Func; (e.g. Funcy(blowy) = come—as in the
blow comes from x), in which the keyword’s se-
mantic argument 1 becomes the direct object of the
verb.* The models consistently struggle to distin-
guish such nuanced semantico-syntactic patterns,
with performance occasionally dropping below ran-
dom level.

This disparity is similar to the observation in
the ALF study (Petrov et al., 2025) and suggests
that LL.Ms have varying degrees of understanding
across different types of LFs. Below, we examine
whether these disparities may be shaped by our
hierarchical organization of LFs (cf. §3.1).

4.3.2 Hierarchical Patterns in LF-Specific
Performance

To gain deeper insight into the observed disparities
(§4.3.1), we regroup all LFs based on their depth
in the hierarchy (cf. Figure 1) and analyze how
model performance varies across different levels of
abstraction.

As illustrated in Figure 6, models indeed demon-
strate systematic performance disparities in per-
formance across LFs by their depth levels. For
both QWEN and LLAMA, deeper LFs—which
denote more specific distinctions—are associated
with greater classification difficulty, with QWEN
displaying a particularly marked decline. While
MISTRAL exhibits a certain degree of insensitivity
to depth at higher hierarchical levels, substantial de-
cline in accuracy is evident at the lowest tiers of the
structure. By linking these depth levels in the hier-
archy to the disparities introduced earlier, we find
that LFs associated with clearer distinctions in part-
of-speech—such as Deriv_Adv—correspond to
the top-level (depth = 1), where models generally

4See Mel’¢uk and Polguere (2021); Mel’¢uk (1996) for a
comprehensive overview of these LFs.
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Figure 6: Performance trends across lexical functions
grouped by their depth in the hierarchical classification
(with 1 denoting the top-level LF nodes and 5 denoting
the most fine-grained nodes). Each curve represents one
model’s average performance on target LFs at a given
depth in the hierarchy, measured by accuracy.

LF group QWEN LLAMA MISTRAL Mean
S1, S2, ... 0.58 0.57 0.53 0.56
Sress Siocs ... 0.76 0.63 0.58 0.65

Table 3: Example of performance contrast: S; (with in-
dices referring to arguments) versus S,.s, etc. (without
such indices)

perform well. In contrast, more challenging LFs
such as Funcy are situated deeper in the hierarchy,
where classifications become more fine-grained.
This observation supports our earlier hypothesis
that disparities in model performance are partially
shaped by the hierarchical organization of LFs.

4.3.3 Challenges of Argument-Aware LFs

While hierarchical depth plays an important role in
shaping performance differences, we also observe
another layer of complexity arising from the argu-
ment structures encoded in certain LFs. One plau-
sible explanation lies in the conventional, rather
than absolute, nature of semantic arguments: their
interpretation often depends on norms among lin-
guists rather than fixed rules. For instance, S; and
So, introduced in §3.1, belong to LFs that refer to
the argument structure of the keyword. However,
when compared to nodes like S;ipsty OF Syeg at
similar depths without argument indices, model
performance varies considerably, despite their sim-
ilar hierarchical depth.

As contrasted in Table 3, LFs characterized by
clearer semantic interpretations—without reliance
on semantic argument numbers—tend to be more
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consistently recognized. This may help explain
why the v1-pfm parameter improves accuracy for
models like QWEN and MISTRAL, as it provides
disambiguating signals that compensate for such
variability.

4.4 TImpact of Morphological Similarity
between Keywords and Values

Semantic and syntactic relations form the core of
the LFs linking two lexical units. In French LF
examples, however, these relations are often ac-
companied by morphological similarity between
the keyword and its value. To assess whether mod-
els rely on surface-form resemblance rather than
structural understanding of LFs, we measured the
similarity of pair of words using scores between
word pairs using the Levenshtein_ratio ()
function from the python-Levenshtein library.’ Un-
like the raw Levenshtein distance (Levenshtein,
1966) which counts the minimum number of single-
character edits needed to transform one string into
another, this function returns a normalized similar-
ity score between 0 and 1, providing a convenient
proxy for morphological relatedness.

4.4.1 Correlation between Morphological
Similarity and Models’ Responses

We first hypothesize that models’ responses
(Yes/No) may be influenced by the morphologi-
cal similarity of the keyword-value pair in posed
questions; higher similarity might bias the model
toward a specific polarity. To delve into this inquiry,
we measured the correlation between the morpho-
logical similarity of each keyword—value pair and
the response polarity (Yes/No) using the Pearson
Correlation Coefficient. The results, shown in Fig-
ure 7, reveal that this correlation varies across LFs
too.

Model Ag Contr Pred Vo
LLAMA 0.70 0.52 0.66 0.79
MISTRAL  0.63 0.42 046 0.76
QWEN 0.80 0.40 0.90 0.74

Table 4: Accuracy scores for selected lexical functions
across models.

For vy (e.g., Vo(drivingx)=drivey), the high
positive value in the light-red bar indicates that
higher pair similarity is associated with Yes an-
swers; all 3 tested LLMs align to varying degree to

*https://github.com/ztane/
python-Levenshtein
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Figure 7: Correlation between the morphological sim-
ilarity of each keyword—value pair and the response
polarity (yes/no). The light-red background shows the
correlation of this similarity with ground-truth response,
and the colored bars (blue, orange, green) show the cor-
relation with each LLM’s predictions. As the polarity
(ves/no) was binarized to +1 and —1, values close to +1
indicate that higher similarity is associated with yes re-
sponses, values close to —1 indicate association with no
responses, and values near 0 indicate little correlation.

this trend. When a model’s prediction correlation
matches the ground truth, it suggests reliance on
surface similarity, often with higher accuracy (see
Table 4). For Pred (e.g., Pred(beer)=drinky),
the negative value indicates that similarity is more
associated with No answers; QWEN aligns and
performs best, while MISTRAL shows no such
alignment and performs worst. For Contr (e.g.,
Cont r(sun)=moon), none of the models align
with the ground truth, and overall performance is
weak. These observations suggest that the evalu-
ated LLMs do make use of morphological simi-
larity as a cue for inference, but in ways that vary
across LFs.

4.4.2 Prompt Contrast as a Source of
Similarity Bias

LLMs’ reliance on morphological similarity, as ob-
served in Section §4.4.1 was limited to the keyword-
value pairs in the questions, we further explore
whether this reliance may also be related to the
pairs in positive and negative examples (k-shot).
For each LF, we first computed the correlation be-
tween question-pair similarity and the model’s pre-
dictions (as defined in the previous section), and
then calculated the difference between the average
similarity of positive and negative examples in its
k-shot context. Figure 8 visualizes the relationship
between these per-LF correlations and similarity
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Figure 8: For each LF, relationship between (i) the cor-
relation of question-pair similarity with answer polarity
(defined in Section §4.4.1) and (ii) the difference be-
tween the average similarity of positive and negative
k-shot examples (positive values indicate higher similar-
ity for positives). Each point represents one LF; colors
denote models, and regression lines show the fitted rela-
tionship for each model.

difference.

All three regression lines have a clear upward
slope, supporting our hypothesis that when posi-
tive examples are more similar than negative ones,
models tend to answer yes; the opposite pattern
leads to no. Notably, MISTRAL shows a shallower
slope, whereas QWEN’s is steeper, suggesting that
QWEN is relatively more capable of capturing the
morphological similarity contrast between positive
and negative examples in the k-shot and using it to
guide its Yes/No responses. The relative ordering
of the slopes aligns with their global performance
reported earlier in §4.1.

5 Conclusion

In this study, we introduce a structured bench-
mark for evaluating LLMs’ lexical competence,
grounded in a semantic—syntactic hierarchical clas-
sification of LFs. Using contrastive prompts, we
find that models can leverage lexical cues but strug-
gle with deeper distinctions. They perform better
on surface-level PoS contrasts, while finer-grained
or syntactically nuanced LFs pose greater chal-
lenges. Moreover, model responses are partly
driven by morphological similarity between word
pairs, especially when such cues are amplified by
the prompt design.



Limitations

Our present evaluation is restricted to three mid-
sized open-weight LLMs, and we plan to extend
the benchmark to larger and more diverse mod-
els. In addition, the LF classification follows a
semantics-to-syntax ordering which, while theoret-
ically grounded, may not reflect alternative orga-
nizational perspectives; exploring alternative LF
classifications could help assess structural effects.
Furthermore, human evaluation—both with par-
ticipants familiar and unfamiliar with LF theory—
could serve as a valuable baseline for comparing
LLM performance; yet this approach has not been
widely tested with human participants. In this re-
gard, Petrov et al. (2025) offer a useful point of
reference.
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