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Abstract

Frequent English verbs such as have and make
can function either as collocates in light-verb
constructions or as full lexical predicates, as
in make a decision vs. make a cake. Whether
language models represent this distinction re-
mains unclear. We introduce a large-scale con-
trolled dataset of minimally varying English
sentence series in which the same context con-
tains the same verb in light-verb and full-verb
uses. Two probing experiments show that lan-
guage models differentiate between these uses
even in minimal contexts and exhibit separa-
ble patterns across object types. We release
the dataset, generation code, and materials as a
reusable resource. The framework supports ex-
tensions to broader contexts, additional verbs,
and other languages.

1 Introduction

Light-verb constructions (LVCs), also known as
support-verb constructions, have been studied for
a long time across theoretical syntax, lexical se-
mantics, phraseology, typology, and computational
linguistics (Jesperen, 1942; Grimshaw and Mester,
1988; Butt, 1995, 2010; Tu and Roth, 2011; Nagy
et al., 2020; Fleischhauer et al., 2025). Despite
this long tradition, they remain underexploited as
diagnostic material for evaluating language models.
Existing computational work has largely treated
LVCs as an identification or extraction problem:
given a candidate verb—noun combination, the task
is to determine whether it is an LVC. This has led
to supervised and multilingual detection and clas-
sification experiments (Vincze et al., 2013; Chen
and Palmer, 2015; Vaidya et al., 2016; Cordeiro
and Candito, 2019), as well as broader overviews
of LVC and verbal-MWE identification (Constant
et al., 2017; Tan et al., 2021). Yet LVC identifica-
tion and controlled model probing address differ-
ent questions. Identification asks whether a com-
pleted expression is an LVC; probing asks whether

a model distinguishes two uses of the same verb
under matched syntactic and contextual conditions.
This distinction matters because a model may rec-
ognize familiar LVCs through distributional associ-
ation, lexical memorization, or noun-category cues,
without representing the lexical-functional contrast
between a support-verb use and a full lexical use.
For example, make a decision and make a cake
share the same transitive frame, but only the for-
mer realizes an LVC selected by the predicative
nominal base decision.

Minimal-pair benchmarks provide a natural
framework for addressing this gap: they isolate
specific linguistic contrasts while holding other sen-
tence properties constant. Targeted syntactic evalu-
ation tests whether models assign higher probabil-
ity to the expected member of minimally different
sentence pairs (Marvin and Linzen, 2018; Baroni
et al., 2026); BLiMP extends this approach to 67
English grammatical phenomena (Warstadt et al.,
2020); and SyntaxGym provides a reproducible
framework inspired by psycholinguistic experimen-
tal design (Gauthier et al., 2020). Similar resources
have been developed for Chinese and Spanish (Xi-
ang et al., 2021; Téboas Garcia and Wanner, 2025),
with recent multilingual extensions of the BLiMP
paradigm (Jumelet et al., 2025). Existing minimal-
pair resources, however, mostly contrast acceptable
and unacceptable sentences, whereas LVC probing
requires contrasting two grammatical and natural
sentences that differ in the lexical-functional status
of the same surface verb.

We present an extensible seed dataset for con-
trolled probing of English LVCs, which currently
covers five highly frequent light verbs. The dataset
extends the contrastive logic of minimal-pair bench-
marks to minimal sentence series: the same sen-
tence context is paired with several objects, yield-
ing LVC readings in half of the cases and full-verb
readings in the other half. This design provides
more directly comparable items than isolated mini-



mal pairs, improves statistical power, and reduces
contextual confounds. Unlike most minimal-pair
resources, which contrast acceptable and unaccept-
able sentences, our dataset contrasts grammatical
and natural sentences that differ only in the lexical-
functional status of the same surface verb. We il-
lustrate its use through contrastive embedding anal-
ysis and surprisal-based probing in active and pas-
sive configurations, testing whether models capture
both verb-to-noun and noun-to-verb expectations
in LVCs.

2 Related Work

In NLP, LVCs have mainly been treated in the con-
text of identification or classification tasks. Most of-
ten, supervised, syntax-based, lexical-knowledge-
based, and multilingual classical feature-based or
neural machine learning is used to distinguish
LVCs from non-LVC verb—noun co-occurrences
(Tan et al., 2006; Tu and Roth, 2011; Vincze et al.,
2013; Chen and Palmer, 2015; Vaidya et al., 2016;
Cordeiro and Candito, 2019; Nagy et al., 2020), of-
ten within a broader scope of MWE processing and
verbal-MWE shared tasks (Constant et al., 2017;
Savary et al., 2017; Ramisch et al., 2018). Corpus-
linguistic work on collocation and collostructional
analysis provides association measures for quanti-
fying lexical co-occurrence and word—construction
attraction (Stefanowitsch and Gries, 2003; Gries,
2013); we use this tradition as motivation for con-
trolling verb—noun conventionality, while treating
light-verb status as a distinct lexical-functional con-
trast. Methodologically, our work builds on tar-
geted minimal-pair evaluation of language mod-
els (Marvin and Linzen, 2018; Warstadt et al.,
2020; Gauthier et al., 2020; Xiang et al., 2021;
Jumelet et al., 2025; Baroni et al., 2026) and on
surprisal-based accounts of incremental processing
(Levy, 2008; Smith and Levy, 2013; Goodkind and
Bicknell, 2018). More specifically, it follows tar-
geted test-suite approaches that evaluate models
through region-level surprisal or probability con-
trasts (Gauthier et al., 2020; Hu et al., 2020; Wilcox
et al., 2021; Beyer et al., 2021; Tdboas Garcia and
Wanner, 2025). Extending this work, our bench-
mark uses matched grammatical sentence contrasts,
rather than acceptable—unacceptable contrasts, to
test whether models encode the directional expec-
tations between predicative nouns and their light
verbs.

3 Dataset Construction

We initialized the dataset with five high-frequency
English verbs that commonly occur in LVCs in
CollFrEn (Fisas et al., 2020): make, take, give,
have, receive'; about to be included are pay, hold,
perform, conduct, and draw.

For each verb, we retrieved a list of LVC can-
didates from CollFrEn. All candidates were vali-
dated according to three criteria: the noun had to
be a predicative nominal base, the verb had to be
semantically light in the construction, and the com-
bination had to instantiate a canonical light-verb
construction corresponding to either the Oper; or
Oper; collocational relation in Explanatory Combi-
natorial Lexicology (MelCuk et al., 1995). Border-
line cases and idiomatic expressions were excluded.
From this first list, we selected 20 to 40 LVCs per
verb. We then constructed a corresponding full-
verb—noun set. We selected a set of nouns denoting
concrete objects that could occur after each verb.
The constructions in the full-verb condition had to
be grammatical and natural, instantiate the same
broad syntactic frame of the LVC condition, and
involve a noun with which the verb expresses an
independent lexical meaning. Table 1 exemplifies
the resulting contrasts.

For each verb, a set of natural-language sentence
contexts was generated and paired with the verb +
object constructions. We produced contexts vary-
ing across several grammatical properties, includ-
ing voice, tense, length, and number of specifica-
tions, allowing different degrees of stimulus varia-
tion and experimental control.”.

The detailed specification of the resulting dataset,
including its size, is provided in Appendix B.

4 Experiments

In what follows, we present the results obtained
with minimal contexts, showing that even minimal
contextual information is sufficient to observe dis-
crimination effects between LVCs and fully lexical
verbs. We evaluate the proposed dataset along two
complementary dimensions. First, we use it for

'In the current version, we excluded other frequent verbs
like do and get often included in LVC recognition tasks; cf.,
e.g., (Tu and Roth, 2011), because many of their transitive uses
are generic activity predicates and do not yield clear minimal-
pair contrasts between light-verb and full-verb readings.

*Details on the dataset creation are reported in the Ap-
pendix. Up to The dataset, along with the code and materials
used for its generation are released with documentation for
reuse, for submission in the uploaded zip file, upon acceptance,
in a dedicated github repo



Verb LVC use Full-verb use
make make a decision make a cake
take take a walk take a mug
have have a celebration  have a car
give give a look give a coin

receive  receive attention receive a package

Table 1: Examples of contrastive LVC and full-verb
verb—noun pairs.

Condition Example

LVC-active
Full-active
LVC-passive
Full-passive

During the afternoon, they made a cake.
During the afternoon, a decision was made.
During the afternoon, a cake was made.

During the afternoon, they made a decision.

Table 2: Example of matched active and passive
sentence-level contrasts.

surprisal-based probing of language models, test-
ing whether models assign different expectations to
LVC and full-verb configurations when the surface
verb and syntactic frame are controlled. Second,
we conduct a contrastive embedding analysis in or-
der to examine whether object-level contextual rep-
resentations separate LVC objects from full-verb
objects under matched verbal and sentential con-
texts. Together, these experiments are intended to
assess whether the light/full-verb distinction is re-
flected in model expectations and model-internal
representations. In the experiments reported here,
we use the base google/gemma-3-270m check-
point from the Gemma 3 family (Gemma Team,
Google DeepMind, 2025).

4.1 Surprisal-Based Probing

For a token w; in context w;, surprisal is defined
as the negative log-probability assigned to that to-
ken by a language model:

S(wy) = —log P(wy | wey).

We report surprisal in nits. For multi-token critical
regions, we use the maximum surprisal score across
the tokens.

The surprisal experiment follows the Syntax-
Gym evaluation format (Gauthier et al., 2020):
each test item consists of matched conditions and
manually defined critical regions. We compute
token-level surprisals for the critical regions us-
ing autoregressive language models and compare
differences across verbs and classes.

In active configurations, the critical region is the
noun following the verb, as in make a decision ver-
sus make a cake. This tests whether the preceding
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Figure 1: Final object surprisal in active sentences for
LVC and full-verb controls, computed over 47,600 sen-
tences.
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Figure 2: Final-verb surprisal in passive sentences for
LVC and full-verb controls, computed over 47,600 sen-
tences.

verb and context make an LVC-compatible nom-
inal base more or less expected than a full-verb
object. In passive configurations, the critical re-
gion is the verb following the nominal base, as in a
decision was made versus a cake was made. This
tests whether a predicative nominal base increases
the expectation for its conventional light verb. For
each condition, we compare surprisal values across
matched LVC and full-verb sentences.

Figure 1 shows the contrastive surprisal scores
for the active-sentence setup, comparing light-verb
and full-verb uses. With the exception of receive,
the critical regions in the light-verb condition re-
ceive lower surprisal than their full-verb counter-
parts. This indicates that the model assigns higher
contextual probability to nominal bases occurring
with conventional light verbs such as give, have,
make, and take. The pattern for receive is less
clear, suggesting that its status in the tested items
is more ambivalent. In the passive-sentence setup,
the preceding noun provides the main cue for pre-
dicting the following verb; see Figure 2. Lower
surprisal in the LVC condition therefore suggests
that the model captures, at least partially, the associ-
ation between predicative nominal bases and their
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Figure 3: KMeans purity for full object-head hidden
states and A, the change in the object-head representa-
tion from layer [ — 1 to layer /. Clustering is computed
over 47,600 active sentences.

conventional light verbs. Variation across verbs is
greater in the passive setup than in the active setup.
Make shows the lowest surprisal values, which sug-
gests that it is the most strongly expected support
verb in the tested passive configurations.

4.2 Contextual Embedding Comparison

As a complementary analysis, we compare contex-
tual representations at the object position in LVC
and full-verb constructions. For each sentence, we
extract the hidden states corresponding to the object
noun phrase and average over its tokens, yielding a
single object-level representation for each instance.
We then ask whether these representations separate
according to construction type. Since the surface
verb and sentence template are controlled, such sep-
aration would indicate that the object representa-
tions contain information distinguishing LVC from
full-verb contexts, although this information may
also reflect correlated lexical-semantic properties
of the object nouns. To assess this, we reduce the
dimensionality of the object representations and
apply clustering analyses. We perform this anal-
ysis both on the layer-wise object representations
and on Ay, defined as the change in the object rep-
resentation from layer [ — 1 to layer [. We then
evaluate whether the induced clusters align with
the LVC and full-verb conditions. This analysis
tests whether the contrast observed in the surprisal
experiment is also reflected in the model’s contex-
tual representation space.

Figure 3 shows that the induced clusters align
strongly with the LVC and full-verb conditions.
The effect is especially visible for A; in later lay-
ers, suggesting that the model updates object repre-
sentations differently across the two construction
types. Figure 4 illustrates this pattern with a PCA
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Figure 4: Example PCA projection of object-level con-
textual representations from layer 15 of gemma-3-270m,
computed over 5,000 active sentences. Each point cor-
responds to one sentence, with the object representa-
tion obtained by averaging the embeddings of all ob-
ject tokens. PC1 and PC2 explain 26.6% and 9.0% of
the variance, respectively. KMeans clustering was per-
formed on the first 50 PCA dimensions, which together
retain 96.7% of the total variance. In this reduced 5,000-
sentence sample, the induced clusters align with the
LVC and full-verb conditions, yielding a purity of 1.00.

projection from layer 15 of gemma-3-270m. These
results suggest that the LVC/full-verb contrast is re-
flected not only in token-level surprisal, but also in
the geometry of contextual object representations.

5 Discussion

Our dataset provides a controlled probing instru-
ment for investigating differences between verbs
used as LVCs, and verbs used with their full lexical
meaning. The obtained surprisal scores suggest
that gemma-3-270m is sensitive to LVCs. LVC-
compatible nominal bases are generally less sur-
prising after light verbs in active sentences, and
predicative nominal bases make their associated
support verbs more predictable in passive sentences.
However, this varies across verbs, which implies
the importance of the degree of conventionality of
the considered LVCs.

The contextual embedding comparison experi-
ment shows that at some point of processing the
two object types are clearly separated, suggesting
that the models capture at least some of their differ-
ential properties. These findings will be explored
in greater depth in future analyses and with a vari-
ety of models to understand what specific lexical
properties underlie this separation. Overall, the
dataset is designed to support further probing ex-
periments, including extensions to additional verbs,
broader contextual settings, other languages, and
alternative analytical or experimental approaches
including psycholinguistic testing.



Limitations

While this database provides controlled minimal
pairs, it focuses on a limited set of verbs and
constructions, potentially restricting generalization
across broader verb classes. Additionally, sentence
contexts are semi-controlled, which may reduce
ecological validity. Finally, our analyses focus on
English, leaving cross-linguistic variation in light
verb constructions unexplored. However, we view
these choices as enabling precise comparisons, de-
signed this dataset and methods to support future
extensions across verbs, contexts, and languages.

Ethical Statement

This work introduces a dataset of constructed sen-
tences designed for research on language process-
ing in LLMs. All materials have been automatically
generated starting from human-designed materials
and do not contain nor offensive or biased content.

Al support was used for coding and writing, but
not research.
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A Examples of light and full verb uses
B Dataset specifications

The sentence database were built around the verbs
make, take, give, have, and receive. Each verb
occurred with the same number of collocation and
non-collocation objects, like in the table:

B.1 Set used in the presented experiments

We release, as ready-to-use resources, the datasets
used to perform the analyses described above. In
all generated sentences, the target verb—object con-
struction occurs in sentence-final position, facilitat-
ing evaluation with autoregressive language mod-
els.

For each verb, collocational and concrete ob-
ject nouns were paired with temporal sentence con-
texts and optional adverbial modifiers. Sentences
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were generated through rule-based templates im-
plementing grammatical constraints on tense (past
simple, future simple, past perfect), voice (active,
passive), determiner insertion (articles or posses-
sives, where grammatical), adverb placement, and
number agreement.

The dataset includes 170 temporal specifications,
35 adverbial modifications, 3 tense specifications
(past simple, future simple, past perfect), and 2
voice specifications (active, passive).

The passive database contains sentences in all
three tense specifications, each released in adverb
and non-adverb versions. Passive forms were gen-
erated using manually specified past participles and
singular/plural auxiliary agreement.

The active pronoun database released as ready-
to-use contains sentences with the pronoun they as
subject. Sentences were automatically inflected for
tense and combined with temporal and adverbial
contexts.

B.2 Full dataset and generation code

In addition to the datasets used in the experi-
ments reported above, we release the full sentence-
generation framework and accompanying materials,
designed to support large-scale controlled experi-
mentation. The generation pipeline is rule-based
and allows users to systematically manipulate a
range of grammatical and lexical properties while
preserving controlled sentence structure.

The current release includes the mentioned and
280 object nouns distributed across collocational
and concrete uses, 170 temporal specifications, 35
adverbial modifiers, 3 tense specifications (past
simple, future simple, past perfect): these oc-
cur with 100 subject nouns (e.g., doctor, guest,
teacher), inflected in 2 morphological number val-
ues and paired with either a determinate article or
a possessive pronoun, where grammatical. The cur-
rent nominal-subject release includes only active
voice constructions.

The approximate size of the full generation com-
binations corresponds to over 2,000,000,000 poten-
tial sentences.
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