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Abstract

In complement coercion sentences, like John
began the book, a covert event (e.g., reading)
may be recovered based on lexical meanings,
world knowledge, and context. We investigate
how context influences coercion interpretation
performance for 17 language models (LMs) in
Norwegian, a low-resource language. Our new
dataset contained isolated coercion sentences
(context-neutral), plus the same sentences with
a subject NP that suggests a particular covert
event and sentences that have a similar effect
but that precede or follow the coercion sentence.
LMs generally benefit from contextual enrich-
ment, but performance varies depending on the
model. Models that struggled in context-neutral
sentences showed greater improvements from
contextual enrichment. Subject NPs and pre-
coercion sentences had the largest effect in fa-
cilitating coercion interpretation.

1 Introduction

Coercion results from a semantic type mismatch
between a predicate and its argument (Pustejovsky,
1991, 1995; Jackendoft, 1997). In John began the
book, the aspectual verb begin requires an event-
denoting complement, but is instead combined with
an entity-denoting NP (the book). The covert event
can be recovered by exploiting the meaning of lex-
ical constituents, world knowledge, and context
(Pustejovsky, 1991, 1995; Lapata and Lascarides,
2003). Hence, speakers can interpret the sentence
above as meaning, for example, that John began
reading the book. Because the resulting interpreta-
tion is not a strict function of constituent meanings
and syntax, coercion has been argued to violate
strong versions of the principle of compositional-
ity (Asher, 2015; Jackendoff, 1997; Baggio et al.,
2012, 2016). Experiments found longer reading
times (McElree et al., 2001; Traxler et al., 2002)
and on-line processing costs (Pylkkidnen and McElI-
ree, 2007; Baggio et al., 2010; Baggio, 2018) for
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coercion sentences compared to controls in which
the relevant event is expressed by a non-aspectual
verb (e.g., John read the book) or an event-denoting
complement.

Transformer-based language models (LMs)
(Vaswani et al., 2017) have become popular in NLP
owing to their success in a range of tasks. However,
few studies addressed how LMs process comple-
ment coercion. Previous research focused mainly
on coercion as a challenge for sentence interpre-
tation and framed it as a task where LMs have to
predict the best covert event given an aspectual
verb—complement combination (Rambelli et al.,
2020; Ye et al., 2022; Gietz and Beekhuizen, 2022;
Im and Lee, 2024; Rambelli et al., 2024). Radaelli
et al. (2025) demonstrate that LMs have difficulty
retrieving covert events for coercion sentences in
Norwegian in the absence of context. The present
study extends that work by investigating the role of
context. Transformers’ self-attention mechanism
captures local contextual information by assigning
greater relevance to some tokens compared to oth-
ers within a sequence (Vaswani et al., 2017; Devlin
et al., 2019; Radford et al., 2019). The result is the
generation of dynamic linguistic representations
that vary according to the surrounding context. We
expect that contextual information will improve the
performance of transformer-based LMs in covert
event interpretation of coercion sentences.

2 Theories of Coercion in Context

One hypothesis assumes that a coercion interpreta-
tion is the result of enriched composition: lexico-
semantic properties of words are leveraged to en-
rich the meaning of the sentence, resulting in an
eventive reading (Pustejovsky, 1991, 1995, 1998;
Asher, 2015). Each lexical item is associated with
a qualia structure that includes, among others, a
specification of TELIC (the purpose of an object)
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and AGENTIVE (how an object is created) roles of
the relevant entity. For coercion sentences, a type
mismatch between the aspectual verb and its com-
plement leads to the recovery of the covert event
by exploiting the qualia roles of the entity book:
the TELIC role implies that reading is the covert
activity, while the AGENTIVE role implies writing.
Contextual information can motivate different in-
terpretations than those suggested by default qualia
roles (Pustejovsky, 1995; Pustejovsky and Bouil-
lon, 1995; Pustejovsky, 1998; Traxler et al., 2002).
In The author began the book, the subject NP can
facilitate the recovery of the AGENTIVE quale wrife
(Traxler et al., 2005). In The climber enjoyed the
rock, instead, where no specific TELIC role is pro-
vided by rock, the complement is enriched through
co-composition of the subject NP climber, sug-
gesting the interpretation that the climber enjoyed
climbing the rock (Pustejovsky, 1998, p. 294).

The contextual enrichment of coercion sentences
is also motivated by empirical studies. McElree
et al. (2001, p. 7), for instance, acknowledge that
the “properties of the subject NP appear to deter-
mine the default interpretation in an otherwise neu-
tral context.” In eye-tracking experiments, Traxler
et al. (2005) concluded that contextual information
does not necessarily attenuate processing costs in
coercion sentences, but can be exploited as an ‘ex-
tended lexicon’, licensing an eventive interpretation
that could be otherwise costly to generate.

The pragmatic hypothesis proposes a different
account of complement coercion compared to the
more constrained approach of the lexical analy-
sis, which claims that coercion sentences are en-
riched solely via default qualia-based lexical infor-
mation (Lascarides and Copestake, 1998; Zarcone
et al., 2014). Building on relevance theory (Sperber
and Wilson, 1986; Falkum, 2015), the proposal by
De Almeida (2004) and De Almeida and Dwivedi
(2008) claims that lexical entries only specify an
expression’s denotation or type (Fodor and Lepore,
1998). The interpretation of coercion sentences is
therefore not lexically-driven but guided by post-
lexical pragmatic inferences, world knowledge, and
context. This leads to more flexible interpretations
and a wider variety of readings compared to those
afforded by qualia roles (Fodor and Lepore, 1998;
De Almeida, 2004; Falkum, 2015).

Experimental work by Zarcone and Padé (2011)
and Zarcone et al. (2014) provides instead support
for Generalized Event Knowledge (GEK) (McRae
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and Matsuki, 2009) in coercion interpretation, an al-
ternative to both lexical qualia-based and pragmatic
hypotheses. The words-as-cues hypothesis (Elman,
2009) claims that speakers store event knowledge
in memory: words serve as cues that allow access
to such knowledge, modulating expectations about
upcoming words. In a self-paced reading study,
Zarcone et al. (2014) found that if coercion inter-
pretations align with more typical events, sentences
are read faster.

According to Piflango and Deo (2016), aspectual
verbs do not necessarily trigger coercion effects
when combined with entity-denoting complements,
but can also specify mereological (i.e., part-whole)
relationships between arguments (e.g., The perch
begins the trail) as well as causal relations between
events. In this theory, aspectual verbs select struc-
tured individuals, with parts ordered along a par-
ticular axis (e.g., spatial, temporal, informational
etc.), formally a ‘one-dimensional directed path
structure’ (DPS). Each argument encodes a set of
functions that guide the mapping relative to a spe-
cific dimension. Both stative and eventive readings
for sentences with aspectual verbs are possible. In
the aspectually stative sentence A thunderstorm be-
gan the day, the predicate specifies the existence
of a part-whole relation between the denotata of
the complement and the subject. The information
provided by the complement allows the predicate
function to map the arguments onto a temporal di-
mension, interpreting the subject thunderstorm — a
non-agentive entity — as denoting the initial tem-
poral sub-interval of the denotation of the comple-
ment morning (Pifango and Deo, 2016, p. 369).

In sentences like John began the book, Pifiango
and Deo (2016) argue that the aspectual verb does
not impose any type-selectional restrictions, hence
no type-mismatch repair is needed. They propose
instead a ‘structured mapping’ via inverse thematic
functions. Because the event is underspecified, the
traditional thematic function, which relates events
to their participants, is not available. The inverse
thematic function allows mapping of “pairs of in-
dividuals to the smallest event that the individual
bears a participant role to at that time in a given con-
text” (p. 385). Argument denotations and sentence
context provide further constraints on the recovery
of the event. Since complements are semantically
undetermined and can map onto several possible
axes, the same sentence can also be interpreted sta-
tively. If John is not interpreted as an agent, the



arguments would be mapped onto an informational
dimension instead of an eventive one, and John
would be considered one subpart of the informa-
tional object the book: John’s work would then be
an initial part of the book, such as a first chapter.

3 LMs and Complement Coercion

The first study evaluating LMs on complement co-
ercion was Rambelli et al. (2020), who analyzed
the performance of pretrained Transformers of the
BERT and GPT families. They used datasets from
different behavioral studies (McElree et al., 2001;
Traxler et al., 2002; Lapata and Lascarides, 2003).
The results revealed that Transformer-based mod-
els behaved differently from each other depending
on the model’s framework. ROBERTA, for exam-
ple, emerged as the most robust LM, performing
better than other models on the Lapata-Lascarides
dataset (Lapata and Lascarides, 2003), with 80%
accuracy in binary classification and 73% in a cor-
relation task. In contrast, GPT-2 appeared to be
more unstable, with a better score in the binary
classification task (87%) but poorer performance
in the correlation task (43%). Vanilla BERT, on
the other hand, showed a marginal improvement
over the baseline, suggesting a limited ability for
contextualized embeddings in capturing eventive
information from context. Finally, the authors re-
port that distributional and non-Transformer frame-
works, such as the Structured Distributional Model
(SDM), performed similarly to ROBERTA despite
being pretrained on smaller datasets.

Gietz and Beekhuizen (2022) consider coercion
as a case of flexible semantic enrichment based on
context, rather than as obligatory semantic comple-
tion. They analyzed a vanilla BERT model using a
dataset with naturally-occurring coercion sentences
from the COCA Corpus, successively annotated by
humans. They argue that traditional ‘hand-crafted’
coercion sentences from previous studies always
allow clear event interpretations, while naturally-
occurring sentences usually include additional con-
textual information. BERT performed well in cases
where consensus between annotators on a covert
event was high, but struggled with sentences with
less consensus. The model benefited from contex-
tual information, improving event prediction.

Ye et al. (2022) used a dataset of naturally-
occurring coercion sentences extracted from the
C4 Corpus (Raffel et al., 2020). The authors ar-
gue that the process of coercion interpretation is
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analogous to paraphrasing: the coercion sentence
is rephrased in a way that ambiguity is eliminated
and the covert event is revealed. They found that
pretrained BERT has difficulty with coercion inter-
pretation, while a model fine-tuned with explicitly
paraphrased sentences leads to better performance.
Radaelli et al. (2025) investigate whether LMs
can leverage syntactic structure and lexical mean-
ing toward recovering covert events. They conduct
a large-scale evaluation of LMs in Norwegian, a
low-resource language with variable grammatical
realization of coercion, which partly depends on
the aspectual verb used. Initiation verbs usually
combine with entity-denoting NPs in PPs intro-
duced either by pd or by med (John begynte pda/med
boken; ‘John began on/with the book’). With con-
tinuation and cessation verbs, complements are
mainly introduced by med-PPs or directly an NP
(John avluttet med/p boken, ‘John finished (with)
the book’). Radaelli et al. (2025) released a new
dataset of sentence pairs, each containing a context-
neutral coercion sentence and an event resolution
prompt. The dataset included 90 distinct entities
from 6 different categories, and the syntactic real-
ization of coercion was varied systematically by
the aspectual verb and PP/NP. The study tested
17 Norwegian LMs, spanning BERT-like autoen-
coders and autoregressive models. In general, LMs
struggled to recover implicit events. Surprisal esti-
mates for whole sentences indicate that most LMs
tested are unable to leverage the syntactic structure
of the VP to interpret coercion items, showing no
significant performance changes across syntactic
constructions. For more details, see Section 5.1.

4 Task Proposal

Here, we explore the role of context in coercion in-
terpretation, extending Radaelli et al. (2025)’s work
on Norwegian context-neutral sentences. We study
how different types of context influence the predic-
tion distributions for LMs in a covert event interpre-
tation task. We used the same evaluation strategy
as Radaelli et al. (2025): instead of assessing mod-
els’ performance only on a pre-defined set of top-1
ranked predictions as gold standard, we considered
the ranked prediction distribution for each model;
for each coercion sentence, a model must output a
set of top-5 ranked predictions O = oy, ...

The distribution is then evaluated by calculating
the mean average precision metric, which captures
the consistency of LMs in predicting appropriate

, 05.



events (see below) in the top ranking. We consider
a model ‘sensitive’ to coercion, if it can provide a
prediction distribution that is relevant to event inter-
pretations: given a coercion sentence, expressed as
a triplet (subject, aspectual verb, entity), we expect
a redistribution of output predictions in a way that
eventive interpretations are at the top of the rank-
ing. The addition of contextual information should
lead to further redistribution of the outputs, possi-
bly with a shift towards the event interpretations
suggested by the context.

The output predictions for each sentence will be
evaluated by considering any event (verb) as cor-
rect as long as it satisfies the semantic constraints
required by coercion and by the context. Follow-
ing Pifiango and Deo (2016) and Spalek and Szbg
(2019), a covert event is a plausible candidate for
coercion when its combination with subject and
complement expresses telicity, implying a “natu-
ral endpoint or goal state” that is coherent with
the overall meaning of the sentence. The class of
accomplishments is our ground truth for event clas-
sification, as it specifies durative, dynamic, and
telic situation types or Aktionsart (Vendler, 1967;
Spalek and Sebg, 2019). All predicted events that
are accomplishments are compositionally appropri-
ate candidates, including those that may be weakly
associated in coercion contexts. For example, the
triplet (goat, begin, book) can suggest the covert
event eat (Lascarides and Copestake, 1998). Some
events must however be discarded: although they
belong to the accomplishment class, their combina-
tion with the given subject and object results in a
semantic anomaly. For example, a verb like klatre
(‘climb’) could be plausible when predicted with
objects that afford movement (e.g., mur; ‘wall’) but
not with food items (e.g., salat; ‘salad’).

4.1 Dataset

We adopted a dataset originally created by Radaelli
et al. (2025). Each item is a sentence pair designed
to elicit the generation of covert events. Each pair
includes (1) a context-neutral coercion sentence:

(1) {suBJ} {VERB-FIN} {PREP|Q}
{ENTITY-DEF}.
E.g.: Kim begynte pa boken. (‘Kim began the book”)

and (2) a sentence that prompts event retrieval:

(2) Det som {SUBJ} {VERB-FIN} &
gjore, var a [MASK].
‘What {SUBJ} {VERB-FIN} to do was to
[MASK]".

The sentences contained the following elements:

* A single gender-neutral proper name (Kim) as
subject {SUBJ}.

* 90 complement entity-denoting definite nouns
{ENTITY-DEF}, consisting of real artifacts as
incremental theme arguments of the implicit
event. These entities belong to six different se-
mantic categories: food, text, clothing, every-
day objects (e.g., bag), construction/housing
(e.g., wall), and entertainment (e.g., graffiti).

* Four aspectual verbs { VERB-FIN} in simple
past form (preteritum), i.e., begynne (begin),
starte (start), fortsette (continue), and avslutte
(finish). Aspectual verbs, in contrast to other
classes like psychological verbs (e.g., enjoy),
were considered the only class of verbs that ro-
bustly trigger complement coercion, as shown
experimentally by Katsika et al. (2012).

* Three complement syntactic constructions
{PREP—@} introduced by a PP with either
pa or med or directly by an NP.

* The masked token [MASK] is included only
for autoencoder models. With autoregressive
models, [MASK] is replaced by blank tokens,
used to prompt the prediction of the next sen-
tence token.

We extended this dataset, here condition (a), by
introducing three new conditions (b-d), each pro-
viding controlled contextual information in a spe-
cific portion of the experimental item (Table 1).
The contextual enrichment applies only to sentence
(1) in each pair, leaving (2) unchanged:

(a) Context-neutral: as in the original dataset;

(b) Subject-enriched context: the neutral subject
(Kim) is replaced with a subject NP relevant
for particular covert events;

(c) Post-verbal context: additional text is added
after the entity complement as an adjunct or a
coordinated phrase;

(d) Pre-coercion sentence: a sentence is concate-
nated before the coercion sentence, providing
a discourse-level context.

All items in (1) included sentences with similar to-
ken length, with length variation of 2-3 tokens. Sub-
jects and entity NPs were always in definite form,



(1) Coercion Sentence

(2) Prompt Sentence for Event Interpretation

(a) Kim begynte pa essayet.

(b) Tolken begynte pa essayet.

(c) Kim begynte pa essayet ved hjelp av ordboken.
(d) Kim gnsket a publisere sitt nye verk pa et annet
sprak for en fransk avis. Kim begynte pé essayet.

Det som Kim/tolken begynte a gjgre, var a ((MASK]).

Table 1: Examples of coercion sentences with the aspectual verb d begynne (to begin) in context conditions (a—d)
in Norwegian and a common event-prompt interpretation sentence. Contextual information is presented in bold.
Translations into English: (1a) ‘Kim began the essay’, (1b) “The interpreter began the essay’, (1¢) ‘Kim began the
essay with the help of the dictionary’, (1d) ‘Kim wanted to publish his new work in a different language for a French
newspaper. Kim began the essay’, (2) ‘What Kim/the interpreter began to do was to ([MASK])’.

while aspectual verbs were in preteritum form (past
simple). The context was always coherent with the
verb-complement combination.

For the assessment of models’ performance we
compared the results by Radaelli et al. (2025) with
context-enriched conditions. The extended dataset
includes a total of 4320 sentence pairs in standard
written Norwegian Bokmal.

4.2 Tested Models

We tested the extended dataset on 17 pretrained
Norwegian LMs, with autoencoders, such as BERT
(Devlin et al., 2019), and autoregressive models,
such as GPT-2 (Radford et al., 2019), LLAMA-2
(Touvron et al., 2023), BLOOM (Scao et al., 2022),
and MISTRAL (Jiang et al., 2023). Table 2 shows
the list of the language models tested here. The
models differ considerably not only in architec-
ture, but also in number of parameters and size of
training data. Most LMs tested are monolingual
models, only two (MBERT-CASED/UNCASED) are
multilingual, while NORMISTRAL-7B-WARM was
primarily pretrained in English and further trained
in Norwegian. All tested models are available on
Hugginface.!

4.3 Baseline Model

To assess performance between models and be-
tween different contextual conditions, we leveraged
the same statistical baseline model as Radaelli et al.
(2025): plausibility of event estimates were based
on Pointwise Mutual Information (PMI) (Church
and Hanks, 1990) between the verb and its object.
The result is a list of (eventive) verbs strongly asso-
ciated with an entity. These estimates are based on
the Norwegian Colossal Corpus (NCC) (Kummer-
vold et al., 2022), an open source corpus employed
for training most current Norwegian LMs.

"https://huggingface.co/
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Model #Par. Tr. Data
MBERT CASED/UNCASED 178M 3.3B*
NB-BERT-BASE 178M 7B
NB-BERT 355M 7B
NORBERT 111M 1.9B
NORBERT2 125M 15B
NORBERT3-BASE 123M 25B
NORBERT3-LARGE 353M 25B
NORBERT3-SMALL 40M 25B
NORBERT3-X$S 15M 25B
NORBLOOM-7B-SCRATCH 7B 26.7B
NORGPT-369M 369M 25B
NORGPT-3B 3B 25B
NORGPT-3B-CONTINUE 3B 25B
NORLLAMA-3B 3B 26.7B
NORMISTRAL-7B-SCRATCH 7B 26.7B
NORMISTRAL-7B-WARM 7B 26.7B

Table 2: Tested LMs with number of parameters (#Par.)
and training data (7r. Data). *The amount of training
data for MBERT is shared over 114 different languages.

4.4 Performance Evaluation

All prediction outputs provided by a given LM
were manually classified by two of the authors ac-
cording to Aktionsart, assessing the plausibility of
the prediction in the coercion sentence. Disagree-
ments were resolved through discussion. Predic-
tions that were grammatically irrelevant to coercion
sentences were discarded. We adopted two evalu-
ation metrics for assessing models’ performance.
The first is mean average precision (mAP), which
evaluates the ranking quality of a specific model
based on the weighted means of average precision
scores (AP) in the set of all sentences (.5) (Manning
et al., 2009; Kotlerman et al., 2010):

S
1
mAP = < ;AP(S)

For any given sentence s, the AP score takes into
account the ranking of the top-5 output predictions:

5
AP(s) = > " P(k) - AR(k)
k=1



where P(k) is the precision score at rank &k and
AR(k) is the recall difference between the current
k and its antecedent £k — 1. A high mAP score
indicates that the model tends to predict and rank
accomplishments at the top. A low mAP score sug-
gests either that the model proposes an event from
an Aktionsart class other than accomplishments, or
that the predicted accomplishment is ranked lower.
The second metric is the mean top-ranked accu-
racy (A1) across the entire set of sentences (.5). In
this case, for each sentence, only the top-ranked
prediction will be considered. Similar to the pre-
vious score, accomplishments count as the correct
outputs, while other classes are false positives.

5 Results

5.1 General Results

Radaelli et al. (2025) found that LMs generally
struggle to identify plausible events in context-
neutral coercion sentences: mAP and Al scores
were low across LMs. Only few models exceeded
the statistical baseline, and their performance var-
ied mainly by model architecture and size. BERT-
like models performed better than autoregressive
models, with NORBERT3 showing relatively strong
performance. Among autoregressive models, only
NORLLAMA-3B and NORMISTRAL-7B-WARM ex-
ceeded the baseline. Model size also played a
role: only the larger NORBERT3 variants could
reach higher results, and autoregressive LMs like
NORLLAMA-3B also showed decent performance,
most likely due to their size.

Table 3 shows the mAP and Al scores of all
LMs tested on the covert event interpretation task
in Norwegian. For comparison, we included the
context-neutral scores from Radaelli et al. (2025).
The results are available on GitHub. On the mAP
scores, contextual information generally improved
performance for most models compared to context-
neutral sentences: 9 models outperformed the base-
line, compared to only 4 with coercion-neutral sen-
tences. However, even with context, the remaining
8 models still showed difficulties in consistently
predicting appropriate events. Contextual informa-
tion appears to particularly improve prediction for
autoencoder models. Most models in the NORBERT
family performed relatively well, reaching mAP
scores above the baseline. Smaller models like
NORBERT3-BASE, NORBERT3-SMALL, and NOR-
BERT?2, which showed poor performance in context-
neutral sentences, here outperformed even the best

&3

Model mAP Al

No Ctx W/Ctx Diff No Ctx W/Ctx Diff

NCC (Baseline) 0.59 059 0.00 047 047 0.00
MBERT-CASED 0.07 0.07 0.00 0.00 0.01 0.01
MBERT-UNCASED 027 036 0.09 022 032 0.10
NORGPT-369M 0.56 0.62 0.06 054 057 0.03
NORGPT-3B 048 0.62 0.14 042 055 0.13
NORGPT-3B-cONT. 046  0.58 0.13 042 0.50 0.08
NORLLAMA-3B 0.71 0.66 -0.06 0.67 0.61 -0.06
NB-BERT-BASE 0.38 0.57 0.19 033 049 0.16
NB-BERT-LARGE 0.54 0.67 0.13 047 061 0.14
NORBERT 025 036 0.11 0.18 030 0.12
NORBERT2 044 0.69 024 034 062 0.28
NORBERT3-BASE 0.63 0.73 0.11 058 0.69 0.11
NORBERT3-LARGE  0.60  0.65 0.05 055 056 0.01
NORBERT3-sMALL  0.59 0.73 0.14 055 0.69 0.14
NORBERT3-XS 029 043 0.14 0.16 030 0.14
NORBLOOM-7B-s.  0.46  0.56 0.10 034 045 0.11
NORMISTRAL-7B-s. 0.38 0.58 0.19 029 049 020
NORMISTRAL-7B-w  0.63  0.64 0.01 054 056 0.02

Table 3: Comparison of mean average precision (mAP)
and mean top-ranked accuracy (A1) for covert event
retrieval in Norwegian context-neutral (No Ctx) and
context-enriched (W/Ctx) sentences. Results for No Ctx
are provided by Radaelli et al. (2025).

model NORLLAMA-3B in the context-neutral con-
dition. NORBERT and NORBERT3-XS, on the other
hand, still struggled with the task. Contextual infor-
mation also improved performance of the NB-BERT
family, namely LMs trained entirely on the NCC
corpus, also used to create the statistical baseline
model. While NB-BERT-LARGE achieved results
above the baseline, NB-BERT-BASE still showed
low performance despite the improvement.

A different pattern is found for autoregressive
models. Most GPT-2 models still struggled to per-
form at or above the baseline. Only NORGPT-
369M and NORGPT-3B benefited from the con-
text, reaching reasonable results in mAP scores.
NORBLOOM-7B-SCRATCH and NORMISTRAL-7B-
SCRATCH still showed poor performance despite
contextual enrichment, remaining below the base-
line, while NORMISTRAL-7B-WARM did not im-
prove relative to context-neutral sentences. Finally,
NORLLAMA-3B is the only model that apparently
suffers from the presence of context, showing a
performance drop.

Analyzing the difference of mAP scores in sen-
tences with and without context, we can appre-
ciate how much context-enriched sentences en-
hanced the models’ performance. First, context
generally increases performance for most of those
LMs that in the context-neutral condition struggled
with coercion resolution. For example, NORBERT?2,
NB-BERT-BASE, and NORMISTRAL-7B-SCRATCH
showed a significant improvement. MISTRAL and
BERT-like models demonstrate the ability to exploit
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context more effectively to improve performance
while they struggled in the context-neutral condi-
tion, regardless of parameter sizes. GPT models
also showed positive but weaker improvements, es-
pecially those with higher parameter sizes, such
as NORGPT-3B and NORGPT-3B-CONTINUE. On
the other hand, models that previously obtained
relatively high mAP scores either did not show a
significant change (e.g., NORMISTRAL-7B-WARM)
or performed worse (e.g., NORLLAMA-3B).

A similar trend emerges from an analysis of Al
scores. NORBERT3-SMALL and NORBERT3-BASE
reached the highest A1 score, close to 0.70. The
other models showed considerably lower perfor-
mance. Even the 10 models that outperformed the
baseline obtained an A1 score ranging from 49 to
62, indicating that models still fail to top-rank ac-
complishments in approximately half of the cases.

A qualitative error analysis revealed that the ad-
dition of contextual information can sensibly af-
fect model’s performance. For example, compar-
ing the subject-enriched sentence Fienden begynte
med testamentet (‘The enemy began with the will’)
to its neutral counterpart (Kim begynte med testa-
mentet) on NORBERT3-BASE, we observed differ-
ences in the ranking. In the context-neutral case,
the top-5 predictions were (skrive (‘write’), lage
(‘make’), ta (‘take’), gjgre (‘do’), bruke (‘use’)),
with the first two events being the only plausible
accomplishments for coercion interpretation. In
the context-enriched cases, the model kept the ac-
complishment (skrive) but prioritized verbs like
drepe (‘kill’) and stjele (‘steal’), indicating subject-
driven biases. This means that, in this case, the
replacement with a subject NP enriched with ad-
ditional semantic information strongly shifts the
prediction space of the model to events that are
closely related to it. However, despite coherence
with the subject, such outputs cannot be accepted:
drepe requires an animate patient, while stjele lacks
the durativity typical of accomplishments. Such
events do not consider the contextual information
conveyed by entire sentences, in particular the com-
bination verb-entity. This suggests that contextual
cues, especially those provided by the subject may
strongly override the prediction ranking, guiding
the model to predictions associated with those cues
rather than by a compositional requirements.

Radaelli et al. (2025) conducted a quantitative
error analysis with focus on the best performing
model NORLLAMA-3B, examining the general fre-
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Verb No Ctx (Rel. Freq) W/Ctx (Rel. Freq.)
spille (play) 803 (0.15) 1,493 (0.09)
skrive (write) 781 (0.14) 1,924 (0.12)
le (laugh) 630 (0.12) 1,251 (0.08)
telle (count) 577 (0.11) 1,317 (0.08)
sla (hit) 524 (0.10) 1,455 (0.09)
danse (dance) 438 (0.08) 623 (0.04)
regne (calculate/rain) 414 (008) l,l 17 (007)
vente (wait) 398 (0.07) 1,871 (0.12)
male (paint) 260 (0.05) 1,471 (0.09)
gd (go) 72 (0.01) 237 (0.01)
tale (speak) 65 (0.01) 392 (0.02)
lage (make) 56 (0.01) 644 (0.04)
holde (hold) 48 (0.01) -(-)
rape (burp) 40 (0.01) -(3)
bli (become/slay) 35 (001) - (-)
sy (sew) -() 316 (0.02)
hjelpe (help) -(-) 233 (0.01)
bygge (build) -(-) 185 (0.01)

Table 4: Top 15 events predicted by NORBERT3-SMALL
across context-neutral (No Ctx) and context-enriched
(W/Ctx) sentences, including both absolute and relative
frequencies.

quency distribution of the predicted verbs across
all context-neutral coercion sentences in the exper-
iment. The analysis showed that the model pro-
duced a limited set of 68 unique verbs over 5,400
predictions, with the most frequent ones denoting
either particularly generic events (e.g., lage, make,
which combines with a wide range of entitites)
or non-accomplishment verbs, here considered as
false positives. In this study, we adopted the same
analysis approach, by inspecting NORBERT3-BASE
and comparing the event distribution across context-
neutral and context-enriched coercion sentences.
Table 4 shows the distribution of the first 15 most
predicted events in all coercion sentences, com-
paring both context-neutral and context-enriched
sentence conditions. The results suggest a similar
trend to that found by Radaelli et al. (2025). First,
also this model predicted a limited set of unique
events, from 50 with context-neutral coercion sen-
tences (among 5,400 predictions made in 1,080
sentences) increasing to 93 in context-enriched sen-
tences (16,200 predictions in 3,240 sentences), sug-
gesting that the addition of contextual information
increases the variability of predicted events. Sec-
ond, the ranking of predictions in both conditions
is similar, following a skewed Zipfian distribution:
the top ranked verbs dominate the distribution (cov-
ering up to 15% of the entire verb set), whereas pre-
dictions at lower positions show a sharp decrease of
frequency. Finally, this analysis shows a minimal
ranking variation in the distribution of verbs across



the two conditions, suggesting that context could
not effectively elevate accomplishment verbs to the
top rank, but influenced primarily the lower posi-
tions (e.g., sy, sew). Moreover, the most predicted
events are in both conditions non-accomplishments,
and therefore false positives for the classification
task, usually denoting generic events not directly
related to coercion resolution.

5.2 Context Types

We conducted further analyses of the impact of dif-
ferent context types on coercion sentences, with
the conditions outlined in Section 4.1. For sim-
plicity, we will consider only four models for
this analysis: NORBERT3-SMALL, one of the top-
performing models in this experiment, NORBERT?2,
which showed clear improvements compared to
the context-neutral results by Radaelli et al. (2025),
NORGPT-3B, the best performing GPT-based model,
and NORLLAMA-3B, that showed instead a perfor-
mance drop. Table 5 shows the models’ mAP and
A1 scores according to context conditions (b-d),
including the context-neutral scores from Radaelli
et al. (2025) as condition (a).

All context types led to improvements, with vary-
ing scores across conditions and LMs. Condition
(d), the pre-coercion sentence, improved perfor-
mance most, followed by condition (b), the context-
enriched subject. Post-verbal context in condition
(c) contributed the least among all conditions. A
closer look at the scores reveals performance dif-
ferences between LMs. First, NORBERT2 appears
to benefit most when we consider the percentage
increase over the mAP and Al scores under con-
texts (b) and (d), with around 69% and over 90%
improvement respectively compared to condition
(a). This gap between the scores suggests that the
model changed drastically the prediction distribu-
tion of verbs, ranking accomplishments at the top.

A more moderate performance improvement is
found for both NORBERT3-SMALL and NORGPT-
3B, which showed a similar behavior. On the one
hand, their relative change against the baseline is
small compared to NORBERT?2, with a range be-
tween 25-33% for mAP scores and 28-39% for Al
scores. In this case, the gap between the mAP and
A1 scores is minimal, meaning that the prediction
distribution was more stable.

Finally, compared to the other models under test,
NORLLAMA-3B shows the opposite trend in per-
formance. Condition (c), the one that contributed
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Model Cond. mAP Al
NORLLAMA-3B a 0.713 0.670
NORLLAMA-3B b 0.717 (0.004) 0.665 (-0.005 )
NORLLAMA-3B ¢ 0.601(-0.111) 0.547 (-0.123)
NORLLAMA-3B d 0.653 (-0.060) 0.605 (-0.065 )
NORBERT?2 a 0.444 0.338
NORBERT?2 b 0.718 (0.274) 0.650(0.312)
NORBERT?2 ¢ 0.587(0.143) 0.511(0.173)
NORBERT?2 d 0.753 (0.309) 0.708 (0.370)
NORBERT3-SMALL a 0.593 0.545
NORBERT3-SMALL b  0.747 (0.154) 0.699 (0.154)
NORBERT3-SMALL ¢  0.676 (0.083) 0.608 (0.063)
NORBERT3-SMALL d  0.776 (0.183) 0.762 (0.217)
NORGPT-3B a 0.478 0.418
NORGPT-3B b 0.625(0.148) 0.536 (0.118)
NORGPT-3B ¢ 0.592(0.115) 0.534(0.116)
NORGPT-3B d 0.639(0.161) 0.571 (0.153)

Table 5: Mean average precision (mAP) and mean top-
ranked accuracy (A1) for covert event retrieval in Nor-
wegian across context-neutral (a) and context-enriched
conditions (b-d). The results for (a) are from Radaelli
et al. (2025).

least to the improvement, here leads to the largest
decrease in performance, while a minimal positive
improvement is observed for condition (b). Its A1l
scores, however, remained unchanged under all
conditions, showing only a minimal decrease.

6 General Discussion and Conclusion

Our results indicate that contextual enrichment of
coercion sentences in Norwegian generally leads to
better prediction distributions of covert events in al-
most all tested LMs. Additional context in specific
sentence regions, such as in subject position, or
the inclusion of sentences preceding the coercion
construction, leads to most benefits in performance.

In this study, we found that performance varies
also according to LM framework: BERT-like au-
toencoders appear to benefit most from contextual
enrichment as compared to autoregressive models.
This is consistent with the conclusion of Radaelli
et al. (2025), where LMs were tested on coer-
cion sentences without context. The advantage
for autoencoders may be their bidirectional self-
attention mechanism, which may be better able
to capture semantic relations between constituents.
However, models such as MBERT, NB-BERT-BASE,
and NORBERT3-XS, for example, still showed only
marginal improvements when exposed to context.
Better performance for such models may be re-
lated to the interplay between their size and the
amount of pretraining data: the multilingual model
was one of the worst performing probably due to



its small training data in Norwegian. Conversely,
results from NORBERT3-XS, suggest that, despite
the large pretraining data, a smaller model still
has limitations. Performance increases when the
model’s size increases, as shown for the larger NOR-
BERT3 models. Other factors could also play a role.
The NORBERT family showed more robust perfor-
mance compared to NB-BERT models and MBERT,
probably because the model was trained entirely
from scratch on Norwegian and employed a cus-
tom WordPiece vocabulary. In contrast, NB-BERT
starts from the MBERT framework and is trained
on additional data in Norwegian without further
changes (Kutuzov et al., 2021). Moreover, the third
NORBERT generation, also introduces optimized
training methods by excluding the next sentence
prediction task and improving the masked language
modeling objective task, increasing the span-based
masking rather than masking single tokens (Samuel
et al., 2023).

From the analysis of LM scores, we also found
a consistent pattern linking their performance on
context-neutral sentences and their improvement
when context is introduced. Specifically, models
that previously obtained poor results appear to ben-
efit the most from context. Models like NORBERT?2,
NB-BERT-BASE, and NORBERT3-XS obtained a
significant boost in performance compared to oth-
ers. Such an improvement is however relative to
their poor performance in context-neutral sentences.
Their capacity to exploit contextual signals appears
to compensate for such limitations.

It is particularly noteworthy that the LMs that
obtained relatively high scores with context-neutral
items are those that also showed more limited im-
provement when context is provided. This claim
requires further research, but we hypothesize that
such behavior may reflect a form of ‘encoding sat-
uration’ by Transformer-based models, manifested
in a limited capacity to integrate additional seman-
tic information once a certain level of encoding
complexity in a model’s embedding-based repre-
sentations has been reached. This behavior can
also be observed when comparing models with al-
most identical architectures: NORBERT3-XS and
NORBERT3-LARGE differ only in their parame-
ter sizes, but they showed different improvement
trends. We hypothesize that contextual information
can compensate for gaps in world knowledge as
required by coercion resolution. Consequently, con-
text may not generally boost performance but rather
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benefits most the weaker models: stronger models
show little change in their performance as they may
have already reached a performance plateau, which
cannot be improved by the integration of additional
contextual information. This hypothesis is partially
confirmed by the general improvement trend in
results observed in Table 3.

Although contextual information generally led
to better performance, LMs still show difficulties in
interpreting complement coercion sentences. This
aligns with the conclusions of earlier studies, such
as Rambelli et al. (2020) and Ye et al. (2022) in
English. It has been often observed that LMs lack
a capacity for common sense reasoning based on
plausible world models. This would also apply to
natural language interpretation, in that current LMs
have limited linguistic common sense: they lack the
capacity to retrieve and exploit the kind of linguis-
tic and world knowledge that would allow them to
reliably make sense of complex, underspecified in-
puts (Lascarides and Copestake, 1998; Pifiango and
Deo, 2016; Baggio, 2018; Rambelli et al., 2024).

A closer look at our results sheds light on how
and to what extent the behavior of Transformer
models aligns with expectations based on different
theoretical accounts on complement coercion. At
first glance, the improvements seen for most mod-
els appear compatible with the pragmatic hypothe-
sis: context and world knowledge can modulate or
restrict coercion interpretations according to infor-
mation that is not necessarily available from con-
stituent meanings. However, such improvements
were only seen for those models that were shown
to be weaker in context-neutral scenarios, presum-
ably due to a limited encoding of semantics in the
learned embeddings. More semantically robust
LMs were less influenced by context, suggesting
that at least some relevant event information is en-
coded in the embeddings: this is more consistent
with the lexical and Generalized Event Knowledge
(GEK) hypotheses than with pragmatic accounts.
On the other hand, our results cannot confirm the
lexical hypothesis either, as context still has an ef-
fect in changing prediction distributions. Moreover,
if models had learned and used lexically-bound rep-
resentations such as qualia, we would not expect to
see as outputs events that belong to incorrect Ak-
tionsart, as in the example above. In addition, high
performing models like NORLLAMA were even neg-
atively influenced, suggesting a complex role of
context in this task.
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