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Abstract
Event knowledge representations in Large Language Models
(LLMs) are explored through the lens of temporal connectives.
Temporal connectives like before and after play an important
role in sentence comprehension by linking events in the sen-
tence to real-world event order. Their position in a sentence
can create different outcomes for event order interpretation and
sentence comprehension, and they have therefore been stud-
ied extensively in experimental research. Importantly, previ-
ous studies have found a human preference for chronological
ordering in sentence comprehension. The current study inves-
tigates whether LLMs can recognize event order and reflect
the human-like processing patterns of temporal connectives
across three languages: English, Norwegian and Greek. The
aim of the study is to shed light on how sentence structure and
event sequence influence LLM predictions, with implications
for both cognitive modeling and the knowledge representations
learned by LLMs. Results vary by language and show that
some models do have event representations and reflect human-
like patterns of temporal ordering. The results highlight that
language models for some languages (English) are better op-
timized for cognitive modeling than others (Greek) and un-
derscore the need for more cognitively motivated evaluation
benchmarks to assess the models being used in cognitive sci-
ence research.
Keywords: temporal connectives; event order; large language
models; cognitive modeling

Introduction
The linguistic and cognitive abilities of Large Language
Models (LLMs) are increasingly being investigated, partic-
ularly with respect to the kinds of knowledge they encode.
LLMs are powerful neural network models that learn how to
predict words (given a context), and capture the relationships
between them, through training on large amounts of textual
data. Through the data and the training process, in which it
learns how to make the best predictions, the model comes up
with the likelihood of words based on contexts. This proba-
bility distribution allows for the study of expectancy effects
in models, making them useful for cognitive modeling. Un-
like older sequential language models, this probability dis-
tribution is not solely frequency-driven since the LLMs are
able to capture more complex relationships due to their self-
attention mechanism, which allows them to weigh the im-
portance of different input words simultaneously and capture
long-range dependencies in natural language (Vaswani et al.,
2017). Given these advanced capabilities of LLMs, it is an
open question whether the models that support their ability to
produce coherent language lead to an ”understanding” of the
conceptual structures underlying language.

To answer this question, contemporary computational lin-
guistics research has focused on how well LLMs compare
to humans in linguistic processing by investigating the per-
formance of LLMs on adapted experimental tasks that have
previously been used in psycholinguistic experiments with
human participants. Prior research has illustrated how this
approach can help us examine whether LLMs and humans
might share knowledge representations (such as syntactic
structure, pragmatic inferences, etc.) that support natural lan-
guage comprehension (Futrell et al., 2019; Ettinger, 2020;
Pandia, Cong, & Ettinger, 2021; Schrimpf et al., 2021; Davis
& van Schijndel, 2021; Mahowald et al., 2024; Tuckute, Kan-
wisher, & Fedorenko, 2024).

In this work, we investigate whether LLMs have knowl-
edge of event representations, by focusing on sentences with
temporal connectives. Temporal connectives require lan-
guage users to map real-world events (that happened at dif-
ferent time points) onto syntactic structure and can therefore
serve as a test for understanding how events occurred in the
real world. The connectives before and after are an ideal
testbed for examining LLMs’ understanding of event order,
as their syntactic position in a sentence can lead to different
event order interpretations. Specifically, when the connective
after appears in sentence-initial position as in (1), the sen-
tence reflects the chronological order that the events occurred,
while when the connective after appears in mid-sentence po-
sition as in (2), the sentence reflects the reverse chronologi-
cal order. Conversely, when the connective before appears in
sentence-initial position as in (4), the sentence reflects reverse
chronological order, but when it appears mid-sentence as in
(3), events are interpreted chronologically 1.

(1) After he blew out the candles, the boy cut the cake.
CHRONOLOGICAL

(2) The boy cut the cake after he blew out the candles.
REVERSE

(3) The girl poured the syrup before she ate the pancakes.
CHRONOLOGICAL

(4) Before she ate the pancakes, the girl poured the syrup.
REVERSE

1Example sentences from Keller-Cohen (1987)
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Temporal connectives have been studied extensively in ex-
perimental research with both adults (Politzer-Ahles, Xiang,
& Almeida, 2017; Cain, Patson, & Andrews, 2005; Nieuw-
land, 2015), and children (Blything & Cain, 2016; Bly-
thing, Davies, & Cain, 2015; de Ruiter, Theakston, Brandt, &
Lieven, 2018; de Ruiter, Lieven, Brandt, & Theakston, 2020;
Feagans, 1980; French & Brown, 1977; Stevenson & Pollitt,
1987; Trosborg, 1982). This research shows that sentences
reflecting chronological order are in general easier to process
than sentences reflecting reverse order across different exper-
imental paradigms, age groups and languages.

However, other factors such as the ordering of main and
subordinate clause or the givenness of the information ex-
pressed in the complex sentence have also been shown to
affect the interpretation of sentences with temporal connec-
tives (de Ruiter et al., 2020; Makrodimitris & Schulz, 2025;
Pyykkönen & Järvikivi, 2012). Given that languages vary
greatly in terms of word order, it is an open question how
these different factors affect interpretation of sentences with
temporal connectives. The present study aims to address this
gap by looking at data from three languages with varying
word orders (English, Norwegian, and Greek), and utiliz-
ing LLMs as proxy psycholinguistic subjects (Futrell et al.,
2019), to investigate whether the models are sensitive to event
order and whether they show the chronological preference
across these languages.

Current Study
We examine temporal connectives across three languages by
conducting masked language modeling experiments. These
computational experiments are based on prior psycholinguis-
tic experiments with human participants. In addition to the
ambiguous sentences used in the previous study (Pandia et
al., 2021), we extend the type of sentences we use to un-
ambiguous sentences, and use model prediction scores as an
evaluation metric, to gain further insight into whether LLMs
are sensitive to event orders in sentences (e.g., chronologi-
cal vs. reverse) and whether they have any event knowledge
representations. Through a series of three experiments in En-
glish, Norwegian, and Greek, we aim to answer the following
questions in the current study:

1. Can LLMs detect event orders in sentences?

2. Do LLMs make predictions in ways that mirror human
cognition?

Cross-linguistic Approach
English is the most widely-studied language both in the
psycholinguistic research on temporal connectives (Politzer-
Ahles et al., 2017; Blything et al., 2015) and in compar-
isons between the linguistic abilities of LLMs versus humans
(Pandia et al., 2021; Futrell et al., 2019). We extend this line
of work cross-linguistically to incorporate two understudied
languages in computational modeling, Norwegian and Greek,
in order to distinguish between competing explanations for

event order prediction effects in language models. The tem-
poral connectives we investigate in Norwegian are før ’be-
fore’ and etter ’after’ and πριν/prin ’before’ and αφoύ/afu
’after’ in Greek.

In addition to availability of language models and data, En-
glish, Norwegian, and Greek were chosen for comparison be-
cause of word order differences. Although all three share
SVO (subject-verb-object) order, English maintains this or-
der strictly, Norwegian permits reordering under verb-second
(V2) constraints, and Greek allows considerable word order
flexibility due to extensive morphological marking. These
differences are particularly relevant for sentences involving
temporal connectives, as changes in the position of the tem-
poral connective may or may not preserve surface word order
across languages.

For example, in English, changing the position of a tempo-
ral connective does not alter the ordering of words inside the
two clauses (She drinks coffee after breakfast vs. After break-
fast she drinks coffee). In Norwegian, however, moving the
connective from the medial to the initial position causes the
verb and the subject to switch positions in the main clause (5
vs. 6 below). Greek, on the other hand, allows multiple orders
of the subject and verb while preserving the same temporal
interpretation. Thus, unlike Norwegian, placing the temporal
connective at the beginning of the sentence does not force a
specific reordering in Greek; rather, different surface orders
remain grammatical and semantically equivalent. This flex-
ibility is illustrated in (7) and (8), where the clause-internal
word order remains the same despite the change in connec-
tive position.

(5) Hun
She

drikker
drinks

kaffe
coffee

etter
after

frokost
breakfast

’She drinks coffee after breakfast’
(6) Etter

After
frokost
breakfast

drikker
drinks

hun
she

kaffe
coffee

’After breakfast she drinks coffee’
(7) Pini

Drinks
kafe
coffee

to
the

koritsi
girl,

afu
after

fai
she-eats

proino.
breakfast.

’She drinks coffee after breakfast’
(8) Afu

After
fai
she-eats

proino,
breakfast,

to
the

koritsi
girl

pini
drinks

kafe.
coffee.

‘After breakfast the girl drinks coffee.’

By testing LLMs across languages with distinct word order
constraints, we can assess whether observed preference pat-
terns are attributable to structural properties of sentences or
to more abstract representations of event order. If models ex-
hibit a consistent preference for chronological ordering across
all three languages, this would suggest that the effect cannot
be reduced to language-specific word order patterns and in-
stead reflects learned representations of temporal coherence.
Conversely, if the effect is restricted for instance to English,
where word order remains constant across connective posi-
tions, this would support the interpretation that models rely
primarily on surface co-occurrence patterns rather than event
representations.
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Models & Experimental Design

Across the three languages, we used BERT (Bidirectional
Encoder Representations from Transformers) models, which
are Transformer-based language models that learn deep bidi-
rectional representations by pretraining on masked language
modeling and next sentence prediction tasks. Unlike decoder
models, which generate predictions based only on preceding
contexts, encoder models such as BERT have access to both
preceding and following contexts, enabling predictions to be
informed by the relation between the two events in each sen-
tence, and aligning our design with cloze-style tasks in psy-
cholinguistics.

We used the English model BERTBASE (Devlin,
Chang, Lee, & Toutanova, 2019), the Norwegian model
NorBERTBASE (Samuel et al., 2023), and the Greek model
GREEK-BERTBASE (Koutsikakis, Chalkidis, Malakasiotis,
& Androutsopoulos, 2020). While multiple BERT-style
models are available for English, we chose BERTBASE,
which is relatively small, in order to be comparable to the
size of NorBERTBASE and GREEK-BERTBASE, and as such
ensured our experiments were comparable across languages.

LLMs can be used to conduct masked modeling exper-
iments because they are trained to predict a masked word
given the rest of the words in the sentences. Masked lan-
guage modeling experiments, which we use to infer temporal
connective preferences in the current study, is setup in a
similar way: the trained model is provided with a sentence
where one word is hidden (with [MASK]) and the tokens that
the model would predict for the masked word, along with the
prediction score, are extracted. To make a prediction about
the hidden masked word, the model uses the context that
surrounds the hidden word, including lexical, sequential and
grammatical cues. The predicted tokens and their prediction
scores can thus be used to understand which words the model
finds the most likely in a given sentence. For example,
given the masked sentence: The boy cut the cake [MASK]
he blew out the candles., the LLM could make the following
predictions:
{’score’: 0.7, ’sequence’: The boy cut the cake after he blew
out the candles.}
{’score’: 0.2, ’sequence’: The boy cut the cake and he blew
out the candles.}
{’score’: 0.1, ’sequence’: The boy cut the cake before he
blew out the candles.}

Model preferences of event order were determined through
prediction scores, as illustrated above. For each sentence,
there is a [MASK] in the position where the connective would
be, and we considered the prediction scores that the model as-
signed to each of before and after (or their translation equiv-
alents) in the masked position. To do so, we extracted the
top 50 tokens that the model predicts for the masked word,
and then looked at the score for each of the two connectives.
The connective that received the highest prediction score out
of the two temporal connectives under consideration, was the

connective that we considered to be the model’s preference
for the sentence. Since we know temporal connectives can ap-
pear in different positions in the sentence, we have two condi-
tions: sentence-initial and sentence-medial. In the sentence-
initial condition, the hidden, masked word is at the beginning
of the sentence. In the sentence-medial condition, the hidden,
masked word is in the middle of the sentence.

Experiment 1: Chronological vs. reverse in
ambiguous sentences

Objective
The aim of this experiment was to see which of the two tem-
poral connectives the model preferred when given sentences
with ambiguous order of events (i.e., two events without a
logical temporal relationship between them). The choice of
temporal connective would reflect the model’s preference in
terms of chronological vs. reverse order.

Data
We tested 155 ambiguous sentences from prior experimen-
tal stimuli (Politzer-Ahles et al., 2017). Each sentence in our
data has a version where the masked word is placed sentence-
initially as well as sentence-medially, and the masked word
(the connective) can occur in either of these positions. The
same sentences were used across the three languages. The
Norwegian sentences were first translated from English into
Norwegian by one of the authors, a native speaker, and then
later verified by two additional Norwegian linguistic consul-
tants. The Greek sentences were first translated from English
to Greek through the Google Translate API, and then later
reviewed and verified by native Greek speakers through Pro-
lific (Prolific, 2025). An example of an ambiguous sentence
is shown in Table 1.

Condition Example item

Sentence-
Initial

[MASK] the diver reached the wreck, the
fishing boat cast its nets.

Sentence-
Medial

The fishing boat cast its nets [MASK] the
diver reached the wreck.

Table 1: Ambiguous example sentence used for masked mod-
eling experiments in sentence-initial and sentence-medial
conditions.

Predictions
Following the chronological ordering preference observed
cross-linguistically, we expected after to be preferred by the
model in sentence-initial condition and before to be preferred
by the model in sentence-medial condition. Specifically, if
the prediction score for before was higher in the sentence-
medial condition and for after, it was higher in the sentence-
initial condition, this would illustrate the chronological pref-
erence of the LLMs and mirror human-like patterns. If it was
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the other way around, it would indicate that the LLMs pre-
ferred the reverse order.

Results

Figure 1: Model preferences for ambiguous sentences.

Overall, we corroborated the earlier pattern found for En-
glish where the chronological preference was only observed
in the sentence-initial condition. The Norwegian results pat-
terned similarly to English but for Greek, we found a prefer-
ence for the reverse order.
English: Results in the sentence-initial condition (Fig. 1)
shows that, in the initial condition, there was a clear prefer-
ence for the connective that produced the chronological order
of events (after), but in the medial position of the masked
word there was no clear preference for the chronological
event order over the reverse event order, which is consistent
with earlier findings (Pandia et al., 2021).
Norwegian: There was a clear chronological preference pat-
tern only in one of the two positions for the Norwegian model.
Interestingly, however, the pattern was exactly the opposite of
the English experiment, as seen in the Norwegian sentence-
medial condition (Fig. 1). While the English model had a
clear preference for the chronological connective only in the
initial condition, the Norwegian model had this preference
only in the medial condition, with 85% of the sentences hav-
ing the chronological connective (før ’before’) as the most
likely of the two connectives. On the other hand, in the initial
condition, the model chose the chronological connective only
53% of the time, and thus the pattern did not show up in that
position.
Greek: We did not see the same clear pattern of chronolog-
ical order preference, when looking at the preferences of the
Greek model with the ambiguous sentences, as seen in Fig-
ure 1. In the first two models, there was a clear chronological
preference in only one of the two positions, and in the sec-
ond position, the predictions were almost equal between the
chronological and reverse order. However, with the Greek

model, we see that the model prefers the chronological con-
nective in the medial condition, but in the initial condition
there is a preference for the reverse condition. As evidenced
by the similar proportion of sentences that the model pre-
dicted prin ’before’ for in both conditions, it looks like the
model generally prefers to predict prin ’before’, rather than a
specific ordering of events.

Experiment 2: Chronological vs. reverse in
unambiguous sentences

Objective
The aim of this experiment was to see which of the two
temporal connectives the model preferred when given sen-
tences with unambiguous order of events (i.e., two events
that do have a logical temporal relationship between them).
The choice of temporal connective would reflect the model’s
preference in terms of chronological vs. reverse order. Ear-
lier studies with LLMs only looked at ambiguous sentences
(Pandia et al., 2021), and that could be one of the factors ex-
plaining why a clear chronological preference was not ob-
served across the sentence-initial and sentence-medial condi-
tions.

Data
We tested 64 unambiguous sentences; 32 sentences are exper-
imental stimuli from two prior psycholinguistic studies, Cain
and Nash (2011) and Keller-Cohen (1987), and we created 32
sentences on our own to supplement these sentences. Simi-
lar to Experiment 1, each sentence in our data has a version
where the masked word is placed sentence-initially as well as
sentence-medially, and the masked word (the connective) can
occur in either of these positions. The same sentences were
used across the three languages and we followed the same
methods, as described in an earlier section, to translate from
English to Norwegian and Greek and verify the translations.
Example unambiguous sentences are shown in Table 2.

Conditions Target Example item

Sentence-
Initial

before [MASK] he went to sleep, Jack
watched TV.

Sentence-
Medial

after They got on the bus [MASK] it ar-
rived.

Table 2: Unambiguous example sentences used for masked
modeling experiments in sentence-initial and sentence-
medial conditions.

Predictions
Following the chronological ordering preference observed
cross-linguistically, we expect after to be preferred by the
model in sentence-initial positions and before to be preferred
by the model in sentence-medial positions. We introduced
unambiguous sentences in Experiment 2 because we wanted
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Figure 2: Model preferences for unambiguous sentences.

to examine when there is a clear temporal relationship present
between the events in the sentence, if the model would have
a stronger preference in both conditions. As we introduced
sentences with an unambiguous, logical temporal relationship
between events, we expected results to be different than in the
first experiment. Specifically, we predicted that, for all lan-
guages, we would see a more clear preference for the chrono-
logical ordering (preference for before in sentence-medial; af-
ter in sentence-initial), which would indicate that the models’
are sensitive to event ordering and thus, this would provide
evidence that they have event knowledge representations.

Results
Overall, we did see a human-like processing pattern of
chronological event order preference when unambiguous sen-
tences were introduced in Experiment 2.
English: Fig. 2 shows that the English model predicted the
connective that produced a chronological order of events both
in the initial position and in the medial position with the un-
ambiguous sentences, in contrast the results from Experiment
1 with the ambiguous sentences where the pattern was only
present for the initial position.
Norwegian: The model preferred the connective that would
produce the chronological order in both positions, with over
70% sentences having the chronological connective as the
connective with the highest prediction score. This pattern dif-
fers from the results from Experiment 1, where the pattern of
preferring the chronological connective was only found in the
medial position, thus demonstrating that using unambiguous
sentences also seems to affect predictions in the Norwegian
model.
Greek: The model did not produce the same pattern of re-
sults as the first two languages. The results show a preference
for reverse order (prin ’before’) in the sentence-initial posi-
tion and chronological order (prin ’before’) in the sentence-
medial position. Therefore, similarly to the results from the

first experiment, there was a clear preference in the Greek
model for the prin ’before’ connective in Experiment 2 and
not a clear preference between chronological vs. reverse
event order.

Experiment 3: Model accuracy for temporal
connective prediction

Objective
While the first two experiments were designed to exam-
ine whether the models would reflect a human-like cross-
linguistic preference for chronological ordering, this exper-
iment examines whether the model can predict the correct
temporal connective, regardless of chronological vs. reverse
order.

Data
We tested the same unambiguous sentences from Experiment
2. Only unambiguous sentences were used because there is
only one of the two connectives that would be reasonable
to humans in these sentences, and we measured whether the
model accurately predicted this target connective. Following
Experiment 1 & 2, we tested sentences from all three lan-
guages.

Predictions
In this experiment, we wanted to examine whether the model
could accurately predict the logical order of events in a sen-
tence, using event representations that define the natural tem-
poral relationship between events in the real world. There
are cases where the reverse order is logically more accurate
(e.g., in The flight took off [MASK] they boarded., the connec-
tive after, which reflects the reverse order, is accurate). So,
we predict that in these unambiguous sentences the model
would show an accurate ordering of events and choose the
connective that would produce logical ordering, regardless of
sentence-initial vs. sentence-medial conditions. This would
provide evidence for event knowledge representations in the
models as the results would illustrate they are sensitive to log-
ical ordering of events.

While accuracy around 0.5 is interpreted as chance, in the
reverse event order sentences, any non-zero accuracy would
reflect that the model is sensitive to event-order and it is not
simply generalizing and predicting the connective that is con-
sistent with the chronological event order (i.e, before in the
sentence-medial condition and after in the sentence-initial
condition).

Results
Overall, for both the sentence-initial and sentence-final con-
ditions, we observed that the model predicted the accurate
connective for English and Norwegian. In addition, when
the correct connective was the connective that produced the
chronological order, the accuracy was boosted across all lan-
guages, except for the sentence-initial condition in Greek.
English: For both the sentence-initial and sentence-medial
condition, the accuracy is at 97% when the model predicts
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Figure 3: Model accuracy for unambiguous sentences.

the connective that is consistent with the chronological order.
For the reverse order, it is at 53% and 66% in the sentence-
initial and sentence-medial condition, as seen in Fig. 3.
Norwegian: Similar to English, accuracy is high for the
chronological order and lower for the reverse order for both
the sentence-initial and sentence-medial conditions.
Greek: The model seems to be unable to predict the connec-
tive afu ’after’, even when it is the connective consistent with
the choronological order in the sentence-initial condition and
with the reverse order in the sentence-medial condition. The
same preference for prin ’before’ is observed here.

Conclusion
In line with recent studies of LLMs and cognitive modeling,
the present study examined whether language models align
with patterns of human language behavior. We used temporal
connectives as a case study to understand models’ represen-
tations of event order across languages. The results show that
models can detect event orders and they do mirror the human-
like preference for chronological ordering. This suggests that
the models do have some event knowledge representations,
especially when sentences have events with a clear, logical
temporal relationship between them.

However, this result varied by language. The current study
found that the chronological order preference pattern that has
been shown with human subjects is reflected in LLMs across
English and Norwegian models, but not in the Greek model.
In addition, the LLM’s accuracy was high for predicting the
correct temporal connective in English, but slightly lower for
Norwegian and considerably lower for Greek. Collectively,
this study validates the robust utility of LLMs in cognitive
modeling, providing evidence that they can develop event
knowledge representations and reflect human-like patterns of
temporal ordering, mirroring the complex processes observed
in human sentence comprehension.

Discussion

A main take-away from the differences between the models
in these experiments is that the training data used in models
has a considerable impact on the model predictions. Post-hoc
analyses revealed that tokens that were of interest (i.e., prin
’before’ and afu ’after’) were not highly frequent in the Greek
training data, and this could have produced results consider-
ably different in the Greek model than the other two models.
This finding is meaningful for the current investigation be-
cause the experiments suggest that we need to carefully con-
sider how we are using LLMs in cognitive science experi-
ments. Although some models work well and align with hu-
man psycholinguistic experiments, as seen with the English
and Norwegian models, the Greek model evidently is not as
useful for modeling temporal connective processing. 2

In addition, cross-linguistic differences in the semantics of
the connectives may have also affected the results. For in-
stance, the Greek temporal connective afu ’after’ can be used
both as a temporal and causal connective, and this ambiguity
could have been a challenge for the model. Interestingly, this
ambiguity has been noted as a particular learning challenge
in the acquisition of Greek, leading to later acquisition of
afu ’after’ compared to prin ’before’ (Tsakali & Vamvouka,
2021). By contrast, the connective prin ’before’ can ap-
pear both as a temporal connective and adverb, which might
make its context easier to learn for an LLM (Makrodimitris
& Schulz, 2025).

LLMs often have benchmarks, which are a set of standard-
ized tests to indicate how well the model does on certain tasks
(GLUE for natural language processing (Wang et al., 2018),
SAP for syntactic processing (Huang et al., 2024)). Tasks like
temporal connective preferences could lead to more cognitive
modeling-motivated benchmarks, which can help us assess
whether a particular LLM is suitable for a psycholinguistic
research investigation.

As LLMs are trained on large amounts of data, the results
could be interpreted as the result of co-occurrence patterns
and word frequencies in the training data. However, we rule
out frequency-effects as a main explanation for the results
through several measures of word-frequency in the data. Fre-
quencies of the two connectives in each language were inves-
tigated to rule out single-word frequency effects in the model
predictions. A statistical n-gram language model trained on
part of the English BERT model’s training data was also used
to check the likelihood of each connective in the masked po-
sition in the sentences from our dataset. None of these mea-
sures yielded results that aligned with the predictions of the
three models in our experiments, and the experimental results
can therefore not be attributed to frequency-related effects.

2The current work would also benefit from verification with hu-
man participants on the same experiments, especially the Greek sen-
tences which did not produce the same results as the English and
Norwegian sentences, and this is left for future work.
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