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Abstract: We examine the learnability of grammatical aspect in Polish through the
application of an error-correction learning algorithm to corpus data. We explore
whether mastery of aspectual usage can be attained solely through exposure to
co-occurrence patterns, or if an understanding of the abstract semantic distinctions
discussed in the aspectual literature are a prerequisite. To validate the model, we
compare the corpus-based findings with data on aspectual usage from a survey of
Polish L1 users. Our findings show that aspectual preferences are best accounted for
by a model that relies on co-occurrence information to predict a particular lemma,
without reference to aspectual information. The models incorporating aspectual
information, either by predicting aspect from co-occurrence information or from
abstract semantic labels, performed adequately but were only able to capture usage
preferences relating to one of the two aspects. This study contributes insights into the
role of usage in the acquisition of linguistic categories and underscores the impor-
tance of integrating diverse evidence sources and methodologies for the develop-
ment and validation of linguistic theories.

Keywords: Slavonic aspect; abstraction; error-correction learning; computational
simulation; usage; behavioural profiling

1 Introduction

Traditionally, aspect is considered a grammatical category that renders how a state,
event, or action expressed by a verb extends over time. In many Slavonic languages,

Dagmar Divjak and Petar Milin share first authorship on this paper.

*Corresponding author: Dagmar Divjak, Department of Linguistics & Communication and the
Department of Modern Languages, University of Birmingham, Edgbaston, Ashley Building, B15 2TT,
Birmingham, UK, E-mail: d.divjak@bham.ac.uk. https://orcid.org/0000-0001-6825-8508
PetarMilin andMaciej Borowski,Department of Modern Languages, University of Birmingham, Ashley
Building, B15 2TT, Birmingham, UK. https://orcid.org/0000-0001-9708-7031 (P. Milin)

Corpus Linguistics and Ling. Theory 2025; aop

Open Access. © 2025 the author(s), published by De Gruyter. This work is licensed under the
Creative Commons Attribution 4.0 International License.

https://doi.org/10.1515/cllt-2023-0117
mailto:d.divjak@bham.ac.uk
https://orcid.org/0000-0001-6825-8508
https://orcid.org/0000-0001-9708-7031


the aspectual system comprises two variants – perfective and imperfective. Over the
past decades, a variety of concepts has been proposed to capture the temporal
semantics of imperfective and perfective, challenging both the linguists who try to
describe aspectual usage and the second language learners who try to master it.

Grounding our research in usage-based linguistic theory, we explore the
interrelated questions of whether abstractions such as imperfective and perfective,
and the many semantic concepts that have been proposed to explain their usage,
are prerequisites for proficient use and, hence, whether it is reasonable to assume
that these linguistic concepts arise naturally from the data, meaning they are
learnable from exposure (Divjak 2015). Staying true to the cognitive commitment
(Lakoff 1990, 1991), we rely on a computational model of learning based on the
Rescorla–Wagner model (Rescorla and Wagner 1972; Wagner and Rescorla 1972)
known as the Naive Discriminative Learner (Baayen 2011; Milin et al. 2017a, 2017b) to
determinewhether the use of aspect can be explained byword-level contingencies in
usage or whether abstractions over these contingencies are indispensable. Finally,
we validate our findings by testing both our models and a sample of L1 Polish users
on the same selection of items.

1.1 The traditional dimensions of aspect

To honour the tradition, we must start with the caveat that what follows is by
no means a comprehensive account of the vast literature on aspect (see Sasse 2002
for a more comprehensive overview). As Łaziński (2020: 309) put it: there is an
‘abundance and variety of existing theories of aspect, which have produced a
multitude of often inconsistent approaches and terms’. Because our central concern
is with the driving force behind aspectual usage and the necessity and learnability of
abstractions over that usage, we will limit ourselves to outlining the two main
approaches – grammatical and lexical – very briefly below.

The prototypical Slavonic verbal paradigm distinguishes, across two aspects, at
least three tenses (past, present, future), three moods (indicative, imperative,
conditional), two voices (active and passive) and two numbers (singular and plural)
with three persons each (first, second and third); aspect is additionally marked on
non-finite forms such as the infinitive, participle and gerund. Inflectionally, there are
notable aspectual gaps that apply without exception: perfective verbs lack a present
tense and have a simple future tense while imperfective verbs have a present tense
but require an auxiliary to express the future. Similarly, only imperfectives have
active present participles and present gerunds, while passive past participles and
past gerunds are exclusive to perfectives. Different from most languages, Slavonic
languages do not use consistent inflectional aspectual markers: Slavonic aspectual
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morphology is highly irregular, and clear inflectional categories cannot easily be
distinguished. Imperfective and perfective variants relate to each other in one of
three ways: through prefixation, infixation or stem changes and suppletion.

Firmly embedded since Jakobson (1932 [1984]), the grammatical approach
assumes a binary division into perfective and imperfective. In a subset of languages,
such as Polish, the perfective and imperfective are morphologically marked on
nearly every verb form (Bańko 2002; Grzegorczykowa et al. 1999; Wróbel 2001);
Łaziński (2020: 310) estimates this to be the case for 90 % of all Polish verbs, the only
exceptions being simplex (im)perfectives and biaspectuals. Because, in some cases,
either aspect is possible and the choice for one over the other is said to express the
perspective that users take on the event, grammatical aspect is also known as
‘viewpoint aspect’. Interestingly, while 90 % of verbs exist in both perfective and
imperfective, only about 10 % were found to be used equally frequently in both
aspects a large-scale corpus analysis (Divjak et al. 2024).

Much work on grammatical aspect has been dedicated to establishing the
invariant meaning of one or both of the aspectual classes (see Janda 2004 for an
assessment). While intuitively there appears to be ameaning difference between the
imperfective and perfective form of a verb, pinning down the invariant meaning of
each aspect has proved challenging, not in the least because the invariantmeaning is
supposed to be a ‘one size fits all’ label for a phenomenon that has many dimensions.
It is, therefore, not surprising that different accounts have been put forward.

One central concept is that of completion (the Polish terms for imperfective and
perfective verb are czasownik niedokonany or 'incompleted verb' and czasownik
dokonany or 'completed verb'). Even though sentences (1) and (2) describe a book-
reading situation that happened in the past, (2) informs us that the reading of the
book was completed, while (1) presents the situation as ongoing at some point in
the past.

(1) Wczoraj czytałem książkę.
Yesterday read.1SG.PAST.IMPF book
I was reading a book yesterday.

(2) Wczoraj przeczytałem książkę.
Yesterday read.1SG.PAST.PF book
I read a book yesterday.

The difference between the perfective and imperfective can also be explained with
reference to totality. Comrie (1976: 16) proposes that the perfective presents the
situation ‘as a whole’ while ‘the imperfective pays essential attention to the internal
structure of the situation’. Likewise, Forsyth (1970: 8) sees totality as ‘the action as a
total event summed up with reference to a single specific juncture’. In other words,
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and glossing over many intricate differences between these two accounts, (2) pre-
sents reading as a singular situation, without concern for the individual steps in the
process while in (1) it is precisely the process of reading itself that is in focus.

Others have appealed to the notion of boundedness (e.g. Smith 1986). The basic
aspectual distinction would be one between unbounded and bounded situations:
situationsmay be conceived of as including their starting points or endpoints or both,
or may be conceived of as persistent situations with no boundaries implied. For our
examples, this would mean that (2) includes both the beginning and the end (or the
initial and final boundary) of the action, whereas (1) does not include these
boundaries.

Klein (1995) offers a rather different account of aspect and present a time-
relational analysis. Klein argues that aspects are temporal relations between the time
when a situation is in effect and the time about which something is said in the
utterance describing the situation. It does not rely on metaphorical concepts but
operates with notions that are needed outside the study of aspect too, i.e. time in-
tervals, temporal relations between these intervals and the notion of assertion.
Simply put, the imperfective is usedwhen the assertion time overlaps with the action
it describes, i.e. the source state, leaving the target state out of consideration. The
perfective is used when assertion time encompasses the entire lexical content,
i.e. includes the target state. However, the choice for one aspect over another seems
to bemuchmore limited than expected on this account, as Divjak et al. (2024) showed:
knowing which lexical time is used to report on a situation and knowing when the
situation happened with respect to the moment of speaking predicts aspectual use
correctly in more than 92 % of all cases in the imperfective and in 86% of all cases in
the perfective.

In addition to the grammatical and lexical approaches, some accounts centre on
the discourse functions that aspect fulfils (Hopper 1982; Thelin 1990); these
approaches consider the function of aspect to be primarily one of discourse
organisation, and only secondarily as a property of individual propositions. In
functional discourse approaches, aspect is usually analysed in terms of the notions
of ‘foreground’ and ‘background’. Foregrounded properties are typically attributed
to or equated with the story line of a narrative discourse, which depicts events
in a sequence. The scenery, in which the story line is embedded, constitutes
the background. Furthermore, in the successive predications that constitute part
of a cohesive text, situations may not only be presented in a sequence, as typical for
the story line, but also as simultaneous or as intersecting each other, known as
incidence.

As we can see, apart from Klein’s account, these concepts are rather abstract if
not metaphorical and at the same time, they appear related to each other, if not
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synonymous (Janda 2004). Crucially, it must be borne in mind that the concepts that
have been proposed are merely ‘points of orientation’ that can be fully instantiated,
further supplemented or suspended in specific instances of usage (Łaziński 2020:
120). While Russian has a prolific tradition of describing ‘specific’ aspectual mean-
ings, such as ‘general factual’ for the imperfective (where emphasis is shifted away
from the result, making an imperfective possible), this approach has remained
marginal for Polish (Łaziński 2020: 121), and Dickey (2000) reminds us that accounts
developed for one Slavonic language should not be unquestioningly transposed to
another.

What has generated much research in Polish aspectology is the observation that
grammatical aspectual distinctions do not affect all verbs in the same way. These
lexical peculiarities seem to be naturally accommodated by classifications of situa-
tion types, a.k.a. lexical approaches to aspect, for which the meanings of the verbs
themselves are the point of departure. However, the exact number of categories that
can – and should – be distinguished differs between authors. One of the foundational
views is concerned only with the notion of an endpoint, and much like the gram-
matical approach, distinguishes only two classes: telic and atelic verbs (Garey 1957).
However, Vendler (1957), whose classification of events is probably most influential
in the studies of lexical aspect, proposed four classes – states, activities, achieve-
ments and accomplishments –, based not only on the notion of endpoint but also on
theway inwhich this endpoint is achieved. Events that lack an endpoint can be static
(states) or dynamic (activities), while events that do have an endpoint can reach that
endpoint instantly (achievements) or gradually (accomplishments). Focusing on the
dynamicity, telicity and duration of events, Comrie (1976) and later Smith (1997) also
distinguish semelfactives, i.e. events that do not have endpoints, are dynamic and
punctual, i.e. occur instantly.

The lexical approach has also been used to classify events in Polish where it has
been found to crosscut the aspectual categories of the grammatical approach. The
leading approach, described in Laskowski (1999), distinguishes two main clas-
ses – states and dynamic actions, further divided into eight categories based on the
combination of four semantic features: dynamicity, change of state, telicity and
control (of the subject). Laskowski also shows that only verbs belonging to the two
groups that capture telic verbs, that is actions (which have all of the described
features) and processes (which are not controlled), can be said to participate in the
coveted ‘neutral’ aspectual opposition (where the semantic difference between
imperfective and perfective forms is restricted to the meaning difference triggered
by the aspectual difference) that is key to grammatical approaches. In other cases
aspectual pairs can be formed, but the meaning changes between the aspects.
Such lexical-aspectual relations, unlike aspectual relations of telic verbs, are not
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regular and depend on the semantics of the verbs. This observation represents the
long-established insight that Slavonic-style aspect cannot be fully understood
without a clear understanding of grammatical and lexical aspect, and how these two
dimensions interact.

Despite the difficulties in pinning down aspectual meaning, in Slavonic, there
are compelling morphological and distributional reasons for distinguishing a binary
category. Recall that Polish verbs necessarily express grammatical aspect and there
are clear restrictions on use. At the same time, it is well-known that the concepts that
have been proposed are merely ‘points of orientation’. Hence, the questions of
learnability and cognitive plausibility of grammatical aspect categories are partic-
ularly important for Slavonic linguistics. Next, we will review behavioural studies
exploring whether grammatical categories are cognitively plausible (Section 1.3) and
whether there is enough structure in the usage of perfective and imperfective for
users to learn the categories from input alone (Section 1.4).

1.2 Grammatical aspect and behavioural studies

Existing experimental evidence for English suggests that perfective and imperfective
affect conceptualisation of events differently. Madden and Zwaan (2003) showed that
participants who read English sentences in the past simple tense chose pictures
showing a complete event more often and faster. Morrow (1985) showed that people
were more likely to place a character along a path rather than at a goal when they
heard a progressive description of a situation. Similarly, Anderson et al. (2008) re-
ported that, having heard progressive sentences, participants were more likely to
place the human character at the centre or the beginning of the path. Having heard
past simple sentences, however, theyweremore likely to place the character towards
the end of the path.

Other studies have shown that grammatical aspect influences what mental
models users form of the events and have demonstrated that these mental models
affect the accessibility of other components of the event. For example, Ferretti et al.
(2007) demonstrated for English that participants were faster to read the names of
locations (e.g. ‘arena’) when they were related to the progressive rather than the
simple past verb phrase primes they saw before the name (e.g. ‘was skiing’). The
results suggest that other elements of the event, such as locations, aremore activated
when the situation is presented as ongoing and described using an imperfective
aspect. Other studies have found similar activation effects for participants and in-
struments (Carreiras et al. 1997; Madden and Zwaan 2003; Magliano and Schleich
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2000) and Golshaie and Incera (2020) reported, for Persian, that participants were
more likely to erroneously indicate that an instrument was mentioned in the sen-
tence if the sentence contained an imperfective verb.

Unfortunately, despite the vast amount of descriptive literature on Slavonic
aspect, the study of how the highly grammaticalised version of aspect that typifies the
Slavonic languages is processed and represented mentally is in its infancy (Sekerina
2006, 2017). Exceptions here are studies using self-paced reading on Polish data
(Klimek-Jankowska et al. 2018), eye-tracking on Russian (Bott and Gattnar 2015;
Klimek-Jankowska et al. 2018) and EEG on Polish (Błaszczak and Klimek-Jankowska
2016; Błaszczak et al. 2014; Klimek-Jankowska and Błaszczak 2020). Yet the findings of
these studies have remained equivocal. For example, Klimek-Jankowska and
Błaszczak’s (2020) findings support the view that the domain of aspectual interpre-
tation in Polish is the verb phrase, not just the verb; that the verb phrasewould play a
role is expected on a lexical aspectual approach. Yet, earlier, Bott and Gattnar (2015),
using eye-tracking, had reached the opposite conclusion for Russian where the
domain of aspectual interpretation appears to be just the verb.

Taken together these studies suggest that grammatical aspect is not merely a
descriptive category proposed by linguists but also corresponds to a cognitively
plausible distinction made by L1 users. However, the studies discussed above are
mainly concerned with differences in conceptualisation and comprehension, not
with learnability. That is, they already assume categories of aspect, without asking
how these categories come to be. In this study, we approach the problem differently,
assuming a usage-based learning position (Divjak et al. 2021). Therefore, we first ask
what categories would be learned based on usage, and only then validate ourmodels
experimentally. The next section briefly outlines usage-based theory and discusses
usage patterns of aspect.

1.3 Usage-based linguistics and aspect

Usage-based linguistic theory posits that language knowledge emerges from domain-
general cognitive mechanisms (such as abstraction, categorisation and imagination)
working on input. This allows a (language) system to be built from experience. This
system is sensitive to the properties of experience, and hence probabilistic in nature.
The distributional properties of input are exploited in the process of language
development (e.g. Saffran et al. 1996) and the frequencies with which elements co-
occur have been shown to influence learning, comprehension and production (for a
review see Divjak 2019). To put it simply, things that go together are perceived to be
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belonging together and users start to expect and use one whenever they see
the other.

Patterns, biases and preferences can also be found in aspectual usage. In Section
1.2, we discussed one example of a distributional constraint – the fact that in Polish
perfective verbs cannot be used in the future using a compound tense. However,
research shows that there is more to the distributional story. First of all, a number of
studies show statistical biases of aspectual use with certain elements of context. As
many descriptive grammarians have noted, aspectual choice is aided by the use of
temporal adverbials. Koranova and Bermel (2008) used the Czech National corpus to
investigate the aspectual preference of tense-aspect indicators such as conjunctions,
adverbs and temporal adverbial phrases. They showed that a number of these in-
dicators reveal an aspectual preference and may serve as indicators of the choice
reliably enough to be used as ‘helpers’ in teaching aspect to L2 learners. Similarly,
Reynolds (2016) showed that temporal adverbial phrases tend to be reliable pre-
dictors of aspectual choice in Russian. He notes, however, that despite their reli-
ability, those cues tend to appear very infrequently – a finding that Koranova and
Bermel could not arrive at, since they only considered how often each marker
appears with a given aspect, but not how often aspects appear without any tense-
aspect indicator. The availability of adverbial cues is indeed very low, and Reynolds
(2016) estimates it to occur in only 2 % of all sentences. Nonetheless, it is assumed that
these elements can be used by learners in the process of acquiring the perfective and
imperfective distinction: learners might pick up on the fact that some verbs are used
with one type of adverbial, but not the other, and therefore form one group. Divjak
et al. (2024) provide a learning-based justification for the low incidence of these
adverbial cues, showing that they only occur in conjunction with verbs that occur
approximately equally frequently in both aspects and hence do not have an aspectual
preference themselves.

However, a perfect correlation is not necessary to form strong associations
between elements in the environment. Clear biases in usage – reliable but not
perfect – can also facilitate the process of categorisation, including categorising
forms as perfective or imperfective. Corpus studies on aspect show several strong
tendencies in aspectual use. Rice and Newman (2004) showed that in English, certain
prepositions, such as around, over and about, showaspectual preference: they tend to
appear with either progressive or stative forms. Jurkiewicz-Rohrbacher (2019), who
conducted a corpus analysis of Polish aspect and its Finnish correlates, showed that
the type of reflexive pronoun, the semantic role of the subject and object and even the
person and number of the subject may matter for aspectual choice in Polish, as the
statistical analyses show biases towards one or the other aspect. The fact that these
statistical biases exist means that there is potentially enough information for
learners to acquire categories of grammatical aspect. Learning what in the context
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serves as a good cue and what verb it predicts might help them notice which verbs
share similar cues and, therefore, facilitate the formulation of more general cate-
gories, such as grammatical aspect.

1.4 Learning from usage and the Naive Discriminative Learner

The idea that co-occurrences and their frequencies play a key role in L1 language
learning is not new. Decades of research have proposed and tested various
frequency-basedmeasures (for a review see Pecina 2010; Divjak 2019) that would link
frequency distributions to usage preferences. However, the goal of cognitively ori-
ented research should not merely be to identify a high-performing modelling
method, but to develop one that mirrors the processes of a typical language user. In
other words, modelling algorithms should be grounded in what is known about
cognition, and here we more specifically pursue their grounding in the biology and
psychology of learning (Divjak and Milin 2023).

To model what could be learned from exposure to language, and devise a
cognitively realistic way to link the frequency distributions that L1 users are exposed
to with their usage preferences, we employ the well-known Rescorla–Wagner model
(Rescorla and Wagner 1972; see also Widrow and Hoff 1960), as implemented in the
computationalmodelling framework known asNaive Discriminative Learning (NDL:
Baayen et al. 2011;Milin et al. 2017a, 2017b; for an overview seeDivjak andMilin 2023).
We begin with a brief presentation of the Rescorla–Wagner (RW)model, focusing on
its relation to the domain-general learning mechanisms postulated in usage-based
approaches; technical details are provided in the Methods section.

In essence, the RW model learns gradually through iterations of newly
encountered information about relationships between events in the environment
(Rescorla 1988). These events, referred to as cues and outcomes, may exhibit more or
less systematic co-occurrences, which are encoded as continuously evolving cue-
outcome association weights. If, at the first learning event, a cue A appears with an
outcome X, the weight between them will increase. But if the next time the cue A is
encountered with another outcome Y, this learning event will have two important
consequences:first, the associationweight betweenAand Ywill increase; at the same
time, the weight between A and X will decrease. These adjustments capture the
relationships exhibited by cue A with the two outcomes. Naturalistic learning often
involves many cues and outcomes, representing multiple co-occurring events in the
environment.

There are three additional characteristics of learning according to the RW rule.
First, the outcomes are treated as strictly independent, which is what is ‘naïve’ about
NDL. Second, the cues compete to become associatively relevant, making the process
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‘discriminative’. Third, as the number of cues increases, positive adjustments
become smaller while negative adjustments grow larger. This dynamic is likely why
this type of learning mechanism is referred to as ‘error-correction’. Nevertheless,
individual adjustments are typically rather small which in a way pays respect to
previously accrued experience, known as the principle of minimal disturbance in
machine learning (Haykin 1999). Over time, associations become more stable and
reliable and the learner becomes an experienced and fluent operator in a given
environment, able to use knowledge about what can or cannot happen if a given cue
is present.

There is plenty of evidence that this deceptively simple learning mechanism
accurately models animal and human behaviour, from learning to associate a
tone with shock (Rescorla 1988) to category learning (e.g. Gluck and Bower 1988;
Wasserman et al. 2015). More importantly, it has also been successfully applied to
conceptualise language learning (Ellis 2006) as well as to model it computationally
(Baayen et al. 2011; Divjak et al. 2021; Milin et al. 2017a, 2017b, 2023). As noted above,
usage-based linguistics presumes that language is learned from experience, relying
on domain-generalmechanisms that are sensitive to frequency. The learning process
described by the Rescorla–Wagner model is a strong candidate for such a mecha-
nism: the contingencies between cues and outcomes across various cognitive do-
mains can be learned based on the same general principle, where properties of
experience, such as frequency, are essential. The ‘knowledge’ is experiential and,
thus, continuously changes with new evidence.

This is how the RW model can help us understand how language knowledge
emerges from theflux of experience, andwhy it is difficult to extract fromexperience
a parsimonious set of general and crisp rules. The model also shows why simple
counts do not offer the complete picture as the strength of cue-outcome associations
is influenced not only by presence of co-occurrence but also by absence of co-
occurrence, i.e. the likelihood of the outcome when the cue is absent (cf. Ellis 2006;
Milin et al. 2017a, 2017b). Despite such complexity and dynamics, experience allows
for structured and systematic relationships to emerge (cf. Milin et al. 2023). Learning
models resonate well with what is assumed in cognitive, usage-based linguistics (e.g.
Boyd and Goldberg 2011): input alone provides enough evidence to learn what is and
what is not possible in language.

Slavonic aspect is notoriously elusive for most second-language learners, which
makes it an ideal test case for the usage-based emergence of learnable relationships
from mere input. Divjak et al. (2024) report that the aspectual preference at the
lexeme level is so strong that aspectual usage can be effectively explained using
lexical information, combined with information about the relationship between the
time of the event and the time of reporting on it. It is thus possible that L1 users of
Polish use perfective and imperfective verbs accurately, not because they have
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identified an invariant meaning of these aspects and consciously choose how to
encode events but simply because they have learned which lexical and contextual
cues are associated with each aspectual form.

In what follows, we present an empirical study testing this idea. First, we ask
whether language users need to know the grammatical category of aspect at all, and
we test the performance of a model that relies solely on the co-occurrences of verb
forms and contextual cues. Next, we investigate how well aspectual distinctions can
be learned based on the conceptual definitions of invariant meanings proposed in
the literature. Finally, we test the performance of a model trained to predict aspect
from contextual cues. We then validate our models against behavioural data
collected through an online survey in which participants were asked to fill gaps in
discourse chunks by selecting one of the two provided aspectual variants.

2 Corpus-based modelling

2.1 Data extraction and annotation

We relied on PolishWordnet1 to obtain an extensive list of aspectual pairs, as it is the
largest database containing both information on the aspectual links between the
verbs as well as annotation of the type of their aspectual relation (i.e. ‘pure’ or
‘secondary’). Based on the annotations of the aspectual relationship included in
Wordnet, we retained only ‘pure’ pairs. That is, if an imperfective verb had multiple
perfective counterparts, we retained the one that did not introduce any additional
shades of meaning, so that the difference between the imperfective and perfective
variant was only in the semantics of aspect. For instance, we considered pisać
(write.IMPF) – napisać (write.PERF) to be a ‘pure’ aspectual pair, whereas pairs such
as pisać (write.IMPF) – podpisać (sign.PERF) were excluded, because adding the
perfective prefix pod- also modified the meaning of the verb. Next, we also excluded
pairs for which we could not reliably count the occurrence frequencies by looking at
the word form due to polysemy; this was achieved by inspecting and dropping
duplicates. For instance, stać can either be an imperfective meaning ‘stand’ or a
perfective meaning ‘become’. Finally, to ensure that our sample was representative,
for each pair of verb lemmas on thefiltered list, we calculated the so-called perfective
bias, which we defined as the proportion of the perfective lemma in the sum of
occurrence frequencies of the aspectual pair; if a lemma has a perfective bias of 0.38,

1 The list of aspectual pairs along with the additional information that allowed for filtering was
extracted from the Polish version of Wordnet (Słowosieć) by mgr.inż. Tomasz Naskręt and dr
Agnieszka Dziob.
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it occurs in the perfective in 38 %of all cases and in the imperfective in the remaining
62 %. Because the lemmas in the tags of the annotated version of theAraneumCorpus
of Polish (Benko 2014) are not always correct, we first listed, then counted the oc-
currences of all the inflected forms of the verb and summed them to obtain lemma
frequencies. Thefinal verb list contained 3,324 pairs of verbs; of these, 456 pairs had a
very strong bias towards the perfective, occurring in the perfective in at least 90 % of
all cases. We sampled along the continuum of perfective bias to control for the effect
of relative frequency and selected 9 aspectual pairs (18 verbs, 9 imperfective and 9
perfective) using the bandsample function from the pyndl python package (Sering
et al. 2022), similar to the application in Divjak et al. (2021). The selected verbs, their
frequencies and perfective bias are given in Table 1. Note that all of these pairs are
suffixation pairs, which may differ in behaviour from the so-called ‘true’ pairs with
simplex imperfectives in terms of ‘perfective bias’.

For each of the 18 verbs, we sampled 100 sentences that contained the verbs of
interest and up to six preceding sentences (see SupMat_A for further details). The
exact number of sentences depended on the number of preceding sentences avail-
able: if the target sentence in the chunk happened to be the first sentence in the
document, there was no preceding context, and the chunk consists of only the target
sentence. The size of the chunk was decided through reference to memory studies:
Light and Anderson (1985) suggested that the proportion of correct recall of a pro-
noun referent in the text decreases with distance and is only slightly above chance
level for distances of 6–7 sentences.

With the help of information in the preceding context, the sample of 1,800 target
sentences was annotated for 30 variables to create distributional Behavioural Pro-
files (BPs) of the verbs (Divjak and Gries 2006). In addition, they were annotated for

Table : The final sample of  verbs.

Lemma Translation Lemma
frequency

Aspect Competitor Competitor
lemma

frequency

Competitor
aspect

Perfective
bias

rozliczyć square/
appraise

, perfective rozliczać , imperfective .

urzec charm , perfective urzekać , imperfective .
nabrać gain/kid , perfective nabierać , imperfective .
rozczesać comb  perfective rozczesywać  imperfective .
wywrócić topple , perfective wywracać , imperfective .
zastąpić replace , perfective zastępować , imperfective .
podmienić switch , perfective podmieniać  imperfective .
opracować develop , perfective opracowywać , imperfective .
odszukać find , perfective odszukiwać  imperfective .
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the seven abstract semantic distinctions most commonly used in the aspectual
literature. We list the variables below and refer to SupMat_B.1 for the annotation
manual.

2.1.1 Concrete, usage-related variables

The set of 30 concrete, usage-related variables can be divided into three groups that
capture the discourse in which the verb form is used by describing the verb, its
immediate context and important elements further back in the chunk, using a
Behavioural Profiling approach (Divjak and Gries 2006). The first group captures the
properties of the verb, as used in the target sentence. We annotated for tense, mood,
presence of auxiliary verbs and reflexive pronouns. The second group describes the
features of the clause the target verb is used in. We marked whether the verb is
negated or not, and whether the clause is main or dependent. We also annotated for
the properties of agents, patients and recipients, if present. We decided to use these
labels instead of the syntactic counterparts subject, direct object and indirect object
because the variables were intended to capture features that are distinguishable for
L1 users who lack linguistic training. The third group of contextual variables covers
elements in the wider chunk rather than in the immediate context of the verb. We
annotated for adverbials, if they were related to the verb of interest, and aspectual
triggers – expressions that are known to be used often or exclusively with only one
aspect. The list of triggers was compiled on the basis of information extracted from
two grammar books for learners of Polish: Swan (2002) and Sadowska (2012) and is
included as SupMat_B.2.

2.1.2 Abstract aspectual-semantic variables

The set of abstract variables captures semantic dimensions presented in the litera-
ture as possible candidates for the invariantmeaning of aspect. Given the abundance
of distinctions, we decided to focus on the most prominent ones, following Janda
(2004). From the grammatical approaches we adopted boundedness, which describes
whether any boundary (i.e. beginning or end) of the action is signalled (e.g. Smith
1986), with unbounded events extending indefinitely in time on both ends; totality
indicates whether the stages and development of the event are important or whether
the event is treated as one indivisible thing (e.g. Comrie 1976); perspective goes back
to Comrie’s (1976) remark on imperfective aspect showing an action from ‘within’ as
opposed to perfective aspect that presents an action from a different temporal
perspective; specificity captures whether the actions are distinct, performed by
identifiable individuals and can be located on the timeline (Divjak 2009). From the
lexical tradition, we include resultativeness, which describes whether the action
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resulted in a change of state (e.g. Laskowski 1999). Other variables capture discourse-
related consideration, i.e. foregrounding evaluateswhether the action is presented as
the main event on the timeline or rather serves as a backdrop against which other
actions move the plot forward (e.g. Hopper 1982; Thelin 1990); sequentiality/simul-
taneity captures whether the action described happens alongside other actions or
whether the actions form a sequence of events (e.g. Hopper 1982; Thelin 1990).

The annotation for abstract variables entailed an increase in the degree of
subjectivity that might affect the replicability of our findings. The inter-annotator
agreement for a random sample of 100 chunkswas rather low, with the best scores in
the low ranges of ‘fair’ (see also Divjak et al. 2015); for more details, see SupMat_B.3.
However, that disagreement is not necessarily negative. Different users can have
different abstractions that are useful to them in different ways and – even when
given an operationalization – they can still diverge in how they interpret each case.
When discussing the annotation, the two annotators could easily come up with
several interpretations on which both could agree.

2.2 Modelling

The data were modelled with the Naïve Discriminative Learner (NDL; Baayen et al.
2011), which implements the Rescorla–Wagner rule at scale: for each cue (i) and
outcome (j), the association weight (w) at the next time step (t + 1) is a result of
association at the current time step (t) and the change – an increase or decrease (Δw):

wt+1
ij = wt

ij + Δw

The change is critical for learning, and for this particular rule, it depends onwhether
a cue and an outcome co-occur or not, as captured by the equations used for
calculating the changes in association weights presented in Table 2.

When a cue is absent – which effectively means that there is no new informa-
tion – there is no learning, and no change. If cue and outcome co-occur, their asso-
ciation is (re)affirmed and strengthened. Otherwise, if a cue is present but the

Table : Equations used in NDL for calculating the changes in association weights (Baayen et al. ;
adapted from Divjak and Milin ).

the cue is absent no change Δwt = 
the cue is present;
the outcome is present

positive evidence;
association strengthened

Δwt = γ( − ∑(w·j))

the cue is present;
the outcome is absent

negative evidence;
association weakened

Δwt = γ( − ∑(w·j))
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outcome is not, such negative evidence weakens the association. The change in
association strength is proportional to the difference between that outcome’s pres-
ence (1) or absence (0) and the sum of weights for all relevant cues to that outcome
(∑(w·j)). In effect, that sum of weight represents all the support a given outcome
receives from the cues in the (linguistic) environment. The final component of this
learning rule is a free parameter, the learning rate (γ), that controls how gradual or
abrupt, smooth or fidgety the learning should be. If the principle of minimal
disturbance is respected, then the learning rate is suitably small (Haykin 1999).

In our dataset, a learning event was defined as a row in which one outcome was
present (i.e. a perfective or imperfective verb form). As available cues, the values of
annotated linguistic categories were used (e.g. AgentNumber:Plural). The complete
dataset, i.e. the annotated corpus, was divided into a training, test and validation set.
The training and test sets were randomly split in a 90:10 % ratio, and the validation
set was a 10 % random sample from the training set. The same test set was used to
determine the accuracy of all the models. Each model was trained with the learning
rate set to γ = 0.0001, for 500 repeated runs, randomizing the order of the learning
events each time; i.e. after going through all the learning events in the training set,
the model went back to the beginning and continued learning on the same dataset
presented in a different order, continuing to update the association weights. This
allows to counter any order effect and yields a stable model, i.e. a convergence of
weight strength.

Given the types of annotated variables – the cues, concrete or abstract – and
lemma- or aspect-based outcomes, we trained three different models.2 Table 3 details
what combinations of cues and outcomes were used for each model.

Table : Cues and outcomes used for each of the models trained to predict aspectual labels or lemmas.

Model
outcome-cue

Cues Outcomes

Lemma-concrete Values of the contextual variables for each
chunk (e.g. AgentNumber.plural)

All  lemmata, listed in Table 

Aspect-concrete Values of the contextual variables for each
chunk (e.g. AgentNumber.plural)

Both aspects (perfective,
imperfective)

Aspect-abstract Values of the abstract variables for each
chunk (e.g. Boundedness.bounded)

Both aspects (perfective,
imperfective)

2 We trained further threemodels to evaluatewhether it is possible to acquire the abstract semantic
labels, proposed in the literature, from contextual information. For details, see SupMat_C.
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After training, the three models were probed against the test set. For the aspect-
concrete and aspect-abstract models, accuracy was calculated in the sameway. First,
we obtained the activations of outcomes by summing the weights of present cues for
each outcome (perfective and imperfective). The outcomewith the highest activation
was taken as the model’s preferred outcome. Then, we calculated the percentage of
cases in which the model’s preference matched the aspect used in the annotated
chunk. The lemma-concretemodel had to be evaluated in a slightly different way: the
model had to choose from 18 outcomes (lemmas), instead of 2, as in the case of the
other models. To make the task comparably difficult for all three models, we limited
the set of choices and calculated the accuracy of the lemma-concrete model by
comparing only the activations of the original lemma and its counterpart. This way,
the model was ‘choosing’ only between the perfective lemma and its imperfective
counterpart, without any information of their relation or the aspect of their form.

2.3 Modelling results and discussion

Table 4 presents the accuracies of themainmodels trained to learn either lemmas or
aspectual labels. Overall, all three models perform quite well: the aspect-abstract
model (87.22 %) performs slightly better than the context-based model of aspect
(aspect-concrete; 85 %), while the model using lemmas as outcomes was the least
accurate of the three (lemma-concrete; 79.44 %). To determine whether any model’s
performance is superior, we conducted Bayesian A/B tests comparing success rates,
using priors set to 0.01 for no difference and 0.99 in favour of the model with the
higher success rate (Hoffmann et al. 2022). Only the difference between the aspect-
abstract and lemma-concrete models suggested a slight edge for the former, better-
performing model, with the Bayes Factor indicating that the aspect-abstract model is

Table : Summary of the performance of the three models trained to learn either lemmas or aspectual
labels.

Model Overall
accuracy

Accuracy per aspect Significance of
difference

Lemma-concrete .% Perfective: .%
imperfective: .%

BF = .

Aspect-concrete % Perfective: .%
imperfective: .%

BF = .

Aspect-abstract .% Perfective: .%
imperfective: .%

BF = .
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more than three times more likely to outperform the lemma-concrete model
(BF10 = 3.252). The remaining comparisons – aspect-abstract versus aspect-concrete
and aspect-concrete versus lemma-concrete – did not show a clear preference for the
more successful model (BF10 = 0.494 and BF10 = 1.168, respectively).

Interestingly, bothmodels based on concrete variables seem to be better in using
the perfective, while the model trained on semantic abstractions performs well for
the imperfective (almost 98 %) and underperforms on perfectives (76.67 %). The
same Bayesian A/B test indicated that the performance difference per aspect was
significant only for the aspect-abstractmodel, which performed notably better on the
imperfective (BF10 = 1748.194). The other twomodels showedno significant difference
in success rates across the two aspects (BF10 = 2.158 and BF10 = 1.671, for lemma-
concrete and aspect-concrete models, respectively).

It seems then that imperfective is easier to learn when we use semantic dis-
tinctions as cues. This finding is particularly interesting in the light of the issues
discussed in the first sections of this paper where we saw that the debate regarding
the invariant meaning focused on the perfective aspect: all the proposed distinctions
were said to capture the semantics of the perfective, as a marked form. However, the
uneven performance of the aspect-abstract model suggests that it is the meaning of
the imperfective which can bemore reliably described using semantic labels, at least
in usage. While we cannot pinpoint the cause for this discrepancy with the data we
have, it is possible that this effect is the consequence of the more restricted appli-
cability of the perfective, which in turn leads to a prioritised focus on distinguishing
the unmarked and more broadly applicable imperfective form—an outcome
consistent with a learning-based approach.

More generally, the models trained on our corpus data paint a complex picture
by supporting both usage-based and abstract label-based accounts. Specifically, our
data show that it is possible to achieve high performance in determining the
appropriate aspect of a verb in a given context using either concrete cues that
describe various dimensions of usage or abstract semantic labels that capture the
stable definitions of aspect. However, corpus-based studies can only reveal whether
patterns are present in the data, which is essential for hypothesis formation.
Experimental confirmation is required as the next step to determine whether lan-
guage users are sensitive to these patterns, learn them, and apply them in use.

3 Behavioural validation

To verify empirically which of the three corpus-based models best captures the
actual behaviour of language users, we conducted a two-alternative forced-choice
(2AFC) gap-filling study, where participants selected either the imperfective or
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perfective form of a verb given a context. In this task, participants were presented
with appropriately adapted paragraphs taken from our annotated corpus sam-
ple and were asked to choose one of the aspectual variants of the verb. Their choices
were also predicted with each of the three models – lemma-concrete,
aspect-concrete, and aspect-abstract – to evaluate the predictive power of the three
learningmodels, each based on different sets of input cues. The study design allowed
us to identify patterns in users’ aspectual choices without needing to ask them
directly, as L1 users often find it difficult to articulate the reasoning behind their
linguistic decisions. By observing their natural choices, we could gain insights
without relying on potentially unreliable introspective self-reports.

The task was inspired by Janda and Reynold’s study (2019), where participants
evaluated aspectual choices in context. However, we introduced two important
changes. First, since the accuracy for themodels was calculated by selecting only one
of the options, we wanted to limit participants’ choices in a similar way in order to
make comparisons between the models and language users more direct. Secondly,
we were interested in which of the verbs fit the context best. If both the perfective
and the imperfective are equally acceptable, this should be visible from the pro-
portion of answers to each question – the more balanced the answers, the stronger
the indication that both verbs can be used in this context. However, the question that
seemedmore interesting to uswaswhich of the verbs is preferred, andwhy. After all,
during production we do not have the luxury of using both aspects.

3.1 Stimuli selection and preparation

To minimise participant fatigue and reduce the likelihood of incomplete surveys, a
subset of 10 lemmas (5 pairs) was selected along the perfective bias continuum. The
potential pool of stimuli for these lemmas was restricted to chunks from the anno-
tated corpus used in the past or future tense, as the present tense allows only
imperfective forms. Additionally, only chunks containing morphological forms with
both imperfective and perfective options were included. For example, chunks where
the target was a perfect or present adverbial participle were excluded.

The selection of items was guided by the lemma/aspect activations from the
three learning models. First, network activations were calculated for each lemma/
aspect and its competitor. Second, these activations were transformed into proba-
bilities using the softmax function. Third, the odds ratios for lemma/aspect versus
competitor were calculated. Finally, one randomly chosen chunk per lemma was
selected for low (between the 0.125 and 0.375 quantiles) and high (between the 0.625
and 0.875 quantiles) odds ratios. This selection method ensured that the sample
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included at least one instance of each lemma where each model strongly supported
the original verb and at least one instancewhere it strongly supported its alternative.

The final sample consisted of 60 chunks. These chunks were manually prepared
for the survey by replacing the target verbs with a dotted line of equal length in each
sentence. The number of preceding sentences was limited, as 1–2 sentences of
context generally provided sufficient information to annotate the sentences for our
set of variables (mean = 1.78, mode = 1). For an example, see SupMat_D.

3.2 Participants

The study was conducted using Qualtrics software (Qualtrics 2024), and L1 partici-
pants residing in Poland were recruited via social media. All participants completed
the full set of 60 gap-filling items, with both the order of questions and the order of
response options randomised. A total of 77 complete responses were collected (n = 57
female, n = 2 undisclosed gender). Educational backgrounds varied, with 49 partic-
ipants holding higher education degrees, 26 having completed high school, and two
having vocational education. Participants ranged in age from 18 to 64 years, with a
mean age of 33.61.

3.3 Model evaluation and discussion

To evaluate how well each of the three models predicted participants’ choices, we
fitted three Generalized Additive Mixed Models (GAMMs) using a binomial (logistic)
link function. GAMMs handle continuous predictors more flexibly than traditional
linear or generalised linear models by allowing for nonlinear relationships using
smooth functions, while their mixed effects aspect allows them to capture variations
across individuals or groups, repeated measurements and other hierarchical or
nested designs (Wood 2017). The analysis utilised themgcv (version 1.9-1: Wood 2011,
2017) and itsadug (version 2.4: van Rij et al. 2022) packages in R environment for
statistical computing (version 4.4.2: R Core Team 2024). All stimuli, raw responses and
model predictions are presented in Materials; ‘correct’ indicates that the originally
used aspect was retrieved by a participant.

The target predictors were the network’s activation and diversity. Activation
quantifies the support an outcome receives from the cues that are present, while
diversity reflects the competition among these cues for all possible outcomes (Divjak
et al. 2021; Milin et al. 2017a, 2017b). The primary control variable was the originally
used aspectual form, included both as a main effect and in interaction with the
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activation and diversity covariates. Random effects of item and participant were also
tested and retained when statistically significant.

Activation and diversity were rank-to-normal transformed to adjust their spiky
distributions to a more symmetric, Gaussian-like shape, facilitating statistical
modelling and interpretation of the results (for details on spiky distributions of
NDL-network weights, see Milin et al. 2017a, 2017b; for rank-to-normal trans-
formation, see Aulchenko et al. 2007; Johnson 1949). The full dataset consisted of 4,620
data points, of which 539 (11.7 %) were visually identified and removed as extremes,
following the guidelines in Baayen andMilin (2010). This resulted in a final dataset of
4,081 data points (88 % of the original data).

Finally, for both categorical variables – accuracy in retrieving the original aspect
(the dependent variable) and the original aspect itself (a fixed factor) – sum-to-zero
(sigma) coding was applied to facilitate result interpretation (Fox and Weisberg
2018). For all three learning models, the nonlinear interaction of activation and
diversity was strongly supported; hence, the template model specification was as
follows:

gam(OriginalAspectRetrieved∼
OriginalAspect+
te Activation Lemma/[ Concrete/Abstract],Diversity Lemma/[ Concrete/Abstract],(

by = OriginalAspect, k = c 3, 3( ))+
s Item, bs=′re′( )+
s Participant, bs=′re′( ),

f amily = binomial,
method=′ML′,
…)

with a tensor product of the two predictors of support (activation) and competition
(diversity) by original aspect, allowing a moderate nonlinearity by specifying the
respective smooth term with three knots for each component (k = c(3, 3)). As none of
the three testedmodels – each using activations and diversities from their respective
learning networks (lemma-concrete, aspect-concrete, and aspect-abstract) – showed
a significant effect of by-participant adjustments, this random-effect term was
removed, and the models were refitted. Conversely, by-item adjustments were
justified, albeit only weakly for aspect-concrete predictors (p = 0.0213) compared to
the other two statistical models (p < 0.0001).

The models are visualised in Figure 1 (lemma-concrete), Figure 2 (aspect-con-
crete) and Figure 3 (aspect-abstract). Comparatively, among the three tested models,
the best overall fit was obtained with the lemma-concrete learning measures,
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followed by the aspect-abstract and aspect-concretemeasures of support (activation)
and competition (diversity). The respective Akaike Information Criterion (AIC)
values were 3,891.882, 3,954.420, and 4,036.741. These values suggest an Evidence

Figure 1: GAMMsmooth terms for lemma-concrete activation and diversity on gap-filling task accuracy
in retrieving the original verbal aspect. The left panel depicts effects for trials where imperfective was
the original choice, while the right panel shows effects for trials where perfectivewas the original choice.
Lower accuracy is presented in green, and higher accuracy in yellow-to-ochre colours. White patches
indicate no activation/diversity data.

Figure 2: GAMM smooth terms for aspect-concrete activation and diversity on gap-filling task accuracy
in retrieving the original verbal aspect. The left panel depicts effects for trials where imperfective was
the original choice, while the right panel shows effects for trials where perfectivewas the original choice.
Lower accuracy is presented in green, and higher accuracy in yellow-to-ochre colours. White patches
indicate no activation/diversity data.
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Ratio (ER = exp((|AICA − AICB|)/2)) strongly favouring the lemma-concrete model
over the aspect-abstract model (ER = 3.80e+13), as well as the aspect-abstract model
over the aspect-concrete model (ER = 7.51e+17).

The three models are similar in showing a stronger effect of activation by
diversity (i.e. tensor product) on retrieving the originally used aspect if that was
an imperfective (aspect-abstract: Chi-square = 165.30, p < 0.0001; aspect-concrete:
Chi-square = 154.14, p < 0.0001; lemma-concrete: Chi-square = 210.17, p < 0.0001) rather
than a perfective (aspect-abstract: Chi-square = 55.79, p < 0.0001; aspect-concrete:
Chi-square = 38.65, p < 0.0001; lemma-concrete: Chi-square = 18.52, p = 0.0016). The
exact patterns of these interaction effects, that is, where and how they reveal the
change in participants’ retrieval accuracy, differ between the three models.

The best-performing model, utilizing measures of support (activation) and
competition (diversity) from the lemma-concrete learning network, demonstrates
that participants perform better when both support from cues and competition
between cues are high (Figure 1, upper-right corner of both panels). Notably, within
our sample of stimuli, there are no instances where one or both predictors exhibit
very low values, limiting conclusions about performance in such scenarios (see the
white patches in Figure 1, upper-left, lower-left and lower-right corners of both
panels). For predicting imperfectives (Figure 1, left panel), the effect of competition
gradually develops as a U-shaped pattern as support strengthens (visible on the right-
hand side of the left panel, for X-axis values above approximately 0.0). This indicates

Figure 3: GAMM smooth terms for aspect-abstract activation and diversity on gap-filling task accuracy
in retrieving the original verbal aspect. The left panel depicts effects for trials where imperfective was
the original choice, while the right panel shows effects for trials where perfectivewas the original choice.
Lower accuracy is presented in green, and higher accuracy in yellow-to-ochre colours. White patches
indicate no activation/diversity data.
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that participants are better at retrieving an originally used imperfective aspect when
cue competition is either veryweak or very strong, provided that the support they get
from the cues remains high. In contrast, for predicting how good participants will be
in retrieving an originally used perfective aspect (Figure 1, right panel), the model
suggests a pattern that resembles an inverse U-shaped effect: when support from
cues is weak, participants perform better in retrieving an originally used perfective
aspect when cue competition is moderate but struggle as cue competition intensifies
(visible on the left-hand side of the right panel, for X-axis values below approxi-
mately −0.5 and lower).

The model that uses the aspect-concrete learning measures of activation and
diversity show, aswe noted, a different relationship between these two predictors and
participants’ accuracy in retrieving the originally used aspect. The participants’ ac-
curacy appears constant when retrieving imperfectives (Figure 2, left panel, large
green area without isolines). A small cluster of data appears in the region of low cue
competition (diversity) and relatively strong cue support (activation); however, this
patch is surrounded by an area with no data, making it unreliable (see white region in
the lower-right corner of the left panel). The overall trend suggests a mild decline in
performance for higher cue support as cue competition increases (for example, from
the activation value around 1.0, going upward along the vertical axis, we cross a few
isolines). For perfectives (Figure 2, right panel), participants performworsewhen both
cue support and cue competition are low. Performance improves as both predictors
increase (the trend roughly goes along the lower-left to upper-right diagonal).

In contrast to the aspect-concrete model that shows little to no change in accu-
racy for imperfectives, the aspect-abstract model reveals a similar constant accuracy
for perfectives (Figure 3, right panel) compared to imperfectives (Figure 3, left panel).
Broadly speaking, when cue competition (diversity) is high, greater cue support
(activation) leads to better performance. This trend is evident in the upper-right
corner of the right panel in Figure 3. A similar pattern emerges for imperfectives
(Figure 3, left panel). However, in this case, when cue support is weaker, increased
cue competition tends to hinder performance. This suggests a nuanced interaction
between cue support and cue competition, where strong cue support mitigates the
negative effects of high cue competition for imperfectives.

Examining some of the discrepancies by looking at the stimuli (provided in
Materials), we observe the following. In some cases, the majority of participants did
not select the form that was originally used in the corpus. An example here is
Stimulus 1, presented below as (3) with the target verb in italics, where only 4
respondents selected the originally used imperfective form (nabierać). The use of a
perfective for thefirst infinitive (zeszczupleć)may have primed respondents to select
a perfective also for the second infinitive (nabrać). This was predicted correctly by
the AspectConcrete model, but not by the two other models.
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(3) Zmiany masy ciała mogą dwojako wpływać na budowę twojej sylwetki. Z
jednej stronymożesz zeszczupleć, z drugiej zaś stronymożesz nabieraćmasy
ciała (mięśnie).
Changes in body weight can affect the structure of your figure in two ways.
On the one hand, you can lose weight, and on the other hand, you can gain
weight (muscles).

Overall, there are 8 stimuli (1, 53, 49, 56, 59, 51, 16, 5, in order of strength of preference
for the competing form) where the originally used aspectual formwas not preferred
by the participants, and a further 5 (17, 6, 57, 43, 41) where about 40 % of respondents
preferred the competing aspect over the originally used aspect. The remaining 47
stimuli did evoke a majority preference, defined as over 60 %, for the originally used
aspect, but there was only one stimulus (47), presented below as (4) with the target
odszukać in italics, where all participants made the same choice, and retrieved the
originally used perfective form. All three models calculated positive activation for
this form, i.e. higher than average activation, while the AspectConcrete and the
AspectAbstract models also showed negative diversity, i.e. lower than average
competition between the forms.

(4) czy przyjedziesz może do mnie, podasz mi rękę , a później nagrasz coś
śmiesznego i będziesz miał ubaw? Bardzo źle zrobiłeś , bardzo mnie to
dotknęło. […] Pytasz co teraż robić? Prawdziwy mężczyzna w takiej sytuacji
powinien zawszelką cenę doprowadzić do zniknięcia tego głupiego nagrania
z internetu. A później powinieneś tę organistkę odszukać, udać się do niej z
kwiatami i przeprosić.
Maybe you will come to me, give me your hand, and then record something
funny and you will have a blast? You did a very bad thing, it affected me very
much. […] You ask what to do now? A real man, in such a situation, should
make this stupid video disappear from the Internet at all cost. And then you
should find the organist, go to her with flowers and apologize.

At the same time, there were seven instances (12, 21, 30, 54, 45, 58, 41 in decreasing
order of strength of participant agreement) where ourmodels would have supported
a different form than the majority of our participants preferred. Here, all three
models computed a negative activation for the originally used form, which the re-
spondents preferred, but the models differed in the diversity scores they returned
(with low diversity from all models for 12 and 21; low diversity from ConcreteAspect
only for 30, 54 and 45; low diversity from LemmaConcrete only for 58; and high
diversity from AbstractAspect only for 41). Stimulus 12, rendered here as (5) with the
target verb podmienić in italics, evoked little doubt in our respondents (with only 2
out of 77 preferring the non-original imperfective aspect over the original perfective
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form); here too, respondents may have been primed by the perfective aspect of the
preceding verb, which is not a cue our models take into account.

(5) Do przenoszenia warstw służą przyciski ze strzałkami do góry i do dołu.
Przeniesieniewarstwy przenosi nie tylko samą teksturę, ale także informację
o jej rozłożeniu. Przeniesienie samych informacji o rozłożeniu można zatem
wykonać w dwóch krokach, najpierw przenieść całą warstwę, a na koniec
podmienić tylko tekstury.
Use the up and down arrow buttons to move layers. Moving a layer transfers
not only the texture itself, but also information about its distribution.
Transferring only the distribution information can therefore be done in two
steps, first transfer the entire layer, and finally replace only the textures.

4 General discussion

Since structuralism, the dominant view on Polish aspect has been that all verbs come
in two flavours: perfective and imperfective. Much of the research conducted over
the past 75 years has focused on finding the underlying meaning of these two
aspectual classes. Even though many abstract semantic distinctions have been put
forward, the debate on what aspects really express is far from settled. A more
granular, lexical approach proposes that a clear aspectual opposition can only be
found in a subclass of verbs, thereby limiting the scope of an overarching aspectual
meaning.

However, as we have seen, corpus-based research shows that in addition to
being reliably used with certain temporal expressions, the two aspects show usage
preferences along several other contextual dimensions. Even though those prefer-
ences do not determine use, they are not trivial. As posited by usage-based theory,
those statistical biases are not a curiosity but a necessity: learners can acquire a
language without explicit instructions, precisely because language is structured
while bias, in fact, effectively reduces the uncertainty and makes the language sys-
tem both learnable and processable. Yet, the presence of a statistical structure in
language does not explain whether and how it is utilized by language users. The
details of a frequency sensitive, domain-general learning mechanism that helps
language learners detect and distil structure from usage remain to be fleshed out.
This is where research in psychology and linguistics must come together.

In this paper, we followed Divjak and Milin (2023) and adopted an error-
correction learning framework, based on the well-established Rescorla–Wagner
model of learning. We showed that this learning framework provides computational
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models that can be used to test the usage-based assumptions on language and helps
answer the empirical questions that we asked.

First, we wanted to know how well the abstract semantic labels explain aspec-
tual usage. Our aspect-abstract model, trained to use aspect based on the abstract
semantic labels discussed in literature, is highly accurate. However, performance is
significantly better for the imperfective than for the perfective. Next, we asked to
what extent linguistic patterns guide aspectual use, and we pursued this alternative
on two levels: we trained an aspect-concrete model to select the appropriate
aspectual form of a verb based on the concrete variables that summarize the context
alongside a lemma-concrete model, a fully concrete model that learns to use verb
lemmas based on these same contextual variables. This latter model did not assume
that the verbs are in any way connected by aspectual relation and was used to
determine whether users need to form an abstract, difficult to define category of
aspect to use verb forms correctly. The performance of the aspect-concrete model
was indistinguishable from the performance of the aspect-abstract model, while at
the same time performing equally well on imperfective and perfective cases. The
lemma-concrete model, although it performed slightly worse than the other two
models, still achieved high accuracy and did well on both imperfective and
perfective forms.

All three models were then compared to the data from an online gap-filling
experiment to determine which of the models fits the actual behaviour of the
language users better. While all three models were found to fit the participants’
responses well, the best overall fit was obtained with learning measures of sup-
port (activation) and competition (diversity) from the lemma-concrete network,
followed by the measures derived from the aspect-abstract and aspect-concrete
learning networks. As before, the lemma-concrete model performed well for both
imperfective and perfective aspect. Second best was the aspect-abstract model,
which, however, appears unpredictive for accuracy on perfectives. The same holds
for theweakest performingmodel, the aspect-concretemodel, for which accuracy on
imperfectives turned out to be poorly predicted.

Taken together, the learning simulations and the gap-filling task suggest that
contextual information is more important for selecting an appropriate verb form
than abstract categories that generalise over usage. This, of course, is not to say that
perfective and imperfective verbs do not carry any shared meaning or that they do
not affect the conceptualisation of events in a similar way. On the contrary, the good
performance of the aspect-abstract model on the corpus test-set shows that semantic
notions can be associatedwith perfective and imperfective verbs in away that would
allow to tell them apart. However, our findings suggest that, even though aspectual
categories can be used to highlight different nuances of meaning, they may well be
surplus to requirement in everyday use (cf. Divjak et al. 2024). The choices users
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make aremore reliably explained by patterns of use; that is, users tend to choose one
lemma over the other because it frequently occurs in a given context rather than
because it carries a specific abstract aspectual meaning. This is not unexpected since
generalisation requires detail to be sacrificed. In fact, an interesting question arising
from this finding is whether deviations from patterns aremoremeaningful since the
semantic contrasts might become particularly important in cases where users
consciously choose a less preferred and less frequently occurring aspect, i.e. when a
usage pattern suggests otherwise.

Our findings also suggest that an error-correction learning model is a good
candidate for a domain-general mechanism posited by the usage-based theory of
language. As we mentioned in the introduction, we selected an error-correction
learning model specifically because of its theoretical grounding in the psychology of
learning. There are certainly more powerful learning algorithms available, many of
which now outperform humans on a range of linguistic tasks (Madabushi et al. 2022;
Wang et al. 2018). However, our goal was not to achieve the best performance, but
rather to see what performance can be achieved when we apply basic principles of
human learning. Following Rescorla (1988), we want to stress that even the good
performance of our models does not mean that forming associations is all that there
is to learning. The results indicate, however, that it is an important part of it,
certainly worth exploring further.

Finally, we want to highlight a few methodological implications that stem from
the current study. Crucially, as indicated by our results, the evidence we use to
evaluate our linguistic accounts should not come from only one source: corpus-based
learning simulations support all three models, one of which does not even assume
the existence of aspect as a category. Corroborating the models with behavioural
data was a crucial step in establishing which model is more likely to model the
processes driving user behaviour. We hope that our study further amplifies the call
for an interdisciplinary approach to the study of language (Dąbrowska 2016; Divjak
2015; Ellis 2006; Milin et al. 2017a, 2017b; Stefanowitsch 2011, to mention just a few).
On a theoretical level, such an approach should strive to integrate insights from
linguistics and psychology. On a methodological level, it should incorporate formal
modelling of authentic data and experiments to allow for formulation and falsifi-
cation of hypotheses. This approach, as implemented in our study, points us towards
a usage-based explanation of aspectual choice, which – instead of focusing on the
elusive abstract – is based on the available concrete.
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