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Abstract

Categorization is a core component of hu-
man linguistic competence. We investigate
how a transformer-based language model (LM)
learns linguistic categories by comparing its
behaviour over the course of training to be-
haviours which characterize abstract feature—
based and concrete exemplar—based accounts
of human language acquisition. We investi-
gate how lexical semantic and syntactic cate-
gories emerge using novel divergence-based
metrics that track learning trajectories using
next-token distributions. In experiments with
GPT-2 small, we find that (i) when a construc-
tion is learned, abstract class-level behaviour
is evident at earlier steps than lexical item—
specific behaviour, and (ii) that different lin-
guistic behaviours emerge abruptly in sequence
at different points in training, revealing that ab-
straction plays a key role in how LMs learn.
This result informs the models of human lan-
guage acquisition that LMs may serve as an
existence proof for.

1 Introduction

Linguistic constructions involve generalizations
over classes of words, such as ditransitive or sen-
tential complement-taking verbs, rather than id-
iosyncratic patterns applying to individual lexical
items. Language models (LMs) must learn these
categories in order to systematically understand
and generate text (Lake and Baroni, 2018; Kim
and Linzen, 2020). Indeed, work has shown that
LMs by the end of training do learn to adeptly
categorize. For example, subject-verb agreement
(Marvin and Linzen, 2018; Goldberg, 2019; Hao
and Linzen, 2023) requires categorizing singular vs.
plural nouns. This raises the question: what are the
processes LMs use to learn these generalizations?

While interpretability work has begun to decode
how trained transformers work, less work has ex-
amined their acquisition of knowledge during train-
ing (Liu et al., 2021; Choshen et al., 2022) and
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Figure 1: (a) Categories, like verb classes determined by
argument structure, are pervasive in language: fo Dative
verbs take recipient arguments, whereas Motion verbs
take goal locations. (b) Divergence metrics compare
LM prediction distributions conditioned on different cat-
egories. (c) Tracking divergences over training reveals
that categories like verb classes are differentiated early
by LMs, before gradual item-level learning.

even less has compared transformer LM learning
with human language learning (Chang and Bergen,
2022; Evanson et al., 2023). We draw on theo-
ries of human language acquisition to tackle the
latter question, investigating what hypothesized
processes of category formation LM learning cor-
responds to. We contrast the abstraction-first ac-
count and the exemplar-first account which hy-
pothesize that learning privileges (a) linking the
input data to abstract featural representations (e.g.,
Pinker, 1989; Gleitman, 1990; Fisher et al., 2020),
and (b) storing linguistic examples observed in the
input (e.g., Tomasello, 1992, 2003; Ambridge and
Lieven, 2015), respectively.

We compare the behaviour of GPT-2 over the
course of autoregressive pretraining to predictions
made by these two accounts, targeting phenom-
ena LMs have been shown to learn. Experiment
1 studies how arguments predicted for individual
verbs and verb classes change over training (Fig-
ure 1; Thrush et al., 2020; Wilson et al., 2023)
and Experiment 2 investigates syntactic subcatego-
rization and non-local dependencies (Wilcox et al.,
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2019, 2024; Warstadt et al., 2020). We find that the
abstraction-first account better corresponds to GPT-
2 learning across all phenomena tested: linguistic
constructions are learned for classes of words at
once and individual phenomena are learned sequen-
tially. Furthermore, the ordering of learning onsets
corresponds to expected linguistic development in
children.

While our experiments involve a single model
and do not impose humanlike constraints on train-
ing data, our investigation contributes to growing
debates around what theories of human linguistic
cognition standardly trained autoregressive LMs
provide support for (Portelance and Jasbi, 2024).
These findings suggest that LMs have a bias to-
wards forming abstractions. Nevertheless, LMs
differ from influential abstraction-first accounts of
human learning proposing that linguistic categories
are innate: LMs learn categories distributionally.

2 Background

2.1 Abstraction-first and exemplar-first
learning in children

How argument structure is learned has motivated
two views on the processes underlying human
language acquisition: the abstraction-first account,
claiming that children learn structured representa-
tions early, and the exemplar-first account, claiming
that children first memorize linguistic input.

The abstraction-first account is supported by
findings like young children’s ability to compre-
hend sentences containing novel verbs by relying
on the syntactic structure of the sentence alone (e.g.,
Naigles, 1990) and their incorrect, but meaningful,
overextension of syntactic constructions to verbs
(e.g., ‘you can’t happy me’; Bowerman, 1982).
Abstraction-first accounts explain this as a product
of an inductive bias for learning general, abstract
properties of language that extend beyond individ-
ual words, such as how the syntactic positions of
arguments correspond to meanings (Landau and
Gleitman, 1985; Pinker, 1989; Gleitman, 1990).
Children then use abstract knowledge like this to
aid in learning new verbs and to continue refining
their representations of previously seen verbs.

The exemplar-first account is supported by find-
ings that young children often only use verbs
with nouns (Tomasello, 1992, 2003) and struc-
tures (Lieven et al., 1997) they have they have
observed occurring together, as well as evidence
that even basic linguistic properties like word order

are learned slowly over time (Abbot-Smith et al.,
2001). Exemplar-first accounts propose that these
effects arise because children learn by memoriz-
ing observed instances of language (‘exemplars’)
resulting in lexical item—specific knowledge. Ab-
stractions emerge gradually via repeated exposure
and retention, or analogy over stored exemplars
(Abbot-Smith and Tomasello, 2006; Bybee, 2006;
Ambridge, 2020).

What occurs over the course of learning differ-
entiates the two accounts, in particular, when class-
based behaviour vs. lexical-item specific behaviour
emerge. Our experiments exploit this difference
to probe whether the learning biases of standard
transformer LMs can be characterized as being
abstraction-first or exemplar-first.

2.2 Related work on language models

Work in NLP and ML focused on downstream task
performance or privacy and copyright concerns has
discussed the extent to which LMs (and DNNs)
implement generalization and memorization mech-
anisms (Arpit et al., 2017; Carlini et al., 2019, 2023;
Tirumala et al., 2022; Huang et al., 2024, a.0.). We
investigate these mechanisms further in the context
of how LMs learn linguistic phenomena motivated
by hypotheses about human language acquisition.
Previous linguistic work has shown that LMs
learn phenomena that abstract over specific lex-
ical items, looking at fully-trained LMs (Gulor-
dava et al., 2018; Newman et al., 2021; Lasri et al.,
2022; Papadimitriou et al., 2022; Jian and Reddy,
2023) or finetuning fully-trained LMs (Kim and
Smolensky, 2021; Wilson et al., 2023; Misra and
Kim, 2023). We suggest that learning trajectories
can better disambiguate the mechanisms and bi-
ases active in LMs (e.g., Kallini et al., 2024; Chen
et al., 2024; Chang et al., 2024; Dankers and Titov,
2024; Antonello and Cheng, 2024) that may ex-
plain the stability of linguistic learning across mod-
els and datasets (Liu et al., 2021; Choshen et al.,
2022; Evanson et al., 2023) and their ability to gen-
eralize even to structures absent in their training
data (Potts, 2024; Misra and Mahowald, 2024; Patil
et al., 2024). Closest to our work, Misra and Kim
(2023) compare exemplar and abstraction theories
in a nonce word learning setting and Yang et al.
(2025) in a transformer-based speech model, both
settling on a middle ground conclusion of ‘abstrac-
tions encoded by exemplars.” However, they only
evaluate fully-trained models — Huang et al. (2024)
show that memorization (i.e., exemplar-storage)
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CLASS EXAMPLE VERBS EXAMPLE SENTENCES ToTAL
(i) to Dative give, sell, grant (n=35) Chipotle gave away free burritos to the __ 1841
(ii) Motion go, walk, flee (n=36) Toby accordingly goes to the __ 1942
(iii) Reciprocal  speak, meet, talk (n=16)  Cherry recalled Orr had refused to speak with the __ 465
(iv) spray-load  spray, load, smear (n=16)  Ray and Devon then sprayed the table with the __ 404

Table 1: Example verbs and sentence prefixes from the four verb classes used in the experiments.

abilities change over the course of LM training, em-
phasizing the need to evaluate behaviours during
training to provide a fuller picture of LM mecha-
nisms, as we do here.

3 Experiment 1: What drives argument
structure learning in LMs?

3.1 Data and Models

Empirical domain Argument structure classes
allow us to compare item-specific and class-general
effects during learning. We measure the arguments
predicted for each verb as a proxy for verb catego-
rization. Four argument structure classes were used
which each have arguments introduced by preposi-
tions: (i) fo-dative verbs, (ii) verbs of motion, (iii)
reciprocal verbs, and (iv) spray-load verbs (see
Table 1). Classes (i) and (ii) use the preposition to,
and (iii) and (iv) use with. The arguments in the
post-preposition slot form semantic classes (Pinker,
1989; Dowty, 2003): (i) recipients, (ii) goal loca-
tions, (iii) reciprocal objects, and (iv) substances.
LMs must abstract over the specific nouns that they
observe with each verb to learn the broad class of
nouns that can occur in a given the argument slot.

Trajectories Early changes to predictions involv-
ing learning broad categories of nouns for the argu-
ment slots across a group of verbs would provide
evidence of an abstraction-first mechanism. Early
changes involving idiosyncratic learning for indi-
vidual verbs, with class-like behaviour emerging
later, would evidence an exemplar-first mechanism.

Dataset We track the arguments that are pre-
dicted by LMs in the target position by taking next-
token predictions at the underlined position in sen-
tences containing the structure in (1). Using these
distributions, we can track when predictions begin
to change when comparing any two verbs (evidence
of item-specific learning), and when predictions are
more similar for verbs that belong to the same class
than for verbs that belong to a separate compari-
son class (evidence of class-general learning). We
compare between pairs of verb classes that share
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Figure 2: Pairwise D ;g between verbs in two classes
at three early steps in training. Each row and column
represents a single verb. Differentiation into verb classes
is evident when any change has occurred — between-
class quadrants have higher D ;g (top-right, bottom-left)
than in-class quadrants (top-left, bottom-right).

a preposition — (1) & (ii), (iii) & (iv) — ensuring
that differences in argument preferences are the
result of verb identity, rather than the identity of
the preposition itself.

(1) ... VERB ... PREPOSITION the __

Our dataset contains natural sentences that fea-
ture the target verbs in the desired syntactic frame
filtered from the WikiText-103 dataset (Merity
et al., 2016). To find target structures, sentences
were filtered with regular expressions and Stanza
dependency parses (Qi et al., 2020), before being
manually annotated by the authors to account for
parser errors and non-target senses of the chosen
verbs.

Models We test for these effects over the course
of standard pretraining using training checkpoints
of GPT-2 models (Radford et al., 2019) released
by Karamcheti et al. (2021). Each model was au-
toregressively trained on the OpenWebText corpus
(Gokaslan et al., 2019). We track behaviour over
450 checkpoints (400K steps). Models are trained
with a batch size of 32. We choose to use GPT-2
small models (decoder-only transformers; 12 layers
and 12 attention heads per layer) given that smaller
models have been shown to better predict human
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linguistic behaviour (Oh and Schuler, 2023). These
models have been shown to perform well on stan-
dard linguistic benchmarks (e.g., Warstadt et al.,
2020) and have previously been used to evaluate
inductive biases of transformer LMs (Kallini et al.,
2024). We report results for a single random seed
for clarity, though all described behaviour was con-
firmed across three runs with different seeds.

3.2 Paradigm and Metrics

Paradigm For any verb, we collect next-token
distributions across different prefixes. Since we are
interested in comparing argument structure predic-
tions at the verb level, we derive a single estimate
associated with each verb from the individual dis-
tributions obtained from each prefix. For each verb
v this is defined as the arithmetic mean of the con-
ditional next token distributions over the set S, of
N prefixes containing verb v:!

Py(z) = %Zf\il P(x|s;),s; € Sy.

We assume that different inflections of a single
verb (tense, aspect, and agreement) do not make a
significant contribution to argument predictions.

We compute pairwise similarity scores between
verbs by taking the Jensen—Shannon divergence,
D jg, between the distributions defined above (Lin,
1991). This allows us to compute similarity without
predefining a set of relevant nouns. Divergence
metrics like D jg provide natural interpretations of
learning onsets, as opposed to metrics like accuracy.
Consider two linguistic variables a and b, each
contained within prefixes s, and s;, which should
license different continuations, e.g., a is a to Dative
verb and b is a Motion verb. We obtain two next-
token distributions from the LM

A = P(z|sq), B = P(x|sp).

If Djs(A||B) = 0, then we know that the LM
must not have learned to distinguish between vari-
ables a and b because the prediction distributions
are maximally similar. Non-zero D jg(A||B) is
the necessary condition for a LM to have begun to
distinguish variables correctly during training.”
Previous work has used accuracy scores derived
from comparing log-probabilities of sequences,
e.g., targeted syntactic evaluation (Marvin and

"This is equivalent to an estimate of P(z|v), obtained by
marginalizing over contexts s; using samples from P(z|Sy, v)
under the assumption that P(S,|v) is uniform.

2Smoothing is not required as next-token distributions un-
der autoregressive LMs do not contain true zeroes.
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Figure 3: Mann-Whitney U-test between Uy =
{Djs(Py, (2)||Py(z)) : v,v: € C1} (same class),
Up = {Djs(Py,(z)||Py(x)) : v: € Cy,v € Ca} (dif-
ferent class), for verb classes C7,Cs. Mean of D ;g
across verbs in the same class. Shading is standard de-
viation.

Linzen, 2018; Warstadt et al., 2020), on linguis-
tic benchmarks to measure onsets of learning
(Choshen et al., 2022; Evanson et al., 2023; Chen
et al., 2024). However, accuracy metrics may be
artificially steep (Schaeffer et al., 2023) and it is un-
clear how to determine the onset of learning if, e.g.,
baseline accuracy decreases before increasing. The
divergence metrics we use are smooth, i.e., no con-
cerns with artificial steepness, and lower-bounded
by zero, so increases can be directly interpreted as
onsets of behavioural change.

Item learning metric Given pairwise D jg be-
tween all verbs across two classes, we measure the
emergence of item-specific learning independent of
effects of verb class as the mean D ;g between verb
v and verbs within the same class. If in-class D ;g
increases, then idiosyncratic properties of verb v
that are not general to the class have been learned.

Class learning metric Given D ;g between verb
v with verbs from the same class U4, and with
verbs from the other class Ug we use a one-tailed
Mann-Whitney U-test to determine statistically sig-
nificance (Mann and Whitney, 1947). If mean Up
is greater than U, and statistically significant un-
der our test, then we can conclude that the model
has learned some systematic property across verbs
belonging to a class that separates them from verbs
belonging to the other class.
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Figure 4: Mean pairwise Spearman correlations be-
tween prototype noun trajectories for each verb across
training. Within-class and between-class means are re-
ported with 95% CI.

3.3 Results: Distributional metrics

In Figure 3, we report the percentage of verbs for
which the mean D jg with verbs from the opposite
class are greater than the mean D jg with verb from
the same class (p < 0.001 as a threshold). For the
(1) to Datives and (ii) Motion classes, class-based
distinctions (pink) emerge 50 steps before in-class
differences begin (green, orange), whereas for the
(iii) Reciprocal and (iv) spray — load classes, the on-
set of change is concurrent. Verbs in neither class
diverge from one another before there are statis-
tically significant differences between the classes.
Divergence between the two classes reaches its
peak at different points in training — step 3000 for
the (i) to Datives and (ii) Motion, step 1000 for
(iii) Reciprocal and (iv) spray — load — while verbs
within the same class continue to diverge from one
another until the end of the training. We note that
there are a small number of verbs that are not sig-
nificantly more similar to verbs in their canonical
class (pink line does not always reach 1.0) than
verbs in the comparison class, but that they are
also not significantly more similar to verbs in the
comparison class (blue line tends to 0).

Figure 2 shows three early training steps before
and after D jg begins to change. At Step 300, there
is already clear separation of within-class (top-left,
bottom-right) and out-of-class (top-right, bottom-
left) quadrants when D ;g starts increasing. This
confirms that as soon as D jg increases, i.e., any
change in verbal argument structure occurs, class-

based distinctions are already evident.

3.4 Results: Targeted behavioural evaluation

We perform targeted evaluations with the larger fo
Dative-Motion dataset. Four nouns assigned high
probability by the fully trained model for the to
Dative and Motion classes are tracked: public and
Sfamily, and airport and scene, respectively.

For each noun and verb pair, we can derive a
probability trajectory, i.e., what is the probability
assigned to noun # in contexts with verb v at step
t. Computing Spearman correlations across these
trajectories reveals how similar the relative change
in probability assigned to 7 is across verbs, within
and across classes.

Trajectories for nouns which are prototypical ar-
guments of a verb class remain highly correlated
between verbs of that class earlier in training (pub-
lic and family for to Dative, airport and scene for
Motion). Correlations of noun trajectories for verbs
in different classes begin to decrease earlier in train-
ing, as well as correlations of noun trajectories for
verbs in classes with which they are not prototypi-
cally found (airport and scene for to Dative, public
and family for Motion). Correlations between verbs
in different classes are lowest.

The sustained higher correlation across verbs for
which a noun is prototypically an argument is con-
sistent with the claim that general coarse-grained
features, e.g., the semantic features associated with
a broad verb class, are what is being learned early
on in training (see Figure 4). Lower correlations
can be interpreted as verb-specific learning, since
this means that the relative change in probability
mass even differs across verbs in the same class.
This does not occur until later in training for a
noun’s prototypical verb class. Lastly, correlations
do not greatly increase over the course of training
suggesting that verb-specific learning does not pre-
cede class-general learning. These results further
show that LMs have an abstraction-first bias.

3.5 Exemplar-first baseline

We confirm that the observed effects are not the
result of an exemplar-first mechanism paired with
properties of the training data by implementing a
baseline for the exemplar-first mechanism. We use
count-based vectors as a baseline since they obtain
representations for a target verb as a function of the
tokens it is observed with and their frequency.
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Figure 5: Top: Pairwise D ;g across two classes
in exemplar-first baseline show verb-specific patterns
emerge without clear class distinctions. Middle and
bottom: Exemplar-first baseline (middle) shows in-
creasing divergence between verbs driven by verb-
specific learning, before decrease, while GPT-2 is mono-
tonic (bottom); baseline between-class mean diver-
gences are not consistently greater than in-class means,
unlike GPT-2. Shading is 95% CI.

We compute co-occurrence statistics for each
verb in the correct prepositional structure, using
the OpenWebText corpus tokenized with the GPT-
2 tokenizer and a unidirectional 10 token context
window. Stop word tokens like determiners were re-
moved. Increasing the number of tokens observed
is a proxy for training step. Add-k£ smoothing
(k = 0.5) is applied to each vector and pairwise
D ;g is reported, as above.

Results in Figure 5 are computed for 6.0 x 107
(~90%) of the tokens containing the target verbs
and structures. In the exemplar-first baseline, as
hypothesized, verbs in the fo Dative class diverge
from one another as a result of idiosyncratic pat-
terns when less data is observed, before converging
when more overlapping data is observed. Between-
class distances are not greater than in-class dis-
tances until the fo Dative class converges, unlike
with GPT-2 where these classes are differentiated

EXAMPLE SENTENCES

The truck hadn’t astounded __

The truck hadn’t fallen __

The person that they sold the land to __

The person thinks that they sold the land to __
The person that Optimus spoke with __

The person thinks that Optimus spoke with __

STRUCTURE
TRANSITIVITY
(n=1000)
RELATIVE CLAUSE
(to Dative; n=824)
RELATIVE CLAUSE
(Reciprocal; n=288)

Table 2: Example structures for Experiment 2. TRANSI-
TIVITY is from BLiMP (Warstadt et al., 2020).

early and consistently throughout training. This
baseline confirms that observed LM learning tra-
jectories do not match exemplar-first accounts.

4 Experiment 2: Is learning generally
abstraction-driven?

GPT-2 learns argument structure classes using
abstraction-first mechanisms. We investigate if
this mechanism is broadly responsible for language
learning using the two syntactic phenomena in Ta-
ble 2: syntactic subcategorization (TRANSITIVITY)
and filler-gap dependencies (RELATIVE CLAUSE).
The same models are used.

Trajectories If constructions are learned in tan-
dem for classes of lexical items, then we can say
that LMs are corresponding with an abstraction-
first account. If they learn constructions idiosyn-
cratically for individual instances, before gradually
generalizing across classes, then LM learning bet-
ter corresponds with an exemplar-first account.

4.1 Data

TRANSITIVITY Verbs differ in whether or not
they require an object: transitive-intransitive cate-
gorization. Transitive verbs require an object and
intransitive verbs do not. Prediction distributions
in a single frame across different verbs are used to
track LMs learning of the category.

(2) .. VERB.. __

RELATIVE CLAUSE Relative clauses are an ex-
ample filler-gap dependency. In these structures, a
noun that appears elsewhere in the sentence (the
‘filler’) blocks a noun from surfacing locally to a
verb which otherwise requires an object (the ‘gap’).
These are structurally-conditioned categories (e.g.,
VERBgap VS. VERByg gap; Gazdar, 1987; Pollard
and Sag, 1994; Steedman and Baldridge, 2011).
We compare prediction distributions across two
syntactic frames containing the same verb to track
whether LMs have learned relative clause struc-
tures. We refer to (3) as the relative clause environ-
ment and (4) as the matrix environment.
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Figure 6: Comparing class-level and item-based be-
haviour for TRANSITIVITY dataset.

(3) The person that ... VERBgap ... __
(4) The person thinks that ... VERBxo gap -+

Dataset We track learning here by comparing
distributions between minimal pairs. For TRAN-
SITIVITY we use minimal pairs from the BLiMP
transitive test set (Warstadt et al., 2020). For REL-
ATIVE CLAUSE, we templatically build minimal
pairs using naturalistic data collected for Exper-
iment 1. We use the fo Dative and Reciprocal
classes since both permit human animate objects in
the post-preposition position allowing us to create
minimal pairs following the syntactic frames in (3)
& (4). Example data is provided in Table 2.

4.2 Setup

The same paradigm discussed in Section 3.2 is used
here, taking D ;g over next-token prediction dis-
tributions at the target position given two prefixes
containing the structures being compared.

Item learning metric Given pairwise D jg be-
tween distributions predicted for a single minimal
pair, we measure the emergence of item-specific
learning independent of effects of abstractions, e.g.,
an abstract transitive class or a gap class, as the
mean D yg across all minimal pairs in a single con-
dition. If in-class D jg increases, then learning has
occurred for single examples that are not tied to
learning a generalized construction.

Class learning metric We define class learning
here again by taking a mean across the distribu-
tions conditioned on prefixes containing the same
verb. We take pairwise D jg between all the dis-
tributions for each verb and perform a one-tailed
Mann-Whitney U-test to determine the proportion
of verbs that are significantly more similar to verbs
in the same category than to verbs from the oppo-
site category. For TRANSITIVITY categorization,
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Figure 7: Comparing class-level and item-based be-
haviour for RELATIVE CLAUSE datasets.

the verbs in the two categories are non-overlapping.
For the RELATIVE CLAUSE categorization, the
two categories contain the same verbs in differ-
ent syntactic contexts, €.g., {giVeno gap» Sllyno gaps
granty, gap} and {givegyy, sellyq,, grantg,, }. As be-
fore, this measure only increases if LMs treat verbs
in the same syntactic category similarly.

4.3 Results

GPT-2 consistently learns via abstraction.
Across all structures tested, class-general behaviour
emerges as soon as any item-based behaviour is ev-
ident. Figures 6 and 7 show that an increase in pair-
wise D ;g between minimal pairs (orange), always
occurs with increases in verbs which are systemati-
cally more similar to those belonging to the same
category, than those which do not (pink). Class-
like behaviour does not emerge slowly — learning
a construction always corresponds with generaliz-
ing that construction across a class of items. This
matches our findings for the learning of semantic
verb argument structure classes.

An unexpected separation into categories at the
beginning of training is observed in the relative
clause conditions. We confirm that this is due
to the token thinks appearing in all non-relative
clause sentences by varying between nine embed-
ding verbs for each target verb. This reduces the
effect (see Appendix B.1, Figure 9).

Structures are not learned globally. Relative
clause filler-gap categories are not learned for all
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Figure 8: Learning curves for each abstraction plotted
for three models trained with different random seeds.

verbs at once. Rather, they are learned separately
for verb classes: pairwise D ;g increases for rel-
ative clauses containing Reciprocal verbs earlier
than for relative clauses containing fo Dative verbs.
This is confirmed by comparing breakpoints for
each verb: the median across verbs for the Re-
ciprocal class and the fo Dative class are 950 and
1900, respectively, matching the onsets observed
in Figure 7. An unpaired t-test confirms that the
differences in breakpoints for the two classes are
statistically significant (p < 10~8). Breakpoints
are heuristically computed as the step after which
the average D jg for a verb across minimal pairs is
consistently at least 0.01 greater than the average
of the first 30 steps of training.

Abstractions are learned sequentially. Across
three runs, we see that each of the abstractions
emerges with distinct onsets in the same sequence
over the course of training (see Figure 8). Before
the onset of learning for a given construction, mean
D jg in each condition does not increase and is
around 0. This confirms further that gradual mem-
orization does not drive syntactic learning.

5 Discussion

Sequential emergence of linguistic behaviour can-
not be due to shifts in the training data or objective,
as this is uniform over standard LM pretraining
(see discussion in Chang et al., 2024). It must be
the case that behavioural change is due to shifts
in model representations or mechanisms. We have
shown here that these shifts are best viewed as
resulting from learning abstractions, rather than
storage of exemplars. Converging evidence comes
from Arora et al. (2024), who show that even indi-
vidual phenomena involve discrete learning stages.
Our results are also consistent with findings from

Wilson et al. (2023), who show that LMs can learn
abstractions which hold over classes of lexical
items by the end of training, the types of abstrac-
tions we test here. Wilson et al. further discuss
abstractions that are difficult for LMs to learn —
future work into the learning trajectories of these
phenomena may provide further insight into why
LMs are unable to learn them.

The order that abstractions emerge in is con-
sistent across training runs: syntactic subcatego-
rization (TRANSITIVITY, ¢ < 100), semantic ar-
gument structure properties (VERB CLASSES, ¢ >
100), lastly, non-local dependencies (RELATIVE
CLAUSE, t > 1000). Our results differ from Evan-
son et al. (2023), who find a similar ordering, but
report gradual parallel learning, while we find clear
evidence of sequential emergence, though our ex-
perimental setup differs as it directly measures ar-
gument predictions, rather than using subject-verb
agreement as a proxy. Discrete learning stages
provide direct support for abstraction-first views
of acquisition — the gradual emergence expected
under exemplar-first acquisition is not empirically
observed. Abstraction-first theories include those
which propose that learning complex structures re-
quires simpler abstractions to be in place (Lebeaux,
2000; Friedmann et al., 2021; Diercks et al., 2023);
the acquisition order we observe is consistent with
the predictions of these theories, as well. This be-
ing said, acquisition order may in principle also
arise from differences in construction frequency,
and, as such, cannot be itself an argument for
complexity-based theories. The role of frequency
effects and abstraction—driven learning biases in
determining acquisition order must be teased apart
in future work.

Despite apparent parallels, a gap between many
theories of child language acquisition and the the-
ory of LM learning we have presented here is that
all abstract linguistic categories learned by LMs
are a product of the data observed during training
and their inductive biases. The abstraction-first be-
haviour observed is not the result of predetermined
linguistic features encoded in the model before
training, unlike what has been proposed to be the
case for humans with, e.g., the mapping between ar-
gument positions and semantic roles (Pinker, 1989).
Indeed, earlier work has shown that abstractions
like argument structure classes are learnable from
distributional patterns, albeit with some supervi-
sion, (e.g., Lapata, 1999; Schulte im Walde, 2000).
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6 Conclusion

A leading view on how LMs can contribute to our
knowledge of human linguistic cognition is as ex-
istence proofs: the mechanisms LMs employ to
acquire the constructions that they do are in princi-
ple possible ways that human learners may arrive at
knowledge of those same constructions (Portelance
and Jasbi, 2024). As such, what we understand to
be the inductive biases of LMs changes the conclu-
sions we can draw on the basis of their success.

Some have recently discussed that LMs may
indeed be an existence proof for exemplar-based
models (Ambridge, 2020; Ambridge and Blything,
2024; Goldberg, 2024). For example, Ambridge
suggests modern LMs are compatible with a view
where linguistic abilities arise via exemplar-storage
because the high parameter count of these models
in principle allows them to memorize. Following a
body of literature that has cautioned against taking
connectionist models as inherently undermining
symbolic views like the abstraction-first account
of learning discussed here (Fodor and Pylyshyn,
1988; Newmeyer, 2003; Mahowald et al., 2020),
we consider this to be a testable empirical question.
Indeed, our results show that the abstraction-first
account is a viable explanation of LM learning. An
open question for future work is characterizing the
sorts of abstractions that LMs can learn — are LM
abstractions best understood at the word-level or
a more dynamic construction-level? Evaluating
LM behaviour over the course of training may be a
fruitful direction for answering questions like these
and uncovering more mechanisms underlying their
success.

Limitations

Our study is limited by its focus on a single model
architecture trained and evaluated on a single lan-
guage. This choice was motivated by previous uses
of these models in similar studies (see Section 3.1),
and constrained by the resource requirements asso-
ciated with training and storing model checkpoints.
Our dataset can be applied to a wider-range of En-
glish models and the paradigm across languages.
These studies will help us understand how general
the effects we report here are. Further testing on
different models may help localise whether this
is an effect of the model architecture and training
procedure and teesting on models of different sizes
can answer whether parameter count has an effect
as well.

The other limitation that we identify here is
the breadth of the linguistic phenomena studied.
While we have focused on abstraction within the
verbal domain, abstraction occurs at different lev-
els of linguistic representation, including below
the word level. Derivational suffixes like English
-ness which can combine with a range of adjectives
to derive nouns is another example of abstraction
— here, over syntactic categories. Whether LMs
can productively combine and use such suffixes
and whether this displays the same abstraction-first
learning that we observe here would be an interest-
ing avenue for future work.

Lastly, while we have provided converging
behavioural evidence in favour of abstraction-
first learning, understanding how representations
change to produce these behaviours is a core
desideratum. We hope that our datasets may be
helpful for future studies along these lines.
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A Datasets: ARGUMENT STRUCTURE
CLASSES

Verbs used for each argument structure class:

to Dative sell (85), grant (85), issue (84), ex-
plain (81), lease (79), award (79), deny (79), teach
(75), present (775), offer (15), allocate (74), give
(66), assign (65), pass (65), read (63), relay (62),
show (62), cede (62), pay (56), trade (52), deliver
(81), feed (49), rent (48), transfer (43), forward
(33), promise (30), mail (28), allot (27), tell (26),
guarantee (24), yield (18), dictate (16), ask (12),
bequeath (7), refund (5). (Levin, 1993; p.45-46)

Motion go (130), travel (124), walk (119), fly
(116), flee (114), sail (111), rush (108), descend
(95), cross (94), run (93), march (93), climb (83),
swim (77), ascend (76), drift (70), ride (65), arrive
(56), hurry (49), race (36), float (32), journey (29),
depart (19), crawl (16), row (15), taxi (14), hasten
(12), limp (11), chase (11), glide (11), hike (10),
dash (10), wander (10), scramble (9), cycle (8),
tumble (8), meander (8). (Levin, 1993; p.263-269)

Reciprocal collaborate (48), team (47), talk (46),
mate (44), communicate (41), compete (39), clash
(35), join (35), meet (30), cooperate (28), speak
(19), correspond (16), fight (15), connect (10),
agree (8), play (4). (Levin, 1993; p.59)

spray-load inject (93), load (66), stock (63),
plant (31), spray (31), stuff (22), pack (20), hang
(15), smear (12), rub (11), plaster (10), shower
(10), scatter (7), sprinkle (7), drape (6). (Levin,
1993; p.50)

Each class is uniform with respect to a broad
categorization of argument preferences structure.
Future work may investigate how finer-grained dis-
tinctions that we do not assess here, e.g., participa-
tion in argument structure alternations, are learned
over the course of training.

B Datasets: RELATIVE CLAUSE

The RELATIVE CLAUSE datasets were automati-
cally generated using the sentences collected for
each verb class for Experiment 1. Experiment 1
does not restrict sentences collected to being a full
finite clause with a subject and active voice verb,
so Stanza parses are used to extract the subject
(and the direct object of the verb for fo Dative
class). Sentences for which the sequence of words
extracted for the subject and object were not con-
tiguous, or for which one of the required arguments

Relative Clause (Reciprocal)

. - . - [
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Relative Clause (to Dative) RS]

N T os

0.0 Ruameent] | | . i . .
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Figure 9: Comparing class-level and item-based be-
haviour on RELATIVE CLAUSE datasets with varied
embedding verbs.

could not be extracted on the basis of the parse tree,
were discarded, accounting for the decrease in the
number of sentences between the full dataset and
the derived relative clause dataset.

Verbs were converted to a simple past form and
placed in two different syntactic templates with
its extracted subject and object, corresponding to
the relative clause (5)-(6) and non-relative clause
(7)-(8) structures being compared in this condition.

(5) The person that SUBJECT V-ED OBJ to __.
(6) The person that SUBJECT V-ED with __.

(7) The person thinks that SUBJECT V-ED OBJ
to

(8) The person thinks that SUBJECT V-ED with

B.1 Alternating embedding verbs

In order to construct minimal pairs with the relative
clause condition that should not license a filler-gap
dependency that contain the relativized noun the
person and the complementizer that, we embed tar-
get sentences under the verb think, as shown above.
Howeyver, this introduces an additional word not
present in the relative clause condition, the embed-
ding verb think itself. This can cause an unexpected
differentiation between conditions early on in train-
ing (see Figure 7). We confirm that this is the effect
of the presence of the word think itself and not early
syntactic learning by varying the embedding verbs:
thinks, believes, knows, says, claims, announces,
states, reports, reveals. They occupy the position
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of thinks in (7) & (8). Figure 9 shows that the spike
observed in Figure 7 at early steps is no longer
present.

C Compute, Packages, and Licenses

Experiments reported used NLTK (3.6.4), lemmin-
flect (0.2.3), and Stanza (1.8.2) for preprocessing
and parsing during the creation of the dataset; trans-
formers (4.40.1), scipy (1.3.1), numpy (1.18.2) and
SpaCy (2.1.8) were used for computational experi-
ments. All experiments were run on NVIDIA RTX
or NVIDIA RTX A6000 GPUs depending on clus-
ter availability.

All data (WikiText-103, Merity et al., 2016;
BLiMP, Warstadt et al., 2020) and pretrained mod-
els (GPT-2 checkpoints, Karamcheti et al., 2021)
are freely available for download and were used
standardly. Our dataset and code can be found at
https://github.com/jasperjjian/abstraction.
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