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Abstract

Much recent work has been interested in model-
ing language processing using measures of pre-
dictability estimated from pretrained language
models. These models, however, are primarily
built as language technologies rather than cog-
nitive models, and make many design choices
that may align poorly with theories of human
language processing. We investigate one such
choice — the size of the vocabulary learned
by a BPE tokenizer — and investigate (1) its
effect on the linguistic plausibility of subword
units the model learns, (2) whether vocabulary
size has a substantial influence on the surprisal
estimates a model generates, and (3) whether
those differences in surprisal translate to dif-
ferences in the quality of downstream reading
time predictions. We find that while vocabulary
size doesn’t substantially affect the rate of mor-
phologically reasonable tokenizations, it does
have an impact on surprisal estimates and read-
ing time predictions from 5-gram, LSTM, and
GPT-2 language models. Moreover, we find
that these differences primarily affect words
that are split by the tokenizer, suggesting that
psycholinguists should take care to design stim-
uli meant for computational modeling with sub-
word tokenization in mind.

1 Introduction

Within psycholinguistics, there has been a surge
of interest in using language models to predict as-
pects of human language processing (Wilcox et al.,
2023; Shain et al., 2024; Huang et al., 2024; Wilcox
et al., 2024; Kuribayashi et al., 2025, etc.). This
work typically involves deriving some measure of
each word’s probability in context (surprisal, en-
tropy, etc.) from a neural language model and then
using that measure to predict some measure of hu-
man processing difficulty (reading times, rates of
regressive eye movements, or accuracy, among oth-
ers). While many of these measures are motivated
by psycholinguistic theory (i.e., Surprisal Theory,
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Levy, 2008), the process of deriving these measures
often involves steps that are a product of model
training conventions that are motivated by their
ability to facilitate performance rather than their
suitability for cognitive modeling.

One such step in the model training pipeline
is tokenization, which segments raw text input
into atomic units for further processing. Modern
language models often use subword tokenization
strategies like BPE (Sennrich et al., 2016), which
constructs a vocabulary of possible units based on
statistical co-occurrences between characters in a
training corpus. For a computational psycholin-
guist, these schemes may seem appealing: Building
units based on co-occurrences bears some resem-
blance to the role of transitional probabilities in
statistical learning theories of language acquisition
(Saffran et al., 1996; Saffran, 2001), and the use of
subword units allows for models to capture mor-
phological information shared between words.

In practice, however, there are many unappeal-
ing aspects to BPE tokenization. For instance, BPE
is known to construct subword tokenization splits
that often do not reflect linguistically sensible de-
compositions. Additionally, while Nair and Resnik
(2023) found that subword tokenization choices
had little impact on the quality of predictions on
broad-coverage psycholinguistic data, they found
that this result was driven by the fact that stan-
dard BPE tokenizers only rarely split words into
multiple tokens. This lack of subword splits gen-
erated by standard practice leads to two potential
issues for psycholinguistic modeling: First, this
limits the purported benefits of shared subword in-
formation across words, weakening the ability of
models to account for subword processing mech-
anisms human speakers may use (Fiorentino and
Poeppel, 2007; Ettinger et al., 2014; Bunzeck and
Zarrief3, 2025, etc.). Second, this leads to a reason-
able worry that the few words that are actually split
will be modeled poorly, as their scarcity would give
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little incentive for models to account for differences
based on subword splits during fitting (as Nair and
Resnik, 2023 observed).

This work aims to explore the relationship be-
tween the number of subword splits a tokenizer cre-
ates, the morphological sensibility (or lack thereof)
of the splits, and the ability of models trained with
these tokenizers to model human reading times. In
particular, we utilized the vocabulary size parame-
ter of BPE tokenizers to manipulate the number of
subword splits, evaluating these tokenizers both on
their ability to generate morphologically sensible
splits, the robustness of their surprisal estimates,
and whether surprisals of split and unsplit words
share the same relationship with human reading
times.

In the first experiment, we quantify the exact
effect of vocabulary size on the number of subword
splits and their morphological sensibility by train-
ing 100 different BPE tokenizers, ranging from the
minimum vocab size of 257 to 50257, the size used
by the GPT-2 LMs (Radford et al., 2019). We find
that as vocabulary size increases, the number of
words being split decreases rapidly, but the ratio of
morphological splits stabilizes quickly. To further
investigate how vocabulary sizes affect language
modeling, in the second experiment, we trained
5-gram, LSTM, and GPT-2 models on four repre-
sentative tokenizer sizes. We find that the word-
by-word surprisals generated by these models were
not robust to the tokenizer’s vocabulary size. In
the final experiment, we attempt to predict reading
times using our LSTM models’ surprisals under
the assumptions of surprisal theory, aiming to eval-
uate whether the conversion factor between split
word surprisal and reading times is the same as
that between unsplit words and reading times. We
find that split words’ reading times are consistently
under- or overpredicted relative to unsplit words.
Taken together, our results suggest that choices in
tokenizer implementation — in particular, the vo-
cabulary size used — can impact model surprisal es-
timates and the subsequent quality of reading time
predictions in psycholinguistics modeling. More-
over, we advise experimenters to be particularly
careful when doing targeted evaluations on a small
number of experimental sentences, as the estimates
of infrequent split words that may appear in these
materials may be most impacted by tokenization
choices.!

Code to replicate our analyses is available here.
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2 Experiment 1: How morphological is
BPE tokenization at lower vocabulary
sizes?

Nair and Resnik (2023) found that the non-
morphological nature of BPE subword tokenization
does not appear to affect the broad-coverage predic-
tive power of models of reading times. However,
they also note that due to their use of a standard,
pretrained tokenizer, very few words in the corpus
they tokenized were actually split. As a result, their
broad-coverage analyses of subword tokenization
are largely an evaluation of word-level, rather than
subword, tokenization.

Motivated by this, we aim to evaluate whether
tokenizers that split words to a greater degree may
differ in both their effect of psycholinguistic mod-
eling pipelines and their morphological validity. In
this first experiment, we explore how manipulating
the vocabulary size parameter of a BPE tokenizer
could allow for more subword tokenization to take
place in practice on the particular corpora we plan
to analyze. We ask (1) to what extent are words
actually tokenized into subword tokens at each vo-
cabulary size and (2) to what extent is that subword
tokenization morphologically sensible.

2.1 Methodology

Given our desire to understand the effects of tok-
enization choices on psycholinguistic experimen-
tation, we evaluate our models using a pipeline
designed to simulate how a tokenizer (and, in later
experiments, a language model) might be used for
psycholinguistic modeling. In particular, we simu-
late a procedure where language model is trained
from scratch on a developmentally plausible dataset
and is subsequently used to predict reading times
from a broad-coverage, naturalistic corpus.

In this experiment, we thus train 100 BPE to-
kenizers on the BabyLM Corpus (Warstadt et al.,
2023), a developmentally plausible corpus of 100
million words designed for psycholinguistic mod-
eling, with vocabulary sizes ranging from 257 to
50257 (the vocabulary size used in GPT-2’s tok-
enizer) in increments of 500. We then used these
tokenizers to tokenize the Natural Stories Corpus
(NSC; Futrell et al., 2017), a corpus of word-by-
word readings times for a set of naturalistic, syn-
tactically rich texts.

To evaluate the quality of the tokenization, we
label each word in terms of the morphological sen-
sibility of its tokenization using the umLabeller
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Figure 1: The ratio of tokens to words in the NSC at
each BPE vocabulary size.

(Batsuren et al., 2024). Words were labeled Vocab
if the word is unsplit at this vocabulary size. If the
word is split, it is labeled Morphological if the split
is consistent with a standard linguistic analysis and
Alien otherwise. The label NA is reserved for words
not in the labeller’s vocabulary.

2.2 Results

We first consider the extent to which words are
split at each vocabulary size. We plot the ratio of
tokens to words at each vocabulary size in Figure
1. We find that the token-per-word ratio decreases
rapidly as vocabulary size increases before begin-
ning to plateau, starting at around a vocabulary size
of 5000. Like Nair and Resnik (2023), we find
that in large vocabulary sizes, the vast majority of
words are not split, resulting in these BPE tokeniz-
ers effectively functioning as word-level tokenizers
(Figure 2).

We then investigate the extent to which the sub-
word tokenization we see at lower vocabulary sizes
is morphological. We find that, regardless of vo-
cabulary size, most of the splits are Alien, or non-
morphological (i.e., Figure 2). When considering
just the percentage of Morphological and Alien
splits (Figure 3), we find that past a vocab size of
5000, while the raw number of split tokens contin-
ues to shrink, the proportion of those splits that are
considered morphological remains stable.

3 Experiment 2: Does vocabulary size
impact surprisal estimates?

Experiment 1 showed that the number of split
words decreases as vocabulary size increases, but
that, above a certain vocabulary size, the morpho-
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Figure 2: The number of words in the NSC with each
label at each vocabulary size.
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Figure 3: The percentage of each label among split
words in the NSC, excluding those labeled NA.

logical sensibility of these splits is relatively sta-
ble. In particular, consistent with Nair and Resnik
(2023), we find that a BPE tokenizer with a vocab-
ulary size of 50257 (that of GPT-2), would func-
tionally operate as a word-level tokenizer over a
dataset like the NSC. In addition, we confirm that
tokenizers with much smaller vocabulary sizes can
provide a larger number of splits with roughly the
same rate of morphological validity as larger vo-
cabulary sizes.

Now that we have established that we can manip-
ulate properties of psycholinguistic interest — how
much subword information can be represented, and
whether the subword units correspond to linguis-
tically motivated decompositions — our attention
turns to whether these properties of tokenizations
actually affect the behavior of language models
trained over them. In particular, we ask whether
surprisals are robust to variation in vocabulary size,



with a particular focus on the extent to which small
vocabulary sizes with greater levels of tokeniza-
tion may lead to models that generate surprisals
different from those produced by models trained
using the 50257 vocabulary size used by GPT-2’s
tokenizer.

Crucially, a word’s surprisal should be unaf-
fected by tokenization choices” as the sum of all
of the subword tokens’ surprisals should be exactly
the surprisal of the word. Therefore, differences
in surprisal estimates for a fixed word in context
across vocabulary sizes indicates a sensitivity to to-
kenization choices in the models we use to estimate
surprisal.

3.1 Methodology

We select 4 representative tokenizers from Exper-
iment 1 with which to tokenize our training data:
those with vocabulary sizes 4257, 8257, 20257,
and 50257. These, in increasing order, represent
the size with the largest number of morphologi-
cal tokens, the size with the largest morphological
to alien token ratio, a small size that already has
a small number of split tokens and morphologi-
cal tokens, and the size used by GPT-2 tokenizer.
‘We consider size 50257 as a baseline, as it is the
standard vocabulary size of the tokenizer used by
GPT-2, a widely used pretrained model. For each
of these vocabulary sizes, we train both a 5-gram
language model using KenLLM (Heafield, 2011)
with modified Kneser-Ney smoothing (Chen and
Goodman, 1996) to match the analysis done in Nair
and Resnik (2023), an LSTM language model with
the architecture and hyperparameters of Gulordava
et al. (2018), a neural LM also widely used in psy-
cholinguistics work, and a transformer model with
the architecture of GPT-2 Small.

We train the models on the four tokenizations
of the BabyLM corpus. We then computed word-
by-word surprisals over the NSC, summing the sur-
prisals of subword pieces. As in Experiment 1, we
label each word as morphologically split (morph),
non-morphologically split (alien), or unsplit (vo-
cab) using the umLabeller. As the results from the
NSC for this and the following experiment emerged
from an exploratory analysis of the relationship be-
tween our tokenizers’ vocabularies and the result-
ing surprisals, we chose to run the same analyses

>Though note that there is some variation in how to quan-
tify word-level surprisal from sub-word parts; for example, on
how to handle whitespace (Oh and Schuler, 2024; Pimentel
and Meister, 2024; Giulianelli et al., 2024).
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of the LSTM models on the monolingual portion of
GECO (Cop et al., 2017), a corpus of eyetracking
data. We do this to evaluate the generalizability of
our findings to a different set of materials and, in
the following experiment, with different reading
measures collected with a different methodology.

3.2 Results

Figure 4 shows the changes in surprisal (or
Asurprisal) for each word at a particular vocabu-
lary size relative to the baseline vocabulary size of
50257, for all three models. We further subdivide
based on whether the word is split at the particular
vocabulary size considered and at the baseline: If a
word’s status (i.e. split or unsplit) is the same be-
tween the two sizes, they are categorized as either
Stay Unsplit and Stay Split. Otherwise, they are
categorized by which label they have at the smaller
vocabulary size (i.e., before being merged), giving
us the two additional categories MorphToVocab,
AlienToVocab. To aid in readability, we do not plot
words who are labeled NA by the umLabeller. This
Asurprisal measure allows us to see the extent to
which moving from a standard large vocabulary
size like 50k to a smaller vocabulary size would af-
fect surprisal estimates for various types of words
(i.e., those that would become split by virtue of
swapping from a smaller to a larger vocabulary
size). Note again that if surprisal estimates from
the model were entirely robust to vocabulary size,
then we should see Asurprisals near 0.

For all models, the category that remains most
consistent across vocabulary sizes is Stay Unsplit,
with an average Asurprisal nearest to 0. Notably,
for LSTM models, Stay Split words are, like Mor-
phToVocab and AlienToVocab, overestimated at
smaller vocabulary sizes while they are underes-
timated by both 5-gram and GPT-2 models. We
find no differences between the MorphToVocab and
AlienToVocab words, which both overestimate sur-
prisals relative to the baseline at all vocab sizes.
Similarly, for LSTM models, while Stay Unsplit
words are overestimated less than the other cate-
gories, all categories consistently overestimate sur-
prisal compared to the baseline across vocabulary
sizes. These results roughly hold for the GECO
dataset, as shown in Figure 5, with the exception
of the Stay Split category, which for size 20257 is
not significantly different than baseline.

Taken together, these analyses indicate that ma-
nipulating vocabulary size has a consistent effect
on the surprisals generated from a language model,
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Figure 4: Asurprisal of NSC across LSTM and 5-gram models by change in label. Error bars are 95% confidence

intervals.

particularly for words that become a single token
at the large vocabulary size. More specifically, we
find that surprisals of split words at smaller vo-
cabulary sizes tend to be larger than that of those
same words unsplit at the larger 50257 GPT-2 vo-
cabulary size. While these results are consistent
with better language modeling performance (i.e.,
reduced perplexity) at higher vocabulary sizes, note
that improvement in perplexity is not always tied
to improvements in psychometric predictive power
(Oh and Schuler, 2023), and this improvement in
perplexity should not be taken as a sign of a better
cognitive model.

4 Experiment 3: Does vocabulary size
affect the ability of LMs to capture
human reading behavior?

In Experiment 2, we found that manipulating vo-
cabulary size for a language model’s tokenizer
has an impact on the surprisals that a language
model generates. Moreover, these manipulations
impacted words that were split at smaller vocabu-
lary sizes more than words that were unsplit. While
these results indicate that the surprisals produced
by language models are not consistent at different
vocabulary sizes, they do not lend any insight into
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whether some of these estimates were better than
others, or whether these differences in surprisal
result in qualitatively different reading time predic-
tions.

In this experiment, we address these concerns
by using the surprisals generated by these models
to predict reading times under a surprisal-theoretic
framework that assumes a fixed linear relationship
between surprisals and reading times (Levy, 2008;
Smith and Levy, 2013; van Schijndel and Linzen,
2021). In particular, motivated by the results of Ex-
periment 2, we separately analyze the performance
of these models on words that are split and those
that are unsplit by the tokenizer at each vocabu-
lary size to determine whether the model-estimated
surprisals are comparable in their ability to predict
the processing difficulty of words split and words
unsplit by the tokenizer.

Critically, under this surprisal framework we
would predict that surprisals for split and unsplit
words have identical relationships with measures of
processing difficulty. Thus, if a model consistently
over- or underpredicted the reading times of split
words we would have evidence that the surprisal
estimates for the split words from that model were
poor, as they were inconsistent with the estimates
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Figure 5: Asurprisal of GECO across LSTM models by
change in label. Error bars are 95% confidence intervals.

for unsplit words, and vice-versa.

4.1 Methodology

For each LM, we fit a linear regression model using
surprisal to predict Reading Times from the NSC’s
Self-Paced Reading task, including log frequency
and word length as additional predictors. As our
goal is to look at the relationship between a word’s
status as split or unsplit by the tokenizer, its sur-
prisal estimate, and the associated reading times
from participants in the NSC. However, spillover
effects in self paced reading result in some of the
effect of a words surprisal being delayed to subse-
quent words, meaning that the standard surprisal
analysis that acccounts for these spillover effects
typically include the surprisals of the prior two or
three words as predictors, which will often include
both split and unsplit words. This would mean we
would be unable to isolate the impact of a particu-
lar word (and its split or unsplit status) on reading
times.

To circumvent this, we use a restricted model
that predicts the current word’s reading time us-
ing only a single surprisal taken from either the
current word or one of the prior two words. We de-
termine which word’s surprisal to use by fitting an
initial linear regression model that includes terms
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for the current and prior two word’s surprisal, log-
frequency, and length. The surprisal term with the
largest coefficient is then chosen as the one whose
word’s label and surprisal is used in the final mod-
els.> The goal of this selection is to match each
word’s surprisal with the single reading time that
most reflects the processing difficulty associated
with processing it. Critically, we will evaluate the
resulting model not on the strength of the relation-
ship between surprisal and reading times, but on
whether split or unsplit words are predicted equally
well. For the NSC, we find that the previous word’s
surprisal was most predictive, and thus include it
in the final models.

We then fit two linear models using that model
formula, an UNSPLIT model fit on only unsplit
words and a FULL model fit on the entire dataset.
The FULL model is intended to capture behavior
in our simulated psycholinguistic modeling exper-
iment, looking at how the impact of each word’s
tokenization impacts the ability of surprisal to pre-
dict its reading time.

On the other hand, the UNSPLIT model is de-
signed to evaluate how different the mapping from
surprisal to RT is for split and unsplit words. If
unsplit word’s surprisals have a similar relationship
with reading times as split word’s surprisals (as one
would assume under an analysis that does not con-
sider tokenization) then a model estimated using
only unsplit words should generalize to split words.
On the other hand, if their surprisals have distinct
relationships with reading times, then we should
see consistent over- or underestimation of reading
times.

Similar to Experiment 2, we validate our findings
on the GECO eyetracking corpus, fitting new linear
models using surprisal to predict Gaze Duration,
Go Past Time and Total Reading Time from the
monolingual dataset. As with NSC, we selected
one surprisal term for each model to account for
spillover: Previous word’s surprisal was the best
predictor for Go Past Time and that the current
word’s surprisal was the best predictor for Gaze
Duration and Total Reading Time.

4.2 Results

Figure 6 shows the residual errors (true RT - pre-
dicted RT) of the UNSPLIT model and the FULL
model predicting NSC Self-Paced Reading times

3with the final model formula for a word at position i
being RT; ~ Surprisalyes: + Length; x Frequency; +
Lengthi_1* Frequency;,—1+ Length;_2*x Frequency;—2
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Figure 6: Residual error of FULL Model and UNSPLIT Model predicting NSC Reading Time across vocabulary size
for 5-gram, LSTM, and GPT-2 models. Error bars are 95% confidence intervals.

across vocabulary sizes for 5-gram, LSTM, and
GPT-2 models. For both the 5-gram and the LSTM
models, the UNSPLIT model consistently overpre-
dicts the split words across all vocabulary sizes
except for the largest, 50257. For GPT-2, we see
a similar trend, but with no significant under- or
overprediction at vocabulary sizes 4257 and 20257.
Unsplit words, on the other hand, show no bias in
model errors.

These patterns of under and overprediction of
split words are consistent with the idea that, for
the UNSPLIT model, split words are unseen out-of-
distribution data: The surprisal estimates for split
words have a different relationship with reading
times than unsplit words. Further, these patterns
arise even in the FULL models that are trained on
all words.

When considering the impact of vocabulary size,
we see that at the three smaller vocabulary sizes,
we see a consistent overprediction. At a vocabu-
lary size of 50257, the pattern of overprediction
reverses, with split words being largely underpre-
dicted.

Since we analyze tokenization using BPE, words
that are unsplit at a particular vocabulary size are
necessarily more frequent in our training corpus
than those that are split. Thus, these results are
consistent with the finding that less frequent words
are over or underpredicted under by our regression
models. However, under typical surprisal-theoretic
modeling assumptions (Levy, 2008; Smith and
Levy, 2013; Shain et al., 2024, etc.), surprisal and
reading times should have a fixed linear relation-
ship regardless of frequency, and thus we should
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not see bias in infrequent words outside of those
captured by the surprisal and frequency terms in
our regression.

The residual errors of the UNSPLIT models and
FULL models’ predicting Gaze Duration, Go Past
Time and Total Reading Time from GECO are
shown in Figure 7.

Our observation of bias in model error on split
words in NSC Self Paced Reading Time is con-
sistent with our findings in GECO. In both cases,
unsplit words are predicted with little bias in resid-
ual error in both unsplit and full models, while split
models are consistently under- or overpredicted.
However, we see great variability in patterns of
under- and overprediction depending on both mea-
sure and paradigm: We see mostly underprediction
in eyetracking measures, and see underprediction
reducing with increasing vocabulary size in Gaze
Duration, but increasing in Go Past time and for the
FULL models in Total Reading Time. Regardless
of this variation, these results are consistent with
the claim that split words’ surprisals have a differ-
ent relationship with reading times than those of
unsplit words under a surprisal-theoretic modeling
framework.

5 Discussion

To summarize, across three experiments, we find
that BPE vocabulary size influences the estimated
surprisals of words and predicted reading times
(from both self-paced reading and eyetracking data)
under a surprisal-based modeling framework. In
Experiment 2, we find that surprisal estimates for
specific words differ across tokenization sizes, but
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these differences are primarily driven by words that
are split at smaller vocabulary sizes getting single-
token representations at larger vocabulary sizes. In
Experiment 3, we find that surprisal-based models
of reading times consistently under- or overpre-
dict reading times of split words relative to unsplit
words.

These findings illustrate the importance of care-
fully considering the impact of technical param-
eters like tokenizer vocabulary size when using
language models for psycholinguistic modeling;
word-level surprisals and downstream measures of
difficulty derived from an off-the-shelf model can
only be understood with respect to its tokenization
choices. We find that particular classes of words —
here, words that may be either split or unsplit de-
pending on the choice of vocabulary size — may be
particularly impacted by these tokenization choices.
Practically, this suggests that psycholinguists us-
ing models to generate surprisal estimates should
consider designing stimuli that are robust to these
choices by, for example, avoiding words that are
split by the tokenizer.

Our results expand on and complement prior
work investigating the role of tokenization on psy-
cholinguistic modeling. Nair and Resnik (2023)
analyzed the impact of various tokenization al-
gorithms (orthographic/character-level, BPE, and
morphological) using 5-gram models and, consis-
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tent with our results, found that off-the-shelf BPE
tokenizers were worse predictors of split word read-
ing times than unsplit words. Most similar to this
work, Oh and Schuler (2025) provided both a broad
coverage evaluation of the ability of a suite of State-
Space Models (SSMs) with various vocabulary
sizes to predict reading time data and a targeted
case study on using these models to predict exper-
imental data on Garden Path sentences. Similar
to this work, they found a substantial impact of
vocabulary size, and find the best fit to human read-
ing times involves vocabulary sizes substantially
smaller than that of off-the-shelf models. Among
this landscape, our work provides a few unique
contributions: First, we provide converging evi-
dence from LSTM models, which are both popular
and well understood in psycholinguistic modeling
(Gulordava et al., 2018; Chowdhury and Zampar-
elli, 2018; Marvin and Linzen, 2018; Wilcox et al.,
2018; Lakretz et al., 2019; Futrell et al., 2019; van
Schijndel and Linzen, 2021; Wilcox et al., 2024,
etc.) and Transformer models using the GPT-2
small architecture. Second, we provide analyses
targeted at tracking the way particular word’s sur-
prisal estimates and reading time predictions are
impacted by vocabulary choices, which comple-
ments the more broad-coverage analyses done by
Oh and Schuler (2025) and Nair and Resnik (2023).

These results, taken together, underscore the



need for a more thorough understanding of the
role tokenizers play in predicting human reading
times with language models. Most notably, fol-
lowing Nair and Resnik (2023) and Beinborn and
Pinter (2023), we hope to see more work under-
standing the extent to which tokenization and mor-
phological processing interact, particularly the in-
fluence of morphological tokenization on the mod-
eling of phenomena like subject-verb agreement,
which has been a target of much surprisal-based
modeling (Linzen et al., 2016; Gulordava et al.,
2018; Lakretz et al., 2019; Finlayson et al., 2021;
Arehalli and Linzen, 2024, etc.). Additionally, we
see promise in the work of developing efficient and
broad-coverage tokenization methods that better
capture the morphological assumptions made in
psycholinguistic work to provide an alternative to
off-the-shelf models developed without cognitive
plausibility as a goal.

Limitations

This work analyzes a small set of models of three
architectures on a pair of corpora collected using
two behavioral methodologies and tokenized us-
ing BPE and thus may not be representative of
broader classes of models and tokenization algo-
rithms that may be used to model a wider set of
stimuli. We hope that future work, in concert with
existing results from others, can help establish the
robustness of these findings. Similarly, these exper-
iments were only conducted on English text, and
these findings may not translate to languages with
different morphological or orthographic systems.
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