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N-gram-like Language Models Predict Naturalistic Reading Time Best
James A. Michaelov (jamic@mit.edu)1,2 & Roger P. Levy (rplevy@mit.edu)1

1Department of Brain and Cognitive Sciences, Massachusetts Institute of Technology
2MIT Libraries CREOS, Massachusetts Institute of Technology

Abstract

Recent work has found that contemporary language models such
as transformers can become so good at next-word prediction that
the probabilities they calculate become worse for predicting nat-
uralistic reading time. In this paper, we propose that this can be
explained by reading time being shaped by simple 𝑛-gram statis-
tics rather than the more complex statistics learned by state-of-
the-art transformer language models. We demonstrate that the
neural language models whose predictions are most correlated
with 𝑛-gram probability are also those that calculate probabili-
ties that are the most correlated with eye-tracking-based metrics
of reading time on naturalistic text.

Keywords: reading; language processing; language models

Introduction
Two decades ago, researchers discovered that a word’s bigram
probability—that is, the probability of the word occurring
given a specific previous word—is significantly correlated
with the time taken to read the word, with higher-probability
words being read faster than lower-probability words (McDon-
ald & Shillcock, 2003a, 2003b). In the years since, evidence
has continued to mount that bigram surprisal (negative log-
probability; see Hale, 2001) is a reliable predictor of reading
time, as is surprisal from higher-order 𝑛-grams where proba-
bility is calculated based on the 𝑛 − 1 previous words rather
than the just the previous word (Boston et al., 2008; Broth-
ers & Kuperberg, 2021; Demberg & Keller, 2008; Fossum &
Levy, 2012; Frank & Bod, 2011; Levy, 2008; Mitchell et al.,
2010; Oh et al., 2022; Smith & Levy, 2008, 2011, 2013).
As natural language technology has advanced, researchers
have increasingly turned to more complex language models
to calculate statistical probability, including recurrent neural
networks (Aurnhammer & Frank, 2019a, 2019b; Brothers &
Kuperberg, 2021; Eisape et al., 2020; Fossum & Levy, 2012;
Frank & Bod, 2011; Goodkind & Bicknell, 2018; Hao et al.,
2020; Kuribayashi et al., 2021; Merkx & Frank, 2021; Mon-
salve et al., 2012; Oh et al., 2022; Wilcox et al., 2020) and
more recently, transformers (Eisape et al., 2020; Hao et al.,
2020; Kuribayashi et al., 2021; Meister et al., 2021; Merkx &
Frank, 2021; Oh & Schuler, 2023a, 2023b, 2025; Oh et al.,
2022, 2024, 2025; Opedal et al., 2024; Shain, 2024; Shain
et al., 2024; Wilcox, Meister, et al., 2023; Wilcox, Pimentel,
Meister, Cotterell, & Levy, 2023; Wilcox et al., 2020).

An initial trend reported in this line of work was that more
powerful models—those with more parameters, those with

more advanced or scalable architectures, those trained on
larger corpora, and those with better next-word prediction
capabilities—produce predictions that show the best fit to hu-
man reading times for naturalistic text (Goodkind & Bicknell,
2018; Wilcox, Meister, et al., 2023; Wilcox et al., 2020). For
example, Goodkind and Bicknell (2018) observed a linear re-
lationship between a language model’s perplexity (a measure
of next-word prediction capability; Jelinek et al., 1977) and
the fit between its predictions and reading time data.

However, this pattern has not remained robust (Eisape et al.,
2020; Hao et al., 2020; Merkx & Frank, 2021), and the evi-
dence has begun to accumulate for the existence of a limit to
the extent to which this is the case: contemporary transformer
language models can become so good at next-word prediction
that the surprisals they assign to words become less corre-
lated with naturalistic reading time (Kuribayashi et al., 2021;
Oh & Schuler, 2023a, 2023b; Oh et al., 2022, 2024; Shain
et al., 2024). This inverse scaling effect does not appear to be
determined by any specific factor that makes a given model
better at next-word prediction; it applies to cases where larger
models (i.e., those with a greater number of parameters) are
better at next-word prediction than smaller models (Oh et al.,
2022, 2024), cases where models trained on larger datasets are
better at next-word prediction than models trained on smaller
datasets (Oh & Schuler, 2023b), and possibly cases where
some architectures tend to perform better at next-word pre-
diction than others (Eisape et al., 2020).

Other limitations of relying solely on neural language mod-
els to calculate surprisal have also emerged. Unigram sur-
prisal (i.e., negative log-frequency) is often a significant pre-
dictor of reading time above and beyond language model sur-
prisal (Shain, 2024), despite the latter being statistical models
of language probability. The same may also be true for bigram
and trigram surprisal (Goodkind & Bicknell, 2021). In fact,
the extent to which adding unigram and bigram surprisal as
predictors improves the fit of a regression predicting reading
time increases as models become better next-word predictors,
which has been interpreted as ‘compensation’ for the increas-
ingly worse fit of neural language model surprisal (Oh &
Schuler, 2025). In addition, much of the effect of surprisal
on reading time appears to be explainable by frequency alone
(Opedal et al., 2024). Thus, the evidence suggests that con-
temporary language model surprisal does not fully capture the
effects of statistical probability on reading time, and as models
become larger and more powerful, their surprisals do so less.
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Where does the inverse scaling come from?
Oh and Schuler (2023b) find that using surprisal from lan-
guage models trained on up to 2 billion words leads to predic-
tions that better fit naturalistic reading time data, but surprisal
from models trained beyond this point shows an increasingly
worse fit to the data. This pattern is also observable when
comparing models according to their perplexity—models ap-
pear to become ‘too good’ at next-word prediction for their
surprisals to fit reading time well (Oh & Schuler, 2023b). One
specific observed phenomenon is that more powerful models
assign relatively lower surprisals to low-frequency words (es-
pecially nouns and adjectives; Oh and Schuler, 2023a) than
do less powerful models, and this in turn can lead to a system-
atic under-estimation of these words’ reading times (Oh et al.,
2024). This may also partially explain why frequency has
been found to explain variance in reading time above and be-
yond surprisal (Oh & Schuler, 2025; Shain, 2024). However,
exactly what underlies the decreasing fit between language
model predictions and human language processing as indexed
by reading time is still not fully understood.

A general explanation for these patterns is that during the
earlier phases of training, language models make increasingly
human-like predictions as they initially begin to learn lan-
guage statistics, but as they continue to train, their predictions
increasingly reflect properties of the data and their own in-
ductive biases. One version of this is the aforementioned pos-
sibility that models simply become ‘too good’ at next-word
prediction overall due to being trained on orders of magnitude
more data than humans are exposed to, thereby being able to
predict low-frequency words when humans may not be (Oh
et al., 2024). But data type could also matter. For example,
during early language acquisition, our input is primarily made
up of speech, and often child-directed speech. by contrast,
language models are trained on ‘high-quality’ text data, se-
lected based on specific criteria that are not aligned with this
(see, e.g., Wilcox et al., 2025). It is also possible that even
if the models were trained on exactly the same data that the
average human were exposed to, the predictions of humans
and language models would begin to diverge as the models
better learned to reflect the empirical distribution—previous
work suggests that human predictions may not always exactly
reflect empirical probabilities, potentially due to our own in-
ductive biases or the augmentation of predictions with other
kinds of knowledge (see, e.g., Brothers & Kuperberg, 2021;
Michaelov & Bergen, 2024; Michaelov et al., 2022; Smith &
Levy, 2011). Finally, different model architectures are more
or less cognitively plausible in a range of ways, which could
in principle impact the extent to which their predictions match
our own (Merkx & Frank, 2021; Michaelov et al., 2021; Ryu &
Lewis, 2021), though no impact of this on the inverse scaling
effect has been observed (Michaelov et al., 2024).

The 𝑛-gram hypothesis
While the aforementioned possibilities are plausible and likely
worthwhile to explore further, in this paper we propose a

different explanation, which we empirically evaluate on eye-
tracking data: naturalistic reading time is shaped by lower-
order 𝑛-gram statistics, and thus, language models that
make the most 𝑛-gram-like predictions show the best fit to
the data.

This would account for the aforementioned inverse scaling
patterns observed in previous work, aligns with older work
using 𝑛-gram surprisal to predict reading time, and is sup-
ported by several additional findings. First, researchers have
often found that operations that reduce the role of context—
including restricting the context window (Kuribayashi et al.,
2022), reducing memory capacity (Timkey & Linzen, 2023),
or adding a recency bias (C. Clark et al., 2025; De Varda
& Marelli, 2024; Goodkind & Bicknell, 2021; Vaidya et al.,
2023)—improve language model predictions’ fit to reading
time. In addition, language models of all architectures tend to
show a consistent training trajectory where their predictions
closely match unigram probability, followed by bigram prob-
ability, trigram probability, and so on (Chang et al., 2024;
Karpathy et al., 2016; Michaelov et al., 2025). When Oh
and Schuler (2023b) looked at the Pythia suite of language
models (Biderman et al., 2023), they found that fit to reading
time increases until step 1000 of training (2 billion training
tokens), at which point the fit begins to decrease. More re-
cently, Michaelov et al. (2025) found that step 1000 is around
the point during training at which the Pythia models’ predic-
tions’ correlations to bigram and trigram probabilities peak;
after which their correlation drops, as does the correlation
with unigram probability. This is exactly what one would
expect if reading time aligns with these 𝑛-gram statistics.

Why 𝑛-grams? Our proposal is derived from considering
the time course of the neurocognitive mechanisms at play
during naturalistic reading. Current research on the neuro-
science of language comprehension suggests that the N400
component of the event-related brain potential (ERP), which
reliably occurs 300-500ms after a stimulus is first encoun-
tered, indexes the activation of a word’s representations in the
brain (Aurnhammer et al., 2021; Brouwer et al., 2012; Fed-
ermeier, 2021; Kuperberg et al., 2020; Kutas & Federmeier,
2011), and is followed by a number of positive ERP compo-
nents that have been associated with integration, reanalysis, or
anomaly detection and correction (Aurnhammer et al., 2021;
Brouwer et al., 2012; DeLong & Kutas, 2020; Kuperberg et
al., 2020). But in naturalistic reading, the average time spent
on a word during the first pass (i.e., first pass/gaze duration) is
generally under 250ms (Berzak et al., 2025; Cop et al., 2017;
Kennedy et al., 2013). Taking the lower bound of estimates
about how long is needed to program the motor actions of
a saccade (110-150ms; Becker and Jürgens, 1979; Reichle
et al., 2012) and the upper bound of estimates of how long a
saccade takes to complete on average during natural reading
(20-40ms; Rayner and Morrison, 1981; Reichle et al., 2012),
if the first pass duration of a word is 250ms, this would put
the initiation of the programming of the saccade from word
𝑤𝑖 to 𝑤𝑖+1 at a maximum of 450ms after word 𝑤𝑖−1 was first
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Figure 1: The correlation between 𝑛-gram surprisal and reading time in the Provo Corpus.

fixated; which is during the N400, and well before any of the
later processes have even begun. Thus, it is hard to see how the
first pass duration of the average word 𝑤𝑖 could be shaped by
a fully-integrated representation of 𝑤1...𝑤𝑖−1. To the extent
that reading time is shaped by predictions about upcoming
words, these predictions must, at least some of the time, be
based on shallower, under-specified, or otherwise incomplete
representations of their context.

One strong potential candidate for this is 𝑛-gram prediction.
Prediction based on 𝑛-grams relies only on having identified
the previous words in the sequence. Under a hierarchical
predictive coding model of language comprehension (e.g.,
Bornkessel-Schlesewsky & Schlesewsky, 2019; Kuperberg
et al., 2020; Lewis & Bastiaansen, 2015; Nour Eddine et al.,
2024), for example, this could be accomplished relatively early
by the lower levels of the predictive system that are associated
with word form at the same time as the N400 and later ERP
components begin to unfold at higher levels. And the fact that
recurrent neural networks, transformers, and other modern
language models, all of which are explicitly optimized for
next-word prediction also all learn 𝑛-gram relations (Akyürek
et al., 2024; Bietti et al., 2023; Chang & Bergen, 2025; Chang
et al., 2024; Choshen et al., 2022; Karpathy et al., 2016;
Michaelov et al., 2025; Sun & Lu, 2022; Voita et al., 2024)
may be taken to suggest that it is rational for any predictive
system to learn such patterns. It is therefore plausible that
𝑛-gram and potentially other shallow statistics could account
for many of the predictability effects observed in naturalistic
reading.

It is worth noting that the 𝑛-gram hypothesis is not intended
to be an account of all contextual or probabilistic reading time
effects. Longer-range dependencies are known to shape pro-
cessing (Staub & Clifton, 2006); and indeed, our account does
not preclude the possible impact of rich contextual information
from 𝑤<𝑖−1. But since natural texts—which are the context
in which inverse scaling effects have been observed—are gen-
erally written to be coherent rather than explicitly oriented
around known loci of processing difficulty (as in the case of
psycholinguistic stimuli), it is likely that this does not have as
much of a measurable impact above and beyond surface-level
statistics operationalized by 𝑛-grams. It also worth noting that
our account is primarily focused on first pass duration, but the

inverse scaling effect has also been observed for go-past du-
ration (Oh & Schuler, 2023a, 2023b, 2025; Oh et al., 2022,
2024, 2025). But since go-past duration is largely made up of
first pass duration, it would be surprising if the former showed
a different scaling pattern unless there were some specific
reason to believe that surprisal from more powerful language
models would be sufficiently better at predicting the time spent
on regressions out of words to counteract the worse prediction
of first pass duration. We are not aware of any direct evidence
for such a prediction; and in fact, what causes regressions is
still an open research question (T. H. Clark et al., 2026; Rego
et al., 2026; Wilcox et al., 2024).

Experiment 1
If the 𝑛-gram hypothesis holds, we should expect the rela-
tionship between 𝑛-gram surprisal and reading time to show a
different pattern to that of neural language models. Crucially,
if reading time reflects lower-order 𝑛-gram relations, then
these should not show the same inverse scaling. That is, the
correlation between lower-order 𝑛-gram surprisal and reading
time should not get worse no matter how large the corpus—if
anything, it should improve. Meanwhile, we might expect
to see a decrease in correlation as 𝑛-gram order increases.
This is not the pattern observed in past work (Goodkind &
Bicknell, 2018; Hao et al., 2020), but it is worth noting that
the 𝑛-grams in these studies relied on corpora of roughly 1B
tokens, which is before inverse scaling emerges in transform-
ers (Oh & Schuler, 2023b). We carry out this analysis with
contemporary corpora ranging in size from tens of billions to
trillions of tokens.

Method
𝑛-grams We calculate the surprisal (negative log-
probability) of words based on their 𝑛-gram probability in
six corpora: OpenWebText (Gokaslan & Cohen, 2019), C4
(Raffel et al., 2020), the Pile (Gao et al., 2020), Dolma (Sol-
daini et al., 2024), DCLM (Li et al., 2024), and OLMo-Mix
(OLMo Team et al., 2025). Following Michaelov et al. (2025),
we calculate 𝑛-gram probability using the raw counts of word
sequences in the corpus as calculated by infini-gram (Liu et al.,
2024), and use the Stupid Backoff (Brants et al., 2007) pro-
cedure to convert these counts into probabilities. For Open-

4915



(A) Correlation between LM surprisal and other variables over the course of training
(B) Correspondence between the correlation between LM surprisal and RT
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Figure 2: (A) The relationship between language model surprisal over the course of training and both 𝑛-gram surprisal and
reading time in the Provo Corpus. (B) The relationship between the two sets of correlations.

WebText 𝑛-grams, we build an infini-gram index locally; for
the other corpora, we rely on the infini-gram API. We provide
all data, code and analysis scripts at https://osf.io/msuwk.

Reading Time We carry out our analysis on the Provo Cor-
pus (Luke & Christianson, 2018), an eye-tracking dataset com-
prised of data from 470 participants reading 55 passages. We
consider four reading time measures: First Fixation Duration,
First Pass Duration (duration from when a word is first fixated
to when it is first left), Go-Past Duration (duration from when
a word is first fixated to the first fixation past the word), and
Total Duration (the sum of all fixations on the word). We
exclude words that were skipped on the first pass, as well as
words at the beginning of end of a sentence (see, e.g., Oh
and Schuler, 2023b; Shain et al., 2024). We then calculate
the mean of each metric for each word in the corpus (2,449
after the aforementioned exclusions). Of the aforementioned
metrics, we are only aware of one previous study investigating
scaling effects on the prediction of first fixation duration and
total duration (Hao et al., 2020).

Results
The results of this experiment are presented in Figure 1. The
first clear pattern we observe is that unigram and bigram sur-
prisal tend to be most highly correlated with reading time with
little difference between the two (the one exception to this is
First Fixation Duration, where bigram surprisal has a substan-
tially higher correlation). Each 𝑛-gram beyond this (i.e., for
𝑛 ≥ 3) shows a progressively lower correlation to each read-
ing time metric, and in addition, for these 𝑛-grams, there is a
general tendency for 𝑛-grams based on larger corpora to show
a lower correlation. Finally, we see corpus-specific effects.
Specifically, we see that C4 𝑛-grams, and to a lesser extent
Dolma 𝑛-grams, are more highly correlated with reading time
than the two aforementioned patterns would predict.

Discussion
We find that, across the board, lower-order 𝑛-grams (𝑛 ∈
{1, 2}) show a stronger correlation to reading time metrics
than higher-order 𝑛-grams (𝑛 ∈ {3, 4, 5}), consistent with our
predictions. While we do observe some inverse scaling as

a function of dataset size, this only occurs for the higher-
order 𝑛-grams, and so may simply be due to these larger
datasets allowing for better estimation of these higher-order
𝑛-grams. For the lower-order 𝑛-grams, if anything, there is
a very small but noticeable degree of positive scaling as a
function of corpus size.

Additionally, we observe that there is substantial and ap-
parently idiosyncratic variation between 𝑛-grams calculated
on different corpora, even after accounting for corpus size.
One possible explanation for this is text domain or genre. For
example, the fact that C4 was constructed from cleaned Com-
mon Crawl data, which includes data from the whole internet
may mean that it has a more naturalistic distribution than the
others, which are designed explicitly to be ‘high-quality’ data
that lead to good language model performance—this includes
the intentional inclusion of books and scientific articles, only
collecting webpages that have been shared by users on web-
sites such as Reddit, and aggressive data filtering procedures.

Experiment 2
We next turn to our core question of whether the extent to
which scaling effects observed in the relationship between
language models and reading time can be explained by the
extent to which language model surprisal resembles that of
lower-order 𝑛-grams, as would be expected if reading time is
sensitive to 𝑛-gram probability. First, we attempt to replicate
the results of Oh and Schuler (2023b) and Michaelov et al.
(2025), testing whether it is indeed the case that the correlation
between language model surprisal and reading time peaks
when the model’s predictions most reflect 𝑛-grams.

Method
We use the same reading time metrics as in Experiment 1.
Given our aim to explain results such as those in Oh and
Schuler (2023b), we use the Pythia models (Biderman et al.,
2023) to calculate neural language model surprisal. These are
a set of 10 autoregressive transformer language models rang-
ing in size from 14 million parameters to 12 billion parameters,
and trained on the 300 billion tokens of the aforementioned
Pile text corpus, with checkpoints provided at various points
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(A) Correspondence between the correlation between LM surprisal and RT and the
correlation between LM surprisal and ngram surprisal on the Provo Corpus

(B) Correspondence between the correlation between LM surprisal and RT and the
correlation between LM surprisal and ngram surprisal on GECO
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Figure 3: The relationship between the correlation between language model surprisal and 𝑛-gram surprisal and the correlation
between language model surprisal and each measure of reading time in the (A) Provo and (B) GECO datasets.

over the course of training. Thus, it is possible to investigate
how language models surprisal correlates with reading time
both as a function of parameters and training tokens. Since the
models are trained on the Pile, we use the unigram, bigram,
and trigram surprisals calculated on the Pile in Experiment 1.

Results
First, we compare the trajectory of the correlation between
Pythia surprisal and reading time to that of the correlation be-
tween Pythia surprisal and 𝑛-gram surprisal, which we present
in Figure 2A. The degree to which First Fixation Duration is
correlated with Pythia surprisal shows a highly similar time
course to trigram surprisal, while the time course for the other
metrics of reading time more closely resemble those of uni-
gram and bigram surprisal.

To further compare the synchronicity between correlation
to these variables, we look at the correlation between these
correlations (Figure 2B). As can be seen, in almost all cases,
the highest correlation to reading time occurs at the point at
which surprisal is most correlated with 𝑛-gram surprisal. The
nonlinearities in the correlations (i.e., the “V” shapes) show
that as models continue to train, their surprisal’s correlation
with reading time drops more slowly than the correlation with
unigram surprisal (relative to the initial increase), a pattern
that reduces and even reverses for higher-order 𝑛-gram sur-
prisal. Thus, relationship between model surprisal’s correla-
tion to bigram surprisal and to First Pass Duration and Go-Past
Duration is relatively linear, and the same is true for First Fix-
ation Duration and Total Duration in their relation to trigram
surprisal. This pattern is borne out when we calculate the
correlation between these correlations (see Table 1).

Discussion
Overall, we see a general trend where the correlation between
language model surprisal and First Pass Duration and Go-Past
Duration is highly correlated with the correlation between
language model surprisal and bigram surprisal. Meanwhile,
for First Fixation Duration and Total Duration, we see a closer
relationship with trigram surprisal. The former is surprising
in light of the pattern that in the case of neural indices of pro-

cessing, later responses appear to correlate with more complex
relations between words and their context (DeLong & Kutas,
2020; Kuperberg et al., 2020; Van Petten & Luka, 2012);
though it is worth noting the generally low overall correlation
between all surprisal metrics and First Fixation Duration.

Experiment 3
Our results show an extremely high correlation between the
extent to which language model surprisal correlates with read-
ing time and the extent to which it correlates with 𝑛-gram
surprisal. However, in the previous experiment, we only look
at one set of language models (Pythia) and one reading time
dataset (the Provo Corpus). In this experiment, we test the
reliability of the results of Experiment 2 by replicating the
analysis with more models on more reading time data.

Method
We include all the reading time data from Experiments 1–2,
as well as the Ghent Eye-Tracking Corpus (GECO; Cop et
al., 2017), a dataset made up of 14 experimental participants
reading a novel. This dataset includes an additional metric
known as Selective Go-Past Duration (SGPD), a variant of
go-past duration that only includes the time spent fixated on
the word itself. After carrying out the same exclusions and
calculating mean reading times, we carried out our analysis
on data from 43,251 words.

In addition to calculating neural language model surprisal
with the Pythia models (as in Experiment 2), we calculate
the surprisal of all words in both reading time datasets us-
ing the Open GPT-2 (Karamcheti et al., 2021) and Gemstone
(McLeish et al., 2025) models. The Open GPT-2 models are
trained on the OpenWebText corpus, and are an open repli-
cation of the small (124M parameter) and medium (355M
parameter) GPT-2 models, with checkpoints taken over the
course of training during 5 training runs (with different ran-
dom seeds). Due to an error with one of these seeds (Hawkins,
2023), we use the remaining 4 seeds of each model. The Gem-
stone models are a set of 22 models ranging from 50 million to
2 billion parameters, designed to for testing whether the width
and depth of language models have an impact on performance

4917



Table 1: The Pearson correlation coefficient 𝑟 between the correlation between language model surprisal and 𝑛-gram surprisal
and the correlation between language model surprisal and First Fixation Duration (FFD), First Pass Duration (FPD), Go-Past
Duration (GPD), and Total Duration (TD); with the highest bolded.

GECO Provo
Family N-gram FFD FPD SGPD GPD TD FFD FPD GPD TD
Gemstone Unigram Surprisal 0.964 0.981 0.984 0.990 0.980 0.884 0.980 0.955 0.949
Gemstone Bigram Surprisal 0.942 0.986 0.984 0.970 0.966 0.896 0.986 0.972 0.966
Gemstone Trigram Surprisal 0.976 0.970 0.974 0.982 0.982 0.886 0.959 0.969 0.962

Open GPT-2 Unigram Surprisal 0.564 0.643 0.662 0.771 0.646 0.511 0.772 0.723 0.677
Open GPT-2 Bigram Surprisal 0.918 0.974 0.976 0.938 0.964 0.955 0.989 0.973 0.988
Open GPT-2 Trigram Surprisal 0.95 0.945 0.953 0.969 0.966 0.991 0.918 0.908 0.963

Pythia Unigram Surprisal 0.238 0.377 0.409 0.671 0.355 0.478 0.743 0.808 0.622
Pythia Bigram Surprisal 0.878 0.967 0.971 0.933 0.945 0.925 0.993 0.984 0.973
Pythia Trigram Surprisal 0.931 0.957 0.964 0.949 0.967 0.993 0.952 0.899 0.986

above and beyond their contribution to total parameter count.
They are trained on a subset of the Dolma corpus, with check-
points taken over the course of training.

Results
The results are presented in Figure 3. Across models, metrics,
and datasets, we see a general trend: a language model that
makes predictions that are more correlated with 𝑛-grams also
makes predictions that are more correlated with reading time.
As in Experiment 2, this is generally true to the greatest extent
for bigram and trigram surprisal (see Table 1). Also as in Ex-
periments 1–2, we see the lowest overall correlation between
surprisal (neural language model and 𝑛-gram) and First Fixa-
tion Duration and Go-Past Duration—in GECO, this is more
pronounced for the latter. A notable detail in Figure 3 is that
we see mostly the same pattern across model families—the re-
lationship between the correlation to 𝑛-grams and to reading
time appears stable.

Discussion
We observe the same general pattern as in Experiment 2, that
language models that make more 𝑛-gram-like predictions also
make predictions that are more strongly correlated with each
of the reading time metrics.

General Discussion
Our results provide clear evidence that the extent to which
a neural language model’s predictions reflect low-order 𝑛-
grams is correlated with the extent to which the surprisal of
words calculated using it correlates with reading time. This is
true across reading time metric, dataset, and language model
family. Thus, the evidence is consistent with our original
hypothesis—more 𝑛-gram-like language models show a better
correlation to naturalistic reading time.

What does this tell us about human language processing?
As previously noted, we do not argue for 𝑛-gram-based predic-

tion as a complete account of how context shapes reading time.
Nor do we argue that humans do not rely on more complex sta-
tistical relationships between words—indeed, recent work has
shown that more powerful language models trained on more
data other indices of language processing better than models
trained on less data (Michaelov & Bergen, 2026; Michaelov
et al., 2024). Nonetheless, we clearly observe that more 𝑛-
gram-like language models make predictions that correlate
better with reading time, and note that a substantial amount
of previous empirical work has demonstrated a reliable link
between reading time and 𝑛-gram surprisal, as previously dis-
cussed. Thus, taken together, our results suggest that to the
extent that language statistics play a role in the reading of
naturalistic text, these are best captured by 𝑛-grams.

The idea that first pass duration can explain the pattern in
other metrics is also supported by the data analyzed in that
most words are only fixated once in the first pass (Provo:
82.5%; GECO: 88.7%), and most words are not refixated
after the first pass (Provo: 82.5%; GECO: 83.4%). The lower
overall correlation for First Fixation Duration is likely due to
the fact that in cases where there is a difference between it and
First Pass Duration, it is smaller, and thus, proportionally more
impacted by spillover effects from previous words. Similarly,
Go-Past Duration includes the time taken to read other words
in regressions from the current word.

Another question is why we see slightly higher correlations
between neural language models and reading time (at their
best) than between raw 𝑛-grams and reading time. One pos-
sibility is that neural language models simply learn a better
smoothing function (recall that we use a very simple backoff
scheme). Alternatively, it is possible that eye movements are
sensitive to other basic properties of words that are captured
by weaker neural language models but not 𝑛-grams, such as
word-level semantic relatedness (see Michaelov et al., 2025).
Disentangling these possibilities is a question for future work.
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