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Abstract

How predictable a word is can be generally
quantified in two ways: using human responses
to the cloze task or using probabilities from
language models (LMs). When used as predic-
tors of processing effort, LM probabilities out-
perform probabilities derived from cloze data.
However, it is important to establish that LM
probabilities do so for the right reasons, since
different predictors can lead to different scien-
tific conclusions about the role of prediction
in language comprehension. We present evi-
dence for three hypotheses about the apparent
advantage of LM probabilities: not suffering
from low resolution, distinguishing semanti-
cally similar words, and accurately assigning
probabilities to low-frequency words. These
results call for efforts to improve the resolution
of cloze studies, coupled with experiments on
whether human-like prediction is also as sen-
sitive to the fine-grained distinctions made by
LM probabilities.

1 Introduction

Prediction is a key principle of language compre-
hension: Words that are more expected given a
context are easier to process compared to unex-
pected words (Ehrlich and Rayner, 1981; Kutas and
Hillyard, 1984; Smith and Levy, 2013). Studying
this process requires a measure of how predictable
a word is in its context to typical human readers
(i.e. its predictability). The effects of predictabil-
ity on processing effort have been widely studied
and characterized quantitatively (Smith and Levy,
2013; Brothers and Kuperberg, 2021; Szewczyk
and Federmeier, 2022; Shain et al., 2024).

The traditional method for estimating such pre-
dictability is the cloze task, where participants pro-
vide a completion of the next word given an incom-
plete sentence (Taylor, 1953): Words that are pro-
duced more frequently are considered to be more
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Cloze LM
Responses  Probabilities
Ann lost control and| blacked  fell fell 0.0760
crashed hit hit 0.0491
crashed she was 0.0373
cried shouted | struck 0.0221
died then collapsed 0.0062
H1: H2: H3:
Resolution Semantics Frequency
asked fell Cluster 1 0.1012| fell 0.0854
broke  fell UE GRETPEEh o) hit 0.0585
clung hit Cluster2 0.0783| was 0.0467
co//apsed hit {hit, struck, ...}
dove jumped | Cluster 3 0.0467
{was, ...}

Figure 1: How predictable a word is in its context has
traditionally been quantified using the cloze task (red),
which is increasingly being replaced with LM probabili-
ties in recent years (blue). After establishing that LM
probabilities generally provide a better predictor of read-
ing times than cloze responses (Experiment 1), we test
three hypotheses about why (yellow, green, magenta)
by conducting a hypothesis-driven manipulation of LM
probabilities (Experiment 2).

predictable. Predictability can also be estimated
with language models (LMs): Modern LMs are
based on neural networks (Radford et al., 2019; Bi-
derman et al., 2023; Grattafiori et al., 2024) that are
trained on a cloze-like task of predicting the next
word over large-scale examples of human language
use, thus providing accurate estimates of words’
conditional probabilities.

Recent experiments show that LM surprisal (neg-
ative log probability) generally seems to be a su-
perior predictor of comprehension difficulty com-
pared to cloze surprisal (Hofmann et al., 2022;
Michaelov et al., 2023; Shain et al., 2024, though
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see de Varda et al., 2024). This stronger fit be-
tween LM surprisal and human subject data has led
some to claim that LMs should replace the cloze
task entirely (Michaelov et al., 2023; Shain et al.,
2024).

However, this claim based on fit to data ignores
systematic differences between LM and cloze-
based estimates of predictability. LMs reflect
knowledge of billions of training examples and
perfect access to the input text, which enable them
to make predictions that average readers cannot
(Oh and Schuler, 2023; Oh and Linzen, 2025). Ad-
ditionally, LM-based estimates of predictability are
based purely on probabilistic inference and are not
explicitly linked to any notion of structure build-
ing (Slaats and Martin, 2025; Nair and Phillips,
2026), which limits their ability to model the full
range of language processing behavior (Stanojevic¢
et al., 2023; Staub, 2025). On the other hand, cloze
data directly come from human participants, but
the cloze task is an offline task that elicits a single
response from each participant, which may evoke
different cognitive processes from those that under-
lie the graded predictions that are made rapidly
(Staub et al., 2015; Brothers et al., 2023), and
thus do not fully represent human probabilistic
intuitions (Smith and Levy, 2011). This differ-
ence appears to underlie the qualitatively different
next-word predictions—and therefore predictabil-
ity estimates—f{rom humans and LMs (Jacobs et al.,
2024; Shlegeris et al., 2024).

Crucially, different methods of estimating pre-
dictability can lead to different scientific conclu-
sions. For example, the conclusion that the effect
of predictability is better thought of as a facilita-
tion at predictable words (instead of a cost at un-
predictable words; Brothers and Kuperberg, 2021)
changes when GPT2 probabilities are used instead
of cloze probabilities to model exactly the same
reading time data (Shain et al., 2024). Even within
the same class of LMs, how much the slowdown
observed at low-frequency words can be reduced
to the effect of predictability changes depending
on the specific model used to calculate predictabil-
ity estimates (Oh and Schuler, 2025). Therefore,
we argue that it is important to establish where the
relative contribution of cloze and LM surprisal in
modeling human data comes from, instead of ad-
vocating for the use of LM surprisal purely on the
basis of stronger fit to data.

To this end, we first re-establish LM surprisal as
a superior predictor of reading times compared to

cloze surprisal, while additionally exploring how
cloze probabilities should be smoothed and trans-
formed. We then adopt a novel approach of inter-
vening on the LM’s probabilities to test three hy-
potheses that may account for the stronger fit of LM
surprisal (Figure 1). We find support for all three
of our hypotheses: LMs appear to yield stronger
predictors of RTs than cloze responses due to their
ability to assign highly fine-grained probabilities,
distinguish between semantically similar words, as
well as between low-frequency words. This calls
for efforts to improve the resolution of cloze studies
and for experiments on whether humans’ predic-
tions are as sensitive to the fine-grained distinctions
made by LM probabilities.'

2 Experiment 1: Evaluation of Cloze and
LM Surprisal as Predictors of RT's

The first experiment compares the fit of cloze prob-
abilities and LM probabilities to by-word reading
times (RTs). Using multiple English reading time
datasets for which cloze responses are available,
we fit regression models that contain either cloze or
LM probability as a predictor. We then compare the
fit of these models against a regression model that
contains both predictors to evaluate whether one
predictor subsumes the effect of the other. In order
to systematically compare the two measures across
datasets, we place an increased emphasis on exper-
imenting with different methods for smoothing and
transforming cloze probabilities.

2.1 Response Data: By-Word Reading Times

We analyze four English reading time datasets with
available cloze response data. The stimuli text,
cloze responses, and reading times of each dataset
are as follows:

BK21 SPR (Brothers and Kuperberg, 2021). The
BK21 self-paced reading (SPR) dataset contains
216 triplets of sentences that manipulate the pre-
ceding context to make the same target word
highly predictable (high-cloze), moderately pre-
dictable (moderate-cloze), and rarely predictable
(low-cloze). The items were validated through a
cloze norming study that resulted in about 90 re-
sponses per sentence: For the high-, moderate-, and
low-cloze conditions, the subjects predicted the cor-
rect target word around 91%, 20%, and 1% of the

'The code used in this work is available at https://
github.com/sathvikn/cloze-surprisal.
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time respectively. We present the same example
triplet from Brothers and Kuperberg (2021):

e High-cloze: Her vision is terrible and she has to
wear glasses in class.

e Moderate-cloze: She looks very different when
she has to wear glasses in class.

e Low-cloze: Her mother was adamant that she
has to wear glasses in class.

The proportion of times the target word
(i.e. glasses) was produced in the cloze norming
study (cf. the full set of responses) is made pub-
licly available. This dataset also contains SPR
times collected from 216 subjects who did not
take part in the cloze norming study, summed
over the target word and two succeeding words
(i.e. glasses in class).

Provo ET (Luke and Christianson, 2018). The
Provo eye-tracking (ET) dataset contains 55 short
English paragraphs that are about 50 words long,
extracted from news articles, science magazines,
and works of fiction (total 2,746 words). A total of
478 subjects provided cloze responses to each word
in the corpus, resulting in about 40 responses for ev-
ery word. A separate set of 84 subjects who did not
participate in the cloze norming study provided eye-
tracking-while-reading data for these paragraphs.
From the raw eye fixation data, we derive and an-
alyze two by-word measures; first-pass (FP) dura-
tion, which is the time taken between entering a
word region from the left (in the case of English)
and exiting it to either the left or right, and go-past
(GP) duration, which is the time taken between en-
tering a word region from the left and exiting it to
the right, including all regressive fixations.

UCL SPR/ET (Frank et al., 2013; de Varda et al.,
2024). The UCL SPR and ET datasets contain
361 isolated sentences that were extracted from
online novels written by aspiring authors. The sen-
tences were chosen such that they consist fully of
frequent English words and could readily be in-
terpreted without the surrounding context or any
extra-linguistic knowledge. All 361 sentences were
used to collect SPR times from 117 subjects, and
a subset of 205 sentences that fit within a single
line was used to collect eye-tracking data from 48
subjects (Frank et al., 2013). In a separate study by
de Varda et al. (2024), around 80 cloze responses
were collected for each word in the smaller subset
of 205 sentences. We analyze the SPR times, FP

durations, and GP durations provided as part of
these datasets.

Data filtering. The reading times in each dataset
were filtered in standard ways prior to analysis:
Reading times of the first and last word of each sen-
tence (all datasets) and each line (ET datasets) were
removed to avoid wrap-up effects. SPR times and
GP durations that exceed 3000 ms and FP durations
that exceed 2000 ms were also removed. Finally,
for the UCL dataset that also provides sentence-
level comprehension data, reading times from trials
with incorrect responses were removed.

2.2 Predictors: Cloze and LM Probabilities

The main predictors of interest are predictability
estimates derived from cloze responses and those
calculated from an LM:

Cloze probability smoothing and transform.
Partly due to the limitations in the number of cloze
responses (ranging from around ~40 to ~90 for our
RT datasets), the actual next word is often not pro-
duced, leaving their probabilities to be zero. This
is problematic for the log transform required for
surprisal calculation, and therefore the cloze proba-
bilities need to be smoothed by allocating a small
probability to zero-count words.

Additionally, the functional form between cloze
probability and RTs has not been widely estab-
lished in the literature. The linearity of cloze prob-
ability on RTs across the high/moderate/low-cloze
conditions is reported in Brothers and Kuperberg
(2021), but it remains to be seen whether this gener-
alizes to other broad-coverage datasets (cf. the lin-
earity of LM surprisal on RT observed across mul-
tiple datasets and languages; Wilcox et al., 2023;
Xu et al., 2023; Shain et al., 2024).

To establish a strong predictor based on cloze re-
sponses, we first experiment with different smooth-
ing factors and different functional forms to RTs.
More specifically, we adopt a form of add-one
smoothing as follows:

Cy, +1
Yo Cow +V°

where C,,, is the number of times the word w; was
attested as cloze responses. In order to control
the probability mass that is assigned to unattested
cloze completions, we manipulate the smoothing
factor V € {50, 100, 200, 500, 1000, 2000}. We also
evaluate different functional forms between these
cloze probabilities and RTs by transforming them

P(w,) = ey
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prior to including them in linear mixed-effects re-
gression (Xu et al., 2023). The functional forms
we experiment with are raw probability P(w;), raw
surprisal S(w;) = —log, P(w;), and various power
transforms on surprisal, namely S(w,)%, S(w,)% ,
S(w,)?, and S(w,)>.

LM surprisal calculation. The surprisal of each
word was calculated from LM-based predictability
estimates. For our LM, we used GPT2 (small; Rad-
ford et al., 2019), based on its widespread use for
next-word probabilities in psycholinguistic model-
ing studies (Huang et al., 2024; Giulianelli et al.,
2026; Kuribayashi et al., 2025). Each sentence of
the BK21 and UCL datasets and each paragraph of
the Provo dataset was tokenized and provided to
GPT?2 to calculate conditional probabilities. The
probability of the directly following whitespace
was included as part of the word probability (Oh
and Schuler, 2024; Pimentel and Meister, 2024)
to ensure a proper probability distribution over
words.?

2.3 Modeling: LME Regression

The ability of cloze probability and LM surprisal to
predict reading times is evaluated by their contribu-
tion to the log likelihood of a linear-mixed effects
(LME; Bates et al., 2015) regression model. For
each of the six measures (BK21 SPR, Provo FP/GP,
UCL SPR/FP/GP), we first specify a baseline LME
model that includes a set of baseline predictors.
These baseline predictors are word length in char-
acters, position of the word within each sentence,
unigram surprisal as a measure of frequency (all
measures), and whether or not the preceding word
was fixated (FP/GP measures). Unigram surprisal
is calculated using the KenLM toolkit (Heafield
et al., 2013) with parameters estimated on ~6.5 bil-
lion words of the OpenWebText Corpus (Gokaslan
and Cohen, 2019).

To first determine the smoothing and transform
of cloze probability that achieves the strongest fit to
RTs, we evaluate how much each variant of cloze
probability improves the in-sample log likelihood
over the baseline LME model. To this end, we fit
a set of 36 LME models (6 smoothing factors X 6
transforms) that include the baseline predictors and
a variant of cloze probability to about 50% of the
observations for each of the six measures.
m correction, for example, if carpet is tok-

enized into subword tokens car and pet, it always holds that
P(carpet) < P(car).

After choosing the best-fitting variant of cloze
probability, the fit of cloze probability is directly
compared against that of GPT?2 surprisal by com-
paring nested LME models. Three LME models
are fit to each measure; on top of the baseline
model, one additionally containing cloze proba-
bility, one additionally containing GPT?2 surprisal,
and one additionally containing both cloze prob-
ability and GPT2 surprisal.® Their fit to RTs was
evaluated using 10-fold cross-validation; after split-
ting each measure into 10 folds,* held-out log like-
lihood is calculated on the fold that was not used
for model fitting. The two comparisons of interest
are between the model containing both predictors
against that containing only cloze probability and
that containing only GPT?2 surprisal. Statistical sig-
nificance is determined by a paired permutation test
over the two sets of 10 per-observation log likeli-
hood values. All LME models include a by-subject
random intercept; the datasets did not consistently
support a richer random-effects structure.

2.4 Results

The results from cloze probabilities with differ-
ent transforms in Table 1 show that transforming
probabilities into surprisal notably improves fit to
RT; otherwise, the smoothing factor and the power
transforms of surprisal did not have a very large
effect. Contrary to the findings of Brothers and
Kuperberg (2021), when other datasets are taken
into consideration, the effect of cloze probability on
reading time does not seem to be linear. Through-
out the remainder of this paper, we apply S(w;)>
with a smoothing factor of V = 200 to all cloze
probabilities, as this setup achieved the best fit to
the six measures.’

3While it is common to include surprisal from preceding
words as predictors of the current word’s RT to account for
‘spillover’ effects in reading (Vasishth, 2006), we do not in-
clude such spillover predictors for two reasons. The first is
that for the BK21 dataset, cloze response data is only available
at the target word and not for any other word of the sentence,
making it impossible to define spillover predictors for cloze
probability. More fundamentally, including spillover predic-
tors may introduce a confound for answering our research
question; if an LME model containing multiple versions of
cloze probability is compared against that containing multiple
versions of LM surprisal, it remains unclear whether the ob-
served modeling benefit is attributable to the main predictor
or spillover predictors.

“The partitioning is conducted by cycling through each
subject-by-sentence combination and assigning observations
from that combination to a different partition. See Appendix
A for the number of observations in each fold and their total
for each RT measure.

SPrior work has also identified superlinear effects of LM
surprisal (Meister et al., 2021; Xu et al., 2023; Hoover et al.,
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V. Pw) SOw) Sw)? Sw)i Sw)i  S(w;)?
50 91.7 149.2 141.2 145.9 152.1 153.1
100 92.1 149.7 1433 146.8 152.1 153.6
200 922 150.0 144.7 147.6 152.0 153.8
500 92.4 150.1 146.1 148.3 152.0 153.7
1000 924 150.2 146.9 148.6 151.9 153.7
2000 926 1502 1473 149.0 151.6 153.4

Table 1: The increase in regression model log likelihood due to including cloze probability calculated and aggregated

over ~50% of the observations, as a function of different smoothing factors (V) and functional form to RT.

BK21 SPR Provo FP Provo GP hension data than cloze surprisal (Hofmann et al.,
30 30 . 30 2022; Michaelov et al., 2023; Shain et al., 2024).
25 25 25 The two SPR measures that do not show a signif-
z fg fg fg icant difference between the two predictors were
S 10 10 10 not very well predicted by either cloze or GPT2
'9 5\l . | ® D 5 D surprisal, which is possibly due to task-based dif-
E 0 PO 0 o 0 P ferences between SPR and eyetracking.
I oS S & (OC
S a5 UCL SPR . UCL FP - UCL GP 3 Experiment 2: Why Does LM Surprisal
g 30 30 x 30 Predict RTs Better?
B 25 25 25 ————
8 20 20 20 Having established that GPT?2 surprisal predicts
3 12 12 12 RTs over and above cloze surprisal, the second
5 5 5 - experiment aims to identify where the modeling
Ol=—==—=] 0 0 benefit of GPT2 surprisal comes from. To this end,
0\01’@ C,Q/\Q/ & 0\&% c;f@ & 0\0& C,fz@ & we manipulate GPT2 probabilities to test three hy-

Figure 2: Increase in per-observation log likelihood over
the baseline regression models due to including cloze
surprisal, GPT2 surprisal, and both predictors, averaged
over the 10 folds used in cross-validation. Error bars
denote one standard error of the mean (SEM) across the
10 folds. Among the two comparisons of interest (Cloze
vs. Both; GPT2 vs. Both), differences that achieve sig-
nificance at the 0.05 level by a paired permutation test
under a 12-way Bonferroni correction (two comparisons
on six measures) are marked with an asterisk.

Figure 2 presents the main comparison between
cloze and GPT2 surprisal. On four out of six mea-
sures, GPT2 surprisal predicts RTs better than cloze
surprisal, but not vice-versa, indicating that GPT2
surprisal subsumes the effect of cloze surprisal.
This corroborates earlier findings that show LM
surprisal is a superior predictor of real-time compre-

2023). It could be possible that a superlinear effect of cloze
surprisal could be associated with production-related pres-
sures, which have been proposed as an explanation for Meister
et al.’s (2021) results. However, the small differences between
the linear and quadratic transformations of cloze surprisal are
not enough to draw conclusions about the functional form of
the relationship between surprisal and reading time.

potheses that may account for the difference be-
tween cloze responses and LM probabilities (Fig-
ure 1). The fit of manipulated GPT2 surprisal is
compared against that of cloze surprisal following
the same modeling setup as Experiment 1. To the
extent that each hypothesis is supported, we ex-
pect the fit to RT to decrease compared to what is
reported in Figure 2.

3.1 Hypotheses and Manipulations

Hypothesis 1 (H;): Resolution One practical
limitation of conducting human studies to collect
cloze responses is its cost: It can be prohibitively
expensive to collect an ample number of responses
over a text corpus. Due to this limitation, cloze
probabilities suffer from poor resolution, as they
are based on counts from typically fewer than 100
responses, even if their underlying contextual ex-
pectations are higher-resolution. In contrast, LMs
can estimate probabilities for any arbitrary con-
tinuation using their vector representations, and
therefore offer probabilities with much higher res-
olution. To test the hypothesis that the difference
in resolution accounts for the difference in the fit
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to RTs, we match the resolution between cloze and
GPT2 surprisal by basing GPT2 probabilities on
the same number of samples as cloze responses.
More specifically, instead of directly calculat-
ing P(w, | wy 1) from GPT2, we sample a set
of words from the conditional distribution P(W |
wi.4—1). For each context, we sample the same
number of words as the number of cloze responses
(N) for each context. Since LMs’ distributions are
typically defined over subword tokens rather than
words, we iteratively sample N token sequences
from P(W | wy ,—1). We first sample a token £y
and its subsequent token #;. If #; marks the end
of a word (by containing a leading whitespace or
being a punctuation) we take fy as a word sample.
Otherwise, we sample #, conditioned on #y and ¢,
and check whether #, marks the end of a word. We
repeat this process up to #3: If the end-of-word is
not reached by #3, we take the concatenation of 7o,
t1, and 1, as our sample. Given N samples of words
for each context, we calculate resolution-matched
probabilities in a similar manner to Equation 1:

Cy, +1

N+V’ @)

Pu, (W | wi-1) =

where C,, is the number of times w, appears in
the set of samples. As with cloze probabilities,
we apply S(w;)? with a smoothing factor of V =
200 prior to regression modeling. To account for
variance in the sampling process, we report median
regression model performance over five runs.

Theoretically speaking, this manipulation aligns
LM-based estimates with Smith and Levy’s (2011)
view of the cloze task, where each response from
a human subject is seen as a sample from their
subjective probability distribution.®

Hypothesis 2 (H;): Semantics Another conse-
quence of the LM’s ability to consider any arbitrary
continuation is that they can make extremely fine-
grained distinctions between different words: They
assign different probabilities to, for example, couch
and sofa. Human lexical predictions, however, are
influenced by shared semantic features across pos-
sible alternatives (Federmeier and Kutas, 1999; Fe-
dermeier, 2022; Brothers et al., 2023, among oth-
ers). Recent work making use of cloze responses
that share semantic features has been able to pre-

®Hao et al. (2020) claim neural LMs’ probability estimates
may be closer to humans’ subjective probability distributions
compared to n-gram probability estimates, based on their
higher fit to RTs and correlation with cloze probabilities.

dict processing difficulty more effectively than LM
probabilities (Arkhipova et al., 2025).

In order to incorporate the influence of shared
semantic features into GPT2’s probabilities, we
first cluster GPT2’s vocabulary using k-means clus-
tering with token embeddings. Subsequently, we
define the probability of w; as the probability of its
cluster, which is the total probability of its mem-
bers:

P, [ wie) = > Powilwi 1), (3)

w;eC,y,

where C,, denotes the cluster which w; belongs
to. Under this manipulation, if couch and sofa
are assigned the same cluster, then they will both
be assigned the same cluster probability, which
is the sum of the probability of couch, sofa, and
other words that belong to that cluster.” If w; con-
sists of multiple subword tokens, we calculate its
probability by taking the product of subword clus-
ter probabilities.® We perform k-means clustering
with k € {20, 40, 80, 100, 500, 1000}, again report-
ing median regression model performance over five
runs for each k, to account for the randomness in
clustering. We validate our clustering approach and
provide representative examples of cluster mem-
bers in Appendix B.

This manipulation is also inspired by recent work
that incorporates semantic proximity between alter-
native completions into LM predictability estimates
(Meister et al., 2024), and clustering LM repre-
sentations to operationalize semantic predictability
(Jacobs et al., 2025).

Hypothesis 3 (H3): Frequency Another poten-
tial difference between cloze and LM surprisal is
that human subjects may not ever produce low-
frequency continuations to a context (Smith and
Levy, 2011), while effects of word frequency dur-
ing reading are well documented (Kliegl et al.,
2004; Shain, 2024, among others). In contrast,
LM:s assign probabilities to arbitrary low-frequency
continuations, which may account for the improved

7An anonymous reviewer points out that this implementa-
tion may be over-simplistic. An alternative could be to adjust
probabilities such that words in larger clusters gain probabil-
ity, while words in smaller clusters lose probability. However,
LM probabilities would then make fine-grained distinctions
between words, therefore making it inappropriate to test Hy.

8The impact of subword tokenization is likely to be neg-
ligible, as very few words in the corpora were split by the
GPT?2 tokenizer (5.1% for BK21, 5.9% for Provo, and 1.9%
for UCL). See Nair and Resnik (2023) and Giulianelli et al.
(2024a) for more general discussions.
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fit of GPT2 surprisal over cloze surprisal. We test
this hypothesis by constraining GPT2 to assign
probabilities to only high-frequency tokens.

First, we separate the subword vocabulary of
GPT2 into two non-overlapping subsets Vi (fre-
quent) and V; (infrequent) depending on whether
the token meets some frequency threshold. Sub-
sequently, all probability of tokens in V; are set
to zero, and the probability of tokens in VF is re-
normalized to sum to one. Finally, a form of add-
one smoothing is applied to allow log transform:

Pay(wi [ wi 1) =

Pwiwy..r-1) |Vl :
{Zwievp P(wilwi..i-1) X Vel if we € Vp 4)
1 .
Z2rs] if Wy € V[.

If w;, consists of multiple subword tokens, we cal-
culate its probability by multiplying the probabil-
ities of its subword tokens under Equation 4. We
test three different frequency thresholds based on
wordfreq (Speer, 2022); 103 occurrences per bil-
lion words, 10* occurrences per billion words, and
10° occurrences per billion words.

We note that while the three hypotheses are mo-
tivated by different aspects of the cloze task, they
are not necessarily mutually exclusive.

3.2 Results

The aggregate results in Figure 3 show that all three
manipulations result in a significant decrease in fit
to human RTs, providing support for all three hy-
potheses.” In other words, GPT2 appears to yield
stronger predictors of RTs than cloze responses due
to its ability to assign highly fine-grained proba-
bilities (H;) and distinguish between semantically
similar words (H;) and low-frequency words (H3).

The by-measure results in Figure 4 show that
compared to results from unaltered GPT?2 surprisal
in Figure 2, the decrease in fit to RT is the most
apparent on the Provo ET measures, with cloze sur-
prisal now explaining RTs over and above surprisal
from the manipulated GPT2 variants. We specu-
late that the effect is not as large on the UCL ET
measures due to the different characteristics of the
corpus. The UCL corpus is a collection of short,
isolated sentences that consist of all high-frequency
THzandH3, which required decisions about the num-
ber of clusters and the frequency threshold respectively, we
report results using 80 clusters and a threshold of 10* per bil-
lion as representative examples of the similar trend observed
across settings. Results based on different numbers of clus-

ters and frequency thresholds, alongside results from the five
individual runs for H, and Hj, are reported in Appendix C.
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Figure 3: (Top) Increase in per-observation log likeli-
hood over the baseline regression models due to includ-
ing cloze surprisal, GPT2 surprisal, and manipulated
variants of GPT?2 surprisal, averaged over all 60 folds
(10 folds of six measures) used in cross-validation. Er-
ror bars denote one SEM across all 60 folds. Among
the three comparisons between GPT?2 and its manipu-
lated variants, differences that achieve significance at
the 0.05 level by a paired permutation test under a 3-
way Bonferroni correction are marked with an asterisk.
(Bottom) Pearson correlation between cloze probabili-
ties and each set of GPT2-based probabilities, calculated
over the three text corpora. Error bars denote 95% con-
fidence intervals derived by a permutation test.

words; therefore, most notably, our manipulation
based on Hj is unlikely to change the surprisal
predictors by much.

4 Experiment 3: Towards Combining
Cloze Responses With LM Probabilities

The previous experiment showed that GPT2’s abil-
ity to assign fine-grained, ‘high-resolution’ prob-
abilities to the actual observed word w; provides
an advantage for modeling human RTs. In this ex-
periment, we combine cloze responses with GPT2
probabilities through the link of similarity-adjusted
surprisal (SA surprisal; Meister et al., 2024, c.f.
cooccurrence-based smoothing; Essen and Stein-
biss, 1992). SA surprisal is based on the average
probability of likely alternatives to the observed
word w,, which is weighted by their distance to
wy. Unlike Hj, SA surprisal considers attested al-
ternative completions for the context, rather than
words related in meaning to w;. It can therefore
alleviate issues with the poor resolution of cloze
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Figure 4: Increase in per-observation log likelihood in 10~

4 nats over the baseline regression models due to including

cloze surprisal, manipulated GPT2 surprisal, and both predictors, averaged over the 10 folds used in cross-validation.
Error bars denote one SEM across the 10 folds. Among the two comparisons of interest (Cloze vs. Both; GPT2-
Hj1 2.3 vs. Both), differences that achieve significance at the 0.05 level by a paired permutation test under a 12-way
Bonferroni correction (two comparisons on six measures) are marked with an asterisk.

responses; P(w;) can be calculated even if wy itself
is not attested in the set of cloze responses.

By evaluating SA surprisal calculated based on
the set of cloze responses (SA cloze surprisal), we
ask two questions. The first is whether SA cloze
surprisal results in a different fit to RTs compared
to ‘count-and-divide’ cloze surprisal. For exam-
ple, SA cloze surprisal may capture the fact that a
reader’s reading may be facilitated by sofa, even if
they produced only couch as their cloze response.
If so, this may suggest the need for a different
method to derive surprisal from cloze responses.

The second comparison is against SA surprisal
calculated based on the set of GPT2’s responses
(SA GPT2 surprisal). By holding the underlying
distance space and probabilities constant, this com-
parison asks whether the set of alternatives that
GPT?2 considers (i.e. words that might be predicted
instead of w;) also provides a modeling benefit over
the set of cloze responses.

4.1 Methods

SA surprisal is defined as:

PsOwrlwim) = D 2w, w)POW [ wi_ i),
W Ry .
5)

where z(-) is a similarity function and R, , , is a
multiset of responses given the context wy_,_;. For

z(+), we used normalized cosine distance between
token embeddings from GPT2. For R,,, ,_,, we used
the set of cloze responses to calculate SA cloze
surprisal, and the set of GPT2 samples matched
in number (i.e. samples collected to evaluate H;)
to calculate SA GPT2 surprisal. For words that
consist of multiple tokens, we mean-pooled across
their embeddings to calculate their distance to w;,,
following Giulianelli et al. (2024b). The condi-
tional probability P(w’ | wy_;—1) is calculated from
GPT?2. Protocols for regression modeling and sta-
tistical significance testing follow those of the pre-
vious experiments.'?

4.2 Results

Figure 5 shows that both versions of SA surprisal
are poor predictors of RTs, indicating that count-
and-divide is not an unreasonable method to con-
vert cloze responses into probabilities. Results are
inconclusive about the quality of alternatives be-
tween cloze responses and GPT2 samples. We
leave the exploration of methods for combining
cloze responses with LM-based estimates to future
work.

'0We do not report results on the BK21 dataset as it does
not provide the raw cloze responses to be used as R

Wi-1"*
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Figure 5: Increase in per-observation log likelihood,
averaged over all folds used in cross-validation. Error
bars denote one SEM across all folds. Differences that
achieve significance at the 0.05 level under a 10-way
Bonferroni correction (two comparisons on five mea-
sures) are marked with an asterisk.

5 Discussion and Conclusion

To study how linguistic prediction shapes lan-
guage comprehension, we need to quantify how
predictable a word could be to a comprehender.
This work compares two very different methods
for doing so against word-by-word reading times—
using cloze responses and LM probabilities. Con-
sistently with previously reported findings, we first
re-establish over multiple datasets that predictabil-
ity estimates from LMs predict RTs better than
those from cloze responses, at least for eyetracking
data.!!

However, instead of treating cloze responses as
inferior purely on the basis of relatively poorer fit
to RTs, we question where the modeling advantage
of LM surprisal comes from. To this end, we tested
three hypotheses by manipulating GPT2 probabili-
ties accordingly; namely that GPT2 does not suffer
from poor resolution like the cloze task, and that
its probabilities can distinguish between semanti-
cally similar words and low-frequency words. Our
results support all three hypotheses.

Perhaps the most noteworthy finding is that when
LMs are used to generate cloze-like estimates from
an underlying distribution (i.e. the resolution is

1See Buggy et al. (2026) for more arguments about distinct

cognitive processes recruited during self-paced reading and
eyetracking and their consequences on predictability effects.

lowered), GPT2 surprisal is no longer a stronger
predictor of RTs than cloze surprisal. This suggests
that cloze surprisal that is based on more responses
than are typically collected may be a stronger pre-
dictor of RTs than the cloze surprisal evaluated in
this work. Nonetheless, simply collecting more
responses will not address the inherent limitations
of the cloze task, which stem from the fact that it
is an untimed production task. As such, we call for
alternatives to the cloze task, such that it can bet-
ter capture predictions during real-time language
processing. For example, in addition to the tradi-
tional cloze task, timed versions of the cloze task
(Staub et al., 2015) or a maze-like variant may help
control for factors like conscious reflection that can
influence the responses.

At the same time, it remains to be seen whether
human-like prediction is as sensitive to the fine-
grained distinctions made by LM probabilities. Fu-
ture experiments should target whether humans’ ex-
pectations differentiate between e.g. semantically
related words or low-frequency words—perhaps us-
ing stimuli informed by LM probabilities. This will
help ascertain whether LM surprisal indeed pre-
dicts RTs because it captures human-like aspects of
prediction. While neural network-based LMs offer
a lot of convenience for applications in cognitive
modeling, what drives their next-word predictions
is not fully understood. Therefore, there remains
a possibility that their probabilities capture human
data during real-time processing due to reasons
unrelated to human-like prediction.

From a theoretical perspective, it is also impor-
tant to understand the empirical limitations of pre-
diction in language comprehension (e.g. Huang
et al., 2024; Timkey et al., 2025; Staub, 2025).
Therefore, instead of using LM probabilities as
a potential one-size-fits-all explanation of all mea-
sures of processing effort during language compre-
hension, we encourage future modeling approaches
to be more explicit about the links between vari-
ous stages of probabilistic inference and individual
measures. An example of such class of models
is predictive coding models, which not only im-
plement a neurobiologically plausible approach to
inference (Clark, 2013), but also offer cognitively
interpretable measures that can be linked to differ-
ent aspects of processing behavior when applied to
language comprehension (Nour Eddine et al., 2024;
Ohams et al., 2026).
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Limitations

This work relied on language models trained on
English text and data from human subjects that are
native speakers of English. Therefore, it remains
to be seen whether the findings will generalize to
other language models and data collected in other
languages. Although multilingual language models
and reading time datasets exist, we are not aware
of any cross-linguistic datasets of cloze responses
aligned to reading time data. In our manipulations
for Hypotheses 2 and 3, we relied on multiply-
ing token-level probabilities, instead of applying
corrections used for unaltered word probabilities,
since these corrections are not be likely to intro-
duce major qualitative changes to our results (Oh
and Schuler, 2024; Pimentel and Meister, 2024).

Ethical Considerations

This work used reading time data collected as part
of previously published research. We refer readers
to the respective publications for the data collection
and validation procedures. This work used these
datasets for their intended purpose—to study hu-
man sentence processing—and therefore we fore-
see no potential risks associated with this work.
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A Number of Observations for Each RT
Measure

Table 2 outlines the number of observations that
were analyzed for each RT measure.

B Validation of H, Clustering

To determine the stability of the cluster assignments
used for Hy, we compared the labels assigned to
the tokens in GPT2’s vocabulary under different
clustering settings. For each value of k, we com-
puted a pairwise Adjusted Rand Index (Hubert and
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Measure Total Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold 10
BK21 SPR 45840 4578 4601 4592 4575 4573 4591 4575 4574 4602 4579
ProvoFP 105958 10773 10483 10505 10579 10782 10512 10575 10500 10575 10674
Provo GP 105775 10749 10463 10490 10564 10762 10494 10565 10470 10561 10657
UCL SPR 99865 9836 10232 9923 9733 10104 10015 9827 10365 9858 9972
UCL FP 41014 4130 4108 4064 4147 4155 4163 4061 4089 4051 4046
UCL GP 40993 4129 4101 4064 4145 4152 4162 4058 4087 4049 4046

Table 2: The number of observations in each of the 10 folds and their total for each measure.
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Figure 6: Adjusted Rand Index over all pairs of cluster
assignments for different values of k used in H,.

Arabie, 1985) across all five clustering runs (Fig-
ure 6). This measures how often different items
were assigned to the same cluster, correcting for
random chance variation. Although the stability of
the clustering decreases as more clusters are used,
all results are far above zero, which would be the
value of the Adjusted Rand Index under a random
baseline.

We also show an illustrative example of the re-
sults of clustering GPT2’s static token embeddings
in Table 3. This presents select items from five
clusters under one of the runs of k-means cluster-
ing, where k = 80, reported in Figure 4. Since this
is a qualitative example, we also provide manual
characterizations of the clusters.

C Complete Results of Experiment 2

Figure 7 shows the performance of GPT2-H; sur-
prisal for different numbers of clusters used in k-
means clustering. We report the median results
over five runs for each value. The trends in sta-
tistical significance remain the same for £k > 80,
as reported in the main text. When k = 40, cloze
surprisal predicts RTs over and above GPT2-H,
surprisal on BK21 SPR and UCL FP, and there is
no significant difference between the two on UCL

GP. When k = 20, GPT2-H, surprisal predicts RTs
over and above cloze surprisal on BK21 SPR.

Figure 8 shows the performance of GPT2-Hj;
surprisal for different frequency thresholds. We
report results for 10* per billion words (center) in
the main text, which shows the same trend as when
10 per billion words is used as the threshold (left).
When the threshold is increased to 10° per billion
words (right), GPT2-Hj3 surprisal no longer predicts
RTs over and above cloze surprisal on Provo GP.

Figures 9 and 10 show results based on indi-
vidual sampling runs for GPT2-H; surprisal and
clustering runs for GPT2-H; surprisal respectively.
Across both hypotheses, there is no substantial
variability in the magnitude of increase in per-
observation log likelihood or the pattern of sta-
tistical significance.
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Examples Characterization

concerned, angry, worried, interested, aware, proud, sick, surprised, tired, con- Emotions
vinced

day, month, weekend, annual, Nov, May, afternoon, Thursday, night, February  Time
leg, face, foot, heart, hands, wings, bones, tongue, stomach, lung Body parts
mother, boy, father, adult, twin, teenagers, grandfathers, youth, orphan, aunt Family

operates, extends, participates, condemns, remains, uses, appears, becomes, Agentic verbs
disappears, collects

Table 3: Examples from select k-means clusters (k = 80) over GPT2’s static embeddings and their characterization,
used in Run #5 on the UCL corpus in our evaluation of H,.
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Figure 7: Increase in per-observation log likelihood in 10~ nats over the baseline regression models due to including
cloze surprisal, GPT-H; surprisal based on different numbers of clusters, and both predictors, averaged over the
10 folds used in cross-validation. Error bars denote one SEM across the 10 folds. Among the two comparisons
of interest (Cloze vs. Both; GPT2-H; vs. Both), differences that achieve significance at the 0.05 level by a paired
permutation test under a 12-way Bonferroni correction (two comparisons on six measures) are marked with an

asterisk.

33207



Threshold: 10* per billion
BK21 SPR Provo FP Provo GP
35 35

Threshold: 10* per billion
BK21 SPR Provo FP Provo GP
35 35

Threshold: 10° per billion
BK21 SPR Provo FP Provo GP
35 35

35 35 35
30 30 30 30 30 30 30 30 30
25 25 25 N 25 25 25 —x 25 25 25
20 20 201" 3 || 20 20 L 200 T3] 20 20 201
15 15 2 |15 15 15 —=2 115 15 15 - |15
10 10D 10 DE 10 10D E 10 DH 10 10D 10D
5 5 5 5 5 5 5 5 5
OBQ)*% 0 wﬁt 0 Q < OB(D < 0 Q)BQ 0 (4] < OBQ) % 0 Q)l_:—[_lc O wic
g °$ g °s & "5 R "5 g °s & °s & "5 g "5 g °s
S & S & S g QS ao§ S & Ryl S g L o R
~ ~ ~ ~ ~ ~ ~ ~ ~
© Q © Q © Q © Q © Q © Q © ll © Q © Q
0] G} 0] 0] @ G} (0] G}
UCLSPR UCLFP UCLGP UCLSPR UCLFP UCLGP UCL SPR UCLFP UCLGP
35 35 35 35 35 35 35 35 35
30 30 . 30 30 30 30 30 30 30
25 25— 1|25 25 25 25 25 25 . 25
20 20 20 20 20 20 20 201 — |20
15 15 15 15 15 15 15 15 15) —*
10 1om 10 10 10@ 10 10 10@@ 10 D
5 5 5 5 5 5 5 5 5
e S Rl ) B S Sl S G
Q2 "5 Q2 "5 L "5 g "5 Q2 °s Q2 "5 L "5 L °s Q2 "5
Sad L85 L Sl L5 L8 Sy L Laqg
~ ~ ~ ~ ~ ~ ~ ~ ~
© Q © Q © Q © Q © Q © Q © Q © Q © Q
(0] 1G] 1G] 0] @ 1G] 1G] (0] 1G]

Figure 8: Increase in per-observation log likelihood in 10~

4 nats over the baseline regression models due to including

cloze surprisal, GPT-Hj surprisal based on different frequency thresholds, and both predictors, averaged over the
10 folds used in cross-validation. Error bars denote one SEM across the 10 folds. Among the two comparisons
of interest (Cloze vs. Both; GPT2-Hj vs. Both), differences that achieve significance at the 0.05 level by a paired
permutation test under a 12-way Bonferroni correction (two comparisons on six measures) are marked with an

asterisk.
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Figure 9: Increase in per-observation log likelihood in 10~ nats over the baseline regression models due to including
cloze surprisal, GPT-H; surprisal from each sampling run, and both predictors, averaged over the 10 folds used in
cross-validation. Results based on the median log likelihood on each fold are repeated for comparison. Error bars
denote one SEM across the 10 folds. Among the two comparisons of interest (Cloze vs. Both; GPT2-H; vs. Both),
differences that achieve significance at the 0.05 level by a paired permutation test under a 12-way Bonferroni
correction (two comparisons on six measures) are marked with an asterisk.
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Figure 10: Increase in per-observation log likelihood in 10~* nats over the baseline regression models due to
including cloze surprisal, GPT-H, surprisal based on 80 clusters from each clustering run, and both predictors,
averaged over the 10 folds used in cross-validation. Results based on the median log likelihood on each fold are
repeated for comparison. Error bars denote one SEM across the 10 folds. Among the two comparisons of interest
(Cloze vs. Both; GPT2-H, vs. Both), differences that achieve significance at the 0.05 level by a paired permutation
test under a 12-way Bonferroni correction (two comparisons on six measures) are marked with an asterisk.
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