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Abstract

Recent work has shown that larger language
models have better predictive power for eye
movement and reading time data. However, we
know less about how model capacity relates to
human production statistics in the cloze task,
which are used to predict reading times as well.
While even the best models under-allocate prob-
ability mass to human responses, larger models
assign higher-quality estimates of next tokens
and their likelihood of production in cloze data
because they are less sensitive to lexical co-
occurrence statistics while being better aligned
semantically to human cloze responses. The
results provide support for the claim that the
greater memorization capacity of larger models
helps them guess more semantically appropri-
ate words, but makes them less sensitive to
low-level information that is relevant for word
recognition.

1 Introduction

Humans regularly engage in linguistic prediction,
and can often guess what others are about to say.
The predictability of a word in context is often
quantified by computing its cloze probability: the
proportion of human participants who provide a
particular word as a response when completing a
sentence in the cloze task (e.g., “He hated bees and
feared encountering a ___”; Taylor, 1953). Cloze
probabilities partly reflect a word’s appropriateness
in a given linguistic context or situation, and are
determined in part by semantic fit to the sentence
and knowledge of word and multiword statistics
(Smith and Levy, 2011). In human experiments,
words with higher cloze probabilities are typically
read more quickly and/or trigger more attenuated
neural activity (de Varda et al., 2024).
Understanding how language models align with
cloze data is especially important because cloze
captures dimensions of sentence predictability that
language models may lack access to, such as real-
world knowledge (de Varda et al., 2024; Szewczyk
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and Federmeier, 2022), but the cost of data collec-
tion for probability estimation with human subjects
is high (Pivel-Villanueva et al., 2026). Addition-
ally, recent works have largely turned to probabil-
ities computed using large language models as a
replacement for cloze probabilities (Shain et al.,
2024; Nair and Oh, 2026).

It is understood that large language models do
not perfectly align with human production prefer-
ences (Eisape et al., 2020; Jacobs and McCarthy,
2020; Nair and Oh, 2026; Pivel-Villanueva et al.,
2026). Recent work suggests that model capacity
and memorization ability influences psychomet-
ric predictive power (De Varda and Marelli, 2024;
Futrell et al., 2020; Oh and Linzen, 2025; Shain
et al., 2024; Szewczyk and Federmeier, 2022), but
this is largely unexplored with cloze data. Some
prior work analyzing the alignment between 5-
gram models and human cloze productions showed
that humans are biased toward guessing words that
are higher-frequency and more semantically simi-
lar to other words in the preceding context (Smith
and Levy, 2011). More recently, Michaelov et al.
(2025) showed that larger models are more sensi-
tive to semantics and less sensitive to n-gram statis-
tics than smaller ones, suggesting less reliance on
straightforward memorization. It seems reasonable
to expect, then, that larger models will demonstrate
improved capacity to model human language pro-
duction biases (Pickering and Garrod, 2013; Smith
and Levy, 2011).

We first characterize the scaling relationship be-
tween models and the lexical alignment between
model generations and cloze productions (Experi-
ment 1). The results show that larger models pro-
vide a better match to cloze data at the lexical
level. Experiment 2 evaluates the contribution of
memorization to fit to human cloze data. We com-
pare n-gram statistics to both NLM predictions
and cloze probabilities. Further analyses show that
model size, training budget, and data deduplica-
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Table 1: Top 5 Pythia next-subword continuations in
different Pythia models for the sentence fragment, “He
hated bees and feared encounteringa ____ . * “was”
possibly corresponds to the first subword of “wasp” and

uh” to “hiVe”.

Pythia-70M -160M  -2.8B | Human
lot swarm swarm hive

swarm bee bee swarm
bee new h* bee
new pest was* nest
threat h* colony | wasp

tion all influence fit to cloze probabilities. Finally,
Experiment 3 probes the correspondence in seman-
tic similarity structure between human and NLM
predictions. The results provide corroborating ev-
idence that larger models better align with the se-
mantic structure of human cloze responses. We
finally review how the results for cloze alignment
contrast with similar investigations of reading time
data (Nair and Oh, 2026).

2 Cloze data

We conduct our experiments on the Peelle et al.
(2020) completion norms dataset. It consists of
3085 English sentence stems created by experimen-
tal psycholinguists for which human participants
were asked to type the next word, with each stem
receiving at least 100 manually validated responses
to produce reliable cloze probability estimates. The
stimuli were constructed to vary in the degree of
final-word predictability and a search for these ma-
terials suggests the sentences are not included in
the Pile (Xu et al., 2025), in contrast to naturalistic
materials indexed on the web (Luke and Christian-
son, 2018; Oh et al., 2025). Of the 3085 sentences,
only 16 sentences were shorter than 7 or longer
than 10 words. Despite the short contexts, NLMs
typically guessed appropriate words, and statistical
tests confirmed that sentence length did not have a
significant influence on Spearman rank correlation
to human cloze probabilities (p = .27).

For analyses of language model probabilities,
we choose to use the first subword of human cloze
responses. While a human response might con-
sist of several subword tokens, considering only
word-initial subwords provides enough precision
for our purpose (Nair and Oh, 2026). This also
greatly simplifies probability estimation (Holtzman
etal., 2021; Giulianelli et al., 2023; Oh and Schuler,

2024; Nair and Resnik, 2023; Pimentel and Meis-
ter, 2024; Pivel-Villanueva et al., 2026). For ex-
ample, estimating a probability distribution on a
complete full-word vocabulary would require com-
puting probabilities for every sequence of subwords
in that vocabulary — which is computationally pro-
hibitive and not linguistically motivated. This deci-
sion is also justified by the distribution of human re-
sponses: approximately 50.4 % of human response
tokens are very common words that correspond to
a single token in the models’ vocabularies. On av-
erage, each unique response type was broken into
(1.64 £+ 0.67) subwords. For analyses of seman-
tic spaces, we mean-pool subword embeddings of
multitoken continuations (Giulianelli et al., 2024;
Nair and Oh, 2026).

3 Experiment 1: Comparing production
probabilities

Our experiments compare cloze probabilities re-
ported in the Peelle et al. (2020) dataset against
probabilities from NLMs trained to perform next-
token prediction (Table 1). Inspired by similar
work assessing the role of model capacity on fit
to reading time data by Oh and Schuler (2023a),
we leverage the Pythia suite of language models
(Biderman et al., 2023) to understand whether and
when language models capture human production
variability in the cloze task. Pythia models are next
token predictors trained on the same dataset (the
Pile; Gao et al. 2021) and provide a way to test the
influence of model hyperparameters on fit to cloze
probabilities.

This analysis characterizes the best-case sce-
nario for probabilistic alignment among the Pythia
models by quantifying the correlation between lan-
guage model-allocated probability mass and hu-
man cloze probabilities. pythia-2.8B-deduped
obtained the overall highest correlation to the hu-
man responses. We show that the performance of
this model in matching human production prefer-
ences can be impressive with some deficiencies in
the allocation of probability mass across several
transformations of language model probabilities.

3.1 Cloze probabilities

Pythia probabilities and Peelle cloze probabilities
are correlated with each other (Pearson’s p =
0.492; Spearman’s p = 0.485), but this correlation
is complex (Figure 1a). Firstly, many cloze com-
pletions are assigned probabilities approximately
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(a) Relationship between language model probabilities and
cloze probabilities. Error bars represent bootstrapped confi-
dence intervals. Solid line represents 1:1 relationship.

Pythia-2.8B-deduped
Luce choice log odds
o
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Human cloze log odds

(b) Relationship between log-odds of human cloze proba-
bilities and NLM probabilities renormalized over human re-
sponses.

Figure 1: Human-NLM cloze correlations for Pythia-2.8B-deduped showing major deficiencies in assigning
probability mass to human completions. All models at all sizes showed similar patterns and are not pictured here.

half of their empirical probability in the corpus.
For instance, glancing at Figure 1a, it is clear that
words at 0.75 cloze probability — representing on
average 3 of every 4 responses — were assigned
around language model probabilities of 0.25. Nev-
ertheless, on average, words at the endpoints of the
cloze probability scale (p = .01 and p = 1, respec-
tively) are reasonably well captured; the middle
range of probabilities is, however, systematically
under-estimated by language model probabilities.
This seems to be a case of miscalibration, a com-
mon issue in neural network classifiers (Guo et al.,
2017).

3.2 Cloze log-odds

Comparing raw probabilities, as in Section 3.1, is
made inconvenient by the skewness of the proba-
bility distributions observed. To alleviate this, we
complement them by analyses of log-odds, i.e., af-
ter applying a logit transform to all probabilities p
with a small smoothing parameter a:

p+o

- _a=1x10""
1-(p+a)

logit(p) = log
Unlike raw probabilities, log-odds are un-
bounded, which helps to make low-probability
tails less skewed. The results of a linear mixed
effects regression with random intercepts by sen-
tence stem and cloze response reveal a correlation
between language model log-odds and cloze proba-
bilities that was significantly positive (8 = 0.244,

t(42410) = 133.9, p < .001). The large negative
estimate of the intercept term reveals that language
model probability mass is assigned more uniformly
(B = —2.275, 1(23930) = —167.6, p < .001).

For a cleaner comparison to human responses,
which sum to 1, we also renormalize the NLM prob-
abilities for each preamble using Luce’s choice rule
(Luce, 1977), instead of taking the raw value after
softmax over the NLM’s whole vocabulary. The
equivalent analysis with Luce choice log-odds anal-
ysis revealed that while it is possible to produce
a stronger correlation to cloze probabilities (5 =
0.252, t(50440) = 139.7, p < .001), Pythia still
mostly under-allocates probability mass as seen
in the intercept term (5 = —2.572, ¢(18290) =
—226.7, p < .001; left side of Figure 1b). At
the very highest levels of cloze probability (on
the right side of the figure), Luce-choice language
model log-odds may slightly over-allocate prob-
ability mass. These results provide converging
evidence that accounting for differences in the re-
sponse space does not eliminate the tendency of
Pythia-2.8B-deduped to under-allocate probabili-
ties.

3.3 Rank correlations

Both human cloze and NLM next-token probabil-
ities are typically skewed, with a long tail of rare
responses. In this analysis, we follow Sinha et al.
(2023) and compare the NLM rank of a human
response’s first subword probability against the em-
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Figure 2: Relationship between language model ranks
and cloze ranks. Error bars represent bootstrapped con-
fidence intervals.

pirical rank of the response in the cloze dataset.
This allows us to constrain the correlation to the
same numerical range and determine if the lan-
guage models are able to accurately order human
responses, as in a multiple-choice test (Holtzman
et al., 2020). This transformation partly addresses
the skew in human probabilities and ensures an
even distribution of values even when the vocabu-
lary sizes are quite different.

We measure the alignment between human and
LM rank distributions with Spearman’s (1904) rank
correlation coefficient p. Consistent with the previ-
ous analyses, the human cloze and language model
probabilities are strongly correlated (p = 0.48,
p < .001). However, one need not be optimistic
about ranks: while there is a clear correspondence
between NLM and human cloze probabilities, the
model consistently under-ranks probable human
responses (Figure 2).

4 Experiment 2: Model capacity and
human cloze alignment

The previous experiment established that models
systematically under-allocate the probability mass
of human responses in the cloze task. This ex-
periment builds on findings that language model
next-token predictions are strongly correlated with
unigram probabilities, n-gram probabilities, and
(contextual) semantic similarity (Michaelov et al.,
2025). Thus, we further examine how the corre-
lations between NLM outputs from Pythia mod-
els of all sizes (14M, 70M, 160M, 410M, 1B,
1.4 B, and 2.8 B), trained on the Pile and the de-
duplicated Pile compare to cloze data and simple

n-gram statistics.

4.1 Pythia correlation to n-gram baseline

This experiment probes potential sources of the
correlation between language model probabilities
and human cloze responses in Section 3, while lay-
ing the groundwork for our comparison of NLMs
of varying sizes and training durations in Section
4.2. Here we examine the correlation between the
ranks of n-gram-based next-token prediction scores
to the ranks of language model and human cloze
probabilities in the Peelle et al. (2020) norms.

Following Michaelov et al. (2025), we estimated
scores for a 5-gram model smoothed with Brants
et al.’s (2007) Stupid Backoff heuristic (n = 5,
a = 0.4) on Wikipedia' and found strong corre-
lations with NLM next-token probabilities. Inter-
estingly, model capacity and data deduplication
modulated the correlation between language model
probabilities and 5-gram scores. We find that the
Pythia-70M model produced the strongest corre-
lation to 5-gram estimates (p = 0.57), and this
relationship decreased in magnitude as models get
larger; Pythia-2.8B model showed a much weaker
correlation to 5-gram statistics (p = 0.44).

Data deduplication in the Pile negatively impacts
the correlation between Wikipedia 5-gram scores
and language model probabilities. Additionally,
consistent with prior findings showing that NLMs
rely less on n-gram statistics as they become larger,
we find that the effect of deduplication on correla-
tion to 5-gram scores becomes smaller as models
get larger (Figure 3). These results suggest that
smaller NLMs are more prone to memorization of
n-gram statistics, and data deduplication reduces
the bias toward these repeated sequences.

NLM probabilities were only weakly corre-
lated with unigram scores, which were themselves
strongly correlated with 5-gram scores. Human
cloze responses showed a weak correlation with 5-
gram scores and very weak correlation to unigram
scores. We summarize these correlations in Table 2.
Of particular note is the size of the correlation be-
tween NLM probabilities and 5-gram scores, which
is similar in magnitude to the correlation between
the best NLM and human probabilities.

4.2 Pythia correlation to cloze completions

This experiment assesses the contribution of train-
ing in NLMs to fit to human data. The analyses in

'Precisely, the 2023-11-01 dump of the English version of
Wikipedia, tokenized with the GPT-2 tokenizer.
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Table 2: Spearman correlation coefficient estimates be-
tween different language models (5-gram vs. Pythia
NLM) and human cloze completions. All estimates sig-
nificant.

Human NLM S5-gram

NLM 0.375
5-gram 0.177  0.483
Unigram 0.007 0.187  0.445
% 048 \ .‘

14 70 160 410 1000 1400 2800
Millions of parameters

Figure 3: Correlation strength between Wikipedia 5-
gram scores and Pythia next-token probabilities by
model size and data deduplication. X axis in log scale.
Note: 14M model does not have a deduplicated imple-
mentation.

the previous section assessed the fit between NLMs
and cloze data overall, but did not closely examine
the effect of model size, training duration, or data
deduplication. Better understanding the contribu-
tion of these factors is important because larger
models or models trained for longer appear to pro-
duce less predictive next-word probabilities than
smaller NLMs (Oh and Schuler, 2023a,b; Shain
et al., 2024) but this relationship is not necessarily
expected for cloze data. We again standardize the
correlation between human cloze and NLM proba-
bilities and only consider the relative ranks of each.
For comparisons based on model size, we use all
the models up to and including Pythia-2.8B, in stan-
dard and deduplicated versions. For comparisons
based on training progress, we use checkpoints
of Pythia-70M and Pythia-2.8B models with and
without deduplication.

Here performance generally improved with
model size (Figure 4a), such that greater model
sizes had higher correlations with human responses.
As evidenced by the non-linear slope plotted in
Figure 4b, we observe diminishing returns over
the course of multiple epochs, suggesting that

Deduped -e- No Yes

o o
e >

Spearman correlation with cloze probability
°
N

14 70 160 410 1000 1400 2800

Millions of parameters
(a) Effect of model size in millions of parameters on
rank correlations with human responses. X axis in log
scale. Note: 14M model does not have a deduplicated
implementation.

Deduped —e= No -4 Yes Model size -e- 70 2800
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o
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(b) Effect of training budget (number of steps) on rank
correlations with human responses. Deduplication plays a
larger role in fit with smaller models. X axis in log scale.

Figure 4: Effect of model capacity and size on cloze
correlation.

longer pre-training does not necessarily lead to
better estimation of human predictions. The declin-
ing fit evident at the longest training times repli-
cates some prior work suggesting a phase change
in model behavior indicating overtraining (Bider-
man et al., 2023). Models trained on deduplicated
text typically produced higher-quality estimates of
cloze rankings, even for models of the largest size
(ALL = 19; x2(0) = 37.154; p < 0.001).

Interim summary

Experiment 1 showed modest-to-high correlations
between human- and machine-generated responses
in a cloze task for approximating rankings of hu-
man responses. Those analyses replicated previous
findings demonstrating deficiencies in next-word
prediction even among the largest pretrained neural
language models (Holtzman et al., 2020; Vaidya
et al., 2023; Botch and Finn, 2024; Gruteke Klein
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et al., 2024; Oh et al., 2024). Experiment 2 demon-
strated a novel result that data deduplication has an
important effect on the degree of correspondence
between human cloze and NLM predictions, such
that deduplication appears to improve the proba-
bility estimates of some combinations. This find-
ing coupled with the reverse relationship between
Wikipedia 5-gram scores and deduplicated NLM
probabilities provides additional support for the
claim that memorization of n-grams is pervasive in
smaller language models (Michaelov et al., 2025).

5 Experiment 3: Human-LM semantic
representational similarity analysis

Michaelov et al. (2025) argue that larger models
can encode “more complex relationships” between
words in text, such as anticipating (distributionally)
semantically similar words. We therefore expect
that greater model capacity will promote higher se-
mantic alignment to human cloze responses, which
should be reflected in the structure of their se-
mantic spaces. We wish to specifically quantify
comparisons such as those presented in Table 3.
We explore this by comparing the distributional
semantic spaces from human and language model-
generated sources using a procedure known as Rep-
resentational Similarity Analysis (RSA; Kriegesko-
rte et al., 2008). For all model capacities, we first
assess semantic spaces derived from symbolic co-
occurrence information in Section 5.2 and then
move to language model embedding-based similar-
ity spaces in Section 5.3.

5.1 Analysis procedure

NLM and human participant completions only par-
tially overlap. So, we implement a slight modifica-
tion to RSA that allows us to compare the macro
structure of language model next-word predictions
and human responses independently of their over-
laps for any given preamble by quantifying the
changes in the structures of semantic neighbor-
hoods.

In order to compare semantic spaces, we repre-
sent each of them as a matrix of similarities over W,
the set of words they have in common. In practice,
the semantic spaces we consider are instantiated
as sets of vector representations, and we quantify
the similarity s7'; in a given space a between two
words w; € W and w; € W as the cosine similar-
ity between their vector representations v;* and v’

(] o)

S gl

«

The alignment between two semantic spaces «
and [ is then computed as a function of their re-
spective matrix representations .S, and Sg.

5.2 Positive pointwise mutual information to
assess shared response biases

The first analysis focuses on symbolic, co-
occurrence based definitions of similarity. Con-
sider for example cases where a model guesses
both dog and cat for a sentence stem, and hu-
mans guess these same words for a different sen-
tence. According to the distributional hypothesis,
so long as each data source broadly produces the
same co-occurrence statistics, the model knows
that it should assign high probability to words with
similar meanings in the same contexts. To probe
this, we use the principal component factorization
(PCA, Wold et al., 1987) of a positive pointwise
mutual information (PPMI) matrix derived from co-
occurrence counts, which encodes distributional se-
mantic similarities between words (Levy and Gold-
berg, 2014).

To this end, we consider the Peelle et al. (2020)
stimulus and count two words w; and w; as co-
occurring whenever they both appear in the top-k
responses” for a particular preamble given a partic-
ular data source. We then compute a PPMI matrix
by normalizing counts into log probabilities, sub-
tracting the marginal log probabilities and keeping
only positive values:

PPMI; ; = [log(p(w;, w;)) — log(p(w:)p(w;))]*

We factorize this matrix using PCA — after a row-
wise normalization to produce centered and scaled
values — and keep only the d dominant compo-
nents, yielding d-dimensional vector representa-
tions of words.

We compute (cosine) similarity matrices from
these vector representations (see 5.1) then estimate
their similarities as the Spearman correlation be-
tween their upper triangles (s;)i<; and (s? i<
We expected that this value would be high a pri-
ori due to the degree of overlap between the hu-

*We set k = 40 because very few Peelle sentences elicited
more than 40 unique completions and visual inspection of
the human-NLM rank correlation (Figure 2) suggests that
the correspondence to Peelle completions degrades rapidly.
Consequently, much higher k£ would runs the risk of corrupting
the semantic spaces with irrelevant words.

549



Table 3: Top five most similar words to the word bee in human and NLM cloze completion semantic spaces.

Count-based PPMI + PCA

Averaging Contextual Embeddings

Pythia-160M Human Pythia-160M Pythia-2.8B Human
mosquito fly moth moth moth
sting ant insect mosquito mosquito
snake mosquito bug insect spider
spider insect spider bug bug
bug butterfly mouse spider bird
o — 25 — 50— 75 100 representational footing, we use Pythia-2.8B to pro-
PCAdimension = @ e duce embeddings, which we extract from the last

0.204

0.154

0.104

0.054

Semantic space Spearman correlation coefficient

70 160 400 1000 1400 2800
Millions of parameters

Figure 5: Correlation between model capacity, PCA
dimensionality, and correlation between language model
and human semantic spaces.

man and language model responses. All models
were strongly and significantly correlated with hu-
man cloze semantic spaces, with some variation in
fit based on model capacity, which generally im-
proved as model capacity improved. In particular,
we observe that higher d for PCA produced more
differentiated similarity spaces, such that the size
of the correlation coefficient between human and
LLM completions monotonically decreased with
increasing d across models of all sizes (Figure 5).

5.3 Semantic neighborhood structure of
contextual embedding representations

One shortcoming of the previous analysis is that
human responses can align with language model
completions even in the absence of lexical overlap
(Holtzman et al., 2021). This experiment com-
pares the neighborhoods constructed from con-
textual embeddings of each NLM-generated and
human-produced cloze response. To put human and
NLM-generated data sources of all sizes on equal

layer. This ensures that differences in embedding
quality do not detrimentally affect the comparison
of semantic spaces, particularly for smaller mod-
els. If NLMs are largely producing words that are
reasonable substitutes for the same words that hu-
mans would have provided, then embeddings of
those predictions should be highly similar to hu-
mans’ completions. Additionally, if larger NLMs
better capture semantic structure, then we expect
semantic correspondence to improve with capacity.

Here we model semantic spaces for human and
LM completions using non-contextual word repre-
sentations (v{") obtained by averaging the Pythia
2.8B contextual embeddings of all their occur-
rences:

> hoss(wi,c

i | Da
c€DY

where D is the set of the preambles where word

w; appears as a completion for dataset « (either hu-

man completions of completions for a given LM)

and hg g (w;, ) is the Pythia 2.8B contextual em-

bedding of w; given preamble c.

We then define the alignment Ay (v, 3) between
two spaces by their neighborhood overlap: the
degree to which each word (“pivot”) has the same
neighbors in both spaces, quantified as the average
Jaccard similarity between the top k£ most similar
words for a pivot in each space:

V& (w)
O(
|W| wzew Ve (w)

Ak( 7

where V,*(w) is the set of the k closest neighbors
of word w in space a.

For k = 20, a generalized linear model predict-
ing overlaps as a function of model size revealed
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Figure 6: Neighborhood-based alignment between hu-
man and NLM completions as a function of model size
and neighborhood size considered. X axis in log scale.

modest improvements in overlap with greater ca-
pacity (8 = 0.006041, ¢(24233) = 2.540, p <
.05). However, the overall alignment was very simi-
lar across models of all sizes; Pythia-70M averaged
48.7 % and Pythia-2.8B averaged 49.8 % neighbor-
hood overlap. Further analysis applying stricter
cutoffs for k (i.e., 2 to 19; Figure 6) revealed that
while it is possible to produce greater semantic
alignment to human data (up to 66 % in the case of
the top neighbor), greater model capacity did not
produce significantly higher degrees of overlap.

6 Discussion

Probabilities extracted from NLMs correlate
strongly with scores from n-gram models, reading
times, and cloze probababilities. We present strong
evidence that larger models typically better explain
cloze productions than smaller ones, both at the
lexical and semantic levels of linguistic structure.
The consequences of this finding for computational
psycholinguistics are multifaceted. First, one pos-
sible explanation for the gap in accounting for the
variety of cloze responses could be that people are
not choosing words solely proportionate to their ac-
tivation (Kumar and Hawkins, 2025; Meister et al.,
2024). For example, some models of language
production assume a type of semantic competition
(Abdel Rahman and Melinger, 2009; Harley, 1993).
New models could constrain or alter the next-word
prediction process to explicitly account for seman-
tic structure and better capture cloze task dynamics.
Since larger models that are trained to predict lan-
guage production output, highly accurate models
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should be better able to capture the complexity
of factors that influence word choice (Antonello
and Huth, 2024; Oh et al., 2024; Michaelov et al.,
2025).

Second, our findings shed light on the purported
weak correspondence between human cloze pro-
ductions and reading times (Nair and Oh, 2026;
Shain et al., 2024; Staub, 2025; Szewczyk and Fed-
ermeier, 2022). Since larger models correlate better
with cloze probabilities both lexically and semanti-
cally, and both are less predictive of reading times,
the cloze task may engage semantics and longer-
range context to a greater extent than reading tasks
(Staub et al., 2015), which may be more sensitive
to narrow statistical context or perceptual features
(Futrell et al., 2020; Milligan et al., 2023; Nair and
Oh, 2026; Schotter et al., 2023). Language com-
prehension must be robust to unexpected language,
and making very specific predictions may not al-
ways be optimal (Arora et al., 2022), so relying
on lexical statistics more than semantic structure
may be optimal for reading (Oh et al., 2024). Our
findings complement those of Nair and Oh (2026),
who focus specifically on the relationship between
cloze probabilities, language model probabilities,
and fit to reading times.

The results of this study underscore the need
to formally specify the cognitive and computa-
tional processes that are used to generate next-
token predictions in both language models and
humans. More empirical and modeling work is
needed to determine whether and how different
facets of language processing make use of genera-
tive procedures (Staub, 2025).

7 Limitations

The present studies did not assess a very large
number of language models or model architectures,
which limits the generalizability of the scaling re-
lationships we present here, which may not hold
for other types. Additionally, our results may not
generalize to systems that rely on reinforcement
learning or other methods that could be used to
explicitly simulate the cloze task (Martinez et al.,
2025). However, the work we present here suggests
that work remains to be done in human-like text
generation (Kendro et al., 2026).

Our results are likely limited cross-linguistically,
as few languages have high-quality pre-trained
models and large-scale cloze completion norms
that can be used to study scaling relationships to



cloze tasks. Languages with more complex mor-
phology or different word orders will likely require
different strategies for comparison from English.

Our analyses ultimately focus on words that are
shared between data sources, and thus any biases
of different models toward subword-scale predic-
tions rather than English words may influence the
semantic neighborhood structure of next-token pre-
dictions in ways that hinder human-model align-
ment. Future work should assess how these two
factors interact.

8 Ethical Considerations

The Peelle et al. (2020) data were gathered using
crowdsourcing on Mechanical Turk. The origi-
nal researchers obtained IRB approval for their
research study. Some of the human responses, and
many of the NLM predictions, contain profanity,
sexually explicit content, or other offensive content.
Furthermore, NLMs in general are likely to pro-
duce sexist, ableist, and racist responses even when
guardrails are implemented. Researchers seeking
to evaluate NLM outputs using human judgments
should be aware of the potential for harmful mate-
rial in these outputs.
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