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Abstract

Large Language Models (LLMs) have recently
been shown to produce estimates of psycholin-
guistic norms, such as valence, arousal, or con-
creteness, for words and multiword expressions,
that correlate with human judgments. These es-
timates are obtained by prompting an LLM, in
zero-shot fashion, with a question similar to
those used in human studies. Meanwhile, for
other norms such as lexical decision time or age
of acquisition, LLMs require supervised fine-
tuning to obtain results that align with ground-
truth values. In this paper, we extend this
approach to the previously unstudied features
of sentence memorability and reading times,
which involve the relationship between mul-
tiple words in a sentence-level context. Our
results show that via fine-tuning, models can
provide estimates that correlate with human-
derived norms and exceed the predictive power
of interpretable baseline predictors, demonstrat-
ing that LLMs contain useful information about
sentence-level features. At the same time, our
results show very mixed zero-shot and few-shot
performance, providing further evidence that
care is needed when using LLM-prompting as
a proxy for human cognitive measures.

1 Introduction

How much useful information do Large Language
Models (LLMs) contain about human psycholin-
guistic features? Prior work indicates that LLMs
are able to predict word-level features such as con-
creteness or valence (Trott, 2024), age of acquisi-
tion (Sendin et al., 2025), and lexical decision times
(Martinez et al., 2025) as well as for multi-word ex-
pressions (Martinez et al., 2024), (Brysbaert et al.,
2024). One method of testing for the presence
of useful psycholinguistically relevant information
within LLMs is to simply prompt LLMs by ask-
ing a psycholinguistic query directly in zero-shot
fashion. However, some evidence points to a lack
of introspection in LLMs — their responses to

prompts are not necessarily consistent with their la-
tent knowledge that can be accessed in other ways,
such as by inspecting token log-probabilities rather
than directly prompting (Song et al., 2025; Hu and
Levy, 2023). Fine-tuning language models based
on small amounts of supervised data provides a way
to better capitalize upon the rich learned model rep-
resentations of pre-trained models. For example,
Conde et al. (2025b) fine-tuned Llama 3 models to
predict English familiarity ratings, achieving Pear-
son’s correlation improvements of up to 0.3 over
zero-shot baselines.

The approach of prompting an LLM to provide
psycholinguistic norms differs from approaches
which directly predict psycholinguistic features
based on theoretically motivated, interpretable fea-
tures. For example, surprisal theory states that
human processing difficulty during reading is re-
lated to the predictability of words in context (Hale,
2001; Smith and Levy, 2013; Levy, 2008). For
the domain of word memorability, Tuckute et al.
(2025) used the theoretically motivated predictors
of number of meanings and number of synonyms
to predict the memorability of words, while Clark
et al. (2026) used the distinctiveness of a sentence’s
Sentence-BERT semantic embedding (Reimers and
Gurevych, 2019), as a theoretically motivated, zero-
shot, sentence-level predictor of sentence memora-
bility (among other features such as average word
memorability and average word frequency). In
our view, these methods address different ques-
tions, and thereby form a complementary set of
approaches that collectively shed light on the func-
tioning of LLMs and their alignment with human
cognition.

Probing for psycholinguistic features exists as
part of a broader paradigm of using artificial in-
telligence models to study and simulate human
cognition (Frank and Goodman, 2025; Hagendorff
et al., 2024; Binz et al., 2025). The use of LLM-
prompting in cognitive science has also raised ques-
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"The memorability of a word measures how
persons remember occurences of words. For
example, if after reading a text they can
remember occurences of that word in the text.

The memorability of word {X} is {Y}". \.
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Figure 1: Overview of our approach, contrasting zero-shot prompting with fine-tuning on small supervised datasets

for predicting psycholinguistic norms.

tions both about the best methodologies for elicit-
ing predictions, as well as calls for caution regard-
ing using LLM outputs as a substitute for human
data (Gao et al., 2025; Dentella et al., 2023). Within
this landscape, it is crucial to understand how well
LLM outputs actually align with varied psycholin-
guistic features, whether and how this alignment
can be improved, and whether the paradigm of
LLM-prompting can be extended to sentence-level,
and not just word-level, features.

In this paper, we go beyond existing work study-
ing word-level psycholinguistic features in LLMs,
and explore whether LLMs can generate predic-
tions for norms which require processing at the
sentence level. Specifically, we systematically
compare zero-shot vs. fine-tuned predictions from
LLM:s to psycholinguistic behavioral norms, across
the domains of memorability and reading times.

Our contributions are as follows:

1. We demonstrate that for memorability (both
word and sentence-level), zero-shot prompt-
ing yields predictions that are uncorrelated
with empirical norms. Meanwhile, for read-
ing times, zero-shot prompting yields predic-
tions that do correlate with empirical norms
— modestly for self-paced reading and more
strongly for eye-tracking data.

2. We demonstrate that, for both memorabil-
ity and reading times, fine-tuning on a few
hundred examples yields predictions that are
strongly correlated with empirical norms —
exceeding the predictive power of simple, in-
terpretable baselines. This shows that via fine-
tuning, the prompting of LLMs for psycholin-
guistic norms can be extended to sentence-
level norms, not just word-level features.

The remainder of the paper is organized as fol-
lows. Section 2 discusses the data, models, and pro-

cedures used in the evaluation. Section 3 presents
the results, which are then discussed in Section 4.
We conclude by discussing implications for the in-
tersection of psycholinguistics and NLP, and the
limitations and caveats of this approach.

2 Methods

This section describes the data, models, and proce-
dures used to generate and evaluate LLM predic-
tions of memorability and reading times, across
zero-shot and fine-tuned settings. A general
overview of the procedure is illustrated in Figure 1.

2.1 Data

Here we introduce the datasets which we use in our
model evaluations. We focus on two different but
important psycholinguistic domains — memorabil-
ity and reading times — which have not yet been
the target of comparison with LLM predictions. In
contrast to past work (e.g., Conde et al., 2025a;
Trott, 2024), which has considered word-level fea-
tures such as the Glasgow word norms (Scott et al.,
2019) or the Lancaster sensorimotor word norms
(Lynott et al., 2020), the domains of sentence mem-
orability and reading times pose a distinct chal-
lenge for estimating psycholinguistic norms via
LLM prompting, because they are sentence-level
features. For instance, the memorability of a sen-
tence is a property of the entire sentence, influenced
by its compositional meaning (Clark et al., 2026).
Likewise, while reading times are known to de-
pend on certain stable properties of a word, such as
its length, frequency, or age of acquisition (Smith
and Levy, 2013; Brothers and Kuperberg, 2021;
Luke and Christianson, 2018; Demberg and Keller,
2008; Kennedy et al., 2013), they also depend on
its contextual surprisal, which varies from sentence
to sentence. Any model that successfully predicts
reading time variation across different instances



of the same wordform will need to take into ac-
count the relationship between multiple words in a
sentence.

We also include word memorability as a com-
parison for sentence memorability. For both types
of memorability data, norms are collected not by
asking human raters for their judgments, but rather
by conducting a repeat detection experiment; this
makes these norms inherently more scarce and ex-
pensive to acquire. Another challenge of memora-
bility data is its dissociation from human subjective
judgments, as reported in prior literature. Isola et al.
(2014) report that subjective human judgments of
the memorability of images actually correlate neg-
atively with empirically measured memorability,
while Clark et al. (2026) report that subjective
memorability judgments for sentences have a weak
correlation of 0.24 with empirical sentence memo-
rability. Therefore, for all of the following datasets
— word memorability, sentence memorability, and
reading times — we have reason to believe that
LLM predictions may not align as well with the
ground truth compared to results from the prior
literature.

2.1.1 Word Memorability

We use the word memorability data of Tuckute et al.
(2025)!, which contains 2109 English words with
empirical memorability scores collected via a be-
havioral experiment with native English speakers.
This experimental paradigm builds on a body of
work related to measuring the intrinsic memorabil-
ity of various classes of stimuli, such as images
(Isola et al., 2011) and faces (Bainbridge, 2017). A
word’s memorability is quantified as the average
accuracy of responses across participants within a
repeat detection (recognition memory) paradigm,
yielding values between 0 and 1. In this paradigm,
reporting a novel stimulus as familiar and failing
to report a repeat stimulus as familiar are the two
sources of incorrect responses.

2.1.2 Sentence Memorability

We use the sentence memorability data of Clark
et al. (2026)%, which contains 2500 English sen-
tences with empirical memorability scores col-
lected via a behavioral experiment with native En-
glish speakers, following the same experimental
paradigm as Tuckute et al. (2025), thereby resulting
"Experiment 1, available at https://github.com/
gretatuckute/memorable_words under MIT license.

ZAvailable at https://github.com/thomashikaru/
sentence_memorability_share under MIT license.

in scores between 0 and 1. Table 1 shows examples
of high- and low-memorability sentences from the
dataset.

Sentence Memorability
Does olive oil work for tanning? 0.98
Scott cried, pursing his pink lips. 0.89
The weather was warm and dry. 0.79
I can’t get hold of him. 0.72
We want to make it better. 0.56

Table 1: Example sentences from the dataset of Clark
et al. (2026), with human-derived memorability scores.

2.1.3 Self-Paced Reading Times

We use the reading time data from the Natural Sto-
ries Corpus (Futrell et al., 2021)3, which used self-
paced reading (Aaronson and Scarborough, 1976;
Mitchell and Green, 1978) to gather average read-
ing durations for words in naturalistic stories. In
this paradigm, speakers are presented with one
word at a time on a screen, and advance to the next
word by pressing a key. Reading duration (in mil-
liseconds) is the time between key presses (while
the target word is on screen). The dataset consists
of 433 sentences comprising 10,256 words.

2.1.4 Eye-Tracking Reading Times

We use the reading time data from the OneStop
Corpus, which used eye-tracking to gather read-
ing times for words in a variety of news articles
(Berzak et al., 2025)*. In this paradigm, speak-
ers read naturalistically while their eye movements
are tracked, yielding reading measures with high
spatial and temporal resolution. Multiple reading
measures are available, including first fixation du-
ration, gaze duration, and total duration. For our
main reading measure in this study, we use gaze
duration (the sum, in milliseconds, of the durations
of all fixations that land on a word during the first
pass, before the gaze leaves the word), as this has
an intuitive interpretation as the amount of time
used to read a word when it is first encountered. In
a different dataset (MECO; Siegelman et al., 2022),
gaze duration was shown to be largely predictable
based on word length, frequency, and surprisal,
with R? values of 0.6-0.8 (Opedal et al., 2024).
The dataset consists of 1,213 sentences comprising
36,120 words.

3Available  at https://github.com/languageMIT/
naturalstories under CC BY-NC-SA 4.0 license.

*Available at https://osf.i0/2prdqg/ under CC BY 4.0
license.
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2.2 Model Evaluation

Here we describe in detail our procedure for ex-
tracting predictions from models in three settings:
zero-shot, few-shot and fine-tuning. In line with
the majority of previous work that has relied
on models from the GPT-4 family, we used the
GPT-40-mini-2024-07-28 model (Conde et al.,
2025b). Additionally, we test models from the
Llama, Gemma, and Qwen families to provide a
comparison of model performance. The selected
models are Llama-3.1-8b-Instruct, Gemma-3-27b-
it, and Qwen3-32b. Due to hardware limitation
during fine-tuning, Qwen3-32b and Gemma-3-27b-
it were loaded in a 8 bit resolution rather that the
full 16 bit resolution

2.2.1 Zero-Shot

For the zero-shot evaluation, we use OpenAl’s
batch API to submit all requests. For all requests
in both zero-shot and fine-tuned model evaluation,
the temperature is set to 0; this forces the model to
use greedy sampling, where it always selects the
token with the highest probability. This generates
nearly deterministic (He and Lab, 2025) outputs,
which facilitates reproducibility.

We use the following zero-shot prompt for the
word-memorability dataset:

Output a JSON-like data structure containing
word-duration pairs. For example, for the
sentence ''I like cats'' and the reading time
estimates 100ms, 200ms, 200ms, the output must
be {'I':200, 'like': 200, 'cats': 200}. Include
duplicate keys if there are duplicate words even
if the result is not strictly valid JSON. The
order of keys should be identical to the order
of words in the sentence. Do not add any other
information. The sentence is: {sentence}

You are an expert in psycholinguistics. Your
task is to estimate the memorability of English
words. You will give each word a rating from 0@
to 1 with two decimal digits. A rating of 1
indicates that the word is maximally memorable,
meaning that people who see the word always
remember having seen it later, and never confuse

it with a different word (even a similar one).
A rating of @ indicates that the word is not
memorable, meaning that people who see it forget

it or may confuse it with another word. Please
limit your answer to a number with two decimal
digits. The word is {word}

For each entry in the dataset, {word} was re-
placed by the corresponding word of the dataset.

For sentence memorability, a similar prompt was
used, simply replacing references to “words” with
references to “sentences’.

For both self-paced and eye-tracking reading
times, the requested output was a JSON-like struc-
ture containing the estimates for each word of the
sentence.

You are an expert in psycholinguistics. Your
task is to estimate how long, in milliseconds,
an average reader will take to read each word of
an English sentence. Take into accounts factors
such as the difficulty of reading the word and
the context of the word within the sentence.

For sentence-level data, we align the model’s
output with the input while accounting for the pos-
sibility of missing or inserted words using a dy-
namic programming approach, implemented via
the jiwer Python library.

2.2.2 Few-Shot

Few-shot evaluation proceeds identically to zero-
shot evaluation, with the difference that three super-
vised examples are provided as part of the prompt.

2.2.3 Fine-Tuning

We performed Supervised Fine-Tuning (SFT) in
which we provided the model with both the prompt
and the expected output based on the ground truth.
For all fine-tuning processes, 25% of the dataset
was used for training and 75% for evaluation. For
the word and sentence memorability datasets, the
expected output was the raw estimate (a single num-
ber), whereas for the reading time datasets, the
expected output was a JSON-like structure (as de-
scribed above). During the training process, the
model weights are adjusted to adapt the estimate to
the expected value.

To train GPT-40, we used the default fine-tuning
API settings, with a fixed learning rate of 1.8. Once
the training is completed, the fine-tuned version is
stored and can be queried later through the batch
API. The other models were fine-tuned locally us-
ing LoRA (Low-Rank Adaptation), a technique
to adapt large models to specific tasks by training
only a small number of new parameters (low-rank
adapters) instead of the entire model. The details
of the fine-tuning process are presented in Table 2.

The prompts used for fine-tuning were the same
ones used for the zero-shot evaluation. Once a fine-
tuning job is created, the training process begins
until the performance converges. For all evalua-
tions, the final model checkpoint (after 3 epochs of
fine-tuning) was used.

Once the tuning process was completed, we eval-
uated its performance with the test dataset using the
same methodology as in the zero-shot evaluation.




Dataset # Examples | Epochs | Batch Size
Word mem. 527

Sentence mem. 625 3 .
Self-paced 108

Eye-tracking 303

Table 2: Fine-tuning parameters used for each dataset.
Note that for the reading time datasets, ‘“# Examples”
denotes the number of sentences.

2.3 Correlation Analysis

For each set of model predictions, we evaluate the
correlation between human behavioral measures
and the model-generated values. We quantify the
correlation using the Pearson correlation coefficient
and R? values.

2.4 Baselines

In order to compare the performance of model pre-
dictions for the norms of memorability and read-
ing times, we establish baselines using linear re-
gressions trained on a) interpretable features from
the literature, argued to strongly correlate with
each psycholinguistic feature of interest, and b)
word and sentence embeddings. Using 100 random
0.75/0.25 train/test splits of the data, we fit regres-
sions using each baseline predictor on the training
data, and then evaluate the R? value on the held-out
test data. This procedure yields a distribution over
R? values, from which we report the mean.

For word memorability, we use the number of
meanings, number of synonyms, and word fre-
quency, using values provided in the dataset of
Tuckute et al. (2025). In that study, the values
for number of synonyms and number of meanings
were collected via a human norming study, and
word frequency was computed using the Subtlex
corpus (Brysbaert and New, 2009). Additionally,
we include a regression based on all three scalar
predictors, as well as the 300-dimensional GloVe
embedding for each word. For sentence memorabil-
ity, we use Sentence-BERT embedding distinctive-
ness, average word memorability, and average word
frequency, using values provided in the dataset of
Clark et al. (2026), since these were identified as
predictors of sentence memorability. In that study,
Sentence-BERT distinctiveness was computed as
the mean cosine distance of a sentence’s Sentence-
BERT representation to all other sentences in a
large and diverse sample of sentences, while av-

erage word memorability was estimated using the
human norms of Tuckute et al. (2025) and word
frequency was taken from the Subtlex corpus and
averaged across words in a sentence. Addition-
ally, we include a regression based on all three
scalar predictors, as well as the 384-dimensional
Sentence-BERT embedding for each sentence.

For the reading time norms, we establish base-
lines using the interpretable features of word length,
frequency, and contextual surprisal, following past
work (Demberg and Keller, 2008; Brothers and Ku-
perberg, 2021; Smith and Levy, 2013; Wilcox et al.,
2023; Opedal et al., 2024, inter alia). Word length
was defined simply as the number of characters in
the orthographic representation of the word. Fre-
quency was computed using the wordfreq package
(Speer, 2022) for Python. Surprisal was computed
using the GPT-2 language model (Radford et al.,
2019) and the wordsprobability Python pack-
age (Pimentel and Meister, 2024). Additionally,
we include linear regressions based on all three
scalar predictors, as well as 768-dimensional con-
textual BERT embeddings and 300-dimensional
non-contextual GloVe embeddings. For words
which decompose into multiple BERT tokens, only
the first token is used.

3 Results

This section presents and briefly discusses the re-
sults for each of the datasets®. The Llama model
did not succeed at responding consistently to the
standard prompts, instead sometimes writing code
or producing other non-usable output; Llama re-
sults are thus omitted from the following analysis,
but we note that our approach therefore does not
work for all LLMs.

3.1 Word Memorability

Zero-shot and few-shot model predictions are es-
sentially uncorrelated with empirical word mem-
orability scores, while fine-tuned models achieve
R? values of 0.53 ~ 0.59 (Figure 2). This exceeds
the mean R? of 0.28 using the combined baseline
predictors of number of meanings, number of syn-
onyms, and frequency.

3.2 Sentence Memorability

Zero-shot and few-shot model predictions are
essentially uncorrelated with empirical sentence

The results are available at: link removed for double blind
review.
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Figure 2: The correlation between model predictions
and ground truth norms for word memorability, across
3 model families and in 3 evaluation regimes. For com-
parison, the mean correlation with the predictions of
interpretable baseline predictors is included.

memorability scores, while fine-tuned models
achieve R? values of 0.45 ~ 0.49 (Figure 3). This
exceeds the mean R? of 0.32 using the combined
baseline predictors of Sentence-BERT distinctive-
ness, average word-level memorability, and average
word frequency.

3.3 Reading Times

For the Natural Stories Corpus, zero-shot model
predictions have low correlations of 0.02 ~ 0.05
with empirical sentence memorability scores, while
fine-tuned models achieve R? values of 0.15 ~
0.21 (Figure 4). This is considerably lower than
the R? values attained by fine-tuned models on
the memorability data, but higher than the corre-
lation of 0.08 using the combined scalar baseline
predictors, and on par with the R? value achieved
by predicting values using a linear model trained
on words’ 768-dimensional contextual BERT em-
beddings.

Interestingly, we observe a qualitatively differ-
ent pattern for eye-tracking reading times from the
OneStop Corpus (Figure 5). The zero-shot model
attains R2 values of 0.27, the few-shot model at-
tains R? values of 0.35, while the fine-tuned model
attains R? values in a wide range from 0.08 ~ 0.57.
For GPT, the fine-tuned model exceeds the pre-
dictive power of the baseline predictors, includ-
ing the combined three scalar predictors of length,
frequency, and surprisal, as well as the predictive
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Figure 3: The correlation between model predictions
and ground truth norms for sentence memorability,
across 3 model families and in 3 evaluation regimes.
For comparison, the mean correlation with the predic-
tions of interpretable baseline predictors is included.

power of contextual and non-contextual word em-
beddings. For Gemma and Qwen models, predic-
tions from fine-tuning underperform zero-shot and
few-shot predictions, indicating a failure of the fine-
tuning process to elicit humanlike reading-time pre-
dictions. The moderate predictive power of zero-
shot and few-shot predictions, however, point to
some latent knowledge that correlates with reading
times.

Consistent with known differences between Self-
Paced Reading and Eye-Tracking, we find consider-
able differences in the degree to which the baseline
predictors of surprisal, frequency, and length are
able to predict reading time measures across the
two datasets of Natural Stories and OneStop. We
note that our baseline results for OneStop are con-
sistent with the work of Opedal et al. (2024), who
found that length and frequency explain a greater
deal of variance in reading times, compared to con-
textual surprisal.

4 Discussion

This section discusses the key insights from the
experimental results.

4.1 LLMs can predict sentence-level norms
via fine-tuning

The task of generating reading times for each word
in a sentence is considerably more complex than
estimating, for example, the valence of a single



Natural Stories Reading Times

0.3 4

{BERT (768D)

Gemma3-27b Qwen3-32b
Model Family

Evaluation Regime
mmm fewshot  EEEE finetuned

GPT-40
original

Figure 4: The correlation between model predictions
and ground truth norms for self-paced reading times
(Natural Stories corpus), across 3 model families and
in 3 evaluation regimes. For comparison, the mean
correlation with the predictions of interpretable baseline
predictors is included.

word. The same applies to estimating the memora-
bility of a sentence. This is because both of these
norms involve considering the ways in which mul-
tiple words in a sentence interact with each other.
For instance, one of the most memorable sentences
in the study of Clark et al. (2026) is Does olive
oil work for tanning?; the memorability of this
sentence cannot simply be reduced to the sum of
word-level features, but involves the compositional
meaning of the words in relation to each other.

Despite this challenge, LLMs are capable of pro-
ducing estimates that correlate with human behav-
ior when fine-tuned on a small set of supervised
data. For both memorability and reading times,
fine-tuning achieves a correlation with the ground
truth that exceeds that of simple, theoretically mo-
tivated baseline predictors. This is consistent with
previous results for word-level norms (Conde et al.,
2025b), showing that the same general paradigm
can be extended to the sentence level. This means
that LLMs can potentially be used to predict those
norms which are more difficult to collect than word-
level norms which rely only on subjective judg-
ments. We also note that the improvement is not
attributable simply to high performance on words
seen during fine-tuning — for the memorability ex-
periments, the evaluation was conducted on entirely
held-out stimuli. For the reading time experiments,
all test sentences were held-out, though some in-
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Figure 5: The correlation between model predictions
and ground truth norms for eye-tracking reading times
(OneStop corpus), across 3 model families and in 3 eval-
uation regimes. For comparison, the mean correlation
with the predictions of interpretable baseline predictors
is included.

dividual wordforms were seen in both fine-tuning
and testing; model prediction accuracy was high
even for words not been seen during fine-tuning.

Crucially, for most datasets, the R? value at-
tained by the fine-tuned prompting method exceeds
that of both theoretically motivated baseline predic-
tors, and rich semantic embeddings. This demon-
strates that the prompting method not only can cap-
ture the variance explained by these interpretable
predictors, but captures additional variance as well.

On a theoretical level, this may suggest that the
rich distributed representations of words produced
by language models encode sufficient information
about a diverse range of psycholinguistic behav-
ioral measures, such that fine-tuning on a small
dataset enables reliable decoding of these features
from the existing model representations (as op-
posed to learning the relationship from scratch).

On a practical level, this method offers a way for
psycholinguists to develop predictive models that
can estimate psycholinguistic norms for held-out
data. While this can introduce challenges in inter-
pretability, the approach may be useful in settings
such as the development of experimental materials.
One possible use case is ensuring matched con-
trol stimuli, as has previously been done with the
A-Maze variant (Boyce et al., 2020) of the Maze
reading task (Forster et al., 2009).



4.2 Zero-shot and few-shot performance vary
widely across domains

In our results, we observed that for word and sen-
tence memorability, zero-shot model predictions
were essentially completely uncorrelated from hu-
man behavior. We speculate that the features which
make words and sentence memorable may not be
obvious or transparent, consistent with findings
from the memorability literature showing that hu-
mans themselves are poor judges of memorabil-
ity in domains such as images (Isola et al., 2014).
Meanwhile, the features that correlate strongly
with reading times are relatively simple and inter-
pretable in comparison — basic properties of words
such as length and frequency, as well as contextual
features such as their predictability given preced-
ing sentential context (Hale, 2001; Smith and Levy,
2013; Wilcox et al., 2023, 2020), which may be
particularly well-aligned with the next-word predic-
tion training objective of LLMs. Thus we speculate
that zero-shot prompting of reading times from
LLMs is more effective in extracting predictions
that align with human behavior, compared to mem-
orability.

4.3 Differences between self-paced reading
and eye-tracking

We also observe considerable differences in the per-
formance of models when comparing self-paced
reading and eye-tracking. Eye-tracking remains the
gold standard for reading time data, because partic-
ipants are able to read naturalistically and because
the paradigm allows both high spatial and tempo-
ral resolution. In self-paced reading, by compari-
son, there are well-established “spillover” effects
(Rayner, 1998; Smith and Levy, 2013) stemming
from the rapid pressing of keys and the latency be-
tween reading and motor actions. Additionally, the
paradigm is somewhat divorced from reading in the
wild. Fine-tuning still yields an improvement in
predicting self-paced reading times, compared to
zero-shot prompting, but the predictive power may
be limited by the noise ceiling of the human data.
Figure 6 shows the R? values between model-
predicted reading times and the ground truth values
as a function of word position within sentence, for
the NaturalStories and OneStop corpora, using the
GPT model. For eye-tracking data (OneStop), the
R? between model predictions and the ground truth
remains above close to 0.6 even for word positions
far into a sentence. Meanwhile, for the noisier

self-paced reading data, R? values drop close to
0 for positions beyond approximately 25 words
into a sentence. We note that the fine-tuning data
naturally contains fewer examples of late word po-
sitions than early word positions. Thus, a single
prompt can generate model predictions that corre-
late with human eye-tracking RTs across a long
timescale, but for noisier self-paced reading RTs,
model predictions become noisier with word posi-
tion.
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Figure 6: Correlation of fine-tuned model prediction to
ground truth for different word positions in a sentence.

5 Conclusion

In conclusion, this work presents several novel find-
ings. First, this work demonstrates that prompting
LLMs for psycholinguistic norms can be extended
to sentence-level norms — the memorability of an
entire sentence, or the reading time of a word in
context — not just word-level features, by using a
simple and straightforward supervised fine-tuning
strategy. We also showed that the reliability of zero-
shot LLM predictions for psycholinguistic norms
varies considerably by domain, with the predictions
for both word and sentence memorability being un-
correlated with empirical norms. Across domains,
fine-tuning on a few hundred examples is generally
able to align the model predictions with empirical
values, even beating strong, theoretically motivated
baselines.

While the applications of this method in psy-
cholinguistics are promising, our results also sug-
gest that practitioners must be wary of trusting the
zero-shot predictions of LLLMs on psycholinguis-
tic norming tasks (Hu and Levy, 2023), and care-
ful validation against human data is recommended
(Conde et al., 2025b). Future work may target a
comprehensive application of this method to other
language model families and additional human lan-
guages, in order to evaluate the generalizability of
these results.



Limitations

In this section, we acknowledge several limitations
of our study.

A limitation of the present study is the exclu-
sive focus on English. It remains an open question
whether prompting works as well in lower-resource
languages or languages with very different linguis-
tic properties, such as agglutinative languages or
those with non-alphabetic writing systems. This
limitation also reflects the broader WEIRD bias
(Western, Educated, Industrialized, Rich, Demo-
cratic) highlighted in cognitive science and NLP,
where research has tended to focus on a narrow set
of languages and populations that are not represen-
tative of global diversity.

Finally, we echo existing calls for caution (Gao
et al., 2025; Dentella et al., 2023) regarding the use
of LLM outputs as a substitute for, rather than a
noisy estimate of, human psycholinguistic norms,
especially in zero-shot settings without careful val-
idation against ground-truth values.
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A Use of Artifacts and Models

We utilize the GPT-40-mini-2024-07-28 lan-
guage model via the OpenAl APIL

We also utilize existing datasets from Tuckute
et al. (2025) (MIT License), Clark et al. (2026)
(MIT License), Futrell et al. (2021) (CC BY-NC-
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4.0), which are publicly available via GitHub or
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B Risks

We do not foresee any risks to this research, as it is
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a new approach.
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