
To Words and Beyond: Probing Large Language Models for Sentence-Level
Psycholinguistic Norms of Memorability and Reading Times

Anonymous ACL submission

Abstract001

Large Language Models (LLMs) have recently002
been shown to produce estimates of psycholin-003
guistic norms, such as valence, arousal, or con-004
creteness, for words and multiword expressions,005
that correlate with human judgments. These es-006
timates are obtained by prompting an LLM, in007
zero-shot fashion, with a question similar to008
those used in human studies. Meanwhile, for009
other norms such as lexical decision time or age010
of acquisition, LLMs require supervised fine-011
tuning to obtain results that align with ground-012
truth values. In this paper, we extend this013
approach to the previously unstudied features014
of sentence memorability and reading times,015
which involve the relationship between mul-016
tiple words in a sentence-level context. Our017
results show that via fine-tuning, models can018
provide estimates that correlate with human-019
derived norms and exceed the predictive power020
of interpretable baseline predictors, demonstrat-021
ing that LLMs contain useful information about022
sentence-level features. At the same time, our023
results show very mixed zero-shot and few-shot024
performance, providing further evidence that025
care is needed when using LLM-prompting as026
a proxy for human cognitive measures.027

1 Introduction028

How much useful information do Large Language029

Models (LLMs) contain about human psycholin-030

guistic features? Prior work indicates that LLMs031

are able to predict word-level features such as con-032

creteness or valence (Trott, 2024), age of acquisi-033

tion (Sendín et al., 2025), and lexical decision times034

(Martínez et al., 2025) as well as for multi-word ex-035

pressions (Martínez et al., 2024), (Brysbaert et al.,036

2024). One method of testing for the presence037

of useful psycholinguistically relevant information038

within LLMs is to simply prompt LLMs by ask-039

ing a psycholinguistic query directly in zero-shot040

fashion. However, some evidence points to a lack041

of introspection in LLMs — their responses to042

prompts are not necessarily consistent with their la- 043

tent knowledge that can be accessed in other ways, 044

such as by inspecting token log-probabilities rather 045

than directly prompting (Song et al., 2025; Hu and 046

Levy, 2023). Fine-tuning language models based 047

on small amounts of supervised data provides a way 048

to better capitalize upon the rich learned model rep- 049

resentations of pre-trained models. For example, 050

Conde et al. (2025b) fine-tuned Llama 3 models to 051

predict English familiarity ratings, achieving Pear- 052

son’s correlation improvements of up to 0.3 over 053

zero-shot baselines. 054

The approach of prompting an LLM to provide 055

psycholinguistic norms differs from approaches 056

which directly predict psycholinguistic features 057

based on theoretically motivated, interpretable fea- 058

tures. For example, surprisal theory states that 059

human processing difficulty during reading is re- 060

lated to the predictability of words in context (Hale, 061

2001; Smith and Levy, 2013; Levy, 2008). For 062

the domain of word memorability, Tuckute et al. 063

(2025) used the theoretically motivated predictors 064

of number of meanings and number of synonyms 065

to predict the memorability of words, while Clark 066

et al. (2026) used the distinctiveness of a sentence’s 067

Sentence-BERT semantic embedding (Reimers and 068

Gurevych, 2019), as a theoretically motivated, zero- 069

shot, sentence-level predictor of sentence memora- 070

bility (among other features such as average word 071

memorability and average word frequency). In 072

our view, these methods address different ques- 073

tions, and thereby form a complementary set of 074

approaches that collectively shed light on the func- 075

tioning of LLMs and their alignment with human 076

cognition. 077

Probing for psycholinguistic features exists as 078

part of a broader paradigm of using artificial in- 079

telligence models to study and simulate human 080

cognition (Frank and Goodman, 2025; Hagendorff 081

et al., 2024; Binz et al., 2025). The use of LLM- 082

prompting in cognitive science has also raised ques- 083
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Standard Model

Finetuned Model

"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}".

Prompt

....The memorability of word Bed is 9.

....The memorability of word Zephyr is 1.

....The memorability of ....

Low human correlation

High human correlation

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-084

ing predictions, as well as calls for caution regard-085

ing using LLM outputs as a substitute for human086

data (Gao et al., 2025; Dentella et al., 2023). Within087

this landscape, it is crucial to understand how well088

LLM outputs actually align with varied psycholin-089

guistic features, whether and how this alignment090

can be improved, and whether the paradigm of091

LLM-prompting can be extended to sentence-level,092

and not just word-level, features.093

In this paper, we go beyond existing work study-094

ing word-level psycholinguistic features in LLMs,095

and explore whether LLMs can generate predic-096

tions for norms which require processing at the097

sentence level. Specifically, we systematically098

compare zero-shot vs. fine-tuned predictions from099

LLMs to psycholinguistic behavioral norms, across100

the domains of memorability and reading times.101

Our contributions are as follows:102

1. We demonstrate that for memorability (both103

word and sentence-level), zero-shot prompt-104

ing yields predictions that are uncorrelated105

with empirical norms. Meanwhile, for read-106

ing times, zero-shot prompting yields predic-107

tions that do correlate with empirical norms108

— modestly for self-paced reading and more109

strongly for eye-tracking data.110

2. We demonstrate that, for both memorabil-111

ity and reading times, fine-tuning on a few112

hundred examples yields predictions that are113

strongly correlated with empirical norms —114

exceeding the predictive power of simple, in-115

terpretable baselines. This shows that via fine-116

tuning, the prompting of LLMs for psycholin-117

guistic norms can be extended to sentence-118

level norms, not just word-level features.119

The remainder of the paper is organized as fol-120

lows. Section 2 discusses the data, models, and pro-121

cedures used in the evaluation. Section 3 presents 122

the results, which are then discussed in Section 4. 123

We conclude by discussing implications for the in- 124

tersection of psycholinguistics and NLP, and the 125

limitations and caveats of this approach. 126

2 Methods 127

This section describes the data, models, and proce- 128

dures used to generate and evaluate LLM predic- 129

tions of memorability and reading times, across 130

zero-shot and fine-tuned settings. A general 131

overview of the procedure is illustrated in Figure 1. 132

2.1 Data 133

Here we introduce the datasets which we use in our 134

model evaluations. We focus on two different but 135

important psycholinguistic domains — memorabil- 136

ity and reading times — which have not yet been 137

the target of comparison with LLM predictions. In 138

contrast to past work (e.g., Conde et al., 2025a; 139

Trott, 2024), which has considered word-level fea- 140

tures such as the Glasgow word norms (Scott et al., 141

2019) or the Lancaster sensorimotor word norms 142

(Lynott et al., 2020), the domains of sentence mem- 143

orability and reading times pose a distinct chal- 144

lenge for estimating psycholinguistic norms via 145

LLM prompting, because they are sentence-level 146

features. For instance, the memorability of a sen- 147

tence is a property of the entire sentence, influenced 148

by its compositional meaning (Clark et al., 2026). 149

Likewise, while reading times are known to de- 150

pend on certain stable properties of a word, such as 151

its length, frequency, or age of acquisition (Smith 152

and Levy, 2013; Brothers and Kuperberg, 2021; 153

Luke and Christianson, 2018; Demberg and Keller, 154

2008; Kennedy et al., 2013), they also depend on 155

its contextual surprisal, which varies from sentence 156

to sentence. Any model that successfully predicts 157

reading time variation across different instances 158
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of the same wordform will need to take into ac-159

count the relationship between multiple words in a160

sentence.161

We also include word memorability as a com-162

parison for sentence memorability. For both types163

of memorability data, norms are collected not by164

asking human raters for their judgments, but rather165

by conducting a repeat detection experiment; this166

makes these norms inherently more scarce and ex-167

pensive to acquire. Another challenge of memora-168

bility data is its dissociation from human subjective169

judgments, as reported in prior literature. Isola et al.170

(2014) report that subjective human judgments of171

the memorability of images actually correlate neg-172

atively with empirically measured memorability,173

while Clark et al. (2026) report that subjective174

memorability judgments for sentences have a weak175

correlation of 0.24 with empirical sentence memo-176

rability. Therefore, for all of the following datasets177

— word memorability, sentence memorability, and178

reading times — we have reason to believe that179

LLM predictions may not align as well with the180

ground truth compared to results from the prior181

literature.182

2.1.1 Word Memorability183

We use the word memorability data of Tuckute et al.184

(2025)1, which contains 2109 English words with185

empirical memorability scores collected via a be-186

havioral experiment with native English speakers.187

This experimental paradigm builds on a body of188

work related to measuring the intrinsic memorabil-189

ity of various classes of stimuli, such as images190

(Isola et al., 2011) and faces (Bainbridge, 2017). A191

word’s memorability is quantified as the average192

accuracy of responses across participants within a193

repeat detection (recognition memory) paradigm,194

yielding values between 0 and 1. In this paradigm,195

reporting a novel stimulus as familiar and failing196

to report a repeat stimulus as familiar are the two197

sources of incorrect responses.198

2.1.2 Sentence Memorability199

We use the sentence memorability data of Clark200

et al. (2026)2, which contains 2500 English sen-201

tences with empirical memorability scores col-202

lected via a behavioral experiment with native En-203

glish speakers, following the same experimental204

paradigm as Tuckute et al. (2025), thereby resulting205

1Experiment 1, available at https://github.com/
gretatuckute/memorable_words under MIT license.

2Available at https://github.com/thomashikaru/
sentence_memorability_share under MIT license.

in scores between 0 and 1. Table 1 shows examples 206

of high- and low-memorability sentences from the 207

dataset. 208

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 209

We use the reading time data from the Natural Sto- 210

ries Corpus (Futrell et al., 2021)3, which used self- 211

paced reading (Aaronson and Scarborough, 1976; 212

Mitchell and Green, 1978) to gather average read- 213

ing durations for words in naturalistic stories. In 214

this paradigm, speakers are presented with one 215

word at a time on a screen, and advance to the next 216

word by pressing a key. Reading duration (in mil- 217

liseconds) is the time between key presses (while 218

the target word is on screen). The dataset consists 219

of 433 sentences comprising 10,256 words. 220

2.1.4 Eye-Tracking Reading Times 221

We use the reading time data from the OneStop 222

Corpus, which used eye-tracking to gather read- 223

ing times for words in a variety of news articles 224

(Berzak et al., 2025)4. In this paradigm, speak- 225

ers read naturalistically while their eye movements 226

are tracked, yielding reading measures with high 227

spatial and temporal resolution. Multiple reading 228

measures are available, including first fixation du- 229

ration, gaze duration, and total duration. For our 230

main reading measure in this study, we use gaze 231

duration (the sum, in milliseconds, of the durations 232

of all fixations that land on a word during the first 233

pass, before the gaze leaves the word), as this has 234

an intuitive interpretation as the amount of time 235

used to read a word when it is first encountered. In 236

a different dataset (MECO; Siegelman et al., 2022), 237

gaze duration was shown to be largely predictable 238

based on word length, frequency, and surprisal, 239

with R2 values of 0.6-0.8 (Opedal et al., 2024). 240

The dataset consists of 1,213 sentences comprising 241

36,120 words. 242

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

4Available at https://osf.io/2prdq/ under CC BY 4.0
license.
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2.2 Model Evaluation243

Here we describe in detail our procedure for ex-244

tracting predictions from models in three settings:245

zero-shot, few-shot and fine-tuning. In line with246

the majority of previous work that has relied247

on models from the GPT-4 family, we used the248

GPT-4o-mini-2024-07-28 model (Conde et al.,249

2025b). Additionally, we test models from the250

Llama, Gemma, and Qwen families to provide a251

comparison of model performance. The selected252

models are Llama-3.1-8b-Instruct, Gemma-3-27b-253

it, and Qwen3-32b. Due to hardware limitation254

during fine-tuning, Qwen3-32b and Gemma-3-27b-255

it were loaded in a 8 bit resolution rather that the256

full 16 bit resolution257

2.2.1 Zero-Shot258

For the zero-shot evaluation, we use OpenAI’s259

batch API to submit all requests. For all requests260

in both zero-shot and fine-tuned model evaluation,261

the temperature is set to 0; this forces the model to262

use greedy sampling, where it always selects the263

token with the highest probability. This generates264

nearly deterministic (He and Lab, 2025) outputs,265

which facilitates reproducibility.266

We use the following zero-shot prompt for the267

word-memorability dataset:268
269

You are an expert in psycholinguistics. Your270
task is to estimate the memorability of English271
words. You will give each word a rating from 0272
to 1 with two decimal digits. A rating of 1273
indicates that the word is maximally memorable,274
meaning that people who see the word always275
remember having seen it later, and never confuse276
it with a different word (even a similar one).277
A rating of 0 indicates that the word is not278
memorable, meaning that people who see it forget279
it or may confuse it with another word. Please280
limit your answer to a number with two decimal281
digits. The word is {word}282283

For each entry in the dataset, {word} was re-284

placed by the corresponding word of the dataset.285

For sentence memorability, a similar prompt was286

used, simply replacing references to “words” with287

references to “sentences”.288

For both self-paced and eye-tracking reading289

times, the requested output was a JSON-like struc-290

ture containing the estimates for each word of the291

sentence.292
293

You are an expert in psycholinguistics. Your294
task is to estimate how long, in milliseconds,295
an average reader will take to read each word of296
an English sentence. Take into accounts factors297
such as the difficulty of reading the word and298
the context of the word within the sentence.299

Output a JSON-like data structure containing 300
word-duration pairs. For example, for the 301
sentence ''I like cats'' and the reading time 302
estimates 100ms, 200ms, 200ms, the output must 303
be {'I':200, 'like': 200, 'cats': 200}. Include 304
duplicate keys if there are duplicate words even 305
if the result is not strictly valid JSON. The 306
order of keys should be identical to the order 307
of words in the sentence. Do not add any other 308
information. The sentence is: {sentence} 309310

For sentence-level data, we align the model’s 311

output with the input while accounting for the pos- 312

sibility of missing or inserted words using a dy- 313

namic programming approach, implemented via 314

the jiwer Python library. 315

2.2.2 Few-Shot 316

Few-shot evaluation proceeds identically to zero- 317

shot evaluation, with the difference that three super- 318

vised examples are provided as part of the prompt. 319

2.2.3 Fine-Tuning 320

We performed Supervised Fine-Tuning (SFT) in 321

which we provided the model with both the prompt 322

and the expected output based on the ground truth. 323

For all fine-tuning processes, 25% of the dataset 324

was used for training and 75% for evaluation. For 325

the word and sentence memorability datasets, the 326

expected output was the raw estimate (a single num- 327

ber), whereas for the reading time datasets, the 328

expected output was a JSON-like structure (as de- 329

scribed above). During the training process, the 330

model weights are adjusted to adapt the estimate to 331

the expected value. 332

To train GPT-4o, we used the default fine-tuning 333

API settings, with a fixed learning rate of 1.8. Once 334

the training is completed, the fine-tuned version is 335

stored and can be queried later through the batch 336

API. The other models were fine-tuned locally us- 337

ing LoRA (Low-Rank Adaptation), a technique 338

to adapt large models to specific tasks by training 339

only a small number of new parameters (low-rank 340

adapters) instead of the entire model. The details 341

of the fine-tuning process are presented in Table 2. 342

The prompts used for fine-tuning were the same 343

ones used for the zero-shot evaluation. Once a fine- 344

tuning job is created, the training process begins 345

until the performance converges. For all evalua- 346

tions, the final model checkpoint (after 3 epochs of 347

fine-tuning) was used. 348

Once the tuning process was completed, we eval- 349

uated its performance with the test dataset using the 350

same methodology as in the zero-shot evaluation. 351
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Dataset # Examples Epochs Batch Size

Word mem. 527

3 1
Sentence mem. 625

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 Analysis352

For each set of model predictions, we evaluate the353

correlation between human behavioral measures354

and the model-generated values. We quantify the355

correlation using the Pearson correlation coefficient356

and R2 values.357

2.4 Baselines358

In order to compare the performance of model pre-359

dictions for the norms of memorability and read-360

ing times, we establish baselines using linear re-361

gressions trained on a) interpretable features from362

the literature, argued to strongly correlate with363

each psycholinguistic feature of interest, and b)364

word and sentence embeddings. Using 100 random365

0.75/0.25 train/test splits of the data, we fit regres-366

sions using each baseline predictor on the training367

data, and then evaluate the R2 value on the held-out368

test data. This procedure yields a distribution over369

R2 values, from which we report the mean.370

For word memorability, we use the number of371

meanings, number of synonyms, and word fre-372

quency, using values provided in the dataset of373

Tuckute et al. (2025). In that study, the values374

for number of synonyms and number of meanings375

were collected via a human norming study, and376

word frequency was computed using the Subtlex377

corpus (Brysbaert and New, 2009). Additionally,378

we include a regression based on all three scalar379

predictors, as well as the 300-dimensional GloVe380

embedding for each word. For sentence memorabil-381

ity, we use Sentence-BERT embedding distinctive-382

ness, average word memorability, and average word383

frequency, using values provided in the dataset of384

Clark et al. (2026), since these were identified as385

predictors of sentence memorability. In that study,386

Sentence-BERT distinctiveness was computed as387

the mean cosine distance of a sentence’s Sentence-388

BERT representation to all other sentences in a389

large and diverse sample of sentences, while av-390

erage word memorability was estimated using the 391

human norms of Tuckute et al. (2025) and word 392

frequency was taken from the Subtlex corpus and 393

averaged across words in a sentence. Addition- 394

ally, we include a regression based on all three 395

scalar predictors, as well as the 384-dimensional 396

Sentence-BERT embedding for each sentence. 397

For the reading time norms, we establish base- 398

lines using the interpretable features of word length, 399

frequency, and contextual surprisal, following past 400

work (Demberg and Keller, 2008; Brothers and Ku- 401

perberg, 2021; Smith and Levy, 2013; Wilcox et al., 402

2023; Opedal et al., 2024, inter alia). Word length 403

was defined simply as the number of characters in 404

the orthographic representation of the word. Fre- 405

quency was computed using the wordfreq package 406

(Speer, 2022) for Python. Surprisal was computed 407

using the GPT-2 language model (Radford et al., 408

2019) and the wordsprobability Python pack- 409

age (Pimentel and Meister, 2024). Additionally, 410

we include linear regressions based on all three 411

scalar predictors, as well as 768-dimensional con- 412

textual BERT embeddings and 300-dimensional 413

non-contextual GloVe embeddings. For words 414

which decompose into multiple BERT tokens, only 415

the first token is used. 416

3 Results 417

This section presents and briefly discusses the re- 418

sults for each of the datasets5. The Llama model 419

did not succeed at responding consistently to the 420

standard prompts, instead sometimes writing code 421

or producing other non-usable output; Llama re- 422

sults are thus omitted from the following analysis, 423

but we note that our approach therefore does not 424

work for all LLMs. 425

3.1 Word Memorability 426

Zero-shot and few-shot model predictions are es- 427

sentially uncorrelated with empirical word mem- 428

orability scores, while fine-tuned models achieve 429

R2 values of 0.53 ∼ 0.59 (Figure 2). This exceeds 430

the mean R2 of 0.28 using the combined baseline 431

predictors of number of meanings, number of syn- 432

onyms, and frequency. 433

3.2 Sentence Memorability 434

Zero-shot and few-shot model predictions are 435

essentially uncorrelated with empirical sentence 436

5The results are available at: link removed for double blind
review.
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GPT-4o Gemma3-27b Qwen3-32b
Model Family

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

R²

0.00 0.01
0.04

0.00 0.00

0.07

0.55 0.53

0.59

3 Scalar Predictors
# Synonyms
GloVe (300D)

# Meanings
Frequency

Word Memorability

Evaluation Regime
original fewshot finetuned

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 models437

achieve R2 values of 0.45 ∼ 0.49 (Figure 3). This438

exceeds the mean R2 of 0.32 using the combined439

baseline predictors of Sentence-BERT distinctive-440

ness, average word-level memorability, and average441

word frequency.442

3.3 Reading Times443

For the Natural Stories Corpus, zero-shot model444

predictions have low correlations of 0.02 ∼ 0.05445

with empirical sentence memorability scores, while446

fine-tuned models achieve R2 values of 0.15 ∼447

0.21 (Figure 4). This is considerably lower than448

the R2 values attained by fine-tuned models on449

the memorability data, but higher than the corre-450

lation of 0.08 using the combined scalar baseline451

predictors, and on par with the R2 value achieved452

by predicting values using a linear model trained453

on words’ 768-dimensional contextual BERT em-454

beddings.455

Interestingly, we observe a qualitatively differ-456

ent pattern for eye-tracking reading times from the457

OneStop Corpus (Figure 5). The zero-shot model458

attains R2 values of 0.27, the few-shot model at-459

tains R2 values of 0.35, while the fine-tuned model460

attains R2 values in a wide range from 0.08 ∼ 0.57.461

For GPT, the fine-tuned model exceeds the pre-462

dictive power of the baseline predictors, includ-463

ing the combined three scalar predictors of length,464

frequency, and surprisal, as well as the predictive465

GPT-4o Gemma3-27b Qwen3-32b
Model Family

0.0

0.1

0.2

0.3

0.4

0.5

0.6

R²

0.02 0.00 0.01

0.08
0.04 0.04

0.45
0.49 0.49

3 Scalar Predictors
SBERT (384D)
Word Mem.
SBERT Dist.

Frequency

Sentence Memorability

Evaluation Regime
original fewshot finetuned

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- 466

beddings. For Gemma and Qwen models, predic- 467

tions from fine-tuning underperform zero-shot and 468

few-shot predictions, indicating a failure of the fine- 469

tuning process to elicit humanlike reading-time pre- 470

dictions. The moderate predictive power of zero- 471

shot and few-shot predictions, however, point to 472

some latent knowledge that correlates with reading 473

times. 474

Consistent with known differences between Self- 475

Paced Reading and Eye-Tracking, we find consider- 476

able differences in the degree to which the baseline 477

predictors of surprisal, frequency, and length are 478

able to predict reading time measures across the 479

two datasets of Natural Stories and OneStop. We 480

note that our baseline results for OneStop are con- 481

sistent with the work of Opedal et al. (2024), who 482

found that length and frequency explain a greater 483

deal of variance in reading times, compared to con- 484

textual surprisal. 485

4 Discussion 486

This section discusses the key insights from the 487

experimental results. 488

4.1 LLMs can predict sentence-level norms 489

via fine-tuning 490

The task of generating reading times for each word 491

in a sentence is considerably more complex than 492

estimating, for example, the valence of a single 493
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GPT-4o Gemma3-27b Qwen3-32b
Model Family

0.0

0.1

0.2

0.3

R²

0.03
0.05

0.020.02 0.02
0.00

0.21

0.18
0.15

BERT (768D)

3 Scalar Predictors
Surprisal
Length
GloVe (300D)
Frequency

Natural Stories Reading Times

Evaluation Regime
original fewshot finetuned

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-494

bility of a sentence. This is because both of these495

norms involve considering the ways in which mul-496

tiple words in a sentence interact with each other.497

For instance, one of the most memorable sentences498

in the study of Clark et al. (2026) is Does olive499

oil work for tanning?; the memorability of this500

sentence cannot simply be reduced to the sum of501

word-level features, but involves the compositional502

meaning of the words in relation to each other.503

Despite this challenge, LLMs are capable of pro-504

ducing estimates that correlate with human behav-505

ior when fine-tuned on a small set of supervised506

data. For both memorability and reading times,507

fine-tuning achieves a correlation with the ground508

truth that exceeds that of simple, theoretically mo-509

tivated baseline predictors. This is consistent with510

previous results for word-level norms (Conde et al.,511

2025b), showing that the same general paradigm512

can be extended to the sentence level. This means513

that LLMs can potentially be used to predict those514

norms which are more difficult to collect than word-515

level norms which rely only on subjective judg-516

ments. We also note that the improvement is not517

attributable simply to high performance on words518

seen during fine-tuning — for the memorability ex-519

periments, the evaluation was conducted on entirely520

held-out stimuli. For the reading time experiments,521

all test sentences were held-out, though some in-522

GPT-4o Gemma3-27b Qwen3-32b
Model Family

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
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0.36
0.40

0.33

0.57

0.08 0.08
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Length
GloVe (300D)
BERT (768D)
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Surprisal

OneStop Reading Times

Evaluation Regime
original fewshot finetuned

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 523

and testing; model prediction accuracy was high 524

even for words not been seen during fine-tuning. 525

Crucially, for most datasets, the R2 value at- 526

tained by the fine-tuned prompting method exceeds 527

that of both theoretically motivated baseline predic- 528

tors, and rich semantic embeddings. This demon- 529

strates that the prompting method not only can cap- 530

ture the variance explained by these interpretable 531

predictors, but captures additional variance as well. 532

On a theoretical level, this may suggest that the 533

rich distributed representations of words produced 534

by language models encode sufficient information 535

about a diverse range of psycholinguistic behav- 536

ioral measures, such that fine-tuning on a small 537

dataset enables reliable decoding of these features 538

from the existing model representations (as op- 539

posed to learning the relationship from scratch). 540

On a practical level, this method offers a way for 541

psycholinguists to develop predictive models that 542

can estimate psycholinguistic norms for held-out 543

data. While this can introduce challenges in inter- 544

pretability, the approach may be useful in settings 545

such as the development of experimental materials. 546

One possible use case is ensuring matched con- 547

trol stimuli, as has previously been done with the 548

A-Maze variant (Boyce et al., 2020) of the Maze 549

reading task (Forster et al., 2009). 550
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4.2 Zero-shot and few-shot performance vary551

widely across domains552

In our results, we observed that for word and sen-553

tence memorability, zero-shot model predictions554

were essentially completely uncorrelated from hu-555

man behavior. We speculate that the features which556

make words and sentence memorable may not be557

obvious or transparent, consistent with findings558

from the memorability literature showing that hu-559

mans themselves are poor judges of memorabil-560

ity in domains such as images (Isola et al., 2014).561

Meanwhile, the features that correlate strongly562

with reading times are relatively simple and inter-563

pretable in comparison — basic properties of words564

such as length and frequency, as well as contextual565

features such as their predictability given preced-566

ing sentential context (Hale, 2001; Smith and Levy,567

2013; Wilcox et al., 2023, 2020), which may be568

particularly well-aligned with the next-word predic-569

tion training objective of LLMs. Thus we speculate570

that zero-shot prompting of reading times from571

LLMs is more effective in extracting predictions572

that align with human behavior, compared to mem-573

orability.574

4.3 Differences between self-paced reading575

and eye-tracking576

We also observe considerable differences in the per-577

formance of models when comparing self-paced578

reading and eye-tracking. Eye-tracking remains the579

gold standard for reading time data, because partic-580

ipants are able to read naturalistically and because581

the paradigm allows both high spatial and tempo-582

ral resolution. In self-paced reading, by compari-583

son, there are well-established “spillover” effects584

(Rayner, 1998; Smith and Levy, 2013) stemming585

from the rapid pressing of keys and the latency be-586

tween reading and motor actions. Additionally, the587

paradigm is somewhat divorced from reading in the588

wild. Fine-tuning still yields an improvement in589

predicting self-paced reading times, compared to590

zero-shot prompting, but the predictive power may591

be limited by the noise ceiling of the human data.592

Figure 6 shows the R2 values between model-593

predicted reading times and the ground truth values594

as a function of word position within sentence, for595

the NaturalStories and OneStop corpora, using the596

GPT model. For eye-tracking data (OneStop), the597

R2 between model predictions and the ground truth598

remains above close to 0.6 even for word positions599

far into a sentence. Meanwhile, for the noisier600

self-paced reading data, R2 values drop close to 601

0 for positions beyond approximately 25 words 602

into a sentence. We note that the fine-tuning data 603

naturally contains fewer examples of late word po- 604

sitions than early word positions. Thus, a single 605

prompt can generate model predictions that corre- 606

late with human eye-tracking RTs across a long 607

timescale, but for noisier self-paced reading RTs, 608

model predictions become noisier with word posi- 609

tion. 610
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Figure 6: Correlation of fine-tuned model prediction to
ground truth for different word positions in a sentence.

5 Conclusion 611

In conclusion, this work presents several novel find- 612

ings. First, this work demonstrates that prompting 613

LLMs for psycholinguistic norms can be extended 614

to sentence-level norms — the memorability of an 615

entire sentence, or the reading time of a word in 616

context — not just word-level features, by using a 617

simple and straightforward supervised fine-tuning 618

strategy. We also showed that the reliability of zero- 619

shot LLM predictions for psycholinguistic norms 620

varies considerably by domain, with the predictions 621

for both word and sentence memorability being un- 622

correlated with empirical norms. Across domains, 623

fine-tuning on a few hundred examples is generally 624

able to align the model predictions with empirical 625

values, even beating strong, theoretically motivated 626

baselines. 627

While the applications of this method in psy- 628

cholinguistics are promising, our results also sug- 629

gest that practitioners must be wary of trusting the 630

zero-shot predictions of LLMs on psycholinguis- 631

tic norming tasks (Hu and Levy, 2023), and care- 632

ful validation against human data is recommended 633

(Conde et al., 2025b). Future work may target a 634

comprehensive application of this method to other 635

language model families and additional human lan- 636

guages, in order to evaluate the generalizability of 637

these results. 638
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Limitations639

In this section, we acknowledge several limitations640

of our study.641

A limitation of the present study is the exclu-642

sive focus on English. It remains an open question643

whether prompting works as well in lower-resource644

languages or languages with very different linguis-645

tic properties, such as agglutinative languages or646

those with non-alphabetic writing systems. This647

limitation also reflects the broader WEIRD bias648

(Western, Educated, Industrialized, Rich, Demo-649

cratic) highlighted in cognitive science and NLP,650

where research has tended to focus on a narrow set651

of languages and populations that are not represen-652

tative of global diversity.653

Finally, we echo existing calls for caution (Gao654

et al., 2025; Dentella et al., 2023) regarding the use655

of LLM outputs as a substitute for, rather than a656

noisy estimate of, human psycholinguistic norms,657

especially in zero-shot settings without careful val-658

idation against ground-truth values.659
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