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Abstract
Automatic text simplification has mostly relied on human judgments when it comes to what is considered easy or diffi-
cult to read. Eye movements while reading can offer a more direct and objective signal of processing effort and reading
ease. In this paper, we explore gaze-guided text generation (GGTG), an approach to control reading ease in generated
texts, and assess its use for sentence simplification. GGTG employs a gaze model that is trained to predict eye-tracking
measures such as reading times or regression rates, which are then used to rerank next-token probabilities generated
by a language model. We evaluated the approach on an English sentence simplification benchmark and found gains
in automatic evaluation metrics, although the simplification operations are mostly limited to the lexical level. Its
modular nature also allows GGTG to be combined with other simplification techniques such as prompting or fine-tuning.
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1. Introduction

Most research in automatic text simplification has
relied on human judgments of simplicity or man-
ual reference simplifications that are often crowd-
sourced (Coster and Kauchak, 2011; Paetzold and
Specia, 2017; Alva-Manchego et al., 2020; Grabar
and Saggion, 2022). This means that the human
intuition of what should be considered easy to read
is taken as a proxy of what is actually easy to read.
However, recent research has shown that there
can be a substantial discrepancy between subjec-
tive perception of difficulty and actual comprehen-
sion, and that both aspects can vary between differ-
ent user groups (Alonzo et al., 2021; Carrer et al.,
2024). In contrast, methods such as eye track-
ing can provide a more direct and objective signal
of the processing effort required to read and un-
derstand a text (Just and Carpenter, 1980). While
eye-movement data has been used to evaluate sim-
plified texts, using this cognitive signal directly to
generate simplifications remains underexplored. At
the same time, the increasing amount of available
eye-tracking-while-reading data, including multilin-
gual corpora (Siegelman et al., 2022; Jakobi et al.,
2025) and datasets involving diverse readers such
as non-native or dyslexic readers (Kuperman et al.,
2023; Siegelman et al., 2025; Hollenstein et al.,
2022; Reich et al., 2024) makes it more feasible
now to use such data for natural language process-
ing (NLP) applications like text simplification.

Recent work by Säuberli et al. (2026) proposed
gaze-guided text generation (GGTG) as a simple
yet effective way to integrate eye-tracking data into
the text generation process. It works by training a
gaze model to predict eye-tracking measures and
using these predictions to modify the next-token

probabilities generated by a language model (LM).
Their findings suggest that the level of control that
can be achieved with this approach may be lim-
ited to shallow features affecting lexical processing,
such as word length and frequency. In this paper,
we explore to what extent GGTG can be used to
simplify sentences, and whether the method can
be pushed to induce more complex simplification
operations at the syntactic level.

We build on and extend the experiments in Säu-
berli et al. (2026) in several ways:

• We explore five eye-tracking measures asso-
ciated with different levels of processing and
their ability to capture text complexity.

• We train gaze models that ignore word length
and frequency and focus on higher-level as-
pects of text complexity.

• We evaluate GGTG on the ASSET benchmark
for sentence simplification.

2. Related work

Controllable text simplification has been ap-
proached from several angles. Most prominently,
models have been trained with special tokens or
feature vectors to control characteristics like word
frequency, dependency tree depth, and readabil-
ity level (Scarton and Specia, 2018; Martin et al.,
2020, 2022; Agrawal and Carpuat, 2023). Nishi-
hara et al. (2019) used a lexical constraint loss to
control lexical complexity. Kew and Ebling (2022) is
the most similar to our approach. Instead of using
eye-tracking data, they trained classifiers that pre-
dict the level of difficulty for next token candidates
and modified the token probabilities accordingly.
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While cognitive data such as eye movements
have been used to evaluate simplified texts or pre-
dicting readability (Rello et al., 2013; Singh et al.,
2016; Vajjala et al., 2016; Ivchenko and Grabar,
2024; Gruteke Klein et al., 2025a,b), the present
work is, to the best of our knowledge, the first to
use gaze data directly in the simplification process.

3. Methods

3.1. Gaze-guided text generation (GGTG)
At its core, GGTG involves an ensemble of an
off-the-shelf language model and a gaze model,
which we train to predict word-level eye-tracking
measures (e.g., first fixation time or regression
rate). The LM predicts candidates for the next to-
ken, which are then re-ranked by the gaze model.
The strength of the influence of the gaze model
can be controlled via a gaze weight. This way,
the LM output can be steered towards eliciting spe-
cific reading behaviors (e.g., longer/shorter fixation
times or higher/lower regression rates), thereby
manipulating reading ease.

We applied beam search with a beam size of
8 to decode simplified texts. We used the imple-
mentation by Säuberli et al. (2026) and refer to the
corresponding paper for more details.

3.2. Language model and prompts
We chose the instruction-tuned Llama 3.2 model
(3B; Grattafiori et al., 2024), as it is a small and
efficient model with strong instruction-following per-
formance. For the simplification task, we experi-
ment with two different prompts. The first prompt
instructs the LM to paraphrase the source sentence
without changing its meaning, allowing us to assess
the simplifying effect of the gaze model alone. The
second prompt instructs the LM to simplify, to test
whether GGTG still has a simplifying effect. See
Appendix A for the precise wording.

3.3. Gaze models

3.3.1. Predicted eye-tracking measures

We selected five word-level eye-tracking measures
that can plausibly be predicted from preceding con-
text only (which is a requirement for autoregressive
generation):

• First fixation duration: the duration of the
first fixation on a word during the first pass (0
if the word is skipped in the first pass).

• First-pass reading time: the sum of all fixa-
tion durations on a word during the first pass
(0 if the word is skipped in the first pass).

• Go-past time: the sum of all fixation durations
from when the word was first fixated until the
gaze moves past the word for the first time.
This includes regression paths initiated on the
word during first-pass reading.

• First-pass skipping rate: 1 if the word was
skipped in the first pass, 0 otherwise.1

• First-pass regression rate: 1 if there was a
regression during the first pass, 0 otherwise.

All measures are computed for readers individ-
ually and then averaged across readers for each
word. The final measures are normalized to have
a mean of 0 and a standard deviation of 1.

According to psycholinguistic research, some of
these measures are associated with earlier cog-
nitive processes such as word recognition, while
others reflect later processing such as syntactic
integration (Rayner, 1998; Godfroid, 2019). For ex-
ample, first fixation duration is measured when the
word is first looked at, while go-past time also in-
cludes time spent after the first fixation. Therefore,
we expect earlier measures to mainly enable lexical
simplification, while later measures may allow more
syntactic simplification.

We fine-tuned the large variant of GPT-2 (774M;
Radford et al., 2019) to predict the eye-tracking
measures listed in Section 3.3.1. We trained sepa-
rate models for each eye-tracking measure.

3.3.2. Model training

All models are trained on a mix of four publicly
available eye-tracking corpora of naturalistic read-
ing that cover a range of genres and difficulty lev-
els, listed in Table 1. All of these datasets contain
texts that span multiple sentences, so we perform
automatic sentence splitting after calculating eye-
tracking measures and train the gaze model on
individual sentences.

We trained the models on 90% of each dataset
and used the remaining 10% as a validation set
for early stopping and to measure performance.
We ensured that all sentences from the same text
are assigned to the same data split to avoid data
leakage. The remaining training procedure follows
Säuberli et al. (2026). Performance on the valida-
tion set is reported in Table 2.

3.3.3. Residual models

Säuberli et al. (2026) found that their gaze model’s
reading time predictions were dominated by shal-

1First-pass skipping rate is the only measure for which
higher values are associated with better reading ease.
Therefore, for ease of interpretation, we flip the sign of the
skipping rates, so that lower numbers can be considered
better across all measures.
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Dataset Text genre/content # words # readers
EMTeC (Bolliger et al., 2025) LLM-generated; various genres 50,871 (∗)107
OneStopQA (Berzak et al., 2025) Original and simplified news 35,164 (∗)360
MECO-L1 English (Siegelman et al., 2022) Encyclopedic information 2,107 46
Provo (Luke and Christianson, 2017) Various genres 2,743 84

Table 1: Datasets used for training the gaze models. (∗) means not every text is read by every reader.

LR + GPT-2
Eye-tracking measure GPT-2 LR residual
First fixation duration 0.593 0.546 0.587
First-pass reading time 0.636 0.596 0.633
Go-past time 0.481 0.367 0.458
First-pass skipping rate 0.610 0.562 0.619
First-pass regression rate 0.226 0.140 0.226

Table 2: Explained variance (R2) for each
gaze model, averaged across the four validation
datasets. LR = linear regression.

low features such as word length and frequency.
To avoid this, we trained a second version of each
model that does not capture the variance associ-
ated with these features. We did this by first fitting a
linear regression model to predict the eye-tracking
measures based word length and word frequency
alone.2 Next, we computed the residuals of the
linear regression model on the training data, nor-
malized them to mean 0 and standard deviation 1,
and trained the GPT-2-based gaze model to predict
these residuals.

3.4. Evaluation
We evaluated our approach on ASSET (Alva-
Manchego et al., 2020), an established sentence
simplification benchmark for English with multiple
crowdsourced references. We report results on the
validation set, which consists of 2,000 sentences
with ten human reference simplifications each. We
consider gaze weights in the range from 0 (gaze
model deactivated) to −3 (decrease eye-tracking
measure).

We report the reference-based evaluation met-
rics SARI (Xu et al., 2016) and LENS (Maddela
et al., 2023) against all ten references, as well as
the reference-free metric LENS-SALSA (Heineman
et al., 2023). We also report the effects on lexical
and syntactic features such as word frequency and
dependency tree depth.3

2Word length was calculated as the number of char-
acters. Word frequency is measured on the Zipf scale
based on the wordfreq package (Speer, 2022). Linear re-
gression models were fitted with scikit-learn (Pedregosa
et al., 2011).

3Dependency trees were generated using Stanza (Qi
et al., 2020).
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Figure 1: Mean gaze score differences between
original and simplified reference texts in the ASSET
validation set. A negative value means that the
gaze model predicts lower eye-tracking measures
for the simplified version (which is the expectation).
Error bars show 95% confidence intervals.

4. Results and discussion

4.1. Do the gaze models capture
sentence complexity?

The GGTG approach can only work for sentence
simplification if the gaze model is able to discrim-
inate simple from complex sentences. While the
gaze models described in Section 3.3 are indi-
rectly trained to capture complexity by predicting
eye-tracking measures, this does not necessarily
translate into a useful model of complexity in gen-
eral. Moreover, it is unclear which eye-tracking
measures are suitable for sentence simplification.

Therefore, as a first step, we assess whether the
gaze scores predicted by our models differ between
original and simplified sentences in ASSET. These
differences are visualized in Figure 1. For the full
models trained to predict eye-tracking measures,
we observe lower gaze scores in the simplified ver-
sions on average, with the largest differences for
first-pass reading time and go-past time. In con-
trast, the models that were trained on the linear
regression residuals consistently predict smaller
differences, or even differences in the opposite di-
rection. This is expected, as these models do not
have access to some of the most salient predictors
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Figure 2: Effect of gaze models on generated texts
and evaluation metrics. A gaze weight of 0 indi-
cates generation without a gaze model, a negative
gaze weight means steering the language model to
decrease the corresponding eye-tracking measure.

of simplicity – word length and frequency. However,
go-past time and first-pass regression rate – both
associated with later cognitive processing – are still
predicted to be lower in the simplified texts. This
suggests that these two residual models capture
some aspects of simplicity in the ASSET dataset
that go beyond word length and frequency, possibly
features at the syntactic or semantic level.

4.2. How does GGTG affect the
generated texts?

Figure 2 shows how changing the gaze weight for
the different gaze models affects the output texts,
comparing full vs residual models (see Section
3.3.3) and the two prompt types (see Section ??).
As expected, word length and frequency (plots in
first two rows) are strongly affected by all full mod-
els, but less so by the residual models. Compres-
sion ratio increases with stronger gaze weights,
indicating that output sentences tend to become
longer. This is due to the fact that during beam
search, appending tokens that decrease the overall
gaze score is preferred over stopping the gener-
ation (which would mean that the gaze score re-
mains unchanged). Dependency trees also tend to
increase in depth, likely due to the increased sen-
tence length. This suggests that syntactic nesting
is not reduced in the simplified sentences.

Flesch-Kincaid Grade Level (FKGL; Kincaid et al.,
1975) estimates a text’s readability using the num-
ber of sentences, words, and syllables as surface-
level proxies. We observe (plots in fifth row) that
almost all full models decrease FKGL (i.e., improve
readability) with gaze weights −1 and −2, but this
effect is negated by the increase in sentence length
around gaze weight −3. SARI and LENS-SALSA
slightly improve with gaze weight −1, but quickly
decrease with lower weights.

Overall, there is no clear pattern regarding the
different eye-tracking measures. First-pass read-
ing time appears to have the most consistent pos-
itive effect on evaluation metrics, which may be
explained by this gaze model’s relatively strong per-
formance (see Table 2). Residual models generally
have weaker effects, but in the case of first-fixation
duration and first-pass reading time, improvements
in SARI can still be observed. As expected, the
simplify prompt yields better readability and evalua-
tion metrics than the paraphrase prompt, but even
here, GGTG can further improve evaluation metrics.
See Table 3 for example outputs.

5. Conclusion

The appeal of using eye-tracking data for text sim-
plification is that, as a cognitive signal, it reflects
reading ease more directly than human judgments
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Version Text
Source A Georgian inscription around the drum attests his name.
LM-only An inscription on the drum confirms his name.
Reading time −1 There is an inscription on the drum with his name on it.
Reading time −2 The name of the person is written on a drum.
Regression rate −1 There is an inscription on the drum that confirms his name.
Regression rate −2 The name of the person is mentioned in an inscription on a drum.

Table 3: Example outputs with the simplify prompt. Reading time −1 indicates that the gaze model
predicts first-pass reading time and a gaze weight of −1 is used.

or manually simplified texts. Our results show that
some simplification operations can be achieved by
applying GGTG, and that small improvements in au-
tomatic evaluation metrics can be achieved, even
if the LM is already explicitly prompted to simplify.

However, more complex operations beyond the
lexical surface level remain a challenge, even for
the residual models, which are trained to focus on
less superficial features. A reason for this chal-
lenge could be the training data for the gaze mod-
els. There is a growing amount of available eye-
tracking data, but extracting more subtle effects
and patterns from naturalistic reading corpora is
difficult. In contrast, psycholinguistic research com-
monly uses minimal pairs to measure these effects.
Leveraging these resources could also be helpful
for text simplification.

In sum, while GGTG can help at least at a super-
ficial, lexical level, applying it on its own is not yet
sufficient in reality. However, thanks to the modular-
ity of the approach, it is easily possible to combine
it with other techniques, including prompting and
fine-tuning.

Limitations

Automatic evaluation. Automatic evaluation
metrics can only measure the adequacy and diffi-
culty of simplified texts to a very limited degree, and
human evaluation is usually recommended (Alva-
Manchego et al., 2021; Grabar and Saggion, 2022;
Carrer et al., 2024). Since our work is exploratory
and the number of investigated parameters would
have made a comprehensive human evaluation
unfeasible, we decided to prioritize automatic eval-
uation metrics.

English only. Our evaluation is limited to English
texts, limiting the generalizability of our results to
other languages. The main reason for this is the
scarcity of eye-tracking data in other languages.

Number of tested models. Finally, we only con-
sidered a single base model for both the language
and gaze model, limiting generalizability to other

models. While we initially experimented with sev-
eral base models, the results were not substantially
different, so our results only include one set of rela-
tively small models for simplicity and reproducibility.

Ethical considerations

Trustworthiness of model outputs. Given the
use of large language models and the nature of
our approach, there is little control over the con-
tent and semantic accuracy of the generated texts.
Therefore, our method should not be used with-
out additional safeguards and manual inspection
or post-editing. This is particularly important in ac-
cessibility scenarios with potentially vulnerable end
users, which is among the most common use cases
of text simplification.

Reproducibility. All datasets and code li-
braries used in this project are open-source
and received due citations. The code and
data for reproducing the results and figures in
this paper is available from the accompanying
repository: https://github.com/mainlp/
gaze-guided-sentence-simplification/

Use of generative models. We used GitHub
Copilot to accelerate programming tasks. All gener-
ated code was thoroughly checked and tested. We
did not use generative models for ideation, results
interpretation, or paper writing.
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