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Abstract

With the rise of LLMs, NLP has been re-
defining itself as a field of study, with
an increasing interest shift towards areas
such as NLP for science, model analysis,
human-centered Al and user-facing appli-
cations. As part of this transformation, in
recent years, a new area of NLP which
combines text processing with eye move-
ments in reading has been emerging. Re-
cent work has demonstrated that this area
has a strong potential for driving innovation
in NLP and enhancing its scientific and so-
cietal impact. In this survey, we characterize
the main streams of work on the intersection
of eye tracking for reading and NLP, provide
critical commentary on promises and chal-
lenges, and identify key open directions that
can guide future work in this area.

1 Introduction

The unprecedented success of LLMs has led NLP
into a new era in which it is redefining itself
as a discipline. As part of this transformation,
much focus has been shifting away from devel-
oping models for narrow textual tasks and to-
wards research areas spanning the characterization
of model mechanisms and capabilities, human-
computer interaction, and the societal implications
of deploying these models at scale. It is now also
more feasible than ever to leverage NLP for scien-
tific inquiry. As LLMs are fundamentally models
of language, there has specifically been a strong
interest in their potential role as modeling tools
in the cognitive science of language. At the same
time, the flexibility and unprecedented capabilities
of current models make them increasingly suitable
for user-facing applications. Indeed, many mil-
lions of people now use LLMs on a daily basis.

In this survey, we present a nascent area of
research in NLP, namely the integration of text-
based NLP with behavioral traces of eye move-

ments in reading. This area is part of a larger
emerging body of work on integrating NLP with
cognitive and neural signals, and is intimately con-
nected with many of the transformational pro-
cesses that NLP currently undergoes. In particu-
lar, it provides a new and thus far underexplored
frontier for modeling innovation on a challenging
and highly interesting type of multimodal data of
eye movements and text. It is also a key domain
in which NLP can be used as a scientific tool for
cognitive modeling of human language processing
and reading. Perhaps most importantly, the com-
bination of eye tracking and NLP provides fertile
ground for re-imagining the range and nature of
possible NLP applications, with an emphasis on
high societal impact domains such as education
and information accessibility.

Our survey provides a structured entry point to
the area of eye tracking and NLP, which has been
gaining traction in recent years through a grow-
ing body of research, dedicated venues (Acartiirk
et al., 2025, 2026b), shared tasks (Hollenstein
et al., 2021, 2022b), evaluation benchmarks (Hol-
lenstein et al., 2023; Shubi et al., 2025b) and tu-
torials (Beinborn et al., 2021; Reich et al., 2025¢).
The interest in this area is also reflected in several
prior surveys on eye movements for augmenting
NLP (Mishra and Bhattacharyya, 2018; Hollen-
stein et al., 2019; Barrett and Hollenstein, 2020;
Mathias et al., 2020; Lépez-Cardona et al., 2025a;
Acartiirk et al., 2026a). While these overviews are
highly valuable, the current survey takes a broader
perspective by presenting not only uses of eye
tracking for augmenting NLP models on textual
tasks, but also uses of NLP for cognitive and eye
movement modeling. Importantly, we also outline
and emphasize emerging human-centered applica-
tions that involve real-time predictions about the
reader and their interactions with the text.

The current survey is based in part on an ACL
2025 tutorial on eye tracking and NLP (Reich



et al., 2025¢). It distills the main lines of work
on eye tracking for reading and NLP, and takes
stock of the work that has been carried out in
this area thus far. We further identify key open
challenges and discuss possible directions for ad-
dressing them. Importantly, we propose promising
open avenues, which we envision to be instrumen-
tal for guiding future work in this domain.

While the survey primarily addresses the NLP
and machine learning communities, it is intended
to be accessible to a wide readership from differ-
ent disciplines, including linguistics, psychology,
cognitive science, and human computer interac-
tion, and is introductory in nature. At the same
time, we aim for our synthesis to be informative
also to experts already working on the intersection
of eye tracking and NLP, and to direct and inspire
new research in this and adjacent areas.

The survey is structured as follows. In Sec-
tion 2 we discuss eye movements in reading and
their representation. Section 3 presents the cur-
rent state of publicly available datasets with eye
movements in reading. Following these prelim-
inaries, we present three primary lines of work
on eye tracking and NLP. The first is using eye
tracking data for improving NLP (Section 4). The
second, complementary direction, leverages NLP
for scientific research in psycholinguistics, includ-
ing modeling of eye movements in reading (Sec-
tion 5). The third, and most forward-looking
direction, is human-centered applications which
support reading via predictions about readers and
reading interactions (Section 6). In Section 7, we
conclude by identifying promising avenues for ad-
dressing existing research bottlenecks and carry-
ing out high-impact work in this area.

2 Eye Movements in Reading

For decades, eye tracking during reading has been
a leading methodology for studying the cognitive
processes underlying reading and language pro-
cessing (see Rayner, 1998; Hyond and Kaakinen,
2019; Rayner et al., 2006a; Schotter and Dillon,
2025, for overviews). When we read, our eyes
move over the text in a sequence of fixations,
stops during which the gaze remains relatively still
and visual information is obtained, and saccades,
which are rapid transitions between fixations. Ac-
cording to the eye-mind assumption (Just and Car-
penter, 1980), the word currently fixated is also
being currently processed, with little or no tempo-

ral lag between fixation and cognitive processing.
This assumption, which was empirically validated
to a large extent, posits that eye movements are
tightly coupled with the underlying cognitive pro-
cesses during reading and provides a central foun-
dation for eye-tracking research on reading.

Consistent with the eye-mind assumption, the
characteristics of the eye movement trajectory are
strongly conditioned on the linguistic characteris-
tics of the text. For example, longer, less frequent,
and less predictable words are fixated for longer
periods of time, and skipped more (e.g., Kliegl
et al., 2004; Rayner et al., 2004; Staub et al., 2010;
Staub, 2011; Smith and Levy, 2013). Eye move-
ments during reading are also strongly conditioned
on the reader. They vary substantially across
readers, reflecting individual differences in factors
such as age, working memory capacity, and lan-
guage proficiency (e.g., Rayner et al., 2006b; Ku-
perman and Van Dyke, 2011; Staub, 2021; Berzak
and Levy, 2023). Finally, eye movements also
reflect the nature of the interaction of the reader
with the text (e.g., Just et al., 1982b; Kaakinen
et al., 2002; Hahn and Keller, 2023; Shubi and
Berzak, 2023) and their moment-by-moment cog-
nitive state during reading (e.g., Just and Carpen-
ter, 1980; Reichle et al., 2010). Despite the rich
information contained in eye movements about the
text, the reader, and the reading interaction, they
also contain a substantial amount of unexplained
variance (i.e., noise), which introduces practical
challenges for predictive modeling and the inte-
gration of this signal with NLP.

2.1 Data Collection

Recordings of eye movements in reading are typi-
cally obtained from participants in lab settings. In
most cases, eye movement data is collected with
specialized eye trackers that record the position of
the eye as horizontal and vertical on-screen coor-
dinates, at a high frame rate (250-2000 Hz) and
with high positional accuracy. Such equipment is
needed for reading studies in which the visual in-
terest areas (typically words) are relatively small
(but see Section 7.1 for more scalable alterna-
tives). In addition to the eye tracking experiment
itself, studies often include additional tasks that do
not involve eye tracking, such as demographic and
language history questionnaires, as well as lan-
guage, reading and psychometric tests.



2.2 Eye Movements Representation

The eye movement signal can be used in its raw
form, as samples from a continuous signal con-
sisting of positional coordinates over time, typi-
cally sampled at intervals of 0.5 to several mil-
liseconds. More commonly, however, it is prepro-
cessed into a scanpath - an alternating sequence
of fixations and saccades. This preprocessing step
is done using algorithms for segmentation of raw
gaze positions into oculomotor events (Salvucci
and Goldberg, 2000; Engbert, 2006; Andersson
et al.,, 2017). Note that the choice of the seg-
mentation algorithm may influence performance
on downstream tasks (Reich et al., 2025b).

Scanpaths are most commonly represented at
the fixation level, where each fixation and its pre-
ceding or following saccade are characterized by
features such as fixation location, fixation dura-
tion, and saccade direction. Individual fixations
and saccades can be further aggregated into word-
level measures, such as the word’s total fixation
duration (the sum of all fixation durations on a
given word) or whether a regression (backward
saccade) was initiated from that word. Unlike
fixation-level representations, which directly cap-
ture the chronological order of the scanpath, word-
level representations are centered around the order
of the words.

Both fixation-level and word-level representa-
tions can be further aggregated into summary mea-
sures. For example, the words’ total fixation dura-
tion can be averaged across reading trials (the par-
ticipant’s scanpath over, e.g., a text screen), texts,
participants, or both texts and participants. The
different approaches to eye movement data aggre-
gation reflect a tradeoff between expressivity on
the one hand and robustness to noise on the other.
They further interact with different approaches for
aligning eye movements with the underlying text,
which we discuss below.

2.3 Alignment of Eye Movements and Text

Using eye tracking data in the context of NLP re-
quires addressing a fundamental challenge: align-
ing the eye movement trajectory to its underlying
textual stimulus. This is a unique and difficult
challenge for multimodal modeling, as the text is
static and linearly ordered, while eye movements
are dynamic: they unfold over time in a non-linear
order over the stimulus text. At the same time,
there are systematic and linguistically driven rela-

tions between the eye movement trajectory and the
characteristics of the text.

The alignment strategy for eye movements and
text depends on the granularity level of the eye
movement representation. It may further be con-
strained by the model architecture and the task to
be addressed. We also note that the same align-
ment strategy can be implemented differently in
different model architectures, and even in the same
type of architecture. The models of eye move-
ments and text that were developed in the work
surveyed in Sections 4 to 6 provide different so-
lutions to the text-eye movements alignment prob-
lem, which remains a cardinal open challenge.

3 Datasets of Eye Movements in Reading

A crucial enabling factor for work on eye tracking
and NLP is the availability of high-quality broad
coverage datasets with eye movements during nat-
uralistic reading. The first such major dataset,
the Dundee Corpus (Kennedy et al., 2003), a 20-
adult-participant corpus of L1 reading in English
and French, was introduced in 2003. For over a
decade since its introduction, Dundee was the pri-
mary eye tracking in naturalistic reading dataset
available to the research community, which lim-
ited the possible use cases of eye movement data
in NLP, and subsequently the volume and diversity
of NLP work that used eye tracking data.

In recent years, however, the data landscape has
been changing dramatically, as more and more
publicly available eye tracking datasets for nat-
uralistic reading are introduced. Jakobi et al.
(2026) provide a living survey of existing re-
sources, which estimates that there are currently
56 publicly available eye tracking datasets with
naturalistic reading, with a total of 8,680 par-
ticipants.! Currently available eye tracking cor-
pora span over 30 languages, including multi-
lingual datasets over parallel corpora (Siegelman
et al., 2022, 2025), and reader populations such
as L2 learners (Cop et al., 2017; Li and Clariana,
2019; Berzak et al., 2022; Kuperman et al., 2023,
2025), individuals with dyslexia (Nilsson Benfatto
et al., 2016; Jakovljevi¢ et al., 2021; Dostalova
et al., 2024; Hollenstein et al., 2022a), and par-
ticipants with different levels of domain expertise
(Jakobi et al., 2025a). They also include read-
ing regimes beyond reading for comprehension,

'Counts obtained from the living online table at
https://t.uzh.ch/1Yh, accessed July 29, 2026.
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such as information seeking and repeated read-
ing (Berzak et al., 2025), acceptability judgments
(Bondar et al., 2025b), and linguistic annotations
(Hollenstein et al., 2018, 2020). Additional large-
scale data collection projects, such as the multi-
lingual corpus MultiplEYE (Jakobi et al., 2025c;
Jager et al., 2026), are currently underway.

The recent proliferation of eye tracking for
reading datasets creates the necessary basis for
meaningful integration of eye movement signals
into modern-day NLP and machine learning mod-
els, whose effectiveness is known to crucially de-
pend on the size of the training data, as well as
on its diversity. Despite this very positive trend,
due to the reliance on in-lab data collection using
costly high-precision eye tracking equipment, the
amount of available data relative to many other do-
mains in which machine learning and NLP are ap-
plied remains relatively limited. This data collec-
tion bottleneck is especially severe for populations
such as children and the elderly, as well as for lan-
guages that are spoken in countries where there is
no appropriate infrastructure for eye tracking data
collection. In Section 7.1 we discuss a number of
avenues for scaling eye tracking data collection,
which is critical for the future success of the field.

4 Eye Tracking for Improving
Text-Based NLP

One of the most longstanding and common com-
binations of eye tracking and NLP to date has
been the integration of eye movement signals
from reading into NLP models, with the aim of
improving performance on standard textual NLP
tasks. Such tasks include part-of-speech tag-
ging (Barrett and Sg@gaard, 2015a; Barrett et al.,
2016), dependency parsing (Barrett and Sggaard,
2015b; Strzyz et al.,, 2019), sentiment analysis
(Mishra et al., 2016; Barrett et al., 2018; Ren and
Xiong, 2021; McGuire and Tomuro, 2021; Yang
and Hollenstein, 2023; Kiegeland et al., 2024),
named entity recognition (Hollenstein and Zhang,
2019; Ren and Xiong, 2021; Yu et al., 2024), re-
lation extraction (Ren and Xiong, 2021), read-
ability assessment (Gonzilez-Gardufio and Sg-
gaard, 2017), question answering (Malmaud et al.,
2020; Zhang and Hollenstein, 2024), hallucina-
tion detection (Maharaj et al., 2023), grammat-
icality judgments (Bondar et al., 2025a), sen-
tence compression (Klerke et al., 2016; Sood
et al., 2020b), paraphrasing (Sood et al., 2020b),

and general-purpose language modeling and open-
ended generation (Kiegeland et al., 2024; Bondar
et al., 2025a; Loépez-Cardona et al., 2025c; Gal-
liamov et al., 2025; Sauberli et al., 2026; Chang
et al., 2026). Several studies addressed multiple
tasks using standard NLP evaluation benchmark
datasets (Deng et al., 2023a, 2024).

Early approaches to the integration of eye
movements in NLP models relied primarily on
the concatenation of eye movement and textual
features at the text- (e.g., Mishra et al., 2016),
sentence- (e.g., Barrett and Sggaard, 2015b) or
word-level (e.g., Barrett et al., 2016), using tra-
ditional machine learning models such as logis-
tic regression, SVMs and HMMs. Newer mod-
eling approaches marked two departures relative
to this work. The first is relying on modern neu-
ral language model backbones. The second is an
increased focus on word-level and fixation-level
alignment approaches. Many of the recent mod-
eling approaches are based on standard language
model architectures such as RNNs and trans-
formers, often already pretrained on text. These
models were then modified to integrate word-
level eye movement information, for example, by
adding gaze features in the input (Hollenstein and
Zhang, 2019; Lopez-Cardona et al., 2025¢), mod-
ifying model internals (e.g., attention, Sood et al.,
2020b), or predicting gaze (see below). A notable
example of a fixation-level approach applied to
NLP tasks is the reordering of word embeddings
according to the fixation sequence (Yang and Hol-
lenstein, 2023).

A major challenge for the integration of eye
movements in textual NLP tasks is the need for
predictions on arbitrary textual data, where the text
can be either human or model-generated. Since
human gaze data are generally unavailable at in-
ference time, several strategies have been pro-
posed to address this challenge. These include
using gaze as a prediction target in an auxiliary
training objective (e.g., Klerke et al., 2016; Bar-
rett et al., 2018; Malmaud et al., 2020) or prefer-
ence optimization (Kiegeland et al., 2024; Lopez-
Cardona et al., 2025¢; Bondar et al., 2025a; Gal-
liamov et al., 2025; Chang et al., 2026) that is
discarded after training, using gaze as an auxil-
iary input during training while requiring only text
at inference time (Deng et al., 2024), or replac-
ing human gaze with synthetic gaze generated by
computational models (Sood et al., 2020b; Khu-



rana et al., 2023; Deng et al., 2023a, 2024) during
training, inference or both.

Broadly, this line of work reflects a shared hy-
pothesis, according to which injecting data on how
humans read texts may provide the right inductive
bias for improving text processing in NLP mod-
els. While this is a plausible hypothesis, work in
this area rarely specifies which precise aspects of
the eye movement signal are relevant for the task
at hand. This question is especially pertinent to
many papers where eye movement data is from
participants reading for comprehension rather than
performing the task provided to the model (but see
e.g., Mishra et al., 2016, Malmaud et al., 2020 and
Bondar et al., 2025a for exceptions).

Despite the variety of tasks and architectures
in this line of work, the performance gains from
adding eye movement data to NLP models have
typically been modest. Further, work in this space
has been scarce recently. This, we believe, is no
accident, as current LLMs trained at scale are al-
ready highly capable on a large variety of tasks,
and it is challenging to improve the performance
of such models via behavioral data augmentation,
especially when such data is not task-specific, is
limited in size, and is noisy, as is the case with eye
movement data. While low-resource scenarios are
in principle promising for the integration of eye
tracking signals (Deng et al., 2023a), practically,
limited textual resources are also often accompa-
nied by limited eye tracking resources.

Overall, we conclude that the goal of improv-
ing state-of-the-art model performance on stan-
dard textual tasks via eye movement signals may
currently be less feasible compared to other com-
binations of eye tracking and NLP described be-
low. This, however, may change in the future as
more eye tracking data becomes available, includ-
ing synthetic eye movements which can be gener-
ated instantaneously at scale (Section 7.1), and as
more effective models of eye movements and text
are introduced (Section 7.2).

S NLP for Cognitive and Eye Movement
Modeling

A complementary research direction to integrat-
ing eye movement signals into NLP is using NLP
for modeling reading and human language pro-
cessing. While human language processing dur-
ing reading can be studied using a range of behav-
ioral methodologies (Section 7.1.2), we focus on

eye tracking, the dominant behavioral methodol-
ogy in reading research (e.g., Rayner, 1998).

5.1 Broad Coverage Annotations for
Psycholinguistic Modeling

NLP models can be instrumental for testing psy-
cholinguistic theories of human language process-
ing. Traditionally, testing such theories relied on
manual linguistic annotations or responses to lin-
guistic stimuli elicited from humans (e.g., next
word predictions). Modern NLP enables automa-
tion and broad coverage extraction of cognitively
relevant quantities from text. These quantities are
then compared to reading times as measures of
cognitive effort. A key example is using language
models for extracting word surprisal as a proxy for
contextual word predictability. Language model
based surprisal has often been used in conjunction
with eye movements in reading data to test predic-
tions of surprisal theory (Hale, 2001; Levy, 2008)
in English (Smith and Levy, 2013; Shain et al.,
2024) and other languages (Wilcox et al., 2023).
Ryu and Lewis (2021) used language model sur-
prisal and eye movements data for testing surprisal
and interference-based explanations of syntactic
agreement phenomena. Berzak and Levy (2023)
used surprisal to study lexical and contextual pro-
cessing in L1 and L2 speakers, and Haller et al.
(2026) to assess the measurement reliability of
individual-level surprisal effects.

Another type of automated annotations obtain-
able with NLP models is syntactic trees. Dem-
berg and Keller (2008) leveraged such annotations
along with eye movement data to test the predic-
tions of surprisal theory and dependency locality
theory (Gibson, 1998, 2000). Similarly, Haller
et al. (2026) used dependency trees to investi-
gate processing difficulty associated with syntac-
tic integration. In addition to surprisal and syntac-
tic information, psycholinguistic studies have also
used contextual word vectors from language mod-
els. For example, Smith and Vasishth (2020) used
word embeddings as cognitive representations of
lexical items in memory. Similarly, Meghdadi
et al. (2026) replaced hand-crafted feature rep-
resentations with word embeddings in the ACT-
R model (Anderson and Lebiere, 1998; Anderson
et al., 2004; Lewis and Vasishth, 2005).

We note that scalable LLM-based annotation
can come at the cost of accuracy, interpretability,
and theoretical grounding. Methodological chal-



lenges include subword-to-word surprisal aggre-
gation, lower annotation accuracy, particularly be-
yond English, and the limited interpretability of
neural representations. Moreover, LLM-based es-
timates may obscure theoretically relevant distinc-
tions, such as that between syntactic and lexical-
ized surprisal.

5.2 Evaluating Human Alignment of LLMs
using Eye Movements

A closely related line of work to the usage of NLP
models for extracting cognitively relevant quanti-
ties discussed above has been testing whether lan-
guage models are good models of human language
processing, in many cases via the same quantities
(e.g., surprisal). Eye tracking data has been play-
ing an important role in addressing this question
by providing a fine-grained behavioral benchmark
for language models.

A popular line of work around this question
has been testing the predictive power of language
model surprisal for reading data obtained with eye
tracking across different models (Goodkind and
Bicknell, 2018; Oh and Schuler, 2023; Shain et al.,
2024; Gruteke Klein et al., 2024), model layers
(Kuribayashi et al., 2025) and decoding strategies
(Bolliger and Jédger, 2025; Bolliger et al., 2024).
Language model predictive power for eye move-
ment measures was also examined for different
reader groups (Haller et al., 2024; Skrjanec and
Demberg, 2026), and for texts generated by LLMs
(Bolliger et al., 2024; Bolliger and Jédger, 2025).

More broadly, a large body of work in psy-
cholinguistics has been examining the linguistic
capabilities of language models, with a special fo-
cus on models trained on data comparable in size
to the linguistic exposure of humans (e.g., Linzen
et al., 2016; Marvin and Linzen, 2018; Gulordava
et al., 2018; Futrell et al., 2019; Hu et al., 2020;
Warstadt et al., 2020). Such work has been in-
strumental for progress on long-standing debates
about syntactic learnability hypotheses in linguis-
tics and cognitive science (Chomsky, 1965; Lewis
and Elman, 2001; Wilcox et al., 2024b). While
most commonly, these studies rely only on textual
stimuli (both naturalistic and controlled), some
have also used behavioral evaluations using SPR
and Maze (van Schijndel and Linzen 2018; Wilcox
et al. 2021, see Section 7.1.2 on these methods).

A related line of work seeks not only to measure
language model alignment with behavioral traces

of human language processing, but also to improve
it by developing more cognitively plausible model
architectures (Beinborn and Hollenstein, 2023; Oh
and Linzen, 2026). Within this framework, sev-
eral studies introduced a recency bias (de Varda
and Marelli, 2024; Clark et al., 2025) and mem-
ory constraints (McCurdy and Hahn, 2024; Li
et al., 2026; Thamma and Heilbron, 2026; Xu
et al., 2026), including scanpath-based constraints
(Mooney and Ho, 2026), for transformer language
model architectures, evaluated against eye track-
ing measures.

At the moment, eye tracking does not provide
a special advantage over methods such as SPR
and Maze for much of this work, and the work
presented in Section 5.1. This is because studies
tend to use a single reading measure, which can
be obtained more easily and at larger scale with
these methods. To better leverage eye tracking for
such work, future studies can focus on more fine-
grained analyses of multiple reading measures,
as well as other scanpath representations, which
can better reveal processing dynamics over time.
Across all methodologies, more work is called for
with behavioral data collected from additional lan-
guages, populations and different profiles of lin-
guistic knowledge (e.g., L1 vs L2).

5.3 NLP for Generative Models of Eye
Movements in Reading

A longstanding challenge in the psychology of
reading is the development of computational mod-
els of eye movements in reading. Such models
generate one or more trajectories of eye move-
ments for a given text. Beyond scientific inquiry,
these models can also be highly useful for many
applications, especially those in which relevant
data from human participants is limited or infeasi-
ble to collect. Computational models of eye move-
ments in reading can be broadly divided into two
groups, theory driven cognitive models and theory
agnostic machine learning models.

Cognitive models of eye movements imple-
ment different cognitive theories of reading and
language processing. They are developed from
first principles, based on known characteristics
of oculomotor control in reading and the rela-
tion between eye movements and linguistic char-
acteristics of the text (e.g., more frequent words
are skipped more often). They use a relatively
small number of parameters and are highly inter-



pretable. Prominent examples include E-Z Reader
(Reichle et al. 1999, 2003, 2009, serial attention),
SWIFT (Engbert et al. 2005; Seelig et al. 2020,
parallel attention), SEAM (Rabe et al. 2024, ac-
tivation coupling) and OB1-Reader (Snell et al.
2018, Bayesian inference). The linguistic repre-
sentations used by these models are hand-crafted
features rather than representations derived from
embedding based language models. In princi-
ple, however, cognitive models could instead em-
ploy neural word embeddings to represent lexi-
cal knowledge, as demonstrated by recent work
(Smith and Vasishth, 2020; Meghdadi et al., 2026)
with the cognitive architecture ACT-R (Anderson
et al., 2004; Lewis and Vasishth, 2005).

An alternative approach for modeling eye
movements in reading, which has been gaining
momentum in recent years, is data-driven, theory-
agnostic modeling based on supervised machine
learning from human eye movement data. In
this approach, models are trained to generate syn-
thetic eye movements or derivatives thereof, such
as word reading times or fixation locations, based
on existing training data from human participants.
Early methods in this line of work predicted the
next fixation location using logistic regression,
representing the prior scanpath using word-level
features of the text and of eye movements (Nils-
son and Nivre, 2009, 2011). Newer models build
on language models, using their contextual word
representations as the textual component of the
architecture. Among these, Eyettention (Deng
et al., 2023b, 2026) predicts fixation duration and
fixation location, derived from saccade distance,
by aligning text and eye movements via cross-
attention between a transformer text encoder and
an LSTM fixation encoder. ScanDL (Bolliger
et al., 2023, 2025) predicts the sequence of fixa-
tions using a diffusion model, where eye move-
ments are aligned with the text using shared word
index embeddings.

An additional body of work generates fixation
sequences (Re et al., 2025), completions of fix-
ation sequences (Sood et al., 2025) or raw gaze
samples (Fuhl and Kasneci, 2018; Fuhl et al.,
2018, 2021; Fuhl and Kasneci, 2022; Prasse et al.,
2023; Jiao et al., 2026) without relying on the tex-
tual stimulus. Beyond scanpath prediction, an-
other line of work predicts word-level eye move-
ment measures (see Hollenstein et al., 2021,
2022b, for overviews). A notable example is

NEAT (Hahn and Keller, 2023), which predicts
the probability of fixating words using an LSTM-
based model.

Neural models are less interpretable than cog-
nitive models. At the same time, their strength
lies in closer fits to human eye movements. More-
over, such models can be more easily adjusted to
model specific languages, textual domains, reader
populations and specific readers, enabling bespoke
large-scale generation of synthetic eye movement
data. We envision that this capability will be a
key enabler for future work on eye movements and
NLP (Sections 7.1.3,7.2, 7.3 and 7.6).

6 Human-Centered Applications

An exceptionally promising research area on the
intersection of eye tracking and NLP is human-
centered applications that rely on real-time pre-
dictions about the characteristics of the reader, or
their cognitive state while interacting with the text,
from eye movements in reading. Such applications
expand the range of uses for NLP, and substan-
tially broaden its impact potential in domains such
as education and information accessibility, which
we further discuss in Section 7.3.

In recent years, several proof-of-concept studies
on various prediction tasks from eye movements
in reading have laid the foundations for such ap-
plications. Multiple studies have obtained promis-
ing preliminary results on inferring different char-
acteristics of the reader. These include aspects
of the linguistic knowledge of the reader, such as
native language (Berzak et al., 2017; Ahn et al.,
2020; Reich et al., 2022; Skerath et al., 2023)
and language proficiency (Berzak et al., 2018; De-
mareva et al., 2022; Steichen et al., 2022; Shalileh
et al., 2024; Frenkel et al., 2026), as well as extra-
linguistic knowledge, such as domain expertise
(Jakobi et al., 2025b). Within this line of work,
a growing body of research has been specifically
focused on the detection of dyslexia (Rello and
Ballesteros, 2015; Nilsson Benfatto et al., 2016;
Jothi Prabha and Bhargavi, 2020; Raatikainen
et al., 2021; Nerusil et al., 2021; Haller et al.,
2022; Bjornsdéttir et al., 2023; Shalileh et al.,
2023; Laurinavichyute et al., 2025).

Prediction tasks have been further explored for
reader cognitive states that reflect different inter-
actions of the reader with the text. Such tasks
include predicting different manners of reading:
information seeking versus reading for compre-



hension (Shubi et al., 2025a), linguistic annota-
tion versus reading for comprehension (Hollen-
stein et al., 2023), skimming versus proofreading
(Biedert et al., 2012; Chen et al., 2023), first ver-
sus repeated reading (Meiri et al., 2025), detecting
mind wandering during reading (Hutt et al., 2019;
Mills et al., 2021), and textual decoding of infor-
mation seeking goals (Hadar et al., 2026).

A longstanding problem in the area of cogni-
tive state prediction tasks that remains extremely
challenging is predicting reading comprehension
from eye movements. This task is rooted in
psycholinguistic literature which suggests that
eye movements reflect online comprehension pro-
cesses (e.g., Just and Carpenter, 1980; Reichle
et al., 2010; Schotter et al., 2014; Rayner et al.,
2016), and that eye movement features differ on
average across readers and texts as a function of
text comprehension level (Méziere et al., 2023,
2024). However, to date, predictive models of
comprehension from eye movements have yielded
small improvements over text-only baselines, es-
pecially at the granularity of a single participant
reading a single text (Copeland and Gedeon, 2013;
Makowski et al., 2019; Ahn et al.,, 2020; Re-
ich et al., 2022; Shubi et al., 2024; Zhang et al.,
2025). There are two key hindering factors for
this line of work. First, there are to date only very
few publicly available eyetracking-while-reading
datasets that provide standardized or piloted read-
ing comprehension questions that go beyond at-
tention checks which typically show ceiling ef-
fects. The second hindering factor has been the
limitation to adult L1 data, often from highly
proficient readers, which is less central for this
task compared to, e.g., children, L2 speakers, less
skilled or populations with cognitive impairments.
In Section 7.3 we stress the importance of collect-
ing data from other populations, which are key for
comprehension prediction tasks.

Similarly to the domains of text-based NLP
tasks and predictive modeling of eye movements
in reading, human-centric prediction tasks typi-
cally involve joint modeling of eye movements
and text. As such, many of the models and align-
ment approaches developed for these tasks are
similar to those presented in Sections 4 and 5.3,
only that instead of predicting a property of the
text or the eye movement trajectory, the models
are trained to predict properties of the reader or
their cognitive state. A notable difference from

the models in Sections 4 and 5.3 is that models
for human-centered tasks typically do require eye
movement data from human participants at test
time. Recent models for human-centered tasks
commonly rely on word- or fixation-based align-
ment of eye movements and text via modifica-
tions to standard pretrained language models (e.g.,
transformer encoders), or adaptations of language-
vision models (Shubi et al., 2024). Models that
were originally developed for next fixation pre-
diction (Deng et al., 2023b) were also adapted for
such tasks (Shubi et al., 2024). An alternative to
the language modeling approach used vision mod-
els instead, representing the eye movements, the
text, or both as images (Bhattacharya et al., 2020;
Shubi et al., 2025a; Zhang et al., 2025).

EyeBench (Shubi et al., 2025b) is a recent
benchmark that brings human-centered prediction
tasks and the models developed for them under
a common evaluation framework. Current Eye-
Bench evaluations suggest that many of these tasks
are very challenging, and none of the existing
modeling approaches for eye movements and text
generalize across prediction tasks.

7 Outlook

The work presented in this survey reflects the state
of the art of a young field. In this concluding sec-
tion, we outline directions for addressing existing
challenges in research on eye tracking and NLP,
and identify research directions that are likely to
drive scientific and engineering innovation as well
as societal impact in this area.

7.1 Scaling Eye Tracking Data Collection

Despite the growing volume and diversity of eye
tracking for reading data in recent years (Sec-
tion 3), nearly all data collection projects to date
rely on in-lab experiments with costly eye track-
ing equipment. While high-quality data collected
in controlled in-lab settings has been highly valu-
able for jump-starting fruitful interactions between
the psychology of reading and NLP, long-term
progress in these areas will require solving the
current logistical and financial challenges of eye
tracking data collection. Below, we outline three
main directions for addressing this core issue.

7.1.1 Eye Tracking with Ordinary Cameras

So far, very few attempts were made to collect eye
movements in reading data with standard cameras
such as webcams, and built-in cameras on laptops,



tablets and mobile phones (Ribeiro et al., 2023;
Hutt et al., 2024). The primary reason for this is
the low sampling rate and, even more importantly,
the low accuracy of open source software for eye
movement data collection with standard cameras.
For example, WebGazer (Papoutsaki et al., 2016),
perhaps the most popular open source software for
webcam eye tracking, was estimated to have an av-
erage error of 4.17° of visual angle, which makes
reliable mapping of fixations to words infeasible.
However, recent studies suggest not only that
fixations and saccades may be identified at low-
frequency sampling rates (Angele et al., 2025),
but also that commercial software for webcam eye
tracking can reach a rather low calibration error
(1.45°, Kaduk et al. 2024). Preliminary results
suggest that webcams may suffice for relatively re-
liable mapping of fixations to words when the text
is sufficiently large, and yield reading times and
frequency effects similar to those obtained with
high-end eye trackers (Serrano-Carot et al., 2025).
Leveraging these developments, there is a need
for further validation studies of current webcam
eye tracking software, and a potential for scaling
reading data collection with such software in the
near future, including naturalistic everyday read-
ing environments using tablets and phones. In the
longer term, we identify an open opportunity for
the community: the development of high-accuracy
open-source software solutions for webcam eye
tracking and their validation in reading studies.

7.1.2 Proxy Behavioral Methods

Additional alternatives to in-lab eye tracking data
collection are simpler and cheaper behavioral
methods that are commonly used in psycholin-
guistics and can be deployed online at scale. One
such method is Self-Paced Reading (SPR) (Just
et al., 1982a; Aaronson and Ferres, 1984), where
participants read the text by revealing one word at
a time using key presses. In Maze (Forster et al.,
2009; Boyce et al., 2020), which similarly uses
key presses, participants sequentially choose be-
tween each word and an implausible distractor. In
both methods, reading times are recorded between
key presses. In a more recent method, Mouse
Tracking (MoTR) (Wilcox et al., 2024a), reading
is performed by unblurring a small area around the
mouse cursor of an otherwise blurred text, mim-
icking foveal and parafoveal vision.

All three methods support the collection of
word reading times. However, differently from

eye tracking, they are not based on standard natu-
ral reading, and involve noise from motor planning
and execution of key presses or mouse movement.
SPR and Maze are limited to a single reading mea-
sure (per-word response time), while MoTR pro-
vides a richer signal that more closely resembles
eye tracking data in natural reading (Wilcox et al.,
2024a). This is consistent with preliminary exper-
iments demonstrating that unlike SPR, MoTR is
beneficial for pre-training eye tracking inference
models (Reich et al., 2025a). Crucially, all three
methods can support large-scale online data col-
lection without specialized equipment.

7.1.3 Synthetic Eye Movements

The third solution to the eye movement data col-
lection bottleneck is the generation of synthetic
eye movements. In Section 5.3 we presented neu-
ral models for generating eye movements in read-
ing. These models are currently underutilized.
Furthermore, we anticipate that in the coming
years, these models will continue improving in
precision and efficiency. The convergence of the
increasing amount and diversity of high-quality
eye tracking data from humans, with modeling in-
novation in this space, opens the door for mod-
els that will generate synthetic eye movements for
extremely large amounts of text, and can be cus-
tomized to different languages, text genres, spe-
cific populations and individual readers. To sup-
port the development of such models, new eval-
uation measures for scanpaths (von der Malsburg
and Vasishth, 2011; Fahimi and Bruce, 2021) that
generalize across different texts are needed.

Large scale generation of synthetic eye move-
ments will enable pretraining multimodal text-eye
movement foundation models (Section 7.2) that
can be used for enhancing text processing, as well
as developing models for various eye movement
centered prediction tasks. Crucially, eye move-
ment generations will enable instantaneous eye
movement based evaluations of model generated
text, which are not possible with human eye move-
ments (Section 7.6). Furthermore, while many
user-facing capabilities require human eye move-
ments, some can be supported by the ability of
such models to generate eye movements on de-
mand, instantly, and in real time, for example by
selecting or generating future texts for a given
reader using predicted eye movements based on
their past reading patterns (Section 7.3).



7.2 Models of Eye Movements and Text

Joint modeling of eye movements and text which
supports inferences about readers is an underex-
plored multimodal modeling challenge for NLP
and machine learning. Despite substantial re-
cent progress in this area, many existing mod-
els are ad-hoc modifications of standard language
model architectures and training objectives. Im-
portantly, most developed models are text-centric:
their backbones are models that are well suited for
text and are often pretrained on large amounts of
text, and then modified using small amounts of
eye movement data. While such approaches can
be effective, they are not necessarily optimal for
effective processing of eye movement data, leav-
ing much room for further development of first-
principles models of eye movements and text in
which eye movements are first-class citizens.

In particular, there is currently no “foundation”
model of eye movements and text which is pre-
trained on eye tracking-while-reading data. The
recent dramatic improvements in the eye tracking
data landscape, as well as current and future possi-
bilities for large-scale generation of eye movement
training data discussed in Section 7.1.3, make the
development of such models a feasible goal for
the coming years. EyeBench (Shubi et al., 2025b)
provides implementations of existing architectures
for modeling eye movements and text, and a uni-
fied evaluation framework on a variety of predic-
tion tasks, supporting future progress in this area.

An additional cardinal challenge for joint mod-
eling of eye movements and text is accounting for
the substantial variability in eye movement pat-
terns across readers. Addressing this variability
requires not only collecting more data, but also
leveraging information that is readily available in
existing datasets. In particular, the large majority
of existing work on modeling eye movements and
text does not use information collected in ques-
tionnaires and tests administered in addition to
the eye tracking recording session, such as de-
mographic information and linguistic background
and proficiency. Such information can improve
the performance of human-centered applications,
as exemplified by Laurinavichyute et al. (2025)
on the task of dyslexia prediction, and can fur-
ther support customization of eye movement gen-
eration models to specific populations and readers
discussed in Section 7.1.3.

7.3 Human-Centered Applications

The studies surveyed in Section 6 provide proofs-
of-concept for capabilities that can support new
types of human-centered applications. However,
these studies only scratch the surface of the oppor-
tunities that arise in this space. As NLP is expand-
ing towards user-facing applications, eye tracking
data can provide the basis for a variety of new ap-
plications that support human users in areas such
as information accessibility, education and digital
learning, and interactive online systems.

In broad strokes, in the future, eye movement
data could be collected and analyzed in real time
as users read. This data could be used for assess-
ing the reader, as well as for real-time inferences
about the reading process and the interaction of
the reader with the text (e.g., monitoring attention,
text comprehension or reading goal). One can
imagine future applications in classrooms where
the linguistic and reading abilities of children, and
their performance on specific reading tasks are as-
sessed directly from eye movements, without the
need for developing and deploying costly standard
reading evaluations. Pre-screening for dyslexia
can also be deployed at scale, potentially improv-
ing diagnosis and monitoring the development of
reading abilities over time.

Future human-centered applications are not lim-
ited to assessments. Real time monitoring of read-
ing can also enhance the reading experience and
support reading interventions. For example, if an
eye movement-based system detects that a reader
is struggling to comprehend a text, another system
component can select the next text to be easier, or
simplify the current text in real time. For students
and language learners, such systems can enhance
language learning and reading development. For
other populations, such as the elderly, special as-
sistance can be triggered when the user is access-
ing and not comprehending critical information.

Crucially, these applications will require far
more data and development focus on their main
audiences, often not represented in convenience
samples, including children, adults with reading
difficulties, the elderly and L2 learners. Additional
research will also be needed on fast real-time in-
ference, which is required for such applications.

7.4 Structured Evaluations

Enabling the applications discussed above will re-
quire rigorous model evaluations. As in other ar-



eas of NLP, evaluations should include appropri-
ate statistical tests. Eye tracking datasets pose ad-
ditional challenges for statistical testing because
their samples are often non-i.i.d., but contain mul-
tiple measurements from both participants and
items: multiple participants read the same texts,
and each participant reads multiple texts. Many
evaluations require accounting for these depen-
dencies using mixed-effects models (Barr et al.,
2013). Furthermore, train—test splits should re-
spect the crossed participant—item structure to en-
able fine-grained assessments of model general-
ization to unseen participants, unseen texts, and
their combination.

These evaluation regimes directly correspond to
real-world deployment scenarios. The seen-text,
new-participant regime is relevant for assessment-
like cases, where the set of textual materials is
fixed. The seen-participant, new-text regime is
suitable for systems that adapt to user behavior
over time, such as digital learning platforms. The
new-participant, new-text regime is the most chal-
lenging and general setting, with no prior eye
movement data for the participant nor the text.
Specifying the evaluation regimes is crucial for fu-
ture work, both for understanding model general-
ization and for gauging relevance for applications.
Finally, demonstrating relevance to real-time ap-
plications may also require evaluations on varying
amounts of training and testing data, and different
degrees of data quality.

7.5 Eye Tracking in Current Day NLP

In Section 4 we noted that improving NLP model
performance using eye movements is highly chal-
lenging due to the drastic recent improvements
in the performance of current LLMs. These im-
provements have accelerated a shift in academic
NLP from model development to model analy-
sis, and interpretability of model-internal mecha-
nisms (Belinkov and Glass, 2019; Madsen et al.,
2022; Mueller et al., 2026). Eye movement data
could potentially play a role in this transition, and
a number of studies have already examined the
alignment between transformer attention mecha-
nisms and human attention as operationalized with
eye tracking measures (Sood et al., 2020a; Eberle
et al., 2022; Wang et al., 2024). Further work in
this area could widen the set of existing tools and
benchmarks for analyzing language models.

Furthermore, as NLP models are improving,

there is an ever growing need to ensure their safe
and fair deployment. Concerns about these is-
sues are highly relevant to multimodal models
of eye movements and text, especially for user-
facing applications (Sections 6 and 7.3). Recent
work has demonstrated that such models can in-
deed be biased. For example, models that predict
language proficiency can favor speakers of cer-
tain native languages over others (Frenkel et al.,
2026). Additional biases may be present for differ-
ent reading strategies, educational backgrounds,
ages, gender and others. Privacy and the possi-
bility of identifying readers from their eye move-
ments (Kasprowski and Ober, 2004; Jdger et al.,
2020; Makowski et al., 2019), including associ-
ated biases (Prasse et al., 2022), are also becoming
prominent concerns. We anticipate that addressing
these questions will become front and center in the
coming years.

Finally, many current LLMs are multimodal
models that process, among others, both text and
visual information. Eye movements during in-
spection of visual scenes, and specifically visual
saliency (e.g., Fosco et al., 2020), are longstanding
research areas in psychology, computer vision and
HCI. In NLP, eye movements over images were
used for image captioning (Takmaz et al., 2020),
visual question answering (Sood et al., 2023) and
prediction of human preferences for images (Pa-
padopoulos et al., 2026). While the focus of the
current survey is on eye movements for reading,
we anticipate that work on eye movements over
images and videos will continue gaining momen-
tum in NLP, and potentially be integrated in the
future with eye movements in reading.

7.6 Evaluation of NLP Model Outputs with
Eye Movements

Many NLP evaluation methodologies rely on
“gold standard” behavioral human responses, or
LLMs which approximate them. This data can
come in the form of annotations, human gener-
ations such as summaries and translations, user
preference responses, and other forms of feedback
from human users. In most cases, these are offline
signals reflecting the end products of human lin-
guistic processing and decision making processes.

Eye tracking offers an alternative, and thus far
underexplored, approach to NLP system evalua-
tion by capturing online information on cognitive
processes during reading. Such information can



enable more fine-grained evaluation of NLP sys-
tem outputs and provide direct evidence for real-
time processing difficulty, which is more challeng-
ing to obtain with offline methods. Further, unlike
other applications which require large amounts of
eye tracking data, many evaluations are feasible
even with limited eye movement data, as well as
with proxy methods discussed in Section 7.1.

A few studies have already introduced eye
movement-based NLP system evaluations in the
domains of text generation (Zarriel3 et al., 2015),
readability (Gruteke Klein et al., 2025), simpli-
fication (Sauberli et al., 2026), machine transla-
tion (Doherty et al., 2010; Sajjad et al., 2016), and
summarization (Ikhwantri et al., 2024), demon-
strating the value of this approach. Much room
remains for further work on eye movement-based
measures as standalone evaluations or as com-
plementary methods for standard offline evalua-
tions. Beyond evaluation, as discussed in Sec-
tion 4, the ability of eye movements to discrimi-
nate between higher- and lower-quality model out-
puts also makes them attractive as supervision sig-
nals for model optimization (Bondar et al., 2025b;
Loépez-Cardona et al., 2025b; He et al., 2026).

8 Conclusion

We presented the main streams of work on the in-
tersection of eye tracking for reading and NLP.
The current momentum in research that combines
eye tracking with NLP reflects the potential of this
area in providing opportunities for exciting work
on modeling, evaluation, basic science and user-
facing applications. These research directions will
substantially broaden the scope of NLP, and en-
hance its scientific and societal value. The current
survey provides a roadmap towards this vision.
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