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Abstract
This study presents a survey of research integrating eye-tracking (gaze) data into Language Models (LMs) as a means
of cognitively grounding NLP models and applications in human reading behavior. Although contemporary LMs excel
at learning statistical patterns from text, they fundamentally lack human-like reading and comprehension capabilities.
Incorporating gaze data may offer a window into cognitive processing, yet its impact on LMs remains underexplored.
Addressing a persistent bottleneck, namely, the high cost and limited scale of laboratory eye-tracking, we propose a
roadmap consisting of three streams of research for advancing this novel research domain: (1) developing cognitive
multimodal corpora, (2) leveraging generative models for gaze synthesis to overcome the data bottleneck caused
by the high costs of human eye-tracking, and (3) training LMs with gaze-guided attention mechanisms and input
augmentation. Furthermore, we illustrate practical applications in readability assessment, educational analytics, and
assistive communication, demonstrating how gaze-informed models can enable adaptive technologies. Finally, we
critically examine ongoing challenges, including the lack of data standardization, the misalignment between human
and machine language processing, and the urgent ethical imperative for privacy-preserving architectures to pro-
tect sensitive biometric gaze data, motivating privacy-aware data practices and model designs for scalable deployment.
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1. Introduction attracting current research and proceeding towards
establishing a community of researchers (Acartiirk
et al., 2025). To give a concrete example to the
studies in this context, gaze data may bridge a
text-specific property, such as sentence complexity,
to its human-reader counterpart, namely, reading
difficulty.

Natural Language Processing (NLP) has achieved
remarkable success, driven largely by deep learn-
ing architectures that learn statistical patterns from
massive text corpora (language models, hence-
forth LMs). However, LMs often lack the cognitive
grounding that characterizes human language pro-
cessing and comprehension. Eye-tracking data, Recently, the research on developing compu-
specifically the measurement of fixations and sac-  tational models of eye-movement during reading
cades, provide a psychophysiological window into  faced a significant data bottleneck, as collecting
these cognitive processes. Common gaze features  gaze data involves high cost and time effort, also re-
used in NLP include fixation duration (processing ef-  quiring specialized hardware and controlled labora-
fort), first-pass reading time (early processing), total  tory environments. These challenges have limited
reading time (integration difficulty), regression rate  the use of gaze data in NLP to relatively small-scale
(reanalysis), and skipping probability (predictability).  studies. However, a recent shift has been moving
These features provide measurable indicators of  the eye-tracking field from small datasets to stan-
cognitive processing during reading and are widely  dardized multimodal and multilingual corpora by
used in computational models. incorporating synthetic gaze generation.

The integration of gaze data into NLP models
and applications offers a pathway to bridge the
gap between statistical probability and human-like
reading and comprehension by informing models
about which words might carry the most informa-
tion, and how attention and cognitive load might
change during reading from a human-reader per-
spective (cf., Cognitively Inspired NLP, Mishra et al.
2017; cognitive signals, Hollenstein et al. 2020a).
This provides the development of a novel research
domain that bridges NLP and cognitive sciences,

This survey reviews the current role of gaze data
in NLP research and outlines a structured research
direction through a three-stream roadmap (see Fig-
ure 1): (1) Developing cognitive multimodal cor-
pora, (2) enriching cognitive multimodal corpora
by gaze synthesis, and (3) training LMs for gaze
guidance embedded in enriched cognitive multi-
modal corpora. We also address methodological
and ethical considerations for large-scale collection,
synthesis, and deployment due to the personal and
potentially sensitive nature of gaze data.

64

Proceedings of The Second International Workshop onEye-Tracking Resources and Evaluation for Human-Aligned NLP, pages 64—76
May 12, 2026. ©ELRA Language Resources Association (ELRA), 2026



Stream 1: Corpora Development

Eyetracking datasets
Multilingual corpora
Standardization

Stream 2: Gaze Synthesis

Generative models
Synthetiscanpaths
Data augmentation

=

Stream 3: GazeGuided LMs

» Attention supervision
* Multtask learning
* Input augmentation

4 LSS
DD EEDE

dataaugmentation
(Stream 2- 1)

humanalignment / evaluatior
(Stream 3~ 1)

modelrefinement
(Stream3 - 2)

Figure 1: Roadmap for gaze-integrated NLP. The three streams for corpora, gaze synthesis, and gaze-
guided models can be developed in parallel, with feedback loops that support continuous improvement

and data augmentation.

2. A Roadmap for Gaze for NLP

This section introduces the roadmap in three
streams of research that can proceed in parallel
with minor dependencies. The first stream presents
the studies targeting the development of cognitive
multimodal corpora. Given their limited size, due
to challenges in developing multimodal corpora,
the next stream addresses synthesizing gaze data
to enrich multimodal corpora and the studies con-
ducted in this direction. The next stream focuses
on training LMs on enriched cognitive multimodal
corpora through gaze guidance.

2.1. Developing Cognitive Multimodal
Corpora

Developing corpora has been the very first step
for conducting quantitative linguistic research and
developing practical NLP applications for many
decades. The scope of corpus development has
been expanded for the past decade in at least
two directions: The development of text-only cor-
pora and the development of multimodal cognitive
corpora, both for training LMs. Due to historical
reasons, several terminological ambiguities have
emerged. One is the use of the term “multimodal”,
which has been used in NLP studies to refer to lan-
guage resources including linguistic and nonlinguis-
tic content, such as text and images. Another use of
the term refers to the method of measurement and
the resulting data, such as gaze and brain imaging
data. To resolve the terminological ambiguity in the
field, we propose a distinction between extrinsic
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multimodality (content-multimodal corpora), which
concerns the diverse formats of information repre-
sentation (e.g., text paired with images or video),
and intrinsic multimodality (cognitive multimodal
corpora), which concerns the diverse channels of
human cognitive processing (e.g., simultaneous
recording of gaze, EEG, and fMRI while reading
text). This survey specifically addresses the lat-
ter, using the term cognitive multimodal corpora,
by leveraging intrinsic cognitive signals to ground
language representations in human processing pat-
terns. While extrinsic multimodal systems learn to
relate objects and concepts across different exter-
nal media, intrinsic multimodal systems learn to
model the observable signals obtained from the
reader.

Several cognitive multimodal corpora have been
released during the past decade. The datasets,
such as ZuCo 2.0 Zurich Cognitive Language Pro-
cessing Corpus (Hollenstein et al., 2020b) and
GECO Ghent Eye-Tracking Corpus (Cop et al.,
2017) provide standardized benchmarks. For in-
stance, ZuCo 2.0, provides simultaneous eye-
tracking and EEG recordings during both natural
reading and specific annotation tasks of 739 En-
glish sentences read by 18 participants. Similarly,
GECO consists of gaze data from monolingual En-
glish speakers and Dutch-English L2 learners read-
ing an entire novel, providing a continuous narrative
context often missing in sentence-level datasets.

While early work focused primarily on English,
the field has rapidly expanded into diverse lan-



guages and specialized domains to create stan-
dardized benchmarks. Recent efforts include the
Copenhagen Corpus (CopCo), which provides the
first eye-tracking-while-reading corpus for the Dan-
ish language, consisting of 1,832 sentences and
nearly 35,000 tokens (Hollenstein et al., 2022).
Similarly, the PoTeC, Potsdam Textbook Corpus
(Jakobi et al., 2025a), is a German naturalistic re-
source comprising data from 75 participants read-
ing scientific texts. It employs a factorial design
contrasting expert and novice readers to investi-
gate how domain expertise and prior knowledge
influence cognitive processing during reading. Re-
cently, GAZE4HATE dataset expands the scope of
reading stimuli from common text to instances of
annotated hate-speech segments (Alacam et al.,
2024).

To address the historical lack of uniformity across
laboratories, the MultiplEYE initiative has been es-
tablishing a large-scale, multilingual corpus with
consistent recording protocols (Jakobi et al., 2025b)
Novel datasets like CoLAGaze (Bondar et al., 2025)
provide the first broad-coverage eye-tracking cor-
pus on grammatical and ungrammatical sentences,
aligned to the CoLA benchmark, enabling direct
comparison between model grammaticality judg-
ments and human processing patterns. Further-
more, WebQAmGaze (Ribeiro et al., 2023) ad-
dresses accessibility, utilizing webcam-based eye
tracking from 600 participants across four lan-
guages (English, German, Spanish, and Turkish),
demonstrating that low-cost, scalable data collec-
tion is feasible without specialized hardware. In-
teRead (Zermiani et al., 2024), with 50 participants,
annotates interruptions and resumption lags dur-
ing reading, addressing the ecological validity of
learning environments. Additional multilingual re-
sources continue to expand the range of cognitive
multimodal corpora. For example, the FETA corpus
provides French eye-tracking data collected from
46 readers across general, medical, and clinical
texts presented in both original and manually simpli-
fied versions, with multiple word-level gaze features
available for analysis (lvchenko and Grabar, 2025).
To provide a clearer overview of existing resources,
Table 1 summarizes representative cognitive multi-
modal corpora.

The available cognitive multimodal corpora, as
exemplified in this section, provides valuable re-
sources for developing LMs by incorporating gaze
data. On the other hand, a major challenge in the
field is the limited size and scope of the available
datasets, mostly consisting of a few dozen partici-
pants and a few thousand words, due to the high
cost and time effort required in gaze data collection.
This scarcity has necessitated a shift in research
focus for the past decade, seeking an answer to the
following question: Is it possible to synthesize gaze
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data to predict human gaze patterns on unseen text,
so as to scale up training sets for gaze-augmented
models? The studies in this direction comprise the
second stream of the research roadmap, presented
below.

2.2. Gaze Synthesis to Enrich Cognitive
Multimodal Corpora

The predictive models of eye movements during
reading emerged in the beginning of the century,
established on experimental findings obtained in
previous research. The empirical research largely
addressed the factors impacting eye-movement pat-
terns on text, such as corpus frequency of lexical
items, word length, and predictability of words in
a sentential context. A set of computational cogni-
tive models aimed to parameterize these factors to
predict when and where to move the eyes during
reading (E-Z Reader, Reichle et al. 1998; SWIFT
Saccade-generation with inhibition by foveal tar-
gets, Engbert et al. 2002; Glenmore, Reilly and
Radach 2003; OB1-reader, Snell et al. 2018; see
Acartirk 2025 for a recent review). For the past sev-
eral decades, statistical regularities on eye move-
ments during reading have attracted research in-
terest from a modeling point of view, still being an
ongoing debate (Kimchi and Siegelman, 2026).
The scope of early modeling in the cognitive
computational models has been limited to rule-
based, algorithmic approaches while some em-
ployed connectionist architectures or parameter op-
timization. Recent models have involved explicit
machine-learning approaches, also targeting syn-
thesized gaze patterns. For instance, models like
ScanTextGAN and the hybrid text saliency models
proposed by Khurana et al. (2023) indicate that
synthetic scanpaths can be used to supervise NLP
models. Specifically, they were able to improve
the accuracy of multiple NLP tasks, such as sen-
timent analysis, named entity recognition, relation
extraction, and grammatical error detection, using
synthetic scanpaths produced by the model, on a
variety of datasets. ScanTextGAN presents a gen-
erative approach designed to synthesize human-
like scanpaths (the sequence of fixations and sac-
cades) over text, also aiming to replicate the tem-
poral sequence of reading, including regressions
(looking back) and skips. The model was trained
on real eye-tracking data to learn the probability dis-
tribution of eye movements during reading. Hybrid
and cognitive text saliency models aim to predict
aggregate gaze metrics (like total fixation duration)
rather than full scanpaths, yet combining traditional
cognitive reading models with data-driven gaze su-
pervision. This approach reduces the full reliance
on black-box neural models, by integrating estab-
lished psycholinguistic features (e.g., word length,
frequency) with neural attention. Empirical findings



Dataset Language Participants  Size

ZuCo 2.0 English 18 739 Sentences
GECO English, Dutch (L2) 30 5,000 Sentences
CopCo Danish 22 1,832 Sentences
PoTeC German 75 12 Scientific Texts
FETA French 46 32 - 179 Sentences
WebQAm Gaze English, German, Spanish, Turkish 600 XQuAD & MECO texts
Inte Read English 50 28 Pages

CoLA Gaze English 42 306 Sentences
Multipl EYE Multilingual (30+ languages) 100+~ 10 Natural Texts
GAZE4HATE English 43 90 items

Table 1: Overview of representative cognitive multimodal corpora with eye-tracking data (*per lab, ongoing)

suggest that the field will increasingly pivot toward
gaze synthesis in the near future, relying on the
expectation that the accuracy of synthesized gaze
will further and further approximate real gaze data.

Alongside ScanTextGAN, several architectures
have emerged for gaze synthesis. Eyettention
(Deng et al., 2023) is such a gaze-synthesis model,
one that processes linguistic tokens and chronolog-
ical fixation sequences simultaneously using cross-
sequence attention. By modeling the complex tem-
poral dynamics of reading, Eyettention performs
scanpath prediction across multiple languages and
datasets. Another model is ScanEZ (Sood et al.,
2025), which integrates traditional cognitive models
with self-supervised learning to produce spatiotem-
porally realistic scanpaths. This hybrid approach
demonstrates that incorporating traditional, compu-
tational cognitive models that address psycholin-
guistic factors can improve generalization beyond
purely data-driven methods.

These synthesis approaches differ among each
other in both their representational assumptions
and architectural design. Sequence-based mod-
els conceptualize scanpaths as ordered discrete
events (i.e., fixations and saccades), typically mod-
eled with autoregressive or recurrent frameworks.
Complementary work has also investigated the lin-
guistic determinants of saccade targeting, showing
that, beyond word length and frequency, contex-
tual meaning, prior fixation history, and saccade
distance contribute to predicting forward and back-
ward eye movements during naturalistic reading
(Rego et al., 2025). In contrast, trajectory-based
models treat gaze as a continuous spatiotempo-
ral signal and often employ probabilistic or neural
dynamical systems to capture smooth transitions
in gaze coordinates. Conditioning strategies also
vary: some models incorporate explicit linguistic
features (e.g., readability indices, syntactic com-
plexity, or lexical frequency), whereas others learn
end-to-end mappings from token-level embeddings
directly to gaze trajectories without handcrafted fea-
tures.

While generating synthetic gaze data offers a the-
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oretical workaround to the high cost of collecting
human eye-tracking data, it is crucial to recognize
significant limitations inherent in relying on syn-
thesized data. Currently, it remains unclear how
well synthetic gaze truly captures the complexity of
human reading behavior. A primary shortcoming
of synthetic gaze data is the reduction of natural
variability. Because generative models are trained
to optimize for widespread statistical regularities,
they risk ignoring the rich, idiosyncratic variations
present in human reading patterns. Another weak-
ness related to the existing models is the lack of
assessment methodologies in the recent work. In
general, the evaluation of the relationship between
machine behavior and human behavior is scarce
in the context of incorporating gaze data into LMs,
except for a few studies in this direction, such as
Ikhwantri et al. (2023). Aggregate behavioral statis-
tics (e.g., mean fixation duration, saccade length,
regression rate) or predictive measures (e.g., next-
fixation accuracy) are generally used to measure
synthetic gaze. Although informative, these mea-
sures mainly capture superficial likeness and may
not indicate whether the generated scanpaths re-
flect the finer-grained linguistic processes in human
language processing (e.g., sensitivity to syntac-
tic boundaries, semantic ambiguity, or surprisal).
As a result, matching global distributions does not
guarantee that synthetic gaze preserves the cog-
nitively compatible signal required for modeling.
Specifically, current synthetic models generally fail
to model individual differences. Reader-specific
traits, such as working memory capacity, domain
expertise, second-language proficiency, or reading
disorders, profoundly influence gaze behavior. By
heavily relying on aggregated training sets, genera-
tive models run the risk of biasing NLP applications
toward the “average gazer.” This homogenization
means that models might ignore outlier behaviors
or non-standard reading strategies, limiting the eco-
logical validity and inclusivity of applications like as-
sistive communication or personalized education.

In summary, the methodological issue of trying
to determine that the synthesized scanpaths do not



store task-relevant information content, but are just
an approximation of statistical regularities, is still
unresolved. It is not clear that existing generative
models reproduce systematic variability with regard
to individual variability, task requirements, and pro-
cessing linguistically complex or ambiguous stimuli.
Synthetic gaze augmentation effectiveness is de-
termined by whether models are able to encode
both the statistical patterns of eye movements and
the structured modulation of gaze based on textual
properties, reader characteristics, and contextual
constraints.

Consequently, while gaze synthesis provides an
alternative avenue for data augmentation, its utility
must be critically weighed against these conceptual
and methodological shortcomings. Overreliance
on synthetic datasets without addressing the loss
of individual variability and nuanced cognitive pro-
cessing poses a major risk. Acknowledging these
limitations, the next challenge lies in architectural
integration: How can both empirical and (cautiously
applied) synthetic cognitive signals be effectively
injected into neural NLP models? The studies that
aim to find answers to these questions comprise
the third and final stream of the research roadmap,
presented below.

2.3. Gaze Guidance for Training LMs with
Enriched Cognitive Multimodal
Corpora

The previous studies on incorporating gaze data
into LMs have mainly converged on two strategies:
augmenting the input representation (concatena-
tion) and supervising the internal computation (at-
tention mechanisms). The relationship between
gaze and visual attention is basically an opera-
tional assumption rather than being an observa-
tional fact. The eye movements during reading
indicate visual attention while the two do not nec-
essarily couple momentarily (Posner et al., 1980).
Moreover, aligning a model’s attention mechanism
with human visual attention is also a technically
sophisticated integration approach. In standard
Transformer or RNN-based architectures, “atten-
tion” is a learned weight distribution that determines
which input words the model should focus on. A fea-
sible approach is to modify the loss function of the
neural network to minimize the distance between
the model’s attention weights and human fixation
distributions (or synthetic equivalents) instead of
letting the model learn attention solely from the tar-
get task (e.g., translation). This approach assumes
that human gaze is a proxy for attention. Recent
research shows that integrating gaze features into
the attention mechanisms of neural networks can
improve performance in tasks like paraphrase gen-
eration and sentence compression (Khurana et al.,
2023). Such supervised learning of attention mech-
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anisms combined with gaze data provide a practical
benefit, as once training is complete, it does not re-
quire gaze input during inference. It allows building
cognitively enriched attention mechanisms, which
have signals from both raw textual data and cogni-
tive data.

Another approach for informing NLP systems
with gaze data relies on joint, multi-task models that
learn gaze behaviour alongside the target NLP task.
In this approach, the model is trained to perform
two tasks simultaneously: a primary task consisting
of a specific NLP goal (e.g., sentence compression,
sentiment analysis), and an auxiliary task aiming to
predict gaze metrics (e.g., total fixation duration) for
the input tokens. By sharing the underlying encoder
layers between these two tasks, the model learns a
generalized text representation that encodes both
semantic meaning and cognitive processing effort.
This joint-modeling approach ensures that gaze
data regularizes the model, preventing it from over-
fitting to superficial statistical patterns in the text.
Sood et al.’s (2020b) joint modeling approach—
training the NLP model to solve the task and predict
human gaze simultaneously— outperformed state-
of-the-art baselines. Similarly, Mathias et al. (2020)
introduce a model where gaze behaviour is learned
along with essay grading, and the results show that
modeling gaze behaviour along with essay grading
provides statistically significant performance gains
for the task.

A similar approach is to concatenate gaze vec-
tors with word embeddings to enrich the input repre-
sentation. Gaze measures can also be normalized
and concatenated directly with word embeddings
(e.g., BERT or GloVe vectors) to form the input to
the network. However, this method increases the
dimensionality of the input and requires the gaze
data to be available at test time (unless replaced by
synthetic features), making it less flexible than the
attention supervision methods. On the contrary to
the previous approach, where the attention mecha-
nisms are trained along with the gaze features, this
approach requires gaze features during inference
time to be available, which makes the approach
less practical compared to the previous approach.

Empirical evaluations of these approaches have
yielded mixed but instructive results. Barrett et
al. (2018) showed that regularizing recurrent mod-
els with human attention from eye-tracking cor-
pora improved performance across sentiment anal-
ysis, grammatical error detection, and abusive lan-
guage detection, suggesting that human gaze pro-
vides inductive biases that help models general-
ize. Similarly, Wang B. et al. (2024) investigated
whether integrating gaze signals into BERT during
pretraining or fine-tuning enhances performance,
reporting gains on several tasks. Hollenstein and
Zhang (2019) demonstrated consistent improve-



ments from gaze and EEG augmentation for named
entity recognition, relation classification, and senti-
ment analysis across multiple datasets. However,
Sood et al. (2020a) found that while model atten-
tion can be shaped to resemble human attention
through supervision, the correlation between atten-
tion similarity and task performance is architecture-
dependent: LSTM and CNN attention aligned bet-
ter with human fixations and correlated with perfor-
mance, whereas XLNet showed weaker alignment
despite high task accuracy. This suggests that the
concept of attention supervision can be best im-
plemented when the internal process of the model
can be compatible with the human-like sequential
processing. The major outstanding problem is to
enable type-level generalization, i.e. learners to
use the gaze patterns trained on training texts with-
out having to provide eye-tracking information at
testing time (Hollenstein and Zhang, 2019).

In summary, training LMs with enriched cogni-
tive multimodal corpora seems to be a promising
research direction for effectively incorporating gaze
data. Below, we present research domains that
might extend the frontiers of the field through appli-
cations.

3. Applications
This section exemplifies several frontiers that the
research on incorporating gaze data into LMs has
been expanding

3.1. Text Complexity and Reading
Difficulty
Text complexity and reading difficulty are two con-
cepts that constitute the two piers of the bridge
between NLP and cognitive sciences. The link be-
tween gaze behavior and text difficulty has been
well established in psycholinguistics, but translating
this link into computational models is not straight-
forward. Text difficulty is not a single construct;
it depends on lexical properties, syntactic struc-
tures, discourse relations, and reader-dependent
variables such as reading skill and prior knowledge.
These factors interact and produce variable eye-
movement patterns across readers and tasks.
Traditional readability formulas mainly use sur-
face features such as word length and sentence
length. These features provide an incomplete proxy
for processing effort and do not directly reflect cog-
nitive operations during reading, such as lexical
access, syntactic parsing, and semantic and dis-
course integration. Eye-tracking studies show that
fixation duration, regression rate, and skipping prob-
ability are influenced by linguistic predictors like
predictability, and syntactic ambiguity. As a result,
surface readability scores often fail to capture the
variation observed in human gaze data. For compu-
tational modeling, this creates a mismatch between
input representations and gaze signals. Gaze data
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are temporally structured and respond to local lin-
guistic properties at the word and sentence level,
while many traditional NLP models use global or
static text features to represent difficulty. A more
suitable approach is to incorporate psycholinguis-
tically motivated predictors, such as surprisal, en-
tropy, and syntactic dependency measures, along-
side contextual embeddings. Recent work further
shows that surprisal estimates from LLMs predict
several eye-tracking measures, including first fixa-
tion duration and gaze duration, reproducing well-
established reading-time effects across languages
and datasets (Alves, 2025). This alignment can im-
prove the mapping between text features and gaze
patterns, supporting more accurate modeling of
reading behavior. Overall, gaze-augmented meth-
ods aim to assess text difficulty by measuring actual
processing effort during reading. Regression count
indexes reanalysis caused by comprehension prob-
lems or structural ambiguity. First-pass reading
time reflects early lexical access and syntactic inte-
gration, whereas total reading time captures later
reanalysis and cumulative processing. These mea-
sures can diverge: a frequent word may show short
first-pass time but longer total time when it appears
in syntactically demanding contexts, indicating in-
teraction between lexical and syntactic processing
that surface features miss.

Nevertheless, applying these findings to read-
ability systems raises practical issues. Gaze data
shows high variability across readers due to dif-
ferences in skill, working memory, domain knowl-
edge, and reading strategy. Aggregating at the
type level can mask this variability, while token-
level modeling requires large datasets for stable
estimates. In addition, the link between gaze and
comprehension depends on task demands (e.g.,
skimming vs. careful reading) and genre, which lim-
its model generalization across corpora. Recent
work has started to operationalize these findings.
Studies that combine gaze features with linguistic
and psycholinguistic variables in multi-task learn-
ing models report improved readability prediction
in English (Gonzalez-Gardufio and Sggaard, 2017)
and in morphologically rich languages such as Ara-
bic (Baazeem et al., 2025). Extending this line of
work to lower-resource languages, Hodivoianu et al.
(2025) introduce the first Romanian eye-tracking
dataset for reading and show that both feature-
based models and fine-tuned Romanian BERT ar-
chitectures can predict total reading time at the
word level, with applications to lexical simplification
and interactive readability support. Transformer-
based language models have been shown to better
account for human reading effort measures than
RNNSs, including self-paced reading times and neu-
ral activity during sentence processing (Merkx and
Frank, 2021). These findings suggest that attention-



based architectures can capture aspects of human
language processing, although their fit to behav-
ioral data depends on the type of measures and
the experimental setting.

3.2. Educational Analytics

A promising field of research that benefits from
incorporating gaze data into LMs has been edu-
cational analytics. For instance, foreign language
learning and its evaluation by automated essay
scoring are the two domains that can be bridged by
incorporating gaze data into LMs. In educational
settings, gaze data has the potential to serve as
a measure of learning Sharma et al. (2020); John
et al. (2025). Although gaze is an indirect mea-
sure of learner engagement and comprehension
difficulty (Hutt et al., 2024; Tur€ani et al., 2024),
specific gaze measures, such as regressive sac-
cades, may correlate with various levels of text com-
plexity, such as lexical- and syntactic-level com-
plexity (Turcani et al., 2024), also indicating chal-
lenges in language learning. An emerging appli-
cation leverages gaze data to infer open-ended
reading goals and information-seeking intentions
from eye movements, without explicit user input
(Hadar et al., 2025; Shubi et al., 2025). Multimodal
LLMs trained on large-scale eye-tracking data have
achieved promising success in predicting whether
a reader is engaged in comprehension versus tar-
geted information-seeking, and in some cases, re-
constructing specific questions or goals driving the
reading behavior. Shubi et al. (2025)) found that en-
semble transformer-based models combining scan-
path representations with LMs can predict reading
goals in real-time, with performance modulated
by textual properties and reader characteristics.
Furthermore, Zhang et al. (2025a) demonstrated
that converting raw eye-movement data into visual
representations (line-graph images) and encoding
them with vision transformers, temporally aligned to
text via reading order, achieves good performance
across multiple tasks.

These applications indicated that in practical con-
texts, such as automated essay scoring (AES),
gaze-augmented models may improve traditional
AES systems, which rely solely on text-level fea-
tures (grammar, vocabulary size). Similarly, for
second-language (L2) learners, gaze-augmented
models may help identify which words impede com-
prehension. Gaze-augmented models trained on
data can personalize reading materials by high-
lighting or simplifying difficult vocabulary in real-
time. Intelligent tutoring systems can dynamically
infer when a student is struggling with comprehen-
sion versus quick skimming, adjust content diffi-
culty in response to detected cognitive load, and
provide just-in-time scaffolding. In massive open
online courses (MOOCs) and digital learning envi-
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ronments, gaze-based analytics could offer insights
into learner engagement patterns, identifying mo-
ments of confusion or disengagement that might
predict dropout.

3.3. Assistive Communication

Eye tracking technology has recently been increas-
ingly used in assistive communication systems,
particularly for individuals with severe speech and
physical impairments. Eye gaze-based text entry
(eye typing) is one of them, where the user with mo-
tor impairments points or looks at the desired letter
within the user interface, where a screen keyboard
and eye-tracking device are needed (Majaranta
and Raiha, 2007; Panwar et al., 2012). In such
assistive systems, dwell time is often used as the
gaze input. However, it is likely that an incorrect
input is activated when the user simply scans the
interface, namely the Midas Touch problem (Ja-
cob, 1991). To accompany a gaze-based text entry,
current LMs are substantially used to enable auto-
completion, context-aware predictions, and error
correction during eye typing. The intended phrases
can be inferred from partial input using neural lan-
guage models, which also mitigates issues such
as Midas Touch problem. Cai et al. (2024) intro-
duce an LLM-assisted gaze-based text entry that
saves 57% more motor actions than traditional pre-
dictive keyboards and has been tested on users
with amyotrophic lateral sclerosis.

To assist users with speech disabilities and mo-
tor impairments, gaze-enabled communication plat-
forms are designed in a way that gaze-based selec-
tion is enabled to generate speech. These Augmen-
tation and Alternative Communication (AAC) plat-
forms are designed to support or replace spoken
and written language for individuals with speech
and communication impairments. These platforms
integrate gaze interfaces with symbolic communica-
tion boards, text-to-speech synthesis, and adaptive
language modeling. Such systems can learn user-
specific linguistic preferences, automatically gen-
erate grammatically well-formed utterances from
selected semantic units, and provide context-aware
topic prediction based on conversational history
(Cai et al., 2024). By leveraging NLP techniques,
gaze-enabled AAC platforms move beyond letter-
by-letter input toward concept-based and intent-
driven communication, showing the potential and fu-
ture research directions for adaptive, context-aware
communication technologies for non-verbal individ-
uals (Beck Wells, 2025).

4. Discussion and Recent Challenges

A central concept that provides the appropriate
framework for bridging NLP and cognitive science is
the Human-in-the-Loop (HitL) framework. Although
LMs effectively mimic human communication, their



internal logic remains fundamentally distinct from
the unobservable mental processes of the brain. By
incorporating gaze data to LMs, researchers aim to
move beyond simple imitation toward models that
reflect human-like attention and contextual under-
standing. Practical applications of this paradigm
are promising for personalized reading interfaces.
HitL systems can adaptively simplify or enrich text
to meet a reader’s specific needs—a significant
breakthrough for language learners or those tack-
ling complex technical material. Gaze data may
also be useful for training LMs under low-resource
scenarios. In the case of training a language model
with limited data, gaze information may potentially
allow better generalizations about language.

However, bridging the gap between artificial at-
tention mechanisms and human skill remains a
complex frontier, presenting significant theoretical
and technical challenges that must be addressed
to realize these adaptive technologies fully. Conse-
quently, numerous research questions and techni-
cal challenges have remained unsolved recently.

A main challenge in incorporating gaze data into
LMs is the lack of standardization of gaze data.
The lack of standardized gaze data formats lim-
its reproducibility and data integration. In contrast
to text data, which uses common schemas such
as CoNLL-U or JSON, gaze datasets do not fol-
low a shared representation. Datasets like ZuCo,
GECO, CoLAGaze, and WebQAmGaze differ in
sampling rates (e.g., 60Hz—1000Hz), coordinate
systems (pixels, normalized space, visual angle),
and preprocessing steps (fixation detection meth-
ods, saccade thresholds, outlier filtering). This vari-
ability makes cross-dataset comparison, transfer
learning, and the development of general gaze-
augmented models more difficult. To accelerate the
adoption of gaze-augmented NLP, the community
must establish a standardized format that decou-
ples the raw eye-tracking data from the linguistic
tokens.

Another challenge is the gap between human
language processing, as indirectly reflected in eye
movement patterns, and machine processing of lan-
guage data. This gap is observable in the method-
ological assumptions related to using gaze data
as input to LMs. Most existing studies do not di-
rectly feed raw gaze sequences into LLM prompts.
Instead, LLMs are commonly used to generate
linguistic labels or representations that are later
compared with eye-tracking and neural measures.
For example, work combining LLM-generated rele-
vance labels with eye-tracking and EEG data shows
that words marked as more relevant receive more
and longer fixations, and fixation-related features
can support above-chance classification of reading-
related neural states (Zhang et al., 2024a,b). Re-
cent research also reports measurable associa-
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tions between LLM-derived representations and
human reading behavior. Eye-tracking datasets de-
signed for LLM evaluation show distinct fixation
patterns for preferred versus rejected model re-
sponses, along with correlations between reading
measures and transformer attention signals (Lopez-
Cardona et al., 2025). Probing studies further in-
dicate that internal LLM activations and attention
patterns correlate with eye-tracking indicators of
reading dynamics, suggesting partial alignment be-
tween model prediction processes and human be-
havioral signals (Wang et al., 2024).

However, empirical comparisons between hu-
man gaze patterns and transformer attention rep-
resentations report only moderate alignment, with
encoder models showing stronger correlations with
eye-movement data than decoder models across
reading tasks (Mouratidi and Poesio, 2025), sug-
gesting a mismatch between behavioral evidence
and model architecture. In addition, computational
reading models that use LLM-based predictability
estimates show better fits to human eye-movement
data than traditional cloze-based predictability mea-
sures (Lopes Rego et al., 2024). Graph-based
text structures generated by LLMs also correspond
to fixation distributions, where nodes identified as
more important attract higher fixation counts dur-
ing reading (Zhang et al., 2025b). Alongside these
approaches, an alternative direction considers pro-
viding LLMs with serialized gaze inputs, such as
sequences of fixation coordinates and durations,
as structured data. However, current evidence
suggests that simple concatenation of numerical
gaze sequences with text prompts is unlikely to pro-
duce strong performance gains without architec-
tural mechanisms that account for the spatiotem-
poral nature of eye movements. This limitation
arises because gaze signals are continuous, time-
dependent, and spatially structured, whereas stan-
dard LLM tokenization is primarily optimized for dis-
crete linguistic inputs. With the rapid development
of multimodal LLMs and structured data tokeniza-
tion methods, future systems may more effectively
integrate gaze recordings through architectures
that explicitly model spatiotemporal eye-movement
signals alongside textual representations. A central
open question is whether LLM pattern-learning and
reasoning abilities extend to spatiotemporal gaze
sequences when presented as structured inputs,
or whether effective use of gaze data will continue
to require dedicated multimodal architectures that
explicitly model eye-movement dynamics.

Beyond the technical challenges and the oppor-
tunities provided by incorporating gaze data into
NLP models and applications, an important as-
pect is ethics and privacy concerns, a responsi-
bility unfortunately overlooked by many scholars.
Eye-tracking data is increasingly treated as a sen-



sitive biometric signal, as patterns of pupil dynam-
ics, gaze trajectories, and eye-movement behavior
can support reliable user identification and con-
tain detailed personal information (Krdger et al.,
2020; David-John et al., 2021). Beyond identifica-
tion, gaze recordings may reveal a wide range of
attributes without conscious user control, includ-
ing neurological and behavioral disorders, cogni-
tive load, emotional states, and psychological traits.
Eye-movement features have been examined as
biomarkers in research on neurodegenerative and
mental health conditions, and have been linked to
measurable behavioral and psychological patterns
(Przybyszewski et al., 2023; Singh and Sharma,
2024; Wang et al., 2025). Machine learning meth-
ods further increase the risk of such inferences by
enabling the prediction of cognitive and behavioral
characteristics from high-dimensional physiologi-
cal and behavioral signals (Bhatt et al., 2023). A
relevant issue is the potential risk of introducing
and amplifying biases. By incorporating gaze data
from “majority” (cf. the “average gazer”, Section
2.2), models’ tendency to adopt the majority posi-
tions may be reinforced further, leading to negative
social consequences.

These concerns are becoming increasingly ur-
gent as eye-tracking technologies are rapidly inte-
grated into consumer and mixed-reality devices,
including VR/AR headsets, smartphones, web-
cams, and camera-based interaction systems, al-
lowing large-scale and often passive collection of
gaze data in everyday settings (Zhu et al., 2025;
Bozkir et al., 2025; Liebling and Preibusch, 2014).
Prior research has shown that even natural gaze
behavior in virtual environments can allow user
identification, highlighting the need for privacy-
preserving data architectures and controlled data
access mechanisms (David-John et al., 2021). Be-
cause gaze data may reveal identity, fatigue, health-
related states, and cognitive or affective processes,
privacy-preserving processing pipelines are nec-
essary, particularly as intelligent systems become
capable of extracting sensitive biometric and psy-
chological information from subtle behavioral sig-
nals (Kroger et al., 2020; Bozkir et al., 2025). As
eye-free applications become more capable of pre-
dicting these signals from text interaction alone,
researchers must develop privacy-preserving archi-
tectures that obscure sensitive biometric signatures
while retaining utility for NLP tasks.

5. Conclusions

This survey examined the role of gaze data in NLP
as a cognitive signal that can support more human-
aligned language modeling, tracing the develop-
ment from small experimental datasets to multi-
lingual corpora and recent synthetic gaze genera-
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tion approaches. In response to the long-standing
data bottleneck caused by the cost and technical
constraints of eye-tracking collection, the field has
gradually moved toward scalable multimodal re-
sources and gaze synthesis methods that enable
broader model training. To structure this progres-
sion, we proposed a roadmap consisting of three
streams of research: constructing cognitive mul-
timodal corpora, enriching these corpora through
synthetic gaze, and training language models with
gaze-informed guidance. In addition, recent ap-
proaches that incorporate gaze signals into training
objectives and alignment frameworks indicate that
cognitive supervision can guide model representa-
tions toward patterns observed in human reading.

Several directions follow directly from this
roadmap. The reviewed studies also show prac-
tical applications in readability assessment, edu-
cational analytics, and assistive communication,
where gaze-informed models can support adap-
tive and cognitively grounded language technolo-
gies. First, standardized evaluation protocols for
synthetic gaze are needed to verify whether gen-
erated signals preserve linguistic sensitivity and
reading-related patterns rather than only surface-
level statistical similarity. Second, methods that
retain the functional benefits of gaze data while
reducing exposure of sensitive biometric patterns
should be further developed, given the personal na-
ture of cognitive signals. Third, further expansion
and standardization of multilingual eye-tracking cor-
pora is necessary, as recent resources already in-
clude datasets in languages such as Danish, Ger-
man, French, and Romanian, yet cross-linguistic
comparability and shared annotation standards re-
main limited. Finally, future work should examine
whether large language models can effectively in-
corporate spatiotemporal gaze signals and whether
dedicated multimodal architectures that explicitly
model eye-movement dynamics provide more reli-
able performance than text-only integration strate-
gies.

Integrating gaze data into NLP supports cogni-
tively grounded language modeling by linking tex-
tual representations with observable reading be-
havior. Across corpora development, gaze synthe-
sis, and gaze-guided training, the reviewed stud-
ies show that eye-movement signals provide mea-
surable indicators of processing effort, attention
allocation, and reading dynamics that are not cap-
tured by text-only models. While current results
demonstrate the feasibility of gaze-informed model-
ing, future progress depends on larger multilingual
corpora, standardized evaluation protocols for syn-
thetic gaze, and architectures designed to process
spatiotemporal cognitive signals in a scalable and
privacy-aware manner.
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