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Abstract

Human scanpaths offer rich and reliable clues
about the cognitive mechanisms underlying
language comprehension. Decoder-only lan-
guage models, typically large language mod-
els (LLMs), have proven to exhibit striking
parallels with human cognitive processes. In
this study, we investigate to what extent lan-
guage models can be endowed with human-
like gaze shifts. Besides, by probing scan-
path through eye model, analogous to prob-
ing language through language models, we ask
whether such modeling can yield novel knowl-
edge of the cognitive machinery of sense mak-
ing.

This study presents a novel “plug-in” module,
EyeLM, to transform an autoregressive lan-
guage model into an autoregressive eye model,
thus facilitating a probabilistic spatial model-
ing of human explicit attention. Our EyeLM
module, powered by LLMs, achieves competi-
tive performance with novel cognitive probing
capabilities. By probing EyeLM, we can reach
the predictability and uncertainty of the scan-
path. Exhibiting aligned patterns with prior
knowledge about human reading comprehen-
sion, these probabilistic measures of scanpath
act as promising predictors of human compre-
hension skills. 1

1 Introduction

Understanding a sentence is never achieved in just
a single glance, as human attention, memory, and
visual acuity are essentially limited (Reichle, 2011).
To achieve adequate comprehension, readers have
to shift their attention across serially presented lin-
guistic units, producing a sequence of gazes and
saccades, commonly referred to as a “scanpath”
(von der Malsburg et al., 2012).

*This work was begun when the first author was visiting
University of Zurich as a visiting student from the Hong Kong
Polytechnic University. His new affiliation is MBZUAI.

1Our code is available at http://github.com/
CN-Eyetk/EyeLM.
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Language Processing Mind (LLM)
Eye-Mind Link
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Fixation Count

Fixation Location

saccade

P（  ）= ...
Entropy (    ) =...

And the local expression for brother is “brah”, not “bruddah.”

                Low Entropy             High Entropy 

(I) Scanpath Simulation

(II) Scanpath Probing

Figure 1: Simulating and probing human scanpath with
LLMs

Central to scanpath modeling is the planning and
execution of saccades. Saccades refer to the rapid,
simultaneous movements of both eyes that allow
the gaze to jump between different points in read-
ing. Computational models of reading, such as E-Z
Reader (Reichle et al., 2003) and SWIFT (Engbert
et al., 2005), ascribe outgoing saccades, at least in
part, to the processing difficulty of the currently fix-
ated word and to higher-order integrative demands.
For example, difficult words typically result in
shorter outgoing (progressive) saccades and more
frequent refixations (Liu et al., 2020). Models as-
suming more parallel lexical processing, including
SWIFT and the more recent OB-1 Reader (Snell
et al., 2018), further associate saccade generation
with the competitive activation in the foveal and
parafoveal fields (Richter et al., 2006). Harder and
unpredictable words give rise to larger processing
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Figure 2: Two cases of scanpath simulated by TinyLlama/TinyLlama-1.1B-Chat-v1.0

人们被震耳欲聾的响声惊醒

人们被一阵很大的响声惊醒
Fovea

人们被震耳欲聾的响声惊醒

人们被一阵很大的响声惊醒
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Short Saccade
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p(x)
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Figure 3: An example of how lexical competition in
parafoveal affects scanpath generation.

rates and inhibit the processing of their neighbors,
leading to the “parafovea-on-fovea” effect of yet-
to-be fixated words (Risse et al., 2014), as shown
in Figure 3.

Inspired by these computational accounts, re-
cent years have witnessed a growing interest in
synthesizing human scanpaths using neural net-
work models, especially for eye-movement-while-
reading (Deng et al., 2023; Bolliger et al., 2023).
These methods outperform traditional computa-
tional models (e.g., E-Z Reader) in terms of their
ability to approximate human scanning behavior
(Bolliger et al., 2025). More recently, decoder-only
language models, with their internal or external
probabilistic measurements, exhibit striking align-
ment with the human reading data (Oh et al., 2022;
Salicchi et al., 2023; Wilcox et al., 2023; Wiech-
mann et al., 2022; Hale, 2001; Levy, 2008; Kurib-
ayashi et al., 2025; Oh and Schuler, 2023; Nair and
Resnik, 2023; Ding et al., 2025). Consequently,
increasing attention has been paid to the effects of
scale and processing depth (i.e., layer depth) on the
cognitive plausibility of LLMs (Kuribayashi et al.,
2025; Oh and Schuler, 2023).

Since LLMs’ prior knowledge of human lan-
guage processing has become increasingly eye-
catching, it is naturally tempting to explore the
following question:

• RQ1: To what extent can decoder-only lan-
guage models, typically LLMs, simulate hu-
man scanpaths?

From discrete to probabilistic measures, decoder-
based autoregressive modeling of language has sub-
stantially advanced our understanding of human
language processing. Eye gaze, likewise, has been
broadly compared to, and sometimes even counted
as a manifestation of human language processing.
However, as human scanpaths are still broadly rep-
resented using scalar or discrete measures, a proba-
bilistic view of scanpaths potentially broadens our
understanding of eye-movements while-reading.
Hence, our second research question is:

• RQ2: Does the probabilistic measure of scan-
paths, such as predictability and uncertainty,
enable deeper insights into human mental pro-
cessing states and reading comprehension abil-
ities?

The contributions of the current paper are three-
fold:

• We propose EyeLMDecoder, an eye-
movement prediction head that decodes
scanpaths from a decoder-only language
model. This method tailors Pointer Networks
(Vinyals et al., 2015) into a decoder-only
mechanism and demonstrates compatibility
with eye-movement-while-reading.

• Fitting EyeLMDecoder on naturalistic reading
data, we introduce probabilistic measures of
scanpath predictability and uncertainty. These
measures strongly correlate with human gaze
behavior and comprehension abilities.
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2 Related Work

2.1 Computational Models of Reading

Eye movements offer profound insights into the
cognitive processes that are engaged during read-
ing (Rayner et al., 2012). Cognitive processing
models, such as the E-Z Reader model (which as-
sumes the serial allocation of attention) (Reichle
and Sheridan, 2015) and the SWIFT model (which
assumes parallel attention processing) (Engbert
et al., 2005), have been proposed to account for
the multi-staged information processing underly-
ing reading comprehension. Specifically, the E-Z
Reader model ascribes saccade targeting mainly to
the familiarity check and lexical processing of the
current word, which means that the word proper-
ties of the saccade target bear little importance in
the targeting itself (Reichle et al., 2003). In con-
trast, the SWIFT model assumes lexical competi-
tion among words in the activation field (Nuthmann
and Engbert, 2009), thus linking saccade targeting
to the activation strength of upcoming words.

2.2 Machine learning models

With the advancement of machine learning and
deep networks, statistical and neural modeling sys-
tems for eye-movement behaviors have attracted in-
creasing attention. Remarkably, transformer-based
scanpath prediction systems, powered by autore-
gressive generation paradigms (Deng et al., 2023)
or diffusion processes (Bolliger et al., 2023), have
achieved high accuracy in synthesizing human-
aligned sentence-reading scanpaths. Specifically,
Deng et al. (2023) formulates saccade targeting
as a classification problem over saccade direction
and distance, whereas Bolliger et al. (2023) treats
saccade targeting as the denoising objective of a
discrete diffusion process. These recent advances
highlight the potential of transformer-based lan-
guage models for probing the cognitive mecha-
nisms underlying human reading comprehension.
More recently, masked language modeling shows
promising performance in reconstructing the hu-
man scan path (Sood et al., 2025).

2.3 Language Models as Cognitive Models of
Reading

A growing body of work has used language
model-derived norms as predictors of human eye-
movement behaviors, leading to a significant en-
hancement in the accuracy of reading behavior
modeling. The most widely-adopted language

model measures include surprisal (Oh et al., 2022;
Salicchi et al., 2023), contextual entropy (Wilcox
et al., 2023; Wiechmann et al., 2022), attention
scores (Oh and Schuler, 2022), and semantic rep-
resentation (Salicchi et al., 2023). Among these,
surprisal quantifies the amount of unexpected infor-
mation conveyed by a word in context (Hale, 2001;
Levy, 2008), and has been shown to closely corre-
late with both early (Frank and Thompson, 2012)
and higher-order processing effects (Demberg and
Keller, 2019; Rajkumar et al., 2016). Recent stud-
ies have begun to focus on a novel debate surround-
ing whether scaling transformer decoders enhances
or degrades their ability to simulate human reading
times (Kuribayashi et al., 2025; Oh and Schuler,
2023; Nair and Resnik, 2023). Despite mixed find-
ings and close scrutiny of their internal reactions
to human languages, it has been revealed that large
language models still encode rich clues of cognitive
plausibility inside their inner layers (Kuribayashi
et al., 2025).

3 Problem Formulation

This section presents the formal formulation of
an autoregressive position-wise retrieval model for
scanpath generation. At the core of this formula-
tion, we serially predict a position-wise activation
distribution, taking the current scanpath state as the
query and the word tokens in stimuli as the key.

Our method can be viewed as a decoder-only
adaptation of Pointer Networks (Ptr-Net) (Vinyals
et al., 2015), an architecture designed to pro-
duce neural solutions to combinatorial optimization
problems such as the Travelling Salesman Problem
(TSP).

Retrieval

Decoder

Will ever see you again   I

Will ever see you

you

again   I

t=0

t=1

...

Retrieval

Decoder

Will ever see you again   I

Will ever see you

you see

again   I

Figure 4: An autoregressive self-retrieval model, based
on Transformer Decoder, generates scanpath.
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Stimulus and Scanpath Representation Let

X1:m = ⟨x1, x2, . . . , xm⟩

denote a naturalistic reading stimulus consisting of
m word tokens in linear order. Each word xj is en-
coded by a stimulus encoder into a contextualized
representation

hx
j ∈ Rd, j = 1, . . . ,m

and we denote the stacked stimulus representations
by

HX = [hx
1 ,h

x
2 , . . . ,h

x
m] ∈ Rm×d

2

Let
y1:n = ⟨y1, y2, . . . , yn⟩

denotes a scanpath composed of n fixations, where
each fixation corresponds to a word in X .

Apparently, we can derive a sequence of fixation
indices to link scanpath to stimuli

I = ⟨i1, i2, . . . , in⟩, it ∈ {1, . . . ,m},

such that the indexing operation X[it] = yt re-
trieves the word fixated at time step t.

Autoregressive Scanpath State Given the fixa-
tion history up to time step t− 1, a retrieval model
fθ constructs a scanpath state

hy
t = fθ

(
HX , y<t

)
∈ Rd

where fθ(·) is an autoregressive encoder (e.g., a
transformer or recurrent module) that summarizes
the previous fixation sequence y<t together with
the stimulus context HX . The vector hy

t serves as
a query representation characterizing the reader’s
current attentional state.

Computation of Graded Activation Field At
time step t, the model assigns a score to each stim-
ulus position j ∈ {1, . . . ,m} via a query–key
matching function:

st(j) = score
(
hy
t ,h

x
j

)
=

(hy
t )

⊤
hx
j

τ

where hx
j is the stimulus representation of word xj

and τ > 0 is a temperature parameter.

2For stimuli words spanning multiple tokens, we take the
mean representation based on each subtoken.

The scores are normalized across all stimulus
positions to define a categorical distribution over
fixation targets:

pθ(it = j | y<t, x1:m) =
exp(st(j))∑m
k=1 exp(st(k))

= softmaxj

(
hy⊤
t HX

)

Autoregressive Generation of Scanpath through
Retrieval At time step t, suppose the model re-
trieves the word at position j, we append the new
fixation yt, where yt = X[j], into the ongoing se-
quence of fixation as Y<t+1, which continues to
generate until the final fixation position.

Because fixation targets are predicted over the
full index set {1, . . . ,m}, this formulation natu-
rally accommodates word skipping (it+1 > it +1),
regressions (it+1 < it), and refixations (it+1 = it)
within a unified retrieval-based decision mecha-
nism.

4 Method

This section presents the detailed implementation
of the EyeLM method. To facilitate understanding,
we first introduce the inference procedure and then
explain the training procedure.

For clarity, we present an example of input-
output pair in box 5

Input-Output example of EyeLM

Input: This is an example. < end >
Output: < eye > 0 This < eye > 0 This < eye >
2 an < eye > 3 example. < eye > < end >

Figure 5: An Example of input and output

4.1 Inference Procedure
Stimuli State We initialize the inference proce-
dure with the stimuli X itself. We represent its
hidden state through the Transformer Decoder:

Hx = Decoder(X1:m) (1)

In particular, we set the final unit xm as
< end >. When < end > is retrieved, we termi-
nate generating the scanpath.

Eye State At each timestep t, we append a spe-
cial “Eye Token” < eye > as the final token, to
function as the query for the retrieval process. The
Transformer Decoder represents < eye > as the
hidden state of the current scanpath hyt

hy
t = Decoder(X1:m, y<t)[−1] (2)
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Autoregressive Retrieval The hidden state of
eye token < eye > retrieves the fixation area with
the highest activation through a dot product pro-
cess:

st = (hy
t )

⊤ ·HX ∈ Rm, (3)

yt = X1:m[argmax(st)]. (4)

The label of yt will be appended to the ongoing
scan path y<t.

4.2 Training Objective
We train the model by minimizing the negative log-
likelihood of the gold fixation positions under the
predicted retrieval distribution:

Lret = −
n∑

t=1

log pθ(it | y<t, X1:m).

This position-wise retrieval loss directly super-
vises the model to assign a high probability mass
to the word positions that are fixated on by human
readers at each time step.

4.3 Scanpath Probing
With a spatial transition distribution p(it |
y<t, X1:m) ∈ Rm, we take the logits of ground-
truth fixation as its predictability. We also take its
entropy as the uncertainty of this saccade:

H(it) = −
m∑

it=1

p(it) log p(it). (5)

5 Experiment

To compare with existing systems, we conduct a
comparative experiment on human reading scan-
path data.

5.1 Datasets
To compare with most studies, we select the
CELER L1 (Corpus of Eye Movements in L1 and
L2 English Reading, using the L1 subset) (Berzak
et al., 2022) and BSC (Beijing Sentence Reading
Corpus) (Pan et al., 2021) datasets. Both datasets
feature single sentence reading and native subjects.
Descriptive statistics of the two datasets are in Ap-
pendix 2.

5.2 Selection of Language Models
For English, we select gpt2 and
gpt2-medium (Lagler et al., 2013). For
Chinese, we select gpt2-chinese and
gpt2-chinese-medium (Radford et al., 2019).

For both languages, we additionally select
TinyLlama/TinyLlama-1.1B-Chat-v1.0 (Zhang
et al., 2024), which is a Llama-backbone language
model capable of processing both English and
Chinese. All language models are licensed and
accessible through huggingface.

5.3 Finetuning and Adapter Tuning

For gpt-based models, we evaluate two settings: (1)
full finetuning, which means that all parameters,
together with additional eye modules, are finetuned,
and (2) frozen-layer finetuning, which means that
all hidden layers are frozen. This is to evaluate the
extent to which the fundamental model encodes
prior knowledge about human language processing.
For TinyLlama-based models, we only try adapter
tuning with mixed precision. Specifically, adapters
are injected into the query and value projections
inside transformer hidden layers, while the eye
modules are fully finetuned. More details about
hyperparameter selection and training are available
in Appendix A.2.

5.4 Evaluation

We follow a 5-fold cross-validation, splitting across
both subjects and sentences into consideration.
Concretely, we select 80% of the subjects and 80%
of the sentences as the training set, leaving the re-
maining 20% of subjects and 20% of sentences as
the test set. Thus, each test-fold comprises unseen
subjects and unseen sentences.

5.5 Metrics and Reference Systems

In parallel with previous settings, we consider the
normalized Levenshtein distance (NLD) and neg-
ative log likelihood (NLL) as evaluation metrics.
Lower NLD and lower NLL suggest better perfor-
mance.

We select Eyettention (Deng et al., 2023) and
ScanDL (Bolliger et al., 2023, 2025) as reference
systems. They are both generative scanpath models
that are trained on human eye-movement-while-
reading data, using the identical train-test split pol-
icy. We refer to their “New Reader/New Sentence”
results.

5.6 Results

Table 1 presents the performance of different
EyeLM systems in comparison with EYETTEN-
TION and SCANDL. The results indicate the im-
pressive performance of decoder language mod-
els in simulating human eye-movements while-
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Dataset CELER L1 BSC
Metrics NLL NLD NLL NLD
Eyettention (Deng et al., 2023) 2.297 ± 0.011 0.568 ± 0.004 1.84 ± 0.017 0.545 ± 0.004
ScanDL (Bolliger et al., 2025) - 0.515 ± 0.014 - 0.41 ± 0.01
EyeLM (gpt2) 1.852 ± 0.057 0.484 ± 0.012 1.302 ± 0.054 0.34 ± 0.01
- frozen hidden layers 1.823 ± 0.049 0.488 ± 0.009 1.614 ± 0.070 (↑) 0.654 ± 0.017 (↑)
EyeLM (gpt2 medium) 1.791 ± 0.037 0.491 ± 0.014 1.299 ± 0.075 0.370 ± 0.024
- frozen hidden layers 1.780 ± 0.043 0.49 ± 0.013 1.591 ± 0.060 (↑) 0.589 ± 0.026 (↑)
EyeLM (Tiny Llama) 1.616 ± 0.028 0.496 ± 0.014 1.084 ± 0.050 0.331 ± 0.019

Table 1: Results of New Reader/New Sentence evaluation using 5-fold train-test split. ↑ denotes a significant increase
of NLD and NLL when finetuned without updating the transformer hidden layer parameters. For BSC, we use
gpt2-chinese-cluecorpussmall base and medium models.

reading, suggesting the promising role of decoder-
only LLMs in modeling human attention shifts in
processing sentence stimuli.

We identify three interesting tendencies from
Table 1:

Firstly, larger LMs function as better probabilis-
tic models than smaller LMs, as larger models con-
sistently outperform smaller models in minimizing
negative log likelihood loss.

Secondly, pre-trained decoder-only models en-
code rich prior knowledge of human language pro-
cessing, as we can see that the freezing of hidden
layers exerts minimal effect on the performance
of gpt models on CELER L1. Dramatically, we
notice that Chinese reading (BSC) is hard for the
layer-frozen model to fit, which potentially indi-
cates that the pre-trained models lack language-
specific knowledge of reading behavior.

Thirdly, the scaling up of language models does
not improve simulating English reading as much
as it does Chinese reading. This result highlights
language type as a strong modifier of the scale-up
effect on LLM cognitive plausibility.

6 Scanpath Probing Analysis

Comparable to probing analysis of language using
language models, this section presents a probing
analysis of scanpaths using our the scanpath model.
We aim to answer the following questions:

• Q1: How does saccade planning across dif-
ferent languages affect word-level process-
ing during sentence reading? Specifically,
can we observe “predictability effects” or
“uncertainty effects” in eye-movement behav-
ior?

• Q2: How do the certainty and uncertainty of
saccade planning reflect human comprehen-

sion skills? Do readers with higher and lower
comprehension skills differ in terms of scan-
path predictability and uncertainty?

For clarity, we use the logits of the ground-truth
saccade j as a predictability measure, and the en-
tropy of the saccade distribution over all interest
areas as entropy.

6.1 Next Fixation Analysis
Focusing on fixation-level measurements, we inves-
tigate how saccade predictability and uncertainty
exert an effect on the subsequent fixation, such as
next fixation duration (NFD), next landing posi-
tion (NLP), and next out-going saccade distance
(NSCD)3. To answer Q1, we analyze the effects of
the logits and entropy of saccade on these fixation
measures.

According to the SWIFT reader, high activation
(or high processing rate, which corresponds to high
logits in our model) arises from increased word
difficulty (Engbert et al., 2005). Besides, high pro-
cessing load, according to the hypothesis of the
global inhibition process, further suppresses the
processing of words to the right (Schad et al., 2024).
Based on this assumption, we hypothesize that:

• H1.1 High predictability of saccades prolongs
fixation duration, reduces latency period, and
decreases saccadic completion duration.

As entropy is mostly negatively correlated with
predictability, we assume that:

3All data are acquired from the official fixation report. We
take the raw value of fixation duration from the official data
with log transformation. The landing position is available in
the raw BSC fixation report. For CELER L1, it is calculated
as the difference between the fixation position on the x-axis
and the left boundary of the corresponding interest area. For
the out-going saccade, it is calculated as the “IA_INDEX”
difference of the next fixation from the current fixation.
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Figure 6: Correlation between saccade predictability/untertainty and gaze measures. We use Linear Mixed Effect
Regression to measure the correlation. For example, we use the fomular “duration logits + position + length + (1 |
subj_label) + (1 | sentence_id)” and “duration entropy + position + length + (1 | subj_label) + (1 | sentence_id)” to
estimate the effect of logits and entropy on next fixation duration.

• H1.2 High entropy reduces fixation duration,
increases landing position, and increases out-
going saccades.

Predictability Effect Figure 6 displays how sac-
cade predictability and entropy correlate with NFD,
NLP, and NSCD in both English and Chinese read-
ing. Specifically, high saccade predictability co-
exists with a longer next fixation duration (NFD),
shorter next landing position (NLP) and shorter
next outgoing saccade (NSCD), patterning the par-
allel lexical processing as depicted by SWIFT
reader. The only exception is observed in the NLP
regarding Chinese reading, which will be discussed
in section 6.1.

The results regarding the predictability effect
generally align with the predictions of the SWIFT
reader model mentioned above, which suggests
that our model reflects the graded parallel nature of
human attention during reading.

Uncertainty Effect We also observe the ex-
pected uncertainty effect. As high uncertainty
tends to coexist with shorter NFD, longer NLP,
and longer NSCD. We still notice considerable ex-
ceptions in Chinese reading in terms of NLP, which
will be discussed in section 6.1.

The uncertainty effect is not directly predictable
from the SWIFT reader. Notwithstanding, our
findings mostly align with the implications of the
SWIFT reader.

Cross-lingual Divergence As we mentioned
above, the next landing position (NLP) in English
and Chinese reading shows an unequal response to
saccade probability. While the tendency in English
reading generally aligns with the SWIFT reader,
we notice that predictable saccades in Chinese en-
courage users to look into the later part of the

saccade target. This contradiction potentially re-
veals a stronger word length effect in Chinese if
we accept the assumption that the fixation posi-
tion linearly correlates with word length, based on
the OVP (Optimal Viewing Position) hypothesis
(O’Regan and Jacobs, 1992). Such a strong word
length effect hints at a character-based process-
ing mechanism in Chinese reading, especially the
word-segmentation-in parafoveal hypothesis (Xie
et al., 2025), namely, pre-lexical character-based
processing in the parafoveal.

6.2 Correlation with Human Comprehension -
A Case of L2 English Reading

To answer Q2, we examine how the probing anal-
ysis of human scanpaths predicts human compre-
hension skills. In other words, can saccade pre-
dictability and entropy reflect the comprehension
capabilities of human readers, and thus be taken as
a measure of human linguistic skills?

We take the L2 scanpath sampled from CELER
L2 data as a hypothesis and calculate saccade en-
tropy from the EyeLM model trained with L1 data
fully-finetuned on gpt2-medium model, using the
checkpoint with lowest NLD on L1 test set. The
results suggest that saccade entropy serves as a
reliable quantifier of L2 readers’ reading compre-
hension capability (measured by Michigan VR and
Michigan LG in CELER2 Data).

From Figure 7, it is apparent that L2 English
proficiency ,indexed by MichiganLG (“Listening
and Grammar sections of the Michigan Placement
Test") and Michigan VR (“Vocabulary and Read-
ing Comprehension”) correlates with scanpath en-
tropy. Figure 8 presents the paired-correlation
among MichiganVR, MichiganLG, and saccade
entropy, treating each individual subject as a sep-
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Figure 7: High Michigan test score generally leads to lower saccade entropy across L2 readers. (Michigan: The
mean score of MichiganLG and MichiganVR, MichiganLG: Listening and Grammar sections of the Michigan
Placement Test, MichiganVR: Vocabulary and Reading Comprehension sections.)

arate sample. The results indicate a considerable
subject level correlation between L2 proficiency
and model-generated probabilistic measures. High
performance in reading and language tests is asso-
ciated with lower entropy.

Figure 8: Saccade entropy predicts L2 English pro-
ficiency (mean_entropy_subj=The subject’s average
across the mean entropies (by fixation) of each trial.
min_entropy_subj= The subject’s min value across the
mean entropies of each trial. mean_sum_entropy_subj=
The subject’s average across the total entropy of each
trial. min_sum_entropy_subj= The subject’s min value
across the total entropy of each trial)

7 Case Studies

In Figure 9, we present a case of activation field
dynamics in simulated scanpath. The activation
spans multiple words close to the fovea and shifts
dynamically to the right. In Figure 10, we visualize
the activation field based on its correlation with the
distance to the fovea. We notice a larger activation
of the distal left field in Chinese reading, which
aligns with the existing notion that regressions are

more frequent in non-alphabetic languages (Chen
et al., 2003; Liversedge et al., 2024).

8 Conclusion

This paper presents the first study that uses LLMs
to model human activation fields and simulate scan-
paths. It also proposes scanpath probing, which
provides rich probabilistic measures that reveal the
cognitive underpinnings of language comprehen-
sion and predict L2 proficiency.

Our scanpath simulation model achieves impres-
sive performance in mimicking human attention
shifts during sentence reading experiments. Be-
sides, it offers effective measurements of scanpath
fluency, such as predictability and uncertainty, from
which we can validate existing language processing
theories, delve into language diversity, and measure
human comprehension capabilities.
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Figure 9: The dynamic change of horizontal activation field simulated by TinyLlama/TinyLlama-1.1B-Chat-v1.0.
At each timestep, words receiving higher activations are colored darker. Larger scatter size denotes larger logits or
predictability of the predicted fixation point.

Figure 10: Activation Field: Eccentricity Effect in first-pass reading and re-reading

Limitations

We discuss the limitations of this paper as follows.
Firstly, we only implement our study on English
and Chinese sentence reading data, while reading
itself can occur in various languages and complex
discourse. Additionally, we did not incorporate
subject information into the simulation process,
which limits the generalizability of our model to
human subject differences. Future studies may con-
sider generalizing the proposed method to different
languages and diverse data.

The second limitation is the training objective
and evaluation metric. Initially, the proposed
model, focused on spatial shifting, does not pre-
dict fixation duration and landing position, which
are also integral to scanpath. Since the current
model does not directly predict duration and land-

ing position, we cannot make use of the widely
used scan-path measures, such as Multi-Match. Be-
sides, the cognitive plausibility of machine learning
models is still a tricky objective to evaluate. Multi-
dimensional evaluation should be considered in
future studies.

The third limitation is that we did not conduct
a probing analysis on a broader set of data. Be-
sides, the reading skill analysis is limited to L2
readers, as the CELER data do not include reading
examination data for L1 readers. We expect future
studies to extend our method to a wider diversity
of reading data.

The fourth limitation is that the current model
is still based on training, which means that the
pre-trained weights of different language models
are manipulated in approximation to human read-
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ing data. We argue that this method allows us to
achieve the upper bound of human-model align-
ment. However, the lower-bound alignment is still
open to question. We hope future studies will de-
velop training-free methods to address the problem
of human-model alignment.

Finally, as a data-driven modeling study, we do
not argue that our proposed model can serve as a
theoretical reading model. Although it reproduces
some assumptions of well-known sentence reading
theories, we do not assert that it can outperform
these theories in accounting for the cognitive under-
pinnings of human attention while reading. Neither
do we assert that we successfully model all cog-
nitive underpinnings of reading, which absolutely
connect to multiple psychological and psycholin-
guistic constructs, such as memory, visual percep-
tion, and even problem solving.

Ethic Statement

Although this study does not recruit human sub-
jects, several ethical issues should still be dis-
cussed. Firstly, the eye-movement data in this
study includes human subject information. Al-
though no harmful or identity-sensitive information
is included in this database, there are still concerns
regarding the data collection process. For exam-
ple, readers must sit in front of the display for an
extended period with controlled head movements.
We assure that the eye-tracking data used were
recorded using non-intrusive techniques compared
to other data collection methods such as EEG and
fMRI. All human subjects are compensated and re-
cruited with informed consent. The experiments for
data collection are approved by the ethics review
board of concern.

Simulating human behavior is essentially risky.
We do not use our model to conduct subject-
sensitive modeling of human behavior. The central
goal of this study is to discuss the human atten-
tion pattern that can be learned by autoregressive
language models.

When writing this paper, the “Writefull” func-
tion in overleaf is activated, providing spelling
checks and grammatical corrections.
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A Appendix: Implementation Details

A.1 Data Statistics

The descriptive statistics of datasets in this study
are presented in Table 2.

A.2 Parameter Selection

Following SCANDL (Bolliger et al., 2023), we
perform triple cross-validation and employ the nor-
malized Levenshtein Distance to search for training
parameters. For all gpt based models, we select a
learning rate of 5e-4, a batch size of 16 , and a
training epoch of 10. For tinyllama models, we
select a learning rate of 1e-4, a batch size of 1
, and a training epoch of 3. The hidden dimen-
sion of all additional layers, such as the retrieval
head, is consistent with the base model’s dimension.
For the optimizer, we use the official optimizer of
transformers.Trainer. For the scheduler, we
impose a warm-up of 100 steps and a linear decay
policy after the warm-up.

A.3 Model size and time cost for training

The base model parameters for gpt2 and
gpt2-chinese is 117M, for gpt2-medium and
gpt2-chinese-medium is 345M. The additional
retrieval model, which includes two linear projec-
tion layers, requires 2× 768× 768 additional pa-
rameters for gpt2 and 2× 1024× 1024 additional
parameters for gpt2-chinese. The base model
parameters for TinyLlama-1.1B include 1.1B pa-
rameters, for which the additional retrieval model
requires 2× 2048× 2048. The training procedure
takes 10 to 20 minutes for gpt based model and
around 40 minutes for tinyllama models.

B Appendix: Fixation Duration Modeling

Modeling fixation duration is a non-trivial objective
of scanpath simulation. We tentatively conduct
additional experiments by attaching the fixation
duration head as follows:

hd
t = fϕ(H

X , y≤t) (6)

And we conduct the same 5-fold validation us-
ing gpt2-medium, resulting in a ScaSim score
of 2106.907 (±167.4572) on CELER-L1 and
1479.553 (±33.9372) on BSC.
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Dataset Eyetracker Sent. Words / Sent. Readers Language
BSC EyeLink II (500 Hz) 150 11.2± 1.6 60 (L1) Chinese
CELER L1 EyeLink 1000 (1000 Hz) 5,460 11.2± 3.6 69 (L1) English
CELER L2 EyeLink 1000 (1000 Hz) 23,166 11.0± 3.6 296 (L2) English

Table 2: Summary statistics of the eye-tracking datasets used in this study.
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